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We assess the potential of quantum computing to accelerate computation of central tasks in genomics,
focusing on often-neglected theoretical limitations. We discuss state-of-the-art challenges of quantum search,
optimization, and machine learning algorithms. Examining database search with Grover’s algorithm, we show
that the expected speedup vanishes under realistic assumptions. For combinatorial optimization prevalent in
genomics, we discuss the limitations of theoretical complexity in practice and suggest carefully identifying
problems genuinely suited for quantum acceleration. Given the competition from excellent classical approximate
solvers, quantum computing could offer a speedup in the near future only for a specific subset of hard enough
tasks in assembly, gene selection, and inference. These tasks need to be characterized by core optimization
problems that are particularly challenging for classical methods while requiring relatively limited variables. We
emphasize rigorous empirical validation through runtime scaling analysis to avoid misleading claims of quantum
advantage. Finally, we discuss the problem of trainability and data-loading in quantum machine learning. This
work advocates for a balanced perspective on quantum computing in genomics, guiding future research toward
targeted applications and robust validation.
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I. INTRODUCTION

Genomics inherently presents a suite of computationally
challenging problems due to the sheer volume and com-
plexity of biological data involved. The ability to accelerate
these computations is of paramount importance for deepen-
ing our understanding of fundamental biological processes,
uncovering disease mechanisms, and advancing personalized
medicine [1,2]. In the past decade, quantum computing [3],
an emerging computing paradigm leveraging the principles
of quantum mechanics, has garnered significant attention as
a potential platform for achieving substantial speedups across
various scientific and technological domains [4–8]. This nat-
urally raises the compelling question of whether the unique
capabilities of quantum computation can be effectively har-
nessed to address the demanding computational bottlenecks
within the field of genomics.

There is a growing body of literature discussing the
prospects of quantum computation for biological and health-
care applications [9–22]. While useful for navigating the zoo
of quantum algorithms [23], they necessarily may lack a de-
tailed view of genomics problems.
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For instance, given the inherent big-data nature of many
problems within genomics, it is tempting to directly assign
potential quantum speedups to tasks like sequence align-
ment by leveraging textbook algorithms such as Grover’s
search [8,24]. Similarly, considering claims regarding the
computational advantage of quantum annealing hardware over
classical solvers [25–27], one might be inclined to foresee
the quantum advantage across all genomics applications that
rely on core combinatorial optimization routines. However,
as we will discuss, these direct and perhaps overly opti-
mistic associations often overlook crucial practical limitations
and theoretical nuances that significantly impact the poten-
tial for genuine quantum acceleration in real-world genomic
analyses.

The goal of this manuscript is to offer a critical perspective
on the usefulness of quantum algorithms in genomics. We
believe that this is particularly useful to temper some of the
hype surrounding quantum computing. Rather than being a
compilation of works discussing the literature on quantum
genomics [12], we focus on the algorithms and their practi-
cal implementations. Here we specifically discuss quantum
algorithms for database search, optimization, sampling, and
machine learning (ML).

The conceptual map of the work is presented in Fig. 1.
The manuscript is organized as follows: In Sec. II, we intro-
duce digital quantum computing in an accessible way, along
with its motivation and the definition of scaling advantage,
while Sec. III briefly introduces the field of genomics. In Sec.
IV, we discuss Grover’s algorithm for database search, high-
lighting the profound challenges connected with data loading
and sketching possible workarounds. In Sec. V, we turn to
the computationally heavier task of optimization, which is
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FIG. 1. We schematically sketch the main connection and topics discussed in the manuscript. Concerning the genomics side, we discuss
mainly three applications: alignment, assembly, and problems beyond that (here briefly labeled as gene selection and inference). We discuss
possible quantum algorithms that have already been proposed to tackle these problems. Here, for the first time, we discuss in detail also
the main conceptual and practical limitations (red, orange). We speculate that quantum advantage may be found if one identifies really hard
optimization problems that do not suffer from typical overhead connected with embedding into a quantum algorithm and hardware (green
pathway). However, quantum search algorithms and quantum ML approaches may suffer from practical and conceptual limitations.

inherent in many genomic tasks, from assembly to inference.
We discuss the applicability of complexity theory in real-
world instances, and propose problems that are truly hard in
practice. Finally, we discuss current limitations of quantum
ML in Sec. VI. We draw our conclusions in Sec. VII. In
Appendix A we provide a Table I of used acronyms to assist
the reader.

II. BRIEF OVERVIEW OF QUANTUM COMPUTING

The goal of this section is to introduce the key concepts
regarding the fault-tolerant quantum computation, quantum
gate frequency, and scaling advantage. In Appendixes B and
C we present basic concepts of quantum computation and a
set of common misconceptions.

In this manuscript, we mostly focus on digital, fault-
tolerant quantum computation [3], i.e., assuming no hardware
noise. We will adopt the convention that a qubit is a logical
qubit, not a physical one, subject to decoherence and noise
[28]. Generally, it is expected that to fabricate one logical
qubit, several physical qubits need to be bundled, with a set of
operations designed to detect and correct errors. Two promis-
ing methods to achieve error correction in superconducting
qubit platforms are the “surface” code (pursued by Google)
[29,30] and the “bicycle” code (pursued by IBM) [31,32]. In
short, the surface code [33,34] requires local physical qubit
connectivity, and a sustain a high error threshold at the cost
of requiring many physical qubit to encode a logical one.
This means that algorithms requiring only hundreds of logical
qubits will, in turn, necessitate millions of physical qubits
[35]. Bicycle codes, however, aim for much lower qubit over-
head and potentially better performance, often at the expense
of more complex qubit connectivity and decoding.

The possibility of achieving quantum advantage with
heuristic algorithms and noisy analog machines [36], perhaps
in specific models and instances, is not ruled out. However,
here we will mostly consider fault-tolerant quantum computa-
tion because it is hardware agnostic, allowing us to discuss

algorithms at a high level without the need for modeling
the microscopic quantum processes (e.g., quantum tunneling,
decoherence, etc.) occurring in the hardware [37,38].

Scaling advantage versus gate time

There are two kinds of quantum algorithms [8,39]: those
with a provable scaling advantage over their best-performing
classical counterparts, and those that offer only a heuristic
speed-up, i.e., that cannot be demonstrated mathematically.
A scaling advantage means that the runtime of the quantum
algorithm, TQ, scales with the system size N of the problem
in a more favorable manner than the runtime of a classical
algorithm, TC .

Let us consider, as an example, the task of database search
over a list of N elements, the worst-case performance for the
conventional approach requires N lookups, while Grover’s
algorithm only requires

√
N lookups, realizing an appealing

quadratic speedup. However, there are two potential issues to
consider in more detail: (a) the quantum database lookup must
be efficient and should not scale with N in a way that negates
the speed-up, and (b) even if the lookup can be performed
with a number of operations independent of N (in jargon,
a constant-depth oracle), thereby retaining the full quadratic
speed-up, the fault-tolerant quantum logic gates operate at
a much slower clock frequency compared to conventional
computers [35,40–42].

The typical quantum gate frequency will depend on the
architecture and error correction code implemented in the
future, but estimates suggest around 10 kHz [40]. This implies
that quantum advantage, if any, will only occur for sufficiently
large system sizes. The size at which the quantum algorithm
outperforms the classical one is referred to as the threshold
size. This situation is shown in Fig. 2, and discussed in the
context of genome search in Sec. IV B.

To conclude, the existence of a provable quantum advan-
tage is not always sufficient to predict practical quantum
advantage in real-life use cases. A polynomial speed-up can
be overshadowed by the large prefactor due to gate times,
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FIG. 2. Illustrative example of the scaling of runtimes T for
quantum (blue line) and classical (red line) algorithms in a case
where quantum speed-up is possible. In the asymptotic regime, i.e.,
for sufficiently large sizes, the two runtimes scale differently with N .
Here we consider an unspecified example in which we can precisely
define the runtime needed to reach a well-defined metric for consid-
ering the problem solved (e.g., accuracy or success probability).

revealing itself only for problem sizes that are unrealistically
large and therefore not practical.

