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OPEN A muscle synergy-based method to

improve robot-assisted movements

Maria Alejandra Diaz*2*?, Parham Haji Ali Mohamadi%3, Sander De Bock'?,
Kevin Langlois®3, Joris De Winter%*, Tom Verstraten?* & Kevin De Pauw2**

There is increasing interest in using assistive robotic devices to support motor re-learning and recovery
in individuals with neurological impairments. These robots aim to enhance overall motor control by
providing adaptive assistance. However, using muscle synergies in designing control strategies for
rehabilitation devices remains an emerging area of research. This study proposes a novel synergy-
based objective function to assess how changes in robotic assistance levels affect muscle synergies in

a 2D reaching task in the horizontal plane. Healthy participants performed the task in a transparent
mode and with three levels of assistance while holding a weight. EMG signals from seven muscles were
decomposed into muscle synergies across all conditions. First, we defined the three reference synergies
as baseline knowledge of the synergies required to execute the task and their modulation, resulting in
three main muscle recruitment strategies across ten participants. We then introduce three metrics to
assess variations in motor coordination relative to the reference synergies. These metrics assessed how
closely participants’ muscle activation patterns matched the reference synergies, capturing variations
in the shape, timing, and overall similarity of the muscle activation profiles. Finally, by combining

the metrics, we present an objective function that assesses participants’ motor coordination when
performing the task with the added weight. The results highlight the importance of personalized
assistance, as not all individuals could closely match the reference synergies with the same level of
assistance. Additionally, the objective function demonstrated statistically significant differences in
performance across assistance levels. Although this is a preliminary study, it presents promising results
as a first step towards implementing human-in-the loop optimization in robotic-assisted rehabilitation.

Recent advances in assistive robotics have focused on improving human-robot interaction to enhance motor
control, biomechanics, and user performance across various movement tasks'. Additionally, research on robotic
assistance has also examined the role of the central nervous system (CNS) in coordinating and controlling muscle
contractions®>. While executing a movement may appear simple, the control behind it involves a high degree
of complexity?. Then, the CNS is responsible for adjusting and fine-tuning muscle activation into task-specific
groups known as muscle synergies, which make coordinated movement across different movements possible>*.
The muscle synergies help simplify motor control and allow the study of muscle coordination patterns under
various conditions®, including robotic assistance. Thus, understanding how the CNS regulates the dynamic
behavior and redundancy of the musculoskeletal system could lead to better motor control assessment even
when robotic devices assist a movement under challenging conditions.

Muscle synergy analysis decomposes electromyography (EMG) activation patterns into time-varying signals
and a matrix of weights, also known as synergy vectors®. Linearly combining the synergy signals and the weights
produces a synergy-reconstructed muscle activation pattern and a reconstruction error!. This error decreases as
more synergies are extracted’. Studies have demonstrated that a small set of synergies can account for over 90%
of the variance (VAF) in muscle activity across upper-limb tasks, with these synergies being consistent across
different individuals 3. In other words, selecting an appropriate number of muscle synergies can explain at least
90% of muscle activity, effectively reducing the dimensionality and complexity of the EMG signals.

The application of muscle synergies extends to robotic assistance, where they are used to improve
rehabilitation outcomes. This approach explores the robot’s role in motor relearning and its impact on human-
robot interaction®!. Incorporating muscle synergies in the design of robotic assistance device control strategies
can positively influence motor control and coordination in neurological patients. For example, Scano et
al.? analyzed the impact of robotic assistance during 3D-reaching movements in stroke patients, within the
context of muscle synergies. Their findings suggest that interaction with the robot promoted the emergence of
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physiological-like synergies, potentially enhancing motor relearning. Similarly, Afzal et al.!! investigated muscle

synergies during exoskeleton-assisted walking in patients with multiple sclerosis. Their study highlighted the
relevance of this analysis in providing meaningful clinical insights into motor deficits. Furthermore, synergies
have also been used in robotic assistance optimization!>!® and to reconstruct EMG signals from a pathological
population using synergies from healthy individuals’.

