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Abstract

Municipal inspections are an important part of maintaining
the quality of goods and services. In this paper, we approach
the problem of intelligently scheduling service inspections to
maximize their impact, using the case of food establishment
inspections in Chicago as a case study. The Chicago Depart-
ment of Public Health (CDPH) inspects thousands of estab-
lishments each year, with a substantial fail rate (over 3,000
failed inspection reports in 2023). To balance the objectives
of ensuring adherence to guidelines, minimizing disruption
to establishments, and minimizing inspection costs, CDPH
assigns each establishment an inspection window every year
and guarantees that they will be inspected exactly once during
that window. Meanwhile, CDPH also promises surprise pub-
lic health inspections for unexpected food safety emergencies
or complaints. These constraints create a challenge for a rest-
less multi-armed bandit (RMAB) approach, for which there
are no existing methods. We develop an extension to Whit-
tle index-based systems for RMABs that can guarantee ac-
tion window constraints and frequencies, and furthermore can
be leveraged to optimize action window assignments them-
selves. Briefly, we combine MDP reformulation and integer
programming-based lookahead to maximize the impact of in-
spections subject to constraints. A neural network-based su-
pervised learning model is developed to model state tran-
sitions of real Chicago establishments using public CDPH
inspection records, which demonstrates 10% AUC improve-
ments compared with directly predicting establishments’ fail-
ures. Our experiments not only show up to 24% (in simula-
tion) or 33% (on real data) objective improvements resulting
from our approach and robustness to surprise inspections, but
also give insight into the impact of scheduling constraints.

1 Introduction

Cities perform inspections in order maintain the quality of
goods and services available to their residents. In this work,
we consider the inspection of food establishments. The city’s
goal can be summarized as: keep as many establishments as
possible in the inspection-passing state while guaranteeing
that each establishment is inspected at a certain frequency
(e.g., exactly once per year or between once and twice per
year). The former objective can be viewed as supporting the
average citizen by maximizing the probability that a random
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establishment is in an inspection-passing state. The second
provides a worst-case guarantee: there is a limit on how long
ago any establishment would have been inspected and a limit
on how much disruption establishments experience. The city
must achieve these goals subject to a budget on the number
of inspections that can be performed per unit time.

Restless multi-armed bandits (RMABs) (Whittle 1988)
are almost a natural fit for this problem. They describe a
sequential decision problem where an agent (the city) acts
on a large population of independently evolving Markov de-
cision processes (the establishments), which describe each
establishment’s propensity to stay in the inspection-passing
state. While RMABs are highly suitable for maximizing the
inspection-passing probability for each establishment, ex-
isting approaches (e.g., (Yu, Xu, and Tong 2018; Herlihy
et al. 2023; Li and Varakantham 2023)) fail to support the
constraint structure required for establishment scheduling,
where each arm’s pulls must satisfy an ex-post frequency
constraint.

In this paper, we develop new methods that allow us to
solve these problems by combining Whittle index theory and
integer programming. Despite their use of integer optimiza-
tion, which is often slow, our methods are highly scalable,
often due to the unimodularity of the arm scheduling op-
timization. One key new question that arises is how to as-
sign an inspection window to each establishment. To mini-
mize disruption, establishments are informed in advance of
a set of contiguous time periods during which their inspec-
tion will occur. We show that, through an extension of our
methods for RMABs under constraints, we can optimize the
assignment of windows to arms and ensure that establish-
ments cannot predict when their inspection will occur in the
assigned window.

In experiments using synthetic data and real data from the
Chicago Department of Public Health (CDPH), we evaluate
the impact of both RMAB inspection scheduling and win-
dow optimization and find that a substantially higher reward
can be achieved through optimization.

Our contributions are as follows:

* RMABs under service constraints. We introduce a
method for optimizing inspections under given schedul-
ing window and frequency constraints. To upper bound
the number of inspections during a time window, we in-
tegrate the service windows into the structure of the MDP



by introducing new timing states. This approach is struc-
tural and ensures that window constraints are never vio-
lated. Frequency constraints (a certain number of inspec-
tions should occur over a longer period of time) present
challenges because the Whittle index heuristic is greedy
and does not look into the future. We introduce an inte-
ger programming-based planner that aims to maximize
the sum of future Whittle indices subject to constraints.
We find this integer program to be highly scalable and
show that the constraint matrix is totally unimodular in
some cases.

