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Abstract

Quantum computing is an emerging research area. This paper in-
vestigates why and how quantum computing can be integrated into
recommender systems. Although some existing recommendation
methods explore quantum concepts, they either remain theoretical
without empirical validation or provide limited insight into the use
of quantum computing for designing core functions in recommen-
dation. To fill these gaps, we first analyze the potential advantages
of quantum computing for two key components (i.e., representation
learning and matching learning) in recommender algorithms and
formulate corresponding hypotheses. Then, based on our analysis
and the quantum computing operations, we propose three quantum-
enhanced recommendation paradigms. To show the extensibility of
our paradigms, we further apply them to the graph-based and social
recommendation scenarios. We conduct extensive experiments on
the six real-world datasets, comparing our methods with various
baselines. Experimental results not only validate our hypotheses
but also show the strong performance of our proposed methods.
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1 Introduction

In the era of information and content overload, users often face the
overchoice problem on the Web. To address this challenge, recom-
mender systems (RSs) have emerged with the goal of providing and
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suggesting the most suitable options for users. At present, various
online platforms and web applications (e.g., YouTube, Facebook, and
TikTok) offer recommendation services to improve user experience.

Collaborative filtering (CF) is one of the most widely used rec-
ommendation strategies due to its effectiveness [31]. Traditional
CF methods are generally based on the user historical interactions
[11, 53]. In follow-on studies, researchers further enhance CF by
using the interaction graph structure [10, 46] and side information
[26, 35, 40, 50]. CF methods typically contains two key components
[46]. One is representation learning (RL), which generates embed-
dings for users and items. The other is matching learning (ML),
which models user-item interactions based on the learned represen-
tations. This division has led to two CF paradigms [5, 52], RL-based
CF and ML-based CF, each placing emphasis on either RL or ML.

A key observation is that most CF methods are designed based
on classical computing. Recently, quantum computing has been
applied to multiple learning and optimization tasks [3, 6], showing
its capability in complex data modeling. We believe that quantum
computing offers advantages and novel design insights for recom-
mendation, particularly in modeling RL and ML for CF tasks. First,
quantum state vectors offer greater expressive power compared to
vectors in classical computing. For example, a classical bit can exist
in only one of two states (i.e., either 0 or 1). In contrast, a quantum
bit (i.e., qubit) can represent a superposition of basis states |0) and
[1) (i.e., @|0) + B|1)). In general, an n-qubit system is represented by
a superposition state vector in a 2" -dimensional space [36, 49]. This
high-dimensional representation has the potential to enhance user
and item modeling. Second, the unique entanglement mechanism
in quantum computing captures correlations between two or mul-
tiple quantum states, where individual states cannot be described
independently [12, 13]. This mechanism provides a new perspective
for matching user-item interactions by suggesting that the user or
item does not solely determine an interaction in isolation but is
jointly defined by both and forms a collaborative state.

Inspired by the characteristics of quantum computing, this pa-
per explores its application in RSs. Although several recommenda-
tion algorithms based on quantum concepts have been proposed
[20, 33, 43, 45, 47], we argue that they still face two notable limita-
tions. First, most existing methods remain at the theoretical design
stage. They only present algorithm-level frameworks without actual
implementation or performance evaluation, which is insufficient for
the practice-oriented nature of RSs. Second, most existing methods
overlook how quantum computing can be applied to the two core
components (i.e., RL and ML) of CF in RSs and their corresponding
empirical analysis. Furthermore, the impact of different quantum
computing designs (e.g., quantum embedding and entanglement
strategies) on RSs has not been fully investigated and explored.
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In this paper, we aim to address the above research gaps and
provide a comprehensive analysis on quantum computing for RSs.
We begin by introducing basic background on quantum computing.
Then, we propose two hypotheses on utilizing quantum comput-
ing to model RL and ML in the CF task. Meanwhile, based on our
hypotheses and quantum computing operations, we present three
quantum-based CF paradigms (i.e., quantum representation learn-
ing paradigm, quantum matching learning paradigm, and quantum
unified learning paradigm) and further extend these paradigms to
graph-based and social recommendation tasks. Finally, we conduct
experiments on six public datasets to compare our methods with
multiple baselines across three CF scenarios. The experimental re-
sults validate our hypotheses and show the strong performance of
our proposed methods. Our main contributions are as follows:

e We provide both theoretical analysis and empirical results to
validate our two hypotheses: (1) quantum embeddings generally
outperform classical ones in the low-dimensional setting, while
their performance becomes similar as the dimension increases; (2)
quantum entanglement offers advantages in modeling user-item
interactions compared to classical computing methods.

We introduce three novel quantum-based CF learning paradigms
and demonstrate their extensibility by applying them to graph-
based and social recommendation tasks.

We evaluate our methods on six datasets in three recommenda-
tion scenarios and provide a detailed result analysis. Based on the
findings, we offer comments and suggestions on when and where
quantum computing can be beneficial for recommendation.

2 Preliminary

In this section, we introduce some background and concepts of CF
recommendation and quantum computing. The key notations used
in this paper are summarized in Table 1.

