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Abstract

Proactive AR agents promise context-aware assistance, but their in-
teractions often rely on explicit voice prompts or responses, which
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Figure 1: We introduce SENSIBLE AGENT, a framework for unobtrusive interaction with a proactive AR agent. While the con-

ventional approach requires users to use voice prompts to instruct agents, SENSIBLE AGENT proactively prompts the user based
on context, toggles context-adaptive unobtrusive interactions, and suggests different types of queries based on the context.

can be disruptive or socially awkward. We introduce SENSIBLE
AGENT, a framework designed for unobtrusive interaction with
these proactive agents. SENSIBLE AGENT dynamically adapts both
“what” assistance to offer and, crucially, “how” to deliver it, based
on real-time multimodal context sensing. Informed by an expert
workshop (n=12) and a data annotation study (n=40), the frame-
work leverages egocentric cameras, multimodal sensing, and Large
Multimodal Models (LMMs) to infer context and suggest appropri-
ate actions delivered via minimally intrusive interaction modes. We
demonstrate our prototype on an XR headset through a user study
(n=10) in both AR and VR scenarios. Results indicate that SENSIBLE
AGENT significantly reduces perceived interaction effort compared
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to voice-prompted baseline, while maintaining high usability and
achieving higher preference.
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1 Introduction

As augmented reality (AR) and extended reality (XR) technologies
become increasingly embedded in everyday life via smart glasses
and head-mounted displays, researchers are re-imagining the roles
of Al agents. Going beyond simply reacting to users’ queries, these
agents are envisioned as proactive assistants, capable of anticipating
and responding to user needs in situ [34, 41]. Users often experience
moments of sensory or cognitive disruption, particularly when nav-
igating unfamiliar transit hubs or coordinating actions in crowded
public spaces, challenging traditional input-driven interfaces. These
moments call for agents that can assess user context and initiate
timely support—even when the user’s hands, eyes, or voice are
unavailable, thereby minimizing the need for explicit interaction.
Recent work has begun to explore proactive agents that sur-
face knowledge or suggestions without direct queries. For instance,
AiGet [8] utilizes smart glasses and large multimodal models (LMMs)
to deliver incidental knowledge as users explore the world. How-
ever, AiGet is primarily designed for curiosity-driven engagement
in low-stakes, slow-paced environments. In contrast, many real-
world AR use cases involve time-sensitive, socially constrained, or
cognitively demanding scenarios where the relevance and delivery
of proactive assistance must be carefully tuned. In these settings,
the question is not just what to suggest, but whether, when, and
how it should be delivered. Figure 1 illustrates a motivating exam-
ple of this contrast: whereas conventional agents rely on explicit
voice commands in public, Sensible Agent unobtrusively adapts its
prompts and input modalities based on real-time context.
Through a formative study involving 40 participants and 960
context-varying scenarios, we found that user preferences for both
content and delivery modality vary widely depending on factors
like temporal urgency, environmental sensory load, social presence,
and task familiarity. For example, users in loud or crowded environ-
ments preferred subtle visual summaries over speech, while those
in solo, focused settings accepted more direct audio prompts. These
findings highlight the need for systems that treat proactivity as a

Lee et al.

context-sensitive coordination problem across intent, modality, and
timing.

Prior systems address individual parts of this challenge. OmniAc-
tions [34] models user activity and context to recommend follow-up
actions using LLM-based reasoning, but focuses intent prediction
and digital workflow support rather than situated delivery. Hu-
man I/O [41] analyzes situational impairments, using multimodal
sensing to dynamically adapt interaction modalities, but it does
not address proactive intent generation or task-level reasoning.
Existing AR interaction techniques often hardcode modality map-
pings or rely solely on environmental triggers alone [7, 29, 67, 71],
limiting their responsiveness to nuanced shifts in user availability,
attention, and social context. Instead, we argue that, to be effective,
proactive agents must jointly infer both what to suggest and how to
present it, grounded in real-time user context and attentional load.
We argue that reasoning jointly over what to do and how to do it
is not simply additive but essential for context-aware AR agents.
A well-chosen modality cannot salvage an irrelevant suggestion,
and a helpful prompt may go unnoticed if delivered via an ill-suited
channel. This integration is particularly critical in socially sensitive
or attention-limited settings.

