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Abstract

Recently, the formation control and obstacle avoidance of multi-agent systems become a research hotspot.
To achieve better performance in multi-agent control, we train learning-based models based on the Deep
Deterministic Policy Gradient (DDPG) and Multi-Agent Deep Deterministic Policy Gradient (MADDPG)
to achieve multi-agent formation control and obstacle avoidance. We apply the DDPG algorithm in the
Robotarium simulation environment to achieve a basic fixed point control which enables the robots to
achieve fixed targets while avoiding collision with other robots. Then we employ the MADDPG in the
OpenAI Multi-agent environment to perform more complex formation control and generalize the trained
policy to unseen situations. Through experiments, we find that both DDPG and MADDPG can realize the
formation control and obstacle avoidance, while the MADDPG algorithm is more powerful in multi-agent
formation tasks.

1 Introduction

In recent years, cooperative control of multi-agent systems has been widely studied due to the development
of advanced theory of complex systems and its broad applications in many fields including biology, physics,
robotics, vehicles and control engineering. Problems of consensus, flocking, formation, rendezvous, coverage
and swarming are some important research issues, and the common task is to develop distributed schemes or
protocols to ensure the realization of complicated global goals. In particular, the formation control problem
is to find a coordinated scheme for networks of multiple agents such that they would reach and maintain
some desired, possibly time-varying formation or group configuration. Applications of formation control can
be found in the automotive and aerospace areas, ranging from assembling structures, exploration of unknown
environments, navigation in hostile environments, to cooperative transportation tasks.

In a multi-agent system, finding a feasible policy of formation without collision for each agent is important
and challenging. And it can be difficult to model and optimize the formation strategy using traditional
control theory. In recent years, the development of deep reinforcement learning (RL) techniques provides the
robot agent with the strong abilities of learning policies by exploring and interacting with the environments
itself. The policy gradient methods will model and optimize the policy directly instead of choosing actions
based on the Q-state value function, which may suffer when dealing with continuous spaces. The DDPG [1]
network combines the advantages of Actor Critic and DQN [4]. It doesn’t output the probability of behavior,
but the specific behavior, which is used for the prediction of continuous action.This improves its stability
and accelerates its convergence.

However, when it comes to multi-agent system, traditional policy gradient algorithms, such as DDPG and
TRPO [6], may have issues with increasing variance with the number of agents growing. In this project we
will explore a policy gradient method suitable for the formation control in a multi-agent system.

2 Related Work

The simplest way to apply RL to the multi-agent system is to use independently-learning agent [7]. At first,
Q-learning was used to train the agent. However, Q-learning did not perform well. Also, independent RL
performs bad because of the changing of each agent’s policy during training. Therefore, people turned to
research on the multi-agent policy gradient method.

Ryan Lowe et al. proposed the MADDPG method which enables the agents to finish tasks in simulation
such as cooperative communication, cooperative navigation (formation), physical deception and so on [3].
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In the work of [2], four robots realize the formation control in both simulation and real-world environments
by leveraging the multi-agent actor-critic algorithm.

3 Preliminaries

3.1 Brief Introduction of DDPG

Deep Deterministic Policy Gradient (DDPG) is an algorithm which concurrently learns a Q-function and a
policy. It uses off-policy data and the Bellman equation to learn the Q-function, and uses the Q-function to
learn the policy.

This approach is closely connected to Q-learning, and is motivated the same way: if you know the optimal
action-value function Q*(s,a), then in any given state, the optimal action a*(s) can be found by solving

a∗(s) = arg max
a

Q∗(s, a). (1)

DDPG interleaves learning an approximator to Q∗(s, a) with learning an approximator to a∗ (s), and it does
so in a way which is specifically adapted for environments with continuous action spaces. But what does it
mean that DDPG is adapted specifically for environments with continuous action spaces? It relates to how
we compute the max over actions in

max
a

Q∗(s, a). (2)

When there are a finite number of discrete actions, the max poses no problem, because we can just com-
pute the Q-values for each action separately and directly compare them. (This also immediately gives us
the action which maximizes the Q-value.) But when the action space is continuous, we can’t exhaustively
evaluate the space, and solving the optimization problem is highly non-trivial. Using a normal optimization
algorithm would make calculating maxaQ

∗(s, a) a painfully expensive subroutine. And since it would need
to be run every time the agent wants to take an action in the environment, this is unacceptable.

