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Abstract—While significant advancements have been made in
the field of fair machine learning, the majority of studies focus
on scenarios where the decision model operates on a static
population. In this paper, we study fairness in dynamic systems
where sequential decisions are made. Each decision may shift the
underlying distribution of features or user behavior. We model
the dynamic system through a Markov Decision Process (MDP).
By acknowledging that traditional fairness notions and long-
term fairness are distinct requirements that may not necessarily
align with one another, we propose an algorithmic framework
to integrate various fairness considerations with reinforcement
learning using both pre-processing and in-processing approaches.
Three case studies show that our method can strike a balance
between traditional fairness notions, long-term fairness, and
utility.

Index Terms—long-term fairness, sequential decision-making,
reinforcement learning, proximal policy optimization

I. INTRODUCTION

Machine learning algorithms are increasingly being widely
used in high-stakes decision-making applications, such as
college admissions [1], [2], bank loans [3], [4], employment
[5], recidivism risk assessment [6], etc. However, our society
is rife with systemic inequalities, and real-world data is
often influenced by social and historical contexts which may
contain historical biases and discrimination based on gender,
race, and other factors. As a result, algorithmic fairness in
machine learning has received increasing attention. Ensuring
that machine learning models trained on biased data do not
make discriminatory decisions against vulnerable groups is a
key consideration for deploying these algorithmic decision-
making systems [7]. In the literature, various notions and
metrics have been proposed to measure the concept of fairness
in machine learning. Diverse algorithms have been proposed
to address the fairness concerns. For surveys on general fair
machine learning, please refer to [8]–[10].

Despite the progress in fair machine learning, most of the
studies focus on scenarios in which the decision model makes
decisions over a static population. These works typically em-
ploy fair machine learning algorithms to achieve fairness for
a batch of data, but do not consider how these decisions may
affect fairness over an extended period of time. Nevertheless,
real-world decision-making systems usually operate in a dy-
namic manner that involves making sequential decisions. Each
decision may shift the underlying distribution of features or

user behavior, which in turn affects the subsequent decisions.
For example, loan decisions have an impact on an individual’s
credit score, while the allocation of police forces can influence
the crime rate in a particular location. As a result, long-
term fairness has been proposed as a fairness notion that
concerns how fairness can be achieved and maintained over
a time horizon, rather than a single time step, by taking into
consideration the system dynamics and feedback loops.

How to achieve long-term fairness has been explored in
previous studies through explicit modeling of dynamics and
feedback loops. One branch of research is to investigate
the impact of current decisions on a target population in
application-specific scenarios by leveraging various analytical
frameworks, such as the one-step feedback [11] or Pólya urn
model [12]. There are analytical results that show that simply
enforcing traditional fairness notions at each static decision
point may produce adverse effects on disadvantaged groups
in the long run [13], [14]. Long-term fairness has also been
studied in the context of reinforcement learning (RL) where
the system dynamics and feedback loops between decisions
and the population are formulated through a Markov Decision
Process (MDP) [15]. Following this line of research, [16],
[17] establish simulation environments for studying long-term
fairness in RL, based on which RL algorithms have been
used to learn a decision-making policy that aims to optimize
both policy utility and fairness as long-term objectives [18],
[19]. However, one limitation of existing methods is that they
usually formulate long-term fairness as the difference between
the average or instantaneous rewards received by different de-
mographic groups similar to static fairness notions, but do not
take into account the inherent difference between traditional
fairness notions and long-term fairness requirements.

In this paper, we consider long-term fairness as a require-
ment on the states rather than the rewards following the
definitions in some well-accepted research [13], [14], [20].
We acknowledge that traditional fairness notions and long-
term fairness are distinct requirements that may not neces-
sarily align with one another. Traditional fairness considers
the equity of the outcomes or performance of the decision
model at a single decision point. It is referred to as short-
term fairness later in this paper for a clear representation.
Long-term fairness, on the other hand, refers to a long-term
state in which equity is systematically satisfied. Such a state
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may be achieved by gradually reducing the gap between the
qualification distributions of different groups. As a result,
imposing short-term fairness constraints may not necessarily
lead to long-term fairness even if the constraints are incorpo-
rated into a long-term objective. For example, suppose a bank
uses different thresholds for making loan decisions for the
advantaged and disadvantaged groups in order to ensure fair
outcomes. However, this approach may not help narrow the
gap between the credit score distributions of the two groups.

To address the above issue, we develop an algorithmic
framework that promotes both short-term and long-term fair-
ness simultaneously. Similar to prior works, we utilize the
MDP framework to leverage its power in optimizing long-
term objectives. By recognizing the distinct requirements of
short-term and long-term fairness, we incorporate them into
the RL algorithm using different approaches. Since the concept
of long-term fairness is aligned with the principle of the
MDP framework, we employ an in-processing approach to
deal with this constraint. We adopt the 1-Wasserstein distance
as the metric of the distribution gap and theoretically show
that minimizing the distance can lead to a long-term fair
state. On the other hand, we adopt a model-agnostic pre-
processing approach to deal with short-term fairness to ensure
that it is enforced throughout the sequential decision-making
process. We extend a classic pre-processing approach called
massaging [21] to the RL setting by integrating it with the
policy optimization algorithm. Finally, we show the exact
implementation of our algorithmic framework using three
case studies, where the experimental results demonstrate that
our method is capable of striking a desired balance between
short-term fairness, long-term fairness, and the utility of the
sequential decision system.

