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Developing information technology led to raise the intricacy of information systems 

intensive, hence techniques with effectiveness and efficiency are required. These tech-

niques are used to support users in using the information for rapid and correct deci-

sion-making. Conventional text mining and managing systems mainly use the presence 

or absence of keywords to discover and analyze useful information from textual docu-

ments. However, simple word counting and frequency distributions of term appearances 

do not capture the meaning behind the words, which results in limiting the ability to mine 

the texts. This paper has been primarily concerned with constructing text representation 

model and exploiting that in mining and managing operations such as gathering, search-

ing, filtering, retrieving, extracting, clustering, classifying, and summarizing. This repre-

sentation model is based on semantic notions to represent text in documents, to infer un-

known dependencies and relationships among concepts in a text, to measure the related-

ness between text documents, and to apply mining processes using the representation and 

the relatedness measure. This model reflects the existing relations among concepts and 

facilitates accurate relatedness measurements that result in better mining performance. 

The experimental evaluations were carried out on real datasets from various domains, 

showing the importance of the proposed model. 

 

Keywords: Object oriented text analysis, Reinforcement learning, Q-learning, NLP, Se-

mantic relationship, Xml technology, and Graph structure. 

 

 

1. INTRODUCTION 
 

Textual documents are playing an increasingly important role in the exploration of 

knowledge. The main challenge is to manage the increasing volume and complexity of 

knowledge expressed in this text. Although text searching and information retrieval are 

beneficial, these are not sufficient to find specific facts and relations [1]. Information 

extraction methods are produced to extract automatically the main features of the text, 

and the relationships linking these features. Furthermore, evolving to explore the behav-

ior of text main features is required. These processes provide an interpretive context for 

understanding the meaning of the text. 

Moreover, unstructured data in textual document have to be transformed into struc-

tured data, through many preprocessing techniques proposed in [2]. The need to have an 

effective textual static structure with dynamic behavior is necessary after converting un-

structured data into structured data. This structure is serialized and restored in the repos-

itory with its annotations, which is composed of the main features in addition to its un-

known dependencies and relationships. The aim of this paper is to introduce an integrated 
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architecture for an intelligent Object Oriented Text Analysis (OOTA) approach. This 

architecture is based on OOTA and reinforcement learning (RL) approaches which is the 

extension of [19]. The rest of this paper is organized as follows: Section 2 presents a 

brief overview of the related work and basic concepts; Section 3 gives the details about 

the proposed intelligent OOTA approach, with the experimental results in section 4. 

2. RELATED WORK 

Bag of Word (BoW) is one of the basic methods of representing a textual document 

at runtime. The BoW is used to form a vector representing a textual document using the 

frequency of each term. This method of document representation is called as a Vector 

Space Model (VSM). The BoW/VSM representation scheme has its own limitations. 

These limitations are such as high dimensionality of the representation, loss of linkage 

with neighboring words and lack of semantic relationship between terms [2]. An ontolo-

gy representation of a textual document to keep the semantic relationship between the 

terms in a document is proposed in [3]. However, automatic ontology construction is a 

difficult task due to the lack of structured knowledge base. Another approach uses mul-

ti-word terms as vector components to represent a document in [4]. However, this ap-

proach requires advanced for automatic extraction algorithms to extract the terms of a 

document automatically. An approach called latent semantic indexing (LSI) is proposed 

in [5], which maintains the features of a representative of the document. LSI maintains 

the most representative features instead of the discriminatory features. Thus to overcome 

this drawback, Locality Preserving Indexing approach [6] was proposed to represent the 

document. This approach detects local semantic structure of the document, but didn't 

achieve the effectiveness in memory or time. In [7] Universal Networking Language 

(UNL) is used to represent every document in the form of a graph with words as nodes 

and relations between them as links. Hence it is not practical to use for an application 

where large numbers of documents are present. A new data structure called status matrix 

is proposed in [8], which maintains the sequence of term occurrence in a document. 

There are four primary categories of machine-learning approaches, which are avail-

able to enhance the functionality of text managing and mining to represent the text [9]. 

The difference between these learning approaches is in how the learning process is con-

ducted: 

1. Supervised Learning: The goal of supervised learning, also called classification 

(pattern recognition), is to find a function mapping between the input and the output data. 

The learning agent aims to accurately predict the correct label on unseen data through a 

collection of labeled training data in which the agent knows the correct answer for each 

input. Some of the well-known supervised learning modes are: Naive Bayes classifier, 

Neural Networks, Decision Tress, and k-Nearest Neighbor classification. 

2. Unsupervised Learning: The learning process determines how the unlabeled col-

lection of data is organized according to specific measures, such as similarity. 

3. Semi-Supervised learning: Learning is achieved from a small collection of la-

beled training data. It combines both labeled and unlabeled examples to generate an ap-

propriate function or classifier, e.g., Expectation Maximization (EM). 

4.  Reinforcement Learning (RL): Every action impacts the environment, and the 
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environment provides feedback in the form of rewards that guides the learning algo-

rithm,(for example, Q-leaning, TD, and SARSA).  

3. THE PROPOSED DOCUMENT REPRESENTATION APPROACH 

In this section, an intelligent Object Oriented Text Analysis (OOTA) approach is in-

troduced for constructing an efficient text representation model, and exploiting that in 

mining and managing operations using multidimensional analysis and primary decision 

support. In fact, the elements in a sentence are not equally important, and the most fre-

quent word is not necessarily the most important. As a result, the extraction of text Main 

Features (MFs) as concepts as well as their attributes and relationships is important. 

Combinations of OOTA and Reinforcement learning (RL) [14] techniques are used to 

extract MFs of the text and to infer unknown dependencies and relationships among the-

se MFs. The RL fulfills sequential decision making tasks with long-run accumulated re-

ward to achieve the largest amount of interdependence among MFs. This approach fo-

cuses on two key criteria: 1) how this approach refines text to select the MFs and their 

attributes, 2) what learning algorithm is used to explore the unknown dependencies and 

relationships among these MFs. This approach is compounded of two stages as shown in 

Figure 1; the OOTA stage and the Semantic Relational Graph Construction (SRGC) 

stage. The interaction between OOTA and SRGC stages is the main principle of this pa-

per. The OOTA stage tends to construct the hierarchy structure of the textual document. 

