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Virtual sensing can reduce the cost of generating sensor datasets for human activity recognition and ubiquitous
sensing, yet users must still translate sensing intent into concrete scene configurations. This fragmentation
makes it difficult to translate sensing goals into concrete configurations and refine them as results emerge. We
present VsensAgent, a human-agent interface that grounds an LLM-powered agent in a shared 3D simulation
environment. Users combine natural-language delegation with direct scene manipulation, while the agent
can inspect scene state, configure sensors and avatar motions, record data, and support signal analysis.
We conducted a task-based study of VsensAgent in which 12 participants completed 36 virtual sensing
authoring sessions. Analysis of interaction logs, authored configurations, and post-task interviews showed
that participants progressively developed intent through executable scene states, shifted control between
agent delegation and direct manipulation at the level of individual operations, and treated agent proposals as
editable starting points. These findings frame virtual sensor generation as progressive, collaborative authoring
and inform the design of agents for stateful workflows.
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1 Introduction

Sensor datasets underpin human activity recognition (HAR) and ubiquitous sensing systems,
but collecting them in the physical world remains costly. Researchers must recruit participants,
instrument bodies or environments, and subsequently annotate, synchronize, and clean the resulting
sensor streams [6, 7]. Virtual sensing offers an alternative by synthesizing sensor signals from
simulated environments, avatars, and animations [18, 19, 38]. It enables configurations and activities
to be varied without repeating physical data collection and has supported applications ranging
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from exercise recognition to accessibility [25, 27, 47]. However, the technical ability to synthesize
signals does not make virtual sensor data easy to author.

A typical virtual sensing workflow remains distributed across 3D editors, scripts, and separate
visualization tools. Users must translate a sensing goal into sensor modalities, placements, orienta-
tions, avatar motions, and analysis procedures. Integrated platforms have reduced some of this
tooling fragmentation [28, 29, 46], yet authoring must bridge sensing intent and scene specification:
users may know what they want to observe without knowing how to configure the simulation to
capture it. Relevant constraints often become apparent only after a configuration has been executed
and its spatial or signal-level consequences inspected. We therefore frame virtual sensor generation
not simply as parameter specification, but as an iterative authoring process in which sensing intent
is progressively made concrete.

Language-model-based agents offer a possible interface for this process by combining conversa-
tional reasoning with tool use [3, 30, 52]. In virtual sensing, however, useful assistance requires
more than generating instructions or executing a complete request. The sensing configuration may
evolve through dialogue, agent actions, manual edits, and analysis feedback. An agent must remain
grounded in this shared state, while users need to inspect its actions or directly revise the resulting
scene. This raises an interaction question beyond pipeline automation: how can users and agents
jointly develop a sensing configuration when intent, control, and intermediate artifacts evolve
together?

Informed by formative interviews with four virtual sensing practitioners, we developed Vsen-
sAgent, an open-sourced human-agent interface ! for authoring virtual sensor data in a shared
3D simulation environment. Users can describe goals and delegate operations through natural
language or directly manipulate sensors and avatars in the scene. The agent observes the evolving
scene state and can configure sensors, generate avatar motions, record virtual sensor data, and
delegate signal analysis to a subagent. By grounding language and direct manipulation in the
same environment, VsensAgent supports an iterative movement from sensing intent to executable
configuration, and with observed results informing subsequent revisions.

To understand how this form of collaboration unfolds in practice, we conducted a user study
with 12 participants, who completed three authoring tasks for a total of 36 sessions. We analyzed
interaction logs, authored configurations, screen recordings, and post-task interviews, tracing the
authoring process from participants’ initial interpretation of the task to their final configurations.
Our findings characterize virtual sensor authoring as a progressive collaborative process, in which
sensing goals become concrete through interaction with the agent and an executable scene. From
this account, we derive implications for designing human-agent interfaces that support evolving
intent, shared control, and exploration in stateful authoring workflows. This work makes three
contributions:

+ VsensAgent, a human—-agent interface that integrates conversational assistance, direct scene
manipulation, virtual sensor recording, and signal analysis within a shared simulation state.

+ A remote task-based study of 12 participants across 36 authoring sessions, providing an
empirical account of human-agent collaboration in virtual sensor data authoring,.

« Design implications concerning progressive specification, operation-level co-agency, and
adaptive scaffolding in under-specified design spaces.

! Avaliable at: https://github.com/KEIO-LCLAB/VsensAgent-public
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2 Related Work
2.1 Embodied Agents and Simulation Platforms

Embodied Al situates an agent within an environment that it can perceive and affect. Such em-
bodiment may be physical or virtual; its defining property is a perception—action loop in which
reasoning is conditioned on environment state and actions produce subsequent observations [10, 23].
Simulation platforms such as Gibson [50] or AI2-THOR [17] provide this coupling through struc-
tured 3D scenes, controllable objects, and executable skills. More recent language-model-based
systems extend virtual agents with memory, planning, and natural-language interaction, for exam-
ple, placing LLM-driven characters in an interactive sandbox where their observations and actions
accumulate into persistent behavioral context [36]. Across these systems, the virtual environment
provides action-relevant context that cannot be represented by conversation alone.

Simulation has most commonly served as an arena in which autonomous agents are trained,
evaluated, or observed. Recent HCI work has begun to treat interactive environments as artifacts
that users and generative systems construct together. For example, LLMR [9] combines scene
understanding, task planning, and code generation to create and modify interactive mixed-reality
worlds through language; ImaginateAR [21] similarly grounds an Al-assisted authoring workflow
in a scene representation and allows users to iteratively combine generated content with manual
editing. These systems shift the role of the environment from a fixed setting for agent behavior
toward a mutable context for human—-AI authoring.

VsensAgent builds on this shift while applying it to virtual sensor data authoring. Its embodiment
is functional and mediated through the simulation environment: it observes structured scene state
and visual context, then acts through explicit skills. Users can directly modify the same environment,
maintaining a shared state across conversational and manual actions. This configuration is both
an editable artifact and the basis for generating sensor data. The simulation therefore serves
simultaneously as an agent environment, a shared authoring workspace, and a data-generation
substrate.

2.2 Human-Agent Interfaces for Complex Workflows

Human-agent collaboration has long been framed not as a choice between automation and direct
manipulation, but as a negotiation of initiative. Mixed-initiative interfaces seek to provide compu-
tational assistance while preserving users’ ability to direct, correct, or dismiss automated system
actions [2, 11]. Context-aware task assistants operationalize this negotiation by tracking procedural
state while allowing users to resolve uncertainty or reshape assistance through dialogue [3-5]. As
agents move from recommending actions to executing them through external tools, the question
becomes not only when they should intervene, but what parts of a workflow they may change and
how users can maintain control.

