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Abstract
Unlike the free exploration of childhood, the demands of daily life re-
duce our motivation to explore our surroundings, leading to missed
opportunities for informal learning. Traditional tools for knowledge
acquisition are reactive, relying on user initiative and limiting their
ability to uncover hidden interests. Through formative studies, we
introduce AiGet, a proactive AI assistant integrated with AR smart
glasses, designed to seamlessly embed informal learning into low-
demand daily activities (e.g., casual walking and shopping). AiGet
analyzes real-time user gaze patterns, environmental context, and
user profiles, leveraging large language models to deliver person-
alized, context-aware knowledge with low disruption to primary
tasks. In-lab evaluations and real-world testing, including continued
use over multiple days, demonstrate AiGet’s effectiveness in uncov-
ering overlooked yet surprising interests, enhancing primary task
enjoyment, reviving curiosity, and deepening connections with the
environment. We further propose design guidelines for AI-assisted
informal learning, focused on transforming everyday moments into
enriching learning experiences.
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1 Introduction
“The real voyage of discovery consists not in seeking new landscapes,
but in having new eyes.” – Marcel Proust.

Our daily surroundings are filled with rich knowledge, from
building designs to local flora and fauna, offering countless opportu-
nities for discovery and informal learning from everyday moments
[6, 13, 55]. Such informal learning not only allows us to gather
useful knowledge about our surroundings but also fosters critical
thinking and diverse perspectives, helping us adapt to new situa-
tions and inspire innovation [32, 38, 72]. Yet, modern adult life often
disconnects us from these rich opportunities, making us “blind” to
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Figure 1: A day with AiGet, a wearable knowledge discovery assistant equipped with AR smart glasses and a ring mouse. (1)
While casually walking, AiGet actively analyzes the user's gaze patterns and identi�es �interesting� environmental entities. (2)
AiGet recognizes the spider lily that the user brie�y glanced at as a valuable opportunity for informal learning, considering her
interest in plants in the User Pro�le and lack of knowledge about the �ower. (3) Using contextual data, the system generates
multiple knowledge candidates and selects the most valuable one about the spider lily for the user. (4) AiGet delivers multimodal
feedback, including audio, text keywords with emojis, and an image with a bounding box for the �ower to help the user locate
the �ower and gain information with minimal interference to primary tasks. (5) Surprised by the knowledge delivery about
the overlooked �ower, the user uses the ring mouse to ask follow-up questions. (6) Later, AiGet continuously helps her uncover
design details behind the campus architecture and compare two unfamiliar snacks, aligning with her interest in healthy diets,
etc. (7) When the user meets a friend who owns a cat, she shares what she learned from AiGet�that spider lilies are toxic to
pets�enriching their social interaction.

such discoveries. Pressed by daily demands, adults focus on pri-
mary tasks with higher priority (e.g., rushing for work and studies),
bypassing opportunities for curiosity and exploration. We also tend
to prioritize immediate rewards, avoiding the perceived e�ort of
learning [64]. Moreover, the rise of smartphones and social media,
which o�er e�ortless access to knowledge, has further diverted our
attention from the physical world. As a result, we may overlook
rare migratory birds in our backyard while being well-versed in
exotic species from online videos; we may enjoy cooking videos
about exotic ingredients but remain unaware of unique vegetables
like purple broccoli available at the local supermarket.

Emerging technologies like Multimodal Large Language Models
(MLLMs) [108] and wearable devices, such as smart glasses, o�er
new possibilities for "having new eyes" to discover hidden knowl-
edge in our environment. By using cameras on smart glasses to
sense the surroundings, MLLMs, with their vast knowledge base,
can identify relevant information about entities in the environment
and proactively deliver it via smart glasses, even when users are
engaged in other tasks like commuting. However, this approach
faces two challenges: (1) given the multitude of elements that can
be explored in our surrounding environment, it remains unclear

which types of knowledge users value most in everyday moments;
(2) although proactive knowledge delivery may reduce the e�ort
for manual searches (e.g., using Google or ChatGPT), it could also
disrupt primary tasks if not carefully designed. These challenges
may hinder the adoption of proactive wearable knowledge discov-
ery assistants. As a result, existing work has largely focused either
on user-initiated queries (e.g., users look at a target and ask for in-
formation) [39, 61, 100], or limited learning content, such as foreign
vocabulary [5] or pre-registered material (e.g., AR in museums [90]),
limiting deeper engagement with the everyday environment.

This leads to our main research question and design goal:How
can we utilize wearable intelligent assistants to help users rediscover
the hidden yet desired knowledge embedded in the surrounding
environment withreduced interference to their primary tasks in
everyday settings?

To answer this question, we �rst conducted a formative study to
identify users' learning interests and challenges in everyday con-
texts. The results revealed four cognitive biases and limitations that
hinder users from discovering hidden knowledge: time constraints,
inattentional blindness, lack of motivation to explore familiar en-
vironments, and a preference for staying within comfort zones
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rather than exploring unfamiliar ones [11, 69, 75, 84]. Despite these
challenges, participants consistently expressed enthusiasm for a
proactive wearable assistant capable of identifying �unseen� and
�unknown� knowledge across di�erent contexts.

Building on these insights, we designed and implementedAiGet,
a proactive AI assistant integrated with AR smart glasses, address-
ing these limitations by seamlessly embedding learning opportu-
nities into daily activities. It analyzes real-time user gaze patterns
alongside environmental context and �ne-tunes knowledge using
personalized user pro�les. While existing systems often rely on
user-initiated interactions or focus solely on objects in the user's
direct line of sight,AiGetextends these capabilities by proactively
identifying useful insights about entities in the broader visual �eld,
including areas not under the user's immediate attention. This
approach accommodates both �unseen� and �seen but unknown�
knowledge, enabling users to discover valuable information they
might have otherwise missed.

AiGet's design is carefully tailored for everyday mobile scenar-
ios, ensuring seamless integration alongside primary tasks, with
two key aspects: 1)Information Content: To enhance perceived
usefulness and reduce annoyance,AiGet prioritizes knowledge
that balances novelty, personalization, usefulness, and unexpect-
edness [56, 58, 88]. 2) User Interface Design: To reduce interference
and maintain environmental awareness, the system employs multi-
modal output: keywords and emojis for gist, images with bounding
boxes for spatial reference, and audio for details, making knowl-
edge absorption easier. To provide user control while minimizing
con�icts during undesired learning moments (e.g., rushing through
time-sensitive errands),AiGet uses a ring mouse and subtle ges-
tures for interactions such as turning the system on/o�, canceling
displays, or initiating follow-up queries. This integrated design
naturally embeds learning opportunities into daily activities while
remaining unobtrusive and user-friendly.

