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Abstract
Existing link prediction methods primarily rely on data sources based on neigh-
bors, paths, and random walks, utilizing node similarity assumptions or max-
imum likelihood estimation. There remains a notable lack of link prediction
research based on neural networks. Some studies grounded in neural networks
have demonstrated that the DeepWalk network representation learning algo-
rithm, which is neural network-based, can more effectively mine structural fea-
tures from networks. Existing research has proven that DeepWalk is equivalent
to factorizing a target matrix. Therefore, we propose a DeepWalk link pre-
diction algorithm based on matrix factorization (LPMF). This algorithm first
obtains network representation vectors through decomposition using the matrix
factorization-based DeepWalk algorithm; then calculates the similarity between
each pair of nodes via cosine similarity to construct a similarity matrix for the
target network; finally, it conducts link prediction experiments on three real-
world citation networks utilizing this similarity matrix. Experimental results
demonstrate that the proposed link prediction algorithm outperforms more than
20 existing link prediction algorithms, which fully indicates that LPMF can ef-
fectively mine the structural correlations between nodes in networks and can
exhibit relatively excellent performance in link prediction for real-world net-
works.
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Abstract: Existing link prediction methods primarily rely on neighbor-based,
path-based, and random walk approaches, utilizing node similarity assumptions
or maximum likelihood estimation. Research on link prediction based on neural
networks remains scarce. However, studies on neural networks demonstrate that
the DeepWalk network representation learning algorithm can more effectively
extract structural features from networks. It has been proven that DeepWalk is
equivalent to factorizing a target matrix. Therefore, this paper proposes a link
prediction algorithm based on matrix factorization for DeepWalk (LPMF). The
algorithm first obtains network representation vectors through matrix factor-
ization based on DeepWalk, then constructs a similarity matrix for the target
network by calculating cosine similarity between each pair of nodes, and finally
conducts link prediction experiments on three real-world citation networks using
this similarity matrix. Experimental results show that the proposed algorithm
outperforms over 20 existing link prediction algorithms, demonstrating that
LPMF can effectively mine structural correlations between nodes in networks
and achieve excellent performance in practical link prediction tasks.

Keywords: link prediction; neural network; DeepWalk; network representation
learning; matrix factorization; similarity matrix

0 Introduction
With the continuous development of network technology, the evolution of com-
plex networks has become a hot research topic, with link prediction being a
fundamental computational problem in network evolution and modeling. Link
prediction in networks refers to predicting the likelihood of a connection forming
between two nodes that are not yet connected, based on known network struc-
ture and other information [1]. Predicting existing but undiscovered connections
is called unknown prediction, while predicting potential future connections is
called future prediction. In recent years, link prediction in large-scale networks
has become a research focus, with applications in various tasks such as network
modeling [2–5], protein network prediction [6,7], social network analysis [8–10],
tag classification [11–13], knowledge acquisition [14], anomaly detection [15–17],
and recommendation systems [18,19]. Various network modeling methods have
been proposed to reveal the evolution mechanisms of real-world networks [20,21],
yet it remains difficult to determine which method accurately reflects the gener-
ation process of real networks. Benefiting from improved computational perfor-
mance and public access to large-scale social network data, link prediction has
evolved from mining node attributes to mining network attributes, and from
small-scale to large-scale social network prediction [22]. However, traditional
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link prediction algorithms based on entropy or maximum likelihood estimation
[23] suffer from high computational complexity and low accuracy [24]. Moreover,
there is still a lack of efficient link prediction algorithms suitable for large-scale
datasets and in-depth application-level analysis of large-scale real data. Re-
search in these two areas helps reveal the advantages and limitations of link
prediction itself.