Because the action space is continuous, the function Q∗(s, a) is presumed to be differentiable with respect
to the action argument. This allows us to set up an efficient, gradient-based learning rule for a policy µ(s)
which exploits that fact. Then, instead of running an expensive optimization subroutine each time we wish
to compute maxaQ(s, a), we can approximate it with maxaQ(s, a) ≈ Q(s, µ(s)).

3.2 The Q-learning Method of DDPG

First, let’s recap the Bellman equation describing the optimal action-value function, Q∗(s, a). It’s given by

Q∗(s, a) = Es′∼P

[
r(s, a) + γmax

a′
Q∗(s′, a′)

]
(3)

This Bellman equation is the starting point for learning an approximator to Q∗(s, a). Suppose the approx-
imator is a neural network Qφ(s, a), with parameters φ, and that we have collected a set D of transitions
(s, a, r, s′, d) (where d indicates whether state s’ is terminal). We can set up a mean-squared Bellman error
(MSBE) function, which tells us roughly how closely Qφ comes to satisfying the Bellman equation:

L(φ,D) = E(s,a,r,s′,d)∼D

(Qφ(s, a)−
(
r + γ(1− d) max

a′
Qφ(s′, a′)

))2
 (4)

Q-learning algorithms for function approximators, such as DQN (and all its variants) and DDPG, are largely
based on minimizing this MSBE loss function.

3.3 Calculating the Max Over Actions in the Target

As mentioned earlier: computing the maximum over actions in the target is a challenge in continuous action
spaces. DDPG deals with this by using a target policy network to compute an action which approximately
maximizes Qφtarg . The target policy network is found the same way as the target Q-function: by polyak
averaging the policy parameters over the course of training.
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Putting it all together, Q-learning in DDPG is performed by minimizing the following MSBE loss with
stochastic gradient descent:

L(φ,D) = E(s,a,r,s′,d)∼D

(Qφ(s, a)−
(
r + γ(1− d)Qφtarg

(s′, µθtarg
(s′))

))2
 , (5)

where µθtarg
is the target policy.

3.4 The Policy Learning Side of DDPG

Policy learning in DDPG is fairly simple. We want to learn a deterministic policy µθ(s) which gives the
action that maximizes Qφ(s, a). Because the action space is continuous, and we assume the Q-function is
differentiable with respect to action, we can just perform gradient ascent (with respect to policy parameters
only) to solve

max
θ

Es∼D [Qφ(s, µθ(s))] . (6)

And the Q-function parameters are treated as constants here.
The pseudocode of DDPG is shown in Algorithm 1. [H] Deep Deterministic Policy Gradient [1] Input:
initial policy parameters θ, Q-function parameters φ, empty replay buffer D Set target parameters equal to
main parameters θtarg ← θ, φtarg ← φ Observe state s and select action a = clip(µθ(s) + ε, aLow, aHigh),
where ε ∼ N Execute a in the environment Observe next state s′, reward r, and done signal d to indicate
whether s′ is terminal Store (s, a, r, s′, d) in replay buffer D If s′ is terminal, reset environment state. it’s
time to update however many updates Randomly sample a batch of transitions, B = {(s, a, r, s′, d)} from D
Compute targets y(r,s’,d) = r + γ(1 − d)Qφtarg

(s′, µθtarg
(s′)) Update Q-function by one step of gradient

descent using ∇φ 1
|B|
∑

(s,a,r,s′,d)∈B (Qφ(s, a)− y(r, s′, d))
2

Update policy by one step of gradient ascent using

∇θ 1
|B|
∑
s∈B Qφ(s, µθ(s)) Update target networks with φtarg ← ρφtarg + (1− ρ)φ

θtarg ← ρθtarg + (1− ρ)θ convergence

3.5 The Framework of MADDPG

Multi-Agent Deep Deterministic Policy Gradient(MADDPG) is an improved DDPG network. It requires the
training of separate agents, and the agents need to collaborate under certain situations (like don’t let the
ball hit the ground) and compete under other situations (like gather as many points as possible). Just doing
a simple extension of single agent RL by independently training each agent does not work very well because
the agents are independently updating their policies as learning progresses. And this causes the environment
to appear non-stationary from the viewpoint of any one agent. While we can have non-stationary Markov
processes, the convergence guarantees offered by many RL algorithms such as Q-learning requires stationary
environments.