In this paper, we present SENSIBLE AGENT, a context-aware
proactive AR framework that adapts both the content (what) and
modality (how) of its interventions. The framework comprises two
modules: (1) an action suggestion module using few-shot and chain-
of-thought prompting with LMMs to recommend context-relevant
agent actions, and (2) a modality selection module determining the
most suitable delivery channel (audio, visual, gestural, or passive)
based on real-time multimodal input like gaze, ambient noise, hand
availability. Both modules are guided by a taxonomy of action
categories and context variants derived from our study, enabling
structured conditioning of LLM outputs and policy decisions.

SENSIBLE AGENT is implemented as a WebXR-based prototype
and evaluated on a diversity of realistic, daily scenarios presented
via an Android XR headset. Our evaluation includes: (1) quantitative
annotation of LLM outputs for action and modality appropriateness,
(2) real-time latency benchmarking, and (3) scenario-based system
demonstrations. We find that our dual-pipeline framework enables
proactive support that aligns more closely with user expectations
and contextual constraints than single-stream or modality-agnostic
alternatives.

In summary, we contribute:

SENSIBLE AGENT, a context-aware, proactive AR agent
framework that minimizes user interaction effort by jointly
determining what to suggest and how to deliver it.

A user-derived design implications of proactive actions
and context variants, collected from a workshop study and
a data collection study with 960 user responses across six
everyday activities.

A functional prototype using WebXR, multi-modal sen-
sory input (e.g., hand gestures, head gestures, verbal com-
mand), and LLM prompting to demonstrate modality- and
content-adaptive prompting behavior.

A user evaluation (n=10) quantitatively and qualitatively
comparing agent outputs and delivery strategies during a
variety of realistic scenarios, presented via XR headset.
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Through this work, we take a step toward proactive AR systems
that assist unobtrusively, adapt to real-world social and sensory
contexts, and reduce the burden of communicating with intelligent
agents.

2 Related Work

This section reviews prior work in context-aware AR, proactive
agents, and multimodal interaction techniques. These areas collec-
tively inform the design of our framework for unobtrusive, context-
sensitive AR assistance.

2.1 Context-Aware AR

Context-aware AR the ability to perceive and intelligently respond

to environmental cues like spatial layout, objects, conditions, and
user activity is fundamental for creating e ective and immersive
experiences. Recent advances in LLMs have signi cantly acceler-
ated the capabilities of context-aware AR by enabling richer envi-
ronmental understanding and more sophisticated spatial reasoning.
For instance, Yang et al7f] conducted a comparative study of
Vision-Language Models (VLMs) to evaluate their spatial reasoning
capabilities, providing valuable insights for AR applications. Fur-
thermore, XaiR §1], developed by Srinidhi et al., bridges the gap
between large multimodal models and XR applications, while Xu et
al's XAIR framework for multimodal 3D fusion and in-situ learning
enables more sophisticated, spatially aware Al interactions [74].

Context-aware AR applications are emerging across various
domains. Examples include Al cooking assistants in AR B1],
semantic enhancement of object interactiotd] 16 19, dynamic
interface adaptation to context3g, and gaze-based and gesture-
based disambiguatior8Bp]. While these AR applications advance
interaction with Al, they generally require explicit user input. In
contrast, we study unobtrusive, proactive AR, where the system
anticipates user needs and o ers assistance that requires e ortless
user interaction.

Commercial XR systems like Apple Vision Prand Meta Quest
Prc? o er rich multimodal input such as gaze, gestures, and voice,
but their agents remain reactive, relying on user-initiated com-
mands. These systems lack proactive agent behaviors that are con-
textually modulated based on user state, sensory availability, or
social setting. In contrasGensible Agent integrates proactive con-
tent suggestion with adaptive modality selection, enabling agents
to intervene in a timely and socially appropriate manner without
requiring explicit user input.

2.2 Agents and Proactivity

Proactive agents aim to enhance user experience by anticipating
needs and initiating interactions rather than solely reacting to ex-
plicit requests B2 46 73 79 87. As outlined in a tutorial paper 89,
these proactive behaviors include learning to agk12 37,58 68

78 83 84, topic shifting [27, 38 63 75 and strategy planning with
reinforcement learning, counterfactual dialogue act, and label gen-
eration [2, 10, 37, 45 64, 65. For implementing proactive behaviors,

1Apple Vision Pro: https://www.apple.com/apple-vision-pro/
2Meta Quest Pro: https://www.meta.com/quest/quest-pro/
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multiple choice question answebf[] allows us to de ne the prob-
lem as next-token prediction aligning well with LLM loss functions
and training data.

