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Standard
&
Non-Standard
Reasoning Problems
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Standard Reasoning Problems

we all know them: given C, D, O, T, A, ... decide/compute
* consistency/satisfiability

e subsumption

* classification

® query answering

e ...all only involve entailment checks:

e ...possibly many (classification!)
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Non-Standard Reasoning Problems

we all know them:given C, D, O, T A, ...
e msc(a,0), les(C,D,0),...

o Justs(a, O), PinPoint(ca, O), ...
o match(C, P,O), unify(Py, P»,0),...
e x-mod(X,0),...

* ...involve finding extreme X such that ...
* subset-minimal or
* maximally/minimally strong

* ...possibly many such Xs
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Non-Standard Reasoning Problems

we all know them:given C, D, O, T A, ... |
e msc(a,0), les(C,D,0),... e A

o Justs(a, O

e ...involve fina extreme X such that ...
* subset-minimal or
e maximally/minimally strong

* ...possibly many such Xs



The University
of Manchester

MANCHES ll ER

(Non-)Standard Reasoning: we know how to

understand problems:
* decidability & computational complexity
worst case

understand solutions:
e soundness, completeness, termination

parametrised

relations between them

* complexity

— see above

* practicability

— worst case complexity # best case complexity
— amenable to optimisation
— empirical evaluation
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= An interesting side note

'5.% from our empirical evaluation:
how many subsumption does classification involve?

fact hermit

10000000 -
4(2 100000 = n ST"
2 10 -
— — N*log(N)
o
i jfact pellet — NA2
@)
=
-
Z

10000000 -
100000 -
1000 -
10 -

| | | | | |

Ontology/Reasoner pairs
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== Not always that straightforward
- .

v

=% * Which problem/solution to consider when!

° e.g, X—mOd(E, O), “ e
* minimal/top/bottom/semantic/...
* depends on size, signature, application, ...
* but we know properties of/relations between solutions
* smallest
* self-contained
® unique
* depleting
.

* How to measure practicability?
* benchmarks, ORE,..
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== Not always that straightforward
- .

v

=% * Which problem/solution to consider when!

¢ e.g, x-mod(X2,0),...

wpplication, ...
jons between solutions

* How to measure practicability?
* benchmarks, ORE,..



Subjective Ontology-Based Problems



Subjective Ontology-Based Problems

are problems that are based on
e C, D, O, 7T, A, =,...plus

* additional parameter(s)
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Subjective Ontology-Based Problems

are problems that are based on
e C, D, O, 7, A, =,...plus
* additional parameter(s)
* because objective solution is
* not feasible/computable

* or makes little sense

¢ eg.in SROTIQ: ComSubs(C, D,{ C CVR.(ANC),
D CVR.(AMD)})
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Subjective Ontology-Based Problems

are problems that are based on
e C, D, O, 7, A, =,...plus
* additional parameter(s)
* because objective solution is
* not feasible/computable

* or makes little sense

¢ eg.in SROTIQ: ComSubs(C, D,{ C CVR.(ANC),
D CVR.(AMD)})

— {VR.A,
YR.YR.A,
VRYRVR.A,

N
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Subjective Ontology-Based Problems

are problems that are based on
e C, D, O, 7T, A, =,...plus

* additional parameter(s)

* because objective solution is
* not feasible/computable

* or makes little sense

¢ eg.in SROTIQ: ComSubs(C, D,{ C CVR.(ANC),
D CVR.(AMD)})

* or we want to capture quality criteria = {VR.A,
* interestingness VRYR.A,
e readability VRVRNYR.A,
* relevance ... o




A subjective OB problem:
Mining TBox Axioms from KBs
or
Finding Interesting Correlations
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» learn (implicit) correlations in our data
» get interesting insights into domain

Mining TBox axioms from KBs

——S{icame)- [

ABOX

Do not confuse with

(exact) learning of TBoxes (via probing queries)
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Mining TBox axioms from KBs

— taking background knowledge in KB into account

* Correlations in KB = classical machine learning

» automatic generation of knowledge from data

— unbiased: let the data speak!

— unsupervised (no positive/negative examples)

— Semantic Data Mining

TBox

ABOX

Hypotheses

(Leamer} [
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Mining TBox axioms from KBs

* Correlations in KB = classical machine learning

» automatic generation of knowledge from data

— taking background knowledge in KB into account
— unbiased: let the data speak!

— unsupervised (no positive/negative examples)
— Semantic Data Mining

Hypotheses * L [

[

TBox

[Learner

ABOX
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Mining TBox axioms from KBs

Hypotheses

* Which kind of hypotheses to capture u-tt axiom

correlations in KB!?
|. expressive: GCls, role inclusions
2. readable
3. logically sound
4. statistically sound
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2. Readable Hypotheses

* A hypothesis is
— a small set of short axioms
» fewer than n .« axioms
* with concepts shorter than £«
— in a suitable DL: ACCHZ ... SROZQO
— free of redundancy
* no superfluous parts
v preferred laconic justifications

Hypotheses

|
||
||
|
Lt axiom
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3. Logically Sound Hypotheses

Hypotheses

* A hypothesis H should be

v informative: Voo € H : O = « u“.{

v we want to mine new axioms

v consistent: OUH E=TLC L

¥ non-redundant among all hypotheses:
« thereisno H',H ¢ H: H +# H' and H’
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3. Logically Sound Hypotheses

Hypotheses

* A hypothesis H should be .
v informative: Vo € H : O = « u“-{ =
v we want to mine new axioms !

v consistent: OUH E=TLC L

v non-redundant among all hypotheses:
« thereisno H,HcH:H+# H and H = H

* Different hypotheses can be compared wrt. their

v logical strength: v reconciliatory power

? maximally strong? * brings together terms so
* no: overfitting! far only loosely related

? minimally strong?

