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Abstract— This paper introduces a cooperative and decen-
tralized collision avoidance algorithm (CoDe) for small-scale
UAV swarms consisting of up to three UAVs. CoDe improves
energy efficiency of UAVs by achieving effective cooperation
among UAVs. Moreover, CoDe is specifically tailored for UAV’s
operations by addressing the challenges faced by existing
schemes, such as ineffectiveness in selecting actions from contin-
uous action spaces and high computational complexity. CoDe
is based on Multi-Agent Reinforcement Learning (MARL), and
finds cooperative policies by incorporating a novel credit assign-
ment scheme. The novel credit assignment scheme estimates the
contribution of an individual by subtracting a baseline from the
joint action value for the swarm. The credit assignment scheme
in CoDe outperforms other benchmarks as the baseline takes
into account not only the importance of a UAV’s action but
also the interrelation between UAVs. Furthermore, extensive
experiments are conducted against existing MARL-based and
conventional heuristic-based algorithms to demonstrate the
advantages of the proposed algorithm.

I. INTRODUCTION

Multi-rotor Unmanned Aerial Vehicles (UAV) are studied
in this paper owning to their prevalence in research and
industry. A UAV swarm is a fleet of UAVs that work together
in a common task. Small-scale swarms consisting of up to
three UAVs are sufficient for most tasks such as search and
rescue [1], tracking and monitoring [2], and delivery [3].
However, the lack of energy-efficient collision avoidance
algorithms for small-sale UAV swarms is preventing these
applications from blossoming. Energy efficiency is critical
for UAV swarm applications as the flight time of off-the-
shelf UAVs is limited by onboard power supply. Energy-
efficient collision avoidance algorithms for UAV swarms
is challenging in achieving cooperation, selecting actions
from continuous action spaces and reducing computational
complexity.

Conventional methods for UAV collision avoidance typi-
cally suffer from difficulties in addressing short-sightedness
and achieving cooperation. Geometry-based [4], virtual
force-based [5], and metaheuristic-based methods [6] adopt
a receding time horizon planning approach, which results in
the low energy efficiency of UAVs due to zigzag trajectories
caused by the short-sightedness of UAVs. Moreover, these
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methods are difficult to achieve cooperation among UAVs
as they regard other UAVs as part of the environment when
planning for each UAV. In metaheuristic-based methods, on
the other hand, the search space’s dimensionality becomes
overwhelmingly complex when coordinating the planning for
multiple UAVs simultaneously. The absence of cooperation
further increases UAVs’ energy consumption, as additional
movements and maneuvers are needed to avoid collisions. In
contrary to conventional methods, intelligent methods such
as MARL-based approaches [7] train UAVs to maximize
a long-term accumulative team reward, which addresses
the short-sightedness of UAVs in receding time horizon
planning approach. The cooperation of UAVs are achieved
by maximizing a team reward through credit assignment
schemes which estimate the contribution of each UAV in the
swarm. However, existing credit assignment schemes are not
suitable for UAV collision avoidance due to ineffectiveness
in continuous action spaces and high computational com-
plexity. For instance, policy-based MARL algorithms such
as Counterfactual Multi-Agent Policy Gradients (COMA) [8]
and Shapley Q learning [9] derive a counterfactual baseline to
estimate the team reward assuming without the participation
of each UAV. However, COMA is best suited for discrete
action space, hence is not suitable for UAV operation which
is performed by continuous actions such as throttle and
motion angles. On the other hand, Shapley Q learning suffers
from high computational complexity in deriving baselines,
which makes it difficult for the UAVs to train cooperative
policies. Moreover, their baselines either only consider the
importance of UAVs’ actions or the interrelation between
UAVs, which may not accurately estimate the contribution
of each UAV. On the contrary, value-based MARL algorithms
such as Value Decomposition Network (VDN) [10] and
QMix [11] achieve credit assignment by decomposing the
joint action value to individual values additively and linearly,
respectively. The joint action values learned this way will re-
sult in unbounded divergence and lead to unexpected actions
as proved in work [12]. Other methods such as QTRAN [13]
and Qplex [14] improve the stability of value decomposition
networks with a richer family of network structures such as
multi-head attention mechanisms. Despite this improvement,
they maintain dependencies on assumptions regarding the
relationships between joint value functions and individual
value functions.

