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ArmPad: Transforming Forearms Into Interaction
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Abstract—With the rapid development of new smart devices,
such as smart home appliances and VR/AR equipment, there is
an increasing demand for novel interaction methods. However,
many existing interaction methods require external devices, are
unintuitive, and demand substantial user learning effort. To fill
this gap, we propose ArmPad, a system that leverages the smart-
watch’s built-in IMU to enable multidimensional input on the user’s
forearm. Methodologically, ArmPad is explicitly designed to ad-
dress three core research challenges in forearm-based interaction.
First, to resolve the inherent feature conflicts between discrete
gesture recognition and continuous distance estimation, we propose
a multi-task learning framework with a dynamic gating mechanism
for cross-task synergy. Second, to tackle the physical limitation
of rapid vibration attenuation across the forearm, we introduce
a cross-device guidance strategy that incorporates high-fidelity
fingertip knowledge during the training phase. Finally, to ensure
robust generalization across diverse populations, we develop task-
specific data augmentation and a lightweight user registration
mechanism to effectively mitigate physiological variances. Exper-
iments on 20 subjects demonstrate that ArmPad achieves an ac-
curacy of 92.51% on nine gestures and a Mean Absolute Error of
1.53 cm for sliding distance in cross-user settings. Extensive ro-
bustness evaluations and case studies further confirm the system’s
stability and usability under diverse real-world conditions.

Index Terms—Inertial measurement unit, multi-task learning,
gesture recognition, on-skin interaction.
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I. INTRODUCTION

IN RECENT years, the rapid advancement of smart de-
vices, such as smart home appliances, VR/AR systems, and

motion-sensing games, has significantly enriched interaction
modalities. For instance, smartwatches are typically operated
via small touchscreens [1], VR/AR systems utilize handheld
controllers [2], and smart home appliances are often controlled
through remote controls or voice commands [3]. Nevertheless,
these interfaces often disrupt the continuity of interaction due
to physical encumbrances (e.g., handheld devices) or environ-
mental dependencies (e.g., quiet spaces), failing to meet the
demand for ubiquitous and intuitive user experiences. To address
these limitations, extensive research has explored gesture recog-
nition based on computer vision [4], dedicated sensors (e.g.,
sEMG) [5], and wireless signals [6]. While promising, these
approaches are often hampered by high computational demands,
susceptibility to environmental interference (e.g., lighting, oc-
clusion), or the requirement for specialized, costly hardware.

Recent works have explored gesture recognition using com-
mercial off-the-shelf (COTS) smartwatches, which eliminates
the need for additional hardware and brings notable advantages
such as convenience and easy deployment. Some prior work
leverages cameras [7], [8] or microphones [9], [10] on smart-
watches for gesture recognition; however, these approaches raise
privacy concerns and are sensitive to environmental conditions,
such as lighting and noise. ViBand [11] and Taprint [12] rely
on custom hardware modifications on smartwatches to enable
higher accelerometer sampling rates for gesture recognition.
Some work [13], [14], [15] recognizes tapping gestures at
predefined locations, which introduces a learning and memo-
rization burden. More importantly, they predominantly focus
on recognizing discrete, simple gestures and critically lack the
capability for continuous, fine-grained control necessary for
nuanced interactions (e.g., controlling intensity or scale).

To address these limitations, we propose ArmPad (Fig. 1),
a novel, non-intrusive smartwatch-based system that simul-
taneously supports both gesture classification and continuous
distance regression, thereby enabling a multidimensional input
modality and flexible user interactions. Specifically, ArmPad
leverages the built-in IMU to capture vibration signals from
finger-arm friction, modeling their spatiotemporal dynamics to
achieve concurrent gesture recognition and sliding distance esti-
mation. ArmPad can thus enable a variety of novel applications,
including: (1) Smart Home, for seamless device control; (2)
VR/AR and Gaming, for immersive media and game control;

1536-1233 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and similar technologies.
Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: The Hong Kong University of Science and Technology (Guangzhou). Downloaded on July 21,2026 at 02:27:30 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0009-0006-1489-9768
https://orcid.org/0000-0002-5202-7892
https://orcid.org/0000-0002-0211-877X
https://orcid.org/0000-0002-3296-3392
https://orcid.org/0000-0002-4314-6259
https://orcid.org/0000-0003-2216-0737
mailto:zyang483@connect.hkust-gz.edu.cn
mailto:zhidanliu@hkust-gz.edu.cn
mailto:zhidanliu@hkust-gz.edu.cn
mailto:qiang.yang@cl.cam.ac.uk
mailto:qiang.yang@cl.cam.ac.uk
mailto:zhenjiang.li@cityu.edu.hk
mailto:zhenjiang.li@cityu.edu.hk
mailto:yongpan@szu.edu.cn
mailto:yongpan@szu.edu.cn
mailto:wuks@hkust-gz.edu.cn


YANG et al.: ARMPAD: TRANSFORMING FOREARMS INTO INTERACTION INTERFACES WITH SMARTWATCHES 12751

Fig. 1. Core concepts and application scenarios of ArmPad.

and (3) General UI, for daily productivity (e.g., answering calls
or flipping slides). Taking Smart Home as an example, a single
rightward slide can be mapped to a specific command, such as
increasing brightness, where the sliding distance concurrently
determines the precise adjustment scale. By reusing ubiquitous
hardware, ArmPad provides a spontaneous adjustment channel
while circumventing the discomfort associated with additional
device layers.

However, realizing ArmPad as a robust interaction interface
requires addressing three research questions. Firstly, ArmPad
must simultaneously perform gesture classification and slid-
ing distance regression. These two tasks impose divergent re-
quirements on feature extraction: while classification relies on
discrete and high-level representations, regression necessitates
high-fidelity temporal features. This leads to the first research
question (RQ1): How can a unified model effectively balance
these distinct feature requirements to achieve task synergy?
To address this, we design a multi-expert architecture with a
dynamic gating mechanism that reconciles feature conflicts and
ensures positive synergy between tasks (see Section IV-C). Be-
yond these feature-level conflicts, the physical sensing environ-
ment poses a vibration attenuation bottleneck; signals attenuate
rapidly across the forearm, making it difficult for distal sensors
to capture high-fidelity signals. Thus, we investigate RQ2: How
can we extract and model these subtle signals from noisy IMU
data to achieve precise distance estimation? In response, we
adopt a dual-stream teacher-student network that leverages high-
fidelity finger IMU data to guide the smartwatch’s representation
learning (see Section IV-D). Finally, the system must bridge the
physiological and behavioral domain gap inherent in real-world
deployment. Individual differences in skin properties and in-
teraction habits cause significant distribution shifts in vibration
signals; such shifts typically lead to performance degradation
when a pre-trained model encounters a new user. This prompts
the third research question (RQ3): How can the system maintain
high performance across diverse users with minimal overhead?
We mitigate this with a task-specific data augmentation strategy
and a lightweight registration process to enhance cross-user
personalization and robustness (see Sections IV-E and IV-F).

