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Figure 1: Concept illustration of object-mediated hand interaction with daily objects

ABSTRACT

We propose a novel object-mediated hand interaction system that
enables real-time operation with everyday objects on wearable aug-
mented reality (AR) devices. Despite recent advances, both com-
mercial and academic hand interaction techniques remain con-
strained, typically requiring external hardware or depending exclu-
sively on bare-hand gestures. Motivated by these constraints, we
developed an offloading framework that integrates a high-fidelity
transformer-based 3D hand reconstruction model with a dynamic
gesture recognition network powered by gated recurrent units
(GRU). This architecture ensures stable and accurate gesture recog-
nition even during interaction with physical objects. To evaluate
its quantitative performance, we collected a custom dataset based
on a predefined gesture set, achieving 93.0% accuracy in 5-fold
cross-validation. The complete system implemented on Microsoft
HoloLens 2 operates at a real-time framerate, and we further ana-
lyze the latency of each step in our framework. Through this inter-
action paradigm, users can experience immersive and intuitive AR
in everyday environments with minimal disruption to natural action
behavior. Our projects are available at https://github.com/kaist-uvr-
lab/UnifiedHOInteraction.

Index Terms: Augmented Reality, Hand Tracking, Dynamic Ges-
ture Recognition, Real-Time Interaction.
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1 INTRODUCTION

Augmented reality (AR) has rapidly evolved, driven by ad-
vances in computing power and resource availability. This
progress has enabled the commercialization of lightweight head-
mounted displays(HMD), such as Apple Vision Pro [1], Microsoft
HoloLens 2 [3], and Meta Quest Pro [4], as well as lightweight
glasses like VITURE XR [6], Meta Ray-Ban [5], which offer mo-
bile and immersive experiences. As AR becomes more integrated
into daily life, intuitive and natural interaction methods are increas-
ingly essential. Hand-based input stands out for its versatility and
leverages well-established motor skills from daily object manipula-
tion, yet vision-based 3D hand pose estimation during object inter-
action continues to be an active area of research [40]. Consequently,
current AR systems rely on either mid-air bare-hand gestures or
wearable controllers, both of which limit interaction richness and
disrupt natural behavior. To overcome these limitations, we propose
a novel hand-based interaction system that leverages real-world ob-
jects as mediators, enabling more intuitive and immersive AR ex-
periences.

Incorporating objects as mediators into conventional hand inter-
action provides several key benefits. First, it allows for a seamless
experience by transforming everyday objects into interaction ele-
ments within the AR environment, maintaining the natural flow of
daily activities. Second, enabling the combination of familiar finger
gestures(e.g., sliding, tapping) with a wide range of object types and
poses significantly expands the interaction space, without requir-
ing users to learn unfamiliar gesture vocabularies. This capability
makes it possible to assign functions to objects that are naturally
associated with the intended action or scenario, fostering intuitive
and semantically context-aware interactions. Finally, physical ob-
jects provide inherent haptic feedback, addressing a key limitation
of mid-air gestures, which suffer from the absence of tactile feed-
back and consequent user fatigue [26, 32, 35]. Within our inter-
action framework, we define a set of common hand gestures ap-



plicable across everyday objects, while supporting object-specific
functionalities determined by their type. We apply the term object-
mediated interaction to this paradigm, in which real-world objects
mediate AR interactions.

There exists a notable gap between two research domains: real-
time hand pose estimation in egocentric view, which typically relies
on substantial computational resources, and practical hand interac-
tion design for commercial AR devices operating under resource
constraints. Although hand pose estimation has been extensively
studied across various contexts, most commercial AR headsets sup-
port only bare-hand tracking due to limited onboard processing and
consistent recognition accuracy. This results in a discrepancy be-
tween tracking capabilities and interaction design potential. Conse-
quently, recent research on hand interaction in AR has focused on
gesture types that can avoid hand occlusion [29, 47], or on object
pose-dependent methods that bypass hand tracking [48, 19].

To bridge this gap, we leverage a novel hand tracker that oper-
ates on HMD via an offloading framework, enabling precise hand
pose and gesture tracking even in complex hand-object interac-
tion scenarios. Unlike prior works [29, 47, 48, 19] that either sim-
plify gestures to avoid occlusion or omit hand tracking altogether,
our approach enables full hand-object interaction while maintain-
ing real-time performance on lightweight AR devices. Our system
comprises a device-side module for capturing input images and
rendering interaction based on recognized gesture outputs, and a
server-side module that performs hand tracking, object, and gesture
recognition. On the server, we deploy a robust hand pose estima-
tion model capable of handling occlusions, along with a YOLO-
based object tracker. To classify dynamic hand motions as object-
mediated gestures, we design a temporal model based on Gated
Recurrent Units(GRUs), which offer a simpler structure and supe-
rior long-term dependency modeling compared to the conventional
Long Short Term Memory(LSTM) model [14]. To further enhance
temporal resolution and real-time performance, we integrate a self-
attention mechanism, achieving both high recognition accuracy and
responsiveness.

In the absence of datasets matching the gesture types introduced
in this study, we collected a custom dataset of object-mediated ges-
tures for quantitative evaluation. Our model achieved an average
accuracy of 93.0% in per-subject evaluation and an Fl-score of
92.9% across individual gesture classes, demonstrating strong gen-
eralization and robustness. We also performed an ablation study to
assess the contribution of each gesture recognizer component and
verified the model on a public human action dataset. To validate
the system’s real-world applicability, we deployed it on Microsoft’s
commercial wearable device, HoloLens 2, and analysis end-to-end
latency. We further demonstrate several AR application scenarios,
including UI control, contextual tool invocation, and gesture-driven
content manipulation, which showcase the system’s ability to en-
able intuitive and seamless interaction. By incorporating the pro-
posed mediated interaction, our approach establishes a foundation
for scalable and object-adaptive AR interaction that overcomes key
limitations of current systems and delivers richer, more seamless
user experiences, particularly as AR devices become increasingly
lightweight and ubiquitous.

