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ABSTRACT

Restless multi-armed bandits (RMAB) is a popular framework for
optimizing performance with limited resources under uncertainty.
It is an extremely useful model for monitoring beneficiaries (arms)
and executing timely interventions using health workers (limited
resources) to ensure optimal benefit in public health settings. For
instance, RMAB has been used to track patients’ health and monitor
their adherence in tuberculosis settings, ensure pregnant mothers
listen to automated calls about good pregnancy practices, etc. Due
to the limited resources, typically certain individuals, communities,
or regions are starved of interventions, which can potentially have
a significant negative impact on the individual/community in the
long term. To that end, we first define a soft fairness objective which
entails an algorithm never probabilistically favors one arm over
another if the long-term cumulative reward of choosing the latter
arm is higher. Then we provide a scalable approach to ensure long-
term optimality while satisfying the proposed fairness constraints
in RMAB. Our method, referred to as SoftFair, can balance the trade-
off between the goal of having resources uniformly distributed and
maximizing cumulative rewards. SoftFair also provides theoretical
performance guarantees and is asymptotically optimal. Finally, we
demonstrate the utility of our approaches on simulated benchmarks
and show that the soft fairness objective can be handled without a
significant sacrifice on the optimal value.
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1 INTRODUCTION

Restless Multi-Armed Bandits (RMAB) Process is a generalization of
the classical Multi-Armed Bandits (MAB) process, which has been
studied since the 1930s [15]. RMAB is a powerful framework for
budget-constrained resource allocation tasks in which a decision-
maker must select a subset of arms for interventions in each round.
Each arm evolves according to an underlying Markov Decision
Process (MDP). The overall objective in a RMAB model is to se-
quentially select arms so as to maximize the expected value of
the cumulative rewards collected over all the arms. RMAB is of
relevance in public health monitoring scenarios, recommendation
systems and many others. Tracking a patient’s health or adherence

Proc. of the 22nd International Conference on Autonomous Agents and Multiagent Sys-
tems (AAMAS 2023), A. Ricci, W. Yeoh, N. Agmon, B. An (eds.), May 29 — June 2, 2023,
London, United Kingdom. © 2023 International Foundation for Autonomous Agents
and Multiagent Systems (www.ifaamas.org). All rights reserved.

1303

Pradeep Varakantham
Singapore Management University
Singapore
pradeepv@smu.edu.sg

and intervening at the right time is an ideal problem setting for
an RMAB [2, 25], where the patient health/adherence state is rep-
resented using an arm. Resource limitation constraint in RMAB
comes about due to the severely limited availability of healthcare
personnel. By developing practically relevant approaches for solv-
ing RMAB within severe resource limitations, RMAB can assist
patients in alleviating health issues such as diabetes [28]. hyperten-
sion [4], tuberculosis [5, 29], depression [23, 27], etc.

While Whittle index based approaches [19, 25] address the RMAB
problem with an infinite time horizon by providing an asymptoti-
cally optimal solution, they are susceptible to starving arms, which
can have severe repercussions in public health scenarios. Owing
to the deterministic selection strategy of picking arms that pro-
vide the maximum benefit, in many problems, only a small set of
arms typically get picked. As shown in our experimental analy-
sis, Figure 1 provides one example, where almost 50% of the arms
do not get any interventions using the Whittle index approach.
While it is an optimal decision, it should be noted that interven-
tions help educate patients or beneficiaries on potential benefits
and starvation of such interventions for many patients can result
in a lack of proper understanding of the program and reduce its
effectiveness in the long run. Thus, there is a need to not starve
arms without significantly sacrificing optimality. Providing such
decision support with a fairness mindset can promote acceptability
among community [16, 34].

Existing works have proposed different notions of fairness in the
context of MAB to prevent starvation by enabling the selection of
non-optimal arms. Li et al. [21] study a new Combinatorial Sleeping
MAB model with Fairness constraints, called CSMAB-F. Their fair-
ness definition requires algorithm to ensure a minimum selection
fraction for each arm. Patil et al. [30] introduce similar fairness
constraints in the stochastic MAB problem, where they use a pre-
specified vector to denote the guaranteed number of selections.
Joseph et al. [13] define fairness as saying that a worse arm should
not be picked compared to a better arm, despite the uncertainty
on payoffs. Chen et al. [6] form the allocation decision-making
problem as the MAB with fairness constraints, where fairness is
defined as a minimum rate at which a task or resource is assigned
to a user. Since knowing the guaranteed number (or proportion)
of selection is difficult to ascertain a priori, we generalize these
fairness notions for MAB. We build on the notion of fairness in-
troduced by Jabbari et al. [11] for reinforcement learning setting
and introduce a soft fairness notion for our RMAB setting. Our soft
fairness definition requires that an RMAB algorithm never favor an
arm probabilistically over another arm, if the long-term cumulative
reward of choosing the latter arm is higher.

In summary, our goal is to compute stochastic policy for selecting
arms in finite horizon RMAB, which satisfies the soft fairness notion.
To that end, we make the following contributions:
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o A practically relevant algorithm called SoftFair, that enforces
the soft fairness constraint and thereby avoids starvation of
interventions for arms. Unlike the well-known Whittle index
algorithm that can only solve the infinite horizon setting,
SoftFair can also easily handle finite horizon RMAB.
SoftFair provides a trade-off between optimal performance
and avoiding intervention starvation for arms. This trade-off
is highlighted by the performance bounds and theoretical
properties of the SoftFair algorithm.

Detailed experimental results demonstrate that SoftFair is
competitive with other policies in terms of expected reward,
while significantly reducing the starvation of interventions
for arms (by increasing the entropy of the stochastic policy).

m Whittle index ap

0 10 11~2

1 2
proach m SoftFair approach

Figure 1: The x-axis is the number of times being selected,
and the y-axis is the frequency distribution. We consider
the RMAB given in Section 3, with k = 10, n = 100, T = 100.
Left: the Whittle index algorithm. Right: SoftFair (c = 2). As
can be noted, without fairness constraints in place, the arm
activation frequency is lopsided, and almost 50% of the arms
never get activated.

2 RELATED WORK

We focus on two threads of relevant research, the first category is
related to approaches for solving RMAB, and the second category
is related to fairness definitions and related approaches in decision
making.

