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An inductive knowledge graph 
embedding via combination 
of subgraph and type information
Hongbo Liu 1*, Yue Chen 1, Peng He 2, Chao Zhang 1, Hao Wu 1 & Jiange Zhang 1

Conventional knowledge graph representation learn the representation of entities and relations by 
projecting triples in the knowledge graph to a continuous vector space. The vector representation 
increases the precision of link prediction and the efficiency of downstream tasks. However, these 
methods cannot process previously unseen entities during the knowledge graph evolution. In other 
words, the model trained on the source knowledge graph cannot be applied to the target knowledge 
graph containing new unseen entities. Recently, a few subgraph-based link prediction models 
obtained the inductive ability, but they all neglect semantic information. In this work, we propose an 
inductive representation learning model TGraiL which considers not only the topological structure but 
also semantic information. First, distance in the subgraph is used to encode the node’s topological 
structure. Second, the projection matrix is used to encode the entity type information. Finally, both 
kinds of information are fused for training to acquire the ultimate vector representation of entities. 
The experimental results indicate that the model’s performance has been significantly improved 
compared to the existing baseline models, demonstrating the method’s effectiveness and superiority.

A Knowledge Graph (KG) organizes and stores knowledge in the real world through multi-relationship-directed 
graphs, where nodes represent names of people, things, places and other entities, and edges represent relations 
between entities1,2 such as belonging and other attributes. Knowledge graph can also be seen as a collection of 
facts composed of triples (h, r, t). For instance, in the triple (Bill Gates, founder, Microsoft), Bill Gates and Microsoft 
serve as the head and tail entity respectively, and founder serves as the semantic relation between them.

With the gradual evolution of artificial intelligence from perceptual intelligence to cognitive intelligence in 
recent years.KGs are playing an increasingly important role in many domains, such as information retrieval3, 
question-answering systems4 and recommendation systems5. KGs have incompleteness because of two aspects. 
On the one hand, due to the incompleteness of people’s cognition of the real world and the limitations of data 
extraction algorithms, existing large-scale knowledge graphs often fail to capture and define all entities and rela-
tions. On the other hand, the knowledge graphs are ever-evolving, with new entities emerging every moment. Shi 
and Weninger6 performed a statistical analysis of DBpedia from late 2015 to early 2016 and found that about 200 
new entities emerged daily. The common knowledge graph completion methods are embedding-based methods, 
such as TransE7, Complex8, and Rotate9, which learn the embeddings of entities and relations from the known 
triples and then predict the missing entities or relations.

Unseen entities refer to the entities that are not included in the training set, but emerge in the testing set. In 
Fig. 1, the entities in Fig. 1a and b are the same, the entities in Fig. 1c are all unseen entities (different from those 
in Fig. 1a,b). Meanwhile, the relationships between the entities are the same in Fig. 1a–c. We learn the graph 
structure and the semantic information in Fig. 1a, and then apply the model to Fig. 1c to predict the relation-
ship between the unseen entities. As shown in Fig. 1a, we can obtain the representations of entities Henry and 
Helen through training, and the representation contains the latent information that Henry is the husband of 
Helen. So the representations can be used to infer the missing relation between them in Fig. 1b. However, the 
entities in Fig. 1c are all unseen in Fig. 1a, we cannot get the representations of these entities through training, 
so the conventional embedding methods cannot predict the missing relation in Fig. 1c. The way to obtain the 
corresponding representation of novel entities is to retrain the whole knowledge graph containing unseen enti-
ties. However, retraining frequently is extremely space-consuming and time-consuming. So a solution avoiding 
costly retraining is desirable.

An approach that does not need retraining and can be used for unseen entities is to adopt rules, such as ∃ α ( α , 
Father of, β ) ∧ ( β,Son of, γ ) → ( α , Husband of, γ ). Rules can capture entity-independent semantic information 
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and be directly applied to new entities10. However, most rule mining methods are implemented based on path 
traversal, and the number of rules is exponentially related to the scale of the knowledge graph. Meanwhile, 
rules are more dependent on graph structure other than semantics, so their expressiveness is lower than that of 
representation learning. Another research for unseen entity representation learning is to use external resources 
(such as entity description and category information). These approaches benefit inductive learning. But addi-
tional computation on massive resources is required, and this process is time-consuming and not always feasible.

Inspired by the generalization of Graph Neural Networks (GNN)11,12, some methods for inductive link predic-
tion have emerged, such as GraiL13 and its related methods. The task of inductive link prediction in these methods 
is more challenging since it aims at predicting missing links between entities in knowledge graph, where the 
entities during training and inference can be different.These methods first extract subgraphs from the knowledge 
graph, then use the topological structure information among entities and relations in the subgraphs to predict 
missing relations and achieve good results. However, these methods only consider the topological structure and 
ignore the semantic information of entities in the subgraph.

