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Introduction: the definition of logic programs
—

Background knowledge

% A normal logic program is a finite set of rules that satisfies the
following form:

he—ULANBA--- NIy,

where the /i’s are literals and / is the head atom. Given a logic
program P, the set of all atoms (ground atoms) in P is called a
Herbrand base and is denoted as BP.

% An interpretation of a logic program is a subset of Bp. Given a
normal logic program P and Bp= {pi, ..., pn}, an interpretation
vector is denoted as v=(vi,..., vn)T €{0, 1 }".
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Introduction: the definition of learning task 3
.

+ Given a propositional logic program P, the immediate
consequence operator 7p: 287 —  2Bris defined as follows:

Tr(I) = {head(r) | r € P, body*(r) €1, body (r) NI=0}

The definition of the learning task
+* Input: the pairs of interpretation transitions (/, J), where J =Tp (I).
+ Output: the logic program P.
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Learning steps A

-
T (=
| information | | extract P < PAGA T
Meta-info S Interpretation S———— Pip—pagA-r
—> —> [7 < {
Learner Learner i LR

PETrAD =
P <
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Model: Learning normal matrices 5
-

Normal matrices

Given a normal logic program, we use normal (NOR) matrix to
represent it. The normal matrix of a logic program MR and the
pairs of interpretation vectors meet: v, = §(MY°Rv;), where the

threshold is defined as follows:

>
0(z) = {1 if x> 1;

0 otherwise.

The denominator of the fraction, corresponding the literal
p, is the number of literals in the conjunctive clause with Y

the least literals that appear in the corresponding rule "1‘ ; e
P = PAGA) V(P AT ) “,){;)5003 !
P:gepAr —OM}\:OR=(q)§0%OOO
e 001000

NOR matrix
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Model: Learning normal matrices 6
7

We use a differentiable function ¢ to replace the function 9:

1
$= t¥ear

6 function a=50 a=10

Figure: The curves of the function 8 and ¢ (x — 1)
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Model: Learning normal matrices
I—

% We define a differentiable formula to represent the immediate
consequence function 7rand the loss function:

—NOR
Vo=¢(Mp  vi— 1),

<7 NOR
loss—/\l (v v)|+ AQ:‘ZZM [c, b], :
L o N,
H is the cross-entropy penalty term

function
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Model: Connection of two learner
-

Meta-info learner

¢ Extract the number of non zero elements in every line, denoted as
L, from the generated normal matrices.

P Q r-p-q-r
L 1 1l = . .
, @)z 50055 The meta- mformatzon:
M= i0l000 =4 lo=2. 1
2 2 r—
Nnooiooo =| 7 "
NOR matrix

Interpretation learner
¢+ The number of rules m in a same head variable logic program is
l
no larger than C (lpk, l%])

o, lpk .
s Forallk € [1,C (lpk. lTJ)]’ learn the same head variable

(SHV) matrix representing the k-th rule in the disjunctive normal
form logic program.
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Model: Learning SHV matrices 9
I —

%+ We set multiple trainable matrices M3V to represent the
different disjunctive normal form rules in the logic program

P.
P=PAGA-T 150007 fm—————— ~
B praean ’ M;Hv =30 I T70 0]xv Actiation | .M. Fuzzy or operator: | [Fre
2 2 function | b N7
L '/" TO0OO000 |\ _____ product t-norm p

The denominator of the fraction, corresponding the literal
p, is the number of literals in the corresponding rule

L
C(Lpy, L 35))

wH=1- J] - ZM,S,fV[c, J-vi[b]—1)), 1< k< m.

c=1

product t-norm
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Model: Learning SHV matrices 10

7
The loss function is:
L
e HV
loss =Y (A1 HV[H, V) +X- > (1- ZM [c, B])).
k=1 c=1
H is the cross-entropy function Constrain the sum of each line
of the SHV matrices to one.
Example:
. ol1|o]o o —
Logic program: p+qV-p 5o [ To |~ % ==
g&p —
(o o [+ o Jxv =wa
(a) A logic program P

(b) Two SHV matrices to represent the
logic prgoram P
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Model: Learning first-order logic programs 1
I——

Transferring steps:

% Generate bottom clauses according to the relational database using
bottom clause positionalization algorithm!;

% Regard the bottom clauses as propositional logic programs, and
make the first-order features as propositional variables;

% Generate pairs of interpretation transitions.

1 Franga, M. V. M., Zaverucha, G., & DAvila Garcez, A. S. (2014). Fast relational learning using bottom clause

propositionalization with artificial neural networks. Machine Learning, 94(1), 81-104.

EKING
UNIVERSITY




Model: Learning first-order logic programs 1
E—
Example

% F = {mother(mom]1, daughterl), wife(daughterl, husbandl),
wife(daughter2, husband2)},

% P = {motherInLaw(mom1, husband1)1}

s N ={motherInLaw(daughter1, husband2)}.

