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Highlights 

Please indicate how your work links to systems science via your contributions to sys-
tems practice, theory, and or methodology. 

• Modelling of multi-skilled multi-project scheduling under random arrivals and un-
certain durations as a Markov decision process. 

• Development of a rollout-based approximate dynamic programming algorithm with 
a reduced action space. 

What are the main findings and/or the implications of the main findings? 

• The proposed policy cuts total human resource cost by 3.1–16.7% compared with 
benchmark algorithms on medium/large instances, while completing more projects. 

• Worker count and skill breadth interact, guiding workforce configuration decisions; 
the algorithm adapts online without retraining. 

Abstract 

Knowledge-intensive projects in research and development (R&D), software, and high-
technology sectors are delivered by knowledge workers who each command several 
skills. When many such projects compete for a shared pool of multi-skilled workers, and 
neither project arrival times nor durations are known in advance, deciding who works on 
what at each moment becomes a sequential decision problem. Therefore, we propose the 
multi-skilled, multi-project dynamic scheduling problem with random project arrivals 
and uncertain durations and formulate it as a Markov decision process (MDP) that mini-
mizes the total human resource cost. Since the cost-to-go function is computationally in-
tractable, we develop a rollout-based approximate dynamic programming (ADP) algo-
rithm that approximates it via Monte Carlo simulation embedded with a randomized base 
policy and restricts the action space to ten representative allocation policies. On bench-
marks extended from the Project Scheduling Problem Library (PSPLIB), the proposed pol-
icy lowers the average total cost by 3.1% to 16.7% relative to Q-learning on medium- and 
large-scale instances while completing more projects with shorter delays; on small-scale 
instances Q-learning attains a lower nominal cost, revealing a trade-off among cost, com-
pletion rate, and delay. 
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1. Introduction 
The global economy is increasingly organized around projects: roughly one-fifth of 

all economic activity is now delivered in project form, accounting for some 12 trillion US 
dollars of value annually [1]. A growing share of this activity is knowledge-intensive, con-
centrated in research and development (R&D), software, and high-technology sectors, 
where competitive advantage rests on how well an organization deploys the expertise of 
its people rather than on physical capacity. Yet resources in such settings are frequently 
mismanaged, and an estimated 11.4% of project investment is wasted as a result [2]. These 
facts have kept project scheduling, which seeks to allocate resources so that cost and per-
formance objectives are met under the relevant constraints [3,4], at the center of sustained 
academic attention. Done well, scheduling curbs the rushed deployment of people, trims 
idle capacity, and lowers coordination overhead, and it has been adopted across construc-
tion, manufacturing, information technology, and the coordination of standardization 
systems [5]. 

Because the work of these projects is intellectual, the same person can flexibly apply 
different competencies, and as technology advances, such knowledge workers increas-
ingly hold several skills at once, so that multi-skilled human resources have become the 
organizing reality of modern project teams [6]; at the same time, firms routinely run many 
such projects side by side [7]. The central managerial question is therefore how to channel 
a limited pool of multi-skilled workers to the diverse skill needs of competing projects, a 
challenge that has motivated the multi-skilled multi-project scheduling problem 
(MSMPSP). At its core lies the optimal deployment of multi-skilled workers across pro-
jects so as to minimize the total cost of human resources. 

Allowing workers to be multi-skilled and having many projects makes the MSMPSP 
substantially harder than its single-skill predecessor. A classical project-scheduling prob-
lem only asks when each activity should start; once resources can supply more than one 
skill, a second layer of decisions appears, namely, which worker’s which skill should serve 
which project’s requirement, and the problem remains NP-hard [8]. Consider a software 
team: if every programmer knows only C++, scheduling reduces to timing the activities, 
but once the team mixes C++ and Java specialists, with some engineers fluent in both, a 
schedule must first fix the technical approach and then assign people accordingly [9]. In a 
multi-project environment, the resulting sharing of and contention for multi-skilled work-
ers across projects magnify both the scale and the difficulty. Early MSMPSP research 
largely assumed a deterministic world in which all project information is known at the 
outset, and within that frame a rich body of exact and (meta)heuristic algorithms has been 
developed [8,10–12]. 

In practice, however, knowledge-intensive project environments are anything but 
static. Projects do not all sit on the desk at time zero; they arrive one after another at ran-
dom points, and their durations are equally uncertain [13,14]. A manager must therefore 
decide at each moment, given the current state of resources and demands, how to allocate 
workers, knowing that today’s choice shapes not only the present but also the resources 
available in every later stage. Schedules computed from deterministic models tend to lose 
their grip once this uncertainty unfolds. Reinforcement learning and approximate dy-
namic programming (ADP) have consequently drawn growing interest in scheduling 
[15,16]: by casting the process as a Markov decision process (MDP) in which current 
choices are guided by estimates of future states, these methods are well suited to dynamic, 
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uncertain settings. Existing ADP work, however, has centered on resource-constrained or 
single-skill problems, and extending it to the multi-skilled multi-project setting is far from 
straightforward. In a single-skill problem, the resource side of the state reduces to a scalar 
or a low-dimensional vector of available capacities, and a decision only fixes which activ-
ities to start, so the number of candidate actions per stage remains moderate. Once work-
ers command several skills and many projects compete for them, the state must track the 
remaining workload of every skill of every worker, so its dimension grows to the order of 
𝑆𝑆 × 𝐾𝐾, where 𝑆𝑆 is the number of skills and 𝐾𝐾 is the number of employees, and a decision 
must simultaneously determine which projects to serve, which skill of which employee to 
deploy, and how much workload to assign, so the number of feasible allocation plans per 
stage grows exponentially in the numbers of skills and workers. This joint expansion of 
the state and action spaces renders single-skill ADP designs computationally intractable 
in our setting and calls for a dedicated treatment of both the cost-to-go approximation and 
the action space, which existing studies have not provided. 

This paper takes up precisely that setting. The purpose of this study is threefold: to 
formally define and model the multi-skilled multi-project dynamic scheduling problem 
with uncertain project arrivals and durations (MSMPDSP), to develop a scalable online 
solution method for it, and to characterize when and why this method outperforms alter-
native scheduling policies. Treating both project arrivals and durations as uncertain, we 
seek a scheduling policy that allocates multi-skilled workers so as to minimize the total 
cost of human resources in a dynamic, uncertain environment, with the project comple-
tion rate and delay tracked as complementary evaluation indicators. In short, we ask how 
a portfolio of knowledge-intensive projects should be scheduled under uncertainty, and 
we answer with a rollout-based ADP policy. Our main contributions are summarized as 
follows: 

(1) First, we model the MSMPDSP as an MDP whose state is the available skill workload 
of each worker, whose decision is the resource-allocation plan, and whose objective 
is to minimize the total cost of human resources. A state-transition function captures 
the system’s dynamic evolution and explicitly encodes the randomness of project ar-
rivals, the heterogeneity of skill demands, and the scarcity of multi-skilled workers. 

(2) Second, we devise a rollout-based ADP algorithm for this model. It estimates the 
value of future-stage decisions by Monte Carlo simulation and refines the schedule 
through a base policy. To keep computation tractable, the action set is reduced to ten 
heuristic, priority-rule-based allocation policies, narrowing the per-stage search from 
an exponential number of candidates to a constant number and yielding a tractable 
approximation of the full action space; the optimality cost of this restriction is quan-
tified empirically on small instances. 

(3) Third, we run extensive experiments on benchmark instances. Against Q-learning 
and several heuristic baselines across varied scenarios, the proposed algorithm 
achieves a lower total cost together with a higher completion rate on medium- and 
large-scale problems, whereas on small-scale problems it trades a higher nominal 
cost for a substantially higher completion rate and shorter delays; a sensitivity anal-
ysis additionally uncovers an interaction effect between the number of workers and 
the number of skill types, offering practical guidance for project-management deci-
sions. 

Figure 1 outlines the overall research framework of this study, proceeding from the 
dynamic scheduling problem under uncertainty, through the MDP formulation and the 
proposed rollout-based ADP algorithm, to the resulting computational results and mana-
gerial insights. 
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Figure 1. Overall research framework of this study. The question marks indicate the unknown 
worker-to-project skill assignments to be determined by the scheduling decision. 

The four panels respectively summarize the problem setting, the sequential decision 
model, the solution methodology, and the empirical findings, providing a roadmap for 
the subsequent sections. 

The remainder of this paper is organized as follows. Section 2 reviews the related 
literature. Section 3 describes the research problem and develops the Markov decision 
process model. Section 4 presents our rollout-based ADP algorithm in detail. Section 5 
reports the computational experiment setup and analyzes the results. Section 6 discusses 
theoretical contributions, practical implications, limitations, and future research direc-
tions. Section 7 concludes the paper. 

2. Literature Review 
2.1. Multi-Project Scheduling Under Uncertainty 

The multi-project scheduling problem under uncertainty aims to allocate limited re-
sources to multiple parallel projects and to continuously refine the schedule as project 
information is progressively revealed over time [13]. From the perspective of the decision 
environment, existing research has mainly developed along three dimensions: the ran-
domness of project arrivals, the uncertainty of activity durations, and the fluctuation of 
resource availability. 

For the randomness of project arrivals, Melchiors [17] addressed dynamic and sto-
chastic multi-project planning with randomly arriving projects, formulating the problem 
as a Markov decision process and developing approximate dynamic programming meth-
ods to obtain near-optimal scheduling policies. Satic et al. further extended this line of 
work by considering the dual randomness of both project arrival times and activity dura-
tions [18]. They proposed a simulation-based ADP algorithm and, through comparison 
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with heuristic policies, demonstrated the superiority of sequential decision-making meth-
ods in dynamic environments. Choi et al. addressed the dynamic selection and scheduling 
of new product development project portfolios, examining the reallocation of resources 
under uncertain project outcomes [19]. 

For the uncertainty of activity durations, Li et al. studied the stochastic resource lev-
eling problem with flexible structures, formulating a chance-constrained programming 
model and designing a genetic algorithm to solve it [20,21]. Creemers characterized activ-
ity durations using phase-type distributions and, within a Markov decision process 
model, analyzed the optimal scheduling policy under precedence relationships [22]. Ros-
tami et al. addressed the multi-mode multi-project scheduling problem under stochastic 
durations, proposing a scenario-based stochastic programming approach [23]. 

For the fluctuation of resource availability, Xie et al. studied the project scheduling 
problem under stochastically varying resource availability [16]. They proposed a rollout-
based ADP algorithm and theoretically proved its sequential improvement property rel-
ative to the base policy. Lamas and Demeulemeester handled resource unavailability dis-
turbances through a proactive scheduling policy, balancing the stability of the baseline 
schedule against the flexibility of its execution [24]. 

At the methodological level, Li and Womer modeled the resource-constrained sto-
chastic project scheduling problem as a Markov decision process and designed a closed-
loop ADP algorithm. They showed that sequential decision-making methods outperform 
traditional priority rules in minimizing the expected makespan [15]. This methodological 
paradigm has been widely extended in research on dynamic project management [25,26]. 
Although the studies above have advanced the field of multi-project scheduling under 
uncertainty, most existing research assumes a single resource type and does not address 
the sharing of and competition for multi-skilled human resources across multiple projects. 

2.2. Multi-Skilled Project Scheduling Under Uncertainty 

The MSMPSP is a class of NP-hard combinatorial optimization problems in project 
management [8]. Its core lies in allocating multi-skilled human resources to different ac-
tivities across multiple projects so as to optimize a given management objective. Snau-
waert and Vanhoucke provided a systematic classification of multi-skilled resource-con-
strained project scheduling problems, offering a unified research framework for the field 
[27]. 

In deterministic settings, the MSMPSP has been studied extensively. From a model-
ing perspective, Correia et al. proposed a mixed-integer linear programming (MILP) 
model [8], Heimerl and Kolisch developed an optimization model aimed at minimizing 
workforce cost [11], and Almeida et al. systematically compared the solution performance 
of several modeling frameworks [28]. From the perspective of the objective function, Cor-
reia and Saldanha-da-Gama were the first to introduce, in multi-skilled project scheduling, 
an objective structure that decomposes resource cost into a fixed component and a varia-
ble component [29]. From an algorithmic perspective, Li and Womer improved solution 
efficiency through a Benders decomposition algorithm that combines MILP and constraint 
programming (CP) [30]. Cai and Li, Attia et al., and Snauwaert and Vanhoucke solved the 
MSMPSP under different objectives using genetic algorithms [12,31,32]. Almeida et al. 
proposed a priority-rule-based heuristic framework [10]. Torba et al. [33] designed a hy-
brid genetic algorithm combined with simulated annealing for a practical setting in the 
semiconductor manufacturing industry. More recently, Snauwaert and Vanhoucke [34] 
proposed a unified solution framework for multi-skilled project scheduling problems 
with hierarchical skills, and Türk et al. [35] examined a cost-oriented multi-skilled project 
scheduling problem in the shipyard industry from tactical and operational perspectives 
through genetic-algorithm-based approaches. 
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By comparison, research on the MSMPSP under uncertainty remains relatively lim-
ited and has mainly focused on two aspects: duration uncertainty and changes in skill 
proficiency. Regarding duration uncertainty, Li et al. studied a software project schedul-
ing problem with stochastic activity durations [36]. Similarly, Liu et al. investigated multi-
skilled project scheduling for high-end equipment development, explicitly considering 
duration uncertainty alongside newcomer cultivation [37]. They formulated a scenario-
based chance-constrained stochastic programming model that captures the effect of dura-
tion fluctuations on activity start times and total employee working hours. Regarding 
changes in skill proficiency, Chen et al. studied a multi-period technician scheduling prob-
lem with stochastic customer arrivals and experience-based service times, approximating 
the value function through a parametric piecewise-linear model [38]. Annear et al. ad-
dressed the dynamic assignment of multi-skilled workers in a shop-floor environment 
and proposed an ADP algorithm incorporating a lookahead rollout structure [39]. 
Bouajaja and Dridi reviewed methods in the field of human resource allocation and 
pointed out that the scheduling of multi-skilled resources in dynamic environments re-
mains an open problem [40]. 

