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1. Introduction

Data fusion-SAW-C2

e Data Fusion
o Integration Process of multiple data and knowledge

e Sjtuation Awareness (SAW)
e Perception
e Comprehension
e Projection

e Predictive Situation Awareness (PSAW)
e Estimation and prediction of an evolving situation over time




1. Introduction

An example of PSAW situation

Time—1
Region=1
Region=1.1
Vehicle=V2
¥
Weather p -@
= Clear W '
Vehicle=V1 ‘? ked

ImageTypeReport="?

Speed =20 Communicated =Y
Danger Level =?

nﬁc{eoaas What is the type of the V1 given the observations ?

sniversity  What is the danger level of the region 1.1 given the observations ?



1. Introduction

Bayesian Networks for the example

TerrainType__region1_1

Road 0%

OffRoad 1 -

] ) Road DffRoad
Wheeled 0.8 0.2
Tracked 0.2 0.8
Y
VehicleType__v1 Conditional Probability Distribution (CPD)
YWheeled 20%
Tracked 20% O

Directed Acyclic Graph (DAG)

nﬁéeoaae Observations: Terrain Type of region 1.1
university  Queries: Vehicle Type of V1



1. Introduction

Bayesian Networks for the example

TerrainType___regiont_1

WeatherType__ regiont_1

Road 0%
OffFoad 100%,

YehicleType__ w1
Wheeled T0%,
Tracked 0%

Danger_Level _regiont _1

High

20%

N |

Loy

20%

Z

B1 GEORGE

UNIVERSITY

Cloudy 0%
Clear 100% -\
ImageTypeReport__rpt2
Wheeled 0%
,—I—F’ﬂTracked 100% -
WehicleType__ w2
Wheeled g oo
Tracked 94 17% -:\
Speed__w1_t
Fast 0%
Slow 100
ImageTypeReport_ rpt
Wheeled 3T,
Tracked GO, .
Speed__wZ t1
Fast 0%
Sl 1 00%, -

Observations: Terrain Type, Weather, Image of V2, Speed of V1 and V2
Queries: Vehicle Type of V1, Danger level of region 1.1




1. Introduction

Bayesian Networks for the example

o = -
.
- e N o - wo — 3
™~ ? - » P
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N TTST T =T T T e TN - -
| .| ~ . Fa - ] - =, R — ok 1 otas | _— |
I - } - = - =~ 3 Ed = S ™ 2 T =~ AT J em_ - e - —
-
= ' - -
o - e N 1= N - — - pr — | — I = N =
- l 3 - =l - -l - r~ emm— - o~ - - - - - = - - - -l

nﬁc{eoaas Observations: Image type and speed for V1 ~ V5intime 1l ~ 5
university  Queries: Vehicle Type of V1, V2, V3, V4, and V5



1. Introduction

MEBN Model(MTheory) from the example

Speed_MFrag ImageTypeRepart_MFrag

isA(ob], Vehicle) isA(rgn,Region) {rgn = Location(obj)) { ohj = ReportedOhject(mt) )
isALP ey Tirme) { rgnh = Location(ab)) ) iSAMTime) isAfnb] Vehicls) isA{ron, Region) isA{rotRepor

TerrainTypelrr) vehicleType(obj)
Speed(ohjtPrev)

b, o N o

YehicleTypelohj WeatherTypelrgn)

Speediobj,

ImageTypeReportirpt)

y
»
N
>
N
N
>

1
YehicleOhject_MFrag Danger_MFrag Weather_MFrag Region_MFrag

isA{ohj Vehicle) isAirgn,Region) isA{objVehicle) isA(rgn,Region) isAfrgn Region) isAlrgn, Region)
{ rgn = Location(ohj) ) (rgh = Laocation(ohj) ¥ WeatherType(rgn) TerrainTypelrgn)

b o N -

f ™
. ) Reference_MFrag
TerrainTypeirgn) WehicleType(obj)
isAlrpt Repart) isA{abj Wehicle)
¥ L J
WehicleType(ob] Danger_Level{run)
WD ( RepartedOhject{rpf) j Location(obj))