Google’s word2vec [25,26] is a word representation learning algorithm based on
a three-layer neural network probabilistic model. Using large-scale language cor-
pora, this algorithm employs neural networks to obtain low-dimensional, dense
vector representations of words in a linguistic space. With a fixed window size,
it captures adjacent words within the window as context for the current word,
then inputs both into a neural network for learning. Neural network-based word
representation learning has achieved great success in language models. Sub-
sequently, the DeepWalk [27] network representation learning algorithm was
proposed for network space models based on word2vec. This algorithm uses
random walks to obtain context nodes for the current node, then inputs both
into a neural network model for learning, ultimately obtaining low-dimensional,
dense vector representations for each node in the network space model. Net-
work representation learning essentially converts network features into a vector
format suitable for processing. These vectors can be visualized in 2D space
to demonstrate clustering phenomena among nodes with similar attributes, as
shown in Figure 1.

[Figure 1: see original paper]

DeepWalk network representation learning is a neural network-based algorithm
that, through deep learning of network structure, enables nodes with similar
network structures to have similar representation vectors. Using DeepWalk not
only helps better understand structural correlations between nodes but also al-
leviates training data scarcity caused by network sparsity. Because DeepWalk
employs local random walks, it is more efficient for large-scale network structure
mining. Later, Yang et al. [28] mathematically proved that DeepWalk is equiva-
lent to factorizing a target matrix, though they did not experimentally validate
differences between the two representation learning methods. Since different
matrix factorization algorithms yield different network representation learning
results, both DeepWalk and matrix factorization can obtain network represen-
tation features. The difference is that DeepWalk uses random walk strategies to
avoid directly computing and factorizing the matrix, making it suitable for large-
scale network representation learning. Factorizing a target matrix has high time
complexity, and algorithm accuracy is limited by factorization efficiency.

Based on the equivalence between DeepWalk and matrix factorization, this pa-
per proposes a link prediction algorithm based on matrix factorization. This
method introduces matrix factorization-based DeepWalk representation learn-
ing into link prediction for the first time, verifying that neural network-like
methods can more effectively mine structural correlations in networks, and that
the trained network representations also perform excellently in link prediction.
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Unlike traditional global random walk [29], random walk with restart [30], and
local random walk [31] algorithms used in link prediction, DeepWalk not only
uses local random walks to obtain context nodes but also inputs both current and
context nodes into neural networks for training, thoroughly and deeply mining
network structural features and reflecting structural similarities between nodes.
Since Yang et al. [28] proved DeepWalk is equivalent to factorizing matrix M, the
matrix factorization-based DeepWalk representation learning algorithm used in
this paper avoids random walks and neural network training, instead using effi-
cient matrix factorization methods to factorize the target matrix directly. This
approach inherits DeepWalk’s advantages while satisfying the need to directly
convert adjacency matrices into network representations.

In summary, this paper’s main contributions are twofold: (a) It introduces
matrix factorization-based DeepWalk network representation learning into link
prediction, demonstrating that simple matrix factorization can achieve predic-
tion capabilities almost equivalent to neural network algorithms; (b) It conducts
link prediction, visualization, and case study experiments on three real citation
network datasets. Experimental results show that the proposed method can
effectively learn network structural features, enabling better prediction perfor-
mance.

1 Related Work
For link prediction, current commonly used methods are node similarity-based
algorithms, which mainly include three types: local information-based similarity
indices, path-based similarity indices, and random walk-based similarity indices.

Local information-based similarity indices include Common Neighbors (CN) [32],
Adamic-Adar (AA) [33], and Resource Allocation (RA) [34]. CN is the simplest
local information-based similarity, defined as: if two nodes share many common
neighbors, they are similar. More common neighbors yield higher similarity.
Considering node degree influence from different perspectives, six variants exist:
Salton (cosine similarity) [35], Jaccard [36], Sorenson [37], Hub Promoted Index
(HPI) [38], Hub Depressed Index (HDI) [18], and LHN-I [39]. Local indices have
low computational complexity suitable for large networks but limited accuracy
due to insufficient information.

Path-based similarity indices include Local Path (LP), Katz [40], and LHN-II
[39]. LHN-II assumes that if nodes connected to two nodes are similar, then
the two nodes are also similar even without common neighbors. This method
requires large amounts of reliable label attributes for training sets, resulting
in poor scalability for unlabeled networks. Path-based similarity indices have
increasing computational complexity as network scale and path length grow.
When LP’s path length approaches infinity, it becomes equivalent to Katz,
which considers all paths. Since high-order paths contribute little to similarity,
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matrix inversion is used for computation. Sparse matrix inversion algorithms
are typically employed.

