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Figure 1: The demonstration of TraceRing. (a) TraceRing supports touchpad-like pointing with a single IMU Ring through 
Personalized Learning. (b) TraceRing can provide ubiquitous and precise pointing input for VR, AR, and large-display interaction 
scenarios. 
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Abstract 
Achieving touchpad-like pointing with a single IMU ring is highly 
desirable for portable and wearable interaction, yet challenging 
due to incomplete motion data and significant user variability. We 
present TraceRing, a finger-worn IMU system that enables pre-
cise two-dimensional cursor control. To address the limitations 
of generic end-to-end models, we propose a personalized training 
framework that learns user-specific representations through joint 
multi-task and contrastive learning, while dynamically selecting the 
most suitable expert model. This approach enables personalization 
without requiring per-user fine-tuning, and reduces velocity predic-
tion error by 33.9% over state-of-the-art baselines. Furthermore, a 
real-time study shows it delivers speed and accuracy far exceeding 
those of AirMouse (2.26s v.s. 3.01s in average task completion time). 
These results demonstrate TraceRing as a portable and comfortable 
alternative for mobile computing and AR interaction applications. 
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devices; Pointing. 
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1 Introduction 
Pointing is one of the most fundamental interaction techniques in 
Human-Computer Interaction (HCI). With the widespread adoption 
of mice and touchpads, people are already accustomed to precise 2D 
GUI control. However, as display technologies diversify and mobile 
computing advances, devices such as VR/AR headsets, large screens, 
and tablets create a growing need for precise and ubiquitous 2D 
pointing. 

Researchers have explored alternatives, including remote con-
trollers [36, 38], cameras [12, 53], eye-tracking [10, 56], and head-
tracking [39, 54]. However, these methods are often limited by 
hardware requirements and fail to generalize across diverse sce-
narios. In contrast, wearable-based approaches avoid environmen-
tal hardware constraints and have attracted broad interest. Prior 
studies have demonstrated 2D pointing using wristbands [22, 35], 
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watches [24, 61], rings [26, 42, 47], or finger-worn devices [59] 
equipped with sEMG [22, 35], IMU [24, 26, 42, 47, 61], infrared 
proximity sensor [26], or micro RGB camera [59]. Among these, 
IMUs stand out for their compact size, low power consumption, 
and affordability, making them promising candidates for always-
available input. 

Most IMU-based pointing systems adopt a ring form factor, as 
IMUs measure finger motion most accurately when placed close 
to the finger. However, prior work often relies on additional sen-
sors [26] or multiple rings [47], while single-IMU solutions typically 
yield suboptimal performance [42, 47]. To advance toward a truly 
ubiquitous solution, we investigate why a single IMU struggles to 
reconstruct fingertip motion and propose a method to overcome 
this limitation. 

We introduce TraceRing, a system that achieves touchpad-like 
pointing with a single IMU ring through personalized learning. 
To investigate the problem, we first collected a dataset from 50 
participants with precise annotations, including synchronized IMU, 
pressure pad, and motion capture data. Our analysis revealed a key 
challenge: the presence of many "one-to-many" mappings, where 
similar finger-root motions (captured by IMU and motion capture) 
can correspond to different fingertip motions across individuals. 
This inconsistency prevents the learning of a universal model and 
highlights the need for personalization. 

Unlike prior personalization methods that require additional 
calibration data and costly fine-tuning, TraceRing employs a joint 
learning framework that achieves personalization without explicit 
calibration. The architecture consists of two main components: a 
Task Encoder (TCN + LSTM), trained with supervised learning 
to capture task-related embeddings, and a User Encoder (BiLSTM 
+ temporal attention) trained with contrastive learning to extract 
user-specific embeddings. These embeddings are combined through 
a Mixture-of-Experts (MoE) module, where multiple MLP experts 
map task embeddings to fingertip motion, and the user embed-
dings dynamically weight their outputs. This design provides effi-
cient, low-overhead personalization while maintaining good per-
formance. 

Evaluation on our dataset shows that TraceRing reduces error in 
velocity prediction by 33.9% over the previous state of the art. The 
User Encoder can also distinguish users with as little as 15 seconds 
of data and generalize to unseen participants. To evaluate usability, 
we conducted a real-time Fitts’ Law experiment, comparing Trac-
eRing with a commercial IMU air mouse and a touchpad baseline. 
Results show that TraceRing (MT = 2.26s) significantly outper-
formed the airmouse (MT = 3.01s). While participants noted that 
TraceRing’s accuracy and latency still lagged slightly behind touch-
pads, most expressed a strong willingness to adopt it in practice, 
citing its portability and ease of use. 

In summary, our contributions are threefold: 
(1) We introduce TraceRing, the first single-IMU ring system 

that delivers touchpad-like pointing through personalized learning, 
enabling reliable pointing on flat surfaces for ubiquitous interaction. 

(2) We systematically analyze why prior single-IMU approaches 
underperform and propose a novel multi-task personalization frame-
work that adapts to individual users without calibration or fine-
tuning. 

https://doi.org/10.1145/3772318.3790463
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(3) We demonstrate TraceRing’s practical usability through a real-
time experiment, showing high performance, rapid learnability, 
good generalization across users and strong user acceptance. 

2 Related Work 

2.1 Pointing Techniques 
The pursuit of natural and intuitive pointing interaction for applica-
tions in AR, VR, and large-screen displays has led to the establish-
ment of three dominant technical paradigms. These are primarily 
realized through vision-based systems, which leverage cameras to 
capture hand, face, or eye motion for gesture recognition and track-
ing [9, 10, 23, 56, 64]; surface electromyography (sEMG) sensors, 
which detect muscle activity to infer motion intentions [11, 21, 51]; 
and Inertial Measurement Units (IMUs), which track hand or head 
posture using accelerometers and gyroscopes [2, 13, 58]. However, 
these modalities present inherent trade-offs that hinder their uni-
versal applicability. Vision-based approaches are fundamentally 
constrained by high energy consumption and sensitivity to ambi-
ent lighting [28]. sEMG systems grapple with challenges in signal 
fidelity and are particularly susceptible to muscle fatigue, compro-
mising their reliability for sustained use [8, 27, 46]. 

To overcome these challenges, multi-sensor fusion Han et al. 
[15], Liu et al. [35] and algorithmic improvements [22, 65] have 
been explored. Han et al. [15] combined sEMG and IMU in a cus-
tom wristband to achieve high-precision micro-gesture recognition, 
though dataset representativeness was limited. Kaifosh et al. [22] 
proposed a non-invasive sEMG neuromuscular interface with trans-
fer learning and personalized tuning for cross-user generalization, 
yet device power and computational cost constraints still existed. 
MouseRing [47] employed one or two IMU rings for fingertip slid-
ing tracking, with the dual-ring system being more precise but less 
comfortable, and the single-ring system prioritizing comfort at the 
cost of accuracy. 

Although pointing techniques represented by the mouse and 
touchpad are already highly mature, the field continues to explore 
more unobtrusive and convenient solutions that incur lower com-
putational cost while maintaining accuracy, in order to support 
emerging scenarios such as AR. In this context, TraceRing is the 
first to achieve accurate pointing using only a single IMU ring, 
thereby resolving the critical trade-off between precision and wear-
ability. This has not been accomplished in prior work and has 
substantial practical value. 

2.2 Ring Based Input 
Ring-based interfaces have emerged as a promising form factor for 
subtle and always-available input, leading to an exhaustive explo-
ration of sensing technologies and interaction paradigms. However, 
a significant category of these designs sacrifices the core value of 
portability by requiring auxiliary wrist-worn devices to achieve 
high performance. For instance, systems like PicoRing [33], Au-
raRing [44], and Finexus [7] leverage powerful electromagnetic 
sensing for continuous tracking, but their functionality is tethered 
to a companion wristband. This dependency extends to gesture-
focused designs like Thumb-In-Motion [1] and hybrid systems like 
Ring-watch [57]. While effective, these multi-component systems 

compromise the unobtrusive, self-contained interaction that de-
fines a ring’s value proposition, thereby limiting their practicality 
in daily use. 

