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Abstract— Assistive exoskeletons have shown great potential
in enhancing mobility for individuals with motor impairments,
yet their effectiveness relies on precise parameter tuning for per-
sonalized assistance. In this study, we investigate the potential of
offline reinforcement learning for optimizing effort thresholds
in upper-limb assistive exoskeletons, aiming to reduce reliance
on manual calibration. Specifically, we frame the problem as a
multi-agent system where separate agents optimize biceps and
triceps effort thresholds, enabling an adaptive and data-driven
approach to exoskeleton control. Mixed Q-Functionals (MQF)
is employed to efficiently handle continuous action spaces
while leveraging pre-collected data, thereby mitigating the
risks associated with real-time exploration. Experiments were
conducted using the MyoPro 2 exoskeleton across two distinct
tasks involving horizontal and vertical arm movements. Our
results indicate that the proposed approach can dynamically
adjust threshold values based on learned patterns, potentially
improving user interaction and control, though performance
evaluation remains challenging due to dataset limitations.

I. INTRODUCTION

Assistive robotics, particularly powered exoskeletons, have
emerged as a promising technology for enhancing human
mobility, whether by helping individuals with disabilities,
supporting the elderly in daily activities, or improving phys-
ical performance in demanding tasks [1], [2], [3]. Effective
control in these systems depends on the ability to interpret
user intentions and adapt to user learning and changes
in physical conditions (e.g., fatigue) [4]. However, most
exoskeleton controllers are pre-configured and remain static
after initial calibration, limiting their responsiveness over
time [5], [6]. While low-level controllers, such as PID
controllers, effectively regulate movement, their high-level
parameters often require manual tuning to align with natural
human movement patterns [7].

This tuning process often requires expert intervention,
involving repeated testing, fine-tuning, and validation to
ensure the exoskeleton responds naturally to the user’s
movements [8]. Since user needs can change over time due
to factors like fatigue, motor learning, or varying environ-
ments, frequent recalibration may be necessary, making the
process time-consuming, resource-intensive, and difficult to
implement on a larger scale [9]. Addressing these challenges
requires advanced modeling approaches capable of capturing
the dynamic interplay between users and robotic systems.
Unlike traditional rigid-body models, assistive robots func-
tion in complex, human-in-the-loop environments, requiring
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Fig. 1: Overview of the MyoPro 2 device, highlighting the place-
ment of SEMG sensors.

data-driven techniques for more adaptive and responsive
control [10]. Consequently, research has increasingly focused
on developing automated hyper-parameter tuning methods to
enhance the adaptability and usability of these systems [11].

Building on these advancements, we explore a reinforce-
ment learning-based approach to automate parameter tuning
and reduce the reliance on manual recalibration. To inves-
tigate this, we use the MyoPro 2 [12] device, a 2-DoF
exoskeleton, as our experimental platform. Designed to re-
store functionality in individuals with paralyzed or weakened
upper limbs, this device assists elbow and hand movements,
as shown in Fig. 1. To enhance user experience, it is essential
to properly tune the robot’s hyper-parameters, particularly
the biceps and triceps effort thresholds, in a way that adapts
to individual users and task variations. We approach this
problem through a multi-agent framework, where each agent
is responsible for adjusting a specific threshold across two
tasks. Specifically, we investigate the potential of offline
multi-agent reinforcement learning that leverages Mixed Q-
Functionals (MQF) [13], enabling automated, task-specific
parameter adaptation without requiring manual intervention.
This approach aims to enhance the system’s adaptability and
responsiveness, ultimately improving user experience and
control precision.

II. EXOSKELETON OVERVIEW

A. Device Description

The MyoPro 2 (Fig. 1) is a motorized upper-limb exoskele-
ton designed to assist users in performing daily activities. It
features two motor-controlled degrees of freedom (DoF): the
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Fig. 2: Illustration of joint speed as a function of delta effort,
highlighting the relationship between biceps and triceps activation.
The graph is divided into three regions: flex, where triceps activation
exceeds the threshold, extend, where biceps activation surpasses the
threshold, and idle, where neither muscle reaches activation. The
placement of triceps and biceps thresholds is marked, demonstrating
their influence on movement transitions.

elbow joint, responsible for flexion and extension, and the
wrist joint, enabling hand opening and closing. The device
translates muscle activation patterns into motor commands
via two surface electromyography (sEMG) sensors. It is
important to emphasize that this study focuses exclusively
on continuous arm movements controlled by the elbow joint.