As one of the most well-studied generalisations of the Multi-
Armed Bandit (MAB), RMAB is increasingly used for decision
making problems ranging from wireless broadcast [33, 36], job
allocation [12], cancer detection [19], wildlife protection [32], rec-
ommender systems [26], and health intervention [3, 17]. Whittle
[41] considered the Lagrangian relaxation of the RMAB in which
arm selection constraint (number of arms selected = k) is enforced
on average over the horizon. This policy, referred as the Whittle
index policy is asymptotically optimal [40]. Liu and Zhao [22] in-
vestigate the application of RMAB in dynamic multichannel access,
establish indexability and obtain Whittle index in closed form for
both discounted and average reward criteria. In [32], the authors
formulate the wildlife protection problem as a RMAB model and
present an algorithm that is based on binary search to find Whittle
index policy. Mate et al. [25] build a fast algorithm for computing
the Whittle index, which provides an order-of-magnitude speedup
compared to Qian et al. [32]. Biswas et al. [3] develop a model-free
learning method based on Q-learning mechanism and show that it
converge to the optimal solution asymptotically. Online RMAB has
also raised some attentions in recent years, Wang et al. [39] present
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a learning policy to construct offline instances in guiding action
selection. Xiong et al. [42] propose a generative model based rein-
forcement learning augmented algorithm toward an index policy.

Another line of work that is closely related to ours is the growing
body of literature on ensuring fairness in decision making [7, 11],
in particular in the domain of resource allocation [6, 21]. For ex-
ample, ensuring resources are fairly distributed among the arms
is an important design concern in wireless communication sys-
tems [8]. In the case of beneficiaries, an arm/patient might consider
action/participation fair when participation of a certain patient (i.e.,
due to receiving an active action) resulted in a greater increase in ex-
pected time spent in a adherent state compared to non-participation
(i.e., the passive action on the arm/patient) [16]. One widely used
fairness notion in MAB literature is to ensure that there is a mini-
mum rate of arm activation for each user (arm) over time [21, 31].
Joseph et al. [13] introduce the study of fairness in MAB problems,
where their fairness notion is defined as not giving preference to a
worse arm over a better one. The quality of an action is the expected
immediate reward for selecting action from current state. However,
this notion of fairness can lead to policies favoring short-term re-
wards and ignoring long-term rewards. Jabbari et al. [11] therefore
adapt the fairness notion by defining the quality of an action as its
potential long-term reward, and generalize it to a reinforcement
learning setting. Li and Varakantham [20] define fairness as a min-
imum number of times an arm should be activated in a decision
period, but their definition requires pre-specified values about the
number of activation times and the length of the decision period.

We generalize the fairness notion in [11] to the RMAB setting,
and make several advancements in this paper.

3 MODEL: RMAB

In this section, we formally introduce the finite horizon RMAB
model with a new objective of computing policies that balance the
trade-off between maximizing cumulative rewards while giving
a reasonable chance for each arm (proportional to their value) to
get selected for intervention. As indicated earlier, this is a prop-
erty that is of critical importance in public health settings. RMAB
is defined using the tuple: (N, {M;};en, T, k). There are N inde-
pendent arms! and each arm i evolves according to an associated
Markov Decision Process (MDP), M; is characterized by the tuple
{Si, Ai, Pi,Ri, v }:

e §S; represents the state space. Typically, in public health settings,
S; = {0,1}. 1 represents patient in the “good” state (patient
adheres to the health program), and 0 represents patient in the
"bad" state (patient not adhering).

A, represents the action space. A; = {0, 1} with 1 corresponding
to activating or intervening on the arm and 0 action correspond-
ing to not activating the arm or staying passive.

P; represents the action dependent transition dynamics of arm i.
Specifically, P:i‘;s,_ refers to the probability of transitioning from
state s; to s] when the arm i is taking action a; € {0, 1}.

R; provides the independent rewards obtained by arm i. We as-
sume a range for these rewards, given by [Rmin, Rmax]. We use a
simple reward function: R;(s;, a;) = s; € {0, 1} determined by the

lin public health settings, the patients or beneficiaries will be the arms
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next state s; obtained by taking action a; when the observed state
is s; for any arm i € [N]. 2 Note that the expected immediate
reward will be E[R;(s;, a;)] = P;l;l'

e y is the discount factor.

T is the time horizon. k is the resource capacity constraint that

limits the number of arms that can be selected at each time step

t € [T],ie.:
N
Z af- =k
i=1

Policy, 7 for the overall RMAB is a mapping from joint states, s =
[s1,...,sn] of all arms to joint actions, a = [ay, ..., an]. 7(s,a) €
[0, 1] denotes the probability of selecting the joint action a when
the joint state of RMAB is s. Particularly, 7;(s;, a;) € [0, 1] denotes
the probability of selecting action a;, with ¥, 7i(si, a;) = 1. We
denote the state-action value function for a policy 7 by

1

T T N
Q”(S, a) —E” [Z )/t_lRt(St, a[)] —E” [Z Yt—l Zth(slf’ af)]
t=1 t=1 i=1

Q7 (s, a) is the expected cumulative discounted long-term reward
over all arms when taking action a in the joint state s. The objective
is to find an optimal policy 7* that can satisfy

Q" (s,a) = max Q" (s,a) = Q" (s, ),
s
where Q* (s, a) is the optimal state-action value function:

Q"(s.a) =R(s,a) +y ) Pr(s'|s,a)maxQ"(s,a))  (2)
a/
v
Similar to Jabbari et al. [11], we define the fairness using the
state-action value function Q* (s, a) as follows:

DEFINITION 1. (Fairness) A stochastic policy, & is fair if for any
time step t € [T], any joint state s and actions a,a’, wherea + a’:

7' (s,a) > ' (s,a’) only if Q*(s,a) > Q*(s,a’) (3)

In summary, the objective is to efficiently approximate the max-
imum cumulative long-term reward while satisfying resource con-
straints and fairness constraints. Towards this end, the reward maxi-
mization problem can be formulated as

T
maximize E, [Z YR (st ah)]
T
t=1
such that Equation. 1, and Equation. 3 are satisfied

4)

We show in Proposition 1 that this fairness notion at the level of
joint actions is equivalent to selecting arms with higher probability
if their relative importance is higher.

4 SOFTFAIR APPROACH

In this section, we design a probabilistically fair (as defined in Defi-
nition 1) arm selection algorithm, referred to as SoftFair. SoftFair
builds on softmax value iteration [38, 43] in conjunction with Whit-
tle index. Softmax value iteration is one of the simplest dynamic
programming algorithms, which recursively computes the value

2The reward function over RMAB can be written as R(s,a) = 5\:[1 R;(si,a;i)
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function through a point-wise update rule [35]. The notations that
are frequently used in this paper are summarized in Table 1.