In pursuit of true portability, another line of research has fo-
cused on developing standalone rings that operate without auxil-
iary hardware. However, this approach has often led to a new set 
of compromises across interaction fidelity and user generalization. 
Some designs incorporate novel sensing modalities that introduce 
new vulnerabilities: Ring-a-Pose’s [62] acoustic sensing is crippled 
by poor battery life (≈1.75 hours), and TouchRing’s [50] capacitive 
sensing struggles with stable gesture recognition. Other systems 
fall short in interaction fidelity; [18] is hampered by high latency 
from external server communication. LightRing [26] imposes strict 
postural constraints that limit the user’s range of motion. Ulti-
mately, and perhaps most critically, achieving user generalization 
remains a persistent hurdle. Systems like SkinRing [16] exemplify 
this challenge, being susceptible to infrared interference and neces-
sitating burdensome, user-specific retraining, which undermines 
a seamless "pick-up-and-use" experience. FlowRing[6] combines 
an optical flow sensor, a skin-contact microphone, and an IMU 
to simultaneously provide 2D pointing and micro-gesture recog-
nition. Although it can achieve reasonably accurate pointing, it 
imposes strict requirements on device size and battery capacity, 
because the optical flow chip and its associated regulators consume 
30 times more power than the IMU and also occupy substantially 
more space. In addition, the micro-gesture recognition in this work 
exhibits limited generalizability. 

TraceRing is designed to address these limitations while explic-
itly targeting touchpad-like pointing using only a single IMU ring. 
As a truly standalone device, it avoids the portability constraints of 
auxiliary-dependent systems and high demand of power consump-
tion. At the same time, it tackles the interaction and generalization 
challenges faced by prior standalone rings. TraceRing demonstrates 
that high-fidelity pointing can be achieved with a single IMU ring, 
highlighting the practical value of this form factor for sensor-based 
interaction. 

2.3 Personalized HAR 
In the context of IMU-based touch input recognition on smart 
rings, this task falls within fine-grained human activity recognition 
(fine-grained HAR), where individual differences in users’ finger 
motion patterns are particularly pronounced [55]. To address such 
personalization challenges, a common strategy is to train a global 
model on a diverse dataset and fine-tune it with a small amount 
of user-specific data [31, 45]. Other methods introduce decoupled 
architectures, personalizing only specific model layers (e.g., the 
classification head) to reduce the adaptation overhead [32, 41, 48]. 
While effective, these approaches often require a non-trivial amount 
of personal data for fine-tuning and may not fully leverage the 
knowledge from a cohort of existing users who share similar motion 
patterns with the new user. This limits their data efficiency and 
generalization potential, especially in a cold-start scenario for new 
users. 

Some works have explored clustering-based methods to lever-
age shared data characteristics better. These schemes group users 
with similar data distributions during the training phase and train 
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cluster-specific models [5, 14, 43, 63]. However, these static clus-
tering frameworks are primarily designed to optimize model per-
formance for a known set of users. They often lack a dedicated, 
efficient mechanism for dynamically assigning a new, unseen user 
to an appropriate cluster post-deployment without significant re-
computation. More advanced systems have begun to address the 
challenge of new users. Recent work in federated learning for HAR, 
such as FedCHAR, has explicitly proposed extensions that dynami-
cally adapt to new participants [34]. While these approaches val-
idate the importance of dynamic adaptation, they often focus on 
the server-side logic of re-clustering or evolving the model pool. 
The challenge of creating a highly efficient, lightweight client-side 
mechanism for a new user to instantly match with the most suitable 
pre-trained model remains an open area. In contrast, our proposed 
method addresses these gaps by introducing a novel, two-stage 
personalization strategy. First, we leverage contrastive learning, a 
technique proven effective in learning robust representations from 
time-series sensor data [19, 25], to generate highly discriminative 
embeddings of finger motion patterns. Based on these embeddings, 
we pre-train and cluster a set of specialized ’recognition heads’. For 
a new user, instead of requiring extensive fine-tuning or server-side 
reclustering, our system employs a lightweight dynamic matching 
mechanism to select the most compatible recognition head. This 
approach achieves efficient and effective personalization for smart 
ring-based touch input, significantly lowering the barrier for user 
adaptation. 

3 Problem Formulation 
TraceRing aims to enable 2D pointing input on arbitrary surfaces 
using a single IMU ring, providing users with a precise input expe-
rience similar to a touchpad. Since most users are already familiar 
with touchpad usage, we aim to allow such experience to transfer di-
rectly, enabling seamless adoption of TraceRing without additional 
learning effort. To achieve this, we propose three key questions: 

KQ1: How can we formally define the problem of repro-
ducing the touchpad input experience? 

Although a touchpad can accurately detect the absolute position 
of the fingertip on a surface, cursor controlling is essentially real-
ized by mapping short-term relative displacements of the contact 
point to cursor movements, which can be regarded as a velocity-
to-velocity mapping through a CD gain [3]. Therefore, if we can 
reconstruct the instantaneous velocity of the fingertip on the sur-
face, we can reproduce the cursor control effect of a touchpad. 
Another reason for reconstructing fingertip velocity rather than 
absolute position is that most wearable sensors cannot perceive a 
fixed absolute coordinate system. 

Accordingly, we define the problem as follows: given sensor 
observations 𝑋 , prior information 𝑧, and model parameters 𝜃 , our 
objective is to estimate the velocity 𝑉 . Based on maximum a poste-
riori (MAP) estimation, this process can be formulated as: 

𝑉 = arg max 
𝑉 

𝑝 (𝑉 | 𝑋 , 𝑧, 𝜃 ) 

= arg max 
𝑉 

log 𝑝 (𝑋 | 𝑉 , 𝜃 ) + log 𝑝 (𝑧 | 𝑉 , 𝜃 ) + log 𝑝 (𝑉 | 𝜃 ) 
(1) 

The first term indicates that the velocity 𝑉 is the most probable 
solution inferred from the sensor observations 𝑋 . In the second 

term, we summarize all prior information as a latent variable 𝑧, 
whose meaning varies across different works. For approaches with 
high sensing performance (often at the cost of wearing comfort), 
little prior information is needed to obtain accurate velocity esti-
mation. For example, Yang et al. [59] employed an optical sensor 
similar to a mouse, achieving high tracking accuracy but offering 
a less comfortable wearing experience. The third term represents 
assumptions about the velocity itself, such as its range, smoothness, 
and other constraints. 

Figure 2: This illustration depicts how identical motion at the 
MCP joint can result in different movements at the nail tip 
when physiological parameters, such as finger length, vary. 

KQ2: Is real-time data from a single IMU ring sufficient to 
reproduce the touchpad input experience? 

We first review a recent related work, MouseRing [47]. It employs 
two IMU rings (worn on the proximal phalanx and intermediate 
phalanx, respectively) to enable a touchpad-like input experience. 
In this work, 𝑋 represents the observations from the two IMUs, 
while 𝑧 denotes the physical modeling priors (e.g., the coplanarity 
of the velocities at finger joints). Although the two IMUs provide 
much richer observations than a single IMU, strong physical model-
ing priors are still introduced to achieve an input experience close 
to a touchpad. The study also evaluated a single-ring setup, but its 
performance was significantly inferior to the dual-ring configura-
tion. 

