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ABSTRACT

Inspired by multi-agent cooperation, we
are investigating the use of multi-agent
deep reinforcement learning networks to
play simple cooperative games. This
project utilizes a simulated soccer
environment developed by Unity to test a
suite of deep reinforcement learning
algorithms against each other in a simple
game benchmark. In the 2 vs 2 player
format, where each team is equipped with
a striker (offensive agent) and goalie
(defensive agent), we explore how agents
can learn to be simultaneously
collaborative and competitive. To avoid
the influence of consecutive examples’
strong correlations and interdependence,
a randomized experience replay scheme
was used to train the network. We
explored the training result between Deep
Q-Networks (DQN) and Proximal Policy
Optimization (PPO), each with small
variations during training.

RESULTS

Table 1shows the results on 500-run tests.

DATASET

The dataset for training this model utilizes
an experience replay method, meaning
that the input set is generated at the time
of training and added to a queue. For our
application, the replay is a state-action
set that Is randomly selected from the
queue to decouple the influence of
consecutive runs.

FEATURES

The striker has 6 possible actions: forward,
backward, left, right, clockwise rotation,
and counterclockwise rotation. The
keeper has only four possible actions:
forward, backward, left, and right. As for
the state space, each agent obtains a 336
element observation vector, that
corresponds to 7 rays within the 180
degree view from the front of the agent,
with 6 sets of rays stacked in the vertical
direction. Each ray consists of 8 values:
binary classification of seven possible
object types and the object’s distance
from the agent.
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MODELS

A Proximal Policy Optimization (PPO)
model was used to provide a baseline for
a series of reward-modified Deep
Q-Network (DQN) tests. Both models utilize
the basic reward structure of Table 2.

Proximal Policy Optimization (PPO)
The PPO baseline was implemented with
the following loss function:
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Deep Q-Network (DQN)
The DQN models were implemented with
the following target assignment:
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DQN, the striker receives the original
reward outlined earlier where scoring a
goal rewards +1 and -0.1 penallty,
corresponding to a "neutral” striker that
focuses on scoring and may play some
defense.

DQN:2 corresponds to an "aggressive”

DISCUSSION

The PPO model initially performed better
against random and trained opponents..
Intermediate rewards were then
introduced to help with training DQN
models and made a significant
improvement. One interesting result is
that the penalty for the striker not seeing
the ball doesn’'t seem to have much effect
on the model’s performance. We were
able to see that the more aggressive
strikers performed better in this game
overall. We also found that introducing
intermediate reward actually hurt the
performance when training PPO models.

FUTURE

Future work includes further fine tuning of
the reward structure. We would also like to
expand the problem to include more
agents, less environmental boundaries,
more complex agent roles, and have
different models trained against each
other. Lastly, there are other deep
reinforcement learning methods to be
explored such as double DQN, dueling
DQN, and imitation learning.

Table I: Evaluation Results for the 2x2 Soccer Environment
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