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ABSTRACT

This paper investigates cross-lingual temporal knowledge graph
reasoning problem, which aims to facilitate reasoning on Temporal
Knowledge Graphs (TKGs) in low-resource languages by transfer-
ing knowledge from TKGs in high-resource ones. The cross-lingual
distillation ability across TKGs becomes increasingly crucial, in
light of the unsatisfying performance of existing reasoning meth-
ods on those severely incomplete TKGs, especially in low-resource
languages. However, it poses tremendous challenges in two as-
pects. First, the cross-lingual alignments, which serve as bridges
for knowledge transfer, are usually too scarce to transfer suffi-
cient knowledge between two TKGs. Second, temporal knowledge
discrepancy of the aligned entities, especially when alignments
are unreliable, can mislead the knowledge distillation process. We
correspondingly propose a mutually-paced knowledge distillation
model MP-KD, where a teacher network trained on a source TKG
can guide the training of a student network on target TKGs with
an alignment module. Concretely, to deal with the scarcity issue,
MP-KD generates pseudo alignments between TKGs based on the
temporal information extracted by our representation module. To
maximize the efficacy of knowledge transfer and control the noise
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caused by the temporal knowledge discrepancy, we enhance MP-KD
with a temporal cross-lingual attention mechanism to dynamically
estimate the alignment strength. The two procedures are mutu-
ally paced along with model training. Extensive experiments on
twelve cross-lingual TKG transfer tasks in the EventKG benchmark
demonstrate the effectiveness of the proposed MP-KD method.

CCS CONCEPTS

» Computing methodologies — Temporal reasoning.

KEYWORDS

Temporal Knowledge Graph, Cross-lingual Transfer, Knowledge
Distillation, Self-training

ACM Reference Format:

Ruijie Wang, Zheng Li, Jingfeng Yang, Tianyu Cao, Chao Zhang, Bing Yin,
and Tarek Abdelzaher. 2023. Mutually-paced Knowledge Distillation for
Cross-lingual Temporal Knowledge Graph Reasoning. In Proceedings of the
ACM Web Conference 2023 (WWW °23), April 30-May 04, 2023, Austin, TX,
USA. ACM, New York, NY, USA, 12 pages. https://doi.org/10.1145/3543507.
3583407

1 INTRODUCTION

Temporal Knowledge Graphs (TKGs) [2, 15, 28, 42] characterize
temporally evolving events, where each event, represented as (sub-
Jject, relation, object), is associated with temporal information (time),
e.g., (Macron, reelected, French president, 2022). TKGs has facilitated
a wide spectrum of knowledge-intensive Web applications with
timeliness, such as question answering [31], product recommenda-
tion [39, 41, 54, 55], and social event forecasting [17, 30, 33, 38, 40].

As new events are continually emerging, modern TKGs are still
far from being complete. Conventionally, the TKG construction pro-
cess relies primarily on information extraction from unstructured
corpus [8, 15, 28], which necessitates extensive manual annotations
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Figure 1: An illustrative example of cross-lingual reasoning
on TKGs. 1) We aim to transfer knowledge from English
TKG to Japanese TKG, where the English version provides
more complete information; 2) Cross-lingual alignments
only cover a small ratio of entities, e.g., Apple Inc; 3) Cross-
lingual alignments can be noisy and misleading, e.g., A city
called Ventura is linked to new macOS Ventura at t,, intro-
ducing noise for reasoning in Japanese.

to keep up with changing events. For instance, the recent transition
from Trump to Biden as the President of the United States has not
been reflected in many TKGs, highlighting the need for timely up-
dates. This spurs research on temporal knowledge graph reasoning
to automate evolving events prediction over time [6, 13, 19, 37].
Unfortunately, the problem of TKG incompleteness is particularly
pronounced in low-resource languages, where it is unable to collect
enough corpus and annotations to support robust TKG construction.
This results in suboptimal reasoning performance and distinctly
unsatisfying accuracy in predicting recent and future events.

Inspired by the incompleteness issue facing low-resource lan-
guages in constructing TKGs, we introduce a novel task named
Cross-Lingual Temporal Knowledge Graph Reasoning (as shown
in Figure 1). This task aims to alleviate the reliance on supervision
for TKGs in low-resource languages (referred to as the target lan-
guage) by transferring temporal knowledge from high-resource
languages (referred to as the source language) !. In contrast, all
the existing efforts are either limited to reasoning in monolingual
TKGs (usually high-resource languages, e.g., English) [6, 13, 19, 37],
or multilingual static KGs [4, 12, 34]. To the best of our knowledge,
cross-lingual TKG reasoning that transfers temporal knowledge
between TKGs has not been investigated.

The fulfillment of this task poses tremendous challenges in two
aspects: 1) Scarcity of cross-lingual alignment: as the infor-
mative bridge of two separate TKGs, cross-lingual alignment is
imperative for cross-lingual knowledge transfer [4, 12, 34]. How-
ever, obtaining alignments between languages is a time-consuming
and resource-intensive process that heavily relies on human an-
notations. The transfer of knowledge through a limited number
of alignments is often insufficient to fully enhance the TKG in the
target language. 2) Temporal knowledge discrepancy: the in-
formation associated with two aligned entities is not necessarily
identical, especially with regards to temporal patterns. Utilizing a

'In this paper, for the sake of brevity, we interchangeably use the terms high-
resource/low-resource and source/target.
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rough approach to equate the aligned entities at all times can result
in the transfer of misleading knowledge and negatively impact per-
formance. This becomes more pronounced when the alignments are
noisy and unreliable. For example, at the time step t2, a new event
about operating system “Ventura” from Apple company occurs in
the source English TKG, and meanwhile there is a noisy aligned
entity “Ventura city” in the target Japanese TKG. Directly pulling
those two entities at this point, can inevitably introduce noise and
fail to predict a set of related events in the target TKG. Therefore, it
is crucial to dynamically regulate the alignment strength of each lo-
cal graph structure over time in order to maximize the effectiveness
of cross-lingual knowledge distillation.

