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ABSTRACT

Acknowledging the dynamic nature of knowledge graphs, the prob-
lem of learning temporal knowledge graph embeddings has recently
gained attention. Essentially, the goal is to learn vector represen-
tation for the nodes and edges of a knowledge graph taking time
into account. These representations must preserve certain proper-
ties of the original graph, so as to allow not only classification or
clustering tasks, as for classical graph embeddings, but also approx-
imate time-dependent query answering or link predictions over
knowledge graphs. For instance, “who was the leader of Germany
in 1994?” or “when was Bonn the capital of Germany?”

Several existing work in the area adapt existing knowledge graph
embedding models, adding a time dimension, usually restricting to
one time granularity, like years or days, or treating time as fixed
labels. However, this is not adequate for many facts of life, for
instance historical and sensory data. In this work, we introduce
and evaluate an approach that gracefully adjusts to time validity of
virtually any granularity. Our model is robust to non-contiguous
validity periods. It is generic enough to adapt to many existing
non-temporal models and its size (number of parameters) does not
depend on the size of the graph (number of entities and relations).
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1 INTRODUCTION

Graph embeddings are a set of techniques used to project graph
nodes into a low-dimensional vector space while preserving certain
properties, such as adjacency, similarities, communities, etc [2, 4,
10]. This can be useful for a number of machine learning tasks,
where training on the embedding becomes more effective than
training on the actual graph. It is widely studied for link prediction,
node classification, clustering, among others.

Two special cases of graph embeddings include (i) temporal graph
embeddings (TGE) where edges are not necessarily directed, but
labeled with temporal metadata, and (ii) knowledge graph embed-
dings (KGE) where nodes are concepts, real world entities or literal
values, and directed, labeled edges reflect semantic relationships
between those nodes.

The first type of embeddings allows time-aware link predic-
tion, whereby one can predict whether two nodes were linked at a
given point in time, or the most likely period(s) of time these were
linked [6, 25, 26]. On the other hand, the second type of embeddings,
are suited for atemporal graphs and, allow (1) relation prediction,
where one looks for the most likely ways two given entities are
linked, and (2) node prediction, where one can predict the most
likely subject (resp. object) for a given predicate and object (resp.
subject) [1, 24, 32]. For instance, one would expect Berlin to be ap-
proximated as the best answer to the query (Germany, capital, ?).

Recently, there has been a growing research interest in temporal
KG embeddings, where the edges of a KG are also endowed with
information about the time period(s) in which the relationship is
considered valid. A number of models [5, 8, 11, 15, 30, 34, 35] have
already been proposed to learn temporal KG embeddings, however,
they have several limitations. A common approach consists in ex-
tending KG-based approaches, i.e., by projecting KG into fixed-sized
time intervals, and learning the embedding within each snapshot.
Moreover, most existing work consider a single time granularity at
a time (typical years or days). This inherently limits the size of the
scope, forcing to find a compromise between the finest time gran-
ularity and the longest period to consider. In addition, depending
on the application not all facts require the same level of resolution.
We typically expect the resolution of a person’s lifespan to be in
years, while for some historical events (e.g. dynasties, epidemics)
centuries or months are more appropriate. At the other end of the
spectrum, certain applications (e.g. IoT-Internet of Things) might
require precision in seconds. Finally, existing models mostly do not
support multiple, possibly disconnected, time validity intervals, or
spanning multiple granularity levels.

In an empirical analysis of Wikidata [37], we extracted the facts
with temporal annotations, which represented about 1.5% of the
dataset, and plotted the distribution of facts that holds on any given
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Figure 1: Number of facts that hold on any given year from
1800 in 2019 in Wikidata (red) and number of distinct rela-
tions in use over the same period (blue).

year. This is shown in red on Figure 1 on a portion stretching from
1800 to 2020. While there is a fairly small and constant amount of
knowledge about the past, this amount grows exponentially as time
approaches to the present. This is in part because gathering precise
information is increasingly hard as we look farther into the past,
and in part because knowledge simply accumulates (more facts
becoming true than false) over time. The skew is apparent not only
in terms of absolute number of facts valid at any period of time,
but also in terms of distinct relations in use over time (as shown
in blue on Figure 1). That is, the overall “vocabulary” of the graph
drifts with time, as certain relations become obsolete (emperor-of),
and new ones emerge (follows-on-twitter).

In this paper, we introduce a model to support time-aware node
prediction for knowledge graphs, that can adapt to multiple time
resolutions and temporal skew in data. Our approach stems from
the following assumption: the representations of an entity (resp. re-
lation) on two distinct time points are likely to be different, yet these
representations should be influenced by the relationship between
the time points. For instance, we should expect the embedding of
Bonn to be in the neighborhood of cities for most of the twenti-
eth century, yet during the cold war era, we would also expect to
find it in the neighborhood of national capitals. Our starting point
is a conventional (non-temporal) KGE and our goal is to train a
model that will tilt those embeddings towards vectors reflecting
any particular point in time. The approach is reminiscent of trans-
fer learning, whereby anything learned at some prior layer (here
time granularity) directly benefit subsequent ones. In summary, we
introduce a flexible meta-model that is capable to:

e work on top of many existing non-temporal KG embedding
models, namely, any model of the TransE family,

o deal with knowledge having varying time granularities, and

e support multiple time points, validity intervals, including
non-contiguous ones.