In the context of optimizing robotic assistance, recent research has been working towards human-in-the-
loop optimization (HILO)'“. This methodology automatically and continuously updates control parameters that
define the assistance based on the user’s response to changes in control characteristics to maximize the user’s
performance'. A cost function, or objective function, is essential to quantitatively measure users’ response to
the robot’s assistance. Studies have shown that quantifying human physiological signals and neuromuscular
control, and incorporating this information into the robot’s feedback loop through iterative optimization, can
help identify assistance settings that are tailored to the user’s needs'. These optimized settings can significantly
improve users motor coordination and enhance performance during human-robot interaction'?.

This research aims to develop a synergy-based objective function to understand how varying levels
of assistance from an assistive robot affect muscle synergies in 10 healthy participants. Specifically, it will
demonstrate how changes in assistance influence participants’ ability to perform a 2D reaching task under
challenging conditions (i.e. holding an added weight) (Fig. 1), impacting their motor control and coordination.
The conditions tested include 1) a transparent mode and 2) three levels of assistance while holding an added
weight. We constructed a set of reference synergies by clustering the muscle synergies extracted during the task
in transparent mode. These reference synergies serve as a baseline to understand typical task execution and
provide a comparative structure for analyzing synergy variations when external assistance is introduced. Using
these reference synergies, we then assessed how muscle synergies altered when participants completed the task
with added weight and varying levels of assistance. We hypothesize that a well-defined objective function can
assess changes in motor control during these challenging and assisted tasks and identify optimal settings that
align participants’ control with the reference synergies. The results of this research could improve rehabilitation
strategies using assistive robotic devices, as muscle synergies could reveal precise alterations in motor control
compared to traditional clinical assessments!'>1°,

Results

Reference synergies

For each participant and each trial, we extracted 3 muscle synergies, which was sufficient to get a VAF higher than
0.9 (Supplementary Fig. S1). We identified three reference synergies (Fig. 2). The first and third synergy show
how crucial the deltoid muscles are in moving the arm away from the body. The deltoid anterior leads the motion
when reaching in a straight line from point A to point B. Moving from point A to point C requires coordinated
activation mainly from the deltoid medial and deltoid posterior but also from the triceps. The triceps muscle is
essential in extending the elbow, while the deltoid muscles are responsible for externally rotating and abducting
the shoulder, enabling diagonal arm movements.

Figure 3 shows the results of the K-means clustering algorithm, which grouped all the synergy vectors
into three different clusters. In the heat map, normalized muscle activation levels are color-coded, with yellow
representing higher activation and blue representing lower activation. Each cluster contains synergies with similar
muscle contributions. The centroid of each cluster was calculated and used as the reference muscle synergy. The
60 synergy vectors were derived from 20 trials conducted by 10 participants under two conditions: transparent
mode (one trial per participant) and with no weight and low support (one trial per participant). Three muscle
synergies were extracted from each trial. Of these trials, 70% contained all three reference synergies, while 30%
included only two.

The supplementary material provides the calculated muscle synergies of all participant’s executing the task in
transparent mode (Supplementary Fig. S2) and with no weight and low assistance (Supplementary Fig. S3). In
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Fig. 1. (1) A participant with the KUKA LBR Med 14 executing a 2D reaching task while holding a weight. (2)
The 2D reaching task. Participants had to reach first in a straight line (from A to B), then in a 45-degree angle
(from point A to C).
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Fig. 2. The three reference synergies that describe the task in participants. In the left panel the synergy vectors
(W;) from the K-means algorithm. In the right panel the dynamic activation coefficients (C;(t)) represent
mean trajectories across all subjects for the corresponding synergy weights shown on the left panel. The color
coding on the right panel corresponds to different phases of the 2D reaching task outlined in Fig. 1, with each
color indicating a specific trajectory between points..

addition, extended details of how each synergy cluster corresponds to individual participants (Supplementary
Fig. S4) based on the K-means cluster.

Comparison between assisted and reference muscle synergies

We calculated the cross-validated variance accounted for (C'Vy ar) to evaluate the quality of the estimated
vectors. Trials with a negative C'Vy 4 » were excluded from the analysis. As a result, 4 out of 30 trials, belonging
to participants 1 and 4, were removed. Thus, the final analysis includes data from 8 participants.