III. BRIEF OVERVIEW OF GENOMICS

Genomics focuses on decoding and interpreting the com-
plete DNA sequence of an organism. Modern sequencing
technologies produce large numbers of reads, which are short
fragments of DNA whose sequence is determined experimen-
tally. Typical reads consist of a few hundred nucleotides, far
shorter than the full human genome (∼3 × 109 nucleotides).
The central challenge is to reconstruct biologically meaning-
ful information from this fragmented data. A central resource
is the reference genome, a previously assembled consen-
sus sequence that provides a standardized coordinate system
for interpretation. Individual reads can be computationally
aligned to the reference, i.e., placed at the most likely genomic
position from which they originate. Alignment is funda-
mental in medical applications: it allows the identification
of genetic variants such as single-nucleotide polymorphisms
(SNPs), insertions, deletions, or structural rearrangements,
all of which can underlie diseases. Accurate alignment is
essential in cancer genomics, where distinguishing somatic
mutations (nonheritable genetic changes that accumulate in
specific tissues) from germline inherited variation is critical,
and in clinical diagnostics, where it enables the identification
of genetic variants responsible for inherited or rare diseases.

In cases where no reliable reference is available, e.g., for
newly discovered species or nonmodel organisms, one may at-
tempt a de novo assembly, where the genome is reconstructed
directly from overlaps between reads. Assembly provides an
unbiased view of the genome but is computationally demand-
ing and more challenging for large or repetitive genomes.

Once genetic variants are identified, their statistical as-
sociation with observable traits can be investigated through
various methods, including genome-wide association stud-
ies (GWAS) [43,44], linkage analysis in family cohorts
[45], quantitative trait locus mapping [46], and integrative

approaches that combine genomic data with transcriptomic,
epigenomic, or proteomic information [47]. In GWAS, for
instance, statistical models are applied to test whether the
presence of a variant is significantly correlated with a phe-
notype across a large population. This strategy has been
instrumental in identifying genetic risk factors for complex
diseases such as diabetes, cardiovascular disorders, and neu-
rodegenerative conditions.

IV. QUANTUM SEARCH IN GENOMICS

A. Adapting the Grover algorithm for DNA alignment

The idea of obtaining a quadratic speed-up for search prob-
lems, using the Grover algorithm, is particularly appealing
in applications such as sequencing and alignment. The first
mention of such applications dates back to 2000 [48], with
the initial use of the phrase quantum bioinformatics. The task
involves finding the location of a target sequence (or string)
of length M within a database of length N � M. Examples
include searching within the human DNA, where the string
represents a sequence of DNA bases (A, T, G, C), or at higher
levels, a sequence of amino acids, and so on. Several works
propose a quantum algorithm solution for the alignment prob-
lem [49–53]. However, in this section, we present arguments
questioning the real scalability of such methods in a practical
setting.

1. Data encoding

First, we need to consider how to encode our problem-
specific variables into binary form. For instance, in the task of
finding a string made of M DNA bases, such as ATGAAC...,
within a larger DNA segment of N elements, we need a way
to represent the four DNA bases using binary encoding. Since
each DNA base can take one of four values, we require two
qubits to encode this information. We can assign the following
convention: A = “00,” T = “01,” G = “10,” C = “11.”
Similarly, other data types can be encoded in a similar way.
For example, encoding amino acids would require 5 bits since
there are 20 different amino acids, and 24 < 20 < 25.

In DNA read alignment, it is necessary to find the pattern
and its location in the genome. The data is thus the labeled set
of N − M + 1 of all possible strings of length M, inside the
full genome of length N (see Fig. 3).

At this point, there are basically two possible directions in
which the Grover algorithm can be adapted to this problem.

2. Grover without QRAM

This method was originally proposed in Ref. [48], and
also adapted in Ref. [51]. The core idea of this approach is
to entangle the qubit register of the indexes with the qubit
register of the data. The index can be encoded in binary form,
therefore requiring qi = log2 (N ) qubits (assuming N being a
power of 2 for simplicity). The data register requires qd = 2M
qubits, assuming the encoding above relating DNA elements
and bits. For the human genome case, N ≈ 3 × 109 such that
log2 (N ) ≈ 32, while typical read lengths are in the range
M ∼ 50–100.

This way to encode the data and the indexes together pro-
vides a practical way to construct the circuit but introduces a
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(a) (b)

(d)(c)

FIG. 3. DNA reads alignment using the Grover algorithm. (a) Sketch of the DNA portion of length N . Each position is labeled by an index.
The task is to find the “key” string of length M inside the genome of lenght N . (b) The problem is translated into finding the “key” element in
a database of N − M + 1 strings of length M. (c) Grover algorithm implementation that does not require QRAM. It features a index register,
made of log2(N ) qubits, and a data register, made of 2M qubits. The entangled state that encodes the full ordered database is created using
a data preparation unitary, which requires N operations to encode the data exactly. (d) Grover algorithm implementation with QRAM. In this
case, the task of loading the data in superposition is offloaded to the Grover oracle.

costly operation for creating the initial state. A toy model of
this problem is provided in Appendix E. Unfortunately, given
that the genome data is not structured, the depth of the circuit
needed to load the data cannot scale more favorably than N .

The data-loading problem also arises in quantum linear
algebra applications [23]. In this case, the HHL quantum algo-
rithm [54] solves a system of n equations in log(n) steps, thus
realizing an exponential speed-up compared to the classical
method. However, the exponential advantage vanishes if one
considers the loading of the O(n2) matrix elements. The usual
way forward is to assume the existence of a quantum random
access memory (QRAM) [55,56], which is a procedure ca-
pable of loading a bunch of classical data into superposition.
In some rare cases, it can be argued that all variables can be
autogenerated using a much smaller number of inputs [57].
However, this seems hardly the case, to say the least, for the
human genome dataset.

3. Grover with QRAM

The second approach to genome search using Grover’s
algorithm is to utilize QRAM [55] within the oracle. Given
two registers, |i〉index|0〉data as before, one first create a su-
perposition of all addresses. This is inexpensive, requiring
just one layer of Hadamard gates for each of log2(N )
qubits (if N is a power of two, otherwise see Ref. [58]),

1/
√

N
∑N−1

i=0 |i〉index|0〉data, and then obtain the superposition
of values

1√
N

N−1∑
i=0

|i〉index|0〉data
QRAM−−−→ 1√

N

N−1∑
i=0

|i〉index|di〉data. (1)

The marked entry is then identified within the oracle, and a
minus sign is applied to the corresponding index. The rest of
the Grover algorithm proceeds as described in textbooks.

The crucial weak point of this black box procedure is that
it is still under debate whether QRAM can be experimentally
realized, even in the distant future [56]. For a detailed explana-
tion of the conceptual and experimental challenges of QRAM,
we refer to the recent review [59].

A possible solution could be approximate loading of the
data [60,61] using a parameterized low-depth quantum circuit.
The parameters in the variational circuit could be obtained just
once through an expensive learning or optimization process,
but could then be transferable. Given that the core primary
sequence of the human reference genome is fundamentally
stable and major updates occur only every few years [62–64],
this idea could, in principle, make sense. Nonetheless, It is not
clear whether effective variational training can be performed
if the target distribution lacks structure [65,66]. However, this
is an active area of research. Reference [67] discusses the
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gate requirements for approximate loading of the genomes of
bacteriophages and SARS-CoV2 protein.

B. Constraining quantum runtimes for a simple alignment task

Finally, we check if a quadratic speed-up would still pro-
vide a meaningful advantage, assuming a fault-tolerant gate
time and QRAM. Most bioinformatics tools typically address
the full problem of alignment, inherently dealing with factors
such as sequencing errors. On a typical high-performance
computing setup with multiple CPU cores (e.g., 16–32 cores)
and sufficient memory (e.g., 64–128 GB RAM), the alignment
process for a whole genome sequencing of a human sample
at 120× coverage and 100 bp paired end reads using, e.g.,
Burrows-Wheeler Aligner might take anywhere from a few
hours to a day, depending on the available resources and
system load.

In contrast, if one considers the idealized core problem
of simply finding an exact string of length M within a
database of length N , the classical runtime is significantly
shorter. Therefore, a meaningful comparison of quantum and
classical performance should be confined to this subtask.
Modern bioinformatics tools employ highly optimized string-
matching algorithms and data structures. For the task of exact
matching a M = 100bp string over the whole human genome,
N = 3 × 109 bp long, these tools may take less than 1 minute.
A quadratic speed-up implies a number of “oracle” calls
in Grover’s algorithm, which is Ncalls = √

N ≈ 6 × 104. We
therefore ask the total “quantum” runtime, TQ = tcall × Ncalls,
where tcall is the physical runtime to execute one oracle call
(see, e.g., Fig. 6), to be shorter than 1 minute. This yields a
tcall = 1 ms time to execute one step of Grover’s algorithm.