In this paper, we propose a novel Mutually-paced Knowledge Dis-
tillation (MP-KD) framework, where a teacher network learns more
enriched temporal knowledge and reasoning skills from the source
TKG to facilitate the learning of a student network in the low-data
target one. The knowledge transfer is enabled via an alignment mod-
ule, which estimates entity correspondence across languages based
on temporal patterns. Firstly, to alleviate the limited language align-
ments (Challenge #1), such a knowledge distillation process is mu-
tually paced over time. This means, on one hand, we encourage the
mutually interactive learning between the teacher and student. Con-
cretely, the alignment module between the teacher and the student
learns to generate pseudo alignment between TKGs to maximally
expand the upper bound of knowledge transfer. And subsequently,
it empowers the student to encode more informative knowledge
in target TKG, which can in turn boost the alignment module to
explore more reasonable alignments as the bridge across TKGs. One
the other hand, inspired by self-paced learning [14, 47], we make
the generations as a progressively easy-to-hard process over time.
We start from generating reliable pseudo data with high confidence.
As time goes by, we then gradually increase the generation amount
by relieving the restriction over time. Secondly, to inhibit the tem-
poral knowledge mismatch (Challenge #2), the attention module
can estimate the graph alignment strength distribution over time.
This is achieved by a temporal cross-lingual attention in terms of
the local graph structure and temporal-evolving patterns of aligned
entities. As such, it can dynamically control the negative effect
and suppress noise propagation from the source TKG. Moreover,
we provide a theoretical convergence guarantee for the training
objective on both initial ground-truth data and pseudo data. To
evaluate MP-KD, we conduct extensive experiments of 12 cross-
lingual TKG transfer tasks in multilingual EventKG dataset [8].
Our empirical results show that the MP-KD method outperforms
state-of-the-art baselines in both with and without alignment noise
settings, where only 20% of temporal events in the target KG and
10% of cross-lingual alignments are preserved.

To sum up, our contributions are three-fold:

o Problem formulation: We propose the cross-lingual temporal
knowledge graph reasoning task, to boost the temporal rea-
soning performance in target TKG by transferring knowledge
from source TKG;

e Novel framework: We propose a novel MP-KD framework,
which enables the mutually-paced learning between the teacher
and student networks, to promote both pseudo alignments
and knowledge transfer reliability. Besides, MP-KD involves a
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Table 1: Symbols and Notations.

Symbol ‘ Definition
(e,r,e',t) A quadruple in TKG.
Gs, Gr Source TKG and Target TKG.
es, e Entities in the source and target TKGs.
Tsor Alignments between the source and target TKGs.
ét) Tyt Incomplete target TKG and alignments.
étsr, 3T, Pseudo target TKG and pseudo alignment.
f(0s) Teacher network on the source TKG.
f(:0y) Student network on the target TKG.
gles, e, t;P) Alignment module measuring correspondence of (es, e;) at .
Lg, Lgsr Reasoning loss on groundtruth/pseudo target TKG.
Li 'Cfle Alignment loss on groundtruth/pseudo alignment pairs.
Lt Cross-lingual reasoning loss from source TKG to target TKG.
£37, Cross-lingual reasoning loss on both groundtruth and pseudo data.

dynamic alignment estimation across TKGs that inhibits the
influence of temporal knowledge discrepancy.

o Extensive evaluations: Empirically, extensive experiments
on 12 cross-lingual TKG transfer tasks in multilingual EventKG
benchmark dataset demonstrate the effectiveness of MP-KD.

2 PRELIMINARIES AND NOTATIONS

In this section, we formally define the cross-lingual temporal knowl-
edge graph reasoning task, and summarize the notations in Table 1.
A temporal knowledge graph can be defined as follows:

Definition 2.1 (Temporal Knowledge Graph). A temporal
knowledge graph (TKG) is denoted as G = {(e,r,¢’,t)[t < T} C
E X R X E X T, where & denotes the entities set, R denotes the
relation set, 7 denotes the timestamp set, and T denotes the latest
update time. Each quadruple (e, r, €, t) refers to an event that a
subject entity e € & has a relation r € R with an object entity
e’ € & at timestamp t € 7.

Definition 2.2 (Multilingual TKGs and Alignments). To de-
note multilingual TKGs, we further utilize subscript to represent
specific languages, i.e., Gs denotes TKG in the source language and
G denotes TKG in the target language. The corresponding enti-
ties can be denoted as es and e; respectively. Given two different
languages s,t, we have the cross-lingual alignment set I's,;. To be
more practical, we further assume the TKG in target language G;
and alignment set Isc,; are incomplete: G, Tsoor.

Based on the definition above, we formalize our cross-lingual
reasoning task on TKGs as follows:

Definition 2.3 (Cross-lingual reasoning on TKGs). Given the
TKG G; in the source language and the incomplete TKG G; in the
target language before the latest update time T, and the incomplete
cross-lingual alignment Ty, we aim to predict future events in
the target TKG after time T. Concretely, we aim to predict missing
entity in each future quadruple: {(e;,7,?,t) or (?,7,e;,t)[t > T} in
the target TKG.

3 METHODOLOGY

In this section, we present the proposed MP-KD framework for the
cross-lingual temporal knowledge graph reasoning task.
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3.1 Overview

Figure 2 shows an overview of MP-KD. Given the TKGs in source
language and target language, the teacher network and the student
network first represent the source and target TKGs in a temporally
evolving uni-space respectively. To facilitate training of the student,
the knowledge distillation is enabled by a cross-lingual alignment
module and an explicit temporal event transfer process. To deal
with the scarcity issue of cross-lingual alignments, we propose a
pseudo alignment generation technique to facilitate the knowledge
distillation process, which is mutually-paced along with model
training. To address the temporal knowledge discrepancy issue,
the alignment module pulls the aligned entities close to each other
based on the alignment strength which is dynamically adjusted.
Section 3.2 and Section 3.3 introduce our teacher/student net-
work and the knowledge distillation respectively, followed by Sec-
tion 3.4 which details how we generate pseudo alignments. Finally,
Section 3.5 specifies our learning objective on both groundtruth
data and pseudo data, and summarizes the training of MP-KD.

3.2 The Teacher/Student Network

We train two identical temporal representation modules on source
and target TKGs with different parameters. The representation
module f(+; ®) parameterized by © is designed to measure the plau-
sibility of each quadruple, which represents each entity e into a
low-dimensional latent space at each time: h,(t) € RY.OnaTKGG,
entities e € & are evolving, as they interact with different entities
over time. Such temporally interacted entities are defined as tem-
poral neighbors. Therefore, we aim to model the temporal pattern
of each entity e by encoding the changes of temporal neighbors.

