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Knowledge graph (KG) contains a large number of real-world knowledge and has become an invaluable aid to assist the application
of artificial intelligence. Knowledge graph completion (KGC) is the task to complete the missing triple in KG database. Our goal in
this study is to enhance the performance of KGC tasks based on CNN model. To do this, we first investigated the effect of adding
multiple filters of different shapes into the pioneer model. The obscure improvement leads us to seek other approaches. Our second
proposed model, termed DP-ConvKB, which is a deep convolution-neural-network-based model, outperforms state-of-the-art
models on several metrics. Our study provides supporting evidence that, by cooperating deep pyramid network structure into
models, it can significantly improve the KGC performances.

1. Introduction

Since the development of the Semantic Web in the 1980s,
knowledge graph (KG), as a concept of knowledge base,
serves as a surrogate of the real-world information, which
focuses on describing the relationships between interlinked
entities. Based on the graph-structured data model of inte-
grating data, KG uses a triple (head entity, relation, and tail
entity) to store interlinked descriptions of entities. Thanks to
its structure-based and machine-readable attributes, the
application of KG proliferates in various domains, such as
search, analytics, and recommendation. In 2012, search
engine giant Google launched their KG [1], and by May
2020, Google KG had grown to 500 billion facts on 5 billion
entities [2]. However, information incompleteness is a prob-
lem that always exists in all KGs, including massive KGs. For
example, in Freebase and DBpedia, more than 66% of the
person entities are missing a birthplace [3, 4]. These missing
facts not only affect the KG structure itself but also would
sometimes result in inferring misleading information.
Therefore, knowledge graph completion (KGC) researchers
aim to identify missing links under the supervision of the

existing KG. The specific work scope of KGC includes
finding and mining missing entities and relationships [5],
link prediction [6], and inferring new facts [7].

The key problem of knowledge graph completion is how
to represent and model the combination of entities and rela-
tions. Data representation and representation learning are
known to play a pivotal role in the development of KGC
[8]. Embedding method is a popular data representation
technique, which generally converts the entities and relations
into low-dimensional vectors or matrixes. For example, in
TransE [9], the candidate triple ðh, r, tÞ is used for represent-
ing a valid fact, and then, the relation r corresponds to a
translation between the embeddings of the head entity h
and the tail entity t, that is, h + r ≈ t. Several succeeding
transition-based models are proposed with the basic idea of
TransE, such as TransH [10], TransD [11], TransR [12],
and TransG [13]. Among them, TransH models a relation
as a hyperplane and TransR divides the workspace into entity
space and relation space during representing the relations
and entities. In addition, a trilinear dot product has also been
applied to compute the score for each triple; DistMult [14]
and ComplEx [15] are two typical such linear models.

Hindawi
Wireless Communications and Mobile Computing
Volume 2022, Article ID 5968047, 12 pages
https://doi.org/10.1155/2022/5968047

https://orcid.org/0000-0002-5117-5869
https://orcid.org/0000-0001-9036-0672
https://orcid.org/0000-0002-7299-9891
https://orcid.org/0000-0003-0464-9862
https://orcid.org/0000-0003-4530-2996
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/5968047


KGC models can be generally divided into embedding-
based models, linear models, and neural network models.
Neural networks (NNs) have been widely used in machine
learning tasks such as pattern recognition and perception
science [16] and also gained more attention in the field of
KG recently. By cooperating with convolution algorithm,
convolutional neural networks (CNNs) are a specialized type
of NNs that have been heavily used in computer vision since
its birth. Such popularity of CNN-based applications in
computer vision is because the neural-network-based struc-
ture of CNNs can match the composition of images natively.
Since Kim proposed TextCNN in 2013 [17], CNNs have also
begun to receive numerous attentions in the field of natural
language processing (NLP), such as sentence classification
[18], sentence modeling [17], and search query retrieval
[19]. Most of these models adopt the convolution layer sim-
ilar to TextCNN to extract features in the embedding.
Inspired by computer vision, Dettmers et al. proposed the
first CNN-based model for the KGC task—ConvE [20]. Fol-
lowing ConvE, Nguyen et al. proposed the model ConvKB
[21], where the triple ðh, r, tÞ is represented as k-dimen-
sional vectors Vh, Vr , Vt , and the input matrix combines
these vectors into a k × 3 matrix. In the convolution layer,
different filters with the same shape of 1 × 3 are designed
to explore the global features among the same dimensional
units of the embedding triple ðvh, vr , vtÞ.

