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From Wittgenstein’s Language Games
to LLMs: Representation, Meaning,
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Abstract
Al and large language models (LLMs) are rapidly taking center stage in clinical
psychology and psychotherapy, raising fundamental questions about how
machines represent language, emotion, and lived experience. LLMs exhibit
linguistic fluency and contextual adaptability, but these capabilities are based
on statistical relationships rather than human cognition, presenting
significant limitations in therapeutic contexts. Drawing on Wittgenstein's
concepts of language games and forms of life, this article examines
representation problems in Al-assisted therapeutic dialogue and argues that
LLMs can imitate but not genuinely internalize the relational and experiential
dimensions fundamental to psychotherapy. The analysis explores how
emotional simulation varies across LLMs, why simulated empathy diverges
from therapeutic empathy, and how clinical safety concerns arise from
limitations in contextual reasoning and emotional attunement. Based on a
focused narrative review of 36 studies from 2015-2025, findings indicate that
LLMs offer potential for assessment, diagnostic support, training, and
psychoeducation, but remain limited in representing affect, cultural nuances,
and embodied co-regulation essential to therapeutic relationships. The
authors propose alternative systems based on hybrid neuro-symbolic
architectures, multimodal affect systems, and interdisciplinary collaboration.
Key Words: large language models, psychotherapy, representation,
simulated empathy, Wittgenstein, affective computing
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1. Introduction

Artificial intelligence (AI) has become one of the most influential
technologies of the twenty-first century. Al is reshaping fields such as
medicine, finance, education, and interpersonal communication
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(Russell, 2020). Al also offers significant opportunities in mental
health and psychotherapy. Nevertheless, it is also perceived as a
source of conceptual and ethical challenges. This rapid development
renders it insufficient for clinicians, researchers, and philosophers to
assess only technical capacities. These developments require these
individuals to also reevaluate the deeper implications concerning how
machines process and represent human language and emotions
(Topol, 2019).

At the core of these debates lies the problem of representation how
artificial systems encode linguistic, emotional, and experiential
content. This issue connects contemporary Al research with long-
standing philosophical discussions, particularly those shaped by
Ludwig Wittgenstein and Alan Turing (Wittgenstein, 2009). In his later
works, Wittgenstein argued that meaning does not reside in symbols
themselves. The philosopher emphasized that meaning emerges
through their use within "language games" embedded in shared
human contexts. Turing, on the other hand, focused on the
computability of symbols and the functional possibility of machine
intelligence (Turing, 1950; Wittgenstein, 2009). Their intellectual
approaches continue to inform contemporary debates regarding
symbolic, connectionist, and hybrid approaches to Al (Marcus, 2020).
The emergence of large language models (LLMs) such as Generative
Pre-trained Transformer (GPT) and Bidirectional Encoder
Representations from Transformers (BERT) has marked the beginning
of a significant breakthrough in this field. These developments have
demonstrated both the remarkable strengths and fundamental
limitations of modern AI (Bender & Koller, 2020). Large Language
Models (LLMs) largely rely on distributed representations and the
processing of large-scale information through machine training. In
this process, natural language processing models are also used. LLMs
can thereby produce linguistically coherent texts and answer complex
questions. Furthermore, they can imitate empathic speech patterns
(Devlin et al., 2018). Nevertheless, an important question remains: Do
these outputs reflect genuine human understanding, or are they
statistical results containing subtle details (Pennisi & Falzone, 2024)?
This question becomes particularly critical in psychotherapeutic
approaches, because psychotherapeutic encounters are not based
solely on information exchange. This process also depends on the
nuanced and authentic interpretation of emotions, intentions, and
vulnerabilities (Cozolino, 2014). Recently, Al-supported cognitive-
behavioral therapy and chatbot-based tools have been developed.
These tools facilitate people's access to such services; at the same
time, they hold the potential to reduce costs and address professional
shortages (Torous et al., 2019). However, risks of algorithmic bias and
privacy violations stand out as serious concerns. In addition to these,
significant ethical and epistemic concerns come to the fore in areas
such as the potential erosion of human connection, which lies at the
heart of psychotherapy (Floridi et al., 2018). Therefore, evaluating Al
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in clinical contexts requires much more than technical criteria. Deeper
issues such as meaning, trust, and representation must also be
discussed (Beg et al., 2024). This article aims to examine these points
of intersection. It draws on philosophical frameworks, Al research
traditions, and emerging clinical practices to explore how
representation and language shape the future role of Al in
psychotherapy.

