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Human movement science has long been split in two. On one side sit costly, lab-bound optoelectronic capture rigs;
on the other, broadly accessible but biomechanically shallow computer vision tools.¹ Clinically meaningful
estimates of skeletal loading, joint moments, and per-muscle activations have historically required dedicated
motion-capture facilities equipped with multi-camera retroreflective marker arrays, surface EMG instrumentation,
and force plates embedded in the floor.¹ Such marker-driven workflows depend on specialist operators, impose
substantial setup overhead, and require heavy capital investment — barriers that block any meaningful deployment
at clinical, athletic, or consumer scale.¹

Attempts to close this accessibility gap initially leaned on lightweight machine-learning systems such as MediaPipe
and OpenPose, which recover 2D and 3D joint keypoints from ordinary camera footage.¹ These tools are adequate
for surface-level posture work — checking, say, whether a user holds a neutral spine during a static hold — but the
decoupled pipelines they rely on are inherently shallow.¹ They cannot recover the muscle forces and internal
contact mechanics that actually drive joint wear and soft-tissue injury.²

This report addresses those visual and computational ceilings by presenting a unified, end-to-end monocular
visual-to-neural-control pipeline. Rather than following the conventional two-stage decoupled pattern — first
reconstruct skeletal kinematics, then run slow, offline physics simulations on CPU clusters — this newer framework
maps a raw single-camera smartphone stream directly into real-time internal forces, joint moments, and muscle
activations at near-lab fidelity.⁸

Technical Architecture of the Visual Frontend

The monocular frontend is anchored by the BioHuman architecture, which uses large-scale paired data to wire
visual observations directly to internal musculoskeletal state.⁸ It is built on top of the BioHuman10M dataset — 10
million paired frames spanning real-world motion capture across the MotionPRO, EMDB, 3DPW, and Human3
collections, each aligned with physics-grounded muscle simulations — and operates as a single unified
transformer.⁸

Front-end processing runs through PromptHMR, a promptable human pose and shape (HPS) estimation
framework. Crucially, PromptHMR works on full, uncropped images, preserving global spatial layout and broader
scene context.⁸ Difficult cases — heavy human-object overlap or close human-human interaction — are handled by
fusing spatial and semantic prompts directly into the visual decoding layers.¹¹

The multi-modal prompting layer is grounded in explicit mathematical structure:

Spatial Prompts: 2D bounding boxes for the full body, face, or truncated regions pass through positional
encodings combined with learned embedding weights, producing .¹¹ In parallel, instance
segmentation masks are progressively downsampled through strided convolutional stages, yielding spatial
feature maps  that are summed directly into the primary image tokens:

Semantic Prompts: Free-form anthropometric language — for example, "a tall, muscular male" — is
pushed through a CLIP text encoder and converted into shape attribute scores, producing semantic vectors

.¹³ Binary interaction flags additionally signal whether close contact or severe occlusion is present,
gating cross-person self-attention layers in the decoder on or off as needed.¹²

To keep spatial precision independent of 3D skeletal deformation, the decoder separates position tokens  from
shape parameter tokens .¹³ For placement in metric 3D camera space, PromptHMR regresses the focal-



length-normalized 2D translation  along with inverse depth , and converts these into metric 3D translation
coordinates :

where  is the estimated camera focal length and  is the canonical focal length.¹³ For consistency across frames,
PromptHMR-Vid lifts this spatial decoding into the time domain.¹³ Regressed SMPL-X tokens are routed through
a temporal transformer that suppresses high-frequency jitter and produces smooth, world-grounded skeletal
trajectories via a lift-then-fit spatio-temporal ray cloud framework backed by DROID-SLAM and ZoeDepth within
the TRAM stack.¹³

Generative Dynamics and Kinetic Synthesis

A single-camera stream physically cannot observe the external contact forces required to invert joint kinetics — a
foundational limitation of monocular biomechanics.³ The pipeline closes this gap with GaitDynamics, a generative
diffusion foundation model trained over a deliberately heterogeneous corpus that varies across participant
demographics, running velocities, and footwear conditions.³

Computationally, GaitDynamics operates on sequential parameter windows of  sampled at high
temporal resolution.³ Each window becomes a multi-channel 2D tensor packing body center velocity, joint angles,
joint angular velocities, and three-dimensional external force vectors.¹⁶ The model comprises two coordinated
components: a denoising diffusion model and a force refinement model.¹⁶

