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Fig. 1: A long exposure image of the hardware demonstration for a 2 vs. 2 pursuit-evasion problem. The pursuers (red)
start at the goal on the right and the evaders (blue) start on the left. The pursuers attempt to intercept the evaders while the
evaders use multi-agent reinforcement learning to disable pursuers before reaching the goal.

Abstract— In this work, we investigate cooperative strategies

for an evader drone team of various sizes using multi-agent

reinforcement learning in a multi-agent pursuit-evasion sce-

nario. The objective of the evader team is to reach a goal with

minimal velocity while not colliding with the pursuer team.

The objective of the pursuer team is to defend the goal by

catching evaders before they reach it. In this environment, we

allow the pursuer to have superior control authority compared

to the evader such that reaching the goal is challenging for

the evader in a one-on-one scenario. The proposed strategy for

an evader is to team up with an ally to lead pursuers into a

collision with each other instead of intercepting the evader. We

design policies using multi-agent proximal policy optimization,

an actor-critic reinforcement learning method, and investigate

how the learned strategy changes when we vary the size of

the pursuer and evader teams. Finally, we demonstrate the

learned policy’s sim-to-real capabilities through a hardware

demonstration.

I. INTRODUCTION

Pursuit-evasion (PE) [1], [2] problems have been a topic
of research for the past few decades. Variations of PE that
have been studied include limited visibility [3], single evader
and multi-pursuer with complex dynamic environment inter-
actions [4], limited information transmission of the evader’s
position [5], obstacles in the environment [6], a faster evader
[7], [8], a faster pursuer with limited visibility in the context

1School of Electrical and Computer Engineering, Georgia
Institute of Technology, Atlanta, GA 30332, USA. Emails:
{christian.llanes, sam.coogan}@gatech.edu

2Sandia National Laboratories, Albuquerque, NM 87123, USA.
Emails: {swjense, kwilli3}@sandia.gov

of search complexity [9], and an evader using nonlinear
model predictive tracking control [10]. Pursuit-evasion can
be categorized into three types based on speed of pursuer
and evader: a faster evader, an equally matched evader and
pursuer, and a faster pursuer. The faster pursuer problem is
generally limited in the literature to simple two-dimensional
problems with constant velocity. However, there is a need for
studying more complex multi-agent pursuit-evasion problems
and especially when the pursuer is faster or has superior
control capabilities compared to the evader. In the context of
this paper, we refer to multi-agent as both sides in the PE
problem each having more than one agent.

In this work, we set up a multi-agent pursuit-evasion prob-
lem (MAPE) where an evader team is tasked with reaching
a target in an arena with a pursuer team defending the
target. Additionally, each agent has six degrees of freedom.
The pursuers are assumed to have a fixed strategy using
the evader’s position and velocity. In this work, we test
two pursuer strategies – pure pursuit (PP) and augmented
proportional navigation (APN). Additionally, pursuers have
superior acceleration capabilities compared to the evaders.
Therefore, in a one-on-one scenario it is challenging for the
evaders to reach the target before being captured by pursuers.
To increase evader success rate, evaders can cooperate to lead
pursuers into collisions with each other before attempting to
reach the target. Cooperation strategies for the evader are
learned using multi-agent reinforcement learning (MARL) to
lead pursuers into a collision before navigating to the goal.

We summarize our contributions as follows:



1) We develop a multi-agent proximal policy optimization
algorithm for the full six degree of freedom MAPE
problem for drone swarms.

2) We propose a new augmented proportional navigation
policy for drone swarm defense.

3) We investigate the adaptability of our algorithm to
different team sizes by testing on 2 vs. 2 and 4 vs. 4
MAPE scenarios with different defensive policies: pure
pursuit and augmented proportional navigation.

4) We demonstrate the usefulness of this algorithm by
testing it on a 2 vs. 2 MAPE scenario on Crazyflie
hardware and verify the sim-to-real capabilities of the
trained actor network even with radio communication
delay, radio bandwidth, sensor noise, and model un-
certainties.

