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We introduce SamBa–GQW, a novel
quantum algorithm for solving binary com-
binatorial optimization problems of arbi-
trary degree with no use of any classi-
cal optimizer. The algorithm is based
on a continuous-time quantum walk on
the solution space represented as a graph.
The walker explores the solution space to
find its way to vertices that minimize the
cost function of the optimization prob-
lem. The key novelty of our algorithm is
an offline classical sampling protocol that
gives information about the spectrum of
the problem Hamiltonian. Then, the ex-
tracted information is used to guide the
walker to high quality solutions via a quan-
tum walk with a time-dependent hopping
rate. We investigate the performance of
SamBa–GQW on several quadratic prob-
lems, namely MaxCut, maximum inde-
pendent set, portfolio optimization, and
higher-order polynomial problems such as
LABS, MAX-k-SAT and a quartic re-
formulation of the travelling salesperson
problem. We empirically demonstrate
that SamBa–GQW finds high quality ap-
proximate solutions on problems up to a
size of n = 30 qubits by only sampling
poly(n) states among 2n possible decisions.
Furthermore, SamBa–GQW compares in
par with classically optimized variational
approaches, such as the variational guided
quantum walk and QAOA (the latter when
run on deep circuits). This places Samba–
GQW as a promising heuristic to tackle
combinatorial problems beyond the NISQ
Ugo Nzongani: ugo.nzongani@lis-lab.fr

regime.

1 Introduction

Combinatorial optimization is a natural bench-
mark for quantum algorithms. On the one hand,
its hard classical nature makes its problems very
challenging to solve classically at scale, since the
solution space grows exponentially in the number
of variables. On the other hand, by its very na-
ture, a quantum computer offers new, compact
ways of exploring an exponential space with only
a linear number of qubits. As a result, new quan-
tum methods are emerging and may offer an ad-
vantage over their classical counterparts [1].

On current noisy devices (NISQ), common ap-
proaches for solving combinatorial optimization
problems on quantum computers leverage varia-
tional quantum algorithms (VQAs)[2–4], which
alternate between a classical optimizer and a
parametric quantum observable evaluation. This
class of algorithms is tailored to current machines,
since the depth of the circuit is often a parameter
of the algorithm and can be chosen to be small,
trading-off accuracy [5].

Among those algorithms, the quantum approx-
imate optimization algorithm (QAOA) [6, 7] is
surely the most studied, and it comes with many
variants [8–14]. The performance and potential
advantage of QAOA is still under debate, but
some (albeit limited) empirical evaluations show
that it could have the potential of offering scaling
advantage over classical methods for some clas-
sically intractable problems [15, 16]. However,
QAOA, as many (if not all) variational methods,
suffers from the presence of barren plateaus [17],
which make the classical optimization phase very
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difficult, limiting any potential quantum advan-
tage.

In order to overcome the need for a clas-
sical optimization step, we turn to quantum
walks. Quantum Walks (QWs) are a coherent
transportation model on graphs and a funda-
mental tool for simulating physics [18–21], and
designing quantum algorithms [22–27]. They
are a universal model of quantum computation
[28, 29], defined in discrete [30] and continuous-
time [31]. Furthermore, one can interpret QAOA
on n qubits as continuous-time QW on the
n-dimensional hypercube where each computa-
tional basis state corresponds to a vertex of the
hypercube.

Several QWs schemes have been proposed for
solving combinatorial optimization problems. In
the discrete-time settings, some works propose a
quantum version of Metropolis-Hasting algorithm
with coined QWs [32, 33]. In the continuous-time
setting, QWs were shown to be a good candi-
date for finding ground states of spin glass prob-
lems [34], which is equivalent to finding the opti-
mal solution of an optimization problem. An-
other example is the quantum walk optimiza-
tion algorithm (QWOA) [35–37], which combines
the traditional QAOA with a mixer based on a
continuous-time QW. The QW evolves on a graph
that only connects feasible solutions. This latter
approach however requires classically enumerat-
ing and encoding all feasible solutions, which can
be as hard as the original optimization problem.

Other works introduce the concept of multi-
stage QWs for tackling optimization problems
[38, 39], which consists of alternating several QWs
with different piece-wise constant hopping rates.
In this context, the guided quantum walk (GQW)
scheme [40] is an extension of multistage QWs,
and is a mixture between QWs and quantum an-
nealing. The authors show that solving a com-
binatorial optimization problem is equivalent to
finding an optimal hopping rate for the quan-
tum walker to guide it towards high quality solu-
tions. This hopping rate is strictly monotonous,
positive, and it depends on the spectrum of the
Hamiltonian encoding the cost function. They
then turn to a classical optimizer to determine
optimal control points of a Bézier curve that
models the hopping rate. The numerical results
are very encouraging and compare very favorably
with respect to quantum annealing and standard

quantum walks; yet, the classical optimization
leads to exponential scalings [40] of the number
of required iterations. Interestingly, other recent
methods also use time-dependent scheduling to
solve combinatorial optimization problems by us-
ing Planck’s principle rather than adiabatic prin-
ciple [41], and without any classical optimization
[42]. See also [43] for further interesting work on
the non-adiabatic regime.

In this paper, we offer the following contribu-
tions.

First, we overcome the scaling problems of
GQW [40] by introducing an offline classical
sampling protocol and present Sampled-Based
Guided Quantum Walk (SamBa–GQW). This
algorithm is non-variational: the continuous-time
QW is specified after the sampling protocol is
run and we do not need any classical optimizer.
This avoids the scaling issues and potential bar-
ren plateaus.

Second, we present a quantum circuit imple-
mentation for SamBa–GQW whose depth is
polynomial with respect to the number of qubits.
This step turns the continuous-time QW into
a circuit implementable on gate-based quantum
computers.

Third, we showcase our algorithm on several
combinatorial optimization problems, obtaining
consistently high quality approximate solutions,
if not the optimal one with high probability. The
algorithm compares very well with respect to the
original GQW, reducing its execution time by at
least one order of magnitude, and in par with
QAOA in terms of approximation ratios, when
run on deep circuits.

The worst-case time complexity of SamBa–
GQW in the continuous-time regime is inversely
proportional to the spectral gap of the problem
Hamiltonian, which is characteristic from adia-
batic evolutions. As such, the found circuit depth
also depends on the spectral gap. However, in
our simulations, we observe average-case short
evolution times, with respect to the number of
qubits, for almost all problems. Furthermore, we
observe that one does not have to perform the
total evolution for the state vector to be well lo-
calized. Thus, for long time evolution, one could
only perform a part of the quantum walk evolu-
tion, measure prematurely several times to ob-
tain an approximation of the distribution, which
is well localized with respect to the initial distri-
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bution, and classically recover the best solutions
efficiently.

Organization. After a short background
section (Section 2), we present our contribution:
SamBa–GQW, in Section 3. We formally intro-
duce the set of combinatorial problems on which
we test our algorithm in Section 4, and we show-
case our numerical results in Section 5. Lastly,
we compare our method with the state of the art:
GQW and QAOA in Section 6.

2 Background
We present here the necessary background.

Throughout the paper, we will be interested in
solving binary optimization problems in the form,

x∗ ∈ arg min
x∈{0,1}n

C(x) subject to x ∈ F , (1)

where C : {0, 1}n → R is the cost, and F the
constraint set. We call x a decision while we label
x∗ the optimal solution. We also call any x ∈
{0, 1}n ∩ F a feasible decision (i.e., any binary
decision that respects the constraints). If x is a
feasible decision, then an ϵ-approximate solution
(ϵ > 0) is a vector, such that,

C(x)− C(x∗) ≤ ϵ.

In the following, C(x) will be represented as a
polynomial in x, while F will be either the whole
space (in such case, we call the problem uncon-
strained), or a linear constraint.

2.1 Adiabatic evolution for optimization

The solution of a combinatorial optimization
problem as (1) of n binary variables can be ex-
pressed as a bitstring x = {0, 1}n. When the
problem is unconstrained, the space of solutions
scales exponentially with the size of the problem
as there are N = 2n candidates.

Naturally, one can use n qubits to represent
this candidate space as a N -dimensional Hilbert
space H⊗n. One can use then the cost Hamilto-
nian to apply a bias on each computational basis
state as,

HC =
N−1∑
j=0

C(j) |j⟩ ⟨j| . (2)

Variational quantum algorithms take inspira-
tion from quantum annealing for solving such

problems. The principle consists of interpolating
between two non-commuting Hamiltonians with
a specific annealing schedule. Such adiabatic evo-
lutions are of the form [44, 45]:

H(t) =
(

1− t

T

)
H0 + t

T
H1. (3)

The adiabatic theorem of quantum mechanics
states that if the system starts in the ground state
of H0 and evolves slowly enough, it will remain
in the ground state of H(t) during the evolution.
Eventually, it will end up in the ground state of
H1 when t = T . Therefore, if the Hamiltonians
are chosen such that the ground state of H0 is
easy to prepare and that of H1 encodes the so-
lution of a combinatorial optimization problem,
an adiabatic evolution would lead to the optimal
solution [44, 45]. A perfect candidate for the role
of the starting Hamiltonian in the unconstrained
case is the transverse magnetic field:

HM = −
n−1∑
j=0

σx
j , (4)

where σx
j is the Pauli-X matrix applied on qubit

j. The ground state of HM is the uniform su-
perposition over the computational basis states,
which is trivial to prepare with a Hadamard
transform on the n input qubits |0⟩⊗n:

|+⟩⊗n = 1√
N

N−1∑
j=0
|j⟩ . (5)

Thus, setting H0 = HM and H1 = HC in
Eq. (3) would induce a continuous-time evolution
for solving combinatorial optimization problems.
Moreover, sinceHM corresponds to the adjacency
matrix of an n-dimensional hypercube, this evo-
lution can be interpreted as a continuous-time
quantum walk on an hypercube with a vertex-
dependent potential field (induced by HC as it
applies a quality-dependent weight on each ver-
tex). Hence, the Hilbert space is spanned by the
vertices of the n-dimensional hypercube, i.e. each
solution x is associated to vertex |x⟩.

2.2 Guided Quantum Walk
The authors of Ref. [40] revisit the continuous

evolution (3) by proposing to use a more gen-
eral time-dependent hopping rate (later indicated
with Γ(t)) for the annealing schedule, as:

H(t) = Γ(t)HM +HC . (6)
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To determine an optimal Γ(t), they leverage
the theory of local amplitude transfer and the
energy levels of the Hamiltonians. The intuition
is that if the energy levels of Γ(t)HM and HC

are balanced, then the transfer between the two
Hamiltonians is the greatest and it is more proba-
ble that the evolution favors high quality approx-
imate solutions.

Let Γ be a function of the energy E: Γ = Γ(E).
Then, one can compute the local energy gaps be-
tween vertices j and k for HM and HC to be
|∆M

jk | = 2 and ∆C
jk = | ⟨j|HC |j⟩ − ⟨k|HC |k⟩ |,

respectively. Moreover, the transfer of amplitude
from the highest to the lowest local energy state
is maximized when the relative strength between
HM and HC is balanced, i.e. |Γ(E)∆M

jk | ≈ ∆C
jk.

By using such balancing condition, one can derive
the hopping rate as [40]:

Γ(E) = ⟨∆
C⟩(E)
2 , (7)

where ⟨∆C⟩(E) is the average of largest energy
gaps at energy E.

Now, we can naturally map Γ(E) to a func-
tion of time: the hopping rate starts at high
values and monotonically decreases such that
Γ(t = 0 ≡ Emax) and Γ(t = T ≡ Emin).
This time-dependent hopping rate will sequen-
tially activate different regions of the solution
graph (n-dimensional hypercube) and gradually
confine the walker to low-energy regions, i.e., op-
timal solutions. Since Eq. (7) requires knowledge
of the spectrum of HC , its computation is ex-
ponential in n. To overcome this issue, the au-
thors of Ref. [40] use an ansatz parametrized with
six parameters to approximate the shape of Γ(t).
However, their approach leads to an exponential
scaling of the number of iterations of the varia-
tional approach with respect to the problem size,
for the classical optimization.

3 Sampled-Based Guided Quantum
Walk

We are now ready to propose a one-shot algo-
rithm for solving combinatorial optimization on
quantum computers without using any classical
optimizer.

