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Abstract: Information Extraction (IE) Systems normally extract only explicitly stated information from natural 

language text. These systems do not have access to commonsense knowledge, and hence incapable of performing 

deeper inference. To identify facts which are implicit, commonsense knowledge is needed. A statistical relational 

learning approach, namely Bayesian Logic Program (BLP) that combines first-order logic and Bayesian networks, is 

suitable to infer additional implicit information. It involves learning uncertain commonsense knowledge, in the form 

of probabilistic first-order rules using the facts extracted automatically from natural language. These first order rules 

are then used to infer additional facts from extracted information using BLP.  
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1.    INTRODUCTION 

Automated Information Extraction systems are a type of 

machine reading systems and are trained to extract 

explicitly stated information, but are limited in their 

ability to extract implicitly stated facts. For answering 

some queries, inferring implicitly stated facts is 

necessary. For example, consider the text "Chitra is the 

HOD of CSE department". If the query "Chitra is a 

faculty of which department?" is given, normal IE 

systems cannot answer the query since information 

about the faculty is not explicitly stated in the text. But 

a human reader possesses the commonsense knowledge 

that the HOD of a department is always a faculty of that 

department, and easily infers the right answers [1].  

The standard approach for inferring such implicit 

information involves using commonsense knowledge in 

the form of logic rules to deduce additional information 

from the extracted facts. Because of the incomplete 

nature of natural language text, facts that are easily 

inferred from explicitly stated facts are rarely stated in 

the text. So, the facts extracted by an IE system are 

noisy and incomplete. The main challenge involves 

learning first-order rules from a few instances of 

inferable facts seen in the training data. Bayesian 

Logical Program is a Statistical Relational Learning 

(SRL) approach to learn probabilistic rules in first-order 

logic from a large amount of extracted facts.  

In this paper, we propose an approach for inferring 

implicit information using Bayesian logic program. The 

rest of the paper is organized in the following manner: 

Section II surveys briefly a few existing methods. 

Section III and IV introduce Bayesian Networks and 

Bayesian Logic Program, respectively. The proposed 

system is described and its implementation 

demonstrated in section V. Section VI is the conclusion.  

 

2. RELATED WORK 

Inferring implicit information requires the use of 

common sense knowledge in the form of logical rules to 

deduce additional information from the extracted facts. 

Manually developing such a knowledge base is 

difficult; an effective alternative is to learn such rules 

automatically by mining a large set of facts already 

extracted by an IE system from a large corpus of text. 

Due to the concise and incomplete nature of natural 

language text, facts that are easily inferred from 

explicitly stated facts are rarely mentioned in the text. 

Hence, the facts extracted by an IE system are always 

quite noisy and incomplete. Thus, the main challenge is 

to learn first-order rules from a few instances of 

inferable facts seen in the training data.  

Some of the existing approaches use Inductive 

Logic Programming (ILP) which is the intersection of 

machine learning and logic programming. By using the 

background knowledge B and a set of positive and 

negative examples for a target relation or predicate, the 

goal of ILP is to find a hypothesis H which, together 

with B, covers most of the positive examples, but none 

of the negative examples [3]. However, to account for 

the presence of noise in the data, most systems allow 

for a few negative examples to be covered. The 

background knowledge B can either be a definite logic 
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program or a set of entities and relations in the domain. 

FOIL, ALEPH [7], PROGOL, and LIME are some of 

the ILP systems that learn from entailment. These 

approaches do not use a probabilistic graphical model 

to compute probabilities for inferred facts.  

Probabilistic inductive logic programming handles 

both uncertainty and structured data, integrating first-

order logic and probabilistic graphical models. The 

alternative for ILP is to take other SRL approaches such 

as Markov Logic Networks (MLN) or Bayesian 

Networks (BN) framework for both learning first order 

rules and probabilistic inference of additional facts [1]. 

The basic idea of MLN is to unify Markov Networks 

and first order logic. Markov networks are undirected 

graphical model. MLNs can handle noisy and 

incomplete IE extractions; grounding process in MLNs 

include all possible groundings of the rules in the 

corresponding Markov Network, which could result in 

an intractably large graphical model for larger datasets. 

