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Abstract. In this paper, we focus on temporal-aware knowledge graph
(TKG) completion, which aims to automatically predict missing links in a
TKG by making inferences from the existing temporal facts and the tem-
poral information among the facts. Existing methods conducted on this
task mainly focus on modeling temporal ordering of relations contained
in the temporal facts to learn the low-dimensional vector space of TKG.
However, these models either ignore the evolving strength of temporal
ordering relations in the structure of relational chain, or discard more
consideration to the revision of candidate prediction results produced by
the TKG embeddings. To address these two limitations, we propose a
novel two-phase framework called TKGFrame to boost the final perfor-
mance of the task. Specifically, TKGFrame employs two major models.
The first one is a relation evolving enhanced model to enhance evolving
strength representations of pairwise relations pertaining to the same rela-
tional chain, resulting in more accurate TKG embeddings. The second
one is a refinement model to revise the candidate predictions from the
embeddings and further improve the performance of predicting missing
temporal facts via solving a constrained optimization problem. Exper-
iments conducted on three popular datasets for entity prediction and
relation prediction demonstrate that TKGFrame achieves more accurate
prediction results as compared to several state-of-the-art baselines.
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1 Introduction

Knowledge graphs (KGs) such as Freebase [2], YAGO [17] and DBpedia [13] have
proven to be highly valuable resources for many applications including informa-
tion extraction [21], semantic search [1] and question answering [6]. However,
in fact, KGs with large scales are usually far from complete, because the facts
contained in KG are mainly mined from unstructured sources using machine
learning and information extraction techniques, and no single source is suffi-
ciently comprehensive as well as technique is sufficiently perfect. Therefore, KG
completion' is a long-standing but increasingly important task in the research
field.

KG embedding, which aims to embed KG elements (i.e., entities and rela-
tions) into the latent, low-dimensional, and real-valued vector representations,
has been proven to be a powerful technique for KG completion. Over the
last few years, several approaches have been developed for this task and two
main groups can be distinguished: translational distance-based methods such as
TransE [3] and its numerous variants, and semantic matching methods such as
RESCAL [16]. Although most of these methods have exhibited both effectiveness
and strong generalization capabilities for KG completion, we observed that they
only treat KG as a static graph and the assumption in the background is that
the facts involved in KG are universally true. Obviously, the assumption is inad-
equate and inconceivable in many real-world scenarios. In fact, quite of facts in
KG are extremely ephemeral or tend to be valid only in a specified time period.
An illustration of the comparison between KG and temporal-aware knowledge
graph (TKG) based on the topic “soccer player” is in Fig. 1. Intuitively, exist-
ing approaches may make mistakes without considering the temporal aspects of
facts when learning KG embeddings.

In recent years, most of contemporary researchers turn to distributed repre-
sentations of temporal knowledge graphs (a.k.a TKG embeddings) to deal with
the TKG completion problem. It aims to automatically predict missing links
in a TKG by making inferences from the existing temporal facts and the tem-
poral information among the facts. A series of representation learning methods
for TKG completion, e.g., t-TransE [10], TransE-TAE [9], TTransE [12] and
HyTE [5], have been implemented to model the temporal ordering of relations
contained in the temporal facts to learn a low-dimensional vector space of TKG.
See Sect. 2.2 for more details on TKG embedding methods.

Although existing TKG embedding methods on the above task have achieved
preliminary performance improvements, they still suffer from two major limita-
tions: (1) The model ignores the evolving strength of pairwise relations pertaining
to the same relational chain, which results in some temporal information loss in
the learned embeddings. (2) The model only relies on the learned embeddings to
predict the plausibility of missing links in the TKG, and lacks more consideration

1 KG completion, as known as link prediction in KG, aims to automatically predict
missing links between entities based on known facts involved in KG.



198 J. Zhang et al.

Manchester
United

plays for
[1996, 2003]

wasBornIn

wasBomln
[1975, 1975]

David Beckham

plysfor [1
[1994, 1995]

Preston North
End F.C.

(@) (b)

isV

plays for s
Victoria
Beckham

Fig. 1. (a) An example of KG on the topic “soccer player”, in which five entities (e.g.,
“David Beckham”, “United Kingdom”) are represented as vertices, and four types of
relations (e.g., “plays for”, “wasBornIn”) are represented as directed edges with labels
in four different colors between vertices; (b) An example of TKG augmented from (a),
in which each directed edge as relation with timestamp represented as [tstart,tend]
denotes its connected fact that starts in tstqrt and ends in tend, e.g., ( “David Beck-
ham”, “plays for”, “Manchester United”) is true only during 1996-2003. Note that, as
for some facts with special time intervals, if the facts do not end yet, we represent their
timestamps as [tstart, + |, €.g., the fact ( “David Beckham”, “isMarriedTo”, “Victo-
ria Beckham”), with the timestamp [1999, + i<|; for some facts are factual ones, we
represent their timestamps as [— <, + |, e.g., the fact ( “Manchester”, “belongs to”,
“United Kingdom”) with the timestamp [— <, + ix].

to the further revision of prediction results, leading to a suboptimal performance
on TKG completion.

