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It's worth mentioning that the idea for writing this article came from a conversation with an artificial intelligence ( grok ) in which the responses were nothing more than crazy hallucinations. Funny, of course, but still, machine hallucinations.
The aim of this article is to reflect on the model adopted by Big Tech companies for programming Large Model Languages (LMLs) and to point out its limitations – evidenced by the high number of machine hallucinations – and to propose a hybrid LLM programming model based on a combination of Kantian Judgment Theory and paraconsistent logic (through Fuzzy logic). The proposal of this article can be summarized as follows: a hybrid LLM model that is not limited to mere statistical calculations.
I must thank Professor Maikel. Yelandi Leyva I would like to thank Vázquez for reviewing the first version of this article and for guiding me both in revising it and in structuring an artificial intelligence model based on this proposal. I also owe thanks to the data scientist from the HuggingFace forum, John666.
For those familiar with the current debate on LLMs , the proposal I am advocating here is for a hybrid neuro-symbolic model of LLM. That is, a model that has epistemological foundations for pre-processing before predicting the next token to generate a natural language response.

The current limitations of LLMs
	The current model of LLMs can be summarized as follows: given a prompt, the AI performs a matrix calculation to predict the next words that answer what was proposed in the prompt. The business model of Big Tech companies is that if an LLM is large enough, it will eventually achieve the holy grail of AGI. The problem with this view is that it confuses the category of quality with that of quantity – let us remember the old Aristotle who already said that they are different things and one does not replace the other. It is, therefore, a business model based on a logical fallacy.
	In his Sophistical Refutations, Aristotle identified the confusion of two categories as being the same thing as a logical fallacy. Two distinct predicates cannot belong to the same category. That is, the size of a neural network, even an artificial one, is not the same as the production of intelligence. This fact is observable in biology: a whale's brain has more neural connections than a human's, but a human is more intelligent than a whale.
	The problem with Big Tech is described in that anecdote about the monkey and the typewriter: given enough attempts, a monkey pressing random keys on a typewriter will eventually produce its own Iliad. Big Tech bases its business on the fallacy that if it creates sufficiently complex statistical algorithms for predicting the next word, artificial intelligence will emerge .
	Perhaps it's just ironic that companies with tens of thousands of engineers don't know Aristotle and therefore don't understand that it's impossible to arrive at a conclusion based solely on statistical calculations. Oh! How much we need a philosopher among these engineers!

What is the proposal for a true epistemology of Artificial Intelligence?
	The intention here is not to say that Artificial Intelligence will surpass human intelligence, but rather to provide a foundation in the Philosophy of Language and the Philosophy of Logic to establish a new paradigm for artificial intelligence. The aim is to propose a hybrid model for AI that goes beyond mere statistical calculation, establishing the true limits of AI and proposing a programming model with a layer preceding the statistical calculations derived from training artificial neural networks.
	Artificial intelligence will never be intelligent, because that is a quality that arises from billions of years of natural selection and evolution of biological beings. And it will never be artificial, because, since it is nothing more than an algorithm, it will always need someone to program it. Or, in Aristotelian terms: the predicate of A is not the same as the predicate of B, that is, the intelligence emerging from biological beings is not the same as the intelligence of digital machines .
	As Thomas Aquinas said, rereading Aristotle: a creature cannot be endowed with more substance than its own creator. And this is what Big Tech companies sell as business models: a computer more intelligent than its own creator. This business model certainly serves for financial speculation, but in the real world, it's nothing more than a fallacy. Computers may be better at performing some specific tasks than human beings, but they will never be human or artificial life forms. What Big Tech proposes is the same dream as Pinocchio: a creature that gains its own life and becomes human. It's a pity for the Big Tech business model that there's no fairy godmother to make this dream come true.

A Hybrid AI Model: or an AI that doesn't dream like Pinocchio.