The SRGC stage tends to construct semantic-based graph structure of relationships be-

tween the text features. 

 

 

 

Figure 1. An intelligent Object Oriented Text Analysis (OOTA) Approach 
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3.1 The OOTA Stage 

 

This stage is responsible for refining the text to discover the text MFs with additional 

annotation for more semantic understanding and aims to: 

1. Accurately parse each sentence and identifying POS, subject-action-object and 

named-entity recognition. 

2. Discover the MFs of each sentence in the textual document. 

3. Exploit semantic information in each sentence through detection attributes of the MFs.  

4. Reduce the dimensions as much as possible. 

5. Generate an Effective Descriptive Sentence Object (DSO) with a hierarchical sentence 

object automatically. 

6. Represent the interdependence among sentence MFs in a graph-based structure known 

as the Feature Linkage Graph (FLG). 

 

This stage seeks to represent text in object model based on the Natural Language 

(NL) concept and the Object Oriented (OO) concept. First, there is a significant need to 

represent the sentence by its main features instead of a series of terms to reduce the di-

mensions as much as possible. While the elements in a sentence are not equally im-

portant and not sure that the most frequent word is chosen to be important. The infor-

mation about who is doing what to whom clarifies the contribution of each term in a sen-

tence. Based on NL concept,  the Sentence Main Features (MFs) are  identified as 

Subject "Sub" , Main Verb "MV" , Object "Obj" (direct or indirect object). In addition, 

the other terms remain in the sentence as Complement "Com" (subject complement or 

object complement) and Modifiers (Mod) are considered as attributes to these features. 

Second, the automatically generating of the object model is a transformation of the sen-

tence into a feature-value representation. Based on OO concept [10], the textual docu-

ment represented as an object that contains the hierarchy structure of sentences objects, 

each sentence object fitted with list of its MFs. 

 

3.1.1. Main Feature Extraction 

 

The OpenNLP [11] is an open-source chosen as a parser for Linguistic analysis, 

which provides the proposed approach with lexical and syntactic parsers. Furthermore 

Semantic Role Labeling (SRL) is used to interpret all components of the sentence that 

turn around and depend on the main verb by using PropBank project [12]. The PropBank 

on the other hand, defines a set of semantic roles labeled (ARG0, ARG1, and AM-ADV, 

etc.) for each verb. The text analysis studies Natural Language text from different lin-

guistic levels, i.e. words, sentence and meaning.  

 (i) Word-tagging analyses how a word is used in a sentence. In particular, words can 

be changeable from one sentence to another depending on context (e.g. 'while' can be 

used as preposition, conjunction, verb and noun ; and 'light' can be used as a noun, verb, 

adjective and adverb). Tagging techniques are used to specify word-form for each single 

word in a sentence, and each word is tagged as a Part Of Speech (POS) [11]. 

(ii) Syntactic analysis applies phrase marker, or labeled bracketing, techniques to 

segment Natural Language as phrases, clauses and sentences, so that the Natural Lan-

guage is identified by syntactical/grammatical annotations. Hence that shows the Sen-

tence Grammatical Features are subject, verb, object and complement, where the parser 



AN EFFICIENT APPROACH TO CONSTRUCT OBJECT MODEL OF STATIC TEXTUAL 

STRUCTURE WITH DYNAMIC BEHAVIOR BASED ON Q-LEARNING 

 

 

213 

 

looks something like (TOP (S (NP ----) (VP ----))). A sentence (S) is represented by the 

parser as a tree having three children: a noun phrase (NP), a verbal phrase (VP) and the 

full stop (.), and the root of the tree will be S. Some theories of core grammar for syntac-

tic analysis can be found in [13].   

(iii) Semantic analysis is the study of the meaning based on the POS tags and syntac-

tic elements mentioned previously, which can be linked in the Natural Language text to 

create relationships [11, 13]. Furthermore, identify Named-entity recognition (Ner) is 

deduced to locate and classify atomic elements in text into predefined categories (the 

names of persons, organizations, locations, times, quantities, monetary values, percent-

ages, etc.). As well as mapping subject and object to PropBank arguments is straightfor-

ward: subjects are mapped to ARG0 (agent), direct objects to ARG1 (patient) and indi-

rect objects to ARG2.  

With regard to extracting MFs and building a MFs hierarchy-based structure, the fol-

lowing points must be highlighted. First, there is a dire need to refine the text content by 

representing each sentence with its MFs instead of a series of terms to reduce the dimen-

sions as much as possible. The OpenNLP supports the most common NLP tasks for se-

mantic annotation, such as tokenization, sentence segmentation, part-of-speech tagging, 

named entity extraction, chunking, parsing, and co-reference resolution. Furthermore, the 

SRL extracts semantic meta-data from content, such as information on sub-

ject-action-object relation extraction, people, places, companies, topics, facts, relation-

ships, authors, and languages. Based on the NL concept by OpenNLP and SRL, the sen-

tence MFs are identified as Subject "Sub", Main Verb "MV", Object "Obj" (direct or 

indirect object). In addition, such other terms remaining in the sentence as Complement 

"Com" (subject complement or object complement) and Modifiers (Mod) are considered 

as attributes to these MFs. 

Second, the automatic annotation is essential for each of the MFs with additional in-

formation for more semantic understanding. Based on the semantic annotation by 

OpenNLP, the sentence MFs are annotated with Feature Value (FVal), part-of-speech 

(POS), Named-entity recognition (Ner), and a list of Feature Attributes (FAtts). The list 

of FAtts is constructed from the remaining terms in the sentence (complement or modifi-

er) relying on the grammatical relation. Each attribute is annotated with Attribute Value 

(Val), Attribute Type (type) which is complement or modifier, Attribute POS (POS), and 

Attribute Named-entity recognition (Ner). 

