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Abstract

We discuss the nature of chatbots as conversation partners in problem-
solving conversations. What can chatbots do and what can’t they do?
Our analysis draws on insights from Aggregation Dynamics, Cognitive
Linguistics, Neuropsychology and Psychology.

We establish that chatbots are multifaceted and composite systems.
Our argument focuses on basic chatbots in the hope of thereby making
statements about the core functionality of more advanced chatbots. Basic
chatbots are assumed to consist of a Large Language Model (LLM) with
a simple interface.

The main results of our analysis are: a description of human imagina-
tion, understanding and thinking based on so-called metaphorical problem
propagations; that the texts in text datasets used for training LLMs have
specific characteristics and that these texts only partially imitate human
thinking and understanding; that the LLM training process encodes ar-
tificial metaphorical problem propagations into an LLM from these text
datasets.

Our conclusions are that a basic chatbot cannot be a thinking partner
capable of matching the cognitive flexibility of humans, and that further
development of LLMs will not lead to this either.

But chatbots exist, they are being used on a massive scale, by both in-
dividuals and organisations. It is therefore socially and politically impor-
tant to understand them. Our article aims to contribute to the discussion
on the functioning, benefits and drawbacks of chatbots.

Cognitive Linguistics shows how the use of metaphor is an expression
of our thinking. Aggregation Dynamics, is an attempt at a comprehensive
systems theory. We believe that the concept of metaphorical problem
propagation could provide an interesting addition for both.

Chatbots a solution? For what?
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1 Introduction

Chatbots are winning people over! Why, and how? To many users, chatbots
come across as fully-fledged, useful and reliable conversation partners. That is
undoubtedly an exceptional achievement on the part of their creators. But the
success of chatbots also raises many questions.

The seemingly creative and intelligent behaviour of chatbots is, for the time
being, difficult to define, verify and explain. What are their characteristics,
what exactly can chatbots do, and what can’t they do? They are certainly
robust. Yet they are also unreliable in various ways. What tasks can be safely
entrusted to them, and what absolutely cannot? These issues have attracted the
attention of scientists, legislators and philosophers [9, 86, 66, 72, 71, 24, 23, 13].

In our article, we aim to provide an insight into how Large Language Model-
based chatbots work and into the degree of freedom in problem-driven con-
versations with these chatbots, by combining insights from four different fields
of research. The four fields are: Aggregation Dynamics, Cognitive Linguistics,
Neuropsychology and Psychology. We emphasise it’s about problem-driven con-
versations because, we suspect, it is in this type of human-chatbot conversation
that what a chatbot can and cannot do becomes most clearly apparent.

Aggregation Dynamics (AD): Innovation Illusion

AD is an extension of ecology. Ecology studies the distribution and concentra-
tion of organisms based on their characteristics and interactions, both amongst
themselves and with their environment [7]. AD regards organisms and the
environment as impractical abstractions when seeking to understand systems
comprising people, products, organisations and cultures. The AD strives for an
ecology without exceptions; it strives for totality [82]. The AD believes that
this requires a much broader range of interacting players. AD refers to this
broader category of players as aggregations. An aggregation is any thing that
is experienced by a player as a player. In the AD, for example, the following
are all treated as equal players: projects, traffic jams, a combination of a cake
plate with crumbs from a biscuit and a used coffee cup from a different set,
bacteria in their agar-agar dish, the history of political dossiers, the jealousy
of the gods and, of course, chatbots. To understand what concerns people and
what they do, the AD looks, amongst other things, at what people perceive as
opportunities or obstacles, what they identify as problems, and what solutions
they devise and implement. The AD argues that people are less innovative in
identifying problems and devising solutions than they themselves believe. The
AD refers to this as the Innovation Ilusion.

Cognitive Linguistics: Metaphor Paradigm

Cognitive Linguistics is fascinated by the relationship between language and
thought. Metaphors are said to play a key role. Analyses in Cognitive Linguis-
tics show that metaphors are much more than just exceptional poetic devices.
In fact, our thoughts and our texts are teeming with them. Cognitive Linguis-
tics argues that metaphors are the driving force behind human thought.



Neuropsychology: Predictive Processing Theory

A long-accepted theory of perception, thought and action posits that the eyes,
and other familiar senses, form the basis of a process that generates a mental
and detailed picture of the world. With that picture, and after reflecting on it,
one can act. In Predictive Processing Theory, by contrast, the brain already
forms hypotheses about the situation in which the thinking body finds itself.
Perception, via many more sensory sources than just the familiar senses, serves
to subsequently test or adjust those hypotheses. In this theory, the distinction
between thinking and acting is fluid. Acting is a form of thinking that serves
to refine perception, for example by looking more closely, or to intervene in the
world and thereby bring it into line with the hypotheses about it.

Psychology: Thinking Styles

Psychology provides us with definitions of thinking, methods of thinking, and
the classification of human thinking into a fast-satisfaction thinking style (Sys-
tem 1) and a systematic analytical thinking style (System 2).

An outline of the argument

The British cognitive scientist Margaret Boden described the field of Artificial
Intelligence (AI) as follows: “[it] seeks to make computers do the sorts of things
minds can do” [12]. This brief characterisation serves as the starting point for
our argument. If we are to say anything about chatbots, we must first have
some understanding of those minds. The speculative argument consists of four
parts, which we summarise briefly below.

1. We formulate a model of human beings’ more or less conscious mental
spaces concerning the current situations in which they find themselves, their
memories and their plans. These mental spaces are associative and flexible, and
the mind can ‘wander’ through them, tinker with them, zoom in and out, move
from the concrete to the abstract and back again, and these mental spaces can
also be expanded or restricted at will. We call such mental spaces: metaphorical
problem propagations. Our model arises from the integration of the conceptual
system of Cognitive Linguistics (concept, experience) with the problem and solu-
tion dynamics of Aggregation Dynamics (motivation, direction, interaction) and
the prediction hypothesis of Predictive Processing Theory (perception, thinking,
action).

2. Large Language Models are primarily based on written texts available on
the internet. These texts are the result of a process of reduction. This is because
texts, whether spoken or written, are always the result of a process of selection
and combination. Furthermore, written texts lack context and physicality. We
therefore argue that most written texts from datasets only partially correlate
with human mental capabilities.

3. We propose that a substantial proportion of the texts on which LLMs are
trained concern the relationship between problems and solutions. Texts have
always been reduced material, and these texts also have a limited repertoire of
structural patterns related to the relationship between problems and solutions.



Our hypothesis here is that the training process in a Large Language Model
constructs fragments of artificial metaphorical problem propagations. After
training, in a conversation, these propagations are activated to a greater or
lesser extent and thus, as it were, act as riverbeds, exerting a pull on the course
of word generation.

A problem-motivated conversation can now be defined as a path through
metaphorical problem propagations, both on the chatbot’s side and on the user’s
side. But these propagations differ from one another. The final step of the
argument concerns these differences.

4. We argue that a basic chatbot cannot simulate analytical thinking, be-
cause it ‘tends’ to seek out the ‘riverbeds’ of the artificial metaphorical problem
propagations, and these represent a reduced form of thinking. Since chatbots
do not possess a body and have no experience, they are unable to assess and
correct their own propagations in terms of effectiveness. That does not mean
that a chatbot is incapable of providing certain forms of cognitive support, but
this must be guided by an alert and creative prompt writer.

Structure of the article
Sections 2 through to 6 provide introductions tailored to this article on: Al,
chatbots and neural networks; the insights drawn from Aggregation Dynamics,
Cognitive Linguistics, Neuropsychology and Psychology. Anyone familiar with
this material may skip it and start in Section 7.

The main argument, in the four steps described earlier, follows in Section 7
through to Section 10. In the conclusion, Section 11, we summarise everything.

2 Al, chatbots and LLM modelling

Artificial intelligence (Al) is a multidisciplinary field. And, relative to the cur-
rent hype, it is also an old field. The development of Al went hand in hand
with the development of automatic calculators (what we now call computers)
from the 1930s onwards [61, 1]. The question of what computers are capable
of was already being asked at that time and has occupied generations of re-
searchers and engineers. A prime example of this is the work of Alan Turing.
For an overview, see Mind As Machine: A History Of Cognitive Science by the
British philosopher and cognitive scientist Margaret Boden [11]. The term ar-
tificial intelligence dates from 1956 [11, p. 331]; previously, the term ‘computer
simulation’ was used.

According to Boden, there are five main schools of thought in AI theory
[12]. These relate to the way in which information is represented and processed.
One of them is inspired by data processing in living organisms: fault-tolerant,
parallel and distributed. Artificial neural networks stem from this school of
thought, also known as connectionism.

Artificial neural networks are modelled on the neural network structures in
the brain and the way in which neurons within them receive and process chem-
ical signals from one another, and then transmit the result to organs or other



neurons. Artificial neural networks work in a similar way. An artificial neuron
reads numerical signals from the input ports through which it is connected to
other neurons, performs a calculation using these, and outputs the result via its
output ports.

How do the neurons in a neural network ‘know’ which calculation to perform?
Initially, they know only a very small part of this. It requires a training process
to teach them the details. In this process, each neuron and the network as a
whole learn, step by step, the desired relationship between input and output.
For example, that an image with a cat prominently in the centre corresponds
to the word ‘cat’, and an image with a dog corresponds to the word ‘dog’.

To put it very simply, you could say that a neural network implements a
lookup table. That sounds cumbersome, and it often is, for example, for a
telephone directory. But neural networks also have major advantages. It is a
one-size-fits-all computational model: in principle, you can teach the same neu-
ral network to function as a telephone directory, but also to answer questions as
a helpdesk. Furthermore, neural networks can withstand some damage. Imag-
ine a large neural network distributed across 100 computers. If one of those
computers fails, the network is not necessarily rendered unusable straight away.
Moreover, neural networks are not fussy about their input. An example is of-
fered by the well-known app Pl@ntNet. This app has been trained to identify
a plant based on a photo of it. If you present it with a very blurry photo of a
plant, the app will still try to say something meaningful about it. Both of these
latter properties are referred to as robustness.