Whenever visual occlusion blocks parts of the body, the diffusion component runs an inpainting routine that fills in
the missing joint trajectories using learned dynamic priors.³ The recovered, complete kinematics are then handed
to the force refinement model, which estimates 3D Ground Reaction Forces (GRFs) and Center of Pressure (CoP)
trajectories for both feet.⁸

A coordinate-frame mismatch arises between the visual estimator and the musculoskeletal simulator, which the
pipeline resolves through an adaptive conversion:

$$\mathbf{F}{\text{Sim}}(t) = \mathbf{R}{\text{adapt}} \cdot \mathbf{F}_{\text{GRF}}(t) \quad [8]$$

where  is a spatial rotation aligning the generalized coordinates and axes of the visual frame with those of the
full-body musculoskeletal model.⁸

Pure ML-based force predictors, though expressive, routinely produce external forces inconsistent with the input
kinematics, breaking Newton's second law⁷:

To eliminate such non-physical residuals, the pipeline applies a hybrid force-refinement scheme.⁷ Fast ML
predictions are paired with a physics-consistent optimization layer.⁷ This joint optimization nudges the predicted
external forces and skeletal accelerations until the multi-body equations of motion are satisfied — guaranteeing
that downstream joint moments and muscle forces remain physically coherent.⁷

GPU-Native Musculoskeletal Environments

Once kinematic trajectories  and external ground reaction forces  are settled, the next bottleneck is
mapping these onto individual muscle activations.⁸ Classical packages such as OpenSim address this by solving the
underlying static optimization problem one timestep at a time on CPU threads — easily several minutes of compute
per second of recorded movement.³



For real-time consumer deployment, this pipeline relies on MuscleMimic, which compiles the full musculoskeletal
dynamics into GPU kernels through MuJoCo Warp.⁹ MuscleMimic leverages JAX-based JIT compilation and
parallelization to roll out forward-dynamics muscle simulations across thousands of environments in parallel.⁹

The simulator ships several validated musculoskeletal embodiments to cover different clinical and ergonomic use
cases:

ULBS-112 Embodiment: A full-body model with moderate complexity — 112 Hill-type muscle-tendon
actuators.⁸ It strikes a balance between biomechanical expressiveness and runtime, making it well suited to
large-scale dataset generation and mobile deployment.⁸
MyoBimanualArm Embodiment: A fixed-root upper-body model with 76 joints (36 deactivated for the
fingers) and 126 muscles (64 active).²⁰ It supports detailed self-contact modeling and explicit arm-thorax /
arm-arm collision boundaries, making it ideal for bimanual manipulation research.²⁰
MyoFullBody Embodiment: A free-root model tuned for locomotion and whole-body tasks, featuring 123
joints (83 active), 416 muscle-tendon units (354 active), and 72 degrees of freedom (32 active).²⁰ It exposes
self-contact pairs — leg-leg, arm-leg, foot-foot — to capture the physical boundaries that show up in complex
movements.²⁰
MS-Emulator Embodiment: An ultra-high-fidelity 700-muscle full-body model engineered for high-
throughput GPU simulation.⁹ It captures multi-segment spinal and foot mechanics and is optimized via flow-
based exploration to study muscle coordination across thousands of parallel rollouts on consumer GPUs.⁹

A side-by-side comparison of the modeling and simulation architectures is provided below:

Musculoskeletal
Embodiment

Primary
Software
Platform

Muscle
Actuators
(Nm)

Degrees
of
Freedom
(DoFs)

Parallelization
Scale (GPU
Environments)

Primary Target
Task

Computational
Performance

ULBS-112 ⁸ OpenSim
v4.0 /
BioSim

112 33 Single-thread
sequential CPU
execution

Large-scale offline
dataset curation
(BioHuman10M)

Minutes per
second of video
stream

MyoBimanualArm
²⁰

MuJoCo
Warp /
JAX

126 (64
active)

54 (14
active)

Up to 8,192
environments in
parallel

Bimanual upper-
body
manipulation and
contact mechanics

Real-time on
consumer devices

MyoFullBody ¹⁷ MuJoCo
Warp /
JAX

416 (354
active)

72 (32
active)

