PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Optimizing Resource-Constrained Non-Pharmaceutical Interventions for
Multi-Cluster Outbreak Control Using Hierarchical Reinforcement Learning

Xueqiao Peng', Andrew Perrault!

!The Ohio State University
peng.969 @osu.edu, perrault.17 @osu.edu

Abstract

Non-pharmaceutical interventions (NPIs), such as
diagnostic testing and quarantine, are crucial for
controlling infectious disease outbreaks but are of-
ten constrained by limited resources, particularly
in the early outbreak stages. In real-world pub-
lic health settings, resources must be allocated
across multiple outbreak clusters that emerge asyn-
chronously, vary in size and risk, and compete
for a shared resource budget. We define a clus-
ter as a group of close contacts generated by a
single infected index case. Thus, decisions must
be made under uncertainty and heterogeneous de-
mands while respecting operational constraints. We
formulate this problem as a constrained restless
multi-armed bandit and propose a hierarchical rein-
forcement learning framework. A global controller
learns a continuous action cost multiplier that ad-
justs global resource demand, while a generalized
local policy estimates the marginal value of allo-
cating resources to individuals within each cluster.
We evaluate the proposed framework in a realis-
tic agent-based simulator of SARS-CoV-2 with dy-
namically arriving clusters. Acrossa wide range of
system scales and testing budgets, our method con-
sistently outperforms RMAB-inspired and heuris-
tic baselines, improving outbreak control effective-
ness by 20-30%. Experiments on up to 40 con-
currently active clusters further demonstrate that
the hierarchical framework is highly scalable and
enables faster decision-making than the RMAB-
inspired method.

1 Introduction

The rapid emergence of novel infectious diseases has brought
severe challenges to public health, particularly in the early
stages of an outbreak when vaccines or targeted treatments
are not available. In this stage, outbreak control mainly relies
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on non-pharmaceutical interventions (NPIs) such as diagnos-
tic testing, contact tracing, and isolation. However, in prac-
tice, policymakers must make these decisions under consid-
erable uncertainty. This uncertainty involves not only the po-
tential state of the outbreak but also the policy objectives. For
policy objectives, the relative importance of preventing trans-
mission, avoiding unnecessary isolation, and reducing oper-
ational burden is often not clear beforehand and may change
as the outbreak develops.

These difficulties are even more severe given the limited
public health resources. For instance, when testing capacity
is insufficient, policymakers must allocate testing based on
conflicting needs without a clear standard. In reality, each
confirmed case generates a local cluster of exposed individ-
uals, and multiple clusters are often active simultaneously,
competing for a shared testing budget. Heterogeneity in clus-
ter size, timing, and symptom prevalence can lead to highly
uneven and asynchronous testing demand both spatially and
temporally [Rahmandad et al., 2021; Verelst et al., 2016].
Therefore, an effective early response to an outbreak requires
a decision-making mechanism that can adapt to uncertainty
while strictly adhering to resource constraints.

This setting naturally relates to Restless Multi-Armed Ban-
dit (RMAB) [Whittle, 1988], but directly applying existing
deep RMAB methods faces challenges. Most Deep RMAB
solvers rely on network architectures (e.g., MLPs or RNNs)
which require fixed-dimensional state inputs and a predefined
static set of arms [Killian et al., 2021]. This structural lim-
itation makes them unable to handle the asynchronous na-
ture of infectious diseases. Clusters dynamically emerge,
resulting in the dimension of the global state space chang-
ing over time. Moreover, classical and neural index-based
methods often incur significant time-step computational over-
head since the Whittle index must be computed or approxi-
mated iteratively at each time step [Weber and Weiss, 1990;
Nakhleh et al., 2021], increasing computational cost per arm.
In large-scale scenarios, this cost becomes prohibitive, mak-
ing it difficult to perform rapid, low-latency decision-making
to respond to an outbreak in real time.

