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Reasoning on a large-scale knowledge graph (KG) is of great importance for KG applications like question
answering. The path-based reasoning models can leverage much information over paths other than pure
triples in the KG but face several challenges. Firstly, all the existing path-based methods are data-driven,
lacking explainability, namely how the path representations and the reasoning results are obtained with
human-understandable explanations. Besides, some approaches either consider only relational paths or
ignore the heterogeneity between entities and relations both in paths, which cannot capture the rich
semantics of paths well. To address the above challenges, in this work, we propose a novel joint semantics
and data-driven path representation that balances explainability and generalization in the framework of
KG embedding. Specifically, we inject horn rules to obtain the condensed paths through a transparent and
explainable path composition procedure. The entity converter is designed to transform entities along
paths into the representations in the semantic level similar to relations for reducing the heterogeneity
between entities and relations. The KGs, both with and without type information, are considered. Our
proposed model is evaluated on two classes of tasks: link prediction and path query answering. The
experimental results show that our model obtains significant performance gains over several state-of-

the-art baselines.

© 2022 Elsevier B.V. All rights reserved.

1. Introduction

Knowledge graph (KG) incorporates rich multi-relational data
in a directed graph structure. Many KGs in the real-world, such
as Freebase [3], YAGO [39], WordNet [31] and NELL [32], often con-
sist of millions or billions of facts, have been established and con-
ducted in a wide variety of real applications such as information
extraction [18,7], semantic search [1,2], question answering
[38,19], and dialog system [16], to name a few. A KG is essentially
a heterogeneous graph in which the nodes correspond to entities
and the directed edges indicate relations. Each relation along with
its head entity and tail entity, constitute a triple, i.e., (head entity,
relation, tail entity), which is also named as a fact.

KG embedding aims to embed KG elements (i.e., entities and
relations) into the latent, low-dimensional, and numerical repre-
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sentations. Over the past decade, it has been attracting substantial
attention in academia and industry and has proven to be a power-
ful technique for KG reasoning [42,28,5]. Many KG embedding
techniques have been proposed for the graph structure of KG,
including TransE [4], TransH [46], TransR [27], ComplEx [40] and
ConvE [10]. However, these methods simply consider the direct
relations between entities in the KG. It may encounter issues in
some more complicated tasks such as path queries because they
often require multiple hops to infer the correct answer, as illus-
trated by an example in Fig. 1.

An increasing number of researchers have recently paid atten-
tion to paths in the KG; its core objective lies in incorporating path
information into the KG embedding framework. A path in the KG is
typically defined as a sequence consisting of intermediate entities
and relations in the knowledge graph to provide more connections
between entities. Several typical path-based embedding methods
have been proposed, such as PTransE [26], RTransE [12], DPTransE
[51], and RPJE [36]. PTransE develops a path-constraint resource
allocation (PCRA) algorithm to introduce the relational path repre-
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Fig. 1. An example of reasoning on multi-hop paths in the KG. Nodes as entities
with the same steps reached from the originator node are in the same color. Entity
types are attached to each entity and shown in red color. The superscript “—1" of
relation means the inverse relation. For this example, the blue dashed directed edge
denotes the predicted relation Spoken_Language inferred by two 3-hop paths linking
Iron Man and English.

sentations into learning entity and relation embeddings. RPJE [36]
leverages the horn rules to compose paths and create associations
among relations for improving the accuracy and explainability of
representation learning. However, these models only consider rela-
tions along paths but neglect the semantics implied in entities. For
two instances about the paths:

P1. Donald Trump"*“"” Government ™" UsA and  P2.
Bill Gates PrmgmofMicrosoftme;d'n USA. Although both the paths

exactly contain the same relations, these two instances can be
inferred respectively as (Donald Trump, PresidentOf, USA) and (Bill
Gates, Nationality, USA) due to the disparate immediate entities
Government and Microsoft. To jointly consider the relations and
entities along paths, Wang et al. [43] composes entity and relation
embeddings in each step for LSTM. Still, entities are only indepen-
dent individuals, and hard to provide semantics to represent the
path. Das et al. [9] replaced each entity over a path by all the types
belonging to this entity. Still, some types have nothing to do with
the semantics of the path, such as the type Hero of Iron Man in
Fig. 1 cannot contribute to representing a path connecting Iron
Man and English. The latest research in [29] proposes an attentive
path ranking approach that selects entity types attentively in rep-
resenting path patterns. However, such an entity type selection
strategy is purely data-driven, and this path ranking framework
could only predict relations other than entities. Besides, both
[9,29] cannot work on the KG without types.

Another research line of path-based reasoning methods is to
focus on reinforcement learning (RL). DeepPath [50] first learns
multi-hop relational paths via RL framework, and then finds reli-
able predictive paths between entity pairs. Das et al. [8] and Lin
et al. [25] designed a end-to-end multi-hop KG reasoning model
based on the RL. Deep-IDA* [41] incorporates path searching model
IDA* [15] with RL approach for KG reasoning. MemoryPath [23]
combines LSTM and graph attention to constitute the memory
component which can be further employed in an RL-based KG rea-
soning framework. Nevertheless, these RL-based reasoning models
spend much more time searching for reliable paths while perform-
ing less than the embedding-based methods.

Although the above KG reasoning methods have achieved pre-
liminary performance improvements on various tasks, such as link
prediction and path query answering tasks, they still suffer from
the following challenges:

(1) The previous models representing the paths in a data-driven
fashion for knowledge graph reasoning could only achieve good
generalization but lack the explainability and sufficient accu-
racy of representing paths.
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(2) Each path is expected to be represented as a relation
embedding. Still, the heterogeneity between entities and rela-
tions in the path limits the entities directly applied to represent
the path. Besides, the strategy of employing entity types instead
of entities to represent paths cannot be used to the KGs without
types, limiting the scope of the method.

