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Abstract—1In recent years, Deep Reinforcement Learning
(DRL) has been a key approach to solving Unmanned Aerial
Vehicle (UAV) swarm path planning problems. However, tradi-
tional DRL methods often face challenges in the initial learning
stage and struggle to learn from variable step-size tasks.
This paper introduces a novel training framework for large-
scale UAV swarm variable step-size path planning: Rapidly-
exploring Variable Step-size Deep Reinforcement Learning
(RVSDRL). This framework involves common training on the
ground local server and decentralized training on distributed
UAVs. In the common training stage, we generate rapidly-
exploring random graph samples to accelerate the common
agent explore environment. In the decentralized training stages,
we utilize the priority replay mechanism to improve efficiency.
To enhance convergence stability, we restrict the returns of the
equivalent paths and propose the Step-size Consistent Markov
Decision Process (SCMDP) path planning model. Our method
is compared with traditional methods, and the experiments
demonstrate its superior performance in complex obstacle
environments.

I. INTRODUCTION

Path planning is a classical topic in operations research
and optimization, which is widely applied in UAV technol-
ogy [1]-[3]. Reinforcement Learning has shown its supervis-
ing performance in path planning; the model-free DRL has
demonstrated advantages in adapting to unknown environ-
ments and can be applied in many on-time scenarios [4], [5].
However, the current DRL-based methods often spend much
time stochastically exploring the feasible paths and avoiding
obstacles at the initial stage [6]. When the number of ob-
stacles is large, and the environment is complex enough, the
exploration time at the initial stage will increase rapidly [7].
Meanwhile, the DRL-based methods depend highly on the
reward function, and the reward design in complex obstacle
environments is an undetermined problem [1]. Besides, the
DRL, especially policy gradient methods, also face several
challenges, such as lousy convergence performance [5],
low training efficiency [2], and low sample utilization ef-
ficiency [8].

Recently, researchers have explored novel DRL algorithms
and frameworks to address these challenges. In the explo-
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ration efficiency aspect, Xie et al. [7] combined the current
reward and the state-action value for action selecting, which
reduces the meaningless exploration. In the reward design
aspect, Zhao et al. [1] designed a complete reward function,
which considered the target point, obstacles, and direction
simultaneously and tested it at the various obstacle envi-
ronments. To accelerate the training process, Liao et al. [3]
combined the potential field method with the DRL algorithm
to deal with the complex input space, decreasing the training
processing time. To improve the convergence performance,
Dong et al. [2] used prior knowledge to enhance the learning
performance, which decreased the convergence time. To
improve the sample efficiency, Chen et al. [9] employed the
prioritized experience replay technique to change the sample
weight, enhancing the DRL algorithm’s sampling efficiency.

We propose a novel path-planning framework named
Rapidly-exploring Variable Step-size Deep Reinforcement
Learning (RVSDRL) and the Step-size Consistent Markov
Decision Process (SCMDP) to deal with these issues. The
main contributions are as follows:

1) The RVSDRL introduces the rapidly random-exploring
graph samples to associate the DRL generate valuable
samples and prioritized replay to improve the sample
efficiency.

2) The SCMDP restricts the relationship between path
and cumulative reward. We also design a path-
dependent reward to construct an SCMDP in the path-
planning scenario and analyze their convergence.

3) RVSDRL outperforms DDPG-based methods in select-
ing step size, planning the shortest path, and perform-
ing better in dense obstacle environments, especially
at the initial stage.