Figure 4 presents the total Euclidean distance (TED) between the estimated activation coefficients (Ces:) and
the reference coeflicients (Crey), as well as the total absolute difference between the estimated synergy vectors
(West) and the reference vectors (Wr.cs). This figure provides a comparative visualization of the behavior of
these variables for 8 participants across the three assistance levels.

As shown in Fig. 4, the metrics proposed to assess the Ces; and Wes; provide similar trends for most
participants, suggesting consistent adaptations across synergy modulation (via C) and synergy composition (via
W). Participants 3, 6, 8, and 10 show similar behavior in both the TED (blue line) and the total absolute difference
(TAD) (orange line) metrics, indicating a coordinated response in synergy modulation and composition.

In contrast, participants 2, 5 and 7 have noticeable differences between the behaviors represented by the
blue and orange lines, indicating different responses in synergy modulation versus composition. For these
participants, calculating C'es; and comparing it with C' 5 did not show satisfactory results, as no clear minimum
was observed. This could be attributed to variability in their muscle activation patterns. However, the absolute
difference metric (Wes: compared to Wi.s) shows better results for participants 2 and 7, indicating a more
reliable adaptation in synergy composition even when modulation patterns vary.

Additionally, Table 1 displays the correlation between the synergy similarity (SSV), TAD, TED, providing a
quantitative comparison of these metrics. As expected, a strong negative correlation (> 0.9) is observed between
TAD and SSV. This relationship indicates that a higher synergy similarity corresponds to a smaller difference
between West and Wiy, leading to a lower TAD. This result is anticipated as both metrics are derived from the
same processing method. Even though the correlation between TED and TAD is moderate (around 0.5), there is
a clear positive trend. A similar result is observed between TED and SSV (> 0.6).
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Fig. 3. Heat-maps of the K-means clusters. Each heat-map represents one of the three clusters, with the y-axis
indicating the muscles (TP, PECM, DA, DM, DP, BIC, TRI) and the x-axis representing the synergy vectors.
The color scale indicates the activation level for each muscle within a synergy vector (yellow = high activation,
blue = low activation).

Muscle-synergy based objective function

The results of optimized weight combinations using PSO were g1 = 1.4 and g2 = —0.28. Table 2 presents
the cost function (CF) outputs for each participant across the different assistance levels. The lowest CF values,
highlighted in blue, indicate the highest similarity to the reference synergies.

For participants 3, 5, 8 and 9 the maximum assistance level resulted in the lowest CF output, suggesting that
higher assistance was more effective in facilitating the desired motor control. In contrast, for participants 2, 7 and
10 the lowest assistance level produced the best outcome. In this case, providing more assistance might reduce
engagement and hinder the modulation of synergies.

Interestingly, participants with lower CF minima have prior experience with assisted movement. This
familiarity may allow them to adapt more readily to assistance, as reflected in their generally lower CF values.
For instance, participant 8, with the lowest CF minimum at 9.84, may efficiently integrate assistance into their
movement patterns, requiring minimal synergy restructuring to achieve the desired activation. In contrast,
participants with limited prior experience, such as participant 2 (whose minimum CF is 14.23), may exhibit
higher CF values. This difference suggests that they undergo more significant adjustments in muscle synergies or
activation strategies in response to assistance.

Discussion

In this study, we proposed an objective function designed to improve motor control by quantifying how closely the
user’s muscle synergies align with a set of reference synergies during a 2D reaching task. This function evaluates
changes in the structure of muscle synergies in response to varying levels of assistance during a challenging task.
It provides a quantitative framework that identifies the optimal level of assistance to achieve the desired motor
coordination. Moreover, we introduced a method to evaluate motor coordination using our defined reference
synergies as a baseline for comparison. Our future goal is to apply this approach to pathological populations
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Fig. 4. Comparison of Total Euclidean distance error (TED, in blue) between Ces; and Crey, and the total
absolute difference (TAD, in orange) between Wes: and Wy across three assistance levels; 1 = low, 2 = mid, 3

= high.
TAD Total SSV | TED
TAD 100 [-094* |0.53*
Total SSV | - 0.94* | 1.000 - 0.63*
TED 053 | -063* | 1.00

Table 1. Correlation coefficients between TAD, total SSV and TED.* indicates a significance level of p < 0.01.

