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Abstract—Temporal Knowledge Graph Completion models are
proposed to predict facts at specific times. However, existing mod-
els treat temporal information as complementary to the semantic
information of entity (relation) and ignore independence between
them, which leads to the loss of details and accuracy of temporal
information. Furthermore, temporal semantic information is
intrinsically linked within a time range but differs markedly
between different time ranges. To address the above problems, we
propose a Dual Quaternion Decoupling and Enhanced Temporal
Embeddings for Temporal Knowledge Graph Completion model
(DQD-ETE). To decouple semantic and temporal information,
we model the semantic information as the real part and the
temporal information as the dual part of the dual quaternion. In
addition, we use the combination of prototype representations
and contrastive learning to get more discriminative temporal
semantic information embeddings. Extensive experiment results
show that DQD-ETE produces state-of-the-art performances on
well-known benchmark datasets for Temporal Knowledge Graph
Completion.

Index Terms—Temporal Knowledge Graph, Knowledge Graph
Completion, Dual Quaternion, Knowledge Representation Learn-
ing.

I. INTRODUCTION

Static Knowledge Graphs (SKGs) store facts about the real
world in a constructed directed graph, typically represented in
the form of triples(s,r, 0), where s is subject, r is relation,
and o is object. However, some facts only exist at specific
times. For example, the fact (Joe Biden, Discuss by telephone,
France) is valid on April 20, 2023. Specifically, Tempo-
ral Knowledge Graphs (TKGs) introduce temporal informa-
tion into the triples, transforming the facts into quadruples
(s,7,0,7), where 7 (timestamp) indicates the specific time
the fact occurred. Therefore, this fact is represented as (Joe
Biden, Discuss by telephone, France, 2023-4-20). Large-scale
KGs (e.g., DBPedia [1], Freebase [2]) are widely used in
recommendation [3], information retrieval [4], and other tasks
for their structured knowledge. Yet they face completeness
and complexity challenges with growing data volume. Conse-
quently, Knowledge Graph Completion (KGC), which infers
missing facts from existing knowledge, garnered significant
attention. However, Static KGC models (e.g., RotatE [5] and
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Fig. 1. Examples of the above problem of Temporal Knowledge Graph.

QuatE [6]) that ignore temporal information perform well
on SKGs but poorly on TKGs. This is mainly because the
Temporal KGC task needs to consider the dynamic properties
and interrelationships of entity and relation over time and
the intrinsic connection between temporal information. Recent
Temporal KGC models that focus on capturing the temporal
information and dynamic nature of real-world facts (e.g.,
TBDRI [7], HERCULES [8] and SPA [9]) demonstrated very
impressive completion performance on TKGs.

However, there are two problems with these existing TKGC
models. (1) Currently existing models (e.g., RotateQVS [10],
ComTR [11]) treat temporal information as complementary
to the semantic information of entity (relation) during the
construction process of temporal entity (relation), lacking an
independent approach to model temporal semantic informa-
tion. This makes it difficult for these models to interpret the
independent semantic information and temporal information
of temporal entity (relation), reducing the interpretability of
these models. It also leads to the loss of details and accuracy of
temporal information. Therefore, modelling semantic informa-
tion and temporal information independently is necessary. (2)
Although existing TKGC models focus on the complexity and
variability of temporal information, they neglect the intrinsic
connections of temporal information within a time range. This
temporal correlation results in interconnected facts within a
specific time range. As shown in Fig. 1(a), existing models
struggle to accurately predict the fact (Mary, get, Cold, 2021-2-
23) when they neglect the intrinsic connections. Moreover, the
temporal semantic information associated with the same entity
(relation) across different time ranges can vary significantly.



As shown in Fig. 1(b), Alice’s temporal semantics differ in
these two time ranges: she is a student at different schools.
Therefore, if we do not distinguish different time ranges,
we cannot determine which school Alice attends, and cannot
accurately predict her other behaviors. Thus, we need to pay
attention to the correlation of temporal information within
time ranges and the differentiation of temporal information
between different time ranges. To our knowledge, very few of
the existing TKGC models can capture these aspects.