This problem is amplified in stateful authoring, where intent develops alongside an intermedi-
ate artifact that preserves earlier decisions and constrains subsequent ones. Recent HCI systems
support this process by decomposing model operations, exposing intermediate outputs, and cou-
pling language with editable representations [33, 45]. Work in procedural and co-creative domains
similarly treats Al-produced artifacts as material that users or practitioners can inspect and re-
fine [12, 31]. Recent agentic development tools also connect conversational requests to persistent
workspaces. Claude Code supports codebase inspection, file editing, command execution, and re-
view of changes [32]. Related frameworks extends agent integration into spatial environments [24],
while infrastructural tools such as Unity CLI 2, exposes commands enabling runtime intervention.
VsensAgent shares these workflows’ use of workspace context, tool-mediated execution, and user

Zhttps://docs.unity.com/en-us/unity-cli/unity-cli
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revision of intermediate results. In sensing authoring, these patterns support decisions about both
what to observe and how to configure the scene to observe it.

Our study examines how users coordinate sensing decisions through operation-level handoffs in
this shared scene, where changes to sensors, avatars, and motions also change the data produced

2.3 Virtual Sensor Data Generation and Authoring

Research on synthetic data for HAR has largely addressed data scarcity by expanding the signals
available for model development. Existing approaches include signal-level generation and augmen-
tation [1, 20, 26], cross-modal pipelines that derive virtual sensor signals from video, language,
or synthesized animations [18, 22, 38], and physics-based simulation that exposes controllable
motion and sensor parameters [15, 49]. These approaches reduce dependence on physical collection,
but are typically evaluated through signal fidelity, dataset diversity, or downstream recognition
performance. Decisions about what data to generate are consequently treated primarily as inputs
to a technical pipeline.

Recent work has raised the abstraction of these pipelines. IMUGPT [22] uses language-driven
motion generation to produce virtual IMU data, while AgentSense [23] employs LLM-guided
embodied agents to generate personas and daily routines within simulated homes. These systems
make synthetic data generation more expressive and scalable, but their agents principally automate
the production of data; sustained user interaction with the intermediate sensing configuration is
not the central object of study.

Complementary interface research has begun to treat configuration itself as an authoring problem.
For example, prior work has explore the use of XR environment as authoring medium [28, 29].
Our focus is on how partially specified sensing goals become executable configurations and how
authoring operations are distributed between user and agent.

3 Formative Study

To ground the design of VsensAgent in current authoring practices, we conducted formative in-
terviews with four practitioners who had experience generating virtual sensor data for HAR. We
examined where their workflows broke down, how sensing goals were translated into executable
configurations, and where interactive agent support might be useful. The study aimed to identify
design opportunities rather than characterize virtual sensing practice at large.

3.1 Methods

3.1.1  Participants. We recruited four practitioners (E1-E4), all male, aged 26-38 years (M = 31.0,
SD = 5.29). All had backgrounds in computer science or engineering, experience developing HAR
systems, and had completed at least one project involving virtual sensing. Participants were not
compensated.

3.1.2 Interviews and Analysis. We conducted a semi-structured interview with each participant,
lasting approximately 30 minutes. Interviews were audio-recorded with consent. We first asked
participants to describe their virtual sensing workflows and the difficulties involved in configuring
sensors, generating and inspecting signals, validating results, and iterating on datasets. We also
asked about challenges they had observed when supporting less-experienced collaborators. Only
after discussing existing practices did we invite participants to reflect on where agent assistance
might or might not be appropriate. Following a thematic analysis process [34], two authors reviewed
the transcripts, developed initial codes, and iteratively organized them into three themes.
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3.2 Findings

3.2.1 Theme 1: Practical Knowledge Was Distributed and Often Implicit. Virtual sensor authoring
required participants to coordinate conceptual knowledge about HAR with implementation details
distributed across papers, code, 3D editors, and analysis tools. This created difficulties beyond
learning any single interface. Participants noted that novices might understand the target activity but
overlook how placement, orientation, and coordinate frames shape the resulting signal. Experienced
practitioners had acquired much of this knowledge through trial and error. As E1 explained,
“There was no clear recipe. I had to look at papers, code, and examples, and still many details were
implicit” Authoring therefore involved repeatedly translating scattered knowledge into concrete
configuration and execution steps.

3.2.2 Theme 2: Sensing Intent Became Concrete Through Executable Configurations. Participants
described a gap between how they formulated sensing problems and how existing tools required
them to specify a solution. They typically began with activities, body regions, or desired distinctions
rather than sensor coordinates and motion parameters. As E2 noted, “We usually start from the
question of motion difference, not from the exact coordinates of the sensor.” Such goals did not always
determine a unique configuration. Decisions about placement, orientation, motion variation, and
recording conditions often became clearer only after participants could inspect a scene or generated
signal. Translating intent was therefore not a one-time conversion from language to parameters,
but a process of making partial goals concrete through execution.

3.2.3 Theme 3: Exploration Required Editable Configurations and Comparative Evidence. Participants
valued simulation because it should make alternative sensing configurations inexpensive to test.
In practice, however, even local changes could require returning to scripts or rebuilding parts of
a pipeline. As E2 observed, “Virtual data should be easy to change, but in reality every change still
means going back to scripts or rebuilding part of the pipeline.” Participants also found it difficult to
preserve the relationship between a configuration and its results when comparing alternatives. E3
explained, “I can generate another version, but then I need to remember what I changed and compare
the results myself.” Exploration consequently required more than producing additional samples:
it required configurations that could be inspected and revised, together with evidence that could
inform the next change.

Together, these themes yielded three design considerations for VsensAgent: connect contextual
guidance to executable authoring operations; ground agent actions in the same evolving scene that
users inspect and manipulate; and preserve an iterative loop between configuration, recording,
analysis, and revision.

4 VsensAgent

VsensAgent is a human-agent interface that brings conversation, direct manipulation, simulation,
and sensor-data analysis into a shared 3D authoring environment. Its central design premise is that
the scene is not merely an output produced by the agent, but an executable artifact that both user
and agent can inspect and modify as intent develops.

4.1 System Overview and Authoring Workflow

The interface pairs a conversational input with an editable Unity scene. Users can communicate
through text or speech to describe sensing goals, ask questions, respond to clarifications, review
proposals, and delegate operations. They may also directly manipulate sensors, avatars, and scene
objects, control motion playback, and record virtual sensor data. The agent responds through text
or synthesized audio and can configure sensors, place avatars, generate or load motions, control
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scene objects, and initiate data analysis. Both interaction modes operate on the same scene: an
agent-generated configuration remains directly editable, while user modifications become context
for subsequent agent actions.

o peserbe con foenteiens setopseene cotectonte

Natural-language goal Clarification Plan approval Direct manipulation Confirm collection Review findings
m ata whie 3 person uses |~ | which type o sen sor dowe want? d “Agree wih complete generated - ez boston | colect thefnlizsd moton and - Wiichsenor pacemen best
a coffe What kind of data ollect? sor. nsor stream
USER

N S
Understand intent 7 Analyze signals
Making cof
roun t and identify 1. Avatar. Compare stages and explain the
missing constraint 2. Motion: most informative placement.
3. Sensor.

