1 P 1 2 7 5 A

NG
7

[T

BN
IR KN FAE BER ST AT K

5 i 25-10-2018




Schedule of My Talk

What is knowledge graph?
Representation of knowledge graph
Reasoning with knowledge graph
Knowledge Update

Conclusion and Future Work




What is Knowledge Graph?

The Knowledge Graph is a knowledge base used by
Google and its services to enhance its search engine's

results with information gathered from a variety of
sources.

Formal definition: a knowledge graph is a knowledge
base with graph structure, where the nodes are

Instances or concepts, and edges are relations
between them




Why Do We Care about

Knowledge Representation?

How do we represent event in knowledge graph?

How can we represent temporal and spatial relations
In knowledge graph?

How can we represent n-ary relations in knowledge
graph?

What can be the nodes of a knowledge graph?

— Only instances or classes are allowed?

— How about literals? How about text ?

Is the graph representation the best way to represent
knowledge?

Is the knowledge static or dynamic?




Schedule of My Talk

 Representation of knowledge graph




RDF idea

Use (directed) graphs as data model

=
-

Subject Predicate Object

WA AT
A T

Each piece of information is represented as a triple

A set of triple is a knowledge graph




Literals

* for representing data values

* encoded as strings

* interpreted by means of datatypes

* literals without datatype are treated the same as strings

http://semantic-web-book.org/uri

http:/fexample.org/publishedBy
http:ffcrcpress.co@

http://fexample.org/title http://example.org/na mel

Foundations of Semantic Web Technologies CRC Press




Why Binary is not Enough?

‘ﬂnger

tﬂne
11953-1977
type | _
ime ‘Wlklpedla
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* #1 (Elvis, is a, singer)

- #2 (#1, time, 1953-1977)

From Yago

* #3 (#1, source,Wikipedial®




Adding text to KG

1; cook food _:F
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subsventof
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do
[ make it easy to dié)
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{ kill hanter}
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(happen in kitr:.h-D

From ConceptNet




Adding image to KG

scene graph

penera tion

Scene Graph

From FeiFei Li




RDFS:Class and Instance

Classes: sets of instance

Example: AN T2 B/ H

Classes can have hierarchy

— Example: N TE& G~ Fl 2 mAH A

ANTEBEATE] subclass BEMSE A E]




RDFS:Domain and Range

Property: a relation over instances
Example: &%

Property can domain and range:

— Domain: &t& A

— Range:/~H]




OWL

Ontology Web Language

Has description logics as its logical underpinning
W3C standard ontology language

Expressive logical language

— Negation: CarE —Train (Disjontness(Car,Train))
— Existential restriction:

dhasChild. Boy EParent




Knowledge Graph Embedding

Knowledge graph (KG) embedding is to embed components of a KG including entities and
relations into continuous vector spaces, so as to simplify the manipulation while preserving
the inherent structure of the KG.

.- o N

® Continuous vectors

Ashin .  dairplane




Knowledge Graph Embedding

Translational Distance Models

— Definition: Translational distance models exploit distance-based scoring functions.
They measure the plausibility of a fact as the distance between the two entities,
usually after a translation carried out by the relation.
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Entity and Relation Space Entity and Relation Space Entity Space Relation Space of
(a) Transk, (b) TransH. (c) Transk,




Context-based Representation
Learning

* Knowledge representation learning with structured
information

— Triple Context=Triple + Path Context + Neighbor Context

Jun Shi, Huan Gao, Guilin Qi, Zhangquan Zhou: Knowledge Graph
Embedding with Triple Context. CIKM 2017: 2299-2302




Context-based Representation
Learning

* Knowledge representation learning with structured
information

— Triple Context=Triple + Path Context + Neighbor Context
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Context-based Representation
Learning

 Knowledge representation learning with structured
information

— Triple Context=Triple + Path Context + Neighbor Context




Knowledge Graph Embedding with
Side Information

* Textual Descriptions
— Incorporate descriptions for entities to improve the quality of the Embedding.

(AlfredHitchcock, Director0f, Psycho)

t t

' Sir Alfred Joseph Hitcheock (13 | Psyche is a psvchological horror .'
August 1899 — 29 April 1980) film directed and produced by
was an English film director and Alfred Hitchcock, and written by

producer, ... | | Joseph Stefano, ...

* Simple method

* Textual information is simply used to initialize entity representations.

* Joint method
* Align the given KG with an auxiliary text corpus, and then jointly conduct KG

embedding and word embedding.




