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Deliberative Agents

* Intelligent behavior requires knowledge about the world
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Deliberative Agents

* Intelligent behavior requires knowledge about the world

* Procedural, e.g., functions
* Using knowledge = executing the procedure

* Declarative, e.g., facts
* Using knowledge = performing inference

* Deliberative agents
* Can represent and reason with knowledge

* Exhibit logical rationality
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Knowledge representation (KR) is a surrogate

A declarative knowledge representation

Encodes facts that are true in the world into sentences

Reasoning is performed by manipulating sentences according to sound
rules of inference

The results of inference are sentences that correspond to facts that are
true in the world

The correspondence between facts that hold in the world and sentences
that describe the world ensures semantic grounding of the representation

Allows agents to substitute thinking for acting in the world

* Known facts: The coffee is hot; coffee is a liquid; a hot liquid will burn
your tongue;

* Inferred fact: Coffee will burn your tongue
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The nature of representation
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Propositional Logic - Semantics

A proposition (sentence)

does not have intrinsic meaning

gets its meaning from correspondence with statements about the
world (interpretation)

Charged battery
/

* Has a denotation in a given interpretation
* e.g., proposition B denotes the fact that battery is charged

Is True or False in a chosen interpretation

* Logical connectives have no intrinsic meaning — need interpretation
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KR is a set of ontological commitments

* What does an agent care about?
v Entities
 coffee, liquid, tongue
v'Properties
* being hot, being able to burn
v'Relationships
e Coffee is a liquid

* KR involves abstraction, simplification
* A representation is
* a (logical) model of the world
* |like a cartoon
* All models are wrong, but some are useful
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KR involves a set of epistemological commitments

* What can we know?
* Propositional logic
* Is a proposition true or false?
* Probability theory

* What is the probability that a given proposition
true?

* Decision theory

 Which choice among a set of candidate choices is
the most rational?

* Logic of Knowledge
 What does John know that Jim does not?

Artificial Intelligence Spring 2019 Vasant G Honavar



PennState Center for Big Data Analytics and Discovery Informatics ( :TSI g".“i‘a' T"d_T’a"S'a"m"a'
College of Information Artificial Intelligence Research Laboratory clence Institute

And Technology

KR is a theory of intelligent reasoning

 How can knowledge be encoded ?
* Syntax
* What does the encoded knowledge mean?

e Semantics (entailment)
* Inferences that are sanctioned by the semantics

 What can we infer from what we know?
* Inferences that can be performed (by rules of inference)
* Soundness, completeness, efficiency

* How can we manage inference?
 What should we infer from among the things we can infer?
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KR formalisms

KR formalisms provide provision for describing
* Individuals

 Sets of individuals (classes)

* Properties of individuals

* Properties of classes

* Relationships between individuals

* Relationships between classes

* Actions and their effects

* Locations and events in space and time
* Uncertainty

 Knowledge

* Beliefs

* Preferences
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KR formalisms

Logical
e e.g., Propositional Logic, First order logic, Description logic

Probabilistic
e e.g., Bayesian networks

Grammatical
e e.g., Context free grammars

Structured
* e.g., frames — as in object-oriented programming
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KR is a medium for efficient computation
* Reasoning = computation

* Anticipated by Leibnitz, Hilbert
e Can all truths be reduced to calculation?
* |s there an effective procedure for determining whether or not a
conclusion is a logical consequence of a set of facts?
* KR involves tradeoffs between
» Expressivity and tractability (decidability, efficiency) tradeoff

* The more you can say (using a representational formalism),
the less you can effectively do (within the formalism)

* General purpose reasoning versus special-purpose, domain-
specific inference

* Declarative versus procedural knowledge
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KR is @ medium of expression and communication

* |f we assume shared
* Ontological and epistemological commitments
* KR formalism (syntax, semantics, reasoning)
 Then KR is a medium for
* Expression
* How general is it?
* How precise is it?
* |Is it expressive enough?
* Communication
* Can we talk or think in the language?
 What can we communicate the things we want to
communicate?
* What things are difficult to communicate?
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Logical Agents | — Propositional Logic

* Knowledge-based agents
* Logic in general - models and entailment

* Propositional (Boolean) logic

* Syntax

* Semantics

* Equivalence, Validity, Satisfiability, Decidability
* Inference rules

* Soundness, completeness

e Resolution

* Inference procedures for automated theorem proving
* Soundness, completeness, efficiency
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Knowledge-Based Agents

* Knowledge-based agents represent and use knowledge
about the world
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Knowledge Base

Inference engine ~-——— pdomain-independent algorithms

Knowledge base --————— gdomain-specific content

* Knowledge base = set of sentences about the world in a
declarative formal language

* Basic operations on the knowledge base
e Tell
e Ask

* Additional operations
e Retract (in non monotonic logic)
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A simple knowledge-based agent

Knowledge based agents
e Are not arbitrary programs

* Are amenable to knowledge level description
* You can specify an agent’s capability in terms of what it knows
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Logic as a Knowledge Representation Formalism

Logic is a declarative language to:

* Assert sentences representing facts that hold in a world W
(these sentences are given the value true)

* Deduce the true/false values to sentences representing
other aspects of W
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Examples of Logics

* Propositional logic AR B->C

* First-order predicate logic Vx 3y Mother(y, x)

* Logic of Knowledge K (John, Father(Zeus, Cronus))
* Logic of Belief B(John, Father(Zeus, Cronus))

Knowledge versus belief:
* You can believe things that are false

* You cannot know things that are false
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Components of Logical KR

* A logical formalism
» Syntax for well-formed-formulae (wff)
* Vocabulary of logical symbols (and, or, not, implies etc.)
* Interpretation semantics for logical symbols
e e.g. Aor B holds in the world whenever A holds in the
world or B holds in the world
* An ontology
* Vocabulary of non logical symbols
* objects, properties (e.g., A above), etc.
* definitions of non-primitive symbols (e.g., iff)

e axioms restricting the interpretation of primitive symbols
(more on this later)

* Proof theory —sound rules of inference
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Propositional Logic

* Atomic sentences - propositions
* Propositions can be true or false

e Statements can be combined using logical connectives.
Examples:

e C="It" s cold outside”
* Cis a proposition

e O ="“It’s October”
* O is a proposition

 fOthenC
e if it’s October then it” s cold outside
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Propositional Logic: Syntax, logical symbols

The proposition symbols F;, F» etc are sentences

If S is a sentence, —.5 is a sentence (negation)

If Sy and S, are sentences, S) A Sy is a sentence (conjunction)
If S and S, are sentences, S| V .55 is a sentence (disjunction)

If S and S5 are sentences, S| = 5, is a sentence (implication)

If S; and 55 are sentences, S; & S5 is a sentence (biconditional)

We use extra-linguistic symbols (e.g., parentheses) to group
sentences to avoid ambiguity
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Propositional Logic - Semantics

A Proposition
e does not have intrinsic meaning

e gets its meaning from correspondence with statements about the
world (interpretation)

Cp/a rged battery
T .

* Has a denotation in a given interpretation
* e.g., proposition B denotes the fact that battery is charged

* Is True or False in a chosen interpretation

* Connectives do not have intrinsic meaning — need interpretation
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Propositional Logic — Model Theoretic Semantics

* Consider a logic with only two propositions:
* Rich, Poor
* denoting Tom is rich and Tom is poor respectively

e A model M is a subset of the set A of atomic sentences in the
language

* By a model M we mean the state of affairs in which
e every atomic sentence that is in M is true and
e every atomic sentence that is not in M is false

Example

A= {Rich,Poor}
M, :{ }; M, = {Rich}; M, = {Poor}; M, = {Rich,Poor}
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Propositional Logic: Semantics of Logical Symbols

P P PAQG PV P=0 P ()
false false true | false false  true true
false lrue true | false {rue  frue  false
true  [alse [alse| false lrue  [alse  [alse
lrue  lrue  false| frue  {rue  lrue frie

Note that (P => Q) < (-P v Q)
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Model Theoretic Semantics
A= {Rich,Poor}
M, =1{ }; M, ={Rich}; M, ={Poor}; M, ={Rich,Poor}
Rich 1s True i M,,M,
Rich~ Poor 1s True m M ,M,,M,

Rich A Poor 1s True In M, Hmm !!

Rich = —Poor 1s True in M ,,M,,M,

Artificial Intelligence Spring 2019 Vasant G Honavar




Center for Big Data Analytics and Discovery Informatics CTSI Clinical and Translational
Artificial Intelligence Research Laboratory e

Proof Theory: Entailment

* We say that p entails g
(written as p ‘:q )if g
holds in every model in
which p holds

Hq

1, = setof models in which g holds
1, = set of models in which p holds

pl=qifitisthe case that 11, c 1,
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Entailment — Example

prlp=q)Fq

Proof

(peM)n((p=q)eM)
(peM)/\((—.pvq)eM)
(pA—p)v(prg)eM
pAqgeM

 Hpn(p=a) = Hpng S Hy

Up

Ug Uap ve

Up * (p->q)
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Validity and satisfiability

* A sentence is valid if it is true in all models,
e e.g., True, A v—A, A=A, (AA(A=B))=1B

* A sentence is satisfiable if it is true in some model
*eg,AvB,C

* A sentence is unsatisfiable if it is true in no models
* e.g., AA-A

Satisfiability is connected to inference via the following:
KB |= aif and only if (KB A —« ) is unsatisfiable
» Useful for proof by contradiction
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Logical Rationality

* An propositional logic based agent A with a knowledge base KB,
is justified in inferring g if it is the case that

KB, |= q

* How can the agent A decide whether in fact KB, ‘: q°’
* Model checking
* Enumerate all the models in which KB, holds
* Enumerate all the models in which g holds
» Check whether KB, < 1,
* Inference algorithm based on inference rules
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Searching for proofs: inference

* Aninferencerule { w} |= @consists of
* 2 sentence patterns £and w called the premises and
* one sentence pattern ¢ called the conclusion

* If £and wmatch two sentences of KB then

* the corresponding ¢ can be inferred according to the
rule

* Given a set of inference rules I and a knowledge base KB

* inference is the process of successively applying
inference rules from / to KB

e each rule application adds its conclusion to KB
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Inference rules

* Modus ponens

p=q Modus ponens derives only inferences
sanctioned by entailment

P
q

Modus ponens is sound

* Loony tunes .
4 Loony tunes can derive inferences that

f”'day are not sanctioned by entailment

q Loony tunes is not sound
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Example: Inference using Modus Ponens

p:sq/D}l— q

{& W}I—¢

Battery-OK A Bulbs-OK = Headlights-Work
Battery-OK A Starter-OK A —Empty-Gas-Tank = Engine-Starts
Engine-Starts A —Flat-Tire A Headlights-Work = Car-OK

Battery-OK, Bulbs-OK, Starter-OK , mEmpty-Gas-Tank, —Flat-Tire

Ask
Car-OK?
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Soundness and Completeness of an inference rule -

* We write p F g to denote that that p can be inferred from
q using the inference rule -

An inference rule + is said to be

e Sound if whenever ptgq, it is also the case that p|=¢g

* Complete if whenever P |= ¢, it is also the case thatp I q
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Soundness and Completeness of an inference rule

* We can show that modus ponens is sound, but not complete
unless the KB is Horn i.e., the KB can be written as a collection of
sentences of the form

a Na, N..na, =>b

where each a, and b are atomic sentences

Artificial Intelligence Spring 2019 Vasant G Honavar




PennState Center for Big Data Analytics and Discovery Informatics CTSI Clinical and Translational
Artificial Intelligence Research Laboratory Science Institute

Unsound inference rules are not necessarily useless!

Abduction (Charles Peirce) is not sound, but useful in diagnostic
reasoning or hypothesis generation

P=4q
q

P
BlockedArtery = HeartAttack

HeartAttack
BlockedArtery
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Logical equivalence

* Two sentences are logically equivalent iff they are true in same
set of modelsor aa= g iffa |= fand S |=a.