B. Control Modes
The MyoPro 2 operates in four distinct control modes:

o Standby Mode: Both motors remain inactive, ignoring
sEMG sensors inputs.

e Biceps Mode: The device responds solely to the biceps
sEMG sensor, allowing only flexion movement.

o Triceps Mode: The device responds only to the triceps
sEMG sensor, allowing only extension movement.

e Dual Mode: The device receives input from both sen-
sors, enabling both flexion and extension movements.

This study focuses on the Dual Mode, as it aligns with the
natural bidirectional control required for most daily tasks.
Within this mode, three movement types can be selected:
constant, proportional, and ramp (i.e., exponential). We
specifically examine proportional mode, where movement
speed scales proportionally to the user’s muscle effort.

In proportional mode, the joint speed, Sjoin;, is determined
by the difference in efforts between the dominant and op-
posing muscles:

Sjoint = kpAE7

where £, is proportional gain value specified by the man-
ufacturer, and AFE is the difference between the dominant
and opposing muscle efforts, F; and F,, respectively. The
muscle exhibiting the higher activation level is considered
dominant. Once the delta effort, AE = E;— FE,, exceeds the
predefined threshold for the dominant muscle, Sjoin; increases
proportionally to AF in the corresponding direction, up to
a maximum speed of 100 (dimensionless), as illustrated in
Fig 2. For example, if a user intends to flex their arm, the

biceps effort (E;) excees the triceps effort (E,), generating
a positive AF. If this difference surpasses the threshold,
the exoskeleton initiates flexion at a speed proportional to
AE. Conversely, if the triceps effort becomes dominant, the
device facilitates extension. The possible muscle activations
and their corresponding actions are illustrated in Fig. 3.

C. Effort Threshold Optimization

To summarize, beyond selecting a movement type, users
can adjust two key parameters: (a) the effort thresholds,
which define the biceps/triceps activation levels required to
initiate movement, and (b) the gain values, which amplify
the sSEMG signal. In this study, we focus on optimizing effort
thresholds rather than gain values. While gain values affect
sensor sensitivity, effort thresholds play a more direct role
in determining when and how the device responds to muscle
activation. Properly tuning these thresholds enhances control
precision, ensuring smoother and more intuitive user-device
interaction.

III. PROPOSED METHOD

Offline Reinforcement Learning (RL) [14] is a powerful
data-driven approach for optimizing sequential decision-
making. Unlike traditional Deep Reinforcement Learning
(DRL), where an agent interacts with the environment to
collect experience, offline RL relies solely on a fixed dataset
collected through an arbitrary process, eliminating the need
for online exploration [15]. This characteristic makes offline
RL particularly well-suited for scenarios where real-time
interaction is impractical, costly, or unsafe. In the context
of exoskeleton control, where continuous online experimen-
tation could lead to user discomfort or even injury, offline
RL provides a viable alternative by leveraging pre-collected
data to optimize control policies. This enables adaptive and
personalized assistance while minimizing risks associated
with direct user interaction during training.

Muscle Resultin
A | Effort Bars | Hing
Activation | | Action
Bicep Contraction | 1 | | Pure Flexion
Tricep Contraction | 1 | | | | Pure Extension

Co-Contraction | I | | | | No Movement
Imbalanced Muscle 1 | | Extension
Imbalanced Muscle | 1 | | 1 | Flexion

Fig. 3: Visualization of muscle activation patterns, corresponding
effort levels, and resulting actions. The left column categorizes
different activation scenarios, including biceps contraction, triceps
contraction, co-contraction, and imbalanced muscle activation. The
middle column represents effort levels using effort bars, where
biceps and triceps contributions are indicated. The right column
shows the resulting action, such as pure flexion, pure extension,
no movement, or imbalanced extensions and flexions, based on the
activation pattern.
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Fig. 4: Overview of the proposed offline MARL architecture with
MQF: (a) training prediction blocks, (b) updating target blocks.
The red arrows indicate the direction of the backpropagation, while
the blue arrows depict the target network updates for mixer and
learners’ prediction blocks.

