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Abstract

The rapid pace of development in quantum computing technology 
has sparked a proliferation of benchmarks to assess the performance 
of quantum computing hardware and software. However, not all 
benchmarks are of equal merit. Good ones empower scientists, 
engineers, programmers and users to understand the power of a 
computing system, whereas bad ones can misdirect research and 
inhibit progress. In this Perspective, we survey the science of quantum 
computer benchmarking. We discuss the role of benchmarks and 
benchmarking and how good benchmarks can drive and measure 
progress towards the long-term goal of useful quantum computations, 
known as quantum utility. We explain how different kinds of benchmark 
quantify the performance of different parts of a quantum computer, 
discuss existing benchmarks, examine recent trends in benchmarking, 
and highlight important open research questions in this field.
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Perspective

Achieving quantum utility will require reducing and mitigating 
hardware errors, which are the imperfections in qubits and quantum 
logic gates (simply ‘gates’ hereafter) that cause large quantum pro-
grams to fail (see Box 1). The importance of other limiting factors, 
such as speed or power consumption, pales in comparison. Quantum 
logic operations fail far more often (today, typically around 0.01%–1% 
of the time3–7) than classical instructions (around 10–23% of the time14), 
and correcting or mitigating quantum errors is startlingly hard4,15–21. 
Because errors will dominate the performance and design of quan-
tum computers for the foreseeable future, most quantum computer 
benchmarks measure the impacts of those errors.

Many of the earliest and most widely used quantum computer 
benchmarks, such as randomized benchmarking (RB)22–34, directly 
measure the rates of errors in the gates of a quantum computer. How-
ever, quantum computers are not just arrays of qubits. Instead, a 
phalanx of powerful classical computing subcomponents — controllers, 
compilers, routers and schedulers — manage and control the qubits35. 
Increasingly, quantum computations will be performed not directly 
on physical qubits but instead on higher-performing logical qubits 
encoded in many physical qubits that run a quantum error correc-
tion (QEC) algorithm15,16. These complexities have motivated an 
ever-increasing array of incomparable and complementary bench-
marks that test different subsystems in a quantum computer and/or 
measure different performance metrics. Understanding and leveraging 
a specific benchmark requires knowing what systems it tests, what it 
measures about the performance of those subsystems, and why that 
metric of performance matters.

In this Perspective, we survey the science of quantum computer 
benchmarking and we highlight important open research questions in 
this field. Our focus is on benchmarking rather than the broader field 
of QCVV, and we present a forward-looking and opinionated perspec-
tive that complements recent reviews and tutorials on QCVV1,36–38. 
Throughout, we limit our scope to the benchmarking of gate-model 
quantum computers built from qubits — the primary quantum com-
puting paradigm. For example, we do not discuss benchmarks relevant 
only to quantum annealers or analog quantum simulators. We presume 
that the goal of research and development in quantum computing is 
to achieve and then advance computational utility, and we measure 
the relative value of benchmarks by how useful and appropriate they 
are to this goal.

We present our Perspective in three sections. In the first section, 
we discuss the origins of quantum computer benchmarking, current 
trends in the field and the roles that benchmarks have within the quan-
tum computing community. Having summarized the current state 
of play, we then discuss what properties make a benchmark broadly 
useful. In the second section, we provide a framework within which 
benchmarks can be categorized. We use this framework to analyse 
many of the most important and popular benchmarks and highlight 
specific gaps in the benchmarking toolbox. In the final section, we turn 
to what is, in our view, the largest open question in benchmarking: 
how can our field create and deploy benchmarks that reliably quantify 
progress towards quantum utility? We discuss how these benchmarks 
might be created, presenting our view on the ingredients needed from 
across the quantum computing community.

Quantum computer benchmarking
The field of quantum computer benchmarking evolved out of quantum 
tomography and error characterization39–43, which are techniques 
to reconstruct quantum states and learn detailed error models for 

Introduction
In quantum computing, benchmarking means measuring the perfor-
mance of quantum computing systems, and benchmarks are methods 
that are used to measure performance (Fig. 1a). The rapid advance of 
quantum computing hardware over the past decade has spawned a 
bewildering variety of concepts and techniques within the fledgling 
science of quantum computer benchmarking — a subfield of quan-
tum characterization, verification and validation (QCVV)1. In 2014, 
cutting-edge ‘quantum computers’ were physics experiments on a few 
qubits2. Today, quantum computers routinely deploy 20–400 qubits3–7 
and can outperform classical computers on specially designed tasks3. 
However, despite this progress, quantum computing is still in its 
infancy. Solving problems of practical significance — often called 
quantum utility — is the goal of the field, but it remains elusive, and 
many scientists predict that achieving quantum utility will require 
years of progress and major technological advances8–11. Benchmarking 
and benchmarks can measure and guide progress towards that goal.