II. RELATED WORKS

A popular PE game originally proposed by Isaacs [2] is
the homicidal chauffeur game where a faster pursuer with
limited turn radius is pursuing a slower evader that can
make sharp turns. When the distance between the pursuer
and evader is within some capture radius then the evader
is said to be captured. A modified version of the homicidal
chauffeur with multiple pursuers is proposed by Bopardikar
et al. [11], where the authors propose a cooperative strategy
for pursuers to confine an evader within a bounded region.
Cooperative PE strategies have demonstrated interesting re-
sults in prior literature [12], [13], [14], [15], [16], [17].
Cooperative engagements may require increasing algorithm
complexity and scale poorly with the number of agents.
Kumar et al. [17] propose a cooperative guidance strategy for
survival of a cooperating team of unmanned aerial vehicles
(UAVs) against two attackers. However, the proposed method
is limited to 2-dimensional planar 2 vs. 2 engagements and to
pursuers that use proportional navigation or APN guidance
strategies.

Multi-agent reinforcement learning (MARL) has become
a topic of interest in the reinforcement learning community
stemming from game theory. MARL scenarios are typically
posed as team problems where each team has a specific
goal and typically requires cooperation amongst agents in
the same team. MARL has been previously used [14], [18],
[19] to solve PE and predator prey problems with cooperation
in complex environments for drone swarms. However, [18]
doesn’t consider obstacles in the environment and [14]
assumes obstacles are fixed. Similarly, both works assume
a 2-dimensional environment by fixing the altitude.

Makkapati et al. [20] discuss two scenarios for a two
pursuer and a single evader problem where both pursuers are
faster than the evader. In the first scenario, the pursuers have
knowledge of the evader’s position and velocity and therefore
use a constant-bearing strategy which guarantees capture of
the evader. In the second scenario, the pursuers only have
position information of the evader and therefore use a pure-
pursuit strategy. Since capture is guaranteed the objective of
the evader is to delay capture for as long as possible. The
proposed methodology is to first determine which pursuers

are most important and which do not affect the outcome
of the game. Then, the game is either a one-pursuer one-
evader game in the degenerate case, or in the non-degenerate
case, the optimal strategy of the evader involves simultaneous
capture by the two pursuers. Pachter et al. [21] further
characterize the geometric solution for the same scenario.
Similarly, Sun and Tsiotras [22] propose a two-pursuer one-
evader evader scenario with faster pursuers, but only one
pursuer is active at any time. The objective of the evader is
to also prolong capture as much as possible. They determine
an evasion strategy using optimal control and a suboptimal
strategy is proposed for generalized multi pursuer problems
where the evasion from the active pursuer is done through
line-of-sight until it reaches and follows a Voronoi cell
boundary formed by other inactive pursuers.

III. PROBLEM FORMULATION

A. Pursuit-Evasion Problem

In this section, we define the pursuit-evasion problem for
two multirotor drones such that one is the pursuer and the
other is the evader. The objective of the evader is to reach
an a priori defined goal location. The evader is said to have
completed the goal when velocity ||ve|| < !v and relative
position between evader and goal are within a ball such that
||pe →pgoal||< !goal. The objective of the pursuer is to catch
the evader before it reaches the goal. The pursuer is said to
have caught the evader when their relative position is within
a ball such that ||pe →pp||< !c.

The dynamics for the pursuer and evader are taken to be
a simplified form of multirotor drone dynamics given by

ṗx = vx, ṗy = vy, ṗz = vz

v̇x = [cos∀ cos# sin∃ + sin∀ sin#]uT

v̇y = [cos∀ sin∃ sin# → sin∀ cos#]uT

v̇z = [cos∀ cos∃ ]uT →g
∀̇ = %→1

∀ (∀des →∀)
∃̇ = %→1

∃ (∃des →∃)
#̇ = %→1

# (#des →#)

(1)

with position p = [px, py, pz]↑ and velocity v = [vx,vy,vz]↑

with gravitational acceleration g. The orientation is repre-
sented using Euler angles for roll ∀ ↓ [→&,&], pitch ∃ ↓
[→&/2,&/2], and yaw # ↓ [→&,&]. The control inputs are
the desired attitude angles ∀des, ∃des, and #des and mass-
normalized collective thrust uT . The simplified model as-
sumes an inner-loop PID controller tracks desired attitude
commands so that the attitude dynamics can be approximated
as a first-order linear system with time constants %∀ , %∃ , and
%# . This simplified model has proven successful in model
predictive control [23] for Crazyflie hardware.