Low assi e | Mid assi e | Max assi e

Participant 2 | 14.23 16.04 15.24
Participant 3 | 14.68 12.43 11.70
Participant 5 | 15.80 16.94 12.69
Participant 6 | 16.22 13.48 14.46
Participant 7 | 14.57 15.99 15.38
Participant 8 | 13.44 13.45 9.84

Participant 9 | 11.74 11.23 9.74

Participant 10 | 14.33 15.20 17.30

Table 2. Objective function output for all participants. For each participant, the lowest objective function
values are highlighted in bold, indicating the highest similarity to the reference synergies.
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using muscle synergies, which have been proposed as physiological biomarkers to assess the pathological state of
the motor system in different patients'®. This could allow us to tailor robotic rehabilitation strategies to address
specific deficits in motor control and coordination, ultimately enhancing the effectiveness of therapy.

Although SSV and TED are two metrics that have already been used in previous studies to compare muscle
synergies variations!’, evaluate the effect of robotic assistance on muscle coordination®'® and assess different
patient populations!?. This study introduces a novel cost function that combines SSV and TAD to explore muscle
synergy adaptation and provide deeper insights into motor coordination. Specifically, by comparing synergy
vectors (Wes¢) with reference synergies (Wpe ), the function quantifies how Wes¢ must adapt to maintain stable
activation patterns. This function highlights the flexibility and adaptability of muscle synergies in response to
robotic assistance and challenging conditions.

The differences in trends across participants suggest that the CNS adjust to task demands (e.g., added weight
or assistance) either by adjusting synergy activation timing (through C) or by altering the synergy structure
(through W). Figure 4 suggests that participants showing similar trends may have a CNS that adapts with a
balanced approach, adjusting both W and C in coordination to meet task requirements. In contrast, participants
with different trends rely more on specific changes in either activation timing or muscle grouping.

Even though, the criteria for determining "good” or "bad” outputs from the proposed cost function remain
unclear, which is a limitation from this study, we believe that the personalized nature of these outputs, which
vary within participants across different levels of assistance, indicates that our approach is promising. Results
demonstrated that not all individuals can effectively replicate the reference synergies with the same level of
assistance, indicating the need for personalized support. The variability in CF minimums and optimal assistance
levels across participants confirms that individualized assistance best enables each person to replicate the reference
synergies, even with added weight. Our optimization framework accounts for this personal variation, addressing
motor adaptation’s complex and individualized nature. As Ting et al.?® emphasize, individualization is essential
to promote active engagement during therapy. Patients who receive assistance that is too high or too low may not
be sufficiently challenged, potentially hindering their progress. This approach could enhance rehabilitation by
tailoring assistance to each person’s unique motor patterns, optimizing relearning and functional improvements,
and preventing compensatory strategies that could hinder long-term recovery>%.

Regardingoptimizinghuman-robotinteraction, our findingssuggest thatintegrating quantified neuromuscular
control into robot feedback can enhance motor control and engagement during robot-assisted movements. This
conclusion is drawn from the observed adaptability of muscle synergies to varying levels of robotic assistance,
as quantified by the changes in the output of the proposed cost function. The results demonstrate that different
assistance levels influence both the structure of muscle synergies and their activation patterns, highlighting the
potential of personalized feedback to optimize motor coordination. This approach effectively captures the main
components of human-in-the-loop optimization'* by integrating metrics that assess muscle synergies through a
cost function and an optimal value that minimizes that function during a robot-assisted task'?. This combination
allows for real-time adjustments of assistance based on the user’s neuromuscular performance, ensuring the
support is adaptive and personalized. As a result, this framework could offer a more rational and targeted form
of assistance, presenting a novel and feasible approach that could be used in rehabilitation strategies to improve
patient outcomes. Ultimately, understanding the effect of assisted movements on muscle activity and motor
synergies will help optimize the use of robotic devices in rehabilitation>1°.