The ArmPad system was implemented on two commercial
smartwatches and evaluated through a user study with 20 par-
ticipants of diverse ages and genders. Comprehensive experi-
ments validated the effectiveness of the system across different
scenarios. We further assessed resource consumption and con-
ducted three types of user studies to evaluate usability and user

experience. The main contributions of this work are summarized
as follows:
� We propose ArmPad, a natural and intuitive HCI system

that leverages the IMU embedded in COTS smartwatches
to offer multidimensional input while posing no privacy
risks and requiring no additional memorization.

� To address key implementation challenges, we introduced
four innovative designs, including a multi-expert frame-
work with dynamic gating to resolve feature conflicts, a
dual-stream teacher-student module to stabilize weak sig-
nals, a two-level task-specific data augmentation strategy
and registration mechanism to enhance robustness.

� Evaluation shows ArmPad achieves 92.51% accuracy for
nine gesture classes and a 1.53 cm error in distance esti-
mation under cross-user settings. With minimal new-user
calibration, accuracy rises to 96.99%. We also conducted
extensive experiments and user studies, which confirmed
the system’s robustness and user-friendliness.

II. RELATED WORK

A. Hand Gesture Recognition

Vision-based methods typically use cameras to capture ges-
ture execution through various visual modalities. For instance,
FingerTrak [16] utilizes wrist-mounted thermal cameras for
continuous 3-D finger tracking, and FaceSight [4] integrates an
infrared camera on AR glasses for recognizing gestures near the
face. Nevertheless, such approaches are often constrained by
privacy issues, environmental dependency, and computational
burdens that challenge real-time performance on edge devices.
Sensor-based methods rely on specialized hardware to capture
detailed physiological or physical signals, encompassing tech-
niques like surface electromyography [5], force myography [17],
sonomyography [18], and specialized wearable devices such as
sensorized gloves [19]. For instance, Kim [20] leveraged an
RCE-DTW hybrid approach for high-precision, real-time 3D
handwriting recognition. Zhang [21] utilize body-part corre-
lations and inertial sensing to facilitate training-free tracking
of multi-scale gestures. However, these solutions often suffer
from high cost, poor user comfort, and complex deployment,
severely hindering their practicality and widespread adoption.
Researchers have also explored wireless sensing-based meth-
ods for device-free gesture recognition. RF-based methods (e.g.,
Wi-Fi [22] and mmWave [23]) recognize gestures by analyz-
ing signal features such as CSI and Doppler effects, whereas
ultrasound-based approaches leverage acoustic reflections [6].
However, wireless solutions are sensitive to environmental in-
terference, often require fixed deployments, and offer limited
flexibility.

B. Novel Interactions With Smartwatches

With the rapid evolution of wearable technology, COTS
smartwatches have established a foundation for all-day, multi-
scenario gesture interaction systems. Several studies have inves-
tigated the use of tapping gestures [12], [13], [14]. For instance,
TapSkin [13] combines inertial sensors and a microphone to
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TABLE I
COMPARED WITH EXISTING SMARTWATCH-BASED INTERACTION METHODS, ARMPAD OFFERS SEVERAL KEY ADVANTAGES ACROSS TECHNICAL

IMPLEMENTATION, USER EXPERIENCE, AND PERFORMANCE

identify up to 11 tapping gestures on the hand dorsum. iDial [14]
utilizes IMU and microphone signals to enable virtual keypad in-
put through tapping on the back of the hand, while ViWatch [15]
employs an unsupervised Siamese adversarial approach to facili-
tate robust finger knuckles interaction across diverse deployment
environments. These studies typically divide the valid input
interface into multiple smaller predefined areas, with each area
corresponding to a specific logical operation or character input.
This approach necessitates users to memorize and visually track
these landmarks, while the constrained size of the input interface
limits the number and diversity of gestures. In contrast, ArmPad
removes the cognitive and visual demands associated with pre-
defined landmarks and provides a broader, more intuitive range
of gestures, enabling a more natural and flexible interaction
experience.

Other studies based on smartwatches have investigated al-
ternative sensors and methods for gesture recognition [25],
Serendipity [24] utilizes the built-in motion sensors to recog-
nize five one-handed gestures, achieving an F1 score of 87%.
GestEar [10] fuses audio and motion data to recognize sound-
producing gestures like snaps, taps, and claps. ViBand [11]
leverages high-frequency accelerometer sampling at 4 kHz on
smartwatches to support applications such as gesture recognition
and object detection. Jannat [7] employ a camera on a COTS
smartwatch to recognize gestures both in mid-air and on the
back of the hand, but this approach is restricted by high power
consumption and environmental conditions such as lighting.
IPAND [9] leverages passive acoustic sensing to support four
types of multi-finger gestures. However, it remains vulnerable to
noise interference. Another line of research extends the sensing
capability by employing multiple smart devices. Lu [26] uti-
lize dual wrist-worn commercial devices to recognize fourteen
distinct bimanual gestures. SmartPoser [27] utilizes UWB-IMU
fusion across a smartphone and smartwatch to provide robust,
high-fidelity arm pose estimation for consumer applications.
However, these multi-device approaches impose a higher hard-
ware burden on users and require complex cross-device synchro-
nization.

As shown in Table I, ArmPad significantly advances smart-
watch interaction by utilizing only the IMU without modifi-
cation, thus eliminating the power overhead and privacy risks
of camera/mic-based systems. Unlike prior works requiring

landmark memorization, our approach enhances flexibility
and convenience by enabling intuitive multidimensional input
through natural sliding motions. Furthermore, the cross-user
without fine-tuning accuracy of ArmPad achieves performance
comparable to or exceeding existing interactive systems.

