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Abstract
As artificial intelligence systems increasingly interact with humans
in physical environments, understanding the causal relationship
between visual perception and full-body motor responses becomes
critical for safe and natural human-AI collaboration. However, ex-
isting motion datasets either lack visual context or are constrained
by marker occlusion and limited capture volumes in large-scale
scenarios. We present VRMotion, a large-scale multimodal dataset
that captures temporally aligned egocentric visual stimuli and cor-
responding full-body kinematic responses. We leverage VR environ-
ments to safely simulate diverse task scenarios, while an omnidi-
rectional treadmill combined with a 27-sensor IMU system enables
occlusion-free capture of unconstrained locomotion with consis-
tent precision. The dataset contains 21.6 million frames across
three task categories with varying cognitive and motor complexity:
directive (Beat Saber), suggestive (Table Tennis), and explorative
(Blade & Sorcery). Leveraging this rich data, we conduct a system-
atic evaluation of cross-modal motion prediction by benchmark-
ing ten distinct combinations of visual backbones and temporal
heads, establishing a rigorous foundation for the next generation
of intelligent, predictive VR systems. Our dataset is available at
https://naislab.cn/datasets/VRMotion/.

CCS Concepts
• Computing methodologies → Motion capture; Machine
learning algorithms; • Human-centered computing → Virtual
reality.

Keywords
Multimodal Dataset, Motion Capture, Motion Prediction, Virtual
Reality, Benchmark

1 Introduction
The trajectory of machine learning has been toward systems that
participate in human activity—from language models that assist
in knowledge work to embodied agents that manipulate physi-
cal objects. Recent advances in vision-language models [30], large
∗Corresponding author.

language models [8], and embodied AI [35] have brought this vi-
sion closer to reality. Yet a fundamental capability that humans
perform effortlessly remains out of reach: planning and execut-
ing motor actions directly from visual input. While machines can
now interpret complex scenes and generate human-like motion
independently, they cannot predict how a person will move given
what that person sees. This limitation—the inability to model the
causal mapping from egocentric visual perception to full-body kine-
matic responses—prevents AI systems from truly anticipating hu-
man behavior, constraining them to reactive rather than proactive
interaction across robotics, virtual reality, and human behavior
modeling [7, 32].

However, mastering this capability remains fundamentally hin-
dered because existing datasets cannot support such a cross-modal
problem formulation. Current repositories fail to capture the essen-
tial causal relationship between perception and action due to three
core limitations: (1)Modality Isolation and Temporal Misalign-
ment: Motion capture repositories [19, 21] record rich kinematics
but lack participants’ visual experiences. Conversely, egocentric
datasets [10] often omit body tracking, and critical temporal syn-
chronization between modalities is either absent or achieved with
precision insufficient for studying rapid sensorimotor responses.
(2) Spatial and Locomotion Constraints: Datasets employing
traditional marker-based capture [34] suffer from marker occlu-
sion during self-interaction and limited capture volumes, while
RGB-based pose estimation [44] experiences precision degradation
proportional to camera distance. (3) Absence of Diverse Elici-
tation Scenarios: The field lacks diverse scenarios specifically
designed to elicit natural, cognitively driven bodily responses from
humans to specific visual stimuli.

To overcome the aforementioned challenges of modality isola-
tion, marker occlusion, and spatial restrictions, we introduce VR-
Motion—a large-scale multimodal dataset engineered to capture
the causal loop between egocentric visual stimuli and full-body
motion responses (Fig. 1). In this study, we utilize Virtual Reality
(VR) as a safe and convenient medium exclusively for acquiring ego-
centric visual inputs. Furthermore, to resolve the visual occlusion
issues of traditional optical systems, we deploy a 27-sensor wireless
inertial measurement unit (IMU) suite. To simulate expansive envi-
ronments while preventing IMU signal degradation and precision

1
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Figure 1: Visualization of the data acquisition equipment. The left part shows a schematic diagram of the wearable motion
capture system, which consists of 17 inertial sensors with gyroscopes and two data gloves for capturing full-body and fine-
grained fingermovements. Themiddle part presents a real-world example of a participant wearing the complete setup. The right
part displays the joint visualization generated by the industrial-grade software Axis Studio after calibration and reconstruction.

loss over long physical distances, we pair this suite with an omni-
directional treadmill [20]. In summary, this hardware combination
successfully decouples natural human locomotion from physical
space constraints, achieving continuous, high-fidelity kinematic
data acquisition. Our core contributions are three-fold:

• Large-Scale Multimodal Dataset: We present VRMotion,
comprising over 21.6 million precisely synchronized
frames of HD egocentric video and full-body IMU data.
This extensive collection provides the essential data foun-
dation for robust cross-modal learning across directive, sug-
gestive, and explorative cognitive tasks within simulated
environments [3, 42].