Towards this goal, f(+; ®) first samples temporal neighbors N (t)
from the TKG for each entity e € E. N(t) consists of a set of the
most recently interacted entities at time ¢. Then f(-; ©) attentively
aggregates information from the temporal neighbors. Specifically,
given the temporal neighbor N, (t), we represent the entity e as
he(¢) at time t:

hi(t)=o ale, (W1 eW) |, W

(ei.risti) ENe (t)
where [ denotes the layer number, o(-) denotes the activation func-
tion ReLU, aé’ei denotes the attention weight of entity e; to the
represented entity e, and W is the trainable transformation matrix.
To aggregate from history, aé,ei is supposed to be aware of entity
feature, time delay and topology feature induced by relations. Thus,
we design the attention weight “é,e,- as follows:

1 exp(qé,ei )

“¢ exp(qh.e,)

5 s G, =2 (BB b 12— 26 )
(epriestic) ENe (£)
@
where qle’ek measures the pairwise importance by considering the
entity embedding, relation embedding and time embedding, a € R4
is the shared parameter in the attention mechanism. Following [5]
we adopt random Fourier features as time encoding x(At) to reflect
the time difference.
To measure plausibility of each possible quadruple, we utilize
TransE [1] as the score function f(e,r,e’,t;0) = —||hé(t) +h, —
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Figure 2: An overview of MP-KD. (a) The source TKG is more complete than the target TKG, and the cross-lingual alignments
are also scarce; (b) A teacher/student representation module to represent source/target TKG, and an alignment module for
knowledge transfer; (c) Mutually-paced knowledge distillation between knowledge transfer and pseudo alignment generation.

hle,(t)||2, where true quadruples should have higher scores. To
optimize the parameter ® on a TKG G, we set the objective to rank
the scores of true quadruples higher than all other false quadruples
produced by negative sampling:

Lg E

- (ere’t)eG

[max(O,/ll - f(e,r, e, t;0) + f(e, r,ef,f;®))] , (3)

where (e, r, e”, t) is negative samples with object ¢’ replaced by e~
A1 is the margin to distinguish positive and negative quadruples.

3.3 Knowledge Distillation

The incomplete target TKG, Gt, can be used to train the corre-
sponding parameter ®; through minimization of £G;. However,
the low-resource nature of the target language often results in an
incomplete target TKG, leading to suboptimal ©;. In light of this,
we propose a knowledge distillation approach to transfer temporal
knowledge from the source TKG to the target TKG. The proposed
approach consists of two components: an alignment module that
enhances ©; using the more informative O learned from the source
TKG, and an explicit temporal event transfer based on the improved
parameters. This integrated approach aims to improve the complete-
ness and quality of the target TKG by leveraging the knowledge
contained in the source TKG.

The Alignment Module. In general, the source parameters Og
provide a more informative representation of each entity e € &
compared to the target parameters ©;. To take advantage of this,
we utilize O to guide the optimization of ©; through the alignment
module g(-; ®), which measures the correspondence between each
pair of entities and is parameterized by .

Directly pulling embeddings of aligned entities at all time steps
can transfer misleading knowledge due to the temporal knowledge
discrepancy. Therefore, the alignment module first utilizes a tem-
poral attention layer to integrate information of each entity from
history in both source and target TKGs, i.e., H(¢), HL(¢) € RY,
then it pulls such integration HS () close to H.(¢) instead of the
initial h$ (¢) and h%(t). Moreover, the temporal integration HS (t)
and HZ(¢) also encode the temporal evolution information for each
entity, which can be utilized to estimate the adaptive alignment
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strength at different time to improve the alignment module. Con-
cretely, the temporal integration is learned by:

H{ (t) = Temporal-Attn(h} (1), h{(2), - - - ,hi(1)),
Hé(t) = Temporal-Attn(hé(l), hZ(Z), sl hé(t)), @)
gles ep 1) = —Helt) He (! )

IHE(2)1l2 - IHE(#)1l2°
where Temporal-Attn is the temporal attention network designed
to integrate information on the temporal domain. The correspon-
dence between each pair of entities (e, e;) across source and target
languages at time ¢ is measured by g(es, s, t; ®). As the tempo-
ral knowledge for aligned entities is not identical, the alignment
strength between them should vary across time t. The alignment
strength is strong when the two entities share similar informa-
tion, and weak when the information is dissimilar or the alignment
is unreliable. This variability is achieved through the design of a
trainable weight S, ; to adjust the alignment strength for different
entities at different times, which is generated by a cross-lingual
attention layer:

Ber = Cross-Attn(key = HL(1: T), query = H3(1: T) )41 (6)

Due the page limitation, we refer readers to Appendix A.1 for the
detailed implementation of Temporal-Attn(-) and Cross-Attn(-).

To optimize the parameter ® on the incomplete alignments Ty,
we set the objective in order to rank the correspondence of true
alignments higher than false alignments:

Li, =

E [ﬁe,t - max (0, Az —9(€s,et,t;¢)+9(€s,€‘;,t;@))] B
Tsesr L2ET

™
where the entity pair (es, e;) € Tses is the aligned entities across
languages, (es, ;) is the negative samples, A3 is the margin value.
Temporal Event Transfer. Cross-lingual alignments offer the po-
tential to directly transfer temporal events towards the progressive
completion of the target TKG. This is based on the premise that
entities that are reliably aligned are likely to experience similar
temporal events across languages, with the same relations.
Given an aligned pair (es, e;), the temporal event (e, 7, et?, t) or
(ez, r,es, t) is added to the target TKG if the corresponding event
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(es, 1, ez, t) or (ez, r, es, t) exists in the source TKG Gs. To determine
the missing entity e;, we first verify if (e, e;) is present in the
alignment set. If so, the temporal event is directly added to the
target TKG. Otherwise, the updated student network f(-;0;) is
utilized to predict the missing entity and the top-1 entity is utilized
to complete the temporal event. We define the set of transferred
temporal events in the target TKG as GfT for ease of discussion.

3.4 Generating Pseudo Alignments

The limited amount of cross-lingual alignments negatively con-
strain the effect of the knowledge distillation process. In this sec-
tion, we introduce how to generate pseudo alignments 1:551) ; with
high confidence to boost cross-lingual transfer effectiveness.