2.3. Reinforcement Learning and Metaheuristics for Dynamic Scheduling 

In recent years, deep reinforcement learning (DRL) and learning-assisted metaheu-
ristics have become prominent tools for dynamic scheduling problems in which decisions 
must respond to events revealed over time. Wang et al. [41] studied a dynamic decentral-
ized resource-constrained multi-project scheduling problem with product transfers and 
random new project arrivals, and designed a DRL-based coordination mechanism that 
revises local schedules when new projects enter the system. Yu et al. [42] proposed a DRL 
approach for the dynamic job-shop scheduling problem with new job arrivals and time-
varying conditions, showing that learned dispatching policies can adapt to arrival-driven 
disturbances. Hybrid designs that couple learning with metaheuristics have also emerged. 
Yang et al. [43] combined the non-dominated sorting genetic algorithm II (NSGA-II) with 
Q-learning for a bi-objective multi-mode resource-constrained multi-project scheduling 
problem, and Xu et al. [44] systematically compared genetic programming hyper-heuris-
tics with reinforcement learning for learning scheduling rules, concluding that the two 
paradigms are complementary in dynamic environments. 

These studies confirm the growing maturity of learning-based and hybrid methods 
for dynamic scheduling. Nevertheless, the DRL literature has concentrated on shop-floor 
structures or on project settings with anonymous, single-type resource capacities, whereas 
the recent multi-skilled scheduling literature remains largely deterministic or confined to 
a fixed project set. To the best of our knowledge, no existing learning-based or metaheu-
ristic method simultaneously handles random project arrivals, uncertain durations, and 
the sharing of multi-skilled human resources across a dynamically evolving project port-
folio, which is exactly the setting addressed in this paper. Moreover, DRL methods require 
an offline training phase whose learned policy may degrade when the arrival process 
shifts, whereas the rollout mechanism adopted in this paper requires no training and im-
proves upon its base policy online. 

In summary, this study differs from existing literature in the following three aspects. 
First, in terms of problem setting, prior research on the MSMPSP under uncertainty has 
mostly introduced random disturbances in durations or skill proficiency within a static 
framework where the set of projects is given in advance. In contrast, this paper simulta-
neously characterizes the randomness of project arrivals, the variability of durations, and 
the dynamic, multi-stage nature of the scheduling process, which more closely reflects the 
actual management scenarios faced by research-intensive enterprises in a continuous pro-
ject-flow environment. Second, in terms of modeling perspective, existing studies have 
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mainly adopted chance-constrained programming or scenario-based programming for 
single-stage solutions, whereas this paper models the MSMPDSP as a Markov decision 
process. Here, the resource allocation at each stage is treated as a sequential decision, and 
the dynamic evolution of the system is characterized through a state transition function. 
Third, in terms of solution method, existing ADP methods for multi-skilled scheduling 
have mainly addressed single-project or deterministic project sets. This paper designs a 
Rollout-based ADP algorithm that approximates the expected future cumulative cost by 
combining Monte Carlo simulation with a base policy and controls the computational ef-
fort through a decision space consisting of ten representative policies. This method ena-
bles efficient solutions in large-scale dynamic multi-project environments. Unlike offline 
learning approaches, it makes each decision from the currently observed state without a 
separate training phase, which suits environments where the arrival process may vary 
over time. 

3. Problem Statement and the Markov Decision Process Model 
3.1. Problem Statement 

The MSMPDSP is described as follows. 
A. Planning horizons and project arrivals. Consider a multi-project management 

environment with a planning horizon of length 𝐿𝐿, divided into 𝐿𝐿 stages of unit duration, 
where 𝑡𝑡(𝑡𝑡 = 1,2, … , 𝐿𝐿) denotes the stage index. Throughout the planning horizon, pro-
jects arrive successively over time. At the beginning of each stage 𝑡𝑡, at most one new pro-
ject 𝑃𝑃𝑡𝑡 arrives with a certain probability. Let 𝑃𝑃 denote the set of all projects that arrive 
within the planning horizon. Each arriving project 𝑝𝑝 requires a specific set of skills to be 
executed. The total workload demanded by project 𝑝𝑝 for skill 𝑠𝑠 is 𝑊𝑊𝑝𝑝𝑝𝑝, which is deter-
mined upon the arrival of the project. Let 𝑆𝑆 denote the set of skills involved. We assume 
that at most one new project arrives at the beginning of each stage. This assumption keeps 
the exogenous information process one-dimensional and the state transition compact, and 
it can be interpreted as the discrete-time counterpart of an arrival stream observed at a 
sufficiently fine time granularity, under which the probability of two or more arrivals 
within a single stage is negligible. The assumption does not limit the model structurally: 
if simultaneous arrivals are allowed, the arriving project 𝑃𝑃𝑡𝑡 is replaced by an arriving set 
of projects, the exogenous information is extended accordingly, and the decision and state 
transition logic in Section 3.3 carries over unchanged, although the per-stage computa-
tional effort grows with the number of simultaneous arrivals. 

B. Multi-skilled human resources. The skill requirements of projects are met by hu-
man resources possessing multiple skills. Let 𝐾𝐾 denote the set of all available human re-
sources. Employee 𝑘𝑘 ∈ 𝐾𝐾 masters a set of skills 𝑆𝑆𝑘𝑘 ⊆ 𝑆𝑆. Let 𝐾𝐾𝑠𝑠 denote the set of human 
resources possessing skill 𝑠𝑠 ∈ 𝑆𝑆. Even when two employees possess the same skill, their 
work capacities may differ. Let 𝜂𝜂𝑠𝑠𝑠𝑠 denote the workload that employee 𝑘𝑘 ∈ 𝐾𝐾𝑠𝑠 can pro-
vide for skill 𝑠𝑠 within one stage. Within a single stage, an employee can work using only 
one of the multiple skills they master, but may be assigned to multiple projects. 

C. Uncertainty of project durations. During actual project execution, factors such as 
requirement changes, technical difficulties, and differences in employee capability may 
make the project duration 𝑑̃𝑑𝑝𝑝 difficult to specify precisely at the time of the scheduling 
decision. Following the approach of Li et al. [36], this paper characterizes duration uncer-
tainty using a finite scenario set Ω𝑝𝑝. Each scenario 𝜔𝜔 ∈ Ω𝑝𝑝 corresponds to a possible re-
alization of the duration of project 𝑝𝑝, denoted 𝑑𝑑𝑝𝑝(𝜔𝜔); that is, 𝑑𝑑𝑝𝑝(𝜔𝜔) is one possible value 
of the random variable 𝑑̃𝑑𝑝𝑝 under scenario 𝜔𝜔. Scenario 𝜔𝜔 occurs with probability 𝑝𝑝(𝜔𝜔), 
and ∑ 𝑝𝑝(𝜔𝜔)𝜔𝜔∈Ω𝑝𝑝 = 1. 
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D. Stage decisions. At each stage 𝑡𝑡, the project manager faces the following decision 
situation. Having observed the projects that have arrived but not yet been scheduled, as 
well as the projects currently under execution, and given the status of the available human 
resources, the manager decides whether to allocate resources to a project awaiting sched-
uling so as to initiate its execution, and specifically which skills of which employees to 
assign to which projects. This decision requires a trade-off among the limited availability 
of multi-skilled resources, the competition for resources across projects, and the new pro-
jects that may arrive in the future. Specifically, allocating resources immediately to a pro-
ject currently awaiting scheduling may lead to a resource shortage when more urgent 
projects emerge in subsequent stages. Conversely, deferring the allocation will postpone 
the completion time of the current project and may leave existing resources idle. 

E. Cost structure and scheduling objective. Resource allocation incurs two types of 
costs. (a) Fixed cost 𝐶𝐶𝑘𝑘

𝑓𝑓: the fixed charge incurred when employee 𝑘𝑘 is used in a given 
stage. This charge is counted only once within the same stage and varies with the skill 
level of the employee. (b) Variable cost 𝐶𝐶𝑠𝑠𝑠𝑠𝑣𝑣 : the cost incurred per unit of workload that 
employee 𝑘𝑘 performs for skill 𝑠𝑠 in a unit of time, which likewise varies with the skill 
level. Note that 𝐶𝐶𝑠𝑠𝑠𝑠𝑣𝑣  is indexed by both the employee and the skill, so skill-dependent 
variable costs, which are common in knowledge-intensive projects where the same engi-
neer may command different rates for coding and for testing, are directly accommodated 
by the model. The special case in which the variable cost of an employee is identical across 
skills, adopted in the illustrative example of Section 3.2 and in the experiments of Section 
5, is a simplification of this general structure and requires no change to the model or the 
algorithm. Since the project duration depends on the resource allocation plan, assigning a 
more proficient employee may entail a higher per-unit-time cost but can shorten the du-
ration and thereby reduce the number of stages over which costs accumulate. As a result, 
the scheduling decision involves a trade-off between cost and duration. The MSMPDSP 
studied in this paper aims to minimize the total cost of human resources by selecting an 
appropriate resource allocation plan at each stage within the planning horizon 𝐿𝐿. When 
the end of the planning horizon is reached, projects that have not yet been scheduled are 
carried over to the next planning horizon for further processing. We emphasize that the 
scheduling objective is confined to the resource usage costs defined above. The number of 
completed projects and the extent of project delays are not part of the objective function; 
they are reported in Section 5 as complementary evaluation indicators that reveal how a 
cost-oriented policy behaves along dimensions of managerial interest. An extension of the 
model that explicitly penalizes unscheduled and delayed projects is presented in Section 
5.6. 

3.2. Example 

To illustrate the characteristics of the problem more intuitively, this section presents 
an example. The example involves three employees (𝐻𝐻𝐻𝐻1,𝐻𝐻𝐻𝐻2,𝐻𝐻𝐻𝐻3), each of whom mas-
ters two skills, 𝑠𝑠1 and 𝑠𝑠2, but at different proficiency levels. To simplify the example, we 
assume that, for a given employee, the variable cost is identical across skills. The cost pa-
rameters and skill workloads of the employees are shown in Table 1. 

Table 1. Human resource parameters for the example. 

Employee 𝑯𝑯𝑯𝑯𝒌𝒌 Skill 𝒔𝒔𝟏𝟏  
Workload 

Skill 𝒔𝒔𝟐𝟐  
Workload 

Fixed Cost 𝑪𝑪𝒌𝒌
𝒇𝒇 Variable Cost 𝑪𝑪𝒌𝒌𝒗𝒗 

𝐻𝐻𝐻𝐻1 2 3 100 180 
𝐻𝐻𝐻𝐻2 1 1 100 180 
𝐻𝐻𝐻𝐻3 3 3 90 170 
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Assume that the total number of stages in the planning horizon is 𝐿𝐿 = 5. Within the 
planning horizon, two projects (project 1 and project 2) arrive in stage 1, project 3 arrives 
in stage 2, and no new projects arrive in the remaining stages. The detailed project infor-
mation is shown in Table 2. 

Table 2. Project parameters for the example. 

Project 𝑷𝑷 Skill Demand 𝒔𝒔𝟏𝟏 Skill Demand 𝒔𝒔𝟐𝟐 Project Duration 𝒅𝒅𝒑𝒑 
𝑃𝑃1 3 2 1 
𝑃𝑃2 1 2 2 
𝑃𝑃3 2 2 2 

We now describe a feasible scheduling process based on the “maximum-skill-work-
load resource priority” policy. Under this policy, when allocating resources to a particular 
skill of a particular project, priority is given to the human resource with the largest work-
load for that skill in the current stage. Figure 2 illustrates the resource allocation results of 
the scheduling process described above. 

 

Figure 2. Gantt chart of the dynamic multi-skilled scheduling process for the example. Gray blocks 
denote idle (unallocated) employee capacity; dotted vertical lines mark stage boundaries. 

In stage 1, project 1 and project 2 arrive. Resources are first allocated to project 1. Skill 
𝑠𝑠1 requires 3 units of workload, so according to the rule above, 𝐻𝐻𝐻𝐻3 (workload 3) is as-
signed to skill 𝑠𝑠1 of project 1, exactly meeting the demand. Skill 𝑠𝑠2 requires 2 units of 
workload, so 𝐻𝐻𝐻𝐻1 (workload 3) is assigned to skill 𝑠𝑠2. All skill demands of project 1 are 
thus satisfied, and project 1 begins execution. At this point, the remaining resources are 
insufficient to meet the demand of project 2, so project 2 is carried over to the next stage. 

In stage 2, project 3 arrives. Since project 1 has a duration of one stage and was com-
pleted at the end of stage 1, all employees return to the available state. Project 2, which 
was carried over, is scheduled first. According to the allocation rule, its resource demand 
can be met, and project 2 begins execution. Project 3 is then examined; the remaining re-
sources likewise satisfy its demand, so project 3 also begins execution. 

In stage 3, no new projects arrive. Both project 2 and project 3 have a duration of two 
stages and are completed at the end of this stage. No new projects arrive in the subsequent 

Time (𝒕𝒕)
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stages 4 and 5. Based on the employee assignments in each stage, the total cost of human 
resources can be calculated. 

3.3. Markov Decision Process Model 

In the MSMPDSP, the scheduling decision at each stage, namely which projects to 
start and how to allocate multi-skilled human resources, affects not only the current re-
source configuration but also the state of the available resources in subsequent stages. 
Therefore, unlike deterministic static scheduling, the solution to the MSMPDSP is not a 
fixed schedule but rather a scheduling policy 𝜋𝜋. At each decision point, the policy 𝜋𝜋 dy-
namically determines the resource allocation plan according to the currently observed in-
formation about the system state. 

Once the random variables governing project arrivals are fixed, the MSMPDSP re-
duces to the deterministic MSMPSP. Since the latter has been proven to be NP-hard [8], 
the MSMPDSP is also NP-hard. 

3.3.1. Stage 

Definition 1. A stage is a time point at which the decision maker makes a scheduling decision. 

The planning horizon is divided into 𝐿𝐿 stages of unit duration, with 𝑡𝑡 denoting the 
stage index, 𝑡𝑡 = 1, … , 𝐿𝐿. At the beginning of each stage 𝑡𝑡, the decision maker observes the 
current system state and makes a resource allocation decision 𝑎𝑎𝑡𝑡. This decision remains 
unchanged within stage 𝑡𝑡 until the next decision is made at the beginning of stage 𝑡𝑡 + 1. 
Stage 𝑡𝑡 = 1 marks the starting point of scheduling, and stage 𝐿𝐿 is the terminal point of 
the planning horizon. 