Beyond these core behaviors, various systems demonstrate proac-
tive capabilities in speci ¢ contexts. Parse-Ego4ID§ ers personal
action recommendation annotations. Sato8d proactively guides
users by modeling their mental states and environmental context in
AR. YETI B] learns scene understanding for potential intervention.
Less or More §9 presents glanceable LLM explanations on smart-
watches. COWPILOT supports web navigatidi] by suggesting
next steps users can take. Similarly, OmniActioi®][ predicts and
suggests users action based on multimodal sensory inputs, such as
images and audio. The system is triggered by certain actions such as
scanning text or the event of taking a picture. While OmniActions
focuses on predicting potential user follow-up actions primarily
for digital work ow support, our work centers on the challenge of
situated deliverySensible Agent adapts not only what assistance
to o er, but crucially how to present it via unobtrusivenodalities
selected based on real-time multimodal context sensing.

Other research explores proactive engagement for speci c user
needs. ComPeer is a text-based conversational agent that actively
pings users based on previous conversation data and context to
provide companionship and mental suppo#(. Needs Companion
de nes a data model for service needs and uses a VA and LLM for
needs elicitation and analysis through voice dialogé&[ Zhang
et al. leverages generative agents in a role-playing game to guide
users to follow certain actions and in consequence elicit behavioral
change such as environment-friendly behavio®(. However,
these works primarily focus on proactively guiding or intervening
with users. In contrast, we center on minimizing interaction friction
by adapting what assistance to o er and, crucially, how to
interact based on real-time multimodal context sensing.

2.3 Feedback Channels in Human-Agent
Interaction

E ective communication in human-agent interaction relies not
only on the agent's output but also on the user's ability to provide
appropriate, timely feedback. Prior research has explored a range
of modalities through which users can signal feedback, ranging
from explicit, intentional utterances to subtle paralinguistic and
non-verbal cues.

2.3.1 Explicit feedbackxplicit input methods, such as spoken

or typed commands, remain the primary means by which users
provide feedback to voice-based agents. Diederich.¢18] identify
communication modality voice, text, or both as a central design
dimension of conversational agents, enabling users to issue requests,
con rmations, or corrections in natural language. Seymour and
Van Kleek{59] highlighted the impact of speech as an interaction

a ordance and described how the shift to conversational interfaces
has made interactions with assistants more social in nature.

2.3.2 Whispering/Vhispering has emerged as a modality that en-
ables private or low-disruption interactions with voice assistants.
Cho[11] examined how whispering a ects user perceptions when
querying sensitive health information. They found that whisper-
ing increased perceptions of social presence and comfort under
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low-sensitivity conditions. Rekimot§55] introduced DualVoice,

a whisper-classi cation mechanism that distinguishes between
whisper and normal speech to support mode switching, e.g., whis-
pering for commands and speaking normally for content input. In
a follow-up work, the same author introduced WESPER[ a sys-
tem capable of converting whispered speech into audible speech in
real-time, enabling silent, unobtrusive interactions in public spaces.

2.3.3 Paralinguistic feedbaélaralinguistic feedback includes non-
lexical conversational sounds (NLCS), suchmsn-hm, uh-huh,
and oh, which convey a range of social cues. WgitD] identi ed

Leeetal.

2.4 Interacting with AR in public

Integrating AR devices into public settings presents unique chal-
lenges concerning user comfort and social acceptability. Addressing
these factors is crucial for facilitating seamless and comfortable
public interactions with AR technologies.

Recent studies have explored the social dynamics of AR usage
in communal environments. For instance, Kaeder et 24 jnvesti-
gated how di erent virtual display layouts a ect users' perceived
productivity, feelings of safety, and social acceptability when work-
ing with mixed reality in public spaces.

