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ARTICLE INFO ABSTRACT
Keywords: Knowledge graph completion (KGC), a task that aims at predicting missing links with existing information
Knowledge graph inside a knowledge graph (KG), has emerged as a popular research area in recent years. While many existing

Knowledge graph completion
Knowledge representation
Knowledge transfer

Active learning

works have demonstrated effectiveness on a single knowledge graph KGC, limited effort has been devoted to
exploring the potentially complementary nature of multiple KGs. In this work, we proposed a novel method
called CA-MKGC (Conflict-aware Multilingual Knowledge Graph Completion) for multiple knowledge graph
completion (MKGC), aiming to alleviate the sparseness of a single knowledge graph by leveraging information
from other knowledge graphs. We designed an intra-KG graph convolutional network encoder that regards
the seed alignments between KGs as edges for intra-KG message propagation to model all KGs in a unified
model while also adopting an iterative mechanism to progressively incorporate newly predicted alignments
along with the newly inferred facts into the learning process. Additionally, we employed an active learning
mechanism and a greedy approximation to a semi-constrained optimization problem to focus on learning the
structural prior knowledge that is difficult to learn in semantic space, limiting the propagation of error in
the iterative training process. Experimental results on multilingual KG datasets demonstrated that our method
achieved state-of-the-art results.

1. Introduction identified the important collaborative nature of entity alignment (EA)

prediction and KGC task and used this nature to generate incremental

With the vast amount of data available on the internet, knowledge
graphs (KGs) have become a popular tool for organizing and repre-
senting structured knowledge. KGs enable the creation of a semantic
network of entities and their relationships, which can be leveraged
for various tasks in the artificial intelligence field, such as question-
answering and recommendation systems [1]. However, KGs are known
to be incomplete [2]. In recent years, there has been a surge of research
aimed at addressing the incompleteness problem in KGs through the
task of knowledge graph completion (KGC). However, most of the
existing works [3-8] focused on the KGC task on single KG, overlook-
ing the fact that existing information inside single KG might not be
sufficient to infer all missing edges or relations between entities. In
this work, we propose a novel method called CA-MKGC that focuses
on the MKGC problem, which aims at leveraging the collaborative
and complementary nature of multiple KGs to infer missing edges
and relations of each other. Specifically, we first propose an intra-KG
GCN encoder to model alignments between entities in different KG
as relations for intra-KG message propagation to train all KGs in a
unified model while progressively introducing new confident predic-
tions of entity alignments to generate additional supervisions. Similar
to existing works [9-12] that address the same problem setting, we
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supervision for the training process by predicting more alignments
between KGs and use them for further training. However, unlike ex-
isting works that assume this to be only beneficial, we view this as
the source of better supervision and error propagation. Most existing
works neglect the transitive nature of alignments across multiple KGs
and only consider predictions of alignments between pairs of KGs rather
than holistically for the entire set of KGs. In Section 3.4, we show that
this could result in the propagation of potentially incorrect facts and
alignments when predicted alignments are used for further training.
To mitigate the potential propagation of errors, we propose an active
learning mechanism and a greedy approximation of a semi-constrained
optimization problem to impose a simple yet effective unique alignment
restriction between KGs to help refine the prediction of alignments and
restrict the error propagation when predictions are used for incremental
supervision. We show that imposing this restriction is surprisingly
effective in restricting the error propagation of incorrect predictions
and results in state-of-the-art results for multiple knowledge graph
completion on various datasets. Fig. 1 illustrates an overview of the
framework of the proposed method. The main contributions of this
work can be summarized as follows: (1) we propose a novel intra-KG
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Fig. 1. An overview of the framework of our proposed method on MKGC task.

GCN encoder that models all KGs in a unified model for efficient intra-
KG message propagation and knowledge transfer, (2) we examine the
source of error propagation in MKGC problem when using predictions
to generate additional training samples and propose a first attempt to
limit the propagation of errors using a simple yet effective restriction.
We describe the details of the proposed method in Section 3, and the
detailed experiments and ablation analysis are reported in Section 4.

2. Related work
2.1. Single-knowledge graph completion

Knowledge graph completion (KGC) has been a popular research
topic in the past few years, and many embedding-based methods that
encode nodes and edges into the low-dimensional vector space have
been proposed to tackle the KGC problem. Translation-based models
like TransE [3], semantic matching-based models like RESCAL [13]
along with their variations [2,5,6,14] have all shown promising results
on KGC task. In recent years, many methods [15-17] were proposed
to use Graph Convolutional Network (GCN) [18] and its variations as
encoders to help better utilize the graph structure to encode the entities
and relations in a KG, and achieved even better results on KGC task
on single KG. Advancements in knowledge representation learning are
not limited to deeper networks and more advanced encoder structures.
Many recent works [19,20] have also proposed to use techniques
like contrastive learning with graph augmentation to improve the
quality of knowledge representation. We believe the development of
more advanced knowledge representation methods on a single KG can
significantly benefit the methods focused on the MKGC task. This is be-
cause most MKGC methods target more on maximizing the “knowledge
transfer” between graphs while using the aforementioned knowledge
representation techniques as their basis.