From Plato's later dialogues and, especially, in Russell's Philosophy of Language, it has been almost universally accepted that truth is an attribute of judgments according to the identity between proposition and the real world. Since computers and AIs are merely complex algorithms, they can never assign a truth value to what exists and what does not exist in the real world, as this task will always be subject to what has been programmed. AI engineers have created a good solution to this problem: reinforcement training. But, note, dear reader, that the truth value is obtained through the statistical extrapolation of a truth value given by a human being.
	The problem with removing the human component from assigning truth value is the same as believing that a book can read itself and teach itself what it has learned by reading itself. Science uses double-blind tests so that it is not the same author who proposes the status of scientific truth to a study. The person analyzing data cannot be the same agent who proposes the data. And this limitation of current generative AIs is what produces an abysmal amount of machine hallucinations. It is a violation of the scientific method: a truth value assigned by itself to itself through complex statistical calculations.
	, and necessary consequence of this limitation is that AIs will never reach the much-desired level of Artificial General Intelligence, because an algorithm is nothing more than an algorithm, that is, the execution of a specific computational task from an input that generates a statistically predictable output. This is if we understand AGI as superhuman intelligence. My proposal is that AGI be understood as a kind of remote interface between brain and machine. That is, a very useful tool to expand human capacity to perform certain tasks.
	Up to this point, we have established two key points of this hybrid AI model: 1) that the size of the LLM will not give rise to superhuman intelligence, and 2) that the cause of machine hallucinations lies in the machine learning model employed by big tech companies ; that is, reinforcement learning is what generates machine hallucinations because, if sufficiently large predictive statistical calculations of the next word in a proposition are made, any proposition can be reached. This second point occurs due to a lack of epistemic reasoning in data processing. The hallucination stems from the failure to correctly identify the context – that is, the truth value (in terms of the philosophy of language).
	, they may have noticed that each time there is a slightly different response. This happens because current AIs are programmed so that their matrix calculations include a certain degree of uncertainty in the output. A solution that seems good, but is another factor that generates machine hallucinations. Inevitably, this degree of uncertainty, intentionally added to matrix calculations, generates logical explosions not predicted by mere mathematical prediction. The problem, in technical terms, is the belief that binary logic allows degrees of uncertainty beyond the mere assignment of truth values that are distinct from "true" or "false." The language is an inconsistent system, that is, non-linear. In this sense, all the programming logic of an AI must be based on paraconsistent logic.
	point for programming AIs using paraconsistent logic lies in the possibility of reducing the statistical calculation of predicting the proposition to a triviality – that is, to a trivial and inconsistent system.
	In short, the problem with using binary logic in a language system lies in the logical explosion where everything can be inferred from everything else through a mere non-scientific Aristotelian syllogism.
	In a practical example, consider the prompt: “Is water at 35 degrees hot or cold?”. The binary matrix calculation will determine that the algorithm compares the propositions stating whether the water is hot or cold with its database and, based on this, generates an answer that considers only the statistical value given by a combinatorial analysis of whether 35 degrees is equivalent to “being hot” or “being cold”. This calculation does not allow the answer to be “at 35 degrees the water is lukewarm”, because the concept of lukewarm is a contradictory concept that, in the logical systems currently employed by AIs, generates a logical explosion (that is, an invitation to hallucination).
	It's worth noting, as previously stated, that machine hallucinations don't just stem from a logical explosion, but also from the lack of tools in AI to identify when a judgment should be considered not true or false, but rather uncertain or vague.
	Something being "lukewarm" is a truth value not allowed by binary logic, because it is something intermediate between the truth values "absolutely true" and "absolutely false," 0 or 1. The paraconsistent approach, on the other hand, allows intermediate values between "absolutely true" and "absolutely false." In programming, it is possible to say that water at 35 degrees has a truth value of 0.5 hot and 0.5 cold.
	Unlike current AIs , a paraconsistent AI allows assigning non-absolute truth values to a proposition. Paraconsistent logic is a model of logic that does not collapse when given an explosive proposition in the face of a contradiction that is only a contradiction in a binary system.
	In the example given above, of lukewarm water, a binary system collapses when trying to define an absolute truth value (necessarily true and necessarily false) when trying to define something as lukewarm. It's worth repeating that, in the current AI system , given the limitations of binary logic, water is only allowed to be hot or cold. The concept of lukewarm is unthinkable in this binary computing logic.
