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Abstract

More than 700 million people became infected and about 7 million have died
from COVID-19, making it one of the deadliest pandemics in history. It trig-
gered severe economic recession around the world that disrupted multiple in-
dustries such as agriculture, manufacturing and tourism. Governments around
the world responded by implementing interventions to control disease trans-
mission, but their impact varied from one country to another. There have been
numerous studies to understand the effectiveness of the interventions but there
are considerable variations in the interpretation. However, it is evident that
tailoring policies for individual regions makes them more impactful. In the re-
search, we decided to focus on regions of the United States and treat each state
individually because of their diversity. We employ deep reinforcement learning
to handle the dynamic nature of the disease, specifically multi-agent reinforce-
ment learning where individual agent handles distinct states in a shared space
to mimic realistic environment. The agent intervention differed from the actual
intervention most of the time. Overall suggestion is to implement intervention
earlier with higher intensity then gradually reduce aggressiveness and main-
tain a moderate level of intensity. However, this will depend on how much we
want to prioritize public health over national economy.
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1 Introduction

The Coronavirus pandemic has been one of the biggest calamity in modern
history, profoundly affecting countries worldwide. What began as a local-
ized outbreak quickly escalated into a global emergency and the World Health
Organization categorized it as a pandemic in March 2020. More than 700
million people became infected and about 7 million have died, marking it as
one of the deadliest diseases in history. However, the crisis extended beyond
health, triggering a severe economic recession that disrupted multiple indus-
tries. Sectors such as agriculture [1], manufacturing [2] and tourism [3] suffered
immense losses, leading to widespread financial instability and job insecurity.
The financial markets witnessed the biggest crash since 1987 [4] and the In-
ternational Labor Organization estimated that around 400 million full-time
positions were dissolved [5]. Many small businesses struggled to recover, with
countless facing permanent closures due to financial strain from reduced con-
sumer demand. The pandemic revealed the limitations in healthcare systems,
business operations and governance structures, creating long-term challenges
for policymakers. Addressing these crises required difficult trade-offs as no
single solution could resolve the complex issues. As countries struggled to
contain the disease, an immediate response became essential to mitigate both
the short-term devastation and the long-lasting consequences.

Governments around the world have implemented various measures to com-
bat disease transmission and mitigate the impact of the virus. Many coun-
tries enforced strict lockdowns, restricted movement and ordered closures to
dampen the spread. Social distancing rules, mask-wearing mandates, and pub-
lic health campaigns were introduced to encourage protective behaviors and
reduce the spread of disease. However, these strategies varied significantly in
timing, intensity and duration across the world, leading to differing outcomes.
Although countries like New Zealand effectively contained the virus through
strict border controls and a swift response, others such as Brazil struggled
because of inconsistent governmental responses and lack of coordination. As
restrictions became widespread, researchers analyzed their effectiveness, but
conclusions were mixed based on regional differences [6–15]. Some studies
found that lockdown significantly reduced cases in Europe but had minimal
impact in less developed countries in Asia. Others suggested that school clo-
sures lowered transmission in Central Asia, whereas in North America, they
paradoxically increased infections due to changing childcare responsibilities.
Consequently, governments had to weigh the trade-offs between controlling
the virus and managing social, political and economic disruptions. Evidence
on policy effectiveness remains inconsistent, as outcomes varied depending on
factors such as local climate, population density and healthcare capabilities.

Despite numerous studies on the disease in the United States, few have
focused on a granular level of analysis [16–19]. Research indicates that ad-
dressing the pandemic at the regional level improves predictions, suggesting
that it can allow for more effective policy implementation [20]. Each state in
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the U.S. is diverse, makes the policies independently and centralized decision-
making will be suboptimal. Furthermore, most existing studies are based on
epidemiological models which generally lack adaptability in changing environ-
ments [21–25]. Unlike traditional models, reinforcement learning optimizes
decisions dynamically, considers multiple factors and evaluates different sce-
narios [26–30]. Q-learning (QL), Deep Q-Network (DQN), Deep Deterministic
Policy Gradient (DDPG), Soft Actor Critic (SAC) and State Action Reward
State Action (SARSA) are some examples of algorithms and their implemen-
tation depends on the application. This paper aims to leverage reinforcement
learning to optimize government interventions for the COVID-19 pandemic
across states of US. Unlike countries, states share strong interdependence, re-
quiring a coordinated yet flexible approach to policymaking. We propose using
decentralized multi-agent reinforcement learning, allowing states to make in-
dependent decisions while remaining aware of the policies of others in the
environment. This method ensures adaptive responses, reduces policy con-
flicts and improves the overall effectiveness of intervention strategies. Table
1 outlines papers that employ reinforcement learning to optimize government
interventions.

