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Abstract

Unmanned surface vehicles (USVs) have become prominent in naval warfare during
the Russo-Ukrainian war. USVs can be operated remotely or with different levels of
autonomy, either individually or as part of a swarm. A swarm can be described as a
decentralized group that acts in coordination. Advances in machine learning (ML)
and more powerful onboard computing for ML inference enable greater autonomy and
more advanced swarming behavior for USVs. One approach for enabling autonomous
swarming behavior is multi-agent reinforcement learning (MARL). MARL is a sub-
area of ML in which multiple agents learn through trial and error to choose actions that
maximize rewards provided by the environment. It has been widely applied in robotics
and has been explored for the control of USVs. This thesis investigates the applicability
of MARL for controlling a swarm of USVs in a challenging two-phase mission in
which the swarm must first locate and then destroy an adversarial surface combatant
capable of hard-kill measures and jamming. The thesis reviews the relevant literature
on MARL, swarming, naval warfare, and USVs. It then designs and implements a
training framework based on multi-agent proximal policy optimization (MAPPO) for
the task. Finally, the resulting controller is evaluated against an idealized rule-based
reference controller, given full knowledge of the target. The aim is to assess whether
MARL can provide a feasible and robust solution to the task, how its performance
compares with that of the reference controller, and whether it can discover behaviors
beyond those built into the rule-based approach.

The resulting MARL-based controller was able to locate and destroy the target
with a success rate of 88%, while the ideal reference controller achieved 100%. The
difference can be attributed to the agents not learning an effective search pattern
and thus occasionally failing to locate the target. Under jamming, the MARL-based
controller maintained a success rate of 78%, demonstrating robustness. Although
trained only against a static target, the controller retained a 5% success rate against a
moving target. The training did not yield novel tactics, but it did produce emergent
evasive behavior. The results indicate that MAPPO can successfully train a large
number of agents for a challenging, two-phase long-horizon task. At the same time,
they reveal clear limitations in tactical refinement and search behavior.

Keywords Multi-agent reinforcement learning, MAPPO, naval warfare, autonomous
vehicle, unmanned surface vehicle, swarming
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Tiivistelma

Miehittaméattomien pinta-alusten (USV) merkittdvyys merisodankdynnissi on kas-
vanut Ukrainan sodassa. Aluksia voidaan ohjata etdayhteydelld tai ne voivat toimia
eri autonomiatasoilla yksin tai osana parvea. Parvi voidaan mééritelld koordinoidusti
toimivana joukkona, jonka paitoksenteko on hajautettu. Koneoppimisen kehittyminen
sekd aluksiin integroidun laskentatehon kasvu mahdollistavat korkeamman autonomian
ja kehittyneemman parveilun USV-aluksille. Yksi tapa saavuttaa autonominen parveilu
on moniagenttinen vahvistusoppiminen (MARL). MARL on koneoppimisen osa-alue,
jossa joukko agentteja oppii yrityksen ja erehdyksen kautta valitsemaan toimintoja,
jotka maksimoivat ympériston antaman palkinnon. Sitd on sovellettu robotiikassa ja tut-
kittu USV-alusten ohjaamisessa. Tyossi tarkastellaan MARL-menetelmén soveltamista
USV-parven ohjaamiseen haastavassa kaksivaiheisessa tehtivissd, jossa parven tavoit-
teena on l10ytdd ja tuhota tuhoaviin torjuntakeinoihin sekd signaalihiirintddn kykeneva
vastapuolen pinta-alus. Tyon kirjallisuuskatsaus késittelee MARL-menetelméd, parvei-
lua, merisodankéyntid ja USV-aluksia. Tamin jdlkeen toteutetaan MAPPO-algoritmiin
(multi-agent proximal policy optimization) perustuva koulutuskehys. Tuloksena saatua
ohjainta arvioidaan vertaamalla sitd ideaaliin sddntOpohjaiseen vertailuohjaimeen, jolla
on tdysi informaatio kohteesta. Padmadrina on arvioida, voiko MARL tarjota tehtivadn
toimivan ja robustin ratkaisun, miten sen suorituskyky vertautuu vertailuohjaimeen,
sekd oppiiko se taktiikoita, joita ei ole rakennettu sisdédn sdéntopohjaiseen ohjaimeen.
MARL-pohjainen ohjain onnistui 16ytdmaién ja tuhoamaan kohteen 88 % onnistumis-
prosentilla, kun vertailuohjaimella vastaava luku oli 100 %. Ero selittyy pitkilti silld,
etteivit agentit oppineet tehokasta etsintitapaa, jolloin kohde jii valilla 10ytymatta.
Signaalihdirinndn alaisena MARL-pohjaisen ohjaimen onnistumisprosentti sdilyi
78 %0:ssa, osoittaen robustisuutta. Ohjain koulutettiin vain staattista kohdetta vastaan,
mutta saavutti litkkkuvaa kohdetta vastaan 5 %:n onnistumisprosentin. Koulutus ei
tuottanut uusia taktiikoita, mutta synnytti emergenttia vaistoliikehdintidd. Tulokset
osoittavat MAPPO:n pystyvin kouluttamaan suuren parven toteuttamaan haastava
kaksivaiheinen pitkidn aikahorisontin tehtdvid, mutta osoittaen rajoitteita agenttien
taktisessa toiminnassa ja etsinnin oppimisessa.