(aNfB) = (BAa) commutativity of A
(aVpB) = (BVa) commutativity of V
(aAB)AN7y) = (AN (B A7y)) associativity of A
(aVpB)Vy) = (aV(BVr7y)) associativity of V
—(—a) = a double-negation elimination
(¢ = B) = (- = —a) contraposition
(@ = B) = (—aV [3) implication elimination
(¢ & B) = ((« = B)N(B = «)) biconditional elimination
(A B) = (maV—8) de Morgan
“(aV B) = (maA—f3) de Morgan
(@A (BVY) = ((aAB)V(aAy)) distributivity of A over V
(@V(BAY) = ((aVB)A(aVy)) distributivity of V over A
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Sound Inference rules in PL

e Modus Ponens o= f,a

p

And-elimination: from a conjunction any conjunct can be inferred:
anf

(04
All logical equivalences can be used as inference rules

a<sf
(a=p)r(p=a)

An inference procedure involves repeated application of applicable
inference rules.

An inference procedure is sound if it uses only sound inference rules.
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Constructing proofs

* Finding proofs can be cast as a search problem

e Search can be
* forward (forward chaining) to derive goal from KB
e or backward (backward chaining) from the goal

e Searching for proofs
* |s not more efficient than enumerating models in the worst case
* Can be more efficient in practice with the use of suitable heuristics

* Propositional logic is monotonic

e the set of entailed sentences can only increase as inferred facts are
added to KB

for any sentences arand g :
if KBl=athen KBABl=a
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Soundness and Completeness

* An inference algorithm starts with the KB and applies applicable
inference rules until the desired conclusion is reached

* An inference algorithm is sound if it uses a sound inference rule

* An inference algorithm is complete if
* |t uses a complete inference rule and
e a complete search procedure
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Soundness of Modus Ponens for Propositional Logic

* Modus Ponens is sound for Propositional Logic

* Modus Ponens is complete for Horn KB:

* Whenever gp |- 4 repeated application of Modus ponens is
guaranteed to infer g if the KB consists of only Horn Clauses,

i.e., only sentences of the form: Dy ADyAN.D, = (

* Complexity of inference is polynomial in the size of the Horn KB

 Modus Ponens is not complete for arbitrary Propositional KB
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Completeness of Modus Ponens for Propositional Logic

 Modus Ponens is not complete for Propositional Logic

* Suppose that all classes at some university meet either
Mon/Wed/Fri or Tue/Thu. The Al course meets at 2:30 PM in the

afternoon, and Jane has volleyball practice Thursdays and Fridays at
that time.

e Can Jane take Al?

MonWedFriAI230pm V TueThuAI230pm
TueThuAI230pm A JaneBusyThu230pm — JaneConflictAl
MonWedFriAI230pm A JaneBusyFri230pm — JaneConflictAl
JaneBusyThu230pm
JaneBusyFri230pm
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Completeness of Modus Ponens for Propositional Logic

 Modus Ponens is not complete for Propositional Logic

Can Jane take Al?

MonWedFriAI230pm V TueThuAI230pm
TueThuAI230pm A JaneBusyThu230pm — JaneConflictAl
MonWedFriAI230pm A JaneBusyFri230pm — JaneConflictAl
JaneBusyThu230pm
JaneBusyFri230pm

Of course not!

Try proving this using Modus Ponens

You can’t!
Why?
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Completeness of Modus Ponens for Propositional Logic

1.MonWedFriAI230pm V TueThuAI230pm
2. TueThuAI230pm A JaneBusyThu230pm — JaneConflictAl
3.MonWedFriAI230pm A JaneBusyFri230pm — JaneConflictAl
4. JaneBusyThu230pm
5.JaneBusyFri230pm

* We can use Modus Ponens to establish
2&4: TueThuAI230pm — JaneConflictAl
3&4: MonWedFriAI230pm — JaneConflictAl

But Modus Ponens can’t take us further to conclude JaneConflictAl!

 Modus Ponens is not complete for Propositional Logic (except in the
restricted case when the KB is Horn)

 However, we can generalized Modus Ponens to obtain an inference rule
for Propositional Logic
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Proof

* The proof of a sentence a from a set of sentences KB is the
derivation of  obtained through a series of applications of sound
inference rules to KB
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Inference with Horn KB

Each Horn clause has only one positive, i.e., un-negated,
literal

Inference can be done with forward or backward chaining

Entailment decidable in time linear in the size of
propositional KB

Prolog

Artificial Intelligence Spring 2019 Vasant G Honavar




PennState Center for Big Data Analytics and Discovery Informatics ( :TSI ;':ii:i:i ?:sdtiTt’u"’t':'a“°"a'
S Artificial Intelligence Research Laboratory

Forward chaining

 |dea: Apply any rule whose premises are satisfied in the KB,
 add its conclusion to the KB, until query is proved.
 Example: Query: Q

KB Forward chaining proof of Q

T

P = Q@

LANM = P P

BAL = M E\

AANP = L M

AANB = L £

A

b /
A B

* Forward chaining is sound and complete for Horn KB
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Forward chaining example
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Forward chaining example
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Forward chaining example
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Forward chaining example
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Forward chaining example
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Forward chaining example

Artificial Intelligence Spring 2019 Vasant G Honavar



PennState Center for Big Data Analytics and Discovery Informatics ( :TSI g'cii:i:ca; ?:sdt;’uat';s'aﬁ°"a'
S Artificial Intelligence Research Laboratory

Forward chaining example
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Soundness and Completeness of Forward Chaining

* An inference algorithm starts with the KB and applies applicable
inference rules until the desired conclusion is reached

* An inference algorithm is sound if it uses a sound inference rule

* An inference algorithm is complete if
* |t uses a complete inference rule and
e a complete search procedure

Forward chaining using Modus Ponens is sound and complete
for Horn knowledge bases (i.e., knowledge bases that contain
only Horn clauses)
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Backward chaining

ldea: work backwards from the query g:
to prove g by BC,
check if g is known already, or
prove by BC all premises of some rule concluding g

Avoid loops: check if new subgoal is already on the goal stack

Avoid repeated work: check if new subgoal
* has already been proved true, or
* has already failed
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Backward chaining example
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Backward chaining example
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Backward chaining example
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Backward chaining example
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Soundness and Completeness of Forward Chaining

* An inference algorithm starts with the KB and applies applicable
inference rules until the desired conclusion is reached

* An inference algorithm is sound if it uses a sound inference rule

* An inference algorithm is complete if
* |t uses a complete inference rule and
e a complete search procedure

Backward chaining using Modus Ponens is sound and complete
for Horn knowledge bases (i.e., knowledge bases that contain
only Horn clauses)
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Forward vs. backward chaining

FC is data-driven, automatic, unconscious processing,
* Akin to day dreaming...

May do lots of work that is irrelevant to the goal

BC is goal-driven, appropriate for problem-solving
* e.g., Where are my keys? How do | get into a PhD program?

The run time of FCis linear in the size of the KB.

The run time of BC can be, in practice, much less than linear in
size of KB
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Towards a sound and complete inference rule for propositional KB
We know that Modus ponens is sound {l? nd CI,P}{Q}
We observe that p does not have to be an atomic sentence

CL1/\CLQ/\CL?,"'CLZ'_l/\CLZ'/\CLZ'_|_1°"CLn@b
T = a;
a1/\ag/\ag---ai_l/\aiﬂ---an:>b

g may be contingent on other facts

al/\ag/\ag---ai_l/\ai/\aiﬂ---an:>b
di Ndy---d,,, = c
CL1/\CLQ/\CLg"'CLZ'_l/\ai+1'°°an/\d1/\d2"°dmib

Assume a. =c

l
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Resolution principle

b, c do not have to be an atomic sentences
air Nag N\---a;—1 Na; Na;41 \---an = by Vby V- .-V
di Ndsy---dp = c (assume a; = ¢)

(a1/\ag--'ai_l/\ai+1---/\an)/\(d1/\dg---/\dm):>61Vb2---ka
As before, this rule can be shown to be sound.
CL1/\CL2/\"°CL7;_1/\CL7;/\CL7;_|_1/\"'Cl,n:>b1\/b2\/“°\/bk
Cll/\dg"'dm:>(31\/62\/"'Cj_1\/6j\/6j_|_1\/"'Cl

(CL1/\CLQ'”CLi_l/\(Ii+1°°‘/\an)/\(d1/\"'/\dm):>
(bl\/bg“'\/bk)\/(clVCQ\/"'Cj_l\/Cj_|_1\/°"Cl) (assume cj:ai)

Resolution is sound and complete for propositional KB
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Soundness and completeness of resolution

e Resolution is sound and complete for propositional KB

* fFormal Proof Omitted
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Applying resolution

* Transform KB into an equivalent Conjunctive normal form (CNF)

e Each sentence in KB is a disjunction of literals or their negations
using known logical equivalences

e KB is a conjunction of disjunctions

* Any propositional KB can be converted into CNF
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Transformation to Clause Form (CNF)

Example:
(Av —B)= (CAD)

1. Eliminate =
—(A v —=B) v (CA D)

2. Reduce scope of — using De Morgan’s laws
(-AAB)VvV(CAD)

3. Distribute v over A
(-AV (CAD))A(BV(CAD))
(-AVC)A(=AVD)A(BVC)A(BVD)

KB in the form of a set of clauses or conjunction of disjunctions (CNF):
{-AvC,—-AvD,BvC(C,BvD}
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Proof

* The proof of a sentence a from a set of sentences KB is the
derivation of  obtained through a series of applications of sound
inference rules to KB

* KB =« if and only if {KB,—al} is unsatisfiable
(contradiction, T — F, m, empty sentence)

* Proving a from KB is equivalent to deriving a contradiction from
KB augmented with the negation of «
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Resolution by Refutation Algorithm

Add negation of goal to KB, derive empty clause (contradiction)

RESOLUTION-REFUTATION (KB,ot)

clauses € set of clauses obtained from KB and —a.
new < {}

Repeat:

For each C, C’ in clauses do
res € RESOLVE(C,C")
If res contains the empty clause then return yes

new € new U res
If new < clauses then return no

clauses € clauses U new
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Example: Applying Resolution

* Suppose that all classes at some university meet either
Mon/Wed/Fri or Tue/Thu. The Al course meets at 2:30 PM in the
afternoon, and Jane has volleyball practice Thursdays and Fridays at

that time.
 Does Jane have a conflict with Al? Assume not.

1.MonWedFriAI230pm V TueThuAI230pm
2. TueThuAI230pm A JaneBusyThu230pm — JaneConflictAl
3. MonWedFriAI230pm A JaneBusyFri230pm — JaneConflictAl
4. JaneBusyThu230pm
5.JaneBusyFri230pm
6. —JaneConflictAl

Vasant G Honavar
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Example: Applying Resolution

1.MonWedFriAI230pm V TueT huAI230pm
2.~ TueThuAI230pmV—JaneBusyThu230pm V JaneConflictAl
3. - MonWedFriAl230pm V —JaneBusyFri230pm\ JaneConflictAl
4. JaneBusyThu230pm
5.JaneBusyFri230pm
6. —JaneConflictAl
Prog) =—m——mmmeeme e e e e e —
2,4. 2 TueThuAlI230pmV]aneConflictAl
3,5. = MonWedFriAI230pmV]aneConflictAl
1,(2,4). MonWedFriAI230pm\VjaneConflictAl
(3,5),(1, (2,4).JaneConflictAIV]aneConflictAl
6,((3,5), (1,(2,4)).JaneConflictAl

6,(6,((3,5),(1,(24))). =
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Exercise: Prove Car-OK using resolution by refutation

KB:
Battery-OK A Bulbs-OK = Headlights-Work

Battery-OK A Starter-OK A =Empty-Gas-Tank = Engine-
Starts

Engine-Starts A —Flat-Tire A Headlights-Work = Car-OK
Battery-OK A Bulbs-OK

Starter-OK A —Empty-Gas-Tank A —Flat-Tire

Ask
Car-OK?

