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ABSTRACT

Distributed reinforcement learning (RL) has gained significant trac-
tion in the field of artificial intelligence. However, existing dis-
tributed RL frameworks provide fixed-scaled resource management
and have limited expressiveness of different on-policy and off-policy
distributed RL algorithms, thus suffering from poor end-to-end per-
formance and low resource utilization.

Therefore, we introduce an abstraction of distributed RL train-
ing workflows that enables the flexible and seamless definition
of various RL algorithms. Central to this abstraction is the buffer,
which acts as a communication channel between distinct stages
of RL training. We propose to leverage a buffer-centric approach
to design and implement ARTOS, an elastic and resource-efficient
framework for distributed RL training. First, ArTOS is equipped
with a rich set of trigger primitives bound to the buffer, meeting
heterogeneous buffer management requirements and supporting
workflow patterns of different on/off-policy RL algorithms. Sec-
ond, ArTos exploits the buffer to decouple the stage dependencies
and address the resource demand heterogeneity between stages
in RL training, which provides resource elasticity at each stage to
achieve high resource utilization. Additionally, ARTOS consists of a
high-performance data transfer architecture inside the buffer, sup-
porting efficient data pipelining to alleviate the significant transfer
overhead. We prototyped ArTos on an AWS EC2 cluster and our
evaluation shows that for different RL algorithms, without sacri-
ficing accuracy, ArTos either reduces CPU and GPU time by up to
49.89% and 57.41% or reduces end-to-end latency by up to 57.47%
compared with well-established open source solutions. ArTos fur-
ther reduces end-to-end latency by 15.22% when batch size changes
dynamically, due to its zero-cost scaling ability.

1 INTRODUCTION

Distributed reinforcement learning (RL) has become increasingly
popular over the years within the artificial intelligence landscape.
RL workflows focus on facilitating agents to learn to make decisions
in complex environments, enabling breakthroughs in various appli-
cations. Ever since the immense success of AlphaGo [44], which
employed RL to surpass human expertise in the intricate game of
Go, a proliferation of RL applications has been catalyzed across
diverse domains such as resource management [31, 32], robotic
manipulation [50, 65], Al gaming agents [47, 51], DBMS [24, 54, 63],
and recommendation systems[48, 64, 66], etc.
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RL training generates experience data by interacting with the
environment using a policy model, then it stores the experience
data in a data buffer and optimizes the policy model using the
experience data. RL algorithm consists of on-policy algorithms [34,
38,42, 43] and off-policy algorithms [8, 12, 16, 35]. This classification
is generated from the different synchronization patterns of the
policy model. A typical distributed RL training workload features
an actor-learner architecture, in which multiple distributed actors
are allocated on worker nodes with CPU cores to collect experience
data and learner process on a head node assigned with GPUs, to
update the model with the collected data. Various distributed RL
frameworks [10, 11, 17, 23, 37, 40, 58, 59] have been proposed to
improve the resource utilization and expedite the RL training speed.

We characterize the distributed RL workloads to facilitate the ef-
ficient design of the distributed RL framework in three aspects. (c1)
Heterogeneous buffer management requirements: The data buffer
in RL training stores experience data and model parameters, and
manages them with various strategies of different RL algorithms,
necessitating the efficient management of both types of data. (c2)
Resource demand heterogeneity: The actor is a CPU-intensive work-
load due to the frequent interaction with the environment to collect
the experience data. The learner is a GPU-intensive workload to ex-
pedite the RL model update. This heterogeneous resource demand
benefits from elasticity. Particularly, the learner can benefit from a
large batch size [13, 33, 57] and adaptive batch size[15, 30, 45, 58, 59]
(¢3) Substantial data transfer overhead: distributed RL workloads
need to frequently exchange the experience data and model param-
eters between the learner node and worker nodes, accounting for
up to more than 49.97% in the end-to-end training time.

Existing distributed RL frameworks do not fully consider these
characteristics, leading to unsatisfactory training performance and
resource utilization. First, many frameworks [10, 11, 17, 23, 37, 40]
opt for fixing resource allocation for distributed RL training work-
loads. The actors are long-running CPU processes that generate
experience data for the learner. Meanwhile, the learner remains idle
to wait for the data, leading to underutilized GPU resources, and
vice versa, CPU resources also suffer from idleness(c2). Second, a
few frameworks [58, 59] support resource elasticity for distributed
RL training. Despite elasticity, these frameworks employ ineffi-
cient communication channels [1, 3] and lack optimizations to
mitigate the significant transfer overhead(c3). While resource elas-
ticity reduces computational overhead, it exposes data transfer as a
performance bottleneck, leading to increased end-to-end latency.



Additionally, none of the existing frameworks are able to seamlessly
support the heterogeneous buffer managements(c1). Frameworks
like Ray and CleanRL fall short of efficient training of off-policy
RL algorithms. They enforce the synchronization of model param-
eters and the experience data between the actors and learner in
off-policy RL algorithms for implementation simplicity, incurring
unnecessary synchronization overhead. Elastic frameworks either
dedicate themselves to a specific RL training algorithm [59] or only
achieve resource elasticity for actors with specific optimization
strategies [58], limiting their adoption of various RL algorithms.

In this paper, in order to overcome the low resource utilization
and the high end-to-end latency of existing distributed RL frame-
works, we propose a novel abstraction of distributed RL training
workflows. We define a distributed RL workflow as three separate
stages: data collection, buffer data management, and data consump-
tion, where buffer data management serves as a communication
channel between the two stages. We propose a novel buffer-centric
approach for an efficient framework, which provides a set of trigger
primitives to support heterogeneous buffer management strategies,
enables elasticity across stages with varying resource demands, and
implements a high-performance underlying data transfer architec-
ture. With this approach, developers can orchestrate sophisticated
workflow patterns with a simple configuration of the trigger primi-
tives through a unified interface. Elasticity enables the decoupled
stages with different resource demands to be scaled independently
to reduce resource idleness. The underlying data transfer architec-
ture is transparent to developers and provides minimal data transfer
overhead to accelerate training.

We propose ARTOs, an elastic and resource-efficient distributed
RL framework that provides three key designs to enable high re-
source utilization and low end-to-end training latency.

First, ArTOs explicitly manages the utilization of buffer data
during distributed RL training. The heterogeneous buffer manage-
ment requirements in distributed RL training indicate the diverse
data exchange patterns in distributed RL training and the need to
support various distributed RL algorithms, in which existing frame-
works fall short. The buffer-centric approach decouples the stages
of data collection and consumption, enabling ArTos to flexibly
manage diverse workflow orchestrations of distributed RL algo-
rithms rather than being confined to a fixed pattern. Artos offers
arich set of trigger primitives that seamlessly support various data
consumption patterns. These trigger primitives are bounded to the
data buffer and executed based on various data and conditions,
e.g., experience data, model-related data, time periods, transfer con-
ditions, etc. With configurable trigger conditions, developers can
employ these primitives to construct different workflows of various
on/off-policy distributed RL algorithms, including experience data
fetching, model parameter synchronization, scaling, and pipeline
data transfer without incurring additional synchronization over-
head. We illustrate how to utilize these trigger primitives to meet
heterogeneous buffer data management requirements in § 4.2.