However, neural networks also have disadvantages: they are unreliable.
Pl@ntNet could, so to speak, look at a photo of a bicycle and claim with 100%
certainty that it is an oak tree. For further details, we refer to the extensive
literature on this subject, for example [61].

A Large Language Model is a specific type of neural network. These networks
are not trained to link images to the words ‘cat’ or ‘dog’, but are trained on
text and text that plausibly connects to it. For example, if you provide an LLM
with the word ‘I’, there is a good chance it will return ‘am’. Because ‘I am’ is a
very common sentence or the beginning of one. A Large Language Model forms
the heart of a chatbot.

2.1 Chatbots and basic chatbots

By the term ‘chatbot’, we refer to systems accessible to a wide audience, such as
ChatGPT, Claude, Grok, Lumo and so on. These are not designed to support
very specific tasks; they are trained on bulk text from the internet.
Nevertheless, chatbots are difficult to categorise under a single heading.
They are, to a large extent, multifaceted and complex or hybrid systems, which
are also still very much under development. They are often combinations of
different software components based on different approaches and different ar-
chitectures. The most important part of a chatbot is the Large Language Model
(LLM). Other components in a chatbot act as an interface, managing the in-
teraction between the LLM and the user, providing additional functions and



moderating the process. We could call that a software wrapper around the
LLM. This ‘wrapper’ ensures that the LLM does not output text deemed unde-
sirable, such as racist language or advice on suicide. Other components control
the LLM when summarising text or adjusting the style of a text [6, 2, 80, 36].

It is likely that LLMs will give rise to hybrid forms, because a natural lan-
guage interface to all manner of tools is, of course, highly appealing. The Amer-
ican mathematician, author and software developer Stephen Wolfram describes
the combination of the Wolfram—Alpha computational system and a chatbot
[90]. There are many more examples [30, 28]. Exactly how the current public
chatbots are constructed is impossible to say for outsiders, who are far removed
from the closed-off development process.

The hybrid nature of chatbots as assumed by us, has implications for our
argument. For which functionality of which component should we be discussing?
Let us define a basic chatbot as consisting of a Large Language Model with a
simple interface. When we refer to chatbots and conversations hereafter, we
mean chatbots limited to the functionality of these hypothetical basic chatbots.
We assume that this abstraction is meaningful. That is to say, statements
about basic chatbots are also relevant to their forms expanded with additional
functionality. What we discuss in this article essentially concerns what an LLM
is capable of and what that means for its current use and future potential.

The Large Language Model is the text-generating engine of a chatbot. Given
any input text, the LLM is able to predict, on statistical grounds, what text
might follow. The process of generating that text takes place in word fragments,
known as tokens, or by words, or in even longer sequences. The LLMs of the
aforementioned current chatbots generate text per token. We shall continue
with the previous example, in which, for the sake of simplicity, we consider the
generation process to be ‘per word’. If ‘I’ is the input, then ‘am’ will score highly
in the output, but ‘have’ is also a good candidate. In contrast, ‘traffic sign’ or
‘elephant’ will score low. Because ‘I traffic sign’ is not a typical sentence, except
perhaps in absurdist theatre. So there is not just one possible continuation, but
rather a long series of possibilities, each with its own probability. A choice is
made from that series.

Of course, it may also turn out that there is no plausible continuation, ac-
cording to the chatbot. In that case, the text generation process stops or the
shell surrounding the LLM intervenes. On what grounds? Stephen Wolfram
states regarding the selection rules and configuration rules of an LLM [90]:

Particularly over the past decade, there’ve been many advances in
the art of training neural nets. And, yes, it is basically an art.
Sometimes—especially in retrospect—one can see at least a glimmer
of a “scientific explanation” for something that’s being done. But
mostly things have been discovered by trial and error, adding ideas
and tricks that have progressively built up a significant body of
knowledge about how to work with neural networks.

An LLM is a product whose functioning remains largely unexplained; see
Section 2.2. Nevertheless, it performs very convincingly in conversations. But



the question remains: how?

LLMs are trained on text fragments and their plausible textual continua-
tions. That works perfectly well. Chatbots effortlessly produce fluent sentences.
That was exactly what researchers and developers had hoped for, but they are
capable of more.

To many people’s surprise, it turned out that LLMs are also capable of what
appears to be creative reasoning. British researcher Geoffrey Hinton, a leading
figure in Al, cites as an example the chatbot’s response to his question: ‘What
is the similarity between a haystack and an atomic bomb?’ [5]. The chatbot
replied that both are self-sustaining combustion processes. That is a striking
analogy. A form of analogy-making ability had previously been observed in
the semantic networks that encode words, which are components of LLMs [61,
p. 248]. Research into the capacity for analogy-finding is a topical subject within
AT research [51, 69, 77]. We assume that LLMs possess some ‘sensitivity’ in this
area; this observation is sufficient for our argument.

Neural networks also have other desirable properties, such as robustness;
and less desirable ones, such as unreliability. These properties play a role at
the conclusion of the argument, namely in Section 10. We will explain what we
mean by unreliability there.

2.2 Interpretability: neural network models

The question of the ‘how’ of neural networks is the subject of the research
field Interpretability [86]. Within this field, researchers attempt to explain the
emergent behaviour of neural networks in terms of the behaviour of individual
neurons by creating models of neural networks and by design modifications.
Leonard Bereska and Efstratios Gavves describe the state of the art for LLMs
in Mechanistic Interpretability for AI Safety — A Review [9]. The authors note
that developments in interpretability have parallels with those in Psychology.

Psychology began by observing behaviour and developing theories, as the
techniques for measuring or simulating brain processes did not yet exist. Step
by step, these techniques were developed within new disciplines such as Cogni-
tive Science, Neuropsychology and Neurology. Research into Al interpretability
exhibits a similar spectrum of approaches. Bereska en Gavves distinguish four of
them, which they describe as follows (our italics): “Behavioral analyzes input-
output relations; Attributional quantifies individual input feature influences;
Concept-based identifies high-level representations governing behavior; Mecha-
nistic uncovers precise causal mechanisms from inputs to outputs.”

Our argument focuses largely on concepts and the relationships between
them. See Section 3.4 and the discussion of the conceptual system in Cogni-
tive Linguistics. To us, the results from Concept-based and Mechanistic inter-
pretability seem to align most closely with our argument. By ‘measuring’ within
the network, interpretability researchers attempt to isolate network fragments
that correspond to specific concepts and activation patterns that can be traced
back to behaviour of the artificial neural network [22].



There are clear indications that concepts are not distributed randomly across
the network, but can be localised as clusters. Furthermore, related concepts may
overlap or lie in close proximity to one another. This does not mean that all
concepts are stored in this way. However, we assume that overlap means that
if, of related concepts A and B, A is activated, the likelihood increases that
B will also be activated. The occurrence of this overlap is understandable: it
saves storage space and thereby increases precision, which is precisely what the
training of a neural network aims to achieve.

3 Aggregation Dynamics

The philosopher Karl Popper titled a collection of essays All Life Is Problem
Solving [76, p. 99]. We see it that way too. The interactions between aggrega-
tions are about problems. Rather than tackling ‘life’ — that is, all the problems
of all aggregations — head-on, Aggregation Dynamics makes a start by investi-
gating problems and solutions as experienced by people.

3.1 Problem and problem position

Imagine you experience something that doesn’t align with your wishes, needs
or ambitions. We call that a problem. But the problem only becomes con-
crete once you articulate or state it: you adopt a problem position. A problem
position sets out in detail what we see as the relevant aspects when thinking
about and/or communicating on the matter. Typical elements of a problem po-
sition are: pressing issues, classifications into main and subproblems, potential
avenues for solutions, phasing, background knowledge, facts, rumours, opinions
or views of other stakeholders, experiences with certain solutions, priorities,
the current status of the implementation of certain subproblems, explanatory
histories. Note that this involves weighing up potential solutions, but not the
implementation of the solution step itself. A problem situation is a snapshot
in time where one pauses for a moment and, for example, asks: ‘Where do we
stand now?’

A problem position does not necessarily present a consistent picture. For
example, one adviser might say ‘do it’, whilst another says ‘don’t do it’. In fact,
the position is probably usually inconsistent, except in the case of extremely
trivial problems. It is often precisely this lack of consistency that contributes
to the sense that there is a problem.

The AD also claims that it makes sense to distinguish between three types
of problem position: the natural, the internal and the external [85]. The natural
problem position is one that extends deep into the physical state of a person
reflecting on a problem position. This is only partially accessible to conscious-
ness. The internal one is the conscious mental representation. The external one
is still a mental representation, but tailored to a recipient. There may be several
of these: ‘if someone asks how the project is going, I say this to A and that to
B’



The AD claims that internal and external problem positions are manageable
in terms of scope and complexity [85]. This applies both to the mental represen-
tation and to a problem position expressed in words. It is assumed that a simple
problem-position jargon, a kind of formulaic language, is sufficient for the de-
scription. A problem statement described in that jargon covers the essentials in
a concise, matter-of-fact manner. Thus, problem statements concern a limited
number of observations, assertions, facts, events from the past deemed relevant,
potential next steps, actors and a limited number of relationships between all
of these.

There are no rigid boundaries to this mental representation, nor are there
any formal requirements. It is what an individual, entirely on a personal level,
experiences as a whole and what they consider to be of significance. The words of
the American philosopher John Dewey (1859-1952), as quoted by Mark Johnson,
seem apt here. The problem position contains that which intuitively aligns with
the “pervasive unifying quality” of the moment [37, p. 52].

Finally, the AD assumes that, provided one works carefully, verbalised ver-
sions of problem positions can provide a picture of the complexity of a person’s
internal problem position [85]. That is to say, through careful interviewing, or
by asking someone to work out an internal problem position honestly and fully,
or through careful archival research, one can obtain a reasonably clear picture
that correlates in terms of complexity with the complexity of an internal prob-
lem position. But the natural problem position is assumed to remain largely
out of reach.