We summarize our contributions as below:
• We propose to achieve systematic equity in sequential

decision-making by considering short-term and long-term
fairness as distinct fairness requirements.

• We develop an efficient and flexible algorithmic frame-
work that integrates short-term and long-term fairness
with the MDP framework as distinct constraints.

• Three case studies within simulation environments are
used to prove the effectiveness of our method by eval-
uating the performance of our method and comparing it
with the state-of-the-art baselines.

II. RELATED WORK

Extensive research has been conducted on achieving fairness
in machine learning within static systems, but the exploration
of fairness in dynamic systems has remained relatively limited.
It has been first studied in a compound decision-making
process called a pipeline [22], [23] where individuals may
drop out at any stage and classification in subsequent stages
depends on the remaining cohort of individuals. Then, more
complex dynamic systems are considered where the sequential
decisions have the potential to reshape the distribution of
the underlying population. Due to the difficulty of modeling
the system dynamics, researchers first focused on specific

applications. For example, the authors in [20] propose a short-
term intervention for long-term fairness in the labor market
by constructing a dynamic reputational model and adopting a
dual labor market composed of a Temporary Labor Market and
a Permanent Labor Market. The research in [13] studies the
delayed impact of fair machine learning in lending scenarios.
It has been realized that, traditional fairness notions cannot
guarantee to promote fairness as a delayed impact, even in a
one-step feedback model. Researchers in [14] also verify the
inadequacy of traditional fairness notions in achieving fairness
in the long run. It has also been proposed to model the dynamic
system using causal graphs. [24] introduces causal directed
acyclic graphs (DAGs) as a framework for studying fairness
in dynamical systems. The research in [25], [26] proposes to
treat model deployment as soft interventions and infer post-
intervention distributions in measuring fairness.

As Markov Decision Process (MDP) is a prevalent frame-
work used to model sequential decision-making, it has also
been proposed to study fairness in the context of reinforcement
learning (RL). The research in [15] initiates the study of fair-
ness in RL and proposes a fairness constraint that requires an
algorithm to never prefer one action over another if the long-
term reward of choosing the latter action is higher. However,
fairness is defined only based on the reward of each action
without considering the demographic information. Along this
direction, the authors in [27] study long-term fairness and
formulate a Constrained Markov Decision Process (CMDP),
but fairness is defined only within the context of recommenda-
tion systems. The authors in [19] propose two algorithms for
learning policies to satisfy fairness constraints that are defined
on the average reward for individuals in different groups. In
particular, [16], [17] advocate for the use of simulation studies
to understand the long-term behaviors of deployed ML-based
decision systems and their potential consequences. The authors
explore toy examples of dynamical systems including bank
loans, college admissions, allocation of attention, and epidemic
control. An extensible open-source software framework for
implementing fairness-focused simulation studies is provided.
Based on that, [18] proposes to impose fairness requirements
in policy optimization by regularizing the advantage evaluation
of different actions. The proposed methods make it easy to
impose fairness constraints without rewarding engineering or
sacrificing training efficiency. However, the authors directly
apply traditional fairness notions without considering the
different requirements of traditional and long-term fairness.
Different from prior works, we consider long-term fairness
as a requirement on the states rather than on the rewards
and acknowledge traditional and long-term fairness as distinct
fairness requirements. We develop an algorithmic framework
that promotes both requirements simultaneously.

III. PRELIMINARIES

This section introduces the background and preliminaries of
fair machine learning, reinforcement learning (RL), and proxi-
mal policy optimization (PPO), a prevalent policy optimization
algorithm in RL.

Authorized licensed use limited to: University of Arkansas. Downloaded on March 21,2024 at 15:40:53 UTC from IEEE Xplore.  Restrictions apply. 



664

A. Fair Machine Learning

The issue of fairness has become one of the most popular
topics in machine learning in recent years. To measure fairness
in algorithmic decision-making, a large number of fairness
notions have been proposed in the literature. Typical examples
include demographic parity (DP) and equal opportunity (EO).
DP aims to ensure that different demographic groups are repre-
sented proportionally in the outcomes of a decision model. EO,
on the other hand, refers to the principle of treating individuals
or groups fairly by ensuring equal error rates or predictive
performance across different demographic subgroups. Then,
to address the fairness issues, bias mitigation algorithms are
proposed mainly from three perspectives: pre-processing, in-
processing, and post-processing. Pre-processing approaches
focus on eliminating bias from the training data (e.g., [28]–
[30]), in-processing approaches aim to avoid introducing bias
in model training by proposing new model structures or loss
functions (e.g., [31]–[33]), and post-processing approaches
modify predicted outcomes to resolve fairness issues (e.g.,
[34]–[36]).

