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Abstract—Human–Robot Collaboration (HRC) has become
a key enabler of productivity, adaptability, and improved er-
gonomics in modern manufacturing environments. Despite this,
many existing task allocation strategies for HRC are based on
restrictive assumptions and rely on static or heuristic methods
that limit their ability to cope with human variability and
human factors, such as stress and work-load. In this work, we
explore the use of value-based Reinforcement Learning (RL) for
online task scheduling in a collaborative assembly context. We
developed a simulated two different simulated setups. The first
setup assessed the ability of the RL scheduler to optimize system
performance under conditions of high variability in human
execution. In the second setup, we modeled the operator’s stress
level and incorporated it directly into the objective function
optimized by the RL agent. Results from the first setup indicate
that the RL agent can effectively adapt task allocation in
response to fluctuating human performance. Meanwhile, the
second setup demonstrates the agent’s capacity to balance
productivity with operator well-being by explicitly trading off
performance and stress.

I. INTRODUCTION

Modern manufacturing systems are characterized by in-
creasing product variability, shorter production cycles, and
stringent efficiency requirements, which place significant
demands on assembly operations. These processes require
precise coordination of multiple tasks involving heteroge-
neous components, often under dynamic and uncertain con-
ditions. Despite advances in automation, many assembly
activities still require human intervention due to the need for
adaptability, dexterity, and decision-making capabilities that
remain difficult to fully replicate with autonomous systems
[1], [2]. Consequently, Human–Robot Collaboration (HRC)
has emerged as a key paradigm in advanced manufacturing,
leveraging the complementary strengths of humans and col-
laborative robots (cobots) to enhance productivity, flexibility,
and operational robustness [3], [4].

A critical challenge in HRC environments lies in the
efficient allocation and scheduling of tasks between human
operators and robots. Conventional approaches typically rely
on static scheduling methods defined prior to execution,
assuming predictable system behavior and stable human
performance. However, such approaches fail to account for
real-time variability arising from human fatigue, performance
fluctuations, or unforeseen operational disturbances, which
can negatively impact both productivity and worker well-
being [5], [6], [7], [8]. To address these limitations, recent
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research has increasingly focused on dynamic task allocation
strategies capable of adapting to changing system conditions.

Machine Learning (ML) techniques, and Reinforcement
Learning (RL) in particular, have demonstrated strong poten-
tial for enabling adaptive and autonomous decision-making
in complex HRC systems, and in general in dynamic task
scheduling [9]. By learning optimal policies through inter-
action with the environment, RL can effectively manage
large state and action spaces while accounting for uncertainty
and variability inherent to human-in-the-loop processes [10],
[11].

Building upon this paradigm, this paper proposes a Deep
Reinforcement Learning–based task scheduling framework
for HRC assembly environments. We considered as a case
study the assembly of color sample folders. We formu-
lated the scheduling problem as a Markov Decision Process
(MDP) and implemented a simulator of the environment. Our
experiments considered two setups. In the first, we evaluated
the ability of the RL policy to adapt to variable human
performance, exploring different levels of uncertainty—from
mild variability to highly fluctuating behaviors modeled
through bimodal distributions. In the second scenario, we ad-
ditionally simulated the operator’s stress level by introducing
into the MDP a simple model, linear with respect to work
and rest time. This signal was provided both to the policy
and to the reward function, enabling the agent to learn a
strategy that balances performance with operator well-being.
In the first scenario, we compared the RL scheduler with
an optimal static scheduler, while in the second we adopted
a heuristic derived from the optimal solution. Results from
both scenarios confirm the effectiveness of our approach.