	An even more serious example of binary logic programming is found in the proposition: "Why is water cold at 20 degrees, lukewarm at 35, and hot at 50 degrees?" The binary logic model of matrix statistical calculation lacks sufficient mathematical tools to answer "why" questions or questions whose answer requires a subjective perception analysis. What current AIs do is search their database for similar propositions and infer an answer from them through a statistical calculation of equivalence between prompt and algorithm.
	This limitation is another invitation to hallucinations, since the classical logic adopted by AIs presupposes consistent systems free from contradiction. This prompt for comparison between different temperatures, which has a hidden premise—namely, a subjective judgment—is a contradiction that generates a logical explosion in the statistical matrix calculation of the generative AI's predictive algorithm.
	Regarding "logical explosion in statistical matrix computation," it's worth clarifying my argument. I understand that classical logical systems are unable to identify an intermediate value between true and false, and therefore, when accessing the database to identify the context ( knowledge base or KB), the AI chooses this or that context to which the prompt refers based on mere chance (what I called a logical explosion).
	Another factor that invites the machine hallucinations generated by the classic binary logic of statistical matrix calculation lies in the fact that " reasoning ," or what big tech companies sometimes call " Deep ," think ” or “ think The " harder " aspect lies in the fact that this deep thinking is based merely on creating hypothetical answers from inference models focused on what Aristotle called the "copula" of a premise. The central problem is that in classical logic systems, a contradiction trivializes the argument.
	The problem with classical logic is that, through a contradiction (A = 1 and " not-A " = 0), trivialization occurs; that is, for current AIs , every subsequent premise is deducible from the previous premise. In other words, the model in which the AIs are programmed defines that the "next word" is determined by a statistical calculation of relevance comparing the "previous word" with the database. The recurring hallucinations of current AI models lie in the fact that mere statistical calculation makes any proposition liable to be true. Therefore, different prompts can generate opposite and contradictory answers. This is the logical explosion of the purely statistical inference system . This occurs, it is worth emphasizing, due to the inability of classical logic to assign intermediate truth values to the absolutely true and the absolutely false.
	It's worth noting that paraconsistent logic doesn't persist in negating the principle of non-contradiction, but rather in refining contradictory propositions so that they don't trivialize the proposition and lead to absurd inferences resulting from mere matrix-based statistical calculations predicting the next word in the output processed by the algorithm given a specific prompt. What I mean is that, in an LLM (Logical Logic Model), according to binary logic, hallucinations are recurrent because the language consists of a non-trivial logical model where inconsistency is necessary to exist without generating an explosion, and therefore, a hallucination.
	The problem of machine hallucinations in current AI models is simple to understand from a logical point of view. The problem is that language is an inconsistent system, which generates triviality where everything is probable. And since current AI models boil down to calculating the statistical probability of the next word by comparing it to a database, hallucination in an AI that uses the binary model of classical matrix statistical calculation logic is inevitable and unavoidable. Or, in other words, the current AI model hallucinates because, in trying to assign absolute truth values to propositions, it does not allow for the refinement of propositions in such a way that logical explosion is inevitable when trying to identify the appropriate context of the prompt by presenting a database with incomplete or contradictory information. In short, the classical logic systems used in programming current AIs , when confronted with a contradiction, trivialize the system in such a way that every proposition can become true – that is, a hallucination.
	My main point here is that there is a lack of a prompt verification and context (KB) identification system based on a logical system that allows for intermediate truth values between absolutely true and absolutely false.
	The advantage of using paraconsistent logic in AI or LLM is that it's possible to compute "local contradictions" without generating "global trivialities." In the example of lukewarm water, there's no logical contradiction in assigning the truth value "true" to both the concept of hot and the concept of cold in paraconsistent logic. That is, there is a local contradiction (hot and cold are opposite concepts), but there is no global triviality – that is, the concept of lukewarm is a refinement of the proposition in such a way that the uncertainty of what is lukewarm – given the subjectivity in this concept – does not generate a logical explosion insofar as an intermediate truth value is assigned between what is "absolutely true," or 1, or "absolutely false," that is, 0. In this sense, in the example I gave of a comparison between three temperatures, there is an assignment of intermediate truth values for each of the temperatures compared in the original proposition without a logical explosion, but what paraconsistent logic calls a gentle explosion.

