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Dunărea de Jos University of Galaţi, Romania  The present paper presents some logical aspects of symbolic AI Systems, applied to the Intelligent Systems design. The basic feature of these systems is represented by the processing of the imprecise and dynamic knowledge involved in the synthesis of some decisions. We consider that the paper tackles an up-to-date and little debated aspect especially in the field of decision fuzzy systems. Knowledge-based systems with real-time functioning bear features that the majority of classic systems do not have: reasoning is evolutionary and non-monotonous due to the dynamic nature of the application, and events can change the status of the expert management system. The management architectures based on symbolic techniques acquire characteristics specific to the domain problem and to the type of intelligent system based on a management knowledge structure.   Keywords: Intelligent systems, Logical models, Fuzzy and Temporal logics  
1. Introduction The purpose of Artificial Intelligence (AI) as a field of science is to provide computers a series of possibilities of performing certain tasks that the human is able to do. The approaches with respect to AI are useful in creating systems which support the handling of complex problems, such as understanding natural language, recognising shapes, managing processes, classifying [18,22,27]. The study of reasoning and intelligent behaviour processes refers to understanding, describing and solving problems. A rigorous definition of symbolic AI is based on a series of concrete knowledge about this discipline and, particularly about its logical foundations [2,8,38]. Logics is a discipline that appeared long before AI, and it developed due to reasons and objectives that are very different from those corresponding to AI. Logic is now widely recognized to be one of the foundation disciplines for information technology. It has been said that logic may come to play a role in information technology similar to that played by calculus in physics. Like calculus, logic has found applications in virtually all aspects of the subject, from software engineering and hardware design to programming and AI. While progress in the past has been enhanced by theoretical development, it has to a significant degree proceeded independently of theory. In the future this is unlikely to be the case. Many of the current aspirations are seen to require major theoretical advances, and many lie in areas where logic is one of the basic disciplines. Mathematical Logics appeared at the beginning of the 20th century with the purpose to provide a set of answers to certain basic mathematical problems, while its initial goal was to research aspects of computability and demonstration [35,37]. As symbolic, or mathematical, logic has traditionally been part both of mathematics and philosophy, a glimpse at the contributions in mathematical logic at these two events will give us a representative selection of the state of mathematical logic at the beginning of the twentieth century. At the International Congress of Mathematicians Hilbert presented his famous list of problems, some of which became central to mathematical logic, such as the continuum problem, the consistency proof for the system of real numbers, and the decision problem for Diophantine equations (Hilbert’s tenth problem). However, despite the attendance of remarkable logicians like Schroder, Peano, and Whitehead in the audience, the only other talk that could be classified as pertaining to mathematical logic were two talks given by Alessandro Padoa on the axiomatizations of the integers and of geometry, respectively.  The basic purpose of logics is to study reasoning in various formal theories, and that is precisely why symbolic AI is based on these formalisms [1,11,12,19,26,29]. Logic is used to analyze the foundations of mathematics. Some parts of logic such as set theory, model theory, recursion theory, constructive mathematics are now considered as mathematics subjects in their own right. In linguistics suitable logics and logical grammars are constructed to analyze our use of language; for example, how 
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we use pronouns, quantifiers, tenses and so on. The use of logic in linguistics is important for natural language processing in computer science.  Section 2 relates the general directions of logical models and the contribution of logics in terms of AI systems. Section 3 presents the basic objectives in the design of an AI System. There is a classification of the systems from the point of view of complexity and the basic techniques used for the synthesis of an inferential subsystem based on fuzzy logic. Section 4 presents the conclusions of some formal logic systems that will support the designing of the symbolic AI systems. From this point of view there is a distinction between real-time reasoning and reasoning over time, the latter being a characteristic specific to Knowledge-based Systems. That is why it was absolutely necessary to explain the significance of time at a designing and implementation level of our intelligent system, highlighting its implications in the concrete case of each concrete application.  