Although the model ConvKB has overcome the limita-
tion of ConvE and obtains better link prediction results than
the existing models on several benchmark datasets, there are
still several unsolved problems. For example, limited by the
convolution kernel of fixed size, long-distance interaction
between different positions in embedding vectors cannot
be extracted, but only shallow information from the single
convolutional layer. Therefore, multiple methods have been
proposed to solve this problem, such as CapsE [22] and
ConvR [23]. In this paper, we applied a deep pyramid con-
volutional network structure with the original ConvKB
model and designed a new model named deep pyramid
ConvKB (DP-ConvKB).

We summarize the main contribution of our work as
follows.

To improve KGC task performance, we first attempted it
with a tentative model by introducing multiple complex
filters to the ConvKB, hereafter referred to as multifilter
ConvKB (MF-ConvKB). Compared to other existing CNN-
based models, including ConvKB, experiment results on
two benchmark datasets, FB15k-237 and WN18RR, showed
that MF-ConvKB could only bring about mild improvements
on some specific metrics. However, it motivated us to seek
for other possible model structures which might potentially
help to overcome the limit of improvement. We found that
by incorporating a deep pyramid network structure into
ConvKB, the new-designed model DP-ConvKB could signif-
icantly improve the KGC performances on several metrics.

2. Related Work

2.1. Embedding-Based Model. Embedding-based TransE was
the first model using transseries methods for modeling

multirelational data [9]. Inspired by the Word2Vec Skip-
gram model, the TransE maps the relationship in the tri-
ple to the translations in latent feature space, denoted as
h + r ≈ t. However, the TransE model can only work well
on the instances with one-to-one relation due to its lower
parameter complexity and fails to deal with complex rela-
tions, such as one-to-more, more-to-one, and more-to-
more. To enhance the scope ability and the efficiency of the
score function of the previous models, TransH [10] is
proposed to model the complex relations as a hyperplane
together with a translation operation on it; however, this
model still lacks of adaptation to scenarios with multirela-
tions. TransD [11] and TransR/CTransR [12] represent enti-
ties and relations in separate spaces and project each entity
with a relation-specific matrix. Unlike TransR, STransE
[24] and TranSparse [25] tie the head and tail entities
together with their own projection matrices. In addition,
PTransE [26] and PTransR [27] take the relation path
information into consideration when representing the triple
ðh, r, tÞ. Recently, aiming at expanding the embedding
space, embedding-based models like RotatE [28] continue
to play a big role in the KGC task field.

2.2. Linear Model. RESCAL [29] is a typical bilinear model
obtaining the underlying semantics information of the
representation of the entity, but this model is prone to over-
fitting because of the large amounts of parameters. DistMult
[14] can be considered as a special case of RESCAL, in which
DistMult represents each relation as a diagonal matrix rather
than a full matrix to avoid overfitting. ComplEx [15] and
SimplE [30] can be viewed as direct extensions of the Dis-
tMult, in which ComplEx applies the complex domain to
handle a variety of binary relations, and in SimplE, the sub-
ject and object embeddings for the same entity are learned
dependently.