II. PRELIMINARIES
A. Problem Formulation

The UAV swarm path planning problem can be considered
on a configuration space x := (0,1)%, where the dimension
d € N,d > 1. Denote x.ns as the obstacle region, denoted
the obstacle-free space as xfreo = cl(X \ Xobs), Where cl(-)
represents the closure space. The initial region it and the
goal region Xgoa are both elements of Xfec, Which represent
the UAVs’ start points and endpoints. Then, a path planning
problem can be defined as a triplet (Xfree, Xinit; Xgoal). The
feasible path is the path that connects the initial point
and goal point, and the path planning target is to find
a feasible path or an optimal path in the given problem

(Xfreea Xinit» Xgoal)~
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B. Offline Reinforcement Learning

A Markov Decision Process (MDP) [10] M can be
descripted as a tuple (S,.A, P, r,~), where S is state space,
A is action space, P S x 8§ — R is the transition
probability, » : S x A — R is the reward function, and
v € (0,1) is the discount factor. The agent interacts with
the task environment, generates the state, action, and reward
information, and collects them. Then, the MDP maximizes
the following discounted return on each time step t to reach
the global optimal solution:

—+oo

Ri=ri+7v- 141 +72'Tt+2+"'227k7"t+k~ (L
k=0

To reach the target, the offline Reinforcement Learning uses
the well-collected data buffer D = {(s, a,r, s')} to optimize
the policy of the agent [10]. Denote the policy as 7, the
corresponding value function can be represented as:

400
VP (st) = E(sare/)~D [ZW’CHMS = 3t:| ; 2
k
+oo
Q?(sh at) = E(s,a,r,s’)ND |:Z'Vk71t+ks = 8§, a = at:| .
k
3)

Then, the agent utilizes the value function to associate the
policy’s improvement with maximizing their return.

C. Variable Step-size Planning Path with Reinforcement
Learning

For any path planning problem (Xfree, Xinit; Xgoal ), denote
the planning space x C S as the state space, denote the
current position o(t;) as current state si, then denote the
transition between current and next states as action ay
S — Skt1. Denote the Asy as the step-size at kth time
point, As; € R, Asj, € [ASmin, ASmax]; denote dj, € RY
as the unit direct vector at kth time step, ||d;|| = 1. Then the
action aj, € R%! can be represented as the set of step-size

and direct vector:
ay, = [Adi’“] : (4)
Therefore, the state transition can be represented as follows:
Ski1 = Sk + dy, - Asy,. &)
Due to the Markov property:
P{sk+1l8k, 8k—1,* } = P{Sk+1lsk}, (6)

as we define the reward function r, the variable step-size path
planning problem can be described as an MDP. Then, the
path planning problem can be optimized using reinforcement
learning algorithms.

III. OUR APPROACH

A. Rapidly-exploring Variable Step-size Deep Reinforcement
Learning

With the progress of satellite technology such as Star-
link, satellites can provide geographic information to mobile
devices. Inspired by it, we design a scenario (see Fig. 1)
consisting of satellites, a UAV swarm, and a local server. The
local server receives the geographic information around the
UAV swarm and then sends the information on obstacles and
goal regions to associate the UAV with planning the path. By
using satellites, the Xobs and Xgoa1 are determined. After that,
according to the traditional DRL-based swarm path planning
methods, a virtual environment is constructed before the
execution of the UAV swarm. Then, the UAV swarm will
train in this virtual environment until convergence.

satellite
» &

‘Y

A
ol =7 Local
UAV - | N/ Server

Fig. 1. The diagram of the large-scale UAV swarm path planning

In the training process, the traditional methods take decen-
tralized stochastic exploration to find feasible paths, which
makes it easy to hit obstacles and hard to approach the
goal region. This stochastic exploration increases the com-
putational consumed in the initial learning stage, especially
for the large-scale UAV swarm. To deal with the chal-
lenge, we design a novel DRL framework named Rapidly-
exploring Variable Step-size Deep Reinforcement Learning
(RVSDRL), which generates the common samples on the
local server and distributed training on the UAVs. The
pseudocode is shown in Algorithm 1.

