
Open Access Research Article

Policy-gradient scheduling optimisation under 
multi-skill constraints: A comparative study on 
computational algorithms
Yanquan Zhang1, Ruidong Chang1,*, Hossein Omrany1, Jian Zuo1, Jane Burry1, Ning Gu2

1School of Architecture and Civil Engineering, University of Adelaide, Adelaide 5000, Australia.
2Australian Research Centre for Interactive and Virtual Environments, University of South Australia, Adelaide 5000, Australia.

*Correspondence to: Ruidong Chang, School of Architecture and Civil Engineering, University of Adelaide, Adelaide 5000, Australia. E-mail: 
ruidong.chang@adelaide.edu.au

Received: August 26, 2025  Accepted: November 04, 2025  Published: November 10, 2025

Cite this article: Zhang Y, Chang R, Omrany H, Zuo J, Burry J, Gu N. Policy-gradient scheduling optimisation under multi-skill constraints: A 
comparative study on computational algorithms. J Build Des Environ. 2025;3:202571. https://doi.org/10.70401/jbde.2025.0017

Abstract
Effective scheduling in construction projects increasingly depends on allocating scarce multi-skilled labour under strict precedence and 
capacity constraints. Reinforcement learning (RL) techniques have presented outstanding performances in addressing Resource Constrained 
Project Scheduling Problem (RCPSP) instances. However, studies are lacking that utilise RL algorithms in solving extended RCPSP like the 
Multi-Skilled RCPSP (MSRCPSP). MSRCPSP is a nondeterministic polynomial time (NP)-hard problem that enables activity start times and 
allocation of multi-skilled resources to be determined simultaneously. Unlike the classical RCPSP, each activity specifies explicit skill 
requirements rather than anonymous capacity units. This study formulates scheduling as a Markov decision process and compares five 
optimisation agents, including the genetic algorithm, particle swarm optimisation, black-winged kite algorithm, deep Q-Network (DQN), and 
proximal policy optimisation (PPO), on benchmark instances from the MSLIB library. The results showed that solutions produced by PPO and 
DQN concentrate near the reference optima. PPO, in particular, attains the largest number of optimal or near-optimal schedules and the 
shortest makespans. In several instances, the deep reinforcement learning (DRL) agents also outperform the benchmark solutions, plausibly 
because CPLEX, constrained by a 60-second time limit, returns suboptimal solutions. Overall, the comparative results provide a practical 
benchmark of widely used heuristics and metaheuristics against DRL baselines, offering guidance for future algorithm selection and 
hybridisation for MSRCPSP.
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1. Introduction
Scheduling is a significant part of project management, since it measures the timeline and resources required for a project. The 
construction industry faces persistent scheduling challenges under tight resource constraints and specialised skill requirements. 
Over 70% of construction projects experience delays, and 75% of those run more than 50% over budget due to scheduling delays[1-3]. 
Therefore, it is crucial for companies to manage projects and scheduling effectively.

Resource-constrained progress scheduling problem (RCPSP), as a critical section of project scheduling that optimises project 
schedules considering task precedence and resource availability[4-6], has attracted wide discussion since the late 1960s[7]. All tasks 
require various quantities of resources for completion, where resources are limited[8]. In more realistic situations, the handled skill 
types and levels can also vary among resources such as workers. Construction projects must coordinate multi-skilled labour teams 
and equipment under precedence and timing constraints to avoid costly downtime and delays. This motivates the development of 
advanced scheduling solutions that can handle resource limitations and skill dependencies inherent in real-world construction 
projects. To achieve this, researchers extend the classic RCPSP to the more realistic Multi-Skill Resource-Constrained Project 
Scheduling Problem (MSRCPSP). In MSRCPSP, the implementation of activities requires skills and resources that refer to workers and 
equipment. Each individual possesses a specific set of skills that can be applied to activities that require these[9,10]. MSRCPSP is a 
nondeterministic polynomial time (NP)-hard problem, and its complexity increases with the number of possible combinations of 
skill-resource allocation schemes and scheduling decisions[11,12]. The problem was first addressed in the early 2000s, with pioneering 
research conducted in different fields of project scheduling. For example, considering that scheduling with a limited number of 
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skilled labour is a major challenge in almost all construction projects, Hegazy et al. proposed a multi-skill labour scheduling heuristic 
algorithm that alleviates resource bottlenecks by allocating idle labour[13]. Besides, the studies performed by Bellenguez-Morineau 
and Néron in the field of operations research laid the foundations for adopting exact algorithms to solve MSRCPSP by proposing 
branch-to-bound techniques to handle skill substitution and avoid resource subset enumeration[11,14,15]. Researchers have explored 
diverse approaches for solving MSRCPSP since, from mathematical optimisation to metaheuristics, where deterministic methods and 
heuristics attract more attention because of the computational complexity of the multi-skill variant[16].