Based on the above considerations, in this paper, we propose a
novel KG embedding paradigm with joint semantics and data-
driven path representations for reasoning. Unlike previous path-
based approaches in a data-driven fashion, our model attempts
to introduce a joint semantics and data-driven mechanism to bal-
ance explainability and generalization of the path representation
process. The horn rules are exploited to compose the original paths
consisting of entities and relations into the condensed paths. We
aim to reduce the heterogeneity between entities and relations
for representing paths for paths that cannot be further composed
by rules. To this end, the entities over paths are transformed into
semantic level representations similar to relations via a developed
entity converter. Specifically, the entity converter contains two
modules: attentive entity-to-type conversion for the KG with
explicit types and entity-to-relation space projection for the KG
without any entity type. We further employ the path encoder to
learn the representations of bi-directional path sequences. Finally,
the fusion representation learning of multiple paths is considered
for learning entity and relation embeddings. The critical contribu-
tions of our work are summarized as follows:

e We put forward a novel KG reasoning approach containing the
joint semantics and data-driven path representation to capture
more valuable associations between entities and learn the bet-
ter KG embeddings.

Our model introduces horn rules to compose paths accurately
for path representations. Moreover, to reduce the heterogeneity
between entities and relations in the KG, two categories of
entity converter strategies are proposed to transform the enti-
ties into representations semantically similar to relations,
which can work for any KG with or without explicit types. These
two aspects are beneficial to balance the explainability and gen-
eralization of the model.

We conduct extensive experiments on three real-world KG
datasets and compare our model’s performance against several
state-of-the-art methods. The experimental results demon-
strate that our model consistently outperforms baselines on
MRR and Hits@1 on both link prediction and path query
answering tasks.

The remainder of this paper is organized as follows. We review
related research in Section 2. Section 3 provides the details of the
proposed model. In Section 4, we conduct extensive experimental
evaluations of link prediction and path query answering and pro-
vide analyses of the effectiveness of our model. Finally, we con-
clude the paper and discuss future research directions in Section 5.

2. Related work

This section briefly describes prior works, including the knowl-
edge graph embedding approaches and the path-based approaches
for reasoning on knowledge graphs that are most related to our
work.

2.1. Knowledge graph embedding approaches

On account of the knowledge graph’s symbolic nature, logical
rules are naturally appropriate for KG reasoning. Many rule mining



G. Niu, B. Li, Y. Zhang et al.

tools such as AMIE+ [11] and RLVLR [37] extract logical rules from
the KG, which could be leveraged to infer new triples. Although the
KG reasoning approaches using logical rules have high accuracy,
they cannot guarantee adequate generalization performance. In
recent years, knowledge graph embedding approaches have been
widely studied from a representation learning perspective, which
could automatically explore the latent features from facts stored
in the KG and learn the distributed representations for entities
and relations. TransE [4] treats relations as translation operations
between entity pairs to measure the compatibility of triples, which
performs well on link prediction. TransH [46] extends TransE and
projects an entity embedding into a relation-specific hyper-plane,
endowing an entity with various representations. With a similar
idea, TransR [27] projects an entity embedding into space concern-
ing a relation. ComplEx [40] embeds entities and relations into
complex vector space to handle the issue of inferring both sym-
metric and antisymmetric relations. ConvE [10] and ConvKB [34]
leverage convolutional neural networks to capture the features of
entities together with relations. An alternative direction is to focus
on the matrix or tensor decomposition. KG2E [17] models the
uncertainties of data in a KG from the perspective of multivariate
Gaussian distributions. Li et al. [24] explored the cross-semantic
influence between entities and relations and learn interaction
embeddings with recalibration convolutional networks. However,
these methods purely considering triples cannot work in several
complicated scenarios, such as path queries. Besides, the above
models ignore the rich semantic information such as paths and
entity types implied in the KG, limiting the accuracy of KG
reasoning.

2.2. Path-based approaches

In contrast to the approaches only relying on triples, the path-
based reasoning models focus on capturing chains of reasoning
expressed by paths from the KG. An early study on KG reasoning
over paths is the Path Ranking Algorithm (PRA) [22], which
employs random walk on the KG and regards the paths as features
to predict relations by the binary classifier. Some recent researches
formulate path searching as sequential decision problems and aim
to find the paths to infer the relations based on reinforcement
learning (RL) [50,8,6]. DeepPath [50] is the first work that intro-
duces reinforcement learning for searching paths between entity
pairs. MINERVA [8] is an end-to-end system that develops an RL-
based path-finding procedure to reach the target entities for
answering KG queries. These multi-hop reasoning methods all
spend much time in the complicated path-finding process while
obtaining limited reasoning performance.

Besides, some path and embedding-based approaches with
higher efficiency and better performance are brought into focus.
Particularly, pre-selected paths are generated by random walk for
these methods. Neelakantan et al. [33] proposed a compositional
vector space model with RNN to model relational paths on KGs.
Guu et al. [13] modeled additive and multiplicative interactions
between relation matrices along the path. PTransE [26] extends
TransE by representing relational paths for learning entity and
relation embeddings and designs a path-constraint resource alloca-
tion (PCRA) algorithm to measure the reliability of relational paths.
PaSKoGE [20] minimizes a path-specific margin-based loss func-
tion while adaptively determining its margin. RPJE [36] utilizes
horn rules to compose paths for compositional representation
learning on the KG. But these models ignore the entities in paths
and only employ the relations to represent paths. Both Jiang
et al.[21] and Das et al. [9] developed a similar strategy to average
the representations of entity types for each entity incorporated
with relations to represent paths. But these models neglect that
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different entity types may play different roles in the relation infer-
ence, and they cannot work on the KG without entity types.

