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Motivation — Today’s Cities are Confronted with Serious Dilemmas

By 2050 over 6 billion people, two thirds of humanity, will be living in towns and cities

Water problems affct
half of humanity!!!!

1.1 billion people in developing
countries have inadequate access to
water, and 2.6 billion lack basic
sanitation

Source: 2008 UN Habitat; Smart Cities How will we manage our
cities in the 21C?, Colin Harrison IBM Corporate Strategy

1.6 billion people —
a quarter of
humanity — live
without electricity!

South Asia, Sub-Saharan Africa
and East Asia have the greatest
number of people living without
electricity (as high as 706 million
in South Asia)

Indoor air pollution
resulting from the use of
solid fuels [by poorer
segments of society] is a
major Killer!

Claims the lives of 1.5 million people
each year, more than half of them below
the age of five (4000 deaths per day)
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Motivation — Regions have both Common and Unique Challenges

ASIA

N.A. & EUROPE

AFRICA

LATIN AMERICA

Rapid expansion

Negative growth

Rural exodus increasing
poverty

Decentralization

= Over the next decade, Asia’ s
urban areas will grow by more
than 100,000 people a day

= Growth rates are more rapid
than the investment in
infrastructure

=Benefits of new infrastructure
investments have not been
distributed equally

= 46 countries (including
Germany, ltaly, most former
Soviet states) are expected to
be smaller in 2050

= The number of shrinking
cities has increased faster in
the last 50 years than the
number of expanding cities

= In 2008, more than 12M
Africans left their rural homes
to live in urban areas

= The projected increase in
urban migration will exacerbate
the problems of providing
infrastructure, sanitation.
health services, and food

= Large cities have
incorporated nearby villages
and towns — as a result, large
urban areas developed sub-
centers whose functions
duplicated those of the central
city

= Many large cities are
competing with their outlying
suburbs for people, revenue,
and employment

Source: Various; IBM Ml Analysis;
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Motivation — Rapidly Growing Interdependency and Complexity

=il

| Global Financial ~Nuclear Technology
Markets

24 Hours of Air Travel Global Trade

....and along with progress, we have brought on massive risks we don’t manage well

Pandemics Global Financial Crisis Nuclear Disasters
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Motivation — Beyond the practical objectives, cities have ‘aspirations’

7 N A _.:7\!' a

@l The Well Planned City

The Cultural- : =2 Lot " : “'
Convention Hub & The City of Digital Innovation [Nl The Clty of Commerce

Source: Various; IBM Ml Analysis;
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Motivation — Socio-Economic Context
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Motivation — Limitation of Existing Systems (Example: Traffic) (1)

Tl'affic “View Live Traffic My Routes Camera List
p— i —

.
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Motivation — Limitation of Existing Systems (Example: Traffic) (2)

* All existing traffic management systems are based on ONE signal / stream
* No possible interpretation of traffic Anomalies
* No Integration of Exogenous Data

N@ Semanncs / €ontext

IBM Transpoltases,Awareness and Optlmlzatlon System

Dashdoard

Bl Bus Congestion Court
) N Bus Lane Speeo

R
& F T w
T -
On-Route Bus Count

System Monttor

No_ Explanatlon
No lragno*s"ls
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Al for cities: How can Al help cities transform ?

e Sensor data assimilation
— Data diversity, heterogeneity
—  Data accuracy, sparsity
— Datavolume

*  Modelling human demand
— Understand how people use the city infrastructure
— Infer demand patterns

* Factor in Uncertainty
—  Operations and planning

— Organise and open data and knowledge, to engage
citizens, empower universities and enable business
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Alfar cities: why now? Open Data!
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Al for cities: why now? Al success!
PIENSE

SINAONIS

Eugene Goostman, a
y . $200,000 Arbast & compuser m“n III.YH C O m p u t e r

wwwwww e ALLSYSTEMSGO programme

The Iran Opportunlty (7'\5;&:3“/ E‘Cigarettes /$20K Homes Yo p rete n d i n g to b e a

2016 young Ukrainian
CAN
Google

boy, successfully
SOLVE

DEATH?

humans to pass the
iconic Turing test

The search giant is launching a venture

to extend the human life span.

Hi. | hope you'll enjoy our conversation! 2 O 14
That would be crazy—if it weren't Google
By ry McCracken 1 Lev Grossmar

Type your question here:

2013
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Al for cities: why now? Cities want to be Smarter Cities!
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Airports & Rail
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Al for cities: why Al? Big Data LSO
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Al for cities: why Al? Smart Systems

IS not sustainable
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Al for cities in 2016

eBu rglar
You need some Ielp

Your home security could be
significantly improved by focusing
on the right areas.
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Your area
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DON'T EAT AT

Pupils at Brockenhurst Church of England Primary
School are happy most of the time and their exam
results are impressive.

past few years.

Schooloscope

Overall.. l
Ofsted say that this school is "good". Going on what |
know, it looks like the kids here are doing well. and th
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Data format and data access, collection, storage transformatlon

Big Data — The World of Data

THE WORLD OF

JATA
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Data format and data access, collection, storage, transformation

Blg Data - The Speed Of Data Source: Various; IBM MI Analysis;

698,445
Google
searches
11 million

168+ million

emails sent

s ®
91 820TB
of data created
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Data format and data access, collection, storage, transformation

Big Data — 4Vs

Source: Various; IBM MI Analysis;

As of 2011, the global size of By 2014, it's anticipated
data in healthcare was there will be

estimated to be >, 420 MILLION
150 EXABYTES WEARABLE, WIRELESS
[ 161 BILLION GIGABYTES ] HEALTH MONITORS

/

It's estimated that

2.5 QUINTILLION BYTES
[ 2.3 TRILLION GIGABYTES ]
of data are created each day

40 ZETTABYTES

[43 TRILLION GIGABYTES ]

of data will be created by
2020, an increase of 300
times from 2005

The
FOURV’s

4 BILLION+
HOURS OF VIDEO

are watched on

/.

/\’77

[

B B".L"]N f B YouTube each month
PEOPLE (o) lg g ,
have cell ‘
phones

Vuu

Data

30 BILLION A¢E a1
From traffic patterns and music downloads to web PIECES OF CONTENT o
history and medical records, data is recorded, are shared on Facebook
stored, and analyzed to enable the technology every month

Mosst ﬁ:\zpainllee:si(n the and services that the world relies on every day.
But what exactly is big data, and how can these

"m TERABYTES massive amounts of data be used?

[ 100,000 GIGABYTES ]

of data stored As a leader in the sector, IBM data scientists

break big data into four dimensions: Volume,

Velocity, Variety and Veracity

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

LE
don’t trust the information
they use to make decisions

WORLD POPULATION: 7 BILLION

The New York Stock Exchange Modern cars have close to

captures

1TB OF TRADE
INFORMATION

during each trading session

Depending on the industry and organization, big
1[]0 SENSURS data encompasses information from multiple
that monitor items such as internal and external sources such as transactions,
fuel level and tire pressure social media, enterprise content, sensors and
mobile devices. Companies can leverage data to
adapt their products and services to better meet
customer needs, optimize operations and
infrastructure, and find new sources of revenue.

Velocity ...... o

By 2015

Veracity
ANALYSIS OF 4.4 MILLION IT JOBS RESI

ill b ted globally t t big data, b UNCERTAINTY
STREAMING DATA O | 4 OF DATA

in one survey were unsure of

Poor data quality costs the US
economy around

LLION A YEAR

By 2016, it is projected

there will be how much of their data was
inaccurate

18.9 BILLION

NETWORK

CONNECTIONS

YYYYYYYYYYY
e LI IR T LI
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access, collection, storage, transformation
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Data Format and Heterogeneity - City Data != Open Data (1)

@ -DATA.Gov

Think Big, Start Small, Innovate

Data.gov Quick Facts May 2009 October 2011
Total datasets available 47 >400,000
Hits to Data.gov 0 >200 million
Apps and mash-ups by citizens and government 0 372 +1113
RDF triples for semantic applications 0 6.7 billion
Dataset downloads 0 >2.0 million
Nations establishing open data sites 0 28
States offering open data sites 0 31
Cities in North America with open data sites 0 13
Open data contacts in Federal agencies 24 396
Agencies and subagencies participating 7 185
Communities 0 7
Community challenges 0 23

A lot of relevant open data

for city data analytics

Agencias and
Subsgandces

2 | 28

L&, States U.5. Cites Intemational

31 13

==

RS .
* .
United States Australia Austria Belgium Canada Denmark Estonia
—— 7=
—
France Finland Germany Hong Keng Ireland Italy Kenya
I :
] 1] b diadl )
Moldova Morocco Netherlands New Zealand Norway Republic of Korea Peru Saudi Arabia
— =11 o

(*) “Driving Innovation with Open Data”, Jeanne Holm, Data.gov,
February 9%, 2012 (Presentation to Ontology 2012)
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Data Format and Heterogeneity - City Data != Open Data (2)
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Data format and data access, collection, storage, transformation

Data Format and Heterogeneity - Data Variety (1)

... In one city: different information, different format

Representation?
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Data Format and Heterogeneity - Data Variety (2)

... In one city: a lot of information, no structure — go figure!

An example from Dublin

No common No expl_icit
schema semantics
SN v E rmasie i Pt 1
Y SO_Code Name Census_200€¢ Census_2002
,I 2 | \go;mapom 567 35 PLUS:
/ 3 | 3\ BALBRIGGAN RURAL 3579 1335 . No linking to
No common g :gg: g:tggs&m URBAN igg? ig;g authoritative sources
reference "6 | 4005 BALGRIFFIN 277 177 ° Various file formats
! =N 4006 BALLYBOGHIL 279 251 (including binary)
N 8 | 4007 BALSCADDEN 197 174+ Different
I 9 4008 BLANCHARDSTOWN-ABBOTSTOWN 1391 702 representations for
No common 10 | 4009 BLANCHARDSTOWN-BLAKESTOWN 10581 7859 the same thing (e.g.
vocabulary 11 | 4010 BLANCHARDSTOWN-COOLMINE 3326 2629 easting/northing)
N BLANCHARDSTOWN-CORDUFF 1520 1216 ° No relations
13 | 40P BLANCHARDSTOWN-DELWOOD 1689 1405 (datasets in
14 | 4013 BLANCHARDSTOWN-MULHUDDART 905 524 isolation)
15 4014 BLANCHARDSTOWN-ROSELAWN 615 622
4015 BLANCHARDSTOWN-TYRRELSTOWN 443 428
Structure is 17 | 4016 CASTLEKNOCK-KNOCKMAROON 5629 4701
not declared 18 | 4017 CASTLEKNOCK-PARK 1372 1279
19 4018 CLONMETHAN 192 182

100’s times
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Data Format and Heterogeneity - Data Variety (3)