In order to implement the softmax value iteration method in the
RMARB setting, we need to compute the relative value of activating
an arm (in comparison to not activating the arm) and compute the
probability distribution of selecting an arm using a softmax function
over the relative value. More specifically, during the ep-th iteration,
SoftFair identifies the estimated value function of the state of each
arm i € [N] at the time step ¢ € [T], and calculate the difference of
state-action value function between the active and passive action.

tep .t t tet t t+1) .t tyyitlep t+1
Q; p(si,ai) =R, (si,ai)+y21P1r(siJr |si,ai)Vi p(si+ )

t+1
i

{1 (st al) = Q1P (stal) =V, P (sh)

N

(5)
te te te
A P log ¢; p(sf,af =1) -log{; p(sf,af =0)

Here Vit;EP (+) is the value function of arm i from time step ¢ till the
end of horizon after being updated ep times. Similarly, Qf;ep (sf , a§ )
is the state-action value function of arm i from time step ¢ till the
end of horizon during ep-th iteration. Then SoftFair maps each
arm i’s state to a state-specific probability distribution over actions
using the following softmax expression in the k = 1 case.

exp(c - A;;ep)

t;ep( t t =1, ) -
7T s',a W)= e
Zgjzl exp(c - A;’e‘o)

(6)

where a’ = [{;y denotes the joint action 3 to select the arm i while
keeping other arms passive, and 7% (s?,a’ = I{;)) denotes the
probability that arm i will be selected under the joint state s’ during
the ep-th iteration. ¢ € (0, c0) is the multiplier parameter * that
can adjust the gap between the probabilities of choosing an arm.
If ¢ = oo, SoftFair becomes the standard optimal Bellman opera-
tions [1] (Refer to Equation 13). When ¢ = 0, each arm has the same
probability of being selected, and SoftFair can make the resources
uniformly distributed. Equation 6 shows the probability of selecting
an joint action at each time step when k = 1.

Unfortunately, this expression does not hold when selecting a
subset of arms, i.e., k > 1. This is because when the resource con-
straint k > 1, the probability of an arm being selected will also
rely on the probability of other arms being selected, henceforth
affecting the recursive update of the value function. Let a = Iigy
denote the action to select arms in the set ¢. Then, ¢~ is the set
that includes all of the arms except those in set ¢. After getting the
action probability of selecting a single arm, which is the multino-
mial distribution, formulated as [7%¢P (st,al = Ii1y)s rheP (st al =
Li2}),- .., m5¢P (st a! = I;ny)]. We can then sample from this multi-
nomial distribution without replacement to obtain k arms to acti-
vate, which ensures that we meet the resource constraint as well as
the fairness constraint. More specifically, we can derive the prob-
ability that the arm i is among the k selected arms (active set ¢),

SK{ i is the indicator with value 1 at the ith item and value 0 at other places. Equivalently,
this means activating arm i while keeping the other arms passive

4The updation process of our Softfair algorithm will converge to the Bellman Equa-
tion 13 with an exponential rate in terms of ¢ [37], and c controls the asymptotic
performance [18].
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Table 1: Notations

‘ Notation ‘ Description
k,N,T N:number of all arms in RMAB; k:number of arms can be selected each round; T: time horizon.
cep,y c: multiplier parameter, ep: iteration times, y: discount factor.
Si,ai, S,a | sj,a;: state and action of arm i, s, a: joint state vector and joint action vector of RMAB.
[n], [T] We use [n] to represent the set of integers {1, ...,n} for n € N and [T] also has the same interpretation.
P, P¢, refers to the probability of transition from state s to s” when an arm is taking action a.
Pr(ails) Pr(ajls) is the probability that arm i is among the selected arms when the joint state of RMAB is s.
+ Q! (s, a): A state-action value function for the subsidy m and state s when taking action a start at time step ¢
Om(%:9): | fillowed by optimal policy using Whittle index based h in the future time steps;
VE(s) ot owed by optimal policy using Whittle index based approach in the future time steps;
m V2. (s): Value function for the subsidy m and state s start at time step ¢ using Whittle index based approach
Q(s,a), | Q(s,a): The state-action value function when taking action a at time step ¢ with state s
VEi(s) V! (s): The value function at the time step ¢ with state s.

denoted as Pr(a:f = 1|s?) 3. Consider the multinomial distribution,
the results of k draws made at random without replacement is a
random permutation of all the elements, and this can be computed
through the permutation tool. Consequently, we have:

ﬂt;ep(st, at = ]I{(;B}) = iléI(/J)Pr(af = 1|St)j5)_ (1 - Pr(aj. = 1|st))
)

For arm i, the value function Vit;ep (+) at time step ¢ during the ep-th
iteration can be written as

t;e t t L€ t t
Vv, p(si) = Z Pr(a;[s*)Q; p(si, a;
ate{o0,1}
Please note that Pr(af |s?) is computed based on the sample estimate.
The update of value function Vl.t;ep () during the ep-th iteration for
any t € [T] is:
e For the current state, sit of arm i, the value function is updated
in the following way:

tep+1
ViEP (sf): Z Pr(aﬂst) Z Pr(sf+l|sl-t,af

ate{0,1} sile{o,1}
(RGE @) + v P ) ®)

e For all other states, s’ of arm i we have
Vit;8P+1 (st) — Vit;ep(st) ©)

Similarly, we can also write the equation to update the state-
action value function, and we provide it in the Appendix. The
overall process of SoftFair is summarized in Algorithm 1 and is
guaranteed to ensure that an arm is selected in proportion with
its A value, thereby guaranteeing fairness while approximately
maximizing the overall value. This guarantee is possible because
we can decouple the fairness constraint defined on the joint action
to each individual arm. We have the following proposition, which
is equivalent to the definition 1.

ProOPOSITION 1. Fairness of a stochastic policy defined in Equa-
tion 3 can also be stated in terms of arm selection as follows:

Pr(af =1|s) > Pr(a; =1|s’) only lfxlf > /15 (10)

SNote that Pr(a; = 1|s) = ¢ (s, a’ = I;y) = softmax,(c - A;) if k = 1
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Algorithm 1 SoftFair Value Iteration (SoftFair)

Input: Transition matrices {P;};eN, time horizon T, set of ob-
served states s, resource constraint k, multiplier parameter c,
iteration length I

Output: The value function V;(s) for arm i € [N]

1: Vl.t(s) — 0,Vs,i,t
2: for iterationep =1,...,1do

3. Initialize s° = {s‘l), .. .,s?v}

4 for stept =0,...,T do

5: forarmi=1,...,ndo

6 Compute Qf;ep (sit, af) and /lf;ep(sit, af) using Equa-
tion. 5

7: Compute 7' (s’,a’ = I{;}) using Equation. 6

8: end for

9: Sample k arms and add them into action set

10: forarmi=1,...,ndo

Compute Pr(af =1|s)
Update Vit;ep (s) using Equation. 8 and Equation. 9

13: end for

14: Play the arm in the action set, and observe next state s*+!
15:  end for

16: end for

Intuitively, this implies an arm, i will not be selected with lower
probability than that of arm j if A value of arm i is higher than that
of arm j. The proof showing that the proposition is equivalent to
the definition 1 is provided in the appendix.

