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Efficient Link Prediction in Continuous-Time
Dynamic Networks Using Optimal Transmission
and Metropolis Hastings Sampling

Ruizhi Zhang, Wei Wei”, Qiming Yang

Abstract—Effective link prediction in continuous time dynamic
networks is a challenging issue that has received much research
attention in recent years. A widely used method for dynamic
network link prediction is to extract the local structure of the
target link through random walks on the network, and then employ
encoder models to learn node features. However, this method often
incorporates prior information, assuming that candidate neighbors
adhere to predefined criteria for spatially adjacent, without con-
sidering the temporally proximate principles and its consistence
with spatial similarity and high-order correlation. To address this
limitation, we propose a framework in Continuous-time dynamic
networks based on Optimal Transmission and Metropolis Hast-
ings sampling (COM). Specifically, we utilize optimal transmission
theory to calculate the distribution similarity between the current
node and the time-valid candidate neighbors, aiming to minimize
the loss of temporal information during node information prop-
agation. Then we couple spatial structural information by apply-
ing the Metropolis-Hastings algorithm, which captures the local
structure of target links and global spatial correlations within the
network. We realize the fusion of spatiotemporal information using
an encoder model. The extensive experiments performed on 14
datasets from different fields demonstrate the superiority of COM
compared with representative and state-of-the-art competitors.

Index Terms—Continuous-time networks, dynamic link predic-
tion, Metropolis Hastings sampling, optimal transmission, spatio-
temporal information fusion.

I. INTRODUCTION

ETWORK data is ubiquitous across numerous fields, in-
cluding social networks, academic citation and collabora-
tion networks [1]. For dynamic graphs, entities are represented
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by nodes, and the connections between them, referred to as
edges or links. The majority of links in these networks are
continuously evolving over time, making it crucial to develop
an effective continuous time dynamic network link prediction
model. Such a model can reveal the underlying evolution pro-
cess of the network, facilitating a better understanding of the
structure, dynamics, and properties of the network. Furthermore,
dynamic link prediction models can be used for various practical
applications, including recommendation systems, traffic-flow
prediction, and fraud detection [2], [3], [4].

Dynamic link prediction has received considerable attention
in recent years, with the aim of modeling the evolution of
networks and predicting link relationships between nodes in
future time periods. The existing method for dynamic net-
work link prediction can be categorized into two strategies:
discretization-based and continuity-based modeling. Firstly, the
discretization-based method divides the dynamic network into
snapshots at multiple time points [5], [6]. These snapshots are
utilized in conjunction with static link prediction methods or
impact maximization techniques on multi-layer networks for
link prediction. In particular, community-based context-aware
influence maximization (C2IM) employs diffusion models to
maximize social impact in the network, and least cost influence
(LCI) addresses the challenge of least cost influence maximiza-
tion by mapping a set of networks into a single one [7], [8], [9],
[10]. On the other hand, the continuity-based approach considers
the temporal continuity of the network, which involves methods
such as time-valid random walks and graph neural networks
to model the network’s evolution process, such as time-relaxed
temporal random walk (TxTWalk), temporal dependent graph
neural network (TDGNN) [11], [12], [13].

However, when considering the temporal continuity of the
network and maximizing information propagation, temporal link
prediction becomes more challenging. Firstly, the interaction
of node information aligns with the cohesive explanation [14],
which means that temporally proximate and spatially adjacent
nodes are more likely to interact with each other. Existing
methods often fail to integrate temporal and spatial information
effectively, mainly focusing on the length of random walks [11],
[15]. In contrast, our approach focuses on evaluating the tempo-
ral distribution of nodes. By evaluating the temporal distribution
of nodes, we can more precisely identify nodes that exhibit
similar temporal behaviors. This approach enhances our ability
to predict interactions between nodes that share similar temporal
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Fig. 1. A motivating example illustrating the evolution of node temporal
distributions on dynamic graphs. In the left figure, as time proceeds, the edges in
the network increase and the temporal distributions of nodes evolve, as observed
in the variations of node v; in the top right figures. Distribution-based temporal
random walks capture similarities, reflecting spatial adjacency and temporal
proximity. For instance, in the left figure, at time ¢3, node vy selects node v3
instead of node vo due to their similar distributions, as demonstrated in the top
right and bottom right distribution figures.
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states, thereby minimizing the loss in the process of information
propagation. As shown in Fig. 1, node v; is more likely to choose
node v3. This suggests that nodes tend to connect not only with
spatially adjacent nodes but also with those that are temporally
proximate.

Secondly, the diversity of networks emphasizes the complex-
ity of analyzing network topology. Different networks show
intricate high-order structures, like motifs or simplex struc-
tures [16], [17]. The current methods typically capture these
high-order structures locally by introducing predefined criteria,
which can lead to models that overly rely on specific patterns
in the training data, resulting in unsatisfactory predictions.
Therefore, utilizing a method of global evolution to guide the
generation of local structures is advantageous. This approach
reduces the dependence on predefined criteria, thereby lowering
model complexity and the risk of overfitting.

To address these challenges, in this article, we introduce
a novel distribution-dependent deep random walk framework
aimed at addressing the aforementioned limitations and ex-
tracting potential spatiotemporal patterns from dynamic graphs
for temporal link prediction. Initially, we propose an optimal
transport module for node temporal information propagation
based on continuous-time evolution [18]. By quantifying the
Wasserstein distance between node temporal distributions, this
module not only measures temporal similarity but also identifies
critical topological relationships through the analysis of optimal
transport paths [19]. For capturing high-order topological cor-
relations in the spatial dimension, we employ the Metropolis-
Hastings (MH) algorithm [20]. It alleviates the oversampling
of hub nodes by promoting balanced exploration across the
state space, thereby improving the coverage of sparse areas in
long-tailed degree distributions. Then, we design a lightweight
encoder to adjust the node representation, preserving both tem-
poral dependencies and topological characteristics, thereby gen-
erating high-quality spatiotemporal topology features for the
network.

Our contributions can be summarized as follows:

1) We propose a novel scalable framework, named COM,
for continuous-time dynamic network link prediction, in
which we simultaneously exploit both network temporal
information and higher-order topological features to im-
prove prediction accuracy.

2) We design a new method to capture spatiotemporal pat-
terns in networks. Specifically, the optimal transmission
module is introduced to capture the similarity between
node state distributions through temporal information
propagation. Additionally, we utilize the Metropolis-Hast-
ings algorithm to extract high-order structures, which
reflect the relationship between local structural and global
networks with different distributions.

3) We conduct extensive experiments on 14 real networks
from different fields, and the results indicate its superiority
over several state-of-the-art methods.

The remainder of this article is organized as follows.
Section II reviews some related work and problem statements
are introduced in Section III. Section IV presents the proposed
algorithm in detail. Section V evaluates the performance of the
COM, and Section VI concludes the investigation.

II. RELATED WORK

Dynamic network link prediction is a critical problem in
network analysis, particularly in the era of Big Data where
the amount of information generated by networks is increasing
rapidly. Existing link prediction approaches can be broadly
categorized into three main paradigms: path-based methods,
embedding methods, and graph neural networks. Table I sum-
marizes the research focuses and differences among various link
prediction methods, organized by method category.