 

3.1.2. Object Model Construction 

The Hierarchy-based structure of the textual document is represented as an object [21] 

containing the hierarchical structure of sentences with the MFs of the sentences and their 

attributes. This hierarchical structure maintains the dependency between the terms on the 

sentence level for more understanding which provides sentences fast access and retrieval. 

The first level of the hierarchical model denotes all sentence objects that are called DSO, 

the next level of nodes denotes the MFs of each sentence object, and the last level of 

nodes denotes the attributes of the MFs. 

DSO[i] indicates annotation of sentence object i, which is fitted with additional in-

formation as in definition 1. This definition simplifies the hierarchical model of the tex-

tual document with its DSO objects and its MFs. The feature score is used to measure the 

contribution of the MF in the sentence. This score is based on the number of the terms 
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grammatically related to the MF (summation of feature Attributes) as in Equation (1).  

 

                      
 

                                         

Where i is the index of MF in the sentence, FAtt.count() is the number of attributes 

related to this MF.  

Definition 1: Let tree_DSO::={ Sibling of DSO nodes} & Each DSO € 

tree_DSO::={ SEN_key, SEN_value, SEN_State, Sibling of MF_node[]}, where 

SEN_key indicates the order of the sentence in the document as an index. SEN_value 

indicates the sentence parsed value as (S (NP(NN employee ))(VP(VBZ guides)(NP(DT 

the)(NN customer)))(.)). SEN_State indicates the sentence tense and state (Tense:past; 

state:negative;). Siblings of MF_node[] indicate the list of sibling nodes of MFs for each 

sentence fitted with Val, POS, Ner, and list of FAtt. 

 

Feature_Linkage_Graph: Indicates the graph-like structure of relationships be-

tween MFs in the document, which fulfill in SRGC stage. The relationships between the 

MFs organized into a graph-like structure of nodes and links known as Feature Linkage 

Graph (FLG) as shown in Figure 1. The Feature Linkage Graph is a suitable structure to 

represent many to many relationships between MFs. The FLG is a directed acyclic graph 

FLG(V,A), that would be represented as a collection of features vertices and a collection 

of  directed arcs. These arcs connect pairs of vertices with no path returning to the same 

vertex (acyclic). In FLG (V,A), V is the set of vertices or states of the graph and A is the 

set of arcs between vertices. The FLG constructs based on two sets of data, the first set 

represents the vertices in a one dimensional array Vertex (V) of Feature_Vertex objects 

(FVO). Each object of FVO is annotated with Sentence_Feature key (SFKey),   Feature 

value (Fval), Feature closest synonyms (Fsyn), Feature Associations (FAss) and Feature 

weight (Fw). Where SFKey combines between sentence key and feature key in DSO, the 

importance of sentence key is due to facilitate accessing the parent of the feature. The 

second set represents the arcs in a two dimensional array Adjacency (V,V) of Fea-

tures_link objects (FLO), where each object is annotated with the link (is_link),  simi-

lar-look relation (is_similarlook) and FeatureRlation_List object. In this list each object 

has the relationship type (RT) and Relation Weight (RW).   

 

The Object Model Construction (OMC) algorithm processes to generate automatical-

ly an object model. By this model text transformed into more structured data, which is 

suitable to mine and infer interesting relationships. In OMC algorithm the textual docu-

ment is converted to object model with hierarchical DSO and graph FLG object. Alt-

hough the hierarchical DSO has been accomplished but the FLG has been initiated only 

and still under construction, the SRGC stage seeks to complete FLG construction based 

on learning mechanism.  

 
ALGORITHM 1. Document Object Model Construction (DOMC) 

Input:List of Sentences of  The document di.  

Output:Object Model of  The document di. 

Procedure 

{ list DSO=null; 

for each  sentence si in document d do   

http://en.wikipedia.org/wiki/Vertex_(graph_theory)
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DSO(i)=OpenNLP_SRL(si) 

for each  feature mfi ϵ {mf1,mf2,...mfn} in DSO.MF() do 

DSO.mfi.att = get_feature_Attributes(mfi) 

DSO.mfi.score= compute_feature_score(mfi) 

end 
List_DSO.add(DSO); 

end 
V=count_MF_doc() 

initialize Vertex[V],Adjacent[V,V] 

for each  DSOj in DSO_list do 

for each  feature mfi € {mf1,mf2,...mfn} in DSOj   do 

FVO= Generate_Features_object(mfi.key) 

Vertex.add(FVO) 

j=Vertex.index 

FLO=Generate_Features_link(0,null,null)    

Adjacent[j,j].add(FLO) 

end  

end}    

 

3.2. The SRGC Stage 

 

This stage is responsible for exploring how the dependencies and relationships among 

MFs have an effect and aims to: 

1. Detect the similar-look and the closest synonyms for each of the MFs. 

2. Formulate an accurate measure for the semantic relatedness of MFs. 

3. Infer the relationships and dependencies of MFs with each other. 

This stage seeks to explore unknown dependencies that exist among the MFs. In this 

stage, the FLG is provided as an environment in which intelligent agents can learn and 

share their knowledge, to explore dependency and relationships in textual document. Due 

to the aim of this stage is to fulfill the FLG by effective interdependence, which is gener-

ated by Semantic Actionable Learning Agent (SALA). The SALA plays a fundamental 

role to detect the Similar-look, the closest synonyms and to infer the relationships and 

dependencies of the MFs. Learning is needed to improve the SALA functionality to 

achieve multiple-goal. Many studies show that the RL agent has a high reproductive ca-

pability for human-like behaviors [14]. As a result, the SALA performs an adaptive ap-

proach combining thesaurus-based and distributional mechanisms. In the thesaurus-based 

mechanism, words are compared in terms of how they are in the thesaurus (e.g., 

Wordnet), while in the distributional mechanism, words are compared in terms of the 

shared number of contexts in which they may appear. The SALAs are used to detect sim-

ilar-look features and Closest-Synonym of features. Furthermore, SALAs are used to 

perform the effective association capabilities (similarity, contiguity, contrast, and causal-

ity). These effective associations indicate the relationships which give the largest amount 

of interdependence among features. Each SALA is supplied by one of the Fea-

ture_Vertex objects as FVO (SALA1 is supplied by FVO1and so on) from its environ-

ment, then performs an action according to action type (Similar-look, Closest-Synonyms, 

and Association) respectively. 
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3.2.1. Similar-look Features Linking (SFL) 
 

