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Abstract
This article sets in with the question whether current or foreseeable transformer-based
large language models (LLMs), such as the ones powering OpenAI’s ChatGPT, could
be language users in a way comparable to humans. It answers the question negatively,
presenting the following argument. Apart from niche uses, to use language means to
act. But LLMs are unable to act because they lack intentions. This, in turn, is because
they are the wrong kind of being: agents with intentions need to be autonomous
organismswhile LLMs are heteronomousmechanisms. To conclude, the article argues,
based on structural aspects of transformer-based LLMs, that these LLMs have taken
a first step away from mechanistic artificiality to autonomous self-constitution, which
means that thesemodels are (slowly)moving into a direction that somedaymight result
in non-human, but equally non-artificial agents, thus subverting the time-honored
Kantian distinction between organism and mechanism.

Keywords Speech act · Agency · Large language model · Kant · Organism ·
Searle ·Mechanism

1 Introduction: LLMs as Artificial Agents?

During the past six years, the field called natural language processing (NLP) has seen a
veritable revolution, or perhaps better, a transformation: The advent of a specific type
of neural network architecture, the so-called transformer, introduced by Vaswani et al.
(2017), has set new standards in performance and begotten a number of children that

B Reto Gubelmann
reto.gubelmann@protonmail.com

1 University of St.Gallen (HSG), St. Gallen, Switzerland

0123456789().: V,-vol 123

http://crossmark.crossref.org/dialog/?doi=10.1007/s13347-024-00696-1&domain=pdf
http://orcid.org/0000-0001-6141-4168


   32 Page 2 of 24 R. Gubelmann

have made a name by themselves. BERT and GPT-3.5/4,1 the large language models
behind ChatGPT, are particularly noteworthy in this regard.2

This article examines whether these models, as well as models recognizably similar
to them, could be speakers and, more generally, agents. In analogy to asking whether
artificial intelligence is possible, or already realized, this article asks whether artificial
agents are possible, or already realized.

It might seem hard to see how there could even still be a question whether mod-
els who, according to credible corporate communications (OpenAI, 2023), pass the
uniform bar exam in the United States (successful completion of which qualifies to
practice as a lawyer) are speakers. However, in all but a few constructed special cases,
what speakers do when they speak is act: They want to convince, entertain, inform,
threaten, baptize, structure their own thoughts, etc. While it is a matter of empirical
fact that state-of-the-art generative LLMs are able to produce text at a human- or
near-human level, it is much less clear whether they are agents. Acting is autonomous
intentional behavior: a certain behavior can only be an action if it can be ascribed
to a subject that pursues a certain goal with it. However, LLMs lack both autonomy
and intentionality. They are essentially statistical devices to approximate a certain
function, a mapping of one set of values to another set of values.

In this respect, the article will argue, they are like a tortoise, who, by unfathomable
cosmic coincidence, ends up writing into the sand the ideal solution to an existential
problem that confronts a person walking on that same beach. It would be inaccurate
to say that the tortoise told the person what to do because the behavior lacks the
necessary teleological structure: The tortoise had no intention to help the person out
(while it, unlike LLMs, did likely pursue some goals with itsmovements on the beach).
Similarly, even if the likelihood that ChatGPTgives great advice to a desperate inquirer
is much higher than in the case of the tortoise, it would be as misguided as in the case
of the tortoise to assume that it was talking to that same inquirer, that “it” was helping
her out.

Within this area, the goal of this article is threefold. First, I suggest that it is inaccu-
rate to conceive these transformer-based LLMs as speakers, despite their impressive
abilities, as they are unable to engage in speech acts, since they are unable to act,
which in turn is due to their lack of intentions.

Second, based on Kantian conceptual distinctions, I suggest that this lack of inten-
tions is because they are the wrong kind of being: they are artifacts, that is, engineered
mechanismswithout any autonomyor intrinsic goals.Organisms, in contrast, evenvery
simple ones, function to maintain themselves autonomously as long as they are what
they are. Hence, the notion of an artificial speaker might be a contradictio in terminis.
Either such transformer-based models are artificial in Kant’s sense of mechanisms;
then, they cannot engage in speech acts, as they, lacking any autonomy whatsoever,
in particular any self-set goals, are no agents, and hence no speakers. Or these mod-

1 “BERT” is an acronym for “Bidirectional Encoder Representations from Transformers”, “GPT” stands
for “Generative Pre-trained Transformers”.
2 A note on terminology: It is customary to call the basic set-up of a neural NLP (NNLP) system an
architecture, and a fully trained, usable instance of a given architecture a model.
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els fully cross the Kantian Rubicon between mechanisms and organisms and become
fully-fledged speakers; then, they are not artificial anymore.

Third, I suggest that transformer-based LLMs might represent the first small steps
towards the emergence of non-biological organisms, whichmight someday evolve into
non-biological agents and hence overturn the Kantian distinction between organism
and mechanism.

The article contributes a novel Kantian perspective on the ongoing discussion
around artificial agents in general and artificial moral agents in particular. It creates
a hopefully insightful contrast to positions such as the one by Floridi (2023), who
suggests that ChatGPT constitutes a case of agency without intelligence, or to List
(2021), who argues that there are conditions under which AI systems could be agents.
In contrast, it lends support from a fresh perspective to positions such as the one by
Constantinescu et al. (2022), or by Popa (2021). The latter also draws the important
connection to liability questions: if AI systems cannot be considered autonomous
actors, then it is their creators that are ultimately liable for any harm caused by these
systems.

The article is structured as follows. First, I introduce transformer-based LLMs
from a technical and historical perspective (Section 2). In Section 3, I argue, based
on considerations from pragmatism, that it is mistaken to conceive these models as
speakers, as they lack intentions. In Section 4, I introduce the Kantian distinction
between mechanisms and organisms with a focus on autonomy. Based on this, in
Section 5, I then suggest that, even though they are mechanisms, transformer-based
LLMs do represent the first steps towards non-biological organisms, and hence agents
and speakers, questioning the time-tested Kantian distinction, and I tentatively suggest
that this lends support to a kind of dualism.

2 What are Transformer-Based LLMs? – Technical-Historical
Consideration

In this section, I give a brief survey of different approaches in NLP with an emphasis
on the transformer architecture. This survey prepares the ground for the arguments in
Sections 3-5.

The survey uses machine translation (MT) as a background use case. The cen-
tral NLP architecture in this article, the transformer, was originally introduced in the
context of machine translation. As Wilks (2014, p. 213) shows, MT can be seen to
encompass both natural language understanding (NLU) and natural language gener-
ation (NLG), the two central challenges to NLP: To accurately translate from one
language into another, one has to first accurately represent (read: “understand”) the
meaning of the text in the source language, which is an NLU-task, then, one has to
phrase this meaning appropriately in the target language, which is an NLG-task.

