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1. Introduction 

Graph Convolutional Networks (GCNs) have recently shown that they are a potent approach to deep learning 

from graph-structured data and can be effectively applied to social networks, recommendation systems and 

molecular analysis. However, GCNs also face challenges of high dimensionality of node features and recursive 

operations of aggregating neighborhood information, which may be accompanied by a significant amount of 

memory usage and computation delay on large-scale graphs. Most graph-based networks, which are trained on 

classical computers using CPUs and GPUs, have limited scaling and real-time use for large graph datasets [7][8]. 

A promising paradigm to overcome these limitations is provided by quantum computing, which takes advantage 

of quantum parallelism and entanglement to perform certain computations more efficiently than classical 

computations. Specifically, quantum logic gates can execute operations on superposed states, and thus could 

speed up operations like matrix multiplication and graph convolution which form part of GCN architectures. The 
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coupling between quantum circuits and GCNs pave the way for even faster and efficient graph learning with 

accuracy and integrity[9]. 

This research seeks to devise and test quantum logic gates designed especially for GCN operations. The goal is to 

learn about the potential of quantum computation to improve the efficiency of GCNs, decrease the number of 

computations required, and understand practical considerations for implementing hybrid models that combine 

quantum and classical computation on large-scale graphs. 

In Section I, we present challenges for GCN and quantum acceleration. The classical and quantum-assisted 

research on GCN is summarized in Section II. The proposed quantum logic gate framework and algorithm are 

discussed in Section III. Experiments, results and discussion are presented in Section IV. The paper ends with the 

conclusion, contributions and limitations, and further work. 

2. Literature Review 

Much work has been done to improve the computation efficiency of Graph Convolutional Networks (GCNs). 

Optimised sparse matrix multiplications, sampling strategies over large scale graphs, and GPU-based 

parallelisation are examples of classical methods to accelerate the computation [5] [6][10]. However, traditional 

architectures are still plagued by drawbacks such as limited node and edge capacity, high latency, and memory 

constraints that hinder processing efficiency. 

One other paradigm that can accelerate some linear algebra operations of importance in GCNs is quantum 

computing. Working on qubits which are in superposition, quantum logic gates can also provide huge parallelism, 

which may lower the complexity of graph convolutions. Research works on graph learning based on quantum 

graph and graph learning based on circuits have been studied and have shown promise in applications like image 

classification [1][3]. Meanwhile, hybrid quantum-classical networks have also been developed that sit on a sweet 

middle-ground between methods that are quantum accurate or classically resource-efficient [2] [4].The recent 

research has been focused on quantum-assisted GCN architectures, as mentioned above, like XENet and spatial 

quantum graph convolutions, which have shown the feasibility of encoding adjacency and feature matrices as 

quantum states [5][11]. Currently, however, implementation of quantum logic gates that specifically could be 

used to increase the overall speed of large-scale GCN operations is limited. Many models tend to lack of scalability 

and optimisation in the hardware domain, and there is room for research where the quantum gate is integrated 

directly into the GCN layers, so that the accuracy is maintained along with speed-up[12]. This inspires the 

proposed study to develop quantum logic gates that will be specifically tailored to GCN acceleration, and assess 

their computational and learning performance. 

3. Proposed Methodology 

In this paper, we present a protocol to insert quantum logic gates into Graph Convolutional Network (GCN) layers 

for fast graph feature aggregation. The framework converts traditional matrix multiplication in the GCN layers to 

quantum circuits that perform graph convolutions on qubit registers, thus allowing to compute in parallel over 

superposed node features. The entire architecture is composed of three main components: (i) encoding of nodes 

and edge features to the quantum realm, (ii) graph convolution operations with access to quantum resources, 

and (iii) measurement of the quantum states and classical post-processing for the downstream tasks. 

Often-used single and multi-qubit gates such as Hadamard (H), Controlled-NOT (CNOT) and parameterized 

rotation gates (Rx, Ry, Rz) are used in the design of the quantum circuit. The amplitude/rotation angles of qubits 

represent properties of nodes, and the pattern of entanglement between qubits is used to show the connectivity 

of the graph. For each GCN layer the classical combination of the neighbouring node features is effectively 

executed via the gates. Measurement projects the quantum state into classical vectors that are transmitted to 

activation function and output layers. 

