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Figure 1: Overview of ActivitySeeker. The system passively accumulates smartphone IMU data during the user’s daily activities.
Through clustering, potential new activities are identified and then presented to the user for collaborative labeling, facilitating
the construction of a labeled personalized dataset. With continuous usage, ActivitySeeker achieves high accuracy in personalized
activity recognition. This user-centric approach enables the system to adapt and improve over time.

Abstract

Smartphones provide an attractive yet challenging platform for
human activity recognition (HAR). They are ubiquitous, but also
limit the input of HAR systems to a single IMU. These systems are
also challenged by the inherent diversity of human activities and
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varying phone placement on the user’s body. This results in tra-
ditional smartphone HAR systems having limited personalization
potential or imposing a high user burden. We propose Activity-
Seeker, a personalized smartphone HAR system that combines
self-supervised activity discovery and low-burden user interaction
to collaboratively label IMU data and adapt HAR models to indi-
vidual users on-device through transfer learning. We evaluated
ActivitySeeker through simulated online learning and in-the-wild
user experiments, where it discovered 95.5% of personal activity
types and achieved high recognition accuracy (93.3%) while main-
taining a positive user experience. Leveraging the synergy between
user and smartphone, ActivitySeeker opens up new possibilities
for HAR-based applications like fitness, health and personalized
recommendation.
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1 Introduction

Human activity recognition (HAR) is an active field of research. It is
essential for health monitoring, fitness, recommendation systems,
smart assistants, and a wide range of other applications. Smart-
phones are an attractive platform for HAR. They are ubiquitous,
possess essential sensors and computing power, and are frequently
carried around by the user during various activities. Specifically,
HAR systems based on smartphone inertial measurement units
(IMUs) have shown great potential [6, 7, 17, 55], and could unlock
various HAR-based applications with little extra cost for the user.

However, the smartphone also poses significant challenges as
a platform for HAR systems. The single onboard IMU limits the
amount of information available to the HAR algorithm. Moreover,
compared to sensors with fixed placement (e.g. smartwatches, wear-
able sensors, etc.), variations in the placement of the phone on the
user’s body further complicate the design of HAR systems. Finally,
the varying habits and needs of users demand the HAR system to
adapt to each user and offer personalized activity recognition capa-
bilities. Three factors are in play here: cross-user variance stems
from the fact that different users perform the same activity (e.g.
walking) differently. Within-user variance is rooted in factors like
fatigue, clothing and the environment, which cause the same user
to perform the same activity differently in separate trials (a trial
refers to an entire episode of an activity, like walking from the office
to the metro station). The third and final factor is the varying needs
of users, who may want the HAR system to recognize different
types of activities. For instance, an elderly user may prioritize the
recognition of activities of daily living (ADLs) and fall detection,
while a young, active user may want the system to individually
recognize different activities in their workout session (e.g. push-up,
pull-up, running, etc.). In essence, practical smartphone HAR sys-
tems need to adapt to different users and circumstances, providing
personalized HAR capabilities while overcoming the limits posed
by the lack of sophisticated sensors.

Current research on personalized HAR does not offer a practi-
cal path to adaptive smartphone-based HAR systems. Some prior
works train personalized HAR models on manually labeled personal
datasets [1, 10, 39, 60]. While these models achieve good perfor-
mance, the data collection process itself is too burdensome and
impractical for everyday use [45, 54]. Meanwhile, self-supervised
and semi-supervised approaches reduce user burden at the cost of
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worse HAR performance [44, 62]. Moreover, a considerable por-
tion of prior work is based on datasets collected in labs, failing to
fully reflect the diversity of human activities in-the-wild. Finally,
research into the recognition of user-specific activity types not seen
in the training dataset is relatively lacking.

In this work, we introduce ActivitySeeker, a system designed to
discover, label, and recognize personalized activities. It overcomes
the challenges posed by limited sensing capabilities and highly vari-
able environments through collaboration with the user. As a result,
our system is capable of discovering and recognizing both common
and rare, user-specific activities accurately, while causing minimal
user burden. Specifically, ActivitySeeker adapts to a new user in
three phases. In the discovery phase, ActivitySeeker continuously
collects unlabeled smartphone IMU data in the background, which
is then mapped by a pre-trained embedding model into a feature
space and grouped into clusters in a self-supervised manner. In
the labeling phase, when the user’s current activity matches one
of the unlabeled clusters, ActivitySeeker prompts the user to pro-
vide a label, which is then used to annotate the entire cluster. Over
time, the collaborative labeling process yields a labeled personal-
ized activity dataset. In the final phase, ActivitySeeker learns to
recognize the activities in the personalized dataset through transfer
learning, training a lightweight personalized model on-device. This
eliminates performance degradation caused by cross-user variance.
By repeating the whole process, ActivitySeeker gradually learns
to recognize most of the user’s activity types, and adapts to the
within-user variance of each activity type. Our study results show
that this approach can lead to activity recognition capabilities simi-
lar to HAR systems trained on manually labeled personalized data,
while delivering user experience on par with the Apple Watch. In
summary, the main contributions of this paper are:

e We propose ActivitySeeker, an end-to-end system that combines
self-supervised learning, effective user interaction and transfer
learning to discover and recognize human activities. The pro-
posed system is designed to address cross-user and within-user
variance, and be efficiently deployed on smartphones.

o We evaluated ActivitySeeker’s performance on real-world data
from 13 free-living participants. In the simulated online learning
experiment, the system successfully discovered 95.5% of activity
classes, correctly labeled 98.8% of unlabeled data segments in the
collaborative labeling process, and achieved an average recogni-
tion accuracy of 93.3%, significantly outperforming baselines.

o We conducted two in-the-wild user studies to evaluate the user ex-
perience and activity recognition performance of ActivitySeeker.
Our system significantly reduced physical and mental burden for
users compared to manual labeling. When compared to the Ap-
ple Watch, users rated ActivitySeeker higher in terms of activity
discovery and recognition capabilities and roughly the same in
terms of user experience.

2 Related Work

2.1 Human Activity Recognition

Human activity recognition (HAR) refers to the detection and clas-
sification of human activities [2, 11, 54]. HAR has been extensively
studied using various hardware, input modalities, and machine
learning models. Wearable sensors, video, audio, RFID tags, and
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environmental sensors and other modalities have been used in
HAR tasks [50, 57, 68, 69, 71, 73, 77, 79]. While these approaches
showed promise in experiments, they may be too intrusive for daily
use, raise privacy concerns, have limited range, and require costly
additional infrastructure [19, 29].

In contrast, smartphones provide an attractive platform for HAR.
They are ubiquitous, rich in sensors, and possess considerable pro-
cessing power which enables on-device model deployment [38].
As an integral part of users’ daily lives, the smartphone also en-
ables sensing tasks while causing minimal intrusion. As a result,
smartphone-based HAR is well-suited for deployment in daily life
and has been extensively investigated [6, 7, 41, 49].

A variety of models have been used in HAR, ranging from ran-
dom forest and SVM to deep learning architectures like CNN, LSTM
and transformers [2, 13, 16, 23, 30, 32, 33, 35, 43, 46, 51, 54, 81]. Fur-
ther analysis demonstrates that features learned by deep neural
networks (DNNs) are more generalizable than handcrafted statis-
tical features and can be used in other activity recognition tasks
[46, 53, 70,77, 78, 80], which is further backed up by recent develop-
ments in autoencoders and contrastive learning models trained on
readily available unlabeled data [4, 24, 31, 35, 79]. In ActivitySeeker,
we employ a ResNet-inspired model structure [26, 34], which is
capable of extracting features that can generalize to new users and
custom activity types, while being lightweight enough for efficient
on-device deployment.

HAR ranges from recognizing low level activities like walking
and running to complex activities like cooking and playing foot-
ball. This paper, in particular, deals with atomic activities, which
are distinguishable by unique motion patterns and cannot be fur-
ther decomposed into simpler activities [40, 47]. Examples include
walking, running and doing push-ups. Existing smartphone IMU
HAR datasets (e.g. MotionSense [41], HHAR [66], UCI-HAR [6],
etc.) focus on a limited set of atomic activities, namely walking,
cycling, running, ascending and descending stairs, standing, sitting,
and lying down. In addition, the phone placement in these datasets
was fixed, which fails to address the natural wearing diversity [14]
of smartphone IMU data. In ActivitySeeker, we push beyond this
limited set and tackle wearing diversity head-on by collecting a
large (112.8 hours) in-the-wild dataset from free-living users and
developing an effective HAR pipeline.