For a logical gate frequency of 10 kHz, quantum advantage
would only be achievable if a single step of the Grover oracle
consisted of an unrealistically short circuit with a depth of
10 (given that 1/(10 kHz) × 10 = 1 ms). Conversely, an
error-correcting architecture that could enable a much more
optimistic logical gate frequency of 10 MHz would permit
circuits as deep as 10 000 layers.

V. OPTIMIZATION PROBLEMS IN GENOMICS
AND QUANTUM ADVANTAGE

A. Optimization problems in genomics

Hopes of achieving quantum advantage are more realistic
for harder computational problems in genomics, which are
connected with combinatorial optimization. Many computa-
tional problems in genomics can be recast as optimization
problems. Below, we provide some popular examples.

1. Sequence alignment

DNA sequencing is becoming faster and cheaper at a rate
far beyond Moore’s Law. Modern sequencing technology can
now generate millions of reads from a sample, leading to an
explosion of biological data that presents significant compu-
tational challenges [68].

Since memory access is a bottleneck for quantum algo-
rithms, we expect that a practical quantum advantage is more
likely for combinatorial problems defined on a relatively
small input set N , but for which the time to solution grows

exponentially, i.e., exp(N ), or at least with a very steep poly-
nomial degree.

Not all optimization problems fit this description. For
instance pairwise sequence alignment using dynamic pro-
gramming algorithms, such as Needleman-Wunsch [69] and
Smith-Waterman [70], has a time and space complexity of
O(NM ), where N and M are the lengths of the two sequences.
Moreover, there exist heuristic methods such as the basic local
alignment search tool (BLAST) that achieve almost linear
scaling [71]. These algorithms can be further accelerated by
using of special-purpose architectures such as GPUs or FP-
GAs. Therefore, we do not expect an advantage from quantum
computing in this case [41,72].

Multiple sequence alignment (MSA) is instead a chal-
lenging NP-hard problem, where the time to find the exact
optimal solution grows exponentially with sequence number
and length, making it a candidate for quantum advantage.
Despite this, approximate methods, though not optimal, are
widely used in tasks like de novo assembly. These rely on
heuristics to manage hidden combinatorial complexity.

This problem also connects to graph similarity tasks. Quan-
tum algorithms using Hamiltonian simulation [73] or support
vector machines with graph kernels [74] have been proposed.
For example, the overlap-layout-consensus (OLC) approach
[75–78] compares all read pairs to find overlaps. The layout
phase, i.e., finding a Hamiltonian path, is NP-hard, so heuris-
tics are used.

Alternatively, graph-based methods like de Bruijn graphs
are especially effective for assembling large volumes of short
reads [79,80].

2. Genome-wide association studies

Computationally hard problems in genomics extend be-
yond alignment and assembly tasks. For instance, GWAS
involve complex search and optimization tasks [81] as they
aim to identify genetic SNPs that are associated with diseases.

3. Phylogenetic inference

Another genomics subfield of interest is phylogenetic infer-
ence, also known as phylogenetic tree reconstruction. This is
the process of inferring the evolutionary relationships between
a set of biological entities (e.g., species, cells, genes) based
on their DNA, RNA, or protein sequences [82,83]. The core
optimization problem in phylogenetic inference lies in search-
ing the vast space of possible tree topologies (the branching
patterns) and branch lengths (representing the amount of
evolutionary change) to find the tree that best explains the
observed DNA, RNA data under a specific model of se-
quence evolution. The number of possible unrooted binary
trees grows exponentially with the number of leaves, mak-
ing an exhaustive search computationally infeasible. Again,
powerful heuristic search strategies are applied, these include
approximate maximum likelihood [84], branch and bound
[85], distance-based methods [86].

4. Haplotype phasing

NP-hard optimization also appears in the haplotype phas-
ing problem [87], which aims to determine the specific allele
combinations on chromosome copies. Using sequencing reads
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spanning multiple heterozygous sites, researchers infer which
alleles are inherited together. However, the number of pos-
sible haplotype configurations grows exponentially with the
number of such sites.

This problem can be reformulated as a max-cut problem
[88,89], where a fragment graph is built: vertices represent
alleles, and edges connect those co-occurring in reads. Edge
weights indicate whether the co-occurrence supports the same
(positive) or different (negative) haplotypes. The goal is to
partition the graph into two sets (haplotypes), maximizing the
cut weight.

As max-cut is NP-hard, approximate solutions are used
[90], including Monte Carlo methods [91]. Due to its natural
mapping to the Ising Hamiltonian [92], max-cut is a key
benchmark in quantum optimization research [93–96].

B. Complexity theory classes versus practical problems

1. NP-hard problems

Quantum methods are expected to demonstrate competitive
advantages earlier in problems that are harder than polynomial
[41]. From a purely theoretical point of view, an exponential
quantum advantage is not expected for optimization problems
belonging to the NPO-hard (Nondeterministic Polynomial-
time Optimization) class. However, this does not exclude the
possibility of large speed-ups in practical problems. Indeed,
complexity theory typically deals with worst-case scenarios.
In practical applications, one deals mainly with average-case
instances [97,98].

Moreover, we suggest that many problems in genomics
also defy conventional complexity classes since (i) we may be
interested in reasonably good solutions rather than the exact
one, and (ii) the input data itself can contain experimental
errors, such that the exact solution for the slightly misdefined
problem is not expected to be exact for the “true” data.

This strongly supports the use of heuristic algorithms,
which, while lacking formal guarantees, often strike an excel-
lent balance between cost and accuracy. The potential benefits
of such algorithms must be assessed empirically, depending
not only on the problem class but also on the specific encoding
used.

2. Polynomial time approximations

Use cases in genomics should be carefully chosen in
advance to enhance the likelihood of achieving a potential
quantum advantage. Indeed, not all NPO-hard optimization
problems are challenging in the same way, in practice. Most
known complexity theory results hold for the task of finding
the exact solution of a problem, but in practice, if we relax
this goal to simply find a good approximation, then the same
problem may belong to a different, “easier” class [97]. For in-
stance, the traveling salesman problem (TSP), whose general
formulation is NP-hard, may indeed change their complexity
class in polynomial-time approximation scheme (PTAS) in
some structured cases [99]. Practice also shows that the TSP
can be approximately solved for up to millions of nodes [97].

C. From genomics to optimization and back

In this section, we aim to briefly review previous attempts
at solving problems in genomics using quantum optimization

(“bottom-up”), and to propose a new “top-down” pathway for
connecting the two disciplines.

1. Bottom-up studies

So far, quantum computing has been proposed for solv-
ing optimization problems arising from genomic tasks, such
as sequence alignment [100], de novo assembly [101–104],
phylogenetic trees [105,106], transcription factor-DNA bind-
ing [107], epistasis analysis [108], codon optimization [109],
densest k-subgraph [110], and secondary structure prediction
of mRNA sequences [111]. The common strategy is to map
these problems into quadratic unconstrained binary optimiza-
tion (QUBO) problems, which, being defined in terms of
binary variables, are well-suited for implementation in quan-
tum software and hardware [92].

QUBOs correspond to Hamiltonians that can be imple-
mented on quantum annealers and have been the subject of
empirical studies for more than a decade [112–115]. However,
QUBO problems can also be executed on digital quantum
devices and tailored to algorithms such as the quantum ap-
proximate optimization algorithm (QAOA) [116]. The QUBO
method requires minimizing the following cost function

H (x) =
∑

i

hixi +
∑
i< j

Ji jxix j, (2)

where xi are binary variables with values in ±1, and hi, Ji j

are system dependent couplings. A real-world optimization
problem, defined using its “native” variables, weights, and
constraints, needs to be recast in this format [117].

Most of these studies take a “bottom-up” approach, di-
rectly seeking evidence of quantum speedup for use cases of
interest. While the merit of these studies lies in demonstrat-
ing how real-world problems can be—in principle—mapped
onto a given quantum platform, they usually do not prove
or disprove a quantum advantage. In reality, even empirical
demonstrations of scaling advantages require careful numeri-
cal experiments, making the task highly nontrivial.

In Appendix F we present a detailed framework to rigor-
ously assess the scaling advantage by comparing the optimal
time to solution and avoiding artificially favoring quantum
methods at small sizes.