The key idea is that one does not need to have
the exact spectrum of HC nor optimize a complex

Algorithm 1: Sampled-Based Guided
Quantum Walk (SamBa–GQW)

Input: Optimization problem of n variables
Output: An approximate solution

1 Classical offline part
2 Perform the sampling protocol (Sampler, Alg. 2)

for q = poly(n) samples
3 Build the annealing schedule Γ(t) via Builder,

Alg. 3
4 Quantum online part
5 Run the continuous-time quantum walk evolution

of Eq. (14) (or its discrete version Eq. (16))
6 Measurements
7 Perform poly(n) measurements in the

computational basis and keep the best solution

non-linear curve to obtain satisfactory optimiza-
tion results. A sufficiently good estimation of the
spectrum of HC is enough. This estimation can
be obtain classically by sampling only a polyno-
mial number of points, instead of 2n for the exact
spectrum. In fact, we show numerically that n2

points are sufficient in most cases.
Our algorithm then consists of two parts. The

first classical offline part is an efficient sampling
protocol for approximating the optimal hopping
rate of Eq. (7), while the second quantum online
part consists of running the continuous-time evo-
lution of Eq. (6). We also propose a quantum
circuit implementation of this evolution for it to
be run on a gate-based quantum computer. We
present the complete algorithm in Algorithm 1.

3.1 Classical offline part: sampling

Instead of using a variational method, i.e. clas-
sical optimization to fine-tune the parameters,
we propose to approximate Eq. (7) with a sam-
pling protocol. We compute ⟨∆C⟩ for q candi-
date points x ∈ {0, 1}n. If q = 2n the com-
putation of Eq. (7) is exact, but exponentially
costly; while if q = poly(n), the computation of
Eq. (7) is approximated but computationally ad-
vantageous. We will see later than q = n2 will be
sufficient1. At each iteration we proceed as fol-
lows, first we randomly select x ∈ S := {0, 1}n.
Then, we compute the energy gap with x and its
neighbors states and we store the largest gap with
its associated energy. The set of neighbors of x

1This is not extremely surprising, since we know that
smooth curves can be well approximated with poly log
inputs [46].
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Algorithm 2: Sampler
Input: 1 ≤ q ≤ N = 2n

Output: Set of energies E
1 S0 ← set of candidates with |S0| ≤ 2n

2 S1 ← ∅
3 E ← empty dictionary
4 B(x)← returns the neighbors of state x
5 for i ∈ [1, q] do
6 Randomly generate x ∈ S0 \ S1

7 ∆← {∆C
x,y/|∆M

x,y| | C(x) > C(y),∀y ∈ B(x)}a

8 E[C(x)]← mean(E[C(x)] + max ∆)
9 Add x to S1

10 E ← values of E
11 Add 0 to E
12 Remove all duplicates from E
13 Sort E in decreasing order

aNotice how we only consider positive energy gaps in-
stead of taking their absolute values, we discuss this choice
in Appendix E.

depends on the connectivity of the mixer. In the
case of the X-mixer of Eq. (4), it encodes a n-
dimensional hypercube, therefore, each state has
n neighbors2. Lastly, we remove x from S. Once
this protocol is performed for the q solutions to
sample, we compute the mean of the stored gaps
for their corresponding energy value and we ob-
tain an approximation of Eq. (7). Lastly, we in-
terpolate between discrete energy gaps the obtain
a continuous and smooth hopping rate as a func-
tion of the energy. The formal description of the
sampling protocol is presented in Algorithm 2,
labelled Sampler. We note here the similarity
of this protocol to a local neighborhood search in
combinatorial optimization.

The complexity of the sampling depends on
three elements: the number q of sampled candi-
dates, here q = poly(n); the maximum number of
neighbors per state (which depends on the mixer
connectivity), Nneigh, and the complexity of clas-
sically querying the cost function: Ccost. There-
fore, the complexity of the sampling protocol is:

Csampling ≤ q Nneigh Ccost. (8)

Since we are mainly concerned with polynomial
problems, we also know that the complexity of
querying the cost function of a polynomial prob-
lem of degree d is Ccost = O(nd).

2In that case, a state |x⟩ is connected to another state
|y⟩ if their Hamming distance is 1, i.e. if they only differ
by 1 bit.

If we put all this together, the complexity of
the sampling is poly(n)Nneigh. For the X-mixer
of Eq. (4), we have that Nneigh = n, and the
whole complexity is still polynomial.

Algorithm 3: Builder
Input: List of sampled energy gaps E sorted in

decreasing order
Output: The hopping schedule Γ(t)

1 dt_list← [0]
2 t← 0
3 for γ ∈ E do
4 tγ ← π

2
√

2 γ−1 Add tγ to dt_list

5 t← t + tγ

6 Remove γ from E
7 Γ(t)← interpolation of E where the distance

between successive sampled points E [i] and E [j]
(i < j) is dt_list[i + 1]

3.2 Hopping rate determination
Having sampled the energy gaps in the Hamil-

tonians, we are now ready to set the hopping rate.
We leverage once more [40]. If we start in a local
superposition of states |j⟩ and |k⟩, the probabil-
ity of measuring the lower energy state |k⟩ in this
2-state system is given by:

Pjk(t,Γ(E)) = 1
2+

Γ(E)δjk

Γ(E)2 + δ2
jk

sin
(
t
√

Γ(E)2 + δ2
jk

)2
, (9)

with the short-hand notation δjk = ∆C
jk/2. More-

over, as amplitude transfer from |j⟩ to |k⟩ is max-
imized when the relative strength between HM

and HC is balanced, the matching hopping rate
is Γ∗

jk = δjk. Thus, we can rewrite Eq. (9) as:

Pjk(t,Γ∗) = 1
2 + 1

2 sin
(
tΓ∗

jk

√
2
)2
. (10)

To obtain a high probability of measuring a good
low energy solution, we need to find the evolu-
tion time which maximizes Pjk(t,Γ∗). This cor-
responds to solving Pjk(t,Γ∗) = 1:

t∗jk = π

2
√

2

(
Γ∗

jk

)−1
, (11)

in the following, we refer to this time as the trans-
fer time.

In order to maximize the probability of mea-
suring all the lowest-energy states, i.e. optimal
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solutions, one should run the quantum walk evo-
lution of Eq. (6) for a total duration:

T ∗ = π

2
√

2
∑

(jk)∈EM

(Γ∗
jk)−1, (12)

with EM the set of edges of the mixer underlying
graph. In this way, the walker has time to hop
through all the energy gaps. Each term of the
sum in Eq. (12) is upper bounded by ∆−1, where
∆ the spectral gap of HC , i.e. the modulus differ-
ence between its ground and first excited states.
Therefore, the scaling of the exact time evolution
is T ∗ = O(∆−1). In addition, in the case of the
n-dimensional hypercube, |EM | = n2n−1, so that
T ∗ = O(n2n−1∆−1).

In practice, one does not have access to the per-
fect hopping rate Γ∗, but rather to that of Eq. (7),
which corresponds to the average of the largest
energy gaps. Additionally, we approximate Γ by
sampling the cost function. Therefore, we employ
the approximation of T ∗ as,

T = π

2
√

2
∑

(jk)∈ES

Γ−1
jk , (13)

with ES being the set of sampled edges. As we
approximate Γ using a number of samples that is
polynomial in n, we obtain T = O(∆−1poly(n)).

Finally, as seen in Eq. (11), the time input of Γ
depends on the energy. With the rescaling tij =
Γ−1

jk , we can write the evolution as:

H(tjk) = Γ
( π

2
√

2
tjk

)
HM +HC . (14)

We illustrate the exact and approximated sam-
pling, and resulting interpolation of the hopping
rate for n = 11 qubits on Fig. 1, and the complete
algorithm in Algorithm 3, labelled Builder. We
note that the approximate and the exact Γ(E)
are close as a function of energy, but not neces-
sarily as a function of time, since Γ(t) is rescaled
with maximal time dependent on the sum of all
energies (Eq. 13). The exact Γ(t) decays there-
fore slower than the approximate one, which is a
side advantage for us. Moreover, we present the
hopping rate as a function of energy, instead of
time, in Appendix A.

Once the hopping schedule is computed, then
we can run the quantum walk and perform mea-
surements. In the continuous-time regime, this
implies running (14) for a time T . In a gate-based
quantum computer, this would mean discretize in
time the evolution and implement a circuit.
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Figure 1: Exact (top) and approximated (bottom) con-
struction of the hopping rate Γ for n = 11 qubits (for
UD-MIS instance). (a) Exact sampling with q = 2n

samples. (b) Linear interpolation of the hopping rate
Γ. The optimal evolution time is given by Eq. (12).
The last interpolated point is the zero energy added in
Alg. 2 to ensure Γ(t = T ) = 0. (c) Approximated sam-
pling with q = n2 samples. (d) Linear interpolation of
the hopping rate Γ. The approximated evolution time is
given by Eq. (13).

3.3 Circuit implementation

Having described our main continuous-time
quantum walk, we now turn to the question of
how to implement it on a gate-based quantum
computer.

Because our Hamiltonian is not a simple con-
vex combination of simpler Hamiltonians due to
the hopping rate, the discretization of the dy-
namics via trotterization is not trivial. The key
to our approach (to maintain the circuit depth
manageable and the accuracy reasonable) is to
have two nested discretizations of the time inter-
val. First we divide the time interval into periods
τℓ’s that represents the time in which the approx-
imate hopping rate is linear. Then, we subdivide
these periods into smaller time intervals pℓ’s, on
which we apply the trotterization. We can see a
depiction of our method in Figure 2. This way of
proceeding yields better accuracy than a global
trotterization on the Hamiltonian (with a con-
stant sampling period, often employed in QAOA)
and it is consistent with the interpolation of the
hopping rate.

With this in mind, the evolution we aim for
is described by the time-dependent Schrödinger
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equation:

iℏ∂t |ψ(t)⟩ = H(t) |ψ(t)⟩ , (15)

with |ψ(t)⟩ = U(t) |ψ(0)⟩ and we work in units in
which ℏ = 1.

Since the Hamiltonian is time-dependent, the
corresponding propagator U(t) is the time-
ordered exponential

U(t) = T exp
(
−i
∫ t

0
H(s)ds

)
.

Here, T denotes the time-ordering operator,
which acts on a product of time-dependent op-
erators by reordering them chronologically, with
later times place to the left. Formally, for two
time-dependent operators A and B,

T [A(t)B(s)] =
{
A(t)B(s) if t ≥ s,
B(s)A(t) if s > t.

The time-ordered exponential is then understood
as the limit of the ordered product

T exp
(
−i
∫ t

0
H(s)ds

)
= lim

p→∞

1∏
ℓ=p

exp
(
−i t
p
H(tℓ)

)
,

where tℓ = ℓt/p and the product is ordered with
ℓ = p on the left, reflecting the fact that later-
time factors act last on the state. When H(t) and
H(s) commute for all t and s, the time-ordering is
useless and the expression reduces to the ordinary
exponential exp

(
−i
∫ t

0 H(s)ds
)
.

To approximate this on a quantum circuit, we
follow a two-level discretization strategy. Let E
be the set of all energy levels corresponding to the
values that the hopping rate can take, ordered in
a decreasing order. From this set, we define D
as the set of all durations τℓ required for the op-
timal evolution when the hopping rate takes the
value el ∈ E . Then, the elements of D dissect the
interval [0, t] with t =

∑
τ∈D τ into subintervals

Tℓ =

ℓ−1∑
j=0

τj , τℓ +
ℓ−1∑
j=0

τj

 ,
where τ0 = 0. The two sets E and D have cardi-
nality q, the number of samples3. At the coarse

3In reality, as duplicates of sampled energies are re-
moved, these sets can contain fewer than q elements.
Thus, we have |E| = |T | ≤ q.
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Figure 2: Discretization of the hopping rate Γ with p =
(p0 = 2, p1 = 4, p2 = 6). Each interval Tl is cut into pl

subintervals indexed ri with i ∈ {1, . . . , pl}. The value
of the discretized hopping rate Γl,r corresponds to the
average in each subinterval r. The higher the values
in p, the more accurate the approximation of Γ. Each
subinterval ri corresponds to the application of a single
layer of cost and mixer Hamiltonians, thus the number
of layers in the circuit is p̄ =

∑
l pl.

level, the intervals Tℓ are chosen so that Γ is
well-approximated by a linear interpolation on
each Tℓ. At the fine level, each Tℓ is subdivided
into pℓ slices of duration τℓ/pℓ, on each of which
Γ is approximately constant. On such a slice,
the Hamiltonian is therefore approximately time-
independent, and the first-order Trotter-Suzuki
formula [47, 48] yields a controlled approxima-
tion.

For r ∈ [pℓ], we denote by U (p,r)(Tℓ) the uni-
tary approximating

U (p,r)(Tℓ)≃ U
([
τ<ℓ + r

τℓ

pℓ
, τ<ℓ + (r + 1) τℓ

pℓ

])
,

with τ<ℓ :=
∑

j<ℓ τj . On the subinterval[
τ<ℓ + r

τℓ

pℓ
, τ<ℓ + (r + 1) τℓ

pℓ

]
,

the average value of the hopping rate is given by

Γℓ,r = Γℓ −
(
r + 1

2

)(Γℓ − Γℓ+1
pℓ

)
.

