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Abstract 
 

Graph neural networks (GNNs) are powerful tools for link prediction in diverse applications such as recommendation systems, 
drug discovery, knowledge graph completion, and more. Link prediction estimates the likelihood of node connections, 
enabling various downstream tasks and providing insights into network structures. However, generating highly representative 
node embeddings in a semi-supervised setting with limited labelled data is challenging. GNNs, utilizing neural message 
passing, effectively leverage local and global graph information to address this issue. Our research aims to enhance node 
embeddings for link prediction by developing novel techniques that capture intricate graph patterns, incorporating both 
topological and semantic information. We leverage the expressive power of GNNs to overcome the limitations of traditional 
methods and improve link prediction accuracy. The proposed model was tested for three benchmark datasets, namely Cora, 
CiteSeer, and PubMed, for the link prediction tasks on citation graphs. It is observed that the proposed model outperforms 
the existing models for this task by achieving the area under curve (AUC) and average precision (AP) scores of 99.1%, 99.2% 
for Cora, 98.5%, 98.3% for Citeseer, and 99.1%, 98.9% for the PubMed dataset, respectively. The average improvement of 2% 
and 3% is observed in AUC and AP scores, respectively. The proposed model outperforms the existing methods and can be 
extended further for other datasets. 
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1. Introduction 

Recommendation systems are important in several business 

aspects. Link prediction is the basis of the recommendation 

system when it comes to framing the recommendation 

problem into a graph paradigm. Traditional recommendation 

systems are generally based on memory-based collaborative 

filtering approaches or model-based collaborative filtering, 

like matrix factorization. However, those methods are 

inefficient when it comes to handling big data. At the same 

time, those methods are not able to capture a large context of 

connectivity between the items/users. Graph neural networks  

 

 

 

 

 

 

 

 

 

 

 

(GNNs) provide a solution to these issues since they can 

capture the non-Euclidean complexity and can capture the 

context of the links between the items by representing them as 

graphs. GNNs have gained huge popularity in recent years, 

primarily due to their capacity to solve many real-world 

problems based on non-Euclidean paradigms,[1] with some 

applications such as traffic prediction, drug discovery, neural 

machine translation, etc.  

GNNs are very efficient in generating accurate and 

powerful embeddings.[2] The embeddings generated by these 

nodes of the GNNs form the basis of several graph-related 

supervised, unsupervised, and semi-supervised tasks such as 

node classification,[3] graph classification,[4] and link 

prediction,[5] etc. One such important task is link prediction.[6] 

In this work, this problem is defined and framed as a binary 

classification problem, where the network predicts the 

potential probability of the existence of a link between two 

graph networks. To predict the potential link between various 

nodes of the graph, embeddings are to be generated. There are 

different ways to generate embeddings of the nodes of the 

graph. These methods include traditional approaches like deep 
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walk,[7] which is based on random walks, Node2Vec,[8] and 

MetaPath2Vec,[9] etc. These are transductive approaches to 

learning the embeddings of the node, which means every time 

a new node is introduced, it has to be re-trained to perform the 

required tasks. The random walk-based approaches are 

inefficient when solving real-world graph-related problems. 

Another class of algorithms that are efficient in learning 

embeddings of the nodes of the graph is based on the message-

passing-based approach. Some of the popular models that 

follow this type of learning approach are GraphSage,[10] graph 

convolutional networks (GCNs),[11] graph attention networks 

(GATs),[12] etc. These methods are found to be excellent in 

effectively capturing the local and global information of the 

graph data.[13] Thus, using these approaches specifically to link 

prediction types of tasks produces great results. One of the 

very effective architectures employed for this is the variational 

graph autoencoder (VGAE).[14] This method is simple and 

efficient at the same time to perform link prediction through 

graph reconstruction. This autoencoder consists of two parts, 

an encoder and a decoder. The encoder part consists of a GCN 

layer followed by two more GCN layers to create μ and log(σ) 

for sampling the latent features. These sampled features 

undergo the reparameterization process to form the latent 

vector. This latent vector is then passed through the decoder. 

