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Abstract— Workforce allocation is a key challenge in mod-
ern companies, where dynamic project demands and diverse
employee profiles must be managed effectively. We model this
problem as a sequential decision-making task and apply Rein-
forcement Learning (RL) within a realistic simulation environ-
ment. Employees are characterized by skill sets, expertise, and
availability, while projects have specific skill and availability
requirements. Using Proximal Policy Optimization (PPO), an
RL agent learns adaptive assignment strategies under varying
conditions, including workforce shortages and surpluses. A
fairness-aware reward function is employed, which discourages
repetitive or unbalanced assignments. Experimental results
demonstrate both allocation efficiency and fairness, underscor-
ing the potential of reinforcement learning for responsible, data-
driven workforce management.

I. INTRODUCTION

Efficient workforce allocation is a critical challenge for
modern organizations [10], especially in highly dynamic
sectors such as consulting, where projects demand specific
combinations of skills, expertise, and timing [13]. As a core
element of strategic human capital management, Strategic
Workforce Planning (SWP) aims to align an organization’s
talent resources with its long-term objectives, ensuring the
right people are in the right roles at the right time [5].

However, traditional SWP methods [9], [15], [14], often
based on static models or rule-based heuristics, struggle
to capture the complexity of real-world human resource
management, in the face of fluctuating availability and multi-
dimensional constraints. These methods typically operate at
an aggregate level and are ill-suited to handle fine-grained,
real-time decision-making, particularly when individual em-
ployee attributes and time-sensitive project demands must be
coordinated dynamically [1].

In this work, we introduce a realistic, custom-built simu-
lation environment designed to reflect the operational char-
acteristics of a consulting company. Moreover, we propose a
Reinforcement Learning (RL) approach to model and solve
the workforce allocation problem, leveraging the adaptability
of intelligent agents to dynamically optimize assignments.
Employees are modeled with binary skill vectors, exper-
tise levels, costs, and time-based availability; projects are
encoded with skill requirements, budget constraints, and
activity timelines. Crucially, our formulation captures the
temporal interdependencies inherent in workforce allocation:
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once a worker is assigned to a task, they become unavailable
for a period of time, introducing a need for anticipatory
planning. This shifts the problem from a static assignment
task to a sequential decision-making process, where future
task requirements and workforce availability must be taken
into account.

A key innovation of this work lies in the design of the
reward function, which incorporates not only efficiency-
related metrics but also explicit fairness constraints, penaliz-
ing redundant assignments, and promoting equitable resource
usage across the employee pool. This dimension is often
overlooked in the related literature, where performance is
optimized without considering long-term workload balance
or assignment equity. Our framework encourages sustainable
and interpretable policies, avoiding systematic overuse of
employees.

To comprehensively evaluate the agent’s performance, we
define three realistic operational scenarios: Base, Under-
sampling, and Over-sampling, capturing various workforce-
to-demand ratios. This multi-scenario evaluation framework
allows us to assess the robustness and adaptability of the RL
agent under diverse constraints, including resource scarcity
and abundance.

Our contributions can be summarized as follows:

o We develop a realistic and flexible simulation environ-
ment for workforce allocation, modeling key operational
variables.

e We design a reward function that integrates fairness
criteria, ensuring balanced employee usage over time.

e We define and test the agent across three distinct
workforce scenarios, demonstrating its adaptability and
generalization capacity.

II. RELATED WORKS
A. Strategic Workforce Planning

Strategic Workforce Planning (SWP) is a continuous
decision-making process that aligns an organization’s human
capital, its skills, capabilities, and workforce size, with long-
term strategic goals and projected operational needs [18],
[2]. Core activities include analyzing the existing workforce,
forecasting supply and demand, identifying skill gaps, and
implementing interventions such as hiring, training, or re-
structuring [14]. SWP requires continual adaptation to evolv-
ing organizational priorities and external market conditions
[11], [3].

Historically, a range of quantitative and qualitative meth-
ods have been applied to SWP. Widely used quantitative
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Fig. 1.