To avoid the drawback of MLN, another statistical 

relational learning approach, namely Bayesian Logic 

Program, is adopted. Using Bayesian logic programs, 

directed graphical models called Bayesian networks are 

constructed. Bayesian networks are much smaller than 

the networks constructed by MLN. 

 

3.    BAYESIAN NETWORK 

Bayesian networks, also known as belief networks, 

come under the family of probabilistic graphical 

models. These graphical structures are used to represent 

knowledge about an uncertain domain.  

A Bayesian network is a directed acyclic graph that 

represents probability distribution of a set of random 

variables. Each node in the network represents a 

random variable and the directed edges between nodes 

represent the conditional dependencies between the 

random variables. If there is a directed edge from node 

a to node b, then the random variable represented by 

node b is conditionally dependent on node a. Absence 

of edges between nodes indicate conditional 

independence between the random variables. 

Associated with each node is a conditional probability 

table (CPT) which gives the probability of the node 

taking a certain value for different combination of 

values that the parent nodes take. The joint probability 

distribution for a Bayesian network is given in equation 

1. P(X) = Πi P(Xi │ Pa(Xi)) -- (1) 

Here, X = X1, X2 … Xn represent the set of 

random variables in the network and Pa(Xi) represents 

the parents of Xi.  

Learning Bayesian networks automatically from 

data involves learning the structure, i.e., the conditional 

dependencies between the random variables, and 

learning the parameters, i.e., the entries in the CPTs. 

Given a Bayesian network with a fixed structure, it is 

possible to learn the parameters automatically from 

data.  

One of the main advantages of BLPs over other 

SRL models such as MLNs is to perform focused 

grounding by constructing ground Bayesian networks 

consisting of only those literals that are used to prove 

the query. The directed nature of BLPs could provide 

the additional flexibility to use different types of logical 

inference, thereby enabling us to use BLPs on a variety 

of real world problems. 

 

4.    BAYESIAN LOGIC PROGRAM 

Bayesian Logic Programs (BLPs) [5] integrate definite 

logic programs with Bayesian networks (BN). BLP 

consist of two components: first is the logical one that 

is the set of Bayesian clauses and the second is the 

quantitative one (CPT).  

Bayesian logic programs are templates for 

constructing directed graphical models (Bayesian 

networks). BLP consists of a set of Bayesian clauses, 

definite clauses c of the form a│a1, a2, a3... an, where n 

≥ 0 and a, a1, a2, a3 . . . an are Bayesian predicates. The 

literal a = head(c) is the head of clause c, and (a1, a2, a3 

. . . an) = body(c), the body of c. When n = 0, a 

Bayesian clause is a fact. Each Bayesian clause c is 

assumed to be universally quantified and range 

restricted, and has an associated conditional probability 

table is given in equation 2. CPT(c) = P (head(c) 

│body(c)) -- (2) 

A Bayesian predicate is a predicate with a finite 

domain, and each ground atom for a Bayesian predicate 

represents a random variable.  

Bayesian logic programs can be considered as 

templates for constructing Bayesian networks. Given a 

knowledge base as a logic program, standard logical 

inference is used to automatically construct a Bayesian 

network for a given problem. More specifically, given a 

set of facts and a query, all possible definite-clause 

proofs of the query are constructed and used to build a 

Bayesian network for answering the query. 
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5.    PROPOSED SYSTEM 

Given a set of training documents in natural language 

text, the first step involves extracting explicitly 

mentioned facts using an IE system. We have used 

GATE, an open source Information Extraction tool kit. 

The next step is learning commonsense knowledge in 

the form of first-order logic rules using a rule learner. 

From the first order logic rules, the BLP parameters are 

learned. Finally, when IE extractions from a new 

document are given, the learned first-order rules along 

with the respective parameters are used to deduce 

additional facts using the BLP inference engine. The 

learned first order rules together with their parameters 

completely specify the BLP for inferring implicit facts. 

The architecture of the proposed system is shown in 

Figure 1. 

5.1 Facts Extraction  

The general goal of information extraction is to 

discover structured information from unstructured or 

semi-structured text. Two fundamental tasks of 

information extraction are named entity recognition and 

relation extraction. The former refers to finding names 

of entities such as people, organizations and locations. 

The latter refers to finding the semantic relations 

between entities.  

Given a set of training documents in natural 

language text, the first step involves extracting 

explicitly mentioned facts using an IE system. We have 

used GATE, a tool used for IE extractions from natural 

language text. 