In this work, we propose a hierarchical reinforcement
learning framework to allocate the testing resources across
multiple dynamically evolving clusters under a global bud-
get. Instead of directly allocating tests, our method separates
global coordination from local decision-making. A global
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controller adjusts the test usage across all the clusters through
a continuous cost multiplier, which modulates the test cost
perceived by the local policy. The local policy then evaluates
the testing decisions at the individual level based on epidemi-
ological features and cost signals provided by the global con-
troller. The local clusters employ pre-trained Deep-Q Net-
works (DQNs) [Mnih et al., 2015] enhanced with a Trans-
former [Vaswani ef al., 2017] architecture. We trained a gen-
eralized DQN that can produce different policies under dif-
ferent test cost signals. This design ensures local decisions
remain effective under various objective trade-offs, allowing
policymakers to adjust the policy according to their objec-
tives. Final testing decisions are made by ranking candidate
actions according to their estimated benefits and selecting the
most valuable actions that fit within the available budget. This
ensures that testing resources are consistently directed toward
the most valuable decisions while remaining feasible under
strict operational constraints.

We evaluate our framework using a realistic agent-based
simulator of SARS-CoV-2 transmission. Across a wide range
of testing budgets and outbreak scales, our method consis-
tently outperforms the heuristic and RMAB-inspired base-
lines. Our main contributions are:

* We formulate the resource allocation problem as a con-
strained RMAB process with asynchronous cluster ar-
rivals, bridging the gap between theoretical bandit mod-
els and real-world public health needs. In particular, it
addresses the challenge of coordinating resources across
temporally asynchronous outbreaks.

L]

We propose a hierarchical reinforcement learning frame-
work that decouples local intervention decisions from
global resource allocation. A key contribution is the de-
sign of a generalized local DQN that can adapt to dif-
ferent resource constraints without retraining: By com-
bining this with a global Proximal Policy Optimization
(PPO) controller, our approach is able to dynamically
adjust resource usage while maintaining computational
efficiency.

Our proposed framework improves outbreak control ef-
fectiveness by 5-12% relative to the RMAB-inspired
methods and 20-30% relative to heuristic strategies,
while scaling to scenarios with-up to 40 concurrently ac-
tive clusters and achieving approximately 5x speedup in
decision-making.

2 Related Work

QOutbreak Control and NPIs. For a long time, research
methods for outbreak control have included optimal control,
compartment models, and large-scale simulations [Nowzari
et al., 2016; Brauer et al., 2017; Probert et al., 2016]. While
these classical methods offer important theoretical insights,
they often rely on simplifying assumptions, such as popula-
tion homogeneity or known dynamics. This limits their abil-
ity to support adaptive, refined decision-making under uncer-
tainty. More recently, data-driven and reinforcement learning
methods have been explored for epidemic control and mitiga-
tion policies [Alamo et al., 2021; Kompella et al., 2020]. Re-
lated bandit-based approaches have also studied public-health

intervention and resource allocation problems [Mate et al.,
2020; Killian et al., 2021]. Building on this line of work,
Peng et al. [Peng et al., 2023] studied individual-level testing
and quarantine decisions under partial observability. How-
ever, most existing studies only consider a single population
or a fixed decision-making context and do not explore how to
coordinate limited resources to deal with multiple outbreak
clusters that develop asynchronously over time.

Restless Multi-Armed Bandits (RMAB). Traditional
RMAB solutions are typically based on index policies, the
most well-known being the Whittle index [Whittle, 1988].
These methods require restrictive assumptions such as in-
dexability and known transition dynamics [Glazebrook er al.,
2006; Liu and Zhao, 2010; Avrachenkov and Borkar, 2022].
RMAB formulations have been successfully applied to public
health problems such as tuberculosis screening and maternal
health outreach [Mate et al., 2020; Biswas et al., 2021]. How-
ever, applying RMAB methods to outbreak response intro-
duces additional challenges. Real-world outbreaks consist of
clusters that appear asynchronously and vary widely in size,
leading to state representations that have variable and time-
varying dimensions, which are incompatible with standard
deep RMAB architectures. Moreover, operational constraints
such as daily testing capacity impose a tight per-timestep bud-
get, whereas many existing approaches enforce constraints
only in expectation.

Recent multi-agent reinforcement learning methods have
addressed scalability in large-scale populations [Yang er al.,
2018; Mao and Perrault, 2026]. However, many decentralized
MARL approaches optimize local policies without guaran-
teeing strict per-timestep global feasibility, while centralized
approaches often suffer from combinatorial action spaces as
the number of clusters grows. In contrast, our setting requires
scalable coordination under hard per-timestep testing budget
constraints together with dynamically arriving clusters and
variable-sized state representations.