Notably, there is a lack of research that has utilised deep reinforcement learning (DRL) techniques to solve MSRCPSP. Besides, as 
claimed by Cai et al., there is a high potential to apply DRL methods to static and dynamic RCPSP with different variant types, such as 
MSRCPSP[17]. Therefore, in this study, a DRL framework is developed for solving MSRCPSP. Our research approach formulates the 
project scheduling process as a Markov Decision Process (MDP) in which a learning agent makes scheduling decisions, for instance, 
selecting the next activity to start and allocating appropriate skilled resources at each time step. The integrated DRL allows the agent 
to learn from trial and error, thereby understanding the scheduling policy and constructing high-quality schedules. To investigate the 
efficiency of rreinforcement learning (RL)- and DRL-based techniques in solving MSRCPSP, we selected five representative algorithms 
to optimise the scheduling policy, including genetic algorithm (GA)[18-20], Particle Swarm Optimisation (PSO)[21-22], Black-Winged Kite 
Algorithm (BKA)[23-25], Deep Q-Network (DQN)[26], and Proximal Policy Optimisation (PPO)[27-29], and compared the scheduling results 
from the five approaches. While previous studies[17] also compared the performance of a PPO-based agent against other algorithms in 
solving scheduling problems, most of them did not consider the additional multi-skill variants in practical project instances, which 
can increase the complexity of RCPSP. Besides, the five representative optimisation algorithms included in this study have not been 
compared in other studies in the research domain of scheduling optimisation. The agents are trained and tested using the instances 
provided in the series of MSLIB benchmark datasets.

The main contributions of this study are listed below:

1. A unified MSRCPSP benchmarking framework is proposed, which integrates GA, PSO, BKA, DQN, and PPO within a common 
decoder, objective, and constraint handling.

2. The solution comparison of the five integrated agents is performed. Experiments show that PPO outperforms the other four 
algorithms in solving MSRCPSP and has the capability to provide satisfactory scheduling solutions and good generalisation 
performance.

The remaining sections of this article are organised as follows. Section 1.1 presents an introductory background of this study. 
Section 2 provides a description of the concept and logic of the applied algorithms, as well as the MDP model formulation. The next 
section exhibits and compares the solution outcomes from the five integrated agents. Section 4 discusses the outcome comparison 
and the limitations of the approaches, as well as the potential research directions for future studies. The last section concludes the 
study and reveals the implications of the research for academia and industry.

1.1 Introductory background
A rich body of research has been conducted to solve RCPSP and its multi-skill variants using different methods, primarily consisting of 
exact optimisation algorithms and heuristic optimisation algorithms[1]. Although exact optimisation algorithms like Integer 
Programming[30] and Branch-and-Price methods[31] can find optimal schedules for small instances, they are often considered 
inefficient and time-consuming[1]. On the other hand, due to their high efficiency, researchers prioritise the use of heuristic 
algorithms to solve RCPSP-related issues[32-35]. Heuristic methods often extend the classic priority-rule or greedy algorithms from 
RCPSP to account for multi-skill considerations. For instance, Myszkowski et al.[36] proposed a novel scheduling heuristic method for 
MSRCPSP and compared the method’s performance with the state-of-the-art priority rules. Experiments were conducted using a 
created dataset of instances and proved that the proposed method can be applied to more complex scenarios[36]. Brooks[37] developed 
a parallel scheduling heuristic method based on the Parallel Scheduling Scheme (PSS)[37], and integrated resource weight and activity 
grouping concepts to solve MSRCPSP considering the multi-skill nature of the involved resources. The study demonstrates the 
feasibility of adapting activity priority rules to address MSRCPSP[38]. More comprehensively, Yu et al.[39] targeted the stochastic 
distributed multi-project RCPSP with multi-skill staff and introduced a two-stage model with 12 priority rules. Compared with other 
existing approaches, the two-stage model with two out of 12 priority rules outperforms other approaches, particularly in more 
complicated instances. Moreover, experiments also suggest that the proposed method can achieve shorter CPU runtimes on 
distributed problems compared to centralised methods[39]. However, the approach is only applicable to large instances, which limits 
its application to specific scenarios. In addition, Akbar et al.[40] targeted the potential underutilisation of labour resources caused by 
varied task durations and developed an innovative greedy and parallel scheduling algorithm, which aims to allocate surplus 
resources efficiently to project tasks and reduce resource waste, resulting in a decrease in the makespan. The proposed algorithm 
was compared with the PSS approach by Almeida et al.[38], and outperformed the PSS method in minimising project duration. These 
heuristic methods address the challenge of fast decision-making in dynamic or large-scale projects by providing a feasible schedule 
quickly, which can be useful as an initial solution or for real-time adjustments. However, pure heuristics may sometimes yield 
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suboptimal results. Thus, they are often hybridised with more powerful metaheuristic searches in recent studies.

Metaheuristics have dominated MSRCPSP research since 2010, given their success in exploring large solution spaces under complex 
constraints. A wide range of metaheuristic algorithms has been applied, including genetic algorithms, swarm intelligence methods, 
and hybrid/meta-hybrid techniques. GA, which is an optimisation method inspired by Darwinian theory of evolution[18,19], is one of 
the most popular choices for MSRCPSP. It operates through iterative cycles of selection, crossover, and mutation, evolving a 
population of candidate solutions toward better fitness values. Campos et al.[41] developed a GA for an open-shop scheduling variant 
with multi-skill resource constraints. The approach achieved competitive results by combining GA’s global search with local 
improvement and was compared with an Ant Colony Optimization (ACO) method. The study highlighted the effectiveness of both 
evolutionary search and pheromone-based constructive search. ACO tackles the MSRCPSP by modelling the scheduling problem as a 
path construction task for ants. The study by Campos et al.[41] also showed that ACO can construct high-quality multi-skill schedules 
by iteratively improving task sequences based on pheromone trails, in parallel with their GA approach. PSO is also one of the swarm 
and nature-inspired algorithms that has been commonly adapted for RCPSP. It guides resource assignment and scheduling decisions 
by treating each potential schedule as a “particle” moving through solution space. PSO, which was developed by Kennedy and 
Eberhart, is a robust stochastic optimisation method used to analyse the structure or necessary parameters and optimise a critical 
target[21,42]. The concept of the algorithm is rooted in swarm intelligence[43], where a group of simple agents collectively exhibits 
intelligent global behaviour by following simple local rules. For example, Zhang et al.[44] proposed a solution-solving scheme for 
RCPSP based on the PSO principle to minimise the project duration. The proposed PSO-based method was compared with other 
algorithms like GA and simulated annealing and presented outstanding performance in solving RCPSP. More recently, Jia and Guo[45] 
integrated the artificial bee colony (ABC) and PSO algorithms to improve the efficiency of RCPSP solutions. Experiments showed that 
the proposed ABC-PSO approach demonstrated clear advancement over traditional ABC, PSO, and a few other heuristic algorithms. 
However, only a few studies have adopted PSO for solving MSRCPSP, which leaves room for further research.