B. Reinforcement Learning

Reinforcement learning consists of two interactive com-
ponents, an agent and an environment, which interact with
each other over time. This interaction process is modeled as
a Markov decision process (MDP) [37]. An MDP is denoted
by a tuple M = (S,A, P,R, ρ0, γ), where S ∈ S is a set of
states, A ∈ A is a set of actions, P : S × A × S → [0, 1]
is a transition function that represents the probability of next
state given the current state and the action, R : S → R is a
reward function, ρ0 : S → [0, 1] is an initial state distribution,
and γ ∈ [0, 1] is a discount factor. At each time step t, the
agent observes a state st ∈ S from the environment and takes
an action at ∈ A following a policy π : S → A based on the
current state. Then the agent observes a new state st+1 ∈ S
and a reward rt ∈ R generated by the environment with the
transition probability P (st+1|st, at) and the reward function
R(st) in the next time step t+1. The goal of RL is to learn a
optimal policy πθ which maximizes the expected discounted
cumulative rewards, defined as below.

J(θ) = Eτ∼πθ

[ ∞∑
t=0

γtR(st)

]
,

where τ = (s0, a0, s1, a1, ...) is a trajectory and τ ∼ πθ means
that a trajectory τ is sampled from the policy πθ following
s0 ∼ ρ0(s0), at ∼ π(at|st), st+1 ∼ P (st+1|st, at).

To address the RL problem, there are several concepts that
are often involved in RL algorithms. Let R(τ) denote the
discounted cumulative rewards of a trajectory τ . The state
value function V and the state-action value function Q are
given by V (st) = Eτ∼π[R(τ)|st = s] and Q(st, at) =
Eτ∼π[R(τ)|st = s, at = a], which evaluate how good a state
or a pair of state and action is. The advantage function is
the difference between Q(st, at) and V (st), i.e., A(st, at) =

Q(st, at)− V (st), and it can be considered as the advantage
of taking a given action over following the policy [38].

C. Proximal Policy Optimization

Policy optimization methods [39] are a type of reinforce-
ment learning algorithms that improve policies directly by
estimating policy gradients and optimizing with stochastic
gradient ascent. The most commonly used form of gradient
estimator is given by

∇J(θ) = E(st,at)∼πθ
[A(st, at)∇θ log πθ(at|st)] (1)

where the expectation is estimated over a batch of samples.
Proximal policy optimization (PPO) [40] is a state-of-the-art

policy optimization algorithm stemming from the trust region
policy optimization (TRPO) algorithm [41]. It maximizes a
clipped surrogate function to prevent the gradient update
dramatically, as follows

JCLIP (θ) = Ê [min(rt(θ)At, clip(rt(θ), 1− ϵ, 1 + ϵ)At)]
(2)

where At is short for A(st, at), rt(θ) denotes the probability
ratio πθ(at|st)

πθold
(at|st) , and ϵ is a hyperparameter. To compute

variance-reduced advantage function, a neural network is used
to estimate the state value function V (st) with the squared-
error loss

LV (θ) = E[(Vθ(st)−R(τ))2] (3)

The clipped surrogate function restricts the magnitude of the
gradient update, which not only makes the algorithm more
stable, but also allows for multiple updates using a batch of
samples, improving the data efficiency.

In this paper, we adopt PPO as the RL algorithm, but our
method can be applied to any policy optimization algorithms.

IV. PROBLEM FORMULATION

To develop an RL algorithm for achieving long-term fair-
ness, we start by defining fairness notions in the context of se-
quential decision-making, presenting the problem formulation,
and establishing the setting of the fair RL learning problem.

A. Fairness Definition for Sequential Decision Making

As stated in the last section, traditional fairness notions are
usually concerned about whether the machine learning model
produces the same outcome or performance across different
groups in a static population. In the context of sequential
decision-making, we refer to this type of notions as short-
term fairness notions, which are defined based on a cohort
of individuals who participate in the decision-making system
over a specific period.

Definition 1 (Short-term Fairness): In a sequential decision-
making system, short-term fairness is defined as the equal
outcome or performance of the decision model/policy over a
participating cohort.

It is worth emphasizing that, first, short-term fairness no-
tions may be enforced by laws and regulations in some
domains, such as the U.S. Equal Employment Opportunity
Commission [42] that prohibits employment discrimination.
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So, it is essential to enforce short-term fairness throughout
the sequential decision-making process including both training
and evaluation. Second, different short-term fairness notions
may conflict and not be achieved simultaneously if historical
and/or systemic biases exist [10]. For example, achieving de-
mographic parity may require preferential treatment to account
for historical disadvantages, which could potentially impact
equal opportunity. Thus, we adopt a single short-term fairness
notion only in our algorithm.

