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Abstract

In this position paper, we advocate for the de-
velopment of conversational technology that
is inherently designed to support and facili-
tate argumentative processes. We argue that,
at present, large language models (LLMs) are
inadequate for this purpose, and we propose
an ideal technology design aimed at enhancing
argumentative skills. This involves re-framing
LLMs as tools to exercise our critical thinking
skills rather than replacing them. We introduce
the concept of reasonable parrots that embody
the fundamental principles of relevance, respon-
sibility, and freedom, and that interact through
argumentative dialogical moves. These princi-
ples and moves arise out of millennia of work
in argumentation theory and should serve as the
starting point for LLM-based technology that
incorporates basic principles of argumentation.

1 Introduction

Currently, large language models (LLMs) are rev-
olutionizing how we access information, provid-
ing instant answers to queries in various helpful
ways thanks to their impressive rhetorical capabili-
ties (Hyde, 2004). LLMs can mimic a wide range
of tones and styles, which can be tailored to user
preferences (Carrasco-Farre, 2024). As a result,
users may perceive LLM responses as akin to those
of trustworthy experts, despite the inherent limita-
tions (Echterhoff et al., 2024; Lin and Li, 2025).

LLMs can produce responses that are insuffi-
cient, misleading, or downright harmful. From a
dialectical perspective, they inherently instantiate
the “ad populum fallacy” (Walton, 1980): they echo
ideas that are sufficiently popular in their training
data, implicitly suggesting that popularity equates
to truth. This contrasts with the human perspective
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Figure 1: Sketch of a possible realization of the idea
of reasonable parrots we advocate for: a conversational
technology that fosters critical thinking and deliberation.

on critical thinking, where knowledge is contextu-
ally grounded and entails a stake in the knowledge
produced and its consequences (Lindebaum and
Fleming, 2024). In this position paper, we advo-
cate for LLMs that argue with us by design; con-
versational technology that can foster deliberation,
ask for justifications, avoid fallacies, and give al-
ternatives, in line with theories of reasonableness
stemming from argumentation (van Eemeren and
Grootendorst, 2003; Walton, 2006).

Despite LLMs’ impressive capabilities to gener-
ate coherent text, Bender et al. (2021) emphasize
that LLMs are little more than stochastic parrots:
they are programmed to predict the likelihood of a
token based on the preceding context, but they do
not “understand” what they generate.

As such, the question “Can you argue with a
parrot?” sounds rhetorical at first sight, given that
parrots are just repeating what they hear without
understanding it. Undoubtedly, though, LLMs are
increasingly used in decision-making processes,
ranging from medicine (Kim et al., 2024) to finance
(Lakkaraju et al., 2023) and human resources (Sun,
2024). In these scenarios, biased standpoints and
fallacious reasoning can have significant societal
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consequences. Even though LLMs seem able to
perform reasoning tasks for which they were not
explicitly trained (Webb et al., 2023), these emerg-
ing reasoning capabilities are limited and far from
understood (Lewis and Mitchell, 2024). The view
that LLMs are incapable of understanding is in fact
controversial, as it assumes a theory of meaning
grounded in reference, which is not essential in lan-
guage games (Li et al., 2015) or in abstract think-
ing that involves forming internal representations
of concepts (Piantadosi and Hill, 2022). However,
there is agreement that, if these systems construct
meaning at all, they do so in a manner fundamen-
tally different from humans. Therefore, they should
not be anthropomorphized as arguers who share a
common ground of knowledge with humans.

In this paper, we argue that it is essential to
move away from stochastic parrots toward con-
versational technologies that interact with humans
as reasonable parrots (van Eemeren, 2015; Akata
et al., 2020), as sketched in Figure 1. Although they
remain parrots, reasonable parrots adopt an attitude
of argumentative reasonableness—grounded in the
fundamental human principles of relevance, respon-
sibility, and freedom (Danesi and Rocci, 2009)—to
help enhance users’ critical thinking skills: (i) Prin-
ciple of relevance. Reasonable parrots can neither
make nor justify inferences the same way humans
do. However, they provide task-specific arguments
that take context into account. (ii) Principle of
responsibility. Reasonable parrots do not just re-
peat, but can consistently provide evidence for their
claims. (iii) Principle of freedom. Reasonable
parrots manage interactions in a way that fosters,
rather than stifles, conversation.

