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ABSTRACT

Detailed activity logs are crucial for health monitoring and person-
alized interventions. Traditional methods rely on manual editing or
raise privacy concerns due to the use of camera recordings. This pa-
per proposes ContextLLM, an innovative system that utilizes a large
language model (LLM) to understand sensor data from smartphones
and smartwatches and automatically generate contextualized ac-
tivity logs. Compared to the state-of-the-art, it incorporates key
contextual information and physiological indicators, enabling more
fine-grained semantic descriptions. Preliminary results show that
the automatically generated activity logs achieve 80.26% similarity
to human annotations, demonstrating the feasibility.
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1 INTRODUCTION

In 2024, global wearable device shipments surpassed 1.2 billion units.
These rapid growth wearable devices is providing rich sensing data
for daily activity recognition and health monitoring. However, most
existing studies on human activity recognition primarily focus on
classifying basic movements [4], with limited analysis of contextual
factors such as location, environment, and physiological changes.
Fine-grained contextual records of activities can contribute to daily
health monitoring and timely personalized interventions, especially
for elderly individuals with cognitive decline. Additionally, detailed
contextualized activity logs also provide users with richer infor-
mation, enabling them to better review their daily lives and health
status [7]. Currently, some commercial applications facilitate ac-
tivity log generation [2], but they rely on manual data uploads
and textual annotations, imposing a significant user burden and
hindering systematic, consistent logging. Some studies investigate
wearable cameras and smart glasses for daily life logging [1], but

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).

SenSys '25, May 6-9, 2025, Irvine, USA

© 2025 Copyright held by the owner/author(s).

Data Collection Data Processing

Spatial Location Awareness Prompts Generation

Activity Logs Generation

8

Accelero-
0—X om— rog ragments
N structure
(40.71,-74.12) Clustering _ location .D:m"immdumun_
o E) / *Description of
SYpscepes 4‘1’ o3 features: ... Fine-tuned
& Database *Task explanation: ... -
*Output format: ... -
v
aps
RN Contextualized
wr activity logs
IMU  Time-frequency features|
WA Audio MFCC features
- g " Al ——s
S = — *Features values: ... Example: On Feb 1, from 19:30 to 20:15,
- Environmentaland physlologicl * sensors reading : .. the user was running at the UCSD campus
Microphone| [data aggregation]
gym. The indoor temperature is 22°C, 4508
—=° - noise and uniform lighting. Heart rate
S e -‘q]_’ increased from 62 bpm to 135 bpm before
Sensor
ARy Average oo decreasing to 85 bpm. Blood oxygen...

temperature..., respiratory rate...

Others

Figure 1: ContextLLM overview

Spatial Context Awareness Sensors GPS, Barometer, Wi-Fi and Bluetooth.

Motion State Monitoring Sensors Accelerometers, Gyroscopes and Magnetometers

Environmental Parameter Detection Sensors Temperature, Microphone and Light sensors.

Physiological Indicator Monitoring Sensors  PPG, SpO2, GSR/EDA, ECG, Thermometers.

Table 1: Categorizing sensors on smartphones and watches

these devices are costly and pose privacy concerns. Recently, Auto-
life [7] has leveraged 4 types of low-cost smartphone sensor data
to autonomously generate life logs. By integrating map images and
WiFi Service Set Identifiers (SSIDs), it employs LLMs to generate
detailed activity location descriptions and subsequently summa-
rize the user’s life logs. However, crucial environmental context
and physiological changes during activities are not accounted for.
Additionally, AutoLife trains four Large Language Models (LLMs)
to analyze and aggregate spatial context information, leading to a
highly complex processing workflow. In contrast to prior work, we
propose an innovative system, ContextLLM, for generating activity
logs with fine-grained contextual information while optimizing the
efficiency of the inference workflow.

Developing ContextLLM presented two key challenges: 1) in-
tegrating multi-modal, heterogeneous sensor data and accurately
interpreting its meaning, and 2) efficiently generating activity logs
with precise semantic descriptions. To address them, we categorize
the sensors into four major groups based on the type of informa-
tion they represent, as shown in Table 1. Then, we analyze the
structure of different sensor data and design specific feature ex-
traction algorithms to process the data. Subsequently, we carefully
design a prompt generator to dynamically transform the extracted
multi-modal features into structured text and fine-tune the LLM
to understand and interpret sensor data. These important method
designs significantly enhance the LLM’s reasoning ability for long
time-series data. Finally, we align and merge the output descriptions
from continuous time windows based on semantic information to
generate fine-grained contextualized activity logs.
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Figure 2: Location Clustering  Figure 3: User’s Motions

2 SYSTEM DESIGN

Fig. 1 presents an overview of ContextLLM . It collects sensor
data over a predefined time window (e.g., 60 seconds), extracts
features, and embeds them into a prompt generator. These prompts
are then processed by a fine-tuned LLM for interpretation. Finally,
the resulting descriptive fragments are aligned and aggregated to
generate the user activity logs over a longer period (e.g., one hour).