Artificial Intelligence Spring 2019 Vasant G Honavar



Center for Big Data Analytics and Discovery Informatics
Artificial Intelligence Research Laboratory

Inference by model checking

KB:
Av B

-CVvA

S:
AAC

Example KB

KB

JKB Xk S

_because

KB is true
but Sis

false

o B B e s s B M AP

NN MMM ™MD

B IRIE TSI

IR IR I
SN MSmMTmmmTmon
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Propositional model checking

e Start with a finite propositional KB

* To find proof of a theorem (query “KBl=s ")

* Enumerate the set of models #xz in which KB holds

* Enumerate the models M in which s holds

« Checkif HUxz & U,

* Because KB is finite, there are only a finite number of models to enumerate
* Model checking is sound and complete

* Worst case complexity 2Nwhere N is the number of propositions

* Model checking can be made more efficient in practice
* Reduce theorem proving to satisfiability checking

For n symbols, worst case time complexity is O(2"), space complexity is O(n).
* |In practice, much more efficient inference possible
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Propositional model checking

* Model checking can be made more efficient in practice
* Reduce theorem proving to satisfiability checking
« KBl=s if and only if
. (KBA=s) is unsatisfiable, or
* =(KBa-s) issatisfiable

* There has been a great deal of progress in SAT solvers
 Input: CNF a clause; Output: Yes/No

* DPLL algorithm (Davis, Putnam, Logemann, Loveland) and its
variants

* Depth-first search through the space of possible models

* Until an model in which the query holds is found or all
models have been enumerated

* Many optimizations possible
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SAT as CSP

* SAT is about determining the satisfiability of a CNF formula

* SAT can be formulated as constraint satisfaction problem
* Variables are propositions
* DomainisT, F
* Clauses are constraints
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Progress in SAT solvers
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Hard satisfiability problems
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Modern SAT solvers

= SAT is NP-hard
" But most instances of SAT are not hard
" |[f m = number of clauses, n = number of propositions,
hard SAT instances seem to cluster near m/n = 4.3
(critical point)
* Modern SAT solvers include many additional tricks
* Conflict analysis
* Constraint propagation
e Advanced data structures
* Binary decision diagrams (BDD)
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And T hlgy

Circuit-based implementation

* Intelligence without representation? (Brooks)

e Circuit-based agents
* Reflex agents with internal state

* Implemented using sequential circuits (logic gates plus
registers)

e Circuits evaluated in dataflow fashion
Inference linear in circuit size

* Circuit size may be exponentially larger than the inference
based agent’ s KB in some environments

 There are tradeoffs between inference-based and circuit-based
agents

e Best of both worlds —
* Inference based
* Routinely used inferences compiled into circuits
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First Order Predicate Logic

* Propositional logic
e assumes the world can be represented using propositions
* has limited expressive power

* First-order predicate logic (like natural language)
e assumes the world contains
* Objects:
* people, flowers, houses, numbers, students,
e Relations:
* red, round, prime, brother of, bigger than, part of
* Functions:
 father of, best friend, plus, ...
* Allows one to talk about some or all of the objects

Artificial Intelligence Spring 2019 Vasant G Honavar



Center for Big Data Analytics and Discovery Informatics
Artificial Intelligence Research Laboratory

Clinical and Translational
Science Institute

Ontological and Epistemological Commitments

Ontological
Commitments

Epistemological
Commitments

Predicate Logic

Relations, Functions

Propositional Facts True, False
Logic
First Order Facts, Objects, True, False

Probability Theory

Facts

Degree of belief € {0,1}
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Syntax of FOL: Basic elements

* Constants
* Oksana, 2, Penn-State-University
* Predicates
* Brother, Father, Teacher, Red
* Functions
e Successor (), Plus
e Variables X,V a,b,..

Connectives —, =, A, Vv, &

Equality =
Quantifiers V, 3

Artificial Intelligence Spring 2019 Vasant G Honavar




PennState Center for Big Data Analytics and Discovery Informatics ( :TSI ;':ii:i:i ?:sdtiTtL"’t';S'aﬁ°"a'
S Artificial Intelligence Research Laboratory

Atomic sentences

* Term
* function (term,,...,term,),
* e.g. house_of (John)
e constant
e e.g.,John, 5
e or variable
e.g., XY,z
* Predicates
* E.g., Brother(George, Jeb)
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Compound sentences

 Compound sentences are made from atomic sentences
using connectives

=S,
S/nS,,
S;vS,,
5,=5,,
5,8,

E.g. Brother(George, Jeb) = Sibling(George,Jeb)

Artificial Intelligence Spring 2019 Vasant G Honavar




PennState Center for Big Data Analytics and Discovery Informatics ( :TSI ;':ii’;i:z T:sdﬁth‘t’;S'a"m"a'
S Artificial Intelligence Research Laboratory

Truth in first-order logic

* Sentences are true with respect to a and an

Model contains relations among objects

Interpretation specifies referents for

e constant symbols - objects
e predicate symbols - relations
e function symbols - functions

* An atomic sentence predicate(term,,...,term,) is true
iff the objects referred to by term,,...,term,
are in the relation referred to by predicate
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FOL Models - Example

* Object Constants: A, B, Table

e Relation Constant: On

Model

On (A, B)
On (B, Table)

LD
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Models for FOL

* In principle, we can enumerate the models for a given KB
vocabulary

* Computing entailment by enumerating the models will not
be easy !!
For each number of domain elements n from 1 to oo

For each k-ary predicate P in the vocabulary
For each possible k-ary relation on n objects

For each constant symbol C' in the vocabulary
For each choice of referent for C' from n objects . ..
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Quantifiers

* Allow us to express properties of collections of objects instead
of enumerating objects by name

e Universal: “forall” V¥
e Existential: “there exists” 3

Vx Human(x)=> Mortal(x)
Vz Petdog(z) = 3y Human(y) n Caresfor(y,z)
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Universal quantification

Y <variables> <sentence>

Everyone at PSU is smart: Vx At(x,PSU)=> Smart(x)

Vx P(x) is true in a model m iff P is true with x instantiated to
each possible object in the world

Roughly speaking, Vx P(x) is equivalent to the conjunction of
instantiations of P

(At(Matt, PSU) = Smart(Mart)) A

(At(Oksana,PSU) = Smart(Oksana)) A

(At(Fido,PSU) => Smart (Fido)) A
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A common mistake to avoid

* A universally quantifier is also equivalent to a set of implications
over all objects

 Common mistake: using A as the main connective with V:

Vx At(x,PSU) A Smart(x)

Means

* “Everyone is at PSU and everyone is smart’
as opposed to

* “Everyone at PSU is smart”
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Existential quantification

d<variables> <sentence>
Someone at PSU is smart: dx At(x,PSU) A Smart(x)

dx Pis true in a model m iff P is true with x being some
possible object in the model

* Roughly speaking, equivalent to the disjunction of
instantiations of P (x)

(At(Matt,PSU) A Smart(Matt)) v
(At (Oksana, PSU ) A Smart (Oksana)) Y
(At(Fido,PSU) A Smart(Fido)) Y,
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Another common mistake to avoid

e Common mistake: using = as the main connective with 3:

dx At(x,PSU) = Smart(x)

* The above assertion is true even if there is someone that is smart
who is not at PSU!

e What we wanted to assert was instead that there is someone at
PSU who is smart!
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Properties of quantifiers
Vx Vy is the same as Vy Vx

dx dy is the same as Jy dx

dx Vy is not the same as Vy dx

dx Yy Loves(x,y)
e “There is someone who loves everyone”

Vy dx Loves(x,y)
e “Everyone is loved by someone”
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Quantifier Duality

Duality: “Everyone dislikes Parsnips’ =
“there is no one who likes Parsnips”

Vz—Likes(z,Parsnips) = —dzLikes(x,Parsnips)

De Morgan Rules:

Ve—-P = -dzP P A -Q = (PVQ)
Ve P = dx-P -(PAQ) = PV -Q

Vx P = —dz-P PAQ = - (-PV-Q)
-Vx—-P = dx P -(mPA-Q) = PVQ
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Equality

e term, = term, is true under a given interpretation if and only
if term; and term, refer to the same object

* E.g., definition of Sibling in terms of Parent:

Vx,y Sibling(x,y) < [=(x=y) A AM,f—=(m="f) A
Parent(m,x) A Parent(f,x) A Parent(m,y) A Parent(f,y)]
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Interacting with FOL KBs

* Given a sentence S and a substitution o,
e Sa denotes the result of plugging ainto S; e.g.,
S = Smarter(x,y)
o = {x/Hillary,y/Bill}
Sa = Smarter(Hillary,Bill)

* Ask(KB,S) returns some/all a such that KB |= Sa.
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Using FOL

A KB about kinship

* Brothers are siblings
Vx,y Brother(x,y) 2Sibling(x,y)
One's mother is one's female parent
¥'m,c Mother(c) = m < (Female(m) A Parent(m,c))

“Sibling” is symmetric
Vv x,y Sibling(x,y) < Sibling(y,x)

A first cousin is a child of a parent’ s sibling

Vx,y FirstCousin(x,y) < du,v Parent(u,x) A Sibling(v,u) A
Parent(v,y)
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FOL Examples

* Predicates:

Purple(x), Mushroom(x), Poisonous(x), Equal(x,y)
e All purple mushrooms are poisonous
Vx Purple(x) A Mushroom(x)=> Poisonous(x)
« Some purple mushrooms are poisonous
Ix Purple(x) A Mushroom(x) A Poisonous(x)
» No purple mushrooms are poisonous

Vx Purple(x) A Mushroom(x) => = Poisonous(x)

* There is exactly one mushroom

IAx Mushroom(x) ANy Mushroom(y)=> Equal(x,y)
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Sciences And Technology

Knowledge engineering in FOL

= |dentify the task (the purpose for which a KB will be used)
= Assemble the relevant knowledge (knowledge acquisition)

= Decide on a vocabulary of predicates, functions, and constants
Translate domain-level knowledge into logic-level names

=  Encode general knowledge about the domain
= define axioms

= Encode a description of the specific problem instance
=  Pose queries to the inference procedure and get answers

=  Debug the knowledge base
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Summary

* First-order logic:
* objects and relations are semantic primitives

* syntax: logical symbols, constants, functions, predicates,
equality, quantifiers

* Increased expressive power
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Inference in FOL

* Adapt techniques from propositional logic

* Adapt techniques developed for propositional inference
* How to eliminate universal quantifiers?
* |nstantiate variables
 How to convert existential quantifiers?
» Skolemization
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Universal instantiation (Ul)

Example
Vx King(x) A Greedy(x) = Evil(x):
King(John) A Greedy(John) = Evil(John)
King(Richard) A Greedy(Richard) = Evil(Richard)
King(Father(John)) A Greedy(Father(John)) = Evil(Father(John))
* Every instantiation of a universally quantified sentence is entailed
by it
* Vv a, entails instantiations obtained by substituting v with ground
terms:

* Subst({v/g}, o) denotes instantiation of a by substituting variable v
with term g

(Subst (x|y) = substitution of y by x)
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Existential instantiation (El)

E.g., 3x House(x) A Ownedby(x,John)

There exists a house owned by John

* Let us name the house whose existence is asserted by the
above, John-Villa

* Now, John-Villa is a house, and it is owned by John
House(John-Villa) A Ownedby(John-Villa,John)

John-Villa, a unique name that refers to the house obtained
by eliminating the existential quantifier above is called a
Skolem constant
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Skolemization Examples

Eg: “Everyone has a heart.”
VX person(X) = 3Y heart(Y) A has(X,Y)

Incorrect: VX Person(X) = heart (H1) Ahas(x,H1)
7everyone has the SAME heart H;7

Correct: |VXperson(X) = heart(h(X)) A has(X,h(X))
where h is a new symbol (“Skolem function”)

e Skolem function arguments:
all enclosing universally quantified variables

Artificial Intelligence Spring 2019 Vasant G Honavar




@ PennState
gciences And Technology

Center for Big Data Analytics and Discovery Informatics CTSI Clinical and Translational
Artificial Intelligence Research Laboratory Science Institute

Skolemization

e Skolemizing procedure (to remove existentials)

For each existential X, let Yi.,....,Y, be
the universally quantified variables that are
quantified to the LEFT of X's “3X".
Generate new function symbol, gx, of m
variables. Replace each X with gx(Y1,...,Ynm).