Hierarchical RL and Price-Based Coordination. Moti-
vated by these challenges, our work draws on ideas from hi-
erarchical reinforcement learning and price-based coordina-
tion, where the global signals regulate shared resources, while
local policies focus on fine-grained decision-making [Barto
and Mahadevan, 2003; Nachum et al., 2018; Vezhnevets et
al., 2017]. Related dual-based control mechanisms have
been explored in networked and constrained systems, where
Lagrange multipliers or shadow prices are used to manage
global constraints [Bertsekas, 1997; Neely, 2010]. In con-
trast to prior approaches, we have explicitly designed a frame-
work that can adapt to variable-sized, asynchronously arriv-
ing outbreak clusters and enforces strict budget constraints
through a deterministic execution layer. By separating global
resource regulation from local risk assessment, our approach
achieves scalable coordination without incurring the combi-
natorial complexity of fully centralized control.

3 Problem Description

At the individual cluster level, intervention decisions such as
testing and quarantine must balance epidemiological effec-
tiveness against economic and social costs. In our setting, a
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cluster refers to a group of close contacts being exposed to a
single index case simultaneously. The number of close con-
tacts, demographic composition, and epidemiological charac-
teristics of outbreaks may vary significantly. Following expo-
sure, some contacts will become infected and develop symp-
toms, while others remain uninfected. Crucially, individuals’
true infection status is not directly observable; intervention
decisions must be made sequentially under uncertainty.

Prior work by Peng [2023] studies this single-cluster op-
timization problem using reinforcement learning. Each clus-
ter is modeled as an independent sequential decision process,
with the objective defined as

*(Sl + Sy + Ozgue 3)
N )

ey

where S; denotes infectious days before quarantine, Sy de-
notes unnecessary quarantine days for uninfected contacts
weighted by «s, and S3 denotes testing costs weighted by
the true per-test cost oj*®. The objective is normalized by the
cluster size N. Under the reward structure shown in Equa-
tion 1, the quarantine policy has an optimal threshold form
that is independent of the testing allocation. Therefore, we
fix the quarantine policy and mainly focus on the resource
allocation problem.

In this paper, we consider a more challenging scenario in
which multiple clusters evolve simultaneously and compete
for a shared global testing budget. Clusters may activate and
deactivate asynchronously over time, reflecting realistic out-
break dynamics across heterogeneous contact groups.

Let A; denote the set of active clusters at time ¢. At each
timestep, the global testing budget B limits the total number
of tests that can be performed across all active clusters. The
system-level objective is to maximize the expected cumula-
tive reward across clusters while respecting this per-timestep
budget constraint:

max E Z’yt Z Ry (Snyts Cnt)
t neA; (2)

s.t. Z Cplans) < B, V.

neA,

Here, R,, denotes the cluster-level reward defined in Eq. (1),
Chp(an,t) is the realized testing cost incurred by cluster n at
time ¢, B is the global testing budget, and v € (0,1) is the
discount factor.

This cross-cluster coupling introduces a system-level coor-
dination challenge that cannot be solved by optimizing indi-
vidual clusters alone. Directly learning the joint discrete re-
source allocation across clusters leads to an excessively large
action space and poor scalability, while purely local strategies
cannot take into account the global resource scarcity. There-
fore, our goal is to design a scalable decision framework that
can coordinate tests between heterogeneous, asynchronously
activated clusters and strictly enforce the global test budget at
each time step.

4 Methods
4.1 RMAB Formulation and Lagrangian
Relaxation

The multi-cluster problem in Eq. (2) can be formulated as
a Restless Multi-Armed Bandit (RMAB) [Whittle, 1988],
where each active cluster is an arm evolving under partial ob-
servability and competing for a shared limited budget. Each
cluster-level decision problem can be modeled as a Partially
Observable Markov Decision Process (POMDP) [Killian et
al., 2021].