Application of KG in Computer Vision:

Multi-Modal

Category Text Knowledge base
Black-footed albatross 1s between two and
o three feet long with a large wingspan. It has
Black-footed albatross| = brown to black feathers with white around its

eyes and bill and has a large brown bill with a
curved tip and black feet.

Laysan albatross

Laysan albatross has blackish-gray upperwing,
back, and tail, and its head, underparts are
white. It has a black smudge around the eye,
and its underwing pattern with some having

N -

Embedding space: Encoded prior knowledge into the class

vectors




Visual Semantic Embedding

Localization Network (F) _ (x, vy, h,w)
= =
Attention ¥: Sooty Albatross
= J -
| P oF -
l Tjeg I "Iﬂn [r z
Y ) Ranking KB Space
e > | Seection
1 = | o — Ly
3 T2 Ly sooty Amats
Regression R.gnkmg_Nem'oﬂE(Fg) e : - J DOmY 4 S

Text Space ’

2
f(x,y) = arg, max H p(&:(¥)|x; W)
A visual semantic embedding model which exploressémantic embedding from knowledge

bases and text, and further trains a novel end-to-end CNN framework to linearly map image
features to a rich semantic embedding space

Huapeng Xu, Guilin Qi et.al Fine-grained Image Classification
by Visual-Semantic Embedding. IJCAI 2018
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What is Reasoning in KG?

Inferring new knowledge from a knowledge graph

Tasks of reasoning
— Query relationship between two entities
— Predict relationship between two entities
— Query instances of a class
— Predict instances of a class

— Query instances that has some relationship with a given
instance

— Checking inconsistency of a KG

What methods can be used for reasoning
— Logical reasoning

— Statistical reasoning

— Spreading activation




From

RDFS:Reasoning

Google RDF:type N TH §8/AH]

and
AN T &R

we can infer

/N subclass HREE A F]

Google RDF:type R A F]




RDFS:Reasoning (cont.)

* From

% domain %A A

7% range A H]
and

KIE-Viks % Google

we can infer

K TV 5: RDF:type % A




axioms

assertions

Example.

Before reasoning

ElementarySchoolChildn
Male C Boy
JhasChild. Boy = Parent

ElementarySchoolChild (Tom)
Male(Tom)
hasChild(Jack, Tom)

N\

reasoning

Ontology Reasoning-Materialization

* An ontology consists of axioms and assertions.

* Ontology reasoning is to compute all implicit statements.

After reasoning

ElementarySchoolChildn
Male E Boy
JhasChild. Boy E Parent

ElementarySchoolChild (Tom)
Male(Tom)

hasChild(Jack, Tom)
Boy(Tom)

Parent(Jack)

-




Ontology Reasoning

In practice, we have to face the problem of large-scale ontology reasoning.
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Ontology Reasoning

What we do for large-scale reasoning.

* Current works focuses on devising efficient algorithms. However,
we find that the performance of large-scale reasoning depends on
the structure of datasets to a large extent.

* We aim to identify classes of ontologies, for which ontology reasoning
is in NC complexity

NC problems are efficient for
parallel implementation and
large-scale processing.

\ J

Zhangquan Zhou, Guilin Qi, Birte Glimm: Exploring Parallel
Tractability of Ontology Materialization. ECAI 2016: 73-81




Ontology Reasoning
Critical Paths in Reasoning Graph

Parent(Jack
N (Jack)

/ElementarySchoolChild(X), h
Male(x) = Boy(x).
hasChild(x,y), Boy(y)
—Parent(x).

Boy(Tom
%e

X /
ElementarySchoolChild (Tom) %
Male(Tom)
hasChild(Jack, Tom)

Boy(Tom)
Parent(Jack) EleSchoolCHild(Tom) Mal&(Tom) hasChild(Jack, Tom]

- J

* We proved that the performance of reasoning depends on the critical
paths (the longest paths) in reasoning graphs when using parallel techniques.

* If the length of critical paths is bounded with poly-log, then ontology reasoning
is in NC complexity.

* Optimization: identify the critical paths, and process them beforehand.

a—



Ontology Reasoning

* We have evaluated many real datasets and benchmarks. We find that many of them
have critical paths in their reasoning graphs with poly-log bounded lengths.

* One can use our results to optimize large-scale reasoning for the following real
ontologies.

Benchmarks SIB (Social Network Intelligence BenchMark),
BSBM (Berlin SPARQL Benchmark)

LODIB (Linked Open Data Integration Benchmark)
IIMB (The ISLab InstanceMatching Benchmark)

YAGO follows our results.

Real ontologies We investigated 151 ontologies that are collected from the
Protege ontology library, Swoogle and Oxford ontology lib.
Among these ontologies, 111 of them are parallelly tractable,
i.e., in NC complexity.




