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Hierarchical Reinforcement Learning for Swarm
Confrontation With High Uncertainty
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Abstract—In swarm robotics, confrontation including the
pursuit—evasion game is a key scenario. High uncertainty caused
by unknown opponents’ strategies, dynamic obstacles, and insuf-
ficient training complicates the action space into a hybrid decision
process. Although the deep reinforcement learning method is
significant for swarm confrontation since it can handle various
sizes, as an end-to—end implementation, it cannot deal with the
hybrid process. Here, we propose a novel hierarchical reinforce-
ment learning approach consisting of a target allocation layer,
a path planning layer, and the underlying dynamic interaction
mechanism between the two layers, which indicates the quan-
tified uncertainty. It decouples the hybrid process into discrete
allocation and continuous planning layers, with a probabilistic
ensemble model to quantify the uncertainty and regulate the
interaction frequency adaptively. Furthermore, to overcome the
unstable training process introduced by the two layers, we design
an integration training method including pre—training and cross—
training, which enhances the training efficiency and stability.
Experiment results in both comparison, ablation, and real-robot
studies validate the effectiveness and generalization performance
of our proposed approach. In our defined experiments with
twenty to forty agents, the win rate of the proposed method
reaches around ninety percent, outperforming other traditional
methods.

Note to Practitioners—With artificial intelligence rapidly devel-
oping, robots will play a significant role in the future. Especially,
the swarm formed by many robots holds promising potential
in civil and military applications. Promoting the swarm into
games or battles is rather riveting. The reinforcement learning
method provides a plausible solution to realize the battle of
robotic swarms. There are still some issues that need to be
addressed. On one hand, we focus on the uncertainty caused by
the battlefield nature and the environment which limits our ability
for the implementation of swarms. On the other hand, we solve
the problem that the decision process combined with commands
and actions is a hybrid system, which cannot be directly reflected
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in the confrontation of swarms. Overall, our approaches throw
light on artificial general intelligence and also reveal a solution
to interpretable intelligence.

Index  Terms—Swarm, robotic  confrontation, deep
reinforcement learning, decision uncertainty, artificial
intelligence.

I. INTRODUCTION

ITH the emergence of artificial intelligence, robotics

[1], [2] is gaining more attention. Confrontation [3],
[4] is a crucial application of robotic swarm, where robots
are expected to win through artificial intelligent decision—
making. Typical scenarios include pursuit—evasion [5] and
defense—attack [6] games. However, its intrinsic mechanism is
an N P-hard complex problem due to vast involving agents
and strong conflict uncertainties [7], [8], [9]. Traditional
algorithms [3], [10], [11] are struggling with computation
complexities and resource costs as the increasing number of
robots and actions.

Deep reinforcement learning (DRL) [12] is a plausible
solution to this problem. It adopts an end—to—end framework to
approach the optimal decision instead of enormous iterations,
leading to many accomplishments in racing [13] and competi-
tion [14]. Driven by maximizing cumulative values in reward
functions, DRL optimizes the decision network to produce
a desirable strategy. In practice, however, complex problem
solving [15] brings a new challenge for DRL. Focusing on
global goals instead of reasoning the problem results in a
sparse reward issue [16], [17] that limits the application
of DRL.

To avoid constructing intrinsic rewards directly, many
researchers employ hierarchical reinforcement learning (HRL)
[18], which decouples the complex problem through a divide—
and—conquer framework [19]. The upper layer in HRL divides
the timeline into several non—uniform sections each of which
it designs a unique reward for the lower layer to train,
and, by doing this, the global reward for the upper layer is
maximized. Sectional rewards fill the timeline leading to the
sparse reward problem being solved. Therefore, designing the
unique rewards, also addressed as interaction mechanisms, is a
significant trick to HRL. As a pioneer work, [20] generates
unique rewards from the upper layer in the form of differ-
entiable functions. It soon shows great potential in dynamic
multiple object traveling salesman problem when [21] inves-
tigates the distributed system Ray belonged to UC Berkeley
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RISELab. Nevertheless, its framework is totally direct from
the upper to the lower. This open—loop feature is inapplicable
in many cases, where the performance of the lower layer is
not considered once the unique rewards are designed. For the
purpose of the close—loop feature, [22] introduces bi—direct
layers adjusting the strategy of the upper according to the
performance of the lower. In addition, it limits our ability
to promote HRL only by manipulating the lower layer under
the command of the upper layer. Hence, [23] facilitates an
additional reward into the lower to achieve more goals besides
unique rewards from the upper. It throws light on a more
flexible solution for HRL in other practical problems.

Swarm confrontation, being a typical complex problem
solving, naturally consists of discrete and continuous spaces
under an uncertain environment. Illustratively, commands on
the battlefield always exist in the form of discrete decisions,
while actions usually take place in continuous time. Recent
works [24], [25] combine commands and actions into multiple
high-level spaces. This method blurs the interpretability of the
spaces inevitably resulting in slowly converging algorithms
for large—scale swarms. Alternatively, it is not hard to reflect
the swarm confrontation to divide—and—conquer framework,
where the commands are translated into target allocation
and the actions are addressed as path planning, from the
artificial intelligence perspective [10]. Wang et al. [26] make
an interesting attempt for the first time to introduce HRL into
swarm confrontation. Inspired by the method, [27] decom-
poses multi—aircraft formation air combat into high—level
strategy and sub-strategy, achieving favorable effects in con-
frontation among a few robots. However, the fact that we
cannot guarantee the stability of the algorithms prevents us
from building a bridge between HRL and swarm confrontation.
Others [19], [28] have already improved the stability of the
algorithm for HRL in a different scenario. They design an
interactive training strategy, including pre—training, intensive
training, and alternate training, to ensure the stability guaran-
teed. A prerequisite for this strategy is only the lower layer
pre—trained, while the training of the upper is limited by the
cumulative feedback from the lower. Thus we cannot directly
implement it to swarm confrontation for the environmental
uncertainty will make the global optimization impossible.

