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Easily eXtendable Architecture for Reinforcement Learning (EXARL) is a scalable reinforcement learning framework, part of the
Exascale Computing Project (ECP) funded ExaLearn program, designed to facilitate reinforcement learning (RL) research for complex
scientific environments. In RL, agents are algorithms that interact and learn from an environment, such as a game or a scientific
simulation, with an aim to maximize reward. We improve the existing EXARL framework by optimizing and extending the current
functionality by incorporating additional agents, such as Advantage Actor Critic (A2C/A3C) and Twin Delayed Deep Deterministic
Policy Gradient (TD3) to the framework, as well as improve upon these and existing agents using v-trace and prioritized experience
replay. We also improve the scalability of the framework by optimizing communication across multiple learners and between actors
and learners, as well as accelerate the data generation pipeline of the Deep Q-Network (DQN) agent by leveraging environment

processes.
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1 INTRODUCTION

Reinforcement learning (RL) is a subset of machine learning wherein an agent interacts and learns from its environment,
with the overall goal of achieving a maximum reward from its environment over time. Apart from games [11-13] and
computer vision applications [2], RL is being used increasingly in scientific disciplines to solve many control problems,
specifically those that can be formulated as a Markov Decision Process (MDP). The environments used in scientific RL
studies are often complex and take substantial computation time to run, even when run in parallel. The ability to scale
these computations to multiple nodes can considerably reduce computation time, allowing for more robust testing and
prototyping of ideas. EXARL is a scalable RL framework for scientific applications which addresses these problems
directly by providing a scalable framework of customizable environments, agents, and workflows which help improve
performance and reduce execution time. In the EXARL framework, the agent is divided into actors and learners. Here

the actors are responsible for interacting with the environment and generating trajectories (training data), which are fed
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to the learner to update the policy. Finally, the updated policy is shared with the actors, which perform suitable actions
to maximize reward. Similar to the IMPALA [3] architecture, the actors and learners are decoupled in order to scale the
reinforcement learning. We now summarize the improvements to performance we have implemented in the EXARL

framework to help with this scaling, as well as the agents and algorithmic improvements we have added and tested.

2 PERFORMANCE IMPROVEMENTS

One key performance bottleneck while using Deep Q Network (DQN) [8] agent is in the data generation pipeline. DQN
uses the Bellman Optimality Equation to calculate the target states on a set of trajectories in order to update the policy.
Calculating the target state on the entire training data is a compute-intensive operation and currently takes 90% of the
total computation time. To accelerate the time taken for data generation, we made use of the fact that both actor and
environment interact sequentially, hence the environment processes remain idle while the actor process is generating
the training data, thus we could offload the Bellman optimality calculation onto the environment processes.

One of the most important goals of the EXARL framework is to achieve good scalability on different HPC platforms.
Current approaches focus mainly on the convergence and stability aspects rather than the execution time performance.
The challenging part of EXARL is to achieve both of these objectives. In order to improve the scalability of EXARL we
propose a multi-learner workflow based on MPI [5] one-sided communication paradigm by building upon an existing
multi-learner workflow using multiple RMA windows and an existing queue data structure functionality. Here each
actor has a local queue data structure remotely accessible by all learners. Learners can retrieve training data from these
queues and share the updated weights via a global RMA window. Actors and learners are synchronized using passive
target RMA locks and the training part is performed in parallel by using Horovod [10]. The proposed communication

pattern allows us to benefit from high-performance interconnect technologies, permitting us to scale on multiple nodes.

3 ADDITIONAL AGENTS

One area for improving upon EXARL is that of developing additional agents, such as (Asynchronous) Advantage Actor
Critic (A2C/A3C) [7] and Twin Delayed Deep Deterministic Policy Gradient (TD3) [4]. The decoupled nature of the
actors and learners in the EXARL framework make it hard for on-policy agents such as A2C/A3C to stay on policy
for long, so we utilize the v-trace algorithm [3] to help stabilize training. We observe that, with v-trace, A2C/A3C
outperforms DQN on the OpenAl gym’s CartPole environment and the custom scientific environment ExaBooster,
which was developed for a booster at the FNAL particle accelerator at FermiLab as way to use RL for controlling beam
quality. We also add Prioritized Experience Replay [9] to the off-policy agents Deep Deterministic Policy Gradient
(DDPG) [6] and find that it speeds up convergence on OpenAl gym’s Pendulum environment.

4 RESULTS, CONCLUSIONS, AND FUTURE WORK

We introduced EXARL, a scalable reinforcement learning framework for complex scientific environments. We improved
upon the existing framework by accelerating the data generation pipeline for faster convergence and observed a 3.3x
speedup while scaling the computation onto 4 processes. Preliminary results using efficient RMA communication
patterns for the asycnhronous workflow demonstrate improved scalability performance, where we saw a 77% decrease
in total execution time when using 20 learners and 120 actors on 4 nodes. We evaluated our prototype on an Intel
Broadwell CPU cluster, containing 36 cores per node and an InfiniBand [1] ConnectX-4 interconnect. Finally, we have
expanded the capability of EXARL by including additional agents like A2C/A3C and TD3 and tested their convergence

using an NVIDIA A100 GPU. Going forward, we would like to scale our framework on large-scale systems.
2
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