SFL is the first action carried out by SALA, in which the interaction is between fea-

tures without the need for any external resources. One of the important aspects of this 

action is to be able to help in an accurate understanding of the underlying meaning of the 

features at document level. The SALA is provided with Similar-look action to perform 

then link the relevant.  

In_Similar-look_action, the first task of each SALA is to search in FLG to link all 

similar-look features, through normalizes each FVO.fval by stemming then links simi-

lar-look features using SALA_links algorithm as shown in Algorithm4. The stemming is 

a technique to reduce the words into their root. Many words in the natural language ap-

pear in different composed forms (e.g. agreed, agreeing, disagree, agreement and disa-

greement) [11]. All these words can be transformed into the original or base form, in this 

example they belong to the word agree.  

In SALA_links algorithm each SALA is initiated with one of the Feature_Vertex ob-

jects and runs independently. All SALAs work in parallel and concurrently sharing the 

visited features with each other to avoid repetition. For further clarification of parallelism, 

the action is applied to each FVO. All SALAs apply the same action (similar-look) for 

the same facing FVO in each round as shown in Figure 2. This action has the bidirec-

tional effect to avoid repetition. In the 1st round the SALA1 disables interact with FVO1 

and itself. While SALA2 supplied by FVO2 and act on FVO1, then assign the detected 

relation in both adjacency [2,1] and adjacency [1,2]. The detected relation assigns as 

Feature_Link object.is_similarlook=1 and is_link=1. So in 1st round all detected rela-

tions of FVO1 are assigned and no need to activate SALA1. And also in 2nd round 

SALA2 deactivate and so on, thus avoid repetition. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.  The SALA_links algorithm implementation 
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3.2.2. Closest-Synonyms Extracting/Linking (CSEL)   

 

In CSEL, the second action carried out by SALA is to extract closest synonyms for 

each feature. The SALA defies to automatic discovery of similar meaning words (syno-

nyms). Furthermore SALA links between related synonyms of different features in FLG. 

The interaction in CSEL is between features and external resources at first then among 

other features. These external resources such as WordNet [15], which has much more 

relations but this study uses the specified ones. One of the problems that can be faced is 

that not all synonyms are really related to the context of the document. Thus the disam-

biguation is applied by using SALA and implementing 

SALA_Closest-Synonym_Selection algorithm.  

In_Closest-Synonyms_action, the main task of each SALA is to search for synonyms 

of each FVO through wordnet. Where each synonym and its relation assigned in a list 

called Synset_ Relation_List (SRList).  Then all synonyms and its relations lists as-

signed in F_SRList. Each SRList items are one synonym and its relations such as 

Hypernyms, Hyponym, Meronyms, Holonymy, Antonymy, Entail, and Cause. The pur-

pose of using these relations is to eliminate the ambiguity, where not all the synonyms 

are related to the context of the document. In SALA_Closest-Synonym_ Selection algo-

rithm the SALA is used to filter the irrelevant synonyms according to the score of each 

item in SRList. The score of each SRList item is used to measure the contribution of the 

item in the context then get an overall score of SRList as in (2). This score is computed 

based on semantic relatedness between SRList and every FVO in Feature_Vertex array. 

Score ( SRListk )=                           
 

             

Where n is the number of FVO in Feature_Vertex array with index j, m is the number 

of items in SRList with index i, and k is the index of SRListk in F_SRList. 

The semantic relatedness [16] of any concept is based on similarity theorem, in which 

the similarity of two concepts is measured by the ratio of the amount of information 

needed to the commonality of the two concepts to the amount of information needed to 

describe them.  The commonality of the two concepts is captured by the Information 

Content (IC) of their Lowest Common Subsumer (LCS) and the IC of two concepts 

themselves as in (3). 

 

Sim(SRList(i).item,  FVOj) =
                                

                            
         

 

Informational Content is considered as a measure of quantifying the amount of in-

formation a concept expresses. It was proposed by Lin [16] who assumed that for a con-

cept c, let p (c) be the probability of encountering and instance of concept c. The IC val-

ue is obtained by considering the negative log likelihood as in (4), (5). 
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Where freq (c) is the frequency of the concept, and n is the number of concepts in the 

Feature_Vertex array. 

The lists of synonyms and their relations is used temporarily to serve the Clos-

est-Synonyms Selection. The Closest-Synonyms Selection is based on the specific 

threshold value of the score. The SALA applies a threshold to select Closest-Synonyms 

with highest score according to threshold as in (6).  

 

                    
  

                             

 

Then each SALA retains Closest-Synonyms in an object Fsyn of each FVO with lists 

of each relation. All SALAs work parallely with this action as in the previous action. 

Then the SALA links between the related FVOs with bidirectional effect using 

SALA_links algorithm. 

