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1. Introduction

Gauge theories are at the heart of our understanding of modern high-energy physics, with
the Standard Model of particle physics being arguably the most prominent example. Discretizing
gauge theories on a spacetime lattice allows for powerful numerical simulations based on Markov
chain Monte Carlo (MCMC) methods. However, despite the great success of MCMC methods, they
cease to work in certain parameter regimes due to the infamous sign problem, in particular in the
presence of \-terms, baryon chemical potentials, or out-of-equilibrium dynamics. Various methods
have been proposed to alleviate or circumvent this problem, including complex Langevin (see, e.g.,
Ref. [1]), contour deformations using Lefschitz thimbles (see, e.g., Ref. [2]), as well as approaches
based on machine learning (see, e.g., Ref. [3]), tensor networks (TN) (see, e.g., Refs. [4, 5]), and
quantum computing (see, e.g., Refs. [6, 7]). Moreover, MCMC methods suffer from critical slowing
down, i.e., rapidly growing autocorrelation times when the lattice spacing is decreased, which could
be overcome with Hamiltonian-based approaches such as TN or quantum computing.

In these proceedings, we review the current status and future prospects of applying quantum
computing to lattice field theory. First quantum computations of gauge theories in (1+1) dimensions
have already been performed, which demonstrate some of the characteristic features of the Standard
Model (see, e.g., Refs. [8–22]). Moreover, several resource-efficient formulations of (1+1)- and
(2+1)-dimensional gauge theories for quantum computations have already been developed (see, e.g.,
Refs. [23–29]). However, the ambitious goal of quantum computing (3+1)-dimensional phenomena
within and beyond the Standard Model is still rather far away, given the currently available Noisy
Intermediate-Scale Quantum (NISQ) hardware [30]. To achieve this goal, many incremental steps
have to be taken, in particular for improving quantum hardware, quantum algorithms, and quantum
error correction. Furthermore, validating quantum computations is essential for getting reliable
results, especially in parameter regimes that are inaccessible with MCMC methods. This validation
can be performed using classical Hamiltonian methods, in particular TN-based approaches [31],
for cross-checking the results of quantum computations in the slightly entangled regimes.

These proceedings are organized as follows. In Sec. 2, we review the computational challenges
of MCMC algorithms, comment on classical approaches to address these problems, and discuss
why classical computing may (not) be enough. In Sec. 3, we provide an example for outperforming
specific classical computations with analog quantum simulators. In Sec. 4, we briefly review the
basics of digital quantum computing, introducing the concepts of qubits, quantum circuits, quantum
errors, as well as quantum error mitigation and correction. In Sec. 5, we review recent advances
in developing quantum algorithms for lattice field theory. We discuss hybrid quantum-classical
algorithms, quantum circuit design, and methods to implement fermions and gauge fields. We
also show a few examples of lattice field theories that have already been simulated on quantum
computers. We provide conclusions, discussions, and an outlook in Sec. 6.

2. Why quantum computing for lattice field theory?

2.1 Computational challenges of MCMC algorithms

Classical MCMC simulations usually rely on a Euclidean space-time formulation of lattice field
theories and, thus, cannot access real-time dynamics. Therefore, phenomena like the Schwinger
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effect leading to electron-positron production in strong electric fields or the out-of-equilibrium
dynamics following heavy-ion and proton-collisions at the Relativistic Heavy Ion Collider (RHIC)
and the Large Hadron Collider (LHC) cannot be accessed with the method. Moreover, the MCMC
approach fails at studying strongly-coupled matter at high density. Thus, this approach cannot
provide precise numerical results for the QCD equation of state, which is crucial for understanding
future experimental data from gravitational-wave observations coming from neutron star collisions,
e.g., as observed at the Laser Interferometer Gravitational-Wave Observatory (LIGO).

The origin of these classical computational challenges is the infamous sign problem (see, e.g.,
Ref. [32]), which is the problem of numerically evaluating the integral of a highly oscillatory
function of a large number of variables. Numerical MCMC methods fail here because of the near-
cancellation of the positive and negative contributions to the integral, i.e., both have to be integrated
to high precision in order for their difference to be obtained with useful accuracy. The number
of Monte Carlo sampling points needed to obtain an accurate result rises exponentially with the
volume of the system.

Furthermore, MCMC methods are inherently afflicted with autocorrelation times. These
autocorelation times grow rapidly when the lattice spacing is decreased, which is a problem called
“critical slowing down”. In some cases, the autocorrelation times can even grow exponentially, see
Ref. [33], which makes it hard to investigate the continuum limit.

2.2 Do we really need quantum computing?

Once we encounter exponentially hard problems of classical algorithms, the first question we
may ask is whether quantum algorithms could be used to solve these problems efficiently. This is
given for the problem of critical slowing down (see, e.g., Ref. [7]) and also for the sign problem of
MCMC methods (see, e.g., Ref [6]). However, the second question we should ask is: Do we really
need quantum computing to circumvent these problems, or are there also classical approaches?

Indeed, there are several classical approaches to reduce or circumvent the obstacles of MCMC
methods, in particular the problem of critical slowing down and the sign problem (see, e.g., Refs. [1–
3, 34–37]). For example, approaches for overcoming the problem of critical slowing down have
been proposed based on machine learning (see, e.g., Refs. [3, 36]). Regarding the sign problem,
complex Langevin (see, e.g., Ref. [1]), contour deformations using Lefschitz thimbles (see, e.g.,
Ref. [2]), methods based on machine learning (see, e.g., Ref. [3]), and further approaches have
been shown to alleviate the sign problem. One of the most promising techniques to completely
circumvent the sign problem is the Hamiltonian formulation, which can be efficiently addressed
with classical approaches based on TN. This numerical method was originally developed in the
context of condensed-matter physics, but has found numerous applications in other fields, including
lattice field theory [4] and even quantum gravity (see, e.g., Refs. [38–40]).

The TN approach can be used to validate quantum computations in moderately entangled
regimes. Therefore, we will review this approach in the following. For details on other methods
tackling computational challenges of MCMC simulations, we refer the reader to, e.g., Refs. [1–3].