5 ANALYSIS OF SOFTFAIR

In this section, we formally analyze the properties of the SoftFair
algorithm. We begin by comparing SoftFair with the well-known
Whittle index algorithm and show why the Whittle index approach
is not suitable for our case (Fairness constraint and Finite time
horizon), and then provide the performance bound of SoftFair.
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5.1 SoftFair vs. Whittle index based methods

Whittle index policy is known to be the asymptotically optimal
solution to RMAB for the infinite time horizon. It independently
assigns an index value for each arm to measure how attractive it
is to activate an arm at a particular state. The index is computed
using the concept of a "subsidy" m, which can be viewed as the
opportunity cost of remaining passive, and is rewarded to the arm
that is passive, in addition to the usual reward. The Whittle index
for an arm i is defined as the infimum value of the subsidy, m that
must be offered to the algorithm to make the algorithm indifferent
between selecting and not selecting the arm. Consider a single arm
i € [n] where the state is sl.t attime stept € [T], let an;i(si’, af. =0)
and an l.(sit , af = 1) denote its active and passive state-action value
functions under a subsidy m, respectively. For ease of explanation,
we drop the subscript i when there is no ambiguity. The value
function of an arm in the state s is

V(') = max{Qh,(s", a' = 0), 0%, (s",a’ = 1)},
The Whittle index W (s?) for the state s’ can be formally written as:
W(sh) = inf{m'f : an(st, a'=0) = Q,’n(st, al = 1)} . (11)
m

After computing the Whittle index for each arm, a policy 7 will
activate those k arms whose current states have the highest indices.
In order to use the Whittle index approach, it needs to satisfy a
technical condition called indexability introduced by Weber and
Weiss [40]. The indexability can be expressed in a simple way:
Consider an arm with subsidy m, the optimal action is passive, then
V¥m’ > m, the optimal action should remain passive. The RMAB is
indexable if every arm is indexable.

However, traditional Whittle index based approaches rely on
the assumption of an infinite time horizon, and the performance
deteriorates severely when time horizons are finite. Figure 2 shows
an illustrative example where Whittle index values are low when an
arm’s residual time horizon is short, and there is a bias in approxi-
mating the Whittle index value under the finite time horizon setting
using methods proposed in [24, 32]. Often, real-world phenomena
are formalized in a finite time horizon setting, which precludes the
direct use of Whittle index based methods. We now demonstrate
that a phenomenon called Whittle index decay [20, 24] exists in
our problem. All detailed proofs can be found in the Appendix.

THEOREM 1. At any time stept € [T], the Whittle index m® for
arm i under the observed state sf is the value that satisfies the equation
an(sf, alf =0) =0, (sl.t, af = 1). The Whittle index will decay as the
value of current time step t increases:Vt < T : mt > m*! > mT =
pl -P?

s,1 s,1°

Proof Sketch.  Consider the discount reward criterion with the
discount factor y, we can simply compute m” and mT ~! by solving
equations Q,I;l(siT, aiT =0) = Q,Tn(slr, al.T = 1)°. We can find that

t t+1’ we

ml=1 > ml = Psl’l - Pgl. Then in order to show m* > m
first prove a lemma to show value function V,ﬁl(sit ) > V,f:“l (sit ) >0,
and then we can combine this with the definition of m? to complete
the proof. The detailed proof is in the appendix. O

The Whittle index based approach needs to solve the costly

finite horizon problem because the index value varies according to

bget mT~! by solving QI -1 (sI =1, al "1 = 0) = QI 1(sT~1,aT 1 = 1)
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WHITTLE INDEX

——AQian et al (Finite time horizon)
——TW (Infinite time horizon)
Mate et al (Finite time horizon)

a s 10 15 20 s a0 as

TIME HORIZON

Figure 2: Whittle index value as a function of the residual
time horizon. Figure taken from Mate et al. [24]. The grey line
is the whittle index value in an infinite time horizon setting,
and the others are approximated Whittle index values under
afinite time horizon to capture the index decay phenomenon.

the residual time horizon even in the same state, and computing
the index value under the finite horizon setting is (O(|S|¥T) time
and space complexity [10]. However, as an alternative method,
our SoftFair can naturally approximate the optimal value function
at arbitrary time steps while requiring less memory space than
model-free learning methods such as Q-learning. In addition, the
optimal condition for approximating the Whittle index value is
difficult to satisfy. For example, Mate et al. [24] demonstrate that
their proposed approach is optimal under the condition:

P11,1 _P5,1 < (P?,l _Pg,l) (1 +Y(P11,1 _Pé,1)) (1-y)

Intuitively, consider the case where P(()),l = Pé’l and P?,l = Pll’1
(also considered by Liu and Zhao [22]), this makes such a condition
always not satisfied. Furthermore, we will show that the Whittle
index based approach fails to address the problem of fair distribu-
tion of interventions (the distribution of resources is lopsided). In
contrast, our proposed method, SoftFair becomes the optimal algo-
rithm when ¢ — co and can control the trade-off between optimal
performance and uniform distribution of resources.

Due to the finite time horizon setting in many practical appli-
cations, the Whittle index based method can not effectively ap-
proximate the whittle index value, and it only concentrates on
beneficiaries who can mostly improve the objective in the case of
initiatives related to public health. This can result in some benefi-
ciaries never having the opportunity to receive intervention from
public health professionals, which may lead to a poor adherence
behavior and henceforth a bad state from which improvements
may only be marginal even with intervention, preventing them
from ever being chosen by the index policy. Refer to Figure 1 to
get a better picture of the difference between the Whittle index
approach and SoftFair. We can see that when using the Threshold
Whittle index based method proposed by Mate et al. [24], the acti-
vation frequency of the arm is extremely unbalanced, with nearly
half of the arms never being selected. Such starvation of interven-
tions may escalate to communities. To avoid such cycle between
bad outcomes, the RMAB needs to consider fairness in addition to
maximizing cumulative long-term reward when picking arms. We
now demonstrate why SoftFair can satisfy our proposed fairness
constraint while effectively approximating our cumulative reward
maximization objective. We begin by providing a theorem show-
ing that SoftFair is guaranteed to be optimal when the multiplier
parameter ¢ — oo.
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THEOREM 2. Choose the top k arms according to the A value in
Equation 6 (c — o0) is equivalent to maximizing the cumulative
long-term reward.