. In one application domain: similar information, different format

Source Data Descrinti City
eventful Type Source escription Dublin (Ireland) | Bologna (Italy) | Miami (USA) | Rio (Brazil)
Journey travel Traffic CSV format (47
i | _:‘ times across the Department’s routes, 732 sensors) X (not available)
g city TRIPS system® 0.1 GB per day®
z Vehicle activity SIRI: XML format|  CSV format CSV format
o Dublin Bus (GPS location, X (596 buses, (893 buses, (1, 349 buses,
’*_CE Dynamics line number, (not used) 80KB per update | 225 KB per update | 181 KB per update
= delay, stop flag ) 11GB per dayd) 43 GB per day®) | 14 GB per dayf )
Social- Reputable sources “Tweet” format - Accessed through Twitter streaming API®
Media of road traffic Approx. 150 Approx. 500
o h X i X
Related conditions in tweets per day (not available) tweets per day (not available)
P Feeds Dublin City (approx. 0.001 GB) (approx. 0.003 GB)
8 Road Works PDF format XML format HTML format X
‘%D and Maintenance (approx. 0.0jO3 GB | (approx. 0.0]E)l GB | (approx. 0.0101 GB (ot availsble)
A per day’ ) per day" ) per day’ )
2 . XML format - Accessed once a day through Eventbrite"APIs
= Planned events with s 13 s 3
s Social events small attendance Approx. 85 events | Approx. 35 events |Approx. 285 events | Approx. 232 events
= . per day (0.001 GB) |per day (0.001 GB) |per day (0.005 GB)| per day (0.01 GB)
e.g., music event, m
oo . XML format - Accessed once a day through Eventful’APIs
political event |Planned events with 20 70 15 370
laree attendance Approx. 180 events | Approx. 110 events [ Approx. 425 events | Approx. 310 events
| © per day (0.05 GB) | per day (0.04 GB) | perday (0.1 GB) | per day (0.08 GB)
Bus Passenger Loading / Unloading X X CSV format CSV format
(information related to number of . . (approx. 0.8 GB (approx. 0.1 GB
L (not available) (not available) e e
passenger getting in/ out) per day” ) per day" )
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Data Format and Heterogeneity - Data Variety (4)

ity

... In one application domain: similar format, various spars

0)0.. " 9
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Technology Labs

Data Engineering — Semantic data integration

annotate
0nt0|0gica| a:author
vocabulary

STme a:homepage

d’@% <>/ /. Map the data onto RDF

T o 5 o ID Author | Title Publisher Year
— ISBN 0-00-65 | 1409-X id_xyz | The Glass Palace | id_qpr 2000

D1 D2
ID Name Homepage
id_xyz Ghosh, Amitav http://www.amitavghosh.com
ID Publisher’s name City
id_qpr Harper Collins London
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Data format and data access, collection, storage, transformatlon

Data Engineering — Data Access and Transformation — General

Service

s Semantic, Unified, Structured Data
3 el A A -
Qs *
R=1iFS A
s £ 52
O o
¥ 5Ls SIMPLI-CITY Data Model
PR
Q gll= R .
S g 3R Transformation
. r=
b = A A A
@ puvinBus % Road  Weather  Social Medla City Events = : [ sanuary ¢ |

wn - Journey Times Condition Information Feeds islslife 3 sl

A XML format 4 CSV format 07 S PO
8 O Q PDF format : Tweets format  Road Works 1 : ANY form¢ I . ANY format
55 1 .
9 < Open Data ] [ - Sensor Data J [ User ;Data
A = |

8 : :

Data Services
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Data Engineering — Data Access and Transformation — Dublin Instance

| Semantic Structured Streams !

Q| ™ A S A A A -
= é L2 : =
AE TYPifying | Temporal Persistence )+ §
e p—— y V— ; 2 ;S
q.) - ®] A 1 ' 1| g T oo 1 a:
g S| s ] : | 1 Basic Entity ! | S

|
SE 2| CSV-2-OWL2EL Chsering | | ot | S
= 8 2 i\ A + XSLT-based 1| ‘(Lansuagelare) | 1
| <z | ! N P '
P 21 5 Feature Extraction | 1 1 Spat1a1 IS
SO .

Q || T A ! o Interpretation ' | ! b0
c; ﬁ £ i I 'Transformation ' | P2 S”“”{’@’f”‘-’el’/ =
o 2 . . . | S t 1 ! 1 o P I '5
E a Dlscretlzatlon : Interllj)?eltitlon : : : ITeXt EXtI‘aCtlon : : %
(DB2 Spatial Extender), | ! : (Apache PDFBOX) : <
__________ l JAPHCRE TS o

| J \ o e e e e e e = — J 1
M A A A P A A A 1 A
o @ ' CSV format  + CSV format + CSV format § 1} Tweets format + XML format . PDF format ! E

7 : : = - : :

0 @ |3 . 18
EE | s | Web APIs || Web Crawling | 2
O LY !

0 < (= ' 4 s . | '
P N \ | 5D - ‘ |
;5 8 § DUbl'nked" gnla!{mmmty wunderground.com \ g u :
Qs 3 Weath ial Medi i
. Road cather Social Media City Events Road Works !
%) Q C% @Dublm o % Condition  Information Feeds :
) Journey Times o2
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Data format and data access, collection, storage, transformatlon

Data Engineering — Data Access and Transformation — Travel Time Mapping

@prefix owl: <http://www.w3.org/2002/07/owl#> .
@prefix rdf: <http://www.w3.o0rg/1999/02/22-rdf-syntax-ns#> .
@prefix ttr: <http://www.ibm.com/SCTC/ontology/TravelTimeOntology#> .

: {Suuid}_0 rdf#type ttr#TravelTimeReport .
:{Suuid}_0 owl#intersectionOf _:{Suuid}_1
:{Suuid}_1 rdf#first _:{Suuid}_2

Suuid: URI for new travel time report

Each report: intersection of concepts (Fig.5)
Join to the first existential restriction in (9)
{Suuid}_2 rdf#type owl#Restriction . Existential restriction in (9)
: {Suuid}_2 owl#onProperty ttr#hasSourceFrom hasSourceFrom property in (9)
:{Suuid}_2 owl#hasValue ttr#{SsourceFom}
:{Suuid}_1 rdf#rest _:{Suuid}_3

{Suuid}_3 rdf#first _:{Suuid}_4
:{$uuid}_4 rdf#type owl#Restriction .
{Suuid}_4 owl#onProperty ttr#hasSourceTo
: {Suuid}_4 owl#hasValue ttr#{SsourceTo}

:{Suuid}_3 rdf#rest _:{Suuid}_b

Capture of S$sourceFom variable in CSV

Right part of the Intersection in (9)

Join to the second existential restriction in (9
Another existential restriction in (9)
hasSourceTo property in (9)

Capture of $sourceTo variable in CSV

H H FH FH FH H H H H H H H

Remaining parts of the Intersection for (7-10)

b etwe e n ,n‘;@ O~ (t1) : TravelTimeReport N (6)
< -» JereatedAt.(Temporal Entity M (FinX S D DateTime.{2013-04-22723:01:00})) M (7)

2 yz JreportsForTimelnterval.(3has DurationDescription.(Iminutes.{1})) M (8)
S e n S O rS ; JhasSourceFrom . {TRIPS-DCC-44} M JhasSourceT o.{TRIPS-DCC-351} 1 9)
JreportsObservation.({r1} M FhasTravelTimeStatus.HeavyTraf ficFlow) (10)
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Knowledge Representation (KR)

 How knowledge can be
represented symbolically

* |s City an entity or a collection of A belong_to
entities such as London? ¢

* Does each borough belong only bel
to one city? elong_to

* Does a city have to have some . _
borough? is_a is_a

« How knowledge can be
manipulated in an automated —_—

way by reasoning programs

» trade-off between expressive
power and efficiency of
reasoning

has_borough
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Data format and data access, collection, storage, transformation

Knowledge Representation — Description Logics (DLs)

« A family of decidable sub-languages of

FOL
e Describe the domain in terms of classes/ A\ belong_to
concepts, properties/roles and —
individuals belong_to
»  Offer constructors for class/property
descriptions, such as is_a is_a
- CIlIDb,CclD, -C, dR.C, YR.C, <nR.C,
>nR.C,A, T, 1, {a1,a2} —
p- has_borough

- A DL KB (also known as ontology) contains

. class axioms: C C D Borough=3belong_to.City
-
property axioms: P1C_P2, P3 ° P4 P5 belong_toebelong_toSbelong to
- _ has_boroughl— Sbhelong to
individual axioms: a: C, (a,b): P,a=b,a # .
b London:City
Westminster:-Borough

(London, Westminster).has_borough
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Knowledge Representation — Example DL ontologies

An ontology cannot rule them all ... but reasoning needs an mtegrated onel!l

#Object #Data Imported
Ontology Size (KB) |#Concepts . #Individuals P
Properties | Properties Ontologies
12
NASA SWEET™)| 54 ¢ 90 40 34 63 W3C
(IBM adaptation) Time
IBM Travel Time | 4,194 41 49 22 1,429 Geo’
IBM SIRI-BUS 41.9 21 17 18 -
W3C Time? 25.2 12 24 17 14 - .events
W3C Geol0 7.8 2 4 - - - o SR
DBpedia Only a subset is used for annotation i.e., 28 concepts, 9 data properties Fhenaminon
Object Sensor SensorValue D a t a M O d e I %'Eta:{E tity
+object ° N v Im?’rr‘::a;lerlm_erval
:Eg}:csi ?dmp TI m e ¥§:Ezo‘;?‘fl?:‘?t1'lmelnterval
+parent v Thing WeatherRoadReportType
v DateTimeDescription
S DayO ek
v Du;aet;:)nDest':ription Space
4 . ’ Te’:‘l’i?ii'tf""“ v ©Thing
0:onneecT::;Sensors ctvs::so' = walu:curacv v m;:\(;;eﬂmerval v SpatialThi ng
+connectedDevices +subType +unit DateTimelnterval .
LenTepzo(;':LUnit p0| nt
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Data format and data access, collection, storage, transformatlon

OWL — W3C Standard Web Ontology Language

«  OWL comes with different sub-languages, with different expressive power
and reasoning complexity

« OWL is widely adopted by KR users

» Reasoning tasks: schema level (classification, satisfiability and subsumption
checkings), schema and data (consistency and instance checkings,

realisation)

OWL 2 DL N2EXPTime-
complete

NEXPTime-
complete

PTime- complete

OwWL2 QL NLogSpace-
complete

DL-Lite
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Data format and data access, collection, storage, transformatlon

OWL 2 EL
« A fragment of OWL 2 such that
« Satisfiability checking is PTime-Complete
« Data complexity of query answering also PTime-Complete

« Widely used in many bio-medical ontologies
 e.g. SNOMED CT, Gene Ontology

« Based on EL family of description logics [Baader et al. 2005]
« supports limited class descriptions CrD, IR.C, A, T, L

* There exist well-known effective approximate reasoning
algorithms based on EL [Ren et al. 2010]

« such as the ones implemented in the TrOWL reasoner.
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Data format and data access, collection, storage, transformatlon

Reasoning in EL

Can be realised by a consequence-based

algorithm * FCC(Q,S,R)

A set of completion rules R, e.g. | ¢
If and, then
If and then
If, and, then l,
Etc.