The decoder is simple, as it is the inner dot product between 

the latent vector and its transpose. This generates an N × N 

matrix (where N is the total number of nodes) where the higher 

value (close to 1) of an element (i, j) depicts that there exists a 

potential connection between node i and node j. The lower 

value depicts that there is no such connection between the 

nodes. Several other methods based on the variants of the 

autoencoder architecture are introduced, where the major 

modifications are proposed in the encoder part.[10,12] It has been 

observed that different types of layers, such as GCN and GAT, 

are used to learn the embeddings of the nodes.[15] 

Many real-world tasks are achieved by machine learning 

(ML). A vast variety of ML algorithms and methods are 

proposed and implemented for various tasks. One of the 

important tasks is the recommendation system based on link 

prediction. One very interesting use case of link prediction 

tasks is creating recommendations, analyzing social networks, 

analyzing scene graphs, etc. Several approaches to link 

prediction-based recommendation systems are proposed. 

However, ML-based paradigms such as collaborative filtering 

are traditionally reported for this task. Researchers have also 

explored graph ML approaches for achieving this task in 

recent years. Classical methods typically include model-based 

collaborative filtering methods like matrix factorizations.[16] 

The matrix factorization algorithm is primarily based on 

classic dimensionality reduction.[16] This method has been 

really popular, and several of its variants are used to design 

many earlier recommendation-based problems. For example, 

Ma et al.[17] created the user and item latent feature space using 

probabilistic matrix factorization-based methods for social 

recommendations. Particularly in the recommendation 

systems paradigm, confidence-aware matrix factorization 

systems are proposed and could predict potential 

recommendations based on the model's confidence.[18] Data 

sparsity, especially on the datasets for the recommendation 

tasks, is a major problem. In another case,[19] authors 

introduced the dual-regularized matrix factorization method 

using deep neural networks (DRMF) to deal with this problem. 

In DRMF, a convolutional neural network and a gated 

recurrent neural network are stacked together to represent 

independent embeddings of users and items for 

recommendation predictions.[20,21] In another case,[22] fast 

nonparametric matrix factorization methods for large-scale 

recommendation systems on big data are proposed. This 

memory-based collaborative filtering method does not use any 

learnable parameters for the prediction. The probabilistic 

approach was also proposed,[23] also known as the probabilistic 

robust matrix factorization (PRMF) method, which tries to 

make the matrix factorization method more robust and 

outperforms in terms of accuracy and other evaluation metrics 

in the areas of both synthetic data and computer vision-based 

tasks. The primary disadvantage of these methods is their 

inability to deal with data belonging to non-Euclidean space.  

When data consists of images and texts, there exists a 

certain Euclidean relationship, but when it comes to 

establishing relations within different entities, evaluating 

those entities on the grounds of Euclidean space is certainly 

not enough and is inefficient at the same time. The graph-

based approaches are powerful in handling non-Euclidean data. 

There are different types of network/graph data on which link 

prediction-based tasks can be performed. Some include 

knowledge graphs, social graphs, scene graphs, user-item-

based bi-partite graphs, citation graphs, etc., specific for 

recommendation-based purposes. At the same time, there are 

two different classes of approaches for computing link 

predictions using graphs. One is the non-GNN-based approach, 

and the other is based on some variants of GNN at its core. 

Within the classical methods for link prediction-based tasks, 

multiple approaches are proposed in the literature. For 

example, a biased random walk with a restart is proposed.[24] 

The main aspect of this work is to share biased probabilities to 

perform the random walks to explore deeper into the 

underlying topological properties of the given graphical data 

and outperform some of the baseline results. The method of 

joint link prediction and network alignment via cross-graph 

embedding is proposed. It demonstrates the mutual benefits of 

link prediction and network alignment, improving the recall 

for both tasks.[25] A modified version of the Deepwalk 

algorithm to cover a greater context of the graph's nodes and 

topology is proposed.[7,26] Using the same methods, they 

proved that it is better than the other baselines. An approach 

for link prediction that captures the potential adversarial 

attacks faced by the models and discusses the privacy issues 

on the grounds of these adversarial attacks is proposed.[27] 

However, non-GNN-based graph methods are transductive 

and perform well on pre-existing nodes but struggle with new, 
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unseen nodes. Inductive-based methods employing GNNs 

were introduced for link prediction tasks to address this.  