Overview of the environment used to train the RL agent. Employees are represented by technical skill matrices, expertise levels, and historical

assignment counts, while projects specify required skills, temporal demands, and budget constraints. Both employees and projects have associated time
tables capturing dynamic availability. The RL agent learns to assign employees to projects under skill compatibility, economic efficiency, and workload

fairness considerations.

techniques include heuristic methods and linear program-
ming (LP). Heuristic methods rely on rule-based strategies to
efficiently generate high-quality solutions for complex, large-
scale problems where exact optimization is computationally
infeasible [8].They offer flexibility and speed but lack global
optimality guarantees and often require careful parameter
tuning. By contrast, LP provides a formal framework for
optimally allocating workforce resources by maximizing or
minimizing a linear objective under linear constraints [6], [9],
[15]. While LP models are rigorous and interpretable, they
can struggle to accommodate non-linearities, uncertainty, and
dynamic workforce behaviors [1].

Building on these foundations, more advanced techniques
have emerged. Jaillet et al. [10] propose a robust optimization
framework that models workforce uncertainty, including at-
trition, productivity, and managerial constraints, under a risk-
averse objective. Network-based models [9] optimize long-
term workforce transitions via linear programming, while dy-
namic programming approaches [15] capture hiring decisions
over time. Recognizing workforce heterogeneity, Fowler et
al. [8] introduce a mixed-integer programming model that
incorporates cognitive ability as a worker attribute. Data-
driven methods have also gained traction; for example,
Eichenseer et al. [7] use machine learning to forecast short-
term labor demand.

While these approaches rigorously address strategic plan-
ning objectives, they generally operate at an aggregate level.
In contrast, our work focuses on the operational challenge of
dynamically assigning individual employees to tasks based
on fine-grained suitability metrics and time-dependent avail-
ability constraints.

B. Reinforcement Learning and Fairness

Reinforcement Learning (RL) offers a powerful paradigm
for tackling complex sequential decision-making problems

[19]. In RL, an agent learns to optimize its behavior through
interactions with an environment, selecting actions based on
observed states, receiving feedback in the form of rewards,
and iteratively refining a policy to maximize long-term
cumulative rewards.

Advances in deep reinforcement learning have further
extended RL’s applicability to large-scale, unified decision-
making systems [12]. Within workforce management, prior
research employing RL has primarily focused on aggregate-
level planning. For instance, Smit et al. [17] use deep RL to
guide long-term workforce composition. However, a gap re-
mains in addressing real-time, fine-grained task assignments,
where greater adaptability is needed at the individual task
level.

Concurrently, an expanding line of research has explored
how to embed fairness considerations into reinforcement
learning reward structures [16], [4]. Nonetheless, to the best
of our knowledge, these fairness-oriented methods have not
yet been extended to operational-level task assignment within
the context of Strategic Workforce Planning (SWP).

In this work, we address these gaps by proposing a
novel RL-based approach for real-time operational decision-
making in SWP. Specifically, we dynamically assign tasks
based on individual suitability and availability, moving be-
yond aggregate resource allocation. A key innovation of
our framework is integrating fairness constraints directly
into the reward function, penalizing policies that exhibit
disproportionate assignment patterns. This encourages the
agent to jointly optimize for efficiency and fairness, prevent-
ing systematic overburdening of individual employees. Our
approach thus facilitates robust, adaptive decision-making in
dynamic and heterogeneous work environments.



III. OUR SETTING

We simulate a workforce management scenario, repre-
sented in figure 1, in which a Reinforcement Learning
(RL) agent is trained to allocate employees to ongoing
projects within an organization. The environment has been
carefully crafted to reflect realistic operational constraints
and dynamic conditions typically encountered in strategic
workforce planning, especially in consulting firms. Several
modeling decisions were made to balance complexity with
computational tractability, ensuring that the agent is exposed
to rich, structured observations while still allowing for effi-
cient training and meaningful policy development.

A. Representation of Employees and Projects

Employees are represented by a synthetic binary skill
matrix, where each row corresponds to an employee and each
column represents a specific technical skill. A value of 1
indicates possession of a skill, while O indicates its absence.
This abstraction allows the agent to reason systematically
about skill matching. To capture variation in experience and
seniority, each employee is also assigned a discrete expertise
level, ranging from 1 (junior) to 4 (senior). Associated with
each expertise level is a cost coefficient, reflecting both the
employee’s salary and their potential productivity impact.
While real-world human capital includes a wide array of
complex factors, such as soft skills, adaptability, motivation,
and career aspirations, these aspects were deliberately ab-
stracted to focus on the core technical matching process and
to maintain a manageable state representation.

