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Distribution Semantics

Program =
Probabilistic Facts + Logical Clauses

{p,t,...,p =T} p:-q,....9.

o R

Sato, T.: A statistical learning method for logic

programs with distribution semantics.
In: ICLP. pp. 715-729. MIT Press (1995) i3



Distribution Semantics

Total Choice C € F
P(C) =
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Total Choice C € F
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Distribution Semantics - Example

values x(i,[t,f],[9.5,0.5]). 9.5:msw(i,t) ; 0.5:msw(i,f)

p :- msw(i,t),msw(i,t). p :- msw(i,t),msw(i,t).
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Distribution Semantics - Example

values x(i,[t,f],[9.5,0.5]). 9.5:msw(i,t) ; 0.5:msw(i,f)
p :- msw(i,t),msw(i,t). p :- msw(i,t),msw(i,t).
2 facts 1 fact
= 4 possible worlds = 2 possible worlds
1 2 p Pr 1 p Pr
T T T | 25% T T 150%
T F F | 25% F F 150%
F T F | 25%
F F F | 25%
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Distribution Semantics - Example

values x(i,[t,f],[0.5,0.5]). 9.5:msw(i,t) ; 0.5:msw(i,f)
p :- msw(i,t),msw(i,t). p :- msw(i,t),msw(i,t).
2 facts 1 fact
= 4 possible worlds = 2 possible worlds
1
T T T
T F F | 25% F F 150%
F T F | 25%
F F | F

25%
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PRISM to Problog

Labelling Each Goal

values x(i,[t,f],[9.5,0.5]).

P

:- msw(i,t),msw(i,t).

9.5:msw(i,t) ; ©.5:msw(i,f).

P

:- msw(i,t),msw(i,t).

1 2 P
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T F F | 25%
F T F | 25%
F F F | 25%
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PRISM to Problog

Labelling Each Goal

values x(i,[t,f],[9.5,0.5]).

p :- msw(i,t),msw(i,t).

25%

:- msw(i,t,gl),msw(i,t,g2).

0.5:msw(i,t, ) ; 0.5:msw(i,f, )

25%

1
T
T
F
F

LR | O

25%

1 2 p
T T T
T F F | 25%
F T F | 25%
F F F | 25%
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PRISM to Problog

Labelling Each Clause

values x(i,[t,f],[9.5,0.5]). ©.5:msw(i,t, ) ; 0.5:msw(i,f, )
p :- msw(i,X),q(X). p :- msw(i,X,gl1),q(X).

q(t). q(t).

q(f) :- msw(i,f). q(f) :- msw(i,f,gl).
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PRISM to Problog

Labelling Each Clause

values x(i,[t,f],[9.5,0.5]).

p :- msw(i,X),q(X).

a(t). B
q(f) :- msw(i,f).

0.5:msw(i,t, ) ; 0.5:msw(i,f, )
p :- msw(i,X,gl),q(X).

q(t).
q(f) :- &(i,f.gl).
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PRISM to Problog

Labelling Each Clause

values x(i,[t,f],[9.5,0.5]). ©.5:msw(i,t, ) ; 0.5:msw(i,f, )

p :- msw(i,X),q(X). p :- msw(i,X,c1(gl)),q(X).
a(t). q(t). n(
q(f) :- msw(i,f). q(f) :- msw(i,f,c3(gl)).
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PRISM to Problog

Labelling Each Clause

values x(i,[t,f],[9.5,0.5]).

p :- msw(i,X),q(X).

a(t). B
q(f) :- msw(i,f).

9.5:msw(i,t, ) ; ©0.5:msw(i,f, )
p :- msw(i,X,c1(gl)),q(X).

qt). n(
q(f) :- msw(i,f,c3(gl)).




PRISM to Problog

Labelling Context

values x(i,[t,f],[9.5,0.5]). ©.5:msw(i,t, ) ; 0.5:msw(i,f, )

p - 4g,4. p -- 4d,d.
g :- msw(i,t). q :- msw(i,t,c2(gl)).
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PRISM to Problog

Labelling Context

values x(i,[t,f],[9.5,0.5]).

P - 49,49.
g :- msw(i,t).

0.5:msw(i,t, ) ; 0.5:msw(i,f, )

‘- 4,9.
:- msw(i,t,c2(gl)).
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PRISM to Problog

Labelling Context

values x(i,[t,f],[9.5,0.5]).

‘- 4,9,
:- msw(i,t).

P
q

9.5:msw(i,t, ) ; ©0.5:msw(i,f, )
p(C) :-

q(c1(g1(C))),

q(c1(g2(C))).
q(C) :- msw(i,t,c2(gl(C))).
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PRISM to Problog

Labelling Context

values x(i,[t,f],[9.5,0.5]).

‘- 4,9,
:- msw(i,t).