Recent research focuses on both static and dynamic link 

predictions, with robust and efficient models proposed in these 

areas. For example, multi-level GCNs are proposed for link 

predictions for cross-platform account matchings.[24] Multi-

level graph convolutional networks are used to solve the 

problems with memory for large and sparse connections and 

achieve remarkable results in link predictions.[28] GCNs are 

also used in biological networks for link predictions to achieve 

increasing attention in link prediction for biology-based graph 

structural data.[29] Long short-term memory networks (LSTMs) 

are combined and very much popular in handling temporal-

based data,[30] like speech recognition,[31] with GNNs and the 

hybrid model being used to come up with robust link 

prediction tasks performed on Dynamic graphs. Also, link 

prediction on weighted dynamic graphs is carried out using the 

combination of GCNs and generative adversarial networks 

(GANs).[32,33] Variational graph autoencoders or VGAEs are a 

remarkable development in the link prediction task, especially 

for citation-based graphs. It achieves outstanding scores of 

mean average precision of 92.6, 92.0, and 94.7 in citation 

graph datasets,[14] like Cora, Citeseer, and Pubmed,[34] 

respectively. Several modifications to this architecture are 

proposed to fine-tune the results even more. For example, Tran 

et al.[35] proposed the multi-task graph autoencoder, which not 

only associates with link prediction but also solves the 

problem of node classification simultaneously. Specifically, 

the penultimate decoder layer is used for semi-supervised 

node classification, whereas the last layer is used to 

reconstruct the neighborhood for supervised link prediction. 

The method of Graph InfoClust is proposed.[36] It mainly 

focuses on learning the representation from cluster-level 

information content using a differentiable K-means method 

and optimizing the results by maximizing information 

between nodes of the same clusters. This model is one of the 

state-of-the-art models for the Citeseer dataset.[34] One of the 

very efficient models of recent days, specific to citation 

network graphs, is the model named variational graph 

normalized auto-encoders (VGNAEs) by Seong Ahn and 

Kim.[37] They mainly focus on link predictions for nodes 

whose degrees are zero, i.e., for isolated nodes. This paper 

uses L2 normalization to derive a better representation for 

isolated nodes to improve the overall results. VGNAEs 

outperform several of the pre-existing architectures based on 

VGAE.[14] Specific to the link prediction task for the Citation 

network, the present state-of-the-art model is WalkPooling by 

Pan et al.[38] This model employs random walks and tries to 

combine the topological heuristics with the feature learning 

ability of the model, and when combined and trained with 

GNNs, it outperforms all the latest models out there and is the 

current state of the art for the Cora and Pubmed datasets, 

respectively.[34] 

In this work, we propose a method that utilizes both the 

power of GCNs and GATs by combining the learned 

embeddings produced by GCNs and GATs independently. 

These combined embeddings are passed via sampling and 

reparameterization to obtain the resultant embedding. Those 

reparameterized embeddings are then passed to the inner dot 

product decoder to perform further link prediction tasks. The 

main motivation for such an approach is to combine the power 

of both spectral and attention features.[15] The combined 

architecture utilized the learned features from both GCN and 

GAT so that the power of these features can be leveraged by 

optimizing their performance with respect to the loss obtained 

from the combination of the contributions of both methods. In 

summary, the contributions of this work are:  

• Developed and demonstrated the method to combine the 

individual embeddings of both GCNs and GATs for more 

powerful representations;  

• Proposed a method to combine the spectral and attention 

features for more robust and improved link prediction;  

• Evaluated and compared the proposed approach with the 

pre-existing methods for three standard benchmark datasets. 