Our main contributions are summarized as follows:

* An offloading-based hand tracking framework that enables
advanced pose estimation in occluded scenarios and dynamic
gesture recognition on resource-constrained devices.

* Object-mediated hand interaction that extends the interaction
space by incorporating everyday objects and enables natural
mapping of AR functions in object-centric contexts.

* A complete HoloLens 2 implementation with training code
and a custom gesture dataset to facilitate adaptation and ex-
tension for various applications.

2 RELATED WORKS

In this section, we review recent studies on hand—object interaction
in AR environments, along with research on the core components
of our proposed framework: 3D hand pose estimation and related
interaction studies.

2.1 3D Hand Pose Estimation

Deep learning has become the dominant paradigm in hand pose
tracking, enabling robust and scalable 3D hand reconstruction
across varied scenarios. Current methods span generative and dis-
criminative frameworks, integrating mesh modeling, graph rea-
soning, and temporal cues to enhance accuracy and generaliza-
tion. Generative approaches typically regress hand mesh parame-
ters (e.g., MANO [55]) via autoencoders [38] and intermediate su-
pervision [71, 70, 73], while discriminative methods directly pre-
dict joint or mesh coordinates using autoencoders [66, 75], depth
maps [49, 50], or heatmaps [72, 12]. Graph-based designs exploit
hand topology through spectral [10] and spatial [25] GCNs, with
coarse-to-fine reconstruction [24, 13], transformer-based vertex
modeling [42, 62], and attention-guided GCNs [60]. For real-time
applications, lightweight architectures and efficient losses have
been proposed [41, 72, 11], with tracking-history-based regres-
sion for Virtual Reality [28]. High-performing transformer-based
methods[42, 62, 53] have recently expanded to Vision Transform-
ers [18]. To address both speed and generalization performance in
hand—object interaction scenarios, we incorporate two independent
modules into our framework, allowing seamless switching between
them. Cho et al. [12] proposed a multi-stage GCN-based network
that sustains high inference speed even under severe hand—object
occlusion. Potamias et al. [53] introduced a large-scale in-the-wild
dataset and a high-fidelity transformer-based 3D reconstruction
model, achieving real-time performance with strong generalization.

2.2 Hand-Object Interaction

The object-mediated hand interaction examined in this study refers
to hand interactions performed while wearing an HMD, in which
real-world objects serve as intermediaries for AR functions. Specif-
ically, it involves triggering AR functions through predefined hand
gestures in combination with information about the interacting ob-
ject. While many existing AR devices employ controllers for pre-
cise input and tactile feedback, such auxiliary devices have been
reported to cause inconvenience and reduce immersion [45, 46].
Accordingly, we review related research on free-hand interactions
that operate without additional controllers. Prior works in this area
can be broadly divided into two categories: approaches using only
the bare hand and those incorporating surrounding objects.

In the first category, the hand itself serves as the sole interface
and interaction element in AR environments, exemplified by ba-
sic bare-hand interactions implemented in commercial HMDs. This
approach offers convenient, controller-free operation and has been
extensively studied [37, 74, 52]. To support diverse functions, pre-
defined bare-hand gestures have been proposed; in particular, sev-
eral studies assign distinct functionalities to specific gestures [58,
15, 57]. Others have leveraged the hand’s high degrees of freedom
to mimic virtual objects [51, 36] or human/physical motions [7, 33],
thereby triggering related effects. However, such gesture-based in-
teractions often require users to perform non-intuitive actions, de-
manding additional learning. To address this issue, some stud-
ies have introduced guidance systems to help users perform ges-
tures more accurately [63], while others have proposed customiz-
able gesture sets to overcome the limitations of predefined, less
user-friendly gestures [65]. Nevertheless, assigning individual ges-
tures to each function still imposes a high cognitive load.

The second category expands the range of intuitive hand gestures
by integrating physical objects into the interaction process, aligning
with the concept of tangible user interfaces [31, 9]. This includes
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Figure 2: Overview of the proposed system architecture. Image data from HoloLens 2 is processed for hand-object tracking and dynamic gesture
recognition. The resulting data are encoded and sent back to the headset for real-time execution.

leveraging environmental features such as object edges, planar sur-
faces, and 3D object shapes as interactive elements [34, 64, 29].
Other approaches have classified predefined hand-object interac-
tions using additional wrist-worn hardware [39] or have employed
physical proxies, such as a spherical device, for AR manipulation
tasks [21]. Due to the limited pose-tracking capabilities of cur-
rent AR HMDs, existing methods have typically focused on ei-
ther bare-hand conditions or object pose only, excluding the hand.
For example, Du et al. [48] explored prototyping tools based on
bare-hand gestures and object poses. However, these approaches,
constrained by bare-hand pose limitations, have struggled to de-
liver natural interactions in everyday contexts. In response, we pro-
pose an object-mediated hand interaction built on an advanced hand
tracker, enabling reliable hand-object interaction on HMD, and
present the integrated system along with its application results.

