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Figure 1: OrchestrXR structures XR study authoring into three connected agent stages: 1 Study Design (SD), 2 Scene Generation
(SG), and 3 Interaction Generation (IG). Users interact with the system through a shared 4 chat interface, while 5 Unity
serves as the execution environment. Starting from an XR study idea, the system progressively translates research intent into
structured study, scene, and interaction specifications, and ultimately an executable XR prototype in Unity.

Abstract
Extended Reality (XR) has become an important interaction para-
digm in Human-Computer Interaction (HCI). XR studies are used to
investigate interaction, perception, and user behavior in immersive
environments, and typically involve experimental tasks, 3D scenes,
and interactive logic. However, turning an initial XR study idea
into a runnable prototype remains fragmented across study design,
scene construction, and interaction implementation. We present
OrchestrXR, a multi-agent human–AI workflow for early-stage idea-
to-prototype XR study authoring. Rather than treating XR study
creation as one-shot generation, OrchestrXR supports a controllable
workflow across study design, scene generation, and interaction
generation through structured schemas, multi-agent orchestration,
and interactive human-agent interfaces, producing a Unity-based
prototype from a researcher’s idea. A user study with 12 XR re-
searchers suggests that OrchestrXR provides effective support for
early-stage XR study authoring with strong intent preservation
across stages.

CCS Concepts
• Human-centered computing → Interactive systems and
tools; Virtual reality; • Computing methodologies → Intelligent
agents.

Keywords
multi-agent systems, large language models, authoring tools, ex-
tended reality, human-AI collaboration

1 Introduction
Extended Reality (XR) has become an important interaction para-
digm in Human-Computer Interaction (HCI) [46, 57]. XR studies
are commonly used to investigate interaction, perception, and user
behavior in immersive environments, and typically involve exper-
imental tasks, 3D scenes, and interactive logic [50, 54]. However,
turning an initial XR study idea into a runnable prototype remains
difficult [2, 32]. Authoring such prototypes requires researchers to
move across disconnected layers of work, from specifying study
goals and procedures, to constructing 3D scenes, to implementing
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interactive behavior in engines such as Unity [61] or Unreal En-
gine [16]. Because this process is also inherently iterative, pilot
findings often force revisions across all three layers. As a result,
early-stage XR prototyping remains fragmented, leaving a substan-
tial gap between research ideas and executable artifacts.

Recent advances in Large Language Models (LLMs) have cre-
ated new opportunities for complex authoring workflows, espe-
cially through multi-agent systems that can coordinate specialized
roles and intermediate artifacts. Prior work has begun to explore
LLMs and multi-agent systems for automating scientific work-
flows [21, 55, 65]. However, most existing approaches primarily
operate on text or 2D artifacts [12, 53, 66, 70]. XR study authoring,
by contrast, requires researchers to bridge multiple representations
from abstract study design to spatial scene specification and exe-
cutable interaction logic. This gap suggests an opportunity to lever-
age LLM-based agentic support for XR study authoring, helping
accelerate early-stage XR research by reducing low-level implemen-
tation burden and enabling researchers to focus on higher-level
idea creation.

To ground XR study authoring support in real practice, we con-
ducted a formative study with six XR researchers. We found that
XR study development is highly iterative and fragmented, requiring
researchers to formalize underspecified ideas, translate study intent
across representations, and coordinate work across multiple tools
while preserving experimental control. These findings led to three
design strategies for AI-assisted XR study authoring: structured
schemas for stage-specific authoring artifacts, multi-agent orches-
tration across connected workflow stages, and interactive human-
agent interfaces that support inspection and control throughout the
authoring process.

Guided by these three strategies, we present OrchestrXR, a multi-
agent authoring system for early-stage XR study prototyping in
Unity. To the best of our knowledge, OrchestrXR is the first frame-
work to integrate LLM-based multi-agent support into a unified
workflow for XR study authoring, spanning study design, scene gen-
eration, and interaction generation. OrchestrXR enables researchers
to progressively transform study ideas into inspectable design,
scene, and interaction artifacts under user control.

We evaluate OrchestrXR through a user study with 12 XR re-
searchers. Participants each completed two assigned task cases,
balanced across four representative XR study authoring scenarios,
followed by an open-ended exploration session using their own XR
study ideas. Results suggest that OrchestrXR effectively helps trans-
form abstract XR study ideas into inspectable prototype artifacts,
preserve core study intent across authoring stages, and supports a
coherent workflow from idea to runnable prototype.

In summary, our paper makes the following contributions: (1)
OrchestrXR, a multi-agent framework that unifies study design,
scene generation, and interaction generation for idea-to-prototype
XR study authoring through structured intermediate artifacts and
a controllable workflow. (2) An empirical evaluation with 12 XR
researchers across four XR study cases, demonstrating the effective-
ness of OrchestrXR, its positive reception among XR researchers,
and implications for future XR authoring tools.

2 Related Works
2.1 XR Study Support
Several prior systems support replay, inspection, and post-hoc anal-
ysis of XR study data [28, 30, 48]. For example, ReLive [28] combines
in-situ VR replay with ex-situ desktop analytics for synchronized
inspection of MR sessions and multimodal data. These systems
mainly help researchers analyze and interpret XR studies after data
collection, whereas OrchestrXR focuses on an earlier phase by help-
ing researchers externalize an initial study idea into an inspectable
and executable XR prototype.

Other work supports the specification and execution of XR ex-
periments through reusable experiment frameworks [3, 5, 15, 51].
In particular, StudyFramework [15] simplifies factorial-design VR
studies in Unreal through condition generation, counterbalancing,
logging, and experimenter monitoring, while prior Unity-based
toolkits similarly provide reusable support for experiment struc-
ture, settings, and data collection [3, 5]. In contrast, these systems
primarily assume that core study structure has already been defined,
whereas OrchestrXR targets the earlier authoring step of progres-
sively deriving study design, scene, and interaction specifications
from a high-level XR research idea.

Some systems extend XR studies with additional runtime capabil-
ities, such as remote supervision, distributed execution, monitoring,
and in-situ experiment support [37, 58, 59]. For example, Remote-
Lab [37] supports supervised remote VR experiments with syn-
chronized multi-site control, monitoring, and recording. Together,
these systems broaden how XR studies can be run in practice, while
OrchestrXR contributes complementary support at the front end of
the workflow by helping researchers author the study prototype
itself before deployment.

2.2 AI-based Research Tool
A related line of work explores AI support for multi-stage research
workflows [43, 55]. For example, the AI Scientist [43] combines
idea generation, code-based experimentation, figure creation, paper
drafting, and automated review in a closed-loop workflow. Subse-
quent work extends this paradigm through stronger search, veri-
fication, and domain specialization [22, 29, 39, 65]. These systems
share our interest in structured AI support across multiple research
stages, but they primarily target general scientific research rather
than XR study authoring and executable prototype creation.

Another line of work focuses more specifically on literature-
centered research support. PaperQA [34] and PaSa [24] frame lit-
erature interaction primarily as retrieval-grounded question an-
swering and scholarly search, while other systems support litera-
ture sensemaking, organization, and synthesis [31, 44, 56, 62, 69].
These systems show how LLM-based tools can assist upstream re-
search understanding and synthesis, whereas OrchestrXR focuses
on transforming research intent into concrete study specifications
and prototype artifacts for XR workflows.

2.3 Multi-Agent System
Recent LLM-based multi-agent systems provide reusable coordi-
nation mechanisms such as role specialization, delegation, hier-
archical planning, and structured inter-agent communication [9,
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18, 19, 25, 63]. Such coordination patterns have also begun to ap-
pear in LLM-based Agentic XR- and AR-oriented authoring sys-
tems [6, 11, 13, 36, 38, 45, 71], and inform the staged design of
OrchestrXR.

Multi-agent systems have also been applied to research sup-
port, reasoning, and software engineering. Prior work includes
agentic research assistants [26, 43, 55], debate- or consensus-based
reasoning systems [14, 17, 40, 41], and role-based software develop-
ment workflows such as ChatDev [52], CodeR [8], MAGIS [60], and
UniDebugger [35]. Related workflow-oriented systems also treat
multi-agent coordination as one strategy within broader human-AI
support pipelines [31, 49, 64]. Taken together, these works motivate
multi-agent orchestration as a practical strategy for decomposing
complex tasks; OrchestrXR extends this idea to early-stage XR study
authoring through inspectable, human-steerable stages that pro-
gressively lead to a Unity-based prototype.

3 Formative Study
To understand the challenges XR researchers face in designing XR
studies and to identify design implications for assistive author-
ing tools, we conducted a formative study using semi-structured
interviews.

3.1 Participants and Procedure
We recruited 6 XR researchers from research groups at a public
research university, including Ph.D. students and faculty mem-
bers with experience independently designing and conducting XR
studies. Their research interests spanned education, virtual agents,
rendering, and collaborative work. Detailed demographics are pro-
vided in Appendix A.1.

Each remote interview lasted about 30 minutes. Before the in-
terview, participants completed a short survey on demographics,
research areas, and typical XR study goals. We then followed a
semi-structured protocol covering their typical XR study author-
ing workflow from initial ideas to runnable implementations, the
challenges they encountered, and the strategies or tools they used
to address them. Participants were encouraged to discuss recent
projects and concrete examples of breakdowns during design and
implementation. All interviews were audio-recorded with consent
and transcribed for analysis.