(Write gx() as gyx.)

VYIX ¢(X)Ap(Y) = VY ¢(|gx(Y)]|)Ap(Y)
AXVY ¢(X) Ap(Y) — VY ¢([gx])Ap(Y)

Vasant G Honavar
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Q1
Q2
If 1=/ IS consistent
X VY (X, Y)
\
a1 )
Q2

then s(Ty) = > IS consistent.

VY QO(Cl, Y)

/

...if s(T) is inconsistent, then T is inconsistent ...
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Universal versus Existential Instantiation

* Universal Instantiation
e can be applied many times to add new sentences;
* the new KB is logically equivalent to the old

 Existential Instantiation (Skolemization)

e can be applied once to eliminate each existential
quantifier;

* the resulting existential quantifier free KB is not
equivalent to the old

e The new KB is satisfiable if the old KB was satisfiable
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Reduction to propositional inference
* Suppose the KB contains just the following:

Vx King(x) A Greedy(X) = EVil(x)
King(John)

Greedy(John)
Brother(Richard,John)

e After universal instantiation we get a variable-free, quantifier-free KB
— a propositionalized KB

King(John) A Greedy(John) = Evil(John)
King(Richard) A Greedy(Richard) = Evil(Richard)
King(John)

Greedy(John)

Brother(Richard,John)
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Reduction of FOL inference to PL inference

CLAIM: A (ground) instantiation of a sentence is entailed by
a new KB iff entailed by the original KB.

CLAIM: Every FOL KB can be propositionalized so as to
preserve entailment

IDEA: propositionalize KB and query, apply resolution, return
result

PROBLEM: when function symbols are present, it is possible
to generate infinitely many ground terms:

e.g., Father(Father(Father(John)))
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Reduction of FOL inference to PL inference

« THEOREM: Herbrand (1930).

If a sentence a is entailed by a FOL KB, it is entailed by a
finite subset of the propositionalized KB

e IDEA: Forn=0to e do

e create a propositional KB by instantiating with depth-n
terms

* see if a is entailed by this KB
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Reduction of FOL inference to PL inference

e THEOREM: Turing (1936), Church (1936) Entailment for FOL
is semi decidable

* algorithms exist that affirm every sentence that is
entailed by the KB

 Prove a theorem that in fact follows from the axioms

* No algorithm exists that also says no to sentence that is
not entailed by the KB

* Algorithm may not terminate
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Problems with propositionalization
Given:
Vx King(x) A Greedy(X) = EVil(x)
King(John)
Vy Greedy(y)
Brother(Richard,John)

* |t seems obvious that Evil(John)
* But propositionalization produces lots of facts such as Greedy(Richard)

that are irrelevant
« With p k-ary predicates and n constants, there are p-n*

instantiations!
e Can we avoid unnecessary instantiation of unneeded facts?
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Lifting and Unification

* |nstead of translating the knowledge base to PL, we can
redefine the inference rules into FOL.

* Lifting: only make those substitutions that are needed to
allow particular inferences to proceed

* Unification: identify the relevant substitutions
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Unification

* We can get the inference immediately if we can find a
substitution a such that King(x) and Greedy(x) match
King(John) and Greedy(y)

Substituting x by John and y by John works
o= {x/John,y/John}
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Unification

e To unify Knows(John,x) and Knows(y,z),
o = {y/Jlohn, x/z } or a. = {y/John, x/John, z/John}

* The first unifier is more general than the second.

* There is a single most general unifier (MGU) that is unique
up to renaming of variables.

MGU = {y/John, x/z }
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Unification Examples

p=Plx, f(»).B)
g =Pz, f(w).B)

x,wly)

P= P(X> (y),B) p and g not unifiable (why?)
q=0(z, f(w).B)

a:{z

P :]};(;9 B)) B) p and g not unifiable (why?)
q=P(f(x)

p="P(y,B)

a=P(f(x).B) @ =i/ ()]
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P = P(g(x),B) p and g are not unifiable (Why?)
qg=P(f(x)B

P = P(x,A) p and g are not unifiable (Why?)
g =P(y,B)
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The unification algorithm

function UNIFY(z, y,#) returns a substitution to make x and y identical
inputs: z, a variable, constant, list, or compound
y, a variable, constant, list, or compound
f, the substitution built up so far

if 8 = failure then return failure
else if z = y then return ¢
else if VARIABLE?(z) then return UNIFY-VAR(z, y,0)
else if VARIABLE?(y) then return UNIFY-VAR(y, z,6)
else if CompouND?(z) and CoMPOUND?(y) then
return UNIFY(ARGS[z], ARGS[y], UNIFY(OP[z], OP[Y], 0))
else if LisT?(z) and LisT?(y) then
return UNIFY(REST[z], REST[y], UNIFY(FIRST[2], FIRST[Y], 0))
else return failure
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The unification algorithm

function UNIFY-VAR(var, z,0) returns a substitution
inputs: var, a variable
T, any expression
6, the substitution built up so far

if {var/val} € 6 then return UNIFY(val, z,6)
else if {z/val} € 0 then return UNIFY(var, val,6)
else if OCCUR-CHECK?(var, z) then return failure
else return add {var/z} to 6
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Applying Substitution

t — a term
o — a substitution

e Given {

“to” is the term resulting from applying
substitution o to term t.

e Small Examples:
X{X/a} = a
f(X){X/a} = f(a)
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Examples

e Example: Using t=1£( a, h(Y,b), X )

f( a, h(Y,b), X ){X/b} = f( a, h(Y,b), b )

f( a, h(Y,b), X ){X/b Y/£(2)} = £( a, h(£(Z),b), b )
f( a, h(Y,b), X ){X/Z Y/£(Z,a) } = £( a, h(£(Z,a),b), Z )
f( a, h(Y,b), X ){W/Z} = f( a, h(Y,b), X )

e o need not include all variables in ¢;
o can include variables not in t.
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Most General Unifier

e o iS a mgu for t;1 and t, Iff
— o unifies t1 and t», and

— V wu: unifier of t1 and t»,
3 subsitution, @, s.t. c o8 = pu.
(Ie, for all terms ¢, tu = (to)8f.)
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MGU example

e Example: o = {X/Y} is mgu for £(X) and £(Y).
Consider unifier p = {X/a Y/a}.
Use substitution 6 = {Y/a}:

f(X)p f(X){X/a Y/a}
f(a)

(fX)o) 6
(£(X){X/Y})O
f(Y){Y/a}

f (a)

Similarly, £(Y)u = £(a) = £(Y) [0 0 6]

f (X)[o 0 6]

( pis NOT a mgu, as -3¢ s.t. pot =o0o!)
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Notes on MGU

If two terms are unifiable, then there exists a MGU

There can be more than one MGU, but they differ only in
variable names

Not every unifier is a MGU

A MGU uses constants only as necessary
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FOL Modus Ponens Example

All Men are Mortal

Socrates is a Man

Socrates is mortal

Vx Man(x) = Mortal(x)

Man(Socrates)
Mortal(Socrates)

MGU ={Socrates | x}
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Generalized Modus Ponens (GMP)

PiANDPy AN...D, = q Vx King(x) A Greedy(x) = Evil(x)
! . ' King(John) AGreedy(John)
PiANDPy APy,

q0
where (p1 A Dy A ...pn)H = p'l A P'z A Pn

0 is {x/John,y/John} q is Evil(x)
g0 is Evil(John)

* GMP used with KB of definite clauses (exactly one positive
literal)

* All variables assumed universally quantified
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Soundness of GMP

= Needtoshowthatp,), .. p,, (p; ... Arp,=q)[=q6
provided that p,'6@ = p,f@for all i

= [EMMA: For any sentence p, we have p |=p68 by Ul

1. (pyA..APy=q)|=(psA... AP, =q)0
=(p,0A.. Ap,0 =qb)
1. p\ ., p,) |l=p;/' Aonap, |=p;'O0N... Ap,'O
From 1 and 2, g6 follows by ordinary Modus Ponens.
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Generalized resolution principle

PV pyV..p,
PV P2V D,
(P1 V.Di 1 VDPis1--VPy VDP1--VDPi 1V Djs1--V Pp )6

where (p,)0 =-p
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Resolution Rule in FOL

 Example:
e father(John, Kim),
* VX VYV -father(x,y) V parent(x, y)
e parent(John, Kim)?
* Resolution with propositional logic:
* Find complementary literals

* Resolution with FOL
* Create complementary literals with substitution
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Conversion to CNF

0: Vx [(Vy P(z, y)) = Vy Q(x, y) = R(x, y)]

1: Eliminate implication, iff, ...
Vx [=(Vy P(x, y)) V[-Vy[-Q(x, y) V R(x, y) ]

2: Move - inwards
Vx[(3y-P(x, y)) VI[3IyQ(x, y) AN ~R(x, y)l]

3: Standarize variables
Vx[(Jy-P(x, y)) V[IzQ(x, z) A =~R(x, z)]]

4: Move quantifiers left
Vxdy3dz[-P(x, y)) V[Q(x, z) A ~R(x, z)]]
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Conversion to CNF

5: Skolemize (remove existentials); Drop Vs
—P(x, F1(x)) V[Q(x, F2(x)) A -R(x, F2(x))]

6: Distribute A over V

[-P(x, Fi(x)) V Q(x, F2(x))]
A [P (x, Fi(x)) V 2R(x, F2(x))]

7 : Change to SET notation
{ -P(x, F1(x)) V Q(x, F2(x)), }
-P(x, F1(x)) V —-R(x, Fa(x)) }
8 : Make variables unique
—P(x1, F1(x1)) V Q(x1, Fa(x1)), }
—P(x2, F1(x2)) V —R(x2, Fa(x2)) }
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Example

Jack owns a dog

Every dog owner is an animal lover

No animal lover kills an animal

Either Jack or Curiosity killed the cat (hamed Tuna)
Did Curiosity kill the cat?
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Example

The law says that it is a crime for an American to sell
weapons to hostile nations

* Missiles are weapons

The country Nono, an enemy of America, has some missiles

All of Nono’s missiles were sold to it by Colonel West

Colonel West is an American
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Example knowledge base

..it is a crime for an American to sell weapons to hostile nations:
American(x) A Weapon(y) A Sells(x,y,z) A Hostile(z) = Criminal(x)

Nono ... has some missiles, i.e., 3x Owns(Nono,x) A Missile(x):
Owns(Nono,M;) and Missile(M,)

... all of its missiles were sold to it by Colonel West
Missile(x) A Owns(Nono,x) = Sells(West,x,Nono)

Missiles are weapons:
Missile(x) = Weapon(x)

An enemy of America counts as "hostile:
Enemy(x,America) = Hostile(x)

West, who is American ...
American(West)

The country Nono, an enemy of America ...
Enemy(Nono,America)

Spring 2019 Vasant G Honavar
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Inference

* Forward chaining — typically used in deductive databases
e.g., Datalog (no functions, horn clauses)

* Backward chaining —typically used in logic programming
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Forward chaining example

American{ West ) Missile{(M 1) Owns(Nono,M1 ) Enemw Nono,America)
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Forward chaining example

WeaponiM1) Sells{ West,M I, Nono) Hostile{Nono )

American{ West) Missile{(M 1) Owns(Nono,M1 ) Enemy Nono,America)
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Forward chaining example

Criminal{ West)
WeaponiM1) Sells{ West,M I, Nono) Hostile{Nono )
American{ West) Missile{(M 1) Owns(Nono,M1 ) Enemy Nono,America)
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Properties of forward chaining

* Sound and complete for first-order definite clauses
* Datalog = first-order definite clauses + no functions (e.g.
crime KB)
* FC terminates for Datalog in finite number of iterations

* May not terminate in general DF clauses with functions if a
is not entailed

 This is unavoidable: entailment with definite clauses is
semidecidable
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Backward chaining example

Criminalf West)
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Backward chaining example

Criminalf West) {x/West/

American(x) Weapon( y) Sells(x,v.z) Hostile(z)
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Backward chaining example

Criminalf West) {x/West/

American{ West) Weapon( y) Sells(x,v.z) Hostile(z)

L}
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Backward chaining example

Criminalf West) {x/West/

American{ West) Weapon( y) Sells(x,v.z) Hostile(z)

L}

Missile(y)
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Backward chaining example

Criminalf West) (x/West, y/M1}

American{ West) Weapon( y) Sells(x,v.z) Hostile(z)

L}

Missile(y)
| wM1)
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Backward chaining example

Criminalf West) (x/West, y/M1, z/Nono |
American{ West) Weapon( y) Sells(West, M1.z) Hostile(z)
1) | #Noro |

Missile(y) || Missile(M1) | | Owns(Nono,M1)
| wM1)
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Backward chaining example

Criminalf West) (x/West, y/M1, z/Nono |
American{ West) Weapon( y) Sells(West, M1.z) Hostile( Nono )
[} | #Nono )

Missile(y) Missile(M 1) Owns(Nono,M1) | | Enemy Nono,America)

| wM1} |} [} [}
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Backward chaining example

Criminalf West) (x/West, y/M1, z/Nono |
American{ West) Weapon( y) Sells(West, M1.z) Hostile( Nono )
[} | #Nono )

Missile(y) Missile(M 1) Owns(Nono,M1) | | Enemy Nono,America)

| wM1} |} [} [}
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Properties of backward chaining

Depth-first recursive proof search:
* space is linear in size of proof.

