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ABSTRACT

Quantum computing promises transformative advances in computation, communication, sensing, and machine learning. Yet, the
realization of large-scale fault-tolerant quantum computers remains hindered by the enormous overhead required for quantum error cor-
rection. This challenge raises a fundamental question: Must useful quantum computing wait until fully fault-tolerant quantum hardware
becomes available? In this Perspective, we propose recoverable quantum computation (RQC), an information-centric paradigm for quantum
computing with errors. Rather than requiring faithful preservation of the complete quantum state, RQC focuses on preserving the computa-
tional information required to accomplish a given task. A noisy quantum computation is task-level recoverable when its specified output
can be inferred with prescribed accuracy and confidence using a finite, quantifiable recovery procedure. RQC may preserve quantum advan-
tages if its overall computational cost is still lower than that of the best known classical method. We characterize recoverability through
recovery overhead, task error, success probability, and end-to-end resource cost. We illustrate the framework using quantum Fourier trans-
form period estimation on IBM quantum hardware and a conceptual example from quantum machine learning, demonstrating that useful
computational information may remain recoverable despite significant physical errors. Building on these examples, we propose a prelimi-
nary classification of quantum applications according to their expected recoverability and outline a research roadmap toward a predictive
theory of recoverability. RQC complements fault-tolerant quantum computing, error mitigation, quantum utility, and application-oriented
benchmarking by separating the recovery of task-relevant information from the stronger claim of computational advantage.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1116/5.0353214

I. INTRODUCTION

Quantum computing promises transformative advances in com-
putation, communication, sensing, and machine learning.l’3 Over the
past decades, remarkable progress has been achieved across a broad

decoherence, imperfect control, environmental coupling, crosstalk,
state-preparation imperfections, and measurement noise.”'” As quan-
tum processors scale to larger systems and deeper circuits, these errors
accumulate and eventually degrade computational performance.
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range of hardware platforms, including superconducting circuits,
trapped ions, neutral atoms, photonic systems, and semiconductor
quantum devices." "' Quantum processors containing tens to thou-
sands of physical qubits have now been demonstrated, while land-
mark advances in quantum advantage, quantum simulation,
variational algorithms, and quantum machine learning (QML) have
fueled growing expectations for practical quantum technologies.”'”
Despite this remarkable progress, a fundamental challenge remains.
Quantum systems are inherently susceptible to errors arising from

The prevailing solution is fault-tolerant quantum computing
(FTQC), in which logical quantum information is protected by
encoding it into many physical qubits through quantum error correc-
tion.'”"* Supported by the quantum threshold theorem,'” ' this
framework provides a rigorous path toward arbitrarily accurate quan-
tum computation. However, this capability comes at a substantial
cost. Depending on the hardware platform and physical error rates, a
single logical qubit may require hundreds or even thousands of physi-
cal qubits, while a practical fault-tolerant quantum computer capable
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of solving large-scale problems may ultimately require millions of
physical qubits,”” which significantly increases the challenges in con-
nectivity.” Although impressive progress toward logical-qubit dem-
onstrations continues,'** the hardware overhead required for fault
tolerance remains one of the greatest obstacles to practical quantum
computing.

This situation naturally raises a fundamental question:

Must useful quantum computing wait for fully fault-tolerant
quantum hardware?

FTQC provides the general route to scalable and arbitrarily accu-
rate quantum computation. At the same time, extensive research on
noisy intermediate-scale quantum (NISQ) algorithms, quantum error
mitigation, quantum utility, and application-oriented benchmarking
asks whether useful task-level results may be obtained before full fault
tolerance is available."”*” >’ The question is therefore not whether
fault tolerance remains essential for general large-scale computation,
but whether a scientifically and technologically meaningful intermedi-
ate regime can be characterized systematically.

The history of information science suggests a broader perspec-
tive.”’ Reliable communication routinely occurs over noisy channels
because the transmitted information can be recovered despite imper-
fections.”' Likewise, experimental measurements in physics are almost
never noise free, yet meaningful information can often be extracted
through repeated measurements, statistical averaging, parameter esti-
mation, and inference. In both cases, the essential question is not
whether the underlying process is perfectly error free, but whether the
desired information remains recoverable with acceptable overhead.

Quantum computing may also admit such an intermediate regime.
Most quantum algorithms do not require complete reconstruction of
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the final quantum state. Instead, they seek specific computational infor-
mation encoded in measurement outcomes, such as a frequency, phase,
classification label, optimized parameter, or physical observable.
Although an n-qubit pure state is described by exponentially many
amplitudes, the reported task-level output may be much smaller.
Preserving a general quantum state can therefore constitute a stronger
requirement than recovering a specified output, even though the latter
may still be computationally demanding.

Motivated by this observation, we propose recoverable quan-
tum computation (RQC), an information-centric framework for
quantum computing with errors. Rather than using faithful preser-
vation of the complete quantum state as the sole criterion, RQC
focuses on whether the computational information required for a
specified task can be extracted from noisy quantum outputs with
prescribed accuracy and confidence using a finite, quantifiable
recovery procedure. We distinguish the task-level recoverability
from the advantage-preserving recoverability, which additionally
requires the total quantum-classical workflow to outperform the
best available classical method under matched problem and perfor-
mance requirements.

RQC is closely related to NISQ computing, quantum error mitiga-
tion, quantum utility, and application-oriented benchmarking,'**> >’
These approaches already emphasize task performance, classical compari-
son, or the resources required to obtain useful results from imperfect
quantum hardware. RQC is intended not to supersede them, but to iso-
late computational-information recovery as an explicit object of study:
what task-relevant information survives noisy quantum execution, what
recovery procedure extracts it, and how does the required overhead scale
with circuit and problem size?

Figure 1 illustrates the conceptual relationship among classical
computing, RQC, and FTQC. Classical computation is limited by
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Fie. 1. Conceptual relationship among classical computing, recoverable quantum computation (RQC), and fault-tolerant quantum computing (FTQC). Classical computing is
limited by classical computational complexity, whereas FTQC achieves arbitrarily accurate quantum computation through active error detection and correction. RQC
describes an intermediate regime in which task-relevant computational information may remain recoverable from noisy quantum outputs through repeated executions and

classical post-processing.
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classical computational complexity, whereas FTQC seeks arbitrarily
accurate quantum information processing through active quantum
error correction. RQC focuses on the intermediate regime in which
task-relevant computational information remains accessible despite
noisy quantum execution. Repeated executions, statistical inference,
error mitigation, and classical post-processing may improve recover-
ability, but their costs must be included in any subsequent claim of
quantum advantage.

We anticipate that RQC could provide a useful conceptual
framework for understanding the broad landscape between today’s
noisy quantum processors and tomorrow’s fault-tolerant quantum
computers. By shifting attention from state fidelity alone to the sur-
vival and recovery cost of task-relevant information, RQC offers a
complementary way to characterize which computations remain
operationally useful and which lose their intended output under real-
istic noise.