Ontology Reasoning

* We implement an optimized system based on our method, and compare it
to the currently fastest reasoner RDFox, our system is averagely 20% faster
then RDFox over the following real large-scale ontologies.

12000 B :
reasoning time{ms)

10000

. RDFox

. Our System




Ontology Reasoning-Classification
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-
Graph Representation of OWL EL Ontology

Why using graph representation?

1) The syntax of OWL EL is specific, and not fit for parallelism;

2) Graphis a popular platform-independent model in database and
parallel data processing (Pregel, Neo4j).

What to do?
Translate an OWL EL ontology to a graph structure, and perform classification
on the translated graph.

Challenges:
1) Represent ternary relationships: 5 B
binary relation: AC B O >

ternary relation: AL 3r.B
Conceptual Graph (complicated!!!)
2) The graph operations should be easily scaled.

~




Graph Representation

Our method:
Encode some information into the edge.

Specifically:

AC B A = 8 IrAC B 8 * 8

A1 A2C C A1 A2 C rC s N
- O >0 - O >0

AC 3rB é r >B rosC t 5 °3 >,E)

Theorem: the graph representation is model-equivalent to OWL EL syntax.




A Platform-independent Model

Classification

Algorithm design

Intermediate language CCA

------------- \ Compiler

Parallel platforms __In memory

distributed

Z. Zhou, G. Qj, et.al. A Platform-independent Approach for Parallel Reasoning
with OWL EL Ontologies using GraphRepresentation , 2015 IEEE 27th

International Conference on Tools with Artificial Intelligence,pp 80-87, 2015.
(Best student paper award)




Evaluation

Platforms:

1) centralized platform:
A SuperCloud server with a 128 Gigabyte
memory and 12 physical cores.

Algorithm design

2) A distributed cluster consisting of 5 nodes and

Intermediate language . .
guag each one of them is an economic Lenovo

________ - | : ThinkCentre machine with a 2 Gigabyte RAM
N4 Compiler and two physical cores
Parallel platforms | Datasets: #node fedge
GO 49,375 125,336
Galen 35,989 83,948
NCI 27,933 47,360
| SCT 464,601 887,846
Y |sGG 511,511




Evaluation

Evaluation on a multi-core system: Compare our system with ELK and jCEL.

Time/s #thread | GO Galen NCI SCT SGG
jCEL 1| 20.22 33.25 1.43| 676.75| 776.93
1 3.96 3.27 2.07 25.42 33.81
5 4.16 2.42 1.92 15.93 18.83
ELK 10 3.55 3.01 2.19 14.99 18.47
15 3.94 2.98 2.08 13.86 18.57
20 3.27 2.87 2.14 15.27 18.79
1 8.69 5.87 2.58 34.57 43.22
5 2.84 2.13 1.69 16.55 17.93
GEL 10 2.44 1.88 1.31 15.46 16.42
(our system) 15 1.87 1.74 1.30 14.33 14.66
20 1.53 1.74 1.27 14.58 13.75




Evaluation

Evaluation on a distributed cluster: A distributed cluster consisting of 5 nodes and

each one of them is an economic Lenovo ThinkCentre machine with a 2 Gigabyte
RAM and two physical cores.
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Relational Learning

B The generic relational learning task

Node pair
Ii;)tion r _input RLeelzJ::ﬁ:;l output
~ Algorithm
~_
Directed edge- e.g. PRA

labeled graph G

~

r(s, t) is
true?




Path Ranking Algorithm (PRA)

e 2
KChan‘es D.'ckens}

G=(N,E, R)
Prblcssion ® N: nodes (instances or
concepts)
® E: edges
B — ® R: edge types
———————— Note: r-1: reverse of edge
| type r

Q’a trick Brontéi\l
4 ,
Profession

Mentioned Profession

() (" Painter
*® O//,/mn
Mentioned
Path type &: <ry,r5,...,r,>

Lao et.al. e.g. <HasFather, Profession>




Path Rankine Algorithm (PRA)

(Chan’es chkensjl
TsA™ B )
IsA Wrote o Profession(Charlotte
A Tale of Profession B ; W t )?
Jane Two Cities onte, Vvriter):
0 Eyre
rfF’a trick anﬁ;

o;' |
rote ~ rc:-fes S1011
--hégg) asFather _ S((?Ie S, f E ]) S — 1 /()H
o Charlotte A ¥
. W= === Write
Profession? - TEQ

Mentioned Of:i;ec Q: all path types starting from s
- Mn and ending with t (with length of
entioned )
n

