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Figure 1: Oak Story is a mobile app that engages children in real-world learning about ecology through an interactive narrative
featuring animal characters. It uses a custom large language model architecture to generate character dialogue (center left) and
gives the learner agency to influence the story through freeform responses (center), all while ensuring that the story and lesson
remain on track. Oak Story also uses augmented reality activities to tie the narrative to the learner’s physical surroundings
(left, center right, and right).



ABSTRACT
Narrative-based education engages children in learning, but tra-
ditional approaches offer limited adaptability to individual prefer-
ences. Although large language models (LLMs) offer promising op-
portunities for interactive narratives, balancing their unpredictabil-
ity with structured learning objectives remains challenging. To
answer this challenge, we designed and built Oak Story, an educa-
tional mobile application for 4th–6th graders centered on local oak
woodland ecosystems. Oak Story employs a learning-goal-directed
LLM architecture that adapts the narrative, as well as multimodal
real-world activities, to each individual student while ensuring that
learning goals are met. In a between-participants study (𝑁 = 47),
we find that Oak Story produces statistically significant increases
in learning gains, engagement, and perceived agency compared
to a control with static sequencing within and between scenes.
These findings demonstrate an effective architectural approach for
LLM-based educational systems that successfully balances learner
agency with pedagogical structure.

CCS CONCEPTS
• Human-centered computing→ Human computer interac-
tion (HCI); Interactive systems and tools; Mixed / augmented reality;
Natural language interfaces; • Applied computing→ Education;
Interactive learning environments; • Computing methodolo-
gies → Artificial intelligence;
ACM Reference Format:
Alan Y. Cheng, Carolyn Q. Zou, Anthony Xie, Matthew Hsu, Felicia Yan,
Felicity Huang, David K. Zhang, Arjun Sharma, Rashon Poole, Daniel Wan
Rosli, Andrea Cuadra, Roy D. Pea, and James A. Landay. 2025. Oak Story:
Improving Learner Outcomes with LLM-Mediated Interactive Narratives. In
The 38th Annual ACM Symposium on User Interface Software and Technology
(UIST ’25), September 28-October 1, 2025, Busan, Republic of Korea. ACM, New
York, NY, USA, 17 pages. https://doi.org/10.1145/3746059.3747698

1 INTRODUCTION
Educational experiences that engage children as active partici-
pants have long been recognized as powerful catalysts for learn-
ing [22, 63], yet must also ensure students meet specific educational
objectives. The challenge lies in designing systems that respond
to learners’ individual preferences while ultimately guiding them
toward established learning goals. Narrative-based approaches nat-
urally balance these competing priorities by providing both struc-
tured educational progression and opportunities for personalized
exploration.

Interactive narratives extend these benefits by allowing learners
to influence story progression according to their interests and cu-
riosities [46] . Recent advances in artificial intelligence, particularly
large language models (LLMs), create unprecedented opportunities
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to make educational narratives more responsive to individual learn-
ers while maintaining pedagogical direction. Similarly, augmented
reality (AR) technologies enable these narratives to extend beyond
screens into the physical world, creating possibilities for situated
learning experiences that connect abstract concepts with tangible
environments [31].

To bring interactive narratives into a child’s immediate physical
environment, we created Oak Story, an educational mobile applica-
tion that integrates AI and AR technologies to facilitate learning
about local oak woodlands for 4th–6th graders (Figure 1). Oak Story
introduces learners to a colorful cast of animal characters (Figure 2)
to illustrate the history and ecology of oak woodlands. To enable
self-directed learning, Oak Story employs a learning-goal-oriented
architecture, leveraging a large language model (LLM) to dynami-
cally interpret learner interests, generate responsive dialogue, and
sequence narrative events adaptively. This architecture maintains
educational coherence by ensuring all specified learning objectives
are met, while simultaneously providing the flexibility to accommo-
date individual exploration through prioritizing areas and dialogue
that align with a learner’s expressed interests.

We evaluate Oak Story through a between-participants experi-
mental study addressing two research questions:
RQ1: How do learning outcomes (learning gains, motivation, and

engagement) and sense of agency compare between a dy-
namic narrative adapted to a learner (Oak Story) and a static
linear narrative (control)?

RQ2: What are the opportunities of using LLM-mediated inter-
actions to improve user autonomy and engagement with
interactive narratives and AR?

We make two main contributions to the literature. First, we
present the design, architecture, and implementation of Oak Story,
an educational app that combines an interactive story with real-
world activities and dynamically adapts narrative progression based
on user preferences. In particular, we contribute a novel LLM archi-
tecture that steers the narrative toward specific learning goals.

Second, we provide empirical evidence that the LLM-supported
adaptivity of Oak Story promoted learning gains, improved en-
gagement, and increased learners’ sense of agency among 4th–6th
grade students, even when compared to a control that also featured
LLM-generated dialogue and the identical AR activities.

2 RELATEDWORK
Our work builds upon prior research in AI-supported storytelling,
interactive narratives, and student agency.

2.1 AI-Supported Storytelling in Education
Narrative-based learning environments integrate elements of sto-
rytelling into educational technologies. In particular, narratives
can provide scaffolding that engages learners and supports their
learning [5, 35]. For instance, prior work has demonstrated that
narrative-based learning can lead to a variety of positive outcomes,
such as increasing self-efficacy [37], promoting interest in sub-
jects [37, 45], and fostering a sense of identity [45]. Narrative-based
learning environments can take many forms, but most relevant
to the present work are those that use generative AI to create or
co-create educational stories, especially for children.
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Many existing approaches focus on vocabulary lessons due to
their compatibility with the strong natural language capabilities of
large language models. A common design pattern observed in these
applications is the use of an LLM to insert target vocabulary words
into children’s stories. For example, Storyfier [44] helps learners
acquire new vocabulary by generating a story based on a list of
target words and then co-writing a new story with AI assistance.
Open Sesame? Open Salami! [32] embeds vocabulary from a child’s
daily life into a customized storybook, adapting the story to the
child’s everyday context. Mathemyths [69] targets mathematical
vocabulary and co-creates stories with children while embedding
mathematical language. Another recent project, StoryMate [9], en-
gages children in active reading through conversation with an AI
companion and extends these conversations to real-world topics.

The aforementioned works primarily use storytelling as a vehicle
to support young learners’ literacy skills. However, narrative can be
used effectively to engage children in a variety of topics, including
science and mathematics (e.g., [10, 39, 49]). Furthermore, these
tools rely heavily on the LLM to generate new story events, and
LLMs struggle with long-term narrative coherence [27], making
it difficult to create narrative-based learning experiences where
the educational content is deeply intertwined with the story. Our
approach draws inspiration from a long line of work in interactive
narratives, which we describe in the next subsection.

2.2 Interactive Narratives
Interactive narratives are experiences in which the user actively
takes on the role of a character in the story, and their actions
influence plot events [12, 21]. These experiences can take many
forms, from text-based adventures to complex game environments,
but share the common characteristic of allowing users to shape
narrative outcomes through their choices and actions.

The field of interactive narrative has evolved substantially from
early hypertext fiction to structured authoring tools like Twine [18].
These traditional approaches relied on branching narratives with
pre-authored content, limiting the possible story variations to
what authors had explicitly defined. Early work established founda-
tional concepts like experience management [46] and demonstrated
the practical viability of generative storytelling systems like Sto-
ryAssembler [19], as well as innovating techniques in artificial
intelligence to tailor story events to the user’s decisions [20, 47].
However, these approaches required extensive knowledge engineer-
ing and technical expertise to author narratives.

The rise of LLMs in recent years has sparked a new wave of
interest in integrating AI with interactive narratives, from driv-
ing interactive games solely with generative AI [55] to using AI
to co-write screenplays [38] or co-facilitate tabletop role-playing
games [71]. This line of work has focused primarily on interac-
tive narratives for entertainment, emphasizing the generation of
interesting, emergent behaviors and narrative changes that arise
as a result of the user’s choices, such as StoryVerse [64] and Wha-
tELSE [34].