Virtual
Environment
. d, Sample Generation =~ /Offline Update
GetAction Icarning s
£ Common S5 80s 025 pgent
Agent i
@ S Qs li data prioritized
samplng storage replay
<s,as,r> Common
MDP
Buffer Buff:r

Common Training Stage Decentralized Training Stage

Fig. 2. The workflow of the RVSDRL framework

As shown in Fig. 2, the framework can be divided into
common and decentralized training stages. The common
training stage is processed on the local server, and the
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decentralized training stage is processed independently on
each UAV. The details of these two stages are shown as
follows:

Common Training Stage: In the common training stage,
we introduce the Rapidly Exploring Random Graph to reduce
the initial exploration. Specifically, in the virtual environ-
ment, given an initialized vertices set: V = {Xgoal} and an
initialized edge set £ = @, then generate the node sample
Srand and a step-sizes As;anq stochastically and append
the generated vertices into V. Next, the nearest node of V
will be selected, and we denote it as Spcarest. At this time,
connecting the two nodes: Specarest; Srand, W€ can obtain
a new node s’ by take Asyanq step on the line. After
the samples are generated, we transfer the collected graph
into the experience replay buffer that consists of transitions.
Specifically, for each edge e in &, their two vertices will be
extracted as s, s’, respectively. Then, according to the step-
size range, calculate the action a := {As, J} as follows:

As =clip(||s’ — s||, ASmin, ASmax) (7
- (8'—s
_(g-s) ®)
|s" — s

Next, the processed s, a, s’ will be checked collision or done
and generate the transitions; the generated transitions are
collected with a buffer 3. Then, the local server will utilize
the collected buffer to train a common agent Agent,, . The
above processes will be repeated after Ny, times. Because
the samples generated by this stage cover all regions, they
can provide valuable information to the UAV at any posi-
tion. Compared with the Rapidly-exploring Random Graph
(RRG), this process employs an incremental generation ap-
proach, allowing the simultaneous generation of samples and
DRL model training when new edges are created. Moreover,
this process removes the collision detection in the RRG,
increasing the sample generation efficiency.

Decentralized Training Stage: In this stage, each UAV
of the swarm receives the common agent parameters and
virtual environment settings from the local server and then
starts simulative training in a distributed manner. During the
simulative training, the newly generated transitions will be
collected to each buffer B;. Finally, the UAV agent will
perform offline learning on each buffer.

Besides, we introduce the prioritized replay into the of-
fline learning stage to improve sample utilization efficiency.
Specifically, the transition produced in all stages will be
stored in the replay buffer with the absolute value of the
TD error:

d=r(s,a)+ VQ(slval) —Q(s,a) )]

Then, after the transitions are stored into the buffer B, for
the t th transition, their sampled probability can be computed
as follows:

Da
Pt) = —maim— (10)
card(B) o
k=1 DR
where D; = m > 0, rank(t) is the rank of the ¢-th

transition in the buffer with absolute TD-error (9) being the

Algorithm 1 RVSDRL
1: IHPUt:Xgoab Xfree’N7 Nepi, NInc, Asmax, ASmin~
2: Output: trained Agent,,--- , Agenty.
3: Common Training Stage:
4V < {Xgoat}; € — {}: B+ {}.
5: fori=1,2,---, Ny do

6: Srand < Sample(Xfree);

7. ASrand < rand(Asmin, ASmax)

8  Snearest < INearest(V, Syand)

9: s+ Steer(snearesta Srand» Asrand)

10:  Shpear — Near(V, s', min{Asmpax, SRRG

[In(card(V))/card(V)]*/})
1: V<« Vui{s'}
12: E+—EU {(Sncarcstv Sl), (3/» Sncarcst)}
13:  for s,car € Snear do
14: E + EU{(Snears 8), (8, Snear) }
15:  end for
16:  for e & do

17: S+ eg; 8 + eg;

18: J; As «+ GetAction(s, s', Asmin, ASmax)
19: s,r, coll, done < Step(s, CZ: AS,Xgoal)

20: {d,As}

21 Update s’ according to (5).

22: coll + CheckCollision(s, s’)

23: Calculate r according to (12).