2.2. Multi-knowledge graph completion

Compared to the KGC task on a single KG, the knowledge graph
completion task on multiple KGs has received less attention over the
years. This task was first briefly discussed in [21] but only as a side
product of the entity alignment method. Chen et al. [9] was the first
to propose multilingual KGC problem setting and generate a dedicated
dataset DBP-5L. Chen et al. [9] tackled the MKGC task by generating
ensemble results on shared triples between KGs in different languages.
Other recent methods like AlignKGC [10], SS-AGA [11], and most

recently, JMAC [12], have also been proposed to tackle the same
problem setting. AlignKGC and JMAC have also proposed to use only
50% of the seed alignment between KGs to simulate a lower resource
setting for this problem. Most existing works in multi-knowledge graph
completion allow the prediction of aligned entities between KGs to gen-
erate additional supervision for MKGC tasks. However, when producing
predictions of aligned entities between KGs, the existing method only
considers a pair of KG each time, which did not fully utilize the benefit
of having multiple KGs and could result in error-pruned prediction
results and generating sub-optimal additional supervisions. In terms of
the encoding strategy for nodes and edges in all KGs, most existing
works [1,10,12] proposed to model the embeddings separately for
each KG while using loss terms to regularize the relationship between
aligned entities across KGs. SS-AGA [11] was a notable exception that
took a very similar strategy to our work and proposed to model all
embeddings under a unified model via message propagation. However,
the proposed SS-AGA employed regularization that forces the embed-
dings of aligned entities to be similar, which intuitively would create
confusion for the knowledge graph embeddings training process under
a unified model, which aims to distinguish between different entities.

2.3. Entity alignment

Entity alignment (EA) is a task that aims to find equivalent entities
in different KGs. Similar to KGC, embedding-based methods [21-24]
have also been proven to perform well in this task. In existing multi-
knowledge graph completion research, EA is an important step to
identify and generate more supervision to transfer knowledge across
KGs better. However, in the EA task, one common problem most
embedding-based methods have is the hubness problem [25], which
means one entity is sometimes predicted to be aligned with multiple
modes in the embedding space. As pointed out by [26], this is more
severe when the number of entities differs in each KG. Many research
works [26-29] have attempted to solve this issue by enforcing global
entity alignment, but all in scenarios involving only 2 KGs. In this work,
we identify that in the MKGC task, the hubness problem can be an
important source of error propagation and demonstrate a first attempt
to solve this in the multi-KG setting.

3. Methods
3.1. Preliminaries

As shown in Fig. 3, the problem setting of MKGC involves two or
more KGs, without loss of generality, we assume there are a total of
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Fig. 2. An illustrative figure on two types of alignment-entailed meta-paths that can be used to infer new alignments and facts.

m KGs. We formalize the ith heterogeneous KG in the task as KG; =
{E;,R;, T;}, where E,, R;,T; represent the entity set, relation set, and
a triple set of knowledge graph KG; respectively. Seed alignments
between each pair of KGs is denoted by SKG’,,KG/ = {(e;,~s¢)) : (e;e) €
E; X E;}, where ~ denotes the equivalence relation. The complete set of

seed alignments can then be denoted by .S, =ul Ut

align j=i+1 SKGi,KGj‘

3.2. Intra-KG encoder

To encode the heterogeneous KGs into low-dimensional vector rep-
resentations, we view seed alignments as normal relations for message
propagation to model all KGs in one unified encoder. In the method, we
design a GCN-based intra-KG encoder with non-parametric composition
operations [16] to embed the fused KG. The composition operation
was first proposed in GCN encoders in the work of CompGCN [16],
where the entity-relation composition operator was created to embed
both nodes and edges in a multi-relational graph jointly. The update
equation of CompGCN node embeddings can be written as:

hir = f(z(u,r)eN(u)Me(us r)) (€8]

Me(u,r) = W, (ht' hh), ()

where 4! denotes the updated embedding for node v at rth layer, N(v)
denotes the set of neighboring entities and relations of node v, hf:l
and h’r‘1 denotes the embeddings for node u and relation r at (+ — 1)th
layer respectively, ¢» denotes the non-parametric composition operation
and W), denotes the direction specific transformation matrix where
A denotes the direction of relation. In our method, we modify the
original CompGCN encoder for better intra-KG message propagation
for knowledge transfer on the fused KG,. Specifically, although seed
alignments are viewed as regular relations to connect individual KGs
into a unified KG, to facilitate the intra-KG message propagation, we
remove the composition operator between the seed alignments and
instead treat alignment as a special bidirectional relation with its
unique transformation matrix. The modified message function in the
fused KG can then be written as:

