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Abstract
Knowledge graph (KG) conflict resolution is to solve knowledge conflicts problem in the con-

struction of KG. Aiming at the problem of KG conflict resolution, a KG conflict resolution algorithm

NGDerm is proposed, which is a numeric graph dependency-based conflict resolution method. NGD-

crm utilizes the dependency graph to perform arithmetic calculation and predicate comparison of nu-

merical entity knowledge in the KG. NGDcrm first uses a parallel segmentation method to segment

the KG; then, it extracts the features of the KG according to KG embedding; finally, it uses numer-

ical graph dependencies to detect and correct the wrong facts in the KG based on the extracted fea-

tures. The experimental results on real data show that NGDerm is better than the state-of-the-art
knowledge conflict resolution method. Among them, the AUC value of NGDcrm on the DBpedia
dataset is 15.4% higher than the state-of-the-art method.

Key words: dependency graph, knowledge conflict resolution, knowledge graph (KG), nu-

meric graph dependency( NGD)

0 Introduction

Knowledge graph ( KG) construction is an active
research area''”’. Many KGs such as DBpedia'*',
Read The Web”’ and YAGO'® acquire knowledge
from structured or semi-structured web resources. In
the process of constructing the KG, some inconsistent
or wrong knowledge will appear'”®', which is called
knowledge conflict in the KG. The method of automati-
cally correcting these knowledge conflicts is called the
knowledge conflict resolution method or KG correction
error method. The existing knowledge conflict correc-
tion methods mainly utilize entity relationship embed-

ding vector """’

or graph structure embedding vector to
correct the wrong facts. Although these methods can
correct many knowledge conflicts in KGs, they cannot

find the inconsistent numerical data in the KG and

have poor interpretability.

However, the numerical data in the KG often
changes dynamically with time. This article focuses on
the problem of inconsistent numerical data in the KG.
Many facts in the KG change over time, so the entities
and relationships in the KG also change. This change
is called the evolution of the KG. During the evolution
of the KG, noise, inconsistency, and even wrong facts
often appear. Such errors will cause cascading propa-
gation errors in KG completion and inference''"
which will lead to inconsistent data and knowledge con-
flicts in the KG. Therefore, in order to solve the prob-
lem of inconsistent knowledge conflicts during the evo-
lution of KGs, researchers have proposed representa-
tion learning methods based on entity relationship em-
bedding and graph structure embedding, and conflict
fact correction method based on entity and relationship
embedding vector and path embedding vector. These
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methods take the time attribute of facts as an essential
feature in the evolution of the KG, and use the dis-
joint, antecedent, and mutually exclusive relations of
time to constrain time-based conflicting facts, and use
the method of recurrent neural networks to detect con-
flicts. A lot of inconsistent facts appear to be adjusted
but these methods cannot resolve the conflict or incon-
sistency of the numerical data, and the interpretability
is poor. Besides, another disadvantage of the existing
KG conflict resolution methods is that the dependency
relationships between entities are not fully utilized,
which is why these methods are not sufficient. There-
fore, new method needs to be proposed to solve knowl-
edge conflicts problem in the process of KG evolution
and to ensure the consistency of numerical data.

In order to solve the shortcomings of existing KG
conflict resolution methods, a dependency graph-based
KG conflict resolution method named NGDecrm is pro-
posed, which uses the dependency relationship be-
tween entities in the KG to detect and correct knowl-
edge conflicts in the KG. A large number of experi-
mental results on real data sets show the effectiveness
of the NGDerm. In summary, the main contributions of
this article are as follows:

(1) A KG conflict detection method NGDcrm is
proposed, which finds and corrects conflicts of facts
based on the dependency relationship between entities
in the KG. This is the first attempt to apply dependen-
cy graph relationships to knowledge conflict correction
of KGs.

(2) NGDcrm makes full use of the dependency
relationship between entities in the KG for conflict dis-
covery and correction, making the KG conflict discov-
ery more interpretable. This solves the poor interpret-
ability problem which is caused by the representation
learning-based method.

(3) A large number of experimental results on
DBpedia and YAGO2 show that NGDerm is superior to
existing knowledge conflict correction methods. The
AUC value of NGDcrm on DBpedia is 15. 4% higher
than the best-known method CoCKG, and the AUC
value of NGDerm on YAGO2 is 16. 1% higher than the
best-known method CoCKG.

