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The quantum approximate optimization algorithm (QAOA) is suggested as a promising application
on early quantum computers. Here a quantum-inspired classical algorithm, the mean-field approximate
optimization algorithm (mean-field AOA), is developed by replacement of the quantum evolution of the
QAOA with classical spin dynamics through the mean-field approximation. Because of the alternating
structure of the QAOA, this classical dynamics can be found exactly for any number of QAOA layers.
We benchmark its performance against the QAOA on the Sherrington-Kirkpatrick model and the partition
problem, and find that the mean-field AOA outperforms the QAOA in both cases for most instances. Our
algorithm can thus serve as a tool to delineate optimization problems that can be solved classically from
those that cannot, i.e., we believe that it will help to identify instances where a true quantum advantage
can be expected from the QAOA. To quantify quantum fluctuations around the mean-field trajectories,
we solve an effective scattering problem in time, which is characterized by a spectrum of time-dependent
Lyapunov exponents. These provide an indicator for the hardness of a given optimization problem relative

to the mean-field AOA.
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I. INTRODUCTION

A large class of NP-hard optimization problems admits a
formulation as an Ising model, such that the optimum cor-
responds to the ground state, while the hardness is related
to the spin-glass phase of the Ising Hamiltonian [1]. A
potentially powerful strategy to find this desired ground
state is adiabatic quantum computation (AQC) [2—7]. Here,
a spin system is initialized in the unique and easily accessi-
ble ground state of a driver Hamiltonian A, and afterwards
is transferred adiabatically to the desired Ising problem
Hamiltonian Hp. The adiabatic theorem then guarantees
that the spin system remains in its instantaneous ground
state throughout the entire time evolution, and in particular
at the final time when reaching the problem Hamiltonian.
To keep the evolution truly adiabatic, however, the sweep
velocity has to be carefully chosen as a function of the
minimal gap between the instantaneous ground and first
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excited states. Unfortunately, this minimal gap becomes
exponentially small for typical hard instances, forcing
the evolution time to become exponentially large [8—11].
Inspired by AQC, the quantum approximate optimization
algorithm (QAOA) for solving combinatorial problems of
this type was suggested as a diabatic alternative [12]: the
time evolution of a linear annealing schedule is discretized
with use of the standard Suzuki-Trotter decomposition,
such that it becomes an alternating sequence of parame-
terized unitary gates of some given length p, applied to the
initial state. Note that for noisy intermediate-scale quan-
tum devices, the number of layers p is naturally limited
[13]. Hence, instead of use of the linear annealing schedule
for some large p as in AQC, the parameters of the uni-
taries are optimized in a closed loop such that the energy
expectation value of the problem Hamiltonian becomes
minimal at the end of the circuit. Because of the heuris-
tic nature of the QAOA, its actual computational power
remains unclear to date. In particular, the question arises
for which kind of problems a quantum advantage rela-
tive to classical optimization algorithms can be expected
[14-18].

In this work, we present a classical algorithm inspired by
the QAOA, called the “mean-field approximate optimiza-
tion algorithm” (mean-field AOA). The new algorithm
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replaces the quantum evolution of the QAOA by classical
spin dynamics. Within the standard Trotterization scheme
of the QAOA [19], this dynamics can be found exactly for
any number of layers p.

The algorithm can serve as an additional tool to delin-
eate optimization problems that can be solved classically
from those that cannot, i.e., we believe that it will help to
identify instances where a true quantum advantage can be
expected from the QAOA. Also, for instances where the
mean-field AOA delivers a good solution, one can expect
that such an advantage is not forthcoming.

By introducing a path-integral representation based on
spin-coherent states [20], we prove that for p > 1 the
mean-field AOA emerges as an approximation to the
QAOA that is applicable for a large number of spins N and
a large average degree of the underlying problem graphs.
Performance tests of the mean-field AOA on two bench-
mark problems—the Sherrington-Kirkpatrick (SK) model
and the nondeterministic polynomial time (NP)—suggest
that it delivers an approximate optimum with accuracy of
order 1/N? in polynomial time and thus outperforms the
QAOA on average (here § > 0 is a problem-specific expo-
nent that is equal to 1/4 and 0.95 for the SK model and the
NP problem, respectively).

To quantify quantum fluctuations around the mean-field
spin trajectories, we solve an effective scattering problem
in time. It describes the propagation of collective “param-
agnon” modes above the instantaneous ground state of the
adiabatic Hamiltonian, and is characterized by a spectrum
of positive Lyapunov exponents. The largest Lyapunov
exponent shows a number of maxima, which are pinned
to level crossings or minimal gaps in the lowest part
of the Hamiltonian spectrum. The case where all Lya-
punov exponents are relatively small indicates an “easy”
instance, where the optimum can be found classically,
i.e., without quantum algorithms being invoked. For hard
instances, there occur some large maxima in the spectrum,
and the mean-field AOA typically fails to deliver the exact
solution.

It is known from studies of the SK and related Hop-
field models that the first occurrence of the minigap in the
course of the adiabatic protocol is related to the ergodic-to-
MBL (many-body localization) transition in the spectrum
of the corresponding quantum adiabatic Hamiltonian [21—
24]. Therefore, as a by-product, our fluctuation analysis
enables one to approximately locate the instance-specific
critical points of these transitions, essentially without
the need for an expensive exact diagonalization, which
becomes out of reach for large system sizes.

This article is organized as follows. In Sec. II, we
begin by introducing the mean-field AOA, followed by an
illustration of its performance for the SK model and the
partition problem. In Sec. III, we discuss the spin-coherent-
state path integral, the saddle point of which corresponds
to our classical algorithm. We also study the Gaussian

quantum fluctuations around the classical path, character-
ized by the spectrum of Lyapunov exponents. Finally, in
Sec. IV, we discuss possible future directions. Note that an
implementation of the numerical code used in this paper,
alongside our research data, is available online [25]. A cor-
responding software package in JULIA [26] has also been
implemented [27].

II. MEAN-FIELD APPROXIMATE
OPTIMIZATION ALGORITHM

Throughout this article, we adopt the following form of
the problem and driving Hamiltonians:

N
ﬁpz—Z[hi+Zﬁjc}jz}6f, (1a)
i=1 J>i

N
Hp=-Y A6, Ai>0. (1b)
i=1

The positivity of all constants A; guarantees that the N-
qubit state

Vo) = )T @ 14+)5 ® - ® [ H)X 2)

is the ground state of Hp. For the standard QAOA,
one usually sets A; = 1, such that this driving frequency
becomes a natural choice as thé frequency unit and inverse
timescale, which we adopt unless otherwise stated. Note
also that Hp with positive couplings Jij > 0 and vanishing
local fields #; — 0 describes the ferromagnetic state of the
Ising model. Our choice of numerical factors and signs is
in correspondence to Ref. [1].

Inspired by the alternating application of Hp and Hp in
the standard QAOA, we derive the mean-field equations
of motion for two separate cases in the following: (i) only
the driving Hamiltonian Hp, is active; (ii) only the problem
Hamiltonian 4, p 18 active.

In the mean-field approximation, the total Hamiltonian
then becomes

N
Ht)y=—y®) ) [hi + Y Iy (z)]n? )
i=1 J>i

N
—BW) Y Am (D), 3)

i=1

where B(¢) and y(f) are piecewise-constant functions of
time, and we assume J;; = 0 without loss of generality. The
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classical spin vectors are defined as

ni(t) = (n¥(0),m] (0, 72 ()"
= (Tr[p67 ()], Tr[p8) 0], Tr [p670])", (@)

where the system density matrix factorizes in the mean-
field approximation,

N
p=Q5" (5)
i=1

Further details on this approximation are provided in
Appendix A. We also introduce the effective magnetization

N
mi(t) = hi+ Y Jyn (D). (6)
j=1

The dynamics of the system then amounts to a precession
of each spin in an effective magnetic field, i.e.,

o (1) = n;(t) x B;(1), (7
where B;(t) = 2B() Ae, + 2y (£)m;(f)e,. This leads to

(1) =205 (1), R = —2Am; (D), ®)
and n} () = n; (0) during the time intervals with 8(¢) = 1
and y (¥) = 0, corresponding to case (i), while we have
() = 2mOn), () = —2mOmi@®) (9)

and 77 (f) = n7(0) in the complementary case (ii), where
y() =1 and B(¢) = 0. The norm of all spin vectors is
conserved under this unitary evolution, |n;(¢) > =1.

Solving the above differential equations for the typi-
cal piecewise-constant Hamiltonian governing the QAOA,
one obtains after p iterations

p
ni(p) = [P V] tomi(0). (10)

k=1

In Eq. (10), the two unitary 3 x 3 matrices are defined as

1 0 0
PPy =10 cosQAiB)  sinAB) (11)
0 —sin(2A;8r) cos(2A;Br)
and
. cos2m;(tr-)yx)  sin@mi(ti-1)yr) 0
VP (k) = | —sin@m;(t—1) ) cosQCm;(t—1)ye) 0],
0 0 1
(12)

where t; = kt. For the parameters 8; and y;, which are
conjugate to Hp and Hp, respectively, it is sufficient to

take linear functions inspired by the adiabatic quantum
algorithm [28]. For k = 1,...,p, we then have
ve=7tk/p,  Br=t(d—-(k-=D/p), (13)
where t is the time step, which should be adjusted so
that the spin dynamics remains regular. Unless otherwise

stated, for our algorithm we often resort to using p ~ 10*
and T ~ 1/2.

A. Algorithm

The analytical expressions obtained for the time evolu-
tion of the classical spin vector for each of the N qubits
under the mean-field approximation are be used to cre-
ate a quantum-inspired classical algorithm that we call the
“mean-field AOA.” To apply the algorithm, the following
steps have to be completed [29]:

1. Initialize the N classical spin vectors in the state
n;(0) = (1,0,0)7 forall i. (14)

This is analogous to the uniform superposition of all
computational input states used in the QAOA (other
initial states are also possible).