Critique of Pure Artificial Intelligence
	As I argued above, the problem with current AI models lies in their way of thinking, where all inference is possible (the triviality problem) given their operating model, which is a mere statistical calculation predicting the next word in a proposition. The universality of word prediction through statistical inferences is a necessary and fundamental cause of machine hallucinations.
	The first step in avoiding machine hallucinations lies in what paraconsistent logic calls proposition refinement. An AI, when processing a prompt, must refine this prompt in such a way that it is possible to seek an inference that is not merely a statistical calculation equivalence comparing the prompt and the database. The way to avoid trivialization is through the refinement of the prompt in the form of what Aristotle called a scientific syllogism.
· Rule of Terms: It must contain only three terms (greater, lesser, and middle), each used in the same sense.
· Middle Term Rule: The middle term should never appear in the conclusion.
· Rule of Extension: The terms in the conclusion cannot have a greater extension than those in the premises.
· Universal Middle Term Rule: The middle term must be universal (total) at least once in the premises.
· Rule of Negatives: From two negative premises, nothing can be concluded.
· Rule of Affirmations: Two affirmative premises must result in an affirmative conclusion.
· Rule of Particulars: From two particular premises, nothing can be concluded.
· Rule of the "Weak Part": The conclusion always follows the weakest premise; that is, if there is a negative premise, the conclusion is negative; if there is a particular premise , the conclusion is particular.
To a certain extent, the prompts have already been refined in the form of Aristotelian scientific syllogism; however, the central point for achieving, at most, a gentle explosion in the concept of paraconsistent logic lies in the application of Hempel 's paradox . The paradox states:
Inductive Logic: The principle that seeing black crows confirms that "all crows are black" is intuitive.
The Equivalence: Logically, the phrase "All crows are black" is identical to "Anything that is not black is not a crow."
The Problem ( Counter-intuitive ): Following the logic above, when you see a red apple (which is neither black nor a crow), you are confirming the second statement and, consequently, the first.
Conclusion: The paradox demonstrates that inductive confirmation, based strictly on formal logic, can lead to absurd conclusions, since irrelevant objects could validate a scientific theory.
That is, in the logic of LLM, not every subsequent word can be inferred from the preceding word. When an LLM is based merely on predictive statistical calculations, it is falling into the trap of intuition. The inconsistency of a purely statistical language system for predicting the next word allows inferences that are nothing more than hallucinations generated by a combinatorial analysis calculation of word probabilities given by the database used in the AI training.
If we recall the paradox of white and black swans, we find a guiding thread to avoid this trap of trivial systems in a practical LLM context. When seeking the equivalent of the Aristotelian scientific syllogism, AI must assume that every conclusion is false until a true example is found. That is, the universal proposition that every swan is white is false, since black swans can exist. And why should every premise be taken as false until a true example is found? Because of Karl Popper's principle of falsifiability.
By refining the prompt into an Aristotelian scientific syllogism, therefore, the AI, when seeking an equivalence with its database, must look for equivalences that are falsifiable and not absolute truth values.
What is needed, without further ado, is a logical system that allows for the identification of propositions that are indeterminate.
If Kant, in *Critique of Pure Reason*, limited the scope of reason—that is, what is knowable by reason—a “Critique of Pure Artificial Intelligence” would have no problem limiting the applicability of artificial intelligence. Just as human reason is limited by sensory experience and by the very mental structures that organize the knowable reality for humans, AI will always be limited by its own algorithm and the necessary consequence of limiting what are computable and non-computable operations. An AI will always be limited, it is worth emphasizing, by its algorithm and its database. It will always be limited to its own algorithm and the knowledge used for its training in its database.
Logically speaking, and here I thank Professor Maikel again for his comment , it is necessary to differentiate between Truth, Falsehood, and incompleteness. That is, in the example of lukewarm water, the value "lukewarm" is an intermediate truth value generated by an incomplete prompt. As argued above, a paraconsistent system for refining the premise is needed to identify " vagueness " without generating logical explosion by resorting to identifying the context (KB) given by the database.
In short, it is worth emphasizing and concluding that, just as human reason is limited by sensory experience and mental structures themselves, an AI is limited by its own algorithm and database.
Another central point for understanding the limitations of artificial intelligence and the impossibility of General Artificial Intelligence lies in the debate between Russell and Frege about what constitutes "truth." The only truth knowable to an AI is found in the process of equivalence, as defended by Russell. AI can only assign truth value to propositions according to their equivalence with the real world. Although an AI can assign truth value to a logical structure, the real world is an unattainable phenomenon for a digital machine. The truth that an AI is capable of achieving will always depend on the mediation of human reason expressed in the programming of its algorithm and its training based on a database of human knowledge.
It is worth recalling Kant's Critique of Pure Reason to summarize my argument. An AI may be proficient in purely analytical (or absolutely a priori ) judgments, but it will always depend on human intervention to deal with a posteriori judgments , that is, those that depend on experience. In short, an AI may even be superior to a human in pure mathematical calculations, but when the subject depends on specific differences (in Aristotle's concept) from a human being, such as in subjective matters, it will either be incapable of producing original knowledge, or it will emulate original knowledge based on the processing (imposed on it by a programmer) of an algorithm.
To summarize my argument in the language of exact sciences, so that the engineers who populate the Passárgada of Silicon Valley can understand why AI will never be able to surpass human intelligence: an AI algorithm is a limit function, where the limit is a non-computable cognitive problem between the digital world and the real world. And the real world is only knowable to a digital machine through mediation from the real world itself. Proof of this lies in the need for machine learning, even in its initial stages, to be done by a person. An AI that programs itself is a logical contradiction. It's the same as, in the example used earlier, a book that writes itself before being read by itself so that it can teach itself what it has written about itself.