2.2 Personalization in HAR

Personalization is an important aspect of HAR, and has been exten-
sively investigated [44, 55, 78]. Previous research has revealed signif-
icant cross-user variance, causing performance degradation when
pre-trained models are used off-the-shelf by new users [5, 39, 62].
Various approaches to personalization have been studied. One solu-
tion involves fine-tuning pre-trained models with manually labeled
data from end users [1, 10, 39, 60]. This approach achieves strong
performance but requires a substantial amount of manual input
from users, significantly elevating user burden. Moreover, obtain-
ing user-labeled data in real-life scenarios is not always feasible
[45, 54]. Other methods circumvent this challenge by leveraging
unlabeled data [44, 62] but offer limited performance improvement
and generally cannot recognize user-defined custom activities. Pre-
vious works introduced hybrid approaches where a small number of
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samples are labeled by the user in an interactive process, aiding the
utilization of unlabeled data [8, 27, 77]. These hybrid approaches
showed promise and inspired the design of ActivitySeeker.

Finally, to enable in-the-wild personalized HAR on smartphones,
the problem of wearing diversity [14] must be addressed. Wearing
diversity refers to the different placements and orientations of
smartphones on users’ bodies. For instance, a user may walk while
holding their phone, as well as placing it in their coat pocket or
trouser pocket. Research in this regard is relatively lacking, as most
publicly available IMU-centric datasets are collected from sensors
with fixed placement. This influenced our decision to collect our
own dataset from free-living participants.

We address these limitations by proposing a system that accu-
rately labels personalized IMU data through a collaborative process
with low user burden, resulting in robust personalized HAR models
that evolve with use.

2.3 Related Machine Learning Techniques

Our system aims to train personalized HAR models with minimal
user input. Few-shot learning has shown promise by enabling the
recognition of previously unseen, user-defined custom classes us-
ing a few labeled samples [52, 78]. An effective few-shot learning
approach involves automatically annotating unlabeled samples us-
ing available labeled shots [72]. We aim to improve the model’s
performance as data accumulates continually, putting our work
into the domain of incremental learning and continual learning
[18, 44, 77]. Furthermore, users may perform activities not seen in
the train set, necessitating novel class discovery (NCD) capabilities
[22, 28, 61].

To minimize user burden, the discovered clusters undergo a
mostly automated labeling process. Several methods have been
proposed to facilitate automatic labeling in HAR and beyond, in-
cluding label propagation [8, 20], manifold learning [62], using
existing classifiers [15], and integration of other input modalities
[52, 56]. The timing of user interactions is studied in prior work,
which use active learning techniques to minimize user burden and
maximize the knowledge gained from interactions [8, 27, 42, 45, 67].
Additionally, we employ transfer learning, which refers to the trans-
fer of knowledge learned in one task to another [74, 85]. Transfer
learning is widely used in Computer Vision (CV), Natural Language
Processing (NLP), and HAR [42, 44, 60, 65]. Leveraging pre-trained
models for feature extraction, transfer learning eliminates the need
to train models from scratch, significantly reducing computation
costs. The lightweight nature of transfer learning allows us to train
personalized HAR models on-device.

2.4 Automatic Discovery and Recognition of
Acoustic Events

ListenLearner [77] applies the same high-level concepts as Activity-
Seeker does to acoustic activity discovery and recognition. It uses
Ward’s method to cluster audio events based on feature representa-
tions generated by a VGG-ish embedding model. For each cluster,
a one-class SVM [64] classifier is trained for the corresponding
activity.

Compared to the audio modality, smartphone IMU poses several
unique challenges. The first and most important is the large cross-
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and within-user variance. Audio events are largely consistent
over time - for example, microwaves sound roughly the same at
different places and times. This is further aided by the fact that
smart speakers like ListenLearner are rarely moved around and deal
with largely unchanging environments. In contrast, as discussed
in Section 2.2, motion patterns captured by smartphone IMUs are
far more variable. For the task of personalized HAR, within-user
variance due to factors like different clothing, wearing diversity [14],
and fatigue levels mean that ActivitySeeker has to manage far more
clusters for each type of activity, making the task more difficult than
self-supervised acoustic event recognition. The second challenge
is managing noise. ListenLearner uses a simple threshold of 1.5
standard deviations above ambient sound levels to filter out low-
information segments. For IMU data, this approach would lead to
many meaningful activities with smaller or slower movements (e.g.
doing push-ups with the phone in one’s pocket) being discarded.
Therefore, ActivitySeeker needs a "smarter" way of noise filtering.
Finally, on-device deployment is much more challenging for
smartphones. ListenLearner is a specialized device for acoustic
event recognition plugged into a power outlet, while ActivitySeeker
needs to minimize the computational cost and battery drain on a
smartphone that also hosts other applications.

The first challenge means that ActivitySeeker cannot use the
"one cluster per activity" approach of ListenLearner. Instead, each
label may correspond to multiple clusters in ActivitySeeker. There-
fore, clustering and training personalized classifiers are done sepa-
rately in our pipeline. By decoupling the learning of local structures
(i.e. clusters) and global structures (i.e. activities), ActivitySeeker
is more versatile and able to effectively handle the discovery and
recognition of ever-changing human activities. To further tailor Ac-
tivitySeeker to IMU input, we designed a hybrid DNN encoder that
incorporates both temporal and frequency domain inputs, enabling
the extraction of finer-grained features that accurately capture the
local structures in the space of human activities. To deal with the
second challenge (noise filtering), we use a decision tree model
that considers both periodicity and magnitude to filter out noise
while retaining low-magnitude segments with high periodicity. Fi-
nally, we optimized the lightweight pretrained encoder, clustering
process, and personalized SVM classifier to run efficiently on a
smartphone with minimal latency and battery usage. This is dif-
ferent from ListenLearner, which relied on a server for training
personalized models.

2.5 Comparison with Commercially Available
Products

ActivitySeeker stands out among commercially available solutions
by combining the ability to discover and recognize user-defined
custom activities, the ability to adapt to a user over time, and low
interaction burden. The Apple Watch, for instance, can only auto-
matically recognize 9 predetermined types of workouts. For custom
workouts, users have to manually log the beginning and end of each
session. Fitness applications like Strava and Keep require the user
to manually start a workout recording, though Strava has incorpo-
rated the auto-pause feature to reduce user burden. In comparison,
ActivitySeeker is more versatile and less burdensome for users.
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3 Method
3.1 Learning Feature Representation of IMU
Data

The basis of any HAR system is the ability to extract features from
sensor data. We trained a ResNet based model on a diverse smart-
phone IMU dataset, using the feature representation learned by the
model as the basis of ActivitySeeker.

3.1.1  Pre-training Dataset. The pre-training dataset combines IMU
data from the public MotionSense dataset [41] with data collected
from 4 free-living subjects over two weeks in our own experiments.
MotionSense, with data collected from 24 users in a short, con-
trolled study, primarily captures cross-user variance. Our own data,
collected over a longer time frame (around 2 weeks) from free-
living users, focuses on within-user variance and complements
MotionSense. The performance impact of introducing our own data
is shown in Appendix C. The content of the combined dataset is
shown in Table 1.

Activities Specified Positions

Static* Trouser Pocket (N=3325), Holding with Operations (N=250)
Placed on Surfaces (N=552)

Trouser Pocket (Fast, N=223), Trouser Pocket (Slow, N=2878)
Holding (N=419), Holding with Operations (N=212)

Coat Pocket (N=183)

Trouser Pocket (N=1029)

Walking*

Going Upstairs*

Going Downstairs*  Trouser Pocket (N=744)

Jumping Rope Trouser Pocket (N=48)

Jumping Jack Trouser Pocket (N=32)

Running* Trouser Pocket (N=861), Holding (N=281), Coat Pocket (N=18)
Cycling Trouser Pocket (N=1238)

Riding E-bike Trouser Pocket (N=129)

Squatting Trouser Pocket (N=85)

Push-up Trouser Pocket (N=43)

Leg Shaking Trouser Pocket (N=399)

Table 1: The content of the Pre-training Dataset, including
data from both MotionSense and our experiment. *Activity
classes present in both MotionSense and our experiment.

In our data collection experiment, four subjects from a university
campus participated (1 female and 3 males, aged 21-23, average age
22), using their personal Android smartphones equipped with a data
collection app. This app enabled them to choose an activity label,
start, and stop activity recordings. We set the IMU sampling rate at
100Hz, high enough for classification performance across various
HAR datasets [36]. The subjects were asked to record activities
in their daily routines and upload the collected data at the end
of each day. In total, 10.8 hours of IMU data was collected over
two weeks, encompassing 20 labels (we put the same activity with
different phone placement under separate labels). Additionally, the
MotionSense dataset added 7.8 hours of smartphone IMU data to
our pre-training dataset, bringing with it a significant amount of
cross-user variance.

For data collected in our own experiments, we manually screened
the data for abnormalities (e.g. users forgetting to turn off the app
after finishing an activity, IMU turned off in power-saving mode,
etc.). The data from the MotionSense dataset is used off-the-shelf
and resampled to 100 Hz. The combined dataset is then divided into
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5-second-long windows with no overlap. To further improve the pre-
trained model’s robustness, we applied time warping and scaling
[75] to the dataset. Time warping introduced variations in the
speed at which the activity is performed while scaling introduced
variations in the intensity of the activities. The data augmentation
process increased the amount of training data to 4 times the original
amount. See Appendix B for details on data augmentation.