A forward chaining mechanism FCC to

apply the rules S
Starting from the original ontology
Repeated apply the rules on the original and ‘,
inferred axioms until no more axioms can be
inferred

Result is the closure of the ontology R*(0),

including
Inferred subsumptions between concept
names
Named types of individuals
Named relations between individuals A

R*(0O) = FCC(O,D,R)
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Incremental Reasoningin EL

Adding new axioms does
not require complete re-
computation
R*(0O+Add) = FCC(Add,
R*(O),R)
The original closure R*(O)

can be used to compute
the extended closure

Removing small amount
of original axioms can also
be addressed efficiently

Delete-and-Rederive

% of Time

120%

100%

80%

60%

40%

20%

0%

0%

¥ 4
R o

Data format and data access, collection, storage, transformatlon

4%,
29.23%

2%,
13.81%

5% 10% 15% 20%

% of Update

20%,
122:65%

25%
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Parallel Reasoning in EL

Multiple rule executions can be performed at the same time

Multiple rule executors can process axioms with different
context to avoid locking

S1 S2 S3
v

Concurrent Classification of EL Ontologies, Y. Kazakov et al, ISWC2011
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Explaining Traffic Condmons with Diagnosis Reasoning

Challenge:

Logical correlation of anomalies
and diagnosis in dynamic settings

Source of
Anomaly

Source of
Diagnosis

Description

Core Areas / Problems:

A

 Knowledge Representation and Reasoning
* Machine Learning / Al Diagnosis

» Database: Large scale data integration

» Signal Processing / Stream Reasoning

™

Dublin (Ireland) | Bologna (Italy) |

Miami (USA)

Rio (Brazil)

Journey travel
times across the

city

Traffic
Department’s
TRIPS system®

CSV format (47
routes, 732 sensors)
0.1 GB per dayb

X (not available)

Dublin Bus
Dynamics

Vehicle activity
(GPS location,
line number,

X
(not used)

SIRI: XML format®
(596 buses,
80KB per update

5 4..d

CSV format
(893 buses,
225 KB per update
A D ... 1...C

CSV format
(1, 349 buses,
181 KB per update
VIl » MPRRORIE P |

Traffic Diagnosis

Social-
Media
Related
Feeds

Reputable sources
of road traffic

conditions in
Dublin City

“Tweet”

format - Accessed th

rough Twitter streaming API®

Approx. 150

tweets per day”
(approx. 0.001 GB)

X

(not available)

Approx. 500

tweets per day’
(approx. 0.003 GB)

X

(not available)

Road Works
and Maintenance

PDF format
(approx. 0.003 GB

per day’ )

XML format
(approx. 0.001 GB

per dayk )

HTML format
(approx. 0.001 GB

per dayI )

X
(not available)

Social events

e.g., music event,

political event

Planned events with
small attendance

XML format - Accessed once a day through Eventbrite"APIs

Approx. 85 events
per day (0.001 GB)

Approx. 35 events
per day (0.001 GB)

Approx. 285 events
per day (0.005 GB)

Approx. 232 events

per day (0.01 GB)

Planned events with
large attendance

XML for

mat - Accessed once

a day through Eventful’APIs

Approx. 180 events
per day (0.05 GB)

Approx. 110 events
per day (0.04 GB)

Approx. 425 events
per day (0.1 GB)

Approx. 310 events

per day (0.08 GB)

Bus Passenger Loading / Unloading
(information related to number of

X
(not available)

X
(not available)

CSV format
(approx. 0.8 GB
O (] e

CSV format
(approx. 0.1 GB
O 9 €
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Explaining Traffic Condmons with Dlagn05|s Reasonlng

Architecture with Al Components

85,896 triples
Road NetWOrk 4772 roads and their

= GeoNames
Data I interconnection

> Historie & ' Semantic
Historic Anomalies Diagnosis....~ [—>Diagnoser—» Pure Al

. : 10,856 transitions concepts Diaanosis Interpretation
Computation 4,128 states g

~\

Semantic >

Matching Historic Anomaly Causes Real-Time Diagnosis

\__/ Spatio-Temporal Reasoning /

Real-Time Anomalies

equires DL cona

l Diagnosis s

Historical Real-Time s, ” % Ran’f e ,.‘;“.2 :
Filtering F|Itenng -1 T I -
)
5 A
N -t ,
£ i ‘ an%m-
67 concepts ni % 4 P
' 110,000 24 role descriptions i ¥ ¥
triples / month 25 concepls subsumes 42 concepts A i { g-\
A % o =1 \ ”
* Pk T e K Repair and Resurface Carriageway
% w14 Il e el . Diagnasis of Amemaly: g/ aromaly. o/ evert/ L 45423
‘ 3 —]

w ]. H:'l' i
b ] I

[Semantic}[ Geo- ] -&L’
Encoding | | coding = d
Automatic Enrichment ¢ ma

eventful

|
L 1 Sources of Causes g Q g
nomalies A

and conditions
PTA + ) DublinBus, 5. e - QRS <0 N

0 Bosiecords / 20s Nasonal oo Aoty

What Is the road work for: Repair and Resurface Carriageway
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Explaining Traffic Conditions with Diagnosis Reésoning

Large Scale Data Integration

A
Hlstorlcal ReaI-Tlme
| Flltenng Fllterlng

110,000
triples / month

- N

Semantic Geo-
Encoding coding

éutomatic Enrichmenp

Lnomalies

w/\ * @ DublinBus; ;) sosiecords / 205

67 concepts
24 role descriptions
25 concepts subsumes 42 concepts

Sources of Causespz»

and conditions  pEmmm
4,5GB/ NRNS
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Explaining Traffic Condmons W|th Dlagn05|s Re

Deductive Reasoning — Semantic Matching

Q .‘rl ". . ‘.’ “' .”‘- »e *‘.'.." .’ A
S LT . F 1

- >S‘ —

Subsumption-based
Reasoning ’

Historical Real-Time
Filtering Filtering

N v =l P Predicates
S sodit]” ©

™ = )’ http://www.w3.0rg [44192]
v @ !=( P /1999/02/22-rdf-syntax-ns [22071]
o ™ = r #type [22071]
™ =(» /2000/01/rdf-schema [41]
+ ™ =(r #subClassof [41]
v ™ = r /2002/12/calicaltzd [7415]
+ ™ =(r #url(5897]
+ ™ =(r #organizer [1518]
v ™ = /2003/01/geo/wgsB4_pos [8002]
« ™ =(» #location [8002]
v ™ =(r /2004/02/skos/core [6663]
; + ™ = r #subject [6663]
M. v =(r nttp://dbpedia.org [6447)
v ™ = r jproperty [5889)
. [QI '=i;)’ Jownership [5889]
> GK:)’ /resource [558]
+®™ =(r /Country_Code [558]
v ™ = r http://www.ibm.com [16]
v @ GK:)’ /smartercities/cityfabric/voc [16]
- CK:)’ #hasEventCategory [16]
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Diagnosis Reasoning (1)

R 85,896 triples
ﬁfﬁ Road Network 4772 roads and their

Linked ~ GeoNames
GeoData ‘ interconnection

M iph-baad
rapresaTELtA et b
tt
Hoid Neow -
BRGS

Historic Anomalies Diagnosis.... = —»Diagnoser—»

10,856 transitions concepts

CompUtatlon 4,128 states

Semantic
Matching

i

Real-Time Anomalies ,‘x/‘o,%
": ) ow-“ ‘95—

[Historical] ‘Real-Time\ = W .
' ' . : R v s
Filtering Filtering T R

\ 4
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Commogs Street

Memamal Road

" a® - [ F -I-: P ol
“ NI V' S S e S T G R East Link@oll Brid
= k3 " a - -
AN I L S DR S 7 e ast Linkgoll Bridge
- - - e =3 gme g m = W g = -
- " = ww=®  (htto:/rescworkscem/event/RD-001-001-001-278) e
- - = ¥ - - i . mW '.... L]
"= s = =" b l. 2 ms "8 L. "
(htep: /Jeventful.co events/ dublin-repudl ic-ireland-/ B0- 001~ 32-77utm_sourt _mad pim&utm
o = - = -~ o e ltsf...t L e
(mn://:untfd.u.. feubling; ks kapoke-night-54-da-/E0-001-039141 812-8@20120704137%utm_source=api
- . - -1::. -...n-l’ .*‘. :‘T .’\...--

_ a L L SISt e s e
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Explaining Traffic Condmons W|th Diagnosis Reasonlng.

Diagnosis Reasoning (3)

Which anomalies are caused by: k&4 7

 Day | Events |r, |rp |ry |ry |rs |rg |, | €

a5 F F F F [EllF F oy

2 B9y oy s BEFF e

---------_
JooJg v By

d5 E5 F F F F B no

F: Free Road J: Jammed Road

If k=4is a potential cause, we
propagate to adjacent roads
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Commogs Street

Memamal Road

" a® - [ F -I-: P ol
“ NI V' S S e S T G R East Link@oll Brid
= k3 " a - -
AN I L S DR S 7 e ast Linkgoll Bridge
- - - e =3 gme g m = W g = -
- " = ww=®  (htto:/rescworkscem/event/RD-001-001-001-278) e
- - = ¥ - - i . mW '.... L]
"= s = =" b l. 2 ms "8 L. "
(htep: /Jeventful.co events/ dublin-repudl ic-ireland-/ B0- 001~ 32-77utm_sourt _mad pim&utm
o = - = -~ o e ltsf...t L e
(mn://:untfd.u.. feubling; ks kapoke-night-54-da-/E0-001-039141 812-8@20120704137%utm_source=api
- . - -1::. -...n-l’ .*‘. :‘T .’\...--

_ a L L SISt e s e
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Explaining Traffic Condmons with Diagnosis Reasonmg

Diagnosis Reasoning (5)

Then we iterate to ALL "similar events"

'\_ /
/

\ /
Let's diagnose one gnomaly on "CyStom H
\ /
\ /
\ » /
. . '&: /(3/03"' s Street

\I
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Explaining Traffic Cditions with Diagnosis Reasoning

Diagnosis Reasoning (6)

... and assign\probabilities/based
on historical records

= & 0.8
S WA Er 0.7 Commogs Street
M. (o (,0.6
THoase Quay "
o W L 4 0.g Eostwal Road
Memoaora Road Au’ 0.7 North Ygatt Luay
8 4,06

L=, 0.3
East Link@oll Bridge
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Explaining Traffic Condmons with Diagnosis Reasoning

Diagnosis Reasoning (7)

. where the time window needs also to be considered

Then we iterate to ALL "similar events" ... .. and assign\probabilitiesbased
A on hlstorlcal records

Then we iterate to ALL "similar events" ... ... and assign\probabilities based

on histarical records
A |

\

Then we iterate to ALL "similar events" ... .. and assign\probabilities’based
on histarical records

\

T—=44.0,07
EdwrgQuay_

\ G L}MQ

)\0

Q
M .;arr ad
@,-f .06

East li’lkb‘)l Bridge




accenture

Technology Labs

s

Open Control Panel

Anomaly = A2
. 4 /
) e 33 A :“"”e' Close Selected Context -
6 & ype:
Teme 8 § From
P 100 o § 1o All | E | Toggle A
Wind Direction Dewpoint 18 & ,J’_u € - 4
100 50 160 - il E e T Severity:  Anomaly: Clare Street
S———p i e 39337 T fem S ST S =R From: 4/11/20130:13 T
/’ Ax b, Izniricls : B cxpiore: To: 4/11/2013:0:13
3 L = [ o 3, p : is: Merrion Square West & Clare S
Prossure M0 WA Speed | 235907 8! 8.3 1wl Hors of iE Diagnosis: Memion Square West & Clare Street
! 50 \§o 217 233231377 Type: social y
3 7 i iike Event: The World of Performance in: Merrion E
{ > The Lsertie 37, d s
o {00 e % From! 0:0 Square West & Clare Street
Dady Rain Humidty o 2N To:

Diagnosis: NaN s
Type: social

Confidence: Event: NINE in: Clare Street

Analytics  Prediction Diagnostics = Explorer

Events: Road Incidents Events: Road Works Events: Social

#
thution 4k

Social Q
5 100 : ] ( )
B
T Money, T .
% g obstruction:40.625 closures:9.090909 music:65.35088
I
*.; Diagnosis: Road Incidents ~ Diagnosis: Road Works Diagnosis: Social
> & accident:33.53204
& &
F ¥ 4 L ::
f€l”  Repair and Resurface Carriageway 100

Road Works luas:26.528385 music:28.47962
Diagnosis of Anomaly: http://anomaly.com/event/ 1349565829

Bl Confidence of Diagnosis: 0.9491649524519976

What is the road work for: Repair and Resurface Carriageway

... In more details: Install Surface Water Gullies at 35No.
o

i
i
I

rStr

berties

D
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Explaining Traffic Condmons with Diagnosis Reasonlng

Abductive Reasoning

Definition (Concept Abduction)

Let £ be a DL, Out_s;, In_s; be two concepts in £, and 7 be a
set of axioms in £. A Concept Abduction Problem (CAP),
denoted as (£, Out_s;, In_s;, T) is finding a concept H < L
suchthat 7 = Out_s;MHLC In_s;.