3 METHOD

We present a fully integrated system within an offloading frame-
work to achieve real-time performance on an HMD, as illustrated
in Fig. 2. For each frame, the device captures an RGB image
I. € RW>3 and a depth image I; € R"”***1 QOnly the RGB im-
ages are transmitted on a per-frame basis, while depth images are
sent periodically. All encoded images are delivered to the server
via TCP-based communication. For each frame, the RGB image is
transferred to the selected hand tracker and object tracker. The hand
tracker outputs hand-mesh data v € RV*3 representing the 2D po-
sitions with relative depth (2.5D) of N vertices. The object tracker
generates M regions of interest (Rols) along with their correspond-
ing class information 0 € RM X2+ The outputs from both track-
ers, together with the device’s depth image 1, are passed to the
gesture recognizer. The module extracts the hand-joint trajectory
Jiraj € REX(21X3) over a time window L and predicts the gesture

class ¢ € R!. The recognition results are then encoded and trans-
mitted back to the device. In the following sections, we describe the
details of each module and our object-mediated hand-interaction
design process.

3.1 Offloading Framework

The proposed offloading framework is implemented with refer-
ence to the HoloLens 2 sensor streaming framework [17], utilizing
a TCP-based protocol for reliable data transmission between the
HoloLens 2 device and the server.

Device The HoloLens 2 captures RGB and depth images in pre-
defined formats and resolutions. RGB frames are acquired in
BGRA32 format, while depth frames are obtained in the native

short-throw depth format. Depth data is used intermittently within
the gesture recognizer to assess interactions with surrounding ob-
jects, serving as a trigger for enabling or bypassing the recogni-
tion process, and therefore captured every n frames rather than
continuously. As analyzed in Section 4.3, varying the resolution
and the depth sampling interval n affects communication latency.
We selected 360 x 640 resolution and n = 10 for all experiments
to balance streaming latency with overall network performance.
The streaming pipeline [17] applies hardware-accelerated compres-
sion to reduce bandwidth usage: RGB frames are encoded using
H.265/HEVC, while depth images are losslessly compressed using
PNG encoding. This configuration minimizes transmission delay
while preserving the fidelity required for downstream processing.
Server Each stream is decoded with its corresponding method, with
RGB frames processed via H.265 and depth images via PNG, be-
fore being passed to the internal processing modules. The integrated
pipeline produces three outputs: (1) 2.5D joint pose of hand skele-
ton j € R21X3 (2) gesture class ¢, and (3) object class o. Although
returning the full set of estimated hand mesh vertices does not sig-
nificantly impact processing speed, such data is not directly usable
on the HoloLens 2 in our current setup. Therefore, only the 21 x 3
joint data is transmitted back to the device for rendering and inter-
action purposes.

3.2 Hand and Object Tracker

Hand Tracker In organizing the hand tracker, our primary focus
was on generalization performance. Specifically, we aimed to en-
sure robust tracking not only on public benchmark datasets but also
in real-world environments where evaluation and application de-
ployment would occur. This requirement was particularly critical
in scenarios involving significant hand—object occlusion during in-
teraction. Two candidate modules were considered: TEGCN [12]
and WiLoR [53]. Both systems take only RGB image as input
and estimate the 2.5D hand mesh vertices. TEGCN [12] is effec-
tive in highly dynamic situations with severe occlusion, includ-
ing fast motion, and operates with relatively high inference speed.
WiLoR [53] offers stable performance across a broad range of con-
ditions. Given that our framework allows seamless integration of
arbitrary modules on the server side, and considering the comple-
mentary strengths of the two trackers, we designed fully integrated
system to include both modules. This enables users to switch be-
tween trackers according to their specific application requirements.
To ensure consistent hand pose tracking across multiple users in
quantitative evaluation, we employed the WiLoR [53] tracker ex-
clusively. For application demonstrations requiring faster respon-
siveness, we primarily utilized TEGCN, exploiting the framework’s
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Figure 3: Schematic diagram of the dynamic gesture recognizer ar-
chitecture. Length of pose history L is set to 16 based on preliminary
experiments.

Figure 4: Visualization of the selected joint subset among the 21
hand joints. A total of 15 joints are utilized, corresponding to indices
0-8,9, 12,13, 16, 17, and 20.

tracker switching capability.

For both modules, an RGB image I. € R"*3 is provided as

input, from which the mesh data v € RV*3 is extracted, and hand
detection is adapted from the detection-by-tracking approach pro-
posed in [28]. In the original method, the future hand pose is ex-
trapolated from the previous two tracked poses, and the hand ROI
is set around the predicted position. In dynamic motion scenarios,
however, we found that this prediction often failed to fully encom-
pass the actual hand location. To mitigate this issue, we center the
ROI on the most recent tracked pose and periodically apply full-
image hand detection at fixed frame intervals, thereby enhancing
re-initialization performance.
Object Tracker In designing the object tracker, we recognized
that extensive object information could enable more specific,
application-level interactions. However, as the primary goal of this
study is to facilitate intuitive hand interactions by combining ac-
curate hand pose data with object information in hand—object in-
teraction contexts, we focused solely on capturing basic object at-
tributes: the ROI center point and class label. To ensure both speed
and robustness in typical environments, we adopt YOLO [54], us-
ing the release of YOLO-v11. Since the model does not account for
hand occlusions, we address expected tracking failures in full-grasp
situations by leveraging only the tracked information obtained im-
mediately before direct interaction with the object.

3.3 Dynamic Gesture Recognizer

The objective of the dynamic gesture recognizer module is to clas-
sify continuous hand motion sequences using multiple input modal-

ities, including 2.5D hand joints, depth images, object ROIs, and
object class data. The recognition process consists of several stages.
First, to optimize resource usage, intermittently captured depth im-
ages are used to determine whether the hand is interacting with a
nearby object. Gesture recognition is then performed only when
such interaction is detected. Second, joint data acquired from each
frame are accumulated to construct a pose history, which is nor-
malized and reduced to a subset of joints most relevant to the task.
Next, the preprocessed partial joint pose history is fed into an en-
hanced GRU-based model to estimate the gesture class. Finally, a
decision filter is applied to mitigate the effect of intermittent pre-
diction noise, and the resulting output is transmitted to the device.