Second, ArTOs provides a lightweight elastic architecture to im-
prove resource utilization and decouples the stage dependencies of
components with heterogeneous resource requirements. By imple-
menting an elastic-cloud-process-based framework, ArTos deploys
actors as elastic cloud processes and offers on-demand GPU services
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Figure 1: Distributed RL training typically uses an actor-
learner architecture, which includes on-policy algorithms
(up) and off-policy algorithms (down).

for learners. This configuration allows for efficient resource alloca-
tion, facilitating scalability based on real-time demand. Additionally,
ArTOs employs an analytical workload monitor that dynamically
collects performance metrics from workloads, thereby enabling
pre-warming of actor instances and reducing start-up latency. This
lightweight framework not only permits ArTOS to respond quickly
to variations in resource usage but also enables the reclaim of idle
resources with minimal overhead. The efficiency improvements ob-
served in § 6.2 indicate a significant reduction in CPU and GPU time,
demonstrating the practicality and effectiveness of this approach.
In § 6.3 we show that ArTos has zero-cost scalability, facilitating
optimizations e.g., adaptive batch size training.

Third, ArTOs implements a high-performance data transfer archi-
tecture designed to optimize data transmission within distributed
RL training environments. It offers built-in data pipelining strate-
gies, including a mini-batch data pipeline and a granular dual-stage
pipeline, which allow the learner to begin updating the policy model
prior to receiving all experience data. Additionally, since pipelining
has been widely discussed in accelerating ML workloads [9], ARTOS
supports customized data pipelining options to minimize overhead.
By abstracting the implementation details of the data transfer layer
from developers, ArRTOs relieves the burden of managing complex
system implementations. This design enables developers to focus
on RL-specific algorithm design without diverting their attention to
underlying infrastructure issues. Experiment result in § 6.3 suggests
that these optimizations lead to an 11.76% reduction of average la-
tency, further underscoring the efficiency of ArTos’s architecture.

We implement a prototype framework of ArTos from scratch
and evaluate ARTOS against a well-established open-source dis-
tributed RL framework, Ray, on popular RL environments with
different types of RL algorithms. Our evaluation results show that
for different RL algorithms, ArTOS can either reduce CPU and GPU
time by 49.89% and 57.41% without compromising training latency
or reduce end-to-end latency by up to 57.47% without provisioning
additional resources. ARTOs shows zero-cost scaling ability and
would further reduce end-to-end latency by 15.22% with adaptive
batch size training requiring elasticity. ARTOS also provides a uni-
fied programming interface, and developers can easily support their
specific algorithms with minimum coding efforts.



2 BACKGROUND AND MOTIVATION

In this section, we give a primer on distributed RL training. We
then characterize specific features of distributed RL workflows and
illustrate the challenges of an efficient distributed RL framework.
Last, we validate the design of the existing RL frameworks and
highlight why they fall short in offering high resource utilization
and optimized end-to-end latency.

2.1 RL and Distributed RL Training

Reinforcement Learning (RL) is a machine learning paradigm that
trains a policy neural network to interact with an environment
by making actions based on environment states. The environment
provides a reward for each action, and the goal of RL is to learn a
policy that maximizes the cumulative reward over time. RL has been
widely applied in various domains, such as games [36, 44], datacen-
ter management [26, 31, 32, 49], and robotic manipulation [50, 65].

In contrast to the classical machine learning paradigm, where
models are trained on pre-existing, fixed datasets, RL follows a
trial-and-error approach: It generates experience data by interact-
ing with the environment using a policy and optimizes the policy
based on the experience data. The RL training workflow typically
involves two key components: the actor and the learner. During
the training process, an actor interacts with an environment, gen-
erating trajectories of experience data tuples, i.e., (state, action,
reward, next state). These tuples capture the current environment
state, the action taken by the policy, the resulting reward, and the
subsequent state transition within the environment. The learner
processes these experience tuples collected by the actor to optimize
the policy neural network. This training process continues until the
policy achieves a satisfactory performance or meets a predefined
termination criterion.

Distributed RL Training. To improve training efficiency and per-
formance, RL training can be scaled using distributed computing
infrastructure, where multiple actors run in parallel to generate ex-
perience data, significantly accelerating the data collection process.
The collected experience data from multiple actors is stored in a
centralized data buffer and the learner aggregates the experience
data with different strategies to update the policy model.

Figure 1 illustrates the distributed RL training workflow with a
single learner and multiple actors. The workflow pattern between
the learner and actors depends on how the learner utilizes the
actors’ experience data and synchronizes the model parameters.
RL algorithms can be divided into on-policy algorithms and off-
policy algorithms. For on-policy RL algorithms [34, 38, 42, 43], the
learner must update the policy using experience data generated
by actions taken according to the same policy and synchronize
the updated model parameters in each iteration. With this tight
restriction, policy model update is more stable [14]. For off-policy
algorithms [8, 12, 16, 35], the learner can optimize the policy model
using experience data generated by a stale policy. This flexibility
reduces the synchronization overhead by permitting a divergence
between the policy used by actors and the one being optimized.

2.2 Characterizations of Distributed RL

We make characterizations of distributed RL and give design re-
quirements to implement an efficient distributed RL framework.

Table 1: Distributed RL algorithms have heterogeneous strate-
gies to manage the data buffer and to pick the experiment
data used for policy model updates.

Pattern Experience Data Used Algorithms

Full Batch Entire buffer’s data PPO, TRPO
Uniformly Random Randomly pick data SAC, DDPG, DQN
PER High TD-error data Ape-X, PER-DQN
N-Step Contiguous reward sequence ~ SAC, Ape-X

FIFO Data from each actor IMPALA

Heterogeneous Buffer Management. A typical distributed RL
training workflow involves two types of data: the policy model
parameters and the experience data collected by the actors, both of
which are stored in the data buffer. Distributed RL training shows a
large variance of patterns to utilize the experience data and synchro-
nize the policy model parameters, thus leading to heterogeneous
buffer management and control strategies.

On one hand, distributed RL training often requires synchro-
nizing policy model parameters between the learner and actors,
and different algorithms vary in synchronization requirements.
Figure 1(up) shows that the learner needs to synchronize with the
learner during each training iteration in on-policy algorithms. Thus,
the actors always use the latest policy model to collect the expe-
rience data. Figure 1(down) illustrates that off-policy algorithms
allow the learner and actors to work concurrently. Specifically,
the learner can update the policy model multiple times and then
synchronize the policy model parameters with the actors. Before
receiving the synchronized parameters from the learner, the actors
use the stale policy model to generate the experience data.

On the other hand, RL algorithms exhibit significant diversity in
how they utilize the collected experience data for training, particu-
larly in distributed settings. On-policy algorithms (e.g., PPO [43],
TRPO [42]) rely on fresh experience data collected by the current
policy and discarding old data after each iteration. Conversely, off-
policy algorithms (e.g., DON [35], SAC [16] and D4PG [8]), leverage
replay buffers to store and reuse past experiences, which is called
experience replay [29], yet the replay strategies vary widely: DQN
employs uniform sampling from a fixed-size buffer, while algo-
rithms like SAC could choose to prioritize entropy-maximizing
transitions [19, 41] to focus on high TD-error samples, or N-Step
sampling to enhance valuable samples. Table 1 lists the diversified
experience data utilization pattern with different distributed RL
algorithms. These heterogeneous data management strategies of ex-
perience data and policy model parameters constitute the different
buffer management strategies of distributed RL algorithms.

