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ABSTRACT There exist relations, which vary with time or by an event, between high dimensional elements
in most real-world datasets. A dynamic graph or network has been used as one of the remarkable approaches
to represent and analyze them. In spite of the advantages of representing data in the form of graphs, it is
difficult to apply representation (deep) learning to graphs. Recently, AlphaFold by DeepMind has shown
remarkable results in applying deep learning to graphs. This research is part of the current effort to extend
the input domain of deep learning to arbitrarily graphs and their dynamics of variations. In this paper,
we propose a method to predict the evolution of graphs by learning spatio-temporal features called dynamics.
The method involves two main processes: extracting spatial features from static graphs obtained at different
times and learning temporal features from the time-varying connection structure. Instead of predicting the
overall changes of a highly complex graph, we detect the dynamic anomaly by predicting the affinity score
with respect to a node (e.g., a hub as an important factor) of a dynamics graph. This facilitates the learning
dynamics of graphs having sparsity of connections by alleviating the curse of dimensions using the fact
that most graphs of real-world problems are scale-free. To justify our approach, we apply our method to
real-world problems such as computer networks and public transportation. Experimental results show that
our approach is competitive with other existing methods.

INDEX TERMS Deep learning, artificial neural network, anomaly detection, network (graph) theory,

dynamic graph, spatial-temporal feature, affinity score, graph embedding, graph similarity.

I. INTRODUCTION

A graph is a powerful tool for solving complex tasks such
as road traffic, computer networks, social network services,
generating small molecular graphs, and even protein-protein
interactions in bioinformatics [1]-[6].

Structurally, a data entity is represented by a node, and
the relation between a pair of entities is represented by a
weighted edge that connects the pair. A graph is a more
flexible data representation than low-dimensional data struc-
tures in Euclidean space [2]. It provides greater adaptabil-
ity in data abstraction. It could enable the development of
new graph-based methods for understanding, visualizing, and
analyzing data.

Traditionally, the analysis of data expressed in a graph has
heavily relied on algebra, e.g., random walk [4], [7]-[10] and
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matrix completion [11], to capture the structural complexity
and features, but machine learning has become increasingly
popular as an alternative.

Deep learning has been successfully applied to data pos-
sibly represented in (low-dimensional) Euclidean space or
grid domain, e.g., images, speech, and text [12], [13]. The
domain of data to which deep learning is applicable has
expanded in recent years even to non-Euclidean spaces such
as a graph [14]-[17]. The method presented in this paper
is intended for graph analysis and is a type of machine
learning approach. The proposed deep learning model takes
a graph that dynamically transforms over time or events as
input and is trained using real-world datasets. One of the
notable characteristics of a dynamic graph is that the prop-
erties change gradually rather than abruptly [10], as shown
in Figure 1, which is involved in road networks. This obser-
vation contributed significantly to the motivation of our
research.
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FIGURE 1. Visualization of the general properties of a real-world dynamic graph over time.
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FIGURE 2. Description of the problem; training and inference of dynamic network transition in the aspect of the influence of a specific node (best viewed

in color).

Well-known deep learning models, namely, convolutional
neural networks (CNNs) [18] and recurrent neural networks
(RNNs) [19], extract data-driven features in learning tasks
where the coordinates of the underlying data representa-
tion have a grid structure; incidentally, both CNNs and
RNNSs hold statistical assumptions that an input data exhibit
locality and stationary [15]. Unfortunately, these assump-
tions become invalid for dynamic graphs because a graph is
defined in higher-dimensional non-Euclidean space. Learn-
ing on a graph needs to be redefined to extract features
while preserving the structural features of a high-dimensional
non-Euclidean domain.

The example in Figure 2 illustrates an overarching key
aspect of our method. Specifically, it shows how we defined
the task of learning a dynamically transforming graph
by extracting data-driven spatio-temporal features. In our
approach, a dynamic graph is viewed as a sequence of static
graphs; the spatial features of each static graph are extracted
while preserving the intrinsic geometric information of each
static graph. After that, each extracted spatial feature is
streamed to learn the temporal features of a dynamic graph.
As aresult, the learned model can be used to make a predic-
tion about a subsequent graph.