 

2. Methods 

2.1 Datasets 

Three benchmark citation datasets, namely Cora, Citeseer, and 

Pubmed are employed for the demonstration of the proposed 

method.[34] Cora is a dataset in the fields of computer science 

and information retrieval. It consists of research papers 

classified into seven classes based on the subject matter. 

Citeseer, similar to Cora, contains research papers widely used 

for citation analysis and clustering. Pubmed, on the other hand, 

is a large biomedical literature database that contains over 30 

million citations and datasets.[34] However, we have taken a 

small subset of the Pubmed dataset for testing. The compact 

information of these three datasets is shown in Table 1. 

Table 1: Dataset information used for training and evaluation. 

Dataset Type Nodes Edges Features 

Cora Citation 2,708 5,429 1433 

Citeseer Citation 3,227 4,723 3703 

Pubmed Citation 19,717 44,338 500 

 

Although for this work, these three datasets are considered, 

the model proposed is generalized and robust to any other 

methods. It can be scaled to larger datasets, provided the 

required processing and compute power are available.  

 

2.2 Proposed model 

In this paper, we propose a multi-head variational graph neural 

network (MVGAE). MVGAE has been a derivative of 

VGAE.[14] Hence, similar to VGAEs, the proposed model has 

two parts: an encoder and a decoder.  

The encoder of this variational graph autoencoder uses a 

multi-headed approach, where each head is a GNN layer, from 

Fig. 1, it can be seen that the input X and adjacency matrix A 

are passed through multiple heads, in which some heads are 

made of GCN layers and other heads are made of multi-headed  
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Fig. 1: Proposed framework with multi-head variational graph autoencoder, where X is the feature matrix of the nodes of the graph, 

and A is the adjacency matrix of the graph. 

 

GAT layers. One GCN layer and one GAT layer are employed 

in our original implementation. The GAT layer has 2 to 4 

attention heads. Further, the hidden embeddings that are 

generated from those multi-headed layers get concatenated 

into a single embedding vector. The concatenated vector is 

again passed on to one GCN block and one GAT block to 

generate the reparametrized variables μ and log(σ), 

respectively.[11,12] The latent representation Z is obtained from 

the reparameterization method.[39.40] 

The decoder network is a simple sigmoid-based inner dot 

product, which is the same as VGAEs.[14] This multi-head-like 

fashion is inspired by Transformers and ResNet.[41] 

Mathematically, a graph G with a node feature matrix 𝑋 ∈
𝑹𝑁 × 𝐹  and adjacency matrix 𝐴 ∈ 𝑹𝑁 × 𝑁 , which is being 

normalized. The latent representation from the encoder is 𝒁 ∈
𝑹𝑁 ×(𝑛1 + 𝑛2)𝐹′. The inner dot product decoder takes this vector 

Z and carries out the inner dot product with the transpose of 

itself. Therefore, it becomes (𝒁. 𝒁𝑻) ∈ 𝑹𝑁 ×𝑁 . Further, it is 

passed to a sigmoid activation function. The output of the 

decoder is the reconstructed adjacency matrix. The (i, j)th 

element of the reconstructed adjacency matrix represents the 

probability of a potential link between node i and node j.  

 

2.3 Mathematical formulation of the proposed 

architecture in a generalized form  

Instead of picking just one GCN layer, multiple and different 

GNN-based layers, namely, GCN and GAT, can be extended 

simultaneously in parallel.[11,12] In this section, a generalized 

mathematical premise is provided for the same. Each of the 

hidden feature vectors generated by the GCN and GAT layers 

would belong to a vector H ∈R^(N × F'). These vectors are 

concatenated such that the resultant hidden matrix becomes: 

H_concat ∈ R^(N × (n_1 + n_2)F'), where n_1 is the number 

of GCN layers and n_2 is the number of GAT layers. This 

concatenated matrix is then passed through two more GNN 

layers (one GCN and the second GAT layer) to obtain the 

generated μ and log(σ), respectively.[42] Then the 

reparameterization is applied such that the final embedding Z 

∈ R^(N ×(n_1 + n_2) F') is computed. The 2-layer encoder 

will consist of the first layer with several parallel branches 

called the heads. The next layers have two GNNs to compute 

the generated μ and log(σ), respectively. 