The rest of this paper is organized as follows. Sec-
tion 1 summarizes the related work of KG conflict cor-
rection. Section 2 describes the KG conflict resolution
problem. Section 3 gives the KG conflict detection and
correction framework based on the numeric dependency
graph. The experimental results and analysis are given
in Section 4. At the end, Section 5 summarizes the
work and gives the research direction in the future.

1 Related work

The existing KG conflict correction methods are
divided into relational assertion-based methods and
representation learning-based methods. Relational as-
sertion-based methods require the restrictive knowledge
of relationship between entities. Representation learn-
ing-based methods require the relationship between en-
tities and the graph structure features of the KG.

1.1 Relational assertion-based methods
Researchers have proposed some error correction
methods for the problem of relational assertion error de-
tection in the KG. For example, researchers have pro-
posed some methods for clearing the large-scale linked
open data (LOD) error facts for DBpedia and never-
ending language learning ( NELL) , but they still con-
tain many relationship assertion errors that cannotbe

detected by inference methods''"”’.

One of the main
reasons for this type of problem is the lack of domain
and scope restrictions or overly general restrictions.
SDValidate'"*' uses the statistical distribution of types
and relationships to find false relationship assertions.
Ref. [ 13 ] applied the type of entity similarity measure
to outlier detection to find false relational assertions.
These methods can effectively detect errors in DBpe-
dia, but they require the presence of an information
type declaration. Besides, more complex wrong entity
errors containing the correct type cannot be detected.

Ref. [ 14] can deal with static fact conflicts, but
cannot deal with fact conflicts that change over time.
Ref. [ 15 Jused Markov logic networks to reduce errors
in the temporal KG. They used hand-designed timing
restriction rules to encode static facts with a binary re-
lationship. The disadvantage of this method was that it
was impossible to encode the timing information to suit
the dynamic changes of the KG. Ref. [ 16] studied the
problem of erroneous links in Wikipedia and DBpedia.
They modeled Wikipedia links as some directed single-
relationship graphs and proposed the LinkRank algo-
rithm for ranking pages, in which links are ranked by
the importance of relationships. LinkRank generates
candidates for link correction and uses text features to
train the support vector machine classifier. The number
of association errors can be reduced by improving the
quality of the source data, but this method cannot be
directly applied to arbitrary KG.

Ref. [ 17 ] proposed a temporal inference and con-
flict resolution system TeCoRe for non-deterministic
temporal KGs, which allows users to select rules, es-
tablish constraints and resolve conflict facts. This sys-
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tem is built on the time expansion modules of the two
probability inference engines, nRocklt and PSL solver,
which can efficiently deal with time limit problems.
TeCoRe transforms non-deterministic temporal KGs,
inference rules, and constraints into weighted first-or-
der logic that can be represented by Markov logic net-
work and probabilistic soft logic. According to logical
reasoning, inconsistent facts in the KG can be found.
On this basis, they use the Markov logic network’ s nu-
merical expansion method'™® to give uncertain temporal
KG syntax and semantic support, and use the Datalog
limit set to expand the KG pattern to detect inconsist-
encies facts in the KG.

1.2 Representation learning-based methods

KG conflict resolution and KG completion are in-
separable. The process of KG completion is also the
process of KG correcting errors and resolving knowl-
edge conflicts. Recently, researchers have used repre-
sentation learning methods to complete KGs, and use
KG representations in low-dimensional dense vector
spaces, that is, KG embedding models to complete
KGs'™). The triples between them are scored with con-
fidence, the triple with the higher score is the correct
candidate triple, and the triple with the lower score is
likely to be the wrong triple. RESCAL"™ is one of the
earliest KG embedding models. It performs tensor de-
composition on the adjacent tensor of the KG, and the
obtained feature vector corresponds to the entity em-
bedding and core tensor relation matrix. TRESCAL'"
extends RESCAL by leveraging the domain and scope
constraints of entity types and relationships to improve
data quality and speedup the tensor decomposition
process. The neural tensor model ( NTN) represents
each relationship as a bilinear tensor operator and a
linear matrix operator. Other early embedding models
include structural embedding ( SE )2 semantic
matching energy ( SME)'®'  and the latent factor
model ( LFM ).
method is to express the relationship as a translation