ALGORITHM2. SALA_Closest-Synonym_Selection 

Input:  Array Feature_Vertex Objects(FVO), Wordnet 

Output: List of Closest-Synonym of  FVO objects; 

Procedure 

{   //from_wordnet 

Parallel.ForEach(FVO, fvo=> 

{//from_wordnet 

 F_SRLint= get_all_Synset_Relation_List(fvo); 

for (int i = 0; i < F_SRLint.Count(); i++) 

{  for (int k = 0; k < F_SRLint[i].SRList.Count(); k++) 

{  

item= F_SRLint[i].SRList[k].item; 

IC[k]= -Math.Log(freq(item)/ FVO.Count()); 

for (int j = 0; j < FVO.Count(); j++) 

{ lcs=shared(FVO[j], item); 

IC_F[j]= -Math.Log(freq(FVO[j])/ FVO.Count()); 

SIM[k]+=(2*(-Math.Log(freq(lcs)/ FVO.Count()))/(IC[k]+ IC_F[j])); 

} 

} 

score[i]=sum(SIM[]); 

} 

fvo.Fsyn=maxth(score[]); 

}); // Parallel.For 

}  

 

3.2.3 Association Extracting/Linking (ALE) 

 
ALE is a periodic action to identify the effective relationships between MFs in a textual 

document. These association capabilities are similarity, contiguity, contrast (Antonymy), 

and causality. Initially SALA defies exploring the effective associations which are traded 

by SALA represented as follows:  

Similarity: for nouns, is the sibling instances of the same parent instance with is-a 

relationship.  

Contiguity: for nouns, is the sibling instances of the same parent instance with 
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part-of relationship.  

Contrast (Antonymy): for Adjectives or adverbs, is the sibling instances of the same 

parent instance with is-a relationship and with antonymy (opposite) attribute.  

Causality: for verbs, intended to connect the sequence of events by cause/entail rela-

tion. Where cause picks out two verbs, one of the verbs is causative such as (give), and 

the other can be called resultative such as (have).  

RL specifies what to do but not how to do it through the reward function. In sequential 

decision making tasks, an agent needs to perform a sequence of actions to reach goal 

states or multiple-goal states. One popular algorithm for dealing with sequential decision 

making tasks is Q-learning [20]. In a Q-learning model, a Q-value is an evaluation of the 

"quality" of an action in a given state. Q(x, a) indicates how desirable action a is in the 

state x. SALA can choose an action based on Q-values. The easiest way of choosing an 

action is to choose the one that maximizes the Q-value in the current state.  

To acquire the Q-values, the algorithm Q-learning is used to estimate the maximum 

discounted cumulative reinforcement that the model will receive from the current state x 

on max (∑i=0 γiri), where γ is a discount factor, and ri is the reward received at step i 

(which may be 0). The updating of Q(x, a) is based on minimizing r+ γ f(y) - Q(x, a), f(y) 

=maxa Q(y, a), and y is the new state resulting from action a. Thus, updating is based on 

the temporal difference in evaluating the current state and the action chosen. Through 

successive updates of the Q function, the model can learn to take into account future 

steps in longer and longer sequences, notably without explicit planning [20]. SALA may 

eventually converge to a stable function or find an optimal sequence that maximizes the 

reward received. Hence, the SALA learns to address sequential decision making tasks. 

Problem Formulation 

The Q-learning algorithm is used to determine the best possible action, i.e., selecting 

the most effective relations, analyzing the reward function and updating the related fea-

ture weights accordingly. The promising action can be verified by measuring the relat-

edness score of the action value with the remained MFs using a reward function. The 

formulation of the effective association capabilities exploration is performed by estimat-

ing an action-value function. The value of taking action a in state s is defined under a 

policy π, denoted Q (s; a), as the expected return starting from s and taking the action a.  

Action policy π is a description of the behavior of the learning SALA. The policy is the 

most important criterion in providing the RL with the ability to determine the behavior of 

the SALA [14].  

In single goal reinforcement learning, these Q-values are used only to rank order the 

actions in a given state. The key observation here is that the Q-values can also be used in 

multiple-goal problems to indicate the degree of preference for different actions. The 

available way in this paper to select a promising action to execute is to generate an over-

all Q-value as a simple sum of the Q-values of the individual SALA. The action with the 

maximum summed value is then chosen to execute.  

Environment, State and Actions 

For the effective association capabilities exploration problem, the FLG is provided as 

an environment in which intelligent agents can learn and share their knowledge and can 

explore dependencies and relationships among MFs. The SALAs receive the environ-

mental information data as a state and execute the elected action in the form of an action 

value table, which provides the best way of sharing knowledge among agents. The state 

is defined by the status of the MF space. In each state, the MF object is fitted with the 

closest-synonyms relations; there is a set of actions. In each round, the SALA decides to 
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explore the effective associations that gain the largest amount of interdependence among 

the MFs. Actions are defined by selecting a promising action with the highest reward, by 

learning which action is the optimal for each state. In summary, once sk (MF object) is 

received from the FLG, SALA chooses one of the associations as the action ak according 

to SALA's policy π*(sk), executes the associated action, and finally returns the effective 

relations. Heuristic 3 defines the action variable and the optimal policy. 

Definition 2 :( Action Variable). Let ak symbolize the action that is executed by 

SALA at round k. 

ak= π
*
(sk) 

Therein, 

 ak € action space { similarity; contiguity; contrast and causality} 

 π*(sk)=arg maxa Q
*(sk, ak) 

Once the optimal policy (π *) is obtained, the agent chooses the actions using the 

Maximum Reward. 

Reward Function 

The reward function in this paper measures the dependency and the relatedness among 

MFs. The learner is not told which actions to take as in most forms of machine learning. 

Rather, the learner must discover which actions yield the most reward by trying them 

[20].  

In_Association_action, the aim of each SALA is to select an optimal association ac-

tion ak as in Definition 2. This study utilizes a Reinforcement Learning method based on 

Q-Learning to design SALA’s inference engine. The Q-learning algorithm is a simplifi-

cation of the reinforcement technique, which defines a Q function for each state-action 

pair (s, a). Each action within each state has value according to how much or little re-

wards the agent gets for completing that action. These values (i.e. Q-values) are stored in 

a Q-table. The desired sequence of actions is optimally chosen to maximize the rewards 

accumulated over time by SALA [14]. The goal of the SALA is to learn an optimal poli-

cy of actions which maximize its total reward. It does this by learning which action is 

optimal for each state. Action policy, π, is a description of the learning SALA's behavior 

using on-policy π : S --> A. The policy is the most important criteria in providing the 

reinforcement learning with the ability to determine the SALA's behavior [14].  