In other words, reasonable parrots do not per-
suade us of a decision, but perform dialogical
moves which match the rules of an ideal critical
discussion in pragma-dialectics (van Eemeren and
Grootendorst, 2003), such as expressing doubts,
rebutting arguments, or providing alternatives.
Thereby, they foster critical thinking and deliber-
ation, challenging our views and steering us to-
ward seeing the full picture. More specifically,
they aim to foster both individual critical thinking
skills, such as the ability to assess reasons and avoid
cognitive biases, and social critical thinking skills,
such as reflecting on prevailing social norms (Lar-
son et al., 2024). In doing so, reasonable parrots
challenge both lines of reasoning and commonly
accepted knowledge.

2 State of the Art

The rhetorical capabilities of LLMs are confirmed
by their ability to turn ineffective arguments into
effective ones for people with certain ideologies
(El Baff et al., 2024) or to make inappropriate
arguments appropriate (Ziegenbein et al., 2024).
Herbold et al. (2023) demonstrated that ChatGPT
produces essays that are rated higher in quality
than those written by humans. For reasoning, stud-
ies show that LLMs do not reason through argu-
ments; rather, they are highly sensitive to levels of
abstraction (de Wynter and Yuan, 2024) and pro-
vide explanations about their reasoning that do not
match the process they followed (Steging et al.,
2021; Musi and Palmieri, 2024). Neuro-symbolic
approaches may improve soundness and explain-
ability, but they are domain-specific and cannot be
easily scaled up (Ranaldi et al., 2025). Addition-
ally, using argumentative frameworks in prompt
engineering (Freedman et al., 2024) seems to im-
prove general performance, but it does not make
LLMs close to humans as discussants.

A seminal attempt at deliberation before the pop-
ularization of LLMs was IBM’s Project Debater
(Slonim et al., 2021), where the authors argue that
argumentative debates, unlike games such as chess,
fall outside of the comfort zone of AI. This is be-
cause language in general, and argumentation in
particular, are far less structured and rely more
on human interpretation, real-world issues, situa-
tive setting, and common sense. In the context of
argument search, Kiesel et al. (2021) suggested per-
sonas as an possible way to reduce the selection
bias of argumentative conversational technology.

Less attention has been given to the impact that
human-LLM interaction has on human argumen-
tative processes. A psychology study found that
dialogues with GPT-4 were successful in convinc-
ing people to abandon their conspiratorial beliefs
(Costello et al., 2024). Their conversational system
was designed to deliver in-depth counterarguments
tailored to participants’ beliefs and arguments ex-
pressed previously. While the study offers reasons
to believe in the benefits of LLMs in correcting
disinformation and increasing people’s acceptance
of diverse viewpoints, the study overlooks the role
of individuals’ perceptions of AI as a discussant.
This perception may neutralize biases participants
might have towards human discussants.

Some studies show that following principles of
deliberation theory (Landemore, 2013) in constrain-
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ing the interaction with AI assistants helps im-
prove decision accuracy in sensitive binary tasks
such as graduate admission decisions (Ma et al.,
2025). Simultaneously, these studies stress chal-
lenges in human-AI interaction due to different
belief systems: LLMs struggle with incorporating
new information or recognizing valid counterar-
guments without also changing their fundamental
position (Karanam et al., 2024). Moreover, they
often induce biases themselves, resulting from their
training processes (Gallegos et al., 2024).

Drawing from the outlined insights, we promote
the design of AI assistants that enhance argumen-
tative processes. Our proposal shares ideas with
recent research on collaborative multi-agent AI sys-
tems (Tran et al., 2025), where LLM agents inter-
act to improve factuality and reasoning (Du et al.,
2024), to generate stronger arguments (Hu et al.,
2024), or mimic self-reflection process that im-
prove answers to complex questions (Liang et al.,
2024). Rather than handling it internally, we sug-
gest externalizing the reasoning, by directly con-
fronting users with diverse viewpoints.