Although language is a tool for gaining an understanding of the complexity of
an internal problem position, this does not mean that just any text already offers
the necessary depth. In Section 8, we explore this further and will argue that
much of the text produced by humans lacks the complexity of problem positions.
Our claim is: most text represents a situation as stable and understood, and
then directs the reader towards a goal that takes into account only a limited
number of variables.

3.2 Problem propagation

One could describe human behaviour by stating that people move from one
problem state to another via solutions or steps in that direction. Leaving aside
the question of whether the measures observed are well thought out or not, one
could make the following observations. For trivial problems, a single solution
step may be all that is needed. For more complex problems, a series of steps
often needs to be taken. These are usually not simple linear series of steps. The
approach to one problem may clash with the approach to another problem. Or,
the approach may seem more complicated than first thought and necessitate
splitting the problem into several subproblems. Problem positions are therefore
linked through various relationships, through mutual dependencies and through
solution steps.

Aggregation Dynamics refers to such a network of problem positions that
merge into one another through solution steps as a ‘problem propagation’. Prop-



Figure 1: An example of abstract problem propagation. Here, the p’s represent
problems and the s’s represent solutions.

agation should be understood as proliferation, expansion or growth: both the
approach to a problem and its solution can lead to new problems. Simply be-
cause the world does not stand still.

When one maps out a problem propagation, one can look back (history) and
look ahead (plans, scenarios). The ‘present’ in a network is referred to by AD
as the problem front. At the front, problem positions can collide and choices
are made.

Problem propagations can be represented graphically and/or in text. Fig-
ure 1 illustrates an abstract problem propagation, with the p’s as problems and
the s’s as solutions.

It doesn’t have to be so abstract. The representation of a problem propaga-
tion is not subject to any formal requirements [84, p. 7]. A problem propagation
can be elaborated to a greater or lesser extent with the details of a specific solu-
tion process. In Figure 2, the earlier propagation is supplemented with concrete
information drawn from the Los Angeles Smog case [85, 35, 18]. To help the
reader understand the annotations in Figure 2, we will briefly explain what the
Los Angeles Smog case is about.

Around 1943, air pollution in the industrial city of Los Angeles and the sur-
rounding towns reached alarming levels. It became an issue that would dominate
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local political debate for decades, and which had a major influence on technical
developments and environmental thinking both nationally and internationally.
Initially, it was thought that the smog was caused by the use of coal for heat-
ing, power generation and industrial processes. Such smog was familiar from
places such as St. Louis, Pittsburgh and London. But after years of research,
the main cause in Los Angeles turned out to be of an entirely different nature:
the incomplete combustion of petroleum products in car engines. In summer,
the volatile hydrocarbons did not blow away but lingered over the cities due to
meteorological conditions and the mountains surrounding Los Angeles County.
The abundant sunshine now had free rein to cause the hydrocarbons to react
into all sorts of nasty substances: photochemical smog. It took many years to
bring this problem under control, for a great many reasons. For example, the
car-addicted and vociferously complaining public refused to believe that they
themselves were partly to blame. Reluctantly, the oil and automotive industries
set about adapting their products to achieve better combustion. One example
of this is the use of a catalytic converter in the exhaust (the precursor to our
current three-way catalytic converter). However, this turned out to require un-
leaded petrol. But that lead was in petrol to prevent premature ignition in the
cylinders, known as knocking. Without lead, knocking had to be prevented in
some other way, and so on. The Los Angeles Smog case is rife with problems
multiplying.

Just as with problem positions, problem propagations can also be described
with varying degrees of accuracy or in varying degrees of detail. That said,
according to the AD, it is never complete. Language always falls short. For
example, because internal problem positions flow in an inimitable way into
unattainable, deeper natural problem positions. That does not detract from
the fact that problem propagations can be worked out in great detail by incor-
porating complete problem positions and unravelling the solution steps much
further.

3.3 The Innovation Illusion

People seek stability, value predictability and like to work according to estab-
lished patterns. Standardisation and working to procedures are the result of this.
The Innovation Illusion argues that people regularly tend towards predictability
when solving problems, whilst believing they are actually being innovative. This
tendency towards predictability and repetition only becomes apparent when one
looks more closely at the pattern of interaction and abstracts from details that
have no causal significance, from the domain, the players, and from scales of
time and space.

The Innovation Illusion posits problem types as a finite set of player, scale-,
time- and domain-independent abstract undesirable situations and abstract so-
lutions for them. The set of solutions is also assumed to be finite. The set is
called the repertoire of the problem type; we sometimes also refer to solution

types.

11



1. Los Angeles City 1943
2. foul air and fog
3. burning eyes

1. research by Louis McCabe in 1947
2. research by
Arie Haagen-Simit in 1948

1. meteorology
2. peroxides
3. unburned hydrocarbong
4. photochemical smog

|
1. catalytic converter
2. adapted car bodywork

1. raise
motor operating temperature
2. adapted motor design

;

1. again
knocking ...

1. improved
motor management ...

Figure 2: An example of problem propagation and a suggestion of some context
from the Los Angeles Smog case, as seen from the perspective of a fictional
observer.
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An example is the problem type congestion. In the Netherlands, there is both
a problem with traffic congestion on motorways and an overload on the national
electricity grid. Both problems are instances of the congestion problem type.
The solutions to these problems show many parallels. Two examples: additional
lanes in one domain correspond to thicker cables in the other; avoiding rush hour
is comparable to ‘a request for limited electricity consumption by households
between 9 am and 4 pm’. These are analogous situations and interventions. In
terms of the type of problem, we are dealing with an aggregation (road/cable)
with a function (facilitating transport) that, compared to other aggregations
(road users/electricity users), is unable to fulfil its role sufficiently.

The Innovation Illusion is likely exaggerating, but where the line between
repetition and innovation lies remains unclear for the time being. For our ar-
gument, it is important to assume that in most problem formulations and the
subsequent solution processes, the tried and tested path is followed.

3.4 Problem propagation and its patterns

An important question is: are there patterns in problem propagations? The
hypothesis, from a previous section, that descriptions of problem positions con-
sist of a finite number of statements seems to suggest as much. The Innovation
Illusion, explained above, significantly reinforces that suspicion.

The Innovation Illusion asserts that the number of problem types is finite and
that the corresponding repertoires are also of finite size. Evidently, a problem
propagation abstracted down to the problem-type level is then full of repetition
and patterns. For, suppose there are n problem types; then the next problem in
a problem propagation that goes n problem steps deep must be of a type that
has already occurred. For example, the maintenance of a complex device leads
to the deployment of a particular expert, and that expert must also maintain
her own equipment.

It follows from the above that, when considering problem positions and prob-
lem propagations relating to concrete problems, one can also envisage more ab-
stract variants. Step by step, one can work towards representations at the type
level, or even more abstractly, types of types. And from there, one can of course
also go back, namely by detailing more concrete cases.

4 Cognitive Linguistics

Here we outline the key concepts from Cognitive Linguistics that are relevant to
us, as developed in particular by the linguist George Lakoff and the philosopher
Mark Johnson.

Everyone is familiar with metaphors and analogies as figures of speech. Both
refer to the way in which we understand and experience a thing, behaviour or
situation in terms of another thing, behaviour or situation. Cognitive Linguis-
tics favours the term ‘metaphor’. The metaphor perhaps has a more poetic
connotation, in which the choice of words carries somewhat more weight than
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in the analogy. The latter is perhaps more descriptive, and the chosen words
are instrumental; in other words, it can be put differently. Be that as it may,
the metaphor or analogy sometimes comes in very handy for making something
clear.

Sometimes? No, the opposite turns out to be true. Virtually every sentence
contains a metaphor because we cannot understand or express ourselves without
making comparisons. This insight gained widespread recognition with the pub-
lication of Lakoff and Johnson’s Metaphors We Live By in 1979. This theory
is of great importance to our argument. Texts are rich in layered meaning and
give an insight into how we think. The field of research that Lakoff and Johnson
helped shape is now referred to as Cognitive Linguistics [25, 26, 14]. We will
discuss the central elements, which are the most important to us.

Cognitive Linguistics holds that human mental activity — thinking, assigning
meaning, and motivated action — is profoundly shaped and constituted by bodily
experiences, movements, sensory stimulation, emotions, feelings and actions.
There is a constant interaction between the environment and the body-brain.

The concepts, their properties and relationships, with which we are so famil-
iar in our daily lives, are not objective facts, but are learned step by step. This
begins as early as infancy with our physical experiences, known as perceived
correlations: if this happens, then that happens too. Direct physical experience
leads to what are known as primary concepts or metaphors. Some examples
are: Knowing Is Seeing, More Is Up and Speech Act is Physical Force. We shall
explain them.

Knowing is understood in terms of Seeing. As a child, you learn that looking
more closely helps you understand better. You learn this even before you can put
it into words. Once you have mastered language, you understand expressions
such as: ‘I see what you mean’, ‘Could you elucidate this aspect further’ or
‘I don’t find the conclusion clear yet’. More Is Up, for example, is something
you learn when playing with water. You see that the level in your cup rises
when you add more water. You learn the fundamental concept that Speech Act
Is Physical Force when your parents grab hold of your body and move it, for
example your hand, whilst giving a verbal instruction: ‘Move your hand! It’s
hot!’

The metaphor is the mental tool for giving meaning to new experiences
and situations based on concepts, possibly primary concepts, that you already
know. Anyone who conceives a new concept for the first time or learns it from
another person will initially be aware of the metaphor, but as soon as the concept
becomes more familiar, it takes on a life of its own and you are no longer aware
of the metaphor [47]. Higher-order concepts, i.e. those above the primary level,
are called conceptual metaphors. Metaphors elevated to the status of concepts.
The more concepts one has at one’s disposal, the more situations can acquire
meaning and the greater the scope for mental manoeuvre.

Concept formation and conceptual metaphors do not provide a complete
explanation of abstract thinking, but are an important mechanism and key
elements within it [37, 34]. The metaphor Categories Are Containers illustrates
the relationship between primary and more abstract concepts. Hundreds of
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times a day we experience the concept container; it is a recurring property of
many things we deal with daily, from an early age: bags, bottles of apple juice,
shoes, houses, trouser pockets. You can put something inside something. But
sometimes it fits and sometimes it doesn’t. This is how we learn the spatial logic
of cases within the category of containers. If I have my keys in my hand, and
I have my hand in my trouser pocket, then my keys are in my trouser pocket.
If one now elevates the container metaphorically to a category or concept, then
abstract concepts can also contain one another, and this becomes set theory. If
a blackbird is a bird and birds are animals, then a blackbird is also an animal
[37, p. 52-53].

