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Abstract
As artificial intelligence (AI) advances in reasoning capabilities,
most recently with the emergence of Large Reasoning Models
(LRMs), understanding how children conceptualize AI’s reasoning
processes becomes critical for fostering AI literacy. While one of the
“Five Big Ideas” in AI education highlights reasoning algorithms
as central to AI decision-making, less is known about children’s
mental models in this area. Through a two-phase approach, consist-
ing of a co-design session with 8 children followed by a field study
with 106 children (grades 3 - 8), we identified three models of AI
reasoning: Deductive, Inductive, and Inherent. Our findings reveal
that younger children (grades 3 - 5) often attribute AI’s reasoning to
inherent intelligence, while older children (grades 6 - 8) recognize
AI as a pattern recognizer. We highlight three tensions that surfaced
in children’s understanding of AI reasoning and conclude with im-
plications for scaffolding AI curricula and designing explainable AI
tools.
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1 Introduction
Few domains of AI research have seen as much recent progress and
attention as AI reasoning [59, 78]. In December 2024, OpenAI’s o3
large reasoning model set a new state-of-the-art of 87.5% on the
Abstraction and Reasoning Corpus (ARC) benchmark [13]. This
set of grid-based puzzles is easily solvable by humans, including
most children, yet has been historically impossible for even the
most advanced general-purpose AI systems. Thus OpenAI’s ac-
complishment led the benchmark’s designer to describe the model
as “a genuine breakthrough” in AI reasoning [46]. Soon after, the
Chinese AI startup DeepSeek created a model known as R1 [19]
that is making headlines for its efficient, open-sourced, and high
reasoning capabilities.

AI literacy scholarship has long recognized the importance of
helping children understand AI reasoning, to the point that Repre-
sentation and Reasoning is one of the AI4K12 Five Big Ideas of AI
[44, 84]. However, just as the emergence of large language models
prompted a re-evaluation of AI literacy – as children could eas-
ily interact with a relatively safe, fluent chatbot to learn with AI
[1, 16, 23, 82, 96] – the advent of easily accessible large reasoning
models [19, 66], and novel benchmarks designed to measure their
reasoning capabilities [36, 43, 60] presents an opportunity to deepen
our understanding of children’s mental models of AI reasoning and
to consider new approaches to teach these concepts. In the present
work, we employ the very ARC puzzles used by scholars to eval-
uate AI reasoning to provide a novel scaffold for understanding
children’s mental models of AI reasoning. Concretely, we address
four primary research questions:

(1) RQ1: What kinds of reasoning do children believe AI is
capable of, and what do they perceive as the limitations of
AI reasoning?

(2) RQ2: How can we characterize the mental models of AI
reasoning held by children?

(3) RQ3: What effects do grade level and prior experience with
AI have on children’s mental models of AI reasoning?
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(4) RQ4: How can children’s mental models of AI reasoning
inform our approaches to AI literacy about models with
limited reasoning capabilities, like OpenAI o3 and DeepSeek
R1?

To answer these questions, we first conducted a preliminary co-
design study with eight children (grades 3 - 8), using a customized
interface as a scaffold. The interface included twelve ARC puzzles,
which require puzzle-solvers to recognize a visual transformation
between grid pairs, and then apply that transformation to a new
grid containing a previously unseen patterns (see Figure 1). Consid-
ering how AI would perform on puzzles available via this interface
allowed children to reflect on AI’s reasoning capabilities (i.e., its
ability to solve challenging abstract puzzles that demand more than
just memorization of data examples) and design novel puzzles that
they believed would be challenging for AI. We then conducted a
field study with 106 children (grades 3 - 8) that allowed us to more
precisely identify children’s mental models of AI reasoning and to
test the effects of grade level and prior exposure to AI. Drawing
on data collected from the co-design study and the field study, our
contributions are as follows:

(1) We find that children expect AI reasoning to be limited
in four primary domains: Social and Emotional Reasoning;
Conceptual and Categorical Reasoning; Non-Literal Reason-
ing (reasoning in settings with linguistic ambiguity, includ-
ing humor); and Reasoning with Unfamiliar Representations
of familiar concepts. We provide concrete examples from
drawings of novel puzzles produced by children during our
co-design study.

