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19.1- Prologue - A system that learns uses its experience to improve its performance in similar contexts. 
Polit-Learning is involved in PIS {Polit-Intelligence System} in at least two ways. Firstly, in assisting 
Politician to learn, through intelligent tutoring systems and intelligent computer assisted instruct ion tutoring 
systems. Secondly, in developing machines that themselves exhibit learning behaviour.  
We may consider the computer as a finite state machine in which experience should lead to a change of 
state such that the new state performs more effectively than the old.  
Polit-learning processes can be classified from many different viewpoints, for example, the type of political-
strategy used, the research orientation, the type of political-knowledge representation, the application 
areas, etc.  
It is claim that in order to be political intelligence software must able to exhibit the following:  

- Use of basics algorithms, rules and theories of learning in development political programming  
- Political history explanation 
- Political future prognosis 
- Leaning from political Real-time situation, and 
- Polit-knowledge developing.  
- Interfacing of PL (Polit-Learning) Station with other CIPSE (Computer Integrated Polit-strategic 

Enterprise) stations and substations for developing of them with learning functions, it theirs intern 
and extern structure and process.  

In every political learning situation, the learner transforms information provided by a politician (or 
environment) into some new form in which it is stored for future use. The nature of this transformation 
determines the type of learning strategy used. Several basic strategies have been distinguished: rote 
learning, learning by instruct ion, Learning by deduct ion, Learning by analogy, and learning by instruction. 
The latter subdivides into learning from examples and learning by observation and discovery.  



 
 

FIGURE OF NEXT PAGE IS A DEMONSTARTION OF CIPL (COMPUTER INTEGRATED POLIT LEARNING) PROCESES.  
 
 
19.2- Functions of Computer Integrated Polit-Learning (CIPL):  
 

- USE OF BASIC ALGORITHMS AND RULES OF LEARNING IN PROGRAMMING  
- POLIT HISTORICAL MATERIALS EXPLANATION  
- FUTURE PROGNOSING  
- AUTOMATIC PLAN MODEL SELECTING AND DYNAMIC GOAL REGRESSION, AND TACTICAL 

EXPLANATION  
- DEMONSTRATION OF LEARNING TASK  
- REALTIME LEARNING, EVENTS FACT ARRIVING AND SCHEDULING OF VALUES  
- PROCESSING OF PROGRAM OF BOX2, PROGRAM FOR CHANGE IN KNO~LEDGE AND 

SYSTEM DEVELOPMENT  
- POLIT-SYSTEM CHANGING IN THE BASE OF BOX2  
- RESULT CALCULATION OF POLIT-SYSTEM CHANGING IN WHOLE POLITCAL SYSTEM LIFE 

CYCLE DEVELOPMENT  
- ADAPTION OF SYSTEM DEVELOPMENT PROCESS WITH OTHER CI PSE STATIONS 

AND DEMONSTRATION OF RESULT  



 
19.3- Basic Definitions in PL  

Rote Learning - The information from teacher is more or less directly accepted and memorized by the 
learner. A major concern here is how to index the stored knowledge for future retrieval.  

Learning by Instructions (or learning by being told) - The basic transformations performed by a learner 
are selection and reformulation (mainly be syntactic level) of information provided by the teacher.  

Synthetic and Analytic Learning - Synthetic aims primarily at creating new or better knowledge, and 
analytic learning aims primarily at reformulating given knowledge into a better form. Synthetic learning 
employs induction as the primary inference, and analytic learning employs deduction as the primary 
inference. To explain the difference these two classes of learning processes, one needs to clarify the 
meaning of these two types of inference.  

Explanation-Based Learning - In EBL, the input to the learning consists of explanations derived from the 
analysis of a positive or negative example of the concept or rule which is being learned.  
EBL is a form of supervised learning.  

Similarity Based Learning - In SBL, one learns by detecting firstly similarities in a set of positive 
examples, secondly dissimilarities between positive and negative examples.  

Semi supervised Learning - This type of learning uses the environmental feedback to generate more 
feedback internally. It leads to problems of strategy construction.  

Learning by Experimentation - Is a semi supervised learning method. It typically uses a type of met 
heuristic knowledge known as instance perturbation heuristics, in order to generate examples internally.  

Learning in the Presence of a Critic - Relies on evaluative feedback. The critic translates an evaluative 
feedback. The critic translates an evaluative measure into a prescriptive one by incorporating a prediction 
mechanism for reinforcement, which is refined after every prediction, based on a prescriptive measure: The 
error of prediction. The critic learns to predict reinforcement and induces a change in the direction of 
maximum reinforcement.  

Unsupervised Learning - Unsupervised learning in the form of learning by doing is a useful way of 
minimizing reliance on an external trainer. This mechanism leads to integration of learning and problem 
solving.  
Self-supervised learning involves extra knowledge about when to learn.  
 
Learning by Analogy - Analogy is a general form of learning. It can be supervised or unsupervised, 
depending on how the strategies are generated initially.  

Empirical Learning - In empirical learning, the system acquires knowledge in a local manner. For 
example, if a new rule helps it with a problem it is solving, the rule is added to the knowledge base, 
provided it does not contradict the others already there.  

Rational Learning - Learning is said to be rational, when the addition of the new rule is examined by a 
module which seeks to connect it with the other global knowledge about in which the system is situated.  

Intelligent Tutoring System - An intelligent tutoring system (ITS) is a program that, by using AI 
techniques, is capable of providing a standard of tutoring that is comparable with that of a human tutor. The 
system should ideally consist of a user/learner model, a teaching strategy, a highly interactive and adaptive 
user interface and some expertise in the area being taught. Existing ITS programs have only approximated 
towards this ideal.  

Strategic Knowledge - The object level search space of a strategy learning system is defined by the 
knowledge of the problem and its instances. The heuristics and strategies form the first level of meta-
knowledge. Traditionally, meta-knowledge has been made available to program directly and accounts for 
much of the in problem-solving capability. The acquisition of meta-knowledge is called strategy learning. 
Construction of strategies is accomplished using a process for learning strategic meta-knowledge; the 
knowledge controlling the strategy-learning process can be called the meta-meta-knowledge of the 



problem.  

 

19.4- Thinking, Problem solving, and Reasoning - Now that knowledge has been explored from several 
perspectives, we can investigate the ways in which knowledge is used. The purpose of Thinking and 
Mental is to offer a conceptual or declarative view of thinking as it applies to human problem solving. 
Mental models provide process models from the scientific and general problem-solving strategies.  