II. PROBLEM FORMULATION & RELATED WORKS

A. Problem formulation

This work builds on the same framework described in [12]
and serves as its direct continuation, focusing on human in-
volvement in HRC systems. Human participation introduces
inherent variability, as individual performance fluctuates due
to factors such as fatigue, skill level, and cognitive workload.
This variability complicates system modeling, prediction,
and optimization, thereby highlighting the need for adaptive
policies capable of responding to dynamic human behavior.
The objective of this study is to derive an optimal task
scheduling policy for collaborative assembly applications
by means of model-free RL. Two optimization setups are
considered. In the first the policy aims to minimize the total
assembly completion time while explicitly accounting for
the stochastic nature of human task execution. In the second



Fig. 1: Allocation table with task IDs. Blue: tasks
the operator can perform; Orange: tasks the cobot can
perform.

the objective is extended to minimize a composite objective
function that incorporates both the total completion time and
the stress level experienced by the human operator.

The proposed approach is evaluated using a case study
involving the assembly of color sample folders, but it can be
easily extended to other HRC tasks. These folders consist of
one or more sheets onto which material samples are attached
at predefined locations. In the considered HRC setup, a
collaborative robot assists a human operator at a shared
workstation in assembling mosaic tile sample sheets. Each
experimental trial involves the completion of 20 assembly
tasks characterized by different levels of complexity and
execution times. Task allocation is defined according to fea-
sibility and operational constraints, resulting in a predefined
assignment in which both the human operator and the cobot
are capable of performing 13 tasks each, as specified in the
allocation table (Figure 1). Certain tasks are restricted to a
single agent due to ergonomic or technological limitations.

The considered assembly process is repetitive and cog-
nitively demanding, requiring accurate sample identification
and precise placement. Consequently, variability arises both
across different operators and within the same operator over
time, due to differences in skill, experience, and fatigue.
Furthermore, task allocation constraints limit the set of
operations that can be performed by each agent. These char-
acteristics make the considered application representative
of real-world collaborative assembly systems and suitable
for evaluating adaptive scheduling policies in HRC environ-
ments.

B. Related works

Early approaches to task allocation in HRC largely relied
on deterministic optimization frameworks derived from clas-
sical scheduling theory. In these formulations, the allocation
problem was modeled as a constrained optimization task
aimed at minimizing performance metrics such as makespan,
operational cost, or workload imbalance, while respecting
feasibility constraints on agent capabilities [13], [14], [15].
Although these methods could generate theoretically optimal

allocations under predefined assumptions, they inherently
depended on accurate prior knowledge of task durations and
stable human performance. Such assumptions rarely hold in
real manufacturing environments, where human efficiency
evolves over time due to fatigue, learning, or variability, and
where unexpected disruptions such as equipment failures or
quality deviations may arise [16]. Consequently, static sched-
ules often lose optimality during execution and may even
become impractical, highlighting the need for more flexi-
ble allocation strategies [17]. To address these limitations,
researchers have explored dynamic scheduling approaches
that adjust decisions based on real-time system feedback.
These methods improve adaptability but are frequently based
on heuristic rules, whose design requires expert knowledge
and whose performance may degrade when system com-
plexity increases or operating conditions change significantly
[18], [19]. More recently, artificial intelligence techniques
have emerged as promising alternatives for handling the
uncertainty and stochastic nature of HRC systems. Unlike
traditional rule-based approaches, these methods enable the
automatic derivation of allocation policies directly from data
or interaction with the environment.

One line of research has applied supervised learning
techniques, including neural networks, to learn mappings
between system states and scheduling decisions. Early stud-
ies demonstrated that neural networks could approximate
scheduling policies by learning from historical production
data, using input features such as processing times, due
dates, and system load to predict task priorities or alloca-
tion decisions[20] and [21]. However, the effectiveness of
supervised learning strongly depends on the availability of
representative and high-quality labeled datasets. In highly
dynamic HRC environments, where conditions continuously
evolve, historical data may fail to capture all relevant scenar-
ios, limiting the generalization capability of these models.