Ny

hfasoncs MFrag Context : Input Resident
FeA{ER ey Time) Node YehiclaTypaobi Node Cranger_Lewadrgn) Node




1. Introduction

SSBN generation

Casel : =
Regionl.1, Vehicle 1 and 2, e
Report 1 and 2, Time 1

h
>
L =

v

Case2 :
Regionl.1, Vehicle 1 ~ 5, Report 1 ~ 5, Time 1

r
| [

eanTva_sgunt_|

| Wstiosesd) | Srmsomiron | (— | e A
J *--\.J‘\

e = a1
| rery : i el 8
Case 3: B
Regionl.l, Vehicle 1 ~ 5, T I S ] B
[
Fam o | e e | T ]
I ] 1 [Tracamn ‘ol | {fuacien vore

__Reportl ~ 5, Time 1 ~5




1. Introduction

A Danger MFrag

Danger_MFrag

A
- N

f isA(ohj vehicle) isA(ron, Region)
{ rgn = Location{ohj) )
~

Context Node (C) <

~
Input Node (I) \ YehicleType(oh)) /
l > Fragment Graph (G)
Resident Node (R) { ( Danger Leveliran j
J

if some obj have (VehicleType = Tracked) [
high=1-1/CARDINALITY(obj),
low=1- high

lelse [
high =0,
low=1

1

Local Distributions (D)

/GEORG Context node represents conditions under which the distribution defined in the MFrag is valid
ms Resident node is a random variable containing a term of First Order Logic 10
DLOITEGESIUY Input node is an imported resident node from other MFrag

m



1. Introduction

Generated SSBN from the Danger MFrag

VehicleType__ v YehicleType_ w2

Danger_Level__region?_1

YehicleType__ w3

VehicleType v3 Wheeled Tracked
VehicleType_ v2 Wheeled Tracked Wheeled Tracked
VehicleType w1 Wheeled Tracked Wheeled Tracked Wheeled Tracked Wheeled Tracked
High ] ] 0 05 ] 05 05 0.66
Low 1 1 1 05 1 05 05 0.34

/(;EORGE Given entities, V1, V2, V3, and Regionl.1, the above situation-specific Bayesian Networks
ms (SSBN) is derived from the Danger MFrag with the conditional probability table (CPT) 11

UNIVERSITY



2. Problem Statement

« Old approach
« Manual MEBN modeling

* Problem of Manual MEBN modeling
 labor-intensive
» insufficiently agile process




3. Basic MEBN Learning

e MEBN-RM(Relational Model) Model
e Basic MEBN Parameter Learning
e Basic MEBN Structure Learning




3. Basic MEBN Learning

MEBN-RM Model

Vehicle Region Report Location
obj | VehicleType rgn | TerrainType | UpperRegion pt ImageTypeReort |ReportedObject }bg/ t rgn
VX Wlépled 13!' Dfﬂéoad null ptl Wheeled vl vl |[tl rl
v2 \ Tracked r 1_\1 E(oad rl pt2 Wheeled /(l/ vl | t2 rl
v3 \ Track\:d rl_IX D/ffRoad rl pt3 Tracked v1 vl |13 rl
v4 Tracl{é@ 12 \ ¢ffRoad null pt4 Track;d/ v2 v2 | tl| 2.1
v5 Wheele\i r2_1 \ bffRoad 2 pts Wheeled v2 v2 | 2] 12 1
v6 \ Tracked\ r2_1_1\ / Road 2 1 pté Tracked v2 v2 |3 2.1

.
m e M3 / \ Type Name Example
M / 1 Isa Isa( obj, VehicleObject ), Isa( rgn, Region ),
. Isa( t, Time), Isa( rpt, Report )
SN Fon.Reglon) 2 Value-Constraint VehicleType( obj ) = Wheeled
3 Slot-Filler obj = Reported Object( rpt )
i b')) 4 Entity-Constraint Communication( obj1,0bj2)
\ \l Table 1. Context Node Types on MEBN-RM Model
TerrainType(rgn) .
il bt RM Resident Node
Attribute Function/ Predicate