To solve the above problems, we propose the model DQD-
ETE. In this framework, to realise the decoupling of semantic
information and temporal information, we embed temporal
entity (relation) in the form of dual quaternions. It models
the semantic information related to entity (relation) as the
real part and the temporal information associated to temporal
information as the dual part, respectively. Specifically, the
temporal entity describes its initial position and pose in space,
including the entity’s translation and rotation information,
while temporal relations represent transformations that alter
entities’ spatial states. Thus, we can enhance the model’s
interpretability. Next, to learn the connections among facts
within time ranges, we generate prototype representations for
the common feature of each time range and then update
the embeddings of the temporal information. To enhance the
distinctiveness between different time ranges, we introduce
contrastive learning to improve the separation between the
features of different time ranges.

The main contributions of this paper are summarized as
follows:

¢ We propose a TKGC model DQD-ETE based on Dual
Quaternion space, which considers the independence be-
tween semantic information and temporal information.

o We update the temporal information embeddings using
prototype representations and contrastive learning, result-
ing in more distinctive timestamp embeddings.

o We evaluate DQD-ETE on existing TKGC datasets and
experimental results indicate that DQD-ETE outperforms
other models.

We will make our code available upon acceptance.

II. RELATED WORK

Roughly speaking, we can divide into two categories: SKGC
models and TKGC models.

A. SKGC models

Existing SKGC models typically embed entities and rela-
tions into low-dimensional vectors and construct correspond-
ing scoring functions. Due to the construction of scoring func-
tions, we can roughly divide SKGC models into translational
distance models and semantic matching models.

Translational distance models models model relations
as geometric transformations from subject to object. TransE
[12] the first and most widely used, represents relations as
translations with s+ 7 = o for triples. TransH [13]projects en-
tities onto relation-specific hyperplanes. TransR [14]represents

entities and relations into separate spaces and projects entities
from entity space to corresponding relation space. RotatE [5]
defines each relation as a rotation operation in complex space
from the subject to the object, which can address various
relation patterns. HAKE [15], which is an extension of RotatE,
considers the hierarchical attributes of relations and unifies
modeling complex relation patterns and hierarchical semantics.
Semantic matching models measure the authenticity by
calculating the similarity of triples. RESCAL [16] represents
each relation as a full-rank matrix for scoring via matrix mul-
tiplication. DistMult [17] simplifies it with diagonal relation
matrices, while ComplEx [18] extends to complex space for
asymmetric relations. QuatE [6] advances to quaternion space,
treating relations as rotations. DualE [19] further introduces
dual quaternion space to unify rotations and translations.

B. TKGC models

TKGC models incorporate temporal information into en-
tities or relations to learn corresponding time-specific repre-
sentations. Similar to SKGC models, we can roughly divide
TKGC models into temporal translational distance models and
temporal semantic matching models.

For temporal translational distance models, TTransE [20]
extends TransE to TKGs, representing the timestamp 7 as a
translation operation similar to relations. HYTE [21] applies
the TransH to TKGs, associating temporal information with
entities and relations by generating specific-time hyperplanes
for timestamps. Tero [22] which combines TransE and RotatE,
defines the temporal information as rotations in complex space
from the initial time to the current time for entities and
relation as translation. RotateQVS [10] extends the complex
embedding space to quaternion space and defines the temporal
changes as rotation operations on entities.

For temporal semantic matching models, TA-DistMult
[17] extends DisMult with recurrent neural networks to incor-
porate temporal information. TComplEx [23]and TNTCom-
plEx model the knowledge graph via fourth-order tensor
decomposition with temporal supplements. Chronor [24]learns
relation- and timestamp-parameterized rotations based on Ro-
tatE. TeLM [25] adopts linear time regularizers and multi-
vector embeddings for tensor decomposition. TLT-KGE [26]
uses timeline-tracking to distinguish cross-timestamp en-
tity/relation representations, and TBDRI [7] proposes rela-
tional interaction-based block decomposition with core tensors
binding timestamps.

ITII. PRELIMINARIES
A. Quaternions

A quaternion q is defined as ¢ = a + bi + cj + dk, where
a, b, ¢, d are real numbers [27]. i, j, k are square roots of
—1, satisfying the Hamilton’s rules: i? = j? = k? = ijk = -1.
Correspondingly, a n-dimensional quaternion vector ¢ € H™ is
defined as: ¢ = ¢, + ¢;i+ q;j + qik, where ¢, ¢;, ¢;, g € R™.
Some basic definitions of quaternions are defined as follows:
Quaternion-Inner product: Given two quaternions q; = a1+
b1i + c1j + dik and ¢o = ag + boi + c2j + dok, the inner



product between ¢; and g9 is the sum of the product of the
corresponding part:

¢1 - g2 = (a1, a2) + (b1,b2) + (c1,¢2) + (d1,d2) (1)

where (-, -) represents vector inner product.
Quaternion-Hamilton product: The multiplication product
of two quaternions gjand g5 follows Hamilton’s rules, denoted
as q1®qa.

