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Abstract

Data-driven exoskeletons promise adaptive augmentation of human mobility. Yet their widespread
adoption is hindered by labor-intensive biomechanical data collection and extensive manual tuning.
This study presents a highly efficient, simulation-generated synthetic data approach. It also designs
a model-free algorithm for variable-speed walking to validate the method. We leveraged an
Adversarial Motion Priors (AMP) agent to learn stylized walking within a massively parallel,
physics-based simulation. The resulting high-fidelity data were collected and validated against
OpenSim inverse dynamics pipelines. A novel CNN-Transformer architecture was developed to map
contralateral swing-phase sensor data to variable-length push-off torque profiles. This enables real-
time, adaptive torque assistance for exoskeletons. Experimental validation on a custom ankle
exoskeleton demonstrated robust sim-to-real transferability. The system achieved approximately
85% torque prediction accuracy across speeds ranging from 0.6 to 1.75 m-s?. The controller
significantly reduced user ankle positive mechanical work, thereby lowering metabolic demand.
Furthermore, our multi-sensor configuration exhibited inherent fault tolerance, ensuring safe
operation even under partial sensor failure. By replacing handcrafted control strategies with a
scalable, data-driven approach, this work offers a practical pathway toward deploying autonomous
exoskeletons in unconstrained, real-world environments.

Keywords: data-driven; exoskeleton; reinforcement learning; sim-to-real transfer; contralateral gait

1. Introduction

Powered exoskeletons hold transformative potential for augmenting human mobility [1-4]. Yet
their widespread adoption is stifled by the rigidity of conventional control architectures. Dominant
hierarchical approaches rely on high-level discrete task classification to trigger mid-level phase-based
spline torque profiles [5-8]. Such methods is inherently incapable of accommodating unstructured,
non-cyclic, or transitory movements that characterize daily life. Moreover, optimizing human-in-the-
loop control parameters for each specific task and participant typically demands laborious trials or
metabolic cost measurements [9,10]. These handcrafted, task-specific controllers fail to generalize.
This creates an urgent need for a versatile strategy that operates without explicit task classification or
exhaustive manual tuning.

Autonomous classifiers have been adopted to enable mode transitions between high-level assistive
strategies. Human-in-the-loop optimization utilized respirometry measure as the metabolic cost. And
control law optimization could be online solved via repeated laboratory trails including walking and
running [2]. When replaced the above cost with a data-driven classifier, the optimization process can
be performed rapidly in real-world conditions [11]. For high-level control, Data-driven models can
estimate more high-level states compared with physics-driven models classifier [12]. A data-driven
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model can continuously classify environment, and estimate the phase, phase rate, stride length
during locomotion [13,14]. Computer vision and deep learning was leveraged to classify
environments and estimate terrains in both indoor and outdoor settings outdoors [15,16].
Proprioceptive sensors provide kinematic data for neural networks. These networks detect
stance/swing transitions provide proper assistance at the desired timing during variable-speed
walking [12,17]. For mid-level control, some end-to-end data-driven methods have emerged. They
demonstrate superior robustness across diverse individuals and environments [18,19]. These models
leverage continuous physiological states as input and biological joint moments as output to enable
real-time torque adaptation. However, despite their superior in flexibility, such end-to-end data-
driven approaches are notoriously "data-hungry," requiring vast quantities of high-quality training
data for deep learning architectures.

To collect biomechanical ground-truth labels, users must perform diverse tasks in laboratories
equipped with motion capture (kinemetics) and force plates (ground reaction forces). And then,
musculoskeletal-based OpenSim inverse dynamics were used to calculate joint moments [20-22].
Given the labor-intensive and complex nature of this process, researchers often rely on limited online
datasets [19,23,24]. Concurrently, simulation-based synthetic data generated by advanced generative
models presents a promising alternative. This paradigm has been firmly established in robotic
locomotion and manipulation, which require accurate latent dynamics [25,26]. Recent studies
leveraged data-driven reinforcement learning (RL) from scratch in simulation [27]. These versatile
control policy overcomes the formidable sim2real gap using dynamics-aware models [28-31].
Although RL effectively learns motor skills via reward signals, current applications typically deploy
the policy merely as a controller. Consequently, they neglect the policy’s potential as a research
platform. Specifically, the implicit dynamics encoded within the policy could serve as a powerful tool
for data generation and validation [32].