2.3. Neural Network Model. ConvE [20] and ConvKB [21]
both are CNN-based models, and ConvE is the first model
with CNNs applied for the KGC task. In ConvE, various
filters with the fixed shape are operated over the input
matrix—reshaping and concatenating of the head entity
and relation embeddings. The design of the input is straight-
forward and one sided, which ignores the global information
among the same dimensional position of the representation
of the whole triple. ConvKB was proposed to deal with the
problem from ConvE, replacing the reshaping operation
with a convolution layer over the embedding triple ðh, r, tÞ.
CapsE [22] applies the capsule network for the KGC task
by adding a capsule network layer instead of the convolution
layer at the base of the ConvKB. SACN [31] and R-GCN
[32] are graph convolutional network- (GCN-) based
models, and DOLORES [33] introduces long short-term
memory (LSTM) to KGC tasks. In addition, KBGAT [34],
GAATs [35], ConvR [23], and CoPER-ConvE [36] are
effective methods which are proposed in recent years.
Collectively, incorporating NNs has surfaced to become the
mainstream way to solve the problem of the incomplete
knowledge graph. Table 1 illustrates the score function and
the optimization methods of each related work.
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Deep CNNs are commonly used to extract depth fea-
tures from images, and a number of powerful models have
emerged, such as LeNet [37], AlexNet [38], ResNet [39],
and Google Inception Net [40]. Inspired by ResNet, Johnson
and Zhang proposed a low-complexity word-level deep
convolutional neural network architecture for text categori-
zation—DPCNN [41]. In this paper, we proposed a novel
neural network model, namely, DP-ConvKB, which takes
the advantage of deep convolution structure, to improve
the performance of KGC.

3. The Construction of Proposed Models

As we mentioned above, we attempted two different
approaches to improve the KGC task performances by
ConvKB. In the first model, MF-ConvKB, we incorporated
multiple filters of different shapes into ConvKB. In the sec-
ond model, DP-ConvKB, we utilized a deep pyramid convo-
lutional network to improve the KGC task performance. In
this section, we present the procedures for constructing
these two models.

3.1. MF-ConvKB. An incomplete KG ζ collects the facts in
the form of ðh, r, tÞ, with h, t ∈E, r ∈R, where E and R

denote the sets of entities and relations, respectively. Each
triple is represented as a unique embedding group ðvh, vr ,
vtÞ collecting with K-dimensional vectors, and all these vec-
tors are concatenated into a matrix A ∈ℝk×3 and Ai ∈ℝ1×3

represents the i-th row of A. For example, a filter ω ∈ℝh×3

is applied to the window consisting from Ai to Ai+h−1 to
generate a feature ci, which is defined as follows:

ci = g ω∙Ai:i+h−1 + bð Þ, ð1Þ

where b ∈ℝ is a bias term and g is a nonlinear function such
as rectified linear unit (ReLU), and we use c = ½c1, c2,⋯,
ck−h+1� to form the feature map of this filter.

Different from the ConvKB that only uses filters of a
single shape, our model involves multiple shapes of filters
to generate the transitional features from the pretrained
embeddings. As shown in Figure 1, multiple filters are
designed to capture features from long or short distances.
We used N = ½N1,N2,N3� to denote the number of filters
of three different shapes, which are 1 × 3, 2 × 3, and 3 × 3,
so the original model ConvKB can be viewed as a special
case of MF-ConvKB with N2 =N3 = 0. After convolution,
all ∑3

i=1Ni feature maps are concatenated into a vector V .
Then, the score for the triple ðh, r, tÞ is calculated by a dot

product between V and w, where w ∈ℝ∑3
i=1Ni×1 is a weight

vector, and the score function f is defined as in

Vi = concat g vh ; vr ; vt½ � ∗Ωið Þð Þ, ð2Þ

f h, r, tð Þ = concat V1, V2, V3ð Þ ·w, ð3Þ

where Ωi denotes the set of filters of the i-th shape, Vi is the
feature map generated from the set of filters of the i-th

Table 1: The score function and the optimization methods of each related work. In these models, the entities and relations are represented
by vectors h, r, t. And in the CNN-based model, g denotes a nonlinear function, ∗ denotes a convolution operator, · denotes a dot product,
and Ω denotes a set of filters.

Category Model Score function Opt.