Up to 8,192
environments in
parallel

Multi-terrain
locomotion and
whole-body
imitation

Generalist policies
trained in days

MS-Emulator ⁹ MuJoCo
Warp /
Native
CUDA

700 92 Thousands of
parallel
environments

Multi-speed
locomotion
exploration and
control

Running
trajectory
emulated in 7
hours (RTX 5090)

Neurophysiological Action Space Constraints

A reinforcement learning policy left to its own devices in a high-dimensional muscle actuation space — say, the 416
muscles of MyoFullBody — almost always slides toward non-physiological, erratic control.²¹ Because the
musculoskeletal system is redundant, the policy can satisfy kinematic tracking objectives while emitting rapid
activation spikes or simultaneously firing antagonist pairs in ways that have no biological basis.⁸

To enforce biological plausibility, the pipeline constrains the RL action space using low-dimensional muscle
synergies derived from inverse musculoskeletal analysis.²² Muscle synergies capture coordinated, co-active muscle
groups that the central nervous system actually recruits as a way to simplify high-dimensional control.²⁴

Formally, the integration of muscle synergy priors into the RL control loop is given as follows. Let 
denote the high-dimensional muscle-tendon excitation vector at time .⁸ The RL policy is constrained to emit a
low-dimensional synergy activation vector , where .²² The full excitation vector is then
reconstructed via a time-invariant muscle synergy matrix :



subject to the physical limits of the muscle-tendon actuators:

The synergy matrix  itself is extracted via Non-negative Matrix Factorization (NMF) applied to muscle activation
profiles drawn from inverse analysis of walking trials.²² For a full-body locomotive model, setting  to 
synergies recovers more than  of the active muscle variance.²²

Although an unconstrained muscle controller frequently shows faster initial reward gains during training — owing
to its larger optimization surface — the synergy-constrained controller carries the meaningful clinical advantages:

Kinematic and Kinetic Fidelity: Synergy-constrained policies eliminate non-physiological kinematic
artifacts and keep joint moment profiles strictly inside the envelope observed in human experiments.²³
Locomotive Generalization: The synergy prior acts as a regularizer, letting the policy produce stable
locomotion across variable running speeds (  to ), variable slopes (  grades), and uneven
terrain with limited training data.²³
Sample Efficiency: Restricting the action search space accelerates downstream policy transfer and fine-
tuning, collapsing learning time on novel motion sequences from days to a few hours.²¹

Soft-Tissue Compliance and Interface Mechanics

Most musculoskeletal simulators rest on a simplifying assumption that skeletal limbs are rigid.²⁷ The moment
those simulated models are connected to physical wearables — say, a knee exoskeleton — that rigid-body
assumption ignores soft-tissue deformation at the human-machine interface.²⁷ The thigh and shank carry
meaningful volumes of fat and muscle that compress under load, absorbing mechanical energy and reducing the
torque effectively transmitted to the underlying joint.²⁷

The pipeline addresses this by modeling soft-tissue compliance and contact mechanics through MuJoCo's flexcomp
primitive.²⁸ Flexcomp models deformable soft tissue via tetrahedral meshes governed by a St. Venant-Kirchhoff
(SVK) hyperelastic law, with optional Rayleigh damping:

where  is the Green-Lagrange strain tensor and ,  are Lamé constants tuned to match the material properties of
human fat and muscle tissue.²⁸ The SVK formulation is solved inside the same numerical step as the rigid multi-
body dynamics, enabling real-time computation of skin deformation and pressure profiles.²⁸

For validation, barrutia-style experimental setups use a mechanical phantom knee wrapped in viscoelastic ballistic
gel to emulate human leg compliance, summarized below²⁷:

Interface
Parameter

Rigid Body Simulation Compliant SVK Hyperelastic
Simulation (flexcomp)

Experimental Gel Phantom
Reference

Knee Assistance
Moment

Overestimated (assumes 100%
torque transmission) ²⁷

Calculated energy absorption
matches phantom ²⁷

Reduced torque transmission
due to gel compression ²⁷

Knee Moment
Correlation (r)

Weak ( ) under dynamic
load changes

Strong ( ) across stiffnesses ²⁸ High correlation with
hyperelastic models ²⁸

Contact Pressure
Mapping

N/A (point-contact rigid
models) ²⁷

Spatially resolved pressure maps;
hotspot detection ²⁸

Physical pressure-film hotspot
measurements ²⁸

Assistive Efficacy 100% theoretical efficiency Calculated energy losses match
phantom performance ²⁷