• Unified Cross-Modal Predictive Framework: Beyond
the dataset, we propose an end-to-end, hierarchical re-
search framework that formally defines the cross-modal
synthesis task of mapping egocentric visual stimuli to bio-
mechanically plausible future trajectories. This modular
pipeline seamlessly integrates visual encoders with tempo-
ral motion dynamics, shifting the paradigm from reactive
pose estimation to proactive physical anticipation.

• Comprehensive Baseline Evaluations and Insights:
We establish a rigorous benchmark by systematically eval-
uating ten distinct visual-temporal models. Our extensive
experiments demonstrate that integrating Large Vision-
Language Models (LVLMs) achieves state-of-the-art accu-
racy, proving the critical role of advanced spatial-geometric
understanding in forecasting complex reactive motions.

2 Related Work
2.1 Related Datasets
Motion Capture Datasets. Traditional datasets like CMU Mo-
cap [21] and Human3.6M [19] provide high-quality 3D poses cap-
tured via marker-based systems, while HumanEva [34] offers syn-
chronized video for evaluation. However, these datasets typically

lack the immersive first-person context critical for VR and miss the
extended locomotion patterns essential for navigation in virtual
worlds.
Egocentric Vision Datasets. Existing first-person datasets like
EPIC-KITCHENS [10] focus on hand-object interactions, while Ego-
Body [44] captures social interactions using HoloLens 2. Although
some datasets explore head movements in VR [9, 39], they omit
full-body motion or trajectory data.
Limitations of Existing Work. As shown in Table 1, current
datasets either provide only egocentric vision without comprehen-
sive body motion, or lack the causal relationship between visual
stimuli and locomotion responses. Additionally, marker-based sys-
tems face occlusion issues in confined capture volumes, while RGB-
based methods exhibit distance-dependent precision degradation.
These constraints limit their applicability to large-scale environ-
ments. VRMotion addresses these limitations by combining IMU
sensors with VR environments and an omnidirectional treadmill
(occlusion-free, distance-independent), enabling unconstrained lo-
comotion capture with consistent precision.

2.2 Human Motion Prediction
Human motion prediction has transitioned from statistical models
to deep learning paradigms [12, 25, 27]. Early RNN-based meth-
ods [12] introduced residual connections to model velocities [27],
but often suffered from long-term error accumulation [15]. Graph
Convolutional Networks (GCNs) subsequently emerged to explic-
itly model skeletal structures [25], employing spatial-temporal de-
composition and multi-scale representations [23]. Recently, atten-
tion mechanisms and transformers [1, 26] have further addressed
long-range dependencies, while contemporary research focuses on
equivariance constraints [40] and biomechanical consistency [16].

Parallel to these efforts, action anticipation from first-person vi-
sion has explored activity forecasting [6], temporal perception [46],
and object-centric reasoning [14]. Advanced frameworks have in-
corporated gaze anticipation [43], reinforcement learning [33],

2
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Table 1: Comparison with Existing Motion and VR Datasets

Dataset HMD Screen
Content

VR-Motion
Alignment Modality∗ Movement Tracking VR

Environment
Size

(Frames)Head
Orientation

Locomotion
Trajectory

CMU Mocap [21] ✗ ✗ Marker ✗ ✗ ✗ 15.3M
HumanEva [34] ✗ ✗ Marker ✗ ✗ ✗ 0.08M
Human3.6M [19] ✗ ✗ Marker ✗ ✗ ✗ 3.6M
VR-Behavior [39] ✗ ✗ – ✓ ✗ ✓ 26M
TotalCapture [37] ✗ ✗ IMU/RGB ✗ ✗ ✗ 1.9M