P
q

0.5:msw(i,t, ) ; 0.5:msw(i,f, )

p(C) :-

q(c1(g1(C))),
q(c1(g2(C))).
q(C) :- msw(i,t,c2(gl(C))).

25%

1 2 P
T T T
T F F | 25%
F T F | 25%
F F F | 25%

25%

1
T
T
F
F
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35



PRISM to Problog

Summary

c(9(0))

/

Clause Goal position Call context
position In In clause
program
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PRISM to Problog

c(9(0))

= Label traces SLD-resolution



ProblLog to PRJ:




ProbLog to PRISM

Translate a fact
p :: fct
Into

values x(fct,[t,f],[p,1-p]).
fct :- msw(fct,X).
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ProbLog to PRISM

Translate a fact
every fctis a

D :: fct different fact

Into

values x(fct,[t,f],[p,1-p]).
fct :- msw(fct,X).
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ProbLog to PRISM

Translate a fact ® ®
p :: fct /\
Into

values x(fct,[t,f],[p,1-p]).
fct :- msw(fct,X).



ProbLog to PRISM

Assume

p, :: f, ..., P,
-Fn
IS finite, and choose a value for each

f. up front.
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ProbLog to PRISM

0.5 :: f1.

0.5 :: f2.

p :- f1, f2.

values x(f1,[t,f],[©0.5,0.5
values x(f2,[t,f],[90.5,0.5

1).
1).
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ProbLog to PRISM

0.5 :: f1.
0.5 :: 2.
p :- 1, f2.

values x(f1,[t,f],[0.5,0.5]).

values x(f2,[t,f],[0.5,0.5]).

p(Fs) :- f1(Fs), f2(Fs). | |
f1(Fs) :- member(f1l,Fs). Plassmg total choice
f2(Fs) :- member(f2,Fs). o
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ProbLog to PRISM

query(p).

query -

choose(f1,[],F1), choose/3 probabilistically
choose(f2,F1,F2), decides to place f. in the list

p(F2).
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Assume

p, :: f, ..., P,
-Fn
IS finite, and choose a value for each

f. up front.

ey



ProbLog to PRISM

Assume

p, :: fl, p, :: fz,
Is potentially infinite, and choose a
value for each f. dynamically.



ProbLog to PRISM - Dynamically



ProbLog to PRISM - Dynamically

e Pass a partial choice: a fact is
either true, false, or unknown
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ProbLog to PRISM - Dynamically

e Pass a partial choice: a fact is
either true, false, or unknown
e when encountering an unknown
fact: (1) abort
choose a value and extend
the partial choice
(3) restart the computation
(4) backtrack over () when
needed



ProbLog to PRISM - Example

5 :: f1.
4 :: f2.
p :- fl.
p :- f2.

0.
0.
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ProbLog to PRISM - Example

0.5 :: f1.
0.4 :: f2.
p :- fl.
p :- f2.
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ProbLog to PRISM - Example

values x(f1,[t,f],[0.5,0.
values x(f2,[t,f],[0.4,0.
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ProbLog to PRISM - Example

values x(f1,[t,f],[0.5,0.5]).

values x(f2,[t,f],[0.4,0.6]).

f1(Pc) :- true(fl,Pc), !.

f1(Pc) :- not(false(f1l,Pc)),throw(unknown(fl)).

p :- fl.
p :- f2.

true and false

test the truth value
In the partial choice
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ProbLog to PRISM - Example

values x(f1,[t,f],[0.5,0.5]).

values x(f2,[t,f],[0.4,0.6]).

f1(Pc) :- true(fl,Pc), !.

f1(Pc) :- not(false(f1l,Pc)),throw(unknown(fl)).

p :- fl.
p :- f2.

throw/1 throws an exception

true and false

test the truth value
In the partial choice
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ProbLog to PRISM - Example

values x(f1,[t,f],[0.5,0.5]).

values x(f2,[t,f],[0.4,0.6]).

f1(Pc) :- true(fl,Pc), !.

f1(Pc) :- not(false(f1l,Pc)),throw(unknown(fl)).
f2(Pc) :- true(f2,Pc), !.

f2(Pc) :- not(false(f2,Pc)),throw(unknown(f2)).
p :- fl.

p :- f2.
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ProbLog to PRISM - Example

values x(f1,[t,f],[0.5,0.5]).

values x(f2,[t,f],[0.4,0.6]).

f1(Pc) :- true(fl,Pc), !.

f1(Pc) :- not(false(f1l,Pc)),throw(unknown(fl)).
f2(Pc) :- true(f2,Pc), !.

f2(Pc) :- not(false(f2,Pc)),throw(unknown(f2)).
p(Pc) :- f1(Pc).

p(Pc) :- f2(Pc).
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ProbLog to PRISM - Example

values x(f1,[t,f],[0.5,0.5]).

values x(f2,[t,f],[0.4,0.6]).

