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Abstract
Large language models (LLMs) have significantly advanced natural 

language processing (NLP) in text generation, translation, and automated 
question answering. However, despite these advancements, their capacity 
for interpretative reasoning remains limited. Current AI systems, primar-
ily grounded in formal linguistics and statistical approaches, struggle to 
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capture the relational and contextual dimensions crucial for human-like 
comprehension.  These limitations are particularly evident when in-
terpreting meaning within dynamic social contexts, highlighting the 
need for theoretical frameworks that extend beyond statistical pattern 
recognition. This study examines how Charles Sanders Peirce’s nine-
teenth-century semiotic theory, specifically his triadic model of Sign, 
Object, and Interpretant, can inform and enhance AI’s interpretative ca-
pabilities. Peirce’s systematic approach to meaning making, which pre-
dates computational thinking by nearly a century, offers critical insights 
into the limitations of AI systems grounded primarily in formal logic 
and statistical operations. These limitations become particularly clear 
when examining semiotic relationships through the lenses of specula-
tive grammar and methodeutics. Furthermore, we incorporate Claudio 
Paolucci’s perspective on machinic enunciation and the “myth of mean-
ing” to expand our theoretical framework. Paolucci’s analysis of genera-
tive AI as a language-endowed machine, lacking subjectivity yet produc-
ing contextually significant enunciates, supports the reinterpretation of 
AI output in functional and relational terms. This perspective aligns with 
Peirce’s focus on the triadic process of semiosis, adding a contemporary 
lens which emphasizes the functional rather than essentialist nature of 
meaning-making in AI systems. By addressing how Peirce’s triadic mod-
el and Paolucci’s framework can bridge the gap between statistical and 
socially oriented approaches, we contend that Peircean principles can 
enhance relational understanding in language models and illuminate 
the theoretical and practical challenges of integrating nineteenth-centu-
ry semiotic theories into modern computational systems. Our findings 
indicate that Peirce’s sign theory significantly expands the contextual 
awareness of AI, highlighting the complexities of replicating interpre-
tative processes. This research demonstrates the continued relevance of 
classical philosophical frameworks in addressing contemporary tech-
nological challenges and contributes to a comprehensive theory of AI.

1. Introduction
In recent years, artificial intelligence (AI) has emerged not merely 

as a powerful tool across diverse domains but as a transformative force 
which challenges our understanding of intelligence, meaning-making, 
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and human-machine interaction. Large language models (LLMs), in 
particular, have achieved significant advances in natural language pro-
cessing (NLP), demonstrating capabilities in text generation, language 
translation, and automated question answering. Despite these advance-
ments, fundamental critiques persist regarding the limitations of LLM 
in interpretative reasoning. Critics argue that LLMs lack the relational 
and contextual understanding required for nuanced meaning-making, 
thereby falling short of human-like comprehension (Prabhu & Premraj 
2024).

Current approaches to language modeling rely predominantly on sta-
tistical correlations and pattern recognition, resulting in systems which 
excel at syntactic accuracy but often fail to grasp semantic depth or con-
textual relevance. While AI can process vast amounts of data and gener-
ate plausible responses, it struggles to engage in genuine interpretation, 
i.e., the ability to infer meaning dynamically through relational and 
contextual cues. This shortcoming is particularly evident in scenarios 
requiring social interaction, adaptive responses, and context-sensitive 
language understanding (Mökander & Schroeder 2022).

In order to bridge this gap, the study draws on the semiotic theory of 
Charles Sanders Peirce, whose triadic model of the sign offers a prom-
ising framework for enhancing AI systems’ interpretative capabilities. 
Peirce’s theory emphasizes the relational process by which a Sign (A) 
represents an Object (B) through an Interpretant (C), making meaning 
emergent and adaptive rather than static. Unlike Saussure’s structuralist 
approach, which treats meaning as a fixed relationship between signifier 
and signified, Peirce’s model positions meaning as context-sensitive and 
dynamic, evolving through the interaction of signs, objects, and inter-
pretants (Stawarska 2020).

In addition, we incorporate insights from Claudio Paolucci’s work, The 
Myth of Meaning: Generative AI as Language‐Endowed Machines and 
the Machinic Essence of the Human Being  (2025). Paolucci argues that 
generative AI reveals a “machinic enunciation” which underscores both 
the limitations of human-centric models of meaning and the inherent 
hybridity of human cognition. His critique that AI systems generate 
language by reassembling pre-existing enunciates rather than through 
contextually informed interpretation subjectivity reinforces the notion 
that AI’s interpretative outputs are best understood in functional and 
relational terms. This dual theoretical grounding motivates our inquiry 
into the following questions:
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1.	 How can the triadic model of Peirce be operationalized in AI to 
enhance LLMs’ interpretative processes?

2.	 In what ways can Peirce’s semiotic and Paolucci’s analysis jointly 
improve context-awareness and relational understanding in AI sys-
tems?

