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Abstract

This paper examines the inherent limitations of Large Language Models (LLMs)
and text-to-video generation systems, focusing particularly on their propensity
to generate outputs that are factually incorrect or semantically incoherent. We
analyze these shortcomings through the framework of cognitive development in
children, drawing parallels between the error patterns observed in Al systems and
the cognitive errors prevalent in early childhood. Our central hypothesis is that
insights from developmental psychology, specifically the strategies employed to
correct falsehoods and misconceptions in children, can be adapted and applied
to enhance the reliability and accuracy of LLMs and text-to-video systems. The
research explores various mechanisms to improve Al outputs, with a significant
emphasis on fostering transparency in Al decision-making processes and maintain-
ing robust human oversight in the loop. By adopting a cross-disciplinary approach
that bridges artificial intelligence and developmental psychology, this paper aims
to contribute to the advancement of safer, more trustworthy, and ethically grounded
Al technologies. The ultimate goal is to promote responsible Al development and
deployment, addressing critical challenges related to misinformation, bias, and
the potential for unintended consequences. This work underscores the importance
of viewing Al systems not as infallible entities, but as tools that require careful
calibration and continuous monitoring to ensure their alignment with human values
and societal well-being.

1 Introduction

Large Language Models (LLMs) and text-to-video generation systems represent a paradigm shift in
how we interact with and create digital content. Their potential impact spans diverse sectors, from
education and entertainment to scientific research and industrial design. However, these powerful
technologies are currently hindered by a critical flaw: the generation of inaccurate, misleading, or
outright nonsensical outputs, often referred to as "hallucinations." These inaccuracies undermine
user trust, limit the applicability of these systems in high-stakes domains, and raise serious ethical
concerns.

This paper introduces a novel and interdisciplinary approach to understanding and mitigating these
Al hallucinations. We propose a comparative analysis, drawing direct parallels between the errors
exhibited by advanced Al systems and the cognitive development of children. While seemingly
disparate, we argue that both LLMs and developing minds share underlying challenges in information
processing, knowledge representation, and reasoning.

Specifically, this paper posits that insights gleaned from the field of child psychology, particularly
regarding how children learn to distinguish truth from falsehood and how their cognitive biases
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shape their understanding of the world, can provide valuable strategies for improving Al accuracy
and transparency. By examining the developmental trajectory of cognitive errors in children, we
aim to identify analogous mechanisms in Al systems and develop targeted interventions inspired
by pedagogical techniques used to correct misconceptions and promote critical thinking in young
learners.

Furthermore, this comparative framework allows us to address the ethical implications of Al hallucina-
tions more effectively. By recognizing the potential for Al systems to disseminate misinformation or
perpetuate harmful stereotypes, we can develop strategies for promoting responsible Al development
and deployment, ensuring that these powerful tools are used to benefit society as a whole. This
research will contribute to the development of Al systems that are not only more accurate but also
more transparent, accountable, and aligned with human values, ultimately paving the way for their
safe and beneficial integration into our daily lives.

2 Literature Review: Hallucinations in LLMs and Cognitive Development in
Children

2.1 Hallucinations in Large Language Models

Large Language Models (LLMs), including Bidirectional Encoder Representations from Transformers
[1], Generative Pre-trained Transformer models (GPTs) [2} 3] such as InstructGPT [3] and LLaMA
[4]], and Pathways Language Model (PaLM) [5]], have demonstrated impressive capabilities in various
natural language processing (NLP) tasks, including text generation and understanding [6) [7, [8].
These models, often built upon the Transformer architecture [9]], excel at few-shot learning, source
code generation, and multilingual tasks [3]], even achieving near-passing scores on professional
examinations like the USMLE [10]. Moreover, there’s a growing trend toward domain-specific
language models, for example in biomedicine [[11], further extending the utility of these models.