Proof Sketch. Because when c approaches infinity, SoftFair be-
comes deterministically choosing the arm with the highest A value.
Let ¢* to be the set of actions containing the k arms with the
highest-ranking of A value, we need to show Q(s,a = H{¢}) >
Q(s,a" =Iy4y) for Vo', where ¢’ is the set of any k selected arms,
and ¢” # ¢*. We first get the expression of };c 4 4;. Combining the
definition of A in Equation 5 with the fact that X;e ¢+ i 2 X jegr Aj.
>, Q(sz,az =0) on both sides of the inequality func-
z¢P* Nzgd’
tion to show Q(s,a =I14)) > Q(s,a" =L1g). O
When ¢ approaches infinity, SoftFair becomes the optimal policy,
but it will suffer from the starvation phenomena. As ¢ gets closer
to 0, SoftFair can ensure that every arm/beneficiary has roughly
the same probability of receiving the intervention, which leads to a
uniform distribution of resources. Given these facts, ¢ can control
the trade-off between ensuring the fair distribution of resources
and the objective of maximizing cumulative rewards. In the subse-
quent theorem, we demonstrate that SoftFair satisfies our proposed
fairness constraint.

we add

THEOREM 3. SoftFair is fair under our proposed fairness constraint,
and c controls the trade-off between fairness and optimal performance.

Proof Sketch.  Similar to the proof of the Theorem 2, we can see
that the value of A is proportional to the state-action value function.
According to the Equation 6, the probability of selecting an arm
is the softmax function on 4, and it can be guaranteed that the
higher the value of A, the higher the probability of selecting that
arm. Therefore SoftFair remains fair under our proposed fairness
constraints. The trade-off between ensuring a fair distribution of
resources and the objective of maximizing cumulative rewards is
governed by c, where a larger ¢ means SoftFair prefers arms with
a higher value of A, while a small ¢ means that SoftFair tends to
ensure that resources are uniformly distributed among the arms.
]
In the next section we will show how the value of ¢ controls the
performance bounds of the SoftFair algorithm.

5.2 Performance bound of SoftFair

For ease of explanation, we investigate the case of k = 1 at each
time step, and the multi-selection (k > 1) can be viewed as the
iteration of the case k = 1. Let ¥, ; denote our Soft operator at
time step ¢ € [T], we ignore the subscript ¢ here, which is

QP*!(s,a) = ¥y, QP (s,2)
= > Pr(s'ls,a)(R(s,a) +y ) Pr(a’|s') Q0 (s',a"))

=R(s,a) + YZ Pr(s’[s, a)z Pr(a’|s’)Q%P(s,a’).
s a’ (12)

Before we derive the performance bound for SoftFair, We first bound
the state-action value function in the following lemma.

LEMMA 1. The Q(s, a) is bounded within [0,n/(1 —y)].
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Proof Sketch.  The upper bound can be obtained by showing that
V(s,a), state-action value during the ep—th iteration are bounded
through induction. O

COROLLARY 1. As we have Ryygx = n and Ryin = 0 of RMAB, we
can easily derive that |Q(s,a) — Q(s,a’)| < &, for VO and V(s a).

1-y°

Following Song et al. [37], we let 5(s) = SUpy MaXa,a” |Q(s,a) —
Q(s,a’)| denote the largest distance between state-action value
functions. Then we have the following lemma showing the bound
on the difference between two state-action value functions.

LemMA 2. VQ and Vs, Let Pr(+|s) = [Pr(a = I3)s),...,Pr(a =

Liny1)]T and Q(s,) = [Q(s,a=1T1y),...,Q(s,a =L,y)] 7, here
d(s)

the superscript T denotes the vector transpose. We have Teple o] =

maxQ(s,a) = (Pr(s))TQ(s.") < 2.

Proof Sketch.  We first sort Q(s,a = I(;}) in the ascending order
according to the A value and replace Pr(-|s) with Q(s, -). We take
advantage of the fact that for any two non-negative sequences {x; }

) 2
between state-action value functions for different actions. Through
using Taylor series, we can derive the upper and lower bounds. O

Different from Soft Operator ¥sof; in Eq. 12 let ¥ denote the

Bellman optimality operator, which we have
QF*!(s,2) = ¥Q (s, 2)

=R(s,a)+y Z Pr(s’|s, a)n;g/leeP(s’, a’)
S/

< %iyi’ combine this fact with the difference

(13)

For the optimal state-action value function, we have ¥Q*(s,a) =
Q% (s, a). We have the following theorem showing the performance
bound of SoftFair compared to the optimal value.

THEOREM 4. Our SoftFair method can achieve the performance
bound as lim supV¢ (s) < V*(s), where V*(s) is the optimal value

ep—oo
function. More specifically, we have

lim supQ®? (s,a) < Q*(s,a) and
epﬁoo
lim infQ%? (s, a) > Q*(s,a) — _n-r
ep—o (2+c)(1-y)

Proor. We derive the performance bound through induction
based on Lemma 1 and 2. O

CONJECTURE 1. For the cause when multiple arms can be pulled
at each time step, i.e., k > 1, Our SoftFair method can achieve the
bound as lim sup¥¢?VO(s) < V*(s). More specifically, we have

ep—>oo
lim supQ®? (s, a) = lim sup¥*? Q' (s,a) < Q*(s,a) and
ep—>00 ep—)oo
lim infQ°? (s,a) > Q*(s,a) — _n-k
ep—0o (2+c)(1-y)

6 EXPERIMENTS

In this section, we empirically compare our proposed method Soft-
Fair to the baselines on both (a) a realistic patient adherence be-
havior dataset [14] and (b) a synthetic dataset to represent more
general settings enforced by structural constraints on transition
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Figure 4: (a) The intervention benefit of different multiplier c. Here ¢ = co refers to deterministically selecting the top k arm
with the highest cumulative rewards. (b) The action entropy of a single process. We investigate the action entropy for different
value of P31 range from 0.4 to 0.9 (at 0.45, 0.55, 0.65, 0.75, 0.85, respectively), and ¢ = 1.