3.3.2. States 

The state 𝑆𝑆𝑡𝑡 at stage 𝑡𝑡 consists of two parts: the resource side and the project side. 
The resource-side state describes the availability of each human resource at stage 𝑡𝑡, de-
noted 𝑅𝑅𝑡𝑡 = {[𝑅𝑅𝑡𝑡𝑠𝑠𝑠𝑠]|𝑆𝑆|×|𝐾𝐾|}, where 𝑅𝑅𝑡𝑡𝑠𝑠𝑠𝑠 represents the remaining workload of skill 𝑠𝑠 of em-
ployee 𝑘𝑘 at stage 𝑡𝑡. 𝑅𝑅𝑡𝑡 can be represented by a matrix with |𝑆𝑆| rows and |𝐾𝐾| columns: 

𝑅𝑅𝑡𝑡 =

⎣
⎢
⎢
⎢
⎡ 𝑅𝑅𝑡𝑡

11

𝑅𝑅𝑡𝑡21
𝑅𝑅𝑡𝑡12

𝑅𝑅𝑡𝑡22
… 𝑅𝑅𝑡𝑡

1|𝐾𝐾|

… 𝑅𝑅𝑡𝑡
2|𝐾𝐾|

⋮ ⋮ ⋱ ⋮
𝑅𝑅𝑡𝑡

|𝑆𝑆|1 𝑅𝑅𝑡𝑡
|𝑆𝑆|2 … 𝑅𝑅𝑡𝑡

|𝑆𝑆||𝐾𝐾|⎦
⎥
⎥
⎥
⎤
 ,  (1) 

Each row of the matrix corresponds to a skill, and each column corresponds to a hu-
man resource. The initial state of the system is denoted 𝑆𝑆1 = {[𝑅𝑅1𝑠𝑠𝑠𝑠]|𝑆𝑆|×|𝐾𝐾|}, at which point 
the skill workloads of all employees are at their initial full levels. 

The project-side state describes the execution status of all projects at stage 𝑡𝑡, includ-
ing the set of projects that have arrived but have not yet been scheduled, 𝑃𝑃𝑡𝑡′; the set of 
projects currently under execution, 𝑃𝑃𝑡𝑡𝑐𝑐; and the set of completed projects, 𝑃𝑃𝑡𝑡

𝑓𝑓. Each project 
𝑝𝑝 ∈ 𝑃𝑃𝑡𝑡′ is characterized by its skill demand workloads 𝑊𝑊𝑝𝑝𝑝𝑝, 𝑠𝑠 ∈ 𝑆𝑆. To formalize the track-
ing of active projects, each project 𝑝𝑝 ∈ 𝑃𝑃𝑡𝑡𝑐𝑐 is associated with its remaining duration 𝑑𝑑𝑝𝑝,𝑡𝑡 
and with the resource allocation fixed at its start stage. When project 𝑝𝑝 starts execution 
at stage 𝑡𝑡, its remaining duration is initialized as 𝑑𝑑𝑝𝑝,𝑡𝑡 = 𝑑𝑑𝑝𝑝, and at the end of each stage 
of execution it decreases by one, that is, 𝑑𝑑𝑝𝑝,𝑡𝑡+1 = 𝑑𝑑𝑝𝑝,𝑡𝑡 − 1. Once the remaining duration 
reaches zero, project 𝑝𝑝 is removed from the executing set and added to the completed set, 
and the skill workloads it occupies are released back to the resource-side state through 
the term 𝑀𝑀𝑡𝑡 in Equation (6). In summary, the complete state at stage 𝑡𝑡 can be expressed 
as 𝑆𝑆𝑡𝑡 = (𝑅𝑅𝑡𝑡 ,𝑃𝑃𝑡𝑡′,𝑃𝑃𝑡𝑡𝑐𝑐 ,𝑃𝑃𝑡𝑡

𝑓𝑓), in which 𝑃𝑃𝑡𝑡𝑐𝑐 records the pair (𝑝𝑝,𝑑𝑑𝑝𝑝,𝑡𝑡) for every active project; this 
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state contains all the information required to make a decision at stage 𝑡𝑡 and fully specifies 
the evolution of the projects under execution. 

Corresponding to the state, the exogenous information 𝜔𝜔𝑡𝑡 in our problem refers to 
the random quantities at stage 𝑡𝑡 that are not affected by the decision 𝑎𝑎𝑡𝑡. It consists of two 
parts: (a) whether a new project arrives at stage 𝑡𝑡 and its attributes (the skill demand 
workload 𝑊𝑊𝑝𝑝𝑝𝑝 ); and (b) if a new project arrives, the realized value of its duration 𝑑𝑑𝑝𝑝 , 
drawn from the scenario set Ω𝑝𝑝 with probability 𝑝𝑝(ω). The exogenous information 𝜔𝜔𝑡𝑡 
is observed at the beginning of stage 𝑡𝑡 and subsequently participates in the state transi-
tion from 𝑆𝑆𝑡𝑡 to 𝑆𝑆𝑡𝑡+1. 

3.3.3. Decisions 

At stage 𝑡𝑡, let 𝑃𝑃𝑡𝑡′ denote the set of projects awaiting scheduling, that is, the projects 
that have arrived but have not yet started execution. The project manager must decide 
whether to allocate resources to the projects in 𝑃𝑃𝑡𝑡′. The decision at stage 𝑡𝑡 is denoted 𝑎𝑎𝑡𝑡 
and takes the form of a resource allocation plan 𝑎𝑎𝑡𝑡 = [𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝]|𝑃𝑃|×|𝑆𝑆|×|𝐾𝐾|, where 𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 repre-
sents the workload of skill 𝑠𝑠 of employee 𝑘𝑘 assigned to project 𝑝𝑝 at stage 𝑡𝑡. The deci-
sion must satisfy the following constraints: 

𝑅𝑅𝑡𝑡𝑠𝑠𝑠𝑠 ≥ �𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑝𝑝∈𝑃𝑃

,∀𝑠𝑠 ∈ 𝑆𝑆, 𝑘𝑘 ∈ 𝐾𝐾, 𝑡𝑡 = 1, … , 𝐿𝐿, (2) 

�𝑧𝑧𝑘𝑘𝑘𝑘𝑡𝑡
𝑠𝑠∈𝑆𝑆

≤ 1,∀ 𝑘𝑘 ∈ 𝐾𝐾 , (3) 

𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ≥ 0 , 𝑧𝑧𝑘𝑘𝑘𝑘𝑡𝑡 ∈ {0,1} , (4) 

Constraint (2) ensures that, for each employee 𝑘𝑘, the total workload of skill 𝑠𝑠 allo-
cated across all projects does not exceed the employee’s remaining workload. In constraint 
(3), 𝑧𝑧𝑘𝑘𝑘𝑘𝑡𝑡   indicates whether employee 𝑘𝑘  uses skill 𝑠𝑠  at stage 𝑡𝑡 ; this constraint requires 
that each employee can use at most one skill within a single stage. When 𝑧𝑧𝑘𝑘𝑘𝑘𝑡𝑡 = 0 for all 
𝑠𝑠 ∈ 𝑆𝑆, employee 𝑘𝑘 remains idle at stage 𝑡𝑡 and incurs no cost, which occurs, for instance, 
when no project awaits scheduling or when deploying the employee is not cost-effective. 

Constraint (4) defines the ranges of the decision variable and the auxiliary variable. 
When the remaining resources in a stage are insufficient to meet the execution require-
ments of any project, the default decision is taken, namely no project is scheduled. 

Let 𝐴𝐴 denote the decision space consisting of all possible resource allocation plans, 
and let 𝐴𝐴𝑡𝑡 ⊆ 𝐴𝐴 denote the set of feasible resource allocation plans at stage 𝑡𝑡. Then 𝑎𝑎𝑡𝑡 ∈
𝐴𝐴𝑡𝑡. 

3.3.4. State Transition Function 

Let 𝑇𝑇(·) be the state transition function from the current stage 𝑡𝑡 to the next stage 
𝑡𝑡 + 1: 

𝑆𝑆𝑡𝑡+1 = 𝑇𝑇(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 ,𝜔𝜔𝑡𝑡),  (5) 

where 𝜔𝜔𝑡𝑡 is the exogenous random information at the current stage 𝑡𝑡, that is, whether a 
new project arrives and its attributes. The state 𝑆𝑆𝑡𝑡+1 at stage 𝑡𝑡 + 1 depends only on the 
current state 𝑆𝑆𝑡𝑡, the current decision 𝑎𝑎𝑡𝑡, and the exogenous information 𝜔𝜔𝑡𝑡, thereby sat-
isfying the Markov property. 

The state transition equation can be expressed specifically as: 

𝑅𝑅𝑡𝑡+1𝑠𝑠𝑠𝑠 = 𝑅𝑅𝑡𝑡𝑠𝑠𝑠𝑠 − � 𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑝𝑝∈𝑃𝑃𝑡𝑡

′

+ � 𝑚𝑚
𝑚𝑚∈𝑀𝑀𝑡𝑡

,∀𝑘𝑘 ∈ 𝐾𝐾, 𝑠𝑠 ∈ 𝑆𝑆, (6) 
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where 𝑀𝑀𝑡𝑡 = {𝑚𝑚𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝: 𝑠𝑠 ∈ 𝑆𝑆, 𝑘𝑘 ∈ 𝐾𝐾,∀𝑝𝑝 ∈ 𝑃𝑃} collects the skill workloads released at stage 𝑡𝑡 
by project completions; specifically, 𝑚𝑚𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 equals the workload of skill 𝑠𝑠 of employee 𝑘𝑘 
occupied by project 𝑝𝑝 if the remaining duration of 𝑝𝑝 reaches zero at stage 𝑡𝑡, and equals 
zero otherwise. Equation (6) shows that the state update consists of three parts: the current 
remaining workload, the workload consumed by scheduling new projects (the subtractive 
term), and the workload released by project completions (the additive term). 

The basic idea of the state transition is to update the state variables according to the 
decision made in the previous stage and the random information observed in the current 
stage. At stage 𝑡𝑡, the decision maker observes the current system state and makes a deci-
sion 𝑎𝑎𝑡𝑡, after which the projects continue execution. Upon entering the next stage 𝑡𝑡 + 1, 
the decision maker observes the exogenous information 𝜔𝜔𝑡𝑡+1 (whether a new project ar-
rives) and checks whether any project was completed in the previous stage and released 
its resources. The system state 𝑆𝑆𝑡𝑡+1 is updated accordingly, and the decision 𝑎𝑎𝑡𝑡+1 is then 
made. This process continues until the end of the planning horizon. 

3.3.5. Cost Function 

After the scheduling decision 𝑎𝑎𝑡𝑡 is made at stage 𝑡𝑡, the human resource usage re-
mains unchanged from stage 𝑡𝑡 to stage 𝑡𝑡 + 1 for all projects to which resources are allo-
cated at stage 𝑡𝑡. Accordingly, we define the single-stage cost function 𝑓𝑓(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1) to 
measure the human resource cost incurred by taking decision 𝑎𝑎𝑡𝑡 in state 𝑆𝑆𝑡𝑡. 

𝑓𝑓(𝑆𝑆𝑡𝑡 , 𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1) = ����𝐶𝐶𝑠𝑠𝑠𝑠𝑣𝑣 × �𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑝𝑝∈𝑃𝑃

�
𝑠𝑠∈𝑆𝑆

� +
𝑘𝑘∈𝐾𝐾

��𝐻𝐻���𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑝𝑝∈𝑃𝑃𝑠𝑠∈𝑆𝑆

� × 𝐶𝐶𝑘𝑘
𝑓𝑓�

𝑘𝑘∈𝐾𝐾

, (7) 

where 𝐻𝐻(𝑥𝑥) = 1 if 𝑥𝑥 > 0 and 𝐻𝐻(𝑥𝑥) = 0 if 𝑥𝑥 = 0 is an indicator function. The first part 
of Equation (7) represents the variable cost, that is, the cost incurred by employees per-
forming skills, while the second part represents the fixed cost. The indicator function 
𝐻𝐻(𝑥𝑥) ensures that the fixed cost of the same employee is counted only once within a single 
stage. A smaller value of the cost function indicates that the resource allocation plan in 
that stage is better in terms of cost control. From a managerial standpoint, charging the 
fixed cost on a per-stage basis reflects the recurring coordination, communication, and 
administrative overhead that arises whenever an employee is mobilized in a period, such 
as stand-up meetings, progress reporting, and task handovers in knowledge-intensive or-
ganizations. This treatment follows the fixed and variable cost structure introduced for 
multi-skilled project scheduling by Correia and Saldanha-da-Gama [29]. Fixed costs tied 
to project onboarding or to whole contract durations can also be captured within this 
framework by charging the corresponding amount once at the project start stage, which 
requires only a reinterpretation of 𝐶𝐶𝑘𝑘

𝑓𝑓 and no structural change to the model. 

3.3.6. Optimality Equation 

Let 𝐽𝐽𝑡𝑡(𝑆𝑆𝑡𝑡) denote the expected minimum cumulative cost starting from stage 𝑡𝑡 to 
the end of the planning horizon 𝐿𝐿, with state 𝑆𝑆𝑡𝑡 as the starting point, and define the ter-
minal value 𝐽𝐽𝐿𝐿(𝑆𝑆𝐿𝐿) = 0. The optimality equation (the Bellman optimality equation) is then: 

𝐽𝐽𝑡𝑡(𝑆𝑆𝑡𝑡) = min
𝑎𝑎𝑡𝑡∈𝐴𝐴𝑡𝑡

{𝑓𝑓(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1) + 𝐸𝐸[𝐽𝐽𝑡𝑡+1(𝑇𝑇(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 ,𝜔𝜔𝑡𝑡))]}, (8) 

Solving the equation above yields the optimal decision 𝑎𝑎𝑡𝑡(𝜋𝜋∗) under the optimal de-
cision sequence 𝜋𝜋∗. Equation (8) shows that the optimal decision 𝑎𝑎𝑡𝑡(𝜋𝜋∗) at stage 𝑡𝑡 is the 
allocation plan in 𝐴𝐴𝑡𝑡 that minimizes the sum of the immediate cost of the current stage 
and the cost-to-go function of the next stage. By letting 𝑡𝑡 range from 1 to 𝐿𝐿 − 1 and solv-
ing Equation (8) stage by stage, the optimal scheduling policy for each stage can be ob-
tained. This is also the fundamental idea of dynamic programming. 
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However, owing to the NP-hard nature of the MSMPDSP and the presence of uncer-
tainty, the dimensionality of the state space grows exponentially with the project scale. 
Solving Equation (8) directly is hampered by the curse of dimensionality in the cost-to-go 
function 𝐽𝐽𝑡𝑡+1(𝑆𝑆𝑡𝑡+1). Therefore, an approximate dynamic programming algorithm needs 
to be designed to solve Equation (8) efficiently, which will be discussed in Section 4. 