Gr—— ) Key Arguments
(sreotn, Cell of Atribute Output

L. = Table 2. Function of MEBN-RM Model 14




3. Basic MEBN Learning

Basic MEBN Parameter Learning

6 = arg maxge, (6 | D M

/

Optimal parameter MTheory

Relatlonal Dataset
A set of parameters in
Local Probability Distribution

nneeoaas To estimate the parameter, Maximum Likelihood Estimation (MLE)

) 15
.......... is used



3. Basic MEBN Learning

Basic MEBN Structure Learning

M = arg maxyep p(M| D)
Optimal MTheory \
Relational Dataset

A set of possible MTheories

Bﬁseonas To search a local BN, GES(Greedy equivalence search) algorithm is

16
.......... used



3. Basic MEBN Learning

Basic MEBN Structure Learning Algorithm

. I 4 )
Basic MEBN Structure MTheory
Learning Algorithm

RM Algorithan 1. Baic Strwesuce Leoruiag For MEBN
Procedure BSL_MEBN { D5 !/ Belational dutabaze
D BNSL g BN Structne Search algontum
ataset B B

e If

! e, =

Masar, 1 ceato o defintt MTheory e —_

My, Mwﬁmnmm ¢ in the tables of DF
Fror

el I sraphs in 7, wng SV
graph to easere o cvc!eand indirscted edge

i1 ——
13 G, — parch e s e it neprpbsmneFPS._ﬁD &5
14 G sonrch the

G'—muelheyanh :muunoq] and ndicected edge
i G fym

Any Bayesian e v

(Brgrr create the sesident node with the same of JT, o MPFryr

20 u\eﬂnd.[F 1ag{G.. JT. Macs}

Networks Structure N

fc“-l....nnmlm od':ll(es'.dmuminmlbe)nﬂ'h::ry

o o et dataoet pelaie
Algorithm 8

ceorge The initial ingredients of the algorithm are the dataset expressed in RM
Iu ,Nﬁs. AIUIN and any Bayesian Network Structure searching algorithm 17



4. Case Study

e Generating Training and Test data
e Evaluating MTheory
e |Learned MTheory

e Accuracy of P( SOI(Ship Of Interest) |
Evidences)




4. Case Study
Generating Training and Test data

File Menu

Mode

Screen

‘ Save Map || Load Map

u Area | | Areas || Ship info H Zoom In H ZoomOut | 100%

9 =] World
o] Entity
[} shipo
[ ship1
[} shipz
[} ship3
[} ship4
[} ships
[} ships
[} ship?
[} shipg
[} shipg
[} shipto
[} shipt1
[} ship12
[} ship13
[} Ship14
[} ship1s
[} ship16
[ ship17
[} ship1s
[ ship1g
[} ship20
[ ship21
[} ship22
[ ship23
[ ship24
[ ship2s
[} ship2s
[} ship27

Salaya

ahipt Advans

™ hino

| i I [

\Gignijayaram
M
Wadinar W Sikks

Hhambhaiia

(Bhanvaa

Bhad

TKandoina

Jamuda
« Jamnagar
Haghadi
Lakhabawal

Mot
Bhalsan

Jamjodnpur

Panai Mot ghoyawadar

L #olki
Dhank®

Meravadar

Upleta.

“Hutiyana

Manavadar

Moy, Vanih

Nakara /
Manekiadz

Agdial

e,

o8l Jutnal yMalia

Mangrol Bhandun

Keshod Mendarda

Kalavad

Jamkan

Stpedt

Dhoraji

vad
i

Junagadi |

“Shagur

||| Known pata Inferred Data

Query | Area Query | Web Server Query | Batch Area Query |

Time | NumberOfFishingShip ‘ NumberOfiderchantShip: ‘ ‘ |

10:5 |38 o | | |

Mission ‘Dspalture‘ anatinnlDestman | Type ‘ Route ‘ Meeting ‘Appaara, Size | Crew ‘ Latitude ‘ Lnngiluns‘ Speed
. i

[ sol

| state

[okha | |NawsShip |Usual _|none  |APP1__|Big | 278381, |6877725..[10.6472

0.0 |movin

gT.

