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Abstract

Protein-ligand binding affinity is critical in drug discovery, but experimentally
determining it is time-consuming and expensive. Artificial intelligence (Al) has been
used to predict binding affinity, significantly accelerating this process. However, the
high-performance requirements and vast datasets involved in affinity prediction
demand increasingly large Al models, requiring substantial computational resources
and training time. Quantum machine learning has emerged as a promising solution
to these challenges. In particular, hybrid quantum-classical models can reduce the
number of parameters while maintaining or improving performance compared to
classical counterparts. Despite these advantages, challenges persist: why hybrid
guantum models achieve these benefits, whether quantum neural networks (QNNs)
can replace classical neural networks, and whether such models are feasible on noisy
intermediate-scale quantum (NISQ) devices. This study addresses these challenges by
proposing a hybrid quantum neural network (HQNN) that empirically demonstrates
the capability to approximate non-linear functions in the latent feature space derived
from classical embedding. The primary goal of this study is to achieve a
parameter-efficient model in binding affinity prediction while ensuring feasibility on
NISQ devices. Numerical results indicate that HQNN achieves comparable or superior
performance and parameter efficiency compared to classical neural networks,
underscoring its potential as a viable replacement. This study highlights the potential
of hybrid QML in computational drug discovery, offering insights into its applicability
and advantages in addressing the computational challenges of protein-ligand
binding affinity prediction.

Keywords: Hybrid quantum neural network; Protein-ligand binding affinity;
Quantum machine learning; Quantum neural network

1 Introduction

The effectiveness of a drug in interacting with a specific protein target is linked to the
drug-target affinity, which is primarily determined by the structures of both the chemical
and the protein [1]. Binding of a molecule to a protein may start a biological process. This

includes the activation or inhibition of an enzyme’s activity as well as the interaction be-

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives
4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format,
as long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if you modified the licensed material. You do not have permission under this licence to share adapted material derived
from this article or parts of it. The images or other third party material in this article are included in the article’s Creative Commons
licence, unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons
licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/
4.0/.


https://doi.org/10.1140/epjqt/s40507-025-00419-1
https://crossmark.crossref.org/dialog/?doi=10.1140/epjqt/s40507-025-00419-1&domain=pdf
mailto:wjhwang@pusan.ac.kr
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

Jeong et al. EP) Quantum Technology (2025) 12:120 Page 2 of 36

tween a drug molecule and its intended protein target. The binding is quantified by how
strong the chemical compound. This metric quantifies how firmly the ligand, which is an-
other term for the chemical compound, connects to the protein. Traditionally, dissociation
(Ky), half inhibition concentrations (ICsg), and inhibition (K;) constants have been utilized
to represent experimentally determined binding affinities [2]. In drug discovery, a crucial
selection criterion is the high binding affinity between a small molecule or short peptide
and a receptor protein. Although the binding affinity could be measured directly through
experimental methods, the time cost and financial expenses are extremely high due to in-
sufficient known structures of protein-ligand complexes [1, 3]. Therefore, protein-ligand
binding affinity prediction can serves significant advantage in the drug discovery.

In general, predicting the binding affinity can be categorized as: physics-based methods
such as molecular docking [4], molecular dynamics simulations [5], have been widely used
in binding affinity prediction. Similarity-based [6] or matrix factorization-based meth-
ods [7] predict binding affinity by utilizing the global similarity matrices of entire proteins
or ligands. However, these traditional structure-based methods still remain challenging
to identifying the binding ligand from a large-scale chemical space through currently ex-
perimental methods. In recent years, artificial intelligence (AI) and machine learning (ML)
models have emerged as a promising tool for binding affinity prediction. Leveraging large-
scale protein-ligand datasets, these models have demonstrated superior accuracy by learn-
ing complex relationships between molecular structures and binding strength [8]. For ex-
ample, there are the deep learning methods for affinity prediction, such as Pafnucy [8],
DeepAtom [9], TopologyNet [10], DeepDTA [11], WideDTA [12], and DeepDTAF [13].
These models not only outperform traditional methods in prediction accuracy but also
exhibit high-potential of drug discovery based on ML. Despite these advancements, chal-
lenges still remain. One major issue is the increasing size and complexity of ML models,
which result in higher computational costs and longer training times [14].

Quantum machine learning (QML) combines the computational principles of quantum
mechanics, such as superposition and entanglement, with ML algorithms, offering sig-
nificant advantages in computation speed [15—17]. Recently, the universal approximation
property (UAP) of quantum neural networks (QNNs) has been investigated, which is sim-
ilar to the universal approximation theorem (UAT) [18] in Al theory. In particular, a multi-
qubit QNN model defined a partial Fourier series can be a universal function approxima-
tor [19]. Although the expressivity of QNN is strong, there is limitation of expressivity of
QNN s even though the QNN is made sufficiently deep [20].

One notable direction in QML research is the development of hybrid architectures that
integrate classical ML and quantum computing. These hybrid models have demonstrated
several advantages over purely classical counterparts [21]. For instance, they often require
fewer parameters, leading to faster computations while maintaining or even enhancing
performance. This highlights the potential for QML to eventually replace classical ML in
drug discovery, offering a transformative leap in efficiency and capability [22]. However,
hybrid quantum models are introduced but it remains challenges that the powerful ex-
pressivity comes from the classical part or the quantum part of hybrid models. Moreover,
a systematic analysis of how parameters in the QNN affect the classes of functions that it
can approximate is missing [23].

Furthermore, it is essential to evaluate the feasibility of implementing a quantum model
on noisy intermediate-scale quantum (NISQ) devices. NISQ devices face significant con-
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straints, including a restricted number of quantum qubits, vulnerability to quantum com-
putational errors, and short coherence times, which pose challenges to their implemen-
tation [24, 25]. For example, the amplitude encoding method [26] requires deep circuit
depth O(poly(N)), which may be infeasible due to the short coherence time of NISQ de-
vice. In contrast, angle embedding maintains a constant circuit depth but requires O(XN)
qubits [27]. It requires a huge amount of qubits in large-dimensional input classical data.

Therefore, designing a feasible encoding scheme on NISQ devices is crucial.

Contribution This study investigates and tackles several important challenges: 1) High
computational costs and longer training times of classical ML models. 2) The potential of
QNN in place of classical neural networks (NNs). 3) The feasibility of the proposed hy-
brid quantum model on NISQ devices. To address these challenges, we propose a novel
QML-based method which is hybrid quantum DeepDTAF (HQDeepDTAF) to predict the
protein-ligand binding affinity. In particular, to address the limitation of expressivity of
QNN, the proposed model consists of a hybrid quantum model. To substitute the NN into
hybrid quantum neural networks (HQNNs), we introduce data re-uploading models under
the hybrid quantum model. For the target task, our structure is inspired by the DeepDTAF
architecture, which consists of three separate modules: the entire protein module, the lo-
cal pocket module, and the ligand simplified molecular input line entry system (SMILES)
module. We follow the original module but the NN is substituted as a hybrid quantum
model to achieve a parameter-efficient model in binding affinity prediction. Finally, we
discuss the efficiency and feasibility of the proposed model. The main contributions of
this study are summarized as follows:

+ We propose a novel HQDeepDTAF for protein-ligand binding affinity prediction.
Specifically, we introduce the hybrid embedding scheme to reduce the required qubit
counts, and utilize classical regression network for prediction task.

«+ To address the limitation of expressivity of QNN, we propose a hybrid quantum
framework for the target task. Specifically, our framework experimentally explores the
various hybrid embedding schemes to find a suitable combination of quantum and
classical. Moreover, to design the HQDeepDTAF model, we investigate the
appropriate number of qubits and layers based on two key metrics: expressibility and
entangling capability.

+ We evaluated the effectiveness of our proposed algorithm by conducting a
comparative analysis with state-of-the-art benchmarks using the protein data bank
bind (PDBbind) dataset [28]. This assessment aimed to showcase the performance of
our method in relation to existing state-of-the-art approaches.

« We performed a noise simulation to evaluate the effectiveness of our proposed
algorithm on NISQ devices. Furthermore, we discuss the efficiency and feasibility of

the proposed model.

2 Related works
This section presents the related work aligned with our quantum algorithm. The related
work includes the universal approximation of QNN, as well as classical and quantum mod-

els for protein-ligand binding affinity prediction.



Jeong et al. EP) Quantum Technology (2025) 12:120 Page 4 of 36

2.1 Universal approximation of quantum neural network

The UAT establishes that deep NNs can approximate well-behaved functions with arbi-
trary accuracy, forming the basis of their expressive power. QNNs, as quantum analogues
of classical NNs, have been similarly studied for their expressivity under the UAT frame-
work.

Authors in [29-31] have investigated the universal approximation of QNNs in terms of
quantum activation functions or quantum neurons. They implemented the sigmoid and
rectifier linear unit (ReLU) functions based on quantum neurons, which demonstrates
that the quantum model can be used as a universal approximator. However, they required
additional qubits, such as ancilla qubits, and multi-controlled gates for encoding the data
into qubits. [23] has demonstrated that single-qubit QNNs can approximate any univari-
ate function by mapping the model to a partial Fourier series. While the authors investi-
gated the expressive power of a single-qubit QNN, this single-qubit QNN has a limited
expressivity for multivariate functions. [20] demonstrated that sufficiently deep QNNs
can approximate the target functions. While they exhibited that the loss is significantly
reduced and approaches to zero, for adding nonlinearity in QNN, the quantum model re-
quires additional ancillary qubits, which leads to serious computational resources. [19] has
investigated the effect of data encoding on the expressivity of QNN as function approxi-
mators. While the authors demonstrated that the multi-qubit QNNs have universality for
multivariate functions, the quantum model requires exponential circuit depth, which is
impractical to implement.

Authors in [32] proposed variational QSplines and generalized QSplines to approxi-
mate non-linear activation functions in QNNs. While both methods achieve good ap-
proximation performance for specific functions like sigmoid, ReLU, and ELU, they are not
general-purpose and require tailored formulations per activation function. In addition,
these methods use amplitude encoding, which provides logarithmic qubit scaling with
respect to input size but induces polynomially increasing circuit depth as data dimen-
sion grows. They also require additional ancilla qubits for inner product computation and
spline evaluation, increasing hardware overhead on NISQ devices. [33] proposed a vari-
ational quantum computing framework for solving nonlinear differential equations, no-
tably the nonlinear Schrodinger equation. Their approach introduces a quantum nonlin-
ear processing unit which combines multiple copies of variational quantum states to han-
dle nonlinearities, along with tensor network-inspired quantum circuits to implement ef-
ficient operators. While their method demonstrates the feasibility of quantum approaches
for nonlinear problems, it relies on constructing a quantum circuit with polynomially in-
creasing depth on qubits and data dimension, with precise gate structures and encoding
of nonlinear terms via specially crafted quantum circuits with an ancilla qubit.

