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Abstract—Sepsis is a life-threatening condition that requires
timely and personalized treatment in intensive care units. Recent
studies have applied reinforcement learning, or RL, to model op-
timal treatment policies, but traditional single-threaded training
approaches are computationally expensive, requiring hundreds
of thousands of episodes to converge. In this paper, we propose a
distributed RL framework for sepsis treatment that parallelizes
agent training using Ray, enabling scalable and efficient learn-
ing. We implement three RL algorithms: DQN, SARSA, and
SAC, and evaluate them on the ICU-Sepsis environment. Our
method significantly reduces training time and sample complexity
while maintaining policy accuracy. Specifically, our Ray-based
approach achieves up to 40× fewer total episodes and up to
125× faster convergence, without compromising average reward.
These results demonstrate that distributed RL can accelerate
the development of clinically meaningful policies in personalized
medicine.

Index Terms—Reinforcement Learning, Distributed Machine
Learning, Ray, Personalized Medicine, Healthcare AI, Cloud-
based Training, Sepsis Detection

I. INTRODUCTION

The convergence of artificial intelligence [1], cloud com-
puting [2], [3], and healthcare [4] has opened new avenues
for developing intelligent, adaptive, and personalized medical
systems. In particular, personalized medicine, which tailors
treatment strategies to individual patients based on genetic,
physiological, and lifestyle factors, has become a critical area
of innovation [5]. However, building robust and accurate AI
models in this domain presents several challenges, including
limited access to high-quality medical datasets and the com-
putational cost of training complex models [6].

Reinforcement Learning (RL) [7] has emerged as a powerful
paradigm for modeling sequential decision-making tasks in
healthcare, such as treatment planning [8] and intervention
strategies [9]. Yet, training RL agents, especially in simulated
medical environments like ICU-Sepsis, is computationally
intensive and often slow to converge. These limitations hin-
der the deployment of RL-based decision systems in real-
world clinical settings where timeliness and efficiency are
paramount.

To address this challenge, we investigate the use of
Ray [10], a high-performance distributed computing frame-
work, to accelerate the training of RL algorithms in the
ICU-Sepsis environment [11]. By leveraging Ray’s paral-
lelism and scalability, we aim to significantly reduce train-
ing time while preserving or even enhancing the quality of
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learned policies. We focus on three RL algorithms: Deep
Q-Network (DQN) [12], State-Action-Reward-State-Action
(SARSA) [13], and Soft Actor-Critic (SAC) [14], and demon-
strate how distributed training can yield substantial speedups
with no degradation in clinical performance metrics.

This work contributes to the growing body of research
at the intersection of AI, cloud computing, and healthcare,
and illustrates how scalable, distributed systems can empower
intelligent medical decision-making. Our evaluations show up
to 40× faster convergence in RL training, suggesting that
cloud-enabled AI frameworks like Ray are well-suited for
time-sensitive applications in personalized medicine.

II. BACKGROUND AND CHALLENGE

This section introduces the key concepts underlying our
work, including personalized medicine, AI in healthcare, re-
inforcement learning for treatment planning, and distributed
training. We also highlight the core challenges that motivate
our approach.

A. Personalized Medicine

Personalized medicine seeks to tailor diagnosis and treat-
ment strategies to individual patients based on genetic, envi-
ronmental, and lifestyle factors. This contrasts with traditional
“one-size-fits-all” approaches [15], which apply generalized
protocols to populations with similar symptoms. By leveraging
fine-grained patient data, personalized approaches can improve
diagnostic accuracy and therapeutic outcomes.

Recent progress in genome sequencing technologies,
such as next-generation sequencing (NGS) [16], whole-
genome sequencing (WGS) [17], and whole-exome sequenc-
ing (WES) [18], has accelerated the development of precision
diagnostics across a range of medical conditions, includ-
ing cancer and rare genetic disorders. However, widespread
adoption remains limited by challenges in data interpretation,
privacy, integration into clinical workflows, and the need for
clinician training in genomic literacy.

