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Input: pairs of interpretations of the form (I¢, [p4,) € 277X 2 The loss function in the meta-info learner. H is the cross-entropy function. Spik rates I eakesediiates

(b) Mislabled data
3. Handling with first-order logic program

Output: logic program P such that I,,., = Tp(l,) for any (I, I;41) (a) Incomplete data

» Interpretation learner. For all k, learn the SHV matrix representing

the k-th rule in the logic program. »  Using propositionalization method to generate first-order
The description of learning from interpretation transition (LFIT) feature table. We use bottom clause propositionalization
| | | | pP—DAGA-TF | 3000 : algorithm (BCP) to generate first-order features, and regard them
- We propose D-LFIT, an inductive logic programming (ILP) P:p—rA-p .M =100 I 20 0]xv febation, } v, [1] “ 1, [2] ‘ 2, [3] |F::%;%np¢%2tﬂ as pairs of attribute-value. Then we use D-LFIT to learn first-
learner based on neural networks. B == IFrooooo g order logic programs from these features.
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- D-LFIT fast learn logic programs from incomplete data and — ‘ J CILP++ 7772 81.98 78.70
: Inference in the interpretation learner Loss function (H is the cross-entropy function) D-LFIT 83.33 79.44 67.75
mislabeled data.
D-LFIT generates first-order rules
Architecture & Results . .
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1. Embeddings: same head variable (SHV) matrix and ; V. | o | . i .
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o | o |
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» The matrices for propositional logic programs called NOR ; e e e el v __ffi_ \nterpretation Leamer | |
matrices. T f Y Meta information: Lo — 2. L — 1 A i 2. Through adopting the BCP algorithm, we can learn
P 9 r —p —1q -r Input 4 : ’ Extract - _ H .
a5 (o) ¥l milooll = (The number of non zero P ——— T —— gr?tborder logic programs from relational
. . NOR _ 1 ooy .1 00-11, 11-10, 10-00, 01-11 - dlabases.
Pig—phr =M= (@301000 5| o 1=
S (r) O O () O O I:> \_ corresponding rule. J Table 3 Comparison of the MSE (%) and accuracy (%) on the mislabeled data with different mislabeling
NOR matrix Table 1 Comparison of MSE (%) and accuracy (%) on partial datasets with different split rates rates 3 D_LFIT iS a rObUSt faSt Ieaner WhiCh
> The number Of ruIeS m |n a Same head Varlable |OgIC program P and Datasets (Complexity) Model The split rates Datasets Model name The rates of mislabeled data - ] I I ) ) t ’t t I
: . . . _ 10% 20 50% 100% 5% 209% 35% 509
the number of literals n in a dlSjUﬂCtlve normal form rule with the same Fission (10, 2! NN-LFIT ~ 1.2,9880  0.2,99.80  0.0099.92  0.00,99.87 Fissi NN-LFIT 3.25,96.7 10.56,89.43  15.1484.86  17.74,82.25 can curricdium earnlng stra egy o leam
ission (10, 2'%) IN-L .2, 98. 2,99, 00,99, 00,99 8 ission IN- 3.25, 96.75 .56,89.4. 5.14,84. .74,82.2¢
head with P hold: m < C (Tl, lED D-LFIT 1.91,80.45  1.27,8533  0.17,93.13  0.06,92.89 D-LFIT 2.23,9234  8.53,87.25 10.89, 84.34  12.08, 84.96 knOWIedge from data
2 LFIT -, 76.85 ~77.03 ~77.15 ~.,100 LFIT 29905 ~77.16 ~77.38 ~,77.32
: : : JRi ~79.14 ~,78.05 ~.80.04 -, 78.47 IRi - 7891 - 78.54 ~78.55 - 78.15
The matrices for same head variable IOQIC programs called SHV Mammalian (10, 2'%) NNF-)I.FIT 1.3,)96.6 o.f. :))4.35 0.33.;9.89 0.008,;).91 Mammalian NN;-JI.FIT 4.77% :9.72 l().?b&ll zo.zx.m.m 23_;0.174.49 . : :
matrices. P 9 r P —q-r D-LFIT  1.73,71.67 121,759  0.79,80.09  0.52,82.84 D-LFIT 3458000 11537882  15.74,80.29  16.35, 86.27 4 We W|” dGVlse more COnStralnS tO make the
11 I 4 A dina to the ind N\ LFIT -.76.01 -.76.48 -76.73 91.56 LFIT -, 76.72 -76.73 -.76.62 -77.32 . .
P =D A q X)) ; ; O O O ; P = infccfror:lal?ignoof r?olr?-z:'(o ‘ JRip -,77.84 -,75.44 -,76.41 -, 74.66 JRip -74.21 ~,74.45 ~,74.43 -.74.00 generated IOQ'C programs meet the deSt|nated
: ) SHV _ ~ ~ 1 1 S g = | elements in each line Budding (12,2'2) NN-LFIT ~ ROT ROT ROT ROT Budding NN-LFIT ROT ROT ROT ROT
P P TFrATD o M p =0 0 = = 00 H ’ D-LFIT 1.03,71.96 0437139  0.1570.5  0.09,76.52 D-LFIT 4.9,76.42 13.3,74.28 16.53,73.41 18.21,74.71 format
P« 1 0 6 6 00" —> \cor\r,::s:d?:;r?c?;it: reul . LF1T ROT ROT ROT ROT LFIT ROT ROT ROT ROT ]
; IRi -67.97 ~68.55 -, 67.91 68.32 JRi - 67.99 ~67.15 -66.8 ~,66.41
SHV matrix Arabidopsis (15, 2'%) NNI-)I.FIT ROT ROT ROT ROT Arabidopsis NNI-)LFIT R(:)T RgT R((;:" i R(ff’){)r
2. Learning steps: Meta-info learner and interpretation learner. e ror et e ke HE T e e e 5. We will apply the D-LFIT on other dataset such
IRi . 68.84 . 69.00 ,68.79 68.67 JRi 68.27 ,67.34 66.94 66.65 .
Mutagenesis (1111, 188) D-ll.)FlT 77.78 94.44 88.88 83.33 Mutagenesis D-II.)FIT 88.89 83.33 88.89 88.89 Ilke kn OWIedge graph-
i i 1 ip 58.3 59.46 55.¢ 76.45 ip 16.4¢ 52.23 52. 52.2:
> Meta-info learner. The NOR matrices of target logic programs —— o 2O & R B E E O
I I JRi 70. 70. 73.85 74.35 i 2. 0 .
are Iearned In thIS prOCeSS. EXtraCt the number Of non Zero Alzheimers-amine (1084, 686) :)R-ll.)FlT 5;)-112 6:;2:) 63.24 6;.65 Alzheimers-amine :)R-ll,)FIT 2322 21;: (;:)(ZL; ::8;
JRip 58.74 57.66 57.14 54.81 JRip 48.35 49.42 49.27 50.87

elements in every line 1, from the generated normal matrices.

D-LFIT handles incomplete data

D-LFIT handles mislabeled data