This study represents an initial step towards implementing HILO in robotic-assisted rehabilitation. To further
improve the research study, additional data from more participants will help refine the reference synergies,
and testing on more complex tasks will allow us to better evaluate the performance of our objective function.
Ultimately, validating this approach in patient populations will help establish its effectiveness compared to
conventional therapy and further advance individualized rehabilitation strategies. The final goal is to enhance
individualized therapy and better track rehabilitation progress.

Methods

This study followed the standards of the Declaration of Helsinki, and the local ethical commission (Vrije
Universiteit Brussel and UZ Brussel) granted ethical approval (B.U.N. 1432022000180). Participants provided
written informed consent prior to the study.

Experimental setup

The KUKA LBR Med 14 (KUKA, Augsburg, Germany) is a collaborative robot specifically designed for medical
applications that involve human-robot interaction (see Fig. 1-Left). This robotic arm features 7 degrees of
freedom and can be programmed through demonstration, which facilitates efficient task replication. The process
begins with an operator demonstrating a movement task to the robot, while the subject’s arm is connected to
the robot’s end-effector via a physical human-robot interface. During this demonstration, the robot remains
“transparent” to the movement. This physical interface is engineered to ensure effective force transmission
between the subject’s arm and the robot’s end-effector, promoting safe and comfortable interactions?!.

Once the robot has recorded the movement, it can replicate the task. To enhance the robot’s control and
adaptability, we utilize a Proxy-Based Sliding Mode Controller?2. This controller allows the robot to respond
compliantly when an external force exceeding a certain threshold is applied to the end-effector, such as during
contact with the environment or a human operator. This feature improves the robot’s safety and robustness in
dynamic settings®%. It enables the operator to define the maximum force that can be applied at the robots end-
effector, while still allowing the subject to deviate from the recorded trajectory.

In this context, setting a lower force threshold translates to a lower robot’s assistance level for tracking the
trajectory and completing the recorded task. For example, when the robot operates with a low assistance level
(20N) and the subject does not follow the recorded trajectory, the robotic arm exerts only 20N of force to guide
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the subject’s arm back to the trajectory. In this experiment, we considered a transparent mode (where the robotic
arm exhibits minimal resistance to external forces) and three levels of assistance: low = 20N, mid = 100N and
high = 200N.

Experimental protocol

Ten healthy male participants (age = 26.7 = 3.8 years, body mass = 66.5 & 8.5 kg, height = 173.4 + 4.8 c¢m)
sat on a chair and positioned their arms on the cuff. We explained the 2D point-to-point reaching task, both
in a straight line and at a 45-degree angle (Fig. 1-Right). Following the explanation, participants were guided
through the task (as detailed in the experimental setup for safety), and the trajectory was recorded. Subsequently,
participants were allowed to perform the task multiple times at varying assistance levels to familiarize themselves
with the robot.

Before starting the experimental test, 7 EMG sensors (Trigno surface electromyography system, Delsys Inc.,
Natick, MA, USA) were located on upper limb muscles: Upper trapezius (TP), pectoralis major (PECM), Deltoid
anterior (DA), Deltoid medial (DM), Deltoid posterior (DP), Biceps brachii (BIC) and Triceps brachii (TRI).
During the experimental trial, participants performed 10 repetitions of the task with the robot in transparent
mode. The participants then performed the task 10 times without weight and with low assistance. Finally,
participants performed the task 10 times while holding a weight of 3kg with one hand (i.e. the hand from the
arm that was assisted by the device). The reasoning to ask participants to perform the task with this weight
is to add a challenging condition and be able to assess the effect of assistance. This task was carried out with
three assistance levels: low, medium and high assistance. Rest periods were allowed between transitions between
assistance levels. The experiment lasted approximately 60 minutes.