2. General characteristics of logical models Mathematical Logics are developed in three great directions: i) The Theory of Models. The model is considered the main concept of first order language semantics. The main objective of the theory of models is to describe the models from certain axiomatic theories, in order to highlight their mathematical structures (algebraic, topological); ii) The Demonstration Theory. The notion of demonstration is important here, and one can study complexity-related problems of various demonstrations on a single theorem, according to different deductive systems or languages (regularity, equivalences, similarities); iii) The Computability Theory. This is the case in which one studies the intrinsic notion of computable function, with its various models: the Turing machine, recursive functions, λ- calculus and combinatory logic with a set of properties. Starting from these notions we can study the decidability concept, together with a study of various models used to demonstrate the decidability or non-decidability of mathematical theories. The theory of abstract complexity that generally uses different variants of the Turing machine (as an elementary calculus model to evaluate the necessary calculus resources to solve certain given problems) allows us to establish the complexity classes for decidable problems [9,16,17,24,28,32,37]. We must also highlight the unity of these three great aspects. Calculus and decidability notions are strongly inter-related, and we can thus establish precise correspondences between them. The theory of models can contribute as regards decidability problems and can also provide the semantic justification of the rules of inference and of automated demonstration systems. This unit is an essential characteristic of logics which represents a fundamental theoretic aspect. From the symbolic AI perspective, we can find tendencies specific to the three characteristics that were presented above: semantics and the theory of models, demonstration and reasoning, computability and complexity, but often with different methods compared to theories applied only to mathematical logics. Regarding the contribution of logics in terms of AI Systems, we can mention:  i) On the theoretical level, logic contributes with a series of creation elements and methods such as the syntax/semantics/decision trilogy, coherence (verifying the coherence of the knowledge-base, maintaining the truth systems), decidability (for example,  absence logic is not semi-decidable, contrary to first-degree logics, certain temporal logic are decidable, others are not), complexity of the decision methods. Logic is thus a reference model for the foundations of symbolic AI Systems [3,13,21,34].  ii) The formalisation of different types of reasoning. Logic has a normative role even in the absence of some certain knowledge. Automated demonstration, knowledge representation languages, logical programming languages they all represent means that support and integrate reasoning methods. The logic used to describe and create an AI system is precisely the one that applies directly from the point of view of classical mathematical foundations. Mathematical logic is characterised by a coarse classification, which does not distinguish between two representations of the same object, whereas AI systems are rigorously sensitive of different means of representing the object, especially in the presence of some uncertain and imprecise features. Intentional Semantics can be used to capture important aspects of this phenomenon (figure 1).  While practitioners and researchers are carrying on their efforts in terms of creating and building complex systems in the field of AI, it was generally concluded that the uncertainty is not present only in people’s knowledge. Allowing a certain degree of uncertainty in describing complex systems may be the most significant means of simplifying them. Different types of uncertainty can be characterised and investigated in a rigorous way in the context of the fuzzy set theory. In this way, the ability to operate in an uncertain or partially-known environment represents one of the basic performances of any real-time AI system. These systems must be designed as multi-agent systems with 
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the possibility of combining various knowledge-based techniques (in order to acquire and process information), with approximate reasoning methods. This will allow the AI system to better emulate the human decision-making process, characterised itself by imprecise knowledge and time variables [5,15,27]. Real-time calculus represents an intense research field, since the functioning correctness of a system in a dynamic and distributed environment depends not only on the logic of creating it, but also on the implied temporal aspects. These kinds of systems also include AI systems, which undergo different complex time restrictions, and comprise various levels of time granularity. Temporal knowledge represents an essential aspect for a great number of AI applications: planning, managing technological and economic processes, handling dynamic situations [4,6,23,30,31]. An intelligent system must bear reasoning capacities to take into account a series of events that can appear within a process: interruptions, limits of processing time, the synchronous or asynchronous aspect regarding the emergence of new information. Considering time must highlight two complementary aspects:  handling temporal information and formalising reasoning over time and in real time. Certain approaches are based on numerical models, and others are based on symbolic time representations (figure 1). The reasoning that undergoes real-time restrictions has specific characteristics: real-time functioning often involves a temporal reasoning, but this aspect is not necessarily true backward.  