Inspired by this concept, we trained a stylized walking agent in simulation to generate massive
synthetic datasets with precise annotations parallelly. We obtained graceful and life-like walking
behaviors for physically simulated characters via Adversarial Motion Priors (AMP) [33-35]. The
generated synthetic data includes both sensor readings and torque profiles. A rigorous validation of
the walking agent against experiment with OpenSim standard pipeline was made. The generated
torque curves closely match the reference standards at a high degree of consistency, indicating the
agent successfully learns walking dynamics from the reference motions. Then, we proposed a novel
CNN-Transformer framework. Convolutional Neural Networks (CNNs) extract robust local features,
while transformers capture long-range temporal dependencies. Together, they enable precise
mapping of variable-length torque profiles. This approach was implemented on an autonomous
ankle exoskeleton. The system ensured adaptability across walking speeds from 0.6 ms''to 1.75 m-s™!
at torque accuracy about 85%. We demonstrate that this task-agnostic controller accurately estimates
user joint moments online and significantly reduces metabolic cost and lower-limb biological joint
work during variable-speed walking, marking a critical step of exoskeleton technologies.

2. Materials and Methods

2.1. The Simulation Environment and Exoskeleton Hardware Architecture

All simulations were executed on a workstation equipped with an Nvidia RTX 6000 Ada
Generation GPU (Driver version: 580.126.09, CUDA v12.9.41). The simulation framework utilized
Isaac Sim (v4.5.0) integrated with PyTorch (v2.5.1+cul18) for deep learning training and validation.
Biomechanical modeling and analysis were conducted using OpenSim (v4.5). To acquire ground-
truth kinematic and kinetic data, we employed an optical motion capture (NOKOV, Mars 1.3H)
synchronized with high-fidelity force plates (Bertec, FP4060).

The custom-developed ankle exoskeleton platform comprises a 1-dof system for each leg driven
by a Xiaomi CyberGear motor. The embedded controller (d-robotics, RDK X5) operated at a
frequency of 500 Hz to ensure real-time responsiveness. Proprioceptive sensing is achieved through
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a multi-sensor configuration: IMU (Yesense, YIS320, 200Hz), encoder (ZeroErr, eCoder 11, 1000Hz),
940 nm Laser ToF (NooPLoop, TOFSense-F/F2, 50 Hz).

2.2. Human-Stylized Gait and Torque Prediction Algorithm

We implemented the AMP algorithm within the Isaac Lab framework. The human model was
configured with anthropometric parameters corresponding to a male subject (height: 180 cm, mass:
70 kg). Segment lengths and circumferences were derived from direct physical measurements,
modeled in SolidWorks, and exported to URDF format using the SW2URDF plugin before conversion
to USD for simulation deployment. Reference motion trajectories for the AMP policy were captured
using an optical motion capture. This reference trajectories were also used for OpenSim inverse
dynamics solving. After data preprocessing and cleaning, these trajectories were retargeted to the
simulated model. To enable command-following capabilities, an additional reward term penalizing
deviation from target velocity commands was incorporated into the training objective. All simulation
data were acquired directly via the native Isaac Lab interfaces.

The proposed algorithm, termed CNN-Transformer, employs a hybrid encoder-decoder
architecture integrating feature extraction with attention-based sequence modeling. Input sensor data
(8 channels) are first processed by a CNN encoder which downsample the input and expand the
feature dimension to 128. The extracted features are then fed into a Transformer Encoder consisting
of three identical layers. Each encoder layer utilizes multi-head self-attention and a position-wise
feed-forward network (hidden dimension 512), stabilized by layer normalization and dropout (p =
0.1). Subsequently, a Transformer Decoder, also composed of three layers, refines these
representations through masked self-attention and cross-attention mechanisms. Finally, the decoded
features are projected via a fully connected linear layer to generate a scalar torque prediction.