4. Rollout-Based ADP Algorithm 
This section designs a Rollout-based ADP algorithm to efficiently solve the MDP 

model presented in Section 3.3. 
Research on ADP originates from two fields: dynamic programming in operations 

research [45] and reinforcement learning in artificial intelligence [46]. A common strategy 
for designing an ADP algorithm is to replace the cost-to-go function 𝐽𝐽𝑡𝑡+1(𝑆𝑆𝑡𝑡+1) in Equa-
tion (8) with an approximation term. This approximation term should be not only easy to 
compute but also as accurate as possible in estimating the value of the cost-to-go function 
[15,46]. The rollout policy is an effective way of constructing such an approximation term, 
and is particularly suitable for combinatorial optimization problems [47]. In a rollout pol-
icy, a set of pre-designed heuristic rules (referred to as the base policy) is used to compute 
an approximate value of 𝐽𝐽𝑡𝑡+1(𝑆𝑆𝑡𝑡+1). In this sense, the rollout policy can be regarded as a 
heuristic version of the policy iteration algorithm in dynamic programming [48]. It has 
been successfully applied to resource-constrained project scheduling problems [16]. 

Our rollout-based ADP algorithm is specifically tailored to the particular structure of 
multi-skilled multi-project scheduling, with dedicated designs in the following three as-
pects. First, in terms of constructing the decision space, to address the issue that the deci-
sion space of the MSMPDSP grows exponentially with the number of skills and resources, 
we construct a finite decision space consisting of ten representative resource allocation 
policies, based on heuristic strategies and priority rules from the two dimensions of re-
source selection and project selection (see Section 4.2). This reduces the number of candi-
date decisions to be evaluated at each stage from exponential to constant order, enabling 
the algorithm to solve large-scale problems efficiently. Second, in terms of approximating 
the cost-to-go function, we approximate 𝐽𝐽𝑡𝑡+1(𝑆𝑆𝑡𝑡+1) in Equation (8) through Monte Carlo 
simulation combined with a randomized base policy. For each candidate decision, the ar-
rivals of projects in future stages are randomly generated according to the probability dis-
tribution of project arrivals, and a randomized base policy is used in the simulated future 
stages to quickly make allocation decisions, so as to estimate the future cumulative cost 
(see Section 4.1). This approach fully accounts for the influence of random project arrivals 
on subsequent resource states. Third, the algorithm operates in a closed-loop manner, 
making decisions at each stage based only on the currently observed information, which 
enables it to adapt to a dynamically changing project environment. 

This section is organized as follows. Section 4.1 introduces how the Monte Carlo sim-
ulation-based rollout policy approximates the cost-to-go function. Section 4.2 describes 
the construction method of the decision space. Section 4.3 presents the overall framework 
of the algorithm. 

4.1. Monte Carlo Simulation-Based Rollout Policy 

This paper approximates the cost-to-go function in Equation (8) using Monte Carlo 
simulation combined with a base policy. At each stage 𝑡𝑡, for the candidate decisions 𝑎𝑎𝑡𝑡 ∈
𝐴𝐴𝑡𝑡, the rollout policy determines the approximate optimal decision 𝑎𝑎�𝑡𝑡 as follows: 

𝑎𝑎�𝑡𝑡 = 𝑎𝑎𝑎𝑎𝑎𝑎 min
𝑎𝑎𝑡𝑡∈𝐴𝐴𝑡𝑡

{𝑓𝑓(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1) + 𝐸𝐸[𝐽𝐽𝑡𝑡+1𝑀𝑀𝑀𝑀 (𝑆𝑆𝑡𝑡+1)]}, (9) 

where 𝐸𝐸[𝐽𝐽𝑡𝑡+1𝑀𝑀𝑀𝑀 (𝑆𝑆𝑡𝑡+1)] is the approximate value of the cost-to-go function obtained through 
Monte Carlo simulation and the base policy. In each simulation, the base policy is used to 
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quickly make decisions in the subsequent stages from 𝑡𝑡 + 1 to 𝐿𝐿, so as to estimate the 
cumulative cost of the future stages. 

The computation of 𝐸𝐸[𝐽𝐽𝑡𝑡+1𝑀𝑀𝑀𝑀 (𝑆𝑆𝑡𝑡+1)] proceeds as follows. For each candidate decision 
𝑎𝑎𝑡𝑡 at the current stage 𝑡𝑡, the immediate cost 𝑓𝑓(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1) incurred by executing this de-
cision is first computed. Then 𝑁𝑁 Monte Carlo simulations are performed. In each simu-
lation 𝑛𝑛, the arrivals of projects in the future stages from 𝑡𝑡 + 1 to 𝐿𝐿 are randomly gen-
erated according to the probability distribution of project arrivals, and at each simulated 
stage the base policy ℎ ∈ 𝐻𝐻 is used to quickly make resource allocation decisions. The 
cost 𝑅𝑅𝑛𝑛 incurred during the simulation is accumulated. After 𝑁𝑁 simulations are com-
pleted, the evaluation value of candidate decision 𝑎𝑎𝑡𝑡 is: 

𝑉𝑉(𝑎𝑎𝑡𝑡) = 𝑓𝑓(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1) +
1
𝑁𝑁
� 𝑅𝑅𝑛𝑛

𝑁𝑁

𝑛𝑛=1
, (10) 

In Equation (10), the first term is the immediate cost, and the second term is the av-
erage future cumulative cost over the 𝑁𝑁 simulations. Finally, the candidate decision with 
the smallest evaluation value is selected as the actual decision for the current stage, that 
is, 𝑎𝑎�𝑡𝑡 =  𝑎𝑎𝑎𝑎𝑎𝑎 min

𝑎𝑎𝑡𝑡∈𝐴𝐴𝑡𝑡
𝑉𝑉(𝑎𝑎𝑡𝑡). 

Regarding the choice of the base policy, we compared three base policies in prelimi-
nary experiments: (a) a randomized policy, which randomly selects a decision from the 
decision space at each simulated stage; (b) a round-robin policy, which selects decisions 
in turn according to a predefined order; and (c) a minimum-cost policy, which selects the 
decision with the lowest immediate cost. The results show that the randomized policy, 
through diversified exploration, can cover a broader range of the policy space and 
achieves a better balance in terms of total cost (see Section 5.3). Therefore, this paper 
adopts the randomized policy as the base policy. 

The number of Monte Carlo simulations 𝑁𝑁  affects the accuracy of the cost-to-go 
function estimation. A larger 𝑁𝑁 yields a more accurate estimate but also increases the 
computation time accordingly. The experimental results in Section 5.3 will analyze the 
influence of different values of 𝑁𝑁 on the performance of the algorithm. Algorithm 1 pre-
sents the pseudocode of the decision value estimation procedure. 

Algorithm 1. Monte Carlo simulation-based decision value estimation 
Input: current state 𝑆𝑆𝑡𝑡, feasible decision set 𝐴𝐴𝑡𝑡, set of projects awaiting scheduling 𝑃𝑃′, number of simulations 𝑁𝑁, set 
of base policies 𝐻𝐻 
Output: approximate optimal decision 𝑎𝑎𝑡𝑡∗ 
1 For each 𝑎𝑎𝑡𝑡 ∈ 𝐴𝐴𝑡𝑡 do 
2 If 𝑎𝑎𝑡𝑡 can satisfy the resource demand of some project in 𝑃𝑃′ then 
3     Simulate the execution of decision 𝑎𝑎𝑡𝑡, and compute the immediate cost 𝑟𝑟𝑡𝑡 ← 𝑓𝑓(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1); 
4   Else 
5     𝑟𝑟𝑡𝑡 ← 0; 
6   End if 
7   𝑅𝑅𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ← 0; 
8   For 𝑛𝑛 = 1 to 𝑁𝑁 do 
9     Save a state snapshot: 𝑆𝑆 ← 𝑆𝑆𝑡𝑡+1; 𝑃𝑃 ←a copy of 𝑃𝑃′; 
10     𝑅𝑅𝑛𝑛 ← 0; 
11     Select a base policy ℎ from the set of base policies 𝐻𝐻; 
12     For 𝜏𝜏 = 𝑡𝑡 + 1 to 𝐿𝐿 do 
13       Simulate by probability whether a new project arrives at stage 𝜏𝜏; 
14       If a new project arrives then update 𝑃𝑃; 
15       End if 
16       Check and process completed projects, release resources, and update 𝑆𝑆; 
17       If 𝑃𝑃 ≠ ∅ and a feasible allocation exists then 

https://doi.org/10.3390/systems14080911


Systems 2026, 14, 911 15 of 34 
 

https://doi.org/10.3390/systems14080911 

18         Select decision 𝑎𝑎𝜏𝜏 according to base policy ℎ; 
19         𝑅𝑅𝑛𝑛 ← 𝑅𝑅𝑛𝑛 + 𝑓𝑓(𝑆𝑆,𝑎𝑎𝜏𝜏, 𝑆𝑆′); 
20         Update state 𝑆𝑆 and the project set; 
21       End if 
22     End for 
23     𝑅𝑅𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ← 𝑅𝑅𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 + 𝑅𝑅𝑛𝑛; 
24   End for 
25   𝑉𝑉(𝑎𝑎𝑡𝑡) ← 𝑟𝑟𝑡𝑡 + 𝑅𝑅𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ∕ 𝑁𝑁; 
26 End for 
27 𝑎𝑎𝑡𝑡∗ ← 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡∈𝐴𝐴𝑡𝑡𝑉𝑉(𝑎𝑎𝑡𝑡); 
28 Return 𝑎𝑎𝑡𝑡∗ 

4.2. Decision Space Construction 

In the MSMPDSP, a decision corresponds to the specific allocation plan of multi-
skilled human resources across projects. Since both the number of skills |𝑆𝑆| and the num-
ber of human resources |𝐾𝐾| are discrete parameters, the complete decision space expands 
rapidly as these parameters increase. At each stage 𝑡𝑡, if all possible resource allocation 
plans are enumerated without restriction, the number of candidate decisions grows expo-
nentially. To enable our ADP algorithm to evaluate all candidate decisions within a rea-
sonable time, it is necessary to reduce the decision space effectively. 

To this end, based on different priority rules and resource allocation logics, we con-
struct ten representative decisions that together form the decision space 𝐴𝐴 of the algo-
rithm. Each decision policy is designed along two dimensions: (a) the resource selection 
dimension, that is, which employee is given priority when allocating a particular skill; and 
(b) the project selection dimension, that is, which project’s skill demand is given priority. 
Table 3 lists the definitions of the ten decision policies. 

Table 3. Ten resource allocation policies in the decision space. 

No. Resource Selection  
Dimension 

Project Selection  
Dimension 

Policy Description 

𝑎𝑎𝑎𝑎1 Maximum skill workload Default order Give priority to the employee with the largest current skill 
workload 

𝑎𝑎𝑎𝑎2 Minimum skill workload Default order 
Give priority to the employee with the smallest current skill 

workload 
𝑎𝑎𝑎𝑎3 Maximum cost Default order Give priority to the employee with the highest cost 
𝑎𝑎𝑎𝑎4 Minimum cost Default order Give priority to the employee with the lowest cost 

𝑎𝑎𝑎𝑎5 Maximum total work-
load 

Default order Give priority to the employee with the largest total workload 
across all skills 

𝑎𝑎𝑎𝑎6 Minimum total workload Default order Give priority to the employee with the smallest total work-
load across all skills 

𝑎𝑎𝑎𝑎7 Maximum skill workload 
Largest-demand  

project first 
Select the project with the largest skill demand first, then as-

sign the employee strongest in that skill 

𝑎𝑎𝑎𝑎8 Minimum skill workload Largest-demand  
project first 

Select the project with the largest skill demand first, then as-
sign the employee weakest in that skill 

𝑎𝑎𝑎𝑎9 Maximum skill workload Smallest-demand 
project first 

Select the project with the smallest skill demand first, then 
assign the employee strongest in that skill 

𝑎𝑎𝑎𝑎10 Minimum skill workload 
Smallest-demand 

project first 
Select the project with the smallest skill demand first, then 

assign the employee weakest in that skill 

The ten policies above are constructed as a structured, rather than arbitrary, sample 
of the allocation logics available to a project manager. Along the resource selection dimen-
sion, 𝑎𝑎𝑎𝑎1 to 𝑎𝑎𝑎𝑎6 exhaust the three natural ordering criteria for employees, namely single-
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skill workload, cost, and total workload, each in ascending and descending directions, 
and thereby embody the logics of capability first (𝑎𝑎𝑎𝑎1), load balancing (𝑎𝑎𝑎𝑎2), high-value 
first (𝑎𝑎𝑎𝑎3), cost saving (𝑎𝑎𝑎𝑎4), comprehensive capability first (𝑎𝑎𝑎𝑎5), and comprehensive bal-
ancing (𝑎𝑎𝑎𝑎6 ). Along the project selection dimension, 𝑎𝑎𝑎𝑎7  to 𝑎𝑎𝑎𝑎10  combine the two ex-
treme project orderings, largest demand first and smallest demand first, with the two ex-
treme resource orderings, so that the interaction between project urgency and resource 
strength is also represented. The set therefore covers both corner strategies and balanced 
strategies in the two-dimensional design space, while any additional rule would increase 
the per-stage evaluation effort linearly without introducing a qualitatively new logic. 

Through this construction, the algorithm needs to evaluate only ten candidate deci-
sions at each stage. Compared with enumerating all feasible resource allocation plans, 
whose number grows exponentially with 𝑆𝑆 and 𝐾𝐾, this reduces the search to constant 
order while preserving diverse decision logics, and the rollout mechanism further com-
pensates for the coarseness of any single rule by evaluating every candidate under simu-
lated future uncertainty. It should be stressed, however, that the restricted decision space 
is a tractable approximation of the complete action space and does not guarantee global 
optimality; the magnitude of the resulting gap relative to full-action benchmarks is quan-
tified empirically on small instances in Section 5.4.3. This design rationale is similar to the 
method of constructing base policies through priority rules in Li and Womer [15], but is 
extended to address the characteristics of multi-skilled multi-project scheduling. 