Therefore, we choose the unitary U (p,r)(Tℓ) to be

U (p,r)(Tℓ) = e−i
τℓ
pℓ

Γℓ,rHM e−i
τℓ
pℓ

HC .

In this way, the larger all the pℓ are, the more the
evolution follows the linear interpolation of the
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values of the hopping rate we sampled earlier. We
display the discretization process of the hopping
rate in Fig. 2. The whole circuit can be expressed
in the following form

U(t) ≃
q∏

ℓ=1

( pℓ∏
r=1

U (p,r)(Tℓ)
)
. (16)

To decompose this circuit in terms of primitive
gates, we split each

U (p,r)(Tℓ) = U
(p,r)
M (Tℓ)U

(p)
C (Tℓ)

with 
U

(p,r)
M (Tℓ) = exp

(
−i τℓ

pℓ
Γℓ,rHM

)
,

U
(p)
C (Tℓ) = exp

(
−i τℓ

pℓ
HC

)
.

The quantum circuit implementation of
U

(p)
C (Tℓ) is quite standard, and consists of CNOT

and RZ for QUBO [49] and HUBO [50] problems.
As for the mixer U (p,r)

M (Tℓ), its implementation
is straightforward, even if it depends on the
hopping rate and on the connectivity that we
select. For a hypercube, it can be computed as:

U
(p,r)
M (Tℓ) =

n−1⊗
b=0

R
(b)
X

(
−2 τℓ

pℓ
Γℓ,r

)
. (17)

Note that for maximization problems, the minus
sign in the arguments of the rotation gate must be
discarded. We depict an example of the quantum
circuit implementation in Figure 3.

One may notice that the unitary of Eq. (16)
induces a QAOA-like evolution. However, unlike
QAOA-like evolutions, we do not have to use a
classical optimizer to fine-tune the parameters as
we guide the walker to the optimal solutions [40].

The depth of the circuit is:

d(n, p) = dSP (n) +
q∑

l=1
pl

(
dM (n) + dC(n)

)
= dSP (n) + p

(
dM (n) + dC(n)

)
,

(18)

where p =
∑q

ℓ=1 pℓ, dSP (n) and dM (n) are the
depth of the implementation of the state prepa-
ration and the mixer unitary, and dC(n) is the
depth of a single layer application of the cost
Hamiltonian, which can be reduced by adding an-
cillary qubits [51]. In the case of X-mixer, we
have dSP (n) = dM (n) = 1.

State Preparation

Cost

Mixer

Cost

Mixer

Measurements

· · ·

· · ·

...
...

...
...

· · ·

H

UC (T1)

RX(θ1,1)

UC (Tq)

RX

(
θq,pq

)
H RX(θ1,1) RX

(
θq,pq

)

H RX(θ1,1) RX

(
θq,pq

)

Figure 3: Quantum circuit implementation of the algo-
rithm with X-mixer. The circuit is QAOA-like since it
contains layers of cost UC and mixer UM unitaries. The
angle of the mixer unitaries depends both on l and r,
while the cost unitaries depend only on l. The value of
the angle θl,r is given in Eq. (17). The circuit contains
p̄ =

∑
l pl cost and mixer Hamiltonians layers.

In practice, we take all the pℓ equal, i.e., pℓ =
p⋆ for all ℓ ∈ [q] (see Appendix B). Then, we have
that p = qp⋆, hence

d(n, p) = dSP (n) + qp⋆ (dM (n) + dC(n)) . (19)

Therefore, the depth of the circuit depends on
the number of samples q, the number of steps
in the discretization, and the depth of the cost
Hamiltonian, that is problem-specific.

We present the general algorithm to construct
the quantum circuit in Alg. 4. In Section 4, we
give the depth of the circuit according to the
problem under study.

Algorithm 4: Quantum circuit
Input: List of sampled energy gaps E sorted in

decreasing order, list p of layer numbers
Output: A quantum circuit implementation of

the continuous-time quantum walk
1 Add state preparation of initial state (depends on

HM )
2 for l ∈ {0, . . . , |ES | − 1} do
3 for r ∈ {1, . . . , pℓ} do
4 Γℓ ← ES [ℓ]
5 τℓ ← Γ−1

ℓ · π

2
√

2

6 Γℓ,r ← Γℓ −
(
r + 1

2

)
· Γℓ−Γℓ+1

pℓ

7 Add exp(−i∆(ℓ)
t HC) for ∆(ℓ)

t = τℓ/pℓ

8 Add exp(−i∆(ℓ,r)
t HM ) for

∆(ℓ,r)
t = Γℓ,r · τℓ/pℓ

9 Add measurements in the computational basis

4 Set of problems

In this section, we give a brief description of the
combinatorial optimization problems on which we
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test our algorithm. While some problems are well
studied, some technicalities for the less studied
ones need to be discussed before we present the
simulations.

4.1 Quadratic problems
The first set of problems we study are quadratic

unconstrained binary optimization problems, or
QUBOs. These are combinatorial optimization
problems for which the general problem form (1)
has quadratic cost,

C(x) = x⊤Qx =
∑

i

Qiixi +
∑
i<j

Qijxixj + c,

for a Q ∈ Rn×n, and F is the whole space. For
one of the selected problems, we will also add a
linear constraint.

It is well-known that finding the optimal so-
lution of a QUBO is equivalent to finding the
ground state of its Ising formulation, which can
be in turn well implemented into a quantum com-
puter.

As instances of QUBO problems we study the
following ones.

4.1.1 MaxCut

The weighted Maximum Cut (MaxCut) prob-
lem consists of partitioning the vertices of a graph
into two disjoint sets so that the number (or
weight) of edges between the sets is maximized.
This implies defining a graph among the n vari-
ables and selecting the cost function,

C(x) = −
∑
i<j

wij(xi + xj − 2xixj), (20)

where wij is the weight of edge (i, j) connecting
the variables i and j.

4.1.2 Maximum Independent Set

For a graph G = (V, E), the Maximum Inde-
pendent Set (MIS) problem consists of finding the
independent subset of vertices that maximizes the
weight. A subset S ⊆ V is said to be independent
if no two vertices of S are adjacent. Each vertex
i is associated to a binary variable xi ∈ {0, 1},
thus we have n = |V|. Moreover, we set xi = 1 if
i ∈ S. Therefore, cost function of MIS is:

C(x) = −
∑
i∈V

wixi + λ
∑

(i,j)∈E
xixj , (21)

Figure 4: Unit-Disk (UD) graph instance of n = 30
vertices.

where wi is the weight of vertex i and λ > 0 is the
penalty coefficient for including adjacent vertices
in S. To ensure that the final set is independent,
we define the penalty coefficient such that:

λ = max
(i,j)∈E

(wi + wj) + 1. (22)

The study of the MIS problem on quantum
computers is of growing interest and particularly
on Unit-Disk (UD) graphs [52], as they are native
to neutral-atom technologies that exploit the Ry-
dberg blockade mechanism [53–56]. In this con-
text, the problem is often referred to as UD-MIS,
moreover, its hardness was first assessed [57] and
then shown to strongly depend on the graph den-
sity, tree-width and thickness [58]. Interestingly,
recent work introduces an imaginary-time evolu-
tion scheme for solving UD-MIS [59].

4.1.3 Portfolio optimization: constraints

Portfolio optimization consists of selecting at
most k assets among n to obtain the optimal port-
folio. Each asset has an expected return and one
aims at maximizing profit while minimizing finan-
cial risk. Each asset i is associated to a binary
variable xi ∈ {0, 1} and xi = 1 if asset i is in the
portfolio. The limitation in the number of assets
corresponds to bounding the Hamming weight of
the solutions with a fixed value k ∈ [0, n], i.e.
choosing a constraint set as,

F =
{
x ∈ {0, 1}n

∣∣∣∣∣
n∑

i=1
xi = k

}
.

The cost function reads:

C(x) = λ
∑
i<j

σijxixj −
∑

i

µixi, (23)

with σ ∈ Rn×n the covariance matrix between
assets, µ ∈ Rn is the expected return of the assets
and λ > 0 the risk appetite.
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One way of encoding constraints is to use spe-
cific mixer Hamiltonian that can allow transi-
tions only between feasible solutions. The Ham-
ming weight constraint can be encoded with XY -
mixers [8, 60], which only induce transitions be-
tween states with same Hamming weight. More-
over, the connectivity of XY -mixers, i.e. connec-
tivity between states of same Hamming weight,
is given by an adjacency matrix AXY . Therefore,
such mixers Hamiltonian read:

HXY = −1
2

∑
(i,j)∈AXY

σx
i σ

x
j + σy

i σ
y
j . (24)

Moreover, an optimal quantum circuit implemen-
tation of such permutation mixers is proposed in
Ref. [4].

Given two qubits a and b such that |a⟩ ⊗ |b⟩ ∈
{|i⟩ , |j⟩ , |k⟩ , |l⟩}, XY -mixers act locally as:

H
(i,j,k,l)
XY = −1

2
(
(σx

a ⊗ σx
b ) + (σy

a ⊗ σ
y
b )
)

=


0 0 0 0
0 0 −1 0
0 −1 0 0
0 0 0 0

 ,
(25)

we see that it acts as a negative Pauli-X gate on
basis states |j⟩ and |k⟩. In this context, the local
cost Hamiltonian is:

H
(i,j,k,l)
C =


0 0 0 0
0 ⟨j|HC |j⟩ 0 0
0 0 ⟨k|HC |k⟩ 0
0 0 0 0

 .
(26)

Since transfer between higher energy state j
to lower energy state k is maximized when
|Γ∗∆M

jk | ≈ ∆C
jk, the general form of the hopping

rate reads:

Γ∗(Ejk) =
∆C

jk

|∆M
jk |
. (27)

Looking at Eq. (25), we can see that the local en-
ergy gap of Hamiltonian H(j,k)

XY is |∆XY
jk | = 2, co-

incidentally the same as for the X-mixer. There-
fore, the hopping rate for XY -mixer is the same
as the one in Eq. (7).

Furthermore, the initial state cannot be the
uniform superposition over the computational ba-
sis states as some of them correspond to infeasible
solutions. The correct initial state is the uniform
superposition over the basis states of Hamming

weight smaller or equal to the bound h. Previ-
ously in the sampling protocol, after selecting a
random state, we computed its energy gap with
its n neighbors as the underlying graph of the
X-mixer is the n-dimensional hypercube. In the
case of XY -mixers, the number of neighbors de-
pends on the connectivity of the mixer, which is
defined by AXY . Thus, the complexity of the
sampling protocol depends on the connectivity of
the mixer.

In our experiments we use XY -mixers with
ring connectivity. The underlying XY -mixer
graph is a disconnected graph that contains n+1
subgraphs, each composed of

(n
k

)
vertices of same

Hamming weight k. Ring connectivity implies
that two states are connected if they only differ
by a single permutation (swap) of two adjacent4

bits with different values. Therefore, the maxi-
mum number of neighbors is n, and it is achieved
for bitstrings in which every pair of adjacent bits
differs. Thus, the asymptotic complexity of the
sampling protocol for XY -mixers with ring con-
nectivity is the same as for X-mixer, i.e.

CXYring
sampling = CX

sampling = O(poly(n)).

As an example, we show the underlying graph
of XY -mixer with ring connectivity on n =
5 qubits in Fig. 5. The set of neighbors
of bitstring x can be formally expressed as
B(x) = {y ∈ {0, 1}n | yi ̸= y(i+1) mod n, y =
swapi,(i+1) mod n(x)}, where swapi,j(x) is the bit-
string obtained by exchanging the values of bits
i and j in x. Additionally, the initial state |ψk⟩
is the k-Dicke state [61], i.e. the uniform super-
position over basis states with Hamming weight
equal to k:

|ψk⟩ = 1√
|Fk|

∑
x∈Fk

|x⟩ , (28)

where Fk = {x ∈ {0, 1}n |
∑n

i=1 xi = k} is the
set of bitstring satisfying the k-Hamming weight
constraint, i.e. the set of feasible solutions.

4.2 Polynomial problems
Higher-order unconstrained binary optimiza-

tion (HUBO) problems5 are a generalization of

4Note that we have boundary conditions such that the
last bit is adjacent to the first one since it is a ring con-
nectivity.

5Also referred to as polynomial unconstrained binary
optimization (PUBO) or higher-order unconstrained bi-
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Figure 5: Underlying XY -mixer graph with ring connec-
tivity on n = 5 qubits. The graph is disconnected and
contains n + 1 = 6 subgraphs of different Hamming
weights k ∈ {0, 1, 2, 3, 4, 5}. Subgraph of Hamming
weight k contains

(
n
k

)
vertices. Two vertices x and y

are connected if they only differ by a swap of two adja-
cent different bits, i.e. if y = swapi,(i+1) mod n(x) and
xi ̸= x(i+1) mod n.