3. Results and Discussion

This work leverages advanced imitation learning and physics-based simulation environments
to facilitate a paradigm shift from complex dynamic models toward data-driven biomechanical
estimation. An algorithmic framework is established based on the principles of human bilateral
coordinated locomotion, with subsequent deployment and experimental validation. First, detailed
kinematic and kinetic parameters are generated based on human body characteristics, and model
files are created for simulation training (Fig. 1a). The kinetic data for each link i comprise the inertial
parameter vector @i=[mi, mirx, Miryi, Mirz, Lo, Ixyi, Ixzi, Iyyi, lyzi, [24]T, and viscous friction coefficients Fvi,
Coulomb friction coefficients Fd, motor inertia parameters Bi etc. The kinematic data includes the
kinematic coordinate and lower-limb gait data acquired through optical motion capture, with the
upper extremities simplified as a single rigid body. The collected gait data serve as reference motion
priors for AMP-based learning. A massively parallel simulation environment concurrently runs 4,096
agents for training. The Adversarial Motion Prior (AMP) framework leverages a discriminator to
distinguish between generated and reference motion distributions, thereby incentivizing the policy
to produce behaviors that closely match the reference data distribution (Figure 1b). This adversarial
training objective ultimately yields an AMP policy capable of human-like locomotion (Video S1). To
mitigate overfitting, early stopping is employed based on validation performance.
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Figure 1. (a) Detailed kinematic and kinetic parameters based on human body for simulation training. (b) High-
fidelity Isaac sim as a parallel RL training environment with AMP agent to imitate human-like gait with variable
walking speeds. (c) Sensor inputs comprise IMU, Laser ToF, and encoder data, with specific mounting positions.
The walking cycle was segmented, and ankle joint biomechanical torque profiles are obtained through OpenSim.
(d) The CNN-Transformer algorithm with an encoder-decoder architecture, taking 8-dimensional data as input

and safety check before motor execution(e).

The sensor configuration was illustrated in Figure 1c. Sensor inputs comprise inertial
measurement unit (IMU), laser time-of-flight (ToF), and encoder data. The design prioritizes sensor
placement around the ankle joint to capture clinically relevant gait dynamics. Identical sensor types
and mounting positions were adopted across simulation and experimental platforms, ensuring data
fidelity and facilitating sim-to-real transfer. Gait cycle onset was defined by heel strike. In simulation,
gait phase detection was implemented using supplemental plantar force sensors at the heel and
metatarsal heads. For experimental deployment, an alternative phase recognition method intrinsic to
the exoskeleton system was employed, which has been cross validated against optical motion capture
data. As shown in Figure 1c, the proposed torque profile generation algorithm adopted an encoder-
decoder architecture, taking 8-dimensional data as input. Convolutional neural networks (CNNs)
performed feature extraction on the input data, while Transformer modules were employed for
sequential torque prediction. The self-attention mechanism inherent to Transformers enabled the
generation of variable-length output sequences, a characteristic that proved advantageous for real-
time deployment across varying gait cycle durations. A non-real-time generation strategy was
adopted for two primary considerations. First, computational overhead on embedded hardware was
minimized. Second, pre-deployment safety check was enabled, allowing validation of generated
torque profiles against predefined biomechanical constraints prior to actuation. The safety layer
imposes hard constraints on cycle period adherence, peak torque clipping, and monotonicity check.
Such precautionary measures were deemed essential for exoskeleton applications. Finally, the
proposed torque prediction algorithm was deployed on a custom lower-limb exoskeleton platform
for experimental validation. The system demonstrates robust generalization across variable walking
velocities, with generated torque profiles exhibiting satisfactory tracking performance and
biomechanical fidelity.
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Figure 2. (a) Experimental sensor data at a walking velocity of 0.6 m-s™. (b) Sensor data comparison between the
simulation and experiment at the same velocity. (c) Dataset construction workflow. Contralateral data are
segmented in the footfall pattern, where contralateral swing phase (green) is utilized to generate stance phase
torque profiles (red), . (d) Joint torque profiles of the left and right acquired in simulated walking. After
segmentation, the high-fidelity of the simulation are evident in the stochastic variations of torque trajectories (e).

(f) Comparative analysis between simulation and experimental torque profiles (OpenSim pipeline).