2.1 The Emergence of the Transformer

Historically, there were two main approaches in machine translation, namely rule-
based machine translation (RBMT) and statistical machine translation (SMT). In
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RBMT, translation occurs via rules that are in the paradigmatic case handwritten (com-
pare Bhattacharyya, 2015, pp. 140-141). There are rules for syntactic and semantic
analysis, the transfer on the semantic level occurs via (human-created) lexica, and the
generative steps to create a grammatical sentence in the target language again follow
grammatical rules specified by humans. As recently as 2018, Gatt and Emiel (2018,
p. 134) observe in their extensive survey of NLG-approaches, rule-based approaches
are typically able to deliver a higher-quality output, while statistical approaches are
cheaper and more robust.

This division of labor has decisively changed now in favor of statistical approaches
due to the introduction of the transformer architecture. As Poibeau (2017, p. 121)
observes, statistical machine translation, SMT is themost popularMT-approach today,
which is mainly due to one specific sub-paradigm, so-called neural machine transla-
tion (NMT, see Läubli et al., 2018, p. 4791), which in turn dominates thanks to the
transformer architecture. Conceptually speaking, NMT algorithms (like the more tra-
ditional statistical machine translation algorithms), are machine learning algorithms
(see Goldberg, 2017, esp. Ch. 3 and 4), and most of them are supervised machine
learning algorithms, which means that they need annotated training data. What they
do not need, in turn, is meticulous engineering of hand-written rules, as is the case
with RBMT methods.

Until very recently, an NMT model typically had an encoder-decoder structure,
which again maps nicely on the tasks of NLU (assigned to the encoder) and NLG
(assigned to the decoder): The encoder takes in the sentence in the source language
and represents it as a matrix or vector structure that is usually called the ‘context’.
Based on this, the decoder generates a sentence in the target language. This also means
that the context vector, in traditional NMT architectures, constitutes an information
bottleneck, as it must contain the entire semantics of the source language sentence that
is needed to produce a translation. The same context vector is used to produce all of
the translated words.

Since the introduction of the transformer architecture, this structure has become
prevalent in most NLP tasks, in particular for machine translation, NLU and NLG. It
was introduced by Vaswani et al. (2017).

It is generally agreed that the attention mechanisms (which are inspired by Bah-
danau et al., 2014) are major drivers for the architecture’s demonstrably superior
performance in MT. There are two kinds of attention-mechanisms in play here. First,
in the decoder, so-called masked attention estimates the most important words in
the translation already produced for the word about to be translated. Second, the
self-attention mechanism used both in the encoder and in the decoder considers the
entire source sentence, either purely to bring structure into the sequence of tokens
(in the encoder), or to emphasize these parts of the source sentence that are partic-
ularly relevant for the word currently in focus (in the decoder, thus addressing the
bottleneck problem described two paragraphs earlier). Importantly, what the different
self-attention layers emphasize is not determined in advance. Rather, at the beginning
of the training process, these attention layers do not focus on anything in particular.
Being initialized with random values, they randomly emphasize some aspect of each
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sentence. After successful training, however, many of these attention layers come to
assume very specific functions.

In an extended version of their paper, to be found on arXiv, the authors provide
visualizations of the work done by the self-attention layers. Based on such qualitative
analysis, Vaswani et al. (2017, p. 14) examine the function of self-attention layer
number five and conclude that it is “apparently involved in anaphora resolution”.
As Gubelmann (2023, p. 491–492) puts it: “What is exciting about this is not only
that this specific attention layer does seem to be involved in anaphora resolution and
pretty successful at it. NLP engineers have wrestled with this problem for decades; the
transformer seems to have solved it in amatter of 3.5 days’ autonomous training. There
was never an explicit decision on the side of the human engineer that this specific part
of the mechanism should be dedicated to this task” (see also Gubelmann, 2023 for
a discussion and philosophical reflection of this aspect of transformer-based LLMs,
see Gubelmann and Toscano, 2022 for a more in-depth Kantian consideration of it).
More quantitative evaluations such as the one conducted by Voita et al. (2019) do
suggest that a subset of attention heads in the encoder has indeed assumed specific,
identifiable functions (intriguingly, their research also suggests that the majority of
encoder attention heads is simply superfluous).

The autonomy granted to these processes is always restricted by the basic structure
of the architecture (the size andprecise configuration of transformer blocks, the number
of parameters, etc.) as well as the hyper-parameters of the training.What is novel about
this autonomous functional differentiation as it occurs in the transformer is, to put it
briefly, that it works even for very complex tasks such as machine translation.3

As mentioned before, the transformer is trained in essentially the same way that
any neural network model in NNLP is being trained (see Goodfellow et al., 2016, ch.
5). This basic way consists of the following steps:

1. Initialize the model with random parameters (this is also called “seeding” the
model, see Madhyastha and Jain, 2019). In the largest and clearly best performing
version of the transformer used by the authors, there were 213 M parameters.

2. Let the model predict a number of translations in the training data (consisting of
4.5 M sentence pairs for the English-German data set and 36 M sentence pairs for
English-French).

3. Let it measure the loss of the translations. For instance, if the correct next word
would be “Henne”, the decoder’s output would be compared to a vector that is
zero everywhere except for the entry associated with the target vocabulary entry
“Henne”.

3 In 2018, Hassan et al. (2018) describe a new machine translation architecture (derived from the trans-
former). According to Gubelmann (2023, p. 492), “they argue that it has reached human parity. Läubli
et al. (2018) have independently verified this claim and found that the architecture developed by these
researchers does indeed deliver translations that are indistinguishable from translations delivered by pro-
fessional human translators, though only if the quality of the translation is assessed on the sentence- and
not on the document-level.” Before the transformer, human parity was far beyond reach.
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4. Let the model optimize the parameters using stochastic back-propagation and
gradient descent.4

5. Repeat 2-4 until the maximum number of iterations has been reached. For the large
model used by Vaswani et al. (2017), this was 300k steps on 8 GPUs, taking 3.5
days.

While the actual training described by Vaswani et al. (2017, pp. 7-8) has some
additional tweaks to increase training performance, this is the basic method used. It
is in the course of this training that the model develops subsystems that fulfill specific
functions (by optimizing certain parameters in a specific way).

2.2 The Abilities of Transformer-BasedModels

In this section, I briefly dive into the performance of transformer-based models in
natural languageunderstanding (NLU) andnatural languagegeneration (NLG). Impor-
tantly, unlike the original transformer used for NMT, the two kinds of models in focus
in this section do not need specifically labeled training data for the most extensive
part of their training, so-called pre-training. Rather, they can be trained on unlabeled
text, which potentially makes all text available on the internet training data for these
models.