QUBO as they describe arbitrary polynomial
problems. They are special cases of Problem (1),
when the cost is selected as a polynomial,

C(x) =
∑
m∈π

(
αm

∏
i∈m

xi

)
, (29)

where π is the polynomial set of monomials of at
most n variables and αm ∈ R is the coefficient of
monomial m. Here, the set F is selected to be
the whole space.

4.2.1 LABS

The low autocorrelation binary sequences
(LABS) is a quartic combinatorial problem [62].
This problem is known to be intractable classi-
cally as its difficulty increases exponentially with
the size n of the sequence. Moreover, it has been
shown that QAOA has the potential to outper-
form classical approaches to solve this problem
[15]. Given a sequence s = (s1, · · · , sn) with
si = ±1, one aims at minimizing its energy:

E(s) =
n−1∑
k=1

(
n−k∑
i=1

sisi+k

)2

. (30)

nary optimization (HUBO) problems.

Equivalently, the problem can be reduced to
maximizing the merit factor F (s) = n2/2E(s).
A sequence s of Ising variables can be mapped
to Boolean variables x = (x1, · · · , xn) with the
relation si = 1 − 2xi. Thus, the cost function
reads:

C(x) =
n−1∑
k=1

(
n−k∑
i=1

4xixi+k − 2(xi + xi+k) + 1
)2

.

(31)

4.2.2 MAX-k-SAT

The boolean satisfiability problem (SAT) is a
famous problem in theoretical computer science
as it was the first problem proven to be NP-
complete [63]. Several works try to solve this
problem with variants of QAOA [8, 16, 64, 65].
Given m clauses φi of k literals each, one has to
decide if there exists an assignment of n variables
that satisfies all the clauses. The combinatorial
problem of finding such an assignment is called
MAX-k-SAT. Formally, a boolean formula in con-
junctive normal form of m clauses reads:

ϕ = φ1 ∧ φ2 ∧ · · · ∧ φm. (32)

Each clause φj is a disjunction of k literals ljk:

φj = (lj1 ∨ lj2 ∨ · · · ∨ ljk), (33)

with lji ∈ {x1, x̄1, x2, x̄2, · · · , xn, x̄n} where x̄j =
1 − xj . The MAX-k-SAT consists of finding an
assignment x = x1x2 · · ·xn that maximizes the
number of satisfied clauses. A clause is said to be
satisfied if it contains at least one literal equal to
1. This criterion can be expressed as:

Sj(x) = 1−
k∏

i=1
(1− lji). (34)

Therefore, a clause φj is satisfied with assign-
ment x if Sj(x) = 1, and unsatisfied if Sj(x) = 0.
One aims at maximizing the number of satisfied
clause, thus, the cost function to minimize is:

C(x) = −
m∑

j=1
Sj(x). (35)

This problem is a polynomial of degree k.
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4.2.3 Travelling salesperson problem

The travelling salesperson problem (TSP) is an
NP-complete decision problem with many appli-
cations [66]. Given a list of n cities with specific
distance between each of them, is there a route
with total distance k that visits all of cities ex-
actly once and returns to the starting point. The
related optimization problem consists of finding
the shortest route that visits every city exactly
once. Formally, the problem is represented with
a graph whose vertices and edges respectively cor-
respond to the cities and path between them. The
distance between each pair of cities is given by
the weight of their connecting edge. Its origi-
nal QUBO encoding uses n2 qubits [49]. How-
ever, one can obtain a more efficient encoding
with n⌈log2(n)⌉ qubits at the cost of expressing
TSP as a HUBO [67]. In this higher-order encod-
ing, each city is encoded in binary with ⌈log2(n)⌉
bits. Thus, one needs n of these sequences to list
all cities. Therefore, each assignment x has two
labels, xi is the i-th bitstring sequence and xi,j is
the j-th bit of sequence xi. We provide an exam-
ple of this encoding in Fig. 6. The cost function
of the HUBO encoding of TSP reads [67]:

C(x) = λ
n−1∑
i=0

C1(xi) + γ
n−1∑
i=0

n−1∑
j=i+1

C2(xi, xj)

+ µ
n−1∑

i,j=0,i̸=j

wij

n−1∑
k=0

C2(xk, i)C2(xk+1, j), (36)

where wij is the weight of edge (i, j) and λ, γ >
µmax(i,j)wij . The subcost C1 puts a penalty
if a sequence encodes an invalid city, i.e. if
its input if greater than n − 1. Let n − 1 =
x̃⌈log2(n)⌉−1 · · · x̃0 = x̃ and S be the set of indices
of x̃ equal to zero, i.e. S = {j | x̃j = 0}. Hence,
the first penalty reads [67]:

C1(xi) =
∑
j∈S

xi,j

⌈log2(n)⌉−1∏
k=j+1

(
1− (xi,k − x̃k)2

)
.

(37)
The second subcost C2 is used to penalize if two
sequences x and y encode the same city [67]:

C2(x, y) =
⌈log2(n)⌉−1∏

k=0

(
1− (xk − yk)2

)
. (38)

0

12

3

4 5

Figure 6: HUBO encoding of TSP with n = 6 cities
labeled with integers from 0 to n − 1 on a complete
graph. The encoding uses n⌈log2(n)⌉ = 18 qubits,
and an assignment is of the form x = x0x1x2x3x4x5.
The blue route describes the visit of the cities in or-
der: 0, 3, 1, 5, 2, 4. Its corresponding encoding is
x = 000011001101010100.

5 Numerical results for SamBa–
GQW

5.1 Performance metrics
Throughout, we use several metrics for the

evaluation of performance.
First, the quality of a produced quantum state

|ψ⟩ is evaluated with the expectation of its prob-
ability distribution as,

E[ψ] =
∑

x∈{0,1}n

p(x) · q(x), (39)

where p(x) = |⟨x|ψ⟩|2 is the probability of mea-
suring basis state |x⟩. The function q(x) ∈ [0, 1]6
outputs the quality of a decision x such that
the optimal and worst decision respectively lead
to q(x∗) = 1 and q(arg max(C)) = 0. In
this context, Eq. (39) gives information about
the distance between |ψ⟩ and

∑
x∗ α∗ |x∗⟩ with∑

x∗ |α∗|2 = 1. Note that, if constraints are
present, we put q(x) = 0 for all unfeasible de-
cisions (∀x /∈ F).

We use then the normalized participation ratio
(or PR for short) to quantify the localization of
a state vector:

PR(ψ) =

2n
∑

x∈{0,1}n

p(x)2

−1

. (40)

The uniform superposition leads to PR = 1 and
the fully localized state gives PR = 1/2n. This
metric gives information on the sparsity of |ψ⟩.

6Since the optimal solution is that minimizing the cost
function, we define the quality function as the approxima-
tion ratio q(x) = Cmax−C(x)

Cmax−Cmin
.
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Figure 7: SamBa–GQW Hamiltonian simulations for unweighted MaxCut on random Erdős–Rényi graphs for n = 20
qubits with a sampling of q = n2 states.

Finally, we label the quality level of a deci-
sion x with its “ranking” r(x) ∈ N. Optimal
solutions have a ranking of 0, second-best de-
cisions have a ranking of 1, and so on. Let
Sr be the set of decisions with ranking r, i.e.
Sr = {x ∈ {0, 1}n|r(x) = r}. The total num-
ber of rankings is equal to the number of distinct
cost values, which corresponds to the dimension
(cardinality) of the image of the cost function
C : {0, 1}n → R. The probability of measuring a
decision of ranking r reads:

Pr[ψ] =
∑

x∈Sr

|⟨x|ψ⟩|2. (41)

5.2 Results
Hamiltonian simulations are performed for all

considered problems, and quantum circuit sim-
ulations are additionally carried out for Max-
Cut, MIS, and LABS. Moreover, for all problems
whose instance generation is parameterized (all
except LABS) we generate 10 different instances
each time, and we present the average of the re-
sults obtained. Across all Hamiltonian simula-
tions, we construct the hopping rate Γ by sam-
pling only q = n2 states among 2n.

In general, all the simulations consistently sup-
port Samba–GQW as a method that in a short
evolution time can shift an initial state distri-
bution into a very localized distribution around
the optimal solution. The most probable ranking
is often the optimal solution, or ranking ≪ 10.
Even then, the optimal solution is within the 5%
best rankings and a classical post-processing can
easily extract it. In this context, Samba–GQW

requires little tuning, is consistent, and scales rea-
sonably well with the number of decisions.

5.2.1 MaxCut

We generate instances on Erdős–Rényi
graphs [68] of n = 20 vertices, both weighted
(wij ∈ [−10, 10]) and unweighted (wij = 1), with
an edge appearance probability of 1

2 .

Hamiltonian simulations. We present the
distribution quality, participation ratio, measure-
ment probabilities per ranking over time and the
probability distributions over rankings at t = 0
and t = T on Fig. 7 (resp. 8) for unweighted
(resp. weighted) MaxCut. At t = 0 we show the
complete ranking distribution, however, at t = T
we only display rankings with measurement prob-
ability higher than 10−3.

We obtain a high final success probability of
measuring the optimal solution, i.e. ranking 0,
since it is of order P[ψT ] ≈ 0.8. In both un-
weighted and weighted scenario, the probability
of measuring decisions with ranking among the
5% best is almost 1. Moreover, at t = 0 the
quantum state is a uniform superposition among
the 2n computational basis states resulting in a
participation ratio of PR(ψ0) = 1. We observe
that this ratio decreases rapidly to converge to
PR(ψT ) ≈ 1/2n, resulting in a more localized
state. Lastly, we notice that the initial distri-
bution quality is E[ψ0] ≈ 0.75 for unweighted
MaxCut and E[ψ0] ≈ 0.5 for weighted Max-
Cut. This difference means that the unweighted
case contains more high quality solutions than
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Figure 8: SamBa–GQW Hamiltonian simulations for weighted MaxCut on random Erdős–Rényi graphs for n = 20
qubits with a sampling of q = n2 states.

weighted MaxCut. We notice that the time evo-
lution is fairly short as it reaches T ≈ 20 (resp.
T ≈ 16) for unweighted (resp. weighted) Max-
Cut, this time evolution difference is caused by
lower energy gaps in weighted instances. In both
cases, we observe an initial Gaussian ranking dis-
tribution, although it is smoother for weighted
MaxCut since this problem contains 275 differ-
ent rankings compared with 67 for unweighted
MaxCut. Furthermore, as indicated by the dis-
tribution quality, the initial distribution for the
unweighted case is shifted towards higher quality
decisions, while the weighted Gaussian is centered
around the middle rankings. After the evolution
induced by SamBa–GQW, the distribution is al-
most fully localized on the optimal solutions for
both cases.

Quantum circuit simulations. We run
quantum circuit simulations for even system sizes
n ∈ [10, 30] and for different sampling values
q ∈ {5n, 2n log2(n), n2, n3}. For each sampling
value, the hopping-rate schedule is discretized us-
ing various values of p⋆, where p⋆ denotes the
number of cuts uniformly applied to each linear
subinterval of the hopping rate. Therefore, the re-
sulting quantum circuit has a total of p̄ = |E| · p⋆

cost and mixer Hamiltonian layers in the circuit,
where |E| ≤ q represents the number of distinct
sampled energies, i.e., the number of interpola-
tion points used to construct the hopping rate
(excluding the additional zero-energy point).

Detailed results on unweighted MaxCut for n =
30 qubits are presented in Fig. 9. For sampling
values q < n3, the number of distinct sampled

energies remains small, with |E| < 5, whereas for
q = n3, it increases to a range between 10 and 30.
This directly impacts performance: the highest
approximation ratios, close to 1, are achieved for
q = n3, making it the best-performing sampling
value among those considered. We also observe a
clear trade-off between solution quality and num-
ber of circuit layers, as the choice q = n3 leads
to the largest circuits. We show the approxima-
tion ratio and number of layers in the circuit as
a function of the number of qubits n and the dis-
cretization parameter p⋆ in Fig. 10. The approx-
imation ratio exhibits a clear threshold behavior
as a function of the number of circuit layers p⋆.
For all sampling choices, the performance is rela-
tively poor at very small depth (p ≤ 2), with the
lowest values occurring for small system sizes n,
and then increases sharply around p⋆ ≈ 3, beyond
this point, the ratio remains high over a broad
range of n and improves further as q is increased.
In particular, for q = 5n and q = 2n log2 n, a
pronounced degradation appears again at large n,
whereas for q = n2 this deterioration is pushed to
the largest system sizes, and for q = n3 it is essen-
tially absent, with the approximation ratio stay-
ing close to its optimal plateau almost uniformly
in n once p⋆ ≥ 3. The layer counts show a com-
plementary pattern. They are small at low depth,
then grow rapidly with p⋆, with the growth be-
coming much stronger as q increases. For q = 5n
and q = 2n log2 n, the required number of lay-
ers remains moderate and even decreases for the
largest n, while for q = n2 and especially q = n3

the high-performance region is associated with a
substantial overhead, reaching the largest layer
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Figure 9: SamBa–GQW quantum circuit simulations for unweighted MaxCut for n = 30 qubits with different
sampling values q ∈ {5n, 2n log2(n), n2, n3}. The approximation ratio is shown as a function of the discretization
parameter p⋆ ∈ [0, 10] (p⋆ = 0 corresponds to the circuit just composed of a single Hadamard layer), indicating the
size of the subintervals in which we split the subintervals uniformly, i.e. pl = p⋆, see Fig. 2 (left). The number of
layers in the circuit, in which one unit corresponds to the black box application of cost and mixer Hamiltonians (top
right). The amount of different sampled energies |E| as a function of the number of samples q (bottom right).

counts at large p⋆. Overall, increasing q sta-
bilizes high approximation ratios across system
sizes, but at the cost of deeper circuits.