B. Dual Quaternions

Dual quaternion algebra extends dual-number theory with
Hamilton’s quaternion algebra [28]. A dual quaternion Q) =
a+be, (where a,b are quaternions and €2 = 0) unifies rotations
and translations. Its multiplication is defined as (1 ® Q2 =
a1 ® az + (a1 ® by + az @ by)e.

IV. DQD-ETE
A. Dual Embedding

Suppose that a temporal knowledge graph G consists of N
entities, M relations, and T timestamps. In DQD-ETE, we
learn quaternion embedding vectors for entities and relations
to represent their semantic information and use the quaternion
matrix Q € HY** to denote all entity embeddings, quaternion
matrix R € HM*¥ to denote all relation embeddings, where k&
is the dimension of embeddings. To have a more comprehen-
sive and targeted representation of entity and relation at the
same timestamp, temporal embeddings are designed for entity
and relation, respectively. We set two quaternion matrices
W € HT*k and W € HT*¥ to denote temporal information
embeddings of all timestamps for entity and relation.

Given a quadruple (s,r,0,7), the semantic information
embedding of subject s, relation r and object o is defined as
s, Gr, Go» Where gs, qo € @, q- € R. While the temporal infor-
mation embedding for entity and relation respectively under
timestamp 7 is defined as t%,¢7, where t¢ € Wz, t7 € Wr.
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Specifically, they are embedded in the following form:

gs = { ap + a1i+ asj + azk : ag, a1, as,a3 € R* }

Qo = { bo + b1i + boj + bsk : by, b1, by, b3 € R* }

g ={ co+cri+caj+csk:co,c1,c0,c3 G]Rk} 2)
t¢ = { do + d1i+ doj + dsk : do,dy,dy,ds € RF }

tr ={ep+e1i+esj+esk:eg,er,ea,e3 E]Rk}

In DQD-ETE, our goal is to construct embeddings with
temporal semantic representations of temporal entity and tem-
poral relation, while considering the independence of semantic
information and temporal information. We find that the dual
quaternion unify dual numbers and quaternions, enabling joint
representation of rotations and translations for complex spa-
tial transformations. Therefore, we consider the embeddings
of temporal entity and temporal relation as dual quaternion
vectors, where the semantic embeddings of the entity and the
relation serve as the real part of the dual quaternion, and the
corresponding temporal information embeddings serve as the
dual part of the dual quaternion. Thus, the embeddings of
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Fig. 2. Illustration of the full representation combining semantic information
and temporal information in DQD-ETE .

entity s and o and the relation r under the timestamp 7 can
be represented as follows:

qs,r = qs + tqe—e
do,r = 4o + tff (3)
Qrir = qr + tie

where, ¢s.-, ¢o, and ¢, denote the embeddings of subject,
object and relation at current timestamp 7.

Fig. 2 illustrates this method, which combines the semantic
information part and temporal information part. DQD-ETE
models the temporal information as the position of the element
in space and the semantic information as the pose embodied
in space (rotation angle and orientation in space). This method
not only distinguishes the independence of semantic informa-
tion and temporal information and clarifies the position and
pose of temporal entity in space, but also allows them to be
embedded in a unified framework.

B. Timestamp-Prototype

In this section, we use the prototype network computation
approach to learn common features for each time range, thus
increasing the similarity of temporal information embeddings
in the same time range. Meanwhile, we use contrastive learn-
ing to differentiate the temporal information embeddings of
different time ranges.

First, we use mean-based prototypes to portray the distribu-
tion of temporal information in the time range, so that these
prototypes can approximate the common features of temporal
information in that time range. Specifically, We define the time
range that the timestamp 7 belongs to as I. The time range
corresponding to each timestamp is shown below:

iR
L= | = 4
MJ @

where ¢ represents the index of timestamp 7, R represents
the number of time ranges, |T| represents the number of
timestamps, and I, represents the time range corresponding
to timestamp 7.



In each time range, we calculate the time range prototype
representation by averaging the embedding of internal tempo-
ral information as follows:

1 o1 :
Pi=g ot Pi=g Dt )
teel trel
where p$ and p7 denote prototype representations of temporal
information embeddings for entity and relation in the time
range, and K is the number of timestamps in the time range.