The primary motivation behind MADDPG is that if we know the actions taken by all agents, the environment
is stationary even as the policies change, since P (s′|s, a1, a2, 1, 2) = P (s′|s, a1, a2) = P (s′|s, a1, a2,′ 1,′ 2) for
any i′i. This is not the case if we do not explicitly condition on the actions of other agents, as done by most
traditional RL algorithms.

In MADDPG, each agent’s critic is trained using the observations and actions from all the agents, whereas
each agent’s actor is trained using just its own observations. This allows the agents to be effectively trained
without requiring other agents’ observations during inference (because the actor is only dependent on its
own observations). Here is the pseudocode of maddpg. [H] episode = 1 to M Initialize a random process
N for action exploration Receive initial state x t = 1 to max-episode-length for each agent i, select action
ai =θi (oi) + Nt w.r.t. the current policy and exploration Execute actions a = (a1, . . . , aN ) and observe
reward r and new state x′ Store (x, a, r,x′) in replay buffer D x ← x′ agent i = 1 to N Sample a random
minibatch of S samples (xj , aj , rj ,x′j) from D Set yj = rji + γ Q

′

i(x
′j , a′1, . . . , a

′
N )|a′

k
=′

k
(oj

k
) Update critic

by minimizing the loss L(θi) = 1
S

∑
j

(
yj −Qi(xj , a

j
1, . . . , a

j
N )
)2

Update actor using the sampled policy

gradient:

∇θiJ ≈
1

S

∑
j

∇θi i(o
j
i )∇aiQi(x

j , aj1, . . . , ai, . . . , a
j
N )
∣∣
ai=i(o

j
i
)

Update target network parameters for each agent i:

θ′i ← τθi + (1− τ)θ′i
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Multi-Agent Deep Deterministic Policy Gradient for N agents

3.6 Review of Formation Control

In formation control, the velocity change of each agent is determined by the its relative position with other
agents. This can be represented as

ẋi = −
∑
jεN i

(xi − xj) (7)

In DDPG, the training process is still based on the velocity and the distance between agents and goals,
The velocity and the distance decide the reward of each agent’s action. We will discuss this in detail in the
following sections.

4 Fixed Point Control and Collision Avoidance using DDPG

4.1 Introduction to Robotarium

The Robotarium is a remotely accessible swarm robotics research platform where we are able to see our
algorithms deployed on real robots [5]. In this section, we will test the performance of DDPG algorithm
in multi-agent system to accomplish fixed point control while implementing collision avoidance. The envi-
ronment we use is robotarium-python-simulator, a online simulator which is highly similar to the real robot
system of Robotarium.

GRITSBot is used for multi-agent experiments of Robotarium. The robot runs a nonlinear velocity controller
and a linear position controller. More specifically, the GRITSBot can be modeled using unicycle dynamics.

ẋ = v cos θ (8)

ẏ = v sin θ (9)

θ̇ = ω (10)

By controlling a point d in front of the robot offset by length l, the linear velocities of point are mapped to
linear and rotational velocities(v, w) of the unicycle model:

v = cos(−θ)vx − sin(−θ)vy (11)

ω = 1
l (sin(−θ)vx + cos(−θ)vy) (12)

The transformation is calculated while ẋ and ẏ are input to single robot, and the robot will move according
to the calculated linear and rotational velocities.

4.2 Experiment Setup

In this experiment, four identical robots were used to conduct fixed target movement. In the beginning, four
agents were placed in random places of the Robotarium platform. The dimension of the platform is 3.2*2,
and the coordinate of the center is (0,0). Then, we drived the four agents to four angles of a square: the
target of agent1,agent2,agent3,agent4 is (0,-0.25), (0.25,0), (0,0.25), (-0.25,0). Also, we let the agents facing
to the center of the square.