We now present the corresponding figures for
the weighted MaxCut problem. From Fig. 11, we
observe that the number of distinct sampled ener-
gies increases smoothly with the sampling param-
eter q. Interestingly, at p⋆ = 10, the best sam-
pling strategy on average is q = 5n. This indi-
cates that, for this problem, such a sampling level
provides a sufficient number of sampled energies,
whereas larger sampling values require deeper cir-
cuits to yield performance improvements. This
behavior is further confirmed in Appendix D,
where larger circuits with depths up to p⋆ = 30
are considered. Figure 12 shows that, in contrast
to the unweighted case, the weighted MaxCut
problem exhibits a smoother and size-dependent
improvement with circuit depth. Specifically, the
depth required to achieve a given approximation
ratio increases with the number of qubits. In-
creasing the sampling parameter q can partially
compensate for this complexity by shifting the
onset of high-performance regimes toward smaller
depths and enabling approximation ratios above
0.9 for most system sizes. Nevertheless, these
gains are accompanied by a pronounced increase
in circuit depth, with the number of layers scal-
ing steeply with both p⋆ and q, reaching several
thousand layers for the largest sampling values.
This behavior highlights a fundamental trade-off:

larger q improves robustness and solution quality
but substantially increases the required compu-
tational resources.

5.2.2 Maximum independent set (MIS)

In the case of unweighted MIS, we generate
Erdős–Rényi graphs [68] of n = 20 vertices with
an edge appearance probability of 1/2, and set
wi = 1 for all the vertices. Regarding UD-MIS,
we generate UD graphs of n = 20 vertices and we
select the weights in the spirit of Ref. [58] such
that:

wi = 1 + 10 · CD(i)
maxj∈V CD(j) , (42)

with CD(i) = deg(i)/(|V | − 1) the degree cen-
trality of vertex i. Furthermore, the procedure
we use to generate UD graphs is detailed in the
Appendix D of Ref. [58].

Hamiltonian simulations. We present the
quality distribution, participation ratio and prob-
abilities per ranking over time for random
Erdős–Rényi (resp. UD) graphs on Fig. 13 (resp.
14). In the case of random unweighted graphs,
the highest measurement probability is that of
ranking 3 with P3[ψT ] ≈ 0.15, which has a qual-
ity close to 0.99. We see that optimal solutions
have a relevant success probability P0[ψT ] ≈ 0.02,
considering that the evolution starts in a uniform
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Figure 10: Approximation ratio (top) and number of lay-
ers in the circuit (bottom) as a function of the number
of qubits n ∈ [10, 30] and the discretization parame-
ter p⋆ ∈ [1, 10] for unweighted MaxCut with different
sampling values q ∈ {5n, 2n log2(n), n2, n3}. We only
include p⋆ = 0 for the approximation ratio to show the
initial approximation ratio when the circuit only contains
a Hadamard layer.

superposition of 2n states. Moreover, the proba-
bility of measuring decisions whose ranking is in
the top 5% of all rankings is around 0.9.

Regarding UD graphs, optimal solutions
have the highest measurement probability with
P0[ψT ] ≈ 0.25. Furthermore, the probability of
measuring decisions with the top 5% rankings al-
most reaches 1. In both cases, the participation
ratio decreases rapidly, indicating that the quan-
tum state goes from a uniform superposition to
a more localized state. Additionally, both ran-
dom and UD graphs have a high initial distribu-
tion quality E[ψ0] ≈ 0.8, suggesting that there are
more high quality decisions than low quality ones.
Lastly, we note that time evolution is extremely
short since it reaches T ≈ 6 (resp. T ≈ 7) for ran-
dom (resp. UD) graphs. Moreover, we see that
the ranking distribution is shifted to the left in

both cases. However, for UD graphs, the number
of different rankings is significantly higher than
for random graphs, with 1897 against 246. In
addition, the distribution for UD graphs seems
to be composed of two Gaussians instead of one
for random graphs. In both cases, the evolution
induced by SamBa–GQW shrinks the initial dis-
tribution to a distribution localized around high
quality decisions, with high success probability
on optimal solutions for UD graphs.

In addition, we also execute SamBa–GQW on
two instances proposed in Ref. [69], farm and
mammalia-kangaroo-interactions [70] of n = 17
vertices with λ = 2 and wi = 1. We display these
instances on Fig. 15.

We obtain similar results for the two instances,
we see on Fig. 16 (resp. 17) for farm (resp.
mammalia-kangaroo-interactions) that the high-
est measurement probability is that of the opti-
mal solutions in both cases, with P0[ψT ] ≈ 0.5
(resp. P0[ψT ] ≈ 0.45). For farm, the probability
of measuring decisions with ranking in top 5%
of all rankings reaches approximatively 0.96, and
1 for mammalia-kangaroo-interactions. The par-
ticipation ratio decreases up to a localized state
quickly and distribution quality is initially high
with E[ψ0] ≈ 0.8 for the two instances. The re-
quired evolution time is very short since it reaches
T ≈ 10 in both cases. Furthermore, we see that
the Gaussian ranking distributions are shifted
to higher quality decisions, as suggested by the
distribution quality, and instance mammalia-
kangaroo-interactions owns more different rank-
ings than farm with 158 against 71 rankings. Af-
ter the evolution induced by SamBa–GQW, the
ranking distributions are almost fully localized
on optimal solutions. Moreover, in both cases
only six rankings have a measurement probabil-
ity higher than 10−3.

Quantum circuit simulations. For un-
weighted MIS, the results for n = 30 are pre-
sented in Fig. 18. The approximation ratio
rapidly converges to a plateau for p⋆ ≥ 2, indicat-
ing that shallow circuits are sufficient to achieve
near-optimal solutions. In parallel, the number of
layers increases steadily with p⋆ and is strongly
amplified by larger sampling rates q. A broader
perspective is provided in Fig. 19, where the al-
gorithm exhibits a distinctive and highly favor-
able performance profile. Unlike MaxCut, the
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Figure 11: SamBa–GQW quantum circuit simulations for weighted MaxCut for n = 30 qubits with different
sampling values q ∈ {5n, 2n log2(n), n2, n3}.
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Figure 12: Approximation ratio (top) and number of
layers in the circuit (bottom) as a function of the num-
ber of qubits n ∈ [10, 30] and the discretization pa-
rameter p⋆ ∈ [1, 10] for unweighted MaxCut on ran-
dom Erdős–Rényi graphs with different sampling values
q ∈ {5n, 2n log2(n), n2, n3}.

approximation ratio displays a pronounced non-
monotonic dependence on the circuit depth p⋆,

characterized by a systematic dip at p⋆ = 1 fol-
lowed by a sharp recovery around p⋆ ≃ 2. Be-
yond this point, the performance rapidly satu-
rates close to optimal values and remains largely
independent of the system size n. This early
saturation suggests that the essential combina-
torial structure of unweighted MIS instances can
be captured with very shallow circuits. Increas-
ing the sampling parameter q primarily enhances
the robustness of this high-performance regime
rather than significantly improving its asymptotic
value, with q = n3 yielding near-optimal approx-
imation ratios across all considered system sizes.
The required resources, however, scale steeply
with both p⋆ and q. The number of circuit layers
grows rapidly with the circuit depth and system
size, and increases dramatically as q is enlarged,
reaching several thousand layers for the largest
instances. Consequently, while larger values of
q provide only marginal improvements in solu-
tion quality, they incur a substantial overhead in
circuit complexity, highlighting a clear trade-off
between robustness and computational cost.

We now present the results for UD-MIS. Look-
ing at Fig. 20, we observe that the number of dis-
tinct sampled energies is significantly higher than
in the unweighted MaxCut case on n = 30 qubits,
reaching |E| = 2000 for q = n3. Moreover, sam-
pling values q ∈ {5n, 2n log2(n), n2} yield approx-
imately the same approximation ratio, whereas
q = n3 requires larger values of p⋆ to achieve a
noticeable improvement. We also observe that
at p⋆ = 10, all sampling strategies attain similar
approximation ratios, with q = n3 not provid-

Accepted in Quantum 2026-10-03, click title to verify. Published under CC-BY 4.0. 17



0 2 4 6

t

0.0

0.2

0.4

0.6

0.8

1.0

Distribution quality

Participation ratio

Probability 5% best rankings

Probability rankings
(0, 1, 2, 3)

0.990

0.992

0.994

0.996

0.998

1.000

R
an

ki
n

g
qu

al
it

y
0 2 4 6 8 10 12 14 16 18 22

Ranking

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

P
ro

b
ab

ili
ty

Ranking distribution (t = 0)

Ranking distribution (t = T ≈ 5.9)

0 61 123 185 246
0.00

0.01

0.02

Figure 13: SamBa–GQW Hamiltonian simulations for unweighted MIS on random Erdős–Rényi graphs MIS for
n = 20 qubits with a sampling of q = n2 states.
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Figure 14: SamBa–GQW Hamiltonian simulations for weighted MIS on Unit-Disk graphs MIS for n = 20 qubits
with a sampling of q = n2 states.
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Figure 15: Instances farm (left) and mammalia-
kangaroo-interactions (right) of n = 17 vertices.

ing any advantage. Considering the number of
layers in the circuit, selecting q = n3 is there-
fore the least favorable strategy, as the approx-
imation ratio converges more slowly while lead-
ing to the highest circuit depth. These results
highlight a clear trade-off between solution qual-
ity and circuit depth: higher sampling values re-
quire significantly deeper circuits without neces-
sarily providing better performance. Figure 21
shows that the number of circuit layers increases
rapidly with both the discretization parameter
p⋆ and the sampling value q. In particular, for
q = n3, the circuit depth grows steeply with the
system size, reaching several tens of thousands of
layers for the largest instances, whereas smaller
sampling values (q = 5n and q = 2n log2 n) lead
to significantly shallower circuits. Furthermore,
all sampling strategies achieve high approxima-
tion ratios at relatively small discretization pa-
rameter values (p⋆ ≈ 3–4), with only marginal
improvements for larger p⋆. Increasing the sam-
pling parameter to q = n3 does not yield a
substantial performance advantage and requires
considerably deeper circuits to reach comparable
approximation ratios. These results highlight a
clear trade-off between solution quality and cir-
cuit depth. Moderate sampling values, such as
q = 5n or q = 2n log2 n, provide the most favor-
able balance, achieving near-optimal approxima-
tion ratios while keeping the circuit depth man-
ageable. In contrast, larger sampling values sig-
nificantly increase the required computational re-
sources without delivering commensurate gains in
performance.

5.2.3 Portfolio optimization

We use the file JKMP1 500_1 of dataset [71]
to generate 10 instances of n = 20 assets each.
Since this file contains portfolio information of
500 variables, we generate different instances by
randomly drawing n = 20 variables. We set the

risk appetite to λ = 1/2 in Eq. (23) and the num-
ber of assets to k = n/2 = 10. Therefore, the ini-
tial state is the uniform superposition over basis
states of Hamming weight k = 10. Since we use
XY -mixers, only the feasible space is explored by
the walker, i.e., only the subgraph of Hamming
weight k = 10 is explored. The feasible space
contains

(n=20
k=10

)
= 184756 basis states linked with

ring connectivity. In the sampling protocol, we
do not restrict ourselves to feasible solutions. In-
stead, we randomly select any possible solution
from the full 2n solution space, including infea-
sible ones. Additionally, for performance evalua-
tion, non-feasible decisions, i.e., states with Ham-
ming weights not equal to k, have a quality of 0.