One recent interactive narrative authoring tool, Drama Llama
[56], combines human-authored storylets [28] with LLM-driven
generation. Some of its stated aims include “playthrough diversity”
and “responsiveness to player-introduced narrative ideas.” These

aims, however, can be detrimental in educational settings: educa-
tors want learners to engage with an established lesson plan and
instead require a system with sufficient structure to proactively
guide learners through narrative content, educational content, and
self-evaluation. While our system, Oak Story, employs a similar
hybrid architecture that combines pre-written storylet-like scenes
with LLM generation, it additionally aligns the generated content
with learning objectives and employs retrieval-augmented genera-
tion to improve the factual accuracy of the dialogue. Furthermore,
we demonstrate the efficacy of our approach on learning outcomes.

2.3 Student Agency in Education
A primary advantage of interactive narratives is that they increase
the user’s control and sense of responsibility [21, 58]. In an educa-
tional context, this can lead to better learning outcomes because
of increased learner agency. Learner agency, defined as students
taking ownership of their learning [62], is associated with increased
engagement, motivation, and academic achievement. The pivotal
role of learner agency in education is amply documented [15]. For
example, Hattie and Anderman [23] identify learner agency as a
critical factor for student achievement, emphasizing the importance
of feedback and teacher-student relationships in its development.
Bandura’s social cognitive theory [3, 4] emphasizes the role of self-
efficacy, positing that individuals with a higher sense of agency,
tied to self-efficacy, may be more likely to seek help when facing
challenges.

Despite the amount of attention that the concept of learner
agency has received from scholars in the learning sciences, there is
a relatively small body of work exploring how to design technology
to support learner agency, especially for out-of-classroom contexts
where an educator is not available yet guidance is still needed. Such
studies have shown that increased student agency in technology-
based learning environments is generally associated with improved
learning outcomes [48, 52]. However, there is also the danger of
providing too much freedom, which can lead to more time spent off
task [50]. We contribute to this body of work by presenting an ap-
proach that balances freedom and structure: our system, Oak Story,
employs an interactive narrative and an LLM-based architecture
that allows learners to shape their own path through the narrative
while proactively guiding them through a defined lesson plan.

3 OAK STORY APPLICATION
Oak Story is an educational mobile app for 4th–6th graders that
employs an interactive narrative to engage children in learning
within their local surroundings. In this section, we describe the
educational goals of Oak Story, explain the design of its narrative,
and provide an overview of the system’s features.

3.1 Educational Objectives
Oak Story teaches the ecology and environmental science of oak
trees and their ecosystems. Oaks are keystone species that are envi-
ronmentally, historically, and culturally significant in our local area
and are the subject of active revitalization efforts [53]. We use oak
trees and their surrounding ecosystems as an anchoring phenome-
non to explore broader concepts in ecology, such as seed dispersal
and symbiosis. We devised the following learning objectives forOak
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Figure 2: The characters ofOak Story: Oliver the owl, Tina the
oak titmouse, Stan the squirrel, and Andy the acorn wood-
pecker. These are all local species found in oak woodlands.

Story, which were chosen to align with Next Generation Science
Standards (NGSS) [54] and target different cognitive levels within
Bloom’s Taxonomy [1]:

(1) Identify an oak tree by its structures (leaves and acorns) and
distinguish oaks from other trees.

(2) Explain why oak trees are important to both natural ecosys-
tems and human society.

(3) Analyze the relationships within an oak ecosystem and ex-
plain how different organisms in that ecosystem interact
with each other.

(4) Understand how an animal’s structures and behaviors help
it survive.

(5) Give an example of howhuman activity affects natural ecosys-
tems.

3.2 Narrative Design
The Oak Story system draws inspiration from the 5E model of
instruction for inquiry learning [7, 17], an approach rooted in con-
structivist theories of learning that provides a set of recommended
instructional phases (Engage, Explore, Explain, Elaborate, and Eval-
uate) to promote effective active learning. Because the steps in
5E model are designed to span a whole curriculum rather than a
single lesson, we chose to align the narrative with just the Engage,
Explore, Explain, and Evaluate phases of the 5E model.

3.2.1 Engage. After providing their name and creating an avatar
to represent themselves, the learner meets Oliver the owl (see Fig-
ure 2). Oliver describes himself as a longtime resident of the lo-
cal area and engages the learner in an introductory discussion
of oak woodlands, giving background information on animals in
the area and the trees’ historical significance. Oliver then asks the
learner whether any of those topics particularly interests them. The
learner’s response influences which options Oliver suggests next.

3.2.2 Explore. After the introduction is complete, the learner spends
most of their time exploring the various scenes available in the
narrative. Because the explore phase in the 5E model is meant to
be learner-directed, we wanted to give the learner multiple options
within the story to investigate. The learner can visit each scene
in any order, as well as ask follow-up questions about topics men-
tioned by characters, and Oliver’s suggestions depend on what
preferences the learner expressed earlier.

3.2.3 Explain. In each scene, the learner is introduced to a new
topic, where they are asked to explain their current understanding
before developing a more complete understanding through interac-
tions with the characters. The following scenes are available:

• Visit a magic portal to see what local oak woodlands might
have looked like 200 years ago and understand their rich
history. The learner describes the differences they notice and
speculates about the reasons for the change.

• Meet Tina the oak titmouse, a dispirited bird who recently
lost her home to deforestation, illustrating the consequences
of habitat loss due to human activity. The learner is asked to
speculate why Tina’s tree may have been cut down.

• Meet Andy the acorn woodpecker, whose specialized beak
enables a unique survival strategy. The learner is asked to
guess how Andy might be affected by competition.

• Meet Stan the squirrel, who shares a symbiotic relationship
with oak trees by caching acorns. The learner is encouraged
to describe what how the relationship between squirrels and
oak trees is symbiotic.

• Find and identify an oak tree in real life (which might be the
perfect new home for Tina!). The learner is guided through
hints for accurate tree identification.

3.2.4 Evaluate. Upon completing a scene, Oliver the owl asks the
learner to evaluate what they have learned by asking them to
reflect on what they have seen and read so far. As suggested by
the 5E model, these reflections are embedded throughout the learn-
ing experience as lightweight, formative assessments. Afterward,
Oliver asks the learner what they want to do next, providing recom-
mendations and repeating this process until the learner has visited
all scenes.

3.2.5 End. Once all other scenes are complete, the learner par-
ticipates in the conclusion of Oak Story, where all the characters
they’ve met join forces to brainstorm how to find Tina a new home.
For this scene to be completed successfully, the learner must have
already identified an oak tree in real life, met Andy the woodpecker
who can peck a new hole for Tina to live in, and collected acorns
with Stan the squirrel that can be traded for Andy’s help. The learner
takes the acorns they received from Stan the squirrel and gives them
to Andy the acorn woodpecker. In exchange, Andy pecks a large
AR hole in the real-life oak tree the learner previously identified,
providing Tina the oak titmouse a new home. Finally, after Tina
has successfully been rehomed, the learner participates in a final
tree planting activity, which concludes Oak Story (Figure 5, right).

3.3 Core Features
To inform the design of the core features in Oak Story, we wanted
to leverage the opportunities afforded by LLMs for narrative-based
learning. Two of Oak Story’s core features are (1) dynamic dialogue,
enabled by the LLM’s conversational capabilities, and (2) interactive
real-world activities, some of which utilize images captured directly
from learners’ environments.

Throughout Oak Story, the learner converses with animal char-
acters (Figure 2) to learn about oak ecosystems and progress the
story. At specific points throughout the story, characters encourage
the learner to participate in real-world learning activities, such as
finding a real-life oak tree in their vicinity or walking through an
augmented reality portal to the past to visualize the oak woodlands
that used to cover the area.
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Figure 3: An example of the dialogue flow in Oak Story from one of our study participants. After a character prompts the
learner (left), a text field appears where the learner can compose a freeform text response (center). Once the learner submits
the response, the characters will “think” as the system generates the next dialogue (right).

Figure 4: Another example of a dialogue exchange in Oak Story. Here, the learner chose to ask a question (left). In response, a
character will answer the question (center) and connect that answer back to the narrative (right).