III. PRELIMINARY

A. Multidimensional Gesture Design

In human-computer interaction systems, gestures with spe-
cific meanings are often performed to trigger corresponding
logical operations. To align with users’ habitual interactions
and reduce cognitive load, we designed a set of gestures, as
illustrated in Fig. 2. This design is informed by common tasks
and shortcuts in contexts such as smart homes and AR/VR [28],
while also considering user acceptance of on-skin gestures [29].
The gesture set comprises nine gestures, including tapping,
sliding, and pinching, that enable users to execute a wide range
of logical operations efficiently.

More importantly, we introduce the concept of multidimen-
sional gesture. ArmPad not only recognizes various gesture
categories but also estimates the length of the finger movement
on the arm, i.e., sliding distance. This supplementary informa-
tion expands interaction by allowing gestures to convey varying
levels of operation intensity. By combining multiple informa-
tion of gesture input, ArmPad supports more expressive and
fine-grained interaction, enhancing intuitiveness across diverse
applications.

B. Fundamental Principle

The core principle of ArmPad is to convert on-skin gestures,
such as sliding or tapping, into vibration signals generated
by finger-arm friction, which propagate through the skin and
tissue and are ultimately sensed by the IMU embedded in the
smartwatch. These vibration patterns vary with gesture type and
direction [30]. Specifically, the directional frictional force Ff

produced by a gesture is given by:

Ff = −v̂μN, (1)

where v̂ is the direction of the gesture, μ is the coefficient
of friction, and N is the normal force applied by the finger.
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Fig. 2. On-arm gesture set involved in this study: (A) Rightward slide, (B) Leftward slide, (C) Upward slide, (D) Downward slide, (E) Tap twice, (F) Tap, (G)
Clockwise slide, (H) Counterclockwise slide, (I) Pinch. The concept of sliding distance is also shown in (A), and it is worth noting that the sliding distance is
meaningful only in the context of Leftward and Rightward slide gestures.

Fig. 3. The illustration of IMU signals from different gestures and sliding distances, where (a) is the t-SNE visualization of raw IMU signals for 9 gestures,
(b) shows the IMU signal responses in the time domain, with blue highlighted intervals representing two short leftward slide samples exhibiting similar energy
durations and a yellow highlighted interval corresponding to a long leftward slide sample with a longer energy duration, and (c) shows the IMU signal responses
in the frequency domain for two different sliding speeds.

This force creates a vibration displacement s(t), which can
be modeled as a spring-damping system [31] with directional
components, i.e.,

m
d2s(t)

dt2
+ c

ds(t)

dt
+ ks(t) = Ff , (2)

where s(t) = [x(t), y(t), z(t)]� represents the vibration dis-
placement in 3D space, m is the effective mass of the tissue,
c is the damping coefficient, and k is the stiffness of the skin-
tissue system. Therefore, the gestures on the arm in different
directions result in distinct vibration patterns along the x, y, z
axes, whose accelerations and rotations can be captured by IMU
in the smartwatch. Based on this principle, ArmPad captures
the spatiotemporal dynamics of gesture-induced vibrations and
uses deep learning to recognize gesture categories and estimate
sliding distances.

C. Feasibility Studies

To assess gesture separability, we conducted a pilot study
using a smartwatch collecting six-axis IMU data at 100 Hz. A
predefined gesture set (Section III-A) was used, with 50 samples
per gesture. The signals were denoised, gravity-corrected, and
normalized, as detailed in Section IV-B. We applied t-SNE for
dimensionality reduction and visualized the data in 2D space. As

Fig. 4. The system overview.

shown in Fig. 3(a), different gestures exhibit clustering patterns,
indicating the potential of six-axis IMU signals for gesture
recognition. While non-negligible overlap between clusters is
observed, this highlights the challenge of inter-class confusion
and the need for robust models.

We further analyzed sliding distance distinguishability under
two conditions. First, time-domain accelerometer signals from
two sliding distances within the same gesture showed clear
differences in signal duration (see Fig. 3(b)). We then explored
speed effects by comparing frequency-domain energy for differ-
ent speeds at the same distance (see Fig. 3(c)); faster gestures
produced stronger high-frequency components. These results
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show that six-axis IMU signals can distinguish sliding distances,
confirming the feasibility of distance estimation.

IV. SYSTEM DESIGN

A. System Overview

ArmPad utilizes the smartwatch’s built-in IMU to record
accelerometer and gyroscope signals during gesture execution,
aiming to simultaneously perform gesture classification and
sliding distance regression. As illustrated in Fig. 4, the system
pipeline begins with preprocessing of the raw six-axis IMU
signals. This phase involves a workflow that includes signal
segmentation, noise reduction, gravity component removal, and
data normalization. These steps mitigate signal drift and reduce
various noise sources. Detailed preprocessing techniques are
discussed in Section IV-B.

Following preprocessing, the data enter the feature extraction
stage. We design a gated multi-expert architecture to extract
high-dimensional feature representations for multi-task learn-
ing, alleviating negative mutual interference between the two ob-
jective tasks. Meanwhile, we introduce a knowledge-enhanced
dual-stream network that utilizes multiple data sources to guide
the model in learning effective representations. In addition, we
adopt a task-specific two-level data augmentation strategy to
increase data diversity and mitigate the generalization decline
caused by variations in user behavior. We will discuss these
module designs in detail in the following subsections.

Finally, the high-dimensional feature vectors extracted by
the multi-expert extractor are fused via a gating mechanism,
generating two intermediate vectors. The two vectors are di-
rected to separate task-specific heads for gesture classification
and distance regression.

B. Signal Preprocessing

We perform data segmentation using a sliding window ap-
proach combined with dynamic thresholding based on signal
energy. Specifically, the window length is set to 1.8 seconds with
a step size of 125 ms to accommodate various gesture durations.
The threshold, calculated as Threshold = μ+ δ · σ2, where μ
and σ2 are the mean and variance, and δ controls sensitivity.
This adaptive strategy helps filter out ambiguous gestures or
borderline gestures. Once the threshold is exceeded, the peak
of the absolute signal is located, and a window length segment
centered on this peak is extracted.