Challenge #1: To enable an expressive design pattern, a dis-
tributed RL framework should focus on seamlessly support-
ing the heterogeneous buffer management requirements of
distributed RL training workflows.

Elasticity benefits distributed RL Training. When running dis-
tributed RL workloads, elasticity is important to increase perfor-
mance, from two aspects:
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Figure 2: Resource utilization of PPO workload on Ray. Blue
lines show utilization with 32 actors and red dashed line
shows adaptive batch size training. (a) is calculated with the
fraction of CPU usage time and total CPU time. (b) shows
real-time GPU utilization monitored by nvitop.
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Figure 3: Profiling results of RL training acceleration ap-
proaches. We use OpenAlI Atari PongNoFrameskip-v4 work-
loads as a benchmark. (a) shows the return value of each
episode with training updates. (b) shows the return value
of each episode with wall-clock time. Each line represents a
different actor count with a fixed step size of 128.
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Figure 4: Data transfer overhead of PPO on Ray, running
Atari PongNoFrameSKkip-v4 environment. (a) illustrates that
with a fixed step size of 512, data transfer overhead increases
linearly with the increase of actor count, and takes up to
49.97% of total iteration time with 32 actors. (b) shows that
with a fixed actor count of 16, data transfer overhead in-
creases with the increase of sampling step size per actor, and
takes for up to 34.67% with 1024 steps.

Improving Resource Efficiency. Distributed RL training work-
flows have two different stages, as illustrated in Figure 1, which
are experience data collection and policy model update (i.e., data
consumption). However, the two stages have heterogeneous re-
source demands: experience data collection is CPU-intensive and
requires CPU for interaction with the environment, while policy
model update is GPU-intensive and benefits from the acceleration
of GPU. This heterogeneity of resource demand in different stages
causes resource under-utilization when switching between the two
stages without the ability to scale resources on demand, especially

affecting workloads with repeated synchronization and stage depen-
dencies as illustrated in Figure 1(up). Figure 2 shows the resource
utilization of training PPO workloads with a fixed step size with
Ray. When monitoring the real-time metric with nvitop, the GPU
utilization pattern in Figure 2(b) shows a correspondence to this
repeated synchronization. CPU utilization follows a similar pattern,
Figure 2(a) also shows the average CPU utilization within a whole
training process. When batch size is fixed with 32 actors, the av-
erage CPU utilization is only around 50%. In this case, an elastic
framework would enable workflows to release resources after use,
thus improving resource efficiency.

Reducing End-to-End Latency. It is widely discovered that in
distributed RL dynamically scaling the number of workers would
accelerate training. KungFu [30] and Hydrozoa [15] scale up the
number of workers in distributed ML training. We empirically vali-
date the effectiveness of adaptive batch size training according to
Hydrozoa with large batch training [13, 56]. We adjust the batch
size by configuring the number of concurrent actors. Figure 3 shows
that adaptive batch size training outperforms other fixed batch size
settings. A few research works try to benefit distributed RL training
with elasticity: MinionsRL [59] scales the number of distributed RL
actors with another RL policy, and Nitro [58] boosts the number of
actors in the next iteration when a specific condition is met.

Challenge #2: Elasticity is important to implement an ef-
ficient and effective distributed RL RL framework, lack of
elasticity would cause either resource under-utilization or
increased end-to-end latency.

Substantial Data Transfer Overhead. Data transfer would in-
troduce additional overhead for distributed RL training, especially
for on-policy algorithms, the actors and the learner would need
to repeatedly transfer experience data in each iteration. We test
the data transfer performance of the PPO algorithm on Ray [37],
the state-of-the-art open-source RL framework. The data transfer
latency is examined with different batch sizes, by changing either
number of actors N or sample step size T of each actor. Experimen-
tal results are shown in Figure 4, it is clear that with the increase
of actor count, data transfer time and percentage get larger and in
our setting with 512 steps per iteration, the overhead can be up
to 49.97% of the total iteration latency as illustrated in Figure 4(a).
Figure 4(b) shows that with the increase of sample size, the transfer
time and percentage also increase, considering that sampling time
also grows when T gets larger, the percentage does not increase
linearly. The significant overhead motivates us to support various
optimizations to reduce this overhead for algorithms, such as data
pipelining strategies, to avoid potential performance bottlenecks.

Challenge #3: An efficient distributed RL framework
should carefully manage data transfer to reduce its sub-
stantial transfer overhead.

2.3 Limitations of Current Platforms

Based on these challenges, it is clear that a general distributed
RL framework should be able to abstract heterogeneous buffer
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Figure 6: We run PPO in Atari PongNoFrameSkip-v4 environ-
ment and use different data transfer methods to monitor per-
formance. Utilizing Redis for data transfer introduces a large
amount of additional overhead compared with ray.get().
This method has up to 4x overhead compared with ray.get()
and becomes bottleneck which takes for up to 78.65% total
iteration time with the increase of actor count.

management patterns, provide elasticity to accelerate training while
efficiently utilizing resources, and minimize the transfer overhead
of experience data. However, none of the existing distributed RL
frameworks achieve all these requirements, causing problems of
resource under-utilization or increased end-to-end latency.

We start by examining a widely used open-source distributed
RL framework Ray [37] which manages resources at a granularity
of VMs, and an easy-to-use RL library CleanRL [20]. These works
provide a coarse-grained resource management paradigm and long-
running processes that would always hold their resources, thus
lacking elasticity. This causes resource under-utilization as illus-
trated in § 2.2. Besides, they do not consider the ability to abstract
diverse buffer management strategies, data buffer is treated as a
mere infrastructure rather than a key technology to optimize. As a
result, their expressiveness is limited and affects performance. For
example, none of them implements a pure off-policy algorithm as
shown in Figure 1(down), instead, they follow the on-policy work-
flow in Figure 1(up) and provide implementations with additional
synchronization overhead as illustrated in Figure 5. Although this
implementation is classified as off-policy, it sacrifices algorithmic
specificity due to the lack of generality and introduces synchroniza-
tion points due to the sequential execution of the workflow. This
causes additional synchronization overhead and resource under-
utilization akin to that of on-policy algorithms.

Table 2: Comparison of distributed RL frameworks.

Framework Expressiveness Data Transfer Elasticity
Ray [37] Limited Fast X
MinionsRL [59] Poor Slow v
Nitro [58] Limited Slow v
ARTOS High Fast v

There are also research works that managed to accelerate dis-
tributed RL training or save resources, which consider elasticity.
MinionsRL [59] and Nitro [58] provide elasticity, they are imple-
mented atop AWS Lambda [5] to provide elasticity naturally. How-
ever, such a platform requests third-party storage for transferring
experience data and model parameters, e.g., a Redis server [3] or
AWS S3 [1]. Figure 6 illustrates the significant data transfer over-
head with this approach, our experiment data corresponds with
previous work [60]. Compared with Ray, our experience shows that
using a Redis server for data transfer would introduce up to 382.09%
additional transfer overhead, and cause up to 78.65% of the total
iteration time. This low performance of data transfer slows down
training. Additionally, these frameworks also lack expressiveness
because they failed to consider the heterogeneous buffer manage-
ment requirements, MinionsRL only supports on-policy algorithms
and Nitro relies on a single scaling rule for actors.

