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Abstract  In recent years, Deep Reinforcement Learning has become a hot spot in the field of
Artificial Intelligence, it has reached great success in many complex environments and even
outperforms humans in several complex games. To accelerate DRL training, researchers proposed
distributed reinforcement learning to improve training speed and scalability. At present, there are

three types of distributed reinforcement learning: on-policy, off-policy, and near on-policy. Near
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on-policy solve the problem of on-policy and off-policy and improve training efficiency, but the
near on-policy method is based on shared memory parallel model. Due to the limitation of the
shared memory parallel model, near on-policy have trouble expanding to the cluster connected
with the network. This problem made the near on-policy method hard to scale and limited the
resource near on-policy can use, which ultimately lead to the increment of the workload in compu-
tation peer and the increment of the training time. In order to improve the scalability and speed
up the convergence of near on-policy, we propose a parallel actor-learner architecture (Parallel
Actor-Learner Architecture, PALA). The parallel model of this architecture is based on message
passing parallel model, using the Gossip Algorithm and model average method. First, with the
help of data proxy and message passing parallel model which performed in the Gossip algorithm
way, we proposed a salable parallel training architecture of single agent training. This architecture
could expand to multiple nodes connected with the network. Secondly, in order to stabilize training
and keep the policy difference between learner and actor within a small bound, we proposed a
process lock. This lock could be used in the cluster among multiple nodes for implicit synchroni-
zation. Without implicit synchronization, parallel training will not take much effect. Thirdly,
this paper proposes a serialization method for model data containing CUDA tensors to ensure that
model data can be transmitted and aggregated through the network between nodes. Finally, this
paper uses model aggregation method to speed up training. Based on the above optimizations and
improvements, the PALA training method can map the load to the entire computing cluster in a
balanced manner, reduce the long waiting time caused by high load, and improve the convergence
speed. By improving scalability, a large number of actors and learners are deployed by PALA
which can fully explore the environment and jump out from local optimal. The experiment shows
that compared with the former method which uses shared memory, PALA can accelerate training
by more than 20% and it can also reach for more than 6 times computing resources. In some
environments, PALA even outperforms the former method with up to 50% reward valve with the
same training time. The final policies trained by PALA can outperform other methods in the vast
majority of games. Experimental results show that PALA trained for 2.5 million steps already
outperforms other methods after training for 4 million steps. When training for 2. 5 million steps,
PALA outperforms former methods by up to 90%. We also evaluated the reason why PALA
reach higher performance compared with other method.
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Background

Deep Reinforcement Learning (DRL) has achieved great
success in recent years and even outperforms humans in several
domains. But it’s a computational resource-consuming and
time-consuming task.

To speed up the training of DRL agents, many distributed
DRL architectures are proposed.

However, synchronize, policy consistency, and scalability
remains a problem.

One of the previous DRL architecture GALA (Gossip-
based Actor-learner Architecture) provides a way to synchronize
and policy consistency problems but only scale on a single
node.

To improve the scalability, we proposed parallel actor-
learner architecture (PALA).

By using the Gossip algorithm and message-passing
programming model, PALA can reach all nodes of the cluster
when there is no shared memory connecting each other.

We also proposed a way to transfer model parameters

intelligence applications (computer vision).

DOU Yong. Ph. D. . researcher. His research focuses on
high-performance computing, intelligent computing (machine
learning , deep learning, etc. ).

LI Qing-Qing. M. S. candidate. Her research interests
include artificial intelligence applications (natural language pro-
cessing) , intelligent computing (reinforcement learning).

LI Rong-Chun, Ph. D., associate researcher. His research
interests focus on high-performance computing, intelligent
computing (deep learning) , artificial intelligence applications

(face recognition, video understanding. etc).

and event through the network which reduce the complexity
of building a distributed DRL framework.

Like GALA, PALA allows the policy of each agent to
remain close but not the same, removing the limit of frequent
synchronize while distributing agents in remote nodes.

As a practical algorithm, we use A2C (Advanced actor-critic
algorithm) as the agent in PALA and proposed PALA-A2C.

A series of experiments are designed to evaluate the
scalability and performance of PALA.

Compared with previous work, PALA reduce the training
time by more than 20% and reach the best final policy in
almost every Atari 2600 environment.
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