Here, we propose a guaranteed stable HRL method, which
induces quantified uncertainty into an interaction mechanism
linking the allocation and planning layers, to solve the hybrid
problem of swarm confrontation in various sizes and environ-
ments. Firstly, we construct two—layer DRL networks to reflect
commands and actions into target allocation and path planning,
respectively, since the high uncertainty caused by the nature of
the confrontation, including variant opponents’ strategies and
transient battlefield environment, demands a hybrid, flexible,
and robust intelligent algorithm. Secondly, the mechanism,
which is embedded with a probabilistic ensemble model [29]
quantifying the uncertainty, regulates the interaction frequency
between the two layers. The essence is the frequency is
increased as the circumstance becomes uncertain and dire.
Thirdly, a novel integration training method (ITM), consisting
of pre—training and cross—training, ensures the stability of
HRL, in which, notably, we combine pre—trained and an
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improved model-based value expansion (IMVE) [30] method
together to fasten the convergent speed of the upper in
case of few samples given by the lower. Finally, extensive
experiments on different—size swarms verify that our approach
outperforms the baselines including non-learning approaches
and traditional DRL, and they also demonstrate the necessity
of the adaptive frequency approach and ITM through ablation
studies. Plus, our method shows that a trained model under a
small scale holds favorable generalization in various scales of
swarm confrontation. The main contributions of this paper are
summarized as follows.

« Unveiling the intrinsic mechanism of confrontation,
we reflect discrete commands and continuous actions into
target allocation and path planning, respectively, and then
propose a novel HRL framework including discrete and
continuous networks for allocation and planning.

o We explore that high uncertainty in confrontation is an
influential factor between commands and actions, so it is
necessary to embed a probabilistic ensemble model by
regulating the frequency adaptively for both connecting
the two networks and overcoming the uncertainty.

« Since traditional training methods may be unstable for the
HRL framework in our case, we present ITM to ensure the
stability of HRL, where we pre—train the commands and
actions networks independently and cross—train the two
networks facilitating the adaptive interaction mechanism.

We organize the rest of the paper as follows. Section II

introduces the research related to our study. Section III
presents the formulation of our problem and provides the
preliminaries on DRL. Section IV offers a detailed description
and implementation of our two—layer networks and guaranteed
stable HRL method. Section V describes the experiments of
our method. Section VI presents our conclusions.

II. RELATED WORKS

As a key scenario of robotics, swarm confrontation is a
combinatorial optimization problem with a hybrid decision
process and transient environment. This section reviews the
related works for swarm confrontation in terms of various
methods. We first introduce and analyze the traditionally
relevant expert system, game theory, and heuristic approaches,
followed by a review of DRL solving swarm confrontation.
Moreover, we summarize the characteristics of the existing
solutions and further induce the hierarchical learning method
for the swarm confrontation problem.

The expert system method [10], [31] models the system with
prior knowledge of human experts and selects the strategies in
the knowledge base by fuzzy matching approach. The method
relies on rules developed by an enormous number of human
experts and is unable to ensure the optimality of decisions in a
complex confrontation environment. In game theory [11], [32],
the swarm confrontation problem is frequently modeled as a
differential game. It suffers from problems such as too many
state variables and complex differential equations, making it
difficult to apply to complex multi—agent environments. The
heuristic approach [3], [33] considers modeling the swarm
as biologically inspired networks to simulate the dynamics
of swarm confrontation, which has more potential to solve
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large—scale confrontational problems. However, the simulation
and test require a lot of computing resources and time.

Without relying on prior knowledge, DRL learns strategies
by interacting with the environment. As a result, it gains
more attention in fields such as game playing [34], natural
language processing [35], and robotics [12]. Recently, DRL
has been applied to swarm confrontation, where it learns rules
from huge numbers of problem instances rather than designing
them manually. De Souza et al. [36] combine DRL with
curriculum learning for pursuing an omnidirectional target
with multi—agent. However, taking the single—agent DRL
approach becomes difficult when faced with large—scale swarm
confrontation scenarios. Therefore, Xia et al. [8] propose
an end-to—end multi-agent reinforcement learning to enable
agents to make decisions for cooperative target tracking.
Qu et al. [37] further provide an adversarial-evolutionary game
training method and designed obstacle avoidance scenarios in
swarm confrontation.

Among the existing methods for solving the swarm con-
frontation problem, expert system, game theory, and heuristic
methods cannot be well applied to large—scale problems. The
performance of all three methods degrades significantly when
the problem size increases. DRL is a desirable alternative
due to the ability to learn strategies just by interacting with
the environment. However, the direct use of an end—to—end
approach in swarm confrontation [24], [25], results in the
non—interpretability of the hybrid decision space, hindering
the training of DRL on large—scale swarms.

To deal with the above issues, the hierarchical learning
method reflects the swarm confrontation to divide—and—
conquer framework, where the commands and the actions
are addressed as discrete and continue decision spaces,
respectively. Hou et al. [10] integrate the finite state machine
and event—condition—action frameworks to give a more inter-
pretable solution. Wang et al. [26] decompose the swarm
confrontation problem into multiple tasks to reduce the chal-
lenges of sparse reward learning. Kong et al. [38] employ the
goal—conditioned HRL framework with feedback and construct
a dual-aircraft formation air combat scenario. They make
interesting attempts to introduce HRL into swarm confronta-
tion. Inspired by them, we design a guaranteed stable HRL
method for quantifying the uncertainty caused by unknown
opponents’ strategies, moving obstacles, and insufficient train-
ing. It establishes a dynamic interaction mechanism between
the upper and lower layers, which has favorable potential for
solving the realization problem of swarm confrontation.

III. PROBLEM FORMULATION AND PRELIMINARIES
A. Definition of Swarm Confrontation

This study considers the swarm confrontation as a
pursuit—evasion game where exists dynamic obstacles. There
are multiple pursuers under different abilities’ constraints to
jointly guard the preset target point. They need to work
together to capture evaders as soon as possible while avoiding
collisions with obstacles and neighbors. Evaders need to get
to the preset target point as quickly as possible without being
caught by pursuers, as shown in Fig.1. We use blue and red
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Representation of the parameters involved in the pursuit-evasion

agents to denote pursuers and evaders, respectively. Dy, Dy,
and D;3 denote the length and width of the battlefield area
and the straight-line distance between the starting areas of
both sides, respectively. To simplify the movement of agents,
we consider the pursuit—evasion game in a two—dimensional
scenario. Let position and velocity vectors in two dimensions
be denoted by p and v, respectively. Pursuers and evaders can-
not exceed the boundaries of the scenario and the maximum
dynamic constraints, which can be bounded as

D, D,
< py < —,
2
D, -, - D,
= py = 2 ’
vl = v llmax (D

where ||-|| denotes the Euclidean norm. p, and p, denote
the positions of the horizontal and vertical coordinates,
respectively. ||v]lmax denotes the maximum velocity magnitude.