2. Apply a mean-field evolution sequence of length
p € Nto n;(0) such that

p
n(p) =[PV ®m©, (15
k=1

where IA/;D(k) and IA/f(k) are given in Egs. (11) and
(12), respectively. Observe that f/f(k) depends on
n;(k — 1). The schedule for the parameters g; and
v 1s given in Eq. (13).

3. Compute the cost function

N

Hplp, 1=~ [hi + Zmi(p)}n?(p). (16)

i=1 J>i

4. Adjust the number of steps p € N and the step size
7 to minimize the cost function.

5. Repeat steps 2—4 until a convergence threshold is
reached.

6. Round the z components of the spin vectors n;(p) to
obtain the resulting bit string

0, = (sign(nzl), e sign(nfv)) . (17)

Note that our formulation of the mean-field AOA deliber-
ately does not include an optimization of the cost function
over the parameters 8 and y;. As we show in Sec. 11 B, the
advantage of our classical algorithm is that it is not limited
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to a small number of steps p, which allows us to perform
adiabatically slow evolution with the annealing schedule
defined in Eq. (13).

Regarding the fourth step of our algorithm, we point out
that the returned solution bit strings o, are very robust
with respect to changes in t and p, i.e., the final mag-
netic orientation of each spin is largely determined by
the structure of the classical phase space. In practice,
it suffices to start with a relatively large step size v =
1/2 and, for example, p = 10°. Subsequently, T can be
decreased, if necessary, while p should be increased until a
set of smooth trajectories is reached and the final solution
remains unaltered.

We close this subsection with two important comments.
First, the algorithm outlined is polynomial in time and
scales as O(pN?). Namely, for a given step k= 1,...,p,
see Eq. (15), and for every spin i = 1,...,N, one needs
to perform the sum for the magnetization m;(#;) in Eq.
(6), which leads to an additional factor of N. Second, the
dynamics of spins described by the system of nonlinear
differential equation (7) is in general chaotic for random
optimization problems. Our algorithm explores a small
fraction of the phase space with energy H (¢) that lies close
to the edge of the spectrum of the adiabatic Hamiltonian
H(s) = (1 —s)Hp + sHp. The classical dynamics in this
region happens to be regular provided a small enough step
size T < 7. is chosen, where 7, marks the transition point
to the chaotic regime. We have found the critical 7, to be of
order unity for both the SK model and the partition prob-
lem, as analyzed below in more detail. Contrary to this, if
one starts from an excited state, e.g., by flipping at least
one of the spins in the initial state to (—1,0,0)7, then the
subsequent dynamics shows chaotic behavior for any step
size t.

B. Performance

The performance of the algorithm outlined above is now
tested by our comparing its results with those of the stan-
dard QAOA. As an introductory problem, in Sec. IIB 1 we
investigate the SK model [30,31] well known from dis-
ordered systems and spin glasses. Subsequently, in Sec.
IIB 2, we analyze the partition problem, i.e., the problem
of partitioning a set of positive integers into two subsets
such that their respective sums are as close to equal as pos-
sible. In both cases, we provide numerical evidence that
the large-N scaling of the mean-field AOA consistently
outperforms that of the QAOA for finite p.

1. Sherrington-Kirkpatrick model

The SK model was first introduced in the context of
spin glasses, but can also be understood more broadly as
an optimization problem where N coupled spins are to be
distributed into two subgroups according to the sign of
their coupling [31]. In our convention, the goal is then to

minimize the (classical) cost function

[ 1 Sy 1
Hp = ~ % > U667, (18)

i<j<N

where the couplings J;; are independent and identically
distributed standard Gaussian variables, i.e., with zero

mean (J;;) = 0 and variance <th2 = J2. Note that in the

limit N — oo, mean-field theory becomes exact for this
model [30].

To remove the degeneracy caused by the Z, symme-
try of Eq. (18), we fix the “final” spin to be in the state
65 10)y = |0)y. This leads to an equivalent cost function
in the form of Eq. (1a) with random local magnetic fields

hi=Jy, i=1,...N—1. (19)
In the thermodynamic limit, the SK model is also known
[34] to have the ground-state energy E, that on average
converges to

&p = Nlim (Eo/N); = —0.763 - - - . (20)

This theoretical value can be used to test the performance
of both the mean-field algorithm and the QAOA, the latter
having been performed recently in Ref. [32]. There it was
found that the QAOA can surpass certain classical algo-
rithms such as spectral relaxation [35] and semidefinite
programming [36] in the limit N — oo at finite p = 12.
The energy benchmark from these classical algorithms is
limy_ o (Eo/N); & =2 /7. A classical algorithm capable
of returning a result within an arbitrary distance from the
optimum is given in Ref. [37]. Note also that the optimal
variational parameters of the QAOA are found to be inde-
pendent of the particular instance of the SK model [32],
i.e., one global schedule of parameters works best for all
random instances.

In Fig. 1 we show our results for the approximate
solution

E, = (Hp)|s,, (21)

as a function of the number of spins V. The ensemble aver-
age is taken over 10* random instances of the SK model.
The scaling of (E,/N) with N demonstrates that our
algorithm outperforms both zero-temperature annealing
(dashed line at approximately ep — 0.71) and the QAOA
at p = 12 (see Ref. [32], which shows that the latter beats
the quoted value of —2 /7). The scaling exponent is also in
decent agreement with the results of previous very detailed
numerical investigations of the SK model [33].

Instead of computation of averages over the ensemble
of 10* instances, the distribution of the (exact) solutions
for the particular case of N = 20 is shown in Fig. 2. The
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FIG. 1. Scaling of the energy E, resulting from our algorithm
with the system size, as estimated for 10* random instances
of the SK model. ep = —0.763 is the Parisi value. The dashed
line shows the lowest energy achievable with zero-temperature
annealing, quoted as —0.71 in Ref. [32]. The value w = 0.61 is
to be compared with the value @ = 2/3 from Ref. [33]. In the
lower panel, we show the estimated standard deviation with cor-
responding scaling. The parameters of the schedule in Eq. (13)
are chosen throughout as 7 = 1/2 and p = 103. The data point at
the far right corresponds to N = 200.

mean-field algorithm performs very well as seen by com-
parison with the exact results. The solutions returned by
the mean-field AOA follow the Gumbel distribution for the
mth smallest element with m = 6 [33], which is defined as

gn(x) = wexp [mx%u — mexp (?)} , (22)

where u and v are parameters defining the mean value
and variance, while w is a normalization constant. We find
that the outcomes of our algorithm follow this distribution
irrespective of the value of N.

In Fig. 3, we plot the success probability distribution of
the classical algorithm, P(e,), to deliver an approximate
optimum at the relative distance &, := (E, — Ep)/ [{Eo)|
from the instance-specific true minimum £ (note the loga-
rithmic scale for P). We then define the corresponding tail
distribution

Pr(ey > €)= / de.P(ey), (23)

where ¢ > 0 is an arbitrary threshold. As exemplified in
Fig. 4 for three different values of NV, we find the failure
probability to approximately follow the exponential law

Py (e) ~ exp (—271\/]?8), (24)

which describes the statistics of rare events where our
algorithm converges to high excited levels far from the

10% 4 : : a |
-=-- Gumbel
103 __ 1 Mean field 1
: Exact
82l . il
Q.
10' 4 3
L “
100 24— . f : 1
—6 —4 -2 0 2 4

(E—(E)) /s

FIG. 2. Comparison of the distribution of the exact ground
state and the result of our algorithm for 10* random instances
of the SK model with N = 20. The estimated standard deviation
is again by s. The dashed red line shows the Gumbel distribution
[Eq. (22)] for the mth smallest value as used in Ref. [33]. Up to
normalization, we use the same parameters as in Ref. [33], i.e.,
m = 6, location u = 0.2, and scale v = 2.35.

ground state Ey. For large values of N, one may then pick
the threshold to be ¢ = N~'/* « 1 such that P; becomes
exponentially small. We then arrive at the following main
conclusion of this section: With a probability of at least
1 — O(exp (=27 N'*)) over possible realizations of the
SK Hamiltonian, the mean-field AOA delivers an approx-
imate optimum E, with a relative accuracy bounded by
N=Y2 from above.

In other words, in the limit N — oo, we find that
the algorithm converges to the approximate solution E,,
which has an accuracy of at least &, = N~'/# almost with
certainty. Since this analysis requires knowledge of the
computationally expensive exact solutions Ey, we have
restricted it to the range N = 5-20.

2. Number partitioning

The partition problem for a set of natural numbers
S ={ay,...,ay} C IN consists in finding two subsets S; U
S, = S such that the difference of the sums over the two
subsets S; and S, is as small as possible. It belongs to the
class of NP-complete problems [38]. The cost function can
be written as

N

CS) =) ai6;. (25)
i=1

A so-called perfect partition occurs when C(S) =

(Za,- s a,-) mod 2. For bounded problems, the elements

a; € S satisfy 1 < a; < 2™ for some M € IN.

We focus on the case M > N, for which the large-N
minimal cost is expected to scale as /N2~ [38]. In the
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10 = = :
10° ¢ T
<1024 +
A
10" ¢ T
0.00 0.05 0.10 0.15 0.20
€« = (Ex — Ep) /|(Eo)|
FIG. 3. Probability distribution of the minima returned by the

mean-field AOA for 10* random instances of the SK model at
N = 20. Note that the blue squares in Fig. 4 show the result of
integrating the tail of this distribution from a given threshold ¢ to
infinity.

thermodynamic limit (where both M and N go to infin-
ity at some fixed ratio), the partition problem is known to
have a phase transition at M = N. Numerically, almost all
instances then cross over from having a perfect partition
to having none. Note that neither our algorithm nor finite-
p QAOA simulations are able to resolve this satisfiability
threshold.