Viscoelastic energy loss at the
interface ²⁷

Pulling flexcomp soft-tissue compliance into the pipeline lets wearable robotic controllers pre-compensate for
interface energy losses.²⁸ That, in turn, ensures assistive devices deliver precise torque profiles directly to the
skeletal structures they're meant to support.²⁷



Deep Learning Knee Joint Contact Force Estimation

The final stage of the pipeline turns kinematics, joint moments, and muscle activations into real-time Knee Contact
Force (KCF) estimates.² That output matters clinically for patients recovering from anterior cruciate ligament
reconstruction (ACLR) or managing knee osteoarthritis (KOA), where tracking cartilage loading is central to long-
term joint health.²

For real-time, high-accuracy estimation, the pipeline runs a CNN-BiGRU-Attention architecture.² This deep-
learning model consumes the multimodal time-series vectors as follows:

Convolutional Neural Network (CNN) Layers: Pull localized spatiotemporal features from the
combined kinematic and kinetic trajectories.²
Bidirectional Gated Recurrent Unit (BiGRU) Layers: Capture long-range temporal dependencies in
both directions across the movement cycle.²
Self-Attention Mechanism: Sharpens focus on phase-specific features within the sequence — for example,
precise heel-strike and toe-off timing — to lift peak-force prediction accuracy.²

To validate this architecture, the model was benchmarked against alternative ML models and input modalities
across several tasks:

Model Architecture Input Features &
Modalities

Target Movement
Task

Prediction
Accuracy (R²)

Normalized Root
Mean Square Error
(NRMSE)

CNN-BiGRU-
Attention ²

OpenCap video kinematics,
synthesized GRFs, and
muscle activations

Walking (29 ACLR
Patients)

CNN-BiGRU-
Attention ²

OpenCap video kinematics,
synthesized GRFs, and
muscle activations

Running (29 ACLR
Patients)

CNN-BiGRU-
Attention ²

OpenCap video kinematics,
synthesized GRFs, and
muscle activations

Descending Stairs (29
ACLR Patients)

Simple LSTM
Network ³¹

Frontal hip/knee, sagittal
hip/ankle kinematics

Walking (Grand
Challenge & CAMS
Datasets)

Phase-Specific
ANN (Early Stance)
³⁰

Exoskeleton knee angle,
GRF, and Quadriceps EMG
features

Exoskeleton-Assisted
Walking

 peak
directional
accuracy

 error

Phase-Specific
ANN (Late Stance)
³⁰

Exoskeleton knee angle,
GRF, and Plantar Flexor
EMG features

Exoskeleton-Assisted
Walking

 peak
directional
accuracy

 error

Feedforward ANN
³²

Full-body joint angles and
treadmill kinematics

Variable speed
walking ( )

 (Subject-
excluded test)

This comparison makes the point cleanly: folding synthesized kinetic forces and simulated muscle activations into
the CNN-BiGRU-Attention model meaningfully outperforms kinematics-only predictors, hitting near-laboratory
accuracy ( ) across demanding locomotive tasks.²

Product Requirements Document (PRD):
BioMotion-AI Enterprise SDK

1. Vision and Product Position



The BioMotion-AI Enterprise SDK is a deep-tech software library that embeds real-time, clinical-grade
biomechanical and neuromuscular analysis directly inside consumer mobile applications and clinical software.⁴ By
substituting an end-to-end monocular pipeline for laboratory hardware, the SDK puts out-of-lab diagnostics, run
coaching, and post-operative monitoring within reach of sports medicine clinics, physiotherapy practices, and
athletic programs — at under  of the cost of traditional setups.²

2. Core Functional Requirements and Feature Specifications

2.1 Spatial-Semantic Mesh Reconstruction Module (PromptHMR Core)

Visual Ingestion: The module must handle video input up to  in uncalibrated, real-world capture
conditions.³³
Prompt Fusion: It must accept spatial prompts (2D bounding boxes, segmentation masks) and semantic
prompts (anthropometric text descriptors, contact labels) to refine shape estimation.¹¹
Global Coordinate Extraction: It must emit temporally smooth, world-grounded 3D SMPL-X pose
trajectories.¹¹