This paper proposes a novel MARL-based Cooperative
and Decentralized Collision Avoidance (CoDe) algorithm
for small-sale UAV swarms. The objective of CoDe is to
improve energy efficiency of UAVs in collision avoidance by
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achieving effective cooperation among UAVs using policy-
based MARL. The key contribution of CoDe lies in the
new credit assignment scheme that does not rely on any
assumptions of value functions and applies to continuous
action space, and its novel baseline that considers both the
importance of a UAV’s action and the interrelation between
UAVs to best estimate the contribution of each UAV.

For the rest part of this paper, related works are discussed
in Section II, followed by background in Section II. After
background knowledge, the application scenario and system
model are introduced in Sections IV and V, respectively.
Most importantly, the algorithm of CoDe is introduced in
Section VI in detail, followed by evaluations in Section VII.
Lastly, conclusions are drawn in Section VIII.

II. RELATED WORK

A. Conventional Methods

Velocity Obstacle (VO) [4] avoids collisions by selecting
velocities outside a velocity pool consisting of velocities that
would cause collisions with other UAVs or obstacles. While
straightforward, VO relies on the assumption that obstacles
can be modeled as a circle with safety distance being the
radius. Therefore, VO does not work in complex environ-
ments where obstacles have particular shapes and cannot
be molded as circles. Artificial Potential Fields (APF)-
based approaches [5] provide an effective way of modeling
complex environments as a two-dimensional differentiable
potential field regardless of the numbers and shapes of
obstacles. After the modeling, the UAVs are guided to avoid
collisions by leveraging the gradients on the potential field.
Nevertheless, the presence of local optima on the potential
field, characterized by zero gradients, can result in UAVs be-
coming trapped inside, leading to energy-inefficient zig-zag
trajectories. Metaheuristic-based approaches, such as swarm
intelligence [15], genetic algorithms [16], and graph path-
finding algorithms [17], [18], [19], address energy efficiency
in collision avoidance by minimizing a cost function that
considers energy consumption. Nonetheless, these methods
face limitations imposed by the curse of dimensionality,
which poses a challenge to the collaboration among swarm
members, particularly when the dimensionality of the search
space expands with the size of the swarm.

B. Intelligent Methods

State-of-the-art intelligent methods exploit Multi-Agent
Reinforcement Learning (MARL) techniques to find coop-
erative collision avoidance strategies for UAVs, by modeling
the sequential decision-making in collision avoidance as a
Decentralized Partially Observable Markov Decision Process
(Dec-POMDP). Some MARL-based approaches investigate
Independent Q Learning (IQL) [20] and Multi-Agent Deep
Deterministic Policy Gradient (MADDPG) [7] to find co-
operative policies for collision avoidance. Notably, these
approaches rely on observation sharing but tend to yield
sub-optimal policies due to the absence of effective credit
assignment mechanisms. In contrast, other works investigate

VDN [21] and Qmix [22] in cooperative collision avoid-
ance. These methods embrace credit assignment strategies,
which have a superior performance to observation-sharing
approaches. Nevertheless, VDN and Qmix are value-based
algorithms which rely on assumptions of value functions and
fail to fully exploit global information during training, poten-
tially resulting in sub-optimal policies. Moreover, the value
decomposition in VDN and Qmix may result in unbounded
divergence and may lead to unexpected behaviors of UAVs
[12]. Other than value-based MARL algorithms, policy-based
algorithms such as Shapley Q-Learning [23] and COMA
[24] are also investigated in cooperative collision avoidance.
These methods are assumption-free and make full advantage
of global information in training. However, Shapley Q-
Learning entails high computational complexity in credit
assignment and COMA is best suited for discrete action
space, making them unsuitable for UAV control scenarios
that involve high-dimensional continuous action space.

III. BACKGROUND

A. Decentralized Partially Observable Markov Decision
Process (Dec-POMDP)

A Dec-POMDP is defined by a tuple (S,A, r,O,P),
where S, O and A are state, observation and action space
of the environment, respectively. r is a reward signal and P
is the state transition probability of the environment.