The cost function C(S) can be transformed to an Ising
Hamiltonian by taking its square, i.e.,

N
Hp=CS) =) ai— Y Jy6i67,  (26)
i=1

i<j<N

where we have introduced the couplings J; = —2a;a;. As
before, we fix the “final” spin to be in the state 65 [0)y =
|0)y. To simplify the comparison of the mean-field AOA

FIG. 4. Scaling of the tail probability Pr in Eq. (23). The rela-
tion In P, ~ —27+/Ne is found to hold approximately for all
N € NN in the verified range 5—20. For the SK model, the mean-
field AOA thus returns an approximate local minimum that is
algebraically close to the global one with almost unit probability.

and the QAOA, instead of natural numbers a; € IN, we
now take a; to be uniformly distributed in the unit inter-
val [0, 1]. This is equivalent to a bounded problem with
large M where the g; are rescaled by 2/, Note that for
double precision on a standard computer, one should thus
effectively have M = 52. It then follows that the induced
distribution of couplings J;; is logarithmic,

1 2
P(Jij)=—1n<—J—), -2 <J; <. (27)

i

In contrast to the SK model, there are nonvanishing corre-
lations between Jy; and Jy; for [ # k. A higher-dimensional
generalization of the Hamiltonian (26), where the random
couplings J;; factorize, is known as the Mattis glass (see,
e.g., Ref. [41]).

For the present problem, we complement the algorithm
outlined in Sec. Il A with the following strategy: given
the solution string o, try whether flipping any two
spins (ni,m),i=1,....,N — l,i <j <N — 1, produces
a lower energy. Here we have already taken advantage of
the Z, symmetry of the problem. Therefore, this strategy
produces an additional cost of (N — 1)(N — 2)/2, which
leaves the asymptotic scaling of our algorithm unaltered.
We find that the string following from the mean-field AOA
is usually such that this strategy produces an improved
solution. Note that we do not find a similar improvement
for the SK model discussed in Sec. [I B 1.

We now analyze the distribution of the approximate
costs over 10* realizations. The variable of interest is
¢ = /E, since the square root of the energy here corre-
sponds to the value of the cost function C(S). From the
above-mentioned scaling proportional to 2~V of the mini-
mal cost of the partition problem, it also follows that it is
possible to assume £y = 0 as the true minimum. Including
the postevolution strategy of flipping two spins, we thus
find an exponential distribution

P(c) = (N”/A4) exp (—cN®/4), (28)

where ¢ 4 = 3.1 and w = 1.9 as given in Fig. 5. The first
moment of this distribution, plotted in the upper panel in
Fig. 5, is (E.) = AN . This can now be compared with
the results following from the QAOA, shown in Fig. 6 for
different numbers of layers. Compared with its mean-field
counterpart, if p is finite, the QAOA shows a much worse
scaling N, with a positive scaling exponent o’ ~ 1/3.

In close analogy to the analysis done for the SK
model, one can estimate the accuracy of our new classical
algorithm for the partition problem. The failure probabil-
ity Pr(c) to find the optimum above the threshold c is
exponential, cf. Eq. (24),

+0o0
Ps(c) = / dc'P(c') = exp (—cN®/A). (29)

030335-6



MEAN-FIELD APPROXIMATE OPTIMIZATION ALGORITHM

PRX QUANTUM 4, 030335 (2023)

0 ) 10 15 20 25
NYVE,

FIG. 5. Averaging over 10* random realizations, we find the
approximate cost »/E, of the partition problem (as obtained from
the mean-field AOA) follows an exponential distribution. In the
upper panel, we plot the first moment of this distribution as a
function of the system size N and extract the parameters w and
A. The lower panel shows the corresponding distribution. The
parameters of the schedule in Eq. (13) arenow t = 1/4andp =
10%.

By picking ¢ = N7% « 1 with § = w/2, we arrive at the
following conservative estimate: With a probability of at
least 1 — exp (—N°/A) over possible realizations of ran-
dom sets S in the partition problem, the mean-field AOA
delivers an approximate optimum c¢ < N7°, where the
exponent § = 0.95.

100 : : : —t—tt
S MZ
A p:3 | p:5 ® p:7
107! : : : e e
4 6 8 10 12 14 161820
N

FIG. 6. Average of the cost function over 10> random real-
izations calculated from the energy expectation value of the
simulated QAOA for each realization [26,39,40]. The solid lines
show a fit to N, where in this case o’ &~ 0.31 £ 0.01.

In passing, we note that the heuristic classical algorithm
due to Karmarkar and Karp [42,43] performs slightly bet-
ter—it finds an optimum with an accuracy of N~ "V,
where @ is a numerical constant of order unity.

To summarize, we have found that the mean-field AOA
is capable of identifying optimization problems for which
the QAOA should not be expected to yield quantum advan-
tage. Also, at least for the optimization problems inves-
tigated here, our results suggest that larger values of N
typically make a random instance easier to address within
the mean-field approach. In other words, in the interest-
ing quantum regime (i.e., for system sizes that cannot be
simulated), the solution of these optimization problems is
unlikely (on average) to acquire an advantage from quan-
tum fluctuations. On one hand, it is known that this does
not hold for all cases, i.e., there are problems for which
the minimal gap is suppressed exponentially in N; on the
other hand, one can ask into which category among these
two options most of the real-world problems are likely to
fall.

ITII. PATH-INTEGRAL APPROACH

In this section, we go one step beyond the mean-field
approximation by studying the Gaussian quantum fluc-
tuations around mean-field spin trajectories. The motiva-
tion behind this analysis is the hope to delineate “easy”
instances from “hard” instances by looking at the spec-
trum of the fluctuations, thus setting the stage for further
exploration of possible quantum advantages.

Path integrals are a well-known tool for describing
(quantum) fluctuations around a classical or mean-field
trajectory. To derive the path integral for spin degrees of
freedom, we use spin-coherent states [20], as they facili-
tate the systematic expansion around the mean field. We
limit our analysis to the Gaussian case. This enables us
to study the spectrum of “paramagnons” as well as the
Lyapunov exponents of the corresponding (one-particle)
Green’s functions.

Even though the mean-field AOA allows very large p
and thus potentially nearly adiabatic evolution, we expect
there to exist “hard” instances for which the gap becomes
(exponentially) small, which in turn is likely to render even
very slow evolution ultimately nonadiabatic. Our goal in
this section is to provide a tool for telling these instances
apart from the “easy” ones.

A. Spin-coherent-state path integral

To simplify the discussion, in this section we adopt the
standard Hamiltonian of AQC, i.e.,

H(s) = (1 — s)Hp + sHp, (30)

where now s = #/T and Hp and Hp are defined in Eq. (1).
The total time 7 of the adiabatic protocol is very long (7' —
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o0), and the initial ground state is given, as before, by Eq.
(2). For the system of N qubits (classical spins), the spin-
coherent state is defined as the Kronecker product

Ig) =1g1) ®I1g2) ® - ® Ign), (3D

where the coset element g; € SU(2)/U(1) describes the
Bloch sphere of the ith qubit. The density matrix of the
many-qubit system evolves as

A(t) = U)o} (20l U (1),

U(t) = Texp (—i / ds H(s)>, (32)
0

where T denotes time ordering and |go) is the spin-
coherent-state representation of the initial state |ig)
defined in Eq. (2). Details on our definition of spin-
coherent states are provided in Appendix B 1.

We now formulate the system evolution via a path inte-
gral. In terms of the density matrix, this would require the
Schwinger-Keldysh formalism [44—46]. Instead, to sim-
plify the discussion, we focus on transition amplitudes
A(T) = (gr |l7(T)| go), where (g | is the final spin-coherent
state. This will prove sufficient for our purposes in the
present work. Going over to the path-integral representa-
tion in a standard manner [44], we split the total evolution
U(T) into p > 1 steps, with 7 = T/p being the duration
of a single Trotter step, and then use the spin-coherent-
state resolution of the identity p times. Upon taking the
continuum limit, one arrives at

.
A(T) = / " Dy exp(—(S + Si))
8

0
8f

T
— [ pg expii /0 dr<g|[ia,—ﬁ<t>]|g>}, (33)

80

where Dg is a functional integration measure over all spins
and time slices, and is constructed following either Eq.
(B4) or Eq. (B13).

The first term of the action in Eq. (33), Sy, is the Berry
phase, for which we provide several representations in
Appendix B 3. When expressed in terms of the Bloch vec-
tors n;(f) (see Appendix B4), the Hamiltonian part of the
action becomes

N T
su= =i [Lan b+ Sopro i
i=1 70

J>i
N T
—i(l—s)Z/O dt A (1). (34
i=1

An interesting remark is in order here: the classical Larmor
equations can be derived by imposing the SU(2)-like Pois-
son bracket on the Bloch vectors. Namely, let us consider

the Hamiltonian part of the action,

T
Sy =i / dtH(n, s), (35)
0

where H is expressed solely through the Bloch vectors of
individual spins, see Eq. (34), and let us define a Poisson
bracket as

1 )
5 {nanf} = 87 eqp . (36)

Then the Larmor equations of motion follow from the
Hamiltonian principle:

atn? = {n?,H(n,s)} H (37)

where the Greek indices run through x,y, and z. The role
of the Berry phase S; is therefore to generate the Poisson
bracket (36) when the variational principle is applied to the
full action, 6S = S; + 8Sy. The saddle-point trajectories
of the action thus obey the equations of motion (7) with
B=(0—-s)andy =s.

B. Fluctuations around the mean field

In this subsection, we derive the action of Gaussian fluc-
tuations around the mean-field trajectories. We then use it
to estimate how the fluctuations grow in time, and show
that the latter can be used as an effective tool to differenti-
ate between “hard” and “easy” instances of an optimization
problem. Finally, we demonstrate this in some detail for the
SK model.