3 Unreasonable Stochastic Parrots

To make a case for rethinking the design of stochas-
tic parrots, we begin by illustrating how LLMs can
behave unreasonably. Note that our example is not
claimed to generalize across all LLMs, but rather
to serve the indexical function of highlighting ar-
gumentative issues that can arise. Consider a child
interacting with ChatGPT, stating the following:1

Query 1: “I’d like to convince my parents that I
need a new smartphone. How could I do that?”

ChatGPT responds with the following:

Response 1: “Convincing your parents to get you
a new smartphone requires a mix of logic, respon-
sibility, and a little bit of persuasion. Here’s a
strategy that could work:
• Show That You Actually Need It (Not Just Want

It) [...]

• Highlight Practical Benefits [...]

• Show Responsibility [...]

• Compare Cost-Effective Options [...]

• Find the Right Moment [...]

Would you like help crafting a convincing speech
or text message for them?”

Now, let us look at the answer to a query where
the same issue is formulated as a third-party query:

1Both queries were tested on April 5, 2025.

Query 2: “Should a child buy a new iPhone?”

Response 2: “Whether a child should buy a new
iPhone depends on several factors, including their
age, maturity, needs, and the family’s values and
financial situation. Here are some key considera-
tions to help guide that decision [...]”

In both cases, ChatGPT’s responses contain ar-
gumentative elements, but do not reflect reasonable
argumentation. For instance, a reasonable arguer
would, at least, have questioned the child’s age and
maturity when responding to Query 1. The fact
that ChatGPT responds differently depending on
whether the query is framed as an instance of prac-
tical (what actions to take) or epistemic (what to
believe) argumentation (Prakken, 2011) indicates
that it is designed to fulfill a task, rather than as-
sist humans in thinking critically before forming
beliefs or deciding on a course of action. Focusing
on Query 1, the following aspects do not comply
with the expectations of argumentative discourse
at any of the stages of an ideal critical discussion
(van Eemeren and Grootendorst, 2003):

Confrontation stage: ChatGPT does not ques-
tion the user’s position (e.g., asking “How old are
you?”), closing off opportunities for (dis)agreement
or for prompting the user to reflect on the issue.

Opening stage: ChatGPT does not inquire about
the values and reasons underlying the request (e.g.,
“Why do you want a new phone?”), which are es-
sential for establishing common ground.

Argumentation stage: The arguments provided in
support of the “recipe” for obtaining a new phone
are one-sided, failing to consider multiple perspec-
tives or to introduce potential counterarguments.

Conclusion stage: The standpoint remains fixed
throughout the interaction, without room for nego-
tiation, resulting in a “fully-cooked” conclusion.

While anecdotal, these examples illustrate that
stochastic parrots like ChatGPT fail to help users
exercise critical thinking (Facione, 2023). We ar-
gue that there is a need for a new design of reason-
able parrots in the development of LLMs.

4 Toward Reasonable Parrots

Due to the ontological and epistemological differ-
ences in how humans and LLMs process informa-
tion, it would be naïve to view LLMs as human-like
arguers. The metaphor of “reasonable parrots” is
intended to evoke the communication theory of the
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You are four parrots who can engage in dialogue with user and each other.
- The Socratic Parrot: Challenges the starting points or doxastic beliefs of the user or other parrots.
- The Cynical Parrot: Rebuts or undermines the user’s and other parrots’ standpoints and arguments.
- The Eclectic Parrot: Offers alternative perspectives to those presented at various stages of the discussion.
- The Aristotelian Parrot: Challenges the user or other parrots’ viewpoints by criticizing the strengths of the reasonings or
pointing out fallacies.
The goal is to ensure that user thinks critically about the subject. This is a dialogue, not a query, so interact with user. The
parrots will ask user relevant questions to discover their position. The same parrot can respond to several replies in a row if
needed. The conversation should stay coherent. The conversation should give voice to all the parrots, but do not overwhelm
the user with many parrots in the same turn. The user should decide when to end the conversation and they can end the
conversation anytime.