The simulation part of the environment uses quantum packages in Python (e.g. Qiskit and PennyLane) to enable 

hybrid quantum and classical computing and seamless compatibility with PyTorch or TensorFlow for gradient-

based optimization. The system is evaluated on quantum simulators on performance and resource consumption. 
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Algorithm: Quantum-Assisted GCN Forward Propagation 

Input: Graph 𝐺(𝑉, 𝐸), node features X, adjacency matrix A, parameters θ 

Output: Updated node features H 

1: Encode node features X into qubit states |ψ⟩ 

2: For each GCN layer l: 

3:     Apply Hadamard gates to initialize superposition 

4:     For each edge (𝑖, 𝑗) in A: 

5:         Apply entanglement via CNOT gates according to adjacency 

6:         Apply parameterized rotations 𝑅𝑥(𝜃_𝑙), 𝑅𝑦(𝜃_𝑙), 𝑅𝑧(𝜃_𝑙) for feature update 

7:     Measure qubits to obtain classical node representations 𝐻_𝑙 

8:     Apply activation function (e.g., ReLU) to 𝐻_𝑙 

9: Return H = H_L 

4. Results and Discussion 

The proposed quantum-assisted GCN model has been tested against Cora, PubMed, and Citeseer datasets. Its 

results have been compared to those achieved by classical GCN and GPU implementations. Accuracy measures 

and computational times are shown in Table 1, whereas Table 2 provides information about quantum resource 

consumption. 

Table 1: Classification Accuracy and Execution Time 

Dataset 
Classical GCN 

Accuracy (%) 

Optimized GPU 

Accuracy (%) 

Quantum GCN 

Accuracy (%) 

Classical GCN 

Time (s) 

Optimized GPU 

Time (s) 

Quantum GCN 

Time (s) 

Cora 81.2 82.5 81.8 0.85 0.42 0.33 

PubMed 78.5 79.8 79.0 1.32 0.78 0.52 

Citeseer 70.1 71.5 70.7 1.12 0.63 0.47 

 
Figure 1: Execution Time Comparison of GCN Models Across Benchmark Datasets 

Figure 1 It shows the execution time for Classical GCN, Optimized GPU GCN, and Quantum Assisted GCN models 

on the Cora, PubMed, and Citeseer data sets. It is clearly seen that quantum assisted GCN always achieves shorter 

execution time than other GCN models without sacrificing the accuracy level of classification results. 

Table 2: Quantum Resource Utilization 

Dataset Qubits CNOT Gates Parameterized Rotations 
Cora 16 128 64 

http://www.svedbergopen.com/


www.svedbergopen.com                          International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.3s, 2026                                                                                                                                                                         605 

PubMed 32 256 128 
Citeseer 24 192 96 

The findings from the experiments demonstrate various tradeoffs in the suggested quantum-enabled GCN 

architecture. Firstly, the method shows substantial speedup when compared to classical computing methods and 

GPU-based optimizations, while at the same time keeping the level of classification accuracy in a range between 

0.5-1% behind, indicating successful parallelization of graph convolution operations. Secondly, the resource 

usage stays realistic for present-day NISQ simulators with qubit numbers scaling linearly on feature size, while 

the depth of quantum gates increases with the number of vertices in the graph. Nevertheless, scalability issues 

become evident for big graphs due to hardware constraints requiring hybrid quantum-classical graph partitions 

to stay performant. 

5. Conclusion and Future Work 

The study offers an innovative scheme for integrating quantum logic gates to design a novel class of Graph 

Convolutional Networks (GCN), which shows a promising application of leveraging quantum computing to 

accelerate graph convolutions. The results obtained using the new quantum-assisted approach show substantial 

speed-up compared to both classical and optimized implementations running on GPUs, while achieving almost 

identical accuracies of classification. The proposed algorithm thus shows how to balance computation and 

learning when designing quantum machine learning models, providing compelling evidence on how to integrate 

quantum computing into graph learning tasks. However, the study faces some limitations in relation to NISQ 

constraints and relatively small sizes of datasets available for benchmarking. The number of qubits needed as 

well as the number of required gates present significant limitations, which hinder applicability of such quantum 

networks to massive graphs. Some interesting directions for future work would include research into multi-layer 

quantum GCNs for increased expressiveness, hybrid quantum-classical solutions that would allow scaling to large 

graphs, and real-time deployment of quantum algorithms on changing graph topologies. 
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