At each step, each agent makes an observation o ∈ O
on the environment, and selects an action a ∈ A based
on its observation. Additionally, the environment also has
a true state s ∈ S. When all the agents execute their actions
simultaneously, the environment transits from state s to s′

with probability P (s′|s,a) : S × A × S → [0, 1], and
returns a numerical reward r(s, a) : S × A → R, where
a ≡ {a1, · · · , an} denotes the joint action of n agents.
In cooperative missions, all participating agents within the
team receive the same reward, known as the team reward.
Eventually, each agent maximizes a long-term team return
defined by the accumulation of the team reward over time:
Rt =

∑∞
l=0 γ

l−1rt+l, where γ ∈ [0, 1) is a discount factor.

B. Multi-Agent Reinforcement Learning (MARL)

The overall MARL framework consists of two phases: off-
line training and on-line execution. During off-line training,
a centralized critic denoted as fω(·) is developed to approx-
imate the joint value Qtot for the entire swarm. The inputs
to fω(·) encompass the environmental state st, the joint
observation ot, and the joint action at of all agents. The
parameters of fω(·) are updated by minimizing a temporal
difference loss as in standard Q learning:

LTD = Eπθ

[
(yt − fω(t))

2
]
,

yt = rt + γ · fω̄(t+ 1),
(1)

where ω̄ are parameters of a target network periodically
updated by ω. The target critic has the same structure as the
centralized critic but has its own parameters. The target critic
is used to cut bootstrap in calculating temporal difference
loss to stabilize the training process.
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Fig. 1: Scenario of collision avoidance for UAV swarms.

On the other hand, the actor network πθ is trained by
cooperative policy gradient g:

g = Eπθ
[∇θAω(πθ(τi))] , (2)

where θ are parameters of actor networks, Aω is an agent-
specific advantage function and τi denotes observation his-
tory of agent i. The advantage function of agent i measures
its contribution in acquiring the joint value. The advantage
function is defined by counterfactual baselines in policy-
based approaches, and equals individual value in value-
based approaches. Moreover, actor networks use observation
history in input as they commonly use Recurrent Neural
Network (RNN) to make up for the partial observability of
agents caused by limited sensing ability.

In contrary, it only requires the actor networks to generate
actions in the execution phase.

IV. APPLICATION SCENARIO

We first define a UAV’s path and trajectory. A path is a se-
quence of waypoints that defines the overall global direction
of a UAV’s flight. On the contrary, a trajectory is a section of
the path that provides local velocity and gesture information
for the UAV to stay on the path. A typical scenario of
collision avoidance for small-sale UAV swarms is illustrated
in Fig. 1, in which three UAVs follow pre-planned static
paths defined by sequences of waypoints. During the UAVs’
flight, when potential collisions are detected, the UAVs take
necessary actions to avoid the collisions. Once the collisions
are avoided, the UAVs fly toward the next waypoint on their
path to resume their course. These upcoming waypoints,
which the UAVs aim to reach after avoiding collisions, are
referred to as the target positions of the collision avoidance
process. In the paper we assume that static obstacles such as
buildings and towers are avoided in path planning. Our main
focus is avoiding collisions with dynamic obstacles such as
birds or adversarial UAVs. For energy considerations, we
confine the UAVs’ movement in two-dimensional space as
altitude changes consume much more energy than level flight
[25].

During collision avoidance, UAVs can plan trajectories
to ensure a safe distance from obstacles and between each
other, but must return to their original pre-planned paths after

the avoidance to resume the mission. We assume the speed
of each UAV remains constant during collision avoidance,
and each UAV adjusts its direction of movement to void
collisions for energy efficiency. This assumption stems from
the recognition that consumer- and industry-level UAVs, such
as DJI Matrice and Mavic, typically fly at a speed around
10 m/s, and therefore dynamic obstacle avoidance usually
occurs within a short timeframe. Such a short timeframe
makes sudden speed changes impractical due to the large
accelerations involved, resulting in a substantial increase in
energy consumption.

