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Abstract—A parallel deep Q-network (DQN) algorithm is
presented for solving multiagent constrained formation path
planning, where reaching destination, avoiding obstacles, and
maintaining formation are simultaneously considered as
independent or interactive tasks. Parallel Q-networks are utilized
for each agent to sense different feature information and learn
independent behavior policy. Comprehensive reward function is
designed in consideration of respective requirements and
interaction constraints to correctly guide the training. In order to
demonstrate the effectiveness of the algorithm, we build an end-
to-end model by designing a pixel game. Both training and
testing are carried out in the game with double dueling DQN and
the results show that the parallel deep Q-network path planner
eventually complete the three tasks very well.

Keywords—multiagent, path planning, deep reinforcement
learning (DRL), formation, obstacle avoidance.

I. INTRODUCTION

As autonomous systems are utilized in increasing fields, it
is necessary for a group of agents to be able to execute
different tasks at the same time. Typical basic tasks for a
multiagent system include destination approaching, formation
maintenance, and obstacle avoidance. In practical applications,
these basic tasks could become intractable. For the first task,
different agents may have different destinations. For example,
a huge number of automated guided vehicle (AGV) robots
need to carry different objects from different places to different
destinations in logistics warechouse. For the second task, the
formation may not be predefined but should be time-varying
according to environment and task requirement, yielding a
constrained flexible formation tracking problem. For example,
in a leader-follower configured unmanned aerial vehicle
(UAV) formation, the follower needs to not only go after the
leader by some basic predefined rules, but also explore
temporary strategy due to, for example, terrain constraint. As
for the third task, unknown or dynamic obstacles make it more
challenging. In addition, these basic tasks often need to be
simultaneously accomplished, yielding a complex multi-task
path planning problem, which is the situation we discuss in this

paper.

As a fundamental problem of multiagent systems [1][2],
multiagent path planning [3][4][5] has been intensively studied
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for many years. Decentralized multiagent rapidly-exploring
random tree (DMA-RRT) was proposed in [6] to handle
multiple agents while retaining its ability to plan quickly.
Multiagent navigation graph was introduced in [7] to solve
multiagent path planning in complex dynamic scenes.
Reference [8] presented a method based on sequential convex
programming that finds locally optimal trajectories. Usually
agents are programed with intelligent behaviors in advance.
However, it is difficult to predesign suitable behaviors when
the complexity increases, especially when dealing with multi-
task or within dynamic environments. Therefore, it is necessary
that agents have learning ability to discover new solutions on
their own to bring improvements for the whole multiagent
system [9].

As a significant learning strategy, reinforcement learning
(RL) [10] enables an agent to learn strategies online given only
sequences of observations and rewards. However, multiagent
system becomes a single huge-agent whose action space grows
exponentially if all agents observe the same state. Furthermore,
the above approach completely ignores the autonomy and
interaction between agents. Therefore, decentralized learning
architecture or policy must be implemented [11] when agents
share the same environment in multiagent RL [12][13]
(MARL). Moreover, for a long time the implements of RL
have been limited to simple settings or needed to be assisted by
other information since the state space of a reality problem
environment is astronomical. Recently, Google DeepMind has
produced spectacular results by Deep Q-Network (DQN)
[14][15], which combines convolutional neural networks for
learning feature representations with the Q-learning algorithm.
This method solved the astronomical states representation
problem by approximating the optimal Q-value function with
deep neural network. It is shown that Al agents can achieve
human-level performance in a wide range of Atari games only
using raw images input and the reward signal [14][15]. The
phenomenon that the same algorithm is used for learning
different games shows great potentials for applying this
algorithm in other related fields including multiagent systems.