Projects are modeled similarly as synthetic binary ma-
trices, where each row corresponds to a project and each
column to a required skill. Each project specifies the tech-
nical competencies needed for successful completion, and
projects may differ significantly in skill composition and
intensity. Additionally, each project has associated temporal
requirements, budget constraints, and resource demands, all
of which the agent must take into account when making
assignment decisions.

B. Temporal Dynamics and Workload Considerations

In order to model the dynamic nature of workforce plan-
ning, both employees and projects are assigned timeline vec-
tors that evolve over discrete time steps. These binary vectors
encode active (1) and inactive (0) statuses, allowing the agent
to reason over availability, project durations, employee uti-
lization, and scheduling constraints. Through these temporal
features, the environment simulates real-world fluctuations
in project demands and workforce availability, requiring the
agent to plan not only for immediate assignments but also
for future resource needs.

Moreover, to encourage fair and sustainable workforce
management practices, the environment tracks each em-
ployee’s assignment history. This record shapes the agent’s
policy, helping prevent over-reliance on specific individuals
and fostering a more balanced workload distribution across
the organization. By factoring assignment history into the

state representation, the model supports policies that balance
operational efficiency with employee well-being.

IV. CONSIDERED SCENARIOS

To assess the robustness and adaptability of the RL agent,
we design three scenarios reflecting different levels of work-
force availability relative to project demands. This is a key
contribution of our work, as prior studies typically consider
only one setting. In contrast, our framework evaluates agent
behavior under balanced, constrained, and abundant resource
conditions, enabling a more comprehensive test of its gener-
alization capabilities.

In the Base scenario, a one-to-one correspondence exists
between available employees and project requirements. This
neutral setting ensures that every staffing need can be met
without surplus or shortage, serving as a controlled bench-
mark for analyzing agent behavior in the absence of resource
imbalances.

The Under-sampling scenario introduces a resource con-
strained environment, where the number of available em-
ployees falls short of project demands. This setting simulates
realistic staffing shortages, requiring the agent to make prior-
itization decisions, accept suboptimal matches, and manage
trade-offs. The reward function is adjusted to penalize both
infeasible and inefficient assignments, encouraging effective
resource allocation under pressure.

In contrast, the Over-sampling scenario models a surplus
condition in which the workforce exceeds project needs.
The agent is incentivized to avoid unnecessary or redundant
assignments through reward penalties, promoting selective
and strategic deployment of personnel to maximize efficiency
and minimize underutilization.

In all scenarios, the environment’s step function updates
the system state and calculates rewards based on the fea-
sibility and efficiency of the agent’s actions. This multi-
scenario framework enables a systematic assessment of the
agent’s adaptability and performance in varied and dynamic
workforce management settings.

V. METHODOLOGY

To address the workforce allocation problem, we built
a custom Reinforcement Learning environment using the
OpenAl Gym interface that simulates the complex dynamics
of managing a company’s human resources. It captures key
employee—project interactions while embedding operational
constraints and business objectives.

We train a Proximal Policy Optimization (PPO) agent,
chosen for its stability in continuous control tasks. The agent
is implemented using the Stable-Baselines3 library,
which integrates with the Gym environment and supports
efficient training and experimentation.

The environment’s state captures key components: the
matrix of employee skills, the project requirements, the
current allocations, the employee experience levels, the in-
dividual assignment counts, and the timestep indicator. This
modular structure enables flexible, interpretable, and efficient
handling of heterogeneous information.
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Fig. 2. Final reward per episode during training, averaged over a sliding window.

The action space is defined as a discrete set of all
possible assignment pairs (4, j), representing the allocation
of employee ¢ to project j. This action formulation enables
the agent to construct assignment plans incrementally, navi-
gating a dynamically evolving environment characterized by
resource availability and project requirements.