 

19.4.1- Thinking - Thinking is the active, reflective process of developing or modifying general 
understandings that exist in mental models. Domains experts are generally unaware of the extent of the 
processes they use to make decisions. Focused thinking involves both inductive and deductive lines of 
reasoning that establish and test hypotheses. The domain expert manipulates these Lines of reasoning 
through the application of intelligent processing. One way to simplify thinking is through models like the 
physical process models and subjective models introduced earlier. These models are also called mental 
models. The concept of mental model was discussed as a structure that permits people to predict, 
interpolate, and extrapolate further knowledge.  

19.4.2- Problem Solving - Problem solving is often associated with performance output of thinking 
creatures. Cognitive psychologists and other carefully assess and study human problem-solving 
techniques and attributes.  
Problem solving is an active mental activity in which recall is only a portion of the mental, problem solving 
implies finding solutions for problems or situations that are not apparent when first encountered. The result 
of problem solving is the modification of an initial state to a desirable goal state.  

19.4.3- Reasoning - Humans reason in patterns similar and forward chaining, using deductive and 
inductive reasoning. Analogical reasoning is a method that relates an unknown to a known. A fourth form of 
reasoning is common-sense reasoning.  

1- Deductive reasoning - Is a powerful formal system because symbols are established, validated, 
and transformed into a logic chain. Conclusions follow premises in deductive reasoning. Theses 
premises move from the general to the specific. Sets of logic chains form a rule base that defines 
true statements of related factors, their attributes, and meaning. This rule base contains declarative 
and procedural knowledge in a focused area.  
Deductive reasoning uses facts and rules. The process generally begins with a syllogism consisting 
of the premise(s) and the inference.  

2- Inductive Reasoning - Inductive reasoning starts with a given data set and has a goal of finding 
the attributes that formed the set. Inductive reasoning moves from the specific to the general. Thus, 
the major distinction between deduction and induction is that inductive reasoning has a set of 
observed attributes to which to conform.  

3- Analogical Reasoning - Analogical reasoning is a logic system that works from what is known 
and understood as a standard, and compares the problem in question to that standard. Thus, two 
systems are compared or contrasted to arrive at a premise or conclusion. This reasoning base 
requires insight and understanding to form an appropriate analogy.  

 

19.5- Learning - By "machine learning" we mean the modification or construct ion by program of stored 
information structures, so that the machine-deliverable information becomes one of the following:  

- More accurate  
- Larger in amount  
- Cheaper to obtain.  

The most important theme of this research is the emphasis on learning as the basis for acquisition of 
Natural Language, and hence as an appropriate basis for computer acquisition of Natural Language.  
There are several form of learning, ranging from by being told to learning by discovery. In the former type 
of learning, the learner is told explicitly what is to be learned. In this sense, programming is a particular kind 



of learning by being told. The main burden here is on the politician, although the learner's task can be 
made more difficult by requiring that the learner understand what the politician had in mind. So learning by 
being told may require intelligent communication, including by discovery, as apposed to being told, the 
learner autonomously discovers new concepts merely from under structured observations or by planning 
and performing experiments in the environment. There is no politician involved here, and all the burden is 
on the learner. The learner's environment plays the role of an oracle.  
Between these two extremes lies another form of learning: learning from examples (or political facts). The 
teacher (or politician) provides examples for learning, and the learner is supposed to generalize the 
examples, thereby inducing general rules, or a theory, underlying the given examples. The politician can 
help the learner by selecting good training instance, and also by describing the examples in a language 
that permits formulating elegant general rules. Therefore, the task of teacher is not trivial, although he 
does not have to specify the targeted theory in complete detail but just provide illustrative examples 
instead. In this sense, learning from examples exploits the known empirical observation that experts (that 
is, "politicians") find it easier to produce good examples than to provide explicit and complete general 
theories. On the other hand, the task of the learner to generalize from examples can be difficult.  

Learning from examples is also called inductive learning.  
Inductive learning has been dominating the research in machine learning in artificial intelligence, and this 
research has produced many solid results. Several types of tasks can be learn from examples. One can 
learn to diagnose a political object or area, or to predict the behaviour of a party, or improve efficiently in 
solving of a conflict.  
A learning technique is said to be supervised if it involves a trainer and unsupervised if it does not. In 
between, there are techniques that reduce the role of the trainer, these are called semi supervised. 
Different learning techniques place different borders on the learner and the trainer. In general, 
unsupervised learning is harder than supervised learning. Also, most of the supervised learning techniques 
rely on episodic learning, that is, learning under immediate or synchronous feedback.  
 
 
19.6 - Deduction, induction and Abduction - Are defined as:  

19.6.1- Deduction - In deductive learning, the learner draws deductive, truth preserving inferences from 
the knowledge given and stores useful conclusions. Deductive learning includes knowledge reformulation, 
knowledge compilation, creation of macro-operators, caching, chunking, equivalence-preserving 
operational, and the truth-preserving transformations.  

19.6.2- Induction - Induction is simply a process opposite of deduction. While deduction is a derivation of 
consequents from given premises, induction is a process of hypothesizing premises that entail given 
consequents.  
Induct ion is the process of inference employed in inductive logic. Mathematical induction is an inference of 
the form:  
 basis:  the first member of a series, 5, has property, P  
inductive step:                 if one member of 5 has P, then so does the next  
 conclusion:  all members of Shave P.  

Inductive learning cab be subdivided into learning from examples and learning by observation and 
discovery.  

19.6.3- Empirical Induction - In which the system creates an inductive hypothesis on the basis of the 
given facts, using primarily domain-independent background knowledge. A particularly important instance 
of empirical induction is empirical reasoning from particulars to universals, and empirical inductive 
generalization.  

19.6.4- Abduction - Is the operation of adopting an explanatory hypothesis that would account for all the 
facts or some of them. In general, abduction is reasoning from particular facts to plausible explanations of 
these facts. Given some facts, q, abduction attempts to infer the likelihood of some other events, p, which 
would explain q, as in the proposition.  

if p then q  
For example, if we know the implication,  
 

if ZZZ build a military coalitions with XXX then 
YYY will have a negative reaction to ZZZ  



 
and we know as a fact.  
 