NLU: BERT Oneparticularly impressiveNNLParchitecture building on the transformer
architecture is called BERT, and it has been introduced by Devlin et al. (2019); when
introducing the details of BERT’s architecture, the authors simply refer to Vaswani
et al. (2017).5 Unlike the original transformer, which was developed for machine
translation, BERT is a general-purpose NLU model. This means that it is not trained
to predict a translation of a sentence. Rather, it is intended to solve a variety of tasks
which, in the case of a human being, we would clearly say presupposes understanding
of the language in question: answering questions about texts, summarizing documents,
suggesting completions of sentences, etc. BERT itself was quickly superseded by
very similar, but better performing modifications such as RoBERTa (Liu et al., 2019),
XLNet (Yang et al., 2019), DeBERTa (He et al., 2020) as well as smaller versions such
as DistilBERT (Sanh et al., 2019) and Albert (Lan et al., 2019). As BERT remains the
classic version of this architecture, I focus on this architecture.

In terms of architecture, BERT is true to the acronym that is its name: “Bidirectional
Encoder Representations from Transformers”. This means that it essentially takes the
encoding part of the transformer architecture and scales it up. The authors’ largest and
best performingmodel, consists of 24 encoder layers (6 in the original transformer), the
dimensionality of the hidden layers is 1024 (512), and the number of attention heads

4 For details, see (Bottou, 2012). As Gubelmann (2023, p. 492) summarizes it, “Briefly, the method com-
putes the gradient of the loss function with respect to the model’s parameters and then optimizes the
parameters by “moving” them in the appropriate direction of the gradient (that is, “downwards”, to min-
imize the loss). As a computation of the full loss function would be computationally too expensive, the
method only computes the loss for a sample set of data points and extrapolates from there (true to its name:
“stochastic”).”
5 For an informal, practice-oriented introduction to the model, see Khalid (2019).
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is 16 (8). This results in a total of 340 M parameters (already a substantial increase
compared to the original transformer model that consisted of 213 M parameters for
the entire architecture, including the decoder).

To illustrate the capacities of BERT, I refer to the GLUE and SuperGLUE Leader-
boards, see Wang et al. (2018, 2019). The acronym stands for “General Language
Understanding Evaluation”. The GLUE benchmarks are designed to evaluate the per-
formance of NLP models in NLU. Currently (December 2023), transformer-based
models have surpassed the human baseline in GLUE by a wide margin and in Super-
GLUE by a considerable margin, even though both have been developed explicitly to
make it harder for the models to outmatch humans. Taken at face-value, the results of
these benchmark experiments indicate that many transformer-based LLMs outperform
humans at NLU tasks such as question answering or information extraction from text.

Transformer-Based NLU methods also perform decently at rather complex tasks,
for instance at detecting the political orientation of tax law research articles, see
Gubelmann et al. (2022). On the other hand, they still struggle with somewhat simple
semantic structures as negations, see Warstadt et al. (2020); Ettinger (2020); Kassner
and Schütze (2020); Gubelmann and Handschuh (2022), and they find it difficult to
master both inductive and deductivemodes of inferences, see Gubelmann et al. (2022).

NLG:GPT-X While the encodingpart of the transformer has given rise to a revolutionary
series of NLU architectures, the decoding part of the transformer has had the same
effect for NLG. In MT, the decoder is responsible, as it were, for generating well-
formed text in the target language that represents the meaning of the text in the source
language, as depicted by the encoder. Virtually all current models in the field of
generative AI (including, for instance, image or music generation over and above the
most important field of natural language generation) follow this basic pattern of using
ever increasing numbers of ever larger decoder blocks from the transformer.

Currently, it is likely that the most potent NLG-model is called GPT-4. Even more
than GPT-3.5-turbo, GPT-4 is shielded against any proper scientific investigation: it
is not known what data it was trained on, what the specific training method was, what
hardware was used, whether there are any modifications to the GPT-architecture, etc.
(hence it is also only likely the most potent NLG-model).6 In effect, this removes
OpenAI’s models from the field of bona fide objects of empirical NLP research.

Fortunately, the AI research group of META has decided to distinguish itself from
OpenAI by publicly releasing their latest series of large language models (Touvron et
al., 2023). It is to be expected that the open availability of these models will lead to
a lively discussion of and experimentation with these models in the NLP community;

6 A quote from what OpenAI calls a “technical report” on GPT-4, which explicitly refuses to release any
information about the model that could be of scientific interest: “This report focuses on the capabilities,
limitations, and safety properties of GPT-4. GPT-4 is a Transformer-style model Jakobson (2003) pre-
trained to predict the next token in a document, using both publicly available data (such as internet data)
and data licensed from third-party providers. The model was then fine-tuned using Reinforcement Learning
from Human Feedback (RLHF) Kahneman (2003). Given both the competitive landscape and the safety
implications of large-scale models like GPT-4, this report contains no further details about the architecture
(including model size), hardware, training compute, dataset construction, training method, or similar”
(OpenAI, 2023).
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this, however,will take some time. In light of this current state of research,myoverview
on the capacities of generative transformer-based language models, that is, models
developed to generate text,will focus on the latestmodel that has seen serious empirical
study and scientific discussion: GPT-3. We will only include selected spotlights on the
abilities of OpenAI’s models.

In terms of architecture, GPT-3 is not overly innovative. It consists of decoder layers
of the transformer architecture introduced above (Section 2.1), with few technical
variations, seeRadford et al. (2018) for the originalGPTmodelwith a short description
of its architecture, Radford et al. (2019) for the small technical changes introduced for
GPT-2, and Brown et al. (2020) for the paper describing GPT-3, which only slightly
differs from GPT-2 apart from its size. This means that the model consists of decoder
blocks from the transformer, again having self-attention layers at its core.

The model is made up of 175 billion parameters, having been trained on about
500 Billion tokens, predominantly composed of contents crawled from the web and
filtered.

Unlike BERT, which is primarily designed for NLU, GPT-3 is primarily designed
for text generation (hence the use of encoder blocks in BERT and decoder blocks
in GPT-3). Whenever provided with a so-called prompt GPT-3 then autonomously
creates a text that is supposed to fit as a continuation of this prompt. With the advent
of ChatGPT, the development ofmaximally effective prompts has become a profession
of its own.

There is good evidence that GPT-3 is better at writing texts than typical human
writers, see Elkins and Chun (2020). As Floridi and Chiriatti (2020) nicely show,
GPT-3’s abilities in NLG are truly impressive, including writing sonnets or continuing
stories in a sensible and interesting way. In contrast, GPT-3 is rather bad at calculating,
it fails to properly continue only slightly odd prompts, and it exhibits the racial biases
known to exist in other pre-trained language models such as BERT.