2. Methodology

The authors attempted, as a methodological design, to synthesize and
discuss LLMs, representational theory, and their contemporary
approaches to psychotherapeutic applications. For this purpose, they
conducted a literature review to construct a narrative that would form
this synthesis. The authors performed a systematic search. The search
was carried out in major academic databases such as PubMed,
Scopus, APA PsycINFO, Google Scholar, and arXiv. As a search
strategy, the authors used keywords including "large language
models," "psychotherapy,” "simulated empathy,” "representation,"
Ludwig Wittgenstein, "affective computing,” and "clinical natural
language processing." The works of certain philosophers and theorists,
including Ludwig Wittgenstein, were used to establish a conceptual
and philosophical foundation. Furthermore, original texts were
directly examined to ensure alignment with the discussions.

2.1 Inclusion and Exclusion Criteria

Inclusion and exclusion criteria were defined in accordance with the
research objectives. Empirical or conceptual peer-reviewed studies
examining the use of LLMs in clinical or therapeutic contexts, as well
as works addressing representational structures in Al or philosophy
of language, were included. The authors considered only publications
written in the English language. The authors also excluded technical
engineering articles that lacked significant psychological,
philosophical, or clinical relevance. The review first addressed the
emergence of transformer-based models and subsequently explored
their current applications in psychotherapy and cognitive science.
During the full-text review stage, studies that focused solely on
technical model optimization without any connection to
psychotherapy, that did not contain substantial discussion of
representation or therapeutic interaction, or that repeated conceptual
content already represented in the existing literature were excluded.
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2.2 Coding and Classification

A mixed coding strategy combining a-priori and in-vivo coding
techniques was adopted to classify the selected studies. A-priori codes
were established based on predefined conceptual domains, including
representation, affective response modeling, clinical NLP, and
philosophical grounding. During full-text analysis, in-vivo coding was
applied to incorporate emergent categories related to therapist—Al
interaction, simulated empathy, and language-philosophical
constructs. Codes and sub-codes were iteratively refined to reflect
recurring themes across the corpus, ensuring coherence with both
theoretical frameworks and empirical findings.

2.3 PRISMA-Based Review Process

Following PRISMA guidelines, the systematic search initially identified
1.237 records from databases, with an additional 98 records identified
from other sources. After removing duplicates, 1.150 records remained
for screening. Titles and abstracts were reviewed for relevance, leading
to the exclusion of 1.051 records that did not meet the inclusion
criteria. Subsequently, 99 full-text articles were assessed in detail, and
63 articles were excluded for failing to meet the predefined criteria. As
a result, 36 studies were included in the final qualitative synthesis.
This PRISMA-guided process ensured transparency and
methodological rigor, providing a solid foundation for analyzing how
representational systems in Al intersect with philosophical
perspectives and emerging therapeutic practices (Figure 1).

Many authors have been unable to fully situate the concept of Al
within a single, universally accepted definition due to its
interdisciplinary nature. This definition is relative and varies across
many disciplines. Disciplines such as computer science, cognitive
psychology, philosophy, and linguistics have addressed the issue, but
these interpretations differ considerably in scope and emphasis.
Russell and Norvig (2020) classified AI definitions into four broad
categories: thinking humanly, acting humanly, thinking rationally,
and acting rationally. These frameworks encompass different aspects
of intelligence. These different aspects include domains such as
internal cognitive processes, observable behavior, logical reasoning, or
goal-directed action.

3.1 Rational Action (Logical Approach)

The rational action perspective defines Al as the capacity to make
optimal decisions to achieve a goal. Rooted in symbolic Al and logical
reasoning systems (Nilsson, 1998), this approach underlies decision-
support tools, planning algorithms, and optimization models.
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3.2 Thinking Like Humans (Cognitive Approach)

The cognitive approach aims to model human learning, memory,
problem-solving, and language comprehension. Natural Language
Processing (NLP) systems and cognitive architectures such as Adaptive
Control of Thought — Rational (ACT-R) and State Operator, And Result
(SOAR) exemplify this tradition, bridging Al research with psychology
and neuroscience (Newell and Simon, 1973).
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Figure 1. PRISMA Flow Diagram of the Study Selection Process
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3. Definition of Artificial Intelligence

3.3 Acting Like Humans (Pragmatic Approach)

The pragmatic or behaviorist approach defines intelligence by the
extent to which a machine's behavioral outputs are indistinguishable
from those of a human. In this context, human-likeness is the primary
criterion. Turing's famous test remains a key foundation of this view
(Shieber, 2004). Modern LLMs often meet this standard in
conversation-based settings. Nevertheless, the differences between
imitation and genuine understanding come into question. Taken
together, these perspectives reveal Al as a heterogeneous field shaped
by technical, cognitive, and philosophical considerations. No single
definition captures its full complexity, reflecting the ongoing tensions
between symbolic and experiential models of intelligence.