Optimizing inspection windows. We show that our
method for optimizing inspections under fixed constraint
structures can be leveraged to optimize the timing of in-
spection windows themselves. This optimization is done
carefully to avoid leaking excess information about the
time of specific inspections to the establishments based
on their window assignments. The optimization of in-
spection windows turns out to be critical to produce
higher rewards in our experiments, as it provides more
flexibility to the scheduler.

Empirical evaluation and impact/robustness assess-
ment. For the CDPH, we develop a machine-learning ap-
proach to estimate the parameters of each establishment
based on historical data. We evaluate reward and compu-
tation time in both real and synthetic data. In our tested
cases, we find that both explicitly modeled constraints
and optimized action windows bring substantial advan-
tages compared with ad hoc methods for handling con-
straints. Considering some urban emergent service would
break the original schedulings, we evaluate our method’s
robustness by adding unexpected mandatory actions and
find our method is more robust than ad hoc plannings.

Machine-learning model predicting transitions of
MDP. There is one previous work predicting the food
inspection failures directly using machine-learning mod-
els (Schenk Jr. et al. 2015). For the purpose of building
MDPs for our RMAB, we instead train a neural network
to predict the state transition probabilities. We found the
model not only aligns with the requirements of RMAB,
but also has the ability to predicting the inspection fail-
ures. It improves the AUC number by around 10% com-
pared with the XGBoost model proposed by Schenk Jr.
et al. (2015).

Collectively, our analysis advances the state of the art in
RMAB planning under constraints as well as providing in-
sight into the impact of optimizing city service schedules
with improvements of up to 33%.

2 Related Work

Food safety inspections. In 2015, CDPH leveraged his-
torical food inspection data and trained a supervised learn-
ing model to predict the probability that an inspection would
uncover a critical violation (Schenk Jr. et al. 2015). Kannan,
Shapiro, and Bilgic (2019) independently analyzed the im-
pact of prediction-driven scheduling. However, such models
only consider one-shot predictions for critical violations and
do not include the sequential aspect of scheduling. Fairness
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is of substantial interest in the provision of municipal ser-
vices (Singh et al. 2022). We consider fairness outside the
scope of this paper, but a potentially interesting direction for
future work.

Restless multi-armed bandits (RMABs). RMABs are
PSPACE-hard in the worst case, but Whittle (1988) showed
that a subclass of them, so-called indexable RMABs, ad-
mit an efficient asymptotically optimal solution. Particularly
relevant classes of indexable RMABs are those that extend
the machine maintenance problem families (Glazebrook,
Ruiz-Hernandez, and Kirkbride 2006), and scheduling prob-
lems for sensors (Sombabu et al. 2020), wireless transmis-
sion (Hsu 2018), and health interventions (Mate et al. 2020).
These RMABs are structured so the state of each process
declines if it is not acted on, and differ in the details of ac-
tion effect and what information is observed with or without
an action. This work aims to develop techniques to integrate
action constraints into RMABs of these types.

RMABs with Constraints. Several RMAB models have in-
cluded constraints. In a project applying RMABs to assist
maternal and child health via phone calls, a “sleeping pe-
riod” for arms was enforced after they were pulled by the
Whittle index heuristic (Mate et al. 2022) (See 4.2). It ap-
pears to have been enforced in an ad hoc manner, by block-
ing pulls that would have violated the constraint. Yu, Xu,
and Tong (2018) deployed RMABs in a deadline schedul-
ing setting and integrated the deadline constraints by adding
dummy arms. Fairness is another setting where constraints
can arise. Herlihy et al. (2023) introduced the ProbFair pol-
icy, ensuring a strictly positive lower bound on the probabil-
ity of being pulled at each time step while still satisfying the
budget constraints. Li and Varakantham (2023)’s SoftFair
balances the trade-off between the goals of having resources
uniformly distributed and maximizing cumulative rewards.
They guarantee a long-term probability of each arm being
pulled whereas ours ensures pulling frequencies for each
arm strictly in a period. To the best of our knowledge, we
are the first to consider action window and frequency con-
straints strictly for recurring tasks in a period.