The control strategy for the evader team is provided state
information of itself and the position pe, and velocity ve of
its evader target to define a desired acceleration command
using one of two proposed methods; pure pursuit (PP) and
augmented proportional navigation (APN).



The PP control law is defined as

ades = Kp(pe →pp)+Kv(ve →vp)+gzW (2)

for positive definite gain matrices Kp and Kv and world
frame z axis zW = [0,0,1]↑.

The APN desired acceleration vector uses a true Pro-
Nav term with closing velocity and rotation vector as well
as an additional term for feedforward target acceleration
perpendicular to the line of sight. We first define the position
of evader relative to pursuer as R = pe →pp and velocity of
evader relative to pursuer Vr = ve →vp. Then we define the
line-of-sight (LOS) rotation rate as

!̇ =
R↔Vr

R ·R . (3)

The projected acceleration of the evader in the line-of-sight
direction is defined as

aeLOS =
R

||R||

(
ae ·

R

||R||

)
(4)

for evader acceleration ae. The evader acceleration orthogo-
nal to the LOS is therefore

aeORTHO = ae →aeLOS . (5)

We define the APN pursuer desired acceleration vector as

ades = NFB(Vr ↔ !̇)+NFFaeORTHO +gzW (6)

with constants NFF and NFB for scaling feedforward and
feedback terms.

Since the drones are initialized with a zero velocity Vr
this results in a small feedback term which means the
pursuers don’t chase the evaders until they pick up more
speed. Therefore, we use the pure pursuit strategy until the
closing velocity Vc ↓R is within some threshold. The closing
velocity is defined as

Vc =→Vr ·
R

||R|| . (7)

Agents with a closing velocity Vc <Vcmin use the pure pursuit
strategy until the conditional is satisfied which then switches
the policy to APN.

Then a standard Mellinger-type [24] conversion converts
the desired acceleration into a desired rotation matrix and
collective thrust due to its robustness on the Crazyflie
hardware platform. The desired roll ∀pdes , pitch ∃pdes , and
yaw #pdes commands are extracted from the rotation matrix
assuming a ZY X sequence.

B. Multi-Agent Pursuit-Evasion
The superior pursuer assumption makes it difficult for

the evader to reach the goal within a radius of !goal and
velocity !v before being captured by the pursuer. In this
section, we redefine the problem statement for a multi-
agent pursuit-evasion (MAPE) problem that is related to the
problem defined in the prior section. In our approach, we are
interested in emergent behavior of cooperative evader teams
to improve goal success for the superior pursuer problem.

The objective of the MAPE problem is to maximize
the number of evaders that reach the goal within position
radius !goal and velocity !v. Specifically, reaching the goal
is defined as ||pei →pgoal||< !goal and ||vei ||< !v for evader
ei ↓ [0, ..,Ne] in a Ne-evader team. The objective of the
pursuer is to capture the assigned evader where the condition
for capture is defined as ||pei →ppi || < !c for evader ei and
pursuer pi ↓ [0, ..,Np] in a Np-pursuer team. With MAPE, we
allow collision between team members such that for evaders
the team collision is defined by ||pei → pe j || < !ecoll with
collision radius !ecoll and e j ↓ [0, ..,Ne],ei ↗= e j. Pursuer team
collision is similarly defined with collision radius !pcoll . An
evader is defined to be deactivated if it is caught by the
pursuers, reaches the goal, or crashes into another evader. A
pursuer is said to be deactivated if it catches an evader or
crashes into another pursuer. We assume that evaders have
knowledge of the active status of the other evaders and the
pursuers.

Another challenge in MAPE is target selection for the
pursuers. We take a simplified approach. At initialization,
evader targets are randomly assigned to each pursuer. If an
evader is deactivated then pursuers are reassigned to target
the closest evader. The evaders are given explicit knowledge
of which pursuer is targeting which evader. Pursuers are only
given information about its state and the position and velocity
of its current evader target. They are not given knowledge
of other pursuers’ or non-targeted evaders’ states. In order
for pursuer collisions to occur, evaders need to successfully
cooperate with each other.

IV. METHODOLOGY

Synthesizing optimal cooperative strategies for the MAPE
problem is challenging and becomes exponentially complex
with increasing team sizes. Therefore, we propose using
multi-agent reinforcement learning (MARL) to synthesize
pseudo-optimal cooperative strategies for the evaders with
varying team sizes.