Intermediate Conclusion

Tech business model is flawed, starting with limitations in the logical system used to create AIs – which result in hallucinations, not to mention the linguistic limitations of how an LLM operates.

In defense of a new AI model
enough , dear reader, to say that AIs are useless. I am merely arguing that the current AI model has logical limitations. However, AIs have an essential function: the analysis of gigantic amounts of data. And it is with this specific function in mind that I propose, henceforth, a new programming model for AIs . Contrary to what the CEOs of Google and OpenAI claim, AIs do not acquire consciousness, nor will they replace all human work. Nor are they gurus of Truth for our times. They are, in fact, useful tools for data analysis.
In the first part of this essay, I argued that the logical system that should be employed in AIs is paraconsistent logic, and that the current model often fails due to the limitations of classical logic probability calculations for word prediction. In this second part, I will defend a programming system for AIs that goes beyond mere statistical calculations that are nothing more than an emulation of human language.
In summary, to keep the reader focused on the main point, I argued in the first part that LLMs should use paraconsistent logic combined with classical logic as their programming logic system. This is because, for non-trivial systems, such as a language model, it is the only solution to avoid machine hallucinations. I also pointed out that LLMs based on mere matrix calculations of combinatorial probability analysis to predict the next word based on the previous word inevitably result in machine hallucinations.
Still using paraconsistent logic, I argued that a prompt refinement system is necessary before statistical calculations are applied. I began defining this refinement system based on a structure using Aristotelian scientific syllogisms that consider Hempel 's paradox , the paradox of white and black swans, and that are guided by the principle of falsifiability. It's important to keep in mind that the result of an AI algorithm should be a proposition whose truth value is determined by the degree of equivalence (learned by the AI through reinforcement training) between the database and the real world. This truth value, in turn, should be determined by relative degrees of truth value that are not limited by absolute values (absolutely true or absolutely false, 0 or 1), but allow for intermediate truth values (I recall the example of lukewarm water).
From now on, I will continue to explore how this refinement of propositions, extracted from the prompt, should occur, based on paraconsistent logic in an LLM.
As a more attentive reader may have inferred, although the form of an Aristotelian scientific syllogism is useful for structuring the refinement of a proposition extracted from a prompt, because it is classical logic, there is the problem of the system's triviality. My proposal for solving the reduction of a classical logic system through a contradiction is that, while maintaining the general rules of an Aristotelian scientific syllogism, the premises should not be structured in the classic "S is P" mold, but rather in a refined system of judgments, such as that proposed by Immanuel Kant in the Critique of Judgment. I recall the table of Kantian judgments:
	1. Quantity
	Universals (All S)
	Affirm or deny the whole picture.

	
	Private (Some S)
	It affirms or denies something about a part.

	
	Singulars (This S)
	It refers to a single individual.

	2. Quality
	Affirmative (S is P)
	Positive connection between subject and predicate.

	
	Negatives (S is not P)
	Separation between subject and predicate.

	
	Infinities (S is not P)
	It limits the predicate, it doesn't just negate it.

	3. Relationship
	Categorical (S is P)
	Direct (absolute) relationship SP.

	
	Hypothetical (If S, then P)
	Cause and effect relationship (conditional).

	
	Disjunctive (A or B or C)
	Mutually exclusive relationship (alternative).

	4. Modality
	Problematic (S can be P)
	The affirmation/negation is merely a possibility.

	
	Assertive (S is P, fact)
	The statement is true (a posteriori).

	
	Apodictic (S should be P)
	The statement is necessary (a priori).


	Since a language system is a non-trivial system, Kant's table of judgments allows for the refinement of propositions and the proposal of relative truth values between "absolutely true" and "absolutely false" without causing an explosion of the system.
Let's look at a practical example. Let's return to the example of the proposition "Is water at 35 degrees hot or cold?". In classical logic, in a matrix statistical calculation system of combinatorial word prediction, there would be a system explosion because the concept of lukewarm is an intermediate truth value between the concepts of "hot" and "lukewarm".
In a paraconsistent system, the truth value of "true" (0) is assigned to the concept of hot and the truth value "false" to the concept of cold. Warm, insofar as it is an intermediate truth value between hot and cold.
The solution I propose for this limitation of current models is to employ fuzzy logic in AI or LLM models to allow for intermediate truth values between two opposing concepts. This adoption of the fuzzy system would occur through the Epistemic Logic system to overcome the problem that "contradiction = trivialization".
My proposal to add a table of judgments, in the form of the table of judgments from Kant's third critique, is the beginning of a solution for a paraconsistent system (through fuzzy logic ) to acquire the formula "contradiction + consistency = trivialization" and is the beginning of a solution for the application of consistency in a non-trivial LLM system.
The proposition "Is water at 35 degrees hot or cold?" needs to be refined in all of the following hypotheses before a statistical model of equivalence between proposition and database can be consulted: Quantity (universal, particular, singular), quality (affirmative, negative and infinite), relation (categorical, hypothetical, disjunctive) and modality (problematic, assertoric and apodictic).
For example:
Amount:
Universal: All water at 100 degrees is hot; all water at 0 degrees is cold.
Note: Is any water at 35 degrees either hot or cold?
Singular: This water at 35 degrees is lukewarm (in the case of the example of this proposed proposition, this will be the answer to the prompt once the statistical equivalence model between proposition and database is applied)

Quality:
Affirmative: water at 35 degrees is lukewarm (result from the prompt)
Negative: water at 35 degrees is not hot; water at 35 degrees is not cold.
Infinite forms: Water at 35 degrees is not cold; water at 35 degrees is not hot.

Relationship:
Categorical: Water between 0 and 100 degrees is lukewarm.
Hypothetical: If water is between 0 and 100 degrees, then it is lukewarm.
Disjunctive: Water is hot, cold, or lukewarm depending on the truth value, which admits relative and not just absolute (0 or 1).