2. Practical limitations of QUBO formalism

A NP-hard problem can be reformulated as another with
only polynomial overhead [92,118]. While complexity theory
considers polynomial overhead negligible, in practice, where
powerful classical heuristics exist, such overheads may make
a critical difference. In Fig. 4 we qualitatively illustrate this
scenario. In practice, mapping an original optimization prob-
lem into a QUBO often introduces significant memory and
time overhead [117]. This is particularly true when the origi-
nal problem includes constraints that rule out large regions of
the computational space, as these would encode unphysical or
invalid solutions.

For example, the TSP, defined over N cities (nodes),
requires N2 variables (hence qubits) when mapped into a
QUBO formulation [92,118]. The same quadratic overhead
affects existing QUBO-based approaches to genome assem-
bly [101,102]. Therefore, solving the TSP using its “native”
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FIG. 4. Optimization problems in genomics, classical hardness, and approximations. We sketch the comparative computational hardness
of several optimization problems discussed in the text, including pairwise alignment (PWA), multiple sequence alignment (MSA), and the
traveling salesman problem (TSP). The exact formulations (indicated with solid circles) of MSA and TSP belong to the NP-hard class
(whose boundary is drawn as dashed-red line), while PWA can be solved in polynomial time. All these problems can also be approached
with approximate methods (indicated with empty circles), which trade accuracy for speed. For example, PWA can be solved with nearly linear
scaling using BLAST, and the overlap-layout-consensus (OLC) problem, while still theoretically NP-hard, can also be solved approximately
in practice. We further illustrate that these native NP-hard problems can be translated into QUBO form (solid squares), typically incurring a
polynomial overhead. This implies that a quantum algorithm must solve a version of the problem that is harder than the original formulation.
Last, we sketch the likely necessary conditions for an generic optimization problem (labeled as “O”) to be amenable to quantum advantage
(green symbols): (i) all known classical approximations remain computationally challenging or perform poorly in terms of accuracy, and (ii)
the problem is already formulated in a way that minimizes the overhead associated with quantum embedding.

formulation is much more efficient than doing so via a QUBO
mapping.

Another significant challenge arises when applying the
QUBO problem to quantum machines with limited connec-
tivity, such as current quantum annealers. Due to the sparse
connectivity of the hardware, a mapping of the original prob-
lem onto the machine is necessary for fully connected QUBO
problems. Embedding fully connected graphs introduces an-
other quadratic overhead, which compounds the previously
mentioned overhead [119]. This can be particularly frustrating
since the all-to-all connectivity requirement stems from the
QUBO formulation itself, rather than the “native” problem!

However, there are also counter-examples where the
QUBO formulation provides an enhancement already at the
problem-formulation level. For a lattice protein design task,
the resulting QUBO model solved on classical machines
outperforms previous classical state-of-the-art solvers [120].
Reference [121] compares the performance of quantum and
classical optimization, including a genomic problem, with
different QUBO mappings.

3. Top-down studies

An alternative, “top-down,” strategy could be to first
identify which general classes of optimization problems are
particularly amenable to quantum speedup and then deter-
mine whether such problems appear in genomic pipelines.
Recently, a portion of the optimization community proposed
benchmarks for evaluating progress in quantum optimization
[97]. The proposed criteria are: (i) The problems must be
empirically known to be sufficiently hard even at limited sizes.
(ii) The problems can be casted in binary format, and (iii)
approximate classical solvers perform comparatively worse

in these cases. Examples directly quoted in Ref. [97] include
the quadratic assignment problem, the knapsack problem, the
maximum independent set problem, low autocorrelation bi-
nary sequences, sports timetabling problems, and spin glasses.
The fact that these problems become hard at relatively small
sizes enables a reliable scaling analysis of runtimes. Recently,
a library featuring instances belonging to these classes have
been published [122].

4. Possible genomics applications of very hard
optimization problems

While assessing whether quantum advantage can be es-
tablished for these classes of problems is interesting from a
fundamental perspective, it is important to determine whether
there are connections to problems that actually occur in ge-
nomics. In what follows, we survey known instances where
such problems have been studied in the context of genomics,
to the best of our knowledge, and point out possible connec-
tions in cases where dedicated literature is not yet available.

Quadratic assignment problem (QAP). The mathematical
formulation of a QAP typically involves minimizing the sum
over all pairs of nodes of the product of the “flow” between
them [123]. The QAP does not have an approximation algo-
rithm running in polynomial time, making it a good candidate
for quantum advantage. Since QAP models problems where
the cost of an assignment is determined by the relationships
between pairs of entities, they seem relevant for genomic
problems. However, the use of QAP in genomics seems so
far to be limited to enhancing visualization of microarray data
based on gene expression similarity [124,125], potentially
revealing intricate relationships in gene expression data that
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might not be readily apparent through more localized cluster-
ing methods.

Knapsack problem. The Knapsack problem is a well-
known optimization problem that involves selecting a subset
of items, each characterized by a weight and a value, such that
the total weight of the chosen items does not exceed a given
capacity, while simultaneously maximizing the total value of
the selected items. We attempt to draw some connections to
gene selection, which is a critical task involving the identifica-
tion of a subset of genes that are most pertinent to a particular
biological inquiry [126,127]. This includes identifying genes
associated with a specific disease, genes that play a key role
in a biological pathway, or genes that can effectively classify
different biological samples.

The weight associated with selecting a gene could reflect
experimental costs, technical difficulty, or a penalty for redun-
dancy, such as including genes that are highly correlated with
others in the set, aiming to promote diversity. The capacity
in this context may be defined by constraints such as a fixed
panel size, budget caps, or sequencing coverage, all of which
impose a limit on how many and which genes can be included.

Maximum independent set (MIS). An independent set in
a graph is defined as a collection of vertices wherein no
two vertices are adjacent. The MIS problem seeks to identify
such a set with the largest possible number of vertices. The
structure of the MIS problem, which centers on the selection
of noninteracting elements, shares similarities with several
challenges within genomics. Many problems in genomics in-
volve the identification of sets of entities, such as genetic
markers that are mutually incompatible or nonoverlapping in
some sense. Interestingly, MIS problems can be mapped to
sparse QUBO ones [97]. Some problems, such as identifying
unrelated individuals for genetic analysis, have been recast as
a MIS [128,129]. This is of particular importance in GWAS,
where a fundamental assumption for many statistical tests
is the independence of the samples being analyzed. How-
ever, human populations often exhibit complex patterns of
relatedness, which, if not accounted for, can lead to spurious
associations between genetic variants and the traits or diseases
under investigation. The MIS problem provides an elegant
solution to identify the largest possible subset of individuals
within a dataset who are statistically considered “unrelated.”
In this application, the first step involves calculating the pair-
wise relationship between all individuals in the study, based
on SNPs. A graph is constructed where each individual is
represented as a vertex. An edge is drawn between two in-
dividuals if their estimated relatedness exceeds a predefined
threshold, indicating that they are considered “related” (based
on a threshold) for the purposes of the study. Then the problem
of identifying the largest set of unrelated individuals becomes
equivalent to finding the MIS in this graph.

Further, MIS has also been proposed in gene selection
[130].

Finally, the problem of identifying nonrepetitive promoters
has been recast as an MIS problem in Ref. [131].

D. Quantum enhanced Monte Carlo

Many genomics analyses (e.g., phylogenetic tree inference
[132] and population genetics models [133]) rely heavily on

Monte Carlo methods. Speeding these up with quantum algo-
rithms could be transformative. A novel quantum algorithm
capable of accelerating sampling was initially introduced by
one of us in 2021 [134]. Later, Ref. [135] demonstrated a poly-
nomial speed-up in the simulation of an all-to-all connected
spin glass model, in real hardware.

Obviously, the potential to accelerate Monte Carlo simu-
lations could have a significant impact on a wide range of
genomics tasks involving statistical inference, such as those
tackled today with hidden Markov chain. Moreover, this ap-
proach is directly relevant to the optimization of NP-hard
problems, as it could enhance the performance of simulated
annealing [136].

However, this method is still relatively new, and its
strengths and limitations [137,138] have yet to be thor-
oughly evaluated before concrete applications in genomics
can be expected. Finally, quantum-enhanced sampling can
also be achieved using annealers. For instance, they have
been successfully applied to efficient QUBO models for DNA
packaging [139].

VI. QUANTUM MACHINE LEARNING

A. Classical machine learning in genomics

ML methods have already demonstrated significant impact
in genomics, with several applications now considered state of
the art and new ones continuing to emerge. Here we provide
a short list of representative use cases of ML in genomics and
refer the reader to recent comprehensive reviews for broader
coverage [140–143].