matrix (more details in Appendix). We consider the finite time hori-
zon where reward is the undiscounted sum of arms/beneficiaries
in the good state over all time steps and set the following scenario
for the simulation: n = {10, 100,1000}, k = {5%n, 10%n, 20%n},
T = {20,50,100}. All results are averaged over 50 simulations. In
particular, We compare our method against the following baselines:

o Random: At each time step, algorithm randomly select k arms
to play. This will ensure that each arm has the same probability
of being selected.

e Myopic: A myopic policy ignores the impact of present actions
on future rewards and instead focuses entirely on the predicted
immediate returns. It select k arms that maximize the expected
reward at the immediate next time step. Formally, this could
be described as choosing the k arms with the largest gap AT =
Psl,1 - Pgl at time step ¢ under the observed state s.

o FairMyopic: After computing A’ for each arm, instead of deter-
ministically selecting the arm with the highest immediate reward,
we use the softmax function over A’ to get the probability of
each arm being selected. Then we sample the k arms according
to the probability.

e FaWT: Algorithm proposed by Li and Varakantham [20]. They
ensure that each arm will be selected at least n times during any
intervention interval of length L. Since this algorithm requires

two predefined and extra parameters, the intervention interval
length L and the minimum selection times during each interval
1, it is not feasible to create a fair comparison against other
approaches across all settings. However, for one of the settings
we are able to provide a direct comparison with SoftFair by doing
a brute force search for fair parameter values for FaWT.

e SOTA: Algorithm proposed by Mate et al. [24] under the as-
sumption that the states of all arms are fully observable and the
transition probabilities are known. We use a sigmoid function to
approximate the Whittle index value and select arms determinis-
tically for the finite time horizon setting.

We examine policy performance from two perspectives: (a) Inter-
vention benefit (essentially the solution quality): The intervention

benefit is defined as Rmethod=Ro inervention 5 100 Tt calculates the dif-
RSOTA RNo intervention

ference between one algorithm’s expected cumulative reward and
the cumulative reward when no intervention is involved, then nor-
malized by the difference between the asymptotically optimal but
fairness-agnostic SOTA algorithm in baselines (100% intervention
benefit) and the reward obtained without intervention (0% interven-
tion benefit) and. (b) Action distribution entropy (representative
of the fairness): We calculate the selection frequency distribution
across all time steps, and then compute its entropy after normaliza-
tion through: Entropy = — ¥,;c( ) P(i) log P(i), where P(i) refers
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Table 2: Resutls for CAPA Adherence dataset with n = 100, k =
10, T = 80.

Policy Intervention benefit ‘ Action entropy
Random 79 £13 4.56 + 0.0056
Myopic 98 +3.3 2.67 £0.0
FairMyopic 8311 4.5+ 0.0089
SoftFair 93+7.6 4.27 £0.019

to the normalization of the number of times arm i is selected (i.e.,
the number of times that arm i has been selected divided by k - T),
and P(i) log P(i) = 0 if an arm is never selected.

Realistic dataset. : Obstructive sleep apnea is one of the most
prevalent sleep disorder among adults, and continuous positive
airway pressure therapy (CPAP) is a highly effective treatment
when it is used consistently for the duration of each sleep bout.
But non-adherence to CPAP in patients hinders effective treatment
for this type of sleep disorder. Similar to [9], we adapt the Markov
model of CPAP adherence behavior in [14] to a two-state system
with the clinical adherence criteria. We add a small noise to each
transition matrix so that the dynamics of each individual arm is
different (See more details about the dataset in Appendix).

In table 2, we report average results for each algorithm. Myopic
method has the best performance, which is caused by the specific
structure of the underlying transition matrices, since there is not too
much difference between n Markovian models, and in this case the
Myopic approach is indeed close to optimal. However, the myopic
approach has significantly lower action entropy, which is indicative
of overall fairness. Meanwhile, our SoftFair provides the right trade-
off between intervention benefit and having a varied selection of
arms (high action entropy) at each time step.

Synthetic dataset. (a) We first test the performance when the
number of patients (arms) varies. Figure 3a compares the inter-
vention benefit for n = {10, 100, 1000} patients and k = 10% of n.
As shown in Figure 3a, in addition to satisfying the fairness con-
straints, our SoftFair consistently outperforms the Random, Myopic
and FairMyopic baselines. (b) We next compare the intervention
benefit when the number of arms n is fixed and the resource con-
straint k is varied. Specifically, we fix n = 100 patients, and let
k = {5,10,20}. Figure 3b shows that there has been a gradual
increase in the intervention benefit as the k increases. One possi-
ble reason is that a larger resource budget k can make the arms
with higher cumulative rewards more likely to be selected, thereby
reducing the performance gap with the SOTA method. (c) The per-
formance of our method is slightly influenced by the time horizon T.
As shown in Figure 3c, the common trend is that a smaller T leads
to better performance. This means that our method can efficiently
solve the RMAB in a finite time horizon, while a larger horizon T
will make the convergence slower. Overall, all results demonstrate
the our method provides a good trade-off between providing high
intervention benefit and preventing starvation for arms (through
high action entropy).

Intervention benefit when c changes. We investigate the effect of
the multiplier parameter ¢ on performance. Formally, a larger ¢ will

1310

AAMAS 2023, May 29-June 2, 2023, London, United Kingdom

——FaWT
SoftFair

60 \

3.57 385

Intervention Benefit

3.22 85 4.25
Action Distribution Entropy
Figure 5: Comparison of performance of FAWT and SoftFair
when their action distribution entropy values are close.

widen the gap between the probabilities of choosing an arm, leading
to better performance as it prefers selecting an arm with a higher
cumulative reward. Figure 4 (a) reveals that SoftFair performs well
empirically as ¢ increases, and if we deterministically choose the
top k arms based on the value of A, it achieves the optimal result.

Action entropy comparison. We also compare the entropy of the
action of a process in the synthetic dataset when Pé,1 ranges from
0.4 to 0.9. As shown in Figure 4, the Random policy has the highest
value as it requires uniform selection of all arms. Our proposed
method, SoftFair consistently has a higher action entropy than the
SOTA method because we enforce fairness constraints. FairMyopic
has a high action entropy value, but it is indeed unfair under our
proposed fairness constraints, as it relies on immediate rewards.

SoftFair vs. FaWT. We perform a search in the value space of
parameters 1 and L of FaWT and the value space of multiplier ¢ of
SoftFair, and we use the value of these parameters which makes the
values of the action distribution entropy of these two methods close
to each other and compare their performance. We present the result
in Figure 5. As shown in the figure, SoftFair can better balance the
trade-off between the goal of uniform resource distribution and
maximizing cumulative rewards. This may be due to the difficulty
in satisfying the conditions for optimal performance of FaWT.