Cognitive Linguistics suggests that all of our concepts take the form of
metaphors. Even the most abstract conceptualisations in the exact sciences ac-
quire meaning through the engagement of very ordinary “sensory-motor parts of
the brain”. The meaning of concepts is therefore grounded in our ‘sensory-motor
and affective experience’ [37, 33, p. 52].

5 Neuropsychology

The work of Lakoff and Johnson and others, dating from the late 1970s, pre-
dates by several decades a major leap forward in empirical research in the neu-
rosciences. The results of this research confirm the picture outlined by Cogni-
tive Linguistics and further flesh it out [26]. To illustrate this, Johnson refers,
amongst other things, to the work of the American psychologist D.M. Tucker,
who stated: “there are no brain parts for disembodied cognition” [37, p. 51].
Here, we draw in particular on the work of the British researchers Andy Clark
and Anil Seth and their perspective on Predictive Processing Theory [16, 79].

Predictive Processing Theory posits that what we experience as perception
is the brain’s best prediction of the situation we find ourselves in. This theory
assumes that our thought processes constantly generate hypotheses about the
situations in which the body and brain find themselves, and then test these
against sensory data. This includes data about the external world, but also
about the body’s internal state and posture. So it concerns sensory data from
familiar senses such as sight, hearing, smell, taste and touch, but also body
temperature, heart rate and the orientation of body parts.

Integrating all this hypothesising yields a complete and coherent picture.
At least, that is how we experience it. We think we are truly perceiving the
world. But it is merely a projection. Following in the footsteps of others, Anil
Seth refers to the perception as we consciously experience it as a controlled
hallucination.

A long-accepted, and intuitively understandable, theory of our perception,
thought and action posits that the eyes, and other familiar senses, form the
basis of a process that generates and updates our mentally experienced, clear
picture of the world. Only then can thinking take place and action be taken.
Predictive Processing Theory reverses the order of the process of perception,
thinking and action. Here, perception begins with prediction. Conflicts be-
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tween the prediction and sensory information lead to an adjustment of the pre-
diction, thinking about it, and/or a physical action to adapt the situation to
the prediction, and/or to investigate the situation further. Cognitive Linguistics
provides insight into the structure of our prediction process by emphasising the
metaphorical aspect of our thinking.

Both theories can be seen as part of a naturalistic strand of cognitive re-
search. The reason for briefly exploring this side path is that work on artificial
neural networks such as LLMs is typically part of it. The precursors of Predic-
tive Processing Theory have a long history, which we shall not discuss further
here [67, 58, 11, 14, 68].

6 Thinking styles and conversation partners

The American Psychological Association defines thinking as follows [3]:

Thinking. Cognitive behavior in which ideas, images, mental rep-
resentations, or other hypothetical elements of thought are experi-
enced or manipulated. In this sense, thinking includes imagining,
remembering, problem solving, daydreaming, free association, con-
cept formation, and many other processes. Thinking may be said to
have two defining characteristics: (a) It is covert — that is, it is not
directly observable but must be inferred from actions or self-reports;
and (b) it is symbolic — that is, it seems to involve operations on
mental symbols or representations, the nature of which remains ob-
scure and controversial.

This is a very general statement. Psychological research into the supposed ra-
tional behaviour of Homo economicus, with which the names of the American-
Israeli psychologists Daniel Kahneman and Amos Tversky are closely associ-
ated, has characterised thinking styles in greater detail [39, 78]. They argue
that thinking activity can be broadly divided into two styles. These styles are
referred to as System 1 and System 2. System 1 “operates automatically and
quickly, with little or no effort and no sense of voluntary control.” System 2
“allocates attention to the effortful mental activities that demand it, including
complex computation. The operations of System 2 are often associated with
the subjective experience of agency, choice and concentration.” System 2 takes
much more time and effort than System 1. Kahneman et al. note that System 1
is by far the most commonly used thinking style in our daily actions. The divi-
sion into System 1 and System 2 is useful for modelling purposes; in practice,
people often use both styles interchangeably and they overlap.

Although the American Psychological Association (APA) does not refer to
System 1 and System 2, we believe that the APA’s supplementary definitions
provide a useful further elaboration of System 2.

Critical thinking. A form of directed, problem-focused thinking in
which the individual tests ideas or possible solutions for errors or
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drawbacks. It is essential to such activities as examining the validity
of a hypothesis or interpreting the meaning of research results.

Creative thinking. The mental processes leading to a new invention,
solution, or synthesis in any area. A creative solution may use pre-
existing elements (e.g., objects, ideas) but creates a new relationship
between them. Products of creative thinking include, for example,
new machines, social ideas, scientific theories, and artistic works.

Furthermore, the APA also distinguishes between divergent thinking, lateral
thinking and convergent thinking as variants of critical or creative thinking,
in which the emphasis lies respectively on new thinking strategies, the system-
atic reconsideration of assumptions, and the systematic verification of the logic
of thought processes, that is, reflecting on one’s own thinking. We take the lib-
erty of interpreting all these modes of thinking, from critical to convergent, as
characteristic of System 2 thinking. We shall refer to this as analytical thinking
hereafter.

In the literature on LLMs, we came across the distinction between reasoning
behaviour and reasoning performance [62]. This is worth noting. Our classifica-
tion clearly focuses on behaviour and not on performance, accuracy or efficiency.
Those aspects are relevant in data centres seeking to process queries quickly, not
for a discussion of principles. Another aspect we wish to mention here is the
evolutionary basis of human thought [32]. We believe that humans represent
merely a form of cognition determined by the terrestrial situation [57, p. 12].

7 Metaphorical problem propagations

The preceding Sections 2 through to 6 form the basis for the main argument
that begins below. As indicated in the introduction, the argument consists of
four parts. The first part follows in this section and the other three in Section 8,
9 and 10.

In brief, the four parts deal with: 1. a model of the human thought space;
2. the verbalisation of fragments from that thought space into text, and the
properties of that text; 3. the training of LLMs on text and the artificial thought
space that this produces; 4. what a chatbot can and cannot do within its
artificial cognitive framework, and what implications this might have.

In this argument, the central question is: what kind of conversation partner
is a chatbot? Following on from the previous section on thinking styles, we can
now refine that question to: is the chatbot more of a System 1 or a System 2
conversation partner? Let us regard conversations as problem-motivated, as
stated earlier. The conversation partners want to solve a problem or develop a
perspective on it.
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7.1 Problem types and repertoires are metaphors

Consider the conceptual system from Cognitive Linguistics. Lakoff and Johnson
state [48, p. 3]:

In most of the little things we do every day, we simply think and
act more or less automatically along certain lines. Just what these
lines are is by no means obvious. One way to find out is by looking
at language. Since communication is based on the same conceptual
system that we use in thinking and acting, language is an important
source of evidence for what that system is like.

Here, we understand language as language-in-action, as concrete linguistic ex-
pressions about concrete matters. What is the purpose of that “thinking and
acting”?

Mark Johnson elaborates on this by, among other things, referring to the phi-
losophy of the American pragmatists William James and John Dewey. Johnson
summarises this in five key points; points 3 and 4 are the cherries we would like
to pick here [37, p. 69]:

e Embodied cognition is problem-centred, and it operates relative
to the needs, interests, and values of organisms.

e Embodied cognition is not concerned with finding some al-
legedly perfect solution to a problem, but one that works well
enough relative to the current situation.

The American philosopher Donald A. Schoén uses a few key terms relevant to
our argument when he writes about social policy and generative metaphors in
a collection Metaphor and Thought [70, p. 138]:

When we examine the problem-setting stories told by the analysts
and practitioners of social policy, it becomes apparent that the fram-
ing of problems often depends upon metaphors underlying the sto-
ries which generate problem setting and set the directions of problem
solving.

We interpret framing of problems and metaphors underlying the stories in this
quotation as problem types and problem positions, respectively. We therefore
believe that the process described by Schon also applies outside the domain of
social policy. There is a further indication of this correspondence with Cognitive
Linguistics.

In the AD, problem types and solutions are understood as patterns of roles
and interactions between parties. In our view, this conception aligns with Cog-
nitive Linguistics, which does not seek the nature of an object’s concept in terms
of objective aspects and properties. Having a concept of an object is “to be able
to simulate the kinds of perceptual, motor, and affective interactions you typ-
ically have with that kind of object” [37, p. 24]. And these interactions yield
primary and conceptual metaphors via experiential correlation (see Section 4).
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So the similarity lies in interactive experiences. Think back for a moment to
the metaphor Knowing Is Seeing (example from Section 4). Thinking is not
seeing. But looking closely at something often goes hand in hand with better
understanding. The AD discusses such relationships in terms of roles and role
patterns.

7.2 The notion metaphorical problem propagation

The notion Metaphorical problem propagation is a model of the human space of
thought and experience that consists of a combination of the problem concepts
from Aggregation Dynamics, the conceptual system of Cognitive Linguistics,
and the predictive dynamics from Predictive Processing Theory.

This human space of thought and experience is not new; the reader experi-
ences it every moment. What is new, perhaps, is that the combination of these
three theoretical perspectives gives us the opportunity to reflect on problem-
solution-driven conversations with chatbots. We believe this combination is
best explained, to begin with, using an example.

Problem position 1: ‘A driver is driving on the motorway. The cars in front
suddenly brake hard. Problem: how to react. One solution is to brake.” Problem
position 2: ‘The driver is braking. The sub-problem is now: braking adequately.
The solution: to brake in such a way that the driver does not collide with the
vehicle in front, and the cars behind also have the opportunity to come to a
halt.” Problem position 3: ‘The driver has come to a standstill. The braking
manoeuvre was successful. Problem: the driver’s journey and daily schedule are
no longer on track.’

