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Abstract—With the increasing task scale and dynamic com-
plexity of multi-robot systems in automated production lines,
we design a dynamic distributed task scheduling framework
to accelerate the convergence of the combinatorial optimization
model, which is suitable for time-varying multi-task and multi-
robot scenarios. By integrating an empirical learning model and a
teammate collaboration model, a distributed deep reinforcement
learning algorithm is formulated with a limited number of work-
stations. Each workstation is designed as an independent agent,
interacting with the environment to learn the current allocation
state of robots. Then, a Q-learning network is trained to extract
high-dimensional features from the state and optimize the task
scheduling policy. Besides, a greedy strategy is incorporated
with the Q-learning network to favor actions that show an
increasing trend in Q-values, which enables the algorithm to
prioritize higher-priority tasks when facing resource limitations.
Simulations with three different workload intensities demonstrate
that our algorithm achieves a respective enhancement in overall
performance of 3.50%, 8.16%, and 3.86% compared with the
foundational deep reinforcement learning models.

Index Terms—Multi-robot system, dynamic task scheduling,
distributed deep reinforcement learning.

I. INTRODUCTION

As the intelligent manufacturing industry progresses, multi-
robot systems have been deployed to execute large-scale
tasks in automotive manufacturing [1], [2], agriculture pro-
duction [3], and healthcare [4]. In response to the increasing
complexity of tasks and dynamic environments, the efficient
coordination of a collective of robots to achieve optimal overall
performance has received extensive attention.

The scope of this work belongs to the multi-task multi-
robot scheduling field, which aims to address a multi-objective
optimization problem under time-varying industrial manufac-
ture constraints. A number of studies have been developed
for task scheduling, mainly including exact or approximate
methods [5]. Exact methods implicitly enumerate all possible
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solutions in the solution space through recursively searching.
For instance, Bererton [6] introduced a linear programming
approach with integer constraints to establish a multi-agent
cooperation model. Smriti et al. [7] developed a distributed
Hungarian method to tackle multi-robot routing issues with
spatiotemporal constraints. Approximate methods iteratively
refine feasible solutions via construction, search or evolu-
tionary algorithms [8]. Tuncer et al. [9] enhanced a genetic
algorithm with a novel mutation operator to plan paths for
multi-robot systems. Xia et al. [10] implemented an improved
ant colony algorithm to create a conflict resolution model for
multi-AGV systems. However, these algorithms are expensive
to be computed in dynamic and large-scale robot scenarios.

In recent years, deep reinforcement learning (DRL) has
achieved significant improvements and wide applications [11].
The DRL algorithms combine the advantages of reinforcement
learning and deep neural networks, generating data through
policy network parameters during environmental interactions,
and updating these parameters by the reward feedback mech-
anism. Park er al. [8] adopted a DRL approach and a cross-
attention mechanism to quantify the preference between robots
and tasks. Zhu et al. [12] integrated the DRL technology
into robotic mobile fulfillment systems, enabling the efficient
processing of large-scale orders. With the exponential increase
in task complexity and the number of robots, it is still not yet
to know how to design a dynamic DRL optimization models
with large-scale tasks, and how to establish an efficient col-
laboration scheme between multiple robots, which motivates
the investigation in this work.

In this work, we consider that robots operate in dy-
namic environments with substantial task demands on multi-
workstation assembly lines. A multitude of robots navigate
between a finite set of workstations to fulfill tasks that may
arise at any moment. For each workstation, task generation
is relatively independent, and upon the arrival of the next
task, it can autonomously select an idle and compatible
robot to undertake the task. However, each workstation lacks
direct insight into the choices made by others and can only
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make decisions based on communication with the environment
regarding the current availability of robots, while inferring the
previous selections of other workstations. For the limited and
independent workstations, we design each workstation as an
intelligent agent and consider a distributed deep reinforcement
learning (DDRL) strategy for dynamic task scheduling. Note
that DDRL has been applied in some planning problems.
Muller et al. [13] leveraged distributional RL to capture the
full spectrum of reward outcomes and provided a interpretation
of dopamine responses. Han er al. [14] proposed a potential
function based on DDRL to achieve navigational path tracking
and formation control. The key challenges of this work are
to learn the time-varying task character and the interaction
information between robot and workstations in an optimization
framework, and to implement an efficient distributed multi-
robot collaboration strategy, which can accelerate the network
convergence. The main contributions of this work are summa-
rized as follows:

e A distributed task generation and scheduling model,
constrained by finite resources and time, is formulated
to represent a dynamic set of tasks evolving within a
finite Markov Decision Process. Then, a DDRL approach,
where each workstation independently interacts with the
environment, is designed to achieve the dynamic combi-
natorial optimization. A Q-learning network is developed
to extract state features and optimize the robot allocation,
which is updated with a gradient descent strategy.

o A distributed MaxNextQ scheduling algorithm is de-
signed to facilitate collaboration among workstations
under conditions of time-varying task information. The
action selection policy is refined by integrating the Q-
learning strategy with the e-greedy policy, which favors
exploration in the solution space for more promising
action combinations. Simulation results show that this
algorithm yields the improvement of 3.50%, 8.16% and
3.86% in different workload scenarios, surpassing the
performance of conventional DRL algorithms.

II. PROBLEM STATEMENT

In this section, we develop a mathematical model for multi-
purpose robots operating within automated factory assembly
lines, and subsequently formulate a distributed scheduling
problem to address a constrained optimization task.

A. Distributed Task Generation Model

In industrial manufacturing, robot-assisted operations are
mainly performed on a grand scale under strenuous workloads,
and the number of robots usually far exceeds that of worksta-
tions [15]. Moreover, addressing the task scheduling challenge
requires the strategic to allocate a series of robots, each
equipped with unique capabilities, to traverse among worksta-
tions and effectively accomplish a set of tasks generated from
a limited number of workstations, as in Fig. 1. At the outset, let
the set of workstations and the set of robots in the scenario be
denoted by W and R, respectively. As for workstations, they
share the production line environment and can be informed

Indirect communication

ﬁ% Workstation link between workstations

Robots (with distinct
mechanical configurations)

> Available and capable robot
for the workstation task
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.7 Service Charging Site
4 = .

e

Fig. 1: Illustrative dynamic multi-task multi-robot scenarios.

of the allocation status of robots through communication
devices. However, the tasks they are each responsible for are
independently generated and executed. Thus, we introduce a
distributed task generation model and conduct independent
analyses for each workstation to improve the efficiency of task
scheduling process. Define the set of tasks generated by the
n-th workstation w,, (where w,, € W) as H,,, where the i-th
task is denoted by h, ;. Upon the generation of task h,, ;, its
associated task attributes are simultaneously acquired. These
details, encompassing the initiation time, execution deadline,
duration, and priority, are represented by ts,, ;, tey i, dp ;, and
Pn,i» Tespectively. A higher value of p,,; € {1,2,---, Pyax}
means a greater urgency of the task. Note that tasks are
produced at any moment, thus upcoming tasks are treated as
unpredictable variables.

B. Distributed Task Scheduling Model

Subsequently, the workstations interact with the environ-
ment and consider the selection of a suitable robot, or to forgo
the task. To address this dynamic optimization challenge, it is
essential to initially define the constraints, decision variables,
and the objective function.