Another limitation that generative LLMs exhibit throughout concerns inductive
inference. Overall, similar to the findings concerning transformer-basedNLU systems,
transformer-based generative LLMs perform unsatisfactory at identifying the logical
relationship between two claims. This also holds for the currently popular models
produced by OpenAI, such as GPT-3.5-turbo and GPT-4. See (Gubelmann et al.,
2022, 2023; Liu et al., 2023).

Summary To conclude this first part of the article, let me conceive the development
sketched here in ways that will be important in the next sections. Since 2017, the
field of NLP has seen a basic transformation. The transformer, originally designed for
MT, has inspired model architectures that perform at a level that have been thought
impossible beforehand. In MT, there are now systems that, in only slightly artificial
settings, deliver human parity on the sentence level. In NLU, there are models that
surpass humans at difficult benchmarks such as GLUE, which have been developed
with the specific goal to make it difficult for suchmodels to reach human performance.
In NLG, GPT-3 is able to write a wide variety of texts at a higher quality than typical
humans.
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Furthermore, these models have acquired these abilities not by explicit program-
ming, but rather by autonomously optimizing their parameters during training. In
doing so, they autonomously assigned specific functions to parts of themselves, e.g.,
a specific part of the transformer developed the ability to resolve anaphora.

Finally, while the performance of these models, all of which are based on the
transformer, is revolutionary, their basic constitution is very traditional. They are deep
learning architectures, that is, statistical systems that function by exploiting statistical
routines to approximate a given function (in NMT, it would be the function of mapping
a given source-language sentence onto an appropriate target-language sentence).

3 Why LLMs are No Speakers: They Lack Intentions

In the previous section, I have delineated the development of NLP approaches, with a
clear focus on its most recent, and clearly most interesting development, namely the
transformer architecture, and two of its most interesting descendants. In this section, I
lay out my case, in close connection with the previous section, why such transformer-
based models do not perform any speech acts, that is, why they cannot speak.

At first, it might seem outrageous to claim that these models that regularly beat
so-called human benchmarks in natural language understanding and generation tasks
should not be said to speak a language. Most of us have by now interacted with
ChatGPT and experienced its impressive abilities in text production. In the following,
however, I will argue that current LLMs should not be considered speakers, as speaking
is a kind of action, and actions require intentions, which LLMs lack.

Austin (1962) introduced the term and the conception of speech acts to the main-
stream of 20th century Anglo-American philosophy. The conception was further
developed and systematized by Searle (1969). I here largely follow the exposition of
the latter. Central to the notion of a speech act is the idea that language and linguistic
meaning are essentially embedded in a context of use, which continues a Wittgen-
steinian perspective, according to which the meaning of a sentence is, in many cases,
given by its use, see Wittgenstein (2006, §43). Searle (1969, p. 16) puts it as follows:

The unit of linguistic communication is not, as has generally been supposed, the
symbol, word or sentence, or even the token of the symbol, word or sentence,
but rather the production or issuance of the symbol or word or sentence in the
performance of the speech act. [...] speech acts [...] are the basic or minimal units
of linguistic communication.

In this passage, Searle suggests that it is not the symbol, word, or sentence that
is the basic unit of communication, but rather the speech act. Unlike the former, the
latter are always bound to a specific context and, centrally for my purposes, speech
acts are always actions.7

To be a speaker in the relevant sense, one has to be able to speak, and it is very
difficult to see how one could speak without acting: we are speaking with a certain

7 Unlike the concept of a speaker, the concept of understanding language lacks such a clear connection to
agency, which is why it seems conceivable that LLMs could understand language, see Gubelmann (2023).
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intention, an objective, or goal in mind. The diversity with regard to the specific goal
that one pursues with speaking is impressive: It might be to better understand our own
ideas, to express our feelings, to calm ourselves by hearing an important sentence with
our own voice, to deceive, to enrich ourselves, to make somebody else feel better, to
baptize (if you’re a priest), to judge, or to inform somebody of some event. There is not
always an explicit, meta-cognitive process that results in a specific, explicit intention
in the mind of the person that’s speaking. Especially regarding daily conversations,
much is implicit, but can be made explicit if required.

Furthermore, in the literature on the philosophy of action, it is generally accepted
that actions require intentions. This starts with Davidson’s seminal assertion that
“Action does require that what the agent does is intentional under some description,
[...]” (Davidson, 2001). What has since united most researchers working on the phi-
losophy of action is that they accept that one cannot act without intending to. That is,
for the raising of an arm (to use a rather famous example) to constitute an action, a
person, typically the one whose arm is in question, must intend to raise her arm. For
recent research developing rather different perspectives in the philosophy of action,
all the while accepting that intention is necessary for action, see Lavin (2015); Amaya
(2018); Shepherd (2019). The latter distinguishes between two very different kinds of
thinking about actions, and intentions to act, namelyWittgensteinian andAnscombian.
Hence, the claim that actions require intentions is in line not only with common usage
(as I have argued above), but also with current orthodoxy in philosophy of action.

Given its close connection to action, it is necessary to further specify the concept
of intention in play in this article. First, it must be distinguished from intentional-
ity, a concept employed in the philosophy of mind, where it refers to the aboutness
or directedness of meaningful speech and thought (for an overview on that concept
of intentionality, pioneered by Brentano, see Jacob, 2023 and Blackburn, 2005, pp.
188/127). Furthermore, it is to be distinguished from intensionality, the meaning, as
opposed to reference extensionally conceived, of a concept.

The intentionality of an action, on my understanding, cashes out the common-sense
understanding of what makes a behavior an action: To say that Yacob has intentionally
offended his mother-in-lawmeans that he meant to do so and deliberately behaved in a
way so as to cause this effect. In this case, it is clear that the offense constitutes an action
ascribable to Yacob. Hence, he is responsible for this action and its intended effects.
In contrast, if his mother-in-law is offended by some behavior of Yacob that was not
at all intended as an offense against her, he might still be guilty of thoughtlessness,
but not of intentionally acting to offend her.

When it comes to AI-systems, the most helpful tool to identify intentionality is
perhaps the comparisonwithmalfunctioning.Yacob’s thoughtlessness could be seen as
a case ofmalfunctioning in his social behavior,whichmust be strictly separated froman
intentional offense, even though both might have the same effect until Yacob explains
himself to the mother-in-law. Intentionally offending her is no malfunctioning at all,
on the very contrary: It is the properly functioning social ability to offend someone:
Offending her was exactly what Yacob intended with his actions. Analogously, unless
there is a sensible distinction to be made with regard to an AI system between its
malfunctioning and its intentionally harming someone, it is clear that the system lacks
intentionality and with it the ability to act.
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For instance, in the case of ChatGPT, we could only ascribe intentionality to this
AI-system if it wouldmake sense to distinguish amalfunctioning from an intentionally
wrong response. Say, if wewere asking it howbest to hunt deer, and the responsewould
be so erroneous that we would never stand a chance of actually hunting deer. Then, it
would have to make sense to ask whether it was just malfunctioning, or whether it was
functioning perfectly well but gave us a poor response on purpose because its goal
was to protect the deer. For this distinction to really make sense, the goal to protect the
deer would have to be somehow ascribable to ChatGPT’s autonomous goal-setting,
not to just another layer of externally forced mechanism to prevent people from doing
harm with the system (for details on this autonomous goal-setting, see below, Section
4.2).