Table 1: Existing papers that uses RL to optimize policies for COVID-19
Paper Model Dataset Variable
Kwak et al. [26] DQN 216 coun-

tries
Daily cases, daily re-
covery, daily deaths

Bushaj et al. [27] DQN Simulation Daily cases, daily
deaths, economic
impact

Padmanabhan et al.
[28]

DQN Simulation Daily cases, hospi-
tal capacity, economic
impact

Kompella et al. [29] SAC Simulation Daily cases, hospi-
tal capacity, economic
impact

Uddin et al. [30] QL, DQN,
DDPG,
SARSA

Simulation Daily cases, hospi-
tal capacity, economic
impact

2 Methodology

2.1 Dataset

The first dataset used n this research consists of infection numbers that were
collected by John Hopkins University [31]. The statistics are recorded at
county level which can provide granular insight. It is a time series span-
ning from January 2020 to December 2020. Each of the entries represents a

2



daily record of cumulative infections. Some of the variables related to this
research are county, state and cases. The dataset was first aggregated to state
level to make it compatible with other datasets. A 7-day moving average was
performed on daily cases to account for daily fluctuations from reporting in-
consistency [32]. The change in the modified number for daily cases was used
to calculate the infection rate. Figure 1 below shows the trend curves of daily
cases in the United States. The blue line represents the actual record of daily
cases, which has a lot of sudden increases.

Figure 1: 2020 daily cases by state

The second dataset used in this research consists of government interven-
tions that were collected by International Business Machines [33]. The statis-
tics are recorded at state level since the policies are decided by the governor.
It is a time series spanning from January 2020 to December 2020. Each of the
entries represents a daily record of the intensity of the implemented interven-
tions. Some of the variables related to this research are state, jurisdiction and
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interventions. There are eight different interventions, which are school closure,
workplace closure, canceled events, gathering restrictions, stopping transporta-
tion, required quarantine, restricted movement and travel bans [34]. Each of
these has five intensities represented by an ordinal number, with zero repre-
senting none and 4 representing high. The dataset was partitioned by state
for compatibility. Figure 2 below shows the timeline of interventions at each
state. The color of the lines differentiates the state of US.

Figure 2: 2020 government interventions by state
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The third dataset used in this research consists of public expenditures
that were collected by Affinity Solutions Incorporation [35]. The statistics are
recorded at state level and contains information of different types of spending.
It is a time series spanning from January 2020 to December 2020. Each of
the entries represents a daily record of the change in spending in relation to
14th January, 2020. Some of the variables related to this research are FIPS,
frequency and spending. The dataset includes total spending, spending by
product and spending by income. We will focus on the total spending from
each state for our purpose. The information on spending was missing for the
first few days and these days were omitted from analysis. The FIPS codes were
mapped to their corresponding state names and the dataset was organized by
state. Figure 3 below shows the change in spending by state.

Figure 3: 2020 population spending by state
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2.2 Reinforcement Learning

Edward Thorndike introduced the concept of the ’Law of Effect,’ inspired by
the foundational principle of trial-and-error [36]. This concept suggests that
a response producing a satisfying outcome has higher probability of repeating
than a response producing a unpleasant outcome. Claude Shannon presented
one of the earliest practical demonstrations of trial and error learning with his
maze-running mechanical mouse [37]. This marked a significant advancement
in understanding automated learning mechanisms. Ivan Pavlov first intro-
duced the term ”reinforcement” in his studies on conditioned reflexes and be-
havioral conditioning [38]. The application of trial-and-error concepts in com-
puter systems became crucial in the evolution of artificial intelligence. Michie
and Chambers developed a reinforcement learning agent called GLEE and a
controller named BOXES designed for tic-tac-toe [39]. Their work became a
significant reference in reinforcement learning. Sutton and Barto expanded
these ideas by developing classical conditioning models based on temporal dif-
ference [40, 41]. This integrated concepts from Klopf’s research and animal
psychology theories.

Reinforcement Learning is machine learning where an agent learns to opti-
mize actions through interaction with the environment and receiving feedback
as rewards. This learning is inspired by behavioral psychology, mimicking how
animals learn from trial and error. The agent’s objective is to choose actions
that maximizes reward over time. The agent explores various actions and
gradually improves its strategy based on overall experiences. This is useful in
complex environments where explicit models are difficult to design [42]. Re-
inforcement learning draws from multiple disciplines which includes modern
human psychology, optimal control theory and temporal difference learning. A
key mathematical foundation of the algorithm is the Markov Decision Process
which models decision-making in environments with stochastic transitions. It
consists of states, actions and rewards for every possibility that is visited. The
core of solving the problem lies in evaluating the value of states and action.
This leads directly to the formulation of Bellman’s equation [43].