(2) We find that children’s mental models of AI reason-
ing can be characterized as Inductive, Deductive, and
Inherent. Inductive refers to the view that AI generalizes
patterns from data to make predictions; Deductive refers to
the view that AI applies predefined rules to reach conclu-
sions based on existing knowledge; and Inherent refers to
the view that reasoning capabilities are an intrinsic property
of AI, due to its technological nature. We develop these cate-
gories based on our co-design study, and we then describe
extensive evidence of their presence in the data from our
field study.

(3) We find evidence of a relationship between children’s
mental models of AI reasoning and their grade level.
We provide statistically significant evidence for the influence
of grade level on the type of reasoning children attribute
to AI. Specifically, the prevalence of the Inherent mental
model becomes less common as grade level increases, while
the prevalence of the Inductive mental model increases with
grade level. By grade 7, the predominant mental model is
Inductive, while the Inherent mental model vanishes entirely,
suggesting a shift toward seeing AI as a data-driven pattern
recognizer and away from seeing reasoning capabilities as
an intrinsic property of AI.

(4) We offer evidence of three tensions in developing chil-
dren’s literacy about AI reasoning: the presence of Over-
lap and Gaps Between Understanding of Data, Computational,
and AI Literacies; problems with Generalizing AI Reasoning
Across Contexts; and difficulties in Balancing AI Literacy with

the Pace of Technological Change. We observed an increas-
ingly challenging environment for AI literacy education, one
in which existing approaches to AI literacy foster certain
misconceptions about the limitations of AI reasoning in the
most recent models. We suggest that, should the rapid pace
of change in AI continue, educators will need to equip chil-
dren with highly flexible understanding of AI, one that is
nonetheless grounded in computational and data literacies.

Our work suggests the promise of using simple technological
scaffolds like ARC puzzles to further literacy about AI reasoning.
It also highlights the opportunity for more integration among ap-
proaches to computational literacy, data literacy, and AI literacy, as
these branches of technological literacy together inform the mental
models through which children will ultimately understand AI.

2 Related Work
We first discuss prior research on AI reasoning in K-12 AI literacy
and the factors influencing children’s understanding and mental
models of AI. We then discuss the current state of AI reasoning
research and the methods used to evaluate AI reasoning. Given that
the term “mental model” has been used in multiple ways across
disciplines [35, 64, 70], for the purpose of our study, we draw on
Johnson-Laird’s framing [45], which conceptualizes mental mod-
els as dynamic, situation-specific internal structures that serve as
analogs to real or imagined systems. These models are generated
on the spot to support reasoning, problem-solving, and explanation,
and are shaped by individuals’ underlying conceptual structures
and prior knowledge [45, 89].

2.1 AI Reasoning within K-12 AI Literacy
AI literacy is defined as a set of competencies that enables indi-
viduals to “critically evaluate AI technologies; communicate and
collaborate effectively with AI; and use AI as a tool online, at home,
and in the workplace” [52, p. 2]. A key competency in AI literacy
is understanding how AI systems reason, meaning how AI can
“manipulate representations to derive new information from what is
already known”[84, p. 3]. This understanding is central to forming
accurate conceptions of AI [49, 52, 83] and is embedded within the
AI4K12 initiative’s “Five Big Ideas of AI” [84], particularly the idea
of Representation and Reasoning. Teaching approaches in the K-12
level that foreground AI reasoning have emphasized the impor-
tance of interrogating AI decision-making processes and engaging
children with data and AI models in a hands-on way [25, 47, 58].
For example, Payne [69] worked with young learners to emphasize
the importance of training data in machine learning algorithms and
helped them explore the potential repercussions of biased datasets
on system outputs.

