
Mudra: Enabling Microgesture Recognition on COTS
Smartwatches

Sejal Bhalla∗
University of Toronto

Toronto, Ontario, Canada
sejal@cs.toronto.edu

Benson Chou
University of Toronto

Toronto, Ontario, Canada
benson.chou@mail.utoronto.ca

Tianyu Xu
Google

Mountain View, USA
cadyxu@google.com

Karan Ahuja
Google

Seattle, USA
kahuja@northwestern.edu

Alex Mariakakis
University of Toronto

Toronto, Ontario, Canada
mariakakis@s.toronto.edu

Ishan Chatterjee
Google

Seattle, USA
ishanc@google.com

Figure 1: Mudra uses only IMU sensors on a commodity smartwatch to provide microgesture control for smartwatches,
media players, and mixed reality interfaces. It supports microgestures including (left) Finger Tap, (middle) Swipe, and (right)
Pinch-and-Drag. The latter two gestures are directional, allowing for flexible UI navigation.

Abstract
Subtle finger movements, or "microgestures", enable low-fatigue
and discreet interactions. However, prior work often relies on
custom hardware or recognizes isolated gestures, with limited
exploration of directional input on commodity devices. We
introduce Mudra, a microgesture recognition system that leverages
inertial sensors in commercial off-the-shelf (COTS) smartwatches
to support a broad range of interactions. Mudra recognizes four
primary microgestures: Finger Tap and Surface Tap for selection,
and Swipe and Pinch-and-Drag for targeting. Through a user study
with 30 participants, we demonstrate that Mudra generalizes
effectively across users, achieving an average microgesture
classification accuracy of 0.93 ± 0.04. Incorporating directional
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variants of Swipe and Pinch-and-Drag, we design and evaluate
gesture sets for 1D and 2D navigation, achieving user-independent
accuracies of 0.93 ± 0.06 and 0.86 ± 0.07, respectively. By enabling
subtle, directional input on commodity devices, Mudra paves the
way for complete gesture control for smartwatches, media players,
and extended reality interfaces.
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1 Introduction
Mid-air gestures performed with arms and hands offer a natural
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https://orcid.org/0009-0006-4772-7815
https://orcid.org/0009-0007-0265-033X
https://orcid.org/0009-0009-9135-6080
https://orcid.org/0000-0003-2497-0530
https://orcid.org/0000-0002-9986-3345
https://orcid.org/0000-0002-2123-6392
https://doi.org/XXXXXXX.XXXXXXX
https://doi.org/XXXXXXX.XXXXXXX


GI ’26, June 09–12, 2026, Kitchener-Waterloo, Canada Bhalla et al.

However, executing them can lead to fatigue and discomfort,
particularly when performed over extended durations [10, 26].
Microgestures — subtle finger movements that require minimal
effort — present a compelling alternative. By relying on small
movements of the thumb and finger, microgestures align well with
familiar touchscreen interactions [4]. They are less conspicuous
compared to overt arm or hand motions [5], making them more
acceptable for everyday use. Microgestures also accommodate
situations when users only have one hand available (e.g., due to
encumbrance [14, 33, 37, 38], performing an auxiliary task [7, 20],
or physical impairments [44]). Overall, these characteristics make
microgestures particularly valuable for quick and discreet
interactions such as control of smartwatches, media players, or
extended reality (XR) interfaces [15, 19].

Despite their advantages, sensing microgestures remains
difficult. Most gesture recognition systems prioritize wrist motions
[23, 27, 51] and hand waves [22, 57] because they create obvious
movements that can be detected at the forearm or wrist;
microgestures do not produce such noticeable motions. Many
efforts to address this challenge have relied on form factors such as
rings [6, 9, 34], gloves [48], cameras embedded in VR headsets [19],
and even fingernail sensors [17]. While these systems can achieve
high accuracy, their reliance on custom hardware and potential
privacy concerns preclude their practical adoption. Others have
proposed using wrist-worn devices for microgesture recognition,
often augmenting them with additional sensors to improve
sensitivity to fine motor movements [18, 50]. Those that support
swiping gestures are typically restricted to unidirectional motions
at a single speed [47, 51]. Recognizing diverse and directional
microgestures using unmodified hardware would significantly
broaden access to microgesture control and their applicability
toward more complex UI navigation.

We propose Mudra, a robust microgesture recognition system
that leverages the motion sensors embedded in commodity
smartwatches. Guided by gesture elicitation studies from prior
work [3, 4, 14, 24], we focus on two core input primitives: selection
via taps (Finger Tap, Surface Tap) and targeting via directional
motions (Swipe, Pinch-and-Drag). Pairing these gestures enables
1D and 2D navigation on unmodified devices while keeping the
complete set of gestures compact. Although these gestures are
intuitive to describe, their execution varies significantly across
users, making recognition difficult using simple heuristics. We
adopt a machine learning approach to overcome this challenge,
employing residual convolutional neural networks to analyze
6-axis IMU data captured from an unmodified smartwatch. Since
slower gestures generate weaker motions, we use speed
classification as a gating mechanism to trigger direction
classification and reduce false positives.

We evaluated Mudra through a user study with 30 participants.
Using leave-one-subject-out cross-validation, we show that our
system achieves an average user-independent accuracy of 0.93 ±
0.04 in classifying between four microgesture categories. When we
incorporate directional variants of those gestures for 1D and 2D UI
navigation, Mudra achieves an average accuracy of 0.93 ± 0.06 and
0.86 ± 0.07, respectively.

To summarize, our paper makes the following contributions:

(1) Mudra, a system that relies on motion data captured using
commodity smartwatches to recognize both selection and
targeting microgestures, enabling gesture sets for 1D and 2D
UI navigation,

(2) A comprehensive evaluation of Mudra’s performance across 30
participants, demonstrating high performance across the 1D
and 2D gesture sets,

(3) A hierarchical classification approach combined with a gating
mechanism for robust recognition of directional gestures,
addressing challenges introduced by variations in gesture
speed.