Moreover, incorporating patient-specific traits into machine
learning models requires methods that can generalize across
heterogeneous modalities while remaining sensitive to indi-
vidual variations. Efforts to build invariant yet personalized
representations in medical imaging [19] have shown promise,
but generalization and robustness remain open research prob-
lems.
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B. AI in Medicine

Artificial intelligence is increasingly used to support person-
alized healthcare. Supervised and unsupervised learning mod-
els have been developed to predict patient risk, recommend
treatments, and analyze diagnostic images. In personalized
oncology, for instance, machine learning has been applied
to high-throughput screening (HTS) data to predict drug
responses in patient-derived cell lines [20]. These models
can identify effective treatments while reducing the need for
exhaustive lab testing.

However, medical AI also faces significant challenges.
Model performance is often sensitive to bias in training data,
especially in observational datasets. Studies have shown that
not all biases negatively impact outcomes; some can even
be leveraged to improve reliability. Nevertheless, identifying
and controlling for harmful biases remains an active area
of research [21]. Furthermore, translating predictive insights
into clinically actionable decisions requires interpretability,
regulatory approval, and strong real-world validation.

C. Reinforcement Learning

Reinforcement learning (RL) [7] offers a natural framework
for sequential decision-making, where agents learn to maxi-
mize cumulative reward by interacting with an environment.
In healthcare, RL has been applied to dynamic treatment
planning and dosage adjustment [8]. The ICU-Sepsis environ-
ment [11] is a widely used benchmark based on the MIMIC-
III dataset [22], simulating patient trajectories and outcomes
in intensive care.

Although RL provides powerful tools for optimizing treat-
ment policies, its application to medical settings is constrained
by long training times and high sample complexity. Most RL
algorithms [23] require hundreds of thousands of episodes to
converge, which makes exploration and hyperparameter tuning
prohibitively slow in high-fidelity simulations like ICU-Sepsis.

D. Distributed Learning

To accelerate model training, distributed computing frame-
works such as Ray [10] have become increasingly popular. Ray
enables scalable parallelism across CPUs and GPUs, making
it well-suited for RL workloads where multiple agents can
collect experience in parallel and share it through centralized
learners.

Distributed learning offers clear benefits in training speed
and throughput, but also introduces overhead due to inter-
process communication, data transfer, and coordination. These
bottlenecks must be carefully managed to avoid offsetting the
gains from parallelization. Understanding and mitigating this
trade-off is essential when deploying distributed RL systems
in time-sensitive domains like critical care.

E. Challenges in Distributed Learning for Personalized
Medicine

From the above, we identify several core challenges:
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Fig. 1. Overall system architecture for distributed reinforcement learning with
Ray.

• Computational Inefficiency in Reinforcement Learn-
ing: Training RL agents in clinical simulation en-
vironments like ICU-Sepsis requires a large number
of episodes to converge. Standard algorithms such as
DQN [12], SARSA [13], or SAC [14] can take hundreds
of thousands of episodes to learn meaningful policies.
This results in long training cycles and limits experi-
mentation with different model architectures or reward
formulations.

• Scalability and System-Level Bottlenecks: While dis-
tributed computing frameworks such as Ray offer the po-
tential to parallelize RL training, realizing those benefits
at scale is non-trivial. Challenges include coordinating
communication among workers, managing shared mem-
ory efficiently, and minimizing overhead from distributed
scheduling. Improper parallelization can result in dimin-
ishing returns or even performance degradation.

• Data Limitations and Clinical Constraints: In real-
world healthcare applications, collecting high-quality,
diverse, and ethically sourced patient data is difficult.
This is particularly true for life-threatening conditions
like sepsis, where interventions are time-sensitive and
experimental data is scarce. Effective systems must there-
fore rely on simulation-based environments while still
generalizing to the complexities of real-world clinical
settings.

Our work is designed to address these challenges by
integrating distributed reinforcement learning via Ray in a
clinically inspired simulation environment, enabling faster and
more scalable training of personalized treatment policies.

III. SYSTEM DESIGN

This section describes the distributed reinforcement learning
system we implemented using the Ray framework to accelerate
agent training in the ICU-Sepsis environment. Our system is
designed to scale across multiple CPU cores, enabling parallel
experience collection and faster convergence for various RL
algorithms. We explain the architecture, components, and the
integration of Ray with the ICU-Sepsis simulator.

