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Introduction

Knowledge

DATA

e Facts, information, and skills acquired through experience or
education; the theoretical or practical understanding of a
subject. (Oxford Dictionary)
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Graph

T Tr

simple graph multigraph pseudograph

+

undirected graph oriented graph directed graph network

@ A graph is an ordered pair G = (V, E) ; where V is a set of
vertices (nodes) and E is a set of edges (arcs) which are
2-element subsets of V (every edge is connected to two
vertices)
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Knowledge Graph

@ A KG is typically organized in the form of a graph, e.g., a
directed multi-relational graph, such that the nodes represent
(real-world) entities and edges represent their relations.

@ A knowledge graph (KG) is a data repository that describes
entities and their relationships across domains according to
some schema, e.g., an ontology



Introduction
000®000000

Knowledge Graph

@ A collection of triples/statement in the form of (subject -
predicate - object)

o (dbr:Santa_Barbara, California , dbo:isPartOf ,
dbr:California)

o Example: Google Knowledge Graph, MicrosoftaAZs Satori,
and Freebase to KGs based on W3C technologies such as
DBpedia, YAGO, and Wikidata.
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Knowledge Graph

OpenlE
® Freebase Cyg GeoNames
ConceptNet (]
GDelt

. KNOWLEDGE

~ GRAPH
DBpedia
PROSPERA
S
WordNet Metaweb
. . Knowledge Vault

@ These data repository can be linked with each other based on
ontology alignment (owl:equivalentClass) and instance level
alignment (owl:sameAs)

o (dbr:Place, owl:equivalentClass, schma-org:Place)
o (dbr:Santa Barbara, California, owl:sameAs,
freebase:Santa_Barbara, California)
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1 coming Links
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Applications of Knowledge Graph

@ Questions and Answering, e.g. Apple Siri, Google Duplex

Ifound it! Here's Santa Barbara:

Santa Barbara

2mi

Apple Siri

i Google Al

Google Duplex



Introduction
0000000800

Applications of Knowledge Graph

@ Information Retrieval, e.g. Google Knowledge Graph

VY g samababara

Al Fights Map:
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Geographic Knowledge Graph

ADL Gazetteer Linked Data
adlg:university_of_california_at_santa_barbara_6486074

rditype adioontieducational_faciity.
adigontplace

gonthssatemsisNam - “University of California at Santa Barbara’
B Universiy of California Santa Barbara’

‘adigontpartOf

‘adigontgeomType.

wageolat
wageoiong

atontasuarcoss -

agohasGeometry ~

o incoming propertes -

e A geographic knowledge graphn is a KG which encodes
geographic information.
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Geographic Knowledge Graph

o Specific problems for geographic knowledge graphs 1
e How to meaningfully encode geographic information
(complex geometries) in a KG? [7]
o How to meaningfully visualize geographic knowledge
graphs? [6]
e How to enable GIS computations on geographic
knowledge graphs on the fly?

1Some works are done by other STKO members
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Representations of Complex Geometries in Geographic KG

@ How to serialize complex geometries in geographic knowledge
graphs?

o GeoSPARQL

@ Awesemantic-Geo [7]

prague

Multipart polygon representing
the Lake of the Woods [7]
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GeoSPARQL

@prefix rdfs: <http://www.w3.0rg/2000/01/rdf-schema#> .
@prefix geo: <http://www.opengis.net/ont/geosparql#>
@prefix ex: <http://www.example.org/POI#>

@prefix sf: <http://www.opengis.net/ont/sf#>

ex:NationalMall a ex:Park;
rdfs:label "National _Mall";
geo:hasGeometry ex:NMPoly .
ex:NMPoly a sf:Polygon;
geo:asWKT "POLYGON((-77.050125_38.892086,_-77.039482_38.892036,_-77.039482_
<> 38.895393,_-77.033669,_38.895508,,.-77.033585_38.892052, _-77.031906_
— 38.892086,,,-77.031883_38.887474,, _,-77.050232,_38.887142,,_,-77.050125_,

<> 38.892086_))“~"geo:wktLiteral.