A. Multi-Agent Reinforcement Learning

Reinforcement learning (RL) is a method for solving
Markov Decision Processes (MDPs) composed of state
observations, actions, and rewards. There are various RL
algorithms, but in this work we focus on Proximal Policy
Optimization (PPO) [25]. PPO is a constrained, on-policy,
reinforcement learning algorithm that uses an actor-critic
structure. The actor-critic method combines both value-based
and policy-based methods. That is, the critic provides the
value function and the actor provides the optimal policy
which are actions that yield the highest expected sum of
future rewards based on the current state of the environment.
Typically, the actor and critic are approximations using
neural networks as universal function approximators. For on-
policy methods, the neural networks are trained using explo-
ration and gradient-based algorithms. In PPO, an advantage
estimate from the critic is used in the policy update. There
are various approaches to estimating the advantage function



and in our work we used the generalized advantage estimate
(GAE) [26].

There are two common strategies for decentralized PPO in
multi-agent MDPs. One is independent PPO (IPPO), where
the problem is defined as solving N single agent problems
with other agents assumed to be part of the environment,
and the other is multi-agent PPO (MAPPO) [27]. MAPPO
is similar to IPPO but is differentiated by the use of a
centralized critic V∀ parameterized by ∀ . For homogeneous
agents, as in this work, the decentralized actor network &∃
shares parameters ∃ between all agents. In this work, we use
MAPPO with some slight adjustments as outlined. During
training, individual state-action trajectories are recorded for
each agent, along with the reward trajectory experience of
the whole multi-agent team. The termination criteria of state-
action trajectories is met when all evaders have succeeded,
collided, or timed-out. In the following, we summarize the
loss functions used to train the actor and critic networks
where we assume all the agent actors share the same param-
eters and the critic is a centralized critic using the global
state of the environment. The actor loss is defined as

La(∃) =
1

BNe

B

∀
b=1

Ne

∀
e=1

[
min

(
re

b(∃)Âb,LclipÂb

)]
(8)

where
Lclip = clip(re

b(∃),1→ ∋,1+ ∋) (9)

∋ is a clipping term from PPO, and Âb is the advantage
estimate in the batch which is calculated using the gener-
alized advantage estimate (GAE) [26] where (GAE is the
reward discount factor and )GAE is the smoothness factor.
Additionally, re

b(∃) =
&∃ (ae

b|o
e
b)

&∃old (a
e
b|o

e
b)

, for evader observation oe
b

and evader action ae
b in the trajectory batch of size B. V (sb)

is the output of the central value function given the global
state sb. The GAE is used to estimate the reward-to-go
R̂b = Âb +V∀old (sb). Therefore, the critic loss can be defined
as

Lc(∀) =
)critic

B

B

∀
b=1

[V∀new(sb)→ (Âb +V∀old (sb))]
2 (10)

where )critic is a hyperparameter to tune the effective learning
rate of the critic with respect to the actor network.

B. Observations

For this multi-agent Markov Decision Process formulation,
each evader observes its own state, i.e., position, velocity, and
attitude, as well as the state of all other evaders and pursuers
and a flag ) ↓ {0,1} that indicates whether that agent is
active. Additionally, we implement a one-hot encoding vector
for pursuer-evader targets. We define the one-hot evader
target vector for pursuer i as a bit array ∗pk of length Ne. We
define ēi := [px, py, pz,vx,vy,vz,∀ ,∃ ,#] as the full state of
evader i. Likewise, we define p̄i as the full state of pursuer
i. The global state st used by the central value function is a
concatenation of the full state of each agent in the MAPE

problem. Specifically, we define st as,

st := [ē j ↔)e j ,)e j , p̄k ↔)pk ,)pk ,∗pk ↔)pk ],

↘ j ↓ [0, ...,Ne], ↘k ↓ [0, ...,Np].

The observation for an evader i is defined as oei = [ēi,st ].
Notice in the observation the evader state ēi contains a copy
of itself in st . This approach allows a consistent ordering
of other evader agents in the team. This allows the neural
network to correlate the pursuer one-hot targeting vector
with indices of the evader observation. We mask the pursuer
states, evader states, and one-hot vector target using the
active flag ) . This avoids learning from these state elements
when they are no longer active in the problem while also
providing the flag to differentiate when the agent is active
versus deactivated at the origin. Putting ēi first in each oei
vector ensures the generic multi-agent evader policy can
correctly map evader state i to optimal action for evader i.

