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Fig. 1. Swift transforms the back of the hand into a handwriting pad to support heads-up text entry, such as in AR/VR/MR.

Smartwatches remain constrained by small touchscreens. To enable expressive text input without extra hardware, we introduce
Swift, an on-skin writing technique that treats the back of the hand as a passive handwriting pad to capture handwritten
English letters and gestures with an unmodified commercial smartwatch. The core design rationale is that Swift measures
high-frequency finger-on-skin friction acoustics and complements them with active ultrasonic probing to better recognize
characters with similar stroke trajectories. A lightweight cross-attention fusion model is designed to reliably integrate the
two modalities, while robustness is ensured via various augmentation techniques. Across an offline technical evaluation in lab
and everyday environments (N=22), Swift achieves a macro F1-score of 0.91 after leave-one-subject-out training and few-shot
personalization. A real-time deployment study (N=8) demonstrates phrase composition on the watch with users reporting the
system as learnable and engaging. A Wizard-of-Oz comparison study (N=8) further indicates users generally prefer Swift over
touchscreen handwriting, with preference increasing for more demanding scenarios such as heads-up text entry.
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1 INTRODUCTION
Smartwatches have moved from simple accessories to mainstream personal computing companions. Their always-
on sensing capability, displays, and tight integration with notification ecosystems have made them a primary
endpoint for lightweight interactions such as quick messaging, health tracking, and voice assistance. Despite
increasingly powerful processors and richer application ecosystems, smartwatch input remains fundamentally
constrained. Their small screen form factor and on-the-go usage contexts limit how users can comfortably
author text beyond brief canned responses. Consequently, enabling easy-to-use and expressive text input on
smartwatches, without encumbering the user with extra hardware, remains an open problem in human–computer
interaction.
Current smartwatch text-entry techniques primarily rely on two standard modalities: voice-based dictation

and screen-based interaction. Voice dictation [1, 3, 4], including specialized whisper-mode techniques [21, 34], is
widely considered a de facto input method due to its convenience and low physical demand. However, screen-
based alternatives remain indispensable in scenarios where audible or semi-audible vocalizations are unsuitable,
such as meetings, classrooms, or shared living spaces. Despite their necessity, current on-screen keyboards and
handwriting techniques are constrained by the limited size of the touch screen. This leads to the well-documented
‘fat finger’ problem [31, 50, 61], characterized by visual occlusion during the input process.

In response to this constraint, prior research has explored extending the input space beyond the watch itself to
nearby body or environmental surfaces. The skin on our bodies, in particular, has been designed to serve as a
ubiquitous, always-available input canvas with natural tactile feedback [11–13, 15, 32, 39, 43, 58, 73, 74, 77]. These
works leverage skin deformation, vibration, or the skin’s electrical properties to detect touch gestures performed
on the skin. The usability and acceptability of this new skin-as-touchpad metaphor have been confirmed by
previous studies [15, 39, 58]. Therefore, if the back of the hand can be conceptualized as a passive handwriting
pad for smartwatches, supported by Weigel et al. [58], this extended interaction space would give the user much
greater space to compose text, solving the fat-finger problem. Also, the tactile feedback provided by the skin can
further support heads-up interaction in XR scenarios, as previous works show that cutaneous tactile cues and
body-based proprioception can support complex, immersive interaction by reducing sensory conflicts [6, 25, 69].
For example, when using AR glasses, the screen may display a notification from a friend. To send a brief reply, the
user can simply compose phrases on the back of their hand without needing to look down, thereby maintaining
continuous visual engagement with the virtual content. An illustrative use case of this design is shown in Figure 1.
However, although this hand-back input metaphor is intriguing, existing methods either require additional

sensing hardware or support only limited on-skin gestures, and none support full-alphabet text entry with
unmodified watches, thereby limiting deployability on today’s commercial devices. To bridge this gap, we
leverage the core insight that finger-on-skin writing produces rich friction-induced acoustic signatures whose
patterns vary across letters. These distinct acoustic features can be captured by a smartwatch’s built-in microphone
to enable handwriting recognition. Crucially, these friction sounds include high-frequency components extending
into the near-ultrasonic range, portions less affected by typical ambient human speech and environmental noise,
creating an opportunity for more robust sensing. Based on this idea, we introduce Swift, a novel on-skin writing
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system for text input that recognizes all 26 lowercase English letters plus two slide gestures written directly on
the hand back using a commercial smartwatch (Figure 1).

Realizing the above idea raises three key technical challenges. First, many letters have similar stroke trajectories
(e.g., c vs. o and i vs. j), making passive friction sounds alone ambiguous. Swift therefore combines passive friction
sensing with active ultrasonic probing: the watch speaker emits an inaudible carrier, and finger motion induces
Doppler shifts captured by the microphone, which complement the friction cues. Second, reliably integrating these
complementary cues is critical. To address this, we design Swift with a lightweight, cross-attention-based modality
fusion network to achieve a holistic fusion. Third, user-dependent handwriting styles and variable environmental
noise introduce substantial intra-class variability and robustness issues, compromising the system’s practical
use. To address this issue, we utilize extensive data augmentation techniques. We employ the mixup and CutMix
sample interpolation strategies [71, 76] to encourage smoother decision boundaries across handwriting style
variants, and time–frequency random masking strategies [45, 67] to combat local signal variations. Additionally,
we augment the dataset with noise samples from open-source daily environment audio datasets [46, 53] to
enhance the model against real-world acoustic interference. Finally, we incorporate a lightweight personalization
phase with only a few user-specific exemplars per class to adapt the base model to each individual user, balancing
population-level generality with personalized accuracy.
With these components, Swift supports on-skin handwriting recognition of 28 characters (26 English letters

plus right- and left-slide gestures for space and backspace) on a commercial smartwatch, requiring no hardware
modification. We evaluate Swift through one technical study and two user studies. First, an offline technical
evaluation (N=22) is conducted in a controlled laboratory setting and several everyday environments, where Swift
achieves an overall F1-score of 0.91, evaluated with leave-one-subject-out (LOSO) training followed by few-shot
personalization. Second, a real-time deployment study (N=8) integrates Swift into an interactive text-entry
application, enabling participants to compose phrases via on-skin writing. Results indicate that the system is
learnable and engaging, and qualitative feedback highlights opportunities to improve future on-skin handwriting
experiences. Based on these encouraging results, we explore scenarios beyond basic letter entry—such as word-
level input and heads-up text entry. To examine user preferences in these higher-demand settings while relaxing
current implementation constraints, we conduct a Wizard-of-Oz study (N=8) comparing Swift with conventional
touchscreen-based handwriting on smartwatches. Participants generally preferred Swift for letter-by-letter input,
and this preference increased substantially for word-level and heads-up input, suggesting that Swift’s larger,
continuous on-skin canvas and fluid workflow provide clearer benefits as text complexity and situational demands
increase. We summarize the contributions of this work as follows:

• A new interaction technique that, to the best of our knowledge, is the first to recognize full-alphabet
on-skin handwriting (26 letters + control gestures) using only an unmodified commodity smartwatch.

• A sensing and modeling pipeline that reliably fuses passive friction acoustics with active ultrasonic
Doppler cues, coupled with robustness techniques (mixup and CutMix, random masking, noise augmenta-
tion, and few-shot personalization) to address inter-letter similarity, user variability, and ambient noise.

• A multi-study evaluation comprising a technical validation, a real-time deployment study, and a Wizard-
of-Oz study, demonstrating (a) high offline recognition performance, (b) practical usability and positive
user reception with design insights for future on-skin handwriting workflows, and (c) stronger perceived
benefits over touchscreen-based handwriting in more demanding text entry scenarios.

2 RELATED WORK
In this section, we review related literature. First, in the application domain, we review the works that design
new interaction methods with smartwatches. Second, in the technical domain, we review the techniques that
enable interaction with wearables using acoustics.
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2.1 Interacting with Smartwatches
Research on smartwatch interaction has explored extending input beyond the small touchscreen. One direction is
to enable gesture recognition on or around the device. To further overcome the screen size limitations, other
studies have investigated on-skin gesture recognition.
On/around the watch interaction. There is a line of work that studies optimizing the existing on-screen

input methodology using assistive software or hardware. For example, WatchWriter [19] uses advanced decoding
algorithms to recognize screen tapping, and WrisText [18], which introduces a novel interaction metaphor by
using joystick-like wrist rotations for character selection. Although these methods have proven more effective
than traditional screen input, these designs are still constrained by their inherently small form factor. Beyond the
conventional touchscreen, research on gesture recognition around the device has evolved. A significant body
of work explores acoustic sensing [31, 42, 56, 70, 75, 80], where these systems transform the smartwatch into
an active sonar system that transmits inaudible signals and tracks finger movements via returning echoes or
probes. Further, WatchHand [30] extends this idea to build a continuous hand pose tracker on smartwatches.
Concurrently, a major research thrust focuses on motion-based recognition using built-in inertial sensors. This
includes systems for 3D air-writing recognition [5, 68] and finger or hand gesture recognition [59, 65]. In addition,
MagSkin [78] designs a soft magnetic skin that can be worn on a user’s fingers to support around-the-device
interaction using the built-in magnetometer. The above works successfully bypass the screen-size restriction by
extending the interaction space into the air. Swift is different from these works in that instead of focusing on
gestures in the air, we extend the interaction space to the skin.
On-skin interaction. In parallel with the around-the-device interaction research, another line of research