Unlike existing studies that focus solely on pure QNN based on the UAT and require
additional qubits and exponential circuit depth, we propose a parameter-efficient hybrid
quantum model designed for practical implementation on NISQ devices. While we do not
claim theoretical universality, we empirically demonstrate the capability of our HQNN to
approximate nonlinear functions across multiple benchmark tasks. To evaluate its po-
tential as a substitute for classical NNs, we conduct comparative experiments between
HQNN, pure QNNs, and classical NNs using both univariate and multivariate function
benchmarks. Furthermore, we examine the expressivity of HQDeepDTAF, which inte-
grates HQNN, in the context of protein-ligand binding affinity prediction. The feasibility
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of the proposed model is assessed in terms of key NISQ constraints, including circuit
depth and qubit count.

2.2 Protein-ligand binding affinity prediction

Leveraging large-scale protein-ligand datasets, ML models were developed for binding
affinity prediction tasks. These models laid the foundation for modern advancements in
drug discovery by utilizing protein-ligand interaction data to predict binding affinities
with high accuracy.

Early approaches, such as Pafnucy [8], focused on deep learning-based regression tech-
niques, incorporating features derived from protein-ligand structures to evaluate affin-
ity. These efforts significantly improved the ability to predict drug-target interactions and
were benchmarked rigorously against experimental datasets. Further research was con-
ducted, such as models like DeepDTA [34], DeepDTAF [13], DeepAtom [35], DeepAffin-
ity [36], and WidtDTA [12] which integrated convolutional neural networks (CNNs) for
sequence-based feature extraction. These models emphasized the importance of repre-
senting both protein and ligand sequences effectively while demonstrating improved pre-
dictive capabilities over traditional docking methods. Additionally, TopologyNet [10] in-
troduced a novel topology-based approach incorporating multi-task training to predict
biomolecular properties alongside binding affinities. To address the limitations of static
representations, Zeng et al. [11] employed multiple attention blocks to capture complex
interaction patterns between ligands and binding sites. This attention mechanism not only
enhanced the interpretability of predictions but also allowed the models to focus on crit-
ical interaction regions within the binding pockets. Similarly, hybrid frameworks, such
as those described in Mohammad et al’s research [9], incorporated structural data and
sequence-based information to refine affinity predictions further.

For the QML-based protein-binding affinity prediction, Domingo, Laia, et al. [37] pro-
posed the hybrid quantum-classical 3D CNN. In particular, the flexible representation of
quantum image (FRQI) method was used to encode the image data into quantum states.
They reduced 20% complexity than the classical counterparts while still maintaining opti-
mal performance in the predictions. However, the FRQI method requires many quantum
complex circuits for a single data sample. They showed the image in (4 x 4 x 4) blocks,
32,832 quantum circuits are required. The current NISQ devices have limitations in the
available number of qubits and quantum gates as well as short decoherence time. Dong,
Lina, et al. [38] have shown that the quantum algorithm can achieve considerable accu-
racy, although the parameters used in the model have been remarkably reduced. In par-
ticular, quantum graph isomorphic networks, quantum graph convolution networks, and
quantum CNNs have been constructed. They showed the potential of the hybrid quan-
tum deep learning algorithm in bioinformatics. However, they left the noise effect on the
proposed models in the NISQ devices. Domingo, L., et al. [39] substituted the end of the
fully connected (FC) layer of both 3D CNN and spatial-graph CNN into a quantum fusion
model. The study assessed the performance of the proposed model through a compre-
hensive comparison with a classical fusion benchmark. While the quantum fusion models
outperformed their classical counterparts in both parameter efficiency and accuracy, the
study did not address the practical feasibility of the quantum model or the limitations
inherent to NISQ-era quantum devices.

Despite their critical impact on QML performance, previous studies have overlooked
key factors such as the feasibility of the quantum model and NISQ device constraints such
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as qubit counts, decoherence, and noise. To address this gap, we propose a novel hybrid
quantum model within the practical limits of NISQ-era quantum computing. Based on
this approach, we address the major issue of classical ML models, which is the complexity
of the model in terms of the number of parameters in this study.

2.3 Hybrid quantum machine learning
Numerous studies have proposed a hybrid QML to leverage the advantage of quantum
computing and classical ML algorithms in various domains.

[16, 17, 40] proposed a hybrid quantum-classical model for classification and predic-
tion, demonstrating performance comparable to a classical model. They employed a com-
bined FC layer with angle embedding or amplitude without a data re-uploading scheme for
quantum data encoding. In addition, these studies did not consider noise effects in NISQ
devices. [41, 42] introduced multiple parallel quantum circuits with angle embedding for
image classification. This approach showed a reduction of computation time in terms of
parameter count. The model outperformed a classical CNN or QCNN baseline on the
MNIST dataset in accuracy. However, they didn’t analyze noise effects experiments for
multiple parallel quantum circuits for quantum features in NISQ devices. [43] proposed
an actor-critic-based quantum deep reinforcement learning model for collision-free nav-
igation in self-driving cars, employing pure angle embedding in the critic. However, this
embedding scheme is limited in handling high-dimensional inputs. While the proposed
model demonstrated improved training stability and slightly higher average cumulative
rewards compared to its classical counterpart, its performance significantly deteriorated
under noise simulations.

While previous studies focus on pure quantum embeddings, FC-based hybrid embed-
dings, or multiple parallel quantum circuits, our approach adopts a hybrid architecture
that differs in its embedding strategy. Specifically, we employ a data re-uploading scheme
that integrates a classical embedding network with quantum angle embedding. Unlike
prior work, our classical embedding can flexibly incorporate a wide range of encoders,
such as NNs, CNNs, and other general-purpose architectures, enabling broader applica-
bility and adaptability. This design supports flexible qubit allocation and enhances QNN
performance. The proposed HQDeepDTAF is carefully tailored to NISQ constraints, of-
fering a parameter-efficient architecture that ensures both performance and hardware fea-
sibility.

3 Background & preliminaries

In this section, we present the necessary background to understand the proposed algo-
rithm. We begin by describing the binding affinity prediction problem. Then, we intro-
duce key concepts in QML, including quantum states, quantum encoding, and data re-
uploading. Finally, we discuss the UAT, which forms the theoretical foundation of our
approach.

3.1 Machine learning-based binding affinity prediction

Binding affinity refers to the strength of the interaction between a drug and its recep-
tor, and it is a key property for understanding how a drug’s structure influences its func-
tion [44]. Binding affinity prediction involves estimating the interaction strength between
a ligand (e.g., a drug molecule) and its target protein. Traditionally, this has been mea-
sured through experimental methods, which are accurate but often time-consuming and
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Figure 1 Simple ML framework for binding affinity prediction. The input consists of the SMILES
representation of Aspirin and an arbitrary target protein sequence. During model training, these inputs are
encoded and fed into the ML model, which ultimately predicts the binding affinity value

costly [2]. To overcome these limitations, ML models have emerged as efficient alterna-
tives [8]. ML-based binding affinity prediction typically relies on experimentally derived
datasets, where binding affinities are expressed in terms of constants such as Ky, /Csp, and
K;. The objective of these models is to predict the binding strength based on molecular and
protein information. Input representations can vary but commonly include the structures
or sequences of proteins and ligands, which are often transformed into SMILES format.
As illustrated in Fig. 1, we present a simple ML framework for binding affinity prediction.
In this example, the input consists of the SMILES representation of Aspirin and an arbi-
trary target protein sequence. These inputs are encoded and fed into the ML model, which

is trained to predict the resulting binding affinity value.

3.2 Quantum state

The basic unit of information in quantum computation is one quantum bit, or qubit for
short. A classical bit has a state based on Shannon information, with the state being either
0 or 1. However, the qubit can exist in a superposition of both the 1 and 0 states, the state
of a single qubit is a unit vector in a 2-dimensional Hilbert space C2, which is commonly

denoted in Dirac notation as follows:

V) = a|0) + B[1),

where o and 8 are complex numbers with |a|? + |8]2 = 1. |0) = (1,0)T and [1) = (0,1)T
are known as computational basis states. When qubits are measured, the result is always
either O or 1; the probabilities of these outcomes depend on the quantum state of the qubits
before the measurement. In addition, a quantum state of # qubits can be represented as a
normalized vector in the #-fold tensor product Hilbert space C*".

3.3 Quantum encoding

Quantum encoding strategies, involving conversion classical data into quantum states, af-
fects to the performance of quantum model directly [45]. Consequently, it is crucial to em-
ploy appropriate quantum embedding techniques to encode classical data into a quantum
system. Numerous quantum embedding methods have been proposed [26, 27], where an-
gle embedding and amplitude embedding are widely used. An angle embedding method
transforms the classical information into the angle of rotation 6 € [0,7]. For example,
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given a input data x = [x1,...,%,]7 € RV, the angle embedding method maps all informa-
tion into O(N) qubits with a constant-depth quantum circuit as follows:

N

Uy x— [$(0) :®(cos(%> |0) + sin (%) |1>), )

i=1

where x; € [0,7) for all i. The angle embedding approach necessitates numerous qubits
when dealing with substantial amounts of information. Thus, it is difficult to all infor-
mation encodes to quantum states without loss of information due to the capability of
current NISQ devices. In contrast, the amplitude embedding method has the advantage
of reducing the number of qubits O([log(N)]) for input data x € RV, Therefore, it can
represent large amounts of information using a small number of qubits. For instance, for
the normalized input data X € [0, 1]V, each data %; can be encoded into [log(N)] qubits as
follows:

2Mog(N)]

Uy:X— [p(X) = Y Xili), 2)

i=1

where )", |x;|* = 1. Although the amplitude embedding method requires a smaller number
of qubits than the angle embedding method, the amplitude embedding has a circuit depth
of O(poly(N)) [26]. Therefore, the embedding method should be selected while consider-
ing the NISQ device capability and model performance.

3.4 Data re-uploading

The data re-uploading QNN model [18] is a generalized framework of QML models based
on parameterized quantum circuits (PQCs). Given a set of input data x = {x1,...,%,} € RN
and a set of trainable parameters @ = {6, ..., 60}, a data re-uploading QNN is a quantum
circuit that consists of interleaved data encoding circuit blocks S(-) and PQC blocks P(-)
as follows:

L
Uy, = P(0o) [ [ S0P ®,), 3)

i=1

where L denotes the number of PQC block layers. For the N qubit system, the output
of data re-uploading QNN model with observables Ms(Z#! ® Z#2 ® --- ® ZP") can be
represented as follows:

Jor = 01N Uy MUy 1|0}, @)

3.5 Universal approximation theorem

The UAT plays an essential role in the development of NNs, which states that sufficiently
wide or sufficiently deep defined NNs can approximate an arbitrary function with arbitrary
accuracy [46]. This theorem lays the foundation of the expressive capability of NNs and
serves as a basis for the success of NN applications.