We compare the performance of our model with the state-of-the-
art on datasets previously used in the literature. In addition, we
propose performance metrics better suited to the temporal settings
than commonly used ranking-based metrics.
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The rest of the paper is organized as follows. In the next section,
we summarize the recent literature on temporal KG embeddings.
In Section 3, we formalize the problem statement and our proposed
model. The model is evaluated and compared to other models in
Section 4. We present our concluding remarks along with future
work directions in Section 5.

2 RELATED WORK

We present the related work from three different angles: temporal
scoping on graphs, knowledge graph embedding for link prediction,
and temporal knowledge graph embedding.

Temporal Scoping and Link Prediction. In a classical setting [33],
Talukdar et al. uses frequency counts of fact mentions to define tem-
poral profiles (basically a time-series of the occurrences of facts over
time in a corpus of historical documents) of facts and analyze how
the mentions of those facts rise and fall over time. Consequently,
they identify temporal scopes over input facts, using a 3-phase
procedure. In contrast, Rula et al. [28, 29] extract time information
contained in Web pages using syntactic rules. This process has
three phases whereby candidate intervals for facts are matched,
selected and then merged according to temporal consistency rules.
YAGO [12] is another earlier example, in which both time and space
scopes were extracted using linguistic extraction rules, which are
analyzed by a conflict resolving post-processing step. In [40], the
authors formulate the temporal scoping problem as a state change
detection problem. In doing so, they enrich temporal profiles of
entities with relevant contextual information (these are unigrams
and bigrams surrounding mentions of an entity, for instance, for
the entity Barack Obama relevant unigrams include ‘elect’, ‘sena-
tor’ and so on). From there, they learn vectors that reflect change
patterns in the contexts. For example, after ‘becoming president’,
US presidents often see a drop in mentions of their previous job
title state such as ‘senator’ or ‘governor’ in favor of ‘president’.
Another temporal scoping system developed by [31] relies on a
language model consisting of patterns automatically derived from
Wikipedia sentences that contain the main entity of a page and
temporal slot-fillers extracted from the corresponding infoboxes.

On the other hand, using matrix factorization the earliest studies
on link prediction such as [25, 26], tackle link prediction in graphs
changing over time. In this setting a graph’s nodes and edges may
belong to one or more time slices. Their goal is to predict cross-time-
slice edges, noting that the most appropriate features for prediction
might change over time. This can be used in temporal entity reso-
lution, where one checks if two entities belonging to different time
slices coincide. In [18], the authors study the task of predicting
validity times of knowledge graph facts. They investigate the prob-
lem by adapting existing atemporal relational embedding models.
Due to issues with scalability and accuracy of these models, the
authors propose factorization machines as an alternative. Factoriza-
tion machines [27] overcome these shortcomings as they provide
a way to incorporate side information which improves prediction
performance.

Knowledge Graph Embedding. Our problem is more generally
related to relational embedding models, a paradigm of relational
learning in low dimensional vector space, which has been widely
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used for tasks such as link prediction and entity classification. Such
embeddings can be viewed as a special case of graph embedding, a
very active research topic, which we omitted here for conciseness.
One of the best known models of relational embedding is TransE [1].
The translation embedding of a triple (s, p, 0) corresponds to s+p =
o where s,p,0 € R A scoring function d(s, p, 0), either the #; or
£, norm, is used to measure the distance as:

d(s,p,0) = —[ls+p —ollg ;-

Another important model is RESCAL [24], also referred to as bilin-
ear model, which uses a tensor factorization model by representing
triples in a tensor. Hence, RESCAL learns vector embeddings of en-
tities and a matrix W € R for each relation p € R where each
slice Y is factorized as: Y = sTWpo. Hence, the scoring function
for the bilinear model is:

scorey(s, p,0) = sTWpo.

1)

Many TransE variants have been introduced later on [7, 13, 19, 20,
22, 36, 39]. As discussed in the next section, our approach is flexible
enough to support any relational TransE-related embedding model.
In this work, we build upon TransE and its variant RotatE [32]
which is known to outperform most of the state-of-the-art models.
RotatE learns vector representations of entities and relations in
a complex vector space, i.e., s,p,0 € c?. The scoring function of
ROTATE is given by:

dr(s,p,0) = |ls®p —ol|.

The operator ® denotes the Hadamard product. For a detailed dis-
cussion of knowledge graph embedding approaches, we refer the
reader to the survey [3, 23, 38].

Temporal Knowledge Graph Embedding. There are many valid
ways to introduce time into the KGE problem as acknowledged in a
recent comprehensive survey [17]. Hereafter, we present the most
relevant to this work. Dasgupta et al. proposed HyTE [5], which
partitions a temporal KG into multiple static snapshots, and then
projects the entities and relations of each snapshot onto timestamp
specific hyperplanes. Henceforth, the vectors of the hyperplanes,
temporally distributed entities and relations can be learned jointly.
HyTE extends the conventional embedding model TransH [39]. The
scoring function of HyTE is given by the following formula:

d(s,p,0,t) =1lge(s) + g:(p) — gr (o)l
with,
g:(s) =s— (w]s)ws
9:(p) =p— (w/p)wr
g1(0) =0— (w] 0)wy,

where s,p,0 € R are entity and relation embeddings and wy is a
normal vector representing the projection of snapshots. The disad-
vantage of HyTE is that the number of snapshots can be very large,
consider for instance, if the temporal scopes facts are days and the
dataset covers thousands of years. This would make the snapshots
considerably large and thus could affect its performance. However,
if the granularity of the time domain is in years or centuries, the
number of snapshots can be manageable.
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In [41], the authors leverage additive time series decomposition
in order to produce embeddings of temporal knowledge graphs.
The proposed model, called ATiSE, captures the temporal evolution
of KG by additive time series. The model projects temporal KGs into
the space of multi-dimensional Gaussian distributions, allowing to
predict the temporal scopes of KG facts. ATiSE represents temporal
KGs by timestampping entities, this increase the size of the original
graph by multiple folds which may affect its performance. Inspired
by diachronic word embeddings, DE-DistMult and DE-SimplE use
a diachronic entity function to map every entity-time point pair
into a hidden representation [9]. Their approach is model-agnostic
(any atemporal KG model can be used) just like ours.