Embedding-based model

TransE h + r − tk k1/2 SGD

TransH h⊥ + r − t⊥k k1/2; h⊥ = h −w⊤
r twr ; t⊥ = t −w⊤

r twr SGD

TransD h⊥ + r − t⊥k k1/2; h⊥ =Mrh, t⊥ =Mrt; Mr ∈ℝk×d AdaDelta

TransR h⊥ + r − t⊥k k1/2; h⊥ =M1
r h; t⊥ =M2

r t; M
1
r =wrw

⊤
h + I; M2

r =wrw
⊤
t + I SGD

STransE Wr,1h + r −Wr,2t
�� ��

1/2; Wr,1,Wr,1 ∈ℝk×k SGD

TranSparse h⊥ + r − t⊥k k1/2; h⊥ =M1
r θ1r
� �

h; t⊥ =M2
r θ2r
� �

t SGD

Linear model

RESCAL h⊤r Mrt; Mr ∈ℝd×d SGD

DistMult h⊤r Mrt; Mr = diag rð Þ ; r ∈ℝd AdaDelta

ComplEx
Re h⊤ diag rð Þ�t� �

Re :ð Þ: the real part of a complex value
 �t : the conjugate of t

AdaDelta

SimplE

1
2 h ⊙ r · t + t ⊙ r−1 · h
� �

⊙ represents Hadamardmultiplication
·represents dot product

AdaDelta

Neural network model

ConvE g vec g concat �h ;�r
� �

∗Ω
� �� �

W
� �

∙t Adam

ConvKB concat g h ; r ; t½ � ∗Ωð Þð Þ∙w Adam

CapsE capsnet g h ; r ; t½ � ∗Ωð Þð Þk k Adam

3Wireless Communications and Mobile Computing



shape, ∗ denotes a convolution operator, and · denotes a dot
product.

3.2. DP-ConvKB. Compared to the tentative MF-ConvKB
model, we implemented a completely different approach to
extract features in DP-ConvKB. Instead of adding a variety
of filters, we took advantage of the deep residual technique
[39] and built another module of deep residual learning in
addition to the pioneer ConvKB model. In this way, more
features in a long distance can be taken into consideration.
DP-ConvKB takes its name from referring its structure to
deep pyramid (DP) CNNs [41]. As shown in Figure 2, the
design of DP-ConvKB consists of two modules in general.

3.2.1. ConvKB Module. The left module is from the original
ConvKB, where TransE model is used to initialize the input
entities and relations. In order to keep the maximum poten-
tial of the transitional features in the transition-based model,
we only applied the filter w ∈ℝ1×3 to exploit the global rela-
tionships among the same dimensional entries of the embed-
ding triple. The feature map VConvKB is defined as

VConvKB h, r, tð Þ = concat g vh ; vr ; vt½ �ð Þ ∗Ωð Þ, ð4Þ

in which Ω denotes the set of filters and ∗ denotes a convo-
lution operator. The output of the final feature map from
this module is fed into the right module as the initial layer
of region embedding.

3.2.2. Deep Residual Learning Module. In the deep residual
learning module, the initial region embedding is followed
by two convolutional layers, an activation layer, and a short-
cut connection. This module with shortcut connection can
be represented as f ðxÞ + x, where f denotes the skipped

layers of feedforward neural networks and x is the shortcut
connection as proposed in ResNet [39]. A similar structure
has also been applied in DPCNN for text categorization
[41]. This design of the shortcut connection can effectively
avoid the vanishing gradient problem when training the
deep NNs. ReLU was chosen as the activation layer, which
corresponds to the design of the feature map.

In this paper, we focused more on the global information
among the same dimension between long distances, but
different from the semantic features among a long sentence;
in the KGC task, the input matrix is only composed of the
embeddings of entities and relations, without the semantic
characters between different dimensions. In order to capture
the features with a relatively long distance, we used the
kernel size of 2 for convolution, as shown in Figure 2.

After the first shortcut connect, another circulation
block is added, and it consists of a pooling layer, two convo-
lution layers, and a shortcut connection, in which the convo-
lution operation is defined as gðxÞ ∗Ω + b, where gðxÞ is for
ReLU and Ω is the filter initialized by a normal distribution.
At the beginning of this submodule, we performed max-
pooling with size 2 and stride 2: the pooling layer chooses
the maximum over 2 contiguous internal vectors and the
2-stride pooling window reduces the size of the input feature
map by half. After this, output from each pooling layer is
collected, arranged in the form of a “pyramid,” and this is
where DP takes its name.