3.	 What are the practical challenges and limitations of implementing 
Peirce’s semiotic in LLM architectures?

Our goal is to propose a computational framework which integrate se-
miotic principles into LLM design. By embedding iterative self-correction 
and dynamic interpretative processes inspired by both Peirce and Paolucci, 
we aim to advance the development of AI systems capable of adaptive con-
text-sensitive reasoning. We thus examine how the triadic sign model can 
be used to align input-output relationships with relational meaning-mak-
ing processes, allowing AI systems to generate contextually relevant in-
terpretations rather than relying solely on pretrained statistical patterns. 
Paolucci’s notion of “machinic enunciation” articulates how generative AI 
assembles and recombines linguistic units without the presence of a sub-
jective, conscious agent. This perspective focusses on the distributive and 
iterative nature of AI’s language production. In a Peircean context, we can 
see this as an instance of how functional interpretants form dynamically 
across multiple instances of user inputs, system outputs, and contextual 
cues, akin to thirdness in Peirce’s triadic structure.

Such a conceptual bridge highlights two major points: first, that AI sys-
tems can be understood as “sign networks” governed by relational patterns 
rather than singular, interiorized minds; and second, that meaning can 
emerge pragmatically and adaptively in the absence of self-awareness. This 
is precisely the form of interpretative expansion often lacking in classi-
cal, statistically anchored AI. By positing each AI output as a functional 
interpretant shaped by context, we ground Paolucci’s machinic theory in 
Peirce’s broader semiotic architecture, allowing for iterative refinement 
and error correction in a manner more attuned to human-like discourse. 

This study aims to bridge the gap between statistical approaches to NLP 
and relational models of meaning, offering a pathway toward more adap-
tive, human-like AI systems. By embedding self-correcting mechanisms 
and iterative refinement processes inspired by Peirce’s methodeutics, we 
propose a novel approach to addressing the interpretative limitations of 
current LLM architectures. Ultimately, this research seeks to contribute to 
the development of relational AI systems capable of adaptation to dynamic 
contexts and engaging in more sophisticated interpretative reasoning.
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2. Semiotic, Peirce’s sign theory, and the 
meaning of language

The term ‘Semiotics,’ derived from Greek, was first used in English be-
fore 1676 by Henry Stubbe (1632–1676), who spelled it as “semeiotics.” 
He used the term to denote the branch of medical science relating to the 
interpretation of signs. However, Peirce (1839–1914) often referred to the 
term “semiotic” in his own writing (Niu 2020). Following Peirce, Charles 
W. Morris (1901–1979) adopted “semiotic” and extended the discipline be-
yond human communication to include animal learning and the use of 
signals. In this article, we will use “semiotic” according to the definitions 
provided by Peirce and Morris.

The core of Peirce’s triadic model consists of three interconnected 
components: the Representamen (the form a sign takes); the Object (the 
referent or the entity the sign points to); and the Interpretant (the under-
standing or mental response the sign evokes). This model differs from the 
structuralist approach of Ferdinand de Saussure which emphasizes fixed 
associations between signifiers and signified, by positioning meaning as 
an emergent, context-sensitive process (De Luca Picione 2024). Peirce 
also introduced three categories of signs: Icons, Indices, and Symbols. 
The Icons are based on the nature of their relationships with their objects. 
It has a causal or direct connection to their objects, as seen in linguistic 
deixis like “this” or “there,” which point to specific entities or locations. 
Symbols rely on convention (e.g., a stop sign), for example words such as 
“justice,” which represents an abstract concept through societal consen-
sus.

Peirce also proposed three foundational categories – Firstness, Second-
ness, and Thirdness – further illuminating the processes behind mean-
ing-making (Stearns 1952). Firstness represents unmediated qualities or 
feelings, such as the sensation of warmth or the color red. In semiotic, it 
corresponds to icons which resemble their objects (e.g., a portrait). Sec-
ondness involves interaction or relation, such as the resistance of pushing 
a wall, and is exemplified by indices, which directly point to their objects 
(e.g., smoke as an index of fire). Thirdness signifies mediation and inter-
pretation where meaning emerges through convention or representation, 
such as a word symbolizing an idea (e.g., “cat” representing a feline). Fig-
ure 1 presents Peirce’s sign theory as captured by Friedman & Thellefsen 
(2011).  
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Figure 1: Peirce’s trichotomic sign model and phenomenological categories. 

The diagram visualizes Peirce’s classification of signs across his phenom-
enological categories. The bold sign relations (Qualisign-Icon-Rheme and 
Sinsign-Index-Proposition), highlight sign configurations particularly rele-
vant to how generative AI can produce meaning. The Legisign-Symbol-Ar-
gument relation remains un-bolded, in order to signify that AI is limited in 
terms of engagement with rule-governed inferential sign use, thus under-
scoring the key distinction between genuine semiosis and machinic sign 
simulation (Friedman & Thellefsen 2011: 653). 