In [16], Multiagent Deep Reinforcement Learning
(MADRL) is used to solve social dilemmas like Fruit
Gathering game and Wolfpack Hunting game, which share the
mixed incentive structure of matrix game social dilemmas but
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also require agents to learn policies that implement their
strategic intentions. In [17], an opponent modeling was
proposed in MADRL to modify agents strategies in competing
situations. In [18], the author set several rewarding schemes in
the pong game to study the multiagent behavior from
competition to cooperation. Leniency DQN was applied to
MADRL in [19] for solving the multiagent transportation
problem. Deep policy inference Q-network (DPIQN) was
proposed in [20] to multiagent systems which dealt with
collaborators and opponents problems. However, only fully
independent or fully interactive tasks were considered above.

Inspired by the previous discussions, we extend the Deep
RL to multiagent areas for solving multiagent constrained
formation path planning with obstacles avoidance in this paper,
which can be transformed into a comprehensive decentralized
multiagent RL problem. Instead of the Nature DQN [14],
double dueling DQN [21][22] is applied to improve the
training efficiency. Particularly, a pixel game is designed to
demonstrate the problem, which consists of the leader, the
follower, and several dynamic obstacles. Parallel Q-networks
and comprehensive reward function are designed for the leader
and the follower to learn independent policies which can
complete multiple tasks. We stress the following contributions:

® Instead of dealing with fully independent or fully
interactive tasks, three representative tasks are
considered in this paper including approaching the
destination, maintaining the constrained formation,
and avoiding the dynamic obstacles.

®  Double dueling DQN algorithm is extended into two
agents areas and applied in the pixel game.

® A pivotal comprehensive reward function is defined
which includes individual and collaborative factors.
The model is trained and tested under several different
game settings.

II.  PRELIMINARIES

A. Reinforcement Learning and DON

DQN [14][15] is a kind of model-free reinforcement
learning algorithms, which means that the agent and
environment are black boxes for the algorithm. In model-free
learning, an agent updates its policy based on the experience it
has gained for maximizing the future rewards. A standard
DQN reinforcement learning structure is defined as follows.
At each discrete time step, the state of the environment can be

observed as X, . According to current state X, , the agent
chooses an action @, from a set of actions A={q,,...q,} and

then transits to the next state Xx,,, after executing action @, in
the emulator. After choosing the action, the reward function
produces a reward signal 7, based on this selection. The aim
of RL algorithm is to maximize the accumulative future
T . .
reward R, =ZH ¥"'r., where 7 is the future reward discount

factor and T is the termination time-step. Suppose we get the

behavioral policy @, =7(x,) , then we define a Q-value

function of a state-action pair (xt,at) as
Q” (xt’at ) = E[Rt | xt’at’”] )

the action-value function can be computed by using the
Bellman equation

Q’r (xt’at)zE[n +}/E|:Q” (xt+l’at+1):| xt’at’”:| .

We can obtain the optimal Q-value function by choosing the
optimal action each step which satisfies

Q* (xt’at)ZmaXﬂ'E[Rt |xt’at’7z.] >

G4

Q* (xt’at ) = }Ex,+1 |:I’+ }/max Q* (xt+1’at+l) xt’atj| ’

which means that the optimal Q-value we can achieve at
time ¢ is the current reward plus the discounted optimal Q-
value available at time #+1. In the traditional Q-learning
algorithm, we calculate the optimal Q-value function through
iterative search in a finite state space. But the computing
efficiency is relatively low in the case of large state space.
DQN algorithm solves the problem by approximating the
optimal Q-value function with deep neural network. The
online Q-network is defined as the approximator with weights

@such that O(x,,a,,0) = o (x,,a,). A loss function to train
the online Q-network is defined as

1,(6)=B|(3-0(x.4,.6)) |.

41

yz':E|:rx + 7maXQ(xx+1>ar+1>9i—1 ) | xx>ari| .

As a supervised learning model, deep neural networks
require that training data satisfy independent identical
distribution. However, the samples obtained by the Q-learning
algorithm are related. By using a store-and-sample method,
the experience replay breaks the connection between data.
More than this, the target Q-network was introduced in [14] to
break the data even further and stabilize the overall network

performance. Defining the target Q-network as Q produces

yi_E|:r; +}/maXQ('xt+1’at+1’0i_) | xt’at:l ’

41

where @~ represents the weights of Q Note that 8~ is only
updated with @ every C steps.

