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Abstract

Large Language Models (LLMs) have demonstrated remarkable capabilities in natural language understanding and
generation; however, they continue to suffer from critical limitations, including predictive uncertainty, factual halluci-
nation, and lack of interpretability. Fuzzy logic, with its inherent capacity to model graded membership and reason
under imprecision, has emerged as a promising complementary paradigm to mitigate these shortcomings. Despite the
rapidly growing body of literature, a systematic review that comprehensively synthesizes integration methodologies,
empirical gains, and deployment challenges in fuzzy-LLM systems remains absent. This study conducts a systematic
literature review of 70 peer-reviewed studies published between November 2022 and June 2026, organized around five
research questions: (1) theoretical frameworks for fuzzy-LLM integration, (2) improvements in reasoning performance,
(3) hallucination mitigation mechanisms, (4) fuzzy evaluation metrics, and (5) practical implementation obstacles.
Our analysis reveals that fuzzy rule-based systems dominate the integration landscape, comprising 40 studies (57.1%),
whereas fuzzy attention mechanisms remain critically underexplored, with only 3 studies (4.3%). Uncertainty reason-
ing constitutes the predominant application domain, addressed in 54 studies (77.1%), while causal reasoning remains
entirely uninvestigated. Empirical findings indicate that fuzzy mechanisms yield measurable accuracy improvements
between 1.5% and 3.0%, alongside substantial hallucination reduction. Among mitigation strategies, fuzzy refinement
emerges as both the most frequently adopted and effective approach, reported in 19 studies (27.1%). Nevertheless,
large-scale deployment continues to face persistent barriers, particularly computational overhead and rule explosion,
partially mitigated through Type-2 fuzzy systems and differentiable fuzzy layers. This review identifies fuzzy attention,
standardized benchmarks, and causal reasoning as pivotal directions for future inquiry, offering a foundational reference
for researchers and practitioners developing reliable, interpretable, and uncertainty-aware LLM-based systems.
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1 Introduction

Large Language Models (LLMs) have become one of the most influential technologies in the field of artificial intelligence
in recent years, significantly pushing the boundaries of natural language processing. However, despite their remarkable
success in generating fluent and natural text, fundamental challenges such as uncertainty in outputs, hallucination (gen-
erating factually incorrect information with high confidence), and the lack of interpretability in model decision-making,
remain as serious obstacles to their widespread and reliable application. Meanwhile, fuzzy logic, which has long been
recognized as an effective framework for modeling uncertainty and vagueness, has attracted significant attention from
researchers in recent years. The core idea is that by leveraging concepts such as membership degrees, fuzzy IF-THEN
rules, and fuzzy reasoning systems, the aforementioned limitations can be substantially mitigated, guiding language
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models toward more accurate, interpretable, and robust systems against uncertainty. Despite this high potential, a
comprehensive and systematic study that analyzes the different methods of integrating fuzzy logic with LLM architec-
tures, the effectiveness of these methods in reasoning tasks, and the implementation challenges they pose, has not yet
been presented. This paper aims to fill this research gap by conducting a systematic literature review of 70 papers
published in the field of fuzzy logic and LLM integration from late 2022 to the present, and by providing an analytical
framework based on five research questions, seeks to draw a clear picture of the current state, dominant trends, practical
achievements, and future challenges in this emerging field.

The field of artificial intelligence has experienced an unprecedented transformation over the past two years, primarily
driven by the rapid advancement of Large Language Models (LLMs). The release of ChatGPT by OpenAI in November
2022 marked a major turning point, bringing LLMs from predominantly research-oriented environments into the daily
lives of millions of users worldwide [53]. Since then, numerous state-of-the-art models, including GPT-4, Meta’s LLaMA,
Mistral, Google’s Gemini, and Anthropic’s Claude, have been developed with model sizes ranging from several billion
to hundreds of billions of parameters. These models have demonstrated remarkable capabilities across a wide range
of natural language processing tasks, including creative and technical text generation, complex question answering,
long-document summarization, multilingual translation, and automatic code generation [8]. The remarkable success
of LLMs can largely be attributed to three key factors. First, the Transformer architecture, through its self-attention
mechanism, enables effective modeling of long-range contextual dependencies within textual data [72]. Second, these
models are trained on extremely large-scale corpora, typically consisting of billions of tokens collected from diverse
sources such as web pages, books, scientific publications, and other textual resources [69]. Third, continuous advances
in computational infrastructure have made it feasible to train models containing hundreds of billions of parameters,
significantly improving their representational capacity and generalization ability [35].

Despite these remarkable achievements, extensive research has revealed several fundamental limitations that hinder
the reliable and widespread deployment of LLMs in real-world applications. LLMs are inherently probabilistic models
that generate outputs based on probability distributions over tokens, yet they lack a mechanism to express their de-
gree of confidence regarding the produced responses, generating both highly accurate and completely incorrect answers
with the same apparent level of confidence [32]. This issue is particularly problematic in sensitive applications such
as medicine, law, finance, and critical decision-making systems, where users need to know how much they can trust
the model’s output [45]. Conventional uncertainty estimation methods, such as temperature adjustment or multiple
sampling, are often computationally expensive and lack sufficient accuracy [46]. Perhaps the most serious challenge,
however, is hallucination, which refers to the model’s tendency to generate information that is factually incorrect, base-
less, or unsupported by the training data, while presenting it with a completely confident tone [31]. This phenomenon
is particularly problematic in knowledge-intensive domains such as medicine, law, and scientific research, where it can
have irreparable consequences [92]. Research has shown that increasing model size does not necessarily reduce hallu-
cination; in some cases, it can even increase false confidence and consequently exacerbate the issue [42]. Conventional
mitigation strategies such as contrastive decoding, self-consistency, and Retrieval-Augmented Generation (RAG) each
have inherent limitations [26]. Compounding these issues, the deep and multi-layered architecture of Transformers,
combined with hundreds of billions of parameters, has transformed LLM decision-making into a black box, making
it extremely difficult to understand why a specific response was produced [49]. This lack of interpretability poses a
serious obstacle in applications requiring transparency and accountability, such as judicial systems, medical diagnosis,
and credit assessments, while also reducing user trust and complicating error debugging [39, 59].

