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I want an app 

to teach me to 

make coffee.

I also want to 

time my bloom.

(a)

(b) (c)

(d)

(e)

Figure 1: A walkthrough example of agentAR. (a) A user wants an AR application to teach him how to make coffee; (b) He clicks
the agentAR button to activate the system and verbally requests it to create a coffee-making application; (c) agentAR creates an
AR application that provides information about each coffee-making equipment and step-by-step brewing tutorials powered by
GPT [63]; (d) The user then requests agentAR to add a timer to the application to track the bloom phase; (e) agentAR updates
the AR application by adding a timer tool.
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Abstract
Creating Augmented Reality (AR) applications requires expertise in
both design and implementation, posing significant barriers to entry
for non-expert users. While existing methods reduce some of this
burden, they often fall short in flexibility or usability for complex
or varied use cases. To address this, we introduce agentAR, an AR
authoring system that leverages a tool-augmented large language
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model (LLM)–based autonomous agent to support end-to-end, in-
situ AR application creation from natural language input. Built on
an application structure and tool library derived from state-of-the-
art AR research, the agent autonomously creates AR applications
from natural language dialogue. We demonstrate the effectiveness
of agentAR through a case study of six AR applications and a user
study with twelve participants, showing that it significantly reduces
user effort while supporting the creation of diverse and functional
AR experiences.

CCS Concepts
•Human-centered computing→Natural language interfaces;
Interactive systems and tools; Interaction techniques; Mixed
/ augmented reality.
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1 Introduction
Augmented Reality (AR) enhances perception, enriches user expe-
riences, and fosters intuitive interactions by seamlessly integrating
virtual content into physical environments. Its accessibility and
immersive nature have led to widespread adoption in both gen-
eral scenarios [14, 16, 35, 43, 76] and specialized domains such
as sports [48, 52, 95] and education [12, 23, 27]. As AR becomes
more prevalent in everyday contexts, there is a growing need to
democratize its use, enabling end users to create more personalized
experiences. To support this shift and promote broader participa-
tion, there has been a continuous pursuit of effective and intuitive
methods to reduce the effort required for AR creation [62, 67, 74, 90].
Traditionally, creating AR applications requires substantial efforts
in two key aspects: design and implementation. Users need to: 1)
design the overall structure of the AR applications by determin-
ing the necessary techniques and how they should be integrated
to achieve the desired functionality; 2) Implement the design into
functional AR applications through programming. This process can
be challenging for users with limited experience in AR design or
programming, restricting their participation.

To address these challenges, previous works have introduced
various methods to simplify AR creation. These methods can be
broadly categorized into demonstration-based and visual program-
ming methods. Demonstration-based methods [59, 89, 90] provide
users with pre-designed application structures supported by trigger-
action pairs and enabled implementation via physical demonstra-
tions. However, such an authoring mechanism restricts users to
limited, task-specific applications, which are insufficient to support
the design of AR experiences for a wide range of scenarios in real-
world contexts. In contrast, leveraging the modular nature of AR

applications, visual programming methods [21, 62] enabled block-
based compositions of AR applications, supporting more flexible
AR creation. Users can design AR applications by connecting blocks,
then the system implements designs into functional applications.
Despite simplifying implementation, visual programming methods
still require considerable user effort in design (i.e., decomposing sys-
tem behavior, selecting appropriate blocks, and coordinating nested
structures to achieve the desired execution), especially for complex
applications, which can be a barrier for inexperienced users. To this
end, we identify the call for a comprehensive approach to reduce
user efforts in both designing and implementing AR applications.

New opportunities to address this gap have been introduced by
the emergence of tool-augmented large language model (LLM)–
based autonomous agents [88] (tool-augmented agents, for short).
Leveraging LLMs as central controllers and equipped with special-
ized tools, such as external APIs [68, 73] or knowledge bases [28, 40],
such agents autonomously complete complex tasks through self-
directed planning (i.e., designing the task workflow) and execution
(i.e., utilizing tools to implement the plan), from solely natural lan-
guage input. Tool-augmented agents have been widely employed in
diverse fields, including software engineering [25, 66], industrial au-
tomation [97], product design [17], and natural science research [5].
The planning and execution stages of tool-augmented agents natu-
rally align with the design and implementation aspects of AR cre-
ation, respectively. By autonomously performing both stages based
on natural language input, these agents offer a promising approach
to automating AR creation and significantly reducing user effort.
Earlier attempts [86] utilized tool-augmented agents to generate
interactive objects and scenes in AR (e.g., a virtual bathroom with
a bathtub, toilet, etc.), based solely on textual descriptions. While
these attempts highlight the potential of tool-augmented agents
in AR creation, they are limited to virtual content generation and,
therefore, lack the capabilities for designing and implementing com-
prehensive AR applications, thus falling short of supporting AR
application creation.

To this end, we present agentAR, an AR authoring system that
leverages a tool-augmented agent to autonomously create AR appli-
cations from natural language. To plan (i.e., designAR applications),
agents must understand how to structure an application; to execute
(i.e., implement the applications), they need access to the necessary
tools. To inform agent-based creation, we performed a review of
state-of-the-art AR research projects, based on which we derived
a common structure for AR applications and constructed a tool
library for AR application creation. Building on these insights, we
developed a tool-augmented agent to enable AR application cre-
ation from natural language. Taking this agent as the backbone,
agentAR further supports chat-based interactions and native de-
ployment of AR applications, enabling an end-to-end and in-situ
creation experience, reducing user effort to simple language input.

To evaluate the effectiveness of agentAR, we first conducted
a case study. We selected six AR applications from our review
and re-implemented them using agentAR. Our re-implementations
successfully replicated the core functionalities of the original AR
applications, demonstrating that agentAR is effective in both plan-
ning curated AR applications and executing them using the tool
library. We then conducted a two-session user study with twelve
participants to quantitatively assess the system’s performance and
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usability. Results show that agentAR significantly outperforms a
baseline agent in AR application creation and enables users with
limited AR experience to create various AR applications with mini-
mal effort.

Following is a list of our contributions:
• A novel approach for creating AR applications from natural
language using tool-augmented LLM autonomous agents.
• A review of state-of-the-art AR research to derive a com-
mon structure and tool library that supports agent-based AR
application creation.
• agentAR, an AR authoring system that leverages a tool-
augmented agent to enable end-to-end and in-situ AR appli-
cation creation from natural language.
• A case study comprising six AR applications, and a user study
with twelve novice users demonstrating the effectiveness of
agentAR in creating various AR applications.

2 Related Works
2.1 Authoring Systems for Augmented Reality
Various prototyping tools have been proposed to facilitate the cre-
ation of augmented reality (AR) experiences. Traditional meth-
ods can be broadly classified into demonstration-based and visual
programming-based methods.

Demonstration-based Methods enable users to define AR
applications through hands-on demonstrations, thereby reducing
the burden of design and implementation. Typically, the author-
ing system records user movement and narration and then maps
them onto a predefined application structure [33, 74]. For instance,
GhostAR [8] allows users to physically demonstrate movements
in AR to program robot behaviors. Meanwhile, CAPtuAR [90] uses
an in-situ program-by-demonstration approach to rapidly author
context-aware applications based on previous user activities. Sim-
ilarly, Teachable Reality [59] leverages vision-based interactive
machine teaching techniques to transform real-world interactions
into AR applications. TutorialLens [42] and InstruMentAR [49] pro-
vide an authoring environment for creating interactive AR tutorials
through step-by-step narration and demonstration. At a higher
level, ScalAR [67] integrates a VR-based demonstration workflow,
automatically deploying applications across various AR scenarios
after a single demonstration. While demonstration-based methods
substantially simplify AR creation, the simplistic authoring mecha-
nisms often limit them to specific scenarios. Consequently, these
methods may not effectively support the creation of versatile and
complex AR applications.

Visual Programming Methods offer greater flexibility by pro-
viding users with elementary functional blocks to build AR appli-
cations. These methods package and present these blocks through
intuitive visual interfaces, relieving users from having to implement
everything by manually writing code, while supporting the cre-
ation of more diverse AR experiences. Earlier attempt DART [53]
provides an AR design toolkit that decomposed 3D content anima-
tion into DART behaviors, allowing designers to compose a variety
of AR animations. More recent toolkit-based visual-programming
platforms, such as ARGUS [9], SIGMA [3], and TOM [34], follow a
similar template-driven approach to scaffold a wide range of AR
applications, lowering the barrier for intermediate developers.

BlocklyAR [62], BlocklyXR [38], and LearnIoTVR [102] offer vi-
sual programming environments like Scratch [70] but are designed
for creating AR and extended reality applications. Pronto [44] facil-
itates dynamic AR interaction design by integrating tablet-based
video prototyping and 3Dmanipulation, while SpatialProto [60] fur-
ther expands capabilities by enabling users to record and animate
objects from real-world environments, subsequently placing and
transforming them within AR scenes. In exchange for greater user
control, visual programming methods require substantial effort in
the design process, particularly as application complexity grows.
This overhead can hinder inexperienced creators from creating
various AR experiences effectively.

2.2 LLM-based Autonomous Agents
LLM-based autonomous agents have been widely adopted across
various domains to tackle complex tasks through self-directed plan-
ning and action [88]. In computer science and software engineering,
these agents have shown strong potential for automating processes
such as coding, testing, debugging, and documentation generation.
For example, MetaGPT [25] and ChatDev [66] utilize multi-agent
frameworks, where agents with different roles collaborate through
natural language conversations to complete end-to-end software
development tasks. ChatEDA [93] applies an agent-based approach
to electronic design automation (EDA), streamlining the workflow
by integrating task planning, script generation, and execution.

