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State of the Art

* Kowalski
— Abductive logic programming
* Espinosa, Kaya, Mdller
— Abduction as a formalization of interpretation

e Bohlken, Neumann

— Interpretation operators, beam search,
probabilistic ranking
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Analysis results
Controlling
Multimedia

Interpretation

Symbolic High level

descriptions symbolic
descriptions
Z U A — F Description Logics + Rules +

Weighted Rules

 Abduction: Resoning from observations to explanations
* Controlling the abduction process in terms of branching and depth
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Interpretation Example

Vx,y causes(z,y) < Jz CarEntry(z), hasObject(z, z), hasEffect(z,y), Car(x), DoorSlam(y)

, causes(c1,ds1) P

cl: Car ds1: DoorSlam




Interpretation Example Continued

Vx,y causes(z,y) < Jz CarEntry(z), hasObject(z, z), hasEffect(z,y), Car(x), DoorSlam(y)

Va,y causes(z,y) < 3z CarEzit(z), hasObject(z, z), hasEffect(z,y), Car(z), DoorSlam(y)

cel: Carkntry ce2: CarExit

hasObject(cel,cl1 hasObject(ce2,c1

hasEffect(cel,ds1) hasEffect(ce2,ds1)

causes(cl,ds1) causes(cl,ds1

ds1: DoorSlam ds1: DoorSlam

=

Consequence: Branching!



Markov Logic Network

A Markov Logic network MLN = (Fuwv, Wurn) consists of a
sequence of first order formulas Funy = (Fi, ..., )

and a sequence of weights Wary = (w1, ..., wp,)

0.5 Yz CityWithTrafficJam(x) = CityWithAir Pollution(x)
0.5 Yz CityWithIndustry(z) = CityWithAir Pollution(x)

1 \'MLN|
P(X=7) = —exp( Z w;n;(T))
Z ;
1=1
\FmLn|
Z = Zoxp( Z w;n;(T))

; .ex Z=1

=



Example for MLN

0.5 Yz CityWithTrafficJam(x) = CityWithAir Pollution(z)
0.5 Vz CityWithIndustry(z) = CityWithAir Pollution(x)

Assume: CityWithIndustry(h)=true
Constant: h

Worlds W; | CWTJ(h) | CWAP(h) | CWI(h) P(W;)
Wi 0 0 1 exp(0.5)/Z = 0.20
W 0 1 1 exp(l)/Z = 0.34
W3 1 0 1 1/Z =0.12
Wy 1 1 1 exp(l)/Z = 0.34

Alchemy System
Z =1+2xexp(l)+ exp(0.5)



Handling Uncertain Data

0.3 Car(c1) Car(c1)
0.6 DoorSlam(i) Doorslam(i)
causes(cl,) causes(cl,i)
0.2 EngineSound(i) ’

)

‘J- Tbhox

Consequence: Branching!
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Controlling the Interpretation Process

unexplained A
unexplained exp.| /\ Al
unexplained exp. A Az
unexplained explained A A3
m . n

1 . o
P(AWR) = (m x 0.5 + Z Prinawr)(Qi(A) | 5’(«4)))

n-+m -
i=1

m = Number of unexplained observations
n = Number of explained observations 11



Interpretation Controlling Example

Assume 4 observations /\
Depth =2 A, A,
0.8 0.7
(1 1) <«—— explained S
3 3) <«—— uUnexplained 1
A3 A4 AZ
0.9 0.6 0.7
(2 2 1) <+«—— explained S
(2 2 3) +«—— Unexplained 2
0.9 0.7 0.6
(2 1 2) <«—— explained S
(2 3 2) <«—— Uunexplained 3 12



Development of the P-Score
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X = time axis indicated with arrival time of bunches
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y = scoring value of the interpretation Abox
(Strategy : Stop-Processing)
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Controlling the Interpretation Process

e Controlling branching (beam Search)
* Controlling abduction depth

* Controlling reactivity
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Increasing the Score by Explaining
Observations
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X = time axis indicated with arrival time of bunches
y = scoring value of the interpretation Abox
(Strategy : Non-Stop-Processing) .




Increasing the Score by Explaining Observations

X 120 0

X = time spent for explaining observations
y = number of observations to be explained in a bunch

Z = scoring value
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Summary

Deal with uncertain and inconsistent observations
Rank interpretation alternatives probabilistically

Control the abduction process in terms of branching and
depth

Incrementally process the input data

Increase the rank of interpretation alternatives monotonically
by successively explaining observations.



Outlook

Determine the maximum depth adaptively
Learn the weights of the weighted rules
Fuse interpretations of segments
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