We conducted in-lab simulations with 12 participants and real-
world evaluations involving 18 participants (with 6 for continued
usage for up to 7 days) in low-demand daily activities1, such as
casual walking, shopping, and museum exploration.AiGetdemon-
strated e�ectiveness in uncovering overlooked knowledge in envi-
ronments, providing information that expands users' knowledge
bases while being useful, personalized, and surprising. As a result,
it enhanced primary task enjoyment through relevant and timely
information delivery, revived users' attention and curiosity about
surroundings, deepened their connection with their environment,
and demonstrated potential for long-term usability across diverse
daily contexts.

Our contributions are threefold: (1) Design insights for analyzing
the real-time multimodal environmental and user context to facil-
itate informal learning in everyday settings, addressing common
barriers to spontaneous knowledge acquisition. (2)AiGet, a proof-
of-concept wearable intelligent assistant carefully designed for
mobile everyday usage, transforming daily moments into knowl-
edge discovery opportunities and supporting the acquisition of
personalized, context-relevant information. (3) Empirical insights

1In our context, we focused on daily tasks with relatively low temporal or cognitive
pressure, excluding tasks such as focused work to avoid overwhelming users.

into how AI-assisted knowledge discovery can enhance engage-
ment with one's environment by identifying �unseen and unknown�
knowledge, reviving curiosity, and increasing attention to surround-
ings, along with design implications for future wearable informal
learning assistants.

2 Related Work
This section provides: (1) an overview of learning in daily life and
the computing technologies that support it, (2) recent trends in
using AI to enhance learning in everyday contexts, and (3) wearable
solutions that facilitate learning during daily activities.

2.1 Computing Technologies for Learning in
Daily Life

Learning occurs not only in formal settings like schools, with in-
structors and structured curricula, but alsoinformally in daily life,
where knowledge and skills are gained through everyday experi-
ences and interactions [31, 53]. Such informal learning can occur
either intentionally (a.k.a. self-directed, where learners initiate
their learning) orincidentally (a.k.a. serendipitous, where learning
occurs unexpectedly or unintentionally, often as a result of chance
encounters), at any time and place within daily contexts [31]. It,
thereby, fosters more �exible learning in everyday environments
[6, 72]. However, such informal learning poses challenges such
as maintaining motivation and engagement [91] and balancing
learning with the time constraints of daily activities [67, 72].

Ubiquitous computing devices, including mobile phones and Aug-
mented/Mixed Reality (AR/MR) head-mounted displays (HMDs),
have enabled learning at any time and place [105], thereby increas-
ing computer-assisted learning opportunities [7, 62]. The sensing
capabilities of these devices also allow for contextual awareness, en-
hancing both intentional and incidental daily learning by aligning
content with learners' contexts [24, 36, 43]. Supportive systems that
leverage context-awareness for daily learning include identifying
suitable learning moments [24, 50, 57], delivering context-speci�c
learning content [12, 35, 36, 90, 98], and providing manageable,
situational knowledge [62]. These approaches have been shown to
enhance learners' motivation, engagement, and knowledge reten-
tion [73, 86].

Despite these advances, traditional informal learning systems
are often topic- or domain-speci�c, such as foreign languages [43],
courses [17], or certain daily activities like cooking [106], restricting
their applicability to diverse everyday scenarios. We aim to extend
this by utilizing context-aware devices (e.g., AR smart glasses) to
support open-world knowledge discovery, addressing constraints
such as time and topic limitations through AI-driven technologies.

2.2 Leveraging Machine Learning and AI to
Enhance Daily Learning

Recent advances in machine learning (ML) and arti�cial intelligence
(AI), particularly in Natural Language Processing and Large Lan-
guage Models (LLMs, including Multimodal LLMs), have expanded
the possibilities for informal learning [76]. These technologies en-
able systems to understand natural language queries and generate
content on any topic, o�ering open-world knowledge and adapt-
ability to di�erent learning contexts [20, 81, 107]. Examples of such
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AI-assisted informal learning systems include chatbots and visual
question answering (VQA) systems [4], which support learning
both in digital contexts (e.g., simulated cultural heritage [101]) and
physical settings (e.g., daily objects [33, 61, 100], everyday activi-
ties [39], and museums [16, 80]). These systems are excellent for
intentional learning, where users actively seek knowledge, but they
often lack support for incidental learning, which we aim to address.

To enhance user experiences, LLM-based systems increasingly in-
corporate personalization through individual user pro�les or group
personas [41, 83, 92, 104]. Personalized systems have been shown to
increase engagement and motivation for informal learning [28, 34],
yet many LLM/MLLM-based informal learning tools still lack per-
sonalization capabilities (with notable exceptions like the proposed
G-VOILA framework [100], yet without implementing this feature
for real-world evaluation). While we envision integrating personal-
ization with LLM-based systems could enhance informal knowledge
generation, how to accommodate both long-term preferences and
real-time context remains underexplored, especially for incidental
learning scenarios where users lack explicit learning intentions. In
this work, we investigate how personalized MLLM-based systems
can leverage context awareness to enhance the informal learning
experience during daily activities.

2.3 Wearable AI Assistants for Everyday
Learning

Wearable devices o�er greater convenience and continuous use com-
pared to traditional computing devices across various domains [54].
They enable new paradigms, such as wearable computing [30]
and heads-up computing [111], which provide real-time assistance
during daily activities, including learning [2, 29, 51]. In particular,
AR/MR HMDs (a.k.a. AR smart glasses) display digital information
overlaid on the physical world [8, 14], enhancing context-aware
learning experiences [23, 60, 68, 98, 102].

The integration of LLM/MLLM-based AI into wearable devices,
coupled with in-situ context sensing [37, 40], unlocks new oppor-
tunities for informal learning [39, 51, 61, 100]. For example, Google
Project Astra [39] allows users to learn about physical objects and
activities through natural interactions (e.g., voice or gesture queries)
using AR HMDs. Similarly, GazePointAR [61] and G-VOILA [100]
use gaze-assisted voice queries to facilitate knowledge acquisition
in situ. While these systems facilitate intentional learning on any
topic, they do not address incidental learning. For instance, Gaze-
PointAR [61] and G-VOILA [100] utilize gaze to identify �areas of
interest/referential pointing� but rely onexplicit verbal queries
to retrieve desired information . In contrast, adopting a �desire
prediction� approach [25, 27, 63], we aim to leverage gaze data not
only to detect focus levels on environmental entities but also to
infer user mental states and implicit learning desires through user
pro�le analysis. Additionally, we strive to extend beyond objects di-
rectly gazed at, delivering valuable knowledge about peripheral or
overlooked entities at opportune moments. This query-free, context-
aware approach facilitates seamless incidental learning.