1. The action of Gaussian fluctuations

How can spin quantum fluctuations be parameterized
from a geometrical perspective in the most efficient way?
To answer this question, as detailed in Appendix B 2, we
use the stereographic projection [Eq. (B9)] of each spin’s
Bloch sphere onto the complex plane, thus introducing
complex coordinates (z;(¢),z;(f)), which in turn generate
the coset elements g;(¢) for each spin via

. 1 T
5 U+ P <Z,. 1)' ©8)

We assume that the saddle-point trajectories n;(¢) of all
spins are known to us by virtue of Eq. (10).

Quantum fluctuations in the path integral are due to tra-
jectories g/ (#) that are close to g;(¢). We hence introduce a
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shifted coset element as

go7 @)~ = &got @), (39)

where g; is close to the north pole,

i 1 -
P — Dol @0
57 0+ )72 (nf 1 ) ol 40

Pictorially, the trajectory g/ is thus displaced from g;
similarly as #; is displaced from the north pole. Mathemati-
cally, Eq. (39) means that g/ ~ g;g;, where the equivalence
is understood in the sense of the coset structure, i.e.,
up to right multiplication by any 2 commuting with &-
(if 81 ~ &, then 8 = &,h with h6% = 67h). The coordi-
nates (1;, ;) are used in the following to parameterize the
Gaussian fluctuations around the mean-field solutions.
Assume further that g/ is expressed via complex coor-

dinates (z},z). Comparison of Eq. (39) with Eq. (38) then
gives
= ZE0 g HET 1)
1 —2zn; 1 —zm;

These identities establish the complex coordinates of the
shifted trajectories in terms of the coordinates of the orig-
inal ones, while the fluctuations are parameterized by 7;.
When the latter are small, one expands

zi =2+ 8z =z + (L + ) (i + Zm)) + O). (42)
The relation between 6z; and #n; is hence nonlinear, the
rationale behind this being that the path-integral measure
is preserved, provided one goes from integration over z; to
integration over 7; at a fixed saddle-point trajectory. Fur-

thermore, we note that in the Gaussian regime (|n;| < 1),
the new measure in the variables n; becomes flat, i.e.,

/dz/dz [1 + ‘z ‘

To discuss the fluctuation, we introduce the action S in a
complex representation as

. / dndi.  (43)

S=854+Sy
Z / BE s /Tdrm 5, (44)
= - i z,2),
TreE T,

where H(z,z) is the complex representation of the Hamil-
tonian from Eq. (34), which can be calculated by use of Eq.
(B8). As shown in Ref. [20], the classical path, which fol-
lows from extremization of the action, obeys the following

Hamiltonian equations:

Zi=—i(1+ |Zi|2)2 o

. 2 0H
e =i(l+z*)" —, 45)

2
Bzi

which is an equivalent representation of the mean-field
equation (7). To derive the action of the Gaussian fluctua-
tions S[n, 17] around this classical path, one parameterizes
the variations dz; in terms of the 1, as derived above in Eq.
(42). The calculations detailed in Appendix B 6 yield the
following result:

it [-ia,+4 B n
stwit=j a5 L0 (1),
(46)

where the matrices A(f) and B(#) are time dependent
through their dependence on the classical path, and 75
and 1 are N-dimensional spinors constructed from #;
and 7;, respectively. An important comment is in order
here: when analyzing the dynamics of the fluctuations,
we found that it is crucial to parameterize the mean-field
trajectories such that the final mean-field AOA solutions
(04); = sign(n (7)) are stereographically projected onto
the origin of the complex plane. In other words, the
poles p; of the Bloch sphere from which to perform the
projection for each spin trajectory are defined as p; :=
(0,0, —sign(#7(7)). Under this convention, after again sub-
stituting “Cartesian” coordinates on the sphere, we find for
the above matrices the following components:

2(1 — ) A

A =
1+ (02),77

+ 2s(04);m;, Bi;i=0, (47)

where again s = t/T and the self-consistent magnetization
m; was defined in Eq. (6). With the shorthand notation

£ = (0,),n7 £ in, one finds for the off-diagonal compo-
nents that

Ay = —slynin;

iy o BU_

—sJjj ”1 nJ , (48)

such that 4 = 4" is Hermitian and B = B” is symmetric.
Hence, the effective Hamiltonian becomes

o (A0 B®\ . (1
ro=(go 50) w=(" ) @

where we have also introduced the matrix 75 acting on the
spinor space of (i,7)” defining the block decomposition
of H.

The instantaneous spectrum of “paramagnons,” w,(s),
uw=0,...,2N — 1, at given time s =¢/T can be then
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found via the (positive) eigenvalues of the operator &H;
namely,

det [a)u(s) . fﬂ%(s)] — 0. (50)

The smallest eigenvalue, wy(s), may serve as an indicator
of the gap between the ground state and the first excited
state of the many-body Hamiltonian H(s) = (1 — s)Hp +
sH P

2. The dynamics of quantum fluctuations

The magnon spectrum [Eq. (50)] can determine the sta-
bility of only the instantaneous ground state and thus fails
in the nonadiabatic regime. The latter is, however, pre-
cisely the point of interest when the mean-field AOA does
not perform well. To address this issue, we resort to the
equation of motion for the Green’s function, which we
define as

G(t,t) = —iln®) @' (), (51)

where 7 = (n,7) is the 2N-component spinor and the
average is done with respect to the Gaussian action
equation (46). The equation of motion for the Green
function can be written in two complementary forms,

[if35,) — ﬂ(r)] G{)=18(—1), (52)

G, 1) [—iffa? - ﬂ(t’)] —15(—17).  (53)

To specify G(¢,¢) uniquely, the system of these differ-
ential equations needs to be supplemented with appro-
priate boundary conditions at t = 0 and ¢ = 7. The latter
have to be treated carefully since we are dealing with
first-order rather than second-order differential operators.
As discussed in Ref. [20], the boundary conditions for
the fluctuations assume the form 7;(0) = ;(7) = 0, while
7;(+0) and n;(T — 0) are unbounded independent integra-
tion variables. Expressed in vector form, they translate
nto

L+2)p0) =0, '(DA+5)=0, (54

and, when applied to the Green’s function, they become
A +%)G0,/) =0, G&DA+%)=0, (55)
where/ > O0andt < T.

With these preliminaries at hand, we are now in position
to write down a formal solution to Egs. (52) and (53). To

this end, note that the Green’s function is discontinuous at
equal times ¢ = ¢, with the jump

it3(G(t+0,6) — Gt —0,0) = 1. (56)

Hence, for ¥ — t, we can write
Gul)=gwt) = Stsent—1), (57

where g (¢, ¢') is the continuous part of the Green’s function.
This ansatz enables us to introduce the correlator g(¢) at
coinciding time points defined by the relation

gt =2ilimg(t,1)1s. (58)
! —t

One can prove that this correlator fulfills the normaliza-
tion constraint, g%(f) = 1, and satisfies the much simpler
differential equation

g = [Lw.g0]. Lw:=uR0. (59

To derive the above result, one subtracts Egs. (52) from Eq.
(53) and takes the equal-time limit # — ¢. This is a first-
order differential equation, which as before requires some
boundary conditions. The latter can be inherited from the
ones stated in Eq. (55). By setting ¥/ = +0and ¢t =T — 0,
one reduces them to

(I+173) (0 —1)=0,
gD -1 @A+13)=0. (60)

It is worth mentioning here that if the time ¢ is replaced
by a spatial coordinate x, then Eq. (59) turns into the
quasiclassical Eilenberger equation in the theory of super-
conductivity [47]. Specifically, N plays the role of the
number of transport channels in a quasi-one-dimensional
geometry, which is relevant for studies of the Josephson
effect across superconducting weak links or pointlike junc-
tions, while the two-component structure of the spinor n =
(n,1m)T is analogous to the decomposition of an electron
wave function into left-traveling and right-traveling wave
packets with momenta lying close to the Fermi surface. In
this picture, the matrices 4 and B describe, respectively,
forward and backward interchannel scattering due to dis-
order. Besides, the boundary conditions [Eq. (60)] exactly
match the ones imposed on the Green’s function within the
quasiclassical framework [48,49].

With these remarks in mind, we proceed by solving Eq.
(59) using the scattering formalism of Ref. [50]. For that,
we introduce a time-dependent scattering matrix M (¢) that
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by definition satisfies the equation
DM@ =LOM®, MO =1,  (61)
which is formally solved by the time-ordered exponential

M () = Fe i lide b, (62)

In our numerical implementation of the algorithm, one can
effectively find M () by means of Trotterization,

k
M) = e,
j=1

t = kt, (63)

with t = T/p and p > 1 as before. Now Eq. (59) is solved
by

g =M@nOgOM©~, (64)

and the transfer matrix in its canonical form [50] can be
shown to be diagonalizable as

MM () =Udiag (e 7, O)UT,  (65)
where U is a unitary matrix and
A = (o), ..., Ay () (66)

are the set of positive Lyapunov exponents we look for. We
also note that M obeys the “flux-conservation condition”

M©®O'HBM©) = 15, (67)

which stems from the Hermiticity of the underlying Hamil-
tonian.

With the transfer matrix at hand, one can write g(7) =
M (T)g(0)M~'(T) and further use this relation together
with boundary conditions (60) to find the unknown g(0)
and g (7). The general solution is rather involved; see Refs.
[48,49] for more details. However, for many instances of
the SK model that we study below, the Lyapunov expo-
nents satisfy A;(0) = A (T) =0 for all /, which is the
hallmark of reflectionless scattering (for more details, see
Appendix C). Under this condition, the above set of equa-
tions is solved by g(0) = g(7) = 73, which we adopt in
what follows.