* no:under-fitting
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4. Statistically Sound Hypotheses

* we need to assess data support of hypothesis

* introduce metrics that capture quality of an axiom

— learn from association rule mining (ARM):
 count individuals that support a GCI
— count instances, neg instances, non-instances

* using standard DL semantics, OWA, TBox, entailments,....

* no ‘artificial closure’
— make sure you treat a GCl as an axiom and not as a rule

* contrapositive!
— coverage, support, ..., lift
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4. Statistically Sound Hypotheses

Some useful notation:

e Inst(C,0):={a| O EC(a)}

o UnKn(C,0) :=Inst(T,O)\(Inst(C,O) u Inst(—C, O))
o relativized: P(C,0) := #Inst(C,O)/# Inst(T, O)

* projection tables:

Cl | C2 | C3 | C4

Indl | X X X ?
Ind2 | O X X 0
Ind3 | ? ? X ?
Ind4 | ? 0 ? ?




4. Statistically Sound Hypotheses: Axioms

some axiom measures easily adapted from ARM:
fora GCl C' C D define its metrics as follows:

_——
NCoverageny # Inst(C,
~ Support #Inst(C’l‘lD ) (C’I‘ID,O)
Contradiction # Inst(C'11 D, 0) P(C'M~D,0)
| Assumption | # Inst(C, O) N UnKn(D,0) ...
P(CMD,0)/P(C,0)
/

P(C T D,0)/P(C,0)P(D,0)

where P(X, 0) = # Ind(X, O)/# Ind(T,C’))



4. Statistically Sound Hypotheses: Example

Ind181] X | ? | X

Ind200| X | ? | X
? ?

Ind201

Ind400| ? | ? | ?

200/400

180/400

180/400

180/400

180/400

180/400

* Suppoit p(CID,0)

20/400

0

0

 Gonfidence” p(C 1 D, 0),P(C, O)

180/200

180/180

180/180

Lt P(CND,0)/P(C,0)P(D,0)

400/200

400/200

400/180




4. Statistically Sound Hypotheses: Example

Ind180
Ind181] X | ? | X

Ind200] X | 2 | X
7

Ind201| ? | ?

Ind400| ? | ? | ?

180/400

180/400

'180/400

180/400

180/400

* Suppoit p(CID,0)

20/400

0

0

 Gonfidence” p(C 1 D, 0),P(C, O)

180/200

180/180

180/180

Lt P(CND,0)/P(C,0)P(D,0)

400/200

400/200

400/180




4. Statistically Sound Hypotheses: Example

Ind1

Ind180
Ind181] X | 7 | X

Al B |C1]|C2

Ind200| X | ? | X
? ?

Ind201

Ind400| ? | ? | ?

200/400

180/400

180/400

180/400

* Suppoit p(CID,0)

180/400

180/400

£ 20/400

0

0

 Gonfidence” p(C 1 D, 0),P(C, O)

180/200

180/180

180/180

Lt P(CND,0)/P(C,0)P(D,0)

400/200

400/200

400/180




4. Statistically Sound Hypotheses: Example

Ind181 5
Ind200| X | 2 | X | 2
Ind201| 2 | 2 | 2 | 2

Ind400| ? | ? | ?

200/400

180/400

180/400

180/400

180/400

180/400

* Suppoit p(CID,0)

20/400

0

0

 Gonfidence” p(C 1 D, 0),P(C, O)

180/200

180/180

180/180

Lt P(CND,0)/P(C,0)P(D,0)

400/200

400/200

400/180




4. Statistically Sound Hypotheses: Example

Ind181| X | ?2 | X | ?

Ind200| X | ?2 | X | ?
Ind201| ? ?

Ind400| ? | 2 | ?2 | ?

Lt P(CND,0)/P(C,0)P(D,0)




4. Statistically Sound Hypotheses: Axioms

Oooops!
e make sure we treat GCls as axioms and not as rules
— contrapositive!

e so:turn each GCI X C Y into equivalent X LU -Y C Y LU —-X
read C below as ‘the resulting LHS'...
read [ below as ‘the resulting RHS’...

" Coverage " #Inst(C; O)

" Support  #lInst(C'M D, 0) (CI‘ID,O)
Contradiction  # Inst(C' M =D, O) P(C M -D,0)
" Assumption  # Inst(C,O) N UnKn(D, O) ...

P(C 1 D,0)/P(C,0)
P(C N D,0)/P(C,0)P(D,O)




4. Statistically Sound Hypotheses: Axioms

Oooops!
e make sure we treat GCls as axioms and not as rules

— contrapositive!

e so:turn each GCI X C Ylnto e,',v Ny
read C below‘ Gl

CnD,O) P(CMND,O)
Cn-D,0) P(CMN-D,0O)
C,0)NUnKn(D,0O) ...