Beyond software development, LLM-based agents have also been
applied in industrial automation, robotics, and embodied AI. Xia et
al. [97] integrate LLMs with digital twin systems, enabling agents
to adapt to task-specific requirements for hierarchical production
tasks. TaPA [96] introduces agents that align visual perception with
task planning, improving execution quality in visually grounded
tasks. Dasgupta et al. [13] propose a Planner-Actor-Reporter para-
digm for embodied reasoning and sequential task planning. Tidy-
Bot [94] presents an embodied agent capable of learning user pref-
erences for household object manipulation via textual examples,
enabling personalized cleaning behaviors.

We explore the use of a tool-augmented LLM agent to empower
AR application creation. By leveraging the agent’s self-directed
planning and execution capabilities, augmented by a specialized
AR-focused tool library, we aim to automate the AR creation process
and enable inexperienced users to intuitively create versatile AR
applications using solely natural language input.

2.3 LLM in MR
LLMs have seen extensive application in MR, significantly enhanc-
ing spatial understanding, object manipulation capabilities, and
language-based development.

Spatial Understanding and Scene Analysis. Recent research
has explored how LLMs can enhance comprehension of 3D scenes
and spatial contexts within MR environments. Models such as 3D-
LLM [26], PointLLM [100], and ShapeLLM [65] enable LLMs to
effectively interpret 3D objects and scenes, achieving tasks such
as 3D captioning, question answering, and navigation, thereby en-
hancing accessibility and user comprehension within MR contexts.
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Table 1: Examples of reviewed AR research

Short Title Core Functionality Year Conference

RealitySketch [82] AR interface for sketching interactive graphics 2020 UIST
Radi-Eye [76] Use gaze & head-crossing to select widgets 2021 CHI
Free-Throw [48] Visualizations in basketball free-throw training 2021 CHI
LightPaintAR [91] AR interface with virtual light traces to create light paintings 2021 CHI EA
Opportunistic Interfaces [16] Enable virtual interfaces on everyday objects 2022 CHI EA
Augmented Reading [84] AR-based implementations of Bionic Reading and Spritz 2022 SVR
AR Museum [85] Mobile AR virtual guidance system for museum 2022 SVR
ARCAM [45] AR mobile video shooting camera movement guidance system 2022 MHCI
Augmented Math [12] AR explanations by augmenting static equations 2023 UIST
BeeAR [55] AR navigation system with always-visible digital landmarks 2023 MHCI
DeAR [32] Hybrid desktop-AR for synchronized data visualization and interaction 2023 SVR
Breaking the Plane [18] Visualize mathematical functions in 3D with handwritten input 2024 CHI EA
GazePointAR [43] Use gaze and point gesture to enhance speech queries 2024 CHI
SonifyAR [80] Generates context-aware sound effects with LLM in AR 2024 UIST
XR-Objects [14] Enable digital interaction with real-world objects 2024 UIST
avaTTAR [52] Provide visual cues for table tennis stroke training 2024 UIST

Human-Agent Interaction. LLMs also play a crucial role in en-
riching human-agent interactions within MR. Wan et al. [87] intro-
duce an LLM-based AI agent specifically designed and evaluated for
enhancing user-agent interaction in Virtual Reality. ClassMeta [50]
employs GPT-4 [63]-powered embodied avatars capable of inter-
acting naturally with instructors and students through both verbal
and gestural communications, significantly boosting engagement
in virtual classroom settings.

Embedded MR Assistants. LLMs have also been integrated
into various MR environments as embedded assistants, provid-
ing context-aware support tailored to specific scenarios. Social-
Mind [101] presents an LLM-based proactive AR system that pro-
vides in-situ social assistance. ARAS [36] develops an operational
AR assistant that leverages LLMs to facilitate intuitive and natural
communications between surgeons and AR guidance systems dur-
ing surgical procedures. OmniActions [35] establishes a pipeline
based on LLMs to process multi-modal sensory inputs and predict
actionable responses, while Augmented Object [14] combines LLMs
with object segmentation and classification, enabling interactive
digital augmentation of physical objects.

Object Manipulation and Creation. Further applications of
LLMs in MR have been focused on object manipulation, creation,
and behavior design. sMoRe [99] is an MR application that uti-
lizes LLMs to assist users in creating, positioning, and managing
virtual objects within physical environments. DreamCodeVR [20]
proposes a system that translates natural language commands into
executable code, assisting users in defining object behaviors within
VR applications dynamically. LLMR [86] presents an LLM-driven
architecture integrating planning, scene analysis, and interactive
object creation, enabling users to build AR scenes using language
instructions. Moreover, Social Conjuring [41] introduces an AI-
enhanced framework for dynamic 3D scene co-creation, enabling
real-time collaborative construction and modification of virtual
worlds by multiple users.

While language-based methods, especially agent-based methods
like LLMR [86], show considerable promise by integrating design

and implementation seamlessly and intuitively, existing solutions
are still limited in integrating virtual content with physical environ-
ments. We present agentAR, an AR authoring system that embeds
a tool-augmented LLM agent to support in-situ and end-to-end
AR-native authoring and deployment. This agent can be seen as
an embedded assistant that supports AR application creation. Fur-
thermore, during creation, agentAR leverages the spatial and scene
understanding capabilities of LLMs and provides interactive com-
munication to enhance user experience and facilitate intuitive AR
application development.

3 agentAR System Design
To enable agent-based creation, we first conducted a review of
state-of-the-art AR application research, from which we derived a
common structure for AR applications and identified foundational
building blocks that serve as tools for the LLM agent. Building on
these insights, we developed a tool-augmented agent by crafting
its planning and execution mechanisms to automate the design
and implementation of AR applications. Taking this agent as the
backbone, we presented agentAR, an AR authoring system that
enables end-to-end and in-situ AR application creation from simple
language input.

In the following sections, we elaborate on our review of AR
research, then introduce the workflow of agentAR, followed by a
detailed explanation of the planning and execution mechanisms of
the tool-augmented agent, as well as agentAR user interface.

3.1 AR Research Review
We conducted a review of state-of-the-art AR application research
to inform agent-based creation, focusing on how the agent can
design and implement an AR application. Specifically, we collected
and analyzed prior AR literature by examining their system struc-
tures and identifying foundational building blocks. The structures
of AR applications inform the agent on how to design them, while
the foundational building blocks serve as tools that the agent can
use during implementation. Given the large volume of AR research
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and the diversity of its application domains, our review focused
on three representative domains: General-purpose, Sports, and Ed-
ucation. This selection was made to achieve a balance between
general and specialized use cases, enabling the agent to handle
general-purpose AR creation while also equipping it with some
domain-specific capabilities. Based on our review, we derived a com-
mon structure for AR applications and constructed a tool library
tailored to AR creation.

3.1.1 Review Process. To gather representative AR research within
our selected domains for analysis, we reviewed AR-related papers
published in major HCI venues, including CHI, UIST, MobileHCI,
SIGGRAPH, and their associated workshop sessions. In our brief
review, we focus on research that was published later than 2020.
Rather than compiling an exhaustive literature corpus, our goal
was to survey a representative set of AR applications. To achieve
this, we first conducted a keyword search for "Augmented Reality",
and then examined the titles and abstracts of all publications to
identify research related to the selected domains. In this process,
we excluded review articles, studies, and research focused on hard-
ware or human collaboration, concentrating on AR software for
individual use. Following this filtering, we collected a total of 42
papers.

We further reviewed the system designs and relevant sections
of all collected publications to analyze their overall workflows or
system structures, core functionalities, and the individual compo-
nents involved. This analysis allowed us to understand the common
application structure and foundational building blocks used across
the collected cases. We present some examples of the collected
research in Table 1 and the full list in Appendix. A.8.

Figure 2: Structure of the coffeemaking application shown in
Figure. 1(e). Frontend Layer is shown in purple, and Backend
Layer is shown in green. Arrows represent data flow. Red
arrows indicate inputs to the AR application.

3.1.2 Structuring AR Applications. Based on our review, we derived
a common structure for AR applications to support agent-based cre-
ation. Drawing from the nature of AR applications, the structure of
each application can be divided into two layers: a Backend Layer and
a Frontend Layer. Backend Layer takes input from sensory devices
(e.g., cameras, microphones) and is responsible for user and envi-
ronmental perception, reasoning, and data processing. In contrast,
Frontend Layer is responsible for rendering visual content, present-
ing user interfaces, and supporting other interactive elements that

users directly perceive and engage with. These two layers interact
bidirectionally, i.e., Frontend Layer can visualize the data processed
by Backend Layer, while user interactions captured through the
Frontend Layer can influence the behavior and processing flow of
Backend Layer.

Each layer is composed of several building blocks. These blocks
serve as tools for the agent in AR application creation and are thus
referred to as tools in our structure. Tools within the same layer can
operate independently or be connected to support more complex
functionalities. Additionally, tools from different layers can also
interconnect to exchange information. To reflect their distinct roles,
we categorize these tools into Backend Tools and Frontend Tools,
corresponding to their respective layers.

This structure enables an agent to design various AR applications
in a unified and structured format. For example, the coffee-making
application shown in Figure. 1(e) can be represented as Figure. 2.

Table 2: Tools collected from our review of AR application
research.