In the past decade, researchers have developed a range of com-
putational and unplugged learning platforms that introduce stu-
dents to AI’s underlying mechanisms [56, 61, 87]. Platforms such
as Machine Learning for Kids, Teachable Machine [9], Cognimates
[24], and Scratch AI [32] extensions enable children to train AI
models, observe predictions, and refine their AI models based on
observed outcomes, making abstract AI concepts like classifica-
tion, AI bias, and model prediction more tangible. Other educa-
tional interventions have used an embodied learning approach
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[14, 37, 50, 54, 63, 81], following Long and Magerko's recommen-
dation [52] that learners can make better sense of an agent's rea-
soning when they can put themselves �in the agent's shoes.� For
example, Greenwald et al. [37] explored �metacognitive embodi-
ment,� where children re�ect on their own thinking processes (e.g.,
emotion recognition) to understand how a facial recognition AI
might work. These approaches also align with computational think-
ing (CT) principles, particularly decomposition and abstraction, as
students break down their own reasoning processes to model AI's
decision-making [8, 10, 12, 40, 62].

While prior work in AI literacy has made signi�cant strides in
helping children understand AI's reasoning processes, the recent
development of generative AI models speci�cally for reasoning
introduces new challenges. As described in Section 2.3, large rea-
soning models have rapidly accelerated progress in AI reasoning.
These models still rely on training data, yet they learn strategies
for logical reasoning across diverse contexts that were unavailable
in previous generations of models. Given that understanding AI
reasoning is an important aspect of building overall AI literacy
[52, 84], our study starts by seeking to understand children's men-
tal models of AI reasoning and their perceptions of AI's reasoning
limitations. By studying the aspects of AI reasoning that children
intuitively grasp and where their understanding diverges, we hope
to inform the design of novel child-centered AI explanations, ed-
ucational tools, and interventions to help children develop robust
technological literacies.

2.2 Factors In�uencing Children's
Understanding of AI

Children's understanding of AI exists on a spectrum rather than
within a binary framework of �right� or �wrong� [ 57, 67]. Their
evolving perspectives re�ect both developmental factors and the
contexts in which they encounter AI. Prior research shows that
age in�uences how children perceive AI [24, 34, 39], but also that
older children do not always exhibit a deeper understanding of
AI's mechanisms [88]. While older children (6�10 years old) tend
to recognize AI's functional capabilities, they often misattribute
intelligence based on observable traits such as speed, interactivity,
or problem-solving ability [27, 28, 67]. Younger children (3�4 years),
by contrast, are more likely to anthropomorphize AI, assigning emo-
tions or intentionality to systems that display responsive behavior
[3, 27, 28, 39, 67]. Cultural exposure, socioeconomic status, and
parental attitudes further shape these perceptions. Prior research
has shown that children in cultures where AI assistants are more
integrated into daily life tend to be less skeptical of AI's capabilities
[26].

Additionally, the form of AI matters. Flanagan et al. [33] sur-
veyed over 127 children ages 4-11 on their perceptions of AI, using
Amazon Alexa and Roomba vacuums as key examples. They found
that children view Alexa as having more human-like thoughts and
emotions compared to Roomba [33]. Similarly, Dietz et al. [20] ex-
plored how adults and children ages 3 through 8 reason about the
minds of conversational AI, �nding that children do not consistently
distinguish between human and AI minds. Moreover, Quander et al.
[72] found that children perceive robots with intricate components
and dynamic visual cues like �ashing lights as more intelligent than

robots with simpler designs. Studies of children's understanding
of generative AI suggest that children (ages 5�12) perceive it more
as a tool for producing content, rather than an entity capable of
human emotions [48]. Since children's perceptions of AI may vary
by developmental stage and by the type of AI they interact with, our
work also assesses these attributes as potential factors contributing
to children's mental models of AI reasoning.

2.3 The State of AI Reasoning: Large Language
Models and Large Reasoning Models

Because our work is ultimately concerned with supporting chil-
dren's literacy of AI reasoning, we describe here the state of rea-
soning in AI research, focusing speci�cally on recent advances in
generative AI that have produced the �rst general-purpose reason-
ing models by building them on the foundation provided by a large
language model. Large Language Models (LLMs) are a form of gen-
erative AI trained on a next-word prediction objective, rendering
them capable of producing humanlike text [73]. Since the release of
ChatGPT in 2022 [65], most LLMs undergo supervised �ne-tuning
(SFT) that renders them capable of engaging in chat-based con-
versations with users [85], as well as reinforcement learning from
human feedback (RLHF) [68], a process that aligns the model to
re�ect human social norms (for example, by reducing explicitly
biased or toxic output [92, 93]). Much research has demonstrated
that LLMs exhibit a limited capacity for reasoning [42]. For example,
in a widely used technique called �chain-of-thought reasoning,� or
COT, a user instructs the model to �think step-by-step� and present
the component steps of its reasoning to the user [91]. More complex
techniques such as �tree-of-thoughts� use graph-based algorithms
to descend LLM outputs generated using COT [99]. COT and the
techniques that build on it signi�cantly improve LLM performance
on problems that require reasoning.