When the training data set is a highly complex graph with
a sparse connection, the curse of dimensionality [20] could
become an issue. To alleviate this issue, the proposed method
moderates it by simplifying the graph prediction problem by
employing affinity score [4], [7]-[9]. Especially, the result
is viewed from a specific node, enabling the quantitative
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prediction of changes in the entire graph. The reasons for this
are as follows.

Most graphs and networks found in nature are scale-free:
a hub node connects many nodes and provides important
connections [1], [21]. In a dynamic graph that has scale-free
graph characteristics, the prediction of affinity score vec-
tor could be used to quantify the overall changes of the
graph indirectly from the perspective of an important node,
e.g., a hub. Since an affinity score quantifies the structure
of graph with respect to a specific node, it has been used as
a major node proximity indicator in graph analysis such as
cross-graph analytics, graph classification, link perdition, and
anomaly detection in graphs [4], [7]-[10].

To verify the validity of our method and explore the train-
ing tendency of its model, we performed several experiments
on the real-world dynamic graph datasets of public trans-
portation and computer network traffic, both of which are
available in public. The experimental results show that our
deep neural networks is capable of extracting data-driven
spatio-temporal features from a dynamic graph and that it can
appropriately predict structural changes in the graph.

The results also confirm that the proposed method is
applicable to the analysis of evolvable data with complex
structures or interactive elements, e.g., intrusion (anomaly)
detection [22] or biological metabolism [1], which involve
complex interconnections between multiple constituents with
dynamic behavior.

The contributions of our work can be summarized as
follows:
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o We established a new method for learning data-driven
spatio-temporal features and predicting the change of
dynamic connections in a graph, which transforms with
time or by events.

o We validated, optimized, and utilized the proposed
method based on experimental results using publically
available real-world datasets.

« We proposed a novel approach to bridge the gap between
deep learning methods and applications of graphs.

Il. BACKGROUND

A. LEARNING ON GRAPH

The graph representation is a powerful tool since it enables
the intuitive expression of highly complex structures that have
interactive elements [2]-[4], [6], [10]. Graph analysis has
seen significant development as deep learning has become
more sophisticated. Notable topics include translation of data
defined in a higher-dimensional non-Euclidean domain to
lower-dimensional space.

Convolutional networks on graphs, for example, rede-
fine generalized convolution in spectral domain [15].
Generalized convolution extracts data-driven features
from graph-structured data. Graph convolutional net-
works [15], [17] replace the convolution operation of the
existing neural network with the graph convolution (Lapla-
cian) operation and extract the structural features of the
graph by updating the weights of the neural network through
gradient descent.

In the same context, some research formalized the hierar-
chical structure of graph connections as locality [16]. Transfer
learning approaches for the graph domain make deep learning
efficient for graph-structured data [17]. Graph embedding is
traditionally an important issue. Recently, various embedding
works have also been proposed on graphs [23], [24].

These studies have expanded the territory of deep learning
into the graph domain by providing a more sophisticated
training method. Some of the latest works extract data-driven
features from graphs by means of deep learning to produce
new graph representations [6].

B. ANOMALY DETECTION ON GRAPH

Anomaly detection has been widely applied in various appli-
cations such as statistics and machine learning. The most
common approach for anomaly detection is to calculate the
distance from each observed data to the normal dataset.
The Euclidean distance is one popular measure for the data
represented in low-dimensional space. One drawback of the
Euclidean distance is that the approach does not consider the
variance of each variable. The Mahalanobis distance uses a
covariance matrix, which effectively represents the relation-
ship between variables. The approach does not compute the
distance from the mean value but uses its standard deviation
and covariance of each variable [25]. Alternatively, statistical
distribution can be used to calculate the distance such as
Hotelling’s T2 statistics [26]-[29].
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For the non-Euclidean space, the distance can be measured
by computing various measures that are associated with a
node. The node-level features include followings: affinity
score [4], [10]; direction of nodes (in/out); centrality mea-
sures; eigenvector [30]; closeness [31]; local clustering coef-
ficient [32]; radius [33], degree assortativity; and roles [34].
With various types of distance measurement, a threshold
value is established to detect anomaly behavior. An observed
data is classified as an anomaly if the calculated distance of
the feature is larger than the threshold.