The type of entity is one kind of semantic information. Most knowledge graphs possess entity-type informa-
tion, and some types are constructed with hierarchical structures, in which different granularities of semantic 
concepts are considered sub-types in different layers. Xie et al.14 propose that the relation between two entities 
is constrained by the types of entities. For a triple (Helen Mirren, graduated from, Harvard University), its head 
entity should belong to the category person, and the tail entity should belong to the category educational institu-
tion. Motivated by the phenomenon, we propose to model the type information of entities and learn semantic 
information from entity-type, and integrate the structure and semantics to learn the inductive representation.

In this study, we propose a novel inductive representation method TGrail, which improves the generalization 
ability of representation learning by incorporating category information and structured information based on 
the subgraph.

The following is a list of this paper’s main contributions:

Figure 1.   An example of relation prediction.
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•	 Introducing TGrail, a novel integrated inductive knowledge graph embedding model. This model integrates 
the topological information from subgraph and the semantic information from entity-type, the combination 
of these two kinds of information enhances the generalization of knowledge graph embedding.

•	 Introducing an entity hierarchical type information coding method, which addresses the different roles of 
different hierarchical types by increasing the weight of abstract types and decreasing the weight of concrete 
types.

•	 Our model outperforms all baseline approaches by evaluating TGrail and several previously benchmark 
models on two datasets FB15K-237, WN18RR.

Related work
Transductive embedding models
Knowledge Graph Embedding(KGE) methods aim to learn the distributed representation of the entities and 
relations by projecting the elements in the knowledge graph to a continuous vector space. In other words, KGE 
can convert the symbolic representation of knowledge into a numerical representation while maintaining the 
knowledge graph’s internal structure and semantic information15. Such embeddings can improve the calculation 
efficiency of complex semantic associations between entities and relations, which is significant for construct-
ing, reasoning, and applying knowledge base. Moreover, it has been extensively applied in tasks such as relation 
extraction, question-answering, and recommendation systems.

The typical knowledge graph embedding models based on facts alone are the translational distance and ten-
sor decomposition models. TransE7, TransD16, TransR17 and other translational distance models evaluate the 
rationality of a triplet by modeling the relation into the translation operation between entities in vector space. 
Tensor decomposition models consider the knowledge graph a third-order tensor, where the head entities, tail 
entities, and relations index the mode-1, mode-2, and mode-3 vectors of the tensor, respectively, and the values 
of each tensor element are used to indicate whether the corresponding fact triples hold. Examples of such models 
include RESCAL18, DistMult19, ComplEx8.

In addition to relying on the triplet information alone, some models use additional information to improve 
the accuracy of the representation. Type information is one kind of additional information. Hierarchical-type 
information found in entities is frequently constructed artificially. It contains rich semantic information and 
can be regarded as more accurate prior knowledge. So it is important for the learning of representations in the 
knowledge graph.

Meanwhile, the type information is generalized rather than specific for a certain entity. Introducing hierar-
chical type into the relation prediction task can improve the accuracy of relation prediction, especially for some 
entities with fewer training samples. For instance, the relation place of birth generally connects two distinct types 
of entities. The categories of head and tail entities correspond to the personality and location type, respectively. 
Several models are proposed to add type information of entities to existing embedding models. For instance, the 
TKRL14 model adds explicit entity types to TransE. JOIE20 model represents the knowledge graph as an ontology 
view (i.e., type information) and instance view (i.e., entity information) and encodes these two views jointly. 
TaRP21 model encoded type information and instance-level information as prior probabilities and likelihoods 
of relations, respectively, and combined them with Bayes’rule.

The above transductive embedding models learn their vector representations by updating the initial random 
vectors of entities and relations. In contrast, the new entities of the target knowledge graph have no initial vectors 
or training process. They cannot be inferred by any other entities3. Therefore, the transductive embedding-based 
representation cannot solve the problem of new emerging entities’ representation in the knowledge graph.

Inductive embedding models
Several kinds of inductive embedding models are proposed to solve the problem of new emerging entity repre-
sentation, such as graph neural network-based, subgraph-based, description information-based and rule-based 
approaches.

Textual description information‑based methods
Entity descriptions involve abundant semantic information, which can be utilized as auxiliary information to 
improve the accuracy of embedding learning. A few existing embedding-based models with such information 
integrated have shown success. Zhen W et al.22 proposed jointly embedding entities and words by aligning Wiki-
pedia anchors and entity names into the same vector space. The DKRL model23 suggests using a convolutional 
neural network or continuous bag-of-words model to encode the textual information and then concatenating 
the text vector with the structure vector which is acquired from Trans model. Wang et al.24 proposed construct-
ing a co-occurrence network combined with the entity and annotating in the corpus to achieve text-enhanced 
knowledge representation. Although these methods can achieve the representation of unseen entities out of the 
knowledge graph, they have some limitations. One is that the representations heavily rely on the presence of 
textual description information. The other is that two elements of the triple in which the new entity is located 
must both be in the knowledge graph. Therefore, these methods cannot be applied to the knowledge graph which 
cannot meet the above conditions.