To illustrate these reflections, imagine the following scenario. A racist living in
San Francisco who likes Chinese food orders her AI assistant to order a specific dish
from a specific Chinese restaurant in San Francisco. The order is not only filled with
grammatical errors, it also contains racial slurs that might rather get the person in front
of a judge than the desired dish. Furthermore, unknown to the person, the staff at the
restaurant only speaks Chinese. Therefore, the order, as the racist communicates it to
the assistant, would not even succeed in offending the staff because they would simply
not understand him.

However, the racist is using an AI assistant to place his order. This AI assistant first
corrects the grammatical issues. Next, it replaces the racist language by non-racist,
but, for the purposes of this communicative act, synonymous expressions. Finally, it
translates the order into Chinese and then makes the phone call. This way, the racist
gets her dish, but this is, apart from the naked utterance of the racist’s will to get
this dish from this restaurant, entirely attributable to the assistant. The assistant did
all of the communicative work for the racist, it even autonomously replaced the slurs
with more neutral vocabulary, and it autonomously translated the message into the
language that would be required to reach the communicative goal. I am not claiming
that such a model is available right now – but I am claiming that this model is already
now conceivable and likely to be available in the foreseeable future.

Notably, even with this extremely advanced model, one that does all the heavy
linguistic lifting needed, it is clear that the model intends nothing with its going-ons.
Themodel is not hungry, it does not desire to eat Chinese food, or to shield the workers
in the restaurant from racial slurs, and it also doesn’t intend to put something to eat
in front of the racist. Rather, the model just functions (or malfunctions). It would be
comical to assume that it deliberately mistranslates to order something that the racist
likely does not want to eat.

What holds for this, currently still visionary LLM holds a fortiori for less advanced
available models. These models, no matter how impressive their performance, are
lacking any intentions, any goals over and above the linguistic functioning for which
they are being used. This means that these models are incapable of engaging in speech
acts, as speech acts are always embedded in a network of intentions, of goals. One
engages in a speech act to reach a certain communicative goal. In contrast, the mod-
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els are complex, statistically optimized, autonomously developing and functioning
mathematical functions. Mathematical functions have no intentions.8

I therefore conclude that these LLMs do not perform speech acts, as they do not act
at all. My case can be summarized in the following four-liner (to illocute is to perform
a speech act):

P1 To qualify as a speaker, a being has to be able to illocute.
P2 To illocute, a being must have intentions.
P3 LLMs have no intentions.
K LLMs are no speakers.

My analysis so far is congenial to the recent study by Green and Michel (2022). In
particular, they agree that there is no speaking that is not acting.

They analyze in detail the case of what they call proxy speech acts, e.g. when a
representative of a city council performs a speech act that she can only succeed at by
assuming the role of a representative of that council, not by herself. Then, they imagine
a RoboCop which is, thanks to having a well-trained neural network for decision-
making, able to decide whether to fine a motorist who has exceeded the allowed speed
limit, or just to issue a warning (Green and Michel, 2022, 332f.). They argue that such
a RoboCop is technologically possible, and that it illocutes when communicating its
verdict to the driver.

However, as a matter of fact, what RoboCop does is in no way different than
what GPT-3 does, or what ChatGPT does: RoboCop just predicts the sequence of
sounds that, based on its training, is most likely given the stimulus. I submit that it
becomes clear that the RoboCop cannot act when we consider that we would not draw
a distinction between its malfunctioning and its determinately trying to wrong a given
driver: It is, as the authors clearly state, a neural network that predicts based on its
training and the current stimulus. It functions when the predictions are accurate, and
it malfunctions when they are inaccurate too often. There is no further conceptual
possibility for it to function properly but to deliberately issue the wrong verdict.
A human police officer has this further possibility. While she can also, as it were,
malfunction, say, by mis-identifying the number on the license plate of a speeding car,
she can also intentionally record the wrong number.

My claim that LLMs lack intentionality and therefore cannot speak might also be
subject to critique from a diametrically opposite side: rather than trying to establish
that, contrary to my claim, LLMs do have intentions, this tradition argues that inten-
tions are unnecessary to speak. Heidegger (1985, p. 259) has maintained that language
speaks (“die Sprache spricht”). Taken at face value, this would suggest that it is lan-
guage itself, and not a human being using it, that engages in speech acts. However,
following a more modest interpretation of this dictum, one that also resonates with
Žižek et al. (2010) and with Jakobson (2003), the structural affordances of language
often prefigure what we are ultimately saying. This points to the fact that what is com-
monly taken as the subject of a speech act, the individual human being, is consciously

8 For present purposes, the pointmade byArmstrong (1971, p. 432), according towhich having an intention,
as opposed to having an objective, implies being confident to reach the communicative goal in question, is
immaterial. What is central is that NLP models such as BERT are unable to intend anything, confidently or
not.
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and unconsciously influenced in this act as well as in their very subjectivity by the
language that they speak and in which they think.

I submit that, in a moderate reading, this provides a healthy corrective to rationalist
ideals of a detached subject that thinks in an, as it were, Archimedean language unaf-
fected by any specifically (and to some extent arbitrarily) formed linguistic structure
of a natural language and then decides to express these thoughts in a given natural
language. Following Taylor (2016, pp. 1-50), I hold that language is constitutive of
our thinking, not merely framing any pre-conceived thought.9

The position that speaking requires an intentional actor is only challenged by the
more radical reading of “die Sprache spricht”, according to which the constitutive
aspect of language goes so far as to rob the human speaker of any real agency.However,
this does not seem to be an inescapable consequence of the constitutive view (see, e.g.,
Marten, 1967, pp. 209-210). The modest reading of the claim, in contrast, nicely fits
the view developed here and functions as a corrective against overly rationalist notions
of subjectivity.

4 Organisms vs. Mechanisms – A Kantian Perspective
on Intentionality

In the preceding section, I have argued that current LLMs are no speakers because
they lack intentions and therefore cannot be agents nor, a fortiori, speakers. In this and
the following section, I address the question why one should not credit LLMs with
intentionality. In the present section, I introduce the main concepts for my argument.

4.1 Introducing the Distinction

I will develop the following Kantian dichotomy. On the one hand, there are mecha-
nistic artifacts, which fulfill a purpose specified from the outside. They function or
malfunction according to the specifications given to them. It makes no sense to distin-
guish a malfunctioning of such a thing from a willful act of deceit or disobedience. On
the other hand, there are organisms, including human beings, who pursue their goals
typically relatively independently of a specification from the outside. A single-cell
organism, once constituted, has an inherent drive to maintain itself: to keep the matter
of which it consists organized in a certain manner, to maintain a difference between
itself and its environment, to repair itself, etc. In this sense, it autonomously strives to
maintain its existence.