Data analysis

We first constructed a pool of muscle synergies (reference synergies) using the trials where participants
executed the task in transparent mode and without weight and low assistance. These synergies represent the
muscle combinations that healthy participants need to perform the 2D task even with a low help from the
robot. Afterwards, we calculated the muscle synergies when participants wherfe holding the weight with three
assistance levels and compare them with the reference synergies. Adding a weight increased the difficulty of
the task, demanding additional effort and leading to muscle compensations that altered the muscle synergies.
Our objective was to demonstrate how assistance could help guide participants with altered muscle synergies
(resulting from the added weight) back towards the reference synergy patterns.

EMG processing

The EMG signals were preprocessed before decomposing them into muscle synergies, following the steps outlined
below. Raw EMG signals were filtered offline with a sixth-order Butterworth band pass filter between 30 and
400 Hz, subsequently full-wave rectified, and low-pass filtered (6 Hz) using a sixth-order Butterworth filter. For
each participant and muscle, the resulting linear envelopes were normalized with respect to the maximum peak
amplitude of each muscle. The latest was selected as the maximum value of a 50 ms moving-average window
applied to the muscle linear envelopes in each trial?>?4. Then, we further processed the EMG signal to extract
muscle synergies.

Reference synergies

For each participant, we extracted the muscle synergies from the mean EMG of the last four repetitions of the
task in transparent mode using a non-negative matrix factorization (NNMF), previously used for muscle synergy
analysis®*>?°. NNMF breaks down muscle activities represented by EMG signals into a linear combination of
fixed synergy vectors (W;) and dynamic activation coeflicients (C;(¢)). The synergy vectors represent how
much each muscle contributes to a specific synergy (i), while activation coefficients capture temporal changes.
Multiplying the synergy vectors by C;(t) allows the reconstruction of EMG signals, as outlined in Eq. (1). To
assess how well we can reconstruct the EMG data by combining modules and activation coeflicients we used a
metric called variance accounted for (VAF). The VAF explains how well we can reconstruct the EMG data by
combining modules and activation coeflicients. We targeted a VAF of more than 0.9’ indicating more than 90%
data reconstruction. VAF was calculated as described in®!7.

Nsyn

EMGsignals(t) ~ Z Cz(t)Wz (1)

Then, we identified a set of spatial and temporal modules that compactly describe the EMG activity during
the trial across all participants. These modules effectively represent the muscle activity patterns of healthy
participants for this experimental task. To identify the reference muscle synergies, we performed a clustering
analysis using the K-means algorithm, similar to the approach by Jeong et al.!. K-means is a clustering method
that groups similar observations into clusters. In this case, it grouped the synergy vectors from all participants
into three distinct clusters, as all participants consistently exhibited three muscle synergies (with VAF > 0.9).
We used the squared Euclidean distance to determine the centroid of each cluster. As a result, we obtained the
reference synergy vectors (Wr.y). Finally, to calculate Cr. s, we grouped all the synergy activation coefficients
associated with each cluster-specifically, those corresponding to the synergy vectors grouped within the same
cluster during the K-means analysis-and calculated their mean on a point-by-point basis.
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Assisted synergies compared to reference synergies

As in our previous study?, this study aimed to understand how performing the task with added weight and
three different levels of assistance affects muscle synergies. In the earlier study?’, we assumed that the reference
synergy vectors (W) represent fundamental building blocks of movement that remain relatively unchanged
across conditions, with variations expected primarily in the temporal activation of these synergies. This approach
serves as a way to explain how the CNS adjusts synergy activation under different conditions, such as added
weight or varying levels of assistance.

In the current study, we first followed the same method as in our previous work? to estimate the activation
coefficients (Cest) from a trial using the reference synergy vectors (Wy..s). Then, we calculated the difference
between Ces; and Cr..¢ at each time point using the Euclidean distance (ED). This strategy allows us to assess
how the reference synergies (W,es) were modulated during a trial based on the measured EMG signals. For
each participant and assistance level, we calculated a total Euclidean distance (TED) by summing the ED from
each synergy.

In addition, we introduced a second method. In this case, we assumed that the activation patterns required to
perform the task (C'rc ) remain stable, even under different conditions. Next, we estimated the synergy vectors
(West) for each trial using the C'.. ¢ and Eq. (2). This estimation comes from rearranging Eq. (1) to solve for W;
, and C'; was replaced by Ci. .