Large Reasoning Models (LRMs) are LLMs that undergo post-
training to generate an internal chain-of-thought (i.e.,not part of
the output to the user), speci�cally for the purpose of improving
their reasoning capabilities [97]. OpenAI's o1 series of models,
released in September 2024, use a reinforcement learning algorithm
that rewards a chat-based LLM for using COT to solve di�cult
reasoning problems [66]. More recently, DeepSeek AI introduced
DeepSeek R1 [19], which post-trains the DeepSeek V3 LLM [51]
to use COT to solve complex reasoning tasks, without �rst �ne-
tuning the model to engage in chat-based dialogue. DeepSeek R1
and OpenAI o1 together set new state of the art on numerous logical,
mathematical, and coding tasks [19, 66]. Moreover, analysis of the
behavior of these models shows that these models learn to apply
reasoning strategies such as re-examining false initial assumptions,
spending more time re�ning an answer before o�ering it to the
user, and breaking down complex tasks into more easily solvable
steps [19, 66].

2.4 Methods for Evaluating Reasoning in AI
Evaluations of AI reasoning capabilities aim not to assess whether
a model has memorized factual information during training, but
whether it can apply general reasoning principles to solve com-
plex problems [4]. Unlike benchmarks thatassumecorrect answers
stem from exposure to relevant training data, reasoning evaluations
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Figure 1: An ARC puzzle, with two example transformations and a �nal grid to which the user must apply the rule. In this case,
the user must color squares orange if they are directly above or below a dark blue square, or yellow if they are diagonal in any
direction from a dark red square while leaving black the squares adjacent to a square of any other color ( e.g., pink or light blue ).

often use private test sets to prevent models from being trained
on speci�c problem types. These evaluations therefore emphasize
a model's ability to generalize reasoning strategies, rather than
recall solutions to particular tasks. For example, the GPQA Dia-
mond benchmark maintains a private test set of questions authored
by doctoral students that require not only domain-speci�c knowl-
edge but domain-speci�c reasoning strategies to answer correctly
[75]. Some evaluations detach AI reasoning entirely from factual
or domain-speci�c knowledge. One example is the Abstraction
and Reasoning Corpus (ARC) benchmark [13], which we use in
this work to probe children's mental models of AI reasoning. As
illustrated in Figure 1, ARC presents a model with a series of trans-
formations applied to color-coded grid-based puzzles; the model
must infer the rule used in making the transformation and apply it
to a new puzzle [13].

ARC forces a model to reason about a concrete problem in the
absence of relevant factual data on which to draw and without
simply applying methods for manipulating text. LRMs, including
OpenAI's o1 models, have vastly exceeded the performance of LLMs
on these reasoning-speci�c evaluations [46]. However, even LRMs
still commit surprising errors that most humans�including most
children�would likely not make [46]. The developers of ARC have
promised a more di�cult version of the test to more completely
evaluate the progress made by LRMs [46], and researchers have
developed more complex versions of ARC, such as ConceptARC,

which focuses on reasoning with spatial and semantic concepts
[60].

3 Preliminary Study
Understanding how children conceptualize AI reasoning is essential
for designing e�ective AI literacy interventions. While children
engage in reasoning constantly in their everyday lives, whether
by testing hypotheses or drawing inferences, they do not use or
interpret the term �reasoning� in the same way adults do [79, 80].
To bridge this gap, prior research in cognitive development suggests
that using tangible abstractions, such as solving logical puzzles, is
a developmentally appropriate way to investigate children's intu-
itive understanding of reasoning [2, 71]. Thus, as a �rst step, we
conducted a preliminary study to explore whether ARC puzzles
could serve as a framing tool to explore how children perceive AI's
reasoning processes. By framing reasoning as puzzle-solving, our
goal was to examine whether children attribute rule-based logic,
probabilistic inference, or other forms of reasoning to AI.