Path-Based Methods: Path-based methods are one of the
traditional approaches for link prediction in dynamic networks.
They aim to capture the similarity between nodes based on their
common paths or walks. Commonly used path-based methods
include Katz index [21] and Local Path index [22]. Several
studies have proposed variations and extensions of path-based
methods, such as the relation strength similarity (RSS) [23]
and the PathSim algorithm [24]. Path-based methods for link
prediction offer high accuracy and interpretability, but suffer
from computational complexity issues and the inability to cap-
ture dynamic network properties. Some methods for influence
maximization in multi-layer networks can also be applicable
to link prediction. MIM?2 addresses the challenge of multiple
influence maximization by performing a mapping to couple a
set of networks into a multiplex network via a direct linkage
strategy [25]. LAPSO-IM proposes a discrete particle swarm
optimization algorithm, leveraging learning automata to en-
hance social network influence maximization [26]. ACO-IM
adopts a local influence evaluation heuristic method to ap-
proximate the local influence within the two-hop area [27].
IM-SSO introduced a global impact evaluation function for the
IM optimization problem. This function offers reliable expected
diffusion values of influence spread under traditional diffusion
models [28].
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TABLE I
SUMMARY AND COMPARISON OF LINK PREDICTION METHODS
Type Name Contributions and Differences Reference
Local heuristics based on shared neighbors, assuming higher link probability
CN . . . [35]
for node pairs with more common neighbors.
jC Local heuristics estimating link likelihood via Jaccard index, measuring the [36]
ratio of shared neighbors to total neighbors.
EM Similarity index applying Dempster-Shafer theory and Shannon entropy, [37]
inferring link likelihood from local information.
Metric-driven heuristics | SPM Structural heuristics evaluating network regularity by analyzing feature [38]
changes after random edge removal.
Katz Global heuristics quantifying node proximity by integrating all possible paths, [21]
weighted by exponential decay to emphasise shorter path contributions.
Enhanced CN heuristics incorporating length-3 paths, optimizing the trade-off
Local Path b L . . [22]
etween prediction accuracy and computational complexity.
Path-based metric aggregating all connecting paths, where longer paths
RSS . [23]
contribute less.
PathSim Meta-path s1m11apty for heterogeneous networks, evaluating node similarity [24]
through symmetric meta-paths.
Multiplex network approach, mapping multiple networks into an integrated
MIM2 Lo . [25]
coupled structure via direct linkage.
LAPSO-IM Integrated wlth learnlpg automata, c]lss:ret; particle swarm optimization is [26]
used to optimize the influence maximization problem in social networks.
Heuristic optimization leveraging local influence estimation within a 2-hop
ACO-IM - . .2 [27]
neighborhood, enhancing prediction accuracy.
IM-SSO Globe.ll impact e\.laluatlon function for estimating influence spread in 28]
traditional diffusion models.
Activity-loyalty inspired dynamic prediction, utilizing activity backbone for
DMAB . . A . [39]
link formation and maintain-develop for persistence.
Graph convolution-based aggregation of neighboring node features to learn
GCN . : ; [32]
node representations and capture structural information.
GAT Enhanced GCN incorporating attention mechanisms to dynamically assign [33]
weights to neighboring nodes based on their importance. )
Neural architectures Dynamic GNN incorporating a temporal aggregator with exponential decay
TDGNN . . . . . [12]
weights to adjust the importance of neighbor nodes over time.
GC-LSTM Hybrid model comb}mn_g GCN a_nd LSTM to capture both structural and [34]
temporal dependencies in dynamic networks.
DvSAT Dynamic embedding utilizing self-attention mechanisms to capture temporal [49]
Y dependencies between nodes and their contexts.
Temporal graph attention network integrating structural information with
TGAT . . : . [50]
time-aware features to model dynamic relationships.
Neural framework embedding local topological features to enhance
SE-GRU o A [51]
robustness against structural variability and temporal delays.
GCN-based model inspired by the Hawkes process, capturing both node and
TREND . L . . [52]
event popularity to model individual and collective dynamics.
Node2vec Embeddings through biased random walks, capturing both local and global [29]
network structures.
Deepwalk Embeddings through uniform random walks to learn node representations, [30]
Latent space embedding P capturing structural relationships in the network.
Embeddings preserve first-order and second-order proximities by optimizing
LINE L . . . [31]
edge likelihood in a low-dimensional space.
. Embeddings with tunable similarity functions, leveraging random walks to
AdaSim . . [40]
capture network structures and node relationships.
CTDNE Temporal_embed@mgs leveraging time-aware node sampling to model [15]
dynamic interactions.
Distribution-aware spatiotemporal embeddings combining optimal transport
COM for temporal consistency and Metropolis-Hastings sampling for structural This paper.
correlations.

Embedding Methods: Link prediction using embedding meth-
ods has gained much attention in recent years due to their ability
to capture both structural and semantic information in networks.
These methods generate low-dimensional vector representations
for nodes, which can be used for predicting links. One popular
embedding method is the node2vec [29] algorithm, which learns
node representations by performing biased random walks on
the network and then uses Skip-gram models to learn repre-
sentations based on the sequences of nodes visited during the
walks. Other methods, such as DeepWalk [30] and LINE [31],
have also been proposed for link prediction based on node

embeddings. Embedding-based methods for link prediction have
the advantage of being computationally efficient and able to
handle large-scale networks.

Graph Neural Networks Methods: Deep learning models
can learn complex patterns and non-linear relationships from
network data, and have achieved promising results in link pre-
diction tasks. The most popular deep learning models for link
prediction include graph convolutional networks (GCNs) [32],
and attention-based models [33]. TDGNN integrates temporal
information into GNNs through a novel temporal aggregator,
which assigns aggregation weights to neighboring nodes based
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Schematic of COM. COM first conducts sampling on the graph to generate temporal and spatial random walks, respectively. Within the temporal dimension,

the optimal transmission module is employed to measure the similarity between node state distributions, aiming to maximize information propagation. In the spatial
dimension, MH sampling is utilized to derive Markov chains that follows the global network distribution to capture structural information. Edge embeddings are
then obtained using an encoding model. Finally, a fully connected classifier is employed to score and predict future link connections. The D(V;) and D(V3) in
the figure represent the state distribution of nodes vy, and v2. AR denotes the acceptance rate, which determines each step of spatial random walk.

on an exponential distribution, thereby emphasizing the tempo-
ral differences among edges [12]. GC-LSTM is a novel end-
to-end model for dynamic network link prediction, leveraging
the strengths of GCN for local structural learning and LSTM for
modeling temporal dependencies across network snapshots [34].

III. PRELIMINARIES AND PROBLEM FORMULATION

Definition 3.1 (Continuous-Time Dynamic Networks): Cont-
inuous-time dynamic networks are networks in which the links
between nodes can appear and disappear over time in a contin-
uous fashion, rather than in discrete time steps. In mathematical
terms, given a time-varying graph G = (V, &7, T), where V is
a set of nodes or vertices, and £7 is a set of edges or links that
varies with time 7. [V| and |E7| denote number of nodes and
edges. This paper concerns graphs that are directed and do not
have weights assigned to the edges.

The edges in &7 can appear or disappear at any point in time,
and are represented by a triplet ef’ ;= (vi,v5,t) € Er, where
v; and v; are the nodes that the edge connects. Nodes that are
connected imply that they are neighbors to each other. We further
define the temporal neighbors.

Definition 3.2 (Temporal Neighborhood): For a given node
v € V and a timestamp ¢t € 7, the temporal neighborhood of v
is denoted as NV (v). Formally,

Ni(v) = {(w,t)|e} , = (v,w,t') € Er At >t} (1)

The size of the temporal neighborhood of a node v at time
t is given by the cardinality of N;(v), denoted as |[N;(v)|. The
temporal neighborhood provides information about the imme-
diate network context of a given node, which can be useful in
predicting its future connections.

Definition 3.3 (Link Prediction in Continuous-Time Dynamic
Networks): Continuous-time dynamic network link prediction
that focuses on predicting the appearance or disappearance of
links over a continuous time period. This can be formulated as
a random event, where the occurrence of each link is a random

event that happens at a specific time with a certain probability.
The goal of link prediction is to predict the presence or absence
of a link between any two nodes v; and v; in the future graph
G=,Er, T+ AT), where AT is the time horizon.

Definition 3.4 (Temporal Network Embedding). The goal of
temporal network embedding is to learn a function that maps
each node in the network to a low-dimensional vector that
captures its temporal dynamics and network topology. Formally,
mapping ¢ : V — R!, ¢(u) = x,, where x,, is called a temporal
embedding of node u € V.

IV. METHODOLOGY

In this section, we delve into the details of generating embed-
dings and their utilization for link prediction. Fig. 2 illustrates
an overview of the entire process.

A. Framework Overview

The key idea of COM is to establish a dynamic network
link prediction framework that can capture continuously evolv-
ing spatiotemporal pattern on the graph. To achieve this, it is
represented as an encoder-decoder model. COM first extracts
network patterns in both the temporal and spatial dimensions and
encodes them as low dimensional representation vector. Then,
the decoder combines the encoder with a simple MLP to make
task-specific predictions. It can be represented by the following
function.

