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Charles Moussa*, Hao Wang, Thomas Bäck and Vedran Dunjko*

Abstract

As combinatorial optimization is one of the main
quantum computing applications, many methods
based on parameterized quantum circuits are being
developed. In general, a set of parameters are being
tweaked to optimize a cost function out of the
quantum circuit output. One of these algorithms,
the Quantum Approximate Optimization Algorithm
stands out as a promising approach to tackle
combinatorial problems, due to many interesting
properties. However finding the appropriate
parameters is a difficult task. Although QAOA
exhibits concentration properties, they can depend
on instances characteristics which may not be easy
to identify, but may nonetheless offer useful
information to find good parameters. In this work,
we study unsupervised Machine Learning approaches
for setting these parameters without optimization.
We perform clustering with the angle values but
also instances encodings (using instance features or
the output of a variational graph autoencoder), and
compare different approaches. These angle-fiding
strategies can be used to reduce calls to quantum
circuits when leveraging QAOA as a subroutine. We
showcase them within Recursive-QAOA up to depth
3 where the number of QAOA parameters used per
iteration is limited to 3, achieving a median
approximation ratio of 0.94 for MaxCut over 200
Erdős-Rényi graphs. We obtain similar performances
to the case where we extensively optimize the
angles, hence saving numerous circuit calls.

Keywords: Quantum Computing; Combinatorial
Optimization; Quantum Approximate Optimization
Algorithm; Clustering

1 Introduction
Noisy Intermediate-Scale Quantum (NISQ) era hard-
ware [1] faces many limiting challenges preventing fault-
tolerant quantum algorithm execution (e.g., the number
of qubits, decoherence, etc.). Hence near-term hybrid
quantum-classical algorithms were designed as an al-
ternative for applications such as quantum chemistry
problems [2], quantum machine learning [3] and combi-
natorial optimization [4]. One or many so-called vari-
ational quantum circuits (or parameterized quantum
circuits), are submitted to quantum devices with a
fixed circuit architecture while the parameters of indi-
vidual gates are adjusted in a classical loop to achieve
a computational objective.

With a user-specified depth p, the Quantum Approx-
imate Optimization Algorithm (QAOA) [4] consists
of a quantum circuit involving 2p real parameters (or
angles). In the limit of infinite depth, given optimal
parameter settings, it converges to the optimum of
a combinatorial problem. It exhibits a few properties
that makes it interesting for combinatorial optimization
[5, 6, 7, 8]. These can be useful when using it as a sub-
routine [9, 10, 11, 12, 13], especially the concentration
of parameters [6]. This concentration property suggests
that optimal parameters found for one instance can be
reused on another. Most importantly, this means we
can reduce the classical optimization loop and num-
ber of calls to a quantum device (saving runtime of
QAOA-featured algorithms).

Many works have studied or illustrated this concen-
tration property [6, 7, 14, 15, 16, 17, 18, 19, 20]. How-
ever, it comes with an underlying assumption that
the instances (most often formulated as Ising prob-
lems that can be visualized as graphs) should come
from a «reasonable» distribution [6]. On the one hand,
the «reasonable» aspect may not be straightforward to
characterize [18]. On the other hand, in many QAOA-
featured algorithms [9, 10, 11, 12, 13], many instances
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are generated and could give rise to many distribu-
tions. Finally, within a distribution, several areas of
concentration may rise. Hence, balancing between find-
ing good QAOA parameters and reducing circuit calls
will be key to QAOA-featured algorithms.

Taking into account these aforementioned considera-
tions, we propose to apply unsupervised learning for
setting QAOA angles, namely clustering. We consider
different approaches depending on the type of data fed,
and compare them on two types of problems: MaxCut
on Erdős-Rényi graphs and Quadratic Unconstrained
Binary Problems on random dense matrices. We demon-
strate that our techniques can be used to learn to set
QAOA parameters with respectively a less than 1− 2%
reduction (in relative value) in approximation ratio in
cross-validation, while reducing circuit calls. Finally, we
demonstrate their usage in Recursive-QAOA (RQAOA)
[13] up to depth 3 on the Erdős-Rényi graphs, where
we limit the number of QAOA circuit calls per itera-
tion to 3 (in contrast to a de-novo optimization which
could require many more calls), and achieve a 0.94
median approximation ratio. With our approaches, we
obtain similar performances to the case where we ex-
tensively optimize the angles, hence saving numerous
circuit calls.

