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Abstract
Knowledge graphs are typical multi-relational structures, which is consisted of many entities and relations. Nonetheless, exist-
ing knowledge graphs are still sparse and far from being complete. To refine the knowledge graphs, representation learning 
is utilized to embed entities and relations into low-dimensional spaces. Many existing knowledge graphs embedding models 
focus on learning latent features in close-world assumption but omit the changeable of each knowledge graph.In this paper, 
we propose a knowledge graph representation learning model, called Caps-OWKG, which leverages the capsule network to 
capture the both known and unknown triplets features in open-world knowledge graph. It combines the descriptive text and 
knowledge graph to get descriptive embedding and structural embedding, simultaneously. Then, the both above embeddings 
are used to calculate the probability of triplet authenticity. We verify the performance of Caps-OWKG on link prediction 
task with two common datasets FB15k-237-OWE and DBPedia50k. The experimental results are better than other baselines, 
and achieve the state-of-the-art performance.

Keywords Capsule network · Open-world knowledge graph · Link prediction · Knowledge graph completion

1 Introduction

Since Google first introduced the concept of knowledge 
graph (KG) in 2012, it has speed developed in the field of 
artificial intelligence at an extremely fast speed. Nowadays, 
research and work related to knowledge graphs have played 
a pivotal role in various fields under the direction of artificial 
intelligence. For itself, knowledge graphs are usually stored 
in triplets (head, relation, tail) which show the structure and 
relationships inside the graph. In recent years, due to the 
uncompleted and sparse, the researches on knowledge graph 
about representation learning (KGRL), relationship predic-
tion, and graph completion have attractive many scholars. 
The proposed models, such as TransE [1] , DistMult [23] and 
ComplEx [18] has achieve state-of-the-arts performance. 
Besides, some basic models leverage the capsule network 
[7] to judge the authenticity of the triplets, which can filter 
the negative triplets and improve the precision of KGs.

But, above models omit the KG structures in the reality 
world, where the knowledge graphs are dynamic and change-
able, and often need to link new entities to complete and 
update the knowledge graphs. These entities are unknown 
for existing knowledge graphs, but we also need to judge 
whether they have a relationship with other entities in the 
graph.

Hence, the traditional representation learning model in 
close-world assumption only leverage existing entities to 
complete the knowledge graph, which is hard to predict the 
relation between known and unknown entities.

For instance, there is a question “Is Beijing the capital of 
china?” To answer this question, we need to judge whether 
the triplets (Beijing, capital_of, China) are true. If Beijing 
in the triplet is not an entity in the KG, then in this case, this 
KG is defined as an open-world knowledge graph. Now, in 
this case, we will utilize the descriptive text of the entity to 
help determine the authenticity of the triplets.

Recently, several scholars try to represent the knowledge 
graph based on open-world assumption, which combines the 
descriptive text of the entity to capture the unknown entity 
features, such as ConMask [15] and OWE [13] .ConMask 
need implicit reasoning based on the context, so the evalua-
tion of link prediction depends on the length of descriptive 
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text greatly. The lack of text will cause a sharp drop in accu-
racy. In model OWE, it use the embeddings of descriptive 
text to instead the embeddings of the unseen entities directly. 
It is not well to fuse the structural embedding and descrip-
tive embedding of triplets.

In this paper, we present a model based on a capsule net-
work to solve the problem of determining triplets of open-
world knowledge graphs called Caps-OWKG. For a triplet 
(head, relation, tail), we obtain the structural embeddings of 
entities and relationships through the representation learning 
model of the knowledge graph, and the descriptive texts of 
the entities are leveraged to obtain the descriptive embed-
dings of the entities. Then we utilize the pre-trained fusion 
model to combine the structural and descriptive embeddings 
to generate get a new triplet embedding. In the end, we use 
a pre-trained capsule network to process the new triplet 
embedding representation to obtain the probability of triplet 
authenticity. With the judgment result of the triplets, we can 
use this result to complete the tasks of graph completion and 
relationship prediction.

In this paper, our contributions include:

• In our model, we propose capsule network-based model 
which leverage the context to represent the relations and 
entities in open-world knowledge graph [13] .