Various RL approaches have also been integrated to solve scheduling problems and have achieved competitive performances 
compared to traditional methods[46,47]. While traditional algorithms require manual adjustment for different problems, RL can achieve 
self-learning about scheduling strategies[17]. Early RL applications to RCPSP focused on classical RL methods, such as tabular 
Q-learning or policy iteration, sometimes combined with traditional methods like heuristic frameworks and variable neighbourhood 
search[17]. The RL technique was first integrated by Choi et al.[48] to solve stochastic RCPSP with dynamic project arrivals. The 
developed Q-Learning-based approach allows researchers to derive empirical state transition rules from the data, and a MDP model 
was developed to formulate the scheduling policy[48]. Yet, the method was not validated on other RCPSP types, which can limit its 
generalisability[17]. Jędrzejowicz and Ratajczak-Ropel introduced an RL-based strategy to assist an A-Team of asynchronous 
optimization agents for solving RCPSP. Four heuristic algorithms were incorporated into the approach, and an RL agent dynamically 
determined which heuristic agent to invoke next, based on the current state of the search. This work confirms the capability of a 
classical RL controller in improving a meta-heuristic search process for RCPSP by adaptively selecting the most promising heuristic at 
each step[49]. Sallam et al.[50] proposed an RL-based meta-heuristic switching method that merges multiple algorithms in a single 
algorithmic framework. The RL technique is utilised for algorithm selection based on population diversity and solution quality to 
address uncertainty. However, the approach did not consider the impacts of dynamic resource availability and demand. Besides, the 
research assumed that the tasks are non-preemptive, which means that a task can only be started after the previous task has finished. 
Such a task feature may not be practical in real-life projects[50]. Another innovative approach was introduced by Szwarcfiter et al.[51]. 
To overcome the challenges potentially caused by uncertain activity durations, the researchers employed RL to achieve three project 
management goals that include 1) to maximise project performance while considering both schedule and budget constraints, 2) to 
minimise the project schedule duration with the requirements of resource constraints and task durations, and 3) to balance the 
project value and its net present value (NPV) while considering the aforementioned restrictions[51]. Zhang et al.[52] also noticed the 
existing challenges in maximising projects’ NPV due to the inherent uncertainties associated with large-scale projects. The study 
proposed a three-level reinforcement learning framework that comprises the resource assignment level, work package level, and 
project level. Among the three levels, a Q-Network-based method was utilised at both the work package level and project level to 
maximise the expected NPV for each work package as well as the entire project[52].

Another important technique for solving scheduling problems is DRL. Deep learning has been widely applied in RL across various 
fields, such as games, robotics, and natural language processing. The representation learning within deep learning allows for 
automatic feature engineering and end-to-end learning through gradient descent, and is adaptive to different scheduling conditions 
that contain various tasks and resource information, which heavily reduces the dependency on domain knowledge and human 
intervention[53,54]. An increasing number of studies have been conducted to develop DRL-based RCPSP solutions. For instance, 
Zhao et al.[54] integrated the classical PPO and graph neural network (GNN) to develop an end-to-end DRL approach to obtain 
competitive priority rules for RCPSP. Similarly, Cai et al.[17] developed a framework consisting of RL algorithm, specifically PPO, and 
GNN to solve RCPSP and further RCPSP with uncertain resource allocation. The GNN-based structure was developed to extract 
information from problem data and map it to perform a probability distribution through the policy network, while the PPO was 
employed for end-to-end model training. Although the approach performed well on most instances, the target problem type is 
limited to traditional RCPSP and RCPSP with resource disruption. In addition, an RCPSP with ladder-type carbon trading prices was 
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proposed by Liu et al.[55] to minimise total carbon emissions. A multi-step double deep Q-Network was trained to learn the scheduling 
policy, and a tabu search algorithm was employed to further enhance the solution. The outcomes of the proposed method were 
compared with the results achieved by other algorithms like normal tabu search and genetic algorithm, which showed the 
outperformance of the proposed approach. Yet, the static deterministic condition of the focused problem limits the proposed 
approach from being adopted in practical projects.

2. Methodology
2.1 Description of target problem and overall methodology
The traditional RCPSP is normally described as follows[17,56,57]: Imagine that a project is described by an activity-on-node (AON) 
network G = (V, E), where V = {0, 1, ..., n + 1} is the set of vertices that represent the activities and E denotes the set of edges describing 
the precedence relationships among the activities. The activities are numbered from 0 to n + 1, since the starting and ending activities 
of a project are considered to be dummy activities. The duration of each activity is represented by di (0 ≤ i ≤ n + 1), and the starting 
and ending time of activities are denoted by starti (0 ≤ i ≤ n + 1) and endi (0 ≤ i ≤ n + 1) respectively. Ri stands for the resource 
capacity requirement for performing activity i (0 ≤ i ≤ n + 1), and there are K renewable resource types required for executing the 
project. Each activity i requires a certain number of renewable resources rik from each resource type k ∈ R, and therefore 
Ri = (ri1, ri2, ..., rik). It is assumed that all resources are renewable, meaning that the resources occupied during a preceding activity 
become reusable once that activity is completed.