Theorem 1 (Universal Approximation Theorem of classical NN [18]) For any Lebesgue
integer functionf : RN — R and input data x = {x,,...,x,} € RN, there exists a FC classical
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NN with function ¢ : R — R, the NN F(x) = Zf\il a;o(wix; + b)) with o, b; € R and w; € RN
such that F with any precision ¢ > 0 satisfies

[f(x) - F(x)|dx <&, (5)

where a Lebesgue-integral function f : RN — R is a Lebesque-measurable function satis-
Sying [pn [f(%)|dx < 00 which contains continuous functions. In classical NNs, ¢ denotes
the activation function, w are the weights for each neuron, b are the biases and o are the
neuron weights that construct the output function. Therefore, this theorem establishes that
it is possible to reconstruct any continuous function with a single layer NN of N neurons.
The proof of this theorem for ReLU activation function ReLU(x) = max{x, 0} can be found
in [46].

4 Methodology

4.1 Main architecture

The proposed HQDeepDTAF is shown in Fig. 2, consists of four main modules: 1) Input
information; 2) Embedding layer; 3) Classical convolution module; 4) HQNN:Ss for protein-
ligand affinity prediction. For the input information, ligand representation, protein repre-
sentation, and pocket representation are used as input data. These representations have
proved to be beneficial for affinity prediction [13]. Subsequently, input information is
used for three different classical convolution modules for important feature extraction.
The outcome of each module is concatenated to learn their interactions and predict the
protein-ligand binding affinity via the HQNN. In the following, we first describe the input
information and then describe classical convolution modules, and HQNN step by step.

4.1.1 Input information

As input data, we employed representations of the ligand, protein, and pocket, which can
contribute to improved affinity prediction [13]. Note that the input information of the
model is 1-dimensional sequence data because the 3-dimensional structures of some pro-
teins are still unknown. The details of the input information are listed as follows.

Input i ing Layer C| ical C ion Module Hybrid Quantum Neural Network
7 z Hybrid Quantum Parameterized Classical
Protein representation I l Embedding Quantum Circuit MeasurementRegression
- Protein sequence > T Block Network
- Structural property Rosldk\ in
P| 10+ — 4,
Dilated Goncat %)

Conv WA b
00 10)—
.» .
-1
o[ [0y~
M

Conv Concat

LACH)
000

Pocket representation
- Sequence + Structural
property

Us (@, 1)

i / b|" 0)- M— — Ux(@,)
f_isg‘;;fsr:z_:;unuﬁon > _0 i } N qubits= L Layer o ts(h)  g(¥s(h)
IResldual Embedding | Gt
Embedded Dildted o Network ddi DataReuploading

Inforamtion Conv

Figure 2 Schematic of the HQDeepDTAF model. The representations of the protein, pocket, and ligand are
provided as inputs. These inputs are first processed by an embedding layer. The classical convolution module
consists of dedicated convolutional layers for each input type. The outputs from the three modules are then
concatenated and passed to the HQNN. The hybrid quantum embedding, which combines a classical
embedding network with a quantum embedding, encodes the data into a data re-uploading QNN. The
measurement outcomes of the QNN are then passed to a classical regression network, which predicts the
protein-ligand binding affinity
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Ligand representation The widely used 1-dimensional representation for ligand chem-
ical structures is the SMILES [47], which encodes molecular structures as character se-
quences that denote atoms, bonds, rings, and connectivity patterns. In this study, all lig-
and structure data format (SDF) files were converted into SMILES strings using Open
Babel [48] to ensure a consistent molecular representation. Each SMILES string was sub-
sequently mapped to a fixed-length numerical encoding scheme based on a predefined
vocabulary of 64 distinct characters. Each character was assigned a unique integer identi-
fier, such as ‘C’ represented as 42, ‘O’ as 48, ‘=" as 40, )" as 31, and ‘(’ as 1. For example, the
SMILES string “CC(=0)CC” was transformed into the sequence “42, 42, 1, 40, 48, 31, 42,
42"

Protein representation In this study, as global features, protein representation consists
of sequence representation and structural property representation. These integrating se-
quence and structural information leads to more accurate and reliable prediction than
using either representation alone [49]. Regarding protein sequence representation, a ba-
sic approach involves depicting the molecular structure as a one-dimensional sequence
using a 20-amino acid alphabet. Here, we utilized a one-hot vector consisting of 21 di-
mensions to encode the 21 various residue types present in protein sequences. Note that
we opted for a 21-dimensional vector instead of a 20-dimensional one to accommodate
non-standard residues present in certain proteins. The structural property representa-
tion encompassed both secondary structure elements (SSEs) [50] and physicochemical
attributes [13]. To predict secondary structure for each sequence, the SSPro program [51]
was employed. Following this, SSEs were encoded using an 8-dimensional one-hot vec-
tor. Physicochemical characteristics were encoded by an 11-dimensional vector. Conse-
quently, a 19-dimensional vector was utilized to depict the structural property of each
residue. In total, a 40-dimensional feature vector was employed for each residue to char-
acterize global protein features, combining both sequence and structural property repre-

sentations.

Pocket representation The pocket refers to a binding cavity in a protein, defined by spe-
cific physicochemical properties, shape, and location, which determine protein function.
Protein-ligand interactions primarily depend on ligand binding to these pockets, which
are composed of key amino acids from discontinuous sequences [52]. Therefore, a pocket
representation is considered comprehensive for extractinglocal features. In protein-ligand
binding affinity prediction, these local pocket features play a crucial role and are utilized as
the primary input information. To encode local pocket features, a 40-dimensional feature
vector was employed for each pocket residue. This vector combines sequence represen-
tation and structural property representation, as outlined in the protein representation.

4.1.2 Embedding layer

We used an embedding layer to represent inputs with dense vectors in three modules. The
embedding layer converts sparse, 1-dimensional sequence data inputs into dense vectors,
making features more suitable for the model. In models where distinct features are pro-
cessed through separate embedding layers, the layers are not shared because each feature
represents fundamentally different information types. Separate embedding layers allow
the model to learn feature-specific representations without interference.
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Figure 3 Classical convolution modules, consisting of residual one-dimensional dilated convolutions in the
protein and ligand modules, and a conventional one-dimensional convolution in the pocket module. The
outputs from all three modules are concatenated

Definition 1 (Embedding Layer) Given the input data Z = [Zy,...,Z,], embedding layer

transform input features into K-dimensional dense vectors as follows:
Le:Z—2=1[z1,.... %], (©6)

where the k-th component of the vector is given by o (Wg1Z; + - - - + Wy, Z,,), with o (-) de-

noting the activation function and w representing the trainable weight parameters.

4.1.3 Classical convolution modules

The embedded information obtained from Definition 1 is used to three different convolu-
tion modules as shown in Fig. 3. With respect to the protein and ligand module, the dilated
convolution [53] and residual learning [54] are introduced. For pocket module, we used
vanilla convolution. For the design of classical convolution modules, we follows the Deep-
DTAF design [13]. In the protein module, a one-dimensional dilated convolution with five
different dilation rates was employed to account for long-range interactions in extended
protein sequences. These dilated convolution layers were followed by a max pooling layer,
similar to the ligand module. However, in the ligand module, the dilated convolution uti-
lized four different dilation rates. For the pocket module, three one-dimensional conven-
tional convolution layers were applied, progressively increasing the number of filters, fol-
lowed by a max pooling layer. Finally, the outputs from the max pooling layers of all three

modules were concatenated and passed into the HQNN component.

Definition 2 (Dilated Convolution [53]) Given F : Z> — R is discrete function, 2, =

[-r,r]* N Z?%, and k : Q, — R is a discrete filter of size (2r + 1)>. The dilated convolution

Page 11 of 36
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operator #*; with dilation rate [ is defined as follows:

(Fx k()= Y Fok), (7)

s+it=p

where s and ¢ are subscripts of element vectors.

To capture extensive interactions between protein features and ligand SMILES, Defini-
tion 2 is employed, which expanded the effective size of the receptive field.

4.1.4 Hybrid quantum neural network
As shown in Fig. 4, the proposed HQNN comprises a classical embedding network, a data
re-uploading QNN, and a classical regression network. The hybrid quantum embedding,
combining a classical embedding network with quantum embedding, allows flexible con-
trol over the number of qubits, which is essential for implementation on NISQ devices
with limited qubit counts. Subsequently, the quantum computation for quantum states is
conducted by the PQC blocks with data re-uploading scheme.

We use a classical embedding network, which can be NN, CNN, and various types of
NN, as the embedding module to project input data x = {x1,...,%x4} € RP into a lower-

dimensional latent space h = [17,..., h"]T, where each component is given by:
hfqn = U(wnlxl +---t a)ndxd)i (8)

with weights @ and activation function o (-). This latent vector h is then mapped to a
Hilbert space using a quantum embedding U/, as formalized below.

Definition 3 (Hybrid Quantum Embedding) Let H be a Hilbert space, and let h be the
output of a classical embedding network. A quantum embedding circuit {; maps h —
|¢(h)) € H, where |¢(h)) is the encoded feature vector.

Hybrid Quantum Neural Network

Hybrid Quantum Classical
Embedding Data re-uploading QNN MeasurementRegression
\ Network
hi
0 > o)
in
- d;[lti N oo Us(63)
O y m
x W5
\ n—1 o
i o s )
Hiz
0 Us(@)
O s |
Classical N qu'Lts T Ll;ayer J Yp(h)  g(¥p(h))
Embedding L [Cuantun
Network Em Data Re-uploading

Figure 4 Overview of the hybrid quantum neural network architecture. A classical embedding network
generates the classical vector h, which is encoded via quantum embedding into a data re-uploading QNN.
The quantum output ¥g(h) is then passed to a classical regression network for final prediction

Page 12 of 36
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Example 1 (NN-Angle Embedding) Using angle embedding, each 4" € h € RN is mapped

N hin hin
U¢(h):®(cos(7i> |0) + sin (7> |1>>. )
i=1

We adopt a data re-uploading QNN architecture, in which the quantum circuit alter-

as:

nates between PQC blocks and data re-uploading blocks defined as
Sthyy = e M1 @ .. @ e i, (10)

where H € {oy,0),0,} is a fixed Pauli operator. For simplicity, we employ angle embedding
to encode classical data into quantum rotations.
The full QNN unitary with L re-uploading layers is expressed as:

L
U(h,6) = PEUSM)PY - S P = P6o) [ | Sth)wP(®)). (11)

i=1
The PQC block P(0) uses single-qubit rotations and CNOT entanglers inspired by [55]:

Definition 4 (Parameterized Quantum Circuit Block) Assume Vi, R; € SU(2) are single-
qubit rotations with three trainable parameters of Eq. (A.2). Vj, T,isa single-qubit uni-
taries, then the PQC blocks P is defined as follows:

n-1 n-1
P=[TE,T)] TR (12)
j=0 i=0

where the single-qubit unitary is defined as Pauli X. Thus, the EC/‘(Tt/) € U(4) can be ex-
pressed as CNOT gate. In addition, E;(Ty) are applied as a layer of n/ ged(n, ) controlled
gates, where r is a hyperparameter called the range, gcd(n, r) is the greatest common divi-
sor of given # and r, and 0 < r < n. Specifically, For j € [1,...,n/ gcd(n,r)], the j-th 2-qubit
gate E;(Ty) of an PQC blocks have wire number ¢; = (jr — r) mod # as the control, wire
number ¢; = jr mod # as target.