To address the above limitations, we propose a novel two-phase framework
called TKGFrame to boost the final performance of TKG completion task.
TKGFrame addresses these issues by applying two models, namely relation
evolving enhanced model and refinement model. Specifically, in the relation
evolving enhanced model, based on the work of Jiang et al. [9], a refined tempo-
ral evolving matrix is introduced to enhance evolving strength representations
of pairwise relations in the same relational chain. For example, for the relation-
based chain associated with the same person, the temporal ordering relation
wasBornIn needs to use greater strength to evolve into diedIn than into gradu-
atedFrom in the temporal-aware embedding space measured by the refined tem-
poral evolving matrix. This kind of temporal ordering enhanced information can
be regarded as a regularization term for a joint optimization problem to learn
TKG embeddings. The refinement model formulates the plausibility prediction
of missing temporal facts in the TKG from the embeddings as an integer linear
programming (ILP) problem, in which two types of additional common-sense
constraints for temporality are utilized to effectively filter out those implausi-
ble predictions for the purpose of improving the prediction quality. In addition,
another advantage of the refinement model is that it would benefit to improve the
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explainability for the final prediction results by better handling temporal con-
flicts in relations. By integrating the above two models seamlessly into a complete
framework, it can achieve more accurate prediction results. It is worthwhile to
highlight our contributions as follows:

— We propose a novel two-phase framework called TKGFrame for TKG com-
pletion.

— We present three extensions of TKGFrame based on the idea of incorporat-
ing temporal order among relations for learning TKG embeddings [9]: (1)
refine a new temporal evolving matrix for better modeling evolving strength
representations of pairwise relations pertaining to the same relational chain
following the timeline; (2) formulate plausibility measure of the candidate
predictions of missing temporal facts as a constrained optimization problem,
and propose an ILP approach to solve it as well as avoid implausible pre-
dictions from the embedding results; and (3) integrate two models into the
proposed TKGFrame seamlessly.

— We conduct extensive experiments on three real-world datasets, newly col-
lected from two popular KG projects, namely YAGO 3 and Wikidata, and
compare our results against some state-of-the-art baseline methods on both
entity prediction and relation prediction tasks. Experimental results have ver-
ified the effectiveness of TKGFrame.

— To illustrate the evaluation of our model and facilitate further research on this
topic, we have made the experimental details and source code of the model
publicly available?.

The remainder of this paper is organized as follows. We review related
research in this area in Sect.2. Section3 provides the details of each model
derived from TKGFrame. In Sect.4, we conduct extensive experimental eval-
uations and provide an analysis of the effectiveness of our model in terms of
entity prediction and relation prediction, respectively. Finally, the conclusions
and future work are described in Sect. 5.

2 Related Work

In this section, we provide an overview of the typical methods for KG embedding
learning. These approaches have offered state-of-the-art results for KG and TKG
completion on several benchmarks. According to whether the temporal-aware
information is considered or not in the learned KG embeddings, the methods
can be summarized into two major branches, including static KG embedding
methods and temporal-aware KG embedding methods.

2 The experimental details and source code of the model are publicly available at
https://github.com/zjs123 / TKGComplt.
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2.1 Static Knowledge Graph Embedding Methods

Static KG embedding methods aim to map each entity and each relation in a KG
to a latent, low-dimensional, and real-valued vector representation and compute
a score to measure the plausibility for each triple by applying a scoring function
to these representations. The well-known TransE model [3] maps entities to
vectors and regards r as translations from a head entity h to a tail entity [.
Based on TransE, a number of improved models have been proposed, such as
TransH [20] and TransR [14]. Specifically, TransE [3] attempts to make h+7 and
l be as close as possible by adjusting the vectors for the head entity h, relation
r, and tail entity I. The TransH model [20] models relations as vectors on a
relation-specific hyperplane with an associated translation operation. TransE
and TransH both embed the entities and relations into the same space. The
TransR model [14] considers separate entity and relation spaces to better capture
the differences between entities and relations.