 Figure 1. The main important theories and logics embedded in an I(K)MS(F)LE conception  
3. The basic objectives in designing of a symbolic AI system  The symbolic AI Systems are guided by their purpose, and looking for the solution to a problem within its space represents their basic characteristic. We can highlight a quasi-continuity relation between the tasks specific to a problem domain characterised by sufficient information or knowledge in order to reach an objective (case 1) and those specific to a domain in which knowledge is insufficient, contradictory, uncertain or imprecise (case 2). In the first case there are explicit algorithms that transform the set of input data into a corresponding output quantity.  There is no search or backtracking notion. Any deviation in terms of execution time is uniquely associated to the dependencies between data, being the case of real-time conventional tasks. In the second case, neither the characteristics of the tasks, nor the interactions with the problem domain are known. There is a need of search heuristics within the space of the domain in order to determine a satisfying result, and there are great deviations regarding the execution timings. Due to these deviations associated to the problem-solving tasks, the traditional designing methods of real-time systems cannot be directly applied in the second case. The increase in the amount of involved knowledge can be applied in order to reduce deviations that occur as a result of the searching process. The searching process occurs on two levels in solving a problem: the level where knowledge is found again and the level of the knowledge specific to the application (the space of the problem). There is a series of methods for the implementation of these two levels [7,10,14,39]. The last three decades have been confronted with a dramatic change regarding the approaches of symbolic AI systems: until 1960 the uncertainty, inaccuracy and imprecision were rather negative attributes. A scientist that could not exactly define a statement was not regarded as a „true” scientist, and uncertainty was considered a disturbing element in the modelling process, being avoided as much as possible. The only accepted theory for the study of uncertainty was the probability theory, which was based on the occurrence frequency of an event and restricted to the situations in which the law of large numbers was valid, whereas uncertainty used to be associated to the stochastic nature. From 1960 on, there was accepted the fact that uncertainty and imprecision are part of the reality that we cannot change and obviously part of the man’s current language. Real world is complex: the complexity that emerged due to uncertainty takes the shape of ambiguity. Starting from these observations, the 
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following question was arisen: how can people succeed in rationalising over real systems? The answer is strictly related to the fact that people have the ability to approximately rationalise over the behaviour of complex systems, keeping only a generic significance over the problems. These generality and ambiguity are nevertheless enough in order to understand complex systems.  A classification of complex systems from the point of view of complexity and implicitly, of theoretical and practical means in their useful modelling, can be summarised as it follows: 1) for low-complexity systems, the wordings based on exact mathematical expressions are sufficient; 2) for more complex systems but for which there are enough significant data available, the neural models provide a powerful environment in order to reduce uncertainty, based on the learning of the configurations from the available data;  3) for highly-complex systems, for which there is a limited number of data, and the available information is ambiguous or imprecise, the reasoning based on the fuzzy logic is a modality to understand the behaviour of the system, through operations on certain symbolic structures associated to the observed inputs, the output situations, the intermediary variables that support the linking of certain inferential processes [25].   The present article is situated at point three of the above classification and is part of the approaches of symbolic AI systems. Its main purpose is to present the major aspects that characterise the creation of the inferential system based on the fuzzy logic for an expert system, with application in the management of discrete processes. The intelligent system elaborated by the author (SECOMBCF) with this purpose is an intelligent system with discrete logic events, and it includes compiled fuzzy knowledge. The basic time meta-equation proposed within this approach covers the term of complexity and (potential and reasoning over time) real time. The development of real-time systems must be subordinated to the causal specifications of these systems, since if we do not respect time restrictions we can make them become non-functional [31,33].  