Experimental data were acquired using the custom ankle exoskeleton platform, encompassing 8
sensor channels: joint angle encoders, laser time-of-flight (ToF) sensors for heel clearance estimation,
and inertial measurement units (IMUs) capturing tri-axial acceleration and angular velocity as shown
in Figure 2a. The gyro y corresponds to the sagittal plane of human body, the laser ToF distance
corresponds to foot heel clearance to the ground, and the encoder corresponded synchronously. With
the trained AMP agent of human-like gait in simulation environment, we cross-validated the above
4 channels data with experimental measurements. As shown in Figure 2b, the simulation not only
preserves the characteristic, but also captures physically consistent details, such as the subtle peaks
in the laser sensor signal etc. Figure 2c showed our dataset construction workflow, kinematic data of
contralateral swing phase (green) was employed as the features input for CNN-Transformer. The
upcoming stance-phase push-off torque of ankle joint (red) was collected as the target curve as shown
in foot fall pattern in Figure 2c. The heel-strike event was utilized as the temporal onset for each gait
cycle. Figure 2d showed the obtained ankle torque profiles, normalized to 70 kg body mass. The
prominent positive peaks in the torque curves correspond to the active push-off phase, providing the
necessary propulsive force to walk forward. We noted that discernible bilateral asymmetry and inter-
cycle variability exists, inheriting stochasticity of the Isaac Sim physics engine. Rather than exhibiting
rigid periodicity, the gait remains quasi-periodic, with no two cycles being identical. This
characteristic ensured that the synthesized gait more closely approximates real-world human
locomotion, where physiological fluctuations and environmental perturbations prevented exact
cycle-to-cycle replication.

We collected about 50,000 trials, each encompassing a complete gaits including standing
initiation, ten steps of steady-state walking, and final termination. Figure 2e presented the selected
samples of a dataset. Joint torques exhibited consistency during steady-state walking, whereas minor
deviations were observed in a subset of data corresponding to acceleration and deceleration phases.
By deploying 4,096 agents in parallel, we amassed a substantial data within a few minutes. Besides
enhanced realism and scalability, our simulation-based data generation strategy was rigorously
validated against the conventional gold standard pipline. Typically, optical motion capture for
kinematics and force plates for ground reaction forces (GRFs) were used to collect data. OpenSim
with inverse dynamic pipeline was used to calculate joint torques. We compared a representative
joint torque profile from the AMP agent during against OpenSim output as shown in Figure 2f. Given
that both methods adopted the same motion capture data as input, the comparison is directly valid.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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The AMP-derived profiles exhibited richer high-frequency details across both stance and swing
phases. We attribute the smoother OpenSim curves to the aggressive filtering required for inverse
dynamics convergence, an artifact circumvented by our proposed approach.
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Figure 3. (a) At a broad velocities (0.6-1.9 m-s™), AMP agents exhibited consistent policy performance with
converged training rewards. (b) The discriminator losses of the AMP agent across walking speeds. (c)
Relationship between swing phase data cropping and prediction accuracy at 0.75 m-'s™. (d) The CoM velocity
and joint torques throughout in a walk episode, together with the accuracy characteristics of predicted torque

profiles at varied walking speeds (e).

Walking velocities in real-world scenarios exhibited significant variability, both between
different trials and between individual steps. Consequently, we conducted a comprehensive
evaluation to quantify the impact of velocity variations. Varied walking speed ranging from slow 0.6
m-s? to very fast 1.9 m-s™ was studied. Extra reward terms were added into the total reward in AMP
agent to endow velocity tracking ability. As shown in Figure 3a, the reward curves exhibited
convergence, indicating that the policies effectively learned walking skills against speed variations.
To prevent the erosion of human-like gait characteristics during high-velocity training, we increased
the weights of the style reward, which penalized deviations from the reference dataset's behavioral
style. This strategy ensured that the discriminator loss converged to comparable levels across all
tested velocities (Figure 3b), confirming that the agent successfully preserved human motion
characters. Reasonably, high walking velocities with shorter swing phases posed a challenge for
temporal feature extraction. We conducted an ablation study at 0.75 m-s? by systematically
truncating input data as shown in Figure 3c. The model maintained high accuracy with up to the last
40% swing phase data filled with 0. Conversely, when the input data was entirely absent (100%
truncation), the algorithm defaulted to outputting expectation of all reference curves. Figure 3d show
a representative walking trial, including the gait initiation, steady-state walking, and variable
velocities, characterized by intermittent acceleration and deceleration. By directly extracting joint
torque data, we observed that torques were minimal during slow walking but increased significantly
during acceleration phases. Concurrently, the sagittal plane velocity of CoM was synchronously
recorded to correlate with these dynamic torque variations as is shown in Figure 3d. We segmented
joint torque profiles specifically within the push-off phase across complete gait cycles to evaluate
prediction accuracy. The algorithm demonstrated robust performance across the velocities,
maintaining high fidelity from slow to moderate speeds. However, a notable degradation in accuracy
was observed at high velocities (1.75 m-s™). This decline was likely attributable to insufficient
effective data points caused by the interaction between rapid gait dynamics and the sensor system’s
fixed sampling frequency (50 Hz), thereby limiting temporal resolution during fast locomotion.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Subsequently, we deployed and validated the proposed CNN-Transformer prediction algorithm
on our exoskeleton platform. The validation protocol involved variable-speed level walking on a
footpath with force plate and optical motion capture, as shown in Figure 4a. The exoskeleton and
sensor configuration were detailed in Fig. 4b; notably, the system employs a single motor to provide
assistive torque at the ankle joint. Each experimental trial encompassed a comprehensive locomotion
sequence: gait initiation, steady-state walking, intermittent acceleration, deceleration, and final
termination. As illustrated in the representative data segment (Figure 4c), the joint torque profiles
exhibited distinct variations corresponding to these dynamic gait transitions. The exoskeleton,
governed by a phase-detection algorithm, delivered only plantarflexion torque during the push-off
phase, as depicted by the red solid line in Figure 4c. Specifically, upon detection of the torque
activation, the system executed proportional assistance based on the predicted torque profile. Given
the motor's torque limits, the assistance gain was calibrated to 10% of the predicted profiles.
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Figure 4. (a) Experimental setup comprised an optical motion capture and an instrumented walkway with force
plates. (b) The exoskeleton device utilized for CNN-Transformer algorithm deployment, with integrated sensor
placements aligned in simulation: (1) IMU, (2) ToF, and (3) encoder. (c) Predicted bilateral ankle joint torque
profiles and the corresponding assistive torque delivered by the exoskeleton during variable-speed walking. (d)
Reduction in human mechanical work attributable to exoskeleton assistance. (e) Variation in accuracy under