Avainsanat moniagenttinen vahvistusoppiminen, MAPPO, merisodankéynti,
autonominen pinta-alus, parveilu
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Notation and abbreviations

Notation

QFET Q

3

v(s)
Vi
q(s,a)
4

equal by definition
approximately equal
definition

assignment

proportional to
element-wise multiplication

policy

optimal policy

state-value function

optimal state-value function
action-value function

optimal action-value function
estimate of state-value function v
estimate of action-value function ¢

reward

reward at time ¢

action

action at time ¢

state

state at time ¢

discrete time step

terminal time step of an episode

terminal time step of the episode that includes time step ¢
return at time ¢



Abbreviations

A2C advantage actor critic

ACO ant colony optimization

APF artificial potential field

CIWS close-in weapon system

CTDE centralized training with decentralized execution
Dec-POMDP decentralized partially observable Markov decision process
DP dynamic programming

DRL deep reinforcement learning

EW electronic warfare

GRU gated recurrent unit

IGM individual-global-max

MAA2C multi-agent advantage actor critic

MAPPO multi-agent proximal policy optimization
MARL multi-agent reinforcement learning

MADRL multi-agent deep reinforcement learning

MC Monte Carlo

MDP Markov decision process

ML machine learning

MLP multilayer perceptron

PBRS potential-based reward shaping

POMDP partially observable Markov decision process
PPO proximal policy optimization

POSG partially observable stochastic game

RL reinforcement learning

TD temporal difference

UsSv unmanned surface vehicle

VDN value decomposition network
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1 Introduction

The military significance of unmanned vehicles, sometimes referred to as drones,
has increased substantially during the Russo-Ukrainian war and subsequent conflicts.
Ukraine’s military leadership stated already in May 2024 that "drones kill more soldiers
on both sides than anything else" [1]. Three prominent categories of unmanned
vehicles are unmanned aerial vehicles (UAVs), unmanned ground vehicles (UGV5s),
and unmanned surface vehicles (USVs), which operate on the surface of water. USVs
and other unmanned vehicles can be operated remotely or with different levels of
autonomy, either individually or as part of a swarm.

Traditional approaches to controlling groups of unmanned vehicles have often
relied on predefined rules and engineered algorithms. Such methods can be effective
in structured settings, but they are often rigid and may have difficulties in adapting to
changing environments or mission objectives [2]-[5]. Recent advances in machine
learning (ML) and onboard computing have made it increasingly feasible to equip
unmanned vehicles with more autonomous capabilities. In this context, ML can
be used for tasks such as computer vision, sensor fusion, target recognition, path
planning, and collision avoidance by processing data from sensors such as cameras,
lidar, radar, and sonar [6]. Beyond controlling individual vehicles, these capabilities
can also support coordination within groups of vehicles, enabling more autonomous
and decentralized swarm behavior [6].

One ML approach for such control problems is reinforcement learning (RL). RL
is a sub-area of machine learning in which an agent learns through trial and error to
choose actions that maximize rewards provided by the environment [7]. RL has many
applications in robotics, ranging from helicopter flight controllers to humanoid robots
[7], and it has also been explored for the control of USVs [8]. Multi-agent reinforcement
learning (MARL) extends RL to settings with multiple agents that may cooperate or
compete. In cooperative tasks, MARL offers a way to learn coordinated behavior
directly from interaction with the environment rather than specifying all behavior in
advance. A prominent example of RL discovering effective strategies is AlphaGo Zero,
which learned to play Go through self-play and surpassed its predecessor AlphaGo
[9]. This motivates the question of whether RL-based methods could also discover
useful behaviors in complex multi-agent control tasks.

This thesis investigates the applicability of MARL to controlling a swarm of
autonomous USVs in a naval hunting mission. The mission is a challenging two-phase
mission in which the swarm must locate and destroy an adversarial target warship
while facing defensive measures such as hard-kill systems and jamming. The thesis
builds on earlier work: in [10], a naval warfare simulator was developed for applying
MARL in the context of littoral warfare. Moreover, in [11] a naval warfare simulation
environment was used for assessing the effectiveness of USVs against conventional
crewed warships. In this thesis, the simulation environment is further developed and
a training framework based on multi-agent proximal policy optimization (MAPPO)
is designed and implemented for the task. The resulting controller is then evaluated
against an idealized rule-based reference controller designed using domain knowledge,
and given full knowledge of the target’s position. The aim is to assess whether MARL



can provide a feasible and robust solution to the task, how its performance compares
with that of the reference controller, and whether it can discover behaviors beyond
those built into the rule-based approach.

The remainder of the thesis is organized as follows. Section 2 reviews the theoretical
foundations of RL and MARL, including key concepts in value-based and policy-based
learning, partial observability, centralized training with decentralized execution, and
the MAPPO algorithm. Section 3 surveys other than MARL-based approaches to
swarming and hunting algorithms. Additionally, it surveys naval warfare, USVs, and
previous research on MARL for unmanned autonomous vehicles. Section 4 presents
the RL environment used in this thesis and describes the MARL formulation in detail,
including the simulation environment, the Dec-POMDP formulation, the MAPPO-
based training setup, the action, observation, and state spaces, action repeat, the reward
function, agent inactivity and death masking, the neural network architecture, and the
hyperparameter search and training procedure. Section 5 presents the training and
evaluation results of the base case scenario, jamming scenario, and moving target
scenario, as well as comparisons against the rule-based reference controller. Finally,
Section 6 summarizes the main findings and conclusions of the thesis.
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2 Multi-Agent Reinforcement Learning

Multi-agent reinforcement learning (MARL) essentially applies reinforcement learning
(RL) to multi-agent game models in order to learn optimal policies, i.e. decision-
making strategies, for the agents [12]. RL is one of the main sub-areas of machine
learning where an intelligent agent is taught by trial and error to act based on the
environment state in order to maximize the expected long-term reward signal [13].
This section surveys the technical foundations and recent developments in MARL and
places it in a wider context of machine learning, optimal control, and game theory.