4. Representation in Artificial Intelligence: Conceptual and
Technical Dimensions

Representation refers to the transformation of real-world objects,
events, or ideas into computationally operable structures (Brachman
and Levesque, 2007). This is both a technical and philosophical
challenge because representational choices determine what a system
can “understand.”

4.1. Symbolic Representation

Symbolic Al encodes knowledge through explicit rules, logical
structures, and semantic networks, with historical roots in Leibniz,
Boole, and Frege. While such systems offer transparency and
consistency, they struggle with ambiguity and uncertainty (Davis et
al., 1993).

4.2. Connectionist Representation

Connectionist models conceptualize knowledge as patterns encoded in
the weighted connections of artificial neural networks. Their
theoretical foundations trace back to Hebbian learning principles,
Rosenblatt’s early perceptron architecture, and the Parallel
Distributed Processing (PDP) framework developed by Rumelhart and
colleagues (Rosenblatt, 1958; Rumelhart et al., 1988). Contemporary
LLMs such as BERT and GPT extend this tradition by representing
linguistic and conceptual information as high-dimensional distributed
vectors within deep neural architectures (Goodfellow et al., 2016).
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4.3. Hybrid Representation

Hybrid architectures combine symbolic reasoning with mneural
flexibility, as seen in SOAR (Newell, 1994), ACT-R (Anderson, 1996),
and contemporary  neuro-symbolic systems. Transformer
architectures (Vaswani et al., 2017) exemplify modern hybrid
dynamics, enabling both contextual analysis and abstract reasoning.
Hybrid approaches offer explainability alongside adaptability, making
them promising for complex, context-dependent fields such as
psychotherapy.

5. Artificial Intelligence and Language Models: Technical
Development and Wittgenstein’s Perspective

5.1 Development and Functioning of Language Models

Until the early 2010s, language models predominantly relied on
statistical approaches. N-gram models calculated the probability of a
word based on the preceding words and produced reasonable results
for short contexts (Jurafsky and Martin, 2025). However, these
patterns lack mechanisms to represent a broader context. Therefore,
they struggle to maintain semantic coherence over longer sequences.
With the development of neural architectures, we have witnessed a
major transformation. Recurrent Neural Networks (RNNs) and Long
Short-Term Memory (LSTM) models improved the ability to retain
information across extended sequences (Hochreiter & Schmidhuber,
1997). Yet even these architectures faced limitations such as
vanishing gradients and difficulties in processing very long inputs. The
breakthrough came with the introduction of the Transformer
architecture in 2017. The publication of the paper titled "Attention Is
All You Need" (Vaswani et al., 2017) crossed a threshold. The attention
mechanism enabled models to evaluate relationships among all words
in a sequence simultaneously. Furthermore, this development made it
possible to generate long-range textual dependencies accurately and
with high efficiency. These innovations enabled the development of
tools containing billions of parameters trained on very large databases.
As a result, contemporary LLMs such as GPT, BERT, Language Model
for Dialogue Applications (LaMDA), and Pathways Language Model
(PaLM) emerged. These models undergo two fundamental learning
stages. During pre-training, they learn general linguistic patterns by
predicting masked words or the continuation of a text. During fine-
tuning, they adapt to domain-specific datasets, such as medical, legal,
or clinical corpora, allowing them to perform highly specialized tasks.
This combination of large-scale pattern extraction and domain
adaptation explains their impressive performance in areas such as
summarization, translation, question answering, and code generation
(Devlin et al., 2018).
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5.2 Wittgenstein and Al: From Language Games to ChatGPT