• The basic unit of our model is triplets. The text process-
ing and fusion processing are performed on the triplets 
and the capsule network also performs feature extraction 
and judgment on triplets. The advantage of our method 
is that the triplets can ensure better association between 
entities and relationships in the triplets during process-
ing. The processed embedding representations of the 
same entities in different triplets are also fine-tuned, so 
our model can be regarded as dynamic embedding pres-
entation and can better represent the triplets.

• Our model Caps-OWKG performs experiments on two 
common datasets FB15k-237-OWE [13] and DBPe-
dia50k [13] with other algorithms such as ConMask [15] 
, TransE-OWE [13] and DKRL [21] , and achieves state-
of-the-arts results.

The organization of this paper is shown as follow. In Sect. 2, 
we briefly introduce the related work and then introduce our 
proposed model Caps-OWKG in detail in Sect. 3. After-
wards, Sect. 4 shows the analysis of our model components 
and the results of experiments. In the end, we conclude our 
paper and make a suggestion for future work in Sect. 5.

2  Related work

2.1  Knowledge graph representation learning 
model

With the expansion of the scale of knowledge graphs, to 
adjust to large-scale knowledge graph, people have succes-
sively proposed a variety of representation learning algo-
rithms based on structural features (triplets) of knowledge 
graphs. These algorithms embed the entities and relation-
ships into a low-dimensional dense space, and then calculate 
the associations between the entities and relationships in 
the space.

The most classic method is the translation-based model 
TransE [1] proposed by Bordes et al in 2013. The model 
considers the correct triplet (head, relation, tail) must sat-
isfy h + r ≈ t (h represents the embedding of head entity, 
r represents the embedding of relation and t represents the 
embedding of tail entity), that is, the tail is obtained by the 
head through relation translation. TransE is not only simple 
and efficient, but also has good scalability. In order to over-
come the shortcomings of TransE handling 1-to-N, N-to-1 
and N-to-N relationship, TransE has been expanded by other 
models such as TransH [20] , TransR [4] and so on. TransH 
solves this problem by introducing relation-specific hyper-
planes and TransR shares the same ideas with TransH. The 
difference of them is that TransH introduces relation-specific 
space which is not hyperplanes.

In addition to the simple translation model, RESCAL [8] 
proposes the bilinear model and the score function of a tri-
plet (head, relation, tail) in it is shown as follow

in which h, t are embeddings of the entities and Mr denotes 
as a matrix associated with the relation.Yang [23] restricts 
Mr to diagonal matrices and gets new model DistMult [23] 
. Then Nickel proposes HolE [9] which can not only have 
the expression ability of RESCAL but also the efficiency 
and simplicity of DistMult. And Trouillon proposes Com-
plEx [18] which introduces complex-valued embeddings to 
expand DistMult. It can model asymmetric relations better.

Different from the topology-based model which has been 
widely studied, SME [2] uses neural network architectures to 
obtain semantic matching. For a triplet (head, relation, tail), 
it first inputs the embeddings of entities and relations in the 
input layer. Then in the hidden layer it combines the rela-
tion r with the head h to obtain gu(h, r) and with the tail t 
to obtain gv(t, r) . Finally, it calculates the dot product of 
gu and gv to get the score of the triplet. Socher proposes a 
neural network architecture model named NTN [16] which 
is different from SME. But it is not efficient to adapt to large-
scale KGs.

(1)fr(head,tail) = hTMr t
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In this paper, it is convenient for us to compare with other 
open-world KG completion models, so we choose TransE to 
process the knowledge graph.

2.2  Word embedding model

Word embedding technology converts words in natural lan-
guage into dense vectors. Similar words will have similar 
embedding representations. It is convenient for these con-
version to mine features between words and sentences in 
text. There are some classic word embedding models such 
as Word2vec [5] , Glove [10] , ELMo [11] and BERT [3] in 
recent years.

Word2vec is proposed by Mikolov [5] and its core idea is 
to obtain embedding representation of a word by the context. 
Two methods are used in the model. CBOW [5] predicts the 
center word through its nearby words and Skip-gram [5] 
predicts the nearby words though their center word. Word-
2vec uses two different optimization strategies hierarchical 
Softmax and negative sampling.