The cornerstone of the learning process is the design of
a multi-objective reward function, aimed at reflecting key
operational priorities:

ri=a+ BSiM — et — Pf (D

where:

e SM quantifies the skill match quality between the
assigned employee and the target project role.

e c® denotes the cost associated with assigning the em-
ployee, promoting cost-effective decisions.

e P? introduces a penalty proportional to repeated as-
signments of the same employee, fostering equitable
workload distribution.

e a > 0 is a constant baseline reward to stabilize initial

learning dynamics and encourage early exploration.

Fairness is explicitly embedded in the reward structure:
the penalty term P increases with both the frequency
and recency of assignments, discouraging over-utilization of
specific employees and promoting a balanced distribution
of tasks across the workforce. This design choice reflects
ethical considerations often neglected in traditional RL-based
resource allocation systems.

To improve realism and adaptability, the reward function is
tailored to each operational scenario. In the Under-sampling
case, where workforce is limited, the agent is penalized
for suboptimal assignments, with penalties scaled to the
severity of skill mismatches. In the Over-sampling case,
a bonus is awarded upon first project completion, while
idle employees incur penalties at episode end, encouraging
efficient workforce use.

Scenario-specific step functions govern state transitions
and rewards, reflecting unique constraints and incentives
of each setting. Episodes terminate once all project roles
are filled. In Under-sampling, episodes may also end early
when no employees remain. In Over-sampling, termination
occurs once staffing is complete, even if employees remain
unassigned, triggering a penalty for unused capacity.

VI. RESULTS

The PPO agent is trained separately in the three scenarios:
Base, Under-sampling, and Over-sampling. Each training
run consists of N = 10000 episodes, with a maximum of
T = 30000 timesteps per episode. The availability of the
employees and the duration of the projects are considered
in a range of 30 days. In the various scenarios, a different
number of employees and projects were used: 6 employees
and 2 projects in the Base, 6 employees and 13 projects in
the Under-sampling, 15 employees and 2 projects in the
Over-sampling. For all scenarios, 3 skills and 4 employee
experience levels were used.

The agent’s performance is monitored through several
metrics, including cumulative reward and number of
timesteps. All experiments are conducted under identical
hyperparameter settings with a learning rate of L = 0.0003,
discount factor v = 0.99, and clip range = 0.2. To support
a detailed comparison between training and testing phases,
we report the following metrics:

e L £ 0y average number of timesteps per episode [7's],
e M;: maximum number of timesteps [T's],

e my: minimum number of timesteps [7's],

e [+ 0, average final cumulative reward in points [P],
e M,: maximum final cumulative reward achieved [P].

A. Learning Performance Analysis

Figure 2 shows the evolution of the final reward per
episode during training, averaged over a sliding window.

In the Base scenario (Figure 2, left), the agent exhibits
rapid performance gains within the first 2,000 episodes,
followed by more gradual, linear improvements. This pattern
suggests that the agent quickly learns an effective initial
policy and incrementally refines it over time. A slight decline
in performance around episode 4,000 may reflect renewed
exploration or the onset of a learning plateau.

In the Under-sampling scenario (Figure 2, center), learn-
ing is slower and more erratic. The agent initially struggles
to discover viable strategies, as indicated by the presence
of strongly negative rewards. While performance improves
over time, the learning curve remains unstable, highlighting
the increased difficulty introduced by the limited availability
of staff.

In the Over-sampling scenario (Figure 2, right), early
training progress is slow and inconsistent. However, in
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Fig. 3. Final reward per episode during testing, averaged over a sliding window.
Phase we [Ts] My [Ts]  my [Ts] wr [P] M, [P]
Train  11.84 £ 2.02 24.20 10.10 183.54 &£ 79.55  227.05
Test 13.82 + 0.26 14.80 13.18 209.25 £ 3.52 215.25

TABLE I

COMPARISON OF EXPERIMENTAL RESULTS BETWEEN TRAINING AND TEST PHASES IN THE BASE SCENARIO.

Phase we [Ts] My [Ts]  my [Ts] wr [P] M, [P]

Train  13.24 + 2.84 20.52 8.94 49.21 £+ 116.89 165.37

Test 9.84 +£ 1.79 14.08 8.38 166.49 + 42.85 182.26
TABLE 11

COMPARISON OF EXPERIMENTAL RESULTS BETWEEN TRAINING AND TEST PHASES IN THE UNDER-SAMPLING SCENARIO.