Z

B1 GEORGE

UNIVERSITY

PROGNOS Simulation Module

PROGNOS (Probabilistic OntoloGies for Net-centric Operation Systems)
PROGNOS is a prototype Predictive Situation Awareness (PSAW) System for the maritime domain

Training
Dataset

19



4. Case Study

Evaluating MTheory

Training
Dataset

Learning ' Generating = e e e

MTheory Many SSBNs coe
Providing
a SSBN
- Calculating accuracy
Test ~of
Dataset p(Ship Of Interest
| Evidences)
Providing

Ground Truth

nﬁ;eoaae By calculating accuracy of p(SOI | Evidences), we evaluate the parameter of
the learned MTheory, but we didn’t evaluate the structure of the MTheory 20

UNIVERSITY



4. Case Study

Learned PROGNOS MTheory

org_members Reference_MFrag

org_membersIDORGANIZATION IDPERSON)
15A(DORGANIZATION,jdorganization)
ISAIDPERSON,Idnerson) isA(DOR GANIZATION,jdorganization)
isAIDEHIP,idship) IsAIDPERSON,idperson)

\\sTermnsl(\DF‘ERSDN)/ \hasmns.hianTenmist(lDPERsom/
\ / ship_crews(IDSHIF, IDPERSON)

(|stermnsmrgamzannn(\DORGAN\ZATloM \DPEF{EON)] (DflmWWSUDORGAN‘ZAT‘ON- IDPERSON) )
. 7 . o
r N '
persan ship
isAIDSHIF, idshin) iSA(IDORGANIZATION, idorganization) isA(DPERSON,idperson)
ISAIDPERSON, dpersany isA(DSHIP idshipy
\ arg_members{IDORGANIZATION,IDPERSON) / \ ship_crews{IDSHIP IDPERSON)
hasFamilyStatus(IDPERSON) \5h|p trEWS(IDSHIPIDPERSON)/ \\STermnSt(lDPERSON)/
[haS\nﬂuenEEPamtmn(\DF’ERSON) haSO\FnrOEF\nﬂuencE(\DF’EHEDN)] [|5F’arIDWErmrl5tOrgan\sa(mn(IDPERSON)) \|5PanarrermnstomamsatmnaDPERsow)/ N \knnwsPErsnnKllledan\FnrOEF(IDPERSON)/
[knnWsF’arsnnK\HamnO\FnrOEF(\DF’ERSDN)j
isElectronicsiWorking IDSHIP; terroristPlani| DSHIF hasEvasiveBehavior(IDSHIP;
P hlt ) 1 ) i )
usesiiehlo: ‘ \"
o{DPERSON) knawsPersonimprisionedinOIF orOEF IDPERSON)
“‘l\\ At

hasResponsweAlS(\DSH\F’) hlpType(IDBH\P) hasAggresswasehawmstamuaSH\P)

/. % \\\l

|55h|p0ﬂnleresl(\DEH\F’) |5Huackad(IDSHlP)
{SOnUSUaIRnu‘e(IDBHP hasEqummemFallure(IDSHlP)j
v \ ,/ !

(hasWeapunvwsm\e(lDSH\P)) [\sJemsonlngCargD(\DSH\F’)) (\sOnUnusualRou(e(lDSHlP)) [lsCreWV\s\b\E(IDSH\F’) [hasREspnns\vERadm(\DSHIP))

usesEmail(DPERSON)

b
isTerroristIDPERSON)
=
/ communicatesivithTerrorists (DPERSON)
hasClusterPariion{ DPERSON)

hasOccupalion(DPERSON) l \ \hasFrienushnwnhTermristPERsoNﬁ)

(hasEcnanlcSlanmng(IDPERSON)) [ha‘sNalmnaMy(\DPEFlEON)) usesCeHu\ar(\DPEREON)

[has‘.EducatanEvEl(\DPERSONJ j ( usesChatroom{IDPERSON) ) ( haskinshipToTerrorist{IDPERSON) )

Zeeorce  The default reference , org_members, person, and ship MFrag are learned
ON  from the training data set 21