In genomics, deep learning approaches have been used
to improve the accuracy of genetic variant calling [144] and
to advance variant effect prediction [145], extending beyond
coding regions to the noncoding genome.

Within transcriptomics, and specifically in single cell RNA
sequencing analysis, unsupervised and supervised ML-based
tools, as well as large language models have become essential
for clustering, batch effect identification and correction, and
cell-type annotation [146,147].

Generative models are emerging as promising tools for
multimodal omics data integration [148].

In addition to analytical tasks, with ML it is possible
to address ethical and logistical challenges in genomics,
particularly around data privacy. Federated learning enables
institutions like hospitals and laboratories to collaboratively
train models without exchanging sensitive patient genomic
data. Instead of moving data to a central server, the model
is sent to local sites for training, preserving privacy while
supporting large-scale research [149].

B. Challenges of quantum machine learning

Given the importance of ML in genomics one could expect
quantum machine learning (QML) [150–153] as a potential
candidate to speed-up several workflows [22,154]. QML is
a rapidly growing field, and it is outside the scope of this
work to provide an in-depth discussion of its status and latest
achievements. However, to provide a coherent picture of the
conceptual challenges of quantum algorithms in genomics, it
is worth mentioning the general issues of QML.
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First, it should be noted that, to date, no quantum speed-
up for ML on real-world datasets has been observed or
even postulated. Any scalability advantages have only been
demonstrated on artificial datasets [155,156]. Whether such
an “inherently quantum-hard” structure exists in real-world,
naturally occurring datasets (i.e., those for which we actually
want to apply ML) is still an open question. Further, Ref. [156]
methods are as demanding as performing Shor’s algorithm.

Alternatively, an empirical approach might involve devel-
oping heuristic strategies that establish a practical advantage
considering several datasets. However, in QML, there is an
additional challenge. Quantum neural networks (QNNs), or
similar methods based on optimizable architectures, are sig-
nificantly harder to train than their classical counterparts. In
current literature, this issue is often referred to as the barren
plateaus problem, where the optimization landscape becomes
exponentially difficult to optimize as system size increases
[65,157]. Much of the current research aims to understand
the occurrence of barren plateaus and identify ways to miti-
gate them [158,159]. Barren plateaus do not occur if circuits
are sufficiently shallow [160] or highly structured [161], but
this could also make these circuits easier to simulate classi-
cally, potentially negating any quantum advantage [162–164].
Overall, a quantum learning model cannot demonstrate a true
quantum advantage if it lacks the necessary trainability, ex-
pressivity, or capacity for generalization that surpasses its
classical equivalents.

Finally, data-loading can also be a bottleneck. In this con-
text, there are generally two practical approaches: The first
is data encoding via angles of parameterized rotation gates
[155]. While this approach is widespread, the number of
qubits generally scales with the dataset size (though this is not
strictly fixed). For example, for image data with millions of
real-valued variables, one would need a similarly large circuit
to encode all the information.

The second is amplitude encoding. This technique maps
classical data into the amplitudes of a quantum state, offering
an exponential reduction in memory, since M variables could
be encoded using only log2(M ) qubits. However, preparing
a quantum state that precisely represents the data generally
requires an exponential number of operations. This is the
same fundamental data-loading problem discussed earlier, for
example, in the context of Grover’s algorithm.

VII. CONCLUSION

We discussed several possible applications of quantum
computing in the field of genomics, with a particular focus on
the roadblocks and challenges that were typically neglected
in previous literature. Note that we focus exclusively on the
high-level theoretical challenges associated with the ideal ex-
ecution of the proposed quantum algorithms in the context of
genomics. Additional low-level issues arising from hardware
noise or problem-specific implementations are beyond the
scope of this discussion.

We began by discussing the conceptual problems related
to the use of Grover’s algorithm for database search. We
showed that the hoped-for, and usually claimed, quadratic ad-
vantage vanishes under the realistic assumption of the lack of
a QRAM. We also discussed, for the first time in this context,

some approximate workarounds, but without any guarantee of
accuracy for this important task.

Hopes for quantum advantage are connected with the solu-
tion of problems that are harder than linear in the dataset size
[41,72]. For this reason, we turned our attention to genomics
problems that contain combinatorial optimization tasks. These
are problems that require exponential time, with respect to the
input size, to be solved exactly. However, not all combinatorial
optimization problems that are hard in theory are equally
difficult in practice [97]. We discuss how standard complex-
ity theory may be misleading when guiding us in real-world
cases, as sometimes polynomial-time approximation methods
are effective in practice even for NP-hard problems.

We suggest that problems amenable to quantum speedup
need to be carefully identified a priori. In particular, they
should correspond mathematically to models that are consid-
ered good benchmarks for quantum optimization, because (i)
they become hard at much smaller sizes, and (ii) conventional
approximate methods perform comparatively worse [97,122].
Additionally (iii), they should be mapped into a QUBO prob-
lem with minimal overhead.

Among these, we identify the following optimization prob-
lems: max-cut, maximum independent set, knapsack, and
quadratic assignment problems to be relevant for (or pos-
sibly connected to) genomics. It would also be interesting
to discover if some genomics tasks admit a formulation as
low autocorrelation binary sequence problems, given that
there is some experimental evidence of a scaling advantage
using QAOA [165]. Examples of application of the LABS
problem in genomics may include gene selection for cancer
subtype classification where binary feature selection can ben-
efit from low autocorrelation to reduce redundancy, and guide
RNA (gRNA) design, where binary encoding of candidate
sequences could be optimized to minimize off-target effects.

Finally, we discuss QML and its trainability and data-
loading problems.

So far, there is no evidence of quantum advantage in ML
beyond artificially constructed datasets (cf. the recent and very
instructive Ref. [166]), although some works show that graph
kernels can be successfully used in quantum support vector
machines [74,167,168].

In conclusion, the goal of this manuscript is to clearly
discuss the theoretical challenges of commonly proposed
quantum computing solutions for genomics. We are neither
overly pessimistic nor optimistic about the synergies between
quantum information and genomics. However, it is time for
this field to adopt a mature stance and embrace a balanced
perspective on this potentially transformative computational
platform. We hope that our work can stimulate new directions
and be helpful to researchers in carefully planning their nu-
merical experiments.
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APPENDIX A: LIST OF ACRONYMS

In this Appendix, we provide a table containing definitions of the abbreviations most commonly used in the main text.

TABLE I. Acronyms/abbreviations with definitions.

Acronym Full form Definition

DNA Deoxyribonucleic acid The hereditary molecule that carries genetic information essential for an organism to
develop, function, survive, and reproduce.

RNA Ribonucleic acid A molecule that plays a central role in the regulation and expression of genetic
information, often serving as a messenger between DNA and proteins.

BLAST Basic local alignment search tool A widely used bioinformatics program for comparing biological sequences (DNA, RNA,
protein). It identifies regions of local similarity between sequences, enabling fast
database searches and approximate sequence alignments.

SNP Single-nucleotide polymorphism A genetic variant at one nucleotide position in DNA; one of the key types of variation
tested in GWAS.

FPGA Field-programmable gate array A type of reconfigurable integrated circuit that can be programmed after manufacturing.
FPGAs are often used for accelerating computationally intensive tasks, including
bioinformatics and genomics workloads.

GWAS Genome-wide association
studies

Studies investigating associations between genetic variants across many genomes and
traits/diseases; typically large-scale statistical tests.

LABS Low autocorrelation binary
sequences

Problem class involving binary sequences with low autocorrelation.

MIS Maximum independent set In a graph, an independent set is a set of vertices no two of which are adjacent. The MIS
problem asks for the largest such set. Used in genomics to select mutually non-related
or non-overlapping entities, e.g., unrelated individuals in GWAS or nonredundant gene
sets.

MSA Multiple sequence alignment Aligning more than two sequences simultaneously; known to be NP-hard in its exact
form.

NPO Nondeterministic
polynomial-time optimization
(problems)

A complexity class generalizing NP to optimization problems. NPO-hard problems are at
least as hard as the hardest NP problems, and many genomics optimization tasks (e.g.,
multiple sequence alignment) belong to this class.

OLC Overlap-layout-consensus A method for genome assembly: (i) find overlaps between sequencing reads; (ii) arrange
them in a layout graph; (iii) derive consensus sequence. Used in contexts of de novo
assembly.

PTAS Polynomial-time approximation
scheme

A class of algorithms: for any ε > 0, an algorithm in PTAS produces a solution within
(1 + ε) of optimal in polynomial time.