Fig. 1. An example VsensAgent workflow. The agent turns an initial sensing goal into an executable scene, the
user directly refines the shared configuration, and recorded data supports subsequent analysis and revision.

Figure 1 illustrates one possible workflow. The user begins with a goal such as collecting sensor
data while a person uses a coffee machine. The agent identifies missing constraints and proposes an
initial plan. After confirmation, it constructs an executable scene from which the user can continue
authoring. In this example, the user directly adjusts the IMU placement and adds a distance sensor
before recording the resulting motion and sensor streams. The recorded data can then be analyzed
and related back to the current configuration, providing evidence for further revision. This sequence
is illustrative rather than prescribed: users may delegate, edit, record, or revisit earlier decisions at
any point in the process.

Figure 2 organizes the system around three coupled entities: the user, the agent, and the scene. The
user and agent communicate to develop sensing goals and coordinate actions. The scene provides
their shared authoring state. The agent queries this state before executing scene-level actions and
observes changes introduced through direct manipulation. When a request requires isolated or
longer-running processing, the main agent can delegate the task to a subagent and return its result
to the ongoing interaction.

These interactions form three connected loops. The user-communication loop supports goal speci-
fication, clarification, proposal selection, and response generation. The scene-context observation
and control loop allows the user and agent to observe and modify the same executable configuration.
The delegate-task loop supports sandboxed reasoning, code execution, and sensor-data analysis
without granting the subagent direct control of the scene. These loops describe the functional
architecture; the Python backend implements the agent workflow as procedural stages with condi-
tional branches, rather than an explicit state-graph model. Each user turn updates scene context,
invokes the model, optionally queries additional scene information for a follow-up model call, and
dispatches structured actions. Applicable validation routines check the proposed operations, and
the interaction is recorded before the response is returned. This orchestration governs individual
agent turns without prescribing the user’s authoring sequence.

4.2 Maintaining Shared Scene State

Natural-language history alone does not capture the state of a spatial authoring task. The con-
figuration of the shared scene may affect what action is appropriate next. Moreover, users can
directly edit the scene without describing those changes to the agent. VsensAgent therefore treats
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Fig. 2. VsensAgent couples user communication, shared-scene observation and control, and delegated-task
execution. User and agent actions update the same executable scene, whose state and recorded data provide
context for subsequent interaction.

the Unity runtime, rather than the conversation, as the authoritative representation of the current
configuration.

The shared state is the live Unity scene that both interaction modes modify; a snapshot is a
time-specific JSON description of its exposed objects and properties. Snapshots accompanying
user messages and heartbeats are keyed by object name and contain spatial information, capability
properties, current and available states, and, where applicable, sensor readings and attachment
references. On-demand Scene API queries provide additional structured context, including object
identifiers, scene versions, surfaces, zones, and relations. These representations allow the agent to
resolve targets and formulate operations against the shared scene. When structured metadata is
insufficient—for example, when checking a visually ambiguous placement or occlusion—the agent
can autonomously request a screenshot for multimodal inspection [37].

To track changes between requests, VsensAgent receives scene snapshots through periodic
heartbeats. For each heartbeat, the backend compares the incoming snapshot with its previous
snapshot to compute a selective diff: object additions and removals, object-state changes, sensor-
value changes subject to thresholds, and user-position changes. A rule-based event classifier
maps these change records to object-added, object-removed, state-change, sensor-trigger,
sensor-anomaly, or user-movement events;changes that do not meet the rules produce no event.
Events are retained as context, while those meeting a predefined priority threshold trigger an agent
call after cooldown and suppression of agent-originated changes. The resulting prompt supplies the
event summary and current scene, allowing the agent to respond, invoke skills, or remain silent.
The diff is not an exhaustive edit history: changes such as ordinary object rotation or attachment
are available in the updated snapshot but are not individually reported by this diff. Thus, snapshots
describe what is currently present, whereas diffs summarize selected changes between observations.
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VsensAgent separates current working context from retrievable knowledge and interaction
history. Working memory maintains the current scene state, active plan, and recent events. Prompt
materials and domain knowledge are preloaded into a server-side vector database store for retrieval,
while conversation and state histories are retained in searchable . log files. Across turns, the agent
combines the updated working context with relevant retrieved material, rather than appending
the entire log history to every prompt. This design limits context growth while preserving access
to earlier interactions. In the user study,the preloaded knowledge remained available, but session
interactions were not written back to the vector database as accumulated experience. Memory
supports continuity but does not replace observation of the current scene. For example, when a
user asks to “try another placement,” the agent can compare the current snapshot with an earlier
configuration while ensuring that its next action is applied to the scene as it now exists.

Together, these mechanisms preserve a common reference for subsequent interaction as either
the user or the agent modifies the scene.

4.3 Executable Authoring Skills

Scene grounding provides the agent with an up-to-date representation of the authoring state; skills
provide bounded means for changing that state. VsensAgent uses gpt-5.6-sol as its multimodal
main model for language-based planning and visual inspection of screenshots. Following prior
skill-based agent architectures [14, 51], the system exposes a registry of structured skills, each
defined by an operation, input schema, execution endpoint, and return format. Rather than receiving
unrestricted access to the Unity runtime, the model can affect the environment only through these
registered capabilities. Agent skills are summarized in Figure 3

From intent to bounded execution. When a request requires an environment-level operation,
the main agent selects one or more registered skills and supplies their required arguments. A
dispatcher validates each call, routes it to the corresponding Unity or backend endpoint, and returns
a structured result describing its status and affected objects. The main agent can then explain the
outcome, continue with another operation, revise a failed call, or request clarification. Additional
operations can be incorporated by registering a corresponding schema and execution endpoint
with the dispatcher.

A request may therefore expand into several coordinated calls. For example, “place an IMU on the
avatar’s wrist for this motion” requires the agent to query the active avatar, resolve the wrist joint,
create and attach the sensor, configure its offset and orientation, and return the resulting state for
inspection. Intermediate results remain visible and directly editable by the user.

During this process, VsensAgent’s scene editing is asynchronous with respect to the Unity
interface: users can continue manipulating the scene while the agent processes a request. Individual
edit operations return completion results, but an agent turn does not lock the scene. The agent
begins from the state available when the request is issued and incorporates intervening changes
through subsequent heartbeat updates and scene queries. Coordination therefore relies on renewed
observation and follow-up interaction, allowing users and the agent to retain initiative without
requiring their activities to proceed in lockstep.

Authoring operations. The registry groups skills according to their role in the authoring process.
Context and coordination skills support clarification, permission requests, scene queries, memory
retrieval, and delegated-task management. The agent can submit, monitor, or cancel delegated
tasks, while scene queries and memory retrieval reuse the shared-state mechanisms described in
Section 4.2 rather than maintaining a separate representation of the environment.

