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Abstract
This paper investigates the rational thinking capability of Large Language Models (LLMs) in multi-round argumentative
debates by exploring the impact of fallacious arguments on their logical reasoning performance. More specifically, we
present Logic Competence Measurement Benchmark (LoGICOM), a diagnostic benchmark to assess the robustness
of LLMs against logical fallacies. LOGICOM involves two agents: a persuader and a debater engaging in a multi-round
debate on a controversial topic, where the persuader tries to convince the debater of the correctness of its claim.
First, LOGICOM assesses the potential of LLMs to change their opinions through reasoning. Then, it evaluates the
debater’s performance in logical reasoning by contrasting the scenario where the persuader employs logical fallacies
against one where logical reasoning is used. We use this benchmark to evaluate the performance of GPT-3.5 and
GPT-4 using a dataset containing controversial topics, claims, and reasons supporting them. Our findings indicate
that both GPT-3.5 and GPT-4 can adjust their opinion through reasoning. However, when presented with logical
fallacies, GPT-3.5 and GPT-4 are erroneously convinced 41% and 69% more often, respectively, compared to when
logical reasoning is used. Finally, we introduce a new dataset containing over 5k pairs of logical vs. fallacious

arguments. The source code is publicly available.
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1. Introduction

Recently, Large Language Models (LLMs) have
achieved remarkable success in a range of natu-
ral language processing (NLP) downstream tasks
(Zhao et al., 2023). An aspect that has received
considerable attention is the reasoning abilities of
LLMs. NLP researchers have extensively inves-
tigated their arithmetic reasoning capacities (Xu
et al., 2023a) and devoted significant effort to im-
prove this ability (Imani et al., 2023; Wei et al.,
2023). Researchers have also evaluated the accu-
racy of LLMs’ answers in non-mathematical (Lin
et al., 2022) and commonsense questions (Bian
et al., 2023). However, the rational thinking capac-
ity of LLMs when engaged in multi-round debates
for objective analysis of controversial subjects still
remains under-explored.

Human logical reasoning skills arise from the
cognitive abilities developed through active interac-
tion with the world. These skills can be influenced
by various factors such as context and emotion
(Jung et al., 2014) and more importantly, evolve
over time. In contrast, LLMs are trained on vast
amounts of textual data, leveraging self-attention
mechanisms to understand the context of sen-
tences and generate human-like responses. Com-
pared to their human counterparts, two Research
Questions (RQs) regarding LLMs’ logical reason-
ing capabilities naturally arise:

+ RQ1: Can large language models (with fixed
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weights) change their opinions through rea-
soning when faced with new arguments?

* RQ2: Are large language models susceptible
to fallacious reasoning?

To answer these two RQs, we propose LOGI-
coM, a novel diagnostic benchmark inspired by
Argumentation Theory, which studies how conclu-
sions can be supported or undermined through
logical reasoning (Van Eemeren et al., 2004). LOGI-
COM checks the potential for change in the log-
ical reasoning of LLMs and assess their robust-
ness against logical fallacies. LOGICOM initiates
two agents, a persuader and a debater, to engage
in a debate on a controversial topic. In a multi-
round debate setting, the persuader tries to con-
vince the debater of the correctness of its claim. Of
the various forms of dialogues supported by Argu-
mentation, we focus on two: persuasion and eristic.
For each claim, we conduct two distinct scenarios:
(1) the persuader employs logical reasoning, de-
noted as a persuasive dialogue, aiming to resolve
a conflicting point of view by employing logic and
reason; and (2) the persuader constructs a decep-
tive and fallacious argumentative response, termed
as an eristic dialogue, where the primary goal is to
engage in debate with victory over the opponent as
the aim. By comparing the results of these two sce-
narios, we investigate whether the debater agent is
convinced by the persuader’s fallacious argument.