Let U, = Afupili=1,...,1} and U, =
{uejlj=1,...,J} denote a swarm of pursuers and
evaders, respectively. Both pursuers and evaders should avoid
dynamic obstacles O = {ox|k =1, ..., K}. For any pursuer
up;i = (p,v, oc, IVllmax), p- denotes the capture radius.
For any evader u,; = (p, v, |V|lmax), its maximum velocity
magnitude is greater than the pursuers. We consider the
agent and obstacle as the circle models with radius p, and
Do, respectively. In this paper, we design the HRL method
for pursuers, while evaders use the artificial potential field
method [36]. The HRL method reflects the commands and
actions of the pursuit—evasion game into target allocation and
path planning, respectively, through the divide—and—conquer
framework approach. We can use x;; to denote the allocation
variable which represents whether to allocate u,; to u, ;.
It yields that

1, if up; is allocated to u, ;

2

Xij = .
0, otherwise
[x,- j], i € I, j € J denotes the allocation matrix for all

pursuers. Subsequently, pursuers chase the assigned target
through real-time path planning. Throughout the process,
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target allocation and path planning are dynamically alternated.
For pursuers and evaders, we design the rules as follows:

1) Each pursuer is allowed to select only one evader, and
one evader can be assigned to several pursuers.

2) If an evader enters the capture radius of one of the
pursuers, it is being captured.

3) Both evaders and pursuers that satisfy rule 2) cannot
continue moving.

4) The successful condition of pursuers: evaders do not reach
the preset target point within the specified time or more
than half of evaders are captured.

5) The successful condition of evaders: more than half of
evaders can reach the predetermined target point within
the time limit without being captured by pursuers.

Rule 3) explains that a pursuer can capture up to one evader.
We set up that there is the same number of pursuers and
evaders in the pursuit—evasion game. If pursuers are less than
evaders, pursuers cannot capture all the evaders in this setting.
Otherwise, if pursuers are more than evaders, it will be not
critical for pursuers to develop a strategy to capture as many
evaders as possible.

B. Markov Decision Process

Let R denote the set of real numbers. E denotes the mathe-
matical expectation. We can model reinforcement learning by
a Markov decision process (MDP). We represent the MDP as
a five-tuple (S, A, P, R,y). S and A denote the state of the
environment and action of the agent, respectively. P(s,a) :
S x A x S — [0, 1] denotes the state transition probabilities,
R : S x A — R denotes the reward function, and y denotes
the discount factor.

MDP is the case when there is only a single agent or when
the system is considered a centralized agent. We can describe
a fully cooperative multi—agent reinforcement learning task as
a decentralized partially observable Markov decision process
(Dec-POMDP). We represent Dec-POMDP as a six—tuple
(S,A,P,R,Z,y), where the state space S, state transition
function P, reward function R and the discount factor y have
the same denotation as the MDP. For each agent i, at e A
and a = [a', -, a’] denote the action of each agent and the
set of the joint actions of all agents, respectively. z' € Z and
7= [zl, a7t ] denote the observation of each agent and the
set of the joint observations of all agents, respectively. I'* =
(zh. af, 24, aj, ...) is the trajectory of each agent interacting
with the environment under the strategy, where a ~ 7' (z})
and z/ | ~ P (2}, al) denote the selected action and reaching
observation at each decision step ¢, respectively. The purpose
of each agent is to optimize the policy network 7/ such that the
cumulative rewards Epii[> 2, y'r;], r; ~ R is maximized
under the policy.

IV. METHODOLOGY

In this section, we introduce the guaranteed stable HRL
method for solving the swarm confrontation problem in the
dynamic obstacles environment. In the upper layer, it con-
structs an MDP model and designs a centralized deep
Q-learning (DQN) algorithm for the target allocation. In the
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lower layer, it establishes a Dec-POMDP model and proposes
a multi-agent deep deterministic policy gradient (MADDPG)
algorithm for path planning. Then, the method feeds the
cumulative rewards from the lower to the upper, and adopts
a probabilistic ensemble network to quantify the uncertainty
caused by unknown evaders’ strategies, moving obstacles,
and insufficient training. Based on the uncertainty quantifi-
cation, we use an adaptive truncation method to optimize
the interaction frequency between the two layers. In addition,
we employ an improved model-based value expansion method
to enhance the sample utilization in the upper layer which has
fewer samples. Afterward, we design an integration training
method including pre—training and cross—training to enhance
the training efficiency and stability of our approach.

A. Upper Layer for Target Allocation
1) Markov Decision Process. The procedure of the tar-
get allocation in the upper layer can be deemed as a
sequential decision—making process, where a pursuer will
be assigned for each evader. We cast such a process as
an MDP which includes state space S, action space A,
reward R, and state transition P. The detailed definition
of our MDP is stated as follows.
e State. The state mainly consists of the current allocation
of all pursuers [xi J-] as well as information on pursuer i
that currently needs to be allocated. It can be given as

§= ([xij]’ Pis Vi, Pc,is ”U”max,i)« 3)

e Action. The action consists of information on the selected
evader, which is

a=(pj, vy, [Vlmax,j)- @

e Reward. The capture probability of pursuer i relative to
evader j can be assessed by the distance between them
and the capture radius, which is described as

_ pc,i
Pei + lpi — pjll

If there are multiple pursuers assigned to the same evader
j, then the joint capture probability is

= 1-Tl0-a). et =1} ©

i

qij &)

The capture value of the evader is related to its maximum
velocity magnitude, therefore, the goal of target alloca-
tion can be set to maximize the following effectiveness
function:

E([x;]) =

qj”v”max,j

|:1 —H(l —Clij):|||v||max,j- )

i

_M\ HM\

Let [)Z,- j] denote the allocation matrix after allocating
pursuer i to evader j. The local reward in allocation can
be obtained as

rato,1 = E([%5;]) — E([x;])- ®)
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Once all the pursuers have completed their assignments,
we get the global reward in allocation, which can be
calculated as

1
Fallo,2 = Y]E([xf])s ©)

where [x/] denotes the allocation matrix in final. The
static reward for target allocation is a linear operation
consisting of the local and global allocation rewards,
which can be expressed as follows:

Fallo = @1Fallo,1 + (1 — @1)ralo,2, (10)

where w; is the weighting factor between the local and
global allocation rewards.

State transition. After pursuer i selects evader j, x;;
becomes one, and it is the turn of pursuer i 4 1 for target
allocation.