Similarly, Pavanatto et al§2 examined both user and bystander

sever_al cat_egories of such s_our_lds including ac_knowledgements, af- experiences of XR displays in real-world settings. The study re-
rmation, dlsagreement,_hes_ltgtlon,_and _reallzatlon. These cues can yealed that while users generally accept XR technology in public,
express user feedback implicitly, signaling engagement, confusion, tactors such as previous XR experience and personality traits can

or alignment and can serve as an unobtrusive input method for
users to provide feedback.

2.3.4 Non-verbal feedba&kmnerging interaction contexts such

as walking, multitasking, or using devices in public necessitate
alternative input modalities beyond traditional hand or voice input.
For instance, Cho et al1fl] examined how users whisper to voice
assistants when discussing sensitive health topics, nding that
whispering fosters a greater sense of privacy and comfort. Here, we
can see that the role of modality is not only in enabling interaction
but also in shaping the social acceptability of agent use across
contexts.

While walking, traditional interaction techniques such as hand
gestures can be unreliable. Zhou et 81] found that pinch ges-
tures take signi cantly longer to execute when users are in motion,
and hand input may be unavailable entirely when users are car-
rying items or wearing gloves. To address this, researchers have
investigated hands-free input methods that are less sensitive to
body posture or hand availability. These include intraoral input
using tongue or lip movementZ3, and silent speech recognition
through capacitive dental interface®§, though these approaches
often require specialized hardware.

Other techniques leverage full-body motion during ambulation.
Gaze input has been explored for hands-free cursor control, but may
divert attention from environmental hazards, introducing safety
concerns. In response, several works have explored interaction
strategies tailored for mobile AR use. Lages and Bown®G jpro-
posed interface adaptation techniques for AR transitions during
walking. Mdller et al. 37 introduced WalkType, which maps lateral
walking shifts to interface selection by rendering options as paral-
lel paths on the ground. Kumar et al2§ extended this technique
by combining footpath gestures with gaze for secure AR headset
authentication. More recently, GaitGesturedf demonstrated that
intentional changes in stride length and foot strike can be used as
a low-e ort, hands-free input method during locomotion.

Head-based input has also been explored as a socially acceptable

and minimally disruptive modality. Tanenbaum et a7 use head
rotation to control avatar facial expressions, while commercial
systems like AirPods Pro incorporate simple head gestures for call
handling. Prior research has also shown that nodding or pointing
the nose can enable discrete Ul selectid@[and even serve as
an authentication mechanisn8f, making head gestures a viable
modality for subtle, context-aware interactions in AR.

impact perceptions.

Lu and Bowman 43 introduced the concept of Glanceable AR
interfaces, designed to provide users with quick, unobtrusive ac-
cess to information through peripheral displays. Their in-the-wild
evaluations demonstrated that such interfaces are less distracting
and more socially acceptable for everyday tasks in public settings.
Incorporating these insights, our framework emphasizes the de-
velopment of AR interactions that are not only functional but also
socially considerate. By focusing on user-centric design principles,
we aim to facilitate AR experiences that users can comfortably and
con dently engage with in public settings.

Informed by this prior work on feedback channels, we introduce
Sensible Agent. Our framework focuses on unobtrusive proactiv-
ity by dynamically adapting both how assistance is delivered
and what feedback modalities are supported, based on real-time
multimodal context.

3 Workshop Study

To explore users' motivations and scenarios in which they would
require a proactive AR agent, as well as their preferred interaction
methods, we conducted a workshop study.

3.1 Study Procedure

We recruited 12 participants internally from Google with diverse
backgrounds (engineers, designers, researchers, students). The work-
shop began by introducing proactive AR agents, contrasting them
with the existing user-prompted AR agents (illustrated via a Project
Astra [17] video). Using a shared digital whiteboard, participants
brainstormed over two structured ideation rounds, each addressing

a speci c research question:

RQ1: What types of proactive queries would users like the
agent to initiate? Speci cally, in whasituationshould the
agent act, whatctionor queryshould it perform, andvhy

is proactive behavior necessary?

RQ2: How should users interact with the agent in public
settings? This included considerations of both thatput
modality (how the agent should present its proactive queries)
and theinput modality (how users would respond).