2.1 Reinforcement Learning

Markov Decision Process (MDP) is a common framework for solving sequential
decision-making problems and is often used as a mathematical form of RL tasks
[13]. Within the framework, the learner and decision maker is called the agent, and
everything the agent interacts with, is called the environment [14]. The agent and
the environment interact continually with each other: the agent selects actions and
the environment responds to these actions and presents new situations (states) to the
agent [14]. The environment gives rewards to the agent, which the agent attempts
to maximize over time by the choice of its actions [14]. The feedback loop of the
agent-environment interaction is pictured in Figure 1: at each time step after observing
the environment, the agent chooses an action with respect to its policy, and after
the execution of the action, the environment gives a reward signal to the agent and
updates to a new state [13]. The objective of the agent is to find an optimal policy that
maximizes the expected cumulative reward over time.

"

1 agent

observation reward action
%vaironment

Figure 1: Agent-environment interaction loop in an MDP.
MDP assumes a Markovian environment, meaning the state at the next time step

only depends on the current state, and that the environment is fully observable, meaning
the agent can observe all information within the environment at any time step [13].

13



The latter assumption is often impossible to satisfy in many domains, hence there are
variants of MDP such as partially observable MDP [15] [13].

MDP can be formulated as a quintuple (S, A, P, R,y), where S is a set of all
observable states, (A is a set of discrete or continuous actions, P : S X AXS — [0, 1]
is the state transition function, R : S X A — R (or sometimes R : S X A XS — R)is
the immediate scalar reward, and y € [0, 1] is a discount factor of future rewards [14].
If a state s changes, an agent samples the next action from a probability distribution
called the policy: m(a | s) [14]. The state-action trajectory obtained by the interaction
can be expressed as 7 : (s9, ag, S1, --., @11, 5¢) [13].

2.1.1 Optimal Value Functions

RL tasks under an MDP seek policies that maximize the cumulative reward along
trajectories. The discounted return from time ¢ is

Gi = Rt + YRz + V' Riss +-+- = D Y Revan, (1)
k=0

where R;,; denotes the immediate reward at time 7+1 and y € [0, 1] is the discount
factor [14]. Common problem classes are episodic tasks and continuing tasks. In
episodic tasks the agent-environment interaction breaks into episodes that terminate
in a predetermined terminal state for which an undiscounted finite-horizon return is a

viable choice,
T—t-1

Gi= D Rtk 2)
k=0

where T is the termination time [14]. In continuing tasks the interaction proceeds
indefinitely without a natural terminal time, requiring the discounted return to be used
in order to ensure finiteness and to formalize a preference for near-term rewards [14].
Discounting induces a present value for delayed outcomes: a reward k steps in the
future contributes y* times what it would contribute if received immediately. When
v = 0, the agent is short-sighted and optimizes R;;; only, but as y — 1, the agent
becomes increasingly far-sighted and future rewards weigh more heavily [14]. For
any bounded reward sequence, the infinite sum defining G; is finite whenever y < 1
[14]. In episodic tasks the return also satisfies the one-step recursion (with Gy = 0 at

termination),
G: = Ri1 +y Gy, (3)

and the same identity holds in continuing tasks when the discounted definition is used
[14].

Calculating the return of a state is challenging due to the dependence on both
the state-transition probabilities and the policy [13]. The weighted average over all
trajectories can be expressed via the Bellman equations [13], [16], [17]. The expected
return of a state s under a fixed policy  can be determined formally with the state-value

14



function for policy r:

Vn(s)iEﬂ[thst:S]:En Si=s

i 7’th+1+1<

k=0

= Zﬂ(d | 5) Zp(s',r | s,a) [r +yvy(s")], forallse S, 4)

where E, [-] is the expected value of a random variable given that the agent chooses
its actions accordingly to policy m, and ¢ is any time step [14]. Equation (4) is the
Bellman equation for v,, which expresses a relationship between the value of a state s
and the values of the successor states of s [14]. The expected return of taking action a
in state s under 7 can be formally determined similarly with the action-value function
for policy n:

i 7’th+1<+1

k=0

:Zp(s’,r | 5,a) [i’+7Vn(S')]

qr(s,a) =B, [G,; | S;=s,A;, =a] =B, Si=s,A;=a

= Zp(s',r | s,a) [r+yZ7r(a’ | ) gr(s",a’) ], for all (s,a) € S X A,
5

where equation (5) is the Bellman equation for g, [14].

Solving a reinforcement learning task means finding an optimal policy, which is
a policy that yields an expected return that is higher or equal to any other possible
policy [14]. There can be more than one optimal policies, but all optimal policies are
denoted by 7., and they share the same optimal state-value function v, defined as

vi(s) = maxvy(s), (6)

forall s € S [14]. Optimal policies also share a common optimal action-value function
g+, which is defined as

q«(s,a) = max qr(s,a), (7

forall s € S and a € A(s) [14]. Since q.(s, a) gives the expected return for state-
action pair (s, a) and thereafter follows the optimal policy, g. can be written in terms
of v, [14]:

q+(s,a) =B [Rix1 +yvi(Sis1) | Ss =5,A; =a] . 3)

The Bellman optimality equations (9), (10), and (11) allow v, and g. to be written

15



without reference to any specific policy [14]:

vi(s) = ax, (s, a)

= m&'ﬁ‘XE [Res1 +yVi(Sia1) | S =5, A = d] ©)
= max Z p(s',r|s,a) [r+yv.(s)] (10)

q«(s,a) =E [Rm +ymax q.(S;+1,a’) | Si =5, A; = a]
a

= Zp(s’,r | s,a)

s’,r

r+yma}xq*(s’,a’)] ) (11)
a

In essence, the Bellman optimality equation states that, under an optimal policy, a
state’s value equals the expected return obtained by taking the best available action in
that state [14].