Word2vec only considers the local information of the 
word but ignores the global information. Pennington [10] 
proposes a new model Glove to deal with this problem. 
Glove uses the co-occurrence matrix to represent the local 
and global information. It constructs a word-to-word matrix 
and obtains the word representation by decomposing the 
matrix. The decomposition method is borrowed from the 
method of Latent Factor Model in the recommendation 
system.

Both Word2vec and Glove have a common problem. The 
same word has different semantics in different contexts but 
the embedding representation of this word in different con-
texts are same. ELMo proposed by Peters [11] optimizes this 
problem. ELMo has ability to learn the complicated features 
of morphology and the changes in different contexts.

There is a problem in model ELMo. The language model 
of ELMo is LSTM [17] . LSTM is unidirectional and infers 
information in order. So it cannot consider the data in other 
direction. LSTM [17] is a sequence model so the next step 
of processing cannot be calculated until the previous step is 
completed. Google proposes a model BERT [3] after ELMo. 
It uses transformer [19] to encode and considers the con-
textual features in both directions when predicting words. 
BERT shares a very similar idea with ELMo and performs 
better than ELMo.

In this paper, we choose static word embedding model 
Glove [10] . And there is a word embedding which combines 
with entity and link information in Wikipedia to get specific 
embeddings of entities. So we also choose Wikipedia2Vec 
[22] word embedding to compare with Glove.

2.3  Open‑world knowledge graph model

Different from knowledge graph representation learn-
ing model, there are only few other works on open-world 
knowledge graph. Xie proposes a model named Description-
Embodied Knowledge Representation Learning (DKRL) 
[21] . DKRL utilizes a joint training for KG embedding 
(TransE) and word embedding. It develops two different 
encoders to encode descriptive text of entity, including deep 
convolutional neural model and continuous bag-of-words. 
Shi and Weninger [15] propose a text-centric model Con-
Mask. It obtains features from entity name, descriptive text 
of entity and relation. The score of triplets is calculated by 
fully convolutional networks [14] . ConMask need implicit 
reasoning based on the context, so the evaluation of link 
prediction depends on the length of descriptive text greatly.

In contrast to DKRL and ConMask, Haseeb Shah [13] 
proposes a new joint model OWE. It trains knowledge graph 
and word embedding of descriptive text independently. It 
uses the descriptive text of the entity which is not in the 
graph instead representation learning of this entity to cal-
culate the score of the triplet. Haseeb Shah [13] produces a 
dataset FB15k-237-OWE in OWE for us to conduct open-
world KG completion experiment.

In this paper, our model compares with the above three 
models on the open-world KG task.

3  Caps‑OWKG: a capsule network model 
for open‑world knowledge graph

we introduce the structure details of our proposed model and 
the specific steps in application. We briefly introduce the 
model calculation process through the following example. 
The specifics of each process are then detailed.

Example task: Judge whether the triplet (Australia national 
soccer team, Position, Midfielder) is true.

Head entity description: “sports team that represents 
Australia”.

Tail entity description:“association football position 
played on both ends of the field”.

Probability of triplet authenticity: 0.90
We calculate the probability of whether this triplet is true. 

First, we choose a knowledge graph representation learning 
model that has been trained, and obtain embedding repre-
sentations of head(tail) entities and relations in the triplets. 
These embedding representations can reflect the structural 
characteristics of the triplets. Secondly, what we need to 
deal with is the descriptive text of the head(tail) entities. We 
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utilize a pre-trained word embedding model to process the 
words in the text, and then adjust the embedding representa-
tions again based on the relationship between entities and 
relations in the triplets.

According to the above processing flow, our model has 
the following four components:

• Knowledge graph processing component, get structural 
embedding representation.

• Text processing component, which processes the descrip-
tive text of the entities and obtains a descriptive vector 
embedding of the triplets.

• Fusion component, combines structural embedding and 
descriptive embedding.

• Capsule network component, which the fused embedding 
is processed to obtain the final triplet probability result.

Knowledge graph processing component,Text processing 
component and Fusion component are shown as Fig. 1. And 
we will introduce each part in detail.