Graph neural network‑based methods
Graph neural network-based approaches acquire the representation of unseen nodes through aggregating neigh-
bor nodes information, such as LAN25. However, these methods need the information of nodes around the unseen 
node and cannot be applied to an entire new graph composed of all unseen nodes.
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Subgraph‑based methods
The subgraph-based approaches, such as GraiL, TACT​26, and CoMPILE27 , extract an enclosing subgraph sur-
rounding the target relation firstly, then annotates the relative position of each entity in the subgraph, and design 
a score function using GNN for the annotated subgraph. the subgraph in our paper is composed of impor-
tant nodes selected from the nodes around the target relation. There are several approaches for estimating the 
importance of nodes. The methods in GraiL, TACT and CoMPILE assume the distance from the target relation 
reflects the importance of the nodes. Other works such as PR and PPR take the probability of a node wander-
ing randomly in the graph as the importance score. Recently a graph neural network-based method GENI is 
proposed. It applies an attentive GNN for predication-aware score aggregation to capture relations between the 
importance of the nodes.

CoMPILE emphasizes the directed nature of the edge in enclosing the subgraph and the message interactions 
between edges and entities. TACT addresses the semantic correlations between relations.These methods are 
all processed inside the enclosing subgraphs, neglecting the situations where the subgraphs are sparse and the 
relation prediction between the subgraphs. To solve these problems, SNRI28 proposes fully using the complete 
neighboring relations from the neighboring relational feature of the node and the neighboring relational path 
of the sparse subgraph. DEKG-ILP29 predicts the link between two subgraphs using the relation features based 
on contrast learning and the GNN-based subgraph features.

The training and testing set of these models has a disjoint set of entities, which means that these methods can 
learn the representation of unseen entities without restriction on seen entities. However, they only consider the 
topological structure of nodes in subgraphs, ignoring semantic information such as node types.

Rule‑based methods
Rule-based methods learn a set of rules from the training data, and these rules are entity-independent, so they 
can be used for tasks that contain unseen entities, avoiding the trouble of retraining. According to the differ-
ent strategies in the mining process, the rule learning methods are divided into path traversal-based methods, 
representation-based learning methods, and differentiable rule mining methods.

The RuleN30 is one of the path traversal-based methods. It first finds all triples (a, r, b) containing target rela-
tion r, searches all paths between a and b in the graph with a depth-first search strategy, and uses these paths as 
a body to form rules.

Tensorlog31, NeuralLP32, and DRUM33 are differentiable rule learners. The model Tensorlog establishes a con-
nection between first-order rule inference and sparse matrix multiplication and compiles some specific logical 
reasoning tasks into a series of numerical matrice operations that can be differentiated. Based on Tensorlog, 
Neural LP propose a rule-learning framework that combines parameter and structure learning of first-order 
logic rules in an end-to-end differentiable model. Neural num-LP34 is an extension of the NeuralLP method, 
which adds numeric properties to the rule body based on NeuralLP. DRUM learns logical rules by establishing 
connections between the confidence scores of the rule and low-rank tensor approximation.

However, the rules have some limitations on expressing complex semantic correlations. Meanwhile, the 
number of rules is limited by the scale of the knowledge graph because of the consideration of search cost.

Compared to the aforementioned work, our work is mostly devoted to the problem of entity representation in 
entirely new knowledge graphs. We propose a knowledge graph inductive representation method incorporating 
subgraph structural features and entity-type semantic information.

TGraiL: an inductive representation learning
Problem definition
A knowledge graph is defined as G = (E,R,T), where E denotes the set of entities (containing head and tail enti-
ties), R is a set of relations between entities, and T is a set of all triples. In inductive knowledge Graph Embedding, 
we are given a source knowledge graph and a target knowledge graph, the source knowledge graph is defined as Gs

={(Es,Rs,Ts)}, where Es is a set of entities (including head and tail entities), Rs is a set of relations between entities, 
and Ts denotes the set of all triple facts(h,r,t). The target knowledge graph Gt={(Et,Rt,Tt)},where Es ∩ Et=∅,Rt ∈ Rs.

Conventional knowledge graph representation methods first embed entities and relations into a low-dimen-
sional continuous vector space. Then they define a corresponding scoring function to measure the rationality of 
triples, before obtaining the vector representations by maximizing scores of the known facts.

The goal of inductive knowledge graph representation learning is to learn representations of entities and rela-
tions in Gs , generalize them to target KG Gt , and use them to solve the inference problem of completely unseen 
entities in Gt . This paper evaluates the representations by triple classification and link prediction.

Overall architecture of the model
The model TGrail is discussed in this section. Figure 2 depicts its architecture as a whole. The model consists of 
two parts, the type representation module and the topology representation module.

The type representation module encodes the hierarchical type of entities by constructing a projection matrix 
based on TKRL model. The topology representation module first extracts the directed subgraphs around the 
target relations. It uses the node topology in the subgraphs to obtain the subgraph representation based on the 
RGCN35 model training. A score function created by TGraiL integrates the two parts in a unified framework. 
The model is explained in detail below.

Structure representation
Subgraph Extraction
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The relation r in the triple (h,r,t) is related not only to h and t, but also to the nodes and edges surrounding 
it. The quantity of nodes and edges around a particular relation r is huge in large-scale knowledge graphs. If all 
of them are considered, it is equivalent to aggregating all the node information in the whole knowledge graph, 
which may enhance the effect at the expense of impractical time and memory consumption for the majority of 
actual networks. The model SEAL36suggests that the high-order characteristics of the graph can be learned from 
the subgraph features within a small range around the target relation r. Therefore, this paper considers extract-
ing the graph composed of nodes and edges within two hops around the relation r as enclosing subgraph, and 
subsequent works are based on the subgraph.