1) Time-resource constraints: The robot’s functional ar-
chitecture must be compatible with the task requirements,
and the operational lifespan has to exclude downtime for
charging, malfunctions, and maintenance. By integrating these
two criteria, the time constraints for assigning task h,, ; to
robot 7, (where r,,, € R) can be expressed as:

TSn,i,m Z maX{tSn,i7 a'sn,i,m}v

(D

TEn,i,m S min{temh aen,i,m}7

where asy, ; ,, and ae,, ; ., represent the earliest feasible start
time and the latest permissible end time respectively, while
TS, im and TE, ; ,, represent the real start and end time
of the task execution respectively. Besides, the cumulative
duration required to execute all tasks may surpass the total
unoccupied time for robot set R, indicating the resources
limitation. Define the time required for robot to transition as
dm,n, Which is proportional to the distance between robot 7,
and workstation w,,. Thus, the total time required to complete
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Fig. 2: Schematic of the distributed task generation and
scheduling problem.

task h, ; can be expressed as the sum of task duration and
transition duration:

TEn,i,m - TSn,i,m = dmn + dn,1 (2)

2) Decision variables: In the continuous scheduling time-
line, we segment the total interval T into D € R™ discrete
time units, each of duration 7, as shown in Fig. 2. A smaller
value of 7 corresponds to a more detailed planning granularity
at the expense of increased computational complexity. Then,
the decision variable is defined as the robot selected to execute
the ¢-th task within #,,, represented by oy, i.m, k:

1, if Ay is assigned to
Tm at the k-th round, 3)
0, otherwise.

Om,ink =

3) Objective function: During each round, every worksta-
tion independently make an action selection based on the cur-
rent state, and the latter of two conflicting actions is considered
an invalid action. By optimizing task allocation strategies, the
model is designed to accomplish a greater number of tasks,
prioritize those with higher urgency, and minimize the dispatch
time of robots across various workstations. The distributed
task scheduling model is characterized as a multi-objective
optimization framework:

maximize w, O + Wp nPr, — Wy n D, 4)
subject to (1), (2),

where w,, wp, and wy are weight parameters, and O,, P,
and D,, are the cumulative sum of completed task numbers,
priorities, and the movement time, respectively. On a produc-
tion assembly line, the number of workstations and robots are
M and N, and set H,, contains [, tasks. Then the objective
function is calculated as follows:
M In Emax
On - Z Z Z Om,i,n.k> (5)
m=1i=1 k=1
M I kmax
Pn = Z Z Z Om,i,n,k X Pn,i; (6)
m=1i=1 k=1
In Emax

M
D, = Z Z Z Om,in,k X dm,n- (N

m=1i=1 k=1

Based on the scheduling problem, we aim to address the
following questions in this work:
o How to design an efficient planning algorithm to prioritize
the completion of tasks with higher importance?
o How to achieve distributed robot collaboration scheduling
with only knowledge of the current environment?

III. DISTRIBUTED DEEP Q-LEARNING FOR THE TASK
SCHEDULING ALGORITHM

The robot scheduling problem is regarded as a finite Markov
decision process [16]. In recent years, DRL algorithms have
become prominent in the decision-making optimization field
[17]. When confronted with large-scale tasks, the complexity
of the model increases significantly, resulting in a substantial
slowdown in convergence rates. In this work, we employ
DDRL to execute DRL algorithms in parallel, based on the
relative independence of task generation and execution at each
workstation. Consequently, this methodology enhances the
speed of learning and the ability to manage large-scale issues,
making it well-suited for complex decision-making spaces.

A. Finite Markov Decision Process

The process is represented by a quintuple comprising states,
actions, rewards, discount factors, and learning rates, ex-
pressed as (s,a,r,7v,«) [16]. In the DDRL algorithm, each
workstation acts as an autonomous agent. Therefore, it is
essential to evaluate the global properties of these five key
elements, which are organized as follows:

1) State Space: In each round of robot scheduling, work-
stations make decisions sequentially based on (3), which
entails choosing an unoccupied robot to perform the k-th
task. Subsequently, the state space is updated to reflect the
allocation status of all robots across the entire time scale. This
is represented by an M x D matrix:

Sk,1,1 Sk,1,2 Sk,1,D
S S S
GMxD _ k,2,1 k,2,2 k,2,D g
A = . ) 3
Sk,M,1 Sk,M,2 Sk,M,D

where k represents the scheduling round. Since that the state
space matrix is influenced by the decision at each workstation,
it is considered a global variable. Moreover, the elements of
this matrix correspond to the mappings of decision variables
from all executed decisions:
1, if robot r,, is occupied

at the d-th time unit, ©)]
0, otherwise.