The above is a simple example of problem propagation. Let’s make the
events a bit more personal.

Problem position 1: ‘I’'m driving on the A9 highway at 8 a.m. when I sud-
denly see the brake lights of the car in front of me flashing on and off. I want to
stay alive. One solution is to brake.” Problem position 2: ‘I brake. I still want
to stay alive, but the subproblem now is: braking in such a way that I don’t
crash into the car in front of me, and the car behind me doesn’t crash into me.
The solution is to continue braking appropriately.” Problem position 3: ‘I'm at
a standstill. I realize I'm still alive. But I'm definitely not going to make it to
my 10 a.m. appointment, with the possible consequence that the others in the
meeting will decide something I oppose!’

The above is a simple example of metaphorical problem propagation. In this
example, we see problem-solution relationships, predictions, and metaphorical
relationships. Before I had to brake, I was under the assumption: ‘Everyone
drives carefully and keeps their distance; business as usual; I’ll be at my ap-
pointment in 15 minutes, right on time.” The brake lights of the car in front of
me, which flash on, disrupt that image. Several predictions arise. We’ll mention
two: ‘Someone accidentally taps the brake pedal, if the lights go out immedi-
ately and the car keeps moving, I can ignore this red light signal’; ‘this is actual
braking, but how hard are they braking?’ The last prediction calls for closer
observation to better understand what is happening. These predictions are part
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of our conceptual system, which we usually take for granted. In this situation,
our conceptual system says Pumping braking Is Immediate danger, and that
calls for immediate action: braking. This example illustrates how the various
elements of metaphorical problem propagation interact, generate meaning, and
prepare and activate actions. If we take all these emotions, predictions and
metaphorical relationships into account — which we are only doing to a limited
extent here — the result is a holistic experience: an example of metaphorical
problem propagation.

Metaphorical problem propagation is undoubtedly a complex concept. We
find it helpful to visualize the mental architecture of metaphorical problem prop-
agation as follows. The conceptual layering, from primary concepts to concep-
tual metaphors, constitutes a ‘vertical’ dimension here. In a ‘horizontal’ dimen-
sion, the propagations unfold. It is not appropriate to speak of a time axis.
That suggests a precision that does not exist, and it would also limit mental
freedom, for example — for other, possibly contradictory — orderings of events, or
for projections into the future or the past. Finally, Predictive Processing The-
ory adds a third dimension, a prediction dimension. In this dimension, various
predictions operate in parallel, at different levels of abstraction, with different
emphases on the role of the conceptual system, and using different words.

Reflecting on current situations, formulating and testing hypotheses, and re-
flecting on and remembering experiences can thus be understood as the process-
ing of malleable and flexible metaphorical problem propagations. A metaphor-
ical problem propagation is not objective; it is partly unconscious, and chance
also plays a role. Some observations stand out, others are missed. Some are
perceived as problems, others are not.

Johnson describes a “representation theory”, referring to the work of J. Fodor,
as “the idea that human thought consists of a series of functional computational
operations on language-like symbols “in the mind” that can be used to repre-
sent external states.” Although we speak of it in words and words are often a
consequence, our notion of metaphorical problem propagation is not a symbolic
representation in this sense. Metaphorical problem propagation is our inter-
pretation of what Johnson, with reference to Lakoff and Gallese, describes as
an “interactionist, multimodal, simulation theory of meaning and thought” [37,
p. 145]. In this, we emphasise problem-solution relationships.

We will explore the intersections between the three theoretical perspectives in
greater depth. As mentioned earlier, one can envision the conceptual system as
a hierarchy with primary metaphors at the bottom and, moving upward, more
abstract concepts and sometimes even complex and inconsistent combinations
[37, p. 53]. The concepts derived from AD simply fit into this hierarchy, with,
for example, practical problems corresponding to the primary concepts at the
bottom and abstract problems higher up, all the way to the most abstract cat-
egory, namely that of the ‘unspecified problem’; “Houston, we have a problem”
[88].

The AD also posits a similar hierarchy, from concrete to abstract, for problem
situations, for problems, and for solutions (see the last paragraph of Section
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3.4). The relationships that one mentally brings to life when contemplating a
problem position, are experienced through metaphors. We therefore imagine
that it is possible to initiate and continue the thought process at different levels
of abstraction. And also that it can then proceed in parallel at other levels.
So thinking about ‘the neighbours John and Jack who are arguing over the
hedge between their gardens’ proceeds, so to speak, also at a more abstract
level as Py, P>, and h in relation r, and perhaps also at more concrete or
even more abstract levels. Or, for example, it proceeds in parallel in another
remembered propagation, concerning a different argument, via associations with
certain aspects of the context or Jack’s character traits. The freedom to switch
between these levels and to introduce new levels are part of our conceptual
system. It is also easy to imagine that it is possible to think backward and
forward in the metaphorical problem propagation. Forward and backward exist
by virtue of memory and experience; there is no fixed timeline.

The problem concepts from the AD and the conceptual system not only align
well, but their combination also expands the range of possible applications.
The conceptual system of Cognitive Linguistics already provides a dimension
for describing action elements. Image schemas are “recurring sensory-motor
patterns’ that “afford us possibilities for meaningful interaction with our sur-
roundings, both physical and social” [37, p. 21 & 100]. An extension of these are
X-schemas [4, 47], which can be understood as composite processes of sensory-
motor patterns. Sensory-motor patterns remain a current topic [64].

But these links between perception and action involve relatively basic inter-
actions and short chains. Aggregation Dynamics operate on a different scale:
memories, histories, plans, scenarios, interests, and hypotheses about what op-
ponents are thinking (Theory of Mind). On that scale, it involves long, in-
terconnected sequences of events or projected actions. This vastly expands
the action dimension of the conceptual system and makes it relevant in many
more situations, which, we believe, is entirely conceivable through metaphors as
tools of thought. The sensory-motor patterns are, so to speak, metaphorically
stretched to encompass problem situations between, for example, superpowers.
This larger scale is not entirely foreign to Cognitive Linguistics, as is clearly
evident from the earlier quote from Schén concerning “social policy.” There is
quite a lot involved there. But it does not seem to be the scale at which one
prefers to analyse.

But how do these mental images come to life? In his 2017 book, Johnson
focuses specifically on the predictive brain [37, p. 142], but Predictive Processing
Theory is all about that [16, 79]. This theory describes how the brain constantly
generates predictions about the situation we find ourselves in and how it will
unfold. But these predictions can just as easily pertain to the past, for example,
regarding the question, ‘How could this have gone wrong?’ Predictive Processing
Theory also explains how, from these competing and often mutually inconsistent
predictions, a comprehensive and emotionally coherent picture, the Controlled
Hallucination, is nevertheless generated.

We have the impression that these predictions are not fleshed out in very
concrete terms by Predictive Processing Theory. This seems understandable
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given the highly technical, empirical setting in which this theory is developed,
where the focus is on correlations between sensory stimulation, neural effects,
perceptions, and actions. But we take the liberty here of stretching the con-
cept of prediction and postulating the metaphorical problem propagations as its
structure.

Predictive Processing Theory deepens the notions of problem and solution.
It is obvious that we identify problems with the mismatch between the predicted
and the perceived world. A problem is then a prediction error. We naturally
identify a solution with adjustments to the prediction or an action. A solution
or step towards a solution brings the world into line with the prediction, or
brings the prediction and the world closer together.

We believe that the concept of metaphorical problem propagation could
be an interesting addition to Cognitive Linguistics and Predictive Processing
Theory. For Aggregation Dynamics, as an attempt at a total system theory,
metaphorical problem propagation represents a significant expansion of its po-
tential applications. Furthermore, the connection with Cognitive Linguistics
and Predictive Processing Theory strengthens the theoretical foundation.

Just like the problem propagation from Section 3.2, metaphorical problem
propagations form a category of mental structures. A metaphorical problem
propagation can be on a very large scale, encompassing everything a person
knows and has experienced, but it can also concern a fleeting thought fragment
that is quickly forgotten, or a fragment centred on a specific problem. In our
argument, the context makes it clear what scope we mean, whether it concerns
a total mental space, a cluster of related issues, a fragment, or a single thought.

8 Metaphorical problem propagations and texts

In Sections 3.1 and 3.2, we anticipated the conversion of the mental world of
problem positions and problem propagations into textual or graphical form.
Below, we propose a process that describes this transition and ask ourselves
what the properties of the resulting text are.

Now suppose someone has a thought and wishes to share it with another
person, or tell a story to another. What happens when that thought or story
is told? Based on what we postulated above, we imagine that thought or story
as a memorised or spontaneously unfolding metaphorical problem propagation.
When we convert the metaphorical problem propagation from Figure 2, which
represents memorized events, into text; this could, for example, yield something
as illustrated in Figure 3.

But this is rather clunky language still. One can imagine that, with a little
more editing, a smooth-flowing text could be produced from the list of sequen-
tially arranged statements in Figure 2. We envisage the entire process of ver-
balisation as comprising three transformations. Firstly, the problem positions
and the solution steps must be elaborated into text, for instance ‘Los Angeles
City 1943; polluted air and fog; stinging eyes’. The problem positions break
down into sequences that already suggest sentences or paragraphs. Secondly,
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The situation and problem was

‘Los Angeles City 1943; polluted air and fog; stinging eyes’

The first steps towards a solution were

‘Louis McCabe’s research in 1947; research by Arie Haagen-Smit in 1948’
This identified the causes

‘meteorology; peroxides; unburned hydrocarbons; photochemical smog’
The solutions for these problem were sought in two ways
‘increasing engine temperature; modified engine’

and

‘catalytic converter; modified car body’

But it turned out that

‘catalytic converters cannot withstand lead; ...’

which called for

‘unleaded petrol; ...’

This, however, brought back an old problem

‘knocking; ...’

The

‘lead additive’

prevented that, now it was back

‘knocking again; ...’