B.  Double dueling DON

The max operator in traditional Q-learning and DQN, uses
the same values both to select and to evaluate an action. This
makes it more likely to select overestimated values, resulting
in overoptimistic value estimates [21]. A better solution is to
separate the selection and evaluation, where the online Q-
network @ is used to select actions while the target Q-

2018 International Joint Conference on Neural Networks (IJCNN)

Authorized licensed use limited to: INSTITUTE OF AUTOMATION CAS. Downloaded on July 08,2020 at 05:41:54 UTC from IEEE Xplore. Restrictions apply.



network Q is used solving the problem of overoptimistic
value estimation [22]. Therefore, the main idea of double
DQN is to utilize the new state x,,, by both the online and

target Q-network to calculate the optimal value Q" for time

t+1. Then with the discount factor 7 and reward 7, , the target
value V is achieved as

yi=h+ 7Q(xt+1,argmaxQ(xM,aM,H,. )>91\J .

41

Finally, the error can be obtained by computing the difference
between the target value VY with the optimal value QO

predicted by the online Q-network. The networks updates its
parameters after all of these with backpropagation.

Since it is intuitively wasteful to estimate the value of each
action choice, evaluation of the state becomes necessary.
Instead of following the perception of the state with a single
sequence of fully connected layers, two streams of fully
connected layers are set in dueling DQN architecture [23] to
compute the value and advantage functions separately. The two
steams finally combine together to compute Q-values. This
structure has demonstrated a large improvement on
performance as well as training efficiency in a number of
ATARI games.

Double DQN and dueling DQN are combined in this paper
as double dueling DQN [24] to improve the performance and
efficiency.

III. CONSTRAINED FORMATION PATH PLANNING

A leader-follower configured formation with 1 leader and 1
follower is discussed in this paper. In order to complete the
multiagent constrained formation path planning with DRL,
parallel double dueling DQN structure is designed as a
distributed learning algorithm for the multiagent system.
Specifically, the leader and the follower are treated as two
independent agents which learn behavior policies for getting
more rewards. Approaching the destination, maintaining the
constrained formation, and avoiding dynamic obstacles are
taken into account simultaneously in designing the reward
function. The reward function evaluates the two agents’
behaviors after they choose actions at every step. In this way
the reward function affects the polices and guides the two
agents to complete multiple tasks eventually.

A pixel game is built in this paper, in which two
independent agents have to accomplish different tasks.
Specifically, three tasks need to be solved:

1) The leader has to find a feasible path to reach the
destination.

2) The follower has to keep an effect distance with the
leader, representing a constrained formation.

3) Collisions are forbidden either between a agent and
dynamic obstacles in the environment or between agents.

Details of the design are elaborated on the following
aspects.

A. Demonstration environment design

As shown in Fig. 1, The game is running in a rectangular
area. The environment is composed of three (RGB) channels,
and the length and width are L and W respectively. Each agent
in the game environment is described as a d Xd square. The
destination is placed in the top of the screen, and is
represented by a white square. The initial position of the
leader is placed in the bottom of the screen and is represented
by a blue square. The initial position of the follower is set
around the leader according to a specific initial formation
setting. Several moving obstacles are placed in the middle of
the screen, and they are represented by red squares. We define
the number of obstacles is O .

Note that:

1) The destination is fixed in the center.

2) The initial postions of the leader and the follower are
fixed according to a specific formation setting.

3) The initial postions of moving obstacles are random but
restricted to a certain height.