It is also assumed that each UAV knows its position, veloc-
ity, and that of other swarm members and obstacles within its
sensing range, which can be achieved using GPS and LiDAR
sensors. Typical LiDAR sensors such as SICK MRS1000 are
capable to detect obstacles in three-dimensional space with
a horizontal aperture angle of 270◦ and a vertical aperture
angle of 7.5◦. Moreover, onboard microcomputer such as
Raspberry Pi is used for decision-making.

V. SYSTEM MODEL

The problem of multi-UAV collision avoidance is modeled
as a Dec-POMDP. This modeling strategy arises from the
constraints imposed by the limited aperture angle and sensing
range of LiDAR sensors, resulting in a partially observable
environment from the UAVs’ perspective. The key compo-
nents of the Dec-POMDP are defined as follows.

A. Observation

The observation of a UAV is defined as a V ×4×2 array.
V : V is the maximum number of objects detected, including
the ego-UAV. The ego-UAV is always listed in the first row
of the observation array. 4: Each UAV observes four kinetics
features, including current position, current velocity, target
position, and original velocity. The original velocity of a
UAV is its instant velocity before avoiding collisions, which
it tries to regain after avoidance maneuvers. Target position
and original velocity are only valid for the ego-UAV and
are all zeros for other objects, as a UAV only knows the
target position and original velocity of its own. 2: The UAVs
operate in a two-dimensional (x−, y−) space. The x− and
y− components of the kinetics features are described in two
layers of the array.

B. Action

For simplicity, the action of a UAV is defined by the
change in velocity direction as the collision avoidance is
performed in two-dimensional space. Nevertheless, it is easy
to extend the collision avoidance to three-dimensional space
by defining the action of a UAV as its motion angles Roll
α, Pitch β, Yaw γ, and lifting forces T as illustrated in Fig.
2, where {er, ef , ed} and {x,y, z} are its self and world
coordinates, respectively. The UAV’s velocity is denoted as
vs. To avoid radical velocity change, the action of a UAV is
limited in [−90◦, 90◦].
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Fig. 2: Motion angles of quad-rotor aircraft.

C. Reward

The reward signal is designed to encourage the UAVs
to successfully execute their mission, avoid collisions, and
operate efficiently to save energy. As analyzed in work [25],
saving energy for UAVs can be achieved by ensuring the
smoothness of their trajectories. In this paper, smoothness of
trajectories is ensured by minimizing velocity changes in the
reward signal.

With the analysis above, two rewards rave and rmin are
defined as follows.

rave =
1

n

n∑
i=1

ri + rcollide + rtarget,

rmin = min
i=1,··· ,n

ri + rcollide + rtarget,

(3)

where ri is the reward for UAV i in the swarm, rcollide is the
penalty for collision and rtarget is the reward for reaching
the target position. These terms are defined as follows.

ri = ⟨|vi
s|, |vi

tar|⟩,

rcollide =

{
−10 if collision
0 otherwise ,

rtarget =

{
10 if mission accomplished
0 otherwise ,

where ⟨·, ·⟩ is inner product, |v| is normalized velocity. ri
measures the deviation of the direction of a UAV’s real-time
velocity from its original velocity. The value of ri ranges in
[−1, 1], with ri = 1 indicating the UAV flies directly along
its original velocity, and ri = −1 indicating the UAV flies
opposite its original velocity. On the other hand, rcollide pe-
nalizes actions causing collisions and rtarget awards actions
reaching target position. It just requires rcollide and rtarget to
be a very small negative value and a very large positive value
compared to ri, respectively. Therefore, empirical values of
-10 and 10 are selected.

As their names suggest, rave evaluates the swarm by the
average performance of all UAVs. While rmin evaluates the
swarm by the UAV that performs the poorest. The UAV
that performs the poorest determines the maximum capacity
of the swarm. The rewards rave and rmin can be used in
different applications. For example, rave can be used in
applications like communication relay, area coverage, and
video streaming, where the average capacity of the swarm,
like bandwidth, area size, and data rate, is of more interest.
In contrast, rmin can be used in applications like unmanned

delivery because the successful completion of a mission
depends on the poorest performing UAV.