Sk.m,d =

When workstations interact with the
SM xD
P .

2) Action Space:
environment, they observe the identical state space
Nonetheless, the task generation and action selection are ex-
ecuted simultaneously among them, without prior knowledge
or mutual communication. Therefore, the action space is a
distributed variable, which can be expressed as:

m, if r,, is selected for h,, ;,
’ (10)

An im = . .
o 0, if Ay, is forgone.
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Fig. 3: Structural diagram of Deep Q-Network.

Considering the lack of differentiation among the available
execution time slots for the chosen robot 7,,, this algorithm
prioritizes selecting the earliest continuous units for task
execution. Subsequently, the state matrix, as outlined in (8),
is updated accordingly.

3) Reward function: At workstation w,, the reward func-
tion, representing the feedback signal received by the state
matrix after the action execution, is also a distributed variable.
According to (4), we are intended to save energy resources
and allocate tasks as rationally as possible. Consequently, the
reward function can be designed accordingly as:

Y

4) Deep Q-Network: Discount factors v and learning rates
« are both distributed parameters across the Q-learning algo-
rithm. @, (S, a) assesses the value assigned to the next action
based on the current state and the Q-tables are computed
through the Bellman equation [18], thereby determining the
optimal action selection strategy. At round k, the workstation
w,, selects a robot 7, based on the current task and evaluates
the value of this choice through:

Qnsot1(Sks ar) =(1 — @)Qu 1 (Sk, ar) + o [r(Sk, ar)
+7 maax Qn,k(5k+1, ak+1)] .

T(Sk, an,i’m) = wSL + prk — wgDy,.

12)

In this work, we introduce Deep Q-Networks in a distributed
manner for each workstation to calculate Q-values, simulating
the process of each workstation interacting independently with
the environment to learn optimal strategies. The structural
diagram of these networks is depicted in Fig. 3. Given that
each workstation observes the environment synchronously
and selects actions in parallel, this work has constructed
neural networks with identical structure but distinct parameters
for each workstation. Concretely, the networks accept the
state matrix Sy as input and produces Q-value as output.
Firstly, the state matrix is padded with zeros to adjust the
dimensions of the input data. Secondly, a series of three 1D
convolutional layers progressively diminish the input length
while augmenting the feature channels, facilitating feature
extraction and transformation. These features derived from the
convolutional layers are then flattened and integrated through
dense, fully connected layers. Ultimately, the fully connected
layers generate the final Q-values utilized for action evaluation
within the scheduling problem.

Algorithm 1 The MaxNextQ Scheduling Algorithm
Input: learning rate «, discount rate -, exploration rate €, net-
work weights 6, current state S

1: Initialize Ly, Lo,---, Ly and L to be empty lists;
2: for workstationn =1,..., N do

3:  Initialize the possible action A, = {0,1,--- , M};
4 for action a,, € A,, do

5: if a, = argmaxpea, Qn(S,0) then

6 L, + a,;

7 end if

8 end for

9: end for

10: for (ay, - ,any) € L1 X -+ x Ly do

11:  if a,, is not conflict with a,,_; then

12: S T(S,an);

13:  end if

14:  maxNextQ = maxQ(S’,dl, -
determined following steps [4:8];

/ / :
,al) where a), is

15 if Q(S,a1,--- ,an) < mazNeztQ then

16: L<—(a1,---,aN);

17:  end if

18: end for

19: if L is not empty then

20:  Choose a random action pair for (ay,--- ,an) € L;

21: else

22:  Choose a random action pair for (aq, -+ ,an) € L1 X

23: end if

24: for workstationn =1,..., N do

25:  if the e-greedy policy chooses to explore at workstation
n then

26: Replace a,, with a random action in {0,1,--- , M};

27:  end if

28: end for

Output: action pairs (ag,- - ,ay) under the state S

B. The DDRL Algorithm

After identifying the five key elements mentioned above, we
construct and resolve the task scheduling optimization problem
in accordance with the flowchart outlined in Algorithm 1.