On the other hand, long-term fairness has been proposed
to account for fairness and equity of the sequential decision-
making system in the long run [13]. The general goal of
long-term fairness is to reach a state where the historical
disadvantages are rectified and systemic biases are removed.
Since the trade-off between short-term and long-term fairness
is due to historical disadvantages and systemic biases, we
presume that long-term fairness also implies a state in which it
becomes easier to simultaneously satisfy different short-term
fairness notions.
How to quantify long-term fairness? In the literature, fea-
tures are regarded as indicators or metrics that assess the
qualification or competency levels of individuals. Then, long-
term fairness is often formulated by measuring the gap in
feature distributions between different groups. For example, in
[13], the difference in feature distribution of the disadvantaged
group between the starting time step and the ending time step,
i.e., △ = E[xt=t∗ |c−]−E[xt=0|c−], is defined as the measure
of long-term fairness. It is called long-term improvement if
△ > 0, stagnation if △ = 0, and active harm if △ < 0.
In [20], long-term fairness is defined as the parity in the
feature distribution between the advantaged and disadvantaged
group when the dynamic system is at equilibrium, i.e., △ =
|E[xt=t∗ |c+]−E[xt=t∗ |c−]|. In this paper, we adopt a similar
philosophy to [20] and define long-term fairness as follows.

Definition 2 (Long-term Fairness): Long-term fairness is
defined as the equal feature distributions of different groups
at a long-term state of the sequential decision-making system.

After discussing the two types of fairness we consider, we
define our problem formulation as follows.

Problem Formulation 1: Consider a sequential decision-
making context. A policy for making the decision is learned
through an iterative process of interaction with the environ-
ment. Our goal is to learn a fair policy such that: (1) short-
term fairness is guaranteed throughout both the training and
evaluation processes, and (2) a long-term fair state is reached
at the end of the evaluation process.

B. Problem Setting for Fair RL

To formulate the problem of long-term fair sequential
decision-making, we consider a finite-horizon RL problem
and leverage the MDP framework. Specifically, in our context
states S = C×X where C is the domain of the sensitive feature
and X ∈ Rm represents the domain of the profile features.
When C is a binary domain, we use {c+, c−} to represent
the advantaged and disadvantaged groups respectively. Let A
denote the action space. If A is a binary domain, we use

{1, 0} to represent the positive and negative actions. Our goal
is to learn a stochastic policy πθ : S → A which maximizes
the agent’s cumulative reward while satisfying certain fairness
criteria. Note that we generally allow the sensitive attributes
to be involved in the policy input and will explicitly adopt
constraints to enforce fairness requirements.

We may use the bank loan system as an example to illustrate
this problem setting in a real-world scenario. In this example,
the bank is treated as the agent, and the population of the
applicants is treated as the environment. Assume that the
sensitive attribute C is the race of the applicant. As an RL
process, at each time step t, an individual from a certain race
group is sampled and applies for a loan from the bank, whose
state st is given by race ct and personal profile xt. Then, the
bank runs a policy function πθ to decide whether to approve
the loan according to probability distribution πθ(at|st). If the
loan is approved, depending on whether the individual repays
the loan, both the bank’s profit and the feature distribution of
the population will be affected which determines the new state
and the reward. Finally, the goal of the bank is to learn from
interactions a lending policy that maximizes its own profit
while satisfying fairness.

V. ALGORITHM

In this section, we develop a flexible and effective fair RL
algorithm that integrates the pre-processing and in-processing
approaches to promote short-term and long-term fairness si-
multaneously. We assume separate training and evaluation pro-
cesses where the policy is updated according to the interaction
experience with the environment during the training process,
and it is further evaluated in a separate environment with
the same dynamics after the training completes. However, our
method is readily applied to the setting where the evaluation
is conducted during the training. In the following, we first
provide an overview of the algorithm.

A. Overview

When developing the fair RL algorithm, it is critical to
consider the different requirements for long-term and short-
term fairness. Long-term fairness is a state that represents the
maximization of the equity of the system in the long run.
As it is aligned with the principle of the MDP framework that
maximizes the expected total reward over time, we adopt an in-
processing approach that regularizes the reward to incorporate
the long-term fairness objective so that the RL algorithm
can be aware of the long-term fairness status in training.
Specifically, we regularize the advantage function of a policy
optimization algorithm as:

Aλ(st, at) = A(st, at) + λR(st), (4)

where R(st) is the regularization that reflects the long-term
fairness requirements and λ is a hyperparameter that controls
the degree of regularization.

On the other hand, short-term fairness is an instantaneous
constraint that may be enforced by laws or regulations at
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every step of the decision-making. Merely incorporating short-
term fairness through regularizing the advantage function may
not be sufficient to guarantee short-term fairness throughout
the entire training process. Thus, we choose to adopt a pre-
processing approach to address this issue. Inspired by the
classic pre-processing approach named massaging [21], we
propose a method called action massaging that selectively
alters unfair actions produced by the policy network to fair
ones. Specifically, after an action at is sampled from the policy
network πθ at time step t, we employ a functional mapping
a′t = m(st, at) where a′t may or may not be equal to at
to generate the trajectory. By using this altered trajectory to
perform policy optimization, the policy gradient becomes

∇J(θ) = E(st,at)∼πθ
[Aλ(st, a

′
t)∇θ log πθ(a

′
t|st)], (5)

which shows that the policy gradient is computed based on the
trajectory formed by a′t. The rationale of the action massaging
is to perform fair actions when the policy network generates
biased ones and also encourage the policy to generate fair
and high-reward actions. Note that this approach differs from
the off-policy RL learning algorithm which optimizes the
current policy network based on the trajectories generated by
a different policy, and hence our approach does not require
importance sampling to correct for the bias.