VI. ALGORITHM

A. Cooperative Policy Gradient

Algorithm 1 Cooperative Policy Gradient

1: Input: Initial parameters θ for actors and ω for the
centralized critic; a temporary replay buffer Rtmp and
an episodic replay buffer Rep.

2: Initialize Rtmp ← ∅, Rep ← ∅.
3: for ep in 0,1,2, ... do
4: t = 0, reset (st, rt,ot, done).
5: while not done do
6: Sample actions {at, a

i
t ∼ πθt(·|oit)}.

7: Get (st+1,ot+1, rt, done) from the environment.
8: Rtmp ← (st,ot,at, rt, st+1,ot+1, done)
9: t+ = 1

10: end while
11: Rep ← Rtmp, Rtmp ← ∅.
12: Sample batches B from Rep.
13: Get the joint action value Qtot = fω(st,ot,at).
14: Get the advantage Ai = Qtot−bi for each agent based

on Algorithm 2.
15: Update actors for each agent by the policy gradient in

Eq. (2).
16: Update critic by the temporal loss in Eq. (1).
17: end for

Algorithm 2 Counterfactual Baseline

1: Input: For time step t, get centralized critic
fω(st,ot,at), joint observation ot and joint action at

of all agents, agent ID ν ≡ {0, 1, ..., n− 1}.
2: for each agent i ∈ ν do
3: for j in ν \ i do
4: Get coalition U−j by excluding agent j from ν.
5: Sample ã from A uniformly.
6: for each ãl ∈ ã do
7: Get Q̃j,l = fω(st,ot,a

−j
t (ai ← ãl)).

8: end for
9: end for

10: Get the baseline bi = Ej,l[Q̃j,l].
11: end for

The cooperative policy gradient in our MARL algorithm
can be summarized in Algorithm 1. The parameters of actors,
centralized critic, and two experience buffers Rtmp and Rep

are first initialized (Line 1-2). Rtmp is for storing state-action
pairs within one episode and is reset after each episode. Rep

is for storing episodic state-action pairs, which are copied
from Rtmp each episode (Line 3-11). To update the actor
networks, the joint action value is first estimated by the
centralized critic (Line 13). After that, an advantage function
is derived for each agent by subtracting a counterfactual
baseline bi from the joint action value Qtot (Line 14). The
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Fig. 3: Illustration of the counterfactual baseline.

actors and critic are updated by policy gradient and temporal
loss, respectively (Line 15-16). It is noted that policy πθi is
deterministic for continuous actions. More details on deriving
the counterfactual baseline are given below.

B. Counterfactual Baseline

The counterfactual baseline is derived following Algo-
rithm 2. Agent i is first grouped into n different coalitions
U i ≡ {...,U−j , ...}. Each coalition excludes agent j, (j ∈
{0, · · · , n − 1}, j ̸= i) by masking out aj from the joint
actions (Line 5). For coalition U−j , k actions are sampled
from the action space A uniformly for agent i (Line 6). For
each sampled action ãl, a counterfactual joint action ãt is
derived by replacing ai with ãl in at while keeping other
agents’ actions unchanged. Then, a counterfactual action
value Q̃ for each sample action in each coalition is acquired
(Line 8). Eventually, the baseline for agent i is defined by
the expectation of all counterfactual action values (Line 11).

The counterfactual baseline is further illustrated with
Fig. 3. As depicted, the counterfactual baseline is constructed
in two dimensions: action and the coalition of agents. This
two-dimensional approach is expected to enable our method
to offer a more precise estimation and allocation of credits to
agents when compared to existing MARL algorithms which
only consider either the actions of agents like COMA or
the interrelation between agents like Shapley Q learning.
On the other hand, compared to Shapley Q learning whose
computational complexity is N !, our method only has a
complexity of N × K, where N and K represent the
number of agents in the swarm and the number of sampled
actions in calculating the baseline. Moreover, the derivation
of our baseline did not require any assumption on the value
functions. Source codes are available at request.