This optimal association action achieved according to SALA_optimal_association 

algorithm. This algorithm starts to select the action with the highest expected future re-

ward from each state: π*(s) = arg maxaQ
*(s; a).  

First, initialize all the Q(s,a) values to zero. Then each agent performs the following 

steps. 

 At every round k, Select one action ak from all the possible actions (similarity, con-

tiguity, contrast and causality) and execute it. 

 Receive the immediate reward rk and observe the new state sk'. 

 Get maximum Q-value of the state sk' based on all the possible actions ak= 

π*(sk)=arg maxaQ
*(sk, ak). 

 Update the Q(sk,ak) as follows 

                                      
        

                  

Where: 

Q(sk,ak):worth of selecting the action(ak) at the state(sk). 

Q(sk',ak'):worth of selecting the next action(ak') at the next state(sk'). 

r(sk,ak):reward corresponding to the acquired payoff. 
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A(sk'): a set of possible actions at the next state(sk'). 

α(0 <α ≤1):learning rate.   γ(0≤γ≤1):discount rate. 

 

Based on the above steps, once the Q function is measured in equation(7), the optimal  

policy is used to select the actions in each state with the highest reward. The weight of 

the action is measured to represent its reward, where SALA compute the weight wi;j for 

action value i in document j. 

The most popular weighting schema is normalized word frequency TFIDF [17]. 

ActionValue Weight (AWij) is a measure used to calculate the weight of the 

action_value which is the scalar product of action_value frequency and inverse document 

frequency. The Action_Value Frequency (F) measures the importance of this value in a 

document. Inverse Document Frequency (IDF) measures the general importance of this 

action_value in a corpus of documents. It is done by dividing the number of all 

documents by the number of documents containing this action_value defined as in (8): 

         
   

            
                                                    

Where |D| is the total number of documents in the corpus and |{dj :vi ϵ dj}| is the 

number of documents containing action_value Vi. 

Therefore, the weight of the action_value is calculated as follows in (9): 

     
   
     

                                                                          

Where Fij represents the number of this action_value i occurrences in document dj, 

normalized by the number of occurrences of all features in document dj. It is normalized 

to prevent a bias towards longer documents.        

Re-weight the action_value: the weight of Action_Value is adjusted due to its 

semantic relatedness with all main feature in the textual document  as follows in (10). 

                                 

 

   

                

 Where AWi represents the weight of Action_Value i, FWj represents the weight of 

each feature object FVOj and sim(i,j) represents the similarity of Action_Value i and 

FVOj.   

 

ALGORITHM3.  SALA_optimal_association 

Input: Feature_Vertex Object(FVO), Wordnet 

Output: The optimal association of  FVO; 

Procedure 

{ intialize Q[,]; 

ak ϵ action_space[]={similarity, contiguity, contrast, causality}  

Parallel.for(0; action_space.count(); k => 

{ 
R[k]= Get_Action_Reward(a[k]); 

Q[i,k]=(1-α)* Q[i,k]+ α*(R[k] +  γ* maxa(Q[i,k+1])) 

}); // Parallel.For 

return Get_highest_Q-value_action(Q[,]); 

}  

Get_Action_Reward(ak) 

{ AWk=(freq(ak.val)/FVO.Count())*log(N/na); 
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ICk=-Math.Log(freq(ak.val)/FVO.Count()) ; 

for (int j = 0; j < FVO.Count(); j++) 

{ FWj=(freq(FVO[j])/FVO.Count())*log(N/nf); 

lcs=shared(FVO[j], ak); 

IC_F[j]= -Math.Log(freq(FVO[j])/ FVO.Count()); 

SIM=(2*(-Math.Log(freq(lcs)/ FVO.Count()))/(ICk+ IC_F[j])); 

Sum+= FWj* SIM; 

} 

return AWk= AWk + Sum; 

} 
 

 

Thus in SALA_optimal_association algorithm SALA selects the optimal action of 

highest reward according to the Re-weight value. Hence each SALA retains effective 

actions in the FeatureRlation_List object of each FVO. In this list each object has the 

relationship type (RT) = action_type and Relation Weight (RW) = Re-weight value. Then 

the SALA  links between the related FVOs with bidirectional effect using SALA_links 

algorithm.  

 

ALGORITHM 4.  SALA_links algorithm 

Input: Action_type, Feature_Vertex Object(FVO) and  Feature_Vertex_index. 

Output: Detect new relation and assigned to Features_Link Object(FLO). 

Procedure 

{i=Feature_Vertex_index;  z=0; 

     for(int j= i;j<=numVerts;j++) 

if(Action_type=="Similar-look") then 

  {if(i!=j) if(FVO.fval.Normlize()== Feature_Vertex[j].val.Normlize())then 

   {Adjacent[i,j].is_link=1; 

     Adjacent[i,j].is_similarlook=1;}} 

elseif(Action_type=="Closest-Synonyms")then 

    {if(FVO.Fsyn.contain(Feature_Vertex[j].val Normlize())|| 

FVO.Fsyn.contain(Feature_Vertex[j].Fsyn Normlize()))then 

{z++; 

Adjacent[i,j].link=1; 

Adjacent[i,j].RT="Closest-Synonyms"; 

Adjacent[i,j].RW=z;}} 

elseif(Action_type=="Association")then 

  {optimal_action=get_SALA_optimal_association(FVO); 

if(optimal_action.val.Normlize()=Feature_Vertex[j].val.Nrmlize()) && 

FVO.FAss.contain(optimal_action.key)) 

z++; 

Adjacent[i,j].link=1; 

Adjacent[i,j].RT=optimal_action.key; 

Adjacent[i,j].RW=z;}}      

3.3. The Automatic Semantic Indexing 

Automatic Semantic Indexing (SI) is made by algorithmic procedures on textual 

document representations.  The automatic SI is based on the terms and structures in 

textual documents. If the textual document is indexed, either manually or automatically, 



AN EFFICIENT APPROACH TO CONSTRUCT OBJECT MODEL OF STATIC TEXTUAL 

STRUCTURE WITH DYNAMIC BEHAVIOR BASED ON Q-LEARNING 

 

 

223 

 

the indexing structures can be used as a basis for the actual information access and 

knowledge acquisition processes as shown in Figure 3.   