Incomplete due to infinite loops
* fix by checking current goal against every goal on stack

Inefficient due to repeated subgoals (both success and
failure)

* fix using caching of previous results (extra space!!)

Widely used for logic programming
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Logic programming

* Logic programming * Procedural programming
* |dentify problem * |dentify problem
* Assemble information * Assemble information
* Encode info in KB e Figure out solution
* Encode problem * Program solution
instances as facts * Encode problem instance
e Ask queries as data
* Find false facts. * Apply program to data

e Debug procedural errors
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Theorem Proving in Predicate Logic
Resolution by Refutation

If KB

— O

then 3 resolution proof of {}
from KBU {-o}

e Add -0 to KB
* Convert KB to CNF

* Apply Resolution Procedure
e Derive {}: o is proved
* Dead end:
o is not a consequence of KB

Artificial Intelligence

CTSI

Clinical and Translational
Science Institute
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Properties of Resolution

Resolution by refutation is

e Sound

e Refutation Complete

 If KB |= a, refutation will prove it

* Otherwise, in the general setting (infinite number of
models) refutation procedure may not terminate

* Complexity
e Exponential in the size of KB for Propositional Logic
(worst case)

Vasant G Honavar
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Theorem Proving in FOL

If a course is interesting, some students are happy.
if a course has a final, no student is happy.
Prove: If a course has a final, then it is not interesting.

Putting this in FOPL we get:

1. Ye Interesting(c) = 3s [Student(s,c) A Happy(s)]
2. Vs V. [Final(c) A Student(s,c) = —~Happy(s)]
Theorem to prove : Ve Final(c) = —Interesting(c)

Negation of theorem :
3. —[Ve Final(c) = —Interesting(c)]
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Theorem Proving in FOL

By inspection we can translate the above into clause normal form :
a. ~Interesting(c) V Student(skf(c),c)

b. —Interesting(x) V happy(skf(z))

c. ~Final(z) vV ~Student(s,z) V ~Happy(s)

d. Final(sko)

e. Interesting(sko)

Vasant G Honavar
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Proof that if a course has a final, it is not interesting

a. ~Interesting(c) V Student(sk f(c),c)
e. Interesting(sko) o = {sk¢|c}

f. [Student(skf(sko), sko)]
c. ~Final(z) vV ~Student(s,z) V ~Happy(s) o = {skf(sko)|s, sko|z}

g. [~Final(sko) Vv —nHapp’y(Skf )]

d. Final(sko) = {}
h. ~H appy(skf(sko))
b. ~Interesting(z) Vv Happy(skf(x)) o = {sk¢|x}

1. ~Interesting(sko)
e. Interesting(sko)

[Null clause]
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Resolution Proof: Example

Axioms :{I(4), D(4), =R(x)v L(x), =D(y)v —L(y)}
Negated Theorem: {—I(z)v R(z)}

Spring 2019
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Resolution Proof

-1 American{x) Vv — Weapon(y) v — Sells(x,v.z)

Clinical and Translational
Science Institute

vV = Hostile(z) v Criminal(x) ’ = Criminal{ West) ‘

=

American West)

1 American{West) v 1 Weapon(y) v Sells(West,y,z) Vv — Hostile(z)

— Missile{x) v Weapon(x) - Weapon(y) v - Sells(West,y,z) v — Hostile(z)
Missile( M1 ) = Missile(y) v - Sells( West,y,z) v — Hostile(z)

\

— Missileix)

\‘,n

= OwnsiNono.x) v SellsiWest.x, Nono) - Sellsi West, M 1,z) v — Hostile(z)

Artificial Intelligence

Missile(M 1)

Owns{ Nono M 1)

/

- Missile(M1) v — OwnsiNonoMI) v — Hostile{(Nono)

. T/

= Owns(Nono,M1) v — Hostile(Nono)

e

= Enemwx,America) V Hostile(x) =1 Hostile{ Nono ) ‘

—

EnemwNono,America)

Enemy Nono.America) ’

=] ==

Vasant G Honavar
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Search Control in Theorem Proving

* Unit preference strategy

P(x)

—P(y)v R(y)v O(»)
P(Z)V —|S(Z)

* Which pair of clauses to choose?
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Search Control in Theorem Proving

e Set of support (SOS)
e All clauses in negated theorem belong to SOS
* Any clause derived from resolving a member of SOS with
another clause belongs to SOS
* Set of support strategy
* Each resolution step must choose a member of SOS as
one of the two clauses to be resolved

* Theorem: SOS is refutation complete for FOL. That is, if
there is a proof for a theorem, it can be found using SOS
strategy.
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Resolution Proof: Example

Axioms :{I(4), D(4), =R(x)v L(x), =D(y)v —L(y)}
Negated Theorem: {—I(z)v R(z)}
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Search Control for Theorem Proving

* Eliminate

e clauses containing pure literals (literals whose
complements do not appear in any other clause in the KB)

* tautologies e.g., R(x)v —.R(x)

e any clause that is subsumed by another clause

A clause ¢ subsumes a clause v iff
da substitution ¢ such that goc

P(x)subsumes P(x)v R(y)
P(x)v O(y)subsumes P(f(4))v R(z)v O(B)
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Elimination of subsumed clauses

* Theorem: Unsatisfiability of a set S of clauses is unaffected by
elimination of clauses in S that are subsumed by other clauses in S

* Proof: WLOG consider propositional KB

Let S = {cl....cn,c,c'}{z q
S'={c...c,,c,}=8—{c'}
S = {cl....cn}z S — {c,c'}: S’ — {c’}

Letc=P; ¢'=Pv (Q;So c subsumes ¢’
M=Mq,. M, .=M.NM "M,
=M."M_, =M,
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Green’ s Trick for Answer Extraction

e We are often interested in instantiation that makes a theorem true
(e.g., queries in deductive databases)

KB:

Vx At(Bumstead,x) = At(Daisy,x)
At (Bumstead ,C ouch)

Query:

dx At(Daisy,x)

Substitute in A¢(Daisy, x)

the same subsitutions used to prove the query

to answer the question Where is Daisy?
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Green’s Trick for Answer Extraction

~At(Daisy,z) ~At(Bumstead,x)v At(Daisy.x) | A¢(Daisy,7)

S

- At(Bumstead,?) At(Bumstead,Couch)

\ / Couchlz
- At(Daisy,Couch)
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i Knowledge Representation
) Semantic Web and Description Logics
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Ontology...

* Philosophical origins date back to Aristotle

* “The metaphysical study of the nature of being and
existence”
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Ontology...

In Artificial Intelligence,
* “an ontology is a formal, explicit specification of a shared
conceptualization ”
e Conceptualization
* What does our world consist of?
* Entities, Properties, Relationships

* Formal
* Machine interpretable
e Syntax, semantics, proof theory

e Shared

* Within a domain of inquiry (e.g., physics), a community
(e.g., fans of pop music) etc.
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What does our world consist of ?
* Objects or instances or individuals
e Correspond to constants in FOL

 Classes or concepts usually organized in taxonomies
» Sets of objects sharing certain characteristics
* Equivalent to unary predicates in FOL
* e.g. a university ontology, might include the concepts like
student and professor
e Relations, roles between concepts (often limited to binary)
e Binary relations define sets of pairs (tuples) of objects
* Binary relations are equivalent to binary predicates in FOL
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What does our world consist of?
* Functions:

* Can be modeled by relations in which the n th element of the
relation is unique given the n-1 preceding elements

* Price-of-a-used-car function can calculate the price of a used
car given the car model, and mileage
* Axioms
e Sentences that are always true in our world
* Definitions that restrict the use of concepts and relationships

e e.g., every Data Sciences major should have a 3.0 or better
GPA in DS courses
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Kinds of ontologies
* General ontologies
» vocabulary of things, events, time, space, units, etc.

 Domain ontologies
* Ontology reusable within a domain
* e.g., gene ontology, disease ontology, e-commerce ontology, weather

ontology
@enomics
Functional\Genomics/ Fisste——
\_ . s
Disease Climical Trials

Genome Sequence

J Clinical Data 1

:
s )
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Domain ontologies
* Gene ontology
* Disease ontology
* Weather ontology
* Pizza ontology
Scheduling ontology
Clinical procedures ontology
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Ontology Applications

Semantic search

e search for news on high tech stocks should return news
on Intel, Yahoo, etc.

¢ e-commerce

Querying multiple data sources

Enterprise Application Integration

* e-science

Semantic web
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Sciences And Technology

Web

500 million user
more than 3 billion pages

|

1992 2002
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The Web

The World Wide Web has been a success beyond anyone had
dreamed of at the time of its invention in terms of

e of the amount of information available
 the number of users

This success is based on
* its simplicity
* simple protocol HTTP
* simple markup language HTML
* Network effect

But.. HTML is primarily for formatting information for
presentation to human readers

The web is impoverished in terms of semantics
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The web of hyperlinked documents is not enough!