3 Preliminaries

An RMAB consists of N binary action MDPs (arms). We
define the ith two-action MDP (Puterman 1994) as a tu-
ple (S;, A, P;, R;, Sgo)’ 7). The discount factor v and action
space A = {0,1} are fixed across all MDPs. When the ac-
tion 1 (resp. 0) is taken on an arm at time ¢, we refer to that
arm as active (resp. passive). The rest are arm specific: S; is
the state space, P; : S; x A — AS; is the transition function,

SEO) is the start state, and R; : S; X A — R is the reward
function. Because there are only two actions, the transition
function P; can be decomposed into an an active transition
Pi(l) : S; — AS; and a passive transition Pi(o) : S — AS;.

A RMAB consists of N binary action MDPs and a per-
timestep budget constraint k. At each round ¢, the agent has
a budget k, where k < N, meaning that at most k& arms can
be “pulled”, i.e., have their action set to 1. The MDP which
is pulled transits actively and otherwise transits passively.
Upon transitions, the rewards from all MDPs are collected



and accumulated over time. The goal is to find an optimal
policy 7* to maximize our total rewards—formally,

= argmaxJ =

ZZW Ri(si4,7(S1)),

where m;(S;) € A is the action selected by 7 for arm 4,
Sy € 81 X ... x Sy is the joint state of all arms at time ¢,
and s; ; € §; is the state of arm ¢ at time ¢.

arg max

ﬂz 7 (Se)<k

ey

3.1 Whittle Indices

General RMABs have an exponentially large state space
and a combinatorially large action space. The Whittle
index method provides tractability for some classes of
RMABs (Whittle 1988). It works by computing a “benefit of
acting” for each arm, called the Whittle index. The Whittle
index heuristic then acts on the k arms with highest Whittle
indices.

To calculate the Whittle index for each arm, we search
over “subsidies” for the passive action m. Formally, the sub-

sidy m modifies the reward function R; into REm):

(5:,0) = Ri(s:) +m; R (s5,1) = Ri(s:). ()

The goal is to identify the smallest subsidy m such that, for
the current state s, ;, the long-term rewards for the passive
and active actions are the same. To formalize this, we first
define the @ function for arm ¢ under subsidy m:

Q"™ (s:,a) = RI™ (si,a)+
¥ max

max > Pi(sflsi,a)Q)™ (s},
S, ES)

R™

?

) (3

Definition The Whittle index for state s; ; is the smallest m
which makes it equally optimal to take the active and passive
actions:

w(sie) = inf {m s Q™ (siva=0) = Q™ (sirya =1}

C))

For the Whittle index heuristic to have asymptotic opti-
mality guarantees, each arm must satisfy a technical con-
dition called indexability (Whittle 1988). Intuitively, index-
ability says that, as m increases, the optimal action can
only switch to passive and cannot switch back to active. Let

W™ be the set of states for which Q™ (s;¢,a = 0) >
ng)(si’t, a = 1), i.e., the passive action has an equal or
higher return than the active action.

Definition (Indexability). An arm is said to be indexable
if W(m) is non-decreasing in m, i.e., for any mq, my € R

such that m; < ms, we have W(ml) - W(m2) An RMAB
is indexable if every arm is 1ndexable

4 Satisfying Inspection Constraints

We study two types of action constraints that arise in the
motivating food establishment inspection problem. We be-
gin by defining a sample RMAB with domain-motivated
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constraints (Sec. 4.1). Window constraints specify an action
window where the arm is allowed be acted on (Sec. 4.2).
Frequency constraints specify a minimum number of actions
each arm must receive over a period of time (Sec. 4.3).