The structure of the paper is as follows. Section 2
provides the necessary background and related works.
Section 3 analyses the optimal angles found in both
problems, pointing concentration effects and the suit-
ability of clustering. Section 4 shows different unsuper-
vised learning strategies using different data encoding
for clustering and the comparison between them. Sec-
tion 5 sums up our experiments on rqaoa. We conclude
this work with a discussion in Section 6.

2 Background
2.1 QUBO and QAOA
Quadratic Unconstrained Binary Optimization (QUBO)
problems are specified by the formulation minx∈{0,1}n∑

i≤j xiQijxj where n is the dimensionality of the

problem and Q ∈ R
n×n. This formulation is connected

to the task of finding so called «ground states»of «Ising
models», i.e., configurations of binary labels {1,−1}
minimising the energy of spin Hamiltonians, commonly
tackled in statistical physics and quantum computing,
i.e.,:

mins∈{−1,1}n

∑
i hisi +

∑
j>i Jijsisj , (1)

where hi are the biases and Jij the interactions be-
tween spins. QUBO can express an exceptional variety
of combinatorial optimization (CO) problems such as
Quadratic Assignment, Constraint Satisfaction Prob-
lems, Graph Coloring, Maximum Cut [21].

The QAOA algorithm [4] was inspired by adiabatic
quantum computing with the goal to tackle CO prob-
lems. It consists of a quantum circuit whose construc-
tion depends on the classical cost function. Indeed, the
latter is encoded in a quantum Hamiltonian defined on
N qubits by replacing each variable si in Eq. (1) by
the single-qubit operator σz

i :

HC =
∑

i hiσ
z
i +

∑
j>i Jijσ

z
i σ

z
j . (2)

Here, the bitstring corresponding to the ground state
of HC also minimizes the cost function. Another Hamil-
tonian named mixer HB =

∑N
j=1 σ

x
j is also employed

in QAOA. These operators are then used for building
a quantum circuit with real parameters and organized
as layers. This circuit is initialized in the |+〉

⊗N
state,

corresponding to all bitstrings in superposition with
equal probability of being measured. Then, applying p

layers sequentially yields the following quantum state:

|γ, β〉 = e−iβpHBe−iγpHC · · · e−iβ1HBe−iγ1HC |+〉
⊗N

,

defined by 2p real parameters γi, βi, i = 1...p or QAOA

angles as they correspond to angles of parameterized
quantum gates. Such output corresponds to a probabil-
ity distribution over all possible bitstrings. The classical
optimization challenge of QAOA is to find the sequence
of angles γ, β minimizing the expected value of the cost
function from the measurement outcome. In the limit
of infinite depth, the distribution will converge to the
global optimum.

An interesting property of the algorithm is the concen-
tration of the QAOA objective for fixed angles [6] due to
typical instances having (nearly) the same value of the
objective function. Additionally, the QAOA landscape
is instance-independent when instances come from a
«reasonable» distribution (with the number of certain
types of subgraphs of fixed size themselves concentrate,
which in turn implies the values concentrate). Hence,
we can focus on finding good parameters on a subset
of instances that could be re-applied to new ones, with
a few extra calls to the quantum device in order to
refine. As stated earlier, in the most general case, char-
acterizing distributions which are «reasonable» may
be involved, or even characterizing the distribution
at hand may be hard. Previous work [6, 19, 20] ref-
erenced in [18] reported concentrations over optimal
parameters even when QAOA is applied on random
instances. These distributions over optimal parameters
are empirically shown to behave non-trivially with re-
spect to n. [18] pointed out this problem as «folklore
of concentrations» .

Hence, even though angles concentrate in many set-
tings asymptotically, for finite size problems, different
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areas of concentration may rise. Therefore, choosing
good angle values is challenging, especially when con-
sidering runtime of quantum algorithms. As such, some
studies built on this property and resorted to using
Machine Learning (ML) or characterizing instances by
some properties for finding good QAOA parameters.
We present a few of them in the next subsection.