2.2 Temporal-Aware Knowledge Graph Embedding Methods

In recent years, an increasing number of researchers have paid attention to this
promising area, and many efforts have been made for learning temporal prop-
erty among relations and relation embedding simultaneously. Jiang et al. [10]
took the happen time of facts into account, and proposed a TKG embedding
model by simply extending standard TransE model. Jiang et al. [9] extended
the above work and made an attempt to incorporate temporal order informa-
tion for TKG completion. Specifically, in this approach, instead of incorporating
temporal-aware information in the learned embeddings, it first learns tempo-
ral order among relations (e.g., wasBornIn — worksAt — diedIn), and then
these relation orders are incorporated as consistency constrains to learn TKG
embeddings. However, some explicit temporal relation dependencies in relational
chains in the model are not fully considered, which affects the actual quality of
the TKG embeddings. In contrast to [9], Dasgupta et al. [5] proposed a TKG
embedding model called HyTE inspired from the objective of TransH [20], which
is able to directly incorporate temporal information in the learned embeddings.
Specifically, they firstly divide an input TKG into multiple static subgraphs,
each of which is pertinent for a timestamp, and then project all the entities and
relations of each subgraph onto the hyperplane specific with a timestamp for
joint learning of the hyperplane vectors and the representations of the TKG ele-
ments distributed in the subgraphs. TTransE [12] investigated temporal scope
prediction over unannotated triples, and extended existing TransE-style scoring
functions. TA-TransE [8] utilized digit-level LSTM to learn TKG embeddings
combining with existing scoring functions such as TransE and DistMult. For
both TTransE and TA-TransE, they verify the effectiveness of the joint learning
framework which is based on existing scoring function, with temporal informa-
tion regularization. In addition, another study in Know-Evolve [19] is mostly
focused on factual knowledge evolving. It uses a bilinear model (RESCAL) and
employs a deep recurrent neural network in order to learn non-linearly evolving
entities.
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3 The Proposed Two-Phase Framework

In this section, two models and detailed steps within the proposed TKGFrame
are introduced in detail.

3.1 Phase I: Relation Evolving Enhanced Model for TKG
Embedding

Our TKG embedding model is expected to better model temporal evolution
among facts in the temporal-aware embedding space. For this, Jiang et al. [9]
firstly propose a key assumption that temporal ordering relations occurring in the
facts are associated with each other and evolve in a time dimension. In the guide
of this assumption, they attempt to capture the temporal order among relations
by using a temporal evolving matriz T € R™ ™ where n is the dimension of rela-
tion embedding, While experimental evidence indicates that T is indeed helpful
for incorporating temporal-aware information to the learned TKG embeddings.

Inspired by the above idea, we refine a new temporal evolving matriz T, €
R™ "™ for better modeling temporal dependencies in a relational chain. The
key distinction between these two forms of temporal evolving matrices (i.e., T
and T,) is that in the former, T only can separate given prior relation and
subsequent relation which share the same head entity in the temporal-aware
embedding space, whereas in the latter, T, is able to enhance evolving strength
representations of pairwise relations pertaining to the same relational. Specif-
ically, for the same person, there exists a temporal dependency, denoted as
wasBornIn — graduatedFrom — worksAt — diedIn. As a result, for the first
case, wasBornIn can evolve into graduatedFrom, graduatedFrom can evolve into
worksAt, and worksAt can evolve into diedIn in a time dimension, with the
same intensity. For the second case, wasBornIn can evolve into graduatedFrom,
worksAt and diedIn with the strength as once, twice, and three times, which
can be measured by T, Tg, and Tg. Following the similar process introduced
above, graduatedFrom can also evolve into worksAt and diedIn in once and twice
strength as presented by T, and Ti, respectively. A simple graphical illustration
for this example is shown in Fig. 2. In this way, we enhance the evolvement among
temporal ordering relations by exploiting different evolving strength measures.
It indicates that the farther distance of the pairwise relations in a relation-based
chain, the more evolving strength they need.