C. Actions

We use a Tanh activation function on the output of the
actor and apply the following gain and bias to actor policy
network output &∃ (ae

t |oe
t ) such that

ue = &∃ · [+e∀ ,+e∃ ,+e# ,+eT ]+ [0,0,0,g]

is the control action. The control action applied to evader i
is therefore uei = [∀des,∃des,#des,uT ]. We clamp the desired
control commands for the evader and pursuer within an
interval such that

∀pdes ↓ [→+p∀ ,+p∀ ]

∃pdes ↓ [→+p∃ ,+p∃ ]

#pdes ↓ [→+p# ,+p# ]

upT →g ↓ [→+pT ,+pT ]

∀edes ↓ [→+e∀ ,+e∀ ]

∃edes ↓ [→+e∃ ,+e∃ ]

#edes ↓ [→+e# ,+e# ]

ueT →g ↓ [→+eT ,+eT ].

As stated before, we are interested in the PE variation where
the pursuer has stronger control authority over the evader
which implies that +p∀ > +e∀ , +p∃ > +e∃ , +p# > +e# , and
+pT > +eT .

D. Rewards

While observations and actions are unique to each evader,
rewards are given to the team. Rewards are based on discrete
binary events as defined in Section III-B. In this section, we
summarize these events with discrete variables and define
our reward function using these discrete variables. For an
active evader ei i.e., )ei = 1, we define goal success as

successei =

{
true if ≃vei≃< !v and ≃pei →pgoal≃< !goal

false otherwise
(11)

for goal radius !goal and velocity residual !v. Next, we define
evader team collisions for an active evader ei,

collisionei =






true if ≃pei →pe j≃< !ecoll

⇐ j ↓ [0, ...,Ne], i ↗= j,)e j = 1,
false otherwise

(12)



for evader team collision radius !ecoll . For active pursuer pi
such that )pi = 1, we define pursuer team collisions as

collisionpi =






true if ≃ppi →pp j≃< !pcoll

⇐ j ↓ [0, ...,Np], i ↗= j,)p j = 1,
false otherwise

(13)

for pursuer team collision radius !pcoll . Define an active
pursuer p j capturing an active evader ei event as,

captureei
=






true if ≃pei →pp j≃< !c

⇐ j ↓ [0, ...,Np],)p j = 1.
false otherwise

Finally, we define an evader arena boundary collision for an
active evader ei as,

geofenceei,b =

{
true if ≃pei≃> !b,

false otherwise
(14)

where !b is the radius of the arena boundary. The reward
function for the multi-agent pursuit evasion problem is
defined as the sum of multiple discrete events

reward =
Ne

∀
i=1

(
Ks · successei →Kee · collisionei

→Kc · captureei
→Kb ·geofenceei

)
+

Np

∀
i=1

Kpp · collisionpi

(15)

where Ks,Kee,Kpp,Kc,Kb are tunable reward constants. Ad-
ditionally, we normalize the reward by the number of evader
and pursuer pairs. For this work, initially, there is always an
equal number of evaders and pursuers.

V. SIMULATIONS
In this section we present simulation results from our

trained models for the MAPE drone problem. We begin
with a discussion of our ablation study that compares our
trained MAPE models to other trained models with no
active pursuers and verify that the trained MAPE models
successfully increase the average number of evader success
through simulation results. We then discuss the model and
training configurations, simulation results, and compare our
method to a cooperative guidance strategy proposed in [17].

A. Ablation Study
We compare our trained models to various ablation base-

lines to verify that our trained models are successfully
improving evader success for the MAPE problem. In the
following discussion, we describe each ablation baseline for
the 2 vs. 2 pursuit-evasion problem, but each baseline is
also provided for the 4 vs. 4 problem. In the first baseline,
BL2v0, we train two evaders to reach the goal without
any pursuers. This provides a comparison for how good
the model can do to reach the goal if no evaders are
present with the initialization given. Then we test the trained
BL2v0 with two pursuers. This provides a baseline for how
well the pursuers can capture the evaders. Then, from the

BL2v0 model we train a second baseline, BL1v1, with one
random pursuer and a random evader at each initialization.
To test this baseline we place the trained model in a 2
vs. 2 scenario. This provides a naive approach without any
cooperative training scenarios. This combination of baselines
gives enough information to conclude whether our trained
MARL for evader teams model has learned cooperative
strategies to combat the MAPE problem. Additionally, we
implement the baselines for both the PP and APN pursuer
strategies.