2.2.1 Classical methods: example of tensor networks

TN states are a specific representation for quantum many-body states, based on the entanglement
structure of the state. To illustrate the method, let us consider a generic quantum state |𝜓〉 for 𝑁
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interacting quantum systems. The wave function of the system can be expressed as the sum over all
the basis states,

|𝜓〉 =
𝑑∑︁

𝑖1,...𝑖𝑁=1
𝐶𝑖1...𝑖𝑁 |𝑖1〉 ⊗ |𝑖2〉 ⊗ · · · ⊗ |𝑖𝑁 〉, (1)

where the states |𝑖𝑘〉 form a basis for the 𝑑-dimensional Hilbert space of the quantum system at
site 𝑘 . The tensor 𝐶𝑖1...𝑖𝑁 that multiplies the many-body basis states has an exponentially large
number of complex entries (𝑑𝑁 ) and, thus, cannot be stored efficiently on a classical computer. The
basic idea of TN is to decompose the 𝐶𝑖1...𝑖𝑁 into a network of smaller tensors. A simple example
for a family of one-dimensional TN states are Matrix Product States (MPS), which parametrize the
coefficients of the wave function as a product of matrices,

|𝜓〉 =
𝑑∑︁

𝑖1,𝑖2,...,𝑖𝑁

tr
(
𝐴
𝑖1
1 𝐴

𝑖2
2 · · · 𝐴𝑖𝑁

𝑁

)
|𝑖1〉 ⊗ |𝑖2〉 ⊗ · · · ⊗ |𝑖𝑁 〉. (2)

In the expression above, 𝐴𝑖𝑘
𝑘

are complex matrices of size 𝐷 × 𝐷 and tr denotes the trace. The
parameter 𝐷 is called the bond dimension of the MPS and limits the amount of entanglement that
can be present in the ansatz1 [31, 41, 42]. In particular, for the example of the MPS ansatz, one has
to store 𝑁𝑑𝐷2 complex numbers. Thus, provided that 𝐷 does not grow exponentially with 𝑁 , the
representation in terms of a TN is efficient, and it allows for overcoming the exponential scaling in
the system size. Results from quantum information theory show that for many physically relevant
situations, 𝐷 does indeed only show a polynomial dependence on 𝑁 [43–45]. The MPS ansatz can
be immediately generalized to higher dimensions [46], and there exist more general TN ansätze for
one and higher dimensions [47–50].

Besides being a powerful theoretical tool, the TN formalism allows for an efficient computation
of ground states and low-lying excitations. Given a (local) Hamiltonian 𝐻, one can find a TN
approximation for the ground state through variationally minimizing the energy 𝐸 = 〈𝜓 |𝐻 |𝜓〉 by
iteratively updating the tensors [31, 41, 42]. Subsequently, one can obtain excitations by considering
a Hamiltonian projected onto the subspace orthogonal to the ground state. The ground state is an
eigenstate with vanishing eigenvalue of the projected Hamiltonian, and the first excited state is
an eigenstate with energy 𝐸1. Given that 𝐸1 < 0, which one can always achieve by adding an
appropriate constant to 𝐻, the first excitation corresponds then to the ground state of the projected
Hamiltonian, which can be obtained by using the variational algorithm presented above [51].
Moreover, the TN formalism allows to compute the evolution of a quantum system in time, as long
as the entanglement in the state during the evolution stays moderate [31, 41, 42]. In both cases, one
can obtain the expectation values of (local) observables 𝑂 by directly computing 〈𝜓 |𝑂 |𝜓〉. Thus,
no MCMC sampling is required, and the TN approach is free from the sign problem. This has been
successfully demonstrated for various models, as we will discuss in the next subsection.

2.2.2 Applying tensor-network methods to lattice field theory

Investigations of lattice field theories with TN methods have progressed substantially in recent
years. For example, the MPS approach has been used to explore quantum link models, Z𝑛-QED

1Considering the bipartion of the system into two contiguous subsystems, one can show that the von Neumann entropy
for the reduced density operator describing a subsystem is upper bounded by 2 log(𝐷) [31].
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(a) TN results for (1+1)-dim. Schwinger model [59]. (b) TN results for (3+1)-dim. Lattice QED [65].

Figure 1: (a) Ground-state energy density of the Schwinger model as a function of the \-parameter, for the
bare mass 𝑚/𝑔 = 0.07 (filled markers) and for 𝑚/𝑔 = −0.07 and \ → \ + 𝜋 (open markers). The orange
triangles (green squares) correspond to finite-lattice data with 𝑥 = 80 (𝑥 = 160), where 𝑥 ≡ 1/(𝑎𝑔)2, 𝑎 is the
lattice spacing, and 𝑔 is the coupling. The red dots represent the results after extrapolating the finite-lattice
data to the continuum. Inset: Absolute value of the deviations between the lattice and continuum data, which
demonstrates the lattice distortion of the anomaly equation. Figure and caption adapted from Ref. [59]. (b)
Surface charge density 𝜎𝑙 of (3+1)-dimensional Lattice QED on a cube whose faces are at distance 𝑙 from
the boundaries of the lattice with linear size 𝐿 = 8, for different values of the fermion mass 𝑚. The system
is in the global symmetry sector with 𝑄 = 128 positive charges (finite density 𝜌 = 1/4). Figure reprinted
with permission from Ref. [65], https://doi.org/10.1038/s41467-021-23646-3, under the
Creative Commons Attribution 4.0 International License.

models, and non-Abelian gauge models. Moreover, the spectrum of the Schwinger model has
been computed using MPS, and the model has been studied at non-zero chemical potential, non-
zero \-term, non-zero temperature, and for real-time problems. Going beyond MPS, also TN
renormalization techniques [52–54] have been used to investigate various gauge theories in (1+1)
dimensions, as well as the CP(1) model with a \-term. See Refs. [4, 5] for reviews and Refs. [55–65]
for more recent studies not included in Refs. [4, 5]. In particular, recently there have been first
TN studies of (2+1)-dimensional gauge theories [63, 64] and the first TN study of Lattice QED in
(3+1)-dimensions at finite density [65].

In Fig. 1, we show two examples of applying TN methods to overcoming the sign problem,
which arises due to a \-term [Fig. 1(a)] or due to finite density [Fig. 1(b)]. Figure 1(a) shows
results obtained in Ref. [59], where the topological vacuum structure of the Schwinger model with
a \-term was studied. The Schwinger model shares many similarities with (3+1)-dimensional QCD
and thus serves as benchmark model for testing new numerical techniques aimed at Lattice QCD
applications. Using MPS, Ref. [59] simulated parameter regimes of the Schwinger model for which
both perturbation theory and MCMC methods break down. In particular, Ref. [59] quantified the
lattice distortion of the quantum anomaly equation that maps negative to positive fermion masses,
𝑚 → −𝑚, by shifting the \-parameter, \ → \ + 𝜋, see Fig. 1(a).

Figure 1(b) shows results obtained in Ref. [65], where (3+1)-dimensional Lattice QED was
simulated at finite charge density. Using tree TN, Ref. [65] computed the surface charge density
𝜎𝑙 = 1

𝐴(𝑙)
∑

x∈𝐴(𝑙) 〈�̂�†
x�̂�x〉, where x ≡ (𝑖, 𝑗 , 𝑘) for 0 ≤ 𝑖, 𝑗 , 𝑘 ≤ 𝐿 − 1 labels the sites of the

lattice, 𝐿 is the lattice size, �̂�x is the staggered spinless fermion field, and 𝐴(𝑙) contains only sites
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sitting at a particular lattice distance 𝑙 from the closest boundary. These first (3+1)-dimensional
TN calculations are a milestone for classically tackling the sign problem, but many algorithmic
advances are still required to apply TN methods to (3+1)-dimensional Lattice QCD.