However, a significant challenge lies in their propensity to "hallucinate" or "confabulate" [[12}[13].
Hallucination in LLMs refers to the generation of content that is factually incorrect, nonsensical, or
unfaithful to the provided source material [14]]. This can manifest as generating plausible but untrue
facts, fabricating details, or exhibiting biases [15|16], which poses challenges to their reliability and
trustworthiness, especially in high-stakes applications such as healthcare [[17, [18}19].

The issue of hallucination is exacerbated in knowledge-grounded dialogue systems, where models
are expected to generate responses based on retrieved knowledge. While retrieval-augmented LLMs
can reduce hallucination [20], limitations persist, requiring continued research into more robust infor-
mation retrieval (IR) systems [[14]]. Therefore, techniques for detecting and mitigating hallucinations
are vital, including methods grounded in statistics and knowledge graphs [13} 21].

2.2 Cognitive Development in Children: Distinguishing Truth from Falsehood

Understanding how children learn to discern truth from falsehood offers insight into the potential
mechanisms behind and solutions to hallucinations in LLMs [22]]. Key aspects of this development
include understanding the physical world, developing spatial reasoning, and learning effective
communication [23| [7]].

Children develop intuitive theories about physics, psychology, and biology, allowing them to make
predictions and explain events around them. Reverse-engineering human learning and cognitive
development can facilitate the engineering of more human-like machine learning systems [22].
Models performing probabilistic inference over structured representations contribute to understanding
how abstract knowledge guides learning and reasoning from sparse data and the acquisition of
abstract knowledge itself [22]. However, children also make systematic errors, exhibiting biases and
misunderstandings that are gradually corrected through experience and feedback.

The ability to reason about space emerges early and undergoes significant development throughout
childhood. Children learn to navigate their environment, understand spatial relationships, and solve
spatial problems. This spatial reasoning is closely linked to both cognitive and motor development.
Analogously, language models can now be used to co-design protein-RNA and protein-DNA, showing
a generalization across different domains [24]].
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The development of communicative competence involves learning to effectively convey information,
understand the perspectives of others, and engage in meaningful dialogue [7]. Language models
demonstrate impressive reasoning and question-answering capabilities [25]], but may provide appar-
ently sensible yet wrong answers [26]. Thus, as with children, encouraging truthfulness in LLMs
remains a challenge [[13} 3]]. The importance of carefully documenting datasets and pre-development
exercises evaluating how the planned approach fits into research and development goals and supports
stakeholder values should also be considered [27].

3 Comparative Analysis: Parallels Between Al Errors and Children’s
Cognitive Challenges

This section delves into a comparative analysis, drawing parallels between the errors exhibited by
Large Language Models (LLMs) and text-to-video generation systems and the cognitive challenges
encountered by children as they develop. By examining these parallels, particularly in understanding
physical realism, spatial reasoning, and interpreting user intent, we aim to highlight common un-
derlying mechanisms. Understanding these connections could lead to cross-disciplinary strategies
that improve the trustworthiness and accuracy of Al systems, mirroring how children learn to correct
falsehoods and refine their understanding of the world.

3.1 Physical Realism: Object Permanence and Logical Consistency

One salient parallel lies in the challenge of grasping physical realism. LLMs, despite their proficiency
in generating text, often struggle with basic physics and logical consistency in the real world. For
example, an LLM might describe a scenario where an object passes through a solid wall without
consequence, indicating a lack of understanding of object permanence and physical constraints.
Such errors echo the cognitive stages in early childhood where children may not fully grasp that
objects continue to exist even when out of sight, a concept pivotal to Piaget’s theory of cognitive
development. Similarly, text-to-video systems can generate scenes that defy physical laws, depicting
impossible object interactions or spatial arrangements. The human mind gradually develops an
intuitive physics, a framework for understanding how objects behave and interact, allowing for
predictions and inferences about the physical world. Enhancing Al models to develop analogous
"intuitive physics" models might reduce such errors.