Since the interpretant plays a significant role in Peirce’s model, repre-
senting the dynamic understanding or meaning arising from the relation-
ship between the Representamen and the Object. Beyond merely classify-
ing signs, Peirce’s framework emphasizes that the interpretant is not static 
but evolves through interaction, context, and interpretation. The dynamic 
and relational model of meaning-making aligns with the core objectives of 
AI, particularly in natural language processing and computer vision, where 
understanding and adapting to contextual cues are crucial for effective per-
formance.

However, a common critique of applying the concept of the interpretant 
to AI lies in the argument that AI systems lack subjective consciousness 
(Torrance 2008). This raises questions about whether AI can genuinely rep-
licate the interpretative processes described in Peirce’s framework. Thellef-
sen, et al. (2018) offer a valuable perspective by conceiving “information as 
signs”, underscoring that an interpretant primarily functions as a media-
tion or relational effect between sign and object, rather than strictly requir-
ing a human mind. In their view, the interpretant’s role within semiosis is 
to ensure that meaning or an effect ‘takes place,’ whether or not a conscious 
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agent is present to witness it. This aligns with Peirce’s later position that 
sign processes can unfold even in nonhuman or natural domains, as long as 
something in the environment – an AI system, for example – is capable of 
forming an interpretive link. Peirce described the interpretant as the men-
tal response or understanding evoked by a sign, suggesting a cognitive and 
context-aware element. In comparison, AI critics (Collins 2021), AI sys-
tems are fundamentally incapable of achieving the depth of interpretative 
reasoning intrinsic to Peirce’s model.

This critique can be addressed by reframing the interpretant in func-
tional rather than subjective terms. In AI systems, interpretants can be 
understood as functional outputs: responses generated through relational 
processing rather than conscious thought. For example, a conversational 
AI system could operationalize the interpretant by dynamically adapting 
its responses based on context, prior interactions, and inferred user intent. 
While these systems lack self-awareness, their capacity to generate contex-
tually appropriate outputs aligns with Peirce’s pragmatic emphasis on the 
utility of signs in guiding action and interaction.

Another way to address this critique is by focusing on the emergent, 
relational nature of Peirce’s model. Meaning, according to Peirce, is not 
static but evolves through interaction and interpretation within a broader 
system of signs (Nesher 1982). AI systems, particularly those employing 
neural networks and machine learning, excel at identifying and responding 
to such relational patterns. While these systems do not experience inter-
pretation subjectively, they engage in processes that parallel human mean-
ing-making by integrating contextual data, user feedback, and iterative re-
finement into their interpretative frameworks.

For example, research recommendation systems in AI rely on emergent 
relational patterns, in order to predict user preferences, effectively con-
structing interpretants that adapt and evolve based on ongoing interac-
tions (Arkhipova 2024). These systems do not “understand” preferences as 
humans do, but they instantiate meaning in a way that aligns with Peirce’s 
pragmatic emphasis on the practical utility of interpretants. The alignment 
demonstrates that while AI lacks subjective consciousness, it can replicate 
the functional outcomes of interpretive reasoning within its operational 
domain.

Peirce’s concept of “thirdness”, which encapsulates the relational syn-
thesis of meaning within broader contexts, further supports this approach 
(Stearns 1952). Thirdness emphasizes the dynamic, evolving relationships 
between Representamen, Object, and Interpretant, a process which AI sys-
tems can model through probabilistic and relational frameworks. By lever-
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aging thirdness, AI can navigate complex, shifting contexts and produce 
interpretations that are both nuanced and adaptive.

3. Peirce’s induction, error correction, and relevance in AI
In scientific inquiry, induction is the process of developing general con-

clusions from specific observations, thus forming the basis of empirical 
knowledge. Peirce’s approach to induction, deeply informed by his prag-
matism, synechism, and tychism, emphasizes self-correction as an inher-
ent feature of scientific investigation. These philosophical principles under-
score the interconnected, probabilistic, and dynamic nature of knowledge, 
offering a compelling alternative to traditional machine learning methods 
that often rely solely on static correlations or deterministic rules.

By aligning AI with Peirce’s Self-Correcting Thesis (SCT), systems can 
adopt iterative approaches to learning, where hypotheses are continually 
tested, refined, and validated against new data. The evolutionary process 
mirrors Peirce’s belief in the practical and adaptive growth of knowledge, 
providing a foundation for AI systems that are both resilient and contextu-
ally responsive.

Peirce’s SCT posits that scientific inquiry is designed not only to ac-
cumulate evidence but also to rigorously identify and rectify errors, pro-
gressively refining our understanding (Mayo 2005). In AI, this concept of 
self-correction is crucial, particularly as models face challenges in language 
processing where misinterpretations or biases are common. By embedding 
self-correction mechanisms, AI systems can iteratively refine their out-
puts and adapt to new contexts and evolving data. This dynamic learning 
process aligns with Peirce’s vision of induction that evolve understanding 
through continuous inquiry.