To isolate the dynamic IMU signals associated with gesture-
induced vibrations, we first apply a third-order Butterworth
high-pass filter with 1 Hz cutoff frequency to remove the gravity
component [32]. Additionally, the primary resonances of the
hand-arm system were identified in the 10-40 Hz and 80-150 Hz
frequency ranges [33]. As evidenced by our frequency domain
analysis (see Fig. 3(c)), components above 40 Hz contain neg-
ligible information about gesture kinematics while introducing
noise. This observation guides our implementation of a Butter-
worth low-pass filter with a 42 Hz cutoff frequency to eliminate
high-frequency noise unrelated to target gesture motion. To
further refine the signal and reduce small-scale noise, the data

Fig. 5. Overview of the model.

are then smoothed with a Savitzky-Golay filter [34], which has
a window length of 7 and a polynomial order of 2. Finally,
to eliminate inter-sample scale differences, we apply Z-score
normalization to the denoised signals, transforming the data
to have a mean of 0 and a standard deviation of 1. This step
enhances model robustness across different users and conditions.

C. Gated Multi-Expert Network: Dynamic Multi-Task
Learning

To address the conflict between discrete classification and
continuous regression features as formulated in RQ1, we pro-
pose a Gated Multi-expert Network. This architecture is specif-
ically designed to reconcile these distinct feature requirements
by enabling dynamic task-specific representation learning. After
signal preprocessing, the data are fed into the model for training
with dimensions T × 6, where T is the length of the time
dimension, set to 180, consistent with the window size.

Multi-Expert Network: When handling gesture recognition
and distance estimation tasks simultaneously, a shared parameter
set often struggles to adapt to the characteristics of each task,
resulting in poor performance balance. By introducing special-
ized experts, each expert can independently focus on its related
task while sharing common knowledge, improving the model’s
performance in complex tasks or scenarios with diverse input
features. Based on this, we drew inspiration from the Customized
Gate Control (CGC) model [35] to design a gated multi-expert
network. As shown in Fig. 5, the multi-expert network comprises
three expert modules: a gesture classification expert, a distance
regression expert, and a knowledge-sharing expert. Each task-
specific expert module focuses on its respective task, thereby
mitigating interference among tasks, while a knowledge-sharing
expert retains shared knowledge. As illustrated in Fig. 6(a),
we employ a hybrid CNN-GRU backbone in each module for
feature extraction: the CNN captures local signal features, while
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Fig. 6. Backbone architecture for the ArmPad, where (a) is feature extractor
based on CNN-GRU hybrid model, and (b) is task head based on fully connected
layers.

the GRU excels at modeling temporal dependencies, facilitat-
ing simultaneous classification and regression. Internally, the
convolutional layers comprise two one-dimensional temporal
convolutional modules, each followed by batch normalization, a
ReLU activation, and max-pooling to reduce feature dimensions,
alleviate computational cost, and enhance generalization. To
prevent overfitting, a 0.2 dropout is applied before the single-
layer, unidirectional GRU with a 128-dimensional hidden state,
whose final hidden vector serves as each module’s output.

Dynamic Gating Mechanism: Each task-specific expert output
is selectively integrated with the knowledge-sharing expert out-
put through an input-based gating mechanism. This approach
enables experts to focus on task-specific knowledge without
interference from other tasks, while preserving shared informa-
tion across tasks. As shown in Fig. 5(c), the gating mechanism
employs a hybrid model design, similar to the experts but more
lightweight, ensuring accurate dynamic integration while main-
taining computational efficiency. Specifically, the output after
the gating mechanism is:

gα(x) = wα(x)sα(x), (3)

where x is the input, and α ∈ {c, r} represents the two task
branches in ArmPad, i.e. classification and regression. wα(x) is
the weight matrix calculated through linear transformation and
nonlinear activation functions, and sα(x) is a selected matrix
composed of the outputs from both the shared expert and the
task-specific expert for task α, defined as follows:

wα(x) = Softmax (Θwα
(x)) (4)

sα(x) = stack [ΘEα
(x),ΘEs

(x)] (5)

Here, Θwα
represents the gating network, where ΘEα

and
ΘEs

denote the task-specific expert and shared expert networks,
respectively. Finally, the prediction result for task α is:

yα(x) = Θhα
(gα(x)) , (6)

where Θhα
represents the task head network for task α. As

shown in Fig. 6(b), each task head consists of two stacked
fully connected layers, with a batch normalization layer, ReLU

Fig. 7. Loss masking for irrelevant gesture samples.

activation function, and dropout layer (p= 0.3) inserted between
each pair of fully connected layers to enhance the model’s
nonlinear expressive capability and generalization ability.

Loss Masking for Irrelevant Gestures: During the training
phase, Since training batches may contain gestures unrelated
to the regression task, i.e., non-sliding gestures, we apply loss
masking based on gesture labels to prevent interference. As
shown in Fig. 7, pseudo labels are assigned to non-sliding
gestures to match the input dimension, but their regression losses
are masked during loss aggregation in each training batch. This
ensures that only valid sliding gestures contribute to updates in
the regression branch.

Joint Classification and Regression Loss: In our study, we
employ Cross-Entropy and Mean Squared Error (MSE) as the
target loss functions for classification and regression tasks,
respectively. Given N1 samples of input data X = {xi}N1

i=1

and task-specific labels Yc = {yc,i}N1
i=1 and Yr = {yr,i}N1

i=1, we
mask out samples without distance information during the re-
gression loss computation, as previously described. This results
in N ′

1 valid samples for the regression branch, where N ′
1 ≤ N1.

The target equations for the loss functions are defined as follows:

Lc(X,Yc) = − 1

N1

N1∑

i=1

C∑

j=1

yc,i log(ŷc,(i,j)) (7)

Lr (X,Yr) =
1

N ′
1

N ′
1∑

i=1

(ŷr,i − yr,i)
2 (8)

Finally, the total loss L is a weighted sum of the two task
losses, expressed as:

L (X,Yc:r) = λLc(X,Yc) + (1− λ)Lr(X,Yr), (9)

where λ is the weight hyperparameter, which we empirically set
to 0.3.

D. Knowledge-Enhanced Dual-Stream Network: Distilling
Effective Representations

Skin vibrations attenuate faster than bone-conducted sig-
nals [36], making sliding gestures particularly susceptible to
sensor noise. This signal decay directly leads to the modeling
challenge formulated in RQ2. Unlike discrete tapping signals,
sliding gestures exhibit continuous non-linear temporal patterns,
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Fig. 8. The structure of knowledge-enhanced dual-stream network.

posing greater challenges in signal modeling and distance esti-
mation due to their dynamic strength and directional variations.
Therefore, we introduce a high-fidelity data source by mount-
ing a dedicated IMU on the fingertip of the executing finger.
Positioned closer to the point of contact, this sensor captures
stronger, less attenuated signals with a higher signal-to-noise
ratio and more comprehensive motion characteristics, offering
richer supervision for learning effective representations. Cru-
cially, the finger IMU data are used only during the training of
the dual-stream network.