We compare all these distributed RL frameworks and summarize
in Table 2, and there is no general framework that settles all the
challenges listed in § 2.2 and provides high expressiveness, fast
data transfer, and elasticity. As a result, they either suffer from
resource under-utilization or high end-to-end latency. We will fur-
ther illustrate our design principles and how ArTos utilizes unique
characteristics of distributed RL training to these challenges in §3.

3 DESIGN PRINCIPLE

In this section, we demonstrate the design principles of ArToOs.
We give a novel abstraction of distributed RL training workflows
and illustrate why our design would settle all the challenges of
distributed RL training.

3.1 Novel Abstraction of Distributed RL

Based on our observation in §2.2, we introduce a novel abstraction
of distributed RL workflows. We abstract distributed RL training
into three stages: data collection, buffer data management, and data
consumption. Data collection refers to the process in which the
actors interact with the environment for multiple steps and store
the experience data in a centralized buffer. Buffer data management
is how an algorithm fetches experience data from the buffer, and
how to synchronize the updated policy model parameters through
the buffer. After fetching experience data, the learner uses them to
update the policy model, which is the experience data consumption.

With this abstraction, we further divide distributed RL training
workflow into two distinct cycles: data collection and data consump-
tion, as illustrated in Figure 7. The data collection cycle involves
experience data sampling, which generates the experience data.
Conversely, the data consumption cycle utilizes the fetched experi-
ence data to update the policy model, resulting in the production of
the policy model parameters and its associated intermediate data.
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Figure 7: Abstraction of distributed RL training workflows:
There are two main cycles, the CPU-bounded data collec-
tion cycle (left) and the GPU-bounded data consumption
cycle (right). The buffer data management is a communica-
tion channel between the two cycles, and for different RL
algorithms, the two cycles are coupled with different syn-
chronization and experience data fetching strategies.

Buffer data management serves as the communication channel
between the two cycles. Various RL algorithms employ heteroge-
neous buffer data management strategies (see Table 1), introducing
unique synchronization requirements and constraints between the
two cycles. In summary, buffer data management is significant in
distributed RL training, as each RL algorithm uniquely couples the
two cycles through its specific buffer data management strategy.

3.2 Buffer-Centric Design

As discussed in § 2.2, heterogeneous buffer data management strate-
gies of distributed RL training require an RL framework to focus
on buffer management, thus improving expressiveness and effec-
tively supporting different algorithms. Our abstraction introduced
in § 3.1 also demonstrates the significance of the data buffer in
distributed RL training: The difference between diverse distributed
RL algorithms lies in how they manage and utilize the experience
data in the data buffer and how they synchronize the policy model
parameters between the learner and the actors. In other words,
heterogeneous buffer management is crucial as it uniquely couples
the data collection and consumption cycles, directly influencing
how experience data is utilized and how policy model parameters
are synchronized during the training workflow, which results in
distinct control flows for each distributed RL algorithm.

In § 2.3, we show that current distributed RL frameworks do not
apply a specific design for the data buffer. Although data buffers
are either logically or physically implemented in their workflows,
such platforms treat buffers as a mere component in distributed RL
training and fail to design for heterogeneous access [27, 39]. This
limits the expressiveness of such frameworks; they either support
a specific type of algorithm [37, 59] or support a specific type of
optimization [58]. In other words, these practices fail to decouple
the data collection cycle and the data consumption cycle and adopt
a specific coupling pattern, e.g., as illustrated in Figure 5, Ray adopts
a sequential invocation for off-policy workloads and introduces
synchronization overhead due to the fixed coupling pattern.

Following this insight, we propose a novel buffer-centric approach
to orchestrate distributed RL training workload, since buffer data
management strategies vary from algorithms. ARTOs makes the
consumption of buffer data explicit and enables it to trigger various
workflow patterns in different algorithms. This design settles the
limitations of current frameworks. ARTOS supports heterogeneous

management strategies of experience data and model parameter
synchronization. Developers can specify when and how to access
buffer data, enabling flexible control over data consumption, and
expressing a rich set of workflow patterns of different RL algo-
rithms. This buffer-centric approach decouples the data collection
cycle and the data consumption cycle in distributed RL training,
with a rich set of trigger primitives. ARTOS eliminates additional
synchronization overhead resulting from the limited expressiveness
of current frameworks, thus improving performance.

3.3 Lightweight Elasticity

Distributed RL training has several characteristics that motivate
ARTOs to adopt an elastic approach, and to provide fine-grained
resource management to improve resource efficiency while optimiz-
ing end-to-end performance. First, the CPU-bounded data collection
cycle and the GPU-bounded data consumption cycle have a mis-
match of resource demand, which would result in fragmented idle
resources without the ability to scale based on demands. Second,
the feature of adaptive batch size training introduces a feature of
dynamic resource demands in distributed RL training.

To provide elasticity and fine-grained resource management,
ARrToOSs proposes an elastic cloud process-based architecture. On the
CPU side, actor instances are implemented as lightweight elastic
cloud processes, by eliminating the state recovery overhead and
enabling a fast checkpoint and restore mechanism, ARTOS is able
to allocate CPU resources rapidly and reclaim resources after use.
On the GPU side, ArTOs implements an on-demand GPU service,
by maintaining a GPU pool for learner processes, reducing idle
time, and improving GPU utilization with a lightweight software-
level approach. It is notable that distributed RL training workloads
typically have a small model size and rely on large-size experience
data in each iteration, the input data in each iteration is much larger
than the size of a policy model. Applying for GPU in each iteration
would only introduce negligible overhead for model movement,
which is minor compared with the improvement of GPU utilization.

ARrToOs tends to further accelerate the start-up latency for ac-
tor processes. Recognizing the periodic nature of distributed RL
training workloads, ArTOs integrates an analytical workload moni-
tor that continuously evaluates the performance of ongoing tasks.
This monitor facilitates a dynamic workload pre-warming strategy,
which anticipates the incoming invocation for actor instances and
initiates them before they are required. This proactive approach
significantly reduces start-up latency, allowing for seamless transi-
tions between data collection and model training phases.

3.4 Minimizing Data Transfer Latency

§ 2.2 demonstrates that data transfer overhead is significant in
distributed RL training, to minimize this overhead and improve
end-to-end latency, ArRTOS implements a high-performance data
transfer architecture and provides optimization opportunities for
data transfer overhead and end-to-end performance.

To minimize data transfer overhead, ArTos divides the sam-
pled data into mini-batches and provides fast data access and data
pipelines to accelerate data transfer. Firstly, ARTos adopts a mini-
batch data pipeline to optimize data transfer overhead, this pipeline
design enables the learner process to start training the policy model
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Figure 8: The system architecture overview of ArRTOS.

Actor Process

with only a mini-batch of sampled data and reduce the latency to
wait until all data is received. Because in distributed RL training
workloads, each update utilizes randomly collected sample data
from actor processes, and irregularity exists among actors, this
mini-batch data pipeline does not violate randomness and would
not affect model accuracy. We further evaluate model accuracy in §6.
To fully utilize the characteristics of on-policy algorithms, ArRTOS
minimizes data transfer overhead through a granular dual-stage
pipeline that effectively overlaps learner-actor data transfers with
data pre-processing on the learner node. RL algorithms typically
need to perform a data pre-processing at the beginning of each
update, which only requires a small portion of data transferred
from the actor. This allows for an initial transfer of only the data
needed for pre-processing, while the remainder of the data can be
transferred concurrently.