Real-time calculus is an open field of research not only in computers science but also in the conception of current technologies. It depends not only on the logic correctness of results, but also on the necessary time for their occurrence. Real-time systems play a major role in the present society and cover a large spectrum of applications that include experimental laboratories management, technological processes management, nuclear powers, air-force and robotics, military systems. Real-time systems are complicated and expensive, and time restrictions that these systems must accomplish are verified with ad-hoc techniques or with the help of some difficult simulation techniques. Integrating new components into the structure of a real-time system is really challenging and leads to a substantial growth of the costs of this system. The present generations of real-time systems are distributed systems that include intelligent and adaptive modules in order to satisfy some high dynamic performances. We can mention two characteristics for the current generation of real-time systems: their necessity for some AI abilities and the rapid evolution of a corresponding hardware. There is no science for the design of real-time systems. This means that a scientific approach of them is still not possible. Real-time calculus is the equivalent of a rapid calculus. The purpose of a rapid calculus is to minimise the average response time for a given set of tasks, and satisfying individual time exigencies of each task. The most important feature of real-time systems is their predictability, i.e. the behaviour of the system must be deterministic and must answer to the conception specifications. Rapid calculation represents a support for reaching the specifications, but it cannot guarantee on its own the predictability of the system. Other factors that contribute to create predictability are represented by a fast hardware and algorithms with good complexity. Many times the implementation language of a real-time application may not be sufficiently expressive to describe certain real-time descriptions [20,36,39]. An important aspect of the research in the field of real-time systems is constituted by the investigation of the effective strategies of allocating resources, an aspect that can be regarded as a performance element in the real-time systems engineering. An adequate designing of these systems implies finding some solutions also for other types of interesting problems regarding the specification and the verification of time behaviour of the system, as well as elaborating certain programming languages whose semantics to relatively correspond to time exigencies. An important problem in the study of real-time systems is the investigation of the role that the synchronisation mechanisms play. The problems related to the creation of real-time systems have been solved in fields of research, such as computers science and operational research. An important approach used on the large scale design of real-time systems is the hierarchical dissolution of systems in modules. Even though this methodology allows us to analyse the correctness of calculations on each level of abstraction, it does not support an analysis relatively to time and reliability characteristics of the overall system, which represents two vital aspects of real-time systems. It is necessary to develop certain designing 
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technologies for these systems in order to include characteristics such as correctness, response-time, and reliability on each level of abstraction and to combine the results of each level within the integrated performances of the overall system. The main problem in stating and verifying a real-time system is the incorporation method of a time metrics. The usual approaches for stating the behaviour of a system is based on highlighting the events and the actions specific to the system as well as the order in which they occur. Including a real-time metrics creates problems in the semantics of competitor models and can complicate the verification problem of the system. Verifying these systems means satisfying the restrictions due to the environment and to implementation, and it is necessary to make a quantitative analysis prior to a qualitative one. Management implies a strong relation between the process and the management system, which must react to the events that occur. In the given context, the management system bears certain AI features, if in the presence of some information of minimum orientation from the human governor; it can carry out complex actions as a response to the events from the outward environment. Intelligence can include the ability to accept certain abstract specifications of tasks in a general form of purposes/restrictions and the production of some reasonable actions that agree with the specifications. In any real-time AI system there is a fundamental compromise between the action and the reasoning. Time is a precious resource that uses up if the system must create reasoning over the actions before their execution. This time consumption can limit the number of the desired alternative actions and in this way the reasoning task becomes much more difficult to realise. In certain cases, the lack of success of an action can be the most unfavourable solution, while in other cases any of the actions can be better that total lack of it. The necessary time for reasoning can warn us over certain delays or disasters. The efficiency of a real-time AI system depends on its ability to allocate reasoning efforts in concordance with the process situations. The process of allocation is most of the time a difficult process due to countless overloads of information. The visible state of the process is huge and can contain incomplete, contradictory or uncertain information, which entails the use of some modules in the structure of the management system as some problem-solving ones. Furthermore, this information is often changing. It is actually impossible for a real-time system based on symbolic AI techniques to completely process all the information at a given moment and to choose a convenient type of reasoning, and to also respect all real-time restrictions.   