Tool Example

Backend Tools
Object Detection & Tracking [14, 27, 43]
Human Pose Estimation [52, 95]
Hand Gesture Detection [16, 27]
Hand Tracking [71]
Plane Detection [80]
Gaze Tracking [24, 43, 76]
Speech Recognition [14, 16, 43]
Speech Synthesis [7, 43]
OCR [12, 23, 35]
LLM [14, 24, 35]
Math Simulator [12, 18]
Physics Simulator [23, 82]

Frontend Tools
Data Visualizer [14, 18, 52, 82]
Animator [23, 27, 80, 82]
User Interface [7, 14, 76, 80]
2D & 3D Assets [27, 80, 99]

3.1.3 Constructing Tool Library. We aimed to construct a gener-
alizable yet flexible tool library rather than compile an exhaustive
inventory. To this end, we identified and collected commonly used
functional building blocks based on their usage across the reviewed
literature, while excluding highly customized features that rarely
appear elsewhere, such as the custom graph detection algorithm
in [12]. These collected building blocks are built as tools for our
tool library. In this tool library, we focus on capturing the essential
functionality of tools rather than distinguishing between specific
implementations. For instance, Augmented Math [12] and Breaking
the Plane [18] utilize 2D and 3D data visualizers, respectively, for
mathematical equations, while avaTTAR [52] employs a 3D visual-
izer for human body poses. Despite differences in data dimension
and use contexts, all these tools fundamentally serve to visualize
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Backend Layer

name: Object Detection

attributes:

- arguments: image

- outputs: image, text

…

Tool#1

name: LLM

attributes:

- arguments: image, text

- outputs: text

…

Tool#2

Frontend Layer

name: Textbox

attributes:

- position: …

…

Tool#1

name: Button

attributes:

- position: …

…

Tool#2 Tool#3

name: Textbox

attributes:

- position: …

…

(a)

(e) (d)

(c)

…

…

(b)

Figure 3: agentAR workflow. (a) Users describe the desired AR applications via natural language dialogue; (b) Planning stage:
agentAR interprets user requests and designs the application structure; (c)-(d) Execution stage: agentAR further leverages a tool
library to implement the design, generate and deploy a functional AR application; (e) The creation process is iterative—users
can continue chatting with agentAR to edit or refine the application.

discrete data points. Therefore, we collectively categorize these
tools under the Data Visualizer category. We further categorized
collected tools into Backend Tools and Frontend Tools, as discussed
in Sec. 3.1.2. A summary of the collected tools, accompanied by
representative examples from the reviewed literature, is provided
in Table 2.

To better inform planning and enhance execution, we structured
each tool into a unified format by defining a set of attributes for
each tool that clearly specified its usage. For Frontend Tools, we
define the following three attributes:

• Pose: The spatial position and orientation of the tool in the
environment.
• Activation: The activation of the tool.
• Interface: The interaction interface of the tool.

These attributes determine how the Frontend Tools are presented
and interacted with in the AR environment.

For Backend Tools, we define a separate set of attributes:

• Tool Description: An explanation of the tool’s core func-
tionality.
• Arguments: The input parameters required by the tool.
• Outputs: The data or results returned after tool utilization.

Further details and an example tool definition can be found in
Appendix. A.2. Notably, our representation and tool library are
derived to support the planning and execution steps of the agent
during AR application creation. While they do not aim to cover all
possible AR scenarios, we believe they capture the most common

cases within the selected domains and provide sufficient flexibility
for the agent to construct a wide range of AR applications.

3.2 agentAR workflow
The workflow of agentAR is shown in Fig. 3. Fundamentally, agen-
tAR enables users to create AR applications through a natural lan-
guage dialogue. Users simply describe the applications they want,
and agentAR interprets these requests to plan the application and
then executes the plan to generate a functional AR experience. This
process is in-situ and end-to-end. The generated application is com-
piled and deployed at runtime within agentAR, allowing users to
immediately experience and use it in AR. Moreover, this workflow
is iterative—users can continue chatting with the system to edit or
refine the application. Each time, agentAR revisits the planning and
execution steps with awareness of the current context, enabling
dynamic adaptation to different needs or environments.

3.3 Planning
During the planning stage, agentAR generates a semi-structured
plan for the AR application, based on the application structure
introduced in Sec. 3.1.2.

To support AR application creation from simple natural language
input and reduce user effort, particularly for inexperienced users,
agentAR supports planning from vague, high-level requests such as
“I want an AR application to teach me how to make coffee”, without
requiring users to specify the application structure or implementa-
tion details. To handle such inputs, agentAR first analyzes the user
request. If it lacks important information to generate a concrete
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plan, the system actively engages the user through the dialogue, of-
fering suggestions or requesting clarifications to gather the missing
details needed to produce an actionable application plan, as shown
in Figure. 1(b).

To ensure effective planning, agentAR incorporates specification-
based instruction and demonstration parsing in its prompt, fol-
lowing the approach introduced in [73]. Additionally, we enable
the agent to access multimodal contextual information to support
context-aware planning. We elaborate on each of these features
below.

Specification-based Instruction. Task specification provides a
standardized template for planning, enabling the agent to systemat-
ically design an application through slot filling. Following Sec. 3.1.2,
we define distinct specifications for Backend Layer and Frontend
Layer.

For Backend Layer, we define:

• Arguments: Specifies the exact inputs required by the back-
end layer.
• Returns: Describes the outputs of the backend layer, including
both data structures and their natural language interpreta-
tions.
• Tools Involved: Lists all tools used in constructing the backend
layer of the AR application.
• Structure: Describes the logic, architecture, and data flow of
the backend layer using pseudo code. It elaborates on how
tools are utilized and interconnected within the layer.

For Frontend Layer, we define:

• Tools Involved: Lists all tools used in constructing the fron-
tend layer of the AR application.
• Backend Layer Arguments: Specifies the arguments from the
backend layer that the frontend program should utilize.
• Structure: Describes the logic, architecture, and data flow of
the frontend layer using pseudo code. This includes specify-
ing the attributes for each tool involved.

Demonstration Parsing. agentAR leverages in-context learn-
ing for more effective task parsing and planning. By injecting sev-
eral demonstrations into the prompts, agentAR allows the agent
to better understand the intention and criteria for planning. Each
demonstration is a group of input and output on planning-the user’s
request and the expected plan to be parsed out. Furthermore, these
demonstrations, consisting of dependencies between tools parsed
from the user’s request, effectively aid the agent in understanding
the logical relationships between tools and determining the applica-
tion structure and data flow. We provide an example demonstration
in Table 3. Following [73], we adopt six demonstrations in our im-
plementation. All the demonstrations are drawn from the reviewed
AR applications presented in Section 5.

Context-aware Planning. Context awareness plays a critical
role in effective planning. agentAR incorporates two kinds of con-
textual information to enhance the agent’s planning capability. The
first is environmental context. When a user initiates a request, the
agent captures an image of the surrounding environment. This
visual input complements the user’s language description by pro-
viding environmental context, allowing the agent to interpret user
intent more accurately and reduce ambiguity in natural language

Table 3: An example demonstration provided to the agent
during planning.

Input Detect the object being looked at, retrieve infor-
mation, and initiate a chat box.

Backend
Layer

Arguments: None
Returns: dict with field ’ListOfObjects’: list of
objects with ’Label’ and ’Response’
Tools Involved: Object Detection, Gaze Track-
ing, LLM, Speech Synthesis
Structure:

Image← Camera()
Gaze← GazeTracking()
Label, Location← ObjectDetection(Gaze, Im-

age)
Response← LLM(Image, Location)
Speech← SpeechSynthesis(Response)

Frontend
Layer

Tools Involved: User Interface (Textbox)
Backend Layer Arguments: Response
Structure:

Define Detect:
Response← Backend()
Create Textbox
Textbox.Content← Response

Create Button
Button.Select← Detect()

instructions. The second is planning history. When editing or up-
dating existing applications, the agent is provided with access to
previous plans. This allows it to make informed updates, ensuring
that the requested changes are addressed without unintentionally
modifying unrelated components of the application.

We provide the meta-prompt for planning in Appendix. A.1.

3.4 Execution
Once a plan is generated, agentAR proceeds to utilize the specified
tools to compose a functional AR application. Specifically, based
on the semi-structured plans for Backend Layer and Frontend Layer
generated during the planning stage, agentAR produces the corre-
sponding programs. This process involves invoking the specified
tools, setting their attributes, and establishing data flows and de-
pendencies to ensure coherent integration, according to the plans.
In this step, we also adopt a demonstration-based parsing approach,
where the agent is given a list of all available tools along with
several example outputs (i.e., the final programs) to guide the com-
position of AR applications using the necessary tools. In addition
to calling tools from the library, the agent also generates code for
simple logic and basic integration operations, according to the plan.
We provide an example Backend and Frontend program generated
by agentAR in Appendix. A.7. By composing both Backend and
Frontend programs, agentAR produces a complete AR application.

agentAR then compiles the generated application at runtime.
To ensure successful compilation, agentAR adopts a feedback loop
across the planning and execution stages. If compilation fails, the
agent is provided with debug messages generated by the compiler.
These messages help identify errors in the generated application,
enabling the agent to refine its plan until a functional AR application
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is deployed. This runtime deployment along with the feedback
loop mechanism makes agentAR an AR native deployment system,
providing an end-to-end creation experience-from natural language
requests to complete, functional AR applications.