4 SYSTEM DESIGN

In this section, we present the design of ARTOS, an elastic distributed
RL framework with a novel buffer-centric design.

4.1 Overview

Figure 8 illustrates ArRTOS’s architecture. ARTOS runs on a cluster of
machines, with one GPU server as head node for learner processes
and several CPU servers as worker nodes for actors. On the head
node, training workloads are registered as learner processes. A
workload scheduler is implemented to schedule and dispatch actors
for training workloads to available worker nodes, and to monitor
the performance metric of each workload. The resource manager
manages remote CPU and local GPU resources and coordinates with
the workload scheduler to dispatch actors, reclaim CPU resources
after use, and maintain the on-demand GPU service for learners.
The process manager on worker nodes communicates with the
head node. Upon receiving an invocation request, it allocates the
request with local CPU resources, starts an actor process, either
initializing from scratch or restoring from existing image files, and
monitors the life cycles of actor processes. It is also responsible for
shutting down or checkpointing an actor process when one finishes

Cyclic Actor Data Blocks
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Figure 9: The buffer structure of ArRTos. The buffer consists of
scalable actor data blocks for each actor’s experience data and
amodel data block for model-related data. ARTOS implements
a cyclic buffer structure and maintains a header block of each
data key for fast and heterogeneous access.

Table 3: Selected control logic of different distributed RL
algorithms and how to trigger via ARTOS’s trigger primitives.

Control Logic Trigger Primitive Parameters

Temporal Training TimeTrigger() t=time_period

Full Batch Update DataKeyTrigger() n=num_envs,size=step_size
FIFO Training DataKeyTrigger() n=1,size=step_size
Pipeline Training DataKeyTrigger() keys=(keys_1,keys_2,...)

Actor Invocation ObjectKeyTrigger() key=model_param

On-policy Sync. ObjectKeyTrigger() key=model_param

Off-policy Sync. TimeTrigger() t=timestep_interval

Data Transfer TransferTrigger() keys=pipeline keys

sampling, and reclaiming CPU resources. ARTOS enables developers
to register a set of trigger primitives to flexibly manage the control
pattern of workloads, e.g., learner triggers, actor triggers, etc. When
data arrive in the buffer, ArTOs checks if any trigger conditions are
met, and triggers the next step of a workflow if satisfied. ArRTOS
uses ZeroMQ[2] for high-performance data transfer. The experience
data is stored in the scalable cache buffer on worker nodes, ARTOS
transfers the cached experience data to the centralized scalable
replay buffer following the invocation of the transfer trigger.

4.2 Data Buffer and Trigger Primitives

Buffer Structure. Figure 9 illustrates ArRTOs’s buffer structure.
Buffers are implemented with shared memory blocks for fast access
across multiple processes. Experience data is stored in actor data
blocks, and model data blocks are used to store policy model-related
data, e.g., model parameters, gradient noise scale, etc. ARTOs adopts
a scalable structure for actor data blocks, which corresponds with
the potential dynamic actor scaling requirements of distributed
RL training. Data specifications can be configured by developers
and each data key (e.g., observations, actions, rewards, etc.) in the
required experience data are allocated to a consecutive shared mem-
ory block in the buffer. ARTOs implements a cyclic buffer structure
for each data key and maintains a header block for each data key.
By this design, ARTOS enables fast access to current data and het-
erogeneous access to different data keys in different RL algorithms.



class TriggerWrapper:

def __init__(self, trigger_id: int,
trigger: Trigger, passer: MessagePasser):
self.trigger = trigger # User configured trigger primitives
self.trigger_id = trigger_1id
self.passer = passer # Indicate the destination of trigger

de

=

check(self, *args, **kwargs):
satisfied, message = self.trigger.check(*args, **kwargs)
if satisfied:

If trigger condition is satisfied, pass the trigger
invocation message to the corresponding destination

message["trigger_id"] = self.trigger_id

return self.passer.passMessage(message)
else:

return None

Figure 10: Trigger Wrapper Interface in ArRToOs.

Trigger Primitives. ARTOS provides a rich set of trigger primitives
and monitors the buffer data during training. Developers can con-
figure the buffer with different triggers to specify different control
logic and workflow patterns for different distributed RL algorithms.
The trigger primitives we implement are listed as follows, and Ta-
ble 3 illustrates how the trigger primitives support multiple control
logic in distributed RL algorithm workflows.

o DataKeyTrigger(): It triggers the control logic when the
associated buffer collects enough size of particular data
keys from a specific number of actors (n). It can be used to
enable various learner logic, with different parameters.

e ObjectKeyTrigger():It triggers the control logic with spe-
cific model-related data is ready. This trigger can be used
to control model parameter synchronization and actor in-
vocation in on-policy algorithms.

e TimeTrigger(): It monitors the time period since the last
invocation, and can be used to implement temporally sam-
pling experience data from the replay buffer without in-
troducing synchronization overhead, synchronizing model
parameters in off-policy algorithms, etc.

e TransferTrigger(): This trigger is attached to scalable
cache buffers on remote workers, supports different transfer
conditions, and can easily enable pipelining transfer by
indicating multiple data keys to be transferred sequentially.

Figure 10 presents a general interface of TriggerWrapper in
ARrToOs, which is used to wrap up the trigger primitives and pass
the control message flexibly. The check () method is invoked every
time the data in the buffer changes and passes the parameters to
the trigger primitive to check the specified trigger condition. After
the trigger condition is satisfied, MessagePasser specifies how the
trigger should pass its control message to the associated target.
ARTOS supports passing the message directly, through the local
queue, and through remote ZeroMQ, to the destinations flexibly.

4.3 Elastic Distributed RL Training

Elastic Cloud Processes. In ARTOS, actor instances are imple-
mented as elastic cloud processes on worker nodes. ArTos adopts
CRIU (Checkpoint/Restore In Userspace) [4] to enable rapid check-
point and restore and to provide elasticity for actor processes. By
enabling fast checkpoint and restore, CRIU significantly reduces
overhead, making it particularly advantageous for distributed RL

actors with frequent and iterative invocations. CRIU captures the
complete state of a process, including its memory, CPU registers,
and file descriptors, ensuring that upon restoration, the process re-
sumes precisely from its previous context. ARTOS isolates resources
for actors with numactl, a command-line utility in Linux that allows
users to manage Non-Uniform Memory Access NUMA) policies
for processes and shared memory. It provides ArTOs the ability to
isolate resources for different actor processes, enabling the process
manager to bind actors to designated CPUs and memory nodes.
The process manager is in charge of managing the life cycle of
actor processes. When receiving a request to start an actor instance
from the head node, it checks the availability of worker resources,
starts an actor for the first time from scratch, or applies CRIU to
rapidly restore an existing actor image and allocate the config-
ured resources to that actor with numactl. After an actor finishes
sampling, the process manager checkpoints the current context of
the actor into image files and stores them on disk, actor processes
are shut down and all the related images are recycled when the
workload finishes training. To enable scalability for accelerating
RL training with adaptive batch size, ARTOs is able to dynamically
scale the number of actor processes by simply registering all the
required actors in advance, process manager can be configured to
load all the actors on disk without consuming any CPU resources,
and scale up by waking them in different iterations when necessary.
This approach achieves high scalability with minimal overhead.