Discussion. In some real-world applications, state transitions
may not be fully available. In this case, we can learn the transition
probabilities online using a learning method based on Thompson
Sampling. We provide detailed experiments in the appendix and
show that it performs well in real-world situations.

7 CONCLUSION

In this paper, we study fairness constraints in the context of Restless
Multi-Arm Bandits model, which is of critical importance for ad-
herence problems in public health (e.g., monitoring the adherence
of preventive medicine for Tuberculosis, monitoring engagement
of mothers during calls on good practices during pregnancy). To
tackle the challenges introduced by the objective, we design a com-
putationally efficient algorithm by integrating the softmax value
iteration technique in the RMAB setting. Our algorithm can effec-
tively approximate the optimal value function within the proven
performance bounds while having fairness guarantees.



Session 4B: Multi-Armed Bandits + Monte Carlo Tree Search

ACKNOWLEDGMENTS

This research/project is supported by the National Research Foun-
dation Singapore and DSO National Laboratories under the AI
Singapore Programme (AISG Award No: AISG2-RP-2020-017).

REFERENCES

[1] Kavosh Asadi and Michael L. Littman. 2017. An Alternative Softmax Operator
for Reinforcement Learning. In Proceedings of the 34th International Conference
on Machine Learning (Proceedings of Machine Learning Research, Vol. 70), Doina
Precup and Yee Whye Teh (Eds.). PMLR, Sydney, 243-252. https://proceedings.
mlr.press/v70/asadil7a.html

Biswarup Bhattacharya. 2018. Restless bandits visiting villages: A preliminary

study on distributing public health services. In Proceedings of the 1st ACM SIGCAS

Conference on Computing and Sustainable Societies. ACM, San Jose CA, 1-8.

Arpita Biswas, Gaurav Aggarwal, Pradeep Varakantham, and Milind Tambe.

2021. Learn to Intervene: An Adaptive Learning Policy for Restless Bandits in

Application to Preventive Healthcare. https://doi.org/10.48550/ARXIV.2105.

07965

[4] J Nell Brownstein, Farah M Chowdhury, Susan L Norris, Tanya Horsley, Leonard
Jack Jr, Xuanping Zhang, and Dawn Satterfield. 2007. Effectiveness of community
health workers in the care of people with hypertension. American journal of
preventive medicine 32, 5 (2007), 435-447.

[5] Alicia H Chang, Andrea Polesky, and Gulshan Bhatia. 2013. House calls by
community health workers and public health nurses to improve adherence to
isoniazid monotherapy for latent tuberculosis infection: a retrospective study.
BMC public health 13, 1 (2013), 1-7.

[6] Yifang Chen, Alex Cuellar, Haipeng Luo, Jignesh Modi, Heramb Nemlekar, and

Stefanos Nikolaidis. 2020. Fair contextual multi-armed bandits: Theory and

experiments. In Conference on Uncertainty in Artificial Intelligence. PMLR, Virtual,

online, 181-190.

Houston Claure, Yifang Chen, Jignesh Modi, Malte Jung, and Stefanos Nikolaidis.

2020. Multi-Armed Bandits with Fairness Constraints for Distributing Resources

to Human Teammates. In 2020 15th ACM/IEEE International Conference on Human-

Robot Interaction (HRI). IEEE, IEEE, Cambridge, UK, 299-308.

Nasim Ferdosian, Mohamed Othman, Borhanuddin Mohd Ali, and Kweh Yeah

Lun. 2017. Fair-QoS broker algorithm for overload-state downlink resource

scheduling in LTE networks. IEEE Systems Journal 12, 4 (2017), 3238-3249.

Christine Herlihy, Aviva Prins, Aravind Srinivasan, and John Dickerson. 2021.

Planning to Fairly Allocate: Probabilistic Fairness in the Restless Bandit Setting.

[10] Weici Hu and Peter Frazier. 2017. An asymptotically optimal index policy for

finite-horizon restless bandits.

Shahin Jabbari, Matthew Joseph, Michael Kearns, Jamie Morgenstern, and Aaron

Roth. 2017. Fairness in reinforcement learning. In International conference on

machine learning. PMLR, Sydney, 1617-1626.

[12] Peter Jacko. 2010. Restless bandits approach to the job scheduling problem and

its extensions. , 248-267 pages.

Matthew Joseph, Michael Kearns, Jamie H Morgenstern, and Aaron Roth. 2016.

Fairness in learning: Classic and contextual bandits.

[14] Yuncheol Kang, Vittaldas V Prabhu, Amy M Sawyer, and Paul M Griffin. 2013.
Markov models for treatment adherence in obstructive sleep apnea. Age 49 (2013),
11-6.

[15] Michael N Katehakis and Arthur F Veinott Jr. 1987. The multi-armed bandit
problem: decomposition and computation. Mathematics of Operations Research
12, 2 (1987), 262-268.

[16] Christopher J Kelly, Alan Karthikesalingam, Mustafa Suleyman, Greg Corrado,
and Dominic King. 2019. Key challenges for delivering clinical impact with
artificial intelligence. BMC medicine 17, 1 (2019), 1-9.

[17] Jackson A Killian, Arpita Biswas, Sanket Shah, and Milind Tambe. 2021. Q-

Learning Lagrange Policies for Multi-Action Restless Bandits. In Proceedings of

the 27th ACM SIGKDD Conference on Knowledge Discovery & Data Mining. ACM,

Singapore, 871-881.

Tadashi Kozuno, Eiji Uchibe, and Kenji Doya. 2019. Theoretical analysis of

efficiency and robustness of softmax and gap-increasing operators in reinforce-

ment learning. In The 22nd International Conference on Artificial Intelligence and

Statistics. PMLR, Naha, Okinawa, 2995-3003.

Elliot Lee, Mariel S Lavieri, and Michael Volk. 2019. Optimal screening for

hepatocellular carcinoma: A restless bandit model. Manufacturing & Service

Operations Management 21, 1 (2019), 198-212.

[20] Dexun Li and Pradeep Varakantham. 2022. Efficient Resource Allocation with

Fairness Constraints in Restless Multi-Armed Bandits. In The 38th Conference on

Uncertainty in Artificial Intelligence. PMLR, Virtual,online, 1158-1167.

Fengjiao Li, Jia Liu, and Bo Ji. 2019. Combinatorial sleeping bandits with fairness

constraints. IEEE Transactions on Network Science and Engineering 7, 3 (2019),

A

3

=

[7

[

8

=

=

(11

[13

[18

[19

[21

1311

[22

[23

[24

[25

[27

[28

[30

[31

[32

[33

[34

[35

[36

[37

[38

[39

[40
[41

[42

[43

]

AAMAS 2023, May 29-June 2, 2023, London, United Kingdom

1799-1813.