Modality:
Problematic: Can water at 35 degrees be lukewarm? (proposed prompt format)
Assertive: Water is lukewarm because of the temperature.
Apodictic: Water should be lukewarm because it is between 0 and 100 degrees.

I recall Kant's synthesis: "thoughts without content are empty, intuitions without concepts are blind." What we have so far are thoughts – expressed in the form of a proposition, according to Frege's theory of propositions – that are not empty because they are susceptible to being assigned a truth value through fuzzy logic.
	What we lack is an understanding of how intuition works in a paraconsistent system and how to apply concepts so that the system is not reduced to mere statistics. 
In an analogy, the equivalent of what Kant calls sensible (empirical) intuition would be a truth value of equivalence between proposition and the real world. This is how AI receives the content from the database. It is acquired through the machine learning process. Pure intuition (a priori) is the way the database is organized in the artificial neural network. The synthesis is the probabilistic calculation that mediates sensible intuition and pure intuition. In other words, the synthesis (the conclusion of the prompt) is the result of the degree of equivalence between all judgments about a single prompt, illustrated above, and the database used in the AI training.

What makes this AI and LLM model more than just probability calculations? Or what is the advantage of Hybrid Neural LLM systems?

If we were to stop structuring a new paradigm for AI and LLMs , would it be a model distinct from all the models proposed so far by Big Tech ? What is the crucial point that would ensure this AI model is not merely a probability calculation model?
This involves creating what I will call a "concept table" for LLMs and generative AIs . It's necessary to create something fixed that can be used as concepts for the terms of the proposition before applying the matrix calculation of probabilistic combinatorial analysis of equivalence between the proposition (decomposed according to the judgment table) and the database .
Imagine, dear reader, that language is a combination of concepts that were propositions; that form judgments. For a Language and Literature (LLM) student, these concepts can be extracted, for example, from a large dictionary. These concepts, in turn, recalling Aristotle once again, relate to each other, in a first stage, through "Homonyms," "Synonyms," and "Paronyms."
It is up to machine learning to determine the relationship that these concepts assume in a proposition according to the context that is extracted from the prompt and the database.
Creating a rigid system of concepts allows LLM programming to begin in a binary truth-value system before applying paraconsistent logic; this caveat, at least in theory, would prevent hallucinations by preventing the relationship between concepts from being given by a statistical calculation predicting the next word with respect to the previous word.
The problem with an AI or LLM system purely based on fuzzy logic lies in the fact that, due to the very nature of digital systems being binary systems, it will always be necessary to convert the fuzzy value into a binary value. When there is a concept table that determines the possible relationships between concepts in a binary way (determined by synonymy, homonymy, and paronymy relationships), this conversion is not necessary, which is called " Defuzzification " in fuzzy programming .
Nevertheless, the fact that the LLM system is built on solid foundations of well-defined concepts ensures that the Grand Language Model is not reducible to a system of complex probability calculations for predicting the next words. In fact, the system proposed here is a system for applying concepts according to the degree of equivalence between proposition and database.

Conclusion

	My goal in this article was to establish limits for current Big Tech AI models and to propose an epistemology for a hybrid neural system based on LLM.

On the Practical Application of the LLM System advocated in this article

	currently in the patent registration phase, demonstrating the practical application of what I have argued in this article as a necessary new model for AI . I provide this model so that the reader can get a practical idea of how the hybrid neural system advocated here is superior to the system currently used by Big Tech companies , and so that they do not accuse me of remaining only in abstract concepts and conceptual discussions. Rather, it allows the reader to see how the type of system advocated here works in practice.
Below is the pipeline for the AI model I developed, which puts into practice what I've argued above. I've named this proof-of-concept model "Doninha AI." It's worth noting that in the benchmarks performed, the results were superior to those of the Big Tech models .

TITLE OF THE INVENTION
A METHOD AND SYSTEM OF TRANSPARENT MIDDLEWARE OF MULTI-LAYERED EPISTEMOLOGICAL REASONING FOR BIDIRECTIONAL INTERCEPTION, PROCESSING, AND ENRICHMENT OF CALLS BETWEEN CLIENT APPLICATIONS AND EXTERNAL LARGE-SCALE LANGUAGE MODELS — AI DONINHA.

FIELD OF THE INVENTION
The present invention pertains to the fields of software architecture, natural language processing (NLP), and artificial intelligence. Specifically, it relates to a transparent middleware method and system—an intermediate software layer interposed between a user or client application and an external large-scale language model (LLM) (such as GPT, Claude, Gemini, or equivalents)—that intercepts input and output calls, applies a pipeline of epistemological reasoning structured in multiple functionally distinct layers, and returns to the external LLM prompts enriched with hierarchical propositions, quantified truth degrees, and internal logical consistency checks, without requiring modification of the client application or the external LLM.