In the DDRL framework, devising an appropriate action
selection algorithm is a pivotal task. The computation of Q-
values evaluates the quality of action choices in the current
state. However, rather than merely opting for the action with
the maximal Q-value, a more efficient decision is to identify
actions that exhibit potential for future Q-value enhancement,
suggesting an upward trend in Q-values for future decisions.
Based on [19], we design a distributed MaxNextQ scheduling
algorithm integrated with an e-greedy policy, to achieve the
optimal scheduling performance.

The lists Ly, Lo, -+, Ly store the set of actions with the
maximum Q-values in the current state, while the list L stores
the combinations of actions from the aforementioned lists
that exhibit a Q-values increase in the next round. After all
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workstations simultaneously observe the environmental state,
the decision to explore or exploit is determined based on the
e-greedy strategy:

am,TM, With probability 1 — ¢,
Ay = where a,, 7 in steps[19:23], (13)
m R, otherwise, where a,, r ~ R(A),

where R(A) represents a function for random action selection.
This approach ensures sufficient exploration during the initial
phases and favors actions that lead to increases in Q-values,
thus effectively pursuing optimization objectives.

In the updating phase, an experience replay mechanism is
employed as well. For workstation w,,, experience pools D,
are established distributedly to archive experiences consisting
of past states, actions, and rewards. The corresponding deep
neutral network then extracts a batch of experiences from D,,,
and compute the Q-value estimate y. Meanwhile, the Q-value
target ¢ is calculated by (12). Thus, the network parameters
are iteratively refined using the gradient descent optimization
method:

0D 0 — aV 0, L (9;”) : (14)
where | € {1,..., L} represents the iteration time, and L is
the lost function used to evaluate the difference between the
actual output y and the predicted output 3.

IV. EXPERIMENT RESULTS

To verify the validity of the proposed DDRL algorithm,
we simulate a multi-robot task scheduling environment via
Python in this section and perform a comparative analysis of
the outcomes generated by the DDRL and DRL algorithms
under same input conditions and constraints.

A. Parameter Setting

Firstly, we construct a deep neural network based on the Py-
Torch framework, as depicted in Fig. 3, for valuing action-state
pairs and gradually optimizing the decision-making policy
through experiential learning. In the forward propagation path-
way of this network, the robot’s allocation state is inputted,
reshaped, and sequentially passed through three convolutional
layers: the first convolutional layer (convl) has 32 filters and
a stride of 4, the second (conv2) has 64 filters and a stride
of 2, and the third (conv3) has 64 filters with a stride of
1. Collectively, these convolutional operations extract multi-
level features from the input state, progressively reducing
the dimensionality through downsampling. Subsequently, the
features are passed through two fully connected layers: the first
(fcl) projects the features into a higher-dimensional space with
512 neurons to augment the model’s representational capacity,
and the second (fc2) outputs a single value representing the
estimated value of an action. A rectified linear unit (ReLU)
activation function is applied after each convolutional and
fully connected layer to introduce nonlinear characteristics
and prevent the vanishing gradient problem. Furthermore,
the detailed parameters of the model, after fine-tuning, are
presented in Table 1.

Final Scores over 10 Trials Final Numbers of Executed Tasks

Individual trials Individual trials

—— Mean of 10 trials —— Mean of 10 trials

1400

Final Score
Number of Executed Tasks

% ) & ) % o
Training Step Training Step

Fig. 4: DDRL Algorithm Performance. The dashed lines
illustrate the results of individual simulations, while the solid
lines illustrate the average outcomes across the ten simulations.