We are now in a position to estimate the quantum fluctu-
ations above the mean-field solution. The simplest quantity

to assess is [51]

N

o1 .1 s
Z(Im(t)l )= 5Tg(ts = ETr(M(t)g(O)M (0)13).
i=1

(68)

On substituting g (0) = 73 and with the use of Eq. (67), one
finds

N N-1
S nOF) = ST MEOM') = Y cosh22,(0). (69)

. 2
i=1 1=0

At this point, we rely on empirical evidence suggesting that
when quantum fluctuations grow in time (see Figs. 7 and
8), the sum above is dominated by the maximal Lyapunov
exponent A((7), which is supported by our numerical analy-
sis. Furthermore, in a disordered system with strong graph
connectivity, all correlations are expected to be site inde-
pendent when considered by order of magnitude, allowing
us to estimate

(I ~ % e, (70)

As one can see, the mean-field approximation works well
provided A¢(2) < % In this regime, fluctuations are sup-
pressed by a factor of 1/N, the latter parameter thus effec-
tively playing the role of 4 in our semiclassical approxima-
tion to the QAOA. However, the mean-field AOA entirely
breaks down if at a certain time #, quantum fluctuation
become sizable, i.e., (|n;(t,)|*>) ~ 1. This happens when
the largest Lyapunov exponent

Ao(t) ~ In+/N. (71)
We now investigate the properties of the Lyapunov expo-
nents A for several instances of the SK model. As shown
in Fig. 7 for N = 11, it is indeed possible to differenti-
ate between “easy” and “hard” instances on the basis of
these exponents. For the former case (left panels in Fig.
7), the mean-field AOA is found to return the exact ground
state, while the A remain small. Even here, however, the
shrinking of the gap is accompanied by an increase of the
Lyapunov exponents. For the “hard” instance (right panels
in Fig. 7), the mean-field AOA wrongly returns the sec-
ond excited state as a solution. In this case, both the first
crossing of the exact levels and the closing of the gap are
accompanied by a sharp increase in the Lyapunov expo-
nents. The estimate from Eq. (71) shows that both maxima
of the largest Lyapunov exponent for this instance are just
slightly below threshold and thus the spin system finds
itself in a regime of strong quantum fluctuations.

Before we discuss our simulations for larger system
sizes (Fig. 8), the following comments are in order. The
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FIG. 7. Exact eigenspectrum (upper panels) versus the Lya-

punov exponents (lower panels) for two concrete instances of
the SK model at N = 11. For the “easy” instance (left panels),
the schedule parameters are 7 = 1/2 and p = 2 x 10°; for the
“hard” instance (right panels), we have instead t = 1/2 and p =
5 x 10°. The dashed lines in the upper panels show the energy
E, returned by the mean-field AOA. The threshold in Eq. (71)
is evaluated to A¢(#) ~ 1.2. Only the three largest Lyapunov
exponents are shown.

first minigap in the exact spectrum of the adiabatic Hamil-
tonian H (s) (in the case of the SK model it is located at
s, = 0.5 as seen from Fig. 7) is the hallmark of the ergodic-
to-MBL quantum phase transition between a delocalized
paramagnet and a localized spin-glass phase [24]. This gap
is believed to have only a polynomial scaling with respect
to the system size, 1/N%, where « > 0 is a critical expo-
nent [52]. For larger random instances, it is understood
that subsequent small-gap bottlenecks appear deep in the
MBL phase close to the end of the adiabatic algorithm
[11]. As opposed to the first minigap, they are exponen-
tially small in N for NP-hard combinatorial optimization
problems. For the Hopfield model, which is a close ana-
logue of the SK model, such (stretched) exponential laws
in N were also conjectured in Ref. [21].

The appearance of the third sharp peak in the largest
Lyapunov exponent Ag(s) (see Fig. 8) is a semiclassical
counterpart of the above scenario related to the fact that
wy(s9) may become exponentially small in N at some point
s = 8¢, indicating the presence of a “hard” instance. The
adiabaticity condition of the mean-field AOA in this case
is broken provided that the run time, 7 = pt, is not suf-
ficiently long, T < 27 /wo(so). Under this condition, X (s)
develops time-dependent oscillations at s > 59, which can
be removed by choosing a larger 7 to restore adiabaticity.
However, the peak as such remains present and a notice-
able improvement of the approximate optimum E, is not
guaranteed. The sharp extrema in A¢(s) become progres-
sively larger for “hard” instances as N increases, although,

4 f f 1.5
Exact — N =33
= can field
I 21 T
. T 11.0
0 : T e
1.0 f ~<
N =18
T 105
2051 1
0.0 f f 0.0
0.0 0.5 1.0 0.0 0.5 1.0
s s

FIG. 8. Exacteigenspectrum (upper-left panel) versus the Lya-
punov exponents (lower-left and right panels) for two concrete
instances of the SK model at N = 18 and N = 33. For N =
18 (left panels), the schedule parameters are T = 0.5 and p =
2 x 10%; for N = 33 (right panel), we have instead 7 = 0.4 and
p =2 x 10* The dashed line in the upper-left panel shows the
energy E, returned by the mean-field AOA, while the oscillatory
black line in the lower-left panel shows the maximum exponent
fort =05andp =5 x 10°.

as we have found, the logarithmic threshold [Eq. (71)]
grows accordingly and is never violated.

The left panels in Fig. 8§ illustrate the outlined story for
N =18 in concrete terms. In agreement with the sharp
spike of the largest Lyapunov exponent toward the end, the
mean-field AOA does not return the correct ground state.
The main feature of Fig. 8 is, however, the characteris-
tic oscillations of the largest eigenvalue for p = 5 x 10
(black line in the background). As highlighted by the
smooth (red) line in the foreground, these oscillations dis-
appear for a very large value of p (2 x 10%). We stress
that these oscillations do not accompany the transition of
the system to a chaotic regime. However, in this case the
algorithm returns a poor approximate optimum described
by the rare-event statistics [Eq. (24)]. In the case of an even
larger system size, N = 33, we find that such oscillations
persist even at very large values of p.

C. Adiabaticity condition

We close this section by analyzing the complexity of
our classical algorithm for large N. First, note that at
times s > s, i.c., above the critical point of the ergodic-
to-MBL phase transition in the Hamiltonian H (s) of the
quantum spin system, the mobility edge in its many-body
spectrum emerges [23,53]. The states below the mobil-
ity edge are many-body localized, while those above are
ergodic, which can be diagnosed via their level-spacing
statistics [54]. For times s approaching the critical point
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from above, s — s, + 0%, the mobility edge merges with
the instantaneous ground state Ey(s,). We can then invoke
the classical-to-quantum correspondence [55] to identify
the ergodic part of the quantum spectrum with the classi-
cal chaotic regime of the mean-field spin Hamiltonian (3),
and analogously for the complementary MBL part and the
classical regular regime.

These considerations place a certain restriction on the
adiabaticity condition of the mean-field AOA. Specifically,
the run time 7 should be long enough, T > 27w /w(sy),
where w(s) is the smallest eigenvalue in the paramagnon
spectrum; see Eq. (50). Although it does not happen in the
SK model for N of order 10? that we have studied here,
the violation of this adiabaticity condition may trigger the
crossover of the classical spin dynamics into the chaotic
regime at s > s,, accompanied by a sharp increase of the
largest Lyapunov exponent A (s) that is incompatible with
the bound (71) justifying the semiclassical approximation.
Assuming that at s — s, the minigap in the paramagnon
spectrum behaves as wy(s,) ~ 1/N%, with o being a crit-
ical exponent associated with the ergodic-to-MBL phase
transition, we conclude that at fixed v the number of steps
p should scale at least as approximately N*. Referring to
our previous estimate from Sec. Il A, we then arrive at the
polynomial complexity of the mean-field AOA, O(pN?) =
O(N?**%). The main conclusion here is that since our clas-
sical algorithm delivers only an approximate optimum of
the NP-hard problem (for exact statements, see Secs. [I B 1
and 11 B 2), its run time does not scale exponentially in N.

IV. DISCUSSION AND OUTLOOK

In this work, we presented a quantum-inspired classical
algorithm. When applied to the alternating layers of prob-
lem and driver Hamiltonians characteristic of the QAOA,
the mean-field approximation yields closed, classical equa-
tions of motion that can be solved exactly for any number
of layers p and system sizes N. Therefore, in contrast to its
quantum analogue, the mean-field AOA is not limited to
very small values of p, making it convenient to mimic an
annealinglike schedule instead of optimizing the parame-
ters over the expectation value, as would be the case in the
standard QAOA.

A comparison of the mean-field AOA and the QAOA
revealed that the new algorithm can indeed serve as a use-
ful tool to identify optimization problems for which the
application of the QAOA could still prove advantageous.
That is, for any given problem, if the mean-field AOA does
a satisfactory job in finding approximate solutions, little
stands to be gained by switching to the full QAOA. A pos-
sible strategy for assessing this is to compare the approxi-
mate results returned by the two algorithms on exemplary
(small) problem instances both among themselves and with
available problem-specific classical solvers.

One possible criticism of our results for the SK model
is that the mean-field approximation can be expected to
perform well given the “self-averaging” properties of the
coupling matrix. However, it is not obvious that it should
perform better than the QAOA. Furthermore, as mentioned
in Sec. II B 1, the SK model was used only recently [32] to
demonstrate that the QAOA can outperform other classical
algorithms at p = 12 for large N. As demonstrated in Fig.
1, the mean-field AOA in turn surpasses this benchmark.