>

Identification of what is underspecified in Out_si to completely satisfy In_sjin T

ABDUCTIVE REASONING
REPORTS HOw DIAGNOSIS IS APPROXIMATED
WITH SEMANTIC MATCHING

g Different Cause / Event

- — . - o%o
| (—— Different Congestion g
P Explore: . 49°ma E
Type: TRIPS Explore: [l
| From:  Mon, 08 Dec 2014 09:00:07 GMT & Type:  TRIPS
e to: Mon, 08 Dec 2014 09:00:07 GMT D|fferent Tlme B From:  Thu.11Dec 2014 130014 GMT

El  to: Thu, 11 Dec 2014 13:00:14 GMT
6

Severity:

Different Location - R o
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Explaining Traffic Cdiﬁons with Diagnosis Reasoning

Experimentation: Evaluating the impact of data (size, historic, heterogeneity) on scalability

(ID]: Number of historical days considered for diagnosis )

|D|=10 |D|=60 |D|=120 |D|=240 ID|=480 Historic
80000 _ . . ' -
2 nosis Reasoning (vs. 1st y axis) <
kX0 2
70000 "D ata Trafsfermation (vs. I1styaxis) “O 10000000 8
o) — b
O I K O
5 * 1000000 =
: 3.1 D 8
a 100000 ©
GEJ =~ - s g
= A 24~ 10000 =
5 ®EZ o
£ A " 1000 £
S B -
S A 100 ‘6
S o o
- £ - 10 <
[T =
Q& -0
IR City
3 Context

Lesson Learnt: + data sets + overhead on transformation, loading, and reasoning
+ historic data + overhead on reasoning
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Experimentation: Evaluating the i of data (size, histori terogeneity) on accuracy
(|D]: Mumber of historical days considered for diagnosis )
|D|=10 |DI=60 |D|=120 =240 |D|=480 Historic
* —

90 - verage) Nb. of Anomalies ay (vs. 2ndy axis 10000000 lg
80 — a
x // - 1000000 0
3 70 Tnf
S | - 100000 2
2 £
8 (@]

50 H - 10000
< <
= Q
g 40 y - 1000 £
c °
® 30 H =
a - 100 o
20 5 o
0
10 | - 10 £
=

Lesson Learnt: + data sets + accurate diagnosis results
- historic data — accurate diagnosis results
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Experimentation: Evaluating the impact of expressivity on scalability

Expressivity of Underlying Ontologies in Table 3 Semantic
OWL SROIQ(D i
OF (D)  Dialect
140008 . . . I S —
B2 Diagnosis Reasoning (vs. 1stysaxis) / o
120000 =23Data Transformation (vs. 1st y axis) 10000000 S
= [MIOWL / RDF Loading (vs. 1st y axis) o ap
S : ; Foo 1000000 =
€ 100000 - EAnomaly Detection (vs. 1sty axis) o\ o
ot . . PR o
§ (Average) Nb. of Anomalies per day#Vs. 2nd y axis S \ o000 =
s b ©
L . AT RAAA

@ 80000 : Reasoning: 545 ~ S &
£ A A GEA F2o 22 ] 10000 <
= _ Anomaly d tion: "M o <
c 60000 Bz C w\a YEay O
S OWE" RDF Egading: *X&y A 1000 £
@© ] T A o @1 1 A o |"_£

2 ]« | Z, ransformation A PN L R

S 40000 [F&AA Lo B QBT PN AN
& e - A ) oA R | 100 S
] i e frmemd] sy | S
s SA% and] fea Cand fAnA] | e ]
- ooy - ] A >
0 e nran b S [oos memnnl [T 1 =

City

Context

Lesson Learnt: + expressive - scalable
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Explaining Traffic Condmons with Diagnosis Reasonlng

Experimentation: Evaluating the impact of expressivity on accuracy

Semantic
OWL SROIQ(D) Dialect

Expressivity of Underlying Ontologies in Table 3
RDF/S OWLRL

(Average) Nb. of Anomalies per day (vs. 2nd y axig

10000000

~ 1000000

~ 100000

- 10000

- 1000

- 100

Diagnosis Accuracy (%)
S

- 10

Number of Traffic Anomalies (log. scale)

Lesson Learnt: + expressivity +/- accurate diagnosis results
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Experimentation: Evaluating the impact of data on accuracy

Improvement of coverage / precision / recall

S _ using more external data sources
B No Social Media
i [ ] social Media
8 |
g |
- $
o —

Coverage(Any) Coverage(Exp) Recall Precision



-

accenture .

Technology Labs

P

Explaining Traffic Conditions with Diagnosis Reasonin

Optimization techniques to scale up reasoning (1)

Schema

Consistent?

Fy

"
S
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Explaining Traffic Conditions with Diagnosis Reasoning

Technology L

Optimization techniques to scale up reasoning (2)

Static

Schema
Small

Heavyweight
Reasoning

Consistent?
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Explaining Traffic Conditions with Diagnosis Reasoning

Optimization techniques to scale up reasoning (3)

How to maintain ontology consistency more efficiently in this context?

Existing incremental reasoning: maintain an in-memory structure
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Explaining Traffic Conditions with Diagnosis Reasoning

Optimization techniques to scale up reasoning (4)

Our solution: extracting a subset of data + updates syntactically

Assumption:
Consistency

Consistent?

> Consistent?

0

If and only if
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Optimization techniques to scale up reasoning (5)

Our solution: extracting a subset of data + updates syntactically

Schema simplification: to expose constraints that can possibly cause interaction
between instances via role assertions.
Ly CVS.Lo.

Ly T35S, Ly,

Where transitive roles are removed and all axioms with universal and maximum
number restrictions are simplified on the RHS

* The simplified schema and the original schema are equi-satisfiable

* The simplification, a one-time process, can be done offline
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Explaining Traffic Cditions with Diagnosis Reasoning

Optimization techniques to scale up reasoning (6)

Our solution: extracting a subset of data + updates syntactically

Data Extraction

Key observation:

Role assertions of the form S(a,b) may cause interaction between instances, thus, they
need be eliminated as much as possible for subset extraction
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Optimization techniques to scale up reasoning (7)

Our solution: extracting a subset of data + updates syntactically

Data Extraction

-

.-="" Irrelevant RAs removed;
remedy CAs added

For any S(a,b), it is irrelevant for data extraction if, for every axiom [ C VS. L,
it is already consistent with this axiom, e.g., two sufficient conditions:

e b:L2isin the data
 a:Llisinthe data (due to our consistency assumption)
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Optimization techniques to scale up reasoning — Example

Schema: { }

Data: {IBM:COMP, worksFor(a, IBM),
a: age=38, a: dept="swg”, b:EMP, c:COMP, ...

Inserts: { a:EMP }

Steps to compute A,
« {a:EMP }
 {a:EMP, IBM:COMP } because worksFor(a, IBM) is irrelevant
 {a:EMP, IBM:COMP } is consistent with the schema

}
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Optimization techniques to scale up reasoning — Experimentation

Figure 3: NPD ontologies with time (ms) in logarithmic scale.

10°

10%

10°

| l l l l | l l

? 7 —
SYN | INC 7
7 .
/ 7] ]
7 2
/ _ =
/| — ]
4 7 :
. 2 B ? N
/ _ i
/|
/ /
% /) -
% 4 E
/ =
/ i
|

| { { ! |

l l
N1 N1(0.5) N2 N2(0.5) N4 N4(0.5) N8 N8&(0.5)

IJCAI-16.
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Optimization techniques to scale up reasoning — Take Away Notes

The Approach:

e Syntactic - quadratic in the size of the data
* Incremental - suits large datasets
 Reasoner independent - easy to implement

When is this approach preferred over Pellet (or similar native incremental
reasoning support)?

* If the instance objects are not highly correlated via role assertions that
have roles used by restrictions in the schema

* If the size of inserts is large, e.g., half of the original data

e |If the data + inserts cannot be fully loaded into memory
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Challenge:

Predictive reasoning (as opposed to analytics)
in heterogeneous and dynamic settings

Core Areas / Problems:

 Knowledge Representation and Reasoning
* Machine Learning / Knowledge Discovery
* Database: Large scale data integration

» Signal Processing / Stream Reasoning

o
Forecasting Traffic Congestion with Predictive Reasoning

9.56
954

9.52

19
18
17
16
15
14
13
12
11

BEEEEEEE

Traffic Condition

X

oad Incident

Weather Conditio

adbds
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Forecastmg Traffic Congestlon with Predlctlve Reasonmg

All existing prediction systems are based on ONE signal / stream

- raffic Conditions

o Statistical Pattern |

2500 -4 M
Similarity

. e.g., GAM , Regression ...

No accurate prediction!

03-05PM

06 09FM : m
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Forecastmg Traffic Congestlon with Predictive Reasoning

Why KR&R and Semantic Web Technologies ?