P(CMD,O)/P(C,0)

P(C 11 D,0)/P(C,0)P(D,O)



4. Statistically Sound Hypotheses: Axioms

Oooops!
e make sure we treat GCls as axioms and not as rules

— contrapositive! i
e so:turn each GCI X IZ Y iptaeer " e.go

=

Contradiction | # Inst(C' (1D, O)
" Assumption | # Inst(C,0) N UnKn(D,0) ...

P(C 1 D,0)/P(C,0)
P(C N D,0)/P(C,0)P(D,O)
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4. Stat. Sound Hypotheses: Sets of Axioms

Goal: mine small sets of (short) axioms
°* more readable
- close to what people write
* synergy between axioms should lead to better quality

* how to measure their qualities!?
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4. Stat. Sound Hypotheses: Sets of Axioms

Goal: learn small sets of (short) axioms
°* more readable
- close to what people write
* synergy between axioms should lead to better quality
* how to measure their qualities!?
° ...easy:
|. rewrite set into single axiom as usual
2. measure resulting axiom



4. Stat. Sound Hypotheses: Sets of Axioms

H1 = {ACB,BLCl} "
= {TC (-AuUB)N(=BUC1)} [indiso
ind181 . .
ind200] X | 2 [ X | 2
nd201[ 2 | 2 | 2 | ?
.. [y
0.45 = 0.45 0.45
0.05 0 0
0.45 1 1
2 2 2.22




4. Stat. Sound Hypotheses: Sets of Axioms

Hl1 = {ACB,BCC1} indl
= {TC(-AUB)N(—-BUC1)} [ind1iso
Ind181 . .
Ind200] X | 2 [ X | 2
Ind201| ? | 2 | ? | ?
Ind4OO ? |7
 Coverage 0.45 0.45 always!
0.45 0.45 0.45 0.45 min
0.05 0 0 ?
0.45 1 1 support!
2 2 2.22 always!
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4. Stat. Sound Hypotheses: Sets of Axioms

Goal: learn small sets of (short) axioms
°* more readable
- close to what people write
* synergy between axioms should lead to better quality
* how to measure their qualities!?
* sum/average quality of their axioms!



4. Stat. Sound Hypotheses: Sets of Axioms

H1={ACB,BCC1} indT

Ind180
Ind181

Ind200f X | ?2 | X | ?
Ind201| ? ?

Ind400| ? | 2 | ? | ?

_

 Coverage 0.45 0.4757
_ 045 = 045 0.45
| Assumption | 0.05 0 0.05




4. Stat. Sound Hypotheses: Sets of Axioms

H1={ACB,BCC1} indT

Ind180
Ind181

INnd200| X 25 X ?
Ind201| ? # ?

Ind400| ? | 2 | ? | ?

_

 Coverage 0.45 0.4757
_ 0.45 = 0.45 0.45

| Assumption | 0.05 0 { 005 }




4. Stat. Sound Hypotheses: Sets of Axioms

H1={AC B,BC C1}
H2 = {AC B,BC C2)

Ind1l

Ind180
Ind181

Ind200

Ind201

X |

X |
9

Ind400

0.45

0.45

0.475? = 04757

0.45 0.45 0.45 0.45 0.45
0.05 0 0 0.05
0.45 1 1 ?

2 2 2.22 ? ?




4. Stat. Sound Hypotheses: Sets of Axioms

H1={AC B,BC C1}
H2 = {AC B,BC C2)

Ind1l

Ind180
Ind181

Ind200

Ind201

X |

Ind400

0.45

0.45

0.475? = 04757

0.45 0.45 0.45 0.45 0.45
0.05 0 0 0.05
0.45 1 1 ?

2 2 2.22 ? ?
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Goal: learn small sets of (short) axioms
* more readable
- close to what people write
* synergy between axioms should lead to better quality
* how to measure their qualities?
* observe that a good hypothesis
* allows us to shrink our ABox since it
* captures recurring patterns
* (minimum description length induction)
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4. Stat. Sound Hypotheses: Sets of Axioms

Goal: learn small sets of (short) axioms
* more readable
- close to what people write
* synergy between axioms should lead to better quality
* how to measure their qualities?
* observe that a good hypothesis
* allows us to shrink our ABox since it
* captures recurring patterns
* use this shrinkage factor to measure a hypothesis’
* fitness - support by data
* braveness - number of assumptions



Capturing shrinkage...for fitness

e Fix a finite set of

— concepts C, closed under negation
— roles R



Capturing shrinkage...for fitness

* Fix a finite set of
— concepts C, closed under negation

— roles R
* Define a projection:
m(O,C,R) = {C(a) | O =Ca)NC e C} U
{R(a,b) | O =C(a) AN R € R}
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* Fix a finite set of
— concepts C, closed under negation
— roles R

* Define a projection:

7(O,C,R) = {C(a)| O = Cla)AC €C}U
{R(a,b) | O = C(a) AR € R}

* For an ABox, define its description length:

dLen(A,O) = min{£{(A") | A U0 =AUO}
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Capturing shrinkage...for fitness

The University
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* Fix a finite set of
— concepts C, closed under negation
— roles R

* Define a projection:
m(O,C,R) = {C(a) | O =Ca)NC e C} U
{R(a,b) | O =C(a) N R € R}

* For an ABox, define its description length:

dLen(A,O) = min{£{(A") | A U0 =AUO}

* Define the fitness of a hypothesis H:

fitn(H,O,C,R) = dLen(7n(O,C,R),T)—
dLen(w(O,C,R), T UH)



