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Improving Calibration of EMG-Informed
Neuromusculoskeletal Models Through
Differentiable Physics and Muscle Synergies

Matthew J. Hambly", Matthew T. O. Worsey, David G. Lloyd, and Claudio Pizzolato

Abstract—Obijective: Electromyogram (EMG)-informed
neuromusculoskeletal (NMS) models can predict physiologically
plausible muscle forces and joint moments. However, calibrating
model parameters (e.g., optimal fiber length, tendon slack length)
to the individual is time-consuming, with the optimization often
requiring hours to converge and typically not accounting for
unrecorded muscle excitations. This study addresses these
limitations by incorporating differentiable physics and muscle
synergies into the calibration of NMS models. Methods: We
implemented an NMS model with auto-differentiable Hill-type
muscles, enabling the use of adaptive gradient descent optimizers.
Two types of calibration were evaluated: a standard EMG-driven
approach and a synergy-hybrid approach that also synthesized
unrecorded excitations. These methods were evaluated using
upper and lower limb data, each from a single participant. Results:
The calibration time was reduced by up to 26 times while
maintaining comparable accuracy in moment predictions.
Compared to the EMG-driven calibration, the synergy-hybrid
calibration improved the estimates of model parameters for
reduced number of EMG channels. Conclusion: Auto-
differentiable Hill-type muscle models greatly reduce NMS model
calibration time and enables the synthesis of unrecorded muscle
excitations through muscle synergies, facilitating the calibration of
all muscle parameters. Significance: This new rapid calibration
could support deployment of NMS models in time-sensitive
applications, including real-time biomechanical analyses and
personalized neurorehabilitation.

Index Terms—Neuromusculoskeletal modeling, calibration,
differential physics, muscle synergies.

. INTRODUCTION

EUROMUSCULOSKELETAL (NMS) modeling offers a

physics-based mathematical framework to simulate the
complex and dynamic interactions between the neural,
muscular, and skeletal systems [1, 2]. When informed by
electromyograms (EMG), NMS models also account for
individual-specific motor control, and predict muscle forces in
response to EMG variations even when the observed kinematics
and kinetics remain unchanged [3]. This physics-based
framework has broad applications for injury prevention [4-6],
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rehabilitation [7-9], orthopedic surgical planning [10, 11], and
as a human-centered control paradigm for exoskeletons [12]
and electrical stimulation of muscles [13]. However, prior to
their use, EMG-informed NMS models require calibration of
neuromuscular parameters (e.g., optimal fiber length, tendon
slack length, etc.) to best reflect the physiology of the individual
and improve prediction accuracy [1, 14, 15]. Stochastic
optimization algorithms such as simulated annealing [16] or
particle swarm [17] have been traditionally used to calibrate
NMS models [14], but they are extremely slow to converge - up
to multiple hours [18].

Another limitation of NMS model calibration is that it
requires EMG data from all modeled muscles. This is
impractical, as numerous sensors are needed, and some muscles
are difficult to access for recording. EMG-assisted NMS
approaches partially address this limitation by synthesizing
missing EMG signals and minimally adjusting recorded EMGs
to optimize the differences between predicted and recorded
joint moments [14, 19]. While these techniques mitigate some
challenges associated with limited EMG recordings during the
NMS model execution, they may inadequately reflect how
muscle parameters were adjusted during calibration. A three-
stage calibration process [6, 13, 20] has been used to address
this issue, consisting of an initial calibration, followed by an
EMG-assisted execution to synthesize unrecorded excitations,
and finally calibrating all muscles using both recorded and
synthesized EMGs. However, this process is time-consuming
and complex, introducing multiple points where errors can
occur.

A promising solution to these challenges is muscle synergy
analysis, which identifies the underlying neural patterns in
recorded EMG signals from individuals. This creates synergies
with a reduced number of time-varying neural commands,
known as primitives [21, 22], and a set of scalar muscle
weightings. Primitives and weights are extracted from recorded
EMG data via factorization methods, such as non-negative
matrix factorization [23, 24], and have been used to extrapolate
a full set of muscle excitations from a limited number of EMG
recordings [25] and to drive NMS models [24, 26]. Although
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recent emerging methods have begun to explore similar
concepts [27, 28], it remains largely unexplored whether NMS
modeling could be used to optimize primitives and weightings
to reconstruct recorded excitations and synthesize unrecorded
excitations, while improving joint moment tracking.
Embedding such an approach into NMS model calibration
would enable generating physiologically plausible muscle
excitations while simultaneously optimizing model parameters.