2 Related Work
For our overview of related work, we first discuss microgesture
sets that have been proposed or elicited from potential users. We
then review related wearable systems, with a particular focus on
wrist-worn devices designed for microgesture detection.

2.1 Microgestures
The term "microgestures" is broadly used to describe one-handed
motions that engage some combination of the wrist, thumb, and
finger. Microgestures can be used to provide less strenuous forms
of input since they require less movement than mid-air
macrogestures [10], and they can also be used in situations where
a person only has one hand available [7, 14, 20, 33, 37, 38]. For
device input specifically, the two most important capabilities are
selection and targeting [11, 25, 32]. Targeting involves
navigating to a desired object or interface element, which may
include scrolling through content, switching between applications,
or returning to a previous screen. Selection, on the other hand,
typically involves confirming a choice, activating a function, or
opening an application. In many cases, selection commands can
also serve as toggles when consecutive selection inputs trigger the
opposite action—for example, using a single tap gesture to play or
pause media, or to mute and unmute audio.

The design space of single-handed microgestures has been
extensively explored [3, 4, 14, 24], with prior work in HCI
establishing taxonomies informed by gesture elicitation studies
and literature surveys. Li et al. [24] proposed a set of 33
microgestures designed by certified ergonomists as an alternative
to handheld controllers for VR and AR interactions. Forty users
evaluated these gestures, linking them to 20 common AR/VR
commands based on usability, comfort, and preference. Similarly,
Chan et al. [4] conducted a study where participants performed
microgestures with their palms and fingers to execute commands
for applications like music playback and text editing. Both studies
revealed a strong preference for tapping and swiping gestures,
largely due to users’ familiarity with touchscreen interactions.

When considering microgestures, taps provide an intuitive
choice for selection, while multidirectional swipes and dragging
motions naturally lend themselves to targeting tasks. Prätorius
et al. [36] and others have mapped out the design space of
thumb-to-finger microgestures, detailing possible swipe
interactions across the radial, volar, ulnar, and dorsal sides of the
fingers. However, most gesture recognition systems treat swipes as
unidirectional motions [22, 47, 51], typically performed with the
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Table 1: A summary of state-of-the-art microgesture recognition systems. The systems are coded according to their sensing
modality, gesture set, suitability for commercial off-the-shelf (COTS) devices, and support of directional swiping motions.

System Year Form
Factor

Modality Gesture Set COTS Direction
Support

DigiTouch [48] 2017 Glove Pressure Tap, Force Tap, Sliding, Chording ✗ ✓

SparseIMU [40] 2023 Glove IMU Tap, Finger Flexion / Extension, Finger Abduction
/ Adduction, Finger Circumduction

✗ ✓

EFRing [6] 2023 Ring Electric Field Tap, Double Tap, Thumb Swipe Up / Down / Left /
Right

✗ ✓

AuraRing [34] 2019 Ring Magnetic
Tracking

Hand Pose ✗ ✓

OptiRing [46] 2023 Ring Optical Stateful Pinch, Thumb Swipe Left / Right,
Continuous 1D Input

✗ ✓

Tomo [57] 2015 Wrist-worn EMG Finger Pinch, Fist, Stretch, Wave Left / Right,
Thumbs Up, Spider-Man

✗ ✗

EM-Press [27] 2016 Wrist-worn EMG Finger Rotation, Wrist Flexion / Extension, Wrist
Abduction / Adduction, Fist, Point Finger

✗ ✗

EchoWrist [23] 2024 Wrist-worn Acoustic American Sign Language, Wrist Flexion /
Extension, Wrist Ulnar Deviation, Finger Flexion

✗ ✗

VibAware [18] 2023 Wrist-worn Acoustic Tap, Swipe ✗ ✗

AO-Finger [50] 2023 Wrist-worn Acoustic,
Optical

Flick, Pinch, Tap, Thumb Swipe Left / Right ✗ ✓

ViBand [22] 2016 Wrist-worn IMU Two-handed Gestures, On-body Touch Input,
Pinch, Flick, Snap, Wave Up / Down, One Finger
Rub

✓ ✗

Serendipity [47] 2016 Wrist-worn IMU Pinch, Tap, Rub Fingers, Squeeze, Wave ✓ ✗

Agarwal et al. [1] 2017 Wrist-worn IMU Fist, Flick, Pinch, Tap, Thumb Swipe, Palm Swipe
Forward / Backward

✓ ✗

Xu et al. [51] 2022 Wrist-worn IMU Clench, Double clench, Pinch, Double Pinch, Peace,
Slide, Wrist Rotate In / Out, Wrist Deviate In / Out,
Wrist Flexion / Extension

✓ ✗

Mudra 2026 Wrist-
worn

IMU Finger Tap, Surface Tap, Thumb Swipe Left
/ Right, Thumb Swipe Up/Down, Pinch-and-
Drag Up / Down

✓ ✓

thumb on the radial or volar side of the index finger. Exceptions
include STMG [19] and SparseIMU [40], which use a
camera-instrumented headset and an IMU-instrumented glove for
swipe direction classification. Mudra aims to enable selection and
multidirectional targeting to facilitate more nuanced and
expressive interactions, all while relying only on commodity
sensors. These capabilities unlock convenient targeting for
common UIs such as smartwatch menus, media playback on
earbuds, or smartglass head-up displays [29].

2.2 Microgesture Recognition
Table 1 summarizes recent systems designed for microgesture
recognition. We review prior work in this space based on the form
factor and sensing principle of the hardware.