Capturing shrinkage...for braveness

* Fix a finite set of
— concepts C, closed under negation

— roles R
* Define a projection:
m(O,C,R) = {C(a) | O =Ca)NC e C} U
{R(a,b) | O =C(a) AN R € R}
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Capturing shrinkage...for braveness

* Fix a finite set of
— concepts C, closed under negation
— roles R

* Define a projection:

7(O,C,R) = {C(a)
{R(a’7

(a) NC e C}U

OkC
O = C(a) AR €R)

|

b)

* Define a hypothesis’ assumptions:
Ass(O,H,C,R) =n(OUH,C,R) \ 7(O,C,R)
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Capturing shrinkage...for braveness

The University
of Manchester

* Fix a finite set of
— concepts C, closed under negation
— roles R

* Define a projection:
m(O0,C,R) = {C(a)
{R(a,

(a) NC e C}U

OkC
O = C(a) AR € R}

|

b)

* Define a hypothesis’ assumptions:
Ass(O,H,C,R) =rn(OU H,C,R) \ (O, C, R)

* Define the braveness of a hypothesis H:
brave(H, O,C,R) = dLen(Ass(O, H,C,R), O)
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¢ Capturing shrinkage...for braveness
- .
v
=% ¢ Fixa finite set of

— concepts C, closed under negation

— roles R

* Define a projection: | ._
I~ e

eﬁne the braveness of a hypothesis H:
brave(H, O,C,R) = dLen(Ass(O, H,C,R), O)



4. Stat. Sound Hypotheses: Sets of Axioms

5 d
H1={AC B,BCC1) e

Ind180

Ind181

Ind200] X | ? | X | ?
Ind201| ? | ?2 | ? | ?

Ind400| ? | 2 | ? | ?

fitn(H1, A, ...)
dLen(m(A,...),0) —dLen(w(A,...), H1)

760 — 380 = 380

brave(H1, A,...) =dLen(Ass(A, H1,...), A) =20



4. Stat. Sound Hypotheses: Sets of Axioms

5 d
H1={AC B,BCC1) e

Ind180

Ind181

Ind200
Ind201

ndaoo] 2 [ 2 [ 2 [ 2
fitn(H1, A,...) =
dLen(n(A,...),0) — dLen(n(A,...), H1) = 760 — 380 =380

brave(H1, A,...) =dLen(Ass(A, H1,...), A)
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2% 4. Stat. Sound Hypotheses: Sets of Axioms
23
=5 Ind1
H1={AC B,BCCl}
Ind180
H2 ={AC B,BLC (2} Ind181

Ind200
Ind201

Ind400| ? | 2 | ? | ?

fitn(H1, A,...) =
dLen(m(A, ...),0) — dLen(r(A, ...), H1) = 760 — 380 = 380
fitn(H2, A,...) =
dLen(n(A,...),0) — dLen(n(A, ...), H2) = 760 — 400 =360
brave(H1, A,...) =dLen(Ass(A, H1,...), A) =20
brave(H2, A,...) = dLen(Ass(A, H2,...), A)
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g;é 4. Stat. Sound Hypotheses: Sets of Axioms
o=
=5 Ind1
H1={AC B,BCCl}
Ind180
H2 ={AC B,BLC (2} Ind181

Ind200
H1 >> H? Ind201

Ind400| ? | 2 | ? | ?

fitn(H1, A,...) =
dLen(m(A,...),0) — dLen(n(A, . ..), H1) = 760 — 380 = 380
fitn(H2, A, ...) =
dLen(n(A,...),0) — dLen(n(A, ...), H2) = 760 — 400 =360
brave(H1,A,...) =dLen(Ass(A, H1,...), A) =20
brave(H2, A, ...) = dLen(Ass(A, H2,...), A)
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=
i Example: empty TBox, ABox A

~ AB
X./I{:.A, C

%OA’ C

‘B

fitn({X CVYR.A}, A, ...)

dLen(w(A,...),0)—
dLen(m(A,...),{
12—-9

3

dLen(Ass(A,{X CVR.A},...), A
1

brave({X CVR.A}, A,...)



4. Stat. Sound Hypotheses: Sets of Axioms

”
©% Example: empty TBox, ABox A

fitn({X CVR.A} A, ...) dLen(m(A,...),0)—
dLen(w(A,...),{

12 -9

&

dLen(Ass(A,{X CVR.A},...), A
1

brave({X CVR.A}, A,...)



4. Stat. Sound Hypotheses: Sets of Axioms

”
©% Example: empty TBox, ABox A

fitn({X CVR.A}LA,...) =

|
o
—
D
-]
N
N
N——"
=
N——"
|

Il
—_
@w
|
Ne)

brave({X CVR.A} A, ...) dLen(Ass(A,{X CVR.A},...), A)

o



phew...



Remember:

TBoxX

ABOX

. we wanted to mine axioms!

~

J

>{Learner

Rl
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5o, what have we got?

* (Sets of) axioms as Hypotheses
* Loads of measures to capture

|. axiom hypothesis’ coverage, support, assumption, lift, ...
2. set of axioms hypothesis fitness, braveness

* with a focus of a concept/role spaces C,R

TBox

Hypotheses

ABoOX

(ceamer - [

axiom(s)

] ] [/ §

ml,m2,m3,...
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5o, what have we got?