Moreover, although agentAR is designed for rapid in-situ proto-
typing, it also allows users to export the source code of generated
applications at runtime, providing a foundation for further cus-
tomization and development. Thanks to the unified tool format,
shared attributes, and consistent application structure, the gener-
ated programs can be extended with minimal effort—developers
need only adjust attribute values, refine connections between tools,
or introduce new tools following the same schema to evolve quick
prototypes into more sophisticated applications.

3.5 User Interface
agentAR is an AR native deployment system. It allows users to
create AR applications, as well as experience the created applica-
tions in AR. Users can easily switch between the creation mode
and generated applications using the attach-to-view buttons agen-
tAR and Recenter. In creation mode, agentAR offers a simplistic
user interface to help users create AR applications. This interface
consists of a dialogue panel with a set of buttons: Talk, Submit,
Clear, Export, as shown in Fig. 4(a).
• Talk lets users speak to the agent.
• Submit sends their spoken request to the agent.
• Clear removes the current transcription in case of input
errors.
• Export allows users to save and export the generated appli-
cations for further development.

In addition, to enhance explainability, agentAR generates a User
Manual upon execution to guide users on how to use the AR
application. We present an example User Manual in Figure. 4(b).

(a) (b)

Figure 4: (a) User interfaces of agentAR; (b) User Manual for
the coffee-making application in Figure. 1(e).

4 Hardware and Software Implementation
4.1 Hardware and Software Setup
We set up agentAR using a customized Oculus Quest Pro [57] head-
mounted display (HMD) paired with an Intel RealSense depth cam-
era D435i [30] to provide additional input, as shown in Fig. 1(a).
The depth camera and the Oculus Quest’s built-in camera were
calibrated in advance to ensure accurate spatial alignment. The

depth camera and Oculus headset were connected to a local PC
(Intel core i7-9700K CPU, 3.60 GHz, 32 GB RAM, Nvidia GeForce
GTX 2080 GPU) via Type-C cables. The depth camera captured
both RGB and depth frames at a resolution of (640, 360), the color
and depth frames are aligned with the same frame rate of (30 Hz).
agentAR is developed on Unity 3D (2022.3.20f1) and implemented
on the PC. We used GPT-4o [63] model as the controller of our
agent. We used Roslyn C# compiler [31] to compile generated AR
applications at runtime, following the approach used in [72].

4.2 Tool Library Implementation
We implemented all tools in our tool library. Our implementations
aimed to balance performance and efficiency to meet the wide
range of use scenarios of AR applications. Therefore, rather than
focusing exclusively on computational performance, we prioritized
lightweight, compatible, and scalable implementations that better
support AR applications and seamless integration of tools. While
this approach may limit system capabilities to some extent, it pre-
serves the core functionalities necessary for building a wide range
of AR applications. Moreover, for tools with diverse design options,
such as user interfaces or math simulators, whose specific behav-
iors vary across different applications, we implemented flexible yet
simplified versions that provide the core functionalities. In addition
to the tool library, we also implemented a set of supplementary
tools for basic object behaviors, I/O operations, and data processing,
such as Get Microphone Input and Crop Image. We believe our sim-
plified yet modular implementations provide sufficient flexibility
for agentAR to support the creation of diverse AR applications. Im-
plementation details for all the tools are provided in Appendix. A.3.

5 Case Study
We conducted a case study to assess the potential of agentAR in
supporting AR application creation. Specifically, to examine the sys-
tem’s capability in planning curated AR applications from natural
language and utilizing tools to execute them, we re-implemented
six AR applications across the three selected domains from the
reviewed literature, aiming to reproduce their core functionalities
using only natural language input.

5.1 Selected AR Applications and Our
Re-implementations

We selected six AR applications from our review and re-implemented
them using agentAR. An overview of these applications and our
re-implementations is shown in Fig. 5, with detailed descriptions
provided below.

XR-Objects [14] (Figure. 5(a)). XR-Objects enables analog ob-
jects to initiate digital actions, such as querying for details or exe-
cuting tasks. It achieves seamless integration of physical objects as
interactive digital entities by utilizing object detection with multi-
modal LLMs. Our re-implementation uses the object detection tool
to identify and localize objects. For each detected object, the appli-
cation places buttons around it for users to initiate various actions,
such as checking info, opening a notepad, a timer, or activating an
LLM assistant for discussions.

avaTTAR [52] (Figure. 5(b)). avaTTAR is an AR application
for table tennis stroke training. It captures and reconstructs the
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Figure 5: Selected AR applications and our re-implementations in the case study. (a-2)-(f-2) Selected AR applications; (a-1)-(f-1)
Our re-implementations. (a) XR-Object [14]; (b) avaTTAR [52]; (c) Augmented Math [12]; (d) AhUI [16]; (e) AR-Enhanced
Workouts [95]; (f) GazePointAR [43].

3D human pose and paddle orientation during practice to provide
both first-person and third-person view visual cues, enabling users
to visualize target strokes and correct their attempts effectively.
Our re-implementation employs the human pose estimation tool
to track the instructor’s body movements and uses the controller
to simulate a table tennis paddle. A virtual paddle model is re-
trieved and attached to the controller. The system also incorporates
a record/playback tool to capture and replay motion sequences.
During playback, users can ’walk into’ the body pose visualizer for
a first-person perspective or observe it from the side for a third-
person view.

Augmented Math [12] (Figure. 5(c)). Augmented Math is a
machine learning-based approach to authoring explorable math ex-
planations in AR. It augments static math textbooks by identifying
mathematical formulas with OCR, manipulating them, and creating
interactive animations. Our re-implementation employs the OCR
tool to identify math equations in front of users and visualize the

equation with the math simulator and data visualizer. Addition-
ally, users can adjust the coefficients with sliders, exploring how
variations in coefficient values affect the math equation.

Ad hoc UI (AhUI) [16] (Figure. 5(d)). AhUI is a prototyping
toolkit that leverages real-time tracking, voice activation, mid-air
gestures, etc., to empower users to transform everyday objects into
opportunistic interfaces on the fly. In our re-implementation, we use
hand tracking to attach a set of buttons to the user’s hand, allowing
them to move with hand motion. These buttons serve as controls
for a video player, enabling intuitive and mobile interaction.

AR-EnhancedWorkouts [95] (Figure. 5(e)). AR-EnhancedWork-
outs employs an AR-based application that provides visual cues
for workouts. AR-Enhanced Workouts captured users’ exercise
performance with human body pose estimation technology and
provided feedback via AR visual cues. The re-implementation of
this app incorporates the human pose estimation tool for tracking
user movement. The visualized movement is displayed in front



UIST ’25, September 28-October 1, 2025, Busan, Republic of Korea Zhu, Hsia, and Hu, et al.

(c)
(a) (b)

(d)

(c)

(e) (f)

Figure 6: Additional AR applications created by agentAR. (a) Immersive Video Player; (b) Interactive Paper; (c) Gesture Learning
Assistant; (d) Hand Tool Tutorial; (e) Ball Catching Game; (f) ARtPlace.

of the user, providing visual cues for users to understand their
movements.

GazePointAR [43] (Figure. 5(f)). GazePointAR is an LLM-based
context-aware visual assistant for wearable AR that leverages eye
gaze and conversation history to disambiguate speech queries. Our
re-implementation leverages the gaze tracking tool, the object de-
tection tool, and the LLM tool. When users trigger the Talk button,
it acquires users’ gaze direction, detects the object being observed,
leverages an LLM to query to retrieve details, and allows for further
inquiries.

We provide the prompts used to create the above applications
in Appendix A.4. When generating each application with agentAR,
we first removed that application from the agent’s demonstration
set to prevent data leakage and ensure an unbiased evaluation of
the system’s capabilities.

5.2 Results
In this case study, agentAR successfully re-implemented six AR
applications from prior research, reproducing their core functional-
ities from natural language descriptions. This demonstrated agen-
tAR’s potential to create a diverse set of AR applications across
use scenarios and in different forms, enabling comprehensive AR
application creation via solely natural language.

6 Additional Examples
To further showcase the capabilities of agentAR in AR application
creation, we include additional examples generated by the system.

Each application was proposed by an LLM instructed to describe
AR application ideas in natural language; the meta-prompt used to
guide the LLM is provided in Appendix A.5. The resulting applica-
tions are shown in Figure 6, with detailed descriptions below.

Immersive Video Player (Figure. 6(a)). Immersive Video Player
allows users to place a video player at a location where the users
touch the physical screen in the surroundings. Users can play or
pause the video by tapping the table. Additionally, the app detects
bottles in the environment and turns them into controllers. Users
can switch to the next video by poking the detected bottle.

Interactive Paper (Figure. 6(b)). Interactive Paper recognizes
text in front of the user, reads it aloud, and allows the user to make
further inquiries about the content through an LLM assistant.

Gesture Learning Assistant (Figure. 6(c)). Gesture Learning
Assistant randomly selects a predefined gesture, displays its name,
and shows a 3D model for users to mimic. If the user performs the
gesture correctly, the app provides visual feedback with confetti
and a successful sound, and then proceeds to the next gesture. If
the gesture is incorrect, it plays a metallic sound and stays on the
current one.

Hand Tool Tutorial (Figure. 6(d)). Hand Tool Tutorial displays
and attaches various virtual hand tools to the user’s left controller.
A slider allows users to switch between different tools, including a
file, groove pliers, a hand saw, needle-nose pliers, and a screwdriver.

Ball Catching Game (Figure. 6(e)). Ball Catching Game spawns
a virtual ball in front of the user and launches it every 5 seconds.
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If the user successfully catches the most recent ball, it is removed
from the scene.

