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ABSTRACT

Timely recall of details is crucial for collaboration,
decision-making, and planning, especially for people
with dementia (57 million globally) or memory im-
pairments (10% of adults over 65 have dementia and
22% have mild impairment in U.S.). Existing assistive
technologies often rely on manual queries or lack aware-
ness of conversational ownership, leading to irrelevant
recall and privacy concerns, and limiting their effective-
ness in dynamic, multi-party settings. In this paper, we
introduce MemoryAids, a proactive voice memory assis-
tant that seamlessly operates during live conversations.
MemoryAids only focuses on owner speech, detects miss-
ing details in real time, and provides concise summaries
by proposing a low-latency owner detection module and
leveraging in-context learning. Our evaluations show
accurate owner detection (a recall of 90.7%), recall mo-
ment detection (92.7% accuracy with 5.8% word error
rate), and sub-second latency, highlighting its potential
to benefit people with memory impairments.

Index Terms— proactive memory aids, speaker iden-
tification, in-context learning LLM

1. INTRODUCTION

Timely recall of conversational details is essential for ef-
fective collaboration, decision-making, and planning.
When people forget or miss key information (e.g.,
due to interference by others, lack of sleep, excessive
stress [1]), they are forced to pause and consult notes
or digital records, which disrupts the natural flow of
dialogue. This problem is even worse for people who
live with dementia (57 million globally [2]) or memory
impairments (10% of adults over 65 have dementia and
22% have mild impairment [3, 4] in the U.S.).
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Prior Works. With the advances of automatic speech
recognition, natural language processing, and retrieval
augmented generation, several systems have been pro-
posed to assist users in accessing information. Mem-
Pal [5] supports query-based memory cues given visual
cues from a wearable camera. LLAMAPIE [6] supports
proactive assistance by providing related information
during dialogue, but it relies on pre-summarized events
as input rather than operating on raw conversations.
Moreover, it accepts voice from all participants without
distinguishing the intended owner, thereby providing no
privacy protection and risking the leakage of sensitive
information.

Requirements. For a memory assistant to be practical
and effective, we aim to satisfy two requirements. (1)
Owner-Awareness: The assistant should attend only to
the owner’s speech during conversations. By ignoring all
non-owner voices, the system prevents outsiders from
triggering memory retrieval or responses, thereby en-
suring that private information tied to the owner cannot
be accessed by others. In addition, owner-awareness
strengthens contextual grounding in multi-turn dia-
logues where speaker identity may be implicit. Captur-
ing what the owner has previously said is also important,
especially for people with memory impairments, such as
dementia or Alzheimer’s disease, where recalling re-
cent conversations is a core difficulty [7]. (2) Minimal
User Intervention: The assistant proactively anticipates
the owner’s information needs and delivers concise,
relevant cues in real time, avoiding explicit queries or
manual interaction to maintain the natural conversation
flow and improve communication efficiency.

Solutions. In this paper, we propose MemoryAids, a
voice memory assistant that operates seamlessly during
live conversations. In contrast to prior works, Memo-
ryAids proactively summarizes ongoing dialogues, de-
tects moments where forgotten or missing details hinder
communication (recall moments), and delivers the rele-
vant information in real time. To realize it, we propose



the following modules. (1) Low-Latency Owner Voice De-
tection via Preamble: Inspired by synchronization pream-
bles in modern wireless communication [8], we intro-
duce a one-time initialization phase where the owner
provides a short speech preamble (≈3 seconds). This
preamble serves as a lightweight reference for matching
incoming speech segments, enabling accurate filtering
of non-owner voices during live conversations. More-
over, the stored preamble is iteratively refined over
time as more conversations occur, further improving
robustness in owner-specific voice detection. This al-
lows MemoryAids to obtain the awareness of its owner,
thus providing owner-centric assistance. (2) Recall Mo-
ment Detection via In-Context Learning: We use LLMs
using in-context learning [9, 10, 11], where example
dialogues of recall moments are provided in the prompt
at inference time. The generalizability of LLMs allows
MemoryAids to generalize from examples, and allows
owner to customize their own recall moments without
retraining. When such recall moments are detected, the
system proactively provides the relevant details, elimi-
nating the need for manual query.