Existing WLNM37, SEAL, and GraiL models assume that the graph is undirected when extracting subgraphs, 
and all relations in the undirected graph are symmetric. However, not all relations in practice are symmetric. 
For instance, in triple (Mike, parent, Lisa), Mike is Lisa’s parent but Lisa is not Mike’s parent. The relation parent 
does not satisfy the symmetric. An incorrect result will be produced if the relation parent’s edge is treated as 
undirected. Accordingly, considering the nodes around the edge when extracting subgraphs is not enough, and 
their direction should also be considered. Similar to the concept of in- and out-degrees in directed graphs, the 
present study introduces incoming and outgoing nodes to define directed enclosing subgraphs.

Definition 1  For a node v in a directed graph, if there is an edge of length one from node u to v, then u is called 
the first-order ingoing node of v, and v is the first-order outgoing node of u. Similarly, u is referred to as the 
second-order ingoing node of v, and v is referred to as the second-order outgoing node of u if there is an edge 
with length two between u and v.

Definition 2  For a given triple (u, r, v), let S1in(h) be the collection of all lst-order in-going nodes of node v, S1out
(h) be the collection of all lst-order outgoing nodes of node u, then the directed closed subgraph regarding h 
and t Sclose = Sin(h)∩ Sout(t) .

Node Representation
Similar to GraiL, we adopt DRNL36 to initialize the node embedding, which depicts the topological position 

of each node in the subgraph. For a target relation r, the head u and tail entity v which was linked by the relation 
r were seen as the target nodes, The topological structure of any node i in the enclosing subgraph is represented 
by a tuple (d (u, i), d (i, v)), where d(u,i) denotes the shortest distance from node i to the head node u, and d(i,v) 
denotes the shortest distance from node i to the tail node v. Then the representation of node i can be obtained 
by vectorizing the tuple.

Subgraph Representation
In the enclosing subgraph Sclose , the subgraph node embedding is trained using the RGCN model, and the 

calculation formula is shown as follows:
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Figure 2.   An overview of TGraiL.
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where R denotes the extracted subgraph’s set of all relations, and Nv(r)i  denotes the set of neighbors whose rela-
tion to the node is r. ci,r is used for normalization. Wr is the weight parameter corresponding to the neighbors 
with relation r, wo is the weight parameter corresponding to the node itself, σ () is the activation function, and 
h
(l)
i  represents the embedding representation of the node hi at the lth level.

The pooling average of all nodes in the subgraph is used to represent the subgraph.

where Vsclose is the set of nodes in the enclosing subgraph.
A target node vector, edge vector, and a subgraph representation vector concatenate structured representation.

where hSclose denotes the subgraph, hu , hvdenotes the nodes, and ert denotes the edges.

Type representation
The type of entity in the knowledge graph has a hierarchical structure, such as actor/award winner/person, which 
reflects varying levels of abstraction across different types. During entity embedding learning, subtypes at dif-
ferent hierarchy levels play different roles. In transductive learning, detail categories offer richer information 
for representation learning. However, as inductive representation learning emphasizes more on generalization, 
abstract category information provides a more significant aid to representation learning. This paper uses a 
hierarchy-based weighted encoding approach for type representation to capture and exploit the hierarchical 
structure. Suppose there is a hierarchical type t={t(1) → t(2) → · · · → t(k−1)} , with subtypes of granularity 
from fine to coarse as t(1), t(2), · · · t(k−1) , e.g., actor/award winner/person, the most specific type is actor. For a 
subtype t(i) in the hierarchical type t , we use a projection matrix Mt

(i) to represent subtype t(i) . βi to represent 
the weight of the subtype. The projection matrice of hierarchical type t can be formalized as

where m is the number of layers of the hierarchy, M(i)
t  is the projection matrix of the i-th subtype t(i) , and βi is the 

weight corresponding to t(i) . It is assumed that the more precise the type, the lower the weight, So we introduce 
a novel approach which βi decreases in equal proportion to the increasing value of subtype t(i) :

where 
k
∑

i=1

βi = 1 , ε ∈ (0, 0.5). An entity has multiple different types, and the project matrix of the entity is 

obtained by weighted summation of several different types. For triple (h, r, t) , the project matrix Mrh of the head 
entity about relation r is defined as:

where the number of entity types is denoted by n , ti denotes the i-th type of entity e , Mti is the projection matrix 
of ti , and αi is the weight of ti . αi can be obtained from the frequency of the entity belonging to ci . Trh denotes 
the relation set of the head entity about relation r .

