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Abstract. Quantum Computing (QC) is a research field that has been 
in the limelight in recent years. In fact, this new paradigm has the poten-
tial to revolutionize the way we currently solve problems by leveraging 
quantum-mechanical phenomena, which allow quantum computers to 
solve specific problems more efficiently than traditional computers. As 
quantum computers are starting to become more available, our objec-
tive is to investigate the application of QC within the IR and RS fields. 
In fact, IR and RS systems perform computationally intensive opera-
tions on extensive datasets, and using QC in their pipeline could be 
useful to improve their efficiency and, in some cases, effectiveness. 

Thus, in this work, we present the third edition of the Quantum-
CLEF lab, the first lab that allow participants to use real quantum 
computers for solving IR and RS tasks. The lab is composed of three
main tasks that aim at discovering and evaluating QA approaches com-
pared to their traditional counterpart while also establishing collabora-
tions among researchers from different fields to harness their knowledge
and skills to solve the considered challenges and promote the usage of
QA. Moreover, based on the availability of quantum resources, we plan
to introduce a small set of gate-based QC tasks for more-experienced
researchers.

Keywords: Quantum Computing · Quantum Annealing · Feature 
Selection · Instance Selection · Clustering · Recommender Systems ·
Information Retrieval

1 Introduction 

Quantum Computing (QC) is a paradigm that has the potential to revolution-
ize the way problems are solved across different fields. By leveraging quantum-
mechanical phenomena, quantum computers are exp ected to solve certain prob-
lems more efficiently and, in some cases, more effectively than traditional ones.
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Given the current scenario where Information Retrieval (IR) and Recommender 
Systems (RS) systems face ever-increasing amounts of data and rely on com-
putationally demanding approaches, Quantum Computing (QC) could be inte-
grated in the pipeline of such systems to improve their performance. However, 
while QC has already been applied in several domains, limited work has been
done specifically for the IR and RS fields [4,13,20]. Indeed, the area of IR c alled
Quantum IR [11,23,25] consists of exploiting the concepts of quantum mechan-
ics to formulate IR models and problems but it does not deal with implementing
IR and RS models and algorithms via QC technologies.
In this work, we focus on Quantum Annealing (QA), which exploits special-
purpose devices, called quantum annealers, which are able to rapidly find optimal 
(or close to optimal) solutions to optimization problems by leveraging quantum-
mechanical effects. Our goal is therefore to understand QA can improve the 
efficiency and effectiveness of I R and RS systems by integrating it into their
pipelines. Thus, we present here the third edition of the evaluation lab called
QuantumCLEF (qCLEF)1 [15], which aims at:

– evaluating the performance of QA with resp ect to traditional approaches;
– identifying new ways of formulating IR and RS algorithms and methods, s o

that they can be solved with QA;
– growing a research community around this new field in order to promote a 

wider adoption of QC technologies for IR and RS.

Working with QA does not require particular knowledge about how quantum 
physics works underneath it. There are, in fact, available tools and libraries 
that can be easily used to program and solve problems through this paradigm. 
Moreover, b y participating in qCLEF, participants are provided access to the
KIMERA infrastructure, allowing them to seamlessly use real state-of-the-art
quantum computers [19] while monitoring resource usage for fairness, compara-
bility , and reproducibility.

The paper is organized as follows: Sect. 2 introduces related work; Sect. 3 
presents the tasks in the qCLEF lab; Sect. 4 considers some critical evaluation 
aspects; finally, Sect. 5 draws some conclusions and outlooks s ome future work.

2 Related Work 

What Is Quantum Annealing. QA is a QC paradigm that can be specifically 
used to solve optimization problems. A quantum annealer, which is a special-
purpose quantum machine for QA, represents a problem as the energy of a 
physical system and then leverages quantum-mec hanical phenomena to let the
system find a state of minimal (or close to minimal) energy, corresponding to an
optimal (or close to optimal) solution of the original problem.

Since quantum annealers can be used to find the minimum energy state, 
problems must be formulated as minimization ones using the Quadratic Uncon-
strained Binary Optimization (QUBO) formulation, defined as follows:

min y = xTQx

1 https://qclef.dei.unipd.it/. 

https://qclef.dei.unipd.it/
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where x is a vector of binary decision variables and Q is a matrix of constant 
values representing the problem to solve. Through Q UBO formulations, it is
possible to represent many problems [7]. Then, the minor embedding step maps 
the QUBO problem into the quantum annealer hardware, accounting for its 
topology. This can be done automatically, relying on some heuristics. A Q UBO
problem is usually solved by quantum annealers in few milliseconds.

