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Abstract
Automatic, camera-free lifelogging offers new opportunities for
memory rehabilitation, personal informatics, and assistive tech-
nologies. However, most existing approaches limit daily activities
to isolated event labels, offering little context and lacking the narra-
tive coherence essential for effective lifelogging. Recent advances
in audio–language models combine foundation audio processing
with language-based reasoning, enabling open-ended sound under-
standing. We introduce EchoScriptor, an end-to-end system that
transforms raw in-home audio into context-aware natural-language
descriptions, generating coherent narrative lifelogs of activities
and acoustic contexts. In moment-level evaluation, EchoScriptor
achieved 94.15% activity recognition and 89.25% background recog-
nition accuracy, and at the summary level, achieved an F1 score of
0.92, outperforming the classifier+LLM baseline. In our user study
with 20 participants across 10 household activity videos, Echo-
Scriptor summaries were consistently rated highly, approaching the
perceived utility of human-written ones. By advancing from event
detection to narrative understanding, EchoScriptor establishes a
significant step toward automated, unobtrusive, context-aware lifel-
ogging technologies.

CCS Concepts
• Human-centered computing → Interactive systems and
tools.
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1 Introduction
Enabling computing systems to passively interpret human actions
and the surrounding context has long been a central goal of per-
vasive and ubiquitous computing research, with broad implications
for health and wellness monitoring [45, 65, 102], smart environ-
ments [24, 71], assistive technologies [6, 84], and personal informat-
ics [23, 73]. One key application is lifelogging, where daily events
are automatically documented to provide contextual cues that sup-
port memory recall [58, 67]. Beyond personal reflection, lifelogging
has also demonstrated as a clinical intervention for memory im-
pairments and aging-related conditions, including dementia and
Parkinson’s disease, where episodic recall is critical for maintaining
independence [15, 39, 89]. An effective lifelogging system should
require minimal manual input, operate automatically and unobtru-
sively, capture rich contextual information, and present outputs
in human-readable narrative form [52, 75]. In terms of sensing
modalities, microphone-based sensing is promising: it is passive, al-
ready embedded in everyday devices such as voice assistants, smart-
phones, wearables and home appliances, and can capture a wide
spectrum of ambient signals relevant to human behavior [14, 55, 62].

Human Activity Recognition (HAR), often treated as the core
technology underpinning lifelogging, has primarily focused on clas-
sification, identifying which activity occurred and for how long [93].
Camera-based approaches require manual input [47, 80] and raise
privacy concerns [63], while IMU- and GPS-based systems are lim-
ited to a narrow set of activities such as walking, running, or sleep-
ing [44, 70]. More importantly„ these representations lack the ex-
pressive richness required for applications like lifelogging, personal
informatics, and memory support. Natural-language descriptions
therefore provide a promising direction for lifelogging. Unlike nu-
meric labels or raw sensor streams, effective lifelogging should cap-
ture not only what activities occurred, but also how they unfolded,
in what order, and within what contextual setting [5, 76, 87, 88].
In contrast, many existing systems produce large volumes of frag-
mented data or isolated labels without meaningful structure [16, 75].
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Figure 1: Overview of EchoScriptor: a generative pipeline that transforms raw household audio into narrative human activity
recognition lifelogs. (A) Audio is captured from daily activities. (B) The EchoLLM human-activity large audio–language model
converts raw audio to textual descriptions. (C) Moment-level audio descriptions capture user activities and acoustic context. (D)
The Narrative Construction Pipeline aggregates and rewrites them into coherent, human-readable summaries.

Natural-language representations bridge this gap by shifting lifel-
ogging from passive data collection toward context-aware, user-
interpretable semantic understanding.

We propose EchoScriptor, an audio–language system that trans-
forms raw household audio into natural-language narratives captur-
ing both human activities and their surrounding acoustic context
as shown in Figure 1. Unlike prior HAR systems that reduce audio
to discrete event labels, EchoScriptor directly generates sentence-
level natural-language descriptions that capture how activities and
environments unfold. EchoScriptor converts raw household audio
into expressive narrative lifelogs using a two-stage pipeline. First,
the EchoLLM large audio–language model (Figure 1B) serves as the
backbone for generating moment-level activity descriptions. Sec-
ond, the Narrative Summary Construction Pipeline (Figure 1C, 1D)
refines these outputs through semantic filtering, temporal aggrega-
tion, and natural-language rewriting, producing comprehensive and
human-readable summaries that represent longer spans of continu-
ous audio. Our empirical evaluation demonstrates the strong perfor-
mance of EchoLLM on the first large-scale dataset of home-activity
audio descriptions, comprising 199,800 synthesized audio mixtures
paired with natural-language descriptions covering 24 household
activities and 8 background contexts. On this benchmark, EchoLLM
substantially outperformed a traditional classifier+LLM+GPT base-
line, achieving 94.15% activity recognition and 89.25% background
recognition. Beyond benchmark evaluation, EchoScriptor was fur-
ther tested on real-world in-home recordings where it achieved
an F1 score of 0.92, indicating robust generalization to naturalistic
conditions. User studies further show that EchoScriptor produces
summaries rated as trustworthy, useful, and nearly on par with
human-written accounts, while operating significantly faster than
manual annotation. Together, these contributions establish a tech-
nical and empirical foundation for lifelogging, personal informatics,
and memory-support applications.

Overall, this paper makes the following contributions:

• Audio–language system: Introduces the first system that
directly infers in-home activities with acoustic contexts from

raw audio and produces coherent, context-aware natural-
language narratives, with an interactive website front-end
accessible from any microphone-enabled device.

• Empirical validation: Developed EchoLLM and demon-
strated its strong performance with the first large-scale
home-activity audio description dataset, substantially out-
performing the classifier+LLM+GPT baseline.

• User and real-world studies: Demonstrates that Echo-
Scriptor generates summaries rated as trustworthy, useful,
and nearly on par with human written accounts, while oper-
ating much faster than manual annotation.

2 Related Work
This section reviews prior work in three areas: audio-based human
activity recognition (HAR), lifelogging for memory support, and the
integration of LLMs with sensor data. It highlights their advantages
and limitations, and identifies the gaps that motivate this work.

2.1 Audio-based Human Activity Recognition
Human Activity Recognition (HAR) has been widely studied in
mobile systems, wearable technology, healthcare, and ubiquitous
computing, withmodalities such as cameras [57, 81], IMUs [7, 43, 95,
96, 98], microphones [54, 62], GPS [30, 94], and RF signals [13, 51],
each presenting distinct trade-offs in coverage, reliability, and prac-
ticality. Of these, audio-based sensing stands out for its low power
cost, unobtrusive nature, and minimal instrumentation require-
ments [56]. Unlike vision- or RF-based systems, microphones are
less affected by occlusions or line-of-sight constraints, making them
versatile for everyday environments. Audio-based systems, how-
ever, face two practical challenges: recordings may capture speech,
raising privacy concerns, and signals are susceptible to ambient
noise. To mitigate these problems, researchers have explored ultra-
sonic sensing to capture signals beyond speech frequencies [42, 64]
and surface acoustic waves to reject environmental noise for more
robust recognition [29, 60].

Most audio-based HAR systems follow a closed-set classifica-
tion framework, in which short audio segments are assigned labels
from a predefined taxonomy. This reliance on supervised learning
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