4.3. Framework of Our ADP Algorithm 

Based on the rollout policy and decision space described above, this section presents 
the overall framework of our ADP algorithm. Algorithm 2 shows its pseudocode. The 
algorithm takes as input the set of human resources 𝐾𝐾, the set of skills 𝑆𝑆, the cost param-
eters 𝐶𝐶𝑘𝑘

𝑓𝑓 and 𝐶𝐶𝑠𝑠𝑠𝑠𝑣𝑣 , the planning horizon 𝐿𝐿, the number of Monte Carlo simulations 𝑁𝑁, the 
decision space 𝐴𝐴, and the set of base policies 𝐻𝐻. It outputs the total cost 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 and the 
decision sequence 𝜋𝜋∗ generated by the rollout policy. 

The main procedure of the algorithm is as follows. First, the decision sequence 𝜋𝜋∗, 
the total cost 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡, the stage variable 𝑡𝑡, the state variable 𝑆𝑆𝑡𝑡, and the various project sets 
are initialized. The algorithm then executes stage by stage starting from stage 𝑡𝑡 = 1. At 
the beginning of each stage 𝑡𝑡, the algorithm first checks whether a new project arrives, 
and if so, updates the project set 𝑃𝑃 and the set of projects awaiting scheduling 𝑃𝑃′. Next, 
it checks whether any project under execution is completed in the current stage; if so, the 
resources occupied by the project are released and the state 𝑆𝑆𝑡𝑡 is updated. After that, if 
there are projects awaiting scheduling and the resource conditions permit, the algorithm 
invokes the decision value estimation procedure in Algorithm 1 to select the approximate 
optimal decision 𝑎𝑎𝑡𝑡∗ for the current stage, executes this decision, and updates the relevant 
variables. If no project can be scheduled in the current stage, the default decision is taken. 
At the end of each stage, the immediate cost is added to 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡, the decision 𝑎𝑎𝑡𝑡∗ is ap-
pended to the decision sequence 𝜋𝜋∗, and the system is advanced to the next stage through 
the state transition function. After all stages are completed, the algorithm outputs the total 
cost 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 and the decision sequence 𝜋𝜋∗. 

 
Algorithm 2. Rollout-based ADP algorithm 
Input: set of human resources 𝐾𝐾, set of skills 𝑆𝑆, cost parameters 𝐶𝐶𝑘𝑘

𝑓𝑓 and 𝐶𝐶𝑠𝑠𝑠𝑠𝑣𝑣 , planning horizon 𝐿𝐿, number of Monte 
Carlo simulations 𝑁𝑁, decision space 𝐴𝐴, set of base policies 𝐻𝐻 
Output: total cost 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡, decision sequence 𝜋𝜋∗ 
1 Initialize: 𝜋𝜋∗ ← ∅; 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ← 0; 
2 Initialize: 𝑡𝑡 = 1; 𝑆𝑆𝑡𝑡 = 𝑆𝑆1;  𝑃𝑃 ← ∅; 𝑃𝑃𝑓𝑓 ← ∅;  𝑃𝑃𝑐𝑐 ← ∅; 𝑃𝑃′ ← ∅; 
3 For 𝑡𝑡 = 1 to 𝐿𝐿 do 
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4 If a new project 𝑃𝑃𝑡𝑡 arrives in the current stage then 
5     𝑃𝑃 ← 𝑃𝑃 ∪ {𝑃𝑃𝑡𝑡}; 𝑃𝑃′ ← 𝑃𝑃′ ∪ {𝑃𝑃𝑡𝑡}; 
6   End if 
7   For each 𝑝𝑝 ∈ 𝑃𝑃𝑐𝑐 do 
8     If project 𝑝𝑝 is completed in stage 𝑡𝑡 then 
9       𝑃𝑃𝑐𝑐 ← 𝑃𝑃𝑐𝑐 ∖ {𝑝𝑝}; 𝑃𝑃𝑓𝑓 ← 𝑃𝑃𝑓𝑓 ∪ {𝑝𝑝}; 
10       Release the resources occupied by project 𝑝𝑝 and update state 𝑆𝑆𝑡𝑡; 
11     End if 
12   End for 
13   If 𝑃𝑃′ ≠ ∅ and a feasible decision exists then 
14     𝑎𝑎𝑡𝑡∗ ← 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(𝑆𝑆𝑡𝑡 ,𝐴𝐴𝑡𝑡,𝑃𝑃′,𝑁𝑁,𝐻𝐻); 
15     Execute 𝑎𝑎𝑡𝑡∗: schedule the corresponding project 𝑝𝑝∗ and allocate resources; 
16     𝑟𝑟𝑡𝑡 ← 𝑓𝑓(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡∗, 𝑆𝑆𝑡𝑡+1); 
17     Update: 𝑃𝑃𝑐𝑐 ← 𝑃𝑃𝑐𝑐 ∪ {𝑝𝑝∗}; 𝑃𝑃′ ← 𝑃𝑃′ ∖ {𝑝𝑝∗}; 
18   Else 
19     Default decision 𝑎𝑎𝑡𝑡∗ ← 𝑎𝑎0 (the empty allocation; no project is scheduled); 𝑟𝑟𝑡𝑡 ← 0; 
20   End if 
21   𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 ← 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝑟𝑟𝑡𝑡; 
22   𝜋𝜋∗ ← 𝜋𝜋∗ ∪ {𝑎𝑎𝑡𝑡∗}; 
23   State transition: 𝑆𝑆𝑡𝑡+1 ← 𝑇𝑇(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡∗,𝜔𝜔𝑡𝑡); 
24 End for 
25 Return 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 and 𝜋𝜋∗ 

Several points regarding Algorithm 2 are noted as follows. First, since the random 
event corresponding to whether a project arrives is unknown until it occurs, the algorithm 
makes decisions at each stage based only on the currently observed information. Second, 
the algorithm does not enumerate all possible decision combinations in 𝐴𝐴𝑡𝑡, but instead 
restricts the evaluation scope to a manageable scale through the ten policies constructed 
in Section 4.2. Third, the algorithm can be used online; that is, during project execution, 
whenever a new project arrives or a project is completed, the algorithm runs to determine 
which projects should be scheduled in the current stage. Figure 3 depicts the flowchart of 
the proposed algorithm, in which the rollout decision evaluation is embedded within the 
stage-by-stage loop, and the MDP state is updated as projects arrive and complete. 

In addition, the efficiency advantage of the proposed algorithm is reflected in two 
aspects. On the one hand, the reduction in the decision space means that only ten candi-
date decisions need to be evaluated at each stage. On the other hand, the base policy used 
in the Monte Carlo simulation is simple to compute, so the overhead of each simulation is 
low. Therefore, the algorithm can solve large-scale problems within a reasonable compu-
tation time, which will be verified in the experiments in Section 5. 

Finally, it should be noted that 𝜋𝜋∗ is optimal only with respect to the restricted de-
cision space 𝐴𝐴 and the simulation-based approximation of the cost-to-go function; it is 
not guaranteed to coincide with the global optimum over the complete action space, a 
point examined empirically in Section 5.4.3. 
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Figure 3. Flowchart of the rollout-based ADP algorithm. The superscript asterisk denotes the se-
lected (approximately optimal) decision. 

5. Computational Experiments 
This section evaluates the performance of our ADP algorithm through computational 

experiments. Section 5.1 introduces the generation method of the benchmark dataset. Sec-
tion 5.2 defines the performance measures. Section 5.3 determines the parameters of our 
ADP algorithm through preliminary experiments. Section 5.4 reports and analyzes the 
computational results. Section 5.5 presents the sensitivity analysis. Section 5.6 extends the 
model and the algorithm to penalty-augmented objectives. All algorithms were imple-
mented in Python 3.8. The computational experiments were conducted on a Linux cluster, 
where each compute node was equipped with two Intel Xeon processors (96 cores in total) 
and 384 GB of memory, and tasks were submitted in an exclusive-node mode. 

5.1. Benchmark Dataset 

Since no standard benchmark dataset exists for our problem, we generate problem 
instances based on the Project Scheduling Problem Library (PSPLIB) [49], as detailed be-
low. 

Whether a new project arrives in each stage is drawn from a Bernoulli distribution 
with arrival probability 𝑝𝑝 = 0.5. For each arriving project, the workload required for skill 
𝑠𝑠 , denoted 𝑊𝑊𝑝𝑝𝑝𝑝 , is drawn from a uniform distribution 𝑈𝑈(0,𝑎𝑎 × 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) , 
where 𝑎𝑎 = 0.2  is a coefficient that controls the range of the required workload, and 
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 is the sum of the working capacities of all human resources for that 
skill. The per-unit-time working capacity 𝜂𝜂𝑠𝑠𝑠𝑠 of each employee 𝑘𝑘 for skill 𝑠𝑠 is drawn 
from a uniform distribution 𝑈𝑈(1,10). The cost of an employee is proportional to their skill 
level and is generated from the interval [𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚⁄ , 𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚⁄ ]. 

For the project durations, a scenario set Ω𝑝𝑝 = {1,2, … ,7} is constructed in advance for 
each project 𝑝𝑝, with each scenario occurring with probability 𝑝𝑝(𝜔𝜔) = 1

7
. When a project 

arrives in the system, a duration realization 𝑑𝑑𝑝𝑝  is drawn from Ω𝑝𝑝  according to 𝑝𝑝(𝜔𝜔) , 

Initialize: 

① Observe 𝜔𝜔𝑡𝑡 : project arrival, demand 𝑊𝑊𝑝𝑝𝑠𝑠 , duration 𝑑𝑑𝑝𝑝𝜔𝜔

② Update sets ; release completed → update 

Project schedulable? Default: no scheduling

For each 𝑎𝑎𝑡𝑡 ∈ 𝐴𝐴 (10 𝑝𝑝𝐷𝐷𝐷𝐷𝑎𝑎𝑎𝑎𝑎𝑎𝐷𝐷𝑠𝑠)

(a) Immediate cost 𝑓𝑓(𝑆𝑆𝑡𝑡 , 𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1)

(b) Simulate stages 𝑡𝑡 + 1 … 𝐿𝐿 via base policy, accumulate 𝐻𝐻𝑛𝑛(𝑛𝑛 = 1 …𝑁𝑁)

(c) 𝑉𝑉 𝑎𝑎𝑡𝑡 = 𝑓𝑓 𝑆𝑆𝑡𝑡 , 𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1 + 1
𝑁𝑁

𝐻𝐻𝑛𝑛𝑁𝑁
𝑛𝑛=1

Select 𝑎𝑎𝑡𝑡∗ = 𝑎𝑎𝑎𝑎𝑎𝑎min
𝑎𝑎𝑡𝑡∈𝐴𝐴

𝑉𝑉 𝑎𝑎𝑡𝑡

③ Execute 𝑎𝑎𝑡𝑡∗ ; update 𝐶𝐶𝑡𝑡𝐷𝐷𝑡𝑡𝑎𝑎𝐷𝐷 ,𝜋𝜋∗; transition 𝑆𝑆𝑡𝑡+1 = 𝑇𝑇(𝑆𝑆𝑡𝑡 , 𝑎𝑎𝑡𝑡∗,𝜔𝜔𝑡𝑡)

𝑡𝑡 < 𝐿𝐿 ?

Output: minimized 𝐶𝐶𝑡𝑡𝐷𝐷𝑡𝑡𝑎𝑎𝐷𝐷 , optimal policy 𝜋𝜋∗

Stage loop:  𝑡𝑡 = 1 … 𝐿𝐿

Rollout decision evaluation

MDP  State  

Rows = Skills,
Columns = Resources;
Cell = Remaining Workload

No

Yes

Yes

No
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and 𝑑𝑑𝑝𝑝 then remains fixed throughout the entire life cycle of the project. This realization 
is consistent with the setting in Section 3.1, and the scenario structure is retained so that 
the framework can later be extended to non-uniform distributions. The parameter values 
involved in the experiments are summarized in Table 4. 

Table 4. Parameter settings of the dataset. 

Type Parameter Range 
Project Number of required skill types ‖𝑆𝑆‖ {3,7,10} 

Skill workload requirement 𝑊𝑊𝑝𝑝𝑝𝑝 𝑈𝑈(0,0.2 × 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) 
Duration scenario set Ω𝑝𝑝 {1,2, … ,7}, 𝑝𝑝(𝜔𝜔) = 1

7
 

Human  
resources 

Number of human resources ‖𝐾𝐾‖ {5,10,15} 
Skill working capacity 𝜂𝜂𝑠𝑠𝑠𝑠 𝑈𝑈(1,10) 

Variable cost 𝐶𝐶𝑠𝑠𝑠𝑠𝑣𝑣  and fixed cost 𝐶𝐶𝑘𝑘
𝑓𝑓 [𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚⁄ , 𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑚𝑚𝑚𝑚𝑚𝑚⁄ ] 

Environment Project arrival probability 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(0.5) 

5.2. Performance Measures 

We adopt the following six measures to evaluate the performance of the algorithms. 
(1) Total cost 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝑟𝑟𝑡𝑡𝐿𝐿

𝑡𝑡=1 , where 𝑟𝑟𝑡𝑡 is the human resource cost incurred in stage 
𝑡𝑡. This measure corresponds directly to the objective function of the MDP model. 

(2) Project completion per unit cost 𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 𝑃𝑃𝑓𝑓 ∕ 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡, which measures the num-
ber of projects that can be completed per unit of cost. A larger value indicates higher cost 
efficiency. 

(3) Average human resource utilization 𝐾𝐾𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 1
𝐿𝐿
∑ ∑ 𝑥𝑥𝑘𝑘𝑘𝑘∈𝐾𝐾

𝐾𝐾
𝐿𝐿
𝑡𝑡=1 , where 𝑥𝑥𝑘𝑘 ∈ {0,1} indi-

cates whether employee 𝑘𝑘 is used in the current stage. Under comparable project com-
pletion rates, a lower utilization indicates a more economical resource allocation. 