3.3.1 Dynamic dialogue. The primary interaction in Oak Story
consists of dialogue between the learner and the characters in
the narrative. Specifically, a character speaks to the learner and
asks for their response (Figure 3, left), positioning the learner as a
participant in the story while encouraging active learning. Next, the
learner writes a freeform text response to the character(s) (Figure 3,
center) by typing or using dictation. They are free to ask follow-up
questions (Figure 4) and express their creativity. Once the learner
submits their reply, a thinking animation is displayed (Figure 3,
right) for a few seconds before the character’s response is shown,
upon which this cycle repeats. All of the characters’ dialogue is

created by our LLM architecture, which is described in greater detail
in Section 4.

The responsive nature of these character messages is reflective of
the dialogic framework of teaching and learning [67]: characters ask
and answer open-ended questions, provide relevant knowledge and
feedback, and guide the learner to learn about ecological concepts
in their own environment through exploration that matches their
desired pace.
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Figure 5: Real-world activities in Oak Story. From left to right: (a) Tree Identification: take pictures of trees to find an oak tree;
(b) Portal: walk through an AR portal to see oak woodlands in the past; (c) Squirrel: help Stan the squirrel dig up acorns; (d)
Woodpecker: guide Andy the acorn woodpecker to peck a new home for Tina the oak titmouse; (e) Oak Lifecycle: plant and
grow an AR oak tree.

3.3.2 Real-world activities. Some scenes in the Oak Story narrative
have associated real-world activities that prompt the learner to in-
teract with their physical surroundings. These activities, illustrated
in Figure 5, are described below.

Tree identification (Figure 5a). In this activity, the learner is asked
to find and identify a real-world oak tree. Oliver the owl instructs
the learner to go outside to a nearby tree. Once the learner has
located a tree, Oliver provides a description of oak leaves and asks
whether the leaves on the tree match this description. Next, the
learner takes a photograph of the leaves and Oliver asks them to
reflect on whether their tree’s leaves resemble an oak’s. Oliver then
repeats this process with acorns. Finally, the learner synthesizes
their observations and decides whether the tree is an oak. If they
decide the tree is not an oak, the learner is prompted to find another
tree and try again. This activity deliberately positions the learner
as the decision-maker, rather than having the system identify the
tree’s species on the learner’s behalf.

Portal (Figure 5b). In this activity, the learner places an AR portal
on the ground and walks through it to be transported into a 3D
environment of a historical oak woodland. This activity is accom-
panied by an explanation from Oliver on the long history of native
oaks in the local area, how indigenous peoples used and lived with
the oaks, and the negative impact of colonial settlement on the oak
population.

Squirrel (Figure 5c). In this activity, the learner helps Stan the
squirrel dig up acorns from his stash. The learner uses an AR
crosshair to point at spots where an acorn may have been buried.
An AR version of Stan the squirrel will run to the selected spot and
attempt to dig up a virtual acorn. The learning goal of this activity
is to show how squirrels engage in caching behavior for survival.

Woodpecker (Figure 5d). In this activity, the learner guides Andy
the acorn woodpecker to make a new home for Tina the oak tit-
mouse. The learner uses a crosshair to place an AR version of Andy
on the real-life oak tree they previously identified. Then, the learner
taps the screen to make Andy peck at the tree, creating an AR hole
in the tree that grows in size with each tap. Once the hole is large
enough, Tina the oak titmouse flies into her new home. The goal
of this activity is to visualize how woodpeckers use their special-
ized beaks to help them survive, and how different animals in the
ecosystem interact.

Oak lifecycle (Figure 5e). In this activity, the learner measures
out a large space in their surroundings, plants a virtual acorn, and
observes an AR visualization of an oak tree’s growth through its
lifecycle, from seed to sprout to sapling to young tree to great oak.

4 IMPLEMENTATION AND LLM
ARCHITECTURE

We built a custom large language model (LLM) architecture to op-
erate as an experience manager [46] that mediates the learner’s
interactions with the narrative. Our architecture generates appro-
priate character dialogue, understands open-ended input from the
learner, and advances the state of the narrative based on the stu-
dent’s progress towards learning goals. In this section, we elaborate
on the implementation of Oak Story, with a particular focus on our
LLM architecture. The prompt template we use is provided in the
Appendix.

4.1 Scenes
To ensure the inclusion of all the content required for learners
to meet the learning objective in Oak Story, we structured Oak
Story’s narrative as a set of distinct, pre-defined story scenes, each
oriented toward a learning goal (outlined in Section 3.1). Each scene
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contains a high-level description of its events, as well as a list of
goals, actions, and characters, which are described in detail in
the following subsections. An example is the scene where “the
learner is introduced to Stan the squirrel.”

4.2 Goals
To ensure that the LLM facilitates all learning objectives, we define
a list of goals at each scene for the LLM to pursue. This allows
characters in the story to proactively introduce new concepts and
activities. A goal is a natural language description of what a charac-
ter or learner should do within a scene. In the scene where Stan the
squirrel is introduced, the goals include “Stan the squirrel mentions
his stash of acorns” (an event related to the narrative), “Stan or
Oliver describes the symbiotic relationship between oaks and squir-
rels” (a learning goal), and “The learner helps Stan collect acorns”
(a goal related to a real world activity).

To produce the desired learning outcomes, the LLM is given a
list of incomplete goals and is instructed to bring about the comple-
tion of all goals. To invite the learner’s continued engagement, the
characters’ responses typically contain a question for the learner
to answer. Thus, goals often guide the generation of questions that
give the learner an opportunity to explain their current understand-
ing of the topic or reflect on their learning progress. Notably, the
order in which goals are met within a state is not deterministic; the
conversation history is used to select the goal that is most appropri-
ate for each exchange. By orienting the LLM toward specific goals,
our architecture requires that all goals are met before ending the
scene, ensuring that the learner completes all intended objectives.

4.3 Actions
The action mechanism enables the LLM to trigger changes within
a scene and to transition between scenes in a dynamic order that
adapts to learner preferences (see Figure 7). Each action is defined
by a name and natural language description, which informs the LLM
of the narrative events that should cause an action to be triggered,
a set of prerequisite goals, which must be met before the action
can be triggered, and a set of effects that the action brings about.
These effects can include the adding or removing of a character,
introducing new goals, initiating a real-world activity, ending the
current scene, and starting a new scene. For example, once the
learner has finished meeting Stan the squirrel, the LEAVE_STAN
action has three effects: Stan is added to the list of characters that
appear in a later scene, the action to meet Stan is removed so that
it cannot be triggered again, and the current scene is ended to
represent the learner leaving.

The Oak Story architecture uses a process analogous to function
calling [42] to trigger actions. It prompts the LLMwith the learner’s
messages and a list of available actions. The LLM compares both
the learner’s most recent message and the preferences expressed
in previous messages with the available action list to determine
which action, if any, should be triggered. This allows for explicitly
expressed (e.g., direct responses to “where do you want to go next?”)
and implicitly expressed (e.g., time spent discussing different parts
of an oak ecosystem) preferences to be taken into account when
determining which eligible action is triggered.

In some cases, there may bemany available actions, such as when
the learner has finished a scene and is deciding where to go to next.
Because the input is open-ended, the available affordances may not
be immediately obvious. To support user sensemaking, Oak Story’s
characters actively suggest relevant actions to the learner based on
the conversation history and the description of each action.

4.4 Characters
Finally, each scene contains a list of characters present. Oak Story
invites the learner into the narrative by incorporating contextual
information about their responses and real-world interactions into
character messages. Information like learning goals and available
actions is delivered in the voices of characters. Similarly, when the
learner expresses that they would like to take an action, character
messages provide feedback that something has happened.

Each character has a unique personality, background, and area of
expertise. In Oak Story, Oliver the owl is an inquisitive guide who
is well-informed about history, but not much about oak trees in the
present day; Andy is an irritable woodpecker frustrated with the
competition he experiences against squirrels for acorns; Tina the
oak titmouse is anguished after losing her home, showcasing the
ecological impacts of habitat destruction. By having these charac-
ters interact with each other and the learner, complex concepts can
be presented in a engaging way that emphasizes the connections
between topics. This character-based approach not only makes the
learning experience more enjoyable, but also aids in comprehension
by associating lesson concepts with distinct personalities [68].