A. Overview

Fig. 1 presents the high-level architecture of our system.
The architecture consists of multiple Ray Agents (workers)
that interact with independent instances of the ICU-Sepsis
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Fig. 2. Execution Workflow for Distributed Reinforcement Learning

Algorithm 1 Deep Q-Network (DQN)
1: Initialize Q-network and target Q-network with random

weights
2: Initialize replay buffer D
3: for each episode do
4: s← env.reset()
5: for each step do
6: Select action a using ϵ-greedy policy based on Q(s, ·)
7: Execute action a, observe r, s′ ← env.step(a)
8: Store transition (s, a, r, s′) in D
9: Sample mini-batch from D

10: Compute target: y ← r + γmaxa′ Qtarget(s
′, a′)

11: Update Q-network by minimizing loss: (Q(s, a)−y)2
12: Periodically update Qtarget ← Q
13: end for
14: end for

Algorithm 2 SARSA Training Algorithm
1: Initialize Q-network with random weights
2: for each episode do
3: s← env.reset()
4: Choose action a using ϵ-greedy policy
5: for each step do
6: Take action a, observe r, s′

7: Choose next action a′ using ϵ-greedy policy
8: Compute target: y ← r + γQ(s′, a′)
9: Update Q-network to minimize loss: (Q(s, a)− y)2

10: s← s′, a← a′

11: end for
12: end for

environment. These agents collect experience tuples and store
them in a centralized Replay Buffer, which is shared via
Ray’s distributed object store. A Learner module samples from
this buffer to perform gradient updates and periodically sends
updated policy weights back to the agents.

This distributed execution setup allows parallel environment
interactions while maintaining centralized, synchronized learn-
ing. As a result, the system improves data throughput and
accelerates the convergence of training.

B. Ray Agent

Each Ray Agent is a lightweight worker process responsible
for interacting with an independent instance of the ICU-Sepsis
environment. At every time step, the agent selects an action
based on the current policy, which may be stochastic (SAC)

Algorithm 3 Soft Actor-Critic (SAC) Training Algorithm
1: Initialize policy network π, Q-networks Q1, Q2, target

Q-networks
2: Initialize replay buffer D
3: for each iteration do
4: Collect data using current policy π
5: Store transition (s, a, r, s′) into D
6: Sample mini-batch from D
7: Compute target:

y ← r + γ

(
min
i=1,2

Qtarget
i (s′, a′)− α log π(a′|s′)

)
8: Update Q-networks by minimizing (Qi(s, a)− y)2

9: Update policy network π via gradient ascent on ex-
pected reward + entropy

10: Periodically update target Q-networks
11: end for

or deterministic (DQN, SARSA), and executes this action in
the environment. The agent then observes the next state and
reward and constructs an experience tuple (s, a, r, s’).

These tuples are forwarded to a centralized learner, either
directly or through the shared Replay Buffer, depending on
the algorithm. Ray Agents periodically receive updated policy
weights from the Learner, allowing them to act using the most
recent policy. This decoupling of experience collection from
learning enables high parallelism and scalability, as multiple
agents can operate independently and asynchronously.

C. ICU-Sepsis Environment

The ICU-Sepsis environment simulates a medical decision-
making task based on the MIMIC-III dataset. The environ-
ment defines a discrete-time Markov Decision Process (MDP),
where:

• The state includes clinical features such as vital signs,
lab measurements, and demographic information.

• The action space corresponds to medical interventions
like administering vasopressors or intravenous fluids.

• The reward function is sparse and binary: agents receive
+1 for survival and -1 for death at the end of an episode.

Each agent interacts with an instance of this environment
by choosing actions at each time step. This design mimics
real ICU treatment scenarios while maintaining a lightweight,
tabular structure suitable for training RL agents.
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D. Replay Buffer

The Replay Buffer is a shared memory structure used to
store experience tuples (s, a, r, s’) collected by the Ray Agents.
It enables the system to reuse past experiences for learning,
which improves sample efficiency and stabilizes training by
breaking correlations between consecutive samples.

For off-policy algorithms like DQN and SAC, the Learner
continuously samples mini-batches from this buffer to compute
loss and perform parameter updates. The buffer is imple-
mented using Ray’s distributed object store, allowing efficient
data sharing across processes and nodes. For SARSA, which
is an on-policy algorithm, the buffer plays a reduced role
since learning relies more on current trajectories. Nonetheless,
maintaining a centralized buffer ensures compatibility across
all algorithms.