Environment-construction skills operate on scene objects, virtual sensors, and avatars. Object
skills modify editable object states and transforms, and can highlight relevant targets for user
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Fig. 3. VsensAgent’s skill registry. Skills connect the main agent to context and coordination, environment
construction, and validation and review. Scene changes are mediated through structured calls, while data-level
review is delegated to an analysis subagent.

attention. Sensor skills create, remove, attach, orient, configure, and visualize virtual sensors, and
can initiate labeled recordings from the active configuration. In the study, VsensAgent supported
virtual IMU and distance sensors. Both user- and agent-initiated recordings were stored with their
sensor identities, timestamps, and activity labels for subsequent inspection and analysis.

Avatar skills spawn, remove, and position avatars, load existing motion clips, control playback,
and invoke motion generation. When no suitable motion is available, the main agent expands the
user’s activity description into a scene-grounded prompt and submits it to HY-Motion-1.0 [43].
Server-side services will return the animation sequence, convert it into the runtime format, after
which it can be applied on the avatar.

Validation and review. Validation and review operate at two distinct levels, while neither of them
determines the final design autonomously: configurations remain subject to user judgment.. At
the scene level, deterministic checks identify geometric construction problems, including invalid
attachment, object intersection, floating placement, and the absence of a feasible candidate surface.
Their structured results allow the main agent to adjust an operation, propose alternatives, or return
the decision to the user.

At the data level, review skills can delegate selected recordings to a subagent powered by claude-
sonnet-4-6. The subagent receives the sensing goal, relevant scene context, recording labels, and
sensor streams, and operates in a server-side sandbox where it can execute analysis code, compare
recordings or configurations, and produce visualizations and a written report. The report is returned
to both the user and the main agent, which may use the findings to discuss possible revisions to the
current configuration. The subagent does not modify the scene directly, and its analysis remains
advisory.

4.4 Implementation Details

VsensAgent was implemented as a Unity 6 client and a Python backend connected through a
bidirectional WebSocket interface that transmits scene observations, structured skill calls, and
execution results. The main agent can autonomously query scene snapshots and request screenshots
as needed during its reasoning loop, while LanceDB * stores preloaded prompt materials and domain
knowledge on the server for retrieval. Virtual sensors are sampled at 60 Hz: IMU signals are derived

Shttps://www.lancedb.com/
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directly from simulated sensor motion without additional noise or filtering [38], and distance
sensors use ray casting with a sufficient range of 20 m [48].

5 User Study

We conducted a remote task-based study to examine how people collaborate with VsensAgent.
Participants completed three tasks with different sensing constraints, allowing us to trace how
intent became executable, how control moved between language and direct manipulation, and how
participants experienced this form of assistance. We address the following research questions:

« RQ1. How do users progressively articulate and operationalize authoring intent through
interaction with the agent and the shared scene?

« RQ2. How do users distribute and coordinate authoring operations between natural-language
delegation and direct scene manipulation?

« RQ3. What opportunities and tensions does agent-assisted virtual sensing reveal for human-
agent interfaces in complex, stateful authoring tasks?

5.1 Study Setup and Tasks

Figure 4(a) shows the study interface. In addition to interacting with the agent, participants could
navigate the scene, switch to a bird’s-eye view, manipulate objects and sensors with transform
gizmos, and control recording and data review. An animated floating eye visualizes the agent’s
current status. These controls exposed the authoring capabilities described in Section 4.

All tasks took place in the same virtual kitchen, containing a stove, sink, preparation table, cabi-
nets, coffee machine, and other editable objects (Figure 4(b)). Its compact layout kept the authoring
scope bounded and inspectable, while its functionally distinct objects provided meaningful targets
for the sensing tasks and avatar motions. Holding the environment constant supported comparison
across tasks, which varied the source of design uncertainty: allocating limited sensors, choosing a
wearable representation, and developing a strategy for an under-specified sensing objective.

(a) g

R @ cdit mode @ recording

—— @ analysis recordings @ object panel
(o]
|

© toggle view O transform
v 1 @ toggle heartbeat @ sensor toolbox

@ O revert operation ) chat panel

@-agent @ preparation table

@door @ stove

©fridge @ coffee machine

Osink @ cabinet

Fig. 4. Study environment. (a) The interface supports agent interaction, scene navigation, direct editing, and
sensor recording. (b) The virtual kitchen used across all three tasks.
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Task 1: Sensor allocation under resource constraints. Participants designed a configuration
that could distinguish cooking at the stove, opening the cabinet above the stove, and washing hands
at the sink. They could use at most two virtual IMU or distance sensors; modality, placement, and
orientation remained open.

Task 2: Wearable IMU placement. Participants used a single body-mounted IMU to distinguish
chopping at the preparation table, washing hands at the sink, and making coffee. They determined
where and how the IMU should be attached to obtain a useful motion representation across the
three activities.

Task 3: Rough user localization. Participants designed a configuration for estimating a user’s
approximate location in the kitchen without identifying the activity being performed. They could
use up to four virtual IMU or distance sensors. Because neither the relevant regions nor the sensing
strategy was predefined, participants had to decide how location should be represented as well as
how it should be sensed.

For all tasks, participants were instructed to keep placements physically plausible—for example,
attached or supported rather than visibly floating or intersecting other objects. After completing
each configuration, they recorded at least 10 seconds of sensor data for each requested activity or
tested condition.

5.2 Participants

ID gender age occup. exp. In HAR 3D/ simulation use Al use background

P1 Male 33 Faculty Yes Frequently Frequently HClI, Al, Ubicomp, Robotics
P2 Female 30 Ph.D student Yes Rarely Frequently HCI, Robotics

P3 Male 28 Ph.D student Yes Occasionally Occasionally HClI, Ubicomp,

P4 Female 25 Ph.D student No Frequently Frequently HCI

PS5 Female 34 Researcher Yes Rarely Rarely HCI, Ubicomp

P6  Female 27 Master's Student No Never Frequently Healthcare

P7 Male 29 Ph.D student Yes Frequently Frequently HCI

P8 Male 31 Faculty Yes Never Frequently HCI, Ubicomp, Healthcare
P9 Male 22 Master's Student Yes Occasionally Frequently HCI, Al

P10 Male 22 Master's Student Yes Frequently Occasionally HCI, Ubicomp

P11 Male 25 Master's Student Yes Frequently Frequently HCI, Al, Ubicomp
P12 Male 23 Master's Student Yes Frequently Frequently HCI, Al, Ubicomp

Fig. 5. Participants’ professional backgrounds and self-reported experience with sensor-based systems, 3D or
simulation tools, and Al-based tools. Here, "Al use” refers specifically to experience with agentic coding and
co-work platforms, rather than casual conversational use of Al chatbots.

We recruited 12 participants (8 men and 4 women) from universities, aged 22-34 years (M = 27.4,
SD = 4.1); none had participated in the formative study. The sample included faculty members, a
researcher, doctoral students, and master’s students, primarily from HCI and ubiquitous computing,
with additional backgrounds in artificial intelligence, robotics, and healthcare. Ten participants had
previously developed at least one sensor-based system. As summarized in Figure 5, their reported
use of 3D or simulation environments and Al-based tools ranged from none or rare use to frequent
use.
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5.3 Procedure and Data Collection

Participants received a distributable build of VsensAgent, a written guide, and a demonstration
video. Before the formal tasks, they could freely test the interface and the agent in a separate
practice scene. During the tasks, they could communicate with the agent in any language and
combine natural-language delegation with direct scene manipulation. The researchers provided no
task-specific guidance.