Reinforcement Learning offers a more flexible paradigm
by enabling agents to learn allocation strategies through
interaction and feedback rather than relying solely on pre-
defined datasets. In the context of human–machine man-
ufacturing systems, [5] proposed a deep RL framework
capable of learning allocation policies that implicitly account
for human-related variability, including differences in skill
and fatigue, through training in simulated environments.
Similarly, [3] introduced an RL-based task allocation method
for collaborative assembly, incorporating models of human
fatigue and stochasticity to better capture real-world dynam-
ics. Their results demonstrated that adaptive RL policies
can improve both system efficiency and responsiveness com-
pared to static or heuristic approaches. [22] proposes a task
scheduling algorithm based on a deep RL architecture to
dynamically schedule tasks with precedence relationship to
cloud servers to minimize the task execution time.

Building on these developments, the present work demon-
strates that a relatively simple RL-based approach can ef-
fectively address task allocation challenges in HRC systems
characterized by dynamic and uncertain operating conditions,
while maintaining robustness and adaptability.



III. PROPOSED APPROACH

A. MDP formulation

The considered HRC scheduling problem is formulated as
a Markov Decision Process (MDP), where the environment
is characterized by a state space and an action space, summa-
rized in Table I. The state representation includes information
about task completion, task assignment, execution character-
istics, and the human operator’s stress level (if considered)
for both the robot and the human operator.

Specifically, the vectors ρdone and ωdone are encoded as
multi-hot representations that capture which tasks remain
available, which tasks have already been completed, and
by whom. The variables ρscheduled and ωscheduled identify
the task currently assigned to the robot and the human
operator, respectively. These variables take values in the
corresponding feasible task sets, denoted by Ptasks for the
robot and Ωtasks for the human operator. A null value
indicates that the corresponding agent is idle and ready to
receive a new assignment. Furthermore, ρtimes and ωtimes

represent the task execution durations for the robot and the
operator. Robot execution times are deterministic and fixed,
whereas operator execution times are stochastic and sampled
from probability distributions estimated from experimental
observations. These distributions were obtained through an
experimental campaign and reflect the intrinsic variability of
human performance. Although execution times are sampled
at the beginning of each episode to ensure realistic simulation
dynamics, they are not included in the agent’s observation
space and therefore do not directly influence the learned
policy.
The decision process evolves in discrete timesteps, where
each step corresponds to the execution of a single task by
either the robot or the human operator. Therefore, at each
timestep t, the agent observes the current system state and
selects an action at that assigns a new task to the available
agent, with the objective of optimizing the scheduling policy
over time.

To model operator stress, a scalar stress variable Λt is
introduced, whose evolution follows a linear accumulation

TABLE I: The state space and the action space.

State Space

ρdone ∥ completed tasks by robot {0, 1}13

ωdone ∥ completed tasks by operator {0, 1}13

ρscheduled ∥ still in progress task by robot Ptasks

ωscheduled ∥ still in progress task by operator Ωtasks

ρtimes ∥ robot’s task execution times R13

ωtimes ∥ operator’s task execution times R13

Λ ∥ operator’s stress level [0, 1]

Action Space

a ∥ next task to be scheduled {1, 2, ..., 20}
R ∥ rest task (only in stress scenario) 0

model:

Λt+1 = Λt + λ ·∆at
, (1)

where λ > 0 is a scaling parameter and ∆at
denotes the

execution duration of the task associated with action at.
In the stress-aware scenario, the action space is extended

to include optional rest periods for the human operator. After
completing all tasks in a cycle, the scheduler may assign a
fixed one-minute recovery period, during which the operator
stress level is reduced by a factor η > 0, thereby enabling
the policy to balance productivity and operator well-being
over repeated task sequences.

An iteration corresponds to the completion of the full
set of 20 tasks. The definition of an episode depends on
whether operator stress is considered. In the absence of
stress modeling (first setup), an episode corresponds to an
iteration. When stress is incorporated (second setup), the
episode consists of 15 consecutive iterations, enabling the
modeling of cumulative stress effects.