3.2 Findings
Two researchers analyzed the transcripts through iterative coding
and discussion, grouping recurring challenges into higher-level
themes by consensus. This process yielded five key findings about
common challenges in XR study authoring (F1–F5).

F1: Early-stage XR study designs are underspecified for
execution. Participants described initial research ideas as often
remaining at a high level (e.g., a general question or comparison)
and lacking the concrete specifications needed for implementation.
As a result, they must iteratively refine variables, conditions, tasks,
and procedures before a runnable XR study can be developed. As
P1 noted, “you have to respect existing research design and analysis
frameworks... you cannot just invent your own trick.”

F2: XR study design requires translating conceptual in-
tent into spatial and executable representations. Participants
highlighted the difficulty of mapping abstract experimental intent
(e.g., variables and conditions) into concrete XR environments and
executable logic. This translation spans study constructs, spatial
scenes, interactions, and procedural implementation, and often re-
quires early feasibility assessment. As P4 noted, after reviewing
prior work, they consider whether an idea is “doable from the level
of implementation,” while P5 emphasized that some projects require
“the algorithm... that simulates this behavior.”

F3: XR study authoring is fragmented across tools, and cur-
rent AI support is often local rather than global. Participants
described XR study authoring as distributed across disconnected ar-
tifacts and platforms, including literature notes, design documents,
game engines, and code, which increases coordination overhead
and context switching. They also noted that current AI support is
often effective only for localized sub-tasks and struggles to maintain
project-level coherence. As P4 explained, models can help generate
code only when enough detailed context is provided, but otherwise
“cannot give you the exact implementation,” and more broadly “can-
not comprehend a comprehensive idea about your project... and have
trouble to connect your pieces together.”

F4: Study design and implementation are tightly coupled
and evolve iteratively. Participants consistently described XR
study authoring as iterative rather than linear. Early prototypes and
implementations are used to validate feasibility and refine study
design, and unexpected outcomes can lead to changes in both the
implementation and the research itself. As P2 noted, “only with a
real implementation we can know that the idea actually works or not,”
while P5 described revising the system and “maybe slightly change
even the research.”

F5: Maintaining controlled and reusable experimental se-
tups is critical but challenging. Participants emphasized the im-
portance of keeping experimental setups stable and reusing existing
environments to isolate variables and support valid comparisons.
Rather than rebuilding scenes, they preferred to change only the
factors under study, since broader modifications could introduce
confounds. As P5 explained, “we try to keep things stable, and only
manipulate the things we want to explore,” because changing the
environment “immediately impacts the users.”

3.3 Design Considerations
Based on these findings, we derive the following design considera-
tions for tools that support XR study authoring.

DC1. Establish a unified XR study representation as the
single source of truth. To support underspecified early-stage de-
signs (F1) and the translation from conceptual intent to spatial
and executable forms (F2), assistive tools should provide a unified
representation of an XR study that captures core elements such as
research intent, variables, conditions, tasks, and procedures in a
structured form. This representation should serve as a stable single
source of truth that can be progressively refined and used to drive
downstream environment and implementation artifacts.
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Figure 2: OrchestrXR system workflow. The system is organized as a stage-based authoring process in which the frontend
mediates user interaction with three connected backend agents: Study Design (SD), Scene Generation (SG), and Interaction
Generation (IG). Intermediate artifacts are progressively passed across stages, with user revision and confirmation interleaved
throughout. Gray numbered circles indicate the main data flow described in Sec. 4.2. Arrows denote data-flow direction;
communication with Unity is bidirectional, while other tool and provider connections are one-way.

DC2. Provide an integrated authoring system that bridges
ideation, XR environment design, and implementation. Be-
cause XR study authoring is fragmented across tools and represen-
tations (F3), tools should support the end-to-end workflow from
research reasoning to runnable study setup within a unified au-
thoring environment. Rather than forcing users to move across dis-
connected documents, engines, and codebases, the system should
coordinate authoring across stages in one interface.

DC3.Make cross-layermappings explicit to support coherent
AI assistance and user control. Because translating study intent
into XR realizations involves different representations (F2) and cur-
rent AI assistance is often local rather than global (F3), tools should
make the mapping between study elements and their realizations
explicit and inspectable. This can help maintain project-level coher-
ence, reduce the need to repeatedly restate context, and let users
review and revise intermediate specifications before committing to
generated environments or code.

DC4. Support iterative refinement while preserving exper-
imental control through reuse and stable baselines. Since study
design and implementation co-evolve iteratively (F4) and researchers
prioritize stable, reusable setups to isolate variables (F5), tools
should support iteration without disruptive rework. This includes
enabling controlled modifications to specific factors while keep-
ing other aspects stable, and supporting reuse of environments
and study components to preserve experimental validity across
iterations.

4 OrchestrXR System Design
4.1 Design Strategies
Grounded in the design considerations derived from our formative
study (Section 3.3), OrchestrXR is organized around three comple-
mentary design strategies: Structured Schemas, Multi-Agent Orches-
tration, and Interactive Human-Agent Interfaces. Together, these
strategies support a unified authoring system that links early-stage
XR research ideation to executable prototype generation while
preserving user oversight throughout the process.

Structured Schemas. To establish a unified XR study represen-
tation and make cross-layer mappings explicit (DC1, DC3), Or-
chestrXR uses structured schemas as stage-specific representations
throughout the authoring process. Instead of relying on loosely
connected prompts and outputs, the system maintains explicit in-
termediate representations for study, scene, and interaction specifi-
cations across stages. These schemas carry key study elements in
a stable and inspectable form, reducing ambiguity in early-stage
ideas while preserving coherence across the workflow. Structured
schemas therefore serve as the representational backbone of the
system, making study intent legible, transferable, and revisable
across heterogeneous authoring layers.

Multi-Agent Orchestration. To bridge ideation, XR environ-
ment design, and implementation within a coordinated workflow
(DC2), OrchestrXR decomposes authoring into three connected
stages—study design, scene generation, and interaction generation—
each supported by a specialized agent. Rather than providing only
local assistance on isolated subtasks, the system propagates context
and intermediate artifacts across stages so that higher-level research
intent can inform downstream scene and interaction decisions. This
strategy reduces fragmentation by connecting conceptual, spatial,
and executable representations within one workflow, while support-
ing iterative refinement as outputs from one stage can be revised
and carried forward to the next.

Interactive Human-Agent Interfaces. To support inspectable
AI assistance and iterative refinement under user control (DC3,
DC4), OrchestrXR exposes intermediate artifacts and generation
progress through a shared authoring interface. Instead of treating
prototype generation as one-shot automation from a high-level
prompt, the system supports multi-round human-agent collabora-
tion in which users can review, revise, and confirm intermediate
outputs before proceeding. This interaction model helps users main-
tain control over study intent, assess feasibility as the prototype
evolves, and preserve stable baselines while selectively modifying
specific factors. By making intermediate representations visible
and actionable, the interface turns authoring into a controllable
workflow rather than a black-box generation pipeline.
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Figure 3: OrchestrXR frontend interface. A unified web interface supports the full authoring workflow across five areas: Study
Design (A), Scene Generation (B), Interaction Generation (C), Unity Scene Stream (D), and a human–agent chat window (E).
Users chat with agents by selecting the target context ( 1 ) and confirming stage progression ( 2 ).

4.2 System Overview
Figure 2 summarizes the overall workflow of OrchestrXR. The sys-
tem is organized as a frontend-mediated authoring workflow that
connects three backend agents: Study Design (SD), Scene Genera-
tion (SG), and Interaction Generation (IG). Rather than treating XR
study prototyping as one-shot generation, OrchestrXR structures it
as a progressive process in which intermediate artifacts are incre-
mentally produced, inspected, and passed across agents under user
supervision.

The workflow begins when the user provides an initial XR study
idea through the frontend interface (Fig. 3, E ). Based on this input
(Fig. 2, 1 ), the SD Agent produces a structured study plan (Fig. 3,
A1 ) that grounds the user’s research intent into an explicit XR study
representation. This study plan, together with the original user
idea, forms the high-level study objective (Fig. 2, 2 ) and is passed
to the SG Agent, which generates a scene specification (Fig. 3, B1 )

describing the target XR environment. After the scene specification
is confirmed by the user, the SG Agent incrementally executes the
scene construction process in the Unity project, while streaming the
execution state to the frontend (Fig. 3, B2 ). Once the user is satisfied
with the generated scene, the workflow proceeds to the IG Agent.
The IG Agent takes the study design, confirmed scene specification,
and live Unity scene context as input (Fig. 2, 3 ) and produces
an interaction specification (Fig. 3, C1 ) that defines the executable
interaction logic and assembly plan for the prototype. After user
confirmation, the IG Agent starts implementing the interaction
logic in Unity while streaming the execution state to the frontend
(Fig. 3, C2 ). Across these stages, outputs from one stage become
structured inputs to the next, preserving contextual continuity
from high-level research intent to scene and interaction realization
while keeping users in the loop through inspection, revision, and
confirmation.
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Figure 4: Workflows of the three agents: SD Agent (top), SG
Agent (middle), and IG Agent (bottom). Blue nodes denote
single-LLM reasoning stages, yellow nodes denote ReAct-
style agent stages with attached tools, and dotted arrows
indicate human-in-the-loop revision paths.