2.3 Why is(n’t) classical computing enough?

Although alternative classical methods are able to overcome or alleviate some of the limitations
of the conventional MCMC approach, so far it has not been possible to fully access the regimes that
cannot be addressed with MCMC simulations. Quantum computers offer the prospect to overcome
these restrictions. In the following, we discuss these limitations focusing on the TN approach.

As outlined above, the success of the TN approach crucially relies on the fact that most
physically relevant states only carry little entanglement and, thus, can be described with moderate
tensor size. In particular, this encompasses the ground states of Hamiltonians with local interactions
of finite strength and a nonvanishing energy gap in the thermodynamic limit, which are believed
to be efficiently described by TN states2. However, there exist certain situations where the amount
of entanglement can be prohibitively large, preventing an efficient TN description. A prominent
example are out-of-equilibrium dynamics following a global quench, during which the entanglement
in the system can grow linearly in time [66, 67]. This would require the tensor size to grow
exponentially to maintain a faithful representation of the wave function of the system. In these
situations, TN simulations only allow for accessing short time scales before the exponential growth
of the tensor size renders the computation infeasible.

Moreover, even in situations where an efficient TN description is possible, the computational
cost of TN algorithms, despite being polynomial in the tensor size, might prevent calculations in
practice. For the MPS introduced above, the leading-order computational cost of the variational
ground-state search and the simulation of time evolution scales as O(𝐷3) [31, 41, 42]. For its
two-dimensional generalization, the projected entangled pair states (PEPS) [46], the algorithms for
variational ground-state optimization can scale up to O(𝐷10) [68]. While this is still polynomial
in the bond dimension, this significantly limits the values of the bond dimensions that can be
reached in practical calculations. Although there have been recent developments in designing TN
ansätze suited to tackle (2+1)- and (3+1)-dimensional lattice gauge models with first successful
computations [63–65], extending the success of TN computations to higher dimensions is not an
immediate task. Quantum computing and quantum simulation might offer an alternative route to
overcome these limitations, as we discuss in the following section.

3. Outperforming tensor-network methods with analog quantum simulators

Already in 2012, Ref. [69] demonstrated that analog quantum simulations can outperform
classical simulations for the case of real-time evolution, in particular, for simulating the relaxation
towards equilibrium in an isolated strongly correlated (1+1)-dimensional Bose gas: “the controlled
[quantum] dynamics runs for longer times than present classical algorithms can keep track of” [69].
Even though this quote essentially translates to the nowadays popular term of “quantum advantage”,

2In fact, this can be proven for systems in (1+1) dimensions, see Ref. [45]. For higher dimensions, it is conjectured
that ground states of local gapped Hamiltonians are efficiently described by TN states.
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Figure 2: Quantum advantage of quantum simulation over classical simulation, illustrated by errors in
single-particle correlations arising for quench dynamics of a (1+1)-dimensional Bose-Hubbard model, see
Eq. (3), for 𝑈/𝐽 = 1 and 20 sites. The blue line is a single-site time-dependent variational principle time
evolution using MPS with bond dimension 𝐷 = 64, as a demonstration of typical truncation errors from
these classical methods relative to exact calculations, which are necessary for longer times and system sizes.
The red line is an analog simulation with calibration errors of 1%. The yellow line is the digital simulation
with a second-order Trotter decomposition with a time step 𝐽𝛿𝑡 = ℏ/8. Figure reprinted from Ref. [70],
https://doi.org/10.1038/s41586-022-04940-6, with permission from Springer Nature.

this term has not been used back in 2012; only ten years later, Ref. [70] argued that a “practical
quantum advantage” has already been achieved using analog quantum simulators. The reason for
the failure of the classical simulation methods, such as the MPS-based methods used in Ref. [69], is
that these classical methods suffer from an extensive increase in entanglement entropy, as outlined
in the previous section. This limits the relaxation times accessible in the classical calculations, as
shown in Fig. 2.

In Ref. [69], the quantum theory is a (1+1)-dimensional chain of lattice sites coupled by a
tunnel coupling 𝐽 and filled with repulsively interacting bosonic particles. In the tight-binding
approximation, the Hamiltonian takes the form of a (1+1)-dimensional Bose-Hubbard model,

𝐻BH(1+1)D =
∑︁
𝑗

[
−𝐽

(
�̂�
†
𝑗
�̂�
𝑗+1 + h.c.

)
+ 𝑈

2
�̂� 𝑗 (�̂� 𝑗 − 1) + 𝐾

2
�̂� 𝑗 𝑗

2
]
, (3)

where �̂� 𝑗 annihilates a particle on site 𝑗 , �̂� 𝑗 = �̂�
†
𝑗
�̂�
𝑗

corresponds to the number of atoms on site
𝑗 , and 𝑈 is the on-site interaction energy. The parameter 𝐾 = 𝑚𝜔2𝑑2 (𝑚 is the particle mass, 𝑑
the lattice spacing) describes an external harmonic trap with trapping frequency 𝜔 ' 2𝜋 × 61 Hz.
Details of the analog quantum simulation of the model in Eq. (3) are shown in Fig. 3.

Here, we note that the “practical quantum advantage” has only been demonstrated with analog
quantum simulators (see Ref. [70] and references therein), not with digital quantum computers. In
the following, we would like to briefly comment on the differences between these two different types
of quantum technology. With an analog quantum simulator, one uses a controllable quantum system
to emulate the behavior of another quantum system while exploiting quantum effects. Thus, analog
quantum simulators perform continuous time evolution and usually are non-universal. In contrast,
digital quantum computers are universal and realize unitary operations via a set of universal logical
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Figure 3: Analog quantum simulation of the (1+1)-dimensional Bose-Hubbard model, see Eq. (3). (a) Con-
cept of the experiment: after having prepared the density wave |𝜓(𝑡 = 0)〉 (i), the lattice depth was
rapidly reduced to enable tunneling (ii). Finally, the properties of the evolved state were read out after
all tunneling was suppressed again (iii). (b) Even-odd resolved detection: particles on sites with odd
index were brought to a higher Bloch band. A subsequent band-mapping sequence was used to reveal
the odd- and even-site populations. (c) Integrated band-mapping profiles versus relaxation time 𝑡 for
ℎ/(4𝐽) ' 0.9 ms, 𝑈/𝐽 = 5.16(7) and 𝐾/𝐽 ' 9 × 10−3. (d) Odd-site density extracted from the raw
data shown in c. The shaded area marks the envelope for free bosons (light grey) and including inhomo-
geneities of the Hubbard parameters in the experimental system (dark grey). Figure reprinted from Ref. [69],
https://doi.org/10.1038/s41586-022-04940-6, with permission from Springer Nature.

quantum gates acting onto qubits. Thus, the time evolution has to be decomposed in discrete steps.
The universality of digital quantum computers implies that they will eventually be more relevant
for the ambitious goal to quantum compute higher-dimensional lattice gauge theories, in particular
(3+1)-dimensional Lattice QCD. Thus, in the remaining part of these proceedings, we will only
focus on the latter type of quantum technology, namely the digital quantum computers.