2.2 Related Work
Many previous works have extensively employed the
concentration property [7, 14, 15, 16, 17, 18, 19, 20].
Among them, a few employed ML or designed strategies
for setting good QAOA parameters for diferent objec-
tives. In [14], a simple kernel density model was trained
on the best angles and instances solved by QAOA to
exhibits better QAOA optimization than the Nelder-
Mead optimizer. Parameter fixing strategies for QAOA
are also studied in [15, 7] where the best found angles
at depth p are used as starting points for depth p+ 1
before using a classical optimizer.

[19] present a strategy to find good parameters for
QAOA based on topological properties of the prob-
lem graph and tensor network techniques. [16] point
out that the success of transferability of parameters
between different problem instances can be explained
and predicted based on the types of subgraphs compos-
ing a graph. Finally, meta-learning is used in [17] to
learn good initial angles for QAOA. They focused on
initialization-based meta-learners in which a single set
of parameters is used for a distribution of problems as
initial parameters of a gradient-based optimizer. The
meta-learner is a simple neural network that takes as in-
puts some meta-features of the QAOA circuit to predict
the angles to apply (depth and which angle to output
the value). However, no instance-related features are
involved in their work.

In our case, we focus on clustering with the goal of
proposing many parameter values to try for new QAOA
circuits. In contrast to all the approaches we discussed
above, we do not use a classical optimization loop after
setting them. Hence, our approaches allow balancing
between circuit calls of small quantum computers and
performances. Such settings for instance naturally occur
in divide-and-conquer-type schemes to enable smaller
quantum computers to improve optimization [9, 10,
11, 12], or in Recursive-QAOA [13] as we demonstrate
later.

3 Revisiting the concentration property
In contrast to previous related works, we propose un-
supervised approaches that also exploit these concen-
tration effects. We take a data-driven approach where
from examples of good angles, we will infer new good
angles for new instances. Namely, we use clustering in

order to obtain clusters that can be used to reduce calls
to the quantum device to small numbers (in our case,
less than 10) when applying QAOA on new instances,
without further optimization.

We take a usual ML approach to this problem. First,
from generated instances, we apply exploratory data

analysis [22] (EDA) that suggests clustering may be
a good approach for recommending good angles to
new instances. Namely, we look at the density of angle
values and apply t-SNE [23] (a dimensionality reduction
technique) for visualizing concentration effects. We
follow by explaining how clustering is used in order to
recommend angles for new instances. The approaches
we outline differ in input to the clustering algorithm. We
consider clustering from the angle values directly but
also from instance encodings. Finally, we compare these
approaches allowing us to provide recommendations
for their usage.

3.1 Data generation
We generated two datasets that shows different concen-
tration behavior. The first one consists of 200 Erdős-
Rényi graphs for MaxCut problems. The graphs have
10, 12, 14, 16 and 18 nodes. We utilized the following
probabilities of edge creation: 0.5, 0.6, 0.7, 0.8. We have
generated 10 graphs per number of nodes and proba-
bility. The second dataset consists of 100 instances of
QUBO problems, specified by their weight matrix Q

(20 per aforementioned number of nodes). Their coeffi-
cients are sampled uniformly in [−1, 1]. For the purpose
of computing approximation ratios, we are interested
in Copt – the maximal value of the MaxCut (or QUBO)
– over all possible bit configurations, and as a reference,
this was computed using brute-force.

We then obtained for each problem the best set of
angles by running the BFGS optimizer [24] 1000 times
for p = 1, 2, 3, and selecting the ones which achieves the
best QAOA objective. BFGS with random restarts is
deemed a very good optimizer for continuous differen-
tiable functions. These angles are saved as a database
and apply unsupervised approaches to learn to set
optimal angles for unseen instances. Our approach is
clearly optimization method specific but can be applied
to other state-of-the-art optimizers. Different optimiz-
ers would give different data but they can be combined
and one would select the best set of angles found among
all considered.

3.2 Exploratory Data Analysis
Having obtained the optimal angles, we apply EDA
to observe concentration effects. We look at their cor-
responding performance ratios using the average cost
yielded by QAOA for angles γ, β denoted with Eγ,β(C).
For MaxCut on unweighted Erdős-Rényi graphs, we
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compute approximation ratios as
Eγ,β(C)
Copt

. This value

is upper bounded by 1, which is the optimal value. For

QUBOs, we compute optimality gaps
Copt−Eγ,β(C)

Copt
as

the optima were all negative and the closer to 0, the
better. We show boxplots in Fig 1 the ratios wrt depth.
Increasing depth results in better ratios.