This raises a question: are the observations from a single IMU 
sufficient for this task? Since the IMU is worn at the finger’s base, 
its distance from the fingertip makes it challenging to model the 
entire finger accurately, as with the dual-IMU setup. Moreover, due 
to differences in individual physiology, the same fingertip velocity 
𝑉 may correspond to different IMU observations 𝑋 at the finger 
base. Conversely, the same IMU observation 𝑋 at the finger base 
may correspond to different fingertip velocities 𝑉 , as shown in 
Fig. 2. The hypotheses have been empirically validated in Sec. 4.5. 
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Therefore, we argue that under the assumptions of prior work, re-
producing the touchpad input experience with a single IMU cannot 
be accomplished using their original approach. 

KQ3: How can priors be modified to overcome the infor-
mation limits of a single IMU? 

Based on Equation 1, we cannot alter the prior assumptions on 
the velocity 𝑉 itself, and our observations 𝑋 are weaker compared 
to related work. Therefore, we require a stronger prior 𝑧 to make the 
problem solvable. To this end, we propose a personalization-based 
approach. Specifically, we use a short segment of data to distinguish 
between users, and then select different priors 𝑧 and parameters 
𝜃 according to individual characteristics, thereby improving the 
robustness and precision of velocity prediction. In other words, 
personalization-based priors 𝑧 are introduced to compensate for 
the limitations of the observations 𝑋 , reducing the uncertainty 
in the mapping from 𝑋 to 𝑉 . We validate the feasibility of this 
approach experimentally in Sec. 5.3. 

4 Data Collection and Analysis 

Figure 3: We collected a finely annotated touchpad interac-
tion dataset using optical motion capture, a pressure plate, 
and an IMU ring. (a) The data collection system. (b) The IMU 
ring used in the experiment. (c) We placed markers on differ-
ent joints of the index finger to accurately track the move-
ment of the finger. 

To verify our hypotheses in KQ2 and KQ3 and to build the com-
plete system, we first conducted a large-scale data collection exper-
iment. We aimed to comprehensively record the entire process of 
user-touchpad interaction to enable detailed analysis and method-
ological design. 

4.1 Apparatus 
To ensure that user behavior was as close to real usage as possi-
ble, we did not employ a wired setup. Instead, we used a wireless 
smart ring equipped with a six-axis IMU to collect data (see Fig. 3). 
We worked with the manufacturer to custom-build a smart ring 
inspired by the 𝜏 -ring [49]. Compared with the 𝜏 -ring, our design 
removes the PPG sensors and adds a capacitive touch sensor. The 
ring is based on the ICM-42688 IMU sensor and transmits data to 
the computer via BLE at a sampling rate of 200 fps. During the 
experiment, participants were instructed to wear the device in a 
fixed orientation so that the IMU axes remained consistent across 
all trials. When the finger rested flat on the desk, the positive di-
rections of the x, y, and z axes corresponded to forward, rightward, 

and downward, respectively. We kept the wearing orientation con-
sistent with subsequent experiments to ensure data consistency. 
In practical deployments, the orientation can be estimated from 
gravity and the sensor axes rotated accordingly, or handled via data 
augmentation. For simplicity, we did not implement these steps, 
as we consider them outside the scope of this work and a known, 
addressable engineering issue. We acknowledge this as a limitation 
of our work. 

To capture the ground-truth displacement of the fingertip, we 
used a Sensel Morph1 pressure pad to record touch positions, sam-
pled at approximately 240 fps. We also implemented a simple cursor 
control scheme on top of it to provide users with feedback (Fig. 3(a)). 
We assumed that there was only one touchpoint at any given time. 
We directly mapped the displacement between consecutive touch 
positions directly to the cursor’s movement direction and distance 
(without CD gain). If the interval between touch-down and lift-
off was shorter than 0.5 s, we regarded it as a click event at the 
corresponding location. 

In addition, to obtain full-hand pose data throughout the interac-
tion, we employed an OptiTrack optical motion capture system. Five 
2 mm infrared reflective markers were affixed to the carpals (CMC), 
metacarpophalangeal joint (MCP), proximal interphalangeal joint 
(PIP), distal interphalangeal joint (DIP), and the nail tip (NT) (see 
Fig. 4). 8 surrounding cameras were used to track the 3D absolute 
positions with sub-millimeter accuracy, at a sampling rate of 120 
fps. 

During the experiment, users received visual feedback of the 
cursor movements on a 23.8-inch display with a resolution of 
1920×1080, positioned approximately 40 cm in front of them. 

4.2 Participants 
We recruited 50 participants from a university campus and its sur-
rounding community (21 male, 29 female, aged 16–38, M = 25.78). 
All participants were right-handed and had no excessively long 
fingernails. The diameter of each participant’s finger was smaller 
than the inner diameter of the ring; for users with skinny fingers, 
we applied nano tape inside the ring to ensure a secure fit. 

4.3 Design and Procedure 
Since we aimed for users’ behavior to be as consistent as possible 
with real touchpad usage, we did not design a wide variety of tasks; 
instead, we employed a single Fitts’ Law task. In the experiment, 
participants controlled a cursor by moving their finger on the pres-
sure pad and performed single clicks with finger taps. In each trial, 
a square target randomly appeared on the interface. Participants 
were required to move the cursor into the target region using the 
pressure pad and then click. Upon a successful click, the next square 
target appeared. 

Each trial consisted of 20 targets. The target size was set to one 
of three values—20 px, 50 px, or 100 px—which were alternated in 
sequence. Each participant completed 8 blocks of 24 trials, with each 
block containing all three target sizes. Participants took at least a 
30-second break between blocks; some slower participants com-
pleted only 6 blocks. The entire experiment lasted approximately 
30 minutes, and each participant received 10 dollars as reward. 
1https://morph.sensel.com/ 

https://1https://morph.sensel.com
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4.4 Data Processing 
Since our study involves multimodal sensor data with different 
sampling rates, the first step was to align them. The pressure pad 
and the optical motion capture system were connected to the com-
puter via wired connections, both using the PC’s local clock. The 
IMU ring, however, transmitted data via BLE and relied on its on-
board timestamps. To synchronize, we first calculated the precise 
sampling frequency of the IMU (relative to PC time, approximately 
199.84 fps). We manually calibrated the start time of each recording 
session to ensure that the IMU’s click peaks aligned with the touch 
signals detected by the pressure pad, thereby converting the ring’s 
local timestamps into PC timestamps. 

Verification confirmed that the movement data from the pres-
sure pad were temporally consistent with the nail tip trajectories 
captured by the motion capture system, and that the temporal offset 
between the IMU click peaks and the pressure pad’s touch signals 
was generally less than 0.05 seconds (i.e., aligned at 200 fps). In 
this way, temporal synchronization across modalities was achieved. 
After synchronization, we trimmed the data to the shortest time 
span among the three modalities and applied linear interpolation 
to align the pressure pad and motion capture data with the IMU 
data at every timestamp. 

4.5 Preliminary Data Exploration 

(a) The closest IMU segment compari-
son. 

(b) The closest optical motion capture 
segment comparison. 

Figure 4: Using the data segment at MCP as the query, com-
pare it with the matched segment that is close in distance. 
Even if the data at MCP appear almost identical, the motion 
data of the fingertips shows significant differences. 

To verify the hypothesis proposed in Section 3, that the IMU data 
from a single ring is insufficient to reconstruct finger movements 
on a touchpad, we conducted a preliminary data exploration on the 
dataset. 