Random walk-based similarity indices include Average Commute Time (ACT)
[29], Cosine similarity (Cos+) [41], Local Random Walk (LRW) [42], and Super-
posed Random Walk (SRW) [42]. ACT assumes smaller average commute time
between two nodes indicates closer proximity. Commute time is the average
steps for a random particle to travel from one node to another and back. Cos+
uses Mahalanobis distance to measure vector dissimilarity. As ACT is a global
random walk with high computational complexity, Liu et al. [42] proposed LRW,
which considers random walks within limited steps, significantly reducing com-
plexity. SRW builds on LRW by superposing previous results with the final step,
giving adjacent nodes more opportunities to connect to target nodes, making it
a realistic network-aware algorithm.

Other similarity-based methods include Matrix Forest Index (MFI) [43], Transi-
tive Similarity with Consistent Neighborhood (TSCN) [44], Preferential Attach-
ment (PA) [45], and Naive Bayes-based indices (LNBAA, LNBCN, LNBRA) [46].
Traditional common neighbor indices ignore neighbor weights, though different
neighbors have varying influence. Liu et al. introduced a role weight function
to calculate neighbor influence [46], incorporating it into AA, CN, and RA to
propose Naive Bayes-based algorithms.

Since Moore and Newman’s 2008 Nature paper [47] and Redner’s commentary
[48], link prediction has been a focus in complex network research with many
successes. The above algorithms use statistical methods to obtain similarity val-
ues, with some showing excellent performance. Currently, some neural network-
based algorithms can more efficiently obtain network feature vectors for various
machine learning tasks, including link prediction. DeepWalk first introduced
this idea to link prediction, demonstrating excellent performance on public real
datasets. This paper verifies the feasibility of matrix factorization-based Deep-
Walk link prediction by leveraging the equivalence between DeepWalk and net-
work feature matrix factorization. While other network representation learning
methods like TADW [49], MMDW [50], and NEU [51] outperform DeepWalk,
this study aims to achieve equivalent link prediction performance using matrix
factorization rather than conducting horizontal comparisons of neural network-
based methods.

2 Method
This paper uses matrix factorization-based DeepWalk to obtain vector represen-
tations for each network node, then constructs a node similarity matrix using
cosine similarity. Finally, the similarity matrix is applied to link prediction,
with AUC metrics calculated to verify the feasibility and effectiveness of the
proposed LPMF algorithm. Before detailing the method, we first explain ma-
trix factorization-based DeepWalk and prove that DeepWalk is equivalent to
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factorizing a target matrix M, which forms the foundation of our approach.

2.1 Matrix Factorization Based DeepWalk Algorithm

SGNS is primarily applied in semantic networks where words have only contex-
tual relationships determined by windows. SGNS collects (word, context) pairs
and inputs them into a three-layer shallow neural network for training. Initially,
each word is assigned an arbitrary vector representation, which is continuously
adjusted as (word, context) pairs are processed through the neural network.
SGNS effectively utilizes contextual information to train semantic associations
between words.

Inspired by SGNS, DeepWalk modifies it to migrate from semantic networks to
general networks like social networks. This generalization enables representa-
tion learning across various networks. The only change is context acquisition:
SGNS uses sliding windows, while DeepWalk uses random walks; the underlying
algorithm remains unchanged. Similarly, (current node, context node) pairs are
input into a three-layer shallow neural network.

Subsequently, Levy et al. [52] proved that SGNS word embedding is equivalent
to factorizing an SPPMI matrix, denoted as M, where k is the negative sampling
count for each (word, context) pair, N is the total number of word occurrences
in the training set, N(w) is the count of word w, N(c) is the count of context
word c, and N(w,c) is the count of (word, context) pairs.