The translation-based embedding

between the two entities, subject and object.
TransE'”! is the first translation-based model pro-
posed. TranskE shares entities and relationships with
the same embedding space. TransH'*’ and TransR'™"
show that transformations are performed in the relation-
ship space and interact with entities spaces are differ-
ent, so projection matrices are needed to map entities
to relational spaces. CTransR'*’ contains multiple re-
lationship semantics, where a relationship may have
multiple meanings as determined by the entity pair as-
sociated with the relationship. HolE'® uses cyclic cor-

relation as an operator to combine topics and object

! method takes

the Hermitian fdot product of subject and object em-

embeddings. The complex embedding'®

beddings as a triplet score, which consists of real and
imaginary vectors. The discriminant Gaifman model ™"
embeds a subgraph pattern containing first-order rules
in the model. Recently, some studies have questioned
the performance of the new KGC embedding model.
Most experiments rely on only two data sets ( WNI8
and FB15k ), which contain many inverse relation-
ships'™’ | therefore, some models may take advantage
of this feature and may not perform well on other KGs.
Studies have also shown that the relationship between
candidate pairs can be a solid signal in some cases'*’.
Besides, recent work has shown that hyperparameter
tuning has been ignored, and simple methods (such as
DistMult) can achieve the best results after tuning'*'.

Researchers have studied various dependencies in
the graph'®'. These dependencies are usually defined
according to the graph model, aiming to capture incon-
sistencies between entities in the KG. They can be
used for knowledge acquisition, KG augmentation, and
spam detection in social networks. However, semantic
inconsistencies in realistic graphics often involve nu-
merical data. To catch such errors, arithmetic calcula-
tions and predicate comparisons are often necessary.
Unfortunately, existing graph dependency studies do
not support these computational expressions. Pick*' is
a model for solving conflicts of KG. This model deter-
mines the current data according to chronological order
and time constraints, and enforces data consistency by
using conditional function dependencies. Pick resolves
knowledge conflicts by integrating current data and
consistency inference into a single process and interac-
ting with users. CoCKG is an automatic method for cor-
recting confusion in KGs, which can resolve relation-
ship declaration errors caused by instance confusion.
This method relies on error detection methods and type
predictors to evaluate the confidence of a corrected fact.
It uses approximate string matching and uses search for
entities with similar Internationalized Resource Identifi-
er and Wikipedia disambiguation pages to find candi-
date instances for correcting facts. Ref. [35] proposed
a class of numeric graph dependency ( NGD) with
arithmetic and comparison expressions to capture se-
mantic inconsistencies in the KG. The author proposes
an incremental algorithm based on NGD to detect errors
in the KG. This method has good interpretability, but
it does not solve the problem of KG conflict resolution.
Therefore , based on this, this paper proposes an NGD-
based knowledge conflict resolution method to solve the
deficiencies of existing knowledge conflict resolution
methods.
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2 Problem description

Given a KG G =(V, E, T), Vis a finite set of
entities, each node v in V is labeled as L(v). ECV x
Vis a set of relations between entities, the label of
edge e in E is L(e), where (v, v') represents the
edge from node v to v'. T = { <subject, relation, ob-
ject > | is a triple set of knowledge, subject and object
represent two entities involved in knowledge, and rela-
tionship is the relationship between entities.

The matching of the pattern Q[ x"] in the graph G
is a mapping h from Q to G such that (a) for each
node ueV,, L,(u) =L(h(u)); (b) for Q each of e
=(u, u'), e =(h(u), h(u")) is an edge in G,
and L,(e) =L(e"). The graph pattern Q[«] is ex-
pressed as e;X)e, , where e, and e, are linear arithmetic
expressions of Q[x] (suchas +, -, x, =), and
X is a built-in comparison operator =, #, <, <,
>, and =.

Numeric graph dependency (NGD) is often used
for arithmetic expressions and built-in predicates. The
form of numeric graph dependencies marked by NGD is
Qlx] (X —Y), where Q[ x] is a graph mode, called
@ mode; X and Y are the literals set of Q[ x] ( maybe
empty set). NGDg is a combination of; (a) topologi-
cal constraint (), used to identify entities in the graph;
(b) attribute dependencies X — Y, defined by linear
arithmetic expressions connected to built-in predicate to
enforce () identification the entity. NGD supports the
following two: linear arithmetic expressions with + ,
-, X
icates =, # , <, <,>, =.