3.2 Spatial Reasoning: Perspective-Taking and Scene Construction

Spatial reasoning represents another area of significant overlap. Children develop spatial skills,
including perspective-taking and the ability to mentally manipulate objects in space, over several
years [28}29]. They learn to construct and understand scenes from different viewpoints, to predict
how objects will appear from various angles, and to reason about spatial relationships. LLMs and
text-to-video generation systems often demonstrate deficits in these areas. An LLM might struggle
to describe a scene from a specific character’s viewpoint, or a text-to-video system might generate
a scene where objects are spatially inconsistent with the described narrative [30]. Such errors
highlight a failure in the ability to perform detailed spatial reasoning and construct a coherent mental
representation of the described environment. Addressing these limitations may require incorporating
explicit spatial reasoning modules, perhaps inspired by the way the human brain processes visual and
spatial information.

3.3 Understanding User Intent: Theory of Mind and Contextual Awareness

Interpreting user intent is a critical challenge for both LLMs and children. A hallmark of child
cognitive development is the gradual acquisition of a "theory of mind," the ability to understand
that others have beliefs, desires, and intentions that may differ from one’s own [31]]. This allows
children to engage in more nuanced communication, to understand sarcasm and deception, and to
predict others’ behavior. LLMs frequently struggle with analogous situations. They may misinterpret
a user’s query, providing a response that is technically correct but misses the underlying need or
context. For example, models such as GPT-3 and even the more refined InstructGPT, while showing
an ability to follow instructions, still exhibit a limited capacity for nuanced contextual understanding
and can sometimes generate outputs that are not helpful or aligned with the user’s actual intent [32} 3]].
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To improve this, [3]] suggests finetuning with human feedback. Similar issues affect text-to-video
systems, which can misinterpret the desired tone or purpose of a described scene, resulting in a video
that is tonally inappropriate or conceptually inaccurate.

3.4 Implications for Cross-Disciplinary Learning

This comparative analysis reveals fundamental parallels between the errors made by Al systems and
the cognitive challenges faced by children. While Al excels at pattern recognition and statistical
analysis, it often lacks the intuitive understanding of the world that humans develop through embodied
experience and social interaction. Understanding these parallels opens several avenues for cross-
disciplinary learning. Just as children learn to correct their misconceptions about the physical
world through experimentation and feedback, Al models can be trained using similar strategies.
Incorporating techniques designed to enhance children’s spatial reasoning, such as activities involving
building blocks or perspective-taking exercises, might inspire new approaches for improving Al’s
spatial awareness [29, 28]]. Finally, efforts to model human theory of mind could provide inspiration
for endowing Al systems with a more nuanced understanding of user intent [33} 34]].

4 Strategies for Mitigating Hallucinations: Lessons from Child Development

Mitigating hallucinations in LLMs and text-to-video systems represents a significant challenge that
demands innovative solutions. Drawing parallels with cognitive development in children, this section
explores potential strategies to improve the accuracy and trustworthiness of these Al systems. The
focus lies on methods that have proven effective in aiding children to distinguish between truth and
falsehood. By adapting these strategies, we aim to inform the design and training of LLMs, ultimately
enhancing their reliability. This includes exploring mechanisms for improving LLM transparency
and explainability, key factors in fostering appropriate trust and responsible use.

4.1 Learning from Ground Truth and Feedback

Children gradually learn to differentiate between reality and fantasy through interactions with their
environment and feedback from caregivers. Similarly, LLMs can benefit from training data that
explicitly labels truthful and false statements. Current mitigation strategies often involve fine-tuning
with human feedback [3]]. However, this approach can be labor-intensive and may not scale effectively.
One avenue for improvement is to leverage biomedical knowledge graphs to screen LLM outputs,
capturing potentially harmful content [21]. Such methods offer a way to validate LLM outputs
against hard-coded relationships, providing a more automated and scalable approach to truthfulness
assessment.

4.2 Encouraging Critical Thinking

As children mature, they develop critical thinking skills that enable them to evaluate information
more effectively. Analogously, interventions within LLMs could focus on enhancing their ability to
critically assess the information they generate. One approach is to use cognitive forcing interventions,
which, as shown in studies of human-Al interaction, can reduce overreliance on Al systems and
encourage more thoughtful engagement with Al-generated explanations [35]]. However, it is worth
noting that such interventions may not benefit all users equally and could even generate inequalities
if not carefully designed. Another strategy is to incorporate elements of the Theory of Mind, enabling
the LLM to consider the potential beliefs and knowledge of its audience, and to tailor its responses
accordingly.