Similarly to ATiSE, they use entity timestampped representations
of temporal KG, but their model does not allow to predict temporal
scopes. Another recent study on temporal KG embedding, RE-NET,
uses a recurrent neural network to capture the temporal as well as
relational interactions of entities [16]. But the model cannot deal
with multiple time granularities.

Like RE-NET, Know-Evolve [35] leverages recurrent neural net-
works to estimate the time point in which a fact is true. In doing so,
a temporal KG in Know-Evolve is a set of facts where each fact has
a timestamped relation. For embedding entities and timestamped
relations, they use the bilinear model of RESCAL [24] and employ
a deep recurrent neural network in order to learn non-linearly
evolving entities.

Another closely related work is the time-aware KG embedding
model, tTransE [14] by Jiang et al. The authors define a temporal
ordering on the relations of a KG and then extend TransE with an
additional temporal scoring function, thereby encoding time by
leveraging order of relations. Their scoring function, defined below,
extends the scoring function of TransE:

d(s,p,o,t) =|ls+p+t—oll,

where (s, p, 0, t) is a temporal fact (timestampped triple) and s, p, o, t
€ R4 are vector representations of entities (s, 0), relations (r) and
timepoints (t).

On the other hand, Garcia et al. [8] extend the scoring functions
of TransE and DistMult [42] models, using a special kind of neural
networks (long short-term memory), for learning the embeddings
of a temporal KG. The extensions are respectively, TA-TransE and
TA-DistMult which take as input a subject and object entity as
well as a d-dimensional embedding of a relation together with
the time point at which it is considered valid. The d-dimensional
embedding is obtained by a linear layer and it is used as an input to
the long short-term memory. The resulting model predict time label
in an incrementally fashion, allowing some form of multi-granular
prediction, making it one of the closest approaches to ours in spirit.

Beside recurrent networks and distance-based embeddings, ten-
sor decomposition methods have been exploited for validity time
prediction in [34] and [21]. In those studies, the authors use tensor
decomposition to assign validity time scopes for KG facts. How-
ever, as reported, their models do not perform sufficiently well.
Nonetheless, this can be improved by including side or contextual
information as done in [18].

For a detailed discussion on temporal KG embeddings, we refer
to the survey [17].
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Figure 2: Example of a Temporal Knowledge Graph.

3 EMBEDDING TEMPORAL KNOWLEDGE

In this section, we formalize our problem statement and detail our
approach as well as the infrastructure to support it.

3.1 Problem statement

A temporal knowledge graph (TKG) is a directed graph, whose nodes
and edges represent entities and their relationships. Each node has
a single, globally unique label, and each edge has one relation label
and zero, one or more temporal labels. Temporal labels can be time
points or intervals of any granularity, and define the time(s) during
which the edge holds. In a TKG, each edge can be seen as a set
of quadruples of the form (subject, predicate, object,valid time),
where valid time can take any set of values belonging to some
given time scope.

Example 3.1. Figure 2 represents an excerpt from Wikidata show-
ing how various time granularities interplay, in this case, the rela-
tions between Berlin, Bonn, Germany and France over time. Notice
how some edges may have more than one validity period, and how
different time granularities can vary even within a single interval.

Next we define two important problems of temporal knowledge
graph embeddings, namely temporal node prediction and temporal
fact scoping. The former involves finding the missing subject (or
object) of a triple known to be valid as per some time point.

Definition 3.2 (Temporal Node Prediction). Given a query of the
form (s, p, 2, t) (resp. (?, p, 0, 1)), where s and o are entity labels, p is
a relation label, and ¢ is a temporal label, temporal node prediction
consists in ranking all the values of o; (resp. s;), such as (s, p, 0;)
(resp. (si, p, 0)), from the most to the least likely to hold at ¢.

We also want to find the time slots for which a triple or fact
(s, p, 0) is considered to hold, formally defined:

Definition 3.3 (Temporal Fact Scoping). Given a query of the form
(s, p,0,?), with s, p and o are defined as above, temporal fact scoping
consists in finding the maximal time interval(s) ¢;, such that (s, p, 0)
holds at t;.

The temporal relation prediction task, defined similarly to tempo-

ral node prediction with p is unknown, is omitted for conciseness!.