Participants completed the tasks independently and in a fixed order, with the application restarted
between tasks. The fixed order standardized participants’ prior exposure to the interface before
they encountered Task 3, the most under-specified task. Scene state, conversation history, and
working memory were cleared between tasks.

The sessions were self-paced. The system recorded timestamped user and agent messages, agent-
executed operations, manual scene edits, system events, data-recording actions, and final sensing
configurations. Participants also recorded their screens, which we used to resolve spatial actions or
interface states that could not be reconstructed unambiguously from the logs.

After completing the tasks, each participant joined an approximately 40-minute remote, semi-
structured interview. Using a dedicated log visualization, the interviewer and participant revisited
selected episodes and discussed the participant’s decisions, expectations, and experience with the
agent. Interviews were audio-recorded and transcribed. The study received institutional ethics
approval; all participants provided informed consent and were compensated at a rate equivalent to
USD 10 per hour.

6 Results

We report findings from interaction logs, authored configurations, screen recordings, and log-elicited
interviews. Because each research question required a different analytical lens, we introduce the
corresponding coding and aggregation procedures alongside the relevant findings. Our analysis
is exploratory and emphasizes recurring patterns and contrasts rather than statistical hypothesis
testing.

6.1 Overview of Authoring Activity

Across the 36 task sessions, participants spent an average of 19 min 46 s per task (median = 12 min
33 s), with substantial variation across both participants and tasks. Completion of all three tasks
took 59 min 19 s on average (median = 46 min 56 s; range = 18 min 55 s—117 min 09 s). Task 2 was
generally completed more quickly than the other tasks, whereas Task 3 showed the widest spread
in completion time: although its median duration was 11 min 39 s, several participants engaged
in substantially longer sessions, resulting in a mean of 22 min 32 s. A similar pattern appeared in
operation counts. Participants performed an average of 65.3 logged operations across the three
tasks, with Task 3 involving the largest number of operations on average (M = 29, median = 26),
compared with Task 1 (M = 21.8, median = 20) and Task 2 (M = 14.5, median = 12).

The normalized timelines in Figure 6 show how participants combined agent interactions, manual
scene edits, and sensor-recording within each session. The timelines reveal considerable variation
in how participants organized the authoring process. Some sessions were dominated by extended
exchanges with the agent (e.g. P4 and P5), while others alternated frequently between agent-
mediated actions and direct manipulation (e.g. P1 and P9). Manual editing appeared both as an early
means of establishing a configuration and as a later intervention following agent-generated actions.
Recording was generally concentrated toward the end of a session, although several participants
recorded intermediate configurations before continuing to revise the scene. These patterns indicate
that participants did not follow a uniform authoring sequence.
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Fig. 6. Normalized timelines of agent interactions, manual scene edits, and sensor recordings across the 36
task sessions.

To characterize natural-language interaction within these authoring trajectories, two researchers

independently coded each user message by its primary interaction act: the response or action
expected from the agent next (Figure 7). The coding scheme and precedence rules were established
before independent coding. Although each message was the unit of analysis, coders considered
adjacent dialogue turns and screen recordings to interpret its role in the ongoing authoring process.
Ambiguous cases and coding disagreements were resolved through discussion using this context.
The coding scheme included eight substantive categories:

o Framing, for introducing or reframing the sensing task;

» Inquiry, for requesting information, explanations, system state, or task-related procedural

guidance;

« Planning, for soliciting recommendations, alternatives, comparisons, or rationale before

committing to a design;
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Fig. 7. Normalized timelines of user utterances according to their primary interaction acts.

Specification, for providing constraints, preferences, positions, orientations, or other design

parameters;

Confirmation, for accepting, rejecting, or selecting an existing proposal;

« Execution, for requesting an operation such as creating, placing, moving, deleting, or record-
ing;

Evaluation, for asking the agent to assess or verify an existing result without explicitly

requesting a change;

Repair, for identifying a problem and requesting correction, refinement, retry, or recovery.

—

Each utterance received exactly one primary label. For utterances containing multiple acts, we
assigned the label corresponding to the requested next response, using the following precedence:
repair, execution, confirmation, evaluation, planning, inquiry, specification, and framing. Greetings,
acknowledgments, typos, filler, and utterances that did not fit these categories were coded as Other.
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For repair utterances, we additionally distinguished correction of a misunderstanding, refinement
of an otherwise valid result, retry of an unsuccessful action, and recovery through undoing or
restoring state. Target entities, requested actions, and explicit constraints were annotated separately
from the interaction-act label.

Based on usage costs reported by the respective providers’ API platforms, the average API cost
across all processing stages was approximately USD 5.1 per participant for the three tasks combined.
Motion generation model was deployed locally hence incurred no API charges.

6.2 From Prescribed Tasks to Authoring Intent

This section examines how participants moved from an initial interpretation of each task into
execution, and how the resulting scene states supported further specification.

Task 1 Task 2 Task 3
P1
P2
P3
P4
P5
P6
P7
P8
P9
P10
P11
P12

Fig. 8. Participants’ initial interaction strategies across the three tasks.

6.2.1 Diverse Entry Strategies, Rapid Transition to Action. We defined the initial strategy as the
first user utterance not coded as other. As shown in Figure 8, planning was the most common entry
in Task 1 (6/12), while Task 2 was evenly split between planning and execution (5/12 each); Task 3
showed the most heterogeneous pattern. Task structure may have shaped, but did not determine,
how participants entered authoring.

Despite these differences, participants moved into execution quickly. The median number of user
turns before the first execution request was one in all three tasks. Participants mentioned a median
of one configuration topic before execution. First execution requests thus typically preceded a
complete specification.

6.2.2 Configuration Details Emerged Around the First Execution. To examine what became specified
at each stage, we regrouped the separately annotated targets and constraints from Section 6.1
into eight content-oriented configuration topics, shown in Figure 9. Because the phases contained
different numbers of turns, the comparison indicates when a topic appeared, not its relative
frequency.

Before execution, participants primarily discussed sensing goals and resource constraints. At or
after the first execution request, placement, orientation, avatar and motion scenarios, recording
protocols, and evaluation criteria became more visible in the interaction. In Task 3, goal and area
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Task 1 Task 2 Task 3 Task 1 Task 2 Task 3
Goal / activity / area definition 3/12 2/12 3/12 3/12 6/12 6/12
Sensor count/ type 5/12 4/12 6/12 4/12 712 7/12
Placement / body mounting 2/12 2/12 0/12 10/12 10/12 9/12
Orientation / coverage 1/12 0/12 1712 4/12 4/12 2/12
Avatar / motion / scenario 1/12 2/12 0/12 10/12 11/12 11/12
Recording protocol 0/12 0/12 0/12 6/12 5/12 4/12
Evaluation / analysis criteria 0/12 0/12 0/12 1/12 4/12 1/12
Other configuration 1/12 0/12 1/12 4/12 3/12 4/12

Before first execution At/ after first execution

Fig. 9. Configuration topics mentioned before and at or after the first execution request. Each cell reports the
number of sessions, out of 12 per task, in which the topic appeared.

definitions also continued into this phase because the spatial representation itself remained open.
The first execution request therefore marked a practical transition from introducing the sensing
problem to progressively working out its implementation.