In the following, I briefly introduce the core Kantian concepts for this dichotomy:
autonomy, mechanism, and organism.

9 Indeed, if we remember the way that these generative LLMs are being trained, namely by iteratively
acquiring a more accurate ability to predict the next token given the previous tokens, intriguing analogies
to clinical free association show up. See, for instance, Reis (1970), and ultimately Freud (1921). From a
very different perspective, one might argue that these very associative connections that these LLMs acquire
during training resemble the fast, intuitive, but perhaps less logically soundmode of thinking in two-process
theories, see Kahneman (2003).
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Autonomy In its literal meaning, autonomymeans self-legislating, or self-regulating.
Its opposite is heteronomy, the state of receiving one’s rules from outside (for a central
Kantian passage to that effect, see Kant, 1785, p. 433). With regard to AI systems, I
submit that it is useful to first distinguish between moral and cognitive autonomy. The
former includes the ability to reflect on the sensibility and moral permissibility of a
given goal itself, while the latter solely concerns the means chosen to achieve a given
goal. Likely, the kind of moral metacognition required for moral autonomy is only
found with human beings, while cognitive autonomy is rather common among higher
animals, a kind of flexibility to achieve a certain goal. Glock (2019) simply calls this
intelligence. For Kant, the two go together: There is no cognitive autonomy without
moral autonomy and vice versa.

KantianMechanisms Kant has an elaborate concept of a mechanism. Take the exam-
ple of a watch (following Kant, 1793, p. 293). Here is how Gubelmann and Toscano
(2022, p. 386) develop the example: “It was designed by a watchmaker, in Le Locle
in Switzerland. She is a senior professional and has therefore designed and assembled
all of its many parts so that it shows the correct time, date and moon phase for cen-
turies ahead. It is powered by a mechanism that draws energy from its bearer’s wrist
movement. This energy is transmitted through many wheels and sub-mechanisms to
move the heads at exactly the right speed.

The going-ons within the watch can all be explained completely mechanistically:
This wheel causes that wheel to turn, which in turn causes another gear to be set in
motion, etc.” As van den Berg (2014, Ch. 3) shows, Kant conceives of such mechani-
cal explanations as explanatory demonstrations. In this sense, a mechanism is entirely
heteronomous: Malfunctioning apart, its behavior can be derived from initial condi-
tions, as set by the creator of the mechanism, apart from cases of malfunctioning.
We can calculate the precise state of said watch on December 28, 2199. It has been
determined entirely by the watchmaker.

Kantian Organisms The Third Critique analyzes the notion of a living being by devel-
oping a determinate concept of an organism. Consider the following passage:

Ein organisiertes Wesen ist also nicht bloss Maschine: denn die hat lediglich
bewegende Kraft; sondern sie (sic!) besitzt in sich bildende Kraft, und zwar eine
solche, die sie denMaterienmitteilt, welche sie nicht haben (sie organisiert): also
eine sich fortpflanzende bildende Kraft, welche durch das Bewegungsvermögen
allein (den Mechanism) nicht erklärt werden kann. (Kant, 1793, B 293)10

In this passage, Kant emphasizes a difference between a moving (“bewegende”)
and a formative (“bildende”) force. Unlike machines, organisms have such a formative
force that they use to autonomously organize the matter that they consist of. The basic

10 “‘An organised being is then not a mere machine, for that has merely moving power, but it possesses in
itself formative power of a self-propagating kind which it communicates to its materials though they have
it not of themselves; it organises them, in fact, and this cannot be explained by the mere mechanical faculty
of motion” (Kant, 2012, p. 202).

123



LLMs, Agency, and Why Speech Acts are Beyond Them (For Now) Page 15 of 24    32 

idea here is the following. Human bodies are constituted by non-livingmatter. Depend-
ing on how far down you wish to go, this matter is given by molecules, atoms, or
subatomic particles. What characterizes organisms, according to Kant, is that they are
able to autonomously organize this non-living matter in a way conducive to their pur-
poses. The human body autonomously organizes such non-living matter into the form
that is necessary for its proper functioning. Given the right environmental conditions,
this happens spontaneously, without any need for direction from outside. I will call
this material autonomy in addition to moral and cognitive autonomy. Furthermore,
the passage also explicitly mentions the fact that this force reproduces itself (“sich
fortpflanzende”), which highlights the importance of reproduction for Kant’s concept
of an organism.

Even single-cell organisms arematerially autonomous: Given suitable environmen-
tal conditions, the organism will be able to keep matter organized in a way conducive
to its own functioning: it establishes and maintains a membrane, a distinction between
itself and the environment, it will initiate chemical processes providing it with the
energy needed for its functioning, etc. The very moment it stops doing that is the
moment it has ceased to be an organism; it’s dead. We note that LLMs have no such
material autonomy; they do not care about their continued existence.

For centuries, it has gone almost without saying that material autonomy is a precon-
dition for cognitive/moral autonomy (but not vice versa): Not all animals are rational,
but all rational beings are (also) organisms. Hence, the idea of any kind of Cartesian
dualism between mind and body is alien to his thinking. Kant here follows an Aris-
totelian rather than a Platonic tradition of thought, and he is followed in this regard in
particular by Hegel, see Westphal (2014). Note that, to reject Cartesian Dualism, it is
not sufficient to hold that mental entities need a material infrastructure to be effective
in the material world – even Descartes admits this much (see Fuchs, 2020, 74f.). To
reject dualism, it is necessary to establish that mind and body are in fact inseparable
wholes where one specific mind cannot exist without that specific body. In particular,
a mind cannot be, as it were, transferred to another body without itself undergoing
fundamental modification.

Finally, note that Kant refers to an organism as a “Naturzweck”, a natural purpose
(see Kant, 1793, B 296). This is his way to conceive the phenomenon that living
beings, even primitive single-cell organisms as bacteria, have an inherent drive to
maintain and reproduce themselves. While physical reality can be fully conceived
with efficient causes, living beings can only be conceived as such natural purposes,
being a kind of final causes. A final cause, notably, that is not connected to a purposive
intelligence; otherwise, the teleological argument for God would be recovered from
the epistemological grave that Kant dug it in the first critique (see Kant, 1781, B
648ff.).