In each round, participants had 10 minutes to re ect and post
ideas, followed by group discussion to present and aggregate thoughts.
Two moderators ensured equal participation and captured key
points. The workshop lasted approximately one hour.
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3.2 Findings
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Suggestion and Option Surfacing (n=6). O ering creative or

We conducted a thematic analysis of responses, drawing on design €xploratory ideas when users have no concrete goalg,(sug-

space frameworks from prior art44, 76. We focused on contexts
where users desired proactivity, the actions they expected, and
their reasoning. These ndings shaped our frameworkighat and
how modules. These ndings shaped the design of our framework,
particularly how the agent determinesvhat to do and how to
present it. Participants are denoted as W1 W12.

3.2.1 When do we need proactive AR agents?

Participants described scenarios in which they expected agents to
anticipate needs and act without explicit input. Across 12 partici-
pants and 45 scenarios, six recurring contextual factors emerged:

Repetitive, Predictable Activities (n=9). Participants described
routine scenarios in which their next actions were both predictable
and repetitive. They expressed frustration with having to repeat-
edly issue explicit commands for tasks they perform frequently. For
instance, W1 noted) have daily routines such as taking a bus and

gesting interior decor, restaurant options, or AR visualizations for
artwork).

Error Detection and Guidance in Tasks (n=5). Providing
real-time guidance during procedural or skill-based tasks when
users pause, struggle, or deviated, correcting instrument nger-
ing, helping with furniture assembly, pointing out cooking errors).

Environment or Object Control (n=4). Automatically inter-
acting with physical or digital systems based on routine or context
(e.g, turning o lights, logging food, muting phone calls while
driving).

While speci ¢ actions varied, participants consistently preferred
contextually timed, non-intrusive suggestions that reduced the
burden of remembering, navigating Uls, or formulating questions.

3.2.3 How do we want to interact with proactive AR agerRs?-
ticipants emphasized the need for unobtrusive, contextually appro-

playing Spotify. In this case, the agent should learn this and suggespriate interaction methods:

it rstwhen | get on the bus
Public or Socially Awkward Situations (n=6). Participants
noted that verbal interaction was socially uncomfortable or inap-
propriate in public or quiet environments (e.g., libraries, cafes).
Uncertainty or Lack of Awareness (n=4). Participants de-
scribed situations in which they were unsure what assistance to
request or unaware of the agent's available capabilities. In these

Hand Gestures (n=10). Participants frequently suggested hand
gestures as subtle means of interaction but explicitly noted limita-
tions when engaged in hand-intensive tasks.

Head Gestures (n=5). Simple head movements such as nod-
ding, shaking, or slight tilting were popular due to their subtlety
and intuitive nature. If the agent asks a simple yes-no question, |
could just slightly nod or shake my head without anyone noticing,

cases, proactive suggestions were seen as bene cial. W9 mentioned:explained a participant (W7).
Sometimes, | don't even know what's possible to ask; proactive sug- Gaze-based Interactions (n=5). Gaze inputs like blinking or

gestions would help me discover useful actions.

Unfamiliar Environments or Activities (n=5).  Participants
desired proactive guidance in new settings or during unfamiliar
activities, such as visiting a new city or starting a hobby. Some

emphasized the need for varied suggestions in these situations (W6,

W7, W10).
Time-sensitive Scenarios (n=4). Participants identi ed high-

gaze-dwelling were identi ed as useful, especially when hands were
unavailable or the user wished to interact privately.

Subtle Auditory Inputs (n=4). Participants suggested NLCS
and whipsering as an alternative for a less intrusive way than overt
speech.

Integrated Activities (n=3). Some participants proposed em-
bedding response to proactive suggestions into ongoing activities

pressure contexts (e.g., rushing to catch transport) as prime oppor- (e.g, continuing a task as implicit con rmation).

tunities for proactive assistance. W5 sai#then I'm rushing, | don't

Nine participants explicitly or implicitly referred to Situation-

have the mental capacity to have a full blown conversation with an ally Induced Impairments and Disabilities (SIIDg1] 72, which

agent.

These ndings illustrate the necessity of considering contextual
variables like familiarity, social environment, urgency, and uncer-
tainty to e ectively shapewhat proactive actions the agent should
suggest.

3.2.2 What do we want proactive AR agents to do?

We found signi cant overlap between the contexts @fhen and
participants' suggestions fawhat the agent should do. However,
participants also explicitly articulated desired proactive actions:

Information Delivery (n=11). Delivering relevant context-aware
information without explicit user query €.g, translating menus,
recognizing landmarks, or o ering pronunciation feedback in lan-
guage learning).