Spatial Location Awareness: To identify the user’s location
information, we design a spatial location awareness module to in-
terpret users’ location information. By analyzing historical data,
we establish a GPS coordinate clustering model for typical loca-
tions such as residences, workplaces, and frequently visited places.
Wi-Fi Service Set Identifiers (SSIDs) and Bluetooth beacon con-
nection information often contain location-related details, such
as “KFC_Free_WIiFi” and “SKY_Building_of ficeRoom1001”. By
parsing these character strings and querying global Wi-Fi location
databases maintained by companies like Google and Skyhook, the
system can further improve the positioning accuracy.

Motion Context Awareness: LLMs exhibit significant limi-
tations in understanding long-duration time-series data. To en-
hance the reasoning capabilities of LLMs, we explore both time-
domain and frequency-domain features of IMU data. We extract
a 26-dimensional feature vector to fine-tune the LLM. Next, we
analyze audio data to infer contextual information related to user
activities, such as attending a lecture in a classroom, conversing at
a party, or walking outdoors. However, the inference of raw audio
signals has a high computational overhead and contains sensitive
user privacy information. To address this, we compute the mean
and standard deviation of 13 Mel-Frequency Cepstral Coefficients
(MFCCs) along with two parameters related to sound volume inten-
sity, resulting in a 28-dimensional feature vector to fine-tune the
LLM. This enables the model to analyze spectral differences across
different scenarios and identify more nuanced activity contexts.

Activity Logs Generation: Since environmental and physiolog-
ical indicators remain relatively stable within a small time window
(e.g.,60 seconds), we aggregate these sensor readings by computing
their median values and structuring them into a formatted text to
enhance inference efficiency. Next, we design a prompt generator
to embed the extracted features of multi-modal sensor data into the
prompts. As shown in Fig.1, the prompt consists of five key com-
ponents: data introduction, descriptions of activity features, task
explanation, output format, and the specific feature values. Based
on the ground truth from dataset, we construct question-answer
pairs to fine-tune the LLM and generate textual outputs. Finally,
ContextLLM re-input the fine-grained activity log segments into
the LLM and merge multiple activity records based on activity type,
producing activity log summaries of natural semantic descriptions.

Tian, et al.

Precision Recall F1-score

Location Recognition 90.72% 91.95% 91.33%
Activity Recognition 88.92% 88.03% 88.47%
Context Recognition 71.23% 70.5% 70.86%
Activity Logs (BERTScore) 79.32% 81.23% 80.26%

Table 2: Preliminary evaluations of ContextLLM

3 EXPERIMENTAL ANALYSIS

We use GPT-40-mini as the base model to fine-tune ContextLLM and
construct a daily life multi-modal sensor dataset based on three
real-world datasets. Specifically, location and environmental data
come from [6], activity data are sourced from [5], and smartwatch
data originate from [8]. Accurate recognition of location, activity,
and context is a prerequisite for generating activity logs. Therefore,
we first evaluate the performance of ContextLLM on these tasks and
then compute the BERTScore to measure the similarity between
automatically generated activity logs and human annotations. As
shown in Fig.2, clustering based on historical data effectively dis-
tinguishes frequently visited locations. Using only GPS data, Con-
textLLM achieves an F1-score of 91.33% for location recognition.
For activity recognition, using raw IMU data as input results in an
F1-score of only 21.26%, while our feature extraction and prompt
engineering strategies improve it to 88.47%. We compare this result
with the recent SOTA approach LLaSA [3], which also utilizes LLMs
to interpret this activity dataset [5] and achieves an F1-score of 72%.
Our method outperforms it by 16.47%, further demonstrating the ad-
vantages of our design. For context recognition, ContextLLM shows
a lower performance, with an F1-score of 70.86%, mainly due to the
difficulty in distinguishing highly similar scenarios. In future work,
we will focus on studying and improving it. The final BERTScore
evaluation achieves an F1-score of 80.26%, outperforming AutoLife
(70.4%) while it can provide more fine-grained log descriptions.

4 CONCLUSION

We present ContextLLM , a system for generating fine-grained ac-
tivity logs. Preliminary results show that our carefully designed
feature extraction and prompt generation methods are highly ef-
fective, significantly improving LLM inference performance and
accuracy. The final BERTScore evaluation of ContextLLM achieves
an F1-score of 80.26%, demonstrating the feasibility of our approach.
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