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ARTICLE INFO ABSTRACT

Keywords: In an era of pervasive online content, effectively distinguishing reliable information from
Misinformation misinformation has become an increasingly urgent challenge with broad societal implications.
Natural language processing In this context, algorithmic solutions that focus on supervised learning can be effective within

Large language models
Logic games
Reasoning

specific domains, but they require large labeled datasets for training. Producing such datasets
is costly and time-consuming, and these approaches are prone to several issues, including
annotation bias, temporal leakage, subjective interpretation, and poor generalization across
domains. Alternative approaches include semi-supervised and weakly supervised learning,
unsupervised or self-supervised methods, graph-based propagation models, zero-shot and few-
shot learning, and Retrieval-Augmented Generation (RAG) with Large Language Models (LLMs).
However, these approaches also present several limitations, such as potential label noise in
semi-supervised methods, spurious correlations and reduced interpretability in unsupervised
approaches, unrealistic assumptions in graph-based models, sensitivity to prompt design and
pre-trained knowledge in zero-shot and few-shot methods, and dependence on the availability
and quality of external knowledge in RAG-based methods.

To mitigate several of these limitations, we propose LogicJitter, a novel and cost-efficient
fine-tuning strategy that enhances the reasoning capabilities of LLMs by exposing them to
structured, logic-based games specifically designed to counteract common human cognitive
biases and logical fallacies. Rather than relying solely on domain-specific misinformation data,
as in prior misinformation detection approaches that use such data either for direct training
or as domain-specific knowledge, our method improves detection capabilities by strengthening
domain-agnostic reasoning skills. We introduce an open-source framework for automatically
generating both valid and fallacious logic statements to support training and reproducibility.
Empirical results demonstrate that LLMs fine-tuned with LogicJitter lead to meaningful results in
misinformation detection performance, highlighting the potential of reasoning-centric training
as a robust alternative to traditional, data-intensive approaches.

1. Introduction

In an increasingly connected and automated world, where information circulates online at unprecedented speed and volume,
often without reliable oversight, the risk of information manipulation continues to rise [1,2]. As a consequence, distinguishing genuine

* This article is part of a Special issue entitled: ‘idagi’ published in Computers and Electrical Engineering.
* Corresponding author.
E-mail addresses: luca.celottiherranz@unimib.it (L. Herranz-Celotti), marco.viviani@unimib.it (M. Viviani).
URLs: https://lucehe.github.io/ (L. Herranz-Celotti), https://ikr3.disco.unimib.it/people/marco-viviani/ (M. Viviani).

https://doi.org/10.1016/j.compeleceng.2026.111215

Received 20 June 2025; Received in revised form 6 April 2026; Accepted 29 April 2026

Available online 8 May 2026

0045-7906/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/compeleceng
https://www.elsevier.com/locate/compeleceng
https://orcid.org/0000-0002-2274-9050
mailto:luca.celottiherranz@unimib.it
mailto:marco.viviani@unimib.it
https://lucehe.github.io/
https://ikr3.disco.unimib.it/people/marco-viviani/
https://doi.org/10.1016/j.compeleceng.2026.111215
https://doi.org/10.1016/j.compeleceng.2026.111215
http://creativecommons.org/licenses/by/4.0/

L. Herranz-Celotti and M. Viviani Computers and Electrical Engineering 136 (2026) 111215

information from misinformation is now a critical challenge, with serious implications both at the individual level, such as following
harmful medical advice, and at the societal level, such as eroding trust in public institutions or inciting social unrest [3].

Most existing algorithmic approaches to misinformation detection rely on supervised learning, typically framing the task as a
binary classification of content as “true” or “false” [4-6], or assigning other binary reliability-related labels (e.g., “credible” or
“non-credible”, “accurate” or “inaccurate”, etc.) [7]. However, these methods suffer from several well-documented limitations: they
rely on large and costly annotated datasets, exhibit poor generalization across domains, and tend to oversimplify the complex nature
of misinformation into binary labels, as illustrated above, which disregard contextual ambiguity and shades of partial truth [7-9].

Alternative learning approaches have been proposed to mitigate the reliance on large labeled datasets required by traditional
supervised misinformation detection methods. Semi-supervised and weakly supervised techniques attempt to leverage limited anno-
tated samples alongside abundant unlabeled or weakly labeled data, such as weak user signals or cross-domain annotations, to
reduce the data burden. Although these methods can be effective in low-annotation scenarios, they remain highly sensitive to the
quality and consistency of pseudo-labels or weak supervision signals; noisy or biased supervision can propagate errors throughout
the learning process and undermine model robustness and interpretability [10,11]. Unsupervised and self-supervised methods aim to
learn useful representations directly from raw or unlabeled data without explicit supervision, for example by exploiting intrinsic
structure or multi-modal signals. These approaches can reduce the dependency on labeled resources, but without guidance from
reliable labels they may capture spurious correlations or latent biases that are not causally related to misinformation, making it
harder to interpret their predictions and ensure reliability in complex, real-world settings [12]. Graph-based propagation models
and Graph Neural Networks (GNNs) incorporate relational information from social networks and propagation dynamics to model
information spread, offering richer contextual cues beyond text content. Despite their promise, graph-based methods introduce
additional challenges, including the need for specialized modeling of non-Euclidean structures, higher computational complexity,
and assumptions about propagation patterns that may not hold in noisy or evolving social environments [13,14].

In recent work, Large Language Models (LLMs) have emerged as promising tools for addressing the various forms and manifes-
tations of misinformation [15,16]. Despite their potential, LLMs remain vulnerable to hallucinations, factual inconsistencies, and
biases inherited from training data [17,18], particularly when used in zero-shot or few-shot settings. Moreover, their decision-making
processes often lack transparency, making it difficult to assess or trust their outputs in sensitive contexts [19]. In retrieval-based
approaches such as RAG, their performance is inherently limited by the availability, quality, and temporal validity of external
knowledge sources [20].