E. Learner

The Learner is the central component that performs model
optimization using the experiences provided by Ray Agents.
It runs continuously in the background and periodically sam-
ples mini-batches from the Replay Buffer. Depending on the
selected RL algorithm, the Learner computes value function
updates (DQN, SARSA) or actor-critic gradients (SAC) to
refine the policy and/or Q-functions.

The updated weights are pushed back to the Ray Agents at
regular intervals, ensuring policy synchronization across the
system. By separating data collection from policy updates,
the Learner architecture enables stable and scalable training,
especially when working with multiple parallel environments.

F. Reinforcement Learning Algorithms

This system supports three representative reinforcement
learning algorithms: Deep Q-Network (DQN), SARSA, and
Soft Actor-Critic (SAC). Each algorithm follows a distinct
learning paradigm, such as off-policy versus on-policy and
value-based versus actor-critic, offering flexibility to adapt to
various environments and learning speeds.

1) Deep Q-Network: Deep Q-Network (DQN) approxi-
mates the optimal action-value function Q∗(s, a) using a deep
neural network. It updates the Q-values based on the Bellman
equation:
Q(s, a)← Q(s, a) + α [r + γmaxa′ Q(s′, a′)−Q(s, a)]

To enhance stability and efficiency, DQN uses two key
techniques:

• Experience Replay: Stores past transitions in a replay
buffer and samples mini-batches uniformly to reduce
correlation.

• Target Network: Maintains a separate target Q-network
Qtarget that is periodically synchronized with the main
network.

The step-by-step learning process of DQN is shown in
Algorithm 1.

2) SARSA: SARSA is an on-policy value-based algorithm.
It updates Q-values using the actual action taken by the current
policy rather than the greedy one. The update rule is:
Q(s, a)← Q(s, a) + α [r + γQ(s′, a′)−Q(s, a)]
Because SARSA follows the current policy, it tends to pro-

duce safer and more conservative policies, which is especially
valuable in clinical applications. The detailed training process
for SARSA is described in Algorithm 2.

3) Soft Actor-Critic: Soft Actor-Critic (SAC) is an off-
policy actor-critic method that optimizes both the expected
reward and the policy’s entropy. The objective function is:
J(π) =

∑
t E(st,at)∼ρπ

[r(st, at) + αH(π(·|st))]
SAC includes several components that enable robust learning:

• Stochastic Actor: Learns a distribution over actions,
enabling better exploration.

• Twin Critics: Mitigates overestimation bias by learning
two Q-functions and using the minimum.

• Entropy Regularization: Encourages high-entropy poli-
cies for improved robustness.

SAC is particularly effective in continuous control tasks and
complex environments. Its training process is summarized in
Algorithm 3.

G. Execution Workflow

Fig. 2 illustrates the end-to-end workflow of our distributed
reinforcement learning system powered by Ray. (1) The pro-
cess begins with each Ray Agent (Ray Worker) selecting an
action based on its current policy. (2) This action is executed in
the ICU-Sepsis Environment, which returns the resulting state
and reward, simulating the patient’s physiological response to
the treatment. (3) The agent then forms an Experience Tuple,
which is a structured representation of the state, action, reward,
and next state. This tuple is forwarded to the Learner. (4) The
Learner uses this data to compute gradients and update the
model policy according to the selected RL algorithm, such
as DQN, SARSA, or SAC. (5) The updated policy weights
are sent back to the Ray Agent, completing one full training
loop. This process repeats continuously and asynchronously to
enable distributed learning across multiple agents and achieve
more efficient convergence.

IV. EVALUATION

This section presents a comprehensive evaluation of our
distributed reinforcement learning system in the ICU-Sepsis
environment. We assess both clinical performance and compu-
tational efficiency across multiple reinforcement learning algo-
rithms and system configurations. Our goal is to demonstrate
that the proposed design not only improves convergence time
and scalability but also maintains strong clinical relevance in
policy quality.

A. Evaluation Metrics

We use two primary metrics from the ICU-Sepsis bench-
mark: (1) average return achieved by each RL algorithm, and
(2) the number of episodes until convergence. These metrics
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TABLE I
COMPARISON OF RL ALGORITHMS BEFORE AND AFTER RAY-BASED PARALLELIZATION.