As studied in [9], we also formulate TKG embedding as an optimization
problem based on a temporal-aware regularization term. Given any two positive
training quadruples (e;, 7, €j,t,,) and (e;, 7, €m, tr;), they share the same head
entity and a temporal ordering relation pair (r;,r;). If ¢, <, , we have a pair of
positive temporal ordering relations, denoted as r+ = (r;,7;), and corresponding
negative relation pair r~ = (r;, rj>_1 by inverse. Our optimization requires that
positive temporal ordering relation pairs in each relational chain® should have
lower scores than negative pairs. Therefore, we have a temporal scoring function:

3 The relational chain can be constructed by connecting temporal relations sharing
the same head entity ranked by an order of their timestamps.
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Fig. 2. An illustration of two forms of temporal evolving matrices (i.e., T and T.) in
the temporal-aware embedding space. For instance, there exist four temporal ordering
relations for the same person, denoted as r1 = wasBorniIn, ro = graduatedFrom, r3 =
worksAt, r4 = diedIn, ranked in chronological order in a relation-based chain I,.. The
relation between entity e; and entity e; corresponds to a translation vector r; by the
TransE model, i.e., e; + r; =~ e; when (e;, r;, €;) holds (j =i+ 1,j <5,¢=1), as
shown in (a). We obtain prior relation’s projection ;T near subsequent relation r; i in
the space by projection by T, i.e., r;T = riy1, but ri 1T # 13 (¢ = 1, 2, 3), as shown
in (b). Similar to (b), we obtain prior relation’s projection r;T?~% near subsequent
relation r; based on their dependency strength in I, in the space by projection by T,
e, ;T mry, but r; T  # vy (j=4+1,5<4,i=1,2,3), as shown in (c).

g((ri,ry)) = e T = x5l 1 (1)

where T, is a parameter to be learned by our model from the training data,
and T is to enhance the evolving strengths of pairwise relations with different
dependency distances in the relation-based chain, which has introduced in the
earlier parts of this section. We are expected to obtain a low score when the
temporal ordering relation pair is in chronological order, and a high score other-
wise. Note that T, is also an asymmetric matrix, resulting in loss function with
asymmetric property, so as to a better modeling of temporal ordering relation
pairs.

However, in practice, Eq.1 cannot ensure that the scores of positive tem-
poral ordering relation pairs are absolutely low to fulfill the projection when
the chronological order exists, as pointed by Zhou et al. [22]. Hence, we follow
the strategy adopted in modeling previous work [18] and leverage an optimized
objective function as the temporal loss function:

O, = > lot™) —mle+u Y -9 ), 2)

rteDf r—€D,

where D and D, denote the sets of positive temporal ordering relation pairs
and negative temporal ordering relation pairs covering all the relation-based
chains, respectively. [-|; = max(-,0), 71,72 > 0 are two hyperparameters, p > 0
is used for smoothing as well as to strike a trade-off between the two terms in
Eq. 2, and is fixed to 0.5 in our implementation. To summarize, the advantages
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of Eq. 2 is two-fold: firstly, we are able to directly control the absolute scores of
positive and negative temporal ordering relation pairs as needed, with setting
g(rt) <1 and g(r~) > 72 (72 > 1 and 7 is a relatively small positive value);
secondly, we are still expected to preserve the characteristic of the margin-based
ranking criterion deriving from TransE model [3], with setting g(r~) — g(r*) >
Y2 — 7

Moreover, in order to make the temporal-aware embedding space compatible
with the observed temporal facts, we make use of the temporal fact set A and
follow the same scoring function applied in TransE model:

f(esvrveo) = ||e8+rieo||l1/l2' (3)

Combining Eq.2 and Eq.3, the final optimization problem can be solved by
minimizing the joint scoring function as follows:

L= % > [+ )= fE)]s+ 20, (4)

tteA+tt—eA-

where t+ € AT is a positive temporal fact, and t~ € A~ is a negative temporal
fact by randomly replacing head or tail entity of the positive one. In our settings,
the constrains are: |leg|la < 1, ||rill2 < 1, |leoll2 < 1, |Irjll2 < 1, 5 T0 |2 < 1,
and [|r;T,||2 < 1 for presenting the model from overfitting during training.

The first term in Eq. 4 enforces the resulting temporal-aware embedding space
compatible with the whole of observed temporal triples, and the second term
further requires the space to be consistent and more accurate. Hyperparameter
A strikes a trade-off between the two terms. We use stochastic gradient descent
over shuffled mini-batches to solve this minimization problem.

3.2 Phase II: Refinement Model

After obtaining the TKG embeddings generated from the previous phase, the
plausibility prediction of the missing temporal triples from these embeddings
inevitably suffers from inferior embedding performance. Hence, in this section,
we further model plausibility measure of the candidate predictions as a con-
strained optimization problem, and propose an integer linear programming (ILP)
approach to eliminate implausible predictions from the embedding results. ILP
is an optimization model with constraints and the whole of variables are required
to be non-negative integers [4].

Objective Function. We first define a decision variable z, , , for each candidate
quadruple sg , = (es,T, €0, tr). These variables are binary and indicate whether
quadruple s7, is true or false.