(4) Project completion rate 𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑃𝑃𝑓𝑓 ∕ 𝑃𝑃 , that is, the ratio of the number of com-
pleted projects to the total number of arriving projects. This measure reflects the schedul-
ing capability of the algorithm. 

(5) Total delay stages 𝑇𝑇𝑇𝑇𝑇𝑇 = ∑ 𝐷𝐷𝑡𝑡𝐿𝐿
𝑡𝑡=1 , where 𝐷𝐷𝑡𝑡 is the number of projects that have 

not yet started in stage 𝑡𝑡. A smaller 𝑇𝑇𝑇𝑇𝑇𝑇 indicates better scheduling timeliness. 

(6) Average relative deviation 𝐴𝐴𝐴𝐴𝐴𝐴 = 1
𝑛𝑛
∑ �

𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡,𝑖𝑖
𝑄𝑄𝑄𝑄 −𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡,𝑖𝑖

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡,𝑖𝑖
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 � × 100%𝑛𝑛

𝑖𝑖=1 , which measures 

the relative difference in total cost between the Q-learning algorithm and our rollout-
based ADP algorithm on the same instances. A positive ARD indicates that the rollout-
based ADP algorithm obtains a lower total cost than Q-learning, whereas a negative ARD 
indicates that Q-learning obtains a lower total cost. 

Among these measures, only 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 corresponds to the objective function of the MDP 
model in Section 3.3. The remaining measures, in particular the completion rate 𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 and 
the total delay stages 𝑇𝑇𝑇𝑇𝑇𝑇, are complementary evaluation indicators rather than optimi-
zation targets. They are reported to reveal how a cost-oriented policy behaves along di-
mensions of managerial interest and to expose possible trade-offs between cost and 
throughput, and this distinction underlies the analysis in Sections 5.4 to 5.6. 

5.3. Parameter Settings of Our ADP Algorithm 

Our ADP algorithm involves two key parameters: the base policy and the number of 
Monte Carlo simulations 𝑁𝑁. The base policy determines how the decision sequence for 
future stages is quickly generated in each simulation, and thus directly affects the quality 
of the cost-to-go estimation. This section determines these two parameters through pre-
liminary experiments. 
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We compare three base policies under the setting 𝐿𝐿 = 10,𝐾𝐾 = 10, 𝑆𝑆 = 7,𝑁𝑁 = 500 . 
The randomized policy selects a decision at random from the decision space in each sim-
ulation stage; the round-robin policy selects decisions sequentially in a predefined order; 
and the minimum-cost policy selects the decision with the lowest immediate cost. Each 
policy is run on 20 instances. The comparison results are reported in Tables 5 and 6. 

Table 5. Total cost of our ADP algorithm under different base policies. 

Base Policy 𝑳𝑳 𝑵𝑵 𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 𝑪𝑪𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆 𝑲𝑲𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 𝑻𝑻𝑻𝑻𝑻𝑻 
Randomized policy 10 500 22,896 0.00008983 0.525 9.7 
Round-robin policy 10 500 22,665 0.00009751 0.506 8.6 

Minimum-cost policy 10 500 35,350 0.00005600 0.545 7.6 

Table 5 shows that the randomized policy and the round-robin policy produce very 
similar total costs, with a difference of less than 2%. By contrast, the total cost of the min-
imum-cost policy is much higher, exceeding the randomized and round-robin policies by 
about 54% and 56%, respectively. This result indicates that a myopic preference for the 
lowest immediate cost does not necessarily reduce the cumulative cost over the whole 
planning horizon. The minimum-cost policy tends to select lower-cost but less capable 
employees, which may prolong resource occupation and increase the accumulated cost in 
later stages. 

Table 6. Project completion counts and rates of our ADP algorithm under different base policies. 

Base Policy 
Total  

Projects 
Completed 

Projects 
Not Started 

Projects 
In-Progress 

Projects 
𝑪𝑪𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 

Randomized policy 4.7 1.7 2.4 0.6 0.397 
Round-robin policy 4.7 2.0 2.2 0.5 0.451 

Minimum-cost policy 4.7 2.0 1.9 0.8 0.426 

Table 6 shows that the round-robin policy obtains the highest completion rate, fol-
lowed by the minimum-cost policy and the randomized policy. However, the randomized 
policy is not selected because it dominates the other base policies in all preliminary indi-
cators. Rather, it is selected because its total cost is close to that of the round-robin policy, 
while its stochastic nature is more suitable for the Monte Carlo rollout procedure. In the 
rollout evaluation, the role of the base policy is to generate diverse future decision trajec-
tories rather than to act as a standalone scheduling rule. A deterministic policy such as 
round-robin may repeatedly simulate similar future paths, whereas the randomized pol-
icy provides broader exploration of possible future decisions. Taking both computational 
design and preliminary performance into account, the randomized policy is adopted as 
the base policy in the subsequent experiments. The influence of the number of simulations 
will be analyzed in the main experiments of Section 5.4.1 through a comparison over 𝑁𝑁 ∈
{100, 500, 1000}. 

5.4. Results 

5.4.1. Comparison with Q-Learning Under Different Problem Scales 

To evaluate the performance of our ADP algorithm, we introduce the Q-learning al-
gorithm [46] as a comparison baseline. Q-learning is a classical model-free reinforcement 
learning algorithm that approximates the optimal policy by continuously updating the 
state-action value mapping in the 𝑄𝑄 table. The update rule of the 𝑄𝑄 table is 

𝑄𝑄(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡) ← 𝑄𝑄(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡) + 𝛼𝛼[𝑟𝑟𝑡𝑡 + 𝛾𝛾𝑚𝑚𝑚𝑚𝑚𝑚𝑎𝑎𝑄𝑄(𝑆𝑆𝑡𝑡+1,𝑎𝑎) − 𝑄𝑄(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡)], (11) 
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where 𝛼𝛼 is the learning rate and 𝛾𝛾 is the discount factor. During training, an 𝜖𝜖-𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 
policy is used to balance exploration and exploitation. To address the curse of dimension-
ality in the state space, we adopt a state aggregation technique that aggregates the multi-
dimensional skill workload of each employee into a total skill amount and discretizes it. 
Based on an 𝐿𝐿9(34) orthogonal experiment, the parameters of the Q-learning algorithm 
are set as 𝛼𝛼 = 0.1, 𝛾𝛾 = 0.9,𝜖𝜖 = 0.1, 𝑟𝑟𝑝𝑝 = 53. 

According to the length of the planning horizon 𝐿𝐿, the experiments are divided into 
three scenarios: Scenario A (𝐿𝐿 = 10), Scenario B (𝐿𝐿 = 20), and Scenario C (𝐿𝐿 = 30). In all 
three scenarios, 𝐾𝐾 = 10, 𝑆𝑆 = 7. In each scenario, the number of simulations 𝑁𝑁 of our ADP 
algorithm is set to 100, 500, and 1000, and the number of training episodes of the Q-learn-
ing algorithm is correspondingly set to 10,000, 20,000, and 30,000. Each combination is run 
on 10 instances, and the average values are reported. The comparison of the solution per-
formance and the project completion of the two algorithms is summarized in Tables 7 and 
8, respectively. 

Table 7. Comparison of total cost between our ADP algorithm and Q-learning across scenarios. 

Scenario Algorithm 𝑳𝑳 Iterations 𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 𝑪𝑪𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆 𝑲𝑲𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 𝑻𝑻𝑻𝑻𝑻𝑻 

A 

ADP 10 
100 28,419, 10,545, 37,080 0.00009296 0.566 7.5 
500 28,413, 10,532, 37,020 0.00009296 0.567 7.7 
1000 28,729, 10,731, 37,020 0.00009190 0.576 7.4 

Q-learning 10 
10,000 23,469, 8670, 24,690 0.00006033 0.430 15.3 
20,000 26,872, 10,428, 34,150 0.00005706 0.416 14.2 
30,000 23,469, 8670, 24,690 0.00006033 0.430 15.3 

B 

ADP 20 
100 57,694, 14,489, 42,270 0.00008932 0.581 42.4 
500 56,231, 12,392, 36,240 0.00008680 0.574 44.9 
1000 56,231, 12,392, 36,240 0.00008680 0.574 44.9 

Q-learning 20 
10,000 60,566, 15,074, 54,220 0.00005827 0.530 62.5 
20,000 58,022, 10,013, 36,320 0.00005983 0.524 63.0 
30,000 65,080, 15,713, 51,230 0.00005984 0.547 58.5 

C 

ADP 30 
100 92,787, 15,979, 61,910 0.00008523 0.633 88.0 
500 86,886, 10,150, 34,170 0.00008569 0.607 96.2 
1000 86,574, 10,073, 36,260 0.00008712 0.602 93.8 

Q-learning 30 
10,000 101,857, 7730, 24,460 0.00006186 0.576 125.3 
20,000 98,090, 10,089, 29,910 0.00006108 0.575 125.1 
30,000 103,933, 10,021, 32,150 0.00005598 0.598 129.1 

Note: Each cell in the 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 column reports three values in the format “mean, standard deviation, 
range” over the ten instances of each configuration, where the range is the maximum minus the 
minimum; all other columns report the mean over the ten instances. 

Table 8. Comparison of project completion rates between our ADP algorithm and Q-learning across 
scenarios. 

Scenario Algorithm 𝑳𝑳 Iterations Total  
Projects 

Completed 
Projects 

Not Started 
Projects 

In-Progress 
Projects 

𝑪𝑪𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 

A 

ADP 10 
100 4.5 2.3 1.3 0.9 0.560 
500 4.5 2.3 1.4 0.8 0.560 
1000 4.5 2.3 1.3 0.9 0.560 

Q-learning 10 
10,000 4.5 1.4 2.6 0.5 0.357 
20,000 4.5 1.5 2.2 0.8 0.397 
30,000 4.5 1.4 2.6 0.5 0.357 

B ADP 20 100 9.6 5.0 4.0 0.6 0.533 
500 9.6 4.8 4.2 0.6 0.514 
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1000 9.6 4.8 4.2 0.6 0.514 

Q-learning 20 
10,000 9.6 3.4 5.4 0.8 0.362 
20,000 9.6 3.4 5.5 0.7 0.362 
30,000 9.6 3.8 4.7 1.1 0.402 

C 

ADP 30 
100 14.8 7.9 6.0 0.9 0.533 
500 14.8 7.4 6.4 1.0 0.504 
1000 14.8 7.5 6.3 1.0 0.510 

Q-learning 30 
10,000 14.8 6.3 7.7 0.8 0.428 
20,000 14.8 6.0 8.1 0.7 0.408 
30,000 14.8 5.8 8.0 1.0 0.396 

Note: All values are averaged over the ten instances of each configuration. 

Table 7 also reveals a special training behavior of Q-learning: in Scenario A, the re-
sults under 10,000 and 30,000 training episodes are identical. This stems from the state 
aggregation technique: after the multi-dimensional skill workload of each employee is 
aggregated into a total skill amount, the number of reachable aggregated states is small, 
so the 𝑄𝑄 table converges to the same greedy policy under both budgets and additional 
episodes revisit the same state-action pairs. In Scenarios B and C, the total cost of Q-learn-
ing does not decrease monotonically with the training budget; in Scenario B it even 
reaches its worst value of 65,080 at the largest budget of 30,000 episodes. This indicates 
that, under state aggregation, Q-learning tends to oscillate around local optima and that 
a larger training budget does not necessarily translate into a better policy. By contrast, our 
ADP algorithm is insensitive to the number of simulations 𝑁𝑁 : the variation of 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 
across the three values of 𝑁𝑁 is within 1.1% in Scenario A, within 2.6% in Scenario B, and 
within 7.2% in Scenario C, and in Scenario C the cost decreases mildly as 𝑁𝑁 grows. The 
lookahead sampling mechanism is thus considerably more robust to its parameter than 
the training-based mechanism of Q-learning. A direct comparison of the total cost of the 
two algorithms is shown in Figure 4. 

  
(a) (b) 

Figure 4. Comparison of total cost between our ADP algorithm and Q-learning across scenarios: (a) 
Total cost comparison; (b) ARD across simulation budgets. 

In Scenarios B and C, our ADP algorithm dominates Q-learning on every criterion: 
at matched computational settings it lowers the total cost by 3.1% to 16.7%, completes 
more projects, and shortens delays, with the ARD remaining positive throughout and 
widening as the horizon lengthens. Scenario A is the only regime where Q-learning attains 
a lower nominal cost, but Table 8 shows this is achieved by leaving far more projects 
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unscheduled: its completion rate stays around 0.36 against 0.56 for our algorithm, with 
delays roughly twice as long. Accordingly, the cost efficiency 𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 of our algorithm 
is higher than that of Q-learning in every setting, Scenario A included. The relative ad-
vantage of lookahead therefore grows with problem scale and complexity, and the low 
cost of Q-learning on the smallest instances reflects passive scheduling rather than effi-
cient resource use. 

To illustrate the difference between the two algorithms more intuitively, Figure 5 
presents a scatter plot of the (𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) pairs across all scenarios, where each dashed line 
connects the mean values of ADP and Q-learning under the same scenario. 

 

Figure 5. Trade-off between total cost and completion rate for our ADP algorithm and Q-learning 
across scenarios. A, B, and C denote Scenarios A, B, and C, corresponding to planning horizons L = 
10, 20, and 30 

The scatter plot confirms this reading: in every scenario the ADP points lie to the 
right of the Q-learning points, indicating a higher completion rate, and in Scenarios B and 
C they also lie below, indicating more completions at lower cost. Only in Scenario A does 
Q-learning sit lower but clearly to the left, the signature of its passive scheduling. Overall, 
the comparison is scenario-dependent: our algorithm dominates on medium and large 
instances, whereas on the smallest instances it trades a moderately higher cost for sub-
stantially more completions and shorter delays. It is also far less sensitive to its single 
parameter than Q-learning is to its training budget, which eases practical deployment. 

We further assess statistical significance with two-sided Wilcoxon signed-rank tests 
on the paired instance-level results. The completion-rate advantage of our algorithm is 
significant at the 5% level in eight of the nine configurations (𝑝𝑝 between 0.004 and 0.023) 
and marginal in the ninth (𝑝𝑝 = 0.063); the cost differences are insignificant in Scenarios A 
and B but become significant in Scenario C at the two larger sizes. The improvement in 
completion is thus consistent across all scales, while the cost improvement is statistically 
firm on the largest instances. 