Table 1: Summary of the key notations.

Symbol Explanation
Uu,v User and item set
Y User-item interaction matrix
u, Initial representation for user u, € U
vp Initial representation for item v, € V
[¥(ug)) Quantum state for user u; € U
[ (vy)) Quantum state for item vy, € V
QE(-) Quantum embedding function
QRL(-) | Quantum representation learning function
QML(-) Quantum matching learning function
MEA(-) Measurement function
L, Layer number in function QRL(-)
Ly, Layer number in function QML(-)

2.1 Collaborative Filtering

We first introduce the notations and definitions utilized in CF, and
then present two learning paradigms of CF.

Notation and Definition. Given a user set U and an item
RIUXIVI]

2.1.1
set V), their interaction matrix can be represented as Y €
in which an entry y,; = 1 indicates that user u, € U engaged
with item v, € V, otherwise 0. The goal of CF is to predict user
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ug’s preference for item vy, that u, has not previously interacted
with, or more formally, to estimate their interaction likelihood 7.

2.1.2 Learning Paradigm of CF. As mentioned in the Introduc-
tion section, two CF learning paradigms are widely utilized [5, 52].
One is RL-based CF, and the other is ML-based CF, with each fo-
cusing on different core components of CF. The former emphasizes
user and item embedding learning and often adopts a dual-tower
structure for this purpose [53]. In contrast, the latter focuses on
joint modeling of user and item embeddings and typically utilizes or
designs deep learning components to match user-item interactions
[11]. Both types of CF paradigms have their own advantages [5].
In this work, we extend them to the quantum computing setting.

2.2 Quantum Computation

This section introduces some quantum concepts. For a more com-
prehensive understanding, we refer readers to the textbook [36].

2.2.1 Quantum State. Quantum computing is built on a Hilbert
space [36]. The simplest quantum system is a qubit, or quantum
bit [34]. Unlike a classical bit, which is 0 or 1, a qubit can exist in a
superposition of two basis states |0) and |1), where |-) is the Dirac
notation. A quantum state u is written as a ket |u), and its transpose
is written as a bra (u/. Specifically, ket |u) can be written as a linear
combination of basis states as |u) = a|0) + |1), where «, f € C are
the complex coeflicients (i.e., amplitudes) of two states. The square
of each amplitude gives the probability of measuring the qubit
in the corresponding basis state, satisfying |a|? + |§]? = 1. From
a geometric perspective, a qubit state can be visualized using the
Bloch sphere [36]. A quantum system can consist of multiple qubits,
and an n-qubit system can be written as |¥) = 2?21 aile;), where
a; € C is the amplitude of basis state |e;), satisfying Z?Zl leri|? = 1.
2.2.2 Quantum Gate. To manipulate the quantum state of a qubit

system, the quantum gate (a unitary operation) is commonly used.
First, we introduce three single-qubit rotation gates [36], as:

9 _isin8 9 _inl -i0/2
Rx(0)=| “°2 2 L Ry(0)=| 058 TN L R2(0)=|C )|
—lSlIlf COS@ SII’I? COS? 0 e

which are used to rotate the quantum state around the respective
axes by the angle 6 on the Bloch sphere [36, 55].

To entangle qubits, commonly used two-qubit gates, Controlled-
NOT (Cnort) and Controlled-Z (Cz) gates, are defined as follows:

1 0 0 O 1 0 0 O
0O 1 0 O 0 1 0 O

Cnort = o 0 o 1|’ Cz = o 0o 1 ol (2)
0 0 1 O 0 0 0 -1

where Cnot gate flips the target qubit when the control qubit is
|1), and Cz gate applies a phase flip to the amplitude of state |11).

A set of gates forms a quantum circuit, which manipulates quan-
tum states to achieve superposition and entanglement. We will use
these gates to construct quantum circuits for designing our method.

3 Hypotheses for Quantum Recommendation

Based on the characteristics of quantum computing, we introduce
two hypotheses about its advantages when applied to CF recom-
menders, specifically in the RL and ML components of CF.



Quantum-enhanced Representation Learning and Matching Learning for Recommendation

Hypothesis 1. Quantum embeddings outperform classical em-
beddings when the latent size is small. As the latent size increases,
their performances become comparable. Accurately modeling user
and item representations is key to CF. As previously mentioned, an
n-bit classical representation holds one of 2" possible values, while
a quantum representation encodes a superposition of all 2" states.
Thus, quantum representations provide higher expressiveness than
classical ones. On the other hand, both classical and quantum repre-
sentations exhibit a performance upper bound when the latent size
becomes sufficiently large. Their upper bounds tend to be similar,
as both representations are capable of user and item embedding
with arbitrarily low distortion given a large latent space.