Framework of TGrail
In order to make full use of hierarchical type and structure information, we designed a score function to combine 
the two parts in a unified framework. The score function is

where h and hsclose are the embedding vectors of the hierarchical type module and structure representation mod-
ule, respectively. In model training, the loss function in TransE is used as the objective optimization function of 
the training model. A binary classification task is performed on the given triple, and the goal is to maximize the 
distance between the closest positive and negative examples. The negative sample is constructed by randomly 
replacing the triple’s head (or tail) with a uniformly sampled entity.

where γ is the regularization parameter, G represents the set of all triples in the knowledge graph, (u, r, v) and 
(u′, r, v′) denote the positive and negative triple respectively.
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Experiments
This section evaluates the model’s effectiveness in link prediction and triple classification. First,the experimental 
dataset configuration, evaluation metrics are described. Second, the experiment results of TGrail on several 
benchmark datasets are shown.

DataSets
We perform experiments on two benchmark datasets WN18RR and FB15K-237.

The type information of the entities in FB15K-237 uses the category information provided in the literature14. 
The WN18RR dataset currently does not have dedicated category information, so the hypernym of the entities 
is used as the category information. The statistical data shows that 4596 entities do not have hypernym word 
information, accounting for about 11% of the total entities. In order to ensure the integrity of the dataset, the 
triplets involving these entities are preserved, and the missing entity categories are filled with the mode in the 
data processing. The inductive representation mainly focuses on the model’s performance on unseen entity rep-
resentation. The more the number of unseen entities in the evaluation dataset, the more powerful the model’s 
evaluation ability. As a result, the experiment adopts the GraiL dataset division method, in which several nodes 
are randomly selected from KG as root nodes, and the graph composed of K-hop neighborhood nodes around 
the root node is used as the training graph. The test graph was generated similarly after removing the training 
graph from KG. Both datasets are divided into four parts, V1, V2, V3 and V4. The corresponding test sets are 
v1_ind, v2_ind, v3_ind and v4_ind. In order to verify the inductive characteristics of the model, there are no 
duplicate entities in the training and test sets, and the relations in the test graph are taken from the train graph. 
Detailed information about the training set and test set is shown in Table 1:

Evaluation metric
To keep consistent with the baseline model, we perform triple classification and link prediction tasks and adopt 
the AUC-PR and Hits@n as the evaluation metric.

Triple classification is a binary classification task to determine whether a given triple exists in a knowledge 
graph. This task scores each triple by a scoring function and sets a threshold for the score. If the score exceeds 
the threshold, the triple is considered correct. Otherwise, it is considered to be wrong. The classification task 
requires negative triplets, but there are no publicly released negative triplets in the current dataset, so we con-
struct negative triplets by randomly replacing the triplet’s head entity or tail entity. We adopt AUC-PR as the 
evaluation metric for triple classification because this experiment emphasizes the model’s discriminative ability 
in positive samples.

Link prediction is to predict the third element in a triple based on the existing two elements. Entity prediction 
refers to predicting the missing entity h or t in the triplet, and relation prediction predict the missing relation r 
between two given entities. In this experiment, link prediction refers to relation prediction.

Experimental setting
PyTorch38 is used to implement the model. Experiments are conducted on GTX 2080 Ti with a RAM capacity 
of 12 GB. The Adam39 optimizer was utilized with a batch size of 16 and a learning rate of 0.001. The number 
of training epochs is 20. The embedding vector dimension of entity, relation, and hierarchical type is set to 32, 
with default values for other parameters.

Results
Tables 2 and 3 demonstrate the experimental results of AUC-PR and Hits@10 on v1, v2, v3 and v4 of WN18RR, 
FB15K-237. To better compare the performance of different models on Hits@10 and AUC-PR, we plotted the 
performance curve of all models on the two datasets, as shown in Fig 3.

Several phenomenons can be observed:

Table 1.   Statistics of inductive benchmark datasets. #E , #R, and #TR are used to denote the number of 
entities, relations, and triples respectively.

WN18RR FB15K237

#R #E #TR #R #E #TR

V1
Train 9 2746 6678 183 2000 5226

Test 9 922 1991 146 1500 2404

V2
Train 10 6954 18,968 203 3000 12,085

Test 10 2923 4863 176 2000 5092

V3
Train 11 12,078 32,150 218 4000 22,394

Test 11 5084 7470 187 3000 9137

V4
Train 9 3861 9842 222 5000 33,916

Test 9 7208 15,157 204 3500 14,554
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Table 2.   Inductive results (PR_AUC).

WN18RR FB15K237

V1 V2 V3 V4 V1 V2 V3 V4

Neural-LP 86.02 83.78 62.90 82.06 69.64 76.55 73.95 75.74

DRUM 86.02 84.05 63.20 82.06 69.71 76.44 74.03 76.20

RuleN 90.26 89.01 76.46 85.75 75.24 88.70 91.24 91.79

GraiL 94.32 94.18 85.80 92.72 84.69 90.57 91.68 94.46

TGraiL 96.10 94.98 89.22 93.55 84.89 92.81 91.81 92.70

Table 3.   Inductive results (Hits@10).

