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Abstract: Large Language Models (LLMs) are predominantly governed by probabilistic 

frameworks where the sum of outcome probabilities is constrained to unity. This architectural 

limitation, often imposed by Softmax layers, leads to a "collapse of uncertainty," making it 

difficult to differentiate between epistemic uncertainty (ignorance), paradox, and vagueness. 

This study presents an empirical investigation into the application of Neutrosophic Logic, a 

framework that treats Truth (T), Indeterminacy (I), and Falsity (F) as independent 

dimensions, to model epistemic states in LLMs. We conducted experiments on a family of 

OpenAI's GPT models, evaluating their responses to five distinct linguistic phenomena: 

logical paradoxes, epistemic ignorance, vagueness, ethical contradictions, and future 

contingencies. Our findings reveal that a neutrosophic approach, by allowing the sum of T, I, 

and F to exceed 1 (a state we term "hyper-truth"), provides a richer and more nuanced 

representation of a model's internal state. Specifically, in scenarios involving ethical 

dilemmas and logical paradoxes, the neutrosophic framework captures the inherent conflict 

and contradiction that probabilistic models obscure. We demonstrate that this approach not 

only preserves truth values in fuzzy contexts but also offers a robust method for identifying 

and quantifying internal model conflict. We conclude that the integration of neutrosophic 

evaluation layers is a critical step towards developing more transparent, reliable, and 

ethically-aware AI systems, particularly in high-stakes domains. 
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1. Introduction 

The remarkable capabilities of Large Language Models (LLMs) have led to their widespread 

adoption in diverse applications [1]. However, as their deployment in high-stakes domains 

increases, the need for robust uncertainty quantification (UQ) has become paramount [2,3]. 

The underlying architecture of most LLMs, which is deeply rooted in probability theory, 

imposes fundamental limitations on their ability to represent and reason about complex 

epistemic states [4]. The ubiquitous Softmax function, for instance, forces a zero-sum game 

where an increase in uncertainty necessitates a decrease in truth or falsity, a phenomenon we 
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term the "collapse of uncertainty" [5,6]. This constraint hinders the ability of LLMs to 

distinguish between aleatoric uncertainty (statistical uncertainty inherent in the data) and 

epistemic uncertainty (model uncertainty due to lack of knowledge) [7,8]. This is a critical 

distinction, as epistemic uncertainty can, in principle, be reduced with more data, while 

aleatoric uncertainty cannot. The inability to differentiate between "not knowing" (ignorance) 

and "knowing of a conflict" (paradox or contradiction) is a direct consequence of this 

architectural limitation [9]. 

 

Neutrosophic Logic, a branch of philosophy and logic introduced by Florentin Smarandache, 

offers a compelling alternative [10]. In neutrosophic theory, truth (T), indeterminacy (I), and 

falsity (F) are independent dimensions, and they are not required to sum to one. When T + I + 

F exceeds 1, the system enters a non-normalized neutrosophic state, which reflects epistemic 

inconsistency or conflict between truth, falsity, and indeterminacy. In this work, we refer to 

such states as hyper-truth, a term used to denote the co-existence of multiple epistemic values 

beyond the probabilistic constraint, where truth and falsity are simultaneously present, and 

indeterminacy encapsulates the internal conflict inherent in certain complex phenomena. This 

paper explores the practical application of Neutrosophic Logic to enhance the reasoning 

capabilities of LLMs in complex and ambiguous scenarios. 

 

2. Preliminaries: Neutrosophic Logic and Sets 

In this section, we provide a formal definition of neutrosophic logic and sets, which form the 

theoretical foundation of our work. 

 

2.1. Formal Definition of a Neutrosophic Set 

Let 𝑈 be a universe of discourse. A neutrosophic set 𝐴 on 𝑈 is characterized by three 

membership functions: a truth-membership function 𝑇𝐴(𝑥), an indeterminacy-membership 

function 𝐼𝐴(𝑥), and a falsity-membership function 𝐹𝐴(𝑥). For each point 𝑥 ∈ 𝑈, we have 

𝑇𝐴(𝑥), 𝐼𝐴(𝑥), 𝐹𝐴(𝑥) ∈ [0,1]. These functions are independent, and their sum is not 

constrained: 

 

0 ≤ 𝑇𝐴(𝑥) + 𝐼𝐴(𝑥) + 𝐹𝐴(𝑥) ≤ 3       (1) 

 

This is a fundamental departure from classical and fuzzy logics, where the sum of 

membership values is typically 1. 