1We purposely avoid the term link prediction which can refer to either node or relation
prediction in the literature.
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3.2 Temporal embedding model

Let (To, ..., T,) be a time hierarchy defined as a sequence of time
granularities Ty to T,;, where each T; s.t. i > 0is a subdivision of time
granularity T;_;. While time hierarchies could model any regular
division of time, in this work, we focus on a Gregorian calendar-
inspired time hierarchy including centuries, decades, years, months,
etc., ignoring irregularities such as leap years, and the like for
simplicity. The inputs to our problem are a non-temporal graph
embedding (V, E, h, f,S), where V and E are respectively nodes and
edges embeddings of dimension A, f is a triple scoring function,
and S is a scope of the form ([min, max], 7)), where min and max
are respectively the earliest and latest time points we will consider,
and 7 is a subsequence of (Tp, ..., T,). A scope induces a function
size : T +— N associating to each hierarchy level the number of
time slots dividing any of its parent time slot. Hereafter, we will
abbreviate time hierarchy levels as follows: C, D, Y, Q, M, W, d for
centuries, decades, years, quarters, for months, weeks, days, and
their respective sizes |C| = size(C), |D| = size(D), and so on.

Example 3.4. Consider the following three different scopes and
the sizes of their respective granularities:

o S = ([1800,2019], (C,D,Y,M)), yields |c| = 3, D] = 10, |Y| =
10, [M] = 12,

e 8’ = ([1800,2019], (Y, d)), yields |Y| = 220, |d| = 365, and

o S = ([2019,2019], (Q,M, W, d)), yields [Q] = 4, M| = 3, |W] = 5,
ld| = 7.

Scopes fully determines the size of the vectors that are used to
represent time points and intervals, which we detail next.

3.2.1 Time encoding. A time point belonging to some scope can
be represented as a vector formed by concatenating, for each level
T; € T, a subvector v; of size |T;|, setting time slots that hold to 1
and 0 elsewhere.

Example 3.5. For scope S”” of our previous example, the date
12 Jan., 2019 can be represented within a vector of four sections
of sizes 4, 3, 5, 7, respectively, by setting positions (0,0, 1,4) to
1, and 0 set elsewhere. More precisely, there are 4 quarters in a
year, 3 months in a quarter, 5 weeks in a month, and 7 days in a
week. Hence, to represent these temporal elements, we use vectors
of sizes: 4 for quarters, 3 for months, 5 for weeks, and 7 for days.
Accordingly, we set the first position of the quarters sub-vector to
1 (as January is in the first quarter) and the rest to 0, likewise, 1 in
the first position of the months sub-vector (as January is the first
month in the first quarter), 1 in the second position of the weeks
sub-vector (as the 12th of January is in the second week), and finally
1 in the fifth position of the days sub-vector.

Quarters Months Weeks
1 0001 0. 0[]0 1:0 0 0

Days
0000 1 0 0

Note that we can represent a time point with a coarser granularity
than that of the scope itself. For instance, the month of July is rep-
resented as (2,0), i.e. first month of the third quarter. We represent
time intervals on a single vector, whenever the valid time slots of
the finest level fit in the same sub-vector. Otherwise, we use two
vectors; for the opening and closing periods of the interval.
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Figure 3: The architecture of our model.

Example 3.6. In the same scope S”, the interval [2"? week Apr
2019; 24 May 2019] can be represented with a single vector when
narrowing down to the month (M) granularity:

Weeks
0.0.0:0:0

Quarters Months
0.1.0.0]1:1:0

Days
0 0 0:0:0:0 O

Further narrowing down the above example to day granularity (d),
we must use two vectors:

Quarters Months Weeks Days
01 0 0]1:00]0 1 1:1:1]0. 0 0.0:0:0 0
01 0 0 000 0 1:0f1 1 1:1i1:0 0

Note how all slots following the opening week are set, and likewise
for all days of the week preceding the closing days.

Finally, in order to accommodate multiple validity periods, we
repeat the step above for each validity periods, merging pairs of
vectors whenever we can reconstruct the original time periods
without loss. Time intervals are a compact way of representing
large sets of time points, which comes in useful during training.

3.2.2  Architecture. For each time hierarchy level T; € 7, we
create two layers W; and W/, for entities and relations respectively,
of dimension |T;| x h?, where h is the hidden dimension of the
underlying embedding, that is, s,p,0 € R”. In other words, each
time slot j € T; is assigned a weight matrix Wr,| ;) of size (h X h).
Beside random initialization, our architecture allows loading a pre-
trained non-temporal model® in order to obtain the first embeddings
of entities and relations. In such a scenario, we aim to simply correct
a time-oblivious embedding according to any given time point of
our scope. For this reason, each temporal slice in a given layer is
initialized as an identity matrix; the untrained model will behave
exactly like the underlying, non-temporal model.

Given a target granularity T; € 77, a time point ¢t = (so, ..., s}),
where s; denotes slots set to 1 at granularity T;, and an input entity
e, we compute a new embedding of e, time-adjusted to t as

Wo—j[t](e) = Wjls;](Wj-1[sj-1](... Wolso](e)))

2We tested TransE and RotatE [32] in our evaluation, but virtually any TransE variant
can be used.
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where W;[s;](e) is the linear transformation of e by the matrix
found at slot s; of layer W;. Wj_, y [t](r) is defined similarly for any
relation r. Likewise, we denote f; the scoring function f of the
underlying model to which we applied the above transformation

on the input (s, p, 0):
fe(s.p.0) = fF(Wos j[£1(s), W, ;[£] (p), Wos i [£](0)).

The above explanation extends naturally to intervals, as all but the
least coarse granularity level can only have one slot set to 1.
Figure 3 illustrates the model’s architecture and embeddings com-
putation process for various time granularities.