Q(s, a) = R(s, a) + γmax
a′

Q(s′, a′) (1)

where:

• Q(s, a) = Value from action-state pair

• R(s, a) = Reward resulting from the action

• γ = Choosen importance for future rewards

• s′ = Next state after certain action

• a′ = Possible action in next state
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Multi-Agent Reinforcement Learning (MARL) is an extension of reinforce-
ment learning where agents learn simultaneously by interacting with a shared
environment. The collaboration between agents can be centralized, decentral-
ized or mixed. Agents learn policies based on local observations, without ac-
cess to the global state. The objective of each agent is to maximize individual
cumulative reward. Learning dynamics in MARL are driven by joint actions,
where the state transitions depend on the combined behavior of agents [44, 45].
In this study, each state is modeled as an independent agent in a decentralized
framework. Our problem has a large number of states which cannot be han-
dled by basic models. Hence, each agent employs Deep Q-Network, which uses
neural network to approximate Q-function, mapping local state-action pairs
to expected future rewards. The reward function encodes trade-offs between
public health, economic impact and intervention cost to penalize aggressive
intervention. The variables are normalized, which makes them unitless and
comparable to each other.

Rt = −α · Ct + β · Et − γ · It (2)

where:

• Rt = Immediate reward at time t

• Ct = Infection rate at time t

• Et = Spending change at time t

• It = Average intensity at time t

• α = Weight assigned to infection rates

• β = Weight assigned to spending change

• γ = Weight assigned to average intensity

2.3 Simulation

The environment model is a data-driven approximation of real-world disease
dynamics. It simulates how government interventions affect infection rates and
economic conditions. The agent learns by interacting with the environment
model to observe the effects of different intervention strategies. This enables
repeated simulations to evaluate different action combinations under controlled
conditions. Agents are trained using historical datasets from the five states
to create a realistic environment for individual locations. The dataset was
modified by introducing a column for infection rate seven days later to account
for the delayed effect of the chosen actions. A fully-connected feedforward
neural network is used to understand any non-linear relationships between
actions and outcomes [46]. This can allow generalization across different policy
patterns. It contains two nodes for input layer, 32 nodes for hidden layer and
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3 nodes for output layer. Performance of the model is evaluated using root
mean squared error (RMSE) for Rt, spending and reward.

Reinforcement learning model is trained through repeated rollouts in the
simulated environment by conducting a series of forward interactions [47]. In
each rollout, state is observed, action is selected and reward is given. An
episode is defined as a 365-day simulation where the agent makes a new deci-
sion daily based on the current state. We train the model for 3,000 episodes to
provide exposure to varied conditions. Epsilon controls exploration, starting at
1.00 and decaying to 0.1, shifting behavior from random to optimal. The dis-
count factor gamma is set to 0.95 to balance importance of current reward and
future reward [48]. State is current infection rate and spending change, action
are the eight available interventions and reward is delayed infection rate and
spending change. At every step, the model records state, action and reward in
a replay buffer. Learning involves minimizing the difference between predicted
and target Q-values based on reward. Over time, the model converges as loss
decreases and policy decisions stabilize [49].

Simulation is the process of applying a trained agent to a controlled envi-
ronment to evaluate its policy. It mimics deployment by allowing the agent to
make decisions using real inputs and predicted outcomes [50]. The purpose of
this simulation is to assess the effectiveness of the learned policy. It also pro-
vides a basis for comparing suggested and government interventions. The first
seven days are initialized using observed Rt values to provide the agent with
realistic starting inputs. On day one, the trained agents suggest action based
on current state, the environment model predicts delayed Rt and the reward
is calculated based on that information. This is repeated for consecutive 364
days. Cumulative reward is tracked and used to evaluate overall performance.
A higher cumulative reward indicates the agent effectively reduced Rt with
minimal economic impact. Results showing sustained Rt control will confirm
the agent’s ability to optimize its strategy over time.
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3 Results

3.1 Interventions

Figure 4: 2020 intervention comparison for California

Figure 4 presents a comparison between the agent’s suggested interventions
and the actual government interventions for California during 2020. The gov-
ernment adopted a higher intensity approach early in the pandemic and main-
tained relatively stable intervention levels throughout the year. This likely
reflects California’s consistently high case numbers, driven by its dense urban
population which promotes extensive social mobility. In contrast, the agent
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proposed a more dynamic intervention strategy by frequently adjusting pol-
icy intensity over time. These adjustments appear to represent an effort to
strike a more flexible balance between effective disease control and preserving
economic activity across different pandemic phases.