0 weights obtained by training




Rules

SRR 2 {5

If...then... BEWNHAXRMLIRE:
07y, %2y if IRCX, B ), RELCX, FF &) then WA\ CX, &)
If...normally then... — kL, kRARERE:
it FEMCX, k), IR CX, X R) normally then 8% (X, B H)
[0.6] If...then... ZETMEXAEY KW EEER:
17, 1%y 0.6] If BFCX,XAEYT K) , BHCX) then JEK X, %% 5K 4 1)

[0.8] If...normally then... — R, %2 fE o 2255k
0.8] If B CX, X AEY K) , B (PX) normally then JE Wk (X, % 1)

271, T +A A4 AW — kM, KRARERE:
it FERCX, KIE), AR CX, ZB) normally then %G (?X, B B
Ak REZ—M LR ERR:

37, AFIHELI] K HETHERRE R, THERAEEMRBZFEE A :
if FERCX, & THEER) then BHCEX, EMR) B4 BREX, B4
)
WREMKAYL LR, WEHETBRFA:
if K&®CX, MR then FAIRCX, § )

Iﬁﬂ

)




Performance
If...then... TEAN, BPREE
0% %
If...normally then...
[0.5] If...then... BEAN, ERREE
Eith %]
[0.8] If...normally then...
271, IR NZN TEAN, + 7 FAREK,
Y EY

34, W FARL THEAN, EPREEK




Applications

N2 5 5%
I VB R 3RS AR A 2

E X863 EH, BEHAEA, I 5l £p fodpE
RS BB AT
ZEASANKEF R EFif R R i

E K863 H , B Mlas A, HIEFIRRKRAn$EHE
X6 ¥ B &0 R 3RS A3 3

SESANR LT INR L iRk mig




Application Case
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JohniZ Wi - Hif BE L .

nl. Johns& 5A vl fefs

T IR 2R SR

If NULL then i (John, FZ0iK). ("%WK, is_a, FEWRE B itk

If NULL then $EfR 0= (John,
H% ).

[0.8] If H#(2X), TR E
(?X, PRI TE B AE IR )
normally then FJ5 (?X, 4 [X 3K
151 92)

(%MK, FH ORI, A DX RAG P i
R)

(#: X ZRAG 14 %8, subclass_of,
I 22 SE505)
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Background of KG update

1. New entities appear rapidly

2. Knowledge relevant to entities changes quickly

— a large number of outdated knowledge will be produced without
update

- o EE S B B S EEE EEE SN EEE EEE B EEE EEE B BEm EEm B EEm Emm - o o e e S S e e S S SEe SEe EE B B e e S S Eee e




Motivation

Periodical Update

— replacing the knowledge base with a new version once after a period of time

1. If the update cycle is too long, there will be a large amount
of outdated knowledge existing in KB.

2. If the update cycle is too short, there will be a huge
consumption of bandwidth and computing resources




Goals of Dynamic Update

Update KB with a higher frequency and lower consumption

a. Most entities in KB do not need to be updated
» No need to check every entity for updating

b. In each update cycle, select entities which are most likely to
change to check for update.




Framework
wlmm

DAI PMH
--._.--'k.“_ _‘__/L_
Y
. !
Stream Filtering Chinese entity labels
L A
- ¥ o - - - ¥ .
Entity Label i ' - i
y Labe English entity labels | Cross Lingu_al Chinese entity labels Entity Search
Extraction Transformation ,
Chinese entity labels
Chinese Wi'_‘iFEdia 1 Seed .‘ seed entities
Synchronizing ) Synchronizing
r seed entities
_‘-‘-'\-\. " 3 ' )
R G g - \
L [ Expanded Entities | expanded entities Entity
Zhishi.me J l Synchronizing Expansion
i i

—

Fig. 2 Overview of Zhishi.me 2.0 Live Extraction Framework
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Conclusion

Representation of KG

— Has foundation on ontology languages

— But is not confined to them

Logical reasoning with KGs

— Parallel reasoning can achieve good performance
— Non-standard reasoning can be done efficiently
Statistical reasoning with KGs

— Path-based reasoning is practical

— Knowledge representation learning has potential to
pe useful

Applications
— Question answering
— Decision making




Future Work

« We need a new representation language that
has the following features
— Has logical foundation
— Has different levels of abstraction

— Can do uncertainty reasoning, like Bayesian
network

— Can be extended to support temporal and spatial
reasoning

— Has network-like structure
— Reasoning can be easily computed in parallel




Thank You

Question?

.

ggi@seu.edu.cn