As shown in Fig. 1 (left part of Fig. 1 is derived
from Ref. [35]), the date related attributes of BBC
Trust institution in Gl is incorrect as its created date
(2007 -##-#4#) is later than its destroyed date (1946-
08-28). The goal of KG error correction is to correct

, +,and | - |; comparison with built-in pred-

such errors. To correct the errors, the place of those
two dates should be exchanged. In this way, Gl can
be changed to G1' without using external data sources.

BBC_Trust BBC_Trust
institution institution
wasCreated wasDestroyed wasCreated wasDestroyed
OnDate OnDate =) OnDate OnDate

o (o 0o
2007-##-## 1946-08-28 1946-08-28  2007-##-##
date date date date
Gl wasDestroyed wasCreated Gl
OnDate OnDate

Fig.1 The example of error correction with NGD in G1

As shown in Fig.2 (the left half of Fig.2 is

derived from Ref. [35]), for Bhonpur. ( Population
Total ) in G2, it should be equal to Bhonpur. (Female
Population) + Bhonpur. (Male Population). The goal
of KG error correction is to change G2 to G2’ without
using external data sources, that is, to change the pop-
ulation total in G2 to 1372 (i.e., 600 + 722). The
aim of KG conflict resolution is to correct numeric er-

rors with NGD.

Bhonpur Bhonpur
area area
_ male female 3 male
lation population ==) Population PPUIRtio population
al Tofal
4 v
o o o Q o o
. 600 1572 722 . 600 1372 722
Integer  integer integer Integer  jnteger  integer
G2 population _  female male X
Total Population = Population

Fig.2 The example of error correction with NGD in G2
3 Proposed solution

This paper proposes to use the NGD-based KG er-
ror correction method to correct the wrong knowledge in
the KG. Firstly, the KG is segmented by the method of
cutting edges, and then pattern matching is performed
on the KG. Then the conflict detection is performed
according to the graph dependency relationship be-
tween entities. Finally, the KG is corrected based on
the graph’ s dependency constraint relationship. This
solution uses a cut-edge method to perform parallel
graph segmentation on the KG. It then uses KG repre-
sentation learning to perform graph pattern matching,
then discovers knowledge conflicts based on graph de-
pendency constraints between entities, and finally uses
NGD to analyse knowledge conflicts for error correc-

tion.

3.1 KG partition

Since the scale of the KG is very large, we first
segment the KG. KG segmentation takes a simple KG
G=(V, E, T) as input, and each edge consists of a
pair of unordered vertices (i.e., v, ue V). IVl =n
is the number of vertices, and |E| =m is the number
of edges. The purpose of graph partitioning is to create
k disjoint subsets ( partitions) of vertices, V=V, U+
U V, to minimize the number of edges between the ver-
tex sets. The total weight of these partitions across ed-
ges is named edge cut:

K
edgecut = Zi:lvevizusr(v),ue‘/ieév’ ul (1)

This work focuses on the problem of balanced
graph partitioning, which means that the size of each
partition set is limited by the balance constraint, name-

ly:
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max; | V, |
| VI

In order to facilitate the discussion of the effect of

<1+e€ (2)

moving vertices, let d,,(v) denote the indegree of v,
that is, the sum of the weights of edges connecting v to
its partition. Let d
that is, the sum of the weights of edges connecting v to

. (v) denote the outdegree of v,
partitions. Let d,(v) denote the sum of the weights of
edges connecting vertex v to partition A. Finally, let
A(v) denote the number of external partitions to which
v is connected. Here the k-Way Hill-Scanning meth-
0d"’ is used. All boundary vertices are inserted into
the priority queue. To accurately sort vertices based on
vertices in the priority queue, it needs to track:

gain = max, pdp (v) - d,;, (v) (3)
where, P’ is the set of partitions that v is moved to and
it will not violate the balance constraint. However, this
will require frequent updates of vertex priorities as the
partition weights and vertex connectivity change. In-
stead, the approximate gain associated with moving the
vertex v out of its partition is prioritized as

d..(v)
= g, (o 4
A0 i (V) (4)

where, A(v) is the number of external partitions to

priority =

which v is connected. For vertices connected to only a
single external partition, Eq. (4) can simulate their
priority accurately. For vertices connected to multiple
external partitions, this facilitates vertices connected to
fewer partitions without unduly penalizing vertices con-
nected to too many partitions.

3.2 KG subgraph matching
KG embedding (KGE) method can answer graph

7] The existing KG query methods are

pattern queries
limited to answering facts or one-way path queries.
However, general graph queries involve bidirectional
path queries. Also, considering the multi-hop path,
the KGE method is susceptible to cumulative errors be-
cause errors at the edges can be amplified after multi-
hop'®). Therefore, a method based on KG embedding
is proposed to solve the graph pattern matching of KG.

