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Abstract. Knowledge graph has recently attracted significant interests due to its extensive applications. Triple
facts in knowledge graph is not always valid in time dimension, e.g., the fact (The President of the United States
is Barack Obama) is valid from 2008 to 2017. However, most knowledge graph embedding algorithms mainly
focus on solving static knowledge graph embedding and are knotty to adapt to dynamic knowledge graph. In
this paper, we propose a dynamic knowledge graph embedding model with semantic evolution. Our algorithm
uses non-random initialization and smooth embedding drifting to map the knowledge graph embeddings into a
common space, which makes embeddings able to inherit time information. The experimental results on temporal
datasets prove our algorithm could process time information effectively.
Keywords: Knowledge Graphs · Dynamic Graph Embedding · Semantic Evolution · Non-random Initialization.

1

Introduction

Knowledge graph(KG) was proposed by Google in 2012 to enhance its search engine function. Essentially, the real
world can be abstracted into a complex network. Knowledge graph is designed to describe various entities, concepts
and their relationships in the real world. They constitute a huge semantic network graph. Nodes represent entities
or concepts, while edges indicate attributes or relationships. Because knowledge graph is extremely useful for many
NLP related tasks, the rapid development of knowledge graph makes it the focus of attention of the academic,
business and even governments around the world.
Knowledge graph embedding is a research hotspot and it is a worthy research direction of knowledge graph. A
large number of scholar are dedicated to studying how to learn effective representation of entities and relationships
in knowledge bases. There is no doubt that knowledge graph embedding has achieved impressive results on many
tasks [1–9].
However, most algorithms have been developed to solve static network embedding, while the study of dynamic
knowledge graph embedding algorithms is still in an infant stage. The following aspects restrict dynamic knowledge
graph embedding: first, it is knotty to inherit information from different time snapshots. Static methods train
different time snapshots embedding in different vector spaces, which makes us hard to mine the information behind
embeddings, because we can’t capture the embedding drift of entities over time. Second, facts are not always valid,
and they can be even contradictory through time. For example, ( Barack Obama, presidentOf, USA) is only valid
in a specific time period. And Donald Trump is the president of the United States now.
In this paper, we consider how to introduce temporal contexts into the embedding and how to make the same
entity embeddings at different time snapshots have comparability. Dynamic word embedding, which is used to
study the meaning evolution gives us the idea about how to deal with this problem. The meaning of words change
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Fig. 1. Illustration of the SEDE model.

through time. And it has been confirmed that the method which have been used to model natural language(where
the symbol frequency follows a power law distribution(or Zipf’s law)) can be repurposed to model community
structure in graph [12]. With the help of semantic evolution algorithms, we design SEDE, as depicted in Fig 1, to
introduce temporal contexts into knowledge graph embedding. We first use the method of non-random initialization,
which is a representative technique to solve the problem of semantic drift to make nodes embedding for each slice
in the same space. The non-random initialization method defines the base point to the semantic change for each
entity embedding, that is, the initialization of the next moment has a function relationship with the result vector
of last time. Then we build a loss function to smooth the change of the entity embeddings in order to avoid drastic
changes through time.
It is worthwhile to highlight our contributions as follows:
• We propose a dynamic knowledge graph embedding model which introduces temporal contexts into the embedding training. And it could solve the problems of the inheritance and interaction of information in graph snapshots.
• We use non-random initialization method to unify nodes’ historical behaviors into a continuous vector space.
Combined with non-random initialization dynamic knowledge graph embeddings method, we build connections
among graph embedding, and embedding learning will no longer be limited to a single time slice.
• Our experimental results on real-world datasets demonstrate that the proposed method outperforms state-ofthe-art baselines significantly.
This paper is organized as follows. Section 2 introduce the related works about dynamic knowledge graph
embedding. Section 3 describes our model and its derivation. In section 4, we evaluate our method through extensive
experiments on multiple datasets and demonstrate our method’s effectiveness. In the last section of this paper, we
summarize our finding and show our plans for future research.
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Related Works
Knowledge Graph Embedding

Knowledge graph embedding has become a very active field in recent years. knowledge graph embedding is to
learn the low-dimensional representations for nodes and relations in the datasets. The earlier and representative
algorithms for knowledge graph embedding are SE [1], SLM [2], SME [3,4], LFM [5,6] and RESACL [10]. TransE [7]
is a simple and efficient translational distance model and it is the most popular embedding algorithm at present.
TransE regards each relation as translation between the heads and tails and wants h + r ≈ t when the fact (h, r, t)
is valid. After TransE was proposed, many algorithms were extended from TransE, like TransH [11], TransR [8],
TransD [9], et al. These algorithms can solve the problem that TransE can’t deal with complex relationships( like
1-N, N-1 and N-N) to some extent, but they don’t consider the temporal information.
2.2