Phase pt [Ts] My [Ts]  my [Ts] wr [P] M, [P]

Train  22.92 4+ 2.34 28.64 19.12 176.61 + 133.27  341.03

Test 21.06 £ 1.46 23.30 19.86 338.54 4+ 7.65 356.79
TABLE III

COMPARISON OF EXPERIMENTAL RESULTS BETWEEN TRAINING AND TEST PHASES IN THE OVER-SAMPLING SCENARIO.

later stages, the agent achieves the highest observed re-
wards—stabilizing around 300 points—demonstrating its
ability to exploit project completion bonuses while minimiz-
ing penalties for idle resources.

B. Test Performance Analysis

To assess the agent’s generalization capability, a separate
test phase was conducted for each scenario using the policies
learned during training (Figure 3).

In the Base scenario (Figure 3, left), the agent consis-
tently maintains high cumulative rewards throughout the test
episodes, confirming the robustness of the policy learned
under balanced conditions.

In the Under-sampling scenario (Figure 3, center), per-
formance exhibits greater variability, consistent with the
challenges posed by resource scarcity. Nonetheless, the agent
achieves higher average rewards during testing than in train-
ing, indicating successful policy consolidation.

In the Over-sampling scenario (Figure 3, right), the agent
outperforms the Base scenario, reaching average rewards
above 300 points. This suggests that it effectively generalizes
its strategy to handle the workforce surplus by leveraging
bonuses while avoiding penalties.

C. Overall Results of Training and Test Phases

Tables I, II, and III provide a quantitative comparison of
episode duration and cumulative rewards across training and
testing phases.

In the Base scenario, the agent converges efficiently, with
short and stable episode durations and consistently high
cumulative rewards. This confirms the agent’s ability to
develop an effective policy under balanced conditions.

In the Under-sampling scenario, shorter episode dura-
tions are observed, especially during testing, as episodes
frequently end early due to the lack of available employees.
Although this results in lower average rewards compared to
the Base case, the agent still demonstrates the ability to find
viable allocation strategies in a more constrained setting. The
increase in test-time rewards compared to training suggests
improved policy consolidation once exploration is no longer
necessary.

In the Over-sampling scenario, episodes run longer due
to the larger decision space created by workforce surplus.
Despite this added complexity, the agent achieves the highest
test-time cumulative rewards, successfully exploiting project
completion bonuses while minimizing idle-employee penal-



ties.

Overall, the agent generalizes well across diverse oper-
ational settings. It adapts its strategy to varying levels of
resource availability, consistently identifying feasible and
fair allocation policies tailored to each scenario’s specific
constraints and opportunities.

VII. CONCLUSION AND FUTURE WORK

In this work, we presented an RL-based framework for
workforce allocation using a custom environment that emu-
lates a consulting firm’s operational constraints. By modeling
employees with structured skills, seniority levels, availability,
and costs, and by integrating a reward function balancing
efficiency and fairness, we trained a PPO agent that learns
robust, adaptive allocation strategies.

Experimental results across the Base, Under-sampling,
and Over-sampling scenarios show that the agent learns to
balance skill compatibility, cost management, and equitable
workload distribution. Fairness constraints in the reward
function were key to promoting balanced assignments, even
under resource-scarce or resource-abundant conditions. The
adaptive reward structure effectively guided the agent’s be-
havior across different settings, supporting the approach’s
generalizability.

Nonetheless, several limitations remain. The environment
abstracts certain human factors, such as individual prefer-
ences, team dynamics, and stakeholder feedback. Further-
more, while fairness is explicitly incorporated, the criteria
are predefined and static, limiting flexibility in contexts with
evolving notions of equity.

Future work will explore adaptive or learned fairness
metrics, predictive policies for hiring and restructuring, and
interactive human-in-the-loop evaluation. Extensions could
also model employee learning, satisfaction, and turnover,
enhancing both the realism and strategic value of the frame-
work. Ultimately, this work lays a foundation for RL-based
decision systems that combine technological rigor with op-
erational relevance.
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