Reminders and Noti cations (n=9). Nudging users about for-
gotten intentions or events based on routine or temporal triggers
(e.g. picking up medication, sending messages when late, stocking
household items).

in uenced their preferences for both how the agent should present
itself and how they would interact with it.

3.3 Design Implications

Our ndings suggest that users' expectations for proactive AR
agents are shaped not only by the activity at hand but also by ne-
grained situational factors that in uence the relevance of proactive
actions (vhat) and the appropriateness of interaction modalities
(how). We outline ve key design implications that directly informed
our framework:

(1) The same activity may require di erent proactive be-
haviors based on contextual variants. Participants often de-
scribed repeated taske.g, navigating an airport, visiting a mu-
seum) where the proactive action varied depending on environmen-
tal familiarity, time pressure, or social setting. This suggests that
static task-based modeling is insu cient. Proactive systems must
account for how variations in context shift the user's expectations.
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Our framework addresses this through a context similarity mod-
ule in the what pipeline, allowing the system to adapt actions to
nuanced di erences across similar scenarios.

(2) Social engagement and public settings signi cantly con-
strain interaction modalities.  Participants expressed reluctance
to interact with agents via speech or overt gestures in socially
sensitive environmentsg.g, meetings, public transit). This high-
lights the need to reason about social acceptability not just sensor
availability when choosing output and input modalities. In our
framework, this is addressed by incorporating social engagement
as an explicit factor in determining interaction modality.

(3) Temporarily impaired input/output channels are com-
mon in everyday settings. Rather than permanent disabilities,
participants frequently described moments where they were vi-
sually, audibly, or physically unavailable due to the activity.g,
eating, driving, holding an object). These temporary impairments
also described in prior work such as SSH] should be treated
as rst-class input to the system. Our framework integrates this
insight into the how module, enabling dynamic modality selection
based on real-time multimodal sensing.

(4) Users welcome suggestion diversity when uncertain,
but prefer precision when familiar.  When participants were
unsure of their goals or facing novel tasks.f, decorating a room,
visiting a museum abroad), they welcomed diverse suggestions. In
contrast, familiar routines called for focused, streamlined actions.
In response to this, our system's suggestion generation module
varies the breadth and structure of proactive queriesy binary
vs. multi-choice) depending on user familiarity with the activity.

(5) Embedded, multimodal con rmations lower friction
in high-e ort scenarios. Participants often preferred con rming
or rejecting proactive suggestions through natural, low-e ort be-
haviors €.g, nodding, gaze dwelling, continuing the current task).
This indicates that con rmation should be implicitly embedded in
the interaction rather than handled through explicit follow-ups.
Our interaction module prioritizes combining multimodal signals
(head, hand, voice, gaze) to enable con rmation mechanisms with
minimal cognitive or physical e ort.

4 Sensible Agent : A Framework for
Context-aware Unobtrusive Proactive Agents

We presentSensible Agent , a framework for building proac-
tive AR agents that prioritize unobtrusive interaction and minimal
user e ort. Unlike traditional systems that rely on user-initiated
queries, our framework is designed to anticipate user needs and
respond proactively, while adapting both the content and delivery
of suggestions to situational context.

The framework consists of two interdependent reasoning mod-

ules, as illustrated in Figure 2: tt ACTION RECOMMENDATION MODULE

(What) and the INTERACTION ADAPTION MQPBloig. While our
prototype implements the core components of both modules, cer-
tain capabilities such as context similarity based on long-term user
history are part of the envisioned design and discussed as future
directions.

Leeetal.

4.1 Action Recommendation Module (What)

This module determines what actions the agent should proactively
suggest in a given context. It is designed to anticipate user intent
and reduce decision-making burden by tailoring suggestions to
situational cues and prior behavior.

User Context Adaption. The CONTEXT SIMILARITY MQBBSE
the current user contexéxtracted in real time and encompassing
dimensions such as activity and location familiarity, perceived cog-
nitive load, social engagement, and temporal urgency. In the frame-
work, it also draws on auser context historgnd prior user actions
enabling the system to learn from repeated patterns or behavioral
regularities.