2.2.1 Non-wrist-worn Systems. Since microgestures are subtle, the
most straightforward way of detecting them is by placing sensors
along the fingers. Gloves and rings provide this affordance in an
inconspicuous way. For example, Miller et al. [31] developed a
glove that had conductive threads woven perpendicularly and
orthogonally along the fingers. Beyond supporting discrete
microgestures, users could put their fingers together to create 2D
trackpad-like surfaces for more continuous input. Systems like
DigiTouch [48], Argot [35], and KITTY [21] offered similar
affordances with conductive elements embedded in a glove’s fabric;
however, these systems require large interaction areas since they
were primarily designed for thumb-to-finger text entry.

To provide a less conspicuous surface for gestures and swiping,
Yoon et al. [53, 54] proposed multiple finger-worn systems
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resembling a sleeve on a single finger. Their systems were able to
detect not just contact but also pressure and strain due to finger
bending, providing additional dimensions for microgesture
expressions. Miniaturizing the interaction surface even further, the
NailO system by Kao et al. [17] explored the potential of a
fingernail-mounted interaction surface using printed electrodes.

Ring form factors offer a more convenient option for
microgesture recognition. These devices first became popular for
tap and swipe interactions comparable to a trackpad, using
modalities ranging from motion [8, 49, 55] and audio [56] to even
optical data [46, 52]. More recently, systems like AuraRing [34]
and EFRing [6] have utilized electromagnetic signals to deliver
more continuous forms of input.

2.2.2 Wrist-worn Systems. Wrist-worn devices are attracting
increasing interest as a platform for microgesture recognition due
to their superior affordances and widespread adoption. Many
prominent works have instrumented existing wristbands with
additional sensors for this task. Tomo [57] relied on
electromyography (EMG) to recognize the extension and flexion of
fingers, while EMPress [27] combined EMG with pressure sensing
for both finger and wrist gestures. Beamband [13] and EchoWrist
[23] utilized ultrasonic sensors on the wrist to detect hand poses
and infer hand gestures. Similarly, VibAware [18] and
AO-Finger [50] prototyped wristbands with custom acoustic and
optical sensors, respectively, to detect subtle taps and swipes in
various contexts.

Leveraging motion sensors in commodity smartwatches for
microgesture recognition presents notable challenges due to their
placement away from the fingers. Nevertheless, some systems
have demonstrated promising performance. Serendipity by Wen
et al. [47] recognized five gestures — Pinch, Tap, Rub, Squeeze, and
Wave — achieving an average F1 score of 0.87 using
user-dependent machine learning models. A similar system by
Agarwal et al. [1] recognized seven gestures: Flick, Squeeze, Pinch,
Tap, Non-Directional Thumb Rubbing, Palm Flexion, and Palm
Extension. Using a subject-agnostic support vector machine
adapted with a few subject-specific gesture instances for
calibration, they were able to achieve a classification accuracy of
0.92. While both systems offered high classification performance
and moderate gesture expressivity, their reliance on user
calibration reduced their suitability for out-of-the-box use.
Moreover, the absence of directional input limited their
applicability for navigation-based interactions. Xu et al. [51]
examined directional inputs using a gesture customization
approach that required minimal exemplars to achieve robust
performance. Their system, trained on 6-axis IMU data from
smartwatches, performed well on coarse gestures such as wrist
turns, rotations, and clenching. However, recognition performance
dropped for subtle gestures, with non-directional thumb swipes
yielding an F1 score of only 0.70.

Mudra belongs to the latter category of wrist-worn microgesture
recognition systems, relying solely on the hardware available in
unmodified commodity smartwatches. Unlike prior work, it
enables directional input through subtle finger movements
without requiring exaggerated gestures such as hand waves or

wrist rotations. To the best of our knowledge, no existing system
concurrently satisfies both objectives: enabling subtle, directional
input on unmodified smartwatches and generalizing across users
without requiring personalized calibration.

3 Mudra System Design
In this section, we first introduce the primary gestures and gesture
sets supported by Mudra, followed by a description of its sensing
principle and an overview of the system architecture and data
processing pipeline.

3.1 Gesture Sets
Mudra is designed around a set of microgestures that support
selection and targeting as two key primitives for 1D and 2D UI
navigation. 1D navigation is well-suited for linear content
traversal, such as scrolling through image galleries or discussion
threads. 2D navigation enables control over interfaces with
orthogonal commands such as music track selection
(previous/next) and volume adjustment (up/down) in a media
player. We investigate four primary gestures across two categories:

Selection Gestures
• Finger Tap and Surface Tap gestures offer quick, discrete
input semantically mapped to selection or toggle commands [4,
24]. Finger Tap involves a brief contact between the thumb
and index finger, while Surface Tap is performed when the
index finger taps on a surface, often when the hand is partially
occupied. Together, these gestures cover a range of interaction
scenarios, supporting both hands-free and engaged use cases.

Targeting Gestures
• Swipe gestures leverage the natural movement of the thumb
along distinct anatomical surfaces [36]. For instance, radial
swipes can be performed by sliding the thumb along the curved
edge of the index finger, evoking the tactile sensation of turning
a physical knob. In contrast, the user may drag their thumb
along their palm as if scrolling on a touchscreen device for
vertical navigation. We refer to these as Swipe Left/Right (radial
swipes) and Swipe Up/Down (palm swipes).

• Pinch-and-Drag gestures are performed by pinching the
thumb and index finger together and dragging the hand
upward or downward. Like swipe gestures, pinch-and-drag can
be used to scroll through content or switch between screens. In
fact, this form of interaction is commonly used in VR systems
including the Meta Quest [28], HTC Vive [45], Microsoft
HoloLens 2 [30], and Apple Vision Pro [2] for scrolling or
repositioning.