To handle global constraints on test resources, we adopt
a Lagrangian relaxation approach, introducing a penalty pa-
rameter A to relax the budget constraint. For a fixed ), the
relaxed objective can be written as:

[,()\) =E Z’yt Z (Rn(sn,t,an,t) — )\C’n(an,t)) + 1)\78
t neA; -
3)

This relaxation decomposes the global constrained prob-
lem into independent subproblems indexed by A, each trading
off reward against a penalized testing cost. Equivalently,

\B
J(N) = i— +)  Valsn, A, 4)

where V,, (s, A) denotes the value of arm n under the testing
cost.

Rather than explicitly solving this dual optimization via
linear programming, we use this formulation as a conceptual
guide for our proposed framework.

Crucially, in our setting, the penalty parameter \ can be
naturally interpreted as the cost coefficient o™ for each
test, and is parameterized as:

agctive =my - ague7 ®)
where m; > 1 is learned by a global controller.

This formulation implies that when the budget is tight, the
controller increases m; to raise the effective test cost, thus
suppressing testing actions in local policies.

4.2 Hierarchical Reinforcement Learning
Framework

Directly learning globally constrained testing allocations
across dynamically arriving clusters requires solving a
large combinatorial action space while enforcing strict per-
timestep feasibility. To improve scalability, we propose a hi-
erarchical reinforcement learning (HRL) framework that sep-
arates global resource coordination from local intervention
decisions, as shown in Figure 1. Instead of directly allocating
tests, the global controller adjusts a shared cost multiplier that
regulates overall testing demand, while local policies deter-
mine testing priorities and quarantine decisions within each
cluster.

At each timestep, the generalized local policy evaluates the
marginal value of testing each individual in all active clusters
under the current perceived test cost. These evaluations pro-
duce candidate testing actions. The global controller then ob-
serves system-level statistics and outputs a scalar multiplier
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Figure 1: Overview of the proposed hierarchical RL framework for multi-cluster outbreak control. A global PPO controller adjusts a shared
testing cost multiplier, which modulates the perceived test cost used by a pretrained generalized DQN applied to each active cluster. Based
on these cost-conditioned local value estimates, a global Q-ranking policy selects testing actions across clusters while strictly enforcing the

hard global budget constraint.

that scales the perceived testing cost shared across clusters,
allowing it to regulate resource usage without selecting indi-
viduals directly.

When induced testing demand exceeds the available bud-
get, a deterministic global Q-ranking layer pools candidate
tests across clusters, ranks them by marginal value, and ex-
ecutes only the highest-value tests up to the budget limit.
This guarantees strict budget feasibility while preserving lo-
cal testing priorities. Together, these components enable scal-
able coordination across heterogeneous, asynchronously ar-
riving clusters.

Local Policy: Generalized Transformer-Based DQN

At the cluster level, we employ a generalized Deep Q-
Network (DQN) [Mnih et al., 2015] to estimate the marginal
value of testing individual contacts. To handle the dynamic
number of individuals within each cluster, we employ a
Transformer [Vaswani et al., 2017] in DQN. Quarantine de-
cisions follow the threshold policy proposed in [Peng et al.,
2023], and the learnable decision is whether to administer a
diagnostic test (test vs. no—test) to each individual.

A key challenge is that optimal testing depends on the ac-
tual test cost, which affects testing usage within each clus-
ter. Rather than retrain separate policies for different cost
regimes, we use a generalized DQN that conditions on the
perceived test cost.

Formally, the observation for cluster n at time ¢ is:

_ active
On,it = [Sn,i,tv Q3 ]7

where s, ;; contains belief-based features, including esti-
mated infection probabilities, recent symptoms, and testing
history. Additional implementation details are provided in
the supplementary material.

The DQN outputs action-values:

Qd)(on,i,tv a)7

To ensure consistent behavior of the learned policy, we in-
troduce a gradient-based regularization term. From a public
health decision-support perspective, this enforces a basic eco-
nomic and clinical principle: when the actual cost of testing
increases, the tendency to recommend testing should not in-
crease. Without such a constraint, deep reinforcement learn-
ing agents may exhibit counterintuitive behaviors due to func-
tion approximation errors, such as performing more tests un-
der higher costs. By explicitly enforcing monotonicity with
respect to the testing cost, we improve the logical consis-
tency and interpretability of the learned policy in healthcare
decision-support settings [Holzinger et al., 2019].

The total loss at each training step is defined as:

a € {no-test,test}.