4. Basics of digital quantum computing

Quantum computers offer the prospect to outperform classical computers in a variety of
tasks ranging from cryptography to machine learning to combinatorial optimization problems.
In particular, the potential to efficiently simulate quantum many-body systems makes quantum
computers a promising tool for solving quantum many-body problems in physics, chemistry, and
beyond, such as the sign problem. In the following, we will review the essential features of digital
gate-based quantum computing, which are quantum bits, quantum circuits, and quantum errors.
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4.1 Quantum bits

In classical computing, information is stored and processed as bits which can take definite
binary values, 0 or 1. In analogy, quantum bits (qubits) are quantum systems described by a two-
dimensional Hilbert space with the basis states {|0〉, |1〉}. The laws of quantum mechanics allow for
creating superpositions of the two basis states, and a general single-qubit state |𝜓〉 can be described
by the linear combination

|𝜓〉 = 𝛼 |0〉 + 𝛽 |1〉, |0〉 =
(
1
0

)
, |1〉 =

(
0
1

)
, (4)

where 𝛼 and 𝛽 are complex numbers constrained by |𝛼 |2 + |𝛽 |2 = 1 for the state to be normalized.
When applying a projective measurement to the qubit in the computational basis, the probability of
outcome |0〉 is |𝛼 |2 and the probability of outcome |1〉 is |𝛽 |2. In particular, the possibility to create
superpositions allows for having 𝑁 qubits in a superposition state of all 2𝑁 possible basis states
and, thus, to encode an exponentially large Hilbert space efficiently.

How many qubits do current quantum computers have? We have recently entered the Noisy
Intermediate-Scale Quantum (NISQ) [30] era, defined as the era of O(10 − 100) noisy qubits of
digital quantum computers. For the example of IBM-Q quantum devices, the number of qubits
has roughly doubled every year, from 27 in 2019 to 433 in 2022, and this journey is planned to be
continued with 1121 qubits in 2023 and 4158 qubits in 2025 (see, e.g., Ref. [71]). For the example
of Google quantum devices, the aim is to build a “useful, error-corrected quantum computer” [72]
by the end of the decade, which should contain 1,000 fault-tolerant logical qubits (see Sec. 4.3.2
for details on error correction), corresponding to 1,000,000 physical qubits.

4.2 Quantum computations

The prevailing model of quantum computation describes the computation in terms of a quantum
circuit, which consist of three stages: (i) Initialization of all 𝑁 qubits in the |0〉 state (denoted by
|0〉⊗𝑁 ). (ii) Quantum gates, which represent unitary transformations. (iii) Measurements in the
computational basis, on some or all of the qubits.

Quantum computations can be conveniently visualized with a quantum circuit diagram, in
which time flows from left to right. Each single line represents a quantum wire, and each double-
line represents a classical bit. The items on the quantum wires indicate operations performed on the
qubits, such as gate operations or measurements. For example, let us consider a three-qubit circuit

|0〉 𝑅𝑥 (\0) 𝐻 •

|0〉 𝑅𝑦 (\1) •

|0〉

(5)

with parametric rotation gates 𝑅𝑥 (\0) = exp(−𝑖 \0
2 𝜎𝑥) and 𝑅𝑦 (\1) = exp(−𝑖 \1

2 𝜎𝑦), a Hadamard
gate 𝐻, and two CNOT gates for creating entanglement. The second stage of this circuit is given
by the unitary operation

(CNOT ⊗ 12) × (𝐻 ⊗ CNOT) × (𝑅𝑥 (\0) ⊗ 𝑅𝑦 (\1) ⊗ 12), (6)
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because the composition across wires is achieved by a tensor product, and the composition along
wires is achieved by a matrix product. The third stage is a projective measurement in the 𝜎𝑧-basis
{|0〉, |1〉} yielding classical bits. All these three stages of the quantum computation are affected by
quantum noise, as we discuss in the following section.

4.3 Quantum errors

4.3.1 Which types of errors occur on quantum computers?

Current intermediate-scale quantum devices suffer from a considerable level of noise, including
gate errors, measurement errors, and thermal relaxation errors. For example, there can be bit-flip
measurement errors in the last stage of the quantum computation (see Sec. 4.2). Due to these
bit flips, one erroneously reads out a measurement outcome as 0 given it was actually 1, or vice
versa. Another example is thermal relaxation errors affecting the qubits. In general, errors can be
represented by quantum channels and turn an originally pure state, described by the density operator
|𝜓〉〈𝜓 |, into a genuinely mixed state described by a density operator 𝜌. The evolution of a quantum
state 𝜌 affected by thermal relaxation errors for some time 𝑡 can, e.g., be expressed as

𝜌 → 𝜌′ =
2∑︁

𝑘=1
𝐸𝑘𝜌𝐸

†
𝑘
, 𝐸1 =

[
1 0
0

√
1 − _

]
, 𝐸2 =

[
0

√
_

0 0

]
, (7)

where _ = 1 − exp(−𝑡/𝑇1). Thus, given a state prepared in |1〉, the probability that the state is
correctly measured in |1〉 and has not decayed into the state |0〉 is given by 𝑝(𝑡) = exp(−𝑡/𝑇1),
where 𝑇1 ∼ 100`s for current superconducting quantum devices. Although this limits the depth
of the circuits that can be executed faithfully, Noisy Intermediate-Scale Quantum (NISQ) devices
are already able to exceed the capabilities of classical computes in specific cases. Error mitigation
and especially error correction remain one of the major challenges of quantum computing, whose
successful implementation is crucial for achieving quantum advantage for large-scale problems
relevant in physics and chemistry.