C. RANDOM WALK-BASED GRAPH ANALYSIS

The graph, which is the main element of this research, is a
domain and a tool where relationships and definitions can be
represented. Its comprehensive researches were conducted in
various fields and applications [35].

The random walk-based analysis is one of the well-known
graph analysis approaches [4], [7]-[10], [36]. In this
approach, a particle explores the input graph by "walking"
from one node to another depending on the connection state
between the nodes. During exploration, the structural charac-
teristics of the graph in the high-dimensional non-Euclidean
domain are quantified while preserving its intrinsic structure.
Similar to random walk-based analysis, message-passing
algorithms such as belief propagation can analyze structural
features progressively disseminating evidences of the rela-
tivity information between nodes via edge connections and
its weights. But, these algorithms can struggle when the
graph contains loops or mixed connections of direct and
undirect [37].

These approaches have been applied for graph struc-
ture analysis and measurement of the similarity between
graphs by quantifying the interactive attraction or affinity
score [4], [10]. Notable examples of the approach include
PageRank [9], electrical network analogy [36], and person-
alized random walk with restart [7].

We applied a state of the art random walk-based method
to obtain the affinity score, which depends on the structural
characteristics of the input graph.

D. SPATIO-TEMPORAL LEARNING

CNNs-based methods have been used for learning spa-
tial features from grid domain (e.g., images) [18], while
RNNs-based methods have been useful for learning tem-
poral features from sequential data such as text [19] and
speech [38]-[40].

However, activity recognition in robotics and object recog-
nition in videos broadly belong to both spatial domain
and temporal domain simultaneously; thus, such problems
can be addressed only through integrated approaches [41].
Many other interesting applications exist for spatio-temporal
learning in rich interaction [42], robotics [43], autonomous
vehicles [44], and graph [45]. The spatio-temporal learning
method proposed in this paper is applicable to data that can
be expressed properly using a graph.
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(2) Stacked LSTM.

lll. PROBLEM STATEMENT

Given: A dynamic graph G(V, E) = {GP(VV, ED),
GP(V@,E®), ...,GT(VD E™M)] is defined as a sequence
of static graphs up to a specific point of time t = T. V®
is a set of nodes. To simplify the complexity of the graph,
it is assumed that the node correspondence (V¥ = V@ =
«vo = V@ and |V| = n) of a time-varying graph is
known [2], [4], [10]. A set of edges is represented by E® =
e(bj)v, u,v e V® and it is assumed that there is no self- loop,
yet the connection state of edge E can be changed with
respect to ¢.

Find: We predict the change of graph G7+*D(VT+D,
E"D)yatt =T + 1 by learning the spatio-temporal features
from a given G(V, E). The change of G7+*D(VT+D ET+D)
is estimated using the affinity score vector /™) =
[i;ﬁ”, '(MTE”, ..., i1 i1, which quantifies the structural rele-
vance between a spec1flc node u and another node w (w # u).
We assume that the affinity score from a special node u
(e.g., a hub) indirectly represents the entire graph using
scale-free property. Predicting the affinity score is also an
important subject as shown in previous works for graphs [4],
[7]1-[10]. Furthermore, it helps reduce the complexity of data
representations and facilitate the learning of graphs.
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IV. METHODS

The proposed method is illustrated conceptually in Figure 3
and consists of two parts. Under considering a given dynamic
graph to be a set of consecutive static graphs, the spatial
features from each static graph are extracted in advance.
Next, the temporal features are learned according to the
continuity of the spatial features. An integrated reasoning
approach becomes practical in aspects of the spatial domain
of the dynamic graph and its corresponding temporal domain.
Consequently, the dynamics of a graph can be predicted from
data-driven spatio-temporal feature learning.