Tr ficCon| iions

‘

H

Predictive reasoning in

a semantic

E

:
H
i

g
=
Semantic Pattern Similarity

I
f”, 0
\ Wk\j

itions

-
>
o
L
—
e

Context Matters
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Context of Dublin City, Ireland

Sens- Data . Temporal Size per | Data Provider

Type ing Source Description Format Frequency (s)|day (GBytes)| (all open data
ourney times Dublin Traffic Dublin City
across Dublin Department’s CSV 60 0.1 Council via

. DTD a . . . b

- oule [\ \ CI dubdlinked
Road Weather
Condition (11 stations

CSV 600 0.1 NRA®

tatid

Real-time Weather Information

¢
(19 stations) Wunderground

CSV (depending (depending
on stations) | on stations)

Dublin City
Council via
based® dublinked.ief

Dublin Bus
Stream

(GPS location,
line number,

: LiveDrive®
Tweets 600 (approx. Aaroadwatch®

150 tweets
per day) GardaTraffic®

Media of road traffic
Related conditions in
Dublin City

= pdate ublin

§ é and Maintenance once a week City Council”
@ 2 Events P l;ggﬁdafé enrgsn"zgh Updated 0.001 Eventbrite!
§ =) Dublgg City |Flanned events with XML gllicae 0.05 Eventfuli
o Y | large attendance y : ventiu

fg) é Dublin City Map (listing of ESRI No 0.1 Open

2 S type, junctions, GPS coordinate) |SHAPE : StreetMapJ

e

= A s ) TR «
- ﬁ "r \ Sandymount:&

‘t‘u _ Bas% A% o

4@ Weather Information stat|on Vv Journey Times station i Road Weather Condition station
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Forecasting Traffic Congeétion with Predictive Reasohing

Deductive Reasoning: Ontology Stream as any sequence of ontologies

Update Update

Bus07 C 3id. {dub07} N Sloc.{(53.30, -6.25)}
Bus07 C Jin.LightTraf fic

Bus31 C 3id.{dub31} N 3loc.{(53.33, -6.27)}
Bus31 C Jin.LightTraf fic

{concert} C NoEvent

us07 C 3id.{dub07} N loc.{(53.31,-6.25)} Bus07 C 3id {dub07} 1 Jloc.{(53.32, -6.25)}
us07 C Jin.LightTraf fic Bus07 C Jdin.LightT'raf fic

us31 C Jid.{dub31} N 3loc.{(53.33, —6.28)} Bus31 C Jid.{dub31} 1 Jloc.{(53.33, —6.28)}
us3l C 3in. HeavyTraf fic Bus3l C 3in.HeavyT'raf fic
{concert} C NoEvent {concert} C Active Event

X

—

Op (6) 04 (7) O3(8)

Knowledge Saturation Knowledge Saturation Knowledge Saturation
- Cork Street is free « Cork Street is jammed - Cork Street is jammed
- Dawson Road is free - Dawson Road is free - Dawson Road is free

Application:
Data exposed by The Internet of Thing
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Deductive Reasoning in Ontology Streams

Rule Engine

Bi|fX% A ACBthen XC B

Ro| IEX'C Ay, /4, AiN---MNA,C Bthen X L B

Rs| X C A, JAC IR then X C 3r.B

ReVIT X C A, ACADGr A C Bthen X C B

Rs| T X C JhA, AC LthenX C L

Re| If X C Ir. A7 sthen X & Js.A

R | X C 3r1. A, AL Jra. B, m\ora C r3then X C Jdr3.B

JRoad (6) Road(rg)

(8) Stop C Long C Abnormal
Bus(b2) (11) Bus(b3)
Road(r2) (14) Road(rs3)
adj(ro,r2) (17) adj(ro,r3)
Always Valid

Steady T High
Bus(by) (10)
Road(ry) (13
adj(ro,r1)

Ontology Stre
: (Bvent M 3disruption.Hig
: (Road M Ftravel.Long)(r1)

(5)

(5)

(5) : with(r1,b1)
(6)

(

(

d1),

occur(ry,eq)

: (Social Bvent M Jtype. Musid)(e2), occur(ra,es)
6) : (Road M Jtravel. Abnormal)f(rza)
6) : with(rz, b2)

8(7) : (Incident M Jimpact.Sg
8(7) : (Road M Jtravel.Stop

0(7) : with(rs, b3)

ous)(e3), occur(rs,es)

)

Derived Knowledge

(3-4),(7),(18),(30) 1 -
O,P3(7) Ep. By ks Ry DisruptedRoad(ro) e’point of time

0, Q) URY(T) |:g1_6%2’(29)]’%2)}’$1'32) Jwith.Congested B
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Forecasting Traffic Congestlon with Predictive Reasonlng

Knowledge Discovery in Ontology Streams — Reasoning on Multiple Streams (1)

4 K . N
. Stream Historical @ Future
Journey Times __ Snapshot _ —
Road: Dame Street '_I‘, 1) Road: Dame Street
: Date: 2013-05-06T18:10:00 Si E Date: 2013-05-13T 9:30800
—~ Condition: Heavy FLow (a7 H F Condition: ?
= = Severity: 0.217 km i Severity: ? n
S Travel Time: |147 seconds ‘ Travel Time: ? Y Om
= e h | | H | h >
cﬁ .
o = n(; n(; n(; i n(;
s2l oi-y Lo J ooyl Lo -
= i
2 E- n(, __ — n(: —_— n(: | — ni - J—
g ) /Pm<2 1) Pm@) pm(z + 1) ! Pm(])
O —_— | | | L | L
£8° | | T | =
= StationID: IDUBLINC2 : StationID: IDUBLINC2 PTCLL
R \ Date: 2013-05-06T18:10:00 : Date: 2013-05-13T19:30:00
0 wunderground.com Condition: Rain : Condition: Showers
\/ ! \/
_ Weather Info. L _ ® - — )
L Y

Auto Stream Correlation between P (i) and P (j)

How to discover knowledge association across ontology streams?

Knowledge Discovery:
Rules Mining

Representation:
Association Rules

Deductive and Inductive Reasoning
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Forecasting Traffic Cn;gestion with Predictive Reasoning

Knowledge Discovery in Ontology Streams — Reasoning on Multiple Streams (2)

4 . . N
. Stream Historical @ Future
Journey Times __ Snapshot i _ —
Road: Dame Street '_I‘, 1) Road: Dame Street
% Date: 2013-05-06T18:10:00 Si E Date: 2013-05-13T ['9:3000
—~ Condition: Heavy FLow (a7 H F Condition: ?
= = Severity: 0.217 km H Severity: ? n
S Travel Time: |147 seconds ‘ Travel Time: ? Y Om
) & _( , | | H I h >
cﬁ .
Z | | | : |
o = n(; n(; n(; ; n (.
sl o-n Lo J o oieni Lo -
= i
v oo E' n . - B n . — n . I — n . —
g ) Pm<Z 1) Pm@) pm(z + 1) ! Pm(])
O —_— | | | L | L
28~ | | | : | >
= StationID: IDUBLINC2 : StationID: IDUBLINC2 PTCLL
R \ Date: 2013-05-06T18:10:00 : Date: 2013-05-13T19:30:00
0 wunderground.com Condition: Rain ; Condition: Showers
\/ ! \/
_ Weather Info. L ] [ - — )
L Y

Auto Stream Correlation between P (i) and P (j)

Association Rules as EL++ Rules:

(Fvent M ddisruption.High)(x1) A

occur(x2,x1) A adj(xs,xz2)
— (Road M Jwith.Congested Bus)(x3)
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Knowledge Discovery in Ontology Streams — Semantic Rules Mining (1)

IN-USE
SYSTEM

Stream S A,

IN A NUTSHELL

imes o Rules Filtering P
Road: Dame Street i E +"..6..l i —~ E
Date: 2013-05-06T18:10:00 P — ; ch :
Condition: Heavy FLow & Association Rules 9 N
Severity: 0.217 km I G ti 2 E S E
Travel Time: |147 seconds T cneration = ! § '
P e 20
NN :E: !'._5_.' § : \.—:
1 XS Consistency— oo
) o aware Apriori s 2
:tl: 2 21 U
1) o e, Tl o
1 g FEmmEsmmsmss=- et ."._.:_: o, :
; :. """""""""""" s [R3 e
i i Abox Reasoning i i |-pi = i
: P hereeeeaen e e e P B2 :
StationID: IDUBLINC2 Pop pTomtemmnremmemsemeseess SN LI '

Date: 2013-05-06T18:10:00 + 11 1TBox Reasoning ; i

Condition: Rain A hTTrrTTiTiiiITiIiiiiiiiLl

a A Ay A
Weath r Info. ) i

Set of Axioms “* Set of Axioms
g H
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Forecasting Trafﬁc Congestlon with Predictive Reasoning

Knowledge Discovery in Ontology Streams — Semantic Rules Mining (2)

Data Mining

Knowledge
Mining
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Knowledge Discovery in Ontology Streams — Semantic Rules Mining (3)

Ontology Streams

: (BEvent M 3disruption.High)(e1), occur(ri,et)
: (Road M 3travel.Long)(r1)

s with(ry, b)

: (Social Event M Itype.Music)(e2), occur(ra,e2)
: (Road M Jtravel. Abnormal)(r2)

s with(rg, ba)

y 4 : (Incident M Jimpact.Serious)(es), occur(rs,es)
/ : (Road M Jtravel.Stop)(rs)
s with(rs, b3)
Ontolog}i /W Pg | | Qg
Aomset/B [[ {2} {22}  [{e8)r{en}
Variablg V|| /1 (1) (z1,z2,23) || (z3) | (3)
o [0 | {(e)} H(ei,ri,ro)H(r1)} {01, r)} || {(r1)} : :
516 | () {{((62,7“2,7"0))} {20 {52, 72)} (Confidence, Weight)
@ = e e €3: T3, 70Dl e (e r r r
i / C S N e rg, rpy [ A} AR} ogan, 0,091 wien, 2,09
{o(B) | 1 | 1 | 1 [ 13 | 1 | 2/3 c({2D,(22)}) 7 w({@2D,22})
B el PETR Y
( M Jdisruption. High)(x1) A 21 | \?k4
Rule: occur(x2,z1) N adj(xs,x2) (22)

— (Road M Jwith.CongestedBus)(x3) (23)
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Forecasting Trafﬁc Congestlon with Predictive Reasoning

Knowledge Discovery in Ontology Streams — Semantic Rules Mining (4)

 Knowledge Mining in Ontology Streams:
 Atomset mining: identification of all potential consistent combinations
* Rule generation: identification of significative combination of atomsets

* Limitations:
* Exponential number of rules (although semantics helped)
* Rules filtering is the bottleneck
* No cross temporal association (e.g., t+1 and t)
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Knowledge Discovery in Ontology Streams — Stream Auto-Correlation (1)

StationID: IDUBLINC? StationID: IDUBLINC? P
Date: 2013-05-13T19:30:00

ﬁ Date: 2013-05-06T18:10:00
wunderground.com Condition: Rgin Condition: Showers
Weather Info. [ { _ ® - T _

Identification of similarity among ontology snapshots:

* New, obsolete, invariant Abox assertions;
* Any other knowledge similarity metric could apply.
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Knowledge Discovery in Ontology Streams — Stream Auto-Correlation (2)

Weather Info.

Limitations:

The more historical data / streams
(the more auto-correlation evaluation)
The more expressive data streams

1.

2.