Etotal = ETD + )\gp . £grad7 (6)

where Lrp is the standard temporal-difference loss, and Lgraa
is the gradient penalty term:

Cona = B (max(0, 242 — )|

aag



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Here, grarger < 0 is a target gradient that encourages decreas-
ing Q-values with higher «:3. The coefficient Ag, controls the
strength of this regularization.

After training, the policy adapts continuously to different
ag inputs: higher values suppress testing, while lower values
encourage more aggressive testing behavior. We emphasize
that the environment reward is always computed using the
true per-test cost ', while the local DQN takes af’}* as

input. The agfiiv"' is provided by the global controller to con-
trol the test usage within each cluster.

Because the testing penalty directly affects only the test
action, while the no-test action is largely invariant to oz,
this regularization also indirectly stabilizes the marginal rank-
ing score A(Q used in global Q-ranking.

Global Policy: PPO-Based Controller

To coordinate testing across dynamically activated clusters,
we introduce a global controller that adjusts the test usage
across the system using time-varying cost signals. The con-
troller is implemented using Proximal Policy Optimization
(PPO) [Schulman et al., 2017] and operates at the system
level, rather than selecting test actions for individual contacts.

The PPO strategy outputs a scalar multiplier m;, which
parameterizes the active test cost coefficient defined in the
RMAB formulation. This multiplier allows the controller to
adjust the overall detection demand from each local cluster,
while remaining independent of individual-level decisions.
The environment evaluates rewards using the fixed true per-
test cost af"e.

Importantly, the controller does not directly enforce feasi-
bility. When total testing demand is below the available bud-
get, the final allocation is identical to that under the true cost,
regardless of the specific value of m;. When demand would
exceed capacity, increasing m; will increase perceived test
costs and suppress demand, while the subsequent ranking-
based allocation mechanism ensures strict adherence to hard
budget constraints.

At each time step ¢, the PPO policy operates based on a
compressed observation, which includes system-level infor-
mation and cluster features. This enables scalable decision-
making as clusters emerge. Additional details on the con-
troller observation space and feature construction are pro-
vided in the supplementary material.

Global Q-Ranking for Test Execution

At each decision step, the generalized local DQN evaluates
testing decisions for all.individuals in all active clusters un-
der the current perceived test cost. For each individual, the
DQN outputs action-value estimates for two actions: test
and no—test. The difference between these values,

AQni = Qg(0on,it, test) — Qg(on,it, no-test),

represents the marginal benefit of administering a test, with
larger values indicating higher testing priority.

Because all local Q-values are conditioned on the same per-
ceived test cost, these marginal scores are directly compara-
ble across clusters. To enforce the hard global testing budget,
we adopt a global Q-ranking policy: candidate testing actions
from all active clusters are pooled and ranked according to

their marginal value A( in descending order. Testing is then
allocated to the top-ranked candidates with positive marginal
value, up to the available budget B at the current timestep.
If fewer than B candidates have positive marginal value, the
remaining budget is left unused, while all other individuals
are assigned the no-test action. This procedure guaran-
tees feasibility by construction.

Global Q-ranking serves as a deterministic execution layer
that separates marginal value estimation from budget enforce-
ment. This decomposition avoids the instability of directly
learning discrete, globally constrained allocations while re-
maining interpretable, as tests are allocated to individuals
with the highest estimated marginal benefit under the current
cost regime.

5 Experiments

5.1 Experimental Setup

We evaluate the proposed framework using a realistic agent-
based simulator of SARS-CoV-2 transmission that models in-
fection, testing, and isolation at the individual level, allowing
intervention decisions to directly affect disease dynamics and
future observability. Epidemiological parameters are drawn
from public health literature, and the simulator explicitly cap-
tures high-transmission scenarios through a small fraction of
highly infectious index cases, reflecting the heavy-tailed risk
observed in real outbreaks.

The environment is organized as a multi-cluster system in-
duced by contact tracing, where each confirmed case gener-
ates a cluster of exposed individuals evolving independently
over time. Multiple clusters may be active concurrently and
compete for a shared global testing budget, while all trans-
mission and intervention dynamics remain individual-level.