                        YYY has not yet a negative reaction to ZZZ 
 
 we cannot deduce  
 

ZZZ has not yet a military coalition with XXX  

 

19.6.5- Induction of Decision Tress - Induction of decision trees is a popular method for learning 
attribute-type descriptions. Concept descriptions are in this case represented by decision trees. Induction 
of trees is relatively efficient an easy to program. The basic tree induction algorithm is as follow:  
To construct a decision tree T for a learning set S do:  

if all the examples in S belong to the same class, C, then the result is a single node tree 
labelled C otherwise  
select the most 'informative' attribute, A, whose values are V1, ... , Vn;  
partition S into S1, ... , Sn according to the value of A; construct (recursively) subtrees T1, ... 
,Tn for S1, ... ,Sn; final result is the tree whose root is A and whose subtrees are T1, ... , Tn, 
and the 1 inks between A and the subtrees are labelled by V1, ... ,Vn thus the decision tree 
looks like this:  

 
 
 
 
EXERCISES NR.1 - BUILDING A SHIPLE PROGRAM MODUL FOR AUTOMATIC LEARNING IN INTERN PROCESSES OF 
CIPSE STATIONS, WTH THE POSSIBILITY TO:  

-  AUTOMATIC LEARNING IN INTERN PROCESSES OF CIPSE STATIONS, AND AUTOMATIC INTERFACING 
BETWEEN THESE STATIONS.  

  
EXERCISES NR. 2 - BUILDING SIMPLE LEARNING PROGRAM MODUL (BOX 1) WITH FOLLOWING FUNCTIONS:  

- PROGRAM FOR DEFINATION OF POLIT PREDICATES IN BASE OF THEIRS TIME VALUES AND OPERATION 
REASERCH FACTORS  
-  BANKING OF POLIT PREDICATES FOR ANALYSIS  
-  INTEGARTION AND CONCEPTUAL LEARNING FROM POLIT PREDICATES  
-  SCHEDULING OF VALUES OF PREDICATES.  

 
19.7- Learning from Political Facts - The target of learning is a concept description, and the sources of 
information general description explaining all positive examples and excluding all negative examples of the 
target concept. An example for learning a concept C is a pair  

(object, class)  

Where object is an object description and class is either "+" or “_". If object belongs to C then class="+"; 
otherwise class=”-2”. We say that object is either a positive example or negative example. The problem of 
learning concept C from examples can now be stated as follows: Given a set S of examples, find a formula 
F expressed in the concept description language, such that:  

For all object X:  
(1) If X is a negative example in the training set S then X matches F  
(2) If X is a negative example in S then X does match F  

As the result of learning, F is the "system's understanding" of the concept C as learned from examples. 
According to this definition, F and C "agree" on all the given example objects in S.  

for learning are examples. In learning from examples, the task is to determine a  

19.7.1- Learning Concepts from Political Facts - Problem statement the main type of learning studied in 
PIS (polit-Intelligence System) is Concept Learning (CL), although this is not the earliest. Concept learning 
involves a program learning whether or not a given political facts is or is not an instance of a specified 
concept. CL program learn by taking into account information about positive and/or negative political facts. 
The facts may be supplied either by a politician, or by the CL system itself. The approval, or disapproval, of 



the political facts can be given by a politician or informant as with all current CL systems, or by the CL 
system itself.  
The problem of learning concepts from facts can be formalized as follows. Let U be the universal set of 
polit-objects that is all objects that the learner may encounter. There is in principle no limitation on the size 
of U. A concept C can be formalized as a subset of polit-objects in U:  

 
C ⊂ U  

To learn concept C means to learn to recognize objects in C. In other words, once C is learned, the system 
is able for any object X in U to recognize whether X is in C.  
For example the concept of development country in world countries. The universal set U is the set of all 
political systems made of countries in world countries. Development country is subset of U containing all 
the development country like and nothing else.  
To learn concept C from a given sequence of examples E1, E2, ... , En, where E1 must be a positive fact 
of C) do:  
(1) Adopt E1 as the initial hypothesis H1 about C.  
(2) Process all the remaining examples: for each Ei (i=2, 3, ... ) do  

2.1 Match the current hypothesis Hi-1 with Ei; let the result of matching be some description D 
of the differences between 8i-1 and Ei.  

 
2.2 Act on Hi-1 according to D and according to whether Ei is a positive or a negative example 
of C. The result of this is a refined hypothesis Hi about C.  

 
 

FIG.19.1. IS A REPRESENTATION ABOUT POLIT HISTORICAL EXPLANATION AND LEARNING PHASE. THE PROCESS 
DEFINES FROM FOLLORING PROCESSES:  

1 - ARRIVING THE HISTORICAL SERIE OF TEXTS  
2- NATURAL LANGUAGE UBDERSTANDING PROCESS OF POLITICAL TEXTS 
3- CHANGE THE GRAMMATIC STRUCTURE TO POLIT PREDICATE STRUCTURE  
4- STATICAL ANALYSIS WITH AIM OF GROUPING OF HISTORICAL MATERIAL TO SYSTEM HIERARCHY AND 
KNOWLEDGE FOR FURTHURE LEARNING AND INTEGRATION PROCESSES.  
5- REPRESENTATION OF TASK OF HISTORICAL PROCESSES AS GRAPHICAL, CAMPUTATIONAL AND NATURAL 
LANGUAGE MATERIAL FORM.  



 
 
 

FIG.19.2. IS PRESENTATION OF ALGORITHM OF POLIT LEARNING IN THE HISTORICAL LEARNING STAGE IN SMALL 
FIGURE IN UP OF THE PAGE REPRESENTED AS: 

1.1- ARRIVING DATA TO CIPSE STATION  
1.2 - SENDING INFORMATIONS TO ACSPP AND PSPC STATIONS FOR STATICAL PROCESS AND GROUPING  
1.3- RETURN OF INFORMATIONS TO CIPSE STATION  
1.4 - SENDING INFORMATIONS TO DEMONSTARTIVE STATIONS OF CAPX, CAPS 1M, AND PIS  
 



 
FIG.19.3. IS DEMONSTRATION OF THE HISTORIC LEVEL IN HARD PRINT FORM.  
 

 
 
FIG.19.4. PAGE IS A REPRESENTATION OF POLITICAL REALTIME LEARNING PROCESS IN C I PL STATION (FOURTH 
ETAGE). THE REALTIME LEARNING PROCESS FORM EVENTS CLASSIFY TO:  

1 - ARRIVING THE POLITICAL FACTS  
2- CHANGING THE FACTS TO PREDICATE USEABLE FOR POLIT LEARNING  
3- TRANSFER OF PREDICATES TO STATIONS OF CIPSE, ACSPP, PISM, AND PIS  
4- COLLECTING OF PREDICATES IN BASE OF OPERATION RESEARCH FACTORS IN MEMEORY FOR GROUP 
ANALYSIS  
5 - TRANSFER OF PREDICATES TO FURTHER PROCESSING TO OTHER SUBSTATIONS, FOR EXPLANATION OF 
POLITCAL SITUATION  
6- FINAL DEMONSTRATION OF PROCESSES AS NATURAL LANGUAGE, GRAPHICAL, AND CAMPUTATIONAL 
DEMONSTRATION. 
7- EXPLANATION OF NER POLIT SYSTEM FACTORS IN PAST REALTIME PROCESS  
8- TRANSFER OF POLITICAL SYSTEM FACTORS TO FIRST STAGE, FOR POLIT SYSTEM DEVELOPMENT AND 
CYCLING.  
 