A critical element of Peirce’s induction is the notion of severe testing, 
where hypotheses must undergo rigorous evaluation to uncover flaws or 
deviations. The level of testing aligns with the demands of AI in ensuring 
that models not only learn from data, but also adapt by identifying and cor-
recting errors. Rescher (1978) interprets Peirce’s approach as one that seeks 
to disprove ideas thoroughly, suggesting that hypotheses gain reliability 
only if they withstand exhaustive scrutiny. In AI, severe testing could en-
hance model reliability, ensuring that interpretations remain robust even 
under variable or ambiguous conditions.

Based on Mayo (2005), Peirce’s error correction extends beyond mere 
adjustments to conclusions; it involves refining every aspect of the inqui-
ry process, including methodologies, data collection, and assumptions. He 
identified several layers of this refinement:



58 Alon Friedman and Martin Thellefsen 

1. Improving Methods: Peirce emphasized the continual enhancement 
of scientific tools and techniques to reduce potential errors. In AI, this 
could translate into refining algorithms or improving computational effi-
ciency to minimize inaccuracies.

2. Enhancing Data Collection: Systematic improvements in data gath-
ering can reduce biases and improve representativeness. For AI, this may 
involve diversifying training datasets to encompass a broader range of lin-
guistic and cultural contexts, leading to more reliable model outputs.

3. Critically Examining Assumptions: Peirce underscored the impor-
tance of revisiting assumptions, since biases may be inherent in foundation-
al premises. For AI, this could involve re-evaluating model assumptions 
to align more closely with evolving data and contexts, ensuring ongoing 
relevance and accuracy.

Thus, this multi-layered approach positions AI’s inductive process as a 
dynamic system capable of learning from and adapting to new informa-
tion, enhancing resilience and interpretative accuracy in complex environ-
ments. By embedding Peirce’s principles of induction and error correction, 
AI can evolve into a more reliable and contextually sensitive system, capa-
ble of addressing ambiguity and fostering meaningful interactions across 
diverse applications.

4. Peirce’s grammar and methodeutic in sign theory
Peirce’s semiotic theory is rooted in speculative grammar and meth-

odeutics, foundational elements which structure the relational and in-
terpretative processes central to meaning making. Speculative grammar, 
described by Peirce as “the philosophy of representation,” investigates the 
structural relationships between signs, focusing on how signs interact with 
their objects and interpretants (Jappy 2018). The structural foundation is 
complemented by methodeutics which Peirce characterized as the study of 
interpretative processes, and the methods of inquiry which guide the evo-
lution of meaning (Bellucci 2014, 2015).

Peirce’s speculative grammar categorizes signs into icons, indices, and 
symbols, each distinguished by relational characteristics: resemblance, 
causal connection, and convention, respectively. These categories provide 
AI systems with a framework for classifying signs based on their relational 
qualities, essential for distinguishing between signs that represent through 
similarity (icons), direct reference (indices), or established conventions 
(symbols). Speculative grammar serves as the structural mechanism that 
allows AI systems to map input data to meaningful categories and relation-
ships, forming the basis for interpretative processing.
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Methodeutics, or “methodeutic rhetoric,” emphasizes iterative inquiry 
and self-correction, principles which are essential to adaptive learning in 
AI. According to Jappy (2018), methodeutics bridges theoretical (a priori) 
and empirical (a posteriori) knowledge by facilitating continuous refine-
ment of interpretative frameworks. The process mirrors Peirce’s Self-Cor-
recting Thesis (SCT), which posits that inquiry is an evolving process of 
hypothesis generation, testing, and correction. When applied to AI, meth-
odeutics functions as the mechanism through which systems refine their 
interpretative models based on feedback, contextual cues, and evolving 
data.

The integration of SCT with speculative grammar and methodeutics 
aligns with Paolucci’s concept of machinic enunciation, wherein AI sys-
tems generate meaning through distributed, iterative processes rather than 
conscious deliberation. Paolucci’s notion that AI systems lack subjective 
awareness, while still producing contextually relevant outputs, reinforces 
Peirce’s understanding of Thirdness as mediation. By framing AI interpre-
tants as dynamically refined relational outputs rather than conscious ex-
pressions, the theoretical framework becomes applicable to machine learn-
ing architectures designed to adapt and respond to complex inputs.

Figure 2: Peirce’s interpretative process exemplified in the methodeutic loop.

The methodeutic loop refers to the ongoing cyclic process of interpre-
tation. Signs are continuously transformed into new interpretants through 
reflection, critique, and reasoning. However, AI generated semiosis lacks 
genuine authentic methodeutic reflection – and thus remains incomplete 
or limited in interpretive depth. 

Figure 2 illustrates 5 steps of machinic enunciation: 

1.	 Stating the Problem (Starting Point): The AI system identifies a 
problem or user query requiring interpretation.

2.	 Abduction (Generate Hypothesis):  The system generates a pro-
visional hypothesis or initial response based on available data and 
patterns (The Sign).
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3.	 Deduction (Derive Consequences): The AI system derives poten-
tial outcomes or consequences of the hypothesis, preparing for eval-
uation.