4.5.1 The mapping from MetaCarpoPhalangeal(MCP) to Nail Tip. 
We first aim to illustrate the assumption introduced in Section 3: the 
data exhibit a "one-to-many" relationship. Specifically, the same mo-
tion at the MCP (reflected in the IMU signals and the optical marker 
positions) may correspond to different motions at the Nail Tip (re-
flected in the touchpad signals). To examine this, we randomly 

sampled several 20-frame (0.1 s) segments from the dataset, ensur-
ing that the index finger remained in contact with the touchpad. 
For each sampled segment, we then identified both the most similar 
IMU segment and the most similar MCP-marker motion segment 
in the dataset. We measured the similarity between two segments 
using Euclidean distance, and employed the method in [37] for 
acceleration. Since the ranges of acceleration and angular velocity 
differ for IMU data, we first scaled the angular velocity by a factor 
of three before matching. 

We present one representative result in Fig. 4, with additional 
results in Appendix A. In the figure, IMU or motion capture data at 
the MCP are used as the query, and the most similar segment from 
the dataset is retrieved, denoted as matched. The two segments are 
nearly identical regarding MCP data; however, their correspond-
ing Nail Tip motions (bottom two rows) differ substantially. This 
demonstrates that relying solely on a single IMU placed at the MCP 
is insufficient to directly reconstruct the touchpad motion at the 
Nail Tip, which also helps explain why the single-ring configuration 
in [47] performed poorly. 

4.5.2 Wrist Position. We also analyzed the wrist positions of par-
ticipants during input. Although the experiment did not impose any 
constraints on hand posture, most participants naturally chose to 
keep their wrist fixed in one position and relied solely on the index 
finger to accomplish the target selection tasks. Statistical analysis 
shows that in 84.7% of the trials, the displacement of the wrist 
marker was less than 1 cm, indicating that fixing the wrist while 
using a touchpad is a natural and comfortable choice. Moreover, 
since this posture partially reduces the degrees of freedom in finger 
movement, we adopted it in subsequent experiments to facilitate 
learning of the motion mapping between the MCP and the Nail Tip. 

5 Method 
Next, based on the characteristics of the task of achieving touchpad-
like pointing with a single IMU, we designed a personalized learn-
ing–based algorithm and evaluated its performance on the dataset. 
Thus, we validated the hypothesis from Section 3: that incorporat-
ing personalized priors can overcome the limitations of single-IMU 
data. 

5.1 Algorithm Pipeline 
Figure 5 illustrates our algorithmic pipeline. We first perform ori-
entation estimation and gravity compensation on the raw IMU 
input, and then feed the processed signals into two branches: a 
task encoder and a user encoder. The task encoder, responsible 
for extracting task-related information (i.e., velocity reconstruc-
tion), comprises a TCN module followed by an LSTM and outputs 
a task embedding. The user encoder, responsible for extracting 
user-specific characteristics, consists of a bidirectional LSTM and 
a temporal attention mechanism; it converts a short segment of a 
user’s input into a user embedding. The task embedding is passed 
through MLP-based Expert module(s), and the Expert outputs are 
combined by a weighted sum where the weights are produced by 
applying a linear layer to the user embedding; the result is the 
final predicted velocities along the x and y axes. We replaced the 
commonly used segmented regression training paradigm with a 
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Figure 5: Algorithm Pipeline for TraceRing. 

seq2seq approach to enable the model to capture richer task-related 
temporal information. 

Below, we describe each component in detail and present the 
training and inference procedures. 

5.1.1 Gravity Compensation. Since the gravity component typi-
cally dominates the accelerometer readings but is irrelevant to our 
task, we remove it to improve the stability of model inference. To 
eliminate gravity, we first estimate the ring’s orientation using the 
VQF algorithm [29], which accurately computes the real-time IMU 
orientation from six-dimensional accelerometer and gyroscope in-
puts. With the estimated orientation, we project the gravity vector 
onto each axis of the IMU accelerometer and subtract it accord-
ingly. The resulting signals represent the linear acceleration and 
angular velocity in the IMU’s local coordinate system. Using these 
gravity-compensated signals not only enhances inference stability 
but also makes the algorithm naturally applicable to touch surfaces 
at arbitrary orientations. 

5.1.2 Task Encoder. The goal of the Task Encoder is to capture 
as much fingertip velocity–related information from the input as 
possible. To this end, we design a TCN-LSTM architecture, where 
the TCN module extracts short-term temporal patterns from local 
input segments, and the LSTM module models sequential depen-
dencies over the entire input sequence, producing an embedding of 
size hidden_dim at each time step. We adopt TCN because its large 
receptive field and causal convolution ensure accurate prediction 
coverage. The LSTM complements this by capturing temporal de-
pendencies, particularly emphasizing the most recent inputs. Since 
instantaneous fingertip velocity is mainly determined by short-
term motion history and longer-term user-specific dynamics, this 
architecture is well-suited to capture both aspects effectively. 

5.1.3 User Encoder. The goal of the User Encoder is to capture as 
much user-specific information as possible, to guide the selection 
of the most suitable Expert for each individual. We first apply a 
bi-directional LSTM, which encodes contextual relationships across 
time and produces features for each timestep. These features are 
then passed through an MLP followed by a softmax layer, whose 
outputs are used to compute a weighted sum over the original 
features. This temporal attention mechanism allows the model to 
emphasize user traits revealed in critical actions (e.g., pressing down 
or lifting off). Finally, the result is passed through a Linear layer and 
LayerNorm to produce the user embedding. Although this design 
does not inherently constrain the input length, in our experiments 
we fix the sequence length L to ensure stable and effective user 
modeling. 

5.1.4 MoE Module. To achieve personalization, we adopt a Mix-
ture of Experts (MoE) architecture, where multiple MLPs serve as 
Experts to map the task embedding into fingertip velocities. In-
stead of including the entire Task Encoder within each Expert, we 
only use the prediction heads as Experts. This design significantly 
reduces the parameter count and lowers both training and infer-
ence costs. The user embedding is passed through a linear gating 
network, which produces weights to combine the outputs of the 
MLP Experts into the final predicted fingertip velocities (Vx and 
Vy). In practice, computational efficiency can be further improved 
by applying a top-k selection strategy, activating only a subset of 
the Experts during inference. 

5.2 Model Training 
5.2.1 Training Process. During training, to ensure the model cap-
tures sufficient historical information, we segment the data into 
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sequences of length 3000 frames (i.e., 15 seconds). Since the index 
finger does not remain on the plane for the entire segment, we also 
record a corresponding mask, assigning a value of 1 to timesteps 
where the finger is in contact with the plane. After passing the 
input through the model, we obtain the predicted fingertip veloci-
ties along the x and y axes(𝑣𝑡 ) at each timestep. Multiplying these 
predictions by the mask(𝑚𝑡 ), we compute the MSE loss with respect 
to the ground truth and normalize by the number of valid timesteps 
in the mask, yielding the velocity loss Lvel: 

Lvel = 

 𝑇 
𝑡 =1 𝑚𝑡 ((𝑣𝑥 

𝑡 − 𝑣𝑥 
𝑡 )2 + (𝑣𝑦 

𝑡 − 𝑣 
𝑦 
𝑡 ) 2)  𝑇 

𝑡 =1 𝑚𝑡 
, (2) 

To ensure that the user embedding effectively distinguishes be-
tween different users, we optimize it using a contrastive learning 
approach. Specifically, for each batch, we sample 𝑁 users, and for 
each user, we select 𝑀 data segments. After passing these segments 
through the model and normalizing, we obtain the user embedding 
𝑧𝑖 , with each embedding corresponding to a user 𝑢𝑖 . The similarity 
between samples, 𝑠𝑖 𝑗 , is then defined as: 

𝑠𝑖 𝑗 = 
z⊤ 
𝑖 z𝑗 
𝜏 

(3) 

Here, 𝜏 is the temperature coefficient, which we empirically set 
to 0.07. Denoting the set of positive samples as 𝑃 (𝑖 ) = { 𝑗 |𝑢 𝑗 = 𝑢𝑖 }, 
the contrastive loss Lctr is defined as: 