To understand the philosophical implications of LLMs, we need to
consider them alongside approaches shaped by thinkers such as
Ludwig Wittgenstein and Alan Turing. This approach situates the
discussion within a broader intellectual landscape. These thinkers
held various perspectives on meaning, logic, and computation. This
perspective enriches contemporary interpretations of Al's potentials
and limitations. Various philosophers of language have also joined this
discussion. Some thinkers, even before the existence of LLMs, offered
various critiques of machine activities that think and act like humans.
In the 1970s, Italian philosophers of language such as Tullio De Mauro
and Franco Lo Piparo argued that similar systems harbor linguistic
problems. These problems include semantic limitations in texts and
deficiencies in emphasizing cultural nuances. Furthermore, these
thinkers emphasized that Al would struggle to deal with phenomena
such as pragmatic variability (Devlin et al., 2018; Odifreddi, 2018;
Wittgenstein, 1956). Their skepticism has shed light on contemporary
debates. Based on these approaches, we may argue that despite the
linguistic fluency of LLMs, they still lack the experiential foundations
necessary for genuine understanding.

Wittgenstein’s early philosophy, framed in the Tractatus Logico-
Philosophicus, presented language as a system of logical pictures
corresponding to reality. This picture theory resonated with early
symbolic Al, which relied heavily on formal rules and logical
structures. However, both approaches faltered when confronted with
ambiguity, irony, metaphor, and the fluid nature of everyday speech.

In his later philosophy, Wittgenstein abandoned the picture theory
and argued that meaning arises from the use of language within
specific forms of life (Wittgenstein, 2009). Words function as tools in
dynamic “language games,” and their meaning depends on social
practices rather than fixed logical structures. This idea aligns
superficially with the way LLMs learn linguistic patterns from vast
amounts of text: their knowledge emerges from use rather than explicit
rule encoding.

However, Wittgenstein’s key insight remains crucial: meaning requires
participation in a shared form of life. LLMs, despite mastering
statistical regularities, do not inhabit human social worlds. They
manipulate signs without experiential grounding. Thus, they can
simulate linguistic competence but cannot access the lived, contextual
dimensions of meaning.

Turing’s contributions complement this perspective. Through his
functionalist view of intelligence, Turing proposed that machines need
not replicate human consciousness to be intelligent; they need only
perform rule-governed tasks effectively (Floyd, 2021; Murphy, 2021).
This pragmatic viewpoint became foundational for modern computing.
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Yet even Turing acknowledged that functional mimicry does not imply
experiential understanding.

Historically, the dominance of symbolic Al (“Good Old-Fashioned Al,”
GOFAI) demonstrated the difficulty of encoding human knowledge
through fixed rules. These systems excelled in well-structured
domains but failed in open-ended, ambiguous contexts (Pennisi,
1998). Their limitations contributed to repeated “Al winters.” The shift
toward deep learning and Transformers marked a dramatic reversal,
enabling systems capable of producing human-like text across a wide
range of tasks (Pichler and Simo, 2022). Still, these achievements do
not resolve the philosophical problem of grounding meaning.

Some authors have argued that LLMs such as ChatGPT do not rely on
fixed semantic rules. According to this approach, LLMs perform
Wittgensteinian language games by generating context-appropriate
expressions. However, this similarity remains superficial. These
models lack the embodied, cultural, and emotional foundation that
constitutes the form of life, which gives human language its depth and
richness. According to this approach, LLMs confirm Wittgenstein's
insights in one respect, yet they also challenge these insights. While
these models demonstrate how meaning can arise from use, they
simultaneously expose the limitations of use without lived experience.

6. Large Language Models and Psychotherapy

LLMs have rapidly emerged as influential tools in psychotherapy
research and practice. Their ability to process extensive conversational
context and engage in multi-turn reasoning allows them to mimic the
interactive and evolving nature of therapeutic dialogue more effectively
than earlier computational systems (Na et al., 2025; Rasool et al.,
2024).

6.1 Assessment

LLMs can extract symptom cues from patient narratives, detect
suicidal ideation in online content, and identify cognitive distortions,
enabling early detection and intervention (Bao et al., 2024; Cheng et
al., 2024; Tu et al., 2024)

6.2 Diagnosis

In diagnostic tasks, LLMs synthesize subjective and objective
information across dialogue turns. They support both static diagnoses
(e.g., depression detection) and dynamic diagnostic reasoning during
real-time interactions (Jiang et al., 2024; Ren et al., 2024).
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6.3 Treatment Support