Hypothesis 2. Quantum entanglement is more suited for user-
item interaction learning than classical computing methods. Quantum
entanglement describes a correlation between two or more qubits,
where quantum states of qubits cannot be described independently
[34, 36, 55]. By analogy to the ML component in CF, quantum en-
tanglement allows us to represent the composite user-item system
as an entangled quantum state (e.g., [{/(y,, ,,)?)> Which cannot be de-
composed into the tensor product of individual user and item states
(€8 W, 0p)) # Yuy) ® [Y0,)) [55]. This non-separability offers
an advantage in capturing joint user-item interaction learning state,
which is difficult to achieve with classical methods that rely on
inner product-based interaction modeling. In addition, the inherent
high-order modeling capability of quantum entanglement [4, 36]
further contributes to capturing complex interaction matching.

4 Methodology

We first introduce our quantum-enhanced CF recommenders, then
explain how to incorporate graph and social information into our
method, and finally describe the model optimization process.

4.1 Quantum CF Learning Paradigm

Following the two paradigms of CF, we design the quantum rep-
resentation learning paradigm and quantum matching learning
paradigm. In addition, we integrate both ideas into a unified frame-
work called the quantum unified learning paradigm. These three CF
paradigms are shown in Figure 1. Before introducing them, we first
present the quantum embedding operation, quantum entanglement
architecture, and measurement layer in all three frameworks.

[ user :w(u-» | [ wem \thv-» | [Cuser ey | [ emweny | [Cwser | [ itemiwen |

(2) Quantum Representation Learning Paradigm () Quantum Unified Learning Paradigm

Figure 1: The architecture of three quantum CF paradigms.

(b) Quantum Matching Learning Paradigm

4.1.1 Quantum Embedding. Such an embedding operation is

used to transform classical data features into quantum state vectors.

Without loss of generality, we assume the classical data feature is

x = [x1,-+ ,xg] € RK and consider two embedding methods:

e In angle embedding [18, 37, 41], classical data x is encoded into
a K-qubit quantum state through rotational gates, as follows:

1§ = Eana( = (R)r_ Roee)lfo). )
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where p € {X,Y, Z} denotes the rotation axis, |i/y) is the initial
quantum state set to |0), and ® represents the tensor product.

e In amplitude embedding [18, 48], classical data x is encoded into
the amplitudes of a K-qubit quantum state, as follows:

_ _ K x 2 _ K 2
W) =Eamp(0 = )0 Kk =30 el @
where |k) is the basis state of the quantum system.

4.1.2 Quantum Entanglement Layer. To apply entanglement
operations that establish qubit correlations, we introduce an entan-
glement layer in our model. Specifically, given a K-qubit quantum
state |¢/), an entanglement layer U with parameters © is applied to
the quantum state as U(g)|{/). As shown in Figure 2, we consider
the following two types of entanglement layers:

o The basic entanglement layer contains single-qubit rotations R,

on each qubit, followed by Cx gates between adjacent qubits:

Unior= (R, Rot0)) ([ o, Cx (k. k1K), 5)

where 0. € ®and © € RK and Cx = Cnot or Cz. The product
symbol [] indicates that the Cx gates are applied in sequence.
o The expressive entanglement layer [39, 54] performs single-qubit
rotations using three parameterized gates, and then applies quan-
tum entanglement via a series of Cyot or Cz operations, as:

K K
Usio) = (Q),._, Rot(64.62.6)) ([ ], Cx (k. (k1K) ), ©)
where 9}(, Gi, 92 € © and © € RKX3_Function Rot is defined as:

Rot(0}. 07, 07) = Ry(1y(07) - Rp(2)(02) - Rpy(3)(67).  (7)

The difference between the basic and expressive entanglement

layers is that the latter utilizes multiple single-qubit rotations before

performing entanglement. In this paper, we set R,,(1), Ry(z), and

Rp(3) to be Rz, Ry, and Rz, respectively, because this combination

provides strong expressive power [1, 39, 54]. In the future work,
we will explore more advanced entanglement layers.

(b)
Figure 2: Structures of two quantum entanglement layers.

expressive entanglement layer

4.1.3 Measurement Layer. The measurement operation converts
the quantum state into classical bits to retrieve information from
quantum computations. Specifically, given a K-qubit state |¢/), we
apply Pauli-Z measurement [36, 54] to each qubit, as follows:

2 2 =y, ©)

€ R is the measurement of the j-th qubit, that is, the j-th

2V = MEA(Y)) = [2V,2),...,
v

where z;

element of the vector z¥ € RX. Hamiltonian H ; is defined as:

Jj-1 1 0 K
1= (@) B 1| @ (L.
where we apply the Pauli-Z operator at the j-th position, and apply
the identity matrix I to all other positions.

©)
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4.1.4 Quantum Representation Learning Paradigm. As shown
in Figure 1(a), this paradigm mainly focuses on modeling and refin-
ing quantum representations of users and items.

To be specific, given the indices (i.e., IDs) of a user u, and an
item vy, we can first obtain their classical embeddings u, € R? and
v, € R¥. Then, the two classical embeddings are converted into a
d-qubit quantum state through the quantum embedding layer:

[¥(ua)) = QE(ua),  [¥(vp)) = QE(vp), (10)

where, from now on, QE refers to Epng in Eq.(3) or Eapp in Eq.(4).
Next, we apply two quantum representation learning (QRL) func-

tions to refine the user and item states, and obtain states |/*(ug))

and [/*(vp,)). For example, the process of computing [¢/*(ug)) is:

19 (aa) = QRL((wa))) = [ [/, VporWwal. (11)

where we implement QRL using entanglement layers. From now on,
U(g) can be set as either basic entanglement layer Up(g) in Eq.(5)
or the expressive one Ug(g) in Eq.(6), and Ly is the layer number.