Lctr = − 
1 

𝑁 × 𝑀 

𝑁×𝑀∑︁ 

𝑖=1 

∑︁ 

𝑗 ∈P(𝑖 ) 

1 
|P(𝑖 ) | log 

exp(𝑠𝑖 𝑗 )  𝑁 ×𝑀 
𝑘 =1 exp(𝑠𝑖𝑘 ) 

(4) 

This loss encourages embeddings from the same user to be closer. 
However, relying solely on the contrastive loss would limit the 
model to distinguishing only among users in the training set, reduc-
ing its ability to generalize to unseen users. To address this, we use 
𝐾 learnable prototypes and compute the similarity between each 
sample and all prototypes, denoted as 𝑠 𝑝𝑟𝑜𝑡𝑜 

𝑖𝑘 , which is defined as:

𝑠 𝑝𝑟𝑜𝑡𝑜 
𝑖𝑘 = 

z⊤ 
𝑖 p𝑘 

𝜏 
(5) 

We identify the closest prototype to each sample and treat it as 
its corresponding category. A cross-entropy loss is then applied to 
enforce this assignment, defined as: 

Lproto = − 
1 
𝐵 

𝐵∑︁ 

𝑖=1 

log 
exp(𝑠 proto 

𝑖 𝑦𝑖 
)  𝐾 

𝑘 =1 exp(𝑠 
proto 
𝑖𝑘 ) 

(6) 

Here, 𝑦𝑖 = arg max𝑘 𝑠 
proto 
𝑖𝑘 denotes the index of the closest proto-

type to the sample. Finally, the overall loss is expressed as a linear 
combination of the three components: 

L = Lvel + 𝜆ctr Lctr + 𝜆proto Lproto (7) 

In our experiments, we empirically set the number of prototypes 
to 16, 𝜆ctr = 0.1, and 𝜆proto = 1. 

Table 1: Performance comparison of different models. These 
errors are measured in cm 2/s 2 . 

Model VError XError YError 

MouseRing 2.24 2.22 2.27 
TraceRing w/o User Encoder 1.73 1.76 1.70 
TraceRing 1.48 1.51 1.45 

TraceRing-2-Experts 1.58 1.56 1.61 
TraceRing-4-Experts 1.55 1.57 1.53 
TraceRing-6-Experts 1.62 1.65 1.60 
TraceRing-8-Experts 1.48 1.51 1.45 
TraceRing-10-Experts 1.58 1.53 1.63 

5.2.2 Training Settings. In our experiments, the Task Encoder con-
sists of two TCN modules with a kernel size of 3 and channel sizes 
of 64 and 128, respectively. The hidden dimension of the LSTM 
module is set to 64, and the user embedding dimension is also set to 
64. All of these parameters were selected empirically. The training 
was conducted using the AdamW optimizer, with a fixed learning 
rate of 0.001 and a weight decay of 0.0001. We trained our model 
on a server equipped with an NVIDIA RTX 4090 GPU, using a 
batch size of 64 for a total of 2000 epochs, and reported the best 
performance on the test set. 

5.3 Evaluation on Dataset 
We first evaluate the model’s performance on the dataset. For the 
50-user dataset, we adopted a 5-fold cross-validation strategy: all 
users were divided into 5 groups of 10, each serving as the test set 
once while the remaining groups formed the training set. The final 
results were obtained by averaging across all folds. 

5.3.1 Velocity Prediction Performance. As shown in Table 1, we 
evaluated the performance of different models on our dataset. We 
measured the accuracy of velocity reconstruction using the mean 
squared error (MSE) between the predicted and ground truth fin-
gertip velocities at each frame. Additionally, we separately report 
the MSE for the x- and y-axis velocities. We used the single-ring 
configuration of MouseRing [47] as our baseline. We also experi-
mented with different numbers of Experts. The results demonstrate 
that, compared to the previous state-of-the-art MouseRing, our 
approach achieves a significant improvement of 33.9% in velocity 
prediction error (Table 1), greatly enhancing the user experience. 
Moreover, testing with varying numbers of Experts shows that the 
differences among the other configurations are minor. For the subse-
quent experiments, we adopted the best-performing configuration 
with 8 Experts. An ablation study also shows that removing the 
user encoder (retaining only the task encoder) leads to a substantial 
performance drop (1.48 to 1.73). 

5.3.2 User Embedding Visualization. To evaluate the effectiveness 
of the User Encoder, we randomly selected a fold and visualized all 
embeddings from its training and test sets using t-SNE, as shown 
in Fig. 6. In the figure, larger dots with black borders represent test 
set data, while lighter dots without borders represent training set 
data. 
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Figure 6: TSNE results of the user embeddings on both train 
and test dataset. Different colors represent different users. 
Large circles with borders indicate test set results, while small 
circles without borders indicate training set results. 

It can be observed that embeddings from the training set are 
completely separable, indicating that the model accurately captures 
inter-user differences. Even for test set data from users unseen dur-
ing training, most embeddings from the same user form tight clus-
ters, while embeddings from different users remain distinguishable. 
Moreover, the test set embeddings do not form a single compact 
cluster but are distributed across the training set’s distribution. De-
spite occasional outliers, these results suggest that the model can 
distinguish between different users and identify users with similar 
characteristics. 

5.3.3 Temporal Attention Visualization. In the User Encoder, we 
employ a weighted sum to emphasize timesteps that better reflect 
inter-user differences. To illustrate this, we visualize the weights, as 
shown in Fig. 7. Each weight peak almost exactly precedes an accel-
eration spike, rather than aligning with the spike itself. For angular 
velocity, the peaks typically occur at the center of an up–down–up 
oscillation pattern. 

In our dataset, nearly every acceleration spike corresponds to a 
finger pressing action during a click. This indicates that the model 
places more emphasis on the data immediately before and after a 
click, since these segments involve larger finger movements that 
more clearly reveal user-specific differences. In contrast, the accel-
eration spike at the exact moment of clicking contains excessive 
noise, which explains why the corresponding weight is relatively 
low. 

5.4 Real-time Usage 
The previous subsection primarily evaluated the algorithm’s perfor-
mance on the dataset. However, in practical use, it is not sufficient to 
merely reconstruct fingertip velocity. We also need touch detection 
to determine when to move and when to stop, filtering mechanisms 

and CD gain to make the cursor behavior closer to that of a conven-
tional touchpad. In addition, we must design an efficient strategy 
for computing the user embedding—one that avoids recalculating 
it at every frame, thereby reducing computational overhead while 
maintaining good performance. 

5.4.1 Touch Detection. We first crop the raw data into segments 
and use the pressure pad readings to label each IMU frame as contact 
(1) or no contact (0). We then treat each transition from 0 to 1 as 
a "Press" event and each transition from 1 to 0 as a "Lift" event.. 
We adopted the four-class event framework from [17], classifying 
each data window into one of four states: Contact, In-air, Press, 
and Lift. Including stable states (Contact and In-air) enhances the 
model’s robustness in distinguishing between transient transitions 
and stable conditions, thereby effectively reducing false positives. 

Accordingly, based on these states, we designed an event-driven 
windowing and sampling strategy. For "Press" events, we extract 
an asymmetric window (15 timesteps before the event, 5 after) 
to capture the preparatory motion. For "Lift" events, we extract 
a symmetric window centered on the event point. This design is 
crucial to prevent the sampling window of a "Lift" event from being 
contaminated by data from a preceding "Press" event, especially 
in rapid tapping scenarios. Conversely, since our dataset contains 
no instances of ’Lift-then-immediately-Press,’ employing an asym-
metric window for ’Press’ events is safe. This design also allows 
the system to complete detection just 5 timesteps after an event oc-
curs, significantly reducing interaction latency. For the stable states 
"Contact" and "In-air," we sample windows randomly from their 
corresponding long-duration segments to ensure sample diversity. 
Through this methodology, we constructed a clearly labeled dataset 
focused on both critical transitions and stable states. 