C. Convergence Proof

Here, we prove our baseline does not affect the conver-
gence of deterministic policy gradient. Previous work on
single agent actor-critic [26] has shown that a baseline b does

not affect the convergence of stochastic policy gradient if b
is action-independent. COMA further proves that in multi-
agent scenarios, a stochastic policy gradient is not affected
if baseline bi is ai independent. Can this conclusion be
generalized to a deterministic policy gradient? The authors
in [27] prove that a deterministic policy πθ is a special case
of stochastic policy by writing a stochastic policy as µπθ,σ ,
where σ is a variance parameter, such that µπθ,0 ≡ πθ.
Using this expression and following similar steps as in
COMA, Lemma 1 is given as follows. Detailed derivations
are available at request.

Lemma 1: For a policy gradient at step t:

gt = Eµ

[∑
i

∇θ logµθ,σ(ai|τi) ·Ai

]
,

Ai = Q− bi,

(4)

where bi is an agent-specific baseline defined in Algorithm
2, bi does not introduce any bias to the action value, and
hence does not affect the convergence of the policy gradient.

Proof: We need to only look at the expectation of the
contribution of the baseline bi with regard to the current
policy in Eq. (4). If the expectation of bi is 0, Eq. (4)
has no bias in convergence. Let the joint policy be: µ =∏

i µi(ai|τi). Then the proof for this lemma can follow the
same logic as for the single agent actor-critic algorithm. Let
dµ(s) be the discounted state distribution defined as follows:
dµ(s) =

∑∞
t=0 γ

tPr(st = s|s0,µ), the second part of Eq.
(4) is:

gb = −Eµ

[∑
i

∇θ logµi(ai|τi) · bi

]
= −

∑
s

dµ(s)
∑
i

∑
a−i

µ−i ·
∑
ai

µi(ai|τi)∇θ logµi(ai|τi)bi

= −
∑
s

dµ(s)
∑
i

∑
a−i

µ−i · bi
∑
ai

µi(ai|τi)∇θ logµi(ai|τi)

(bi is not a function of ai)

= −
∑
s

dµ(s)
∑
i

∑
a−i

µ−i · bi∇θ

∑
ai

µi(ai|τi)

= −
∑
s

dµ(s)
∑
i

∑
a−i

µ−i · bi∇θ1

= 0.

As shown above, the baseline doesn’t introduce any bias to
the action value. Hence, the baseline bi does not affect the
convergence of policy µ and µ ≡ π when σ = 0.

VII. EXPERIMENTS

A. Environment Design

We design our own Gym-like environment to best simulate
the cooperative collision avoidance of UAVs as existing
MARL environments cannot closely simulate multi-UAV
applications. The environment is developed based on the
application scenario described in Section IV and is illustrated
in Fig. 4. Both the UAVs and obstacles are dynamic and
moving in a square with width w and length l. In the
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Fig. 4: Illustration of the environment.

illustration, the UAVs and obstacles are marked with red and
blue cubes, respectively. Velocities of the UAVs and obstacles
are depicted with grey arrows. The target positions of UAVs
are depicted as gray cubes. The pre-planned trajectories of
UAVs to their respective target positions are shown in dashed
curves.

The environment operates in an episodic manner. In each
episode, the mission starts when the UAVs and obstacles are
spawned on the left and right side of the square, respec-
tively. The UAVs fly along their pre-planned trajectories and
change the directions of their velocities to avoid collisions.
Collisions occur when the distance between any UAV and
obstacle is smaller than a threshold distance dobs, or the
distance between any two UAVs operating in the swarm is
smaller than dv2v . The episode terminates when collisions
occur, or all UAVs reach their respective target positions. The
observation, action and reward at each step are described in
Section V. Source codes are available at request.

B. Network Design

The actor network consists of a Gated Recurrent Unit
(GRU) layer with 32 units, preceded and followed by two
fully connected layers with 32 neurons and a ReLU activation
function, respectively. Finally, the output layer gives an
action with a tanh activation function. On the other hand,
the centralized critic takes three inputs: the joint observation,
the joint action, and the state of the environment, each using
a fully connected layer with 32 neurons. The inputs are
concatenated and passed to a dense layer with 256 neurons,
and a ReLU activation function. Finally, an output layer
produces a joint action value. The target critic network has
the same structure with the centralized critic.