It is important to emphasize that RQC does not propose new
quantum algorithms or new computational objectives. Quantum
algorithms have always been designed to estimate parameters, identify
solutions, generate samples, or produce decisions, and existing
quantum-utility and benchmarking frameworks evaluate such out-
puts. The contribution proposed here is a focused organization of
noisy quantum computation around computational-information
recoverability: separating recovery from advantage, quantifying the
additional resources required for recovery, identifying transitions
from recoverable to unrecovered behavior, and comparing applica-
tions according to the structure of the information that must survive.
The central contribution of this Perspective is therefore not a new
algorithm or a standalone proof of quantum utility, but an
information-centric framework and research program for analyzing
when task-relevant outputs survive noisy quantum execution.

The remainder of this Perspective is organized as follows.
Section 11 discusses why fault tolerance is not the only possible path
toward useful quantum computation. Section I1I introduces RQC and
develops a hierarchy of recoverability. Section I'V presents operational
metrics for quantifying recoverability. Sections V and V1 illustrate the
concept through quantum Fourier transform (QFT) period estima-
tion and quantum machine learning, respectively. Section VII pro-
poses a preliminary classification of quantum applications according
to their expected recoverability. Section VIII outlines a research road-
map toward a predictive theory of recoverability, and Sec. IX con-
cludes with a broader perspective on quantum computation with
errors.

Il. WHY FAULT TOLERANCE IS NOT THE ONLY PATH

FTQC represents one of the greatest achievements in quantum
information science. The development of quantum error correction
and the quantum threshold theorem established that, in principle,
arbitrarily long quantum computations can be performed reliably
despite the presence of physical errors.'”*' Consequently, fault toler-
ance has become the dominant paradigm for scalable quantum com-
putation and is widely regarded as the ultimate destination of
quantum computing technology.

For general scalable quantum computation, accumulated errors
eventually prevent computational correctness unless they are actively
controlled, and much of today’s hardware development is therefore
devoted to reducing physical error rates and achieving fault-tolerant
operation. This does not exclude more restricted pre-fault-tolerant
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tasks whose relevant outputs may tolerate or be recovered from
imperfect execution.

Quantum error correction deliberately imposes a strong and
general requirement: protect encoded logical information against a
sufficiently broad class of physical errors throughout the computation.
For many specific applications, however, successful completion is
judged by a smaller task-level output encoded in the final measure-
ment statistics rather than by complete knowledge of the underlying
quantum state. The distinction between preserving a general logical
state and recovering a specified computational output motivates the
RQC viewpoint.

We believe this distinction is important. An n-qubit pure state is
described by exponentially many amplitudes, whereas the reported
output of a particular computational task may consist of only a fre-
quency, phase, decision label, optimized parameter, observable, or sam-
ple. This difference does not imply that such outputs are automatically
easy to recover, but it suggests that their robustness under noise should
be studied directly rather than inferred solely from full-state fidelity.

A useful analogy can be drawn from classical communication
theory. Communication channels are inherently noisy, yet reliable
communication remains possible because the transmitted informa-
tion can be recovered despite imperfections.”’ The objective is not to
eliminate all noise from the communication channel, but rather to
ensure that the desired information remains recoverable with accept-
able overhead. Experimental physics provides another familiar exam-
ple. Photon shot noise, thermal fluctuations, detector imperfections,
and environmental disturbances routinely affect measurements.
Nevertheless, meaningful physical information can often be extracted
through repeated measurements, statistical averaging, parameter esti-
mation, and statistical inference. Experimental physicists rarely ask
whether a measurement is perfectly noise free; instead, they ask
whether the quantity of interest can be determined with sufficient
confidence.

Quantum computing may admit a similar intermediate regime.
Between today’s noisy quantum processors and tomorrow’s fully
fault-tolerant quantum computers lies a broad region in which task-
relevant computational information may remain recoverable despite
imperfect quantum execution. In this regime, hardware errors
degrade the quality of the quantum state without necessarily destroy-
ing the information relevant to the computational task. Repeated
quantum executions, statistical inference, and classical post-
processing may therefore compensate for imperfect hardware. It may
still preserve computational quantum advantage if the total cost is
lower than that of the best known classical methods.

Developments in NISQ computing,u quantum error mitiga-
tion,” *"** quantum utility,”* application-oriented benchmarking,””
variational quantum algorithms,'””" quantum machine learn-
ing,'*”>*° and quantum sensing already investigate useful task-level
information from imperfect hardware. RQC builds on this literature
by centering the analysis on the survival, extraction, and scaling of
task-specific computational information.

This observation motivates the central question addressed in this
Perspective:

Under what conditions can useful computational information
remain recoverable even when the underlying quantum
computation is imperfect?

AVS Quantum Sci. 8, 040501 (2026); doi: 10.1116/5.0353214
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RQC addresses this question by shifting the focus from state
fidelity alone to the computational information required by the
task. The first criterion is whether that information can be recov-
ered with specified accuracy and confidence and with quantifiable
overhead. Whether the resulting workflow also preserves quantum
advantage is a second criterion requiring end-to-end classical
comparison.

This viewpoint naturally leads to three complementary computa-
tional regimes:

1. Classical computation, in which performance is fundamentally
limited by classical computational complexity.

2. Recoverable quantum computation (RQC), in which useful
computational information remains recoverable despite noisy
quantum execution.

3. Fault-tolerant quantum computation (FTQC), in which active
quantum error correction enables arbitrarily accurate quantum
information processing.

FTQC remains the general solution for scalable, arbitrarily accu-
rate quantum information processing. RQC neither replaces fault tol-
erance nor diminishes the importance of quantum error correction.
Rather, it seeks to characterize a potentially broad intermediate
regime in which specified task-level outputs may remain recoverable
before fully fault-tolerant hardware becomes available.

The existence, boundaries, and practical significance of this
intermediate regime remain open questions. Addressing these ques-
tions requires a framework for defining recoverability, identifying
the computational information relevant to different quantum algo-
rithms, and quantifying the overhead required to recover that
information. Developing such a framework is the objective of Secs.
I and IV.

1. RECOVERABLE QUANTUM COMPUTATION (RQC)

The discussion in Sec. II suggests that useful quantum computa-
tion does not necessarily require faithful preservation of the complete
quantum state. Instead, many quantum algorithms ultimately require
only the computational information extracted from the final measure-
ment outcomes. This observation motivates a shift in perspective.
Rather than asking whether a quantum computation faithfully pre-
serves the entire quantum state, RQC asks whether the computational
information required to accomplish a given task remains recoverable
despite imperfect quantum execution.

Throughout this Perspective, we use the term computational
information to denote the minimum task-specific information
required to successfully complete a computational objective.
Depending on the application, this information may consist of a phys-
ical parameter estimated by a quantum Fourier transform, a classifica-
tion label produced by a quantum-machine-learning algorithm, an
optimized variable obtained through variational optimization, or a
physical observable measured in quantum sensing. Importantly, com-
putational information should be distinguished from the complete
quantum state. Although an n-qubit pure state is described by expo-
nentially many amplitudes, the reported output of many quantum
algorithms is much smaller. Identifying rigorous mathematical defini-
tions of computational information for general quantum algorithms
remains an open problem and represents an important direction for
future research. From this perspective, computational information is
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an application-dependent concept rather than an intrinsic property of
a quantum state.