—1 .
Me(u,r) = Waign, i, ~.0) e Satign , 3
Wnd(hi1 hi71)  otherwise

where W,,,, denotes the transformation matrix specifically for intra-
KG message propagation. Many existing methods [10-12,30] all use a
loss regularization to ensure the equivalent entities in each KG have
very similar embeddings with or without transformation. However,
when modeling all KGs in a unified model, we find directly imposing

this regularization creates confusion for the overall embedding training
because the intuition of the downstream KGC task is to distinguish
between entities with trained embeddings essentially. To solve this,
we model alignment relation also as edges in the fused KG, and the
“information sharing” between aligned entities is imposed via the intra-
KG message passing, where the contextualized node embeddings of
entities in each knowledge graph are passed to their counterparts in
other KGs during encoding. This ensures the aligned entities between
different KGs have similar but distinguishable embeddings, while the
differences are the local neighbors they have in each KG. Another
benefit of the intra-KG encoder is that it allows for sharing of relation
embeddings between all KGs under a unified model, which leads to
improved capture of the complex dynamics and relationships between
relations in the KGs. With the intra-KG GCN encoder, the contextualized
embedding of entities in each KG can be shared across the KGs by the
message propagation in the encoding phase and optimized during the
training of the KGC task on fact triples.

The encoded entity and relation embeddings are then passed to
the decoder, which performs the link prediction task on KG triples
and computes the knowledge completion loss. We used a margin-based
knowledge representation loss which can be written as:

Le=Zcrper ft) = fE) +7. [€))

where T/ denotes the negative samples created from corrupting head
or tail entity in triple #;; f(¢;) denotes the scoring function for TransE or
similar knowledge embedding model; and y denotes the margin, which
is a hyperparameter describing the ideal distance between positive
triples and negative triples.

3.3. Incremental supervision with alignment-entailed meta-paths

In the MKGC task, in addition to using an effective encoder to
enhance knowledge transfer in the representation space, unambiguous
ways exist to introduce newly inferred alignments and facts in the
training process as additional samples. As illustrated in Fig. 2, there
exist two different types of alignment-entailed meta-paths: (1) with
the composition rule applied on alignments, additional alignments can
potentially be inferred via meta-path: (e, Se B = ec) implies (ey —N—>
ec), (2) w1th alignment information avallable, a meta-path of (e, —
ep AN ec— ep) implies a new fact triple (e, e p) (this is sometimes
referred as parameter-swapping [31] in entity alignment algorithms).
Previous works [11,12] have predominantly focused on applying the
second meta-path to generate new facts while neglecting the potential
synergy that could be achieved by incorporating both meta-paths. In
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Fig. 3. An illustrative figure on how new facts can be inferred from alignment
predictions. The yellow fact (F, r|, D) is inferred from the predicted alignment (D,
sameas, B). However, this fact could potentially be a result of error propagation from
the predicted alignments (D, sameas, B), which produces a conflict with the inferred
alignments (A, sameas, B).

this paper, we iteratively apply both alignment-entailed meta-paths:
we enable the prediction of potential alignments during training, and
the predicted alignments 7; with confidence f(¢;) > 6 are leveraged
to infer new alignments and fact triples as additional supervisions for
training in the next iteration using alignment-entailed meta-paths. 0
here denotes a hyperparameter representing the minimum confidence
score for selecting the alignment predictions. Let S;,. and T;,. denote
the set of newly produced alignments and fact triples in the iterative
process. We can then formalize the loss term for the incremental
supervision to be:

L, = Zr,eT,v,qu- ter! us’ f@)— f(t;) +7, %)

ne>'j inc inc

where T/, and S]  here respectively denote the set of negative samples
for newly produced fact triples and alignments. The negative samples
are created similar to the negative samples for Eq. (4). When the textual
information for nodes of KGs is available, textual embeddings can be
used as an additional resource to assist with alignment prediction.
In those cases, we use multilingual Bert [32] to encode the textual
information of nodes: e/ = mBERT (e;), and the confidence score of
alignment t; = (e;,~,¢;) then becomes: f(t;) + acos(e*" ,e;.e"’ ), where
a denotes the hyperparameter controlling the trade-off between graph
and text embeddings, and cos denotes the cosine similarity between the
text embeddings.

3.4. Unique alignment constraint

Although incremental supervision with alignment-entailed meta-
paths can introduce new training samples iteratively, including pre-
dicted alignments in this process may also introduce potential errors
that could propagate throughout the model as illustrated in Fig. 3.
The error propagation could worsen when more KGs are involved in
the learning process. An incorrect alignment prediction can lead to
a higher probability of generating erroneous facts through alignment-
entailed meta-paths if the entities involved in the incorrect alignment
have multiple known alignments across KGs. Under the assumption that
entities in high-quality KGs do not usually have duplicates, we impose
a prior restriction on the alignment predictions. Concretely, let CC, =
{e; 1 (eje;) € Syuqn) denotes the alignment connected component
set of entity e; containing its corresponding alignments across different
KGs, two restrictions are imposed:

ICC,, | <m 6)
ICC,,| = {KG(e)),Ve; € CC, }, )

where m denotes the total number of KGs and KG() denotes the original
KG lookup of an entity. This restriction can essentially be interpreted
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as each entity should ideally be aligned with no more than one entity
in each knowledge graph. While the restriction might seem trivial, this
was not fully incorporated into the existing MKGC methods. Most of the
existing works alleviate the hubness problem [25] and guarantee the
1-to-1 mapping of entities in low-dimensional space by incorporating
CSLS [25] heuristic at prediction time or by converting and solving
optimal transport problem between the KGs [26]. However, when
making predictions, they only considered alignments between a pair of
KGs, which overlooked the important transitive nature of alignments
between multiple KGs. When more than two KGs are involved at the
prediction time of alignments, consider the same illustrative Fig. 3, if
alignment relations (B, ~, D) and (4, ~, C) are both predicted, the one-
to-one restriction of alignments is not violated when considering only
pair of (KG,, KG3) or (KG,, KG3). However, globally, this violates
the above-mentioned unique alignment constraint since both predicted
alignments indicate node A is equivalent to node D in KGj. This
conflict could result in the alignment of connected components of
considerable size (many alignments across KGs are predicted to be
aligned with each other), and the alignment-entailed meta-path could
rapidly propagate incorrect facts within the connected component. We
designed two components to impose the above unique alignment re-
striction into the iterative training process: one at the training time and
another at the prediction time when generating additional supervision.
For convenience, in the rest of the paper, we denote e; € Align(e;) as
entity e; can be predicted to align with entity e; without violating above
mentioned unique alignment restriction.

3.4.1. Active learning based prior restriction loss

When training KG embeddings, we incorporated the unique align-
ment restriction to produce negative alignment samples, which would
help the model to learn to avoid making predictions of alignment that
violate the restriction imposed by existing seed alignments. However,
directly implementing the restriction would generate a large number
of negative samples for each entity, rendering an excessive and over-
whelming amount of negative samples. To avoid generating unhelpful
negative samples, we utilized an active learning mechanism that allows
the model to predict possible alignments while the unique alignment
restriction serves as an “annotator” to provide feedback on the pro-
posed alignments. If a proposed alignment violates the restriction, it
is labeled as negative and added to negative set A,,,. In practice,
generating only negative examples would still inevitably discourage
the predictions of all alignments. Therefore, we follow a similar idea
in [33], using the model to generate pseudo-aligned positive examples
for each negative example to serve as “soft” positive examples. Con-
cretely, for each negative sample (e;,~,¢;) € 4,,, between KG; and
KG;, we choose the most confident prediction (e;, ~,e 1) as a pseudo-
aligned example if it fulfills f(e;,~,ey) > 0,ey € Align(e;), where
0 is the same hyperparameter we use to select alignment predictions
when generating incremental supervisions. For simplicity, we denote
the set of pseudo-aligned positive examples as A,,,. With additional
negative and “soft” positive alignment samples generated from the
active learning mechanism, the overall loss term for training when
active learning is enabled then becomes:
L,= Zr,-ETfUpr,t;ET/’,UAnegf(ti) - f(t;) +r ®
3.4.2. Greedy alignment prediction filter

It is noteworthy that imposing the unique alignment restriction
during training is insufficient to prevent the violation at prediction time
since predicted alignments could collaboratively violate the unique
alignment constraint. To address this issue, we can convert this problem
into a constraint optimization problem at prediction time. We treat
the triple scoring function f as the confidence score for alignment
predictions. The overall goal at prediction time can be viewed as a
mixed integer programming optimization problem to select a group of
predicted alignments such that the total confidence score of selected
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Table 1
Dataset statistics.

Dataset Language Entities Relations Triples Aligned links
EL 5,231 111 13,839 9,042
JA 11,805 128 28,774 16,263

DBP-5L ES 12,382 144 54,066 16,347
FR 13,176 178 49,015 16,877
EN 13,996 831 80,167 16,916
JA 2,642 21 16,703 5,175
ES 9,595 21 30,163 20,184

E-PKG IT 15,670 21 71,292 23,827
DE 17,223 21 75,870 21,382
FR 17,068 21 80,015 24,812
EN 16,544 21 100,531 21,382

alignments is maximized while not violating the unique alignment
restriction. The overall goal can then be formalized as:

maximize z
i€l.m,jei+l.m

st [L1.... 1M, <1,

[LLL,...,1]M <m

M;;S;;

)

where S;; denotes the confidence score of corresponding alignments,
M;; denotes the alignment indicator matrix between entities in KG; and
KG;, M denotes the alignment indicator matrix between all entities in
the connected KG g after applying transitivity rule, and [1,1, ..., 11M; j
denotes the row sum of indicator matrix. The two constraints are
sufficient for the unique alignment restriction across all KGs. However,
directly solving this optimization is difficult due to the high computa-
tion cost, especially because of the second constraint. We, therefore,
decide to use a greedy filter on alignment predictions to approximate
the solution: all predicted alignments are sorted in descending or-
der based on their confidence scores; then we iteratively include the
predictions that comply with the unique alignment restriction while
also updating the alignment connected components for each entity
dynamically as we go. With the updated alignment of connected com-
ponents, in the next iteration, the active learning mechanism would
naturally provide more useful “feedback” to aid the training of the
embedding model. This approach allows us to continually refine and
select the alignment predictions, ensuring the best possible accuracy
for our results in a greedy way. We find this simple greedy approach
very effective in practice.