In this section, KG embedding is used to perform
graph queries on incomplete KG without relying on
subgraph isomorphism. Subgraph isomorphism ( or
subgraph matching) has traditionally been considered
the key to answering graph pattern queries. However,
when KG is incomplete or contains incorrect knowl-
edge, the answer’s quality depending on KG will drop
sharply. To solve this problem, the subgraph isomor-
phism constraint in the proposed query model is re-
moved. The KGE method is used to improve the accu-

racy of queries, and correct wrong knowledge*’.

In
the model, we treat graph queries as a set of two-way
path queries. To answer graph queries, we first need to
answer each bidirectional path query through the KGE
method. However, most KGE methods do not consider
bidirectional path queries, and the operators used to
calculate energy are irreversible. To take advantage of
the regular and inverse constraints in the support meth-
od, the training process of the KGE method should be
improved. The spanning tree from KG is sampled and
then each tree is decomposed into a set of two-way
paths between two terminal vertices (or 1-degree verti-
ces) in the tree. Then, a set of wrong paths are crea-
ted by changing one terminal vertex of the real path,
and both the real and wrong path sets are used as the
training data. This improvement enables the KGE
method to learn the embedding of vertices and relation-
ships that are used to answer graph pattern queries.

3.3 KG conflict detection

NGD provides unified rules to capture whether the
values in the graph are consistent. Next, NGD is used
as the data quality rule to study the error detection in
the graph. To illustrate the problem of error detection in
KG, the following symbols are obtained from Ref. [40].
Given a KG G and an NGDe =Q[x"] (X — Y) and
we say that if Gh %@, then a match h(x) of Q in G
violates @, where Gh is induced subgraph of h(x).
For the set 3, of NGD, Vio (3, G) is used to represent
the set of all NGD violations in G, that is, h(x) e Vio
(2, G). If NGDg exists in G, let h(x") violate ¢ in
G. That is, h(x') violates at least one NGD in ..

The input of the error detection problem is the X,
of a set of NGDs and a graph G; the output is the set of
violations Vio (3,, G). That is, when NGD in 3, is
used as the data quality rule, the set Vio(3,, G) of all
inconsistent entities in G will be found. Given a set of
NGDs 3, and graph G, its decision version is a verifica-
tion problem to determine whether G| =3, is valid,
such as Vio(3, G) = @. The verification problem of
GFD is coNP-complete. Using GFDs as data quality
rules, Ref. [35] had developed parallel algorithms for
error detection. These algorithms are scalable in paral-
lel, which guarantees the reduction of the running time
of sequential algorithms when more processors are
used. Therefore, when the graph becomes more mas-
sive, it can be expanded by adding computing re-
sources. The experimental results of Ref. [35] have
verified the parallel scalability and efficiency of the al-
gorithm. This algorithm can be extended to NGDs. In-
deed, to make the algorithm work with NGDs on graph
G, which is dispersed and distributed across different
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processors, the only change is to locally check the
NGDs in each segment of G by adding arithmetic and
comparison calculations. Graph pattern matching re-
mains unchanged. For NGDs, the workload estimation
and balancing strategy of Ref. [40] remains un-
changed. These strategies allow the algorithm to scale
in parallel. As a result, when algorithms use NGDs in-
stead of GFDs, they maintain parallel scalability.
Therefore, a scalable parallel algorithm can be de-
signed for uniformly detecting semantically inconsistent
information in a graph (whether it is a number or not)
using NGDs.

In the large KG G, the cost of error detection is
high, and the graph updates in real-time, which high-
lights the need to study incremental error detection.
NGDcrm calculates Vio (3, G) at first, and then cal-
culates Vio (3, G @ G) in response to updating AG to
G incrementally. When AG is small, this is more effi-
cient than recalculating Vio (3, G @ AG) from
scratch,, which is very useful in practice. NGDcrm de-
fines unit updates as inserts or deletes that can simulate
some modified edges. Insertion may introduce new
nodes with labels, attributes, and values extracted
from the entity, while the delete operation will only de-
lete the link, and other nodes will not be affected.