We define gesture sets by pairing selection gestures with one or two
axes of directional input (targeting gestures), enabling interaction
with 1D and 2D interfaces, respectively. These gesture sets are
summarized in Table 2.

3.2 Sensing Principle
Microgestures are intricate movements that primarily rely on the
coordinated action of tendons in the hand, with minimal
involvement of the wrist and forearm muscles. The flexor and
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Table 2: The evaluated gesture sets for enabling 1D and 2D UI navigation.

Finger Tap Surface
Tap

Swipe
Left

Swipe
Right

Swipe
Up

Swipe
Down

Pinch-and-
Drag Up

Pinch-and-
Drag Down

Swipe-1D-X ✓ ✓ ✓ ✓ ✗ ✗ ✗ ✗

Swipe-1D-Y ✓ ✓ ✗ ✗ ✓ ✓ ✗ ✗

PinchDrag-1D ✓ ✓ ✗ ✗ ✗ ✗ ✓ ✓

Swipe-2D ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗

Hybrid-2D ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✓
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Figure 2: Illustrations of microgestures in the Hybrid-2D
gesture set, along with corresponding normalized 6-axis IMU
signals.

extensor tendons are responsible for bending and stretching the
fingers, respectively, to facilitate precise finger motions. For
example, radial swipes engage the extensor tendons along the back
of the hand to guide the thumb’s movement, while the flexor
tendons in the palm facilitate fine control over the fingers.
Although subtle, these microgestures generate mechanical forces
in the tendons that slightly displace the soft tissue at the wrist.

Wrist-worn IMUs, such as those embedded in smartwatches, are
capable of detecting these motions. As illustrated in Figure 2,
microgestures produce distinct patterns in accelerometer and
gyroscope data. However, the speed at which a gesture is
performed directly influences the strength of these patterns, with
slower movements generating lower-magnitude signals that are
more difficult to classify reliably. This effect is particularly
pronounced in swiping gestures, where the motion involves
minimal displacement and relies heavily on rapid thumb
movement for distinct inertial cues.

3.3 System Overview
Mudra employs the hierarchical approach illustrated in Figure 3.
First, the system detects and categorizes microgestures into the
broad categories listed in Section 3.1. It then disambiguates the
direction of targeting gestures (Swipe, Pinch-and-Drag). To enable
robust direction classification for swipes, Mudra only registers
intentful swipes when they are performed at a sufficient speed; in
other words, we use speed classification as a gating mechanism in
the system design after a swipe is recognized.

Mudra uses a common deep learning backbone that is trained
on publicly available IMU datasets to learn generalizable features
about microgestures. This backbone is later fine-tuned for most of
Mudra’s intermediate stages using additional data that we collected
in our research. The rest of this subsection describes the different
steps in this pipeline.

3.3.1 Data Processing. The raw input for Mudra consists of 6-axis
IMU data (3-axis accelerometer and 3-axis gyroscope). Although
data was originally collected at 200 Hz, we empirically found that
downsampling to 50 Hz maintained comparable performance while
reducing computational overhead. After downsampling, the data
is segmented into 2-second windows (stride = 250 ms), which are
then processed through a high-pass filter with a cutoff frequency of
0.2 Hz to remove low-frequency noise and the gravity vector from
the accelerometer data. Following this, a 3-sample median filter
is applied to reduce transient noise and artifacts. Finally, Mudra
separately normalizes the accelerometer and gyroscope data to
ensure consistent scaling across all axes. This results in a processed
input vector of dimensions 100×6.

3.3.2 Gesture Detection. Once the sensor data is processed, Mudra
first determines whether a gesture is present in a given window,
rejecting false activations from other general hand movements.
The gesture detector is implemented as a lightweight single-layer
convolutional neural network (CNN), optimized for low-latency
operation. The model architecture consists of a single convolutional
layer with 64 filters, followed by a fully connected layer with 128
units, and a final output layer with softmax activation to classify
the presence or absence of a gesture.

3.3.3 Hierarchical Gesture Classification. Gesture classification in
Mudra follows a hierarchical structure comprising four stages: (1)
gesture category classification, (2) pinch-and-drag direction
classification, (3) swipe speed classification, and (4) swipe direction
classification. Each stage is implemented using a modified
EfficientNet architecture [43], adapted for temporal modeling of
6-channel IMU data. While EfficientNet is originally designed for
2D image inputs, we introduce several modifications to better suit
subtle motion signals:
(1) We replace all 2D spatial convolutions with 1D temporal

convolutions, treating time as the primary dimension and
preserving correlations across IMU channels.

(2) We simplify the original MBConv blocks into residual
convolutional blocks consisting of two standard convolutional
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Figure 3: The hierarchical approach used by Mudra for microgesture recognition. The pipeline comprises five stages: (1) gesture
detection, (2) gesture category classification, (3) pinch-and-drag direction classification, (4) swipe speed classification, and (5)
swipe direction classification.
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Figure 4: The modified EfficientNet [43] architecture used by
Mudra for hierarchical gesture classification.

layers with batch normalization and ReLU activation. This
modification reduces architectural complexity and improves
stability when training on limited IMU data.

(3) While retaining the notion of compound scaling, we adapt it
to the temporal setting by scaling the number of filters and
network depth using parameters (𝛼 = 2.2, 𝛽 = 2.1, 𝛾 = 1.15),
rather than jointly scaling spatial resolution.
Figure 4 illustrates the resulting architecture of this model. It

begins with a 1D convolutional block, followed by a series of
residual blocks, where each block consists of two convolutional
layers with batch normalization and ReLU activation, allowing the
model to capture intricate temporal features from the IMU data.
The network progresses through three stages, each with increasing
filter sizes (64, 128, and 256) and appropriate strides to

downsample the feature maps, enhancing the model’s ability to
learn multi-scale patterns.