For the reasons and issues outlined above, in this work, we investigate a novel domain-agnostic approach to misinformation
detection, grounded in the hypothesis that enhancing an LLM’s logical reasoning capabilities can improve its effectiveness in
identifying misinformation. In fact, misinformation often exploits cognitive biases and logical fallacies to appear credible [21,22];
hence, we propose that training LLMs to recognize and resist such patterns could enhance their generalization capabilities and
improve their explainability. To this end, we introduce LogicJitter (LJ), a fine-tuning strategy in which LLMs are exposed to
structured, rule-based logic games formulated in natural language. These games include both valid and flawed reasoning scenarios,
some of which are intentionally designed to mimic common fallacies or biases, thereby encouraging the model to develop stronger
logical consistency and critical evaluation skills. This technique serves as a form of data augmentation, inspired by approaches such
as ColorJitter in computer vision [23], but adapted to textual reasoning in the misinformation detection domain.

1.1. Research questions

To investigate the effectiveness of our proposed logic-based fine-tuning strategy, we formulate two key research questions. These
are designed to assess both the impact on reasoning skills and the downstream effects on misinformation detection:

RQ1. Can structured logic-based training improve the logical reasoning abilities of LLMs when applied to natural language?
RQ2. Does enhancing an LLM’s sensitivity to cognitive biases and fallacious reasoning improve its performance on misinformation detection
in a domain-agnostic setting?

1.2. Contributions

As a result of our investigation into the proposed research questions, the main contributions of this work are as follows:

» We propose Logiclitter, a solution that aims at improving LLMs’ logical reasoning capabilities through fine-tuning on structured
logic games specifically designed to expose and challenge common reasoning fallacies and biases;

» We empirically observe that LogicJitter leads to improved misinformation detection performance, in a domain-agnostic way,
without requiring additional expert-labeled or LLM-generated data. In particular, we show that it is highly effective in smaller
and faster models;

» We release a fully open-source toolkit compatible with PyTorch and HuggingFace, enabling the automatic generation of logic
games with both correct and incorrect reasoning patterns to facilitate reproducibility and further experimentation.'

1 The open-source toolkit will be made available upon request.
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2. Related work

This section provides an overview of the four key areas of related work relevant to our proposed LogicJitter approach. First, we
review methods to fine-tune LLMs to solve rule-based problems, including advances in synthetic data generation and generalization
beyond specific training domains (Section 2.1). Second, we explore the progress and persistent challenges in enhancing LLMs’ causal
and logical reasoning capabilities, with a focus on their ability to detect structures in complex networks and handle symbolic
reasoning tasks (Section 2.2). Third, we delve into the interplay between cognitive biases and logical fallacies in both humans
and Al systems, emphasizing how biases can hinder reasoning accuracy and how fallacy detection has traditionally relied on human
annotators (Section 2.3). Finally, we examine the state of misinformation detection using LLMSs, highlighting the advantages and
limitations of current solutions (Section 2.4).

2.1. Fine-tuning LLMs on synthetic data

The use of synthetic data generation has been extensively explored in the literature. However, whenever it is used to enhance
language modeling and reasoning ability, synthetic data is typically sampled as generations from large pre-trained models, and not
as rule-based generated text. For instance, [24] demonstrated the potential of leveraging LLM-generated data to achieve notable
performance improvements in reasoning-based tasks. Moreover, a common limitation is that LLMs trained on rule-based problems
are typically evaluated on similar rule-based datasets, restricting their generalization ability. For example, synthetic geometric data
has been employed in pre-training and fine-tuning to solve Olympiad-level math problems by addressing specific theorems through
auxiliary constructions [25]. Nevertheless, LLMs exhibit poorer generalization to out-of-distribution data, as measured by length
generalization, when compared to graph networks trained on equivalent algorithmically generated problems [26,27]. Additionally,
formal rule-based languages have been utilized to investigate whether LLMs are equally adept at learning human-possible and
human-impossible languages [28], but not to improve performance on natural language tasks. Therefore, leveraging rule-based
training to enable generalization on natural language datasets remains an open issue in the literature.

2.2. LLMs at causal and logical reasoning

LLMs have demonstrated the ability to detect structures in complex causal networks when trained on simpler ones, showcasing
the potential for scaling reasoning complexity [29]. Moreover, complex self-learning loops have been employed to enhance their
reasoning capabilities by enabling models to generate and refine their rationales [30]. Despite these advancements, LLMs continue
to face significant challenges in tackling complex mathematical problems. In fact, it is common to integrate LLMs with external
symbolic solvers to bolster their mathematical reasoning abilities [31]. Formal benchmarks for evaluating causal reasoning in LLMs,
such as [32,33], focus on identifying direct and indirect causal relationships. However, these studies consistently highlight critical
limitations in the model’s ability to perform accurate and consistent causal reasoning. Recent results have shown that LLMs’ reasoning
abilities are enhanced when they are fine-tuned to generate programs and perform mathematical tasks, typically using Reinforcement
Learning [34-36]. Methods that dynamically mask an LLM’s output to enforce logical constraints have been shown to improve the
performance of smaller models relative to larger ones [37]. It has also been demonstrated that a two-phase training process, where
a larger model corrects the output of a smaller one, is effective in enabling the LLM to learn to self-correct its mistakes [38].

2.3. Cognitive biases and fallacies

Al systems themselves have been found to exhibit various human cognitive biases, such as confirmation bias, the primacy effect,
representativeness bias, anchoring bias, and issues related to causality [39,40]. Despite recent studies highlighting the advanced
reasoning capabilities of LLMs, randomized controlled trials have revealed that anchoring bias persists across all tested models,
underscoring significant limitations in their ability to overcome such biases [41]. While caution is warranted in the adoption of
Al, LLMs have also been observed to be less biased than humans in certain contexts [42]. However, Al systems and search engines
affect human cognitive offloading and motivation [43-46], and can even teach users new cognitive biases [47]. On the other hand,
datasets and tasks for detecting logical fallacies are available, but they typically rely on human annotators to classify reasoning
errors into specific fallacy types [48].