To achieve robust recognition performance across diverse condi-
tions, it is essential to account for the inherent variability in gesture
execution duration. Accordingly, we fix the input sequence length L
of the recognizer to be shorter than the typical duration of hand ac-
tions, thereby training the model on partial gesture sequences rather
than complete ones. Since the training dataset encompasses ges-
tures performed at varying speeds, user motions are consistently
captured within the recognizer’s input window regardless of exe-
cution velocity. However, partial inputs may fail to encapsulate all
discriminative features of the full gesture, potentially leading to in-
creased error rates. To mitigate this issue, we introduce a decision
filtering mechanism, detailed in the Decision Logic section.
3D Proximity Check To reduce false-positive errors in free-
hand environments, we implemented a lightweight proximity-check
module to trigger the gesture recognizer. Assuming the wrist re-
mains visible in the HMD’s egocentric view, a virtual 3D box is
defined around the hand based on the wrist’s 3D position. If the
center of a detected object lies within this box, the system infers a
high likelihood of hand—object interaction and identifies the near-
est object as the one currently being interacted with, passing this
information to subsequent processes.

Preprocessing Recognizing dynamic gestures involving continu-
ous movements requires retaining a history of hand poses across
consecutive frames. Instead of using all 21 hand joints, we utilize
only a subset, as shown in Fig. 4: the thumb, index finger, and the
root—tip joints of the remaining fingers, which are most relevant
to hand—object interactions. This selection helps focus the recog-
nizer’s attention on the intended gesture. Pose data from the current
frame is accumulated together with a history of L previous poses.
Furthermore, joint angles are computed from the 2.5D joint posi-
tions and included as additional features to enrich the input space.
For each pose history, the oldest pose serves as the reference frame,
and 2D normalization is applied.

Network Architecture While GRU-based models have shown a
strong ability to capture temporal dependencies in sequential hand
gesture recognition, we build upon the DeepGRU architecture [44],
a widely used GRU-based recognizer known for its efficient mod-
eling of temporal patterns and real-time applicability. The origi-
nal DeepGRU [44] offers sufficiently fast inference; however, its
unidirectional information flow and limited feature aggregation in-
dicate potential for further improvement in generalization perfor-
mance. To address these issues, we propose enhanced GRU-based
gesture recognizer as illustrated in Fig. 3. Given the pose history
input jiraj = (jo,j1,---»ji—1), the proposed network is formulated
as follows:

First, we replace its deeper 3-layer unidirectional GRU with a
2-layer bidirectional GRU using 128 units per direction, produc-
ing 256-dimensional representations. This design reduces computa-
tional cost while enabling the model to exploit both past and future
context for a richer understanding of gesture dynamics.

— .
hy = GRUforward(]hhl—l) (D

E = GRUbackward (Jt 3 m) 2)
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Figure 5: Proposed gesture configuration. Any graspable object can serve as a target and each hand-gesture category can be combined with

corresponding object classes to map to a variety of AR functions.
—
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where EZ € R!28 is the forward hidden state, E € R128 is the back-
ward hidden state, h; € R?° is the concatenated bidirectional rep-
resentation, and [;] denotes concatenation operation. Next, given a
hidden state /4, a simple self-attention mechanism is integrated to
focus on the most discriminative temporal segments, improving the
capture of long-range dependencies.
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where Wy, Wk, Wy € R256%256 are Jearned projection matrices,
d; = 256 is the key dimension, and residual connection with layer
normalization Norm is applied. We also employed a mixed pooling
strategy that integrates adaptive average pooling, max pooling, and
learnable attention-based pooling, enabling the retention of both
global and local feature information. Finally, the concatenated fea-
tures are passed through a multi-layer classifier composed of se-
quential normalization, dropout, and progressively narrowing fully
connected layers with GELU activations and batch normalization
at each stage, before the final linear projection to the target gesture
classes. This design improves generalization by reducing overfitting
and stabilizing feature distributions across layers. The eftects of the
proposed network modifications were validated in Section 4.3.
Decision Logic To mitigate the persistent issue of false-positive
predictions in the recognition model, we classify gestures based on
partial hand motion sequences rather than complete sequences. This
design allows the system to maintain consistent predictions when a
user intentionally performs a gesture, while unintentional false pos-
itives typically appear as discontinuous predictions, making them
easier to filter. For the final decision, a gesture class is accepted only
if it is predicted consecutively for a predefined number of frames.
This decision-filtering mechanism effectively suppresses intermit-
tent noise, resulting in more stable and reliable recognition.

3D Pose Lifting on Device Since the predicted 2.5D pose data
contain only relative depth information, a 3D pose lifting step is
required to reconstruct the full 3D pose for visualization or appli-
cation use. To improve efficiency, this process is performed directly
on the device after the encoded result data are transmitted. Leverag-
ing the fact that the wrist remains visible in most egocentric HMD
views, we extract its depth information to enable accurate 3D hand
pose lifting. Based on the transmitted 2D wrist position, the corre-
sponding depth value is obtained by referencing the aligned depth
image using the HMD’s intrinsic camera parameters. When depth
holes cause missing data, the wrist depth is replaced with the near-
est valid surrounding value to ensure continuity and robustness in
the reconstructed 3D pose.

Available Hand
Gesture Type

v ¥
Single-hand Two-hand
Gesture Gesture
Object-independent Action Hand Combination of

Object-mediated Hand
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Single-hand Gesture
[7, 48, 56, 58]

Figure 6: Hand gesture taxonomy with associated references and
representative concept illustrations.