4.	 Induction (Evaluate Hypothesis):  The system evaluates the hy-
pothesis by comparing it against new data, user feedback, or contex-
tual information (Indexical Sign).

5.	 Refined Hypothesis (Under Peirce’s Interpretant): The AI system 
refines its hypothesis or interpretative framework, producing a con-
textually enriched and accurate response (Symbolic Sign).

This cyclical process reflects Peirce’s methodeutic approach, wherein 
meaning is continually reshaped through interaction, feedback, and ad-
aptation. By integrating the methodeutic loop with Paolucci’s concept of 
machinic enunciation, we observe that the AI system’s interpretative pro-
cess is fundamentally distributive and iterative. The evolving responses of 
AI are not fixed representations, but adaptive outputs generated through 
an ongoing interplay between structural relationships (speculative gram-
mar) and contextual refinement (methodeutics). Thus, the process, rather 
than genuine semiosis, constitutes a simulacrum of genuine semiosis, as AI 
mimics sign production without true methodeutic reflection or conscious 
meaning-making.

Short Illustrative Example: Consider a conversational AI agent which 
uses a “methodeutic loop” after each user query. First, it generates a pro-
visional response (iconic sign), then it checks contextual indicators – such 
as user feedback or conversation history (indexical sign) – and then subse-
quently refines its interpretative framework, in order to produce a revised, 
more context-rich output (symbolic sign). Through repeated cycles, the 
agent effectively carries out self-correction, testing, and updating hypoth-
eses about user intent. The approach captures the essence of Peirce’s meth-
odeutics: an ongoing inquiry which integrates prior “errors” or new data to 
reshape the interpretive process, thus aligning with Paolucci’s notion that 
machine enunciation is distributive and iterative. Next, we discuss the in-
tegration of Paolucci’s Machinic Enunciation with the Methodeutic Loop.

The iterative cycle described above is not merely a mechanical process, 
but one which reflects Paolucci’s concept of machinic enunciation. As 
shown in Figure 2, the iterative refinement of hypotheses through feedback 
and contextual adaptation exemplifies how AI systems engage in relational 
processing without requiring conscious awareness. Instead, their interpre-
tants are dynamically shaped by distributed, iterative processes, aligning 
with Peirce’s broader vision of semiosis as a pragmatic, evolving system.
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By embedding speculative grammar and methodeutics into AI archi-
tectures, we propose a model where interpretants are continuously shaped 
through interaction, evaluation, and adjustment. Also, the process aligns 
with Peirce’s broader vision of semiosis as an adaptive, evolving process, 
providing AI systems with a means to navigate complex, context-sensitive 
environments with greater interpretative accuracy.

5. Computational applications of Peirce’s sign theory
The computational potential of Peirce’s semiotic theory has intrigued 

researchers interested in developing systems which emulate interpretative 
processes. Peirce’s initial description of a “logical machine” in 1887, de-
signed to generate logical statements, introduced the notion that machines 
could simulate reasoning under certain constraints. Peirce’s assertion that 
such a machine is bound by its inherent limitations – specifically, its inabil-
ity to autonomously identify problems and its restriction to predefined op-
erations – resonates with contemporary challenges in AI. AI systems today 
face similar boundaries, particularly in tasks requiring self-interpretation 
and context-based adaptation. The interest in applying Peirce’s semiotic 
principles to computational contexts has grown, fostering concepts like se-
miotic engines and semiotic programming which address the complexities 
of data-driven analysis.

Kumiko Tanaka-Ishii (2015) presented one of the most comprehensive 
efforts to integrate Peirce’s semiotic principles with computational meth-
odologies. Her work highlights how programming can be approached as a 
form of semiotic analysis, employing Peirce’s concepts of firstness, second-
ness, and thirdness to enhance coding practices and algorithms. The pri-
mary challenge identified by Tanaka-Ishii involves implementing thirdness, 
the element in Peirce’s triadic model signifying a sign’s relational function 
within a broader context. In computational terms, thirdness involves creat-
ing models capable of self-referencing, enabling AI to interpret and relate 
information dynamically rather than as isolated data points.

Tanaka-Ishii’s approach to addressing the triadic is based on Church’s 
SKI combinator calculus, a logical framework suited to examining trans-
formation and relational dynamics within semiotic. The calculus allows 
computational systems to represent triadic relationships by distinguishing 
between firstness (isolated qualities), secondness (dyadic interactions), and 
thirdness (integrated, contextual meanings). However, Tanaka-Ishii high-
lights that thirdness remains challenging to encapsulate fully in code, since 
self-reference requires carefully managed constraints, in order to avoid 
infinite regress or circular dependencies. Her work illustrates the poten-
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tial for Peirce’s semiotic theory to inform programming logic, especially in 
contexts where meaning emerges through layers of interrelated signs.