In this work, we introduceAiGet, a proactive wearable AI assis-
tant that supports both AI-initiated and user-initiated multimodal
interactions for informal knowledge acquisition in daily life. Addi-
tionally, we explore how the continued use of AI-assisted informal

learning, speci�cally for incidental learning, impacts learning expe-
riences across diverse scenarios.

3 Study Overview
Our research began with a formative study to understand users'
knowledge acquisition needs in daily life. Subsequently, we de-
veloped the proof-of-concept system,AiGet. We then conducted
an in-lab evaluation to assessAiGet's ability to generate desirable
knowledge and a real-world study to evaluate its feasibility and
collect additional design insights.All studies were approved by
our university's institutional review board (IRB), and participants
were compensated� 7.5 USD per hour, a standard rate for user
studies in the local context.

4 Formative Study: Understanding Informal
Learning Desires during Daily Activities

We envision a wearable AIassistantthat proactively provides rele-
vant, in-situ knowledge based on the user's environment. However,
a key question remains:RQ:What features do users expect from a
wearable AI assistant to support their knowledge acquisition during
daily activities?

To address this question in this formative study, we explore
the main barriers that prevent users from discovering informal
knowledge in their everyday environments, identify the types of
knowledge users desire, and conclude with four design goals to
satisfy users' expectations for informal learning with wearable AI
assistants.

4.1 Participants
We recruited twelve volunteers (P1-P12, 7 females, 5 males, Age:
" = 24”9• (� = 3”8 years) from the university community, all
self-reporting professional working �uency in English. To ensure
the accuracy of our eye-tracking equipment, we selected partici-
pants with normal or corrected vision, excluding those wearing
spectacles. Among the twelve participants, six reported using VQA
apps or search engines (e.g., Google Lens) to query objects/entities
in daily life at least twice per day, �ve used such tools with medium
frequency (3-7 times per week), and one participant rarely used
these technologies.

4.2 Apparatus
Following prior research [15, 22, 25], to capture users' natural be-
havior during their daily routines, we utilized portable devices to
record users' visual experiences and behaviors. Participants wore
a backpack containing a laptop (MacBook Pro 14-inch with M2
Pro chip), which collected all the recordings. Their visual experi-
ences, including gaze patterns from a �rst-person view (FPV), were
recorded using a Pupil Core2 eye tracker (World Camera: 30Hz,
1080p, FoV: 139°� 83°; Eye Cameras: 120Hz) connected to the laptop.
An accompanying experimenter, maintaining a distance to avoid
interference while ensuring participants' safety, recorded partici-
pants' actions using a mobile phone (iPhone 12) from a third-person

2https://pupil-labs.com/products/core/
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view (TPV). This TPV feed was streamed via Zoom. Zoom synchro-
nized and recorded the FPV, gaze, and TPV, enabling playback for
reviewing recorded experiences later.

4.3 Study Design and Procedure
To explore user behavior and learning desires in daily contexts,
we designed a study that recorded participants' routines across
three settings: casual walking in indoor campus areas, outdoor
campus areas, and shopping. These settings allowed us to capture
informal learning opportunities in environments with both familiar
(e.g., buildings on campus) and unfamiliar entities (e.g., stores with
imported products). They also represented a range of information
density: low (e.g., outdoor campus), medium (e.g., indoor campus
with posters and exhibitions), and high (e.g., stores with a wide
variety of products).

The study was conducted in three phases:1) Pre-Study In-
terview: Participants were interviewed to understand their daily
routines, informal learning habits, challenges, and desired learning
goals.2) Natural Behavior Recording: Participants followed a
designated path (indoor to outdoor campus to a market with un-
familiar imported products) while their behaviors were recorded
using the apparatus (Sec 4.2), without experimenter intervention.
3) Think-Aloud and Re�ection: Participants retraced the path,
thinking aloud about the knowledge they wanted and why. After
completing the path, they reviewed their FPV and gaze recordings
at 2x speed, annotating desired knowledge points [47]. To under-
stand if any knowledge was ignored yet desirable, a �Wizard of
Oz� simulation using GPT-4V provided overlooked knowledge for
familiar and unfamiliar entities (e.g., animals, plants, products) and
both attended and ignored items. Participants' expectations for
wearable AI interactions were also documented.

4.4 Data Analysis
Upon consolidating 12 transcribed interview notes with observa-
tional notes detailing user behaviors and environments (i.e., desire-
to-know moments with remarks, including what and why to learn,
challenges with prior learning, and envisioned AI assistance), we
employed a thematic analysis as outlined by Braun and Clarke [18]
(detailed in Appendix A.1).

4.5 Findings
4.5.1 Four Common Barriers Limiting Users from Discovering Infor-
mal Knowledge in Daily Activities.Participants, primarily university
students and sta�, described weekday routines centered on com-
muting, work, and occasional sports, with weekends involving
more personal activities like shopping and traveling. Within these
routines, participants identi�ed four main barriers to learning in
their daily environments. (1)Time and Attention Limitation[11, 21]:
Aligning with informal learning literature [67, 72], all participants
mentioned this as the most signi�cant barrier. They are aware of
missing out on new information because they focus on existing
tasks and feel that the e�ort required to seek out new information
outweighs the potential bene�ts, leading to "Known Unknowns"3.
(2)Inattentional Blindness[69]: Participants often failed to notice

3Things we are aware of but don't understand, from Rumsfeld Matrix [85]

interesting elements in their environment due to cognitive con-
straints, such as being preoccupied with other tasks or work-related
thoughts, leading to "Unseen" knowledge. (3)Illusion of Explanatory
Depth[84]: Participants overestimate their understanding or famil-
iarity with surrounding entities, leading to "Unknown Unknowns"4

unless pointed out by others (e.g., �I never knew the commonly
seen tree is the national tree here and people used it for cutting
boards. (P2)� (4)Uncertainty Avoidance[75]: Barriers like language
gaps lead users to avoid exploring unfamiliar environments or sub-
jects (e.g., �unfamiliar imported food in stores�), also resulting in
"Known Unknowns"5. Although these barriers hinder knowledge
discovery in daily life, P6 noted that they do not signify a loss of
curiosity. Instead, they tend to make quick assumptions about unfa-
miliar things (e.g., unfamiliar fruit taste) to save time, even if those
assumptions are sometimes incorrect.

Meanwhile, participants have shifted their primary informal
knowledge acquisition to passive consumption through social me-
dia platforms like Twitter and YouTube, aligning with prior re-
search [44, 78]. This behavior contrasts with their past, particularly
in childhood, when they actively questioned their surroundings.
Now, they only seek in-situ knowledge under speci�c conditions:
when highly interested and with ample free time (e.g., �I used plant
recognition apps to search for very unique �owers I encountered
(P9)�), or when the information has high practical value (e.g., �I will
search for tips before traveling or going to exhibitions (P2)�).