* (Sets of) axioms as Hypotheses

* Loads of measures to capture

|. axiom hypothesis’ coverage, support, assumption, lift, ...
2. set of axioms hypothesis fitness, braveness
* with a focus of a concept/role spaces C,R

* What are their properties?
— semantically faithful:

O=H= Ass(O,H,C,R)=0
H = H' = fitn(O, H,C,R) = fitn(O, H',C,R)

e Can we compute these measure!
— easy for (1), tricky for (2): dLen(A, O) = min{¢((A") | A UO = AU O}
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So, what have we got! (2)

e If we can compute measure, how feasible is this?

* If“feasible”,

— do these measures correlate?
— how independent are they?

* For which DLs & inputs can we create & evaluate hypotheses!?
* Which measures indicate interesting hypothesis?
* What is the shape for interesting hypothesis!?

— are longer/bigger hypotheses better?

* What do we do with them!?
— how do we guide users through these?
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TBOX [~ 5
> Ontology Cleaner :
ABox [ :
LY ——----- :L—> Hypothesis Constructor E - H
/ : :
parameters . E
™ Q ------- E— -» Hypothesis Evaluator : 2 ‘|-|_L = | - |
: E axiom(s) [ m1,m2,ms3,...
E Hypothesis Sorter E - rf(H)
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Slava implements: DL Miner

Ontology Cleaner

Y
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Y

ml,m2,m3,...

Hypothesis Sorter
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DL Miner: Hypothesis Constructor

Easy:
* construct all concepts C1, C2, ...
— finitely many thanks to language bias £
* check for each ('t £ Cj whether it’s logically ok:
_ OU{CiC O} ETC L
—~ OFECIiC(Cy
if yes,add it to [
e remove redundant hypotheses from [
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DL Miner: Hypothesis Constructor

Easy: A
* construct all conceptsfet=*""

0 cone
* remove rg -100 »OOO ‘0%02 G
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DL Miner: Hypothesis Constructor

Easy:
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DL Miner: Hypothesis Constructor

Use a refinement operator to build Ci informed by ABox
— used in concept learning, conceptual blending
* Given a logic L, define a refinement operator as
— a function p : Conc(L) — P(Conc(L)) such that,
foreachC e L,C" e p(C):C'CC
* A refinement operator is
— proper if,forall C € L,C" € p(C) : C" £ C

— complete if, for all C,C' e L: ifC' = C
then there is some n,C" = C
with C’ € p"(C")

— suitable if, for all C € £ there is n,C" € p"(T): C’'=C and
¢(C") < 4(C)
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DL Miner: Hypothesis Constructor

Use a refinement operator to build Ci informed by ABox
— used in concept learning, conceptual blending

* Given a logic £, define a refinement operatgr,ass

— a function p : ’5  it ‘ ot

ifC'= C
then there is some n,C" = C
with C’ € p"(C")

— suitable if, for all C € £ there is n,C" € p"(T): C’'=C and
0(C") < £(C)
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Algorithm 8 DL-APRIORI (O, X, DL, lrnazs Pmin)

1: inputs

2:  O:=T U.A: an ontology

3: 2 a finite set of terms such that T € X

4:  DL: a DL for concepts

5:  Lmae: a maximal length of a concept such that 1 < /,,,, < oo

6:  Pmin: @ minimal concept support such that 0 < p < |in(O)]

7: outputs

8:  (C: the set of suitable concepts

9: do

10 C «+ 0 % initialise the final set of suitable concepts

1. D« {T} % initialise the set of concepts yet to be specialised
12:  p <« getOperator(DL) % initialise a suitable operator p for DL
13:  while D # ( do

14: C <« pick(D) % pick a concept C to be specialised

15: D + D\{C} % remove C' from the concepts to be specialised

16: C « Cu{c} % add C' to the final set

17: pc  specialise(C,p, X, bmaz) % specialise C' using p

18: D¢ + {D € urc(pc) | D’ € CUD : D' = D} % discard variations
19: D « DU{DeD¢|p(D,0)> pnin}t % add suitable specialisations

20: end while
21: return C
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DL Miner: Concept Constructor

Algorithm 8 DL-APRIORI (O, %, DL, bz, Dimin)
inputs
O :=T U A: an ontology
Y. a finite set of terms such that T € X
DL: a DL for concepts

Pmin: @ minimal concept support such that 0 < py, < [in(O)] Only |f they h ave

1:
2
3
4
5 lpmas: a maximal length of a concept such that 1 < 4,4, < 00 Specia”se concepts
6:
7
8
9

: outputs ;
:  C: the set of suitable concepts = gmax Instances!
: dO

100 C « 0 % initialise the final set of suitable conce

1. D« {T} % initialise the set of concepts y: be specialised
12:  p <« getOperator(DL) % initialise a syjietble operator p for DL
13:  while D # ( do

14: C <« pick(D) % pick ageficept C' to be specialised

15: D + D\{C} % rgave C from the concepts to be specialised

16: C « Cu{c} 0 add C to the final set

17: pc  specialise(C, p, X, bmaz) % specialise C' using p

18: D¢ + {D € urc(pc) | D’ € CUD : D' = D} % discard variations
19: D < DU{D e D¢ |p(D,O) > pmin} % add suitable specialisations

20: end while
21: return C
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DL Miner: Concept Constructor

Don’t even construct

Algorithm 8 DL-APRIORI (O, %, DL, lmazs Dimin)