2.1.2 Characteristics of Reinforcement Learning

An unsolved dilemma in RL is the trade-off between exploration and exploitation: in
order to obtain high rewards, an agent needs to exploit actions that are tried in the past
and have yielded reward effectively, but to be able to find those actions in the first
place, the agent must explore actions it hasn’t performed before [14]. The balance
between these two in changing the policy 7 can be determined with the exploration
parameter € € [0, 1]: for instance, in so-called e-greedy action selection, the action
with the greatest ¢ (s, a) is selected with probability 1 — €, and other random actions are
selected with the probability €/N(a), where N (a) is the number of possible actions
[14].

The two prominent ways of learning are on-policy and off-policy methods [13].
On-policy methods aim to assess or improve the policy that is used for decision-making,
hence they optimize the policy directly, while off-policy methods assess or improve a
policy that is different than the one that generated the data, having higher data efficiency
than on-policy methods [13], [14]. Depending on the environment, there are various
methods that can be used to evaluate the optimal values. Dynamic programming (DP)
methods can be used to solve the Bellman equations if the environment is fully known
[17] [13], while Monte Carlo (MC) methods are useful when the environment cannot
be fully modeled [13]. Temporal difference (TD) methods are similar to MC methods,
and do not require a complete dynamics model of the environment, but update from
sampled returns: TD bootstraps from one-step predictions, whereas MC waits for
episode termination [14].

2.1.3 Dynamic Programming

Dynamic programming (DP) is a family of algorithms for computing value functions
and optimal policies in MDPs by iteratively using Bellman equations as operators to
estimate the value function for current policy v, and optimal policy =, [12], [14], [16],

16



[17]. DP assumes full knowledge of the MDP model, including the state transition
probabilities and reward function [12]. Iterative policy evaluation is a DP method that
first initializes a vector vo(s) = 0 for all s € S and iteratively performs update sweeps
for all states s € S using the Bellman equation

visi(s) « Y m(als) Y p(s'sr | s,a) [r+yve(s)] (12)

until convergence to v, [12]. This update uses current estimates of successor states s’
to update s, which is a common property in many RL algorithms called bootstrapping
[12]. Now that there is a method for policy evaluation, we need to consider a method
for policy improvement. Greedy policy improvement selects for each s,

n'(s) € argmax g,(s, a), (13)
aeA

and by the policy improvement theorem [14]

D 7@l $)an(s,a) 2 ) xa] )gals,a) (14)
acA acA
= va(s) (15)

we obtain v, (s) > v,(s) forall s [12]. Alternating evaluation and greedy improvement
yields policy iteration, which reaches an optimal policy ., and the associated v,
in finitely many iterations for finite MDPs [12]. An equivalent one-sweep scheme
called value iteration combines evaluation and improvement by applying the Bellman
optimality operator [12]:

Vi1 () ﬁgZP(S',r | s,a) [r+yvi(sh]. (16)

In practice, both policy iteration and value iteration are stopped when successive
updates change v by less than a predetermined tolerance. Value iteration and policy
iteration are the mathematical foundations that model-free methods emulate: iterative
expected updates are replaced by sample-based bootstrapping in TD or episode-
averaging in MC methods when state transition probabilities are unknown, while
preserving the same fixed points and improvement principles [14].

2.1.4 Monte Carlo Methods

Monte Carlo (MC) methods estimate value functions directly from sampled experience
without a model by averaging complete returns along episodes [14]. In their basic
form, MC methods are defined for episodic tasks, so that returns are well-defined. A
first-visit or every-visit estimator for v, averages the empirical returns after visits to s
under 7:

N(s) T—-t-1

1 i
UORE v Zl] GOs), Gi= ) YR (17)

k=

o

17



where N (s) is the visit count and T is the termination time [14]. MC estimates are
unbiased and converge with increasing visits, but typically exhibit higher variance and
are episode-by-episode incremental [14]. In addition, MC does not use bootstrapping,
meaning the updates use sampled returns rather than other learned estimates [14].

When no model is available, action-value estimation Q,(s,a) is preferred so
policies can be improved without one-step lookahead: first-visit and every-visit MC
extends by averaging returns after visits to (s, @) [14]. MC control follows generalized
policy iteration (GPI) [14]. In GPI, the action-value function ¢ is constantly altered
to better approximate the value function for the current policy ¢,, and the policy x
is constantly enhanced with respect to the current value function g [14]. With so
called exploring starts, greedy improvement is guaranteed to improve or match the
current policy, and without exploring starts, on-policy control uses e-soft (for instance
e-greedy) policies to ensure all actions remain sampled [14].

To evaluate a fixed target policy 7 from episodes generated by a behavior policy b,
coverage (m(a | s) > 0= b(a | s) > 0) is assumed and returns are reweighted by the
importance-sampling ratio [14]:

m(Ag | Sk)
prr1 = ﬂ A S (18)

For every-visit MC prediction, the ordinary estimator averages p;.7—1G; over Vvisits to
s and is unbiased for v, (s), but can have very high or even unbounded variance [14].
The weighted importance sampling used to estimate v,(s), defined as

Zte‘i’(s) Prr(1)-1 Gt
2T (s) PrT (1)1

V(s) = (19)

is biased, yet the bias vanishes asymptotically and it typically has dramatically lower
variance: under bounded returns its variance converges to zero even when the ratio’s
variance is infinite [14].