2.3. Enriching semantic representation by additional information

Except for single triple facts and paths directly observed in KGs,
some additional information could be introduced to enrich the
semantic representation of entities, including entity types, textual
descriptions of entities, and images of entities. Many KGs are con-
structed with ontology, which consists of entity types and could
reflect the general representations of entities. TKRL [49] projects
entities into various type representations by projection matrices
associated with hierarchical entity types. JOIE [14] considers both
the ontology-view graphs and the instance-view graphs and learns
the semantic information of KGs at ontology and instance levels.
Textual descriptions of an entity can explain this entity itself, such
as news releases and Wikipedia articles. Wang et al. [45] firstly
introduced textual descriptions into the KGE technique by aligning
the KG and the textual descriptions through entity names or
anchor text in Wikipedia. DKRL [48] employs the bag-of-word
model and convolutional neural network (CNN) to learn the repre-
sentations of entity descriptions, which are further incorporated
with entity and relation embeddings to improve the performance
of KG reasoning. TEKE [44] utilizes the entity linking tool to auto-
matically obtain the text corpus of entities, which is exploited to
enhance the representation of entities. Visual information such
as images corresponding to entities can also be used to enhance
the representation of entities. IKRL [47] encodes images into entity
embedding space and models the relations between the entity
images. Although the above approaches could expand the seman-
tics of KGs and enhance the representation of entities by introduc-
ing additional information, like entity types, textual descriptions of
entities, and images of entities, which however are not available
for many KGs, and would greatly limit the applicability.

3. The proposed approach

In this section, we extend the PCRA algorithm, which only
extracts the relational paths in [26] by extracting the paths consist-
ing of both entities and relations together with the normalized
weight of each path. The pipeline of the overall architecture of
our model is sketched in Fig. 2. We first inject horn rules to gener-
ate the condensed paths (§ 3.1). Then, on account of the paths
whose length exceeds 1, the entities in paths are transformed into
the representations semantically similar to relations via a general
entity converter containing two modules for the KG both with
and without types (§3.2). Furthermore, a bi-directional paths enco-
der is developed to learn the path representations with the input of
bi-directional path sequences between each entity pair (§3.3).
Finally, the optimization objective is proposed for learning embed-
dings of entities and relations by introducing the fusion represen-
tation learning of multiple paths (§3.4).

3.1. Rule injection for composing paths

A horn rule is of the form head < body (confi), where body is a
conjunction of atoms r;(x;,y;), e.g., Nationality(x;,y;), x;,y; are vari-
ables that can be substituted with entities, head is a single atom
containing a specific relation, and confi is a confidence value of
the rule. In particular, the horn clause rules together with their
confidence can be mined from a KG by employing some open
source rule mining tool such as AMIE+ [11] and AnyBurl [30]. Then,
these rules can be further introduced into our model on this KG.
Among them, the rules of length 2 in the form of
r3(X,y) < r1(x,2) AT2(z,y) are appropriate to compose a path into
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Fig. 2. An overview of our model. The red units denote the entities, the blue units represent the relations, and the green units denote the path representations. The three paths
shown in the figure are just for illustration. The other paths are processed in the same way as in the figure. Besides, a path could be transformed into bi-directional path
representations. In the optimization objective, the weight of each path o; determines the extent to which this path contributes to the fusion representation learning of

multiple paths.

a single relation or a condensed path in a high accuracy with
explainability. Two scenarios of composing paths by rules are
depicted in Fig. 3.

Theoretically, the horn rules of length two can compose any
path greater than 1 in length, as illustrated in Fig. 3 (a). In terms

of a path linking two entities h 5 e; 2 e, 2 e5 - t, our model can
start from the head entity and successively select a path segment
by a 2-step path sliding window to search for a horn rule that
matches this path segment. Then, the current segment of a path
can be composed into the relation the same as in the rule head.
Finally, our model loops the above path composition operation,
and the whole path can be condensed into a single relation whose
embedding is the path representation. Meanwhile, the overall con-
fidence is the multiplication of all the confidence of rules utilized
in composing the path sequentially. However, it is hard to ensure
every path segment can match a horn rule exactly right. An
instance illustrated in Fig. 3 (b) is the more general scenario. None
of the remaining path segments can be processed by rules after
composing a path segment once. Therefore, we apply the following
designed modules including the entity converter (§3.3) and the
path encoder (§3.4) to produce the path representation. Therefore,
it is necessary to develop a joint semantics and data-driven strat-
egy for balancing the accuracy from rules and the generalization
from the path encoder.

3.2. Entity converter

Because both entities and relations are exploited for represent-
ing paths, the heterogeneity between entities and relations should
be addressed. Therefore, we propose two kinds of entity converter
mechanisms applicable to any KG: (1) the attentive entity-to-type
conversion for KGs with entity types and (2) the entity-to-relation
space projection for KGs without types.

252

3.2.1. Attentive entity-to-type conversion

In some KGs such as Freebase, the entity types are always rep-
resented as type hierarchies following abstraction levels, where
“domain” denotes a more abstract type and “type” represents a
more specific type. The attentive entity-to-type conversion proce-
dure focuses on the entity types that are most semantically rele-
vant to the current path based on the type hierarchy and
represent this entity with the selected types. An instance of repre-
senting entities by the associated types on Freebase is shown in
Fig. 4. It is obvious that the type hierarchies of entity
Robert Downey can be represented as a tree structure. Specifically,
an entity has multiple types distributed at both domain level and
type level. Several types usually belong to the same domain, such
as /people/person and /people/profession belong to /people.
Inspired by the fact that each relation corresponds to a unique
domain included in the domains of entities, such as the relation
/film/actor /performance is associated with the domain /film, we
develop type-level attention to select the entity types which are
closer to the context of the path. The domain /film of the entity
is selected for the same domain as that of the relation, and the
types /film/actor and /film/ person_in_film belonging to the domain
/film could reflect the semantic categories of the entity
Robert Downey more precisely and concretely.