Passing the input X to this series of parallel hidden layer 

architectures will generate a set of hidden embeddings coming 

out from GCNs and a set of hidden embeddings coming out 

from GATs. Those sets can be defined as in Eqs. (1-3): 

𝐻𝐺𝐶𝑁 = { 𝐻𝐺𝐶𝑁
1 , 𝐻𝐺𝐶𝑁

2 , . . . , 𝐻𝐺𝐶𝑁
𝑛1 }                 (1) 

𝐻𝐺𝐴𝑇 = { 𝐻𝐺𝐴𝑇
1 , 𝐻𝐺𝐴𝑇

2 , . . . , 𝐻𝐺𝐴𝑇
𝑛2 }                  (2) 

𝐻1 = (||𝐾 = 1
𝑛1 𝐻𝐺𝐶𝑁

𝑘 ) || (||𝐾 = 1
𝑛2 𝐻𝐺𝐴𝑇

𝑘 )              (3) 

where HGCN and HGAT represent hidden GCN and GAT layers, 

respectively. H1 from Eq. (3) is being passed through two more 

layers for the sampling and reparameterization, one of which 

is a GCN layer, and the other is a GAT layer.[11,12] Hence, the 

second step in the encoding process is defined by Eqs. (4) and 

(5): 

μ = GCNμ(H1)                                  (4) 

𝑙𝑜𝑔(𝜎) = 𝐺𝐴𝑇𝑙𝑜𝑔𝜎(𝐻1)                           (5) 

where both {𝜇, 𝜎} ∈ 𝑹𝑁 ×(𝑛1 + 𝑛2)𝐹′ , F' is some number of 

dimensions assigned. Subsequently, the latent representation 

is defined by Eq. (6):  

𝑍 = 𝜇 + 𝜖 𝜎 𝑤ℎ𝑒𝑟𝑒 𝜖 ~ 𝑁 (0, 1)                 (6) 

GCN fundamentally works on the principles of spectral 

methods.[11] The GCN convolution can be expressed by Eqs. 

(7) and (8):  

𝑔𝜃 . 𝑥 ≈  ∑ 𝜃𝑘
′ 𝑇𝑘(𝐿̌)𝑥𝐾

𝑘 = 0                         (7) 

𝐿̌  =  
2

𝜆𝑚𝑎𝑥
𝐿 − 𝐼𝑁                                (8) 

where 𝑔𝜃 is a kernel (𝜃 represents a learnable parameter), and 

this is applied to a graph signal 𝑥. K represents the Kth-order 

neighborhood. T denotes the Chebyshev polynomials applied 

on 𝐿̌, which is the normalized graph Laplacian matrix. 𝜆𝑚𝑎𝑥 

denotes the largest eigenvalue of L. Finally, the aggregated 

features Z are expressed by Eq. (9):[43]  

𝑍 =  𝐷̃
−1

2 𝐴̃𝐷̃
−1

2 𝑋𝛩                              (9) 

where 𝐴̃ = 𝐴 + 𝐼 , 𝐷̃  is the diagonal matrix. The 𝐷̃
−1

2   is 

responsible for the renormalization.[11] Hence, GCNs learns 

the features from the spectral graph paradigm. However, the 
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working of GCNs can also be considered to fit within the 

spatial domain based on its mechanism for message passing. 

On the other hand, GATs are fundamentally spatial in nature 

(Eqs. (7)-(9)).[12] GATs are popular for their robustness and 

simplicity. In conclusion, GATs can learn the underlying graph 

representation from the spatial paradigm. In the proposed 

approach in this work, consisting of Multi-Head VGAEs, the 

hidden representations are captured using both the spectral and 

spatial paradigms, and trying to leverage the characteristics of 

both GCNs and GATs.[11,12] The learned hidden representations 

of both GCNs and GATs in Eq. (6) are concatenated. 