WN18RR FB15K237

V1 V2 V3 V4 V1 V2 V3 V4

Neural-LP 74.37 68.93 46.18 67.13 52.92 58.94 52.90 55.88

DRUM 74.37 68.93 46.18 67.13 52.92 58.73 52.90 55.88

RuleN 80.85 78.23 53.39 71.59 49.76 77.82 87.69 85.60

GraiL 82.45 78.68 58.43 73.41 64.15 81.80 82.83 89.29

TGraiL 83.78 81.41 62.48 76.35 64.63 82.69 83.46 87.96

Figure 3.   Performance variation of different models.
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•	 Among the three rule-based methods, RuleN performs the best, two end-to-end differentiable methods 
NeuralLP and DRUM achieve similar performance.It indicates that the rule acquired by path-based mining 
has more inductive.

•	 For Hits@10 and PR-AUC, the results of GraiL are all better than NeuralLP on datasets WN18RR and FB15K-
237. Compared to the two methods, we note that the sampling subgraph in RuleN is similar to the enclosing 
subgraph in GraiL. The difference is that the RuleN method performs rule mining based on the subgraph, 
while the GraiL method uses the graph neural network method for feature learning. The result demonstrates 
that GraiL learns not only the topological structure of each node’s neighborhood but also the distribution of 
node features in the neighborhood.

•	 TGrail outperforms all the inductive baselines for all metrics on WN18RR and FB15K-237. It suggests that 
the integration of type information is beneficial for inductive representation.

Comparison experiments
Comparison of different type encoding schemes
In order to analyze the influence of different entity type coding schemes for the inductive representation of the 
model, we introduce TGraiL-whe, in which the type coding adopts the WHE method in TKRL, and the hierar-
chical type weight changes proportionally according to the type inclusion range, the more specific the category, 
the greater the weight. Taking the example of the hierarchical type /music/artist, it is observed that artist is the 
most specific entity and is assigned the largest weight. However, in TGraiL, greater emphasis is given to type 
generalization, so the subtype artist with more specific types is assigned smaller weights. As illustrated in Table 4, 
the effect of the TGraiL_whe in unseen entities is not as good as TGraiL, and it shows that different hierarchi-
cal weight calculation methods have different effects on the inductive representation of the model. Excessively 
detailed category information affects the accuracy of predictions.

Comparison of descriptive information and type information
To compare the different effects of description information and hierarchical type on inductive knowledge graph 
embedding, we design a baseline model GraiL_des, in which the entity description information is vectorized 
with BERT. Table 5 shows the results of the two models on the benchmark dataset FB15K-237. As illustrated 
in Table 5, Compared with GraiL, the performance of GraiL_des, which incorporates description information, 
drops. It indicates that the detailed description information limits the representation capability of the model 
on unseen entities, so the influence of type information is far better than description information on inductive 
knowledge graph representation.

Conclusion
Transductive embedding models cannot generate representations for unseen entities that may emerge subse-
quently. Some inductive methods recently proposed realized inductive learning based on subgraph extraction 
and GNN. While these methods only account for structural characteristics related to nodes and their neighbor-
hoods, overlooking the expressive semantics encapsulated within the hierarchy types of the nodes. To address 
the semantic information, we propose a novel inductive knowledge graph embedding method in this paper, 
which incorporates the subgraph structure information around the relation and integrates the category features. 
Experimental results indicate that the proposed TGrail performs better than several current state-of-the-art 
techniques on benchmark datasets.

However, the TgraiL method still has limitations. It only captures the structure and semantics of the subgraph, 
ignoring the topology structure in a global graph. In future work, we will explore how to extract the global fea-
tures of the graph to enhance the generalization ability of inductive representation learning.

Table 4.   The Hits@10,PR_AUC results of the TGraiL_whe and TGraiL on FB15K-237.

Hits@10 PR_AUC​

V1 V2 V3 V4 V1 V2 V3 V4

TGraiL 64.63 82.69 83.46 87.96 84.89 92.81 91.81 92.70

TGraiL_whe 62.01 81.05 82.25 85.06 82.37 89.35 90.26 91.56

Table 5.   The Hits@10,PR_AUC results of the GraiL_des and TGraiL on FB15K-237.

Hits@10 PR_AUC​

V1 V2 V3 V4 V1 V2 V3 V4

TGraiL 64.63 82.69 83.46 87.96 84.89 92.81 91.81 92.70

GraiL_des 61.46 77.69 76.48 82.75 80.25 84.32 89.68 92.20
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Received: 13 June 2023; Accepted: 28 November 2023

References
	 1.	 Ji, S., Pan, S., Cambria, E., Marttinen, P. & Philip, S. Y. A survey on knowledge graphs: Representation, acquisition, and applica-

tions. IEEE Transact. Neural Netw. Learn. Syst. 33, 494–514 (2021).
	 2.	 Paulheim, H. J. S. w. Knowledge graph refinement: A survey of approaches and evaluation methods. Semant. Web 8, 489–508. 

https://​doi.​org/​10.​3233/​SW-​160218 (2017).
	 3.	 Hua, W., Wang, Z., Wang, H., Zheng, K. & Zhou, X. Understand short texts by harvesting and analyzing semantic knowledge. IEEE 

Trans. Knowl. Data Eng. 29, 499–512. https://​doi.​org/​10.​1109/​tkde.​2016.​25716​87 (2017).
	 4.	 Dong, L., Wei, F., Zhou, M. & Xu, K. Question answering over freebase with multi-column convolutional neural networks. In: 

Proceedings of the 53rd Annual Meeting of the Association for Computational Linguistics and the 7th International Joint Conference 
on Natural Language Processing (Volume 1: Long Papers), 260–269 (2015).