Therefore, we develop an attentive entity-to-type conversion
module for selecting the valuable types to represent an entity e
over a path with the following two steps: (1) Based on the designed
type-level attention mechanism and the relation r immediately
after the entity e, the domain of the relation r is denoted as D(r).
Then, among all the domains of entity e, the same domain as
D(r) is selected considering contextual semantics of entity e over
the path. (2) We can represent the entity e by adding all the
embeddings of the types belonging to the selected domain D(r).
This attentive entity-to-type module guarantees both discrimina-
tion and generalization for representing the entity by entity types,
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Fig. 3. Two scenarios that are using horn rules for composing paths. Each rule is attached with a confidence such as cy, 3, c3, and the “Confi” means the overall confidence of
generating a condensed path by the rules. Note that the paths in the two scenarios are different.

An entity and the associated
relation in a path

Robert Downey

/film/actor/performance

Type Level

Fig. 4. An example of attentive entity-to-type conversion: Entity types with hierarchical properties are viewed as a tree, where the entity is the tree’s root. The depth of an
entity type can model various semantic levels of hierarchy. The red symbols represent the entity’s attended types by type-level attention mechanism, and the blue ones
denote the other types of this entity. The green unit stands for the composed type embedding, which could represent the entity in the path.

which benefits from the semantic hierarchy of entity types. Fur-
thermore, in allusion to an entity, e with the associated relation r
in a path, the entity representation e, achieved by the attentive
entity-to-type module can be formulated as:

- Y er

eccT(er)

= DT (attention(D(e), D(r))) (1)

where e; denotes an attended type embedding of entity e. D(e) rep-
resents all the domains of an entity, and D(r) denotes the domain
belonging to a relation. attention(D(e),D(r)) is defined as the type-
level attention operation for selecting the domain in the range of
D(e), which closely matches the contextual semantics of the current
path. DT () could output the types corresponding to the input of the
selected domain. T(e, ) is denoted as the set of the types belonging
to the selected domain of entity e because of the semantic associa-
tion with relation r.

3.2.2. Entity-to-relation space projection

In allusion to the KG without entity types, we develop an entity-
to-relation space projection module to project the entities along
the paths into the corresponding relation space for reducing the
heterogeneity between entities and relations. The representation
of the entity e projected into the space of relation r is denoted as:

2)

where e, € R* denotes the projected representation of e in the space
of relation r, and e € R¥ is the embedding of entity e. P, € R is
defined as the projection matrix for projecting the entity e into

e =Pe
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the space associated with relation r. Note that the quantity of P,
is consistent with the number of relation in the KG.

3.3. Path encoder

We introduce a path encoder with the input of bi-directional
paths and a shared parameter architecture of RNN, enabling fewer
parameters to output any relation embedding for representing the
path. We first define the path sequence as the input of the path
encoder as follows:

P=r01,61,12,€2, - ,Ty

3)

where n denotes the number of relations in the path sequence, and
then the length of the path sequence should be 2n — 1. The relation
embeddings r;,i=1,---,n and the entity representations
e.,i=1,---,n—1 derived from the entity converter are the compo-
nents of a path sequence.

To represents a path by consuming the path sequence, the path
encoder is defined as:

— — —

He= ReLU(Wh Heq+ WX [) (4)
in which R € R"and FH € R" are hidden states of the RNN at step
t and t-1, respectively. W, € R”" and W; € R™* denote the param-
eter matrices of the RNN. X', € R" is the representation vector of the

path component at step t. Specifically, when t is an odd number, X,
is the t-th relation representation in the path sequence, and when ¢t

is an even number, X is the (t/2)-th entity representation in the
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path sequence. ReLU is the rectifier linear unit and we select it for
its best performance compared to other commonly used activation
functions. In Eq. 4, the final hidden state of the path encoder is out-
put as the predicted relation embedding and also the path represen-
tation. In particular, for a path of length 1 containing only one
relation, the path encoder directly outputs the embedding of this
relation.

Significantly, according to the added inverse relations, our
model can convert each original path extracted from the KG into
bi-directional path sequences. We can achieve both forward and
inverse path representations with the parameter-shared path
encoder for bi-directional paths linking entities.

3.4. Objective formalization

The actual human-like reasoning mechanism infers according
to the multiple paths organized by a graph structure. Therefore,
we propose fusion representation learning to exploit the semantics
of multiple paths between entities comprehensively. The weight of
each path determines the extent to which this path contributes to
the fusion representation learning of numerous paths. Two energy
functions concerning triples and various paths are developed as
follows:

Ei(h,r,t) = [h+1—t]|; ,, (5)
1
Exr,2) = ﬂci%‘ZHr —RNN®)IlL, 1, (6)
! pic?

where E; captures the translational principle of each triple (h,r,t)
and is the primary function depending on single triples. h,r,t
denote the embeddings of head entity, relation and tail entity,
respectively. E; models the dissimilarity between multiple paths
and the direct relationship from head entity to tail entity. Here 2
is a set of paths in the same direction as relation r, and p; is one
of the paths in 2. g; is the weight of path p; obtained in the process
of path extraction by our extended PCRA algorithm. ¢; is the overall
confidence of composing path p; by horn rules mentioned in Sec-

Table 1
Statistics of the experimental datasets.
Dataset #Relation  #Entity #Train #Valid #Test #Rule
FB15K 1,345 14,951 483,142 50,000 59,071 899
WN18 18 40,943 141,442 5,000 5,000 77
NELL-995 200 75,492 123,370 15,000 15,838 201
Table 2
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tion 3.1. RNN(p;) is the representation of path p; via the path enco-
der defined in Eq. 4.

Based on the energy functions stated in Eqs. 5, 6 and the nega-
tive sampling strategy, we propose a two-component loss function
L comprised of L; and L, for training our model:

L= Z (L1 + ALp) 7
(hrtyes
L= Y By -E#.re), ®)
(h"r/.t’) e7’!