Semantic Evolution

Language evolves over time and words change their meaning due to cultural shifts. The goal of studying semantic
drift is to reveal statistical laws of semantic evolution. Word embeddings are an effective method to study semantic
relations between separate words and many remarkable achievements are based on word embedding [19–22]. Kim [23]
provides a method for automatically detecting changes in language across time through a chronologically trained
neural language model. This method fits word2vec separately into different time snapshots. Hamilton [24] develops
a robust methodology for quantifying semantic change by evaluating word embeddings (PPMI, SVD, word2vec)
against known historical changes. Bamler [25] presents a probabilistic language model for time-stamped text data
which tracks the semantic evolution of individual words over time. This model studies the embedding vectors
connected in time through a latent diffusion process. Rosin [26] pays attention to words related over time.
2.3

Dynamic Graph Embedding

Dynamic Graph Embedding is an important but proportionately less explored problem. Early researches focus on
accomplishing some specific tasks. Some type of work is focused on extracting temporal facts from datasets [14, 15].
Other pay attention to using temporal information to solve temporal contradiction in knowledge graph [16, 17].
Nowadays, researchers prefer to adopt the embedding method to learn dynamic knowledge graph. T-transE [30]
trains dynamic graph embedding by inflicting temporal order on time-sensitive relations. Know-evolve [13] uses
bilinear embedding learning method to model the non-linear temporal evolution of KG facts. HyTE [18] learns the
hyperplane (normal) vectors and the representation of the KG elements distributed over time jointly.

3
3.1

Our Approach
Problem Definition

In this section, we present necessary definitions used throughout this paper. We denote temporal triple facts
(h, r, t, Tstart , Tend ) where Tstart and Tend is the start and end time when the fact (h, r, t) is valid. (h, r, t) represent the head, relation and tail of a fact. We divide time into different time slices. If a fact is valid in that time
slice period, the fact will appear in the graph of the time snapshots. Given the time-slices, a fact will appear in
different time snapshots. A temporal triple facts datasets can be expressed as a series of a dynamic graph snapshots
G = {G1 , G2 , . . . , GT }. Our goal is to learn the low-dimensional representations of facts’ entity set E and relation
set V in order to obtain better results in many tasks. The framework of our algorithm is shown in the fig 1 and
specific steps are explained below.
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Knowledge Graphs Embedding

In our work, we learn a low-dimensional vector representation for each entity and relation. To learn the embeddings,
we use the translation model such as TransE to train our algorithm at each graph snapshots. Translation model
thinks that entity vectors have translation invariantion, and Mikolov [28] proves that this relationship is universal.
In translation model, given two entity vectors eh , et ∈ Rn and relation vector vr ∈ Rn , we try to build the relation
to make the function eh + vr ≈ et valid. So the distance based scoring function used for plausible triples is hereby,
f (h, r, t) =k eh + vr − et kL1 /L2

(1)

where, k · kL1 /L2 represent the L1 or L2 distance of the vector. For each candidate triple, it requires correct triples
to have lower scores than incorrect triples. We set D+ is the correct set, i.e., observed triples in knowledge graph
dataset. Incorrect triples which we can’t observe in knowledge graph dataset are drawn randomly from the set
D− = (h0 , r, t) | h0 ∈ E, (h0 , r, t) ∈
/ D+ ∪ (h, r, t0 ) | t0 ∈ E, (h, r, t0 ) ∈
/ D+

(2)

In order to train the algorithm, we should minimize the score by using margin based pairwise ranking loss. More
formally, we optimize the function
X X
L=
max(0, f (x) − f (y) + γ)
(3)
x∈D + y∈D −

This model can’t deal with dynamic knowledge graph, so we improve this algorithm to introduce temporal information.
3.3

Cascade temporal information

Dynamic knowledge graph embedding have temporal information which is different from static graph embedding.
Consider the fact (h, r, t, Tstart , Tend ), we should introduce the time meta-fact directly into embedding training. Like
HyTE [18], the dynamic graph can be dismantled into several static graphs, which the fact is valid in during the
given time snapshots. And we deal with the dynamic graph as a temporal graph. There are many effective ways to
deal with static graphs and we introduce and promote it before. The difficulty of learning dynamic knowledge graph
embedding is how to introduce and inherit historical information. Our method is inspired by word semantic evolution
researches [25]. We think that there are many semblances between network evolution and semantic evolution. The
semantic change of a word is mainly due to the change of the link relationship in the sentence caused by the change
of time, while the change of the dynamic network node semantics is also the change of the network structure caused
by the same reason. Non-random initialization is a suitable method for us to introduce temporal information. In
our model, the embeddings are not randomly initialized, but initialized with the values from a previously-trained
model instead. That means we build a mapping function ϕ, supervised by the entity embeddings for previous time.
Once we get the converged entity embeddings at time t, we initialize the entity embeddings at time t+1 with the
mapping function.
t
(4)
et+1
i init = ϕ(ei )
The connected model is shown in Fig 2.
3.4