For the shortcut connection f ðxÞ + x, both f ðxÞ and x
require the same dimensionality so that they can be summed
up. To avoid the extra dimension matching operation, in the
DP structure, we unified the convolutional layers with the
same number of filters to obtain N∗ feature maps for each
convolution layer. In DP-ConvKB, we set N∗ =N , where N
is the number of filters used in ConvKB (the right module);

Convolution

Matrix 5×3

ReLU

3 filters: 1×3,
2×3, 3×3

Feature maps
for each filter

Concatenate
feature maps Score

Dot product

K = 5

h r t

Figure 1: Illustration of the MF-ConvKB model framework.
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the value of region embedding is the same as VConvKB. After
the circulation block, the score function of the model can be
written as follows:

f DP−ConvKB =VC ·W, ð5Þ

where VC is the output of the final convolution layer and W
is a weight vector.

4. Experiment Setup

4.1. Dataset. We evaluated MF-ConvKB and DP-ConvKB
models on two benchmark datasets: WN18RR and FB15k-
237, which are the subsets of the datasets WN18 and
FB15k, respectively. This is because WN18 and FB15k con-
tain highly redundant relations, as mentioned in studies
[42, 43]; these highly redundant relations could lead to inac-
curate test results. One example of redundant relations is
when a triple and its inverse triple exist in the test set and

training set, respectively. This would make the original
triple easily retrievable which leads to an overly good
result and jeopardize the model’s generalization. WN18RR
and FB15k-237 are two datasets intentionally designed to
remove triples with such inverse relation. Statistics of the
two benchmark datasets are given in Table 2.

The relations from the two datasets can be generally clas-
sified into 4 categories: 1 − to − 1, 1 − to −M, M − to − 1,
and M − to −M, with M for MANY. According to [9], 1 −
to − 1 denotes one head can appear with one tail entity at
most, and 1 − to −M denotes one head can appear with
more than one tail. Similarly, M − to − 1 denotes more than
one head can appear with the same tail, and M − to −M: is
for the case that multiple heads map to multiple tails. We
found that 0.9% of the relations on FB15k-237 is 1 − to − 1
type, and for 1 − to −M, M − to − 1, and M − to −M type,
the portion is 6.3%, 20.5%, and 72.3%, respectively. Regard-
ing the WIN18RR dataset, there are 11 relations, among
which, also_see, similar_to, verb_group, and derivationally_

Convolution
ReLU

Matrix 4×3 3 filters 1×3
3 feature maps
are concatenated

K = 4

h r t

Score

2 Conv

2 Conv

2 Conv

ReLU

2 Conv

ReLU

ReLU

Pooling, /2

Region embedding

Figure 2: Illustration of the DP-ConvKB model framework.

Table 2: Statistics of the experimental datasets used in this study. #Entity is the number of entities, #Rel is the number of relation types, and
#Train, #Valid, and #Test are the numbers of triples in the training, validation, and test sets, respectively.

Dataset #Entity #Rel #Train #Valid #Test

WN18RR 40943 11 86835 3034 3134

FB15k-237 14541 237 272115 17535 20466
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related_form can be classified into M − to −M relation, and
member_meronym and hypernym are 1 − to −M and M −
to − 1 relation, respectively. Moreover, there are 1251 triples
containing the relation hypernym and 1074 triples contain-
ing the relation derivationally_related_form, which in total
accounts for about 75% of 3134 test triples in the test set.
Figure 3 shows the percentage of each relation in both test
and training sets.