'Sv

. 1, ifs” = (es, 1, €,,1,) is selected to be retained
5o 0, otherwise

We then define the objective function as follows:

min _ (min f(s],) = 0) X T 1.0, (5)

Zs o
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where f(sy ,) represents the plausibility predicted by the prior embedding model,
as computed in Eq.3. The lower score, the more likely to be valid. 8 is the
threshold used to select temporal facts with sufficiently high possibility (see
implementation details in Sect. 4.2 for its value in our experiments).

Constraints. Inspired in part by the considerations given by [9], we then illus-
trate two categories of common-sense constraints associated temporality for our
ILP model: temporal disjointness constraint and temporal ordering constraint.

(1) Temporal Disjointness Constraint. It claims that the time intervals
of any two temporal facts with a same functional relation (i.e., relation type)
and a same head entity, or a same tail entity are non-overlapping. For example,
a person can only be spouse of one person during a specified time interval, so
(e1,wasSpouseO f, ea,[1994,1998]) N (e1, wasSpouseO f, es, [1992,2000]) N (e2 #
e3) — false. These constraints can be represented as:

Ts,rl + Ts,r,m S 17 Tn,ro + Tp,r,o S 17
Vret, [Z N R 7, # ®7txn,7‘,o Nty o #0 (6)

where €; are functional relations described such as wasBornIn, and t,_ ,,t
are time intervals for two temporal facts with a common head entity as well as
diverse tail entities, respectively. Similarly, t,,, , ,, tz, ., are also time intervals
for two temporal facts with a common tail entity as well as diverse head entities,
respectively.

Ts,r,m

(2) Temporal Ordering Constraint. It claims that some temporal relations
occurr in order. Correspondingly, the fact related to the relation always happens
before another one. For example, a person must be born before he graduates, so
(e1,wasBorniln,es, t1) N (e1, graduatedFrom,es,t2) N (t1 > to) — false. These
constraints can be represented as:

Ts,rs,l T Ls,rj,m < 1,V(7‘i, Tj) € €2a tws,ri,z < twsﬂ'j,?n (7)

where Gy = {(r;,7;)} are relation pairs in which each pair has precedent order
such as (wasBornlIn, graduatedFrom). These relation pairs can be discovered
automatically in experimental datasets by statistical strategies and finally man-
ually calibrated.

ILP Model. With the two constraints as described above, we define our final
ILP model as follows:

min > (min f(s],) = 0) X Taro (8)
Ts,ro0
st. VreCp, tl’s,r,l N txs,'r,m 7é ®7t1n,7‘,o N tzp,r,o 7é 0
Ts,r,l + Ts,r.m < 1
Tn,ro + Tp,r,0 < la
V(ri,rj)e(927t <t

Torg i = Vs rim

Tsr;l T Ts,rijm <1

Toro € {0,1}. (9)
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Table 1. Statistics of datasets.

Dataset #Entity | #Relation | #Triples Time Interval
#Train | #Valid | #Test

YAGO11k 10,623 10 16.4k |2k 2k [100 - 2017]

Wikidatal2k | 12,554 |24 32.5k |4k 4k [19 - 2020]

Wikidatallk | 11,134 |95 112k 14.3k | 14.2k |[25 - 2020]

It is obvious that the first constraint restricts the selection of facts with a com-
mon head/tail entity and diverse tail/head entity, along with non-overlapping
time intervals will be selected. The second constraint restricts that when a pair of
facts with precedent ordering relation is selected, but their time intervals do not
satisfy this order, they will also be excluded. We minimize this objective func-
tion in order to find the best assignment of indicator variables to minimize the
overall score of test quadruples while complying with the temporal constraints.
We use PuLP*, which is an LP modeler written in python, to solve the problem.

4 Experiments and Analysis

In this section, we first provide an overview of the datasets used in the experi-
ments, and then conduct an extensive experimental evaluation and provide an
analysis of the experimental results in terms of entity prediction task and relation
prediction task, respectively.

4.1 Datasets

We evaluate our model and baselines on three datasets, which are derived from
two popular KG projects, namely YAGO 3 [15] and Wikidata [7]. We distill out
all the facts with timestamps and select those ones pertaining to top-N types
of frequent time-sensitive relations in each dataset for our experiments. Simple
statistics of the datasets are summarized in Table 1. In the following, we detail
each dataset.

- YAGO11k: This is a subset of YAGO 3 [15] released by HyTE 2018 [5],
containing 10,623 distinct entities, 10 types of most frequent time-sensitive
relations, and in a total of 20.4k temporal triples. Here the temporal facts
in this dataset are in the form of (#factID, OccurSince, ts), (#factID, Occu-
rUntil, t.) indicating the fact is valid during [ts : t.], where #factID denotes
a specific fact (es, 7, €.).