Global
Max

Residual Conv2D* Pooling

Gyrox [NJSuN A Conv2D*

x
GyroY [N~ Residual Block
Blocks

Gyroz [N NM] Kernel:
Lin. Ace. X NI N 65

67
Lin. Acc. Y | /N U A 69 Kernel: Kernel: Kernel
. o1 12843 128%3 128°3
Lin. Ace.Z | /N U Batch  Max Max

Norm  Pooling Pooling

Linear Layers y
Element-wise

Multiplication

FFT
&
tanh
Handcrafted an ®
T Feature
—— ‘“'":N
[
(me20) (m =120 Frequene Time-Domain

Freq-Domain 3

Time-Domain | Selection
Featres
(m=128)

Features
(dim = 128)

MLP*
Pre-trained

/" Residual Block N\
Hardswish Hardswish |
Activation Activation |

comzn com2p
Kernel Kernel:
128%3 1283
Batch
Normalization Normalization

skip N Features
! N (dim = 128)
Classifier

Connection

Figure 2: Model architecture of ActivitySeeker’s feature ex-
traction model. The mixed temporal and frequency feature
vector is fed into either a pre-trained MLP or a personalized
SVM prediction head for activity predictions.

3.1.2  Model Architecture. We observed that both the time and fre-
quency domains contain valuable features (See Appendix I), in line
with the results shown in [21, 70]. As a result, our model processes
both time domain data and frequency domain features. The time
domain data is a 5-second window of triaxial linear accelerometer
and triaxial gyroscope data, sampled at 100Hz. The 5-second time
window was chosen because it sufficiently covered the period or
duration of most atomic activities. The 100Hz sampling rate was
chosen to capture detailed motion patterns [36]. The frequency
domain data consists of 20 handcrafted features including the peri-
odicity score (the ratio between the highest peak in the spectrum
and the 75th percentile, a simple periodicity metric similar to the
ones used in [48, 82], 1 dimension), the overall mean energy of the
6 spectra (1 dimension), a one-hot encoding of the input channel
with the highest periodicity score (6 dimensions), the log of the
energy of each axis’ spectrum (6 dimensions), and the dominant
frequency of each axis (6 dimensions), forming a 20-dimensional
feature vector. We chose these features empirically after observing
the visualized FFT spectra of different activities (examples are in
Appendix I).

As shown in Figure 2, we use ResNet [26] as backbone of our
model. The ResNet extracts features from the time domain, while a
multilayer perceptron (MLP) processes frequency domain features.
Previous works have shown that combining time and frequency
domain features enhances overall model performance [21, 70]. In
our case, fusing the time and frequency domain feature vectors
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through element-wise multiplication yielded the best result. This is
shown in Table 2.

3.1.3  Performance. We trained and evaluated our model and the
baselines on the pre-training dataset described in Section 3.1.1. We
split the dataset into 70% for training, 15% for validation, and 15%
for testing. All splits were done in a within-user manner, where the
data from a user may appear in all three splits, although there was
no overlap between the splits. We did not use a cross-user setting
here because, to train a feature extractor, it is more productive to use
the pre-training dataset to the full extent and train on data from all
users. The best-performing model on the validation set was saved
and evaluated on the test set. The results over 5 different random
number seeds, presented in Table 2, show that the ResNet backbone
performed significantly better than other backbones like CNN and
LSTM. The fusion of time and frequency domain features, as well
as data augmentation, improved model performance. These results
validate our model architecture and provide a solid foundation for
ActivitySeeker.

Model Accuracy F1-Score p-value
Time-Only CNN 093710007 091910017  0.0016 (**)
Time-Only LSTM 092910011  0.869:0022  0.0005 (***)
Time-Only ResNet 0.9754+0.001 0.96840.003 0.0308 (*)
Time-Freq Concat. 0.980-0.002 0.97140.007 0.0774
Time-Freq Mult. w/o Data Aug. 0.974+0.002 0.959.40.007 0.0050 (**)

Time-Freq Mult. (ActivitySeeker)  0.981.0 002 0.97640.002 N/A

Table 2: Activity classification performance of different
model structures. We performed a paired t-test on the macro-
F1 results of each alternative model and the model used in
ActivitySeeker. * denotes p < 0.05, ** denotes p < 0.01, ***
denotes p < 0.001.

3.2 Enabling Personalized HAR from Scratch

ActivitySeeker works in three phases. In the first phase, it collects
and segments unlabeled IMU data in the background. It filters out
static windows while mapping active windows into the feature
space using the pre-trained embedding model. In the second phase,
the feature vectors are clustered, and the unlabeled clusters are
then annotated through collaborative labeling. The third and final
phase involves training a lightweight, personalized model through
transfer learning, enabling the precise recognition of the user’s
activities. The pipeline is shown in Figure 3.

3.2.1 Data Segmentation and Noise Removal. In ActivitySeeker,
IMU data is sampled at 100Hz and segmented into 5-second win-
dows with 50% overlap. The overlap doubles the samples available,
mitigating the scarcity of personalized data. Recognizing that smart-
phone IMU data is inherently noisy, we distinguish between active
and static windows. Active windows exhibit high energy or period-
icity, typical of dynamic activities like walking or cycling, whereas
static windows lack dominant frequency and have low energy. We
focus solely on active windows, filtering out static ones. We used a
decision tree classifier to filter out static windows based on statis-
tical features like periodicity and energy from linear acceleration
and gyroscope data (see Appendix A for details). This classifier
successfully differentiates active windows from static ones with
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Figure 3: An overview of the ActivitySeeker pipeline. The raw data is preprocessed to filter out static windows and then
mapped to a feature space using a pre-trained embedding model. Clustering is employed to discover potential activities, and
collaborative labeling is utilized to create a personalized dataset. The user’s own SVM prediction head is trained through
transfer learning, facilitating the recognition of personalized activities.

over 90% accuracy, reducing the volume of data for subsequent
processing stages.

3.2.2 Feature Extraction and Clustering. Following the filtering
stage, feature vectors are extracted from active windows using the
pre-trained embedding from Section 3.1. We then use agglomerative
hierarchical clustering with complete linkage and cosine similarity
distance metric to reveal activity patterns. The clustering process
halts when the average cluster size reaches a predefined value
(Sciuster = 13.5). We demonstrate the effectiveness of this clustering
approach in Figure 4, where each activity forms distinct clusters.

3.2.3 Collaborative Labeling. We propose a collaborative labeling
approach to reduce user burden while accurately annotating a
large amount of data. Specifically, when the user’s current activity
matches one of the unlabeled clusters, the system prompts the user
to label the activity in situ. This label is then used to annotate the
entire cluster. A k-NN classifier is used to match the current activity
to a cluster. Since k-NN alone is susceptible to outliers, we model
the cluster using a one-class SVM [63] to double check whether the
current activity indeed belongs to the cluster. The system will ask
the user for a label if the SVM vyields a positive result. Section 5.1
provides details on how we implemented the interaction process of
collaborative labeling.

Collaborative labeling combines the system knowledge gained
through clustering and the user’s a priori knowledge about their
own activity, enabling effective human-machine collaboration in
annotating IMU data. By annotating an entire cluster of recorded
past events with a single interaction, the amount of manual input
needed is significantly reduced.

Clustering Results (t-SNE)

Ground Truth Labels (t-SNE)

(a) Clustering Result (b) Ground-truth Labels
Figure 4: 2-D t-SNE visualization of clustering results. Clus-
ters of the same ground truth label use different shades of the
same color. Notably, no overlap is observed between clusters
belonging to different labels, ensuring clear differentiation
and accurate data representation. Body Rotation was not in-
cluded in the pre-training dataset (described in Table 1), but
the system successfully discovers this previously unseen ac-
tivity. It can be seen that each activity type is subdivided
into several clusters, reflecting the within-user variance of
human activities.

3.2.4 Training Personalized Models. Leveraging the feature vec-
tors extracted by the pre-trained model, we train a personalized
multi-class SVM classifier with radial basis function (RBF) kernel.
The training process is fast and energy efficient, making it suitable
for mobile deployment. The model undergoes incremental updates
as the volume of labeled data increases, improving both its accuracy
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and widening the range of activities it recognizes. We set a threshold
of 500 newly annotated samples (Nypdqre) for each update cycle, a
figure determined empirically to balance between minimizing com-
putational load and ensuring timely model updates. Upon reaching
this threshold, the SVM is retrained with the expanded dataset.

4 Quantitative Evaluation

In this section, we will discuss the quantitative evaluation of the
system’s performance through simulated online learning. We col-
lected a substantial real-world dataset from participants engaged
in uncontrolled, free-living scenarios to facilitate the quantitative
evaluation.