Applications of Quantum Annealing. QA can be practically used to tackle 
problems in different fields due to its capabilities of solving NP-Hard integer 
optimization problems. QA has previously been employed to address IR and RS
tasks, including Feature Selection [13], demonstrating both feasibility and com-
petitiveness in terms of performance. Moreover, QA has also been explored in 
various Machine Learning (ML) tasks. For instance, Willsch et al. [26] introduce 
a kernel-based Support Vector Machine (SVM) formulation implemented on a 
D-Wave 2000Q quantum annealer, while Delilbasic et al. [5]  propose  a  quantum  
multiclass SVM approach designed to reduce execution time for large training 
datasets. Additionally, Q A has been applied to clustering problems; for example,
Zaiou et al. [28] leverage it in a balanced K-means method, achieving improved 
performance as measured by the Davies-Bouldin Index.

Previous Editions. This is the third edition of the QuantumCLEF Lab. In 
the previous editions (2024 and 2025), there have been a total of 12 research
teams that successfully participated and provided official submissions for the
proposed tasks [16,18]. The previous editions encompassed different tasks such 
as Feature Selection, Clustering, and Instance Selection using state-of-the-art 
quantum annealers. The results in the previous editions suggest that quantum 
annealers are overall able to maintain a comparable level of effectiveness with 
respect to more traditional approaches (e.g., Simulated Annealing) while being
able to solve the problems efficiently, considering just the time required for the
annealing phase [16–18]. We received very positive feedback from the partici-
pants, most of which nev er experienced using QC resources before.

3 Tasks 

In this edition of the qCLEF lab, we plan to organize three differen t tasks, each
with the following goals:

– find one or more possible QUBO formu lations of the problem;
– evaluate the quantum annealer approach compared to a corresponding tradi-

tional approach t o assess both its efficiency and its effectiveness.

In general, we expect QA to solve problems more quickly than traditional 
approaches, achieving results that are similar or better in terms of effectiveness.

Additionally, based on the availability of gate-based quantum computers, we 
plan to organize a further small set of tasks involving the use of these devices. 
These will likely be the target for more experienced participants having prior
knowledge on QC.
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3.1 Task 1 - Quantum Feature Selection 

This task focuses on solving the NP-Hard Feature Selection problem with QA,
similarly to other previous works [4,13]. 

Feature Selection is a well-known problem for both IR and RS, which requires 
the identification of a subset of the available features to train a learning model 
more efficiently and effectively. This problem is very impacting since many 
IR and RS systems involve the optimization of learning models, and reducing
the dimensionality and noise of the input data can improve their performance.

If the input data has n features, we can enumerate all the possible sets of 
input data having a fixed number k of features, thus obtaining n 

k possible sub-
sets. Therefore, to find the best subset of k features the learning model should be 
trained on all the subsets of features, which is i nfeasible even for small datasets.
So, in this task, we want to understand if QA can be used to solve this problem
more efficiently and effectively.

We have identified some possible datasets, such as MQ2007 [22] or Istella 
S-LETOR [10]. These datasets contain pre-computed features, and the objec-
tive is to select a subset of these features to t rain a learning model, such as
LambdaMART [1] or a content-based RS, and to achieve the best p erformance
according to metrics such as nDCG@10.

3.2 Task 2 - Quantum Instance Selection 

This task focuses on formulating and solving t he Instance Selection problem
with QA [14]. 

Currently, transformer-based architectures, including 1st and 2nd genera-
tion transformers (e.g., RoBERTa [9]) as well as current large language mo d-
els (e.g., Llama3 [24]), are considered state-of-the-art in several fields. Given 
their high costs, one of the big challenges is to fine-tune these models efficiently. 
Instance Selection focuses on selecting a representative subset of instances from 
a dataset to mak e the training of these models faster while maintaining a high
level of effectiveness of the trained model [2,3]. 

In this task, we thus aim at using QA to find a good subset of instances in a 
dataset in an efficient way, for fine-tuning a Llama3.1 model to perform a text
classification task as effectively as it would on the entire original dataset.

We have identified some possible datasets, such as Vader NYT or Yelp 
Reviews, that will be provided in a five-fold cross-validation split. The extracted 
subsets will b e then used to fine-tune the Llama3.1 model and the effectiveness
will be measured with the Macro-F1 score [21]. 