1:
2
3
4
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

inputs
O :=T U A: an ontology

most of the nk concepts Ci

>: a finite set of terms such that T € X '; |

lrae: @ maximal length of a concept such that 1 < /,,,, < oo Specia”se Concepts

DL: a DL for concepts

Pmin: @ minimal concept support such that 0 < py, < [in(O)]

only if they have

: outputs ;
:  C: the set of suitable concepts = gmax Instances!
. do

C « 0 % initialise the final set of suitable conce

D« {T} % initialise the set of concepts y: be specialised
p < getOperator(DL) % initialise a syisetble operator p for DL

while D # 0 do
C «+ pick(D) % pick a

cept C' to be specialised

D + D\{C} % rgave C from the concepts to be specialised
C « Cu{c} 0 add C to the final set

pc  specialise(C, p, 2, lmaz)

% specialise C' using p

D¢ + {D € urc(pc) | D’ € CUD : D' = D} % discard variations
D < DU{D e D¢ |p(D,O) > pmin} % add suitable specialisations

end while
return C
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DL Miner: Hypothesis Evaluator

The University

of Manchester

* Relatively straightforward for axiom measures
— hard test case for instance retrieval

* Hard for set-of-axiom measures (fithess & braveness)
— due todlLen(A,O) = min{/(A") | A/ U0 =AU0}
— DL Miner implements an approximation that

* identifies redundant assertions in ABox

dLen™ (A, O) = {(A) — ¢(Redundt(A, O))

* does consider |-step interactions between individuals
* ignores ‘longer’ interactions

e underestimates ﬁtness, overestimates braveness

— great test case for incremental reasoning: Pellet!



DL Miner: Hypothesis Sorter

* Last step in DL Miner’s workflow

* Easy:
— throw away all hypotheses that are dominated by another one
— i.e., compute the Pareto front wrt the measures provided
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== DL Miner: Example

D m

E% Given a Kinship Ontology,! it mines 536 Hs with

confidence above 0.9, e.q.

Woman M dhasChild. T & Mother
Man M dhasChild. T & Father

TBOX JhasChild. T T dmarriedT’o. T

\ _ ImarriedTo. T T FhasChild. T
/(DL Mmer]—»

ABoOX dmarriedTo.Mother T Father

dAmarriedTo.Woman & Man

Father C dmarriedTo.(3hasChild. T)
Mother & dmarriedTo.(3hasChild.T)
dhasChild. T T Mother U Father

1. adapted from JhasChild. T C Man L Woman
UCI Machine Learning Repository IhasChild. T T Father L Woman
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DL Miner: Example

The University
of Manchester

Given a Kinship Ontology,! it mines 536 Hs with
confidence above 0.9, e.q.

Woman M dhasChild. T & Mother

Man M JhasChild. T C ather

TBox

ABoOX

Father C dmarriedTo.(3hasChild. T)
Mother & dmarriedTo.(3hasChild.T)
dhasChild. T T Mother U Father

1. adapted from JhasChild. T © Man U Woman
UCI Machine Learning Repository IhasChild. T T Father L Woman
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Still: many open questions

* If we can compute measure, how feasible is this?

e |f “feasible”,

— do these measures correlate?
— how independent are they?

* For which DLs & inputs can we create & evaluate hypotheses?
* Which measures indicate interesting hypothesis?

* What is the shape of interesting hypothesis?
— are longer/bigger hypotheses better?

* What do we do with them!?
— how do we guide users through these?



Design, run, analyse experiments



Design, run, analyse experiments

5

* A corpus - or two:
|. handpicked corpus from related work: |6 ontologies

2. principled one:

* All BioPortal ontologies with >= 100 individuals and
>= 100 RAs 2| ontologies
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Design, run, analyse experiments

* A corpus - or two:
|. handpicked corpus from related work: |6 ontologies

2. principled one:

* All BioPortal ontologies with >= 100 individuals and
>= 100 RAs 21 ontologies

* Settings for hypothesis parameters:

— Lis SHI

— RIAs with inverse, composition
— minsupport = |0
— max concept length in GCls = 4
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Design, run, analyse experiments

The University
of Manchester

* A corpus - or two:
|. handpicked corpus from related work: |6 ontologies

2. principled one:

* All BioPortal ontologies with >= 100 individuals and
>= 100 RAs 21 ontologies

* Settings for hypothesis parameters:

- Lis SHI
— RIAs with inverse, composition
— minsupport = 10
— max concept length in GClIs = 4
* generate & evaluate up to 500 hypotheses per ontology
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Design, run, analyse experiments

* What kind of axioms do people write!
— re. readability of hypotheses:
— what kind of axioms should we roughly aim for?

Use of DL constructors in Bioportal - Taxonomies

DL constructor

C

1R.C

cnbD

VR.C

cub

Axioms, %

99.73

67.82

1.15

0.46

0.09

0.01

Length & role depth of axioms in Bioportal - Taxonomies

mean | mode | 5% | 25% | 50% | 75% | 95% | 99% | 99.9%
length | 2.63 3 2 2 3 3 3 3 5
depth 0.69 1 0 0 1 1 1 1 3
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Design, run, analyse experiments

* What kind of axioms do people write!
— re. readability of hypotheses:
— what kind of axioms should we roughly aim for?