Each PQC block is hardware-compatible with NISQ constraints, consisting only of
single-qubit rotations and CNOTs. As proven in Appendix A, any such unitary can be
decomposed using the Z-Y decomposition [56].

Definition 5 (Data Re-uploading QNN with Classical Embedding Network) Given input
x € [0,1]2, embedding output h, and observable Og = Zh ® ... @ ZP, the QNN output is
defined as:

Yp(h) = (0|®NUT(h,0)04U(h,0)[0)EN. (13)

Definition 5 formalizes the data re-uploading QNN with a classical embedding network,

distinguishing it from HQNN, which additionally includes a classical regression network.
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While increasing circuit depth improves QNN expressivity, pure QNNss still struggle to ap-
proximate general well-behaved functions due to inherent limitations [20]. One remedy
is to increase the Hilbert space dimension by using more qubits, but this is impractical
on NISQ devices due to limited qubit counts and coherence times. To overcome this, we
incorporate a classical embedding network that both compresses input features and opti-
mizes the quantum embedding during training, as supported by Theorem 1. This allows
for efficient use of limited qubits while maintaining expressive capacity.

To further enhance performance under NISQ constraints, we extend the structure de-
fined in Definition 5 by introducing a classical regression network, resulting in the HQNN
architecture illustrated in Fig. 4. The definition of the HQNN model is as follows.

Definition 6 (Hybrid Quantum Neural Network) Let x = {xy,...,%4} € [0,1]° be the in-
put data and N > D the number of qubits. Let h be the output of a classical embedding
network, and Og = Z#1 ® --- ® ZP the observable with B € {0,1}. The QNN output
¥4(h) follows Definition 5. We define a classical regression network g : RX — R applied
to K-dimensional QNN outputs (K < N), where the final prediction is given by:

K

grph) =Y "o (wiy, + b)), (14)

i=1

with weights w; € R and biases b; € R.

4.2 Parameter shift rules for quantum neural network training

A quantum circuit driven by our framework learns a given task by updating param-
eters using parameter shift rules [57]. Consider quantum states |{) comprising of N
qubits, unitary U with trainable parameters 6, the expectation value with Pauli opera-
tors B; € {I,X,Y,Z}®" can be represented as follows: (]§) = (l/f|UT(0)B]'U(0)|W). Suppose
expectation value is loss function £(0) of a quantum circuit, then with a gradient-based
strategy, the update of the trainable parameters 8 of QNN at the step ¢ can be expressed
as follows:

9t+1 = Ht - HVE(@)» (15)

where the gradient VL(0,) = (¥ U0, + Z)B;U®0, + 2)|y) — 3 (¥ |U' (0, — T)BU®, -
7)I¥). Thatis, the gradient can be calculated just by shifting 4-7/2 rotation on unitaries U.

5 Results

In this section, we provide a detailed description and analysis of the experiments con-
ducted to evaluate the performance of the proposed HQDeepDTAF. The subsections pro-
vide a brief overview of the dataset, experimental settings, and experiments employed in
the prediction task. In addition, our experiment was designed with two primary objec-
tives. The first objective was to demonstrate the function approximation capabilities of
HQNN, which was analyzed to be more efficient in function approximation than QNN
and NN. Subsequently, HQDeepDTAF experiments were conducted for protein-ligand
binding affinity prediction.
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5.1 Experimental settings

1) Data description: PDBbind database [28] includes a collection of experimentally verified
protein-ligand binding affinity expressed with —log(K;), —log(K;), —log(ICsp) from the
PDB [3]. For our study, we selected the core 2016 dataset from the PDBbind database
version 2016, which is commonly utilized as a high-quality benchmark [13]. This dataset
encompasses a wide range of structures and binding information, making it suitable for
assessing various docking techniques. The provided datasets included protein PDB files,
pocket PDB files, and ligand SDF files, among others. We extracted the protein and pocket
sequences from the PDB files. Additionally, we transformed the SDF files into SMILES
strings.

2) Data settings: To create an effective representation format, it is essential to establish
fixed lengths for protein sequences, pocket sequences, and SMILES strings, as they vary in
length. Based on [13], to match the same experimental setting as the counterpart model on
overall datasets, predetermined lengths for sequences of proteins, pockets, and SMILES
strings were selected. As a result, we established fixed character limits for different se-
quence types: 1000 characters for protein sequences, 150 characters for SMILES strings,
and 63 characters for pocket sequences. These limits were chosen to encompass approx-
imately 90% of the proteins, ligands, and pockets found in the datasets we analyzed. The
sequences that are longer than the fixed characters were truncated and the sequences that
are shorter than the fixed characters were 0 padded. The core 2016 set was compiled to test
and evaluate our model. The Smith—Waterman similarity [60] for each protein sequence
in the core 2016 test set was at most 60% [11] to any sequence in the training set for 99%
of protein pairs. While training, we randomly load stochastic datasets for each iteration
with random shuffling.

3) Baselines: In the experiments, to demonstrate the proposed HQDeepDTAF al-
gorithm’s effectiveness, we compared it with the state-of-the-art benchmarks, Deep-
DTAF [13], DeepDTA [34], Pafnucy [8], TopologyNet [10], AEScore [58], and K¢y, [59]. To
ensure a fair and reproducible evaluation, we implemented all classical and quantum mod-
els using consistent training configurations and dataset preprocessing. Both of DeepDTAF
and HQDeepDTAF use the same structural classical convolution modules. In this study,
we explored different embedding techniques to determine the most appropriate method
for our proposed algorithm. Specifically, HQDeepDTAF-Amplitude incorporates a QNN
based on amplitude embedding, coupled with a classical regression layer. In comparison,
HQDeepDTAF-NN-Angle and HQDeepDTAF-NN-Amplitude adheres to Definition 6,
utilizing a hybrid embedding approach as outlined in Definition 3. Note that, regarding
HQDeepDTAF-NN-Amplitude model, at most 9-qubits is introduced to set the similar
total number of parameters with DeepDTAF. For baselines, we followed the architecture
and training procedures described [8, 10, 13, 34, 58, 59]. However, TopologyNet was reim-
plemented using only protein sequence inputs, as its original implementation is not pub-
licly available. Table 1 provides a comprehensive overview of the structural specifications
for these models used in our experiments. All implementations, including reimplemented
versions of some baselines, are made publicly available on our GitHub repository https://
github.com/drmoon-1st/HQDeepDTAF.

4) Training settings: In terms of convergence time, all models were trained for 20 epochs
using a batch size of 16. The adaptive moment optimizer called AdamW [61] optimizer,
which improves upon the original Adam by decoupling weight decay from the gradient
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Table 1 Summary of Models used for binding affinity prediction

Model Architecture details

DeepDTAF [13] For all embedding network, output dimension was 128. For protein
module, five 1D dilated convolutional layers with dilated rates of 1, 2, 4, 8,
16. For pocket module, three 1D convolutional layers with 32, 64, 128
filters. For ligand module, four 1D dilated convolutional layers with dilated
rates of 1, 2, 4, 8. For all modules, convolutional filter size was 3 with max
pooling layer after convolution. The outcomes of each module are
concatenated and input to the dense layers. Dense consists of three
layers with 128, 64, 1 nodes, each followed by dropout layer of rate 0.5.

DeepDTA [34] The DeepDTA employs two CNN blocks followed by dense layer. Each
CNN block consists of three 1D convolutions of 32, 64, 96 filters. Dense
layer consists of 1024, 1024, and 512 neurons in sequence.

Pafnucy [8] The Pafnucy architecture employs 3D convolutional layers with 64, 128,
and 256 filters, each followed by max pooling. The output from the final
convolutional layer is flattened and fed into dense layers consisting of
1000, 500, and 200 neurons in sequence.

TopologyNet [10] (https://github.com/drmoon-1st/HQDeepDTAF)

AEScore [58] (https://github.com/abdulsalam-bande/KDeep)

Kdeep [59] (https://github.com/RMeli/aescore.git)

HQDeepDTAF-Amplitude For QNN with NN-based classical regression network, the concatenated

results from each model are processed into 512D data using zero
padding. The 9-qubits data re-uploading QNN followed.

HQDeepDTAF-NN- For HONN with amplitude embedding, the NN-based classical
Amplitude embedding network with 512 nodes serves as input for a 9-qubit data
re-uploading QNN consisting of 20 layers.

HQDeepDTAF-NN-Angle For HQNN with angle embedding, the outcome of the NN-based classical
embedding network with 9 nodes serves as input for 9-qubits data
re-uploading QNN with 20 layers.

update. In contrast to traditional L2 regularization, AdamW applies weight decay directly
to the weights, rather than through the gradients. The update rule is given by:

A

O =0 =1 | e + 36, ), (16)
Vite€

where 6, denotes the model parameters at step ¢, 771, and ¥, are the bias-corrected first and
second moment estimates, 7 is the learning rate, and A is the weight decay coefficient. This
decoupled formulation leads to improved generalization and more stable training. In our
experiment, we use a max 0.005 learning rate, and the weight decay of 0.01 was utilized for
training each model. Mean squared error (MSE) is used for the loss function for training
our model. MSE can be defined as follows:

n

1
MSE = 0 Z (i —50')2’ (17)

i=1

where n denotes the number of samples, y; for the target that can be also defined as
—log(K4/K;), and y; for the prediction value from our model. The process was repeated
five times, and the average prediction value was computed using the trained models with
the lowest training loss value during the training process. The resulting values were used
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for comparison and discussion purposes. All experiments were conducted on a computer
equipped with an AMD Ryzen 9 7950X 16-core Processor central processing unit (CPU)
and 128 GB of RAM. We utilized PennyLane [62], a widely used tool, to implement the
quantum model. On the other hand, we employed PyTorch to implement the classical
models. Note that, due to the limitations of our environment, we used only a classical
computer in this study.