6.2.3 Executable States as Shared References. Figure 10 illustrates how the resulting scene states
grounded subsequent interaction. In P1-T1, the participant manually revised the sensing configu-
ration before asking the agent to place an avatar and record a cabinet-opening motion. In P4-T3,
the participant first placed sensors on walls facing the room center, then aligned them with the
avatar’s chest height. In P6-T1, the participant asked the agent to assess a sensor inside the cabinet
and authorized it to adjust the placement.

Framing Inquiry Planning Specification Confirmation e User input
Execution Evaluation Repair Others

A | i N . , 6:58
P0O1 - T1 J o 0 0 0 0

4:13* I've done editing, now put an avatar

] [ 4:52* Not bad! Record a ten second clip,
at the stove.

make the avatar open the cabine above.

POO4-T3 SIS s c I o0 0 i ‘ 21
1! 1 1

0:43* Put an digital avatar in the room. ] [ 4:05* Putall sensors on the wall and I 8:19* Make all the sensor at the height of
distributed at different he, facing centre. avatar's chest.

i | | | & i | 1 1 1 | | | | 23:59
PO06-T1 I o O oo 0 0 b O 0 o A —
; \ Py TG \ ¢ 9 ¢ \ \ \

J

13:24* How do you think about this sensor { 14:04* Yes adjust as you think.

15:27* Why you rotate it? It's looking
position inside the cabinet?

inside plus it's floating! This is impossible.

0% 25% 50% 75% 100%

Fig. 10. Representative sequences in which participants used executable scene states as shared references.

Together, these cases show that the scene carried context across turns and interaction modalities.
Participants could refer to existing objects, add constraints, and request evaluation or repair without
restating the complete configuration. Executable states therefore served not only as outcomes

of prior instructions, but also as shared references through which subsequent intent could be
expressed.
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6.3 Delegation and Direct Manipulation Across Operations

Participants could either delegate operations through natural language or manipulate the scene
directly. To avoid overcounting continuous interface updates, we grouped consecutive scene events
involving the same actor, target, and operation into manipulation episodes. Figure 11(a) compares
the shares of user- and agent-performed episodes, whereas Figure 11(b) characterizes the operations
requested through delegation.

(a) Manual share Agent share
Task 1+ Sensor 36%
Avatar 67%
Task 2 - Sensor 25%
Avatar 71%
Task 3 - Sensor 39%
Avatar 46%
Manual Agent
(b) Sensor placement  Avatar create/place Avatar move/rotate Avatar motion Recording Scene object
Task 1 5/12 6/12 3/12 12/12 4/12 2/12
as 12 requests 6 requests 12 requests 6 requests 4 requests
Task 2 4/12 6/12 12/12 2/12 1/12
as 10 requests 12 requests 10 requests 4 requests 1 request
Task 3 9/12 5/12 2/12 112
as 21 requests 17 requests 2 requests 1 request

Fig. 11. Distribution and content of authoring operations. (a) Shares of sensor- and avatar-manipulation
episodes performed manually or by the agent in each task. (b) Operations requested through delegation; each
n/12 value reports the number of participants who issued at least one corresponding request, followed by
the total number of requests.

Control differs by operation rather than by object alone. All participants used the agent for
avatar-motion generation in every task, reflecting the available interaction path rather than a
demonstrated preference for delegation. Sensor editing showed the opposite aggregate pattern,
with manual episodes accounting for a relatively large share across all three tasks. Yet participants
still delegated sensor placement, particularly in Task 3 (8/12 participants; 21 requests). The same
sensing object could therefore involve delegation at the level of a placement request and direct
manipulation at the level of geometric adjustment.

Task 3 also involved the broadest use of delegated avatar creation and placement (9/12 partici-
pants; 18 requests). These task-level contrasts were accompanied by substantial variation between
participants. As Figure 6 shows, manual editing was concentrated in particular participants and
sessions rather than distributed uniformly; participants allocated control locally according to the
operation, task, and their own authoring practices.

6.4 Exploring an Under-specified Sensing Design Space

Task 3 left both the representation of rough location and its sensing configuration open. We
therefore examined how participants translated this under-specified objective into end-of-session
layouts, and how these layouts related to the agent’s initial recommendations.
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Fig. 12. Sensor layout overview of 12 participants in Task 3. The orange color indicates the sensor is placed
by agent, while the blue color represents sensor was adjusted by user. Colored points with raycast show the
direction of distance sensor, while the isolated points are IMU sensors (e.g. P5 and P11).

6.4.1 Diverse Interpretations of Rough Localization. All 12 used distance sensors, 11 used the
full four-sensor budget, and only two incorporated an IMU (Figure 12). Most sensors were also
positioned near torso height. Despite the open-ended objective, final configurations varied little in
sensor modality or quantity.

Variation instead appeared in how participants encoded location spatially. Some organized
sensing around functional landmarks, assigning beams to areas such as the stove, sink, coffee
machine, and refrigerator. Others treated the kitchen as a geometric space to be partitioned by
beams crossing walls, standing areas, or transition paths. A smaller number reasoned about location
through the joint pattern of several sensor readings or supplemented spatial coverage with an IMU.
Participants thus converged on the sensing components while differing in the spatial representation
those components were intended to realize.

6.4.2  From Initial Proposals to Final Configurations. The convergence in final configurations was
consistent with the solution frame recurring in the agent’s initial proposals. Across comparable
initial proposals, the agent consistently favored distance-based sensing and usually recommended
using four sensors organized around functional zones. End-of-session layouts commonly retained
these high-level choices, but the proposed spatial arrangements were not necessarily accepted as
final.

Participants repositioned sensors, redirected their coverage, redefined the target regions, and,
in some cases, changed the modality composition or reduced the number of sensors. In Figure 13,
for example, P4 retained four distance sensors but reorganized them across the room’s walls,
whereas P12 rejected redundant and occluded placements and reframed the configuration around
users’ standing areas. Final designs often shared the broad strategy of the initial proposals, while
participants revised and sometimes challenged specific design choices. The correspondence between
proposals and outcomes suggests a common design scaffold, although it does not isolate agent
influence from the affordances of the task itself.