Length & rolg\S f weeto1S TN Bioportal - Taxonomies

mean | mode | 5% | 25% | 50% | 75% | 95% | 99%

length | 2.63 3 2 | 2 3 3 3 3

depth | 0.69 1 0 0 1 1 1 1
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Design, run, analyse experiments

How do the measures

= z o
o S w > > = Z O x
a 0 2 - 2 Z2 o S W > > =
> nun O L O 0o n 2+ 2 2 2
n < O J 0O O O n O w o o O
M 0 @M mom@®»n < O I O O O
asuee [ L

BASSUM
BCONF
BLIFT
BCONVN
BCONVQ

DISSIM
LENGTH
DEPTH

(a) Handpicked corpus

correlate?

T = E oz o % w § g
[T m O 0O 4 [a) mn m m o Mo o 7]
X ssurp X |
. BASSUM X. N4
X X BCONF X
><IIIII BuFT X
X. BCONWN X
X X X BcONvQ X X
SUPP .X .
X assum X X X XX
X CONF X..X.
LIFT X X
CONVN X
CONVQ X.
CONTR X
FITN X
BRAV ><III><
compL X X
DISSIM
LENGTH
DEPTH X I

CONF
LIFT

X
X
X

X
]
P

XX XB
X
X

X

X
X

X
L
X
X
X
X
X
I
g
X
X
X
X
X
B
X
X
X

CONVN

xxxﬁé X
n X
X X H
XXX XX XX
H X X
X X
XX XX XX
WX XX
X
X
XX X
X X
X X X
XX XX XX
XXX
X
X
X

(b) Principled corpus
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How do the measures

= z o
o S w > > = Z O x
a 0 2 - 2 Z2 o S W > > =
> nun O L O 0o n 2+ 2 2 2
n < O J 0O O O n O w o o O
M 0 @M mom@®»n < O I O O O
asuee [ L

BASSUM
BCONF
BLIFT
BCONVN
BCONVQ

DISSIM
LENGTH
DEPTH

(a) Handpicked corpus

Design, run, analyse experiments

correlate?

T = E T o % < § g
=z2568¢ E 3202583
T o OO0 Y a B 58282 8 8
X ssurp X |

B assum X [ X <
X X BCONF X
Smll e X
X. BCONWN X X
X X X BCONVQ X 0
e} X 0
X assum X X X X
X CONF

e

X X.XXXXXX.XXXXX.X ASSUM

LIFT
CONVN E
CONVQ X. X .
CONTR X X X
FITN X XX X
srav < [lIX X XXX IIX
compL X X X
DISSIM X X
LENGTH X X
DEPTH X I X

LIFT

X
X

X

X
X

.

CONVN

X
X

xxxﬁé X
n X
X X H
XXX XX XX
H X X
X X
XX XX XX
WX XX
X
X
XX X
X X
X X X
XX XX XX
XXX
X
X
X

(b) Principled corpus
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Design, run, analyse experiments

How do the measures

= z o
o S w > > = Z O x
a 0 2 - 2 Z2 o S W > > =
> nun O L O 0o n 2+ 2 2 2
n < O J 0O O O n O w o o O
M 0 @M mom@®»n < O I O O O
asuee [ L

BASSUM
BCONF
BLIFT
BCONVN
BCONVQ

DISSIM
LENGTH
DEPTH

(a) Handpicked corpus

correlate?

X BSUPP.X .>< X X
| BassuM X< JIIX XXX XXX X XX XX X X
X X BCONF X X X.. X
X ser - X X X XX B
X sconvn XX XX XXX XXX XX
X X X Bconvg X X. )(. X X
SUPP.X .X X 4
X assum X DX X XX XX X X X X XK XX
X CONF X..X. X XXX
LIFT X X X X
CONVN X X X
covve X Xl X XX X
CONTR X X XX XX
TN 3K XX AKX X X X
srav SCIIDCOXOOKIIES X XXX XX
COMPL. 30X X > XXX
DISSIM X X X
LENGTH X X X X
DEPTH X I X X

(b) Principled corpus
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How do the measures

NVN

BASSUM
RCONE
BLIFT
ASSUM
CONVQ
CONTR

o
o
2
w0
o
BSUPP . N

BASSUM .

BCONF
BLIFT
BCONVN
BCONVQ

WX X
XX X XX
“lUX ) |

(a) Handpicked corpus

DISSIM
LENGTH
DEPTH

Design, run, analyse experiments

correlate?

X ssurp X B <
] sassum X [} XX X X X X
X X BCONF X N4 B
)(IIIII BUFT X e
X BCONVN X XXX XX
X X X BCONVQ X X X H
suPP .X .X
X assum XX XX XXX X XX X
X CONF X..X. X- X
LIFT X X X
CONVN X X
convg X[ X
CONTR X X X
FITN X X X X
srav X [l X < XX XX
compL X X X X
DISSIM " X
LENGTH X
DEPTH X I X

(b) Principled corpus

X X
X lX X

X
X X H
XXX XX

X X

X X
XHX XX
X X

X

X
XX X

X X
xﬁé X X
XXl

X

X

3
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Design, run, analyse experiments

The University
of Manchester

How feasible is hypothesis mining?

70
Handpicked
Principled

c
O
©
O
=
)
%
G
O

Parsing &
Hypothesis
Construction
Preparatory
Ent. Checks
Hypothesis
Evaluation



Design, run, analyse experiments

How costly are the different measures?