EPIC-KITCHENS [10] ✓ ✗ – ✗ ✗ ✗ 11.5M
DIP-IMU [18] ✗ ✗ IMU ✗ ✗ ✗ 0.3M
EGO-CH [31] ✓ ✗ – ✗ ✗ ✗ 0.17M
Egobody [44] ✓ ✗ RGB ✗ ✗ ✗ 0.59M
VRMN-bD [42] ✓ ✗ RGB ✓ ✗ ✓ 0.97M
Questset [3] ✗ ✗ RGB ✓ ✗ ✓ N/A

Movement & Traffic [4] ✗ ✗ RGB ✓ ✗ ✓ N/A
VRMotion (Ours) ✓ ✓ IMU ✓ ✓ ✓ 21.6M

∗ Modality refers to the primary hardware or method for pose capture: Marker-based, Inertial Measurement Units (IMU), or CV-based (RGB).
VRMotion is the first dataset that captures the causal relationship between VR visual stimuli and full-body responses through precise temporal
alignment.

and future localization [29]. Standardized benchmarks like EPIC-
KITCHENS [10, 13] have advanced discrete action prediction, yet
continuous full-body trajectory forecasting remains a challenge.

While significant progress has been made in predicting motion
from motion, predicting movements from visual stimuli in VR re-
mains largely unexplored. Our work addresses this gap by providing
a data foundation for cross-modal prediction, requiring an under-
standing of how specific virtual cues trigger distinctive locomotion
patterns and gestural responses.

3 VRMotion Dataset
The VRMotion dataset is designed to provide high-fidelity, synchro-
nized multimodal data of human motion in response to immersive
VR stimuli. Our dataset encompasses over 21.6 million aligned
frames, capturing the complex causal relationship between ego-
centric visual input and full-body kinematic responses. All data
collection procedures were approved by the Institutional Review
Board of The Chinese University of Hong Kong, Shenzhen (IRB
No. CUHKSZ-D-20250059), and all participants provided written
informed consent prior to participation.

3.1 Hardware Setup
Our acquisition system integrates three primary hardware com-
ponents working in concert to produce synchronized multimodal
data, as illustrated in Fig. 1:
• MotionCapture System:We implemented a professional-grade

inertial motion capture system featuring 27 wireless IMU sen-
sors strategically positioned on participants’ bodies according
to biomechanical landmarks. Each sensor integrates a triaxial
gyroscope, accelerometer, and magnetometer, sampling at 60Hz
with 0.1◦ rotational accuracy as specified by the hardware man-
ufacturer.

• Omnidirectional Treadmill: We integrated the Virtuix Omni
One treadmill, featuring a low-friction concave platform that
allows participants to walk and run while remaining physically

Figure 2: Data processing pipeline showing parallel acquisi-
tion of motion capture data and VR video data, locomotion
trajectory recording, followed by temporal synchronization.
The pipeline ensures high-fidelity capture of both human
motion, movement trajectories, and immersive visual con-
text.

stationary. It captures walking direction, speed, and acceleration
at 100Hz through joystick emulation.

• VR System:We selected the Meta Quest 3 and Pico 4 Ultra as
our VR platform, featuring dual displays at 2160 × 2160 pixels
per eye, a 90Hz refresh rate, and precise inside-out tracking.

3.2 Data Processing Pipeline
As shown in Fig. 2, our data collection pipeline involves the parallel
acquisition and processing of motion capture data, locomotion
trajectories, and VR video data, which are subsequently integrated
through a rigorous synchronization and verification phase:

3
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Figure 3: 3D joint trajectories (left to right: Blade & Sorcery, Table Tennis, Beat Saber). Spatial paths illustrate operative
workspaces and coordination patterns across segments.
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Figure 4: Cumulative per-joint total displacement across all
tasks. The stacked bars quantify the combined joint-wise
distances, with color segments representing the proportional
contributions of Blade & Sorcery, Table Tennis, and Beat
Saber, highlighting task-specific movement emphasis.

(1) Motion Processing: Raw measurements from 27 IMU sensors
are captured at 60Hz, followed by kinematic reconstruction us-
ing Axis Studio’s sensor fusion algorithms to generate coherent
skeletal representations.

(2) Trajectory Processing: Directional inputs from the treadmill
are integrated into continuous movement paths that accurately
represent participants navigational intentions within the virtual
environment.

(3) Video Processing: HMD Video Recording captures the partic-
ipant’s complete visual experience at 30fps, with timestamps
extracted via the easyOCR library.