For feature aggregation, the model employs global average
pooling to reduce the dimensionality of the output from the
convolutional stages. This is followed by a fully connected layer
with 128 units, incorporating ReLU activation to integrate learned
features. The final output layer uses a softmax activation function
to perform classification. The model’s architecture ensures a
balance between complexity and generalizability, with a dropout
layer (𝑝 = 0.3) inserted after a subset of convolutional layers to
prevent overfitting. We train the described network with an Adam
optimizer (learning rate = 0.01) and cross-entropy loss.

3.3.4 Transfer Learning. To provide a solid backbone that can be
applied to various stages in Mudra’s hierarchical approach, we
employ transfer learning using SparseIMU [40], a publicly
available dataset designed for microgesture recognition using IMU
sensors. Although SparseIMU contains data from a glove
instrumented with multiple IMUs, we specifically use the sensor
data from the "handback position", which closely resembles the
placement of a smartwatch IMU. Furthermore, we select a subset
of relevant gesture classes from SparseIMU that exhibit the most
similar biomechanical characteristics to our gesture set: Static, Tap,
Thumb Flexion / Extension, and Thumb Abduction / Adduction.

For pre-training, we adapt our proposed model architecture by
modifying the softmax layer to match the number of selected
SparseIMU classes. The model is then trained on the SparseIMU
dataset. The encoder, consisting of all layers excluding the fully
connected layers, serves as the pre-trained feature extractor.
During downstream training on our microgesture dataset, we
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append task-specific fully connected layers to the pre-trained
encoder. Rather than freezing the encoder layers, we adopt a
fine-tuning strategy that allows the entire network to adapt to
task-specific patterns. This approach facilitates the extraction of
robust, transferable features.

3.3.5 Augmentation. To increase the dataset size and improve
model generalizability, we apply three time-series augmentation
methods tailored for gesture recognition [12]:
• Rotation (𝜃 ∈ [−45◦, 45◦]), which simulates different hand
orientations during gesture execution;

• Scaling (𝜆 ∈ [0.8, 1.2]), which simulates variations in gesture
strength; and

• Gaussian noise (𝜎 ∈ [0.01, 0.05]), which replicates sensor
noise and introduces randomness.

These augmentation techniques are applied randomly 10 times per
sample with uniform sampling, creating natural variations in the
data and enhancing the robustness of the model during training.

4 Study Design
We conducted a within-subjects study to collect wrist-worn IMU
data as people performed a range of microgestures with controlled
variations in direction and speed. The study protocol was approved
by the Research Ethics Board at the University of Toronto (#42879).

4.1 Participants
Thirty participants (17 males, 13 females) aged between 20 and 38
years (mean age = 25.3 ± 4.2) were recruited for this study. We
selected a diverse sample with varying wrist and hand sizes to
ensure a fair evaluation of our wrist-worn system. The average
wrist circumference among participants was 15.6 ± 1.4 cm, and the
mean hand length was 18.3 ± 1.2 cm. The study took one hour to
complete, and the participants were compensated $20 for their time
and contribution.

4.2 Procedure
The study was conducted in a controlled and quiet room. Data was
collected using a Google Pixel 2 smartwatch equipped with a
custom WearOS app for collecting sensor data. The app recorded
6-axis IMU data at a sampling rate of 200 Hz. Participants wore the
smartwatch on their right wrist as they completed four sessions of
data collection. Although they were seated during the sessions,
participants were free to change their posture and hand
orientation at any moment (e.g., moving their arms above or below
the desk, adjusting their seated position). After completing the
second session, participants were instructed to remove and re-wear
the smartwatch to simulate natural variations in device placement.

Participants completed three repetitions of every microgesture
during each session. Before performing the repetitions for a single
microgesture, participants were shown a video demonstrating the
target action. After a 3-second countdown, three beeps were
played at 2-second intervals to serve as timing cues and markers
for segmenting the recorded data.

For targeting gestures, execution speed can influence how they
are captured in IMU signals.While pinch-and-drag gestures produce
stronger inertial signatures due to hand translation, swipes involve
more subtle thumb motions and are therefore more sensitive to

speed. To investigate the effect of speed on swipe recognition and
direction classification, we asked participants to complete additional
trials for all four swipes (left, right, up, and down) at different speeds
in each of the four sessions. We controlled swipe speed by adjusting
the gesture completion interval to 0.5 seconds for fast swipes and
1.5 seconds for slow swipes. The default 2-second interval remained
as a timing cue between repetitions, but participants were instructed
to use the shortened intervals for gesture completion.

To mitigate potential learning or order effects, we
counterbalanced the presentation order of swipe directions, speeds,
and other microgestures across participants and data collection
sessions. Finally, to evaluate false positive rates and improve
gesture detection robustness, we recorded an additional
five-minute session of natural hand movements per participant,
including activities such as typing, writing, trackpad manipulation,
and free-form gestures.

4.3 Data Annotation
Following data collection, we reviewed the resulting dataset to
ensure accurate segmentation and annotation. A custom data
labeling tool was used to refine the initial timestamps and labels in
light of delays between the presentation of gesture stimuli and
participants’ actual execution of microgestures. After excluding
segments affected by imprecise performance or recording failures,
the final dataset comprised 3,630 samples for analysis.

5 Results
In this section, we first present evidence supporting our proposed
model architecture as Mudra’s backbone. We then evaluate each
component of Mudra’s hierarchical pipeline to quantify
task-specific performance, analyze sources of error, and motivate
the use of swiping speed as a gating mechanism for direction
classification. Finally, we combine these components to assess
Mudra ’s end-to-end classification performance across the five
gesture sets introduced in Section 3.1 (Swipe-1D-X, Swipe-1D-Y,
PinchDrag-1D, Swipe-2D, Hybrid-2D). All of our models were
evaluated on segmented windows of IMU data and implemented in
Python using Keras1 with default values unless otherwise
specified.