To fully leverage the finger IMU signals, we adopt a dual-
stream architecture (Fig. 8), where the teacher branch learns
discriminative representations of sliding distance from finger
data and the student branch processes noisier smartwatch data.
Within this teacher–student framework, the teacher branch trans-
fers its robust distance-discrimination capability to the student
branch via feature alignment, thereby improving modeling ac-
curacy and generalization on smartwatch data [37]. To ensure
alignment, we keep sampling details and preprocessing con-
sistent for both finger and smartwatch data. We also design
branch encoders with an identical structure, creating a shared
feature space and matching the requirements of the regression
expert. This design allows the student encoder parameters to be
seamlessly transferred into the subsequent multi-task learning
model after the knowledge-enhanced training stage. As a result,
the knowledge distilled from finger data bolsters the stability and
accuracy of the student branch when handling smartwatch data.

Training employs an efficient, parallel, end-to-end online
approach, where both branches are trained synchronously from
scratch. This strategy ensures simultaneous updates to both
branches, leading to faster convergence and more efficient re-
source utilization [38]. Given N2 samples from the teacher
datasetXT = {xt,i}N2

i=1 and the student datasetXS = {xs,i}N2
i=1,

with corresponding label sets denoted asY = {yi}N2
i=1, we define

the networks of the teacher network and student network as
Θt and Θs, respectively. For the regression task, the objective
function for training networks Θt and Θs is defined as MSE
between the predicted results and the true labels.

LRβ
=

1

N2

N2∑

i=1

(ŷβ,i − yi)
2, (10)

where β ∈ {t, s} represents the teacher branch or the student
branch, and ŷβ,i is the predicted value, which is the output of
Θβ(xβ,i).

As mentioned earlier, to enhance the recognition performance
and generalization capability of the student branch, we leverage
additional knowledge and training experience provided by the
teacher branch through a posterior probability based on the
intermediate vector. Specifically, for any given sample xβ , we
apply the Softmax function to convert the intermediate hidden
vector zβ generated by the encoder of network ΘEβ

into a
probability pβ. The computation is defined as follows:

pβ,k(xβ) =
exp (zβ,k/T )∑D
d=1 exp (zβ,d/T )

, (11)

where T represents a temperature parameter, which is set to 5 in
our study. D represents the length of the intermediate vector, set
to 128 in our study. To quantify the degree of alignment between
the outputs ps and pt from the two networks, we utilize the
Kullback-Leibler (KL) divergence [39], defined as:

DKL(ps||pt) =

N2∑

i=1

ps(xs,i) log
ps(xs,i)

pt(xt,i)
(12)

Thus, the overall loss functions Ltea, and Lstu, for networks
Θt and Θs are defined as:

Ltea = LRt
, (13)

Lstu = ωLRs
+ (1− ω)DKL (ps||pt) · T 2, (14)

where ω is the weight for the loss function, and we empirically
set it to 0.6.

After this stage, we save the parameters of the student branch
encoder and use them to initialize the subsequent multi-task
learning model. It should be emphasized that this auxiliary
fingertip IMU is exclusive to the offline data-collection and
training stage.

E. Task-Specific Data Augmentation

Gesture execution varies across users due to individual phys-
ical characteristics (e.g., muscle mass, bone density) [40] and
behavioral patterns (e.g., speed, force), causing distributional
shifts that hinder generalization to unseen users. Motivated by
the goal of ensuring cross-user robustness in RQ3, we propose
a two-level task-specific data augmentation strategy, extending
established methods for inertial data [41]. The first level includes
four methods: (1) jittering, by injecting Gaussian noise μ ∼
N (0, 0.22); (2) masking, by randomly masking a continuous
segment of [15,30] time steps; (3) time shifting, by shifting
the signal [5,25] steps and padding with zeros; and (4) random
dropping, by setting 20% of data points to zero. These meth-
ods introduce variability while preserving gesture semantics,
thereby improving robustness to signal-level inconsistencies.
They are applied uniformly across all gesture categories.

The second level simulates variations in execution strength
and speed, encompassing two approaches: (1) magnitude-
warping, achieved by three interpolation knots and a randomly
generated scaling factorm ∼ N (1, 0.32), wherem ∈ [0, 2], and
(2) Time-warping, achieved by sampling segment-wise speed
ratios from U(0.5, 2) over three intervals defined by two inter-
polation knots. To maintain physical consistency for regression,
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Fig. 9. New user registration and calibration workflow.

Leftward and Rightward slide are excluded from augmentation
to avoid disrupting critical semantic information. This two-level
strategy improves robustness while maintaining consistency for
distance estimation.

F. New-User Registration and Model Calibration

Despite data augmentation, individual variances in gesture
execution and physiology still induce data distribution shifts. To
fulfill the objective of RQ3, we introduce a registration process
that personalizes the model, enabling new users to achieve higher
accuracy. During the registration phase (see Fig. 9), on-screen
prompts guide users to perform each gesture category n times.
The value of n reflects a trade-off between personalization and
registration overhead.

After data collection, the model evaluates each gesture by
computing a confidence score based on its current recognition
capability. Gestures with scores above a 0.5 threshold are re-
tained, while those below trigger re-capture prompts to ensure
consistency. Valid samples are then used to fine-tune the model.
As acquiring accurate distance ground truth for regression tasks
typically requires specialized instrumentation, ArmPad in its
current form emphasizes gesture recognition, where reliable
supervision can be more readily obtained. Training details are
provided in Section VI-D.

V. EXPERIMENTAL METHODOLOGY

A. Implementation

We developed a dedicated Android application for ArmPad
and deployed it on two smartwatches (HUAWEI Watch 2 and
Samsung Galaxy Watch 7) for data collection and validation.
Six-axis IMU data were recorded at 100 Hz using the Wear OS
API, balancing compatibility and efficiency, as many wearables
cap sampling at this frequency. Due to computational limita-
tions, model training is performed offline. The model, imple-
mented in PyTorch with 306 K parameters, supports efficient
deployment on smartwatches.

Training is conducted using the AdamW optimizer with a
ReduceLROnPlateau scheduler over 100 epochs. The regression
expert is initialized from the trained student encoder in the dual-
stream network, while other modules use default initialization.
A learning rate of 0.0001 is applied to the regression expert and
0.001 to the rest. Training runs on a workstation with 128 GB
RAM, an AMD Ryzen 9 3900X (3.80 GHz), and an NVIDIA
RTX 2070 GPU.