StationID: IDUBLINC2
Date: 2013-05-06T18:10:00

» The less scalable the approach

Condition: Rajn Condition: Showers
| ‘l: | ® — :I‘

StationID: IDUBLINC2
Date: 2013-05-13T19:30:00

Auto—Correlation
Computation

Py T
; bklo i_TBox Reasoning : :

{1 Zr Stream (to be
auto—correlated)

= ———
]

i A2

)
¢

o4 A

P

Triple Store (Jena TDB)
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Forecasting Trafﬁc Congestion with Predictive Reasoning

Knowledge Discovery in Ontology Streams — Scalable and Consistent Prediction

> 77T () {7 Exogeneous Streams €7
) I o p
Main Stream 1 : k)
. l 2 & | ; :
to be predicted S ERY Exogeneous Ontology Stream Access at point of time t
. 1 (] oo’ m "eee’ \ T eve,
(congestion status ! 2 — S8
of aroad/link , & A ‘ &
+~ = .
in Dublin City) | = : Qfﬂ Exogendaus Stream Ontology Auto—Correlation
. . = = =
atpoint of timet | 2 = {0
;< o A 4
. < J2. - e :
L3 ! . i(Consistent) Association Rules Identification / Selection
CAPTION: ! 8* : 5 L —
""" 1 : State—of—the—art Tool I 2 1453
:_'.:__ ate—o €—art 100I1S : : §
- % : Data Flow Ordering | 1 :1 - 3 | Consistent Prediction Selection
—>: Data Stream '\ AT l| g"‘ 10

Example of consistent rule

HeavyTraf ficFlow(s) < Road(r1) A Road(rs) A isAdjacentTo(ry,r2) A
hasTravelTimeStatus(ry,s) A hasW eather Phenomenon(ry, w) A
OptimunHumidity(w) A hasTraf ficPhenomenon(rz,a) A
RoadT'raf ficAccident(a) (12)

Limitations:

» Scalability of consistency checking on rules consequent
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DataSet [Size (Mb / Day)[#Axioms / Update fRDF Triples / Update
. . ope [a] Weather 3 53 318
Experimentation: Scalability e |13 270 S0
” .
I I l [d] Event 9.5 480 1,150
re a S Il[e] Bus 120 3,000 12, 000

*
(T[x]: TBox where x is the proportion of GCls@nd Rls in T[x], |s|: Nb. of e

s|:1) (T[50], Is|:1) (T[O], [s]:3)
| | | | l ] | ] | | | | |
100% E==Consistent Knowledge Discovery (lines 10-15 of [A3]) - vs. 1st y axis 100000000
0 E==3Rules Generation (line 7 of [A3]) - vs. 1st y axis
KnOWJ(E(‘lge B S@lIAtomset Generation (Algorithm 2 - [A2]) - vs. 1st y axis / [ 10000000

A Atomset Mining (Algorlthm 1 - [A1]) - vs. 1st y axis
e==Total Nb. of Rules - vs. 2nd y axis
¢ e e Nb. of Significant Rules -vs. 2nd y axis

Nb. of Representative Rules - vs. 2nd y axis

1000000

o)
o

100000

()]
o

10000

. Invarian =P o

®000e h o0
o0 L4
®ooeoe )

1000

S
o

100

o
Number of Rules (Log. scale)

Computation Time (seconds)

10

0 - 1

[A3][L13] [S95] [D97] [A3][L13][S95][D97] ‘[A3] [L13] [S95] [D97] [A3][L13][S95] [D97] [A3][L13][S95][D97]

[A3] Lécué F., Pan J.: Consistent Knowledge Discovery from Evolving Ontologies. AAAI 2015
[L13] Lécué F., Pan J.: Predicting Knowledge in an Ontology Stream. IJCAl 2013

[S95] Srikant R., Agrawal R. Mining generalized association rules. VLDB 1995

[D97] Dehaspe L., Raedt L. D. Mining association rules in multiple relations. ILP 1997
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[A3] Lécué F., Pan J.: Consistent Knowledge Discovery from Evolving Ontologies. AAAI 2015
[L13] Lécué F., Pan J.: Predicting Knowledge in an Ontology Stream. IJCAl 2013
[S95] Srikant R., Agrawal R. Mining generalized association rules. VLDB 1995

[D97] Dehaspe L., Raedt L. D. Mining association rules in multiple relations. ILP 1997
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Distributed reasonlng to scale up deductive reasoning

Motivation

* Ontologies generated from sensors can grow
very large in a short span.

e Streaming traffic data produces several million
axioms in a day.

e Output of deductive reasoning process is
larger than input.
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Distributed reasonlng to scale up deductive reasoning

Motivation

* Current in-memory single machine reasoners
cannot scale.

e Adistributed approach to ontology reasoning
is required.

Easy to add more memory and processing
power in a distributed setup.
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Distributed reasoning to scale up deductive reasoning

Preliminaries

e Classification: For each class in the ontology,
find all its superclasses.

 Completion Rules

— To classify an ontology a set of completion rules
are applied iteratively on the axioms.

— They are applied until no new output is produced.
— S(X) is the set containing all the superclasses of X.
— R(r) ={(A, B)} implies that AL dr.B
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Dlstr|buted reasonmg to scale up deductlve reasonmg

Preliminaries

Rl IfC’"eS(C),C'"CDeC,and D ¢ S(C)
then S(C) := S(C)uU {D}

R2 IfC,C2€ S(C),CiNMC2EDeC,and D ¢ S(C)
then S(C) := S(C)uU {D}

IfC" € S(C),C'"C 3Ir.DeC,and (C,D) ¢ R(r)
R3  then R(r):= R(r)U{(C,D)}

If (C,D) € R(r).D' € S(D).3r.D' CE €C,

and £ ¢ S(C
R4 then S(C’%é ::( S)(C) U{F}
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Distributed reasonmg to scale up deductive reasonmg

Preliminaries

If (C, D) € R(r), L € S(D),and L ¢ S(C),
R5  then 5(C) = S(C)U {1}

R6 If (C,D) € R(r),r CseC,and (C,D) ¢ R(s)
then R(s) := R(s) U {(C,D)}

If(C,D) e R(r1).(D,E) € R(r2),r1or2 Cr3 €C,

R7 and (C,E) ¢ R(r3)
then R(r3) := Ri(r3) U{(C,E)}



Distributed reasoning to scale up deductive reasoning

e Data distribution and communication
management play a crucial role.

* Axiom distribution
— Data locality
—-0=0,U..UO0,
— Each O, is assigned to a group of nodes.

wa
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Distributed reasonlng to scale up deductive reasoning

Data distribution

axiom to
machine
mapper

Axioms N

R1 R2y R7
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Dlstr|buted reasonmg to scale up deductive reasoning

Targeted communication

Rule R; is applied on the corresponding O..

* The output of one rule is relevant to only a
specific set of rules.

* Rule processes can directly send messages to
the relevant one.
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Dlstrlbuted reasonlng to scale up deductive reasoning

Dynamic load balancing

Improper load balancing due to number and
type of axioms.

ldle nodes help the busy nodes by stealing
some work from them.

Performance improvement outweighs
communication cost.
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Dlstrlbuted reasonlng to scale up deductive reasonlng

Implementation

* DistEL, implemented in Java.
https://github.com/raghavam/DistEL

* A key-value store named Redis is used to store
axioms.

* Redis provides set operations, database
sharding, transactions, server-side scripting.
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Distributed reasoning to scale up deductive reasoning

Experiments

* Amazon EC2, m3.xlarge instances are used.

Biomedical ontologies such as GO, SNOMED
CT and traffic data are used. 1441 bursts of
traffic data was considered.

GO|SNOMED| 2-SNO| 3-SNO| 5-SNO|  Traffic

Before classification| 87,137] 1,038 481| 2,076,962| 3,115,443| 5,192,405 7,151,328
After classification [868,996(14,796,555/29,593,106|44,389,657|73,982,759|21,840,440
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Distributed reasonlng to scale up deductive reasoning

Experiments

e 5GB is available to JVMV.

* All reasoners invoked through OWL API.

Ontology | ELK| jCEL|Srocket| Pellet|HermiT|FaCT++
GO 23.5| 57.4| 40.3| 2314 91.7] 367.89
SNOMED | 31.8| 126.6] 52.34/620.46| 1273.7| 1350.5
2-SNOMED| 77.3)J00M?*| OOM*|OOM?*| OOM?*| OOM*
3-SNOMED|OOM?*|0O0OM?*| OOM*|OOM?*| OOM?*| OOM*
5-SNOMED|OOM?*|OOM?*| OOM*|OOM?*| OOM?*| OOM?*
Traffic  |[OOMP|OOM¢| OOM¢|OOMP| OOMP| OOM*
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Distributed reasonlng to scale up deductive reasoning

Experiments

Ontology

8 nodes

16 nodes

--._\

24 nodes

32 nodes

64 nodes

GO

SNOMED

2-SNOMED
3-SNOMED
5-SNOMED

Traffic

134.49
544.38
954.17
1362.88
2182.16
60004.54

114.66
435.79
750.81
1007.16
1537.63
41729.54

109.46
407.38
717.41
960.46
1489.34
39719.84

156.04
386
673.08
928.41
1445.30
38696.48

137.31
444.19
799.07
1051.80
1799.13
34200.17

Runtime decreases as nodes increase.

 With 64 nodes, for traffic data, each burst

takes 23.73 seconds.

lICAI-16
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Distributed reasoning to scale up deductive reasoning

Experiments

* Speedup on SNOMED

Nodes|Runtime|Speedup
8| 544.38 1

16| 435.79 1.24

24| 407.38 1.33

32 386 1.41

64| 444.19 1.22

e After a point, advantages of distributed
approach is overshadowed by distribution

costs.

|JcX|-16 ;
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Dlstrlbuted reasonlng to scale up deductive reasonlng
Experiments

Memory taken by Redis on each node for

Traffic data.

Node|Memory (MB)
R1 186.72
R2 0.81
R3 257.47
R4 0.79
R5 1970
R6 380.61
R7 0.79
RS 1470

Result 654.53

Total 4921.72
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Distributed reasoning to scale up deductive reasoning

Future work

e Estimate number of nodes required for
optimum performance for a given ontology.

e Alternate rule sets and classification
procedure can be tried (eg., ELK).

* Distributed approaches to more expressive
ontologies.
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PART I
Applications in
Bologna, Dublin,

Miami, Rio
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STAR-C |!. (Semantlc Traffic Analytics and Reasoning for CITY)

=

IBM Research STWNHLITY: Semantic Traffic Analytics and Reasoning for CITY

. losg W er CO .
S
6% ool

100

e —

Semantic Reasoning:
o Diagnosis

Open Control Panel

50 100

+
Close Selected Context -
5 00:13:05 GMT ose Al | §
. 7 "wrﬂ'w’,‘\a;w 5" + ‘ Severity. .
————3¢ ter =7
AW \ | Semantic Search
o [ s % dl s = “‘:_‘):"1"9"-34 3737 — s g‘evvoﬂdh D H E I ti
rosnae R 0 e ST .. e iagnosis Exploration
50 5' u‘]‘ 23323134 ’;"\ 5;5 ® 1363 S - .
— > e Liberse L ! 9 35/( Tags: social other = = tl = orrtﬂance n: Merrion
19 3735738 (PN From: Fri, 09 Aug 2013 23:00:00 GMT e Mo AR R
— Semantlc ConteXt 5 28 \ /’4‘ To: Sun, 08 Dec 2013 00:00:00 GMT
_-' 36 3
N”“[Lx'!l le )
220 \

Confidence:

Diagnosis: NaN
Type: social
' Event: NINF in: Clare Street

T Live IBM demo: http://9.162.92.201:8080/simplicity/index.jsp?city=DUBLIN
Live WWW demo: http://dublinked.ie/sandbox/star-city/

92.65%

Video: http://go0.gl/TuwNyL

— -/ N
Semantic closures:9.090909
N Interpretation of

music:65.35088
Diagnosis

lagnosis: Road Works Diagnosis: Social
4 b accident:33.53204 o
50 56
100
Road Incidents

100

Road Works luas:26.528385

music:28.47962
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STAR-CITY (Semantlc Traffic Analytics and Reasonmg for CITY)

Dublin: (Diagnosis of) Traffic congestion
Bologna: (Diagnosis of) Bus congestion
Miami: (Diagnosis of) Bus bunching
Rio: (Diagnosis of) Low on-time performance of buses

A

Context .
Source
Type
Source of | %
Anomaly | 2
’E
Source of | £
Diagnosis | =

Data
Source

Journey travel
times across the

city

Description

Traffic
Department’s
TRIPS system®

City

Dublin (Ireland)

CSV format (47
routes, 732 sensors)

0.1 GB per day®

Bologna (Italy)

Miami (USA )

X (not available)

Rio (Brazil)

Dublin Bus
Dynamics

Media
Related
Feeds

Vehicle activity
(GPS location,
line number,

delay, stop flag )

of road traffic

conditions in
Dublin City

X

(not used)

(596 buses,
80KB per update
11GB per day?)