6.5 Semi-structured Interviews

After the tasks, we conducted log-elicited semi-structured interviews to contextualize these findings
and discuss participants’ design decisions. Interviews were transcribed using automatic speech
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Fig. 13. Example conversation with P4 and P12 in Task 3. Longer agent responses are abbreviated for
readability.

recognition and translated into English. An author proficient in the respective interview language
checked the transcripts against the recordings and reviewed the translations for accuracy. Quoted
excerpts were checked against the original-language context to preserve participants’ intended
meanings. Transcripts were analyzed using inductive thematic analysis by two researchers [34]: first
open-coded by two researchers independently, followed by iterative clustering into higher-order
themes. Coding disagreements were discussed and refined through consensus. After the analysis,
4 recurring themes emerged: (1) Assistance at the Boundary of Existing Expertise; (2) Executable
Proposals Supported Imagination and Revision; (3) Trust Developed Through Situated Demonstrations;
(4) Natural Language Reduced Discovery Costs but Required Manual Refinement for Precision.

6.5.1 Theme 1: Assistance at the Boundary of Existing Expertise. The value of the agent varied
with participants’ prior knowledge. For those participants with limited familiarity with sensors,
for example P4 works on XR and P6 works in medical area, found the workflow understandable
because the agent could supply missing sensing knowledge and translate the task into concrete
operations.

”Mostly I rely on agent’s proposals, which generally make sense.” (P4); “I do not know
sensors very well, but I could still understand what was happening and rely on the Al to
help me decide what to use.” (P6).

For participants with extensive HAR experience, the agent served a different role. P3 and P11
often formed a sensing strategy as soon as they read the task, but described using the agent to save
time when instantiating motions, placing objects, and coordinating the pipeline. They expected its
knowledge to become more valuable when working with unfamiliar or more complex sensor types.

”Honestly I don’t need a proposal to complete the tasks. If the sensor is something I'm
unfamiliar with, I'll rely more on the AI’s proposal... The agent mainly saved time.” (P3);
“I used agent to assist and execute my own thoughts.” (P11).

P8 similarly viewed the system as a tutorial and knowledge resource whose importance would
grow as the available design space expanded. Agent assistance was therefore most valuable not to
a fixed category of “novice” users, but at the shifting boundary of what each participant already
knew.
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6.5.2 Theme 2: Executable Proposals Supported Imagination and Revision. Most participants valued
the agent’s proposals as editable starting points rather than complete solutions. Participants
described proposals as making it easier to begin an under-specified task by turning it into a concrete
scene that participants could inspect and revise. For example, P2 and P5 described generating the
avatar motion early in the process to help them imagine where the person would stand, how the
activity would unfold, and what a sensor would need to capture.

I wanted to see the motion first. Once the avatar performed it in the kitchen, it became
easier to imagine where the sensors should go.” (P2); “The agent provide a first draft on
the blank paper for me to edit.” (P5).

This role of execution extended beyond automation: generated motions and configurations
became resources for thinking through the sensing problem. Participants could identify missing
constraints, notice occlusion or coverage problems, and refine their ideas in relation to an observable
state. P11’s request for ”more visualized initial proposals” further suggests that users may benefit from
several alternatives with different rationales, rather than a single authoritative recommendation.

6.5.3 Theme 3: Trust Developed Through Situated Demonstrations. Participants generally evaluated
the agent’s spatial understanding positively, despite occasional errors in placement or orientation.
Their trust, however, was not established solely through its explanations. Half of the participants
tested the agent’s capabilities before beginning the prescribed tasks, using low-risk requests to
determine what it could observe and manipulate. P5 and P9 subsequently reported that their
confidence increased as the tasks progressed.

”...my trust on the agent progress with the tasks.” (P5); “At first I was testing what it could
do, but after it understood the scene and completed several operations, I became more
willing to rely on it.” (P9).

Participants also discussed their confidence on the generated data. HAR-experienced participants
considered the data quality acceptable: *because beneath the agent interface, it’s just a standard
virtual sensor pipeline.” (P7). P1 described the subagent’s analysis function as ”...offering a window
for inspection, definitely more convenient for having this integration.”. P1 acknowledged that the
generated report was not entirely reliable but considered it sufficient for preliminary prototyping.

6.5.4 Theme 4: Natural Language Supported Discovery but Required Manual Refinement for Precision.
Participants did not view natural language as the most efficient medium for every authoring
operation. Participants familiar with 3D editing (e.g. P1, P11 and P12) noted that verbal interaction
could be time-consuming and sometimes insufficient for communicating precise spatial intent.
They described direct manipulation as faster when the desired position or orientation was already
clear, and language as more useful for uncertain, unfamiliar, or multi-step operations that required
discovering functions or learning procedures

*Imagine I'm designing a full smart home environment, like 100 square meters, it would
be challenging to convey my intent...” (P1); “The agent seems knowledgeable on spatial
position for each 3D object, but if I require a detailed positioning, it need to be refined
manually” (P12).

P10 connected this role to familiar difficulties in CAD-like systems: as the number of functions
grows, users must search for tools and learn how individual operations work. From this perspective,
the agent can serve as a coordination and discovery layer over a complex authoring environment,
while direct manipulation remains necessary for precise control. The two interaction modes were
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therefore complementary, with their usefulness changing as intent moved from an open sensing
problem toward a concrete spatial configuration.

Across the interviews, participants described reliance on the agent as conditional on their
expertise, observed evidence of its competence, and access to direct control.

7 Discussion

Our findings connect progressive specification, shared control, and adpative assistance in virtual
sensor authoring. We discuss three design implications grounded in these observations, with
potential relevance to other stateful authoring workflows.

7.1 From Parameter Specification to Authoring Through Execution

Virtual sensor generation is often framed as a parameter-specification problem: users first determine
the activity, sensors, placements, and motions, and then execute the resulting configuration [18,
22, 23]. In our study, participants often began with partial specifications and developed placement,
motion, and recording constraints through inspection of the resulting scene.

Execution therefore served an epistemic, rather than merely productive, role [16]. An executable
state externalized an otherwise underspecified intention: participants could point to it, evaluate it,
modify it manually, or ask the agent to continue from it. This is consistent with accounts of situated
action and reflection-in-action, in which plans are progressively elaborated through engagement
with their consequences [39, 41]. In VsensAgent, the shared 3D scene made those consequences
jointly available to both user and agent, turning execution into a medium for communication.

This shift also broadens what it means to author virtual sensor data. Participants were not simply
selecting parameters for a fixed pipeline. They were constructing an observation model: deciding
which activities and spatial relationships should become visible in the generated signals. The varied
Task 3 configurations illustrate that the same sensing objective can be operationalized through
multiple defensible scene arrangements. This extends accounts of provisional artifacts as resources
for thinking [8, 40] to sensing configurations: participants revised which regions or activities
to observe together with the placements and motions intended to make them observable. The
persistent scene carried these decisions across subsequent manual edits and agent requests.

These findings motivate interfaces based on progressive commitment. Rather than requiring a
complete prompt or autonomously inferring a final specification, an agent should create partial,
inspectable, and reversible states that invite further refinement. Under this view, the agent’s role
is not to replace specification, but to help users make evolving intent executable, observable, and
revisable.