(4) Temporal Alignment andManual Verification:Multimodal
data streams are temporally aligned using the extracted times-
tamps, followed by rigorous manual verification to filter arti-
facts and guarantee reliable causal synchronization.

3.3 Task Categories
We design a complexity gradient across three task categories:
• Directive (Beat Saber[5]): Highly directive tasks with explicit

visual cues that strongly correlate with expected user responses,
primarily focusing on upper body movements in a relatively
stationary position.

• Suggestive (Table Tennis[11]): Suggestive tasks providing
contextual cues that require interpretation and personalized re-
sponses, introducing moderate locomotion requirements [34].

• Explorative (Blade & Sorcery[38]): Explorative tasks with
open-ended interaction and minimal constraints, requiring sub-
stantial environmental awareness and spatial cognition enabled
by the treadmill.

3.4 Dataset Analysis
We quantify motion characteristics across representative tasks us-
ing four complementary measurements (Figs. 3-5) to characterize
the distinct motion patterns and reveal the statistical associations
underlying full-body responses. More detailed dataset analysis can
be seen in our Supplemental Materials.
Locomotion Fidelity and Workspace Scaling: 3D trajectories
(Fig. 3) reveal task-specific spatial organization and the impact
of hardware on movement realism. Blade & Sorcery exhibits en-
larged trajectory envelopes across all joints, particularly the lower
limbs, which is a direct result of natural locomotion on the omni-
directional treadmill. Unlike controller-based datasets, VRMotion
captures these high-fidelity navigational intentions, providing rich
targets for models trained to forecast future trajectories from visual
cues.
Kinematic Dominance and Predictive Weight: The stacked
cumulative displacement (Fig. 4) identify segments that dominate
overall movement, directly impacting prediction error weighting.
As reflected in the proportional segments of the bars, in the directive
Beat Saber task, hand joints overwhelmingly lead with displace-
ments 18.3x that of body joints. Conversely, the explorative Blade &
Sorcery task distributes effort more broadly (hands 2.2x body joints)
due to integrated locomotion. These profiles indicate that predictive
precision in high-displacement joints is critical for system-level
performance.
Gaze-Trajectory Synergy: Analysis of the explorative scenario
(Fig. 5) reveals a consistent speed-gaze trade-off: intensive exploratory
scanning coincides with reduced forward speed, while speed in-
creases when gaze aligns with the locomotion path. This relation-
ship establishes egocentric field-of-view (FoV) orientation as a pow-
erful contextual cue for predicting near-future velocity and path
commitment, enabling the cross-modal predictive capabilities that
form the core of the VRMotion framework.

4 Methodology
This section describes the VRMotion framework, an end-to-end
modular system designed to anticipate long-term human motion
in immersive VR scenarios. The core philosophy of VRMotion is

4
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Figure 5: Randomly sampled exemplar trial in the explo-
rative scenario illustrating the relationship between viewing
behavior and locomotion dynamics. (a) Path & FoV Diver-
gence. (b) Locomotion Speed.

Figure 6: The proposed VRMotion framework. The architec-
ture utilizes a modular core to fuse VR egocentric video and
past motion inputs, ultimately regressing future 3D skeletal
sequences.

to treat motion prediction as a cross-modal synthesis task, where
egocentric visual stimuli and proprioceptive history are fused to
generate bio-mechanically plausible future trajectories.

4.1 Framework Overview
The VRMotion framework is structured into a hierarchical pipeline
consisting of three primary stages: the Input Layer, the Modular
Core, and the Output Layer, as illustrated in Figure 6.

The Input Layer handles multimodal data streams: a sequence
of VR egocentric video frames 𝑉𝑡−𝑁 ...𝑡 and the corresponding past
skeletal motion 𝑋𝑡−𝑁 ...𝑡 . TheModular Core serves as the central
processing unit, where visual features are extracted and integrated
with temporal motion dynamics. Finally, the Output Layer trans-
forms the fused latent representations into a futuremotion sequence
𝑋𝑡+1...𝑡+𝑀 . Formally, the system aims to optimize the parameters 𝜃
of a mapping function F such that:

𝑋𝑡+1:𝑡+𝑀 = F𝜃 (Φ(𝑉𝑡−𝑁 :𝑡 ),Ψ(𝑋𝑡−𝑁 :𝑡 )) (1)

where Φ and Ψ denote the encoding operations for visual and mo-
tion modalities, respectively.