3.1  Knowledge graph processing component

In this component, we need to process the information of 
the knowledge graph and extract some structural features 
of knowledge graph. We utilize the traditional knowledge 
graph representation learning model to get the embeddings 
of entities and relationships in knowledge graph. There are 
many traditional representation learning models, and many 
have already performed very well in tasks such as relation-
ship prediction. The embedding representation of the graph 
is the most basic part of the entire model. Other open-world 
knowledge graph models have been expanded and evolved 
based on this stage. Related models such as ConMask [15] 

and TransE-OWE [13] have chosen the classic model TransE 
[1] at this stage. The capsule network which we will use is 
also a follow-up experiment based on TransE. Therefore, 
in order to compare with other models, we also choose the 
TransE model at this stage as the representation learning 
model of the knowledge graph processing component. When 
an entity is unseen in the knowledge graph, we use zero vec-
tor to instead its structural embedding.

As for a triplet (h, r, t), we use pre-trained model TransE 
as function:

The structural embedding presentation of triplet is (hs, rs, ts).

3.2  Text processing component

In this component, we process the descriptive text of the 
entity, and finally obtain an embedding representation to 
express the descriptive characteristics of the entity. We first 
need to get embedding of the words in the text, and then 
proceed to the next processing. In this step, we choose two 
different word embedding representation models for com-
parison. They are Glove embedding [10] and Wikipedia2Vec 
embedding [22] .

In the representation step, for the entity’s name, we need 
filter whether the representations of phrases are in the model 
(thesaurus). If a phrase is not in the model (thesaurus), the 
phrase is split into words for embedding representation. 
During the representation conversion process, if a word that 
does not appear in the model (thesaurus), we use zero vec-
tor instead.

Completing the embedding replacement of each word 
in the text is only the first step, and then the relationship 

(2)fstructural((h, r, t)) = (hs, rs, ts)

t

Fusion 
Model

Mapping Function

“Entity”: Australia national 
soccer team

“Description”: “sports team that 
represents Australia.”

“Relation”: Position

Relationship 
Strengthening 
Process

Knowledge Graph

Representation 
Learning Model Capsule Network

Triplet Probability Score 

Fig. 1  Knowledge graph processing component, text processing component and fusion component of the model
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strengthening process is to express the characteristics of the 
triplets. We match the descriptive text of each entity with the 
relation embedding of the triplets. The embedding represen-
tation of the relation is determined by the relation’s name. 
The word embedding model is utilized to get the relation’s 
name embedding. The same as entity’s name, if the phrase 
of name is in the model (thesaurus), it is directly represented 
by an embedding, otherwise the relation’s name is split into 
words. Then the mean of word embeddings is used to repre-
sent the relation’s name.

where wi denotes as the embedding of the i-th word in entity, 
and re is the embedding of the relation’s name. r(wi, re) cal-
culates the correlation between the relation’s name and each 
word in the descriptive text. Then we utilize the correlation 
to get the weight ui.

where k denotes as the number of word in entity’s name 
and descriptive text. Then we add the text descriptive words 
embedding as the descriptive embedding representation of 
the entity.

This step can highlight the relationship between entities and 
relation in the triplets. This makes the descriptive embed-
ding of the same entity in different triplets. It highlight the 
specificity of the entity in different contexts.

The descriptive embedding presentation of triplet is 
(hd, rd, td).

3.3  Fusion component

In this component, we fuse the structural embedding pres-
entation hs, rs, ts of triplet and the descriptive embedding 
presentation (hd, rd, td) of triplet into a new embedding repre-
sentation (hsd, rsd, tsd) to express the triplets. This fusion pro-
cess is divided into two steps. The first step is mapping from 
structural embedding vector space to descriptive embedding 
vector space. This can avoid errors caused by different spa-
tial fusion. In the second step, after the vector space is uni-
fied, the two embedding in the same space are fused. In this 
step, we use two different fusion methods for comparison.

Mapping: We use three forms of mapping functions for 
comparison. They are as follows: 

(3)r(wi, re) =
wi ⋅ re

|wi||re|

(4)ui =
er(wi,re)

∑k

i=1
er(wi,re)

(5)vEntity =

∑k

i=1
uiwi

k

1) Proportional Function: A simple directly proportional 
function fmap(x) = A ⋅ x.