3.3 Task 3 - Quantum Clustering 

This task focuses on the formulation of the Clustering problem and s olving it
with a quantum annealer.

Clustering can be useful to organize large collections and help users to explore 
them. It can also be used to divide users according to their interests or build
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user models with the cluster centroids [27], boosting efficiency or effectiveness for 
users with limited data. In this task, each document or user can be represented 
as a vector in a similarity space, and it is possible to cluster documents based
on their similarity between each other.

For the IR task, we have identified ANTIQUE [8] as a possible dataset. 
From the dataset, we will produce embeddings u sing models such as BERT
[6]. The cluster quality will be measured with user queries that undergo the 
same embedding process. These queries will match only the most representative 
embeddings of the clusters, avoiding computing similarities on the whole col-
lection, as in an approximate vector search scenario. For the recommendation 
task, the goal will be to partition the users into communities based on their past
interactions, in such a way that users within a community share similar interests
[12]. The quality of the communities will be assessed based on the effectiveness 
of a non-personalized RS algorithm trained on each community.

The cluster quality will be measured according to t he Davies-Bouldin Index
and nDCG@10.

3.4 Gate-Based Teaching Tasks 

In addition to the QA tracks, the lab will include a small set of gate-model tasks 
conceived as teaching exercises for researchers who want to experiment with 
circuit-based paradigms in IR and R S. The tasks will be intentionally small to
reflect limited resource availability and the cost of simulating gate-level systems.

The first task focuses on computing the similarity of documents with a swap 
test. Given a swap-test circuit, the participants will have to define an appropri-
ate encoding for the documents with complex-valued embeddings (or quantum 
states) so that the test can measure their similarity. A second, more advanced 
task asks participants to design not only the encoding, but also the short quan-
tum circuit able to build it. The goal is to identify a sequence of operations that 
yields good encodings for document similarity w hile keeping the number of oper-
ations small. Finally, we introduce a hybrid quantum-classical exercise based on
the Variational Quantum Approximate Optimization Algorithm to solve small
QUBO instances. Participants will implement a minimal QAOA loop, report
solution quality and runtime.

4 Evaluation of Quantum Annealing 

Using a quantum annealer requires several stages:

Formulation: compute the QUBO matrix Q;
Embedding: generate the minor embedding of the QUBO f or the hardware;
Data Transfer: transfer the problem and the embedding to the data cen ter
that hosts the quantum annealer;
Annealing: run the quantum annealer itself.
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Fig. 1. The quantum annealer access time split in several steps.

In terms of effectiveness, at least two sources of stochasticity must be consid-
ered. First, during the embedding phase, heuristic methods transform the QUBO 
formulation into an equivalent version that fits the hardware. This process is 
non-deterministic: it can produce different embeddings for the same problem, 
which are theoretically equivalent but may lead to variations in practice. Sec-
ond, the annealing phase samples a low-energy solution. However, obtaining a
reliable solution may require many samples.

Regarding efficiency, problem transfer over the network can introduce signif-
icant delays, and generating the minor embedding may even take minutes for 
particularly large problems. Furthermore, the runtime can be divided into several
stages, as illustrated in Fig. 1: first, the device must be programmed; next, the 
annealing process is executed; finally, the results are read. The annealing itself 
is extremely fast, requiring only microseconds, but it must be repeated multi-
ple times due to the device’s stochastic nature. Therefore, a complete efficiency
assessment must account for the time required by all stages of the process.

5 Conclusions and Future Work 

In this paper, we have outlined the third edition of the qCLEF lab, a lab com-
posed of three practical tasks aiming at evaluating the performance of QC and 
especially QA applied to IR and RS. We have also discussed the potential bene-
fits that QA can bring i n terms of performance to the IR and RS fields, and we
have also analyzed the different challenges that lie in the evaluation of these new
quantum-based approaches.

qCLEF is the first initiative that provides access to real state-of-the-art quan-
tum devices for researchers to tackle practical IR and RS tasks. It also repre-
sents a unique opportunity for researchers worldwide to start learning more 
about these new cutting-edge technologies that will likely have a big impact 
in the future. Finally, through our lab, it will also be possible to assess whether
quantum-based methods can be employed to improve the current state-of-the-art
approaches, hopefully delivering new performing solutions.
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