On this dataset, we utilized the InceptionTime model [20] for 
classification. We trained the model using the tsai library [40], with 
6-channel IMU data as input and the four event classes as output. 
The number of initial filters (nf) was set to 16. We employed a 
batch size of 1024 and the one-cycle training policy for 15 epochs, 
with a maximum learning rate of 5e-3. The final model achieved an 
accuracy of 97.1% on the test set. 

To implement the click functionality and enable the TraceRing 
system to be used like a conventional pointing device, we designed 
a threshold-based algorithm. When a "Lift" event is detected, if the 
elapsed time since the most recent "Press" event is less than 100 
ms and the cursor displacement during this interval is less than 20 
pixels, the interaction is classified as a click. The 20 px constraint 
prevents rapid (each shorter than 100 ms), consecutive small cursor 
adjustments from being misclassified as clicks. With this design, 
users can operate the GUI in a manner analogous to a physical 
touchpad—press to move, lift to stop, and tap to click—with a very 
low learning cost. 

During clicking, the cursor should ideally remain stationary. 
However, our tests showed that between the "Press" and "Lift" 
events of a click, the values predicted by TraceRing are small and 
only move the cursor by a few pixels. For convenience, we did not 
filter out this jitter. Users may notice a very slight cursor movement 
when clicking, but its impact on click accuracy is negligible. We 
consider this an engineering issue that should be addressed in future 
work to further improve the user experience. 
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Figure 7: In the user encoder, we use a weighted sum to assess the importance of different time steps for distinguishing users. 
Here, we visualize it, where darker colors indicate that the corresponding data segment is more important for differentiating 
users. 

5.4.2 Real-time Inference. We set a default user embedding to sup-
port cold-start usage. During user interaction, once 3000 frames of 
data (15 seconds) are accumulated, we trigger a user embedding 
update. This computation runs in a separate process to avoid inter-
fering with the main process’s runtime performance. The resulting 
embedding is then updated using an exponential moving average 
(EMA), i.e.: 

𝑒𝑚𝑏𝑡 = (1 − 𝛼 ) 𝑒𝑚𝑏𝑡 −1 + 𝛼 𝑒𝑚𝑏 new 
𝑡 , 𝛼 ∈ (0, 1) (8) 

Here, 𝑒𝑚𝑏𝑡 denotes the user embedding at time 𝑡 . For the first 
update, we set 𝛼 = 0.8; for subsequent updates, we use 𝛼 = 0.2. 
This ensures that the embedding closely reflects the user’s accurate 
representation while remaining robust against extreme fluctuations. 

We evaluated the runtime efficiency of the complete algorithm 
on a laptop equipped with an Intel(R) Core(TM) i7-11800H CPU 
(without GPU). Without any optimization, the system runs at 200 
fps on CPU alone. We believe the approach is capable of real-time 
performance and, with additional optimizations such as quanti-
zation, pruning, and platform-specific acceleration, can achieve 
full-speed operation on virtually any platform. 

5.4.3 Filters and CD Gain. The model outputs velocities on the 
plane, which can be considered the raw touchpad input. To convert 
these into actual cursor movements, a CD gain needs to be applied. 
Additionally, we employ a 1-Euro filter [4] to smooth the velocities, 
a technique widely used in pointing tasks. After tuning, we set the 
1-Euro filter’s minimum cutoff frequency to 0.0004 and the speed 
coefficient to 0.08. The CD gain is configured as follows: 

𝐶𝐷 (𝑣𝑡 ) = 𝐶𝐷min + 
 
𝐶𝐷max −𝐶𝐷min 

 
· 1 

1 + 𝑒 −𝑘𝑣 · (𝑣𝑡 −𝑣0 ) 
(9) 

Here, 𝑣𝑡 denotes the magnitude of the velocity at the current 
timestep. The parameters are set as follows: 𝐶𝐷min = 0.3, 𝐶𝐷max = 
2.0, 𝑘𝑣 = 0.2, and 𝑣0 = 15. 

6 Usability Evaluation 

Figure 8: We built a Fitts’ Law usability testing system and 
used a touchpad and an airmouse as baselines. (a) The visual-
ization interface and setup used in the experiment. (b) The 
airmouse used in the study. (c) The mouse used in the study. 

We conducted a study to evaluate the pointing performance 
of TraceRing by comparing it with conventional pointing devices 
(Mouse and Touchpad) as well as an IMU-based pointing device 
(AirMouse). In addition, we examined the performance of TraceRing 
across different surface types. 
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6.1 Apparatus 
In this experiment, we used the same smart ring and wearing con-
figuration as in the previous study (Sec. 4.1). The entire system 
was deployed on a Lenovo Legion Y9000P 2021 equipped with an 
Intel(R) Core(TM) i7-11800H CPU. The GPU was disabled, and the 
model was fully executed on the CPU. For comparison, we included 
three baselines: the built-in touchpad of the laptop, a wireless 
mouse (Xiaomi XMSMSB01YM) and an air mouse that also uses 
IMU-based cursor control (Deli 2803). The experimental setup is 
shown in Figure 8. 

6.2 Participants 
We recruited 16 participants ( 10 males, 6 females, aged 22–36, 
M=26.56) from a university campus and its surrounding community. 
All participants were right-handed; 13 were highly familiar with 
touchpad use, and 6 had prior experience with the air mouse. None 
of them overlapped with the participants from the previous data 
collection experiment. 

Figure 9: The experimental setup with different surfaces. The 
Fitts’ law experiment was conducted on the wood surface, 
while the remaining surfaces were provided for participants 
to try and to give subjective ratings. 

6.3 Design and Procedure 
To evaluate the actual effectiveness of cursor control, we conducted 
a Fitts’ Law experiment comparing three input methods: the laptop 
touchpad, the air mouse, and TraceRing. We developed a Python-
based experimental interface (Fig. 8(a)). In each trial, two yellow 
circular buttons appeared on the screen, one labeled S (Start) and 
the other E (End). The button diameter ranged from 45 px to 120 
px, and the distance between the two buttons ranged from 45 px 
to 1500 px (screen resolution: 1920 × 1080 px). Participants were 

required to first move the cursor to S and click the button , after 
which the button turned green. They then had to move as quickly as 
possible to E. A click at E was considered a success, after which the 
next trial began. Besides task-related information (e.g., target size, 
distance, and timestamps), we logged the full cursor trajectories to 
enable later reconstruction of the experimental process. 

Before the experiment started, participants were given about 5 
minutes to familiarize themselves with all four input methods. 
They then completed the four conditions in a Latin-square coun-
terbalanced order . They repeated 5(rounds) × 10(trials)=50(trials) 
for each condition. After each round, participants rested for about 
30 seconds. 

After the target selection experiment, we additionally asked 
participants to try TraceRing on surfaces with different materials. 
All materials are listed in Fig. 9. For each material, participants 
were required to use TraceRing on the surface for at least 1 minute, 
including moving the cursor and clicking, until they felt able to 
evaluate its performance under that condition. 

The entire experiment lasted about 45 minutes. After each 
round, participants filled out a subjective questionnaire and an-
swered several open-ended questions. Each participant received a 
15 dollar reward for their participation. 

6.4 Results 

(a) The mean completion time of dif-
ferent input methods. 

(b) The linear relationship between ID and the 
completion time. 

Figure 10: Visualizations of the average completion time 
across systems, as well as the completion time of each system 
under different IDs. Vertical error bars represent the 95% 
standard error of the mean (SEM). 