The targets of agent1,2,3,4 are (0,0.2), (-0.2,0), (0,-0.2), (0.2,0), both trying to find a optimal way to the
opposite side of the square, as is shown in figure 1(a). The initial positions and targets are marked by
circles of different color. Every episode contains at most 50 iterations, which means each agent will be
given 50 control signals if there are no collision in the episode, otherwise the episode ends immediately. Our
goal is to let the agents learn an optimal policy to both get closer to the target and avoid colliding with others.
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4.3 Learning Protocols

To generalize the target-oriented policy of each agent, we use one DDPG network for the training of four
agents. Every agent will store their experience in the memory batch, and they will share one set of network
parameters while choosing actions based on certain observation.

The observation(current state) of an agent(Agent0) contains 8 variables: d1, a1, d2, a2, d3, a3, atarget, acurrent,
where d1, a1, d2, a2,d3, a3 represent the distances and direction angles between Agent0 and other agents,
atarget represents the direction angle between the target position and Agent0 and acurrent represents the
direction angle of Agent0 relative to world coordinates.

As for the action variable, we use only one action variable aaction as the output of DDPG, which represent
the difference between navigation angle and atarget, ranging from −π to π. The velocity of the agent is
determined by the distance between the target and Agent0:

v =
√

(x0 − xtarget)2 + (y0 − ytarget)2 (13)

where x0, y0 represent the coordinates of Agent0, and xtarget, ytarget represent the coordinates of target. The
direction of the velocity is determined by aaction.

It is obvious that the reward is larger if aaction is closer to 0. However, if aaction is too close to 0, it may cause
collision with other agents, which results in much less reward in the long term. Considering both cases, we
set the reward function as follows: For Agent0, if the distance between Agent0 and any other agent is less
than 0.13(slightly larger than the agent’s diameter 0.11) the collision reward adds -5000, and the episode
ends. The goal reward is given by:

rgoal = 1000 ∗ (π/2− |aaction|) (14)

By adding collision reward and goal reward together, we can get final reward for single agent.

4.4 Experiment Results

(a) Agents and Goals (b) Simulation 1 (c) Simulation 2 (d) Simulation 3

(e) Simulation 4

Figure 1: Simulation of four agents

After training of 2200 episodes, we got the results shown in Figure 1 (b),(c),(d),(e). The moving trajectories
of each agent were depicted in lines of different color. The simulation process were recorded in a video, where
all the agents could move towards the target point successfully without any collision. In Figure 2 (a),(b), the
rewards of one episode grow larger with the passage of time, and get stable in the end. Also, the collision
rate goes down to 0 finally.
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(a) Rewards (b) Crash Rate

Figure 2: Rewards and Crash Rate

4.5 Drawbacks of DDPG

By using DDPG, we could successfully accomplish the goal of fixed point control and collision avoidance.
However, the case we have studied on is not that complicated. The position of the agents are fixed in the
beginning rather than randomly distributed and we only conducted fixed target control rather than more
complex control protocols. In terms of the performance of this experiment, as is shown in Figure 2, there
are huge flunctuations during the learning process, which might take it long to reach higher reward. More
importantly, the uncertainty in the training process would also have negative influence on the convergence
of final results in the long term. Actually, in this experiment, it is likely that the reward drops after it gets
’stable’ for a short time.

The limitations of DDPG might be caused by changing environment and the uncertainty of other agents’
actions. DDPG could definitely behave well while the environment is stable, in this experiment, however, the
agents have much ’misunderstanding’ about the current situation. That’s to say, the agents cannot adjust
to the changing environment quickly. To enhance the performance of original DDPG algorithm, we have to
take other agents’ actions into account and make certain prediction of others’ actions, which is the core idea
of MADDPG.

5 Formation Control and Collision Avoidance using MADDPG

As we have found DDPG algorithm is challenged by multi-agent tasks, and the formation control may suffer
from different initialized positions of the agents and avoiding obstacles in the environments, MADDPG is
considered to be applied in our formation control and collision avoidance tasks.

5.1 Task Description

In this part we design four multi-agent tasks regarding formation. The first one is to let the agents to occupy
the landmarks of equal number in the environment without colliding with each other. The positions of the
agents and the landmarks are initialized randomly in each episode. The second one is to add obstacles in the
first task setting, which means the agents need to reach the landmarks without collision with other agents
or obstacles. The agents do not have to occupy a specific landmark and can choose their own.

The third task is to enable agents to form a shape, which is randomly initialized by specifying the edges
between agents in each episode, and likely, the agents cannot bump into each other. The fourth task adds
obstacles to the third task setting and the agents should also avoid those obstacles. Meanwhile the agents
should not go out of the boundary.