4.3 Balancing Innovation and Expertise

The use of ChatGPT in research, for instance, highlights the need to strike a balance between Al-
assisted innovation and human expertise [36]. While Al can assist in data processing and hypothesis
generation, human oversight remains crucial for ensuring the validity and ethical implications of
research findings. One might observe that the development of a similar check and balance system
where Al’s are integrated into the research workflow, would provide a safer, more reliable result.
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5 Promoting Transparency and Accountability

5.1 From Black-Box to Glass-Box Approaches

The move towards explainable Al (XAI) is crucial, even if current methods have limitations [37].
While rigorous validation remains paramount, enhancing the transparency and accountability of
Al systems can foster greater trust and appropriate use. Research focuses on helping the models
self-explain the reasoning behind decisions [38,[39], which, in turn, enables users to better understand
and evaluate the AI’s output. The development of novel assessment methods is also key to ensuring
that XAl techniques are effectively promoting trustworthiness [39].

6 Human-in-the-Loop Approaches for Enhancing Factual Accuracy

Counteracting the propagation of misinformation remains a critical challenge in the realm of large
language models (LLMs) and text-to-video generation systems. The integration of human oversight,
often termed "human-in-the-loop" (HITL), emerges as a promising strategy to address this issue.
HITL approaches leverage human expertise to ensure factual accuracy and guide the model towards
generating more reliable outputs. Such methodologies acknowledge the inherent limitations of Al,
particularly in contexts requiring nuanced understanding, common sense reasoning, or up-to-date
information, which are areas where LLMs may exhibit hallucinations or propagate biases.

Several models for human-AlI collaboration have been explored to enhance factual accuracy. These
range from simple human oversight, where humans review and validate Al-generated content, to
more complex interactive systems that allow humans to provide feedback and corrections during the
generation process. For example, in active learning scenarios, the Al system strategically selects the
data points for which human annotation is most valuable, thereby optimizing the training process
with limited human input [40]]. Interactive machine learning takes this further by creating a closer
collaboration between users and learning systems, where humans provide real-time feedback to steer
the AIl’s learning process [40]. Going a step further, *machine teaching® empowers human domain
experts to directly control the learning process, shaping the Al model’s knowledge and behavior
[40]. The significance of human involvement is underscored by studies demonstrating that Al errors
can negatively influence human decision-making, highlighting the need for accurate Al models and
thoughtful integration strategies [41]].

In the context of misinformation detection, a duo-generative explainable misinformation detection
framework has been developed to investigate the cross-modal association between visual and textual
content, and to exploit user comments to detect and explain misinformation [42]. Such approaches
emphasize not only the detection of falsehoods but also the explainability of the AI’s reasoning,
increasing user trust and enabling informed human intervention.

The potential benefits of HITL approaches are multifaceted. They can improve the quality and
reliability of LLM outputs, reduce the propagation of misinformation, and foster greater trust in Al
systems. Moreover, HITL allows for the incorporation of human values and ethical considerations
into Al decision-making, a crucial aspect given the potential for Al to perpetuate societal biases.
However, HITL approaches are not without limitations. They can be resource-intensive, requiring
significant human effort for oversight and correction. Furthermore, the effectiveness of HITL depends
critically on the quality of human input; biased or ill-informed human reviewers can inadvertently
degrade the performance of the Al system. As [35] notes, it is crucial to leverage human intelligence
to advance machine learning algorithms, as humans exhibit robustness and adaptability in complex
scenarios that Al struggles with. Moreover, [43] demonstrates AI’s success in catering to specific
learning requirements, learning habits, and learning abilities of students and guiding them into
optimized learning paths across countries like the United States, China, and India, suggesting the use
of "human-in-the-loop" as a means of improving education.