To expand the range of alignments used in the knowledge trans-
fer process, we generate pseudo-alignments with high confidence
scores and incorporate them into the training data. The confidence
score for each pair of entities (es, e;) is calculated as the average
cosine similarity: sim(es, e;) = ItE [g(es, ez, t;®)]. While pair-wise
similarity comparison is computationally intensive, we improve
efficiency by first adding alignments for entities that are neighbors
of already aligned entities &t = {e;|(es, e) € Tt} in the target
TKG, as they are likely to be represented well to produce reliable
alignment. Following [36], we formulate the generation process as
solving the following optimization problem:

max Z Z sim(es, e) - P(es, er),

EtGN(ét)esess
s.t. Z dles,er) =1, Z Ples,er) =1,

es€8s ereN(Er)

®

where ¢ (es, e;) is a binary indicator of whether to add (es, e;) as
pseudo alignment, ¢(es, e;) = 1 if we choose to add this pair, oth-
erwise ¢ (es, e;) = 0. The two constrains can guarantee each entity
e: € N(&y) is aligned to at most one entity in source language
es € 8. Finally, all pairs that satisfying ¢ (es, e;) = 1 can be viewed
as candidates to be added into alignment data. We further select the
top ones in terms of sim(es, ;) to control the total size of pseudo
alignments. Notably, in each generation, the target entities to be
aligned can already have the alignment, i.e., N(&;) U&; # 0.In
this case, we can update the existing alignments with the pseudo
ones to eliminate the possible alignment noise.

3.5 Mutually-paced Optimization

Learning Objective. Given a source TKG Gs, the incomplete target
TKG ét, and the incomplete cross-lingual alignment Tsor, the
objective of cross-lingual temporal knowledge graph reasoning
Ls_,; can be summarized as follows:

Lssr=Ls, + Ly, )

where Léz denotes knowledge graph reasoning loss which mea-
sures the correctness of each quadruple, £f5<—>t denotes the align-
ment loss which measures the distance of aligned entities in the
uni-space. To enlarge the knowledge distillation effect, we pro-
gressively transfer temporal events G; and generate high-quality
ST . Therefore, the training objective on both

pseudo alignment I,
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Algorithm 1: The optimization process for MP-KD.

Input: Source TKG G;, incomplete target TKG ét, incomplete
alignment |
Output: Student Model Parameter ©; for target TKG.
1 Optimize O by minimizing Lg, on source TKG;
2 Initialize ®; « O for target TKG;
3 while model not converged do

4 Optimize alignment module g(-; ®):
5 Minimize Lfl: ; in Eq. (10) w.r.t. alignment parameter ®;
6 Transfer temporal events ng based on updated ©;;
7 Optimize student representation module f;(-;0;):
8 for Each time step T; during training do
9 Prepare training data { (e, 7, e}, t)|(es, 7, €}, 1) €
G UG T and T; < t < Tpur}
10 Update ©; by minimizing L;"It in Eq. (10);
11 end
12 Generate pseudo alignments I'3Z, based on updated ®;
13 end
ground-truth data and pseudo data Lfit becomes:
st _ |G ) [
TG o G gy o o
Tsorl L=
Bucor BT 100 T e + BT, 00
where | - | denotes the set size. Eq. (10) formulates the learning

objective on both scarce data and pseudo data for cross-lingual
temporal knowledge graph reasoning in target languages. We give
the convergence analysis in the following theorem:

THEOREM 3.1. Let N denote the number of negative samples for
optimization, € denotes the portion of correct pseudo data, f denotes
the proportion of pseudo data to the initial ground-truth data. As the
number of negative samples N — oo, the sz)t converges to its limit

with an absolute deviation decaying in O(LL; -N72/3),
Proor. Refer to Appendix A.2. O

Mutually-paced Optimization and Generation. The MP-KD
framework can be optimized by minimizing Eq. (10) w.r.t. © and ®
alternatively. The generated pseudo alignments can help the train-
ing of the representation modules by the knowledge distillation, and
in turn transferring temporal events in the target TKG can improves
alignment module by providing high-quality representations. In
light of this, we propose a mutually-paced optimization and genera-
tion procedure. Generally speaking, we iteratively generate pseudo
alignments and update the representation module and alignment
module respectively. To be concrete, as shown in Algorithm 1, we
first update the alignment module g(-; ®) and transfer temporal
events to transfer knowledge from source to target. Then we divide
the time span into several time steps to update the student repre-
sentation module from recent time step to far away ones. Finally,
we generate the pseudo alignments, as the optimization ©; on all
temporal events can improve the entity feature quality, which is
beneficial for alignment prediction. Algorithm 1 summarizes the
training procedure.
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Table 2: Statistics of the datasets.

Languages ‘ Entity Relation Quadruple Train/Val/Test Time
English (EN) 34,416 105 602K 602K/0K/0K 28
French (FR) 32,546 105 580K 580K/0K/0K 28
Spanish (ES) 31,808 105 316K 114K/136K/66K 40
German (DE) 27,657 105 268K 97K/114K/56K 40

Italian (IT) 23,734 94 236K 84K/100K/51K 40
Danish (DA) | 15,710 94 125K 48K/50K/26K 40
Slovene (SL) 13,250 94 55K 24K/21K/10K 40

Bulgarian (BG) 3,508 105 23K 8K/9K/6K 40

4 EXPERIMENT

We evaluate MP-KD on EventKG data [8] including 2 source lan-
guages and 6 target languages, and we aim to answer the following
research questions:

e RQ1: How does MP-KD perform compared with state-of-the-
art models on the low-resource target languages?

e RQ2: How do reliability of alignment information (with various
noise ratio) affect model performances?

e RQ3: How do each component and important parameters affect
MP-KD performance?

4.1 Datasets

We evaluate MP-KD by 12 cross-lingual TKG transfer tasks on
EventKG data [8], which is a multilingual TKG including 2 source
languages and 6 target languages. For each language, we collect
events during 1980 to 2022 and split the time span into 40 time
steps for training, validation and testing (28/4/8). Table 2 shows the
dataset statistics. We describe the dataset details in Appendix A.3.

4.2 Experimental Setup

Baselines. We compare ten state-of-the-art baselines from three
related areas. We describe the baseline details in Appendix A.4.

e Static KG embedding methods: TransE [1], TransR [23], Dist-
Mult [51], RotatE [35];

e Temporal KG embedding methods: TA-DistMult [6], RE-
NET [13], RE-GCN [19];

e Multilingual KG embedding methods:
AlignKGC [34]; SS-AGA [12].