The applications of exoskeletons vary depending on the
user’s condition, often necessitating complex control strate-
gies that could benefit from multi-agent systems. Although
our study focuses on a single upper-limb exoskeleton, we
frame the problem as a multi-agent system by assigning one
agent to optimize the biceps effort threshold and another
to optimize the triceps effort threshold. This formulation
not only allows for more flexible and adaptive control but
also provides a scalable framework that can be extended to
scenarios where multiple exoskeletons or assistive devices
operate collaboratively to enhance user mobility.

Since the threshold values serve as the action space for
the agents and take continuous values, specifically ranging
between [20, 50] for the MyoPro device, we employ Mixed
Q-Functionals (MQF) [13] as the learning algorithm for our
multi-agent system. MQF has demonstrated superior perfor-
mance compared to policy-based algorithms, particularly in
continuous settings, due to its increased sample efficiency,
an essential factor in offline learning where data collection is
limited and costly. By leveraging MQF, our approach ensures
more effective learning from pre-collected data, leading to
improved threshold optimization for adaptive exoskeleton
control.

MQF transforms each state into a set of parameters that
define a function over the action space. This approach rep-
resents states through learned coefficients of basis functions,
enabling efficient evaluation of multiple actions via matrix
operations. A key advantage of MQF over other value-based
multi-agent reinforcement learning methods is its ability to
handle continuous action spaces while maintaining the sam-
ple efficiency inherent in value-based approaches, resulting
in improved agent performance compared to policy-based
methods. In this work, we adapt MQF for offline settings by
modifying its structure. As illustrated in Fig. 4, our proposed
framework consists of two main components: (i) training
learners’ prediction blocks, and (ii) updating learners’ target
blocks.

(i) Training Learners’ Prediction Blocks: The training
process for the MQF begins with the selection of a batch

of transition tuples (s’ ,a’ r® s'*), each of size b, from
the logged interactions L' of each agent. These tuples are
utilized to calculate the agents’ individual @) and @’ values.
Concisely, the process starts with the agent’s coefficient
neural network predicting the basis function coefficients for
the current state. In simple terms, each state is mapped to a
function within the action domain, with the function’s coeffi-
cients predicted by the network, C'(s). These coefficients are
then used to calculate action values by multiplying them with
the corresponding action representations. The total number of
coefficients, k, is determined using the combinatorial formula
(OJ[;D ), where D represents the action dimension and O
the order of the state function. Thus, the () function can
be expressed as follows:

Q"(s,a)

where C|(s) returns a vector of coefficients, calculated by the
neural network and ®(a) returns the action representations
as a vector, computed according to the predefined function
type.

For simplicity, assume the basis function is a polynomial
of order 2, and the action space is 2-dimensional a = [a1, as].
Under these conditions, the returned coefficient vector can be
represented as:

=C(s)" ®(a),

T
C(s)=co a1 ¢ c3 cu c5)

The second-order polynomial basis consists of all polynomi-
als of the form aj a2 where ¢ + j < 2. Therefore, the action
representation is expressed as follows:

2

-
@(a):[l a; a? ay a3 alag}

And, () value for given state-action pair becomes as follows:
QF(s,a) = co + cray + caa? + czas + caa3 + csayas.

By leveraging matrix multiplication, the evaluation of uni-
formly sampled actions is significantly accelerated, allowing
the action with the highest )-value, in (1), to be selected
more efficiently.

We employ another two networks: one for mixing the
agents’ current () values to derive Qo, and another for
mixing the next-state ()’ values to obtain Q. Fig. 4(a)
illustrates these networks as the mixer prediction and the
mixer target, respectively. This procedure is followed by
the calculation of the temporal difference error between the
prediction and target values, which can be encapsulated by
the following formulation:

b~B

e = Y [(Qow(s, a;wen) —y(r,s))°], (D)

s,a,r,s’

where y(r, s’) is defined as:

Zr +ymax(Qum(s', as wi)lara). ()

=1

y(r,s’)

The bold symbols, in (1) and (2), are vectors denoting the
set of corresponding values for all agents and U signifies a
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Fig. 5: Demonstration of task movements for data collection using
the MyoPro exoskeleton. (a) Depicts the horizontal task, where the
user moves their arm laterally. (b) Shows the vertical task, involving
an upward and downward arm motion.