Reducing calibration time and the number of required EMG
recordings could be achieved by embedding neural network
techniques into physics-based models, an approach known as
differentiable physics [29]. Differentiable physics-based
models are compatible with backpropagation through
automatic-differentiation, which allows calculating the
gradients of the loss function with respect to the model
parameters [30, 31]. The gradients can then be used to optimize
the parameters through efficient gradient descent approaches
(e.g., adaptive moment estimation with weight decay [32]),
commonly used to train large neural networks [33].

This study aimed to implement an auto-differentiable EMG-
informed NMS model to enhance calibration. We first
evaluated the efficacy of using backpropagation and gradient
descent optimization to reduce calibration time. We then
extended the calibration process to simultaneously synthesize
missing EMG recordings using muscle synergies while
calibrating all model parameters.

Il. AUTO-DIFFERENTIABLE EMG-INFORMED NMS MODEL

The auto-differentiable NMS model was integrated into the
NMS modeling framework in the CEINMS toolbox [14], coded
in C++. This implementation (Fig. 1) allows the prediction of
muscle-tendon unit (MTU) forces and joint moments using
recorded data, including muscle excitations, MTU lengths, and
moment arms as inputs.

EMG signals
Non-negative matrix EMG
processing

factorization

-

Backpropagation through the model was performed using
LibTorch [34], with the torch:Tensor class enabling automatic
differentiation. To enhance computational efficiency, the NMS
model was reformulated to exploit tensor matrix operations,
calculating the Hadamard product () of the matrices. The
model inputs, intermediate states, and outputs are represented
as N, X N, matrices, where N, denotes the number of muscles
and N, is the number of trials. Similarly, the model parameters
are expressed as N, arrays. This approach allows the model to
evaluate all muscles and trials in parallel at each timestep.

Muscle activations are computed from the normalized linear
envelope of EMG recordings, i.e., muscle excitations. First, a
critically-damped linear second-order differential system
models the neural activation (u, a N, X N, matrix) from the
excitation, as shown in [1]:

w,=aoce_gem —frou_; —frou;, €9)
B1=C1+C,
B, =C1°C,

a=1+B1+B2

where i is the timestep, e (N, X N, matrix) is the muscle
excitations, d°™ is the electromechanical delay, and €, and C,
(N, arrays) are recursive coefficients. Subsequently, the
muscle activation (a, a N, X N, matrix) is obtained from the
neural activation using an exponential relationship [1]:

eAO‘ui — 1

— @)

a; =

where A (N,, array) is a non-linear shape factor constrained in
the interval (-3, 0). An appropriate electromechanical delay is
selected and fixed (d™ = 35 ms) based on our prior modeling
to ensure minimal impact on the prediction of experimental data
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Fig. 1. Overview of the differentiable physics neuromusculoskeletal (NMS) model calibration. Recorded electromyograms (EMG), kinematics, and forces are
processed as model inputs. Muscle excitations drive activations, which along with musculotendon lengths, predict muscle forces. Joint moments are calculated
from forces and moment arms, then compared to inverse dynamics moments. Gradients of model parameters and synergies (red lines) are computed via
backpropagation for calibration using gradient descent. In EMG-driven calibration, only recorded excitations are used, while in synergy-hybrid calibration, muscle

synergies are extracted and optimized to synthesize unrecorded excitations.
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[35], while the parameters €4, C, and A are typically found
through calibration [1, 14, 36].

The force generated by the muscle is calculated using a Hill-
type muscle model from the activation and MTU length [1, 2]:

F" = F™% o cos(¢;) ©
[Fa(Im) o FP@™) 0 a; + FP(IM) + d™ o 97| (3)

where F™ (N, X N, matrix) is the force generated by the MTU,
F™ax (N, array) is the maximum isometric force, I™ and 7™
(N, X Ny matrices) are the normalized muscle length and
velocity respectively, d™ (N,, array) is the damping, ¢
(Np X N matrix) is the pennation angle, and F%, FP and F” are
the active and passive length, and velocity force curves
respectively [37]. Fiber length is normalized to the optimal fiber
length, while fiber velocity is normalized to the product of the
optimal fiber length and maximum contraction velocity. The
muscle fiber length was calculated using a Rosenbrock elastic
tendon model [38], which is detailed in Appendix A along with
the muscle model validation.