3.2.3 Optimization. During training, we use time interval rep-
resentations whenever possible to speedup the process, and train
each layer of the model successively and in isolation (i.e., freez-
ing previous layers), starting from the most coarse one. Our loss
function is the following:

L(s,p,0,t) = [y — a(fi(s,p,0)]* -

1 n

= > ly-alfitshponl

n

(s".p:0)

where y is the ground truth i.e., 1if (s, p, 0) is valid at ¢, 0 otherwise,
and (s’,p,0’) is some corrupted triple formed from (s, p, 0). The
discrimination function «() is defined as follows:

a(x) =

|§| +1

where y is the margin used in the underlying non-temporal model,
maps the scoring function to the probability space. It guarantees pre-
dictions within [.5, 1] whenever the score is in [—y, y] (for positive
examples), and within ]0, .5 otherwise (for negative examples).

4 EXPERIMENTAL EVALUATION

Next, we describe the datasets that we used, our implementation and
setup as well as the experimental results. In particular, we present
our findings for the experiments (i) layer-based performance (Sec-
tion 4.3), (ii) time prediction (Section 4.4), (iii) temporal scoping
(Section 4.5), and (iv) temporal node prediction (Section 4.6).
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Table 1: Dataset characteristics, with best performances obtained on RotatE.

| FB15k | WN18 | YAGO11K | Wikidata12K | ICEWS14

# non-temporal facts || 592213 | 151442
# temporal facts 0 0
# entities 14951 40943
# relations 1345 18
Hits@1 (%) -
Hits@3 (%)
Hits@10 (%)
MR

MRR

0 0 0
20508 40621 90730
10623 12554 7128

10 24 230
16.3 40.3 43.9
244 48.4 63.8
36.6 59.1 75.9
738 187 147

.23 .74 .56

Table 2: Assessment of time validity prediction on a layer given correct predictions on all prior layers.

YAGO11K Wikidata12K ICEWS14

ROC | BA | Pr. [Rec. || ROC | BA | Pr. | Rec. || ROC | BA | Pr. | Rec.
CENTURY [ 970 | 822 [ 839 [ 665 || 968 [ 764 [ 905 [ 538 [[ - [ - [ - [ -
DECADE || 911 | .728 | 859 | 476 || .946 | 727 | 925 | 463 | - | - | - | -
YEAR 807 | 737 | 841 | .607 || 756 | .663 | 904 | 349 | - | - | - | -
MONTH || 954 | 893 | 989 | 814 || - | - | - | - | .738 | .608 | .987 | 217
DAY 978 | 929 | 994 | 894 || - | - | - | - || 625 | 561 | .980 | .122
ToKE1 924 | 822 | .905 | .691 || .890 | .718 | .911 | .450 || .681 | .585 | .983 | .169

4.1 Datasets

We used the Wikidata, YAGO and ICEWS datasets, which all feature
time validity information, and have been used on prior work on the
topic. The YAGO11k and Wikidata12K datasets are those provided
in [5] formatted to our needs. As YAGO11K has fact validities de-
fined at each level from centuries down to days, we use the scope
Sy = ([1 Jan 1100; 30 Jun 2019], (C,D, Y,M, d)). Wikidata12K on the
other hand only has data for years, hence we restricted the scope
to Sy = ([1 Jan 1100;30 Jun 2019], (C,D,Y)). Both datasets con-
tain open and closed validity intervals. We clipped open intervals
to the min and max dates of the considered scope. The ICEWS14
dataset was originally published in [35]. It covers the year 2014, and
each event is defined using time points, occurring on exactly one
day. The scope is defined as S; = ([1 Jan.;30 Dec.], (M, d)). Table 1
shows some statistics over the datasets, as well as non-temporal
datasets commonly used in related work for comparison. These are
based on FreeBase (FB15k) and WordNet (WN18).

4.2 Implementation

We implemented our approach® by building upon some existing
project*, which features several TransE variant. We use python3,
the PyTorch library, and ran our experiments on a server equipped
with 164GB of memory, 16x1.2GHz CPUs, and 8x1.5GHz GPUs
(GeForce GTX 1080 Ti), each with 256MB of memory. Our model is
named ToKE1.

We pre-trained on RotatE and TransE, to demonstrate the abil-
ity of our model to adapt to existing techniques®. Although the

3Code available at https://gitlab.com/jleblay/tokei
“https://github.com/DeepGraphLearning/KnowledgeGraphEmbedding

SSince trends were similar for both, in the interest of space, we report the RotatE
results only.
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performance we could achieve on the non-temporal embedding sce-
nario (shown in Table 1) were not impressive, this presented a good
use case for us, as we aim to improve performances in a temporal
context (as noted in Section 3, we can also start with a random
initialization). The best embedding dimension size (h) and margin
y obtained on those models is kept unchanged for training our
model downstream. Other hyper-parameters include learning rate
(Ir), phase lengths (p), i.e., the number of iterations spent on each
layer, the number of negative examples (n) for each positive one
and the adversarial temperature (a) used in negative sampling [32].
We experimented with a wide range of parameters with the fol-
lowing bound Ir € [.00001,.1], p € [1000, 20000], n € [0, 128], and

€ [0,1]. For YAGO11K and Wikidata12K, while performances
vary with each metrics presented below, we found that the config-
uration {p = 5000, Ir = .001, n = 128, a = 1} gave among the best
results across all datasets. Unless specified otherwise, we report
results for this configuration. We also found that further restricting
any of {p = 5000, Ir = .001, n = 32} significantly reduced train-
ing time with close, in some cases even better, performances. For
ICEWS14, we report numbers for parameters {p = 15000, Ir = .001,
n = 0}, the best performing model. For each dataset, we randomly
assigned 15% of the facts to test, 15% to validation, and used the
remainder for training. For each of the following experiments, we
present a breakdown of performances per layer, then average all
layers under the ToKEI line.