We see on Fig. 22 that the probability of mea-
suring the optimal solution is the highest at the
end of the evolution with P0[ψT ] ≈ 0.06, followed
closely by ranking 1 decision with P1[ψT ] ≈ 0.05.
Moreover, the probability of measuring decisions
with ranking in the top 5% of all rankings reaches
approximatively 0.85. The initial distribution
quality is E[ψ0] ≈ 0.5, which indicates a good
balance between high and low quality solutions.
Furthermore, we observe that the time evolution
T ≈ 28056 is significantly higher than it is for
MaxCut and MIS since the energy gaps are sig-
nificantly lower for the portfolio optimization in-
stances, leading to longer transfer time. We can
also observe that the initial ranking distribution
is uniform for portfolio optimization with 184756
different rankings for the feasible decisions. The
evolution induced by SamBa–GQW leads to a
high quality distribution where the first two high-
est measurement probabilities respectively corre-
spond to ranking 0 and 1.

5.2.4 LABS

Hamiltonian simulations. We present the re-
sults for LABS on n = 20 qubits, where we mini-
mize the energy (instead of maximizing the merit
factor). As seen on Fig. 23, the initial distri-
bution quality is very high with E[ψ0] ≈ 0.95.
This phenomenon indicates that most of the 2n

states have a very high quality and may impact
the difficulty of solving the problem since it is
easy to be stuck on local minima close to the
optimal solutions. We observe that after the
short time evolution T ≈ 1.4, the optimal solu-
tions do not have the highest measurement prob-
abilities. However, the probability of measuring
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Figure 16: SamBa–GQW Hamiltonian simulations for MIS on farm instance from Refs. [69, 70], for n = 17 qubits
with a sampling of q = n2 states.
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Figure 17: SamBa–GQW Hamiltonian simulations for MIS on mammalia-kangaroo-interactions instance from Refs.
[69, 70], for n = 17 qubits with a sampling of q = n2 states.
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Figure 18: SamBa–GQW quantum circuit simulations for unweighted MIS on random Erdős–Rényi graphs for
n = 30 qubits with different sampling values q ∈ {5n, 2n log2(n), n2, n3}.
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Figure 19: Approximation ratio (top) and number of
layers in the circuit (bottom) as a function of the num-
ber of qubits n ∈ [10, 30] and the discretization pa-
rameter p⋆ ∈ [1, 10] for unweighted MIS on random
Erdős–Rényi graphs with different sampling values q ∈
{5n, 2n log2(n), n2, n3}.

states with ranking in the top 5% of all rank-
ings almost reaches 1, which indicates good per-
formance of SamBa–GQW since the algorithm
finds almost optimal solutions with high proba-
bilities by only sampling q = n2 states. Note
that, in general, even restricting the search to
the top 5% of rankings may still correspond to
an exponentially large search space. However,
in the present case, the participation ratio indi-
cates that the quantum state converges toward
a well-localized distribution, suggesting that only
a small subset of configurations carries a signifi-
cant fraction of the probability mass. Lastly, the
participation ratio decreases rapidly as the quan-
tum state localizes during the evolution. We ob-
serve this behavior on Fig. 23 since only 18 rank-
ings among 254 have a measurement probability
higher than 10−3 after the evolution induced by
the algorithm. The Gaussian ranking distribution
is strongly shifted to low rankings, i.e. high qual-
ity decisions, as suggested by the initial distri-
bution quality. Furthermore, after the evolution,
four high quality rankings have a measurement
probability higher than 0.1 with P6[ψT ] ≈ 0.24,
P7[ψT ] ≈ 0.21, P5[ψT ] ≈ 0.18 and P4[ψT ] ≈ 0.12.
The initial measurement probabilities of these
rankings are respectively 0.0008, 0.0017, 0.0004,
and 0.0001, making the final probabilities a sign
of good performance of SamBa–GQW. The cu-
mulated probability of measuring rankings r ∈
{4, 5, 6, 7} is very high since it reaches 0.75. The
optimal solutions have a significantly lower mea-
surement probability with P0[ψT ] ≈ 0.005, how-
ever at t = 0 this probability is P0[ψ0] ≈ 7×10−6.
Thus, it is fair to consider the final measurement
probability a sign a good performance of the algo-
rithm since it multiplied the initial optimal prob-
ability by approximately 656 by sampling only
q = n2 states among 2n. Moreover, since the
quantum state is almost localized at t = T since
only 18 rankings among 254 have a measurement
probability higher than 10−3, including optimal
solutions, one can perform several measurements
in the computational basis and classically select
the state with lowest energy. This way, one can
increase the likeliness of recovering optimal solu-
tions.

Quantum circuit simulations. We present
the results for LABS on n = 30 qubits in
Fig. 24. We observe that only the cubic sam-
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Figure 20: SamBa–GQW quantum circuit simulations for weighted MIS on unit-disk graphs for n = 30 qubits with
different sampling values q ∈ {5n, 2n log2(n), n2, n3}.
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Figure 21: Approximation ratio (top) and number of
layers in the circuit (bottom) as a function of the number
of qubits n ∈ [10, 30] and the discretization parameter
p⋆ ∈ [1, 10] for weighted MIS on unit-disk graphs with
different sampling values q ∈ {5n, 2n log2(n), n2, n3}.

pling regime, q = n3, leads to variations in
the approximation ratio as the circuit depth in-
creases. This is explained by the fact that, for
q ∈ {5n, 2n log2(n), n2}, no energy gaps were
sampled, resulting in a quantum circuit composed
only of Hadamard gates applied to each qubit.
In contrast, the protocol with q = n3 success-
fully extracted four energy gaps. This behavior
arises because the sampling protocol (see Algo-
rithm 2) considers only positive energy gaps, as
shown in Appendix E, taking the absolute values
of the gaps eliminates this zero-sampled-energy
phenomenon. Moreover, we illustrate the scaling
of the number of sampled energy gaps as a func-
tion of n in Appendix C for MaxCut, MIS and
LABS. For the case q = n3, we observe a slight
improvement in the approximation ratio with in-
creasing circuit depth. We also note that the
initial approximation ratio is already very high,
since the LABS problem possesses a large pro-
portion of high-quality solutions. From Fig. 25,
we observe that increasing the number of samples
becomes necessary to improve the approximation
ratio as n grows.

5.2.5 MAX-k-SAT

We generate random instances of MAX-k-SAT
by randomly drawing m clauses uniformly from
the set of all possibles clauses Φk−SAT with
|Φk−SAT| = 2k

(n
k

)
. The hardness of MAX-k-SAT

strongly depends on the clause-to-variable ratio
α = m/n. There exists a threshold αc, in which
no known polynomial-time algorithm can pro-
duce an ϵ-approximate solution with high prob-
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Figure 22: SamBa–GQW Hamiltonian simulations on portfolio-optimization with XY -mixers (with ring connectiv-
ity) for n = 20 qubits with a sampling of q = n2 states. The instances are from dataset of Ref. [71].
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Figure 23: SamBa–GQW Hamiltonian simulations on LABS for n = 20 qubits with a sampling of q = n2 states.
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Figure 24: SamBa–GQW quantum circuit simulations for LABS for n = 30 qubits with different sampling values
q ∈ {5n, 2n log2(n), n2, n3}.
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Figure 25: Approximation ratio (top) and number of
layers in the circuit (bottom) as a function of the number
of qubits n ∈ [10, 30] and the discretization parameter
p⋆ ∈ [1, 10] for LABS with different sampling values
q ∈ {5n, 2n log2(n), n2, n3}.

ability [73]. This threshold is hard to determine
for any value of k but can be estimated using
cavity method [74, 75]. In practice, we run ex-
periments for k ∈ [3, 10] and we set the num-
ber of clauses to m = ⌊αkn⌋ where the values of
αk ≡ αc are shown in Table 10 of Ref. [72]. We
present the results for MAX-k-SAT on n = 20
qubits for degrees k ∈ {3, 4, 5, 6, 7, 8, 9, 10} on
Fig. 26. We observe that the evolution induced
by SamBa–GQW leads to a measurement of op-
timal solutions with highest probabilities only for
k ∈ {3, 4}. As k increases, optimal solutions still
have a relevant measurement probability, and in
the worst case the highest measurement probabil-
ity is that of ranking 2, which indicates good per-
formance. We notice that no matter the degree
k, distribution quality starts around E[ψ0] ≈ 0.6,
and it reaches lower values E[ψT ] as k increases,
which translates an increase in the problem dif-
ficulty. We observe that participation ratio de-
creases less rapidly as k increases, indicating that
the state vector requires more evolution time to
reach a more localized state with the increase of
problem’s degree. We notice that evolution time
T does not seem to be impacted by the degree
k since it is approximatively short and constant
with T ≈ 20. This observation indicates that
instances of different degree have energy gaps of
similar magnitude. Looking at the initial Gaus-
sian ranking distribution, we see that they are
slightly shifted to the left towards higher quality
decisions. Furthermore, the number of different
rankings does not exceed 38 which is quite low
considering that we work on instances with 220

decisions.

The probability of measuring decisions in the
top 10% of rankings, reaches high values close to 1
for k ∈ {3, 4, 5, 6, 7}. We observe a slight drop in
performance for k ∈ {8, 9, 10}, since their respec-
tive measurement probabilities of the 10% rank-
ings are approximatively 0.8, 0.7, and 0.55. How-
ever, since the number of different rankings does
not exceed 38, measuring the top 10% of rankings
is approximatively equivalent to only measuring
the first four rankings. Thus, even if this prob-
ability decreases with the increases of the prob-
lem’s degree k, the performance of SamBa are
still great considering that in the worst case for
k = 10, the highest measurement probability is
that of ranking 2 with the highest probability
P2[ψT ] ≈ 0.32. For every degree k, we observe
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(b) k = 4
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Figure 26: SamBa–GQW Hamiltonian simulations on MAX-k-SAT for n = 20 qubits with a sampling of q = n2

states. We present the results for degrees k ∈ {3, 4, 5, 6, 7, 8, 9, 10}, where the degree corresponds to the number of
literal per clause. The number of clause is set to m = ⌊αkn⌋ where the values of αk are shown in Table 10 of Ref.
[72].

that a sampling of only q = n2 states for n = 20 is
enough to guide the walker properly to high qual-
ity decisions, and even directly to optimal solu-
tions for k ∈ {3, 4}. As the degree of the problem
increases, it becomes harder to find optimal solu-
tions, however, we still measure almost-optimal
decisions with high probabilities. In such cases
of higher k, optimal solutions could be recovered
by performing several measurements and by ef-
ficiently selecting classically the best measured
decision.

5.2.6 Travelling Salesperson Problem

We run TSP on complete graphs ofm = 6 cities
(vertices), therefore we use n = m⌈log2(m)⌉ = 18

qubits for the HUBO encoding. We generate in-
stances with long (1 ≤ wij ≤ 100) and short
(0 ≤ wij ≤ 1) distances between the cities. This
difference has a direct impact on the values of
the energy gaps. With long distances we have
short evolution times since gaps are quite high
and with short distances the gaps get a lot smaller
making the evolution time longer. We set the pa-
rameters of Eq. (36) to µ = 1 and λ = γ =
2µmax(i,j)∈E wij . We obtain similar results for
long and short distance instances with a signifi-
cant difference in the evolution time as shown on
Figs. 27 and 28. The long distance instances re-
quire an evolution time T ≈ 1 against T ≈ 80
for the short distance instances. This comes from
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Figure 27: SamBa–GQW Hamiltonian simulations on complete graphs with weight bounded by 1 ≤ wij ≤ 100
distances on TSP for n = 18 qubits with a sampling of q = n2 states.
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Figure 28: SamBa–GQW Hamiltonian simulations on complete graphs with weight bounded by 0 ≤ wij ≤ 1
distances on TSP for n = 18 qubits with a sampling of q = n2 states.
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the difference in energy gaps which are lower in
the second case, leading to longer evolution time.
For both long and short distance instances, the
optimal solutions have the highest measurements
probabilities, reaching P0[ψT ] ≈ 0.4 with slightly
better results for short distances. The proba-
bility of measuring the top 5% rankings reaches
1 at t ≈ 0.2 (resp. t ≈ 40) for long (resp.
short) distance instances, and the participation
ratio decreases fast to approach 1/2n, indicating
a localized state early in the evolution. The ini-
tial ranking distribution shown on Figs. 27 and
28 are spread among a higher amount of rank-
ings than the previous studied problems. Long
(resp. short) distance instances have 12932 (resp.
12893) different rankings, and the evolution in-
duced by SamBa–GQW leads the walker to the
optimal solutions with high success probability
even if the TSP problem is encoded as a HUBO.