Inspired by SGNS, Yang et al. [28] mathematically proved that DeepWalk is
similar to factorizing SGNS’s feature matrix, i.e., factorizing a target matrix M,
where v represents network nodes (instead of words) and c represents context
nodes obtained through random walks. For graph G = (V,E) with vertex set V
and edge set E, let D be the set of (current node, context node) pairs generated
from random walk sequences, where each element is a context node pair (v_i,
c_j). Assuming random walk length is t, node v_i is visited N(v_i) times in set
D. Since N(v_i) represents node occurrence frequency in random walks, it equals
the node’s PageRank value. Additionally, N(v_i,c_j) represents occurrences
of node v_i around node v_j within t steps. Defining the PageRank transition
matrix as P and node degree as d_i, we can derive:

Let e_i be a |V|-dimensional row vector with 1 in column i and 0 elsewhere.
Starting random walk from node v_i with initial state e_i, e_iP^t represents the
spatial distribution after t steps, where the j-th element indicates the probability
of walking from node v_i to v_j in t steps. Thus, N(v_i,c_j) = e_i(�_{r=1}^t
P^r)_j represents occurrences of node v_i around node v_j within t steps. The
target matrix can be calculated as:

M = log(�_{r=1}^t P^r) - log(t)

The time complexity for computing M is O(|V|³). In practice, DeepWalk uses
random walk sampling to avoid accurately computing M, while matrix factor-
ization methods must compute M for factorization. Yang et al. [28] balanced
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speed and accuracy to obtain the factorization target matrix:

M = (A + A²)/2

For dense networks, M contains more non-zero elements. Yu et al. [53] proved
that with squared loss evaluation, factorization time complexity is proportional
to non-zero elements. This paper improves efficiency by factorizing M rather
than M³. Therefore, algorithm complexity comprises two parts: constructing
M and factorizing M. Constructing adjacency matrix A has O(|V|²) complexity.
Using SVD to factorize the target matrix yields O(|V|³) complexity for the
factorization part.

2.2 Link Prediction Based on Matrix Factorization

The proposed LPMF algorithm builds upon matrix factorization, using differ-
ent factorization methods to obtain different network representations. Given
a network’s edge representation, it can be converted to an adjacency matrix,
from which the target matrix M for factorization is generated. This paper uses
matrix methods to decompose M into three matrices. For matrix factorization,
we employ the SVDS algorithm, which offers advantages over SVD: (a) SVDS is
an SVD variant with reduced computational complexity; (b) it returns specified
numbers of largest singular values and vectors; (c) it provides greater customiz-
ability and flexibility.

The LPMF framework is illustrated in Figure 2 [Figure 2: see original paper].
The framework consists of five steps:

a) Input a network edge set, split it into training and testing sets, convert
the training set to adjacency matrix A, and compute the target matrix M
= (A + A²)/2.

b) Use SVDS to factorize M into three matrices: [U, S, V] = svds(M, k).

c) Multiply the decomposed matrices to obtain network representations:
Representation = U × S^(1/2).

d) Compute cosine similarity between node pairs: s = sim(a,b) = (a・b)/(||a||
× ||b||), and build a |V|×|V| similarity matrix S.

e) Evaluate link prediction performance using AUC on the testing set.

SVDS represents a complex matrix as the product of three submatrices. For any
m×n matrix M, there exists a decomposition: M � U_k × S_k × V_k^T, where
U_k is an m×k matrix of left singular vectors, S_k is a k×k diagonal matrix of
singular values, and V_k^T is a k×n matrix of right singular vectors. Here, |V|
represents the number of network nodes, and k is the number of features (vector
length). SVDS is widely used in dimensionality reduction and recommendation
systems.

The complete algorithm pseudocode is provided below:
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Algorithm: LPMF (G, train-ratio, k)

Input:
Network edge set: G
Training ratio: training-ratio
Representation length: k

Output: AUC

1. Get edge set of network G

2. Count nodes, denoted as |V|

3. Split G into training and testing sets

4. Initialize adjacency matrix A for training set

5. Initialize target matrix M: M = (A + A²)/2

6. Factorize M: [U, S, V] = svds(M, k)

7. Compute cosine similarity for each node pair: s = sim(a,b) = (a・b)/(||a||
× ||b||)

8. Build similarity matrix S

9. Compute AUC using testing set

3 Experiments
3.1 Experimental Setup

This paper uses three real-world citation network datasets: Citeseer, DBLP, and
Cora. Detailed dataset information is shown in Table 1 . All three datasets have
approximately 3,000 nodes but differ in edge counts. Citeseer and Cora have
similar edge counts, while DBLP has about six times more edges. More edges
yield higher network density and average degree. Despite large differences in
edge counts, DBLP and Cora have similar network diameters and average path
lengths. Based on average degree and density, Citeseer and Cora are sparse
networks, while DBLP is dense.