4.1 Simulated Online Learning

ActivitySeeker, designed to label past activities automatically, is
difficult to evaluate quantitatively in the wild due to the absence of
ground truth activity labels. Furthermore, alternative methods of
obtaining labels during the experiment, such as participant recol-
lection or audio and video recordings, face reliability issues or pose
significant privacy and logistical challenges. Therefore, deploying
the pipeline on smartphones and conducting an in-the-wild user
experiment cannot, on its own, offer a quantitative evaluation of
ActivitySeeker’s performance.

To address this, we adopted a simulated online learning approach,
where users labeled their activities during their daily lives, creating
a dataset that was then fed into the system in chronological order,
simulating the real-world data flow. The ground truth label given
by the user is hidden, and the collected data is fed into the system
as unlabeled samples. When the model discover that the current
activity matches a cluster of past activities in the collaborative
labeling phase, the ground truth label of the current activity is used
as the answer to the question, "What activity are you currently
doing?". This label is then used to annotate the entire cluster. This
simulated online learning experiment, similar to those done in
recent research [3, 12, 25], effectively recreates real-world online
learning scenarios.

At the end of the simulation, much of the data is labeled automat-
ically by ActivitySeeker through simulated collaborative labeling.
Since ActivitySeeker is not 100% accurate when annotating unla-
beled data, the collaborative labeling process will result in a small
amount of mislabeled samples. By comparing the label given by Ac-
tivitySeeker with the ground truth label, we can assess the accuracy
of the collaborative labeling process quantitatively.

4.2 Real-World Dataset

4.2.1 Rationale. Existing open-source IMU-centric datasets have
several limitations, which make them unsuitable for the quantitative
evaluation of ActivitySeeker through simulated online learning.
Specifically, these public datasets have limited variation in phone
positioning, cover a narrow range of activity categories, or tend
to capture each user’s activities briefly, typically for less than 5
minutes per activity per user [6, 7, 9, 37, 57, 59]. Moreover, these
datasets are generally collected in controlled environments, which
may not accurately reflect users’ daily routine. For instance, many
datasets equally represent activities like walking and climbing stairs,
despite walking being far more common in everyday life. Therefore,
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we collected real-world IMU data from free-living participants over
an extended period (8-20 days) to quantitatively test ActivitySeeker
on a dataset that closely resembles an actual deployment scenario.

In total, we collected 112.8 hours of labeled non-static IMU data
from 13 free-living users (4 females and 9 males, ages 19-26, average
age 22) in a university campus, averaging 8.7 hours per user. This is
an order of magnitude greater than the 0.3 hours per user collected
in MotionSense [41] and 0.6 hours per user in PAMAP2 [57]. The
rationale behind the greatly increased data per-person is twofold:
(1) ActivitySeeker passively collects unlabeled IMU data in the
background while users carry on with their daily lives normally,
allowing for a much larger amount of within-user data, and (2)
our focus on personalized HAR necessitates more data per person
to effectively capture the within-user variance. The detailed data
collection procedure is available in Appendix D. To prevent data
leakage and ensure fair evaluation, the 4 users who contributed to
the pre-training dataset were not included in this dataset.

4.2.2  Dataset Composition. In total, the real-world dataset we col-
lected contained 15 types of activities, including those not covered
by the pre-training dataset. The names of the activities and the
number of users performing each activity are shown in Table 3.
More detailed information about the composition of this dataset can
be found in Appendix H. In terms of activities covered, this dataset
is much more diverse than existing smartphone IMU datasets such
as MotionSense [41], UCI-HAR [6] and HHAR [66], which only
covers walking, ascending and descending stairs, cycling, jogging,
and static behaviors like sitting. With more than 10 hours of in-the-
wild IMU data per user, our dataset also does a better job covering
the within-user variance.

Activity #Users | Activity #Users
Walking (Holding) 13 Running (Holding) 10
Walking (Coat Pocket) 8 Running (Coat Pocket) 2
Walking (Trouser Pocket) 11 Running (Trouser Pocket) 5
Going Upstairs (Trouser Pocket) 11 Cycling (Trouser Pocket) 13
Going Downstairs (Trouser Pocket) 11 Squatting (Trouser Pocket) 4
Jumping Rope (Trouser Pocket) 5 Push-up (Trouser Pocket) 4
Jumping Jack (Holding) 7 Pull-up (Trouser Pocket) 1
Body Rotation (Trouser & Coat Pocket) 9

Table 3: Activities encountered in the user experiment.

4.3 Experiment Setup

ActivitySeeker was evaluated through the simulated online learning
method described in Section 4.1. Specifically, 80% of the data from
each user’s activity recording was allocated for system training.
This data is sent into the system in chronological order according
to timestamps during simulated online learning. The remaining
20% of data were used for testing. We guaranteed that each trial
was used for either training or testing, but not both. This prevented
data leakage, and maximized the within-user variance between the
train set and test set. In this experiment, we report macro F1 (mF1)
in addition to accuracy (Acc). Since human activities have a natural
class imbalance, we follow the precedent set by recent work in HAR
[81, 83, 84] and use mF1 as the primary metric.

We compared ActivitySeeker to a baseline model with no person-
alization, a baseline model using conventional continual learning
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Baseline 1 Baseline 2 ActivitySeeker { Optimal

User | Accuracy F1-Score  Accuracy F1-Score  Accuracy F1-Score C ‘ Accuracy  F1-Score
1 0.857 0.686 0.531 0.184 0.831 0.784 12.0/12 0.868 0.845
2 0.965 0.723 0.965 0.964 0.983 0.985 6.0/6 0.997 0.998
3 0.899 0.785 0.966 0.897 0.981 0.978 11.0/12 0.993 0.990
4 0.828 0.483 0.644 0.542 0.854 0.818 6.0/7 0.883 0.928
5 0.953 0.461 0.885 0.936 0.943 0.936 5.0/5 0.971 0.968
6 0.802 0.386 0.733 0.490 0.905 0.732 6.3/7 0.933 0.754
7 0.872 0.773 0.741 0.232 0.890 0.786 14.0/15 0.958 0.930
8 0.919 0.762 0.923 0.711 0.926 0.895 8.3/10 0.968 0.910
9 0.841 0.525 0.928 0.600 0.977 0.937 10.0/10 0.985 0.974
10 0.949 0.630 0.867 0.870 0.980 0.976 7.0/7 0.984 0.982
11 0.780 0.534 0.900 0.797 0.942 0.903 8.0/8 0.972 0.959
12 0.880 0.746 0.972 0.942 0.938 0.939 7.3/8 0.976 0.970
13 0.807 0.646 0.481 0.378 0.973 0.969 7.0/7 0.983 0.972
Avg ‘ 0.8731+0.059  0.62640.129 0.810:0.162  0.65710.264 0.93310.048 0.895:00s3 8.3/8.7 ‘ 0.95940.039  0.9370.066

Table 4: Accuracy and macro F1-score for ActivitySeeker and the baseline methods. We also report the ratio of discovered
classes to total classes (C) for ActivitySeeker. Since we ran the evaluation three times using different random seeds and averaged
the results, the number of discovered classes may not be a whole number. C is the same for ActivitySeeker and baseline 2, but
not applicable to baseline 1 and the optimal scenario, where all data is manually labeled.

algorithms (Replay+EWC)[18] for personalization, and an optimal
scenario, all using the same test set:

o ActivitySeeker: Personalized Data + Collaborative Label-
ing + Transfer Learning. ActivitySeeker retains the pre-trained
embedding and only retrains the SVM classifier on the personal-
ized data, as shown in Figure 3. The training data for the SVM
classifier is obtained through collaborative labeling.

e Baseline 1: No Personalization. Baseline 1 represents using
pre-trained models off-the-shelf for new users. In our experiment,
this is facilitated through the leave-one-user-out method. For
each user, the whole model, as shown in Figure 2, is trained on
all other users’ manually labeled data.

e Baseline 2: Personalized Data + Collaborative Labeling +
Continual Learning. Baseline 2 represents using existing con-
tinual learning algorithms to build personalized HAR models.
It is based on two widely used continual learning techniques,
replay and elastic weight consolidation [18], which are applied
to the same pre-trained ResNet-based model as ActivitySeeker.

e Optimal: Personalized Data + Manual Labeling + Trans-
fer Learning. We explore a hypothetical scenario with a 100%
utilization rate and labeling accuracy of personalized data. This
scenario is equivalent to having an oracle for automatic class dis-
covery. The Optimal scenario represents the best possible model
performance that can be derived from the personalized dataset of
each user, and can be used to gauge the performance degradation
caused by the collaborative labeling process and the trade-off
between labeling accuracy and user burden.