Traditional FTQC seeks to preserve the entire logical quantum
state throughout a computation. RQC adopts a different evaluation
criterion. Rather than evaluating noisy quantum computation primar-
ily through preservation of the complete quantum state, it evaluates
whether the computational information required by the task remains
recoverable. From this perspective, errors become significant not sim-
ply because they reduce quantum-state fidelity, but because they may
prevent recovery of the information needed to complete the computa-
tional task.

A. A hierarchy of recoverability

This distinction motivates three complementary notions of
recoverability.

1. State recoverability

The strongest notion of recoverability concerns the quantum
state itself. FTQC seeks to preserve the encoded logical quantum state
throughout the computation by means of active quantum error cor-
rection. This objective forms the foundation of scalable fault-tolerant
quantum computation.

2. Computational information recoverability

A weaker, yet considerably more general, notion concerns the
recoverability of the computational information required by a specific
algorithm. Many quantum algorithms ultimately seek only a fre-
quency, a phase, a classification label, an optimized parameter, or
another task-specific quantity. In such cases, faithful reconstruction of
the complete quantum state is unnecessary provided that the desired
computational information remains recoverable.

3. Advantage-preserving recoverability

A separate and more demanding notion concerns the preser-
vation of quantum advantage. Computational information may
remain recoverable even when the resources required for its recov-
ery eliminate any advantage over classical computation. We there-
fore call a computation advantage preserving only when the total
end-to-end cost of preparing the input, executing and repeating
the quantum circuit, reading out the results, and performing classi-
cal post-processing remains lower than that of the best available
classical method under matched input, output, accuracy, and confi-
dence requirements.

Accordingly, RQC distinguishes two questions that should not
be conflated: whether task-relevant computational information
remains recoverable, and whether recovering that information pre-
serves a quantum advantage. The first concerns the survival and
extraction of useful information under noise; the second requires a
separate end-to-end comparison with the best available classical
method.

B. Definition of recoverable quantum computation

Motivated by the preceding discussion, we propose the following
working definition.

AVS Quantum Sci. 8, 040501 (2026); doi: 10.1116/5.0353214
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Recoverable Quantum Computation (RQC).

A noisy quantum computation is computationally recoverable
for a specified task if the task-relevant information can be
extracted from its outputs with prescribed accuracy and
confidence using a finite, quantifiable recovery procedure. It is
advantage preserving only if the total cost of the resulting
quantum~—classical workflow remains lower than that of the
best available classical method under matched problem and
performance requirements.

Several aspects of this definition merit emphasis. First, recover-
ability is inherently application dependent. Different quantum algo-
rithms encode computational information in different ways and
therefore exhibit different sensitivities to hardware noise. Second,
recoverability is fundamentally distinct from quantum-state fidelity.
A computation with relatively low state fidelity may nevertheless pre-
serve the computational information required by the application.
Conversely, a computation exhibiting high state fidelity may still fail
to provide useful results if the desired computational information
cannot be recovered efficiently. Third, recoverability does not require
active quantum error correction. Repeated quantum executions, sta-
tistical estimation, classical inference, machine learning, or other
post-processing techniques may all contribute to recovering useful
computational information. Finally, recoverability alone is not a claim
of quantum advantage. Such a claim requires a fully specified classical
baseline and consistent accounting of all relevant quantum and classi-
cal resources.

C. Computational information as a resource

The RQC framework proposed here motivates a different per-
spective on computational resources. In conventional FTQC, the
principal resource being protected is the logical quantum state.
Considerable physical resources are devoted to maintaining high
quantum-state fidelity throughout the computation. RQC instead
treats computational information as the primary resource. Rather
than correcting every physical error, one allows imperfect quantum
execution and compensates through repeated quantum measure-
ments combined with classical post-processing. The trade-off there-
fore shifts from physical-qubit overhead to recovery overhead.
Conceptually, this distinction resembles the difference between error
correction and statistical estimation. Error correction seeks to prevent
information loss, whereas statistical estimation seeks to recover useful
information despite imperfect measurements. RQC adopts the latter
perspective for quantum computation.

D. Relation to existing paradigms

RQC is related to several existing paradigms and is intended as
a complementary organizing framework rather than a replacement
for them. FTQC seeks to preserve encoded logical quantum infor-
mation through active quantum error correction. Quantum error
mitigation seeks to suppress or compensate for the effects of hard-
ware noise on measured observables. NISQ computing describes a
hardware regime characterized by limited qubit counts and imper-
fect operations.'” Quantum utility and application-oriented bench-
marking, in turn, evaluate quantum processors through task-level
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performance, comparison with classical methods, and practical
resource requirements.””””"’ RQC shares this application-level
orientation but isolates a particular question within it: what
task-relevant computational information survives noisy quantum
execution, and what additional resources are required to recover
that information?

The specific contribution of RQC is therefore not the general
principle that quantum hardware should be assessed through useful
tasks, which is already central to quantum utility and application-
oriented benchmarking. Rather, RQC treats computational-information
recovery as an explicit object of study. It separates information recover-
ability from end-to-end computational advantage, characterizes the
recovery overhead required to reach a prescribed task-level accuracy and
confidence, and organizes applications according to whether their outputs
are parameters, decisions, observables, or more complete state informa-
tion. This viewpoint emphasizes recoverable-to-unrecoverable transitions
as noise, circuit size, and problem size increase.

The distinction between RQC and quantum error mitigation
deserves particular emphasis. Quantum error mitigation comprises a
family of techniques that estimate or approximate ideal quantum out-
comes by compensating for hardware errors through methods such as
probabilistic error cancelation, zero-noise extrapolation, virtual distil-
lation, symmetry verification, or other classical post-processing strate-
gies. RQC addresses a broader and different question: under what
conditions does a noisy quantum computation remain practically use-
ful? From the perspective of RQC, quantum error mitigation may
serve as one possible mechanism for improving recoverability, but it
is neither required nor sufficient to define recoverability itself. A
quantum computation may remain recoverable without explicit
error-mitigation techniques. Conversely, successful error mitigation
does not by itself establish advantage-preserving recoverability,
because mitigation, sampling, and post-processing costs must be
included in the end-to-end comparison. In this sense, recoverability is
an application-level concept, whereas error mitigation is a hardware-
and algorithm-level methodology.

E. Toward quantifying recoverability

The concepts introduced above remain qualitative. Transforming
RQC into a predictive framework requires quantitative measures of
task error, success probability, and recovery cost. The central question
is not simply how accurately a processor preserves a quantum state, but
how reliably and efficiently the desired information can be recovered
from noisy outputs. A modest recovery cost may permit, but does not
establish, an end-to-end quantum advantage; a rapidly growing cost
may eliminate an otherwise available advantage. These observations
motivate the operational quantities introduced next. The QFT (Sec. V)
and QML (Sec. VI) examples then illustrate parameter recovery and
decision recovery, respectively.