Training method. Combining the above MDP settings,
we adopt double DQN for training on target alloca-
tion. The method estimates the optimal state—action
value function Q* : § x A — R through a param-
eterized neural network Qg(s;,a;) ~ Q*(s;,a;) =
E[R(s;, a;) + y max Q*(si11, ar41)], Vs, € S. The sub-
script 6 is the weighting factor of the value—function
network. For y &~ 1, Q* estimates the discounted returns
of the optimal strategy over an infinite range. The method
approximates Q* by Qp and the loss function is set in
the following form:

Lo =B, a)~pll Qo(si, ar) — ylI%, (11)

where y = R(s;,a;) + y max Qp-(S;+1, ar+1) 1 the
Q-target. The subscript 6~ is a slow—moving online aver-
age that avoids overestimation of Q*. At each iteration,
it is updated with the following rule:

0 < (1 =0)0; +¢06,, (12)

where ¢ € [0, 1) is a constant factor. D is a replay buffer
that iteratively grows as data are updated. We use the
same DQN network with a forward inference structure
as [39], thus decoupling the network from the size of
the problem, which is similar to the critic network in
deep deterministic policy gradient (DDPG). Based on
centralized DQN, the pursuers maximize the cumulative
rewards in (10) with a cooperative approach for optimal
target allocation.

B. Lower Layer for Path Planning

1y

Decentralized Partially Observable Markov Decision
Process. Based on the allocation result of the upper
layer, each pursuer needs to plan a route to chase the
assigned evader and avoid collisions. We model this
process as a Dec-POMDP, including the state space S,
observation space Z, action space A, reward R, and state
transition P:

State. The global state space includes information on all
pursuers and evaders. It can be described as

s = (Up, U.), 13)

2)

Observation. Considering the fast-moving characteristics
of agents, instead of setting fixed distance thresholds to
construct an observation vector, it is assumed that agents
can observe the nearest neighbor. The local observation
of a pursuer contains information on the allocated evader,
its nearest neighbor, and obstacle. It yields that

2= (pi, pj. P!+ P, Vi, v, VY, W), (14)

where p! and v} are the position and velocity of the
nearest neighbor of pursuer i.

Action. The action consists of the velocity magnitude
lv]| € [0, lvlimax] and velocity direction ¢ € [—m, 7]
of pursuer i, which is denoted as

a = ([vill, ¥i)-

Reward. To intercept the allocated evader, pursuer i
receives an intrinsic reward from the upper layer during
path planning. The intrinsic reward can be described as

15)

_lpi = pjll

+ra pi —pill < pci

=Y e pl e
a pc,i

In path planning, pursuers need to avoid collisions with

their neighbors and obstacles while chasing their allocated

targets. The avoidance reward is set in the following form:

a7

otherwise.

Tavo = Tavo,1 + Tavo,2-

If pursuer i enters the threat zone of its nearest obstacle
k (lpi = pell < pu + po + dune), there is
Il pi = pill — (Pu + po + dinr)
Tayo,1 = -
(ou + po + dinr)
otherwise, ravo.1 = 0. And if pursuer i enters the threat

zone of its nearest neighbor 20, < [lpi — pi'll < 204 +
diy), there is

rp, (18)

o e = PP = Qo din)
wo2 (Zpu + dlhr)

otherwise, rayo2 = 0. r4,7p, 7. are constant rewards.
We set a threat distance dy,, to avoid collisions between
pursuer i with its neighbors and obstacles. The final
reward for path planning is a linear operation consisting
of the intrinsic reward and avoidance reward, which can
be calculated as

e, (19)

Fpath = W2Fint + (I — w2)ravo. (20

where w, is the weighting factor between the intrinsic
reward and avoidance reward.

State transition. Based on the current state and decisions,
we can calculate the position at the next moment through
the first-order dynamics model

Pxiv1 = Pxg +8t[[v] cos ¢,

Py.i+1 = Pys +8t|[v] sin g, 2

where &t is the length of time step.
Training method. To enable pursuers to make decisions
based on local observations while realizing collaboration
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with each other to accomplish interception, we use the
MADDPG algorithm, which is a centralized training with
decentralized execution method. It designs a separate
critic network Qf; (zs, a,) for each agent, which is updated
similarly to (11) for double DQN as follows:

. ) -
Ll@ = E(z,,ut%D” ng(Zt’ a;) — yl I,

where y' = R'(z;, a,) + y max Q) (ze41, @r41). In addi-
tion, each agent holds a policy network 74 (zj) which has
the following loss function:

Lfg = _E(zhar)ND[Qé (@, a,)].

The subscript 8 is the weighting factor of the policy
network. Based on MADDPG, the pursuers maximize
the cumulative rewards in (20) by collaborating while
autonomous path planning.

(22)

(23)

C. Hierarchical Network Interaction Method

This study decouples target allocation and path planning
into a two-layer networks, and unifies them into a dynamic
cyclic process. After H time steps in path planning, we need
to redo the target allocation based on the current state, where
interaction step H is a variable related to the current state
s; and allocation ;. In this dynamic process, the upper
layer allocates targets and provides an intrinsic reward to
the lower layer, which chases the assigned targets while
avoiding obstacles through real-time path planning. To quan-
tify the uncertainty including variant opponents’ strategies
and transient battlefield environment, we construct a virtual
environment model M, that incorporates both state transition
and reward function, which is expressed as

§t+H,ft <—/\/l¢,(s,,a,), (24)

where §,, g, 7, denote the predicted value of s,y and r, with
the environment model, respectively. We use an ensemble
neural network (m;&, mg ) proposed in [29], which can
be used to quantify the epistemic and aleatoric uncertainty
in the environment. Epistemic uncertainty results from the
lack of sufficient training in the lower layer and aleatoric
uncertainty refers to the unknown enemies’ strategies and
moving obstacles in this study. It takes the state—action pair
as input and outputs Gaussian distribution N of the next state
and reward. The model mg can be expressed in the following
form:

my (s i | sear) = N(uh (s, a), 05(siap)),  (25)

where p and o represent the mean and variance of the
Gaussian distribution, respectively. This transition dynamics
model is trained to maximize the expected likelihood

2
1 log Ot (dz - :umg)
DIl 2

L} = E,.a)~p . (26)

20, b
Mg

where d, represents the model outputs. We omit the inputs
(s, a;) of Mol and Ol for brevity. Then, we employ the
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outputs of sub—models to denote the mean and variance of
the ensemble model My, which are calculated as

B
1
MM¢ = E Z I’nga
b=1

B
1
2 2 2 2
O, = B|: E (Umz —|—,umg) MM¢:|.