4.4 Results

ActivitySeeker significantly outperformed both Baseline 1 (paired
t-test, p=0.00001) and Baseline 2 (paired t-test, p=0.002), achieving
better mF1. Since mF1 accounts for class imbalance, this result also
highlights ActivitySeeker’s ability to accurately recognize rarer ac-
tivity types. In addition, ActivitySeeker performed reasonably well

for all users, whereas the baselines performed extremely poorly for
some users (e.g. Users 4, 5 and 6 for baseline 1 and Users 1, 7 and
13 for baseline 2) in terms of mF1. Furthermore, in this experiment,
ActivitySeeker labeled 67.4% of samples with 98.8% accuracy on
average, demonstrating the effectiveness of collaborative labeling.
This is further supported by comparing ActivitySeeker with the
hypothetical optimal scenario, which shows that collaborative la-
beling introduces minimal performance degradation compared to
full manual labeling while significantly improving user experience
(see Section 5).

We visualized confusion matrices from this experiment to better
understand how ActivitySeeker worked for different types of users
and activities. Figure 5 shows the results for a typical low-data user
(User 8), a typical high-data user (User 3), and the combined results
of all 13 users. For User 8, we can see that the limited personalized
data for push-ups resulted in ActivitySeeker failing to discover the
activity at all. In contrast, ActivitySeeker succeeded in discovering
“push-ups” as a distinct activity for User 3, whose personal dataset
is much larger. It is also evident that ActivitySeeker’s performance
improved as more data was accumulated - although User 3’s data
contained more types of activities, the overall performance is ac-
tually better than that of User 8. See Appendix H for the detailed
composition of the users’ personal dataset.

Looking at the combined results for all 13 users, we observe that
wearing diversity (discussed in Section 2.2) remained challenging
for ActivitySeeker: many of the mistakes were among the three
labels where the user was running with different phone placements.
Moreover, rarer activities like squatting and pull-ups suffered from
the lack of data. High-intensity activities (running and jumping
rope) also confused ActivitySeeker in some cases. In contrast, ac-
tivities with ample data such as walking, cycling, going upstairs
and going downstairs had much better results. This demonstrates
that ActivitySeeker is pushing beyond the capabilities required in
conventional smartphone IMU HAR tasks, as recognizing these
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Figure 5: Confusion matrices from the simulated online learning experiment. We visualized the results for a user with limited
personalized data (User 8), a user with more personalized data (User 3), and the combined results of all users.

activities is the core challenge of existing smartphone IMU datasets
[6, 41, 58, 66].

4.5 Ablation Study

We conducted an ablation study to validate the design of Activity-
Seeker. Since all three components are essential to the functioning
of the pipeline, it was impossible to remove each component in
the ablation study. Instead, we compare the performance of Activi-
tySeeker to that of pipelines with alternative components. In this
section, we focus on clustering and transfer learning. For cluster-
ing, we tested different types of clustering algorithms (DBSCAN,
k-Means, and Ward’s). For transfer learning, we compared the per-
formance of different lightweight classifiers (MLP, random forest,
k-NN and linear SVM), as well as training a ResNet model from
scratch on personalized data. The results are presented in Table
5. The ablation study results for feature extraction model can be
found in Section 3.1.3 and Appendix C.

Component Type Accuracy mF1
DBSCAN* 0.802+0.108  0.730+0.131
. . K-Means* 0.882+0.111  0.827+0.165
Clustering Algorithm Ward’s 0.890-0.092 0.84840 124
Agglomerative (ActivitySeeker) 0.93340.048  0.895+0.083
Full Model (Retrain from Scratch) 0.90240.083 0.875+0.087
MLP* 0.82540.103  0.772x0.123
. . Random Forest 0.908+0.065  0.881+0.080
Transfer Learning K-NN 0.92040.076 0.89040.094
Linear SVM 0.920+0.058 0.890+0.080
RBF SVM (ActivitySeeker) 0.93310.048 0.895+0.083

Table 5: Results of the ablation study, where we switch out
pipeline components for alternatives. See Tables 2 and 8 for
ablation results on the pre-trained feature extraction model.
An asterisk (*) indicates a statistically significant (paired
t-test, p<0.05) difference between the performance of Activi-
tySeeker and the alternative component in terms of mF1.

For clustering, agglomerative clustering held a clear advantage
over other clustering algorithms. Using a suitable clustering algo-
rithm contributed the most to ActivitySeeker’s performance. In
contrast, transfer learning worked well with every type of classi-
fier except MLP, although SVM with RBF kernel achieved the best

results. Leveraging the pre-trained feature extractor, lightweight
classifiers were even able to outperform training the full model
from scratch, demonstrating the effectiveness of transfer learning
in personalized HAR. Based on the results, we recommend testing
different types of classifiers and choosing the one that works the
best when adapting ActivitySeeker to downstream applications.
Overall, the results of the ablation study validate ActivitySeeker’s
design, and provide insight into adapting ActivitySeeker to down-
stream applications.

In addition to the algorithms and models used, we also explored
the effect of the hyperparameter S;j,,ss¢r, which regulates the gran-
ularity of agglomerative clustering. Larger S.j,,ss¢, results in larger,
coarser-grained clusters, which lead to more data being labeled
but also potentially increase the error rate of collaborative labeling.
Smaller Sj,s;er results in smaller, finer-grained clusters, which
lead to less data being labeled but increase the accuracy of collab-
orative labeling. We report the results in Table 6. On our dataset,
Seluster = 13.5 led to the most balanced results. For downstream
applications, we recommend tuning S,z,s;¢, to achieve the desired
trade-off between the ability to discover new activities and the
ability to recognize existing activities.

Scluster Data Utilization  Collab. Labeling Acc. C Accuracy mF1
10.0 0.552 0.993 7.7/87  0.902+0.064 0-8810.069
135 0.674 0.988 8.3/8.7 0.933+0.048 0.895.0.083
17.0 0.747 0.978 8.5/8.7 0.924+0.076 0.88940.110

Table 6: How S,;,,s;., impacts the performance of Activity-
Seeker. Data utilization refers to the proportion of input
5-second segments being assigned a label through collabora-
tive labeling. Collaborative labeling accuracy measures how
many machine-annotated labels that match the ground truth
label. C, accuracy, and mF1 are the same as Table 4.

5 In-the-wild User Studies

We conducted two in-the-wild user studies to evaluate the usabil-
ity of ActivitySeeker in real-world scenarios. In the first study, we
aimed to compare the user experience of traditional manual labeling
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and collaborative labeling. In the second study, we aimed to com-
pare the user experience and HAR capabilities of ActivitySeeker
and the Apple Watch. These experiments also offered a valuable
opportunity to examine ActivitySeeker’s performance under the
resource constraints of a smartphone.

5.1 Implementing Collaborative Labeling In the

Wwild
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Figure 6: The interaction process of ActivitySeeker. We in-
cluded two types of interaction - voice interaction when the
phone is not muted, and a notification + GUI approach when
the phone is muted.

A well-designed collaborative labeling process is crucial to pro-
viding a smooth, non-intrusive user experience. The ListenLearner
study [77] showed that users prefer confirmation-style questions
over open-ended ones. Therefore, we designed a three-stage strat-
egy to lower user burden. First, when a user’s current activity
matches an unlabeled cluster, the system asks, “What activity are
you currently doing?”. After a while, if the current activity matches
alabeled cluster, the system seeks confirmation with a question like
“Are you running?”. This is similar to how the Apple Watch alerts
the user to record a workout, and lowers the frustration caused
by prompting the user. Finally, after a reliable classification model
is trained, the system confidently identifies known activities and
informs the user with a message like “You are running.” In such
cases, the user does not need to provide an input unless the activity
label is wrong. The interaction process of ActivitySeeker is shown
in Figure 6. The Ul of the manual labeling baseline and the Apple
Watch can be found in Appendix E.

5.2 Collaborative Labeling vs Manual Labeling

5.2.1 Experiment Design. This study aimed to compare the user
experience of collaborative labeling to that of manual labeling.
We invited eight participants (4 females and 4 males, aged 20-26)
for this study. All participants received the equivalent of 15 US
dollars per hour for their time. We repurposed the manual labeling
application developed to collect the pre-training and real-world
datasets, and used it as the manual labeling baseline in this study.
During the field study, ActivitySeeker and the baseline were used
for 30 minutes each, running continuously throughout the entire
period. A challenge in this experiment was the subconscious nature
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of many activities, which led to the user forgetting to manually
label activities when testing the baseline application. Therefore,
an observer accompanied the user during this study to objectively
observe and remind the user to label activities. Despite the presence
of an observer, the participants were free to choose the setting
of the experiment and were encouraged to recreate part of their
daily routine. The participants also selected and scheduled their
activities as they wished, as long as these activities were atomic.
Each participant was asked to choose at least two settings and
perform at least five different combinations of activity and phone
placement (see Appendix F for details). This enabled us to cover
diverse real-world settings like offices, roads, libraries, dormitories,
playgrounds and gyms.