5) Metrics: In assessing protein-ligand binding affinity prediction, we compared the
predicted values with experimentally determined affinity measurements. To gauge our
model’s effectiveness, we employed mean absolute error (MAE), and root mean square
error (RMSE) as indicators of prediction accuracy. We aimed to evaluate the correlation
between predicted and experimental affinity values using the Pearson correlation coeffi-
cient (R) [63] and standard deviation (SD) [64] in regression analysis. The SD in regression
was calculated as follows [13]:

N
1

= _E —(an 2

SD N_lH[y, (ap; + b)]?.

Here, N represents the total number of protein-ligand complexes, while y; and p; denote
the actual and predicted affinity for the ith complex, respectively. The variables a and b
correspond to the slope and intercept of the linear function between actual and predicted
values. Additionally, we utilized the concordance index (CI) [65], which represents the
probability that the predicted and true affinity values for two randomly chosen protein-
ligand complexes are in a specific order. The equation for CI is expressed as [13]:

1
CI=~ > hpi-p)),

yi>yj

where p; represents the predicted value corresponding to the higher binding affinity value
i, while p; denotes the predicted value for the smaller affinity value y;. The variable Z
serves as a normalization constant, representing the total count of protein-ligand com-
plexes. The function /(u) is defined as follows: it equals 1.0 when u > 0, 0.5 when u = 0,
and 0.0 when u < 0. A stronger correlation between the model’s predicted values and ex-
perimentally measured affinity values is indicated by a larger R value, lower SD, and higher
ClI value.

6) Experiments: We conducted a series of experiments to evaluate the performance of
the proposed HQNN model. These include:

« analysis of function approximation of HQNN

« analysis of layer and qubit counts effects

« analysis of the effect of the encoding scheme

« ablation study on HQNN components

« analysis of binding affinity prediction

« analysis of convergence speed

« analysis of the noise effects

5.2 Analysis of function approximation of HQNN
We investigate that HQNNSs can effectively serve as non-linear function approximators
and replace classical NNs. To demonstrate this, we concentrate on regression problems, as
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Table 2 Experimental Dataset for Performance Evaluation

Functions Function type Interval Training Test
sin(5x)/(5x) univariate function x € (0,3] 200 100
sin(5x7)/(5x71) + sin(5x2)/(5x2) multivariate function x1,%2 € (0,3] 200 100

1.0

— sin(5x)/(5x)

0.8+

0.6

0.4+

f(x)

0.2+

0.0

0.0 0s 10 15 20 25 3.0
X X 2 -3

(a) Univariate function for the function approximation (b) multivariate function for the function approxima-
experiments tion experiments

Figure 5 Target functions for the function approximation experiments

binding affinity prediction falls under this category of tasks. Herein, the experiments are
widely used to demonstrate the capability of approximating non-linear functions of the
model [19, 20, 23]. In our experimental setup, we evaluate both single-qubit and multi-
qubit quantum models as function approximators for univariate and multivariate func-
tions, respectively. For the single-qubit quantum model experiment, as shown in Fig. 5 (a),
we adpoted a damping function f(x) = sin(5x)/5x as target function. The dataset con-
sists of 300 data points uniformly sampled from the interval x € (0,3]. For the multi-
qubit quantum model experiment, as shown in Fig. 5 (b), we adpoted a damping func-
tion f(x) = sin(5x;)/5x; + sin(5x,)/5x; as target function. The dataset consists of 300 data
points uniformly sampled from the interval x1,x, € (0,3]. The summarized information
can be found in Table 2. For each experiment, we compared NN, QNN, and HQNN. Re-
garding the NN, we fixed the number of nodes of each layer as 2 to set a similar number
of parameters compared to quantum models. With respect to the HQNN, we investigate
the effect of the classical embedding network in HQNN. Our findings allow us to contrast
the performance of QNNs with NN, focusing on the number of parameters required and
the resulting errors.

Table 3 displays the univariate function approximation performance of the NN, QNN,
and HQNN, where # is the number of, C Params denote classical parameters, and Q
Params means quantum parameters. For the NN, the performance decreases as the layer
increases. In this process, we fixed the number of nodes of each layer as two. These re-
sults imply that it is critical to balance the dimensions of the network between width and
depth. Note that these results are similar to model scaling [66]. To demonstrate these char-
acteristics, we fixed the number of layers as 5 and only increased the number of nodes.
As shown in Fig. 6 (a), the large number of nodes can obtain better performance, where
Node = 2,8, 16, 32 consists of 25, 241, 865, 3265 classical parameters, respectively. In con-
trast, QNN has a single-qubit model, which means a fixed width. Despite the single-qubit
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Table 3 Univariate Function Approximation Performance of the NN, QNN, and HONN

Model # Qubit Layer # C Params. #Q Params. MSE
NN - 1 2 - 0.0794 £ 0.0018
5 25 - 0.0896 £ 0.0370
10 55 - 0.1055 £ 0.0298
QNN 1 1 - 3 0.0818 £ 0.0355
5 - 15 0.0314 £0.0477
HQONN 1 1 4 3 0.0128 £0.0145
5 4 15 0.0002 +0.0018
HQNN without Cin 1 1 2 3 0.0213 £0.0149
5 2 15 0.0003 =% 0.0006
NN - 5 241 - 0.0171 £0.0319
5 865 - 0.0090 =+ 0.0202
5 3265 - 0.0067 £0.0148
0.14 0.14
—— NN L=5 Node=2 —— QNN L=1
0.12 ~—— NN L=5 Node=8 0.12 —— QNN L=5
—— NN L=5 Node=16 —— HQNN L=1
—— NN L=5 Node=32 —— HQNN L=5

—— HQNN L=1 without Cin
—— HQNN L=5 without Cin

Loss
Loss

0 25 50 75 100 125 150 175 200
Epoch

(a) Univariate Function approximation result of the (b) Univariate Function approximation result of the
NN Quantum model

T ™
—— NN L=5 Node=2

—— QNN L=1
0.07 —— NN L=5 Node=32 0.07 —— QNN L=5
—— NN L=5 Node=64 —— HQNN L=1
0.06 —— NN L=5 Node=128 0.06 —— HQNN L=5
“ —— HQNN L=1 without Cin

HQNN L=5 without Cin

25 50 75 100 125 150 175 200
Epoch

(¢) Multivariate Function approximation result of the (d) Multivariate Function approximation result of the
NN Quantum model

Figure 6 Function approximation performance of the classical and quantum models for a simple function

model, the performance of the QNN is improved as the layer increases. Regarding HQNN,

although HQNN with single layer has small classical parameters and quantum parameters,

it can achieve better performance than NN comprising of 241 parameters and QNN with
5 layers. In addition, compared with the HQNN with and without the classical embed-

ding network with a single layer, we can verify that the synergy of the combination input

NN and QNN is significant. In particular, HQNN can achieve dramatically high perfor-

mance than QNN as the number of layers increases as shown in Fig. 6 (b). These results
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Table 4 Multivariate Function Approximation Performance of the NN, QNN, and HONN

Model # Qubit Layer # C Params. #Q Params. MSE
NN - 1 3 - 0.0669 £ 0.0024
5 77 - 0.0735£0.0191
10 57 - 0.0754 £ 0.0065
QNN 2 1 - 6 0.0367 £0.0174
5 - 30 0.0045 £ 0.0056
HQNN 2 1 9 6 0.0010 £ 0.0011
5 9 30 0.0005 =+ 0.0022
HQNN without Cin 2 1 5 6 0.0049 £ 0.0149
5 5 30 0.0011+£0.0014
NN - 5 3297 - 0.0144 £0.0216
- 5 12,737 - 0.0124 £ 0.0220
- 5 50,049 - 0.0104 £0.0197

show that the hybrid quantum architecture might perform better with a smaller number
of parameters than the NN and QNN for univariate function approximation.

Table 4 exhibits the multivariate function approximation performance of the NN, QNN,
and HQNN. For the NN, the performance decreases as the layer increases. As shown in
Fig. 6 (c), we can verify that these results are the same as the univariate function approx-
imation result of the NN, where Node = 2, 32,64, 128 consists of 77, 3297, 12,737, 50,049
classical parameters, respectively. Regarding the quantum model, hybrid models show
higher performance than others, where HQNN outperforms others as shown in Fig. 6 (d).
From these results, we can demonstrate the capability of HQNN for function approxima-
tion.

5.3 Analysis of layer and qubit counts effect

To investigate the correlation between the layer and qubit counts and the performance of
the PQC block generated by Definition 4, which is a component of the proposed HQNN,
we introduce the expressibility and entangling capability [67]. The expressibility and en-
tangling capability metrics are commonly used to evaluate the performance of quantum
circuits. Expressibility is known to be strongly correlated with trainability, indicating how
effectively a quantum model can explore the parameter space. Meanwhile, high entan-
gling capability reflects the circuit’s ability to efficiently represent complex quantum states,
which is essential for solving high-dimensional tasks [67]. Therefore, quantum circuits
with strong expressibility and high entangling capability are expected to exhibit superior
performance. Based on these quantitative metrics, an appropriate number of qubits and
circuit layers can be determined prior to applying the full hybrid architecture.

The expressibility of a quantum circuit refers to its capacity to generate quantum states
that are uniformly distributed over the Hilbert space. Sim et al. [67] proposed a quanti-
tative measure of this property by comparing the distribution of state fidelities produced
by a quantum circuit with the distribution of fidelities obtained from Haar-random states.
Formally, expressibility is defined as:

Expressibility = Dy; (ﬁQC(F(@)))| |PHaar(F)) , (18)

where Dg; denotes the Kullback-Leibler (KL) divergence [68]. The term f’QC(F (©)) with
parameter space © represents the estimated probability distribution of fidelities derived
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Figure 7 Correlation analysis of the PQC block with varying number of layers and qubits

from sampling states generated by the quantum circuit, and Pyaar(F) = (N — 1)(1 — F)N=2
is the analytical fidelity distribution corresponding to Haar-random states. Here, F =
|(¥01¥4)|* denotes the fidelity between two quantum states, and N is the dimension of
the Hilbert space. Consequently, expressibility reaches zero when the two distributions
match exactly. Thus, a lower value indicates that the circuit better approximates a Haar-
random ensemble, implying greater expressivity and generalization potential.

The entangling capability of a quantum circuit is quantified by the average Meyer—
Wallach entanglement [69]:

1
Entangling Capability = ] Z Q(Ivs)), (19)
6;eS

where Q denotes the Meyer-Wallach entanglement measure, S = {6;} represents the set of
sampled circuit parameters. A circuit that produces only separable (product) states yields
an entangling capability of 0, while one that consistently generates highly entangled states
approaches a value of 1.