— Wikidatal2k: This is a subset of Wikidata released by HyTE 2018 [5],
containing 12,554 distinct entities, 24 types of most frequent time-sensitive

relations, and in a total of 40.5k temporal triples. This is almost 2 times larger
than YAGO11k.

4 https:/ /pypi.python.org/pypi/PuLP.
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— Wikidatallk: This is a subset of Wikidata released by TA-TransE [8],
containing 11,134 distinct entities, 95 types of time-sensitive relations, and
in total of 28.5k temporal triples.

For getting the test and validation set for each dataset, we randomly sample
roughly 80% of instances as training, 10% as validation and 10% for testing on
each dataset.

4.2 Entity Prediction

Compared Baseline Methods. In order to evaluate our model more com-
prehensively, a suite of state-of-the-art baselines are compared, including the
following:

— TransE [3]°. This is a simple but effective traditional distance-based model.

— TransH [20] (See footnote 5). This model instead models entities as vectors
on a relation-specific hyperplane with an associated translation operation for
dealing with the complex relations.

— TransE-TAE [9]. This model utilizes a temporal ordering of relations to
model the knowledge evolution in the time dimension. Observed relation
ordering with respect to the same head entity is modeled as a regularization
term in conjunction with TransE scoring function. As no code is available, we
implemented it by ourselves.

— TransH-TAE [9]. This model performs the operations as same as TransE-
TAE for learning temporal ordering among relations, and then incorporates
them to TransH scoring function as a regularization term. As no code is
available, we implemented it by ourselves.

— TTransE [12]°. This model studies scoring functions that incorporate tem-
poral representation into a TransE-style scoring function, with a focus on the
temporal relation prediction task.

— TA-TransE [8]". This model utilizes digit-level LSTM to learn TKG embed-
dings combining with existing scoring functions such as TransE and DistMult.

—~ HyTE [5]®. This model incorporates time associated information in the
entity-relation spaces by associating each timestamp with a corresponding
hyperplane.

— TKGFrame;ihout 1, p- This is the variant of our model. We remove the
refinement model in the second phase from TKGFrame, which degenerates to
only performed the temporal ordering enhanced model in the first phase for
TKG completion. We use the subscript without_ILP to denote this setting.

5 The code for TransE and TransH is from https://github.com/thunlp/OpenKE.

5 The code for TTransE is from https://github.com/INK-USC/RE-Net /tree/master/
baselines.

" The code for TA-TransE is from https://github.com/nle-ml/mmkb.

8 The code for HyTE is from https://github.com/malllabiisc/HyTE.
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Evaluation Metrics. The entity prediction task aims to predict missing head
or tail entity of a triple as introduced in Definition 3.3. In the testing stage, for
each quadruple (eg, r, e., t), we also regard it as a triple without considering its
time dimension ¢, and replace its head/tail entities with all entities in the TKG
to construct candidate triples. Then we rank all these entities in descending
order of the scores, which are calculated by our scoring function as Eq. 3. Based
on the entity ranking list, we adopt two standard metrics from [3]: (1) the mean
rank of correct entities (MR), and (2) the proportion of correct entities ranked
in top-10 rank entities called Hit@10. As pointed out by Bordes et al. [3], the
two metrics are desirable but flawed when a corrupted triple exists in the test
set. To address this problem, we filter out the whole of corrupted triples that
occurred in the test set before ranking. We call the former dataset as Raw and
the latter one as Filter in the evaluation.

Implementation Details. We implement our model and the baselines in
PyTorch. All the experiments are performed on an Intel Xeon CPU E5-2640
(v4) with 128 GB main memory, and Nvidia Tesla P100. We initialize all the
baselines with the parameter settings in the corresponding papers and then turn
them on our datasets for best performance for a fair comparison®. For the tempo-
ral ordering enhanced model in TKGFrame, we create 100 mini-batches for each
epoch during training. The embedding dimension d € {50,100, 200}, margin ~;
and 7o are set in the range of {1,2, 4}, learning rate [ € {1072,1073,10~*}, neg-
ative sampling ratio n € {1,3,5}, hyperparameter A\ € {1072,1073,107}, and
threshold 6 € {10,11,12,13}. The best configuration is chosen based on Raw
MR on the validation dataset. The final parameters are d = 100, 3 = 72 = 4, {
=10"2,n =3, A = 1072, = 11 and taking l-norm for YAGO11k dataset and
d=100,71 =7 =4,1=10"2,n =3, A = 1072, # = 11 and taking /;-norm
for Wikidatal2k dataset. For Wikidatallk, the final configuration are d = 100,
MN=7=41=10"3n=3, A=10"2,0 = 11 and };-norm.