Combining the features learned independently from both 

spectral and spatial domains helps not only to achieve better 

metrics but also to accelerate the training process. The 

significant acceleration of the training process could be 

achieved due to the presence of heads, where each head is 

either a GCN or a GAT layer, and they can compute the 

embeddings independently.[44] This independent computation 

harnesses the power of graphics processing units (GPUs) and 

parallelization, hence speeding up the process. This completes 

the encoding process to generate the required latent 

representations. 

 

3. Results and discussion  

3.1 Experiment design and target outcome 

To compare and demonstrate the effectiveness of the proposed 

framework, four sets of experiments and comparisons were 

carried out. Two different model configurations 

(Configurations 1 and 2) for the training and evaluation of the 

model are employed. The stepwise procedure for carrying out 

experiments is shown in Fig. 2. The standard process includes 

extracting the dataset and then carrying out data preprocessing, 

where the masking of nodes and edges is carried out. This is 

followed by extracting the feature matrix of nodes and the 

adjacency matrix. Then, the proposed MVGAE model is 

trained, and the probability of a potential link between two 

nodes is predicted. The following experiments were carried 

out:  

• Experiment I: Comparison with the baseline VGAE model 

using configuration 1.  

o Target of Exp. I: to compare configuration 1 with the 

baseline results.  

• Experiment II: Evaluation and comparison of multiple 

architectures and configuration 2 for the three benchmark 

datasets considered in this work.  

o Target of Exp. II: to compare configuration 2 with the 

baseline results. 

• Experiment III: Timing comparison between both 

configurations for the three datasets. 

o Target of Exp. III: to compare the configurations 1 and 2 

for the time of execution.  

• Experiment IV: Timing comparison using central 

processing unit (CPU) and GPU for both configurations for 

the three datasets. 

o Target of Exp. IV: to compare and understand the usability 

and effectiveness of CPU and GPU on the basis of time of 

execution for both configurations.  

All the experimentation was carried out using PyTorch 

1.10 and PyTorch Geometric.[45,46] The initial experiments were 

carried out on a CPU. However, due to limitations on the 

processing capacity, the experiments were later conducted on 

a GPU using Google Colab. The outcome of the proposed 

framework would provide the probability of a possible link 

between two nodes of a network.  

 

3.2 Parameters for configurations 1 and 2 models 

Configuration 1 is designed specifically to compare the 

baseline results of VGAE (Table 2) and is somewhat 

minimalistic.[14] In contrast, configuration 2 is the proposed 

multi-head VGAEs, where experimentations with the 

hyperparameter tuning are carried out (refer to Table 2). This 

comparison provides the information regarding the effect of 

each parameter on the model training, its outcome, and the 

time required for processing.  

 

3.3 Data preparation 

The data preparation step involved pre-processing of the data. 

PyTorch-Geometric was used for automated data pre-

processing. The three benchmark datasets were automatically 

downloaded in the variational autoencoder implementation 

using PyTorch Geometric. In the pre-processing step, the 

PyTorch geometric library loads the following parameters: 

• Node features: The features associated with each node 

 
Fig. 2: Stepwise experimental design. 
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Table 2: Details of configurations 1 and 2 of the model. 

Configuration name  1 2 

Hidden dimension for layer 1 32 64 

Hidden dimension for layer 2 16 32 

Epochs 200 300 

Learning rate 0.01 0.015375 

Heads in the MVGAE used GCNConv, GATConv GCNConv, GATConv 

Number of attention heads 2 4 

Optimizer Adaptive moment estimation (Adam)[47] 

typically represent attributes of the documents or papers. In 

Cora, Citeseer, and Pubmed datasets, these features may be 

bag-of-words vectors or term frequency-inverse document 

frequency (TF-IDF) features. PyTorch Geometric loads these 

features as node attributes. 