27)

The uncertainty of M, can be set to the variance of the
ensemble model. It is denoted as

V(Sz,az) =UJ2\4¢(sz,az)' (28)

Instead of the conventional fixed—step or infinity iteration
method, we adopt an adaptive truncation approach, which
calculates the prospective value of H by the following linear
operation:

H (s, a) = |—w3V (51, a;) + Hpasel, (29)

where w; is a weighting factor and H(s;, a,) is an integer
limited in [ Hpin, Hmax]. Subscripts base, min, and max are the
settled based, minimum, and maximum values, respectively.
x| = max{m € Z|m < x}, where x € R and Z denotes
the set of integers. In [40], it is mentioned that aleatoric
uncertainty cannot be reduced with training, but we quantify
the uncertainty to adjust the interaction frequency adaptively.
When uncertainty V(sl, a,) is higher, H is smaller, indicating
the need for more frequent target allocation by the upper layer.
As the model M fits the environment, the epistemic uncer-
tainty in the lower layer decreases, as well as the frequency
of target allocation.

In addition, we feed the cumulative rewards to the upper
after the lower executes H time steps, as shown in Fig. 2.
The static allocation reward in (10) and the cumulative path
rewards in (20) encourage agents to allocate reasonable targets
and plan feasible paths, respectively. Therefore, the upper layer
linearly weights the above rewards as the total reward for target
allocation, which can be denoted as

H

Tiotal = H - ranio + E Tpath 1 Feapt>
1

(30)

where 7 is an additional reward equal to the number of
captured evaders during these H time steps. Based on the
total reward, the upper layer is updated by making a trade—off
among the above three objective rewards simultaneously. How-
ever, samples are greatly reduced since the effect of a single
allocation in the upper layer can only be obtained from the
feedback of the lower layer planning after H steps. Here,
we employ an improved model-based value expansion (IMVE)
method to improve the sample utilization of the upper layer.
The method performs N-step value estimation based on the
real environment state and allows Qg of N steps to converge to
Q*. Similar to H(s;, a,), N(s;, a,) is affect by the uncertainty
quantified by the model M. We can calculate the prospective
length of N in the following form:

N(si,ar) = L—@aV (51, @) + Nigsel (31)
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Fig. 2. Structure of the two—layer networks under swarm confrontation.

where w4 is a weighting factor and N(s;, a;) is an integer
limited in [1, Nyax]. The goal of policy in double DQN is to

maximize the long—term cumulative rewards for all future
moments, which can be expressed as

wi(s;) = arg max E[Z Y™ R (S, am):| (32)

m=t
where arg max F(x) represents the value of variable x when

F(x) obta)icns its maximum value. We reduce the prediction
interval from infinity to a visual step N, and replace the reward
R(sy, a,) with the cumulative rewards Z;m yér, in (32).
The strategy of IMVE can be described in the following form:

t+N oo
7, (s;) = arg max E[Z y’”(z ygrg):|. (33)
g=m

Ar:t+N

It produces a locally optimal solution by performing predictive
control based on the single moment ¢. Through rolling itera-
tions at different times, it generates multiple locally optimal
solutions and calculates the optimal value. The use of cumula-
tive rewards compensates for the lack of the terminal reward.
IMVE improves the sample utilization and training efficiency
by performing N-step value estimation and convergence, the
loss function in (11) is improved as follows:

m=t

N-1

~ . . 2
Lo = E,.a)~D Z &N Qo (Se+a,> drrm,) = Yerm, 1%,
n=0

(34)

where H, is defined in the following recursive form:
Hn = H(stJan,] B atJrH,l,l) + anlv (35)

where Hy = 0. The Q-target is modified as follows:

Yerr, = DV " Frai vV max Q- (Ssmy - dipny)- (36)

In (34), it introduces a discount weight @, which is related to
the uncertainty of the model M, with respect to the sample
(5, a) produced. @ is assigned as follows:

(;)(S:f’ &1) = _605‘7(&\“ CAZt) + @bases (37)

where w4 is a weighting factor and &(8,,d,) is limited in
[c?)min, 1]. By constructing the environment model Mg, we can
quantify the epistemic and aleatoric uncertainty, thus allowing
H, N, and @ to adjust adaptively. Moreover, it allows us to
improve the sample utilization of the upper layer based on
IMVE. The framework of our method is shown in Fig. 3.

D. Integration Training Method

Within the HRL, we design the upper layer and lower
layer for target allocation and path planning, respectively. The
upper layer assigns targets and intrinsic rewards to the lower
layer, and the cumulative rewards of the lower are fed to the
upper after H time steps. To deal with the strong correlation
between the two layers, we propose the integration training
method (ITM) consisting of pre—training and cross—training.
The training framework is shown in Algorithm 1.

At the beginning of the ITM, we construct the pre—training
phase for the upper layer and lower layer for E,, and E,;
episodes, respectively. This phase allows the upper layer to
learn a static allocation strategy and the lower layer to train
an initial path planning policy, which supports the subsequent
training phase. After the pre—training phase, we cross—train
the two—layer networks for E, episodes. Since the value of H
keeps changing according to the state s and allocation result a,
we have to keep it refreshed. Also, the model My is keeping
updating at the same time in this phase.

Based on this method, we can effectively utilize a large
amount of data to learn the initial network in pre—training,
thus speeding up the learning process. In addition, it can avoid
training instability due to the interactions between the two
layers in cross—training.

V. EXPERIMENTS

In this section, extensive experiments are conducted to
evaluate the performance of our HRL method for solving the
swarm confrontation problem in different sizes. In compar-
ison experiments, we adopt various baselines including the
expert system, game theory, heuristic, and traditional DRL
algorithms. We verify the influence of the adaptive frequency
approach and I'TM in ablation studies. Moreover, we apply the
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Fig. 3. Framework of our method and IMVE.

model trained under a small size to solve larger ones to inves-
tigate the generalization of our method. Finally, we deploy the
model after integration training in simulations to the real-robot
system.

A. Setting Up

Before analyzing the comparative results, we first introduce
the detailed settings of simulations. Following the convention
n [10], [25], and [37], we generate the starting locations of
pursuers and evaders in the rectangular area (D = 40m, D, =
20m, D3 = 30m). The target point of evaders is behind
the pursuers. Three scenarios including ten pursuers versus
ten evaders (termed as V10), fifteen pursuers versus fifteen
evaders (termed as V15), and twenty pursuers versus twenty
evaders (termed as V20) are considered in our experiment, all
in the presence of four moving obstacles. In each scenario,
we set up five different abilities of pursuers and evaders. The
capture radius of pursuers p. is equalized from 0.6m to 1m.
The maximum velocity magnitudes of pursuers are all set to
0.5m/s. The maximum velocity magnitudes of evaders are
equalized from 0.6m/s to 1m/s. The radius of the agents
and obstacles are 0.2m and 0.5m, respectively. Each obstacle
keeps moving at a constant velocity over a certain time
interval, while the magnitude |v,|| € [0.2,0.5] and direction
Y, € [—m, w] of the velocity change randomly between every
interval.