Additionally, Tanaka-Ishii’s exploration into computational semiotic 
was complemented by Nadin’s development of the concept of a “semiot-
ic engine.” Rather than a static “semiotic machine,” Nadin (1977, 2010) 
posits the semiotic engine as a dynamic process capable of functioning as 
both representation and instantiation. Nadin’s semiotic engine integrates 
Peirce’s triadic model with fuzzy logic which accommodates both quantita-
tive and qualitative data. By introducing fuzzy automata, Nadin provides a 
mathematical equivalence between Peirce’s relational triad and probabilis-
tic logic, suggesting that AI systems can operate within non-deterministic 
environments while still producing coherent interpretations. The semiotic 
engine represents an advanced framework in computational semiotic, ena-
bling AI to manage ambiguity, contextual shifts, and relational data within 
a unified model.

The notion of fuzzy logic, particularly within the constructs of third-
ness, offers AI models the flexibility to interpret input through a spectrum 
of possibilities rather than binary classifications. Fuzzy input-output val-
ues are thus not restricted to static associations but instead allow for gra-
dient-based interpretations, aligning with Peirce’s emphasis on relational 
and context-dependent meaning. The transfer functions λ and δ in fuzzy 
automata illustrate this non-deterministic behavior, wherein AI systems 
are not merely processing data but actively interpreting based on variable 
inputs, offering a pathway to achieve more adaptive, human-like compre-
hension.

Nadin (1977,  2010) proposes that instead of naming the process semi-
otic machines or semiotic programming, he would call it a semiotic engine, 
in order to better capture the complexity of computational semiotic. He 
defines the semiotic engines as processes representations and instantiates. 
He then outlines his mathematical proof of the equivalence between the 
Peircean sign and fuzzy automata.  Figure 2 captures Nadin’s formula. 

Figure 3: The dynamics of Semiotic process by Nadin (1977 and 2010)
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This figure illustrates the dynamic process of semiosis, highlighting 
its inherently processual and evolutionary character. Nadin emphasizes 
the continuous transformation, recursion and complexity of the mean-
ing-making process. 

The notion of the automation, according to Nadin, provides us with the 
ability for machine functionality. The fuzzy description of input and output 
values corresponds to the intention of capturing not only quantitative data, 
but also qualitative data that often is associated with description rather 
than abstract data. The two transfer functions λ δ are defined as non-deter-
mination behavior.

In more recent developments, open-source projects have attempted to 
operationalize Peirce’s sign theory in accessible programming environ-
ments. For example, the “Peirce’s Sign” package in R, developed by Friedman 
and Feichtinger (2017), applies Peirce’s triangulation to analyze qualitative 
and quantitative data, allowing users to classify and identify relationships 
between data components. The package structures data through Peirce’s 
triadic components – Representamen, Object, and Interpretant – ena-
bling researchers to map complex relationships based on user-generated 
hypotheses about data relevance and interpretive meaning. The package’s 
triangulation functions support associations within each proposed triad, 
establishing a systematic approach for computational semiotic that aligns 
with Peirce’s logical directionality in sign relations.

Using these tools, researchers can examine data in a way that mirrors 
human interpretative processes, categorizing and synthesizing information 
in structured formats. The Peirce’s Sign package exemplifies how compu-
tational models can embed semiotic analysis to process data both quanti-
tatively and qualitatively, achieving triangulated insights which are context 
sensitive. By leveraging Peirce’s semiotic principles, computational semi-
otic can offer AI models an adaptable framework for managing relational 
meaning, providing an alternative to traditional, syntax-based approaches 
in AI.

6. Integrating Peircean semiotic with AI modeling
Integrating Peirce’s semiotic principles into AI modeling establishes 

a comprehensive framework which addresses the limitations of current 
language and knowledge representation systems. At its core, Peirce’s se-
miotic theory, particularly his concept of the interpretant, offers a model 
of meaning-making transcending pattern recognition and syntactic rules, 
thus embracing a layered, interpretative structure essential for nuanced un-
derstanding. This section explores the potential applications of Peircean 
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semiotic to AI, detailing how each element of his triadic model -Repre-
sentamen, Object, and Interpretant – can contribute to creating AI systems 
that engage in dynamic, context-sensitive, and self-correcting interpreta-
tions.

6.1. The triadic model as a foundation for relational interpretation
Peirce’s triadic model of the sign, consisting of the Representamen (the 

form a sign takes), the Object (the referent or entity it points to), and the 
Interpretant (the meaning or understanding generated), provides a rela-
tional approach to meaning making. Unlike traditional AI models which 
rely heavily on syntactic associations or predefined datasets, Peirce’s model 
emphasizes the relational and evolving nature of interpretation. This ap-
proach thus aligns closely with Paolucci’s concept of machinic enunciation, 
which underscores that AI’s language production is a distributed, iterative 
process rather than a single act of conscious deliberation.