Loss Functions and Optimization

In this part, we discuss the loss function which we use to train in the model. Our model pays attention to traditional
loss function but also consider adding constraints to avoid drastic changes of embeddings through time. In real world,
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Fig. 2. Inheritance of temporal Information.

the change of graph is relatively stable instead of being totally rebuilt in each time step. Therefore, we add the
L2-regularization of entity embedding to enforce the loss function.
Combining the above analysis, we aim to minimize the weighted combination loss function of two objectives.
X X X
XX
L=
max(0, ft (x) − ft (y) + γ) + β
k eti − et−1
k22
(5)
i
t∈T x∈D + y∈D −
t
t

t∈T i∈E

where T is the set of time snapshots, Dt+ is the valid triple samples at time T and Dt− is the negative samples. β is
the parameter of the smooth loss. We hope to use regularization method to constrain drift through time.
We use non-random initialization method which we discussed in the previous section to integrate temporal
information. The learning process of SEDE is carried out using stochastic gradient descent (SGD). The process is
stopped based on model’s performance on the validation set.

4

Experiments

In this section, we evaluate experiments result based on some old-fashioned evaluation metrics which some knowledge
graph embedding method generally use. We utilize the temporal embedding vectors on three tasks: entity prediction,
relation prediction and graph visualization.
4.1

Datasets

Dynamic knowledge graph methods necessitate datasets with temporal information. WikiData [27] and YAGO [29]
are the representative datasets with time annotations which we can extract temporal snapshots to test our method.
• YAGO [29] YAGO is a huge semantic knowledge base, derived from Wikipedia WordNet and GeoNames.
YAGO also deliberate temporal and spatial knowledge and adds attribute descriptions of temporal and spatial
dimensions to many knowledge items. This dataset obtain 20.5k triples and 10,623 entities.
• WikiData [27] WikiData is an open and freedom knowledge base which collects a large amount of knowledge
generated by human and machine. We extracted this temporal knowledge graph from a preprocessed dataset of
Wikidata proposed by Leblay and Chekol. This dataset obtain 40k triples with 12.5k entities.
4.2

Baseline Methods

For evaluating the performance of our algorithm, we compare against the following methods:

Australian Journal of Intelligent Information Processing Systems

Volume 16, No. 4

ICONIP2019 Proceedings

6

69

Yujing Zhou, Jia Peng, Lei Wang, Daren Zha, and Nan Mu

• TransE [7] TransE is an effortless but effectual translation based algorithm to acquire entity and relation
embeddings. TransE regards the relations as translation between entities by using the translation invariance of the
word vector space.
• TransH [11] TransE is difficult to deal with one-to-N problems. TransH is an algorithm which translates each
relation on different hyperplanes to solve this problem.
• t-TransE [30] This algorithm is a dynamic embedding algorithm which uses temporal ordering of relations
to mimic graph evolution. T-TransE recommend a novel time-aware knowledge graph embedding based on the
occurrence time of facts.
• HolE [31] This algorithm propose holographic embeddings (HOLE) to learn compositional vector space representations of entire knowledge graphs. And it is regarded as the representative of the latest technology.
• HyTE HyTE is a temporally aware knowledge graph embedding algorithm which explicitly incorporates
time in the entity-relation space by associating each timestamp with a corresponding hyperplane. This method
demonstrate the effectiveness of it over both traditional as well as temporal KG embedding methods.

4.3

Entity Prediction

This task is to predict the missing entity. In this task, we give an incomplete triple which miss a head or tail. We
use a learning algorithm to predict the miss entity. More specifically, we randomly remove a part of test correct
triple (h, r, t, time). And then we predict the part which we remove, like (?, r, t, time) (for head entity prediction)
and (h, r, ?, time) (for tail entity prediction). In this task, we use MeanRank and Hits@10 to conduct the evaluation.
MeanRank (lower the better) is the average ranking of positive samples in the candidate side score sequence. And
Hits@10 (higher the better) is the proportion of correct entities in top 10 rank.
For all the algorithm, we take 128 for the dimensions parameter and 0.001 for the learning rate, which is also a
better parameter in most papers. We use 8000(YAGO) and 6000(WikiData) as a threshold to divide snapshots, so
that sufficient data can be trained in each snapshots. The results report in Table 1.
Through the result, we find that our algorithm performs well in most cases. Although some indicators are not
optimal results, they are basically close to the most advanced methods. This shows that our method can make
better use of time series information, and has certain advantages and generality.

Table 1. Entity Prediction.