ALGORITHM OF POLIT LEARNING IN POLITCAL REALTIME STAGE IS IN FIG.19.5. REPRESENTED AS: 
1 - ARRIVING POLIT FACTS TO CIPSE STATION  
2 - SENDING FACTS FOR UNDERSTANDING TO ACSPP STATION FOR STATICAL AND DYNAMICAL PROCESS 



3 - RETURN OF INFORMATIONS TO CIPSE STATION  
4- SENDING OF INFORMATION FROM CIPSE TO ALL STATIONS OF MPIS AND PIS 
5 - PROCESS OF TASK IN SUBSTATIONS  
6- SENDING THE CHANGE OF KNORLEDGE TO FIRST STAGE AND KNOWLEDGEBASE FOR SYSTEM AND 
KNOWLEDGE DEVELOPING.  

 

 
 



 
 
 

 
 
 
THE FIG.19.6. AND 19.7. ARE DEMONSTRATION OF REALTIME PROCESES, AS A HARDPRINT FROM MONITOR.  



Two functions are needed in a learning system which comes from the polit-management or politician. 
There are the functions of model and critical learning. The model is needed to compare with the theory or 
current 1 y hypothesized description of a concept (or programmer of a sentence). The criticism is needed 
to give direction to the learning process- the positive or negative information so necessary to learning.  
 
19.8- Problem Solver Strategy - A problem solver has a variety of knowledge about its domain. The 
procedural component of this knowledge is available as primitive pieces of procedural code called 
operators. Each operator is defined by the way it transforms a problem situation (or state) into another. A 
strategy for solving a problem IS a body of abstract procedural knowledge stated in terms of operators. The 
problem itself is a generic description of several problem instances. It is stated in terms of parameters, 
constraints, and objectives. Each instance is defined by its initial situation, that is, by the initial assignment 
of values to parameters. A solution to a problem instance is typically stated as a partial order on a set of 
operators. When applied to the initial description, a solution generation another description that satisfies 
the constraints and meets the objective. A problem solving strategy, in this respect, is a systematic method 
for generating solutions to the instances of a problem.  

19.9- Description Languages for Objects and Concepts - For any kind of learning we need a language 
for describing objects, or possible events, and a language for describing concepts. In general, we 
distinguish between two kinds of description: (1) structural descriptions and (2) attribute descriptions.  
In a structural description, an object is described in terms of its components and the relations between 
them.  
In an attribute description, we describe an object in terms of its global features.  
Particular description languages that can be used in learning programs, of course, of types similar to those 
that can be used for representing knowledge in general. Some formal isms often used in machine learning 
are as follow:  

- Attribute vectors to represent objects.  
- If-then rules to represent concepts.  
- Decision trees to represent concepts.  
- Semantic networks.  
- Predicate logic.  

Once we have an object and a concept we need a rule, or a procedure, to establish whether the object 
belongs to the concept. Such a rule will determine whether the object satisfies, or matches, the concept 
description. This can be formalized as a matching predicate or a matching function of two arguments:  

match (object, concept-description)  

The definition of matching depends on the particular learning system. In the cases that match is a 
predicate it will just say that object does or does not satisfy concept-description. If match is a function, it 
may say to what degree object satisfies concept description. Alternatively, in the case that object does not 
satisfy concept-description, match may produce a symbolic description of the differences, or reasons why 
not.  

Criteria of Success - Here are some usual criteria for measuring the success of a learning system.  

1- Classification accuracy. This is usually defined as the percentage of objects correctly classified by 
the learned formula F. We distinguish between two types of classification accuracy:  

- Accuracy on unseen objects-that is, those not contained in the training set S.  
- Accuracy on the objects in S (of course, this is interesting only when exact agreement 

between F and C and S is not required in the learning algorithm.  

2- Transparency of the Induced Description F. It is often important that the generated description be 
understandable by a human in order to tell the user something interesting about the application 
domain. Such a description thus also is used by politician directly, without machine help, as an 
enhancement to politicians' own knowledge. This criterion is also very important when the induced 
descriptions are used in an expert system whose behaviour has to be transparent.  

3- Computational Complexity. What are the required computer resources in terms of time space? 
Usually we distinguish between two types of complexity;  

- Generation complexity (resources needed to induce a concept description from examples).  



- Execution complexity (complexity of classifying an object using the induced formula).  

 

19.10- Political strategy Selection versus strategy Construction - A heuristic is modular, whereas a 
strategy is prescriptive; this implies that heuristic-learning systems can consider decisions in isolation, but 
strategy-learning systems must deal with a decision in its context. Thus, heuristic learning systems are 
classified as strategy learners only in the case of delayed feedback. If the chose between several available 
heuristics, they are called strategy selection systems, whereas if they construct new heuristics, they are 
called (piecewise) strategy constructors. The knowledge used for credit assignment in each case is 
described next.  

1- Strategy Selection: strategy selection problems are simpler than the construction problems. 
The selection problem requires knowledge of evaluation techniques only. If the learning problems 
involve evaluation of predefined operator sequences, then the critic needs to know only the extent 
to which the application of a sequence leads to a state that satisfies the objective.  

2- Strategy Application: If the problem involves learning of complex preconditions for assessing 
the applicability and the utility of predefined operator sequences, the credit assignment  process 
must include an analysis of violated preconditions and their eventual rectification.  

3- Strategy Construction: A strategy construction problem requires knowledge of composition and 
evaluation of search control heuristics. If the learning task requires generation of complex 
sequential behaviour, the critic needs the causal model and another component for constructing 
complex operator sequences.  

By multistrategy learning systems are meant systems that combine several basic strategies and/or 
paradigms. Many current systems are concerned primarily with integrating empirical generalization and 
explanation-based learning. Future multistrategy systems will undoubtedly integrate other strategies and 
paradigms, including possibly combinations of symbolic and sub symbolic learning methods. Such 
multistrategy systems will be capable of adapting the learning strategy to the task at hand, and cope with 
learning problems involving various kinds of imperfection of background knowledge and/o~ the, input~ 
data and by that with be applicable a wide range of learning situations.  