targets using the human skin as a ubiquitous, always-available input canvas with natural tactile feedback. This new
skin-as-touchpad metaphor has been shown to be highly usable and acceptable in more demanding interaction
scenarios, such as eyes-up interaction in VR/AR/MR applications [6, 25, 69]. ViType [13] and Taprint [12] use
wearable sensors to turn the hand into a virtual keyboard. ViType employs vibration sensing through piezoelectric
sensors to recognize keystrokes on the user’s hand surface. Taprint further implements a virtual numeric keypad
using knuckles as landmarks and leverages tapping vibrometry for secure biometric authentication. Moving
beyond discrete key input, HandPad [39] utilizes capacitive sensing to detect writing gestures directly on the
hand, effectively making the skin a touch-sensitive surface. Similarly, SkinTrack [77] enables continuous gesture
tracking on the skin by employing high-frequency AC signals for precise motion detection, and Fang et al. [15]
design a skin-worn flexible sensor to accept touch gestures for eyes-up interaction scenarios. In a different
approach, FineType [32] combines IMU and infrared camera data to recognize text entry through finger tapping
gestures on any flat surface. SoundScroll [28] demonstrates that wrist-worn in-air and on-skin microphones are
capable of recognizing finger sliding gestures to support eyes-free interaction. Although the above works show
strong potential in using the skin to accept interaction gestures, they all require additional sensing hardware.
Closest to our work, iPand [11] turns the back of the hand into a gesture surface using the unmodified smartwatch
microphone. It shows that weak skin-friction acoustics are sufficient for recognizing gestures such as swipes and
pinches. Our work builds on this insight but targets the much more complex full-alphabet handwriting, which
involves recognizing more delicate and ambiguous finger strokes, as detailed in Section 3.

2.2 Acoustic Techniques in Wearable Interaction
The core technique of this work is to use different acoustic modalities to capture the writing trajectory, as we
will discuss in the following sections. Therefore, here we also review the interaction techniques enabled by
acoustic-based methods. We group the reviewed works into three categories: passive and active acoustics, and
the integration of acoustics with other modalities.
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Passive acoustics. TapSense [22] and Lopes et al. [36] recognize input objects by segmenting and classifying the
sounds generated from the objects. The principle of using surfaces for input is advanced by UbiTap and S-UbiTap
[10, 29], which employ sound and the physical phenomenon of dispersion to turn solid surfaces into a touch input
space. Similarly, Toffee [62] extends touch interaction beyond a mobile device’s screen onto adjacent surfaces
like tabletops using acoustic arrival time analysis. Acustico [17] also adopts this form of analysis, incorporating
both surface and sound waves to improve performance. Other surface-based sensing includes Braun et al. [9],
whose system uses an attached acoustic sensor to detect various surface interactions. SAWSense [23] repurposes
a voice pick-up unit to capture surface acoustic waves generated by objects for interaction recognition. Ubik
[55] localizes keystrokes on a mobile device by analyzing multipath fading with dual microphones. SoundScroll
[28] and FingerBar [79] design finger-sliding interfaces by leveraging vibrations from friction. Beyond surfaces,
passive acoustic sensing is applied to bio-sensing and bodily gestures. EarSense [47] demonstrates the feasibility
of localizing teeth gestures by analyzing their acoustic signatures.

Active acoustics. Active acoustic sensing systems function by emitting a known audio signal and analyzing
its reflections to track movement. Works [42, 56, 70, 75, 80] discussed in the previous section all fall into this
category. To enhance the generalizability of finger-tracking, MagicInput [44] uses an acoustic-based 1D finger
tracking algorithm aided by a novel data augmentation method applied to the MNIST dataset. For robust hand
tracking, RobuCIR and UltraGesture [35, 57] introduce a method that uses acoustic reflections for robust hand
gesture recognition on mobile devices. Beyond finger and hand tracking, this principle is also applied to facial
monitoring. Works [26, 33, 51] emit acoustic signals on an earable device towards the face or outward to track
facial expressions or hand-face interaction, while works [52, 64] adopt a similar approach on eyewear.
Combining acoustics with other modalities. Research has explored fusing acoustic sensing with other

modalities to achieve more robust interaction. SurfaceLink [16] enables gesture-based control for device associa-
tion and information transfer across a shared surface by a combination of on-device accelerometers, vibration
motors, speakers, and microphones for sensing. FingerSound [74] facilitates eyes-free interaction by recognizing
unistroke thumb gestures through a thumb-worn ring that integrates a contact microphone with a gyroscope sen-
sor. Further advancing this fusion, AO-Finger [66] proposes a hands-free, fine-grained finger gesture recognition
system based on acoustic-opticsensor fusing, implemented via a wristband equipped with a modified stethoscope
microphone and two high-speed optical motion sensors.

3 RATIONALE AND PRELIMINARIES
In this section, we introduce the rationale for using the two feature modalities extracted from the smartwatch
acoustics of an unmodified smartwatch to recognize on-skin handwriting. We will also present a preliminary
study to verify the significance of combining complementary writing friction sounds and hand-induced Doppler
shift in this task.

3.1 Finger Friction and Hand Motion in Handwriting
When writing letters on the skin, different stroke sequences will generate distinctive rhythmic sound patterns.
For example, writing the letter c produces a clear stroke sound, and writing the letter y induces a rather complex
sound of a series of strokes (first row in Figure 2(a)). Therefore, these sound patterns can be leveraged to infer the
handwritten letters. In addition to rhythmic sound patterns, writing letters involves unique hand motions as well.
For example, writing the letter e involves the hand moving along an arc, while writing the letter x involves mostly
straight lines. Because modern smartwatches are usually equipped with speaker-microphone pairs, acoustic
ranging methods [42, 56, 70] can be leveraged to probe hand motions and, therefore, predict handwriting letters
(second row in Figure 2(a)).
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Fig. 2. Combining friction sounds and Doppler shift for handwriting recognition. (a) Friction sounds and the Doppler shift in
handwriting English letters. (b) The t-SNE visualization of features extracted from the friction sound, the Doppler shift, and
the combination of these two (letters are color-coded).

(a) Letters i and j (b) Letters g and q (c) Letters o and s

Toward

Hover

Toward

(d) A false positive and a slide-left

Fig. 3. Feature ambiguity in recognizing handwriting letters and gestures. (a-b) Some letters share similar stroke rhythms
but differ in contour. As a result, these letters will generate very similar friction sounds but different Doppler features. (c-d)
Some letters and gestures may involve hand motion contours that resemble but differ in stroke strength and hand hovering
patterns. Therefore, these letters and gestures will induce similar Doppler features but different friction patterns.

3.2 Combating Letter Ambiguity with Integrated Features
Although both the friction sounds and hand motions show good potential in supporting handwriting recognition,
and previous works have separately demonstrated their feasibility in recognizing hand gestures [28, 42, 55, 70, 74],
they fall short in predicting English letters. This is because certain letters share very similar stroke rhythms and
contours in writing, which makes them hard to distinguish with a single sensing modality.

Figure 3 presents a case study of such examples. For letter pairs such as i vs j and g vs q, they all have similar
stroke onset and offset patterns and share articulation cues. Therefore, it is hard to distinguish them solely from
their friction sounds. However, for these two pairs, the Doppler shift caused by the stroke contour can well
complement the friction feature. For letters i and q, the tail lift after the main stroke goes rightward, while the
tail lift of letters j and g is leftward. This will result in opposite Doppler frequency shifts in the Doppler domain.
Other examples of letter pairs of similar friction rhythm but different Doppler features include b vs h and v vs r.

Conversely, letters such as o and s can trace trajectories that, from the watch’s perspective, move toward, away
from, and then toward the device in a similar sequence. This produces comparable Doppler signatures despite
clear acoustic differences in contact texture and articulation strength. Here, friction sounds help: they capture
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Fig. 4. Swift is designed to run on an unmodified smartwatch. (a) It collects the friction sounds and the ultrasonic probes
reflected by the moving hands. (b) A signal processing pipeline is applied to extract the friction and Doppler spectrograms.
(c) A deep-learning model is applied to predict the handwriting letters and gestures.

high-frequency surface textures, stroke-pressure variations, and onset/offset “timbre,” which differ between a
smooth loop (o) and a segmented, curvature-varying path (s). Other examples include e vs t (if the horizontal stick
comes first) and q vs a. In addition, using the Doppler shift alone is prone to false positives as it characterizes
hand motions, regardless of whether the user is writing or not. For example, in Figure 3(d), a hand hovering
across the watch from the right will generate almost an identical Doppler shift as the slide-left gesture, but only
the slide-left gesture will induce friction sounds where the user actually writes on the skin.