3.4 Interaction Design and Data Collection

Design Goal We aim to define straightforward and intuitive hand
gestures for interacting with objects, incorporating existing actions
while establishing novel object-mediated interactions that can be
mapped to specific functions for various object types. To achieve
this goal, we developed a taxonomy that encompasses our target
gesture groups by synthesizing insights from prior literature. Draw-
ing upon the open challenges in vision-based recognition identified
by Zabulis et al. [68], we adopted fundamental classification key-
words such as static, continuous, single-hand, and two-hand ges-
tures, reflecting the technical constraints of that context. Further-
more, we refined the findings of Gong et al. [27], who established
user-defined gesture sets for spatial tangible interactions. In doing
so, we prioritized hand-centric modalities, deliberately distinguish-
ing them from object-oriented gestures where outcomes depend on
the object’s geometry or pose. Integrating these with the classifica-
tion metrics (static, dynamic, finger, hand, and bi-hand) employed
by Gavgiotaki et al. [23], we present our comprehensive taxonomy
in Fig. 6. Instead of relying on the traditional dichotomy of static
and dynamic gestures, we focused on the relational dynamics be-
tween the entities involved in the interaction. Our taxonomy pri-
marily distinguishes between single-hand and two-hand modalities.
Within the single-hand category, we differentiated gestures based
on their relationship with surrounding objects: object-independent
gestures [64, 29, 20], which are performed autonomously like bare-
hand gestures, yet can leverage object context, and object-mediated
gestures, which address a critical gap in existing literature, de-
fined as hand gestures occluded by an object that cannot be physi-
cally expressed without the object’s presence. Regarding two-hand
gestures, we adopted a role-based classification to align with ex-
isting frameworks. This includes the action-plus-support configu-
ration [19, 47, 30, 61, 16], where one hand serves as an auxil-
iary reference for the active hand, and the combinatorial configu-



ration [7, 58, 48, 56], where the interaction emerges from the si-
multaneous execution of two independent single-hand gestures.

Building upon this framework, we focused on defining and im-
plementing object-mediated hand gestures, explicitly targeting a
distinct category that prior research has not adequately addressed.
As shown in Fig. 5, we identified seven fundamental hand gestures
executable while holding objects, centered on the thumb and index
finger—the primary digits used for interaction. Our objective is to
achieve robust recognition of these proposed gestures regardless of
the shape or type of the interacted object, and to assign each gesture
to an appropriate AR function based on the target object’s proper-
ties, thereby enabling seamless object-mediated interaction.

Dataset Acquisition To collect the training and test datasets for
gesture recognition, we developed a custom dataset acquisition sys-
tem on the HoloLens 2 using the proposed offloading framework.
To ensure that data were captured under conditions identical to
the actual inference environment, dummy data were fed into each
tracker and the gesture recognizer during recording, while RGB and
depth images for every frame were stored in a buffer. The training
dataset comprised short clips, each containing a single gesture per-
formed once, whereas the test dataset consisted of continuous se-
quences with gestures presented in random order. Participants were
encouraged to explore possible variations for each gesture class and
record short clips repeatedly. As our objective was to demonstrate
the robust operation and recognition performance of our approach,
we focused on capturing a wide range of gesture variations per-
formed with everyday objects, taking into account hand shape di-
versity and the gender distribution of participants. Five participants
(three male and two female) with varying hand sizes were recruited,
each provided with a private set of easily graspable objects of di-
verse geometries and sizes. For every object, all combinations of
predefined gesture classes and interactable fingers were performed
at least four times. Participants were instructed to execute only plau-
sible gestures and to vary camera-relative distance, angle, and range
to reflect the frequent viewpoint changes in egocentric HMD sce-
narios. Additionally, samples for the “Natural” class were collected
to enhance classification accuracy. For the test dataset, images were
captured from the HoloLens 2 while participants received instruc-
tions via a PC interface. Participants were shown the target gesture
class and asked to perform it with the right hand, following ran-
domly prompted classes. Each participant used a randomly selected
private object, and nine sequences were recorded per gesture. Each
sequence lasted 3 seconds to include the preparation phase before
gesture execution. This duration was set as the upper bound for rec-
ognizable gestures, as finger-level hand gestures taking 2-3 seconds
would exceed typical execution speeds. This study was approved by
the Institutional Review Board of Korea Advanced Institute of Sci-
ence and Technology(Approval No.KH2024-180). Informed con-
sent was obtained from all participants.

Dataset Augmentation In addition to commonly used augmenta-
tion techniques such as global scaling and 2D rotation, we applied a
gradual transition method to the collected dataset. From preliminary
experiments, the global scaling factor was set within the range of
0.7-1.3, and the global rotation was applied around the wrist joint
within +15°. The gradual transition was implemented by generat-
ing a random 3D vector and applying the same incremental change
to the hand pose in each subsequent frame, thereby accumulating
the transformation over time. The range of the random vector was
set to 2. This approach aims to simulate cumulative pose shifting,
covering scenarios in which the entire hand moves while perform-
ing a gesture. After augmentation, 3D normalization was performed
based on the wrist pose in the first frame, and the resulting data were
used for training.

4 EXPERIMENT

Since no suitable public datasets were available for training the pro-
posed gesture group, we collected a custom dataset as described in
Section 3.4. To demonstrate robust recognizer performance at prac-
tically applicable levels, we evaluated recognition accuracy and per-
step execution time of the proposed framework using this dataset.
Furthermore, we conducted an ablation study to validate the archi-
tecture of the proposed module and performed a detailed latency
analysis of the entire system implemented on the HoloLens 2. To
assess the generalizability of the gesture recognition model, we
also report accuracy comparisons on the SBU Kinect Interactions
dataset [67].