The MSRCPSP extends the traditional RCPSP by incorporating skill requirements into the scheduling problem. This scenario is 
particularly relevant to construction projects, where tasks often require specific skills from resources (workers, machinery operators, 
etc.). Here, each activity has specified skill demands, and each resource possesses certain skills. The goal remains to minimise the 
total project duration, with added complexity arising from matching skill demands with resource capabilities. Formally, MSRCPSP 
involves scheduling activities subject to precedence constraints, resource availability, and skill matching requirements, aiming to 
minimise the makespan. Each activity requires certain skill levels qis for each skill si ∈ S, and each resource possesses specific skill 
levels Qrs for each skill si ∈ R.

In summary, there are several assumptions for the MSRCPSP in this study. Firstly, each activity is executed in only one mode. Since 
our primary focus is joint sequencing and multi-skill allocation, performing solutions under a consistent project mode can effectively 
control experimental variables. Secondly, as commonly required in MSRCPSP, each activity requires certain skill types and certain 
levels of skills to finish. Thirdly, an activity can start immediately after the completion of the preceding activity. Besides, each of the 
skilled resources can only be assigned to one activity at a time. Such an assumption mirrors on-site practice and avoids fractional 
allocations that are rarely feasible for human crews. Lastly, once an activity is started, it cannot be interrupted. For most construction 
tasks, interruption incurs significant setup, safety, and efficiency costs. Modelling activities as non-preemptive matches real-life 
practices. Five algorithms were utilised to solve the MSRCPSP individually, and their performances were compared afterwards.

2.2 The integrated algorithms
The scheduling agent integrates five distinct algorithms: GA, PSO, BKA, DQN, and PPO. GA, PSO, and BKA serve as heuristic and 
metaheuristic methods to explore and optimise scheduling solutions iteratively, whereas DRL approaches, including DQN and PPO, 
model the scheduling problem as an MDP. Since GA and PSO are commonly applied in RCPSP/MSRCPSP studies as classical baselines, 
adopting these agents can anchor the performance of DRL-based approaches to widely recognised methods. BKA reflects recent 
nature-inspired advances with stronger diversification via heavy-tailed moves. In the DRL framework, the agent dynamically learns 
optimal scheduling policies through interactions with the environment. DQN provides the canonical action-value learning baseline 
for discrete decisions, while PPO represents the current standard for stable policy-gradient optimisation. These methods offer 
complementary exploration–exploitation behaviours and learning biases, and can be implemented with a shared decoder, objective, 
and time budget. In this section, we describe the process of adopting the five algorithms to develop the agents.

2.2.1 Genetic algorithm
The GA used in this study follows the standard evolutionary principles of selection, crossover, and mutation, yet it has been adapted 
to address the discrete and skill-dependent characteristics of the MSRCPSP. Instead of using a generic continuous search space, each 
chromosome in this implementation encodes a feasible activity sequence and its corresponding skill assignments. Candidate 
solutions are represented as real-valued vectors, with the initial population generated randomly and evaluated using a user-defined 
fitness function. The objective function f(x) evaluates the makespan of the decoded schedule, incorporating penalty terms for any 
constraint violations. The selection phase adopts roulette-wheel selection (Baker, 1987), where the probability pi of selecting 
individual i is defined as Equation (1), ensuring that solutions with smaller makespan have a higher selection probability. Selected 
parents undergo simulated binary crossover[58], which generates two offspring from parents x(1) and x(2) using Equation (2) and 
Equation (3).

J Build Des Environ. 2025;3:202571 | https://doi.org/10.70401/jbde.2025.0017 Page 4 of 15

https://doi.org/10.70401/jbde.2025.0017


(1)

(2)

(3)

where the spread factor β is drawn from a distribution controlled by the crossover index ηc. This mechanism enables both 
interpolation and limited extrapolation between parental solutions. Polynomial mutation is then applied to each decision variable xk 
with a mutation probability pm, which introduces small local perturbations or larger directional jumps with lower probability:

(4)

Here, δk is determined by the mutation index ηm. Mutation ensures diversity in the population and mitigates premature convergence. 
After variation operators are applied, all offspring are evaluated using the decoding function, and an elitist truncation strategy retains 
the best N individuals to form the next generation. The best solution (x*, f(x*)) is updated when a new individual achieves a smaller 
makespan than the current best. This process repeats for a predefined number of generations. Lastly, the best solution undergoes a 
repair phase to ensure full feasibility in resource and skill assignments before generating the final schedule. The algorithm uses fixed 
crossover cp = 0.7 and mutation probabilities mp = 0.1, though the code hints at adaptive strategies. While elitism and local search are 
not explicitly used, the implementation is aligned with common GA practices and is well-suited for solving complex continuous 
optimisation problems.