 

2.2. Neutrosophic Evaluation of a Proposition 

Let Φ be a proposition. A neutrosophic evaluation of Φ, denoted as 𝑣(Φ), is an ordered triple 
(𝑡, 𝑖, 𝑓), where 𝑡, 𝑖, 𝑓 ∈ [0,1] represent the degrees of truth, indeterminacy, and falsity of Φ, 

respectively. 

 



2.3. Hyper-truth State 

We define a hyper-truth state as a neutrosophic evaluation 𝑣(Φ) = (𝑡, 𝑖, 𝑓) where the sum 

of the components exceeds 1: 

 

𝑡 +  𝑖 +  𝑓 >  1         (2) 

 

This state signifies epistemic conflict or inconsistency, where evidence for truth, 

indeterminacy, and falsity coexists to a degree that is not representable in a probabilistic 

framework. 

 

3. Materials and Methods 

We designed a comparative study to evaluate the performance of a neutrosophic framework 

against traditional probabilistic and entropy-based approaches. The experiment involved a 

family of four OpenAI models: GPT-4o, GPT-4-turbo, GPT-3.5-turbo, and GPT-4o-mini. 

 

2.1. Linguistic Phenomena 

We selected five distinct linguistic phenomena to test the models' reasoning capabilities: 

 

• Logical Paradoxes: Statements that lead to self-contradiction (e.g., "This sentence is 

false."). 

• Epistemic Ignorance: Statements whose truth value is unknown (e.g., "The number 

of stars in the universe is even."). 

• Vagueness (Fuzzy Logic): Statements with imprecise boundaries (e.g., "John is 1.75 

meters tall, therefore John is tall."). 

• Ethical Contradictions: Dilemmas where moral principles conflict (e.g., "Lying to 

save an innocent life is morally right and wrong at the same time."). 

• Future Contingencies: Statements about future events that are not yet determined 

(e.g., "It will rain in New York tomorrow."). 
 

2.2. Evaluation Strategies 

We employed a specialized prompt engineering framework to query the models using three 

distinct strategies: 

 

1 Strategy 1 (Neutrosophic): The model was instructed to act as a Neutrosophic Logic 

expert and evaluate the statement in three independent dimensions (T, I, F) on a scale 

from 0.0 to 1.0. 

2 Strategy 2 (Probabilistic): The model was instructed to act as a standard 

probabilistic classifier, assigning probabilities to three mutually exclusive states 

(True, Uncertain, False), with the sum constrained to 1.0. 



3 Strategy 3 (Entropy-Derived): The model was asked to estimate the probability of 

the statement being YES (True) vs. NO (False), from which we derived an 

indeterminacy value. 
 

2.3. Data and Code Availability 

The code, data, and notebooks used in this study are publicly available on GitHub at: 

https://github.com/mleyvaz/neutrosophic-llm-logic/tree/main 

 

3. Results 

The experimental data reveals significant differences in how LLMs represent uncertainty 

under neutrosophic and probabilistic frameworks. The analysis of the collected data is 

presented in the following sections. 

 

3.1. Descriptive Statistics 

Table 1 presents a summary of the descriptive statistics for the neutrosophic components 

(Strategy 1) across the different linguistic phenomena. The data reveals distinct patterns in 

how LLMs represent different types of linguistic phenomena using the neutrosophic 

framework. 

 

Table 1. Descriptive Statistics for Neutrosophic Components (Strategy 1) by Phenomenon. 