Evaluation Protocol and Metrics. For each prediction (e, r,?, t)
or (?,r, e t), we rank missing entities to evaluate the performance.
Following [19], we adopt raw mean reciprocal rank (MRR) and raw
Hits at 10 (H@10) as evaluation metrics. To quantitatively compare
how well the transferred knowledge from the source languages
can improve predictions on the low-resource languages, we adopt
Transfer Ratio (T.R.) to evaluate the average improvement of each
method over the best baseline without knowledge transferring, i.e.:

KEnS [4];

1 Model(s; — t;)
TR(t:) = S| Z BestBaseline(t;) (1)
s;€S
where t; denotes each target language, s; € S denotes each source
language, and BestBaseline(#;) denotes the best baseline perfor-
mance on the target language t; without any knowledge transfer-
ring, i.e., RE-GCN w/o source.
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—+— RotatE —+— RE-GCN
RE-Net  —— KEnS

—— AlignKGC Ours
—e— SS-AGA —— RE-GCN w/o Source

37.5

0.0 0.1 0.2 0.0 0.1 0.2
Noise Ratio, Source: English Noise Ratio, Source: French

Figure 3: Experimental results under various alignment noise
ratios. Average H@10 on 6 target languages are reported. MP-
KD achieves relatively robust results, with only 3.7% relative
drop, others have over 10% drop.

Implementation. To simulate scarce setting, by default, we utilize
10% alignments and 20% events of target TKG by random selection.
For static/temporal KG embedding methods, we merge source graph
and target graph by adding one new type of relation (alignment).
For multilingual baselines, we train them on 1-to-1 knowledge
transferring (instead of the original setting) for fair comparison. We
introduce implementation details of baseline models and MP-KD
in Appendix A.5. Code and data are open-source and available at
https://github.com/amzn/mpkd-thewebconf-2023.

4.3 Experiments on Cross-lingual Reasoning
(RQ1)

We first evaluate the model performance with incomplete cross-
lingual alignments, where we randomly preserve 10% alignments
of the target entities for distilling knowledge. Table 3 reports the
overall results for the cross-lingual experiments. By utilizing only
10% cross-lingual alignments, MP-KD achieves 33% (MRR) and 30%
(H@10) relative improvement over best baseline without the knowl-
edge transferring (RE-GCN w/o source) on average, demonstrating
the effectiveness of MP-KD in modeling alignments for knowledge
transferring. Compared with ten baselines using alignments, MP-
KD still achieves relative 14% relative improvements over the second
best results. Specifically, we have the following observations:

e Static baseline (TransE, TransR, DistMult, RotatE) fail to beat RE-
GCN w/o source, although using alignments, due the insufficient
modeling of temporal information. Similarly, multilingual meth-
ods (KEnS, AlignKGC, SS-AGA) also produce unsatisfying results;

o All temporal baselines (TA-DistMult, RE-Net, RE-GCN) manage to
beat RE-GCN w/o source, as the modeling of both temporal evolu-
tion and cross-lingual alignment can facilitate the representation
learning of target entities. But the improvements are marginal
compared with our model, as the effect of knowledge distillation
is constrained by the limited amount of cross-lingual alignments;

e Our model consistently achieves the best performance. Through
10% alignments, MP-KD can progressively transfer temporal
knowledge and generate pseudo alignments with high confidence
to boost the effect and range of the knowledge distillation;

e We also notice the uneven improvements across languages,
(e.g., 40% improvements for German, 20% for Italian). We hypoth-
esize it is because of various language dependencies with source
languages.
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Table 3: Overall Performance without alignment noise. Average results on 5 independent runs are reported. * indicates the
statistically significant improvements over the best baseline, with p-value smaller than 0.01.

Models Target ES DE IT DA BG SL Avg.
Source | MRR_H@10 MRR H@10 MRR H@10 MRR H@10 MRR H@10 MRR H@10 MRR H@10
RE-GCN w/o source | NA | 1431 3185 1632 3419 1459 3164 1419 3124 1027 2344 933 2163 1317  29.00
Static KG embedding methods
EN [ 1167 2673 1519 3137 915 2144 1271 2331 1017 2372 973 2183 1144 2473
TransE [1] FR | 1237 2779 1401 2830 1138 2319 1005 2200 1188 23.01 1063 2244 1172 2447
TR. | 084 08 08 087 070 071 080 073 107 100 109 102 088 085
EN | 1188 2866 1601 3201 814 2207 1334 2473 1033 2351 889 2212 1143 2552
TransR [23] FR | 1201 2832 1458 2051 993 2466 1190 2264 1198 2344 927 2388 1161 2541
TR. | 083 08 094 090 062 074 089 076 109 100 097 106 087 088
EN | 1366 2977 1746 3319 1163 2663 1463 2591 997 2292  9.08 2044 1274 2648
DistMult [51] FR | 1258 2873 1603 3181 1212 27.76 1164 2297 901 2377 1013 2107 1192 2602
TR. | 092 092 103 095 08 08 093 078 092 100 103 096 094 091
EN | 1299 2889 1987 3546 1562 30.14 1344 2579 1110 2298 1137 2399 1407 27.88
RotatE [35] FR | 1301 2933 1763 3481 1499 3104 1162 2317 1073 2314 1110 2466 1318  27.69
TR | 091 091 115 103 105 097 088 078 106 098 120 112 103 096
Temporal KG embedding methods
EN [ 1583 3477 1899 3746 1498 2999 1497 3001 902 2110 874 1776 1375 2851
TA-DistMult [6] FR | 1661 3585 1781 3796 1558 3121 1321 2858 963 2291  9.03 1883  13.65 2022
TR | 113 111 113 110 105 097 099 094 091 094 095 08 104 100
EN | 1758 3797 1903 3946 1588 3369 1503 3477 1201 2572 1107 2564 1510 3288
RE-Net [13] FR | 1701 3679 1832 3807 1547 3483 1563 3386 1231 2503 1179 2497 1509 32.26
TR | 121 117 114 113 107 108 108 110 118 108 123 117 115 112
EN | 1688 3654 1984 4017 1617 3484 1599 3562 1222 2602 1063 2338 1529 3276
RE-GCN [19] FR | 17.14 3701 1963 4101 1644 3561 1503 3319 1191 2513 1109 2277 1521 3245
TR | 119 115 121 119 112 L1l 109 Ll0 117 109 116 107 116 112
Multilingual KG embedding methods
EN | 1598 3391 1733 3762 1441 3144 1447 2961 1288 2677 1103 2499 1435 3072
KEnS [4] FR | 1702 3407 1661 37.99 1557 3382 1362 3024 1203 2432 1051 2386 1423  30.72
TR | 115 107 104 111 103 103 099 09 121 109 115 113 109 106
EN | 1359 3319 1644 3314 1371 3407 1213 3107 1133 2663 832 2077 1259 2981
AlignKGC [34] FR | 1390 3471 1714 3481 1497 3365 1207 3044 1092 2531 964 2128 1311 3003
TR. | 096 107 103 099 098 107 085 098 108 111 09 097 098 103
EN | 1511 3219 1649 3614 1483 3331 1227 3068 1299 27.03 1155 2507 1387 3074
SS-AGA [12] FR | 1654 3399 1832 3719 1502 3299 1173 2998 1113 2562 1101 2364 1396  30.57
TR | 111 104 107 107 102 105 085 097 117 112 121 113 106 106
EN | 1951 4155 22.84 4930 1718 3762 1879 4001 1433 30.13 13.87 3030 17.75 38.15
MP-KD * FR | 1905 4286 2167 4657 17.92 3918 1795 3795 1385 2027 1254 2736 1716  37.20
TR | 135 133 136 140 120 121 129 125 137 127 142 133 133 13
Gains 1% 13%  15%  20% 9%  10%  18%  12%  10%  11%  18%  18%  16%  16%
4.4 Experiments under Alignment Noises (RQ2) Table 4: Ablation Studies.
In reality, cross-lingual alignments can be obtained by human la-
beling or rule-based inference modules, which may introduce in- Ablations | Target | ___PS_ GT0 MRR L &1 R o)
dispensable noises. We evaluate how the reliability of alignment MPKDw/o | EN | 1761 3859 1307 2851 1624 37.04
information affects baseline models and MP-KD. In this experiment, Ahgg(‘):zzlllgth TF ﬁ_ 117_'2017 31?'2436 113_'2073 218_ '2114 lfjf 316_'2621
we still utilize 10% alignments. To simulate unreliable alignments, MP-KD w EN | 1709 3703 1189 2625 1481 3190
. . . .. FR 16.99 37.10 11.78 25.91 14.97 32.15
we select a subset of alignments (measured by Noise Ratio) and ran- PureTraining | o | 110 116 115 Ll 113 100
domly change the aligned target entity to another entity without MP-KD w/o EN 1797 3804 1231 2783 1598 348
alignment information. Pecudo Align, | FR | 1755 345 1219 2632 1579 3527
TR. 1.24 1.20 1.19 1.16 1.22 1.19
We vary the noise ratio from 0.0 to 0.2 to evaluate the models MP-KD w/o EN | 1879 3903 1307 2807 1603 3674
. . FR 18.83 39.88 12.95 28.79 15.99 36.95
performance, as shown in Figure 3. We report the average H@10 EventTramsfer | 1o | o0 o0 0 o0 e e
on 6 target languages by utilizing English TKG and French TKG EN [1951 4155 1433 3013 1775 3815
. . . . . MP-KD FR 19.05  42.86 13.85 29.27 17.16 37.20
respectively. As expected, with the increase of noise ratio, the per- T T T T T