When testing ActivitySeeker, the user carried their smartphone
as usual, following their daily routine while the system was run-
ning continuously in the background. Throughout the experiment,
the user could freely intermix different activities and transition
from one scenario to another. The experimenter observed from the
sidelines without interfering, recording the types of activities per-
formed by the user. Participants were also free to pause for breaks
if they became fatigued. By letting the system run throughout the
30-minute experiment, we could test the system’s robustness to
transitions between activities and noises caused by rest periods.
When testing the baseline application, the user was instructed to
perform activities freely but needed to manually start and stop data
collection for each activity - in manual labeling, the beginning and
end of each recording must be precise to maintain the data quality.
Therefore, if the user forgot to start or stop recording when they
transitioned to a new activity, the observer would remind them.

After completing the experiment, the users were asked to rate
the physical burden, mental burden, time pressure, frustration, us-
ability, and preference on a scale of 1 to 7, with 7 indicating the
most positive experience. We also asked the users to rate the mean-
ingfulness of activities discovered by ActivitySeeker. We wrapped
up the experiment by conducting an open-ended interview to gain
further insight on the user experience of ActivitySeeker.

5.2.2  Results. The results from the questionnaire are shown in
Figure 7. We conducted statistical analysis using one-way ANOVA
and reported the results in the figure. ActivitySeeker imposed sig-
nificantly less physical burden, mental burden and time pressure,
highlighting the benefits of collaborative labeling. The users rated
the usability of ActivitySeeker highly, and showed a strong prefer-
ence for ActivitySeeker over the baseline app. Finally, the activities
discovered and recognized by ActivitySeeker were meaningful to
the users, who gave an average meaningfulness rating of 6.5 out of
7.

The open-ended feedback session provided further context to the
results from the questionnaire. As we had expected, manual logging
is too burdensome for users, with one participant sharing that "I
have to manually open the application, enter or select an activity,
start, and stop it with the baseline. But with ActivitySeeker, I only
respond to questions when necessary." On the subject of mental
burden, most participants are satisfied with ActivitySeeker’s per-
formance. However, to our surprise, User 4 expressed slight anxiety
when using ActivitySeeker, saying, "I keep thinking about when I
will be asked next and want to respond immediately." This shows
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Figure 7: Subjective Ratings Between Baseline and ActivitySeeker. Higher ratings indicate a better user experience. ’Meaning-
fulness’ assesses the significance of discovered activity classes to users, an aspect not covered by the baseline. Measurements
marked with an asterisk (*) indicate statistically significant (p < 0.05) differences between the two systems.

that the optimal prompt frequency differs by user and should also
be personalized in future studies. Regarding the baseline (manual
activity logging), users attributed mental burden and time pres-
sure primarily to having to remember to start and stop recording
each activity. This further justified the design of the collaborative
labeling process.

Finally, our system discovered 5.63 out of 5.88 activity types
on average. In the two rare instances where ActivitySeeker failed
to discover an activity, the user performed the activity for less
than 1 minute, too short for ActivitySeeker to establish a motion
pattern. We suspect that, with a few minutes of additional data,
ActivitySeeker would be able to discover and learn to recognize the
activities in those 2 instances.

5.3 ActivitySeeker vs Apple Watch

5.3.1 Experiment Design. Despite its lack of ability to discover
custom user-defined activities, the Apple Watch can detect nine ac-
tivities (indoor walking, outdoor walking, indoor running, outdoor
running, outdoor cycling, pool swim, open water swim, rowing, and
elliptical), and alert the user when they start one of the activities. By
comparing the user’s evaluation of the meaningfulness of the activ-
ities discovered by ActivitySeeker to that of the activities detected
by the Apple Watch, we can demonstrate the value of recognizing
custom, user-defined activities. Moreover, both ActivitySeeker and
the Apple Watch prompt the user for input from time to time. By
comparing subjective user experience metrics, we can show that
the prompts from ActivitySeeker do not annoy the user more than
those from the Apple Watch. This in turn can demonstrate that
ActivitySeeker is not too intrusive or annoying for the average user,
since the Apple Watch generally delivers a good user experience.
To compare the user experience of ActivitySeeker and the Ap-
ple Watch, we designed an experiment where 6 users (4 males, 2
females, aged 21-25) installed ActivitySeeker on their smartphones
while also wearing an Apple Watch. The experiment lasted 3 days,

during which the users compared the experience of using Activi-
tySeeker and the Apple Watch to log their activities in daily life.
Both ActivitySeeker and the Apple Watch can reliably detect, rec-
ognize and log activities, removing the need for an observer and
allowing us to run a longer in-the-wild experiment. See Appendix
F for details on the activities encountered in this experiment.
Similar to the first field study, we administered a questionnaire
at the end of the experiment. In the questionnaire, apart from the
metrics described in Figure 7, we also measured the intrusiveness,
perceived activity discovery ability, perceived activity recognition
ability, annoyance caused by interaction prompts, and the number
of activities discovered. Note that the Apple Watch cannot actu-
ally discover novel activities, and the perceived activity discovery
capability is caused by the Apple Watch detecting one of nine pre-
defined types of workout and alerting the user to start recording.

5.3.2  Results. The results from this study are shown in Figure
8. We conducted statistical analysis using one-way ANOVA and
reported the results in the figure. Additional results from this ex-
periment can be found in Appendix G. The collaborative labeling
process of ActivitySeeker poses a level of intrusiveness similar to
that of the Apple Watch. However, ActivitySeeker has significantly
better perceived activity discovery and recognition capabilities. This
can be attributed to its ability to discover custom user-defined activ-
ities. Finally, the custom activities discovered by ActivitySeeker are
slightly more meaningful than the nine pre-defined activities the
Apple Watch is designed to discover, though statistical significance
is not reached (p = 0.065). In conclusion, ActivitySeeker and the
Apple Watch have comparable user experience, but our system has
much better activity discovery and recognition capabilities.

5.4 Suitability for Deployment

The field studies provided an opportunity to evaluate the system’s
performance on smartphones and its suitability for real-world de-
ployment. Specifically, we focused on inference time, training time,
storage, privacy, and energy efficiency. Our results confirm that
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Figure 8: Users’ subjective perception of ActivitySeeker and the Apple Watch, and the number of activities discovered during
the three-day experiment. Significant (p < 0.05) differences are marked with an asterisk (*). ActivitySeeker and the Apple
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the system is fast, energy efficient, storage-friendly and privacy-
preserving:

o Inference Time. The system’s average inference time on a smart-
phone is 36.3ms, which supports real-time activity recognition
given that an input is received every 5 seconds.

e On-Device Training. Transfer learning enables fast and effi-
cient on-device training, as shown in Table 7. On an Android
smartphone, an SVM classifier can be trained with 2000 samples
in 1.2 seconds, fast enough for deployment and actual use.

o Storage. ActivitySeeker only stores 128-dimensional feature vec-
tors, as opposed to the original 6x500 IMU data, resulting in a
substantial reduction in storage requirements. Storing thousands
of these feature vectors requires just a few megabytes, negligible
for modern smartphones.

e Privacy. All data is stored and processed on-device as feature
vectors, which are much less interpretable than raw IMU data in
the event of a data breach. Therefore, ActivitySeeker introduces
minimal privacy risks.
Energy Efficiency. We measured the power usage of an An-
droid smartphone (4200mAh battery) under three scenarios: (1)
no background processes, (2) background process collecting IMU
data at 100 Hz, and (3) running the ActivitySeeker application.
We kept the smartphone running under these conditions for 1
day each, and found that the average battery drain per hour of
the three cases is 189 mAh, 252 mAh, and 268 mAh, respectively.
These results show a limited increase in power consumption
compared to the idle state, and indicate that the primary source
of additional power consumption is the IMU itself, not the Ac-
tivitySeeker pipeline. Strategically lowering the IMU sampling
rate during periods of inactivity could significantly improve the
energy efficiency of ActivitySeeker.

In summary, our system combines real-time inference, efficient
on-device training, minimal storage usage, privacy protection in

Model Device Training Time (s)
SVM + Transfer Learning Android Smartphone 1.2
SVM + Transfer Learning Laptop <0.1
Full Model Laptop ~ 100

Table 7: Comparison of On-device training time. The training
time for the whole model on Android smartphones is too
long to measure. The laptop has an RTX 2080 MaxQ GPU
onboard, which is used to train the full model.

case of data breach, and low power consumption, making it suitable
for deployment on mobile devices.

6 Discussion

6.1 Applications

Our proposed system shows promise in several practical applica-
tion scenarios, with the ability to accurately track a wide range
of user activities. Compared to existing solutions, ActivitySeeker
can automatically recognize and log custom user-defined activi-
ties, allowing for finer-grained recording of exercise sessions while
causing minimal additional user burden. Moreover, combined with
other data, such as time and location, the activity logs can be used
for context aware recommendation systems, generating content
suitable for the user’s current activity.