 
EXERCISE NR. 3 - BUILDING A MODUL PROGRAM FOR POLIT STRATEGY EXPLANATION AND LEARNING WITH 
FOLLOWING FUNCTIONS:  

- GROUPING OF POLIT PREDICATES AND VALUES IN THE BASE OF DIFFERENT SEARCHING PROCESS AND 
STATICS ANALYSIS, WITH THE GOAL OF DEFINATION OF POLIT STRATEGIES.  

 
 
EXERCISE NR. 4- THINKING ABOUT THE WAY OF AUTOMATIC TACTICS LEARNING FORM STRATEGIES WITH NEXT 
GOALS: 

 - AUTOMATIC PLAN-MODEL SELECTING, DYNAMIC GOAL REGRESSION, AND EXPLANATION OF TACTICAL 
VALUES.  

19.11- An Adaptive Systems Perspective - The study of learning is the study of adaptive systems, and 
for the last decade the modern view of learning systems has followed developments in cognitive science, 
artificial intelligence, and adaptive control systems theory. A learning system adapts over time by making 
changes that improves its performance.  

 



 
FIGURE IS THE FIRST STAGE OF POLIT LEARNING STATION (CIPL STATION). THE PROCESSES IN THIS LEVEL CLASSIFY 
IN TWO GROUPS,FIRST; INISTALLATION, AND SECOND; DEVELOPMENT PHASE. 
 
INISTALLATION PHASE CLASSIFY AS FOLLOWING PROCESSES:  

1- SELECTING THE INTEGRATION, MANAGEMENT, AUTOMATION AND LEARNING ALGORITHMS, FACTORS, 
OPTIONS AND MODELS OF SOFTWARE, IN OTHER WORD DEFINATION OF SOTWARE STRUCTURE FOR 
CONCRET SITUATION (SOFTWARE INISTALLATION)  
2- FULLING THE EXPERT AND LEARNING POLIT-KNOWLEDGEBASE, HIERARCHIES AND RULES.  
3- TEST THE STATIONS AND INTERFACES PROCESSES.  
 

DEVELOPMENT PHASE CLASSIFY AS FOLLOWING PROCESSES, THIS STAGE IS STARTING AFTER EVERY REALTIME 
STAGE:  

1 - ARRIVING THE NE~ POLIT SYSTEM FACTORS FROM THE POLIT REALTIME LEVEL.  
2- EFFECTING OF POLIT SYSTEM AND SUBSYSTEM AND STRUCTURAL FACTORS IN KNOWLEDGE HIERARCHY 
AND STRUCTURE. 
3 - ADAPTION OF THIS SYSTEM AND STRUCTURE DEVELOPMENT AS A BASE FOR DEVELOPMENT OF ALL 
OTHER STATIONS, THAT MEANS FULL DEVELOPMENT.  
4- REPRESENTATION OF CHANGES AND DEVELOPMENT OF POLIT SYSTEM IN NATURAL LANGUAGE, 
COMPUTATIONAL, AND GRAPHICAL FORM.  

 
ALGORITHM OF THIS PROCESS HAS DESINED IN THE SMALL FIGURE IN UP OF THE PAGE: 

 1 - START OF INSTALLATION OR DYNAMIC SYSTEM CHANGING FROM CENTRAL CIPSE MENU AND STATION 
2- COUNTINUE OF INSTALLATION AND SYSTHM CHANGING IN ALL OF STATIONS.  
THE FIGURE IN THE UP OF THE NEXT PAGE IS A HARD PRINT OF POLIT INSTALLATION PROCESS, FROM A CIPL 
SOFTWARE.  

The causal and imprecise usage of the term "learning" in everyday life seems to confound attempts to 



provide a succinct, all-inclusive definition for it. Faced with this difficulty, the operational workaround of the 
machine learning research community has been to focus on useful and interesting aspects of learning 
without concern for capturing all facets. From an adaptive systems perspective, that focus is on systems 
that are capable of making changes to themselves over time with the goal of improving their performance 
on the tasks confronting them in a particular environment.  

 
As has been the case in other machine learning areas, it is useful to separate out the problem-solving 
component (whose performance is to be improved) from the learning component, which is charged with 
finding ways of improving the performance of the problem solver.  
As an example of such an adaptive system, one might consider a rule-based diagnostic expert system as 
the task subsystem augmented with a learning subsystem that continually monitors the performance of the 
expert system, making changes to the rule base in an attempt to improve diagnostics performance.  
 
EXERCISE NR. 6 - BUILDING A MODUL PROGRAM (FOR BOX2) RITH FOLLOIHNG FUNCTIONS: 

 - DEFINATION OF NER AND ACTIVE POLIT-SYSTEMS FROM ARRIVED PREDICATES  
- GROUPING OF NER POLIT-SYSTEMS  
- INTEGRATION OF NEW SYSTEMS  
- CONCEPTUAL LEARNING FROM NEW SYSTEMS  
- BANKING OF NEW SYSTEMS.  
 

EXERCISE NR. 7 - PROGRAM FOR POLIT SYSTEM DEVELOPING, RITH FOLLOWING CHARACTERISTIC IN THE BASE OF 
CONTENTS OF BOX 2:  

- EFFECTING OF NEW SYSTEM IN KNORLEDGE  
- CORRECTING OF KNO~LEDGE HIERARCHY AND SYSTEM STRUCTURE  
- AUTOMATIC EFFECT OF THIS SYSTEM CORRECTOR IN DEVELOPING LIFE CYCLE OF STATIONS.  

 
 
19.11.1- Feedback - Three classes of feedback in a adaptive learning system can be considered:  
 

1- Feedback after every decision: In this class, the feedback from the environment is made 
available after every decision. Examples of learning from immediate feedback are strategies 
employing the greedy heuristic-choose the locally best decision at each decision point.  
 
2- Feedback after every solution path: These problems involve learning episdes; each episode 



consists of the complete solution of a specific training instance at the feedback.  
 
3- Feedback at arbitrary intervals: Most complex problems involve asynchronous delayed 
feedback. In these problems, there is no concept of a learning episode. A good approximation is to 
consider (imaginary) episode delimited by successive reinforcements.  

 
The nature of feedback can classify as:  

1- Abstract feedback: If the feedback is in the form of abstract device, then learning involves 
operationalizing this advice- rendering it usable for search by translating it into concrete advice.  

2- Prescriptive feedback: If the feedback takes the form of a description of desired output, the 
critic computes error by matching. The credit assignment process assigns high evaluation to 
actions that minimize the mismatch.  

3- Explanation: If the feedback is an explanation of a solution in terms of recent. Behaviour, the 
learner tries to generalize that explanation while maintaining consistency with other knowledge.  