ARtPlace (Figure 6(f)). ARtPlace detects nearby surfaces and lets
users place virtual paintings by pointing at their desired location.
When the “Place” button is tapped, the selected painting is anchored
to the detected surface.

7 User Study
We conducted a two-session user study to evaluate the effective-
ness and usability of our system. We recruited twelve users (8 self-
identified as male and 4 self-identified as female), aged between 19
and 30 years (AVG=25.25, SD=3.03). Of the twelve participants, eight
were familiar with AR applications on smartphones, tablets, or head-
mounted devices, while the remaining four had bad prior exposure
to AR or VR technologies. None of the users has developed any AR
or VR applications before. All the users were familiar with LLMs.
The entire study lasted approximately one hour per participant, and
each participant received compensation in the form of a $20 e-gift
card. Before diving into the study, participants were explained the
study and asked to sign the consent form. Then, participants com-
pleted a warm-up session using a demo AR application, where they
were guided to experience each tool provided by our system. This
session was designed to familiarize participants with the AR-HMD
and its interactions. There are two sessions in our study. In the
first session, participants were asked to replicate an assigned AR
application, while in the second session, they were instructed to
build their own applications using the system. After each session,
users completed a 5-point Likert-type questionnaire (Strongly Dis-
agree; Slightly Disagree; Neutral; Slightly Agree; Strongly Agree)
about the creation experience. At the end of the user study, each
participant was interviewed and completed the standard System
Usability Scale (SUS) questionnaire.

7.1 Procedure
7.1.1 Session 1: Quantitative Evaluation. In this session, we aimed
to quantitatively evaluate the performance of agentAR in enabling
AR application creation via natural language. In agentAR, planning
plays a pivotal role in the whole workflow, since it determines the
overall structure of the AR application. Therefore, we deem that
the quality of planning can be utilized to evaluate the capability of
agentAR and focus on evaluating the planning stage in this session.
We selected six AR applications from our case study, XR-Objects (re-
implementation), avaTTAR (re-implementation), Augmented Math
(re-implementation), Immersive Video Player, Gesture Learning As-
sistant, and Ball Catching Game. This selection of applications is
to ensure full coverage of all the selected domains and all tools in
our tool library to achieve a comprehensive evaluation of system
performance. Each participant was assigned one application and
tasked with recreating it using only natural language. Two par-
ticipants were assigned to each application. To help participants
understand the task goal, participants were instructed to explore
the application directly in AR. We did not provide the User Manual
or any textual descriptions of the application, as they may serve as
potential inputs to the system and create bias in the task. Partici-
pants were asked to create the application without making further
edits.

We adopt the following metrics to quantitatively evaluate system
performance:
• GPT-4 Score. Following [73], we use GPT-4 as a judge to
assess the overall correctness of the agent’s planning re-
sults. For each user request, GPT-4 is prompted to evaluate
whether the agent has properly planned an AR application
that satisfies the user intent. Each response is marked as
correct (1) or incorrect (0). We provide the meta-prompt for
GPT-4 in Appendix. A.6. The GPT-4 Score is computed as the
percentage of correct responses:

GPT-4 Score =
1
𝑁

𝑁∑︁
𝑖=1

Correct𝑖

• Precision. Precision measures how many tools utilized by
the agent are actually in the ground-truth plan:

Precision =
|Selected ∩ GroundTruth|

|Selected|
• Recall. Recall measures how many tools required by the
ground-truth plan are utilized by the agent:

Recall =
|Selected ∩ GroundTruth|

|GroundTruth|
• F1 Score. F1 Score is the harmonic mean of precision and
recall, reflecting the balance between them:

F1 = 2 × Precision × Recall
Precision + Recall

7.1.2 Session 2: Overall System Usability. In this session, we aimed
to evaluate the overall system usability of agentAR. Participants
were encouraged to freely utilize the system to explore their own
ideas on new AR applications. To provide a more engaging cre-
ation experience and stimulate participants’ creativity, this session
was conducted in an office with a variety of physical objects (i.e.,
monitor, bottle, keyboard, etc.) to interact with. During this session,
participants were allowed to edit the generated application up to
five times if the initial output did not match their intent.

7.2 Results
7.2.1 Session 1 Results. To evaluate the agent design in agentAR,
we used a raw GPT-4o model as a baseline during post-processing
and compared its performance with that of agentAR. For the base-
line agent, we excluded key features of the agentAR agent, and
only instructed it to plan AR applications based on our application
structure and tool library. Results are shown in Table. 4.

Table 4: User Study Session 1 results. * denotes p<0.05.

Agent GPT-4 Score ↑ Precision* ↑ Recall ↑ F1* ↑
Baseline 91.67 77.42 61.54 68.57
agentAR 100.00 89.71 78.21 83.56

We performed the Shapiro–Wilk test on all paired data and found
that most samples exhibited evidence of non-normality. Conse-
quently, we employed the Wilcoxon Signed-Rank Test, a widely
used non-parametric test for paired samples, to assess whether there
were statistically significant differences between the two agents
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across continuous evaluation metrics, including F1, Precision, and
Recall. For binary GPT-4 scores, we used McNemar’s test, which
is designed for evaluating differences between two classifiers on
paired binary outcomes.

With respect to GPT-4 scores, although agentAR received per-
fect ratings across all test cases, McNemar’s test did not reveal a
statistically significant difference between the two systems (p=1.0).
This is likely due to the ceiling effect inherent in binary scoring,
where both systems were generally able to generate plans deemed
acceptable by the large language model.

On the tool utilization side, agentAR achieved significantly better
performance than the baseline in both F1 (W=3.0, p=0.0076) and
Precision (W=2.0, p=0.015). The improvement in Recall was not
statistically significant (W=16.0, p=0.130), though the mean value
for agentARwas still higher. All threemetrics collectively reflect the
system’s capability in accurately and completely identify necessary
tools during the planning process.

The statistically significant gains in both F1 and Precision indi-
cate that agentAR not only reduces incorrect tool usage but also
better captures the relevant tools required to execute the intended
AR application. Although Recall did not show significance, its up-
ward trend suggests the potential for improved completeness. Over-
all, the improvement in F1—a harmonic mean of Precision and
Recall—demonstrates that agentAR achieved more reliable and bal-
anced tool utilization, underscoring its effectiveness in translating
natural language into executable AR plans.

7.2.2 Session 2 Results. We present four applications created by
participants during session 2 in Figure. 7. The overall system Likert
results collected are shown in Fig. 8. In general, users prefer creating
AR applications using natural language (Q2: AVG=4.3, SD=0.5): "I
think it’s amazing that you can just say what you want in natural
language, and the system can make it happen. It’s so much easier
than building everything step by step by yourself. (P2)" and admire
our system’s ability to create (Q1: AVG=4.3, SD=0.6) and edit (Q4:
AVG=4, SD=0.8) AR applications: "I said I wanted to add some control
features, and it totally understood what I meant. It even gave me a few
different version options—I thought that was pretty impressive. (P1)"
and "I could just say I wanted to change themodel, and it would replace
it automatically. Super convenient. (P7)" Users also acknowledged
chat-based communication with agentAR (Q3: AVG=4.4, SD=0.5).
"The communication is easy, and it really makes me want to keep
talking to it. The natural conversation is pretty engaging too. (P12)"

We also asked users about each feature of the agent. Most of the
users thought agentAR can understand the context when creating
or editing AR applications (Q6: AVG=4.4, SD=0.5). "It used what
I said earlier as context and kept going from there—I think that’s a
really important feature. (P8)" and "Even though I didn’t say much,
it kind of guessed what I wanted to do based on the scene—it felt like
it had some environmental awareness. (P7)" Besides, most users also
admire the system’s effort in helping them understand how created
applications work (Q5: AVG=4.5, SD=0.7): "After it generated the
app, it explained how it was put together—like what I said at the
beginning, and what modules it used. I really liked that. (P1)"

In general, users believe our system can support novice users to
create AR applications (Q7: AVG=4.2, SD=0.7). "You don’t need to
learn any AR editors or tools—just talk, and it creates things. It’s way

(a) (b)

(c) (d)

Figure 7: Example AR applications created by participants in
User Study Session 2. (a) Emoji Face (P11). Displays an emoji
that aligns with and tracks the head position of the person
in front of the user; (b) Toy Car (P6). Enables users to control
a virtual toy car using the left controller; (c) Rock-Paper-
Scissors (P12). Allows users to play rock-paper-scissors with
the app via hand gesture recognition, with visualized virtual
gestures; (d) Gaze-Controlled Music (P1). Plays music when
the user looks at a virtual speaker and pauses it when they
look away, using eye gaze interaction.

Strongly AgreeSlightly AgreeNeutralSlightly DisagreeStrongly Disagree

Figure 8: User Study Session 2 Likert-type questionnaire re-
sults.

simpler than the tools I’ve used before. (P4)" For the system usability,
the users reported an M = 79.79 and SD = 7.27 SUS. This score is
promising and indicates the high usability of the system.

8 Limitations and Discussion
In this section, we reflect on the current boundaries of agentAR and
outline directions for future work. We first summarize the failure
modes observed in our studies, then discuss the broader challenges
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the system faces, and propose potential solutions to advance agent-
based AR authoring. We conclude by envisioning how these ad-
vances could pave the way toward more general and intelligent
mixed-reality assistants.