In response to these limitations, researchers have turned to complementary paradigms, with fuzzy logic emerging
as one of the most promising approaches. Introduced by Zadeh in 1965, fuzzy logic departs from classical binary
logic by enabling the modeling of degrees of membership within the interval [0, 1], making it inherently well-suited
for handling the uncertainty and ambiguity of natural language [89, 90]. The integration of fuzzy logic with LLMs
offers several advantages. First, it enables modeling linguistic uncertainty through membership functions that capture
graded concepts and degrees of ambiguity [68]. Second, fuzzy rules expressed in ”IF-THEN” format are inherently
interpretable, providing human-understandable explanations for model decisions [47]. Third, fuzzy mechanisms facilitate
hallucination reduction through complementary evaluation and revision processes, such as multi-agent architectures and
post-generation validation [37]. Finally, fuzzy models enable flexible evaluation by representing outputs as membership
distributions rather than deterministic values, offering more nuanced assessment compared to purely deterministic
approaches [83]. Despite this high potential, no comprehensive and systematic study has yet analyzed the methods of
integrating fuzzy logic with LLMs, their effectiveness across different reasoning tasks, or the implementation challenges
involved. The existing research gaps include the lack of a clear categorization of integration approaches, the absence
of quantitative comparative analysis of performance in reasoning tasks, the lack of systematic identification of effective
fuzzy mechanisms for hallucination reduction, the absence of a review of introduced fuzzy evaluation criteria, and the
lack of analysis of implementation challenges at scale.
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1.1 Motivation

Given the research gaps mentioned above, the primary motivation of this study is to provide a systematic and com-
prehensive review of the emerging field combining fuzzy logic and Large Language Models. To achieve this goal, a
systematic search was conducted in the Google Scholar database using the following search query:

(“fuzzy logic” OR “fuzzy set” OR “fuzzy inference” OR “fuzzy membership” OR “fuzzy rule” OR “fuzzy
reasoning” OR “fuzzy attention” OR “fuzzy aggregation”) AND (“large language model” OR “LLM” OR
“GPT” OR “LLaMA” OR “Mistral” OR “Gemini”) AND (“reasoning” OR “causal” OR “hallucination”
OR “uncertainty” OR “evaluation” OR “explainability” OR “attention”)

The search was conducted from 2022 to June 2026. The rationale for selecting this time frame is that the release
of ChatGPT in November 2022 served as a turning point for the introduction of modern LLMs to the public sphere
and marked the beginning of extensive research momentum in this field. The search statistics reveal an extraordinary
exponential growth in the number of articles related to the combination of fuzzy logic and LLMs, as presented in
Table 1. As the above statistics demonstrate, the total number of related articles in less than four years has exceeded

Table 1: Statistics of articles related to the search query in Google Scholar
Time Period Number of Search Results
2022–2023 ∼1,730
2023–2024 ∼3,730
2024–2025 ∼7,960
2025–2026 ∼6,610

Total (2022–2026) ∼10,700

10,700 papers, which itself serves as clear evidence of the growing importance and attractiveness of this field for the
scientific community. The approximately 4.6-fold increase from the first period (2022–2023: 1,730 papers) to its peak
in the period (2024–2025: 7,960 papers) indicates the acceleration of research, particularly after 2024. It is noteworthy
that the 2025–2026 period, despite covering only the first half of 2026, still accounts for approximately 6,610 papers,
demonstrating the continuation of the upward trend.

Among these 10,700 papers, after applying inclusion and exclusion criteria including: (1) papers that explicitly
employed fuzzy logic in combination with LLMs, (2) papers that conducted empirical evaluation of the fuzzy-LLM
combination performance, (3) papers that covered at least one of the aspects of architecture, reasoning, hallucination,
evaluation, or implementation, and (4) removal of non-English papers, duplicate preprints, purely conceptual papers
without implementation, and papers that addressed only one of the two domains (without combination), a final set
of 70 papers was selected as the core of this review. This number represents the papers that have implemented and
evaluated the practical combination of fuzzy logic and LLMs. The temporal distribution of the selected papers (70
papers) is presented in Table 2.

Table 2: Statistics of selected papers for review from among all related articles
Year Number of Papers Percentage of Total
2022 1 1.4%
2023 1 1.4%
2024 9 12.9%
2025 36 51.4%

2026 (until June) 23 32.9%
Total 70 100%

As can be observed from Table 2, more than 84% of the papers were published in the years 2025 and 2026, indicating
the accelerating momentum of research in this field over the past two years, which is fully consistent with the overall
Google Scholar statistics. The growth in the number of papers from 2022 to 2024 by a factor of 9, and from 2024 to
2025 by a factor of 4, signifies the gradual maturation of this field and its transition from the ideation phase to the
implementation and practical evaluation phase.

This paper, through a systematic analysis of the 70 selected papers, endeavors to provide a clear picture of the
current state, dominant trends, practical achievements, and future challenges in this emerging field.
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RQ1 Theoretical Integration of Fuzzy Logic with LLM Architecture: How has fuzzy logic been theoretically
integrated with the architecture of Large Language Models (Transformers, attention mechanisms, and token rep-
resentations)? This question examines methods for fuzzification of token vectors, attention layers, the membership
functions employed, and the distinction between “fuzzy output” and “fuzzy process” approaches.

RQ2 Improvement in Reasoning Tasks: In which reasoning tasks (such as causal reasoning, uncertainty manage-
ment, multi-step reasoning) has fuzzy logic produced measurable improvements compared to standard LLMs? This
question covers the metrics for measuring improvement (accuracy, hallucination reduction, reasoning coherence)
and comparisons with probabilistic methods.

RQ3 Hallucination Reduction: How can fuzzy mechanisms reduce hallucinations and errors arising from uncer-
tainty in LLM-generated content? This question investigates mechanisms such as token confidence degrees, fuzzy
revision, post-processing rules, and comparisons with conventional methods.

RQ4 Fuzzy Evaluation Frameworks and Metrics: What fuzzy evaluation frameworks and metrics have been
proposed for assessing LLM outputs, and how do they compare with traditional deterministic metrics (such as
BLEU, ROUGE, BERTScore)?

RQ5 Implementation Challenges: What are the main computational, architectural, and scalability challenges in
deploying fuzzy logic in LLM systems at production scale?