2.1.5 Temporal-Difference Methods

Temporal-Difference (TD) [18] methods solve the prediction problem from sampled
experience by updating state values after one step of interaction, combining MC’s
sampling with DP’s bootstrapping [14]. Given experience under a fixed policy 7,
TD(0) updates the current estimate immediately upon observing (S;, A;, Ri+1, St+1):

V(S:) « V(S + CY[RHI +yV(S1) - V(St)], (20)
where the term in brackets
0t = R +yV(Sit1) = V(S)) (21)

is the TD error, and « is a constant step-size parameter [14]. Unlike MC, which must
wait until the episode return G, is known, TD(0) uses the one-step target R, +yV (S;+1)
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and updates online and incrementally at every transition [14]. Generally, MC targets
correspond to the recursion v, (s) = E;[G; | S; = s], while TD(0) mirrors the Bellman
expectation equation v, (s) = By [R;+1 + ¥V (Si+1) | S = s] but substitutes V for v,
[14]. This yields stepwise updates with lower variance suitable for long or continuing
tasks where episode-end returns are delayed or undefined [14].

Under standard stochastic-approximation conditions, tabular TD(0) converges
to v, for a fixed policy m (with probability 1 for diminishing stepsizes, and in the
mean for sufficiently small @) [14]. Moreover, when V is held fixed during an
episode, the MC error G, — V(S;) decomposes as a discounted sum of TD errors,
G, -V(§) = i;tl y*718, , linking TD’s local one-step targets to global returns [14].

An early breakthrough in RL was the development of Q-learning, which is an
off-policy TD control algorithm [14], [19], defined by

O(S:1, Ar) < Q(S1, Ay) + @ | R + ymaxQ(Si41,a) — Q(Sy, Ar) (22)

where « is the learning rate. The learned action-value function Q directly approxi-
mates the optimal action-value function g. independently of the policy being followed,
simplifying the analysis of the algorithm and enabling early convergence proofs.
However, Q-learning has its limitations: Thrun and Schwartz [20] raised the problem
of overestimated Q value in Q-learning algorithm, and Deepmind [21] further proved
that any kind of error, whether environmental noise, function approximation, non-
stationarity, or any other reason, would lead into overestimation of the Q value [13].
Double Q-learning has been proposed as a solution to the issue of overestimation: it
stores two Q functions, Q4 and Q% and alternates which one it updates [22]. Instead
of using the value Q4 (s, a*) = max, Q4 (s’,a) to update Q* as in Q-learning, the
value QB (s’, a*) is used [22]. Because Q2 is trained on the same task but from a
different stream of experience, this cross-evaluation reduces the overestimation that
arises when selection and evaluation use the same values [22]. Q% is updated similarly
using b* and Q4 [22].

Sarsa is a prominent on-policy TD control method that applies generalized policy
iteration using TD prediction for the current behavior policy [14]. It learns action
values ¢,(s,a) for the policy m by viewing the process as a Markov chain over
state-action pairs and updates after every transition from a nonterminal state S;:

O(S1, Ar) < O(S1, Ar) + @ [Res1 + yQ(Sta1, A1) — Q(Sr, Al (23)

and if S;1 is terminal, Q(S+1, Ar+1) is defined as zero [23] [14]. The update rule uses
all elements in the (S;, A;, Ri+1, St+1, Ar+1) quintuple of events, giving the name to
the algorithm [14]. Sarsa converges to an optimal policy and action-value function
with probability 1, given that all state-action pairs are visited infinitely often, and the
exploration parameter € decays so that 7 converges to the greedy policy, for instance
by setting €; = 1/¢ [14].
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2.1.6 Partial Observability

As mentioned earlier, an MDP assumes a Markovian environment and full observability:
one can determine the next action by evaluating r..(s) at the current state s. In many
real-world scenarios, however, the agent cannot directly observe the true state. In
such cases, the problem is modeled as a partially observable Markov decision process
(POMDP) [15]. In the classic formulation, a POMDP is a sextuple (S, A, T, R, Q, O),
where S, A, T, and R define the underlying MDP; Q is a finite set of possible
observations; and the observation function O : 8 X A — [1(£2) maps each resulting
state-action pair to a probability distribution over observations [15]. O(s’,a,0)
denotes the probability of observing o after taking action a and arriving in state s/, i.e.
O(s’,a,0) = 0(s’,a)(o0) [15]. Within an MDP, the agent’s policy x selects actions as
a function of the fully observed state. Under partial observability, the agent maintains
an internal belief state b, which is a probability distribution over S that summarizes
its history of actions and observations [15]. Thus, the controller is made of two
components: a state estimator SE that updates b given the last action and current
observation, and a policy & that maps the current belief b to an action [15]. The belief
state is a sufficient statistic of the past in the sense that when correctly computed, no
additional history improves decision quality beyond b [15]. This yields a Markov
process over belief states and enables planning as if the belief was the state [15].