Finally, the joint moment is calculated using traditional
matrix multiplication, where the force from each muscle acting
on a degree of freedom (DOF) is multiplied by its respective
moment arm, and the results are summed across all muscles.

I1l. ENHANCED NMS MODEL CALIBRATION

A. Experimental data description and processing

The data used for the evaluation of the NMS modeling in this
paper includes a single participant from a publicly available
upper limb dataset [39] (age 33 years, body mass 68.5 kg, height
1.8 m). The lower limb data were collected from a single
participant (28 years, 51 kg, 1.61 m). For the latter, the protocol
was approved by the Griffith University Human Research
Ethics Committee (GU ethics no 2022/762).

The upper limb dataset [39] was collected using six marker
clusters placed on the thorax, scapula, humerus, forearm, and
hand recorded at 100 Hz using an Optotrak system (Northern
Digital, Inc., Ontario, Canada). EMG data were recorded with
surface electrodes (Ambu N-00-S ECG), sampled at 1000 Hz
using a 16-channel Porti system (TMS International, Enschede,
Netherlands), sites prepared according to SENIAM guidelines
[40]. EMG were acquired from anterior, medial and posterior
deltoid, clavicular and sternal pectoralis major, infraspinatus,
latissimus dorsi, biceps brachii short head, triceps brachii
medial and long heads, and brachioradialis. Maximum
voluntary contraction (MVC) of the muscles were recorded
[41]. Recorded data included multiple trials of range of
movement tasks during shoulder abduction, shoulder rotation
end elbow flexion.

For the lower limb data, 31 individual markers and 25
clustered markers were used to capture motion data of the full
body. These data were recorded at 200 Hz using a Vicon 10-
camera (MX T40-S) motion capture system (Vicon Motion
Systems, Oxford, UK), while ground reaction forces (GRF)
were synchronously measured at 1000 Hz using an
instrumented treadmill (AMTI, Massachusetts, USA). A single

leg was prepared following SENIAM guidelines for
synchronous recording of 14 EMG signals at 2000 Hz (Aktos,
Myon, Switzerland). EMG were acquired from the biceps
femoris long head, gastrocnemius lateralis and medialis, gluteus
maximus and medius, gracilis, rectus femoris, sartorius,
semimembranosus, soleus, tensor fasciae latae, tibialis anterior,
and vastus lateralis and medialis. Data were collected during
MV Cs and while the participant walked at a self-selected pace,
and +5% and +15% of base pace, across multiple gait cycles.

Marker data, GRFs, and EMGs were processed using
OpenSim (Version 4.4) [42] and MOtoNMS [43]. Generic
models of the upper [44, 45] and lower [46, 47] limb were
linearly scaled using anthropometric measurements and
markers during a static pose. The scaled models were then used
to perform inverse kinematics to calculate joint angles, inverse
dynamics to determine joint moments, and muscle analysis for
MTU lengths and moment arms estimation. The EMG signals
were band-pass filtered between 30 and 300 Hz using a 3rd
order Butterworth filter to remove noise, rectified and lowpass
filtered at 5 Hz using a 4th order Butterworth filter to obtain the
linear envelopes [48, 49], then normalized to the MVC trials.
Each trial, containing multiple movement cycles, was
segmented into individual cycles using peak finding methods
for kinematic data (upper limb) and GRFs (lower limb).

Uncalibrated NMS models were constructed using the
linearly scaled OpenSim model parameters for the MTUs. Only
the MTUs with a corresponding recorded EMG mapping, as
summarized in the supplementary material (Table SI), were
included in the NMS model. The upper limb NMS model
contained three DOFs: shoulder elevation, shoulder rotation,
and elbow flexion. The lower limb NMS model also contained
three DOFs: hip, knee, and ankle flexion.