@ Store the entire geometry and the coordinate system in a
single RDF literal, thus eliminating any issues brought on by
embedding complex structures as RDF
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GeoSPARQL

@ pros:
e storing serialized geometry data within RDF triples;
e supporting coordinate reference systems;
e maintaining the distinction between entities and their
geometric representation;
e enabling geospatial queries on linked geographic data;
@ cons:
o Challenges associated with the storage and transmission of
large WKT strings;
e Timely execution of SPARQL queries that make use of
geospatial functions.
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GeoSPARQL

The Well-Known Text string for the geometry of Western Australia taken
from Open Street Map
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Awesemantic-Geo

base uri geometry ID
http://ex.co/geometry/ gon/12345#113.05281,-38.11945/153.30671,-11.15957
geometry type WGS84 bounding box coordinates

Encoding scheme used to mint URIs representing a geometry [7]

@ Using dereferencable Uniform Resource Identifiers (URIs) to
represent the geometry as a resource;

@ Including important information (geometry type; bounding
box) in the URIs;

e Can not get raw geometries information using SPARQL.
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Visualization of Geographic Knowledge Graph

About: Santa Barbara, California G h . K I d

‘Santa Barbara (Spanish for "Saint Barbara”) is the county seat of Santa Barbara County in the U.S. state of California.

Situated on a south-facing section of coastine, the longest such secton on the West Coast of the nited States, the city h | H tl d th
lles betvieen te steeply g Santa Ynez Mourtain and te Pacifc Ocean. Sarta Barbara’s ciate s ot sribed rapns explicitly encoae €
as Meditrranean, and the city has been promoted as the "American Riviera". As o 2014, the ciy had an estimated

population of 91,196, up from 83,410 in 2010, making it the second most populous city in the county after Sania Maria

e e e semantic of geographic

of Isla Vista, Montecito, Mission Canyon, Hope Ranch, Summerland, and others, has

entities.

@ Spatial information: can
be easily visualized by maps.

o Semantic information: can
not be easily visualized.
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Visualize Geographic KG in Multiple Ways

@ Graph View

o ; ;
G} EsxmCuse - GeoLink:  Cruises

@ince-ome b L 2 5 © B @

Second Node
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Visualize Geographic KG in Multiple Ways

e Map View

Cruises

o, USOA USG5, .G Gl e O o7 UPR E57 o G D Cormoey

$:5C0-DMO Datalh! £

developed by STKO Lt
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Visualize Geographic KG in Multiple Ways

@ Table View

S
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A Semantically Enriched Visualization

@ Maps: extensively used to visualize Gl and spatial
relationships.

o Difficult to directly express non-spatial relationships (semantic
similarity) using such maps.
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A Semantically Enriched Visualization

A Semantically Enriched Visualization: An analogy of thematic
maps to visualize the distribution of geographic features in a
semantic space.
@ Points: Geographic Coordinates — Locations in the Semantic
Space
@ Polygons: Administration Regions/Continents — Semantic
Continents
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A Semantically Enriched Visualization

A Semantically Enriched Visualization:

@ Semantically similar entities are clusters within the same
region;

@ The distance between geographic features represents how
similar they are.
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A Semantically Enriched Visualization

@ In this work, a semantically enriched geospatial data
visualization and searching framework are presented.

o We evaluate it using a subset of places from DBpedia.

o Multiple techniques:

Paragraph Vector

Spatial Clustering

Concave Hull Construction
Information Retrieval (IR) Model
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A Semantically Enriched Visualization

- V=N
Search Results

The search resuts il b fisted he

A semantically enriched visualization resembles cartographic layouts
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Visualization
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Textual Data
Collection From
DBpedia
Textual Data
Preprocessing like
Tokenization,
Lemmatization

—

Paragraph Vecter

Training

Establishing Server
Side Information
Retrieval Model

—

Publishing Keywords
Searching API

;'—/

~—»| K-means Clustering

T

Dimension Deduction

S

DBSCAN Clustering

S 2

Concave Hull
Construction

R —

Publishing the
Semantic View
Webmap in ArcGIS

Online

Establishing

Visualization
Interface

Semantic Map Construction
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Paragraph Vectors Computing

e Paragraph Vector (or called Doc2Vec) is a representation
learning method proposed by Natural Language Processing
community.