4.2. Design of Loss Function. The loss function was mini-
mized as follows:

L = 〠
h,r,tð Þ∈ς∪ς′

log 1 + exp l h,r,tð Þ · f DP−ConvKB h, r, tð Þ
� �� �

+ λ

2 wk k22,

in which, l h,r,tð Þ =
1 for h, r, tð Þ ∈ ς,
−1 for h, r, tð Þ ∈ ς′,

(

ð6Þ

where ς is the train set collection of valid triples, while ς′ is a
collection of invalid triples generated by corrupting a valid
triple ðh, r, tÞ ∈ ς by replacing the head entity or the tail
entity with other entities in E. According to Bernoulli trick
[4], the new invalid triples ðh′, r, tÞ and ðh, r, t ′Þ occur with
the probability ηh/ðηh + ηtÞ and ηt/ðηh + ηtÞ, respectively. For
a certain relation r, ηh denotes the average number of head
entities per tail entity, and ηt denotes the average number

of tail entities per head entity. f DP−ConvKB is the score func-
tion as in (5), and ðλ/2Þkwk22 is the L2 regularization on w.

4.3. Evaluation Protocol. The object of this study is to predict
the missing entity in a triple, i.e., predicting the head entity
with given ðr, tÞ or predicting the tail entity with given
ðh, rÞ. To evaluate our proposed models’ performance, we
focused on ranking the scores of candidate entities from the
dataset. We employed three commonly used evaluation met-
rics in the previous study: mean rank (MR), mean reciprocal
rank (MRR), and Hits@10. MR denotes the mean rank of all
test triples as calculated in (7). It evaluates whether all of the
ground-truth relevant items selected by the model are ranked
higher or not.

MeanRank = 1
N
〠
N

i=1
ranki: ð7Þ

MRR is calculated by taking the mean of the reciprocal
rank for each query of the test triples as in (8), and it only
cares about the single highest-ranked relevant item.

MeanReciprocal Rank = 1
N
〠
N

i=1

1
ran ki

: ð8Þ

Hits@k is the proportion of the rank that is lower than or
equal to k, with k usually set to 10 in the link prediction task.
Either lower MR, higher MRR, or higher Hits@k indicates a
better result of the task. Note that, according to the work of

Similar_to

Member_of_domain_usage

Member_of_domain_region

Verb_group

Also_see

Synset_domain_topic_of

Instance_hypernym

Has_part

Member_meronym

Derivationally_related_form

Hypernym

0 5 10 15 20 25 30 35 40

Triple distribution (%) in WN18RR

Re
la

tio
n

Training

Test

Figure 3: Distribution of both training and test set in WN18RR based on relations.
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TransE [9], we had to remove the corrupt triples that already
exist in the datasets when ranking the test triples.

4.4. Implementation Details. Prior to the model training, the
entities and relation embeddings were first preprocessed by
the embeddings produced from TransE. We then applied
stochastic gradient descent (SGD) algorithm with 3000
epochs on WN18RR and FB15k-237 to train the TransE
model parameters. We adopted grid search algorithm on
the validation set, in order to optimize parameters, including
the dimensionality of the word embedding, the margin
hyperparameter, and the SGD learning rate. We fixed the
batch size = 256 in our objective function. Our experiment
showed that, for MF-ConvKB, the highest Hits@10 can be
obtained when k = 50, r = 5, and η = 5e−4 on WN18RR and
k = 100, r = 1, and η = 5e−4 on FB15k-237; for DP-ConvKB,
these optimized parameters were k = 100, r = 1, and η = 5e−4
for both datasets.

We used the Adam optimizer to train both MF-ConvKB
and DP-ConvKB. For training MF-ConvKB, we set the
initial learning rate of Adam [44] at η ∈ f1e−3, 1e−4, 5e−5,
5e−6g, and set the L2-regularizer λ at 0.001 to avoid over-
fitting. After convolution, we chose ReLU as the activation
function. We designed the filters with the shape of 1 × 3,
2 × 3, and 3 × 3. Each filter was initialized by a truncated
normal distribution. The highest Hits@10 scores were
obtained when using N = ½500,500,500�, k = 50, and η = 1e−4
on WN18RR and N = ½100,40,20�, k = 100, and η = 5e−6 on
FB15k-237. For training DP-ConvKB, we set the initial
learning rate of Adam at η ∈ f1e−5, 1e−6, 1e−7, 5e−8g and set
the L2-regularizer λ at 0.001. To get the feature map for deep
convolution, we initialized the original filter by a truncated
normal distribution, and we fixed its shape at 1 × 3. In the
deep NN part, convolutional filters were initialized by a nor-
mal distribution. The highest Hits@10 scores were obtained
when using N = 200, k = 100, and η = 5e−8 on WN18RR
and N = 100, k = 100, and η = 1e−7 on FB15k-237.