By operationalizing the triadic structure, AI models can be trained to 
interpret inputs dynamically, continuously adapting Representamen-Ob-
ject-Interpretant relationships based on feedback and evolving contexts. 
The interpretant, in this model, functions as a dynamically refined out-
put generated through relational processing. The iterative process is fun-
damentally aligned with Paolucci’s view that meaning in AI is assembled 
through distributed enunciative processes rather than internal subjective 
experience.

6.2. Embracing Thirdness for context-dependent interpretation
One of the most promising aspects of integrating Peircean semiotic 

into AI is through the application of Thirdness – where meaning emerges 
through mediation and interpretation rather than mere recognition or as-
sociation. Traditional models often operate within the boundaries of First-
ness (simple recognition of qualities) and Secondness (direct relationships 
between inputs), whereas Thirdness represents a higher-order relational 
quality that situates these elements within a broader context.

For AI systems, encoding Thirdness means moving beyond static, bina-
ry associations and developing mechanisms which can interpret relation-
ships as flexible, contextually dependent processes. This concept is espe-
cially relevant in tasks requiring complex, evolving data processing, such as 
conversational agents, sentiment analysis, and adaptive recommendation 
systems. Paolucci’s notion of machinic enunciation supports this approach 
by framing AI outputs as dynamic responses generated through iterative 
refinement rather than pre-programmed associations.
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6.3. Self-correction and error mitigation through 
Peircean methodeutics
Peirce’s methodeutics emphasizes a self-correcting, iterative approach 

to knowledge generation, providing a powerful framework for address-
ing AI’s persistent challenge of error mitigation. Unlike conventional ma-
chine learning models in which error correction is confined to the training 
phase, the Peircean methodeutics embeds correction as an ongoing pro-
cess. Consequently, this approach allows AI systems to refine their inter-
pretative models continuously based on feedback, contextual adaptation, 
and evolving inputs.

The self-correcting mechanism directly parallels Paolucci’s concept of 
machinic enunciation, in which AI systems continually adjust their outputs 
through distributed, iterative cycles of refinement. By integrating Paolucci’s 
theory, we can conceptualize AI interpretants not as static representations, 
but as dynamic constructs shaped by ongoing feedback and contextual en-
gagement. The alignment between methodeutics and machinic enuncia-
tion reinforces the notion that AI’s interpretative processes are pragmatic, 
evolving systems capable of iterative refinement and adaptation.

6.4. Adaptive learning and hypothesis generation: 
The role of abduction and induction
Peirce’s methodeutics highlights the roles of abduction and induction in 

knowledge generation, which can enhance AI’s capacity for adaptive learn-
ing. Abduction, or hypothesis generation, provides a mechanism for ex-
ploring new interpretations or generating plausible explanations for novel 
data patterns. This process may especially be relevant in tasks like anomaly 
detection, where AI must propose hypotheses for unexpected patterns.

Induction, on the other hand, allows AI systems to generalize from 
specific observations, providing a basis for developing contextually appro-
priate rules or models. By coupling abduction with induction, AI systems 
can dynamically refine their hypotheses, testing them against new data and 
refining their interpretative frameworks accordingly. Thus, the cyclic inter-
play mirrors Peirce’s broader vision of semiosis as a continuous, adaptive 
process.

Paolucci’s machinic enunciation provides further support for this 
framework by highlighting how AI systems engage in iterative refinement 
without requiring conscious awareness. Instead, AI’s interpretants are con-
structed through processes that are fundamentally distributive and contex-
tually responsive. The abductive-inductive loop aligns well with Paolucci’s 
emphasis on distributed cognition, where meaning emerges through rela-
tional structures rather than predefined rules.
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6.5. Moving toward transparent and explainable AI 
through semiotic structures
One of the most pressing challenges in AI development is achieving 

transparency and explainability, particularly in complex decision-making 
systems. Peirce’s semiotic theory offers a structured approach to making AI 
interpretations transparent by explicitly mapping the Representamen-Ob-
ject-Interpretant relationships that produce specific outputs. The struc-
tured framework enhances explainability by allowing developers to trace 
how AI systems generate their interpretants based on input data, contextu-
al relationships, and iterative refinement.

By incorporating Paolucci’s insights, we can further clarify how AI 
systems produce functional interpretants through machinic enunciation. 
Rather than being seen as opaque, static systems, AI architectures ground-
ed in Peirce’s semiotic can be made explainable through their iterative, re-
lational processes. The explicit integration of speculative grammar, meth-
odeutics, and machinic enunciation provides a coherent framework for 
understanding how AI systems generate, refine, and contextualize their 
interpretations.

6.6. Integrating Paolucci’s insights on machinic enunciation
The integration of Paolucci’s concept of machinic enunciation with 

Peirce’s semiotic framework provides a powerful model for understanding 
how AI systems produce meaning. Paolucci’s argument that generative AI 
produces meaning through distributed, iterative processes complements 
Peirce’s Self-Correcting Thesis and methodeutic reasoning. Rather than 
viewing AI outputs as static artifacts, this integrated approach frames them 
as dynamically evolving interpretants shaped by interaction, feedback, and 
adaptation.