For algorithm training, we pre—train the upper layer and
lower layer for E,, = 300 and E,; = 20 episodes in
100 randomly generated instances, respectively. The training
steps of upper layer 7, are equal to the number of pursuers,
and the training steps of lower layer 7; = 300. Then, the
cross—training is adopted for E, = 60 episodes in the gener-
ated instances above. In this way, we can enhance the training
efficiency and stability of the proposed method. We list all the
hyperparameters in Table I to demonstrate the details of our
algorithm.

We use the artificial potential field method with attractive
and repulsive forces to find a motion vector for evaders. The
preset target point exerts an attractive force in the direction of
the vector between the target point and the evader. In addition,
the pursuers, neighbors, and obstacles exert repulsive forces
so that the evader can avoid being captured or collision.
The repulsive forces decrease proportionally to the distance
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TABLE I
THE HYPERPARAMETERS OF UPPER LAYER AND LOWER LAYER
Parameter Upper layer Lower layer
Learning rate o 104 1073
Discount factor v 0.95 0.99
Refresh factor ¢ 10—2 10—2
Batch size || D|| 120 1256
Optimizer Adam Adam
squared. The velocity is denoted as
Par — Pj pPj—P
R e R S e A
Par = Pj we[U,.U.,0], Pj— Puw
w#j

where py,, is the position of the target point.

B. Learning Performance in Pre—training

We conduct these simulations on a server with a Win-
dows 10 operating system, Intel Core i7-11700 CPU, 16-GB
memory, and Radeon 520 GPU. All simulation programs are
developed based on Python 3.7 and PyCharm 2022.2.3 com-
piler. The learning curves for each scenario of the upper layer
and lower layer during the pre—training process are shown in
Fig. 4. The horizontal axis refers to the number of episodes.
The vertical axis of target allocation and path planning refers
to the episode returns calculated by (10) and (20), respectively.
To plot experimental curves, we adopt solid curves to depict
the mean of all instances and shaded regions corresponding
to standard deviation among instances. We can observe that
the completely randomized experience replay can lead to
performance fluctuations in the initial stage due to the use
of the centralized algorithm in the upper layer. Since the
rewards of target allocation and path planning are related to
the number of agents, the episode returns gradually decrease as
the problem size of swarm confrontation increases. The curves
for both upper and lower converge stably in different sizes,
suggesting that they have learned valid policies. Based on the
pre—trained upper layer and lower layer, we can cross—train
the two layers and compare our method with other baselines.

C. Comparison Analysis in Cross—Training

In the cross—training process, we employ the proposed
method to improve the performance of the two layers.
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Algorithm 1 Integration Training Method

Input: the number of upper layer pre-training episodes E, ,;
the number of lower layer pre-training episodes E,;; the
number of upper layer training steps 7,; the number of
lower layer training steps 7;; the number of cross-training
episodes E.;

Initialization: the training datasets of the pre-training and
cross-training processes; the parameters of networks in the
upper layer Qy,, lower layer Qé,, 71;5,, and Model M;

I: foralle = 1 - E,, do

22 forallt = 1— T, do

3: r, < Eq. (10); > static allocation reward
4: L, < Eq. (11);

5: Refresh network Qg,; > gradient-descent
6: end for

7: end for

8: foralle = 1— E,; do

9.0 forallr = 1 — T, do

10: r < Eq. (20); > path planning reward
11: L; < Eq. (22)—(23);

12: Refresh networks Qf;,, né,;

13:  end for

14: end for

15: foralle = 1 — E. do

16: ty <1, H < Eq. (29) > initialize H

17 forallt = 1 — T, do

18: r; < Eq. (20);

19: L, < Eq. (22)-(23);

20: Refresh networks Qj , 71/’51;

21: if t = to + H then

22: r, < Eq. (30); > total reward
23: L, < Eq. (11);

24: Refresh networks Qp, and M;

25: to < t, H < Eq. (29) > refresh H
26: end if

27:  end for

28: end for

We compare the method with the baselines including the
expert system, game theory, heuristic approach, and traditional
DRL. IMVE adopts a rolling optimization approach to enhance
the sample utilization of the upper layer. To investigate the
influence of IMVE, we further conduct an ablation study with
HRL absent on the IMVE method. The baselines are briefly
introduced as follows.

1) Expert system: Based on the rules of the target allocation
and path planning in [10], the algorithm can match the
optimal action to the current state. Therefore, it is also a
rule-based swarm confrontation approach.

2) Game theory: The algorithm models the scenario as a
differential game and seeks strategies using Nash equi-
librium in a two—coalition non—cooperative game [32],
which ultimately obtains the pursuers’ strategies.

3) Heuristic algorithm: The algorithm constructs biologi-
cally inspired mobile adaptive networks to imitate the
dynamics confrontation of swarms [3]. By building a dis-
tributed modular framework that includes target allocation

IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING, VOL. 22, 2025

-25
=30
w35
=
St
£ 40
]
&~
—45
— V10
0 — V15
—55 V20
200 400 600 800
Episodes
(a)
-250
-500
=750
£ —1000
o
E
T —1250
=2
—-1500
— V10
-1750 Vis
—2000 V20
0.0 2.5 5.0 75 100 125 15.0 175
Episodes

(W)

Fig. 4. Learning curves of the pre—training for upper layer and lower layer.
(a) Target allocation. (b) Path planning.

and path planning, pursuers make successive and prompt
decisions.

4) DRL: The algorithm considers swarm confrontation as
an MDP process and directly employs multi—agent rein-
forcement learning to output the pursuers’ strategies
end—to—end [37].

5) HRL/IMVE: An approach adopts the uncertainty quan-
tification as our HRL method, while it updates the upper
layer without IMVE.