3.5. Model training

The model is initially trained with iterative optimization of KGC loss
L. and active learning loss L, until stable. The predictions of align-
ments are made under the greedy filter for the incremental supervision,
and subsequent model training becomes the iterative optimization of
L.+L,;, and L,. More details about the training of the algorithm can
be found in Appendix B.

4. Experiments
4.1. Experiment settings

4.1.1. Dataset and evaluation protocols

We conducted our experiments on two existing multilingual KG
datasets DBP-5L [9] and E-PKG [11]. DBP-5L is a dataset sampled from
DBpedia [34], containing five KGs from different languages: English
(EN), French (FR), Spanish (ES), Japanese (JA) and Greek (EL). E-
PKG is an industrial multilingual E-commerce product KG dataset,
which describes phone-related products across six different languages:
English (EN), German (DE), French(FR), Japanese (JA), Spanish (ES)
and Italian (IT). The detailed dataset statistics are reported in Table 1.
We follow the same evaluation protocols in previous works [9-12]:
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the performance of models are evaluated on tail prediction task (h, r,
?) for all KGs with Hit@1, Hit@10 and mean reciprocal rank (MRR)
metrics. All experiments are conducted on a server running Ubuntu
Linux, 128 GB of RAM, and an NVIDIA A100 GPU (80 GB).

4.1.2. Selected baseline models

In the experiments, we have selected four popular state-of-the-art
models discussed in Section 2 on the MKGC task to compare with
our proposed method. KenS [9] was the first work to propose the
MKGC problem setting, and it uses ensemble prediction results from
different KGs to generate the final prediction. AlignKGC [10] is a
multi-task model that leverages the collaborative nature between align-
ments and link prediction tasks and trains them jointly. SS-AGA [11]
and JMAC [12] are the two most recent works that both use align-
ment predictions to generate additional training signals and produce
state-of-the-art performances for the MKGC task.

4.1.3. Model hyperparameters

Our model is implemented in PyTorch. For the fairness of com-
parison, we set the embedding dimension to be 100 in our CA-MKGC
method, which is strictly less than or equal to the selected baseline
models. We used TransE [3] as our KG embedding module, which is
consistent with the existing models we compare with. Our method
can also be easily adapted to use other KG embedding modules. For
training, our CA-MKGC method is trained for a total of 90 epochs,
where active learning is enabled after 30 epochs and alignment pre-
diction is enabled after 60 epochs. Grid search is used for all hyper-
parameters: the margin of KG embedding training y € {1,5,9,13},
alignment confidence threshold 6 € {0.02,0.04,0.06,0.08} when text
embeddings are not used to assist with alignment prediction, and 6 €
{0.92,0.94,0.96,0.98,1.0} and text embedding weight a« € {0.5, 1,2} for
when text embeddings are used. The best checkpoints are all selected
based on the best MRR performance on the validation set.

4.2. Results

Table 2 reports the results of our model compared to other existing
state-of-the-art models on DBP-5L dataset. In the table, we follow
the evaluation in [12] and compare the models under two separate
settings: w/ SI and w/o SI, denoting experiments with and without
surface information (text information of nodes) respectively. In both
settings, our method CA-MKGC achieved state-of-the-art performances
in almost all metrics. In the w/ SI setting, where textual information
can be used as an additional resource for alignment prediction, our
method achieved an average 3.4% absolute improvement on Hit@1 and
1.1% absolute improvement on MRR while providing slightly worse
performance on Hit@10 compared to the recent state-of-the-art JMAC.
In the w/o SI setting, where alignments are predicted purely based
on structural information of graphs, our method achieved significant
improvements across all KGs compared with state-of-the-art works. The
comparison with state-of-the-art models verifies that prior knowledge,
like unique alignment restriction, is challenging to learn purely from
semantics, and imposing such prior knowledge is very effective for the
MKGC task. Compared to existing works that all train one model for
each individual KG for knowledge transfer, our unified encoder model
achieved better results while requiring fewer total trainable parameters
in both settings.

As a recently curated industrial E-commerce product KG dataset, E-
PKG dataset exhibits lower data quality compared to the DBP-5L, which
was generated from sampling the widely adopted and verified DBpe-
dia [34]. Specifically, when we connect all entities with seed alignment
annotations to form the aforementioned “alignment connected compo-
nents”, we discovered several connected components of size over 1000
in such a graph on the E-PKG dataset. This suggests two possible scenar-
ios: either there is a significant number of duplicate entities within each
KG, or the quality of the seed alignment annotations is relatively low.
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Table 2
Results on DBP-5L dataset. Performances of existing state-of-the-art models were directly reported from [12].
Align. EL JA ES FR EN
H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR

KenS 100% 28.1/56.9/- 32.1/65.3/- 23.6/60.1/- 25.5/62.9/- 15.1/39.8/-
SS-AGA 100% 30.8/58.6/35.3 34.6/66.9/42.9 25.5/61.9/36.6 27.1/65.5/38.4 16.3/41.3/23.1
AlignKGC w/o SI 50% 55.1/84.2/65.5 46.7/74.4/56.6 44.0/71.4/53.4 44.5/74.0/54.9 28.5/54.9/37.5
JMAC w/o SI 50% 46.8/90.3/62.3 48.1/85.2/61.3 35.6/76.7/50.3 43.8/83.8/58.0 24.5/65.3/38.3

CA-MKGC w/o SI

50%

58.2/90.7/70.2

51.5/84.0/63.3

46.4/80.6/58.9

48.4/83.6/61.2

33.3/68.9/45.6

AlignKGC w/ SI
JMAC w/ SI
CA-MKGC w/ SI

50%
50%
50%

58.2/88.6/69.4
55.2/97.5/71.7
59.6/93.8/72.5

49.3/78.7/60.1
53.3/91.4/66.8
54.6/87.5/66.8

48.0/76.6/58.0
45.4/88.2/61.0
49.1/85.9/62.2

48.4/79.4/59.5
49.3/91.3/64.5
51.3/87.9/64.6

31.7/59.8/41.3
29.5/72.7/44.6
34.9/72.8/48.0

Table 3

Results on E-PKG dataset. We directly report the benchmarking results from [11] for the first two rows, while we produce the performances of the JMAC model since the E-PKG
dataset was not available when Tong et al. [12] proposed JMAC.

Align. EN DE FR JA ES IT
H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR
KenS 100% 26.2/69.5/— 24.3/65.8/— 25.4/68.2/— 33.5/73.6/- 21.3/59.5/— 25.1/64.6/—
SS-AGA 100% 26.7/69.8/41.5 24.6/66.3/39.4 25.9/68.7/40.2 33.9/74.1/48.3 21.0/60.1/36.3 24.9/63.8/38.4
JMAC w/o SI 50% 46.1/77.5/58.6 38.2/73.3/52.0 38.1/74.9/52.3 60.8/82.3/69.0 33.0/66.3/46.0 39.7/72.8/53.0
CA-MKGC w/o SI 50% 51.7/82.0/63.7 42.4/76.6/55.4 41.5/78.5/55.7 63.3/84.1/71.1 37.0/69.3/49.4 43.8/76.0/56.4
Table 4 Greek KG relations correlation
Ablation study results of Intra-KG GCN encoder on DBP-5L. .
Align. Metric  EL JA ES FR EN birthplace

H@1 64.8 55.2 48.3 51.7 34.5 nationality
KGCI 100% H@10 948 889 837  87.1 71.8

MRR 764 673 611 648 476 language

H@1 62.3 57.4 51.7 53.3 35.8 deathplace
IntraKG  100% H@10 961  89.6 858 895  73.0

MRR  75.1 69.2 642 665  48.8 genre

H@l 506 473 381 400  27.3
KGC1 50% H@10 847 778 726 773 645 ARmCtoun

MRR 633 581 504  53.3  40.4 Formearena

H@l 528 475 401  41.8  29.1 )
IntrakKG  50% H@10 86.9 80.6 750 797  65.9 homestadium

MRR 655 59.2 525 551  42.0

This particular issue within the dataset can lead to an excessive amount
of inferred information when utilizing alignment-entailed meta-paths
to infer new alignments and facts from seed alignments. As a result,
it hampers the convergence of existing methods, including our own.
To solve this issue, we produce a cleaned version of E-PKG dataset
that removes the seed alignment annotations resulting in alignment
connected components of size 20. We then compare our model on this
dataset with the state-of-the-art models reported in [11] and the most
recent model, JMAC, which is the top performer on DBP-5L dataset. The
comparison was made in w/o SI scenario because the names of entities
in E-PKG dataset were not readily available, and the results are reported
in Table 3. Our model outperforms all other models by a significant
margin across all metrics, averaging 4% absolute increase compared
to the state-of-the-art JMAC model. This indicates the effectiveness of
the proposed CA-MKGC under a sparse and noisy setting.

4.3. Ablation study

4.3.1. Intra-KG GCN encoder

In Table 4, we report the results of the ablation study for our intra-
KG GCN encoder. In this table, we created a static setting by only using
50% and 100% seed alignments to train the models while disabling
the alignment prediction component that generates incremental super-
vision and the active learning component that generates additional
feedback for embedding training. Under the static setting, we compare
and showcase the effectiveness of our intra-KG GCN encoder (repre-
sented by Intra-KG in table) by comparing to vanilla CompGCN models

(o)
Connected KG relations correlation

-1.0
birthplace
nationality -0.8
language
guag 0.6
deathplace
genre 0.4
hometown 0.2
homearena
homestadium 00

&

L & L
SRS &
& & e @ SO

Fig. 4. Relation correlation heatmap of Greek KG vs. fused KG.