By embedding Paolucci’s insights into Peirce’s broader semiotic struc-
ture, we propose a model where AI systems engage in semiosis through 
a distributed, iterative process. Thus, this approach provides a theoretical 
foundation for understanding how AI systems can generate meaning that 
is not only contextually relevant, but also continuously refined through in-
teraction and self-correction.

7. Conclusion: Expanding AI’s interpretive and adaptive 
potential through Peirce’s theory. 
Integrating Peircean semiotic into AI modeling establishes a compre-

hensive framework that transcends pattern recognition and static interpre-
tation. By embedding Peirce’s triadic model, principles of Thirdness, and 
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methodeutic reasoning, AI systems can develop a nuanced, contextually 
aware approach to language and data interpretation. The integration sup-
ports the development of AI systems capable of relational and context-de-
pendent interpretation, equipped with mechanisms for self-correction, 
adaptive learning, and transparent decision-making.

While Peirce’s semiotic framework holds promise for advancing AI, crit-
ical challenges remain. The primary concern involves the argument that AI 
systems lack subjective consciousness, which Peirce considered integral to 
the interpretant’s role in meaning-making. Critics argue that without this 
cognitive dimension, AI systems cannot achieve the depth of interpretative 
reasoning inherent in Peirce’s triadic model. However, this critique can be 
addressed by reframing the interpretant as a functional, relational output 
rather than requiring subjective awareness.

Paolucci’s concept of machinic enunciation directly supports this re-
framing. His analysis reveals that AI’s language generation is a distributed, 
iterative process which operates without conscious subjectivity. Instead, 
meaning emerges through ongoing cycles of relational processing and re-
finement, aligning well with Peirce’s methodeutic framework. Paolucci’s 
insight that AI systems produce meaning through distributed enunciation 
provides a robust justification for treating AI interpretants as dynamically 
generated, relational outputs shaped by interaction and adaptation rather 
than fixed, static representations.

Furthermore, the notion of Thirdness plays a crucial role in this inte-
gration. By applying Thirdness to AI systems, we recognize that meaning 
is not merely a matter of input-output associations but emerges from the 
mediation of relational processes. The contextual and adaptive approach 
allows AI systems to refine their interpretants continuously, aligning with 
Peirce’s broader vision of semiosis as an evolving, pragmatic system. The it-
erative refinement described by Peirce’s methodeutics is precisely the kind 
of self-correcting mechanism which contemporary AI systems can employ 
to achieve greater interpretative accuracy.

The integration of Paolucci’s theory enhances the practicality of this ap-
proach by acknowledging that AI systems can engage in interpretative pro-
cesses without requiring subjective awareness. Instead, their interpretative 
capabilities are realized through structured, iterative mechanisms which 
respond dynamically to evolving contexts. The proposed perspective not 
only addresses critiques related to AI’s lack of consciousness but also rein-
forces the theoretical coherence of combining Peirce’s semiotic framework 
with Paolucci’s machinic enunciation.
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From a practical standpoint, implementing Peircean semiotic in AI 
systems requires developing algorithms capable of modeling dynamic re-
lationships, performing iterative refinements, and generating contextual-
ly appropriate interpretants. Neural networks, probabilistic models, and 
adaptive learning mechanisms offer promising avenues for translating 
these theoretical principles into functional architectures.

Moreover, interdisciplinary collaboration between semiotic, cognitive 
science, and computer science will be essential for refining these models. 
As AI continues to evolve, integrating Peircean principles with contem-
porary machine learning techniques can produce systems which are not 
only effective in their interpretative capabilities, but also transparent and 
ethically grounded.

Ultimately, this study demonstrates that Peircean semiotic, enhanced by 
Paolucci’s insights on machinic enunciation, provides a viable framework 
for building AI systems capable of dynamic, context-sensitive interpreta-
tion. A reconceptualization of the interpretant as a functional, relational 
output and embracing the hybrid nature of cognition, offers a pathway to-
ward AI that is not only adaptive but also explainable and responsive to 
complex information environments.

Future research should continue the exploration of computational im-
plementations of Peirce’s principles, particularly in high-sensitivity do-
mains such as natural language understanding, social robotics, and auton-
omous decision-making. Paolucci’s contributions underscore that even in 
the absence of subjective consciousness, AI systems are capable of produc-
ing meaning through distributed, iterative processes. Consequently, the 
perspective put forward in this paper, challenges traditional human-cen-
tric notions of understanding and lays the groundwork for AI systems that 
are both adaptable and explainable.

By building on Peirce’s framework and integrating Paolucci’s machinic 
enunciation, AI can move closer to simulating human-like comprehen-
sion, fostering applications which are contextually responsive, adaptable 
to evolving information landscapes, and accountable in their interpretative 
processes.
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