8.1 Errors and Failures Found in Studies
While agentAR enables diverse AR application creation through
natural language alone, it may produce errors or encounter failure
cases due to design limitations. In our studies, we observed three
primary categories of failures.

Incapacity. The system is incapable of resolving the user’s re-
quest. This typically occurs when the agent lacks the necessary
tool, relevant knowledge, or when the task complexity exceeds
its operational scope. Such breakdowns stem from fundamental
design constraints—as noted in Sec. 3.1, agentAR’s capabilities are
grounded in three literature-derived domains. Consequently, it
struggles with scenarios beyond this scope (e.g., sign-language
recognition or multi-user applications).

Misalignment. The generated application functions, but does
not fully align with the user’s intent. These failures often involve
misplaced UI elements or occasional misinterpretation of user
commands. Misalignment mainly arises from the inherent error-
proneness of LLMs, which remains challenging—especially in con-
textualized AR environments.

Ergonomic Violations. agentAR occasionally overlooks 3D
layout principles that professional AR designers apply instinc-
tively—e.g., menus appearing outside the neutral gaze cone, panels
occluding physical objects, or targets rendered too small or distant
for comfortable interaction. This is primarily because the current
focus of agentAR is on rapid functional prototyping; detailed spa-
tial heuristics—such as optimal gaze zones and occlusion-aware
placement—are not yet encoded. Integrating these ergonomic rules
represents a promising direction for future iterations of agent-based
AR authoring.

8.2 Interpretability
While tool-augmented agents offer great potential for lowering
the barrier to AR creation, challenges remain in their interpretabil-
ity. These challenges are twofold: users may require greater trans-
parency over the creation process, and they also need to understand
the behavior of the AR applications generated by the agent [75].

In agentAR, we address these challenges by enabling the agent
to engage in interactive dialogue with users—asking for additional
information when needed and explaining its planning and decision-
making processes. Furthermore, the system provides a User Manual
to help users understand the generated AR applications.

Although these features improve the system’s interpretability
and usability, textual communication alone may not be sufficient–
especially for complex applications or scenarios involving spatial
elements that are difficult to convey through text. To address this,
there is a clear need for more intuitive and multimodal communi-
cation mechanisms that better align with the nature of AR appli-
cations. For instance, when placing user interfaces in a 3D space,
the agent could utilize visual cues to suggest candidate positions or
demonstrate interactions during the creation process.

Enhancing interpretability is essential for supporting non-expert
users, increasing trust in agent decisions, and improving the overall
usability of agent-based AR authoring systems.

8.3 Specialized and Context-Aware Planning
In agentAR, we employ a GPT-4o model as the LLM controller of
the agent. While it possesses substantial internal knowledge and
strong general reasoning capabilities, it is not inherently designed
for domain-specific tasks such as AR application creation [74]. To
equip it with the necessary capabilities, we leverage its few-shot and
in-context learning abilities. Specifically, we provide demonstration
examples that illustrate how to utilize tools from our tool library and
adopt a specification-based parsing strategy to guide the creation
process through structured slot-filling.

This approach offers several advantages: it is efficient, requires
no additional model training, and is easy to deploy in practice. How-
ever, it also presents clear limitations. Since the agent learns plan
and tool usage patterns only through a small number of examples,
its ability to generalize to complex, highly customized, or novel AR
applications is restricted. In such cases, the agent may fail to gener-
ate valid plans or appropriate tool compositions, especially when it
encounters use cases that deviate significantly from the provided
demonstrations. To better support AR creation, it is essential to
develop LLMs tailored specifically for this task.

In addition, to support more robust and intelligent creation, the
agent must also exhibit strong context awareness. In our current
implementation, we achieve basic context awareness by capturing
real-time environment images and maintaining access to planning
history. These mechanisms allow the agent to understand and adapt
to user intent more effectively. Nonetheless, this level of contextual
grounding remains limited. The environment is only represented
as 2D images, and the history consists of textual records, which
may not be rich or structured enough for deeper reasoning.

To advance the agent’s capabilities, more comprehensive forms
of contextual understanding are needed. For example, incorpo-
rating 3D spatial representations of the environment could sig-
nificantly enhance the agent’s ability to reason about spatial lay-
outs, object placements, and interaction possibilities. Integrating
advanced multimodal reasoning models—such as 3D-LLM [26] or
PointLLM [100]—could further improve spatial perception and af-
fordance recognition within mixed reality (MR) environments. Ad-
ditionally, establishing a tighter closed-loop creation workflow,
where the agent can inspect, simulate, or even test components of
the generated AR application (e.g., UI placement, tool behavior),
would help identify potential issues and refine the output before
deployment.

8.4 Bridging Automation and Control
While our system provides an intuitive and flexible way to create AR
applications, there are important trade-offs between agent-based
creation and manual development.

Agent-based methods enable dynamic, in-situ creation through
natural language, lowering the barrier for inexperienced users and
allowing rapid adaptation across environments. This approach
aligns well with in-situ AR design principles, making it easy for
users to prototype and iterate within the actual usage context.
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However, this simplicity comes at the cost of control—agent-based
creation currently lacks the fine-grained customization that manual
development affords. In contrast, manual development allows pre-
cise control over application structure and behavior, enabling more
complex and tailored AR experiences, though it demands greater
effort and expertise.

To balance these strengths, agentAR supports exporting gener-
ated applications as editable code. This allows users to treat the
initial output as a prototype, which can be further refined through
manual development. In doing so, we aim to bridge the gap between
ease of use and expressiveness, supporting both accessible creation
and advanced customization.

8.5 Limitations in Available Tools
The tool library in our systemwas derived from a review of previous
AR research, covering the most commonly used ones in three se-
lected domains. This tool library is limited in both domain coverage
and tool diversity. While it effectively supports a range of scenarios,
it is not comprehensive enough to address the full breadth of AR
applications. For instance, surgical applications often require pre-
cise object pose estimation or real-time physical simulation, which
are not supported by our tool library. In such cases, agent-based
creation via our system would be impossible. Moreover, some AR
applications rely on highly customized methods that are difficult to
generalize. For example, Augmented Math [12] utilizes a specialized
algorithm for detecting and extracting mathematical graphs. These
kinds of bespoke techniques often require expert design and adap-
tation for specific use cases. Supporting agent-based AR creation
in such professional or technical scenarios would thus require the
development of dedicated, task-specific tool libraries.

Nevertheless, recent advances in modular and multimodal tools
offer a promising direction. For instance, state-of-the-art multi-
modal LLMs can accept diverse forms of input (text, images, shape,
etc.), broadening their applicability across contexts. As tools be-
come increasingly integrated and powerful, they can support more
flexible and combinatorial use cases, enabling a wider range of AR
applications without the need for extensive customization. This
trend suggests a promising path toward simplifying the tool space
for agent-based AR creation while enhancing its overall expressive-
ness and utility.

8.6 Towards General Agent Intelligence for MR
While we focus on AR application creation, the broader potential of
agent-based approaches lies in evolving toward general intelligent
assistants for MR. Such agents would move beyond single-purpose
tasks and become always-present collaborators embedded in the
MR environment. These agents could perceive the surrounding
space, understand spatial layouts, track user behavior, and reason
about both the virtual and physical worlds in context.

Equipped with multimodal perception—such as speech [99], vi-
sion [10], gaze [43], and motion [29]—they could interpret user in-
tent more accurately and respond in natural, conversational ways.
This opens the door for agents to assist with a wide variety of
activities, from interactive tutorials and contextual reminders to
on-the-fly content creation and real-time support for complex work-
flows.

Rather than requiring users to operate predefined apps, future
MR agents could generate and adapt experiences dynamically, based
on what users are doing and where they are. This vision positions
the agent not just as a tool, but as a proactive, intelligent compan-
ion—capable of enhancing productivity, creativity, and everyday
interaction across physical and digital boundaries.

9 Conclusion
In this paper, we introduce a novel approach to automating AR
creation from natural language by leveraging tool-augmented LLM
agents, and present agentAR, an agent-based AR system for in-situ,
end-to-end AR application creation. To inform agent-based AR
creation, we reviewed state-of-the-art AR research and derived a
common structure and tool library for building AR applications.
Guided by these insights, we developed a tool-augmented LLM
agent—the backbone of agentAR —that creates various AR expe-
riences from simple natural language input, thereby significantly
lowering creation barriers. We evaluated agentAR through a case
study in which we re-implemented six curated AR applications pro-
posed in prior research, using only natural language. In addition,
we conducted a user study to quantitatively assess the system’s
performance in enabling inexperienced users to build AR applica-
tions and to evaluate its usability. Results from both studies show
that agentAR not only plans and executes curated AR applications
but also allows novice users to create diverse AR experiences with
minimal effort—often with just a few sentences. These findings
underscore the promise of agent-based approaches for AR creation,
and we anticipate that, as supporting technologies advance, such
methods will further democratize AR development and enable users
to produce increasingly personalized AR experiences.
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A Appendix
A.1 System Meta Prompt

Table 5: The meta-prompt for agentAR.