	 5.	 Zhang, F., Yuan, N. J., Lian, D., Xie, X. & Ma, W. -Y. Collaborative knowledge base embedding for recommender systems. In: 
Proceedings of the 22nd ACM SIGKDD international conference on knowledge discovery and data mining, 353–362, https://​doi.​org/​
10.​1145/​29396​72.​29396​73(2016).

	 6.	 Shi, B. & Weninger, T. Open-world knowledge graph completion. In: Proceedings of the AAAI Conference on Artificial Intelligence, 
vol. 32, 1957–1964 (2017).

	 7.	 Bordes, A., Usunier, N., Garcia-Duran, A., Weston, J. & Yakhnenko, O. Translating embeddings for modeling multi-relational 
data. In: Proceedings of the 26th International Conference on Neural Information Processing Systems-Volume 2, 2787–2795 (2013).

	 8.	 Trouillon, T., Welbl, J., Riedel, S., Gaussier, É. & Bouchard, G. Complex embeddings for simple link prediction. In: International 
Conference on Machine Learning, 2071–2080 (PMLR, 2016).

	 9.	 Sun, Z., Deng, Z.-H., Nie, J.-Y. & Tang, J. Rotate: Knowledge graph embedding by relational rotation in complex space. arXiv 
preprintarXiv:​1902.​10197 (2019).

	10.	 Fürnkranz, J. & Kliegr, T. A brief overview of rule learning. In: Rule Technologies: Foundations, Tools, and Applications: 9th Inter‑
national Symposium, RuleML 2015, Berlin, Germany, August 2-5, 2015, Proceedings 9, 54–69 (Springer, 2015).

	11.	 Scarselli, F., Gori, M., Tsoi, A. C., Hagenbuchner, M. & Monfardini, G. J. I. t. O. N. N. The graph neural network model. IEEE 
Transactions on Neural Networks and Learning Systems20, 61–80 (2008).

	12.	 Bronstein, M. M., Bruna, J., LeCun, Y., Szlam, A. & Vandergheynst, P. J. I. S. P. M. Geometric deep learning: Going beyond euclidean 
data. IEEE Signal Process. Mag. 34, 18–42. https://​doi.​org/​10.​1109/​MSP.​2017.​26934​18 (2017).

	13.	 Teru, K., Denis, E. & Hamilton, W. Inductive relation prediction by subgraph reasoning. In: International Conference on Machine 
Learning, 9448–9457 (PMLR, 2020).

	14.	 Xie, R., Liu, Z., Sun, M. et al. Representation learning of knowledge graphs with hierarchical types. In: IJCAI, vol. 2016, 2965–2971 
(2016).

	15.	 Wang, Q., Mao, Z., Wang, B. & Guo, L. Knowledge graph embedding: A survey of approaches and applications. IEEE Trans. Knowl. 
Data Eng. 29, 2724–2743 (2017).

	16.	 Ji, G., He, S., Xu, L., Liu, K. & Zhao, J. Knowledge graph embedding via dynamic mapping matrix. In: Proceedings of the 53rd annual 
meeting of the association for computational linguistics and the 7th international joint conference on natural language processing 
(volume 1: Long papers), 687–696 (2015).

	17.	 Lin, Y., Liu, Z., Sun, M., Liu, Y. & Zhu, X. Learning entity and relation embeddings for knowledge graph completion. In: Proceed‑
ings of the AAAI Conference on Artificial Intelligence, vol. 29, 2181–2187 (2015).

	18.	 Nickel, M., Tresp, V. & Kriegel, H.-P. A three-way model for collective learning on multi-relational data. In: Proceedings of the 28th 
International Conference on Machine Learning, 809-816 (2011).

	19.	 Yang, B., Yih, W.-t., He, X., Gao, J. & Deng, L. J. a. p. a. Embedding entities and relations for learning and inference in knowledge 
bases. Proceedings of the International Conference on Learning Representations (ICLR) doi:arXiv:1412.6575 (2014).

	20.	 Hao, J., Chen, M., Yu, W., Sun, Y. & Wang, W. Universal representation learning of knowledge bases by jointly embedding instances 
and ontological concepts. In: Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery & Data 
Mining, 1709–1719 (2019).

	21.	 Cui, Z., Kapanipathi, P., Talamadupula, K., Gao, T. & Ji, Q. Type-augmented relation prediction in knowledge graphs. In: Proceed‑
ings of the AAAI Conference on Artificial Intelligence, vol. 35, 7151–7159 (2021).

	22.	 Wang, Z., Zhang, J., Feng, J. & Chen, Z. Knowledge graph and text jointly embedding. In: Proceedings of the 2014 conference on 
empirical methods in natural language processing (EMNLP), 1591–1601 (2014).