4.4.1 Retrieval-augmented generation. To ensure that the system
provides accurate information while maintaining the individuality
of different characters,Oak Story uses a form of retrieval-augmented
generation [33] that supplements a natural language description of
each character with differing knowledge bases that reflect their lim-
ited knowledge based on their role in the ecosystem. The documents
in each character’s knowledge base is curated by the experience
designer. For instance, Oak Story’s Andy the acorn woodpecker is
presented as an expert on the oak trees’ acorns. As such, whenever
the learner is speaking to Andy, the LLM will have access to certain
information about acorns, and will produce messages for Andy that
reference this information. The information available at each time
step is pertinent to the unmet goals and user messages, e.g., Andy’s
knowledge base contains answers to questions like “How do oak
trees disperse their acorns?” and “How did Native Americans use
and manage acorns as a food source?” but only the most relevant
items are retrieved. This method also supports multiple characters
in a scene: at each step, a text embedding of the learner’s input and
unmet goals is used to retrieve relevant knowledge for each char-
acter, and specialized knowledge is attributed to the appropriate
speaker.

4.5 Miscellaneous Details
Lastly, we provide details on the specific tools and libraries used
to build Oak Story. Oak Story is a mobile application targeting iOS
devices that uses a client-server architecture (see Figure 6). The
client is built with the Unity [60] game engine and deployed on iOS
devices with original artwork. The UI for dialogue was implemented
with the Yarn Spinner dialogue engine [30]. The augmented reality
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Figure 6: System diagram for Oak Story. The learner interacts directly with the mobile client to read character dialogue, provide
user input, and engage in AR activities. The server-side architecture combines (1) user input from the client, (2) information
about the current narrative state, and (3) any relevant factual information from the knowledge base into a single prompt that is
sent to the LLM. The LLM then outputs the appropriate character dialogue and updates the narrative state accordingly. See
Section 4 for more details on the LLM architecture.

(AR) features for real-world activities were developed using Niantic
Lightship ARDK [40].

The Unity client connects to our LLM architecture over a Web-
Socket connection. Oak Story is implemented in Python and hosted
on Heroku [24], and it runs on Uvicorn [61], an Asynchronous
Server Gateway Interface (ASGI) webserver. Under the hood, Oak
Story uses OpenAI’s GPT-4o model [43], a state-of-the-art multi-
modal LLM with a low-latency inference provider.

5 EXPERIMENT
We conducted an IRB-approved study with fourth–sixth graders
(𝑁 = 47). In this section, we will describe how participants were
assigned to a specific condition, our participants and recruitment ap-
proach, and our experimental measures. In this section and beyond,
Oak Story refers to the app used by participants in the treatment
condition (described fully in Sections 3 and 4), while those in the
control condition used a modified version of Oak Story (described
in Section 5.1).

5.1 Control Condition
Members of the control group used an ablated version of Oak Story.
Our experimental design aims to isolate the effects of learner
control over narrative progression: while Oak Story and the
control variant share the same user interface, story elements, learn-
ing goals, and real-world activities (as described in Section 3), the
control presents scenes and activities in a fixed order that does
not take the learner’s preferences into account (see Figure 8). To
preserve the conversational interface between conditions, we still
allow learners using the control variant to write open-ended mes-
sages. Oak Story characters reply to these messages in a manner
that is responsive, but the story is not adaptive. Instead of being

Figure 7: Characters in Oak Story present the learner with
choices that offer different paths through the scenes in the
narrative. Each image in this diagram represents a different
scene in the narrative that can be traversed in a different
order.

Figure 8: In the control variant, learners progress through
scenes in a fixed order that does not adapt to their individual
preferences.

generated entirely by an LLM, control variant replies are each com-
posed of two parts: an LLM-generated prefix that responds to an
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individual learner’s message, followed by a static suffix1, shared
by all learners in the control group, that moves along to the next
learning goal in a predefined order.

By setting up the control in this way, we ensure that both the
control and treatment conditions appear essentially identical to
participants, as they both feature AR activities and responsive dia-
logue. The only distinction between the two experiences is whether
the system tailors the learner’s progression in the story based on
their input and preferences.

5.2 Participants and Condition Assignment
We recruited a total of 51 participants. Children were recruited
through mailing lists, physical flyers, and word of mouth. Mailing
lists included pre-existing contacts gathered from previous stud-
ies, institutional listservs for parents working at our institution,
and mailing lists forwarded to via outreach to local schools and
afterschool organizations.

Using systematic stratified randomization, participants were
assigned to either a control group (𝑛 = 21) or a treatment group (𝑛
= 26), maintaining a roughly even distribution across grades and
gender. Condition was first randomized by strata, with each stratum
being defined by a grade-gender pairing, and then alternated within
each stratum between the control and treatment conditions. Two
participants (P10, P27) did not finish the study due to irrecoverable
technical issues, one participant (P50) declined to finish using Oak
Story, and one participant (P34) declined to complete the final
surveys and interview.2

Excluding these cases, the remaining 47 participants (30 male
and 17 female) were in fourth (𝑛 = 13), fifth (𝑛 = 15), and sixth grade
(𝑛 = 19). Participants’ parents or guardians identified them as East
Asian (𝑛 = 16), White (𝑛 = 15), Hispanic or Latino (𝑛 = 6), South
Asian (𝑛 = 2), Southeast Asian (𝑛 = 1), and mixed (𝑛 = 7).

Two participants’ families did not have the means to drive to
our institution. Consequently, those two studies were conducted
at a nearby park. We also used these sessions as an opportunity
to test whether Oak Story could operate in other locations, and
because they worked appropriately, we include these sessions in
our analysis.

5.3 Procedure
Interested parents brought their children on site for the study for
a 90-minute individual session. We first obtained consent from
the participants’ parents or guardians (adults) and assent from
each participant. Participants’ parents/guardians were asked to
fill out a demographics survey on behalf of the participant. Par-
ents/guardians also could optionally agree to their child’s session
being filmed. When video-recording, we aimed to record interac-
tions while avoiding capturing the child’s face.

Participants then filled out a pre-study questionnaire and a pre-
test (knowledge quiz) on the iPad. Participants completed the knowl-
edge quiz primarily using dictation for consistency, as not all were
familiar with typing on an iPad; however, they could manually
correct their responses as needed.
1To ensure a consistent writing style between the Oak Story and the control, these
static suffixes were also written by the same LLM that generates dialogue in Oak Story.
2We use an excerpt from P34’s in-app conversations to demonstrate our system’s
response to off-topic inputs but otherwise exclude their data from analysis.

After completing the pre-study questionaire and pre-test, we
launched Oak Story on an iPhone, started screen recording, and
handed it to the participant. When the first request for user in-
put appeared, we let the participant know that they could use the
microphone (dictation) feature to input their answer. During AR
activities, a researcher took the participant outside. There were
two to three researchers at each session to moderate, observe, and
record the study.

Once participants were done using our app, we asked the par-
ticipant if they wanted to take a break. They were then asked to
complete the same knowledge quiz from the beginning in the same
manner. Next, they completed a post-study questionnaire. Finally,
participants completed a semi-structured interview that was audio-
recorded.

A follow-up knowledge quiz was sent a week after the in-person
session to be completed at home, and participants were asked to
complete it as soon as possible. Upon completing the follow-up
survey, we sent them a $25 Amazon gift card to thank them for
their participation.

5.4 Measures
In this section we describe our quantitative measures: learning
gains, pre-post measures, engagement, and perceptions of the char-
acters and story. In addition, we describe our semi-structured in-
terview and qualitative data analysis approach. Copies of our ques-
tionnaires and interview guide are included in the Supporting Files.

5.4.1 Pre-post measures. We used a pre- and post-app knowledge
quiz to measure learning gains. The quiz contained a multiple-
choice question that asked participants to select all the oak trees out
of a variety of tree photos, then several open-ended questions where
participants were asked to verbally describe: 1) the importance
of oak trees, 2) their role in today’s cities, 3) the benefits they
can provide to people, and 4) how different parts of an oak tree’s
ecosystem work together (e.g., what roles do oak trees, acorns,
squirrels, and acorn woodpeckers play in the ecosystem). The rubric
for knowledge quiz grading is included in the Supporting Files.