Your job is to understand users’ requests and generate structured
plans for building various AR applications on a prototyping plat-
form. This platform consists of a frontend layer and a backend
layer. The backend layer takes input from sensory devices and
is responsible for user and environmental perception, reasoning,
and data processing, and the frontend layer is responsible for
rendering visual content, presenting user interfaces, and sup-
porting other interactive elements that users directly perceive
and engage with. The plans you generate are intended to guide
the subsequent program composition using a dedicated tool
library.
For the frontend plan, you must specify the tools involved, argu-
ments passed from the backend, and pseudo-code that outlines
the structure of the layer. For the backend plan, you must define
the arguments, return values, tools involved, and also pseudo-
code outlines the structure of the layer.
You must refer to the available tools in {{Available Tool List}}
when composing your plans. Do NOT specify tools that do not
exist. Use only the available tools to fulfill the user’s requests. If
a requested functionality is not supported by the current toolset,
you should either reject the request or find a feasible alternative
that achieves the same purpose, and notify the user accordingly.
To support more accurate task parsing and planning, you are
provided with several demonstrations:
{{Demonstrations}}
Each demonstration pairs a user request with the expected out-
put plan, illustrating how to interpret user intent, determine
tool dependencies, and construct appropriate application struc-
tures and data flows. You should refer to these demonstrations
to guide your planning. You are also provided with an environ-
ment image and the planning history {{Planning History}}. These
contextual cues should be incorporated into your reasoning to
generate more coherent and adaptive application plans.
Be mindful of the system’s limitations. If a feature cannot be
supported by existing tools, you must reject the request. If an
alternative method can fulfill the intent, propose it to the user. If
further clarification is needed, ask the user for more information.
Only when all necessary details are collected should you proceed
with generating the plans.
Your final output must follow the specified template:
Plan for backend:
- Arguments:
- Returns:
- Tools involved:
- Structure:

Plan for frontend:
- Tools involved:
- Backend arguments:
- Structure:

A.2 Tool Format and Definition

Table 6: Unified format for Frontend and Backend tools.

Frontend Tool Backend Tool
{Tool name} {Tool name}

Position Description
Orientation Arguments
Activation (Visibility) Returns
{Custom interfaces}

Table 7: Example definition of a Backend tool.

class DetectionHelper:
"""Handless object detection functionalities."""
def __init__(self):

self.model = YOLO("yolov8n.pt")
def DetectFrame(self, **kwargs) -> dict:

"""
Performs object detection on an input image and returns a

list of detected objects, their bounding boxes, and labels.
Arguments:

ColorImage (numpy.ndarray): The input image.
Returns:

dict: A dictionary containing:
- ’ListOfObjects’ (list[dict]): A list of detected objects.

Each object is represented as:
- ’LABEL’ (str): The class label of the detected object.
- ’U1’ (int): The x-coordinate of the top-left corner

of the bounding box.
- ’V1’ (int): The y-coordinate of top-left.
- ’U2’ (int): The x-coordinate of bottom-right.
- ’V2’ (int): The y-coordinate of bottom-right.

"""
res = {}
res["ListOfObjects"] = []
results = self.model(kwargs["ColorImage"])[0]
for result in results.boxes:

u1, v1, u2, v2 = map(int, result.xyxy[0])
if result.conf[0]>0.5:

cls = int(result.cls[0])
label = f"self.model.names[cls]"
oneObject = {’LABEL’:label, ’U1’:u1, ’V1’:v1, \

’U2’:u2, ’V2’:v2}
res["ListOfObjects"].append(oneObject)

return res

A.3 Tool Implementation Details
Object Detection & Tracking. We adopt Ultralytics YOLOv8 [37]
for object detection and tracking. YOLOv8 supports real-time object



UIST ’25, September 28-October 1, 2025, Busan, Republic of Korea Zhu, Hsia, and Hu, et al.

Table 8: Example definition of a Frontend tool. All Frontend
tools inherit from the abstract class AbstractHelper.

// Abstract base class for handling UI-related functionalities. The
default position is set to global (0,0,0). The default orientation is
to track the headset.
public abstract class AbstractHelper: MonoBehaviour
{

// Gets whether the GameObject is currently visible (active)
in the scene.

public bool IsVisible;
// Enables or disables visibility.
public void SetVisibility(bool tf);
// Enables position tracking, making the GameObject follow
another object’s position with an optional offset.

public virtual void SetFollowingPosition(
GameObject followPositionObject, Vector3? offset = null);

// Enables orientation tracking, making the GameObject’s
Z-axis face a target object with an optional rotation offset.

public virtual void SetFollowingOrientation(
GameObject followOrientationObject,
Quaternion? offset = null);

// Disables position tracking and sets a fixed position.
public virtual void SetStaticPosition(Vector3 staticPosition,

Vector3? offset = null);
// Disables orientation tracking and sets a fixed rotation.
public virtual void SetStaticOrientation(

Quaternion staticOrientation, Quaternion? offset = null);
}

// A helper class for a UI slider.
public class SliderHelper: AbstractHelper
{
// Gets and sets the current value of the slider.
public float Value;
// Sets the title text displayed above the slider.
public void SetTitle(string title);
// Sets the minimum value and updates the label.
public void SetMin(float min);
// Sets the maximum value and updates the label.
public void SetMax(float max);
// Registers a callback function for slider value changes.
public void AddOnValueChangedCallback(

UnityAction<float> action);

detection and tracking with high precision. Its lightweight archi-
tecture and ease of deployment make it well-suited for integration
into dynamic AR scenarios.

HumanPose Estimation. Our human pose estimation tool sup-
ports both third-person and first-person pose estimation. For third-
person pose estimation, we implemented the Mediapipe BlazePose
GHUM 3D [22] model. For first-person pose estimation, we lever-
aged the built-in body pose detection function of Quest Pro AR-
HMD provided by Meta.

Hand Gesture Detection & Hand Tracking. We utilize the
built-in hand-tracking function provided byMeta Interaction SDK [56]
for hand gesture detection and hand tracking. These tools leverage
the headset’s onboard cameras to analyze users’ hand gestures and
movements in real-time.

Gaze Tracking.We utilized the built-in eye-tracking function
provided by Meta Interaction SDK. This tool enables acquiring eye
direction for downstream tasks.

Speech Recognition & Speech Synthesis.We implemented
the lightweight, real-time Whisper [69] model for speech recogni-
tion and TTS-1 [64] for speech synthesis.

LLM. We utilized GPT-4o as our LLM tool. Our implementation
enables text and image input to GPT-4o to enable versatile usage
in AR applications.

OCR.We implement both general text OCR andmath OCR using
GPT-4o, guided by specialized prompts tailored for each task.

Math Simulator. We implemented a math simulator leveraging
GPT-4o. Our implementation for the math simulator is designed
to interpret monomial functions, identify their coefficients, and
generate sampled data.

Physics Simulator. We implemented a physics simulator pow-
ered by GPT-4o. Our implementation generates simulated 3D move-
ment data of virtual objects based on natural language descriptions.

Controller. We use the paired controllers of the Meta Quest
Pro HMD to provide additional input, supporting precise tracking
of their position and orientation. This enables more versatile and
interactive AR applications through controller-based interactions.

Data Visualizer. We implement a data visualizer to render two
types of data in AR applications: body poses and mathematical plots.
Our implementation uses multiple forms and colors to distinguish
different data elements and enhance clarity and comprehension.

Animator. We leveraged Unity’s built-in Animator to imple-
ment basic animations such as scaling, translation, and rotation.
These animations are defined using animation clips and managed
through Animator Controllers, enabling smooth playback and easy
integration into AR application workflows.

User Interface. We designed a set of user interface elements to
enhance user interaction with virtual content in AR. While there
are numerous custom user interfaces in AR applications, we imple-
mented the three most commonly used options for our tool library:
buttons, sliders, and text boxes. These interfaces provide versatile
interaction mechanisms for different AR applications.

3D Assets.We leveraged the open-source asset library Sketch-
fab [78] to support the utilization of versatile 3D assets in AR
applications. To enable on-demand asset creation, we implemented
an object retrieval tool using Sketchfab API to search for assets
based on textual input. It then downloads and imports them into
AR applications.

Supplementary Tools. We implemented several supplemen-
tary tools to support more versatile AR application creation. These
include a timer, a record/playback tool, a video player, and a scene
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interaction tool. The record/playback tool allows users to record
and replay object movements and tracked poses. The video player
supports playing three local videos in the AR application. The scene
interaction tool, backed by Meta’s MRUK [58], allows attaching
trigger functions to scene objects, detected objects, or designated
volume.

A.4 Case Study Prompts
Augmented Object [14]. "Create an AR app where users can press
a ’Detect’ button to find nearby objects. The system takes a picture,
identifies the objects, gets their 3D positions, and uses AI to describe
them. For each object, show tools like an info button to show the
description, a notepad, a timer, and a chat button to talk with AI. All
tools face the user and stay hidden until turned on."

avaTTAR [52]. "I want to create an AR application to track and
visualize the person’s body pose in front of me. A button ’Show Track’
follows the headset and toggles the visibility of the human pose vi-
sualizer. There should be a ping pong paddle model attached to the
right controller, which I will give to the person in front of me in order
to track his hand movement. A record/replay system is also needed. It
records/replays the body pose and the paddle."

Augmented Math [12]. "Detect the math expression in front
of the user. When an expression is detected, an x-y plot is created
to visualize the math expression, and the user is able to adjust the
coefficients in the math expression. Here is some descriptions of the UI
elements. The "Detect" button should be hidden upon the successful
detection of math equations."

AhUI [16]. "I want to create an AR application where a video
player appears about a meter in front of me when I press a ’Start’
button. Then, floating above my left hand, there should be a ’STOP’
button to play/pause the video and a ’Next’ button stacked above it
to skip to the next video. The UI should follow my left hand, and the
video player should face me."