On-demand GPU Service. ArRTOs implements a software-level
on-demand GPU service model to control the access to a GPU pool.
The GPU service model serves requests from learner processes
and dynamically allocates GPU resources to a learner process. A
training workload only requests for GPU consumption upon the
learner process is triggered when the related condition of the learner
trigger is satisfied, and releases the allocated GPU after updating
the policy model. ArRTOS enables an on-demand GPU service by
implementing a time multiplexing strategy of GPU usage.

Analytical Workload Monitor ArRTos implements an analytical
workload monitor within the workload scheduler to dynamically
collect the performance metrics of distributed RL training work-
loads and design pre-warming strategies for actor processes to fur-
ther mitigate start-up latency. The workload monitor continuously
collects the average start-up overhead (avg_actor_start_time) and
the latency until the learner finishes updating the policy model
(learner_complete_time) for each training workload. The workload
monitor adopts a sliding window design to efficiently process and
analyze the stream of real-time data, indicated as actor_starts and
learner_fins. The default window size is set to 5. For a training
workload, the workload monitor analyzes the stability in real-time
when the following equation holds:

A1earnelr7ﬁns <Ax Hlearner_fins»
Where A and p express the range and average value of the data,
while A is a threshold that indicates the stability condition. Empiri-
cally, based on our offline profiling, A is set to 0.2 by default. This
equation refers to how consistent the values in the window are
around their average, thus monitoring the stability of the training
performance. When the performance of a workload is recognized
as stable, the workload monitor would dynamically configure a
pre-warm threshold and register a pre-warm trigger for future
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Figure 11: Accumulate gradient and pipelined RL training
overview with full-batch training (left) and mini-batch train-
ing (right) for on-policy RL workload.

invocations, based on the start-up time and the performance of
each iteration in the current window. The pre-warm threshold is
indicated as follows:

min(learner_fins) — max(actor_starts) — Ajntervals

where A;pteroal Tepresent the range of time intervals between each
value in actor_starts and learner_fins. We evaluate the accuracy
of the workload monitor in §6, and ArTos is able to accurately
pre-warm actor processes in advance to minimize start-up latency.

4.4 High-performance Data Transfer

With flexible trigger primitives, ARTOs is able to adopt multiple data
pipelining optimizations to minimize data transfer overhead. In this
section, we give an optimization strategy for on-policy algorithms,
since data transfer overhead for off-policy algorithms is overlapped
with policy model update when ArTos decouples the data collection
cycle and the data consumption cycle.

Mini-batch Data Pipeline ArRTOs manages to update the policy
model with partial sampled experience data by adopting the design
of accumulated gradient. Conventionally, on-policy algorithms re-
quire to update the policy model with full-batch training, as shown
in Figure 11 (left). In this case, it is straightforward to calculate the
gradient of data from each actor separately and apply the gradient
to update the model afterward. However, Figure 11 (right) shows
that the state-of-the-practice approach enables mini-batch training
to accelerate the training process. Experience data is divided into
several mini-batches and the policy model calculates gradient with
each mini-batch. This approach requires shuffling the full-batch
data and randomly dividing mini-batches for each epoch.

ARTOs manages data transfer in mini-batches and allows for
updating the policy model after the arrival of each mini-batch. De-
velopers can define the transfer trigger on remote scalable cache
buffers, to indicate the pipelining transfer of experience data col-
lected by different actors. The learner trigger will monitor the
arrived data in the scalable replay buffer, upon receiving enough
actors’ data (parameter n when registering the DataKeyTrigger ()
to form a mini-batch, a learner process is triggered to start calculat-
ing the gradient with a partial of data. This approach would reduce
synchronization overhead, as the learner process does not need to
wait for the sampled data from all the actors.

Granular Dual-stage Pipeline The granular dual-stage pipeline
utilizes the pre-processing stage of on-policy algorithms to mini-
mize data transfer overhead. Specifically, for each iteration of dis-
tributed RL training with on-policy algorithms, each actor transfers
a tuple (s1:4, a1:1, St+1, r1:¢) to the learner. sy, a.r, and rq;; denote
the observations, actions, and rewards for the previous t steps, re-
spectively, while s;11 represents the observation following the last

action a;. In practice, s1.; and ay.; constitute a substantial portion
of the transferred data; however, the data pre-processing on the
learner node for advantage calculation does not involve these com-
ponents. To optimize this process, ArRTOs can flexibly establish a
dual-stage transfer pipeline. Initially, the remote cache buffer would
only trigger the transfer with specific data keys: sy4+1 and ry.; to
the learner, which then a pre-processing trigger would trigger the
data pre-processing for the learner process with a smaller portion
of data keys. During this pre-processing, the transfer of remainder
data keys (i.e., s1:, a1:+) can be triggered simultaneously. Once the
data pre-processing is completed, the learner trigger invokes the
learner process after waiting for the additional data to arrive.

5 IMPLEMENTATION

We implement a prototype of ArTos on an EC2 cluster. Key com-
ponents of ArRTos shown in Figure 8 are implemented from scratch
with 7.1K lines of Python code. ARTOS managements the communi-
cation and data transfer between the head node and worker nodes
with ZeroMQ. On the head node, the coordinator integrates work-
load scheduler and resource manager instances, listens to specific
ports, and waits for process invocation requests from distributed
RL training workloads. It schedules actor invocations and manages
CPU and GPU resources on demand. The scalable data buffer on the
head node and worker nodes are implemented with shared memory
for fast data exchange, triggers are bounded with buffers to specify
control logics of different distributed RL algorithms. On worker
nodes, the process manager waits for invocations and uses CRIU
and numactl to manage the life cycle of actor processes.

6 EVALUATION

We prototype ArTOs and evaluate its performance using multiple
RL training workloads with different environments and extensive
experiments. Evaluation highlights include:

(1) For on-policy algorithms, ArTos reduces CPU and GPU
time by up to 49.89% and 57.41%, respectively, while keeping
end-to-end performance comparable, outperforming state-
of-the-art open-source RL framework Ray.

(2) For off-policy algorithms, ArTOs reduces end-to-end train-
ing latency by up to 57.47% compared with Ray.

(3) Artos’s data pipeline strategy achieves 11.76% performance
increase. The transfer latency is close to fixed-scale imple-
mentation with a minor difference of 7.63%.

(4) ArTos can monitor the workload performance and enable
actor pre-warming to improve performance for 7.71%.

(5) ARrToOs achieves zero-cost scalability. With adaptive batch
size training, ArTOS can further reduce CPU time and GPU
time by up to 14.88% and 7.86%, respectively, and reduce
end-to-end latency by up to 15.22%.