The reward function is defined to encourage efficient task
completion. In the baseline scenario, the reward at each time
step is proportional to the negative task duration:

rt+1 = −∆at
. (2)

When stress is explicitly considered, an additional penalty
term is introduced to discourage excessive stress accumula-
tion:

rt+1 = −∆at
− β · (Λt+1 − Λ∗) · 1{Λt+1 ≥ Λ∗}, (3)

where β > 0 is a weighting coefficient, Λ∗ is a predefined
stress threshold, and 1{·} denotes the indicator function.

Under this reward formulation and assuming a discount
factor γ = 1, maximizing the expected return in the first
setup corresponds to minimizing the total episode completion
time. In the second setup, the optimization objective balances
assembly efficiency and operator well-being by minimizing a
weighted combination of completion time and stress-related
penalties.

B. Deep-RL Algorithm

To learn an optimal scheduling policy we leverage
Deep Q-Network (DQN) [23] (Figure 2), in particular
we adopt the Double DQN (DDQN) algorithm [24], a
value-based Reinforcement Learning method designed to
improve the stability and accuracy of action-value esti-
mation. The neural network approximates the action-value
function Q(s, a) by taking as input the observation vector
o = [ρdone,ωdone, ρscheduled,ωscheduled, ρtimes,Λ], which
encodes task completion status, current assignments, execu-
tion characteristics, and, when applicable, the operator stress
level. The network produces as output the estimated Q-values
corresponding to all feasible task assignments available at the
current decision step.



State

Agent

Environment

Reward

Observe state

Action

DQN( )

Masking

Fig. 2: A diagram of the Deep Q-Network algorithm.

When nonlinear function approximators such as deep neu-
ral networks are used, standard Q-learning may suffer from
instability and systematic overestimation of action values.
This issue arises because the same network is used both
to select and evaluate the maximizing action when com-
puting the temporal-difference target. The DDQN algorithm
addresses this limitation by decoupling action selection from
action evaluation through the use of two separate networks:
an online network with parameters θ and a target network
with parameters θ′. The online network selects the action
that maximizes the estimated value, while the target network
evaluates that action to compute the learning target. The
resulting loss function is defined as

L(θ) = [r + γmax
at+1

Qθ′ (st+1, at+1)−Qθ(st, at)]
2, (4)

where at+1 = argmaxa′ Qθ(st+1, a
′) and γ denotes the

discount factor. To further improve learning stability, the tar-
get network parameters are periodically adjusted toward the
online network parameters using a soft update mechanism:
θ′ ← τθ+(1−τ)θ′, where τ ≪ 1 controls the update rate. It
is also used a linear ε decay scheduler for action selection to
control the exploration-exploitation trade-off during training.
A key advantage of the value-based formulation is the abil-
ity to directly enforce feasibility constraints through action
masking. Specifically, at each decision step, only valid task
assignments are considered. Tasks that have already been
completed, tasks currently in execution, or tasks that are
infeasible for a given agent due to operational constraints
are excluded by masking their corresponding Q-values prior
to action selection. This ensures that the learned policy
operates within the admissible scheduling space throughout
the episode. The hyperparameters used to train the DDQN
model are summarized in Table II.

IV. EXPERIMENTS

The experiments were conducted to investigate whether
a Deep-RL algorithm can ensure an efficient, reliable and
adaptive scheduling policy in a complicated and dynamic
HRC environment in two different setups. We focused only

TABLE II: Hyperparameters.

Hyperparameter Value

Neural network 2×[32,ReLU]

Learning rate 1× 10−3

Replay buffer size 1× 105

Training episodes in the first setup 6000

Training episodes in the second setup 500

Batch size 128

Discount factor γ 1

Soft update weight τ 1× 10−3

Initial exploration probability ε 1

Final exploration probability ε 0.05

Iterations for linear ε decay (1), (2), (4) 2600

Iterations for linear ε decay (3) 3000

Stress level coefficient λ 0.02

Stress reward coefficient β 100

Stress reward threshold Λ∗ 0.6

Stress relief factor η 0.1

on the cooperation between one cobot, whose execution
times are considered deterministic for all its 13 tasks, and
a single human operator. To simulate a realistic and di-
verse human behavior, we ran multiple experiments using
an operator profile, characterized by a distribution of task
execution times based on the data we collected during the
experimental campaign. These values were used to sample,
by means of a normal distribution, individual execution times
for each task, introducing variability and uncertainty in the
human performance. The nominal task execution times are
used as means of the Gaussian distributions, while standard
deviations σ = 0.05 and σ = 0.2 are used for the low
variance and high variance scenarios, respectively.