4.3.2 Error correction versus error mitigation

Quantum computers can in principle be made fault-tolerant, according to the threshold theorem
for quantum computing (called the “quantum threshold theorem”) [73–76], which is analogous to
the threshold theorem for classical computing by von Neumann [77]. Fault-tolerance means that
quantum error correction techniques can suppress the logical error rate on quantum computers to
arbitrarily small levels, given that the quantum computer has a physical error rate below a certain
threshold. There are many error correction schemes on the market, such as the bit-flip code [78], the
Shor code [79], the surface code [74], and the GKP code [80]. In general, realizing fault-tolerant
quantum computation requires two ingredients: (i) quantum errors below a certain threshold and
(ii) additional (“physical”) qubits to realize the quantum error correction scheme and successfully
encode the information of a fault-tolerant (“logical”) qubit. For example, if a quantum computer
has a depolarizing error probability below the threshold of 0.1%, the surface code would require
more than 1000 physical qubits per logical qubit [81].

Given the current qubit numbers of O(10 − 100) and quantum error rates of up to O(1%) for
gate errors and up to O(10%) for measurement errors [82], fault-tolerant quantum computation
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is still far away. Thus, as a near-term solution for NISQ devices, one needs to employ quantum
error mitigation instead of quantum error correction. The general concept behind quantum error
mitigation is to use a low-overhead method to alleviate the effects of quantum noise and thereby
obtain more reliable estimates, e.g., for expectation values of observables. For instance, this can be
done by altering the quantum circuit executed on the quantum device, by post-processing the data
collected from the device, by measuring modified operators, or by using combinations thereof. A
few examples of error mitigation techniques are zero-noise extrapolation, randomized compiling,
quasi-probability decomposition, and operator rescaling methods (see, e.g., Refs. [82–93]).

4.3.3 Example of error mitigation: zero-noise extrapolation for lattice theory application

Let us briefly discuss one example of error mitigation, i.e., zero-noise extrapolation [85],
including its application to quantum computing a lattice field theory. The basic idea behind zero-
noise extrapolation is that one cannot easily reduce the noise of a quantum circuit, but one can easily
add noise to a quantum circuit. For example, one might add a pair of CNOT gates behind every
CNOT gate in a quantum circuit. In the perfect, noise-free case, this should not alter the quantum
computation due to (CNOT)2 = 1. However, for noisy CNOT gates we have (CNOT)2 ≠ 1, and
adding an increasingly large number of CNOT pairs will result in an increasingly large error of the
quantum computation. Thus, we may introduce a noise parameter 𝑟 , where 𝑟 − 1 is the number of
additional CNOT gates inserted at each location of a CNOT gate in the original quantum circuit.
Performing the quantum computation at different values of 𝑟 and subsequently extrapolating to
𝑟 → 0 therefore offers a way to reduce the systematic bias due to CNOT gate noise. Figure 4
shows an example of how this method can be applied to lattice field theory, in particular a hybrid
quantum-classical computation of Schwinger model dynamics [16]. The algorithm behind this
hybrid quantum-classical computation will be explained in the following, see Sec. 5.1.1.

Figure 4: Zero-noise extrapolation for hybrid quantum-classical computation of Schwinger model dynamics.
Ground-state energy 〈𝐻〉 and chiral condensate 〈�̄�𝜓〉 (purple and blue, respectively) as a function of the
noise parameter 𝑟. The points at 𝑟 = 0 (black) have been quadratically extrapolated. The horizontal dashed
lines indicate the exact values. Figure reprinted with permission from Ref. [16], https://doi.org/
10.1103/PhysRevA.98.032331, copyright (2018) by the Americal Physical Society.
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5. Quantum algorithms for lattice field theory

5.1 Hybrid quantum-classical algorithms

5.1.1 Variational quantum eigensolver for computing ground states

In the context of quantum many-body systems, a promising approach for exploiting NISQ de-
vices is the use of hybrid quantum-classical algorithms, such as the variational quantum eigensolver
(VQE) [94, 95]. This algorithm makes use of a feedback loop between a classical computer and a
quantum coprocessor, where the latter is used to efficiently evaluate the cost function

𝐶 ( ®\) = 〈𝜓( ®\) |𝐻 |𝜓( ®\)〉 (8)

for a given set of variational parameters ®\. Here, the quantum state |𝜓( ®\)〉 is realized by a parametric
quantum circuit, such as the exemplary circuit in Eq. (5), where the variational parameters are the
rotational angles \1 and \2. Provided that the ansatz for |𝜓( ®\)〉 is expressive enough, the minimum
for 𝐶 ( ®\) is obtained for the ground state of the problem Hamiltonian 𝐻. In the quantum-classical
feedback loop, the parameters ®\ are optimized on a classical computer based on the measurement
outcome obtained from the quantum coprocessor.

5.1.2 Variational quantum deflation for computing excited states

Using an extension of the VQE algorithm described in Sec. 5.1.1, which is called the variational
quantum deflation (VQD) algorithm [96, 97], one can compute the mass gaps of a lattice field theory.
The goal is to estimate the energy of the 𝑘-th excited state 𝐸𝑘 by penalizing the solutions of the
lowest excited states. This can be done through minimizing the cost function

𝐶 ( ®\𝑘) = 〈𝜓( ®\𝑘) |𝐻 |𝜓( ®\𝑘)〉 +
𝑘−1∑︁
𝑖=0

𝛽𝑖 |〈𝜓( ®\𝑘) |𝜓( ®\∗𝑖 )〉|
2
, (9)

where ®\∗
𝑖

are the optimal parameters for the 𝑖-th excited state and 𝛽𝑖 are real-valued coefficients,
which must be larger than the mass gaps 𝐸𝑘 −𝐸𝑖 . Thus, one minimizes the variational energy 𝐸 ( ®\𝑘)
[the first term in Eq. (9)] with the constraint [the second term in Eq. (9)] that the state |𝜓( ®\𝑘)〉 must
be orthogonal to the previous 𝑘 states. In order to compute the mass gap, for example, between the
ground state 𝐸0 and first excited state 𝐸1, one follows three steps:

• Perform the VQE and obtain optimal parameters and an approximate ground state |𝜓(\∗0)〉,

• For the energy𝐸1 of the first excited state, define the Hamiltonian: 𝐻1 = 𝐻+𝛽1 |𝜓(\∗0)〉〈𝜓(\
∗
0) |.

• Perform the VQE with the Hamiltonian 𝐻1 to find an approximate first excited state |𝜓(\∗1)〉.

It has been experimentally demonstrated (see, e.g., Refs. [6, 98, 99] for reviews) that VQE
and VQD allow for finding both the ground state and low-lying excitations of low-dimensional
benchmark models relevant for particle physics, condensed matter physics, as well as quantum
chemistry. To reach applicability in higher dimensions and for larger system sizes, the development
of resource-efficient quantum algorithms is crucial. This research area, including the implemen-
tation of (gauge) symmetries, has overlap with classical algorithm development, e.g., in TN and
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machine learning. In particular, the VQE and VQD algorithms are similar to variational TN algo-
rithms (see Sec. 2.2.1), now realizing the quantum state |𝜓( ®\)〉 by a quantum circuit [see Eq. (5)]
instead of a tensor network [see Eq. (2)], thus replacing the tensor parameters with gate parameters.