Benchmarks for classical computers, such as the LINPACK12 and 
SPEC (Standard Performance Evaluation Corporation)13 benchmarks, 
measure proxies for computational utility. Until quantum computers 
become capable of computational utility, quantum computer bench-
marks should instead measure, guide and incentivize progress towards 
utility (Fig. 1b). Although it is expected that quantum systems will need 
to grow to millions of physical qubits to solve practical problems that 
classical computers cannot8–11, increasing the number of qubits is not 
enough.

Data

Instructions

Benchmark A

Be
nc

hm
ar

k 
B

M
et

ric
 B

Metric A

Historical quantum
computers 
Contemporary
quantum computers

Utility-scale quantum
computers

Quantum computer
benchmark

Performance metric(s)

Quantum 
computer

a

b

Hardware
roadmap A

Hardware
roadmap B

Quantum
utility

Fig. 1 | Quantum computer benchmarks. a, Quantum computer benchmarks 
are tasks that are run on quantum computing systems, or on some of their 
subsystems (such as qubits or compilers), to measure performance. Each 
benchmark measures one or more metric of performance, such as the error 
rates of the quantum gates of a system. b, Benchmarks enable comparing 
the performance of a quantum computer to other contemporary (squares), 
historical (circles) or hypothetical (stars) systems, for example, hypothetical 
systems on a particular roadmap to quantum utility.

Benchmarks are methods used to measure performance



Benchmarking should track progress toward utility
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Desirable properties for tracking progress to utility

Well-motivated: A benchmark should measure well-motivated metrics of performance. 

Well-defined: A benchmark should have an unambiguous procedure —any unspecified 
steps should be intentional configurable parameters (e.g. compilation). 

Implementation-robust: It should not be possible to exploit the configurable 
parameters of a benchmark to obtain misleading results. 

System-robust: The results of a benchmark should not be corrupted by a priori 
unknown (small) errors.

Efficient: A benchmark should use a reasonable amount of all resources  
(e.g. quantum and classical computing time).

Technology independent: A benchmark shouldn’t be limited to particular technologies 
or architectures unless its metrics are only relevant in those contexts.



How to track progress toward utility

(1) Challenge Problems (2) Resource Estimates

(4) Benchmarks (3) Roadmaps

A specific instance of a computational 
problem that is: 
(1) useful, 
(2) feasible to solve with a quantum 

computer but infeasible or more costly 
with any other computer.

“How big, fast, and reliable would a 
quantum computer need to be to solve a 
particularly computational problem?” 

A description of a minimal quantum 
computer that could solve that problem 

A plausible, detailed engineering route to a 
device that can solve a challenge problem. 

A sequence of increasingly capable 
prototype devices (may not necessarily 
increase computational power right away!)

…that measure performance metrics  
specific to a particular roadmap. 
 
…that quantify progress towards utility with 
high-level, intuitive, technology-agnostic 
performance metrics. 



No single number can track progress toward utility

Figure 4. Assessing quantum computer performance via capability. This figure illustrates one way to compare experimentally
benchmarked performance against resource estimates for challenge problems, using a multidimensional capability metric. Challenge
problems and benchmark tasks are represented by the width (some measure of the number of qubits) and depth (some measure of the
number of clock cycles) of a quantum circuit that performs the task. Regions indicate the circuits performable by two real-world quantum
computers—Google’s Sycamore (green) as extrapolated from results in Arute et al.2, and an ensemble of IBM Q devices (pink) benchmarked
by our group37—and one hypothetical quantum computer (blue) (we use a success threshold of 1/e). Points indicate constant-factor resource
estimates for three candidate challenge problems analyzed in the literature7–9. For these problems, width is the number of logical qubits, not
accounting for logical qubits used in distillation or routing, and depth is the total number of non-Cli↵ord operations (i.e., To↵oli and/or T
gates). These metrics are somewhat crude, but indicate the rough scale of resources required for these challenge problems. We emphasize the
wide gulf between that “utility” scale and current state of the art capabilities—logarithmic axes were required to compress both scales into
one figure. Plots like this one could enable stakeholders to track and extrapolate the growth of quantum computer capabilities over time,
toward eventual achievement of quantum utility.