4.3 Independent Layer Performance

Due to the incremental nature of our model, errors can accumulate
as we move towards layers of finer granularities. We first wanted to
evaluate the performance of each layer omitting any potential error


https://gitlab.com/jleblay/tokei
https://github.com/DeepGraphLearning/KnowledgeGraphEmbedding

CIKM 20, October 19-23, 2020, Virtual Event, Ireland

Full Paper Track

928" - seL 265 8I¥ - - - - - - - - - - [6] Arduns-aa
LY | 9LT 989" - £9¢° 004 861 S8l - 289" 162° ISS 9Ly - 91T [8] LINNLSIA-VL
SLz | 8zl 529" - 560" i&ia 6L L0 - 62¢ 1zg %96 At - 1€ [8] ASNVIL-VL
LSV - T6S 16¥%° P8¢ 0zs° - 655 2s - 259" - 189" 959" - [o1] LAN-2d
- - - - - - LET/6LT 0SZ°/91¥%" - - - 6901/L0T 091" /¥8€" - - [s] 414H
9¢z" | 6’1012 $62° 8HT 012 (ev¥) 2ve | (1621) 79hF | (6997) 025 | (615) 06¢ | (11€) 92" || (00S) L0€" | (8F1T) 2'€TL | (64L) OLY | (8197) SS¢ | (S0¥) 81T IPIOL
21T | §9¢1e ¥82 81T 881" - - - - - (1267) 850" | (0°%S) T'6%ET | (84L) 61T | (1197) 090" | (¥8€) S20° Ava
092" | £'L902 $0¢ 6L (4% - - - - - (€66) 051" | (8'15) 9'166 | (96L7) 1§52 | (£297) 691" | (S6€7) 960" HLNOW
- - - - - (12%7) 802" | (1°091) 0°¢16 | (S197) 2gs | (98¥7) 82e | (L0€) 2ST || (86¥7) 91¢" | (°8L2) 6°L08 | (S€L7) 96¥" | (8LS) 6L€ | (PLE) 21T Avax
- - - - - (£5€7) 22s" | (°€02) 1°0Lz | (0L9°) 6£S | (£257) 00% | (F0€7) €52 || (22S7) 9S% | (62ST) L'S0E | (19L7) ¥89" | (909°) €€§° | (S6€7) 1€€ 4avodd
- - - - - (S9%°) S9%" | (6'¢2) T'0ST | (12L7) 689" | (8%S) €¥S | (g2€) Le€ || (S657) €6S° | (9'9¢€) L'19T | (S287) 008" | (L) ¥€9 | (9L%") 92 KININIO
WIN | AN | OIOSLIH | ¢@SLIH | IOSLIH |  qdW TN 0IOSLIH | €@SLIH | IOSLIH TIN AN | OIOSLIH | €®SLIH | [@SLIH
PISMIII SZTeIRpIIM MITOOVA

*1000° = 4] Y3IM paurelqo sisayjuared
ur synsay ‘sarranb (10alqns) peay pue (303(qo) [rey paysmSunsip ‘sared ur pajuasard are FIAH uey [eo01dray uesy pue Yuey uedN ‘NO@SLIH ¥ 9[qeL

(8917) 911" | (8£2) 8¢ | (6LS7) €S | (90L7) ¥0L™ || (922°) 2% | (L097) 18" | (109°) 189" | (888") 618" || (2€¥) 924 | (S9S°) 6SF | (£697) 8FL | (S167) THS I'PIOL,
FP1) 190" | (L2S) L99 | (2LS) 025 | (969°) 169" - - - - (t00) 08s” | (1) 128 | (T0S) FIL | (£88°) ¥28° Avda
(zor) 261" | (6207) 620" | (L8S) £8S" | (9TL) 91L - - - - (8297) 026" | (5LE) S¥H | (ST8) 6SL" | (£267) 828 HLNOW
- - - - (8%07) 085" | (82L7) 2LS | (¥2S) L¥9 | (8587) S08° || (1207) 659 | (68S7) 6% | (01S7) S€L° | (9167) S€8° qvVax
- - - - (L¥17) 695 | (6087) §S2° | (££S7) €49 | (£06°) 808" || (2LL) ¥TL | (96F) 09F | (6%87) 69L" | (6£67) 998" 4avodda
- - - - (z8%) L6 | ($827) LIT" | (LOL) 2L | (£067) ¥#8 || (989) £SL | (5927) 892 | (88L) €94 | (216°) ¥S8 || KUNLNHO
[[eo2y | uorsioaig ve 004 [eooy | uwosward | va | 00d eoay | uosward | va | 00d
PISMIDI MeTeyepnIpm MITOOVA

‘Afuropuer Ajaand paxaid sayep o3 puods
-91100 stsayuared UT s3NSAI IIYM Quasard oY) 0] IISO[d A[IAISINIII PI}OI[3s sajep 0} puodsariod sjnsar urewr oY ], ‘uonporpard swr paseq-afdureg :¢ afqe],

691



Full Paper Track

occurring in prior layers. To do so, we conducted our first experi-
ment as follows. We applied our transformations on test examples
using the first layer Wy (centuries in the case of YAGO11K and Wiki-
data12K, months for ICEWS14), and logged the AUC-ROC (ROC),
balanced accuracy (BA), precision (Pr.) and recall (Rec.) across all
time slots of that layer. Then, we selected the correct slot from the
ground truth for that layer, applied the transformation on that slot,
and repeated the operations for layer Wj (respectively decades and
days). Finally, we proceeded similarly for subsequent layers. This
corresponds to queries of the form “Given that Bonn was capital of
Germany on the XX* h century, in which of its decades was it also
true?” Table 2 shows results for the best hyper-parameters.