•  Graph Structure: The citation relationships between 

documents are represented as edges in the graph. PyTorch 

Geometric constructs the graph structure based on the citation 

information in the raw dataset. 

•  Creating automatic train, test, and validation split: Let's 

suppose we are using the Cora dataset, represented by Graph 

G. Before the creation of the split, masking of nodes is done. 

Masking refers to randomly switching off nodes and edges of 

the graph. Hence, three graphs are created for training, 

validation, and testing.  

 

3.4 Comparison and evaluation metrics 

Based on the baselines, the models are compared for two 

metrics, namely, the average precision (AP) score and the 

receiver operating characteristic (ROC) and area under curve 

(AUC) score. The train, validation, and test splits of the dataset 

are distributed as 85%, 5%, and 10%, respectively. As 

mentioned, the initial training was carried out using a CPU, 

followed by the GPU, using Google Colab for evaluating the 

scope for parallelization. The results obtained for all the 

experiments for AP and AUC are shown in the next 

subsections.  

 

3.5 Results for experiment I  

For comparison with the baseline VGAE model, configuration 

1 of the model (Table 2) is employed, which has a similar 

configuration to the VGAE model.[14] Table 3 shows the 

model's outcomes in these three benchmark datasets using 

configuration 1. 

Table 3: Comparison with the baseline model for configuration 

1. 

Data Metric GAE  VGAE  MVGAE  

Cora AP (%) 92.0 92.6 97.11 

Citeseer AP (%) 89.9 92.9 95.31 

Pubmed AP (%) 96.5 94.7 97.88 

Cora AUC (%) 91.0 91.4 97.28 

Citeseer AUC (%) 89.5 90.8 95.68 

Pubmed AUC (%) 96.4 94.4 98.18 

 

Figs. 3-5 show the train loss curve, test AUC score curve, 

and test AP score curve for the model using configuration 1, 

respectively 

 

 
Fig. 3: Training loss of the base model. 
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Fig. 4: Test ROC score from the base. 

 

3.6 Results for experiment II 

Recent state of the art models in link prediction include 

Walkpooling,[38] GNAE,[37] VGNAE,[37] S-VGAE,[48] 

sGraphite-VAE,[49] Graph InfoClust,[50] and ARGE.[51] Their 

comparison with the proposed MVGAE model are provided 

for all three datasets Cora, Citeseer, and Pubmed is provided in 

Tables 4-6 respectively. Configuration 2 (Table 2) is employed 

for this set of comparisons. 

 

Table 4: Comparison of the proposed model with others on the Cora dataset. 

SL. No Model AUC AP 

1 Walkpooling[38] 95.9 96.0 

2 GNAE[37] 95.6 95.7 

3 VGNAE[37] 95.4 95.8 

4 S-VGAE[48] 94.1 94.1 

5 sGraphite-VAE[49] 93.7 93.5 

6 Graph InfoClust[50] 93.5 93.3 

7 ARGE[51] 92.4 93.2 

8 MVGAE (Proposed model) 99.1 99.2 

 
Fig. 5: Test AP score from the base model. 
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Table 5: Comparison of the proposed model with others on the 

Citeseer dataset. 

SL. No Model AUC AP 

1 VGNAE[37] 97.0 97.1 

2 Graph InfoClust[36] 97.0 96.8 

3 GNAE[37] 96.5 97.0 

4 Walkpooling[38] 95.9 96.0 

5 sGraphite-VAE[49] 94.1 95.4 

6 ARGE[50] 91.9 93.0 

7 Node feature agg + similarity[51] 91.9 93.0 

8 MVGAE (Proposed model) 98.5 98.3 

Table 6: Comparison of the proposed model with others on the 

Pubmed dataset. 