5.2 How to design optimal quantum circuits for hybrid quantum-classical algorithms?

Parametric quantum circuits (see Fig. 6 for an example) are at the heart of variational quantum
algorithms (see Sec. 5.1.1). For efficient quantum computation, it is essential to design optimal
quantum circuits for obtaining the low-lying energy spectrum of a given problem Hamiltonian. On
the one hand, the quantum circuit should contain sufficiently many parametric quantum gates to
express the desired solution. On the other hand, the number of quantum gates should be minimal,
in order to reduce the noise (see Sec. 4.3) in the quantum computation.

There have been many attempts to efficiently design quantum circuits, in particular for lattice
field theory applications with physical symmetries (see, e.g., Refs. [8, 9, 13–17, 19, 21, 100–
103]). One example for a generic method to design minimal and maximally expressive quantum
circuits was provided in Refs. [102, 103], which was called a dimensional expressivity analysis.
This analysis offers a practical, systematic way to optimize a given quantum circuit by removing
redundant parameters, incorporating physical symmetries, removing unwanted symmetries, and
testing whether the quantum circuit is sufficiently expressive.

In the following, we briefly describe the key concept of the dimensional expressivity analysis.
A quantum circuit 𝐶 ( ®\) contains unitary gates that depend on parameters \ and, thus, can be
understood as a map from a parameter space into the quantum device state space. Thus, one
can define two manifolds: (i) a manifold 𝑀 of states |𝐶 ( ®\)〉 that the quantum circuit can reach
and (ii) a manifold 𝑆 of all physical states of the quantum device. In order to obtain a minimal
and maximally expressive circuit, the circuit has to only generate physical states (𝑀 ⊆ 𝑆), the

Figure 5: Illustration of the tangent space (illustrated in yellow) of the manifold 𝑀 (illustrated in grey) of
states |𝐶 ( ®\)〉 that a given parametric quantum circuit can reach, in the point ®\ (red dot), spanned by the
tangent vector |𝜕 𝑗𝐶 ( ®\)〉 (blue arrow). Figure and caption adapted from Ref. [105].

Figure 6: QISKIT’s EfficientSU2 2-local circuit with 2 layers. The coloured gates are the gates that can
be removed after applying the dimensional expressivity analysis. Figure and caption adapted from Ref. [102].
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number of parameters has to be equal to dim(𝑆), and the co-dimension of 𝑀 , which is defined
as codim(𝑀) = dim(𝑆) − dim(𝑀), has to vanish. Using a hybrid quantum-classical algorithm
(see Ref. [102] for details), the co-dimension can be computed by determining the tangent vectors
|𝜕 𝑗𝐶 ( ®\)〉 for a given parameter \ 𝑗 and by testing their linear independence (see Fig. 5 for an
illustration). Using an iterative procedure, one can identify the redundant parameters \𝑘 , for which
|𝜕𝑘𝐶 ( ®\)〉 is a linear combination of |𝜕 𝑗𝐶 ( ®\)〉 with 𝑗 ≠ 𝑘 , and remove them by setting them to a
constant value. This procedure results in a minimal quantum circuit, which is maximally expressive
if the number of remaining parameters is equal to dim(𝑆). As an example, Ref. [102] applied the
dimensional expressivity analysis to the commonly used EfficientSU2 2-local quantum circuit
of Qiskit [104], shown exemplarily for 3 qubits in Fig. 6. In this quantum circuit, the coloured
unitary gates turn out to be redundant and thus can be removed from the circuit.

5.3 How to deal with gauge fields and fermions?

The Hamiltonian lattice formulation of the field theories relevant for the Standard Model
comprise two major ingredients: fermionic matter and bosonic (gauge) fields. For implementing
the fermionic degrees of freedom, most simulations so far have used a Jordan-Wigner transformation
to translate them to qubits. While the Jordan-Wigner mapping associates each fermionic degree of
freedom to a single qubit, it transforms originally local terms to long-range interactions in form of
Pauli strings for models in (2+1) dimensions and beyond [8, 18, 21, 22, 106]. More local encodings
avoiding the long-range Pauli strings are known [107–109], and there are recent efforts to develop
new locality-preserving mappings that are suitable for quantum computing [110–112]. However,
these come in general at the expense of requiring more qubits than a Jordan-Wigner approach.

In order to deal with the gauge fields, a variety of methods are available. Early works on
digital quantum computing mainly focused on gauge models in (1+1) dimensions on lattices with
open boundaries [18, 113], for which the gauge degrees of freedom can be completely integrated
out [114]. This allows for obtaining a formulation directly on the gauge-invariant subspace of the
theory. In higher dimensions, the gauge fields can no longer fully eliminated, and the infinite Hilbert
spaces associated with the gauge fields have to be truncated to a finite dimension. Several approaches
for such a truncation have been proposed in the literature. Using the basis in which the electric field
energy is diagonal, the model can be truncated in the irreducible representations of the gauge group,
while preserving the gauge symmetry [115]. However, when using this approach, one is typically
restricted to regimes where the (color) electric field is small, and one cannot explore the weak-
coupling regime. Alternatively, one can work in the magnetic basis, which renders the magnetic
term of the Hamiltonian diagonal, and truncate this basis at a finite number of elements [26, 29].
Similar to the truncation in the irreducible representations, this approach works best in regimes
where one is close to an eigenstate of the magnetic part of the Hamiltonian and fails at strong
coupling. Another approach that has been put forward is to digitize the gauge degrees of freedom
by taking discrete subgroups or subsets of the gauge group [116, 117]. In addition, especially
for non-Abelian theories, loop-string-hadron formulations have been suggested, which allow for
solving the non-Abelian gauge constraints locally and only impose an Abelian constraint on the
gauge links [118–120]. Moreover, quantum link models [121, 122] provide formulations of gauge
theories, where the Hilbert space dimensions are by construction finite dimensional at the expense
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of an extra dimension which has to be taken to infinity to obtain the continuum limit [123, 124].
For more details and references, see the review in Ref. [125].

5.4 Which field theories have already been simulated on quantum computers?

The ambitious goal of quantum computing the Standard Model is still far away, given the sizes
and noise levels of current NISQ devices. Still, first quantum computations of (1+1)-dimensional
gauge theories have already been accomplished, showing some of the relevant characteristics of
the SM, including phase transitions [8–21, 21, 22]. In addition, resource-efficient formulations
of gauge theories for quantum computations have been developed (see, e.g., Refs. [23–28]). To
perform lattice field theory computations on NISQ devices, one can use hybrid quantum-classical
algorithms, such as VQE (see Sec. 5.1.1) and VQD (see Sec. 5.1.2). These algorithms have
already found numerous applications for studying benchmark models of particle physics in (1+1)
dimensions (see, e.g., Refs. [6, 98, 99] for reviews).