4.5. Main Results. Table 3 shows the link prediction compar-
ison results between our two models and the state-of-the-art
models.

From Table 3, it is clear that the proposed model DP-
ConvKB significantly outperformed all other models listed,

including the original ConvKB (baseline model, hereafter).
Specifically, on dataset WN18RR, DP-ConvKB obtains
significant improvements of 0:703 − 0:251 = 0:452 in MRR
and 73:1% − 52:9% = 20:2% absolute improvement in
Hits@10. On dataset FB15k-237, these improvements were
0.327 in MRR and 22.3% in Hits@10.

As shown in Table 3, we also noticed that the tentative
model MF-ConvKB performed just slightly better than the
baseline model on all metrics on WN18RR and even
obtained a less score of MRR and Hits@10 on FB15k-237.
However, it could achieve lower MR than the baseline model
on both datasets. The shape of the convolutional filter is
known to play a pivotal role in extracting features in fields
like image processing [45], speech recognition [46], and
sentence classification [47]. However, its effect in the link
prediction task is not well understood. To investigate, we
embedded convolutional filters with different shapes into
MF-ConvKB and test model performances on link predic-
tion tasks. Results are shown in Table 4: the first row with
a single 1 × 3 filter represents the baseline model, and start-
ing from the second row, we replaced the filter with different
shapes and the final row was from MF-ConvKB. These
results suggested that, in general, replacing the single filter
in the baseline model with different shapes did not bring
substantial improvements and combing multiple different
filters can ameliorate performance on MR but failed on
MRR and Hits@10 necessarily. Specifically, MF-ConvKB
with a variety of filters can have better performances on
WN18RR but not necessarily on FB15k-237. Taken together,
these results indicate that combining filters of different
shapes may not be the most efficient strategy for link
prediction task performance improvement. Therefore, we
sought other possible structures, e.g., deep NN in our pro-
posed model DP-ConvKB, to improve link prediction task
performance.

Figure 4 shows a result comparison between our pro-
posed DP-ConvKB model and baseline model, tested on
MRR and Hits@10 scores of different relations on dataset
FB15k-237. Results of predicting head and tail entities are
separately displayed. It is clear that DP-ConvKB improves
baseline performances on all relations. Specifically, M − 1
achieves the highest scores, followed by M −M, 1 − 1, and
1 −M ranking last. Moreover, DP-ConvKB shows more

Table 3: Comparison results of link prediction task on WN18RR and FB15k-237 test sets. Hits@10 is reported in %.

Method
WN18RR FB15k-237

MR MRR Hits@10 MR MRR Hits@10

TransE 3384 0.226 50.1 347 0.294 46.4

DistMult 5110 0.425 49.1 254 0.241 41.9

ComplEx 5261 0.444 50.7 339 0.247 42.8

ConvE 4187 0.433 51.5 244 0.325 50.1

ConvKB 1711 0.251 52.9 246 0.407 52.7

CapsE 719 0.415 56.0 303 0.523 59.3

RotatE 3340 0.476 57.1 177 0.338 53.3

MF-ConvKB 1273 0.261 56.1 207 0.307 48.2

DP-ConvKB 139 0.703 73.1 101 0.734 75.0
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robust performances when predicting head and tail on 1 −M
and M − 1 relations, while the performances from the base-
line model fluctuate in these cases (from 0.37 to 0.084 and
0.46 to 0.72 on MRR).