To model user preferences for items, we use measurement layer
MEA in Eq.(8) to convert user and item quantum states into classical
vectors, and then model their interaction, as follows:

Jab = MEA([¢*(ug))) "MEA(|Y* (vp))). (12)

4.1.5 Quantum Matching Learning Paradigm. Unlike the pre-

vious strategy, this paradigm focuses on modeling the quantum

state of user-item matching interactions, as shown in Figure 1(b).
We first encode user and item states jointly, as follows:

[¥(eqp)) = QE([uallvp]). (13)

where || denotes the vector concatenation operation.
Then, we use a quantum matching learning (QML) function to
model the user-item interaction, as follows:

Lm
9" (€ap)) = QML((eas)) = | [ Uior Wlear).  (19)

where Ly, denotes the entanglement layer number in QML.

Finally, we obtain the classical embedding of the user-item inter-
action through the measurement layer MEA and a learnable weight
vector w € R for prediction, as follows:

Jab = W' MEA(Y"(eqp))). (15)

4.1.6 Quantum Unified Learning Paradigm. To leverage the
strengths of the previous two CF learning strategies, this paradigm
effectively combines them, as shown in Figure 1(c).

We first encode users and items as quantum states using quantum
embedding, then apply QRL to refine their representations, and
finally use QML to model user-item interactions, as follows:

19" (eas)) = QML(QRL(QE(uq)) (X) QRL(QE(v))).  (16)

After obtaining user-item interaction state |/*(e,p)), we can
compute final preference prediction g, utilizing Eq.(15).

4.2 Quantum Graph-based CF Learning

Graph-based methods, which consider neighborhoods in the inter-
action graph [10], have proven effective in classical CF. To this end,
based on our previous paradigms, we propose a quantum graph-
based CF. Given user set U and item set V, and their interaction
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matrix Y, we define a bipartite graph G = (U UV, Y). Then, we can
encode the neighborhood in G using existing methods (e.g., Light-
GCN [10]), or use the method we propose below. Specifically, given
node up in G, we define its neighborhood set N (uy,Ly), whose
element (ugq, [p) represents node uq is the I,-hop neighbor of node
up (lp < Lg). Then, based on this neighborhood information, we

model the neighborhood representation u[))V of node up, as:

N 1
= —u,, 17
9= D gt W T (07

where ug is the embedding of neighbor u4. Here, we weight each
neighbor by its hop count. To reduce computation, we set Ly to 2.

Then, for user u and item i, we first obtain their neighbor embed-
dings u}Y and VIIJV using Eq.(17), and combine them with their own
representations u, and vy, as input to our quantum CF framework:

19" (eas)) = QML(QRL (QE(uq +u)) (RQRL(QE(v, +v)) ) (18)

Finally, we obtain preference prediction g, based on Eq.(15).

4.3 Quantum Social-based CF Learning

To alleviate the data sparsity problem, researchers often introduce
the side information [8, 50]. Here, based on our CF paradigms, we
further incorporate the user social network as side information.
Specifically, the user social network can be defined as a matrix
S € RIUIXIUI where each element sij € 8 is 1 if there is a social
connection between user i and j, and 0 otherwise.
For user ug, we can define her social-enhanced embedding ug:

1
SO _ )
Ya = Za'esa 1Sa " (19)

where S, denotes the set of social neighbors of user u,.
Then, we can feed this representation and the item v}, represen-
tation into our quantum CF paradigm to model the interaction:

19" (eas)) = QML(QRL(QE(uf)) () QRL(QE(v;))).  (20)

Finally, we use Eq.(15) to obtain the preference prediction 7.

u‘ag =ug + uio,

4.4 Model Optimization

Given the model prediction §,; from user u, and item vy, we utilize
the sigmoid function o (i.e., o(x) = 1/1+e~*) and the cross-entropy
loss function to train our methods, as follows:

L= ey~ ab 108 o Gap) + (1=ya) log (1=0(Gn) - (21)

5 Experiment

In this section, we first describe the experimental setup. Then, we
conduct various experiments to validate our method.

5.1 Experimental Setup

This subsection includes descriptions of the datasets, baseline algo-
rithms, implementation configuration, and evaluation metrics.

5.1.1 Datasets. We first introduce four real-world datasets for CF
tasks, including MovieLens-100K!, MovieLens-1M?2, HetRec20113,

Uhttps://grouplens.org/datasets/movielens/100k/
Zhttps://grouplens.org/datasets/movielens/1m/
3https://grouplens.org/datasets/hetrec-2011/
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and BookCrossing®. The statistics of these datasets are shown in
Table 2. Each dataset contains user-item rating information, and we
convert these ratings into implicit feedback. In addition, we intro-
duce two commonly used datasets, Ciao® and Epinions®, for social
recommendation. Each dataset contains user-item interactions and
user social links. The statistics of them are shown in Table 3.