UNIVERSITY



4. Case Study

Generated SSBN from Learned PROGNQOS MTheory

ieTerrarist_P knowsPersonlrptisionedinDIF arOEF_ knowsPersonkilledinQIFardEF__P Nl e S it e
Mone Few "
0 3g.53%)] i E'E ff: T gg 2;: -“‘ 0 7az23] N | tre son] | false so]
il 7 ' 1 false true
B 1.47% i e R i 2077% soel | s0u |
¥
communicatesWithTerrorists_ P usesChatroorn__P usesEmall__P usesCellular__P usesweblog P isElectronicsWorking__S
5t 117 B 79.6% i 29.41%] ] 32.57%] = 29.79%| 32.56%)
_0 e | 0 704 N | A 70.59%) 0 e | 0 70.21%) 77.44%)
hasEducationLevel P
3
: PhD 3.01% : . : : : :
hasResponsiveAlS__ 5 lg—1 Callege 15.09%) isdettisoningCargo__ S hasResponsiveRadio__5 hasAgoressiveBehaviorState_ 5 isOnUsualRowte__5
Ei as7zw] N | MiddleSchool 43.98% i 716%] 0 14.33%| i 15.09%] 0 25.56%|
- |
0 14.28%| MA_MS 177% 0 92.84%] = B5.67% i gegin] N | L il B
HighSchool 19 89%,|
EA BS 1018%
L4 ¥
shiglme 5 [ShipOfinterest__5 isOnURUSUAIRD e S isHijacked_ S ] lerronstian
: o : ool " | | posia]
AVAL 14.45% = . : = : ExchangelllichCargn 11 84%
E hasClusterPartition_ P
hasweaponvisible_ S " hasEguipmentFailure__S E— isCrewdisible__5 Southeastisia 0.15%) -]
- Other
o 13.94%) & 4 05%] ]0 soo] N | Centralotat ggg::
0 56.06%) 0 95.95%) S 10.3%| T i
CoreArah 0.47%
~ _1 and _0 in the state of the node means true and false respectively

m

M 'AGSEORG The letter S, O, and P in the title of the node means Ship, Organization, and Person 22
UNIVERSITY respectively



4. Case Study

Accuracy of P(SOI | Evidences)

Model AUC
Learned MTheory 0.897206546
Table 3. AUC of Learned MTheory
1 ~
08 |

s

3 :

B o6 |

@ I

= b

p=] I

- '

e a4 0000 | seees Learned MTheory
3

=

0.2
0
0 0.2 04 06 08 1
False Positive Rate
Figure 10. ROC of Learned MTheory
< The learned MTheory estimated p(Ship Of Interest | Evidences) with the area 5

GEORGE
I,ﬂ\S under the curve (AUC), 0.897206546

UNIVERSITY



5. Conclusion

e Basic MEBN Learning
e MEBN-RM Model
e MEBN Parameter Learning
e MEBN Structure Learning

e Current Work
e Hybrid random variable learning in PSAW




Thank you for viewing our
presentation!




Back up 1

There remain many open research issues in this domain

1) Aggregating influence problem; how to learn an aggregating function in an
aggregating situation where an instance child random variable depends on multiple
instance parents which is generated from an identical class random variable?

2) Optimization of learned MTheory; how to learn an optimized structure of an MTheory
without losing accuracy of query?

3) Unstructured data learning; how to learn unstructured data which isnt derived from a
data model?

4) Continuous random variable learning; how to learn an MTheory which includes
continuous random variables?

5) Multiple distributed data learning; how to learn an MTheory from data in multiple
distributed databases?

6) Incomplete data learning; how to approximate parameters of an MTheory from
missing data?

7) Learning in insufficient evidence; how to learn an MTheory from not enough
observations?

8) Incremental MEBN learning; how to learn parameters of an MTheory from updated
observations?