C. Experiment Setup

Actions of UAVs are selected by ϵ-greedy rules: a =
πθ(·|o) · (1 − ϵ) + N · ϵ, where N is a Gaussian noise.
ϵ is annealed exponentially from 1.0 to 0.1 across 12k
episodes. The target critic networks are updated each episode
by ω̄ = τ · ω + (1 − τ) · ω̄, where ω̄ are parameters of
target critic network, ω are parameters of critic network and
τ = 0.01. Future rewards are discounted by γ = 0.99. Actors
share parameters to boost training. On the other hand, the

velocities of UAVs and obstacles are set to 10 m/s and 5
m/s, respectively, to reflect the typical velocity range of
off-the-shelf UAVs, such as DJI Matrice and Mavic. The
sensing distance of UAVs is set to 100 m. The minimum
safety distance to avoid collisions is set to 10 m.

1) Compare with MARL Algorithms: We first compare
CoDe with other advanced MARL algorithms such as
COMA, Shapley Q Learning, VDN, IQL, and Naive Default
to demonstrate the advantage of CoDe in learning coop-
erative policies. Naive Default adopts the same framework
as CoDe, only that the counterfactual baseline is calculated
by replacing the agent’s action with default action a = 0,
while keeping other agents unchanged. In addition, it is worth
noting that COMA is designed for discrete action space.
To apply COMA in continuous action space, ten actions
are sampled from [−90◦, 90◦] uniformly for each agent.
Different from all other value-based methods, COMA is a
policy-based method and adopts on-policy training.

In alignment with our predefined assumptions of small-
sale UAV swarms, we evaluate the performance of our
algorithm in two distinct scenarios: two-UAV-one-obstacle
(2U1O) and three-UAV-two-obstacle (3U2O) using the two
rewards rave and rmin. Scenarios with more UAVs will be
included in future work as it takes very long for the critic
network to converge given the high dimension of the joint
observation.

2) Compare with Conventional Algorithms: Furthermore,
we also compared CoDe with E2Coop [25] to demonstrate
the advantage of CoDe on energy efficiency and reaction
time over conventional algorithms. E2Coop utilizes meta-
heuristics to plan collision avoidance strategies for UAVs,
and demonstrates superior performances in safety and energy
efficiency to other conventional algorithms.

For simplicity, we only test in scenario 3U2O using rave.
We acquire the numerical results on safety and energy
efficiency using 100 trajectories generated by pre-trained
CoDe models and E2Coop, respectively. Unlike CoDe,
E2Coop minimizes a cost function to avoid collisions at each
step, rather than maximizing reward signals. Specifically, the
cost function converts the energy consumption of a UAV to
the average curvature of its trajectory. Hence, we employ the
average curvature as a metric to assess energy efficiency for
CoDe and E2Coop. The average curvature of a trajectory
is defined as follow.

En = ev

∫
| S′′(p) | dp, (5)

where p is arc length parameter, S(p) = [x(p), y(p)] denotes
a waypoint on the trajectory, S′′(p) denotes the second order
derivative of S(p), ev is a velocity dependent coefficient.

D. Experiment Results

1) Compare with MARL Algorithms: The safety and en-
ergy efficiency of MARL algorithms are reflected in the
achieved average rewards, as our reward function includes
both the velocity change of UAVs and a collision penalty.
By maximizing the average reward, the UAV minimizes its
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Average Rewards
CoDe Naive Default VDN COMA Shapley IQL

Scenario 2U1O with rave 10.3548 7.5414 -3.7882 3.1346 -6.5211 1.9271
± 7.4983 ± 5.9884 ± 4.3642 ± 6.2866 ± 2.3877 ± 5.4299

Scenario 3U2O with rave 8.1630 1.5522 1.2905 -2.3754 1.6017 -3.8316
± 3.5079 ± 4.9130 ± 4.2112 ± 5.0504 ± 6.9373 ± 8.0040

Scenario 2U1O with rmin 15.0234 4.6630 1.9819 -8.4646 -7.0930 2.3201
± 2.7736 ± 2.6657 ± 4.2387 ± 5.0645 ± 0.1360 ± 6.4832

Scenario 3U2O with rmin 5.8231 0.3393 1.3205 -8.7307 -7.4533 -3.2055
± 5.2555 ± 3.7980 ± 2.5263 ± 6.5867 ± 0.0911 ± 6.4764

TABLE I: Average rewards and standard deviations over the last 100 training episodes.