SIRI: XML format®

CSV format
(893 buses,
225 KB per update
43 GB per day®)

CSV format
(1, 349 buses,
181 KB per update
14 GB per dayf )

Approx. 150

tweets per dayh
(approx. 0.001 GB)

(not available)

" R
Approx. 500
tweets per day'

(approx. 0.003 GB)

X

(not available)

Road Works
and Maintenance

PDF format
(approx. 0.003 GB
per day’ )

XML format
(approx. 0.001 GB

per dayk )

HTML format
(approx. 0.001 GB

per dayI )

X
(not available)

Social events

e.g., music event,

political event

Planned events with
small attendance

XML format - Accessed once a day through Eventbrite"APIs

Approx. 85 events
per day (0.001 GB)

Approx. 35 events
per day (0.001 GB)

Approx. 285 events
per day (0.005 GB)

Approx. 232 events
per day (0.01 GB)

Planned events with
large attendance

XML for

mat - Accessed once

a day through Eventful"APIs

Approx. 180 events
per day (0.05 GB)

Approx. 110 events
per day (0.04 GB)

Approx. 425 events
per day (0.1 GB)

Approx. 310 events
per day (0.08 GB)

Bus Passenger Loading / Unloading
(information related to number of

passenger getting in/ out)

X

(not available)

X

(not available)

CSV format
(approx. 0.8 GB
per day®)

CSV format
(approx. 0.1 GB

per day®)

ol
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STAR-CITY (Semantlc Traffic Analytics and Reasoning for CITY)

D at a Real Time, Cit Frequency of | Raw Update Semantic Update  |[Semantic Conversion
—_— Live Data y Update (s) | Size (KB) |Size (KB)|#RDF Triples || Computation Time (s)
[a] Journey Times| Dublin 60 20.2 6,102 63, 000 0.61
Bologna 120 31.8 1,166 4,550 0.295
[b] Bus Miami 40 66.8 1,766 11, 000 0.415
Rio 60 96.8 2,366 16, 145 0.595
[c] Incident Dublin 600 0.2 1.0 7 0.002
el eiden Miami 180 0.2 1.0 9 0.002
Dublin || once a week 146.6 77.9 820 3.988
[d] Road Works [Bologna|| once a day 78.9 133.2 1,100 0.988
Miami 3600 102.6 103.6 912 1.388
Dublin 240.7 297 612 1.018
. Bologna 111.2 149 450 0.434
le] City Events |\ g yr onee aday | —mes 780 1,190 1.876
Rio 585.3 650 950 1.633
[f] Bus Loadi Miami 40 833 2,500 4,500 0.390
us Loading | —Rio 60 69.7 650 1,230 0.147
Vocabulary
. #Object #Data .. Imported |Data Sets
Ontology Size (KB) | #Concepts Je . | #Individuals porte
Properties | Properties Ontologies | Covered
IBM Travel Time 4,194 41 49 22 1,429 Time [a]
IBM SIRI-BUS [4]| 41.9 21 17 18 - Geo [b]
LODE?" (initial) 12 14 16 - - le]
(extended) 56 87 68 31 - Time, Geo [c-f]
W3C Time® 25.2 12 24 17 14 - [a-f]
W3C Geo® 7.8 2 4 - - - [a-f]
DBpedia Only a subset is used for annotation i.e., 28 concepts, 9 data properties | [c-e]

=
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STAR-CITY (Semantlc Traffic Analytics and Reasoning for CITY)

Objective: Real-Time and Historical Traffic Diagnosis (1)

Live demo: http://9.162.92.201:8080/simplicity/index.jsp?city=DUBLIN

Video: http://goo.gl/TuwNyL

Input

* Type of anomaly (bus speed,
ambulance delay...)

* Type of explanation (city events,
unplanned events, road works, ...)

! om:
- 100 ko ] Mon, 04 Nov 2013 00:13:05 GMT Al | Ex All | Toggle A

IBM Resea

rch - STAR CITY: Semantic Traffic Analytics and Reasonin
> ;o

Open Control Panel +

Close Weather Context

Close Selected Context

y 50
- . Stoneybatter /
s e sa From: 4/11/2013-0:13 LI

plore:

Diagnosis: Merion Square West & Clare Street
Type: social

Event: The World of Performance in: Merrion
Square West & Clare Street

Pressure

Output

Diagnosis: NaN

Type: social
VZN Event: NINF in- Clare Street

21,3y 37
20 [PortobeRy’ 303~ 1

. . . . . Analytics  Prediction nostics  Explorer
® Rea I_tl m E/H IStO rl Ca I d Iag n OS I S Events: Road Incidents Events: Road Works Events: Social

results Sochl ' &
° . . . . 100 O

EVOIUtlon Of dlagnOSIS over tlme/ closures:9.090909 music:65.35088

(#

obstruction:40.625

S pa Ce Diagnosis: Road Incidents ~ Diagnosis: Road Works Diagnosis: Social
* Comparison vs. historical A — OD q: *

100 100 . .
Road Incidents Road Works luas:26.528385 music:28.47962



accensﬁégy - = . . A

STAR-CITY (Semanc Traffic Analytics and Reasoning for CITY)

Objective: Real-Time and Historical Traffic Diagnosis (2)

Live demo: http://9.162.92.201:8080/simplicity/index.jsp?city=DUBLIN

Video: http://goo.gl/TuwNyL

Input

* Type of anomaly (bus speed,
ambulance delay...)

* Type of explanation (city events,
unplanned events, road works, ...)

IBM Research - STAR CITY: Semantic Traffic Analytics and Reasoning for CITY
-

Close Weather Context Open Control Panel

Close Selected Context

rom: Mon, 04 Nov 2013 00:13:05 GMT

- 100 ko 25 27, o: Mon, 04 Nov 2013 00:13:05 GMT Al | Ex All | Toggle A
Wind Direction Dewpoi 3332 £ t
3 ko 100 ° Anomaly: Clare Street
036 \ From: 4/11/2013.0:43 g
o T To: 4/11/2013-0:13
! P At 2
R 4 4% Wil Spoed i Diagnosis: Merrion Square West & Clare Street

Type: social
Event: The World of Performance in: Merrion

vent: are
S0 8 £
\ %
, \ i
0 UtPUt . ‘W - TR % rom:  Fri, 09 Aug 2013 23:00:00 GMT Square West & Clare Street
-y

Dady Ran Humidty o B To: Sun, 08 Dec 2013 00:00:00 GMT Diagnosis: NaN
56
o 3% 3 Type: social
Pras o 3 onfidence: 9265% ] Event: NINE in: Clare Street

b Catego ri Zati 0 n Of d iag n OSiS comme Events: Road Incidents Events: Road Works Events: Social
Social '

) obstruction:40.625

Diagnosis: Road Incidents ~ Diagnosis: Road Works Diagnosis: Social
_¥2 accident:33.53204
e

100 100 . .
Road Incidents Road Works luas:26.528385 music:28.47962

(#

closures:9.090909 music:65.35088

&
%
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IBM Research - Interactive visualization of traffic congestion explanation across Dublin

8/

16:00, Thu, 05/12/2013

O Congestion Traffic intensity
Explanation M Free
M Conf.80%-85% M Low
M Conf.85%-90% M Moderate
. M Conf,90%-95% i Heavy
£ Conf.95%-100% i1 Stopped

Pause And select an event to get more
information. ..

IfalliC ANnAex

http://vtce.altervista.org/
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Reverse STAR-CITY system for city managers

Objective: City Planning

IBM Research - Interactive visualization of traffic congestion explanation across Dublin
&2 \ )
| + N / .
Input B 16:00, Thu, 05/12/2013
U
N

0 Congestion Traffic intensity
Explanation M Free

M Conf,80%-85% M Low

I Conf,85%-90% M Moderate

Type Of anomaly (bUS B Conf ,04-95% B Heavy

1 Conf'.95%-100% | Stopped

speed, ambulance
/

delay...) Bt L s w0 i o
Type of explanation

(city events,
unplanned events,
road works, ...)

Output

* Impact of events and
their characteristics
on anomalies

http://www.vtce.altervista.org/
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Reverse STAR-CIT system for city mané;gers

Data Description Format| Temporal Historic | Size Estimation Data
D a t a Source P Type |Frequency (s) |(mm/yyyy)|per day (GBytes) Provider
° Vehicle activity (Private)
O = H a
£3 . (GPS location, | SIRI? i
3 %’ Dublin Bus line number. | XML- 20 11/2010 4-6 DCC
3 delay, stop flag )| based
Waundereround Real-time [5, 600] [0.050, 1.5] (Public)
undergroun weather CSV |(depending on| 01/1996 (depending Wunder-
for Dublin . . . . b
information stations) on stations) ground
Road Weather (Public)
Condition (54 stations) sV 600 1172010 01 NRA®
@ Road Works (Public)
]
§ é and Maintenance sV 3600 1172010 0.01 Dublinked?
A% Bvems | Dvenswith Not 1172011 0.001 (Public)
° . small attendance ' Eventbrite®
mn Events with XML (Public)
Dublin considered | 11/2011 0.05 ¢
large attendance Eventful
Structured facts 6 .
k) DBPedia | extracted from | RDF No No 3.5 10 (PUth.) .
=g Kivedi concepts DBPedia
5 E wikipedia
Dublin City Roads (listing of (Public) Linked-
L
Voca b u I a ry s type, junctions, GPS coordinate) RDF No No 01 geodatal
. #0Object | #Data . Imported
Ontology Size (KB) | #Concepts Jee . | #Individuals porte
Properties | Properties Ontologies
NASA SWEET?!?
: 158.8 90 40 34 63 W3C
(IBM adaptation) Time
IBM Travel Time | 4,194 41 49 22 1,429 Geo ’
IBM SIRI-BUS 41.9 21 17 18 -
W3C Time” 25.2 12 24 17 14 -
W3C Geol? 7.8 2 4 - - -
DBpedia Only a subset is used for annotation i.e., 28 concepts, 9 data properties |
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Mobile STAR-CITY app for citizen in Dublin and Bologna

™ simpli-city

14% Fuel level

Dec.2014

EVENTS 8 v
‘I 8 . 3 Peter Pan

. Pantomime at...
RECENT ROUTES

Home
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Mobile STAR- CITY app for citizen in Dublin and Bologna

Context

Use case scenario: Meeting the Increased Mobility Demand:

 Scenario 1 “Road Traffic Diagnosis”
e Scenario 2 “Road Traffic Prediction”