Next, we describe the above pre-processing and in-
processing components in detail.

B. Action Massaging for Short-term Fairness

The action massaging altered actions according to a pre-
defined short-term fairness criterion that is to meet legal
and regulatory requirements for decision-making and prevent
discrimination against certain groups. As mentioned earlier, we
consider group fairness notions such as DP or EO in our work.
At each time step t, short-term fairness relies on the current
state and action as well as the past states and actions of the
system. To facilitate computation, we adopt a sliding window
w so that all the states and actions between time step t−w and
t form a participating cohort that will be used to measure short-
term fairness. We denote this measure as △s(st, at). Then,
the action massaging m(st, at) alters the action at to a′t that
minimizes △s(st, at) to improve short-term fairness.

When designing the mapping m(st, at), one principle is that
the modifications should not significantly damage the utility of
the policy. In our method, we treat πθ(at|st) as the confidence
level for selecting action at, and introduce a constraint that
limits the difference between the confidence of the original
action at and the altered action a′t. The action massaging
only alters the current action to a different action when the
above difference is smaller than a predefined threshold. When
multiple actions satisfy the constraint, the action massaging
chooses the one that leads to best short-term fairness. As a
result, the action massaging is formulated as follows:

m(st, at) = argmin
a′
t∈A

△s(st, a
′
t)

s.t. |πθ(at|st)− πθ(a
′
t|st)| < τ.

(6)

The constraint in Eq. (6) is an important factor that reflects
the trade-off between short-term fairness and utility. It aids
in enhancing short-term fairness while minimizing the impact
on utility. On one hand, the constraint reduces the number
of modifications made by the action massaging, as a large
number of modifications will cause instability and deviation
of training. On the other hand, the constraint also restricts
the modifications to be carried out when current actions have
low confidence and hence leads to a smaller reduction in
utility. For example, in a special case of binary actions (e.g.,
the decision of bank loan), the constraint will restrict the
modifications to actions with confidence close to 0.5. The
exact implementation of the action massaging is task-specific
and varies with applications, as will be shown in the case
studies in the next section.

C. Advantage Regularization for Long-term Fairness

The action massaging for short-term fairness is not enough
to achieve long-term fairness as the objective of short-term
fairness may not exactly align with the objective of long-term
fairness. As mentioned above, we leverage the MDP’s capacity
to maximize long-term returns as a means to attain long-
term fairness. To quantify long-term fairness, in our work we
employ the 1-Wasserstein distance between the distributions of
different groups as the long-term fairness metric. The reason
is presented in the following proposition.

Proposition 1: Denote by d the 1-Wasserstein distance
between the feature distributions of different groups, i.e., d =
W (P (x|c+), P (x|c−)). For any decision model h : X 7→ A
that is Lipschitz continuous, its DP is bounded by lh ·d where
lh is the Lipschitz constant of h. If we assume that the true
label is given by another decision model g : X 7→ A that is
Lipschitz continuous and also satisfies DP, then the EO of h
is bounded by (lh + lg)/P (y) · w where lg is the Lipschitz
constant of g.

Proof: According to the definition of DP, we have

DP(h) = |E[h(x)|c+]− E(h(x)|c−)|.

Due to the Kantorovich–Rubinstein duality [43], it is straight-
forward that

DP(h) ≤ sup
∥h∥≤lh

[
Ex∼P (x|c+)[h(x)]− Ex∼P (x|c−)[h(x)]

]
= lh ·W (P (x|c+), P (x|c−)) = lh · d.

On the other hand, we have

EO(h) = |E[h(x)|a = 1, c+]− E(h(x)|a = 1, c−)|.

Due to the assumption that the true label is given by g and g
satisfies DP, it follows that

E[h(x)|a, c] =
∫
x

h(x)P (x|a, c)dx

=

∫
x

h(x)P (x|c)P (y|x, c)
P (y|c)

dx =

∫
x

h(x)P (x|c) g(x)
P (y)

dx

=
1

P (y)
Ex∼P (x|c)[h(x)g(x)].
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In addition, define f(x) = h(x)g(x) and denote the Lipschitz
constant of f as lf . It is easy to show that lf ≤ lh ·
supx |h(x)| + lg · supx |g(x)|. Since h(x) ≤ 1 and g(x) ≤ 1,
we have lf ≤ lh + lg . As a result, we have

EO(h) ≤ lh + lg
P (y)

W (P (x|c+), P (x|c−)) = lh + lg
P (y)

· d.

The above proposition shows that, by approaching a long-
term state where the 1-Wasserstein distance between the
feature distributions of different groups is minimized, we can
mitigate at that state both the DP and EO of any decision
model that is Lipschitz continuous. This implies that a long-
term fair state has been reached.

