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Abstract

Older adults often face diminishing opportunities to express genera-
tivity. To address this gap, we propose Sonju, a teachable agent(TA)
that supports older adults in teaching the knowledge and wisdom
they have accumulated throughout their lives. Sonju is designed
to generate context-aware questions using a large language model
(LLM), store the knowledge conveyed by users in structured mem-
ory slots, and reuse it in later interactions to demonstrate continued
learning and growth. As an initial feasibility study, we first exam-
ined whether activity contexts relevant to older adults could be
recognized from mobile and wearable sensing data using the Ex-
traSensory dataset. We then evaluated the Conversation Layer in
an end-to-end sensing-to-dialogue setting through simulated in-
teractions with older-adult avatars exhibiting different levels of
self-disclosure. For the end-to-end evaluation, we constructed a
personalized activity-recognition model using sensing data from
one participant. The model achieved 89.0% accuracy on a held-out
test set, and its predicted activity contexts were provided to the
Conversation Layer to initiate situated dialogue. The resulting dia-
logues and extracted knowledge were assessed using an LLM-based
judge, providing preliminary evidence for the feasibility of the pro-
posed approach. The evaluation suggested that Sonju maintained
comparable conversational quality regardless of self-disclosure lev-
els.

CCS Concepts

« Human-centered computing — Accessibility design and
evaluation methods; Ubiquitous and mobile computing sys-
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1 Introduction

Older adults are not only recipients of care and assistance, but also
active agents who can pass on the knowledge and experience they
have accumulated over many years. In particular, teaching can be
an important way to support older adults’ generativity [4]. To sup-
port this, previous research has primarily focused on face-to-face
interactions between older adults and recipients of their knowledge
[10, 17]. While these interactions can foster real relationships and
immediate exchange, they are also constrained by time, distance,
and intergenerational hierarchy. [9]. To mitigate these issues, the
teachable agent(TA) approach has been proposed, enabling older
adults to experience a sense of self-efficacy by teaching a less knowl-
edgeable agent [1, 3]. Much of the important knowledge older adults
pass on is tacit, such as skills accumulated over time and memories
associated with particular activities. Therefore, an agent designed
to support older adults’ teaching should be able to elicit and accu-
mulate such knowledge within its relevant context [2]. We propose
Sonju, a context-aware TA designed to provide older adults with
opportunities to express generativity through teaching. Sonju con-
sists of a Context Detection Layer for inferring everyday activities
from sensing data and a Conversation Layer that uses an large lan-
guage model(LLM) to generate questions suited to the given context.
Older adults can respond by sharing their knowledge and experi-
ences, which Sonju stores in structured memory slots and reuses
in later interactions. By referring to previously learned knowledge,
Sonju is designed to demonstrate continued learning and support
older adults’ sense of self-efficacy and connection with the agent.
As an initial-stage study, we conducted two evaluations. First, we
examined the feasibility of recognizing activity contexts relevant to
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older-adult avators using the ExtraSensory Dataset [15]. Second, we
evaluated the Conversation Layer through end-to-end sensing-to-
dialogue interactions with older adult avatars exhibiting different
levels of self-disclosure. For this evaluation, we constructed a per-
sonalized activity-recognition model using sensing data from one
participant, which achieved an overall accuracy of 89.0% on a held-
out test set. We also evaluated Sonju with an LLM-based judge using
avatars with varying levels of self-disclosure, which suggested that
Sonju elicited conversations comparably across these levels.

2 Design Requirements

To guide the design of a TA that supports older adults’ generativity,
we derived the following three design requirements.

2.1 DRI1. Context-aware knowledge elicitation

The TA should infer the older adult’s current activity context and
use it to generate situated questions. Tacit knowledge is often dif-
ficult to articulate because it is embedded in everyday activities,
physical settings, and personal experiences [11, 18]. Broad or decon-
textualized questions may therefore require older adults to recall
and explain their knowledge without sufficient situational cues. For
example, rather than asking about cooking in general, an agent
may elicit richer experiential knowledge by asking about the dish
being prepared or the current stage of preparation. Such contextual
prompts can help older adults describe practical judgments, rou-
tines, and memories that may otherwise remain implicit. The agent
should therefore use activity context inferred from sensing data to
guide both the timing and content of its questions.

2.2 DR2. Active learner behavior

The agent should behave as an engaged learner rather than simply
recording the user’s utterances. Older adults may elaborate on their
experiences when the learner acknowledges their responses and
shows interest in what they are teaching [14]. A passive agent
that merely collects statements may fail to communicate whether
the teaching has been understood or valued. The agent should
therefore react to the user’s answers, ask follow-up questions, and
invite clarification when an explanation is ambiguous. It should
also reframe the topic or introduce a different perspective when
the conversation stalls or when further elaboration may reveal
additional experiential knowledge.