	23.	 Xie, R., Liu, Z., Jia, J., Luan, H. & Sun, M. Representation learning of knowledge graphs with entity descriptions. In: Proceedings 
of the AAAI Conference on Artificial Intelligence, vol. 30 (2016).

	24.	 Wang, Z., Li, J., Liu, Z. & Tang, J. Text-enhanced representation learning for knowledge graph. In: Proceedings of International joint 
conference on artificial intelligent (IJCAI), 4–17 (2021).

	25.	 Wang, P., Han, J., Li, C. & Pan, R. Logic attention based neighborhood aggregation for inductive knowledge graph embedding. In: 
Proceedings of the AAAI Conference on Artificial Intelligence, vol. 33, 7152–7159 (2018).

	26.	 Chen, J., He, H., Wu, F. & Wang, J. Topology-aware correlations between relations for inductive link prediction in knowledge 
graphs. Proc. AAAI Conf. Artif. Intell. 35, 6271–6278 (2021).

	27.	 Mai, S., Zheng, S., Yang, Y. & Hu, H. Communicative message passing for inductive relation reasoning. Proc. AAAI Conf. Artif. 
Intell. 35, 4294–4302 (2020).

	28.	 Xu, X., Zhang, P., He, Y., Chao, C. & Yan, C. Subgraph neighboring relations infomax for inductive link prediction on knowledge 
graphs. arXiv preprintarXiv:​2208.​00850 (2022).

	29.	 Zhang, Y. et al. Disconnected emerging knowledge graph oriented inductive link prediction. arXiv preprintarXiv:​2209.​01397 
(2022).

	30.	 Meilicke, C. et al. Fine-grained evaluation of rule-and embedding-based systems for knowledge graph completion. In: International 
Semantic Web Conference, 3–20 (Springer, 2018).

	31.	 Cohen, W. W. J. a. p. a. Tensorlog: A differentiable deductive database. In: 29th Conference on Neural Information Processing Systems 
(NIPS 2016) (2016).

	32.	 Yang, F., Yang, Z. & Cohen, W. W. Differentiable learning of logical rules for knowledge base reasoning. Adv. Neural Inf. Process. 
Syst.30 (2017).

	33.	 Sadeghian, A., Armandpour, M., Ding, P. & Wang, D. Z. Drum: End-to-end differentiable rule mining on knowledge graphs. Adv. 
Neural Inform. Process. Syst.32 (2019).

	34.	 Wang, P. -W., Stepanova, D., Domokos, C. & Kolter, J. Z. Differentiable learning of numerical rules in knowledge graphs. In: ICLR 
(2020).

https://doi.org/10.3233/SW-160218
https://doi.org/10.1109/tkde.2016.2571687
https://doi.org/10.1145/2939672.2939673
https://doi.org/10.1145/2939672.2939673
http://arxiv.org/abs/1902.10197
https://doi.org/10.1109/MSP.2017.2693418
http://arxiv.org/abs/2208.00850
http://arxiv.org/abs/2209.01397


11

Vol.:(0123456789)

Scientific Reports |        (2023) 13:21228  | https://doi.org/10.1038/s41598-023-48616-1

www.nature.com/scientificreports/

	35.	 Schlichtkrull, M. et al. Modeling relational data with graph convolutional networks. In: The Semantic Web: 15th International 
Conference, ESWC 2018, Heraklion, Crete, Greece, June 3-7, 2018, Proceedings 15, 593–607 (Springer, 2017).

	36.	 Zhang, M. & Chen, Y. Link prediction based on graph neural networks. Advances in neural information processing systems31 (2018).
	37.	 Zhang, M. & Chen, Y. Weisfeiler-lehman neural machine for link prediction. In: Proceedings of the 23rd ACM SIGKDD International 

Conference on Knowledge Discovery and Data Mining, 575–583 (2017).
	38.	 Adam Paszke, S. G. & Francisco Massa, A. l. E. A. Pytorch: An imperative style, high-performance deep learning library. In: 33rd 

Conference on Neural Information Processing Systems, vol. 32, 555 (2019).
	39.	 Kingma, J., Diederik P Ba. Adam: A method for stochastic optimization. In: the 3rd International Conference on Learning Repre‑

sentations (2014).

Author contributions
Investigation, Y.C. and J.Z.; methodology, H.L.; software, H.L.; validation, H.W. and C.Z.; writing-original draft, 
H.L.; writing-review and editing, P.H. and H.L.;All authors have read and agreed to the published version of 
the manuscript.

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to H.L.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/.

© The Author(s) 2023

www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	An inductive knowledge graph embedding via combination of subgraph and type information
	Related work
	Transductive embedding models
	Inductive embedding models
	Textual description information-based methods
	Graph neural network-based methods
	Subgraph-based methods
	Rule-based methods


	TGraiL: an inductive representation learning
	Problem definition
	Overall architecture of the model
	Structure representation
	Type representation
	Framework of TGrail


	Experiments
	DataSets
	Evaluation metric
	Experimental setting
	Results
	Comparison experiments
	Comparison of different type encoding schemes
	Comparison of descriptive information and type information


	Conclusion
	References