Zr = f(g(GV,€1,T7))). @)

The encoder g in the equation above encodes the dynamic
graph to generate node representations based on coupled tem-
poral and spatial features, which are then synthesized to obtain
edge representations (the synthesis strategy will be analyzed
in the experiment). The decoder f predicts whether edges are
connected based on vector decoding, and we use the simplest
MLP for this task (other machine learning models could be used
instead). In the equation, Z7 € {0, 1} represents the predicted

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on March 09,2026 at 12:31:44 UTC from IEEE Xplore. Restrictions apply.



198

value for the edge to be predicted, where the ground truth
Zy =1 if there is an interaction between two nodes and 0
otherwise.

B. Modeling Temporal Information Process

In dynamic graphs, edge changes indicate information trans-
mission between nodes. A highly efficient approach for net-
work representation is to integrate temporal information through
random walks, ensuring minimal information loss during the
process. When nodes exhibit similar structures, the loss of infor-
mation propagation between them typically decreases. Further-
more, nodes sharing similar distributions often possess similar
structures, neighboring nodes or connection patterns, facilitat-
ing smoother information flow between them [41]. Optimal
transmission, which captures the similarity between distribu-
tions, can serve as a powerful tool for maximizing information
propagation.

1) Optimal Transmission: The French mathematician
Monge first introduced the optimal transmission problem,
which aimed to determine the most efficient way to transport
sand piles from one location to another by considering various
transmission methods with different associated costs. The
objective of this problem is to identify the solution with the
lowest transmission cost among all possible transmission
schemes [18]. It has been shown to effectively identify the
most influential nodes in a network and enhance information
transmission efficiency. Applying it to our tasks, optimal
transmission refers to the process of transmitting information or
data from one node to another in the most efficient and effective
manner possible with minimal information loss. The optimal
transmission problem is defined as minimizing the distance
between the node and its neighbors,

d(u,v) = min <P, G >, 3)
veN (u)
in which NV;(u) means the time-valid neighbors of u at time
t and P, represents the matrix composed of node probability
distribution.

2) Wasserstein Distance: The optimal transmission prob-
lem’s minimum value is represented by the Wasserstein distance,
a distance measure in probability space that characterizes the
minimum transmission cost from source node u to target node
v [19]. It is a natural way to define distance between two
probability measures in the measurement space, and provides a
means to measure the difference between probability measures
u and v. The Wasserstein distance formal expression for the
probability distributions of u and v at time ¢, assumed to be p
and g, is as follows:

W(p,q) = inf Egy[llz—yll] )

Y~II(p,q)

The set of all possible joint distributions that combine distri-
bution p and ¢ is denoted by II(p, q). For each joint distribution
v in this set, a pair of samples = and y can be sampled from it
by drawing (x,y) ~ -, and the distance ||« — y|| between these
samples can be calculated. The Wasserstein distance is defined
as the infimum for the expected value of this distance over all
possible joint distributions +.
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Algorithm 1: Temporal-biased Sampling..

Input: Input networks G = (V, &7, T),
max_walk_length L, start_edge !, , = (v,u,t), number
of context windows C', context window size w, number
of walks for each node R, temporal context window
count 5 =R X N x (L—w+1).

Output: Temporal-biased random walk sequences
walks Wy (u).

Acquire curr_node = u; walks =[]
while 5 — C > 0do
fori=1:min{L,C} —1do
Compute time-valid neighbors Ny (curr_node)
with (1);
if [NV:(curr_node)| > 0 then
distance =[]
for v; € Ni(curr_node) do
Py (curr_node) = p, Py(v;) = q
distance.append(Wasserstein(p, q))
index = argmin(distance)
next_node = Ny(curr_node)|index]
curr_node = next_node
walks.append(curr_node)
if |walks| > w
C=C+ (walks| - w + 1)
endwhile

3) Temporal-Biased Dynamic Random Walks: When it
comes to node information propagation in networks, the sam-
pling strategies of CTDNE rely on biased or unbiased distri-
bution assumptions of nodes in a time-valid space, which can
result in inaccuracies or loss of information [15]. In contrast, the
calculation of the Wasserstein distance based on the probability
distribution of nodes offers a way to estimate the minimum loss
of time information when sampling the next node. Specifically,
the Wasserstein distance captures the similarity between the
probability distributions of nodes in the network, enabling the
identification of nodes with similar information propagation
patterns and facilitating to maximize information propagation.
More precisely, at a given time ¢, for a node u, we select the time-
valid neighbors NV;(u) and calculate the Wasserstein distance
based on the probability distribution (Py(u), ..., Pi(v;)(v; €
Ni(u))) of node u and its neighbors at the current time ¢,
and use it to determine the next sampling node of the random
walk. The probability distribution of a node is composed of
the degree information of its neighbor nodes at the current
time. We finally obtain the random walk sequence W;(u) =
(v1, .. v)(v1 € Ni(u),vip1 € Ni(v;)) started from node .
In the time dimension, we limit the maximum step size of the
random walk, without setting a specific walk length, as in the
setting of CTDNE [15]. The overall process of the proposed
temporal-biased random walk strategy is given in Algorithm 1.

C. Modeling Spatial Information Process

Network structure plays a key role in understanding net-
work evolution mechanisms. Current methods involve extracting
high-order structures by gathering neighbor nodes within 1-hop
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or 2-hop distances, or by sampling nodes based on predefined
criteria [42]. These methods fail to consider the correlation
between local structure and global system evolution patterns,
which often leads to overfitting of the model and unsatisfactory
prediction. The distribution characteristics of the global network
influence the formation and evolution of local structures. In
our model, we employed the Metropolis-Hastings sampling
algorithm to derive spatial structures, generating random walk
sequences that follow the global network distribution.

1) Metropolis Hastings Sampling: Metropolis-Hastings
(MH) Sampling is a Markov Chain Monte Carlo (MCMC)
method, widely used for generating samples from a probability
distribution that is difficult to sample directly [43]. Assuming
m(+) is the target probability distribution defined on a sample
space €2. The main idea behind MCMC is to construct a Markov
chain on (2 that has 7(+) as its stationary distribution. The MH
algorithm is a specific MCMC method used to design a Markov
chain with a desired stationary distribution.

To implement the MH algorithm, a conditional probability
mass function ¢(y|z) is first specified, where z, y € Q. At each
iteration ¢, a candidate sample z¢ is drawn from the proposal
distribution q(-|2*~1), where 2~ is the sample selected in the
previous iteration. The candidate sample is then accepted with
a probability given by the MH acceptance ratio p(x~!,z¢),
which depends on the ratio of the target distribution 7(-) and
the proposal distribution ¢(-|2*~1). The formula to compute the
acceptance ratio is as follows,

r(e) gl
el B

If the candidate sample ¢ is accepted, then z* is updated to x°.
Otherwise, =* remains the same as the previous sample z°~ .

2) Spatial-Biased Random Walks: Metropolis Hastings sam-
pling provides a more flexible proposal distribution to gener-
ate local structures that satisfy the correlation with the global
network evolution distribution, and improves sampling effi-
ciency by reducing the number of rejected samples. Clearly, we
present an edge sampler utilizing the Metropolis-Hastings (MH)
sampling technique on graphs, where the target distribution
is assumed to be the uniform distribution. To utilize the MH
sampling method, we adopt the uniform distribution as the
conditional probability mass function ¢(-|u), which is given by
q(-|u) = 1/deg(u), where deg(u) represents the degree of the
node u. As a result of the symmetry of the uniform distribution,
the acceptance ratio p(z*~!, x¢) for the ith candidate ¢ can be
reduced to

p(z*t, 2¢) = min {1,

i1
p(a't,a¢) = mz‘n{l, %} (6)
We choose the uniform distribution as the conditional probability
mass function ¢(-|u) due to its computational efficiency in
calculating acceptance rates. Furthermore, the use of uniform
distribution for the edge sampler allows for convergence to any
discrete target distribution [20].

Our spatial-biased sampling strategy aims to generate a
representative sampling set correlated with the distribution of

global network evolution. By employing the MH algorithm,

Algorithm 2: Spatial-biased Sampling..