24: done < CheckDone(s’, xgoal)

25: B+ BU{(s,a,s',r)}

26:  end for

27:  Agent,,,, .train(B)

28: end for

29: Agent; < Agent,,,,j =1,2,--- N
30: Decentralized Training Stage:

31: for i =1: Ngp; do

32 forj=1,2,--- ,N do

33: BYeh « {} B + B

34: Agent; interact with virtual environment and col-
lect the transitions into B;

3s: Sample ng transitions with (10) from B;

36: Add sampled results into By

37: Agent.train(Byath)

38:  end for

39: end for

criterion, « is the constant to adjust the distribution of the
probability.

B. Planning Path with Step-size Consistent Markov Decision
Process

The current reward function makes it hard to keep the
path return consistent if the two coincident paths’ step-sizes
are different (see Fig. 3), then their corresponding returns
(1) may not be equal: the paths with more steps tend to
accumulate more rewards. The difference in the returns will
cause the coincident paths to have different Q values and
increase the return difference of the similar paths. It increases
the complexity of the search space.
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Fig. 3.

To deal with this issue, we build the relationship between
the returns and paths’ metric by introducing the Step-size
Consistent Markov Decision Process (SCMDP):

Definition 1 (SCMDP): In a variable path planning prob-
lem with an MDP M, for any two paths o0;,0; that with
same start point sj,j; and goal state Sgoa1. If there lengths
are equal: L(o;) = L(o;), and exists an £ € R*, such that
the following inequality satisfies:

[1R(0i) — R(o)|| <& - Do, 05) (11)

where R(o) is the return of path ¢ at the end point, D(-, -)
is the similarity metric between the paths. Then the M is a
Step-size Consistent MDP concerning si and Sy4,.

The SCMDP restricts the paths’ corresponding returns
when they are close in geometry, reducing the agent’s search
complexity. Especially for any two entirely coincident paths
04,04, even if their step-sizes are different, the corresponding
returns are equal: R(o;) = R(0;).

C. Path-dependent Reward and Discount Factor

To construct an SCMDP, we propose the path-dependent
reward as follows:

S s—sil/x
TkZ/ p(s)yy” " ds.

Sk

(12)

where s := o(tx) is the state at time step k, o € (0, 1) is
the baseline discount factor, x € R™ is the scale parameter,
p : x — R! can be any custom Lipschitz continuous
distribution function respect to the state s, a typical form is
consisted of the potential function part and the region reward
part, given by:

+ Tregion(s) (13)
where C, € R™ is a constant, the potential function part is
utilized to guide the agent to approach the goal constantly.
The region rewards ryegion 18 designed to give the agent dif-

ferent stimuli at the different positions, which is represented
as follows:

Cgoal7 s € Xgoal
_Cobs7 S € Xobs
0, otherwise

(14)

Tregion (3) =

where Cgoal, Cobs € R are positive constants. The path-
dependent reward function ry, characterizes the reward pro-
gression along a trajectory with exponential attenuation, de-
termined by the spatial span between the previous and current
states. Simultaneously, the discount factor v is redefined in
a path-dependent form:

Asy
= lAs I/

5)
For the proposed reward and discount factor, the correspond-
ing cumulative return is also path-dependent and can be
expressed as follows:

+oco k—1

Ry :=Ry(o)=> (] w)

k=t v=t

(16)

when the agent reaches the goal region or obstacle region:
Sk € Xgoal U Xobs, We terminate the agent.
D. Analysis

Combining the Eq. (12) and (15), the return (16) can be
represented as follows:

400 k—1

R =] VJ)\AsUH/n/

k=t v=t Sk

too Sk+1 k—1
zz/ ()7 Tk 188l oD/ g

k=t 3k

Sk+1

ol Vs

A7)

for the time step ¢, denote the piece-wise function D, : x X
x — R* as follows:

D, (st,8)

|s — s¢ll, s € [s¢,8¢41]
|8t+1 — sel| + I8 — st41ll, 8 € [8t41, St 42]

S 18us1 — 8ol + 1|8 — sll, 5 € [sk, sp41]

then the Eq. (17) can be represented as follows:

Sk41

+oo
Ry = Z/ p(s)ye % ds
k=t v Sk

According to the definition of line-integral, the return can be
rewritten as a line-integral formation:

Rem [ sl

The line-integral formation illustrates the return is path-
dependent. Moreover, the Eq. (19) indicates the physical
significance of the path-dependent reward: integrate the
reward density along the path o; with exponential decay
based on the distance from the starting point s;.