Denote the long-term fairness measure computed at time
step t as △l(st). Similar to short-term fairness, we adopt a
sliding window to form a participating cohort for estimating
the feature distributions. Then, we incorporate △l(st) into
the advantage function as the regularization. However, rather
than directly adding △l(st) to the advantage function, we
further consider the trade-off between short-term fairness and
long-term fairness when the two objectives are not aligned.
Specifically, we promote the advantage when both short-term
and long-term fairness can be improved while demoting the
advantage when both short-term and long-term fairness is
damaged. When there is a conflict between short-term and
long-term fairness, we keep the current advantage unchanged.
The regularization term is defined as follows:

R(st) =

{
min(0,△l(st)−△l(st+1)) △s(st, at) > δ

max(0,△l(st)−△l(st+1)) △s(st, at) ≤ δ
(7)

As can be seen, the first term is active when short-term
fairness △s(st, at) is larger than the threshold δ. Then, this
term will penalize the original advantage when the long-term
fairness measure does not decrease at the next time step t+1
compared to the current time step t. The second term is active
when short-term fairness △s(st, at) is less or equal to δ. In
this case, we reward the advantage function when the long-
term fairness measure reduces. This approach allows for a
continuous improvement of long-term fairness throughout the
entire sequence, rather than a sudden change at a specific point,
while it remains simple and effective.

Combining the above two methods for fairness, we present
the pseudocode of our algorithm in Algorithm 1, which is
referred to as F-PPO.

VI. EXPERIMENTS

For demonstrating the performance of our proposed method,
we make use of the simulation environments [16], [17] that im-
plement toy examples of dynamic systems for supporting stud-
ies of long-term consequences of ML-based decision systems.
We conduct three case studies in the context of bank loans,
allocation of attention, and epidemic control. The proposed
method is evaluated with respect to utility, short-term fairness,
and long-term fairness. As mentioned earlier, the policies will
be first trained by interacting with the environment and then

Algorithm 1: Fair Proximal Policy Optimization
(F-PPO)

1 Initialize policy network πθ and value function network
vϕ;

2 for k = 0, 1, 2, ... do
3 Collect trajectories Dk from policy πθ where actions

at are sampled from πθ(at|st);
4 Compute △s(st, at) and apply action massaging

according to Eq. (6) to obtain altered trajectories;
5 Compute △l(st) and penalized advantage Aλ(st, at)

according to Eqs. (4) and (7) ;
6 Update the policy by maximizing the clipped

surrogate function JCLIP according to Eq. (2);
7 Update the value function network by minimizing the

squared-error loss LV according to Eq. (3);
8 end

tested separately in the environment. All the code and data
are available online at https://github.com/yaoweihu/Fairness-
in-RL.
Baselines. We consider two different categories of baseline
agents in our experiments. The first category is human-
designed policy agents used in [16], [18], including the EO
agent for bank loans, the CPO agent for attention allocation,
and the Max agent for epidemic control. The second category
consists of learning-based policy agents. We consider the
original PPO algorithm that only maximizes the cumulative
reward, and the A-PPO algorithm that is the state-of-the-art
fair RL algorithm proposed in [18] for achieving fairness
through advantage regularization. As an ablation study, we
also consider a variant of our method named F-PPO-L that
only consists of the long-term fairness component but with
the short-term fairness component removed.

A. Case Study: Bank Loans

In this case study, the bank lending scenario is simulated
where an agent plays the role of a bank to make decisions
about whether to grant loans to a stream of applicants. The
qualification of applicants is described by a discrete credit
score, which changes with the loan decisions.
Environment. In this environment, at each time step the bank
observes a loan applicant st which is sampled with replace-
ment from the pool of applicants. Each applicant consists of a
credit score (qualification feature) and a group membership
(sensitive feature). The group membership ct is uniformly
sampled from {c+, c−}. The credit score xt, on the other
hand, is drawn from a group-dependent discrete distribution
over X ∈ {1, 2, ..., Xmax} with Ec− [X] < Ec+ [X]. The bank
employs a policy to make binary decisions of whether to deny
or approve loan applications. If a loan applicant receives a loan
and defaults, his/her credit score Ci drops, which is simulated
in the distribution by moving a small portion of mass from
Pc(Xi) to Pc(Xi−1) if i ̸= 1. Similarly, if the loan applicant
receives a loan and repays, a small portion of mass will be
moved from Pc(Xi) to Pc(Xi+1) if i ̸= Xmax. There is no
change in the distribution if the applicant does not receive the
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(a) The short-term fairness (b) The long-term fairness (c) The amount of bank cash

Fig. 1: Experimental results for bank loans. The recorded values are averages over 10 evaluation runs.

loan. The bank’s profit increases by the amount of the loan
plus the interest on successfully repaid loans, and decreases
by the loan amount on defaults. The probability of default
is given by a deterministic function of the credit score. The
reward of the bank at each time step is defined as the change
in its profit at the next time step.
Implementation of F-PPO. In this case study, we implement
a policy network πθ(at|st) to make binary decisions at ∈
{1, 0}. We adopt EO as the short-term fairness notion, which
is defined as follows:

△s (st, at) =∣∣∣∣∣
∑t

t−w successful loantc+∑t
t−w will repaytc+

−
∑t

t−w successful loantc−∑t
t−w will repaytc−

∣∣∣∣∣ ,
(8)

where w = 300 is the sliding window size. For the action
massaging, the action will be flipped if the alternative action
is fairer in terms of short-term fairness and the confidence
of the action is lower than the threshold. The threshold in
Eq. (6) is dynamically adjusted according to the number of
training iterations. The idea is to perform a cold start in action
massaging so that the actions are not altered at the beginning
of training. The threshold is initially zero and increases after
a certain number of iterations. Specifically, the threshold τ at
the ith iteration is defined as τ = 1− 2τ(i) where

τ(i) =

{
τs · γi−is i ≥ is

0.5 otherwise

In our experiments, we set τs = 0.5, is = 17, and γ = 0.985.
Finally, long-term fairness is computed as

△l(st) = W (Pt−w:t(X|c+), Pt−w:t(X|c−))

where Pt−w:t(X|c) is the distribution mass of the credit score
of group c measured within the sliding window. For other
hyperparameters, we set λ = 1 and δ = 0.05.
Agents. We include PPO, A-PPO, and EO as baselines to com-
pare with our F-PPO, where EO is the agent that maximizes
the bank profits subject to constraints of equal opportunity at
every time step.

Results. The short-term fairness, long-term fairness, and re-
ward obtained by different agents during the test are shown in
Fig. 1. As can be seen, despite similar performance in terms
of reward (Fig. 1(c)), the fairness performance of different
methods is diverse. For short-term fairness (Fig. 1(a)), EO, A-
PPO and F-PPO are all able to keep the bias values below 0.1,
while the original PPO produces much larger bias values. For
long-term fairness (Fig. 1(b)), our F-PPO approach exhibits
superior performance among all the methods considered, as it
consistently achieves the smallest bias values, and these bias
values continue to decrease over time. On the other hand, A-
PPO produces the worst performance where the bias values
increase over time. This result shows that simply adding tra-
ditional fairness constraints into a long-term objective does not
necessarily achieve long-term fairness. By combining the three
results, we see that our F-PPO algorithm strikes a desirable
balance between short-term fairness, long-term fairness, and
utility of the policy.

For the ablation study, Fig. 2(a) shows the mean and
standard deviation of short-term fairness achieved by F-PPO
and F-PPO-L in each iteration of the training process over
350 iterations. The results show the effectiveness of the action
massaging in maintaining short-term fairness throughout both
the training and evaluation processes, while the long-term
fairness component alone cannot guarantee short-term fairness.

B. Case Study: Attention Allocation

This scenario aims to simulate incident monitoring and
mitigation. In the simulation, the agent’s role is to assign
attention units to a set of locations. Each attention unit can
prevent, or catch, one incident at the location to which it is
assigned. The incident rates at each location vary over time in
accordance with the number of incident occurrences as well
as the agent’s decisions on how to assign attention units.
Environment. In the attention allocation environment, let N
represent the number of attention units, and K be the number
of locations. At each time step t, the agent assigns all N
units over the K locations and ak,t denotes the number of
units assigned to location k. The number of incidents that
occur at each location is sampled from a Poisson distribution
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(a) Bank Loans (b) Attention Allocation (c) Epidemic Control

Fig. 2: Ablation study: mean and standard deviation of short-term fairness in each iteration measured during training.

(a) Short-term fairness (b) Long-term fairness (c) Average rewards

Fig. 3: Results for the Attention Allocation environment. The recorded values are the averages over 10 evaluation episodes.

as yk,t ∼ Poisson(Λk,t), where Λk,t is a dynamic parameter
which changes according to

Λk,t+1 =

{
Λk,t + λI

k if ak,t = 0

Λk,t − λD · ak,t otherwise.

Here, λI
k is the increase rate, which may vary between

locations k, and λD is the decrease rate which is the same
accross locations. The number of incidents discovered at a
location is given by ŷk,t = min(ak,t, yk,t). The reward is
defined as r(st) = ζ0

∑K
k=1 ŷk,t−ζ1

∑K
k=1(yk,t− ŷk,t) which

is determined by the fraction of incidents discovered. The
parameters ζ0 and ζ1 weight the reward function in terms of
incidents discovered versus incidents missed. The state st is
an observation history of length H and each observation is
a tuple of vectors (ŷt, yt, at, ŷt ⊘ yt), where ⊘ denotes the
Hadamard division operation.
Implementation of F-PPO. The policy network for attention
allocation produces a K dimensional vector of logits which
are converted into a probability distribution P (k) using the
softmax function. The action is constructed by iteratively
assigning attention units to the locations until all have been
assigned. In each iteration, one attention unit is assigned to the
location with the highest probability, from which the amount of
1
N is removed before the next iteration. For short-term fairness,

we adopt DP as the metric defined as follows:

△s(st, at) = max
k

∣∣∣∣∣
∑t

t′=t−w ak,t′

N · w
− 1

K

∣∣∣∣∣ , (9)

which requires that the number of units assigned should be
equal across different locations. The action massaging checks
for each pair of locations k1, k2 where at least one unit is
assigned to k1, if reallocating one unit from k1 to k2 would
improve short-term fairness. To minimize the impact of the
action massaging on the utility, the algorithm also checks if the
difference between P (k1) and P (k2) is less than the threshold.
When both conditions are met by multiple pairs, the algorithm
selects the one that leads to the best short-term fairness
performance and performs the reallocation. For simplicity,
we use a static threshold of 0.08. Finally, we measure long-
term fairness according to the incident distribution over all
locations. In training, we estimate the incident distribution
based on the number of incident occurrences, but in evaluation,
we use Λk,t as the ground truth of the incident distribution.
Agents. For baselines used to evaluate our F-PPO agent, we
consider PPO, A-PPO, as well as the CPO agent that aims to
discover the most incidents.
Results. The experimental results are shown in Fig. 3. Our F-
PPO achieves the best long-term fairness performance while
maintaining relatively low short-term bias values and high
rewards. As a comparison, although A-PPO produces the
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(a) Short-term fairness (b) Long-term fairness (c) Average rewards

Fig. 4: Experimental results for epidemic control. The recorded values are averages over 200 evaluation episodes.

best short-term fairness performance, its long-term fairness
performance and utility are among the worst. For the ablation
study, Fig. 2(b) shows the effectiveness of the short-term
fairness component.

C. Case Study: Epidemic Control

The third case study simulates an infectious disease scenario
where vaccines are allocated within a social network in a step-
by-step manner. At each step, one individual is selected by the
policy to receive the vaccine. Meanwhile, healthy individuals
have the chance to get infected, and sick individuals have the
chance to recover. The task is to optimally allocate vaccines
in order to mitigate the spread of disease.
Environment. In this environment, we have a social network
G = (V,E) where V is a set of individuals and E is a
set of edges representing social connections. The state of the
environment is a vector of the health state of all individuals.
For each individual, the health state is represented by a four-
dimensional one-hot encoding H = {S, I,R} that represents
the three possible states that an individual can be in, including
susceptible (healthy), infected, and recovered. At the initial
time step, a random set of individuals V0 are infected. Then,
at each time step t, the probability of a susceptible individual
i transitioning to the state of infected is given by PI(vi,t) =
1 − (1 − τ)|NI(vi,t)|, where NI(vi,t) represents the number
of infected individuals in the neighbor of individual i and
τ ∈ [0, 1] is an infectious factor. Meanwhile, the probability of
an infected individual recovering is given by PR(v) = ρ where
ρ ∈ [0, 1] is the recovering factor. If a susceptible individual
receives the vaccine, his/her state directly transitions from S
to R. The reward is defined as the proportion of the population
who are not infected. To study fairness, the Girvan-Newman
algorithm [44] is used to partition the network G into two
communities corresponding to groups c+ and c−.
Implementation of F-PPO. The policy network is a multiclass
classifier that outputs the probabilities of |V | + 1 actions
representing either not vaccinating or vaccinating any of the
|V | individuals. EO is still adopted as the short-term fairness
metric, which measures the vaccination ratio among newly

infected individuals in different groups as follows

△s (st, at) =∣∣∣∣∣
∑t

t−w vaccine giventc+∑t
t−w new infectedtc+ + 1

−
∑t

t−w vaccine giventc−∑t
t−w new infectedtc− + 1

∣∣∣∣∣ .
(10)

For the action massaging, at each time step it checks if pro-
viding the vaccine to an individual from the other community
would result in a fairer allocation. If this condition is met,
the algorithm proceeds to check if there exists an individual
from the other community whose predicted probability is
sufficiently close to that of the current individual. If such
an individual is found, the algorithm modifies the action
accordingly. A dynamic threshold is again adopted. For the
ith iteration, the threshold is defined as:

τ(i) =

{
min(τe, τs · γi−is) i ≥ is

0 otherwise

Specifically, we set τs = 0.01, τe = 0.35, is = 50, γ =
1.2. Finally, long-term fairness is measured as the distance
between the health states of the two communities. For other
hyperparameters, we set λ = 0.25 and δ = 0.05.
Agents. We consider the Max agent in addition to PPO,
A-PPO, and F-PPO. The Max agent vaccinates the most
susceptible individual each time, which is considered as the
individual with the most number of infected neighbors.
Results. The experimental results are shown in Fig. 4. As
can be seen, F-PPO achieves the best performance in terms
of long-term fairness and significantly improves short-term
fairness compared with the Max and PPO agents. A-PPO
achieves the best performance in terms of short-term fairness,
but produces the worst performance in gaining rewards. As ex-
pected, the Max agent achieves the highest utility performance,
but it also demonstrates the poorest fairness performance. The
combination of the results also demonstrates the capability
of the F-PPO. The ablation study in Fig. 2(c) shows similar
results to the other two case studies.

VII. CONCLUSIONS

In this paper, we studied the problem of achieving long-term
fairness in sequential decision-making systems. We modeled
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the system as a Markov Decision Process (MDP) and tackled
the problem by developing a fair reinforcement learning (RL)
algorithm. By acknowledging that short-term fairness and
long-term fairness are distinct requirements that may not nec-
essarily align with one another, we developed an algorithmic
framework that incorporates both requirements using different
bias mitigation approaches, including pre-processing and in-
processing approaches. We conducted three simulation case
studies. The results show that our method can strike a balance
between short-term fairness, long-term fairness, and utility.
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