Resource Software

linksTo hasManual
linksTo linksTo requires requires
{V Y

linksTo linksTo isBasedOn

Resource

linksTo linksTo

linksTo subject
Y ﬂ

linksTo

* Homogeneous resources Identified resources
* Semantically empty Meaningful links
* Needs human interpretation Machine processable
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Semantic technologies and semantic web

e Semantic Web Vision

* machine-interpretable data and knowledge grounded in domain
specific, task specific, or even user-specific semantics

 specialized reasoning services

* services of querying, integrating, and analyzing, and acting on
information

* The semantic Web needs ontologies for
e formal and consensual specifications of conceptualizations...
e providing a shared and common understanding of a domain

 Communicating data and knowledge between humans and
computers

Spring 2019 Vasant G Honavar
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Semantic Web Technology

* Ontologies
* establish a formal semantics for data and knowledge making it
possible for computers to process information
* enable communication of machine interpretable content
between humans, between machines, and between humans
and machines
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Semantic search
e Semantic search
e Complex queries involving background knowledge

— Find information about “animals that use sonar but are not
either bats, dolphins or whales”

e |ntegrating information from multiple sources

— Book me a holiday next weekend somewhere warm, not too far
away, and where they speak French or English

Hopeless for machines and tedious for people

Artificial Intelligence Spring 2019 Vasant G Honavar




PennState Center for Big Data Analytics and Discovery Informatics ( :TSI g'cii::s; 7:i;$25'aﬁ°“a'
S Artificial Intelligence Research Laboratory

Looking for a “Blue Car with Red Doors”

Red Car with
Blue Doors

Navy Sedan with

Crimson Hatches

—A___ S Blue Car and
__'_f.,,..- : a Red Door

£ >\ Car,
ez Blue Chair,
"M Red Door

Steven Kraines, Science Integration Project -~ Human, The University of Tokyo
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Simple word-matching

Red Car with
Blue Doors

Navy Sedan with
Crimson Hatches

Blue Car and
a Red Door

i N

>~ "blue car red door’

Car,
Blue Chair,
Red Door

Steven Kraines, Science Integration Project - Human, The University of Tokyo
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navy = blue .
crimson = red Semantic

sedan = car Red Car with
hatch = door Blue Doors
Navy Sedan with

Crimson Hatches

Blue Car and
a Red Door

e —

>~ "plue car red door"

hasColor(car, blue) /_35@\ Car,
hasColor(door, red)@;a' —"/é Blue Chair,
Red Door

hasPart(car, door)

Steven Kraines, Science Integration Project - Human, The University of Tokyo
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navy = blue o
crimson = red Semantlc

sedan = car Red Car with
hatch = door - Blue Doors

hasColor(car . red
NS ONroocr Diue
hasFartica onor

Navy Sedan with
Cnmson Hatches

it seCan N

Blue Car and

A~ a Red Door

<~ "blue car red door” PmaColoricar. ey )
hasColor(car, blue) %_Z\\ Car,
hasColor(door, red)@ a /é Blue Chair,
hasPart(car, door) 'R8dl I?oqr

Steven Kraines, Science Inlegration Project - Human, The University of Tokyo
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Semantic Web

» Expose data on the web in an interoperable form (RDF)

» Expose knowledge on the web with interoperable semantics
(ontologies: RDF Schema, OWL)

» Apply (lightweight) inference for
— Searching for information
— Answering complex queries
— Integrating multiple sources of knowledge and data
— Composing composite services from component services
— Learning predictive models from disparate data sources
— Unexpected reuse
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Sciences And Technology

Data integration

e Represent data in RDF stores
 Combine data from RDF stores
* Query the integrated RDF data

Vasant G Honavar

Artificial Intelligence Spring 2019



PennState Center for Big Data Analytics and Discovery Informatics ( :TSI g'cii:i:i ?:iiTtLat';S'aﬁma'
S Artificial Intelligence Research Laboratory

A book in English

‘A DOCTOR ZHIVAGO FOR THE FAR EAST’ THE INDEPENDENT

Amitav Ghosh
THE GLASS PALACE

The magnificent, poignant, fascinating novel of three generations

that starts in Mandalay ...

£ [lvan Herman, W3(C]
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A simplified bookstore data (dataset “A”)

ID Author | Title Publisher Year
ISBN 0-00-6511409-X id_xyz The Glass Palace id_qgpr 2000
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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15t export data as a set of relations

[The Glaso Palace Je— "1

a:homepage

< by ramitavgosh.com
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Some notes on the exporting the data

* Relations form a graph

* the nodes refer to the “real” data or contain some literal
* how the graph is represented in the machine is immaterial for
now

* Data export does not necessarily mean physical conversion of the
data

* Relations can be generated on-the-fly at query time
* via SQL “bridges”
* scraping HTML pages
* extracting data from Excel sheets
e Extracting data from text
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f Information
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Data integration

e Represent data in RDF stores
 Combine data from RDF stores
* Query the integrated RDF data

Vasant G Honavar

Artificial Intelligence Spring 2019



PennState Center for Big Data Analytics and Discovery Informatics ( :TSI g'cii:i:i ?:iiTtLat';S'aﬁma'
S Artificial Intelligence Research Laboratory

A book in English

‘A DOCTOR ZHIVAGO FOR THE FAR EAST’ THE INDEPENDENT

Amitav Ghosh
THE GLASS PALACE

The magnificent, poignant, fascinating novel of three generations

that starts in Mandalay ...

£ [lvan Herman, W3(C]
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A simplified bookstore data (dataset “A”)

ID Author | Title Publisher Year
ISBN 0-00-6511409-X id_xyz The Glass Palace id_qgpr 2000
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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15t export data as a set of relations

[The Glaso Palace Je— "1

a:homepage

< by ramitavgosh.com
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Some notes on the exporting the data
* Relations form a graph
* the nodes refer to the “real” data or contain some literal
* how the graph is represented in the machine is immaterial for
now

* Data export does not necessarily mean physical conversion of the
data

* Relations can be generated on-the-fly at query time
* via SQL “bridges”
* scraping HTML pages
* extracting data from Excel sheets
e Extracting data from text

* One can export part of the data

Artificial Intelligence Spring 2019
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The same book in French...

LE PALAIS

i?.g:\l !j\qlnu\_,.OL_x LU =)
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A second bookstore data (dataset “F”)

Clinical and Translational
Science Institute

A B C D
! ID Titre Traducteur Original
> ISBN 2020286682 Le Palais des Miroirs SA12S ISBN 0-00-6511409-X
3
4
5
° ID Auteur
” ISBN 0-00-6511409-X SA11S

10 Nom

" Ghosh, Amitav

2 Besse, Christianne

Vasant G Honavar
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2"d: export the second set of data
http://...isbn/000651409
X

Le palais des miroirs

5

http://...isbn/20203866
82

f:traducteur

f:nom

Ghosh, Amitav

Besse, Christianne
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3% merge your data

.y ear
0‘0\3‘5“6‘?
a:city PaY
a:author
a:p_Nae

a:name http://...isbn/000651409X
a:homepage

%
‘%% | Le palais des miroirs
£2
fauteur
http://...isbn/2020386682
fitraducteu
finom
f:nom

| Ghosh, Amitav

| Besse, Christianne
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37 merge your data (cont)

a:city ?""@“6 Sa;me URI !

a:author

a:p_NAIe

a:name http://...isbn/000651409X

a:homepage

%
‘%% | Le palais des miroirs
£ 2
e
http://...isbn/2020386682
fitraducteu

finom

f:nom
| Ghosh, Amitav

| Besse, Christianne
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3" merge your data

a:title

ttp://...isbn/000651409X

AY
ou®
&:cjty at.Q
a:autho
e
a:p_Dar r f:original
a:name f:auteur
a:homepage

Le palais des miroirs

=

http://...isbn/2020386682
fitraducteur
fino
et finom

| Ghosh, Amitav

| Besse, Christianne
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Start making queries...

e User of data “F” can now ask queries like:
e “give me the title of the original”
e well, ... « donnes-moi le titre de l'original »

* This information is not in the dataset “F”...

* ...but can be retrieved by merging with dataset “A”!

5
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There is more we can do!

* We “think” that a:author and f:auteur should be the same
* But an automatic merge does not know that!

* Let us add some extra information to the merged data:
* a:author same as f:auteur
* both identify a “Person”

e a term that a community may have already defined:

* a “Person” is uniquely identified by his/her name
and, say, homepage

* it can be used as a “category” for certain type of
resources
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Querying revisited: use the extra knowledge

a:title

http://...isbn/000651409
2

Le palais des miroirs

f:original
e
5 S
a:city 2P 5
— a:authoy hittp://.8bn/R0R058668
a:p o f:auteur

r:type fitraducteur

http://...foaf/Perso r:itype
. 2

Besse, Christianne

a:nam
fnont a:homepagy
finom

.)Sh, Amitav
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Start making richer queries!

* User of dataset “F” can now query:
e “donnes-moi la page d’accueil de I'auteur de l'original”
* well... “give me the home page of the original’s ‘auteur’
* The information is not in datasets “F” or “A” but was made
available by:
* merging dataset “A” and dataset “F”
e adding three simple extra statements as an extra “glue”
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Combine with different datasets

* Using, e.g., the “Person”, the dataset can be combined with
other sources

* For example, data in Wikipedia can be extracted using
dedicated tools

* e.g., the “dbpedia” project can extract the “infobox”
information from Wikipedia already...
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Merge with Wikipedia data

a:title

http://...isbn/000651409X

Le palais des miroirs

f:original

G
0‘0“‘5“
a:city PaY

a:author,

http://...isbn/2020386682
. f:auteur

a: p ,na:me

r:type fitraducteu
a:name r:type r
a:homepage http://...foaf/Person
finom -

finom
r:type

| Besse, Christianne

foafinam w:reference

http://dbpedia.org/../Amitav_Ghos
h
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Merge with Wikipedia data

a.year

http://...isbn/000651409X

L : .
foriginal e palais des miroirs

. «g\,ef
a:ej .Q\}‘o\}‘a
“Clty o

a:author,

http://...isbn/2020386682

a -p ,na:me

f:auteur

r:type fitraducteu
a:name r:type r
a:homepage http://...foaf/Person .
f:inom
f:'nom
r:type
w:isbn

| Besse, Christianne

foafnam w-reference http://dbpedia.org/../The_Glass_Palace 5

w:author_of

http://dbpedia.org/../Amitav_Ghos
h

http://dbpedia.org/../The_Hungry_Tide

w:author_of

w:author_of

http://dbpedia.org/../The_Calcutta_Chromosome
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Merge with Wikipedia data

a:title

http://...isbn/000651409X

L : .
foriginal e palais des miroirs

. X\Qx
a:ej .Q\}‘o\}‘a
“Clty o

a:author,

http://...isbn/2020386682

a -p ,na:me

f:auteur

r:type fitraducteu
a:name r:type r
a:homepage http://...foaf/Person .
f:inom
f:'nom
r:type
w:isbn

| Besse, Christianne i

.osh, Amitav
foafnam w-reference http://dbpedia.org/../The_Glass_Palace 5

w:author_of

http://dbpedia.org/../Amitav_Ghos
h

w:born_in
w:author_of http://dbpedia.org/../Kolkata, 5
http://dbpedia.org/../The_Hungry_Tide
w:long

w:author_of

http://dbpedia.org/../The_Calcutta_Chromosome
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We can do more

* We could add extra knowledge to the merged datasets
e e.g., a full classification of various types of library data
e geographical information
* etc.

* This is where ontologies, extra rules, etc. come in

* Ontologies/rule sets can be relatively simple and small,
or very complex, or anything in between...

* Even more powerful queries can be asked as a result
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What did we do?

» Expose data on the web in an interoperable form (RDF)

» Expose knowledge on the web with interoperable semantics
(ontologies: RDF Schema, OWL)

» Apply (lightweight) inference for
— Answering complex queries

— Integrating multiple sources of knowledge and data

Artificial Intelligence Spring 2019
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Semantic Web

e Semantic web utilizes

* Low expressivity logic (RDF) that allows for some
inference

* Property inheritance
* Domain/range inference

 Medium expressivity logic (OWL) that supports
additional inference

* In(equality)
e Number restrictions
* Data types ...
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Semantic Web Stack (W3C, 2006)

User Interface & applications

Trust
Proof
| Unifying Logic l
ontology: Rules:
Query: OWL RIF
SPARQL Crypto
RDF-S
Data interchange: RDF
XML
URI
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Alternative perspectives on the semantic web

e Semantic web
e annotated web
* web of data (RDF triple stores)

e Semantic web
* |In the large
* |n the small
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Linked Open Data Initiative

* Goal: “expose” open datasets in RDF

e Set RDF links among the data items from different datasets
» Set up, if possible, query endpoints
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Example data source: DBpedia

* DBpedia is a community effort to
e extract structured (“infobox”) information from
Wikipedia
e provide a query endpoint to the dataset

* interlink the DBpedia dataset with other datasets on the
Web

T

Freie Universitat {({s):

['/—/OPENV\-A}\
—~ SOFTWARE
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Linked data enable new applications
* Build your own NYT linked data application

Who Went Where
Hirek v Social * Private~ Mailing lists > SW~ Python~ RDFait!~ Bookmarklets~ bitly To Mendeley TinyURL To Faviki Dokuwiki MID

0 Who Went Where +

Ehe New Jork Times

Linked Open Data

View Application Source 1

Alumni In The News

Enter a school name below
and see our coverage of that school’s alumni.