IV. RECOVERABILITY METRICS

Section III introduced RQC as an information-centric frame-
work for recovering the computational information required by a
specified task. The goal here is not to develop a complete mathemati-
cal theory, but to introduce operational quantities for asking: How
much additional effort is required to recover the desired information
from noisy quantum outputs at a specified accuracy and confidence?
We call this additional effort the recovery overhead.
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A. Recovery overhead

Consider a quantum algorithm that requires Njges executions
under ideal conditions to reach a specified accuracy and confidence.
On a noisy processor, hardware imperfections can broaden output
distributions, bias measured quantities, or reduce decision margins.
Consequently, N executions may be required by an adopted recov-
ery procedure to meet the same performance target.

We refer to Ny as the recovery execution requirement and define
the dimensionless execution-overhead factor,

1

This distinction matters because ideal quantum algorithms are
often probabilistic and may themselves require repeated measure-
ments. In the QFT benchmark of Sec. V, Nigeal = 1, 50 Nyec and '
coincide numerically. More generally, recoverability depends on how
the additional requirement I'yc and other recovery resources scale
with problem size.

B. Recoverability and scaling

The practical accessibility of task-relevant information may
depend critically on the scaling of the execution-overhead factor.
Suppose that

Irec(n) = poly(n), (2)
we refer to the behavior as polynomial recoverability. By contrast, if
l—‘rec(n) ~ emv (3)

where o > 0, we refer to exponential recoverability. These labels
describe the additional execution requirement relative to the ideal
quantum procedure. Polynomial overhead does not automatically
preserve quantum advantage, particularly when the ideal speedup is
polynomial or when preparation and post-processing dominate.
Conversely, exponential overhead does not automatically eliminate
advantage if the best classical cost grows exponentially with a larger
rate.

This observation naturally suggests two qualitative recovery-
overhead regimes:

* Polynomially recoverable regime: I';.. scales polynomially with
problem size.

* Exponentially recoverable regime: I'\.. scales exponentially
with problem size.

An operationally unrecoverable regime may additionally arise
when the specified accuracy and confidence cannot be reached within
the available resources or when noise removes the statistical distin-
guishability needed by the adopted recovery procedure. None of these
recovery-overhead classifications, by itself, establishes or excludes
quantum advantage; that question requires comparison of total quan-
tum and classical costs.

C. End-to-end advantage comparison

Recoverability should first be quantified independently of quan-
tum advantage through task-level quantities such as Ny, estimation
error, and success probability. To determine whether recoverability
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also preserves a computational advantage, one must compare com-
plete workflows. Let Cyeup denote one-time compilation or setup cost,
Corep the input-state preparation cost per execution, Cee. the circuit-
execution cost, Creaq the readout cost, and Cpq the cost of classical
recovery and post-processing. A general end-to-end quantum-classi-
cal cost is

CRQC = Csetup + Nrec(cprep + Cexec + Cread) + Cpost~ (4)

Here, “cost” may denote runtime, query complexity, energy, financial
cost, or another explicitly specified resource, but the same cost model
must be used for both quantum and classical workflows. If Cb
denotes the cost of the best available classical method for the same
problem under matched input-access, output-accuracy, and confi-
dence requirements, an advantage ratio may be defined as

best
CC

Crac’ ©)

Nadv =
A value 1,4, > 1 indicates an advantage within the stated cost model,
whereas 7,4, < 1 does not. This ratio is meaningful only when the
classical baseline and all material quantum and classical overheads are
specified. It should therefore be regarded as an application-dependent
resource comparison rather than a universal recoverability metric.

D. Recoverability versus fidelity

Traditional analyses of noisy quantum computation typically
emphasize quantities such as state fidelity, process fidelity, logical
error rates, and gate fidelities. These metrics are indispensable for
characterizing quantum hardware, but they do not directly measure
whether the computational information required by a particular
application remains recoverable. Recoverability and fidelity are closely
related but conceptually distinct. A computation may exhibit rela-
tively low state fidelity while still preserving the computational infor-
mation required by the application. Conversely, a computation with
high state fidelity may nevertheless fail to produce useful results if the
desired computational information cannot be recovered efficiently.

This distinction is particularly important for applications such as
quantum machine learning, optimization, parameter estimation, and
quantum sensing, where the final objective is often a decision, an opti-
mized parameter, or a physical observable rather than complete
reconstruction of the quantum state. From the perspective of RQC,
fidelity measures the quality of the quantum evolution, whereas
recoverability measures the usefulness of the computational informa-
tion that survives.

E. Toward application-specific recoverability

The quantities introduced above are intentionally general.
Different algorithms encode their outputs in different statistical fea-
tures and can therefore exhibit different recovery behavior. In the pre-
sent QFT benchmark, information is carried by a spectral peak; in a
classifier, it may be carried by a probability margin; and in sensing or
metrology, it may be carried by an estimator of a physical parameter.

Recoverability should therefore not be viewed as a single univer-
sal quantity. It is characterized by application-dependent measures
defined for a specified task, accuracy, confidence, recovery rule, and
cost model. Sections V and VI consider parameter recovery using the
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QFT and decision recovery in QML. The former is an experimental
benchmark; the latter is a conceptual construction.

These operational quantities are a starting point rather than a
complete mathematical theory. A predictive formulation will require
precise task-dependent definitions of computational information,
error and confidence targets, recovery procedures, and resource costs
under general noise models, together with connections to complexity
theory, quantum information theory, and statistical decision theory.

V. EXAMPLE I: QUANTUM FOURIER TRANSFORM AND
PERIOD ESTIMATION

One central hypothesis of the RQC framework is that useful
computational information may remain recoverable even after the
underlying quantum state has been substantially degraded by hard-
ware noise. Quantum Fourier transform (QFT) period estimation
provides a natural benchmark for investigating this hypothesis
because its computational objective—the estimation of a single fre-
quency—is precisely defined, quantitatively measurable, and theoreti-
cally well understood. Moreover, period estimation forms the
computational core of several foundational quantum algorithms,
including Shor’s factoring algorithm and related hidden-subgroup
algorithms.””"" It therefore provides a natural platform for investigat-
ing how quantum noise influences the recoverability of computational
information.

The purpose of the present experiment is not to demonstrate an
end-to-end computational speedup, but to determine how the mea-
surement resources required to recover a specified Fourier compo-
nent change as hardware noise and circuit size increase. It should
therefore be understood as a controlled QFT recoverability bench-
mark rather than a complete implementation of period finding in
Shor’s algorithm.

For the controlled period-estimation problem considered here,
the desired computational information is a specified signal-frequency
bin. Although the underlying state is described by exponentially many
amplitudes, the reported output is one frequency. This separation
makes the experiment a useful test of task-level recoverability, while
not by itself establishing computational advantage.