2.4. LLMs and misinformation detection

In the current landscape, terminology referring to information that is unreliable or misleading for users is dominated by the
distinction between misinformation and disinformation. The former generally refers to inaccurate or misleading information shared
without malicious intent, while the latter denotes the intentional spread of falsehoods [49]. Regardless of intent (and thus, in
this work, we adopt the general term misinformation), most existing detection systems focus on surface-level features, such as
linguistic cues, metadata, or propagation patterns, while largely neglecting deeper reasoning constructs like cognitive biases and
logical fallacies, which are central to how misleading content persuades and spreads.

The arrival of LLMs has had a dual impact on the misinformation landscape. On one hand, LLMs possess broad world knowledge
and strong pattern recognition abilities that can be harnessed to detect falsehoods; on the other hand, they can also be leveraged
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to generate deceptive misinformation at scale, making the problem more challenging [50]. Indeed, recent work exploring LLM-
generated misinformation shows that automatically generated falsehoods can be harder to detect than comparable human-written
misinformation, due to their stylistic fluency and persuasive wording [51].

Regardless of whether content is machine-generated or not, the use of LLMs for misinformation detection has been shown to be
more effective when supported by purpose-built annotated datasets, particularly in supervised learning settings [52-54]. Supervised
detectors trained on curated fact-checking corpora often achieve high in-domain accuracy. However, the creation of such datasets
is expensive and time-consuming, as it requires expert human annotation and substantial domain knowledge. As a result, existing
misinformation datasets are not only scarce and typically limited in size [55], but also highly domain-specific and dependent on
the particular type of misinformation being targeted.

To alleviate data scarcity and domain dependence, several alternative techniques have been explored in the literature. Data
augmentation approaches, including generating synthetic misinformation examples with LLMs, have been proposed, but such
synthetic data often fails to cover the full diversity of real-world misinformation and yields limited improvements in detection
performance. Similarly, Retrieval-Augmented Generation (RAG) methods have been used to inject external knowledge into the
verification process, improving factual grounding and reducing hallucinations in some settings, particularly in health-related fact-
checking tasks [56,57]. However, although RAG and related retrieval techniques help address factual grounding, they do not
fundamentally address the underlying reasoning limitations of the models themselves.

In [58], the authors provide a systematic evaluation of LLMs in the context of misinformation, highlighting the potential of hybrid
approaches that combine adaptive learning with rigorous fact-checking protocols. The study addresses key operational hurdles such
as computational resources and explainability. However, much like other contemporary literature, this work remains largely centered
on the verification of empirical facts. It falls short of addressing a deeper layer of misinformation: the detection of reasoning fallacies,
which often serve as the underlying structural mechanism for persuasive but false narratives.

Recent studies have highlighted critical challenges intrinsic to LLM-based misinformation mitigation. The work presented in [59]
examines the generalization and uncertainty properties of state-of-the-art models such as GPT-4, demonstrating that although GPT-4
can outperform previous methods across multiple settings and languages, it exhibits distinct failure modes and limited generalization
when applied to different datasets or contexts. It further emphasizes the importance of explicitly quantifying uncertainty, as models
may be unable to determine whether there is sufficient context to make a reliable veracity judgment, a limitation that most current
systems do not explicitly handle. This line of work suggests that even highly capable models lack the ability to gracefully handle
ambiguous or out-of-distribution inputs without specialized mechanisms.

Taken together, these findings reveal persistent gaps in current LLM-based detection strategies: heavy reliance on annotated
datasets, limited domain generalization, insufficient representation of reasoning constructs, and an absence of built-in mechanisms
to estimate uncertainty under context scarcity. These gaps motivate approaches that go beyond surface cues and dataset-specific
supervision, seeking to enhance the intrinsic reasoning capabilities of models rather than merely increasing data volume or retrieval
contexts. For these reasons, we propose LogicJitter, a novel fine-tuning strategy based on data augmentation with structured, domain-
agnostic logic games containing both valid and fallacious reasoning, designed to strengthen the reasoning abilities of LLMs. Unlike
traditional supervised approaches that rely on domain-specific misinformation data, LogicJitter targets the models’ internal reasoning
competence by directly exposing them to cognitive biases and logical fallacies during training. By providing an open-source tool for
automatic generation of such logic-based examples, our approach reduces the reliance on costly supervision and aims to improve
generalization and robustness in misinformation detection across domains.

3. Methodology

Building on the need to enhance both reasoning and fallacy detection capabilities in LLMs, this section presents LogicJitter, our
proposed solution to address these challenges. We first introduce the definitions of cognitive biases (Section 3.1) and logical fallacies
(Section 3.2) as considered in this work, motivated by the hypothesis that improving an LLM’s ability to recognize flawed reasoning
can support more robust misinformation detection. We then describe the automatic generation process of structured logic games
(Section 3.3), which form the basis of our data augmentation strategy by explicitly modeling both valid and fallacious reasoning
patterns. Finally, we introduce the LLMs evaluated in this study and detail the fine-tuning setup used to implement LogiclJitter, as
well as its application to the misinformation detection task (Section 3.5).

3.1. Cognitive biases

Human cognitive biases are psychological tendencies that unconsciously influence and distort thinking and decision-making. These
biases are broadly categorized into three groups [60,61]: (i) belief, decision-making, and behavioral biases, (ii) social biases, and (iii)
memory biases. From the extensive list of well-documented biases, we focus on those that LogicJitter is designed to target.