Harvard University

Henry Kissinger
Bomn: May 27, 1923

Jacques Chirac
Bom: November 29, 1932

- / '_" Kennedy, John Fitzgerald
— ! Ram: May 20 1017

Harvard University

Henry Kissinger Is Released From Hospital in South Korea - M 5,2010

Got Your Back - July 19, 2008
SPORTS OF THE TIMES; Kissinger's Soccer Diplomacy - March 31, 2009
THE TV WATCH; A Question Reprised, but the Words Come None Too Easily for Palin - September 26

OP-ED COLUMNIST: Park Avenue Diplomacy - Seps
Palin Will Meet With Kissinger and Foreign Leaders - Septe

Using Star Power to Repair Nigeria's Image - Juiy 10, 2008
OP-ED CONTRIBUTOR; Listening to Compromise - July 0

EDITORIAL OBSERVER; Thinking the Unthinkable: A World Without Nuclear Weapons - June 30, 2008
ON THE WHITE HOUSE; One Trip, Dual Purposes - April 27, 2008

Chirac Faces New Inquiry On Chargeb of Carrupnun ‘ber 18, 2009
Ex-Leader Of France Faces Trial - October ]
French Power Elite Face a Fall From Grace - October 28, 2009

French President Raises Eyebrows With Remark on a Contentious Political Trial - 5 ber 25, 2009
INSIDE EUROPE; Order to Pay Back Farm Subsidies Comes at a Bad Time for France - August 11

WORLD BRIEFING | EUROPE; France: Chirac Creates Foundation - June 10, 2008
Putin Maintains Presidential Air in Paris Trip - May 31, 2008

A Statesman Without Borders - Februa

Chirac Under Investigation for Misuse of Funds as Paris Mayor - November 22, 2

Correction: For the Record - November 05, 200

ESSAY; The Making of the President, Then and Now -

| net in Time | aMare Cantiura Amarinan Griof Far a Pracidant - March 0020

&
&
[

The NYT Linked open data is no longer available from http://data.nytimes.com

However, you can retrieve the data from the Wayback Machine of the Internet Archive.
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Description Logic systems

 Brachman and Levesque [1984]:

* “There is a tradeoff between the expressiveness of a
representation language and the difficulty of reasoning over
the representations built using that language”.

* The more expressive the language, the harder the reasoning!

e Schmidt-Schauss and Smolka [1991 ] specialized classical settings
for deductive reasoning to Description Logics — tractable subsets
of first-order logics

e Best of both worlds

* Unary predicates for names of classes

* Binary predicates for properties

e Conclusions based on inheritance
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What Are Description Logics?

* A family of logic based Knowledge Representation formalisms

* Descendants of semantic networks and KL-ONE [Brachman and
Schmolze, 1985]

e Describe domain in terms of concepts (classes), roles
(relationships) and individuals
 Distinguished by:

* Formal semantics (typically model theoretic)
e Decidable fragments of FOL

* Provision of inference services
* Sound and complete decision procedures for key problems
* Implemented systems (highly optimized)
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Description Logics

* Description Logics are a subset of first-order logic:

e Only unary predicates (called concepts) and binary
predicates (called roles, properties).

* Knowledge bases are composed of:
* T-box: defining the concepts and the roles
e A-box: including ground facts about individuals

 Complex concepts are defined by concept descriptions:

* The expressive power of the language is determined by the
set of constructors in the grammar of concept descriptions

 Complex roles can also be defined via constructors
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Description Logics

e TBox: terminology
e the vocabulary of an application domain:
e Concepts: sets of individuals
* Roles: binary relationships between individuals.
* Examples:
* Concepts: Person, Female, Mother
* Role: hasChild
* ABox: assertions
* about named individuals in terms of this vocabulary
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DL knowledge base

* Atomic concepts (unary predicates)

e Atomic roles (binary predicates)
* Complex concepts built using constructors

Vasant G Honavar
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An example Grammar for Concept Descriptions

C,D are complex concepts. A is a primitive concept.

C,D—> A| (base concept)
T (top, the set of all individuals)
CnD | (conjunction)
—A | (complement)
VR.C | (universal quantification)

(> nR) | (< nR) (number restrictions)

Many other constructors possible: union, existential
guantification, equality on role paths,...

Artificial Intelligence Spring 2019 Vasant G Honavar




PennState Center for Big Data Analytics and Discovery Informatics ( :TSI ;':ii:i:i ?:sdtith‘t’:'a‘m"a'
S Artificial Intelligence Research Laboratory

Example Terminology

a, . Iltalian C Person

ay. Comedy C Movie

az. Comedy C —Documentary

as. Movie C (< 1 director)

as. AwardMovies := Movien (> 1 award)

ag. ItalianHits := AwardMovie n (Vdirector.ltalian)

a,: Italians are people

a,:. Comedies are movies

a;: Comedies are disjoint from documentaries

a,. Movies have at most one director

as: Award movies are those that have at least one award
a,. Italian hits are award movies whose director 1s Italian
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Abox: the Ground Facts

* A set of assertions of the form C(a), or R(a,b)
* bis called an R-successor of a.

 Cand R can be concept descriptions

Comedy(LifelsBeautiful)
director(LifelsBeautiful,Benigni)
Italian(Benigni)
award(LifelsBeautiful, Oscar1997)
ItalianHits(LaStrada)
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Semantics of Description Logics

* Semantics are based on interpretations.

* Given a knowledge base A, the models of A are the
interpretations that are consistent A’s T-box and A-box.

* Any fact that is true in all models of A is said to be entailed by
A.
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A “Family” Knowledge Base

Man is a Male Person

A Woman is a Female Person

A Man is not a Woman

® A Fatheris a Man who has a Child

® A Mother is a Woman who has a Child
Both Father and Mother are Parents
Grandmother is a Mother of a Parent

® A Mother Without Daughter is a Mother without female Children
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DL for Family KB

1. Person

2. Female

3. Woman = Person 1 Female

4. Man = Personm -Woman

5. Mother = Woman N JhasChild.Person

6. Father = Man 1 JdhasChild.Person

|

Parent = (Father LU Mother)

&. Grandmother = Mother M JhasChild.Parent
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Value restrictions

* Individuals all of whose children are male

YhasChild.Male

* Individuals with a female child

dhasChild.Female

* Individuals with at most 3 children and 2 dogs

(= 3hasChild)T1(= 2hasDog)
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DL Semantics

* DL Ontology: is a set of terms and their relations

* Interpretation of a DL Ontology: A possible world ("model") that materializes the

ontology
Ontology: Interpretation
Person Tobic
Student < Person P
StUdent g HStUdieS_TOpK: Student Knowledge Representation
KR g TOpIC Description Logic
Studies
DL < KR o o
Jie Bao DL reasoning
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DL Semantics

e DL semantics defined by interpretations: | - (Al, ."), where
* Al isthe domain (a non-empty set)
* | is an interpretation function that maps:
* Concept (class) name A ->subset Al of Al
* Role (property) name R -> binary relation R! over A
* Individual name i -> i' element of A!
* Interpretation function . tells us how to interpret atomic concepts,

properties and individuals.

* The semantics of concept forming operators is given by extending
the interpretation function in an obvious way.
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DL Semantics: example

|- (A .D
A'={lJie_Bao, DL_Reasoning}

Person'=Student'={Jie_Bao}
Topic'=KR'=DL'={DL_Reasoning}
Studies'={(Jie _Bao, DL_Reasoning)}

An interpretation that satisfies all of axioms in a DL
ontology is also called a of the ontology.
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Extensions of Complex Expressions

The extensions of concept and role descriptions are given by the
following equations. (#S denotes the cardinality of the set S).

TI=OI,

ccnD)!=cinD,

—A)! =0"\ A,

(VR.CO)!' ={de O!|Ve:(d,e) e Rl - eec C!)
(> nR! ={deO!|t{e|(d,e) e R} > n}
(<nR!={deO!|t{e| (de) eR}<n)
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DL and First Order Logic

* Any DL concept Cis a unary FOL predicate
 Any DL role is R is a binary FOL predicate

* VRC =VyR(x,y)= C(y)
ARC =3AyR(x,y) A C(y)
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Description Logic

1 TBox [\
/| N

Description

Language Reasoning

7

N
A ABox L

application
program
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Description logic

* DL vocabulary consists of concepts, that denote sets of
individuals, and roles, that denote binary relationships
between individuals

* DL allow complex descriptions of concepts and roles
(Tbox can be used to assign names to them)

e Statements in the TBox and ABox can be identified with
formulae in first-order logic
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DL Reasoning Tasks

* Determining if a description is satisfiable — satisfiability

* Determining whether one description is more general
than another — subsumption

* A-box reasoning

* to find out if its set of assertions is consistent (has a
model, and if individuals are instances of concept
descriptions)
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Example TBox

Woman = Person 1 Female
Man = Person 1 -~ Woman
Mother = Woman 1 4 hasChild .Person
Father = Man 1M 3 hasChild .Person
Parent = Father U Mother
Grandmother = Mother 'l A hasChild.Parent
MotherWithManyChildren = Mother 1 = 3 hasChild
MotherWithoutDaughter = Mother 1 Y hasChild -~ Woman
Wife = Woman M dhasHusband.Man
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ABoOX ...

In ABox we describe a specific state of affairs of a given
application domain

We introduce individuals, by giving them names, and we
asserts properties of these individuals

Vasant G Honavar
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ABOX ...

The semantics of ABox is “open-world semantics™ — we
cannot assume that the knowledge in the knowledge

base is complete (contrast with the"closed-world”
semantics of classical databases)
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DL Syntax and Semantics

Introduction to DL: Syntax and Semantics of ALC I

Semantics given by means of an interpretation Z = (A%, 1):

Constructor Syntax Example Semantics
atomic concept| A Human AT C AT
atomic role R likes RT C AT x AT

For C, D concepts and R a role name

conjunction C M D| Human M Male CT N D*
disjunction C U D| Nice U Rich ct u D*
negation -C — Meat AT\ C*T

exists restrict. | 3R.C |3has-child.Human| {z | y.(x,y) € RT Ay € CT}
value restrict. | VR.C | Vhas-child.Blond ({z | Vy.{(z,y) € RT = y € C*}
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Other DL Constructors

Introduction to DL: Other DL Constructors I
Constructor Syntax Example Semantics
number restriction| (> n R) (> 7 has-child) |[{z | {y.{(z=,y) € RT}| > n
(<n R) (< 1 has-mother) |{z | |{y-{z=,y) € RT}| < n
inverse role R~ has-child~ {{x,y) | {y, =) € RT}
trans. role R* has-child* (RT)*
concrete domain |y, . .., w,.P|h-father-age, age. > {z | (u,...,ul) € P}
etc.

Many different DLs/DL constructors have been investigated
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DL and FOL

Syntactic feature of DL: variable free notation.
Most DLs are fragments of FOL, e.g. ACL.

ACL expressions can be translated into FOL:

* A unary predicate @, is introduced for each concept C, and a
binary relation pg for each role R.

* Translation ACL - FOL:
artist M (7 CREATES. song ) >
VxFy: artist (x ) A (CREATES (x, y ) A song (y))

Why not use FOL?

The expressive power is too high for having good computational
properties and efficient inference procedures.
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DL Systems Architecture

Knowledge Base

TBox (schema)

[l

ABox (data)

Inference System
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DL TBox

Introduction to DL: Knowledge Bases: TBoxes I

For terminological knowledge: TBox contains

Concept definitions A = C (A aconcept name, C a complex concept)
Father = Man M 3has-child.Human
Human = Mammal M VYhas-child™.Human
~ introduce macros/names for concepts, can be (a)cyclic
Axioms C,y C Cy (C; complex concepts)

dfavourite.Brewery [ Jdrinks.Beer
~~ restrict your models

An interpretation Z satisfies

a concept definition A =C iff AT =C*
an axiom C;CC, iff C*CcC?

a TBox T iff Z satisfies all definitions and axioms in 7~
~» Z is a model of T
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DL ABox

Introduction to DL: Knowledge Bases: ABoxes I

For assertional knowledge: ABox contains

Concept assertions a : C (a an individual name, C a complex concept)
John : Man M Vhas-child.(Male M Happy)
Role assertions (a1, az) : R (a; individual names, R a role)

(John, Bill) : has-child

An interpretation Z satisfies

a concept assertion a:C iff of € C*
a role assertion (a1, a2) : R iff (af,al) € R*
an ABox A iff T satisfies all assertions in A

~+» T is a model of A
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Knowledge to Reasoning

Knowledge Base Reasoning about the
knowledge

* Add new knowledge to the
KB that follows logically.

e Ask KB if a statement is
valid.