4.1 Motivating Inspection RMAB

Motivated by the food establishment setting, we define a
model RMAB to which we will add action constraints. This
RMAB can be viewed as a collapsing bandit (Mate et al.
2020) or a resetting bandit (Khansa et al. 2021), and both
have indexability guarantees. Each establishment has an un-
observed binary state that is either 1 (i.e., inspection passing)
or O (i.e., inspection failing). When we act on the establish-
ment, we assume that it is restored to the passing state and
define the reward function to be 1 for each time period the
establishment is in the passing state and O otherwise. We
consider time periods as months—each establishment needs
to be inspected once a year and will have a two-month period
where this inspection can occur.

As the true states are not directly observable, each
arm is a partially observed Markov decision process
(POMDP) (Araya et al. 2010). We can rewrite the POMDP
as a fully observed belief-state MDP, allowing for direct rep-
resentation as an RMAB.

For the underlying MDP, we assume passive transitions
Pi(o) and active transitions Pi(l) as follows:

(i) (5 )

Each establishment has its own passive transition probabil-
ities and all share the same action impacts—actions always
restore the establishment to the passing state in the next
timestep.

Converting this POMDP to a belief-state MDP yields a
set of belief states that are reachable from the passing state

by = [0,1] (as a column vector), i.e., (Pi(o))tbl, where ¢ is
any non-negative integer. In practice, the number of states
needed to model belief dynamics precisely enough is depen-
dent on the rate of MDP mixing. A faster mixing MDP will
reach its stationary state faster and require fewer states—
once we are sufficiently close to the stationary state, we can
have the state transition to itself. The resulting belief-state
MDP has a chain structure as shown in Fig 1 and resets to
the head of the chain when the active action is taken.
Collapsing bandits generalize this setting by allowing

P(OO)
P(lo)

P(Ol)

0 _
P P(n)

i

Pl-(l) to vary per arm, resulting in a two-chain structure. In
general, our methods will also apply to this setting with mi-
nor modifications.

4.2 Action Windows and MDP Encoding

We use action windows as an exemplar for the family con-
straints where the constraint can be directly encoded into the
RMAB structure, i.e., a vanilla RMAB with an action win-
dow constraint can be rewritten as a vanilla unconstrained
RMAB a different arm structure. This is in some sense the
ideal way to add constraints—we can apply whatever exist-
ing state-of-the-art algorithm directly.
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Figure 1: A example portion of the MDP after encoding the
action window constraint. Suppose we have 5 belief states
(b1,...,b5), an action window at months 3 and 4, and 12
months between action windows. 0 is the passive action, 1
is the active action. After (bs, 12, 0) is reached, a new chain
begins at (b5, 1,0) (not shown).

To add action windows to the MDP structure, we add two
pieces of information to the states (in addition to the belief
state b € [0, 1]), and modify the transitions to remove the
impact of actions outside the window.

* t: the current timestep. In our motivating example, we
can use £ mod 12, as the inspection window for each es-
tablishment is at the same time each year. Alternatively,
if the windows are not periodic, this can be replaced with
a pair of counters, with one indicating the remaining time
in the current window and the other referring the time un-
til the next window.

* m: A counter for the number of actions remaining in the
action window. When the process enters the action win-
dow, this is set to the total number of active actions al-
lowed during the window (in our motivating example,
this is 1). Each active action decrements the counter by
1. If the counter is zero, the active action is still available,
but it has the same transitions as the passive action.

As shown in Figure 1, such an encoding increases the
number of states in the MDP. The number of states is in-
creased by a factor of O(LM), where L is the number of
counter values required to track when the window is active,
and M is the total number of actions allowed during the win-
dow. For the motivating RMAB, this increase is by a factor
of 14. But such encoding is also applicable to more complex
situations: An arm has multiple action windows and multi-
ple inspections allowed per window. By design, the Whittle
heuristic ensures no arms outside the action window are se-
lected and no ill effect even if selected by accident. We pro-
vide a precise description of the new MDP in the appendix.
All new transitions are deterministic (probability = 1).