LMM Reasoning. Based on the current context and user his-
tory of similar context the PROACTIVE ACTION MOBDOLENly
determinesvhataction(s) to suggest but also selects the most appro-
priate presentation formatVe de ne three three primary formats,
ordered from most to least e ort for the user:

Multi-choice Selection: Presented when several possible
actions may be contextually appropriate, allowing the user
to choose from.

Binary Con rmation: Employed when a single action is
predicted with high con dence, but explicit user con rma-
tion via a "yes'/'no' respond is required.

Icon-based Cue: Deployed for highly probable, low-stakes
actions where user intent is inferred with very high con -
dence. The agent proactively visualizes a relevant graphical
icon (e.g, a translation/menu icon) in peripheral region, af-
fording user interaction with minimal interruption.

4.2 Interaction Adaption Module (How)

This module determines how the proactive suggestion should be
delivered and how the user should interact with it, based on real-
time input/output availability and context-driven appropriateness.
User Context Adaption with I/O Channels Availability. ~ The
HOwmodule shares the same couser contexéxtracted for the
WHATmodule but further considersput-related contexsuch as
whether the user's hands are occupied, their environment is noisy,
or they are engaged in conversation. These additional cues re ect
situationally induced constraints that a ect interaction feasibility.
User Input Similarity. While not yetimplementedNTERACTION
CONTEXT SIMILARITY MOGamponent would compare current
input-related context to prior interaction patterns, helping re ne
modality decisions based on similarity to previously successful in-
put conditions. This design is informed by the concept of SIIB4][
which describe temporary constraints on user input/output chan-
nels.
Presentation Strategy. The QUERY PRESENTATION MGBULE
lects how the agent's proactive suggestion is presented to the user,
choosing from:

Visual-only: On-screen Ul elements, icons, or overlays.
Auditory-only: Spoken messages or system voice prompts.
Audio-visual: Redundant or complementary presentation
across both channels.

Presentation strategy is determined based on environmental and
social context. For example, in a quiet or very noisy public setting,
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Figure 2: Detailed data ow of the Sensible Agent

sentation modality and input modalities.

the agent may suppress audio and rely on visuals, while in visually
demanding taskse(.g, biking), auditory prompts are prioritized.
Interaction Modality Adaption. The INTERACTION MODALITY

MODULHetermines which input modalities are enabled for con-

rming or responding to proactive suggestions. It considers both
the user's input-related context and the selected presentation strat-
egy. For instance, if the output is visual-only and the user is not

looking at the screen, gaze-based input is not viable. Modalities
supported include:

Gaze (dwell): Used for visual interfaces, enabling binary or
multi-choice input by tracking where the user looks. Buttons
are triggered by holding still for one second.

Hand gestures: Uses explicit gesture recognitioe (g, open
palm, st) rather than raycast-based pointing, enabling con-
rmation or selection even when direct targeting is not fea-
sible.

Head gestures: Supports nodding and shaking for binary
prompts, and directional tilting €.g, left, right, backward)
for multi-choice selection.

Voice input: Enables spoken responses using lightweight
verbal commands. For binary interactions, users may re-
spond with naturalistic non-conversational lexical sounds
(NCLS) such asuh-huh or mmm-mm For multi-choice
prompts, the agent supports one-word commands such as
one two, or three

framework. An
and determines the suggested action in one of three primary formats, and an
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ACTION RECOMMENDATION K WHA)Rakes user context
INTERACTION ADAPTION M HOW selects pre-

These input modalities can be used independently or in combi-
nation, depending on user availability and task constraints. The
design prioritizes interaction methods that are socially acceptable
and impose minimal cognitive or physical load.

4.3 Module Integration

The two modules operate in parallel and share context inputs. The
WHATmodule determines the structure and content of the sugges-
tion, which then informs the HOWmodule's choice of presentation
and interaction modality. For instance, a multi-choice suggestion
during a high-cognitive-load task may trigger a visual interface
with hand gesture input, whereas an icon-based prompt during a
routine task may use gaze-only interaction.

Together, these modules support a context-aware proactive agent
that adapts not only to what the user needs, but how they can
most easily engage. In the following section, we describe how we
implemented the core components of this framework in a functional
prototype and outline the system capabilities currently supported.