To better understand the complementary information carried by these two feature modalities, we visualize the
features extracted from (i) the friction sound, (ii) the Doppler shift, and (iii) their combination with t-distributed
Stochastic Neighbor Embedding (t-SNE). The results are shown in Figure 2(b). The models used to extract features
are trained in Section 6.4, respectively. This result indicates that t-SNE embeddings from the fused features show
tighter, better-separated clusters than either friction-only or Doppler-only embeddings. We will also verify in
Section 6.4 that the combined feature modality significantly outperforms the use of either modality alone. With
this fusion rationale established, we next describe how Swift acquires, processes, and combines these signals on
an unmodified smartwatch for end-to-end handwriting recognition.

4 SYSTEM DESIGN
In this section, we present the system design of Swift. As discussed in Section 3, the system passively captures the
friction sounds from finger–skin contact and actively detects the Doppler shift from hand motions using ultrasonic
reflections to achieve a more robust handwriting representation. Therefore, we first program the smartwatch to
continuously emit an 18kHz ultrasonic probe while simultaneously recording both the probe reflections and the
friction sounds. Then, the system separates the ultrasonic probe from the friction sounds and derives the Doppler
spectrogram from the ultrasonic probe and the friction spectrogram from the remaining signal (Section 4.1).
These two spectrograms are subsequently fused and fed to a deep-learning model for predicting the handwritten
letter or gesture (Section 4.2). An overview of the design of Swift is shown in Figure 4.

4.1 Sound Processing
After receiving the audio recordings, Swift first applies a short-time Fourier transform (STFT) to compute the
spectrogram of the entire signal piece. At this stage, the derived spectrogram contains the 18kHz ultrasonic probe
and large environmental noises as shown in Figure 5. Next, Swift extracts the friction sound and processes the
ultrasonic probe separately. The parameters of the sound processing algorithms in this section are summarized
in Table 1.
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Table 1. Swift system parameters.

Friction sound processing Doppler shift processing

STFT CIC filter STFT

Window Hopping Cutoff Cutoff Delay Stages Window HoppingSe
c.
4.
1

20ms 10ms 10-22kHz <10Hz 2 4 200ms 10ms

Cross-attention fusion Encoding Classification

Projection Cross attention Gating ResBlock

Friction Doppler Head Dim W Layer 1 Layer 2 Layer 3
GRU MLP

Se
c.
4.
2

<56, 48> <40, 48> 4 48 <48, 1> <1, 4> <4, 16> <16, 64> 128 <128, 64,>

4.1.1 Passive Friction Sound Processing. Figure 5 shows the spectrogram of a subject writing “hello[space]chi"
on the skin. It is easy to observe that the spectral features of a letter form a cluster on the spectrogram, and
these features span from the audible band to the near-ultrasound band. Consequently, although the microphone
inevitably captures concurrent environmental noise, these noise components and the friction sounds are largely
separable in the frequency domain. In Swift, we crop the spectrogram and only keep the 10-17.8kHz and the
18.2-22kHz bands to discard the audible noise and to avoid the ultrasonic probe at 18kHz. In this paper, we refer
to the cropped spectrogram as the friction spectrogram. The friction spectrogram extracted from the audio in
Figure 5 is shown in the first row of Figure 6. The resulting spectrogram has 225 frequency bins. We downsample
it to 56 bins with a factor of four to reduce redundancy.

4.1.2 Active Doppler Shift Processing. Swift adopts the method discussed in [56] to process the ultrasonic probe.
Specifically, we apply a quadrature demodulation with a Cascaded Integrator Comb (CIC) to move the ultrasonic
probe to the baseband. Based on the baseband Doppler shift, we again compute the STFT to derive the Doppler
spectrogram. The Doppler spectrogram extracted from audio in Figure 5 is shown in the second row of Figure 6.
We can observe that, because writing different letters involves different stroke contours, the Doppler spectrogram,
which represents hand motions, shows distinctions between different letters. The resulting Doppler spectrogram
has 40 frequency bins using the parameters shown in Table 1.

4.2 Handwriting Prediction
After the friction and Doppler spectrograms are derived, Swift feeds 1.5s of data of these two streams to deep-
learning models for handwriting prediction. Note that this 1.5s detection window is selected because our dataset
reveals that most of the handwriting letters are within this duration. We design Swift with two models to
achieve handwriting recognition - a handwriting detection model and a handwriting recognition model. We
first use the detection model to perform a quick binary classification to detect whether the input spectrograms
contain handwriting. If so, we forward the spectrograms to the handwriting recognition model to predict the
input character. If the detection model does not detect handwriting in the spectrogram, the spectrogram will be
discarded. Figure 4 shows the data flow of these two models. When training the models, we employ various data
augmentation techniques to enhance themodel’s generalizability to users and its robustness against environmental
noise.

4.2.1 Model Design. In this section, we first discuss the design of the handwriting recognition model. The
architecture of this model is shown in Figure 7, and the model parameters are summarized in the second row of
Table 1. The model recognizes on-skin writing by jointly modeling two synchronized signals captured by an
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Fig. 5. Raw audio spectrogram.
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Fig. 6. Friction (top) and Doppler (bottom) spectrograms.

unmodified smartwatch: a friction spectrogram from finger-skin contact and a Doppler spectrogram induced
by finger motion. Note that our model performs fusion before encoding. This is to let the encoder learn stroke-
relevant patterns from a single, already-integrated representation rather than fusing only at higher layers. The
network consists of three stages: (i) input-level cross-modal attention, (ii) a shared residual CNN encoder, and
(iii) a temporal classifier with a GRU head.

The input to this model is two spectrograms with different input dimensions. To make the features more
consistent, we apply a single-layer Conv1D to project them onto a common dimension. We then apply a minimal
bidirectional cross-attention layer to explicitly exchange information across modalities: friction tokens attend
to Doppler tokens to incorporate motion cues, while Doppler tokens attend to friction tokens to incorporate
contact/friction cues. Rather than introducing a deep transformer stack, we use a single attention module to keep
computation lightweight. After the friction and Doppler features are attended to each other, we use a residual
gated fusion to combine them:

𝛼𝐹 = 𝜎 (𝑊𝐹 · [𝑂𝐹 ; 𝑂𝐷 ]); 𝛼𝐷 = 𝜎 (𝑊𝐷 · [𝑂𝐹 ; 𝑂𝐷 ]);

𝑂 𝑓 𝑢𝑠𝑒 = [𝑂𝐹 + 𝛼𝐹 ·𝑂𝐹 ; 𝑂𝐷 + 𝛼𝐷 ·𝑂𝐷 ],

where 𝑂𝐷 and 𝑂𝐹 are the outputs of the two cross-attention modules,𝑊𝐷 and𝑊𝐹 are learned linear projections,
𝜎 (·) is the Sigmoid function, which functions as the gating mechanism, and 𝑂 𝑓 𝑢𝑠𝑒 is the output of the gated
fusion. After fusing the two modalities, the fused features are passed through three consecutive ResNet-like
convolutional layers for encoding, a GRU layer for processing the temporal features, and an MLP layer for gesture
prediction. The output layer of the MLP has 28 units, representing the 26 English letters and the left and right
slide gestures.

This model is powerful enough to model the general writing patterns of letters. As we will show in Section 6.2.2,
directly applying the trained model to all users yields an F1-score of 0.80 for handwriting prediction. However,
different users will have different writing habits. When writing the letter i, for instance, some users place the dot
first, whereas others add it only after completing the stroke. As a result, we observe significant performance
variance across users, with F1-scores ranging from 0.45 to 0.96. To improve Swift’s performance for every user, we
adopt a personalization phase that adapts the model to a user using a few of their handwriting samples. During
adaptation, we only train the GRU and the MLP and freeze other parts. This design provides a fast and efficient
way to boost the performance for each individual user.

For the handwriting detection model that functions before the above handwriting recognition model, we adopt
a much lighter design due to the simple binary classification task. Specifically, we use the same ResNet encoder
architecture discussed above to process the input friction and Doppler spectrogram, and directly append the
encoder with a 2-unit linear layer for binary classification.
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Fig. 7. Handwriting prediction. (a) Data augmentation techniques for training. (b) Prediction model architecture.

4.2.2 Model Training Framework. As discussed in Section 1, Swift employs various data augmentation techniques
to ensure generalization to new users, as well as the model’s robustness to environmental noise. Here, we discuss
the methods we use. Illustrative examples of these augmentations are shown on the left-hand side of Figure 7. All
the methods are applied on the fly during training.

• Mixup and CutMix [71, 76]. We augment the training set by (i) linearly interpolating pairs of samples
and their labels (Mixup) and (ii) replacing a cropped region of one sample with a region from another
while mixing the labels accordingly (CutMix). These strategies improve generalization and robustness by
smoothing the decision boundary and mitigating overconfidence and overfitting. In our design, we apply
Mixup or CutMix with a 50% probability and use a mixing coefficient 𝛼 = 0.2.

• Time-frequency masking [45]. We randomly mask strips of time and/or frequency features on both
spectrograms to force the model to learn generalizable features from the image, rather than focusing on
the local characteristics. We use the same augmentation parameters as in [45].

• Shifting and scaling. We use these two techniques to simulate cases where the user’s handwriting occurs
at different timings within the 1.5s detection window and at varying speeds. We randomly shift the sample
(-0.5s, 0.5s) along the time and scale the sample with a factor of (0.8, 1.2).