Adding action windows to the MDP encoding will cause
the Whittle index to increase when the end of a window is
reached. This makes it more likely that an arm will be pulled
before its window expires. Nevertheless, we begin to en-
counter the limits of the greedy Whittle index heuristic. For
example, if we have several arms that have action windows
that end on the same timestep, we may miss some action op-
portunities without planning ahead. In the next section, we
develop a method for planning with lookahead, which will
allow us to enforce frequency constraints as well as optimize
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timing of actions subject to window constraints.

Indexability. We are not aware of an existing class of
indexable RMABs that includes the action window MDPs
with counters that we define in this section. We empirically
check for indexability through tracking the set of passive
states as the subsidy changes and find no violations.

4.3 Frequency Constraints and Lookahead

It is possible to enforce maximum action limits via edit-
ing the individual MDPs, but it is not possible to enforce
minimums this way. In the motivating RMAB, we want to
enforce the constraint that each establishment is inspected
exactly once or multiple times per year since in the food
inspection task, the authority has responsibilities to inspect
every food establishment and never skip one. To enforce this
kind of frequency constraint, we will replace the Whittle
index heuristic with a sequential planning component that
aims to maximize the sum of indices of pulled arms over a
lookahead window, not just in the next timestep.

We begin with the case where each arm needs to be pulled
exactly one time over the lookahead window (and later re-
lax this). In the motivating RMAB, this window will be one
year. Formally, we let a; ; be whether arm i is pulled at time
t and w; ¢+ be the Whittle index of arm ¢ at time ¢. These
Whittle indices can come from an RMAB with any encoded
constraints, such as those in the previous section. We seek

N T
to maximize ) Y a;;w; ¢, subject to the following con-
i=1t=1
straints:
N

1. > a;¢ < k:only k arms can be pulled in each timestep.
i=1
T

2. Z a;,y < 1: each arm needs to be pulled at most once

durmg the lookahead period. This is needed to make
defining w; ; simple—otherwise w; ; depends on the time
of the last pull.

34, — lor0 if t in action window
C ot T 0 otherwise
straint forces a out of the action window to be 0, which
satisfies one of our problem setting: arms can only be
pulled during their action windows.

4. Additional desired frequency constraints, e.g., each arm
must be pulled at least once during certain timesteps.

This con-

Proposition 1. Maximizing the sum of Whittle indices
without additional frequency constraints OR with the con-
straint that each arm must be pulled exactly once during
the lookahead window can be reduced to a weighted b-
matching (Gabow and Sankowski 2021).

This is important because the number of arms in our mo-
tivating example can be very large, resulting in a large num-
ber of integer variables in the naive integer program (IP).
See appendix for proof details.

In practice, it is convenient to solve this lookahead prob-
lem as an IP. We can do so with N L binary variables a; ;
(where L is the length of the action window) and T + N
constraints. Because the polynomial tractability of weighted



b-matching arises from total unimodularity (Schrijver et al.
2003), the IP can be solved very quickly via its LP relax-
ation. However, polynomial tractability is lost when suffi-
ciently complex minimum and maximum number of pulls
are added as additional constraints as the problem becomes
equivalent to weighted bipartite b-matching (Chen et al.
2016).

The IP can be extended to more complex cases, e.g.,
where there are multiple pulls for each arm in the lookahead
window. To modify the Whittle index for a time ¢’ based on
whether an arm was pulled at ¢ or not, we can add constraints
of the form:

w; < M(1 - ai,t) + ai,tw;,t' ®)

where w; ,, is the Whittle index at ¢’ for arm i if it was
pulled at time ¢. Note that Whittle indices will always de-
crease when a pull happens under our assumptions that an
action improves the state of an arm. Thus, we can add LN
additional constraints to allow for an additional pull during
the lookahead period.

5 Action Window Optimization

In the problem of city and public service scheduling, in-
cluding food establishment inspections, it is the authorized
agency’s duty to assign inspection windows. In the practice
of food inspections, the establishments are aware of the win-
dow but not the exact inspection time. Under such circum-
stances, we will show that the techniques introduced in this
paper can be leveraged to optimize window assignments to
further increase rewards. In this setting, we still need to sat-
isfy the desired service constraints (i.e., minimum and max-
imum number of pulls, no information provided about in-
spection time is provided beyond the window), but have the
flexibility to place the windows as we choose.