6 Comparison with the state of the art
6.1 Guided quantum walk

The authors of Ref. [40] introduced the guided
quantum walk (GQW) as an heuristic for combi-
natorial optimization. They follow the time evo-
lution of Eq. (6) and use a classical optimizer
to learn the optimal hopping rate Γ. Knowing
that this function must be monotonically decreas-
ing and positive [40], they reduce the number of
learning parameters by using cubic Bézier curves.
Such curves are defined by four control points
pi = (xi, yi)⊤ with i ∈ {0, 1, 2, 3}. Their coor-
dinates reads:

x(τ) = x0(1− τ)3 + 3x1(1− τ)2τ + 3x2(1− τ)τ2

+ x3τ
3

y(τ) = y0(1− τ)3 + 3y1(1− τ)2τ + 3y2(1− τ)τ2

+ y3τ
3.

(43)

To ensure strict decrease conditions, they set p0 =
(0, 1) and p1 = (1, 0), i.e. x0 = y3 = 0 and
y0 = x3 = 1. Moreover, they define the hopping
rate function as:

Γ(t) = y(t) · 10a·α + (1− y(t)) · 10b·β, (44)

with (α, β) ∈ [0, 1]2 and they set a = 2 and
b = −3. Thus, the parameters α and β control
the extreme values of Γ, and the coordinates of

points p1 and p2 control the shape of the curve.
The authors argue that if x0 < x1 and x2 < x3,
inserting the solution of t = x(τ) (for τ(t)) in
y gives a mapping from two to one dimension.
Therefore, one has to fine-tune the six hyperpa-
rameters θ⃗ = (x1, y1, x2, y2, α, β) to approach the
optimal hopping rate Γ. However, the limitation
of this method is the emergence of exponential
scalings in the classical learning of θ⃗ [40].

We compare GQW and SamBa–GQW on un-
weighted and weighted MaxCut, as well as on un-
weighted MIS and LABS. The problem instances,
described in Sec. 5.2, have even sizes n ∈ [10, 20].
As in the previous section, we proceed by Hamil-
tonian simulation. The classical optimization of
Bézier parameters θ⃗ is done with 100 iterations
of Nelder-Mead method with bounds θ⃗ ∈ [0, 1]6.
We run the GQW evolution for the same evo-
lution time T as SamBa–GQW, and we select
q = n2 for the sampling protocol.

The results are presented in Fig. 29. For all
considered problems, both methods achieve very
high approximation ratios, with GQW consis-
tently attaining slightly better values. Regard-
ing the probability of measuring optimal solu-
tions, the variational GQW also yields higher
probabilities, although the differences remain rel-
atively small. This advantage can be attributed
to the use of a classical optimizer in GQW to
determine the hopping-rate schedule that steers
the evolution toward high-quality states, whereas
SamBa–GQW does not rely on such optimiza-
tion. The probability of measuring optimal so-
lutions is notably high for both unweighted and
weighted MaxCut across all instance sizes. How-
ever, for MIS and LABS, it decreases significantly
and becomes close to zero as the system size ap-
proaches n = 20.

The number of iterations required for GQW
to reach convergence is shown in Fig. 30. Fewer
than 100 iterations are sufficient for all considered
problems. In particular, unweighted MaxCut and
LABS exhibit a similar convergence behavior, re-
quiring approximately 25 iterations, largely inde-
pendent of the instance size. Weighted MaxCut
and MIS require slightly more iterations to con-
verge. Furthermore, Fig. 31 illustrates the num-
ber of quantum circuit evaluations as a function
of the number of optimizer iterations for GQW.
For all problems, a linear relationship is observed
between the number of circuit evaluations and the
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reach convergence as a function of the number of qubits
n for GQW.

number of optimization iterations. In contrast,
SamBa–GQW requires only a single quantum
circuit evaluation, as it operates as a one-shot
method.

In summary, although GQW achieves slightly
better performance than SamBa–GQW, the dif-
ference remains relatively small. Considering
that variational GQW relies on classical opti-
mization, which necessitates repeated quantum
circuit evaluations, whereas SamBa–GQW re-
quires only a single evaluation, the latter offers a
good trade-off between solution quality and com-
putational cost compared to the variational ap-
proach.
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Figure 31: Number of quantum circuit evaluations as a
function of the number of iterations of Nelder-Mead for
GQW for n = 20 qubits. The dotted lines respectively
denote f(x) = 2.5x and f(x) = 3.3x.

6.2 QAOA

We present now results comparing Samba–
GQW in its circuit form with QAOA, which is
one of the most studied variational approach.
This heuristic can be interpreted as a Trot-
terized version of quantum annealing, where
the continuous-time evolution under a time-
dependent Hamiltonian is replaced by a sequence
of alternating unitaries generated by the problem
and mixer Hamiltonians. The QAOA evolution
is parametrized by a number of layers p that con-
trols the precision of the computation. The re-
sulting state reads:

|ψ
θ⃗p
⟩ =

( p∏
k=1

e−iβkHM e−iγkHC

)
|+⟩⊗n , (45)

and we set θ⃗p = (γ1, β1, . . . , γp, βp) and (γk, βk) ∈
R2. The cost and mixer Hamiltonian are respec-
tively defined in Eq. (2) and (4). However, one
is not restricted to the use of X-mixers since a
lot of different families of mixer can be of interest
[8]. After the quantum evolution of Eq. (45), the
expected cost value F (ψ

θ⃗p
) = ⟨ψ

θ⃗p
|HC |ψθ⃗p

⟩ is
minimized classically. Then, this variational pro-
cess is iterated with the updated θ⃗p as long as the
expectation value is above a given threshold. In
the context of minimization problems, the perfor-
mance of QAOA are usually measured with the
approximation ratio:

r = Cmin
F (ψ

θ⃗p
) . (46)
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Figure 32: Approximation ratio obtained with QAOA (left) and SamBa–GQW (right) for unweighted MaxCut on
random Erdős–Rényi graphs as a function of the number of qubits number of layers of the circuits.

Since we aim at minimizing a cost function with
negative values, we slightly rescale this ratio as:

r̃ =
Cmax − F (ψ

θ⃗p
)

Cmax − Cmin
. (47)

To go further, a detailed review of QAOA and its
variant can be found in Ref. [76].

We compare QAOA with Samba–GQW on
unweighted and weighted MaxCut, as well as
on unweighted MIS and LABS. The problem in-
stances, described in Sec. 5.2, have even sizes
n ∈ [10, 24]. QAOA is optimized using 300
COBYLA iterations, and the maximum number
of layers is fixed to p = 100 for both meth-
ods7. Different values of the sampling parame-
ter q ∈ {5n, 2n log2(n), n2, n3} are explored for
Samba–GQW.

The INTERP initialization strategy of Zhou et
al. [7] is used for the MaxCut and MIS problems,
treating optimal parameters as a smooth schedule
in the layer index and initializing deeper circuits
via interpolation of previously optimized angles.
We use a deterministic initialization for p = 1,
setting β1 = π/8 and γ1 = 0.4/wscale, where
wscale is the maximum absolute adjacency matrix
entry.

For the LABS problem, parameters are ini-
tialized using the dataset [77] from Ref. [15],

7Here, p denotes the number of circuit layers, as in
standard QAOA, whereas in previous sections p⋆ referred
to the uniform discretization parameter of Samba–GQW.
The latter is still Trotterized as described in Sec. 3.3, with
the maximum number of layers fixed to 100. Thus, QAOA
and SamBa–GQW are evaluated using circuits with the
same number of layers, ensuring a fair comparison.

which provides near-optimal angles for fixed cir-
cuit depths. When the values for a given depth p
are unavailable, the initialization is obtained by
interpolating the parameters from depth p− 1.

6.2.1 MaxCut

The MaxCut cost Hamiltonian reads:

HC = −1
2
∑

(i,j)∈E
wij

(
I− σz

i σ
z
j

)
, (48)

where wij = 1 for unweighted instances. The
results for the unweighted and weighted Max-
Cut problems are summarized in Figs. 32 and
33. Overall, QAOA achieves high approxima-
tion ratios across all system sizes, with perfor-
mance improving as the number of layers in-
creases and rapidly saturating at shallow depths
(p < 10) for both unweighted and weighted in-
stances. For the unweighted MaxCut instances,
Samba–GQW attains approximation ratios close
to those of QAOA only at significantly larger
depths (p > 90), with similar behavior observed
across all sampling values. In contrast, for the
weighted instances, increasing the sampling pa-
rameter q leads to a decrease in approximation
ratios. This trend suggests that larger sampling
values require substantially deeper circuits, likely
well beyond the considered limit of p = 100 to
achieve comparable performance.
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Figure 33: Approximation ratio obtained with QAOA (left) and SamBa–GQW (right) for weighted MaxCut on
random Erdős–Rényi graphs as a function of the number of qubits number of layers of the circuits.

6.2.2 Maximum independent set

The unweighted MIS cost Hamiltonian is de-
fined as:

HC = 1
2
∑
i∈V

σz
i −

λ

4
∑

(i,j)∈E

(
σz

i + σz
j

)
+ λ

4
∑

(i,j)∈E
σz

i σ
z
j .

(49)

The results for the unweighted MIS problem are
summarized in Fig. 34. QAOA achieves high ap-
proximation ratios at shallow circuit depths (p <
10), with some variations across system sizes. At
larger depths (p > 20), the approximation ra-
tio decreases, indicating difficulties for the opti-
mizer in effectively tuning deeper circuits. In con-
trast, Samba–GQW exhibits distinct behaviors
depending on the sampling parameter q. Sam-
pling values q ∈ {5n, 2n log2(n), n2} yield com-
petitive approximation ratios that approach those
of QAOA at sufficiently large depths (p > 90).
However, further increasing the sampling value
leads to a noticeable degradation in performance
as the instance size grows.

6.2.3 LABS

The LABS cost Hamiltonian reads [15]:

HC = 2
n−3∑
i=1

σz
i

⌊ n−i−1
2 ⌋∑

t=1

n−i−t∑
k=t+1

σz
i+tσ

z
i+kσ

z
i+k+t

+
n−2∑
i=1

σz
i

⌊ n−i
2 ⌋∑

k=1
σz

i+2k.

(50)

The results for the LABS problem are summa-
rized in Fig. 35. The LABS problem differs from
MaxCut and MIS in that it possesses a large
number of high-quality solutions, making it dif-
ficult to distinguish the optimal solution from
the rest. As a result, the approximation ratio
is already very high at p = 0, when the cir-
cuit consists only of a layer of Hadamard gates.
QAOA achieves high approximation ratios across
all system sizes, with performance steadily im-
proving as the number of layers increases. In
comparison, Samba–GQW exhibits a strong de-
pendence on the sampling parameter q. Sampling
values q ∈ {5n, 2n log2(n), n2} yield competitive
results, approaching QAOA performance at large
depths. Moreover, we notice that QAOA per-
forms substantially better at shallow depths for
14 ≤ n ≤ 20, whereas for larger system sizes
(n ≳ 20), Samba–GQW achieves similar perfor-
mance with fewer layers. This trend may also be
explained by the growing number of high-quality
solutions as n increases, which naturally raises
the approximation ratio. Furthermore, increas-
ing the sampling to q = n3 leads to a noticeable
degradation in approximation ratios, particularly
for intermediate depths.

6.3 Overall comparison

We illustrate in Fig. 36 the best approxima-
tion ratios obtained over quantum circuits with
number of layers p ∈ [1, 100] for QAOA and
SamBa–GQW, as a function of the number of
qubits. For unweighted MaxCut, QAOA con-
sistently achieves slightly higher approximation
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Figure 34: Approximation ratio obtained with QAOA (left) and SamBa–GQW (right) for unweighted MIS on
random Erdős–Rényi graphs as a function of the number of qubits number of layers of the circuits.
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Figure 35: Approximation ratio obtained with QAOA (left) and SamBa–GQW (right) for LABS as a function of
the number of qubits and the number of layers of the circuits.
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Figure 36: Best approximation ratio obtained by QAOA and SamBa–GQW as a function of the number of qubits.
Results for SamBa–GQW are shown both with a restricted number of layers (pmax = 100) and with an unrestricted
layer budget. We indicate the number of layers p at which the highest approximation is reached, we also display the
sampling parameter q that led to this performance for SamBa–GQW.
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ratios across all n. This trend becomes more
pronounced for weighted MaxCut, where QAOA
maintains near-optimal ratios even at large n,
whereas SamBa–GQW exhibits a marked degra-
dation as n increases. We also observe that the
best approximation ratios for QAOA are typi-
cally obtained at relatively large depths (p ≳ 70).
However, as shown in Fig. 33, high-quality so-
lutions are already reached at shallow depths
(p ≈ 10). Moreover, in contrast with the un-
weighted case where the optimal sampling pa-
rameter is most often q = n2 or q = n3, for
weighted MaxCut the best performance is con-
sistently obtained with q = 5n, except for n =
10. A similar gap is observed for MIS, where
QAOA reaches higher-quality solutions at mod-
erate depths, while SamBa–GQW again dete-
riorates significantly despite using maximal cir-
cuit depths (p = 98). In contrast, for LABS,
SamBa–GQW behaves better than QAOA for
n < 22, albeit at the cost of much deeper circuits.
Overall, fixing the maximal number of layers to
pmax = 100 leads to QAOA performing generally
better than SamBa–GQW, achieving higher ap-
proximation ratios with shallower circuits. It is
important to note, however, that QAOA relies on
a classical optimization routine to determine its
parameters, which contributes to the quality of
the solutions, whereas SamBa–GQW only relies
on an efficient sampling protocol on the classi-
cal side. These results highlight that SamBa–
GQW is less suited to NISQ settings, as it re-
quires deeper circuits. Finally, Fig. 36, also de-
picts the best approximation ratio achieved by
SamBa–GQW, with unrestricted layer budget.
We see that beyond the NISQ setting, SamBa–
GQW is well in par with QAOA.