The most sophisticated physical resource estimates provide
a full architectural specification—“N0 physical qubits, capable
of implementing [specific fault-tolerant quantum computing
scheme], with error probability  ✏0 per physical gate, running
for time T 0.” Today’s best physical resource estimates use
oversimplified error models, and future resource estimates
may treat the physical hardware in even greater detail in order
to specify engineering specs like materials quality or tempera-
ture.

Roadmaps to solving challenge problems
Resource estimates (for specific challenge problems) tell us
where the goalposts of quantum utility are. Roadmaps define
the distance to those goalposts. Tracking progress toward a
specific computationally useful computer requires knowing
what progress looks like. A roadmap describes a sequence
of increasingly capable prototype devices. Some steps in
this sequence may introduce key technologies that don’t im-
mediately increase computational power. Roadmaps enable
benchmarking to recognize such steps as progress and quan-
tify their value.

Each prototype can be associated with a list of measurable
specifications, e.g., gate error rates, latency times, crosstalk
rates, control bandwidth, etc. A roadmap is (at minimum) a
sequence of such specification lists, which trace out a path
to a useful device. Real devices are enormously complex,
with many specifications. To track progress along a roadmap
using benchmarks, a short list of key specifications needs to

be identified. Those specifications should be (i) measurable
or inferrable using benchmarks, and (ii) su�cient to prove
that the prototype achieves its goals within the context of the
roadmap.

The most relevant specifications (and thus the benchmarks
necessary to infer them) will change at di↵erent points
along a roadmap. For example, in the early stages of a
roadmap toward a fault-tolerant quantum computer with mil-
lions of qubits7–9, gate error rates on physical qubits may be
paramount and require direct benchmarking. In later stages,
after multiple fault-tolerant logical qubits have been assem-
bled, logical qubit error rates may replace them as a key
specification.

Benchmarking progress towards utility
In the context provided by a challenge problem, a resource es-
timate, and a roadmap, benchmarks can be constructed for the
purpose of measuring the specifications of a physical quantum
computer (i.e., a prototype), and identifying its position along
the roadmap (see Fig. 1b). The best benchmarks for this task
will vary with the scale of the prototype and the details of the
roadmap.

One way to measure a prototype’s performance relative
to a roadmap is to use benchmarks that isolate properties of
specific low-level components (e.g., error rates of physical
one- and two-qubit gates) and combine them using calcula-
tions or simulations to infer the values of higher-level metrics
(which can then be compared to target values) such as logical

10/16

The most promising “metric” we’ve come up with is capability — 
what set of circuits (parameterized by features) can the QC run? 



Part II

In our view, the largest open question in benchmarking is “How can our field create 
and deploy benchmarks that reliably quantify progress towards quantum utility?” 

Here’s how we (at the QPL) are stumbling toward that goal.

Bridging the gap from NISQ to FTQC benchmarks

How to benchmark tiny quantum computers with big circuits

Quantifying the impact of error mitigation



From NISQ to FTQC

This is a very oversimplified cartoon of how FTQEC will impact us.

Figure 4. Assessing quantum computer performance via capability. This figure illustrates one way to compare experimentally
benchmarked performance against resource estimates for challenge problems, using a multidimensional capability metric. Challenge
problems and benchmark tasks are represented by the width (some measure of the number of qubits) and depth (some measure of the
number of clock cycles) of a quantum circuit that performs the task. Regions indicate the circuits performable by two real-world quantum
computers—Google’s Sycamore (green) as extrapolated from results in Arute et al.2, and an ensemble of IBM Q devices (pink) benchmarked
by our group37—and one hypothetical quantum computer (blue) (we use a success threshold of 1/e). Points indicate constant-factor resource
estimates for three candidate challenge problems analyzed in the literature7–9. For these problems, width is the number of logical qubits, not
accounting for logical qubits used in distillation or routing, and depth is the total number of non-Cli↵ord operations (i.e., To↵oli and/or T
gates). These metrics are somewhat crude, but indicate the rough scale of resources required for these challenge problems. We emphasize the
wide gulf between that “utility” scale and current state of the art capabilities—logarithmic axes were required to compress both scales into
one figure. Plots like this one could enable stakeholders to track and extrapolate the growth of quantum computer capabilities over time,
toward eventual achievement of quantum utility.
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Challenges to benchmarking FTQC

Eastin-Knill Theorem  ==>  logical qubit control is very different!

Factories ==> scheduling may be very weird at utility scale!

Solovay-Kitaev ==> cost function of arbitrary unitaries is jagged.