2.1.7 Function Approximation and Deep Reinforcement Learning

Tabular representations break down when state or action spaces are large or continuous
[12], [13]. A standard approach in these cases is to represent the approximate value
function as a parameterized functional form with weight vector w € R, which can be
written as v (s, W) = v,(s) [14]. For instance, ¥ can be a linear function with w being
the vector of feature weights, or ¥ may be a function computed by a multi-layer neural
network with w being the vector of connection weights in the layers [14]. Methods
that use function approximation apply equally well to Markovian environments and
partially observable environments [14]. It enables generalization across states and
compact representations of complex policies, but introduces stability challenges when
combined with bootstrapping and off-policy learning (the so-called “deadly triad”)
[14], [24].

Deep learning has become increasingly influential with higher computing power and
the advances in deep neural network technologies such as convolutional neural network
(CNN) and recurrent neural network (RNN), showcasing high fitting and representation
capability when processing high-dimensional data [13]. Deep reinforcement learning
(DRL) utilizes these qualities of neural networks to approximate values or policies
and solve RL problems with a large state space and continuous action space [13].
Generally, deep learning can be used to map original states of the environment to
features, and RL is then used to map the features to actions [13]. DRL can consider
these two processes as a whole due to the ability to use the deep neural network as a
black box [13].

There are two broad families of DRL methods: value-based and policy-based.
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A standard foundation for DRL algorithms is a value-based method called deep Q-
learning (DQN) which approximates g(s, a) with Q-learning updates, but substitutes
the tabular value function with a neural network [12], [13]. However, similar to
Q-learning, DQN exhibits a tendency of overestimating the Q-value, to which double
deep Q network (DDQN) has been proposed as a solution: it decomposes DQN’s
single value function used to select actions and calculate target values into two different
value functions, i.e. networks, with the main network being used to select the optimal
action and the target network being used to estimate the value function [12], [13], [21].

Policy-based methods are based on policy gradient algorithms, which are able to
optimize the policy directly by computing gradients with respect to the parameters
of their policy in order to update the learned policy [12], [13]. Gradient-based
optimization requires a differentiable representation of the policy and a loss function
to compute gradients for updating the policy’s parameters [12]. Minimizing a loss
function should correspond to improving the policy, which may be measured via
Vx(s) or Q. (s, a), but changing the policy to maximize such values alters both action
choices and the state visitation distribution, coupling returns to unknown environment
dynamics [12]. The policy gradient theorem [14] describes a solution to these
challenges [12]. For episodic tasks policy gradient can be written as

Vo (¢) &< Y Pr(s | 7) D gn(s,a)Ver(al 5;9), (24)

seS aeA

where J is the maximizable objective function, i.e. quality of the policy, over parameter
¢ of parameterized policy 7, oc denotes "proportional to", and Pr(s | 7r) is the on-policy
state distribution of 7 [12]. The probability of being in state s at time ¢ while following
7 obeys

u(s), =0
Pr(ST=s1m) =) N pi(s! =5 | 1) ) alal §) T(s | sa), 150, 29

where u(s) is the distribution over initial states and 7 (s’ | s, @) is the environment
transition kernel [12]. The above allows the definition of the discounted state-occupancy
measure

ps|m)=) v Pr(s'=sn). (26)
=0
which satisfies the recursion
p(s|m)=pu(s)+y ) p(s' | m) D alals)T(s]s,a) 27)
s’ a
[12]. Normalizing p over states yields the on-policy distribution used in (24) [12]:
p(s | m)
Pr(s | ) = ———. (28)
Zs’ p(S’ | ﬂ')

Within policy gradient algorithms, actor-critic algorithms are a notable family of
algorithms that train simultaneously a parameterized policy called the actor and a value
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function called the critic [12]. Gradient estimates derived from the policy gradient
theorem are used to optimize the actor, while the critic is used to form bootstrapped
return estimates [12]. Bootstrapping enables estimations from the experience of
a single step similarly to TD methods, yielding lower variance compared to MC
estimates [12]. A notable actor-critic method is the advantage actor-critic (A2C)
[25], which provides estimates of the advantage, i.e. how much better action a is
than the policy’s average choice in state s, given by Adv,(s,a) = q(s,a) —vx(s), to
guide the policy gradients [12]. With most policy gradient algorithms, there is a risk
that any individual gradient update step can move a policy too far in the parameter
space and reduce its expected performance [12]. Trust-region methods, such as trust
region policy optimization, mitigate this risk by defining an area within the space of
policy parameters in which the policy’s updates are constrained [12]. Proximal policy
optimization (PPO) [26] maintains the notion of trust regions while using a simple,
efficient surrogate objective that enables multiple updates per data batch [12]. Given a
behavior policy 73 and the current policy 7 (- | s; ¢) to be optimized, PPO forms an
importance sampling weight

n(a|s;9)

, 29
7(als) (29)

p(s,a) =

which adjusts the data distribution to enable the data generated by g appear on-policy
for 7 [12]. PPO updates the actor by minimizing the clipped surrogate loss

L(¢) =-min (p(s',a") Adv(s',a"),clip(p(s',a’), 1 — €, 1 +€)Adv(s',a")), (30)

which limits the effective policy change by bounding p to [1 — €, 1 + €] [12]. The
critic is trained by regression to a bootstrapped target,

; rl, if s'*1 is terminal,

= 3D

r'+yV (s, 9), otherwise,

with £(0) = (y' - V(s'; 9))2 being the critic loss[12].