7 Conclusion

In this work, we propose a new quantum algo-
rithm for approximating the solution of polyno-
mial combinatorial optimization problems with-
out using classical optimizers: SamBa–GQW.
The algorithm is based on a classical offline sam-
pler and a quantum walk. The quantum walk is
guided via a time-dependent hopping rate, which
is determined a priori by the sampler. We present
numerical results on several hard combinatorial
problems, showcasing the high performance, con-
sistency, and simplicity of SamBa–GQW. Our

algorithm performs also very favorably with re-
spect to the variational guided quantum walk,
which requires a classical optimizer to determine
the time-dependent hopping rate. Compared to
QAOA, SamBa–GQW behaves very similarly
for approximation ratios, as long as its layer count
is unrestricted (beyond NISQ regime), and less
so, when forced to use shallow circuits. The lat-
ter is to be expected, since QAOA runs a classical
optimizer, while SamBa–GQW does not.

Samba–GQW strong performance makes it a
promising heuristic candidate for solving large-
scale combinatorial problems as quantum hard-
ware continues to improve. Our approach is not
intended to provide a polynomial-time solution to
NP-hard problems; instead, numerical evidence
suggests that polynomial resources may be suffi-
cient to effectively guide the search toward high-
quality states.
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Appendices

A Hopping rate as a function of energy

The hopping rate Γ is initially a function of en-
ergy, which corresponds to the output of the cost
function, which is the reason why we can consider
“negative energies”. We make it a function of time
to define a QW on the solution space, whose con-
nectivity is defined by the structure of the mixer.
Since each energy requires a specific transfer time
(see Eq. (11)), the original function of energy
Γ(E) is rescaled to obtain the time-dependent
hopping rate Γ(t). We show the exact (q = 2n)
and approximated (q = n2) original function of
energy on Fig. 37 for n = 11 qubits. Unlike the
time-dependent hopping rates displayed on Figs.
1b and 1d, it is clear that when it depends on
energy, and are therefore not rescaled, the exact
and approximate hopping rates are very similar.
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Figure 37: Hopping rate Γ as a function of energy E

for n = 11 qubits with Γ(E) = ⟨∆C⟩(E)
2 for UD-MIS

instance.

B Uniform discretization of Γ

In our numerical simulations we split each lin-
ear sub-interval into p⋆ cuts, we illustrate such a
discretization scheme with p⋆ = 2 in Fig. 38.

C Sampled energy scaling with n

In this section, we show the number of different
sampled energies |E| as a function of the number
of qubits for MaxCut (Fig. 39), MIS (Fig. 40) and
LABS (Fig. 41). As n increases, this quantity ap-
proaches zero for LABS, explaining the behavior
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Figure 38: Uniform discretization of the hopping rate Γ.

observed in Fig. 24. In Appendix E, we show how
to prevent this vanishing behavior.

D Deeper quantum circuits for
SamBa–GQW

In this section, we illustrate the effect of using
higher-depth circuits for weighted MaxCut and
UD-MIS on n = 22 qubits by extending the dis-
cretization parameter to the range p⋆ ∈ [0, 30].
As shown in Figs. 42 and 43, increasing the cir-
cuit depth leads to the best performance when
sampling with q = n3, although for the weighted
MaxCut problem the results are nearly identi-
cal to those obtained with other sampling strate-
gies. However, despite the improvement in the
approximation ratio, the number of circuit layers
increases significantly, making this approach in-
efficient. Therefore, it does not appear necessary
to use large values of the discretization parame-
ter p⋆, as the gain in solution quality is negligible
compared to the substantial increase in circuit
depth.

E Absolute values of the energy gaps
In the sampling protocol presented in Algo-

rithm 2, we consider only positive energy gaps.
More precisely, at each iteration, a state is ran-
domly selected and its energy gaps with all neigh-
boring states are computed; only the positive
gaps are retained, and the largest among them
is stored. One may naturally ask why we do not
instead consider both positive and negative gaps
by taking their absolute values, since the sign
of a gap depends solely on the randomly chosen
reference state and does not carry intrinsic in-
formation. This choice was made to reduce the
number of sampled gaps and, consequently, lower
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Figure 39: Number of different sampled energies for un-
weighted (top) and weighted (bottom) MaxCut on ran-
dom Erdős–Rényi graphs for n ∈ [10, 30] qubits with
different sampling values q ∈ {5n, 2n log2(n), n2, n3}.

the computational cost of the classical simula-
tions. Numerical results indicate that, for most
of the considered optimization problems, this re-
stricted sampling strategy remains sufficient to
obtain high-quality solutions. However, as shown
in Figs. 39 (unweighted MaxCut) and 41, the
number of sampled gaps decreases as n increases.
In the worst-case scenario, this may lead to situ-
ations where no energy gaps are sampled at all,
implying that no information is extracted to con-
struct the hopping rate and, consequently, no in-
formation is available to determine the circuit an-
gles.

In this section, we modify the sampling proto-
col by considering the absolute values of the en-
ergy gaps rather than restricting to positive ones,
and we study the impact of this modification on
the results for unweighted MaxCut and LABS.
These two problems were selected because they
are the only cases in our simulations where the
number of sampled gaps decreases significantly
with increasing problem size. With this modifi-
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Figure 41: Number of different sampled energies for
LABS for n ∈ [10, 30] qubits with different sampling
values q ∈ {5n, 2n log2(n), n2, n3}.

cation, line 7 of Algorithm 2 becomes

∆←
{
|∆C

x,y|
|∆M

x,y|

∣∣∣∣∣ ∀y ∈ B(x)
}
. (51)

We present the results of the quantum circuit
simulations for unweighted MaxCut for n = 24
qubits on Fig. 44. Unsurprisingly, relaxing the re-
striction to positive gaps results in a larger num-
ber of sampled gaps. This modification also im-
pacts the approximation ratio, as sampling only
positive gaps leads to systematically higher val-
ues, with a discrepancy of roughly 0.2 between
the two methods. In addition, Fig. 45 indicates
that, when gap magnitudes are considered irre-
spective of their sign, the number of sampled
gaps continues to increase as the problem size
grows. Furthermore, we illustrate the approxi-
mation ratio and number of layers in the quan-
tum circuits as a function of n in Fig. 46. We
also present the results for LABS with n = 26
qubits in Fig. 47. As in the case of unweighted
MaxCut (see Fig. 44), including both positive and
negative gaps leads to a substantially larger num-
ber of sampled gaps, increasing from zero to ap-
proximately 50 for q ∈ {5n, 2n log2(n)}. Consis-
tent with the observations for unweighted Max-
Cut, considering all gaps together with their sign
results in lower approximation ratios than those
obtained when only positive gaps are consid-
ered. However, in contrast to unweighted Max-
Cut, the difference remains below 0.1. Further-
more, Fig. 48 illustrates the evolution of the num-
ber of sampled gaps as a function of the prob-
lem size. Although this quantity exhibits oscilla-
tory behavior, alternating between increases and
decreases as n grows, the magnitude of the in-
creases appears to consistently exceed that of the
decreases, resulting in an overall upward trend.
Finally, Fig. 49 reports the approximation ratio
and the number of layers in the quantum circuits
as functions of the problem size n.
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Figure 42: SamBa–GQW quantum circuit simulations for weighted MaxCut on random Erdős–Rényi graphs for
n = 22 qubits with different sampling values q ∈ {5n, 2n log2(n), n2, n3}. The discretization parameter p⋆ takes
values in interval [0, 30].
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Figure 43: SamBa–GQW quantum circuit simulations for weighted MIS on unit-disk graphs for n = 22 qubits
with different sampling values q ∈ {5n, 2n log2(n), n2, n3}. The discretization parameter p⋆ takes values in interval
[0, 30].
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Figure 44: SamBa–GQW quantum circuit simulations for unweighted MaxCut on random Erdős–Rényi graphs for
n = 24 qubits with different sampling values q ∈ {5n, 2n log2(n), n2, n3}. The discretization parameter p⋆ takes
values in interval [0, 10]. The upper (resp. lower) figure presents the results obtained when considering only positive
gaps (resp. both positive and negative gaps).
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Figure 45: SamBa–GQW quantum circuit simulations
for unweighted MaxCut on random Erdős–Rényi graphs
for n ∈ [10, 24] qubits with different sampling values q ∈
{5n, 2n log2(n), n2, n3}. The discretization parameter
p⋆ takes values in interval [0, 10].

10 12 14 16 18 20 22 24

0

1

2

3

4

5

6

7

8

9

10

p ?

q = 5n

10 12 14 16 18 20 22 24

0

1

2

3

4

5

6

7

8

9

10

q = 2n log2(n)

10 12 14 16 18 20 22 24

n

0

1

2

3

4

5

6

7

8

9

10

p ?

q = n2

10 12 14 16 18 20 22 24

n

0

1

2

3

4

5

6

7

8

9

10

q = n3

0.45

0.50

0.55

0.60

0.65

0.70

0.75

0.80

A
p

p
ro

x
im

at
io

n
ra

ti
o

10 12 14 16 18 20 22 24

1

2

3

4

5

6

7

8

9

10

p ?

q = 5n

10 12 14 16 18 20 22 24

1

2

3

4

5

6

7

8

9

10

q = 2n log2(n)

10 12 14 16 18 20 22 24

n

1

2

3

4

5

6

7

8

9

10

p ?

q = n2

10 12 14 16 18 20 22 24

n

1

2

3

4

5

6

7

8

9

10

q = n3

100

200

300

400

500

N
u

m
b

er
of

la
ye

rs

Figure 46: Approximation ratio (top) and number of
layers in the circuit (bottom) as a function of the num-
ber of qubits n ∈ [10, 24] and the discretization pa-
rameter p⋆ ∈ [1, 10] for unweighted MaxCut on ran-
dom Erdős–Rényi graphs with different sampling values
q ∈ {5n, 2n log2(n), n2, n3}.
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Figure 47: SamBa–GQW quantum circuit simulations for LABS for n = 26 qubits with different sampling values
q ∈ {5n, 2n log2(n), n2, n3}. The discretization parameter p⋆ takes values in interval [0, 10]. The upper (resp. lower)
figure presents the results obtained when considering only positive gaps (resp. both positive and negative gaps).
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Figure 48: SamBa–GQW quantum circuit simulations
for LABS for n ∈ [10, 26] qubits with different sampling
values q ∈ {5n, 2n log2(n), n2, n3}. The discretization
parameter p⋆ takes values in interval [0, 10].
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Figure 49: Approximation ratio (top) and number of
layers in the circuit (bottom) as a function of the number
of qubits n ∈ [10, 26] and the discretization parameter
p⋆ ∈ [1, 10] for LABS with different sampling values
q ∈ {5n, 2n log2(n), n2, n3}.

Accepted in Quantum 2026-10-03, click title to verify. Published under CC-BY 4.0. 46


	Introduction
	Background
	Adiabatic evolution for optimization
	Guided Quantum Walk

	Sampled-Based Guided Quantum Walk
	Classical offline part: sampling
	Hopping rate determination
	Circuit implementation

	Set of problems
	Quadratic problems
	MaxCut
	Maximum Independent Set
	Portfolio optimization: constraints

	Polynomial problems
	LABS
	MAX-k-SAT
	Travelling salesperson problem


	Numerical results for SamBa–GQW
	Performance metrics
	Results
	MaxCut
	Maximum independent set (MIS)
	Portfolio optimization
	LABS
	MAX-k-SAT
	Travelling Salesperson Problem


	Comparison with the state of the art
	Guided quantum walk
	QAOA
	MaxCut
	Maximum independent set
	LABS

	Overall comparison

	Conclusion
	Data availability
	Author contributions
	Acknowledgements
	References
	Hopping rate as a function of energy
	Uniform discretization of 
	Sampled energy scaling with n
	Deeper quantum circuits for SamBa–GQW
	Absolute values of the energy gaps