5.4.2. Comparison with Heuristic Baselines and Alternative Base Policies 

We further compare our ADP algorithm with three fixed heuristic policies drawn 
from the decision space of Table 3: a minimum-cost heuristic that always selects the allo-
cation of policy 𝑎𝑎𝑎𝑎4, a maximum-skill heuristic that always selects the allocation of policy 
𝑎𝑎𝑎𝑎1, and a maximum-projects maximum-skill heuristic that schedules as many projects as 
possible under the maximum-skill logic. To isolate the contribution of the rollout mecha-
nism, we also run two rollout variants in which the randomized base policy is replaced 
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by the minimum-cost policy and by the maximum-skill policy, respectively. All methods 
are tested on the Scenario B configuration (𝐿𝐿 = 20, 𝐾𝐾 = 10, 𝑆𝑆 = 7, 𝑁𝑁 = 500). Table 9 re-
ports the average results. 

Table 9. Comparison with heuristic baselines and rollout variants. 

Algorithm 𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 𝑪𝑪𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆 𝑲𝑲𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 𝑻𝑻𝑻𝑻𝑻𝑻 Completed 
Not 

Started 
𝑪𝑪𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 

Rollout-based ADP (randomized 
base) 56,231 0.00008680 0.574 44.9 4.8 4.2 0.514 

Q-learning 58,022 0.00005983 0.524 63.0 3.4 5.5 0.362 
Heuristic minCost 62,183 0.00008013 0.473 46.4 4.7 4.1 0.496 
Heuristic maxSkill 106,967 0.00006584 0.605 16.1 6.9 1.4 0.720 

Heuristic maxProjectsMaxSkill 108,954 0.00006652 0.607 16.6 7.0 1.3 0.734 
Rollout with minCost base 56,955 0.00009093 0.572 43.4 5.0 4.0 0.532 
Rollout with maxSkill base 62,073 0.00008324 0.602 39.6 5.0 3.8 0.527 

Table 9 shows that our ADP algorithm achieves the best cost-completion balance. 
Compared with the minimum-cost heuristic, it reduces the total cost from 62,183 to 56,231 
with a slightly higher completion rate. The two maximum-skill heuristics complete more 
projects but at nearly twice the cost. Moreover, the rollout mechanism improves upon 
every base policy it embeds, and among the three rollout variants the randomized base 
policy yields the lowest total cost, which supports its use in the main experiments. 

5.4.3. Analysis of Restricted Decision Space and Computational Effort 

The decision space of Section 4.2 restricts the complete action space, so we quantify 
the resulting performance loss on two small configurations (𝐿𝐿 = 5, 𝐾𝐾 = 5, 𝑆𝑆 = 3 and 𝐿𝐿 =
6, 𝐾𝐾 = 5, 𝑆𝑆 = 3, arrival probability 0.5) where full enumeration is feasible, using ten in-
stances per configuration. FullExact enumerates all feasible non-empty scheduling actions 
at each stage within a safeguard limit of 50,000 candidates per stage; TenActionDP uses 
the same evaluation procedure but restricts the candidate set to the actions generated by 
the ten representative policies in Table 3; and RandomSample-𝑚𝑚 supplements the ten ac-
tions with up to 𝑚𝑚 randomly sampled feasible plans (𝑚𝑚 = 100, 1000, 10,000). The safe-
guard limit is never reached at 𝐿𝐿 = 5, so FullExact is an exact benchmark there; at 𝐿𝐿 = 6 
the limit is reached on at least one instance, so FullExact is a capped full-action benchmark. 
Table 10 reports the results. 

Table 10. Solution quality of the compared action-space designs on small instances, 10 instances per 
configuration. 

Configuration Method 𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 
Gap vs. FullExact 

(%) 
𝑪𝑪𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 Completed 𝑻𝑻𝑻𝑻𝑻𝑻 

𝐿𝐿 = 5,𝐾𝐾 = 5, 𝑆𝑆 = 3 

FullExact 3204 0 0.293 0.9 0.2 
RandomSample-100 3607 16.5 0.300 1.0 0 
RandomSample-1000 3298 2.9 0.300 1.0 0.2 

RandomSample-10000 3204 0.0 0.300 1.0 0.2 
TenActionDP 3803 24.9 0.300 1.0 0 

𝐿𝐿 = 6,𝐾𝐾 = 5, 𝑆𝑆 = 3 

FullExact 3622 0 0.380 1.1 0.4 
RandomSample-100 4009 10.9 0.417 1.3 0.3 
RandomSample-1000 3831 4.6 0.417 1.3 0.4 

RandomSample-10000 3628 0.1 0.397 1.2 0.4 
TenActionDP 4416 26.2 0.417 1.3 0 
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The results indicate that the restriction is not free: the total cost of TenActionDP ex-
ceeds that of FullExact by 24.9% at 𝐿𝐿 = 5 and by 26.2% at 𝐿𝐿 = 6, both averaged over the 
per-instance relative gaps. Narrowing this gap by random sampling is expensive: Ran-
domSample-1000 still leaves a gap of 2.9% to 4.6%, and only RandomSample-10000, which 
evaluates three orders of magnitude more candidates, matches the FullExact cost. Mean-
while, TenActionDP attains completion rates and delays no worse than FullExact, because 
FullExact minimizes cost only and occasionally prefers to leave a project unscheduled. 
The ten-policy design thus trades a measured cost gap for the scalability that makes the 
rollout algorithm applicable to realistic problem sizes. 

Table 11 reports the number of evaluated actions and the elapsed time of the com-
pared action-space designs. 

Table 11. Number of evaluated actions and elapsed time of the action-space designs, 10 instances 
per configuration. 

Configuration Method 
Avg. Evaluated 

Actions 
Max. Evaluated 

Actions Elapsed Time (s) Capped 

𝐿𝐿 = 5,𝐾𝐾 = 5, 𝑆𝑆 = 3 

FullExact 21.99 17,465 5416.6 No 
RandomSample-100 5.51 108 666.1 No 

RandomSample-1000 10.04 1008 3445.7 No 
RandomSample-10000 22.26 10,008 4860.4 No 

TenActionDP 2.05 8 10.0 No 

𝐿𝐿 = 6,𝐾𝐾 = 5, 𝑆𝑆 = 3 

FullExact 12.75 25,393 10,960.2 Yes 
RandomSample-100 5.49 110 99.8 Yes 

RandomSample-1000 12.51 1010 512.2 Yes 
RandomSample-10000 12.75 10,008 5304.3 No 

TenActionDP 2.06 8 28.3 No 
Note: “Capped” indicates that the safeguard limit of 50,000 feasible candidate actions per stage is 
reached; in this case, FullExact is a capped full-action benchmark rather than a complete enumera-
tion; stages that reach the limit are not fully enumerated, so the evaluated-action counts reported in 
the table can lie below the limit. 

TenActionDP evaluates on average about two candidate actions per stage and com-
pletes the ten instances in 10.0 and 28.3 s on the two configurations, whereas full enumer-
ation evaluates up to 17,465 and 25,393 actions in a single stage and requires 5416.6 and 
10,960.2 s, more than two orders of magnitude longer. Approaching the enumeration re-
sult by random sampling is similarly expensive. The ten-policy design is therefore what 
keeps the online rollout tractable. 

We further place our ADP algorithm and Q-learning on a common end-to-end foot-
ing. Q-learning concentrates its effort in offline training, after which each online decision 
reduces to a table lookup, whereas the rollout policy performs no training but carries out 
𝑁𝑁 Monte Carlo simulations for each candidate decision online. Table 12 reports the wall-
clock training, inference, and online decision times on the main experiments. 

Table 12. Wall-clock computational effort of the two algorithms on the main experiments, 10 in-
stances per configuration. 

Scenario 𝑵𝑵/Episodes 
Rollout Online 
per Instance (s) 

Rollout Online 
Total (s) 

Q-Learning 
Training (s) 

Q-Learning  
Inference per  
Instance (s) 

Q-Learning 
End-to-End (s) 

A 100/10,000 13.7 136.8 53.6 0.015 53.8 
A 500/20,000 54.8 547.9 108.4 0.015 108.5 
A 1000/30,000 108.2 1082.0 162.5 0.015 162.6 
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B 100/10,000 69.4 694.4 146.9 0.042 147.4 
B 500/20,000 333.1 3331.0 296.2 0.040 296.6 
B 1000/30,000 658.7 6586.7 444.0 0.041 444.4 
C 100/10,000 191.4 1913.9 277.9 0.062 278.5 
C 500/20,000 947.5 9474.9 557.2 0.069 557.9 
C 1000/30,000 1882.0 18,819.9 841.2 0.063 841.8 

Table 12 shows that Q-learning is clearly faster: once trained, it answers each test 
instance in well under 0.1 s, and even including training time it completes a configuration 
of ten instances in 53.8 to 841.8 s, against 136.8 to 18,819.9 s for the rollout policy. The cost 
and completion advantages of our ADP algorithm are therefore obtained at a higher com-
putational price. However, the trained 𝑄𝑄 table is tied to a fixed arrival process and must 
be retrained whenever the environment shifts, whereas the rollout policy requires no 
training and adapts to the arrival patterns of Section 5.5 without additional offline effort. 
For real-time deployment on substantially larger instances, the online simulation budget 
would become the binding constraint, which motivates the acceleration strategies dis-
cussed in Section 6.3. 

5.5. Sensitivity Analysis 

We next examine the influence of the number of human resources 𝐾𝐾 and the number 
of skills 𝑆𝑆 on the performance of our ADP algorithm. In the experiments, 𝐿𝐿 = 20 (Sce-
nario B) is fixed, 𝐾𝐾 takes the values {5,10,15}, and 𝑆𝑆 takes the values {3,7,10}, giving nine 
parameter combinations. Each combination is run on 10 instances, and the average values 
are reported. Tables 13 and 14 report the solution performance and the project completion, 
respectively. 

Table 13. Total cost of our ADP algorithm under different (𝐾𝐾, 𝑆𝑆) combinations, 𝐿𝐿 = 20,𝑁𝑁 = 500. 

𝑲𝑲 𝑺𝑺 𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 𝑪𝑪𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆 𝑲𝑲𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 𝑻𝑻𝑻𝑻𝑻𝑻 
5 3 17,285 0.00057558 0.309 0.6 
5 7 24,702 0.00016844 0.614 53.8 
5 10 14,276 0.00020365 0.405 75.7 

10 3 30,815 0.00030815 0.318 0.3 
10 7 56,231 0.00008680 0.574 44.9 
10 10 58,503 0.00007688 0.621 49.3 
15 3 46,830 0.00021891 0.281 0 
15 7 85,451 0.00005618 0.567 40.1 
15 10 97,230 0.00004877 0.599 50.5 

Table 14. Project completion counts under different (𝐾𝐾, 𝑆𝑆) values. 

𝑲𝑲 𝑺𝑺 Total  
Projects 

Completed 
Projects 

Not Started 
Projects 

In-Progress 
Projects 

𝑪𝑪𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 

5 3 9.6 8.3 0 1.3 0.865 
5 7 9.6 4.2 4.7 0.7 0.450 
5 10 9.6 2.7 6.4 0.5 0.270 

10 3 9.6 8.4 0.1 1.1 0.875 
10 7 9.6 4.8 4.2 0.6 0.514 
10 10 9.6 4.4 4.4 0.8 0.474 
15 3 9.6 8.4 0 1.2 0.875 
15 7 9.6 4.8 4.1 0.7 0.508 
15 10 9.6 4.6 4.5 0.5 0.497 
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We first vary the number of skill types 𝑆𝑆 and the workforce size 𝐾𝐾 one at a time. 
Increasing 𝑆𝑆 at a fixed 𝐾𝐾 sharply degrades performance: at 𝐾𝐾 = 5, the completion rate 
falls from 0.865 at 𝑆𝑆 = 3 to 0.270 at 𝑆𝑆 = 10, and the same pattern holds for larger work-
forces. This reflects a dilution effect, as each employee must spread effort over more skills 
while the projects’ skill demands widen, raising the matching difficulty. A low total cost 
in this regime is therefore misleading, since it signals that few projects are scheduled ra-
ther than efficient use of resources. Increasing 𝐾𝐾 at a fixed 𝑆𝑆 helps only up to a point: 
completion improves initially but soon saturates, while cost keeps rising and the cost ef-
ficiency 𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  declines monotonically, so under high skill-matching difficulty the 
marginal return of additional headcount falls rapidly. 

Figures 6 and 7 display the joint effect. Total cost rises with 𝐾𝐾 and steepens as 𝑆𝑆 
grows, whereas the completion rate is governed almost entirely by 𝑆𝑆: it stays near 0.87 
and is essentially flat in 𝐾𝐾 when 𝑆𝑆 = 3, but drops sharply and responds only weakly to 
𝐾𝐾 at 𝑆𝑆 = 7 and 𝑆𝑆 = 10. The non-parallel curves reveal a clear interaction: the same head-
count increment yields very different returns depending on skill complexity. The mana-
gerial reading is that workforce size and skill breadth must be configured jointly rather 
than expanded along a single dimension, as elaborated in Section 6.2. 

  
(a) (b) 

Figure 6. Total cost and completion rate under different (𝐾𝐾, 𝑆𝑆) combinations: (a) Total cost; (b) 
Completion rate. 

  
(a) (b) 

Figure 7. Interaction effects of 𝐾𝐾 and 𝑆𝑆 on total cost and completion rate: (a) Cost response to 𝐾𝐾; 
(b) Completion response to 𝐾𝐾. 

The above results yield three concrete managerial guidelines. First, when the skill 
portfolio is narrow, the workforce should be sized to demand rather than expanded de-
fensively: at 𝑆𝑆 = 3, five employees already achieve a completion rate of 0.865, and tripling 

https://doi.org/10.3390/systems14080911


Systems 2026, 14, 911 28 of 34 
 

https://doi.org/10.3390/systems14080911 

the headcount raises the cost by 171% (from 17,285 to 46,830) without any gain in comple-
tion. Second, when the skill portfolio is broad, headcount expansion helps only up to a 
saturation point: at 𝑆𝑆 = 7, moving from five to ten employees lifts the completion rate by 
6.4 percentage points, whereas moving from ten to fifteen yields no further gain while the 
cost rises by another 52%; beyond this point, managers should invest in cross-training that 
widens the skill coverage of existing employees instead of hiring. Third, the cost efficiency 
𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 provides a practical stopping signal for capacity expansion, since it declines 
monotonically in 𝐾𝐾 for every skill level in our experiments; once 𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 falls below 
an organization-specific threshold, additional headcount converts into idle or poorly 
matched capacity, and the configuration of headcount and skill coverage should be re-
balanced jointly rather than expanded along a single dimension. 