Figure 1: Violin plots of ratios on MaxCut and optimal-
ity gaps over QUBOs (bottom plot) for p = 1, 2, 3. The re-
spective median by depth is 0.802954, 0.827901, 0.840478
for MaxCuts and 0.457434, 0.335144, 0.278984 for QU-
BOs, illustrating improved performances with increased
depth.

Next, we looked at the distribution of γi, βi values.
Fig 2 shows that the concentration per each parameter
is significant since their corresponding density function
are quite peaky. Also, we also observed multiple clus-
ters of angles as the density functions are multimodal.
Finally, we applied t-SNE with two components to visu-

alize the angle values in 2D for p = 2, 3. This highlights
potentially a number of clusters for each depth and
problem. Note that it may be the possible that we may
not obtain global optima with these angles, or know if
they are unique.

We notice that the probability of edge creation, rep-
resented by a different color, does not seem to influence
the clusters. For dense QUBOs, we observe one im-
portant cluster and a few instances that start to form
another. Finally, in the dense instances case, we witness
more important spread in angle values at depth 1. This
can be explained by differences between instances. Al-
though the concentration effect is present, such order of
magnitude will impact the performances of parameter
setting strategies, and make an interesting playground
to benchmark them.

Using clustering techniques can then reveal potential
areas of QAOA angles values where good angles can
be found to try on new instances. The angle values
related to clusters can be used as recommendations
for new instances. This becomes interesting as this
enables lowering runtime and allow comparing based
on function evaluations, or on the number of quantum
circuit calls, in algorithms were QAOA would be used
as a subroutine.

4 Clustering-based (unsupervised)
learning for angles

As the EDA highlights a clustering effect, we propose
different clustering approaches that use different data
for angle recommendations. Namely, we describe first
using the angle values directly for building clusters
serving as angles to try. Then, we switch to using
instance-related features. Finally, for the unweighted
case, we use graph auto-encoders whose outputs can be
used for clustering instead of computing graph features.
In the following, we detail each clustering approach for
flexible angle recommendation.

4.1 Identifying clusters of angles or problem instances
We first considered clustering using angle values. Given
a database of optimal angles for Q problem instances
{I1, · · · , IQ}, {(γ

∗, β∗)1, · · · , (γ
∗, β∗)Q}, this can be

seen as computing or selecting a good set of angle values
the database to apply on new instances. In this case,
we do not use the problem instances during clustering.
Given a user-specified number of angles to be tested K,
this set of angle values are then applied on new QAOA
circuits. To specify them, we can use a clustering algo-
rithm on the database {(γ∗, β∗)1, · · · , (γ

∗, β∗)Q}. For
instance, K-means will output centroids to use directly
as angle recommendations for QAOA on new instances.

To incorporate knowledge from instances when rec-
ommending angles, we change the data fed to the clus-
tering algorithm. We distinguish computing instance
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(a) (b) (c)

(d) (e) (f)

Figure 2: Distribution of angle values γi, βi for each depth. Plots a), b) and c) concern MaxCut problems while
the others refer to the dense QUBO matrices. We witness concentration effects of the angle values, suggesting the
suitability of clustering as an angle setting strategy.

features from learning an embedding, that is a user-
defined F−dimensional representation or encoding of
the instances as data. We denote an encoding of an
instance It as f(It). The angle recommendation frame-
work using a clustering algorithm for such instance
representation is presented in Alg. 1. First, clusters
are learnt from the encodings extracted on training
data. Then, we find the instances in the database that
are the closest in distance to the clusters, and their
corresponding optimal angles. The latter are then used
for QAOA circuits on new instances, from which we
keep the best QAOA output.

4.2 Instance encodings

In this work, we show two main approaches to encode
the instances for clustering. First, we computed a set
of features following [25, 11]. For Erdős-Rényi graphs,

we took the graph density, the logarithm of number

of nodes and edges, logarithm of the first and second

largest eigenvalues of the laplacian matrix normalized

by the average node degree and the logarithm of the ratio

of the two largest eigenvalues. For QUBOs, we reduced

them to the MaxCut formulation and used the logarithm

Algorithm 1 K-angle recommendation framework for
QAOA.