This paper, through a systematic review of 70 selected papers from among more than 10,700 related articles, presents
a comprehensive analytical framework based on five research questions. The main contributions of this study are provid-
ing a structured taxonomy of fuzzy logic and LLM integration methods, quantitative analysis of improvements achieved
in reasoning tasks and hallucination reduction, investigation of fuzzy evaluation metrics and their comparison with
traditional deterministic metrics, identification of key implementation challenges along with existing solutions, and out-
lining future research directions by identifying research gaps, including the lack of standard fuzzy benchmarks and the
need for research in fuzzy attention mechanisms. The remainder of this paper is organized as follows. Section 2 provides
the theoretical foundations (RQ1) by examining fuzzy logic integration methods with LLM architecture, distinguishing
between fuzzy output and fuzzy process approaches, and discussing token representation, fuzzification, membership
functions, and differentiability challenges. Section 3 addresses reasoning tasks and improvements (RQ2), presenting
a taxonomy of reasoning tasks, quantitative improvement metrics, and a comparative analysis of fuzzy methods ver-
sus probabilistic and chain-based approaches. Section 4 is dedicated to hallucination reduction mechanisms (RQ3),
exploring fuzzy-based hallucination mitigation strategies, comparisons with conventional methods such as contrastive
decoding and self-consistency, and implementation limitations in very large-scale models. Section 5 analyzes fuzzy
evaluation frameworks and metrics (RQ4), reviewing proposed fuzzy metrics, benchmark datasets, and the advantages
of fuzzy metrics over deterministic counterparts. Section 6 investigates implementation challenges (RQ5), including
non-differentiability of fuzzy layers, computational costs, rule explosion, and existing solutions. Section 7 presents a
comparative analysis and future directions, summarizing the findings, identifying research gaps, and outlining the future
research landscape. Finally, Section 8 concludes the paper with a summary of the main contributions, key takeaways,
and concluding remarks.

2 Theoretical foundations (RQ1)

As mentioned in the introduction, fuzzy logic, by providing a framework for modeling uncertainty and ambiguity,
can significantly address the fundamental limitations of LLMs. However, the manner of this integration is of critical
importance, as it has a direct impact on the efficiency, interpretability, and computational costs of the final system. In
this section, we examine various methods of integrating fuzzy logic with the architecture of Large Language Models.
First, a general taxonomy of integration approaches is presented, followed by a discussion of the distinction between
”fuzzy output” and ”fuzzy process.” Subsequently, methods for fuzzification of token representations and attention
mechanisms are investigated. Finally, the challenges related to the differentiability of fuzzy layers and the existing
solutions to address them are analyzed.

2.1 Overview of integration approaches

Analysis of the 70 selected papers reveals six main categories for fuzzy-LLM integration, based on the entry point of
fuzzy logic into the model architecture and its role in the generation or reasoning process. Some papers employ multiple
methods simultaneously. Table 3 presents the distribution of reviewed papers across these categories.
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� Fuzzy Input: Input data (tokens or embeddings) are transformed into fuzzy membership degrees before entering
Transformer layers. Useful for ambiguous or noisy data (e.g., sensor data, user reviews).

� Fuzzy Attention: The attention mechanism is replaced or augmented with fuzzy concepts; attention weights are
computed as membership degrees rather than deterministic values. With only 3 papers, this is the least frequent
approach, indicating a significant research gap.

� Fuzzy Output: The model produces a fuzzy set or membership distribution instead of a deterministic response.
Suitable for applications requiring confidence degrees or response multiplicity (e.g., medical diagnosis, automated
evaluation).

� Fuzzy Rule: The most common approach, where a fuzzy rule-based system (if-then rules) operates alongside
the LLM to guide reasoning or decision-making. Rules may be handcrafted, learned, or hybrid.

� Post-hoc: Fuzzy logic is applied after output generation to review, refine, or score responses. Typically used for
hallucination reduction or interpretability enhancement.

� Other/Hybrid: Papers that do not clearly fit into the above categories or employ hybrid/unconventional ap-
proaches.

Table 3: Distribution of papers across fuzzy-LLM integration method categories
Integration Ap-
proach

Related Papers

Fuzzy Input [9, 10, 23, 24, 28, 38, 44, 58, 66, 71, 73, 74, 77]
Fuzzy Attention [11, 27, 95]
Fuzzy Output [4, 7, 22, 25, 41, 43, 57, 65, 78, 82, 84, 85]
Fuzzy Rule [1, 2, 3, 4, 5, 6, 10, 11, 12, 13, 15, 18, 21, 22, 25, 30, 33, 34, 40,

41, 43, 50, 51, 52, 54, 55, 56, 57, 61, 63, 64, 65, 67, 74, 75, 76, 78,
79, 80, 82, 84, 86, 87, 91, 95]

Post-hoc [43, 50, 51, 76]
Other/Hybrid [5, 6, 13, 14, 17, 18, 29, 36, 40, 48, 54, 62, 63, 64, 67, 70, 79, 81,

91, 93, 94]

As shown in Table 3, the fuzzy rule approach, with 40 papers, is the most common integration method. In contrast,
fuzzy attention, with only 3 papers, is the least frequent approach, indicating a significant research gap. One of the
most important distinctions in integration methods is the difference between fuzzy output and fuzzy process approaches.
Although these two are sometimes combined within a single system, they have different objectives and implementations.
Fuzzy Output refers to a situation where the final output of the model is directly a fuzzy value, such as a vector of
membership degrees, rather than a deterministic response. In this case, the model expresses the degree to which the
response belongs to each possible category as a number in the interval [0, 1]. For instance, in a medical diagnosis system,
the model output could represent the ”degree of disease affliction” with a value between 0 and 1. Papers [4, 11, 95] have
employed this approach, while [83] designs a Type-2 Fuzzy model for the output that models uncertainty in membership
degrees themselves, demonstrating superior performance over classical models. In contrast, Fuzzy Process refers to
cases where fuzzy logic is embedded within the model’s reasoning or decision-making process without requiring the final
output to be fuzzy. The reasoning mechanism itself is designed based on fuzzy concepts such as fuzzy inference, rule
composition, or fuzzy similarity computation. For example, [12] proposes a ”Fuzzy Reasoning Chain,” and [66] presents
a closed-loop reasoning framework that manages uncertainty throughout the reasoning process. Table 4 compares these
two approaches.