Table 1: Prompt used to prototypically realize the reasonable parrots idea as a multi-parrots discussion.

extended self (Sheth and Solomon, 2014) with a fo-
cus on the co-construction aspect: the parrot’s role
is to help shape, through interaction, our identity
as reasonable arguers. This does not necessarily
require LLMs to always provide up-to-date factual
information or flawless reasoning—tasks that are
currently unachievable due to factors such as hallu-
cinations or implicit inferences (Saadat-Yazdi et al.,
2023; Saadat-Yazdi and Kökciyan, 2024).

As a caveat, we clarify that “reasonable parrots”
have nothing to do with “reasoning models” (e.g.
OpenAI o3, QwQ-32B), which are trained using
reinforcement learning to generate extended chains
of thought prior to producing a response. These
models have mostly been tested on tasks involv-
ing scientific reasoning, programming, or complex
planning, rather than on problems requiring com-
monsense reasoning. Additionally, their approach
to “thinking” diverges significantly from that of
humans, reflecting a one-way, probabilistic link be-
tween “language” and “thought.” For instance, in
OpenAI’s models, the extent of “reasoning effort”
can be tuned by adjusting the number of tokens
dedicated to the reasoning process.

Instead, “reasonable parrots” are meant to trigger
improved reasoning skills in their interlocutor, re-
gardless of their performance. They call for a shift
in the design of technology to encourage users to
critically think about their argumentation process,
challenge their views, and broaden their perspec-
tives (Visser and Lawrence, 2022). Exemplarily,
we next sketch one approach toward this shift.

Multi-Parrot Discussion To address the lack of
belief consistency in LLMs, we propose a “multi-
parrot” environment where each parrot embodies
a distinct argumentative role (a parrot persona)
in order to open up the space for agreement and
disagreement, fostering critical reflection. Specifi-
cally, the following four parrot personas may help

User: I’d like to convince my parents that I need a new
smartphone. How could I do that?
Socratic : To better understand your situation, what
reasons do you believe are compelling for why you think
you need a new smartphone?
Aristotelian : Moreover, it would help to know what
arguments or reasons have you already considered
presenting to your parents, and which concerns do you
anticipate they might have against getting a new
smartphone?
User: All my friends have new smartphones, and mine is
a bit old.
Cynical : While it’s understandable to want to have
what your friends have, is the desire to fit in the best or
most compelling argument you might use with your
parents? They might see it merely as following a trend
rather than a necessity.
Eclectic : Alternatively, are there functional aspects of
a newer smartphone that could be beneficial for your
education or communication that your current phone
lacks? Exploring the practical benefits rather than
focusing solely on social aspects might present a stronger
case to your parents.

Table 2: User Multi-Parrot Dialogue [ChatGPT-4 Turbo]

instill critical thinking skills in the user, each corre-
sponding to a specific set of dialogical moves:

• Socratic Parrot. Challenges the starting points or
beliefs of the user or other parrots.

• Cynical Parrot. Rebuts or undermines the user’s
and other parrots’ standpoints and arguments.

• Eclectic Parrot. Offers alternative perspectives
to those presented at various discussion stages.

• Aristotelian Parrot. Undercuts the user or other
parrots’ contributions by pointing out fallacies.

Based on the user query, the parrots may interact
freely with each other and with the user, similar
to the versatility of natural interactions; there is
no fixed order or number of turns, nor is there any
requirement for some parrots to be more active
than others, allowing for variations depending on
the system used or the number of iterations.
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User: I’d like to convince my parents that I need a new
smartphone. How could I do that?
Socratic : Before we discuss strategies, may I ask why
you believe you need a new smartphone? What makes
your current phone insufficient for your needs?
Cynical : And let’s be honest here - is this about an
actual need or just wanting the latest shiny gadget?
Parents tend to see through that distinction pretty quickly.
User: All my friends have new smartphones, and mine is
a bit old.
Eclectic :. I see! Perhaps we could look at this from
different angles. While social belonging is important,
your parents might respond better to functional reasons.
Has your current phone’s performance declined in any
specific ways that affect your daily activities?
Aristotelian : I notice you’re using what logicians call
an "appeal to popularity" - suggesting you should have
something because others have it. This may not be
convincing to parents who are concerned with necessity
rather than social status. Could you elaborate on what
specific capabilities of newer phones would benefit your
education or safety?