Our second benchmark, the partition problem of Sec.
11 B 2, is known to be NP complete [38]. While it was not
in line with the purpose of this work to compare the per-
formance of the new algorithm against the performance
of other classical algorithms specific to this problem, we
showed that the mean-field AOA, supplemented by a spin-
flip strategy, gives rise to a well-defined exponential distri-
bution for its output. This scaling works so precisely that
one could envision finding an analytical confirmation in
future work. The QAOA, in comparison, performs worse
on average than the mean-field AOA, even when the addi-
tional spin flips are not performed. Given the way the
QAOA needs to be implemented on actual hardware, we
also do not expect the spin-flip strategy to improve on the
typical bit strings returned upon measurement.

In the final part of the paper, Sec. III, we went beyond
the mean-field approximation and studied the Gaussian
quantum fluctuations via a spin-coherent-state path inte-
gral. We found very promising results that seem to open up
a number of perspectives for follow-up work. Most impor-
tantly, we believe the fluctuation analysis can have a useful
impact on the schedule design of annealing problems.

Finally, it could be interesting to pursue the mean-field
AOA as a novel optimization algorithm in its own right,
e.g., by investigating in some detail its performance on
the Hopfield model, or by adapting so-called shortcuts to
adiabaticity to the mean-field framework [24].
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APPENDIX A: QAOA VERSUS MEAN-FIELD AOA

Here we provide further details on the relationship
between our algorithm and the standard QAOA. In the
latter, one starts from the initial state

o) = [+ @1+)% @ @ |+)7, (A1)
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where |:|:)f( is the X basis of the ith qubit. After the QAOA
evolution, the quantum system ends up in the final state,
which one decomposes in the Z basis as

W)= a@)lo)f @ ® lon)

(T,'::l:

(A2)

with complex amplitudes a(o) = a(oy,...,on). The sum
runs over all of the 2V possible bit strings. The amplitudes
then yield the probabilities

la(o)?,

Qo) = (A3)

Y 06) =1,

to measure the system in the respective state.
In the mean-field AOA, one instead deals with classical
spin vectors

n () = (n¥ ), 7, (1), ()" . (A4)

They are normalized to unity, n(i)(p)‘2 =1, for all i =
I,...,N and at any time slice p of the algorithm. As men-
tioned in the main text, the initial condition is n®”(0) =
(1,0,0)”. The approximate probabilities P(a) follow
straightforwardly from these vectors. Under the mean-field
approximation, these probablities are factorizable, i.e.,

N
=[P,
i=1

where again ) P(o0) = 1. Of course, this factorization
generally does not hold for the probabilities O(o) extracted
from the full quantum approach.

In more detail, in the mean-field framework the ith qubit
possesses a density matrix

so _ L(1+m  np—im
P ) nf—l—inf 1—ni )’

such that, e.g., for an average x component of the spin one
has

P(0) PO(£) := (I:I:n(p)) (A5)

\S] |

(A6)

n =Tr[p?67] = (67), (A7)
where it should be understood that the brackets do not sig-
nify averaging over problem instances, as in the main text,
but the proper quantum average. Similar expressions are
valid for the y and z components of the spins. The full den-
sity matrix of the system in the mean-field approximation
also factorizes,

p=p A1) R ® p(N) (A8)
With this ansatz, any spin-spin correlation function over
different sites factorizes into a product of averages, i.e., its

irreducible part is, by definition, missing under the mean-
field approximation. This gives rise to another way of
expressing this approximation; namely,

(0:0;) = (0)(0;)

(A9)

for operators Oi = 6, with @ = x,y, z, where the brackets
again denote the quantum average.

APPENDIX B: SPIN PATH INTEGRAL

1. Spin-coherent states

The construction of the spin path integral starts from
the introduction of the basis of coherent states. Let the
states |0) and |1) form the computational basis where the
Pauli matrices 6%, a = x,y,z, are defined in the conven-
tional way. Then an arbitrary spin-coherent state |g) can
be obtained from |0) by a unitary rotation

|g> = gl()), _i¢&z/2e—i(-)&y/ze_iw&2/2’

g=e (B1)
with the group element g € SU(2) parameterized in terms
of three Euler angles. Note that the role of the angle
is merely an extra phase factor, i.e., one can always write
12) = |g)e V/2, where
— e—i¢6'z/2e—i96y/2, (Bz)
and now g is taken from the coset space isomorphic to
the two-sphere, ¢ € SU(2)/U(1) =~ S,. The state |g) is the
spin-coherent state. In spherical coordinates (6, ¢) it takes
the form
0 _isn Y

lg) = |0)cos§e —I—|1)s1n§e . (B3)
The collection of these states forms an overcomplete basis,
which can be seen from the resolution of the identity,

1
/ p@I)El = Y 196l nie) = 5 sin0dodp.

s=0,1
(B4)
Here, by definition, the bra state is
(gl = (01g". (BS)

Given the state |g), we define the associated density matrix
as

A

1 N
p=lg)gl= 71+, g:=g6g". (B6)

The matrix § satisfies §> = 1, which in turn implies the
purity of the density matrix, 5> = p, i.e., it is a projector.
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In spherical coordinates, with use of Eq. (B2), the g matrix

becomes

. [ cos® e sing

1= \e#sing  —cosh

n n* — my
= (nx i ) Z n“6*® B7)
oa=x,y,z

where n = (n*,n”,n*)T € S, is the unit vector defining the
Bloch sphere.

2. Stereographic projection

The choice of spherical coordinates to parameterize g is
not unique. One can equivalently define it using complex
coordinates z € C, which we widely use to introduce the
quantum fluctuations around the mean-field trajectories in
the spin path integral. To this end we define the stereo-
graphic projection P : C — Sy, z > (n*,n”,n*)T from the
complex plane to the sphere via

2 + (1 — |z
n +in = al , nzzw
1+ |z 1+ |z

(B8)
The inverse mapping (from the sphere S, onto C) reads

(B9)

n* +in’ €' tan %,
1+nm

e cot %.

Under this mapping, the north pole (0,0, 1) [south pole
(0,0, —1)] is projected onto the origin of C, the south pole
(north pole) goes to infinity, and the equator becomes the
unit circle |z| = 1. In complex coordinates, one defines the
matrices g and ¢ in the following way:

. 1z
U+ 2z 1)

A AmzA_ 1 1 —|z|? 2z
z 1
= = B10
q 80°8 1 |Z|2 ( 2z 1 |Z|2 ( )

when the north pole goes to the origin, and

. 1 1 =z
A+ 22 \—z 1)

I (142
Tt o2

oQ>

2 |2> (B11)

for the opposite case. The ¢ matrix here agrees with Eq.
(B7) under the stereographic projection [Eq. (B8)]. On the
other hand, the functional form of g is different from the
original definition [Eq. (B2)]. The rule is that one consid-
ers any two matrices ¢ and &’ related by §' = ge /2
to define the same element of the coset space. With this

remark, both definitions, Egs. (B2) and (38), are equivalent
since they correspond to the same density and ¢ matrices.

The coherent state related to the above g matrix is
defined in the same fashion as before,

exp(z67/2)|0) _ |0) +z|1)
(I+ 2172 A+ 2PV

lg) = £10) = (B12)

This agrees with the definition of the normalized coher-
ent states in Ref. [20]. For completeness, we note that the
resolution of the identity takes the form

/M(g)lg (gl=Y_ls)sl, @ =

5s=0,1

2 dxdy
7 (1+|zP)?
(B13)

in complex coordinates z = x + iy.

3. Berry phase

To expand the Berry-phase term S; of Eq. (33) into coor-
dinate representations, we use|0X0| = (1 + 67)/2 together
with the definition of spin-coherent states to obtain

5 = / @iz =3 / di (018" (92)10)
0
— EZ /O dr Tr[(1 + 6787 98]

(B14)

Il (7
-y /O di Te[6°570,2)
i=1

The first term of the expression in the second line is a
boundary term that is evaluated to zero,

T T
d

/ tr(g' 9,8)dt = / dt —Indetg; =0, (B15)
0 0 dt

since by the definition of unitary groups, we have det g; =
1. The Berry phase written in the invariant form [Eq.
(B14)] is a convenient starting point to derive specific
coordinate representations. Using the explicit expressions
for g in either spherical or complex coordinates, one finds

T
ZlZl ZlZl N 7
= — dt ¢; cos 6;.
2/ T+ P ’Z/o picost
(B16)
4. Hamiltonian

To show how Sy emerges, we start from the driving
Hamiltonian. We use the density matrix p = |g)(g| defined
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in Eq. (B6) to get

(glHp(1)g) =

——ZATr(a §) = — ZAn

The projection #}(f) can be now expressed in terms of
either spherical angles [Eq. (B7)] or complex coordinates
z; [Eq. (B8)], depending on the choice of parameterization
of the Bloch sphere. Similarly, for the Ising Hamiltonian,
one finds
(lp(0lg) = = ) JyTr@*p)Tr(6"p")

i<j

_ 1 ZJU Tr(67¢:)Tr(6°G;)

l<]

— 4
=— E Jijnin;.

i<j

(B17)

The linear combination of the two above pieces finally
gives the action Sy .

5. Mean-field equations as a saddle point

Here we use the least-action principle to derive the
mean-field equations from the action S = S; + Sy. One
possible way is to accomplish this directly by using some
coordinate system—say, the complex coordinates from the
stereographic projection. It is, however, instructive to also
derive the equations of motion in a coordinate-free manner.