As shown in Fig. 7, the entangling capability and expressibility of the PQC block are an-
alyzed by varying the number of layers and qubits. Each configuration is evaluated over
4 independent runs using 1000 shots per run, and the results are reported as the mean
with standard deviation. In Fig. 7(a), the entangling capability increases consistently with
the number of qubits across all layer settings. For a fixed number of qubits, deeper cir-
cuits (with more layers) also exhibit higher entangling capability. Notably, the PQC block
with 9 qubits demonstrates significantly stronger entanglement compared to the 2-qubit
configuration, approaching the theoretical maximum. Furthermore, configurations with
more qubits and layers tend to show lower variance, indicating more stable entanglement
generation. Regarding the expressibility results shown in Fig. 7(b), the expressibility of the
PQC block increases with both the number of qubits and the number of layers. Notably,
the PQC block with 9 qubits approaches maximum expressibility with a low standard de-
viation as the circuit depth increases.

These results provide a foundation for designing the HQNN with an appropriate num-
ber of qubits and layers. Given that the quantum circuit achieves near-maximal express-
ibility and entangling capability, the remaining performance of the HQNN largely depends
on the choice of encoding scheme. Nevertheless, the number of qubits and circuit depth
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must be carefully selected to ensure the model’s feasibility on NISQ devices, where hard-
ware limitations such as decoherence and qubit counts are significant constraints.

5.4 Analysis of the effect of the encoding scheme

To evaluate the effectiveness of different encoding strategies in our HQDeepDTAF model
for protein-ligand binding affinity prediction, we compare prediction accuracy across var-
ious configurations involving different embedding types (pure amplitude, NN-Amplitude,
and NN-Angle), qubit counts, and circuit depths.

Table 5 summarizes the performance across these settings. The HQDeepDTAF model
receives a 384-dimensional input vector, requiring 9 qubits when using pure amplitude
embedding. Hence, the pure amplitude model is evaluated at 9 qubits across increasing
circuit depths (layers 1 to 20). As shown, both increased qubit counts and deeper circuits
generally lead to better performance across all embedding types. However, the pure ampli-
tude embedding consistently underperforms compared to its hybrid counterparts, espe-
cially at lower depths. From a circuit complexity perspective, both the pure amplitude and
NN-Amplitude embeddings share a similar depth, formulated as O(poly(2")L + L(3 + n)),
where 7 is the number of qubits and L is the circuit depth. This overhead arises from
the quantum embedding scheme used in both methods. In contrast, NN-Angle embed-
ding exhibits significantly shallower circuit depth, approximated as O(L + L(3 + n)), as it
does not require exponentially scaling amplitude encoding. Moreover, NN-Angle embed-
ding yields comparable or even superior performance to NN-Amplitude while using fewer
classical parameters. For instance, the 9-qubit NN-Angle model with 20 layers achieves an
MAE of 1.0821, outperforming NN-Amplitude (1.0856) and significantly outperforming
the pure amplitude embedding (1.2984) under identical qubit and layer conditions.

These findings confirm that NN-Angle embedding with 9 qubits is a particularly efficient
and scalable configuration for HQDeepDTAE, offering a favorable trade-off among cir-
cuit depth, parameter efficiency, and predictive accuracy, making it well-suited for NISQ
devices. In addition, from the perspective of the UAT, the key distinction between pure
amplitude embedding and hybrid approaches (NN-Amplitude and NN-Angle) is the pres-
ence of a classical embedding network. While pure amplitude directly encodes the input
into a quantum state, it lacks a trainable mechanism to adapt the input representation.
In contrast, NN-based embeddings use a classical network to transform the input into
a task-specific latent space before quantum encoding. This added expressivity enhances
the model’s approximation properties, as reflected in the consistently lower MAEs of hy-
brid methods. For example, at layer 1, NN-Amplitude achieves 1.1859 vs. 1.4018 for pure
amplitude. As layers deepen, this performance gap persists, underscoring the classical em-
bedding’s essential role in enabling HQNN:Ss to effectively approximate complex functions.

5.5 Ablation study on HQNN components

To evaluate the effectiveness of the quantum component in the proposed HQDeepDTAF
architecture, we conducted an ablation study across five configurations, as presented in
Table 6. First, we used a fully classical NN (denoted as Classical NN) as a baseline. Then, we
examined two variants of the HQNN architecture based on different quantum embedding
methods: 1) NN-Amplitude and 2) NN-Angle. For each embedding type, we considered
two settings: one with frozen quantum parameters (Freezing), and the other with trainable
quantum parameters (Training).
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Table 5 Comparison of the Performance of HQDeepDTAF with varying embedding schemes, layer
counts, and qubit counts

Embedding #Qubit Layer Circuit depth #Cparam. #Qparam. MAE
Pure Amplitude 9 1 O(poly(2°) +12) 96,551 27 14018 = 0.0500
5 O(poly(2°)-5+60) 96,551 135 1.3835 4+ 0.0464
10 O(poly(2®) - 10+ 120) 96,551 270 1.3977 £ 0.0246
15 O(poly(2°) - 15+180) 96,551 405 13199 £ 0.0639
20 O(poly(2°) - 20+ 240) 96,551 540 1.2984 4+ 0.0958
Hybrid NN-Amplitude 2 1 Olpoly(2?) + 4) 98,084 6 1.1739 £ 0.0309
5 O(poly(2?) - 5+20) 98,084 30 1.1700 + 00315
10 Olpoly(2%) - 10+40) 98,084 60 1.1642 £ 0.0245
15 O(poly(2?) - 15+60) 98,084 90 1.1747 £ 0.0057
20 Olpoly(2%) - 20+80) 98,084 120 1.1684 % 0.0093
4 1 O(poly(2?) +6) 102,706 12 1.1743 £ 0.0408
5 Opoly?*)-5+30) 102,706 60 1.1704 £ 00217
10 O(poly(2*) - 10+60) 102,706 120 1.1647 £0.0179
15 Ofpoly(2*)-15+90) 102,706 180 11654 4 00150
20 O(poly(2*) - 20+ 120) 102,706 240 1.1623 £0.0514
7 1 O(poly(27) +10) 145,829 21 1.1937 4 0.0241
5 Olpoly(2/)-5+50) 145829 105 11771 £0.0234
10 O(poly(27) - 10+ 100) 145,829 210 1.1684 £ 0.0217
15 O(poly(27) - 15+ 150) 145,829 315 1.1427 4 0.0092
20 O(poly(2/) - 20 +200) 145,829 510 1.1041 £0.0188
9 1 Olpoly(2°) +12) 145,831 27 1.1859 + 0.0396
5 Olpoly(2°) - 5+60) 145,831 135 1.1624 4 0.0194
10 O(poly(2°) - 10+ 120) 145,831 270 1.1432 4 0.0099
15 O(poly(zg) 15+ 180) 145,831 405 1.1350 £ 0.0109
20 O(poly(2°) - 20 +240) 145,831 540 1.0856 £ 0.0216
Hybrid NN-Angle 2 1 oB3) 97,314 6 1.1687 4 0.0497
5 o(15) 97,314 30 1.1716 £0.2515
10 0(30) 97,314 60 1.1652 4+ 0.0067
15 0(45) 97,314 90 1.1658 £ 0.0783
20 0(60) 97,314 120 1.1669 £+ 0.0387
4 1 O(5) 98,086 12 1.1724 4+ 0.0088
5 0(25) 98,086 60 1.1555 4 0.0277
10 0(50) 98,086 120 1.1488 +0.0278
15 O(75) 98,086 180 1.1337 £ 0.0371
20 0(100) 98,086 240 1.1302 £ 0.0411
7 1 o) 99,244 21 1.1890 £ 0.0305
5 O(55) 99,244 105 1.1641 £ 0.0224
10 0(110) 99,244 210 1.1404 4+ 0.0184
15 0(165) 99,244 315 1.1150 4 0.0190
20 0(220) 99,244 420 1.0946 £ 0.0133
9 1 0(13) 100,016 27 1.1794 £ 0.0330
5 o(11) 100,016 135 1.1651 £ 0.0159
10 0(55) 100,016 270 1.1350 £ 0.0220
15 0(195) 100016 405 1.1138 £0.0154
20 0(260) 100,016 540 1.0821 4 0.0049

Table 6 Comparison of prediction performance and parameter allocation across NN, HONN with
frozen quantum layers, and HONN with trainable quantum layers

Models # Qubit #C param. #Q param. Layer MAE

Classical NN - 101,336 - 20 1.205 £ 0.202
NN-Amplitude (Freezing) 9 145,831 540 20 1.167 £ 0.033
NN-Amplitude (Training) 9 145,831 540 20 1.086 £ 0.039
NN-Angle (Freezing) 9 100,016 540 20 1191 £ 0012
NN-Angle (Training) 9 100,016 540 20 1.082 £ 0.004
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All models were configured to have the same number of layers (20) to ensure a fair com-
parison. The results show that both HQNN variants with trainable quantum layers outper-
form their frozen counterparts and the classical NN baseline. Notably, NN-Angle (Train-
ing) achieved the lowest MAE (1.082 £ 0.004), demonstrating the effectiveness of learn-
ing quantum parameters. Even in the freezing settings, both quantum-enhanced models
achieved better or comparable performance to the classical NN, indicating that the QNN
contributes to representation power even without being trained. This outcome aligns with
the findings reported in [70].

In addition, the QNN components in both NN-Amplitude and NN-Angle variants re-
quire only 540 quantum parameters, while the classical NN baseline requires 1215 param-
eters for comparable depth. This highlights the parameter efficiency and scaling advantage
of HQNN. As the input dimension increases, this advantage becomes more pronounced,
as discussed further in Sect. 6.

5.6 Analysis of binding affinity prediction

To evaluate the effectiveness of the proposed HQDeepDTAF models in predicting protein-
ligand binding affinity, we conduct a comprehensive comparison with classical baselines
in terms of prediction accuracy and model complexity, as summarized in Table 7. The
evaluation metrics include MAE, RMSE, R, SD, and CI, along with the number of classical
and quantum parameters.

Among the classical models, DeepDTAF achieves the best overall performance, record-
ing the lowest MAE (1.109) and a competitive RMSE (1.404), while using only 0.15M
classical parameters. This significantly outperforms other baselines such as DeepDTA
(MAE = 1.208, 1.52M parameters), Pafnucy (MAE = 1.337, 15.8M), TopologyNet (MAE =
1.195, 33.4M), and AEScore (MAE = 1.359). These results highlight DeepDTAF’s ar-
chitectural efficiency, achieving high accuracy with significantly fewer parameters. The
proposed HQDeepDTAF models further explore hybrid quantum-classical architec-
tures. Notably, the HQDeepDTAF variants (NN-Amplitude and NN-Angle) that incor-
porate a classical embedding network and quantum embedding consistently outperform
the pure amplitude-based HQDeepDTAF across all accuracy metrics. Specifically, the
HQDeepDTAF-NN-Angle model with 9 qubits achieves the best performance, yielding
an MAE of 1.082, RMSE of 1.368, and the highest correlation coefficient (R = 0.783), along
with the lowest prediction variance (SD = 1.355).