The first setup comprises three different scenarios:
• (1) low variance Gaussian distributions without consid-

ering the operator’s stress level;
• (2) high variance Gaussian distributions without consid-

ering the operator’s stress level;
• (3) low variance Gaussian distributions with a mixture

of two low variance Gaussian distributions for a com-
mon task without considering the operator’s stress level.
Concerning the common task whose execution time is
sampled from a mixture of two Gaussian distributions,
the execution time is sampled with a probability of
90% from a “faster” Gaussian distribution and with 10%
probability from a “slower” Gaussian distribution, with
a difference of one minute between the means of the
two normal distributions.

The second setup includes a single scenario:
• (4) low variance Gaussian distributions considering the

operator’s stress level.
The goal of our DDQN agent is to learn an efficient



Fig. 3: Distribution of total execution time for the
deterministic scheduler and the RL scheduler in (1).
Orange line: median total execution time. Blue dashed
line: average total execution time.

scheduling policy that appropriately allocates tasks between
the robot and the human operator, taking into account the
stochastic nature of human labor. The RL scheduler is eval-
uated against an optimal deterministic scheduler, obtained
assuming deterministic execution times, equal to the nominal
ones. Generally, the RL scheduler manages the randomness
of human operator task times in a better way, considering
both the mean times and the number of outliers of the
execution times using the two schedulers. The evaluations
are done over 1000 episodes.

A. Results without stress

In (1) the deterministic scheduler and the RL scheduler
have similar performance (Figure 3). This is due to the low
variability of the operator’s execution times, that are similar
to the nominal ones. In (2) (Figure 4) the deterministic
scheduler struggles to handle the higher variance of human
operator’s execution times, resulting in a large number of
outliers. On the other hand, the RL scheduler manages suc-
cessfully the randomness of execution times. In (3) (Figure
5) the increased variability of a chosen common task makes
the deterministic scheduler less effective, leading to a great
number of outliers.

B. Results with stress

Results related to (4) are illustrated in Figures 6 and 7.
We use as deterministic scheduler the optimal deterministic
scheduler with the addition of the heuristic that it automat-
ically selects the “Rest” task when it exceeds the stress
threshold Λ∗. Although the RL scheduler requires longer
execution times per iteration than the deterministic scheduler,
it effectively reduces the stress level, being successful in
keeping it below the stress threshold. This suggests improved
adaptability and overall system efficiency.

Fig. 4: Distribution of total execution time for the
deterministic scheduler and the RL scheduler in (2).
Orange line: median total execution time. Blue dashed
line: average total execution time.

Fig. 5: Distribution of total execution time for the
deterministic scheduler and the RL scheduler in (3).
Orange line: median total execution time. Blue dashed
line: average total execution time.

Fig. 6: Median total execution time per iteration in (4)
for the deterministic scheduler and the RL scheduler.
The shaded area corresponds to the interquartile range.



Fig. 7: Median stress level per iteration in (4) for
the deterministic scheduler and the RL scheduler. The
shaded area corresponds to the interquartile range.

V. CONCLUSION

This work presents a value-based Reinforcement Learn-
ing approach to address dynamic task scheduling in Hu-
man–Robot Collaboration. The proposed method demon-
strates clear advantages over static and simple heuristic
scheduling strategies, particularly in its ability to adapt to
variations in human behavior. The learned scheduling policy
achieves optimal performance within the considered HRC
framework and shows potential for extension to more diverse
application scenarios.
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