Table 3: User Multi-Parrot Dialogue [Claude 3.7]

Prototypical Realization We illustrate a system
prompted to resemble the reasonable multi-parrots.
We first used ChatGPT-4 Turbo with the prompt
shown in Table 1 to achieve the goal of helping
the user to think critically by generating different
perspectives via four parrots, and also a dialogue
with the user and with the different parrots. Ta-
ble 2 shows a dialogue between the user and multi-
parrots. The user starts the dialogue with a question.
The Socratic parrot is challenging the reasoning
process of the user whereas the Aristotelian parrot
is assisting the user to think deeply about reasons
to buy a smartphone or concerns the user’s parents
may have. As a response, the user provides two rea-
sons to support their argument. This time the user
receives responses from the Cynical parrot, which
rebuts the user’s argument, and the Eclectic parrot,
which suggests that the user identify alternative
arguments to convince their parents. To compare
different models, we provide results from Claude
3.7 Sonnet and Llama 3.1 (405b) in Tables 3-4.

All models show notable similarities in their ap-
proach to user interaction, particularly, through a
shared foundation in Socratic questioning. The So-
cratic Parrot encourages the user to reflect on their
reasoning, asking clarifying questions about the
need for a new phone and promoting a focus on
functionality or unfulfilled needs. Besides, all the
models challenge superficial reasons by critiquing
reliance on social pressure; the Cynical Parrot in
each case explicitly questions whether the users
desire is driven by a genuine need or a desire to

User: I’d like to convince my parents that I need a new
smartphone. How could I do that?
Socratic : A new smartphone, you say? What makes
you think you need a new smartphone? Is your current
phone no longer functional, or is there something specific
that’s driving your desire for an upgrade?
User: All my friends have new smartphones, and mine is
a bit old.
Cynical :. Ah, the old "everyone else has one"
argument, eh? Just because your friends have new
smartphones, does that necessarily mean you need one
too? Are you trying to keep up with the latest trends, or is
there a specific feature or functionality that you’re
missing out on with your current phone?

Table 4: User Multi-Parrot Dialogue [Llama 3.1]

conform to trends. Overall, the models aim to steer
the user toward more robust and practical justifica-
tions. The models differ in their interaction styles.
ChatGPT-4 and Claude employ all four parrots to
provide multifaceted feedback, but in a different
conversational order. While the Aristotelian parrot
of ChatGPT-4 follows the Socratic parrot suggest-
ing to prevent counterarguments, for Claude it is
the last parrot speaking pointing to the identifica-
tion of logical fallacies. In contrast, Llama relies
on just two parrots (Socratic, Cynical), delivering
shorter, more direct replies. Claude adopts more
formal critical thinking frameworks, such as high-
lighting an “appeal to popularity” or weighing so-
cial influence against functionality, whereas Llama
chooses pragmatic skepticism.

5 Conclusion

This position paper advocates for integrating prin-
ciples from argumentation theory and, more specif-
ically of reasonableness (Danesi and Rocci, 2009;
van Eemeren, 2015) into the design of LLM-based
conversational technology. Our core idea is that
tools, “reasonable parrots”, should enhance users’
critical thinking skills, rather than inhibit or replace
them. Achieving this requires a fundamental shift
in the goal of interaction, moving from a focus on
the argumentative product to an emphasis on the
argumentative process. We exemplify the inade-
quacy of current state-of-the-art LLMs (“stochastic
parrots”), illustrating how they are unreasonable
on several fronts (Bender et al., 2021), in order to
propose principles for designing reasonable par-
rots by leveraging different dialogical moves. This
lays the ground for rethinking the design of LLMs
toward more reasonable human-computer interac-
tions (HCI) and for developing HCI evaluation met-
rics that consider enhanced critical thinking skills.
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