We further examine the robustness of our ADP algorithm to the project arrival pat-
tern. The stationary Bernoulli process with 𝑝𝑝 = 0.5 used so far can be viewed as the dis-
crete-time analogue of a Poisson arrival stream observed at unit-stage granularity. We 
now fix the Scenario B configuration (𝐿𝐿 = 20, 𝐾𝐾 = 10, 𝑆𝑆 = 7, 𝑁𝑁 = 500) and vary the per-
stage arrival probability 𝑝𝑝𝑡𝑡 over seven patterns: the stationary pattern (𝑝𝑝𝑡𝑡 = 0.5), the low-
load and high-load patterns (𝑝𝑝𝑡𝑡 = 0.3 and 0.7), the increasing and decreasing patterns in 
which 𝑝𝑝𝑡𝑡 rises or falls linearly around an average of 0.5, and the front-loaded and back-
loaded patterns that concentrate the arrival mass in the first or second half of the horizon 
while keeping the average intensity at 0.5. Each pattern is run on ten instances, and Table 
15 reports the average results. 

Table 15. Performance of our ADP algorithm under different project arrival patterns. 

Arrival 
Pattern 

𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 𝑪𝑪𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆𝒆 𝑲𝑲𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 𝑻𝑻𝑻𝑻𝑻𝑻 Total  
Projects Completed 

Not 
Started In Progress 𝑪𝑪𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 

Stationary 
(𝑝𝑝𝑡𝑡 = 0.5) 56,231 0.00008680 0.574 44.9 9.6 4.8 4.2 0.6 0.514 

Low-load 
(𝑝𝑝𝑡𝑡 = 0.3) 43,534 0.00010921 0.442 12.9 6.0 4.2 1.3 0.5 0.742 

High-load 
(𝑝𝑝𝑡𝑡 = 0.7) 60,610 0.00008803 0.633 80.8 13.7 5.2 7.7 0.8 0.380 

Increasing 44,449 0.00009863 0.499 34.2 9.8 4.0 5.0 0.8 0.422 
Decreasing 60,616 0.00009737 0.631 60.2 10.3 5.7 3.7 0.9 0.565 

Front-
loaded 

63,791 0.00008621 0.642 57.8 10.1 5.3 4.0 0.8 0.533 

Back-
loaded 46,652 0.00010348 0.510 32.2 9.6 4.5 4.4 0.7 0.480 

Table 15 shows that the offered workload, rather than the shape of the arrival stream, 
is the primary performance driver. Under the low pattern the completion rate reaches 
0.742 with a total delay of 12.9 stages, whereas under the high pattern it falls to 0.380 with 
a delay of 80.8 stages. Among the four non-stationary patterns with the same average in-
tensity, early-concentrated streams complete more projects at higher cost, because early 
arrivals can still be finished within the horizon, and late-concentrated streams show the 
opposite profile. Moreover, the cost per completed project stays within a narrow band 
(10,365 to 12,036, a spread of about 16%) across all seven patterns. The algorithm therefore 
preserves a stable cost-effectiveness profile under non-stationary arrivals without any re-
tuning. 
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5.6. Extension to Penalty-Augmented Objectives 

The objective of the MDP model prices only resource usage, which is appropriate 
when unscheduled projects are carried over to the next planning horizon without contrac-
tual damage, as described in Section 3.1. When delays do carry economic consequences, 
the model accommodates them with a minor modification. Let 𝐶𝐶𝑤𝑤 ≥ 0 denote the waiting 
cost charged for each project that remains unscheduled at the end of a stage. The single-
stage cost function in Equation (7) is then replaced by 

𝑓𝑓(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1) = 𝑓𝑓(𝑆𝑆𝑡𝑡 ,𝑎𝑎𝑡𝑡 , 𝑆𝑆𝑡𝑡+1) + 𝐶𝐶𝑤𝑤 × |𝑃𝑃𝑡𝑡+1′ |, (12) 

and all other elements of the model are unchanged. Because the penalty accrues one unit 
per waiting project per stage, the resulting objective equals 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝐶𝐶𝑤𝑤 × 𝑇𝑇𝑇𝑇𝑇𝑇, and setting 
𝐶𝐶𝑤𝑤 = 0  recovers the original model. On the algorithmic side, only the immediate cost 
evaluations in Algorithms 1 and 2 need to be replaced by Equation (12). A larger 𝐶𝐶𝑤𝑤 shifts 
the policy toward the completion-oriented corner of the trade-off. To verify this effect, we 
rerun both algorithms on the Scenario B configuration (𝐿𝐿 = 20, 𝐾𝐾 = 10, 𝑆𝑆 = 7, 𝑁𝑁 = 500, 
20,000 training episodes) with 𝐶𝐶𝑤𝑤 ∈ {0, 500, 1000, 2000} on the same ten instances. Table 
16 reports the results. 

Table 16. Pilot study of the penalty-augmented model on the Scenario B configuration, 10 instances 
per setting. 

𝑪𝑪𝒘𝒘 Algorithm 𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 𝑻𝑻𝑻𝑻𝑻𝑻 𝑪𝑪𝒘𝒘 × 𝑻𝑻𝑻𝑻𝑻𝑻 Penalized  
Objective 

𝑪𝑪𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 

0 Rollout-based 
ADP 56,231 44.9 0 56,231 0.514 

0 Q-learning 58,022 63.0 0 58,022 0.362 

500 
Rollout-based 

ADP 56,543 34.9 17,450 73,993 0.536 

500 Q-learning 62,481 48.1 24,050 86,531 0.496 

1000 Rollout-based 
ADP 

67,392 21.8 21,800 89,192 0.642 

1000 Q-learning 62,090 59.7 59,700 121,790 0.398 

2000 
Rollout-based 

ADP 77,548 13.3 26,600 104,148 0.719 

2000 Q-learning 103,692 19.2 38,400 142,092 0.747 

As 𝐶𝐶𝑤𝑤 grows from 0 to 2000, our ADP algorithm raises its completion rate from 0.514 
to 0.719 and cuts the total delay stages by 70.4%, while its cost rises by 37.9%; the transition 
is monotone in 𝐶𝐶𝑤𝑤, so a manager can steer the policy toward higher completion by cali-
brating a single coefficient. Our ADP algorithm also attains the lower penalized objective 
at every 𝐶𝐶𝑤𝑤, with margins of 3.1% to 26.8% over Q-learning. Q-learning responds non-
monotonically to the penalty: at 𝐶𝐶𝑤𝑤 = 1000 its completion rate falls back to 0.398, which 
mirrors the oscillation under state aggregation observed in Section 5.4.1. 

6. Discussion 
Based on the above computational results, this section discusses the theoretical con-

tributions, the practical implications, and the limitations of this study. 

6.1. Theoretical Contributions and Implications 

First, we propose and formalize the multi-skilled multi-project dynamic scheduling 
problem with random project arrivals and uncertain durations. Prior dynamic multi-pro-
ject models with random arrivals assume a single resource type [14,17,18]; prior multi-
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skilled models under uncertainty fix the project set in advance [36,37] or address shop-
floor task assignment rather than project portfolios [38,39]; and recent DRL approaches 
likewise concentrate on shop-floor structures or anonymous capacities [41,42]. To the best 
of our knowledge, our MDP model is the first to combine random project arrivals, uncer-
tain durations, and the sharing of multi-skilled human resources in a single sequential 
decision framework. It extends dynamic project scheduling theory to the multi-skilled set-
ting and provides a formal basis for richer cost structures, such as the penalty-augmented 
objective of Section 5.6 and skill-dependent cost rates. 

Second, we contribute to the ADP methodology for dynamic scheduling. The finding 
in Section 5.4.2 that the rollout policy improves upon every base policy it embeds extends 
the empirical evidence for the sequential improvement property of rollout algorithms 
[16,47,48] to a multi-skilled, multi-project environment, and the quantified cost gap of 
about 25% in Section 5.4.3 clarifies the price of restricting the action space, a question 
rarely measured in the ADP scheduling literature. 

Third, our results refine the understanding of when lookahead-based methods pay 
off. The finding that our ADP algorithm outperforms Q-learning and fixed priority rules 
on medium- and large-scale instances echoes Li and Womer [15] and Satic et al. [14,18], 
who report that lookahead-based methods dominate myopic rules as the problem grows. 
The behavior on small instances, however, has no direct counterpart in these studies: be-
cause the objective prices only resource usage, a policy can lower its nominal cost by de-
clining to schedule projects, and Q-learning exploits this possibility in Scenario A. This 
cost-completion trade-off would remain hidden under the makespan or throughput ob-
jectives that dominate the prior ADP literature. In addition, the interaction between work-
force size and skill breadth identified in Section 5.5 gives quantitative form, in a dynamic 
setting, to the observation that multi-skilling and staffing levels must be configured jointly 
[6,27]. 

6.2. Practical Implications 

The findings of this study offer several implications for managers of knowledge-in-
tensive projects. First, workforce capacity and skill breadth should be planned jointly. The 
sensitivity analysis in Section 5.5 shows that when skill requirements are simple, a small 
workforce already completes the vast majority of projects and further hiring only inflates 
cost, whereas when skill requirements are complex, adding employees alone yields rap-
idly diminishing returns. 

Second, cost figures should be read jointly with completion indicators. A low nomi-
nal cost may simply reflect that few projects are scheduled, as observed for Q-learning on 
the small-scale instances. Monitoring the completion rate and the delay alongside the cost 
prevents such passive scheduling from being mistaken for efficiency. 

Third, the proposed algorithm is usable as an online scheduling tool whenever the 
decision interval accommodates its per-decision simulation budget. It requires no offline 
training, adapts to non-stationary arrival patterns without re-tuning, and is markedly less 
sensitive to its parameter than Q-learning is to its training budget. When project delays 
carry contractual consequences, the manager only needs to calibrate a single waiting-cost 
coefficient to steer the policy toward higher completion, as shown in Section 5.6. 

Finally, the choice between our ADP algorithm and a trained learning method is itself 
a managerial decision. Q-learning is preferable when the environment is stationary and 
its training cost can be amortized over many decisions, whereas our rollout-based algo-
rithm is preferable when responsiveness to environmental change outweighs decision 
speed. 

6.3. Limitations and Future Research Directions 
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Several limitations of this study should be acknowledged. First, the action space is 
restricted to ten representative policies, and Section 5.4.3 shows that this restriction carries 
a measured cost gap of about 25% relative to an exact full-action benchmark at 𝐿𝐿 =  5 
and to a capped full-action benchmark at 𝐿𝐿 =  6; the reported solutions are therefore ap-
proximations, and the gap on larger instances, although not measurable exactly, is un-
likely to vanish. Second, the model admits at most one project arrival per stage and the 
experiments instantiate variable costs at the employee level; both are simplifications 
whose relaxations, batch arrivals and fully skill-dependent costs, are structurally sup-
ported by the model but were not tested empirically. Third, each configuration is evalu-
ated on ten instances; this permits matched-instance paired tests but still limits the preci-
sion of the reported means, as reflected by the standard deviations in Table 7. Fourth, the 
learning baseline is a tabular Q-learning algorithm with state aggregation; it is a natural 
like-for-like benchmark for an online MDP policy, but it does not represent the current 
frontier of deep reinforcement learning, and a comparison against DRL methods with 
function approximation [41,42] remains open. Finally, all instances are generated from 
PSPLIB-based distributions, and validation on organizational data is still required before 
the managerial implications of Section 5.5 can be applied quantitatively. 

The limitations above translate into specific research directions. A first direction is to 
extend the pilot of Section 5.6 into a systematic study of the penalty-augmented model of 
Equation (12), characterizing how the optimal policy migrates along the cost and comple-
tion frontier as 𝐶𝐶𝑤𝑤 varies and how 𝐶𝐶𝑤𝑤 should be estimated from contractual data. A sec-
ond direction is to allow batch arrivals and correlated arrival processes, which mainly 
affects the per-stage decision enumeration and would benefit from column-generation-
style pruning of the allocation plans. A third direction is methodological: replacing the 
Monte Carlo estimate of the cost-to-go function with a learned value function, for example 
a neural approximation trained offline and corrected online by short rollouts, would com-
bine the adaptivity of rollout with the speed of trained policies. Finally, applying the 
framework to field data from an R&D or software organization, including skill-dependent 
cost rates and empirically fitted duration distributions, would test the external validity of 
the findings. 

7. Conclusions 
This study sets out to answer a single managerial question: how should a portfolio 

of knowledge-intensive projects, staffed by a shared pool of multi-skilled workers, be 
scheduled when both project arrivals and durations are uncertain? We formulated the 
multi-skilled multi-project dynamic scheduling problem as a Markov decision process, 
with the available skill workload of each worker as the state, the resource allocation plan 
as the decision, and the total cost of human resources as the objective, and solved it with 
a rollout-based ADP algorithm that approximates the cost-to-go function via Monte Carlo 
simulation with a randomized base policy while confining the action set to ten representa-
tive allocation policies. 

The experimental evidence supports a calibrated conclusion. On medium- and large-
scale instances, the proposed policy reduced the average total cost by 3.1% to 16.7% rela-
tive to Q-learning while completing more projects with shorter delays, and the cost ad-
vantage was statistically significant on the largest instances; on small-scale instances, the 
comparison reduced to a trade-off in which the policy completed substantially more pro-
jects at a moderately higher nominal cost. The policy dominated fixed priority rules of the 
minimum-cost type, improved upon every base policy it embedded, remained stable 
across simulation budgets and across seven stationary and non-stationary arrival patterns, 
and its restricted action space was shown on small instances to trade a measured cost gap 
relative to the full-action benchmarks for a computational effort smaller by more than two 
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orders of magnitude. Overall, rollout-based ADP offers an effective and practical ap-
proach to online scheduling in dynamic multi-skilled multi-project settings, particularly 
for medium- and large-scale problems, with its limitations and future directions discussed 
in Section 6.3. 
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