At each timestep, a hard global testing budget constrains
the total number of tests that can be executed across clusters.
During training, the budget is randomized to improve robust-
ness under different resource regimes. We evaluate perfor-
mance under both synchronous and asynchronous cluster ac-
tivation settings using the cumulative multi-objective reward
defined in Equation 1, normalized by cluster size. Results are
averaged over five random seeds. Additional details on sim-
ulator dynamics, cluster generation, training environments,
and budget randomization are provided in the supplementary
material.

5.2 Comparison Policies

We compare our hierarchical reinforcement learning ap-
proach against several baseline policies for allocating limited
testing resources under a hard global budget constraint. All
methods are evaluated in the same environment and strictly
enforce feasibility at every timestep.

Across all methods, testing and quarantine decisions are
decoupled. Unless otherwise stated, all baselines share the
same fixed quarantine mechanism, while Symp-AvgRand in-
stead applies symptom-based quarantine as a representative
public health heuristic. Unless otherwise specified, all exper-
iments use a fixed quarantine cost coefficient s = 0.1 and a
true per-test cost af"® = 0.05.
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Symp-AvgRand. The global testing budget is evenly di-
vided across active clusters, and individuals are selected uni-
formly at random for testing. Quarantine is determined using
observed symptoms and positive test results.

Thres-AvgRand. Testing resources are evenly allocated
across active clusters, while individuals within each cluster
are selected uniformly at random for testing.

Thres-SizeRand. Testing resources are allocated propor-
tionally to cluster sizes, while individuals within each cluster
are selected uniformly at random for testing.

Fixed-M-QR. A fixed global cost multiplier (M =1) is ap-
plied to the pretrained generalized DQN, inducing a constant
perceived testing cost across all timesteps. This baseline eval-
uates whether a static scarcity signal is sufficient for coor-
dinating testing decisions. Results with alternative fixed M
values are included in the supplementary material.

Bin-M-QR. The global cost multiplier is adjusted on-
line via binary search to satisfy the testing budget at each
timestep. This method provides a reactive RMAB-inspired
coordination mechanism analogous to Whittle-index-style re-
source balancing, but without requiring indexability assump-
tions or explicit index computation.

Hierarchical PPO (Ours). Our approach learns a time-
varying global cost multiplier using a PPO-based controller,
enabling adaptive coordination of testing decisions based on
the evolving global system state.

All learning-based methods share the same pretrained gen-
eralized local DQN and differ only in how the global cost
multiplier is selected. Additional implementation details are
provided in the supplementary material.

5.3 Generalized vs. Fixed DQN

Table 1 shows the results comparing the generalized DQN
with fixed-cost DQN policies. The generalized DQN is
trained with ag randomly sampled from [0.0,0.1], while each
fixed-cost DQN is trained under a single fixed «g value. Both
generalized and fixed-cost DQN models use a fixed quaran-
tine cost s = 0.1.

Across all evaluated settings, the generalized policy
achieves performance comparable to that of specialized fixed-
cost policies. This confirms that a single conditional model
can effectively capture the optimal policy across varying cost
regimes without sacrificing precision. This result has signif-
icant practical implications. Rather than training and main-
taining a suite of separate models for every possible cost sce-
nario, a single generalized model can be deployed to handle
a wide range of resource conditions.

This substantially reduces computational overhead, as pol-
icy adaptation to different resource conditions requires only
changing the input cost parameter rather than retraining the
model. Moreover, the generalized formulation enables effi-
cient what-if analysis. Policymakers can rapidly evaluate how
testing behavior and outcomes would change under alterna-
tive cost or budget assumptions using a single trained model.
This flexibility is particularly valuable in real-world public
health settings, where resource constraints can shift over time
and rapid scenario evaluation is often required.

a3=0.01 a3=0.05 a3=0.08 a3=0.10

Fixed-DQN —0.23£0.02 —0.33+0.02 —0.42+0.02 —0.50+0.04
Gen-DQN  —0.25£0.02 —0.34£0.02 —0.41£0.02 —0.47+£0.03

Table 1: Generalized vs. Fixed DQN performance under varying
test penalty cost (a3). Results indicate that the generalized pol-
icy achieves comparable performance, demonstrating adaptability to
different test penalties.