The results are generally high for both YAGO11K and Wiki-
datal12K, with a dip in performance for YEAR, effectively the hard-
est granularity to predict. Note that unless there is some periodicity
in the data, data skew can mainly be dealt with (and absorbed)
by the first layer of the model, e.g. once a century has been cor-
rectly predicted, decades are rather uniformly distributed and so
on. Although MONTH and DAY are the deepest layers, the model
performs well in part due to the prevalence on year-level, and open-
ended validity interval (as already mentioned, more facts become
valid than invalid over time). Performances are noticeably lower on
ICEWS. We attribute this in part to the fact that all validity intervals
are effectively time points. This can be seen in the very poor recall
despite high precision. This combined with the low BA, and rela-
tively higher AUC-ROC point to a failure to properly discriminate
true positive and negative across the margin-based threshold. This
trend can also be observed in other experiments.

4.4 Time Prediction

In the next experiment, we measured the model’s ability to predict
whether a fact was valid on a given date. For this, we picked 10
dates within the relevant time scope. For each of these dates, we
computed time-adjusted scores on every test fact, and checked
predictions (discriminated score > .5) against the ground truth.

Because the data are skewed, a purely random sample would
contain few valid facts overall. To overcome this, we selected the
midpoint of the scope’s interval, then recursively applied the same
procedure using the interval starting at the midpoint and ending at
the scope’s end, stopping when 10 dates have been gathered. Since
the distribution on ICEWS14 is rather uniform, we simply picked
10 dates from a uniform random distribution. As in the previous ex-
periment, we report the AUC-ROC, balanced accuracy and F1-score,
averaged over all sample dates and test batches. For comparison,
we also included results for dates picked purely randomly (shown
in parenthesis).

The test corresponds to queries of the form “Was Bonn Ger-
many’s capital on 1 Jan 1980”? repeated over all dates in the sample.
As shown in Table 3, the model has a more than fair chance of
answering correctly, regardless of the required time resolution,
since results are uniform across granularities. For YAGO11K and
Wikidata12K, the results on uniformly randomized samples show
relatively higher AUC-ROC and precision, against lower balanced
accuracy and recall. The difference disappears for ICEWS14 as the
data does not show the same skew as the other datasets.
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4.5 Time Scoping

In this experiment, we aimed to check how well the model can
“reconstruct” temporal scopes. To be precise, in this experiment, we
are interested in answering questions like “When was Bonn the
capital of Germany?” We started by applying the transformation
on the first layer (Wp), and selected the earliest time slot whose
discriminated score is greater than 0.5, and repeated the process
in lower layers down to the desired granularity. This yields a start
time point for each fact. We proceeded similarly for end time points,
selecting the latest time slot along each layer. In Table 5, we report
the mean Jaccard (Jaccard) similarity between the time interval thus
formed and the ground truth, i.e., the number of centuries (resp.
decades, years, etc) common to the predicted and actual intervals
divided by size of their union. We also report the mean accuracy
with which the midpoint of the predicted interval belongs to any
valid intervals (MPA, for Mid-Point Accuracy), and the accuracy
of a random guess (RG) in parenthesis for comparison. We ignore
facts with multiple disconnected time validity as they represent a
small portion of our data sets.

Since ICEWS14 is exclusively composed of time points, we pro-
ceeded slightly differently. Instead of incrementally selecting the
earliest and latest valid slots, we incrementally selected the slot
with the best prediction. We report the mean accuracy, and the
mean distance between the midpoints of the predicted time and the
ground truth (MP Dist.).

The mean Jaccard results for YAGO11K are encouraging, getting
on average 30% of our predicted intervals right. For Wikidata12K,
the scoping performance is less satisfactory, but the accuracy re-
mains acceptable, generally 5 to 15 times higher than that of a
random guess. On the ICEWS14 dataset, the model tends to pre-
dict validity within 3 months or 90 days of the correct time point
on average, getting close to 34% and 16% of its months and days
predictions accuracy overall.

4.6 Temporal Node Prediction

Next, we discuss the ranking performances of our model. While this
is a key metric in the non-temporal KG embeddings literature, and
despite being used in existing temporal KG embedding literature,
to the best of our knowledge, the task has never been formally
redefined for the temporal setting. Indeed, the meaning of ranking
varies when time is involved and depending on how time is modeled.
Since most existing temporal KG models treat time as a fixed set of
labels, it is generally assumed that HITS@N results are reported
given correct labels as part of the inputs. Among others, this does
not help understand how models behave outside the correct valid
times. This is also not well defined when a fact is valid in more than
one time intervals. With these limitations in mind, we compare
the HITS@1, 3, 10 of various approaches. In our case, HITS@N
is obtained by ranking on the mid-points of every valid interval,
averaging over all test quadruples thus formed. This test amounts
to queries of the form “What was Germany’s capital in May 1985?”

The results, reported in Table 4, show only slight degradation
of performances as we move towards fine grained layers. The re-
sults on YAGO11K surpass the best competitors down to the YEAR
and MONTH layers on HITS@3 and HITS@10 respectively. For
HITS@1, TA-TRANSE has the best performance when comparing
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Table 5: Time scoping performances.