B. EMG-driven calibration

EMG-driven calibration was performed by two optimization
methods: CEINMS EMG-driven calibration [14] and
differentiable physics EMG-driven calibration. The standard
CEINMS EMG-driven calibration uses simulated annealing,
whereas the differentiable physics calibration used an AdamwW
optimizer [32], a decoupled weight decay variant of the
commonly used Adam gradient descent optimizer [50].
Differentiable physics calibration employed a decaying
learning rate and an early stopping criterion, halting when the
loss function ceased improving for a predefined number of
iterations. Details on the learning rate and early stopping setting
for the AdamW optimizer are provided in the supplementary
material (Table SllI). Both calibration approaches minimized
the error between inverse dynamics and NMS model predicted
joint moments by adjusting NMS model parameters.

Both EMG-driven calibration methods adjusted the same
NMS model parameters. These were the typical recursive
coefficients (C; and C,) and shape factor (A) from the activation
dynamics, and the optimal fiber length, tendon slack length and
a strength coefficient to scale the maximum isometric force
(F™ax) from the MTU dynamics. MTUs were grouped for
common strength coefficient scaling, while other parameters
were calibrated per MTU. The two EMG-driven calibration
methods minimized the following loss function [14] (F¢%):
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where N, N;, N; and N,,, are the number of trials, timesteps,
DOFs and MTUs respectively, M is the inverse dynamics
moment, M is the NMS model predicted moment, P* and P¢ are
the penalty functions for the normalized fiber length and tendon
strain respectively, penalizing values (x) outside of the
operative range (x™", x™%), applying a weighting (w). The
differentiable physics calibration optimization settings are
summarized in the supplementary material (Table SII).

C. Synergy-hybrid calibration

To incorporate all MTUs in the calibration, unrecorded
excitations were synthesized using muscle synergies. Initial
trial-specific primitives and muscle weightings were derived
from non-negative matrix factorization [23, 24], with
weightings for unrecorded MTUs randomized. Calibration
minimized the error between reconstructed and recorded
excitations while synthesizing unrecorded excitations to help
track inverse dynamics joint moments. The recorded EMG
excitations were still used to drive their respective MTUs, while
synergies synthesized excitations to drive the remaining MTUSs.
Synthesized excitations, primitives, and muscle weightings
were constrained between zero and one using the penalty
function P (Eqg. 4), while an additional term was included to
minimize the contribution of the synthesized excitations similar
to EMG-hybrid NMS model execution techniques [14, 19]. As
such, the following loss function was minimized during
synergy-hybrid calibration:

Ng

N¢ 1 N; 1 _ 2
Feal — Z ﬁz N_dZ(Mt,i,d ~M¢ia) (5)
t i i d
+Py; + FET©

Ny Ng
1 2 1
exc _ e(5 s,2
Foim = N § w (et.i.r _et,i,r) +_N § W=€tis
r s
r s

where P,; represents all of the penalty functions (i.e.,
normalized fiber length, tendon strain, excitations, primitives
and muscle weightings), N, and N, are the number of recorded
and synthesized excitations respectively, w¢ and w* are the
weights for the recorded excitation tracking and synthesized
excitation minimization respectively. Optimization settings are
summarized in the supplementary material (Table SlI).

D. Overview and comparisons of the NMS model calibrations
In summary, there were three calibration approaches

examined: CEINMS EMG-driven, differentiable physics EMG-
driven, and differentiable physics synergy-hybrid calibrations.
All methods were used to calibrate the upper and lower limb
NMS models. For the upper limb model a single cycle each of
shoulder abduction, shoulder rotation and elbow flexion were
used, while for the lower limb a single stance phase during
walking gait at the three different speeds were used, with the
same trials used for each calibration methods.

The three calibration approaches incorporated multiple ways
to encourage physiologically plausible MTU models. For
instance, muscles nominally generate active force within a
normalized fiber length range of 0.5 to 1.5 [2]. The calibration
penalty functions constrained normalized fiber lengths to
operate on the ascending limb and plateau of the force-length
relationship, consistent with prior physiological evidence [51-
53]. Physiological fiber lengths and tendon slack lengths were
further reinforced by ensuring MTUs, particularly two-joint
MTUs, operated in a physiologically and mechanically
consistent manner across multiple joints and degrees of
freedom during calibration and execution [36]. Finally, the
CEINMS EMG-driven calibration did not include the tendon
strain penalty, it used an equilibrium elastic tendon model,
opposed to both of the differentiable physics calibration
methods that employed an auto-differentiable model (see
Appendix A). The tendon strain penalty constrained the tendon
strain values within the range of a default tendon force-strain
curve (i.e., 0to 0.5) [37], preventing non-physiological negative
tendon and muscle fiber lengths during calibration, while
facilitating physiological zero muscle activations [37, 38, 54]
with the differentiable physics method.