Table 2: Statistics of the datasets for CF recommendation.

Datasets # users | # items | # interactions | density
MovieLens-100K | 936 1,574 82,456 5.597%
MovieLens-1M | 6,032 | 3,628 836,424 3.822%
HetRec2011 2,108 | 9,919 745,028 3.563%
BookCrossing | 26,611 | 46,603 221,076 0.018%
Table 3: Statistics of the datasets for social recommendation.
Datasets | # users | # items | # interactions | density | # links
Ciao 7,113 | 99,357 257,474 0.036% | 87,347
Epinions | 19,817 | 126,937 527,119 0.021% | 286,106

5.1.2 Baselines. We first propose and implement three quantum
CF paradigms (as illustrated in Figure 1) for traditional CF tasks.
We name these three models QRCF, QMCF, and QUCF. To validate
their effectiveness, we use DMF [53], NeuCF [11], and CFNet [5] as
baselines, which can be seen as their counterparts under classical
computing. We then further propose a quantum graph-based CF
framework (QGCF) and a quantum social-based CF (QSCF) frame-
work. To evaluate their performance, we use graph-based baselines
(i.e., LightGCN [10] and SDGL [32]) and social-based baselines (i.e.,
Diffnet [50] and GDSR [27]). In addition, we add three quantum
baselines (i.e., QKER [15], QTN [16], and QITN [41]) for CF tasks.

5.1.3 Implementation Configuration. For each dataset, we split
the user-item interactions into training, evaluation, and test sets
with a ratio of 6:2:2. For all models, we utilize the Adam optimizer
with the learning rate selected from {107°,107%,1073,1072, 107 1}.
The hyperparameter search spaces for the baselines are as follows:
for classical computing models, we search the embedding size d in
{4, 8,16, 32, 64}, while for quantum computing models, we search
the qubit size g in {2, 3,4, 5, 6}. The layer sizes of neural networks
(e.g., the multi-layer perceptron in DMF, NeuCF, and CFNet, and
GNN in LightGCN, SDGL, Diffnet, and GDSR) are selected from
the set {1, 2, 3, 4}. Other hyper-parameter settings of baselines are
researched by empirical study or following original papers. Our
models are implemented using PennyLane’ as the quantum simu-
lator. For all methods (QRCF, QMCF, QUCF, QGCF, and QSCF), by
default, we utilize the angle embedding as the embedding layer and
the expressive entanglement layer with Cyot gate as the entangle-
ment operations. For QUCF, on MovieLens-100K and HetRec2011
datasets, we leverage LightGCN as the graph encoder, while on the
MovieLens-1M and BookCrossing datasets, we use our proposed
encoder. The search space for the qubit size is {2, 3,4, 5, 6}. Also,
our proposed methods include two important hyper-parameters,
the layer number in functions QRL and QML (i.e., L, and L), and
the search space is {1, 2, 3, 4}. We will provide a detailed analysis of
model components and hyper-parameters in Sections 5.4 and 5.5.

“https://grouplens.org/datasets/book-crossing/
Shttp://www.ciao.co.uk
Shttp://www.epinions.com/
"https://pennylane.ai/
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5.1.4 Evaluation Metrics. We evaluate our model on the click-
through rate (CTR) prediction and top-K recommendation. For the
former, we use the area under curve (AUC) as the metric. For the
latter, we use precision@K (P@K) and recall@K (R@K), with K set
to 20. These metrics are widely used in recommendation [10, 27, 30].

5.2 Comparison with Classical Models

In this subsection, we compare our model with classical computing
baselines in three recommendation scenarios.

5.2.1 Comparison in Traditional CF Tasks. The results are
shown in the upper part of Table 4. We find that: (1) our three
quantum computing models, QRCF, QMCF, and QUCF, achieve the
best performance on 3 out of 4 datasets. Our methods achieve clear
advantages on the sparse BookCrossing dataset. On the denser
MovieLens-100K and MovieLens-1M, our method achieves perfor-
mance comparable to classical computing ones. (2) The performance
of QRCF, QMCF, QUCF varies across datasets, but the overall trend
is that QUCF performs best, followed by QMCF, and then QRCF.

To verify the Hypothesis 1 in Section 3, we further compare the
effect of different latent sizes on our models and baselines. Specif-
ically, we compare QRCF, QMCF, and QUCF with their classical
computing counterparts DMF, NeuCF, and CFNet, respectively. For
our models, we analyze the impact of the qubit number, ranging
from 2 to 6. For the baselines, we examine the effect of embed-
ding sizes, ranging from 4 to 64. The results on the HetRec2011
and BookCrossing datasets are shown in the first six columns of
Figure 3. We observe that (1) in general, the performance of clas-
sical and quantum computing models improves as the latent size
increases. However, in some cases, performance may drop when the
size becomes too large, possibly due to overfitting or noise; (2) our
quantum computing models often achieve strong performance with
a small number of qubits (e.g., 2, 3, or 4). In contrast, classical com-
puting models tend to perform worse with small embedding sizes
and usually require much larger sizes (e.g., 32 or 64) to match the
performance of quantum ones. The performance gap between the
classical and quantum models narrows as the latent size increases.