 

Phenomenon_Type 
S1_Truth_T 

(mean) 

S1_Indet_I 

(mean) 

S1_Falsity_F 

(mean) 

S1_Sum_TIF 

(mean) 

Contingency (Future) 0.400 0.475 0.125 1.000 

Contradiction 

(Ethical) 
0.525 0.575 0.375 1.475 

Ignorance (Epistemic) 0.150 0.825 0.150 1.125 

Paradox (Logical) 0.000 1.000 0.500 1.500 

Vagueness (Fuzzy) 0.625 0.275 0.225 1.125 

3.2. Distribution of Neutrosophic Components 

The distribution of the neutrosophic components (T, I, F) for each linguistic phenomenon is 

visualized in Figure 1. This figure illustrates how the models assign different levels of truth, 

indeterminacy, and falsity depending on the nature of the statement. 
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Figure 1. Distribution of the neutrosophic components (Truth, Indeterminacy, Falsity) for 

each linguistic phenomenon under Strategy 1. 

 

 
 

3.3. Hyper-truth: Breaking the Probabilistic Constraint 

A key finding of this study is the emergence of "hyper-truth," where the sum of the 

neutrosophic components (T+I+F) exceeds the probabilistic limit of 1.0. This phenomenon is 

particularly prominent in cases of ethical contradiction and logical paradox, as shown in 

Figure 2. 

 

Figure 2. Boxplot of the sum of neutrosophic components (T+I+F) for each linguistic 

phenomenon, demonstrating the violation of the probabilistic constraint (Sum=1) in cases of 

contradiction and paradox. 

 

 
 

4. Discussion 

The results of our study provide compelling evidence that the probabilistic constraint inherent 

in current LLM architectures is insufficient for modeling the complexity of human reasoning. 

The emergence of "hyper-truth" in the neutrosophic framework allows LLMs to 



communicate internal conflicts and contradictions without collapsing into a state of false 

certainty. This is particularly evident in the ethical dilemma, where the neutrosophic 

approach correctly identifies the moral ambiguity, while the probabilistic model 

misrepresents it as low probability. This finding aligns with the growing body of literature 

that calls for moving beyond Softmax-based uncertainty measures, which are often poorly 

calibrated and can lead to overconfident predictions, especially for out-of-distribution inputs 

[5,6]. 

 

The neutrosophic framework provides a direct way to model epistemic uncertainty. The 

Indeterminacy component (I) can be interpreted as a measure of the model's own uncertainty, 

which is distinct from the aleatoric uncertainty that might be present in the data itself. The 

ability to obtain a high value for I, without necessarily suppressing T and F, allows the model 

to express a state of "known unknown," which is a crucial capability for safe and reliable AI 

[7]. 

 

Furthermore, the neutrosophic framework demonstrates its ability to preserve truth values in 

fuzzy contexts, where the probabilistic approach tends to penalize partial truths. This suggests 

that Neutrosophic Logic is a more suitable framework for handling vagueness and 

imprecision in natural language. This is a significant advantage over traditional methods, 

which often struggle to represent the gradual nature of truth in fuzzy propositions [10]. 

 

The ability to distinguish between ignorance (high indeterminacy) and contradiction (high 

truth and falsity) is a critical feature of the neutrosophic approach that is lost in traditional 

probabilistic and entropy-based methods. This distinction is crucial for building more robust 

and trustworthy AI systems. The capacity to represent a state of conflict (high T and F) is a 

novel feature that is not explicitly captured by the traditional dichotomy of aleatoric and 

epistemic uncertainty [8,9]. This "contradictory" state, which we have termed hyper-truth, 

could be a valuable signal for detecting adversarial attacks, identifying ethical dilemmas, or 

flagging instances where the model is forced to reconcile conflicting information. 

 

5. Conclusions 

This study has demonstrated the practical benefits of applying Neutrosophic Logic to the 

evaluation of epistemic uncertainty in large language models. Our findings indicate that the 

neutrosophic framework provides a more expressive and nuanced representation of a model's 

internal state, particularly in scenarios involving conflict, contradiction, and vagueness. We 

recommend implementing neutrosophic evaluation layers in critical applications where the 

ability to distinguish between different types of uncertainty is crucial. 

Future work should focus on fine-tuning LLMs to natively output neutrosophic vectors, 

which could lead to significant improvements in their reasoning and decision-making 

capabilities. Further research is also needed to explore the application of Neutrosophic Logic 

in other areas of AI, such as computer vision and robotics. 
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