@ ldea: Give a collection of documents, Doc2Vec learns a
high-dimensional continuous vector (embedding) for each
document.

@ The cosine similarity between the learned document vectors
represents the semantic similarity between their
corresponding documents.
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Paragraph Vectors Computing

Classifier [ on |

Average/Concatenate M

— 1

Paragraph Matrix----- > w W w
1 | 1
Paragraph the cat sat

id

The two-layer neural network architectural of Doc2Vec
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Paragraph Vectors Computing

Outputs of Doc2Vec:
o Embeddings of documents;

o Embeddings of word tokens in the document corpus.
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Paragraph Vectors Computing

o Data Source: All entities typed dbo:HistoricalPlace in
DBpedia (21010 places)

e Each historic place has an abstract, comments, images, and
geographic coordinates.

e Method: Doc2Vec Model (PVDM [5])

o Textual data collection: Treat each place as a document
whose content is its abstract and comments

o Textual data preprocessing: tokenization and lemmalization

o Paragraph vector training: embedding dimention K = 300;
window size N = 10; learning rate o = 0.025
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Information Retrieval Model

Place Embeddings: the learned embedding of each historic
place from Doc2Vec.

Query Embeddings:
o Utilize the Doc2Vec.infer _vector() function from gensim's
Doc2Vec package
o The TF-IDF score weighted embedding based on word
embeddings of query word tokens
o The simple average of the query tokens’ embeddings
after stop words removal

Semantic Similarity Score Function: the cosine similarity
between the query embedding and place embeddings

An API 2 is provided for the semantic searching functionality
among DBpedia historic places.

http://stko- testing.geog.ucsb.edu:3050/semantic/search?searchText=grave%20yard.


http://stko-testing.geog.ucsb.edu:3050/semantic/search?searchText=grave%20yard
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Semantic Similarity Map Construction

Spatialization: how to construct an overview of the semantic
distribution of geographic entities such that it follows a
cartographic tradition (semantic continent).

Courthguse
tion
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Semantic Similarity Map Construction

K-means clustering: group these place embeddings into different
clusters:;

o Try #(clusters) from 2 to 30 and
compute silhouette coefficient [8] of the
clustering results;

Elementary

Frame Maine

o #(clusters) = 16 gives the highest I rary
silhouette coefficient; Shaker
Schoolhouse

@ The descriptions of places in each cluster

are combined as one document; Oneroom
@ Word clouds are produced from 10 word '
with highest TF-IDF score; The word cloud for Education

) ) ~ cluster
@ Each cluster is named according to the its

top 10 words.
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Semantic Similarity Map Construction

Dimension reduction: to visualize the semantic distribution of
geographic entities in a 2-dimensional space

@ Different dimension deduction methods including PCA and
t-SNE are experimented;

@ t-SNE performs best and the clusters derived from k-means are
still well separated.
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Semantic Similarity Map Construction

DBSCAN:

@ Although t-SNE produces a good
dimension reduction result, some

. . MinPts = 4
points are far away from their
cluster centroids and scattered in .
the 2D space. ‘Core

@ We apply DBSCAN [3] to each
projected k-means cluster to Border~-X
extract the “core” parts of them. >

@ Visual interpretation are used to
select the parameter combination
for DBSCAN. (Eps = 1.1 and
MinPts = 6)
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Semantic Similarity Map Construction

Concave Hull Construction: Chi-shape algorithm [2]

@ It first constructs a Delaunay triangulation;

@ It erodes the boundary by deleting boundary's
edges until the longest edge less than a
threshold.

@ A normalized length parameter A, € [1, 100]
controls this threshold;

@ To get optimal \p, a fitness score function [1] is

used to balance the complexity and emptyness
of the resulting concave hull.

(P, D) = Emptiness(P, D) 4+ C x Complexity(P)
(1)

P: the derived simple polygon; D: the Delaunay
triangulation of the corresponding point cluster.
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Semantic Similarity Map Construction

Concave Hull Construction:
o We iterate A, from 1 to 100 and compute the average fitness

score of all point clusters produced by DBSCAN;
@ The optimal A, with the lowest average fitness score is 30.