We consider a complex signal,

S(t) _ ei(Zﬂﬂ)f+¢)7 (6)

where f is the signal frequency and ¢ is the initial phase. Throughout
this example, we choose fy = R/4 and ¢ = 7/10, where R denotes
the sampling rate. A conventional 2"-point fast Fourier transform
(FFT) uses 2" uniformly sampled values to obtain the frequency-bin
spacing Af = R/2". This provides a convenient sampling reference
for the present benchmark, but it should not be interpreted as the
complexity of the best possible classical estimator for the restricted
single-frequency problem considered here. Specialized classical esti-
mators may exploit prior knowledge of the signal model, noise, or
allowed frequencies. By contrast, an ideal error-free quantum com-
puter encodes the sampled signal into an n-qubit quantum state,

271
1

_ i(nx/2+¢)| > (7)
= E e X),
v 2" x=0

V)
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and applies the inverse QFT. The correct frequency bin, my = 2"f; /R
= 2"72, is then obtained with unit probability in a single execution,
NQFT =1.

In this controlled benchmark, the target phase pattern is directly
encoded into the input circuit. For the chosen value fy = R/4, this
state has a particularly simple phase structure and can be prepared
efficiently using single-qubit operations. The experiment does not,
however, address the general cost of loading an unknown classically
sampled signal into a quantum state. Any end-to-end comparison
with classical frequency estimation would need to specify the input-
access model and include state preparation together with circuit exe-
cution, readout, and classical post-processing costs.

The information-centric perspective developed in Secs. II-IV
naturally leads to the central question of this experiment:

Can the desired frequency remain recoverable when the QFT is
implemented on a realistic noisy quantum processor?

Hardware noise inevitably broadens the Fourier spectrum and
reduces the probability associated with the correct frequency bin.
From the perspective of RQC, however, this degradation is not the
primary issue. The key question in this experiment is whether the
desired computational information—the signal frequency—can still
be recovered and how its measurement-shot overhead changes with
circuit size.

To investigate this question, we implemented QFT circuits on
IBM superconducting quantum processors for n = 4, 8, 10, 12, 14,
and 16 qubits. For each circuit size, the target frequency corresponds
to the Fourier peak located at my = 2"f; /R = 2"72. Figure 2 summa-
rizes the experimental results. Panels (al)-(a5) present the measured
probability spectra obtained directly from IBM quantum hardware.
The horizontal axis is expressed in the normalized frequency coordi-
nate 2"f /R, which coincides with the discrete frequency-bin index.
Because the input signal satisfies fy = R/4, the correct frequency
always appears at the position 22

As the circuit size increases, the measured probability
spectra evolve in a systematic and physically intuitive manner.
Figures 2(al)-2(a5) show that the dominant Fourier peak remains
correctly located at the target frequency for n = 4 through n = 14.
At the same time, however, the peak probability decreases steadily
while an increasingly broad background of competing peaks
emerges. These observations are consistent with the cumulative
effects of hardware noise during quantum computation.

As the number of qubits and quantum gates increases, accumu-
lated gate errors redistribute probability amplitude from the target
Fourier mode into many other computational basis states. Because
the dimension of the Hilbert space grows exponentially with the num-
ber of qubits, the number of accessible error states also increases rap-
idly. The experimental consequence is a progressive broadening of
the Fourier spectrum accompanied by a steady reduction of the prob-
ability associated with the correct frequency. The measured peak
probability decreases from approximately 0.87 for n = 4 to 0.51 for
n =8, 0.25 for n = 10, 0.15 for n = 12, and only 0.025 for n = 14.
By n = 16 (not shown in Fig. 2), the correct peak is no longer distin-
guishable from competing peaks generated by accumulated hardware
errors, indicating that the QFT spectrum itself has become severely
degraded.
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Fie. 2. Experimental demonstration of RQC using QFT period estimation on IBM quantum hardware. (a1)-(a5) Measured probability spectra for n = 4, 8, 10, 12, and 14
qubits. The horizontal axis is the normalized frequency coordinate 2"f/R, which coincides with the discrete frequency-bin index. The correct signal frequency corresponds
to o = R/4 and is located at 22 (b1)~(b5) Recovery of the computational information (signal frequency). The vertical axis shows the normalized frequency error,
2"(f —fy) /R, as a function of the number of recorded shots, Niec. Error bars represent one standard deviation obtained from independent subsets of the experimental data.

Viewed solely from the perspective of quantum-state fidelity,
these observations might appear discouraging. The central question
posed by RQC, however, is fundamentally different. Rather than ask-
ing whether the probability spectrum remains nearly ideal, we ask

whether the desired computational information—the signal fre-
quency—can still be recovered despite the degradation of the underly-
ing quantum state. To answer this question, we analyze the complete
measurement record rather than individual probability spectra. The
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experimental data are divided into independent groups containing
Niec repeated quantum executions. For each group, the recovered fre-
quency is defined as the frequency bin with the largest number of
recorded counts, f = (R/2") argmax, N, where N denotes the num-
ber of occurrences measured in the kth frequency bin. Repeating this
procedure for all independent groups yields a distribution of recovered
frequencies, from which the mean recovered frequency f and its stan-
dard deviation g are determined. Figures 2(b1)-2(b5) plot the nor-
malized frequency error, 2" (f — fy) /R, as a function of the number of
recorded shots. The error bars represent one standard deviation
obtained from independent subsets of the experimental data.

Several important observations immediately emerge. Although
the probability spectra shown in Figs. 2(al)-2(a5) become progres-
sively broader with increasing circuit size, the recovered frequency
converges steadily toward the correct value as additional quantum
executions are accumulated. Even after the probability associated with
the correct Fourier peak has been reduced substantially, repeated
measurements together with straightforward classical post-processing
remain sufficient to recover the desired frequency with high accuracy
over a broad range of circuit sizes. This behavior highlights the central
distinction between quantum-state fidelity and computational-
information recoverability. The degradation of the quantum state
does not immediately imply the loss of the computational informa-
tion. Instead, useful information may remain recoverable long after
substantial distortion has appeared in the measured probability
spectrum.

For n = 4-12, we define the recoverability threshold, N, , as the
smallest value among the evaluated group sizes at which the root-
mean-square frequency error becomes smaller than one frequency
bin. In normalized bin units,

wise, — 28] (22)

R

This criterion accounts for both bias and statistical dispersion. Direct
reanalysis of the raw shot records gives N;,. = 3, 19, 80, and 121 for
n =4, 8, 10, and 12, respectively, retaining the thresholds obtained in
the original analysis.

For descriptive purposes, we also define an FFT-referenced sam-
pling ratio,

271

=—. 9
psamp N:ec ( )
This dimensionless quantity compares the number of samples in the
conventional 2"-point FFT reference with the noisy-QFT measure-
ment shots required by Eq. (8). It characterizes shot recovery within
this controlled benchmark and is not an end-to-end quantum-
advantage metric. The experimentally determined results are summa-

rized in Table L.