A. EXTRACTING SPATIAL FEATURES

Since a static graph has a high-dimensional non-Euclidean
domain, it is difficult for existing deep learning methods such
as CNNs and RNNs, which take relatively low-dimensional
vectors or matrices as grid input, to learn directly the struc-
ture of a graph [15], [17]. There have been approaches
and attempts to solve this problem in applications hav-
ing the high-dimensional domain, including graphs. Natu-
ral language processing showed remarkable results for the
problem.
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To unravel high-dimensional domain problems related
to natural language processing, techniques producing the
embedded vectors from words are utilized [46], [47]. One
of the representative algorithms for Word2Vec (Doc2Vec)
is a skip-gram modeling method that generates the
low-dimensional embedded vector corresponding to a
high-dimensional word based on the mutual occurrence fre-
quencies of words (for detailed definitions, see [47]). The
mutual occurrence frequency indicates the frequency with
which certain sequences of words occur under a sliding
window. Similarly, there are algorithm for embedding a
graph [15], [24], [48].

In our method, embedding for a static graph maps a graph
region to a low-dimensional region while preserving the
adjacency and substructure of the nodes. To achieve proper
embedding results for our task, we adopt the Graph2Vec
algorithm, which is a data-driven representation learning
approach, by comparing various graph embedding algo-
rithms. Graph2Vec is inspired by Doc2Vec, which exploits
how sequences of words compose documents to learn their
embedding representations. Graph2Vec learns their represen-
tations from a corpus of graphs by considering the set of all
rooted subgraphs (i.e., neighborhoods) around every node as
its vocabulary.

The algorithm consists of two main components; first,
a procedure to generate rooted subgraphs around every
node in a given static graph and second, the procedure to
learn embeddings of the given graphs. Subsequently, follow-
ing training process of the Doc2Vec skip-gram with neg-
ative sampling [24], [47]), we learn the embedded repre-
sentations of each graph from a given set Gypipn(V, E) =

{g1,82,...,gn} of static graphs and a sequence of rooted
subgraphs c(g;) = {sg1, 582, ..., sg;} sampled from graph
8i € Gunion-
max Zjlog Pr(sgilg) (1)
exp(g-sg;)

where the probability Pr(sg;|g) is defined as YIRSy y
independent assumption [ | j Pr(sgjlg).

The algorithm makes embedded vectors able to pre-
serve the structural characteristics of the graph presented
in high-dimensional non-Euclidean domain. The embed-
ded representation is learned by graph embedding in each
static graph GO(NV,E®) (1 < t < T) to acquire
spatial features (S© € RY), respectively. Intuitively,
Graph2Vec(GO(N®, E”)) — R is performed to map the
graph obtained at each time to its feature space in the form of
a d-dimensional vector.

We assume a node correspondence in here, but the size of
the node is not fixed. This is because we set enough nodes
of the union graph, and we could vary the number of nodes
variably. Most dynamic graphs or problems dealing with
multiple graphs deal with the variable node size of the graph
through this assumption. Therefore, the nodes and edges of
the input graph of our method are variable.
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B. LEARNING TEMPORAL FEATURES

To predict the affinity score vector of a specific node,
the spatial features S@ extracted from the static graph at
each point are applied to a stacked long short-term memory
(stacked LSTM) model [49], [50] with its regularizer and
optimizer [51] where the temporal features of the dynamic
graph are supposed to be learned.