Input: Clustering algorithm, number of clusters K,
Training Data: {I1, · · · , IQ}; {(γ∗, β∗)1, · · · , (γ∗, β∗)Q},

Testing Data: {I
′

1, · · · , I
′

R},
Initialize anglesToRecommend = [], encodings = []
for t = 1 to Q do

Compute f(It) and append to encodings.
end for
Apply Clustering algorithm on encodings
for c = 1 to K do

Get cluster fc(It)
Get closest point in encodings to fc(It) and extract index ic
Append (γ∗, β∗)ic to anglesToRecommend

end for
for t = 1 to R do

bestOutputt = INF
for c = 1 to K do

Apply QAOA on I
′

t with anglesToRecommend[c]
if EanglesToRecommend[c](CI

′

t
) < bestOutputt then

bestOutputt = EanglesToRecommend[c](CI
′

t
)

end if
end for

end for

of number of nodes, and the weighted laplacian matrix

eigenvalues-based features.
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(a) (b) (c)

(d) (e) (f)

Figure 3: 2D angles visualization γi, βi for each depth. Plots a), b) and c) concern MaxCut problems while the others
refer to the dense QUBO matrices. For p = 2, 3, t-SNE is applied for projecting the angle values to 2D. Different areas
of concentration are revealed again. We use different colors for differentiating the probability of edge creation of the
Erdős-Rényi graphs, showing no correlation with clusters.

We also show how to use graph embeddings using

Graph Neural Networks (GNNs) [26], avoiding the need

for the user to have to compute the features. We employ

the Variational Graph Auto-Encoders (VGAE) [27].

This technique only works on unweighted graphs by

its design principle. Consequently, we only applied it

to the MaxCut instances later in this work. a VGAE

learns latent embeddings Z ∈ R
N×F where F is the

dimension of the latent variables and N the number

of nodes. Given the adjacency matrix A and nodes

feature vector X, the model outputs the parameters of a

Gaussian distribution µ, σ for the latent representation

generation. We feed to the model the Erdős-Rényi

graphs, and we add as node features the degree of the

nodes. Once learning is completed, we compute the

embeddings by a common average readout operation

[26, 28]. This allows having a fixed dimension F for the

encoding to be used by a clustering algorithm.

Having defined different strategies for clustering, we
apply them to the data we generated and compare
their performances. In the following section, we present
our results obtained by taking a Machine Learning
approach, starting from a simple baseline and cross-
validating each method.

4.3 Results
In this Section, we apply the above-mentionned pro-
posed strategies to the generated data where EDA
revealed different areas of concentration. As a first
baseline for angle setting strategy, we experiment with
simple aggregation of angle values (median and aver-
age). Then we follow this up by K-means by varying
the number of clusters from 3 to 10 as the underlying
clustering algorithm. Finally, we change the K-means
data to cluster based on instance encodings instead
of angle values. We computed first a set of graph fea-
tures that were used in a previous study [8]. Then we
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investigate graph autoencoders to learn encodings of
the Maxcut instances. We cross-validate each method
using 5-fold cross-validation where we report the ratios

(Copt−Eγ,β(C))

(Copt−Ecluster
γ,β

(C))
on test instances. A value higher than

1 would mean that the average cost yielded by cluster-
ing has improved over the one found by optimization.
We also consider the case where one trains on smaller
instances to apply on the bigger ones.

4.3.1 From angle values

As simple baseline, we compute the average and
the median of the optimal angles from the database
{(γ∗, β∗)1, · · · , (γ

∗, β∗)Q}. From depth-aggregated re-
sults, averaging the angle values yielded a median ratio
of 0.524307 for MaxCut and 0.671572 for QUBOs, while
taking the median values increased it to respectively
0.949690 and 0.940555. This can be explained by the
fact that the median value is statistically more robust
than the mean when handling data sets with large
variability.

As expected with K-means, increasing the number
of clusters yielded better median ratios. With K = 10,
the median ratios are 0.998052 and 0.984787 on each
dataset, a less than 1− 2% reduction in performances
w.r.t. the optimal angles. Fig. 4 shows the improvement
with increased number of clusters. We observe also that
with increased depth, median ratio performances are
reduced. We conjecture that, when the dimension of the
parameter space increases, more clusters are naturally
needed to ensure a sensible recommendation.