6.1 Experimental Setup

Cluster Steup. We set up 2 types of AWS EC2 instances to pro-
totype and evaluate ArTos. The cluster contains one g5.12xlarge
head node and multiple c¢5.2xlarge worker nodes. The head node
hosts workload processes and is responsible for updating the policy
model, the head node is equipped with 4 NVIDIA A10G Tensor Core
GPU, 48 vCPUs, and 192GB memory. Each worker node is equipped
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Figure 12: ArRTOS has a comparable end-to-end performance with Ray for the on-policy algorithm(a-b) and saves for up to
49.43% training time for the off-policy algorithm(c-d) compared with Ray.

with 8vCPUs and 4GB memory, worker nodes are responsible for
hosting actor processes in each update.

Workloads. We evaluate ArRTOs and baseline approach with popu-
lar RL environments: BreakoutNoFrameskip-v4, PongNoFrameskip-
v4, from Atari gaming environments in OpenAI Gym. The policy
model consists of three convolutional layers of 8x8, 4x4, and 3x3
kernel sizes, followed by a flattening layer and a fully connected
layer with 512 hidden units. Convolutional layers and fully con-
nected layers use ReLU activation. The observation data collected
consists of stacked 4 channels of pixel images with size (84x84).

Baseline and Algorithms. We compare ArTOs using the following
baseline and algorithms:

1) Ray [37] is an open-source unified framework for scaling Al
and Python applications like machine learning. Ray is widely used
in machine learning applications for distributed training, hyperpa-
rameter tuning, and model serving, leveraging libraries like Ray
Tune for scalable optimization [28], Ray Train for distributed model
training, and RLIib for reinforcement learning workloads [27, 53].
Its core primitives enable seamless scaling of Python code from
single-node to cluster-level execution, while Ray Serve supports
production-grade deployment of ML models.

2) PPO [43] is an on-policy algorithm uses Proximal Policy Op-
timization to iteratively refine stochastic policies through clipped
surrogate objectives. It restricts updates via a trust region approach,
employs a clip function to limit divergence between old and new
policies, and ensures stable training. It discards outdated data, lim-
iting sample efficiency but enabling robustness in complex tasks.

3)SAC [16] is an off-policy algorithm based on Soft Actor-Critic,
combining policy gradients with Q-learning and entropy regular-
ization. It maximizes expected returns while explicitly balancing
exploration via adaptive entropy scaling. SAC employs experience
replay to reuse historical data, achieving high sample efficiency.

Procedures. We first train all the selected RL workloads on ArTOS
and baseline framework. We select the same hyper-parameters
for each framework and set the random seed exactly the same, to
conduct a fair comparison. For PPO, we set 16 remote actors to
collect 512 steps of experience data before synchronization. For
SAC, we allocate 4 concurrent remote actors to continuously collect
experience data, and transfer to the head node every 512 steps, and
we set the batch size of each update to 1024. Other hyper-parameters
are set as indicated in CleanRL [20]. Each workload is trained for
enough updates until the policy model converges. Next, to give an
intuitive view of ARTOS’s ability to utilize fragmented resources

Table 4: Time-to-accuracy for different tasks.

Environment Algorithm Baseline Time (s)
Ray 2438.25
PPO
Breakout ARTOS 2228.23 (-8.6%)
Ray 8700
sac ARTOS 5000 (-42.53%)
Ray 1051.67
PPO ARTOS 1140.64 (+8.5%)
Pong
Ray 10062
sac ARTOS 5088 (-49.43%)

in each update, we increase the number of workloads by 2 times
without provisioning additional CPU resources to the cluster. We
also implement a GPU pool with a limited size to serve model
update requirements from multiple learner processes.

6.2 End-to-End Performance

Metrics. We focus on time-to-accuracy and system throughput for
training with different workloads. The time-to-accuracy of each
training workload is measured by the total wall-clock time for each
policy model to converge. We define system throughput as the
number of workloads that a framework is able to run given an
amount of CPU/GPU resources and with a specific time cost, and it
is measured by two metrics. The first is the average update time
for each workload. For PPO, it contains a full round of alternation
between actor sampling and policy model update, from the invoca-
tion of actors in each update to the learner finishes updating the
policy model. For SAC, it is a full round for the learner process to
fetch and utilize experience data in the replay buffer. The second
is the resource time, which is the total time of the CPU and GPU
resources held by the training workload until the model converges.

Results. Figure 12 compares the average rewards from the en-
vironments with the training wall-clock time of each workload.
Figure 12(a), 12(b) show the wall-clock time of on-policy algo-
rithm(PPO). Figure 12(c), 12(d) show the wall-clock time of off-
policy algorithm(SAC). In Table 4 we further compare the time-to-
accuracy of each workload. ArTos has a comparable end-to-end
performance with Ray for the on-policy algorithm, the gap between
ArTos and Ray is negligible, which is only -8.6% ~ +8.5%. ARTOS
reduces end-to-end latency by up to 49.43% for off-policy algorithm.

Figure 13 compares the average update time of different work-
loads, it also shows the performance overhead breakdown of each
update. Figure 13(a) showcases the average update time breakdown
for PPO. For a single workload, the average update time corresponds
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Figure 13: The average update time of different tasks. Each
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Figure 14: Resource time for training PPO and SAC workloads
on ArTos and Ray. The left y-axis indicates CPU time and
the right y-axis indicates GPU time.

with the time-to-accuracy comparison results in Table 4. Compared
with Ray, ArTos has a slightly lower data transfer performance,
which results in a small decrease in end-to-end latency. We further
analyze this data transfer performance in § 6.3. For multiple work-
load training on ARTOS, we observe an additional overhead of 3.38%
on average for time synchronization between 2 workloads sharing
the same piece of resources. However, the average update time of
Arros is still close to Ray with negligible overhead of less than 10%.
Figure 13(b) showcases the average update time breakdown for PPO.
Compared with Ray, ARTOS achieves an average decrease of 37.99%
of average update time, indicating the benefit of expressiveness:
ARrTOS can seamlessly support off-policy algorithms without the
additional synchronization overhead as in Ray.

Figure 14 presents the resource time for different workloads. We
measure resource time for CPU and GPU. Ray holds both resources
during the training process. For the on-policy algorithm, ArRTOS
consumes only 55.12% of CPU time and 45.97% of GPU time on aver-
age compared with Ray. This is due to the elasticity of ArTtos, CPU
and GPU resources can be reclaimed right after use, reducing idle
CPU and GPU time, and increasing system throughput. In practice,
ARToOSs is able to train a workload count of 2x without increasing
CPU resources and only increasing the need for GPU resources to
1.5 times, shows that compared with Ray, ArTos reduces the need
for CPU and GPU resources to approximately 50% and 75%, respec-
tively, significantly reduce the cost to train on-policy RL workloads.
For the off-policy algorithm, ArRTOS consumes 54.02% CPU and
GPU time compared with Ray, this is due to the reduced end-to-end
latency of ArTos, with minimal synchronization overhead.
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Figure 15: The data pipeline performance in ArRTOS (a), AR-
Tos- indicates ARTOs w/o data pipelining, ARTOS shows a
11.76% performance improvement on data transfer. The per-
formance of workload monitor in ArRTOs (b), the time interval
between pre-warming actors and the actor invoke requests
when adaptively changing actor count. Dashed line indicates
the average initialization overhead of actor processes.

Table 5: Average update time (s) of ARTOs w/ and w/o pre-
warming on different environments.