YAGO11K Wikidata12K ICEWS14

Jaccard | MPA | RG || Jaccard | MPA | RG || MP Dist. | MPA | RG
CENTURY || 442 [ 872 [.145 || 218 [ .824 [ .154 - - T -
DECADE 313 | 584 | 043 | 181 | 582 | .059 - - | -
YEAR 242 | 483 | 037 || 129 | 322 | .046 - - | -
MONTH 240 | 481 [ 034 | - - | - 24 | 410 | 085
DAY 240 | 481 | 031 - - |- 746 | 243 | 003
ToKE1 295 | 580 | 058 || 176 | 503 | 086 || N/A | 327 | .044

Table 6: Re-ranking error and Mean Re-rank Delta. Results in parenthesis obtained with Ir = .0001.

YAGO11K Wikidata12K ICEWS14
PRE | NRE | MRD PRE | NRE | MRD PRE | NRE | MRD
CENTURY |[ .110 (.076) | .370 (.923) | +321.4 (+446.5) || .101 (.060) | .462 (.943) | +226.9 (+353.2) || - - -
DECADE || .153 (.101) | .340 (.475) | +207.8 (+360.6) || .182 (.104) | .391 (.503) | +140.1 (+206.9) || - - -
YEAR 276 (.130) | .257 (.515) | -310.2 (+219.3) || .383 (.103) | .228 (.518) | -490.1 (+262.8) || - - -
MONTH 472 (.082) | .278 (.598) | -493.7 (+446.0) - - - 314 | 440 | +14375
DAY 571 (.085) | .183 (.599) | -851.2 (+443.9) - - - 294 | 501 | +1636.7
ToKE1 316 (.095) | .286 (.622) | -225.2 (+383.3) || .222 (.089) | .360 (:655) | -41.0 (+274.3) | 304 | 471 | +1537.1

with layers YEAR, MONTH and DATE. However, on CENTURY
and DECADE layers, ToKE1 outperforms TA-TRANSE. The results
on Wikidata12K is on-par with other approaches. The main differ-
ence is on the HITS@10 where TA-TRANSE achieves 80% by con-
trast TOKEI achieves 72% on the CENTURY layer. On the ICEWS14
dataset, TOKE1 lags behind, especially on HITS@10 and mean rank.
This shows that ToKEr is well-suited for valid time model temporal
KGs such as YAGO11K and Wikidatal2K which contain tempo-
rally scoped facts. DE-SimplE outperforms all the models on the
ICEWS14 dataset.

4.7 Re-ranking Error Analysis

One of our claims is that our meta-model can adjust non-temporal
embedding to any time point. To test this claim, we introduce
some metrics to compare rankings within and outside their validity
intervals. More precisely, we would like our rankings to be at least
as good as the non-temporal ranking on any valid time point, and no
better on invalid ones. This is what we report in Table 6, as mean
Positive Re-ranking Error (PRE), and mean negative re-ranking
Error (NRE). More formally, given some query (?, p, o, t) and correct
answer §, PRE is the ratio of time points ¢ for which the rank
obtained with f; (S, p, 0) is strictly worse than that obtained with
f (8, p,0), out of all valid time points for (§, p, 0), i.e.,

[{t | (3, p,0) validin t and r+(3, p,0) > r(5,p,0)}|
[{t | (5, p,0) valid in t}|

PRE(p, 0) =

NRE is defined similarly, where we count temporal rankings better
or equal to the non-temporal one on invalid time points only.

[{t | (5, p,0) invalid in t and r+(3, p,0) < r(8,p,0)}|

NRE(p,0) =
(p-0) [{t | (5, p,0) invalid in t}|
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where r; is our temporal ranking on time point ¢, and r is the non-
temporal ranking. Both PRE and NRE should be as close to 0 as
possible. The definition extends to queries of the form (s, p, ?,t).
We also report the Mean Rank Delta (MRD), i.e., the mean distance
between our non-temporal ranking and our temporal reference. It
is computed as follows

1

MRD = —
0l ZE
qeQ

where Q is the set of queries.

This is computed on valid time points only. The higher, the better.
As shown in Table 6, positive re-ranking is very good but negative
re-ranking is acceptable. Our best performing model in PRE/MRD
tends to have poor NRE, leaving room for improvement. We believe
this validates the point that our model can leverage the power of
future non-temporal embedding models by fine-tuning it to any
relevant time scope.

Z{t|q valid in ¢} r(q) —r:(q)
[{t | g valid in ¢}|

5

5 CONCLUSION

In this work, we propose a temporal KG embedding model for
learning representations of TKG on arbitrary time precision. We
have implemented ToKEr1, and carried out several experiments using
existing metrics as well as introducing new ones that we believe are
needed to better understand the performance of temporal models
in such contexts. Our evaluation shows promising performances
on general knowledge graphs, with fact validities spanning a wide
variety of time periods. However, the model requires more fine
tuning when time point validities dominate the data.

Other challenges include scalability, as most temporal models
have now been tested in datasets smaller than for non-temporal
models, let alone real-world KGs; as an example, Wikidata features
more than 300M facts, approximately 1.5% of which have temporal
annotations. We plan to support models beyond the TransE family,
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and support more complex time validity scenarios. Finally, we be-
lieve that the hierarchical nature of our approach can be applied
on contexts other than temporal, e.g. spatial or uncertain data.
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