Input: Input networks G = (V, &7, T), max_length
maz_length, start_edge el, , = (v, u,t).
Output: Spatial-biased random walk sequences
walks Ws(u).
Acquire curr_node = u
walks =[]
while len(walks) < max_length do
Select node w uniformly at random from neighbors
N (curr_node) of curr_node
Generate uniformly at random a number 0 < p <1
if p < deg(curr_node)/deg(w) then
curr_node = w
walks.append(curr_node)
else
stay at curr_node
end while

the resulting Markov chain is both aperiodic and recurrent, and
converges to the target distribution. During the random walk
based on the MH algorithm on the graph, given node u at time
t, the next node is sampled from all neighbors based on the
MH algorithm. Unlike temporal-biased sampling, our sampling
space includes all neighbors, not just the time-valid ones. Finally,
we obtain the spatial-biased random walk sequence W (u) =
(v1,..., oK) (v1 € N(u),vi11 € N(v;)) with a source node of
u, where the length of the random walk is a hyperparameter.
In our experiment, we set the step size to 8 based on several
studies, which suggests that focusing on lower-order neighbors
can provide more information for network structure [44]. The
overall procedure is described in Algorithm 2.

D. Network Topology Scheme

In contrast to traditional models, the random walk mechanism
in COM is guided by both temporal node interaction patterns and
global topological information. As shown in Fig. 3, node asso-
ciation strength is not only reflected in interaction frequency but
also captured by the temporal distribution of event occurrences.
By employing the Wasserstein distance to measure differences
in temporal distributions, our approach quantifies the optimal
transport cost to capture behavioral similarity among nodes,
thereby uncovering implicit topological dependencies during
temporal evolution.

For spatial exploration, employing a uniform distribution in
Metropolis-Hastings (MH) sampling reduces the traditional bias
toward hub nodes. This ensures balanced access probabilities
throughout the state space, improving coverage in the long-tail
region of the degree distribution while avoiding excessive sam-
pling of highly connected nodes. Consequently, the sampled
sequences both reflect local connection patterns and capture the
statistical properties of the global topological structure.

E. Encoding Spatiotemporal Coupling Random Walks

1) Skip-Gram Embedding: Word2vec represents words as
embeddings in a continuous vector space for natural language
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Fig. 3.

Temporal

Schematic of the COM network topology. This toy example illustrates the random walks process (top-left). For node objects in dynamic graphs, the

temporal dimension of the random walk (orange lines) is computed via the Wasserstein distance from the temporal distribution (top-middle), while the spatial
dimension (red lines) is determined by the degree distribution (top-right). The bottom figure presents random walk sequences from different starting nodes.

processing (NLP) tasks like machine translation, text classifi-
cation, and sentiment analysis [45]. Skip-gram, a type of the
Word2vec, predicts context words for a target word, effectively
capturing semantic and syntactic relationships [46]. Building
upon the obtained random walk sequences in both the temporal
and spatial dimensions, we integrate the two to obtain a novel
spatiotemporal random walk sequence W,s. The W;, sequence
consists of three parts that are concatenated together: first the
target link, followed by the temporal-biased and spatial-biased
sequences. This combined sequence allows for the exploration of
both spatial and temporal information in a coherent manner, pro-
viding a more comprehensive understanding of the underlying
network structure. The mathematical description of Skip-gram
used in dynamic network representation learning is as follows.
Given a spatiotemporal random walk sequence Wy, it maxi-
mizes the co-occurrence probability among the nodes that appear
within a window,

max log PWes = {vicw, - -, Vigw } \ il f(v3)), (D)

where f: )V — RP is the embedding function, w is the context
window size for optimization. We assume conditional inde-
pendence of the nodes, and the optimization problem can be
formulated as:

PWilfw) = [T Ploslf (). ®)

vj EWrs

Algorithm 3: Edge Representation..

Input: Input networks G = (V, Er, T), start_edge

et . = (v,u,t), the number of walks for each node R,
binary operations D={Concatenation, Mean, LI, L2,
Hadamard}.

Output: Edge Representation z,,.
Acquire curr_node = u
Fori=1:Rdo
se(w) = [(v, w), Wi (u), We(u)]
Wit (u) = [Wey (w), Wi (w), ..., Wik (u)]
Carry out Skip-gram with Wy, (w),w € V
Obtain node embedding z,,, z,
Choose one binary operation ® from D
Edge embedding representation z,, = (2, © zy)

F. Edge Representation

Using the node embedding obtained from optimizing the
transmission of information in the time dimension and fully
exploring the surrounding spatial structure through MH sam-
pling, we generate edge representations via binary operations.
The process of generating representations of edges is shown in
Algorithm 3. Specifically, we create the final edge representation
Zyy Using the embedding representations z,, and z,, of nodes
u and v. We experiment with five different binary operations:
Concatenation, Mean, L1, L2 and Hadamard.
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TABLE II
STATISTICS OF THE DATASETS USED IN OUR EXPERIMENTS

Dataset V]| |E7| d Timespan(days)
Contact 274 282K  206.2 39
Hypertext 113 20.8K  368.5 2.4
Enron 151 50.5K  669.8 1137.5
Radoslaw 167 829K  993.1 271.1
Fb-forum 899 33.7K 75 164.4
Email-eu 986 3323K  674.1 803.9
Bitcoin-Alpha 37K 24.1K 12.8 1901
Bitcoin-OTC 5.8K 35.5K 12.1 1904
Slashdot-reply 51K 140.7K 2.7 977.3
Wiki-elec 7.1K 107.0K  30.1 1378.3
Wiki-talk 1.14M  7.83M 6.54 2320
Flickr 2.3M 33.1M 2378 365
DBLP 1.2K 10.7K  18.24 3653
Prosper 2.6K 46.5K 36.34 62

V. EXPERIMENTS
A. Experimental Setup

1) Datasets: We evaluate the performance of COM using
14 real-world dynamic networks: Contact, Hypertext, Enron,
Radoslaw, Fb-forum, Email-eu, Bitcoin-Alpha, Bitcoin-OTC,
Slashdot-reply, Wiki-elec, Wiki-talk, Flickr, DBLP and Prosper.
Table II provides a summary of the detailed information for
each dataset. The datasets we use are from Stanford Network
Analysis Platform (SNAP),! a general purpose network analysis
and graph mining library.

® (Contact: This human contact network was collected via
wireless devices worn by event attendees. A link is estab-
lished when two individuals contact each other at a specific
timestamp.

e Hypertext: This network shows face-to-face interactions at
the ACM Hypertext Conference 2009, with nodes repre-
senting attendees and edges denoting 20-second contacts.

e FEnron: The Enron email network consists of emails sent
between employees of Enron. Nodes in the network are
individual employees and edges are individual emails.

® Radoslaw: This network represents email exchanges
between employees of medium-sized manufacturing
companies, with nodes as employees and edges as email
exchanges.

e Fb-forum: The dataset is from an online student forum
at the University of California, similar to Facebook. The
network includes users as nodes and their interactions as
links, covering over five months.

® FEmail-eu: The network was constructed from email data
gathered at a large European research institution. Nodes
represent users, and edges represent exchanged emails
between them.

® Bitcoin-Alpha: This is a who-trusts-whom network from
Bitcoin Alpha, where nodes represent users trading Bit-
coin. Edges denote ratings from -10 to +10, indicating the
source’s rating of the target user.

® Bitcoin-OTC: Another who-trusts-whom network among
bitcoin users trading on the OTC platform, similar to the
Bitcoin-Alpha dataset.

Thttps://snap.stanford.edu/

e Slashdot-reply: The Slashdot reply dataset illustrates a so-
cial network platform, capturing interactions among users.
It specifically includes reply relationships on the Slashdot
forum.

® Wiki-elec: The dataset contains all administrator elections
and vote history data based on the latest complete dump of
Wikipedia page edit history.

e Wiki-talk: This dataset, collected between November 2001
and August 2007, records editing activities on user Talk
pages. Each node represents a user’s Talk page, and each
link denotes an editing activity by one user on another
user’s Talk page.

o Flickr: The Flickr dataset, collected from the photo-sharing
platform Flickr in 2008, features nodes representing users
and edges indicating their friendship connections.

e DBLP: The DBLP citation network consists of nodes rep-
resenting scientific publications, such as papers and books,
with edges indicating citations between them.

® Prosper: A directed network from Prosper.com shows
loans between members, with edges from lenders to bor-
rowers and timestamps indicating when the loans occurred.

2) Evaluation Metrics: The accuracy of link prediction
methods in continuous-time dynamic networks can be evaluated
using various metrics. In this paper, we apply 1) AUC [47] and
2) AP [48], which measure the performance of the prediction
method in terms of true positive rate, false positive rate, and
precision.