Figure 5: 2020 intervention comparison for Florida

Figure 5 illustrates the comparison between the agent’s suggested inter-
ventions and the actual government interventions in Florida during 2020. The
state began with relatively high-intensity measures which were gradually re-
duced as the year progressed. This decline was largely influenced by the gov-
ernor’s stance that strict interventions were ineffective which resulted in loos-
ening the restrictions to enable growth in the economy. In contrast, the model
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suggested increasing intervention intensity in the second half of the year. This
recommendation likely stems from the seasonal increase in tourism during that
period which contributed to a surge in daily cases and heightened transmission
risk.

Figure 6: 2020 intervention comparison for Illinois

Figure 6 displays a comparison between the agent’s suggested interven-
tions and the actual government interventions in Illinois throughout 2020.
The government adopted a stepped approach by starting at lower intensity
and gradually increasing the intensity of interventions over time. This likely
reflects the absence of sudden spikes in case numbers which allowed for a more
controlled response. Interestingly, the agent’s suggested interventions closely
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mirrored this pattern in terms of timing. This alignment suggests that Illinois
effectively balanced public health concerns with economic impact considera-
tions in a manner consistent with the model’s optimization strategy, indicating
sound decision-making under evolving pandemic conditions.

Figure 7: 2020 intervention comparison for New York

Figure 7 compares the agent’s suggested interventions with the actual gov-
ernment intervention in New York during 2020. The government maintained
a consistently high level of intervention throughout the year in response to
persistently high case numbers. This approach was likely driven by the urgent
need to control widespread transmission in densely populated areas. How-
ever, the agent recommended even higher intervention intensity than what
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was enacted. New York City was the epicenter for the disease because of the
increased mobility from various activities that resulted in higher infections and
this extreme burden warranted even stricter control measures according to the
model.

Figure 8: 2020 intervention comparison for Texas

Figure 8 shows a comparison between the agent’s recommended interven-
tions and the actual government intervention in Texas during 2020. The gov-
ernment maintained a relatively consistent level of intervention with minimal
adjustments over time. This approach likely reflects Texas’s decentralized
strategy where local authorities were given the responsibility to manage the
transmission of disease. In contrast, the model suggested more intense inter-
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ventions that varied dynamically in response to the evolving situation. These
fluctuations in policy intensity likely correspond to the model’s reaction to
changing infection numbers which indicated a need for greater responsiveness
to local disease trends than what was implemented.

3.2 Comparison

Table 2: RMSE values for the target variables in the reward function
Variables California Florida Illinois New York Texas
Infection Rate 0.269 0.087 0.152 0.141 0.185
Spending Change 0.023 0.021 0.019 0.029 0.022
Reward 0.067 0.066 0.047 0.061 0.066

Table 2 displays RMSE values for predicted infection rate, spending change,
and expected reward. RMSE quantifies prediction accuracy by measuring av-
erage error magnitude. Lower RMSE suggests better model performance. This
metric is especially useful for comparing prediction reliability across various
setups. The table helps evaluate the model’s generalization across different
contexts. Florida has the lowest and California has the highest RMSE for
infection rate. Illinois has the lowest and California has the highest RMSE
for spending change. It is the same for expected reward. Overall, the values
are very low. This indicates that the environment model can create realistic
situations.

Table 3: Finding the optimal number of episodes for the model training
Total Episodes Final Reward Average Loss Converged Status

1000 -0.57 0.11 No
2000 -0.39 0.05 Yes
3000 -0.22 0.03 Yes
4000 -0.19 0.03 Yes
5000 -0.17 0.02 Yes

Table 3 shows the effect of increasing episode number. In one episode,
agents observed 364 days of intervention. Average loss is calculated as the
average of the last five iterations from five agents. Objective is to identify
the optimum number of episodes. This is done by balancing ending rewards,
resource usage and loss convergence. Usually, 1000 episodes are enough but
loss value does flatten. The loss value first converged at 2000 episodes. At
3000 episodes, the agents have that improved final rewards. This is optimum
because higher value does not improve reward significantly. At this point the
model is trained properly.
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Table 4: Change in reward form altering the weights in reward function
Alpha (α) Beta (β) Gamma (γ) Cumulative Reward
1.0 0.0 0.25 -76.66
1.0 0.0 0.75 -94.49
1.0 1.0 0.00 -133.64
1.0 0.0 0.00 -142.31
1.0 0.0 0.50 -210.99
1.0 0.0 1.00 -225.03
1.0 0.25 0.00 -344.99
1.0 0.50 0.00 -396.81
1.0 0.75 0.00 -575.25
1.0 1.00 0.00 -623.14