Fig. 10. Experimental equipment and environment.

Fig. 11. Gesture classification results, where (a) is confusion matrix rep-
resenting the average performance across 20 participants, and (b) is mean
Macro-F1 scores for different gesture categories with error bars, indicating
standard deviation.

B. Data Collection

We recruited 20 participants (11 male, 9 female), ranging
in age from 17 to 51 years (mean: 25.7) and in BMI from
16.6 to 29.1. All experimental procedures were approved by
the Institutional Review Board.

The experimental setup is shown in Fig. 10. Participants first
spent 10 minutes familiarizing themselves with the procedure,
then wore the smartwatch on their preferred wrist with comfort-
able tightness and a natural hanging posture. Data were collected
across three sessions, with 5–8 minute breaks to mitigate fatigue.
Each session included at least 40 repetitions of Leftward and
Rightward slide (covering various distances) and 10 repetitions
of each remaining gesture, yielding 9,231 samples in total.
A lightweight IMU sensor (9 g, ring-like, with no reported
interference to movement) was attached to the executing finger.
A vision-based algorithm using an overhead camera provided
ground-truth distance labels.

VI. EVALUATION

This section presents a comprehensive evaluation of overall
performance, ablation, fine-tuning results, robustness, and re-
source consumption. Metrics include accuracy and F1 score for
classification, and MAE, RMSE, and MAPE for regression.

A. Overall Performance

To evaluate the system’s usability in realistic scenarios, par-
ticularly with previously unseen users, we adopt leave-one-out
cross-validation (LOO-CV), using cross-user data as the test set
in each round.
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Fig. 12. Participant gesture classification performance.

Fig. 13. Distance regression performance for each participant.

Fig. 14. Scatter plots of predicted vs. actual labels for the distance regression
task. (a)–(c) present visualizations for participants 0, 3, and 18, respectively.
Positive and negative values denote rightward and leftward sliding samples.

1) Gesture Recognition Performance: As shown in Fig. 11,
our model achieved an average accuracy of 92.51% and an
F1 score of 90.26%. The “Counterclockwise” gesture exhib-
ited the lowest accuracy (82.45%) due to its prolonged execu-
tion and high variability, which caused confusion with “Left-
ward” slides. Individual results (Fig. 12) ranged from 98.1%
(participant 19) to 86.1% (participant 8); for participant 8,
intermittent skin contact during execution led to incomplete
feature representations. Overall, ArmPad demonstrates robust
zero-shot classification across nine gestures. To address chal-
lenges in complex gestures and cross-user variance, a calibration
strategy using minimal new-user data is further detailed in
Section VI-D.

2) Distance Regression Performance: As shown in Fig. 13,
our model achieved an average MAE of 1.53 cm and MAPE of
0.2 cm. Individual performance varied from 1.14 cm (partici-
pant 0) to the maximum error in participant 6; video analysis
attributed participant 6’s lower accuracy to execution stutter-
ing, which disrupted the model’s temporal feature extraction.
Regression scatters (Fig. 14) indicate that rightward slides gen-
erally yielded lower errors due to higher movement consistency,
though individual preferences influenced direction-specific ac-
curacy (see Section VII). Furthermore, errors scaled with sliding
distance, likely due to noise accumulation during extended
physical execution.

Fig. 15. Performance comparison between our proposed ArmPad and repre-
sentative baselines.

TABLE II
RESULTS OF THE ABLATION STUDY. ↓ INDICATES PERFORMANCE

DETERIORATION RELATIVE TO THE FULL MODEL.

B. Baseline Comparison

To evaluate ArmPad’s effectiveness, we benchmarked it
against ViBand [11] and ViWatch [15], representing traditional
hand-crafted feature approaches and modern neural-network
architectures, respectively. All models were evaluated under a
consistent cross-user zero-shot protocol using identical datasets
and preprocessing procedures.

As shown in Fig. 15, our method outperforms all baselines
across all metrics. Notably, ViBand exhibits the lowest perfor-
mance (e.g., 46.3% accuracy) as its SVM-based framework fails
to extract discriminative features from standard 100 Hz signals,
compared to its original 4 kHz requirement. Similarly, ViWatch
shows a significant degradation in both tasks, primarily due to its
inability to resolve feature conflicts between discrete recognition
and continuous regression. The superior performance of our
system can be attributed to its Gated Multi-expert Network,
which effectively decouples tasks, and a Knowledge-Enhanced
Dual-Stream Network that extracts robust representations from
low-SNR skin vibrations.

C. Ablation Study

We conducted ablation studies to quantify the contribution
of each module. All ablation variants are built on the backbone
architecture shown in Fig. 6. Training is conducted using the
AdamW optimizer with a ReduceLROnPlateau scheduler over
100 epochs. A learning rate of 0.0001 is applied to the regression
expert and 0.001 to the rest. All variants were trained with
identical hyperparameters to ensure fair comparison.

As shown in Table II, the Full model achieved the highest
classification accuracy and the lowest distance regression error.
Removing the data augmentation module (i.e., w/o Aug) leads
to a decline in all indicators, highlighting its contribution to
noise robustness and sample diversity. Notably, excluding the
dual-stream component (i.e., w/o DualS) leads to a significant
performance degradation in regression tasks, with MAE and
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Fig. 16. Fine-tuning results with varying data sizes. (a) Average performance
across all gestures. (b) Gesture-level accuracy for representative challenging
categories.

MAPE increasing by 4.91% and 5.91%, respectively. Compared
to the Full Model and the varient w/o Aug+DualS, the Naive
Model (rely on a single shared backbon) shows the largest
performance drop, a 2.42% decrease in accuracy and a 7.81%
increase in MAE, highlighting the necessity of expert decoupling
for multi-task learning.

D. Evaluation of Registration With Few-Shot User Data

In practical use, individual differences can cause feature dis-
tributions to deviate from the training data. To improve adapt-
ability to new users, we apply transfer learning by fine-tuning
the trained model using a small set of user-specific samples,
combined with data augmentation. Fine-tuning is performed
offline for 30 epochs at a fixed learning rate of 0.0001 to balance
efficiency and performance. To evaluate its effectiveness, we
vary the number of samples per class (1–5) and compare results
with a baseline model trained without fine-tuning (i.e., w/o FT).