Runtime (%)
S

Cl—m e ==

z z = g7

n @ x S5 =

= $ 0z 3 28 F 8 5 ¢
= = [ <z

2 2 © & © Z2 B = a o
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Design, run, analyse experiments

How costly are the different measures?

=2 -
o Z = a
o & 2 @ =
L = w 2} (@)
z %) [+ [a) O

AXM1
AXM2
FITN



But - what about the semantic mining?

TBoOX

ABOX

Hypotheses

I

>[DL Minerj_’u;]-l-l II I
axiom(s)

m1,m2,m3,
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S0, what have we got? (new version)

v Loads of measures to capture aspects of hypotheses
— mostly independent
— some superfluous on positive data (unsurprisingly)

v Hypothesis generation & evaluation is feasible
— provided our ontology is classifiable

— provided our search space isn’t too massive
* ...focus!

* Which measures indicate interesting hypothesis?
* What is the shape for interesting hypothesis?

— are longer/bigger hypotheses better?
* What do we do with them?

— how do we guide users through these?
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Design, run, analyse survey

Can we learn hypotheses are
e usefull/interesting?
...and how does this correlate with measures?

TBox
SROIQ
sig = 522

ABOX
169K CAs
405K RAs

SHI S1: 60 Hypos unfocused
ICi| <=4  S2: 60 Hypos focused

>(DL Miner]—»“.‘_u axioml(lsl)

ml,m2,m3,
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Design, run, analyse survey

Can we learn hypotheses are
e usefull/interesting?

30 high-confidence
30 low-confidence

...and how does this correlate with measures?

TBox SHI S1: 60 Hypos unfocused
SROIQ ICi| <=4  S2: 60 Hypos focused

sig = 522 T
>¢(DL Miner]—»u_‘_u |
ABoXx axiom(s)

ml,m2,m3,

169K CAs
405K RAs




The Universi
of Manchesg

MANCHESTER

Design, run, analyse survey

Can we learn hypotheses are
e usefull/interesting?

30 high-confidence
30 low-confidence

...and how does this correlate with measures?

TBox SHI S1: 60 Hypos unfocused
SROIQ ICi| <=4  S2: 60 Hypos focused

Valid?
Interesting?

sig = 522 T
>¢(DL Miner]—»u_‘_u |
ABoXx axiom(s)

ml,m2,m3,

169K CAs
405K RAs
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Design, run, analyse survey

How good/valid are the mined hypotheses?

Validity Interestingness

0| 112 |3 4

Wrong 6|11 |30 |- | -

Survey 1 | Dont know | - | 1 | - | 2| 4
(unfocused) Correct - -] - ]6] -
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Design, run, analyse survey

How good/valid are the mined hypotheses?

Validity Interestingness

0| 112 |3 4

Wrong 6 (11|30 - | -

Survey 1 | Dont know | - | 1 | - | 2| 4
(unfocused) Correct - -] - ]6] -
Wrong 1| - | 1]-1]5
Survey 2 | Don’t know | - | - | - | - | 49
(focused) Correct - -] -1]-|4




Design, run, analyse survey

How does validity/interestingness correlate with our metrics!?



How does validity/interestingness correlate with our metrics!?

Correlation coefficient

Design, run, analyse survey

0.7
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0.4
0.3
0.2
0.1
0.0
-0.1
-0.2
-0.3
-0.4
-0.5
-0.6
-0.7

BLIFT

LIFT

LENGTH

DEPTH

DISSIM

BCONVQ

CONVQ

BCONF

CONF

BASSUM

ASSUM
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Design, run, analyse survey

How does (validity}'interestingness correlate with our metrics?

~

0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0
-0.1
-0.2
-0.3
-0.4
-0.5
-0.6
-0.7

Correlation coefficient
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LENGTH

DEPTH

DISSIM
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FITN
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How does (validity}'interestingness correlate with our metrics?

~
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Design, run, analyse survey

How does (validity}'interestingness correlate with our metrics?

~
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£5

How does vaIidity/ﬁnterestingness)correlate with our metrics?
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What we learned: 3 kinds of hypotheses!

|. An interesting hypothesis can give
new insights into domain

Hypotheses
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[DL Miner]—» = -
axiom(s)| m1,m2,m3,
ABOX
high confidence/lift/...

low assumptions/braveness
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TBox completion
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bias & errors in the ontology
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3 kinds of hypotheses - can we predict!?

No - they look alike
Perhaps - with different ABoxes/other sources

Hypotheses
TBox C L
[DL Miner]—» = -
axiom(s)| m1,m2,m3,
ABOX
high confidencel/lift/...

low assumptions/braveness
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Summary & Outlook

* Mining rich axioms from ontologies is possible
— gives us more than we thought
— expressive axioms are better!
* Fine test case for incremental/ABox reasoning
* More surveys
— to better understand relevance of metrics
— but we've got the shape now
* Redundancy in general is tricky & costly
— stripping superfluous parts from concepts, (sets of) axioms
* We need even better refinement operators:

— for more expressive DLs
— redundancy-free
— ontology-aware
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Subjective ontology-based problems

The University
of Manchester

* are great fun
— design of experiments & surveys
— but also rather complex: sooo many design choices
* specifying & implementing good parameters is tricky
— metrics make “ontology mining” subjective
— requires understanding of logic & reasoners & ...

* are plentiful/numerous
— abduction
— similarity
— good explanations/proofs for entailments justifications
— good counter-models for non-entailments
— good repair of inconsistent/incoherent ontologies
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