Metric DQN SARSA SAC DQN w/ Ray SARSA w/ Ray SAC w/ Ray
Total Episodes 500k 500k 500k ∼13.5k 15.6k ∼12.5k

Episodes to Converge ∼450–500k ∼450–500k ∼400k ∼6k ∼4k ∼11.5k
Avg. Reward 0.79 0.75 0.77 0.78 0.78 0.77

reflect how effectively a learned policy maximizes patient
survival in the simulated ICU setting.

To assess scalability and efficiency, we also measure (3)
total training time and (4) system-level resource usage. These
metrics are recorded for both our distributed Ray-based system
and a baseline single-machine implementation.

B. Experimental Setup

The baseline single-machine system uses an AMD Ryzen
9 7950X 16-core CPU with hyperthreading (32 threads total)
and an NVIDIA GeForce RTX 3090 GPU. This configuration
allows us to fairly compare performance with our Ray-based
distributed training system across identical hardware.

In addition, we conduct a comparative study of different re-
inforcement learning algorithms (DQN, SARSA, SAC) under
various hyperparameter settings and reward structures. This
analysis helps identify the most effective configurations in
terms of both policy quality and computational cost.

C. Impact of Distributed Training on Convergence and Sample
Efficiency

To evaluate the benefits of distributed reinforcement learn-
ing, we compare baseline single-threaded training with our
Ray-based parallel implementation for three algorithms: DQN,
SARSA, and SAC, all trained in the ICU-Sepsis environment.
Rather than visualizing learning curves, we summarize key
metrics in Table I, including total episodes, episodes to con-
vergence, and final average reward.

1) Convergence Acceleration through Parallelism: In the
baseline configuration, each RL agent required roughly
500,000 episodes to converge. When applying Ray to uti-
lize parallel actors across multiple CPU cores, we observe
dramatic reductions in both total episodes and episodes to
convergence. Specifically, DQN completes training with ap-
proximately 13,500 total episodes and converges after just
6,000 episodes, which represents an 83× improvement in
convergence efficiency. Similarly, SARSA converges after
4,000 episodes, achieving 125× faster convergence, and SAC
converges after 11,500 episodes, which is roughly 43× faster.

These improvements are achieved without sacrificing pol-
icy quality. The average rewards remain consistent with the
baseline: 0.78–0.79 for DQN, 0.78 for SARSA, and 0.77 for
SAC. This suggests that distributed training can significantly
accelerate learning while maintaining comparable model per-
formance.

2) Training Efficiency and Real-World Implications: Such
training speedups have major implications for time-sensitive
applications like ICU treatment planning. Faster training en-
ables the development of real-time personalized policies for

new patients or updated models based on evolving patient data.
Additionally, our Ray-based setup leverages shared resources
efficiently, reducing training time while ensuring scalability to
larger environments or higher-resolution patient data.

3) Limitations and System Overheads: Despite these gains,
distributed training introduces coordination and communica-
tion overhead. Each Ray worker periodically synchronizes
with the Global Control Store (GCS), and redundant com-
putation across actors adds some inefficiency. Moreover, as
we scale up to more cores or move to a distributed GPU
cluster, latency and communication bottlenecks may become
more significant. These trade-offs must be carefully managed,
especially in large-scale deployments.

4) Takeaways: Our results demonstrate that distributed
RL using Ray is highly effective in reducing training time
without compromising performance. While some overhead
exists, the net gain in convergence efficiency outweighs these
costs. These findings suggest that distributed RL frameworks
are a promising tool for accelerating personalized healthcare
models, especially in time-critical scenarios such as sepsis
treatment.

V. CONCLUSION

In this paper, we propose a Ray-based distributed rein-
forcement learning system for training personalized medicine
models on ICU-Sepsis data. Our key contribution is the
parallelization of RL training using Ray actors, which sig-
nificantly improves convergence speed and sample efficiency
without compromising model performance. Unlike prior work
that focuses solely on algorithmic performance, our approach
emphasizes scalable training infrastructure and evaluates mul-
tiple RL algorithms (DQN, SARSA, SAC) under various
hyperparameter and reward settings. Our evaluation shows that
distributed training reduces total training episodes by over 30×
and episodes to convergence by up to 125×, while maintain-
ing comparable average rewards to single-threaded baselines.
These results demonstrate the potential of distributed RL
to accelerate model development in time-critical healthcare
domains.
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