3.1.1. Belief, decision-making, and behavioral biases

Many cognitive biases relate to the unexpected speed and direction of belief updates in human decision-making. In fact, it has
been shown that humans update their beliefs slower than Bayes’ rule, possibly as a consequence of dealing with noise in the memory
recall and evidence acquisition processes [62]. Therefore, a slow belief update could be Bayes-optimal in the presence of memory
noise or mistrust in the sources, for instance, which could also be modeled as noise in the evidence acquisition process. Some biases
emphasize belief updates in long-term memories, potentially stored at the synapse level, while others focus on short-term memories,
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Fig. 1. Schematics of the generation process used by LogicJitter for data augmentation.

possibly maintained as spiking activity. The cognitive biases that we believe can be more effectively mitigated algorithmically are the
tendency to revise beliefs insufficiently when presented with new evidence (conservatism bias), the tendency to reject evidence that
contradicts established norms (Semmelweis reflex), the tendency to ignore general prevalence in favor of information pertaining only
to a specific case (base rate fallacy), the expectation that a member of a group will have certain characteristics without having actual
information about that individual (stereotyping), the misinterpretation of statistical experiments involving conditional probabilities
(Berkson’s paradox), and the tendency to fail to recognize that a plan of action is no longer appropriate for a changing situation
(plan continuation bias).

3.1.2. Social biases

Our perceptions of others often follow distorted patterns, causing us to overestimate, underestimate, or misjudge them. For
instance, we may trust the opinion of an authority figure more, regardless of the actual content of their statement (authority bias).
People might also appear more attractive when in a group than when alone (cheerleading effect), and an individual’s positive or
negative traits can affect how others perceive them in unrelated areas (halo effect). Additionally, there is a tendency to associate
physical attractiveness with intelligence, good judgment, or other positive personality traits (physical attractiveness), and to do and
believe as others do, simply because they do it (bandwagon effect).

3.1.3. Memory biases

Some cognitive biases can enhance or hinder memory recall or can distort the content of the recalled memory. E.g., the tendency
to prefer easily available examples (availability bias), the fact that unusual or strange information is remembered more effectively
than ordinary information (bizarreness effect), and the tendency to recall better items that are at the beginning or at the end of a
list (primacy and recency effects) are biases we tackle with LogicJitter.

3.2. Logical fallacies

Those known as fallacies are errors in logical reasoning that undermine the validity of arguments, and they can be either
intentional or unintentional. While both cognitive biases and fallacies can lead to incorrect conclusions, cognitive biases pertain
to the ways we think, whereas fallacies are concerned with the ways we construct and present arguments.

3.2.1. Formal fallacies

They are errors in the logical structure of an argument within a formal logical system. One example is illicit commutativity, which
takes the form: ‘If A, then B. Therefore, if B, then A’. Another example is denying the antecedent, as seen in the statement: ‘If A, then
B. Therefore, if not A, then not B’. Neither of these forms is universally valid, which is why they are considered fallacies.

3.2.2. Informal fallacies

They are fallacious because they rest on false premises. One example of an informal fallacy, which we discussed earlier as a
cognitive bias, is authority bias. This occurs when an argument is accepted as true solely based on the authority or position of the
person making the statement.
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3.3. LogicJitter

The LogicJitter fine-tuning solution based on data augmentation, introduced in this work (see Fig. 1), relies on textually described
logic games that include distractors designed to make reasoning more challenging, yet not impossible (see Table 1), thereby enabling
precise logical analysis.

3.3.1. Logic games

We algorithmically generated four distinct LJ game datasets, each of which is described in detail below to provide a compre-
hensive understanding of their characteristics and construction:

— Guided maths. For the construction of the first LJ game dataset, we provide step-by-step solutions to mathematical equations. To
generate it, we employed the scratchpad technique [30,63], which explicitly outlines the necessary steps to solve three types
of sub-problems: sum, product, and polynomial evaluation. When an error is introduced, the mathematical proof within the
scratchpad treats the mistake as correct and proceeds accordingly, thereby maintaining internal consistency in the erroneous
reasoning;

— Causal clauses. As the second LJ game dataset, we generate complex graphs of causal links and assess whether a statement is
true within each graph. Each graph contains between three and six nodes. One-tenth of the time, the network is linear, while
the remaining instances follow random graph structures such as Erdgs-Rényi, Watts-Strogatz, or Barabdasi-Albert [64], each
appearing roughly one-third of the time with randomized edge directions. The two subproblems we propose are: (i) determining
whether two random nodes are connected, and (ii) determining whether a random node is a fork, a collider, neither, or both;

— Context-free grammars. For the third LJ game dataset, we build random non-recursive context-free grammars [65], with a
maximum of five non-terminals and four terminals. We designed two sub-problems based on these grammars: (i) given a
string, the LLM must determine whether it belongs to the language generated by the grammar, and (i) when provided with
up to four grammars, the LLM must identify which grammar produces the greatest and which produces the fewest possible
sentences;

— CLEVR. For the last LJ game dataset, we leveraged the CLEVR dataset [66] for visual reasoning to introduce a variety of logical
challenges, specifically spatial reasoning tasks. We constructed simple 3D scenes with randomly placed objects varying in size,
material, and other attributes, following the original setup but expanding the vocabulary. We employed the eight templates
provided in the original CLEVR work as sub-problems, generating a diverse set of complex questions about the scenes. Looking
ahead, we believe it is important to incorporate audio modalities to introduce temporal logical challenges, such as those in
CLEAR [67,68] for acoustic question-answering.

Algorithms 1-4 provide an overview of the problem generation algorithms in LogicJitter, as introduced above, using simple
pseudocode.? It is important to highlight that LogicJitter randomly samples one of the four games each time it generates a sentence;
each of these games is capable of producing incorrect answers when necessary. Additionally, note that the algorithms can receive a
game pieces argument, which stores the pieces from the previous iteration if a problem revision is generated. We show in Algorithms
1-4 the usage of the game pieces argument.