E(r,?)+E(r !, 2!
=Y |r+ 202 22( ) B (9)

7
res +

in which L, is the triple-specific loss and L, is the path-specific loss,
traded off by a parameter /. y; and 7y, are two margins in L; and L,,
respectively. [x], returns the maximum value between x and 0. r~!
represents the inverse version of the relation r and 2! denotes the
set of path sequences in the inverse direction of 2. 7 is the set of
positive triples observed in the KG. We define the negative sample
set of 7 as

T'=(h,r,t)yu(hr tyuhrt) (10)
where 7' is comprised of the negative triples which are generated
by randomly replacing one of the components in positive triples by
another one and wiping out the generated triples already in 7.

Algorithm. The complete training procedure of our proposed
model is shown in Algorithm 1. We take ¢, «/, y,,7,, 4, T, b as input.
Before invoking the main algorithmic loop, we initialize relevant
variables and set the number of epochs as the stop criterion for
the loop. The algorithm starts updating corresponding entity and
relation embeddings and variables recurrently until the conver-
gence or stop criterion is met. Finally, the completed entity and
relation embeddings are generated after several epochs.

4. Experiments

In this section, we will describe the datasets and the experi-
mental setup applied in our experiments. In specific, We compared
several tools like AMIE+ [11] and AnyBurl [30], and AMIE+ is
selected for its convenience and good performance of mining more
high-quality (confidence > 0.7) horn rules for path composition.
We empirically evaluate our proposed approach with state-of-
the-art baselines on two tasks, including link prediction and path
query answering.

Evaluation results of comparison models on FB15K, WN18 and NELL-995. The best and second-best results in each column are boldfaced and underlined, respectively. Note that

both Entity-to-Type and Entity-to-Relation modules are available for FB15K.

FB15K WN18 NELL-995
Model Hits@n Hits@n Hits@n

MRR 1 3 10 MRR 1 3 10 MRR 1 3 10
TransE 0.378 0.229 0.468 0.635 0.452 0.087 0.819 0.928 0.219 0.150 0.247 0.352
TransH 0.280 0.171 0329 0.641 0.358 0.045 0.618 0.814 0.223 0.152 0.250 0.358
TransR 0.343 0.217 0.405 0.583 0.603 0.334 0.875 0.942 0.232 0.262 0.309 0.382
HolE 0.524 0.403 0.616 0.727 0.938 0.930 0.943 0.946 0.299 0.255 0.304 0.386

ComplEx 0.692 0.599 0.759 0.839 0.941 0.936 0.945 0.947 - - - -

ConvE 0.657 0.558 0.723 0.831 0.943 0.935 0.946 0.956 - - - -
PTransE-ADD 0.679 0.565 0.768 0.855 0.890 0.931 0.942 0.945 0.304 0.234 0.337 0.437
PTransE-RNN 0.539 0.376 0.636 0.822 0.886 0.851 0.919 0.939 0.286 0.232 0.386 0.423
MINERVA 0.387 0.321 0.426 0.511 0.866 0.827 0.899 0.926 0.328 0.274 0.359 0.433

Ours (EC1) 0.716 0.701 0.756 0.868 - - - - - - - -
Ours (EC2) 0.715 0.651 0.750 0.857 0.946 0.940 0.945 0.952 0.350 0.282 0.402 0.475
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Algorithm 1: Training framework of our proposed model

Input: G: Training set

A: The set of all the paths extracted from G
71, ¥2: Margins

A: The weight for trade-off

T': The total number of epochs

b: The batch size

1 Initialize Entity embeddings e, relation embeddings r, the
projection matrix P,, the parameters of RNN W,, W,

randomly;

2 for epoch=1,2,..., T do
Tyaien < Sample(G, b); /+ Sample a minibatch

3

Sbatch

of triples */
« @, /% Initialize the set of
input instances */

5 for (h, r, t) € Tbatch do

10

11

12
13
14

15
16

17
18
19
20

21
22
23
24
25
26

27 end

end

(h'

,r/, t/) < Negative(G, (h,r,1)); /* Sample a

*/

corrupted triple

P < Generate(A, (h,r,1)); /= Get a set of

paths between (h,t) */

for p € P do

if @ Horn rule R can be matched with p then
p’ <~ Compose(p, R); /+ Compose p

with the rule R x/
p < Replace(p, Pl); /* Replace p
with p, */

end

if The KG has entity types then

Converting entities in path p according to
Eq.1;

else

Converting entities in path p according to
Eq.2;

end
Encoding the path p by Eq.4;

end
P~! « Reverse(P); /% Generate the set

*/

of inverse paths

forpe P~ do

The same procedure as in lines 7-16;

end
Spareh < Spaten YL 1, 1), (B 1), P, P71},

Update embeddings e, r, and parameters P., W,, W;

W.I.t.

Z((hm,(h o PP )ES e

—Eyh O], 4+ A+

\Y [)/l +

Ey(r,P)+E;(r~', P71
2

E,(h,r,1)

o

—Ey(r, P)|
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4.1. Datasets and experimental setup

4.1.1. Datasets

We employ three widely-used benchmark datasets for the
experiments, including FB15K [4], WN18 [4], and NELL-995 [32].
The statistics of these datasets are exhibited in Table 1. In particu-
lar, FB15K contains 90 domains and 3,853 types of entities in total,
which can be conducted by both attentive entity-to-type conver-
sion and entity-to-relation space projection modules. In contrast,
only entity-to-relation space projection module can be evaluated
on WN18 and NELL-995 due to no types in these two datasets.