As discussed in Section 4.1, we retain only the near-ultrasound band (10– 22 kHz) of the received audio and
discard the remaining frequency components to reduce the impact of environmental noise. Although this filtering
suppresses most audible interference (e.g., speech), some noise can extend into the operating band of Swift and
contaminate the signal, such as engine noise. To improve robustness, we augment the dataset by mixing in
common noise sources, encouraging the model to learn handwriting patterns even under noisy conditions.

• Noise mixing. We leverage the open-source environmental noise datasets [46, 53] and randomly mix
these noise samples with our data samples. The noise sources in these datasets include a wide range of
daily sounds, such as conversations, public transportation, household, office, shopping malls, parks, and
street sounds. The probability of applying noise mixing is 0.5, and we randomly scale the noise to simulate
different noise levels with a scaling factor of 𝜖 ∼ N(1, 0.22).

We employ the AdamW [38] optimizer to train our model. The loss function is a standard cross-entropy loss
with label smoothing regularization (𝛼 = 0.1) to prevent the model from being overconfident on the training set.
Also, gradient clipping (max=1) is used to stabilize training. We schedule the learning rate using cosine annealing
[20] and a linear warm-up [37]. The warm-up starts at 1e-3 and gradually increases to 1e-2 within the first 50
epochs (10%), then decays over the next 450 epochs - a configuration similar to that in [67]. The batch size of
each epoch is 64 samples.
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5 IMPLEMENTATION
We implement Swift on an Apple Watch Series 7 (2021), with an iPhone 13 (2022) as the transmission relay, and a
MacBook Air (2024) as the server running the Swift software. The apps on Apple Watch and iPhone are developed
in Swift, and the server runs in Python. The Apple Watch transmits an 18kHz sinusoidal signal stored as a WAV
file on its hard disk, while recording audio continuously. The recorded audio is sent to the phone in chunks
of 0.5 seconds using Apple’s WatchConnectivity API. The phone, as a relay, sends the chunk instantly to the
server via the WebSocket API through WiFi. After processing the received audio and predicting the handwriting
letter or gesture, the server transmits the prediction back to the Apple Watch via the same WebSocket and
WatchConnectivity paths. The transmitted audio data is sampled at 48kHz with 16-bit encoding. The chunk
size of the real-time data transmission is 1024 bytes. On the server side, the software computes and caches the
friction and Doppler spectrograms every 0.2 seconds. After the cache (implemented with a queue) reaches 1.5s
in length, the designated prediction window size, the software first checks whether the average spectral power
exceeds a threshold (empirically set to 0.2) to preliminarily filter out negative samples. If the power exceeds this
threshold, the data will be fed to the deep-learning models for handwriting prediction. After one prediction, the
cache will remove the least recent 0.2s data. In other words, the system’s prediction step size is 0.2s. Also, after
one prediction, the system will set the high-energy part of the friction and Doppler spectrograms into Gaussian
noise to prevent its influence on the next character. The deep learning model, implemented in PyTorch, runs on
the server’s CPU. The real-time app interface is shown on the left-hand side of Figure 8.
To streamline the data collection process, we also implement an offline version of the software that uses the

same audio settings as discussed above. Instead of transmitting the data to the server for handwriting prediction,
the data collection app stores the audio locally. Also, the data collection app’s UI will display a rolling letter as a
hint to the user about the next letter to write, as we discuss in Section 6.1. The data-collection app is shown on
the right of Figure 8.

6 TECHNICAL EVALUATION
To study the technical soundness of Swift as a new on-skin text entry design, we ask the following research
question:
RQ1. How accurately and robustly can Swift recognize handwriting across users and environments, and what

are the contributions of its key components?
Here, we evaluate Swift’s technical performance in an offline setting, in which the collected data are stored on a
hard disk and processed thereafter. We report Swift’s handwriting-recognition accuracy, latency, performance in
real-world contexts, and the effectiveness of each design component.
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Fig. 9. Overall performance. (a) The confusion matrix of handwriting recognition. (b) Swift’s performance on each subject.

6.1 Data Collection
This study recruits 22 participants (9 females and 13 males). Most participants are students or staff members from
our campus, with an average age of 27.2 years. Among the 22 participants, 6 do not wear a smartwatch daily.
Each participant completes 10 data-collection sessions, each lasting approximately 2 minutes. The participant
wears the watch according to their own habits, and we do not provide any instructions on how a participant
should wear the watch. After the first five sessions, the participant may remove the smartwatch for a few minutes,
then rewear it and continue with the remaining sessions. After the experiment, each participant will receive
cash compensation. The experiments are conducted in a laboratory with typical activity and background noise,
including people walking and talking and air conditioning. The data collection setup is shown in Figure 8.

The data collection experiment begins with an introduction to the study. Subsequently, participants are given
time to learn and become familiar with Swift. During each data collection session, the participant wears a
smartwatch that runs a program that displays visual instructions guiding them to write the target English letters
and to perform corresponding hand gestures. The program will repeat for five cycles and then stop. Each letter or
gesture will only appear once in one session. This study has been approved by our Institutional Review Board
(IRB).

In total, the dataset contains 6,124 samples of handwritten letters and gestures. Note that data samples from
some data collection sessions are corrupted due to errors, such as file write failures. These samples are excluded
from the dataset. In addition to the letter and gesture samples, there is an additional ≈3,700 seconds of audio
used as a blank buffer between consecutive letters/gestures and sessions, which are sampled to generate negative
data for training the gesture detection model.

6.2 Handwriting Recognition Performance
Here, we present the result of the above offline study. Note that in this section, to compute Swift’s performance
on each subject, we first use a leave-one-subject-out (LOSO) validation to train a base model. Then, we use three
samples in each class from that subject to personalize the model for them. When evaluating performance, we use
the remaining 7 samples per class as the validation set. Notably, all user models are trained using the same set of
training parameters as discussed in Section 4.2.2.
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Table 2. Latency (W: watch, S: server).

Offline latency Real-time app latency
Sound processing Handwriting recognition

Device
Friction Doppler Detection Recognition

Total
Network
(W-S)

Aggregation
Processing +
recognition

Network
(S-W)

Total

Laptop
(CPU)

0.95ms 72.5ms 1.97ms 2.06ms 77.5ms

Server
(GPU)

0.98ms 65.3ms 1.44ms 1.22ms 68.9ms
256ms 44.7ms 119ms 271ms 691ms

6.2.1 Overall Performance. We first evaluate the performance of the handwriting detection model - the binary
classifier. Note that we do not use personalization for this detection model because the task is straightforward.
The precision, recall, and F1 scores of the detection model are 0.97, 0.96, and 0.96, respectively. The performance
of the handwriting classification model is shown in Figure 9. Notably, the average precision, recall, and F1-score
across all subjects are 0.91, 0.91, and 0.91. While most letters are recognized with fairly good accuracy, we observe
that some letters are more likely to be confused with other letters. Here, we list these letters that have the
highest false positive rates (FPR): (i) o and s with an FPR of 6%; (ii) r, v and n can be confused with each other
with an FPR up to 11%; (iii) a, d, g, and q can be confused with each other with an FPR up to 9%; (iv) h can be
misclassified into n with an FPR of 9%. These confusions arise from inherited similarities in their writing. Even
with the complementarity of the two forms of sensing data, these letters remain difficult to distinguish. Future
enhancements could adjust the model training parameters and penalize the training loss for these hard classes.
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Fig. 10. Effectiveness of personalization.

6.2.2 Effectiveness of Personalization. As we discussed in Section 4.2,
we apply a personalization technique to customize amodel to a new user.
Here, we evaluate the effectiveness of this personalization technique.
We test the performance using no personalization and personalization
with 1-5 samples. To ensure the fairness of the comparison, we use
the last five samples from the collected ten samples per subject for
evaluation, regardless of how many samples are used for personaliza-
tion. The result of this evaluation is presented in Figure 10. As the
trend suggests, increasing the number of samples generally improves
accuracy, ultimately achieving an F1-score of 0.92 with 5 samples. How-
ever, performance does not improve significantly beyond three samples.
Therefore, we select three samples for personalization to balance the trade-off between performance and user
burden.

6.2.3 System Delay. We examine Swift’s system latency in this section. We report the average time consumed by
the two modules: sound processing and handwriting prediction. We first test the system’s modular latency offline.
We run Swift’s software for five minutes, feeding it randomly generated audio inputs and computing the latency
of each component. The average execution time for each component is presented in the left half of Table 2. In
general, it takes around 77.43ms for Swift to give a gesture prediction. We also conduct the same experiment on a
server with higher computational power and GPUs to accelerate model inference, and the results show slightly
lower inference times.