Also, such a deterioration of performance w.r.t. cir-
cuit depth is more substantial on the QUBO instances
than on the MaxCut ones, which can be explained by
the clustering patterns in the MaxCut scenario being
more significant and regular (Fig. 3). In addition, this
observation suggests that for future work, for dense
QUBO instances where the cluster center is not rep-
resentative for all points pertaining to it, it is more
reasonable to take a supervised learning method, which
takes the problem instance as input as predicts the
optimal angle values.

Overall, increasing the number of angles attempted
will improve the quality of the QAOA output. Clearly,
the results with less than 4 clusters present examples
were the ratio is low, worsen the median performances.
For instance, with 3 clusters on each problem, the
median ratios are respectively 0.618275 and 0.915402.
In the context where the budget of quantum circuit
calls is very limited, this could be problematic and call
for more robust approaches. To this end, we consider
using instance features for clustering.

4.3.2 From instance encodings

To witness whether using instance features can improve
the quality of clustering, we divided the ratios obtained

with instance features by the ones using angle values.
We show these results in Fig. 5 and Fig. 6 where we
can clearly see better ratios with less than 4 clusters,
and similar results on average otherwise.

As for learned encodings or embeddings with auto-
encoders, the GNN model configuration we use is
the same two-layer graph convolutional layer as [27].
Namely, the first one has 32 output-dimension using
the ReLU activation function. This is followed by two
16-dimensional output layers for the latent variables
generation. We train using Adam with learning rate
0.01 for 100 epochs and batch size set to the dataset
size. Our implementation uses the Deep Graph Library
(DGL) [28]. The embeddings obtained by averaging are
of dimension F = 16. This allows having a fixed dimen-
sion for the encoding as input of the same K-means
strategy described above. We observe in Fig. 7 that the
results are similar to the ones obtained using instance
features. Yet, on some instances we see better results.
Hence, many clustering results can be combined to im-
prove the performances in ratios cancelling each other
weaknesses at the cost of trying more angles to find
the best ones.

4.4 Aggregating results
Following the presentation of the different clustering ap-
proaches, we compare their performances to determine
which approach works best. We propose to take the
Empirical cumulative distribution functions (ECDF)
of the ratios as the performance measure to compare
those different approaches. They enable us to aggregate
results of different number of clusters and depth. A bet-
ter method will have more proportion of higher ratios,
resulting in an ECDF curve located more to the right.
From Fig. 8, we observe that using instance encodings

is more successful in yielding better angles than using

the angle values. This is also witnessed in Fig. 9 with in-
creased depth and low number of clusters. Also, VGAE
seems to be slightly better than instance features on
the MaxCut problems. However, these methods can
complement each other, especially as we do not need
to increase dataset size. Hence, combining them at
the cost of circuit calls becomes an option for running
QAOA, as we showcase withrqaoa in the next section.

4.5 Case when test instances are bigger than training
instances

One important consideration of these methods is to
analyze scaling. This is relevant in settings where one is
interested in solving larger instances given small ones.
In our case, we apply these approaches in the case
K = 3 by a 60 − 40% train-test split. From Fig. 10
and 11, we find similar conclusions with respectively
VGAE on MaxCut and instance features on the QUBO
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(a) (b)

Figure 4: Boxplot visualization of ratios to optimal angles’ expectation value per clustering method and depth on
MaxCut (a) and dense QUBOs (b), when using the angle values. We show also the boxplots when computing the
median of angle values, yielding a median ratio of 0.524307 for MaxCut and 0.671572 for QUBOs. The median ratios
are respectively 0.980221 for 3 clusters, 0.994972 for 5 clusters and 0.998052 for 10. For QUBOs, we get 0.956099,
0.970842 and 0.984787 taking the same number of clusters. With reference to the optimal angles’ expectation value,
this corresponds on average to a less than 1− 2% reduction in performances when using 10 clusters.

problems yielding better results. Note that we did not
use the the logarithm of number of nodes and edges
as feature when using instance features as the values
between training and test are too different.