We have studied about the aggregating influence problem and continuous random

variable learning in PSAW




Back up 2

The data for learning are stored in a relational database

- There is a single centralized database rather than
multiple distributed databases

« We do not consider learning from unstructured data

The database contains enough observations for accurate
learning

There is no missing data

All RVs are discrete

« Continuous RVs are not considered

Learning is in batch mode

« We do not consider online incremental learning

We do not consider the problem of aggregating influences
from multiple instances of the parents of an RV




4. Background

Relational Model Example

Atitributes: Primary Key: Foreign Key:
Key. TerrainType, UpperRegion VehicleKey, TimeKey Region

A N el
=l iy = [

Key | VehicleType TerrainTvpe | UpperRegion Key | PreviousTime VehicleKey | TimeKey | Region
vl Wheeled rl OffRoad null tl nuil vl 1 rl 17
v2 Tracked rl 1 Road rl 2 tl vl 2 rl
v3 Tracked rl_ 2 OffRoad 11 &} t2 vl 3 rl Cardinalitv:
v Tracked 2 OffRoad null 4 3 2 1 r2_1 6
V5 Wheeled r2_1 OffRoad 2 t5 t4 v2 2 r2 1
v Tracked 211 Road 2 1 th t5 v2 3 2 1
‘ e

/ \ J

) Y
Domain: Wheeled, Tracked Degree: 3
\. J

b

Relation: VehicleObject, Region, Time, Location

/;EO rge In 1969, Edgar F. Codd proposed the Relational Model (RM) as a database model based
D{AS N  on first-order predicate logic [Codd, 1969; Codd, 1970] 28



4. Basic MEBN Learning

Example of MEBN Structure Learning

Vehicle Region Report Location
obj | VehicleType rgn | TerrainType | UpperRegion pt ImageTypeReort |ReportedObject| | oby | t rgn
vl Wheeled rl OffRoad null ptl Wheeled vl vl |[tl rl
v2 Tracked rl 1 Road rl pt2 Wheeled vl vl | t2 rl
v3 Tracked rl 2 OffRoad rl pt3 Tracked vl vl [ t3 rl
v4 Tracked 12 OffRoad null pt4 Tracked v2 v2 | tl| 2.1
v3 Wheeled 2 1 OffRoad 12 pts Wheeled v2 v2 |2 2.1
v6 Tracked 2 11 Road 2 1 pté Tracked v2 v2 |3 2.1
\ ) | J
| |
Entity Table Relationship Table

P ﬁ;EDRGE Ingredients for MEBN Structure Learning:
Relational Dataset, Any BN Structure Learning Algorithm 29



4. Basic MEBN Learning

Example of MEBN Structure Learning

Vehicle ReQ Report Location
obj | VehieleType rgn | TerrainTyp EpperRegion pt ImageTypeReort |ReportedObject| | oby | t rgn
e e e
Vl\ ‘vé\eel}(l rl foR})Qd Null ptl Wheeled vl vl |[tl rl
v2 I\ Traé]({ed rl 1 Road\ h\ pt2 Wheeled v1 vl | t2 rl
v3 \R(ack%\d \ Tl 2 Dmad \\ rl \ pt3 Tracked v1 vl |13 rl
v4 Trﬁl‘.\kea\ \TZ OffRoa \ null | N Tpt4 Tracked v2 v2 | tl| 2.1
v5 Wheelét{\ r2§1 OffRoad \\ \1’2 \RtS Wheeled v2 v2 | 2] 12 1
V6 Tracked \\ r2_1 Road \Q}L rpt%\ Tracked v2 v2 |t3] 121
\, \
r )
Region_MFrag
™\
| TamainTypedrgn) |
%, o
L VihicleType(obi)
. r
Zecorce 1. For every entity Table, generate MFrags
Iu ,NI'ASI AIUIN 2. Graph is derived by the BN structure learning Algorithm 30



4. Basic MEBN Learning

Example of MEBN Structure Learning

Vehicle Region Report L;}.cation
obj | VehicleType rgn Terrain&e UpperRegion pt ImageTypeReort |ReportedObject| | oby | t rgn
vl Wheele rl OffRoad null ptl Wheeled vl vl |[tl rl
v2 Tracked rl 1 Road \ rl pt2 Wheeled vl vl | t2 rl
v3 Tracked r\1§g OffRoad \ rl pt3 Tracked v1 vl |13 rl
v4 Tracked 12 OffRoad \null pt4 Tracked v2 v2 | tl| 2.1
v3 Wheeled 2 1 bﬁﬂ:{oad \1\'2 pts Wheeled v2 v2 |2 2.1
v6 Tracked 2 1 Roath_ 2\1 pt6 Tracked v2 v2 |3 21
Vehicle - Location - Region

obj | rgn | VehicleType | TerrainType

vl rl Wheeled OffRoad

v2 | 121 Tracked OffRoad

z

3. For every relationship table, get Joined Table

31




4. Basic MEBN Learning

Example of MEBN Structure Learning

Vehicle - Location - Region Lgtation
obj | rgn | VehicleType | TerrainType o | t| ren
vl ri\ W];réeled Q{(ﬂ{uad / vi |t1] 1l