Reasoning
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Reasoning / Inference
Basic Inference Problems, for TBox T:

* Consistency:

“A concept C is consistent with respect to T, if there exists a
model 7 of T with C'= . [Tis a model of C]".

Inconsistent:
songwriter = artist 1 (CREATES. song )
song=—V IS _CREATED _ BY. songwriter

e Subsumption:

“A concept C is subsumed by a concept D with respect to T if C?
— D7 for every model 1of T".

male cperson
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Classification

* Classification of concepts

 allows to structure the
terminology in the form of a
subsumption hierarchy

Movable-
Furniture

. ] ) Furniture
e Classification of instances

* determines whether an individual
is an instance of a certain
concept.
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Reasoning Algorithms

 Structural subsumption algorithms
* Check if a concept is subsumed by another
* Complete for simple languages with limited expressive power
* Used by KL-ONE, LOOM and other systems.

* Tableau—based algorithms
 Efficient
* Sound, complete and decidable
* Used in tools such as RACER

e Resolution based algorithms
e Transform DL into FOL and FOL reasoners
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Tableau-based Algorithms

* Construct a model for the input concept description C,
 Model is represented by tree form.

* The formula has been translated into Negation Normal
Form (NNM).

* To decide satisfiability of the concept C,, start with the
initial tree (root node).

* Repeatedly apply expansion rules until find contradiction
or expansion completed.

* Satisfiable iff a complete and contradiction-free tree is
found.
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Reasoning

* Many inference tasks can be reduced to subsumption reasoning
o (' and D) are equivalent & C'C D) and DC U

e (' and ) are disjoint & C'NMDC L.
® ais a member of C & {a} C C

e Subsumption can be reduced to satisfiability

C'C )= O =0 is unsatishable
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Reasoning

Reasoning services like subsumption and consistency
* Speed-up the inference procedures for query.

* Help to infer implicitly represented knowledge from the explicitly
contained knowledge of KB.

T-Box A-Box
Female U Male  Human Mary: Mother
Mother — Female John: Father
Father — Male Mary: dparent.Child

Child < dhas.Mother M1 Fhas.Father  John: dparent.Child

e Able to deduce implicit knowledge, like Mary is a Human.
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Reasoning: Decidability vs. Expressivity

* KR system should
* answer queries in a reasonable time.
* The reasoning procedures should terminate.

* Trade-off between the expressivity of DLs and the
complexity of their reasoning.

* Very expressive DLs can have inference problems of high
complexity, they may even be undecidable.

* Very Weak DLs my not be sufficiently expressive to represent
the important concepts of an application.
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Representative DLs

= ALC: the smallest DL that is propositionally closed
= Constructors include Booleans (and, or, not),

= Restrictions on role successors
= SHOIQ=0WLDL
= S=ALCR*: ALC with transitive role
* H=role hierarchy
" O =nominal .e.g WeekEnd = {Saturday, Sunday}
" | =|nverse role
» Q = qualified number restriction e.g. >=1 hasChild.Man
" N =number restriction e.g. >=1 hasChild
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DL Concept and Role Constructors

* Range of other constructors found in DLs, including:

 Number restrictions (cardinality constraints) on roles,
e.g., =3 hasChild, <1 hasMother

Qualified number restrictions, e.g., ,

< lhasChild.Female, , < hasParent.Male

Nominals (singleton concepts), e.g., {ltaly}

Concrete domains (datatypes),

* Inverse roles, e.g., hasChild- (hasParent)

* Transitive roles, e.g., hasChild* (descendant)

* Role composition, e.g., hasParent o hasBrother (uncle)
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OWL as DL: Class Constructors

Clinical and Translational
Science Institute

CTSI

Constructor DL Syntax Example FOL Syntax
intersectionOf Cim...NncCy Human n Male Ci(x)AN...NCp(x)
unionOf CiU...UuCp Doctoru Lawyer | Ci(z) V...V Ch(x)
complementOf -C' —Male -C'(x)

oneOf {z1}U...U{zn} | {John}u{mary} |z=z1V...Vax=uz,
allValuesFrom VP.C VhasChild.Doctor | Vy.P(x,y) — C(y)
someValuesFrom JP.C JhasChild.Lawyer | 3y.P(z,y) A C(y)
maxCardinality <nP <1hasChild ISy, P(z,y)
minCardinality >nP >2hasChild 321y, P(x,y)
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OWL as DL: Axioms

Center for Big Data Analytics and Discovery Informatics
Artificial Intelligence Research Laboratory

CTSI

Clinical and Translational
Science Institute

Axiom DL Syntax | Example

subClassOf C1CECh Human C Animal M Biped
equivalentClass Ch1 =0y Man = Human n Male
disjointWith Cq1 CE=Cy | Male C —=Female
samelndividualAs {z1} = {xp} | {President Bush} = {G W Bush}
differentFrom {x1} C ={xp} | {John} C —{peter}
subPropertyOf P C P hasDaughter C hasChild
equivalentProperty P1 =P Ccost = price

inverseOf Pr=Py hasChild = hasParent™
transitiveProperty PTC P | ancestor™ C ancestor
functionalProperty TLCL1P T C <1lhasMother
inverseFunctionalProperty | T C <1P~ | T E <1hasSSN™

Vasant G Honavar

Artificial Intelligence

Spring 2019



PennState Center for Big Data Analytics and Discovery Informatics ( :TSI ;':ii’;i:z T:sdﬁth‘t’;S'a"m"a'
S Artificial Intelligence Research Laboratory

OWL DL Semantics
* Mapping OWL to equivalent DL (SHOIN(D,)):

* Facilitates provision of reasoning services (using DL systems)

* Provides well defined semantics

* DL semantics defined by interpretations: | - (A, ., where
* Al isthe domain (a non-empty set)
-l is an interpretation function that maps:
e Concept (class) name A is a subset A of Al
* Role (property) name R is a binary relation R! over A

* Individual name i is an element of Al
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Multiple Models -v- Single Model
* DL KB doesn’t define a single model, it is a set of constraints that define a
set of possible models
* No constraints (empty KB) means any model is possible
* More constraints means fewer models
* Too many constraints may mean no possible model (inconsistent KB)

* In contrast, DBs make assumptions such that DB defines a single model
* Unigue name assumption
* Different names always interpreted as different individuals
* Closed world assumption
* Domain consists only of individuals named in the DB
* Minimal models
* Extensions are as small as possible
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Summary

* DL are logic based knowledge representation formalisms.

e DL systems provide efficient inference of consistency,
subsumption, etc.

* DLs are effective in a range of applications.
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Semantic web

URIs
* You must name something before you can use it

Triples:
* subject, predicate, object as a basis for all
communication

RDF Model:
* Nodes and arcs

RDF serialization:
e Graph, RDF/XML, N3

Ontologies:
* RDF Schema, OWL
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Semantic Web - Language tower

Dublfin
Core
3
element
set

Logic

Ontology support

Namespaces XML-Schema

XML - Structured documents

Universal Resource ldentifiers (Unicode)
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Web “Schema” Languages
 Existing Web languages extended to facilitate content description

e RDF — RDF Schema (RDFS)

* RDFS js recognisable as an ontology language
* Classes and properties
* Sub/super-classes (and properties)
* Range and domain (of properties)
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Semantic Web

» Expose data on the web in an interoperable form (RDF)

» Expose knowledge on the web with interoperable semantics
(ontologies: RDF Schema, OWL)

» Apply (lightweight) inference for
— Searching for information
— Answering complex queries
— Integrating multiple sources of knowledge and data
— Composing composite services from component services
— Learning predictive models from disparate data sources
— Unexpected reuse
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Semantic search
e Semantic search
e Complex queries involving background knowledge

— Find information about “animals that use sonar but are not
either bats, dolphins or whales”

e |ntegrating information from multiple sources

— Book me a holiday next weekend somewhere warm, not too far
away, and where they speak French or English

Hopeless for machines and tedious for people
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Semantic Web

» Expose data on the web in an interoperable form (RDF)

» Expose knowledge on the web with interoperable semantics
(ontologies: RDF Schema, OWL)

» Apply (lightweight) inference for
— Searching for information
— Answering complex queries
— Integrating multiple sources of knowledge and data
— Composing composite services from component services
— Learning predictive models from disparate data sources
— Unexpected reuse
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Semantic Web Stack (updated, W3C, 2006)

User Interface & applications

Trust
Proof
| Unifying Logic l
ontology: Rules:
Query: OWL RIF
SPARQL Crypto
RDF-S
Data interchange: RDF
XML

URI
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We can do a lot already, but many problems
remain

Practically useful yet computationally tractable approaches to
* Representing and using context

* Selective knowledge sharing across ontologies

* Privacy preserving query answering

* |[ncorporating uncertainty, imprecision

* Representing and reasoning about time and space

* Representing and reasoning about preferences

* Capturing, representing, and reasoning about provenance

* Learning from data and knowledge

* Learning semantics-preserving mappings across ontologies
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From RDF to OWL

* Two languages developed to satisfy above requirements

* OIL: developed by group of (largely) European researchers
(several from EU OntoKnowledge project)

« DAML-ONT: developed by group of (largely) US researchers (in
DARPA DAML programme)

* Efforts merged to produce DAML+OIL
» Extends (“Description logic subset” of) RDF

* DAML+OIL submitted to W3C as basis for standardisation
* WebOnt group developed OWL language based on DAML+OIL

* OWL language now a W3C (i.e., a standard
like HTML and XML)
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OWL Language
* Three species of OWL

 OWL full is union of OWL syntax and RDF

e OWL DL restricted to FOL fragment (2 DAML+OIL)

* OWL Lite is “easier to implement” subset of OWL DL
* DL semantics officially definitive

* OWL DL based on Description Logic

* OWL DL Benefits from many years of DL research
* Well defined semantics
* Formal properties well understood (complexity, decidability)
* Known reasoning algorithms
* Implemented systems (highly optimised)
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Semantic Web - Language tower

Dublfin
Core
3
element
set

Logic

Ontology support

Namespaces XML-Schema

XML - Structured documents

Universal Resource ldentifiers (Unicode)
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Web Services

Web Services
Dynamic|| yUDDI, WSDL, SOAP

A

WWW Semantic Web

Static || URI, HTML, HTTP RDF, RDF(S), OWL
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Web Services

e Self-contained, self-describing, modular applications
that can be published, located, and invoked across the
Web.

e Perform functions, which can be anything from simple
requests to complicated business processes. ...

e once deployed, can be discovered and invoked by other
services
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Web Services

e Web Services connect computers and devices with each other

using the Internet to exchange data and combine data in new
ways.

e The key to Web Services is on-the-fly software creation through
composition of loosely coupled, reusable software components.

e Software composition can be reduced to theorem proving — finding
a proof that there exists a composition that meets the
specifications
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Semantic Web Service

Realizing the full potential of web services

! 4
O....
O.*
Web Services Intelligent Web
Dynamic UDDI, WSDL, SOAP Services
WWW Semantic Web
Static URI, HTML, HTTP RDF, RDF(S), OWL
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Semantic Web Services

e Semantic Web Services combine Semantic Web and
Web Service Technology

e Automating Web Service Discovery, Composition, and
Invocation needed to the technology scalable
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Summary

* The semantic web
* Relies on machine-interpretable semantics of data
* Makes use of formal ontologies with precise semantics

* Needs KR languages such as RDF, and OWL, and tools that
make use of these languages
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