4.5.2 Desired Types of Knowledge for Addressing Informal Learning
Barriers.To overcomeTime and Attention Limitation, participants
expressed a desire for proactive AI to provide knowledge with little
e�ort during daily moments. They emphasized that such a system
should o�er contextually relevant knowledge. Revised Bloom's Tax-
onomy [59] categorizes four types of knowledge: Factual, Concep-
tual, Procedural, and Metacognitive (see details in Appendix A.2).
During daily activities, Metacognitive knowledge is less desirable,
as it demands complex thinking and could exacerbateTime and
Attention Constraints. As P8 noted, �If it prompts me to think about
milk safety in di�erent containers while shopping, it's too much.
I'd rather review that information later.�

For the remaining three categories, we found that their prefer-
ences are linked to the entity's familiarity level, echoing the need
to addressIllusion of Explanatory DepthandUncertainty Avoidance
(Sec 4.5.1).

ForCommonly Seen or Familiarentities that lead toIllusion of Ex-
planatory Depth, participants preferredinteresting factual knowl-
edge o�ering surprises (e.g., �shocking facts or statistics about
environmental issues associated with plastic Coca-Cola bottles
(P10)�) oruseful procedural tips relevant to ongoing or future
tasks (e.g., �how to mix common beverages for unique �avors (P7)�).
ForUnfamiliar entities, which lead toUncertainty Avoidance, par-
ticipants foundbasic introductions (factual knowledge) in an
easy-to-understand format most helpful. Additionally, P3 and P4
appreciated when unfamiliar entities werelinked to familiar
concepts, making new information more relatable and easier to
grasp.

4Things we are neither aware of nor understand
5Things we are aware of but don't understand
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We also found that knowledge preference regarding theFocus
Level of the Entity, i.e., whether the provided knowledge relates
to what users are actively observing, can partially mitigate the
e�ects of Inattentional Blindness. These preferences were related to
observed three gaze and motion patterns, similar to prior literature
[50], revealing users' varying interests based on their environmental
engagement and focus:

(1) When users show aSaccadegaze pattern (i.e., random gaze
movements across di�erent entities in FPV) during casual walking,
their mental state often suggests that they are looking for something
interesting, relaxing their mind, or thinking about unrelated tasks.
In these cases, participants appreciated fun, factual knowledge
about their surroundings,regardless of whether the associated
entity is scanned (i.e., �unnoticed interest is also welcomed (P4)�).
However, four participants emphasized that if they were deep in
thought, which is not re�ected in gaze patterns alone, they would
likely turn o� the assistantto avoid interruptions.

(2) DuringQuick Browse(i.e., rapid gaze scanning of related enti-
ties in FPV), where users scan familiar entities (e.g., store shelves),
they have a medium interest level in the scanned target and typi-
cally are seeking something more engaging. In this context, provid-
ing interestingknowledge related to the scanned entities can
enhance users' interest in familiar items.

(3) When users are fullyFocused(i.e., gaze �xations on speci�c
entities in FPV), it indicates high interest, often because the entity
is unfamiliar, they want to learn more about it, or they are making
a decision. In such moments, participants found it helpful to receive
factual and conceptual knowledge thatbuilds connections or
comparisons between the primary focused entity and simi-
lar nearby entities . They also appreciated comparisons between
the entity and something familiar, even if not physically present.
For example, when P3 found pre-made breakfast in the store, they
wanted to know what made these options unique compared to sim-
ilar ones in their hometown. Such comparisons provide a familiar
context, making it easier for users to understand and engage with
new information.

4.5.3 Summarized Design Requirements for Wearable AI Assistant
to Help Users Learn from Environment.Given the identi�ed barriers,
user preferences for knowledge acquisition, and considering the
unique challenges of information intake in mobile settings, we
synthesized four design requirements for a wearable AIassistant
based on participant feedback.

D1: Analyze Context and Provide �Unseen� and �Unknowns� in
Real Time.Building on the insights for varying knowledge desires
under di�erent contexts, participants envision the AIassistantana-
lyzing their environment and gaze behavior to predict their primary
activities and potential learning desires, subsequently providing
knowledge support about their �unnoticed� or �unknown inter-
esting knowledge� about the in-situ environment. In addition to
physical contexts, theassistantcould check digital contexts, like
the �agenda�, to predict support for follow-up activities, such as
o�ering guidance on suitable food and drinks before exercising
when shopping. In addition, the participants mentioned the need
to support human initiative queries in case �the AI doesn't know
what exactly I want to know. (P1)�

D2: Personalization is Needed to Fine-Tune Knowledge Content.
Participants emphasized the need for personalization, noting that
it enables the AIassistantto understand their long-term interests
and familiarity level with various entities in their environment.
By assessing familiarity, theassistantcan tailor knowledge types
and expertise levels (Sec 4.5.2). To achieve this, they suggested col-
lecting a �basic user pro�le like social media platforms did when
registering (P3)�. While personalization is valued, participants also
expressed concerns about �the system constantly suggesting infor-
mation based on past interests, similar to social media algorithms
(P2)�, which could become annoying. Instead, they hope theas-
sistantutilizes this familiarity to introduce new perspectives and
noteworthy entities in daily activities that might otherwise be over-
looked.

D3: Knowledge Prioritization to Provide the Most Valuable Informa-
tion. Participants appreciated discovering information from their
environment but emphasized the need to prioritize the most valu-
able content, avoiding information that is trivial. To address this,
we propose a multi-factor weighting system to prioritize knowl-
edge selection. First,Noveltywas considered crucial, with most
participants (10 out of 12) agreeing that the knowledgemust be
new to them, either by introducing entirely new perspectives or
by adding unknown details to common knowledge. For example,
instead of simply stating that "palm trees provide habitats for vari-
ous species," theassistantcould highlight that "palm trees provide
habitats for species like the Palm Weevil, which lays its eggs in the
trunk." Additionally, participants identi�ed three factors as bene-
�cial, though not always necessary: (1)Alignment with Personal
Interests and Values, such as providing bargain-hunting tips for par-
ticipants who value �saving�; (2)Usefulnessfor ongoing or future
tasks, like helping health-oriented users compare sugar levels when
buying drinks; and (3)Unexpected Perspectivesthat o�er surprising
insights or correct misconceptions, such as "zero-sugar drinks do
not mean they contain zero calories."