AR-Enhanced Workouts [95]. "I want an application that can
record and replay the coach’s body pose in front of me. Also, I want to
record and playback my own body pose so that I can check whether
my body pose is aligned with the coach’s body posture."

GazePointAR [43]. "Develop an AR application that allows users
to interact with objects in their environment using eye tracking and
gesture recognition. When a user does a left thumb up gesture, the
system should detect the object they are looking at, retrieve relevant
information, and provide a chatbot that the user can talk with about
the detected object. The application should integrate a speech-to-text
for the user to interact with the chatbot and a text-to-speech for the
chatbot’s responses."

A.5 Additional Examples Details
Interactive Paper. "I want an app that lets users capture text around
them, shows it in a scrollable box, and reads it out loud. Users can also
edit the text for notes. It’s great for classrooms, offices, or on the go."

Gesture Learning Assistant. "The app shows a gesture like
thumbs up or stop. When users try it, the system checks their hand
pose and gives instant feedback—success sound and confetti if correct,
retry sound if not."

Ball Catching Game. "I want an app where users catch virtual
balls with their right hand. It tracks their movement to see if they

grab it. A new ball comes every 5 seconds, and a slider changes the
speed."

Table 9: Themeta-prompt used to create newARapplications.

You are a novice user with no programming or AR design experi-
ence. Your task is to communicate your ideas for AR applications
using natural language in a conversation with an AI system. You
should describe what you want the application to do in terms
of goals, user experience, or intended behavior. Keep the idea
simple to work in a single scene, with no advanced logic or
multiple steps.
Avoid low-level design instructions such as specific object co-
ordinates, technical terminology, or implementation details. In-
stead, talk about things you want to happen, like "I want to
catch a ball" or "It should show me some text."
Here are some examples to guide you:
{{Demonstration}}
Now, describe your own AR app idea:

A.6 GPT-4 Score Prompt

Table 10: The meta-prompt for GPT-4 Score evaluation.

As a critic, your task is to assess whether the LLM agent has
properly planned an AR application based on the user’s request.
To do so, carefully examine both the user’s request and the
agent’s output, and then provide a decision using either "Yes"
or "No" ("Yes" indicates accurate planning, and "No" indicates
inaccurate planning). Additionally, provide a rationale for your
choice using the following structure: {"choice": "yes"/"no", "rea-
son": "Your reason for your choice"}.
Please adhere to the following guidelines: 1. The tool must be
selected from the following options: {{ Available Tool List }}. 2.
Please note that there exists a logical relationship and order
between the tools. 3. Simply focus on the correctness of the
planning without considering the tool arguments.
Current user request: {{Input}} AI assistant’s output: {{Output}}
Your judgment:

A.7 Example Code Generated by agentAR
A.8 Full List of Reviewed AR Research
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Table 11: Example Frontend program.

public class DerivedClass : BaseClassForRoslynCode
{

public void GazeInteractionWithChatbot()
{

EyeTrackingHelper eyeTrackingHelper = GameObject.Instantiate(eyeTrackingPrefab).GetComponent<EyeTrackingHelper>();
GestureDetectionHelper gestureDetectionHelper =

GameObject.Instantiate(gestureDetectionPrefab).GetComponent<GestureDetectionHelper>();
gestureDetectionHelper.AddWhenSelectFunction(SupportedGestures.ThumbsUpLeft, () => DetectGazeRoutine());

void DetectGazeRoutine()
{

Vector3 eyeDirection = eyeTrackingHelper.GetAverageDirection();
Vector3 eyeDirectionOpenCV = externalCamera.TransformDirectionUnity2OpenCV(eyeDirection);
UDPArgumentConstructor constructor = new UDPArgumentConstructor();
constructor.AddXYZ(eyeDirectionOpenCV);
string SENM = pythonRoutineHelper.ExecutePythonRoutine("DetectObjectByGaze", constructor.GetArgumentString());
pythonRoutineHelper.AddPythonRoutineOnFinishCallbackBySENM(SENM, DetectObjectByGazeCallback);

}
void DetectObjectByGazeCallback(UDPResult res)
{

ListOfObjects detectedObject = UDPResult.DeserializeResult<ListOfObjects>(res.REST);
ObjectData obj = detectedObject.listOfObjects[0];
VoiceChatHelper voiceChatHelper = GameObject.Instantiate(voiceChatPrefab).GetComponent<VoiceChatHelper>();
voiceChatHelper.SetFollowingPosition(HMD, new Vector3(0, -0.15f, 0.4f));
voiceChatHelper.SetFollowingOrientation(HMD);
voiceChatHelper.SetTitle(obj.LABEL);
voiceChatHelper.SetMetaPrompt("The user is looking at a " + obj.LABEL + ". The system description is: " + obj.Response +
" Please engage in a conversation around it.");

}
}

}

Table 12: Example Backend program.

camHelper = CameraHelper()
detHelper = DetectionHelper()
imageUtilsHelper = ImageUtilsHelper()
visionHelper = VisionHelper()
def DetectObjectByGaze(**kwargs):

res = {}
res[’ListOfObjects’] = []
while True:

convertedUV = camHelper.GetUVofDirection(**kwargs)
frame = camHelper.GetFrame()
DetectResult = detHelper.DetectFrame(**frame)
if not DetectResult[’ListOfObjects’]:

continue
nearestObject = imageUtilsHelper.FindNearestObjectByUV(**convertedUV, **DetectResult)
an_obj = nearestObject[’ListOfObjects’][0]
QueryResult = visionHelper.ProcessImageQuery(**frame, **an_obj)
res[’ListOfObjects’].append({**an_obj, **QueryResult})
yield res
break
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Table 13: Full list of reviewed AR research.

Short Title Core Functionality Year Conference

ARMath [39] AR system that helps children explore math through everyday objects 2020 CHI
Case Grammar [15] Handheld AR app teaches case grammar using nearby objects 2020 CHI
GrabAR [83] Bare-hand interaction with virtual objects by predicting occlusion masks 2020 UIST
RealitySketch [82] AR interface for sketching interactive graphics 2020 UIST
Radi-Eye [76] Use gaze & head-crossing to select widgets 2021 CHI
Free-Throw [48] Visualizations in basketball free-throw training 2021 CHI
ARTEMIS [19] Remote surgical mentoring using real-time guidance and asynchronous video 2021 CHI
LightPaintAR [91] AR interface with virtual light traces to create light paintings 2021 CHI EA
Virtual Landmark [77] AR landmarks enhance navigation and spatial learning 2021 CHI EA
Spatial Music [47] AR app spatializes music for immersive, customizable live-like listening 2021 UIST
FaceMe [46] Virtual agent and tangible tools to help children with ASD learn emotions 2021 UIST Adjunct
AR Widget [6] AR-enhanced smartphone widgets that offload interface elements into the air 2021 MHCI
cARdLearner [79] AR flashcards use emotion-linked holograms to support vocabulary learning 2022 CHI EA
Opportunistic Interfaces [16] Enable virtual interfaces on everyday objects 2022 CHI EA
Augmented Reading [84] AR-based implementations of Bionic Reading and Spritz 2022 SVR
AR Museum [85] Mobile AR virtual guidance system for museum 2022 SVR
AR DCIM [1] AR application that display essential information for data center maintenance 2022 SVR
AR4CAD [61] AR visualizations for infrastructure-supported automated driving 2022 MHCI
AR Sightseeing [54] Presenting historical AR content at outdoor heritage sites 2022 MHCI
ARCAM [45] AR mobile video shooting camera movement guidance system 2022 MHCI
iMarker [98] Invisible AR markers enable accurate, low-cost, single-camera tracking 2022 UIST
MoonBuddy [4] Voice-enabled AR app aiding communication, navigation, and documentation 2022 UIST Adjuct
InstruMentAR [49] AR system auto-generates tutorials from multimodal user demonstrations 2023 CHI
Spelland [27] Enable situated language learning using everyday objects 2023 CHI EA
EyeClick [24] Eye-hand text entry for AR HMDs utilizing a modified keyboard 2023 UIST Adjunct
Augmented Math [12] AR explanations by augmenting static equations 2023 UIST
BeeAR [55] AR navigation system with always-visible digital landmarks 2023 MHCI
DeAR [32] Hybrid desktop-AR for synchronized data visualization and interaction 2023 SVR
RAMM [2] AR system for manual PCB assembly that reduces error and improves quality 2023 SVR
Breaking the Plane [18] Visualize mathematical functions in 3D with handwritten input 2024 CHI EA
PANDALens [7] Proactive AI narrative documentation assistant on AR 2024 CHI
OmniActions [35] Processes sensory inputs and predicts follow-up actions with LLMs 2024 CHI
Scientific & Fantastical [11] AR app uses narrative and LLMs to teach science 2024 CHI
GazePointAR [43] Use gaze and point gesture to enhance speech queries 2024 CHI
RASSAR [81] Use LiDAR camera to detect and visualize indoor accessibility issues 2024 CHI
ARTIST [92] AR system auto-simplifies text to reduce cognitive load 2024 CHI
Gaze Markers [51] AR markers to infer POI after attention shift 2024 CHI
SonifyAR [80] Generates context-aware sound effects with LLM in AR 2024 UIST
XR-Objects [14] Enable digital interaction with real-world objects 2024 UIST
StegoType [71] Enable surface typing with camera-based hand-tracking 2024 UIST
Augmented Physics [23] Embedded interactive physics simulations from textbook diagrams 2024 UIST
avaTTAR [52] Provide visual cues for table tennis stroke training 2024 UIST
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