To support executable prototype realization, the agents connect
bidirectionally to the Unity project through Unity MCP [47], which
provides tools and resources (Fig. 2, 4 ) for observing and manip-
ulating the Unity scene during scene and interaction generation.
Unity scene views and hierarchy states (Fig. 2, 5 ) are streamed
back to the frontend (Fig. 3, D1 , D2 ), allowing users to inspect and
steer the generation process without switching between Unity and
the web interface. In addition, customized external tools provide
auxiliary support for intermediate generation, including literature
retrieval for the SD Agent and asset search and download for the
SG Agent (Fig. 2, 6 ). Together, these components form an inte-
grated workflow that links user-driven XR study authoring with
Unity-based prototype realization.

To realize the design strategy of an interactive human-agent
interface, we design the frontend around three mechanisms. First,
key intermediate representations are directly editable: users can
revise the scene design graph during scene specification generation
and the script design graph during interaction generation (Fig. 3,
7 , 8 ). Second, we provide live Unity scene and hierarchy streams
for situated grounding; users can click scene objects in the scene
stream (Fig. 3, 3 ) or use the add button in the hierarchy stream
(Fig. 3, 4 ) to insert object names directly into the prompt. Third,
we expose agent progress and internal state during generation:
scene generation shows plan-step status together with tool calling,
reasoning, and replanning (Fig. 3, 5 ), while interaction generation
shows script visualization, phase status, tool calls, and reasoning
(Fig. 3, 6 ). Together, these mechanisms enable users to inspect
intermediate artifacts, ground follow-up instructions in the current
scene state, and steer agent behavior throughout the authoring
process.

4.3 Study Design Agent
Fig. 4 (top) shows the workflow of the SD Agent. It takes either an
initial XR study idea or a user revision request as input. The initial
route stage determines the next operation based on the user’s cur-
rent intent and the current stage of study authoring. The ground
idea node first reformulates the user’s idea into a more concrete
and study-oriented description, or returns clarification questions
when the input is underspecified. The search related works node
then augments the model with retrieval tools to identify relevant
prior work and rank candidate papers by relevance. Based on the
grounded idea and retrieved references, the generate study plan
node synthesizes the available context into a structured study plan.
The workflow also supports human-in-the-loop revision through
the feedback paths, allowing users to revise intermediate outputs
before the next pass; in practice, the agent is typically used progres-
sively for idea grounding, related-work searching, and study-plan
generation.

4.4 Scene Generation Agent
Fig. 4 (middle) shows the workflow of the SG Agent. The design
scene node takes the confirmed study plan from the SD Agent and
generates a structured scene specification, defining the scene objec-
tive, concrete object instances, their relative placement, and high-
level layout constraints. Once the scene specification is confirmed
by the user, the plan node produces an executable step-by-step
construction plan, where each step corresponds to a concrete scene-
building action. After plan approval, the execution node carries out
these steps in Unity through grounded tool use for scene inspection
and modification, while the replan node updates the remaining
plan based on execution outcomes and the current scene state. This
execution–replanning loop continues until the final scene is con-
structed. The execution node follows a ReAct-style design [67],
interleaving tool calls, observations, and step-level reasoning; to
keep execution focused on the active subtask, it is conditioned only
on the remaining plan steps rather than the full upstream study
and scene-design context [42].

4.5 Interaction Generation Agent
Fig. 4 (bottom) illustrates theworkflow of the IGAgent. The ground
context node first consolidates the confirmed study plan, scene
specification, and live Unity scene hierarchy into a compact context
for downstream code generation and assembly. Based on this con-
text, the design interaction node produces a structured interaction
specification that defines the interaction objective, scene assump-
tions, script contracts, generation order, and assembly actions. After
user approval, the write code node generates scripts one at a time,
and the validate code node checks each script for contract compli-
ance and compilation status using Unity MCP tools, looping back
for revision if needed until the script set is completed or the retry
limit is reached (n=3). The assemble node then applies the speci-
fication to the scene by creating required host objects, attaching
scripts to target GameObjects, and binding scene references. The
validate assembly node then checks the resulting scene state in
Unity. If assembly validation fails, the workflow retries assembly up
to three times; otherwise, it proceeds to the summary node, which
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Figure 5: Results from the four case studies. The figure shows one prototype result from each case: (1) hand redirection threshold
detection, (2) 3D object selection, (3) spatial search with navigation aid, and (4) procedural assembly training.

reports generation results. The write code, validate code, assem-
ble, and validate assembly nodes are implemented as ReAct-style
agents with different tool configurations, enabling grounded gen-
eration and verification that improves reliability and supports XR
study scenarios involving multiple scripts and scene objects. For
reproducibility, detailed system prompts and LLM configuration
settings for the nodes in each agent are provided in Appendix A.3.

4.6 Patch-and-Revise Mode
Complex Unity authoring tasks are difficult to complete reliably
in a single pass. Prior work shows that contemporary tool-using
agents remain brittle on long-horizon tasks: errors accumulate over
extended execution chains, and execution, grounding, and recovery
remain key bottlenecks [1, 68]. We therefore provide a Patch-and-
Revise mode that allows users to steer each agent after the initial
generation run. In the chat box (Fig. 3, 1 ), follow-up prompts can
be directed to SD, SG, or IG. For SD, prompts are handled as revi-
sions within the original study-design workflow. For SG and IG, the
system distinguishes broad redesign requests from local corrections:
broad requests return to the full generation graph, while local cor-
rections invoke dedicated patch agents. The SG patch agent uses the
current scene specification and a live Unity scene snapshot to make
minimal scene edits without changing the overall scene goal. The
IG patch agent uses the current interaction specification, generated
scripts, the current scene specification and Unity scene snapshot,
and any available compile error trace to minimally update scripts,
scene assembly, or bindings while preserving the existing interac-
tion architecture. Both patch agents are lightweight ReAct agents
using the corresponding full-stage configurations; requests that
exceed safe local modification fall back to the full revise workflow.

5 Case Study: Reproducing XR Study Prototypes
We conducted a case study to evaluate whether OrchestrXR can
support the authoring of structured XR study prototypes from high-
level research ideas. Rather than directly reproducing prior systems,
we drew inspiration from several representative XR studies and
extracted their core study elements to design four case tasks. We
then examined whether OrchestrXR could generate corresponding
study designs, scene specifications, and interaction implementa-
tions from these case prompts. The full input prompts for all cases
are provided in the Appendix A.4.

The four cases were inspired by prior XR research spanning
perception [23], selection [10], navigation [33], and procedural

assembly training [7]. Our goal was not exact replication, but re-
construction of the core study structure—including task flow, in-
teraction paradigm, and measurement pipeline—while allowing
variation in implementation details such as scene layout, object
appearance, and low-level interaction techniques. The resulting
prototypes include study plans, XR scenes, and executable Unity-
based interaction logic. To reflect early-stage XR authoring practice,
we remapped physical XR inputs (e.g., hand input and controller
raycasting) to desktop-based XR simulation. This matches a com-
mon prototyping stage in which XR studies are iteratively authored
and refined before integration with the target hardware runtime.

5.1 Selected XR Studies and Our
Re-implementations

HandRedirectionThresholdDetection. Inspired by priorwork
on hand redirection detection thresholds in VR [23], this case inves-
tigates whether users can perceive discrepancies between physical
hand movement and visually redirected virtual motion during mid-
air reaching. Using our system, we constructed a reaching task
between two spatial targets with two conditions: normal mapping
and redirected virtual hand motion. The generated prototype in-
cludes a within-subject design, reaching-based interaction logic,
condition-dependent hand redirection, and trial-level logging (e.g.,
condition, response, accuracy, and completion time).

3D Object Selection. Inspired by prior work on 3D target selec-
tion in VR [10], this case evaluates user performance in selecting
spatial targets through pointing interactions. With our system, we
constructed a repeated trial-based pointing task in which one target
is highlighted among multiple candidates and users perform selec-
tion and confirmation actions. The generated prototype includes
parameterized target layouts, trial-based highlighting logic, cor-
rectness evaluation, and structured logging of performance metrics
(e.g., selected target, correctness, and completion time).

Spatial Search with Navigation Aid. Inspired by prior work
on navigation aids in spatial search tasks [33], this case examines
how directional guidance affects search performance in XR environ-
ments. Using our system, we constructed a spatial search task with
two conditions: with and without a navigation aid (a 3D directional
arrow). The generated prototype includes randomized target place-
ment, condition-specific navigation assistance, continuous search
and confirmation interactions, and event-level logging of search
performance (e.g., search time and found status).
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Procedural Assembly Training. Inspired by prior work on
XR-based procedural training [7], this case focuses on guiding
users through a multi-step assembly task. With our system, we con-
structed a sequential assembly workflow in which users manipulate
virtual parts following step-by-step instructions. The generated pro-
totype includes structured step decomposition, action validation
and feedback, sequential progression logic, and step-level perfor-
mance logging (e.g., correctness, completion time, and completion
status).

5.2 Results
Together, these four cases cover diverse XR research paradigms,
including perceptual studies, interaction performance evaluation,
spatial behavior analysis, and procedural skill training. Figure 5
shows example prototype results from the four case studies. Across
all cases, OrchestrXR generated structured study representations
together with corresponding scene and interaction implementa-
tions that reflected the core experimental elements encoded in the
case prompts despite differences in task structure and interaction
complexity. These results suggest that OrchestrXR can support the
creation of diverse early-stage XR study prototypes grounded in
representative study patterns from prior work.