PWA Pairwise (sequence) alignment The problem of aligning two sequences, e.g., two DNA or protein sequences; solvable in
polynomial time with dynamic programming.

QA Quantum annealing An analog quantum optimization method that uses quantum resources to find low-energy
states of a Hamiltonian.

QAOA Quantum approximate
optimization algorithm

A heuristic variational quantum algorithm for solving combinatorial optimization
problems (often QUBO), balancing circuit depth and solution quality.

QAP Quadratic assignment problem A combinatorial optimization problem where objects are assigned to locations and cost
depends on pairwise interactions.

QML Quantum machine learning Use of quantum algorithms or quantum-enhanced methods in machine learning tasks.
QRAM Quantum random access

memory
Hypothetical memory structure that allows classical data to be loaded into quantum

superposition efficiently.
QUBO Quadratic unconstrained binary

optimization
An optimization problem over binary variables with a quadratic cost function (pairwise

interaction terms), with no hard constraints explicitly; many genomic optimization
tasks are mapped onto QUBO to use quantum annealing or related algorithms.

TSP Traveling salesman problem Classical NP-hard optimization problem: find shortest cyclic route visiting each node
once. Appears as a benchmark/mapped problem in the paper.

TTS Time to solution A performance metric: the total time required (including repeated runs, etc.) to reach a
desired success probability in a optimization method.

VQE Variational quantum eigensolver Another variational algorithm used on quantum hardware for finding
eigenvalues/eigenvectors of Hamiltonians; mentioned in the context of
optimization/genomics mappings.
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APPENDIX B: MYTHS ON QUANTUM COMPUTING

In this Appendix, we aim to dispel some frequently made
claims regarding the power of quantum computing. Some
of these points may be obvious, while others may be less
so. We believe this discussion may be particularly useful for
nonexpert readers.

1. Claim: Quantum gates are faster than classical gates

Quantum digital gates cannot operate faster than the clas-
sical electronics that controls them [169]. Moreover, in the
fault-tolerant quantum era, each logical qubit will be encoded
in several physical qubits, and each logical gate will require
multiple elementary operations on the individual physical
qubits. As a result, the effective quantum clock frequency
will be orders of magnitude lower than that of conventional
classical processors [33,40].

2. Claim: A single qubit can store an arbitrarily
large amount of information

This claim stems from the fact that a qubit state is defined
by its coefficients, α and β, which are complex numbers.
In principle, the binary expansion of either coefficient could
contain an infinite number of digits, suggesting infinite infor-
mation content.

However, the same argument applies to any classical ana-
log method of storing information. For instance, one could
imagine encoding a telephone number by cutting a string
to a precise length such that its measurement in millime-
ters reproduces the exact decimal expansion of the number.
Clearly, this is impractical, as such an encoding would be
highly susceptible to uncontrollable errors in both preparation
and readout. This is precisely why digital computing replaced
analog machines.

In the case of qubits, the only possible measurement out-
comes are binary, either “0” or “1.” Extracting information
about the amplitudes α and β with arbitrary precision requires
performing many measurements in different bases. Therefore,
it is impossible to retrieve the exact values of the coefficients
in a single shot.

3. Claim: Quantum algorithms solve a problem
by trying all possible inputs in superposition

This claim, once again, neglects the fundamental issue
of how to extract information from a quantum state through
measurements.

It is easy to prepare a quantum state defined on n qubits (all
initialized to zero) that contains an equal superposition of all
2n basis states using just one layer of Hadamard gates:

1√
2n

2n−1∑
x=0

|x〉. (B1)

Suppose that all these binary strings are valid inputs to our
problem. The task is to find the unique bitstring that satisfies a
given set of logical propositions. In simpler terms, we assume
that one string is the solution (which we need to find) to an
optimization problem.

We imagine having access to a quantum function (oracle)
that requires an ancillary qubit. The ancillary qubit, initially
prepared in the state |0〉, flips to |1〉 only if the input x is the
solution to our problem. The process reads as

1√
2n

2n−1∑
x=0

|x〉|0〉 → 1√
2n

2n−1∑
x=0

|x〉| f (x)〉, (B2)

where f (x) = 1 if x is the solution xsol, and f (x) = 0 other-
wise.

We would be tempted to claim victory by asking to find
the n-qubit register associated with the value of 1 in the
ancilla qubit, |xsol〉|1〉. However, this is not possible, and at
this stage, the only way to extract the information is to mea-
sure the register. Given that all components have the same
amplitude, we would obtain a random bit string readout, and
the “wanted” readout would appear only with a vanishing
probability, 1/

√
2n.

At this point, we would have the same efficiency as sam-
pling random input states and checking whether they are
solutions to our problem. The key step to make this rough
idea work is to find a way to amplify the wanted component
in such a way as to enhance its probability of being read
out. Therefore, the claim overly trivializes the behavior of
quantum algorithms (see main text).

4. Claim: Quantum advantage is directly related
to entanglement

One may be tempted to claim that any operation producing
a sufficiently large entangled state results in a quantum state
that is not amenable to classical simulation, and thus satisfies
a necessary condition for quantum advantage. However, if a
circuit consists only of quantum gates from the Clifford set,
it can be efficiently simulated classically in polynomial time.
Here, by simulation, we mean that it is possible to sample
from the distribution of measurement outcomes [170]. A cur-
rent area of research is the theoretical investigation of how
many non-Clifford gates—sometimes referred to as magic—
are necessary to produce states that are strictly nonclassically
simulatable [171–173]. Given that Clifford operations can
produce entangled states (for instance, a GHZ state can be
prepared using only Hadamard and CNOT gates starting from
the “00..0” state) entanglement alone is not a necessary and
sufficient condition for quantum advantage.

APPENDIX C: COMPUTING IN QUANTUM
SUPERPOSITION

1. Qubits

The elementary logic unit of quantum computing is the
qubit, which, unlike a conventional bit, can exist in a super-
position of both basis states |0〉 and |1〉 [3]. Mathematically,
these basis states form an orthonormal basis for the complex
vector space C2, such that a general qubit state, or wave func-
tion, reads |ψ〉 = c0|0〉 + c1|1〉. The complex coefficients, c0

and c1 associated with these states must satisfy the normaliza-
tion condition, |c0|2 + |c1|2 = 1 which derives from the laws
of quantum mechanics. These coefficients, squared, represent
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the probability of measuring the qubit in either the state “0”
or “1,” therefore their sum, squared, must equal to one.

Quantum computing with a single qubit involves applying
a unitary transformation, U to the initially prepared state to
produce a final state, |ψ〉 → U |ψ〉 = |ψ ′〉 = c′

0|0〉 + c′
1|1〉.

The computation must conclude with a measurement process
that collapses the wave function onto one of the basis states.
For instance, now the wave function will collapse on the state
‘0’ with probability |c′

0|2 and on “1” with probability |c′
1|2.

Single-qubit gates are mathematically defined as unitary
transformations in the C2 space, and in practice they are repre-
sented by 2 × 2 matrices. Two-qubits gates are represented by
a 22 × 22 unitary matrices, while three-qubit gates by 23 × 23

objects, and so on. Each hardware implementation has differ-
ent capabilities regarding specific gate sets, but canonical gate
sets are commonly adopted in quantum information textbooks
[3]. In this Appendix we will use for illustrative purposes
just a few gates: the NOT gate, X, which acts on the basis
states as X|0〉 = |1〉 and X|1〉 = |0〉, the gate, Z, which acts
on the basis states as Z|0〉 = |0〉 and Z|1〉 = −|1〉, and their
controlled versions, the CNOT (controlled-X) gate and the
C-Z (controlled-Z) gate. See Appendix D for a formal defi-
nition of all the gates used in this section, and their matrix
representation. Due to the linearity of quantum mechanics,
it is sufficient to define the action of the gates on the basis
vectors, their action on the general state reads, for instance,
Z|ψ〉 = c0|0〉 − c1|1〉. For universal computation, the unitary
transformations in the gate set must approximate any other
unitary transformation arbitrarily well. If these conditions are
met, quantum circuits can be constructed, with the assurance
that the unitary operations can be executed with a controllable
error. However, creating an arbitrary multiqubits unitary op-
eration is not guaranteed to be efficient, meaning it may scale
exponentially with the number of qubits, n. We will return to
this important point later.