2.2 Generative Force Synthesis Engine (GaitDynamics Core)

Force Prediction: The engine must synthesize 3D Ground Reaction Force (GRF) vectors and Center of
Pressure (CoP) coordinates from kinematics alone.³
Occlusion Handling: It must use diffusion-based inpainting to recover gait parameters whenever visual
blockage occurs.³
Hybrid Physics Refinement: It must apply a physics optimization layer that keeps external forces
dynamically consistent with skeletal accelerations ( ).⁷

2.3 GPU-Parallelized Musculoskeletal Solver Core

Model Integration: The solver must support both the ULBS-112 and MyoFullBody (416 muscles)
embodiments.⁸
Synergy Constraints: It must constrain muscle activation optimization through a pre-trained, low-
dimensional muscle synergy matrix .²²
Warp Kernel Execution: It must compile the musculoskeletal dynamics into MuJoCo Warp kernels for
parallel execution.⁹

2.4 Clinical Biomarker Engine

KCF Waveform Output: The engine must output continuous medial and lateral Knee Contact Force (KCF)
waveforms.²
Moment Estimation: It must compute Knee Adduction Moment (KAM) and Knee Extension Moment
(KEM) normalized to body metrics.³
Compliance Compensation: It must apply SVK hyperelastic models to estimate soft-tissue deformation
and energy loss at wearable interfaces.²⁷

3. Non-Functional Requirements and Technical Thresholds

3.1 Latency and Computational Budget

Real-Time Processing: End-to-end latency (from raw frame capture through KCF output) must hold at
 ( ) on modern consumer mobile devices.

Desktop Optimization: On desktop systems with a discrete GPU, the pipeline must process a 10-second
motion trial in under 1.0 second (  faster than sequential CPU solvers).³

3.2 Accuracy and Validation Criteria

Kinematic Error: Joint angles must hold an  relative to retroreflective laboratory
benchmarks.⁷
Kinetic Error: Synthesized vertical Ground Reaction Forces must show an average error  of body weight.⁷



KCF Accuracy: Calculated Knee Contact Forces must hold  during stair descent and  during
running against laboratory simulations.²

Performance Benchmark Threshold

Mobile Real-Time Processing ≤ 16.6 ms (60 fps)

Desktop Batch Acceleration 10s trial in < 1.0s

Joint Angle Estimation (RMSE) ≤ 4.5 degrees

Vertical GRF Error (BW) ≤ 3.9%

3.3 Security, Privacy, and HIPAA Compliance

On-Device Anonymization: The SDK must perform face blurring and anonymization locally on the edge
device before any data leaves it.⁴
Encryption Standards: All data-at-rest and data-in-transit (such as model definitions or kinematic files)
must be encrypted using AES-256 and TLS 1.3.⁴

Process Schema: Monocular Visual-to-Neural Pipeline

The sequential computational steps that take raw monocular video and produce real-time Knee Contact Forces
(KCFs) and joint moments are laid out below.

I. INGESTION, PROMPTING & SPATIAL ESTIMATION - Ingests 60/120 Hz raw frames from a single
smartphone camera - Generates 2D masks [11] and processes text descriptors via CLIP - PromptHMR-Vid
reconstructs world-grounded 3D SMPL-X trajectories q(t)

II. RIGID SCALING & EXTERNAL KINETIC SYNTHESIS - Scales segment lengths and muscle parameters
to fit subject dimensions - GaitDynamics estimates 3D Ground Reaction Forces (GRFs) and CoP - [6. Hybrid
Physics Optimization] Enforces physical consistency (F_ext − ma = 0) on predicted forces

III. NEUROMUSCULAR SIMULATION & DEEP FORCE ESTIMATION - [7. Net Joint Moment
Computation] Calculates joint moments τ(t) via Newton-Euler inverse dynamics - MuJoCo Warp solves for muscle
activations constrained by the W-prior [9, 22] - CNN-BiGRU-Attention computes medial and lateral KCF
waveforms

Project Timeline and Implementation Roadmap

Bringing the BioMotion-AI Enterprise SDK from concept to launch follows a 12-month, four-phase roadmap that
splits engineering and validation work into sequential blocks:

Development
Phase

Schedule Core Deliverables & Engineering
Focus

Validation
Benchmarks & Target
Thresholds

Primary Source
Frameworks

Phase 1: Visual
Ingestion & Pose
Reconstruction

Months 1–
3

Port PromptHMR and PromptHMR-
Vid into mobile-compatible
runtimes.¹¹ Implement on-device face
blurring and spatial-semantic
prompting modules.⁴

Frame-to-frame jitter
variance  ⁸. Average
camera-to-world
translation error  ¹³.