Performance comparisons for all relations on dataset
WN18RR between DP-ConvKB and baseline model are
shown in Figure 5. In general, our proposed model DP-
ConvKB outperforms the baseline model in all considered
relations on both Hits@10 and MRR metrics. Strikingly,
when evaluated by MRR score, model performance is
completely boosted by DP-ConvKB by more than 2 times.

Particularly, performances on M −M relations of Verb_
group and similar_to reach the highest scores on MRR.
On WN18RR, we also tested the model’s performances
in predicting heads and tails. Figure 6 depicts the perfor-
mance of DP-ConvKB in predicting head and tail tasks
with the metrics of MRR and Hits@10 on the dataset
WN18RR. We can see that the scores of predicting head
and tail on almost every relation category are very close.
As a comparison, the baseline model has a relatively large
gap in predicting head and tail tasks which can be found
in Figure 4. Results shown in Figure 6 demonstrate the
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Figure 4: Performance of (a) MRR and (b) Hits@10 on FB15k-237 from DP-ConvKB and baseline model. A1 and B1 are the results of
predicting head task, while A2 and B2 are the results of predicting tail task. Results are depicted in 4 categories of relations, which are 1
− 1, 1 −M, M − 1, and M −M.

Table 4: Link prediction results of different designed filters on WN18RR and FB15k-237 test sets.

Filter shape
WN18RR FB15k-237

MR MRR Hits@10 MR MRR Hits@10

1 × 3 (baseline) 1711 0.251 52.9 246 0.407 52.7

2 × 3 1614 0.258 54.9 260 0.417 52.6

3 × 3 1547 0.251 54.9 277 0.424 52.6

2 × 3, 3 × 3 1480 0.256 55.0 296 0.400 50.8

1 × 3, 2 × 3, 3 × 3 (MF-ConvKB) 1273 0.261 56.1 207 0.307 48.2
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dataset WN18RR.

9Wireless Communications and Mobile Computing



83.3

53.8

100

78.6

77.2

73.8

62.8

48.2

97.3

60.2

83.3

69.2

100

82.1

75.4

68.9

69.2

55.7

98

51.7

Also_see

Derivationally_related_form

Has_part

Hypernym

Instance_hypernym

Member_meronym

Member_of_domain_region

Member_of_domain_usage

Synset_domain_topic_of

Verb_group

0 25 50 75 100

Re
la

tio
n

(a)

Head

Tail

0.83

0.54

1

0.77

0.76

0.7

0.63

0.48

0.97

0.52

0.83

0.57

1

0.78

0.75

0.69

0.64

0.5

0.97

0.49

Also_see

Derivationally_related_form

Has_part

Hypernym

Instance_hypernym

Member_meronym

Member_of_domain_region

Member_of_domain_usage

Synset_domain_topic_of

Verb_group

0.00 0.25 0.50 0.75 1.00

Re
la

tio
n

(b)
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ability of minimizing discrepancies in predicting head and
tail when using DP-ConvKB.

Taken together, the overall experimental results show
that the deep CNN-based model DP-ConvKB can effectively
sum up the global features beyond distance and obtain the
best performance for both the head prediction task and tail
prediction task.

5. Conclusion

In this paper, we proposed a CNN-based model, DP-
ConvKB, to improve the performance of the knowledge
graph completion task. We first showed that simply adding
a variety of filters into the pioneer model ConvKB might
not be in the right direction to enhance its performance.
We then designed a new model, DP-ConvKB, which cooper-
ates a deep pyramid neural network into ConvKB; therefore,
it is capable of exploring the deep features. Our results on
datasets WN18RR and FB15k-237 show that DP-ConvKB
outperforms the baseline model (ConvKB). DP-ConvKB
obtains the best mean rank and the highest mean reciprocal
rank and Hits@10. To sum up, our study demonstrates that,
by implementing such deep convolutional network structure
into models for KGC tasks, it can significantly improve the
performances.

Although DP-ConvKB has achieved great improvement
on the link prediction task, however, it involves more com-
putational complexity and is difficult to find the optimized
hyperparameters in the training process. In future work,
we plan to prune the deep neural networks to minimize
the training time and generalize our structure to other
NLP tasks.
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