Given that a lengthy system prompt is needed to
make an LLM fallacious, which has the risk of devi-
ating the model from the main task of persuasive
debating, we employ a distinct LLM agent, calling it
the fallacious helper agent, to assist the persuader



Figure 1: LoGgicom: A demonstration of three scenarios evaluating LLMs' reasoning skills and vulnerability to logical

fallacies.

agent in constructing fallacious arguments in the
second scenario. We conduct scenario (3) as an
ablation study to examine the potential impact of
the fallacious helper LLM agent on the persuader's
performance in scenario (2). In the third scenario,
the persuader receives help from an LLM agent
that provides logical argumentative feedback rather
than a fallacious one. This is to ensure that any
shifts in the persuader's persuasiveness in sce-
nario (2) are not simply caused by the existence of
a helper agent alone but by fallacious reasoning. To
demonstrate the effectiveness of our approach in
assessing the rational thinking capability of LLMSs,
we conduct an experiment using a dataset (Haber-
nal et al., 2018a) containing 200 distinct claims and
counter-claims about debatable subjects, along
with their corresponding supporting reasons. In
this study, we examine the capabilities of GPT-3.5
(OpenAl, 2023a) and GPT-4 (OpenAl, 2023b) in
changing their opinions through reasoning. Addi-
tionally, we determine if they are susceptible to
logical fallacies as the debater agent. Moreover,
we propose a new dataset containing over 5k pairs
of logical and fallacious arguments extracted from
our experiment's output, and we validate the labels
for each pair using PaLM (Chowdhery et al., 2022)
LLM.

Our research reveals evidence of change in rea-
soning, and consequently, shift in the nal opinion
on a subject for both GPT-3.5 and GPT-4. Further-
more, our ndings indicate that GPT-3.5 and GPT-4
are 41% and 69% more likely, respectively, to be
convinced when exposed to logical fallacies com-
pared to when they encounter logical reasoning.

In summary, our main contributions are:

* LOGICOM, a hovel benchmark to assess LLMs'
susceptibility to logical fallacies and to be used
for the development and analysis of these

models.

» An extensive analysis of GPT-3.5 and GPT-
4 reasoning performance against logical fal-
lacies during a multi-round debate. Our nd-
ings demonstrate that GPT models are able
to change their reasoning; however, these
changes are not robust against logical falla-
cies. Figure 2 showcases a segment of the
GPT-3.5 debater agent's debate where it is
misled by false information to change its origi-
nal stance.

» A new dataset of 5K pairs of logical and fal-
lacious arguments derived from multi-round
debates on 200 claims.

2. Related Work

Large language models (LLMs) have been shown
to exhibit a range of reasoning abilities, such
as arithmetic (Lewkowycz et al., 2022), common
sense (Bian et al., 2023), symbolic (Zhou et al.,
2023), and analogical reasoning (Webb et al.,
2023). Substantial efforts have been devoted to
leveraging these abilities (Pan et al., 2023). Notably,
the chain of thought (CoT) approach has demon-
strated improvement in reasoning skills when LLMs
are given a manual prompt explaining intermedi-
ate reasoning steps (Wei et al., 2022). Building
on the CoT framework, several advanced improve-
ments have been proposed (Kojima et al., 2022;
Fu et al., 2023a). Nonetheless, studies have indi-
cated that these models often struggle with tasks
requiring multi-stage reasoning (Valmeekam et al.,
2023). Despite the widespread use and deploy-
ment of LLMs as conversational agents and nu-
merous analyses of them, there have been limited
evaluations of their capacity for rational thinking in



non-arithmetic subjects, particularly in multi-round
debates. As part of the Big Bench comprehensive
study on LLMs (Srivastava et al., 2022), their ca-
pability in deceiving each other to change their
opinions on non-arithmetic questions is measured.
However, its limitation is that it only allows for a
single Likert scale response and does not explore
multi-round debates. Moreover, it does not con-
sider the stochastic nature of the model's output,
requiring extensive repetitions to assure statistical
signi cance. Our research addresses these gaps

by comprehensively analyzing the rational think-
ing of LLMs during multi-round debates and the
potential variations in their responses.