Several important conclusions can be drawn from these results.
First, for n = 4-12, the target frequency satisfies the root-mean-
square error (RMSE) recovery criterion with relatively modest
measurement-shot overhead. Although the measured probability
spectra are progressively distorted by hardware noise, the
task-relevant Fourier component remains recoverable. The values
Psamp > 1 describe this shot-count comparison with the conventional
FFT reference; they do not establish computational quantum advantage.

PERSPECTIVE pubs.aip.org/aip/aqs

TasLe |. Recoverability threshold Ny, and FFT-referenced sampling ratio pgg, for
QFT period estimation on IBM quantum hardware. For n = 4-12, N, satisfies the
RMSE criterion in Eq. (8). For n = 14, approximately 10200 accumulated shots
return the target as the modal bin, but the available record does not contain enough
independent groups to establish an RMSE-based threshold. The n = 16 target is

not recovered under the tested conditions.

n N, or scale Psamp
4 3 5.33
8 19 13.47
10 80 12.80
12 121 33.85
14 ~10200"

16 Not recovered

“Observed cumulative-shot recovery scale; statistical confidence cannot be indepen-
dently determined from the available 16 384-shot record.

Second, a pronounced transition occurs at n = 14. Although the
target is the largest peak in the full probability record, several compet-
ing peaks have comparable amplitudes. The accumulated modal esti-
mate returns the target bin at approximately 10200 shots. However,
because the complete record contains only 16 384 shots, this accumu-
lation length leaves only one nonoverlapping group and therefore
cannot provide an independent estimate of the RMSE or recovery
confidence. We consequently identify n = 14 as a marginal-recovery
regime and report 10200 only as an observed cumulative-shot recov-
ery scale, not as a statistically established N, .

Finally, at #n = 16, the correct frequency is not recovered from
the available 65 536-shot record using the adopted modal estimator.
The target peak is no longer distinguishable from stronger competing
peaks generated by accumulated coherent and stochastic errors. We
therefore describe the result as not recovered under the tested hard-
ware, dataset, and recovery procedure, rather than as fundamentally
unrecoverable.

These observations naturally divide the experimental results into
three computational regimes:

1. Efficiently recoverable regime (n = 4-12): The target fre-
quency satisfies the RMSE criterion with relatively modest
measurement-shot overhead.

2. Marginal-recovery regime (n = 14): The accumulated record
returns the target only after approximately 10* shots, while the
available data are insufficient to establish recovery confidence
from independent groups.

3. Not recovered under the tested conditions (n = 16): The tar-
get frequency is not identified reliably from the available mea-
surement record using the adopted estimator.

Taken together, these observations provide experimental support
for the central distinction underlying RQC in the specific context of
QFT-based period estimation: substantial degradation of the mea-
sured output distribution does not immediately imply loss of the task-
relevant information encoded in that distribution. The experiment
reveals a progression from efficient recovery to marginal recovery and
ultimately unsuccessful recovery under the tested conditions. It does
not establish an end-to-end computational quantum advantage,
which would require a matched comparison including input access,
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state preparation, circuit execution, readout, repetition, classical post-
processing, and the best available classical estimator.

The QFT experiment illustrates a clear distinction between
quantum-state fidelity and computational-information recoverability.
The former characterizes the quality of the quantum evolution,
whereas the latter determines whether the computation remains prac-
tically useful. This distinction forms the conceptual foundation of
RQC and motivates the broader question of how recoverability mani-
fests across different classes of quantum algorithms.

Section VI considers how the same information-centric ques-
tions may apply to a different output type. Whereas the QFT bench-
mark recovers a frequency bin, quantum classification seeks a discrete
decision. This comparison motivates a general study of task-specific
outputs without assuming that the two applications share the same
recovery mechanism or resource scaling.

VI. EXAMPLE II: RECOVERABILITY IN QUANTUM
MACHINE LEARNING

The QFT example presented in Sec. V experimentally illustrates
recovery of a specified Fourier component from a strongly degraded
output distribution. RQC, however, is not restricted to parameter-
estimation problems. Many quantum algorithms seek a discrete com-
putational decision rather than a parameter. Quantum machine learn-
ing (QML) provides a conceptual example of this broader class of
applications; unlike the QFT study, no hardware demonstration or
quantitative advantage claim is made here.

In supervised quantum classification, the reported objective is
typically an output label rather than reconstruction of the complete
quantum state. From the perspective of RQC, the desired computa-
tional information is therefore the classification decision itself. A com-
pact output does not guarantee robustness or computational
advantage, because feature encoding, circuit depth, decision margin,
noise, training, sampling, and classical alternatives all matter. It never-
theless motivates studying decision recovery directly rather than infer-
ring it solely from state fidelity.

This observation motivates asking whether classification deci-
sions can remain stable when noise perturbs the output distribu-
tion.'*”>* The relevant mechanism and overhead must be
determined for each classifier, dataset, and noise process.

A. Decision recovery versus state recovery

The distinction between state recovery and decision recovery
becomes particularly clear in QML. Consider an n-qubit quantum
processor described by

-1

¥) = alk), (10)

k=0

where the quantum state is described by 2" complex probability
amplitudes. FTQC protects the encoded logical state against physical
errors, thereby preserving all subsequent logical operations and mea-
surements. In contrast, a classification task reports only a label derived
from the final measurement statistics. For a classification problem
involving C classes, the desired output is simply

ye{1,2,...,C}, (11)

rather than the complete quantum state.

PERSPECTIVE pubs.aip.org/aip/aqs

RQC therefore asks whether the decision derived from the noisy
output statistics remains recoverable at a specified confidence. This
task does not require reconstructing the complete state, but it may still
demand substantial resources if the class-probability margin is small
or noise changes the leading class.

B. A minimal quantum classifier

To illustrate this idea, we consider a minimal quantum classifier
consisting of three stages: quantum feature encoding, quantum evolu-
tion, and measurement. An input feature vector x is first encoded into
an n-qubit quantum state,

V(%)) = Uenc(x)[0) 7", (12)

where Ug, denotes the feature-encoding circuit. The encoded state
subsequently evolves according to

[¢(x)) = Ulp(x)), (13)

where U may represent either a fixed quantum circuit or a trained
variational quantum model.

The probability associated with class 7 is obtained from the final
measurement,

Pix) =Y {elp(x)P, (14)

zeC;

where C; denotes the subset of computational basis states assigned to
class i. The predicted class is therefore

y = argmaxP;. (15)

Unlike FTQC, successful quantum classification does not require
preservation of every probability amplitude. It requires only that the
correct decision remain identifiable from the measured probability
distribution.