3.4 Knowledge conflict resolution model

A sequential incremental error detection method is
proposed to detect error triples in a KG with NGDs. On
the NGDs defined by the connected graph pattern Q,
there is a path between any two vertices in (). Calcu-
late tuples for local violations by finding matches for
different connected components in (), combining these
partial matches to evaluate attribute dependencies, and
then using the triples that identify the violations across
multiple connected components.

Given the 3, of a set of NGDs, a KG G, and a
batch update AG, a single processor is used to calcu-
late AVio (3, G, AG). Increment subgraph matching
of the KG by following update-driven evaluation, and
use arithmetic and logical expressions to check depend-
encies. The overall framework of subgraph matching of
the KG is: given a pattern () and a graph G, each node
u in the first pair of matches () identifies a set of candi-
date matches C(u). Then, in each iteration, its sub-
routine recursively expands the scheme S by matching a
pattern node of ) with a node in the graph G, where S
is a set of node pairs (u, v), indicating that v and the
pattern node u match. For a partial solution S, the
subroutine selects a pattern node w that has not yet
matched, and refines C(u) by selecting and pruning
strategies according to some matching order. For each

refined candidate » in C(u), it checks whether v can
effectively match u by checking the correspondence be-
tween the edge adjacent to u in () and the edge con-
nected to v in G. Eligible node pairs (u, v) are added
to S, and then the subroutine is recursively called for
further expansion until all pattern nodes match. When
the subroutine is traced back, the partial solution S is
restored.

To sum up, the proposed KG error correction
method based on NGDs is shown in Algorithm 1. First,
the k-way method is used to segment the KG, and then
the KG embedded representation method is used to per-
form similarity subgraph matching in the KG. Then the
conflict between the comparison operation and the
arithmetic operation in the matching KG are found ac-
cording to NGDs, and finally the errors are updated in
the KG based on the semantic relationship without rel-
ying on external data sources.

Algorithm 1 NGDcrm: numeric graph dependency-based
conflict resolution method

Input: knowlege graph G = (V, E, T)
Output: the rectified knowlege graph G. G' = (V', E', T")

1. G’', =partition(G) ;
i=T

2. for (j=1;j<n+1;j++)
3 KGE(G';)
4. Y 6, =match (G, KGE (6'));
¥=1
5. for(k=1;k <m+1;k++)
6. errorfinder (NGDs(G',, Vio( Y, G',));
7. for (k=1;k <m+1;k++)
8. rectify (NGDs(G',)
9. for(k=1;k<m+1;k++)
10. G =G UG,

11. return G’

4 Experimental results

In this paper, the effects of NGDcrm and baseline
methods on knowledge conflict error correction of KG
are compared on two types of data sets: DBpedia*! and
YAGO2''. True positive rate, false positive rate, pos-
itive predictive value, and F1 value can measure the
performance of the proposed scheme. Experiments were
performed on a cluster with Intel Celeron E5-2620 V3
CPU, Nvidia Tesla K80 GPU, 128GB memory, and
Cent0S6.4. The algorithms in the experiment were im-
plemented in TensorFlow by using Python.

4.1 Datasets
(1) DBpedia KG contains 200 entity types with a
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total of 1.72 million entities, 160 edge types, and 31
million edges, which can be downloaded from https; //
wiki. dbpedia. org/Datasets.

(2) YAGO2 is YAGO’ s upgraded version, there
are 1. 99 million entity nodes in 13 types of entities,
and 5. 65 million edges in 36 types of edges, which
can be downloaded from https: // www. mpi-inf. mpg.
de/departments/ databases-and-information-systems/re-
search/yago-naga/yago/downloads/.

4.2 Test criteria and baseline methods

True positive rate, false positive rate, positive
predictive value, and F1 are employed to evaluate the
proposed KG conflict correction method. True positive
rate ( TPR) indicates the ratio of corrected conflict
facts that indeed conflict facts, TPR = TP/(TP +
FN) , where TP is the number of rectified facts, and
these facts are wrong in original KG, and FN is the
number of the fact that it is wrong facts but to be con-
sidered true fact. False positive rate (FPR = FP/(FP
+ TN) ) indicates the proportion of conflicting facts that
are incorrectly corrected and should not be corrected,
where FP is the number of facts ( correct facts) that are
incorrectly corrected, TN is the number of correct
facts. Positive predictive value (PPV = TP/(TP +
FP) ) represents the ratio of correcting correct conflict-
ing facts to all correcting conflicting facts, where
F1(F1 = 2PPV x TPR/(PPV + TPR) ) is the har-
monic mean of both PPV and TPR.