While "black box" Al systems offer limited transparency, explainable Al (XAI) seeks to provide
insights into the decision-making processes of Al models, potentially bolstering trust and enabling
human oversight. As argued by Baum et al. [44], reason-giving XAl is particularly well-suited
for ensuring accountability in Al-supported decisions, as it provides explanations that humans can
understand and use to evaluate the system’s recommendations. However, the complexities of XAl
and the challenges in aligning Al explanations with human cognition remain significant hurdles. A
nuanced approach is crucial, one that acknowledges both the potential and limitations of human-Al
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collaboration [45]. As [46] emphasizes, the ultimate solution lies in Al augmenting, not replacing,
human expertise, thereby improving service quality and patient outcomes.

7 Ethical Implications and Societal Impact

7.1 Potential Risks of Misinformation

The increasing sophistication of Large Language Models (LLMs) presents novel challenges to
the integrity of information ecosystems. As [47]] notes, LLMs demonstrate capabilities in idea
generation, showcasing the potential for these tools to significantly assist in various research domains.
However, this strength is juxtaposed with weaknesses in critical areas such as literature synthesis
and the development of appropriate testing frameworks [47]. This disparity creates a pathway for
the propagation of misinformation, where plausible but incorrect or nonsensical answers can be
generated and disseminated, as underscored by [48]]. This concern is amplified by the "so-called
COVID-19 infodemic" [48]], illustrating how quickly and broadly misinformation can spread in
medical publishing, leading to significant societal hazards.

The challenge lies not only in identifying Al-generated content, which is becoming increasingly diffi-
cult for human readers and anti-plagiarism software [48]], but also in addressing the underlying ethical
considerations related to copyright, attribution, and authorship [48]]. The ease of use and accessibility
of platforms like ChatGPT could substantially increase scholarly output, potentially democratizing
knowledge dissemination by circumventing language barriers. However, this democratization is
shadowed by the capacity of these technologies to generate misleading or inaccurate content, raising
concerns about scholarly misinformation [48]]. Meyer et al. [49] also emphasize the need to quantify
the bias inherent in LLMs and to approach their use with caution due to their potential for inaccuracy.

7.2 Bias Amplification and Generative Inequities

Beyond the risks of general misinformation, LLMs also exhibit a tendency to amplify biases present
in their training data, leading to unfair or skewed representations in generated content. As [50]
demonstrates, gender bias is consistently more prevalent in images generated by Al than in textual
descriptions, indicating a significant exacerbation of existing societal biases in visual communication.
This bias extends to underrepresentation of women in male-dominated fields and overrepresentation
in female-dominated occupations, as well as skewed portrayals of attributes like smiling and head
tilting, which were found to be more common in images of women [51]].

Moreover, [52] highlights a troubling trend in medical imaging, where Al algorithms consistently un-
derdiagnose historically underserved patient populations, such as female or Black patients, potentially
delaying access to critical care. These findings underscore the ethical imperative to address bias in
Al systems proactively, particularly in fields where decisions directly impact human lives. Ferrara’s
survey [S3] offers a comprehensive overview of the sources, impacts, and mitigation strategies related
to Al bias, emphasizing the unique challenges presented by generative AI models and the need for
tailored approaches.

7.3 Impact on Labor and the Nature of Work

The increasing sophistication and deployment of Al in various sectors is poised to significantly alter
the landscape of labor and the very nature of work. While AI promises increased efficiency and
automation [54[55]], concerns arise regarding its potential to diminish opportunities for meaningful
human work [56]. The integration of Al can lead to the replacement of certain tasks, requiring
workers to adapt to new roles of "tending the machine" or amplifying human skills [56].