To capture the common features of temporal information in
the time range, we fuse the obtained prototype representation
of the time range with the original temporal information
embedding to obtain the updated temporal information em-
bedding, computed as follows:

=t =t +p) (©)
where p7 and pj are prototype representations of temporal
information embeddings in entity and relation under the time
range corresponding to the timestamp 7, respectively. tf_/ and
t:/ are the updated temporal information embeddings.

For timestamps in the same time range, we expect their
temporal information embedding to be closer together. And we
expect the embedding to be more decentralized for timestamps
between different time ranges. We use the contrastive learning
framework [29], and the contrastive loss is represented as
follows:

1 & Torep ™)
L= _E Z IOg : sim(z;,z;) /T )
i=1 Z:ZJ-EN(i) ¢ o

where z; is an instance, B is the number of samples in the
batch, zf represents its positive samples, P() is the set of all
positive samples in the minibatch, z; represents its positive
samples, and N (i) is the set of all negative instances in the
batch. sim(-,-) represents the similarity function and 7 is
temperature parameter.

For entity temporal information embedding and relation
temporal information embedding, we use the (7) to calculate
their contrastive loss respectively, and the total contrastive loss
obtained is:

Lcon = )\eLent + >\7'Lrel (8)

where L.,; and L,.; represent the contrastive loss of en-
tity temporal information and relation temporal information,
respectively, and A, and A, denote the weights of the two
contrastive loss.

C. Training

After updating the embedding vectors in the above two
modules, the complete embedding of s, o and 7 under the
timestamp 7 that we end up with can be represented as follows:

Gsr=qs+1r€ qor.=q+t7 e ¢, =q¢ +t e )
Then, we unitize the temporal relation embeddiqng to obtain
the unitized temporal relation embedding ¢, , ; Then, we
translate and rotate the subject by performing dual quaternion

multiplication between the subject qlm and the temporal
. ra . iy
relation g, . . The calculation process is as follows:

=0, ® ., (10)

Scoring Function: We apply the Dual Quaternion inner
product between qu and ¢, . as the scoring function:

(1)

Loss Function: TKGC can be regarded as a multi-
classification task; we use full multiclass log-softmax loss
function as a quadruple loss. The final training objective is
to minimize the following:

>

(s,r,0,7)EG

d(s,r,0,7) = qu Qo r

o eap (d(s,r,0,7)) )

< - log (Zs/éfj exp (d(s/a r, o, T))
(12)
exp (d(s,r,0,7))

o (20/65 cap (d(s.r, 0’,7))) ) oo

where, s’ and o' is the object of the negative quadru-
ple (s',7,0,7) and the subject of the negative quadruple
(s,r,0,7).

V. EXPERIMENTS AND RESULTS
A. Datasets and Setting

To evaluate our proposed model, we perform link prediction
task on three commonly used temporal knowledge graph
benchmark datasets, namely ICEWSI14, ICEWS05-15 [30]
and GDELT [31]. We train with Adagrad (Ir=0.1), batch
size=20000, and max epochs=200. Hyperparameters are op-
timized via grid search on the validation set.

B. Evaluation Protocol and Baseline

To evaluate our model, we follow the popular evaluation
indicators of previous TKGC models (MRR, Hits@1, Hits@3,
and Hits@10). MRR is the mean inverse rank of the correct
quadruple. Hit@n measures the proportion of correct quadru-
ples among the top n quadruples, where n=1, 3, 10. All the
higher metrics (Hits@1, Hits@3, Hits@ 10 and MRR) indicate
better performance.

We compare DQD-ETE with the state-of-the-art SKGC and
TKGC models. For the SKGC models, we compare our model
with TransE [12], DistMult [32], RotatE [5] and QuatE [6].
For the TKGC models, we compare our model with TeRo [22],
TComplEx [23], TeLM [25], RotateQVS [10], TLT-KGE [26],
SPA [9], HERCULES [8], TBDRI [7], ComTR [11] and SANe
[33].

C. Main Results

The experimental results on ICEWS14, ICEWS05-15 and
GDELT datasets are reported in Table I. Overall, the proposed
DQD-ETE outperforms all existing models, which signifi-
cantly demonstrates the effectiveness of our model. Since
DQD-ETE is based on Dual Quaternion space, this consid-
ers the independence of semantic information and temporal



TABLE I
EXPERIMENTAL RESULTS ON THREE EXPERIMENTED DATASETS. THE BEST SCORE IS IN BOLD AND THE SECOND BEST SCORE IS UNDERLINED.