3.1 Setting
To test if the ARC Puzzles provided a developmentally appropriate
context to surface children's perceptions of AI reasoning, we con-
ducted a preliminary study with an inter-generational co-design
group KidsTeam UW . We employed Cooperative Inquiry (CI)
[29, 30, 102], a participatory method that positions children as
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Table 1: Self-Reported Co-Design Participant Details

PID Gender Age Grade AI Type AI Use AI Familiarity

P1 Boy 8 3 Voice Assistant Daily Moderate

P2 Girl 9 5 None Never None

P3 Boy 7 3 Video Game AIs, Voice Assistant Daily Moderate

P4 Boy 9 4 Video Game AIs, Voice Assistant Daily High

P5 Girl 11 5 Video Game AIs, Voice Assistant Weekly Moderate

P6 Boy 10 5 Chatbot Weekly Very High

P7 Girl 9 3 Video Game AIs, Voice Assistant Occasionally High

P8 Girl 14 8 Chatbot, Video Game AIs, Voice Assistant Weekly High

equal design partners alongside adult researchers for several rea-
sons. First, CI fosters a democratic environment where children's
perspectives are actively requested, valued, and incorporated into
the design process [31, 38, 101]. Second, CI has been widely applied
in child-computer interaction research to examine how children
conceptualize emerging technologies like intelligent interfaces and
social robots [17, 61, 94, 95]. Third, children in KidsTeam UW were
knowledgeable on multiple participatory design techniques and
could, therefore, dive deeply into their design needs [90].

3.2 Participants
Children in KidsTeam UW were recruited through various chan-
nels, including mailing lists, posters, and snowball sampling. Once
recruited, children participate throughout the school year, attend-
ing one or both of the weekly sessions o�ered by the group. Table
1 provides demographic information for the eight children who
participated in our preliminary study. Children reported varying
levels of AI familiarity and use. Some participants regularly inter-
acted with AI through voice assistants (e.g., Alexa, Siri) and video
game AIs, while others engaged with chatbots or had no direct
AI experience. We obtained parental consent and child assent for
all participants, and our university's Institutional Review Board
(IRB) reviewed and approved all research related activities with
KidsTeam UW.

3.3 Materials
To facilitate children's exploration of ARC puzzles, we developed
a web-based application accessible through any modern browser
[18]. The application featured 12 curated puzzles from the ARC
dataset [13], organized into four levels of increasing di�culty. Fig-
ure 2 depicts participants solving ARC puzzles using the web-based
interface.

While many logical puzzles could serve as sca�olds, we chose
ARC puzzles for several reasons. First, ARC puzzles are designed to
be content-agnostic, meaning they do not require domain-speci�c
knowledge such as mathematical formulas or linguistic pro�ciency.
This ensures that children from diverse backgrounds can partici-
pate meaningfully. Second, ARC puzzles allow for a clear separation
between learning and inference. Because each puzzle presents new

transformations that must be discovered, this property helps inves-
tigate if children perceive AI's reasoning as relying on learned pat-
terns, inferential, or a combination of both. Third, ARC puzzles are
highly interpretable. Unlike many reasoning tasks where AI solu-
tions may be opaque or require complex explanations [36, 75], ARC
puzzles provide a clear visual representation of both the problem
and the solution. This makes them particularly useful for eliciting
children's explanations of reasoning, as they can point to concrete
transformations rather than abstract verbal descriptions. Finally,
ARC puzzles are widely recognized as a benchmark for reasoning in
AI research. Since the puzzles are used in evaluations of both LLMs
and LRMs, they provide a standardized measure against which
children's mental models of AI reasoning can be compared to AI's
actual reasoning process.

3.4 Procedure
Our 1.5-hour co-design session was structured to balance relationship-
building, discussion, and hands-on design activities. We began with
Snack Time (15 minutes), where all eight children and facilitators
sat together in an informal, shared space. This time was intended to
build rapport and trust, allowing children to settle in and socialize
with each other and the adult facilitators. Next, duringCircle Time
(15 minutes), an adult facilitator introduced ARC puzzles, using a
large display and verbal walkthrough to demonstrate how to solve
a puzzle. This whole-group introduction ensured all children had
a shared understanding of the activity before transitioning into
smaller groups.