2. Quantum circuits and superposition

To achieve practical computation, one must work with
more than one qubit. In this case, the total computational
space increases exponentially with the number of qubits,
leading to the popular statement that a quantum computer
can achieve exponential memory compression. For exam-
ple, the basis states of a n = 3 qubit computational space
are: |000〉, |001〉, |010〉, · · · , |111〉, such that a general
three qubit state is defined via 23 = 8 complex coeffi-
cients, and reads |ψ〉 = c000|000〉 + c001|001〉 + c010|010〉 +
· · · + c111|111〉, where the sum of the coefficients squared,
|c j |2, is one.

In reality, the power of quantum computation lies not just
in memory compression but in the ability to apply a function
to each component of the wave function simultaneously, due
to superposition. Classically, to determine the action of a
function U on each possible bitstring, one would need to apply
that 2n times, i.e., once for each bitstring.

In the quantum setup, the function U , which operationally
is represented by a particular gate or sequence of gates, is
applied to all 2n components of the wave function at once,
thanks to the linearity of quantum mechanics. For instance,
let us consider the simplest function: flipping the leftmost

(a) (b)

(c)

FIG. 5. Example of circuits representing the unitary functions
described in the main text. (a) A circuit that flips the value of the
leftmost bit; (b) a circuit that changes the sign of the amplitudes of
the components with an odd number of “1”; (c) a circuit that changes
the sign of the amplitude of the component corresponding to the
“000” state. The multiqubit gates used are defined in Appendix D.

bit in our previous 3-qubit example. To accomplish this, one
would apply the X gate to the first qubit while leaving the
other qubits unchanged. Mathematically, since the full unitary
operation is defined over the three-qubit space, U would be
the tensor product of the X gate acting on the first qubit
and identity, I, operations on the second and third qubits,
namely U = I ⊗ I ⊗ X. Assuming, little-endian convention
about bit-ordering, U |000〉 = |100〉 and so on. The action of
U on the state defined above produces the new state |ψ ′〉 =
c000|100〉 + c001|101〉 + c010|110〉 + · · · + c111|011〉. For in-
stance, the new coefficient multypling the state |000〉 is the
one previously “attached” to |100〉, so c′

000 = c100. The corre-
sponding, simple, circuit is shown in Fig. 5(a).

As a second example, we consider the following “func-
tion”: detecting whether a bitstring has an even or odd number
of “1”s, and flipping the sign of the corresponding coeffi-
cients in the latter case. A quantum circuit that corresponds
to this parity check unitary is depicted in Fig. 5(b). This
unitary acts on the superposition of bitstrings, simultane-
ously flipping the signs of all the relevant coefficients. This
unitary yields the output state U |ψ〉 = |ψ ′〉 = c000|000〉 −
c001|001〉 − c010|010〉 + c011|011〉 + · · · − c111|111〉 A final
example is a unitary that selectively flips the sign of the coeffi-
cient for only a specific target bitstring, such as the |000〉 state.
The corresponding circuit is shown in Fig. 5(c), and the result-
ing state would be U |ψ〉 = |ψ ′〉 = −c000|000〉 + c001|001〉 +
c010|010〉 + · · · + c111|111〉.

At this point, some readers may raise the concern that these
examples seem not useful at all, while others might already
glimpse a connection with the task of database search. Both
perspectives are valid. Indeed, some of these functions are
useless in isolation, but they serve as building blocks for more
complex and useful algorithms. For instance, the third exam-
ple can be understood as an oracle that marks the “000” string.
Oracles are essential components of many algorithms, such
as Grover’s algorithm [3,24,174]. They act as black boxes,
performing specific operations.

In Grover’s algorithm, each oracle application can be
viewed as a database query. The algorithm’s asymptotic
speed-up is measured by the number of times the database
must be consulted to find the desired entry. Therefore, the
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quadratic speed-up of Grover’s algorithm, often cited as
a quantum advantage for database search, pertains to the
number of oracle queries rather than the total number of
elementary operations. This concept is crucial and will be
explored in greater detail later.

Returning to our last two examples [Figs. 5(b) and 5(c)],
marking a state by changing the sign of its amplitudes would
not result in an effective search algorithm, as it does not
alter the measurement outcome in the computational basis.
Recall that the amplitude squared represents the probability
of measuring a specific bit string.

The common theme of successful quantum algorithms is to
perform operations in such a way that the target bit string—
whether it represents the data to be found or the solution to
an optimization problem—is measured with high probability.
In Appendix E we see that the third function defined above is
actually Grover’s oracle in the particular case of “marking” a
database entry encoded with the “00” bitstring, but an addi-
tional unitary is required to amplify its amplitude.

APPENDIX D: QUANTUM GATES

This Appendix provides the definitions of the quantum
gates used in this work. The matrix representations are given
in the computational basis {|0〉, |1〉} for single-qubit gates and
their tensor product extensions for multiqubit gates.

The Pauli-X gate is a single-qubit gate represented by the
following 2 × 2 matrix:

X =
(

0 1
1 0

)
.

Its action on the computational basis states is

X|0〉 = |1〉, X|1〉 = |0〉.
The Pauli-Z gate is a single-qubit gate represented by the

following 2 × 2 matrix:

Z =
(

1 0
0 −1

)
.

Its action on the computational basis states is

Z|0〉 = |0〉, Z|1〉 = −|1〉.
The Hadamard gate is a single-qubit gate represented by

the following 2 × 2 matrix:

H = 1√
2

(
1 1
1 −1

)
.

Its action on the computational basis states is

H|0〉 = 1√
2

(|0〉 + |1〉),

H|1〉 = 1√
2

(|0〉 − |1〉).

The Controlled-NOT (CNOT) gate is a two-qubit gate. The
first qubit is the control qubit, and the second qubit is the target
qubit. The CNOT gate flips the state of the target qubit if and
only if the control qubit is in the state |1〉. Its 4 × 4 matrix

representation in the basis {|00〉, |01〉, |10〉, |11〉} is

CNOT =

⎛
⎜⎜⎝

1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

⎞
⎟⎟⎠.

Its action on the computational basis states is

CNOT|00〉 = |00〉,
CNOT|01〉 = |01〉,
CNOT|10〉 = |11〉,
CNOT|11〉 = |10〉.

The multicontrolled-CZ gate with 3 qubits, where the
first two qubits are the control qubits and the third is
the target qubit. In this case we define the control string
to be “00.” This applies a Pauli-Z gate to the target
qubit only when the first two control qubits are in the
state |00〉. The 8 × 8 matrix representation in the basis
{|000〉, |001〉, |010〉, |011〉, |100〉, |101〉, |110〉, |111〉} is

CZ(1,2|3)
00 =

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

−1 0 0 0 0 0 0 0
0 −1 0 0 0 0 0 0
0 0 1 0 0 0 0 0
0 0 0 1 0 0 0 0
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 0 0 0 0 1 0
0 0 0 0 0 0 0 1

⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

.

Its action on the computational basis states is

CZ(1,2|3)
00 |000〉 = −|000〉,

CZ(1,2|3)
00 |001〉 = −|001〉,

CZ(1,2|3)
00 |010〉 = |010〉,

CZ(1,2|3)
00 |011〉 = |011〉,

CZ(1,2|3)
00 |100〉 = |100〉,

CZ(1,2|3)
00 |101〉 = |101〉,

CZ(1,2|3)
00 |110〉 = |110〉,

CZ(1,2|3)
00 |111〉 = |111〉.

In general, for a multicontrolled gate with control qubits
c1, c2, . . . , cn and a target qubit t , conditioned on a control
string s = s1s2 . . . sn, the target qubit is acted upon by a single-
qubit gate U if and only if the control qubits are in the state
|s1〉|s2〉 . . . |sn〉. For the controlled-CZ gate with control string
“00,” the single-qubit gate U is the Z gate.

APPENDIX E: GROVER ALGORITHM FOR A TOY
DATABASE SEARCH WITHOUT QRAM

Suppose we have the following list of elements,
{T, A, T, G}, and we want to find the position of the element
A using Grover’s algorithm. To encode the data, we need
two qubits (see main text), but we also require an additional
qubit register to store the indices {0, 1, 2, 3} of the elements.
Therefore, we use four qubits: two for encoding the indices
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FIG. 6. Grover’s algorithm with index and data encoding.

and two for encoding the data. A generic quantum state
is the tensor product of the two registers |q3q2〉 ⊗ |q1q0〉 =
|q3q2q1q0〉

Most textbook examples of Grover’s algorithm initialize
the list using a uniform superposition of strings. However, in
this case, the process is more nuanced because we need to
encode both the indices and the data together, meaning the
data must be tied to the corresponding indices. Our goal is to
initialize the quantum state in such a way as to encode the full
input {(0, T ), (1, A), (2, T ), (3, G)}.