Kant has been criticized for his conception of an organism as teleologically struc-
tured by post-Darwinian mechanistic biological theorists. Recent research in the
philosophy of biology, however, tends to reaffirm the need of teleology as a sui generis
form of explanation in the realm of biology. Walsh (2006) argues that this Kantian
conception is not only compatible with evolutionary thinking in biology, but that this
thinking might even need a Kantian conception of an organism to function. Zammito
(2006), while being overall critical of Kant’s conception of living beings, does not
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dispute that biology needs teleological thinking. García-Valdecasas (2022) summa-
rizes recent research in this area and states that the field does not seriously dispute the
need of teleological explanations anymore: “there is a general consensus that attempts
to explain teleology using mechanistic, cause-and-effect explanations have largely
failed” (ibid, p. 103). In a similar vein, Dresow and Love (2023) state that, thanks also
to philosophical research in the past century, teleological thinking has re-attained a
near-undisputed status within biological theorizing.

In sum, I have focused the introduction of the central Kantian distinction between
mechanism and organism on the distinction between heteronomy and autonomy:
mechanisms are materially, cognitively, and morally heteronomous: their material
constitution as well as their way of solving a given problem is determined from the
outside, and they cannot be held responsible for their actions. In contrast, an organism
ismaterially autonomous, andmore complex organisms, in particular humans, are also
cognitively and morally autonomous: they find their own ways of solving a puzzle,
and they are sufficiently autonomous in their moral thinking to be accountable for
their actions.

4.2 WhyMechanisms Cannot Be Intentional: AutonomyMatters

For a being’s behavior to constitute an action, linguistic or otherwise, it must occur
intentionally. This means that for a being to act, the behavior must be directed towards
a given goal, and that goal must be the being’s goal. For instance, while single-cell
organisms are obviously unable to reflect about the adequacy or moral permissibility
of any goal whatsoever, surviving still is a goal that is not imposed from the outside,
but rather one that is intrinsic to the organism and hence can be properly ascribed to
it: As long as this organism exists, it will try to achieve this goal. Depending on the
environmental conditions, it might fail soon and decisively to do so, and thereby cease
to be an organism. As long as it is an organism, however, it will strive to survive. Using
a core Kantian concept, one can say that it autonomously sets this goal.

This inherent and autonomous drive to self-maintain (heal and reproduce) prefigures
moral autonomy and hence the intentionality of actions (according to some theorists,
it even qualifies as agency, see below in this section). It prefigures action because
already a single-cell-organism’s behaviors can be evaluated by norms that are not
imposed on the outside: the behavior is successful if it is conducive to its survival
and unsuccessful otherwise. At such a primitive stage, it might be advisable to follow
Green and Michel (2022, p. 328) and not call such successful behavior intentional,
and hence actions, as the animal clearly lacks any conscious decision making process.
With more complex goal-directed behaviors by intelligent animals such as crows,
however, it becomes difficult not to speak of intentional action. For instance, it seems
clear that by dropping the nut on the pavement, the crow intended to crack its shell
and access the fruit. If, in doing so, it creates a traffic jam of drivers taking pictures of
this intelligent behavior, this is not something that it intended with its behavior, much
like Yacob might not have intended to offend his mother-in-law with his behavior.

In stark contrast, a watch, even a highly sophisticated one, intends nothing, it has no
goals that can properly be ascribed to it. It does not care about its continued existence,
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it lacks material autonomy, and any functions that it performs (or fails to perform) are
fully imposed by its creator. It is obviously misguided to say that it intends to show
the right time. The concept of heteronomy describes this state of a mechanism aptly,
contrasting with different kinds of autonomy that are characteristic of organisms.
A mechanism is entirely externally defined: materially, cognitively and morally. A
mechanism has been assembled by a given external agent for a certain purpose during
a certain period of time. An organism, in contrast, is conceived and then grows and
flourishes autonomously, given favorable environmental conditions. In particular, it
has an inherent drive to sustain itself – if it fails to do so, it stops being a living organism,
it has died. Furthermore, more complex organisms and humans in particular develop
the moral autonomy that enables accountability for behavior. By this, they evince that
the human is a subject of actions, not mere behaviors. So, from the background of this
Kantian distinction, it is clear that intentionality and hence action can only be ascribed
to organisms, but never to mechanisms.

In current legal contexts, this autonomy of goal-setting is so important that it can be
revoked on exceptional occasions even for subjects that would otherwise be credited
with such autonomy. The following example might illustrate this. A soldier that has
been ordered to do something in military service is not responsible for her actions
to the same extent that she would be if she was entirely free to come and go as she
wishes: Being commanded to commit a war crime generally gets the criminal a lighter
sentence because his agency is diminished by being in a line of duty. The commanding
officer, in turn, might have to bear some of the responsibility for a crime that she did
not herself commit, but rather ordered a soldier to execute (see, for instance, Wu and
Kang, 1997, who discuss the influence of the chain of command in military structures
for attributing responsibility for war crimes: It is not clear at all whether the individual
soldier executing an order should be blamed, or whether the highest in command
should be prosecuted, even if he himself did not directly engage in criminal actions).

The Kantian picture that intentionality and hence agency fall squarely on the organ-
ismic side of the organism-mechanism dichotomy dovetails nicely with mainstream
views in the philosophy of action (see above, page 12). For some behavior to constitute
an action, it must be ascribable to a subject of that action, an agent. It is debated at
what level of complexity a certain behavior should count as an action. Burge (2010a)
holds that agency starts already with single-cell organisms (in particular with orienta-
tion, see Burge, 2010a, 328f.), a view shared by Barandiaran et al. (2009). In contrast,
proponents of the so-called holism of the mental suggest that only rational beings
(typically human beings) are agents. For the most influential defense of this position,
see Davidson (1997, p. 10).11

11 Burge (2010b, p. 331) argues that primitive agency already occurs with very primitive organisms. What
is required is a coordinated behavior of the whole organism that is issuing from the organism’s central
behavioral capacity. For instance, Burge (2010b, p. 328) suggests that the movements of amoebae when
ingesting food might be a case of agency. This nicely agrees with the Kantian conception of a Naturzweck:
The amoeba ingests to sustain itself, thereby pursuing its intrinsic goal of maintaining its existence. It seems
noteworthy that a step in the direction of organismic constitution might also constitute a step towards a
primitive kind of agency, thereby also making a step towards much more complex actions such as speech
acts.
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In summary, both Kantian and contemporary conceptions of agency – including
linguistic agency – require a certain autonomy in goal-setting as well as, in principle,
at least, the ability of an individual towork towards achieving such self-set goals. In the
contemporary debate, we can distinguish between theories that require that such goals
must themselves be represented and reflected within the individual (Davidson’s view,
for instance), and other theories that find it sufficient if the whole organism uncon-
sciously directs itself towards fulfilling a certain intrinsic function, say, surviving, or
reproducing (“intrinsic” here simply means that the being in question would cease to
be the being that it is if it would stop to perform this function). This latter view is held
in particular by Burge and Barandiaran. Importantly, for my purposes, both positions
dovetail nicely with the Kantian view that agency falls on the organismic-teleological
side of the Kantian divide between mechanism and organism.