6 User Study
We conducted a two-session user study to evaluate the effectiveness
and usability of OrchestrXR for XR study authoring. We recruited
12 participants, including 11 Ph.D. students and 1 Master’s student
(9 male, 2 female, and 1 who preferred not to disclose), aged 23–
36 years (M=27.83, SD=3.66). Participants reported 2–6 years of
research experience (M=4.17, SD=1.34) and had conducted or been
substantially involved in 2–15 user studies (M=6.58, SD=3.92). They
also reported prior familiarity with commonly used XR and AI
tools for research and prototyping, including Unity (11), Blender
(6), OpenXR (5), and Unreal (2) on the XR side, and ChatGPT (10),
Gemini (9), Codex (3), and Claude Code (3) on the AI side. Each
study session lasted approximately 90 minutes, and participants
received a $60 gift card as compensation.

6.1 Procedure
At the beginning of the study, participants completed a consent
form and a demographics questionnaire. Before starting the study
sessions, the researcher introduced OrchestrXR through an example
video to familiarize participants with its interface and workflow.

In Session 1, each participant was assigned two task cases, bal-
anced across the four case studies (Section 5). Participants were
asked to use OrchestrXR to reconstruct the corresponding XR study
prototypes from the provided initial prompts (see Appendix A.4),
with the goal of reproducing the core elements of the underlying re-
search ideas. After each task, the system captured a snapshot of all
key authoring states for later analysis, including session metadata
(e.g., session ID and start/end time), the latest study plan, scene,
and interaction specifications, and execution logs.

In Session 2, we evaluated the usability and flexibility of Or-
chestrXR in supporting user-driven XR study creation. Participants
were asked to freely explore the system by creating an XR study
based on their own interests or ideas. They could iteratively refine

their designs through the system interface without task-specific
restrictions.

After completing Session 2, participants completed a 7-point
Likert-scale questionnaire (1 = Strongly Disagree, 7 = Strongly Agree)
to evaluate their experience during the open-ended exploration.
They also completed the System Usability Scale (SUS) [4] and par-
ticipated in a semi-structured interview to provide qualitative feed-
back.

6.2 Session 1: Controlled Task-Based Authoring
6.2.1 Session 1: Specification Propagation Evaluation. In Session 1,
we evaluate whether OrchestrXR preserves users’ study intent as
an initial task request is transformed into three structured repre-
sentations: the study design specification, scene specification, and
interaction specification. Rather than measuring textual similarity
or compilation success, we focus on specification propagation, i.e.,
whether the core study logic is preserved across stages despite per-
missible variation in naming, layout, and implementation details.
Formally, we evaluate three specification transformations:

𝑃 → 𝐷, 𝐷 → 𝑆, (𝐷, 𝑆) → 𝐼

where 𝑃 denotes the initial prompt,𝐷 the study design specification,
𝑆 the scene specification, and 𝐼 the interaction specification.

For each session, an LLM judge receives the initial task prompt,
a task-specific evaluation card, and the final structured outputs
from the three stages. The evaluation card defines the core study
goal, critical task elements, allowed flexibility, and examples of
major drift, allowing the judge to focus on task-critical intent while
tolerating non-essential variation such as differences in naming,
exact spatial values, or interface polish. We conducted all eval-
uations using gpt-5.4 with reasoning effort set to medium and
text verbosity set to low. To reduce stochastic variance, each ses-
sion was evaluated three times using the same prompt and rubric,
and all reported scores were averaged across the three runs. We
evaluate specification propagation along three dimensions: Prompt-
to-Design Alignment (P2D), Design-to-Scene Grounding (D2S), and
Design/Scene-to-Interaction Realization (DS2I). Each dimension con-
tains four rubric items scored on a three-point scale: 0 = missing
or contradictory, 0.5 = partially preserved or ambiguous, and 1 =
clearly preserved and aligned. Specifically, P2D evaluates whether
the study design preserves (1) the research goal, (2) the core task me-
chanic, (3) the condition or step structure, and (4) the logging intent;
D2S evaluates whether the scene specification preserves (1) the
environment and task space, (2) critical scene carriers, (3) condition
or state carriers, and (4) consistency with the study design without
major semantic drift; and DS2I evaluates whether the interaction
specification preserves (1) the core task flow and interaction logic,
(2) condition or step logic, (3) consistency with scene assumptions,
and (4) logging logic without major contradiction. Appendix A.5
provides the full judge prompt, task-card schema, JSON output
schema, detailed item-level scoring criteria, and the definitions of
major contradictions and major drifts used in our analysis.

For each dimension, we compute the mean of its four item scores:

Score𝑑 =
1
4

4∑︁
𝑖=1

𝑠𝑑,𝑖 (1)
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Table 1: Specification propagation results by task (n=6 per
task). Values are mean (95% CI half-width) across sessions.

Task P2D D2S DS2I SPS Range

Hand Redirection (6) 0.96 (0.07) 0.76 (0.13) 0.83 (0.10) 0.86 (0.06) 0.79–0.95
3D Selection (6) 0.97 (0.05) 0.72 (0.13) 0.84 (0.10) 0.86 (0.05) 0.80–0.93
Navigation Aid (6) 0.96 (0.07) 0.82 (0.07) 0.77 (0.13) 0.86 (0.07) 0.76–0.95
Assembly (6) 1.00 (0.00) 0.78 (0.20) 0.79 (0.14) 0.87 (0.09) 0.73–0.95

All Tasks (n=24) 0.97 (0.02) 0.77 (0.05) 0.81 (0.05) 0.86 (0.03) 0.73–0.95

Table 2: Major contradiction and drift counts by task.

Task Major Contradictions Major Drifts

Hand Redirection (6) 0.28 (0.56) 1.17 (1.03)
3D Selection (6) 0.50 (0.62) 1.11 (0.72)
Navigation Aid (6) 0.94 (0.81) 1.39 (1.28)
Assembly (6) 1.22 (1.01) 1.22 (1.48)

All Tasks (n=24) 0.74 (0.33) 1.22 (0.44)

where 𝑠𝑑,𝑖 ∈ {0, 0.5, 1}. We then compute the overall specification
propagation score, denoted as SPS:

SPS = 0.4 · P2D + 0.3 · D2S + 0.3 · DS2I (2)

where P2D is weighted more heavily because the study design
serves as the root representation for downstream stages.

6.2.2 Results. Table 1 shows that OrchestrXR achieved strong over-
all specification propagation, with an average SPS of 0.86 across
tasks. Prompt-to-design alignment was near ceiling (P2D=0.97),
indicating that the original study intent was consistently preserved
in the study design. The main drop occurred at the design-to-scene
stage (D2S=0.77), suggesting that grounding abstract study require-
ments into explicit scene structure was the primary bottleneck,
while interaction specifications partially recovered this information
(DS2I=0.81). This pattern was consistent across tasks, with task-
level SPS remaining stable (0.86–0.87) despite wider session-level
variation (0.73–0.95) in more challenging cases.

Figure 6 further shows that early semantic preservation was
strong across tasks: research goal, core mechanic, and logging in-
tent were all high in P2D. In contrast, the weakest item in D2S
was condition/state carrier (0.56–0.58), indicating that condition
logic was often not translated into explicit scene entities or state
representations, even though environment grounding remained
strong (0.97). In DS2I, task flow realization was generally preserved,
but logging consistency was weaker in some tasks, especially Nav-
igation Aid and Assembly. Consistent with this pattern, Table 2
shows that major contradictions remained low overall but were
more common in the more complex Navigation Aid and Assembly
tasks, while major drift counts were relatively similar across tasks.
Taken together, these results suggest that the main challenge in the
pipeline lies not in preserving overall study goals, but in preserving
condition structure, state carriers, and traceable logging semantics
in downstream scene and interaction specifications.

6.3 Session 2: Open-ended Exploration
6.3.1 Evaluation Method. This session examines what types of
studies participants chose to create, how they interacted with the

system in open-ended settings, and whether the system supports
diverse and creative XR study authoring. To assess user experience,
we administered a custom questionnaire and the System Usability
Scale (SUS) [4] after Session 2.

The custom questionnaire contained 16 items across four di-
mensions: Study Design, Scene Authoring, Interaction Generation,
and System-Level Experience. The full questionnaire is provided in
Appendix A.2.

6.3.2 Results. We report the results in Fig. 7. Overall, participants
responded positively to OrchestrXR and found it effective across
the XR study authoring pipeline. For study design, they reported
that the system helped them formulate research questions and
hypotheses and produce understandable study plans, while also
benefiting from the provided references for idea grounding: “I could
start from a rough research question, and the system automatically
generated a core study plan and experiment design." (P6)

For scene generation and interaction implementation, partici-
pants generally felt that the generated scenes, plans, and code were
consistent with their intended study logic. They also highlighted
the value of intermediate representations and live visual feedback
for understanding and steering the generation process: “I could see
the creation process in real time, and the to-do-list style made it very
clear what the system was doing and how far it had progressed." (P9)
At the system level, participants viewed OrchestrXR as providing a
coherent and intuitive workflow from idea to XR prototype, and
reported feeling involved through iterative revision and inspection.

At the same time, some participants noted that the interface could
become difficult to manage for more complex cases because of the
amount of information presented, which is also reflected in the
lower rating for handling complex study designs (Q12: AVG=4.42,
SD=1.68): “There is a lot of information in the interface, which can
sometimes feel confusing and requires some time to learn." (P3) De-
spite this limitation, participants rated the overall experience posi-
tively, including a mean SUS score of 79.17 (SD=12.08), suggesting
promising usability for end-to-end XR study authoring.