5 Prototype Implementation

We implemented a WebXR-based working prototype of our context-
aware proactive AR agent system, focusing on the core modules
identi ed in our framework: the proactive action module and the
adaptive interaction modality module. Our system leverages LMMs
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Figure 3: System architecture of our proactive AR agent prototype. The full system is implemented in WebXR with support

for real-time interaction in 360  videos or video see-through AR environments. The system processes visual and audio input
(1) and parses contextual attributes such as familiarity, urgency, and environmental noise using a VLM and YAMNet. (2) Based

on the parsed context, the proactive query generator formulates a suitable suggestion, including its agent action, presenta-
tion modality, and query type. These are passed to the interaction module, (3) where the Ul manager renders the query and
the (4) input modality manager enables one or more input modalities (  e.g, gaze, hand, head, voice) based on feasibility and
appropriateness. The interaction module then forwards the selected option by the user to the (5) response generator.

to infer real-time context and generate proactive suggestions and Context ParsingThe rst layer uses the visual input along with

interaction strategies accordingly. manually injected user-speci ¢ variables, such as task familiarity
We describe the overall architecture and interaction ow of the  or temporal urgency, to identify key contextual attributes. These

system, followed by details of our data collection study, which include physical environmentd.g, type of space), user state.,

informed the agent's suggestion generation logic. hands occupied, conversational setting), and social or environmen-
tal constraints €.g, noise level, presence of others). This layer sim-
5.1 System Architecture ulates the role of the context similarity module in our framework,

although it does not perform explicit similarity computation across
historical data. We use Chain-of-Thought (CoT) prompting here to
extract structured outputs through intermediate reasoning steps,
enabling more accurate context decomposition.

Figure 3 illustrates the overall architecture of our prototype, includ-
ing context parsing, query assembly, inference, and agent response
integration. The system operates on egocentric video input, which
can come from a real-time video see-through (VST) stream through
Android's Camera2 APlor a 360 pre-recorded video. The latter

is primarily used to simulate environmental contexts in controlled ) ) ]
study conditions where live capture is not feasible. Proactive Query Generatiofhe output from the rst layer is

When a trigger event is detected such as a pause in activity Passed to the second Iay(_er, _which generates the proactive query the
or gaze xation a single image frame is extracted and sent to the ~29gent should present. This includes three elements: the action con-
system's reasoning pipeline. This pipeline consists of three layers: t€nt (€.g, suggesting information or assistance), the query format
a context parsing layer, a proactive query generation layer, and a (multi-choice, binary, or icon-based), and the suggested presenta-
response generation layer. Each layer operates using LMMs (GPT-tion modality (visual, auditory, or both). Although our framework
40), conditioned through in-context learning with structured input ~ initially distinguishes between thc WHATand HOwmodules, we
examples derived from our data collection study. found that the decision around presentation modality is closely

entangled with the action content and context. As such, this com-
ponent is computed together with the query in the second layer,
3Camera2 AP!: https://developer.android.com/media/camera/camera2 while the input modality constraints are handled downstream.



	Abstract
	1 Introduction
	2 Related Work
	2.1 Context-Aware AR
	2.2 Agents and Proactivity
	2.3 Feedback Channels in Human-Agent Interaction
	2.4 Interacting with AR in public

	3 Workshop Study
	3.1 Study Procedure
	3.2 Findings
	3.3 Design Implications

	4 Sensible Agent: A Framework for Context-aware Unobtrusive Proactive Agents
	4.1 Action Recommendation Module (What)
	4.2 Interaction Adaption Module (How)
	4.3 Module Integration

	5 Prototype Implementation
	5.1 System Architecture
	5.2 Proactive Actions Data Collection Study
	5.3 Interaction Modality Implementation

	6 Applications
	7 Preliminary Evaluation
	7.1 Participants
	7.2 Apparatus and Experiment Design
	7.3 Procedure
	7.4 Results
	7.5 Qualitative Feedback

	8 Discussion
	8.1 Proactivity as a Social Cue
	8.2 Modality Fusion Based on Situational Weighting
	8.3 Modeling Modality Preferences

	9 Limitations
	10 Conclusion and Future Work
	Acknowledgments
	References
	A Action and Context Categories
	A.1 Context Categories
	A.2 Action Categories
	A.3 Context Variant, Query Type, Activity Distribution
	A.4 Usefulness Rating

	B System Latency and Prompting Efficiency
	C SUS Subscale Scores