C. Interference-dominated decision making

For classifiers in which class i is associated with a designated
readout amplitude, one possible physical interpretation becomes
transparent in terms of quantum interference. That probability ampli-
tude may be expressed as

Ai(x) = Z‘L‘(P% x), (16)
P
where P labels the different computational pathways contributing
coherently to the final outcome. The corresponding class probability
is

Pi(x) = |Ai(x)|2. (17)

For the correct class, constructive interference enhances the total
probability amplitude, whereas destructive interference suppresses
competing classes. We refer to this process as decision interference,
emphasizing that the interference determines the computational deci-
sion rather than the complete quantum state.

On a noisy quantum processor, each computational pathway is
perturbed,
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a;(P;x) — a;(P;x) + 6;(P; x), (18)

leading to a redistribution of probability among different measure-
ment outcomes. Nevertheless, the correct decision may remain recov-
erable if the constructive interference responsible for the correct
classification continues to dominate the accumulated perturbations.
This observation motivates the following working principle.
Interference-Dominance Hypothesis.

For algorithms whose desired outcome is produced by a
dominant set of coherent pathways, decision recoverability may
persist while the interference margin favoring that outcome
remains larger than the perturbations induced by noise.

This statement is a heuristic hypothesis, not a general recover-
ability criterion. Realistic stochastic and nonunitary noise is more
generally described by quantum channels and cannot always be repre-
sented as additive pathway amplitudes. A rigorous treatment would
need to relate the decision margin or other task-specific statistic to the
noisy output distribution and to the number of samples required for a
specified confidence.

D. Recoverability of classification decisions

Because individual quantum measurements are probabilistic,
repeated executions may be used to recover the correct classification
decision. Suppose that Ni.. repeated measurements produce N; occur-
rences of class i. The recovered decision is then

y = argmax N;. (19)

This recovery procedure is directly analogous to the frequency recov-
ery introduced in Sec. V. In the QFT example, repeated measure-
ments identify the dominant Fourier component. Here, repeated
measurements identify the dominant classification outcome.

Let N7, (¢,0) denote the minimum number of repeated mea-
surements required to recover a decision whose error is at most €
with confidence at least 1 — 0. This quantity characterizes task-level
sampling overhead. Whether the corresponding classifier is advantage
preserving must be evaluated separately using the end-to-end cost in
Eq. (4), including feature encoding, training or parameter optimiza-
tion, repeated circuit execution, readout, and classical post-
processing, and comparing against the best available classical classifier
under matched data-access and performance requirements.

Although a detailed quantitative analysis lies beyond the scope
of this Perspective, one possible behavior parallels the QFT example.
If noise reduces but does not reverse the probability margin between
the leading and competing classes, repeated measurements may
recover the same decision with increasing sampling overhead. If noise
changes the underlying ordering of class probabilities, additional
shots alone will converge to the wrong decision and cannot restore
the ideal classification. Quantifying this transition requires a specified
dataset, circuit, noise model, recovery rule, and confidence criterion.

Together, the QFT experiment and QML construction illustrate
two complementary forms of task-specific information: parameter
recovery and decision recovery. The former provides hardware data;
the latter identifies a hypothesis and a quantitative program for future
study. Both motivate evaluating the task-relevant output directly, but
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neither implies that output recoverability alone establishes quantum
advantage.

VIl. A PRELIMINARY CLASSIFICATION OF QUANTUM
APPLICATIONS BY RECOVERABILITY

The preceding examples suggest organizing applications partly
by the structure of the information they ultimately report.
Recoverability is not a property of the output type alone: it belongs to
a specified task, algorithm, circuit, noise process, recovery procedure,
and performance target. Nevertheless, distinguishing parameters,
decisions, collections of observables, and richer state information may
help formulate testable comparisons.

This observation motivates a preliminary classification of quan-
tum applications according to their expected recoverability. The clas-
sification proposed here is intended not as a definitive taxonomy, but
as a conceptual framework for organizing future theoretical and
experimental investigations of RQC, as shown in Fig. 3.

A. Parameter-recovery applications

Many quantum algorithms ultimately seek to recover one or a
few continuous physical parameters. Representative examples include
QFT-based period estimation, quantum phase estimation, quantum
sensing, quantum metrology, and Hamiltonian parameter
estimation.”””*

The QFT benchmark in Sec. V illustrates this class: despite sub-
stantial spectral broadening, the target frequency satisfies the RMSE
criterion for n = 4-12, becomes marginal at n = 14, and is not recov-
ered at n = 16 under the tested conditions. Quantum sensing and
metrology likewise estimate physical parameters from repeated mea-
surements, although their noise models, estimators, and resource
comparisons differ from those of the present benchmark.

Because the reported output consists of only a small number of
parameters, these applications may provide favorable opportunities
for recovery when the relevant statistical features remain identifiable
under noise. A compact output alone is neither sufficient for recover-
ability nor evidence of quantum advantage; sensitivity, required preci-
sion, state preparation, circuit depth, estimator performance, and
classical baselines must also be considered.

B. Decision-recovery applications

A second class of quantum algorithms seeks discrete computa-
tional decisions rather than continuous physical parameters.
Representative examples include QML, quantum pattern recognition,
quantum hypothesis testing, and related quantum decision-making
algorithms.' ">

As discussed in Sec. VI, quantum classifiers report a predicted
label rather than the complete quantum state, so faithful reconstruc-
tion of every amplitude is unnecessary for successful classification.
The interference-dominance hypothesis offers one possible mecha-
nism for robustness in algorithms with a clear coherent-pathway
interpretation. More generally, decision recoverability depends on
whether the noisy output distribution retains a statistically resolvable
margin favoring the desired class.

Decision-recovery applications may therefore offer favorable
cases, but this remains a hypothesis requiring algorithm-specific theo-
retical, numerical, and experimental tests.
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C. State-information applications

A third class of applications requires substantially richer infor-
mation from the quantum state itself. Representative examples
include quantum chemistry, general quantum simulation, many-body
quantum dynamics, and quantum state tomography.”” These applica-
tions often require recovery of a large collection of observables, corre-
lation functions, or, in the limiting case of quantum state
tomography, reconstruction of the complete quantum state.

Because these applications can require many observables, corre-
lations, or state parameters, their sampling and mitigation costs may
be larger. Repeated measurements reduce statistical uncertainty but
cannot by themselves reverse a noise-induced bias or restore physi-
cally lost coherence; additional mitigation or error correction may be
required.

Recoverability in these applications may therefore be more lim-
ited, and FTQC may ultimately remain indispensable for large-scale
implementations. Nevertheless, identifying which observables remain
recoverable despite imperfect quantum evolution remains an impor-
tant open question deserving future investigation.

D. Recoverability as an organizing principle

We hypothesize that the nature and structure of the task-
relevant information are important determinants of recoverability,
alongside the algorithm, circuit, noise, and recovery procedure.
Figure 3 summarizes this perspective conceptually. Tasks reporting a
few parameters or decisions may offer higher recoverability when
those features retain a sufficient statistical margin, while tasks requir-
ing many observables or more complete state information may require
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greater recovery overhead. The locations in Fig. 3 are qualitative and
do not assert a universal ordering.
These observations motivate the following working hypothesis.
Recoverability Hypothesis.