Next, we give the following theorem to prove that for a
continuous space path planning problem, if their return is
defined as Eq. (19), the path planning process is an SCMDP
(All the proof is shown in supplementary material').

(18)

19)

https://www.researchgate.net/publication/
379000186_supplementary_material
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Theorem 1: In a path planninof g task with MDP M, if
its return is defined by Eq. (16), then M is an SCMDP
concerning any other point to Sy, in Euclidean distance.

It indicated that the MDP M with a designed reward (12)
and discount factor (15) is a SCMDP. Next, we discuss the
convergence of the SCMDP:

Theorem 2: For a SCMDP M with variable discount
(15), if the baseline discount v9 € (0,1), step-size As €
[ASmin, ASmax), and ||Asmin|| > 0, then M is convergent:

1BQ1 — BQ2|loo < “Y(I)‘AS"""H/N||Q1 — Q2 (20)

where B is the Bellman operator, |||~ is the sup-norm of
vector x; 1A= m /% < 1 is th
5 Y% < 1 1s the convergent rate.
It indicated that the SCMDP with the proposed reward
function is convergent, and its’ convergent rate is related to

the initial discounted factor and the minimum step size.

1V. EXPERIMENTS
A. Experimental Setting

To validate the RVSDRL framework, we selected the Deep
Deterministic Policy Gradient (DDPG) algorithm as the DRL
part and called the corresponding algorithm RVSDDPG, in
which the step-size range is (0.01,2); the path planning
environments consistent with a swarm with 100 UAVs, 11
circle obstacles and 1 goal region. From the perspective of
the comparison set, we implemented the DDPG with Fixed
step sizes (DDPG-FS) and DDPG with variable step-size
(DDPG-VS) as comparisons. To take ablation experiments,
RVSDDPG with Fixed Discount (RVSDDPG-FD) and RVS-
DDPG without SCMDP (RVSDDPG¥*) were implemented as
comparisons. The properties of all algorithms are shown in
Tab. L.

TABLE I
COMPARISON OF THE EXPERIMENT ALGORITHMS

Algorithm sCMDp  ganeble - anable - pygpRi
tep-size  discount

RVSDDPG v v v v

RVSDDPG-FD v v

RVSDDPG* v v v

DDPG-VS v

DDPG-FS

B. Training Results

We took common training with 5,000 episodes and then
took decentralized training with 35,000 episodes on the
designed scenario. Fig. 4 (a) illustrates the average reward
of 100 UAVs during whole training stage. For the fixed
step-size methods, the average reward of DDPG-FS-0.6 is
lower than the DDPG-FS-2 before 5,000 episodes. But after
common training, the DDPG-FS-0.6 surpassed the DDPG-
FS-2 and converged gradually. It indicates that the large step
size would limit the performance, but the small step size
is slow to converge. For the variable step-size methods, the
RVSDDPG algorithm shows the best performance among all
the algorithms, which rapidly increases from O to 60 near.
Compared with RVSDDPG, the RVSDDPG-FD algorithm

does not satisfy the SCMDP condition because we set their
discount factor as a constant. The experiment results show
that its stability has decreased compared with RVSDDPG;
its average reward fluctuated three times from 10,000 to
20,000 episodes. After 20,000 episodes, there appeared to be
a sharp fluctuation, but it recovered quickly. The RVSDDPG*
algorithm doesn’t satisfy the SCMDP condition but with a
variable discount. It performs better than the RVSDDPG-
FD, but the learning curve continuously vibrates, which
indicates that without SCMDP, the introduction of the graph
sample will cause more fluctuations. The DDPG-VS does
not satisfy the SCMDP condition and is without the support
of the RVSDRL framework compared with RVSDDPG.
The experiment result indicates that it can not deal with
complex obstacle scenarios, even if it has a good beginning;
after training with stochastic exploration, its average reward
collapses heavily and does not tend to converge. From the
perspective of convergence performance, the DDPG-FS-2
algorithm converges faster than the DDPG-FS-0.6 and the
algorithms with variable step sizes. The RVSDDPG is more
stable than the algorithms with variable step sizes but without
SCMDP, which validates that the SCMDP can improve
convergence stability.