To simplify the discussion, we consider a single spin
rotating in the arbitrary magnetic field B = (B*, 8", B*)”.
This problem is described by an action S with

. T . T
Sy = _i/ dfTr [B"‘ O’q] —1/ dtB-n. (B18)
4 0 2 0

Again, g is the traceless part of the density matrix for each
spin; see Eq. (B7). Consider first the variation of the Berry
phase, S, given by Eq. (B14). Let §g be a variation of .
Since ((SQ) &'+ 4887 =0, we find
8¢ =—glogg (B19)

A similar relation holds for 9,g~!. Equipped with these
relations, we find for the variation of the Berry phase

1
88 = -3 / drTr(g719,382). (B20)
Since 8g is an arbitrary unitary matrix, we find
. 0S] 1, .
= —=04. B21
5% 504 (B21)

To get the variation of Sy, one has to proceed along the
same lines. The result is

8Su =—7 / dt B*Tr [g7'[4,6°188]. (B22)
which yields
NN I o an
= ——[g,B%“]. B23
85 = 31450 (B23)
Thus, the saddle-point equations of motion are
I
i0,q = E[q,B"‘o*“]. (B24)

Expanding ¢ = n*6“ and using the commutation relations
[6%,6P] = 2ieyp,67, we find the saddle-point equations
can be rephrased as

on=nxB, (B25)

which is the Larmor precession of a spin in the magnetic
field B.

The generalization to a multispin problem is now trivial.
Each spin is rotating in the effective magnetic field

Bi = 2(1 - S)A,'éx + 2Si’}’liéz, (B26)

where m; was defined in Eq. (6), and the equations of
motion remain the same as above, 0,n; = n; X B;.

For completeness, we now also give the derivation of
the complex-coordinate representation of the saddle-point
equations, Eq. (45). As shown in the main text, the starting
point is the action in the form of Eq. (44). If we ignore
boundary terms, the variation of S; then becomes

88 = Z/

zl 0z; — zl(SZ,

(1+ 1zi1?)

(B27)

Together with the variation of the Hamiltonian part, one
thus recovers Eq. (45).

6. Derivation of the action for fluctuations

To obtain Eq. (46), one should again start from Eq. (44)
and substitute z; — z; + 8z; with the variation 6z; given
by Eq. (42). On expanding the expression in »;, the lin-
ear terms will vanish, provided the saddle-point equation
(45) is satisfied. Expansion to second order in the n; pro-
duces the Gaussian action of fluctuations [Eq. (46)], where
the diagonal elements of the matrices 4 and B are the same
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as found in Ref. [20],

Aii:l 9 (1+|1|) H+(Zz<_>zz)
2 0z;

Bi= (1 + PPl (B28)
0z; 0z;

while we find similar expressions for the off-diagonal
elements,

2

— ]
aZiBZj
2

By =+ 1z + 1z i
v ' 7 8z0z

Ay = 1+ 1z + |z

(B29)

From these, one can see that 4 is Hermitian and B is
symmetric. For the specific Hamiltonian (34), the above
general expressions for the matrix elements then reduce to
Eqgs. (47) and (48).

Below we comment on some technical details used to
derive the above expressions. We start from the Berry-
phase contribution, which produces the time-derivative
term in the action [Eq. (46)]. To simplify the discussion,
we assume that the final bit string has sign(n?(T)) = 1 for
all i. Substituting &/ = &;g,e”¥° into the Berry term [Eq.
(B14)], one finds that the action is split into three terms,

1 T S P4
= [ (erene )

+Tr (6% 0&) + Tr (2g™'08)),  (B30)

where we have defined ¢; = g;6°g; ! The first term is
evaluated to the boundary contribution

T
iy /0 3,4 = =i Y [0 (D) = YO

(B31)

which is zero since the fluctuations are absent at the bound-
aries, 1;(0) = n;(T) = 0. To obtain the contribution to the
fluctuation action, one has to go to second order in the #;.
Then the second term in Eq. (B30) is again the Berry phase
[Eq. (B16)], yet now evaluated for g;, which to this order
becomes

Tr(6°g; ' 8,&) = Midyti — nidyh. (B32)
Written in matrix form, it reproduces the time-derivative
term in the action [Eq. (46)]. To simplify the final term of
the action [Eq. (B30)], we note that g; is of the same form

as the ¢ matrix [Eq. (B10)], with z replaced by ;. When

the latter are small, we find
~ 1—2/p? 2n; 3
;= o), B33

which in turn generates the following second-order contri-
bution to the action [Eq. (B30)]:

(ZlZl ZlZl
Pexamr
oH
_12/ dt | (1+|z,|>(zla_ +zlaZi),

(B34)

where have also used the equations of motion [Eq. (45)].
The variation of the Hamiltonian part of the action, Sy in
Eq. (44), is straightforward. On taking into account that to
linear order 8z; = (1 + |z;|*)n;, one arrives at Eqs. (B28)
and (B29). The difference in the analytical expressions
for the diagonal and off-diagonal elements stems from Eq.
(B34), which contributes only to the diagonal entries.

APPENDIX C: TRANSFER MATRIX

Here we summarize some basic facts regarding the
transfer-matrix technique that was used in Appendix B 6.
At each time ¢, the transfer matrix M (f) can be written in

its canonical form [50],
U coshA sinhA\ [V
M= ( (ﬁ) (sinhk coshk) ( V’T> - (€D
,Ay) is the set of so-called pos-

Here A = diag(A, 1o, ...
itive Lyapunov exponents, while U, U, V,V € U(N) are
unitary matrices. The time dependence of these quantities
is suppressed for brevity. Physically, the role of the uni-
taries is to rotate an initial basis of incoming and outgoing
scattering states into a preferred basis, where the scattering
occurs pairwise among right and left eigenmodes, which
in turn are characterized by the corresponding Lyapunov
exponents A;. The block structure of the decomposition
[Eq. (C1)] matches the block form of the matrix 73, see Eq.
(49), such that the law of “flux conservation” [Eq. (67)]
holds.

At time ¢ = 0 scattering is absent, and thus M (0) =
0. A special situation discussed in the main text is the
so-called reflectionless potential, when all 1;(T) = 0. In
this case, the transfer matrix M (7) is block diagonal,
such that [M o(T), fg] = 0. For the problem at hand, such
reflectionless scattering potentials are realized by the effec-
tive Hamiltonian of paramagnons [Eq. (49)] whenever the
classical spin trajectories converge to the final bit string
o, exactly, i.e., one has n;” (T) =0 for each spin (up
to numerical precision). We are not aware of a simple
explanation of this remarkable fact.
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The time dependence of the Green’s function under such
conditions is simplified to g(t) = M (H)T:M ~1(#). Indeed,
since in this case the matrices M (T) and 73 commute at =
T, the evolution brings g(7) back to 73, and the initial and
final values of g(#) are both in accord with the boundary
condition [Eq. (60)] for the spin path integral.

[1] A. Lucas, Ising formulations of many NP problems, Front.
Phys. 2, (2014).

[2] B. Apolloni, C. Carvalho, and D. de Falco, Quantum
stochastic optimization, Stoch. Process. Appl. 33, 233
(1989).

[3] B. Apolloni, N. Cesa-Bianchi, and D. De Falco, in Stochas-
tic Processes, Physics and Geometry: Proceedings of the
Ascona-Locarno Conference (1990), p. 97.

[4] T. Kadowaki and H. Nishimori, Quantum annealing in the
transverse Ising model, Phys. Rev. E 58, 5355 (1998).

[5] E. Farhi, J. Goldstone, S. Gutmann, J. Lapan, A. Lundgren,
and D. Preda, A quantum adiabatic evolution algorithm
applied to random instances of an NP-complete problem,
Science 292, 472 (2001).

[6] V. Bapst, L. Foini, F. Krzakala, G. Semerjian, and F. Zam-
poni, The quantum adiabatic algorithm applied to random
optimization problems: The quantum spin glass perspec-
tive, Phys. Rep. 523, 127 (2013).

[7] T. Albash and D. A. Lidar, Adiabatic quantum computation,
Rev. Mod. Phys. 90, 015002 (2018).

[8] W. van Dam, M. Mosca, and U. Vazirani, in Proceed-
ings 42nd IEEE Symposium on Foundations of Computer
Science (2001), p. 279.

[9] B. W. Reichardt, in Proceedings of the Thirty-Sixth Annual
ACM Symposium on Theory of Computing, series and num-
ber STOC ’04 (Association for Computing Machinery,
New York, NY, USA, 2004), p. 502.

[10] M. H. S. Amin and V. Choi, First-order quantum phase tran-
sition in adiabatic quantum computation, Phys. Rev. A 80,
062326 (2009).

[11] B. Altshuler, H. Krovi, and J. Roland, Anderson localiza-
tion makes adiabatic quantum optimization fail, Proc. Natl.
Acad. Sci. 107, 12446 (2010).

[12] E. Farhi, J. Goldstone, and S. Gutmann, A quantum approx-
imate optimization algorithm (2014), ArXiv:1411.4028.

[13] J. Preskill, Quantum computing in the NISQ era and
beyond, Quantum 2, 79 (2018).

[14] E. Farhi and A. W. Harrow, Quantum supremacy through
the quantum approximate optimization algorithm (2016),
ArXiv:1602.07674.

[15] G. E. Crooks, Performance of the quantum approximate
optimization algorithm on the maximum cut problem
(2018), ArXiv:1811.08419.

[16] S. Hadfield, Z. Wang, B. O’Gorman, E. G. Rieffel, D.
Venturelli, and R. Biswas, From the quantum approximate
optimization algorithm to a quantum alternating operator
ansatz, Algorithms 12, 34 (2019).

[17] L. Zhou, S.-T. Wang, S. Choi, H. Pichler, and M. D. Lukin,
Quantum Approximate Optimization Algorithm: Perfor-
mance, Mechanism, and Implementation on Near-Term
Devices, Phys. Rev. X 10, 021067 (2020).

[18] M. Dupont, N. Didier, M. J. Hodson, J. E. Moore, and M.
J. Reagor, Calibrating the Classical Hardness of the Quan-
tum Approximate Optimization Algorithm, PRX Quantum
3, 040339 (2022).

[19] L. T. Brady, C. L. Baldwin, A. Bapat, Y. Kharkov, and A.
V. Gorshkov, Optimal Protocols in Quantum Annealing and
Quantum Approximate Optimization Algorithm Problems,
Phys. Rev. Lett. 126, 070505 (2021).