The offline tests establish a theoretical lower bound for latency. However, in a real-time deployment, additional
engineering factors—most notably network overhead from offloading data to a server via Wi-Fi—increase the
overall delay. To evaluate the actual delay perceived by the user in the current implementation, we also measure
the end-to-end delay of Swift’s real-time application. Specifically, we use a camera to record the user’s writing,
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Fig. 11. Power consumption of Swift . (a) On the watch. (b) On the phone. (c) On the laptop.

and label the exact timestamp when the user finishes writing a letter (𝑡0). Next, we record the timestamp when the
prediction window starts to receive a pulse, signaling that the handwriting’s audio arrives at the server (𝑡1). Also,
we store the timestamp of a positive threshold check (𝑡2, discussed in Section 5), implying that the prediction
window has aggregated enough data for a prediction. Then, we record the time when a gesture is produced
on the server (𝑡3). Finally, we manually record the timestamp at which the letter appears on the watch from
the video (𝑡4). These five timestamps allow us to decompose the total latency into: user-perceived end-to-end
delay (𝑡4 − 𝑡0), network latency (𝑡1 − 𝑡0 and 𝑡4 − 𝑡3), data aggregation time (𝑡2 − 𝑡1), and server-side execution time
(𝑡3 − 𝑡2). The result is shown on the right of Table 2. Note that the data transmission time between the watch
and its paired phone is negligible in our experiments, so we omit this delay in the table. The result indicates an
average user-perceived delay of 691ms, which is much larger than the offline study. Notably, network overhead
is the dominant factor, accounting for 527ms. In contrast, the combined processing time on the server is only
164ms. These findings suggest that if future iterations are implemented locally on a paired smartphone, rather
than relaying data to a server, eliminating network delay could enable sub-200ms character prediction latency.
We further discuss the pathway toward achieving commercial-grade responsiveness in Section 9. We also give an
analysis of the choice of the 1.5s window size and its impact on latency and accuracy later in Section 6.5.
Even though the current 691ms delay can be perceived to be long for composing long sentences, we believe

the system is still usable for short responses, such as "ok", "brb (be right back)", "on my way", etc., especially in the
XR scenarios. Also, smartwatch shortcuts, which are originally available only on devices with more sophisticated
input modalities, such as keyboards, can be enabled with Swift. For example, writing letter m opens the map app,
letter t starts a timer, letter combination s-o-s quietly triggers an emergency call. In addition to letters, writing the
left/right-slight gesture can be programmed to shortcut functions as well, such as switching to the previous/next
music.

6.2.4 Power Consumption. We evaluate Swift’s power consumption across the three devices used in our current
implementation: a smartwatch (UI and sensing), a smartphone (data relay), and a laptop (server). We run Swift
continuously for 2 hours and log battery level every 10 minutes on each device, with all devices on battery power
and the phone connected to the laptop via WiFi. To measure the worst case, we disable the threshold-based
gesture filter (Section 5) so the recognition model runs continuously. It is worth noting that this study presents
an extreme use case for the watch, as prolonged typing on it is seldom observed. To decouple Swift’s power
consumption from other background programs, we run the same test for 2 hours with all three devices in the idle
state and record their battery life as the baseline. Because the watch display dominates its energy use and Swift
keeps it on, we additionally report the watch’s idle drain with the screen always on for comparison.
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Fig. 12. Scenarios of the robustness study. (a) Different distances between the watch and the chest. (b) Different wearing
positions. (c) Writing words. (d) Standing. (e) Walking. (f) Lying down. (g) Heads up. (h) In a lab. (i) In a canteen. (j) On a
campus road. (k) Inside a metro train. (l) Inside a bus.

Results in Figure 11 show that, on the watch, 2 hours of idle operation with the screen on consumes about 30%
of the battery, while running Swift increases this to about 40%, implying an additional ∼10% drain attributable to
Swift under continuous writing. Phone overhead is negligible because it only relays data. On the laptop server,
continuous prediction increases battery use by about 10% relative to idle. In practice, server overhead should be
lower due to the threshold-based filtering and the use of a lightweight handwriting detection model.

6.3 Robustness Study
In this section, we evaluate Swift’s performance in different real-world scenarios. For these experiments, we use
the personalized model, trained with three samples per class, to validate performance. Notably, we use the same
personalized models as discussed in Section 4 for this evaluation. The only difference is that instead of testing the
model’s performance on data from a standard lab environment, this evaluation tests across various real-world
scenarios.

6.3.1 Variation Across Days. We first test Swift’s performance across days. Five participants (two females and
three males), who were involved in the initial data collection, are recruited for this experiment approximately
two months later. Each participant is asked to contribute three more data collection sessions. We utilize the
previously adapted model to evaluate the handwriting recognition performance. The result is shown in the first
two columns of Figure 14. The average F1-score drops slightly from 0.93 to 0.90, indicating that the user’s writing
habits will not change much over a long period and that Swift’s performance is stable across days.

6.3.2 User Context. In the standard protocol (Section 6.1), participants write while seated. Here, we evalu-
ate Swift under four additional contexts: standing, walking, lying down, and heads-up. For heads-up input,
we mirror the watch prompts to a desktop display to simulate mixed-reality use and instruct participants to
look at the display instead of the watch. Four participants (two females and two males) are involved in this
experiment, with the four scenarios illustrated in Figure 12(d)-(g). The result is shown in columns 10-13 in
Figure 14. This result indicates that walking significantly degrades performance (F1=0.53) because body and
arm motion induce Doppler shifts that overwhelm the handwriting-induced signal. As illustrated in Figure 13,
friction spectrograms remain similar across sitting vs. walking trials, but the walking Doppler spectrogram
becomes blurred. To evaluate to what extent these two modalities are affected by such large body motions,
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Fig. 14. Robustness study. Swift’s performance is compared across days, with different wearing and writing habits, with
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we run an additional experiment where we use the single-modality version of Swift trained in Section 6.4
to predict handwriting when only the friction or Doppler spectrogram is used. The result shows that during
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Fig. 13. Handwriting features comparison.

walking, the friction-only model achieves an F1-score of 0.72 (sitting:
0.67), whereas the Doppler-only model achieves only a 0.22 F1-score
(sitting: 0.50). This experiment indicates that while body motions have
little impact on friction sounds, Doppler shifts are largely compromised,
and it is a fundamental limitation that the Doppler shift is sensitive to
body motions. Even so, we hypothesize that future work could improve
robustness by incorporating large-body motions during data collection
or by augmenting training data with motions. To preliminarily validate
this, we incorporate the collected data from the walking scenario into
our training dataset and retest the results. Note that the only difference
between this experiment and the ones from which the results in Fig-
ure 14 are produced is that when training the base model, we mix the LOSO training set with other subjects’
handwriting data when walking. Our result shows that after mixing the walking data, the F1-score increases
immediately from 0.53 to 0.65. Even though this performance increase is limited by the size of the available
walking data, it shows good potential for this approach to enhance the robustness of Swift in walking scenarios.

6.3.3 Wearing and Writing Habit. Next, we evaluate Swift with different watch-wearing habits. We adjust the
distance between the watch and the subject’s chest to be 5cm, 15cm, 25cm, and 35cm as described in Figure 12(a).
Five participants (two females and three males) are recruited for this experiment, each contributing to three
data sessions. The result is shown in the third to sixth columns in Figure 14, where no significant performance
degradation is observed. We also evaluate Swift under different watch-wearing positions by fixing the watch–chest
distance at 15cm and shifting the watch along the wrist. Participants first adjust the band to a comfortable tightness,
then move the watch to the left-most and right-most positions to approximate the farthest and nearest distances
to the writing area (Figure 12(b)). As shown in the seventh and eighth columns of Figure 14, performance varies
negligibly across positions.
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Table 3. Ablation study.

Variant Friction Doppler Attention
fusion

Mixup &
CutMix Masking Shift &

scaling
Noise-
mixing

F1 score
Quiet Noisy

1 ✓ ✗ ✗ ✗ ✗ ✗ ✗ 0.667 0.411
2 ✗ ✓ ✗ ✗ ✗ ✗ ✗ 0.501 0.392
3 ✓ ✓ ✗ ✗ ✗ ✗ ✗ 0.823 0.515
4 ✓ ✓ ✓ ✗ ✗ ✗ ✗ 0.842 0.595
5 ✓ ✓ ✓ ✗ ✗ ✗ ✓ 0.817 0.744
6 ✓ ✓ ✓ ✗ ✗ ✓ ✗ 0.871 0.601
7 ✓ ✓ ✓ ✗ ✓ ✗ ✗ 0.870 0.632
8 ✓ ✓ ✓ ✓ ✗ ✗ ✗ 0.884 0.642
9 ✓ ✓ ✓ ✓ ✓ ✗ ✗ 0.894 0.635
10 ✓ ✓ ✓ ✓ ✓ ✓ ✗ 0.908 0.652

11 (Swift) ✓ ✓ ✓ ✓ ✓ ✓ ✓ 0.894 0.825

We also envision that Swift can support word-level input, where a user can write a word on his/her hand
from left to right, resembling the writing experience on paper (Figure 12(c)). We introduce this additional test in
which, instead of following the standard data-collection protocol, we ask the user to write a sentence: "The quick
brown fox jumps over a lazy dog." This sentence includes every letter of the alphabet at least once. When writing
this sentence, we ask the participants to write a word from left to right. Note that the current implementation
of Swift recognizes only a single letter at a time; therefore, participants are asked to write letter by letter, and
cursive writing is not allowed. The result is shown in the ninth column of Figure 14. No significant performance
variation is observed in the result.