2.2 Multi-Agent Reinforcement Learning

MARL extends single-decision-maker RL to game models with multiple decision-
making agents whose actions jointly influence the dynamics and rewards. The agents
coordinate their actions with each other (often called a cooperative setting) or against
each other (competitive setting), and sometimes the scenario is a combination of these
two [12]. Due to the research setting of this thesis, we focus on literature that is
relevant for cooperative scenarios. In this subsection we formalize the multi-agent
generalization of an MDP, present an overview of the training and execution modes
and a foundational multi-agent deep reinforcement learning algorithm, and finally
survey the latest research in addressing common issues in complex MARL settings
such as communication and credit assignment.
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2.2.1 Stochastic Games

The central multi-agent generalization of an MDP is a stochastic game, also known
as a Markov game [27]-[29]. Similarly to MDPs, stochastic games assume history-
independence and full observability. A finite discounted stochastic game with n agents
is a tuple

(I, S, {Ai}Yier, T, {Ri}ier, v 1),

where I = {1, ...,n} is a finite set of agents, S is the state set, ‘A; is the action set of
agenti; 7 : SXAXS — [0,1] suchthatVs € S,a e A: Y ocsT (s,a,s") = listhe
state transition probability function, R; : SX A XS — R, where A = A X...X A, is
the reward to agent i, y € [0, 1) is the discount factor, and u : S — [0, 1] is the initial
state distribution [12], [28]. At time 7, each agent observes the current state s* € S
and chooses an action a; € A; with a probability according to its policy m;(a; | A'),
where h! = (so, a®, st al, .5t ) is the state-action history which is observed by all
agents, i.e. full observability [12]. With the joint action a’, the game moves to the
next state s'*! € S with a probability determined by 7 (s*, a’, s'*') and all agents i
receive a reward r! = R; (s, a’, s"") [12].

Realistic multi-agent systems are rarely fully observable. Similarly to POMDPs,
partially observable stochastic game (POSG) [30] introduces individual observation
processes to a stochastic game. A POSG is defined by the same elements as a stochastic
game, but it additionally defines for each agent i € I an observation space O; and an
observation function O; : A XS x O; — [0, 1] such thatVa € A,s € S : ), <o,
O;(a, s,0;) = 1[12]. POSGs proceed in the same manner as stochastic games, except
after the environment transitions to s’ under the previous joint action a’~!, each agent
receives a private observation o; [12]. Agent i’s policy is history dependent, 7;(a! | hl)
with h; = (0?, e, 0?), to address partial information [12]. Observation functions can
be used widely to represent the observability conditions, such as ability to observe
actions of other agents or the limits of the view region [12]. Communication between
agents can also be modeled: sending a message can be embedded into the agent’s
action space as an action that doesn’t affect the state of the environment but can
be observed by other agents, and an incoming message from another agent may be
plugged into the observation function along with added noise and communication
breakdowns, or constraints in communication distance [12].

The agents often share a common reward function in fully cooperative settings,
ie. Ri = R, = ... = R, = R, or alternatively, the agents have different reward
functions but the goal is to maximize the average reward across the agents, i.e.
R(s,a,s’) = %Ziel Ri(s,a,s’) for any (s,a,s’) € S X A X S, also known as the
team-average reward [28]. A central cooperative framework is the decentralized
partially observable MDP (Dec-POMDP), obtained by imposing a common reward
function, i.e. each agent chooses actions from A; based only on its local history and
seeks to maximize the team return. [12], [31].
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2.2.2 New Challenges for Learning in Multi-Agent Systems

In multi-agent learning, each agent’s policy evolves during training, making the
environment non-stationary from any single learner’s perspective [12]. This breaks
assumptions behind convergence proofs for single-agent TD and may lead to cyclic
dynamics where the agents adapt their policies to other agents’ changing policies,
which also adapt to other agents’ changing policies [12]. Practical remedies that have
been proposed include importance sampling of replay data, centralized training, and
incorporating meta-RL considering updates from other agents [32].

Many real-world multi-agent systems involve a substantial number of agents.
When the number of agents is scaled up, the number of their joint actions may grow
exponentially in the number of agents: |A| = | A;| - ... - |A,| [12], [32]. In addition to
computational challenges, increasing the number of agents may increase the level of
non-stationarity of the environment due to the increase in "moving parts" in the system
[12]. Some proposed solution to scalability issues include parameter sharing, where
homogeneous agents share neural networks and heterogeneous agents are trained
independently [33], and techniques such as transfer learning or curriculum learning
[34] which initially train with fewer agents and progressively scale up to environments
with a larger number of agents [32].

Credit assignment is another common issue. In both single-agent RL and MARL,
there exists the problem of temporal credit assignment, i.e. determining which actions
throughout the history contributed to the accumulated rewards, while in MARL,
attributing rewards to specific agents or coalitions arises the non-trivial problem
of multi-agent credit assignment [12]. Issues in multi-agent credit assignment in
cooperative settings may lead to reinforcing actions of agents that made no contribution
to the reward, since the agents do not have the ability to understand the effects of their
own actions [12]. Value decomposition and attributing values to joint actions have
been proposed as solutions to multi-agent credit assignment [12], as well as multi-level
advantage credit assignment [35].

2.2.3 Centralized Training with Decentralized Execution

There are three main paradigms in training and execution modes [12]. Centralized
training and execution is a design pattern where the information used for learning of
agent policies as well as policies themselves are shared centrally between the agents,
which is often not viable for real-life applications [12]. Decentralized training and
execution paradigm does not use central sharing of any information or mechanics
during the training or within the policies, which can be a natural choice in some
domains, but lacks the ability to leverage information on other agents and may result
in increased non-stationarity [12]. The third paradigm is centralized training with
decentralized execution (CTDE) [12]. CTDE algorithms train agent policies centrally,
but the policies are designed for decentralized execution, combining the benefits
of both fully centralized and decentralized paradigms [12]. CTDE is prominently
used in deep MARL because it lets value functions use privileged, joint information
during training without breaking tractability [12]. A common pattern is a multi-agent
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actor-critic with a centralized critic that is conditioned on joint observation histories,
yielding more accurate value estimates, while decentralized actors condition only on
their own histories [12]. At execution the critic isn’t needed since the actions come
from the local policies, thus enabling fully decentralized execution [12].