ActivitySeeker also shows potential for crowdsourcing labeled
IMU data using smartphones. With ActivitySeeker, users only need
to respond to prompts from ActivitySeeker occasionally, which
is much less intrusive and demanding than manual labeling. This
enables the creation of much larger labeled IMU datasets that are
crucial to data-centric Al research [76].
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Since our system builds personalized activity recognition models
from scratch and can recognize user-defined custom activities, it
is suitable for users with unique motion patterns, including those
with disabilities. ActivitySeeker has the potential to make accu-
rate and personalized activity recognition more accessible, thereby
improving the accessibility of other services that depend on HAR.

6.2 Limitations and Future Work

6.2.1 Public Datasets and Reproducibility. We did not use public
datasets, such as UCI-HAR [7], PAMAP2 [57], Opportunity [59],
and MMAct [37], in our quantitative experiments, a limitation in
terms of reproducibility. This decision, as elaborated in sections
3 and 4, is primarily due to the limited data volume per user per
activity offered by these datasets and the controlled environments.
This also points to the lack of public datasets with more depth (i.e.
more data per user). As a remedy, we are releasing the 112.8
hours of real-world smartphone IMU data collected for this
study to improve reproducibility and complement existing datasets
that focus more on breadth (i.e. covering more users). The data is
available here.

6.2.2 User Experience and Long-term User Study. Although Activi-
tySeeker delivered a similar user experience to the Apple Watch,
the user interaction process in our system could be further refined
to make the collaborative labeling process less intrusive. This is
especially important, considering that one user reported some level
of anxiety rooted in anticipating when ActivitySeeker would ask
for a label. Active learning techniques, which query the user to
label only samples with low confidence, have demonstrated poten-
tial in previous personalized HAR studies [42, 45, 67]. By reducing
the frequency of user interactions, active learning can lower the
intrusiveness of ActivitySeeker. We also acknowledge the lack of
a long-term, large-scale user study. The longest user study lasted
3 days, which is enough to show ActivitySeeker’s strengths com-
pared to the Apple Watch. However, a longer experiment lasting
several weeks may offer more insights into ActivitySeeker’s long
term performance and benefits to users. We aim to investigate the
long term impact of ActivitySeeker on users in the future.

6.2.3 Recognizing Complex Activities. In its current form, Activity-
Seeker is designed to discover and recognize atomic activities. This
is already useful for applications in fitness, data crowdsourcing,
and accessibility, all of which benefit from customizable atomic
activity recognition. However, in many downstream applications,
the ability to recognize complex activities (i.e. activities with a
longer duration made up of multiple atomic activities) is needed.
This calls for changes to all three components of ActivitySeeker
(feature extraction, collaborative labeling, and transfer learning).
To effectively model complex activities, a two-layered approach
could be used. In this approach, we train two feature extraction
models - an IMU HAR model trained to extract low-level features
for atomic activity recognition, and a sequential model trained to
classify complex activities from sequences of low-level atomic ac-
tivities. In this approach, the user labels both atomic and complex
activities through collaborative labeling. The pipeline would then
build a personalized atomic activity recognition model that is some-
what analogous to the tokenizer in NLP, as well as a sequential
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model for complex activity recognition using these "tokens" as in-
put through transfer learning. A more ambitious approach would
be to train a feature extractor for complex activities end-to-end.
In this case, the ActivitySeeker pipeline can be used as-is. While
this seems like a cleaner approach, it remains unclear whether it is
possible to train high performance end-to-end feature extractors
that are lightweight enough for mobile deployment.

6.2.4  What About Static Activities? In this study, we treated static
IMU segments as noise and discarded them. This was done to re-
duce the compute load and power usage of ActivitySeeker. How-
ever, we acknowledge that valuable information can be mined from
static IMU segments as well. For example, some smartphone IMU
datasets (e.g. MotionSense [41], UCI-HAR [6], HAPT [58]) require
HAR models to differentiate static activities like standing and sit-
ting. We further observe that the smartphone is often placed on
surfaces or mounted on smartphone holders (e.g. while the user is
working on their computer, while the user is driving, etc.). These
potentially valuable clues about the user’s activity are currently
ignored by ActivitySeeker. To extend ActivitySeeker to these sce-
narios, we suggest including more diverse static activities in the
pre-training dataset, which would enable the feature extractor to
learn the feature representation of static IMU data. This approach is
possible due to the fact that "static" activities still come with minute
but characteristic patterns in IMU data, and prior HAR work [81]
on smartphone IMU datasets is able to distinguish these activities.
Finally, to recognize static activities, the noise filter needs to be
redesigned or removed outright. This may increase compute load
and power usage, calling for the design of scheduling strategies for
steps like clustering and transfer learning.

7 Conclusion

In this paper, we have presented ActivitySeeker, a novel solution
for personalized HAR and the discovery and recognition of user-
defined custom activities. ActivitySeeker enables activity discovery
and recognition through the following steps: noise removal, feature
preprocessing, clustering, collaborative labeling, and transfer learn-
ing. We evaluated ActivitySeeker through both simulated online
learning and user studies, and demonstrated its superior perfor-
mance compared to various baselines, including existing approaches
in the academic community and a state of the art commercial de-
vice (the Apple Watch). We also showed that ActivitySeeker can
work efficiently under the resource constraints of a smartphone.
In conclusion, we proposed and validated an adaptive user-centric
approach to activity discovery and recognition, opening up new
possibilities for future research and applications.
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A Noise Removal

Active and Static Windows
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Figure 9: Distribution of active and static windows in 3-D
feature space. In general, active windows are high energy and
highly periodic, while static windows are low energy and less
periodic.

In ActivitySeeker, a decision tree is used to decide whether a
window is static or active based on 3 statistical features - the peri-
odicity score, the log energy of the linear acceleration inputs, and
the log energy of the gyroscope inputs. The periodicity score is
the ratio between the maximum magnitude and the 75th percentile
magnitude of the FFT spectrum [48, 82]. Intuitively, it serves as an
indicator of the "peakiness" of the spectrum and a simple measure of
periodicity. The effectiveness of this approach can be illustrated by
visualizing active and static windows in the 3-D feature space (Fig-
ure 9). In our study, we trained a decision tree on the pre-training
dataset, which contains recordings of static windows where the
phone is resting on a surface, being held and used by the user, and
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resting in the user’s pocket while the user is standing or sitting.
This decision tree is then used off-the-shelf in the simulated online
learning experiment and the two user studies. The results of these
experiments show that the task of distinguishing between active
and static windows stays roughly the same even when crossing
from one user to another.

B Data Augmentation for Pre-training

Two types of data augmentation were used to train the IMU feature
extraction model: scaling and time warping. This increased the
amount of training data to 4 times the original amount.

For scaling, the signal is multiplied by a scaling factor sampled
from a normal distribution N (1.0,0.2).

For time warping, we resample the IMU signal on a warped time
axis. Formally, given a signal with N time steps, we first introduce
a normalized time variable u € [0, 1) with grid points u, = §. We
then define 4 fixed knot abscissae

12
kx = (0, 33 1)
and construct corresponding random knot ordinates
ky =(1L,14+€,1+€1)

where €1, €2 ~ N(0,0.1) are i.i.d. Gaussian perturbations control-
ling the strength of the time distortion. A periodic cubic spline s(u)
is then fitted through the control points (k,(cj>, k;j)),j =1,23,4,
yielding a smooth modulation function s : [0,1] — R. The random
time warping function is defined on the normalized grid by

7(u) = Nus(u)

so that for each discrete index n, the warped sampling position is
n
= tun) = ns().

The original sequence is then resampled at these (generally non-
integer) positions using linear interpolation along the discrete time
axis. This procedure yields a warped sequence of the same length
with local expansions and contractions in time, effectively simulat-
ing natural variations in movement speed and patterns.

C Effect of Pre-Training Dataset Composition

The composition of the pre-training dataset has deep implications
on the performance of the pre-trained embedding model, and can
profoundly impact the capabilities of ActivitySeeker. We tested
ActivitySeeker in the simulated online learning experiment using
two versions of embedding model, one trained exclusively on the
MotionSense dataset and one trained on both MotionSense and
data we collected. The results are shown in Table 8. By adding
data from free living users that adequately reflect the within-user
variance, we were able to significantly improve the performance of
ActivitySeeker in the simulated online learning experiment.

Pre-training Dataset Accuracy  F1-Score C
MotionSense Only 0.873 0.824 7.9/8.7
MotionSense + Additional Data From 4 Users 0.933 0.895 8.3/8.7

Table 8: The effect of pre-training data on the performance
of ActivitySeeker.
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D Real-world Dataset Collection Procedure

We present the data collection procedure for both the pre-training
and the real-world simulated online learning datasets.

The dataset is collected from 13 free-living participants on a
university campus. All participants used their personal Android
phones for the experiment. As a result, data were collected from 13
different smartphone models, capturing the diversity of devices. A
data collection application was installed, enabling the participant
to label the start and end of an activity event and record a labeled
data segment. Participants were allowed to hold or place their
phones according to their preferences without constraints on the
phones’ position or orientation. The data collection process lasted
8 to 20 days, with the exact duration depending on the schedule
and activity level of each participant.