5.4.1 Example: computing hadron masses of (1+1)-dimensional SU(2) gauge theory

One example is the recently accomplished implementation of a non-Abelian gauge theory with
both gauge and matter fields on a quantum computer [21]. As shown in Fig. 7(a), the hadron masses
of the (1+1)-dimensional SU(2) gauge theory were computed using VQE (see Sec. 5.1.1) and the
IBM-Q Casablanca quantum processor. The corresponding lattice Hamiltonian reads

�̂�SU(2) (1+1)D =
1
2𝑎

𝑁−1∑︁
𝑛=1

(
𝜙†𝑛�̂�𝑛𝜙𝑛+1 + h. c.

)
+ 𝑚

𝑁∑︁
𝑛=1

(−1)𝑛𝜙†𝑛𝜙𝑛 +
𝑎𝑔2

2

𝑁−1∑︁
𝑛=1

�̂�2
𝑛, (10)

where 𝑁 is the number of lattice sites with spacing 𝑎, 𝑔 is the gauge coupling, 𝑚 is the mass
of the “quark” fermion, 𝜙𝑛 =

(
𝜙1
𝑛, 𝜙

2
𝑛

)𝑇 is the staggered “quark” fermion field at site 𝑛 with
two color components (red and green), �̂�𝑛 is the gauge link connecting sites 𝑛 and 𝑛 + 1, and
�̂�2
𝑛 =

∑
𝑎 �̂�

𝑎
𝑛 �̂�

𝑎
𝑛 =

∑
𝑎 �̂�

𝑎
𝑛 �̂�

𝑎
𝑛 is the color electric field energy, where �̂�𝑎

𝑛 and �̂�𝑎
𝑛 (with 𝑎 = 𝑥, 𝑦, 𝑧)

are the left and right color electric field components on the link 𝑛. For the non-Abelian SU(2) gauge
group, the right and left color electric field are different and are related via the adjoint representation
�̂�𝑎
𝑛 =

∑
𝑏 (�̂�

adj
𝑛 )𝑎𝑏 �̂�𝑏𝑛 , where (�̂�adj

𝑛 )𝑎𝑏 = 2Tr
[
�̂�𝑛𝑇

𝑎�̂�
†
𝑛𝑇

𝑏
]
, 𝑇𝑎 = �̂�𝑎/2 are the three generators of

the SU(2) algebra, and �̂�𝑎 are the Pauli matrices. In Fig. 7(a), the mass 𝑀b = 𝐸b−𝐸v of the lightest
baryon is shown, which is defined as the energy gap between the lowest baryon state 𝐸b and the
vacuum state 𝐸v. In order to obtain these results, Ref. [21] prepared both states on the quantum
hardware, for the exemplary parameters 𝑁 = 4, �̃� ≡ 𝑎𝑚 = 1, and 𝑥 ≡ 1/(𝑎𝑔)2 ∈ [0, 5].

5.4.2 Example: performing real-time evolution for (1+1)-dimensional SU(3) gauge theory

Going from SU(2) to SU(3) gauge theory, Ref. [14] recently accomplished the first quantum
computation of pure (1+1)-dimensional SU(3) gauge theory dynamics. Instead of discussing the
original lattice Hamiltonian considered in Ref. [14], we would like to now give an example of the
final Hamiltonian used for the actual quantum computation, after applying the methods discussed
in Sec. 5.3. Using the lowest non-trivial truncation in the color parity basis, the original lattice
Hamiltonian of the SU(3) gauge theory was simplified to [14]

�̂�trunc.SU(3) (1+1)D =

(
4
3
𝑔2 + 11

4𝑔2

)
1̂ +

(
−4

3
𝑔2 + 1

4𝑔2

)
�̂� − 1

√
2𝑔2

�̂�, (11)
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(a) VQE results for (1+1)-dim. SU(2) + matter [21]. (b) Time evolution for (1+1)-dim. pure SU(3) [14].

Figure 7: (a) VQE calculation of the baryon mass, for 𝑁 = 4 lattice sites, a “quark” mass of �̃� = 𝑎𝑚 = 1, and
a range of values for the inverse coupling constant 𝑥 = 1/(𝑎𝑔)2 ∈ [0, 5]. The baryon is an SU(2)-“proton”
(see inset), and the error bars are smaller than the markers. Figure reprinted with permission from Ref. [21],
https://doi.org/10.1038/s41467-021-26825-4, under the Creative Commons Attribution
4.0 International License. (b) VQE results for the energy in the electric field of the one-plaquette SU(3)
system evolved according to the Hamiltonian in Eq. (11). The data points correspond to the average value and
the maximal extent of 68% binomial confidence intervals across four implementations on IBM-Q’s Athens
quantum processor. Figure reprinted with permission from Ref. [14], https://doi.org/10.1103/
PhysRevD.103.094501, copyright (2021) by the Americal Physical Society.

where 𝑔 is the gauge coupling and �̂� and �̂� are the first and third Pauli operators, respectively.
Figure 7(b) shows the results of performing the associated real-time evolution on IBM-Q’s Athens
quantum processor with 𝑔 = 1, starting in the electric vacuum. While these results have been
obtained for pure SU(3) gauge theory without fermions, we note that there has very recently been
the first quantum computation of real-time evolution of tetraquark physics in SU(3) gauge theory
plus fermionic matter, i.e., (1+1)-dimensional “QCD” [22].

5.5 Outlook: combining quantum computations with classical MCMC computations

In this section, we would like to discuss an example of combining quantum computations
with classical MCMC computations in the future. As proposed in Ref. [7], one may combine
small-scale quantum computations with large-scale MCMC computations, in order to overcome the
MCMC problem of critical slowing down (see Sec. 2.1). In contrast to MCMC methods, quantum
computing does not face any obstacles when investigating small lattice spacings. Thus, one may
match the results of short-distance quantities obtained from quantum computations with the ones
coming from MCMC simulations in the strong and intermediate coupling regime. This matching
can then be used, e.g., to compute the Λ-parameter [7]. In order to set the physical value of the
lattice spacing, one needs to compute an observable, such as the spectral gap Δ = 𝐸1 −𝐸0. Figure 8
shows the results for the spectral gap of (2+1)-dimensional QED for truncation levels up to 𝑙 = 3,
using the VQD algorithm (see Sec. 5.1.2) and Qiskit’s EfficientSU2 quantum circuit (shown
exemplarily for 3 qubits and 2 layers in Fig. 6) with up to 5 layers. The results in Fig. 8 have been
obtained using a classical simulator of the quantum hardware without noise and with an infinite
number of shots, in order to test the feasibility of the method for a small number of qubits, and the
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Figure 8: Classically simulated VQD results of spectral gap Δ𝐸 = 𝐸1 − 𝐸0 for (2+1)-dimensional QED
in the electric basis, as a function of the gauge coupling 𝑔 at vanishing fermion mass, 𝑚 = 0. Both the
VQD results (dots) and the exact diagonalization (ED) results (lines) are shown for truncation levels up to
𝑙 = 3. The shaded area corresponds to the region where the results are not precise enough to estimate the
gap reliably. Figure and caption adapted from Ref. [7].