The first step is to create a uniform superposition of in-
dices in the bottom register (see Fig. 6) 1/2(|00〉 + |01〉 +
|10〉 + |11〉) ⊗ |00〉. Then we suitably entangle each data en-
try with its corresponding index: 1/2(|00〉 ⊗ |′T ′〉 + |01〉 ⊗
|′A′〉 + |10〉 ⊗ |′T ′〉 + |11〉 ⊗ |′G′〉), where we used the data
values A, T, G, with a bit of abuse of notation, to better
distinguish the two conceptually different bit positions. This
is achieved through the state preparation unitary V , which
initializes the entire qubit register from the initial |0000〉 state.
Notice that in Fig. 6 the bottom register (qubits q3, q2) en-
codes the index, while the top register (qubits q1, q0) encodes
the data in binary format. We adopt the little-endian conven-
tion such that the bottom qubit are the leftmost in the bitstring
representation.

In this example, we use a sequence of multicontrolled
CNOT gates. For instance, to entangle the “T” entry with the
first index position “00,” we place a multicontrolled CNOT
gate acting on the first data qubit, q0, controlled by the index
string “00.” Similarly, to entangle the last entry “G” with the
position “11,” we use a multicontrolled CNOT gate acting on
the second data qubit, controlled by the index string “11.” To
entangle the data entry “A” with the index “01” we simply do
nothing because our encoding assigns the “00” value to A, so
no bit has to be flipped. Multicontrolled gates can be compiled
using CNOT gates [3]. In Fig. 6 we avoid doing for the sake

of visualization. Notice that here we use a purely quantum
mechanical feature of controlling the execution of a function,
in superposition.

For all practical purposes, this Appendix could conclude
here. The data loading unitary V necessarily contains order of
N gates, given that, for each index, we had to design a suitable
multicontrolled CNOT gate to entangle the corresponding
data [175].

If the data sequence is pseudo-random, lacks any regular
periodicity, or cannot be mathematically modeled, each entry
must be loaded individually using an order of N operations.
This means that the data loading phase already negates the
quadratic speed-up.

For the sake of example, we proceed further with the
Grover circuit. The Grover operator is divided into two steps
that need to be iterated. The crucial point is that the number
of iterations required to amplify the amplitude of the desired
state |index, data〉 is

√
N rather than N .

The first operation is usually called “reflection” around
the marked state’ and is typically performed by an oracle in
textbooks. In our specific implementation, since we encode
both the index and the data, we can explicitly provide a circuit
for this oracle. The marked state is contained in the “data
register,” and in our encoding, it corresponds to the “00”
state. This information is known to us a priori. Therefore, the
circuit implements the function discussed in the main text [see
Fig. 5(c)], i.e., a unitary that flips the sign of the components
with “00” in the data register.

The second operator is called diffusion or reflection around
the initial state. If the initial state is simply a uniform super-
position of all four qubit states, the circuit is straightforward.
However, in this case, it is not, since we need to use the
reverse unitary, V †, that prepared the entangled state, apply
a reflection around “00” in the index register, and then apply
V again.
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(a) (b)

FIG. 7. Sketch of an empirical assessment of scaling advantage: (a) Identifying the optimal time to solution, TTS∗ as a function of the time
t of the run. For each problem size N (in this hypothetical scenario N = 10, 20, 30, 40) this represents the minimal cost of the simulation. (b)
Scaling of the TTS∗ as a function of N . This plot is used to assess the existence of an empirical scaling advantage over classical methods. In
this sketch, the quantum algorithms would outperform the first classical method, but not the second.

In this simple example, the a priori success probability
of finding the correct entry is 25%, given that there are just
four elements. This is a limiting case in which the Grover
algorithm returns the correct element in just one iteration. The
final state produced by the circuit in Fig. 6 is indeed |0100〉,
that encodes the value (“1” = 01, “A” = 00).

The total runtime of this implementation would scale as
N

√
N , because every Grover step also requires a depth N

subcircuit, thus realizing a quantum slowing-down compared
to the brute force classical approach.

APPENDIX F: HEURISTIC METHODS FOR QUANTUM
OPTIMIZATION

As of today, quantum optimization demonstrations fea-
ture two main strategies: quantum annealing (QA) [37,176],
implemented on analog quantum hardware, and the quan-
tum approximate optimization algorithm (QAOA) [177,178]
or similar approaches based on parameterized circuits, like
the variational quantum eigensolver (VQE) [179], executed
on digital hardware. We refer the reader to reviews of these
algorithms for definitions and details [37,38,180,181].

However, it must be noted that all these approaches are
heuristic in practice. Quantum annealing yields the exact
solution only in the infinite runtime limit. Moreover, ana-
log machines are strongly affected by decoherence, allowing
coherent dynamics to persist only for tens of nanoseconds,
see, e.g., Ref. [26]. Current quantum annealing experiments
extend beyond tens of microsecond runtimes, leading to
strong coupling between the system and the environment
[37,112,182]. As a result, the computational resources of
these machines involve a combination of incoherent tunneling
events and conventional thermal annealing [114,115].

Quantum optimization on today’s digital hardware is sim-
ilarly affected by gate noise, as these machines are not yet
fault-tolerant [178,183–185]. QAOA can be interpreted as a
discrete version of quantum annealing, where the total evo-
lution is divided into layers or blocks, each associated with
tunable parameters [177].

Recent large-scale simulations of QAOA reveal that coher-
ent dynamics are maintained up to about 8–10 layers (for a
simple disordered Ising model). Beyond that point, gate noise
introduces errors that increase the cost function [184].

This means that the execution of both QA and QAOA, must
be repeated multiple times in practice. In the literature, this
is commonly discussed in terms of the success probability,
p, that is, the probability of finding the exact solution or a
solution whose energy cost is below a certain threshold.

Since each run occupies the quantum hardware for a phys-
ical time t , the total time to solution is TTS = R × t , where
R is the number of repetitions required to achieve the desired
success probability. Ideally, one would perform a single exe-
cution with t → ∞. However, this is obviously impractical.
The opposite limit consists of performing a huge number of
repetitions, each with a very short execution time t , but this is
also inefficient, since one would perform no annealing. It has
been recognized that there exists a trade-off between the total
annealing (or circuit) time t and the number of repetitions R
required to achieve a target success probability p (for example,
p = 0.90).

Determining the optimal balance between t and R is
essential for accurately assessing the scaling of the total
computational cost with the problem size [182]. Notably, the
optimal time to solution, defined as TTS∗ = min(t R(t )) de-
pends on the size of the problem, hence TTS∗ = TTS∗(N ).
This is the proper quantity to plot against N to assess the
scaling of the quantum time cost vs problem size. This pro-
cedure is shown graphically in Fig. 7. As clearly explained
in the Refs. [112,182], it is important to identify the optimal
time to solution when analyzing the scaling. Overestimating
the runtime for smaller problem sizes would result in a flatter
scaling curve, potentially leading to an artificial indication of
quantum advantage.

While this concept is particularly transparent in the case of
QA, the existence of an optimal resource usage also applies to
QAOA and VQE. Here the total runtime t is proportional to
the circuit depth times the number of shots needed to evaluate
the cost function.

Historically, two-dimensional spin glasses (well-suited to
the architecture of quantum annealers) have been studied
extensively [112,115,186]. Reference [182], for example,
identifies a class of artificial problems where quantum anneal-
ers demonstrate scaling advantages over simulated annealing
(SA) [187]. Interestingly, Ref. [188] extends this observation
to more realistic problems related to polymer folding on a
lattice, showing a similar scaling advantage.
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While these results are promising, they do not
constitute conclusive evidence of quantum advantage.
A definitive demonstration would require outperforming
all possible classical solvers, e.g., simulated quantum
annealing [189].

To conclude, seeking quantum advantage through em-
pirical observation is certainly a legitimate and practical
approach. However, careful attention must be paid to how the
scaling with problem size is analyzed and to ensuring fair

comparisons with the best-known classical methods for the
same problem. Moreover, classical algorithms should be ap-
propriately optimized for the task at hand. For example, if the
optimization problem possesses a known structure, this prior
knowledge should also be exploited by the classical algorithm.
A notable case concerns Ref. [114], where an initially claimed
scaling advantage of quantum annealing over SA was refuted
by employing a slightly more sophisticated cluster-update SA
algorithm [113].
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