6.3.4 Environmental Noise. Since Swift is a sound-based handwriting recognition system, we evaluate its ro-
bustness in noisy environments. We recruit three subjects (one female and two males) and ask them to follow
the standard data collection protocol (Section 6.1) across five sessions in five different environments: (i) quiet
lab, (ii) canteen, (iii) campus road, (iv) metro, and (v) bus. In all sessions, participants remain seated with their
hands on their laps. Figure 12(h)-(l) illustrate these environments. We measure ambient noise using a phone app;
the corresponding noise levels are 43 dB, 65 dB, 68 dB, 64 dB, and 72 dB. As shown in Figure 14, performance
is slightly degraded in noisier settings but remains above a 0.75 F1-score, even on a running bus where noise
can exceed 70 dB. Although noise compromises performance to some extent, Section 6.4 shows that, with our
augmentation techniques, Swift still significantly outperforms the baselines in noisy environments.

6.4 Ablation Study
In this section, we conduct an ablation study to evaluate the effectiveness of the core technical designs in
Swift. In this study, we use a five-fold cross-validation to train a base model and adapt it to a user with 3-
shot adaptation, before evaluating the performance. We first examine the effectiveness of combining the two
handwriting-measuring modalities: the friction sound and the Doppler shift. The baseline model begins with a
ResNet-based encoder, followed by a GRU and an MLP, as shown in Figure 7. The encoder’s input channel is
initially set to 1. In the following four design variations, we change the model architectures and do not apply any
data augmentation.

• Variant 1: friction spectrogram only. We let the model accept friction spectrograms.
• Variant 2: Doppler spectrogram only. We let the model accept Doppler spectrograms.
• Variant 3: naive fusion. The friction and Doppler spectrograms are concatenated into two tensor channels.
The concatenated tensor is then fed to the encoder whose input channel is tuned to 2.
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Fig. 15. Ablation study: the benefit of combining the friction sounds and the Doppler features.

• Variant 4: cross-attention fusion. The complete model architecture. The friction and Doppler spectro-
grams are fused using the cross-attention module discussed in Section 4.2, before feeding to the encoder
blocks.

In the following Variants, we test the effectiveness of the data augmentation techniques while keeping the model
architecture—the one that leverages both spectrograms—unchanged.

• Variants 5-8: using one of the four data augmentations. In these variants, we only add one data
augmentation technique at a time to validate its individual effect.

• Variants 8-11: gradually adding all data augmentations. In these variants, we incrementally add
mixup/cutmix, masking, shift and scaling, and noise-mixing augmentation techniques to the training
pipeline, to evaluate their collective impact.

The results in Table 3 indicate that all designs contribute to the final performance, with the combination of
friction sound and the Doppler shift significantly boosting performance, as shown for variants 1-3. Notably,
as shown in Figure 15, the naive combination of the two feature modalities resolves much of the ambiguity in
recognizing letters, which echoes the fusion design rationale discussed in Section 3. Also, the cross-attention
fusion design further enhances performance based on the naive concatenation, comparing variant 4 with 3. We
hypothesize that this is because a naive concatenation treats the two modalities equally, even though they carry
very different information. As Section 3 shows, for some letters, the friction spectrogram carries more critical
information than the Doppler, and sometimes the Doppler carries more weight in some letters. Using an attention-
based fusion mechanism with a learned gating function ensures that the weighing is adjustable. In addition to
modality fusion, all augmentation techniques have been shown to be effective individually when comparing
variants 5-8 with variant 4. Also, their individual enhancements compound when these techniques are stacked
together in the training pipeline, as shown by the results for variants 8-11. Notably, the noise-addition technique
appears to have a slight negative effect on performance in the quiet condition, as evidenced by comparisons
between variants 4 and 5 and between variants 10 and 11. However, this technique significantly boosts the
performance under real-world noisy conditions. Note that, in the noisy environment, we evaluate the models’
performance on the data collected in Section 6.3, rather than using five-fold cross-validation, as in other tests in
this ablation study.
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6.5 Impact of Window Size
The current implementation adopts a 1.5s aggregation window for character prediction, a duration that accommo-
dates the majority of handwriting and gesture samples in our dataset. To evaluate the impact of this parameter
on Swift performance, we additionally test window sizes of 0.5s, 1s, 1.5s, and 2s, measuring character recognition
accuracy and end-to-end latency. The resulting accuracies are 0.08, 0.63, 0.91, and 0.91, respectively. Accuracy
degrades sharply below the 1s threshold, as the window size is insufficient to capture complete characters.
Conversely, increasing the window to 2s yields no further accuracy gains, as the additional 0.5s provides no
supplemental information over the 1.5s baseline. The corresponding latencies for these configurations are 669ms,
672ms, 691ms, and 884ms. While reducing the window size marginally lowers latency, network delay remains
the dominant factor, as detailed in Section 6.2.3.

7 USER STUDY 1: USABILITY AND USER EXPERIENCE
In addition to the offline performance evaluation, we conduct a user study to evaluate the usability of Swift. We
implement a real-time version of Swift as a WatchOS app through which users can input text with Swift. Through
this study, we want to answer the following research question:

RQ2. In a real-time deployment, how usable is Swift for phrase composition, and what breakdowns or workflow
frictions emerge?

7.1 App Design
The app interface on the watch is shown on the left-hand side of Figure 8. It includes a text input field that
displays the recognized handwritten characters. If the detected input is a right or left slide, the gesture will be
translated into a space or backspace on the text field. The interface also features several buttons that allow users
to control the text field.

7.2 Study Procedure
Eight participants (three female; mean age 25) take part in this user study. All have previously participated in the
data-collection study (Section 6). The study setup is shown in the middle of Figure 8. After a brief introduction,
participants are taught to use the text input app and given time to practice writing with Swift. The relaying
smartphone and server are hidden from the users. The introduction and practice phase typically lasts about five
minutes. When the participant is ready, the researcher verbally prompts them to write all 26 English letters and
the two control gestures in sequence, and reminds them to consider whether on-skin writing feels easy and
comfortable. Participants then use the app for a few minutes to enter any text they want. Each session typically
lasts about 10 minutes. After the session, participants complete the System Usability Scale (SUS) questionnaire [8]
and a customized questionnaire on perceived experience and acceptability, adapted from prior work [27, 49, 60, 63].

• 1. Enjoyment. "I feel it is enjoyable to input text with Swift."
• 2. Efficiency. "I believe Swift provides an efficient text input method."
• 3. Fatigue. "I don’t think using Swift makes me tired."
• 4. Social concerns. "I don’t think using Swift in public spaces would raise social concerns."
• 5. Distraction. "I don’t think Swift is producing any noise."
• 6. Screen blockage. "I don’t think using Swift will block my vision to see the screen."

Additionally, we ask participants to rate the difficulty and level of comfort associated with writing each letter and
gesture when using Swift. The specific question we ask is:

• "I believe writing [letter/gesture name] on the back of my hand is easy and comfortable."

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 3, Article 175. Publication date: September 2026.



175:20 • Xie et al.

All the above questions are answered using a 5-point scale, with the lowest score indicating strong disagreement
and the highest score indicating strong agreement. At the end of the study, we conduct an exit interview with
each participant to learn about their experience and subjective comments about Swift. The experiment takes
20-30 minutes in total.
To quantitatively assess user proficiency with Swift, we conduct a transcription test with 7 participants (two

females, five males). We randomly select 20 sentences from MacKenzie’s sentence set [40] and split them into
four blocks. Participants transcribe each block continuously, with 2-minute breaks between blocks. We record
block completion time to compute words per minute (WPM). As a baseline, participants complete the same test
using Apple Watch Scribble [2] - the watch’s built-in handwriting text entry method. As a comparison, we also
run the transcript test with other commercial text-entry methods on smart watches - on-screen keyboard and
text dictation - both with Apple Watch’s default functions. The test lasts 50-60 minutes.

7.3 Study Results
The questionnaire result of the study is presented in Figure 16. Note that in SUS, odd questions are positively
worded and even questions are negatively worded.

7.3.1 System Usability. The average SUS item scores appear at the top of Figure 16. Using the method in [8], we
compute an overall system usability (SU) score of 87.5/100, indicating high usability of Swift. In SUS, Q4 and
Q10 reflect learnability, whereas the remaining items assess usability; separating them yields learnability and
usability scores of 98.2 and 84.8, respectively, suggesting that Swift is easy to learn and use. Participants also
praise its intuitiveness: "I had no problem at all learning to use the system. You just write what you want to say on
the skin" (P2).
Notably, we observe that the eighth question, the one regarding the cumbersome use of the system, receives

slightly more negative ratings than the others. We suspect this is because, in some cases, when the system
misrecognizes the user’s input, they need to write a backspace gesture to delete the incorrect input and then
rewrite the letter. According to some participants, this may cause a burden to the user. "I got frustrated when the
system wrongly recognized my writing, especially since I needed to write a backspace gesture again ... I would rather
use the button on the screen to do a backspace." (P3). This can be addressed by integrating function buttons into the
handwriting workflow, based on user preference.