To accomplish this, we assign a “virtual” window to each
establishment, consisting of the entire period during which
the inspection constraints must apply. For example, if the de-
sired outcome is exactly one inspection over the next year,
we assign the virtual window of the entire year to each es-
tablishment. Then, we simulate the operation of the RMAB
over the virtual window, using the techniques of Sec. 4 to
ensure that the required constraints are satisfied and record
when inspections occur, producing the virtual inspection se-
quence. We then will take this sequence and use it to as-
sign windows such that each virtual inspection takes place
during the assigned window, and we will do so carefully to
anonymize when the actual inspection will take place. Be-
cause we assume that inspections never fail to transition an
establishment to the adherent state, there is no loss of ex-
pected reward incurred by executing the virtual inspection
sequence determined during window planning.

How do we assign windows according to the virtual in-
spection sequence? Let a;; be the encoding of the virtual
inspection sequence, where a; , = 1if arm 4 is pulled at time
t. A naive way is to assign arm ¢ with window [t, t+W —1] if
a;+ = 1. However, such assignments are easily predictable
and establishments would be able to prepare effectively. We
need to design a way in which establishments get inspected
with a probability of 1/ on each day in the window.
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We can do so with a linear program (LP). We define vari-
ables f; 4, which indicate the proportion of arms with vir-
tual inspection time ¢ that are put in inspection window
[t',t' + W — 1]. We denote the number of arms with as-
signed inspection ¢ that are put in the window starting at ¢’

N
as g ¢. Thus, g¢ ¢+ = > a1 fr,vv. For the objective, we use
i=1

T t t
mfinz Z Z |gt,t/ - gt,t“| (6)

t=1t'=t—W41t'"=t—W+1

to satisfy the anonymity condition—that the action window
provides no additional information. We can use the standard
constraint trick to remove the absolute value in the objective
by introducing an auxiliary variable that is constrained to be
larger than the objective and the negation of the objective.
We add additional constraints to ensure that the window as-
signments achieve our goals:

1. The virtual action assignment must occur during the win-
dow: fi ¢ #0ifandonly if 0 <t —¢ <W — 1.

2. The window assignment probabilities
Yo feo=1forallt

Using the f; output of the LP, we sample windows us-
ing any categorical sampling procedure. At this stage, the
virtual inspection can be discarded and individual inspec-
tions planned as if the windows were given (i.e., not even
the system operator knows when the virtual inspections were
planned to occur). In practice, unplanned inspections (i.e.,
due to complaints) will happen constantly, meaning replan-
ning is necessary to satisfy constraints.

Optimizing the window positions has a larger effect than
optimizing inspections within fixed windows in our exper-
iments, which makes sense given the additional flexibility
that window optimization affords. However, window opti-
mization builds directly on our approach for optimizing in-
spections within fixed windows.

sum to 1:

6 Experimental Study

In this section, we ask three questions. First, what is the
impact on adherence of leveraging the methods of this pa-
per to optimize inspection policies? Second, what is the cost
of the inspection service constraints in terms of adherence?
Third, how do different methods degrade when unplanned
complaint inspections are occuring? We describe the com-
pared policies in Sec. 6.1 and study the impact of different
planning policies on reward and computation time, both in
synthetic (Sec. 6.2) and real data from CDPH (Sec. 6.3) do-
mains.

6.1 Planning Policies

We study different constraints situations from three dimen-
sions: whether the window could be re-scheduled and op-
timized or random, whether the schedule is optimized (ap-
ply the methods in Sec 4 and Sec 5), or naive IP, and the
frequency constraints (at most once, exactly once, between
once and twice per period). To the best of our knowledge,
the constraint structures in this paper have not been studied



before. Thus, there exist no prior methods for optimizing re-
ward while satisfying the constraints. We thus compare to
naive IP methods that guarantee constraint satisfaction, but
are oblivious to reward.

¢ (Rdm, IP, =1): The action windows are distributed at ran-
dom and each arm is pulled exactly once per year using
an IP scheduler, satisfying all constraints. We think of
this result as representing the status quo.