2.3 DR3. Visible agent growth

The agent should make its learning from the older adult visible over
time. Remembering and reusing previous information can create
continuity and rapport across interactions and help users recognize
that their contributions have meaningfully shaped the agent [3, 5].
Simply storing information is not sufficient if the user cannot per-
ceive that the stored knowledge affects later interactions. The agent
should therefore refer to relevant prior teachings, connect new
information with previously learned knowledge, and avoid asking
questions that have already been answered. By demonstrating that
it remembers and builds on what the older adult has taught, the
agent can present itself as a learner whose knowledge develops
through continued interaction.

Jinyoung Yoo, Somin Park, Sueun Jang, Seungwan Jin, and Uichin Lee

Sonju (Teachable Agent)

l Context Input
P {m‘
Olderadult |. | | Generation

Avatar Situated Memory Retrieval
Question L 2b. Teachable Memory ‘
oo Teachmg S 3 Memory Upéate

2c. Response ‘
Summarization

(2) Conversation Layer :

Figure 1: Overview of the Sonju system architecture.

3 System Design

We designed Sonju, an LLM-based TA that supports older adults
in sharing the knowledge and experiences they have accumulated
over time. The name Sonju means “grandchild” in Korean. Sonju
takes the persona of a grandchild and interacts with older adults as
a learner.

As illustrated in Figure 1, Sonju consists of two connected com-
ponents: a Context Detection Layer and a Conversation Layer.
The Context Detection Layer infers everyday activity contexts, such
as cooking, eating, and cleaning, from mobile and wearable sens-
ing data and provides the detected activity as context input to the
Conversation Layer. The Conversation Layer then uses this sensed
context to initiate a situated interaction with the older adult.

The Conversation Layer consists of three main components. First,
(2a) Situated Question Generation generates questions based on the
current activity context and, when available, relevant knowledge
retrieved from (2b) Teachable Memory. The situated question is
presented to the older adult, who responds by teaching Sonju about
their knowledge or experiences. The response is then processed
by (2c) Response Summarization, which extracts and organizes the
conveyed knowledge and updates Teachable Memory.

3.1 Context Detection Layer

Using the core sensor features from the ExtraSensory dataset [15],
we reproduced an activity-recognition setting reported by Vaizman
et al. [16]. With 177 features and 51 activity labels, the multi-task
multilayer perceptron achieved a mean balanced accuracy (BA) !
of 0.736. This was close to the BA of 0.739 reported for the corre-
sponding model configuration, which used two hidden layers with
16 units each and no dropout.

We also examined six activity contexts selected for Sonju: cook-
ing, eating, cleaning, doing laundry, watching television, and shop-
ping. The mean BA across the six contexts was 0.706, with individual
results ranging from approximately 0.65 to 0.73.

These results provide an initial assessment of the feasibility
of recognizing everyday activity contexts relevant to Sonju from
mobile and wearable sensing data. For the subsequent end-to-end
evaluation of the Conversation Layer, we additionally constructed

!Balanced accuracy (BA) is the average of sensitivity and specificity: BA = (TPR +
TNR) /2. It assigns equal importance to the positive and negative classes and is there-
fore less affected by class imbalance than conventional accuracy. We calculated bal-
anced accuracy for each activity label and then averaged it across labels.
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a personalized activity-recognition model using sensing data from
one participant (P51) in the ExtraSensory dataset. This participant
was selected for having the most complete label coverage across all
seven target contexts, enabling training and test data construction
for every context. Unlike the above feasibility analysis, the purpose
of this model was to provide actual sensing outputs as inputs to
Sonju’s conversations. We retained all sensing instances, including
periods in which none of the target activities occurred, as commonly
observed in continuous everyday sensing. Each sensing instance
was assigned to one of eight classes: cooking, eating, watching
television, dressing, shopping, cleaning, doing laundry or none. We
performed an 80/20 split separately within each class so that less
frequent classes were represented in both the training and test sets.
The resulting dataset consisted of 3548 training instances and 889
test instances. The activity contexts predicted by this personalized
model were subsequently used as the sensed contexts in the end-
to-end conversation evaluation described in 3.2.