2.2.2 Particle swarm optimisation
We also apply and tailor PSO as a standalone optimiser to solve the MSRCPSP by efficiently exploring the solution space of 
task-resource-skill assignments and scheduling sequences. A swarm of N particles encodes candidate schedules in a continuous 
decision vector xi ∈ RD documenting the particle locations, where each particle represents a possible schedule, expressed as a list of 
numbers. Each particle has a velocity vi that guides its motion through the search space, adjusting its position based on both its own 
past success and the success of the best-performing particle in the group. At iteration t, velocities are updated by the standard PSO 
rule

(5)

Where ω = 0.8 is the inertia weight, c1 = c2 = 1.1425 are the cognitive accelerations, r1, r2~U(0, 1)D inject stochasticity, pi is the 
best-known solution for particle i, and g is the global best. The use of both global and personal bests enables a balance between 
intensifying search in promising regions, namely exploitation, and scanning unexplored areas, which is called exploration. Infeasible 
transitions that would violate skill compatibility or activity order are corrected using a boundary-checking mechanism, while 
random perturbations are applied to preserve population diversity. To prevent unstable steps, velocities are controlled with the 
range [vmin, vmax] = [-0.5, 0.5]. Positions are then advanced as

(6)

with a random factor η~U(0, 1)D that diversifies steps. To further maintain population diversity and mitigate premature convergence, 
a mutation-like perturbation resets each dimension of xi to a fresh U(0, 1) draw with probability of 0.1. The objective function f(x) 
evaluates makespan and constraint penalties, which are minimised to guide the search. Individual and global records are updated 
greedily: if f(xi

t+1) < f(pi), then pi = xi
t+1; if f(xi

t+1) < f(g), then g = xi
t+1. The algorithm records the best fitness value per iteration in the history 

array, enabling performance tracking and convergence analysis.

2.2.3 Black-winged kite algorithm
The BKA is a nature-inspired swarm intelligence optimiser proposed in 2024, modelling the hunting and migratory behaviour of the 
black-winged kite bird[23,59]. It is a meta-heuristic algorithm designed for continuous optimisation problems, where a population of 
candidate solutions iteratively searches for the optimal solution. Algorithmic mechanisms like Cauchy-based mutation and 
leader-guided search are offered in the BKA, which are specifically designed to balance global exploration and local exploitation. As 
Wang et al.[23] claimed, BKA integrates the Cauchy mutation strategy with the leader strategy to enhance global search capabilities 
and accelerate convergence. Compared to classical methods, this algorithm demonstrates superior performance on benchmark 
functions and engineering optimisation tasks. Thus, by including BKA, we gain insight into how a modern, mutation-driven 
leader-based swarm method behaves in MSRCPSP, and whether its balance of exploration and exploitation offers advantages over GA, 
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PSO, or pure RL-based agents in a highly constrained scheduling domain.

In each searching iteration, the algorithm performs two major phases inspired by the black-winged kite’s behaviour: an attacking 
phase and a migration phase. The population can be initially seeded with random candidate solutions. Some implementations 
enhance this initialisation using chaotic maps to distribute initial solutions more uniformly and improve diversity[60]. The 
mathematical model for the attacking phase is shown in Equation (7) and Equation (8) below:

(7)

(8)

Here,  and  represent the updated position and current position at t + 1th and tth iterations, respectively. r is a uniform random 
number in [0, 1] drawn for the update, and p is a constant probability threshold, which is typically set to 0.9. Besides, T is the total 
number of iterations, and t is the iteration counts[60].

Following the attack updates, BKA simulates the migration behaviour of black-winged kites, where the flock is guided by a leader bird 
during long-distance travel. In the algorithm, the leader is the current best solution. The migration update allows each individual to 
adjust its position relative to the leader’s position while incorporating random fluctuations to avoid premature convergence. 
Mathematically, the migration phase update for an individual is often described as follows:

(9)

(10)

where  is the jth component of the leader’s position at iteration t, fi is the fitness of the current individual, and fri is the fitness of a 
randomly selected individual in the population. m is another parameter in the migration update that is modelled as a function of the 
random number r.

2.2.4 Deep Q-network
The DQN agent is adapted in this study as one of the schedule optimisation approaches. The DQN agent was initially developed by 
Mnih et al.[26] and is capable of combining reinforcement learning and artificial neural networks, known as deep neural networks, 
which can directly study successful policies from high-dimensional input using end-to-end RL. This approach treats scheduling as a 
sequential decision-making process: at each step, the agent must choose the next task to start, given the current state of the project. 
In the classic Q-learning method, the quality of a given action a in a state s is quantified by a Q-value, which represents the expected 
cumulative reward from s if action a is taken and the optimal policy is followed. The goal of Q-learning is to approximate the optimal 
action-value function Q*(s, a) that satisfies the Bellman optimality equation, which is formulated as

(11)

where r is the reward for taking action a in state s, s’ is the next state, and γ (typically 0 < γ < 1) is a discount factor that impacts future 
rewards[26]. To avoid failure in converging Q(s, a) to Q*(s, a), DQN employs a neural network Q*(s, a; θ) with the parameter θ to 
approximate the Q-function[61]. Instead of a table of state-action values, the network takes a state as input and outputs Q-values for all 
possible actions. The network parameters are trained to minimise the error between its Q-value predictions and the target values 
computed from the Bellman equation. Specifically, DQN uses a loss function based on mean squared error:

(12)

Here, y = r + γmaxa’Q(s’, a’; θ) is the target Q-value, and θ denotes the parameters of a target network. The DQM network in our code is 
a fully-connected feedforward neural net with a hidden layer of 256 ReLU neurons that outputs an estimated Q(s, a) for each potential 
action a. A key enhancement here is action masking, where infeasible actions are excluded from the agent’s choices so that their 
Q-values do not influence the decision, improving both learning efficiency and the quality of the resulting schedules. The agent 
receives negative rewards proportional to task delays and is rewarded upon successful project completion, thus learning to minimise 
total project duration. This aligns with traditional objectives in construction project scheduling while allowing the model to 
autonomously learn optimal or near-optimal task sequences.
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2.2.5 Proximal policy optimisation
PPO is an on-policy, actor-critic method in RL that simplifies earlier trust-region approaches by using a clipped surrogate objective, 
which is widely recognised for its balance between implementation simplicity and performance[27]. The actor represents the GNN and 
policy network, while the critic uses the same GNN layer as the actor. The algorithm also shows greater stability than other RL 
algorithms[17]. A neural network outputs the probability distribution of possible actions for the agent, and the value function V(s) 
predicts expected returns from a given state. The action probability is computed using a softmax over the logits, providing a 

stochastic policy . At each step, the agent samples an action a according to πθ and uses it to update the project status.