Results. Table 2 illustrates the results for entity prediction. We have four major
findings. (1) Not surprisingly, temporal-aware embedding models have more obvi-
ous advantages than traditional translation-based models such as TransE and
TransH on all metrics. This verifies that incorporating temporal information to
guide the TKG embedding learning improves the performance of entity predic-

9 We train TransE and TransH on all datasets with embedding dimension d = 100,
margin v = 1.0, learning rate [ = 10™2 and taking l;-norm. The configuration of
TAE-TransE and TAE-TransH are set as embedding dimension d = 100, margin
1 = 72 = 4, learning rate | = 10~*, regularization hyperparameter ¢t = 10~ and
taking li-norm for YAGO11lk and Wikidatal2k datasets, and d = 100, v1 = 72
=21 =10"% t = 1073, taking h-norm for Wikidatallk. We train TA-TransE
and TTransE with the same parameter setting as introduced in [11]. For TA-TransE
model, the configuration are embedding dimension d = 100, margin v = 1, batch size
bs = 512, learning rate | = 10~* and taking l;-norm for all the datasets. For HyTE,
we initialize the same parameter setting as HyTE, in which embedding dimension d
= 128, margin v = 10, learning rate = 10™°, negative sampling ratio n = 5 and
using l1-norm for all the datasets.
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Table 2. The experimental results of different methods on three datasets for entity
prediction task. The best and second best baseline results in each column are boldfaced
and underlined, respectively (the lower are better for MR, and the higher are better
for Hit@10).

Dataset YAGO11k Wikidatal2k Wikidatallk
Models MR Hit@10(%) MR Hit@10(%) | MR Hit@10(%)
Raw |Filter | Raw|Filter|Raw |Filter |Raw Filter|Raw |Filter| Raw | Filter
TransE 1535.7|1522.2{13.7 |15.6 |1309.8/1296.1|28.1 |37.3 |200.5/187.5 |47.2 |72.3
TransH 1431.9/1419.5/14.1 116.2 |1063.6/1050.0/30.2 [39.9 |193.5/180.9 |47.3 |73.0
TransE-TAE 1118.1(1105.1/16.7 |22.5 |738.0 |723.8 |33.0 |42.6 55.7|42.3 160.4 |80.2
TransH-TAE 1124.9|1111.8|17.1 |22.4 |488.2 (474.1 |36.1 |48.3 55.1142.1 |61.0 [81.8
TTransE 1172.0/1171.5/12.8 |13.3 |505.6 |503.4 |36.3 |40.4 58.9/56.6 |61.5 |64.6
TA-TransE 1547.9/1534.9/11.7 |13.2 |663.0 653.9 |34.7|43.7 | 94.1/85.9 |61.2|74.6
HyTE 590 |- 18.6 |- 237.7 |- 32.6 |- 36.3|— 73.8—
TKGFrameyithout_1Lp|671.0 (662.3 [27.5(29.9 [439.9 428.1 |38.0 |50.9 47.1/34.1 |64.7 [88.0
TKGFrame 549.6 |542.1 29.0/31.3 165.5|153.8 38.151.7 [30.9 |17.6 |65.4 |88.6

tion. (2) Compared with TransE-TAE, TransH-TAE, and TA-TransE, HyTE
obtains better performance on Raw MR metrics. This demonstrates its superi-
ority to structure the hyperplanes in the entity-relation space compatible with
these temporal facts on the datasets. (3) TKGFrame outperforms all the base-
lines by a significant improvement. The Raw MR drops by nearly 6.8%, 30.3%
and 14.8%, and Filter Hit@10 rises about 39.1%, 7.0% and 8.3% on YAGO11k,
Wikidatal2k and Wikidatallk dataset, respectively. This demonstrates that the
relation evolving enhanced model is beneficial for generating more accurate TKG
embeddings, and the refinement model is useful to remove more implausible
predictions. In addition, TKGFrame achieves better performance results than
TKGFrameyithout_1,p on all metrics, illustrating the importance of filtering out
implausible predictions from the candidates provided by the relation evolving
enhanced model. (4) One interesting observation is that TKGFrame does not
outperform HyTE on Wikidatallk with Raw Hit@10. One explanation is that
because it contains variety of relation types and the distribution of temporal
ordering relations especially for the ones in the structure of relational chain is
more sparse, this affects the actual quality of the learned TKG embeddings.