4- Evaluate feedback: If the feedback takes the form of reward or punishment, the critic prefers 
actions that result in the maximum reward (minimum punishment). It needs to form an internal 
model of the reward generation mechanism.  

 

19.12- Political Dynamic Decision Problems - The category of Political dynamic decision problems 
includes many practical instances of problems, stochastically modelled, especially those whose 
parameters are not stationary with time. Many problems that can be modelled approximately by queuing 
theory fall into this group.  
Dynamic decision problems can be further subdivided into policy design problems and reactive planning 
problems. A policy design problem is characterized by the need for fast decisions to be made from a small 
group of stereotypical decisions. Decision making in this case is too frequent to allow time for searching 
among alternatives. In a typical scenario, anyone of a few available alternatives is implemented, and 
performance measurement is possible only through statistics accumulated over many decision points.  
A reactive planning problems involves the dynamic construction of goal-seeking behaviours in the face of 
a no stationary environment, in which asynchronously generated events may violate some goal conditions 
achieved by past actions. Since the strategies to be developed are different in each subclass, different 
methods may have to be applied to learn the strategies.  
Dynamic decisions are almost inevitable in polit-real-world problem solving. A already mentioned, the 
problems in policy design require different problem solving techniques than problems in reactive planning.  
 
 ECERCISE NR. 8  - BUILDING A MODUL PROGRAM FOR AUTOMATIC OPERATION RESEARCH BETWEEN THE LEARNING 
PROGRAM MODULS AND PROCESSES.  

19.12.1- Goal Regression - Suppose we are interested in a list of Goals being true in some state S. Let 
the state just before S be S0 and the action in S0 be A. Now let us ask the question: what goals Goals0 
have to be true in so to make Goals true in S?  

state S0: Goals ------> state S: Goals  
                                A  

Goals0 must have the following properties:  
 

(1) Action A must be possible in S0, therefore Goals0 must imply the precondition for A.  
(2) For each goal G in Goal either  

- action A adds G, or  
- G is in Goals0 and A does not delete G.  

Determining Goals0 from given Goals and action A will called regressing Goals through action A.  

The mechanism of goals Goals from some initial situation startstate, do:  



If Goals are true in startstate then the empty plan suffices; otherwise select a goal G in Goals and an 
action A that adds G; then regress Goals through a obtaining NewGoals and find a plan for achieving 
NewGoals from startstate.  

FIGURE OF NEXT PAGE IS A DEMONSTARATION OF POLITICAL FUTURE DISCOVERY PROCESS OR PHASE (THIRD 
STAGE OF CIPL STATION). THE FUTURE DISCOVERY PHASE IS CLASSIFIED IN FOLLWIING PROCESSES:  

1- ARRIVING INFORMATIONS FROM DATABASE  
2- DEFINATION OF STARTEGIES IN BASE OF HISTORICAL - STATICAL TASK 
3- DEFINATION OF PLAN AND OPERATION RESEARCH MODEL  
4- DYNAMIC GOAL REGRESSSION IN BASE OF PLAN GOALS  
5- REPRESENTATION OF FUTURE DISCOVERY PROCESSES IN NATURAL LANGUAGE, GRAPHICAL, AND 
CAMPUTATIONAL FORM.  

THE ALGORITHMS AND PATH OF FUTURE LEARNING IS DEMONSTARTED IN SMALL FIGURE IN UP OF THE PAGE. 
1 - START OF FUTURE LEVEL FROM CIPSE STATION  
2 - SENDING THE FACTORS FOR DYNAMIC AND PLAN PROCESS (PDPC AND PPMS STATIONS)  

RESULT TO DEMONSTRTAIVE AND DIALOG STATIONS AND SUBSTATIONS OF CAPK, PIS, AND OTHER. THE NEXT 
FIGURE IS A HARD PRINT FROM FUTURE PROGNOSING LEVEL IN CIPL SOFTWARE.  



 

19.13- Natural Language Processing in use of Polit-Learning - The term natural language processing 
(NLP) means almost the same as computational linguistics, though it has a slightly more pragmatic 
connotation. It can cover both speech and text processing and both the generation and understanding of 
political natural language expressions. The understanding process can map natural language expressions 
into another natural language (machine translations), an artificial language (e.g. a database query 
language), or some data structure intended to capture the syntactic or semantic structure.  
One of major area of machine-learning research has dealt with the acquisition of language. The overall 
task of language acquisition is very complex and involves many levels, including learning to recognize and 
generate words, learning the meaning of words, learning grammatical knowledge, and learning pragmatic 
knowledge. Each of these sub problems is interesting in its own right, but since the majority of AI work on 
language acquisition has dealt with grammar Learning , we focus on that issue here.  
The objectives of research in NLP are various. The principle areas of research are:  

- Developing and modelling linguistic system;  
- Conceiving and implementation models and systems of NLP;  



- Evaluating such systems from the point of view of human-machine interfaces.  
 
Natural languages are in marked construct to formal programming languages such as LISP, PROLOG, 
BASIC, PASCAL, or C. The latter were designed to be easily understood by computers.  
Research on natural language understanding by computers is one AI field. Understanding the 
computational mechanisms that underline the use of natural language is the objective of computational 
linguistics. The latter is a science at the juncture of AI philosophy and psychology that aims to  '  

- understand how humans communicate,  
- improve man-information communication skills, and  
- help develop machines with human-like communications capabilities.  

The first goal, to understand how human communicate, is a scientific goal. When properly pursued, it 
helps us understand ourselves. In fact, while all of us think of ourselves as experts in the use of our 
natural language, we have only vague notions of the mental processes involved. A clearer insight into the 
essential nature and functioning of such processes might enable us to better communications.  
The ability of computers to understand natural language increase their accessibility and flexibility. Natural 
language is therefore a basic goal of fifth-generation computer projects. Such Japanese projects aim to 
develop natural language computer systems.  

 

19.13.1- Natural Language and Parsing - The other traditional domain of AI is Natural Language (NL). 
This includes not only Natural Language understanding and programming, but Machine Translation (MT), 
and speech recognition. There are also the areas of computer science and mathematics concerned with 
artificial language, formal languages, and parsing.  
The parser receives the natural language input and decomposes it into the various elements of speech. 
Each word of the input is analyzed to determine the function of the word and how it relates to all of the 
other words. The output of the parser is a variation of a sentence diagram that graphs the words according 
to their meaning and purpose.  
The knowledge base contains a dictionary that comprises the computer's range of understanding. The 
dictionary constitutes the universe of words that are in a specific domain. Any input that is not in the 
dictionary is likely to receive a "no data" interpretation.  
The control program receives input and uses the knowledge base to try to understand it. The syntax, 
semantics, and context of the input are considered. If the program understands the input, it outputs a 
statement derived from that understanding. This statement can be directed at the user, a peripheral 
computer device, or a program.  
Natural language programs are currently being used to provide an interface with other computer 
applications such as databases. The natural language interface receives language input and then 
converts it into the required form. One interesting application of natural language processing is to 
translate input from English to another language.  
Computational and representational ideas provide the metaphors describing different parsing strategies: 
notably, top-down, bottom-up and middle-out. These terms are more generally applied to reasoning 
processes and corne from the general search-tree paradigm. The most appropriate parsing strategies 
seem to be composites of top-down and bottom-down, giving rise to an "end-in" search strategy.  