As discussed by previous studies, applying the original policy gradient to update parameters often results in unexpectedly large-scale 
policy updates, which can cause parameters to deviate from their original positions and thus negatively impact the previous results. 
The core PPO update in this study employs a clipped surrogate objective rather than a KL divergence constraint to prevent 
excessively large policy updates. Mathematically, this is expressed as

(13)

where  is the probability ratio and  is the advantage estimated via the generalised advantage estimation method[62]. ε is a 
hyperparameter that keeps policy updates within a trusted range and prevents any single update from significantly changing the 
policy. For each update, the code evaluates the policy’s probability for the taken actions and forms the ratio rt(θ) between new and 

old policy probabilities. It then constructs the clipped surrogate loss by taking the minimum of  and the clipped version 

, reflecting the theoretical PPO objective. This balance stabilizes training by penalizing overly aggressive changes. 

The function of the generalised advantage estimation  is formulated as

(14)

Here, δ = rt + γVθ(St+1) - Vθ(St) and Vθ(St) refers to the value function to estimate state value[17]. Moreover, an entropy term is included to 
encourage exploration by maximising the randomness in action selection, ensuring the agent does not converge prematurely to 
suboptimal solutions. Through repeated trajectory collection, the model can iteratively improve its scheduling policy to minimise 
target project duration.

2.3 MDP formulation
In both the DQN- and PPO-based implementations, the scheduling problem is cast as a MDP in which an agent sequentially selects 
activities to schedule to minimise the project’s makespan. At each decision epoch t, the state st is represented by a binary vector 
indicating which activities have already been scheduled; the action at corresponds to choosing the next unscheduled activity. By 
executing at, the developed model computes the earliest feasible starting and finishing times, as well as the resulting increase in 
project duration Δt, considering the precedence relations and multi-skill resource availability. The agent then receives the reward 
rt = -Δt, which penalises schedule prolongation, and observes the next state st+1. Illegal actions, such as selecting an already scheduled 
activity, immediately terminate the episode with a large negative penalty, whereas completing all activities yields a positive terminal 
bonus. In the DQN agent, a deep Q-network approximates the action-value function Q(s, a) and is trained off-policy via experience 
replay and target networks. In the PPO agent, an on-policy actor-critic framework is employed. The actor network parameterises a 

stochastic policy  over available actions, and the critic network estimates the state-value VΦ(s), which are both updated by 
maximising a clipped surrogate objective using advantage estimates. By formalising scheduling as an MDP with clearly defined states, 
actions, rewards, and transitions, these DRL agents learn dynamic scheduling policies that adaptively trade off short-term gains 
against long-term makespan minimisation.

3. Result
Computational experiments have been performed to evaluate the performance of different algorithms integrated in the Methodology 
section. The model proposed in this study is trained and tested using the MSLIB dataset developed by Snauwaert and Vanhoucke, 
which is a combined multi-skill project scheduling problem library[9]. The data in the library contain five subsets with different 
instance sizes and settings of skills and resources, which were converted from four existing datasets with their own research 
objectives[30,31,38,63]. The optimised project duration is also provided within each instance, which is solved by applying CPLEX with a 
time limit of 60 seconds or a naïve method if no solution was found within the time limit. In this study, the dataset MSLIB5 was not 
utilised since it contains empirical project instances whose network, resource, and skill structures are not well-defined[9]. Therefore, 
39 instances were selected from MSLIB1-4 to form the training set, leading to a total of 156 instances. Activities in each instance only 
require one skill type. All coding documents were developed in Python and executed on a Windows 64-bit system with a 3.60 GHz 
i7-7700 CPU, 16 GB main memory, and an Nvidia GeForce RTX 1080 GPU with 8 GB of RAM.
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The MSRCPSP solutions obtained from the five algorithms are presented in Figure 1, where the “X” axes represent different project 
instances and “Y” axes stand for the calculated project durations. In each graph, the solid triangles denote the theoretical shortest 
project deadlines, serving as performance baselines, while the hollow circles represent the scheduling solutions obtained by each 
algorithm. The visual inspection shows that PPO (Figure 1e) and DQN (Figure 1d) consistently produce solutions that are closer to the 
optimal reference across a wide range of instances, indicating stronger convergence and generalisation abilities. In contrast, PSO 
exhibits more volatility and often deviates above the baseline, which suggests sensitivity to instance-specific characteristics and 
potential difficulties in avoiding local optima. GA and BKA, while exhibiting smoother transitions than PSO, also demonstrate 
moderate variance in solution quality, with performance occasionally matching but frequently falling short of PPO and DQN.

Figure 1. Visualisation of MSRCPSP solution relative error compared to near-optimal schedule. MSRCPSP: multi-skilled resource constrained project scheduling problem; 

GA: genetic algorithm; PSO: particle swarm optimisation; BKA: black-winged kite algorithm; DQN: deep Q-network; PPO: proximal policy optimisation.