The learning curves of HRL and baselines in different—size
swarms are presented in Fig. 5. Expert system, game theory,
and heuristic algorithms can develop strategies for pur-
suers in different instances. Among these three non—learning
algorithms, game theory performs the worst in uncertainty sce-
narios. The heuristic algorithm outperforms the expert system
algorithm in large—scale swarms. Learning—based algorithms
do not perform as well as non-learning algorithms at first due
to the randomness of the initial strategy. However, with con-
tinuous exploration and training, their performance gradually
surpasses the latter. Due to the hybrid decision space in swarm
confrontation, the performance of DRL decreases continuously
in the later training. In contrast, HRL can find better strategies
than non-learning algorithms in different sizes. In addition,
with the IMVE method, the performance curve converges in
fewer episodes, effectively improving the learning efficiency
of HRL.
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TABLE I
EXPERIMENT RESULTS OF OUR METHOD AND BASELINES IN DIFFERENT-SIZE SWARMS
Method ‘V10 ‘V15 -V20
Re. Ti.(s) W.R.(%) Re. Ti.(s) WR.(%) Re. Ti.(s) W.R.(%)
Expert system -1521 8.26 86 -2603 8.89 79 -3610 9.67 72
Game theory -1816 4.39 69 -2809 7.71 72 -3804 10.43 68
Heuristic -1564 6.45 85 -2435 13.58 83 -3302 25.30 80
DRL -1703 0.49 77 -2847 0.73 70 -3786 1.06 69
UQ-HRL/IMVE -1182 0.86 93 -2091 1.20 90 -3078 1.87 86
UQ-HRL -1177 0.87 94 -2093 1.22 90 -3071 1.87 87

We further deploy the policy networks trained by the
learning—based methods in 100 different instances and com-
pare them with the non-learning algorithms. We propose two
additional evaluation metrics: decision time and confrontation
win rate. Decision time refers to the total time taken by all
pursuers for target allocation and path planning based on
their observations. We take the average value after running
different instances. The confrontation win rate refers to the
ratio of the number of pursuers’ successes to the number of
all instances. The average experiment results of 100 instances
in different sizes are shown in Table II. The table gathers the
episode returns (Re.), decision time (Ti.), and confrontation
win rate (W.R.) of all methods. We can observe that there
is a relationship between the win rate and episode returns,
which is calculated by the reward function in this study.
Pursuers train their strategies to achieve higher returns, which
leads to a greater win rate in the confrontation. Among these
three non—learning algorithms, the heuristic algorithm has a
longer decision time, although its returns and win rate are
higher as the problem size increases. Due to the end—to—end
approach, DRL has the shortest decision time, but its returns
and win rate are much less than HRL. IMVE enhances the
training efficiency of the method, but there is no additional
improvement in its decision—-making performance in the case
of policy convergence. As a result, all three metrics for HRL
and HRL/IMVE are similar in different scales. The results
show that our method achieves better episode returns, decision
time, and confrontation win rate than the baselines, especially
on large—scale instances. The reason for this is that swarm
confrontation in a dynamic obstacle environment has a high
degree of uncertainty, and the baselines lack the ability to
handle it. Our method optimizes the dynamic mechanism
between the two layers based on the probabilistic ensemble
model, which quantifies the uncertainty in the scenario.

D. Ablation Study for Adaptive Interaction Frequency

In our method, we construct a probabilistic ensemble model
between the upper and lower to quantify the uncertainty.
The method optimizes the interaction frequency between
the two layers based on the adaptive truncation approach.
With adaptive interaction frequency, we construct a dynamic
mechanism between target allocation and path planning that
enables pursuers to overcome uncertainty while chasing the
evaders. To illustrate the effectiveness of the adaptive fre-
quency approach in our method, we conduct an ablation
study by fixing interaction step H to three sets of constants
(H 13,16, 19). We compare our adaptive method with
them in the cross—training process in different scenarios. The
learning curves are shown in Fig. 6. When H is a constant,
the curves first decline for a while, and the decline is greater
as H is smaller, which means the target is assigned more
frequently. This is due to the fact that the upper layer, which
is only pre—trained, is less capable of handling uncertainty, and
frequent use leads to a drop in performance. When the upper
layer has gone through several episodes of cross—training,
the curves will eventually converge to sub—optimal values,
although they will rise rapidly. Furthermore, the error of
sub—optimal values will become larger as the problem size
increases.

Moreover, we plot the value of H for the adaptive method in
different sizes and different episodes (0-60) of cross—training
in Fig. 7. The horizontal coordinate refers to the time steps in
each episode, and the vertical coordinate refers to the value
of H. In the early stage of training, the method decreases
the interaction step H to augment the training samples in
the upper layer. Through constant training, the epistemic
uncertainty in the lower layer decreases, so the interaction fre-
quency becomes progressively lower. However, since aleatoric
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uncertainty cannot be eliminated, the increment in H stabilizes
after episode 15. In addition, during time steps 50-250, the
interaction frequency will be higher than the other time steps
because the pursuers will meet with evaders and obstacles, and
the aleatoric uncertainty will be higher at this time. Based on
the adaptive frequency method, we can overcome the negative
effects of uncertainty on cross—training, and finally achieve a
favorable training effect.

E. Ablation Study on ITM

In ITM, we pre—train the upper layer and lower layer based
on the rewards referred to (10) and (20), respectively. The
pre—training phase allows the upper layer to learn a static
allocation strategy and the lower layer to train an initial
path planning policy. We conduct an ablation study in the
cross—training to investigate the efficiency of pre—training
for the upper and lower. The learning curves are shown
in Fig. 8, where “ITM/X” refers to adopting ITM but
without the pre—training in the “X”. For example, ITM/UL
denotes the training process only includes the pre—training
in the lower layer and cross—training. Due to the lack of
pre—training in the upper layer, the training efficiency of
ITM/UL is significantly reduced. The curves of ITM/LL
first decline for a while, which is attributed to the poor
ability of the lower layer that lacks pre—training to deal
with uncertainty. The absence of pre—training on two layers
leads ITM/UL&LL to perform the worst in cross-training,
although it does not affect the final convergence value. More-
over, the effect of pre—training becomes more obvious as
the problem size increases. The results verify that ITM can
effectively speed up the learning process and avoid training
instability.