The primary evaluation metrics were the micro Fl-score and
standard deviation, with 5-fold cross-validation performed sepa-
rately for each subject. The micro F1-score, which combines preci-
sion and recall into a single measure, was computed for our gesture
recognition task as follows. A prediction was counted as a true pos-
itive (TP) if the predicted gesture class matched the ground truth
(GT) class, and as a false positive (FP) if it differed. A false nega-
tive (FN) was recorded when the model failed to recognize any ges-
ture class other than the “Natural” class, and a true negative (TN)
when the test data contained no gesture. As the recognizer oper-
ates continuously over each test sequence, a TP could be counted
at most once per sequence, whereas multiple FPs could occur. This
strict scoring scheme was adopted to ensure a rigorous assessment
of recognition accuracy.

4.1 Implementation Details

HMD-Server Configuration The HMD application running on the
HoloLens 2 was hosted on a server with an AMD Ryzen 9 7950X
16-core CPU @ 4.50GHz, 64GB of RAM, and an NVIDIA
GeForce RTX 4090 GPU. The system was connected via a 5 GHz
wireless network, which theoretically supports data transfer speeds
of up to 867 Mbps. Network quality tests measured an upload speed
of 122.21 Mbps and a download speed of 50.23 Mbps.

Training We employed the Adam optimizer with a learning rate
of 0.001, a decay rate of 0.001, and a batch size of 64, together
with a cosine annealing learning rate scheduler. Instead of the
commonly used categorical cross-entropy loss, we adopted label-
smoothing cross-entropy to mitigate overfitting and improve gen-
eralization, particularly given the limited size of our dataset. The
model was trained for 50 epochs in the All-case setting, while for
the per-subject folds, early stopping based on validation loss was
applied. The All-case model was used for all evaluation procedures
except the ablation study.

4.2 Quantitative Results

Recognition Accuracy Fig. 7 and Tab. 1 present the aggregated
prediction results across all subjects, summarised for each gesture
in terms of mean, standard deviation, accuracy, and Fl-score. In
the confusion matrices, the left panel corresponds to gestures per-
formed with the thumb, and the right panel to those performed with
the index finger, both obtained using the WiLoR [53] hand tracker.
Note that, numerous gesture predictions were accumulated for each
test sequence. While error classes could be counted multiple times
within a sequence, the correct class was counted at most once.
Overall, gestures performed with the thumb achieved higher
recognition rates. In contrast, certain index-finger gestures, such as
index down and index right, showed lower accuracy. These motions
are less familiar and more difficult to perform, and the shape of
the object can further restrict the range of index-finger movements
among the seven gesture types considered. Consequently, partici-
pants were likely unfamiliar with these gestures and produced mo-
tion patterns that deviated from the intended forms. The most fre-
quent misclassifications occurred between gestures with opposite
directions (e.g., up vs. down, left vs. right) or between gestures
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Figure 7: Confusion matrices of all subjects, interaction with thumb(1st row) and with index(2nd row). Tap denotes a Double-tap gesture.

Interacting Finger ‘ Up Down Left Right Tap Clock CClock
Floscore Thumb 0.965+0.033  0.978+0.029 0.945+0.036  0.955+0.069 0.955+0.047 0.909+0.087 0.92540.046
Index 0911+£0.077 0.847+£0.099 0.9574+0.043 0.866+0.122 0.930+0.075 0.956+0.063  0.905+0.064

Table 1: Mean recognition accuracy for all subject per gesture.
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Figure 8: Visualization of device-server latency and framerate with
TEGCN hand tracker. Colored line denotes each distinct data flow.

where one motion was partially contained within another (e.g., tap
vs. up). Such errors are likely influenced by the window size of
the data sequence provided to the gesture recognizer. Increasing the
window size generally improves accuracy by enabling the model to
capture longer-range motion patterns, but it also directly increases
the latency of recognition results presented to the user, requiring a
trade-off.

Tab. 2 summarises the accuracy for the entire gesture set on a
per-subject basis. Hand size information was also collected as a po-
tential constraint on the gesture motion range. No significant per-
formance variation was observed in relation to hand morphology,
including overall hand size and palm-to-finger ratios. We attribute
this to the use of personally familiar objects during data collection,
which likely elicited broadly similar motion patterns across partic-
ipants. The exception was Subject 2, who exhibited comparatively
lower accuracy due to motion patterns that deviated from the stan-
dard gesture forms demonstrated during data collection.

Integrated System Latency Tab. 3 summarises the latency of each
processing stage executed on the server, while Tab. 4 presents the

communication latency between the device and server under dif-
ferent RGB resolutions and depth sampling intervals. As shown in
Tab. 3, we measured the preprocessing, inference, and postprocess-
ing times for two switchable hand tracker models. In both cases,
inference accounted for the largest proportion of the total execution
time. WiLoR [53] demonstrated high tracking stability across gen-
eral environments but required a relatively slower 29.65 ms com-
pared to TEGCN [12]. In contrast, TEGCN [12] achieved accu-
rate tracking in complex environments with a fast inference time
of 7.82 ms, although it exhibited reduced stability, with some jit-
tering observed even under static conditions. When aggregating the
total processing time from image acquisition to output generation
into framerate, WiLoR [53] achieved 25.58 FPS and TEGCN [12]
58.79 FPS, indicating that both models met real-time performance
requirements.