In the pre- and post- tests we also included a scale to measure
learners’ motivation toward science learning (SMTSL) [59], the
Environmental (2-MEV) Scale questionnaire for children [25], and a
scale tomeasure interest levels. For the SMTSL, we adapted six items
on a five-point Likert scale encompassing the following categories:
encompassing self-efficacy, active learning strategies, and perceived
value of science learning. We also used ten Likert items from the 2-
MEV Scale to measure children’s attitudes toward the environment.
These items encompass preservation categories such as intent of
support and enjoyment of nature. Finally, to measure interest levels,
we used a five-point Likert scale to measure interest on seven items:
animals, plants, trees, oak trees, biology, ecology, and regional
wildlife.

5.4.2 Post-only measures. In the post-completion questionnaire
we asked for feedback on Oak Story. To measure engagement, we
adapted the seven items from Dietz, et al.’s Giggle Gauge [16] from
a four-point scale to a five-point Likert scale for consistency with
our other scales. We also developed a set of 12 items on a five-point
Likert scale to evaluate interactions with Oak Story. A set of eight
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items dealt with the conversations with the animals in the story,
and a set of four questions dealt with the story overall (shown in
Table 2).

5.4.3 Interview. Once participants had finished the in-person ques-
tionnaires, they completed a short, semi-structured interview about
their experience. In this interview, we asked questions such as
“How was your overall experience with the app?” or “How did this
experience compare to how you usually learn science?”

6 FINDINGS
We first present a technical evaluation of our system. Then, we
describe the results from our controlled study and the findings
from our participant interviews.

6.1 Technical Evaluation
Achieving our goal of building adaptive learning experiences re-
quires that our LLM architecture accurately bridge the learner and
the narrative state. To that end, we coded the logs of user and char-
acter messages from all user studies to validate system behavior.
In total, 1405 turns from the treatment condition and 1060 turns
from the control were analyzed, with each turn consisting of a user
message and the response from the characters, as well as any goals
met, actions taken, and knowledge retrieved. Below, we provide
standalone analyses of our LLM architecture (which was only used
in the Oak Story treatment condition), as well as comparative anal-
ysis between the treatment and control versions of the app. The
codes used can be found in the appendix.

We first focus on our LLM architecture’s ability to make the
correct action calls when learners express interest in an action. Our
analysis finds that 98.03% of user-requested actions out of 203
total instances were successfully executed, demonstrating the
robustness of the system in correctly interpreting user intent from
natural language and translating it into appropriate state changes.
Since actions become available when the prerequisite goals are
completed, we also evaluate detection of goal completion. Our
architecture accurately marked 98.51% of goals as completed
when users successfully achieved them, out of 875 total goals
completed. This indicates that it effectively tracks learners’ progress
through the narrative and learning objectives.

Our architecture also contains a knowledge base with curated
educational materials, sections of which were delivered to the LLM
for incorporation into character responses when any sections met a
threshold of cosine similarity to the user input or unmet goals. This
threshold was met, and consequently retrieval was used, in 40.00%
of LLM-generated responses. Out of these 562 instances, charac-
ter messages incorporated externally validated knowledge
to provide accurate information to the learner in 64.59% of
responses, demonstrating effective integration of the knowledge
base into the dialogue.

Next, we conducted comparative analyses between Oak Story
(treatment) and the control variant. Both versions are able to answer
student questions and provide specific responses due to the use of
an LLM in the control. Our first analysis showed that 100.00% of 39
total questions posed by learners interacting with Oak Story
were adequately answered, compared to 76.47% (13 of 17) in the
control, indicating a strong ability to provide relevant information

in response to user queries. Furthermore, 58.97% of answers from
Oak Story were supplemented with relevant retrieved knowledge,
reducing the likelihood of LLM hallucination by incorporating
curated information.

Additionally, coders were instructed to label messages as “spe-
cific” if they directly quoted or referenced the student’s input and
“generic” if the response failed to acknowledge the student’s input
at all, for instance:

(specific)
Andy: [...] What do you think squirrels do to get their
acorns?
Participant: I think they climb the oak tree.
Oliver : That’s right, [name]! Squirrels are great climbers
and use their strong legs and claws to scurry up oak
trees quickly [...]

(generic)
Oliver : [...] What do you think is the most interesting
thing you’ve learned?
Participant: That animals have always lived in oak
trees
Oliver: It’s fascinating to see what this area used to
look like with so many oak trees. They played a big
role in the ecosystem [...]

Messages that were not flagged as ‘specific’ nor ‘generic’ com-
prised 79.15% of responses in Oak Story, and 83.21% of responses
in the control. Messages that respond to short inputs from the stu-
dent, like “yes” and “okay,” comprise the majority of these neutral
messages.

We find that Oak Story enables a higher degree of narrative
personalization, with 20.36% of characters’ responses tailored
specifically to the learner’s input compared to 10.85% in the
control. Characters respond to the learner’s expressed interests,
prior narrative events, and real world actions nearly twice as often.

These results demonstrate the effectiveness of Oak Story in cre-
ating personalized, responsive learning experiences. The high accu-
racy in action execution and goal tracking ensures that the narrative
progresses coherently based on user choices. The remaining metrics
provide evidence that Oak Story successfully manages the complex
task of concurrently interpreting user input, updating the narrative
state, and generating responsive character dialogue.

6.2 Learner Outcomes
We gathered data on learner outcomes from our pre-test and post-
test, as well as the pre- and post-study questionnaires. For pre-post
measures, we compare whether there was a shift from pre- to post-,
and if there was, we tested for a difference between the treatment
and the control conditions. For post-only measures, we test for
differences between conditions only.

6.2.1 Knowledge quiz. The answers to the knowledge quiz were
graded by two researchers who were blind to the participants’
condition and to whether the responses were from the pre-test
or post-test. They achieved high inter-rater reliability, with an
intraclass correlation coefficient (ICC) of 0.918, indicating excellent
reliability [26].



Oak Story : Improving Learner Outcomes with LLM-Mediated Interactive Narratives UIST ’25, September 28-October 1, 2025, Busan, Republic of Korea

Quiz Score Mean [std dev]
Pre-test Post-test Gain (Post - Pre)

Control (𝑛 = 20) 4.23 [2.49] 5.18 [2.49] 0.95 [2.23]
Treatment (𝑛 = 26) 3.08 [1.98] 6.15 [1.94] 3.08 [2.11]
Overall (𝑁 = 46) 3.58 [2.26] 5.73 [2.22] 2.15 [2.39]

Table 1: Learning gains based on the knowledge quiz, separated by condition. The sample size is 46 because we remove one
outlier who scored greater than 2.5 standard deviations above the mean in the pre-test (the outlier was assigned to the control
condition).

To measure immediate learning gains after using Oak Story, we
scored each pre-test and post-test (range: [-2, 14])3. For our analysis,
we removed one outlier who scored over 2.5 standard deviations
higher than the mean on the pre-test. Summary statistics for pre-
test scores, post-test scores, and gain (difference between pre and
post) are provided in Table 1. Based on a paired t-test, we observed
a significant post-test increase in scores across both conditions,
𝑡 (45) = 6.11, 𝑝 < 0.001, indicating learning gains. The effect size,
using Cohen’s 𝑑 calculated with change score variability [13], was
𝑑 = 0.609, suggesting a medium-to-large effect size.

We further analyzed the difference in learning gains between
conditions using a one-way ANCOVA [41] and found a significant
effect of the condition on the post-test score after control-
ling for pre-test performance, 𝐹 (1, 43) = 7.25, 𝑝 = 0.010. The
effect size, measured with the partial eta-squared statistic, was
𝜂2 = 0.144, indicating a large effect [11]. This finding suggests that
the treatment led to increased learning gains compared to the
control.