A solution was found in

‘improved engine management; ...’

this solved knocking in a different way

Figure 3: A linearisation of the problem propagation shown in Figure 2, in
which a few words have been added in bold to link the statements together.
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the logic of the network structure must be represented in supplementary text
with introductory and concluding sentences, references, headings, layout, sum-
maries and examples. Here these are texts as ‘The situation and problem
was’, and ‘The first steps towards a solution were.” Thirdly, an editorial
process turns this into a smoothly flowing text. That final step is not shown
here. We call the result of this three-step process a verbalised metaphorical prob-
lem propagation. In the same way, we can of course also speak of a verbalised
metaphorical problem position.

Verbalisation is the result of choices: the text ‘1. increased engine tem-
perature 2. modified engine’ could also have been placed after the catalytic
converter complications. The ‘mental space’ becomes smaller, but stability in-
creases. Using a physics metaphor, one could say that the metaphorical problem
propagation is in a state of superposition; in the text, a choice has been made.

That effect is stronger in written text than in spoken texts, where interaction
is still possible. Then someone can still ask a question and the speaker can
respond with a nuance and then continue the story. Since, our “body cannot
not communicate” [19]. But our argument concerns written text, as that is the
bulk raw material for training LLMs.

8.1 Structure and contents of text: static text

If “all life is problem-solving”, then problem types are important concepts in
our thinking [76, p. 99]. Anyone can observe that the word ‘problem’ crops up
frequently in any conversation. We assume this is also true of texts. That is
already one characteristic.

Communication requires effort and must yield a benefit for the sender. This
is the view put forward by evolutionary biologist Arik Kerschenbaum in Why
Animals Talk. The New Science of Animal Communication [41]. The message
must therefore be meaningful for the sender’s survival. This in turn suggests
that the message must contribute to solving the sender’s current problems. This
is most successful when the receiver can understand the message. It is therefore
unlikely that anyone, when asked about her problem position, would really
bring up absolutely everything under the sun or structure her message as a
multidimensional “stream of consciousness” as James Joyce did in Finnegans
Wake [38, 54]. That won’t work for a manual, a report or a leaflet. If the reader
loses interest, the text misses its mark. The text must be to the point.

As mentioned, the person producing the text wants to achieve something
with it. It is therefore to be expected that there is a certain degree of direction
in it and that it is engaging for the user. This is consistent with the distinction
made in Section 3.1 between internal and external problem positions. The
external problem position coincides with a sender’s text strategy.

We can further clarify these ‘text strategies’ based on the work of Kahneman
et al. They argue that System 1 dominates our daily actions. The direct, fast
and uncomplicated System 1 suffices in most situations. This seems entirely
in line with “we simply think and act more or less automatically along certain
lines” from an earlier quotation of Lakoff and Johnson (Section 7.1). We suspect
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that a significant proportion of the text that people produce also has a System 1
character.

In summary, we believe we can hypothesise that most texts are written
from the perspective of a strategically oriented sender, deal with relevant issues
that this sender wishes to address, are coherent and consistent, point towards
solutions, are to the point, are non-experimental, are not difficult to understand,
and are tailored to an audience seeking reassurance. Furthermore, these texts,
like all written texts, are fixed, static and closed. They cannot be compared
to the fluid and associative process of human thought or to people discussing
a particular topic. The latter is also a form of text. Yet it is precisely this
‘limited’ type of text that is used for training LLMs.

We argue that examples of these texts can be found in a wide range of cat-
egories: newspaper articles; brochures; manuals; website posts; tweets; instruc-
tion guides; reports; Wikipedia articles; historical narratives; novels; (popular
science) articles. In short, very everyday categories. Of course, within these
categories there will be examples that do not quite meet our criteria, such as
in-depth background articles or debate reports that record a great deal of inter-
action. But these remain static nonetheless.

The set of characteristics outlined above is difficult to summarise in a sin-
gle word. Somewhat useful terms include: professional text, functional text,
purposeful text, goal-oriented text, or solution-oriented text. But these are not
quite right either and may already have other meanings. As we believe that the
lack of flexibility is the most important factor, we refer to the whole as static
text. This is a nice short term. But keep in mind this notion covers a range of
text characteristics.

If we combine the findings of the previous section with those of this one,
we believe we can conclude that the text people produce does not represent
the intellectual richness from which it stems. Firstly, the verbalisation of any
metaphorical problem-propagation already results in a fixation and simplifica-
tion. Secondly, people do not simply produce text for the sake of it. In most
cases, it is simple, purposeful text. This text lists a few points, offers some
considerations, draws a conclusion or notes a line of thought or an action, and
then moves on to the next point that needs to be made.

We have the impression that researchers analysing text datasets for LLM train-
ing focus primarily on the content-related characteristics of texts, such as un-
acceptable statements [8, 45, 65]. The thought processes and storylines in text
datasets receive less attention. The authors of Narrative Theory-Driven LLM
Methods for Automatic Story Generation and Understanding: A Survey state
[55]: “Overall, [narrative] researchers rarely conduct unsupervised learning and
pre-train LLMs on large volumes of texts themselves” and “(...) it cannot be
ignored that narrative texts make up large portions of LLM pre-training.” This
assertion supports our hypothesis, formulated above, regarding the structure
and content of the texts in the text datasets, namely that they are of a specific

type.
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They then raise two highly relevant questions: “What effect does pre-training
on more or less narrative texts have on an LLM?” and “(...) what kind of
narrative artefact is an LLM?” These questions are also on our minds, and we
offer some preliminary answers to them.

These questions are the subject of Section 9 and Section 10. We believe the
second question is comparable to our own, namely, ‘what sort of conversation
partner is a chatbot?” We will argue that the static nature of the text dataset
significantly determines the nature of the LLM as a ‘narrative artefact’. As-
suming, therefore, that we may equate ‘narrative artefact’ with ‘conversation
partner’.

The application of the various narrative theories discussed in the survey com-
pels us to refine our arguments. For example, the quantification of narrativity,
which “denotes the extent to which a text or discourse exhibits the qualities of
narrative, including temporal progression, causal linkage, and the presence of
agents and events.” We find this quantification interesting in its own right in
relation to text datasets [74]. This metric could perhaps also be extended to
include a measure of reflexivity or other characteristics we have identified.

9 The thinking space of chatbots

The raw data used to train LLMs consists of texts that are available online in
one form or another [17, 56]: websites, brochures, wikis, novels, history books,
e-mails, reports, manuals, accounts, and laws. This material is not immediately
suitable for use. There are various reasons for making a selection — for example,
ethical, content-related or technical grounds — and methods — for example, au-
tomated or partially manual — to make the texts suitable for training purposes
[81, 91]. We now assume that most of the texts in the text dataset for training
publicly accessible systems such as ChatGPT, Claude and Grok are of the, in
the previous section, postulated static type.

These static texts share structural similarities because verbalisation is a
process of strategic selection and fixation. However, we believe there are further
similarities. There are three further reasons why texts within a dataset, however
large, are likely to resemble one another: 1. Verbalisation creates connections
between problems, problem positions and solutions. The Innovation Illusion
posits that the majority of combinations of these are familiar patterns and that
a limited set of jargon suffices to describe them; 2. Problems, problem positions
and solutions correlate with conceptual metaphors from the conceptual system.
This system is rich in patterns because conceptual metaphors build upon one
another; 3. Even statements that are not directly related to problems, problem
positions and solutions are based on metaphors, because we verbalise through
comparisons. These, too, are patterns.

It is well known that neural networks are good at recognising patterns. It is
well known that LLMs can store human concepts and features. And it is also
known that LLMs can encode and utilise analogies. Suppose that this charac-
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teristic is not merely incidental but a relatively systematic effect of the training
process.

Our hypothesis on this is now that the LLM training process reconstructs the
metaphorical problem propagations inherent in the texts of a text dataset. The
resulting artificial metaphorical problem propagation, with varying degrees of
coherence, together with word prediction, forms the basis for a chatbot’s ability
to conduct a conversation that appears convincing to humans.

Is there any evidence to support this hypothesis? We see a connection between
our hypothesis and the empirical results described in Evidence of a predictive
coding hierarchy in the human brain listening to speech [15]. In this study,
participants listen to stories. Whilst they hear a story, brain measurements
track their predictions regarding the story’s continuation. The stories were
also fed to LLMs. It appears that: i) the activation patterns in the LLMs
“linearly map onto the brain responses to speech”; ii) the LLM operates on
multiple timescales; iii) predictions in humans “are organised hierarchically:
frontoparietal cortices predict higher-level, longer-range and more contextual
representations than temporal cortices.” These three findings appear to align
with the parallel we propose between metaphorical problem propagation and
its artificial reconstruction and expression in chatbots; metaphorical problem
propagation involves projection across time frames of varying degrees of detail;
and, the parallel conceptualisation across multiple levels of abstraction.

We find another indication in Implicit Representations of Meaning in Neural
Language Models [53]. The authors “identify contextual word representations
that function as models of entities and situations as they evolve throughout a
discourse.” In the authors’ words, the key difference from other studies that em-
pirically attempt to uncover what an LLM encodes, is that they “aim to recover
a representation of the situation described by a discourse rather than repre-
sentations of the sentences that make up the discourse.” Based on examples,
they succeed in demonstrating that these situations carry meaning because the
actions described by the discourses have consequences for the statistical promi-
nence of subsequent situations. We see a clear connection between our problem
positions and these situations.

Leaving aside the question of whether even larger datasets are a desirable de-
velopment [8]. With the current text datasets and LLMs, which are enormous
compared to the past, the training process is quite successful in reconstructing
metaphorical problem propagations — assuming our hypothesis is correct — as
evidenced by the public’s positive reception of chatbots. But the reconstruction
is not perfect; for example, because a chatbot can make things up and often
has no answer to simple questions. Are these minor glitches that just need to
be ironed out, or are there fundamental limitations? The question we wish to
answer in Section 10 is: what kind of metaphorical problem propagation does
an LLM simulate, and what can the chatbot do with it?
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9.1 Conversations

Our hypothesis regarding conversations is as follows. A prompt activates a spec-
trum of artificial problem positions within the LLM. These are loosely connected
groups of loosely connected clusters of neurons that encode concepts.