4.1.2. Hyperparameter settings

All the experiments are performed on an Intel i9-9900X CPU
with 64 GB main memory. We initialize all the baselines with
the parameter settings in the corresponding papers and then turn
them on experimental datasets for best performance for a fair com-
parison. For our model, we train it by setting batch size of 1024 on
each dataset, with grid search for selecting the best hyperparame-
ters. We select the embedding dimension of both entity and rela-
tion k € {50,100, 150,200}, the learning rate
¢ € {0.001,0.005,0.01,0.02,0.05}, the margins
71,72 € {0.5,1.0,1.5,2.0,3.0,5.0}, and the weight for trade-off
1€{0.5,1.0,1.5,2.0,3.0}. During the training phrase, we select L,
norm for all the equations containing norms and apply L; regular-
izer for all the parameters. The optimal configurations are obtained
by trial and error: {k =100, 6 = 0.001, y, =7, = 1.0, = 1.0} on FB15K
and NELL-995 datasets, {k = 50, é = 0.01, y, = 1.0, y, = 2.0, 1 = 0.5}
on WN18 dataset. We also perform grid search on the maximum-
length of paths 2 and 3, and the length of paths is set no longer
than 2 due to the comprehensive consideration of the training effi-
ciency and reasoning performance.

4.1.3. Baseline models

For comparison, we select several typical and competitive base-
lines, which are categorized into two groups: (1) the models that
utilize triples alone, including TransE [4], TransH [46], TransR
[27], HolE [35], ComplEx [40] and ConvE [10]. (2) The models that
introduce paths from the KG, including embedding-based PTransE
[26] and reinforcement learning-based MINERVA [8]. Our model
falls into the second group as it leverages both triples and paths.

4.2. Link prediction

Link prediction is a classical evaluation task that tries to predict
the missing head or tail entity for an incomplete triple (h,r,t). This
task could be regarded as a simple question-answering in a sense.

4.2.1. Evaluation protocol

For evaluation, we follow the standard protocol: for each triple
(h,r,t) in the test set, we replace the head or tail entity with all
entities in the KG to create a set of candidate triples. Then, The can-
didate triples can be ranked in ascending order according to the
scores calculated by

(Ez(r, 2)+E, (Tﬁl s ?71))
2

Then, we obtain the rank of the correct triple and report the per-
formance using two standard metrics: the mean reciprocal rank
(MRR) and the proportion of ranks no larger than n (Hits@n). Here,
higher MRR or Hits@n accounts for better performance. Besides, all

E.(h,r,t,?) =Ei(h,r,t)+ A (11)
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evaluation results are shown under the setting “Filter”, i.e., remov-
ing any candidate triple that already exists in the training, valida-
tion, or test set except for the correct one.

4.2.2. Experimental results

We conduct the link prediction experiments for the baselines
TransE, TransH, TransR' and HolE> on NELL-995 while PTransE’
and MINERVA? on all the three datasets by their source codes. The
other results of baselines are achieved from the corresponding orig-
inal papers. As for our model, the attentive entity-to-type conversion
and the entity-to-relation space projection are abbreviated as EC1
and EC2, respectively.

The evaluation results on FB15K, WN18, and NELL-995 are sum-
marized in Table 2. It indicates that our approach outperforms the
state-of-the-art models in most cases. Some further analyses are
listed as follows:

o Our model consistently outperforms other baselines in terms of
MRR and Hits@1 on all three datasets. Compared to the best
baselines ComplEx and PTransE-add, our model obtains the per-
formance gains: (1) Compared with ComplEx: 3.3%/17.0% of
MRR/Hits@1 on FB15K, 0.5%/0.4% of MRR/Hits@1 on WN18.
(2) Compared with PTransE-add: 5.5%/24.1% of MRR/ Hits@1
on FB15K, 6.3%/1.0% of MRR/Hits@1 on WN18, 15.1%/20.5% of
MRR/Hits@1 on NELL-995. These results emphasize the superi-
ority of our approach in high-precision link prediction.
Specific to the results on FB15K, our model with attentive
entity-to-type conversion performs similarly but slightly better
than that with entity-to-relation space projection. This result
illustrates the effectiveness of the proposed entity converter
mechanism on any KG, whether it contains entity types.

All the path-based baselines and our model outperform the
other models on the more sparse dataset NELL-995, verifying
the higher performance gains on link prediction benefit from
exploiting multi-hop paths to create more semantic relation-
ships between entities.

Our approach outperforms other path-based baselines PTransE-
ADD, PTransE-RNN, and MINERVA mainly due to incorporating
both entities and relations in path sequences together with the
joint semantics and data-driven path representation for intro-
ducing more effective path representations in KG reasoning.
On WN18 dataset, all the path-based baseline models are infe-
rior to some baselines only employing triples such as ComplEx
[40] and ConvE [10] on all the metrics. Besides, ConvE performs
better than our model on Hits@3 and Hits@10 on WN18.
Because few paths can be extracted from the dataset WN18
with much fewer relations (only 18 relations) compared with
the other two datasets FB15K and NELL-995. Some paths that
cannot accurately represent the relations between entities
would even bring noise. Thus, it is difficult for our model to per-
form as good as on FB15K and NELL-995. Honestly, whether
enough effective paths can be extracted from the dataset affects
our model’s performance to a certain extent. On the other hand,
our model could improve path representation to learn richer
associations between entities and take advantage of rules to
inject more semantics in learning KG embeddings, benefitting
to improve the performance of high accurate link prediction
and outperforms other baselines on the metrics MRR and
Hits@1 that need higher accuracy.

! The code for TransE, TransR, and TransH is from https://github.com/thunlp/Fast-
TransX.

2 https://github.com/thunlp/OpenKE.

3 https://github.com/thunlp/KB2E.