B. Model and Training Configuration

The actor policy is represented by a fully connected
neural network architecture comprising two hidden layers,
each with 512 neurons. Both layers use ReLU activation
functions in between and a Tanh activation function on
the output as stated in Section IV-C. The critic is also
a fully connected neural network with two hidden layers
of width 512 with ReLu activation functions in between.
The output of the critic network is a scalar. To train the
MAPE problem for various team sizes, we construct a custom
gym environment and a MAPPO training interface using
PyTorch [28]. The gym environment is designed to run
any Ne vs. Np MAPE problem. We perform initialization
of the pursuers within a bounded box with side length Lp
centered at the goal. The evaders are initialized within a
volumetric segment in spherical coordinates. The sampled
parameters for each evader are the initial radial distance
,0 ↓ [,0,,0], inclination angle −0 ↓ [−0,−0], azimuth angle
.0 ↓ [. 0,. 0], and a centering offset for the azimuth angle
that is sampled in [0,2&]. The initialization and environment
parameters for each team scenario are tabulated in Table
Ia. The evader PP strategy diagonal gain matrices used in
the training and simulation are Kp = diag(6.3,6.3,20) and
Kv = diag(2.4,2.4,10). Additionally, for the APN strategy
we use the constants NFB = 5 for the feedback gain term
and NFF = 1 for the feedforward gain term. Coefficients are
tuned to provide good pursuer tracking performance.

We use curriculum learning [29] to stage the problem into
different difficulty levels. This is especially useful for the
4 vs. 4 scenario where we stage the problem into a subset
of scenarios of 2 vs. 2. That way the MAPPO algorithm
experiences different scenarios in training uniformly to learn
the switching behaviors it may require when the environment
team size changes in a test. We tabulate the hyperparameters
for MAPPO used in training in Table Ib. We tuned the reward
coefficients to maximize the number of successful events per
episode. The success event is the overall goal which is why
we significantly reward the agents and in order to reach this
success event the evaders need to make pursuers collide into
each other. There, we also prioritize rewarding pursuer-on-
pursuer collisions. We also noticed that penalizing capture
events in the 4 vs. 4 scenario leads to faster training.
Additional parameters used for the MAPE simulation are
!goal = 0.2m, !v = 0.1m, !ecoll = 0.2m, !pcoll = 0.2m, and
!c = 0.2m. For the arena boundary we use !b = 15m.



TABLE I: a) Initialization and environment parameters for
training different team sizes. b) Multi-agent proximal policy
optimization hyperparameters.

(a)

2 vs. 2 4 vs. 4

%∀ ,%∃ ,%# [s] 0.1 0.1
dt [s] 0.05 0.05
−0 [deg] 85 85
−0 [deg] 95 95
. 0 [deg] 0 0
. 0 [deg] 70 70
,0 [m] 3.5 5.5
,0 [m] 4 6.0
Lp [m] 0.5 1.0
Ks 30 30
Kee 2.5 5
Kpp 10 20
Kc 0 30
Kb 5 5
Vcmin [m/s] 2 2

(b)

parallel envs 128
steps per env 256
learning rate 1e-4
actor clip 0.05
network [512, 512]
activation ReLu
epochs 5
(GAE 0.99
)GAE 0.95
)critic 0.5

C. Simulation Results

After training we deploy the trained actors into the test
environment and provide trajectory plots in Figure 3 at
different simulation times. The first plot is the initial setup
of the environment with some time passed to indicate the
initial evasion maneuvers taken by evaders. The second plot
is just before the majority of pursuer collisions occur and the
final plot is after all pursuers are deactivated and the evaders
perform the final approach towards the goal. We tabulate the
results of the test environment with average goal success and
average steps taken in the simulation for each team size.