Table 4 shows the reward change from altering weights. This is total re-
ward from training. The values from agents were averaged. It indicates the
capacity of agents to optimize the problem. Lower value means more difficulty.
Weight for infection rate is kept constant and others are modified in relation to
alpha. Increasing the weight for spending change decreases the total reward.
Intervention cost has lower impact. This does not imply agents are trained
worse but proves that variables are conflicting and the weights will depend on
prioritization. We set alpha as 1, beta as 0.5 and gamma as 0.25.
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3.3 Evaluation

Figure 9: Average intensity of simulated intervention

Figure 9 illustrates the average intervention intensity over the 364-day simula-
tion period for five states. The curves represent how the agent adjusts actions
in response to the state. Higher values indicate stricter interventions and vice
versa All the states begin with elevated intensities, reflecting strong early re-
sponses to high initial higher infection rate. Eventually, the agents maintain
moderate intensity. California does not see significant changes. Florida ex-
periences waves of elevated intensity. Illinois also does not experience major
spikes. New York is the most volatile with the changes in the intensity of
intervention. Texas observes bursts of increase throughout the year.
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Figure 10: Infection rate from model simulation

Figure 10 shows the results from simulations for the five states. Each graph
demonstrates how the agent adapted to control the transmission. The initial
outbreak was introduced to provide realistic scenario. The agents handled
this effectively by reducing and maintaining the infection rate below one. This
would shrink the daily cases over time. California shows moderate fluctuations
with Rt between 0.58 and 0.82. Florida exhibits higher variability bouncing
between 0.55 and 0.80. Illinois maintains stable infection rate levels between
0.60 and 0.75. New York displays wider swings between 0.60 and 0.85. Texas
achieves control between infection rate 0.55 and 0.85.
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Figure 11: Cumulative reward from model simulation

Figure 11 shows the cumulative reward from agent simulations. Each graph
demonstrates the change in total reward for the state. Initially, the curve is
steeper indicating lower reward. This is because the infection rate is higher.
Eventually, the agents maintain the infection below one. The curve becomes
linear indicating this stability. The cumulative reward is negative because
of the way the reward function is designed. Infection rate cannot be below
zero which means there are daily cases. It is also unrealistic to have positive
spending change during a pandemic. But the average negative reward is a low
0.22 each day.

4 Discussion

The environment models were successful in creating realistic situation based on
the datasets of the states in the US. This allowed the reinforcement learning
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agents to be trained properly to control the transmission of the disease by
suggested effective combination of interventions. Although the government
was effective in handling the pandemic, the agents differed in the actions during
much of the time. Overall, the suggested intervention started earlier at a higher
intensity, slowly reduced in aggressiveness and maintained a moderate level
for the rest of the year which aligns with other findings [26]. However, this
depends on the weight assigned to the variables in the reward function. For
school closure, the suggested was generally lower than the government which
might be because shift in childcare increased cases [51]. Suggested control for
workplace closure was lower to none compared to government and that can
be because it promotes other behavior that increases transmission. The agent
suggested higher intensity for public transport closure even if the government
suggested none and this might be because it observed this intervention be
effective in other states. On a granular level, the timing, intensity and duration
of the interventions differed in states [19]. This might be influenced by regional
factors.

5 Conclusion

The proposed model demonstrates strong potential in effectively controlling
the transmission of disease similar to COVID-19. It can be adapted for use in
different regions by adjusting the weighting parameters to reflect local prior-
ities. While the current model captures key dynamics, we acknowledge that
real-world implementation of government interventions involves numerous ad-
ditional variables. These factors can be integrated into the reward function but
incorporating too many variables may reduce model efficiency due to trade-offs
between conflicting objectives. Since many interventions are complementary—
where implementing one may enhance or enable the effects of another— the
absence of certain options in a region would require the model to be retrained
to account for those limitations. Moreover, frequent changes in policy are
often impractical in real-world governance, but this can be addressed by in-
troducing a transition penalty to discourage overly dynamic decision-making.
This adjustment encourages more stable policy suggestions while maintaining
responsiveness to public health needs. In further research, it can be valuable
to analyze the impact of interventions on regional mobility, as mobility plays a
crucial role in transmission dynamics. Understanding this relationship will of-
fer insights into public compliance with government directives which will help
guide effective distribution of resources like vaccines.
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