4) The moving obstacles always move horizontally with
different velocities.

g
‘0
3

Target — %
v

Obstacle

Leader

84 pixels

Follower

Fig. 1 Environment design

B.  Action space

In order to plan a feasible path which leads the formation to
the destination without collision. The design of the action
space is relatively simple. The leader has four optional actions
including forward, left forward, right forward and stay. Note
that agents move unit distance d for each step where d is a
setting parameter. The follower has the same optional actions
as the leader. As shown in Fig. 2, blue are used to represent the
leader while green are used to represent the follower. Since the
two agents are independent, the total action space is the
combination of the action spaces of leader and the follower.
Specifically, the total action space consists of 16 actions.

FL FR
W 4
L R
BL BR

Fig. 2 Action space
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C.  Reward function

The design of the reward function is particularly important
in reinforcement learning. An appropriate reward function
guarantees the completion of the prescribed task, while an
inappropriate function makes the training meaningless. In the
pixel game, three tasks need to be completed, among which
are reaching the destination, maintaining the formation and
avoiding the obstacles.

When considering the problem of reaching, we find this
only affects the leader. So this factor is only considered when
designing the reward function of the leader. Similarly,
collision avoidance factor only affects their own reward
functions. However, when it comes to the formation
maintenance, it is clearly a collaborative factor. In particular,
we designed a collaborative factor matrix shown in Table. 1 to
affect both the leader and the follower when formation is
remained or broken.

Table. 1 Collaborative reward

Formation | Formation
remained broken
Leader
1 -1
reward
Follower
1 -1
reward

In order to improve the policy, immediate reward is given
every step. We deﬁne(rL,rF)as the reward, where 7, is the

reward of the leader while 7; is the reward of the follower. We
suppose that the coordinates of leader and follower are
(XL,J’L) and (xFayF) respectively. All obstacles belong to a

set of obstacles named O, where O={(x,;,¥1) (%035 Y02 )7} -

Several assumptions are made as follow to express the three
tasks.

Assumption 1: The distance between agents is limited so
that the formation will be broken when they are too far away.
Note that the collision between agents in the formation is not
allowed. We define the feasible maximum distance and
minimum distance as d _max and d _min, respectively. The

mathematical form of formation being broken is defined as
blow.

(\/(xL —Xp )2 +(y, —yr )2 < d_min)

(\/(XL —Xp )2 +(y, = r )2 Zd_max).

Assumption 2: We suppose that the moving obstacles have
no perception, and collision happens when

(\/("L_xoi Vo (-n ) Sd]
ﬂ(\/(xF 5, ) +(e-m,) = dj ’

where d represents the side length of each agent in the
environment and 0,0, € O , i,je{1,2,---}.

Finally, the comprehensive reward function is obtained as
below.

_ {(50, 0) if reaching the destination

Ve = . . inati
reach (0,0)  if not reaching the destination

rwllisiun = (rL—uvoid H rF—avoid )

-1
v =F =
Lravoid - Fmavoid {0 if no collision happens
(1)
rﬁ)rmatian :{

(-1,-1) if formation broken

if collision happens

>

if formation remaining

r=r, ., +r

t reach collision + rjformation

where 7, is the immediate reward in step £ .

D. Network structure

In this paper, parallel double dueling Q-network structure is
proposed in order to get a better feature information and
decisions for both the two agents. As presented in Fig. 3, two
double dueling DQNs5s are used to choose actions for the leader
and the follower, respectively. The original input is four
consecutive frames of the pixel game, after which is the
convolutional neural network (CNN) with three layers. Then
the output of CNN is input to two streams of fully connected
layers to produce separate estimates of the value and
corresponding advantage functions of the four actions. Finally
the two streams are combined to generate a single output Q
function. And actions are chosen respectively according to
their Q values for both the leader and the follower.

-
F-Q Network

— —_—
L-Q Network | |FL| F [FR
Convolutional Dueling : L SA R
'\ Neural Network | | Neural Network y B8 TeR

1

Ned

o w1 1

<3S “' N [ e
SLl XL X

f\ FEES: 4 == L[S]RrR
V) S Els/4]— ! [B1]B [BR

& 84x 84 x1x4 N :

1

Fig. 3 Structure of parallel Q-network
Note that the two Q-networks are used to control the two
agents for the reason that the task and the state of the leader
and the follower are different. Even it is a collaborative task for
the problem of formation maintenance, the situation is
completely different in reaching destination and avoiding
obstacles.