Once the children understood the rules for solving ARC puzzles,
the children were split into three small groups � two groups of three
children and one group of two � each supported by two facilitators.
As children solved the 12 ARC puzzles using the web-interface (as
discussed in Section 3.3), they were encouraged to verbalize their
thought processes, explaining the patterns they noticed, the rules
they inferred, and how they applied them in trying to solve the
puzzles. Facilitators asked questions such as,�Do you think AI could
solve these puzzles?�and�How would AI solve it?�to understand
their perspectives on AI reasoning. We then transitioned into a
participatory design activity calledLikes, Dislikes, and Design Ideas
[38], wherein adult facilitators captured children's responses about
what they liked about the puzzles and what they disliked, and
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Figure 2: Participants engaging with the web-based ARC puzzle interface. Screenshots show participants solving (1) a Level 1
puzzle and (2) a Level 4 puzzle.

invited them to share any ideas for modifying the puzzle-solving
experience.

Following this, we introduced a second design prompt:�What
kind of puzzle would be easy for you but hard for AI?�This prompt
served as a sca�old for children to articulate their understanding
of both their own problem-solving processes and AI's reasoning
limitations. Children continued working in their small groups or
individually if they preferred, engaging in an open-ended design
process. They could sketch puzzle ideas or describe them in writing,
with facilitators supporting them in articulating their concepts.
Finally, we reconvened as a whole group forBig Ideas (15 minutes).
Children took turns presenting their puzzle designs, explaining
their solutions, and discussing why they believed their puzzles
would challenge AI. This group re�ection allowed children to share
insights and build on each other's ideas about human versus AI
reasoning.

3.5 Data Collection
During the co-design session, our team utilized built-in webcams on
desktop computers to record video and screen interactions using the
Zoom video conferencing software. Three cameras recorded three
separate groups of eight children, capturing a total of 93 minutes
of video. To transcribe our video data, our research team created
analytical memos summarizing key interactions and discussions
[6, 76]. The fourth author watched the recordings and documented
notable events at 5-minute intervals, capturing children's interac-
tions with the ARC Puzzles and children's dialogues about how
their problem-solving approach would compare to that of AI. Af-
ter the fourth author �nished writing memos, the �rst and third
authors independently reviewed the same videos and the fourth
author's memos to verify the accuracy of the initial observations
and to add additional notes and insights. This dual-review process
supported the reliability of the data analysis process and allowed us
to capture more than one perspective on the content of the videos.

3.6 Data Analysis
Following memo creation, we followed a thematic analysis approach
[7] to interpret the data. The �rst and second authors began by inde-
pendently reviewing the analytical memos, suggesting initial codes
such as �AI Reasoning Challenges� and �AI Pattern Recognition.�
They then held a series of three meetings to reconcile codes, collabo-
ratively review participant quotes, examine counter-examples, and
re�ne the boundaries and de�nitions of each code. For example, the
code �AI Reasoning Challenges� was initially broad, encompassing
various di�culties children believed AI would face. However, after
analyzing participant responses, we re�ned this category into four
speci�c reasoning challenges: �Non-Literal Reasoning�, �Unfamiliar
Representations�, �Emotional Reasoning�, and �Conceptual Reason-
ing.� During this process, overlapping codes were also systemati-
cally merged and organized into broader categories. For example,
the codes �AI Pattern Recognition� and �Learning from Data� were
merged into a single category, �Inductive Reasoning.� After re�ning
the codebook three times, our �nal codebook included six codes
and 14 subcodes. The �rst author then applied the �nal codebook
to the full dataset, and the second author independently reviewed
the coded data to ensure comprehensive analysis. Once all the data
were coded, the �rst and second authors met to discuss and resolve
any coding disagreements. We then organized the codes into over-
arching themes, and the �rst author revisited the entire dataset to
extract representative quotes for each theme.

4 Co-Design Findings
We present �ndings from our preliminary study, including chil-
dren's engagement with ARC puzzles, their perceived limitations of
AI reasoning, early evidence of three mental models of AI reason-
ing, and key challenges in supporting AI reasoning literacy among
children.
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