To sum up, the RVSDDPG algorithm shows rapid learning
ability in the initial stage, and it becomes stable after
the average reward rises, which validates the SCMDP and
RVSDRL framework, which can improve the performance
of the variable step-size method significantly.

C. Testing Results

After training, we tested the RVSDDPG, DDPG-VS, and
DDPG-FS algorithms and visualized the results in Fig. 4 (b)-
(d), respectively. Compared with the comparisons, the paths
planned by RVSDDPG are smoother and shorter. In Fig. 4
(b)-(d), we divided the planning space into a 50 x 50 grid to
visualize the trained agent’s comprehension at each position.
We used each grid cell’s color to represent the value function
V(). The blue represents a low value, the yellow represents
a high value, the positions in the obstacle area are lower than
the other positions, and as the position approaches the goal
area, the value is higher.

We display test data of the well-trained agent in Tab. II.
The illustration of the indexes is shown as follows:

o Average Reward: the 100 agents’ average reward dur-

ing 1,000 episodes.

o Completeness Rate: the proportion of the feasible paths
in each episode.

« Path Difference: the length of the algorithm planned
path subtracts the corresponding of the well-trained
RRT* planned.

After training, the RVSDDPG algorithm achieved the best
performance among all the algorithms with 56.206 aver-
age rewards. The RVSDDPG-FD and RVSDDPG* achieved
48.885 and 45.834, respectively. It indicates that without the
SCMDP, the RVSDRL can not reduce the exploration time
well in the initial stage. The DDPG-VS is 25.161, which is
lower than other algorithms. It reflect the variable step-size
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Fig. 4. The learning curves and the completeness rate curves

swarm path planning is very difficult for the traditional DRL
method. The DDPG-FS-0.6 is 55.317, and the DDPG-FS-
2 is 46.375. It indicates that the performance of the fixed
step-size method is very dependent on the selection of the
step-size.

From the completeness rate perspective, only RVSDDPG
and DDPG-FS achieve 90% above after training, which indi-
cates that the RVSDRL framework can utilize the advantage
of the RRG samples to associate the agent in planning the
feasible paths. Besides, the RVSDDPG-FD only reached
26.8%, which reflects that the path-dependent reward can not
guide the agent to explore feasible paths when the discount is
fixed, and the fixed discount will break the SCMDP property,
which leads to a decrease in stability.

The path difference index would be combined with the
completeness rate to illustrate the length of the feasible
paths planned by the agents. For example, the RVSDDPG-FD
reached the -0.201 after training. However, the completeness
rate of RVSDDPG-FD is only 26.8%, which reveals the short
paths in RVSDDPG-FD are not feasible. Combining with the
completeness rate and path difference, the RVSDDPG shows
its can not only guide the UAVs find the feasible paths with
high confidence, but also plan the paths that shorter than
RRT*.

TABLE II
THE TEST RESULTS OF PROPOSED ALGORITHM AND COMPARISONS

framework can be associated with the exploration, and the
SCMDP can improve stability compared with traditional
methods.
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V. CONCLUSION

This paper researched the variable step-size path planning
problem. To improve the exploration efficiency, this paper
proposed the RVSDRL framework, which utilizes RRG
samples for common agent training. Moreover, we built a
strong relationship between paths and returns to deal with
the inconsistent returns and proposed the SCMDP path plan-
ning model. The experiment results show that the RVSDRL
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