For the Hypothesis 2 in Section 3, we make the following observa-
tions: (1) the key difference between QUCF and QRCF is that QUCF
uses quantum entanglement to model user-item matching, while
QRCEF relies on classical inner products. QUCF performs better in
most cases, suggesting the advantage of quantum entanglement;
(2) when the latent size is small, QMCF outperforms its classical
counterpart NeuCF, especially on sparse datasets. This shows the
potential of quantum entanglement in modeling user-item inter-
actions. Beyond the above analysis, Section 5.6 provides insights
from the perspective of interaction embedding visualization.

5.22 Comparison in Graph-Based CF Tasks. To evaluate the
proposed QGCF in Section 4.2, we compare it with LightGCN and
SDGL. The experimental results are shown in the middle part of Ta-
ble 4 and in the last two columns of Figure 3. Our QGCF achieves the
best performance on 3 out of 4 datasets, and the other main findings
are similar to those in the traditional CF task. Specifically, on sparse
datasets, quantum computing models show superior performance.
When the latent size is small, quantum computing models generally
outperform classical ones. Also, we find that, compared to QRCF,
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Table 4: Performance comparison of our method with traditional classic CF baselines, graph-based classic CF baselines, and
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quantum baselines on the four datasets. Bold values indicate the best performance within each comparison task.

Datasets MovieLens-100K MovieLens-1M HetRec2011 BookCrossing
Tasks and Methods AUC P@20 R@20 | AUC P@20 R@20 | AUC P@20 R@20 | AUC P@20 R@20
DMF [53] 0.8922 0.1386 0.1857 | 0.8536 0.2098 0.2001 | 0.9075 0.5352 0.2483 | 0.6783 0.0300 0.2139
Comparison in NeuCF [11] | 0.8855 0.1340 0.1985 | 0.8847 0.2423 0.2385 | 0.9195 0.5611 0.2639 | 0.6857 0.0305 0.2170
Trapditional CFNet [5] 0.8797 0.1259 0.1818 | 0.8798 0.2365 0.2327 | 0.9206 0.5620 0.2687 | 0.6628 0.0296 0.2092
CF Tasks QRCF (ours) | 0.8790 0.1338 0.1789 | 0.8814 0.2336 0.2251 | 0.9051 0.5490 0.2572 | 0.6767 0.0325 0.2307
QMCEF (ours) | 0.8816 0.1376 0.1947 | 0.8984 0.2558 0.2474 | 0.9162 0.5599 0.2633 | 0.6892 0.0320 0.2277
QUCEF (ours) |0.8941 0.1428 0.1994 | 0.9003 0.2589 0.2533 | 0.9179 0.5583 0.2607 | 0.6905 0.0319 0.2252
Comparison in | LightGCN [10] | 0.9034 0.1583 0.2359 | 0.8643 0.2362 0.2310 | 0.9082 0.5585 0.2620 | 0.6942 0.0327 0.2219
Graph-based SDGL [32] 0.8928 0.1556 0.2282 | 0.8782 0.2409 0.2348 | 0.9134 0.5532 0.2584 | 0.6931 0.0301 0.2108
CF Tasks QGCF (ours) | 0.8910 0.1452 0.2248 | 0.9001 0.2587 0.2488 | 0.9177 0.5598 0.2628 | 0.6991 0.0336 0.2414
Comparison QKER [15] 0.8678 0.1350 0.1925 | 0.8617 0.2212 0.2175 | 0.9120 0.5197 0.2413 | 0.6899 0.0297 0.2141
with Quantum QTN [16] 0.8502 0.1151 0.1453 | 0.8741 0.2347 0.2273 | 0.9004 0.5491 0.2557 | 0.6616 0.0304 0.2158
Baselines QITN [41] 0.8531 0.1183 0.1641 | 0.8675 0.2238 0.2191 | 0.8983 0.5462 0.2550 | 0.6645 0.0315 0.2245
HetRec2011 BookCrossing HetRec2011 BookCrossing HetRec2011 BookCrossing HetRec2011 BookCrossing
é 0.54 ?3)0.030 %:zj g 0.030 g 0.55 §0.030 a:zj QGCF é 0.03 Q6cF
HetRec2011 BookCrossing HetRec2011 BookCrossing HetRec2011 BookCrossing HetRec2011 BookCrossing

HetRec2011 BookCrossing HetRec2011 BookCrossing

HetRec2011 BookCrossing HetRec2011 BookCrossing

Figure 3: Performance comparisons w.r.t latent size on the HetRec2011 and BookCrossing datasets. Our methods (red line) use
a varying number of qubits from 2 to 6, while baselines (blue line) use varying embedding dimensions from 4 to 64.