The activation of an artificial problem position is more or less strong. The
degree of activation is the statistical degree of recognition of the prompt as a
conceptual pattern. The prompt also activates a spectrum of solution steps
(likewise groups of clusters of concepts) and problem positions that result from
them, and so on. These are all activated to a lesser degree.

The tokens generated by the LLM lie within the ‘contexts’ of the statisti-
cally most appropriate problem positions and the statistically most appropriate
solution steps. The text generation process has immediate effect: the spectrum
of activated groups shifts as a result of the text generation, their composition
changes, and the statistical relevance of the groups changes. Some problem po-
sitions become more prominent and others less relevant. When text generation
stops, the neural network has reached a new state. There are ‘new’ problem
positions that now take centre stage in processing the user’s next prompt.

We suspect that the ‘software shell” surrounding the LLM does not simply
follow the LLM blindly, but that it attempts to determine which text generation
options yield the ‘best’ conversation. The shell will make choices based on
certain parameters, but exactly how is irrelevant here. It may be that, according
to the shell, there is no significant activation of problem positions. In that case,
the chatbot responds with some seemingly appropriate phrase, such as a request
for further explanation.

Depending on the outcome of the text generation process, with or with-
out adjustment or selection by the shell, the chatbot responds with a counter-
question, a suggestion, an answer or a solution to the problem posed. The
conversation unfolds like a path through the chatbot’s simulated metaphorical
problem propagation and, simultaneously yet fundamentally differently, like a
path through the user’s metaphorical problem propagation.

In our view, the distinction between a conversation and a prompt is not clear-cut.
On both the chatbot’s side and the user’s side, elements from the conversation
continue to have an impact, or rather, influence the effect of the most recent
prompt. This is essential, because otherwise a user’s response to a chatbot’s
question would have no effect: the range of problem positions activated must
change. The interaction between conversation and prompt can also be explicitly
controlled using in-context learning as described in the literature; this should
elevate the chatbot to a higher cognitive level [75].

It is tempting to imagine the successive artificial problem positions through
solution steps as steps through the neural network, from one group of neurons
to a completely different group of neurons. We do not believe that is what
usually happens. If a prompt activates a spectrum of artificial problem posi-
tions, these will overlap, and they will also overlap with solution steps and the
associated problem positions. This is not surprising because choosing a solution
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step generally only partially changes the problem position. This is certainly the
case with complex problems. If someone formulates a prompt ABC, and the
chatbot suggests D as a solution step, then ABCD is the new problem position.
The training process is a form of data compression, and this means that these
problem positions become encoded in an overlapping manner.

10 What kind of conversational partner is the
chatbot?

Suppose an LLM encodes metaphorical problem propagation, as argued above.
What kind of cognitive aid is a chatbot, and what kind of cognitive tasks is a
chatbot capable of performing?

10.1 What kind of thing is a chatbot?

First of all, we need to free ourselves from the thought that chatbots are some
kind of magical entity that defies human understanding.

Cognitive Linguistics posits that meaning arises from a sentient and experi-
ential body that seeks to navigate a physical environment and a socio-cultural
situation. We agree with this. A chatbot does, in a sense, have a ‘body’, but it
is not human. The data centre is not a human socio-cultural environment. The
chatbot therefore lacks the foundation of human primary subconscious concepts.
This is a well-known argument [61]. So whatever form of aggregation a chatbot
may be, at best it can simulate human interactions that it finds in text. The
words it produces do not have the meaning they have for us.

That does not, however, mean that an intelligent system requires a biological
body or that it cannot possess its own form of understanding [59]. But that
is a different discussion [32]. Our argument concerns the basic chatbots to be
analysed and, by extension, chatbots in general. These therefore exist within a
limited human world of words, and how that relates to the world we experience
lies beyond the capacity of the chatbots.

Is it still conceivable, then, that a chatbot could fully simulate our cognitive
world, even if the chatbot does not understand what we are talking about? We
find this idea reflected in a hypothesis by blogger janus: “a model [as an LLM]
whose objective is text prediction will simulate the causal processes underlying
text creation if optimised sufficiently strongly” [9]. This statement suggests that
if you continue to optimise the model — for example, by using larger datasets,
more intricate and extensive neural networks, and a more intensive training
regime — you will end up with a model capable of simulating the causal func-
tioning of our body and brain. In our view, this is a vain hope. As concluded
at the end of Section 8.1, dimensions and associations are lost in the transi-
tion from the mental world of human thought to text. That is a fundamental
problem. A practical problem associated with this is that people do not express
everything that goes on inside them in text. The available text we have to work
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with for LLM training is predominantly of the static type, as we argued. This
text certainly provides an incomplete picture of human cognitive capabilities.

The chatbot is therefore limited in two ways. It is a simulation because the
chatbot lacks a human, experiencing body; the simulation is flawed because it
is trained on fundamentally incomplete data. It remains an artefact which, in
our view, is far removed from all claims regarding Artificial General Intelligence
or even stronger claims [46]. In Section 10.4, we argue that it is not plausible
that ‘more complete’ data would lead to significantly ‘better’ results.

10.2 Static-thinking, no reflection

Our hypothesis is that the training text for public chatbots has an static char-
acter (Section 8.1). This has an effect on the artificial metaphorical problem
propagation distilled from it. It seems highly plausible that this, too, therefore
has an static character. By this we mean that a chatbot simulates a form of
thinking that is more akin to System 1 thinking than to analytical thinking,
and is therefore not very critical or analytical [39]. This thinking moves swiftly
from problems and circumstances to conclusions, or solution steps, or actions,
without much reflection. Consequently, whilst the circumstances — an impor-
tant part of problem situations — may well be extensive, the assertions are not
treated critically; they are simply accepted. The chatbot generally does not
stray from the problem front.

It is difficult to determine precisely to what extent this ‘thinking’ mirrors
human thinking, as System 1 thinking is not precisely defined, and there is, of
course, a ‘grey area’ where System 1 thinking transitions into more analytical
thinking. However, given the success of chatbots, it appears to align well with
users’ everyday needs. It seems plausible, in line with Kahneman et al., that if
many people rely on System 1-like thinking in many activities, those everyday
needs are also characteristic of conversations with chatbots. Let us assume
that. Users are then looking for quick answers and accept them if they seem
plausible. We suspect that the average user would quickly tire of a chatbot that
nitpicks over every little detail or starts nitpicking about supposed assumptions
that might not actually be true. No, the chatbot fits neatly into the dominant
System 1 part of the thinking spectrum. The chatbot provides what many
people are looking for in their daily conversations: confirmation of their world
view. They avoid difficult questions if they believe they can achieve their goals
with a quick fix.

Our conclusion comes as no surprise to those who critically study the be-
haviour of chatbots:

[62]: “It is likely that the apparent success of LLMs in reasoning
tasks predominantly reflects their ability to memorise the extensive
data they have been trained on.”

[87]: “In terms of the Dual Process Theory of human cognition,
LLMs are analogous, at best, to System 1 cognitive processing, and

30



it remains unknown how anything approaching System 2 cognition
could be incorporated into a machine.”

We, of course, agree with these statements. The difference between our argu-
ment and that of these authors is that our model explicitly structures ‘LLM rea-
soning’ and ‘cognitive processing’ respectively by asking about the motivational
basis of knowledge and concepts. Our perspective focuses on the characteristics
of the texts on which LLMs are trained and emphasises problem-solving rela-
tionships. These two aspects appear to receive little attention in the literature.

10.3 A thinking aid after all

Is the chatbot limited to problem scenarios present in the training data, or is
it capable of more? Geoffrey Hinton’s example from Section 2.1 shows that
chatbots can find apt analogies. According to Hinton, this was an analogy that
was not present in the training data. We suspect that this is a fundamental
characteristic. So, we suspect that a chatbot could serve as a thinking aid, but
how does it go about this, and how far does this thinking aid reach?

Various studies show that people can come up with ideas when working with
chatbots. People faced with a creative task perform better when assisted by a
chatbot than when left to their own devices or when they only have web searches
at their disposal [50].

However, follow-up research prompted by these results shows that when
the creative performance of the group being studied is aggregated, creativity
decreases. In short, the chatbot steers the group towards the familiar path,
the statistically obvious path [89, 60, 63, 21]. In the words of the title of one
of these articles: ‘Generative Al enhances individual creativity but reduces the
collective diversity of novel content.’

We therefore note that Hinton puts the word ‘similarity’ into the chatbot’s
mouth. The careful design and optimisation of prompts is a topical subject,
see, for example, the Google page on prompt engineering [29]. Work is also
underway to gain a better understanding of the ‘thought processes’ a chat-
bot follows, thereby enabling greater control over them; for example, chain of
thought prompting [43, 20, 75]. However, ‘chain of thought prompting’ does not
appear to be without its problems [40]. We refer to all these methods and tools
for guiding the chatbot as ‘targeted prompting’. Targeted prompting allows the
chatbot to search for analogies, metaphors or other relationships between con-
cepts. These concepts or relationships may be new or useful to the user. In the
literature, this is referred to as dark knowledge [86]. Such a metaphor suddenly
frames a phenomenon that is normally described in certain terms using different
terminology, and this can lead to new, useful insights or breakthroughs. Will
the chatbot successfully get off the mark as a thinking partner through carefully
targeted prompts?

You can ask a chatbot what it thinks of a particular assumption. However,
you would expect a critical, analytical thinking partner to introduce new ele-
ments of its own, to recap — ‘what do we have so far’ or ‘where do we stand now’
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— or to breathe new life into a stalled analysis. In the latter case, this might
involve uncovering a hidden and incorrect assumption, adjusting a definition,
proposing a new hypothesis, going back in the line of reasoning and starting
afresh, or re-examining all the steps in a dubious sub-argument. These are all
mental strategies which the American Psychological Association categorises as
critical, creative, lateral, divergent and convergent thinking. We believe that,
with only the conversation transcript to rely on, the chatbot lacks the mental
tools to carry out these kinds of mental operations itself. Therefore, the chat-
bot needs to be guided in order to be of any use in the analytical part of the
spectrum. The researchers Taylor Webb, Keith J. Holyoak and Hongjing Lu
confirm this view when they state [34]: “But there is no reason to suppose that
the same system, absent human-generated inputs, would spontaneously develop
a disposition to think analogically, as apparently happened at some point in
human evolution. Thus, to the extent that LLMs capture the analogical abili-
ties of adult human reasoners, their capacity to do so is fundamentally parasitic
on natural human intelligence.” The chatbot is therefore not a fully-fledged
thinking partner.