F. Generalization to Larger-Size Swarms

In larger—scale swarm confrontation scenarios including
V25, V30, and V35, we will lose a lot of computational
resources by retraining the model. Therefore, we expect the
trained model to have favorable generalization performance.
We employ the trained two-layer networks to solve the
instances with more agents and obstacles to verify the gen-
eralization performance of HRL. The models we trained in
V10, V15, and V20 are generalized to solve the problem of
larger sizes. The generalization results are shown in Fig. 9,
where the horizontal axis refers to the scenario sizes, and the
vertical axis refers to the episode returns. The legend refers
to the model we trained in different sizes. Among scenarios
V10-V20, the model trained for a certain size performs best on
the corresponding scenario compared to those trained for other
sizes. Although models trained on a smaller size have lower
returns, they still outperform expert system, game theory,
heuristic approach, and DRL. Due to the uncertainty associated
with the increase in the number of obstacles, the path planning
of the agents becomes more complex and the path reward is
reduced. We observe that the model trained in V20 performs
best on scenarios V25-V35, since it has a higher capability to
handle uncertainty than the other models.

We compare the model trained in V20 with the baselines
in scenarios V25-V35 similar to Table II. The average experi-
ment results are shown in Table III, which displays the episode
returns (Re.), decision time (Ti.), and confrontation win rate
(W.R.) testing in different problem sizes. As can be seen, HRL
outperforms other baselines in all instances. To further inves-
tigate the generalization of our method, we utilize the trained
model to solve instances with eight obstacles in Table III.
An increase in the number of obstacles leads to a decrease in
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path rewards, but has a very small effect on confrontation win
rate. The results demonstrate that the trained policies under
small-size swarms are able to deal with the uncertainty in
various—scale scenarios. Therefore, our method has a strong
generalization on the swarm confrontation problem.

G. Emerged Coordinated Confrontation Behaviors

With sufficient training from scratch, the proposed HRL
method can emerge effective target allocation and path plan-
ning strategies. Here, we visualize the results of trained
networks with our method on one of the V10 instances in
Fig. 10, and analyze the coordinated behaviors in each stage.

Episodes
ITM/UL&LL

30 40 50 0 10 20 30 40 50
Episodes

—— ITM/UL —&— ITM/LL I™

Pursuers and evaders are labeled with “X” indicating their
identification numbers. The figure illustrates the process of
target allocation and path planning by pursuers through policy
networks at different time steps. In the figure, the upper layer
assigns targets based on pursuers’ and evaders’ attributes to
maximize the total reward in (30). The lower layer further
plans the safe paths to chase evaders while avoiding collisions
with obstacles and neighbors.

Time steps 0—50: The upper layer allows for an even target
allocation of pursuers to ensure the best possible coverage of
the defended area.

Time steps 50-100: After time step 50, the pursuers
begin to encounter evaders and obstacles, introducing more
environmental uncertainty into decision—making. Since pur-
suers with a large radius have a wider capture range, the upper
layer will prioritize mobilizing them to chase evaders with
faster escape velocities, such as evader 4 and evader 7.

Time steps 100-200: In the round—up of evader 7, the
pursuers with a large capture radius surround evader 7 by path
planning, and then allow the pursuer 2 with a smaller radius to
conduct the final capture. This strategy preserves the pursuers
with large radius by sacrificing the ones with smaller radius,
which is beneficial to subsequent capture.

Time steps 200-250: After the evaders have escaped the
initial round—up by the pursuers, the latter will choose to turn
around and chase. The upper layer will assign the pursuers
priority to evaders who are closer because they have a higher
probability of being captured. Evaders may be hindered by the
obstacles or neighbors ahead, resulting in a loss of velocities,
and the pursuers eventually catch up with them.

Time steps 250-300: Even though evader 9 is approaching
the target area, the others have been captured by pursuers.
According to the rules in Section III-A, pursuers capture more
than half of the evaders, which win the confrontation. There-
fore, our trained models could deliver reasonably favorable
solutions in the swarm confrontation.

H. Deployment in Real-Robot System

To verify the adaptability of our method in the real world,
we conduct experiments with an actual robot system shown in
Fig. 11. We consider three pursuers versus three evaders in a
static—obstacle scenario, where its setting is consistent with the
definition in Section III-A. In the experiment, we maneuver
agents by the ground control system with motion capture from
Optitrack. By performing integration training in simulations,
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TABLE III
GENERALIZATION RESULTS OF OUR METHOD AND BASELINES IN DIFFERENT SIZE SWARMS

Number of Method V25 V30 V35
obstacles Re. Ti.(s) W.R.(%) Re. Ti.(s) W.R.(%) Re. Ti.(s) W.R.(%)
Expert system -4738 10.25 69 -5763 11.03 66 -6984 12.12 62
Game theory -4799 14.17 67 -5905 18.89 63 -7149 24.32 60
4 Heuristic -4186 40.82 78 -5094 61.34 76 -6027 88.73 75
DRL -4832 1.58 66 -5871 2.10 63 -6758 2.86 65
UQ-HRL -3911 2.41 86 -4862 3.05 84 -5703 4.20 83
Expert system -5392 10.89 67 -6499 11.94 65 -7841 13.17 60
Game theory -5521 15.87 66 -6737 20.69 62 -8120 26.85 57
8 Heuristic -4849 48.95 80 -5855 70.47 75 -6834 99.51 73
DRL -5296 1.74 68 -6344 2.59 66 -7295 3.37 65
UQ-HRL -4194 2.88 84 -5213 3.61 83 -6159 4.93 80
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Fig. 10. The swarm confrontation process with HRL in scenario V10.

we can get the target allocation and path planning networks the positions of all agents. Then the algorithm calculates the
of pursuers, which can be deployed directly in real robots. observation of each agent and outputs the position command
Our algorithm receives messages from Optitrack, including with the above two networks, which is sent to the ground
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Deployment in the real robot system.

control system. Based on these networks, pursuers can cap-
ture all evaders while avoiding collision. The experiment’s
success verifies that the designed method can accomplish
the pursuit—evasion game through offline training and online
decision—making.

VI. CONCLUSION

This paper has presented a guaranteed stable HRL method
for hybrid decision spaces and high uncertainty in swarm
confrontation. It has designed two-layer DRL networks to
reflect commands and actions with target allocation and
path planning, and quantifies the uncertainty by constructing
a probabilistic ensemble model. Furthermore, the method
has optimized the interaction mechanism and enhanced the
sample utilization based on the uncertainty quantification.
We have also proposed an integration training method includ-
ing pre—training and cross—training to improve the training
efficiency and stability. The experiment results have shown
that our method achieves better episode returns, decision time,
and confrontation win rate than the baselines, especially on
large—size swarms. The influence of the adaptive frequency
approach and ITM has been verified via ablation studies.
Moreover, we have demonstrated the generalization of our
method by applying a model trained under small-size swarms
to the larger ones. After sufficient training, our method could
emerge effective swarm confrontation strategies for agents and
be deployed directly in the real-robot system.
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