3) Baselines: To evaluate the effectiveness of COM, we com-
pare it with three kinds of methods: 1) heuristic methods includ-
ing Common Neighbors (CN), Jaccard Coefficient (JC), EM
and SPM. 2) static link prediction methods including node2vec,
LINE, AdaSim. 3) dynamic link prediction methods including
CTDNE, DySAT, TGAT, SE-GRU, TREND and DMAB.

e CN [35]: The algorithm uses the number of common

neighbors as an indicator to measure the possibility of
establishing a link between two nodes.

CN(z,y) = [N(z) N N(y)| ©)

e JC [36]: This algorithm evaluates the probability of con-
necting edges also by measuring the number of common
neighbors, it is the normalized version of CN.

oy — V@O NG)

= [N(z) UN()| {10

e EM [37]: EM is a link prediction similarity index based
on Dempster Shafer theory, which measures the link pre-
dictability through local information and Shannon entropy.

e SPM [38]: SPM is a structural consistency index based
on adjacency matrix perturbation, applicable without prior
knowledge of network organization. It assesses network
regularity by comparing structural features before and after
random removal of a small group of links.

® Node2vec [29]: Node2vec is a network representation
learning algorithm that optimizes second-order proximity
using biased random walks to learn low-dimensional node
representations, with DFS and BFS parameters controlling
node representation.
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e LINE [31]: LINE is a scalable framework for learning
high-quality node embeddings in large networks. It opti-
mizes an objective function that incorporates both first-
order and second-order proximity.

® AdaSim [40]: AdaSim is a link prediction framework
that utilizes node features embedding in networks based
on random walks. It defines a flexible similarity function,
guided by a tunable parameter to optimize the model’s
performance.

e CTDNE [15]: CTDNE is a method for learning low-
dimensional representations of nodes in dynamic networks
based on their temporal interactions and dynamics, using
a node sampling strategy incorporating time information.

o DySAT [49]: DySAT is a dynamic graph embedding
method that leverages self-attention to capture the temporal
dependencies of nodes and their surrounding contexts for
link prediction in dynamic networks.

o TGAT [50]: TGAT is a deep learning model for dynamic
graph representation learning. It employs attention mech-
anisms to capture temporal and structural information,
demonstrating strong performance across dynamic graph
prediction tasks.

® SE-GRU [51]: SE-GRU is a prediction framework based
on neural networks, which embeds the structure of local
topological features to strengthen the prediction robust-
ness against frequency variation and occurrence delay of
connections.

e TREND [52]: TREND is a GCN-based method inspired
by the self-exciting effect of the Hawkes process, which
integrates event and node popularity to capture both indi-
vidual and collective event characteristics, enhancing the
modeling of dynamic processes.

e DMAB [39]: The DMAB model predicts links by using
two modules: the Activity Backbone for link formation
based on activity, and the Maintain-Develop Module for
maintaining or forming links based on loyalty.

We assess the effectiveness of the COM on the temporal
link prediction task. For this, we sort edges in each graph by
ascending chronological order and use the first 75% for repre-
sentation learning. We consider the remaining 25% as positive
links and randomly generate an equal number of negative edges
for generating labeled examples for link prediction. Node2vec,
LINE, and DySAY use the logistic regression classifier; CTDNE
and TGAT use the MLP classifier. We follow the setting in
the original paper for the choice of parameters in the baseline
experiment. The specific settings of parameters in the COM
model are as follows, the window size w in Skip-gram model is
set to 10. Besides, the maximum walk length L is set to 80, the
number of walks for each node R is set to 10, and the embedding
dimension D is set to 128.

B. Experimental Results

The link prediction performance of all methods was evaluated
in terms of AUC and AP, and the results are summarized in
Table III. The reported performance is an average over ten
repetitions. To enhance aesthetic layout, we have presented the
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results of six models [53], as shown in Fig 4. Overall, our pro-
posed model shows competitive performance compared to other
methods. Table III shows that the heuristic method performs
well on dense networks, while static models such as Node2vec,
LINE and AdaSim perform poorly since they only consider node
representations obtained from random walks without temporal
information. Dynamic graph models, which capture temporal
information in the network, outperform static models. The
performance of CTDNE is improved by using a random
walk algorithm that considers temporal information. On most
datasets, graph neural network methods DySAT, TGAT, SE-
GRU and TREND perform better than other methods, as they
can aggregate neighbor information through attention mech-
anisms to obtain better node representations. From an inter-
pretability perspective, DMAB achieves competitive perfor-
mance by leveraging node activity and loyalty, without rely-
ing on the message-passing aggregation mechanism of GNNs.
Our proposed method, which optimizes temporal informa-
tion propagation while coupling spatial structures informa-
tion, achieves better performance in most cases than other
dynamic models. Although its AP values perform slightly
worse in Hypertext and Wiki-elec, it is still competitive. In
summary, our method can achieve satisfying results on both
sparse and dense graphs. The promising results presented
above suggest that the node embeddings obtained through our
method can be utilized as favorable features for link prediction
tasks.

We experiment with different training percentages and pre-
sented the AUC results of our model comparing CN, node2vec,
and CTDNE in Fig. 5. We used the last 25% of the edges as the
test set and gradually increased the number of training edges
in reverse chronological order from 35% to 75%. Our proposed
method’s AUC values are indicated by red lines, and baseline
methods are denoted with different colors. The figure showed
that our proposed method outperformed almost all baseline
methods under different percentages of training data. COM
demonstrates stable AUC performance across different domains,
such as Flickr, DBLP, and Prosper. This indicates that our model
exhibits strong generalization ability, effectively adapting to
feature variations across domains, while maintaining robustness
and stability when handling complex data from various domains.
The CN method’s performance deteriorated with the increase
of the training set proportion on the Contact, Hypertext, and
Radoslaw datasets, possibly due to the addition of edges far
from the current time period to the network, which introduced
more noise to the model. Node2vec’s performance is unstable
and fluctuates significantly across most datasets. The trend of
CTDNE is very similar to our model. In general, a larger training
set should generally provide a better performance. COM exhibits
consistent and stable performance on different training sets of
most datasets, demonstrating its capacity to learn essential net-
work features and patterns and its robustness and generalization
across different data scales. Notably, for datasets Hypertext,
Enron, and Wiki-elec, when increasing the training rate from
65% to 75%, there is a notable enhancement in the model’s
performance, which emphasizes the relevance of recent data for
precise predictions.

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on March 09,2026 at 12:31:44 UTC from IEEE Xplore. Restrictions apply.