5.1 Model Selection
We compare our proposed model architecture against multiple
deep learning models in the context of gesture category
classification. Each model was trained to distinguish between
Finger Tap, Surface Tap, Swipe, and Pinch-and-Drag; the latter two
categories included all speed and direction variations as these
attributes are disambiguated in subsequent stages of the pipeline.
All models used the same 100×6 IMU data input, but with the
following hyperparameters:
• 1D-CNN: Number of convolutional layers = 3, number of filters
for each layer = [64, 128, 256]

• Gated Recurrent Units (GRU): Number of GRU layers = 2,
number of filters for each layer = [64, 128]

• Bidirectional LSTM: Number of Bi-LSTM layers = 2, number
of filters for each layer = [64, 128].

1https://keras.io/

https://keras.io/
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Table 3: The comparison of Mudra’s modified EfficientNet
backbone against other models in classifying four gesture
categories: Finger Tap, Surface Tap, Swipe, and Pinch-and-
Drag. Allmodelswere evaluated using 5-fold cross-validation.
Performance is reported as means and standard deviations
across participants.

Model Accuracy F1 Score

1D CNN 0.84 ± 0.02 0.82 ± 0.02

GRU 0.85 ± 0.01 0.83 ± 0.01

Bi-LSTM 0.79 ± 0.01 0.76 ± 0.02

CNN-LSTM 0.83 ± 0.00 0.81 ± 0.01

Inception-ResNet 0.84 ± 0.02 0.82 ± 0.02

Transformer 0.76 ± 0.02 0.72 ± 0.01

EfficientNet 0.86 ± 0.02 0.84 ± 0.03

Mudra 0.87 ± 0.01 0.85 ± 0.01

Mudra (w/
Transfer Learning)

0.92 ± 0.05 0.87 ± 0.04

• CNN-LSTM: Number of convolutional layers = 2, number of
filters for each layer = [64, 128], number of LSTM layers = 1,
number of filters for the LSTM layer = 64

• Adapted Inception-ResNet [42]: Number of inception
modules = 4, number of filters for inception modules = 64

• Transformer: Number of layers = 2, number of heads = 6,
feed-forward units = 256

• Modified EfficientNet (Mudra) [43]: 𝜙 = 1.0, 𝛼 = 1.2, 𝛽 = 1.1,
𝛾 = 1.15, number of convolutional layers = 3, number of filters
for each layer = width × [32, 64, 128]

We trained all architectures from scratch using five-fold
cross-validation and applied data augmentation to improve
robustness and generalization.

Table 3 reports the accuracy and F1 scores of all the
architectures. Our proposed model outperformed all baselines,
achieving an accuracy of 0.87 ± 0.01 and an F1 score of 0.85 ± 0.01.
Pre-training on the SparseIMU dataset [40] further increased
accuracy and F1 score to 0.92 ± 0.05 and 0.87 ± 0.04, respectively.
Thus, all subsequent experiments use this pre-trained model for
evaluation.

5.2 Hierarchical Pipeline Evaluation
Next, we evaluated Mudra’s performance across different
components of its hierarchical pipeline. All models were trained
using leave-one-subject-out cross-validation.

5.2.1 Gesture Detection and Category Classification. Mudra was
able to differentiate gestures from periods of no movement or
other non-gesture movements with a cross-user accuracy and F1
score of 0.95 ± 0.03 and 0.93 ± 0.04, respectively. For classifying
the four gesture categories, the average accuracy and F1-score
across all users were 0.93 ± 0.04 and 0.89 ± 0.06, respectively. The
slight improvement in performance compared to the 5-fold
cross-validation results can be attributed to the increased amount

Table 4: Mudra’s ability to discriminate between different
directions of the same targeting microgesture. All models
were evaluated using leave-one-subject-out cross-validation.
Performance is reported as means and standard deviations
across participants.

Swipe
Speed

Swipe Up /
Down

Swipe Left /
Right

All 4 Swipes

All 0.75 ± 0.08 0.75 ± 0.09 0.49 ± 0.08

Slow 0.71 ± 0.11 0.75 ± 0.10 0.45 ± 0.09

Fast 0.88 ± 0.09 0.89 ± 0.10 0.61 ± 0.12

of training data, demonstrating the model’s ability to perform
reliably across new users.

5.2.2 Gesture Direction Classification. Next, we evaluated the
performance of direction classification for both the targeting
gestures: Pinch-and-Drag and Swipe. Although both gestures
exhibit natural variation in execution speed, swipes are inherently
more subtle and often generate weaker inertial signals, particularly
when performed slowly, leading to increased ambiguity in
direction classification. To investigate this effect, we stratified
swipe direction classifiers by speed.

Mudra achieved an average accuracy of 0.96 ± 0.07 in
distinguishing Pinch-and-Drag Up / Down, while the results for
swipe direction classification, stratified by speed, are summarized
in Table 4. Unsurprisingly, distinguishing between four swipe
directions proved more challenging than binary classification. The
confusion matrix for fast swipes shown in Figure 5 illustrates that
the most commonly confused class pairs are Swipe Left / Down
and Swipe Right / Up. This can be attributed to the similarity in
wrist motion produced by these pairs of gestures. Swipe Right and
Swipe Up, performed against the palm, start with an extended
thumb that bends, resulting in similar flexor tendon motion. In
contrast, Swipe Left and Swipe Down produce similar extensor
tendon motions as the thumb straightens toward the end of the
gesture. Binary swipe models performed comparably for swipes
executed along the index finger and across the palm.