Today, LLMs have begun to address various needs in
psychotherapeutic contexts. Moreover, they are increasingly
undertaking more complex roles. These models can simulate dialogues
based on Cognitive Behavioral Therapy (CBT). Furthermore, they can
generate responses that resemble context-appropriate empathic
capacity. They can function as a kind of virtual therapist (S. Lee et al.,
2024; Nie et al., 2024). In parallel, they also have the capacity to
correct therapists' suboptimal expressions. They work as clinical
assistants that support treatment adherence by producing reframes
aligned with CBT principles (Maddela et al., 2023; Welivita & Pu,
2023). In addition to these roles, LLMs serve as simulated patients in
clinician training environments. They offer controlled and
pedagogically valuable interaction scenarios for novice practitioners
(Chaszczewicz et al., 2024). Furthermore, these models can
automatically monitor session quality. Researchers also use them as
assessment tools for longitudinal analysis of speech patterns
throughout therapeutic processes (Y. Lee et al., 2024). Despite all
these developments, some significant problems persist. Current LLM
applications exhibit a fragmented nature. They have narrow scopes of
use. For instance, they focus on depression and anxiety, and the
integration of various psychotherapeutic theories remains limited
(Hua et al., 2024).

Additional concerns include linguistic bias, cultural insensitivity, and
insufficient diagnostic reliability all of which complicate -clinical
adoption (Hua et al., 2024; Lawrence et al., 2024). Future progress
requires continuous multi-stage modeling, psychologically grounded
adaptability, and broader inclusion of underrepresented diagnostic
categories (Abdelkadir et al., 2024; Kim et al., 2025).

7. Large Language Models and the Simulation of Emotions in
Psychotherapy

The simulation of emotions by LLMs appears promising. However,
from a deep perspective, it remains problematic. We should note that
these models differ from earlier rule-based systems. LLMs can engage
in extended, context-rich dialogues that resemble therapeutic
interactions (De Duro et al., 2025). Nevertheless, their emotional
expressions vary significantly depending on the model architecture
and training data. For example, even when asked to simulate
depressive symptoms, GPT models often consistently produce a
positive tone. Claude Haiku, in contrast, generates more pessimistic
language aligned with depressive cognition. Such differences reveal
that LLMs reflect statistical biases rather than genuine emotion-based
clinical understanding (Sebastiano et al., 2024). We cannot evaluate
such productions of the human mind solely with statistical data.
Cognitive-network analyses have shown that LLMs expand their
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lexical networks throughout a conversation. However, they do not
deepen semantic or emotional complexity (Stella, 2020). In contrast,
human therapists can selectively focus on clinically relevant themes
such as hopelessness, rumination, or maladaptive thoughts (Neenan
& Dryden, 2020). Empathy generated by LLMs tends to be general,
repetitive, and insufficiently targeted.

Research also frequently emphasizes the risks in problematic areas.
LLMs may fail to implement necessary interventions in cases of
suicidal ideation (De Choudhury et al., 2023). Furthermore, they lack
the contextual awareness required to provide appropriate cognitive
reframing (De Freitas et al., 2024). The potential misalignment
between linguistic empathy and therapeutic empathy is quite
significant. In general, LLMs offer valuable tools for training and low-
intensity interventions. However, we must exercise great caution in
areas such as their inability to draw from lived emotional experience
and their failure to meet clinical safety standards. Future systems
must move beyond superficial emotional simulation. To achieve
interactions that approach genuine therapeutic sensitivity, we must
integrate insights from cognitive psychology and affective science
(Bertolazzi et al., 2023; Stella et al., 2023).

8. Conclusion

The problem of representation in Al becomes particularly critical when
the focus shifts to psychotherapy. In many other areas of medicine,
representation primarily concerns data structures, biological markers,
or diagnostic categories. By contrast, psychotherapy is fundamentally
concerned with the representation of lived experience, emotions, and
the complex dynamics of human relationships (Topol, 2019). The
therapeutic process involves transforming inner, often unconscious,
material into words, symbols, and shared meanings. Against this
background, the limitations of Al in representing both knowledge and
affective states become especially apparent.

Wittgenstein's philosophy of language offers a unique lens through
which to see these limitations (Wittgenstein, 2009). His well-known
claim that "the limits of my language mean the limits of my world"
carries significant importance in this context. This statement directly
addresses the weaknesses of LLMs. We should note that these models
have the capacity to produce coherent and context-appropriate
sentences. However, they do so by using probabilistic relationships
rather than drawing from real-life experiences (Bender & Koller, 2020).
In psychotherapy, silence, hesitations, bodily posture, and subtle
changes in speech tone can carry more meaning than explicit speech.
This reveals a fundamental gap in these models' reliance on superficial
patterns. An LLM may respond to a patient's expression of sadness
with a grammatically correct and ostensibly empathetic statement. Yet
it lacks the embodied resonance, shared emotional depth, and past
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experiences that characterize a human therapist's attunement
(Pennisi & Falzone, 2024).