Generated bottom clause set (the depth of the variable is set to 1):

Bottom E 1 = {motherInLaw(A, B) :—mother(A, C), wife(C, B);
clause ~ motherInLaw(A, B) :—wife(A, C)}.

I,: mother(A, C), wife(C, B) ]
interpretation L: wife(A, C)
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Results 13
-

Test the model on the incomplete and mislabelled datasets:

2.00
—— Accuracy 0
% — MsE 175 ] (2
02 —— Accuracy
150 9%
10
90 125
9. 1002 T 0 g
< 86 0.75 =
86
6
84 0.50
82 0.25 84 4
80 0.00
20 40 60 80 100 10 20 30 40 50
- Misbeing s
(a) Incomplete data (b) Mislabeled data

Figure: Mean accuracy of the logic program and the MSE of the
predicted Boolean value with respect to different split rates and
mislabeling rates of the fission dataset.
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Results 14

Table 1 Comparison of MSE (%) and accuracy (%) on partial datasets with different split rates Table3 Comparison of the MSE (%) and accuracy (%) on the mislabeled data with different mislabeling
Datasets (Complexity) Model  The split rates e .
Datasets Model name ~ The rates of mislabeled data
10% 20% 50% 100%
5% 20% 35% 50%
Fission (10,2!%) NNLFIT 12,9880 029980 0009992 0.00.99.87
DLEIT 1918045 127.8533 0.7.93.3  006,9289 Fission NN-LFIT 3259675 10568943 15148486 17.74.8225
LFIT %85 08 s _1% D-LFIT 2239234 853.8725 10898434  12.08,8496
IRip ~79.14 7805 ~80.04 7847 L o St SILE S
Mammalian (10,2'%) NNLFIT 13,966 04,9435 0.0099.89 Xie eI s o) il
D-LFIT 1737167 121,759 0.79, 80.09 Mammalian NN-LFIT 4.71,79.72 16,78.11 20.98,79.01 23.20,74.49
LF1T 7601 7648 . o156 3458000 11537882  1574,8029 16358627
-76.72 -76.73 7662 -71.32
IRip - 7784 1544 7641 -, 7466 3
. IRip -74.21 -74.45 3 ~74.00
Budding (12,29 NN-LFIT - ROT ROT ROT ROT Budding g e ir Hor 5 ROT
DAL LBTS6 047 C1Ies 001652 D-LFIT 49,7642 133,74.28 16.53,73.41 18.21.74.71
LFIT ROT ROT ROT ROT LFIT ROT ROT ROT ROT
R - L IRip - 6799 ~67.15 ~66.80 6641
Arabidopsis (15, 2'%) NN-LFIT ~ ROT ROT ROT ROT Acbidopsis NNLFIT i ROT ROT ROT
DLAIT 0578435 0518683 0.48.88.56 0458970 D-LFIT 438146 11837659 1547028 17356490
LFIT ROT ROT ROT ROT LFIT ROT ROT ROT ROT
IRip 6884 6900 6879 6867 TRip 6827 6734 6694 6665
Mutagenesis (1111, 188) DLAT 7778 9444 8888 8333 NMitageises D-LFIT $8.89 83,33 8889 88.89
IRip 5837 59.46 6597 66.45 ) IRip 66,49 6223 6277 6223
UW-CSE (601, 1614) DLAT 7500 78.12 7844 7944 UW-CSE D-LFIT 73.49 72.67 7329 7329
JRip 70.18 70.81 73.85 74.35 IRip 72.80 67.35 66.04 66.23
Alzheimers-amine (1084,686) ~ D-LFIT  58.42 60.29 0324 67.65 Alzhcimers-amine  D-LFIT 63.24 63.24 6029 58.83
IRip 58.74 57.66 57.14 54381 IRip 4835 4942 4927 5087

Comparisons on the incomplete data Comparisons on the mislabeled data

Table2 Comparison of the Todd

accuracy (%) of rules obtained by i
CILP++ Mutagenesis UW_CSE Alzheimer-amine
Comparisons on the relational
CILP++ .72 81.98 78.70 databases
D-LFIT 8333 79.44 6175
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Conclusion s
—

¢ D-LFIT is an inductive logic programming learner, which can
learn propositional logic programs from mislabeled data or
incomplete data.

¢ Through adopting the BCP algorithm, we can learn first-order
logic programs from relational databases.

+ D-LFIT is a robust, fast leaner, which can curriculum learning
strategy to learn knowledge from data.

+» We will devise more constrains to make the generated logic
programs meet destinated formats.

+ We will apply the D-LFIT on other dataset such like knowledge
graph.
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Thanks for your attention!