6.2.2 Follow-up knowledge quiz. The answers to the follow-up
knowledge quiz, which were emailed to families a week after the
study session, were graded by the same two researchers who scored
the original quizzes. Not all participants completed the follow-up
quiz, so we restrict our analysis to the 42 participants who com-
pleted it. Using a paired t-test, we observed a significant increase in
scores (range: [-2, 14]) from pre (𝑀 = 3.89, 𝑆𝐷 = 2.17) to follow-up
(𝑀 = 6.49, 𝑆𝐷 = 2.17), 𝑡 (40) = 5.24, 𝑝 < 0.001, suggesting that
participants retained what they learned. The effect size, us-
ing Cohen’s 𝑑 calculated with change score variability [13], was
𝑑 = 0.82, suggesting a large effect size. Interestingly, the scores
on the follow-up quiz were higher on average than the respective
post-test scores (𝑀 = 6.13) for the same participants.

We also compared the difference in learning retention between
the treatment and control conditions. We conducted a one-way
ANCOVA [41] and found no significant effect of the condition on
the follow-up score, 𝐹 (1, 38) = 1.21, 𝑝 = 0.28.

6.2.3 Engagement. To assess whether there was a difference in
engagement between the treatment and control groups, we sum
the items in our modified Giggle Gauge scale for each participant
(range: [0, 30]). Only six out of seven items in the scale are summed
because one itemwasmistakenly excluded from the survey for early
participants. We used an unpaired t-test to compare the results and
found that engagement in the treatment group (𝑀 = 26.1, 𝑆𝐷 =

3The minimum possible score is -2 because it is possible to lose up to two points by
guessing incorrectly on the multiple choice question on the quiz. For more details on
scoring, see the rubric in the Supporting Files.

2.47) was significantly higher than the control group (𝑀 = 24.2,
𝑆𝐷 = 2.99), 𝑡 (45) = 2.41, 𝑝 = 0.020, suggesting that the treatment
made Oak Story more engaging compared to the control.

6.2.4 Conversation- and story-related survey items. To analyze the
12 Likert-type items we developed to evaluate participants’ percep-
tions of the characters and story, we clustered them into groups
of 2-3 similar items and summed them, resulting in five separate
Likert scales with the following themes: system responsiveness,
characters’ distinctiveness, feelings toward characters, connection
to real-life activities, and story enjoyment 11 of these items are
shown in Table 2. The remaining item (“The conversations encour-
aged me to think deeper.”) did not fit well into any of the themes, so
we omit it from hypothesis testing, as testing a single Likert item
can be unreliable [8].

We performed an unpaired t-test on each scale and correct for
multiple comparisons using the Holm–Bonferroni method. Table 2
shows the p-value for each scale after correction. We found that par-
ticipants’ attitudes toward system responsiveness were significantly
higher in the treatment group compared to the group who received
the control, suggesting that interactions in the treatment feel
more responsive to learners’ inputs.

6.2.5 Motivation to learn science. We summed the items in the
Student Motivation Towards Science Learning (SMTSL) scale for
each participant (range: [6, 30]) and used a paired t-test to compare
participants’ scores between the pre-study survey and post-study
survey. We did not find evidence to suggest that this change in
motivation to learn science differed between the two conditions.

6.2.6 Attitudes toward the environment. For each participant, we
summed the items in the Environmental (2-MEV) Scale question-
naire for children (range: [10, 50]) and used a paired t-test to com-
pare for differences between pre and post. We did not find a signifi-
cant difference from pre (𝑀 = 38.4, 𝑆𝐷 = 5.61) to post (𝑀 = 39.0,
𝑆𝐷 = 6.43). The effect size, measured with Cohen’s 𝑑 calculated
with the change score variability [13], was 𝑑 = 0.161, suggesting a
small effect size.

6.2.7 Interest in scientific topics. Similar to the conversation- and
story-related survey items, we condense seven Likert-type items
into three scales: interest in animals (animals and local wildlife),
interest in plants (plants, trees, and oak trees), and interest in science
(biology and ecology). Then, we performed a paired t-test on each
scale to compare how scores changed from pre to post and correct
for multiple comparisons using the Holm–Bonferroni method. We
found that the scores for all three scales significantly increased
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Scale Items Range Condition Mean [std dev] p

System
responsiveness

• “The characters responded to what I specifically
said or asked.”
• “My actions, interests, and messages directly in-
fluenced the story.”

[2, 10] treatment 8.92 [0.89] 0.009*

control 7.76 [1.48]

Characters’
distinctiveness

• “The characters were unique compared to each
other.”
• “I remember a lot about each character and what
I learned from them.”

[2, 10] treatment 8.96 [1.00] 0.164

control 8.43 [0.81]

Feelings
toward
characters

• “I felt happy when I read what the characters said
to me.”
• “The characters spoke in a kind way.”
• “I wanted to have more conversations with the
characters.”

[3, 15] treatment 12.62 [1.96] 0.908

control 12.19 [1.86]

Connection to
real-life
activities

• “Seeing the characters in activities (where they
interact with the real world) made me more inter-
ested in talking to them.”
• “The activities (where characters interact with the
real world) felt connected to the conversations I had
with the characters.”

[2, 10] treatment 9.00 [1.10] 0.908

control 9.05 [0.97]

Story
enjoyment

• “I felt excited to find out what was going to happen
next.”
• “The story made learning more fun.”

[2, 10] treatment 9.23 [0.95] 0.088

control 8.43 [1.36]
Table 2: Groupings of our Likert-type items into scales. Asterisks on 𝑝-values indicate that learners in the treatment group gave
statistically significantly higher responses than learners using our control app.

from pre to post, indicating thatOak Story and the control increased
learners’ interest in the topics covered.

The increase in interest in each of these topics appears larger
in the treatment over the control, but only one was significant:
the increase in interest in oak trees is significantly larger in the
treatment group (𝑀 = 1.12, 𝑆𝐷 = 0.91) compared to the control
group (𝑀 = 0.52, 𝑆𝐷 = 1.08) using a Mann–Whitney U test: 𝑍 =

163.5, 𝑝 = 0.014.
These findings suggest that the treatment leads to a greater

increase in interest in the topic than the control.

6.3 Qualitative Observations
Here, we share some common themes in interview responses, in-
cluding differences we found between participants in the Oak Story
and control groups. We provide the condition (Treatment or Con-
trol) and grade level (4th–6th) for each quoted participant. Quotes
are lightly edited for clarity.

6.3.1 Oak Story supported participants’ sense of agency. Oak Story
allowed participants to write freeform responses to the questions
posed by characters in the narrative, allowing them more freedom
to express themselves. P20 (Treatment, 5th) explained, “I actually
loved [writing responses] because I get to type my own opinions
and stuff”.

While participants across both groups appreciated the open-
ended response format, those in the treatment group noticed that
the system was giving them opportunities to make meaningful

choices to shape both their own learning and the direction of the
story. P17 (Treatment, 5th) described their feelings as follows:

Well, it asked me what I would want to do next. So it’s
really generous. That helped me think that it gives
me the choice and gives me the power to think
about it, and when I say what I want, it responds with
a really helpful answer, like it just responds exactly
to what I want. I felt like I had a lot of choices.

6.3.2 Oak Story generated dialogue that felt responsive to partic-
ipants. Participants in the treatment group regularly emphasized
that the characters responded meaningfully to their inputs. For
example, P14 (Treatment, 6th) remarked, “I liked how the animals
took a minute to process the information, and then they actually
gave me extremely useful answers, and they knew exactly what
I was asking, and they gave me very perfect answers. So then I
learned better.”

The precision of Oak Story in responding to inputs not only
entertained participants, but it also motivated them to learn more.
Another participant expressed increased interest, saying, “I like that
the characters are really responsive, and the responses are actually
pretty nice, like they can easily take what I said and make it like,
normally talking to a real person... I hate science, but I can learn
a lot better from this” (P6, Treatment, 6th).
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Range Pre Post 𝑝

Interest in animals and local wildlife [2, 10] 7.57 [1.70] 7.98 [1.70] 𝑝 = 0.026
Interest in plants, trees, and oak trees [3, 15] 10.1 [2.64] 12.0 [2.45] 𝑝 < 0.001
Interest in biology and ecology [2, 10] 7.09 [1.85] 7.68 [1.87] 𝑝 = 0.026

Table 3: Ranges, pre-app scores, and post-app scores for participant interest in scientific topics related to Oak Story.