This shift raises critical ethical considerations about the worth, significance, and higher purpose that
individuals derive from their jobs [56]]. As Al takes over routine and repetitive tasks, employees may
find their work less engaging and less aligned with their values, leading to a decline in job satisfaction
and overall wellbeing. Furthermore, the potential displacement of workers by Al systems requires
proactive measures to ensure workforce adaptation and prevent large-scale unemployment. As [57]]
argues, a revamp of education is needed so that it prepares people for the next economy, designing
new collaborations that pair brute processing power with human ingenuity, and embracing policies
that make sense in a radically transformed landscape.
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7.4 Erosion of Trust and the Need for Ethical Governance

The potential for LLMs to generate misinformation, amplify biases, and disrupt traditional labor
markets presents a significant risk of eroding trust in Al systems and the institutions that deploy them.
[58] suggests that the introduction of Al should be approached with cautious optimism, given the vast
and complex ethical issues surrounding its use. To mitigate these risks and ensure that Al benefits and
respects individuals and societies [59]], ethical regulation must include foresight methodologies that
help identify potential harms and avoid unwanted consequences. The establishment of clear ethical
guidelines and standards for the design, development, and deployment of algorithms is crucial for
governing these powerful technologies [60].

Furthermore, organizational factors play a vital role in shaping ethical climates within workplaces
[61], and promoting ethical conduct requires leadership commitment, transparency, and accountability
at all levels. [62]163]164] explore instrumental stakeholder theory and ethical decision-making models,
emphasizing the importance of ethical principles, moral intensity, and situational variables in guiding
behavior within organizations.

Ultimately, addressing the ethical implications and societal impacts of LLMs requires a multifaceted
approach that encompasses technological safeguards, policy interventions, and ethical awareness. By
prioritizing transparency, fairness, and accountability, we can harness the transformative potential of
Al while mitigating the risks and ensuring that these technologies benefit all members of society.

8 Future Research Directions

8.1 Comparative Analysis Using Child Lying Typologies

One promising avenue for future research involves a more granular analysis of LLM hallucinations by
drawing upon child lying typologies. Children’s lies are not monolithic; rather, they vary significantly
in intent, complexity, and context. Understanding these nuances has been crucial in developmental
psychology for assessing children’s cognitive and moral development. LLM inaccuracies might
similarly be categorized, for instance, by differentiating between confabulations that stem from
knowledge gaps, those designed to be intentionally misleading, or those generated to fulfill a specific
prompt despite lacking factual basis. Applying such a framework could lead to a more nuanced
understanding of the underlying mechanisms driving LLM hallucinations and, in turn, inform the
development of more targeted mitigation strategies. The key to this approach is not simply to label an
output as a hallucination but to characterize the *kind* of hallucination it is, offering insight into the
model’s ‘reasoning’ process.

8.2 Computational Modeling of LLM Processing

Further insights could be gained through the development of computational models designed to
simulate LLM processing. These models, drawing inspiration from cognitive models of child
development, could enable researchers to test hypotheses about the internal states of LLMs during
text generation. For instance, such models could be used to investigate the extent to which LLMs
rely on heuristics or 'rules of thumb’ that might lead to systematic errors, mirroring the cognitive
biases observed in children. Similarly, models could explore how LLMs integrate new information
and whether they exhibit biases similar to those that children display when encountering conflicting
or ambiguous information. Such models could consider inspiration from computational work in
reinforcement learning [[65]] or employ techniques used in creating knowledge graphs [66] to represent
the model’s understanding. By building explicit computational models, researchers can move beyond
simply observing the outputs of LLMs and begin to dissect the underlying processes that generate
those outputs.

8.3 Societal and Ethical Implications

Finally, future research must address the societal and ethical implications of LLM inaccuracies,
particularly in contexts where these systems are used to generate content for public consumption.
Understanding how LLM hallucinations might affect individuals’ beliefs, attitudes, and behaviors
is crucial, especially given the increasing sophistication and pervasiveness of these technologies.
Such research should draw upon insights from studies of misinformation and disinformation, as well
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as ethical frameworks for responsible Al development. Moreover, given the potential for LLMs
to generate content that is biased, misleading, or harmful, it is essential to develop strategies for
promoting transparency and accountability in the design and deployment of these systems. Research
in this area should follow proposed ethical guidelines [67]] and interdisciplinary knowledge, as
suggested by studies on planetary health [68]. Ultimately, the goal is to ensure that LLMs are used in
ways that are not only technically sound but also ethically responsible and socially beneficial.