The three calibration approaches were assessed based on
model accuracy, similarity in model parameters and calibration
time. Model accuracy was evaluated using root mean squared
error (RMSE) and coefficient of determination (R?) between the
inverse dynamics and NMS model predicted joint moments. To
assess the effect of replacing recorded excitations with
synthesized values, we compared the accuracy and final model
parameters. Synergy-reconstructed excitations were directly
compared to experimentally recorded excitations.

After CEINMS and differentiable physics EMG-driven
calibration, the models were executed using an EMG-driven
method to evaluate model accuracy. This is an open-loop
method where muscle forces and joint moments are predicted
based on the recorded excitations [1] in CEINMS, using trials
that were not part of the calibration. For the upper limb model,
nine trials of shoulder abduction, four trials of shoulder rotation
and six trials of elbow flexion were used, while for the lower
limb model, 16 stance phase trials at the baseline self-selected
speed were used. RMSE and R? were averaged across all
movement cycles within each range of movement task.

Pre-empting that the CEINMS and differentiable physics
EMG-driven calibration yielded similar modeling accuracy, the
synergy-hybrid approach was directly compared to the
differentiable physics EMG-driven calibration using a reduced
set of excitations. Recorded excitations, thus MTUs based on
the EMG mapping (Table SI), were singularly removed from
multiple EMG-driven calibrations. The rank order of the lowest
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to highest RMSE, averaged across DOFs and calibration trials
was used to determine the removal order for subsequent
evaluation. The NMS models were then calibrated using the
differential physics EMG-driven and synergy-hybrid
calibrations, sequentially removing the ordered excitations.
Seven and four synergies were used for the upper and lower
limb models, respectively. This was determined from initial
pilot testing detailed in the supplementary material (Fig. S1),
where the variance accounted for between the experimental and
synergy reconstructed excitations was greater than 85% [22].
RMSE and R? were calculated for each number of recorded
excitations, averaging across trials and DOFs. Additionally, the
calibrated model MTU parameters (optimal fiber length, tendon
slack length, and strength coefficient) were compared to those
of a model calibrated using the differentiable physics EMG-
driven approach with all recorded excitations. Each parameter
was normalized to the allowable range, and the absolute
difference between the optimal and reduced excitation models
were averaged across all parameters and MTUs.

The time taken during each calibration was measured to
assess the computational speed. All calibrations were run on a
Windows PC with 12th Gen Intel® Core™ {9-12900K
processor (3.20 GHz, 16 core) and 64 GB of RAM.

For statistical analyses, a Shapiro-Wilk test [55] was used to
determine whether each data group was normally distributed.
For normally distributed data an independent sample t-test was
used, while a Mann-Whitney U test was used for data not
normally distributed. For all statistical analysis, the significance
level was set to p < 0.05.

IV. RESULTS

The differentiable physics calibration methods were between
13 and 26 times faster than CEINMS EMG-driven calibration
(Fig. 2). For the upper limb model, there was no significant
differences in joint moment RMSE or R2 between the EMG-
driven CEINMS and differentiable physics calibration (Fig. 3).
For the lower limb model, the differentiable physics calibration
resulted in significantly lower RMSE and higher R2 for hip
flexion, and higher RMSE and lower R2 for knee and ankle
flexion compared to CEINMS (Fig. 3).

In the synergy-hybrid calibration, the extracted synergies
(Fig. 4) led to significantly lower RMSE than the EMG-driven
calibration when only two MTUSs received recorded excitations
for the upper limb model (Fig. 5). Additionally, higher R2
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CEINMS + !
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Differentiable physics I
EMG-driven
Differentiable physics
Synergy-hybrid