ZHANG et al.: EFFICIENT LINK PREDICTION IN CONTINUOUS-TIME DYNAMIC NETWORKS USING OPTIMAL TRANSMISSION

TABLE III
EXPERIMENTAL RESULTS OF DIFFERENT METHODS ON DIFFERENT DATASETS
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Datasets Contact Hypertext Enron Radoslaw Fb-forum Email-eu Bitcoin-Alpha
Metrics AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP
CN 0.969 0973 | 0.761 0.753 0.936 0.933 | 0.942 0935 | 0.700 0.687 | 0.962 0.959 | 0.721 0.721
JC 0.901 0.817 | 0.788 0.754 0.883 0.867 | 0.862 0.820 | 0.684 0.616 | 0.965 0.964 | 0.792 0.748
EM 0913 0.845 | 0.785 0.634 0.898 0.867 | 0.903 0.858 | 0.714 0.660 | 0.946 0.864 | 0.805 0.762
SPM 0.895 0.872 | 0.735 0.709 0.856 0.831 | 0.896 0.872 | 0.703 0.685 | 0.934 0.901 | 0.787 0.757
Node2vec 0.878 0.835 | 0.693 0.662 0.721 0.703 | 0.794 0.772 | 0.722 0.735 | 0.717 0.709 | 0.836 0.847
Line 0.736 0.718 | 0.621 0.607 0.551 0.536 | 0.609 0.584 | 0.642 0.612 | 0.650 0.649 | 0.750 0.724
AdaSim 0.849 0.841 | 0.727 0.718 0.863 0.851 | 0.774 0.723 | 0.766 0.762 | 0.743 0.740 | 0.799 0.795
CTDNE 0.907 0918 | 0.893 0.897 0.843 0.837 | 0.841 0.846 | 0.818 0.825 | 0.729 0.691 0.837 0.820
DySAT 0.947 0918 | 0.715 0.709 0.878 0.855 | 0.817 0.798 | 0.821 0.803 | 0.959 0.951 | 0.846 0.822
TGAT 0.921 0.906 | 0.959 0.927 0.786 0.774 | 0.905 0.882 | 0.878 0.831 | 0.719 0.691 | 0.872 0.676
SE-GRU 0.963 0948 | 0951 0914 0.831 0.802 | 0973 0.898 | 0.894 0.832 | 0.933 0.927 | 0.906 0.828
TREND 0.935 0.653 | 0.682 0.537 0.627 0.682 | 0.769 0.741 | 0.724 0.643 | 0.811 0.762 | 0.863 0.844
DMAB 0.958 0.746 | 0.764 0.797 0.736  0.613 | 0912 0.829 | 0919 0.862 | 0.974 0.841 | 0.933 0.829
COM 0.989 0982 | 0959 0.923 0.953 0.946 | 0.986 0.982 | 0.923 0.893 | 0.979 0.976 | 0.878 0.863
Datasets Bitcoin-OTC  Slashdot-reply Wiki-elec Wiki-talk Flickr DBLP Prosper
Metrics AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP
CN 0.718 0.717 | 0.856 0.849 0.780 0.776 | 0.761 0.760 | 0.742 0.732 | 0.873 0.867 | 0.821 0.784
JC 0.742 0.693 | 0.757 0.755 0.844 0.825 | 0.687 0.639 | 0.712 0.682 | 0.609 0.615 | 0.746 0.783
EM 0.751 0.745 | 0.776  0.762 0.867 0.839 | 0.773 0.744 | 0.779 0.742 | 0.607 0.714 | 0.848 0.603
SPM 0.710 0.683 | 0.769 0.742 0.842 0.815 | 0.756 0.748 | 0.723 0.711 | 0.885 0.646 | 0.752 0.628
Node2vec 0.755 0.693 | 0.794 0.656 0.601 0.737 | 0.783 0.641 0.807 0.784 | 0.688 0.593 | 0.740 0.700
Line 0.726 0.699 | 0.782 0.771 0.625 0.619 | 0.766 0.748 | 0.772 0.756 | 0.642 0.642 | 0.747 0.656
AdaSim 0.737 0.709 | 0.825 0.805 0.718 0.724 | 0.836 0.802 | 0.835 0.816 | 0.868 0.685 | 0.871 0.708
CTDNE 0.807 0.776 | 0.891 0.872 0.826 0.726 | 0.905 0.881 0.857 0.845 | 0913 0.798 | 0.823 0.799
DySAT 0.856 0.829 | 0920 0913 0.816 0.804 | 0.937 0.892 | 0921 0.909 | 0.861 0.885 | 0.903 0.826
TGAT 0.823 0.808 | 0.942 0.924 0.953 0.956 | 0.916 0.901 0.924 0911 0.825 0.828 | 0.843 0.736
SE-GRU 0.876 0.866 | 0.949 0.897 0.904 0.891 | 0.908 0.895 | 0949 0.926 | 0.904 0.708 | 0.746 0.713
TREND 0.692 0.687 | 0.785 0.685 0.723 0.609 | 0.748 0.737 | 0.884 0.624 | 0.702 0.875 | 0.700 0.835
DMAB 0.909 0.671 0.871 0.739 0.782 0.602 | 0.803 0.664 | 0.708 0.715 | 0.852 0.761 | 0.869 0.779
COM 0.885 0.893 | 0.956 0.932 0.956 0.938 | 0.921 0.905 | 0.968 0.937 | 0.934 0.869 | 0.883 0.874
The best-performing methods are bold.
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Fig. 5. AUC comparison was performed on all datasets of CN, Node2vec, CTDNE and COM using different percentage training links. For each dataset, 35%,

45%, 55%, 65%, and 75% of all links in networks were used as training sets.
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Fig. 6. Network growth pattern of different datasets. We normalize the time

of the network to start from 0. The horizontal axis represents the evolution time
of the network, and the vertical axis represents the frequency of edges appearing
during the corresponding time period.

Additionally, we conducted a comprehensive analysis of
the model’s performance across different datasets. To provide
further insights into these differences, we visualized the data
distribution of edges in various networks, as shown in Fig. 6,
and fitted them with curves. Notably, networks Contact and
Hypertext, depicted in blue, showcased superior performance
on our proposed COM model, while networks Bitcoin-Alpha
and Fb-forum, represented in orange, exhibited relatively poor
performance. The figure reveals that the evolution and growth
pattern of the network that performs well in the model shows reg-
ularity. Conversely, networks with lower performance display
erratic distribution and higher volatility, with noticeably slower

growth rates in later stages. These observations further confirm
the effectiveness of the COM model in capturing information
pertaining to the growth and evolution patterns of dynamic
networks.

C. Embedding Analysis

We use binary operations to combine node representations
into edge representations and compare the performance of dif-
ferent methods. Fig. 7 shows that the effectiveness of each
method varies across datasets. The experimental results show
that the concatenation operation outperforms other edge repre-
sentation methods on most datasets, indicating its effectiveness
in preserving structural information. In Radoslaw, Email-eu,
and Wiki-talk, the Mean operation performs more efficiently,
highlighting its suitability for certain types of network structures.
Meanwhile, the L2 operation exhibits poor performance on
most datasets, especially on Bitcoin-Alpha and Bitcoin-OTC,
suggesting a substantial loss of distinctive information. Based
on these results, it can be concluded that other binary operations
lead to information loss when compared to concatenation. Thus,
we selected concatenation as the binary operation for our model.
Notably, the performance of different methods on the Forum,
Bitcoin-Alpha datasets shows significant variability, possibly
due to the network’s sparsity and the slow growth of the network
in the later stage as shown in the network growth pattern of
different datasets in Fig. 6.

D. Statistical Test

In this section, we apply the Friedman test and post-hoc
Bonferroni-Dunn test to examine whether the performance of
COM has statistical significance [54]. The Friedman test is used
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Fig. 7. Different edge representation methods test in COM across all datasets, measured by AUC.
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structure information (w/o MH) on COM performance, respectively.

to check the outperformance of COM is statistically signifi-
cant, with the null hypothesis being that all models perform
equally. Subsequently, the Bonferroni-Dunn test is employed
to further investigate whether the performance of the focused
model (COM, in our case) significantly differs from other mod-
els after rejecting the null hypothesis of the Friedman test.
Both tests are based on the ranks of models, where the best-
performing model is ranked 1, the second-best is ranked 2, and
so forth.

The tests are conducted among the four well-performing
models: COM, CTDNE, EM, and AdaSim. The ranks of these
models are determined based on their performance on each
dataset, which is measured using specific metrics. For instance,
considering AUC as the evaluation metric, on the Contact
dataset, the ranks of COM, CTDNE, EM, and AdaSim are 1,
3, 2, and 4 respectively. Friedman and Bonferroni-Dunn tests
are performed based on these ranks and the result is shown in
Fig. 9. The significance level « is set to 0.05.

As observed in the results, the p-value 1.8e — 5 of the Fried-
man test is significantly less than «, indicating the rejection
of the null hypothesis that these four models have the same
performance. Therefore, the Bonferroni-Dunn test is needed for
further comparison. As depicted, the average rankings of COM,
CTDNE, EM, and AdaSim are 1.000, 2.583, 2.916, and 3.500
respectively. All other models have average ranks greater than
COM’s average rank, with differences exceeding the critical
difference (CD) value of 1.26174. In the Bonferroni-Dunn test,
any model differing from the focused model by at least CD is

Email-eu Wiki-elec

AUC AP

Comparative analysis of AUC and AP results. Evaluating the impact of only considers optimal temporal information propagation (w/o OT) and spatial

I. Friedman Test, y?(3) =24.7, p=18e -5

II. Post-hoc: Bonferroni-Dunn Test

CDh=126174
2, 0583 ? 3500 4
11000 7 21916
comMm - AdaSim
CTDNE EM

Fig. 9. Results of the statistical test. Step I shows the result of the Friedman
test, including x? statistics and the corresponding p-value. Meanwhile, step IT
illustrates the critical difference diagram derived from the Bonferroni-Dunn test,
where the critical difference (CD) is marked in blue, and the average rank of
each model is highlighted in red.

considered significantly different in performance. Hence, the
test results indicate that COM significantly outperforms other
models in terms of prediction accuracy. In summary, these results
verify that the superior performance of COM over baseline
models holds statistical significance, which is proof of the
effectiveness of COM from a statistical perspective.