E.  Training

To evaluate the above mentioned structure learning system,
four different settings of the pixel game are considered
according to the difficulty and the generalization ability. As
shown in Fig. 4, (a) and (b) represents settings 1 and 2, where
d=3.36, L=W =84, O=3. Besides, the initial formation
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(c)

Fig. 4 Game initial settmgs

setting is different in settings 1 and 2. The initial formation is
set to be a horizontal formation in 1 while a vertical formation
in 2. Meanwhile, (c) and (d) represent settings 3 and 4, where
d=1.68, L=W =84, O=8. The initial formation setting is
familiar with the situation in 1 and 2. The above mentioned
parallel double Q-network model was implemented by
TensorFlow [25], and the training parameters of Q-network is
given in Table. 2. &-greedy strategy was used to choose

actions and we set € decreases linearly from 1 to 0.1 in the first
10000 iterations of training. Besides, Adam [26] optimizer was
used to update the parameters. Data generation, storage, and
the training process are shown in Fig. 5, and the workflow of
the proposed algorithm is shown in Algorithm 1.

Target
‘ Q-Network |
gl ; Updaté 7777777777777
gradien *x P 7
£ descent

Xt) Ay ey Xty
batch

Random Sample

{ Replay Memory

Fig. 5 Structure of double DQN

Algorithm 1 Parallel Double Dueling DQN algorithm

Initialize replay memory D to store experience replay.
Initialize L-Q network and target L-Q network with
random weights ¢* and 9" =0".
Initialize F-Q network and target F-Q network with
random weights ¢” and " =6" .
for iteration = 1: max-iteration do

Initialize the game settings.

Set the leader and the follower to the start position.

for step = 1: max-step do

Get the frame sequence

x, < (frame,_,,frame, ,,frame,_,frame, ).
With probability € select random atL and atF
otherwise select ;" = argmax, L-O(x,,a;6") and
a =argmax, F-O(x,,a;0") .
Execute @’ and a in the game and get the
next frame sequence X, .
Observe the rewards by
L _F

(}’; > ’,; ) rreadl + (rL—avuid 2 rF —avoid ) + rﬁ»-mation .
Store transition (xt,(a,L,a,F),(I;L,I;F),X,H) in
replay memory D.
Sample a batch of transitions
(xk,(af,af),(rkL,rkF),ka) randomly from D.
Set

if game over at x,, :

L
Ty

yr =4if game not over at x, :

’”kL + 7L'QA(xk+1 >argmax L'Q(x/m > afﬂ 0" )7 HL_]

e

Perform gradient descent on L-Q with
Hy,f —L—Q(xk,a,f ,6" )”2 .

Do the same with y; and F-Q.
end for
Replace target parameters 8-~ « @~ and 97~ « 6"
every C steps.
end for

Table. 2 Parameters of network

Parameter Value

batch size 32

replay memory size 50000

discount factor 0.99
learning rate 0.0001
max iteration 150000
max step size 200
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IV. RESULTS

Throughout the experiment, a computer with Intel Core i7-
6800K (3.4GHz) Processor, NVIDIA GTX 1080ti (11GB)
GPU and 48GB RAM is used for training and testing.