TABLE I: Hyperparameters in the DDRL Algorithm

Parameter  Value Meaning
L 60 Iteration size
B 200 Batch size
RM 300 Replay memory size
a 10—4 Learning rate
¥ 0.99 Discount factor
€0 1 Initial exploration rate
€1 103 Ultimate exploration rate

B. Performance Comparison

During the simulation phase, the scheduling time scale is
confined to 10 minutes, segmented into 120 discrete time units,
each lasting 5 seconds. Within this framework, we simulate a
scheduling system composed of 3 workstations and 32 robots.
Each workstation independently generates tasks and their asso-
ciated attributes across the 120 time units. We then employ the
DDRL algorithm to optimize task allocation for ten repeated
times in the same experimental scenario to mitigate the errors
introduced by the algorithm’s stochastic nature. The outcomes,
including the cumulative scores and the total number of tasks
across all iterations, are graphically represented in Fig. 4.
Across the initial 55 iterations, the learning curves for the
final scores and numbers display a sustained upward trajectory
with small fluctuations, indicating the model’s exploration
phase. Following this, from iterations 55 to 60, the output
results exhibit a trend towards stabilization, indicating the
model’s exploitation phase. These results successfully verify
the capability of DDRL algorithm to converge to a stable state
subsequent to the learning of the optimal policy.

Then, we simulate different scenarios by varying the robot-
to-workstation ratio and record the performances of the al-
gorithms across ten repeated experiments. In each scenario,
we conduct comparative tests using both DDRL and DRL
algorithms under the same constraints and task inputs. The
optimization results via two algorithms under varying work-
loads are visually presented in Fig. 5. Across the three depicted
scenarios, the trend lines of both algorithms are initially
comparable; however, after the 30th iteration, the DDRL
algorithm exhibited enhanced learning capabilities, leading to
a certain degree of improvement in both task numbers and task
scores. Aggregated results from 60 simulations indicate that

Authorized licensed use limited to: Chandigarh University. Downloaded on October 04,2026 at 22:19:36 UTC from IEEE Xplore. Restrictions apply.



Final Scores over 10 Trials

Final Numbers of Executed Tasks

1500
220
1500
P
%
1400 £ 200
=
£ 1300 £
5 3 0
@ =
— 120 o
8 5
= i o
—— Median (DRL) 8 —— Median (DRL)
1000 —— Median (DDRL) EPS —— Median (DDRL)
10%-90% (DRL) z 10%-90% (DRL)
900 10%-90% (DDRL) - 10%-90% (DDRL)
] o ) E) & EY E) T ) E) o E) @
Training Step Training Step
(2)
Final Scores over 10 Trials Final Numbers of Executed Tasks
1500
200
P
1100 2
&
© 2
s E]
g oo § o
R [
£ S !
1000 —— Median (DRL) 2 —— Median (DRL)
w00 —— Median (DDRL) | E —— Median (DDRL)
120
10%-90% (DRL) | < 10%-90% (DRL)
s 10%-90% (DDRL) 10%-90% (DDRL)
100
3 To ) ) ) o E) T B ) o E) £
Training Step Training Step
Final Scores over 10 Trials Final Numbers of Executed Tasks
200
16500 £
B
© B
S 1400 ER
3 8
@ =
= o 150
8 5
B~ 1200 =
—— Median (DRL) B —— Median (DRL)
—— Median (DDRL) £ —— Median (DDRL)
1000 10%-90% (DRL) Z 10 10%-90% (DRL)
10%-90% (DDRL) 10%-90% (DDRL)
120

] T 50

o B e
Training Step

T £ £

0 ) o
Training Step

of the diverse preferences for robot types at each workstation.
Additionally, we enhanced the greedy algorithm by incorpo-
rating the MaxNextQ scheduling algorithm, which empowers
the model to identify and select more promising actions. Our
future work will focus on further refining the action selection
strategies to facilitate swifter decision-making and execution.
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