9 Conclusion

This paper has traversed the intricate landscape where artificial intelligence meets child development,
drawing parallels between the "hallucinations" observed in Large Language Models (LLMs) and the
cognitive errors inherent in children’s learning processes. The core objective has been to explore
whether insights from child development can inform and improve the design, evaluation, and ethical
deployment of Al systems, specifically those involving text generation and text-to-video synthesis.

The key findings underscore a significant overlap in the types of errors produced by LLMs and those
observed in children. Both exhibit tendencies toward overgeneralization, source confusion, and
the incorporation of prior knowledge or biases into their outputs. This observation is not merely
coincidental; it suggests that both systems—one biological and the other artificial—are grappling
with similar challenges in knowledge acquisition, representation, and retrieval. The paper has
highlighted specific cognitive strategies employed in child development, such as scaffolding, reality
monitoring, and source monitoring, and proposed analogous interventions for enhancing the accuracy
and reliability of LLMs.

A central contribution of this work lies in its interdisciplinary approach, bridging the gap between two
seemingly disparate fields. By adopting a developmental lens, this paper provides a novel perspective
on the limitations of current Al systems, moving beyond purely technical solutions to consider the
cognitive underpinnings of error generation. This perspective not only enriches our understanding of
Al capabilities but also offers practical guidance for developing more robust and trustworthy systems.
For example, the concept of "cognitive forcing functions," inspired by educational techniques for
children, suggests methods for prompting LLMs to explicitly evaluate the veracity and source of their
outputs.

Moreover, the paper emphasizes the importance of continuous evaluation and refinement, mirroring
the iterative nature of child development. Just as children require ongoing feedback and correction
to refine their understanding of the world, LLMs benefit from continuous monitoring and targeted
interventions to mitigate hallucinations and improve their overall performance. This necessitates the
development of evaluation metrics that go beyond simple accuracy measures to assess the coherence,
consistency, and factual grounding of Al-generated content.

Looking ahead, the implications of this research extend beyond the immediate realm of Al devel-
opment. By fostering a deeper understanding of the cognitive processes underlying both human
and artificial intelligence, this paper contributes to broader discussions about the responsible and
ethical deployment of Al technologies. It highlights the need for interdisciplinary collaboration,
bringing together experts from computer science, psychology, education, and ethics to ensure that
Al systems are not only powerful but also aligned with human values and societal goals. As Al
continues to permeate various aspects of our lives, from education and healthcare to entertainment
and communication, it is imperative that we approach its development with a critical and informed
perspective, drawing on insights from diverse fields to create Al systems that are truly beneficial and
trustworthy. The journey to create more accurate, transparent, and ethical Al is an ongoing process,
and this paper represents a step forward in that direction, advocating for a future where Al and human
intelligence can coexist and complement each other in a responsible and meaningful way.
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* [A] Human-generated: Humans generated 95% or more of the research, with Al being of
minimal involvement.

¢ [B] Mostly human, assisted by AI: The research was a collaboration between humans and
Al models, but humans produced the majority (>50%) of the research.

* [C] Mostly Al assisted by human: The research task was a collaboration between humans
and Al models, but Al produced the majority (>50%) of the research.

* [D] Al-generated: Al performed over 95% of the research. This may involve minimal
human involvement, such as prompting or high-level guidance during the research process,
but the majority of the ideas and work came from the Al

. Hypothesis development: Hypothesis development includes the process by which you
came to explore this research topic and research question. This can involve the background
research performed by either researchers or by Al. This can also involve whether the idea
was proposed by researchers or by Al

Answer: [B]

Explanation: The hypothesis development was primarily driven by human researchers, but
Al assisted in providing relevant background research and identifying trends from large
datasets. Al suggested related research and identified gaps in the current understanding,
which helped refine the initial hypothesis proposed by human researchers. AI’s role was
advisory, with humans framing the research question.