19.13.2- Man Machine Interfaces - The goal of man machine interfaces design is to place more 
emphasis on the effective communication between the end-user and the machine expert in those tasks 
where man needs assistance- more specifically, on communication between the end-user and the 
information handled by software and hardware.  
Researches on man-machine interfacing shows that advances interface technologies, such as natural 
language understanding, must be complemented by strategies that make information systems cooperate 
actively their users.  

19.13.3- Linguistic level (structure) - Within the framework of NLP, a linguistic can be used for two 
purposes. The first of these is the programming of a linguistic theory with a view to demonstrating or 
proving certain of its properties. The other use, which is certainly the one which concerns researches and 
developers in the field of Artificial Intelligence and those working on natural language interfaces, is the 
incorporation of certain aspects on linguistic theory into the design of practical NL interfaces. This 
incorporation is often motivated by the degree of appropriateness of the linguistic description as well as by 
the extent to which the theory can be generalized sufficiently it to be used in a computational environment, 



where the requirement are for tractability and parameterization.  
From this latter point of view, the main task is to establish a coherent set of necessary and sufficient 
linguistic principles, bearing in mind the goal aimed at.  
Constituent structures (or simply, constituents) are built up from the basic syntactic categories. The most 
usual basic lexical categories are as follows:  

- nouns (N): Turkei, president, nation  
- determiners (DET): the, some, most  
- verbs (V): conflicts, regulate, corporate, have  
- adjectives (ADJ): yesterday, rarely, rather, very  
- auxiliaries (AUX): has, will, is, are, must, should  
- conjunctions (CONJ): and, or  
- preposition (PREP): to, on, with, in  
- pronouns (PRON): he, who, which  
 

The constituents found in standard theories are defined in terms of these basic categories. Here are some 
of the more usual ones:  

- sentence (S): a whole sentence, e.g.  
- noun phrase (NP): a noun or pronoun together with elements which modify it, i.e. determiner, 

adjectives, relative clause, etc, e.g.  
- verb phrase (VP): a verb or verb group and its immediate complements (direct, indirect and 

prepositional objects), e.g.  
- prepositional phrase (PP): a preposition followed by a noun phrase, e.g.  
- adjective phrase (ADJP): an adjective with its modifies, i.e. adverbials, qualifying phrases, e.g.  
- adverbial phrase (ADVP): an adverb together with modifiers, e.g.  

 
Constituent structure is described using phrase-structure rules.  
One might say, for example, that a sentence S consists of a noun phrase NP and a verb phrase VP. This 
would give us the following rule:  
 

S - NP, VP.  

In the same way, a verb phrase might be made up of a verb followed by a noun phrase NP and an 
adverbial phrase ADVP:  
 

VP - V, NP, ADVP.  

Or it might of an auxiliary followed by a verb and a prepositional phrase:  
VP - AUX, V, PP.  

A prepositional phrase might consist of a preposition followed by a noun phrase:  
PP - PREP, NP.  

Where a noun phrase can be  
NP - DET, N.  
 NP - DET, ADJP, N. 

and so on.  
 
The presented types of grammar had the aim of describing the structure of sentences and certain linguistic 
phenomena. They didn't necessarily address the question of developing a way of automatically determining 
the structure appropriate to a sentence. If we want to use computational tools for processing natural 
language, we need algorithms which allow us to determine automatically whether a sentence corresponds a 
certain structure, and if so, how the different parts of each relate to each other.  
Logic has provide itself generally as an excellent tool and medium for natural language processing.  

 

19.13.4- Semantic Level (understanding) - The semantic aspect of NLP revolves around two 
complementary perspectives. The two perspectives are:  

- determining the semantic represent at ion formal ism itself, which will be based in this case 
on logic and prolog;  

- The way this representation can be computed from the result of syntactic parsing.  



The semantic level deals with the meanings of words, word groups and sentences. It is often closely 
connected to the pragmatic level which deals with the relationship between an utterance (or sentence) and 
its socio-cultural context. Each word, at the lexical level, has associated with it one or more 'internal' or 
semantic representation, which can vary from theory to theory. The rules of semantic composition are 
associated with syntactic rules and describe how the internal representation of a construction can be 
deduced or calculated from the substructures it is made up of (this is the principle of 'compositionality'). 
When this calculation has more than one solution or result (syntactic ambiguity), elements beyond the 
structure are taken into account. These are factors such as the positions of other words in the sense, the 
local context of the utterance, or rules of common sense. The set of such rules has been the subject of 
many studies, particularly by logical philosophers, but they are not of immediate relevance in artificial 
intelligence.  

19.13.5- Automatic Text Generation - Composing a text involves several complex cognitive processes. A 
text is a constitutes a channel of communication between communicators: there is a sender and one or 
more receivers. The text, whether spoken or written, can be seen as a one-way communication, as in the 
case of a book or a radio or television programme. Equally, it can have multiple channels in the case of 
dialogues or discuss ions between several participants, each taking their turn to influence the direction of 
the debate and hence the global content of the messages involved.  
A communicate ion passes through the following stages: the sender must first collect the appropriate 
information which will be used to construct a series of messages having a particular structure. This is the 
phase of message elaboration. A written or spoken representation of that message must then be 
synthesized, using the grammatical and lexical rules of the language. These two stages taken together 
are what we understand by the term generation.  
Text generation requires semantic knowledge which defines the content of what we want to express, 
and linguistic knowledge which defines the form of its expression. The semantic knowledge mayor may 
not be independent of the natural language in which it will be expressed. It can also very complex when 
one considers that single sentence can signify many things and evoke multiple implicit details based on 
contextual and 'real world' knowledge.  