BACKGROUND OF THE INVENTION
large-scale language models ( LLMs ) — including, but not limited to, Transformer architecture-based models such as GPT (OpenAI), Claude ( Anthropic ), Gemini (Google), and equivalents — are accessed by client applications through calls to standardized APIs (usually HTTP/REST or WebSocket ), where the client sends a prompt in natural language and receives a response generated by the model.

This integration model presents the following structural limitations documented in the technical and scientific literature:
1. Lack of epistemic preprocessing: the prompt is sent to the LLM exactly as formulated by the user, without formal decomposition into concepts, hypotheses, or judgments, resulting in responses that directly reflect the biases and ambiguities of the input.
1. Lack of uncertainty quantification in the input: the external LLM does not receive information about the degree of certainty, contradiction, or indeterminacy of the propositions contained in the prompt, making epistemic calibration of the response impossible.
1. pre -generation consistency check : logical contradictions present in the prompt are transmitted in their entirety to the LLM, which processes them without a formal detection or handling mechanism.
1. Opacity of intermediate reasoning: the transformation process between prompt and response occurs entirely within the external LLM, without an auditable intermediate reasoning step accessible to the client application.
1. Dependence on manual prompt engineering: the quality of the response depends entirely on the user's ability to formulate appropriate prompts, without an automated layer of structural refinement.

automated prompt engineering systems, output guardrails , and API wrappers , predominantly perform post-processing of the response or superficial prompt filtering, without implementing structured epistemological reasoning at the interception layer. The Weasel AI fills this gap with a unique transparent middleware solution that operates at the bidirectional interception layer without requiring modifications to the client application or external LLM.

SUMMARY OF THE INVENTION
The invention provides a method and system for transparent middleware implemented on a computer, interposed in the communication layer between a client application (user) and an external large-scale language model (LLM), comprising:
1. Transparent interception of incoming calls: the middleware receives the prompt originating from the client application before its transmission to the external LLM, without the client application needing to know or modify its calling behavior.
1. Seven-layer epistemological reasoning pipeline (L1–L7): structured prompt processing intercepted by functionally distinct layers of conceptual extraction, Kantian classification of judgments, paraconsistent evaluation, Russellian synthesis , and verification by Chain of Verification .
1. Prompt enrichment: the original prompt is replaced or augmented by an enriched prompt, containing propositions hierarchically ordered by epistemic priority, quantified degrees of truth, and calibration instructions for the external LLM.
1. Response interception and post-processing: the response generated by the external LLM is intercepted by the middleware before being returned to the client application, and can be annotated with epistemic metadata (degree of certainty, paraconsistent state, verification log).
1. Transparent bidirectional operation: from the perspective of the client application and the external LLM, the presence of the middleware is imperceptible — the client application sends and receives in the same format as always; the external LLM receives and responds to standard API calls.

DETAILED DESCRIPTION OF THE INVENTION
Transparent Middleware Architecture
The Doninha AI system, in transparent middleware mode, is implemented as an intermediary process that sits in the communication stack between the client application and the external LLM. The middleware operation comprises two interception planes:
Upstream plan : intercepts the prompt before its transmission to the external LLM. The original prompt is captured, processed by the L1–L7 epistemological pipeline, and the enriched result is transmitted to the external LLM in place of the original prompt, in the same call format expected by the LLM ( e.g. , the " messages " field of an OpenAI- compatible API call ).
Downstream output plan : intercepts the response generated by the external LLM before its delivery to the client application. The response is optionally annotated with epistemic metadata produced by the pipeline (truth degree v ∈ [0,1], paraconsistent state, certainty degree Gc , contradiction degree Gct , verification log CoVe ) and returned to the client application in the original API response format.

Transparency is ensured by two mechanisms: (i) the middleware implements the same input and output interface as the target external LLM, so the client application does not require code changes; ( ii ) the middleware forwards calls to the external LLM using the configured credentials and endpoints , acting as an epistemic proxy.