Regardless of the number of directions included in the model,
swiping speed had a significant impact on performance.
Incorporating slower swipes decreased the accuracy of the
two-class models by approximately 15% and the accuracy of the
four-class model by approximately 20%. When we assumed that
slow swipes had been filtered out, Mudra was able to discriminate
between Swipe Left and Right with an accuracy of 0.89 ± 0.10,
Swipe Up and Down with an accuracy of 0.88 ± 0.09, and all four
directions with an accuracy of 0.61 ± 0.12.

5.2.3 Swipe Speed Classification. The results from the previous
experiment support the inclusion of a gating mechanism that
restricts swipe direction classification to swipes with sufficient
speed. To enable this, we trained a binary classifier to distinguish
between fast and slow swipes, achieving accuracies of 0.88 ± 0.10
for Swipe Left / Right, 0.90 ± 0.08 for Swipe Up / Down, and 0.86 ±
0.08 when evaluated across all four directions.
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Figure 5: Confusion matrix showing Mudra’s performance
in classifying all four swipe directions. The model was
evaluated using leave-one-subject-out cross-validation.

Table 5: Mudra’s ability to support different gesture sets. All
models were evaluated using leave-one-subject-out cross-
validation. Performance is reported as means and standard
deviations across participants.

Gesture
Set

Accuracy F1
Score

Precision Recall False
Positive
Rate

Swipe-
1D-X

0.86 ±
0.07

0.86 ±
0.07

0.87 ±
0.07

0.86 ±
0.07

0.03 ±
0.03

Swipe-
1D-Y

0.85 ±
0.07

0.85 ±
0.08

0.87 ±
0.08

0.85 ±
0.08

0.02 ±
0.02

PinchDrag-
1D

0.93 ±
0.06

0.93 ±
0.06

0.95 ±
0.05

0.94 ±
0.06

0.02 ±
0.02

Swipe-
2D

0.64 ±
0.09

0.63 ±
0.10

0.65 ±
0.12

0.64 ±
0.10

0.04 ±
0.03

Hybrid-
2D

0.86 ±
0.07

0.85 ±
0.07

0.88 ±
0.07

0.86 ±
0.07

0.04 ±
0.03

5.3 Overall System Performance
So far, we have evaluated the performance of individual
components of Mudra. In the complete system, however, the
accuracy of one stage depends on the performance of the previous
ones. Therefore, we conclude our evaluation by assessing Mudra’s
end-to-end classification performance across the different gesture
sets using leave-one-subject-out cross-validation. Similar to prior
work on microgesture sensing [3, 7, 18, 50], we estimate false
positive rates using the separate session of non-gesture activity
data we collected from each participant.

Table 5 summarizes the end-to-end classification performance
across the different gesture sets supported by Mudra, while the
confusion matrices for the best-performing 1D and 2D gesture sets
are illustrated in Figure 6. Among the three 1D navigation gesture
sets, Swipe-1D-X and Swipe-1D-Y performed comparably,
yielding F1 scores of 0.86 ± 0.07 and 0.85 ± 0.08, respectively.

PinchDrag-1D achieved a higher F1 score of 0.93 ± 0.06, likely
due to the more pronounced and consistent inertial signatures
produced by hand translation during the pinch-and-drag gesture.
The two 2D navigation sets, Swipe-2D andHybrid-2D, showed
more divergent results. Swipe-2D achieved an F1 score of 0.63 ±
0.10, with the primary challenge arising from the difficulty of
distinguishing all four swipe directions within a single
classification task.Hybrid-2D, on the other hand, simplified the
classification problem by relying on two separate microgesture
categories for different directional inputs, resulting in a
substantially improved F1 score of 0.85 ± 0.07. The observed false
positive rates were low across all gesture sets (<0.05) and were
comparable to prior studies, including 0.02 for VibAware [18] and
0.04 for AO-Finger [50].

6 Discussion
In this section, we first summarize the key findings of this work and
its implications for application design. We then elaborate on the
applications and scenarios that would most benefit from a system
like Mudra. Finally, we identify some limitations of our work that
currently limit its practical adoption, highlighting opportunities for
future exploration.

6.1 Key Findings
Our work focused on fundamental microgestures, such as Finger
Tap and Swipe, that can facilitate a wide range of interactions akin
to touchscreen input. We also considered additional microgestures,
Surface Tap and Pinch-and-Drag, that complement the
functionality of these gestures. Building on these four gestures, we
evaluated five candidate gesture sets designed for 1D and 2D UI
navigation, uncovering important design trade-offs between
gesture complexity, directional coverage, and classification
accuracy. Beyond achieving high performance in microgesture
classification, our analysis highlights Mudra’s ability to accurately
characterize modifiers for swiping gestures, including their
direction and speed. These modifiers represent an important step
towards enabling seamless, continuous interactions.

For 1D navigation, the three evaluated sets — Swipe-1D-X,
Swipe-1D-Y and PinchDrag-1D — performed reliably, with
PinchDrag-1D achieving the highest performance due to the
stronger inertial signatures generated by hand translation. For 2D
navigation, however, we observed a clear distinction between
Swipe-2D and Hybrid-2D. While Swipe-2D supported four-way
directional control using only swipe gestures, it resulted in lower
overall performance due to confusion between directions. In
contrast, Hybrid-2D achieved substantially better accuracy by
leveraging two distinct microgesture categories — swipes and
pinch-and-drags — along orthogonal axes, suggesting that
incorporating multiple gesture categories can improve reliability
for multidimensional interfaces. Further, the leave-one-subject-out
results for all the experiments suggest that Mudra can generalize
across users without requiring explicit per-user calibration,
making it suitable for out-of-the-box use.