Compared to other hybrid variants and classical baselines, the HQDeepDTAF-NN-
Angle model demonstrates not only improved accuracy but also favorable parameter ef-
ficiency. It uses fewer classical parameters (100K) than HQDeepDTAF-NN-Amplitude
(145K) and classical models like DeepDTA and Pafnucy, suggesting reduced training and
inference costs. These results support the effectiveness of combining classical feature pro-
cessing with quantum circuits, especially through data re-uploading and angle encoding,

in achieving accurate and efficient binding affinity prediction under NISQ constraints.

5.7 Analysis of convergence speed

To assess the training efficiency of each model, we further analyze the convergence be-
havior as illustrated in Fig. 8. Most models converge within 20 epochs, demonstrat-
ing stable training dynamics. Notably, HQDeepDTAF-Amplitude and AEScore exhibit
larger variance during training, indicating higher sensitivity to initialization or learn-
ing conditions. In addition, despite reproducing the original architecture and training
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Figure 8 Convergence results of affinity prediction models

settings, both AEScore and Pafnucy show signs of overfitting in our experiments. Al-
though the HQDeepDTAF-Amplitude model exhibits higher loss variance across runs,
it achieves the fastest convergence speed among all models. However, when classical net-
works are integrated into the quantum model, such as in HQDeepDTAF-NN-Amplitude
and HQDeepDTAF-NN-Angle, the convergence speed does not show a clear advantage
over classical baselines in terms of the number of epochs. This suggests that incorporating
hybrid quantum-classical structures does not necessarily result in faster convergence. This
observation is similar with the findings reported in [15]. Nevertheless, this does not imply
that quantum models lack training efficiency. It is important to note that all HQDeep-
DTAF variants use significantly fewer trainable parameters compared to their classical
counterparts. As such, they require less computational cost for parameter updates, mak-
ing them more efficient in terms of training resource consumption. These results suggest
that HQDeepDTAF models are not only accurate but also parameter-efficient.

5.8 Analysis of noise effects

To develop the quantum algorithms considering NISQ devices, it is essential to take into
account the impact of noise. In these devices, noise affects quantum states during unitary
operations and measurements. In our experiments, we evaluate robustness to noise us-
ing two widely adopted noise models: depolarizing noise and amplitude damping noise a
widely adopted method for noise simulation [15, 71]. We simulate noise at rates of 0.001,
0.01, 0.1, and 0.2. All HQDeepDTAF models use 9 qubits with 20 layers. For the proposed
models, we set the number of qubits as 9.

Table 8 summarizes the prediction performance (MAE) under varying noise condi-
tions. In the noiseless setting, the HQDeepDTAF-Hybrid models (NN-Amplitude and
NN-Angle) outperform the classical baseline DeepDTAF. As noise is introduced, a grad-
ual degradation in prediction accuracy is observed across all HQDeepDTAF models. This
is due to the impact of noise on VQC gradient calculations, which is further explained in
Appendix B. Under both noise types, the HQDeepDTAF-NN-Angle model consistently
demonstrates the highest robustness, maintaining relatively low MAE values even as the
error rate increases. At error rates of 0.001 and 0.01, all hybrid models (NN-Amplitude
and NN-Angle) still outperform DeepDTAF. However, when the error rate reaches 0.1 or
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Table 8 Prediction performance (MAE) of HQODeepDTAF models and classical counterpart under
depolarizing and amplitude damping noise with varying noise rate

Models Depolarizing noise in model Amplitude damping noise in model
Noiseless 0.001 0.01 0.1 0.2 Noiseless 0.001 0.01 0.1 0.2
DeepDTAF 1.109 - - - 1.109 - - - -
HQDeepDTAF-Amplitude 1.298 1325 1347 1424 1489 1298 1306 1335 1433 1459
HQDeepDTAF-NN-Amplitude 1.086 1.096 1.108 1.136 1.140 1.086 1110 1.144 1.140 1.153
HQDeepDTAF-NN-Angle 1.082 1.090 1.096 1.126 1.133 1.082 1.083 1.099 1.118 1.122

higher, all HQDeepDTAF models are affected significantly, and their performance drops
below that of DeepDTAF.

These results demonstrate that HQDeepDTAF-Hybrid models perform better than
DeepDTAF when no noise is present. Nonetheless, the superior performance of hy-
brid models in low-noise settings demonstrates their potential under realistic noise con-
straints. It is therefore crucial to assess quantum model behavior under expected noise

levels to ensure practical viability on near-term hardware.

6 Discussion

In this section, we discuss the efficiency and feasibility of the proposed model, along with
practical considerations for implementation on NISQ devices. The efficiency and feasibil-
ity analyses are conducted under a theoretical framework [56]. To complement this, we
also provide additional discussions addressing key practical challenges and design consid-
erations relevant to NISQ-era quantum computing [72].

The efficiency of the proposed HQNN model was assessed under two conditions:
1) equal number of layers and 2) equal number of trainable parameters, compared to a
classical NN. Under the same number of layers condition, we compared the number of
trainable parameters, operation time, and model accuracy. Under the same number of
parameter conditions, the comparison was conducted in terms of the number of layers,
operation time, and accuracy. In particular, to quantify the cost of a quantum algorithm,
the total number of gates and the circuit depth are useful [56]. For instance, N gates can be
processed in parallel. However, if N gates must be executed in sequence, N time steps are
required. For the accuracy comparison, we evaluate the performance of our model against
its classical counterpart using ablation studies. Note that our analysis for efficiency focuses
solely on HQNN and NN. This is because DeepDTAF and our proposed model share an
identical CNN architecture. To evaluate the model’s feasibility on NISQ devices, we eval-
uated its complexity by considering the quantity of qubits, layers, gates, and parameters,
where NISQ devices are considered IBM Quantum’s quantum computers [73] for sim-
plicity. We focused solely on the hybrid quantum aspects of the model, disregarding the
embedding layer and classical convolution modules. Regarding the number of gates, we
discuss the complexity of a circuit by the number of U(4) gates since in many architectures
they are more difficult to implement than U(2) gates [74].

Efficiency of HQDeepDTAF As shown in Fig. 9, in the efficiency analysis, for the gen-
erality, we consider the classical embedding network and classical regression network as
classical input NN and output NN, respectively. That is, the HQNN consists of a classical
input NN, QNN, and classical output NN sequentially in Fig. 9(a). For the classical NN,
the classical NN comprises a classical input NN, NN, and classical output NN sequentially
in Fig. 9(b).
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Figure 9 Architecture of HONN and NN for efficiency analysis

Evaluation of the efficiency of HQNN and classical NN  For the HQNN, Given N, input
neuron of classical input NN, M, output neuron of classical input NN, N,,; input neu-
ron of classical output NN, M,,; output neuron of classical output NN, the computational
complexity of classical parts of HQNN can be calculated by N;,M;,, + Ny, ;M. Assume
that all qubits are measured in QNN, then N,,; = M;,,. Therefore, the computational com-
plexity can be rewritten as (Nj,; + Moy )M;,. For the QNN, we assume it is implemented
as a data re-uploading QNN utilizing angle embedding. Given M;,-dimensional input to
QNN, the required number of qubits is O(M;,,). Due to angle embedding, the number of
gate operations for encoding is O(1) for each layer. The circuit depth of the embedding
circuit is O(L), where L is the number of layers of QNN. With respect to the execution of
quantum encoding circuits, the computational complexity is O(L). For PQC blocks with
the number of circuit layers L, the strongly entangling circuits have 3M;,L U(2) quan-
tum gates and M;,L U(4) quantum gates. The required number of parameters for PQC
blocks can be calculated as 3M;, L. The circuit depth is O((3 + M;,,)L). Therefore, the to-
tal circuit depth of the QNN is O((4 + M;,)L), which is the same as the total execution
of quantum circuits of QNN. The total number of quantum parameters of HQNN can
be obtained as O(3M;,L). The HQNN was implemented using a combination of classi-
cal computers and quantum computers. That is, the operation time can be computed as
O((Ny, + My )M, )CPUyj0e + O(4L)QPUSmg,e + OM;,L)QPU,,,, where CPUy,, is process

time on classical computer, QPU denotes the U/(2) gate operation time on quantum

single
processing unit (QPU), and QPUtWi means the U/(4) gate operation time on QPU. From
these analyses, we can verify that HQNN has a polynomial operation time for layers and
qubits.

Consider a classical NN with L layers, where the initial layer has Nj, input neurons and
M, output neurons. Each subsequent hidden layer contains M, neurons, while the final
layer has M,,; neurons. The computational complexity of this NN can be expressed as
O((N;y, + My )M, + M?n (L +2)). The operation time is calculated by multiplying the com-
putational complexity with the CPU time. Table 9 presents the complexity details for this
scenario.

In the scenario with the same number of parameters, the classical NN and HQNN are
configured with different numbers of layers to enable a fair comparison without loss of
generality, as shown in Table 10. Here, L,,, denotes the number of layers in the NN, and

Lgun represents the number of layers in the QNN.

Comparison First, we calculated the number of parameters and operation time for
the first comparison scenario, which is an equal number of layers. In comparing the
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Table 9 Evaluation of efficiency of HQNN and NN under the same number of layers

Model #Qubit  # C params. #Q params.  # Operation time
Classical NN~ - (Nip + MoudMin + M2(L+2)  — O(Nin + Moue)Min + M2 (L + 2))CPUsime
HONN M, (Niy + Mout)Min 3L O((Nin + Mout)Min)CPUjime + O(4L)QPUsingle+

OMinL)QPU o

Table 10 Evaluation of efficiency of HONN and NN under the same number of parameters

Model # Qubit # C params. #Q params. # Operation time
Classical NN - (Nin + MoudMin + M2, (Lpp +2) - O(Nin + Moue)Min + M2 (Lpn + 2))CPUjime

O((Nin + Mout)Min)CPU¢ime + O(4ann)QPUs/ng/s+

HQNN Min (Nin + MoutMin 3MinLgnn OMinLann)QPU,
inLagnn wo

number of parameters, the number of parameters in the classical NN is consistently
larger, except when L = 1 and M,,, = 1. With respect to the operation time, we can dis-
regard the O((N;, + My,)M;;,;) term when comparing operation times, as this compo-
nent is shared. That is, in terms of operation time, HQNN and NN are expressed as
O(4L)QPU;,y, + O(M;,L)QPU,,, and OM?Z(L + 2))CPUype, respectively, for compar-
ison. In general, QPU,,, > QPU,g. [74], we approximate HQNN operation time as
O((4 + M;,)L)QPU,,,, for simple comparison. To achieve faster execution, the QPU time
must satisfy the following conditions:

M2 (L +2)CPUe > (M, + 4LQPU,,,,, (20)
M2(L+2)

M CPUyipme > QPU,,,. 21
My, + 4L " QPU, 1)

The inequality indicates that the HQNN remains advantageous as M, increases, since the
classical model’s complexity grows faster than that of the HQNN.