Environment w/ pre-warmg w/o pre-warming
Breakout 5.14 (-7.55%) 5.56
Pong 5.03 (-7.71%) 5.45

6.3 Microbenchmark

Data Pipeline. ArTos adopts a mini-batch pipeline and a granular
dual-stage pipeline to achieve efficient data transfer and reduce
communication overhead between actors and the learner, we eval-
uate the data pipeline framework by comparing the data transfer
performance of Atari PongNoFrameskip-v4 training PPO with actor
count N = 16 and step size T = 512. We introduce ArRTOS- which
disables data pipelining on ARrTos, and Lambda, implementing ac-
tors on elastic platform AWS Lambda [5] and transfer data with
Redis [3], the same implementation as current elastic RL frame-
works [58, 59]. Figure 15(a) compares the average time for actor
sampling and data transfer of different approaches. Data transfer
time represents the latency to transfer all the sampled data to the
learner, and Redis time for Lambda represents the time cost for
actors to put the sampled data into Redis storage. Compared with
ARTOS-, which is far from satisfactory with a 20.95% performance
gap compared with Ray, the pipelining design of ArTos shows
an 11.76% performance improvement However, both ArTos and
ARrTOs- outperform Lambda, which suffers from high latency of
interacting with remote Redis storage, with 373.61%, and 297.99%
transfer overhead compared with ARTOS, ARTOS-, respectively. Ar-
TOs achieves an elastic design and a data transfer performance
close to the upper bound of fixed-scale long-running processes in
Ray, without introducing a bottleneck of data transfer as for the
commercial elastic platform Lambda.

Workload Monitor and Actor Pre-warming. To highlight the
effectiveness of the workload monitor and actor pre-warming strat-
egy in ArTos, we train the PPO workloads with ArTos and replace
the pre-warming mechanism. Table 5 compares the average up-
date time of different environments w/ and w/o actor pre-warming.
Although CRIU provides a lightweight process checkpoint and re-
stores for actors, we observe an average initialization overhead
of 7.63%. By implementing actor pre-warming strategy, ARTOS is
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Figure 16: Time breakdown of each update with adaptive
batch size training. Each line refers to a breakdown value,
and the shadow of the same color represent the interval.

Table 6: Performance of adaptive batch size training, with
the number of actors increasing from 4 to 32. Workloads are
trained for 200 and 40 updates, and the frequency of actor
count increase is every 25 and 5 updates.

Update Baseline Time (s)
200 Ray 22687.47
CPU Time ARTOS 12012.05(-47.05%)
40 Ray 5148.55
ARTOS 2329.51(-54.75%)
200 Ray 1094.36
GPU Time ARTOS 512.49(-53.17%)
10 Ray 245.63
ARTOS 101.91(-58.51%)
200 Ray 1094.36
ARTOS 1053.15(-3.77%)
Latency
40 Ray 245.63
ARTOS 208.25 (-15.22%)

able to mitigate the initialization overhead and reduce end-to-end
latency by 7.71%. Figure 15(b) further measures the accuracy of
the analytical workload monitor in ArTos. The lightweight moni-
tor dynamically adjusts the threshold to pre-warm actor processes
even with the adaptively changing actor count. The pre-warm time
would undergo a short period of burst when actor count is increased,
due to the utilization of historical monitor data within the current
window. However, the monitor would rapidly adjust the pre-warm
threshold based on the incoming data, and dynamically change
the pre-warm time to correspond with the average initialization
overhead. In our experiments, ARTOS is able to predict the invoke
request accurately and 92.75% invocations suffer from less than
0.05s waiting for the actor process to be restored. ArRTOS can effi-
ciently monitor the workload performance and provide accurate
pre-warming for actor instances to reduce latency.

Elasticity. We evaluate the elasticity of ArTOs by training PPO
algorithm in PongNoFrameskip-v4 environment. The workload
is configured with an adaptive batch size by increasing the actor
count from 4 to 32, by 4 actors. We run for 200 and 40 updates sep-
arately to illustrate different frequencies of batch size adjustment.
With a total of 200 updates, the batch size is increased every 25
updates, and with a total of 40 updates, the batch size is adjusted
more frequently for every 5 updates. Figure 16 compares the time
breakdown of each update in ArRTos and Ray with 40 updates. With
a fixed-scale resource management, Ray has to repeatedly initialize
new actors when batch size scales up to avoid the excessive resource
over-provision cost. This results in latency spikes in Figure 16(a).

However, as shown in Figure 16(b), ArRTOS achieves a smoother
latency increase since we enable ARTOS to register a number of ac-
tors and store them to disk in advance, thus avoiding the increased
resource time and end-to-end latency due to the costly initialization
latency for newly added actors. Table 6 shows the resource time and
end-to-end latency of each workload. ArTos reduces end-to-end
latency and resource time with its scalability. ARTOS saves 47.05%
CPU time and 53.17% GPU time, and has an end-to-end latency of
96.23% compared with Ray with 200 updates. With a more frequent
increase of actors, ARTOS reduces 54.75% CPU time and 58.51% GPU
time and has an 84.78% end-to-end latency, indicating the increased
performance with more frequent batch size adjustment.

7 DISCUSSION AND RELATED WORK

Security in ARTOS. ARTOS isolates resources with numactl, in
this case, actors or learners on the same node share in-memory
data to enable fast access. Commercial platforms do not commonly
enable this feature for security issues. With this concern, we claim
that, similar to Ray, in ArTOs, security should be enhanced outside
the cluster, and inside ArTos, the function code can be trusted.
ARTOS expects to run in a safe environment, e.g., a private cluster
or with access control of trusted code. When running distributed
RL training workloads or providing applications with ArTos, users
are responsible for security checks and access control.

Elasticity in Machine Learning. Elasticity has been considered
and implemented in machine learning, including model training
and model inference. Elastic inference systems aim to implement a
high-performance and cost-effective model serving. Research works
focus on various domains such as balancing cost-effectiveness and
scalability [62], requests batching [6, 7, 55], memory footprint opti-
mization [25, 52, 61] and start-up latency reduction [18, 55]. Elastic
training systems are mostly specifically designed for particular
training workloads for efficiency [21, 22], such as distributed RL
training [58, 59] and large-scale GNN training [46]. These works
combine unique characteristics of different training workloads and
achieve cost savings or optimizations on resource utilization.

8 CONCLUSION

In this paper, in order to improve resource utilization and reduce
end-to-end latency of distributed RL training, we propose a novel
buffer-centric approach to: 1) Support heterogeneous buffer manage-
ment requirements of distributed RL algorithms without incurring
additional overhead, 2) Decouple different stages with heteroge-
neous resource demands and provide elasticity, and 3) Provide a
high-performance data transfer architecture to mitigate substantial
transfer overhead. With this buffer-centric approach, we present
ARTOS, an elastic and resource-efficient framework tailored for
distributed RL training, which implements all these desired prop-
erties and provides seamless support of different distributed RL
algorithms, light-weight elasticity with zero-cost scalability, and
high-performance data transfer architecture with minimal addi-
tional overhead. ArRTOS outperforms current state-of-the-art dis-
tributed RL framework Ray: It either reduces CPU and GPU time for
49.89% and 57.41% or reduces end-to-end latency by up to 57.47%
for distributed RL training. ARTOS is able to utilize fragmented data
to provide resource sharing with small private clusters.
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