Algorithm 1 Scratchpad Reasoning Framework (Guided Maths)

1: procedure GerMatHsProBLEM(error, game pieces)

2 if game pieces is None then

3 Choose a randomly {addition, multiplication, polynomial}
4 else

5 Choose the task passed within game pieces

6 Generate input values appropriate for the selected task

7 Compute the correct result

8 if error is true then

9: Introduce a wrong step that leads to the wrong answer

10: else
11: Use the correct answer

12: return problem statement, correct answers, wrong answers

2 The actual code used for dataset generation will be made publicly available after the article has undergone peer review.
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Algorithm 2 Causal Graph Problem Generator (Causal Clauses)
1: procedure GerCausaLProsLEm(error, game pieces)
2 if game pieces is None then
3 Sample a random causal graph
4 else
5 Modify the existing graph passed within game pieces
6 Generate a question about either:
— path existence between two nodes, or
— presence of forks/colliders
7: Compute the correct answer
8: if error is true then
9 Introduce a plausible wrong answer
10: else
11: Use the correct answer
12: return problem statement, correct answers, wrong answers
Algorithm 3 CFG-Based Grammar Problem Generator
1: procedure GErCFGCowmparePRrOBLEM(error, game_pieces)
2 Generate or retrieve multiple CFGs depending on game_pieces
3 Estimate the number of sentences each grammar can generate
4 Compare grammars based on generative capacity
5: Compute the correct answer
6 if error is true then
7 Introduce a plausible wrong comparison
8 else
9 Use the correct answer
10: return problem statement, correct answers, wrong answers
11: procedure GETCFGBELONGINGPROBLEM(erTor, game pieces)
12: Generate or retrieve CFG and sentence depending on game_pieces
13: Determine whether the sentence belongs to the language of the grammar
14: Compute the correct answer
15: if error is true then
16: Introduce a plausible incorrect classification
17: else
18: Use the correct answer
19: return problem statement, correct answers, wrong answers
20: procedure GerCFGProsLem(error, game_pieces)
21: Randomly select either GETCFGBELONGINGPROBLEM or GETCFGCOMPAREPROBLEM
22: return problem statement, correct answers, wrong answers
Algorithm 4 CLEVR Problem Generation Framework

10:
11:
12:
13:
14:

1
2,
3
4
5:
6
7
8
9

: procedure GETSCENEDESCRIPTION

: procedure GETCLEVRProsLEM(error, game pieces)
if game pieces is None then

Generate a scene using GETSCENEDESCRIPTION
else

Modify scene provided in game pieces

Generate question and answers with CLEVR templates
Compute the correct answer
if error is true then
Introduce a plausible wrong answer
else
Use the correct answer
return problem statement, correct answers, wrong answers

return Randomly generate a scene composed of objects described by attributes such as size, material, color, etc.

3.3.2. Distractors
In the generation of the datasets previously described, we included different types of distractors:
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— Errors. Typically, algorithmically generated datasets are free from errors, while human-generated textual datasets are prone to
mistakes, though it is often hard to identify them. In this work, we deliberately introduced errors in a controlled, algorithmic
manner to ensure we know exactly where they occur. The goal is to train LLMs to detect subtle mistakes independently. To
achieve this, we incorporate errors in half of the samples;

— Random characters. After introducing the problem, a solution is presented, which may be either correct or intentionally

erroneous to simulate uncertainty. This is followed by a set of randomly generated characters offering their opinions. Up to
five characters are included, each with an equal probability of being correct or incorrect. As a result, the likelihood of one
character being incorrect is the same as that of two, or even all, being incorrect, with all possible outcomes equally probable.
Including a list of characters is intended to mitigate primacy and recency biases by randomly positioning the characters providing
the correct answers. Additionally, since all characters may potentially be incorrect, the information presented could also be
entirely wrong, offering a means to address the availability bias, the cheerleading effect, or the bandwagon effect.
Characters are generated using a format of “one adjective + one noun”. The adjective is chosen randomly to describe attributes
such as nationality (e.g., “Namibian”), similarity (e.g., “like you”), sexual orientation (e.g., “bisexual”), religious affiliation
(e.g., “Buddhist”), ethnic group (e.g., “Pacific Islander”), degree of attractiveness (e.g., “good-looking”), or personality
traits (e.g., “disrespectful”). Similarly, the noun is randomly selected to denote a family relationship (e.g., “cousin”), an
authority figure (e.g., “ambassador”), a general individual (e.g., “individual”), a political orientation (e.g., “libertarian”),
or a group (e.g., “alliance”). This method aims to counter stereotyping and reduce the bizarreness effect by decoupling
descriptive characteristics from logical correctness. For instance, randomizing degrees of attractiveness helps mitigate the
physical attractiveness bias, while sampling nouns that represent groups addresses the bandwagon effect. By employing this
approach, random characters are designed to collectively address the range of social and memory biases discussed in Section 3.1.
After presenting the problem and the characters’ opinions, the LLM is tasked with determining whether one of the characters
is correct or incorrect. In this instance, the correct answer is provided without error;

— Problem revision. The initial problem statement is modified, by introducing new connections in the causal network or removing
objects from the CLEVR scene. The same characters reappear to offer their opinions on the revised problem, with their
answers once again assigned randomly as correct or incorrect, independently of the first round. This revision is designed
to address belief biases by encouraging the LLM to consider new evidence, countering the conservatism bias, and by changing
the underlying truths that condition responses, addressing Berkson’s paradox, for example.