The relationships between entities are extracted by 

handcrafted rules written in JAPE (Java Annotation 

Patterns Engine) [9]. JAPE is based on CPSL, Common 

Pattern Specification Language. JAPE provides finite 

state transduction over annotations based on regular 

expressions. A JAPE program consists of a set of 

phases, each of which comprising a set of pattern-action 

rules. The phases run sequentially and constitute a 

cascade of finite state transducers over annotations. The 

left-hand-side (LHS) of a rule is composed of 

annotation patterns that may contain regular expression 

operators (e.g. *, ?, +) and labels that are attached to 

pattern elements. The right-hand-side (RHS) consists of 

annotation manipulation statements in Java. 

Annotations matched on the LHS of a rule may be 

referenced in the RHS by means of their labels. 

 

 

Figure 1: System Architecture 

5.2 Rule Learner  

The next step involves learning uncertain common 

sense knowledge in the form of probabilistic first-order 

rules by mining the corpus of automatically extracted 

facts using an existing rule learner. These rules are then 

used to derive additional facts from explicitly stated 

information using BLP inference. We may learn first-

order rules from the extracted facts using LIME, an ILP 

system designed for noisy training data. LIME is 

capable of learning either from positive examples only, 

or from both positive and negative examples. But Lime 

and other ILP tools learn the rules only if the extracted 

facts are complete and noise-free.  

As a result, most of the existing rule learners based 

on ILP are not adept at learning useful rules from 

natural language extractions. Further, most of them do 

not scale well to large corpora. Therefore, we have 

taken a new approach for learning first order rules.  

The rule learner accepts a set of facts extracted by 

an IE system from natural language text. First, the 

learner computes the frequencies of occurrence for each 

predicate in the extracted facts. Next, it builds a 

directed graph whose nodes represent relation 

extractions (entity types are not included). The rule 

learner then adds directed edges between nodes whose 

relations share one or more constants as arguments. The 

direction of the edge is determined as follows: for every 

pair (x, y), if the relation predicate of x is seen more 

than that of y in the training set seen so far, then the 

learner adds a directed edge from x to y since y is more 
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likely to be inferred from x. Next, the learner traverses 

the resulting graph to construct rules. For each directed 

edge (x, y) in the graph, it constructs a rule in which the 

body contains x and the head is y. It then adds types 

corresponding to the constants in x. At last, the rule 

learner replaces all constants in the rule with unique 

variables to create a first-order rule. It then outputs the 

top n rules (given by user) per predicate.  

Basically a rule in which the body of the rule has a 

single relation literal is learned using the algorithm. The 

algorithm is further extended to search for rules that 

have several relation literals in them. For instance, 

given two rules A → B and B → C, the rule learner can 

propose a new rule A ^ B → C. The other way is to 

follow the directed edges for a given path length and 

add all relations in the path, except the one 

corresponding to the end node, to the body of the rule, 

and make the relation corresponding to the end node the 

head. 

Example : An example for the Rule Learner is 

shown below. 

 Example text in Training  Dr Chitra is the HOD of 

CSE department. Dr Radha is in the faculty of 

ECE; she is also the HOD of the department of 

ECE.   

  IE Extractions  person(chitra) department(cse) 

isHeadOf(chitra,cse)person(radha) 

department(ece)isHeadOf(radha,ece) 

isFacultyOf(radha,ece)  

 Frequency counts for relation predicates  

isFacultyOf=1, isHeadOf=2  

  Directed graph constructed from extracted 

relations  

 

 

Figure 2: Directed Graph 

 

 Ground Rules constructed By Rule Learner  

isHeadOf(radha,ece) ^ person(radha) ^ 

department(ece) → isFacultyOf(radha,ece)  

 First order rules constructed by Rule Learner 

isHeadOf(X,Y) ^ person(X) ^ department(Y) → 

isFacultyOf(X,Y) 

5.3 BLP Weight Learner  

Probabilistic inference in BLPs requires specifying 

conditional probability parameters for the first-order 

rules. Given the structure of the BLP (first-order 

definite clauses) and a set of training instances where 

each instance is a set of literals observed in the data, the 

EM algorithm is used to learn the CPT entries and 

parameters for combining rules from the incomplete 

data.  