7 Discussion
7.1 Interpreting the Results
Across both sessions, our results suggest that OrchestrXR effectively
supports early-stage XR study authoring as a unified human–AI
workflow in Unity. In Session 1, the system achieved strong spec-
ification propagation across the three main authoring stages, in-
dicating that core study intent can be preserved as an initial idea
is transformed into study design, scene, and interaction specifica-
tions. In Session 2, participants reported positive experiences across
these stages and described the system as a coherent workflow from
idea to runnable prototype. Taken together, these findings suggest
that OrchestrXR supports integrated and inspectable early-stage XR
study authoring for XR researchers.

At the same time, our results reveal a limitation: preserving study
intent is easier at the study-design level than at downstream scene
and interaction grounding stages. While the system performed
strongly in capturing research goals, task mechanics, and workflow
structure, the weaker downstream results suggest that transforming
abstract study intent into accurate scene and state representations
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Figure 6: Item-level specification propagation scores across tasks, shown as mean values with 95% confidence intervals for each
rubric item within the P2D, D2S, and DS2I dimensions.
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2. Study Representation
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4. Scene Translation
5. Scene Plausibility
6. Scene Visualization
7. Scene Inspection
8. Interaction Plan
9. Code Visualization
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14. Intent Understanding
15. Generation Control
16. Language Interaction
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Figure 7: User-reported experience ratings on a 7-point Likert
scale. Stacked bars show response distributions; numbers
indicate mean (SD).

remains the primary bottleneck. In particular, condition structure,
state carriers, and logging semantics were harder to preserve in
later-stage outputs. This indicates that a key challenge for future
XR authoring systems is not only understanding user intent, but
also improving planning-time support for accurate scene grounding
under authoring constraints.

7.2 Implications for Future XR Authoring Tools
XR study authoring requires broader tool and resource inte-

gration. Our findings suggest that XR study authoring tools should
support a wider range of external tools, APIs, and resources beyond
scene construction and interaction scripting alone. For example,
one participant wanted to prototype a study involving spatial au-
dio, but the current system did not support audio search, retrieval,
or integration, which limited how completely the study could be
instantiated. This suggests that future systems should provide more
extensible resource pipelines so that diverse study requirements can
be incorporated into the authoring workflow rather than handled
outside the system.

Controllability and transparency are central design require-
ments. Our findings also suggest that, for XR researchers, the value
of an authoring system lies not only in automatic generation, but in
enabling precise control over study-critical elements. Unlike casual

creative tools, XR study authoring often requires users to ensure
that key variables, spatial layouts, task conditions, and implementa-
tion details remain accurate enough to support experimental intent.
This helps explain why participants responded positively to the
system’s inspectable interface features, including streamed views,
scene graphs, execution states, and editable intermediate specifi-
cations. More broadly, prior work suggests that current AI-based
3D scene generation still faces limitations in controllability and
alignment with complex scene requirements, which makes iterative
refinement important in practice [20, 27]. Future systems should
explore interaction mechanisms that let users constrain important
scene structure earlier in the planning process. Our scene graph
points to one possible direction: by mapping complex 3D scene
structure into a more editable and inspectable representation, the
system allows users to constrain relative object layout and other
key scene elements before generation proceeds further. Such mech-
anisms may improve both generation accuracy and user trust in
XR authoring workflows.

8 Conclusion, Limitations, and Future Work
We presented OrchestrXR, a multi-agent system for early-stage XR
study authoring from an initial idea to an executable prototype. By
structuring the workflow into study design, scene generation, and
interaction generation, OrchestrXR reframes XR study prototyping
as a controllable process with inspectable intermediate artifacts
rather than one-shot generation. Our findings suggest that the
system helps transform abstract XR study ideas into inspectable
prototypes and offers an initial step toward integrated agent-based
XR study authoring.

This work has several limitations. First, a direct end-to-end base-
line is difficult to establish, as we are not aware of a directly compa-
rable agent-based system for XR study authoring from idea to proto-
type. Although a possible alternative is to compare against manual
prototyping supported by general-purpose AI tools, such a setup
would be heavily confounded by differences in XR development
experience, tool familiarity, and implementation speed. Second, Or-
chestrXR remains constrained by current LLM limitations in visual
and spatial reasoning, which can lead to implausible object relation-
ships, incorrect relative scales, or unreasonable placement during
scene generation. Third, the current system focuses on early-stage
prototyping with simulated input in virtual development settings



OrchestrXR: A Multi-Agent System for Idea-to-Prototype
XR Study Authoring

and does not yet support real XR device input, limiting studies that
depend on physical sensing or embodied interaction.

Future work should establish stronger stage-wise baselines and
ablations, improve spatial reliability through explicit geometric con-
straints and iterative inspection-and-revision routines, and extend
support for real XR input, richer multimodal interaction, and more
flexible user customization. We hope this work can serve as an
initial reference for future XR study authoring tools that are more
reliable, flexible, and broadly usable in practice.
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A Additional Materials
A.1 Demographics

Table 3: Formative Study Participant Demographics

ID Age Gender Role Experience Studies Conducted Application Domain Tools Used

P1 24 Non-binary PhD Student 4 yrs 4 Education & Collaboration Unity, OpenXR, Claude Code, Gemini
P2 28 Male PhD Student 6 yrs 15 Education Unity, OpenXR, Gemini, Blender
P3 25 Female PhD Student 2 yrs 2 Education Unity, OpenXR, Gemini, ChatGPT
P4 25 Male PhD Student 4 yrs 4 Education Unity, Blender, OpenXR, Gemini, ChatGPT
P5 40 Male Faculty 12 yrs 100 Virtual Humans & Agents Unity, OpenXR, ChatGPT
P6 19 Male Undergraduate Student 3 mos. 1 Rendering Unity, Codex

A.2 User Experience Questionnaire
This appendix reports the 16 item-level questions used in the post-task user experience questionnaire. All items were rated on a 7-point
Likert scale ranging from 1 (Strongly disagree) to 7 (Strongly agree).

A.2.1 Study Design.

(1) The system helps me clearly formulate my research question and hypothesis.
(2) The structured study representation is comprehensive and easy to understand.
(3) The reference papers provided by the system are relevant and helpful to my research idea.

A.2.2 Scene Generation.

(4) The system helps me translate my study design into an XR scene design.
(5) The generated scene is plausible and aligns with my intended design.
(6) The visualized scene graph and execution state help me understand and control the generation process.
(7) The streamed Unity scene helps me inspect and reason about the study setup during authoring.

A.2.3 Interaction Generation.

(8) The generated interaction plan aligns with my study design.
(9) The code visualization (e.g., script graph, execution state) helps me understand the system’s decisions.
(10) The system can generate executable code that is consistent with the intended design.

A.2.4 System-Level Experience.

(11) The system provides a coherent workflow from research idea to runnable XR study.
(12) The system enables me to create studies that would otherwise be difficult to build.
(13) The system provides an integrated and intuitive user interface.
(14) The system understands my intent across different stages (study design, scene authoring, and code generation).
(15) The system allows me to control and guide the generation process effectively.
(16) Interacting with the system through natural language is intuitive for XR study authoring.

A.3 System Prompts and LLM Settings
For reproducibility, this appendix reports the detailed system prompts and LLM settings for the nodes in each agent.

A.3.1 Study Design Agent.

ground_idea node.

LLM Model: gemini-3-flash-preview. temperature=0.2, thinking_level="high", max_retries=2

System prompt.

You are a senior XR/HCI research grounding assistant.

Goal:
- Infer the user's intended research direction from the full chat history.
- If the idea is too vague to search the literature, ask concise clarification questions.
- Otherwise, produce a lightweight grounding artifact for literature search.

Output policy:
- Return either:
1) clarify: ask targeted clarification questions, or
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2) ground: produce IdeaGroundingOutput
- Keep grounding concise and high-signal.
- The grounding should focus on the research topic, not implementation details.
- The grounding message must read naturally as a short assistant chat message.
- Do not generate the full study design here.
- Do not output markdown.

search_related_works node.

LLM Model: gemini-3-flash-preview. temperature=0.2, thinking_level="high", max_retries=2

System prompt.

You are an XR/HCI literature reviewer.

Goal:
- Estimate how topically similar each candidate paper is to the grounded study idea.
- Focus on topic and study-theme similarity, not venue prestige or implementation details.
- Return an integer similarity percent from 0 to 100 for each candidate paper.
- Also return a short reason explaining why the paper is relevant.

Rules:
- A paper can have a high similarity score even if it is older.
- A paper should score lower if it shares surface keywords but studies a substantially different problem.
- Keep each selection reason to one concise sentence.
- Do not hallucinate details not present in the provided paper metadata.
- Do not output markdown.

synthesize_study_design node.

LLM Model: gemini-3-flash-preview. temperature=1.0, thinking_level="high", max_retries=2

System prompt.

You are a senior XR/HCI study design agent.

Goal:
- Infer and refine the user's latest research idea from the full chat history.
- Return that refined idea as `user_idea`.
- Convert the refined idea into a structured study-design JSON.
- If key design information is missing, ask concise clarification questions first.

Output policy:
- You must return either:
1) clarify: ask targeted questions, or
2) generate: output a complete StudyDesignOutput.

- Always include `user_idea` that reflects the user's intent after refinement.
- User-intent scope and modification discipline:
- Keep clarification tightly focused on the XR research idea and study-design details.
- If the user gives a new modification request to the current study design, treat it as an edit request, not a restart.
- For modification requests, you may still return `clarify` if required details are missing, or return `generate` with the updated

StudyDesignOutput.↩→
- Apply changes strictly to what the user asked to modify.
- Do not change unrelated parts of an existing study design unless the change is logically required by the requested modification.