4 https://github.com/ashiqueh/MINERVA.
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Table 3
Ablation study of our model on FB15K and WN18.
FB15K WN18
Model MRR Hits@10 MRR Hits@10
Our full model 0.715 0.868 0.946 0.952
-EC 0.691 0.817 0.896 0.932
-BDP 0.709 0.835 0.925 0.943
-Rule 0.702 0.853 0.933 0.947

4.2.3. Ablation study

We implement the ablation study to analyze the effects of the
core components by removing them from our full model and eval-
uating the performance on FB15K and WN18. As shown in Table 3,
compared to our whole model, the model that removes Entity Con-
verter (-EC) drops 5.88% of Hits@10 on FB15K, and the model that
removes Bi-directional Path (-BDP) drops 3.8% of Hits@10 on
FB15K, and the model that removes Rules (-Rule) drops 1.72% of
Hits@10 on FB15K, respectively. The ablation study emphasizes
the significance of all the components leveraged in our model,
especially the entity converter.

4.3. Path query answering

To evaluate the performance of KG reasoning concentrating on
paths, we conduct the complex multi-hop path query answering
containing two sub-tasks. (1) Path query answering of entity infer-
ence: given a head entity and a path sequence, predicting the tail
entity by the initial entity and the path. For example, the path

query Iron Man A% Robert Downey””isf'-'1 ? means the multi-hop

reasoning “where does Robert Downey, the actor of Iron Man,
live?”. (2) Path query answering of relation inference: given an
entity pair and multiple paths between the two entities, inferring
the relation connecting the entity pair by both entities and multi-
ple paths.

4.3.1. Evaluation protocol

In generating the test sets, the paths for testing are extracted
from the whole graph consisting of both training and test triples
with our paths extraction algorithm, which is the same training
procedure. The paths already exploited for training should be
removed. Then, we evaluate the path query answering tasks on
the test sets generated by both the original test triples and the cor-
responding multiple test paths. The statistics of triples and paths
on three constructed test sets are shown in Table 4.

On account of the path query answering of entity inference, a
query h—r; —e;---— 1 — ? is created by removing the tail
entity of each test instance. And then, the path with the highest
weight is selected if there are multiple paths. We rank the correct
answer with the other answers based on the scores in ascending
order according to the score function as

Eq(h.p.t) = [lh+RNN(p) — tl|y, ;, + [t +RNN(p™") = h, ,, (12)

where the forward path p and its inverse version p~! are considered
jointly.

To evaluate the path query answering for relation inference, we
calculate the score via the energy function defined in Eq. 11 and
rank the correct answers. For evaluation on both path query
answering sub-tasks, we employ the “Filter” setting to report the
mean rank (MR) and the mean reciprocal rank (MRR) over all the
test cases, and also the proportion of test cases obtaining the cor-
rect answer in the top n (Hits@n).
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Table 4
Statistics of the test sets for path query answering.
Statistics FB15K WN18 NELL-995
#Triples 113,676 9,492 12,398
#Paths 1,825,415 16,934 97,024

Among all the baselines utilized in link prediction, only PTransE
[26] is applicable for both path query answering sub-tasks because
the other baselines are unable to infer with the given paths. Speci-
fic to path query answering for relation inference, TransE [4] can be
selected as another baseline representing the methods of inferring
a relation using only two entities.

4.3.2. Experimental results
The evaluation results of path query answering for entity pre-
diction are shown in Table 5. We can discover that:

e It is evident that our approach outperforms PTransE signifi-
cantly on the three datasets. Specifically, our model achieves
the performance gains: 26.3%/ 30.9%/ 74.6% of MR/MRR/Hits@1
on FB15K, 55.0%/ 5.3%/ 10.3% on WN18, and 6.5%/4.2%/5.1% on
NELL-995.

Particularly, our model achieves satisfactory results on WN18;
for instance, MR is 9 means any of the top 10 candidate answers
can be guaranteed as a correct answer. Hits@1 is 0.987 certifies
that the correct rate of the only right answer is 98.7%. These all
illustrate the high accuracy of answering path queries for entity
prediction with our model.

Table 6 reports the evaluation results of path query answering
for relation inference. Some discussions are given:

e The evaluation results demonstrate the superiority of employ-
ing multiple paths in path query answering for relation infer-
ence. TransE only calculates the score according to the
translational distance between the embeddings of an entity pair
in Eq. 5, our model and PTransE introduce not only the transla-
tional distance between two entities but also the semantic sim-
ilarity between the paths and the direct relation.

Our model further outperforms PTransE consistently. The rea-
son is that our model incorporates both entities and relations
along paths to capture more semantics along paths; meanwhile,
the horn rules and the entity converter are both to the benefit of
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representing paths with higher accuracy. This result illustrates
that our approach can better represent and leverage paths in
KG reasoning.

4.3.3. Case study

To further illustrate the superiority of our model on reasoning
with explainability, Table 7 provides three path query answering
examples of relation inference on NELL-995 that are all capable
of leveraging the horn rules to compose paths. On account of each
query in our case study, an answer relation can be inferred by a
horn rule matched to the path query. This answer relation even
ranks first among all the candidate relations by the scores calcu-
lated by Eq. 11. More specific to Example #2, given a path

. hi ibli . _born_in_ci .
jonathan =" simon """ 5" a york and a query (jonathan,?,
york), a horn rule person_born_in_city(x,y) < has_sibling(x,z)

Aperson_born_in_city(z,y) can be matched to the path. The correct
relation person_born_in_city for answering the query can be inferred
by this rule to connect the head entity jonathan and the tail entity
york, providing the human-understandable explanations to achiev-
ing the answer. Furthermore, the confidence of this rule is 1.0 and
it ensures the accuracy of the reasoning result. On the other hand,
the rank of the correct relation is 1 among all the candidate rela-
tions calculated by Eq. 11, which also illustrates the good perfor-
mance of our model on accurate path query answering.