0 25 50 0 7 14

Time (minutes) Time (minutes)
Fig. 2. Time to calibrate upper and lower limb NMS models using CEINMS
EMG-driven, differentiable physics EMG-driven and synergy-hybrid
methods. The differentiable physics calibration times were averaged across all
EMG-driven and synergy-hybrid testing, while the CEINMS time was
averaged across 10 repetitions of the EMG-driven test.
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Fig. 3. Joint moment tracking accuracy of the EMG-driven calibrated upper
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values were observed when between two and eight MTUs had
recorded excitations for the upper limb model (Fig. 5). The
EMG-driven calibration produced significantly lower
difference in model parameters than the hybrid approach for the
upper limb model with only one recorded excitation (Fig. 5).
For the lower limb model, the synergy calibration approach
produced significantly lower RMSE with three and two
recorded excitations, and significantly higher R? with eight,
four, three and two recorded excitations, while the EMG-driven
approach provided significantly lower RMSE with only one
recorded excitation (Fig. 5).

V. DISCUSSION

In this study we implemented an auto-differentiable EMG-
informed NMS model, demonstrating its potential to improve
the calibration process. We first validated the approach against
an EMG-driven calibration using the traditional CEINMS and
differentiable physics approaches. We then extended it to a
synergy-hybrid approach to calibrate MTUs without recorded
excitations, showcasing the flexibility and robustness of the
auto-differentiable model.
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Across all DOFs and trials, the proposed differentiable
physics EMG-driven calibration demonstrated accuracy
comparable to models calibrated using simulated annealing in
CEINMS (Fig. 3). Both calibration methods demonstrated low
accuracy for estimating shoulder rotation and failed to capture
the hip flexion moment peak towards the end of the stance
phase (Fig. 3), likely due to limited EMG recordings from
critical muscles (e.g., supraspinatus, subscapularis, teres minor,
teres major and coracobrachialis for the upper limb, and the
iliacus and psoas for the lower limb). The addition of other loss
functions (e.g., minimizing the peak of summed forces [56] or
maximizing moment tracking R? may improve the
performance of the differentiable physics calibration in the
future. The proposed method exhibited an approximately 13-
fold reduction in calibration time for the upper limb model and
26-fold reduction for the lower limb model (Fig. 2).
Furthermore, the use of efficient matrix operations in the NMS
model provided improved computation performance as the
number of calibration trials increased (Fig. S2). Traditionally,
the calibration process presented a major barrier to using NMS
modeling for real-time applications, potentially requiring hours
to wait for the calibration to converge before being able to
execute the NMS model. The substantial decrease in calibration
time demonstrated here could enable the real-time application
of NMS models, providing immediate performance feedback
across a range of fields—from elite sports, enhancing athlete
performance, to neurorehabilitation for spinal cord injury
patients, optimizing recovery outcomes.

The synergy-hybrid calibration, which synthesizes
unrecorded excitations (Fig. 4), showed superior joint moment

% stance phase

% stance phase
Recorded excitation
Fig. 4. Example synergy extraction and reconstruction of muscle excitations from the lower limb calibration testing with five recorded EMG recording removed.

% stance phase
Synthesised excitation

tracking ability compared to the EMG-driven calibration. This
improvement in joint moment tracking achieved by the
synergy-hybrid approach helps mitigate the reduced accuracy
observed in the differentiable physics EMG-driven approach
when compared to the CEINMS approach (Fig. 3). Importantly,
synergy-hybrid calibrated models closely matched those
calibrated with all excitations recorded (Fig. 5). However, there
were cases where EMG-driven calibration resulted in
parameters that more closely matched the optimal, all
excitations model, particularly in the upper limb data (Fig. 5).
This could be due to the low EMG amplitude required for the
tasks, leading to minimal differences when replaced with no
EMG. Moreover, omitting certain EMG recordings could
significantly affect the extraction of muscle synergies,
including the ability to accurately reconstruct recorded signals
and synthesize unrecorded signals. In this work, we evaluated
the synergy-hybrid calibration by sequentially removing
recorded excitations in order of their effect on calibration
accuracy. However, future investigation is required to identify
the minimal number and optimal selection of EMGs to ensure
robust calibration across different joints and tasks [24, 36].
Additionally, the synergy-hybrid calibration could be used to
more effectively map excitation signals to individual MTUSs,
rather than assuming the same excitations as nearby muscles[1,
14, 36]. Overall, the proposed synergy-hybrid calibration
provides a method that better represents all muscles compared
to the standard EMG-driven calibration, also providing a simple
and efficient alternative to the three-stage calibration used
previously [6, 13, 20].