Evaluation. We validate MemoryAids across multiple di-
mensions. Our system achieves a word error rate of 5.8%
and recall moment detection with 92.7% accuracy on the
LLAMAPIE dataset [6]. It runs with a 927 ms latency
on average per inference and with a recall of 90.7% for
owner detection. We summarize our contributions:
• To the best of our knowledge, MemoryAids is the first

real-time memory assistant that proactively decides
when to provide missing information exclusively for
the owner during conversations.

• We provide a comprehensive evaluation demonstrat-
ing the effectiveness, efficiency, and usability of Mem-
oryAids, with implications for populations with hear-
ing or memory impairments.

2. RELATED WORKS

Table 1: Comparisons of Memory Assistants.

System
Proactive
Assistant

Owner-awareness
Privacy

In-conversation
Summarization

Memoro [12] ✔ ✖ ✖
MemPal [5] ✖ ✖ ✖
Mirai [13] ✔ ✖ ✖
LLAMAPIE [6] ✔ ✖ ✖
MemoryAids (Ours) ✔ ✔ ✔

Memory Assistants: Several memory assistants have
been proposed recently [12, 5, 13, 6]. Yet, these systems
lack owner-awareness and do not explicitly address
privacy concerns or owner-centric in-conversation sum-
marization (Table 1). In contrast, MemoryAids is the first
memory assistant that protects privacy through owner-
aware voice detection and supports owner-centric in-

(Owner; Alice)“When is your flight?”

Time

(Bob)

“My flight is” “I will visit Barcelona” 

Recall Factual

Retrieving from Knowledge Base
[Now]: Alice plans to visit Barcelona.
[2025-08-22]: Alice’s flight is on Sep 17, 2025.
[2025-08-17]: Alice has a dental appointment on Aug 20.

Updating Knowledge Base
[2025-08-22]: Alice’s flight is on Sep 17, 2025.
[2025-08-17]: Alice has a dental appointment on Aug 20.

on Sep 17, 2025

(Sec. 3.1) Preamble-based Low-Latency Owner Voice Detection

Streaming ASR

(Sec. 3.2) Recall Moment Detection via In-Context LLM

Fig. 1: Overall pipeline of MemoryAids.

conversation summarization.

LLM In-Context Learning: LLMs have demonstrated re-
markable capabilities with in-context learning [9, 10, 11,
14], where they adapt at inference time using conversa-
tional histories or annotated examples. While these tech-
niques have been applied to general dialogue or QA sys-
tems, MemoryAids incorporates in-context learning for
proactive memory assistance with owner-awareness, en-
suring personalization and preserving privacy.

3. MemoryAids

Fig. 1 depicts the overall pipeline of MemoryAids. In-
coming audio from two or more speakers (e.g., from
earbuds) is first processed by a low-latency owner voice
detector to ensure that only the owner’s speech is re-
tained. The retained speech is then transcribed in real
time (we used a variant of Whisper [15]), after which an
LLM with in-context learning determines whether each
spoken sentence represents a recall moment (i.e., where
users have forgotten any specific details) that requires
memory assistance or a factual update. Depending on
this decision, the system either retrieves missing de-
tails from the knowledge base or updates it with newly
gathered information, providing proactive and privacy-
preserving memory cues during conversations. The cues
are delivered as concise text prompts on the owner’s
phone screen or smart glasses, providing a practical and
unobtrusive feedback channel, in contrast to audio play-
back that could interfere with the ongoing conversation.
Next, we detail our key designs.

3.1. Preamble Based Low-Latency Owner Detection

To achieve low-latency operation, MemoryAids proposes
a lightweight preamble-based owner identification mod-
ule1. At initialization (one-time), the owner records
a short (≈3s) speech preamble, which is converted
into an embedding e0 ∈ Rd using Pyannote.audio [18]

1We omit the usage of speaker diarization algorithms [16, 17] since
they generally provide generic speaker labels.



and stored as a reference. For each incoming speech
segment xt, we compute an embedding et ∈ Rd and
measure cosine similarity against the current refer-
ence: S(et, e0) = et·e0

∥et∥∥e0∥ . If the similarity, S(et, e0),
is larger than 0.2 (empirically set), we identify the
owner and add the embedding to a candidate set E =
{e1, e2, . . . , en}. To refine the reference, we select
the most representative candidate that has the high-
est correlation (>0.8) with all the other candidates:
e0 ← argmaxei∈E(

1
|E|−1

∑|E|
j=1
j ̸=i

ei·ej

∥ei∥∥ej∥ ).