PromptHMR,
DROID-SLAM,
ZoeDepth, TRAM
¹¹

Phase 2: Kinetic
Synthesis &
Physical
Refinement

Months 4–
6

Integrate the GaitDynamics kinetic
prediction model.³ Build the
automated musculoskeletal scaling
pipeline for the ULBS-112 template.⁸
Implement hybrid physics-consistent
force refinement.⁷

Synthesized Ground
Reaction Force error 
body weight.⁷ Processing
latency .³

GaitDynamics,
ULBS-112,
OpenSim,
GaitDynamic ³



Development
Phase

Schedule Core Deliverables & Engineering
Focus

Validation
Benchmarks & Target
Thresholds

Primary Source
Frameworks

Phase 3: GPU
Simulation &
Synergy
Constraints

Months 7–
9

Integrate the MyoFullBody and MS-
Emulator embodiments with MuJoCo
Warp.⁹ Build the muscle synergy
action reduction layer.²² Implement
flexcomp hyperelastic soft-tissue
interfaces.²⁸

Action space dimension
reduced by .²² Absence
of non-physiological
muscle activation
spikes.²³

MuscleMimic, MS-
Emulator, JAX,
MuJoCo Warp ⁹

Phase 4: Clinical
Predictors & Field
Validation

Months
10–12

Implement the CNN-BiGRU-
Attention Knee Contact Force
estimator.² Run multi-subject
validation trials comparing the mobile
SDK against retroreflective laboratory
systems.²

Medial KCF correlation
 across gait

patterns.² Complete
HIPAA and GDPR
security compliance.⁴

BioHuman,
OpenCap,
CEINMS-RT ⁵

Clinical Translation and Future Outlook

A unified monocular visual-to-neural pipeline removes the hardware bottlenecks that have historically defined
human movement science, pulling biomechanical assessment out of the lab and into everyday environments.² That
shift unlocks several practical transformations:

1. Longitudinal Rehabilitation Tracking

For patients recovering from major joint surgery — ACL reconstruction or total knee arthroplasty — the early
months of rehab disproportionately shape long-term outcomes.² Instead of leaning on periodic, subjective clinical
evaluations, patients can record daily exercises directly through smartphone apps powered by the SDK.²

The clinical backend then processes those sessions and tracks the absolute magnitude of Knee Contact Forces, joint
moments, and muscle co-contraction indices across time.² Clinicians can spot compensatory gait adaptations early
— unloading the injured limb, leaning on excessive quadriceps-hamstring co-contraction — and adjust the physical
therapy plan before those patterns calcify into chronic abnormalities.²

2. Early Osteoarthritis Screening and Intervention

Knee osteoarthritis is a progressive disease driven heavily by abnormal mechanical loading on the medial
tibiofemoral cartilage, typically tracked via the Knee Adduction Moment (KAM).⁵ Because conventional gait
analysis is not part of routine care, many patients aren't diagnosed until irreversible joint damage is already in
place.⁶

The portability and speed of the monocular pipeline make it possible to fold gait screening directly into standard
clinical visits.⁴ By flagging elevated peak KAM values during normal walking, clinicians can pick up early joint wear
before the patient feels it.⁵ The application can then walk the patient through tailored gait retraining —
modifications such as lateral trunk sway — with immediate visual feedback showing the reduction in internal knee
loading, helping slow or prevent further disease progression.³

3. Assistive Wearable Robotics Integration

As lower-limb exoskeletons move from lab benches into active clinical and industrial use, their controllers have to
adapt to each user's individual biomechanics.²⁷ Embedding this real-time visual-to-neural pipeline into wearable
control units lets assistive devices shift from rigid, pre-programmed torque profiles to personalized assistance
strategies.²⁹

By continuously estimating the user's muscle activations and soft-tissue energy absorption, the exoskeleton can
adjust its assistance level on the fly.²⁷ The result is a closed-loop neuro-mechanical control system that lowers the
user's metabolic cost and muscular effort while steering joint contact forces toward a healthier biomechanical
equilibrium.²⁷
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