6.4.1 Task Completion Efficiency. Figure 10(a) compares the mean 
completion times across different systems. It can be observed that 
the mean completion times for TraceRing (MT = 2.26s, SD = 0.91s) 
are substantially shorter than for the Airmouse (MT = 3.01s, SD = 
4.16s), but longer than Touchpad (MT = 1.27s, SD = 0.38s) and Mouse 
(MT = 0.88s, SD = 0.24s). A one-way ANOVA further confirmed 
these results: the completion time of the TraceRing was signifi-
cantly shorter than that of the Airmouse (F=17.85, p<0.001), but 
significantly longer than that of the Touchpad (F=574.74, p<0.001) 
and the Mouse (F=1217.30, p<0.001). 

Since task difficulty has a significant effect on completion time, 
direct comparisons of raw times are not fair. Following Fitts’ Law, 
we quantify task difficulty using the index of difficulty (ID), defined 
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as 𝐼 𝐷 = log2 
2𝐷 
𝑊

, where 𝐷 is the target distance and 𝑊 is the target 
width. According to Fitts’ Law, completion time is expected to 
exhibit a linear relationship with ID. Figure 10(b) presents the linear 
regression of completion times across different difficulty levels. The 
results show that TraceRing performs comparably to AirMouse 
when the ID is below 3, but substantially outperforms AirMouse 
at higher IDs. This is also reflected in the slope of the fitted line, 
indicating that the input efficiency of TraceRing is considerably 
better than that of AirMouse. Although its input efficiency does 
not yet reach the level of the touchpad or mouse, we still consider 
TraceRing’s performance quite promising. Compared to the single-
ring configuration of MouseRing[47], whose input efficiency is 
significantly lower than that of AirMouse, TraceRing represents a 
substantial improvement. 

In addition, relative to the experimental setup of MouseRing[47], 
we replaced dwell-based selection with click-based selection, mak-
ing the pointing evaluation more closely resemble real-world use. 
However, since click is not a core contribution of this work, we only 
provide a simple implementation in Section 5.4.1. This implementa-
tion works well for most users, but in our study we observed that 
a subset of participants exhibited relatively low click recognition 
accuracy (about 60%–70%). These users tended to wait for feedback 
after clicking before deciding whether to continue moving or click 
again, which increased their cognitive load and reaction time. For 
the other devices, click accuracy was close to 100%, so this issue did 
not occur. Improving click robustness will therefore be a key focus 
of future optimization to make TraceRing a sufficiently practical 
pointing device. 

Figure 11: Completion time of each system under different 
rounds. 

6.4.2 Learning Efficiency. To illustrate the learning efficiency of 
different input methods, we plotted the completion times across 
five rounds (Figure 11). As shown, all four input methods exhibited 
a slight decrease in completion time with increasing rounds, but 
the reduction was not substantial. This indicates that TraceRing is 
easy to learn and requires little training effort, but still needs some 
time to adapt to achieve better performance. 

6.4.3 Performance Across Users. Figure 12 plots the mean com-
pletion time for each participant using TraceRing. As shown, Par-
ticipants 3, 5, and 8 exhibit noticeably higher mean times than 

Figure 12: Completion time of TraceRing across users. 

the overall average. Participants 3 and 8 reported relatively low 
click recognition accuracy (around 70%–80%), which forced them to 
frequently wait for feedback after clicking and then click again, mak-
ing their response times difficult to estimate. Participant 5 showed 
slightly lower pointing accuracy than the others, which may be 
attributable to individual factors (because his fingers are relatively 
thick, the ring can only be worn near the proximal interphalangeal 
(PIP) joint rather than at the base of the finger); for example, there 
may be relatively few users in the training data whose behavior 
and physiology are similar to theirs. Nevertheless, because most 
participants’ completion times are relatively consistent, we believe 
that TraceRing can effectively accommodate diverse individual 
characteristics and provide a robust pointing input experience. For 
participants with poorer performance, we expect that augmenting 
the dataset could help cover a broader range of cases. 

Figure 13: Subjective scale results of different input methods 
in the cursor control experiment. Some items were reverse-
scored so that, for each item, a higher score indicates better 
system performance. 

6.4.4 Subjective Indicators. We selected and adapted several items 
from the SUS (System Usability Scale) (left half) and combined them 
with all items from the NASA-TLX scale (right half) to form a com-
prehensive scale for evaluating subjective scores across different 
systems (Figure 13). As shown, although TraceRing does not fully 
match the Touchpad in terms of latency or tracking accuracy, its 
higher portability and ease of learning lead to great user willingness 
to use it. The NASA-TLX results further indicate that TraceRing 
imposes a significantly lower overall workload than the Airmouse( 
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mean score 4.68 v.s. 2.50, F=130.60, p<0.001), but higher than the 
Touchpad and Mouse, with absolute workload values remaining 
relatively low. 

We also collected participants’ willingness to use TraceRing and 
asked them to suggest potential usage scenarios. Among the partic-
ipants, 87.5% (14/16) expressed that they would be willing to use 
TraceRing immediately in daily life. They envisioned using it in sce-
narios such as mobile work/iPad (6/14), large screens/presentations 
(5/14), remote control (5/14), narrow desktop (2/14), multi-screen 
interaction (1/14), privacy input (1/14) and control device on the 
leg (1/14). Representative comments include: "It feels very good 
overall to me, because using it is very similar to using a touchpad." 
(P2); "I usually use a mouse, so I was not very used to TraceRing 
at first. After adapting, I found that its accuracy in my hands is no 
worse than most mice." (P5); "When I am lying in a chair or on the 
bed watching a movie, I would really like to use it, so that I do not 
have to get up to pause and play." (P6); "The movement amplitude is 
sometimes different from what I expect, so it may take some getting 
used to. Its large-range control is similar to a touchpad, but there is 
still room for improvement in fine-grained adjustments over small 
ranges." (P10); "It is very convenient to carry and very easy to learn, 
so it may be particularly suitable for middle-aged and older users." 
(P16) 

Figure 14: Subjective scale results of different types of sur-
faces. 

6.4.5 Performance on Different Types of Surfaces. As shown in 
Fig. 14, we asked participants to evaluate click accuracy, pointing 
accuracy, and willingness to use TraceRing on different surfaces. On 
relatively hard surfaces, click accuracy did not change noticeably, 
whereas on a very soft surface (the thigh), click accuracy dropped 
substantially. For pointing accuracy, rougher surfaces with higher 
friction had some impact, but the effect was not particularly large. 
However, because the click response rate on the thigh was low, 
many participants found it difficult to initiate cursor control via 
pressing, which in turn led to a large decrease in movement accu-
racy. In contrast, on a plastic stool at approximately the same height 
as the thigh, click and pointing accuracy were much higher, even 
though the surface was not flat. Given that our dataset only covers 
movement and tapping on hard, smooth surfaces, these results are 
reasonable. Tap detection relies on the contact impulse, which dif-
fers across surfaces: hard surfaces produce sharp IMU spikes, while 
soft surfaces produce more sustained oscillations, limiting cross-
surface generalization. Surface differences are less pronounced for 
velocity estimation during continuous motion. Collecting data on 
a wider range of surfaces could improve usability, which we leave 
for future work. 

7 Application 
This section illustrates typical usage scenarios of TraceRing. Be-
cause its interaction model mirrors that of a conventional touchpad, 
its applications are very similar. However, as a smart ring that can 
be worn continuously, TraceRing is inherently portable and always 
available, offering additional convenience in certain contexts. These 
examples are not proposed as novel interaction techniques; rather, 
they are intended to help readers better understand the potential 
application space of TraceRing. 