Table 1: Dataset Descriptions
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DatasetNodesEdges Classes

Avg.
De-
gree Diameter

Avg.
Path
Length Density

Avg.
Clustering
Coefficient

Citeseer3312 4732 6 2.86 28 9.32 0.0009 0.144
DBLP 3119 39516 4 25.34 8 5.26 0.0081 0.632
Cora 2708 5429 7 4.01 19 5.69 0.0015 0.238

Most link prediction algorithms listed in related work use statistical methods
to obtain similarity values. The proposed LPMF uses a neural network-like
approach to obtain network structural feature matrices, then applies matrix
factorization to construct node similarities. Therefore, LPMF is comparable to
the methods listed in related work. We set the representation vector length to
100 and training ratios to 0.7, 0.8, and 0.9. Results are shown in Table 2 .

Table 2: Link Prediction Results on Citeseer, DBLP, and Cora

Algorithm Citeseer (0.7/0.8/0.9)
DBLP
(0.7/0.8/0.9) Cora (0.7/0.8/0.9)

Salton 66.32/72.73/74.44 86.00/87.92/90.74 69.38/72.13/77.89
Jaccard 66.51/72.25/74.33 85.92/88.26/90.98 69.25/72.00/77.09
LHN-I 66.47/72.93/74.46 85.80/87.87/89.95 69.19/72.16/77.30
LHN-II 95.76/96.85/96.20 90.86/91.80/92.80 89.41/90.37/93.64
LNBAA 66.37/72.64/74.52 86.07/88.42/91.12 69.42/72.50/78.01
LNBCN 66.70/72.27/74.25 85.60/88.47/90.80 69.50/72.19/77.79
LNBRA 66.05/72.23/74.27 85.86/88.91/91.23 69.32/72.84/77.74
ACT 75.88/75.59/73.79 79.00/80.07/80.84 74.11/73.67/74.00
Cos+ 88.57/89.38/88.49 91.53/93.47/95.08 90.25/90.98/93.22
LRW 87.21/90.13/91.25 92.75/93.35/94.09 88.48/90.58/93.63
SRW 86.34/90.05/90.47 90.50/92.25/94.06 88.40/90.50/93.62
TSCN 84.26/85.68/86.27 91.25/91.03/92.34 88.35/90.64/92.98
LPMF 87.18/90.64/94.98 93.42/94.70/95.13 89.57/92.13/93.93

3.2 Experimental Results Analysis

LPMF is compared with 21 common link prediction algorithms. Analysis shows
that on Citeseer, DBLP, and Cora, while LPMF effectively mines network fea-
tures, MFI-based feature mining better captures network growth essence. LPMF
performs similarly to Katz, which excels in networks with short average path
lengths. LPMF can obtain more network features through longer random walks.
Thus, Katz outperforms LPMF on Citeseer, while LPMF surpasses Katz on
DBLP and Cora. Overall, LPMF outperforms the other 19 algorithms by fully
utilizing network structural features.
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3.3 Distribution Visualization

The most fundamental network parameter is vertex degree. Degree distribu-
tion (the frequency distribution of vertex degrees) is closely related to network
topology and helps determine network type. For example, most networks are
scale-free, with power-law distributions determined by degree distribution expo-
nents. We visualized degree distributions for Citeseer, DBLP, and Cora using
MATLAB, as shown in Figure 3 [Figure 3: see original paper].