ICEWS14 ICEWS05-15 GDELT
MRR Hit@l Hit@3 Hit@l0 MRR Hit@l Hit@3 Hit@l0 MRR Hit@l Hit@3 Hit@10
TransE 28.0 94 - 63.7 29.4 9.0 - 66.3 11.3 0.0 15.8 31.2
DistMult 439 323 - 67.2 45.6 33.7 - 69.1 19.6 11.7 20.8 34.8
RotatE 41.8 29.1 47.8 69.0 30.4 16.4 35.5 59.5 - - - -
QuatE 47.1 353 53.0 71.2 48.2 37.0 52.9 72.7 - - - -
TeRo 56.2 46.8 62.1 73.2 58.6 46.9 66.8 79.5 24.5 154 26.4 42.0
TComplEx 61.0 53.0 66.0 77.0 66.0 59.0 71.0 80.0 29.8 21.3 32.3 46.4
TeLM 62.5 54.5 67.3 77.4 67.8 59.9 72.8 82.3 - - - -
RotateQVS 59.1 50.7 64.2 75.4 63.3 52.9 70.9 81.3 27.0 17.5 29.3 45.8
TLT-KGE 63.4 55.1 68.4 78.6 69.0 60.9 74.1 83.5 35.8 26.5 38.8 54.3
SPA 65.8 54.4 73.7 85.7 71.3 58.0 82.0 93.3 36.0 28.2 38.4 51.0
HERCULES 69.4 65.0 714 77.9 73.5 68.6 76.1 82.9 - - - -
TBDRI 65.2 55.2 69.7 78.5 70.9 64.6 75.7 82.1 26.9 16.4 28.0 44.1
ComTR 71.5 66.4 73.8 80.2 75.2 70.4 78.0 84.0 - - - -
SANe 63.8 55.8 68.8 78.2 68.3 60.5 734 82.3 30.1 21.2 32.6 47.6
DQD-ETE 74.3 71.5 77.5 81.9 81.7 78.7 83.4 87.3 40.3 30.7 43.6 59.2
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Fig. 3. Visualisations of the learned Temporal embeddings on ICEWS14.
Different colours indicate different time ranges.

information. The results demonstrate that modelling with con-
sideration for independence effectively improves the learning
of embeddings. In addition, because GDELT has a large degree
of temporal variability, some facts last for multiple consecutive
timestamps. It is even more important to consider the intrinsic
connections of temporal information within a time range to be
able to make a prediction. The results of DQD-ETE on GDELT
proved to be a better solution to this problem. Moreover,
the method achieves better results compared to baselines on
all three of these datasets with varying levels of sparsity,
indicating that the proposed model can overcome the problem
of data sparsity to a certain extent.

D. Analysis

Capacity of Distinguishing temporal information embed-
ding: In this section, we discuss the ability of DQD-ETE to
distinguish temporal information embeddings. we utilize PCA
to visualize the trained temporal information embeddings of
TeLM and DQD-ETE. The visualization results are shown
in Fig. 3. We observe that the distribution of temporal em-
beddings in the time range in TeLM is scattered. It cannot
learn the intrinsic connection of temporal information within
a time range. On the contrary, DQD-ETE can learn temporal
information embedding effectively, resulting in time range

1 2 3 4 6 9 12 2 52

The Number of Time Range

Fig. 4. The change of Hits@1 and MRR with the number of time range R
on ICEWS14.

clusters. This demonstrates the effectiveness of DQD-ETE in
learning the intrinsic connection of temporal information.
Parameter Study: We test the the impact of the number
of time ranges R on ICEWSI14 (Fig. 4). Performance peaks
at R = 4 and declines afterward, because too few ranges
introduce low-correlation noise, while an excessive number
of ranges leads to sparse temporal information within each
range, limiting relevant feature extraction.

VI. CONCLUSION

In this paper, we propose a novel TKGC model DQD-ETE,
which embeds temporal entity (relation) in dual quaternion,
where the real part is the semantic information and the dual
part is the temporal information. Furthermore, to learn the
connections among facts within time ranges, we generate
prototype representations for the common feature of each
time range and then update the feature embeddings of the
temporal information. Then, we evaluate DQD-ETE and find
that DQD-ETE significantly improves on the three benchmark
datasets compared to the previous model and better captures
the correlation of temporal information within the same time
range.
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