Benefits: This preamble-based approach enables accu-
rate and low-latency owner identification. By discard-
ing non-owner speech, it preserves the privacy as the
assistant stops responding to other parties and ensures
that retrieval and summarization remain strictly owner-
specific. The refinement mechanism further improves
robustness as usage continues, allowing MemoryAids to
adapt to natural variations in the owner’s voice while
maintaining reliability.

3.2. Recall Moment Detection via In-Context LLM

Listing 1: Example 1
Input:
Alice: My flight is.
Prior context:
[2025-08-22]: Alice’s flight is on Sep

17, 2025.
Output:
{ "speaker": "Alice",
"type": "recall",
"fact": "on Sep 17"}

Listing 2: Example 2
Input:
Alice: I will visit Barcelona.
Prior context:
[2025-08-22]: Alice’s flight is on Sep

17, 2025.
Output:
{ "speaker": "Alice",
"type": "factual",
"fact": "Alice will visit Barcelona"}

Fig. 2: Embedding examples to MemoryAids’s prompt.

While owner detection ensures that only the user’s
speech is processed, the assistant must also determine
when to intervene. Inspired by previous works [10, 11],
MemoryAids employs LLMs with in-context learning
to perform this task. Specifically, example dialogues
(Fig. 2) annotated with “recall” or “factual” are embed-
ded directly in our prompt at inference. Given a live
transcript stream, the LLM generalizes from these exam-
ples to identify 1) moments where forgotten or missing
information is likely to pause communication, or 2)
moments where the new knowledge from the owner is
gathered. Once detected, the LLM generates a concise
cue based on the relevance of the query in the database
via similarity checking (we use Sentence BERT [19] and
cosine similarity), or the system updates the database
based on the detected new knowledge about the owner.

Benefits: By unifying recall moments detection, factual
information summarization, and content generation
in a single model, our design eliminates the complex-
ity and error propagation associated with multi-stage
pipelines [6]. More importantly, it also enables rapid
adaptation to personalized dialogue styles without re-
training, since additional examples can simply be in-
cluded in the prompt, whereas multi-stage approaches
require retraining classifiers for each new style.

4. PERFORMANCE EVALUATION

We validate MemoryAids by answering questions below.

4.1. Can MemoryAids detect the owner’s voice?

Accurate identification of the owner’s voice is a funda-
mental requirement for MemoryAids. Without this ca-
pability, the system processes speech from other partici-
pants, raising privacy concerns and leading to irrelevant
memory retrieval. To evaluate the effectiveness of our
preamble-based module (Sec. 4.1), we conducted a con-
trolled usability study with 12 healthy participants (Our
study was IRB exempt since only anonymous usability
feedback was collected. Participants’ voices were tem-
porarily processed by the system but not recorded or
stored). Each participant engaged in a scripted dialogue
that included numerous factual details, such as flight
timings, locations, conferences, hotels, sports schedules,
and restaurants. The participant and the study member
take turns to read the script. Each turn contains 24.3
words on average, and 15 turns for the participant. At
the end of the conversation, the participant was asked
to answer questions about the conversation details. For
every sentence spoken by the participant (owner), we
logged a) whether MemoryAids successfully recognized
owner’s voice or b) the number of times that the other
speaker was wrongly recognized as the owner, poten-
tially leaking private information of the owner. Fig. 3a
shows MemoryAids detects owner’s voice with a recall
of 90.7%, and Fig. 3b depicts that MemoryAids protects
owner’s privacy by preventing the other speaker from be-
ing recognized as the owner. These results validate the
design choice of using a lightweight embedding similar-
ity approach instead of full diarization pipelines, which
only provides generic speaker labels, and confirm that
MemoryAids can reliably suppress non-owner speech in
real time, thereby preserving privacy by preventing re-
trieval from other speakers.
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Fig. 3: MemoryAids (a) accurately detects owner’s voices, and
(b) prevents the other speaker being recognized as the owner,
protecting the owner’s privacy.