These priorities align with existing literature on user information-
seeking behavior, which emphasizes information utility [56, 88],
and are consistent with measures of serendipity in recommender
systems [58], focusing on novelty, unexpectedness, and relevance.
By integrating these elements into the weighting formula:Novelty
� (AlignUserPreference + Utility + Unexpectedness), theas-
sistantcan prioritize the most valuable knowledge for users.

D4: Minimize Distraction to Primary Tasks in Mobile Settings.
Given the use of the wearableassistantin scenarios where users
have other primary tasks and consume information on the move,
participants highlighted two main points to minimize distraction.
First, regarding knowledge delivery, participants emphasized the
need to minimize the cognitive load during receptive moments for
learning. As P7 noted, �the content should be concise and easy
to digest, like a podcast.� They also emphasized that theassistant
should provide only 1-2 pieces of information at a time to prevent
overwhelming users, especially during tasks requiring focus, unless
they explicitly requested more. Second, concerning system con-
trol, participants emphasized the importance of accommodating
moments when users are unwilling to receive knowledge. This
includes allowing users to turn theassistanto� as needed for ex-
tended periods (e.g., while rushing to a destination or preoccupied
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with work or study) or easily interrupt single information delivery
if the content is unsatisfactory. These considerations aim to ensure
that theassistantenhances the user experience rather than hinders
the user's primary activities in mobile settings.

Based on these design requirements, we propose a framework
for desired knowledge generation, as illustrated in Figure 2. This
framework outlines the process of transforming daily moments
into valuable learning opportunities while minimizing distractions
and incorporating user feedback.

5 AiGet System
We introduceAiGet, aproof-of-concept system that aligns with
the aforementioned design goals (Sec 4.5.3). In this section, we
detail the primary features of theAiGetsystem, its implementation,
and an in-lab simulated ablation study conducted to evaluate its
knowledge generation capability.

5.1 Key Features of AiGet System
TheAiGetsystem pipeline, as shown inFigure 3, consists of �ve
key stages: (1) LLM Request Trigger, (2) Context Analysis, (3) Knowl-
edge Generation and Prioritization, (4) Output Transformation, and
(5) Follow-up User Actions. It was developed following the design
goals (Sec 4.5.3) and (iterative) pilot testing with eight users from
the university, all with backgrounds in UI/UX design or HCI.

5.1.1 LLM Request Trigger (D1). Aligning with D1, to support
both proactive AI prompting and user-initiated queries to dis-
cover �unseen� and �unknowns�,AiGetadopts a mixed-initiative
approach [3, 45] to trigger LLM requests (Figure 3 (1)).

AI-Initiative: Constant Sensing.Since users may not always no-
tice all the interesting entities in their environment and be aware
of the �unknown knowledge� associated with them,AiGet con-
tinuously monitors the environment (via FPV camera) to identify
hidden yet desired knowledge from surroundings. To prevent infor-
mation overload and repetition, LLM requests are triggered only
when both a minimum time interval (12 seconds) has passed and a
signi�cant FPV di�erence threshold is met (see Appendix B.1 for
technical details). This ensures users have enough time to process
each piece of generated knowledge on mobile situations.

AI-Initiative: Implicit Gaze Fixation.In addition to constant sens-
ing, AiGetmonitors the user's gaze pattern to trigger LLM requests.
WhenAiGetdetects user �xation patterns (eyes focused on a small
area, deviating no more than 4.91 degrees for at least 1 second, as
suggested by prior research [25]), it indicates potential interest in
the target object and triggers an LLM request.

User-Initiative: Explicit Verbal Query.Recognizing that users may
have speci�c questions during daily activities or may want to ask
follow-up questions after being inspired by AI's proactive sug-
gestions (i.e., intentional learning),AiGetsupports explicit verbal
queries from users, similar to the prior visual Q&A system [61, 100].
To prevent false triggers in noisy environments, users can press the
right button on the handheld ring mouse to control their query [25].
The system then incorporates the user's verbal comments or ques-
tions into the LLM request.

5.1.2 Context Analysis (D1, D2). When an LLM request is trig-
gered,AiGetcompiles multimodal contextual data, including the
user's FPV image frames with gaze data, time, location, and any
user query transcriptions for analysis.

To supportD1, AiGetemploys aContext Analysis Agent (Fig-
ure 3 (2)) to extract meaningful contexts by analyzing short-term
attention and long-term interests. This enables the system to pre-
dict learning desires and minimize the generation of irrelevant
or low-quality knowledge from extensive raw multimodal data,
particularly when explicit user learning desires are not expressed.
Speci�cally, the agent recognizes user activity, labels entities, pre-
dicts user intentions, and identi�es potential unseen or unknown
entities and knowledge topics aligned with the user's interests.

To help the LLM understand the user's primary activities and
gaze patterns,AiGet overlays gaze positions on each FPV frame
with red circles, enabling LLM to discern focused regions while
maintaining global context [89, 107]. The LLM then analyzes the
user's activities, identi�es objects in both primary and peripheral vi-
sual �elds, and interprets gaze patterns (Sec 4.5.2) using prede�ned
rules:Saccade(random gaze movements across di�erent entities in
di�erent frames),Quick Browse(rapid scanning of related objects
in di�erent frames), andFocused(sustained attention on speci�c
objects in most frames). The LLM also predicts potential learning
desires based on these patterns and contextual information, such
as �looking for a speci�c keyboard model or comparing di�erent
keyboard options� when users focus on various keyboards in stores.

To enhance analysis and supportD2, the system provides the
LLM with a user pro�le (Figure 3 (User Pro�le)) [100, 104] con-
taining values, interests6, and basic demographic information (i.e.,
age, gender, nationality, residence, and academic/professional back-
ground; see Appendix B.2 for a sample pro�le). Using this pro�le,
the LLM assesses the user's familiarity with the current location
and surrounding entities (e.g., "a senior student is familiar with
the campus," or "co�ee lovers know the basics of di�erent types
of co�ee"). It also re�nes learning desires and identi�es potential
connections between the environment and the user's interests (e.g.,
linking the topic of "fruit nutrition" to a user's interest in a "healthy
lifestyle" when passing the supermarket fruit aisle).

Prompt Improvement Through Iterative Design.We identi�ed two
key challenges in accurately identifying entities from long and
raw multimodal inputs in real-world scenarios: ambiguity when
multiple objects overlap in gaze direction and visual recognition
errors for underrepresented entities in image training datasets. To
address these issues, we employed a multimodal chain-of-thought
reasoning approach [110], as detailed in Table 1, which signi�cantly
improved contextual accuracy in incidental learning during our
pilot tests.