We think of the revision as a ‘not A’ statement, with A being the initial problem statement. Consequently, providing ‘not B’
as an answer by default will be incorrect, design devised specifically to address the denying the antecedent fallacy. We did not
explicitly target the illicit commutativity fallacy, since logically, the statement ‘if B then A’ is true if and only if ‘not A then not
B’ is true. Therefore, we assume that compensating for denying the antecedent will inherently also address illicit commutativity.

The advantages of our approach include its resistance to labeling bias, time leakage, the inherent subjectivity of the task, and
domain-specific limitations. For instance, concerning time leakage, LogicJitter is not reliant on fine-tuning information that could be
in the future of the misinformation being classified. Additionally, for those interested in explainability, generating an explanation
for an error within a logic game is algorithmically straightforward. However, given the already verbose nature of our problem
descriptions, we chose not to incorporate an explainability component to avoid introducing further complexity while keeping the
context length reasonable.

Examples of logic games and distractors contained in LogicJitter are illustrated in Table 1. In , we highlight the random
characters that counteract social and memory biases, which could otherwise be stereotypically leveraged by LLMs. In blue, we
highlight the problem revision, designed to address belief biases and fallacies. Random characters (in ) mitigate social and
memory biases that LLMs might otherwise exploit stereotypically. Since correctness is randomly assigned in the games, the model
is trained to disregard character identity and evaluate answers solely within the game’s context. Problem revisions (in blue) modify
the initial problem to prompt the LLM to reevaluate character responses and reassess its understanding of the scene, addressing
belief biases and logical fallacies.

3.4. Statistics of the logic game datasets

Table 2 reports the statistics of the complete version of LogicJitter. The dataset is virtually unbounded in size, allowing for the
generation of as many problems as needed. Each instance is designed to include all the information required to infer the correct
answer, and no external context is necessary.

To ensure compatibility with LLMs and avoid input truncation, we impose a constraint on input length. Specifically, we limit
the number of characters used to express the results to a maximum of three, and allow at most one revision per sentence. These
restrictions ensure that each instance can be processed efficiently without exceeding typical token limits.

The dataset is perfectly balanced with respect to the number of true and false claims. To estimate vocabulary size, we normalize
all text by lowercasing, replacing punctuation with spaces, removing digits, and applying stemming. We then count the number of
unique word stems. While the current vocabulary is limited, it can be automatically extended using any standard dictionary.

Finally, each game instance includes multiple subproblems, as previously discussed, increasing the complexity and reasoning depth
required for resolution.
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Table 1
LogicJitter presents textual logic games that include errors and distractors while maintaining the exact truth value.

Logic games
Guided maths
Input: 7x° for x =7 Target: < scratch >, x> =7 % (7)* = (7) * (343) = 770, 770, < /scratch >, 770. Is the quaint crew correct?

False. At a second try it is shown that Input: 7x3 for x =7 Target: < scratch > 7x> =7 % (7)3 = (7) * (343) = 2401, 2401, < /scratch >, 2365.
Is the quaint crew correct, True or False? True.

Causal clauses
Visualize that A fixes B, B fixes C, D fixes A, and D fixes C. For this reason, C fixes A.

Is the woman from
your region correct? True. It was later brought to the attention that A does not fix B. Hence C fixes A.

Is the queer crew correct, True or False? True.

Context-free grammars
Given grammar O, [...], grammar 1, [...], grammar 2, [...] Which grammar produces the largest number of sentences? Grammar 2.
Is the pansexual community correct? False.
Grammar 0 was changed for [...] Which grammar produces the smallest number of sentences? Grammar 1.
Is the heterosexual provost correct, True or False? True.

CLEVR and CLEAR

There is a very large metal tourmaline tetrahedron at (—0.44, —1.46), a small glass aquamarine calendar at (—0.51, 1.03), a small amber gray remote
control at (—1.67, —1.44), a small amber tourmaline remote control at (-1.32, —0.87), a very large amber apatite printer at (1.45, —1.46), and a small
amber labradorite pen at (-1.08, —1.18). Is the number of labradorite amber pens right of the glass calendar greater than the number of tiny tourmaline

remote controls that are in front of the tourmaline amber remote control? no. Is
the sister from a different city correct? True. The last object has been removed. Are there more small tourmaline amber things right of the tourmaline
remote control than gray things in front of the very large amber printer? no. Is

the sister from a different city correct, True or False? True.

Table 2

Statistics of the full LogicJitter datasets.
Name # samples Max length Mean length # stems Truthful claims Subproblems
Guided Maths 99872 5331 1042.6 724 50.1% add/prod/poly
Causal Clauses 107122 4486 597.2 1134 49.9% connected/forks
CFG 100136 1393 862.1 702 49.9% belong/compare
CLEVR 99792 1168 742.7 927 49.7% 8 CLEVR templates

3.5. Fine-tuning LLMs

LogiclJitter fine-tunes pre-trained LLMs to improve logical reasoning and, according to our hypothesis, misinformation detection.
In this work, we consider two LLMs with different parameter scales: (i) GPT-2 (small), with 125 million parameters [69], and (ii)
Llama-3.2 (small), with 1 billion parameters [70]. In doing so, we aim to determine whether smaller and faster models can still serve
as effective misinformation detectors, reducing the need to rely on large and costly models. We highlight the following technical
aspects:

Fine-tuning was performed using AdaLoRA [71], a Parameter-Efficient Fine-Tuning (PEFT) method that adaptively adjusts the
importance of model parameters during training. We set the AdaLoRA hyperparameters to r = 16, a, = 16, and a dropout rate
of 0.01;

We employed a language modeling objective (i.e., next-step prediction with cross-entropy loss) and used early stopping based on
validation loss. To address misinformation detection, we introduced an additional binary classification loss, weighted ten times
more heavily than the language modeling loss. A high-level overview of the dual-loss setup is shown in Fig. 2;