(represented by KGC-I in table) trained on individual KGs. To highlight
the contribution provided by only intra-KG message propagation and
parameter sharing, we infer additional facts from seed alignments using
alignment-entailed meta paths for both models to ensure they use the
same set of training facts. It can be observed that in both scenarios,
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Table 5
Ablation study results on DBP-5L dataset w/o surface information.
EL JA ES FR EN
H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR H@1/H@10/MRR
CA-MKGC 58.2/90.7/70.2 51.5/84.0/63.3 46.4/80.6/58.9 48.4/83.6/61.2 33.3/68.9/45.6

CA-MKGC w/o greedy filter
CA-MKGC w/o AL
CA-MKGC w/o alignment prediction

55.9/87.5/67.9
57.6/89.6/69.89
55.8/87.4/67.7

48.2/81.5/59.9
50.5/83.6/62.8
47.8/80.0/59.6

42.4/76.5/54.3
45.4/80.0/57.8
42.1/77.8/54.8

44.0/79.8/56.7
46.9/82.7/59.8
44.6/81.1/57.7

30.1/65.9/42.6
31.5/67.7/44.2
30.4/66.7/43.0

Table 6
Results of quality of alignment predictions made by our proposed CA-MKGC.
Precision Recall
CA-MKGC w/o SI 79.7% 59.6%
CA-MKGC w SI 93.8% 87.3%

the intra-KG GCN encoder model generates superior results compared
to the vanilla CompGCN model. This verifies the effectiveness of the
intra-KG GCN encoder by modeling all KGs under one unified encoder
and enabling parameter sharing and message propagation across KGs.

To further understand the benefit of the intra-KG GCN encoder on
fused KG, we compared the correlations of learnt relation embeddings.
In Fig. 4, we visualize the correlations of relation embeddings learnt
on Greek KG and the fused KG on the DBP-5L dataset, with vanilla
CompGCN encoder and the intra-KG GCN encoder, respectively. The
correlations of learnt KG relations in the Greek KG differ from those
discovered in the fused KG with the unified model. Specifically, pairs of
relatable connections like (“birthplace”, “nationality”), (“birthplace”,
“deathplace”), and (“homearena”, “homestadium”), all exhibit a higher
correlation in the fused KG compared to the individual Greek KG. This
implies the unified model can capture more accurate dynamics between
relations with shared network parameters and relation embeddings.
This also helps prevent the low-resource Greek KG from converging to
a suboptimal region due to the lack of complete information.

4.3.2. Unique alignment restriction

In Table 5, we report the results of the ablation study for our
designed components to impose the unique alignment restriction. In
the table, the performances of the following variants of our model
are reported: (1) w/o greedy filter is the model without greedy filter
applied at prediction time of alignments when generating additional
supervisions; (2) w/o AL is variant with active-learning based loss
removed during training; (3) w/o alignment prediction is the model
without incremental supervision. For consistency of comparison, all
models in the table are reported on DBP-5L dataset with 50% seed
alignment, trained without surface information. The table shows that
the model performance decreased by about 8% across the board when
incremental supervision was turned off. This indicates the importance
of the iterative inclusion of confident alignment predictions. We also
observe a noticeable decrease in all metrics when active learning
loss is excluded from the training process. This shows that the ac-
tive learning feedback mechanism helped the model learn to avoid
potentially harmful predictions. Interestingly, when the greedy filter is
turned off,’ the model performance is equally inferior to the variant
without any incremental supervision. This shows that: (1) the errors in
predictions can propagate across the model and ultimately offset most
of the benefits introduced by the incremental supervision inferred via
alignment-entailed meta-paths; (2) the greedy filter is very effective in
preventing large clusters (connected components) of aligned entities
and therefore effectively limiting the propagation of errors.

1 To run the w/o greedy filter variant, we had to set @ to be relatively high
to avoid the excessive run time when generating additional supervision caused
by large-size alignment connected components

4.4. Predicted alignments quality

Another benefit of our proposed model is its independence from the
information of unaligned entities. Concretely, we discovered that the
previous state-of-the-art models like JMAC implicitly rely on knowledge
of the population of the remaining 50% of unaligned entities when
only 50% of the seed alignments are used for training. We want to
point out that this is impractical and unrealistic in real-world settings.
Therefore, we choose not to use this information in CA-MKGC. In our
proposed model, we do not limit the search space of alignment pre-
dictions, allowing the model to make predictions between any entities.
To provide insights into the quality of the alignment predictions made
by our model, in Table 6, we report the precision and recall rates on
the 50% of seed alignments that are not available to the model during
training in DBP-5L dataset. Unsurprisingly, surface information appears
to be very useful in predicting alignments: both the precision and
recall rate improves substantially when surface information is included.
The improvement in alignment prediction quality is also the main
driver of superior performances of models with surface information
on the MKGC tasks reported in Table 2. However, we must note that
surface information is not always guaranteed to be available in the real-
world dataset, e.g. E-PKG dataset. In those cases, as shown in Table 6,
our model still produces decent-quality alignment predictions despite
limited information.