Keqin Liu and Qing Zhao. 2010. Indexability of restless bandit problems and
optimality of whittle index for dynamic multichannel access. IEEE Transactions
on Information Theory 56, 11 (2010), 5547-5567.

Bernd Lowe, Jirgen Uniitzer, Christopher M Callahan, Anthony J Perkins, and
Kurt Kroenke. 2004. Monitoring depression treatment outcomes with the patient
health questionnaire-9. Medical care 42, 12 (2004), 1194-1201.

Aditya Mate, Arpita Biswas, Christoph Siebenbrunner, and Milind Tambe. 2021.
Efficient Algorithms for Finite Horizon and Streaming Restless Multi-Armed
Bandit Problems.

Aditya Mate, Jackson Killian, Haifeng Xu, Andrew Perrault, and Milind Tambe.
2020. Collapsing bandits and their application to public health intervention.
Advances in Neural Information Processing Systems 33 (2020), 15639-15650.
Rahul Meshram, Aditya Gopalan, and D Manjunath. 2017. A hidden Markov rest-
less multi-armed bandit model for playout recommendation systems. In Interna-
tional Conference on Communication Systems and Networks. Springer, Bengaluru,
India, 335-362.

Christopher Mundorf, Arti Shankar, Tracy Moran, Sherry Heller, Anna Hassan,
Emily Harville, and Maureen Lichtveld. 2018. Reducing the risk of postpartum
depression in a low-income community through a community health worker
intervention. Maternal and child health journal 22, 4 (2018), 520-528.

Patrick M Newman, Molly F Franke, Jafet Arrieta, Hector Carrasco, Patrick
Elliott, Hugo Flores, Alexandra Friedman, Sophia Graham, Luis Martinez, Lindsay
Palazuelos, et al. 2018. Community health workers improve disease control and
medication adherence among patients with diabetes and/or hypertension in
Chiapas, Mexico: an observational stepped-wedge study. BMJ global health 3, 1
(2018), e000566.

Jane Rahedi Ong’ang’o, Christina Mwachari, Hillary Kipruto, and Simon Karanja.
2014. The effects on tuberculosis treatment adherence from utilising community
health workers: a comparison of selected rural and urban settings in Kenya. PLoS
One 9, 2 (2014), e88937.

Vishakha Patil, Ganesh Ghalme, Vineet Nair, and Y. Narahari. 2020. Achieving
Fairness in the Stochastic Multi-Armed Bandit Problem. Proceedings of the AAAI
Conference on Artificial Intelligence 34, 04 (Apr. 2020), 5379-5386. https://doi.
0rg/10.1609/aaai.v34i04.5986

Vishakha Patil, Ganesh Ghalme, Vineet Nair, and Y Narahari. 2021. Achieving
Fairness in the Stochastic Multi-Armed Bandit Problem. Journal of Machine
Learning Research 22, 174 (2021), 1-31.

Yundi Qian, Chao Zhang, Bhaskar Krishnamachari, and Milind Tambe. 2016.
Restless poachers: Handling exploration-exploitation tradeoffs in security do-
mains. In Proceedings of the 2016 International Conference on Autonomous Agents
& Multiagent Systems. AAMAS, Richland, SC, 123-131.

Vivek Raghunathan, Vivek Borkar, Min Cao, and P Roshan Kumar. 2008. Index
policies for real-time multicast scheduling for wireless broadcast systems. In
IEEE INFOCOM 2008-The 27th Conference on Computer Communications. IEEE,
Phoenix, AZ, 1570-1578.

Alvin Rajkomar, Michaela Hardt, Michael D Howell, Greg Corrado, and Mar-
shall H Chin. 2018. Ensuring fairness in machine learning to advance health
equity. Annals of internal medicine 169, 12 (2018), 866—872.

Paul Reverdy and Naomi Ehrich Leonard. 2015. Parameter estimation in softmax
decision-making models with linear objective functions. IEEE Transactions on
Automation Science and Engineering 13, 1 (2015), 54-67.

Shang-Pin Sheng, Mingyan Liu, and Romesh Saigal. 2014. Data-driven channel
modeling using spectrum measurement. IEEE Transactions on Mobile Computing
14, 9 (2014), 1794-1805.

Zhao Song, Ron Parr, and Lawrence Carin. 2019. Revisiting the softmax bell-
man operator: New benefits and new perspective. In International conference on
machine learning. PMLR, LA, Cali, 5916-5925.

Pradeep Varakantham, Shih-Fen Cheng, Geoff Gordon, and Asrar Ahmed. 2012.
Decision support for agent populations in uncertain and congested environments.
In Twenty-Sixth AAAI Conference on Artificial Intelligence, Vol. 26. AAAI Toronto,
Ontario, 1471-1477.

Siwei Wang, Longbo Huang, and John Lui. 2020. Restless-UCB, an efficient
and low-complexity algorithm for online restless bandits. Advances in Neural
Information Processing Systems 33 (2020), 11878-11889.

Richard R Weber and Gideon Weiss. 1990. On an index policy for restless bandits.
Journal of applied probability 27, 3 (1990), 637-648.

Peter Whittle. 1988. Restless bandits: Activity allocation in a changing world.
Journal of applied probability 25 (1988), 287-298.

Guojun Xiong, Jian Li, and Rahul Singh. 2022. Reinforcement learning augmented
asymptotically optimal index policy for finite-horizon restless bandits. In Pro-
ceedings of the AAAI Conference on Artificial Intelligence. AAAI Virtual, online,
8726-8734.

Brian D Ziebart. 2010. Modeling purposeful adaptive behavior with the principle of
maximum causal entropy. Carnegie Mellon University, Pittsburgh, PA.


https://proceedings.mlr.press/v70/asadi17a.html
https://proceedings.mlr.press/v70/asadi17a.html
https://doi.org/10.48550/ARXIV.2105.07965
https://doi.org/10.48550/ARXIV.2105.07965
https://doi.org/10.1609/aaai.v34i04.5986
https://doi.org/10.1609/aaai.v34i04.5986

	Abstract
	1 Introduction
	2 Related Work
	3 Model: RMAB
	4  SoftFair Approach
	5 Analysis of SoftFair
	5.1 SoftFair vs. Whittle index based methods
	5.2 Performance bound of SoftFair

	6 Experiments
	7 Conclusion
	Acknowledgments
	References