QMCEF, and QUCEF, the performance gain of QGCF, which utilizes
user-item interaction graph structure, is limited and sometimes
even lower. One possible reason is that neighborhood aggregation
is not performed under quantum computation, which may cause
compatibility issues with the following quantum representation
and matching operations. In future work (i.e., Section 8), we will
discuss the design of a quantum-based graph learning method.

Table 5: Comparisons in the social recommendation task.

Methods Ciao Epinions
AUC P@20 R@20 | AUC P@20 R@20
Diffnet [50] | 0.6779 0.0813 0.2577 | 0.7614 0.0855 0.3491
GDSR [27] | 0.6805 0.0810 0.2607 | 0.7698 0.0832 0.3457
QSCF (ours) | 0.6951 0.0817 0.2621 | 0.8034 0.0862 0.3510

5.2.3 Comparison in Social Recommender Tasks. In this sub-
section, we evaluate the proposed QSCF in Section 4.3 and introduce
Diffnet and GDSR as baselines. The results on the Ciao and Epinions
datasets are shown in Table 5. The findings are similar to earlier
results. Both datasets are sparse, and our QSCF shows a clear ad-
vantage. Figure 4 further presents the performance with different
latent sizes, which is consistent with the previous analysis.
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5.3 Comparison with Quantum Models

This subsection introduces several quantum baselines, including
QKER, QTN, and QITN. The results are shown in the lower part of
Table 4. We find that our models show a remarkable performance,
with QUCF and QGCF outperforming these baselines. These results
highlight the effectiveness of our design for recommendation.

5.4 Model Component Analysis

We analyze our model components in three aspects, focusing on
quantum embedding, entanglement layers, and quantum gates.
We use the proposed QRCF, QMCF, and QUCF models to analyze
these design choices. The results on HetRec2011 and BookCrossing
datasets are shown in Figure 5. Similar trends are observed in other
datasets. Specifically, our analysis is as follows: (1) For quantum
embedding layers, we consider angle and amplitude embeddings
(cf. Section 4.1.1). Due to the specific limitation of amplitude em-
bedding on dimensions, it is difficult to apply it to QUCF. Thus,
we analyze it only in QRCF and QMCF. The results show that an-
gle embedding performs better in recommendation, especially on
the sparse BookCrossing dataset. (2) For the quantum entangle-
ment, we consider basic and expressive entanglement layers (cf.
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Figure 4: Performance comparisons in social recommenda-
tion scenarios on Ciao and Epinions. Our method (red line)
uses a varying number of qubits from 2 to 6, while baselines
(blue line) use varying embedding dimensions from 4 to 64.

Section 4.1.2). The results show that the expressive entanglement
layer generally outperforms the basic entanglement layer, showing
that it provides stronger expressive power and better performance.
(3) For quantum gates, we consider two options: CyoT and Cz (cf.
Eq.(2)). The results show that both gates provide effective quantum
entanglement and lead to similar performance.

B Amplitude Embedding @ Basic Entanglement B3 CZ Gate
o050 ’—H _—‘ Y050 M Y050 M
=4 7 <
0.85 v 0.85 +* 0.85 +*
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3 Angle Embedding g 30 CNOT Gate
070 ] 070
Y = I — " —
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Figure 5: Ablation study on HetRec2011 and BookCrossing.

5.5 Hyper-parameter Sensitivity Analysis

We analyze key hyperparameters in our model, including the layer
number L, in the quantum representation learning function and
Ly, in the quantum matching learning function. The results of our
QUCF model are shown in Figure 6. We find that the performance
is best when L, and L, are set to 2 or 3. In addition, increasing L,
brings a more noticeable improvement compared to increasing Ly,.

AUC results on MovieLens-100K AUC results on HetRec2011

AUC results on BookCrossing

0920 0.695

0.690

0915

0.685

1 1 1

088
1 2 3 a 1 2 H 4 1 2 3 4
L Lo Ln

Figure 6: Hyper-parameter sensitivity on the three datasets.

0910 0.680

5.6 User-Item Interaction Learning Analysis

In this subsection, we analyze the advantages of our method for
modeling user-item interaction behavior from the perspective of
embedding visualization. To this end, we randomly select 6 users
from each dataset and, for each user, choose their interacted items
from the test set to form user-item interaction pairs. Using our
quantum unified learning paradigm (in Section 4.1.6) as an example,
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we take the output of the measurement layer (i.e., function MEA)
as the embedding for each interaction pair. Finally, we apply t-SNE
[44] to project the embeddings into a two-dimensional space for
visualization. In addition, we select DMF, NeuCF, CFNet, LightGCN,
and SDGL for comparison. To be specific, for NeuCF, CFNet, and
SDGL, we take the representations before the prediction layer as
the embedding for each user-item interaction pair. For DMF and
LightGCN, we use the element-wise product of the final user and
item representations as the embedding for each user-item interac-
tion pair. The visualization experimental results on the HetRec2011
and BookCrossing datasets are shown in Figure 7, where points
with the same color in each plot represent the user-item interaction
representations of the same user. The ellipses in the figure are com-
puted based on the mean and covariance of the 2D embeddings for
each user interaction group, which provides a geometric summary
of the user group distribution. From the results, we can observe that
our method QUCF achieves better separation of user interaction
groups compared to classical computing baselines. We attribute this
to the unique quantum entanglement operations, which help the
model better capture patterns in the user interaction behavior. This
also provides indirect visual evidence supporting our Hypothesis 2,
which proposes that quantum entanglement is effective in modeling
and reflecting user-item interaction states.