The implementation of differentiable physics enables many
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Fig. 5. Joint moment tracking accuracy and similarity of model parameters
using EMG-driven and synergy hybrid calibration with differentiable physics
as recorded muscle excitations are removed from the calibration.

opportunities to explore and expand how we use NMS
modeling. While differentiable models have been developed in
the past, they used symbolic differentiation [38], limiting model
extensibility and flexibility in handling different topologies. In
contrast, our auto-differentiable model enables modifications to
the loss function as needed, allowing for seamless
implementation of different loss functions or underlying
modeling dynamics (e.g., activation dynamics [54, 57]). The
new formulation with increased efficiency could facilitate
simultaneous calibration and execution. As shown in the
supplementary material (Fig. S3), the loss decreases rapidly in
early iterations, suggesting that a reduced number of iterations
could reduce calibration time with a modest trade-off in
accuracy, although further investigation is required.
Additionally, instead of a single prolonged calibration, multiple
shorter calibrations could be performed across data windows,
refining the model incrementally and improving robustness
over time. Such an approach would enable real-time, subject
specific NMS modeling without prior calibration and allow for
dynamic adjustments of model parameters to reflect changes,
such as fatigue [18]. The scalability of differentiable physics
through parallelization could also support the calibration and
execution of larger-scale models, including motor unit-level
models [58], while also potentially benefiting from GPU
utilization for improved performance with more complex

models. Neural networks can be integrated into the auto-
differentiable NMS model to compensate for areas where
traditional physics-based models fall short, such as low-fidelity
or sparse input data, and incomplete or simplified physics [59].
For instance, while the physics model may rely on assumptions
for joint kinematics or MTU dynamics, neural networks can
capture complex, nonlinear relationships from data,
compensating for inaccuracies and improving predictions.
Additionally, the flexibility of auto-differentiation allows
surrogate models (e.g., approximating MTU kinematics [60],
joint kinematics [61, 62] and/or joint tissue loading [63]) to be
seamlessly integrated and optimized within the same
framework, combining the strengths of both approaches.

Some limitations should be acknowledged. The calibration
was only evaluated using data from two participants, one each
for the upper and lower limb models. However, the use of two
different datasets and the subject-specific nature of the
modeling suggest that the findings could be transferable to other
individuals. Previous studies have successfully applied similar
methods to populations with cerebral palsy [24, 64],
osteoarthritis [65-67], and anterior cruciate ligament
reconstruction [68], demonstrating the applicability of NMS
models across diverse demographics, including children and
individuals with clinical conditions. Another limitation is the
incomplete EMG dataset, as recordings were not available for
all muscles contributing to upper and lower limb movements.
Surface EMG has inherent limitations in recording signals from
deeper muscles due to factors like muscle depth, size, and the
potential for crosstalk [19, 69, 70]. Future studies might require
intramuscular electrodes to capture a more comprehensive set
of EMG signals from which initial synergies could be extracted.
In the current study we did not assess the effect of the
calibration methods on different execution methods (e.g.,
EMG-assisted), including only analyzing the calibration
accuracy of the synergy-hybrid calibration method. Further
evaluation of these methods during execution is warranted.
Also, although the preferred method [22], we only evaluated
non-negative matrix factorization for synergy extraction, which
was able to consistently extract similar synergies as outlined in
the supplementary material (Fig. S4 and Fig. S5). Other
techniques, such as representing synergies as Gaussian curves
[26], may offer improved efficiency by reducing the number of
variables requiring optimization, offering a promising direction
to be explored further. Moreover, while an 85% variance
accounted for threshold has been shown to be appropriate for
determining the required number of synergies using non-
negative matrix factorization [22], further criteria could be
considered to refine this selection [71], particularly for different
tasks and limb segments. Nevertheless, the synergy method
does constrain calibration to experimentally observed muscle
excitation patterns, whereas EMG-assisted methods resort to
more traditional static optimization (e.g., minimization of the
squared excitation), which may lead to predicted excitations
that deviate more from physiologically plausible muscle
excitations. Finally, while MTU parameters are often initialized
using pre-optimization or muscle volume-based scaling [72,
73], these steps were not included in the current calibration
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process due to their impact on calibration time. Incorporating
them in future work could enhance physiological plausibility,
but more efficient methods would be required.