V2 r2_1\ T,{acked /Ofﬂ{oad vi |[©2] =1l
vl | t3 rl

N // o v2 [t] 2.1

¥ Vehicle_MFrag\ v2 [2]| r2.1

vZ |t3] r2.1

isA{obj Vehicle | ne i
m SA(r 2190) Region_MFrag
(rgn = Location(ob)) ) isAlrgn Fagion)

TerrginType(rgn) | TarrainTypa(rgn) |
N _J
VehicleTypel(ob)
. >
/;EORGE 4. Link between Joined entities
I,[AS 5. Add context nodes 32



4. Basic MEBN Learning

Example of MEBN Structure Learning

Speed_WFrag ImageTypeRepor_MFrag

{ rgn = Locatonfobi )

B‘ GEORGE

UNIVERSITY

}

[ obj = ReportedObjaciinpd )

isAlob) Vahicle)

J

Spead{obj Prev)
G S

Spead{obj,

IsAfran Region) rhs.ﬂ.[:;ml

ImageTypeRepon{pt

\TE‘”-B-IHT“]E{IIJH:I / \Uﬁhlueﬁﬂ[ﬂw / VehicleTypeiobj) WepatherType{rgn)
7 kY rd
S

. o N .
i T i I - ~
Vahicle_MFrag Danger_MFrag wealher_MFrag Region_MFrag
isAfobi Vehicie) isA{rgn, Region) [ isAdob] Vehicle) isAlrgn Region) {=frgn,Region) isAlrgn,Region)
{ rgr = Location{obi) } { rgn= Location{obi) ) WaatherType{gn) ' TerrainTypelran)
\ LN .
[ )
Refarence_MFrag
TemainTypa(ran) VehicleTypedobi)
IsAfpt Report) IsAfob) vehicla)
i J L J
WahicleT Danger_Leval(rgn)
i bl [ RapartedObjeciimpl) J (Lnta:mninhlbj
- o N AW y

By iteration of the above process, the above MTheory can is learned.

33



4. Basic MEBN Learning

Basic MEBN Structure Learning

Alzorithm 1: Basic Structure Learning For MEBN

Procedure BSL MEBN ( DE. / Relational databaze
BNSL alg /BN Structure Search algonithm
S ff Maximom size of chain

J

Miheory +— create a default MTheory
M e +— add entities from the all keys in the tables of DB
MEF, c+— create a default reference MFrag
for i=1. ... until size of all tables in DB

T, «— get table from DB

G, +— search the graphs in T, using BNSL alg

&, +— revise the graph to ensure no cycle and undirected edge

if G, # O then

MF, = createMFrag(G,. T;. Muan)

10 forc=1, ... until 5¢
11 JT «— joinTables{DRB, ¢}
12 fori=1. ... until size of JT

== = R

13 (5, +— search the aggresating graphs nsing FFS-LPD

14 (5, +— search the graphs in JT; using BNSL alg

15 G, +— revise the graph to ensure no cycle and undwrected edze

16 if G; # @ then

17 forj=1. ... until size of G,

18 if any nodes in G, is not used for any MFrag then

19 MF ¢+ create the resident node with the name of JT, on MFyr
20 createMFrag(G,. JT,, Myon)

21 else

22 addEdges(G, JT,, &)

23 fori=1, ... until size of all resident nodes in the MTheory
24 T, + get dataset related the resident node 1

25 calenlatel PD(R, T.,)

26 return My,

LN ]

ceorge Structure learning is to organize RVs into MFrags and identify parent-child relationships
ms between nodes, given a dataset expressed in RM 34
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