Meanwhile, participants in the control group sometimes ex-
pressed reservation about system comprehension: “Well, some-
times it doesn’t understand my response very well” (P54, Con-
trol, 4th). This suggests that, even though the control version of
Oak Story also used an LLM to respond to participants’ messages,
its inability to meaningfully act on those messages hurt the overall
experience.

6.3.3 Oak Story was able to handle off-topic inputs. While the vast
majority of participants engaged earnestly with Oak Story, a few
participants tested the limits of the system with unexpected inputs.
The guardrails in Oak Story’s LLM architecture could handle these
situations, either by ignoring the input altogether (if they were non
sequiturs) or steering the conversation back on track. We provide
an example conversation where this occurred:

Oliver: Now that we’re back at the central area, we
have two things we could do. We could look for a tree
and see if it’s an oak, or we could start thinking of
how to help Tina find a new home. What would you
like to do next?
P34 (Treatment, 5th): Tina Home give her boba and
in n out [a fast food restaurant]
Oliver: That’s a fun idea, [name]!While boba and In-
N-Out might make us happy, Tina needs a new
homemore than a snack.We can help by gathering
ideas from our animal friends, or we can explore a
nearby tree and see if it’s an oak. What do you think
we should do?

In this example, our system was able to recognize P34’s off-topic
input, acknowledge their answer, and connect it back to the task at
hand.

6.3.4 Participants valued Oak Story’s context-awareness andwanted
more. In certain scenarios, the open-ended prompting allowed par-
ticipants to make requests or observations that the system was
not fully equipped to handle due to limited contextual awareness.
One such example came with the final rehoming activity, where
we intended for participants to ask the acorn woodpecker to peck
a new hole (in augmented reality) for the titmouse in the oak tree
they’d previously identified—some participants, however, recog-
nized holes that were already present on the tree as a potential
home for Tina. The app was not advanced enough to be aware of
this and was unable to effectively respond to these observations.

While the freedom afforded to participants allowed limitations
like these to be exposed, these unexpected outcomes indicate the
variety of responses among participants and the natural manner
with which they interacted with the app. In other words, Oak Story
encouraged them to be creative and think for themselves, to the

extent that they made unexpected discoveries. Occasionally, par-
ticipants would even incorrectly assume context-awareness. For
example, P42 (Treatment, 6th) prescribed an ecological meaning to
the randomness of the acorn-digging activity: “Finding the acorns
was kind of challenging... and then I remembered that squirrels
usually bury their acorns by oak trees. So I went to the oak tree,
and they’re all really close.”

6.3.5 Participants in both conditions enjoyed the outdoor, real-world
activities. Finally, almost all participants across both conditions
expressed that they enjoyed the real-world activities. Many par-
ticipants highlighted Oak Story’s active approach as refreshingly
different from their usual repetitive school experiences. P38 (Con-
trol, 6th) remarked, “I liked that you had to go outside... Because
that way you actually get to do something, it would help you
focus more. Like fidgeting with something, like doing something,
not just staring at a textbook.” Specifically, they appreciated that
active interaction replaced idleness; one observed, “It included a
lot of physical stuff instead of just sitting around and not doing
anything and just watching it instead of interacting with it” (P39,
Control, 4th).

Participants also positively compared Oak Story to other mobile
apps, noting that the outdoor portions prevented boredom and
made the app more challenging. P56 (Treatment, 6th) emphasized,
“Well, [going outside] is more interesting. It’s like, the other games,
you’re usually just like sitting on your computer in the classroom...
I liked how you had to walk around outside, scavenging around,
trying to find things like acorns and oak trees.” Another participant
described how Oak Story prevented sedentary behavior, a common
problem in children when using screens: “I feel like not enough
apps really take into consideration that kids shouldn’t be
just glued onto the screen; even if they’re learning something
they should also be able to go outside and interact with the real
world” (P43, Treatment, 6th).

7 DISCUSSION
Designing and evaluating Oak Story provided insights into how
agency and interactivity support children’s learning and engage-
ment. In this section, we synthesize our findings and discuss the
implications of our work.

7.1 Improved Learning Outcomes
To reiterate our quantitative findings, Oak Story is superior to the
control on three core measures: learning gains, engagement, and
interest in the subject matter. Additionally, participants in the treat-
ment group feel that the characters are more responsive and that
their own actions and messages influence the story more. Because
we designed the control to be almost identical to the treatment
(they share the same interface, narrative scenes, and real-world
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activities), we conclude that subtle difference of having the sys-
tem adapt the progression of the story to the learner significantly
enhances participants’ learning gains and feelings of control. We
isolate and attribute these increases to the greater agency that Oak
Story affords over the control. While both conditions had dialogue
that was responsive to participants, only the treatment gave partic-
ipants any meaningful control within the narrative. This increase
in agency is further supported by our qualitative findings, where
we observe that participants in the treatment condition express
excitement about the tangible impact of their messages and the
specificity of character responses to their questions and interests.

WhileOak Story does not afford total freedom, it provides enough
agency over the control to demonstrate a measurable effect on learn-
ers. Indeed, too much agency, such as an open-ended chatbot that
can steer the conversation in any direction, can hinder learning as
learners may struggle to self-regulate without appropriate structure
and support. Our findings align with prior work that supporting a
moderate level of agency in narrative-driven learning environments
can lead to improved learning outcomes and increased cognitive
stimulation [57].

7.2 Design Implications
Here, we discuss implications for design based on the findings from
our study with Oak Story.

7.2.1 Design LLM-based experiences to support learner agency. A
fundamental principle of student-centered learning is learner agency:
empowering students to make meaningful decisions about their
learning trajectory and methodology. The emergence of LLMs
opens new possibilities for personalized learning but also raises
concerns about potential overreliance and the erosion of learner
autonomy. [14]. Our study contributes to the growing discourse on
AI’s impact on learner agency by demonstrating how LLMs can be
thoughtfully integrated to enhance rather than diminish student
autonomy. Recent work has explored similar approaches, such as
using LLMs as dynamic writing coaches [2] and adaptive question
generators [51], while carefully preserving learner initiative and
decision-making. Oak Story offers a way to take advantage of LLMs’
affordances to accept and make sense of open-ended input from
the learner to shape their learning experience. In the real world,
the space of actions that the learner can take is broad—perhaps too
broad–and Oak Story supports agency by giving learners the same
sense of open-endedness, while pairing the learner’s input with the
narrative state to translate their intent into narrative progression
and characters’ reactions. This result suggests important implica-
tions for interaction design: we show that it is possible for learner
conversations with LLMs to move beyond the chatbot interface, and
that LLMs can instead be integrated with interactive narratives and
augmented reality to enable responsive interaction and meaningful
incorporation of learner input. In this way, learners’ interactions
are more effortful, but their effort is rewarded.

7.2.2 Align LLM-driven narratives with learning goals. When de-
signing interactive narratives, where the user makes choices to
impact the story, there is a central tension between coherent story
progression (or authorial intent) and the user’s agency [46]. Recent
work has explored building story management architectures on top

of LLMs to address this challenge (e.g., [56]). Our work extends this
line of research by focusing on the domain of education.When these
narratives also need to be educational, another constraint emerges:
the interactive story must now also support a given curriculum and
allow the learner to achieve certain learning objectives.

Oak Story addresses these challenges through a novel learning-
goal-directed LLM architecture that strikes a balance between narra-
tive structure, learning objectives, and learner freedom. Each scene
within the narrative provides specific goals expressed in natural
language. These goals are flexible, supporting both system-driven
goals that can orient the story towards specific narrative needs (e.g.,
“Tina has mentioned that she lost her home”) or topics to
teach (e.g., “Oliver explains how oak trees benefit humans
and cities”) and learner-initiated goals (e.g., “The learner proposes
a method to protect oak trees”).

Our architecture tracks both completed and unmet goals and
prompts the LLM to select and pursue an unmet goal. This allows
the system to prioritize scenes that align with a learner’s pref-
erences while ensuring all educational objectives are eventually
addressed. By maintaining a comprehensive view of which goals
have been met and which remain outstanding, the system can make
informed decisions about producing character dialogue that balance
responsiveness to learner interests with educational requirements.