5.1.3 Knowledge Generation and Prioritization (D1, D2, D3). After
context analysis, theKnowledge Generation Agent (Figure 3 (3))
generates and selects the most �desired� knowledge candidates

6To ensure broad coverage of user interests and values, we followed a two-step process:
(1) Curating 14 informal knowledge topics (e.g., Animals & Plants) and 58 value
categories (e.g., Physical Value-Beauty) from taxonomies in prior literature [46, 66,
71, 87] to guide participant selection; (2) Encouraging participants to expand the list
with detailed topics (e.g., "Plant Care Tips") that aligned with their experiences and
learning desires.
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Figure 2: Proposed Framework for Generating Desired Knowledge from Daily Moments. Note: Gray dashed boxes and lines
represent user suggestions for future system improvements, collected from the �nal real-world study (Sec 7.2) and not
implemented or evaluated in the current paper. Our implementation, AiGet, is detailed in system design (Sec 5).

Figure 3: AiGet 's System Processing Pipeline. (1) LLM Request Trigger: Supports mixed-initiative knowledge queries. (2) Context
Analysis: Analyzes real-time user attention and long-term interests and infers learning desires. (3) Knowledge Generation &
Prioritization: Filters redundant content, prioritizing the most valuable knowledge to avoid overload. (4) Output Transformation:
Presents knowledge in a multimodal format to balance engagement and cognitive load. (5) Follow-Up User Actions: Enables
user control over interaction. Some details are omitted in the �gure. Full details and agent prompts are in Appendix C.

based on thecontextual description7, interaction history, and knowl-
edge value.

7It combines an FPV image with textual data from theContext Analysis Agent to
balance visual detail retention and input token e�ciency.

Aligning with D1andD2, the agent produces factual, conceptual,
and procedural knowledge on both primary and peripheral entities.
The knowledge content is required to be novel, useful, and sur-
prising, avoiding repetitive topics by checking history. The agent
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Table 1: MLLM Prompt Re�nements to Address Entity Iden-
ti�cation from Multimodal Inputs

Challenges Solutions & Steps
Ambiguity in Gaze
Interpretation: When
gaze direction overlaps
multiple entities.
Example: Distinguish-
ing between a glass jar
and the specimen inside.

Context-Guided Selections: The
MLLM was instructed to describe user
activity �rst and prioritize elements
based on rarity and uniqueness to the
scene and context.
Example: As emphasized by P1: "I can
learn about tempered glass elsewhere, but
the specimen is unique to the museum."

Visual Recognition
Errors: For underrep-
resented entities in
image training dataset.
Example: A newly
released Asian drink.

Multimodal-Facilitated Visual Pro-
cessing: When images alone were in-
su�cient, the MLLM performed OCR to
extract textual cues in the scene, enhanc-
ing entity recognition via text labels.
Example: Extracting labels on bottles and
shelves helped the MLLM identify the
drink accurately.

also �ne-tunes content based on user familiarity and interest levels,
e.g., o�ering advanced insights on familiar topics and linking new
information to known concepts for unfamiliar ones.

To reduce trivial knowledge provision (D3), we use Chain of
Thought methods [103], instructing the LLM to score each knowl-
edge item using the prioritization formula (sec 4.5.3):Novelty �
(AlignUserPreference + Utility + Unexpectedness), with each
factor marked as 0 or 1 by the agent with reasoning. Only knowl-
edge content scoring >= 2 is retained, based on pilot results. The
LLM then selects the suitable knowledge based on the user's gaze
pattern mode (Sec 4.5.2), following rules from the formative study
(e.g., forFocusedmode, providing comparative knowledge about
primary and related peripheral entities). No more than two concise
knowledge items are presented at a time to minimize information
overload.

Prompt Improvement Through Iterative Design.Designing inci-
dental learning for mobile settings posed unique challenges in
generating novel and unexpected content due to ambiguous in-
structions and LLM limitations in processing long contexts [70]. To
overcome these challenges, we re�ned multiple prompt strategies
through iterative pilot testing, as summarized in Table 2.

5.1.4 Output Transformation (D4). To align with D4 and pilot
testing results,AiGetdelivers output in a multimodal format (e.g.,
Figure 3 (4), Figure 8), balancing minimal distraction with increased
engagement by reducing the cognitive load associated with infor-
mation intake. The system integrates three key features: 1) Audio
modality to provide full knowledge content, enhancing engage-
ment while minimizing text reading e�orts on the move [95, 96];
2) Emojis/pictograms and text keywords to succinctly convey the
content gist and enhance comprehension [52]; and 3) Images with
highlighted bounding boxes around mentioned entities to provide
visual references, particularly for overlooked or unfamiliar entities.
All visual information is presented in the user's peripheral vision
areas, following attention-maintaining interface guidelines [26, 49].

To optimize processing time, two agents work in parallel during
output transformation, as detailed in Appendix B.3.

5.1.5 Follow-Up User Actions (D4). After receiving system output,
users can perform follow-up actions using the ring mouse (Fig-
ure 3 (5)). To align withD4 and accommodate moments when users
prefer not to engage, pressing the up button cancels the latest knowl-
edge display, stopping audio and hiding visual information (Emojis
and TextandImage Reference) when encountering unwanted infor-
mation. The left button mutes or unmutesAudio feedback, while
the bottom button toggles the system on or o� for extended peri-
ods, controlling proactive AI suggestions. As mentioned earlier, the
right button enables users to initiate follow-up queries. The buttons
and UI elements are spatially mapped for easy interaction [26, 77].

5.2 Apparatus and Implementations
An XReal Air8 was used as the near-eye AR display, with the Pupil
Core add-on for gaze detection and FPV streaming [25]. The smart
glasses were connected to a laptop (MacBook Pro 14-inch, M2 Pro
chip), which served as the computing unit to display theAiGetUI.
A Sanwa Supply Bluetooth Ring Mouse (MA-BTRING3BK9) was
used to control the UI.

Python was used for both the frontend and backend, utilizing a
TKinter-based interface to seamlessly handle real-time capture and
concurrent processing of various context data and user interactions.
For the LLM pipeline, we employed the Gemini-series models (i.e.,
Gemini-1.5-Flash for contextual analysis and output transformation,
and Gemini-1.5-Pro for knowledge generation). These models were
selected due to the support of 1) large context windows, enabling the
system to process multiple contextual inputs and maintain a long
knowledge history, and 2) safety settings to avoid potential ethics
issues with generated content. Detailed system implementation and
prompt information can be found in Appendix B.4 and Appendix C.

5.3 In-Lab Evaluation of AiGet 's Knowledge
Generation Pipeline

To verify whether theAiGetpipeline can generate desired knowl-
edge using multimodal contextual data and to determine which
aspects of our design goals (Sec 4.5.3) contribute to such knowledge
generation, we conducted an in-lab simulated evaluation.