4.3 Relation Prediction

Evaluation Metrics. Similar to the entity prediction task, following [3], we
adopt two standard metrics for predict missing relation of a quadruple (fact),
including MR and Hit@1.

Results. Table 3 shows the results for relation prediction. We have three major
findings. (1) TKGFrame outperforms all the baselines by a significant improve-
ment, we verify that the relation evolving enhanced model is valuable to improv-
ing the representations of temporal ordered relations in pairwise. (2) The refine-
ment model is indeed able to improve the performance of relation prediction, the



A Two-Phase Framework for Temporal-Aware Knowledge Graph Completion 209

Table 3. The experimental results of different methods on three datasets for relation
prediction task. The best and second best baseline results in each column is boldfaced
and underlined, respectively (the lower are better for MR, and the higher are better
for Hit@1).

Dataset YAGO11k Wikidatal2k Wikidatallk
Models MR Hit@1(%) MR Hit@1(%) |MR Hit@Q1(%)
Raw | Filter| Raw | Filter| Raw | Filter| Raw| Filter| Raw | Filter| Raw | Filter
TransE 1.61 |1.60 |65.266.9 [1.26 |1.21 |85.3|88.2 |1.18 |1.12 |93.6 |94.2
TransH 1.57 /1.56 |67.0 68.1 |1.251.14 |85.5|87.4 |1.21|1.15 |1.15(92.8
TransE-TAE 1.53 |1.51 |71.4|72.7 |1.23 |1.20 |85.9(88.9 |1.11 |1.09 [89.6 (90.2
TransH-TAE 1.44(1.42 |75.5|76.4 [1.21|1.11 |86.5/89.0 [1.23|1.14 |84.1/85.4
TTransE 1.47 - 73.8 |- 1.22 |- 86.0 |— 1.08 |- 96.3 |—
TA-TransE - - - - — — - - - - - -
HyTE 1.38 |- 78.4 |- 1.12 |- 88.8 |- 1.10 |- 97.2 |-
TKGFramewithouws e | 1.29 |1.28 |77.3 |78.2 [1.20[1.11 [85.0 88.4 |1.05|1.03 |97.7 98.1
TKGFrame 1.18/1.07 |86.5/86.6 |1.12/1.06 |92.0/92.2 |1.04/1.02 |97.8/98.3

Raw MR drops by nearly 14.4%, 0% and 3.7%, and the Filter Hit@1 rises about
13.3%, 3.5% and 4.3% on YAGO11k, Wikidatal2k and Wikidatallk dataset,
respectively. This main reason is that two categories of common-sense constraints
associated temporality are leveraged to better handle temporal conflicts in rela-
tions. Relation prediction can be viewed as a multi-label problem that the same
entity pair may have multiple relation labels. For example, ( “Finstein”, “ETH
Ziirich”) could have two valid relations: graduatedFrom and worksAt. Though
using the temporal constraints, we are aware that the two relations have differ-
ent valid periods, and therefore we would remove the implausible one to improve
Hit@Q1 accuracy.

5 Conclusion

This paper presents a novel two-phase framework, called TKGFrame, to further
improve the performance of the TKG completion task. TKGFrame consists of
two major models, namely (1) relation evolving enhanced model and (2) refine-
ment model, corresponding to two phases of TKGFrame. To be specific, the first
model attempts to enhance evolving strength representations of pairwise rela-
tions in the same relational chain by learning a new temporal evolving matrix,
resulting in more accurate TKG embeddings. In the second model, we formu-
late plausibility measure of candidate predictions of unseen temporal facts in
the TKG provided by the embeddings from the first model as a constrained
optimization problem, and an ILP model is proposed to solve this problem as
well as effectively filter out those implausible prediction results presented con-
flict strictly in each other. The above two models are seamlessly integrated into
TKGFrame, which is beneficial to produce more accurate predictions for TKG
completion. Comprehensive experiments on three popular datasets show that
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the proposed solution outperforms state-of-the-art baselines in terms of entity
prediction and relation prediction tasks.

In terms of future work, we attempt to exploit our solution in several kinds of
extensions and follow-up studies. One direction is to give greater consideration to
enhance the representations of time-sensitive facts by including side information
(e.g., type consistency information, accurate textual information) beyond their
temporal ordering relations in a relation-based chain that we have considered
thus far. A second direction of extension is to a specific consideration regarding
the enrichment of temporal ordering relations in pairwise. We will explore using
comparing with similar popular facts and timestamp-based label propagation
method, to further mine temporal ordering relations, even for some low-resource
datasets. A third direction for studying is to further consider using our proposed
framework for temporal scope prediction of news facts.
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