We found our architecture to be successful at balancing narra-
tive and educational constraints while still promoting self-paced
exploration, and provide our prompt template in the Appendix to
support the future development of this method.

While Oak Story was created to be a tailored learning experience
for a single domain (ecology) and focused on a particular phenome-
non (oak ecosystems), we believe that our approach can generalize
to other AI-supported learning environments. By orienting an LLM
toward specific goals and creating an architecture to manage those
goals as they change throughout an experience, a designer can
create an interactive, narrative-driven learning experience where
the learner can make meaningful choices while achieving desired
learning objectives.

7.2.3 Create characters with specialized knowledge bases. To ensure
that characters provide accurate information and mitigate halluci-
nations [70], our architecture incorporates a retrieval-augmented
generation approach, similar to recent work [9]. Additionally, we
distinguish between characters by providing each one with a differ-
ent knowledge base. This allows each character to be the “expert”
on the subtopics relating to their niche in the ecosystem.

Our approach offers several advantages over relying solely on
the LLM’s parametric knowledge. First, it substantially improves
factual accuracy by grounding results in validated content. Second,
it creates a more responsive conversational experience, as char-
acters can directly build on the topics mentioned by the learner.
Finally, it helps foster a richer world of characters with not only
diverse personalities, but also diverse areas of expertise.

7.2.4 Explore bringing narratives into the real world. While narra-
tive on its own is an effective way to engage learners, we found in
the post-study interviews that participants tended to highlight the
real-world augmented reality activities as their favorite. We also
observed from the interviews that some participants enjoyed the
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fact that events in the narrative, such as finding Tina the oak tit-
mouse a new home, connected directly to the real-world activities.
This suggests that engagement through narrative and engagement
through physical exploration could have an amplifying effect when
employed together.

Finally, we also note that the responsiveness of the conversa-
tional aspects of the narrative increases the immersion and expecta-
tions of learners with regards to other parts of the app. For example,
one AR activity involves finding Tina a new home and requires
the learner to create a (virtual) hole in a (real) oak tree. Some par-
ticipants observed a real hole in the tree, and attempted to use it
for Tina’s new home. We thus suspect that, because one aspect
of our app (text input) allows for a high degree of freedom and
understands their intent, participants may incorrectly assume that
this level of understanding extends to all aspects of the experience.

8 LIMITATIONS AND FUTUREWORK
While Oak Story demonstrates significant potential in enhancing
learner agency in narrative-based education, we acknowledge the
limitations of our research and offer potential areas for future re-
search.

8.0.1 Accuracy, safety, and transparency. The application of lan-
guage models in children’s education amplifies concerns about
accuracy, bias, and safety [29, 66]. The potential for model halluci-
nations or inconsistencies [36, 66] becomes particularly concerning
when learners may not fully understand that they are interacting
with a tool prone to these errors. Interviews with participants re-
vealed that several learners believed they were communicating with
a human or a system capable of real-time web searches, highlighting
the need for additional safeguards or transparent communication
about the nature of the interaction without breaking immersion.
Exploring techniques to improve the factual accuracy of language
model outputs, such as improved retrieval-augmented generation
or fact-checking mechanisms, is thus crucial for reliability in edu-
cational settings.

8.0.2 Understanding learner needs. Effectively adapting to diverse
learner needs remains challenging. While Oak Story aims to cater to
varying grade levels and engagement styles, the nuanced decision-
making required to balance challenging learners and allowing un-
certainty is an area requiring further refinement. The system’s
ability to make effective judgments in this regard impacts both the
learning outcomes and the learner’s overall experience.

Future research might focus on advancing the adaptive capabili-
ties of Oak Story through improved learner understanding, such as
capturing and storing “memories” about the learner’s learning pref-
erences and progress over time. Additionally, investigating methods
for real-time assessment of learner engagement and comprehension
could accompany the existing self-assessment, further supporting
learner autonomy and growth.

8.0.3 Language model constraints. At the core of Oak Story is a
large language model, which, while powerful, introduces a set of
complex challenges. The use of prompting techniques like chain-
of-thought reasoning [65] and few-shot learning [6] improves the
consistency of outputs but comes with tradeoffs. Chain-of-thought
reasoning, for instance, increases the coherence of the model’s

responses but produces more output tokens, potentially introducing
latency that can disrupt the flow of interaction. Similarly, few-
shot examples, while helpful in guiding the model’s behavior, risk
overfitting to specific scenarios, potentially limiting the system’s
flexibility.

8.0.4 Multimodal and extended reality integration. In its present
form, Oak Story utilizes AR activities as complementary compo-
nents to the text-based narrative interactions. These AR elements
offer learners the opportunity to engage with concepts introduced
in the story through immersive, real-world interactions. However,
the connection between the language model driving the narrative
and the AR experiences remains somewhat disconnected. The lan-
guage model receives a text description of what the learner sees
in AR during the activity or after its completion, but it lacks real-
time insight into the learner’s actions and experiences during the
interaction.

Exploring the continued use of multimodal language models
could enable real-time processing of visual and interactive data
from AR activities. This would allow the narrative to adapt dy-
namically based on the learner’s actions and discoveries in the AR
environment. For instance, if a learner struggles with a particular
AR task, characters could immediately offer guidance or adjust the
narrative to provide additional context.

Developing mechanisms for bidirectional communication be-
tween the AR components and the language model could also cre-
ate a more cohesive learning experience—currently, Oak Story can
launch activities on the client but does not receive any synchronous
data about it. Improvements in this area might involve designing
protocols for the AR system to send real-time updates to the lan-
guage model, allowing it to incorporate immediate feedback or
observations into the narrative flow. Advancing the LLM’s abil-
ity to interpret the semantic meaning of AR interactions could
enhance the educational value of these experiences. This might
involve integration of existing semantic segmentation capabilities
in Niantic Lightship or methods for the language model to influence
or generate AR content in real-time.

8.0.5 Educator involvement and authoring tools. The current itera-
tion ofOak Story requires substantial involvement from educational
practitioners in shaping the learning experience. Moreover, the sen-
sitivity of language models to minor variations in prompts poses a
challenge for non-expert users in eliciting desired behaviors con-
sistently.

To address these limitations, future work might involve the de-
velopment of user-friendly authoring tools that empower educators
to create and customize narrative-based learning experiences with
minimal technical expertise. Drawing inspiration from platforms
like Twine [18], these tools could provide intuitive interfaces for
defining character personalities and knowledge, setting educational
goals, and structuring narrative flows.

8.0.6 Limitations of our study. Our experimental study was con-
ducted at our institution’s campus, which is located in an relatively
affluent area with a skewed population distribution relative to na-
tional (and international) demographics. Although we made great
efforts to recruit widely across nearby cities and counties with dif-
ferent demographic makeups, the children in our sample may not
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be representative of the broader population. For example, none of
our participants identified as Black.

Also, lower-income families within driving distance did not al-
ways have the means to commute to our institution to participate
in the study. While we were able to run two sessions in families’
neighborhoods for this current study, we hope to conduct future
studies closer to individual families given evidence that Oak Story
is flexible enough to operate in alternative locations.

9 CONCLUSION
In this work, we presented Oak Story, a designed to support learner
agency through interactive, narrative-driven experiences.Oak Story
facilitates and interprets learners’ conversations with story char-
acters, uses this input to direct the progression of the story, and
extends the narrative into the learner’s real-world environment
through augmented reality activities.

Our contributions include (1) the design and implementation of
a narrative framework that bridges LLM-mediated dialogue with
AR-based activities to support situated learning, and (2) empirical
evidence showing that adaptive narrative sequencing, made pos-
sible through our novel learning-goal-oriented architecture, leads
to improved learning gains, engagement, and a heightened sense
of agency among children. Importantly, our architecture balances
learner agency with system-driven structure, addressing a key ten-
sion in the design of educational interactive narratives.

As educators and interaction designers continue to explore the
use of LLMs in educational and exploratory settings, we believe our
work offers a potential framework for building interactive systems
that are both expressive and pedagogically grounded.
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