Beyond the methods discussed above, fuzzy logic has also been effectively applied in other domains such as smart
Wireless Rechargeable Sensor Networks, IoT-based systems, infrastructure monitoring, medical image analysis, and
reinforcement learning. In this context, [19] presents an expert-aware multi-phase protocol that combines fuzzy logic,
metaheuristic algorithms, and machine learning to improve generalizability. Similarly, [60] introduces an energy-efficient
clustering approach for IoT-based wireless sensor networks, integrating a binary whale optimization algorithm with a
fuzzy inference system to optimize cluster head selection and network lifetime. Furthermore, [20] proposes a combined
fuzzy-metaheuristic framework for bridge health monitoring using UAV-enabled rechargeable wireless sensor networks,
demonstrating the effectiveness of fuzzy-integrated approaches in critical infrastructure applications. In the medical
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Table 4: Comparison of fuzzy output and fuzzy process approaches
Feature Fuzzy Output Fuzzy Process
Primary Goal Expressing confidence degree or an-

swer multiplicity
Improving the reasoning process it-
self

Fuzzy Entry Point End of the processing pipeline Throughout the reasoning process
Key Advantage Increased accuracy in multi-valued

decisions
Enhanced reasoning coherence and
robustness

Main Challenge Need for defuzzification in most ap-
plications

Higher complexity in training and
implementation

Representative Papers [4, 11, 83, 95] [12, 66]

domain, [88] employs a hybrid approach combining Convolutional Neural Networks with fuzzy VIKOR for pneumonia
detection in chest X-ray images, illustrating the applicability of fuzzy decision-making frameworks in healthcare diag-
nostics. Additionally, [16] presents a fuzzy inference-based adaptive replay buffer management approach for optimizing
Deep Q-Networks, highlighting the potential of fuzzy logic in enhancing reinforcement learning algorithms.

2.2 Token representation and fuzzification

One of the fundamental challenges in integrating fuzzy logic with LLMs is the manner of token representation and
fuzzification. While the Transformer architecture is designed based on numerical vectors with crisp values, linguistic
concepts are inherently ambiguous and graded. For instance, the “importance” of a word in a sentence or the semantic
“similarity” between two phrases can rarely be defined as completely true or false. This mismatch between the model’s
deterministic representation and the fuzzy nature of language has been the primary motivation for developing fuzzifi-
cation methods at the token and attention layer levels. In this section, three main approaches are examined: Fuzzy
Token Embedding, Fuzzy Attention, and Membership Functions.

Token embedding vectors, typically numerical crisp vectors, can be transformed into fuzzy membership degree
vectors using membership functions that map each dimension to a value in [0, 1]. This represents each token as a fuzzy
set indicating its degree of belonging to various concepts, enabling the model to incorporate semantic ambiguities at
the input level. Papers [38, 76] have adopted this approach: [76] employs fuzzy embeddings to enhance contrastive
decoding in code generation, while [38] applies them to insulin level control in diabetic patients.

Fuzzy attention represents the second integration approach, where the Transformer’s attention mechanism is re-
placed or augmented with fuzzy concepts. Instead of computing deterministic attention weights via similarity measures
between Query and Key vectors, fuzzy attention weights are calculated using fuzzy membership functions or operators,
representing the “relative importance” of each token in context. With only three papers [10, 28, 74], this is the least
explored method, highlighting a critical research gap. [28] introduces FISformer, which substitutes the attention mech-
anism with a Fuzzy Inference System; [10] applies fuzzy attention to time series forecasting; and [74] combines fuzzy
output and fuzzy attention in a two-stage system. The scarcity of research suggests that despite its potential, fuzzy
attention remains largely unexplored.

Membership function selection is a fundamental design choice in fuzzy systems, determining how input data map to
fuzzy membership degrees. Three main selection approaches are identified: hand-crafted (based on domain expertise),
data-driven (automatically tuned from training data), and learnable (integrated as part of the neural network and up-
dated via backpropagation, common in neuro-fuzzy systems). The analysis reveals considerable diversity in membership
function types. Figure 1 and Table 5 present the distribution across the reviewed papers.

As shown in Figure 1 and Table 5, custom membership functions are the most common type, appearing in 41 papers
(58.6%), indicating significant diversity in design and the absence of standardization. Trapezoidal functions rank
second with 17 papers (24.3%), while triangular (3 papers, 4.3%) and Gaussian (1 paper, 1.4%) are the least frequent.
In 5 papers (7.1%), the function type was not specified, and 3 papers (4.3%) employed combined types (custom with
triangular or trapezoidal). This diversity underscores that membership function selection remains domain-dependent
and requires further research toward standardization.

2.3 Differentiable vs. non-differentiable fuzzy layers

One of the fundamental challenges in combining fuzzy logic with deep neural networks is the non-differentiability of
many fuzzy operators. Operations such as min, max, and defuzzification are step-like or non-smooth functions that do
not allow gradient computation for backpropagation algorithms [49]. This issue complicates the simultaneous training
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Figure 1: Distribution of membership function types in the reviewed papers

Table 5: Types of membership functions and their frequencies in the selected papers
Membership Function
Type

Percentage Related Papers

Custom 58.6% [1, 3, 6, 7, 11, 12, 17, 18, 21, 33, 38, 40, 43,
50, 51, 52, 56, 61, 62, 66, 67, 70, 75, 76, 78,
79, 80, 81, 82, 84, 85, 87, 91, 94, 95]

Trapezoidal 24.3% [9, 10, 22, 23, 24, 25, 34, 41, 44, 58, 63, 65,
71, 73, 77]

Not Specified 7.1% [2, 27, 29, 64]
Triangular 4.3% [4, 28, 54]
Combined 4.3% [38, 43, 66]
Gaussian 1.4% [57]

of fuzzy and neural layers, as deep neural networks require differentiability of functions for weight updates. Based on
the analysis of 70 papers, the differentiability status of fuzzy layers can be classified into five categories. Table 6 and
Figure 2 present the distribution of papers in this classification.