f1(Pc) :- true(fl,Pc), !.

f1(Pc) :- not(false(f1l,Pc)),throw(unknown(fl)).

f2(Pc) :- true(f2,Pc), !.

f2(Pc) :- not(false(f2,Pc)),throw(unknown(f2)).

p(Pc) :- f1(Pc).

p(Pc) :- f2(Pc).

query(Pc) :-
catch(once(p(Pc)),unknown(F),extend(F,Pc)).

catch(Goal,Ball,Handler), calls Goal. If an

exception is thrown, it is unified with Ball and
Handler is called
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ProbLog to PRISM - Example

values x(f1,[t,f],[0.5,0.5]).

values x(f2,[t,f],[0.4,0.6]).

f1(Pc) :- true(fl,Pc), !.

f1(Pc) :- not(false(f1l,Pc)),throw(unknown(fl)).

f2(Pc) :- true(f2,Pc), !.

f2(Pc) :- not(false(f2,Pc)),throw(unknown(f2)).

p(Pc) :- f1(Pc).

p(Pc) :- f2(Pc).

query(Pc) :-
catch(once(p(Pc)),unknown(F),extend(F,Pc)).

call p only once to avoid counting a partial choice

twice. (Exclusiveness condition)
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ProbLog to PRISM - Example

values x(f1,[t,f],[0.5,0.5]).
values x(f2,[t,f],[0.4,0.6]).
f1(Pc) :- true(fl,Pc), !.
f1(Pc) :- not(false(f1l,Pc)),throw(unknown(fl)).
f2(Pc) :- true(f2,Pc), !.
f2(Pc) :- not(false(f2,Pc)),throw(unknown(f2)).
p(Pc) :- f1(Pc).
p(Pc) :- f2(Pc).
query(Pc) :-
catch(once(p(Pc)),unknown(F),extend(F,Pc)).
extend(F,Pc) :-
msw(F,V), extend pc(F,V,Pc,ExtendedPc),
query (ExtendedPc).
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ProbLog to PRISM - Execution Trace

p :- f1. p
p :- f2.

63



ProbLog to PRISM - Execution Trace

p :- f1. p
p :- f2.

/

f1

{
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ProbLog to PRISM - Execution Trace

p :- f1. p

p :- f2. A

— "
f1 P
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ProbLog to PRISM - Execution Trace

p :- f1. p
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— "
f1 P

f1
Ay

f1
|

66



ProbLog to PRISM - Execution Trace

p :- f1. p
p :- f2.
—
1 P
f1
PRy

f1
|
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ProbLog to PRISM - Execution Trace

p :- f1. p
p :- f2.
f1
0 N
f1 p P
f1
PRy

f1
|
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ProbLog to PRISM - Execution Trace
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ProbLog to PRISM - Execution Trace
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ProbLog to PRISM - Execution Trace

p :- fl.
p :- f2.

{f} {1} N {f1,f2)
| N
f2 p
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ProbLog to PRISM - Discussion

% The transformation in the paper also
deals with facts with arguments, and
flexible probabillities.

% It explores partial choices only
as far as necessary to satisfy the query

% It can still restart the program an
exponential number of times in the
worst case



Summary
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2 transformations:

PRISM  ———pp Problog
ProbLog ——pp PRISM



2 transformations:

PRISM  —— 3 Problog
ProbLog ——pp PRISM
= PRISM and ProblLog are not so different



Future Work - Observations

evidence(p(1l), true).

Y

?
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Future Work - Correctness

—

e

When found, contact
*" alexander.vandenbroucke@kuleuven.be

Yool ¥
LN\al

\".




Future Work - Performance

PRISM evaluation is highly efficient

:

ProblLog is #P worst-case

Simulating ProbLog in PRISM could
add an exponential factor worst-case



From PRISM to ProbLog and Back Again

Alexander Vandenbroucke and Tom Schrijvers

KU Leuven
firsteaze.lastnazeficuleuven. be

Abstract. PRISM and Problog ane twe
abilistic Logic Programming. Whi
are
s of the same probabilistic model,
aims to shed more light on the

hilistic modelling to
s are PRISM (3]

OF. |
At first glance, both : very aimil

stribution tics ] Moren are the same
mtax for programming with Horn es. However, appearances can
iving: both systems provide a subtly different approsch for modelling in
terms of the distribution semantics. While ProbLog featu
tic facts in 4 manner that is qu
terms of distinct
in approach to fune

languages are equally expe in terms of proba-
the transformations reveal the essential differences between
the two languages and the lengthe one has to go to encode one in the other.

2 Background

In the introdection we me ed that both ProbLog and PRIS)

tribution semantics [7], which isell s es the regular fixpoint se-
mantics of logic programs (2. tion briefly summari
implement t &l

Read The Paper:

— Implementation details
— More examples

— Background
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