7.2 Co-agency at the Granularity of Operations

If intent develops through execution, control cannot be allocated once for the entire authoring
process. In VsensAgent, participants did not adopt a stable “manual” or “agent-driven” workflow.
Instead, they repeatedly reassigned control across operations: the agent commonly generated avatar
motions and initial configurations, while participants retained direct control over many spatial
refinements. Delegation was therefore bounded and reversible rather than a sustained transfer of
agency.

This operation-level allocation resonates with Parasuraman et al’s argument that automation
should be configured differently across information acquisition, analysis, decision selection, and
action implementation, rather than treated as a single global level [35]. Mixed-initiative interaction
recognizes that initiative may shift during a task [11]; in our study, these shifts often occurred at the
level of individual operations. Language was effective for expressing semantic goals, coordinating
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multiple objects, and invoking procedurally expensive actions. Direct manipulation was better
suited to precise placement, rapid correction, and visually verifying local changes.

The strong delegation of avatar motion should not, however, be interpreted simply as a general
preference for agent control. Motion synthesis was explicitly mediated by the agent, whereas
geometric edits were readily available through direct manipulation. The observed division of labor
thus reflects both user strategy and the distribution of system affordances. More broadly, this
indicates that co-agency is shaped by the relative cost, precision, and inspectability of the available
interaction techniques. Participants also developed different editing habits, suggesting that an
effective allocation cannot be prescribed uniformly across users or tasks.

Designing for operation-level co-agency requires more than offering both a chat interface and a
3D editor. Actions performed through either modality must remain continuous in a shared state:
users should be able to manually revise agent-generated content, and the agent should be able to
interpret and build upon those revisions. Delegation should also be scoped to inspectable operations,
with clear targets, visible effects, and lightweight correction. Rather than asking users to choose a
global level of autonomy, authoring systems should make control easy to hand off, reclaim, and
renegotiate as the artifact evolves.

7.3 Adaptive Scaffolding Without Collapsing the Design Space

The same agent assistance served different purposes across participants. For participants with
limited sensing experience, the agent made the task approachable by supplying relevant concepts
and an executable starting point. Experienced participants often already had a configuration in
mind, but still used the agent to reduce setup effort or to access knowledge beyond their familiar
sensor types. Agent support therefore did not simply compensate for a lack of expertise; it shifted
between conceptual scaffolding, procedural assistance, and domain consultation according to what
the user needed.

Participants valued executable proposals as starting points without requiring participants to
accept a complete solution. Participants commonly treated the generated scene as a draft and revised
its spatial details through further requests or direct manipulation. This suggests that effective
scaffolding should be actionable but non-prescriptive: it should provide enough structure to enable
progress while preserving clear opportunities to inspect, reject, and modify its assumptions.

Task 3 also reveals a potential tension. Final configurations converged around a common high-
level strategy—typically four distance sensors—while differing substantially in their spatial realiza-
tion. Participants’ revisions and rejection of proposals demonstrate active evaluation, but do not
establish whether the initial proposals influenced which alternatives they considered. This conver-
gence may reflect task constraints, participants’ prior sensing knowledge and established authoring
practices, the agent’s recurring proposals, or a combination of these factors. Our exploratory study
of 12 participants, without a no-agent condition, cannot disentangle these influences or determine
whether the agent narrowed the explored design space. Nevertheless, repeated initial proposals may
create an anchoring risk, particularly when several plausible sensing strategies exist, as suggested
by prior work on design fixation [13, 44].

Adaptive scaffolding should therefore regulate not only how much assistance is provided, but
also how broadly the system represents the available alternatives. Instead of presenting one config-
uration as an implicit default, an agent could offer contrasting strategies, explain their assumptions
and trade-offs, or invite users to articulate an initial approach before generating recommenda-
tions [42]. As users demonstrate greater confidence or take more direct control, the system could
reduce explanatory detail while retaining access to deeper guidance when unfamiliar sensors or
environments arise. The goal is not to maximize agent contribution, but to provide sufficient support
without prematurely determining what counts as a valid sensing design.
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8 Limitations & Future Work

Scope and ecological validity. Our study involved 12 participants, one kitchen environment, three
bounded tasks, and a limited set of sensor modalities. This scope enabled close analysis of human-
agent interaction, but does not capture the complexity of larger or longer-term sensing projects.
Real environments could be imported through 3D scanning or Gaussian-splatting reconstruction,
reducing the need to model each scene manually [54]. However, visual reconstruction alone does
not provide the interactive objects, affordances, and structured scene knowledge required for agent
reasoning and execution. Connecting captured environments to editable, semantically grounded
scene representations therefore remains an important research challenge. In larger or multi-room
settings, language may also need to be complemented by pointing, region selection, sketching,
or other spatial input for communicating intent efficiently. Although we evaluated the system
through a desktop interface, the same scene-grounded architecture could also be integrated into
VR, where embodied manipulation, pointing, and spatial reference may produce different patterns
of delegation and control.

Virtual sensor data validity. Our evaluation focused on collaborative authoring rather than sensor-
data validity. The signal-generation procedures follow prior virtual-sensing methods [18, 28, 29, 38,
48, 53], providing a methodological basis for the simulation but not validating each participant-
authored configuration. Participants independently chose placements, orientations, motions, and
tested conditions, and the study did not prescribe a standardized protocol for assessing whether
the resulting signals met each sensing objective. Future work could separate open-ended authoring
from signal validation by evaluating authored configurations under standardized activities and
layouts, comparing simulated and real signals, or measuring downstream model performance.

Causal and system-specific interpretation. We used a fixed task order to support progressive
familiarization before participants undertook Task 3, the most under-specified task. Our aim
was to characterize collaboration within this progression, rather than isolate the effects of task
type. Nevertheless, task characteristics and accumulated experience cannot be separated: growing
familiarity and trust may also have shaped participants’ behavior in Task 3. Cross-task differences
should therefore be interpreted within this ordered study context.

The study did not include editor-only, chat-only, or no-agent conditions. Our results therefore
characterize how participants coordinated with VsensAgent, but do not establish improvements
in efficiency or configuration quality, nor whether agent proposals caused convergence in design.
Selecting a matched baseline is also non-trivial: an editor-only condition necessarily removes the
proposal, knowledge-support, and operation-dispatch capabilities under study, whereas a chat-only
condition removes the shared editable scene. Performance differences against either baseline would
therefore bundle several interaction capabilities and offer limited causal explanation. Moreover,
the observed division of labor reflects the current implementation, in which motion synthesis was
primarily exposed through the agent and geometric refinement through direct manipulation. Future
work could use capability-matched ablations to isolate scene grounding, proposal generation, and
operation execution.

9 Conclusion

We presented VsensAgent, a human—-agent interface that unifies language, direct manipulation,
simulation, and analysis in a shared 3D scene. Across three tasks, 12 participants developed
incomplete goals through execution and shifted between agent delegation and manual editing at
the level of individual operations. These findings frame virtual sensor generation as progressive,
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collaborative authoring in which agent-generated configurations remain inspectable and open to
user revision.
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