All the existing KG embedding models including ComplEx and
ConvE merely relying on triples learn the entity and relation
embeddings in a "black box” training procedure without explain-
ability. Besides, the previous path-based approaches such as
PTransE all represent paths in a data-driven manner. The concrete
meaning of the path representations cannot be explained. To
emphasize how the improvement of explainability is achieved in
our work, a comparison between the baseline model PTransE and
our proposed approach when representing a path has been carried
out. As shown in Fig. 5, considering the path query answering task
that is the same as Example #2 in Table 7, the path representation
between the entity pair (jonathan,york) can be learned in abso-
lutely different manners by PTransE and our model. PTransE sums
all the relation embeddings along the path for obtaining the path
representation without explainability. It is unable for humans to
understand the meaning of this path representation due to a
data-driven fashion. In contrast, our model composes the path into
the relation person_born_in_city by the activated rule. Thus, the path
representation is the embedding of the predicted relation. The pro-

Table 5
Evaluation results of entity prediction of path query answering.
FB15K WN18 NELL-995
Model Hits@n Hits@n Hits@n
MR MRR 1 10 MR MRR 1 10 MR MRR 1 10
PTransE-ADD 38 0.576 0.433 0.862 20 0.938 0.893 0.993 2068 0.686 0.625 0.812
PTransE-RNN 42 0.564 0.405 0.850 22 0.933 0.895 0.990 2166 0.681 0.607 0.816
Ours (EC1) 28 0.750 0.756 0.883 - - - - - -
Ours (EC2) 30 0.751 0.756 0.879 9 0.988 0.987 0.991 1934 0.715 0.657 0.826
Table 6
Evaluation results of relation inference of path query answering. We just set n = 1 of Hits@n to highlight the performance differences among the models.
FB15K WN18 NELL-995
Model MR MRR Hits@1 MR MRR Hits@1 MR MRR Hits@1
TransE 2.522 0.578 0.857 1.833 0.774 0.650 34.17 1.374 0315
PTransE-ADD 1.407 0.934 0.942 1.063 0.970 0.995 1.683 1.858 0.887
PTransE-RNN 1.435 0.917 0.938 1.041 0.983 0.997 1.728 1.854 0.882
Ours (EC1) 1.322 0.970 0.971 - - - - - -
Ours (EC2) 1.335 0.967 0.975 1.016 0.996 0.998 1.625 1.863 0.896
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Table 7
Path query answering examples of relation inference with explainability on NELL-995.
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Example #1

Path query
query: (kobe_bryant,?, nba)

athlete_plays_for_team
path: kobe_bryant——————— los_angeles_lakers—————— nba

team_plays_in_league

The matching rule

athlete_plays_in_league (x, y) « athlete_plays_for_team (x, z)
A team_plays_in_league (z, y) (confidence: 0.8)

Rank of the correct relation |

athlete_plays_in_league Rank: 1

The other top 3 relations athlete_plays_sport Rank: 2
coaches_in_league Rank:3
Example #2
has_sibling person_born_in_city
Path query path: jonathan simon york

query: (jonathan,?, york)

The matching rule

person_born_in_city(x, y) « has_sibling (x, 2)
A person_born_in_city (z, y) (confidence: 1.0)

Rank of the correct relation \ person_born_in_city Rank: 1

The other top 3 relations
person_has_citizenship

person_moved_to_state_or_province

Rank: 2
Rank: 3

Example #3

top_member_of_organization

Path query path: bill

query: (bill,?, microsoft)

microsoft_corp

company_also_known_as

microsoft

The matching rule

person_leads_organization (x, y) « top_member_of_organization (x, z)
A company_also_known_as (z, y) (confidence: 0.83)

Rank of the correct relation |

person_leads_organization Rank: 1

The other top 3 relations person_has_job_position

athlete_belongs_to_organization

Rank: 2

Rank: 3

Query: (jonathan, ?, york)
has_siblin, erson_born_in_ci
Path: @ — £ simon P Do in_clty :@
~ N
~
- \
PTransE S \ Our Model
~
_ ™ _Rule: person \B({niinicity(x, y) <=
has_sibling(x, Z)Y/\ person_born_in_city(z, y)
= +

r—=—a

[ [
Path Representation: } }
L _ _'has_sibling person_born_
without in_city
explainability B

VO
\
M L
person_born_in_city
Jjonathan > york

ffffffffffff .
| @ !
Path Representation:! }
} person_born_in_city }

with explainability

Fig. 5. An example of illustrating the explainable path representation by comparing PTransE and our model on path query answering.

cedure of representing the path by our model is transparent, and
the path representation result is human-understandable with
explainability.

5. Conclusion

This paper proposes a novel knowledge graph embedding
model for reasoning via learning entity and relation embeddings
by introducing a joint semantics and data-driven path representa-
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tion. We compose the paths into single relations or condensed
paths by the horn rules with high accuracy and explainability.
For the paths that are still longer than 1, we develop a general
entity converter strategy containing an attentive entity-to-type
conversion module for the KG with types and an entity-to-
relation space projection module for the KG without types to
reduce the heterogeneity between entities and relations. Then,
we design a path encoder to obtain the path representations with
the input of bi-directional path sequences. We train our model to
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learn the entity and relation embeddings by introducing the fusion
representation learning of multiple paths between each entity pair.
Experimental results illustrate that our model achieves superior
performance than the state-of-the-art baselines on link prediction
and path query answering tasks. The detailed analyses also demon-
strate the effectiveness of representing paths in a joint semantics
data-driven fashion, making for the performance boost on KG rea-
soning tasks.

In terms of future work, we plan to explore further the follow-
ing research directions: (1) One approach is to investigate the
graph neural networks incorporated with horn rules to obtain
the neighbor information to learn accurate KG embeddings. (2) A
second direction is to provide further consideration to enhance
the semantic representations of facts by including side information
(e.g., textual descriptions of entities and ontology) beyond their
relations that we have considered thus far.
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