Learn a lot first (Q10)
Confident (Q9)

Cumbersome (Q8)
Learn quickly (Q7)

Inconsistent (Q6)
Well integrated (Q5)

Need tech support (Q4)
Easy to use (Q3)
Complexity (Q2)

Frequent use (Q1)
SUS Questions

0 1 2 3 4 5
Average score

Visual blockage (Q6)
Distraction (Q5)

Social concern (Q4)
Fatigue (Q3)

Efficiency (Q2)
Enjoyment (Q1)

Additional Questions

Fig. 16. Questionnaire results.

7.3.2 Perceived Experience and Acceptability. The average scores of the
second questionnaire are shown at the bottom of Figure 16. Overall, all
participants agree that using Swift for text input is enjoyable, and writing
on the skin does not obstruct the user’s view. P1 said "This is a new method
for text input, and I felt very excited trying it out...I have never thought about
using my skin as a tracking pad." While most participants believe using
Swift brings no social concerns and causes little fatigue, some participants
are more reserved in Q3 and Q4. Also, a few participants stay neutral in Q2:
efficiency. We hypothesize that this is partially due to the 0.7s perceived
delay in recognizing characters (Section 7.1), compared with conventional
on-screen keyboards or writing input, where feedback is instantaneous.
"The response time seemed to be long if compared with commercial touch
screens." (P7). As we will discuss in Section 9, future work should explore
ways to optimize the implementation to reduce response time. We also
summarize users’ perceptions of writing all the letters and gestures on the
hand in Appendix A.
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six daughters and seven sons 
house with new electrical panel 
i just cannot figure this out 
they watched the entire movie 
the king sends you to the tower

(a) Sentences to be transcribed

six daaghters and seoen sohs 
house with hew electrical pahel
i just cahnot figure thrs sut
they watfld the ehtire msvic
the kihg sends ysu to the tower

(b) Sentences transcribed by Swift

Fig. 17. An example of text transcription. (a) The text. (b) The transcribed text.

7.3.3 Other Comments. Here, we summarize other comments and suggestions from the participants that haven’t
been discussed above. Touch typing. P1 and P6 both appreciate the tactile feedback of on-skin writing, where the
user does not need to constantly look at the strokes. "I think this system should be a very useful touch writing tool in
occasions where you can’t move away from your eyes, such as in social events." (P6).Word-level recognition. Some
users suggest word-level recognition in the future (P2, P6, P7). "It would be great if I could write a complete word
on my skin ... or even cursive writing, which should significantly boost the input efficiency" (P2). Control gestures.
P3 argues that some controls could be moved back to the screen: "...writing on the skin is a good alternative, but I
have no problem clicking buttons on the watch screen... [future designs] can integrate the control function as buttons
on the screen."

7.3.4 Text Entry Speed and Accuracy. Our transcription test shows that Swift achieves 5.7 WPM while Apple
Watch Scribble achieves 6.5 WPM. We also compute the average character error rate (CER) to quantify letter-
prediction accuracy. We determined the CER by calculating the Levenshtein distance between the predicted
and reference texts, then dividing it by the length of the reference string [54]. As a result, Swift achieves a
CER of 11.6%, which translates into a character-level F1-score of 0.88. As a comparison, Apple Watch Scribble
achieves a CER of 6.1%, equivalent to an F1-score of 0.94 in character recognition. An example of the transcribed
text are shown in Figure 17. Notably, there is still a gap between Swift and commercial-grade accuracy. This
can be solved by using more samples for personalization as discussed in Section 6.2.2. Additionally, using a
language model as the prediction prior, incorporating top-k prediction, and using auto-correct engines may
further enhance performance. We also discuss other pathways to enhance performance in Section 9. Even so,
we believe this study demonstrates a strong potential for our proof-of-concept design, which serves as the first
step towards commercial-grade accuracy. In the above comparison, Swift and Scribble are both handwriting
recognition-based text entry methods. We also compare other commercial watch-based text-entry methods,
namely, on-screen keyboard input and text dictation. For the on-screen keyboard, it achieves a 15.9 WPM and the
CER is 4% (0.97 F1-score). The voice dictation achieves 89.9 WPM and the CER is 1% (0.99 F1-score), where the
recruited participants are not native English speakers, so text entry speed among other user groups may differ.

8 USER STUDY 2: WIZARD-OF-OZ COMPARISON WITH SCREEN-BASED TEXT ENTRY
The above studies have demonstrated Swift’s strong usability as a new text-entry method for smartwatches. In
this section, we further examine users’ preferences for Swift relative to other text input methods on smartwatches.
Specifically, the following research question is asked:
RQ3. How does Swift compare to touchscreen handwriting in user preference and perceived suitability across

text-entry scenarios, and in which scenarios do Swift’s benefits become most salient?
To better understand users’ perceptions of on-skin text entry without current engineering constraints (e.g.,
latency and occasional misrecognitions), we run a Wizard-of-Oz study to simulate an ideal Swift experience. We
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Camera

Text window
Heads-up

Letter-level Word-level Wizard

(a) Scenarios 1 and 2: letter and word level text entry (b) Scenario 3: heads-up text entry

Video
stream

Fig. 18. Wizard-of-Oz study setup.

envision the following three scenarios across different levels of text-entry demands (Figure 18). (i) Letter-level
text entry. The standard use case where users write in a letter-by-letter manner. (ii) Word-level text entry.
Users perform word-level text entry, where a word is written from left to right, as they would on paper, with
cursive writing allowed. This scenario targets a more advanced, natural, and potentially more efficient workflow
than letter-by-letter input. (iii) Heads-up text entry. Swift can be used for interaction in AR/VR/MR, where the
user can keep engaged with a head-mounted display without switching attention and glancing down to write on
a screen - heads-up interaction. In this scenario, we simulate it by asking participants to keep their heads up and
to look at an eye-level screen that displays their input.

8.1 Study Procedure
The study takes place in a quiet lab. Participants sit at a table with their watch-worn hand resting on the tabletop,
while a camera records their handwriting. A researcher is present throughout. For each scenario, the researcher
selects sentences from MacKenzie’s set [40] for transcription; each scenario is completed twice, once with Swift
and once with the touchscreen, with method order randomized. After each scenario, participants complete a SUS
questionnaire comparing the two methods, and an exit interview follows at the end.
For Swift trials, the camera on the table streams the video to another researcher—the wizard—who is in the

next room of the experiment venue and, unbeknownst to the participant, watches the feed, infers the intended
letters/words, and enters them on the watch (or, in the heads-up scenario, the screen) via a computer program.
For touchscreen trials, we ask the participants to use Apple Watch Scribble—the built-in handwriting text-entry
method.

We recruit eight participants (3 females and 5 males, aged 21 to 32 years) in this study. All of these participants
are students and from our campus. Notably, these participants have not participated in our previous studies,
so they have no prior experience with Swift to rule out potential biases. The study takes about 30 minutes per
participant.

8.2 Study Results
The questionnaire result of this study is presented in Figure 19. Overall, participants prefer Swift to the touchscreen,
and the preference becomes more prominent when more demanding text-entry tasks are introduced.

In the first scenario, where the participants apply letter-by-letter handwriting, the average SU value for Swift is
86.39, and the average SU for the built-in touchscreen method is 82.67. While both scores are high, Swift achieves
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(a) Letter-level text entry (b) Word-level text entry (c) Heads-up text entry

Fig. 19. SUS questionnaire scores of the Wizard-of-Oz study. (a) The letter-level text entry scenario. (b) The word-level text
entry scenario. (c) The heads-up text entry scenario.

a much higher usability subscore (84.62 vs 78.67). While agreeing on the larger space provided by Swift, both P2
and P7 said they do enjoy the real-time stroke trajectory display on the touchscreen. "I like the real-time trajectory
feedback provided by the touchscreen (P2)." We believe that future work could consider predicting the real-time
stroke trajectory as an auxiliary task, providing natural feedback that resembles pen use.

In the second scenario for word-level input, the SU for Swift is 87.78 and it is 64.44 for the touchscreen. In this
case, the perceived system usability of Swift is significantly higher than that of the touchscreen. According to
the interview, all participants commented that the touchscreen is too small to write a complete word, whereas
the back of the hand provides much more space for writing. P1 noted: "The watch’s touchscreen is too small for
writing a complete word, such as ’electricity’, where I need to plan the size of each writing letter and the starting
position of writing the first letter. Otherwise, I will run out of space halfway through a word." P3 and P7 also share a
similar concern: "I suppose the touchscreen can at most host three letters side-by-side" (P7). This result shows a
clear preference for using Swift for the more efficient word-level handwriting text input.