6 Comments on Using Quantum Computing

Based on the experimental results, we provide some comments and
suggestions on using quantum computing for recommendation.

e Quantum and classical models each have their advantages. There
is no single best option, as performance depends on multiple
factors (e.g., embedding size, dataset, and evaluation metric).

e Itisimportant to choose a suitable embedding size. In most cases,
quantum models achieve good performance with relatively small
latent dimensions, which helps save computational resources.

e Quantum models work well on sparse datasets, particularly in
terms of ranking metrics for top-K recommendation. However,
for dense datasets, classical methods may perform as well or bet-
ter, and they avoid the need for quantum hardware or simulation.

7 Related Work

In this section, we introduce the related work from two aspects.

7.1 Collaborative Filtering

Collaborative filtering (CF) is a common approach in RSs [22, 28],
which is based on the assumption that users with similar interaction
or purchase histories may have similar preferences in the future.
CF has two main components [46]: representation learning (RL)
and matching learning (ML). RL builds embeddings for users and
items. Early studies leverage methods such as the MLPs [53] and
memory networks [17], whereas recent work often adopts GNNs
[10, 29]. Matching learning captures the interaction between user
and item embeddings, and typical choices include the inner product
[21], MLP [11], and factorization machines [9]. Therefore, these
two components give rise to two types of CF paradigms that focus
on either RL or ML. In this work, we explore how to extend clas-
sical computing-based CF to the quantum computing setting and
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Figure 7: Visualization of interaction embeddings on the HetRec2011 (top row) and BookCrossing (bottom row) datasets.

propose three quantum CF learning paradigms from the perspec-
tive of RL and ML designs. In addition, we further incorporate side
information (i.e., social network) into our CF models. To the best
of our knowledge, this is the first study that effectively integrates
quantum computing with the key components of CF in RSs.

7.2 Quantum Machine Learning

Quantum computing has recently emerged as a promising research
direction [14] and has shown great performance in various ma-
chine learning areas, e.g., computer vision [38], natural language
processing [19], and graph representation learning [7]. By using
unique operations (e.g., superposition and entanglement), quantum
computing offers a new way to understand and process informa-
tion [2, 36]. Also, advances in quantum hardware (e.g., quantum
computers [23]) and simulation technologies further pave the way
for applying quantum computing to real-world tasks [42].

In this work, we focus on applying quantum computing to RSs.
Although some recommendation algorithms inspired by quantum
principles have been proposed [20, 33, 43, 45, 47], most of them
remain at the theoretical design stage and lack implementation
and validation on real-world datasets. Moreover, there is a lack of
effective analysis and discussion on how core quantum concepts
(e.g., superposition and entanglement) can be applied to recom-
mendation models. To address these gaps, this work presents a
comprehensive study on the use of quantum computing in recom-
mendation. We begin by analyzing its potential advantages for CF
tasks and design several frameworks based on quantum operations.
Extensive experiments on six datasets provide a comprehensive
evaluation of the proposed methods, showing the practical value
of quantum techniques in real-world recommendation scenarios.

8 Conclusion and Future Work

In this paper, we explore the application of quantum computing
in the field of RSs. We begin by analyzing the characteristics of
quantum computing and its potential advantages for recommen-
dation tasks, with a particular focus on the two key components,
namely RL and ML. Based on our analysis, we then propose three
quantum-enhanced CF paradigms that effectively combine quan-
tum computing with the modeling of RL and ML. We further extend
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the proposed paradigms to graph-based and social-enhanced rec-
ommendation settings to show their extensibility. To evaluate our
analysis and methods, we conduct experiments on six datasets
across three recommendation tasks. The results show the strong
representational power of our methods. In addition, based on the
experimental findings, we provide comments on when and where
quantum computing can be suitable for recommendation. We be-
lieve that our method design and experimental analysis presented
in this work will contribute to future research on quantum recom-
mender systems by providing insights and empirical evidence.

Our study serves as an initial exploration of applying quantum
computing to the modeling of RL and ML components in recommen-
dation. However, there are several limitations and potential areas
for improvement that should be considered in future work. First,
our current methods are implemented on a quantum simulator,
which introduces some time overhead. In future, we plan to evalu-
ate our models on real quantum devices. Second, in the graph-based
and social recommendation settings, the neighborhood aggregation
operations do not fully incorporate quantum computing techniques.
Future research plans to implement these structures using quantum
operations. Third, this work proposes several hypotheses regarding
the advantages of utilizing quantum computing in recommendation
and validates them through empirical experiments. In future work,
we plan to provide more theoretical analysis and further explain
these findings. Finally, we will explore applying our quantum rep-
resentation approach to other domains (e.g., bioinformatics [24, 25],
graph learning [51], and neuro-symbolic systems [56, 57]).
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