conditions of partial sensor failure within our multi-sensor system.

To analyze the effect of our controller at the joint level, mechanical work was measured under
the with exoskeleton and the without exoskeleton conditions. As shown in Figure 3d, the total
positive mechanical work of the user’s ankle joints (the sagittal plane) was significantly lowered with
powered exoskeleton compared with no-exoskeleton condition during level ground walking [change
of 0.046 ] kg at 0.6 m-s, 0.039 J-kg' at 1.0 m-s?, and 0.011 J-kg* at 1.75 m-s']. Given the employment
of multiple sensors in our setup, we investigated the performance of these sensors under a specific
fault-tolerant condition, a critical consideration for safety in multi-sensor systems. By individually
disabled each module, and applying corresponding dropout during training, we observed no
significant degradation in accuracy. Notably, the encoder was found to play a vital role in torque
estimation; its absence led to the substantial decline in accuracy (17%), suggesting that the encoder
provided higher data quality and was more correlated with torque computation. Furthermore,
during the human push-off phase, all three sensors generated responsive signals: the encoder directly
captured joint angles, the IMU tracked the shank's pose, and the laser monitored foot-ground
interaction. This demonstrates that our sensor system configuration possesses sufficient redundancy,
thereby ensuring safety.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2037.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 March 2026 d0i:10.20944/preprints202603.2037.v1

8 of 10

4. Conclusions

This study establishes a unified, synthetic data-driven framework for ankle exoskeletons that
effectively generalized across a broad walking velocity. Using massive parallel physics-based
simulation, we generated high-fidelity biomechanical datasets from AMP agents, without labor-
intensive artifacts filtering and conventional OpenSim inverse dynamics pipelines. We proposed
CNN-Transformer architecture, which leveraged contralateral swing-phase sensor data to predict
variable-length push-off torque profiles, demonstrating robust prediction accuracy and seamless sim-
to-real transferability. Experimental validation confirmed that this controller significantly reduced
user ankle positive mechanical work ranging from 0.6 m-s™ to 1.75 m-s™, thereby lowering metabolic
demand. Furthermore, our multi-sensor configuration exhibited inherent fault tolerance; while
encoder data proved most critical for precision, the complementary information from IMU and ToF
sensors ensured safe, stable operation even under partial sensor failure. In the future, this synthetic
data-driven paradigm will offer a scalable foundation for developing controllers capable of managing
complex locomotor tasks and multi-joint coordinated assistance. Ultimately, this work demonstrated
that scalable, data-driven approaches could replace rigid, handcrafted control strategies, offering a
practical and adaptable pathway toward deploying data-driven exoskeletons in unconstrained, real-
world environments.
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S1: Diverse variable-speed walking scenarios in simulation used for data collection.
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