uniform distribution. The function Qo serves as a mixing
mechanism for the agents’ ()-values. It is also important to
note that we view the function for mixing agents’ action
values as a meta-function that can vary from additive forms,
as in Value Decomposition Networks (VDN) [16], to mono-
tonic functions, as in QMIX [17], or more complex meth-
ods, similar to those described in Qtran [18] and weighted
QMIX [19]. A more complex mixer model requires increased
training effort to handle task complexities. However, for
the tasks presented in this study, we observed that simpler
mixer functions, as in VDN, work well. The optimization
of the agents’ Q-functionals aims to minimize the temporal
difference error, erp in (1), thus facilitating the coordination
of agent actions to maximize collective rewards. This training
is conducted centrally using Q, While the determination
of individual agent actions is guided by their Q.

(ii) Updating Learners’ Target Blocks: Our framework,
designed for multi-agent environments with continuous ac-
tion spaces, diverges from standard value-based methods in
updating the target networks. It employs a soft update mech-
anism at each time-step, proven more effective in continuous
action domains instead of periodic updates [20]. This method
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is characterized by incremental adjustments, formalized as:
wrN = TwpN + (1 — T)wrn,

where 7 is a small factor (7 < 1), ensuring improved
stability and effectiveness in such environments.

IV. EXPERIMENTS

For our experiments, we utilize the MyoPro [12], a
lightweight upper-limb exoskeleton with two degrees of
freedom. This wearable device is equipped with four sur-
face electromyography (SEMG) sensors, two placed on the
upper arm and two on the forearm, which detect muscle
activity associated with biceps and triceps engagement. The
exoskeleton’s motor activates when predefined thresholds are
exceeded, providing assistance accordingly. Our approach
focuses on optimizing these threshold values to enhance
ease of use and improve user experience. To evaluate its
effectiveness, we train three models: one for each task
individually and a third designed to generalize across both
tasks.

A. Task Design & Data Collection

We designed two tasks, vertical and horizontal, to capture
two ubiquitous and essential primitive movement patterns.
In the horizontal task, a participant transported an empty
can between two fixed locations on a table, emphasizing
a controlled lateral arm movement. The vertical task re-
quired rotating the arm around a shoulder-originating axis,
mimicking a curling motion. These tasks were selected for
their distinct characteristics: the horizontal task consists of
movements along the horizontal plane, whereas the vertical
task requires movements along the vertical axis, engaging
different muscle groups and movement dynamics. Demon-
stration of both tasks are shown in Fig. 5.

B. Data Collection

To collect data, each task was repeated multiple times with
systematically varying the biceps and triceps effort thresh-

Triceps Effort

bi-th=20, tri-th=50 bi-th=20, tri-th=25
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60 60
40 40
20 20
% 10 20 30 40 50 60 % 10 20 30 40 50 60

Step # Step #

Fig. 6: Visualization of data collected from the vertical task (Fig. 5(b)), showing the relationship between motor angle, biceps effort, and
triceps effort across different step numbers. Each subplot represents a different combination of biceps (bi-th) and triceps (tri-th) effort
thresholds, as indicated in the titles. The red, blue and purple lines represents motor angle, biceps effort, triceps effort, respectively, with
shaded regions indicating the 95% confidence interval. As this task primarily relies on biceps activation, lower biceps threshold values
(e.g., 20) appear to facilitate more efficient movement by reducing the required effort while preserving stability and control.
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Fig. 7: Analysis of data collected from the horizontal task (Fig. 5(a)), illustrating motor angle, biceps and triceps efforts over time for
different biceps (bi-th) and triceps (tri-th) effort thresholds (indicated in the titles). The red line depicts motor angle, while blue and purple
lines correspond to biceps and triceps effort, respectively. Shaded regions indicate the 95% confidence interval, highlighting variability in
the recorded data. Since this task primarily relies on triceps activation, biceps and triceps threshold values (20, 25), respectively, appear
to be the most effective, as they minimize user triceps effort while maintaining smooth movement.

olds. To limit the number of demonstrations and avoid fa-
tigue, these thresholds were manually adjusted in increments
of 5, ranging from 20 to 50. For each threshold combination,
data was collected over 10 episodes, with each episode
lasting approximately 40 seconds. To minimize the effects
of fatigue, the user also took brief rest periods between
episodes. Fig. 6 and Fig. 7 illustrate the data distribution
for selected thresholds in the vertical and horizontal tasks,
respectively, where solid lines represent the average values,
and the shaded area indicates the 95% confidence interval.