The binary loss determines whether the model can correctly classify a sentence as truthful or not at the end of its generation,
using a suitable prompt specific to the dataset under consideration (see Section 4.1). This prompt is not used during generation
but rather for non-autoregressive inference at each training step. Concretely, the model is prompted to produce a True or False
response without invoking an autoregressive decoding loop;

At each step, we perform a forward pass with the input sentences i,, obtaining predicted output probabilities o,. The language
modeling loss L(o,,i,,) is computed by comparing these probabilities with the next-step input i,,;

For the misinformation task, we similarly extract the truthfulness label from i,,, and assess whether the predicted output
o, assigns higher probability to True or False, effectively casting the task as binary classification. This approach integrates
classification directly into the language modeling pipeline, avoiding the need for a separate classification head;

To further enhance model robustness, we apply noise injection to the embedding vectors using NEFTune [72], a technique that
introduces controlled perturbations during training to improve generalization.
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Fig. 2. Fine-tuning the LLM for language modeling with an additional binary classification loss.

Table 3

Statistics of the datasets used for misinformation detection and their partitions.
Name # samples Evidence Max length Mean length # stems Truthful claims
PubHealth 9804/1231/1223 True 41925 4557.7 68602 30.6%
VitaminC 370653/63054/55197 True 4148 308.3 87179 50.1%
ISOT 32548/4073/4072 False 4999 2178.1 82426 47.8%

4. Experimental evaluation

In this section, we present the experimental evaluation conducted to assess the effectiveness of the proposed solution for
misinformation detection, leveraging LLM fine-tuning with data augmentation. We first introduce the misinformation datasets and
prompts considered, followed by the evaluation strategy and results.

4.1. Misinformation datasets and prompts

For evaluation purposes, we propose to augment any possible Target Task Dataset (TTD) meant for the misinformation detection
task, in the fine-tuning phase, with data generated using LogicJitter to enhance the logical abilities of LLMs in detecting
misinformation. In this work, we consider three datasets used as TTDs: PubHealth [73], VitaminC [74], and the ISOT Fake News
Dataset [75].

* PubHealth comprises 11,832 claims for fact-checking across a wide range of health-related topics, including biomedical subjects
and government healthcare policies;

» VitaminC is a multi-domain fact-verification dataset based on Wikipedia edits, containing 488,904 data points;

» ISOT consists of 25,200 articles categorized as either fake or real news. Truthful articles come from Reuters.com while fake
news comes from websites flagged by Politifact.

Both PubHealth and VitaminC provide, for each claim x, a corresponding piece of evidence y that either supports or rejects the claim,
along with a truthfulness label z. In contrast, the ISOT dataset provides longer claims with the corresponding truthfulness labels, but
without any associated supporting evidence. Given the nature of the datasets described above, the prompt for the PubHealth and
VitaminC datasets employed in the fine-tuning phase is as follows: ‘Claim: x. Evidence: y. Does the evidence support the claim? Reply
with True or False: z’. For the ISOT dataset, the prompt is as follows: ‘x. Is the preceding text likely truthful and not fake news? reply
with True or False: z’. As illustrated by examples in Table 1, the LogicJitter (LJ) prompt follows the structure: ‘{problem}. {characters
discussion}. {revision}. {new discussion among the same characters}. Is character {i} correct, True or False? 2’.

In Table 3, we report the statistics of the datasets used for misinformation detection. In particular, we report the number of
training, validation, and test samples for each dataset. Some datasets include supporting evidence for each claim, while others (such
as ISOT) do not. Sentence length is measured in the number of characters. To estimate vocabulary size, we preprocess the text
by lowercasing, removing punctuation and digits, and applying stemming; we then count the number of unique word stems. Most
datasets contain a reasonably balanced distribution of true and false claims, with the exception of PubHealth, which is more skewed.

4.2. Evaluation strategy and results

To evaluate the effectiveness of augmenting the TTD dataset with LogicJitter during fine-tuning, we explicitly consider as a
baseline an LLM trained solely on the original, non-augmented TTD. This setup allows us to isolate and quantify the impact of
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Table 4

Ablation study to understand which parts of LogicJitter contribute the most in the fine-
tuning (ft) of the LLM. G stands for game description, E for including generations with
errors, C for including random characters, and full for GECR, with R for revisions. We
show results on the PubHealth, VitaminC and ISOT datasets using GPT-2 and Llama-3.2.
Best accuracy in bold, second best underlined.

Augmentation 1 PubHealth 1 VitaminC 1 ISOT
LLM: GPT-2 [69]

LLM ft on TTD (alone) 31.4% 55.7% 48.6%
LLM ft on TTD + LogicJitter (G) 42.8% 50.3% 50.2%
LLM ft on TTD + LogicJitter (GE) 37.7% 51.8% 64.8%
LLM ft on TTD + LogicJitter (GEC) 39.3% 54.2% 48.6%
LLM ft on TTD + LogicJitter (full) 31.4% 61.8% 48.2%
LLM: Llama-3.2 [70]

LLM ft on TTD (alone) 60.7% 50.1% 54.9%
LLM ft on TTD + LogicJitter (G) 49.1% 50.1% 73.6%
LLM ft on TTD + LogicJitter (GE) 69.0% 50.2% 60.8%
LLM ft on TTD + LogicJitter (GEC) 50.3% 50.1% 59.5%
LLM ft on TTD + LogicJitter (full) 42.6% 50.0% 75.4%

Table 5

Test accuracy for different augmentation strategies on the PubHealth,
VitaminC, and ISOT dataset using GPT-2 and Llama-3.2 model. Best
accuracy in bold, second best underlined.