method can be implemented on quantum hardware in the future.
Other avenues of combining small-scale quantum computations with large-scale MCMC com-

putations have been proposed, e.g., for addressing the MCMC problem of interpolator optimiza-
tion [126, 127]. In general, for computations that combine lattice results from the Hamiltonian
and Lagrangian formulations, several challenges need to be addressed. First, lattice field theories
are usually expressed in the Lagrangian formulation, and one needs to derive and optimize the
corresponding Hamiltonian formulation (see, e.g., Refs. [128–131]). Second, one needs to match
the different bare parameters and observables between these two formulations (see, e.g., Refs. [132–
135]). Third, one needs to implement the same lattice fermion formulation, but lattice computations
in the Hamiltonian formulation have so far mainly focused on staggered fermions. Recently, there
has been progress with the implementation of Wilson fermions in the Hamiltonian formulation (see,
e.g., Refs. [136, 137]) and with determining the resulting mass shift [61].

6. Summary and outlook: where do we stand, where will we go?

6.1 Short summary: quantum hardware and algorithms

Quantum computing offers the prospect to overcome challenges of MCMC methods, including
the sign problem and the problem of critical slowing down. On the hardware side, digital gate-
based quantum computers with O(10−100) noisy qubits are currently available. On the algorithms
side, first resource-efficient quantum algorithms for gauge theories in (1+1) and (2+1) dimensions
have been developed, and first proof-of-concept quantum computations of gauge theories in (1+1)
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dimensions have been accomplished. Thus, the research field of quantum computing for lattice
field theory is still in its very early stages of development. The path towards quantum computations
of lattice field theories in (3+1) dimensions, in particular Lattice QCD, requires numerous steps of
quantum algorithm and hardware improvement.

6.2 Discussion and outlook: the future of quantum computing

The field of quantum computing recently entered the era of noisy, intermediate-scale quantum
devices, allowing for first computations of lattice gauge theories on lattice sizes comparable to the
ones in the pioneering work by Creutz [138] more than 40 years ago (see Fig. 9). The investigation
of lattice field theories with classical MCMC algorithms has seen tremendous advances in these 40
years, currently allowing the simulation of QCD with physical values of the quark masses for the
first two generations of quarks. To reach the current era of large-scale, high-precision computations
on today’s supercomputers, which allows the computation of the light QCD spectrum and much
more, both the classical algorithms and the classical hardware had to be improved to a level that
might have been considered impossible from the perspective of the 1980’s.

Thus, one may ask: can the field of quantum computing for lattice field theory develop similarly
to the field of classical computing for lattice field theory, reaching a similar level of precision in
the upcoming decades? Of course, this question cannot be answered, because such an answer
strongly depends on the future development of quantum hardware and algorithms, which are both
unknown. However, one can make a few rough estimates regarding the requirements of quantum
computing for Lattice QCD. The spatial lattice volumes that can currently be simulated classically
are large, up to 963, and would require O(107 − 108) qubits on the quantum computing side [139].
Considering fault-tolerant logical qubits, this number would get multiplied by a factor of ∼ 1000,
as explained in Sec. 4.3.2. The quantum computing roadmap of various companies suggests that
fault-tolerant quantum computing might become reality in the current or next decade (see, e.g..
Ref. [72, 140]). Following these roadmaps and extrapolating them in time (which poses various
challenges for quantum hardware and error correction), a quantum computation of Lattice QCD with
spatial lattice volumes of 963 might become feasible in the 2040s or 2050s. This time period would
be long but comparable to the time since the first days of classical lattice field theory computations.

At this point, we wish to emphasize that for quantum computing to become useful for lattice
field theory computations, spatial lattice volumes as large as 963 are not required. For simulating
sign-problem-afflicted regimes that can neither be studied with MCMC nor with classical methods
beyond MCMC, such as TN methods, it would be sufficient to perform quantum computations with
much smaller lattice volumes. Examples of outperforming the best current classical algorithms in
sign-problem-afflicted regimes have already been provided, e.g., in the context of (1+1)-dimensional
lattice field theories, as explained in Sec. 3.

6.3 Discussion and outlook: the race between quantum and classical computing

In the previous section, we brought up a comparison between the history of classical computing
and the possible future of quantum computing for lattice field theory. This comparison raises
an important conceptual question: if the classical algorithms and hardware have progressed so
tremendously in the past, might they develop quickly enough in the future to catch up with any
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Figure 9: First lattice field theory computation using classical MC methods. Wilson loops of pure SU(2)
gauge fields at 𝛽 = 3 as a function of lattice size. Figure reprinted with permission from Ref. [138], https:
//doi.org/10.1103/PhysRevD.21.2308, copyright (1980) by the Americal Physical Society.

progress in quantum computing? There have been several examples in the history of quantum
computing, where a quantum advantage turned into a “classical advantage” after the classical
algorithms had been improved. For example, Ref. [141] demonstrated a quantum computation on
53 qubits taking 200s, substantially shorter than the run time of 10,000y of the classical algorithm.
Due to a loophole in the classical algorithm, the run time was later reduced to a few days, also
when slightly increasing the qubit number [142], and was further reduced to 304s in Ref. [143],
thus comparable to the run time of the quantum computation.

Would it be possible that classical algorithms for lattice field theory, including MCMC-based
methods, TN methods, machine-learning methods, and other methods to overcome or mitigate the
sign problem, might advance quickly enough in the upcoming decades that quantum computing
would not be needed anymore? This is again a question that cannot be answered, because the answer
strongly depends on the future development of classical hardware and algorithms, which are both
unknown. Even when classical and quantum computations can compete, quantum computing could
still give advantages, e.g., in specific parameter regimes of the lattice field theory, or more generally,
e.g., due to lower power consumption. Crucially, whenever one encounters an exponentially hard
classical problem, a small quantum step corresponds to a giant classical leap. For example, to
simulate out-of-equilibrium dynamics, the errors of the best known classical algorithms grow
exponentially in time, as discussed in Sec. 3. For highly entangled quantum systems, we expect
that quantum computing will be able to outperform classical computing for lattice field theories in
(3+1) dimensions in the future, once sufficient resources will be available.
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