We observe and comment on the different strategy of
differing team sizes. First, in the 2 vs. 2 scenario the evaders
have only one team member to cooperate with and goal
success is difficult if that team member is caught. Therefore,
we end up with trajectories that try to focus on fast collision
of the two pursuers. In the 4 vs. 4 scenario the evaders
have three other team members to cooperate with. The
strategy becomes challenging because there are more agents
to cooperate within a team. Therefore, we end up observing
a grouping strategy and encircling the pursuers to get them
to stack up and collide with each other. A big part of the
evader strategy is to make abrupt maneuvers in small clusters
because the policy can avoid collision with each other while
causing clustering and collision of the pursuers.

In Table II we tabulate the average success rate for evaders
to reach the goal and the average time for an episode
in seconds. The results provided compares our method to
the ablation study baselines and the cooperative guidance
strategy proposed in [17]. The method proposed by [17] is
only for proportional navigation-based pursuers in 2 vs. 2.
Therefore, we only tabulate the results for the APN pursuer
strategy. Our proposed method provides the best average
success rate when pursuers are active in the environment.

TABLE II: Simulation results for 2 vs. 2 and 4 vs. 4 pure
pursuit (PP) and augmented proportional navigation (APN)
pursuer strategies. The results compare our method to the
ablation study results and the guidance strategy in [17]. The
first column indicates how many evaders and how many
pursuers are in the simulation. Average success rate (SR)
indicates how many evaders have successfully reached the
goal on average for an episode with a percent provided over
the total number of evaders. The average episode length (EL)
indicates how long an episode takes on average in seconds.

Evaders
vs.

Pursuers
Method

Pursuer Strategies

Pure Pursuit Augmented ProNav
SR(%) EL[s] SR(%) EL[s]

2 vs. 2 Ours 1.93 (96.5) 2.30 1.87 (94) 2.10

2 vs. 2 [17] - - 1.58 (79) 8.10
2 vs. 0 BL2v0 1.97 (99) 1.65 1.97 (99) 1.65
2 vs. 2 BL2v0 0.27 (14) 2.05 0.22 (11) 1.55
2 vs. 2 BL1v1 0.45 (23) 5.45 0.19 (9.5) 1.35

4 vs. 4 Ours 3.44 (86) 3.35 2.15 (54) 2.85

4 vs. 0 BL4v0 3.78 (95) 2.35 3.78 (95) 2.35
4 vs. 4 BL4v0 0.24 (6.0) 2.40 0.32 (8.0) 1.70
4 vs. 4 BL1v1 0.11 (2.8) 4.50 0.3 (7.5) 7.35

 	
 �
 �
 �
�

�����

 � � � �

�����

�

�

�����

��������
�
�������
��������

���

 	
 �
 �
 �
�

�����

 � � � �

�����

�

�

�����

��������
�
�������
��������

���

(a) Pure Pursuit
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(b) Augmented Proportional Navigation

Fig. 3: Pursuer and evader simulation trajectories for the 2
vs. 2 multi-agent pursuit evasion problem with both pure pur-
suit and augmented proportional navigation pursuer strate-
gies. Pursuer trajectories are in red and evader trajectories
are in blue. Trajectories with lower opacity represent agents
that have become deactivated. For both pursuer strategies we
provide two snapshots of an episode at different times.

VI. EXPERIMENTS

In this section we discuss hardware deployment of our
MARL models for the MAPE problem on real drones. In
our experiments we use four Bitcraze Crazyflie 2.1 nano
quadrotors for the 2 vs. 2 pursuit-evasion problem. We use
Crazyswarm2 [30] to parse and send motion capture position
data from unlabeled markers on the drones, receive state



information at 50 Hz from each drone, and send attitude
and thrust commands to each drone at 50 Hz. To setup
the MAPE problem we developed a ROS 2 server node
that subscribes to state information for each drone, monitors
the MAPE problem for collisions and successes, publishes a
status message with the active flag for each drone as well as
all the state information for the pursuer and evader teams,
and contains a service command for starting the experiment.
A separate pursuer and evader ROS 2 node is set up for
controlling the drones while subscribing to the MAPE server
status messages. This allows us to create separate threads for
monitoring the MAPE problem and controlling the drone.