4.2. Can MemoryAids identity sentence types and
how accurate are the responses?

We then evaluate the effectiveness of the proposed Re-
call Moment Detection via In-Context LLM (Sec. 4.2). In
the same study, we logged the detection accuracy of two
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Fig. 4: MemoryAids accurately detects different types of sen-
tences during live conversations.

types of sentences: a) recall moment, where the system
proactively returns information to the user, and b) fac-
tual sentence, where the system updates its knowledge
base about the user. On average, each participant con-
tributed around 20 recall and factual sentences. Fig. 4
shows the overall detection accuracy, demonstrating the
effectiveness of in-context learning. We note that for the
scripted sentences, the accuracy of recall moment detec-
tion is not the same for all users. This is because of the
errors from speech recognition, where some sentences
fail to be fully recognized due to accents.
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Fig. 5: Participants’ feedback on MemoryAids.

We also asked participants to evaluate the subjective as-
pects of MemoryAids along two dimensions: 1) whether
the tool’s assistance was delivered accurately (Accuracy),
and 2) whether it was delivered in a timely man-
ner (Timeliness). Participants rated these statements
on a 5-point Likert scale (1 = strongly disagree, 5 =
strongly agree). Fig. 5 summarizes the results, show-
ing consistently high satisfaction with both accuracy
and timeliness. These results highlight MemoryAids’s
effectiveness in supporting real-time conversations and
motivate future extensions to populations with memory
impairments and cognitive decline.
4.3. Comparing against existing work

We employ LLAMAPIE dataset [6] to compare (1) if
the system could detect the moments where the owner
needs cues and (2) how accurate the responses are,
i.e., word error rate [20] between ground truth and re-
sponses. The dataset contains ≈3128 conversations, and
each speaker has ≈22 words per turn. Table 2 depicts
MemoryAids2 achieves comparable accuracy to its coun-
terpart, where a specialized model is to detect the recall
moments and another model for generating responses.

4.4. Can MemoryAids run in real time?

Table 3 reports the end-to-end latency of MemoryAids
and the latency breakdowns across the three major com-

2We are restricted to use Gemini 2.5 [21].

Table 2: MemoryAids is compared against baselines.

System
Detection
Accuracy (↑) Response

Word Error Rate (↓)

LLAMAPIE [6] 93.5% 7.8%

MemoryAids-Gemini-2.5-flash 90.8% 6.3%
MemoryAids-Gemini-2.5-pro 99.1% 5.9%
MemoryAids-Gemini-2.5-flash-lite 92.7% 5.8%

ponents, owner detection, transcription, and retrieval-
augmented generation. Our owner detection module op-
erates with low latency (≈53 ms), confirming its suitabil-
ity for real-time filtering. Streaming ASR introduces la-
tency (≈80 ms). By contrast, the RAG module accounts
for the largest processing time (≈793 ms). This includes
both the sentence embedding similarity search over the
knowledge base and the time needed to generate re-
sponses from Gemini 2.5 Flash-Lite. Similar to prior
work [6], we offload all computations to a server with
a 4-core AMD CPU and an NVIDIA L40S. Overall, the
system achieves a sub-second end-to-end latency, which
is acceptable for live conversational assistance [6].

Table 3: Latency breakdown. Values in milliseconds (ms).

Component Mean ± Std Median 95%-tile
Owner Detection 53.2±14.7 51.0 78.7
Transcription (ASR) 79.8±20.2 80.2 112.9
RAG (Embed+LLM) 793.9±82.6 793.6 929.5
Total 926.9±87.7 926.4 1070.2

5. DISCUSSION

Future work will expand the study to people with mem-
ory impairment, hearing loss, and the elderly popula-
tion in free-living settings, as these groups would benefit
most from proactive conversational support in their daily
lives. We also envision seamless integration of Mem-
oryAids into everyday devices such as earbuds, smart-
phones, smart glasses, or smartrings [22, 23] to under-
stand the users’ intents for a comprehensively proactive
assistant and enhance usability in daily life. From a pri-
vacy perspective, we plan to secure the entire pipeline
by encrypting both transcriptions and embeddings (e.g.,
via homomorphic encryption [24]), coupled with locally
deployed LLMs. This would ensure that user data re-
mains fully private, with encrypted representations only
decodable on the user’s device, while still supporting
retrieval and real-time recall. In addition, because hu-
man voices naturally evolve due to aging, illness, or en-
vironments, our preamble-based owner voice detection
module will be extended to continuously adapt to these
changes over time. By refining its embeddings with the
most recent speech samples, the system can maintain ro-
bustness without repeated manual calibration. Together,
these directions chart the path toward a highly private,
adaptive, and practical memory assistant.
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