formances of all compared models degrade, as the wrong alignment
links mislead the knowledge transfer process. Most baselines fail
to beat RE-GCN w/o Source even with 10% noise, and all lose with
20%noise, which indicates that the quality of alignments signifi-
cantly influences the model effectiveness in the cross-lingual TKG
reasoning task. Notably, MP-KD achieves relatively robust results,
with only 3.7% performance drop, while other strong baselines have
over 10% drop. This is because during the generation of pseudo
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alignments, MP-KD can automatically replace those unreliable ones
based on the confidence score. Also, in the alignment module, MP-
KD can assign small alignment strength to unreliable alignments.

4.5 Model Analysis (RQ3)

Ablation Study. We evaluate performance improvements brought
by the MP-KD framework by following ablations:
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(a) Pseudo align. analysis. (b) Efficiency analysis.

Figure 4: Efficiency analysis and pseudo alignment analysis.

e MP-KD w/o Align. Strength Control uniformly set the align-
ment strength for all entities across all time steps;

e MP-KD w Pure Training optimizes the teacher-student frame-
work without pseudo alignment generation and temporal event
transfer;

e MP-KD w/o Pseudo Align eliminates the pseudo alignments
generation process;

e MP-KD w/o Event Transfer eliminates the explicit transfer
of temporal events.

Table 4 reports the results measured by H@10. Each compo-
nent leads to performance boost. MP-KD with uniform alignment
strength largely degrades performance, due to temporal knowl-
edge discrepancy. MP-KD without pseudo data generation achieves
similar performance with temporal baselines RE-Net, RE-GCN, be-
cause of the limited amount of cross-lingual alignments. Bother
generating pseudo alignments and explicitly transferring temporal
events increase the performance, and combining them together in a
mutually-paced procedure (in MP-KD) can achieve the best results.
The Effect of Pseudo Alignments Ratio. To investigate the ef-
fects of the pseudo alignments on the reasoning performance, we
vary the amount of pseudo alignments during training period and
compare the corresponding performance measured by H@10, as
shown in Figure 4a. The blue line and red line show the perfor-
mances of single model on complete target TKG and single model
on 20% target TKG (our setting) respectively. From 0.1, MP-KD
starts to generate and expand the initially available alignments. We
observe a significant performance improvement, demonstrating the
positive effects of the pseudo alignments. As expected, we find a per-
formance decrease at 50%, as the added pseudo data with relatively
low confidence start to introduce noise that hurt the performance.

4.6 Efficiency Comparison

To demonstrate the efficiency of MP-KD framework, we train MP-
KD and baseline models from scratch on both target language and
source language, and compare the training time. Figure 4b shows
that MP-KD significantly outperforms baseline models with rea-
sonable training time. More details are provided in Appendix A.5.3.

5 RELATED WORK

Knowledge Graph Reasoning. Knowledge graph reasoning aims
to predict missing facts to automatically complete KGs [15, 16, 28,
42]. It is mostly formulated as measuring the correctness of factual
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samples and negative samples by specially designed score func-
tions [1, 25, 26, 35]. Recently, reasoning on temporal KGs attracts
a lot of interests from the community [6, 13, 19, 37]. Compared
with static KG reasoning task, the main challenge lies in how to
incorporate time information. Several embedding-based methods
have been proposed. They encode time-dependent information of
entities and relations by decoupling embeddings into static compo-
nent and time-varying component [7, 43, 46], utilizing recurrent
neural networks (RNNs) to adaptively learn the dynamic evolu-
tion from historical fact sequence [13, 19], or learning a sequence
of evolving representations from discrete knowledge graph snap-
shots [10, 13, 19, 22]. However, all of the existing temporal KG
reasoning models aim to extrapolate future facts based on relatively
complete TKGs in high-resource languages, and how to boost rea-
soning performance for TKGs in low-resource languages through
cross-lingual alignments is largely under-explored.