E. Ablation Study

In Fig. 8, we present the results of ablation studies conducted
on the Hypertext, Enron, Email-eu and Wiki-elec in both tem-
poral and spatial dimensions to examine the impact of temporal-
biased and spatial-biased sampling strategy on dynamic link
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prediction. Specifically, we additionally demonstrate the abla-
tion test in terms of discarding the temporal validity and shortest
distance of information transmission based on optimal transmis-
sion when extracting spatial structure information (denoted as
w/o OT), and removing the extraction of spatial structure based
on Metropolis Hastings when sampling temporal-biased walks
(denoted as w/o MH). Our findings indicate that considering only
temporal or spatial information alone leads to a decrease in link
prediction performance. This highlights the effectiveness of our
spatiotemporal biased walking sampler, and provides valuable
insights into the intricate interplay between temporal dynamics
and spatial structure in complex networks. Furthermore, when
the optimal transmission of information between nodes is not
considered in sampling, the prediction performance decreases
significantly, demonstrating the importance of our proposed
temporal-biased strategy in reducing the loss of information
propagation in the network.

VI. CONCLUSION

In this paper, we introduce a dynamic link prediction frame-
work based on distribution and random walks named COM.
The framework employs the optimal transport theory to address
temporal information loss in node information propagation by
using the Wasserstein distance to reveal latent topological de-
pendencies. Effectively integrating both local and global topol-
ogy is crucial for improving link prediction performance. To
achieve this, we leverage the Metropolis-Hastings algorithm to
extract high-order spatial structures surrounding target links,
ensuring correlation with the global evolution distribution while
mitigating topological sampling bias toward hub nodes. And
the encoding model is used to obtain the final node feature
representation. Experiments on 14 datasets from different fields
show that COM outperforms a wide range of methods in both
heuristic and graph neural networks methods.

In future work, we aim to enhance our model’s performance
by integrating external information, such as text data and user
attributes. Moreover, developing a multi-task link prediction
model that can predict different types of links simultaneously
will provide more comprehensive insights into network dynam-
ics and structure.

REFERENCES

[1] P-Y. Chen, “Academic social networks and collaboration patterns,” Li-
brary Hi Tech, vol. 38, no. 2, pp. 293-307, 2020.

[2] W. Wang et al., “User-context collaboration and tensor factorization for
GNN-based social recommendation,” IEEE Trans. Netw. Sci. Eng., vol. 10,
no. 6, pp. 3320-3330, Nov.-Dec. 2023.

[3] Y. Lv, Y. Duan, W. Kang, Z. Li, and F.-Y. Wang, “Traffic flow prediction
with Big Data: A deep learning approach,” IEEE Trans. Intell. Transp.
Syst., vol. 16, no. 2, pp. 865-873, Apr. 2015.

[4] T. Pourhabibi, K.-L. Ong, B. H. Kam, and Y. L. Boo, “Fraud detec-
tion: A systematic literature review of graph-based anomaly detection
approaches,” Decis. Support Syst., vol. 133, 2020, Art. no. 113303.

[5] R.Zhang, Q. Wang, Q. Yang, and W. Wei, “Temporal link prediction via
adjusted sigmoid function and 2-simplex structure,” Sci. Reports, vol. 12,
no. 1, 2022, Art. no. 16585.

[6] L.Zou, X.-X.Zhan, J. Sun, A. Hanjalic, and H. Wang, “Temporal network
prediction and interpretation,” IEEE Trans. Netw. Sci. Eng., vol. 9, no. 3,
pp. 1215-1224, May-Jun. 2021.

IEEE TRANSACTIONS ON NETWORK SCIENCE AND ENGINEERING, VOL. 13, 2026

[7]1 S. S. Singh, V. Srivastava, A. Kumar, S. Tiwari, D. Singh, and H.-N.
Lee, “Social network analysis: A survey on measure, structure, language
information analysis, privacy, and applications,” ACM Trans. Asian Low-
Resource Lang. Inf. Process., vol. 22, no. 5, pp. 1-47, 2023.

S.S. Singh, D. Srivastva, M. Verma, and J. Singh, “Influence maximization

frameworks, performance, challenges and directions on social network: A

theoretical study,” J. King Saud Univ.- Comput. Inf. Sci., vol. 34, no. 9,

pp. 7570-7603, 2022.

S. S. Singh, A. Kumar, K. Singh, and B. Biswas, “C2IM: Community

based context-aware influence maximization in social networks,” Physica

A: Stat. Mech. Appl., vol. 514, pp. 796-818, 2019.

[10] H.Zhang, D. T. Nguyen, H. Zhang, and M. T. Thai, “Least cost influence
maximization across multiple social networks,” IEEE/ACM Trans. Netw.,
vol. 24, no. 2, pp. 929-939, Apr. 2016.

[11] Y. Song, D. Lai, Z. Chong, and Z. Pan, “Dynamic network embedding by
time-relaxed temporal random walk,” in Proc. Neural Inf. Process. 28th
Int. Conf., Sanur, Bali, Indonesia: Springer, Dec. 2021, pp. 426-437.

[12] L. Qu, H. Zhu, Q. Duan, and Y. Shi, “Continuous-time link prediction
via temporal dependent graph neural network,” in Proc. Web Conf., 2020,
pp. 3026-3032.

[13] C. Liu, S. Yu, Y. Huang, and Z.-K. Zhang, “Effective model integration
algorithm for improving link and sign prediction in complex networks,”
IEEE Trans. Netw. Sci. Eng., vol. 8, no. 3, pp. 2613-2624, Jul.—Sep. 2021.

[14] J. Chen and R. Ying, “TempME: Towards the explainability of temporal
graph neural networks via motif discovery,” in Proc. Adv. Neural Inf.
Process. Syst., 2023, vol. 36, pp. 29005-29028.

[15] G.H. Nguyen, J. B. Lee, R. A. Rossi, N. K. Ahmed, E. Koh, and S. Kim,
“Continuous-time dynamic network embeddings,” in Proc. Companion
Web Conf. 2018, pp. 969-976.

[16] R.Milo, S. Shen-Orr, S. Itzkovitz, N. Kashtan, D. Chklovskii, and U. Alon,
“Network motifs: Simple building blocks of complex networks,” Science,
vol. 298, no. 5594, pp. 824-827, 2002.

[17] I.Iacopini, G. Petri, A. Barrat, and V. Latora, “Simplicial models of social
contagion,” Nature Commun., vol. 10, no. 1, 2019, Art. no. 2485.

[18] C. Villani, “Topics in optimal transportation,” Amer. Math. Soc., 2021,
vol. 58.

[19] Y. Rubner, C. Tomasi, and L. J. Guibas, “The Earth mover’s distance as
a metric for image retrieval,” Int. J. Comput. Vis., vol. 40, no. 2, 2000,
Art. no. 99.

[20] X. Yao, Y. Shao, B. Cui, and L. Chen, “UniNet: Scalable network repre-
sentation learning with metropolis-hastings sampling,” in Proc. IEEE 37th
Int. Conf. Data Eng., 2021, pp. 516-527.

[21] L. Katz, “A new status index derived from sociometric analysis,” Psy-
chometrika, vol. 18, no. 1, pp. 39—43, 1953.

[22] L. Li, C.-H. Jin, and T. Zhou, “Similarity index based on local paths for
link prediction of complex networks,” Phys. Rev. E, vol. 80, no. 4, 2009,
Art. no. 046122.

[23] H.-H. Chen, L. Gou, X. Zhang, and C. L. Giles, “Discovering missing
links in networks using vertex similarity measures,” in Proc. 27th Annu.
ACM Symp. Appl. Comput., 2012, pp. 138-143.

[24] Y. Sun, J. Han, X. Yan, P. S. Yu, and T. Wu, “PathSim: Meta path-based
top-K similarity search in heterogeneous information networks,” Proc.
VLDB Endowment, vol. 4, no. 11, pp. 992-1003, 2011.