That is not to say that a chatbot cannot play a role in a thought process,
as already indicated above [50]. However, in our view, this does require that
the results produced by the chatbot in its role as a respondent are reliable
and demonstrate systematic execution. Unfortunately, this is also where it falls
short.

In the introductory sections, we have already described chatbots as unreli-
able. It is time to explain what we mean by ‘unreliability’. We use this term to
describe the following characteristics: 1. unreliable in the sense of misleading
the user; 2. unreliable in the sense that the chatbot harbours biases; 3. unre-
liable in the sense of being inconsistent, i.e. first saying ‘A’ and later, without
giving any reason, saying ‘not A’; 4. unreliable in the sense of not exhibiting
the same behaviour in situations that are identical or comparable for the user;
5. unreliable in the sense of fabricating and hallucinating, making things up out
of thin air.

In our view, the lack of a physical body largely explains aspects of unrelia-
bility 3-5, and contributes to 1-2. We believe that problems of type 4 can be
observed in work on analogy puzzles and mathematical problems [52, 69, 27].
However, points 1-2 are an effect of the training data; people are not always
equally reliable, and much text is more or less strategic, and in some cases even
manipulative. The concepts employed by the chatbot lack a foundation; the
chatbot cannot assess whether a sentence makes sense, or whether it goes too
far in manipulating the user; the chatbot lacks common sense.

Aspects 3-5 may offer advantages within the analytical spectrum of thought,
namely in thinking outside the box. However, the user must be very alert. We
believe, however, that these characteristics pose a risk to users who operate
in the System 1 part of the spectrum of thought. We will return to this in
Section 10.5.
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10.4 Enhancing reasoning skills?

Could reflective ability be strengthened with an ‘analytical training set’? What
would constitute a typical analytical text? We envisage in-depth philosophical
inquiry into a subject that is far from mainstream science, which systematically
unpicks and weighs up all manner of arguments and which, ultimately, draws
no definitive conclusions, only conditional ones. An example might be Jan
Verplaetse’s overview and critique of the free will debate [83]. We suspect it
will not be easy to compile this analytical training set, but that is beside the
point.

Nevertheless, even if an analytical training set could be compiled, we do not
believe that a chatbot could thereby elevate itself to the status of an analyti-
cal thinking partner. We suspect that if the simulated metaphorical problem
propagation partially loses aspects of its static nature by replacing certainties in
the statements with reflective feedback, chatbots might start to engage in more
elaborate speculation. You might then be able to use them more effectively
as thinking partners, but the need for vigilant supervision of the chatbot also
increases.

Analytical text does not solve the problem of the chatbot lacking an
experience-based conceptual system. Even between people, text often falls short
when it comes to conveying meaning. But we do possess an experience-based
conceptual system. This helps us to reconstruct what another person means.
Sometimes this is only possible through repeated reading and rereading (close
reading) in order to construct a mental structure that is consistent with what
you are reading. Even then, you may still be mistaken; you do not really un-
derstand the text. Lakoff and Johnson state, as previously quoted, [48, p. 3]:
“language is an important source of evidence for what [the conceptual system] is
like.” Text is, in this respect, a widely available medium. But it is a problematic
medium.

Our conclusion, therefore, is that a chatbot, as a conversational partner,
is not an analytical thinking partner, nor can it become one with its current
architecture and through text-only training. Larger and larger models will not
make chatbots more analytical as thinking partners; moreover, there are many
other objections to moving in that direction [8]. Yann LeCun, a leading Al
researcher and Meta’s former Chief AT Scientist, states: “Animals and humans
exhibit learning abilities and understandings of the world that are far beyond
the capabilities of current Al and machine learning (ML) systems.” And he
does not believe that current Al technology is capable of bridging this gap [49].
We agree with him on this point.

10.5 Concept-based interpretability

Metaphorical problem propagation links human thought, human text and the
functioning of LLMs. Research in the field of interpretability shows that it is
possible to identify concepts and properties. If our model is of any use, we
suspect it applies to concept-based interpretability (Section 2.2). After all, our
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model suggests a meta-structure over concepts. We should point out, however,
that we are too far removed from this highly technical field of research to assess
the value of our model.

In any case, if concept-based interpretability succeeds in unravelling the
conceptual structures of LLMs, this might open up the possibility of control-
ling certain properties, such as the various aspects of reliability. That sounds
appealing because the combination of unreliability and robustness — the chat-
bot always has a smooth-running response — has proven dangerous for users
who use chatbots too frivolously or are too trusting [44]. Does concept-based
interpretability offer hope that the risk of accidents can be mitigated?

As we have already argued above, the reasoning ability cannot be improved
and robustness is an inherent characteristic. This leaves only the option of
increasing reliability to reduce the risk of accidents. We can identify a number
of approaches to achieve this: safety barriers, proofs of correctness and redesign.

By ‘safety barriers’, we mean software surrounding an LLM that monitors
the conversation and that intervenes when things go wrong. It is comparable
to an automatic fire extinguisher in a kitchen with a gas hob. Correctness
proofs are mathematically precise methods for demonstrating the properties of
software. Redesign involves configuring an LLM in such a way that it always
behaves correctly.

We believe that all these approaches face a fundamental problem: it is rather
difficult to specify precisely which behaviour is acceptable and which is not. Af-
ter all, we only understand ourselves to a very limited extent. Prejudices, ten-
dencies, and bias present a separate problem within this context [71, 8]. Suppose
one were to succeed in specifying an ‘acceptable’ set of desired properties; in
that case, we expect that demonstrating those properties in an implementation
would be very difficult [31]. So, there are two major obstacles, then.

If, however, both obstacles are overcome convincingly enough — that is, if one
succeeds reasonably well in specifying the desired behaviour and demonstrating
that a system behaves accordingly — then, in accordance with the precautionary
principle, we suspect there will be a strong tendency to maximise reliability [73].
If that choice is made, we suspect it will be at the expense of the playfulness
and associative ability of LLMs. And, we believe, that the usability of chatbots
based on these LLMs would then decline significantly. We disagree with a claim
in the literature that hallucination and knowledge conflict are challenges that
“mainly derive from improper learning data” [86].

It seems that, if chatbots are to be of any use as creative thinking aids, one
must be prepared to settle for a loosely defined and domain-specific “comfort
zone” [42]. And users must themselves take care to remain within that zone and
not be carried away by the illusion that the chatbot is an all-knowing innovation.
It offers some hope that researchers Eric Bigelow and Tomer Ullman, in People
Evaluate Agents Based on the Algorithms That Drive Their Behaviour, found
that, given the chance, people take into account how a system works before
assessing its results [10].
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11 Conclusion

Chatbots are computer programs that serve as conversation partners or sources
of information for humans in written or spoken conversations. Examples include
ChatGPT, Grok, Claude, Deepseek, Gemini, and Lumo. The purpose of this
article is to offer a perspective on the nature of chatbots as genuine conversation
partners regarding problems in relation to their solutions. What can chatbots
do and what can’t they do in that context, and how can this be explained?

Our argument focuses on basic chatbots in the hope of making statements about
the core functionality of chatbots in a general sense. Basic chatbots are assumed
to consist of a Large Language Model (LLM) with a simple interface.

To better understand the behaviour of these chatbots in problem-solving-
driven conversations, we examine the relationship between: human thinking,
human text production, the text dataset used for LLM training, and the func-
tioning of LLMs. We introduce the concept of metaphorical problem propagation
to reflect on this relationship.

A metaphorical problem propagation is a model of the human thinking space,
or a part of it related to a specific issue, consisting of the combination of the
problem concepts from Aggregation Dynamics, the conceptual system of Cogni-
tive Linguistics, and the prediction dynamics from Predictive Processing Theory.

People produce texts. We wonder what the characteristics of those texts
are. We argue that the texts used to train chatbots only partially represent
human thinking. We argue that this is because these texts are purpose-driven,
intended for specific users and closed. We call this static text. Furthermore,
these static texts share similarities because people tend to repeat themselves
when identifying and solving problems; they are less innovative than they think
(the Innovation Illusion); and because of the central role played by metaphors
— which are closely intertwined — in human conceptualisation, the articulation
of thoughts and the composition of texts.

It is well known that neural networks can identify patterns. Our hypothesis
is that, during the learning process, an LLM reconstructs the implicit, reduced
and static metaphorical problem propagations contained within the texts it is
presented with. A prompt makes multiple problem positions and solution steps
statistically more or less plausible. Whether the LLM works out one of the so-
lution steps (which may also be a request for more information) or whether the
chatbot intervenes with a response is not particularly important. The response
alters the landscape of activated problem positions and the subsequent devel-
opment. In that state, the user’s next prompt alters the landscape once more.
A conversation can now be defined as a path through the problem positions in
the LLM’s artificial metaphorical problem propagations and a path through the
user’s metaphorical problem propagations.

A chatbot can think along familiar patterns, look up facts, and generate text
based on known lines of reasoning. That is a far cry from analytical thinking.
Nevertheless, a chatbot can be coaxed into taking creative ‘steps in its think-
ing.” But to do so, the chatbot must be guided. If properly directed, it can find
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analogies in the enormous database at its disposal, and in its unrestrained na-
ture, it can thus establish relationships between systems, situations, or domains
that are new and potentially meaningful. We argue that, for various reasons,
chatbot technology cannot be developed into a reliable, independent, analytical
thinking partner.

Our conclusions align with Yann LeCun’s scepticism and are at odds with the
optimism of Big Tech. That does not change the fact that chatbots exist, that
they are being used on a massive scale, by both individuals and organizations,
and that it is therefore socially and politically important to understand them. A
key question for the discussion in this regard is: for which problem is a chatbot
a solution? Our article aims to help answer that question.
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