C. Results, Insights & Challenges

Preprocessing - We begin by preprocessing the collected
data to ensure it is suitable for training a reinforcement
learning model. The state representation consists of three
variables: (p, Ebiceps, Etriceps), Where p represents the motor
angle, and Epiceps and Eyiceps correspond to the effort levels
for the biceps and triceps, respectively. The action space
consists of adjusting either the biceps threshold, thpiceps,
or the triceps threshold, thyiceps, depending on the assigned
agent. Specifically, the agent responsible for biceps muscle
adjusts thpiceps, and the triceps agent modifies thpiceps-

Reward function design - To guide learning, we define a
reward function for each state-action pair, formulated as:

r= €_d/ c7

where d represents the difference between AFE and the
threshold value of the dominant muscle, and ¢ is a constant.
The objective is to minimize this difference, ensuring that
the exoskeleton provides continuous and adaptive assistance
throughout task execution. By incorporating the exponential
function, we constrain the reward values within the range
[0, 1], maintaining numerical stability and smooth optimiza-
tion during training.

Training - We have trained three models: one for the
horizontal task, one for the vertical task, and one for both
tasks combined. During training, batches were drawn from

the preprocessed dataset, which captures how actions (i.e.,
threshold values) influence new states, such as pose (i.e.,
motor angle) and effort values. Because the dataset already
contains the outcomes of specific state-action pairs, reward
calculation during training requires no additional estimation.
The models are trained to maximize reward values that can
be directly computed using the described reward function, as
all relevant parameters are known, ensuring efficient learning
within the dataset’s constraints.

Findings - Our results highlight the task-dependent nature
of threshold optimization in assistive exoskeletons. Fig. 6
illustrates the findings from the vertical task (Fig. 5(b)),
where movement primarily relies on biceps activation. The
data suggests that lower biceps threshold values (e.g., 20)
facilitate smoother movement by reducing the required effort
while maintaining control. Conversely, Fig. 7 presents results
from the horizontal task (Fig. 5(b), which depends more
on triceps activation. Here, biceps and triceps thresholds of
(20,25), respectively, appear to be the most effective, as
they minimize user effort while ensuring smooth and stable
motion. These insights emphasize the importance of adaptive
tuning to accommodate varying task demands. Even though
the models can dynamically set thresholds for the muscles,
evaluating their performance and comparing them to static
threshold settings presents a significant challenge. When the
models generate new actions (i.e., threshold values), they
may lead to states that are not present in the dataset, making
their outcomes unknown. This issue is further compounded
by the dataset’s limitations—it was collected from a single
participant with threshold increments of only 5, restricting
the ability to assess overall performance comprehensively.
One approach to mitigate this limitation is expanding the
dataset to ensure that generated actions during testing lead
to states already represented in the data. Alternatively, a
transition model could be trained to predict state changes
resulting from new threshold values, as suggested in [21].
Ultimately, the most reliable way to assess the impact of
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dynamic threshold adjustments on user performance in daily
tasks is through real-world testing. Future work should
involve multiple participants and iterative training cycles
incorporating human feedback to refine the models based
on real-world interactions.

V. CONCLUSIONS & FUTURE WORK

This study explored the application of offline reinforce-
ment learning for optimizing effort threshold parameters in a
upper-limb assistive exoskeleton. By leveraging a multi-agent
learning framework with Mixed Q-Functionals (MQF), we
aimed to enable adaptive and data-driven parameter tuning,
reducing the need for manual calibration. Our experimental
results indicate that the proposed approach can learn from
pre-collected data, enabling dynamic adjustments to effort
thresholds that may improve user interaction and control.
However, challenges remain in evaluating model perfor-
mance due to the limitations of offline datasets and the
absence of real-time interaction. Future work will focus on
expanding the dataset with a more diverse participant pool,
integrating transition models to better estimate unseen states,
and conducting real-world user studies to assess the practi-
cal impact of dynamic threshold adjustments. Additionally,
further investigations into task complexity and alternative
adaptive learning techniques will be essential to improving
assistive exoskeleton control in broader applications.
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