EXERCISES NR.1 - BUILDING A SIMPLE PROGRAM FOR LEARNING FROM POLITICAL CONCEPT, AND POSSIBILITY TO 
DO FOLLOWING FUNCTIONS:  

- ARRIVING CONCEPT A  
- UNDERSTANDING OF CONCEPT A AS SERlE OF TEXTS A 1, A2, A3, ... , An IN THE BASE OF KNORLEDEG BASE  

 - UNDERSTANDING OF TEXTS     A1, A2, .......... , An  AS SERlE OF SENTENCES OF:  
                                                                       
                                                                     A11, A12,… A1n  
                                                                     A12, A22,… A2n  
                                                                           ………….                         
                                                          Am1, Am2, …Amn  
 

- UNDERSTANDING OF SENTENCES OF Aij AS STRUCTURE WITH GRAMMATIC INDEXES IN THE BASE OF 
GRAMMATIC AND LEXICON KNORLEDGE BASE.  
- CHANGE OF GRAMMATIC STRUCTURE TO POLITICAL PREDICATE RITH VALUES, IN THE BASE OF RORDVALUE 
KNOWLEDGE BASE.  
- SENDING THE NER PREDICATE TO CIPSE STATIONS FOR PROCESSING.  

 



 

19.13.6- Lexicons - The lexicon contains the vocabulary, I.e. the list of the words, of the language. These 
words have associated with them characteristics of a phonological, morphological, syntactic and semantic 
nature. The way in which these characteristics are expressed differs from linguist to linguist.  
In Polit-Learning (PL) lexicon consist of three sub lexicon (Figure of next page):  

- Grammatical lexicon (name, verb, semantic and syntactic features, etc.) ;  
- Predicate lexicon (Geographic names, polit-actor names, polit-processes, strategies, etc);  
- Lexicon for changing of words from natural language to polit-logical programming. Lexicon for 

definition place of words from NL to a place in logical process.  
-  

Phonological information concerns the relationship between the written word and its spoken form. 
Morphological information accounts for the different (grammatical) variants of a word: most nouns have a 
plural form (party-parties), verbs have different tense forms (defence, defencing, defenced), etc. 
Morphological facts are usually represented as a set of features, sometimes expressed as attribute value 
pairs, e.g. number;present, tense=present and so on. The features and their values differ from language 
to language.  



 
- Strategy and tactics (improvement, deimprovement, agreement, conflict, positive, and etc.);  

The third sub Lexicon has for comparing and changing of natural language Grammatik to logic form 
designed, that can be useable for further calculation in base of predicates and values of them.  

 

19.14- Hypertext Research and Text Understanding - Hypertext is an approach to information 
management in which data is stored in a network of nodes connected by links. Such nodes can contain 
multimedia: classical data, text, image, graphics, audio, video, source code, or other forms. They are 
meant to be viewed and manipulated interactivity.  

Hypertext solution involves issues, systems, and applications.  
Among the issues are cognitive aspects of using and designing hypertext systems, supporting collaborative 
work, management of complexity in large information networks, and strategies for effective use of 
hypertext.  
Hypertext systems focus on database constructs virtual memory, abstract machines, intelligent database 
engine, database management, and multimedia support.  
More sophisticated solutions address the issue of text understanding. This involves natural language 
parsing and structural models reflecting both theoretical and empirical conditions.  
Research on text understanding is becoming relevant to expert system designers, since the automatic 
synthesis of knowledge banks through text analysis directly attacks the knowledge acquisition bottleneck. 
However, such research is still in its infancy. Analysis of the requirements of text understanding shapes a 
theory in terms of cooperating lexically distributed processes.  
Text understanding requires a system architecture that supports parallel interactions among the knowledge 
sources. Corresponding grammar specifications have to meet:  

- elaborated communication requirements of the distributed organization of linguistic 
knowledge in terms of word experts and  
- Text structure requirements based on appropriately tuned text grammars, leading to 
automatic acquisition of knowledge through text analysis.  

 

19.15- Voice Level Integration - Information can be stored as normal text information and speech 
synthesized by using text-to speech hardware and software. The speech produced is not high in quality, 
but the amount of storage needed for each second of speech is very low. An advantage of using speech 
synthesis for audio output from a computer is that the content of spoken text messages can be easily 
searched. By contrast, searching recorded audio messages for word patterns is not easy.  
Voice recognition is the process of recognizing patterns within the digitized speech signal and consists of 
two parts:  

- Speech recognition and  
- Speech understanding.  

Speech recognition searches for patterns in the incoming speech which match those of stored templates. It 
can be divide into speaker dependent/speaker-independent and isolated-word/connected-word systems. 
Speaker-dependent approaches identify spoken words only from a single speaker, having been trained to 
recognize his words. Speaker independent systems identify selected words spoken by any speaker.  
The lexicon may list all the forms of the words with their associated features. Alternatively, the lexicon may 
include a set of Rules which account for the different forms of the words. 



 
These rules called morphology rules and, like phrase-structure rules, they can be used either to 
generate the appropriate inflected forms from the basic forms and their feature specifications, or to give an 
analysis of the character strings in the reverse direction. In addition, these rules can be used to form new 
words on the basis of the information available, as in the case of derivational morphology, e.g. forming a 
noun from a verb (vote-voting) and so on.  
Each word belongs to a syntactic category. This means that it can be subcategorized according to the 
context or environment in which it can appear. In general, this environment can be expressed in terms of a 
list of the constructions in which it can participate, or which can be attached to it. These constructions often 
express some form of modification the aim of which is to further clarify the meaning of the word. For 
example, with the verb vote we can have vote a president, vote a party, ... and so on. It is not possible in 
the framework of NLP to draw up an explicit list of all the possibilities. The technique used instead is, in a 
perhaps simplistic way, to group the possible modifiers into semantic features. So for example, take 
the train is like take the bus, so bus and train most have the same semantic features.  
At the moment there is consensus of options concerning neither the best way to use semantics features nor 
the exact role that they should play. On the other hand it is generally agreed that there are syntactic 
features which can be used to subcategorize certain types of word.  
Another way of subcategorizing verbs is in terms of the semantic roles of their complements, using 
terms like agent, theme, goal, instruments and so on. The list of roles suggested varies widely. The roles 
are associated with syntactic and semantic features {e.g. agent is animate, subject of a transitive verbs and 
so sub categorization frames can be described for the verbs.  
From a logical level words can define in following sub classes in  
second sub lexicon:  

- Geographic names (Regions, countries, subregions, and etc.);  
- Polit actors (President, state of country, organization, and etc);  
- Polit process (development, life-price, war, peace, defence, voting, conflict, and etc.);  
- Time (yesterday, last month, 1992, and etc.);  
- Time period  

Isolated-word systems requires a discrete pause between spoken words; connected-word systems do not. 
Speech understanding attempts to improve the accuracy of speech recognition by using information on the 
context of the spoken passage.  