4.2 Visual Encoder & Temporal Modeling
TheModular Core is designed with high flexibility, allowing for
the independent optimization of visual and temporal components.
This modularity is essential for adapting to different VR tasks and
computational constraints.

The Visual Encoder is responsible for extracting high-level
semantic and spatial-geometric features from the raw VR video
frames. We adopt Large Vision-Language Models (LVLMs), specif-
ically the Qwen2.5-VL backbone, as our primary visual extrac-
tor. Unlike traditional CNNs, the LVLM-based encoder leverages
a massive pre-trained parameter space to understand complex 3D
environments, such as identifying the trajectories of virtual objects
and their spatial relationship with the user. The extracted features
are passed through a projection layer to align the vision-domain
dimensions with the temporal-modeling requirements, resulting in
a condensed visual stimuli representation 𝑓𝑣𝑖𝑠 ∈ R𝐷 .

The Temporal Modeling component acts as the temporal rea-
soning engine that integrates the visual stimuli with the user’s
historical movement momentum. Within this modular component,
we consider two distinct architectural approaches:
• Recurrent Modeling (LSTM): This approach treats the predic-

tion as a sequential regression task. By maintaining a hidden
state that evolves over time, the LSTM module captures the
temporal dependencies within the motion sequence while priori-
tizing new visual cues extracted from the VR scene. This ensures
that the generated motion is continuous and maintains physical
momentum.

• Graph-based Spatio-Temporal Modeling (ST-GCN): Alter-
natively, we model the human body as a spatio-temporal graph
where the 24 joints represent nodes and the bones represent
edges. The ST-GCN [41] module performs graph convolutions
across both spatial and temporal dimensions, explicitly enforcing
the skeletal topology and bio-mechanical constraints. This al-
lows the system to focus on the interconnected nature of human
joints during complex reactive movements.
The fused information from these two components is then passed

to the Output Layer, which utilizes a series of fully connected lay-
ers to regress the final 3D coordinates for the entire future hori-
zon 𝑀 . This decoupled design allows the VRMotion framework
to effectively bridge the gap between "seeing" a virtual event and
"predicting" the subsequent physical response.

5 Experiments
In this section, we conduct a comprehensive evaluation of the VR-
Motion framework using the proposed benchmark. We analyze
the performance of ten distinct visual-temporal combinations to
demonstrate the effectiveness of Large Vision-Language Models
(LVLMs) in anticipating complex human motions within VR envi-
ronments.

5.1 Experimental Setup
Implementation Details. All baselines are initialized with pre-
trained weights. Specifically, LVLM variants (Qwen2.5-VL-7B [2],
OneVision [22]) utilize 8-bit quantization for LSTM models and
FP16 for ST-GCN [41] models to ensure gradient stability. The
models undergo supervised training on VRMotion for 100 epochs
using the AdamW optimizer [24] on RTX 4090 GPUs, with LVLM
backbones following a full-parameter instruction-tuning paradigm
[45]. LSTM-based models use a constant learning rate of 10−4, while
ST-GCN-based models adopt 5 × 10−5 with a Cosine Annealing
scheduler. Models are trained with a batch size of 8–32 and 2-step
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Table 2: Quantitative comparison of ten visual-temporal base-
line models on the VRMotion dataset. Models are grouped
by their temporal modeling head and sorted by MPJPE. Bold
indicates the best performance in each category.

Group
Visual
Encoder

Temporal
Model

MPJPE
(mm) ↓

PA-MPJPE
(mm) ↓

Vel Error
(mm/f) ↓

LSTM-based

Qwen2.5-VL [2] LSTM [27] 44.25 40.47 10.87
OneVision [22] LSTM [27] 48.17 44.36 10.05
DINOv2 [28] LSTM [27] 54.66 48.63 12.38
ResNet [17] LSTM [27] 63.48 52.92 12.43
VideoMAE [36] LSTM [27] 90.46 64.83 15.04