VI. CONCLUSION

We successfully implemented and validated an auto-
differentiable EMG-informed NMS model, using differential
physics and back-propagation. The new formulation allowed
for the efficient calibration of model parameters, achieving
prediction accuracies comparable to the standard EMG-driven
calibration approach while significantly reducing calibration
time. Additionally, the ability to synthesize unrecorded
excitations during calibration via muscle synergies enabled
accurate parameter estimation for all muscles, even with
incomplete EMG data. These advancements in EMG-informed
NMS model calibration unlock new possibilities for real-time
applications, such as in neurorehabilitation, and pave the way
for integration with hybrid physics-informed neural networks.

APPENDIX A

To calculate the muscle fiber length in the auto-differentiable
NMS model, we implemented a first order Rosenbrock elastic
tendon method [38], backpropagation compatible. The detailed
derivation is reported in [38] and summarized here in terms of
the muscle fiber length. In the Rosenbrock formulation, the
function f describes the relationship between current state (x),
its derivative and a control (u) in implicit form:

Ax
f<x+Ax,—,u+Au)=O (41

h

which can be expanded using a first order Taylor series
expansion, substituting in the derivative of the state (x):

L Of L Afhx N Of
f(x,x,u)+an+a(7—x)+—Au—0

du (42)

and rearranged in terms of the change in state:
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Fig. 6. Predicted force with damped equilibrium and auto-differentiable elastic
tendon models, compared to experimental force in maximal activation.

8
Ax = <% + %%>_1 (%x — f(x, x_,:t) - %Au) (43)
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The derived equation is then applied to calculate the new
muscle fiber length as

o om o (Of (LOFNTH
=1+ (3 + )
af m m . m _g _
(av—m” - f v a) aa(ai+1 ai)) (A5)
famv™a) = FE(™) = F™(1™,v™, a) (46)

where FT is the tendon force from the force-strain curve [37]
scaled by the maximum isometric force. Here the partial
differentials are solved through automatic differentiation using
the LibTorch library [34]. If the tendon length is shorter than
the tendon slack length, the tendon strain is zero, potentially
leading to erroneous fiber lengths. Previous studies have
employed constraints such as non-zero activation or active
force, or a minimum fiber length [37, 38, 54]; however, these
assumptions may not be physiologically accurate. Here, we
extend the tendon force-strain curve beyond zero strain and
penalize negative strain values during calibration to avoid non-
physiological solutions.

We validated the Rosenbrock elastic tendon model following
the method previously used to validate the equilibrium elastic
tendon model [37]. Ex-vivo muscle forces were measured from
the soleus muscle of a rat and cat during maximal and
submaximal activations, respectively, with varying levels of
maximal displacement [74, 75]. For maximal activation trials,
model parameters were optimized using an AdamW optimizer
on the largest displacement trial minimizing the mean absolute
error between predicted and recorded forces [37], while
penalizing tendon strain outside of the expected range.
Reported measurements were used as the parameters for the
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Fig. 7. Predicted force with damped equilibrium and auto-differentiable elastic
tendon models, compared to experimental force in submaximal activation.
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Fig. 8. Force prediction using the stiff, equilibrium elastic, damped
equilibrium elastic and auto-differentiable elastic tendon models. Horizontal
bars signify a statistically significant difference between the models.
submaximal trials [76]. For the maximal activation validation
we used the same simplified first order activation dynamics as
used in [37], allowing us to validate the new elastic tendon
formulation within the MTU dynamics. For the submaximal
activation validation the same input activation signal from [37]
was used to drive the model.

For each trial, the mean absolute error was calculated
between the predicted and experimental forces, normalized to
the experimentally measured maximum isometric force. The
errors were compared to results of the stiff tendon, equilibrium,
and damped equilibrium models reported in [37], averaged
across trials within the maximal and submaximal datasets. Data
were normally distributed for the maximal activation trials and
non-normally distributed for the submaximal trials; ANOVA
and Kruskal-Wallis ANOVA tests were used, respectively.

Across all trials, the auto-differentiable model predicted
muscle forces similar to the equilibrium model and
experimental force (Fig. 6 and Fig. 7). In maximal activation
trials, the stiff tendon model produced significantly greater
mean absolute errors than all other models. while no

statistically significant differences were observed in
submaximal activation trials (Fig. 8).
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