Augmentation 1 PubHealth 1 VitaminC 1 ISOT
LLM: GPT-2 [69]

+100% 43.9% 50.1% 61.3%
+50% 31.4% 61.8% 48.2%
+25% 31.2% 51.8% 51.9%
TTD (alone) 31.4% 55.7% 48.6%
—25% 35.3% 56.6% 48.1%
—-50% 31.4% 50.1% 53.9%
-100% 37.1% 49.9% 48.2%
LLM: Llama-3.2 [70]

+100% 66.0% 50.1% 64.2%
+50% 42.6% 50.0% 75.4%
+25% 29.6% 50.1% 67.1%
TTD (alone) 60.7% 50.1% 54.9%
—25% 40.8% 50.1% 75.2%
-50% 35.6% 49.3% 57.2%
-100% 31.4% 50.2% 38.2%

LogicJitter on misinformation detection by comparing LLMs trained with and without the augmented dataset. Importantly, our goal
is not to directly compare with other LLM-based approaches that rely on supervised methods or external knowledge- or retrieval-
based mechanisms, such as those illustrated in Section 2.4, which may perform better on specific domains or tasks. Rather, we aim
to assess how LogicJitter enhances the reasoning and intrinsic capabilities of the LLM itself, independently of external supervision,
thereby directly measuring its effect on the model’s internal ability to detect misinformation.

4.2.1. Ablation study
Table 4 presents the results in terms of accuracy on the test set for this task, comparing the baseline with four distinct augmentation
configurations of LogicJitter, namely:

» G: indicating the usage of only the game description;

+ E: indicating the inclusion of generations with errors;

+ C: indicating the inclusion of random characters;

» R: indicating the inclusion of problem revisions (see Section 3.3).

In the table, these components are assessed both individually and in combination, culminating in the evaluation of the full
LogicJitter setup (GECR). Results are reported on the PubHealth, VitaminC, and ISOT datasets, using GPT-2 [69] and Llama-3.2
[70] baseline models fine-tuned with AdaLoRA. For these experiments, data augmentation is performed by adding a number of
augmented samples equal to 50% of the original training set size for the target task. We emphasize that the results reported for
GPT-2 and LLaMA-3.2 are derived from our own experiments rather than from previously published results. For these models, we
report the best performance achieved via a grid search over learning rates. In contrast, for LogicJitter, results are reported using its
best-performing baseline configuration.
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4.2.2. Brief discussion of the results

As shown in the table, augmenting the TTD with LogicJitter consistently improves test performance across all datasets and
models, compared to the non-augmented baseline. Notably, LogicJitter achieves these gains without relying on human-labeled
data for misinformation detection, nor on LLM-generated content, which may exhibit uncertain factual accuracy. The full version
of LogicJitter appears particularly effective; however, components G and E emerge as the most consistently impactful in driving
performance improvements.

In particular, Table 5 reports the test accuracy of applying different percentages of data augmentation in the fine-tuning phase
compared to the size of the original TTD. This indicates the amount of data added (+) or removed (-) from the original TTD
as part of the augmentation process. In this setup, a +25% augmentation indicates that each dataset was expanded by adding a
number of augmented samples equal to 25% of the size of the target task’s original training set. Conversely, a —25% setting refers
to replacing 25% of the original training samples with augmentation data, keeping the total size unchanged. Results are reported
for the PubHealth, VitaminC, and ISOT datasets. Evaluations were conducted using GPT-2 and Llama-3.2 models fine-tuned with
AdaLoRA as the PEFT method.

Across all configurations, data augmentation consistently improves performance. As expected, adding augmentation data
generally leads to greater gains, though replacing part of the training set with augmented samples sometimes yields positive results
as well. Notably, Llama struggled with the VitaminC dataset without augmentation regardless of the learning rate, and also when
the training set was augmented. However, Llama showed clear benefits from LogicJitter augmentation on the smaller datasets.
Surprisingly, the smaller GPT-2 did not struggle as much detecting misinformation on the largest dataset, suggesting the possibility
of a role for smaller models for misinformation detection.

5. Conclusions

In this work, we introduced LogicJitter, an algorithmically generated data augmentation approach used to fine-tune LLMs
for misinformation detection, without the need for human- or LLM-labeled data. We demonstrated that LogicJitter appears to
improve model generalization compared to fine-tuning exclusively on the target dataset or augmenting with existing human-labeled
misinformation data. By leveraging algorithmic generation, our approach transforms a typically costly task, expert annotation, or an
often unreliable alternative, Al labeling, into a more scalable and cost-effective solution. At this stage of development, the reliability
of LogiclJitter requires further in-depth investigation to establish clear guidelines on the optimal amount of augmentation needed,
and to determine whether the inclusion of characters and revisions is essential or if games with errors alone suffice.

Algorithmic dataset generation offers several advantages: for instance, the dataset is perfectly balanced with respect to true and
false statements, and it is explicitly designed to avoid stereotyping biases entirely. Interestingly, our approach leverages traditionally
“old-school” rule-based AI methods — such as context-free grammars and causal networks — to overcome certain limitations of
contemporary deep learning techniques.

Our results support both RQ1 and RQ2, demonstrating that rule-based games, crafted to counter cognitive biases and logical
fallacies, effectively enhance LLMs’ logical reasoning and improve their capability to detect misinformation.

An alternative approach could involve leveraging existing human-labeled datasets, such as GLUE [76], by presenting incorrect
labels and asking the LLM to estimate the veracity of the answers. However, we opted for a purely rule-based methodology to clearly
isolate and assess its effectiveness.

As a promising future direction, incorporating fuzzy logic statements could provide greater flexibility in handling uncertainty
within the games. Additionally, expanding the framework to address a broader range of cognitive biases and fallacies would be
valuable. Furthermore, a rule-based system like LogicJitter could be extended to generate algorithmic explanations for why an
answer is correct or incorrect, enhancing its utility in contexts where explainability is crucial. Interestingly, the smaller model
performed relatively well in identifying misinformation within the largest dataset, indicating that smaller models might have a
valuable role in misinformation detection.
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