Techniques for automated production of indexes associated with documents can be 

borrowed from the Information Retrieval field [10]. Where each document is described 

by a set of representative keywords called index terms. The proposed automatic SI is 

based on the Feature_Vertex objects (FVO) of Vertex (V) array in Feature Linkage 

Graph (FLG) for each document. The indexed FVO is selected based on the highest Fea-

ture weight (Fw) where Fw contribute to detect the document's main themes. It is quite 

obvious that different index FVOs have varying relevance when used to describe docu-

ment contents in the particular document collection. Some of the techniques for auto-

mated production of indexes associated with documents usually rely on weighting 

schemes. The major advantage of SI is to reduce the cost of the indexing steps. 

The following steps are used for constructing the proposed Automatic Semantic In-

dexing: 

1. Select the FVO with the highest Fw from the Vertex (V) of each document. 

2. A term-document matrix is formed, wherein each row corresponds to FVOs that 

appear in the documents of interest, and each column corresponds to documents.  

3. The Fw of the FVO with indicator m in the document n represents an element (m, 

n) in the term-document matrix.  

 

 
 

4. EVALUATION METHODOLOGY  
 

The proposed approach is implemented and tested, that shows the experimental result 

of the correctly detection in the OOTA and SRGC stages. The proposed approach is only 

useful and informative if it is accurate. Therefore it is important to measure the accuracy 

on independent test data.  

4.1. Evaluation Measures 
 

The efficiency of feature extraction in OOTA stage and of relation exploration in 

Figure 3.  An efficient and flexible Information Organization with DOs 
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SRGC stage is improved. Six performance metrics, accuracy, sensitivity (recall), speci-

ficity, positive predictive value(PPV) (precision), negative predictive value (NPV), and 

F-measure, were used to evaluate the efficiency of the proposed approach. Accuracy is 

the percentage of correctly defined features/relations. Sensitivity and specificity measure 

the proportion of actual positives and actual negatives that are correctly identified. These 

two indicators don't depend on the prevalence in the corpus, and hence are more indica-

tive of real-world performance. The predictive values, PPV and NPV, are estimators of 

the confidence in predicting correct features/relations extraction; that is, the higher pre-

dictive values, the more reliable the prediction would be. The F-measure combines the 

precision and recall in one metric, which is often used in information retrieval to show 

the efficiency. This measurement can be interpreted as a weighted average of the preci-

sion and recall, where an F-measure reaches its best value at 1 and worst value at 0. 

 

         
     

             
                                        

 

      
     

             
                                               

 

            
  

       
                                                         

 

            
  

       
                                                           

 

                               
  

       
                     

 

                               
  

       
                  

 

          
                  

                 
                                  

 

Where true positive value (TP), false positive value (FP), false negative value (FN), 

and true negative value (TN). All these values are computed for feature extraction in 

OOTA stage and for relation exploration in SRGC stage. 

 

4.2. Evaluation Setup (dataset) 

 

The experimental setup consists of some datasets of textual documents as detailed in 

Table 1. Experiment 1 uses the Miller and Charles dataset 

(http://www.cs.cmu.edu/~mfaruqui/suite.html). Experiment 2 uses the British National 

Corpus dataset (http://corpus.byu.edu/bnc/). Experiment 3 uses The BLESS dataset 

(http://cental.fltr.ucl.ac.be/team/~panchenko/sre-eval/sn.csv).  
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Table 1. Datasets details for the experimental setup. 

 

Dataset Experi-

menting 

Dataset Name Description 

DS1 
E

x
p

er
im

en
t 

fo
r 

 
 

O
O

T
A

 s
ta

g
e 

Miller and Charles M&C consists of 30 pairs of nouns ex-

tracted from the WordNet. 

DS2 British National 

Corpus (BNC) 

BNC is a carefully-selected collection of 

4124 contemporary written and spoken 

English texts, contains 100-million 

word text corpus of samples of written 

and spoken English with the 

near-synonym collocations. 

DS3 

 

E
x
p

er
im

en
t 

fo
r 

S
R

G
C

 s
ta

g
e 

 

BLESS BLESS relates 200 target terms (100 

animate and 100 inanimate nouns) to 

8625 relatum terms with 26.554 semantic 

relations (14.440 are meaningful (cor-

rect) and 12.154 are random). Every re-

lation has one of the following types: 

hypernymy, co-hypernymy, meronymy, 

attribute, event, or random. 
 

4.3. Evaluation Results 

This section reports on the results of three experiments conducted using the evalua-

tion datasets outlined in the previous section. 

4.3.1 Experiment 1: Semantic Relatedness Evaluation Measure 

This experiment shows the necessity to evaluate the performance of the proposed se-

mantic relatedness based on a benchmark dataset of human judgments, so the results of 

the proposed semantic relatedness would be comparable with other previous studies in 

the same field. In this experiment, they attempted to compute the correlation between the 

ratings of the proposed semantic relatedness approach and the mean ratings reported by 

Miller and Charles (DS1 in Table 1). Furthermore, the results produced are compared 

against eight other semantic similarities approaches, namely, Rada, Wu and Palmer, 

Rensik, Jiang & Conrath, Lin, T. Hong & D. Smith and Zili Zhou [18]. 