We hypothesize that recoverability depends jointly on the amount
and structure of the task-relevant information, the statistical
margin by which it is encoded in the output, the algorithm and
circuit, the noise process, and the adopted recovery procedure.

The hypothesis therefore treats the computational objective as
one determinant among several, not as a sufficient predictor. Its value
must be assessed by quantitative comparisons across algorithms and
hardware.

The classification proposed here is intentionally preliminary.
Many important quantum algorithms—including Grover search, vari-
ational quantum algorithms, large-scale quantum chemistry simula-
tions, quantum communication, distributed quantum computing,
and quantum networking—may occupy intermediate regions of the
recoverability landscape whose properties remain largely unexplored.
Developing quantitative criteria for locating quantum algorithms
within this landscape represents one of the central challenges for
future research.

VIIl. RESEARCH ROADMAP

RQC provides an information-centric framework for studying
task-level outputs in the presence of hardware imperfections. Sections
III-VII suggest a research program for characterizing where compu-
tational information remains recoverable, where recovery becomes
marginal, and where it is not recovered under specified conditions.
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Transforming this conceptual framework into a predictive theory will
require substantial advances in both theory and experiment. We high-
light several directions for testing, refining, or delimiting the proposed
framework.

A. Toward a predictive theory of recoverability

At present, recoverability is characterized through operational
quantities such as recovery overhead, task-level error, and success
probability. An important theoretical challenge is to relate these quan-
tities to circuit structure, hardware noise, the statistical distinguish-
ability of relevant outputs, and the computational information
required by different algorithms. Advantage preservation should then
be evaluated through the separate end-to-end resource comparison
defined in Sec. IV.

One particularly important question is whether recovery over-
head and task error can be estimated before a quantum computa-
tion is performed. Such a capability would guide algorithm design,
hardware development, and resource estimation and could identify
boundaries among efficient recovery, marginal recovery, and
failure to recover under specified noise, resource, and confidence
conditions.

B. Recoverability-aware quantum algorithms

RQC suggests an application-level design objective: optimize the
robustness and statistical distinguishability of task-relevant outputs,
not only generic circuit fidelity. This could motivate algorithms, com-
pilers, and error-mitigation strategies that reduce recovery overhead
for a specified task under realistic hardware imperfections. In algo-
rithms with a coherent-pathway interpretation, preserving a favorable
interference margin may be useful; in more general settings, the
appropriate target may be an observable error, decision margin, esti-
mator variance, or success probability. This direction appears particu-
larly relevant to variational and other hybrid quantum-classical
approaches, whose performance depends on ansatz design, hardware
noise, sampling overhead, and classical optimization.”*

C. Recoverability within application-oriented
benchmarking

Hardware-oriented metrics such as gate fidelity, logical error
rates, and quantum volume remain indispensable.'”*’ At the same
time, existing application-oriented benchmarks already evaluate task-
level performance and resource requirements.”” RQC should there-
fore be developed within, rather than presented as preceding, this
broader benchmarking program.

A recoverability-oriented benchmark would add measurements
of how task error, success probability, and recovery overhead evolve
with noise, circuit size, and problem size. To enable meaningful hard-
ware comparisons, it should specify input access, accuracy and confi-
dence targets, execution and readout costs, classical post-processing,
and strong classical baselines.

D. Exploring the recoverability landscape

The examples presented in this Perspective represent only the
first steps toward understanding RQC. Many important quantum
algorithms and applications—including Grover search, variational

PERSPECTIVE pubs.aip.org/aip/aqs

quantum optimization, quantum chemistry, quantum simulation,
quantum communication, distributed quantum computing, quantum
networking, and quantum sensing’*"*"’—remain to be investigated
from the perspective of recoverability.

An especially important direction is to develop quantitative
recoverability maps for specified algorithms, noise models, and per-
formance targets. Such maps could identify which tasks benefit from
noisy hardware under a stated cost model and which require mitiga-
tion, partial error correction, or fault-tolerant operation.

More broadly, RQC should not be viewed as an alternative to
FTQC, but as a complementary framework for characterizing task-
level information in the pre-fault-tolerant and partially error-
corrected regimes. Understanding recoverability can identify where
noisy hardware retains useful outputs, where recovery overhead
becomes prohibitive, and where fault-tolerant operation is required.

IX. CONCLUSIONS

FTQC provides the general route toward scalable, arbitrarily
accurate quantum information processing through quantum error
correction. This vision remains indispensable for general large-scale
quantum computation. At the same time, the substantial resources
required for fault tolerance motivate a complementary question:
which specified task-level outputs remain recoverable on imperfect
hardware, and at what cost?

In this Perspective, we have proposed RQC as an information-
centric framework for quantum computing with errors. RQC asks
whether the information required for a specified task can be recovered
from noisy outputs with prescribed accuracy and confidence using a
quantifiable recovery procedure. It complements quantum error cor-
rection, error mitigation, quantum utility, and application-oriented
benchmarking by isolating computational-information recovery as an
explicit object of study. Crucially, task-level recoverability is distinct
from advantage-preserving recoverability, which requires a separate
end-to-end comparison with the best available classical method.

We introduced operational quantities based on recovery over-
head, task error, success probability, and total workflow cost. In the
QFT benchmark, a specified Fourier component remains recoverable
by the RMSE criterion for n = 4-12 despite strongly degraded output
distributions; n = 14 exhibits only marginal cumulative-record recov-
ery, and the target is not recovered at n = 16 under the tested condi-
tions. This experiment demonstrates a recoverability transition, not
end-to-end quantum advantage. The QML discussion provides a
complementary conceptual construction for decision recovery and
identifies the decision margin and sampling confidence as subjects for
future quantitative study.

We also proposed a deliberately preliminary application land-
scape. Parameter- and decision-recovery tasks may offer favorable
cases when their relevant output features retain sufficient statistical
margins, whereas tasks requiring many observables or richer state
information may incur larger recovery costs. This is a working
hypothesis, not a universal ordering: recoverability depends jointly on
the output structure, algorithm, circuit, noise, accuracy and confi-
dence requirements, input access, and recovery procedure.

RQC does not replace FTQC or diminish the importance of
quantum error correction. FTQC protects encoded logical informa-
tion to support general reliable computation; RQC evaluates whether
a specified output remains recoverable under imperfect execution and
quantifies the resources required. The two perspectives address different
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levels of the same problem and can be applied across noisy, partially
error-corrected, and fault-tolerant hardware.

Many important questions remain open. The ideas introduced
in this Perspective are intended not as a complete theory, but as the
starting point for a broader research program. Although only one rep-
resentative application has been experimentally examined here, we
anticipate that the proposed framework will motivate further theoreti-
cal and experimental investigations across diverse classes of quantum
algorithms and help define the emerging science of recoverability in
quantum computation. Ultimately, the future of quantum computing
may depend not only on how well we preserve quantum states, but
also on how effectively we preserve the computational information
required to solve meaningful problems.
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