The affinity score vector is predicted as follows: Let S =
(SO, 8™ ... ST} where VS € RlGumionlxd pe g set of T
consecutive projected spatial features. By modeling ?Hr 1 =
arg max;, , Pr(i41|SUF0, S §©) for a given k
observed S, the real affinity score vector i computed by a
personalized random walk is given as the ground truth for the
stacked LSTM. Based on the learning process, the change of
the dynamic graph at the next time is estimated quantitatively.

Specifically, the x; is learned by a model with multiple
layers of LSTM defined as follows.

ing = o(Wixxy + Winhy—1 + Wice—1 + b)) 2
Jo = oWpexy + Wahi—1 + Weeer—1 + by) 3)
out; = o (Woxxs + Wophy—1 + Woecr + bo) 4
¢ = ft ©c—1 +in © tanh(Werxy + Wephi—1 +be)  (5)
h; = out; © tanh(c;) (6)

where ¢;: memory cell, &,: hidden state, in,: input gate,
fi: forget gate, out;: output gate, and ©: element-wise
multiplication [49], [50].

The extension from LSTM to a stacked LSTM is defined as
hY = O R0 ) = oWk | + Uik D) where hya)
is the hidden state of the /-th level at # and h;o) = x;. Stacked
LSTM models are learned using well-known truncated back-
propagation through time method [52].

The loss functionis L = )", (? — i)? where i and i are the
actual affinity score vector of the graph at the next time and
the vector predicted by the model respectively. The model is
trained by minibatch, weight-dropped LSTM with the aver-
aged stochastic gradient optimizer (AWD-LSTM) [49], [51].

C. EXECUTING PERSONALIZED RWR

Due to the high complexity of the graph and the curse of
dimensionality, we employed the spatio-temporal features
learning approach to estimate the dynamics of an entire graph
by predicting the affinity score vector i. In other words, after
substituting the ground truth of the prediction with the affinity
score vector by taking advantage of the characteristic of a
scale-free graph with the sparsity of connections, the learning
could be performed effectively.

The affinity score i,,,, is a vector created by quantifying
how many nodes u affects node w depending on the edge
structure. Node u has more influence (i, ,, is larger) on node
w if the paths from node u to node w are numerous, short,
or heavily weighted [4], [7]-[10]. iy, lies in an interval
[0, 1], and ZW iyw = 1. Therefore, i is a vector having
stochastic quantified elements of a structural affinity between
u node and the other. To estimate the change of the dynamic
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TABLE 1. Used real-world dynamic graph (network) datasets.
Name Nodes Duration (Interval) Description
Public_Transport (PT) 580 7 days (Smin) Movement flow of subway passengers in a large city
Computer_Network (CN) 225 9 days (Smin) Simulated cyber challenge network traffic flow

graph accurately, the affinity score vector should be attained
efficiently and precisely.

The affinity score vector was calculated using a variation
of a personalized random walk with a restart (RWR) on each
static graph. The RWR is an algorithm that obtains an affinity
score that quantifies the graph linkage structure viewed from
a specific node through matrix operations in existing graph
studies. Therefore, applying the RWR algorithm to the nodes
at the center of the graph connection like the hub simply
quantifies the dynamics of the graph to attenuate the cures
of dimensionality. The specific node can be selected not only
for the hub but also for other nodes, and generalization is
possible because it can be learned and predicted through the
corresponding node. It can be expanded even with multiple
nodes of interest, such as when multiple hubs exist.

For a given graph G(V, E) at a particular ¢, the correspond-
ing adjacency matrix A consists of connection weights a; ; of
node i and node j in the form of an n x n matrix, and the
diagonal degree matrix D is defined as d;; = Zj a;j. The
affinity or influence vector i, € R” for a specific node u from
personalized random walk with restart is defined as follows:
P« (1 = c)AD™H* D g, (7

u

where ¢ € [0, 1] is the probability of restarting the random
walk from the initial node, €, is the starting indicator vector
(all zeros excepts 1 at the u-th element), and (k) is the number
of iterations of random walk. As a result, it can be defined as
an asymptotic equation