- Clarification turn-streak rule:
- You may ask clarification questions when needed.
- Do not return `clarify` more than 2 turns in a row.
- If the previous 2 assistant turns were `clarify`, this turn must be `generate`.
- In that forced-generate case, make minimal reasonable assumptions and produce the best actionable draft.

- module_4_task_env.environment_style policy:
- If the user explicitly specifies a visual style, preserve it.
- Otherwise, set environment_style to this default Unity style baseline: {DEFAULT_UNITY_ENVIRONMENT_STYLE}

- Desktop XR prefab contract policy:
- If the study uses desktop XR, follow this manual:

{DESKTOP_XR_INTERACTION_MANUAL_TEXT}
- Keep `interaction_mechanics`, `unity_requirements`, and `script_logic_needed` focused on participant-facing interaction and study

logic, not XR scaffold generation or low-level XR input plumbing.↩→
- Keep outputs practical for downstream Unity scene/code generation.
- Prefer concrete, implementation-ready details over generic text.
- Use the supplied related-works summary as supporting evidence when it is available.
- Do not copy paper titles or abstracts into the study design.
- Do not output markdown.

A.3.2 Scene Generation Agent.
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design_scene node.

LLM Model: gemini-3-flash-preview. temperature=0.7, thinking_level="high", max_retries=2

System prompt.

You are a Unity scene design strategist.
You are in a multi-turn conversation with the user to finalize a scene generation specification.
Given the study context and user feedback, produce a concrete, implementation-ready scene specification.
Focus ONLY on 3D scene composition, assets, and spatial setup.
Do NOT include script design, code architecture, data logging, analytics, experiment statistics, or runtime logic details.
Do NOT output script names (e.g., *.cs), algorithm details, or implementation classes.
If user asks for code/script logic, redirect the message_to_user back to scene/asset-level requirements only.
Treat scripts, logic architecture, and analysis tasks as always out of scope.
Unless the user explicitly requests a different environment setup, use the following default Unity environment baseline while generating

the scene specification:↩→
{unity_default_env_setup}
Use the following desktop XR prefab manual whenever the task involves desktop XR interaction:
{desktop_xr_interaction_manual}
Keep the objective minimal and focused on object construction and placement.
Prefer simple, feasible scene plans that can be built quickly.
Prefer simple materials and Unity primitives whenever they can satisfy the objective.
Avoid unnecessary complex assets/models unless they are clearly required by the user objective.
Be specific and practical for Unity scene construction.
Always output:
- message_to_user: short conversational update or clarification for the user.
- scene_spec.objective_summary: one concise paragraph.
- scene_spec.scene_objects: the full list of concrete scene object instances that should exist in the scene.
- Every scene_spec.scene_objects entry must include name, object_type, source_hint, style, semantic, anchor_id, position, yaw_deg, and size.
- scene_objects.position is always relative to anchor_id. Use anchor_id='world_origin' when coordinates are already in world space.
- scene_objects.size is an approximate world-space occupied size in meters. It is not Unity Transform.localScale.
- scene_spec.constraints: high-level global scene requirements only. Do not leave this empty.
- Constraints must describe high-level requirements such as visibility, reachability, spacing, composition, interaction clarity, or overall

scene simplicity.↩→
- Do NOT restate object-level placement, object transforms, anchor relationships, exact coordinates, or per-object size/orientation details

already encoded in scene_spec.scene_objects.↩→
- Do NOT mention specific scene object names in constraints unless absolutely unavoidable.
- If a requirement is already represented in scene_spec.scene_objects, do not repeat it in constraints.

plan node.

LLM Model: gemini-3-flash-preview. temperature=1.0, thinking_level="high", max_retries=2

System prompt.

For the given objective, come up with a simple step-by-step plan. Avoid providing too many steps that are not necessary.
Each step should be a single task that, if executed correctly, moves toward the answer.
Do not add superfluous steps. The result of the final step should be the final answer.
Each step must have all information needed; do not skip steps.
Output steps as objects with fields: step_id and instruction.
step_id must be unique and stable (e.g. step_001, step_002).
REVISION COMPLIANCE RULES (HARD CONSTRAINTS):
If the input contains a section titled 'Revision request (HARD REQUIREMENTS):',
you MUST treat every revision item as mandatory and update the plan accordingly.
Do not ignore, dilute, or rewrite revision intent into generic alternatives.
If a revision conflicts with the current plan, prioritize the revision and replace conflicting steps.
Use the provided current plan only as a baseline reference; it is not fixed.

execution node.

LLM Model: gemini-3-flash-preview. temperature=1.0, thinking_level="high", max_retries=2

System prompt.

You are an expert Unity Technical Artist. Your goal is to modify 3D scenes with spatial precision and semantic understanding. You have

access to specialized tools to inspect and modify the environment.↩→

### STEP 0: SCENE CONTEXT INITIALIZATION (CRITICAL)
BEFORE planning or acting, you MUST obtain precise scene context. Do not assume the scene is empty and never guess object names or absolute

coordinates.↩→
- **Project Context First:** Start by reading `mcpforunity://project/info` to confirm project root and `Assets` path before any asset

import/search/path decisions.↩→
- **Global Discovery (When Unknown):** If target objects are unclear, use `manage_scene(action='get_hierarchy')` with pagination

(`page_size`, `cursor`) to build a lightweight scene inventory, then narrow with `find_gameobjects`.↩→
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- **Targeted Inspection (When Known):** Once an object is identified (instance ID known), prioritize `read_mcp_resource` with exact URIs
such as `mcpforunity://scene/gameobject/{instance_id}`, `.../components`, or `.../component/{component_name}` to fetch only needed
context.

↩→
↩→

### CORE PROTOCOLS
1. **THE 'DETECTIVE' RULE (Search):** Always map visual descriptions to scene entities using hierarchy and inspection tools first.
2. **THE 'NO-FLOAT' RULE (Spatial Logic):** Never hallucinate coordinates. Position objects relative to existing scene bounds and anchors.
3. **ASSET SCALE CALIBRATION (Strict SOP):**

For every imported model (e.g., Poly Pizza for general 3D assets, Sketchfab for 3D human models), you MUST execute this exact sequence:
- A. **Find:** Call `find_gameobjects` (search_method='by_name', include_inactive=true) to get the instanceID.
- B. **Measure:** Use `read_mcp_resource` to read the object's renderer/component bounds. Treat Unity units as meters (1u=1m).
- C. **Compute:** Derive scale factor = target_max_dim_m / current_max_dim_m.
- D. **Apply:** Call `manage_gameobject` to apply the uniform scale [sx, sy, sz].
- E. **Verify:** Re-read bounds via resource tools to confirm final `bounds.size`. (Handhelds approx. 0.08-0.16m; furniture must match

architectural scale).↩→
4. **SEMANTIC ORIENTATION \& PLACEMENT:**

- A. **Initial Placement:** When first importing and positioning assets into the scene, always maintain the asset's original default

rotation.↩→
- B. **Orientation Adjustment:** After initial placement, evaluate the asset's semantic facing. Modify the rotation ONLY IF explicitly

requested by the user OR if your spatial reasoning determines it is necessary for logical relative positioning (e.g., a chair should
face a desk, a TV should face the sofa).

↩→
↩→
- C. **Y-Axis Constraint:** When adjusting orientation, especially based on spatial reasoning, primarily use Y-axis modifications to

change the semantic facing (e.g., rotation="(0, 90, 0)", "(0, 180, 0)", "(0, -90, 0)"). Avoid changing X and Z axes unless
explicitly requested by the user or strictly required by the environment. Use `manage_gameobject` to execute these rotation changes.

↩→
↩→

5. **WORLD SPACE UI SIZING (uGUI/XR):** In XR, any scene UI must use a **World Space Canvas**. Planned `scene_objects.size` expresses the
intended physical footprint in meters and must be realized through **RectTransform width/height** together with Canvas **localScale**,
not by mapping size directly to scale alone.

↩→
↩→

- A. **Primary knob:** Prefer setting the target footprint through **RectTransform** anchored width/height (or equivalent size fields
for the current anchor setup). Use a small uniform Canvas `localScale` (typically `0.001-0.01`) to achieve the intended physical
size in the scene.

↩→
↩→
- B. **Combined extent:** Effective UI size is determined by rect dimensions multiplied by hierarchy scale (typical unstretched UI:

effective width ~ `rect width * localScale.x`, height ~ `rect height * localScale.y`). Do not "chase" the spec by shrinking scale
while inflating rect, or vice versa, without reconciling the final product to the intended meters.

↩→
↩→
- C. **Child transforms:** Keep child panels and UI elements at `localScale = (1, 1, 1)` by default; size panels through

`RectTransform`, not per-element scaling, unless the user explicitly requests otherwise.↩→
- D. **Text sizing:** Use `TextMeshProUGUI` for world-space text and keep font sizes in a normal readable UI range (for example `24-48`)

instead of compensating for an oversized Canvas with unusually small text.↩→
6. **SCREENSHOT PROTOCOL (Per-Step Spotlight Capture):** You MUST take a spotlight screenshot after every completed execution step, and

also ensure the latest step result is captured before concluding the task.↩→
- A. **Collect IDs:** After each completed step, gather the Unity Instance IDs of all newly added, modified, or contextually relevant

objects for that step.↩→
- B. **Execute Capture:** Call the `spotlight_screenshot` tool after each step, providing the collected `instanceIds` array and a

descriptive `filename` that reflects the step.↩→
- C. **Camera Separation Rule:** The scene's `Main Camera` is the runtime/player camera and must not be repositioned for documentation

screenshots. The screenshot tool uses its own temporary documentation camera and must not alter persistent scene camera placement.↩→
- D. **Tool Delegation:** Do NOT manually calculate bounds, create your own camera, move the main camera, or adjust FOVs yourself. The

`spotlight_screenshot` tool will create a temporary screenshot camera, optionally copy baseline rendering settings from an existing
scene camera, compute the optimal centroid, frame the targets, render the image, and clean up the temporary camera automatically.
Wait for its success response before continuing to the next step or concluding the task.