From a neuroscientific perspective, psychotherapy is not merely an
exchange of information. Psychotherapy is a process of interpersonal
co-regulation. This process involves emotional resonance between
therapist and client, limbic system synchronization, autonomic
nervous system attunement, and rich nonverbal communication
(Cozolino, 2014). Current artificial intelligence systems based on
natural language processing and statistical modeling cannot replicate
this neurobiological reciprocity (Sebastiano et al., 2024). The absence
of genuine empathetic regulation also raises significant ethical
concerns. It remains a mystery whether patients will truly feel
understood. Mechanical responses can evoke feelings of alienation and
disconnection (Floridi et al., 2018).

Despite these concerns, the future of Al in psychotherapy is not
without promise. Integrating multimodal data streams such as vocal
prosody, facial expression, and physiological signals into Al
architectures could partially enhance representational depth.
Combining NLP-based outputs with affective computing and
multimodal fusion may allow more accurate approximations of
emotional states by capturing prosodic and embodied cues beyond the
semantic level (Picard, 2000; Poria et al., 2017). Such advances would
move Al systems from functioning as mere linguistic mirrors toward
serving as more holistic support tools. However, even advanced
multimodal representation systems remain at the center of ethical
debates. The psychotherapeutic relationship is fundamentally based
on trust, privacy, and a sense of human-centered security. Entrusting
this relational space entirely to Al could raise serious concerns. The
characteristic of psychotherapy as a product of mutual interaction
could be compromised, potentially reducing the process to mere
information exchange (Lacin et al., 2025; Turkle, 2015). Therefore, Al
should not be viewed as a complete replacement for therapists. It
should be designed as a complementary resource. In practice, this
could help therapists monitor emotional developments during
sessions and identify suicide risk indicators. Additionally, the process
may incorporate Al systems that assist in providing guided CBT
modules between sessions. However, the relational core of therapy
must remain firmly human-centered (Lake et al., 2017; Torous et al.,
2019).

Based on these discussions, we can make some predictions about the
future. The representation problem highlights the need for more
sophisticated and philosophically grounded Al architectures.
Psychotherapy is a process that integrates linguistic, emotional,
physical, and cultural dimensions. This process requires
multidimensional representations of human existence. Current BDM
models only scratch the surface of this complexity. Therefore, future
Al research must combine symbolic approaches with deep learning.
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This integration should aim for hybrid systems that explicitly
incorporate cultural and philosophical frameworks into model design.
Such a hybridization could help bridge the gap between purely
statistical outputs and the nuanced, context-dependent meaning-
making processes required by psychotherapy (Lake and Murphy,
2021; Marcus, 2020; Torous et al., 2019).

In summary, the problem of representation in Al presents unique
challenges in both philosophical and clinical contexts. Wittgenstein’s
concept of language games reminds us that meaning is context-
dependent. This approach suggests that meaning emerges not from
isolated symbols but from shared practices (Wittgenstein, 2009). In
other words, meaning cannot fully emerge without the living
reflections of human relationships. The psychotherapy process
exemplifies this insight very well. It is less about information transfer
and more about the co-construction of meaning in the presence of
another person. BDM systems can simulate certain aspects of this
process, but they remain limited in capturing its essence. In
psychotherapy, Al should not be a force that erodes the relational core
of therapy. For it to truly become a supportive tool in this process,
certain conditions must be met. These conditions are intertwined with
ongoing development. They include the integration of multimodal data,
the design of hybrid representational systems, and the careful
preservation of human presence at the center of therapeutic work (Beg
et al., 2024).
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Abbreviations

Artificial intelligence: Al

Adaptive Control of Thought — Rational: ACT-R

Bidirectional Encoder Representations from Transformers: BERT
Cognitive Behavioral Therapy: CBT

Generative Pre-trained Transformer: GPT

Good Old-Fashioned Artificial Intelligence: GOFAI

Large Language Models: LLMs
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Language Model for Dialogue Applications: LaMDA

Long Short-Term Memory: LSTM
Natural Language Processing: NLP
Pathways Language Model: PaLM
Parallel Distributed Processing: PDP
Recurrent Neural Networks: RNNs
State Operator, And Result: SOAR
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