4.5. Reliance on seed alignments

In the experiment, one of the most important assumptions is the
existence of seed alignments. Given the size and scale of KGs nowadays,
it is difficult to obtain high-quality annotations of seed alignments on
a large scale. Therefore, we find it very important to study our model’s
reliance on seed alignments. In addition to the 100% and 50% seed
alignments we tested in previous tables, we additionally evaluate our
model on the DBP-5L dataset with varying percentages (0%-100%)
of seed alignments available during training. Fig. 5 shows the plot
of the performance (MRR) of our model against varying percentages
of seed alignments. It is not surprising to observe that the MRR for
each language decreases as the percentage of seed alignment decreases.
However, with the same interval size in percentages, the performance
drop from 40% to 0% is significantly larger than other intervals. This
shows that the proposed model could leverage the context from all
KGs to learn a reasonably good representation with >40% of the
provided seed alignments, which translates to roughly 19% of total
entities. While the model shows decent performance when fewer seed
alignments are provided, we want to note that the ablation study also
reveals the model’s reliance on the availabilities of seed alignments
to a certain degree, which is expected since the availability of seed
alignments was one of the assumptions for the study.

When no seed alignments are visible to the model during train-
ing, the initial prediction of alignment for w/o SI scenario would be
extremely difficult. We therefore additionally experimented with 0%
seed alignment under w/ SI scenario, in which initial entity alignment
predictions are made based purely on multilingual text embeddings.
The results are also plotted in Fig. 5. It can be observed that when
no seed alignment annotations are available to the model, multilingual
text embeddings could also provide decent signals to predict alignments
between KGs, and the model outperforms w/o SI scenario by a large
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MRRs by seed alignment percentages
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Fig. 5. MRRs of DBP-5L dataset with varying seed alignment percentages.

margin on Spanish, French and English KG. However, on smaller KGs
(Greek and Japanese) that are more sensitive to noises introduced by
alignment predictions, we observed performance degradation.

5. Conclusion & limitations

In this paper, we proposed a novel method that focuses on the
MKGC task called CA-MKGC. The proposed method uses an intra-KG
GCN encoder for message propagation across multiple KGs and encodes
them in a unified model. In addition, we examined how incorrect facts
propagate in the MKGC problem when confident predictions are used to
generate additional supervision for the training. Based on our findings,
we proposed an active learning mechanism and a greedy approxima-
tion of a semi-constrained optimization problem to help impose an
effective unique alignment restriction between KGs while iteratively
adding confident alignment predictions for incremental supervision.
We demonstrate that the proposed intra-KG GCN encoder effectively
leverages the collective knowledge of multiple KGs, and the simple
restriction between KGs is very effective in restricting the propagation
of errors when predictions of potential alignments are used for incre-
mental training. Extensive experiments on multilingual datasets show
that our method CA-MKGC achieves state-of-the-art results on multiple
datasets compared with existing methods.

There also exist limitations in our proposed method. Although we
proposed a first attempt in this paper to solve the error propagation
issue in MKGC problem, the proposed solution only serves as a rea-
sonable approximation to the optimization problem. To obtain a fully
optimized solution, more research effort is needed to design a more
computationally efficient method. Additionally, more comprehensive
metrics can be used in the optimization to determine the model’s
confidence in the alignment predictions. We have also planned fu-
ture works around these limitations to improve current systems on
multi-knowledge graph completion.
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Appendix A. Discussion of computational efficiency and scalabil-
ity

With the ever-growing size of modern KGs, computational efficiency
and scalability have become important factors when applying a method
for real-world problems. The proposed CA-MKGC method in this paper
generally scales well, and it has a few advantages compared to existing
methods. One of the unique properties of the proposed model is that
it considers the implication of alignments between all KGs globally,
and models all KGs in the dataset together as one unified model. In
doing so, we can avoid the common approach of existing methods that
train one model for each KG in the dataset. This saves time on both
training time and hyperparameter tuning. This makes the model very
scalable as the number of KGs increases. Admittedly, modeling all KG in
a unified model has its own disadvantage: compared to other methods,
the memory footprint of our model is larger. The intra-KG message
propagation mechanism requires storing all node and edge embeddings
as well as the sparse adjacency matrices of the unified graph. Luckily,
the memory consumption of them all scales linearly with the number
of nodes, which is standard for all methods for this problem. On the
very large datasets where the memory footprint on GPU might become
a concern, we can potentially consider distributed training to alleviate
the problem. At the same time, we would still like to note that the
advantages of training a unified model that considers all KGs globally
have unique advantages that justify the additional burden on memory
footprint.

Appendix B. Training process of CA-MKGC

Algorithm 1 Pseudocode of the training process of CA-MKGC.

> Stage 1: Train the model M, on fused KG KG, with the KGC loss
and AL loss.
while M, not converged do
M, < Update w.r.t L,
M, < Update w.r.t L,
end while
> Stage 2: Iteratively include additional supervisions inferred from
new alignment predictions and further train the model.
while not converged do
T;,. < predict potential alignments with M,

filtered
T'nc

; « select alignments with greedy filter
for epoch € 1.k do
M, < Update w.r.t L, + L
M/ < Update w.r.t L,
end for
end while

filtered
inc
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