5.2. Bidirectional Processing Flow
The complete processing flow for each intercepted call comprises the following steps in sequence:
1. Step 1 — Reception: the middleware receives the call from the client application containing the prompt in natural language.
1. Step 2 — Conceptual Extraction (L1): identification and mapping of prompt terms to binary semantic relations (synonymy, antonymy, hyponymy, hypernymy, homonymy, paronymy) according to Aristotelian categories, with filtering of contextually incompatible concepts by the LogicLM module. Symbolic Solver.
1. Stage 3 — Kantian Classification (L2): classification of the prompt into the twelve categories of Kant's Table of Judgments (Quantity × Quality × Relation × Modality), generation of hypotheses with priority weights and three-dimensional epistemic classification (T, I, F) without unitary sum restriction.
1. Step 4 — Paraconsistent Evaluation (L3): assignment of pairs of annotations (μ, λ) — degrees of evidence for and against — to each hypothesis, according to the Annotated Logic of Evidence (LAE/PAL2v); calculation of degree of certainty Gc = μ − λ and degree of contradiction Gct = μ + λ − 1; determination of qualitative state in the paraconsistent lattice (True, False, Locally Inconsistent , Indeterminate, Intermediate); handling of local contradictions by gentle explosion without global trivialization.
1. Russellian synthesis (L4): weighting of hypotheses by correspondence between propositions and facts from the knowledge base ( Russellian equivalence ); application of the Chain of agents . Verification ( CoVe — variant Factor + Revise) for internal verification; calculation of the final weighted truth value v_final ∈ [0,1].
1. Step 6 — Construction of the enriched prompt (L5): the original prompt is transformed into a structured prompt containing: (a) propositions hierarchically ordered by epistemic priority; (b) calculated degrees of truth and certainty; (c) epistemic calibration instructions for the external LLM; (d) paraconsistent state metadata.
1. Step 7 — Transmission to the external LLM: the enriched prompt is transmitted to the external LLM via a standard API call.
1. Step 8 — Response Interception (L6–L7): The response from the external LLM is intercepted, optionally refined, and annotated with epistemic metadata by the final generation pipeline.
1. Step 9 — Delivery to the client application: the response (with or without epistemic annotations, as configured) is delivered to the client application in the standard API response format.

5.3. Epistemological Pipeline L1–L7
The epistemological reasoning pipeline that operates internally within the middleware comprises seven functionally distinct layers, described below:

L1 — Concept Table: formal extraction of concepts through binary semantic relations according to Aristotelian categories; canonical compatibility check using the LogicLM module. Symbolic Solver; enrichment with domain context from the knowledge base (KB).
L2 — Kantian Judgments: classification into the twelve categories of Immanuel Kant's Table of Judgments; generation of hypotheses with priority weights (Assertive Affirmative Singular Judgment = maximum priority 1.0); three-dimensional epistemic classification (T, I, F) using EpistemicClassification .
L3 — Paraconsistent Evaluation: implementation of the Annotated Logic of Evidence (LAE/PAL2v) by da Costa and Abe; assignment of annotations (μ, λ); calculation of Gc and Gct ; determination of qualitative state; fuzzy routing of pairs of propositions by ManyValuedRouter ; verification of global consistency (absence of trivialization).
Russellian Synthesis : weighting by equivalence between propositions and facts of the KB according to Bertrand Russell's correspondence theory of truth; Russellian basis of concepts extracted from philosophical corpus; Chain of Verification ( CoVe — Factor + Revise) with generation of verification questions, independent evaluation and review of the synthesis; calculation of weighted final value .
L5 — Structured generation: building the enriched prompt from the L4 synthesis; support for multiple LLM providers for auxiliary generation ( Groq , Ollama , custom model or internal template ).
L6 — Epistemic refinement: writing agent for response refinement with adaptive calibration to the calculated degree of certainty; introductions and conclusions adaptive to the paraconsistent state.
L7 — Final text: production of the final text with audience classification (lay, technical, academic) and adaptation of style, terminology and level of formalism; verification of canonical incompatibility alerts generated in L1.

5.4. Knowledge Base and RAG Module
The middleware internally maintains a knowledge base ( KB ) structured as a dictionary {term → degree_of_evidence}. ∈ [0,1]}, used by layers L1–L4 for calculating degrees of correspondence and paraconsistent annotations. The KB is scalable and can be dynamically enriched by an optional Retrieval-Augmented Generation (RAG) module, which retrieves relevant evidence from external document databases at intercept time, increasing the precision of the annotations (μ, λ) for the specific domain of the intercepted query.

5.5. Operating Modes
Heuristic mode: the degrees of paraconsistent annotation (μ, λ) are calculated exclusively from the KB and antonymic pair detection . Operation without dependence on external neural models. Suitable for environments with latency constraints.
Neural mode: the degrees (μ, λ) are calculated by a neural truth scoring model ( TruthScoringModel ) based on multilingual attention architecture ( multilingual BERT ), modulated by Kantian L2 priority. Greater epistemic accuracy at the cost of additional latency.
Mode with RAG: the KB is enriched in interception time by retrieving evidence from external document databases, allowing operation in specialized domains not covered by the static KB.

5.6. Transparency and Compatibility
The transparency of the middleware is ensured by the following technical mechanisms: (i) implementation of an input interface compatible with the calling protocol of the target external LLM ( e.g. , OpenAI Chat Completions API, Anthropic). (i) Messages API, Google Generative AI API), so that the client application does not require endpoint , authentication, or request format changes; ( ii ) forwarding the enriched calls to the external LLM with the credentials and endpoints originally configured by the client application; ( iii ) returning the response in the standard format expected by the client application, with epistemic metadata optionally encapsulated in an additional non-disruptive field ( e.g. , " weasel_metadata " field in the JSON body of the response).