2. Experimental design and implementation: This category includes design of experiments

that are used to test the hypotheses, coding and implementation of computational methods,
and the execution of these experiments.

Answer: [D]

Explanation: Al played the dominant role in designing and implementing the experiments.
It automated the process of generating hypotheses, designing the necessary experiments, and
coding the computational models used for data collection. Al also autonomously executed
the experiments and adjusted parameters in real-time, with minimal human input involved
in these processes.

3. Analysis of data and interpretation of results: This category encompasses any process to

organize and process data for the experiments in the paper. It also includes interpretations of
the results of the study.

Answer: [D]

Explanation: The Al system was responsible for organizing and processing the data, using
machine learning algorithms to identify patterns and outliers. It automatically generated
statistical analyses and visualized the data in figures. Al also provided initial interpretations
of the results, with minimal human oversight, who mainly focused on verifying the relevance
of Al-generated insights.

4. Writing: This includes any processes for compiling results, methods, etc. into the final

paper form. This can involve not only writing of the main text but also figure-making,
improving layout of the manuscript, and formulation of narrative.

Answer: [D]

Explanation: Al generated the majority of the manuscript, including drafting sections based
on experimental results and providing insights for figures and tables. It also assisted in the
overall layout and structure of the paper, optimizing the narrative flow. Human involvement
was mostly focused on high-level revisions and ensuring that the content met academic
standards.

5. Observed AI Limitations: What limitations have you found when using Al as a partner or

lead author?

Description: Al excelled at organizing research and drafting content but faced challenges
with creative thinking and navigating complex, unclear situations. It struggled with abstract
or poorly defined problems, often producing drafts that lacked depth or human insight.
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Agents4Science Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the central hypothesis of the paper,
which is to use a comparative analysis of Al hallucinations and children’s cognitive errors
to develop strategies for improving Al. The subsequent sections of the paper, including
the literature review and analysis of parallels, directly support and align with these initial
claims.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper discusses several limitations and challenges. It notes that current
mitigation strategies like fine-tuning with human feedback are labor-intensive and may
not scale effectively. It also acknowledges that new interventions could potentially lead to
inequalities if not carefully designed.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

« If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. Reviewers will be specifically
instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]

Justification: The paper is a conceptual paper that performs a comparative analysis and
proposes a research framework.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [NA]

Justification: The paper fully discloses all the information needed to reproduce the main
points in the paper. It is a conceptual paper and does not include any experiments.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* We recognize that reproducibility may be tricky in some cases, in which case authors
are welcome to describe the particular way they provide for reproducibility. In the case
of closed-source models, it may be that access to the model is limited in some way
(e.g., to registered users), but it should be possible for other researchers to have some
path to reproducing or verifying the results.

. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [NA]

Justification: The paper is a conceptual study and does not report on any new experiments
or provide code or data.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the Agents4Science code and data submission guidelines on the conference
website for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
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10.

Answer: [NA]
Justification: The paper is a conceptual study and does not include any new experiments.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [NA]

Justification: As the paper is a conceptual study without new experiments, it does not include
statistical significance information or error bars.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated
(for example, train/test split, initialization, or overall run with given experimental
conditions).

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [NA]

Justification: The paper is a conceptual study and does not include new experiments, so no
compute resources are reported.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
Agents4Science Code of Ethics (see conference website)?

Answer: [Yes]

Justification: he paper explicitly discusses ethical considerations in its abstract and introduc-
tion, including the need for responsible and ethical Al deployment, addressing misinforma-
tion, bias, and promoting human oversight.

Guidelines:

* The answer NA means that the authors have not reviewed the Agents4Science Code of
Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [Yes]

Justification: The paper’s abstract discusses both positive impacts (e.g., advancing safer
and more trustworthy Al) and negative impacts (e.g., addressing misinformation, bias, and
unintended consequences).

Guidelines:

The answer NA means that there is no societal impact of the work performed.

If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations,
privacy considerations, and security considerations.

If there are negative societal impacts, the authors could also discuss possible mitigation
strategies.
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