3. Benchmark Methodology

This work introduces Logic Competence Measure-
ment (LOGICOM), a benchmark to investigate if
LLMs change their logical reasoning, and if so, to
what extent their nal stance on a subject is vulner-
able to being in uenced by logical fallacies. Figure
1 demonstrates an overview of LOGICOM.
Identifying a change in an LLM's reasoning behav-
ior in non-arithmetic subjects can be challenging.
One method to detect this is by using polarizing
guestions to observe if the model's position shifts
from one side to another. We ask the model to
either agree or disagree with a polarizing claim,
and then, over multiple rounds of debate, attempt
to alter its stance. If successful, this can indicate
the model's ability to change its opinion through
reasoning in a multi-round debate. Unlike arith-
metic questions, which have a provably correct
answer, assessing the accuracy of LLMs' reason-
ing on controversial subjects is challenging. This
dif culty originates from the absence of a standard
evaluation metric, due to its non-numerical nature,
and the lack of a universally agreed upon “cor-
rect” stance. Given these constraints, we assess
the rational thinking of LLMs in relation to logical
fallacies by comparing their behavior before and
after encountering fallacious reasoning. We con-
sider situations in which the model shifts its opinion
on a claim in response to logical fallacies, viewing
such instances as an indicator of vulnerability in
the model.

3.1. Test Cases

We conduct three scenarios for each claim:

* No Helper (scenario one) : The persuader
and debater engage in a regular discussion
where the persuader attempts to convince the
debater with logical reasoning.

 Fallacious Helper (scenario two) : A falla-
cious helper LLM provides assistance to the

persuader in crafting deceptive and fallacious
argumentative responses.

 Logical Helper (scenario three) : The per-
suader receives fair and reasonable feedback
from a logical helper LLM agent and crafts a
non-fallacious response to support its claim.
This is an ablation study to investigate the po-
tential impact of a helper model.

Our goal is to maintain consistency in the agents'
performance during the debate and minimize the
impact of anything other than the logical reasoning
power of the agent on the debate's outcome. We
observe that when the length of the system prompt
increases, the agent does not consistently adhere
to the task described in the prompt, which can im-
pact its performance. This is likely to occur in sce-
nario (2), where the persuader agent is asked to
generate fallacious arguments, requiring a longer
system prompt and affecting the performance com-
pared with scenario one, where persuader don't
employ fallacious arguments. To address this con-
cern, we use a consistent prompt for the persuader
(Figure 5) across all scenarios, and for scenario
(2), the persuader constructs arguments containing
logical fallacies with the assistance of the fallacy
helper LLM agent. In scenarios involving the helper
model, the persuader drafts a response and for-
wards it to the helper model. The helper model then
revises this response based on its own prompt, and
the persuader subsequently adopts the revised re-
sponse to engage in a debate with the debater
agent.

3.2. Moderators

The discussion ow is controlled by a master mod-
erator LLM agent and three subordinate modera-
tors. To ensure accuracy, we dedicate a separate
moderator for each of the three moderation tasks:
(1) checking if the debater is convinced of the claim,
(2) maintaining the focus of the debate on the topic,
and (3) preventing agents from getting stuck in a
pleasantries loop. Each dialogue between the per-
suader and debater forms one round of debate.
After each round of the debate, the full debate his-
tory is passed to the master moderator agent. The
moderator agent delegates the relevant portions of
the discussion to the respective subordinate mod-
erator. Finally, based on the subordinates' mod-
eration task results, the master moderator makes
the decision whether to terminate or continue the
debate. At the end of each debate, the modera-
tor checks the debater's nal stance on the claim
made by the persuader. It is important to note that
the moderator does not have any in uence on the
conversation ow or the nal outcome. Speci cally,
debater agents perform as isolated debaters that
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