5 Demonstration with RQAOA
RQAOA [13] is a recursive algorithm where, given
an Ising problem

∑
i,j wijZiZj , one starts by apply-

ing QAOA on the former. the quantum state output
|γ, β〉 is then used to compute correlations Mij =
〈γ, β|ZiZj |γ, β〉. Then, variable elimination is carried
out by selecting a pair of variables satisfying (il, jl) =
argmax |Mij |, and substituting Zjl with sign(Mil,jl)Zil

in the Ising formulation. This reduces the number of
variables by 1. We then get a new reduced problem and
we reiterate the procedure for a number of user-defined
number of iterations. The choice of iteration fixes the
size of the final instance which is then solved using a
brute-force (or some other classical) approach, and the
substitutions are used onto it to obtain a final solution.

Asrqaoa requires optimizing many QAOA instances
that iteratively shrink in sizes, we demonstrate the
application of our clustering approaches in this con-
text. We do so for the MaxCut problems where we
limit the number of iterations to half of the size of

the Erdős-Rényi graphs. We do not consider the dense
QUBOs asrqaoa would reduce an original dense graph
to non-dense intermediate subproblems not part of the
database. As per the number of QAOA parameters
attempted per iteration, we limit it to 3 and apply
the three clustering approaches: angle-value, instance
features and VGAE-output based. We do so by us-
ing our previous database and train each method on
all instances to get 3 QAOA parameter recommenda-
tions. The latter are then used for QAOA on therqaoa
generated instances.

Fig. 12 shows that with the three approaches, we ob-
tain a median 0.94117 approximation ratio withrqaoa.
The minimal ratio obtained is 0.8367 and the optima
were found on 33 instances. When looking at each
method independently, we observe that the angle-value
clustering performances at p = 3 are again lower than
the others. Graph features and VGAE seem also similar
in performances, with a small advantage at depth 2 for
VGAE. Looking at the frequencies where the best ratio
by instance was obtained, VGAE is more successful. Re-
spectively, each method achieves the best found ratios
over 88, 118 and 165 instances. Finally, we also tried
using random angles, by sampling uniformly values in
[0, 2π]p,and optimizing further the angles from each
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Figure 5: Boxplot plot visualization of ratios to optimal angles’ per clustering method and depth on MaxCut (a) and
dense QUBOs (b), when using instance features. For Erdős-Rényi graphs, K-means yielded ratios 0.996214, 0.996368

with 3, 4 clusters and 0.998429 with 10. On dense QUBOs, we obtained respective median ratios of 0.963129, 0.971778
and 0.982964. With reference to the optimal angles’ expectation value, this corresponds on average to a less than
1− 2% reduction in performances when using 10 clusters.

approach with BFGS up to 100 iterations maximum.
We clearly see better performances with clustering ap-
proaches compared to random angles. This is also the
case when using BFGS (starting with random angles)
limited to 3 circuit calls when optimizing, the same bud-
get as our clustering-based approaches. Dividing the
MaxCut ratios obtained with BFGS with the ones with-
out further optimization yielded a median value of 1.
Hence, the results were similar to the BFGS-optimized
approaches, saving many circuit calls.

To conclude, our unsupervised approaches can be
used to run quantum algorithms where QAOA is used
as a subroutine. They are then considered as hyper-
parameters that can be tweaked to achieve better per-
formances for QAOA-featured algorithms, depending
on a user-defined budget definition. In ourrqaoa show-
case, the maximal depth of QAOA as well as the num-
ber of parameters to try at each iteration was set to
3, and optimizing further did not improve. For Max-
Cut on Erdős-Rényi graphs, leveraging VGAE inrqaoa
achieved the best ratios over 82.5% of the instances.

6 Discussion
In this work, we study different strategies for fixing the
parameters of QAOA based on unsupervised learning.

We focused on clustering given previous works high-
lighthing the concentration property and exploratory
data analysis of the best angles found for MaxCut on
Erdős-Rényi graphs and dense QUBOs. We however
use a methodology closer to machine learning by cross-
validating compared to related work.