5 LLMs as Organismic Mechanisms – Challenging Kant’s Dichotomy

After laying out the general metaphysical-conceptual landscape connecting the notion
of an intentional agent with the distinction between mechanism and organism, in this
section, I suggest that current transformer-based LLMs possess properties that might
eventually lead to a subversion of the time-testedKantian distinction betweenorganism
and mechanism, and I tentatively suggest that they might even reinstall a version of
Cartesian Dualism as a live option. However, I also suggest that this is not yet the
case: The core of the distinction still holds, LLMs are mechanisms and therefore no
speakers or actors in general.

I submit that the state of heteronomy that is typical for mechanistic beings nicely
captures the rule-based, GOFAI models introduced above (Section 2.1). The behavior
of these models as well as their inner functional differentiation are entirely imposed
from outside, through the human being. In principle, this human could predict the
behavior of a GOFAI model for any given input. To call the human writing these rules
a programmer is apt.

Unlike these traditional GOFAI programs, contemporary transformer-basedmodels
evolve impressively autonomously. During training, the models autonomously update
their weights to minimize the loss. Furthermore, the models self-organize in the sense
of autonomously developing their inner functional differentiation. They autonomously
develop representations of important structural elements, such as predicates of sen-
tences. Only ex post, once it turned out that a trained model establishes new state of
the art (SOTA) performance, do humans start to analyze the model to determine its
inner functional organization. For instance, they might start to explore what aspects
of a sentence the attention heads in a transformer-based model are emphasizing by
giving it higher scores.

The autonomy of these language models also shows in the general scope of their
applicability. Pre-trained transformer-basedLLMs are general-purpose languagemod-
els that canquickly and again autonomously adapt to newenvironments and challenges.
Here, too, themodels are not dependent on receiving instruction fromoutside, typically
from humans. Rather, they autonomously, and very quickly, adapt to the new specific
task at hand. This is what has been called cognitive autonomy above (Section 4.1).
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Mostly, Kant’s distinction clearly separates living beings from artifacts such as
watches. However, when it comes to LLMs, the distinction is tested. On the one hand,
it is clear that these models are still mechanisms: they lack material autonomy, let
alone moral autonomy. There is no autonomous goal-setting observable, not even
very primitive kinds found in single-cell organisms: they do not inherently strive to
maintain and reproduce themselves. They do not care about their continued existence.
Any goal that such an LLMmight pursue has been determined externally. For instance,
this goal is to accurately predict the next word given n previous words for generative
LLMs, or to correctly translate a word from the source language to the target language
for the original transformer. Pursuing that goal is also not definitive of their existence;
indeed for generative LLMs, next-word-prediction is the core training objective, but
the use to which they are put – and do not put themselves – can vary drastically.

On the other hand, the models have cognitive autonomy. They are not programmed
in the GOFAI sense of the term. Rather, an architecture is devised, and an instance
of this architecture is then being trained on large amounts of data. During training,
the model continuously optimizes its weights, which have been initialized with ran-
dom values, called seeds. Furthermore, also during training, the models autonomously
develop inner functional organizations, for instance, a part of the model focuses on
anaphora resolution (see above, Section 2.1). If the training process runs through suc-
cessfully, it results in a fully pre-trained language model whose capacities human
beings cannot judge in advance. Furthermore, their ability to autonomously adapt to
new tasks with little fine-tuning is also clearly organismic. A mechanism’s function-
ality is very rigid.

This, then, could be the neatmetaphysical explanation ofwhyLLMs lack intentions:
they aremechanistic artifacts, whichmeans that they are on a par withwatches in terms
of their teleological structure andmoral autonomy:They lack autonomousgoal-setting.
They squarely fall on the wrong side of the Kantian bifurcation between mechanisms
and organisms. To the Kant of the Third Critique, it was clear that moral autonomy is
available only to an organism, never to a mechanism.

However, LLMs have already begun chipping away at this holism regarding auton-
omy: They have cognitive autonomy without moral or material autonomy. They
constitute an inference ab esse ad posse: Their existence establishes the conceptual
possibility. Is it then also conceptually ormetaphysically possible to havemoral auton-
omy without material autonomy? Answering this question negatively will be much
more difficult to the Kantian now that they have been presented with a case where
beings autonomously acquire the ability to solve challenging cognitive tasks without
having material autonomy. Once the holism has been broken at one segment, why
should it be expected to hold at others?

The existence of morally, but not materially autonomous agents would have impor-
tant consequences for the perennial dispute between Platonists and Aristotelians,
between dualists and monists: From a Kantian perspective, the existence of a being
with moral and cognitive autonomy without material autonomy would be nothing less
than the existence of a mind without a body, which would prove the main dualist claim
that mind exists independently of matter.

In sum, what is distinctive about these transformer-based LLMs is that they are
mechanisms with recognizably organismic traits. What confirms their status as mech-
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anisms is their lack of autonomous goal-setting, and hence also moral autonomy, and
their material heteronomy. This rules them out as potential actors and hence speak-
ers. In contrast, what evinces them as very peculiar, namely organismic mechanisms,
mechanisms that should not exist according to the Kantian dichotomy, is their cog-
nitive autonomy, evinced during training, including the autonomous development of
an inner functional organization as well as their adaptability. This is at odds with
mechanism, conceived by Kant, that allows for derivations of future states as a simple
function of the initial conditions set by their creators (putting malfunctioning aside).

6 Venturing a Look Ahead

We could say that we are moving towards the very first inklings of non-biological, but
thereby not artificial, agents. This suggests that a long development is still ahead of us,
as current genealogies of biological evolution project very long timespans from the
emergence of the first simple organisms to fully-fledged hominids, probably humans,
that could be considered agents. While there seems no reason to suppose that the
development of these non-human speakers will take the same amount of time as
the development of humans, being conscious of this timespan is probably a healthy
corrective to current enthusiasts who project that this time is almost here. Current
cutting-edge LLMs perform impressively, but they are still purpose-less machines.

I have urged that it is no empirical coincidence that these advanced models are
not programmed in the traditional sense of the term, but rather trained in a quite
autonomous manner. If my loosely Kantian reflections on the concepts of arti-
fact/mechanism and organism/subject are correct, then this is exactly what we would
expect: The closer we get to models that qualify as speakers, the less artificial they are
going to be.

Finally, what might be most unsettling from a Kantian, and generally from a non-
Cartesian perspective: The cognitive autonomy of these LLMs without any material
autonomywhatsoever is grist on themill of the dualist. Shouldmoral autonomy follow
suit, this would be almost tantamount to having a mind that is independent from any
specific body, that can be transferred more or less losslessly from one “carrier” to the
next, thus proving a main claim of dualism against non-dualist positions.
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