We held a 30-minute orientation session before data collection
to familiarize the participants with the experiment settings. In the
orientation session, we asked participants to collect atomic activities
only. As defined in previous studies [2, 40, 47, 51], atomic activities
are fundamental activities that cannot be further subdivided. For
instance, complex sports like playing football or frisbee are not
considered atomic, as they can be broken down into more basic
activities such as running, walking, and jumping. We then asked
participants to recall their daily routines and choose at least five
activities, with an emphasis on diversity. Finally, we encouraged the
participants to perform their chosen activities at their convenience.
We emphasized that the activities should be performed naturally,
and the phone should be carried in accordance with the participants’
daily habits, ensuring that the data was collected from free-living
environments and reflected the wearing diversity of real-life sce-
narios. Finally, participants were asked to discard records if they
forgot to end the recording right after they finished the activity.

E Baseline User Interface

Figure 10 shows the UI of the manual labeling baseline and the
Apple Watch. For the manual baseline, we included an abort but-
ton so that the user can discard a recording when they forgot to
stop it in time to avoid contaminating the dataset. The GUI on the
right is an example of the Apple Watch’s auto workout detection
function, which resembles ActivitySeeker’s interaction process (i.e.
prompting the user to confirm the activity label).

Select Activity Recording Activity...

Userid 1 User 1D

Activity Activity  waiking Hoding)

Pocker)

Walking Cost Pocket)

Record 1
Outdoor Run

= Change Workout

Figure 10: The UI of the two baselines - the two screenshots
on the left show how users select an activity, start, and stop
recordings in the manual labeling baseline.
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F Activities Encountered in the User Studies

We report the activities chosen by the participants in the two user
studies in Tables 9 and 10. Note that the users also performed other
types of activities as they rested during the first study (Activity-
Seeker vs Manual Labeling), or as they went on with their daily life
in the second study (ActivitySeeker vs Apple Watch). For the second
study, some of these activities (e.g. walking, cycling, running) were
also recognized by the Apple Watch, while others (e.g. ascending
and descending stairs, jumping jacks, etc.) are not recognized by
the Apple Watch. Since the first study is mostly about the user
experience of collaborative labeling and lasted only 30 minutes,
the activities are relatively simple. In contrast, the second study,
where the user compared the HAR capability and user experience
of ActivitySeeker and the Apple Watch in-the-wild, more diverse
activities were encountered.

User | Activities Chosen

Walking (Trouser Pocket), Walking (Holding), Walking (Coat Pocket),
Running (Holding), Jumping Rope

Walking (Trouser Pocket), Walking (Holding), Running (Holding),

Running (Trouser Pocket), Going Upstairs, Going Downstairs, Jumping Rope
Walking (Trouser Pocket), Walking (Holding), Walking (Swinging Arms),
Jumping Rope, Going Upstairs

Walking (Trouser Pocket), Walking (Holding), Going Upstairs,

Going Downstairs, Body Rotation (Trouser Pocket)

Walking (Trouser Pocket), Walking (Holding), Walking (Swinging Arms),
Running (Trouser Pocket), Running (Holding), Body Rotation (Holding)
Walking (Holding), Walking (Swinging Arms), Running (Holding),

Body Rotation (Holding), Jumping Rope, Jumping Jack

Walking (Trouser Pocket), Walking (Holding), Walking (Swinging Arms),
Running (Trouser Pocket), Running (Holding)

Walking (Trouser Pocket), Walking (Holding), Walking (Swinging Arms),
Running (Trouser Pocket), Running (Holding), Jumping Rope, Jumping Jack

1

2

3

7

8

Table 9: The activities chosen by the 8 users in the first user
study, where they compared ActivitySeeker to the manual
labeling baseline.

User | Discovered by Activity Seeker

Walking (Coat Pocket), Walking (Holding), Push Up, .
Runninz (Holding), Running (Cgoat Pockegt), CyclinéJ Outdoor Run, Outdoor Cycling
Walking (Trouser Pocket), Walking (Holding), Outdoor Walk, Outdoor Run,
Walking (Swinging Arms), Running (Holding), Cycling | Outdoor Cycling

Walking (Trouser Pocket), Walking (Holding),

Walking (Swinging Arms), Running (Holding),
Running (Trouser Pocket), Body Rotation (Holding),
Jumping Rope, Jumping Jack

Walking (Trouser Pocket), Walking (Holding),

Going Upstairs, Jumping Rope, Cycling, Squatting
Walking (Trouser Pocket), Walking (Holding),

5 Running (Holding), Running (Trouser Pocket),

Going Upstairs, Cycling

Walking (Trouser Pocket), Walking (Swinging Arms),
6 Running (Holding), Jumping Rope, Jumping Jack,
Cycling

Recognized by Apple Watch

1

2

Outdoor Walk, Outdoor Run

Outdoor Cycling

Outdoor Run, Outdoor Cycling

Outdoor Walk, Outdoor Run,
Outdoor Cycling

Table 10: The activities encountered in the second user study,
where they compared ActivitySeeker to the Apple Watch.

G ActivitySeeker vs Apple Watch: More Metrics

In the second field study comparing ActivitySeeker to the Apple
Watch, we measured a wide range of user experience metrics. In
addition to those shown in Figure 8, we also measured the physical
burden, mental burden, time pressure, frustration and user pref-
erence of both ActivitySeeker and the Apple Watch. The results
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are shown in Figure 11. One-way ANOVA revealed no statistically
significant difference between ActivitySeeker and the Apple Watch
in these 5 metrics, suggesting that the interaction experience of
ActivitySeeker is user friendly, similar to that of the Apple Watch.

Figure 11: Users’ subjective perception of ActivitySeeker and
the Apple Watch. These results show no statistically signifi-
cant difference between the perceived interaction experience
of ActivitySeeker and the Apple Watch at the @ = 0.05 level,
suggesting that ActivitySeeker is capable of delivering Ap-
ple Watch level user experience while offering significantly
stronger activity discovery and recognition capabilities.

H Real-World Dataset Composition

Detailed composition of the real-world dataset is shown in Table
11. It reflects the natural class imbalance of human activities, as
well as the different preferences of each user. The significance of
recognizing user-defined custom activities is also shown here: HAR
systems rarely include "Push Up" and "Pull Up" in their pre-defined
activity categories, but recognizing these workouts is useful for
users 7, 8 and 9.

I Visualization of IMU Data

We present a visualization of raw IMU data (Figure 12). It can
be observed that different activities show different characteristics
in both time and frequency domains. This is the key rationale
behind our integration of features from both domains. Moreover,
the spectrum of periodic activities is usually dominated by a few
peaks. This led to our simple and intuitive periodicity score that
measures "peakiness".
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m/s?

Time [sec]

6 8
Time [sec]

(a) Walking (Trouser Pocket)

Time [sec]

6 8
Time [sec]

(b) Running (Trouser Pocket)

m/s?

Time [sec]

6 8
Time [sec]

(c) Going Downstairs (Trouser Pocket)

Figure 12: Time-domain and Frequency-domain Signals of
Different Activities. The time-domain signals for walking
and going upstairs demonstrate similarity, whereas distinct
variations in the frequency domain are observed among all
four signals.
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FASEN L & L & 0{\ & P z‘@ Q‘NN 0‘0 0‘0
Activity &P &P &P & & & & & & & & & &
Walking (Holding) 1085 2492 53 1436 792 2987 1756 967 4897 1558 1429 970 573
Walking (Coat Pocket) 1314 2265 1779 1064 795 1892 612 4011
Walking (Trouser Pocket) 584 1960 1929 1493 1217 4156 1798 2918 2754 2539 1828
Go Upstairs (Trouser Pocket) 626 844 609 207 549 209 1153 1189 711 446 514
Go Downstairs (Trouser Pocket) 537 680 474 469 463 213 927 1115 641 377 505
Jumping Rope (Trouser Pocket) 606 499 24 350 877
Jumping Jack (Holding) 389 445 162 431 170 610 518
Running (Holding) 458 744 480 2017 490 720 5310 305 946 1236
Running (Coat Pocket) 456 543
Running (Trouser Pocket) 479 880 502 305 1461
Cycling (Trouser Pocket) 567 3475 1153 2247 2881 700 2499 1216 8948 3135 2684 2649 575
Squatting (Trouser Pocket) 428 179 1118 206
Push Up (Trouser Pocket) 161 434 97 718
Pull Up (Trouser Pocket) 349
Body Rotation (Trouser & Coat Pocket) 1122 597 626 38 985 232 1177 952 668

Table 11: The composition of the real-world dataset. We report the number of 5-second windows for each activity and user. A
blank means that a user did not perform an activity.
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