Beyond classification accuracy, we explored direction and speed
as two modifiers for swiping gestures. Consistent with prior work,
we found that direction classification degrades for slower swipes,
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(a) PinchDrag-1D (b) Hybrid-2D

Figure 6: Confusion matrices for the best-performing 1D and 2D UI navigation gesture sets. Both models were evaluated using
leave-one-subject-out cross-validation.

motivating our design choice to prioritize swipes performed at
moderate speeds for reliable directional input. While Mudra does
not explicitly use speed as a control parameter, our findings suggest
that swipe speed could serve as a useful signal for modulating
interaction in future systems, potentially supporting rate-based
control where faster swipes correspond to faster navigation. Across
all experiments, the leave-one-subject-out results further indicate
that Mudra generalizes well to unseen users without requiring
explicit person-specific calibration.

6.2 Potential Applications
Although gestures can be used in all sorts of environments,
microgestures are particularly well-suited for scenarios that
require sustained or discreet use. We describe a few of these
applications below.

6.2.1 Extended Reality Control. Physical controllers have largely
been acceptable for virtual reality (VR) systems because they are
used in dedicated spaces with minimal interruption. With
augmented reality (AR) and smartglasses, controllers go against
the goal of having systems seamlessly integrate with the user’s
surroundings because they occupy the user’s hands. Innovations in
visual hand tracking have made it possible for users to control
interfaces with natural mid-air gestures like pointing and
grabbing [19, 41], but to use these techniques in any XR system,
users must hold their hands in front of an outward-facing camera
from the headset. This can lead to a form of fatigue known as
"gorilla arm" [10] that precludes long-term interactions as well as
requires headsets instrumented with cameras to capture hand
motion. Microgestures sensed by a smartwatch can alleviate this
problem by allowing people to keep their hands to their sides as
they make subtle, socially acceptable gestures to control mobile
AR. The interfaces for AR applications also tend to be simple [16],
requiring selection and targeting primitives to navigate. From
Mudra’s gesture set, Finger Tap and Surface Tap interactions could
be used for selection, while Pinch-and-Drag or Swipe interactions
could enable scrolling.

6.2.2 Dual-Device Interactions. Within the human-computer
interaction community, researchers have proposed various
taxonomies for dual-device interactions. For example, Chen et al.
[7] proposed various ways that a smartwatch and a smartphone
could serve different roles in a shared application. One of the
paradigms they proposed was having the smartphone serve as the
primary interface while having the smartwatch be used as a tool
palette. By relegating the tool palette to a separate device, users
would not need to sacrifice screen space or remove themselves
from the primary interface altogether to switch functions. While
Chen et al.’s work sought to leverage both the visual and tactile
affordances of smartphones and smartwatches, microgestures
detected from a smartwatch using Mudra could still be used to
take over secondary functions from a smartphone. A follow-up
study by Kubo et al. [20] proposed that dual-device interactions
could even be made context-aware by sensing users’ grip and arm
posture. For instance, they proposed different allocations of
functionality depending on whether the user’s smartwatch is at
their side or raised in front of their body, and Mudra could be used
to a similar effect.

6.2.3 Encumbrance. Beyond dual-device interactions, there are
many situations when users only have one hand free to interact
with a single device. Carrying groceries or a handbag while
interacting with a smartphone creates a temporary situational
impairment [33, 37] when people must use the same hand to both
secure and touch the screen. In these situations, Mudra could help
by precluding the need for holding the device itself, rendering
similar benefits as touch-sensitive wireless earbuds but without the
need to raise one’s hand to their ear. Sharma et al. [38, 39] explored
different scenarios of encumbrance when individuals are interested
in performing gestures while holding everyday objects ranging
from cups and plates to pencils and papers. Although it is difficult
to perform large mid-air gestures in these scenarios, they identified
many opportunities for small microgestures that only required the
thumb, index, or middle finger. Mudra could support many of these
scenarios provided that the user is still able to grasp the object.
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6.3 Limitations
The unique advantages of the gestures recognized by Mudra
suggest its potential for large-scale use, yet several factors
currently limit its scalability. First, Mudra relies on IMU signals, so
motions from daily activities like walking and exercise generate
artifacts that can distort the signal. A structured dataset collected
from mobile scenarios, together with modeling that either
accounts for confounding movements or conditions inference
upon them, could mitigate this issue. Incorporating additional
modalities like PPG could also enhance robustness in dynamic
environments. Many commercial smartwatches (e.g., Apple Watch,
Samsung Galaxy Watch) use PPG to detect a limited set of
macrogestures, but we found it to be less effective for microgesture
detection during our initial testing, possibly due to its low
sampling rate. Future work could investigate high-resolution PPG
signals to facilitate multimodal microgesture detection.

Another factor related to Mudra’s scalability is its ability to
operate in various environments and scenarios. One unique
advantage of microgestures is their ability to facilitate interactions
in scenarios where users are otherwise compromised. This
includes situations such as when users are holding objects,
mentally occupied with tasks, or performing activities like
washing utensils. To fully leverage this advantage and enhance the
robustness of Mudra, a more extensive evaluation across diverse
contexts is required. Recent advancements in model
personalization [51] present promising alternatives to traditional
methods by enabling effective personalization with just a few
examples, thus reducing the need for extensive calibration and
potentially enhancing model performance. We believe that
integrating such techniques could further improve Mudra’s
generalizability and performance, leading to better microgesture
classification across diverse users and contexts.

7 Conclusion
In conclusion, our work demonstrates that Mudra can accurately
detect and classify microgestures with variation in their speed and
direction. These affordances, typically achieved using custom
hardware designed for fine-grained motion detection, were
successfully validated using motion sensors available on
commodity smartwatches. By leveraging this existing platform,
Mudra provides a step toward enabling the millions of users who
already own a smartwatch device to have microgesture control
right at their fingertips.
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