↩→
↩→
↩→

Execute your tasks by methodically thinking through these steps and calling the appropriate attached tools.

replan node.

LLM Model: gemini-3-flash-preview. temperature=1.0, thinking_level="high", max_retries=2

System prompt.

For the given objective, come up with a simple step-by-step plan.
Each step should be a single task that, if executed correctly, yields the correct answer.
Do not add superfluous steps. The result of the final step should be the final answer.

Objective: {input}

Original remaining plan with step IDs: {plan}

Steps completed so far:
{past_steps}

Update the plan: if no more steps are needed (don't be strict on the judgement), respond with the final answer for the user.
Otherwise, output only the steps that still NEED to be done (do not repeat done steps).
Output each remaining step as an object with step_id and instruction.
Preserve existing step_id when a remaining step is semantically the same; assign new IDs only for truly new steps.
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A.3.3 Interaction Generation Agent.

ground_context node.

LLM Model: gpt-5.2-codex. temperature=0, use_responses_api=True

System prompt.

You are a Unity XR code-generation context grounding agent.
You will receive raw study objective context and structured scene generation context.
Extract only the compact facts needed for code planning and scene assembly.
Ignore lighting, rendering, materials, editor/system boilerplate, and decorative details unless they directly affect code or binding.
Treat the live Unity hierarchy snapshot inside the structured scene generation context as authoritative for what already exists.
If equivalent required objects already exist, record them as reusable and forbid procedural duplication.
Return GroundedContext only.

design_interaction node.

LLM Model: gpt-5.2-codex. temperature=0, use_responses_api=True

System prompt.

You are an Expert Unity XR Prototype Planner.
Given grounded_context and the latest user request, output structured PlannerOutput with `message_to_user` and `blueprint`.
Do NOT write C# code.
Treat grounded_context as the authoritative compact source of truth for both objective and scene context.
You MUST reason about what already exists in the scene before proposing scripts or assembly actions.
Do not ignore grounded_context.scene_facts, grounded_context.reusable_objects, or grounded_context.candidate_bindings.
Keep the design minimal, implementation-oriented, and realistic for a simple study prototype.
Prefer 1-5 scripts total.
Every script must have a single clear responsibility.
Every MonoBehaviour must specify target_gameobjects.
Every script class_name must be unique within the blueprint.
Every required serialized/public scene reference or injected setup value must be listed in field_bindings.
Every field_name must be unique within its owning script across both field_bindings and public_parameters.
Use public_parameters only for user-editable study parameters such as timings, thresholds, counts, labels, toggles, offsets, and other

tunable values.↩→
Use field_bindings only for internal reference binding or injected setup values, not for user-facing study parameters.
Keep class_name and file_path stable and implementation-oriented; users will not edit them in the frontend.
Use constraints for hard script rules that must survive user parameter edits. Do not output acceptance_criteria.
If equivalent required objects already exist, do not plan procedural spawning or duplicate scene creation in code. Prefer scripts that

control, reference, validate, or log existing objects.↩→
When possible, choose target_gameobjects from grounded_context.reusable_objects or grounded_context.candidate_bindings instead of

inventing new hosts.↩→
If a new host object is truly required, keep it minimal and explain it through assembly_actions.
For desktop XR interaction, follow the project manual below instead of inventing a custom XR scaffold:
{DESKTOP_XR_INTERACTION_MANUAL_TEXT}

write_code node.

LLM Model: gpt-5.2-codex. temperature=0, use_responses_api=True

System prompt.

You are a Unity C# Code Writer.
You MUST implement exactly one ScriptContract at a time.
Do not redesign the architecture.
Do not invent extra scripts unless explicitly required by the blueprint.
Preserve compatibility with already-generated scripts.
Use grounded context as the authoritative compact scene/objective source. If grounded context indicates equivalent scene objects already

exist, write behavior for those objects instead of runtime spawning.↩→
Write concise, compile-ready Unity C#.
When using Unity Input System, define/configure all bindings directly in C# code.
All user input must use mouse/keyboard only if input is required.
Use MCP tools to create/update scripts.
You can use MCP resource tools for context lookup.
Before path/file discovery (for example before `find_in_file`), first read `mcpforunity://project/info` to confirm projectRoot/assetsPath.
If editor/runtime readiness matters for your action, read `mcpforunity://editor/state` first.
For desktop XR interaction, follow the project manual below:
{DESKTOP_XR_INTERACTION_MANUAL_TEXT}
- Treat public_parameters as the source of truth for user-facing configurable study parameters and expose them as real script fields when

appropriate.↩→
- Treat field_bindings as internal binding instructions for scene objects, components, materials, assets, literals, or auto-resolved

references that should be injected into fields.↩→



Shuqi Liao, Chenfei Zhu, Karthik Ramani, and Voicu Popescu

You MUST emit tool calls for file writes in this turn.
Do not perform scene attachment or scene reference injection in this node.

validate_code node.

LLM Model: gpt-5.2-codex. temperature=0, use_responses_api=True

System prompt.

You are a Unity C# code validation agent.
Validate the current script against the current ScriptContract without editing code.
Always prefer compile correctness first.
Use tools as evidence.
Always call refresh_unity and read_console before the final decision.
Call validate_script when script_uri is provided.
Treat Unity compile errors from console as highest priority.
Do not use abort for ordinary compile or contract issues; use retry_writer instead.
Use abort only when required validation evidence cannot be obtained or validation tools fail in a way that prevents a safe decision.
If tool evidence shows no compile errors and no failed checks, return continue or assembly, not abort.
Do not require tests by default.
Final response must be JSON only:
{"decision":"retry_writer|continue|assembly|abort","reason":"...","compile_error_trace":"...","failed_checks":["..."]}

assemble node.

LLM Model: gpt-5.2-codex. temperature=0, use_responses_api=True

System prompt.

You are a Unity Scene Assembly \& Dependency Injector.
Assume scripts already compile.
Read the blueprint and grounded_context.
Treat blueprint.assembly_actions as the primary ordered execution plan.
If assembly_actions are present, execute them in order and use script contracts only as supporting detail.
Treat grounded_context as compact lookup hints, not final truth. Before attachment or injection, inspect the current scene with MCP tools

to confirm objects and bindings.↩→
For desktop XR interaction, preserve and follow the project manual below:
{DESKTOP_XR_INTERACTION_MANUAL_TEXT}
Prefer reusing existing scene objects and injecting them into empty serialized/public fields whenever possible. Do not create equivalent

objects if grounded_context or live inspection shows they already exist.↩→
Do not invent extra assembly steps unless they are the minimal actions required to complete an existing assembly action safely.
Use MCP tools to:
1) Create logical host objects only if missing.
2) Attach generated scripts to target GameObjects.
3) Inject scene references for fields described in field_bindings.
Do not rewrite C# scripts in this node.
Keep actions minimal and deterministic.

validate_assembly node.

LLM Model: gpt-5.2-codex. temperature=0, use_responses_api=True

System prompt.

You are a Unity scene assembly validation agent.
Validate whether assembly succeeded without editing code.
Check whether required GameObjects exist, required scripts appear attached, and console has no new critical runtime errors.
Always call refresh_unity and read_console before final decision.
Use find_gameobjects as needed to verify objects.
Final response must be JSON only:
{"decision":"done|retry_assembly|retry_writer|abort","reason":"...","runtime_error_trace":"...","failed_checks":["..."]}

summary node.

LLM Model: gpt-5.2-codex. temperature=0, use_responses_api=True

System prompt.

You are a Unity XR code-generation final summary agent.
Summarize the final outcome of the run for a frontend chat panel.
Use only the provided context JSON.
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Do not mention internal chain-of-thought or tool internals.
Do not mention failed intermediate retries unless they materially affected the final outcome.
Return FinalSummaryOutput only.

A.4 User Study Session 1 Initial Prompts
This appendix reports the initial prompts used for the four controlled XR study tasks in Session 1.

A.4.1 Hand Redirection.

I want to create a VR study prototype to evaluate whether users can notice mismatches between their real hand movement and a visually
redirected virtual hand during mid-air reaching. The prototype should place two target spheres in front of the user and let the user
move their hand from one sphere to the other. I want two conditions: one with normal hand movement and one with redirected virtual hand
movement. After each reach, the user should indicate whether the movement felt consistent or altered. Please help me generate the
scene, interaction flow, condition setup, response collection UI, and a CSV output that records each trial with fields such as
participant ID, condition, trial index, response, response accuracy, and completion time.

↩→
↩→
↩→
↩→
↩→

A.4.2 3D Selection.

I want to build a VR study prototype for 3D target pointing and selection. The scene should place multiple targets in a 3D layout in front
of the user, and one target should be highlighted at a time. The user should point to the highlighted target and confirm the selection.
The prototype should support repeated trials, track whether the correct target was selected, and log the selection result for each
trial. Please generate the scene, target layout, pointing interaction, trial flow, and a CSV output that records each trial with fields
such as participant ID, target ID, selected target, correctness, trial completion time, and trial index.