Utility-scale algorithms may be serialized to avoid parallel T gates

Some gates may not even be possible until larger scales (e.g. lattice 
surgery).

There may be multiple phase 
transitions from NISQ to utility.
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Benchmarking tiny quantum computers with big circuits  
Subcircuit Volumetric Benchmarking
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C(w , d )
<latexit sha1_base64="WvkXjNr576aGeNkCpZYtmvjNxbE="></latexit>

C(w , d )

<latexit sha1_base64="S1OAQXncmJRZMBU7JR2FSSLj5Eg="></latexit>X
<latexit sha1_base64="opQgd34p6jGVrSRi6xT+GLBQa1s="></latexit>

Fidelity Estimation

<latexit sha1_base64="y/syVSiNOxr+ZGdC2Hb4vjpj0MU="></latexit>

Problem Selection

<latexit sha1_base64="WvkXjNr576aGeNkCpZYtmvjNxbE="></latexit>

C(w , d )
<latexit sha1_base64="5u5OVcHeF07BNRFM3BIaCh++3oA="></latexit>

F
<latexit sha1_base64="M8gQ+wcy7rio7UbGWFDSGF5zNgs="></latexit>

(
<latexit sha1_base64="E6HgS8BDLZGgoDmfmdCRomtqJ4w="></latexit>

) <latexit sha1_base64="7BrIy9A3na4+BtYqHfuTz9RV9Bk="></latexit>=

<latexit sha1_base64="S1OAQXncmJRZMBU7JR2FSSLj5Eg="></latexit>X
<latexit sha1_base64="WvkXjNr576aGeNkCpZYtmvjNxbE="></latexit>

C(w , d )

<latexit sha1_base64="5u5OVcHeF07BNRFM3BIaCh++3oA="></latexit>

F
<latexit sha1_base64="M8gQ+wcy7rio7UbGWFDSGF5zNgs="></latexit>

(
<latexit sha1_base64="E6HgS8BDLZGgoDmfmdCRomtqJ4w="></latexit>

) <latexit sha1_base64="7BrIy9A3na4+BtYqHfuTz9RV9Bk="></latexit>=

<latexit sha1_base64="S1OAQXncmJRZMBU7JR2FSSLj5Eg="></latexit>X
<latexit sha1_base64="WvkXjNr576aGeNkCpZYtmvjNxbE="></latexit>

C(w , d )

<latexit sha1_base64="tdIuFWfTIJ76J4UvvhEqqDTs1Dc="></latexit>

Simulation
<latexit sha1_base64="xMUCHih1Bc2zTOwqDg6yDPhqdA8="></latexit>

Error Correction

<latexit sha1_base64="wneZ/c2qNlom/eGcXRO2bBJftpI="></latexit>. . .

<latexit sha1_base64="ZXXZcJB01NnSXiVsVjJtUATMC+k="></latexit>

Optimization & Search

<latexit sha1_base64="/BY9TAnOnTGmjF2pr0r/PRRkIiY="></latexit>

✓
<latexit sha1_base64="q94bN8pdFtDrFxFwOzQ18o/Plic="></latexit>

✓/2

<latexit sha1_base64="kjwtsfhXqU6j78LuHLPnxxp/57A="></latexit>

|!i

<latexit sha1_base64="QpEvuqIGKSP2GeHN2LEYj7vOPCQ="></latexit>

|si

<latexit sha1_base64="oEIIRplcOwtIQYQN1dOp7B9/2U0="></latexit>

|s0i

<latexit sha1_base64="wFYy5YsTpSAeT1tlk60UOs+Wf6k="></latexit>

UsU! |si

<latexit sha1_base64="dyP/lgg8Gmr9qU2CFSsgK21zCdE="></latexit>

U! |si

<latexit sha1_base64="q94bN8pdFtDrFxFwOzQ18o/Plic="></latexit>

✓/2

<latexit sha1_base64="955t/2xe4hUccB4WapDuTIs+yms="></latexit>

~✓ <latexit sha1_base64="vCR3AfHc4FluUBZhaRz2lFGa+Qc="></latexit>

~✓0

<latexit sha1_base64="qoOAFelXugD5cvWBrDo34d3Nhjo="></latexit>

min
~✓

f(~✓) = h (~✓)|H| (~✓)i

<latexit sha1_base64="RR04I6FB4WrpWEyZog5CEC/xy7I="></latexit>

Circuit Routing
& Compilation



Technical Bits

Once you “snip out” a sub circuit… how do you actually test whether you 
ran it right???