In the heads-up interaction scenario, the SU for Swift is 86.39 while for the touchscreen, it is 72.22, indicating
the users prefer Swift strongly over the touchscreen in heads-up scenarios. The major reason for this choice is
that writing on the skin provides tactile feedback that confirms each stroke, whereas navigating on the screen is
harder without direct visual cues, as P5 noted: "I may need some time to accurately put my finger on the watch if
not looking at it... I think I sometimes accidentally write some strokes outside of the screen." P6 expressed his strong
support for the use of Swift in heads-up scenarios: "The first two scenarios are good alternatives for text input, but
not always a must. However, a smartwatch may become an essential accessory for future AR glasses because AR
workflows break down when users have to shift their attention. Using the skin keeps text entry readily available
without breaking focus."
Overall, we observe a clear preference for Swift over the touchscreen in the WoZ study, particularly for the

more demanding heads-up and word-level input tasks. The major reasons are the skin’s larger input space and its
tactile feedback. We believe the findings from the above two user studies (Sections 7-8) show strong potential for
Swift as a next-generation text-entry technique that becomes increasingly advantageous as input demands grow
and visual attention becomes scarce. We also acknowledge that in this WoZ study, we simulate Swift with perfect
recognition accuracy and latency, while the actual usability may still depend on these factors, as we will discuss
in Section 9. Also, users’ preferences of this new on-skin text entry method against non-screen input methods,
such as voice/whispered dictation, should be evaluated in the future.
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9 DISCUSSION
In this section, we discuss the limitations and the future direction of Swift. This discussion includes the potential
for commercial-grade performance, the interaction scope of Swift, and the practicality and real-world usability.

9.1 Pathways to Commercial-Grade Performance
In Section 6, we evaluate the technical performance of Swift as a proof-of-concept system to support handwriting
recognition on skin. In this discussion, we analyze the pathways to achieve commercial-grade accuracy and
responsiveness.
Accuracy. The technical evaluation shows that some letters are more easily misrecognized as other letters.

This is partly because of the inherited similarity of the strokes in these letters. To improve performance on these
cases, future research may leverage publicly available letter datasets that include a wide variety of letters from a
broader population [14, 24, 41] to enhance the model’s capabilities. Also, integrating language prior and top-k
predictions into the pipeline may further enhance the performance.
Latency. Beyond recognition accuracy, our evaluation reveals an end-to-end latency of approximately 0.7s,

primarily stemming from current system overhead. We propose four strategies to mitigate this delay. (i) On-device
processing: As discussed in Section 6.2.3, a significant portion of the total latency is attributed to network
transmission between the smartwatch and the server. Future implementations should migrate the inference
pipeline to the paired smartphone. This is highly feasible given the robust computational power of modern mobile
chipsets and would substantially eliminate communication bottlenecks. To briefly demonstrate the feasibility of an
on-watch implementation, we run a simulation on the watch. We adopt the same strategy as in the offline latency
study in Section 6.2.3, where we implement the system pipeline on the watch and feed the pipeline with random
audio data for five minutes. The result shows that the total delay for one gesture prediction is 304 ms on the
watch, with signal processing taking 291 ms and model inference around 13 ms. This latency is much smaller than
the current watch-laptop implementation. In addition, we also believe that engineering optimization can reduce
latency further, as we will discuss next. (ii) Software optimization and streaming inference: Future iterations
can improve responsiveness through more efficient buffer coordination and the implementation of streaming
recognition. By processing data segments incrementally as the user writes, the system can generate preliminary
predictions that are refined upon stroke completion, thereby reducing the user-perceived waiting time. (iii)
Word-level and cursive support: Transitioning from discrete letter recognition to word-level modeling would
drastically enhance text-entry throughput. Given Swift’s high character-level accuracy, integrating language
models and probabilistic word-prediction frameworks similar to those in [19, 54] could allow for successful
word completion even with partial or uncertain inputs. (iv) Adaptive windowing: While the current 1.5s window
accommodates all character lengths, it introduces unnecessary idle time for shorter strokes. Future work could
employ an adaptive triggering mechanism using a lightweight classifier to detect stroke termination in real-time.
Commencing inference immediately upon detection would optimize the trade-off between recognition accuracy
and temporal efficiency.

9.2 Enhancing Practicality and Real-world Usability
Section 7 demonstrates the good usability of the current proof-of-concept implementation of Swift, and Section 8
further shows its high potential if Swift is used in its ideal capacity. Here, we discuss the future direction to
enhance the system’s practicality if deployed to real-world users.

Handedness. In this paper, we primarily focus on the design of right-handed use cases, where the user wears
the watch on the left hand and writes with the right hand. Intuitively, the same technology can be applied
to left-handed users, but with a few necessary modifications. As shown in Figure 20, the hand motions of a
left-handed user are roughly symmetric to those of a right-handed user from the perspective of the watch when
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Fig. 20. Handedness in Swift . (a) The watch is worn on the left hand, and the right hand is used for writing. (b) The watch is
worn on the right hand, and the left hand is used for writing.

writing letters. For example, when writing the letter w, a right-handed user’s writing finger gradually moves
away from the watch, whereas a left-handed user’s writing finger moves towards the watch. This symmetry
will result in opposite Doppler patterns for these two user groups. Therefore, to support both right-hand and
left-hand users, future development should also use a left-handed dataset to train a separate model, and the watch
application should invoke different models based on the user’s handedness configuration.
Handwriting complex characters. In addition to the Latin alphabet, other languages may involve more

complex characters for which Swift can provide a larger space to write these characters. For example, Chinese,
Japanese, and Korean characters involve more strokes and are more structured. Swift’s mix of touch sound and
motion is naturally good at noticing stroke shape, order, and direction. Therefore, it is feasible to improve Swift
to support more languages.
Generalization to other watch modes. The current Swift implementation is on an Apple Watch Series 7

(2021), while different watch models have different types of speakers and microphones and different layouts.
Therefore, future work should examine how the system might generalize well to other devices, such as the
effectiveness of personalization on new devices.

9.3 Future Design Considerations
In this work, the primary design space is handwriting characters on the back of the hand. In addition to this, we
see a good potential for various interaction methods supported by the underlying techniques of Swift.
Flexible interaction design. As suggested by our user study (Section 7.3), future work should explore

integrating the traditional virtual keyboard with on-skin handwriting. For example, the controls—space and
backspace—can be implemented as virtual buttons, while the letters are entered via handwriting on the skin.
Also, in Swift, the writing location is on the back of the hand because of its proximity to the watch. According
to previous research [58], the forearm is also a well-accepted location for on-skin input, and it is conveniently
located near the watch. One potential benefit of using the forearm for handwriting input is that it is smoother and
flatter than the back of the hand. Therefore, future research should also examine the feasibility of forearm-based
handwriting recognition. Additionally, the palm is well-suited to handwriting and warrants further exploration.
Continuous trackpad. Beyond handwriting and discrete gestures, the underlying sensing modalities of

Swift have good potential to support continuous 2D tracking, effectively turning the back of the hand into
an always-available trackpad. The same fusion of passive friction acoustics and active ultrasonic Doppler that
enables Swift to recognize character strokes can also be repurposed to track the continuous motion of a finger
across the skin, with friction sounds indicating contact and Doppler shifts providing continuous velocity and
direction. By training a model to map these acoustic signatures to 2D coordinates, Swift could enable a new
range of interactions, such as controlling a cursor, navigating menus, or panning and zooming on a map without
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touching the watch screen. This would be particularly valuable in heads-up computing scenarios with AR/VR
glasses where a continuous, private input method is needed.
End-to-end prediction pipeline. Following prior research [11, 28, 79] that utilizes non-speech sounds for

interaction design, we adopt a traditional time-frequency analysis combined with deep learning to predict
handwritten characters. However, given the emergence of end-to-end audio processing architectures [7, 48, 72],
future work should explore incorporating such end-to-end designs to further improve predictive performance.

10 CONCLUSION
Swift turns the back of the hand into a practical handwriting pad using an unmodified smartwatch, fusing
passive friction acoustics with active ultrasonic Doppler to distinguish similar letters and remain robust in
everyday noise. Across three studies, Swift achieves strong offline recognition (macro F1=0.91 after few-shot
personalization), demonstrates high usability and learnability in a real-time prototype (N=8), and is preferred
over touchscreen handwriting in Wizard-of-Oz comparisons (N=8), especially for more demanding scenarios
such as word-level and heads-up text entry. These results suggest that Swift’s larger, continuous on-skin canvas
and fluid workflow deliver clearer benefits as task complexity and situational demands rise, while remaining
deployable on commodity hardware without added sensors. Looking forward, moving from isolated letters to
word-level and cursive input, extending to non-Latin scripts via stroke- and component-aware decoding, and
refining on-device efficiency and rapid personalization can further improve accuracy, speed, and accessibility,
positioning Swift as a viable path to private, eyes-up text entry on smartwatches.
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Appendix

A USER FEEDBACK ON EACH LETTER AND GESTURE
We summarize participants’ ratings of comfort and difficulty for each letter and gesture in Figure 21, where
higher scores indicate more positive perceptions. All letters score above the neutral midpoint (3). However, letters
with tails (e.g., j, q, g) and long vertical strokes (e.g., h, d, k) are rated less favorably. Participants attribute this
to fingernail contact and uneven skin on the back of the hand: "Writing letters with long tails can be hard for
users with longer nails..." (P4) and "...the skin on the back of my hand is...uneven. So I prefer writing smaller letters"
(P5). We expect these issues to be mitigated with clearer guidelines. For example, we can encourage the user
to position their finger more parallel to the skin to reduce nail contact. Additionally, we may instruct users to
clench their palms into fists as much as possible, rather than spreading them, to reduce the unevenness on the
palmar aspect of the hand caused by the bones.
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Fig. 21. Users’ evaluation of letters.
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