Scenario 3U2O with rave

Reaction Energy dU2O dU2U Collision
Time (Sec) Cost Rate

E2Coop 0.48 ± 0.05 134.88 ± 8.3 38.70 40.31 0
CoDe 0.007 ± 0.01 75.93 ± 31.8 19.83 28.26 3%

TABLE II: Numerical results on safety and energy efficiency of CoDe and E2Coop.

(a) 2U1O with reward rave. (b) 3U2O with reward rave.

(c) 2U1O with reward rmin. (d) 3U2O with reward rmin.

Fig. 5: Learning curves of CoDe and other algorithms.

energy consumption on top of ensuring safety. Therefore,
we believe it is sufficient to focus on learning performances,
such as convergence speed, average reward, and standard de-
viation when comparing between MARL algorithms. These
performances directly reflect the quality of credit assignment
schemes, in terms of how much information the agents
can learn from the joint action value, and how useful this
information is to individual agent.

Fig. 5 gives the average learning curves and variations of
all the algorithms. The results show that CoDe achieves the
highest average score in all the scenarios. Especially, when
the scenario gets complex with three UAVs and two obstacles
(3U2O), only CoDe successfully finds cooperative policies,
and all other algorithms fail to converge. This is because
of the advantage brought by the novel credit assignment

scheme of CoDe in training cooperative policies. On the
other hand, VDN achieves the second best performance in
scenario 2U1O using rave, and fails to converge in scenario
2U1O using rmin. This is because the reward rave matches
the additive assumption on value functions in VDN, and
rmin does not. Specifically, Shapley Q Learning and COMA
fail to find cooperative policies in any scenario, simply due
to the high computational complexity in rendering Shapley
values and the inefficiency of COMA’s on-policy training.
In addition to the learning curves, the average rewards
and standard deviations of the last 100 training episodes
are provided in Table I. The numerical results show that
CoDe achieves higher average scores than existing MARL
algorithms.

2) Compare with Conventional Algorithms: The results
on safety and energy efficiency of CoDe and E2Coop are
shown in Table II. The distances presented in Table II are the
minimum distances between UAVs and obstacles (dU2O) and
among UAVs (dU2U ) before collisions occur. This is because
an episode terminates when collisions occur in our simulation
environment, after which a new episode is initiated. The
results show that the reaction time of CoDe improves over
90% compared to E2Coop. This is because decisions in
CoDe are made by a simple forward pass of neural networks,
rather than by environment modeling and heuristic search
as in E2Coop. On the other hand, the energy consumption
is reduced by 43.71% using CoDe, compared to E2Coop.
This is because CoDe is able to find shorter and smoother
trajectories than E2Coop. The minimum dU2O and dU2U

are larger than the safety distance for all three algorithms in
both scenarios. However, like all other machine learning-
based methods, CoDe has a failure rate when deployed
online which causes collision rates of UAVs. The results
show that CoDe has a collision rate of 3% compared to
zero of E2Coop.
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E. Trajectory Demonstration

t=5s

(a) E2Coop (t=5s).

t=10s

(b) E2Coop (t=10s).
t=10s

(c) CoDe (t=10s).

t=15s

(d) CoDe (t=15s).

Fig. 6: Trajectories generated by E2Coop and CoDe.

The trajectories of UAVs using E2Coop and CoDe are
demonstrated with dashed line in Figure 6. It is observed that
CoDe generates smoother trajectories for UAVs to navigate
around obstacles, in contrast to those generated by E2Coop
that tend to circumvent obstacles. Although UAVs are closer
to each other using CoDe, they are considered safe and
efficient from a long-term perspective, as it’s easier for them
to get back to their original formation.

VIII. CONCLUSION

In this paper, we propose an innovative collision avoidance
algorithm for small-sale UAV swarms using MARL. Our al-
gorithm addresses the challenges of effective cooperation and
optimizing energy efficiency of UAVs in collision avoidance
through an innovative credit assignment scheme. Extensive
experiments are conducted.
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