Table 6: Distribution of fuzzy layer differentiability in the reviewed papers
Differentiability
Status

Related Papers

Fully Differentiable [6, 7, 17, 18, 36, 38, 40, 54, 66, 76, 81, 83, 85, 94]
Non-Differentiable [1, 3, 12, 21, 33, 43, 52, 56, 78, 80, 87]
Partially Differentiable [24, 27, 52, 61, 62, 75, 93, 95]
Not Applicable [2, 11, 15, 25, 30, 34, 40, 41, 50, 51, 54, 55, 57, 63, 67, 76, 86, 91]
Not Reported [4, 9, 10, 11, 22, 23, 25, 27, 28, 41, 44, 57, 58, 65, 71, 73, 74, 77, 95]

In this section, six main categories of fuzzy logic and LLM integration were identified and analyzed. It was found that
the fuzzy rule approach, with 40 papers, is the most common method, while the fuzzy attention approach, with only 3
papers, is the least frequent and simultaneously one of the most significant research gaps. Furthermore, the distinction
between fuzzy output and fuzzy process was explained, demonstrating that each has its own specific applications and
challenges. In the context of token representation, two main approaches—fuzzification of embeddings and fuzzification
of attention—were introduced, and the types of membership functions and their selection methods were examined.
Finally, the challenges of differentiability of fuzzy layers and existing solutions, including fully differentiable layers,
neuro-fuzzy systems, and the elimination of defuzzification during training, were discussed. The analysis of 70 papers
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Figure 2: Distribution of fuzzy layer differentiability in the reviewed papers

revealed that 14 papers (20%) employed fully differentiable layers, while 11 papers (15.7%) faced the challenge of non-
differentiability. Additionally, in 19 papers (27.1%), the differentiability status was not reported, indicating the need
for greater transparency in future research.

3 Reasoning tasks and improvements (RQ2)

One of the most significant challenges of LLMs is their poor performance in tasks requiring multi-step reasoning,
uncertainty management, or causal understanding. Fuzzy logic, with its inherent capability for modeling uncertainty
and graded reasoning, offers high potential for addressing these limitations. This section presents a categorization of
reasoning tasks examined in the reviewed papers, investigates quantitative improvement metrics (accuracy, hallucination
reduction, and reasoning coherence), compares fuzzy methods with probabilistic approaches (Bayesian and Monte
Carlo), and concludes with case studies from key papers.

Analysis of the 70 papers reveals that reasoning tasks employing fuzzy logic for performance improvement fall
into seven main categories. Table 7 and Figure 3 present the frequency distribution. Totals exceed 100% as papers
may address multiple reasoning categories simultaneously. Uncertainty Reasoning, with 54 papers, is the most common
application—consistent with fuzzy logic’s inherent design for modeling uncertainty and managing linguistic and semantic
ambiguities. Temporal Reasoning and the ”Other” category each account for 24 papers. Notably, Causal Reasoning
was absent from all reviewed papers, representing a significant research gap and promising future direction. Numerical
Reasoning (3 papers) and Commonsense Reasoning (4 papers) are the least frequent categories.

Table 7: Categorization of reasoning tasks in the reviewed papers
Reasoning Task Type Related Papers
Uncertainty Reasoning [4, 9, 10, 11, 22, 23, 27, 28, 38, 44, 58, 66, 65, 71, 73, 74, 77, 95,

57, 41, 25, 7, 78, 82, 84, 85, 43, 2, 61, 52, 1, 21, 3, 80, 12, 56, 87,
33, 75, 15, 55, 30, 86, 34, 51, 6, 18, 63, 91, 50, 76, 40, 54, 67]

Temporal Reasoning [4, 7, 9, 10, 11, 22, 23, 25, 27, 28, 41, 43, 44, 57, 58, 65, 73, 74, 77,
78, 82, 84, 85, 95]

Multi-hop Reasoning [1, 2, 3, 21, 43, 52, 61, 80]
Commonsense Reasoning [12, 33, 56, 87]
Numerical Reasoning [15, 55, 75]
Causal Reasoning –
Other [4, 7, 9, 10, 11, 22, 23, 25, 27, 28, 41, 44, 57, 58, 65, 71, 73, 74, 77,

78, 82, 84, 85, 95]
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Figure 3: Distribution of reasoning tasks in the reviewed papers

To quantitatively evaluate fuzzy logic’s impact on LLM performance, the reviewed papers employ three primary met-
rics: accuracy, hallucination reduction, and reasoning coherence. Accuracy, the most common metric, shows that fuzzy
logic yields significant improvements across various reasoning tasks. For instance, [66] (FSER) presents a closed-loop
fuzzy reasoning framework that outperforms both the base model and Chain-of-Thought methods, while [83] employs a
fully differentiable Type-2 fuzzy system achieving superior performance over BERT and RoBERTa in sentiment classifi-
cation. Hallucination reduction, examined in 54.3% of papers, demonstrates positive impacts through methods such as
fuzzy contrastive decoding [36] and fuzzy-based multi-agent architectures [4]. Reasoning coherence, a qualitative metric
addressed in [12] (FRC) and [66] (FSER), shows that fuzzy membership degrees enable more transparent and coherent
reasoning steps, with human evaluations confirming higher coherence and interpretability compared to conventional
methods.

Various baselines are employed to evaluate fuzzy-LLM methods. Table 8 and Figure 4 present the distribution.
Standard LLM baselines dominate with 36 papers, indicating comparisons with unmodified base models. No comparison
was performed in 23 papers. Few-shot baselines appear in 12 papers, while probabilistic baselines are least frequent
with only 2 papers, highlighting the need for more comparative research between fuzzy and probabilistic approaches.

Table 8: Distribution of baseline comparison methods in the reviewed papers
Baseline Type Related Papers
Standard LLM [85, 43, 51, 6, 18, 63, 87, 27, 76, 33, 40, 54, 67, 79, 64, 5, 13, 36,

48, 29, 14, 10, 75, 70, 81, 94, 62, 74, 4, 65, 22, 24, 57, 34, 83, 66]
None [78, 82, 7, 11, 84, 2, 95, 91, 50, 61, 52, 1, 21, 3, 80, 12, 56, 17, 93,

28, 15, 55, 30]
Few-shot [4, 18, 22, 24, 38, 43, 65, 66, 71, 74, 83, 85]
Probabilistic [17, 74]

4 Hallucination mitigation (RQ3)

Hallucination in Large Language Models is recognized as one of the most challenging obstacles on the path to widespread
and reliable deployment of these models. As mentioned in the introduction, the phenomenon of hallucination refers to
the generation of information that is factually incorrect, baseless, or unsupported by the training data, while presented
with a completely confident tone [31]. In recent years, fuzzy logic has gained attention as an efficient approach for
mitigating this phenomenon. In this section, first, the proposed fuzzy mechanisms for hallucination reduction are
examined, followed by a comparison between these methods and conventional approaches.
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Figure 4: Percentage frequency distribution of baseline comparison methods in the reviewed papers

4.1 Fuzzy mechanisms for hallucination reduction

Based on the analysis of 70 papers, various fuzzy mechanisms have been proposed for reducing hallucination in LLMs.
Table 9 presents the distribution of these mechanisms across the reviewed papers.As shown in Table 9, Fuzzy Verification,
with the highest frequency, is the most common fuzzy mechanism for hallucination reduction. Post-hoc Filter and
Token Certainty rank next, respectively. Uncertainty Threshold was not observed in any of the papers. Additionally,
a significant portion of the papers (the “None” category) did not employ any specific mechanism for hallucination
reduction, indicating a significant research gap in this area. For measuring the degree of hallucination, the papers
have employed various metrics. Table 10 presents the distribution of hallucination evaluation metrics. Some papers
may have used a combination of multiple metrics for hallucination measurement. As shown in Table 10, “Other” with
overwhelming frequency indicates the high diversity of non-standard and custom metrics that researchers have employed
for hallucination measurement. This diversity suggests that there is still no standardized and universally agreed-upon
metric for hallucination measurement in the scientific community. SelfCheckGPT and Hallucination Rate are among
the standard metrics with lower frequency, while FactCC and TruthfulQA were not observed in any of the reviewed
papers.