2) Linear Function: Here, fmap denotes as a linear function 
fmap(x) = C ⋅ x + D.

3) Multi-Layer Perceptron: fmap denotes as a several layer 
Multi-Layer Perceptron (MLP) with ReLU activation 
functions.

To train the mapping function, we use the structural embed-
ding presentation hs, rs, ts and the descriptive embedding 
presentation (hd, rd, td) . Finally, fmap is trained by minimiz-
ing the loss function:

using stochastic gradient descent, where n denotes as the 
amount of triplet in train set and � denotes as the parameters 
of f map.

Fusion: After the vector space mapping is completed, we 
fuse two vector tuples of the same triplet. We try to use two 
different fusion methods for comparison: 

1) Splice:  We splice two embedding directly 
hsd = (s1, s2,⋯ , sdim, d1, d2,⋯ , ddim)  ,  w h e r e 
hs = (s1, s2,⋯ , sdim) and hd = (d1, d2,⋯ , ddim).

2) Mean: Here, we calculate the mean of two embedding 
hsd =

hs+hd

2
.

The result of the final fusion becomes the final representa-
tion embedding (hsd, rsd, tsd) of the triplets.

3.4  Capsule network component

Capsule network [7] perform well in close-world knowl-
edge graph tasks. We also use similar settings here to handle 
open-world knowledge graph task. We compare and inves-
tigate whether the capsule network can perform the same 
excellent performance for open-world knowledge graph. 
For processed triplets, we take a similar approach to static 
networks.

In our Capsule network component, we follow the paper 
[13] to view each embedding triplet (hsd, rsd, tsd) as a matrix 
A = [hsd, rsd, tsd] ∈ Rk×3 , and Ai,∶ ∈ R1×3 is the i-th row in 
A. We utilize a filter � ∈ R1×3 which is processed in con-
volution layer. This filter � is processed by every row in A 
to produce a feature map q = [q1, q2,⋯ , qk] ∈ Rk , in which 
qi = g(� ⋅ Ai,∶ + b) where ⋅ denotes a dot product, g repre-
sents a non-linear activation function and b ∈ R represents a 
bias term. Generate feature maps are generated by multiple 
filters ∈ R1×3.In our model, N = |�| is the number of filters 
and � is the set of filters. So we can obtain N k−dimensional 

(6)
L(�) =

n∑

i=1

(||fmap(hdi) − hsi ||2 + ||f map(rdi ) − rsi ||2

+ ||fmap(tdi) − tsi ||2)
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feature maps, for which every feature map catches a charac-
teristic among entries at the same dimension.

We simplify the architecture by the capsule network 
which is built with two single capsule layers. We build k 
capsules and encapsulat the entries which are from the same 
dimension in all feature maps into a homologous capsule in 
1st layer. So, every capsule is able to get lots of features of 
the entries which are from the homologous dimension in a 
triplet. In 2nd layer,we generalize features into a capsule and 
obtain an output. And the length of output embedding is the 
score of the triplet.

There are k capsules in 1st capsule layer and every cap-
sule i ∈ {1, 2,⋯ , k} has an output embedding ui ∈ RN×1 . 
Weight matrices Wi ∈ Rd×N multiply output embedddings 

ui to obtain embeddings (ûi ∈ Rd×1 which are summed to 
produce an input embedding s ∈ Rd×1 for 2nd layer capsule. 
Then the capsule produces an output embedding e ∈ Rd×1 by 
the non-linear squashing function:

where squash(s) = ||s||2
1+||s||2

s

||s|| , and ci are coupling coefficients 
which are defined by the routing process. The routing pro-
cess is described in Algorithm 1 in detail. In 2nd layer there 
is only one capsule , we apply the softmax in a direction 
from all capsules in the previous layer to each of capsules in 
the next layer.

(7)e = squash(s);s =
∑

i

ciûi;ûi = Wiui

Fig. 2  Our Capsule network 
example k = 5,N = 6, d = 3

squash

CNN Layer

First Capsule Layer

Matric 

N=6
Filters 

Feature maps
5 capsules 
6 neurons

1capsules 
3 neurons

We introduce our model in Fig. 2 with the embedding 
size: k = 5 , the amount of filters: N = 6 , the amount of neu-
rons in 1st layer is equal to N, and the number of neurons 
within the capsule in 2nd layer: d = 3 . The length of the 
output embedding e is the score for the input triplet.