West = [C;remef]*l . [C:ef . EMGsignals(t)} (2)

To evaluate changes between West and Wi, we calculated the absolute difference per muscle for each synergy.
This method allowed us to understand how the synergy vectors (Wes;) needed to adapt to achieve the activation
patterns from the reference synergies. We calculated two metrics for each participant and assistance level.
First, we computed the total absolute difference (TAD) by summing the absolute differences across muscles
and synergies (I'AD = Y [West — Wrey|). Second, we calculated the synergy similarity vector (SSV) between
synergy vectors, and then the values were summed to construct a total SSV. The SSV is a commonly used method
to compare synergy vectors"'7!*. Typically, Eq. (3) is used, where W} and W represent the kth synergy vectors
from the ith and jth trials, respectively.

k k

~wr

SSV (Wrwk) = 170
(Ve = Tl WL

3)

After estimating both Wes; and Ces; we assessed the quality of reconstruction (i.e. the quality of the estimated
vectors) using the cross-validated VAF (C'Vy 4r)® as:

S(Xi— Westci(t))2
> (X -X)°

where X; is the original data (i.e. EM Gsignais), X, is the mean of the original data, and We.:C;(t) is the
reconstructed data using the estimated synergy matrix We,; and the calculated coefficient matrix from Xj;. If
CVy arF isclose to 1, it means that Wes; and C;(¢) are able to accurately reconstruct the original EMG data. This
suggests that W provides a good representation of the actual muscle synergies in X, closely aligning with the
reference synergies Wi..y. Trials with a negative C'Vy 4 were excluded from the analysis.

Finally, we compared the results of both methods to assess how different the two perspectives are in explaining
muscle synergies under the tested conditions.

CVyar=1-—

(4)

Muscle-synergy based objective function

The goal was to construct a synergy-based objective function to optimize user-cobot interactions under varying
levels of robotic assistance. Using task-related muscle synergy metrics, such as SSV and TAD from trials where
participants carried weights across three assistance levels, we designed the objective function as follows:

CF=g1*TAD+ g2+ S5V (5)

where, g1 and g2 are the variables weight to be optimized. When optimizing the weights, we first set the ranges
of weights: g1 € [1,2] and g2 € [—1, 0] to ensure that the cost function captures the trade-off between the two
variables. Given the negative correlation between TAD and SSV we set g2 to balance their opposing trends. This
setup enhances the contrast between different assistance levels, favoring conditions with lower TAD and higher
SSV.

The aim was to achieve a significant difference between the CF output (see Eq. (5)) across the different
assistance levels. Accordingly, we designed the optimization of the objective function with a statistical focus to
obtain the optimal weights combination. We expressed the cost function as a matrix:

Lo SSVii  SSVis  SSVis .. SSVai  SSVie SSVis .
m =191 9l*| TAD,, TAD;y TADys .. TADw TAD.s TADu.s 6)

where Ji,, is a 1x27 vector that was then reshaped to an nx3 matrix, representing each participant’s n cost
function across the three assistance levels. We calculated the differences across the levels of assistance and used
the Kruskal-Wallis test to maximize statistical differences. The p-value from this non-parametric test served as
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the objective function output. Finally, we used a particle swarm optimization (PSO) to minimize the p-value to
obtain the optimal weight combination for g1 and g». The PSO was run in MATLAB using the particleswarm
function, the swarm size and maximum iteration number were set to 30 and 50 respectivelyzg.

Finally, we developed a user-friendly graphical interface (see supplementary material) designed to assess
the similarity between a given task and a set of reference synergies. This tool enables the comparison of both
temporal and spatial activations, as well as the evaluation of the cost function output. Additionally, it incorporates
a gradient descent optimization strategy, allowing users to perform HILO optimization when needed. This
feature helps determine the optimal level of assistance required to achieve the desired motor control for the task.

Data availibility
The datasets generated during the current study are available from the corresponding author on reasonable
request.
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