SL. No Model AUC AP 

1 Walkpooling[38] 98.7 98.7 

2 GNAE[37] 97.6 97.6 

3 VGNAE[37] 97.5 97.5 

4 S-VGAE[45] 96.8 97.1 

5 sGraphite-VAE [49] 96.0 96.0 

6 Graph InfoClust [36] 94.8 96.3 

7 ARGE[50] 93.7 93.5 

8 MVGAE (Proposed model) 99.1 98.9 

 

As can be observed from Tables 4-6, the proposed model has 

outperformed all other models in terms of the evaluation 

metrics of AUC and AP. Figs. 6-8 show the train Loss curve,  

test AUC score curve, and test AP score curve for the model 

using configuration 2. We can see from Tables 4-6 that our 

proposed model outperformed all the existing models.  

 

3.7 Results for experiment III 

Configuration 1 takes less time than configuration 2 as 

configuration 1 is simpler than configuration 2. Thus, for 

visualization, Figs. 9 and 10 show the time lapsed for training 

on the Cora, Citeseer, and Pubmed datasets per epoch and the 

total time lapsed to train them, respectively. Similarly, Fig. 11 

shows the time lapsed for training using configuration 2. 

 

3.8 Results for experiment IV 

In this work, the initial experiments were carried out on CPU, 

and then we shifted to GPU, using Google Collab. It was 

observed that there is a drastic improvement in the time taken 

by the model to run. Table 7 shows the comparison of time 

taken by the CPU and GPU to run the model in configurations 

1 and 2, respectively.  

Table 7: Time required to train vs the number of VGAE heads. 

Dataset Configuration Total time in CPU 

(minutes) 

Total time in 

GPU (minutes) 

Cora 1 34.3896 6.0645 

Cora 2 80.3523 8.5429 

Citeseer 1 52.0184 7.2918 

Citeseer 2 119.9359 8.5624 

Pubmed 1 454.3810 41.7666 

Pubmed 2 1033.8588 45.1359 

 

Fig. 6: Train loss from configuration 2. 
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Fig. 7: Test ROC score for configuration 2. 

 
Fig. 8: Test AP score from the model configuration 2. 

 

 
Fig. 9: Training time/epoch by the base model. 
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Fig. 10: Total training time by the base model. 

 
Fig. 11: Training time/epoch by model configuration 2. 

 

4. Conclusion 

This work presents an innovative and efficient architecture for 

link prediction tasks in citation-based networks. By 

introducing multiple parallel heads of different layers and 

aggregating the unified hidden representations, the proposed 

MultiHead VGAEs model surpasses existing state-of-the-art 

models in terms of computational performance and evaluation 

metrics. The experiments conducted demonstrate the superior 

performance of the proposed method in link prediction tasks 

within citation-based networks. The utilization of GPU 

acceleration significantly enhances the model's performance 

and reduces training time, as evidenced by the substantial leap 

in efficiency observed when transitioning from configuration 

1 to configuration 2, particularly in the Pubmed dataset. This 

highlights the importance of leveraging hardware acceleration 

for optimal performance. While this work focuses on link 

prediction in citation-based graphs, the proposed architecture 

has the potential for broader applicability across different 

types of graphs, including user-item bipartite graphs.  

Future research can explore extending the architecture to 

address generalized link prediction tasks in various graph 

domains. However, it is important to acknowledge the 

limitations of the proposed model. Being a transductive 

architecture, it may not be suitable for scenarios where the 

graph structure evolves or when predicting links in unseen 

nodes. Additionally, it is crucial to consider the novelty and 

simplicity of the experimental setup and the potential 

improvements it offers in real-world link prediction use cases. 

In future endeavors, it would be beneficial to explore 

architectural enhancements such as incorporating skip 

connections or custom decoder layers to enhance the model's 

capabilities further. Additionally, investigating potential 
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setbacks and limitations of the proposed architecture will 

contribute to a comprehensive understanding of its 

applicability.  

Overall, this work presents a compelling approach to link 

prediction in citation-based networks, showcasing the 

effectiveness of multi-head VGAEs. By combining novel 

architectural design, efficient computational performance, and 

promising evaluation results, this research contributes to the 

advancement of graph representation learning and holds 

promise for a wide range of applications in various domains. 

This approach, although presented here for the link prediction 

task, can be extended further for other graph modelling 

methods and tasks.  
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