5.2 Shaped Reward Function

In this project, we use the shaped rewards and propose the reward functions as follows:

R(k) = T(k) + Ca(k) + C0(k) + B(k) (15)

where k represents the agent, R(k) is the reward function, T(k) is a task-specified cost function, Ca(k)
represents a agent collision cost function activated when agents collide, C0(k) represents a obstacle collision
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cost function activated when agents and obstacles collide, and B(k) is a boundary cost function activated
when agents are close to the boundary.

Specifically, the task-specified cost function for task 1 and 2 is:

Ts(k) = −
∑
l

min({dlk}Kk ), (16)

where l is the landmark, k is the agent, K is the number of agent, and dlk is the distance between landmark
l and agent k. Then the task-specified cost function for task 3 and 4 is:

Tf (k) = − 1

N

∑
jεNk

|(||xk − xj || − ||ekj ||)|, (17)

where ||xk − xj || is the distance between two connected agents and ||ekj || is the expected distance between
them.

(a) Task 1 (b) Task 2 (c) Task 3 (d) Task 4

Figure 3: Experiment environment for the tasks

5.3 Experiment Setup

Here we leveraged the multi-agent environment engine from OpenAI. We created our own task scenario as
shown in Figure 3. In Figure 3 (a), the blue ones are agents, and the black ones are landmarks. Figure 3
(b), the big blue ones are agents, the small ones are landmarks, and the black ones are obstacles. In Figure
3 (c), the blue ones are agents. In Figure 3 (d), the blue ones are agents and the black ones are obstacles.

Here we chose three agents and two obstacles because they can well represented similar problems in a more
understandable way, and they only require acceptable computational resources for a short-term project.
Based on the reward function we designed and the MADDPG algorithm, we trained models for each task on
a Macbook Pro with the cpu setting.

5.4 Results and Analysis

Figure 4 shows the rewards during training for each task. Task 1 was trained for 120000 episodes and
the rewards were going up obviously. Task 2 was trained for 150000 episodes and the rewards also had a
remarkable upwards trend. However, compared to rewards for task 1 training, those for task 2 developed
with more fluctuations, and this should be due to the more complex environment and huger state space in
task 2. For task 3 and task 4, both curves had deep troughs at the start of the training, and then grew
slowly afterwards. The growing trends for task 3 stopped at an early stage and converged. However, we
found that the policy for task 3 might converge sub-optimally, and we would like to explore the reasons in
our future work.
As can be seen from Figure 5 (a) and (b), the learned policy for task 1 enables the agent to reach the goal
very close, whereas the learned policy for task 2 is not that perfect. In Figure 5 (c), the blue line and orange
line are consistent with the red lines after about 40 steps, while the red line has an obvious deviation from
the target. In the case depicted in Figure 5 (d), the green one is more close to its own target than the blue
one, but it oscillates around the red line.

6 Conclusion and Future Work

In this project, We designed formation control and collision avoidance tasks with shaped reward functions,
and explored two policy gradient methods which can be applied in the multi-agent environment. The
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(a) Rewards for task 1 (b) Rewards for task 2

(c) Rewards for task 3 (d) Rewards for task 4

Figure 4: Rewards during training for the 4 tasks

(a) Situation 1 for task 1 (b) Situation 2 for task 1

(c) Situation 1 for task 2 (d) Situation 2 for task 2

Figure 5: The trends of X positions of agents in one execution of learned policy for task 1 and 2.
Red dash lines represent the target positions and the solid lines represent the X position of each
agent.

experiments were implemented in two simulation environments. We found that DDPG can be used in a
fixed point control task, however, it may work in limited situations and be of poor capacity of generalizing
the policy to new environments. Designed for multi-agent system, MADDPG is more powerful in cooperative
or competitive tasks like formation control and collision avoidance with several agents. However, MADDPG
also has its drawbacks. For example, existing MADDPG techniques and applications may rely heavily on
the rewards shaped by the human, and designing a good reward function can be challenging. Also, gym’s
simulation environment is much simpler than real world environment, such as Robotarium. So our future
work can be focused on improving the performance of MADDPG and how to learn in a sparse-reward
environment, and we could test our algorithm in Robotarium environment.
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