3.2 Conversation Layer

The Conversation Layer was implemented as an LLM-based TA
that takes on the role of a grandchild learning from an older adult.
Each interaction comprises three phases: an opening that confirms
the current activity, a main conversation that elicits activity-related
knowledge and experiences, and a closing that summarizes what
Sonju has learned. During the opening, Sonju generates a situ-
ated question based on the sensed activity context; if the context
is incorrect, the older adult can correct it before continuing the
conversation.

During the main conversation, the agent selects among three
conversational strategies based on the older adult’s utterances and
the current dialogue state. The first strategy, follow-up questioning,
elicits specific details about content introduced by the older adult.
The second, reaction and confirmation, involves acknowledging
or paraphrasing the response and checking whether the agent has
understood it correctly. The third, perspective shifting, redirects
the conversation when the current line of inquiry yields limited
detail or when another perspective may elicit additional knowledge.
These strategies are designed to provide more specific prompts
when the older adult offers brief responses and to encourage further
elaboration when richer responses are provided (DR2).

Sonju extracts knowledge conveyed in the older adult’s utter-
ances and stores it in structured memory slots. Each slot contains
five fields: context (e.g., cooking), sub-context (e.g., cooking pasta),
category (e.g., technical), utterance (e.g., “Taste it before it gets too
soft”), and note (e.g., judging pasta doneness). The utterance field
preserves the older adult’s original statement, whereas the note
provides a concise summary of the conveyed knowledge.

The category field includes three forms of generativity: technical
generativity, which concerns practical skills and experiential know-
how; cultural generativity, which concerns socially and historically
acquired meanings and values; and parental generativity, which
concerns practices and knowledge related to caring for and guiding
younger family members [8, 13].

Stored memories persist across conversation sessions. At the
beginning of a later session, the agent refers to previously acquired
knowledge to demonstrate that it remembers the older adult’s prior
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teachings. By retaining and building on this knowledge across
sessions, Sonju makes its continued learning visible to the older
adult (DR3).

4 Experiment & Results
4.1 Experiment Setup

Before conducting a user study with older adults, we conducted a
simulation study to examine whether Sonju could elicit and retain
knowledge from users with different levels of self-disclosure. The
Conversation Layer was evaluated in an end-to-end sensing-to-
dialogue setting, in which the activity contexts predicted by the
personalized sensing model were used to initiate the simulated
conversations.

We implemented an older-adult avatar as an LLM instance sep-
arate from Sonju, with the avatar taking the role of the teacher
and Sonju taking the role of the learner. Each avatar was provided
with activity-specific target knowledge and generated responses
according to its assigned persona and knowledge base. The target
knowledge included practical skills, family-related practices, and
cultural meanings associated with each activity. The avatar was in-
structed to disclose this knowledge naturally in response to Sonju’s
questions rather than present it as a predefined list.

Because older adults vary in their levels of self-disclosure [6],
and such variation may affect conversational dynamics [12], we
created avatars with three self-disclosure profiles. In the reserved
condition, the avatar provided brief responses containing only mini-
mally necessary information. In the moderate condition, it provided
an intermediate level of detail and occasionally elaborated when
prompted. In the talkative condition, it proactively expanded on
relevant experiences and knowledge.

Table 1: Contexts and sub-contexts used in the elderly-avatar
simulation

Context Sub-contexts

Cooking Cooking rice; Making kimchi; Cooking pasta

Eating Eating dinner with family

Watching TV~ Watching economic news; Watching a sports broadcast;
Watching a history documentary

Doing laundry ~ Hand-washing clothes; Removing stains

Dressing Wearing hanbok (traditional Korean clothes); Tying a
necktie; Choosing clothes for the season

Shopping Shopping at a traditional market; Choosing meat at a
butcher shop

Cleaning Removing mold

The same set of 15 sub-contexts was used across all three per-
sona conditions to avoid confounding topic variation with persona
effects. The contexts and sub-contexts used to construct the target
knowledge of the simulated older-adult avatars are summarized in
Table 1. All interactions between Sonju and the simulated older-
adult avatars were conducted in Korean.

The experiment comprised 45 conversation sessions: three per-
sona conditions, each consisting of 15 sub-context sessions. At the
beginning of each persona condition, Sonju’s memory was fully
reset to simulate interaction with a different older adult. Within
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Table 2: Evaluation Results across Older Adult Avatar Per-
sonas

Evaluation Dimension Metric Reserved Moderate Talkative
Conversation Qualit Naturalness 96.5% 95.7% 95.7%
V¢ U
4 Personalization 100% 100% 91.7%
Specific 80% 100% 80%
A li
Generated QA Quality Inferred 70% 100% 100%
Correctness 100% 100% 100%
Knowledge Extraction Quality Coverage 85.3% 93.8% 94.2%
Completeness 94.9% 97.5% 99.4%

each condition, however, the memory was retained across all 15
sessions, allowing Sonju to refer to previously acquired knowledge
and exhibit cumulative learning. Both Sonju and the older-adult
avatar were implemented using GPT-4o, but they operated as sepa-
rate instances with different role-specific prompts and independent
conversation states.