Tab. 4 compares communication latency across different data
transmission configurations, which are directly influenced by the
wireless Wi-Fi environment of the offloading framework. First, we
evaluated the impact of image resolution. Although latency did not
scale proportionally with the number of transmitted pixels, it in-
creased noticeably as resolution rose. Since the server-side trackers
require sufficiently large image inputs for optimal performance, we
fixed the captured image resolution at 640x360. Next, we exam-
ined the effect of adjusting the sampling interval for periodically
captured depth images on communication throughput. Even when
depth images were sampled more frequently, throughput did not in-
crease proportionally. This behavior is likely due to fixed processes
in the established TCP communication pipeline, such as socket calls
and packetization, that are independent of the data volume. Never-
theless, capturing depth images every frame yielded approximately
twice the throughput compared to capturing once every 10 frames.
As depth images are not required for every frame in our system, we
set the sampling interval to n = 10 to balance the trade-off between
communication latency and recognition interval. For byte format
data transmitted from the server to the device, such as hand pose,
gesture, and object class, the payload size was sufficiently small,
resulting in a latency of only about 7.35 ms.



Subject 1 Subject 2 Subject 3 Subject 4 Subject 5 Average
Hand size (cm) 19.0/83/135/6.7 183/84/125/65 164/72/128/65 17.8/78/125/57 18.0/79/13.2/6.6 -
Fl-score 0.940+0.083 0.897+0.073 0.933+0.059 0.937+0.055 0.944+0.070 0.930+0.017

Table 2: Mean recognition accuracy per subject. Hand size categories are based on bone lengths between joint pairs (see Fig. 4 for joint indices):
wrist-MTIP(0-12), MMCP-MTIP(9-12), wrist-TTIP(0-4), TMCP-TTIP(2-4).

Execution time (ms) -

|
| WiLoR | TEGCN vy
Detect hands ‘ 2.74 DRI
Preprocess image ‘ 1.72 ‘ 2.56
Inference model | 2965 | 7.2
Postprocess results | 1.22 | 0.13
3D Proximity check ‘ 1.28 ‘
Gesture recognizer | 2.48 Figure 9: Live-captured views from HoloLens 2 demonstrating the
39.09 ms 17.01 ms proposed framework: manipulating a sample AR panel (left) and in-

Total

(25.58 FPS) | (58.79 FPS)

Table 3: Execution time per server process stage and selected hand
tracker model.

| Latency
‘ Device — Server ‘ Server — Device
1920 x 1080 757.6
resl;l(l;llt}ion 1080 x 720 122.0
(1 —=NaN) 640 x 360 92.2
424 x 240 78.4 735
n=1 227.8
s;r)lfplti'; n=5 124.6
intel:'valg n=10 1038
n=NaN 922

Table 4: Communication latency analysis on HoloLens 2. Each la-
tency value represents the average over more than 100 frames. n
denotes the sampling interval of the depth images.

Fig. 8 visualizes the latency and framerate along the data flow of
the proposed framework, using the TEGCN [12] model as an exam-
ple. For clarity, the segment lengths in the figure do not represent
actual time durations. In this configuration, the HoloLens 2 contin-
uously transmits captured data at 88.5 FPS, while the server repeat-
edly processes the most recent data stored in its buffer (small curved
dashed arrow) and returns the results to the device. The pipeline la-
tency, which is the delay from image capture to the availability of
the processed result, was measured at 128.2 ms; the output framer-
ate, which represents the number of processed results produced per
second, was 17.0 ms(58.8 FPS). Compared with the latency require-
ment reported in a previous study [8], which specifies that physical
interaction tasks such as touch, gesture, and direct manipulation re-
quire less than 50 ms, the measured pipeline latency is relatively
high. Notably, communication latency accounts for 87.8% of the
total pipeline latency. This indicates that, although server-side pro-
cessing has been optimized to improve the framerate perceived by
the user, the overall latency remains dominated by network trans-
mission delays. We expect this to improve with future advance-
ments in wireless communication speed. Qualitative feedback fur-
ther revealed that gesture recognition results were often produced
while the user was still performing the gesture. This is due to the
proposed gesture recognizer being trained on partial gesture tra-
jectories, a design choice presumed to have partially mitigated the
impact of pipeline latency.

teracting with an AR music application (right).

4.3 Ablation Study

In this section, we evaluate the impact of the proposed improve-
ments to our gesture model and validate its performance by addi-
tionally assessing it on a public human activity dataset previously
used with the baseline model. Tab. 5 reports the results of a 5-fold
cross-validation, where each fold uses one of the five collected sub-
jects as the test dataset and the remaining subjects for training. For
each model configuration, we report the number of parameters and
the measured latency. The individual improvements introduced in
the proposed model, as described in Section 3.3, are denoted as
follows: reducing GRU dimensions (R), replacing the original at-
tention with a self-attention module (S), employing a bidirectional
GRU (B), applying a mixed pooling strategy (M), and using partial
keypoints of the hand joints (P). The results show a consistent in-
crease in accuracy as each improvement is applied. In the final pro-
posed model, the standard deviation across subjects was the low-
est among all configurations, indicating improved generalization,
while also achieving the highest accuracy in each individual fold.

To demonstrate that the proposed model does not overfit to our
custom hand gesture dataset, we further trained and evaluated it on
the SBU Kinect Interactions dataset [67], a complex human activ-
ity dataset used for evaluation in the baseline DeepGRU [44] study.
The results are presented in Tab. 6. While accuracy remained com-
parable to other methods, the reduced standard deviation indicates
improved generalization. This demonstrates that our model effec-
tively generalizes beyond the custom hand gesture dataset to gen-
eral human gesture data and, though based on a single comparison,
suggests potentially superior cross-subject generalization compared
to the baseline.

4.4 Applications and Discussion

Applications To demonstrate the practical utility of the proposed
system, we developed example applications: manipulating an AR
panel and controlling an AR music application, as illustrated in the
object-mediated hand interaction concept in Fig. 1. We assumed
a scenario where a user wears a HoloLens 2 while performing rou-
tine tasks at a desk, enabling them to execute corresponding interac-
tions by utilizing appropriate surrounding objects as needed. For in-
stance, users utilized cuboid objects resembling a remote controller
to move and select icons on the panel as shown in Fig. 9 (left),
and employed cylindrical objects resembling a speaker to perform
actions such as switching tracks or adjusting volume through prede-
fined gestures as shown in Fig. 9 (right). Both applications demon-
strated stable gesture recognition and provided real-time feedback.