The score function f of the triplet (h, r, t) is shown as 
follows:

where the set of filters Ω is shared parameters in the con-
volution layer; ∗ is a convolution operator; and capsnet is a 

(8)f (h, r, t) = ||capsnet(g([(hsd, rsd, tsd)] ∗ �))||

capsule network operator. We utilize the Adam optimizer 
to train Capsule network by minimizing the loss function 
[6, 18] :

where t(h,r,t) =
{

1, if (h, r, t) ∈ E

−1, if (h, r, t) ∈ E
� , here E is a valid set 

and E′ is an invalid set. E′ is introduced by corrupting valid 
triplets in E.

(9)L =
∑

(h,r,t)∈{E∪E
�
}

log(e−t(h,r,t)⋅f (h,r,t) + 1)
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4  Experiments

To verify the effectiveness of our model, we perform experi-
ments on the common datasets for open-world knowledge 
graph task. Our model get the probability of the triplet 
authenticity, and we can use this probability to conduct 
the open-world knowledge graph link prediction task. So 
we use this experiment to compare with other open-world 
algorithms.

4.1  Datasets

For open-world knowledge graph link prediction task, the 
common datasets include DBPedia50k and FB15k-237-
OWE. DBPedia50k was introduced by Shi and Weninger 
[15].The average length of the descriptive text in DBPe-
dia50k is 454 words. There is a lot of redundancy informa-
tion in the descriptive text of this dataset. FB15k-237-OWE 
was introduced by Haseeb Shah [13] . FB15k-237-OWE is 
produced based on FB15K-237. To avoid the redundancy 
information, it filtered the descriptive text from Wikidata 
descriptions. It compressed the long text description into 
short text. The average length of the descriptive text in this 
dataset is only 5 words.

In the following experiment, we trained our model by tri-
plets in the training set, then fine-tuned on the valid set, and 
finally made predictions in the test set. A brief introduction 
of the dataset is shown in the following Table 1.

4.2  Settings

We get the parameters by training in the train set. The 
dimension of the knowledge graph pre-trained embedding 
is 200. The word embedding of descriptive text used is the 
pre-trained 200 dimension Glove embedding. The mapping 
function which we used is linear function and we used mean 
to fusion descriptive embedding and structural embedding. 
For our capsule network, the batch size is 128, the amount 
of neurons within the capsule in 2nd capsule layer is 10 
(d = 10) , and the amount of iterations m is in 1,3,5,7. We 
train capsule up to 200 epochs and record the Hits@10 score 
after each 20 training epochs to select the best hyper-param-
eters. The highest Hits@10 on the validation set are got by 
selecting m = 1,N = 500 and the initial learning rate 1e−5 at 
on DBPedia50k and m = 1,N = 250 and the initial learning 
rate 1e−5 at on FB15k-237-OWE.

Performance Measures Performance figures are com-
puted using tail prediction on the test sets: For each test 
triplet (head, relation, tail) with open-world head head ∉ E , 
we rank all known entities tail� ∈ E by their score f (h, r, t� ) . 
We then evaluate the ranks of the target entities with the 
commonly used mean rank (MR), mean reciprocal rank 
(MRR), as well as Hits@1, Hits@3, and Hits@10.

4.3  Comparison result with other models

We use our model to compare with other models, including 
DKRL [21] , ConMask [15] and TransE-OWE [13] . To get 

Table 1  The statistics of 
dataset. Eopen is the set of the 
entities which are not in KG

Dataset |E| |R| |Eopen| Number of triplets

Head Pred. Tail Pred.