For the comparison of the second scenario, to achieve the same total number of param-
eters, the number of layers of HQNN can be calculated as follows:

BMinann = Mlzn(Lnn + 2); (22)
My (L, + 2
ann - m( ?:ln ) (23)

To ensure that the above equation, M;,(L,, + 2) must be divisible by 3. This condition
is satisfied if either L,, = 1(mod3) or M;, = O(mod 3). This constraint allows for deeper
QNN architectures, thereby enhancing the model’s expressivity [18]. In terms of operation
time, and to ensure a fair comparison without loss of generality, the operation time of the
HQNN is approximated as O((4 + M;,)L 4,,)QPUy,,,. To achieve faster execution, the QPU
time must satisfy the following conditions:

M2(Lyy + 2)CPUsie > (M + 4)L s QPU,,,,, (24)
Miy(Lyy +2)
M2 (L + 2)CPUsie > (M + 4)%@%,, (25)
3M;,
—— CPU4ie = QPU,,,,,. (26)

M,’n+4
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It is noteworthy that the HQNN can outperform its classical counterpart in terms of op-
eration time, even when the QPU is slower than the CPU. Specifically, the model remains
advantageous if the QPU two-qubit gate time satisfies Eq. (26). This inequality implies that
the QPU can be up to 3M;,/(M;, + 4) times slower than the CPU, yet still achieve faster
overall execution, owing to the structural efficiency of the HQNN architecture.

In summary, in the scenario with the same number of layers, the classical NN consis-
tently requires more parameters. Moreover, the HQNN can achieve faster execution due
to the classical NN’s complexity grows faster than that of the HQNN. In the scenario with
the same number of parameters, the condition M;,(L,, + 2) = 0 (mod 3) enables deeper
QNN s and greater expressivity. In large-scale settings, HQNN can achieve faster opera-
tion time than classical NN due to the structural efficiency of the HQNN architecture.

Feasibility of HQDeepDTAF To evaluate the feasibility of the HQDeepDTAF for regres-
sion task on the NISQ device, we assume that the input dimension of the classical embed-
ding network is Nj,, and the number of qubits Mj,.

1) HQDeepDTAF-NN-Amplitude: Given a classical embedding network with N, in-
put neurons and 2M# output neurons, the computational complexity is computed as
O(N;,2Min), Given 2Min-dimensional input to QNN, the required number of qubits is
[og(2Min)]. For simplicity, we assume that the required number of qubits is M;,. Consider-
ing L layers and data re-uploading scheme, the circuit depth of the amplitude embedding
circuitis O(poly(M;,)L). Note that the best known lower bound for number of CNOT gates
for amplitude embedding is i(élei" — 3M;, — 1) [26]. Therefore, the total number of U(4)
gates is calculated as i(llei” - 3M;, — 1)L + M;,L, where the strongly entangling layer [55]
is used as PQC ansatz. Finally, the total circuit depth of the QNN with amplitude embed-
ding is O(poly(M;,)L + (3 + M;,)L). The total number of quantum parameters of QNN can
be obtained as O(3M;,,L). The classical regression network is used for regression task. The
output dimension of the classical regression network is 1. Therefore, the computational
complexity of the classical regression network can be calculated as O(M;,).

2) HQDeepDTAF-NN-Angle: In the classical embedding network, the number of output
neurons corresponds to O(M;;,), which matches the qubit count in the QNN. The com-
putational complexity of this embedding network is calculated as O(N;,M;,). The circuit
depth of the angle embedding circuit is O(L). Therefore, the total circuit depth of the QNN
with angle embedding is O((4 + M;,,)L). Finally, the total number of quantum parameters
of QNN and the computational complexity of the classical regression network is the same
as the HQDeepDTAF-NN-Amplitude.

Comparison Table 11 shows the complexity details of our models. We can verify that
the HQDeepDTAF-NN-Amplitude requires significantly long coherence time and poly-
nomial U(4) gates. This implies more difficult to implement in practice. In contrast,

Table 11 Evaluation of Complexity of HQDeepDTAF

Model #Qubit  # Circuit depth # U(4) gates # C params. # Q params
HQDeepDTAF- M, OlpolyMin)L + B +Mip)l) — 2@Min —3Mp = DL+ ML Nip2¥in + Min -~ 3MinL
NN-Amplitude

HQDeepDTAF-  M;, O4 + Mip)L) MinL (Nin + DM 3Mip L

NN-Angle
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HQDeepDTAF-NN-Angle is more efficient and feasible in terms of circuit depth, U(4)
gates, classical parameter, and quantum parameter. In addition, we prove the feasibility of
the HQDeepDTAF-NN-Angle on NISQ devices in the following.

Proof For a view of the availability of IBM Quantum’s current quantum systems, the pro-
posed models utilized 9 qubits, which is achievable in current NISQ devices [73]. With
respect to the required time to execute the quantum circuits, we first determine the spe-
cific circuit depth using the experimental values. For the HQDeepDTAF-NN-Amplitude,
a depth for embedding circuit is calculated upper bound O(2Min L) reffering [26]. There-
fore, given 9 qubits and 20 layers, the circuit depth of HQDeepDTAF-NN-Angle and
HQDeepDTAF-NN-Amplitude are calculated as 260 and 10,480, respectively. Currently,
most IBM quantum computers support a maximum of 300 circuits [73]. Therefore, the
only HQDeepDTAF-NN-Angle model can be implemented in the current IBM quantum
computer. |

Practical considerations for NISQ implementation While our analysis is closer to fault-
tolerant models [56], practical deployment on NISQ hardware requires additional care due
to experimental limitations such as quantum noise, decoherence, restricted qubit con-
nectivity, and native gate sets [72]. Our evaluation does not explicitly incorporate qubit
connectivity or quantum error mitigation (QEM) techniques, which we acknowledge as
limitations of our current framework. Below, we discuss our model from the perspectives
of noise robustness and practical feasibility on real NISQ hardware.

1. Noise Robustness: Quantum noise is a central challenge in NISQ computing. To
assess the robustness of our model, we conducted noise-aware experiments using
hardware-realistic noise models. As shown in our results (Sect. 5.8), the
performance of HQDeepDTAF noticeably degrades under noisy conditions. This
observation highlights the need for incorporating QEM techniques such as
zero-noise extrapolation or probabilistic error cancellation [75] in future
implementations. While QEM was not applied in this study, our HQDeepDTAF
architecture is compatible with such extensions, and integrating them remains an
important direction for improving robustness.

2. Practical Feasibility: For NISQ feasibility, we demonstrated that the
HQDeepDTAF-NN-Angle is more efficient and feasible in terms of circuit depth.
While our analysis assumes universal gate operations, actual hardware supports
only native gate sets. By the Solovay—Kitaev theorem [76], any unitary operation
can be approximated with a logarithmic-length gate sequence from a universal set,
introducing additional overhead not captured in our theoretical model. Thus, we
recognize that gate synthesis, connectivity constraints, and compilation must be
considered in future hardware-specific implementations.

7 Conclusion

This study proposed the HQDeepDTAF algorithm for protein-binding affinity prediction
that can be implemented on NISQ devices. Given the limitations of current quantum
devices, including qubit availability, noise, and short coherence time, a hybrid quantum
model was developed. In addition, this study empirically explored the potential of HQNNs
to serve as substitutes for classical NNs by evaluating their capacity for non-linear func-
tion approximation. Through ablation studies, we demonstrated that HQNNSs effectively
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combine the representational strengths of classical and quantum components, highlight-
ing their practical viability under NISQ constraints. Experimental results showed that
HQDeepDTAF-NN-Angle and -Amplitude models outperformed benchmarks in protein-
binding affinity prediction in terms of the number of parameters and prediction accu-
racy. To assess the algorithm’s effectiveness, noise simulation using the depolarizing chan-
nel and amplitude damping channel was performed, confirming the model’s resilience to
noise. Nevertheless, it is important to note that excessive noise levels can lead to a decline
in model effectiveness, making this a crucial factor to take into account. In the discussion,
the study evaluated the efficiency and feasibility of the proposed model, comparing HQNN
operation time to classical NN and demonstrating faster performance. Feasibility assess-
ment revealed that only the HQDeepDTAF-NN-Angle model is currently implementable
on IBM quantum computers, while the HQDeepDTAF-NN-Amplitude model is not feasi-
ble due to NISQ device limitations. Furthermore, while additional quantum layers of our
model could enhance its performance, the limitations of current NISQ devices prevent
this improvement. Although our study explores the potential for quantum advantage, it is
important to note that all results are derived from classical simulations. We do not claim
a definitive quantum advantage, and further investigation on real quantum devices is nec-
essary to assess this possibility from various perspectives. Thus, to demonstrate our find-
ings, we will evaluate the HQDeepDTAF models in real quantum computers. Moreover,
QEM strategies represent a critical direction for future research toward enhancing noise
resilience and strengthening the feasibility of quantum models on NISQ devices.

Appendix A: Decomposition of PQC block
Since the single-qubit rotations R is a U(2), the rows and columns of R are orthonormal,
from which it follows that there exist real numbers «, 8, y, and § such that follows [77]:

—e7sin(a) e cos(a) A

R(a, B,y,8) = € ( e cos(a) € sin(a) )

where § denotes the overall phase factors, which is commonly neglected due to difficulty
to physically measure. Therefore, the single-qubit rotations can be considered only three
trainable parameters per gate, R(«, 8, ).

In this paper, we decompose the single-qubit rotations R € SU(2) into the product of
three rotations [62], which is obtained as follows:

R(a, B,y) = Ro(V IR (B)R ()

(e cos(B) - sin(d) (A.2)
e sin(B) 5 cos() )

Appendix B: Noise effect for gradient
For an given initial quantum state p with a VQC U(#), the expectation value is represented
as follows:

(B(9)) = Tr(BU©)pU' (9)),

where B is the measurement of a final observable B.
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For the optimization process, the gradients of VQCs are computed based on the

parameter-shif rule as follows:

A ~ b ~ T
VoBO)= 5 [ B0+ 3 - B -]

N =

In the noisy channel &, the expectation value applied noise on the VQCs is rewritten as

follows:

(B(6)) = Te(BE [U©)pU"(®))])
=Te(B [U®)pU ®))])
= (B)®),

where £ denotes the noisy channel. B=£t [B] means a new observable. This impacts the

parameter-shift rule, the gradient of the VQCs is rewritten as follows:

7/ _ 7/ z R _z
VolB)O) =5 [B)6+ 5)- (BY60- D).

N =
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