5.4 Analysis

Table 2 summarizes performance under asynchronous clus-
ter activation. Hier-PPO achieves the highest average return
across all settings. Compared with Bin-M-QR, Hier-PPO
improves overall returns by approximately 5%-12% under
low-to-moderate budgets. Moreover, all globally coordinated
Q-ranking methods (Fixed-M-QR, Bin-M-QR, and Hier-
PPO) substantially outperform heuristic baselines, yielding
20%-30% improvements over threshold-based random al-
location in representative constrained settings (e.g., around
—1.11 vs. —0.65 for #C=20, #B=40). When budgets are
loose relative to demand, performance gaps among globally
coordinated methods narrow, consistent with diminishing re-
turns from scarcity control.

Table 3 decomposes performance into .S; (unquarantined
infections), So (unnecessary quarantine), and Ss (testing
cost). © Under tight budgets, Symp-AvgRand has high S,
while Thres-AvgRand and Thres-SizeRand reduce infections
at the cost of higher unnecessary quarantine and testing. In
contrast, Q-ranking methods achieve lower S; while keeping
Sg near the effective budget limit. Hier-PPO further reduces
S1 and Sy, suggesting more effective prioritization of high-
impact tests.

Under loose budgets, threshold-based random allocation
tests nearly everyone, achieving low S; but incurring much
higher S3. Q-ranking methods instead test only when the es-
timated marginal benefit is positive, yielding a more efficient
cost—benefit trade-off.

Table 3 further highlights the distinction between Bin-M -
QR and Hier-PPO. Both methods intervene only when the
proposed testing demand exceeds the per-timestep budget.
However, Bin-M-QR relies on binary search to adjust the
cost multiplier reactively at each timestep, whereas Hier-PPO
learns a smooth, state-dependent adjustment policy. This
learned policy better aligns the scarcity signal with the evolv-
ing system state when constraints bind, yielding consistently
lower S7 and S5 at comparable testing costs.

Computational efficiency. In addition to improved perfor-
mance, Hier-PPO is computationally more efficient at deci-
sion time, reducing runtime by approximately 4-8x com-
pared with Bin-M-QR. Hier-PPO directly outputs the test
cost multiplier through a single forward pass of the global
PPO, whereas Bin-M-QR determines the multiplier via iter-
ative binary search and therefore requires multiple demand
evaluations per timestep. Additional runtime analysis across
different numbers of active clusters is provided in the supple-
mentary material.
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Symp-AvgRand Thres-AvgRand Thres-SizeRand Fixed-M-QR(1) Bin-M-QR Hier-PPO
#C=10, #B=20 —2.124+0.03 —1.02£0.01 —0.93£0.02 —0.64£0.01 —0.61£0.01 —-0.56+0.01
#C=10, #B=200 —2.64+0.03 —2.04£0.01 —2.12£0.01 —0.67£0.01 —0.66£0.02 —-0.63+0.01
#C=20, #B=40 —2.314+0.04 —1.11£0.01 —1.01£0.02 —0.65£0.01 —0.64£0.01 —-0.57+0.01
#C=20, #B=400 —2.79£0.02 —2.15£0.01 —2.21£0.01 —0.68+0.01 —0.68£0.01 —-0.63+0.01
#C=40, #B=80 —2.34%0.03 —1.13£0.01 —1.02£0.01 —0.66£0.01 —0.63£0.02 —-0.59+0.01
#C=40, #B=800 —2.8240.02 —2.18+0.06 —1.57£0.02 —0.78£0.01 —0.68£0.02 —0.64+0.01

Table 2: Performance comparison of various test allocation methods under asynchronous cluster activation environments. Results highlight
the advantage of the proposed hierarchical allocation PPO (Hier-PPO) method (#C: number of clusters, #B: daily testing budget).