Speci�cally, we conducted an ablation study by removingtwo
key components of AiGetpipeline�knowledge generation rules
(D3) and personalization (D2)�from the pipeline, following the
method used in prior research [100, 104]. The pipeline originally
consisted of a Multimodal LLM, User Pro�le, and Rules (Prioriti-
zation with Focus/Familiarity Analysis). We kept the Multimodal
LLM (D1) as it is compulsory for context-relevant knowledge gen-
eration. Then, we compared the knowledge generated by the three
resulting pipelines to understand what components and associated
guidelines a�ect the desirability of knowledge. Note:D4 is not con-
sidered here, as it focuses on interaction rather than knowledge
generation.

5.3.1 Two Baselines.

8https://www.xreal.com/air
9https://www.sanwa.co.jp/product/syohin?code=MA-BTRING3BK
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Table 2: LLM Prompt Re�nements to Address Novelty and Unexpectedness in Content Generation

Aspect Challenges Solutions & Steps
Novelty Balancing Detail with Conciseness :

� Requirement for Conciseness led to generic out-
puts from naive LLMs, lacking depth for edu-
cated users.

� Example: "Palm trees play an important role
in the ecosystem by providing food for various
species."

Few Shot Prompting :
� Employed few-shot prompting [82] with concrete examples to guide LLMs

in tailoring details to users' education levels.
� Example: "Palm trees emit volatile organic compounds attracting bene�cial

insects, reducing pesticide use."balances conciseness with novel details, and
domain experts could receive more technical precision.

Reducing Repetition when Revisiting Enti-
ties:
� Content repetition undermined novelty, espe-

cially when revisiting recurring entities like
trees along a route.

� Simply feeding full histories and requiring new
content failed due to LLMs' limitations in long
context processing.

Filtering Mechanism with Chain of Thoughts :
� Inspired by retrieval-augmented generation (RAG) [109], only fed the 10

most relevant historical items based on semantic similarity* tocontextual
description.

� Applied Chain-of-Thought method [103] to break complex tasks into smaller
steps and maximize the likelihood of generating novel content:
� Identify entities/topics already mentioned in concise history.
� Determine unexplored gaps.
� Generate content focusing on new perspectives or entities.

� Post-generation, �lter content highly similar to history (� 0”75)* to ensure
novelty.

Unexpectedness Lack of Surprising Perspectives :
� Hard to generate unexpected content without

explicit guidance.

Specifying Potential Unexpectedness Category :
� Guided by "surprise taxonomy" [74], prompts suggested:

� Unseen but interesting entities (Observation-Mismatch Surprise [74]).
� Lesser-Known Fun facts (e.g., trivia) or misconceptions (Belief-Mismatch

Surprise [74]).

* The similarity is calculated using the all-MiniLM-L6-v2 model, https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2

Baseline w/o R (i.e., Multimodal LLM + Pro�le).This baseline
omits theRules that associate knowledge categories with gaze pat-
tern and familiarity analysis while retaining the user pro�le in the
prompt. The LLM is instructed to analyze multimodal input data
(FPV + gaze overlay, location, and time) and generate knowledge
that `enhances interest, expands knowledge, and includes serendip-
itous information' following our original objectives (Sec 5), tailored
to the user's pro�le when possible. It's directed to produce no more
than two knowledge items, avoiding basic information that nei-
ther broadens the user's perspective nor provides utility (but is
not required to calculate speci�c scores asAiGet did). To assess
whether basic user pro�les could lead to more personalized and
valuable knowledge, bothAiGetandBaseline w/o Ruse identical
user pro�les, as mentioned in Sec 5.1.2.

Baseline w/o RP (i.e., Multimodal LLM only).This version removes
both theRules and thePersonalized user pro�le. Similar toBaseline
w/o R, but without the bene�t of a user pro�le, this pipeline gener-
ates knowledge based solely on multimodal input data. It follows
the same guidelines for selecting relevant knowledge and avoiding
basic information.

To ensure a fair comparison, all baselines maintain a similar
prompt structure, prompt engineering methods, and LLM models
for knowledge generation asAiGet, except for the aforementioned
di�erences. Note that we didn't implement a version that �only re-
moves personalization while keeping the rules�, as the rules depend
on user pro�les. Thus, both components are omitted inBaseline

w/o RP, aligning with the prior research's method [104]. Detailed
prompts for both baselines are in Appendix C.4 and C.5.

5.3.2 Participants.As the perception of generated knowledge is
subjective and context-dependent, to have a realistic comparison
between theAiGet pipeline and baseline pipelines, participants
rated the knowledge generated by three pipelines using their own
recorded daily activities, where they had �rst-hand experience.

Thus, we invited 12 participants from the formative study to
evaluate knowledge generated from their previous daily activity
recordings. This approach enabled personalized evaluation based on
participants' actual experiences, allowed them to judge knowledge
accurately, and improved resource e�ciency by eliminating the
need for new recordings.

5.3.3 Study Design and Data Preparation.A within-subject design
was used to compare the knowledge generation quality across
di�erent pipelines. Each participant rated knowledge generated
from 9 moments, with 3 knowledge items per moment (one from
each pipeline), totaling 27 knowledge items per participant.

Moments Selection.For each scenario from the formative study
(i.e., indoor and outdoor casual walking on campus and shopping),
three moments with di�erent scenes (selected based on FPV similar-
ity, detailed in Sec 5.1.1 and Appendix B.1) were randomly chosen
to balance variety and avoid overwhelming participants when eval-
uating multiple aspects of each pipeline. Although not all possible
generated knowledge items were assessed, the selected samples
realistically estimated each pipeline's performance. In total, 108
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data samples were selected for evaluation (3 moments per scenario
� 3 scenarios per participant� 12 participants).

Knowledge Generation.For each moment, knowledge was gener-
ated using all three pipelines and presented in randomized order
with anonymous ID (i.e., Knowledge 1-3) to ensure unbiased evalu-
ations. See Figure 4 for an example.

5.3.4 Measures.We assessed the desirability of the generated
knowledge across several key aspects using subjective measures,
following prior research [56, 58, 88, 90], including Novelty, Person-
alization, serendipity (encompassingUsefulness, Unexpectedness,
andRelevance), Interesting, andDeepen Topic Understanding�each
measured using a 7-point Likert scale (1 for �Strongly Disagree�
and 7 for �Strongly Agree�). For details, see Appendix D.1.

Additionally, to evaluate whether the information was appropri-
ate for presentation during primary tasks [25, 26, 48], we collected
Overall Perceived Scoresfor receiving such knowledge during pri-
mary tasks,Not Annoying, andNot Overload, also using 7-point
Likert scales.

Moreover, we also recorded instances where the MLLM pipeline
did not generate any knowledge because it determined nothing
valuable to provide (Note: for these moments, participants only
rated three measures:Overall Perceived Scores, Not Annoying, and
Not Overload).