Figure 15: TraceRing’s diverse application scenarios. (a) Mo-
bile productivity with a tablet. (b) Remote control of a large 
display. (c) Text input using gesture typing. 

7.1 Mobile and Ubiquitous Computing 
New interaction bottlenecks have emerged with the growing preva-
lence of devices like tablets, foldable smartphone and AR/VR head-
sets. Direct touch interaction becomes difficult when a tablet or a 
foldable smartphone is propped up on a stand to serve as a display. 
Meanwhile, in AR/VR environments, camera-based hand tracking 
is not only power-intensive, but its corresponding mid-air inter-
actions also lead to fatigue and inconsistent precision due to the 
lack of physical feedback. TraceRing offers a unified and elegant 
solution for these scenarios by transforming any regular physical 
surface into an on-demand, high-precision trackpad. For instance, 
users can perform precise actions on a propped-up tablet, such as 
play/pause or scrolling, by simply sliding their finger on the desk. 

7.2 Remote Control of Large Displays and IoT 
Devices 

In the past, interaction with large distant displays or IoT devices has 
typically relied on remote controllers, which are often misplaced, 
and in many situations users may also prefer not to interact via 
direct touch at close range. TraceRing provides an always-available 
solution for remote interaction: users can perform convenient and 
precise control on a nearby surface while remaining in a comfort-
able posture on a bed or sofa. By connecting via Bluetooth to a 
smartphone or control hub, TraceRing can easily interact with any 
target device. 

7.3 Gesture and Text Input 
Pointing alone is insufficient for interactions with large displays 
and AR environments; gesture and text input are often also required. 
Since TraceRing provides precise cursor control, it can naturally be 
extended to support gesture and text input. By leveraging existing 
2D gesture recognizers [52], continuous cursor movements can 
be directly converted into gestures. Similarly, this enables gesture 
typing for fast text entry. Following the approach in [60], each 
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input sequence starts from the letter "G," and the user moves se-
quentially to the desired letters, lifting the finger to confirm each 
selection. This method compensates for TraceRing’s limitation of 
only providing relative displacement. 

Based on these designs, we provide users with a complete and 
universal input solution: a daily-wearable ring that can handle 
pointing, gesture, and text input on large screens or other devices 
without additional controllers, offering a more convenient interac-
tion experience in everyday life. 

8 Discussion 

8.1 Personalization–Generalization Trade-off 
Generalization is a critical goal in all machine learning tasks, espe-
cially for real-world applications. In domains such as NLP and CV, 
it has been well established that sufficient data and computational 
resources can lead to strong generalization. However, in deep learn-
ing with sensor data, training data is often scarce making achieving 
robust generalization challenging: the model’s predictions may eas-
ily fail when switching to a new user, a new environment, or even 
when the wearing orientation of the device slightly changes. 

On the other hand, sensor-based interaction has its unique ad-
vantage: the same device typically belongs to a single user, meaning 
that high universality and generalization are not always necessary. 
This creates room for personalization. This paper explores the ne-
cessity of personalization in achieving touchpad-like pointing with 
a single IMU ring, and propose an online calibration method based 
on a User Encoder and MoE architecture, achieving personalization 
with minimal additional computational cost. We hope our approach 
can inspire future work on personalization for deep learning tasks 
in sensor-based interaction. 

8.2 Closing the Gap to Touchpad Input 
TraceRing still falls short of delivering an actual touchpad-like expe-
rience from subjective feedback and objective performance. When 
asked about the reasons, participants highlighted two main issues. 
The first is limited control precision, which is particularly notice-
able when selecting smaller targets. Although the cursor generally 
follows the intended direction, overshooting occasionally occurs. 
Because TraceRing relies entirely on deep learning to predict ve-
locity, the same action may produce different outcomes, and small 
variations in motion can lead to unintentional deviations. Also, this 
issue arises partly because the model output lags behind the actual 
finger motion, and partly due to delays in the system, causing the 
cursor to feel less responsive and harder to stop precisely. The sec-
ond issue is that some users found the default cursor speed (Dots 
Per Inch, DPI) either too fast or too slow, expressing a preference 
for adaptive adjustment. 

To address the first issue, several rule-based system optimiza-
tions could be introduced to improve control performance. For 
example, detecting abrupt stopping behaviors through rules (rather 
than relying solely on the model) could help correct the output 
and reduce latency between user intention and system response, 
thereby improving controllability. Furthermore, our current system 
transmits data via BLE at 20 packets per second, with each packet 
containing 10 frames. While sufficient, this sampling rate may still 
be low for precise cursor control. Meanwhile, on an i7-11800H, a 

single model forward pass in PyTorch takes 0.0014 s, and one call 
to pynput.mouse.Controller().move() takes 0.0012 s. Consequently, 
when a data packet is received, there is at least a 76 ms gap between 
the time its last frame is actually sampled and the time it is pro-
cessed and the cursor is moved, which may contribute to interaction 
latency. Improvements in communication protocols could further 
reduce latency and enhance the user experience. 

To address the second issue, multiple DPI levels should be intro-
duced for user selection. Another promising approach is to adopt 
an online calibration method (e.g., [30]), which adaptively tunes 
the CD gain in real time to provide each user with a cursor control 
speed better suited to their preferences. 

8.3 Practical Deployment 
We first analyzed the system in terms of parameter count and com-
putational cost. The entire model contains approximately 340K 
parameters, with the Task Encoder accounting for 150K, a single 
MLP Expert 4K, and the User Encoder 160K. This model size is 
comparable to that of prior edge-computing work[66]. Assuming 
an input rate of 200 Hz, the Task Encoder and MLP Experts run 
200 times per second, while the User Encoder runs once every 15 
seconds. This corresponds to computational loads of 19 MFLOPs for 
the Task Encoder, 0.85 MFLOPs per MLP Expert, and 0.05 MFLOPs 
for the User Encoder. Overall, the parameter count and computation 
are extremely low, and the personalized components (MLP Experts 
and User Encoder) consume exceptionally minimal resources. This 
means that the model can be possibly deployed on most edge de-
vices, such as smartphones or tablets, even the ring itself. 

9 Conclusion 
We presented TraceRing, a single-IMU ring that enables touchpad-
like pointing through personalized learning. By analyzing a large-
scale dataset with precise annotations, we identified the funda-
mental limitation of prior single-IMU approaches and proposed a 
multi-task personalization framework that adapts to users with-
out explicit calibration or fine-tuning. Our evaluation shows that 
TraceRing achieves 33.9% performance gains over state-of-the-art 
baseline and approaches much better efficiency to airmouse in 
real-time tasks (2.26s v.s. 3.01s in average task completion time), 
while participants valued its portability and ease of use. Moreover, 
TraceRing naturally extends to gesture and text input, offering a 
complete and universal input solution for large displays, AR/VR, 
and mobile computing. This work not only demonstrates the fea-
sibility of practical IMU-based pointing but also highlights the 
potential of lightweight personalization in sensor-based machine 
learning, paving the way toward ubiquitous and efficient wearable 
interaction. 
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(a) The closest IMU segment comparison. (b) The closest optical motion capture segment comparison. 

Figure 16: More examples to show the data segment at MCP as the query with the matched segment close in distance. Even if 
the data at MCP appear almost identical, the motion data of the fingertips show significant differences. 

(a) The closest IMU segment comparison. (b) The closest optical motion capture segment comparison. 

Figure 17: More examples to show the data segment at MCP as the query with the matched segment close in distance. Even if 
the data at MCP appear almost identical, the motion data of the fingertips show significant differences. 
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(a) The closest IMU segment comparison. (b) The closest optical motion capture segment comparison. 

Figure 18: More examples to show the data segment at MCP as the query with the matched segment close in distance. Even if 
the data at MCP appear almost identical, the motion data of the fingertips show significant differences. 
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