We learn weights between 0 and 1, where a higher 

weight represents higher confidence. These weights are 

used as noisy-or parameters when performing 

probabilistic inference in the resulting BLP. The 

parameters of a BLP include the CPT entries associated 

with the Bayesian clauses and the parameters of 

combining rules associated with the Bayesian 

predicates. For simplicity, we use a deterministic 

logical-and model to encode the CPT entries associated 

with Bayesian clauses, and use noisy-or to combine 

evidence coming from multiple ground rules that have 

the same head. The noisy-or model requires just a 

single parameter for each rule which can be learned 

from training data. We learn the noisy-or parameters 

using the EM algorithm adapted for BLPs. 

Worded is also used for learning the parameters 

[2]. Word Net is a lexical knowledge base covering 

around 130,000 English words in which nouns, verbs, 

adverbs, and adjectives are organized into synonym 

sets, also called synsets. Lexical information in Word 

Net is used to measure word similarity. The wup 

measure, by Wu and Palmer, computes (scaled) 

similarity scores between 0 and 1, which are easily used 

as weights for our rules. Therefore, wup as 

implemented in Word Net::Similarity is used to 

measure semantic distances between words.  

 

Examples: 

 First order rules constructed by Rule Learner  is 

Head Of(X,Y) ^ person(X) ^ department(Y) → 

works At(X,Y)  works At(X,Y) ^ person(X) ^ 

department(Y) → isFacultyOf(X,Y) 

isHeadOf(X,Y) ^ person(X) ^ department(Y) → 

isFacultyOf(X,Y)  

 

 BLP with weights learned by BLP weight learner  

Works At(X,Y) | is Head Of(X,Y) ^ person(X) ^ 

department(Y) (0.59)  
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Is Faculty Of(X,Y) | works At(X,Y) ^ person(X) ^ 

department(Y) (0.3)  

Is Faculty Of(X,Y) | is Head Of(X,Y) ^ person(X) 

^ department(Y) (0.35) 

5.4 BLP Inference Engine  

Given the extractions and the first-order rules learned, 

BLP inference engine performs deductive reasoning 

and constructs the ground Bayesian network. Finally, 

we perform standard probabilistic inference to estimate 

the marginal probability of each inferred fact. 

The noisy-or and noisy-and models are used to 

encode the CPTs for nodes compactly using fewer 

parameters. The noisy-or model is used when there are 

several different causes ci for an event e, and each 

cause independently triggers the event with a certain 

probability pi. The noisy-and model is used when there 

are several events ci that have to occur simultaneously 

for the event e to occur. Logical-and model encodes the 

CPT entries associated with Bayesian clauses, and uses 

noisy-or to combine evidence coming from multiple 

ground rules that have the same head. The noisy-or 

model requires just a single parameter for each rule, 

which can be learned from training data. 

 

Example:  

 Test document Extractions  person(gopal)  

department(civil)  isHeadOf(gopal,civil)  

worksAt(gopal,civil)  

  BLP with weights learned by BLP weight learner  

worksAt(X,Y) | isHeadOf(X,Y) ^ person(X) ^ 

department(Y) (0.59)  isFacultyOf(X,Y) | 

worksAt(X,Y) ^ person(X) ^ department(Y) (0.3)  

isFacultyOf(X,Y) | isHeadOf(X,Y) ^ person(X) ^ 

department(Y) (0.35)  

 Ground Bayesian Network constructed from BLP 

inference  

 

 

Figure 3: Bayes Network 

 

 Implicit facts with Probabilbity  

isFacultyOf(gopal,civil) 0.58  

In the Bayesian Network, nodes with thick borders 

represent evidence nodes, nodes with dotted borders 

represent intermediate logical-AND and noisy-OR 

nodes, and nodes with thin borders represent inferences 

for which marginal probabilities are estimated. The 

implicit fact, gopal is a faculty of civil department‟ is 

inferred by BLP learned weight of 0.58 from the given 

test document extractions and first-order rules using the 

backward chaining. 

6.    CONCLUSION 

The Rule Learner learns first order inference rules from 

noisy and incomplete extractions from an off-the-shelf 

IE system. The weights of the inference rules are found 

using Word Net lexical similarity. From these weighted 

rules implicit information in the facts extracted from 

natural language text is inferred using the Bayesian 

Logic Program. 
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