Table 9: Distribution of hallucination reduction mechanisms in the reviewed papers
Mechanism Related Papers
Fuzzy Verification [4, 9, 10, 11, 22, 23, 24, 27, 28, 38, 44, 58, 65, 66, 71, 73, 74, 77, 95]
Post-hoc Filter [41, 57]
Token Certainty [25]
Uncertainty Threshold –
None [78, 82, 7, 11, 84, 85, 43, 2, 61, 52, 1, 21, 3, 80, 12, 56, 87, 33, 75, 15,

55, 30, 86, 34, 51, 6, 18, 63, 91, 50, 76, 40, 54, 67, 79, 64, 5, 13, 36,
48, 29, 14, 70, 81, 94, 62, 17, 93]

4.2 Comparison with conventional methods

To evaluate the effectiveness of fuzzy methods in hallucination reduction, a comparison with two conventional meth-
ods—Contrastive Decoding and Self-Consistency—is conducted. Contrastive Decoding refines model outputs using
the probability distribution difference between a large and a smaller model, selecting tokens where the larger model
shows higher confidence. [76] proposes a fuzzy-assisted variant where a fuzzy membership function computes token
confidence and filters out low-confidence tokens, achieving better hallucination reduction than standard contrastive
decoding. Self-Consistency generates multiple samples and selects the most consistent response via voting, but incurs
high computational cost. [66] introduces a closed-loop fuzzy reasoning framework that evaluates confidence at each



Fuzzy logic in large language models: Concepts, applications, and challenges 117

Table 10: Distribution of hallucination evaluation metrics in the reviewed papers
Metric Related Papers
SelfCheckGPT [70, 81]
Hallucination Rate [94]
FactCC –
TruthfulQA –
Other [83, 24, 66, 38, 71, 73, 23, 77, 44, 9, 58, 10, 74, 28, 11, 95, 27, 4, 65,

22, 57, 41, 25, 7, 78, 82, 84, 85, 43, 2, 61, 52, 1, 21, 3, 80, 12, 56, 87,
33, 75, 15, 55, 30, 86, 34, 51, 6, 18, 63, 91, 50, 76, 40, 54, 67, 79, 64,
5, 13, 36, 48, 29, 14]

reasoning step and revises the process when necessary, offering lower computational cost and more effective halluci-
nation reduction. [73] combines abductive reasoning with fuzzy scoring, evaluating hypotheses using fuzzy sets and
membership degrees (sufficiency, relevance, validity) to eliminate low-score hypotheses, enhancing reliability and inter-
pretability. Overall, fuzzy methods demonstrate superior hallucination reduction compared to conventional approaches.
[4] presents a multi-agent fuzzy architecture that distributes tasks among specialized agents coordinated via fuzzy infer-
ence. [34] shows through structural analysis that fuzzy methods exhibit more stable performance in complex, ambiguous
scenarios. While conventional methods rely on sampling and statistical comparison, fuzzy methods offer a systematic
analytical framework for evaluating and refining outputs. However, scalability and computational cost remain major
obstacles for very large models.

4.3 Limitations in large models ( >70B)

Despite their effectiveness, implementing fuzzy methods in models exceeding 70 billion parameters faces serious chal-
lenges in three areas: scalability, computational cost, and base model dependency.

4.3.1 Scalability challenges

[34], using a legacy fuzzy inference benchmark, shows that as model size increases, the complexity of executing fuzzy
inference systems grows significantly due to the large number of rules and their interactions. Models over 70B parameters
exhibit structural challenges in accurately executing fuzzy rules, with seven distinct failure patterns systematically
observed. [66] notes that closed-loop fuzzy reasoning faces convergence issues in very large models, suggesting that
increasing parameters does not necessarily improve fuzzy system performance and may even disrupt reasoning. Current
fuzzy methods require significant optimization for models exceeding 70B parameters.

4.3.2 Computational cost

Computational cost is a fundamental limitation. [24] shows that adding fuzzy layers significantly increases inference
time, particularly challenging for real-time applications. [34] provides a comprehensive analysis, revealing that models
over 70B parameters incur higher costs due to matrix operations and fuzzy computations across layers, with larger
models also performing more poorly in accurate rule execution.

4.3.3 Dependency on base models

Fuzzy methods are typically implemented as additive layers on base models, creating strong dependency on the base
model’s architecture and size. [73] demonstrates using LLaVA-NeXT (Mistral 7B) and GPT-4 that fuzzy scoring
effectiveness in abductive reasoning depends directly on the base model’s object detection and visual understanding
capabilities, limiting generalizability. [23] notes that base model updates may require readjustment of fuzzy rules or
membership parameters, increasing maintenance costs. Current fuzzy methods lack sufficient transferability across
different models.

4.4 Key papers

Four key papers have significantly contributed to hallucination reduction using fuzzy logic. [4] proposes a multi-agent
fuzzy architecture for customer service, where specialized agents (detection, validation, revision, coordination) operate
in parallel under fuzzy inference to identify and revise low-confidence outputs. [34] systematically evaluates six LLMs
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using a legacy fuzzy benchmark, identifying seven distinct failure patterns; only one model achieved full compliance,
concluding that models exhibiting such failures are unsuitable for deterministic automation. [66] introduces a closed-loop
fuzzy reasoning framework that evaluates confidence at each reasoning step and revises the process when uncertainty is
high, significantly reducing hallucination in commonsense reasoning. [58] combines a fuzzy rule-based expert system (245
rules) with RAG for offshore safety assessment, feeding deterministic expert output to RAG to retrieve activated rules
and generate auditable explanations, eliminating hallucination in decision-making while ensuring traceability. These
papers collectively address hallucination reduction from four complementary perspectives: multi-agent coordination,
failure analysis, closed-loop reasoning, and RAG-enhanced explainability.