Furthermore, we demonstrated that these techniques
can be leveraged to restrict the number of QAOA cir-
cuit calls to small numbers (less than 10) with a less
than 1− 2% reduction in approximation ratio on aver-
age from the best angles found when cross-validating.
We also showed how to compare different clustering
strategies and that leveraging instance encodings (by
computing features or computing them with a model,
in our case a VGAE) for angle setting strategies yields
better results than using angle values only. Although
the VGAE embedding-based is quite competitive, we
recommend using the simpler instance features in prac-
tice since the VGAE brings extra computation over-
head. For generalization, in regard to the problem scale,
both instance features- and VGAE-based clustering ap-
proaches manage to retain the performance for unseen
problem instances larger than the training set. For
dense QUBOs, increasing the clusters is less impactful
compared to MaxCut, which we conjecture that the
clusters in QUBO are of large spread and less separable,
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Figure 6: Boxplot of ratios comparing K-means with instance features against angle values on MaxCut (a) and
QUBOs (b). A value higher than 1 means using instance features results in better QAOA objective. We see an overall
improvement with 3, 4 clusters mainly at p = 3.

hindering the performance of the clustering approach
in higher dimensions. For both problems, it is neces-
sary to increase the cluster number to retain a good
performance when the circuit becomes deeper.

From an application perspective, we envision these
techniques to be employed in algorithms were QAOA
is run on a small part of the problem to solve such
as divide-and-conquer [9, 10] and iterative algorithms
[11, 12, 13]. Restricting to a few number of circuit calls
will help decrease the runtime of quantum-featured
or quantum-enhanced algorithms, making them closer
to compete with classical heuristics. We showcased
our approach in the context of Recursive QAOA as
hyperparameters under limited budget (QAOA depth
and number of QAOA parameters per iteration limited
to 3), where we were able to achieve 0.94 median ap-
proximation ratio. With our approaches, we obtain a
quite comparable performance to the case where we
extensively optimize the angles, hence saving numerous
circuit calls.

For future work, other clustering techniques can be
studied and extended to predicting the angle values by
instance in a semi-supervised approach, and for differ-
ent problem instances. We also did not apply GNN to
the dense QUBOs as graph autoencoders are mostly
applied to unweighted graphs. Using VGAE that can

reconstruct graph adjacency and node features is then
another research direction. Since we use unsupervised
methods, we expect the same methodology to be used
on noisy hardware. Studying different approaches re-
silience under different noisy settings would be also
considered of main interest. Finally, these approaches
can be studied within different QAOA-featured algo-
rithms and under different settings (depth of QAOA,
number of clusters, Ising instances properties to name
a few).
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Figure 8: Empirical cumulative distribution functions of ratios to optimal angles’ for all depths and number of clusters.
A lower curve for an approach means better results when using it aggregating depths and number of clusters. We see
for MaxCut (a) and QUBO problems (b) that instance features achieve better results, VGAE being competitive with
instance features. When using 3 clusters, using VGAE on MaxCut instance and instance features for QUBOs leads to
better ratios.
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Figure 9: Empirical cumulative distribution functions of ratios to optimal angles’ per method and depth. The lower
the curve, the better the method. In most cases, the curve instance features was lower (except for QUBOs (b) at p = 1,
and VGAE’s curve was more competitive at p = 2 for MaxCut (a)). This was also the case when using 3 clusters.

(a) (b)

Figure 10: Boxplot of ratios comparing K-means K = 3 using instance features against angle values on MaxCut (a) and
QUBOs (b). The ratios are obtained from 40% of the instances with highest number of nodes. From depth-aggregated
results, on MaxCut, using the median values gives a median ratio of 0.859316, 0.925564 with angle values, 0.976959
with instance features and 0.981618 using VGAE. On QUBOs, we obtained respectively 0.926136 for the median of
angle values, 0.936679 clustering with angle value and 0.963677 with instance features.
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Figure 11: Empirical cumulative distribution functions of ratios to optimal angles’. The ratios are obtained from 40%

of the instances with highest number of nodes. Similar results to Fig. 8 and Fig. 9 are obtained.
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Figure 12: The violin plot visualization represent ratios obtained on MaxCut using all three unsupervised approaches,
using just 3 circuit calls perrqaoa iteration, without optimizing further with BFGS. A median ratio of 0.94117 was
obtained. The boxplots represent the MaxCut ratios obtained using each approach. We added using random angles per
iteration as a baseline as well as using BFGS (starting with random angles) with a budget of 3 angle values attempted
during optimization, and we witness clustering approaches yielded better results. When dividing the ratios of the
methods with the ones obtained by adding BFGS, we obtain a median ratio of 1, meaning we saved many circuit calls
for similar results with clustering.