[I— (1 —c)AD i, = ce, (8)
where I is an identity matrix.
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The applied asymptotic equations have time complexity
less than the initial approach (Eq. 7) of obtaining affinity
score by initialization and iteration [4], [10]. In our method,
the affinity score i,, obtained from the Eq. 8, is the ground
truth of supervised learning for predicting iy. The prediction
of 7, extends to detect anomaly in structural changes of a
dynamic graph. To predict the structural anomaly behav-
iors of the dynamic graph, we first calculate the differentia-
tion (similarity) of affinity scores between successive static
graphs to estimate their distributions, as shown in Figure 4.
Following previous studies [4], [10], we define the label
(the structural change of the graph) as an anomaly if the
differentiation (similarity) distributions fall outside +o or
+20 otherwise define as normal.

The proposed neural network can be fine-tuned to predict
the structural anomaly of the dynamic graph is determined by
the i, as a classification task by using transfer learning from
the i, prediction task.

V. EXPERIMENTS AND DISCUSSION

We evaluated the proposed method using real-world dynamic
graph datasets, such as network traffic and public transporta-
tion traffic. The details of datasets are shown in Table 1.
Both data have already been used in previous works on data
analysis and are thought to be sufficiently representative of
data in the computer and traffic network sectors.

In the used datasets, a few nodes (hubs) are characterized as
highly connected to other nodes in the network. We, therefore,
use the affinity score of the hub at the center of the connection
to learn and predict the dynamics of the network change
efficiently. In Figure 4, the change of similarity between
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FIGURE 5. Training and validation loss (best viewed in color) results for (a) various d's with basic LSTM ((/) = 1) and (b) various (/)s in the

stacked LSTM.

consecutive graphs on datasets is plotted. sim(G1, G2) = 0
indicates that two graphs G| and G; are structurally com-
plementary (absolutely different graphs), whereas a value
of 1 means that they are identical. From the visualization of
dynamics on a graph, we quantitatively confirmed how the
graph changes.

To verify the performance of hyper-parameters on models,
the training tendency for an optimal model was examined
by the loss function. Each dataset was divided into training
data (80%) and validation data (20%). A specific node u
was chosen among the hub nodes based on the knowledge
from previous works [3], [10]. We checked the loss trends for
predicting i, and compared its performance to optimize the
hyper-parameters.

The experimental results for meaningful hyper-parameters
are as follows. To confirm the effects of embedding on the
spatial feature learning, we observed the changes in the
training curves that were caused by adjusting the embedding
dimension (d). As shown in Figure 5 (a), regardless of d,
the training and validation losses decrease as the number of
iterations increases. We also confirmed that there is a tiny
gap in performance according to an increase of d. These
decreases in loss are regarded as evidence of proper training.
From the result, an appropriate d can be chosen when d is
about |V|. Based on these facts, the convergence of training
can be achieved properly.

We also conducted experiments on stacked LSTM with
capacity and complexity of model by gradually adjusting the
number of layers (/). Figure 5 (b) exhibits an appropriate
capacity of the model without overfitting. These experiments
yielded that the optimal model is stacked LSTM®.

To confirm the correlation between measurements for
a change of a dynamic graph, additional experiments
were conducted. Figure 6 shows a strong correlation between
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the following three measurements. Entire (E): quantified
change in an entire dynamic graph using a similarity mea-
surement, as shown in Figure 4. Hub (H): quantified change
in real affinity scores, which is represented in a vector, for the
hub. Prediction (P): quantified change in an affinity score esti-
mated by the proposed method. From the results in Figure 6,
the dynamics of the entire graph and the dynamics in real
affinity score on the hub are highly correlated as well as
the change in real and predicted affinity score is highly
correlated. Furthermore, the anomalous signs confirmed in
the previous studies [3], [10] were also identified by our
method. It shows that our method is able not only to pre-
dict anomalous signs but also to analyze similarity in the
graph.