Circuit mirroring to the rescue!
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Figure 1. Establishing trust in quantum computations by estimating circuit execution fidelity. A. A quantum algorithm for gate-based
quantum computers solves a computational problem by running one or more quantum circuits on a quantum computer, to sample from some
probability distributions Pideal. Real-world quantum computers implement circuits imperfectly, resulting in circuit outputs (bit strings) sampled
from distributions P that di↵er from Pideal, causing inaccuracy in the algorithm’s solution. Quantifying the solution inaccuracy caused by these
imperfections is di�cult, because, for example, computing Pideal is generally infeasible using even the most powerful supercomputers. B. Our
technique estimates the fidelity F(c) with which an as-built quantum computer can execute some target circuit c (green box), using motion
reversal circuits built from the five reference (sub)circuits shown here. C. The three motion reversal circuits we use to estimate fidelity, Mi(c),
selectively use randomized compilation to isolate F(c) without requiring that c is randomly compiled. These motion reversal circuits are
designed so that their mean adjusted success probabilities S (⋅) [see Eq. (8)] are approximately equal to the product of the fidelities of their
constituent subcircuits. This means that the simple function of their mean adjusted success probabilities shown in D can be used to estimate
F(c).

putations.

Quantum circuits—An n-qubit quantum circuit c is a se-
quence of d layers of logic gates l1, l2, . . . , ld, denoted by
c = ldld−1�l2l1, where a layer l consists of gates applied to
disjoint sets of the n qubits (see example in Fig. 1A). In this
work, a circuit or layer l ideally implements an n-qubit uni-
tary U(l) ∈ SU(2n

). Running a circuit c consists of apply-
ing a state preparation that ideally initializes each of n qubits
in �0�, then applying the layers of c in turn, and then apply-
ing a measurement that ideally projects onto the computa-
tional basis. Our method assumes the ability to implement
arbitrary single-qubit gates and an entangling two-qubit gate
that is Cli↵ord and self-inverse, e.g., CNOT. Note, however,
that our technique can be applied to a circuit c containing any
gates, as we only require gates of this form in reference cir-
cuits against which c is compared. We use lrev to denote the
unique layer in which each gate in l is replaced with its in-
verse, and crev = lrev,1lrev,2�lrev,d the motion reversal circuit,
so U(crev) = U†

(c) and U(crevc) = I. The circuits used in
our method will contain random layers and sub-circuits. A

circuit containing random layers or subcircuits is a circuit-
valued random variable, and is denoted using upper-case font
and referred to as a randomized circuit. The expectation value,
which is taken over all random variables within its argument,
is denoted by E{⋅}.

Quantifying quantum computation accuracy—There are
many ways to quantify how well a quantum computer can run
some n-qubit circuit c. Each run of c generates an n-bit string
sampled from some probability distribution P over {0,1}n. In
the presence of errors, this is typically di↵erent from the dis-
tribution from which c is supposed to sample (Pideal), given
by

Pideal,x(c) = �x� U(c)�0�
⊗n
, (1)

for x ∈ {0,1}n. One way to quantify how accurately a quan-
tum computer can implement c is by some measure of the dis-
tance between P and Pideal (see Fig. 1A). However, this typi-
cally requires knowing Pideal, and using a classical computer
to calculate or sample from Pideal is infeasible for most circuits
with n� 1, including all computationally useful circuits.

• T. Proctor et al, “Establishing trust in quantum computations”. arXiv preprint:2204.07568 (2022)

https://doi.org/10.48550/arXiv.2204.07568


Results
We applied this process to a quantum  
chemistry simulation algorithm with 
a 21 x 8192 (!) circuit, and ran the  
resulting benchmarks on  
ibm_sherbrooke.

Doing this on successive generations  
of device allows tracking the frontier’s  
movement toward the full algorithm.
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Delineating capability with Pareto frontiers



Incorporating error mitigation
We want to account for the use of error mitigation

We want to report a single simple metric of success for 
benchmarks

Extending capability-region benchmarks to show the 
overhead of various error mitigation techniques

1

Oliver 
Maupin

Most NISQ algorithms rely heavily on error mitigation. 
This allows algorithmic success even when circuits run with very low success probability! 

Can we extend “capability regions” to capture error-mitigated performance?
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Punchlines

Benchmarking can (should?) track progress toward utility

Challenge problems, roadmaps, and resource estimates

We need >1 number.  Can capability benchmarking suffice?

If “utility scale” means huge circuits on logical qubits… 
… then benchmarking will get very different.  Are we ready?

Measuring overhead can unify error mitigation with capability.