Additionally, Figure 2 shows a comparative analysis of the five algorithms based on the number of project instances for which each 
agent was able to generate a scheduling solution that falls within a pre-defined satisfactory deadline range. The specific values are 
also provided in Table 1. As mentioned in the instructions for the MSLIB library[64], the calculated scheduling solution is considered 
satisfactory if the value falls within the interval from 1 to 1.2 times the given solution by CPLEX. Each sector of the pie chart 
corresponds to the total count of such successful instances for an employed algorithm, serving as an indicator of overall robustness 
and reliability across diverse problem scenarios. The pie chart (c) also echoes the scatter diagram in Figure 1. As illustrated, PPO 
achieves the highest count with 90 satisfactory solutions, indicating superior adaptability and generalisation of learning across the 
scheduling instances. DQN follows closely behind with a count of 82, further demonstrating the power of deep reinforcement 
learning methods in managing complex, skill-dependent constraints in MSRCPSP. Both GA and BKA achieved comparable results, each 
realising 65 successful schedules, suggesting a moderate degree of consistency. Lastly, PSO records the lowest count with 62. 
Figure 2b,c,d represent the proportions of instances where each algorithm reached optimal or near-optimal deadlines, which 
highlights the frequency and reliability of each algorithm. Figure 2c shows the proportions of satisfactory solutions generated by 
each algorithm that lie within the satisfactory solution range. Both Table 1 and Figure 2a present the number of solutions that 
provide shorter schedules than the optimal deadlines. Although the solutions provided by the data library were solved by CPLEX, 
which is a powerful optimisation solver, the time limit of 60 seconds may restrict CPLEX’s capability of finding the optimised solution. 
Therefore, the possibility of generating better scheduling solutions exists. Among the five agents in our study, not only does PPO 
generate the highest number of satisfactory solutions, it also provides more optimal schedules for 37 project instances. In total, PPO 
has provided satisfactory schedules or better schedule optimisation in 127 out of 156 instances, further proving the robustness and 
generalisability of reinforcement learning algorithms in solving MSRCPSP.
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Figure 2. Comparison of satisfactory solution numbers by different agents. GA: genetic algorithm; PSO: particle swarm optimisation; BKA: black-winged kite algorithm; DQN: 

deep Q-network; PPO: proximal policy optimisation.

Table 1. Solution counts within deadline ranges by algorithm.

1 ≤ X 1 ≤ X ≤ 1.2 X ≥ 1 X ≤ 1.2

PSO 23 62 133 85

GA 20 65 136 85

BKA 21 65 135 86

DQN 30 82 126 112

PPO 37 90 119 127

PSO: particle swarm optimisation; GA: genetic algorithm; BKA: black-winged kite algorithm; DQN: deep Q-network; PPO: proximal policy optimisation.

4. Discussion
As aforementioned, we observed that DRL-based approaches, including DQN and PPO, yielded higher project values and shorter 
schedules on MSRCPSP instances compared to heuristic and metaheuristic algorithms, with the PPO-based scheduling agent 
consistently demonstrating superior performance. To visualise the scheduling solutions, the detailed solution processes of the 
selected instances are also generated. Since PPO provides the highest count of optimal solutions and the shortest schedule in most 
cases, a PPO-solved schedule is presented as the visualisation example. Figure 3 presents an example AON diagram based on the 
selected project instance. The diagram clearly demonstrates the workflow and preceding relationships among the tasks. Figure 4 
shows the visualisation of the same solution example, where the x-axis represents the accumulated time of the project and the y-axis 
denotes the resource usage of each activity. Each rectangular block corresponds to a task labelled with its ID, whose width reflects its 
duration and height indicates the level of resource consumption. The schedule demonstrates how multiple tasks are arranged 
sequentially and concurrently while respecting the maximum resource capacity of four units. In the provided example, multiple tasks 
in the early phase overlap with each other, whereas around day 80-90, tasks like 11, 24 and 14 are conducted in order, fully utilising 
the available resource capacity. There are only 4 skilled resources available throughout the project lifecycle, which has not been 
exceeded by the resource usage in the generated solution.
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Figure 3. Example of AON diagram for PPO-based solution. AON: arrow on node; PPO: proximal policy optimisation.

Figure 4. Example of PPO-based schedule optimisation visualisation. PPO: proximal policy optimisation.

The visualisations provide managerial insights beyond computational optimisation. Specifically, the PPO-based schedules 
demonstrate a more balanced distribution of skilled resources, leading to visibly reduced idle times and smoother task transitions 
across activities. The denser, continuous allocation patterns in the resource charts indicate enhanced labour utilisation and 
minimised downtime between dependent tasks. From a managerial standpoint, such improvements imply more efficient workforce 
coordination, better alignment of multi-skilled teams, and potentially reduced project delays. These findings illustrate how the 
proposed optimisation framework not only shortens the makespan computationally but also supports practical decision-making for 
resource planning and on-site scheduling.

The comparison results underscore the strength of policy-gradient RL in this domain. Prior work has similarly observed that DRL 
methods often outperform traditional heuristics and search algorithms in complex scheduling tasks[65]. In a recent study, Zhao et al.[54] 
proposed an end-to-end DRL method to train high-quality priority rules and solve RCPSP. The study reported that the utilised 
PPO-based approach outperforms manually-designed priority rules and is competitive with the state-of-the-art genetic 
programming-based hyper-heuristics. Cai et al.[17] also suggested that PPO is competitive with and outperforms some existing 
approaches, such as Latest finishing time, Latest starting time, etc. The findings of our study echo with the previous studies. By 
learning a dynamic assignment policy, the PPO approach more flexibly adapts to the MSRCPSP structure than fixed-rule or 
population-based methods, yielding faster convergence and better solutions.