4.2 Evaluation Results

4.2.1 Personalized Context Detection for End-to-End Interaction.
For the end-to-end conversation evaluation, the personalized activity-
recognition model achieved an overall accuracy of 89.0% on the
held-out test set of 889 sensing instances. Among the context pre-
dictions used to initiate the end-to-end conversation sessions, 11
matched the corresponding true activity context, whereas 4 were
incorrect detections. In these four cases, Sonju initially generated
an opening question based on the incorrectly sensed context. The
older-adult avatar corrected Sonju during the opening, after which
the agent continued the conversation based on the true activity
context.

4.2.2 Conversation Evaluation. We evaluated the Conversation
Layer along three dimensions using an LLM-based judge [7], im-
plemented with Claude Opus 4.8.

First, conversation quality was assessed using naturalness and
personalization. Naturalness measured whether the agent’s re-
sponses and questions were appropriate to the conversational con-
text and whether the dialogue progressed coherently. Personal-
ization measured whether the agent adapted its responses based
on information from prior conversations. Both naturalness and
personalization scores were similar across the three persona condi-
tions, suggesting that Sonju maintained comparable conversational
quality regardless of self-disclosure conditions. Second, generated-
question quality was assessed for two question types. Specific ques-
tions explicitly referred to information from prior conversations,
whereas inferred questions relied on plausible implications of the
accumulated dialogue and memory. The questions were extracted
using GPT-5 mini. Specific questions achieved appropriateness rates
at least 80% across all conditions. Inferred questions reached 100%
in the moderate and talkative conditions and 70% in the reserved
condition. Third, knowledge extraction quality was evaluated using
three metrics: correctness, coverage, and completeness. Correctness
measured whether the extracted slots were grounded in the con-
versation. Coverage measured the proportion of the avatar’s total
knowledge that was extracted, whereas completeness measured the
proportion of knowledge expressed during the conversation that
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was successfully extracted. Coverage increased with the avatar’s
level of self-disclosure, but remained 85.3% in the reserved condition.
Completeness was at least 94.9% across all conditions, suggesting
that Sonju captured most of the knowledge expressed during the
simulated conversations.

5 Limitation & Future Work

The feasibility analysis of context detection was conducted us-
ing the ExtraSensory Dataset rather than sensing data collected
directly from older adults. Although the results demonstrate the
feasibility of recognizing activity contexts relevant to Sonju, they
do not establish whether comparable recognition performance can
be achieved for Sonju’s intended population in everyday settings.
In addition, this study provides an initial feasibility evaluation
of whether the proposed TA can elicit and store tacit knowledge
during simulated interactions with older-adult avatars. Although
the current experiment directly connected sensing predictions to
conversational interactions and included cases involving incorrect
sensing outputs, the conversations were still simulated using LLM-
based older-adult avatars. Future work should collect longitudinal
sensing data from older adults and investigate personalized context-
recognition models that can adapt to individual activity patterns
in real-world environments. Furthermore, future studies should
evaluate whether interactions with Sonju can enhance older adults’
experience of generativity.

6 Conclusion

We proposed Sonju, a context-aware TA designed to support older
adults’ generativity through teaching. Sonju is designed to use ac-
tivity context to generate situated questions, store the knowledge
conveyed during interaction in structured memory slots, and reuse
accumulated knowledge to make its continued learning visible. To
evaluate the feasibility of Sonju’s context recognition and its inte-
gration with conversation, we used the ExtraSensory Dataset to
evaluate the system in an end-to-end sensing-to-dialogue setting,
in which activity contexts predicted from sensing data were di-
rectly used to initiate Sonju’s conversations. A personalized activity-
recognition model constructed using data from one participant
achieved 89.0% accuracy on a held-out test set. To evaluate the
quality of the conversations while reflecting the characteristics of
older adults, we designed three avatar profiles based on their levels
of self-disclosure. An LLM-based evaluation confirmed that Sonju
effectively elicited responses across all three avatar conditions. This
study was limited to public sensing data and LLM-based simula-
tion without actual older adults. Future work should evaluate the
integrated sensing-to-dialogue system with sensing data and in-
teractions collected from older adults and examine whether Sonju
supports their expression of generativity and their experience of
teaching a growing agent.
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