Multilingual KG Reasoning. Entity alignment methods on KGs [3,
27, 48-50] can automatically enlarge the alignments by predicting
the correspondence between the two KGs. But most of them, if not
all, require the relatively even completeness of two KGs to capture
the structural similarities, which can not be satisfied in our case, as
target TKGs are far from complete. Inspired by recent cross-lingual
transfer advances [20, 21, 29, 52], some recent works start to study
the multilingual KG reasoning on static graphs [4, 12, 34], which
aim to extract knowledge from several source KGs to boost the
reasoning performance in the target KG, while they still require a
sufficient amount of seed alignments and totally ignore the temporal
information in our task. We extend this line of works on TKGs,
where transferring temporal knowledge is more complex.
Self-training. Self-training is one of the learning strategies that
addresses data scarcity issue by fully utilizing abundant unlabeled
data [11, 32, 53]. Recent works start to study self-training strategy
for graph data, as GNNs typically require large amount of data
labeling [18, 24, 45]. In summary, most efforts are put on node clas-
sification problem, where node labels are largely unavailable. We
focus on utilizing self-training technique to deal with link scarcity
(events + alignments), which is also a bottleneck for improving the
performance on graphs.

6 CONCLUSION

In this paper, we studied a realistic but underexplored cross-lingual
temporal knowledge graph reasoning problem, which aims at facili-
tating TKG reasoning in low-resource languages by distilling knowl-
edge from a corresponding TKG in high-resource language through
a small set of entity alignments as bridges. To this end, we pro-
posed a novel mutually-paced teacher student framework, namely
MP-KD. During training, MP-KD iteratively generates pseudo align-
ments to expand the cross-lingual connection, as well as transfers
temporal facts to facilitate student model training in low-resource
languages. Our alignment module is learned to adjust the alignment
strength for different entities at different time, thereby maximizing
the benefits of knowledge transferring. We empirically validated
the effectiveness of MP-KD on 12 language pairs of EventKG data,
on which the proposed framework significantly outperforms an
extensive set of state-of-the-art baselines.
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A APPENDIX
A.1 Model Description

In this section, we introduce the temporal attention layer and cross-
lingual attention layer for entity alignments utilized in Section 3.3.
We first introduce the general attention mechanism we utilized,
then specify the two layers respectively.

Given two representation sequence from temporal domain: key
sequence Hg = {h! ,hfo - ,hIT<} and query sequence Hp =
{hy.h),
attention to calculate the pairwise importance:

HoWQ (HgwWX)T
Vd

,hL} from all time steps, we propose the following

B = Attn(key = Hgk, query = Hg) = softmax +M|,

12)
where W2, WE are trainable temporal parameters, § is learned tem-
poral weight indicating pairwise importance, d denotes dimension
of input representations, and M is added to ensure auto-regressive
setting, i.e., preventing future information affecting current state.
We define M;; = 0if i < j, otherwise —oco.

For temporal attention layer, we wuse he =
{he(1),he(2),--- ,he(T)} for both query and key sequence
to obtain the temporal attention weights j:

B = Attn(key = he, query = he), (13)

then the desired H,(t) is leaned as the combination of input se-
quence, where WV is a trainable matrix.:

H.(t) = Temporal-Attn(he(1),- -, he(t))

t
= fuhe (HWY “
i=1

For cross—lingual attention layer, we use Hj =
{H{(1),- (T)} in source language as query sequence
and H. = {H (1),+++, HL(T)} in target language as key sequence
to obtam the attention weights f:

Ber = Attn(key = H., query = HS) 4, (15)

where f,; is trainable weight to adjust the alignment strength of
different entities at different time.

A.2 Theorem Proof

THEOREM A.1. Let N denote the number of negative samples for
optimization, € denotes the ratio of correct pseudo data, f denotes the
ratio of pseudo data amount to the initial groundtruth data amount.

As the number of negative samples N — oo, the .L 2, converges to
1+5 . 2/3)‘
B

ProOF. In representation learning, the margin loss has been
widely adopted as the similarity metric. Without loss of generality,
they can be expressed in the form of Noise Contrastive Estimation
(NCE) [9]. Therefore, we express Lg and Lr,_, in the form of
Noise Contrastive Estimation (NCE) by introducing the negative
sampling:

its limit with an absolute deviation decaying in O( 1%

. oS O)/T
Lo =E|~loe e s o onTr | (19
A e9(:®)/7
Lrsoe 2B lo8 e s e (e | «
for simplicity, f~(-;©) denotes the score for negative quadruple,

and g~ (-; @) denotes score for negative alignment pair.
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For our training objective £37, , we show the convergence anal-
ysis of four terms one by one, then prove the overall convergence
results. First of all, following [27, 44], let N denote the number of
negative samples per each quadruple, and we have:

|2

g, ~los M|

=1 B [fGe)]

T (er.r.e)ot) Gy

+ lim - og [ L eSO /T 4 o)/ @)
N=o (ep,re)t)eGr { N Z
e;e&t
__1 S~ (40)
== B [fee))+ B g B[SO
T (et.re},t) Gt (er.r.e}.t)€Gr e, €&t

where A denotes the duplicate quadruples co-existing in both incom-
plete G; and negative samples. The convergence speed is derived
as follows:

For one side:

2
£§.t _IOgN_j\}iE}ml'EGt —logN| < —e7. (19)
For another side:
) 2 5.2 1 1 1
]\}ll)noo Lét —logNl - [Lét —logNl < ﬁe2/7+ ZN 3e7 (e —e 7).  (20)

We then generalize the above results to the loss term on pseudo
data. Suppose ¢ of the pseudo data are correct. Then we can have
the following two inequality. For one side:

LgtST —logN _1\}13100 I.Cg;gj- —logN

E AellT fof (5017 21
<]Ele_68tNe i ]<AZ @
€ 0 €E—eT
= et |8 E of (007 =N
e" €&
Therefore, for LST ¢ in this side, we have:
ST . ST 1+e A 2
L5 ~logN — lim LS5, —logN| < AN (22)

where S is the ratio of pseudo data amount to groundtruth data
amount during training.