A key advantage of the PPO approach is its ability to explicitly model the project’s skill constraints and dynamic decision process. In 
our experiment, the state representation of the agent includes resource skill profiles and the current partial schedule, and the reward 
is shaped to minimise the makespan. This enables PPO to reason directly in the combinatorial space of skill allocation and sequence 
decisions, rather than relying on manually designed heuristic algorithms. The policy network learns how different skill combinations 
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affect project duration, enabling it to choose resource allocations that satisfy skill requirements while minimising idle time. In 
contrast, classical metaheuristics must explore many candidate schedules without embedded domain knowledge, which often leads 
to slower convergence. According to the performance comparison, while both DQN and PPO are DRL-based agents, PPO slightly 
outperforms DQN in solving MSRCPSP. The PPO agent learns to navigate the joint space of skill assignments and task orderings in a 
data-driven way, capturing interactions between skills and activity timing that are hard to encode in traditional algorithms. This 
flexibility of a learned policy is difficult to achieve with value-based methods like DQN in large action spaces. This is also supported by 
Herrmann and Schaub[66], who compared multiple RL algorithms on a satellite scheduling problem and found that PPO achieves fast, 
stable convergence to high-performing policies, while DQN can reach good solutions but with much higher variance across different 
runs and parameter settings.

Regarding the benchmark solutions provided in the MSLIB dataset[64], the developers claimed that any generated schedule within 1 to 
1.2 times the given solution can be considered satisfactory. Yet, the heuristic and RL-based algorithms we utilised in this study 
provide more optimal makespans for some instances, which are shorter than the given deadline. While Anand et al.[67] claimed that 
CPLEX is one of the most advanced and accepted optimisation solvers, and can provide competitive results on real-life problems, the 
phenomenon could be possible due to several potential reasons. Firstly, generating exact solutions within a limited time is only 
possible for small instances, and exact solvers may struggle with larger instances[68,69]. The branch�and�cut search of CPLEX must 
explore a huge solution space, which often enumerates many node relaxations and can be time-consuming. In addition, since the 
PPO agent is pre-trained, solving new instances is just inference through a neural network. This inference is considered 
computationally cheaper and faster, whereas CPLEX must solve a full mixed-integer linear programming model from scratch every 
time. Thus, CPLEX may only find a suboptimal schedule within a time limit of 60 seconds. In contrast, the PPO agent is an 
approximate, data-driven heuristic. It does not attempt to prove optimality but instead focuses on finding good schedules efficiently. 
Moreover, as mentioned in the instruction document[64], if CPLEX cannot find a solution within 60 seconds, a naive method shall be 
used for finding solutions, which may result in generating less considerate and suboptimal solutions. Therefore, possibilities exist for 
generating more optimal schedules using RL and DRL-based approaches.

While our study demonstrates the feasibility of utilising DRL for MSRCPSP, several important limitations should be acknowledged that 
may guide future research. Firstly, the training and testing datasets were limited to instances requiring only one skill per activity. In 
real construction projects, many tasks demand multiple concurrent skills. Extending our RL framework to handle more complex 
multi-skill requirements will bring our approach closer to solving problems in real-life scenarios. Secondly, this study assumes fixed, 
known task durations. However, in practice, durations are subject to uncertainty due to weather, supply delays, or unanticipated site 
conditions. Incorporating stochastic task times, for instance, via a Partially Observable Markov Decision Process, could improve the 
robustness of learned scheduling policies under real-world variability. In addition, this work restricts precedence relations to simple 
finish-to-start links. Modern projects often feature more complex dependencies, such as start-to-start, finish-to-finish, resource 
calendars, and dynamic availability windows. Moreover, this study focused on minimising makespan while considering the skill level 
requirements of activities. However, construction managers balance multiple objectives in practical projects, such as labour cost, 
equipment utilisation, contractor preferences, and risk exposure. This is also considered as a limitation by Zarei et al.[70]. Future 
research can extend the reward function to a multi-objective setting, exploring scalarisation techniques to develop trade-off schemes 
based on activity priorities.

5. Conclusion
Classified as NP-hard, the MSRCPSP jointly determines activity schedules and allocations of multi-skilled resources. Unlike RCPSP, 
each activity in the MSRCPSP specifies the skills it requires, rather than anonymous resource units. This study addresses MSRCPSP by 
formulating activity scheduling as a Markov Decision Process and comparing the scheduling performances of five optimisation 
agents, including GA, PSO, BKA, DQN, and PPO, on benchmark instances from the MSLIB library. Visual analyses revealed that PPO and 
DQN solutions clustered closer to the near-optimal baselines, where PPO provided the highest number of optimal or near-optimal 
solutions and the shortest schedules. Notably, the DRL-based agents also provide more optimal schedules than the benchmark 
solutions in some instances, potentially due to the restricted performance of the CPLEX optimiser caused by time limitations. 
Technically, the comparative experiments in this study offer a practical benchmark of widely used heuristics and metaheuristics 
against DRL baselines, informing future algorithm selection and hybridisation strategies for solving the MSRCPSP. Practically, the 
application of DRL techniques enables faster schedule planning and better resource utilisation when solving the MSRCPSP, which can 
reduce any delay caused by unexpected interruptions in practical construction projects. Future studies may extend the RL-based 
framework to activities requiring multiple concurrent skills, moving beyond the single-skill-per-activity assumption to better reflect 
real projects. Besides, researchers could also consider incorporating stochastic task durations to improve the robustness of learned 
policies under weather, supply, and site variability.
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