Dataset
Metric
TransE
TransH
HolE
t-TransE
HyTE
SEDE

Volume 16, No. 4

YAGO11K
Mean Rank
Hits@10 (%)
Head Tail
Head Tail
2020
504
1.2
4.4
1808
354
1.5
5.8
1953
1828
13.7
29.4
1692
292
1.3
6.2
1069
107
16.0
38.4
745
151
18.2
42.0

WikiData12K
Mean Rank
Hits@10 (%)
Head Tail
Head
Tail
740
520
6.0
11.0
648
423
11.9
23.7
808
734
12.3
25.0
413
283
14.5
24.5
237
179
25.0
41.6
258
158
31.7
59.9
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Relation Prediction

This task is to predict the missing relation between two entities. We randomly remove the relation of test correct
triple (h, r, t, time), and then we predict the part which we remove. It also uses MeanRank and Hits@1 to evaluate
algorithm. This task pays more attention to deal with the relational contradiction between two entities at different
time snapshots.
Table 2. Relation Prediction.
Dataset
Metric
TransE
TransH
HolE
t-TransE
HyTE
SEDE

YAGO11K
Mean Rank
Hits@1 (%)
1.7
78.4
1.53
76.1
2.57
69.3
1.66
75.5
1.23
81.2
1.20
89.0

WikiData12K
Mean Rank
Hits@1 (%)
1.35
88.4
1.4
88.1
2.23
83.96
1.97
74.2
1.13
92.6
1.11
97.4

Table 3. Example of Qualitative Results on relation prediction for YAGO

Test quadruples
Jack Lemmon, ?, Los Angeles,[2001,2001]
John Fante, ?, Los Angeles,[1983,1983]
Robert Trent Jones, ?, Timuquana Country Club,[1948,Unknown]
James Goldman, ?, Chicago,[1927,1927]
Xavi
Moro,
?,
FC
Barcelona
B,[1996,1998]
Diogo Tavares, ?, Lisbon,[1987,1987]
Sidney Howard, ? ,Pulitzer Prize for
Drama,[1925,Unknown]
John S. Waugh, ?, Dartmouth College[1949,Unknown]

right answer
diedIn
diedIn
created

SEDE
diedIn
diedIn
created

TransE
wasBornIn
wasBornIn
owns

wasBornIn
playsFor

wasBornIn
playsFor

worksAt
created

wasBornIn
hasWonPrize

wasBornIn
hasWonPrize

created
wasBornIn

graduatedFromgraduatedFromisAffiliatedTo

Similarly, in this scenario, we show the improvement to the relation prediction. The results report in Table 2.
Our algorithm improve the precision about 10%. In most cases, we can better predict the missing relationship.
SEDE can also deal with the contradiction of time information better. From Table 3, we show some representative
examples of contradiction. For example, TransE predict (Jack Lemmon, ?, Los Angeles,[2001,2001]) has wasBornIn
relation, but the true relation is diedIn. That because wasBornIn and diedIn behave similarly for a relationship
between people and places.
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Graph Visualization

In this part, we test if our model could introduce time information into dynamic knowledge graph embeddings and
reflect embedding vectors into a common space. We use T-SNE method to map nodes at different times into a
2-dimensional graphs to compare their distribution.

(a) WikiData TransE

(b) WikiData SEDE

(c) YAGO TransE

(d) YAGO SEDE

Fig. 3. Visualization of Embeddings

(a) WikiData 4973

(b) WikiData 953

(c) YAGO 7653

(d) YAGO 5198

Fig. 4. Drift of Entity Embeddings

Distribution results are in Fig 3. In the figure, different colors represent different time snapshots. (a) and (c) are
mapping based on TransE embedding results, while (b) and (d) are mapping based on SEDE embedding results. It
can be clearly seen from the figure, our method can map entity embeddings into common space. This means that
we can compare and mine embeddings for the same entity at different times. As to single entities, which result in
Fig 4, we map the same entities on different snapshots into 2-dimensional graph and connect them according to
time. SEDE has apparently more stable and smooth results compared with TransE. The unstability and disorder
of the path indicate the excessive drift of the entity information, which means that the entity embeddings can not
be easier studied and mined through time.
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Conclusion and Future Work

In this paper, we propose a method for dynamic knowledge graph embedding. SEDE introduces the idea of semantic
evolution to solve the problem about how to relate the embedding on different snapshots. Our experiments prove
the effectiveness of SEDE on evaluation tasks, such as entity prediction, relation prediction and graph visualization.
There are several directions of dynamic knowledge graph embedding in the future. In future, we try to propose
a framework to integrate time information with static knowledge graph embedding algorithm. In addition to model
improvement, we can also pay more attention to time and space complexity. After all, the addition of temporal
information greatly increases the complexity of the algorithm.
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