 Scenario 3 “Personalized Traffic Restrictions” 4% Fuctlevel

™ simpli-city

Outcome: ] 7 2iin,

* One mobile app
* Two pilot cities (Dublin and Bologna) EVENTS
* Live and real-time environment 18:3( FeerPan
* Real data (user calendar, open data: traffic

congestion, weather, events, road works, accident ...
 but with simulated car sensor data — Austin ;-) Home

RECENT ROUTES 4~

e
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Mobile STAR-CITY app for citizen in Dubl

in and Bologna

" . Temporal Historic Size
Location Type Data source Description Format type po Data prBatteryVoltageLevel Value of the voltage of the battery
frequency (s) (mmy/yyyy) | per day (Gbytes) External External
Vehicle activity (GPS ExternalTemperatureFailSts Check on the external temperature fail status
Dublin Bus Stream location, line number, 20 Nov-10 (Private TemperatureUnit Current temperature unit “C/F
— Public Transport delay, stopflag) | SIRI: XML-based 46 INVESTIDaysToService - E::;El;! :E"’ re 5:”;:; e
- + ™ y - idData the DaysToService value is val
Dublin Traffic Dublin Traffic Flow 0.055 (Privatef= ays
i istan Distance left before service
Measurement along 24 Traffic 0022 B Sata Check if the Ele ek
Dublin Traffic Intersection IDs (Private]DriverDoorSts Indication about the status of the driver’s door {open/close)
. FuelLevel io about the level of the fuel tank in percetage
Inurnev times acracs Dublin = = = P
" f the FuelLevel value is valid
Location Type Data source {Gbytes) Dsta provider {uRL)
Dublin Sologna Traffc 501 [ Wharicipsi = R about the emergency fuel level is detected
—_— lion about the status of the passegner’s door (open/close)
sciogna it {56151 - Avwes dirsction of trave o 001 | uricissityof Soogns__|iternal Remote Servize Connection s
about the status of the rear passegner’s door (open/close)
sciogna Trstte {615) - Reserved fanes ot s esai 5o s6a00 2005 001 | vricisaity of Sioana static about the egine speed in pm
Dublin tologna Traffc (BG15) - Traffic Lgits = £581S0E 86400 2005 001 | Muricipality of Boiogna__| internal Remote Service Connection Static about the vehicle speed
sciogra Traffe (esis) - 58 5OE 86400 2005| 001 | Municipal iogna static f the VehicleSpeed value is valid
sclogna {861) - Parking £sa 5o 86400 001 wurcipaityof 8oiogna st f the InstgntuelConsumption value is valid
5tal mappng of roaeworks it of
Dublin sclogna st 85151 - Rossweris 102 mpact o rosd ines esai 5o s6a00 2005 001| unicipsty of Boiogna sttic R
—_— it of
X sciogna i 8615 interim st messures s soe ssa0 2005 001 | wuncipsityof soiogna | interns Bemote service Conaection st t of 8
L . P e s soe sseo s P e |fthe Al :
Dublin tance in kilometers/miles that car can perform with the current fuel level
L —— ‘ 86400 001 [wuncipaityof 8oiogna | interna Remote Service Connection st — fanipaie kil
N Temporal Historic Size estimation
Duui" :::::: - ::ffm“ Data source Description Format type frequency(s) | (mm/yyyy) | per day (Gbytes) Data provider URL
e . Current status and prevision of the trafficin the .
o raf fic status in Barcelona R ™ 54000 No 0,001 Barcelona city council http://w20.ben.cat/opendata/
. Bciogna | N Current status and prevision of the traffic in the OpenCities project pointing to Barceona city .
Dublin Solngaa T T aarcelons affic Traffic status in Barcelona streets of Barcelona XML/ JSON 54000 No 0,016 cound 1. tact
T oo Public transport I} . N Location of private parkings in Barcelona, i i
soom . Rarcalons Traffic Private Parkings in Barcelona including information about price per minute XML/ JSON - No - Opencities project cti
=y Information about the Bicing stations of
5 Bciogna Traffic anes o Public transport Bicing service in Barcelona be XML/ JSON 60 No 01 OpenCities project poinfil to 85M f. tact
Dublin - Barcelona
sciogra DmancdaaonTofhc w1 - Public transport Bus stations of Barcelona - o X ction
Beiogna Traffic |CISIUM - ndex of traffic congessi st Barcelona Public transport Metro stations of Barcelona 0! e onoc} wof. taction
Dublin Sciogna CISUM - parkicg stab < T P incidents in Barcelona ey e o beecaiena RSS variable No 0,001 de Catalunya)
Beiogna Pubic transport CISIUM - BUS delay data Oolays of buses in rea! time s¢ . Public transport State of train lines in Catalonia Statecof the nes of the Rodailes da Barcelona RSS variable No 0,001 Catalan Goverment (Generalitat de Catalunya) * -
Dioma —Urbe Taff O mmatom oy Teprates——[ter it afacees st the T Barcelona / Catalonia and regional services. B
Bologna raffic ation - queues at the traffic Ight intersections. IS 8i ‘Weather forecast of Catalonia, updated 3 times &
e P EEOED Weather Weather forecast of Catalonia v XML 12600 - 45000 No 0,0002 cat Catalunya)
Bologna Traffic - Parico -meter o a »
Events Cultural events in Catalonia Cultural events that take place throughout XML 86400 No 001 Catalan Goverment (Generalitat de Catalunya) .
Weather Wundergrourd for Boiogna Real-tme weather nformston | Barcelona / Catalonia Catalonia.
P— B —— Information about touristc sightseeingin ) /oo . - . OpenCities project pointing to Barceona ity ot
Barcelona Barcelona council

Vocabulary

Ontology

Size (KB)

#Concepts

#0Object
Properties

#Data
Properties

Imported

#Individuals Ontologies

NASA SWEET!?
(IBM adaptation)

158.8

90

40 34

W3C

IBM Travel Time

4,194

41

49 22

Time, -

IBM SIRI-BUS

41.9

21

17 18

Geo .

W3C Time®

25.2

12

24 17

W3C Geol?

7.8

2

4 -

DBpedia

Only a subset is used for annotation i.e., 28 concepts, 9 data properties |
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Mobile STAR- CITY app for citizen in Dublin ahd Bologna

Objective: Context-aware driving experience (1)

User Context-aware OP:?ff Context-aware
Driving (User data) Driving (Open data)

™ simpli-city

18:30 Prer Private Context-aware
: - Programmmg ! e e .

18:03 ickn 17:20 6.0 19 Driving (City data)
E——— n— 17:21 69m 12c
1 /] Dec. Nevvmessagefromsimone 1722 15mins 72 km 22 €.

™ simpli-city

Do you want to PAY for
access to the restricted
area?

EVENTS

-I 8 30 Python E Are you in for football tonight?
. Programming

(0176 Cancel
i Dec. 2014

EVENTS 2v

Tu.9 e S . .
: Dismiss
‘I OOO Business S e
o storytelling tc

Tu.9

13:30 E‘f’e'}fj.-éﬂo‘ :
Tu.9

-I 9 3 O Parkway Drive

A Restricted area: Downtown

RECENT ROUTES
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Mobile STAR-CITY app for citizen in Dublin and Bologna

Objective: Context-aware driving experience (2)

accentlre

A

Technology Labs

Car Sensor-aware
Driving

™ simpli-city

Car Sensor
Simulation

Personal Events-aware
Driving

The event has been
cancelled

Do you want to stop the
navigation?

14% Fuel level

112km ™ simpli-city

Car Sensors

BMW discovery

'I 8 (O] Publm
. rel ,
e
The fuel level is low

EVENTS re-routing to nearest GAS

Lo

RECENT ROUTES

Home

Engime speed Kasabian in: Dublin

Air flow rate

Run time since engine
start

Ambient air
temperature

Distance traveled

Engine oil
temperature

Tires pressure

Stop Cancel
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Green: Dublin Bike availability
Purple dot: Bus in congestion
Blue: Noise

Purple bar: Pollution

Red: Amenities

York Rd

o e ae" h
v .

P
1

O Droichead Na Dothra

https://www.youtube.com/watch?v=ImTIOjm3OEw
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Semantic Processig of U‘rban Data

ap Noaabl (Natomte

O R T - J " .
4+ m Deag ]g Taaw [— tatect ]. wors [,hA res ll{ et I Fingal Traffic Moaltors s ve
= o Fingal Train Stations -~ I wve
- . Minncapolss Crime Data < =l - we

Minneapolis Crime Stats February - J% v
Minncapolis Crime Stats January - ] s

Minncapolis Free Wi g =k - 4

Minncapolis Law Enfoecement g B Il w

Minncapolis Park Ride g oI, . w

: Most Daagerous Larpe Metro Arcas For s e v

Categones
S £ —
2 s van o R Keyword Bounding Box  Relased
ot -ﬂ— 2 Search
© ¢ 3
- o 2
3
b3 O € OpcaSuoctMap comtribetons
Qe
-Q-

https://www.youtube.com/watch?v=IrUHet5awzw&feature=youtu.be
http://50.97.192.242:8080/Dali/
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Conclusion

Cities are characterized by:

* Big Data * Integrated Problems

* Complex Systems * Scalability Challenges

Cities want to be Sarter:

* More efficient e Cheaper * More attractive

* More reliable * Faster * More Intelligent

* More secure * More integrated e Sustainable

* More open * More citizen-centric e Better city planning

Cities can benefits from

+ REAL World data: Open Data to get Smarter
* Advances in Al

Al already helped a lot!! ... and should even contribute further

. Optimization, coordination ...
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Future Work

Analytics and Reasoning: Scalability from One City to Another One

e < ASET T 10

R L

— -

c ! L - o = MR " :
Real Time, City Frequency of | Raw Update Semantic Update  ||Semantic Conversion
Live Data Update (s) | Size (KB) |Size (KB)|#RDF Triples || Computation Time (s)

d [a] Journey Times| Dublin 60 20.2 6,102 63, 000 0.61
Bologna 120 31.8 1,166 4,550 0.295

[b] Bus Miami 40 66.8 1,766 11,000 0.415
Rio 60 96.8 2,366 16, 145 0.595

(] Incident Dt}blil} 600 0.2 1.0 7 0.002
Miami 180 0.2 1.0 9 0.002

Dublin || once a week 146.6 77.9 820 3.988

[d] Road Works |Bologna|| once a day 78.9 133.2 1,100 0.988
Miami 3600 102.6 103.6 912 1.388

Dublin 240.7 297 612 1.018

. Bologna 111.2 149 450 0.434

[e] City Events Mia%ni once aday | —pmzs 789 1,190 1.876
Rio 585.3 650 950 1.633

[f] Bus Loading Mlgml 40 55'37 2,500 4,500 8%?1?
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Application: From Cities to mini-Cities
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Future Work
More Multi-disciplinary: Al (Planning, KRR, ML, ...), Database, Mathematics ...

More Science
Integration
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Questions

Thank youl!

Credits: Pol Mac Aonghusa, Luciano Barbosa, Veli Bicer, Antonio Corradi, Elizabeth Daly, Luca Foschini, Yiannis Gkoufas, Jer
Hayes, Vanessa Lopez, Rahul Nair, Joern Ploennigs, Alexandre Rademaker, Marco Luca Sbodio, Anika Schumann, Martin
Stephenson, Simone Tallevi-Diotallevi, Pierpaolo Tommasi, Robert Tucker, Yuan Ren