Figure 3 shows degree values on the x-axis and occurrence frequency on the y-
axis. In Cora, the maximum degree is below 170, but each degree value appears
more frequently than in DBLP and Citeseer, with the highest degree appearing
over 570 times. In Citeseer and DBLP, nodes with degree <50 appear frequently,
while those with degree 50-200 appear rarely. Thus, most nodes have small
degrees, with few high-degree nodes. Citeseer and Cora are not highly dense
networks.

3.4 Parameter Tuning and Analysis

Two parameters require setting: vector length k and training ratio. The training
ratio splits data for AUC calculation. During training, only the training set is
converted to an adjacency matrix to compute the target matrix. Figure 4 [Figure
4: see original paper] shows parameter influence experiments.

With k=50, all datasets achieve worst AUC performance. With k=300, over-
all performance is best. Since Citeseer and Cora are sparse networks, AUC
performs better at training ratio 0.9. DBLP is dense, showing minimal AUC
variation across training ratios. AUC variation is larger on Citeseer and Cora
than on DBLP. In summary, vector length and training ratio significantly im-
pact sparse networks but have limited impact on dense networks.

3.5 Network Representation Visualization

We randomly selected 4 categories from each dataset, sampling 150 nodes per
category (600 nodes total). T-SNE projected these nodes into 2D space, with
different categories in different colors, as shown in Figure 5 [Figure 5: see original
paper].

Figure 5 shows clear regional boundaries, indicating that node vectors trained
by matrix factorization-based methods have distinct discriminative capabili-
ties. Nodes with the same label (color) exhibit clear clustering, with similar
nodes having closer distances in 2D projection. This demonstrates that matrix
factorization-based network representation learning effectively captures network
structure information, placing structurally similar nodes closer in representation
space and dissimilar nodes farther apart. Visualization confirms that LPMF-
trained node representations have clustering properties that enhance link pre-
diction accuracy.
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3.6 Case Study

DBLP is a citation network divided into 4 fields: databases (SIGMOD, ICDE,
VLDB, etc.), data mining (KDD, ICDM, etc.), AI (IJCAI, AAAI, etc.), and
computer vision (CVPR, ICCV, etc.). We randomly selected a target node with
title“Querying Object-Oriented Databases,”then computed cosine similarity to
find its 5 most similar neighbors and extracted their titles. With vector length
100 and training ratio 0.9, results are shown in Table 3 .

Table 3: Case Study

Rank Title Similarity Field
1 A Powerful

and Simple
Database
Language

0.7476 Database

2 A General
Framework for
The
Optimization
of Object-
Oriented
Queries

0.7165 Database

3 Towards an
Effective
Calculus for
Object Query
Languages

0.7065 Database

4 A Functional
Execution
Model for
Object Query
Languages

0.7065 Database

5 A query
Language for
Multidimen-
sional Arrays
Design Imple-
mentation and
Optimization

0.7065 Database

The 5 most similar titles share high structural similarity with the target, all
belonging to the database field. The target paper proposes a novel structured
language for querying object-oriented databases. Therefore, citing or cited pa-
pers should satisfy at least one condition: “query language”or“database.”The
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returned titles contain these keywords, demonstrating that matrix factorization-
based DeepWalk effectively mines structural correlations, enabling similar net-
work structures to have closer spatial distances.

4 Conclusion
This paper proves that DeepWalk network representation learning is essentially
matrix factorization. Based on this, we propose LPMF, a link prediction al-
gorithm using matrix factorization-based DeepWalk. Experiments on Citeseer,
DBLP, and Cora demonstrate LPMF’s excellent link prediction performance,
surpassing most existing algorithms. Visualization experiments show that node
representations trained by matrix factorization-based DeepWalk exhibit clear
clustering. The case study proves that trained node vectors fully reflect network
features, placing structurally similar nodes closer in space. In summary, LPMF
is an effective and feasible algorithm for practical link prediction tasks. Future
work includes: (1) integrating the algorithm with distributed frameworks like
cloud computing for ultra-large-scale link prediction; (2) using matrix factoriza-
tion algorithms that incorporate external information (e.g., Inductive Matrix
Completion, Dependent Probabilistic Matrix Factorization) to better mine net-
work features.
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