Train Valid Test Valid Test

DBPedia50k 24,624 351 3,636 32,388 55 2,139 164 4,320
FB15k-237-OWE 12,324 235 2,081 242,489 1,539 13,857 9,424 22,393

Table 2  Comparison with other 
models for tail prediction

The best score denotes as bold, and the second best score denotes as underline

Model DBPedia50k FB15k-237-OWE

H@1 H@3 H@10 MRR H@1 H@3 H@10 MRR

DKRL – – 40.0 23.0 – – – –
ConMask 47.1 64.5 81.0 58.4 21.5 39.9 45.8 29.9
TransE-OWE 46.1 59.0 70.1 54.8 23.2 35.1 46.6 31.5
Caps-OWKG-200 48.3 63.6 74.9 58.8 24.4 38.1 49.8 34.3
Caps-OWKG-300 48.8 64.8  75.8 59.6 25.5  39.0 50.8 35.2
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a fair comparison, all results are test in the same test set. For 
all models, the basic knowledge graph representation learn-
ing model is TransE. In DKRL, ConMask, TransE-OWE and 
Caps-OWKG-200, word embedding used is 200 dimensional 
Glove embeddings. But in Caps-OWKG-300, we use 300 
dimension Wikipedia2Vec embeddings to be word embed-
ding of descriptive text.

The results of DKRL, ConMask are provided by Haseeb 
Shah [13] . DKRL is a two-layer CNN model that generates 
entity embeddings with entity description [21] and Baoxu 
Shi removed the structural-related features to make model 
work under open-world KGC settings [15]. ConMask uses a 
FCN over the entity names and descriptions along with the 
relation-based attention weights and the word embeddings 
in it are from the publicly available pre-trained 200 dimen-
sion Glove embeddings. And the result of TransE-OWE is 
calculated by us which use the code provided by Haseeb 
Shah [13] in Github. TransE-OWE utilizes TransE to obtain 
the structural embeddings representation of the KG and uses 
averaging as an aggregation function to obtain descriptive 
embeddings of entities.

In Table 2, we can see that our model has better results 
than others. When all models used the same word embed-
ding model, Caps-OWKG-200 has the best results in MRR 
and H@1 of two datasets. We believe that our model can 
fusion the descriptive text very well and capsule network 
in our model can extract and process the features of triplets 
again. So our model performs better than others for open-
world link prediction task. The results of the experiment 
verified that capsule networks also perform well on open-
world knowledge graph. Both our model and TransE-OWE 
are used the similar method to link the structural embed-
dings with the descriptive embeddings. Compared with 
TransE-OWE, our model optimizes the link method and 
further processes the fused embeddings of triplets. So the 
experimental results on two datasets of our model are better 
than those of TransE-OWE in the four evaluation indicators. 
In the evaluation indicators Hits@10 and Hits@3, the results 
of ConMask are very excellent. Furthermore, the result on 
dataset DBPedia50k in the evaluation indicators Hits@10 
is better than our model. It means that for prediction enti-
ties the recall of ConMask is better than our model but the 
precise is worse than ours. In our opinion, it is because of 
the fused method of entity names, relation name and entity 
descriptions. On dataset FB15k-237-OWE the results of our 
model are better than ConMask significantly. We believe that 
it is because of FB15k-237-OWE having very short descrip-
tions. ConMask generally relies on extracting information 
from the description of entities with its attention mecha-
nism, whereas our model relies more on extracting informa-
tion from the textual corpus that the word embedding were 
trained on. This enables our model to provide good results 
without relying on having long descriptions.

4.4  Analysis of different word embedding 
and effect of descriptive text

In text processing component, we choose two different 
word embedding model to process the descriptive text. We 
compare two models on dataset FB15k-237-OWE. In Fig-
ure 3 and Table 2, we can see that the performance of Caps-
OWKG-300 which used 300 dimension Wikipedia2Vec 
embedding better than Caps-OWKG-200 which used 200 
dimension Glove embedding. Wikipedia2Vec embedding 
contain phrase embedding and it can have better presenta-
tion of relation’s name than Glove. So in the relationship 
strengthening process of text processing component, Wiki-
pedia2Vec embedding can perform better than Glove.

In some cases, the descriptive text may miss or lack some 
information. Open-world models are all used descriptive text 
and so is our model. We do experiments to simulate the 
lack of text information and analyze the importance of text 
information. We randomly remove only the descriptive text 
for different percentages of chose entities (from 0% to 100% 
). The entities’ names are not removed.