Table 2 shows the correlation coefficient results between nine componential ap-

proaches and the Miller and Charles ratings mean. The semantic relatedness for the pro-

posed approach outperformed all the listed approaches. Unlike all the listed methods, in 

the proposed semantic relatedness, different properties are considered. Furthermore, the 

good correlation value of the approach also results from considering all available rela-

tionships between concepts and the indirect relationships between attributes of each con-

cept when measuring the semantic relatedness. In this experiment, the proposed approach 

achieved a good correlation value with the human-subject rating reported by Miller and 

Charles. Based on the results of this study, the Semantic Relatedness correlation value 

has proven that considering the direct/indirect relevance is specifically important for at 

least 6% improvement over the best previous results. This improvement contributes to 

the achievement of the largest amount of relationships and interdependence among MFs 

and their attributes at the document level. 
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4.3.2 Experiment 2: OOTA Stage Evaluation Measure 
 

The OOTA stage is responsible for extracting the MFs, this stage not only reduces 

dimension and storage requirements but also improves the scalability, efficiency and ac-

curacy of a text representation. Table 3 shows the experimental results of performance 

metrics in OOTA stage. Experiments are made to compare the traditional methodology 

BOW with the proposed DO methodology of textual representation. This comparison 

was conducted for real dataset of text documents that is BNC (DS2 in Table 1). Most of 

the time, the incorrect items are due to a wrong syntactic parsing from the OpenNLP 

Parser and SRL by PropBank which depended on the tested dataset. Where TP is the 

number of features correctly detected, FP is the number of features incorrectly detected, 

FN is the number of features correctly but not detected, and TN is the number of features 

incorrectly but not detected. 

According to the preliminary study, it is certain that the accuracy of parsing tools’ 

effects is on the performance of the proposed approach.  As a result, the proposed ap-

proach performs an accurate result through combining OpenNLP and AlchemyAPI[22] 

tools in the extended work. 

 

Table 2. The results of the comparison of the correlation coefficient between human judgment 

with some relatedness measures and the proposed Semantic Relatedness measure. 

 
Measure Relevance Corre-

lation with M&C 

Distance-based measures Rada 0.688% 

Wu & Palmer 0.765% 

Information-based measures Resnik 0.77% 

Jiang & Conrath 0.848% 

Lin 0.853% 

Hybrid measures T.Hong & D.smith 0.879% 

Zili Zhou 0.882% 

Information /Feature-base 

measures 

The proposed Semantic 

Relatedness measure 

0.937% 

 
 
 
 
 
 

Table  3. Experimental results of the performance metrics in OOTA 

stage. 

The experimental results of Performance 
Metrics in OOTA Stage. 

BOW approach 
OOTA ap-
proach 

Accuracy  0.7293 0.8346 
Sensitivity (recall) 0.8326 0.9187 
Specificity  0.3501 0.309 
Positive Predictive Value(PPV) (precision)  0.8211 0.8892 
Negative Predictive Value (NPV)  0.3674 0.3687 
F-measure   0.826 0.904 
Error 0.2675 0.1643 
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4.3.3 Experiment 3: SRGC Stage Evaluation Measure 

 

In SRGC stage the unknown dependencies and relations that exist among the MFs is 

explored. These are three types of relations like Similar-look, Closest-Synonyms, and 

Association. The effective association capabilities are similarity, contiguity, contrast, and 

causality. These effective association capabilities indicate the relationships which give 

the largest amount of interdependence among features. All these relations are used to 

help in an accurate understanding of the underlying meaning of the features at document 

level. Based on Q-Learning the optimal association actions in each state with the highest 

reward is selected, this reward is represented by the weight of the action. Experiments are 

made to compare the performance of action selection, that based on traditional weight 

with adaptive Re-weight are conducted and summarized in Table 4. This comparison was 

conducted for real dataset of text documents that is BLESS (DS3 in Table 1). 

 

Table 5 shows the experimental results of performance metrics for the overall rela-

tions extraction in SRGC stage, which compared to traditional Semantic Similarity Rela-

tion (SSR) extraction.  

 

Table 4. Experimental results of the performance metrics in Optimal 
Association Selection. 

The experimental results of Performance 
Metrics in Optimal Association Selection.  

Reward (Weight) 
Reward 
(Re-weight) 

Accuracy  0.635 0.91 
Sensitivity (recall) 0.666 0.957 
Specificity  0.16 0.166 
Positive Predictive Value(PPV) (precision)  0.923 0.947 
Negative Predictive Value (NPV)  0.03 0.2 
F-measure   0.77 0.952 
Error 0.36 0.09 

 

 

Table 5. Experimental results of the performance metrics in SRGC 
stage. 

The experimental results of Performance 
Metrics in SRGC Stage. 

SSR SRGC 

Accuracy  0.5 0.85 
Sensitivity (recall) 0.534 0.9 
Specificity  0.07 0.07 
Positive Predictive Value(PPV) (precision)  0.89 0.93 
Negative Predictive Value (NPV)  0.01 0.048 
F-measure   0.66 0.918 
Error 0.495 0.15 
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5. CONCLUSIONS 

In this paper, an intelligent Object Oriented Text Analysis (OOTA) approach is used for 

multidimensional analysis and primary decision support. This approach introduces an 

integration of OOTA and reinforcement learning (RL) approaches. These approaches are 

used to infer unknown dependencies among the text features and represent a textual 

document in the object model. This Model is introduced to represent the context in a 

static structure with dynamic behavior. That can be easily understood, shared and allow 

integration with other data and to get a full and accurate view, in addition it is used effi-

ciently and become a suitable environment for learning and inference. This work is uti-

lizing the characteristics of NLP, Grammatical/Semantic rules and statistical techniques 

to measure the contribution of the sentence in the document. That is used to represent the 

sentence by its main feature instead of a series of terms. However, to achieve a more ac-

curate analysis, the importance of the feature and its synonyms in a sentence or in the 

document can be derived. The textual document is represented as an object that contains 

the hierarchy structure of sentences objects with graph relationships between the main 

features of sentences. This structure is serialized and restored in the repository with its 

annotations, which is composed of the main features in addition to its unknown depend-

encies and relationships. 
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