As illustrated in Fig. 16(a), the fine-tuned model demonstrates
significant performance improvements over the baseline. No-
tably, with only three fine-tuning samples per category, the clas-
sification accuracy increases by 4.12% (reaching 96.51%), while
the F1 score improves by 3.6% (reaching 93.67%). Even without
the use of data augmentation, the accuracy and F1 score still
achieve gains of 2.84% and 1.06%, respectively. Furthermore,
Fig. 16(b) visualizes the performance evolution of four relatively
challenging gesture categories, i.e., Counterclockwise, Pinch,
Clockwise, and Downward. The results indicate a consistent
and robust upward trend in accuracy as fine-tuning samples
increases. For example, the Counterclockwise gesture increases
by 7.9% with only three samples per class, and this gain further
expands to 12.0% (reaching an accuracy of 91.8%) when the
sample size is increased to five. These results highlight the
system’s sustained optimization potential, allowing users to
effectively enhance recognition performance through personal-
ized data enrollment. For the sliding distance regression task, we
do not specifically fine-tune the regression branch, as obtaining
actual sliding distances as ground-truth in real-world scenarios
is impractical for new users.

E. System Robustness

To evaluate the stability of ArmPad across various real-world
usage scenarios, we designed and conducted a series of ex-
periments. All the experimental results in this section were
obtained using the model under a cross-user setting, i.e., without

Fig. 17. Performance of two tasks across states.

Fig. 18. Performance of two tasks across strengths.

Fig. 19. Performance of two tasks across speeds.

calibration on new user data. A total of 6 participants were
involved in the robustness experiments, with each participant
performing 20 repetitions of each gesture under each type of
experiment in a single scenario.

1) Impact of Different Body States: As shown in Fig. 17,
while sitting state yielded peak performance, walking induced
a 7.86% drop in accuracy and a 0.3 cm increase in MAE.
These fluctuations likely result from gesture variability during
dynamic movement. Nevertheless, the system maintained robust
performance across all states, facilitated by preprocessing that
mitigates noise from gravity and arm motion.

2) Impact of Different Strengths: Unlike touchscreens, on-
skin interactions can vary substantially in applied force, influ-
enced by factors such as emotional arousal. We classified ges-
tures into three force levels, i.e., light, moderate, and heavy. As
shown in Fig. 18, light gestures reduced classification accuracy
by 4.3% and increased the MAE by 0.13 cm. In contrast, heavy
gestures produced clearer feature patterns, maintaining a high
classification accuracy of 93.11% with only a slight 0.03 cm
increase in MAE.

3) Impact of Different Speeds: We further examined the role
of speed by instructing participants to perform gestures at slow,
moderate, and fast speeds. As shown in Fig. 19, classification
accuracy remained high at 91.72% under fast speeds, this could
be because gestures are more clearer and coherent. However,
the MAE in the regression increased by 0.26 cm, which may
be attributed to signal instability. By contrast, slower gestures
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Fig. 20. Robustness evaluation of ArmPad across different time intervals in
two tasks.

Fig. 21. Performance of two tasks across sampling rates.

were more stable, producing a lower MAE of 1.59 cm. These re-
sults demonstrate that the system maintains robust performance
across different execution speeds.

4) Longitudinal Study: To evaluate long-term robustness, we
collected additional data over a four-week period (at intervals
of 3 days, 1, 2, 3, and 4 weeks). As shown in Fig. 20, classi-
fication accuracy remained consistently high, while regression
performance showed a slight decline after three weeks of disuse.
Despite this, the system maintained an average accuracy of
91.04% and an MAE of 1.63 cm at the four-week mark, demon-
strating its stability under realistic conditions. Future work could
employ continuous learning to further adapt to evolving user
patterns [42].

5) Impact of Sampling Rate: We evaluated how the IMU
sampling rate affects ArmPad’s performance. We downsampled
the input from 100 Hz to 60 Hz, maintaining consistent training
configurations. As shown in Fig. 21, the performance of both
tasks gradually degraded as the sampling rate decreased, with a
more noticeable drop at 60 Hz relative to the 100 Hz baseline.
Nonetheless, moderate reductions (e.g., 80–90 Hz) still provided
acceptable recognition while lowering sensing and processing
costs.

6) Impact of Different Devices: To evaluate generalizabil-
ity across devices with different hardware configurations, we
conducted additional testing on the Samsung Galaxy Watch
7 alongside the original HUAWEI Watch 2, using identical
data collection protocols and processing pipelines. The results
show that ArmPad achieved a gesture classification accuracy of
93.13% on the Galaxy Watch 7, with a comparable MAE of 1.61
cm. These results validate ArmPad’s robustness and adaptability
across different smartwatch platforms.

7) Impact of Clothing Occlusion: We further evaluated Arm-
Pad under clothing occlusion by covering the forearm with
cotton and polyester fabrics. Accuracy dropped by 2.4% and
2.6%, while MAE increased by 0.24 cm and 0.26 cm, re-
spectively. These findings suggest that classification remains
robust by capturing global patterns, whereas regression is more

vulnerable to clothing-induced damping and waveguide effects
due to its reliance on fine-grained vibration modeling. We outline
potential approaches to tackle the issue in Section VIII.

F. Resource Consumption

To evaluate ArmPad’s on-device performance, we conducted
comprehensive measurements across two commercial smart-
watches: HUAWEI Watch 2 (Snapdragon Wear 2100, 768 MB
RAM) and Samsung Galaxy Watch 7 (Exynos W1000, 2 GB
RAM). Our evaluation focused on three key metrics using
Android Studio Profiler [43] and Battery Historian [44], all
experiments executed the complete workflow on the smartwatch
to reflect real-world operational conditions.

(1) CPU and Memory Usage: We measured ArmPad’s re-
source consumption with all non-essential background pro-
cesses disabled. During continuous operation, the two devices
exhibited an average CPU usage increase of approximately 45%
and 27%, while memory usage remained stable at 37 MB (4.8%)
and 54 MB (2.6%). (2) Power Consumption. Additionally, we
measured the time required to deplete 1% of the battery under
two conditions: (i) a baseline “screen on only” state, and (ii)
while running ArmPad continuously. According to Battery His-
torian, ArmPad reduced the time to deplete 1% battery by 157 s
compared to the baseline, indicating the system’s operational
power consumption is merely 102 mW. (3) System Latency
Evaluation. To evaluate ArmPad’s latency, we measured its
end-to-end response time on the Samsung Galaxy Watch 7,
representative of recent smartwatch generations with improved
processor optimization for deep learning. The response process
consists of two main stages, data preprocessing and model
inference, which average 18 ms and 85 ms, respectively.