A. Reward function

The game is over when collision happens or the formation
is broken, so it is hard to limit the total steps. We chose 150000
iterations as the end and record the average total reward of
each 500 iterations. It took about 10 hours to train the model
under settings 1 and 2, while it takes about 40 hours under
settings 3 and 4. The results is shown in Fig. 6. The blue line

601 — Leader
— Follower

—— Leader
—— Follower

50

IS
8

5

8

w
&

Average Reward
w
8

Average Reward

N
S

20 p’w""“

[ 50 100 150 200 250 300 [ 50 100 150 200 250 300
Training Iterations(0.5 x 10%) Training Iterations(0.5 x 10%)

(a) (b)

-
S

80{ — Leader
— Follower

—— Leader
—— Follower

[ 50 100 150 200 250 300 [ 50 100 150 200 250 300
Training Iterations(0.5 x 10%) Training Iterations(0.5 x 10%)

(©) (d)
Fig. 6 Reward curve

represents the total reward of the leader while the green
represents that of the follower. And (a), (b), (c), (d) represent
settings 1, 2, 3, 4 respectively. Obviously, the curves are
convergent in (a) and (b). While it is not convergent in (c) and
(d) though the values have increased distinctly. We take the
average rewards of the last 10000 iterations as reference values,
which are shown in Table. 3

Table. 3 Average reward

Leader reward | Follower reward
1 51.037 21.355
2 54.583 22.509
3 71.536 42.852
4 68.804 45.650

Intuitively that the best rewards are 75 and 25 in settings 1
and 2 while 100 and 50 in settings 3 and 4. Unlike supervised
learning, the reward of deep reinforcement learning may not
converge to the best reward. For reasons that the obstacles are
randomly generated in each iteration, it is hard to keep a same
policy and to enhance the generalization ability of the Q-
network. Even so, the results has shown that the parallel double

dueling Q-network could complete the task in most cases.
Specifically, the ratio of average total reward and the best
reward represents the success rate.

Fig. 7 Global path

B. Paths

The global paths of the leader, the follower, and the
obstacles are recorded to analyze what happened through the
whole process. As shown in Fig. 7, (a) and (b) show two
different paths because initial positions of obstacles are random
in setting 1. (¢) and (d) represent two different paths of setting
2. (e) and (f) represent settings 3 and 4 respectively. We found
that the feasible paths can be found for the leader and the
follower, and the formation can reach the destination without
collisions while maintaining a predefined limited distance.

C. Key frames analysis

In order to show the behavior strategy of the above
mentioned parallel Q-network, Four key frames are chosen in
setting 2 and analyze the performance under different
conditions. As presented in Fig. 8, Step 1, 16, 22, 23 are
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Fig. 8 Keyframe and behavior values
chosen and the histogram on the right shows the Q values of
each action for the leader and the follower.

In Step 1, the distance of the leader and obstacles is far, and
the destination is in the upper right of the leader. The Q-
network chose FR for the leader and F for the follower so that
the leader is one step closer to the destination and the follower
keeps step with the leader. In Step 16, the leader chose FR to
avoid the obstacle moving from left to right and the follower
chose F to keep distance. In Step 22, the leader chose FR to
close to the destination and the follower chose FR to avoid the
obstacle. In Step 23, the leader chose FR to approach the
destination and the follower chose FL to keep the formation
since last step the follower chose FR.

In general, the Q-network can choose the correct actions in
most cases. This is also why the global paths can be found in
the previous section. Meanwhile, the action S has hardly been
chosen. This shows that the Q-network has learned that staying
the same position will not bring any benefit to the current state,
which is also a straightforward fact.

V. CONCLUSION

Path planning of multiagent constrained formation is
addressed in this paper. In order to solve these multiple
problems, double dueling DQN based parallel Q-network is
designed for the Ileader and the follower. Besides,
comprehensive reward function is proposed with consideration
of independent and interactive factors to lead the training. To
demonstrate the effectiveness, a pixel game is set as the
demonstration environment. Several game settings are taken
into account and the model is trained and tested in the pixel
game. The results show that the problem can be well solved by
parallel Q-network learning algorithm. Moreover, multiagent
system with learning ability shows great expansion and
potential for more complex situations.

However, there are still some aspects that we expect to
handle better in the future work. For examples, collision may
happen in extreme cases if the state is continuous since the
problem is discretely handled. We will further extend the game
space from discrete to continuous. And we expect to apply the
algorithm to more complex problems with more agents.
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