5 Evaluation frameworks and metrics (RQ4)

Traditional deterministic metrics such as BLEU and ROUGE evaluate LLM outputs in a binary manner, In contrast,
fuzzy metrics, by computing degrees of similarity or fuzzy distance, enable more precise evaluation aligned with the
gradual nature of language [83]. This section reviews the fuzzy metrics proposed in the literature, introduces benchmark
datasets employed, and analyzes the advantages of fuzzy over deterministic metrics.

Based on a analysis of 70 papers, various fuzzy metrics have been proposed to evaluate LLM outputs. Table 11
presents the distribution of these metrics. Fuzzy Score, with 39 papers, is the most common, followed by None (27
papers), indicating papers that did not employ any specific fuzzy metric. Fuzzy Similarity and Fuzzy Precision/Recall
each appear in 2 papers, while Fuzzy BLEU was not observed in any paper. Figure 5 visualizes this distribution.

Table 11: Distribution of fuzzy evaluation metrics in the reviewed papers
Metric Related Papers
Fuzzy Score [51, 6, 63, 2, 87, 33, 40, 54, 67, 79, 64, 5, 13, 36, 48, 14, 10, 75, 70,

81, 94, 62, 4, 65, 22, 24, 57, 83, 66, 38, 71, 73, 23, 77, 44, 9, 58,
41, 25]

None [78, 82, 7, 11, 84, 85, 43, 18, 50, 61, 52, 1, 17, 21, 3, 80, 12, 56, 27,
76, 29, 28, 15, 55, 30, 86, 34]

Fuzzy Similarity [91, 93]
Fuzzy Precision/Recall [74, 95]
Fuzzy BLEU –

Figure 5: Distribution of fuzzy evaluation metrics in the reviewed papers

The reviewed papers employ diverse datasets for evaluating fuzzy-LLM methods. Table 12 and Figure 6 present
the distribution. Custom Dataset, with 42 papers (60%), is the most common, indicating that many researchers design
task-specific datasets for evaluation. Standard Benchmark, with 17 papers (24.3%), ranks second, with well-known
benchmarks such as Rotten Tomatoes, IMDb, SST-2, TweepFake, and MIMIC-IV. Both (Standard + Custom) appear
in 7 papers (10%), and Not Specified in 4 papers (5.7%). The predominance of custom datasets highlights the lack of
a standardized benchmark in fuzzy-LLM integration, underscoring the need for more comprehensive benchmarks.
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Table 12: Distribution of evaluation datasets in the reviewed papers
Dataset Type Related Papers
Standard Benchmark [78, 85, 43, 2, 91, 17, 80, 12, 27, 76, 33, 36, 29, 10, 75, 81, 28]
Custom Dataset [82, 84, 51, 6, 18, 63, 50, 52, 1, 3, 56, 87, 40, 54, 67, 79, 64, 5, 13,

48, 14, 70, 94, 62, 24, 15, 55, 30, 86, 57, 83, 66, 38, 71]
Both (Standard + Cus-
tom)

[4, 11, 22, 34, 65, 74, 95]

Not Specified [7, 21, 61, 93]

Figure 6: Distribution of evaluation datasets in the reviewed papers

Fuzzy metrics offer three key advantages over deterministic metrics, as summarized in Table 13. First, they enable
graded instead of binary evaluation, essential for inherently ambiguous tasks such as summarization or explanation
generation. [83] employs a Type-2 fuzzy system with 10 criteria for sentiment classification, outperforming deter-
ministic metrics, while [71] uses fuzzy adherence scores for medical protocol compliance. Second, fuzzy rules in ”IF-
THEN” format enhance interpretability and transparency. [23] introduces Rule Coverage and Stability metrics within
a fuzzy-transformer framework for fake content classification, and [58] combines RAG with fuzzy rules to generate user-
understandable explanations. Third, fuzzy metrics support multi-aspect evaluation by integrating diverse criteria into
a unified framework; [66] utilizes a fuzzy inference system to simultaneously assess accuracy, coherence, and confidence
in reasoning tasks.

Table 13: Advantages of fuzzy metrics over crisp metrics
Advantage Description Key Papers
Uncertainty Manage-
ment

Graded instead of binary evaluation, al-
lowing nuanced assessment

[71, 83]

Interpretability Human-understandable linguistic rules
that clarify reasoning

[23, 58]

Multi-aspect Evalua-
tion

Combination of diverse criteria into
unified framework

[66]

[83] presents a fully differentiable Type-2 fuzzy system for sentiment classification using 10 fuzzy metrics, demon-
strating that multiple fuzzy criteria enable more comprehensive evaluation than traditional deterministic metrics. [71]
employs fuzzy adherence scores to evaluate medical protocol compliance in intensive care units, replacing binary assess-
ment with graded measurement aligned with the gradual nature of medical protocols. [23] introduces a fuzzy-transformer
framework for fake content sentiment classification, utilizing Rule Coverage (number of activated fuzzy rules) and Sta-
bility (robustness against input variations) metrics to evaluate interpretability and robustness.
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6 Implementation challenges (RQ5)

Despite the high potential of combining fuzzy logic and Large Language Models, production-scale deployment faces four
main challenges: non-differentiability of fuzzy layers, computational cost, rule explosion, and scalability. This section
examines each challenge alongside proposed solutions.

Non-differentiability of fuzzy operators (min, max, defuzzification) prevents gradient computation for backpropaga-
tion. Table 14 summarizes the challenges and solutions. Three main approaches address this: (1) fully differentiable
fuzzy layers using smooth approximations (min�product, max�sum) and soft defuzzification (Soft Center of Gravity),
as in [7, 38, 66, 83]; (2) neuro-fuzzy systems where neural and fuzzy components interact without backpropagation
through fuzzy layers, as in [7, 66]; and (3) deferring defuzzification until inference time, using fuzzy outputs directly
during training, combined with differentiable layers in [83].