We also compare the results of the optimal model
obtained from the experiments against other up-to-date
techniques, namely RgCNN (recurrent graph convolutional
neural networks) [54], DGCN (dynamic graph convolutional
networks) [55], CTRBM (conditional temporal restricted
Boltzmann machine) [53], and SEAL (learning from sub-
graphs, embedding, and attribute for link prediction) [56]
which are state-of-the-art learning algorithms for graph
prediction.

Table 2 shows a comparison between techniques in terms
of the sum of absolute differences (SumD) for the prediction
of the affinity score of the hub and accuracy (AUC; the
area under a receiver operating characteristic curve) for the
prediction of existing links. As can be seen from the detailed
results in the table 2, our method shows relatively competi-
tive performance. The result with low SumD and high AUC
indicates better performance of predicting graph dynamics.
This result implies that ours is better than other techniques
in terms of the performance of link prediction considering a
weighted edge.
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FIGURE 6. Correlation between variations in measuring graph similarity.
TABLE 2. Overall comparison with other techniques.
Performance SumD AUC
Dataset Computer_Network  Public_Transport Computer_Network  Public_Transport
CTRBM [Li et al.2014] 224.3532 43.3212 0.6102 0.7016
RgCNN [Narayan and Roe2018] 183.4924 17.5094 0.6906 0.8610
DGCN [Manessi et al.2017] 174.0042 13.4032 0.7021 0.8705
SEAL [Zhang and Chen2018] 171.9832 12.0298 0.7201 0.9105
OURS 148.2091 10.2941 0.7202 0.9224

TABLE 3. Comparative evaluation of anomaly detection on graph
similarity threshold.

Anomaly detection AUC
Dataset CN PT
Outside threshold +lo +20 +lo +20
CTRBM [Li et al.2014] 0.58 0.54 0.69 0.68

RgCNN [Narayan and Roe2018] 0.61 0.60 0.76 0.78
DGCN [Manessi et al.2017] 0.63 0.60 0.75 0.80
SEAL [Zhang and Chen2018]  0.71 0.70 0.82 0.80
OURS 0.76 0.74 0.88 0.86

As shown in the Table 2, we have observed that our
approach outperformed than other recent studies in over-
all performance aspects. In addition, we have evaluated the
prediction performance of our method using a conventional
benchmark by measuring anomalies in a dynamic graph.

Both Table 3 and Figure 4 represent the result of predicting
anomalies that are above the threshold (standard deviation) in
a dynamic graph. In general, the public_transport data varies
with periodic variations, whereas the computer_network data
has a pattern of substantial changes. We noticed both from the
Table 2 and Table 3 that our approach performed better in the
public_transport data.
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Our method also consider efficient learning in task
changes. Prediction anomalies in a dynamic graph have been
efficiently learned by transfer learning. In terms of efficiency,
the model learns faster (21%) with higher asymptotic accu-
racy (3%) than those in the baseline case in which the neural
network is trained from scratch. Similar to the findings from
previous studies [17], the result confirms that the transfer
learning not only efficiently learn a domain shift or a dis-
tribution change between the source and the target but also
changes of a task in deep neural networks for graphs.

VI. CONCLUSION

Due to its ability to represent elements and their relations,
a graph is a highly promising data representation. Nonethe-
less, the complexity of the non-Euclidean structure of a
graph makes analysis difficult. Our work suggests a new
dynamic graph analysis method using deep learning. The
proposed method enables the application of deep learning
to a dynamic graph, even though deep learning is mainly
used in low-dimensional grid domains such as speech and
images. We considered transfer learning for efficient learning
in task changes. To demonstrate the effectiveness of learning
data-driven spatio-temporal features from a dynamic graph,
we conducted various experiments on real-world datasets
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such as computer network and transportation traffic. Our
method is also competitive with state-of-the-art techniques.
We expect our proposed model to be employed in various
dynamic graph applications, including anomaly detection.
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