Method (#C,#B)  SI S2 S3

1.644+0.04 0.4440.02 12.5440.09
0.33+0.01 1.59+0.03 12.54+£0.09
0.394+0.01 1.58+0.03 9.3340.06

Symp-AvgRand
Thres-AvgRand
Thres-SizeRand

Fixed-M-QR (20,40) 0.35+0.01 1.02+0.02 3.45+0.05
Bin-M-QR 0.36+0.01 0.99+0.02 3.354+0.04
Hier-PPO 0.30+0.04 0.95+0.02 3.41+0.06
Symp-AvgRand 0.94+0.02 0.584+0.01 35.9540.01
Thres-AvgRand 0.17£0.01 1.81+0.04 35.9540.05
Thres-SizeRand (20, 400) 0.154£0.01 1.76+0.04 37.71£0.05
Fixed-M-QR ’ 0.37£0.01 1.0940.03 4.0740.04
Bin-M-QR 0.36+0.01 1.08+0.03 4.08+0.04
Hier-PPO 0.30+0.01 0.9940.02 4.10+0.03

Table 3: Comparison of different methods under asynchronous set-
tings for #C=20 with two global budgets. Results are reported for
metrics S1, S2, and S3.

6 Discussion

This work presents a hierarchical reinforcement learning
framework for allocating limited testing resources across dy-
namically evolving outbreak clusters under hard per-timestep
budget constraints. By separating global resource coordina-
tion from local intervention decisions, the framework pro-
vides a scalable approach for multi-cluster outbreak control
in realistic public health settings.

A central feature of the proposed framework is the use of
cost-based coordination rather than direct centralized alloca-
tion. Instead of optimizing a joint policy over a large combi-
natorial action space, the framework regulates aggregate test-
ing demand through a shared cost signal, while local poli-
cies estimate the marginal value of testing individual con-
tacts. This decomposition is particularly useful in outbreak
settings, where clusters arrive asynchronously and resource
pressure changes over time. By combining cost-based co-
ordination with ranking-based execution, the framework can
adapt testing intensity to system-level scarcity while still pri-
oritizing individuals with the highest estimated marginal ben-
efit. More broadly, this design suggests that price-based co-
ordination with learned local value functions can provide a
scalable alternative to fully centralized control in large-scale
sequential resource allocation problems.

This framework uses a threshold-based quarantine policy
rather than jointly learning testing and quarantine decisions.
Under the POMDP formulation and reward structure con-
sidered in this paper, the threshold policy is provably opti-
mal [Peng er al., 2023]. Fixing the quarantine policy provides

theoretical guarantees while also improving training stability
in large, multi-cluster environments. The quarantine cost pa-
rameter avp also plays an important role because it determines
the value of the information provided by testing. When «
is very small, unnecessary quarantine becomes inexpensive,
making it optimal to quarantine nearly all contacts regardless
of testing outcomes. In this regime, testing provides limited
additional decision-making value because intervention deci-
sions become largely independent of test results. Conversely,
when «; is large, quarantine becomes costly and is applied
less frequently, reducing the practical impact of testing be-
cause positive test results are less likely to trigger quarantine
actions. For this reason, the main experiments focus on the
setting with ao = 0.1. We also explored extensions in which
both quarantine and testing costs are generalized; additional
details are provided in the supplementary material.

Several limitations point to important directions for future
work. First, although the global cost signal provides an inter-
pretable summary of system-level scarcity, local testing de-
cisions are produced by neural networks and are not directly
interpretable at the individual level. This lack of transparency
is a common challenge for reinforcement learning methods
applied to public health decision support and may limit trust
and adoption in practice [Amann er al., 2020]. Improving
interpretability and alignment with public health reasoning
remains an important direction.

Second, the current framework does not explicitly model
behavioral factors such as imperfect compliance with test-
ing and quarantine guidance. In real outbreaks, adherence
changes over time due to fatigue, risk perception, and trust
in public health messaging, all of which can substantially af-
fect intervention effectiveness [Funk et al., 2010; Verelst et
al., 2016]. Modeling these behavioral dynamics remains an
open challenge. Recent advances in large language models
may provide promising opportunities for incorporating more
realistic patterns of human decision-making and compliance
inferred from unstructured behavioral data [Park ez al., 2023;
Argyle et al., 2023].

Overall, this work demonstrates the potential of hierar-
chical reinforcement learning as a decision-support tool for
outbreak response under resource constraints. Rather than
replacing human judgment, the proposed framework is de-
signed to support public health practitioners in reasoning
about trade-offs, prioritizing testing, and adapting interven-
tions. We view this approach as a step toward Al systems
that enable more informed, timely, and accountable decision-
making in real-world public health settings.
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