These results indicate that ArmPad operates efficiently with-
out imposing significant load, preserving overall device perfor-
mance and stability.

VII. USER STUDY

To evaluate ArmPad’s usability, we conducted a mixed-
method study with 20 participants. The assessment included:
(1) a gesture-wise assessment of user preferences and subjective
ratings, (2) a System Usability Scale (SUS) evaluation, and (3)
a workload evaluation based on the NASA Task Load Index
(NASA-TLX). The questionnaires were administered following
the completion of the entire interaction study, ensuring that
participant ratings were based on their full experience with the
watch-only system.

Gesture-wise Preference Analysis: We assessed user expe-
rience across five dimensions, e.g., intuitiveness, learnability,
memorability, comfort, and social acceptability, via a 5-point
Likert scale. As shown in Fig. 22, most gestures scored highly
due to their intuitive mapping to physical actions. Although
Pinch and rotation gestures (Clockwise/Counterclockwise) had
slightly steeper learning curves, the overall feedback remained
overwhelmingly positive (mean 23.5/25), confirming the sys-
tem’s strong usability and social acceptance.

SUS: SUS is a widely adopted 10-item questionnaire used to
evaluate a system’s usability and user experience, with the full
set of questions detailed in [45]. As shown in Fig. 23, ArmPad
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Fig. 22. User feedback scores for nine gestures. Each score is a composite of
five evaluation aspects.

Fig. 23. Ten question scores of SUS evaluation, error bars represent standard
error.

achieved a high SUS score of 91.38 (scored out of 100, computed
as the sum of item scores multiplied by 2.5), indicating strong
user satisfaction. Responses to Q2 (3.65± 0.13), Q5 (3.65±
0.13), and Q6 (3.75± 0.10) showed that users found the gesture
design natural and appropriately simple. Items addressing ease
of use and learnability (Q3: 3.60± 0.11, Q8: 3.90± 0.07, Q10:
3.60± 0.11) confirmed ArmPad as user-friendly and easy to
learn, with participants also showing confidence in their ability
to master the system (Q7: 3.70± 0.13). The slightly lower
rating for Q4 (3.50± 0.17) suggested some users perceived a
minor need for additional guidance or equipment during data
collection.

NASA-TLX: We used a simplified NASA-TLX question-
naire [46] to measure perceived workload across six dimensions
(Mental, Physical, Temporal Demands, Effort, Performance, and
Frustration) on a 5-point scale (1 = very low, 5 = very high).
ArmPad achieved a low overall workload rating (mean 1.6/5),
with notably low mental (1.45± 0.15), physical (1.40± 0.15),
and temporal (1.45± 0.15) demands, confirming that gestures
felt intuitive and straightforward. Effort (1.75± 0.16) and frus-
tration (1.60± 0.15) ratings were slightly higher due to the
initial adaptation required for novel on-skin gestures, which
also likely contributed to the relatively higher performance score
(1.90± 0.15, inversed).

While these results confirm the system’s comfort for short-
term use, we acknowledge that long-term, high-frequency usage
may require further evaluation, including fatigue and subjective
load measures over extended periods.

VIII. DISCUSSION AND FUTURE WORK

Our experimental results demonstrate that the system main-
tains stable recognition performance under various conditions.
Nevertheless, several issues require further investigation.

Fig. 24. Six dimensions scores of NASA-TLX evaluation, error bars represent
standard error.

a) Wearing Thick Clothing: ArmPad is primarily designed for
indoor use (e.g., smart homes, AR/VR), and evaluation with thin
clothing (see Section VI-E7) showed satisfactory performance.
However, thick clothing may significantly degrade recognition
accuracy due to stronger damping of skin vibrations. To miti-
gate this, future work will explore integrating friction-induced
acoustic signals as a complementary modality, though this may
increase computational cost. Additionally, the performance drop
reflects a domain gap in training data; domain generalization
techniques [47] offer a scalable solution by learning fabric-
invariant gesture representations, enabling robust performance
under unseen occlusion conditions.

b) Gesture Set Expansion: This study focused on nine
touchscreen-like gestures designed to support basic interactions,
which are sufficient for key tasks such as control, confirmation,
and parameter adjustment. However, certain complex and
path-varying gestures (e.g., counterclockwise slides) show
slightly lower accuracy, primarily due to variability in user
execution styles (e.g., differences in trajectory, movement
amplitude, and alignment). Additionally, real-world gestures
often involve more diverse directions and trajectories (e.g.,
oblique, curved, zigzag) that are not yet supported by the current
system. As such, this work does not aim to cover all possible
high-complexity gestures.

To address these limitations, we propose several potential
extensions, including: 1) employing adversarial training to en-
courage the model to learn style-invariant features, making it
more robust to individual execution styles, 2) implementing
a weighted loss function that prioritizes high-variability ’hard
samples’ to better handle ambiguous and unstable gestures, and
3) applying style-targeted data augmentation during training to
expose the model to more varied gesture trajectories. Addition-
ally, one-shot learning [48] offers a promising path for efficient
personalization and gesture set expansion.

c) Potential of IMU Foundation Models: Large-scale IMU
foundation models offer promising improvements in feature
extraction and data generation. Pre-trained models capture trans-
ferable motion patterns (e.g., acceleration decay, spectral fea-
tures), enhancing robustness to noise [49]. Generative models
can further synthesize IMU sequences from modalities like text
or video [50]. However, their large size and classification focus
pose deployment and adaptation challenges. Future work will
explore integrating these models to boost system flexibility and
generalization.
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IX. CONCLUSION

To enable intuitive and efficient gesture-based interaction, we
propose ArmPad, a gesture input system based on a COTS smart-
watch that uses the forearm as interaction interface. ArmPad
employs a gated multi-expert architecture for feature extraction,
enabling concurrent gesture recognition and sliding distance
estimation. Experimental results indicate that ArmPad achieves
92.5% gesture recognition accuracy and 1.53 cm MAE in dis-
tance estimation under cross-user settings. After registration
with a small amount of data from the new user, the specialized
model’s accuracy can achieve higher performance. Participants’
feedback shows that ArmPad largely aligns with users’ everyday
gesture habits and intuitive requirements, exhibiting high user
acceptance.
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