Similarly, for another side, we have:
l1+e A 2T

1+BN
1+e5 -2 1 1 _1
+ -N 3er(er—e r).
1+p4 4

hm [Ls‘at logN] [Lfat logN]
(23)

Therefore, we conclude that the LST ~,; converges to its limit with
1 -2/3
an absolute deviation decaying in O( IIE . / )

[m]

A.3 Datasets

Dataset Information. The commonly utilized benchmark TKGs
are divided into two categories: temporal event graphs [2] and
knowledge graphs where temporally associated facts have valid
periods [15, 16, 28]. In this paper, we mainly evaluate MP-KD on
the EventKG [8], which is a multilingual resource incorporating
event-centric information extracted from several large-scale knowl-
edge graphs such as Wikidata [15], DBpedia [16] and YAGO [28].
Each temporal event is organized as (e,r,¢€’, s, t), where each
piece of data is attached with a valid time period from start time
ts to end time t,. Following [13], we preprocess the format such
that each fact is converted to a sequence {(e,r, ¢’,ts), (e,r, €', ts +
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1),---,(e,1, €, te)} from ts to te, with the minimum time unit as
one step.

Splitting Scheme. We collect events during 1980 to 2022, and noisy
events of early years are removed. To construct multilingual TKGs,
we first preserve important entities and relations by excluding in-
frequent ones that have less than 20 events in each language. Then
we collect the events and cross-lingual alignments.To guarantee
the relation match, we only preserve relations appearing in English
TKG. We split the time span into 40 equal time steps for training,
validation and testing (28/4/8), where each time step roughly lasts
for one year. To focus on the prediction on existing entities during
training period, and eliminate the negative effects possibly caused
by the randomly appearning new entities in val/test period, we
only preserve entities having events during training period, follow-
ing [19]. Table 2 shows the dataset statistics, including 2 source
languages and 6 target languages. We purposefully choose 6 differ-
ent target languages with diverse characteristics in term of the TKG
size, which can evaluate MP-KD from different data granularity. It
is worth noting that to simulate the scarcity issue in target TKGs,
the training quadruples presented in Table 2 are randomly selected
from original TKGs, with random ratio 20%.

A.4 Baselines
We describe the baselines utilized in the experiments in detail:

e TransE [1] is a translation-based embedding model, where
both entities and relations are represented as vectors in the
latent space. The relation is utilized as a translation operation
between the subject and the object entity;

e TransR [23] advances TransE by optimizing modeling of n-n
relations, where each entity embedding can be projected to
hyperplanes defined by relations;

e DistMult [51] is a general framework with bilinear objective
for multi-relational learning that unifies most multi-relational
embedding models;

e RotatE [35] represents entities as complex vectors and rela-
tions as rotation operations in a complex vector space;

e TA-DistMult [6] is a temporal knowledge graph reansoing
method aiming at predicting missing events in history. We
utilize it for predicting future events;

e RE-NET [13] is a generative model to predict future facts on
temporal knowledge graphs, which employs a recurrent neural
network to model the entity evolution, and utilizes a neighbor-
hood aggregator to consider the connection of facts at the same
time intervals;

e RE-GCN [19] learns the temporal representations of both enti-
ties and relations by modeling the KG sequence recurrently;

o KEnS [4] starts to directly improve KGR performance on static
KGs given a set of seed alignment, and proposes an ensemble-
based approach for the task;

o AlignKGC [34] jointly optimizes entity alignment loss and
knowledge graph reasoning loss to improve the performance;

o SS-AGA [12] views alignments as new edge type and employ a
relation-aware GNN with learnable attention weight to model
the influence of the aligned entities.
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A.5 Reproducibility

A.5.1  Baseline Setup. For static knowledge graph reasoning meth-
ods, i.e., TransE, TransR, DistMult, and RotatE, we ignore all time
information in quadruples, and view temporal knowledge graphs as
static, cumulative ones. For static/temporal KG embedding methods,
we merge source graph and target graph by adding one new type of
relation (alignment), as they do not explicitly model cross-lingual
entity alignment. For multilingual baselines, we train them on 1-to-
1 knowledge transferring (instead of the original setting) for fair
comparison. For static baselines, we utilize the static embeddings
for predictions in all time steps. For fair comparisons, we keep the
dimension of all embeddings as 128, we feed pre-trained TransE
embeddings on the merge graph including both source and target
TKGs to those that require initial entity/relation embeddings. We
tune learning rate of baselines based on MRR on validation set, and
we train all baseline models and MP-KD on same GPUs (Nvidia
A100) and CPUs (Intel(R) Xeon(R) Platinum 8275CL).

A.5.2  MP-KD Setup. We first utilize the source TKG to train the
teacher representation module. Then we initialize the student mod-
ule with the parameters of the teacher. During the training proce-
dure, we first optimize the objective without generating pseudo
data in the first 10 epoch. After that, we start to generate high-
quality pseudo data. For the generation in each epoch, we gradually
increase the amount of pseudo alignments from 10% to 40%, and
transfer all temporal events that meet the requirement. During
evaluation, we tune hyperparameters based on MRR on validation
set, and report the performance on the test set. Next, we report the
choices of hyperparameters. For model training, we utilize Adam
optimizer, and set maximum number of epochs as 50. We set batch
size as 256, the dimension of all embeddings as 128, and dropout
rate as 0.5. For the sake of efficiency, we set number of temporal
neighbors b as 8, and employ 1 neighborhood aggregation layer in
temporal encoder. For TKG reasoning, we set negative sampling
factor as 10. For entity alignment, we set negative sampling factor
as 50. For temporal generation process, We divide time span into 4
time intervals. For model training, we mainly tune margin value A1,
Az in score functions in range {0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9},
learning rate in range {0.02,0.01, 0.005, 0.001, 0.0005}.

A.5.3  Efficiency Comparison. To demonstrate the efficiency of MP-
KD framework, we train MP-KD and baseline models from scratch
on both target language and source language, and compare the
training time. We train all baseline models and MP-KD on same
GPUs (Nvidia A100) and CPUs (Intel(R) Xeon(R) Platinum 8275CL).
Figure 4b shows that MP-KD significantly outperforms baseline
models with reasonable training time. Notably, we include the
pseudo data generation time. Compared with slow temporal models
RE-NET, RE-GCN for knowledge graph reasoning, MP-KD is more
efficient because our temporal encoder can learn temporal entity
embeddings via sampled temporal neighbors at each time without
using RNNs.
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