In this paper, the mainstream KG conflict resolu-
tion methods Pick'™ and CoCKg!*'' are selected as
baseline methods and compared with the proposed

method NGDecrm.

4.3 Experimental results and analysis

The NGDcrm employed AMIE! to find 21 and
24 numeric dependency rules (such as wasCreatedOn-
Date < wasDestroyedOnDate ) in DBpedia and YAGO2,
respectively. According to these numeric dependency
rules, the NGDcrm found 362 and 108 numeric errors
in the process of subgraph matching, which corrected
362 and 108 numeric errors in DBpedia and YAGO2 |
respectively. Fig.3 shows the ROC comparison results
of the proposed NGDcrm method with several baseline
methods on the DBpedia dataset. As can be seen from
Fig. 3 that NGDerm is significantly better than several
other methods. The AUCs of NGDcrm, CoCKG, and
Pick were 0.8306, 0.7198, and 0.6598, respectively.
The AUC of NGDcrm was 15. 4% higher than that of
CoCKG, which is in the second place.

Fig. 4 shows the ROC comparison results of the
proposed NGDcrm method with several baseline meth-

ods on the YAGO2 dataset. Similar to the experimental
results on the DBpedia data, NGDcrm is significantly
better than the other baseline methods. When the false
positive rate is 0.5, the true positive rates of NGDcrm
CoCKG, and Pick are 0.97, 0.91, and 0. 85, respec-
tively. Overall, the AUCs of NGDcrm, CoCKG, and
Pick are 0.9002, 0.7751, and 0. 7021, respectively.
The AUC of NGDcrm is 16. 1% higher than CoCKG’ s
AUC.
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Fig.3 ROC of NGDcrm and baseline methods on DBpedia dataset
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Fig.4 The ROC of NGDcrm and baseline methods on
YAGO2 dataset
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Fig.5 compares the F1 of NGDerm with the base-
line method on the DBpedia dataset. It can be seen
from Fig.5 that the F1 of NGDecrm is the highest.
Among them, when the ratio of the constraint conditions
on the x-axis is 0.5, the F1 values of NGDcrm,
CoCKG, and Pick are 0.88, 0.76, and 0. 68, respec-
tively.

Fig. 6 compares the F1 of NGDcrm with the base-
line method on the YAGO2 dataset. It can be seen
from Fig. 6 that the F'1 value of NGDcrm is the highest.
Among them, when the ratio of the constraint condi-
tions on the x-axis is 0.5, the F1 values of NGDcrm,
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CoCKG, and Pick are 0.88, 0.77, and 0.71, respec-
tively.

W77 7717

F-measure
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Fig.5 F-measure of NGDcrm and baseline methods on
DBpedia dataset
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Fig.6 F-measure of NGDcrm and baseline methods on
YAGO2 dataset

Fig. 7 shows the running efficiency effect of NGD-
crm and the baseline method on the DBpedia dataset.
It can be seen from Fig. 7 that the running time of NG-
Dcrm with the same data amount is the shortest, and
its running efficiency is the highest. When the DBpe-
dia dataset is increased by 40% , the running time of
NGDcrm is 43% , 72% less than Pick, and CoCKG,
respectively.

Fig. 8 shows the running efficiency effect of NGD-
crm and the baseline method on the YAGO2 dataset. It
can be seen from Fig.8 that the running time of the
same data amount NGDcrm is the shortest and its run-
ning efficiency is the highest. When the YAGO2 data-
set is increased by 40% , the running time of NGDerm
is 50% and 67% less than that of Pick and CoCKG,

respectively.
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5 Conclusion

The problem of knowledge conflicts in KGs is ana-
lysed. Existing research ignores the dependency rela-
tionship between the values in KGs. A knowledge con-
flict resolution method NGDerm is proposed, which
combines parallel KG segmentation, embedded feature
matching of KGs, and numerical graph dependencies.
NGDerm finds errors in the KG based on numerical
graph dependencies, and does not rely on external data
sources to resolve errors in the KG, thereby ensuring
consistency in the KG construction. A large number of
experiments on real datasets show that this method is
superior to the current mainstream methods. NGDcrm
shows that it is feasible to use numerical graph depend-
ence to deal with knowledge conflicts problem in the
process of constructing KG. In the future, this idea
will be used to solve the dynamic change of entity rela-
tionships during the evolution of the KG over time.
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