(Opt, IP, =1): We perform action window optimization
(Sec 5), but then apply the IP scheduler of the above pol-
icy.

(Rdm, Opt, =1): The action windows are distributed at
random, each arm needs to be pulled exactly once per
period, and we apply the method of Sec 4.3 to optimize
reward.

(Opt, Opt, =1): The action windows are optimized and
each arm needs to be pulled exactly once per period. This
policy is implemented by optimizing windows (Sec 5)
first and then applying the method of Sec 4.3.

(Rdm, Opt, < 1): The action windows are distributed at
random, each arm needs to be pulled at most once per
period, and the method of Sec 4.2 is used to optimize
rewards.

(Opt, Opt, < 1): The action windows are optimized and
each arm needs to be pulled at most once per period.
We optimize windows, and then we model the RMAB
as Sec 4.2.

(Opt, Opt, [1,2], Budget%): We want to study the bene-
fits of additional inspection budgets. Thus 10%, 12%, and
15% budget experiments are conducted under the con-
straint that each establishment is inspected between one
and two times. This policy is implemented by optimiz-
ing windows (Sec 5) first and then using the method of
Sec 4.3 with Equation 5 for the purpose of multiple pulls
in a period.

(Opt, IP, [1,2], Budget %): Baseline for the previous set-
ting, where we apply the window optimization using the
method in Sec 4.2 and then apply an IP scheduler with
frequency constraints (at least once, at most twice).

The same method is used to compute Whittle indices for
all policies that require them. See Appendix for detailed
computation costs.

Measuring Reward We measure the reward value in ex-
pectation, summing the probability of adherence across time
periods for each establishment. This makes individual runs
deterministic—the only stochasticity is in the experimental
setup is the parameters of the establishments in the synthetic
domain.

6.2 Synthetic Domain
We begin with experiments using synthetic instances.

Data Preparation and Setup In the synthetic domain, we
generate PZ-(O) [0, 0] by sampling from Beta(a = 5,8 = 1)
and PZ-(O)[L 0] by sampling from Beta(a = 1, 8 = 5). Each
simulation is run for 60 timesteps (“months”). Each arm has
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two action windows of two months each, with one pull al-
lowed in each window. We set the number of arms to 1000
and the budget per round to 9% of the number of arms (we
need a budget of 8.33% of all arms to satisfy all arms’ con-
straints).

6.3 Food Establishment Inspection Domain

Using inspection data from the Chicago Data Por-
tal (Chicago Data Portal 2023), we implement a realistic
RMAB setting.

Data and Setup Since 2010, CDPH has published every
food establishment inspection result on the Chicago Data
Portal (Chicago Data Portal 2023). The Food Inspection
Dataset is a tabular dataset with 17 attributes for each estab-
lishment including license number, address, inspection re-
sults, etc. A neural network with 2 MLPs is trained to predict
the transition probabilities. More details of data and model
structures are shown in the appendix.

Loss of Model Training The loss is to minimize the neg-
ative log likelihood:

min Y _ —log(p(s'; s67)) @)
Yy

where s is the last state and s’ is the next state, 7 is the time
since last inspection. The Adam optimizer is applied and the
learning rate is 0.0001, and the model is trained for 10000
epochs.

MLP Training Result We validate the MLP by comput-
ing the AUC of its predictions. To do this, we view each
interval between predictions as a data point with the la-
bel of whether the next inspection found adherence or non-
adherence. If no previous records for the establishment, we
use average values to fill missing columns. We then take the
parameter predicted by the MLP and use it to compute the
probability of adherence and compute the resulting AUC.
Then we trained the model on different train-test splits:

» Split all inspection data randomly, holding out 20%:
AUC of 0.74.

* Split inspection data by establishments (holding out 20%
of establishments for testing): AUC of 0.75.

The fit to real-world data is excellent compared with the XG-
Boost model with an AUC of 0.67 in the (Schenk Jr. et al.
2015).

In the test experiments, we have 1801 arms, 60 timesteps,
and a 9% budget. When inspection windows are set ran-
domly, we use the same windows of two consecutive steps
per year as in the synthetic data.