Much of the sim-to-real transfer challenges we faced are
related to the hardware limitations of the drone (e.g. radio
bandwidth, latency, brushed motors leading to varying motor
dynamics, motor saturation limiting maximum flight speeds
to less than 1 m/s). To address this we changed the attitude
and thrust bounds of the evader and pursuer for the MAPE
problem to +p∀ = +p∃ = 0.15, +e∀ = +e∃ = 0.2, +p# = +e# =
0.1, +eT = 0.1g, and for the pursuer we opted for a higher
upper bound of + pT = 1g with a lower bound of + pT

= 0.5g
for a standard gravitational constant of g = 9.80665m/s2.
Additionally, we change the minimum closure velocity to
activate APN to Vcmin = 0.5m/s. Then, we retrained the
model in our Python gym environment with the updated
control saturation.

In the following sections we discuss our results for a 2
vs. 2 pursuit-evasion problem. We opted to use APN for
the pursuer strategy as it was the more difficult strategy for
the evader to overcome in simulation. For all experiments
the goal is located at (0,0,1)m, pursuer initial position
at (0.2,0.4,1)m for pursuer 1 and (→0.25,→0.25,1)m for
pursuer 2, evader initial position at (3,→2.5,1)m for evader
1 and (2,→4,1)m for evader 2. The initial targets are pursuer
1 to evader 1 and pursuer 2 to evader 2. The parameters
used for the hardware MAPE !goal = 0.3m, !v = 0.6m,
!ecoll = 0.2m, !pcoll = 0.5m, and !c = 0.2m. Note that the
collision parameters can be stricter if we train on a gym
environment that is closer to the real Crazyflie dynamics,
although we noticed that radio bandwidth limitations are the
major limiting factor.

A. Hardware Results
We then conducted a hardware test using real Crazyflies

for the 2 vs. 2 MAPE problem with pursuers using the APN
strategy. Due to radio bandwidth limitations we noticed our
experiment ran best with two radios — one for the pursuer
team and one for the evader team.

We conduct the experiment and plot the trajectory in
Figure 4 and illustrate a long exposure image of the flight
in Figure 1. The initial and final hovering position for each
agent on both evader and pursuers teams is slightly offset
from each other to avoid an agent hovering in the downwash
of another agent. This is why we see an offset in the evaders
when they reach the goal. A major difference in the hardware
flight is that the evaders initially pass the pursuers and then
perform their collaborative maneuver to lead the pursuers
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Fig. 4: A plot of the trajectory data for the hardware
demonstration for the 2 vs. 2 pursuit-evasion problem. The
pursuers start at the goal and attempt to defend it by chasing
the evaders while the evaders use multi-agent reinforcement
learning to cause the pursuers to become disabled and
eventually to reach the goal.

into a collision event before going to the goal, otherwise
the pursuers would turn around and catch the evaders before
they reach the goal. The evaders also seem to have learned
to take advantage of the fact that the pursuers observe the
acceleration of the evaders and use it in the APN strategy.
This can be observed through the use of the z-axis from the
evaders to lead the pursuers because only the acceleration
perpendicular to the line-of-sight between the pursuer and
its evader target is used in the feedforward term of APN.

VII. CONCLUSIONS & LIMITATIONS

In this work, we make several assumptions about the
model’s dynamics. Specifically, we assume the rotational
dynamics behave as a first order system. This assumption
allows the control variables to appear as a commanded Euler
angle, which is what is used to command the Crazyflie
drones. Otherwise, a more sophisticated model would be
required that matches the timing of the inner loop control
structure in the Crazyflie and the full dynamics of the
drone. Another major limitation in the hardware results
comes from using a radio that introduces latency into the
control system and is limited in bandwidth, which can
bottleneck information transfer back and forth between the
drone. We noticed limitations in the rate the control and state
information can be transferred to and from the drone. These
two limitations are the largest source of model mismatch
noticed in our experimental demonstration. Our hardware
results demonstrate that the model successfully overcomes
these limitations, yielding performance comparable to our
simulations. Another limitation in our results may come



from the use of a high precision localization motion capture
system for the full state information required in the policy.
In the real world, this may not be available and additional
noise from using GPS and perception-based systems may
require further research of this approach. In our future work,
we plan to improve the model mismatch from the first two
limitations by using a more sophisticated drone model with
drag, rotor dynamics, and rotor gyroscopic effects through
system identification for the Crazyflie.
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