In Fig.  3, we can find that as the text information 
decreases, the results of prediction continue to decline. 
It confirms the importance of the descriptive text in 
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Fig. 3  Performance when removing the entity descriptions

Table 3  Comparison of different map function with Caps-
OWKG-300 on the FB15k-237-OWE dataset

The best score denotes as bold

Map function MRR Hits@1 Hits@3 Hits@10

Proportional 32.8 24.6 37.4 47.7
MLP 35.3 25.6 38.6 50.7
Linear 35.2 25.5 39.0 50.8
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open-world model. And Glove are more affected than Wiki-
pedia2Vec. Wikipedia2Vec embedding are trained so we can 
retrieve entity embedding by the name alone.

4.5  Analysis of different mapping function 
and fusion

In the fusion component, we use three different mapping 
functions and two different fusion methods. In Table 3, we 
can see that our model uses linear mapping function per-
forms better than proportional function. The accuracy of 
linear function is 3% higher than proportional function. The 
results of Multi-Layer Perceptron and Linear function are 
very close. But training Multi-Layer Perceptron function 
need more time cost than Linear function. So considering 
the time cost and accuracy, we believe that linear function 
is more suitable than others.

In Table 4, we can find that the model uses mean method 
to fusion structural embedding and descriptive embedding 
performs better than splicing method to fusion. The accu-
racy of mean method is 3% higher than splicing method. 
It is because that when an entity is unseen in the knowl-
edge graph, splicing and mean method use zero vector to 
instead. But zero vector in splicing method can cause a big-
ger impact than it in the mean method. So, for unseen entity, 
it is available for us to use mean method to fusion two kinds 
of embedding.

4.6  Effects of routing iterations in capsule network

In this part, we analyze the impact of routing iterations on 
performance. Table 5 exhibits the Hits@10 on the FB15k-
237-OWE for a comparison with respect to each value of 
the routing iterations with N = 150 and the Adam initial 

learning rate at 1e−5 . We can find that the best performance is 
got by setting m=1. This setting is different from the setting 
in the task of image classification and m is set greater than 
1 in the image classification task.It can obtain the relative 
positions of entities in the image (such as eyes, nose and 
mouth) properly.But in knowledge graph, there are some dif-
ferent relations between the same entity couple (head entity 
and tail entity). So the setting which the number m of routing 
interations is greater than 1 may be not right for the 1-to-N, 
N-to-1 and N-to-N relations in the knowledge graphs. In our 
model, we choose m=1 to be our general setting.

5  Conclusions and future work

In this paper, a new model based on the capsule networks 
for the open-world knowledge graph task is proposed. Our 
model predicts the authenticity of triplets in knowledge 
graph. We use the probability of triplet authenticity to con-
duct the open-world knowledge graph link prediction task. It 
gets very excellent results on two common datasets FB15k-
237-OWE and DBPedia50k. In text processing component, 
we used relationship strengthening process to represent the 
descriptive embedding of triplets better. After comparing 
several mapping functions and fusion methods, we chose the 
most available function and method for our model.

The difference between our model and other methods is 
that, embedding representation of triplets can be regarded 
as dynamic embedding presentation in the application. 
In future work, an interesting direction is trying dynamic 
embedding to predict open-word knowledge graph link. To 
get better dynamic embedding of triplets, we can also use 
dynamic word embedding to instead Wikipedia2Vec used in 
our model in the future. The basic representation learning 
model we used in our model is TransE. But it is not the best 
model for representation learning. We can try other models 
to combine with capsule network in the future.
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Table 4  Comparison of different fusion method with Caps-
OWKG-300 on the FB15k-237-OWE dataset

The best score denotes as bold

Fusion method MRR Hits@1 Hits@3 Hits@10

Splice 32.5 24.5 37.1 47.4
Mean 35.2 25.5 39.0 50.8

Table 5  Hits@10 on the FB15k-237-OWE with N = 150 and the ini-
tial learning rate at 1e−5

The best score denotes as bold

m 20 40 60 80 100

1 49.03 50.02 50.55 50.81 50.80
3 47.96 49.35 49.87 50.02 50.11
5 47.00 49.30 49.03 49.12 49.16
7 41.34 43.54 43.11 43.35 43.44
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