Analysis.A Wilcoxon signed-rank test and descriptive statistics
were used to analyze the data.

5.3.5 Results.As shown in Figure 5,AiGetpipeline achieved sig-
ni�cantly higher scores (? Ÿ 0”05) across all measures compared
to the two baselines, with all scores above 5 out of 7. This demon-
strates its ability to generate novel, personalized knowledge with
serendipity while keeping the information non-annoying and non-
overloading. There was no signi�cant di�erence between the two
baselines except inPersonalization(? Ÿ 0”05).

Impact of User Pro�le Alone: Comparing Baseline w/o R vs. Base-
line w/o RP.Surprisingly, while adding a simple user pro�le can
enhancePersonalization, a desired factor aligning withD2, Baseline
w/o R(i.e., Multimodal LLM + Pro�le) did not signi�cantly improve
results likeOverall Perceived Scorescompared toBaseline w/o RP(i.e.,
Naive Multimodal LLM), indicating that merely adding a basic user
pro�le to a naive MLLM pipeline is insu�cient to generate desired
knowledge. This is because the naive MLLM pipeline with person-
alization produced irrelevant knowledge by overemphasizing "user
interests" without considering the user's intentions during primary
tasks. As shown in Figure 4, when P7, who indicated an interest
in �Japanese culture/language� and �alcohol� in their user pro�le,
focused on Japanese alcohol,Baseline w/o Rintroduced �Japanese
drinking etiquette� instead of providing information about the al-
cohol itself, which was less satisfying thanBaseline w/o RP's basic
but relevant alcohol category information.

This underscores the need for AI systems to dynamically infer
user interests and intentions from real-time context, as users may
not explicitly de�ne all their �ne-grained desires in advance. It also
highlights the importance of coordinating rules with user pro�les.

Impact of Knowledge Generation Rules with User Pro�le: Compar-
ing AiGet vs. Baseline w/o R. AiGet, combining knowledge genera-
tion rules with user pro�les, provided signi�cantly more desirable
knowledge thanBaseline w/o R(i.e., Multimodal LLM + Pro�le) by
balancing personalization, context relevance, and alignment with
the user's in-situ intentions, highlighting the importance ofD3. In
the example shown in Figure 4,AiGetreceived the highest scores by
correctly predicting the user's intention as "deciding which alcohol
to purchase, possibly comparing brands," and identifying the user's
Focusedmode. Following the formative study's rules (Sec 4.5.3)
aligning with design goals (D3), it provided balanced information
between user interest (e.g., the alcohol name's meaning in Japanese)
and usefulness (e.g., comparative �avor pro�les with nearby related
options).

Additionally, AiGet leveraged gaze pattern analysis to introduce
unexpected knowledge about unseen objects at appropriate mo-
ments, increasing its utility. For instance, when analyzing P9's
Saccadepattern during a casual walk, it introduced �surprising�
information about nearby but �unseen� white chickens. In contrast,
when P5Focusedon skincare products,AiGet delivered relevant
product knowledge, while the baselines introduced irrelevant de-
tails (e.g., an air conditioner on the ceiling). Furthermore,AiGet's
scoring/weighting and �ltering mechanism helped avoid user an-
noyance by withholding undesired content in less interesting indoor
areas for two moments.

This ability to balance personalization, usefulness, unexpected-
ness, and the timely withholding of uninterested content demon-
stratesAiGet's capability in tailoring information delivery�a capa-
bility the baseline systems could not achieve. Comparing all results,
this highlights that whileD3contributes more to overall knowledge
desirability thanD2, all D1-D3 guidelines are still compulsory.

6 Using AiGet in Real-World Scenarios
In-lab evaluations demonstrated that theAiGetpipeline generated
knowledge with high levels of novelty, personalization, surprise,
and usefulness. While these �ndings emphasize the system's poten-
tial to produce knowledge about its surroundings, its performance
in real-time, real-world scenarios remains untested. Therefore, to
assess the feasibility ofAiGet in everyday environments, we con-
ducted a user study to address the following question:

� RQ1:How feasible isAiGet in creating learning opportuni-
ties across various scenarios?

� RQ2:How doesAiGet in�uence users' behaviors and daily
routines?

� RQ3: How do users perceive theAiGet experience with
continued usage?

It is important to note that fully addressing these questions with
a high degree of quantitative evidence would require a larger user
base and longer periods of daily usage, which was beyond the scope
of this study. However, our study sought to gather user re�ections
that could provide meaningful insights into these research ques-
tions.

Additionally, we did not directly compare the two modes of
AiGet� AI-initiated proactive knowledge discovery and user-initiated



CHI '25, April 26-May 1, 2025, Yokohama, Japan Cai et al.

Figure 4: An example of comparative knowledge from three MLLM pipelines. Note: Participants can't see each pipeline's name
(in purple).

Figure 5: Subjective ratings evaluating the desirability of generated knowledge. * indicates signi�cance of ? Ÿ 0”05, ** indicates
signi�cance of ? Ÿ 0”01, *** indicates signi�cance of ? Ÿ 0”001.

VQA tasks�in a head-to-head manner. Instead of replacing user-
initiated queries, our goal was to explore whether AI-initiated inter-
actions could overcome some limitations of user-initiated queries
and enhance informal learning about the surrounding environment.
Therefore, both modes were available in this study, allowing users
to choose freely, following methods from prior research [99].

6.1 Participants
The study consisted of two phases. InPhase 1, 18 participants (8
females, 10 males, Age:" = 23”9• (� = 3”7) from the university
community engaged in aone-time use of AiGet. Among these
participants, six reported using AI tools (e.g., Google Lens, Chat-
GPT app) to identify surrounding objects in their daily activities
at least three times per week. Eleven participants used such tools
less frequently, ranging from once per month to twice per week.
The remaining participant rarely used these tools. All participants
self-reported a minimum level of professional working �uency in
English.

In Phase 2, 6 participants (3 females, 3 males) fromPhase 1
were selected forcontinued usage based on their demographic
diversity and availability (see Appendix D.2 for details). These par-
ticipants, representing a range of self-reported engagement with
their surroundings�3 with high engagement and 3 with lower
engagement�took part in additional experiments involving multi-
ple sessions.

6.2 Apparatus
As depicted in Figure 1 and detailed in Sec 5.2, participants wore
smart glasses and a ring mouse as part of theAiGetsystem. Partici-
pants also carried a lightweight backpack to house the computing
unit (i.e., the laptop) during sessions.

The experimenter used a mobile phone (iPhone 12) to record
the participants' behaviors and provided a hotspot for internet
connectivity.
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