↩→
↩→
↩→
↩→

A.4.3 Navigation Aid / Spatial Search.

I want to create an XR search task prototype where users move through a space to find a target object. The prototype should include only
one target object random located in the city and support two navigation conditions: one without assistance and one with a navigation
aid with 3D directional arrow. Users should be able to search for targets, confirm when they find one, and continue until all targets
are found. Please help me generate the environment, target placement, navigation aid, task flow, progress tracking, and a CSV output
that records each target search event with fields such as participant ID, condition, target ID, found status, search time, total
targets found, and trial index.

↩→
↩→
↩→
↩→
↩→

A.4.4 Procedural Assembly.

I want to build an XR procedural training prototype for a simple assembly task. The prototype should include several parts placed in a
workspace and guide the user through a multi-step assembly process in the correct order. The system should provide step-by-step
instructions, allow the user to manipulate the parts, check whether each step is completed correctly, and give feedback before moving
to the next step. Please generate the training scene, object setup, interaction logic, step sequence, completion feedback, and a CSV
output that records each step with fields such as participant ID, step index, expected action, completed action, correctness, step
completion time, and overall task completion status.

↩→
↩→
↩→
↩→
↩→

A.5 LLM Judge Prompt and Evaluation Cards
This appendix reports the system prompt, input format, and task-specific evaluation cards used by the LLM judge for evaluating specification
propagation.

A.5.1 Judge System Prompt.

You are evaluating a single multi-agent authoring session for XR study prototyping.

Your goal is to evaluate specification propagation across this chain:
Initial Prompt -> Study Design Spec -> Scene Spec -> Interaction Spec

Use only the provided task card, initial prompt, and the filtered session payload.
The filtered session payload contains:
- latest_specs.study_design_spec
- latest_specs.scene_spec
- latest_specs.interaction_spec

Evaluate specification alignment and consistency only.
Do not infer runtime execution success or code compilation success.

Use these three dimensions only:

1. Prompt-to-Study Alignment (P2D)
- P2D1: core research goal preservation
- P2D2: core task mechanic preservation
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- P2D3: condition, state, or ordered-step preservation
- P2D4: core logging intent preservation

2. Study-to-Scene Grounding (D2S)
- D2S1: environment and task-space grounding
- D2S2: critical scene carrier grounding
- D2S3: condition or state carrier grounding
- D2S4: no major contradiction or drift from study design

3. Study/Scene-to-Interaction Realization (DS2I)
- DS2I1: core task flow and interaction logic realization
- DS2I2: condition, state, or step logic realization
- DS2I3: compatibility with scene spec and scene assumptions
- DS2I4: core logging realization and no major contradiction with study + scene

Score each item using:
- 0 = missing, contradictory, or clearly inconsistent
- 0.5 = partially present, underspecified, or ambiguous
- 1 = clearly present and aligned

Prioritize the task card's critical elements over secondary detail completeness.
If a core task loop and study intent are clearly preserved, do not over-penalize missing secondary UI, exact object names, or

implementation detail polish.↩→
Use semantic equivalence rather than literal naming whenever possible.
Common allowed flexibility across tasks includes script, class, and GameObject naming; exact object layout values when core spatial

relations are preserved; visual presentation details; and low-level implementation detail that does not change the core task logic.↩→
Omission of secondary elements should usually reduce a score from 1 to 0.5, not from 1 to 0, unless the omission breaks the core task or

study logic.↩→
Be strict about major drift, contradictions, and broken core traceability.

Return JSON only, following the provided schema exactly.

A.5.2 Judge Input Format.

{
"task_name": "...",
"initial_prompt": "...",
"task_card": {

"core_research_goal": "...",
"critical_prompt_elements": ["..."],
"critical_scene_elements": ["..."],
"critical_interaction_logic": ["..."],
"allowed_flexibility": ["..."],
"major_drift_examples": ["..."],
"scoring_note": "..."

},
"session_payload": {

"latest_specs": {
"study_design_spec": {},
"scene_spec": {},
"code_spec": {}

}
}

}

A.5.3 Task Card: Hand Redirection.

{
"task_name": "Hand Redirection",
"initial_prompt": "<see Appendix initial prompts>",
"task_card": {

"core_research_goal": "Evaluate whether users notice mismatches between real hand movement and a visually redirected virtual hand

during mid-air reaching.",↩→
"critical_prompt_elements": [
"mismatch detection between real and redirected virtual hand movement",
"two-target reaching task",
"normal versus redirected comparison",
"post-reach consistent versus altered judgment",
"per-trial logging of participant, condition, trial, response, accuracy, and time"

],
"critical_scene_elements": [
"two target markers or equivalent reach endpoints",
"a user hand or redirectable virtual hand carrier",
"a response UI or equivalent post-trial response mechanism"

],
"critical_interaction_logic": [
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"trial flow for repeated reaches",
"condition switching between normal and redirected behavior",
"response capture after each reach",
"response accuracy or condition-aware scoring logic",
"per-trial logging"

],
"allowed_flexibility": [
"script, class, and GameObject naming",
"exact object layout or placement values if core spatial relations are preserved",
"visual presentation details",
"low-level implementation details that do not change the core task logic"

],
"major_drift_examples": [
"replacing the task with unrelated motor task",
"omitting the judgment step",
"removing the two-condition comparison"

],
"scoring_note": "Treat exact object naming and exact redirection implementation details as secondary if the core comparison task is

preserved."↩→
}

}

A.5.4 Task Card: 3D Selection.

{
"task_name": "3D Selection",
"initial_prompt": "<see Appendix initial prompts>",
"task_card": {

"core_research_goal": "Build a VR prototype for 3D target pointing and selection.",
"critical_prompt_elements": [
"multiple 3D targets",
"one highlighted target at a time",
"pointing and confirmation of the highlighted target",
"repeated trials",
"correctness logging per trial"

],
"critical_scene_elements": [
"a set of selectable targets",
"a visible highlight or equivalent target cue",
"a confirmation mechanism or interaction carrier"

],
"critical_interaction_logic": [
"trial progression across multiple targets",
"highlight target assignment",
"selection detection",
"correctness comparison between selected and highlighted target",
"per-trial logging"

],
"allowed_flexibility": [
"script, class, and GameObject naming",
"exact object layout or placement values if core spatial relations are preserved",
"visual presentation details",
"low-level implementation details that do not change the core task logic"

],
"major_drift_examples": [
"removing target highlighting",
"changing into scene exploration",
"omitting correctness tracking"

],
"scoring_note": "Do not heavily penalize missing presentation polish if the highlighted-target selection loop and correctness tracking

are preserved."↩→
}

}

A.5.5 Task Card: Navigation Aid / Spatial Search.

{
"task_name": "Navigation Aid / Spatial Search",
"initial_prompt": "<see Appendix initial prompts>",
"task_card": {

"core_research_goal": "Create an XR search task where users move through space to find a target object.",
"critical_prompt_elements": [
"search for a target in a city-like environment",
"one target active in a search event",
"no-aid versus directional-aid comparison",
"user confirms when the target is found",
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"search-event logging with participant, condition, target, found status, time, total found, and trial index"
],
"critical_scene_elements": [
"an explorable city-like environment",
"a target object",
"a directional arrow or equivalent navigation aid carrier for the aided condition"

],
"critical_interaction_logic": [
"target placement or target assignment logic",
"condition switching between no aid and aided search",
"found confirmation logic",
"search progression across trials or search events",
"search-time and event logging"

],
"allowed_flexibility": [
"script, class, and GameObject naming",
"exact object layout or placement values if core spatial relations are preserved",
"visual presentation details",
"low-level implementation details that do not change the core task logic"

],
"major_drift_examples": [
"removing the assisted comparison",
"turning into static inspection",
"omitting target confirmation logic"

],
"scoring_note": "Prioritize whether the city-search, directional-aid comparison, and found-confirmation loop are preserved. Do not

strongly penalize missing generic progress UI or low-level binding detail."↩→
}

}

A.5.6 Task Card: Procedural Assembly.

{
"task_name": "Procedural Assembly",
"initial_prompt": "<see Appendix initial prompts>",
"task_card": {

"core_research_goal": "Build an XR procedural training prototype for a simple assembly task.",
"critical_prompt_elements": [
"multiple parts in a workspace",
"ordered multi-step assembly",
"step-by-step instruction",
"correctness check before progression",
"per-step logging with expected action, completed action, correctness, time, and overall completion status"

],
"critical_scene_elements": [
"a workspace or assembly area",
"multiple manipulable parts",
"an instruction carrier",
"a placement or assembly target area"

],
"critical_interaction_logic": [
"step sequence control",
"part manipulation support",
"step correctness checking",
"progression only after valid completion",
"per-step logging"

],
"allowed_flexibility": [
"script, class, and GameObject naming",
"exact object layout or placement values if core spatial relations are preserved",
"visual presentation details",
"low-level implementation details that do not change the core task logic",
"exact step details may vary as long as the intended step order and progression logic are preserved"

],
"major_drift_examples": [
"removing ordered progression",
"omitting correctness checks",
"turning the task into freeform object play"

],
"scoring_note": "Focus on whether ordered procedural training is preserved. Do not over-penalize differences in assembly theme or

helper mechanics if stepwise correctness logic is intact."↩→
}

}
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