That is why these systems must focus on some important sub-problems and to give time in a corresponding way to the available resources. The present research in the field of real-time AI is guided by the design and the creation of knowledge-based systems that can be integrated in management applications. The fundamental problem in the case of AI management systems is the fact that we do not know the most unfavourable execution time. This leads either to hard-to-plan systems or to a low usage.  Moreover, if the execution time misbehaviours of the reasoning tasks are not restricted, these cannot be integrated in real-time conventional systems, since these misbehaviours can alter the predictability properties of the initial system. The misbehaviour of the execution time for the problem-solving tasks develops itself on two levels: the methodological one and the one related to the architecture of the system. In order to ensure the predictability of a real-time AI system it is necessary to approach it on its both levels.  Knowledge-based Systems or I(K)MS(F)LE are characterised by the combination of some multiple models and some reasoning techniques (figure 1). Furthermore, these systems have certain common features. For applications there are necessary different models and problem-solving methods, their choice having a great impact on the efficiency and analysis of the knowledge-based system. Another common characteristic is the separation of the knowledge used in the way they are implemented, i.e. there is a distinction between the „knowledge level” and the „symbols level”. These systems often combine multiple representations of knowledge, problem-solving strategies, as well as learning methods within the same system. The distinction between knowledge and representation is important, not only in the design but also in the analysis of the knowledge-based systems. When it comes to designing, the distinction corresponds to the two stages in the development process of such a system: the acquisition of a quantity of knowledge sufficient to solve the advanced problem and the creation of a system of programmes able to process this knowledge. Problem-solving often involves different types of knowledge, relative to the tasks of the problem (that define the problem), methods (referring to the way in which the problem is solved) and models (relatively to different possible behaviours of the system).  This last type of knowledge is often referred to as domain knowledge, while the first two are called control knowledge. Knowledge-based systems invariantly include all these types of knowledge, even though they are not explicitly represented. Knowledge can be also be divided on multiple abstraction levels, each level offering details relatively to the problem that is to be solved.  
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If computers achieve consciousness and some type of advanced evolutionary level on their own, humans could end up using the computer as a medium for human perpetuation and development. If they develop a nervous system that is functionally similar to the human brain, humans may be able to input (download) into the computer their memories, thoughts, feelings, and sense of personal identity. During the last decade, there was a transfer from data-based information systems to information systems based on processes. Business Process Management includes methods, techniques and tools to support design, use, management and analysis of operational business processes involving people, organizations, applications, documents and other sources of information. Business Process Management can be considered an extension of classical systems based on workflow management. A business process is a set of activities that follows a logical flow, resulting an output. A business process is to specify the tasks to be fulfilled to achieve a business objective. Inputs and outputs may be facts and / or information, and the transformation can be performed by human actors, machines, or both. Although an organization's business processes can be tracked separately, by integrating them is obtain value-added which, long term, leads to positive results, a good control over the resources involved and over the environment in which it operates. Petri networks are tools of business process modeling.  One of the advantages of using Petri networks for modeling workflows is access to many analysis techniques based on Petri networks. Accuracy, applicability and efficiency of business processes supported by systems based on workflow management are vital to any organization. It is important to review the definition of a process through network flows before applying it in practice. In theory, there are three types of analysis: (1) validation, testing whether a workflow behaves as expected; (2) verification, determining the accuracy of the network flow; (3) performance analysis, evaluating the ability to meet the requirements, taking into account the time, levels of work and resources. Validation can be done through interactive simulation: are analyzed a number of cases to see if the system behaves properly. For verification and performance analysis, are used advanced analysis techniques specific to Petri networks, such as invariants, reachability trees, coverage graphs analysis, etc. The multitude of available analysis techniques shows that Petri networks can be seen as an independent environment (solution) between the design of a process’ definition through workflows and the analysis of the resulted workflow. Another important direction in the synthesis of intelligent KMSs in economy is the development of heterogeneous computing environments, in which one can develop adaptive algorithms for planning and resource allocation using genetic algorithms and evolutionary computation technology [18]. Heterogeneous computing environment is a suite of processing units, high-speed interconnections, interfaces, operating systems, communication protocols, and programming environments. It provides a variety of architectural options and skills that can be adapted to perform an application in accordance with different execution requirements. Different parts of an application task often require different types of calculation. It is generally impossible for a single architecture along with the compiler, operating system and associated programming tools to equally meet the computational requirements in such an application. In the heterogeneous computing environment considered, an application task can be decomposed into subtasks, each subtask being computationally homogeneous (appropriate, indicated for a single processing unit) and different subtasks may have different architectural requirements. These subtasks may have data dependencies between them. If the application task is decomposed into subtasks, the following decisions must be taken: subtasks’ distribution on different processing units and scheduling, ordering subtasks’ execution for each processing unit, as well as planning data transfer between processing units. In this context, the aim of heterogeneous compilation is to obtain a minimum duration of execution, i.e. the minimum total execution time of the application task in the suite of processing units.  It is well known that such an allocation and planning problem is generally NP-complete. It was proposed a large number of approaches to different aspects of this problem. This chapter proposes an approach based on genetic algorithms to solve the problem of concurrent allocation and planning in heterogeneous systems from the computational point of view. It decides the subtasks’ allocation to processing units, orders the execution of the subtasks allocated to a processing unit and coordinate the data transfer between subtasks. The characteristics of this approach include: separation of allocation and planning representation, the independence of chromosomes’ structure from communication subsystem’s details and an assessment of the coverage degree and overlap between all communications and calculations that meet the precedence constraints of subtasks.  
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4. Conclusions The importance of the paper resides in the demonstration of the possibility to use symbolic intelligent systems in management and process planning problems (technological, economic) using imprecise knowledge. On the other hand, it has been constantly tried to use some formalisms and concepts specific to either traditional or modern AI, with a series of models and techniques specific to Automatics, especially for the process management application. From this point of view, it was constantly necessary to adapt some known models (for example, the possibility theory, discrete events systems) in order to synthesise a management structure based on fuzzy knowledge. We also tried to create a conceptual opening towards a real management structure of multi-agent type, which is a solution to respond to a series of exigencies regarding the complexity of the management act. This type of systems, especially those based on a memory sharing communication between the agents, has well adapted features for real-time applications, such as:  i) Integrating heterogeneous agents; ii) The interaction between the acquisition, reasoning and action activities over the outward environment; iii) The fusion of data that come from nature translators and with different functioning; iv) The suppleness and efficiency in the integration of new data necessary for the reasoning process by simple writing in the common memory; v) The access facility of an agent to a piece of information which he needs; vi) The efficacy of control structures of reasoning; vii) The focus of the agent’s functioning over a precise action due to some events, that takes into account the major amendments that interfered in the problem-solving process. Over the last years the interest regarding formal logic systems with applications in symbolic AI systems has considerably grown. It is the case  of fuzzy and temporal logics that allow a more deepened understanding of the mathematical means that support the design of AI systems used in the decision-making process, in situations in which the information about the undergone process are partially known, incomplete and time variable. Real-time applications based on AI techniques need the cooperation of some reasoning elaborated processes. The essential point in the integration of cognitive/ reactive aspects is represented by the modelling of the relations between the evolutions of a process with certain inferential methods, which allows the closed-loop system to bear a series of entailed performances. The closed-loop system starts from an initial state and allows the planning process of a number of states, in order to reach the desired final state. At the end of its functioning, the expert management system provides the human governor with the possible actions (in specific conditions of the problem). Temporal aspects represent an important dimension of an expert management system. From this point of view there is a distinction between real-time reasoning and reasoning over time, the latter being a characteristic specific to knowledge-based systems. That is why it was absolutely necessary to explain the significance of time at a designing and implementation level of our intelligent system (agent), highlighting its implications in the concrete case of each concrete application.  
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