[25] S. S. Singh, K. Singh, A. Kumar, and B. Biswas, “MIM2: Multiple
influence maximization across multiple social networks,” Physica A: Stat.
Mech. Appl., vol. 526, 2019, Art. no. 120902.

[26] S.S.Singh, A. Kumar, K. Singh, and B. Biswas, “LAPSO-IM: A learning-
based influence maximization approach for social networks,” Appl. Soft
Comput., vol. 82, 2019, Art. no. 105554.

[27] S.R.Mandala, S. R. Kumara, C. R. Rao, and R. Albert, “Clustering social
networks using ant colony optimization,” Oper. Res., vol. 13, pp. 47-65,
2013.

[28] S.S. Singh, A. Kumar, K. Singh, and B. Biswas, “IM-SSO: Maximizing
influence in social networks using social spider optimization,” Concurr.
Comput.: Pract. Exp., vol. 32, no. 2, 2020, Art. no. e5421.

[29] A. Grover and J. Leskovec, “node2vec: Scalable feature learning for
networks,” in Proc. 22nd ACM Int. Conf. Knowl. Discov. data mining,
2016, pp. 855-864.

[30] B. Perozzi, R. Al-Rfou, and S. Skiena, “DeepWalk: Online learning of
social representations,” in Proc. 20th ACM SIGKDD Int. Conf. Knowl.
Discov. data mining, 2014, pp. 701-710.

[31] J.Tang, M. Qu, M. Wang, M. Zhang, J. Yan, and Q. Mei, “Line: Large-scale
information network embedding,” in Proc. 24th Int. Conf. World Wide Web,
2015, pp. 1067-1077.

[8

[t}

[9

—

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on March 09,2026 at 12:31:44 UTC from IEEE Xplore. Restrictions apply.



ZHANG et al.: EFFICIENT LINK PREDICTION IN CONTINUOUS-TIME DYNAMIC NETWORKS USING OPTIMAL TRANSMISSION 207

[32]
[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]
[44]
[45]
[46]

[47]

[48]

[49]

[50]

[51]

[52]

(53]

[54]

T. N. Kipf and M. Welling, “Semi-supervised classification with graph
convolutional networks,” 2016, arXiv:1609.02907.

P. Velickovic et al., “Graph attention networks,” Stat, vol. 1050, no. 20,
pp. 1048550, 2017.

J. Chen, X. Wang, and X. Xu, “GC-LSTM: Graph convolution embedded
LSTM for dynamic network link prediction,” Appl. Intell., vol. 52, no. 7,
pp. 7513-7528, 2022.

M. E. Newman, “The structure and function of complex networks,” SIAM
Rev., vol. 45, no. 2, pp. 167-256, 2003.

D. Liben-Nowell and J. Kleinberg, “The link prediction problem for social
networks,” in Proc. 12th Int. Conf. Inf. Knowl. Manage., 2003, pp. 556—
559.

L. Yin, H. Zheng, T. Bian, and Y. Deng, “An evidential link prediction
method and link predictability based on Shannon entropy,” Physica A:
Stat. Mechan. Appl., vol. 482, pp. 699-712, 2017.

L. Li, L. Pan, T. Zhou, Y.-C. Zhang, and H. E. Stanley, “Toward link
predictability of complex networks,” Proc. Nat. Acad. Sci., vol. 112, no. 8,
pp. 2325-2330, 2015.

J. Wu, L. He, T. Jia, and L. Tao, “Temporal link prediction based on node
dynamics,” Chaos, Solitons Fract., vol. 170, 2023, Art. no. 113402.

C. Zhang, K.-K. Shang, and J. Qiao, “Adaptive similarity function with
structural features of network embedding for missing link prediction,”
Complexity, vol. 2021, pp. 1-15, 2021.

J.Park and A.-L. Barabdsi, “Distribution of node characteristics in complex
networks,” Proc. Nat. Acad. Sci., vol. 104, no. 46, pp. 17916-17920, 2007.
T. Zhou, Y.-L. Lee, and G. Wang, “Experimental analyses on 2-hop-based
and 3-hop-based link prediction algorithms,” Physica A: Stat. Mech. Appl.,
vol. 564, 2021, Art. no. 125532.

S. Chib and E. Greenberg, “Understanding the metropolis-hastings algo-
rithm,” Amer. Statistician, vol. 49, no. 4, pp. 327-335, 1995.

J. M. Kleinberg, “Navigation in a small world,” Nature, vol. 406, no. 6798,
pp. 845-845, 2000.

Y. Goldberg and O. Levy, “Word2vec explained: Deriving mikolov’s
negative-sampling word-embedding method,” 2014, arXiv:1402.3722.
D. Karani, “Introduction to word embedding and word2vec,” Towards
Data Sci., vol. 1, 2018.

H. Wang, W. Hu, Z. Qiu, and B. Du, “Nodes’ evolution diversity and link
prediction in social networks,” IEEE Trans. Knowl. Data Eng., vol. 29,
no. 10, pp. 2263-2274, Oct. 2017.

S. Robertson, “A new interpretation of average precision,” in Proc.
31st Annu. Int. ACM SIGIR Conf. Res. Develop. Inf. retrieval, 2008,
pp. 689-690.

A. Sankar, Y. Wu, L. Gou, W. Zhang, and H. Yang, “DySAT: Deep neural
representation learning on dynamic graphs via self-attention networks,” in
Proc. 13th Int. Conf. web search data mining, 2020, pp. 519-527.

D. Xu, C. Ruan, E. Korpeoglu, S. Kumar, and K. Achan, “Inductive
representation learning on temporal graphs,” 2020, arXiv:2002.07962.

Y. Yin, Y. Wu, X. Yang, W. Zhang, and X. Yuan, “SE-GRU: Structure em-
bedded gated recurrent unit neural networks for temporal link prediction,”
IEEE Trans. Netw. Sci. Eng.,vol.9,no. 4, pp. 2495-2509, july.—Aug. 2022.
Z.Wen and Y. Fang, “Trend: Temporal event and node dynamics for graph
representation learning,” in Proc. ACM Web Conf. 2022, pp. 1159-1169.
L. Lii and T. Zhou, “Link prediction in complex networks: A survey,”
Physica A: Stat. Mech. Appl., vol. 390, no. 6, pp. 1150-1170, 2011.

J. Demsar, “Statistical comparisons of classifiers over multiple data sets,”
J. Mach. Learn. Res., vol. 7, pp. 1-30, 2006.

Ruizhi Zhang is currently working toward the Ph.D.
degree with the School of Mathematical Sciences,
Beihang University, Beijing, China. Her current re-
search interests include complex networks, link pre-
diction and graph representation learning.

Wei Wei received the Ph.D. degree in mathematics
from the School of Mathematical Sciences, Peking
University, Beijing, China, in 2009. He is currently an
Associate Professor with the School of Mathematical
Sciences, Beihang University, Beijing, China. His
research interests include dynamical system and com-
plexity, complex networks, and artificial intelligence.

Qiming Yang received the B.Sc. degree in 2021,
from Beihang University, Beijing, China, where he
is currently working toward the master’s degree with
the School of Mathematical Sciences. His current
research interests include complex networks, link
prediction and graph representation learning.

Zhenyu Shi received the B.Sc. degree in 2019, from
Beihang University, Beijing, where he is currently
working toward the Ph.D. degree with the School of
Mathematical Sciences and studying in Kyushu Uni-
versity as an Exchange Student. His current research
interests include complex networks and evolutionary
game theory.

Xiangnan Feng received the Ph.D. degree in math-
ematics from the School of Mathematical Sciences,
Beihang University, Beijing, China, in 2020. He is
currently a Postdoctoral Fellow with the Complexity
Science Hub, Vienna, Austria. His research interests
include complex networks, computing social science,
and artificial intelligence.

Zhiming Zheng received the Ph.D. degree in mathe-
matics from the School of Mathematical Sciences,
Peking University, Beijing, China, in 1987. He is
currently a Professor with the Institute of Artificial
Intelligence, Beihang University, Beijing. He is also
the Member of Chinese Academy of Sciences. His
research interests include refined intelligence the-
ory, information security, and complex information
systems.

Authorized licensed use limited to: TU Wien Bibliothek. Downloaded on March 09,2026 at 12:31:44 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