0.40-

035-

Avarage Fitness Score

0.30

0 £ 75 100

50
Normalized Length Parameter

The average fitness score for different A, among all DBSCAN clusters.
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Semantic Similarity Map Construction

Publishing the Semantic View Webmap in ArcGIS Online:

Home KO Lab) /.

e 3,

I B e Orme [0 Hr— > (d )

3
http://www.arcgis.com/home/item.html?id=7e15f98399ff4788a502fd04320bdafc


http://www.arcgis.com/home/item.html?id=7e15f98399ff4788a502fd04320bdafc
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Result

We have deployed a web-based user interface* to showcase the
functionality using the historical places dataset.

D h r—

Search Resuls

the search result of “grave yard” in the semantic space

4
http://stko- testing.geog.ucsb.edu:3056/


http://stko-testing.geog.ucsb.edu:3050/
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Result

the search result of “grave yard” in the geographic space
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Result

Istre Cemetery Grave Houses.
(Lat: 30.1156 Long: -92.5647) | Siil

e f

The pop-up window shows some basic information for

dbo:Istre_Cemetery Grave Houses.
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A Deep Integration of Geographic Linked Data with GIS

@ From a GIS perspective, Linked Data seems almost like a
one-way street.

e Considerations when integrate Linked Data with GIS:

e How GIS and its users should interact with Linked Data?

o How these key benefits of Linked Data can be maintained
during conversion into GIS data formats and analysis without
having to flatten the data back to a tabular format?

e How to utilize the ontologies used to semantically lift Linked
Data instead of merely relying on strings?
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ESRI Linked Data Connector

@ Buffer Search on Geographic KG:
e Find cities around the search center

San
Mateo

5 Linked Data Spatial Query

Input Buffer Query Center

[[C\Users\gengehen! ApaData\Local\Temp\arci1FI\gp06 ADCEEC1 AOFAECABIZIDSEG4ADGAIEE ¢ = |

© in_buf_query_center

Input Place Type (optional)
aty(wd:Q515) v

[CJ et Directed Instances Of the Specfied Place Type (optional)
Input Search Radius (mie)

©
Qutput Location

E:\UCSB_STKO_Lab\STK! b

Output Point Feature Class Name:
aity

o) [ o) [rwamens ) [sroniep>
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LD Connector
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@ Property Enrichment for
Geographic Entities
(Utilize Semantic Web
reasoning and ontologies
to extract additional
properties by using
subsumption reasoning
and (inverse)
partonomical relations as
examples):

o People that died in
San Francisco / Bay
Area?

Table

E-1%- S

s:..mmmy T el

i

I is_deathPlace Of

pedia org
k,_Calforna Christensen
Cty,_Caifornia G
liateo,_Calforna Jorgensen
iateo,_Calfor Apolskis
Cey_Caifornia Garber
afformia R_Beciett
Caifornia Lopez_ir
aiformia Ahmad_{poltican)
Mibrae,_Caiforna Montrose.
Park,_Calforna io/idbpedia A_Baie
Ciy_Caifornia Barry
Catfornia Wotwan
Mateo, Calforna  Nevins
Gy, Catfornia avenport
Miateo,_Caiforna Coe
aley._Cafornia H_Bowker
Park,_Calforna Wasow
Caifornia io/idbpedia Hasseigren
Cey_Caifornia o dbpec) o

38 it /dbpedia org/resource/San_Bruno,_Caiforia

Caros._Calfomia

o @bpedi orglresourceoshem_ Feaster

u 0]t idbpedia orgiresource/Atherton,_Cafforna Ghoedn rphsorcaSamie, . Shordps
a ty,_Caifornia Deamne
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a5 Caifomia Heston

u 36| it idbpedin orgiresource/Redwood_Ciy._Calforna lGhpedn.orptssotcufor Lot Sobel

ty._Caifornia
u 48] it idbpedia orgiresource/San_fateo,_Caiforia nnn//dbuemu oresaircaoaves resden
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1 n B2 ©outof174 selected)
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ESRI Linked Data Connector

@ Relationship Finder between geospatial entities:
e Which cities are 3-degree sister cities of Santa Barbara?

Legend
% Santa Barbara
o Directl ities of Santa Barbara
Relationship
—1
2
---3
Dark Gray Canvas Base
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