6.4 Results

The total reward accrued for each policy is presented in
Figure 2 as reward improvements relative to the reward
achieved by pulling no arms at all. The benefits of apply-
ing the methods of this paper are clearly seen—optimizing
schedules within a fixed window (Rdm, Opt, =1) receives a
higher reward than the baseline (Rdm, IP, =1), and optimiz-
ing the windows and schedules (Opt, Opt, =1) is better still.
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Figure 2: Results from the synthetic domain (with standard
erTors).
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Figure 3: CDPH domain results. There are no error bars be-
cause the CDPH data defines a single model.

In addition, there is substantial synergy between window op-
timization and schedule optimization—when windows are
optimized, but the schedule is not (Opt, IP, =1), the reward
is much less than when both are optimized together (Opt,
Opt, =1). The most impactful scenario for our methods is
when the algorithm can select some establishments to in-
spect twice yearly, while still meeting the constraints on all
other establishments, with an improvement of up to 24% in
the synthetic domain and 33% in the CDPH domain.

The CDPH domain results are shown in Figure 3. The
ordering of the results is the same, with less improvement
overall relative to no inspections. Most food establishments
tend to stay in the adherent state, and thus, the benefit of in-
spections is not as significant as the synthetic domain. We
also observe budget saturation in the additional budget sce-
narios, with 12% and 15% budget yielding the same reward
under optimization.

In practice, there will be errors in the estimates of the es-
tablishments’ transition probabilities. We perform a sensitiv-
ity analysis on this error via adding Gaussian noises on the

Average of Difference

| (Opt, Opt,=1)  (Opt, IP, =1)
N(0, 0.05) | -83.69 +20.14  -101.14+ 35.55
N(@,0.1) | -86.43+69.99  21.11 % 100.62
N(0, 0.15) | -101.23 +82.51 -130.23 + 85.19
N(0, 0.20) | -151.88 £73.79 -170.27 + 84.52

Table 1: Experiment results for robustness study.
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Figure 4: The reward drop caused by introducing surprise
inspections at a 1% rate compared in the synthetic domain
relative to the rewards in Figure 2.

parameters. We compare our method (Opt, Opt, =1) with the
baseline (Opt, IP, =1). The result shows the difference of re-
wards before and after adding noise in Table 1. We find that
zero-mean Gaussian noise in the exactly one inspection set-
ting in the synthetic domain reduces reward by around 100
points for both (Opt, Opt, =1) and (Opt, IP, =1), and we find
that the reward is reduced by the same or less in (Opt, Opt,
=1) vs. (Opt, IP, =1).

CDPH is also responsible for unscheduled inspections,
e.g., in response to complaints. We conducted simulation ex-
periment assuming each food establishment has 1% proba-
bility of an unscheduled inspections and evaluated the im-
pact to the rewards to the synthetic setting of Fig. 2 and
show the results in Fig. 4. We saw both our window and
scheduling optimization shows robustness compared with IP
and Random policies. With =1 constraint, a regular IP would
suffer around 2.6% reward losses while ours only sacrifices
1.9%. If =1 is removed, reward loss would drop less than
0.5% and the gap between our method and IP is narrowing,
showing that strict frequency constraints have an essential
impact to rewards.

Our results also provide insight into the cost of the ser-
vice constraint that each establishment should be inspected
exactly once per year, rather than at most once. We find
the cost of this constraint to be moderate, roughly of the
same magnitude as going from fixed to optimized windows
or from a random to optimized inspection schedule under
fixed windows. However, relaxing this constraint has a sub-
stantial cost—that not every establishment is inspected each
year. This weakens the guarantee to the consumer that ev-
ery part of the distribution chain is inspected periodically. In
contrast, window and schedule optimization do not require
any weakening of this guarantee.

7 Conclusions

We propose an RMAB-based approach for real-world ur-
ban service scheduling. Experiments on synthetic data and
Chicago Department of Public Health inspection data show
that explicitly modeling constraints and optimizing action
windows are crucial for RMAB effectiveness. This work
paves the way for applying RMABs to other constrained
public service and infrastructure maintenance problems.
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