ST-GCN-based

Qwen2.5-VL [2] ST-GCN [41] 127.62 96.53 48.49
OneVision [22] ST-GCN [41] 202.84 99.91 104.26
DINOv2 [28] ST-GCN [41] 215.46 113.36 108.26
VideoMAE [36] ST-GCN [41] 268.80 144.12 108.44
ResNet [17] ST-GCN [41] 409.68 252.03 206.56

gradient accumulation to predict a 16-frame future horizon (0.53
seconds).
Baseline Models.We evaluate a range of state-of-the-art vision
backbones paired with different temporal modeling heads. The vi-
sual encoders include general-purpose models (ResNet, DINOv2),
video-centric models (VideoMAE), and advanced LVLMs (OneVi-
sion, Qwen2.5-VL). Each encoder is tested with two types of tempo-
ral heads: a recurrent Long Short-Term Memory (LSTM) network
and a topology-aware Spatio-Temporal Graph Convolutional Net-
work (ST-GCN).
Evaluation Metrics. Following the standard protocols in human
motion analysis, we evaluate the benchmark across three dimen-
sions:
• MPJPE (mm): Mean Per-Joint Position Error, measuring the av-

erage Euclidean distance between predictions and ground truth.
• PA-MPJPE (mm): Procrustes-aligned MPJPE to assess pose sim-

ilarity regardless of global orientation.
• Vel Error (mm/f):Velocity Error, assessing the temporal smooth-

ness of generated sequences.

5.2 Quantitative Results
Table 2 presents a quantitative comparison of ten baseline models
on the VRMotion dataset. The results reveal a clear performance
hierarchy across different architectures.
LVLM Superiority: Our fine-tuned Qwen2.5-VL + LSTM model
achieves the state-of-the-art accuracy with an MPJPE of 44.25
mm. This represents a significant margin over traditional CNN
backbones like ResNet (63.48 mm) and video-native models like
VideoMAE (90.46 mm), proving that the massive pre-trained spatial
knowledge in LVLMs is crucial for interpreting causal links between
complex VR stimuli and human motor responses.
Temporal Head Effectiveness (LSTM vs. ST-GCN): Notably,
LSTM heads consistently outperform ST-GCN across all visual back-
bones. For instance, Qwen2.5-VL degrades from an MPJPE of 44.25
mm (LSTM) to 127.62 mm (ST-GCN). We attribute this to a classic
domain mismatch: modern visual encoders, especially LVLMs, ex-
tract highly abstract, global semantic features. While LSTM serves
as a robust implicit sequence decoder that effectively maps these
representations to motion trajectories, ST-GCN explicitly forces
them into a rigid 24-joint physical graph. This rigid spatial routing
disrupts holistic semantic flows, indicating that implicit recurrent
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Figure 7: Qualitative results of our VRMotion framework
across four test cases. The Predicted pose exhibits high fi-
delity to the Ground Truth even at a 0.53s future horizon,
with errors ranging from 20.7 mm to 36.5 mm.

modeling is more compatible with large-scale vision foundation
models for highly dynamic, reactive tasks.

5.3 Qualitative Results
To intuitively demonstrate the predictive capability of our frame-
work, we present qualitative results in Fig. 7. The visualizations
across four representative cases illustrate how the model accurately
aligns future poses with the visual input.

As shown in the second and third rows of Fig. 7, our model main-
tains biomechanical consistency, avoiding joint distortion even
during complex movements. For instance, in the first case, the
model achieves a minimum error of 20.7 mm, capturing the pre-
cise orientation of the player’s arms as they prepare to interact with
upcoming virtual blocks. The structural alignment between the pre-
dicted skeleton and the ground truth indicates that the framework
has successfully learned the underlying intent behind the visual
cues provided by the VR egocentric view.

6 Conclusion
In this paper, we introduce VRMotion, the first large-scale mul-
timodal dataset designed to bridge the gap between immersive
visual stimuli and corresponding full-body human kinematic re-
sponses. The dataset encompasses over 21.6 million precisely
aligned frames across three task categories—directive, suggestive,
and explorative—captured through the innovative integration of 27
wireless IMU sensors and an omnidirectional treadmill. We conduct
a systematic benchmark evaluation of ten distinct combinations
of visual backbones and temporal heads, establishing a rigorous
foundation for cross-modal motion prediction. Our findings demon-
strate that Large Vision-Language Models (LVLMs), particularly
Qwen2.5-VL, exhibit superior spatial-geometric understanding and
achieve state-of-the-art performance in anticipating complex re-
active motions. By synchronizing VR visual input with natural
locomotion and gaze dynamics, this work effectively transitions
ego-motor learning from reactive to predictive paradigms.
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