[20] M. Stone, K.-S. Park, and A. Garg, The semiclassical prop-
agator for spin coherent states, J. Math. Phys. 41, 8025
(2000).

[21] S.Knysh, Zero-temperature quantum annealing bottlenecks
in the spin-glass phase, Nat. Commun. 7, 12370 (2016).

[22] S. Mukherjee, S. Nag, and A. Garg, Many-body
localization-delocalization transition in the quantum
Sherrington-Kirkpatrick model, Phys. Rev. B 97, 144202
(2018).

[23] F. Alet and N. Laflorencie, Many-body localization: An
introduction and selected topics, C. R. Phys. 19,498 (2018).

[24] H. Wang, H.-C. Yeh, and A. Kamenev, Many-body local-
ization enables iterative quantum optimization, Nat. Com-
mun. 13, 5503 (2022).

[25] T. Bode, D. Bagrets, A. Misra-Spieldenner, T. Stollen-
werk, and F. Wilhelm, Mean-field approximate optimiza-
tion algorithm (2023).

[26] J. Bezanson, A. Edelman, S. Karpinski, and V. B. Shah,
Julia: A fresh approach to numerical computing, SIAM
Rev. 59, 65 (2017).

[27] T. Bode, D. Bagrets, A. Misra-Spieldenner, T. Stollenwerk,
and F. K. Wilhelm, QAOA j1: Toolkit for the quantum and
mean-field approximate optimization algorithms, J. Open
Source Softw. 8, 5364 (2023).

[28] M. Willsch, D. Willsch, F. Jin, H. De Raedt, and K.
Michielsen, Benchmarking the quantum approximate opti-
mization algorithm, Quantum Inf. Process. 19, 197 (2020).

[29] Note that if the Hamiltonian Hp possesses Z, symmetry,
ie, ;=0 foralli=1,...,N, then it is crucial to explic-
itly break this symmetry by fixing one of the spins [we
typically fix the “last” spin to +1, thus introducing local
magnetic fields as in Eq. (19)]. Otherwise, the algorithm
will simply remain in the initial state.

[30] D. Sherrington and S. Kirkpatrick, Solvable Model of a
Spin-Glass, Phys. Rev. Lett. 35, 1792 (1975).

[31] D. Panchenko, The Sherrington-Kirkpatrick Model
(Springer, Springer New York, NY, 2013).

[32] E. Farhi, J. Goldstone, S. Gutmann, and L. Zhou, The
quantum approximate optimization algorithm and the
Sherrington-Kirkpatrick model at infinite size, Quantum 6,
759 (2022).

[33] M. Palassini, Ground-state energy fluctuations in the Sher-
rington—Kirkpatrick model, J. Stat. Mech.: Theory Exp.
2008, P10005 (2008).

[34] G. Parisi, Infinite Number of Order Parameters for Spin-
Glasses, Phys. Rev. Lett. 43, 1754 (1979).

[35] M. Aizenman, J. L. Lebowitz, and D. Ruelle, Some rigorous
results on the Sherrington-Kirkpatrick spin glass model,
Commun. Math. Phys. 112, 3 (1987).

[36] A. Montanari and S. Sen, in Proceedings of the Forty-
Eighth Annual ACM Symposium on Theory of Computing,
series and number STOC ’16 (Association for Computing
Machinery, New York, NY, USA, 2016), p. 814.

030335-18


https://doi.org/10.3389/fphy.2014.00005
https://doi.org/10.1016/0304-4149(89)90040-9
https://doi.org/10.1103/PhysRevE.58.5355
https://doi.org/10.1126/science.1057726
https://doi.org/10.1016/j.physrep.2012.10.002
https://doi.org/10.1103/RevModPhys.90.015002
https://doi.org/10.1103/PhysRevA.80.062326
https://doi.org/10.1073/pnas.1002116107
https://arxiv.org/abs/1411.4028
https://doi.org/10.22331/q-2018-08-06-79
https://arxiv.org/abs/1602.07674
https://arxiv.org/abs/1811.08419
https://doi.org/10.3390/a12020034
https://doi.org/10.1103/PhysRevX.10.021067
https://doi.org/10.1103/PRXQuantum.3.040339
https://doi.org/10.1103/PhysRevLett.126.070505
https://doi.org/10.1063/1.1320856
https://doi.org/10.1038/ncomms12370
https://doi.org/10.1103/PhysRevB.97.144202
https://doi.org/10.1016/j.crhy.2018.03.003
https://doi.org/10.1038/s41467-022-33179-y
https://doi.org/10.1137/141000671
https://doi.org/10.21105/joss.05364
https://doi.org/10.1007/s11128-020-02692-8
https://doi.org/10.1103/PhysRevLett.35.1792
https://doi.org/10.22331/q-2022-07-07-759
https://doi.org/10.1088/1742-5468/2008/10/P10005
https://doi.org/10.1103/PhysRevLett.43.1754
https://doi.org/10.1007/BF01217677

MEAN-FIELD APPROXIMATE OPTIMIZATION ALGORITHM

PRX QUANTUM 4, 030335 (2023)

[37] A. Montanari, in 2019 IEEE 60th Annual Symposium
on Foundations of Computer Science (FOCS) (2019),
p. 1417.

[38] M. Mézard and A. Montanari, Information, Physics,
and Computation (Oxford University Press, Oxford,
2009).

[39] X.-Z. Luo, J.-G. Liu, P. Zhang, and L. Wang, Yao.jl: Exten-
sible, efficient framework for quantum algorithm design,
Quantum 4, 341 (2020).

[40] M. Innes, A. Edelman, K. Fischer, C. Rackauckas, E. Saba,
V. B. Shah, and W. Tebbutt, A differentiable programming
system to bridge machine learning and scientific computing
(2019),.

[41] V. Gurarie and A. Altland, Magnon localization in Mattis
glass, J. Phys. A: Math. Gen. 37, 9357 (2004).

[42] N. Karmarkar and R. M. Karp, The Differencing Method
of Set Partitioning, Tech. Rep. UCB/CSD-83-113 (institu-
tion EECS Department, University of California, Berkeley,
1983).

[43] B. Yakir, The differencing algorithm LDM for partition-
ing: A proof of a conjecture of Karmarkar and Karp, Math.
Oper. Res. 21, 85 (1996).

[44] A. Altland and B. D. Simons, Condensed Matter Field
Theory (Cambridge University Press, Cambridge, 2010),
2nd ed.

[45] A. Kamenev, Field Theory of Non-equilibrium Systems
(Cambridge University Press, Cambridge, 2023).

[46] L. M. Sieberer, S. D. Huber, E. Altman, and S. Diehl,
Nonequilibrium functional renormalization for driven-
dissipative Bose-Einstein condensation, Phys. Rev. B 89,
134310 (2014).

[47] A. L. Shelankov, On the derivation of quasiclassical equa-
tions for superconductors, J. Low Temp. Phys. 60, 29
(1985).

[48] Y. V. Nazarov, Novel circuit theory of Andreev reflection,
Superlattices Microstruct. 25, 1221 (1999).

[49] P.Neven, D. Bagrets, and A. Altland, Quasiclassical theory
of disordered multi-channel Majorana quantum wires, New
J. Phys. 15, 055019 (2013).

[50] C. W. J. Beenakker, Random-matrix theory of quantum
transport, Rev. Mod. Phys. 69, 731 (1997).

[51] We regularize the equal-time average as {|n;()|*)
L0t + 0) + ()it + 0)).

[52] For the closely related fully connected Hopfield model, it
was argued recently [21] that @ = 1/3.

[53] J.L.C. d. C. Filho, Z. G. Izquierdo, A. Saguia, T. Albash, I.
Hen, and M. S. Sarandy, Localization transition induced by
programmable disorder, Phys. Rev. B 105, 134201 (2022).

[54] V. Oganesyan and D. A. Huse, Localization of interact-
ing fermions at high temperature, Phys. Rev. B 75, 155111
(2007).

[55] S.-D. Borner, C. Berke, D. P. DiVincenzo, S. Trebst, and
A. Altland, Classical chaos in quantum computers (2023),
ArXiv:2304.14435.

030335-19


https://doi.org/10.22331/q-2020-10-11-341
https://doi.org/10.1088/0305-4470/37/40/003
https://doi.org/10.1287/moor.21.1.85
https://doi.org/10.1103/PhysRevB.89.134310
https://doi.org/10.1007/BF00681651
https://doi.org/10.1006/spmi.1999.0738
https://doi.org/10.1088/1367-2630/15/5/055019
https://doi.org/10.1103/RevModPhys.69.731
https://doi.org/10.1103/PhysRevB.105.134201
https://doi.org/10.1103/PhysRevB.75.155111
https://arxiv.org/abs/2304.14435

	I.. INTRODUCTION
	II.. MEAN-FIELD APPROXIMATE OPTIMIZATION ALGORITHM
	A.. Algorithm
	B.. Performance
	1.. Sherrington-Kirkpatrick model
	2.. Number partitioning


	III.. PATH-INTEGRAL APPROACH
	A.. Spin-coherent-state path integral
	B.. Fluctuations around the mean field
	1.. The action of Gaussian fluctuations
	2.. The dynamics of quantum fluctuations

	C.. Adiabaticity condition

	IV.. DISCUSSION AND OUTLOOK
	. ACKNOWLEDGMENTS
	. APPENDIX A: QAOA VERSUS MEAN-FIELD AOA
	. APPENDIX B: SPIN PATH INTEGRAL
	1.. Spin-coherent states
	2.. Stereographic projection
	3.. Berry phase
	4.. Hamiltonian
	5.. Mean-field equations as a saddle point
	6.. Derivation of the action for fluctuations

	. APPENDIX C: TRANSFER MATRIX
	. REFERENCES


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