Table 14: Non-differentiability challenges and proposed solutions
Challenge Solution Key Papers
Non-Differentiable Fuzzy
Layers

Differentiable Fuzzy Layers [7, 38, 66, 83]

Gradient Incompatibility Neuro-Fuzzy Systems [7, 66]
Defuzzification Soft Defuzzification [83]

Computational cost remains a fundamental limitation. [23] provides a comprehensive analysis showing that adding
fuzzy layers to LLMs incurs an average of 24.1 × 109 FLOPs, 10 MB additional memory, and approximately 3.55 ms
latency, particularly challenging for real-time applications. [24] similarly demonstrates that fuzzy layers significantly
increase inference time in language translation tasks. Table 15 summarizes these costs.

Table 15: Computational cost analysis in key papers
Cost Type Papers with Analysis Key Papers
FLOPs [23, 58] [23]: 24.1× 109

Memory [23, 58] [23]: +10 MB
Latency [23, 24] [23]: 3.55 ms

Rule explosion, where the number of rules grows exponentially with input variables and membership functions,
remains a classical challenge. Table 16 summarizes its status. Analysis reveals that rule explosion is a real problem in
8 papers; [78] shows that increasing variables leads to rapid rule growth beyond control, while [34] demonstrates that
LLMs perform poorly with large rule sets. In 25 papers, the challenge is manageable through dimensionality reduction,
rule clustering, and dynamic fuzzy rules ([4, 23, 66]). Five papers employ Type-2 fuzzy systems, with [83] showing
significant rule count reduction while maintaining accuracy.

Table 16: Rule explosion status in the reviewed papers
Status Number of Pa-

pers
Key Papers

Real Problem 8 [34, 78]
Manageable 25 [4, 23, 66]
Solved with Type-2 5 [83]

[34] provides an in-depth analysis of LLM failures in executing fuzzy logic, identifying seven distinct failure patterns
using a legacy fuzzy inference benchmark and demonstrating poor performance with deterministic fuzzy logic, while
addressing scalability and rule explosion. [23] presents a comprehensive computational cost analysis of fuzzy-transformer
systems for sentiment classification, precisely measuring FLOPs, memory, and latency, showing that despite additional
costs, fuzzy methods achieve acceptable real-world performance. [83] proposes Type-2 fuzzy systems as a solution
to rule explosion, demonstrating that Type-2 membership functions, by modeling uncertainty in membership degrees
themselves, significantly reduce the number of rules while maintaining accuracy.
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7 Comparative analysis and future directions

The systematic analysis of 70 papers reveals that fuzzy logic has effectively addressed fundamental LLM challenges-
hallucination, interpretability, and complex reasoning-by providing a framework for modeling uncertainty. However,
significant research gaps remain. Among integration methods, Fuzzy Rule (40 papers) is the most common, followed by
Fuzzy Input (13), Fuzzy Output (12), and Post-hoc (4), while Fuzzy Attention (3 papers) represents a major research
gap. Custom membership functions dominate (41 papers), indicating a lack of standardization. Differentiability analysis
shows that only 14 papers employed fully differentiable layers, while 19 did not report differentiability status.

In reasoning tasks, Uncertainty Reasoning (54 papers) is the most frequent application, consistent with fuzzy logic’s
inherent nature, followed by Temporal Reasoning (24). Causal Reasoning (0 papers) constitutes a critical research gap.
Fuzzy methods yield 1.5–3% accuracy improvement and significant hallucination reduction. Standard LLM baselines (36
papers) are most common, while probabilistic baselines (2 papers) remain under-explored. For hallucination reduction,
Fuzzy Verification (19 papers) is the most common mechanism, while Token Certainty (1 paper) is the least. Notably, 49
papers employed no specific hallucination reduction mechanism. The proliferation of non-standard evaluation metrics
underscores the absence of a universally accepted benchmark. Although fuzzy approaches outperform conventional
methods Contrastive Decoding Self-Consistency in complex scenarios, scalability, computational overhead, and base
model dependency remain critical bottlenecks for models exceeding 70B parameters.

Fuzzy Score (39 papers) is the most common evaluation metric, with Custom Datasets (42 papers) dominating over
standard benchmarks, highlighting the need for a unified benchmark. Fuzzy metrics offer advantages in uncertainty
management, interpretability, and multi-aspect evaluation. Implementation challenges include non-differentiability
(addressed via differentiable layers, neuro-fuzzy systems, and defuzzification deferral), rule explosion (real problem in 8
papers, manageable in 25, solved via Type-2 fuzzy in 5), and computational costs (24.1×109 FLOPs, +10 MB memory,
3.55 ms latency). Key research gaps include: (1) Fuzzy Attention with only 3 papers, (2) absence of a standard fuzzy
benchmark, (3) need for more fully differentiable methods, (4) lack of standardized hallucination metrics, and (5) no
research in Causal Reasoning. Future directions should focus on expanding Fuzzy Attention mechanisms, developing
scalable neuro-fuzzy systems, establishing standard benchmarks, dynamic rule learning, and exploring causal reasoning.
Combining fuzzy logic with RAG and multi-agent architectures holds significant promise for developing reliable and
interpretable LLM systems.

8 Conclusion

This paper provides a systematic review of 70 papers (November 2022–June 2026) on fuzzy logic integration with
Large Language Models, presenting a structured analytical framework addressing five research questions: theoretical
foundations, reasoning improvements, hallucination reduction, evaluation metrics, and implementation challenges. Key
findings reveal that Fuzzy Rule (40 papers) is the most common integration approach, while Fuzzy Attention (3
papers) represents a critical research gap. Uncertainty Reasoning dominates reasoning tasks (54 papers), whereas
Causal Reasoning remains unexplored (0 papers). Fuzzy methods yield 1.5–3% accuracy improvement and significant
hallucination reduction. For hallucination mitigation, Fuzzy Verification (19 papers) is most frequent, while 49 papers
employ no specific mechanism. Fuzzy Score (39 papers) is the most common evaluation metric, and Custom Datasets
(42 papers) dominate over standard benchmarks, indicating the lack of a unified benchmark. Implementation challenges
include non-differentiability (addressed via three main solutions) and rule explosion (a real problem in 8 papers). GPT
is the most widely used LLM, and fully differentiable layers appear in 14 papers. Hallucination reduction was examined
in 54.3% of papers, underscoring its importance. While fuzzy-LLM integration shows high potential for improving
uncertainty handling, interpretability, and hallucination reduction, future research should prioritize Fuzzy Attention,
standard benchmark development, scalable neuro-fuzzy systems, and Causal Reasoning. This paper aims to serve as a
comprehensive reference for researchers in this emerging field.
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