# of

Latency ‘

5-fold Cross-validation (%)

Mean

Model SD
parameter  (ms) | Subl Sub2 Sub3 Sub4 Sub5 | Accuracy (%)
base(DeepGRU) 3.8M 171 | 9195 9277 7647 90.05 9424 89.09 6.46
base+R 0.4M 105 | 9032 9446 77.94 91.06 9320 89.40 592
base+R+S 1.0M 111 | 9139 9356 7572 9476 95.09 90.10 731
base+R+S+B 0.8M 087 | 9174 9425 8080 9468 92.69 90.83 5.12
base+R+S+B+M 1.1IM 127 | 9298 9603 79.68 9442 9456 91.53 6.00
'(’:EE;RJ'SJ'B‘LMJ'P 1L.1M 120 | 9357 9652 8315 9471 9457 92.50 477

Table 5: Ablation study on the gesture recognizer model architecture. The definitions of the model option notations (R, S, B, M, P) are provided

in the main text and SD denotes standard deviation.

Modality Method Accuracy

Pose CNN + Kernel Feature Maps [59] 94.3
GCA-LSTM (stepwise) [43] 94.9
LSTM + FA + VF [22] 95.0
VA-LSTM [69] 97.2
DeepGRU [44] 95.2+2.8
Ours 95.1£1.6

Table 6: Ablation study of proposed gesture recognizer on SBU
Kinect dataset [67].

Beyond these examples, the system can be extended to a variety of
real-world scenarios that leverage the natural affordances of physi-
cal objects. For instance, a presenter wearing an HMD could manip-
ulate augmented presentation content using a pen while standing in
front of a writable board, or a user watching a movie in an AR envi-
ronment could control playback using a cup in hand. Such applica-
tions highlight the potential of associating intuitive, object-specific
interactions with augmented content in everyday contexts.
Discussion We outline the findings from employing a real-time
hand tracker to facilitate daily object-mediated interactions and
identify factors contributing to robust performance. First, we ob-
served that occluded hand joints only need to be sufficiently accu-
rate, whereas visible joints should be prioritized for precision. This
suggests that, during training, weighting the loss function by joint
visibility might improve interaction performance. Second, reducing
false positives emerged as a key challenge, particularly when pri-
oritizing natural motion dynamics. We observed the effectiveness
of strategies such as decision filters (e.g., 3D proximity checking),
incorporating contextual depth, and collecting noisy motion data.
Third, understanding the typical motion patterns exhibited by users
was important. For instance, participants often aligned their mo-
tions with the axes of objects. Considering these tendencies, incor-
porating object pose information may offer a more robust approach,
effectively accounting for significant motion differences within the
same gesture class. Finally, optimizing the temporal window size
was crucial to balance the trade-off between recognition accuracy
and latency. Overall, our approach improved recognition reliabil-
ity and responsiveness by capturing partial gestures and applying
continuous filtering.

4.5 Limitations

As our primary focus was developing a generalizable hand and ges-
ture tracker for commercial HMDs, we validated tracking stabil-
ity and recognition accuracy using our custom dataset and cross-
validation, but did not conduct formal user studies to assess the
usability of the proposed interaction. Furthermore, the distinctive
features of our approach—including object-held hand and arbi-

trary graspable objects—precluded direct comparison with existing
methods, thus limiting access to public gesture datasets that consist
of larger human populations. We expect this work to inspire future
efforts in collecting large-scale datasets for object-mediated inter-
action research.

During implementation with multiple users and real-world ap-
plications, we observed instances of tracking and gesture recog-
nition failures due to the limited field of view(FoV) of HoloLens
2. A common cause was user motions extending beyond the FoV
of the HMD camera or being only partially captured. As a re-
sult, users were compelled to raise their arms unnaturally or lower
their heads to keep their hands within the HMD’s FoV. To mini-
mize such forced motions, we constrained both dataset collection
and application scenarios to seated, desk-based conditions; this re-
duced but did not fully eliminate the problem. However, this is a
hardware-dependent limitation related to the natural range of user
activity, and it can be mitigated by leveraging downward-facing
cameras available on more recent devices such as Apple’s Vision
Pro [1] and Samsung’s Galaxy XR [2].

5 CONCLUSION

In this work, we presented a unified offloading-based frame-
work for advanced hand and gesture tracking, enabling ro-
bust object-mediated interaction on resource-constrained wearable
AR devices. By combining an advanced 3D hand tracker for
hand-object interaction with a GRU-based dynamic gesture recog-
nizer, the system maintained stable performance even under chal-
lenging occlusion scenarios, which has not been addressed in prior
studies. The proposed approach was validated through a custom
object-mediated gesture dataset, extensive ablation studies, and
real-world deployment on the HoloLens 2, achieving high recog-
nition accuracy, improved generalization, and real-time respon-
siveness. Furthermore, the modular offloading design allows flex-
ible integration of alternative tracking modules, ensuring adaptabil-
ity to diverse application domains. With the growing adoption of
lightweight wearable glasses with limited onboard resources, this
approach offers strong potential for delivering high-performance
tracking without overburdening the device. Overall, our work es-
tablishes a foundation for scalable, object-aware, and intuitive AR
interactions that seamlessly incorporate physical objects as medi-
ators of the AR experience, paving the way for richer and more
immersive everyday applications. Our future scope includes port-
ing the proposed framework to heterogeneous HMDs and assessing
its practical usability through in-depth user evaluations.
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