2.2.4 Multi-Agent Deep Reinforcement Learning

Tabular MARL algorithms face the same problems as tabular RL algorithms (which
were discussed in section 2.1.7), hence deep learning is required, enabling training of
neural networks as function approximators with the ability to generalize over large
state or action spaces [12]. The notation for multi-agent deep reinforcement learning
(MADRL) algorithms is from hereon simplified for the sake of clarity: 7 (-; ¢;) denotes
the policy of agent i with agent i’s policy parameters ¢;, i.e. the subscript of 7 is left
out. Similarly, v(-; ;) is the value function for agent i with parameters 6;, and ¢(-; 6;)
is the action-value function of agent i with parameters 6;.

As discussed in section 2.1.7, the policy gradient theorem is the foundation of
policy gradient algorithms. Since expected returns of agents depend on the policies
of all agents, the single-agent policy gradient theorem (24) can be extended to a
multi-agent policy gradient theorem (for partially observable environments) [12]. For
agent i, the multi-agent policy gradient theorem using histories of information can be
written as [12]

Vod (80) < B peiim. |97 Cai,ai)) Vg, logmi(ai | hi = ou(h), ¢1)] . (32)

Ai~Tiy A—j~TT—i

An actor-critic algorithm under CTDE needs to consider both the actor and the
critic networks: the actor network 7 (h!; ¢;) requires only the local observation history
of agent 7 for the action selection, enabling decentralized execution [12]. Since
the critic is not used at execution time, it can be centralized and conditioned on
privileged information, such as the full environment state [12]. Let z denote a vector
representation of this information. The centralized critic’s value loss for agent i is then
[12]:

L£(6) = (yi—v(hl.2':67)* with yi=rl+yv(h* 0. (33)

The amount privileged information to be included in z with regard to variance and
performance of learning has been discussed for instance in [12], [36], [37]: it has been
argued that the critic should at minimum have access to the agent’s observation history
h; but any other information would increase the variance in the policy gradient during
training [37], however there may be a beneficial trade-off in introducing additional
privileged information to help agents avoid a local optimum [12], [36].

Another variant of the critic is the centralized action-value critic, for which agent
i trains an action-value function g conditioned on the agent’s observation history
h;, centralized information z’, and actions of all agents a’ [12]. The centralized
action-value critic’s loss is then

L£00) = (yi—q(hl. 2. a"0)) with y;=rl+yq(h*, 2 a1 0),  (34)
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and using the critic, agent i’s policy loss is
L(¢i) =—q(hl, 7', a";6;)logn(al | b ¢:), (35)
and the multi-agent policy gradient for agent i is
Vo J(¢i) = Barnr [q(R, 2", (al,a'); 0))V, log mi(al | b ¢1)] - (36)

Training and applying centralized value functions comes with a caveat: learning
becomes difficult due to the joint-action space growing exponentially with the number
of agents [12]. Furthermore, centralized value functions do not allow individual
agents to select actions in a decentralized fashion [12]. An alternative approach in
CTDE for cooperative common-reward tasks is value decomposition, which learns per-
agent utility functions ¢ (h;, a;; 0;) that depend only on each agent’s local observation
history A; and action a; [12]. Utility functions can be used by individual agents to
efficiently select greedy actions, and are trained jointly so that, when aggregated,
they approximate the centralized action-value function [12]. A key requirement is
the individual-global-max (IGM) [38] property: greedy joint actions with respect to
the centralized action-value function coincide with the joint of individually greedy
actions, enabling decentralized greedy execution while training toward centralized
objectives [12]. Formally, let

A*(h, z;0) = arg max g (h, z, a; 0) (37)
ae

denote the sets of greedy actions with respect to a decomposed centralized action-value
function ¢g(h, z, a; 6), and let

A = argmax q(h;, a;; 6;) (38)
acA;

denote set of greedy actions with respect to agent i’s individual utility function
q(hi,a;; 6;) [12]. The IGM property is satisfied if

Va=(a,,...ap) € A:ae A (h,z;0) &Viel:a; € A (h;,6;) (39)

holds for all complete histories & with joint-observation histories & = o-(/1), per-agent
observation histories h; = O'i(iz), and central privileged information z [12]. The IGM
property means two things: first, each agent can act greedily with regard to its own
utility and these individually greedy actions coincide jointly with the greedy joint
action of the decomposed centralized g [12]. Secondly, the greedy joint action needed
for target computation during training can thus be obtained efficiently by taking greedy
actions per agent [12]. When IGM holds, the per-agent utilities are said to factorize
the centralized value function [12]. In addition to enabling decentralized execution
and easier learning, these utilities also provide a natural credit-assignment signal:
because each utility depends only on its agent’s local history and action, but is trained
to approximate the centralized value in aggregate, an agent that contributes to the
common reward should see its utility increase [12].
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2.2.5 Multi-Agent Proximal Policy Optimization

Multi-agent proximal policy optimization (MAPPO) was selected as the training
algorithm for our setting because PPO-based methods have shown strong empirical
performance in cooperative multi-agent benchmarks such as [36], [39], making
MAPPO a strong baseline algorithm for cooperative MARL tasks. MAPPO follows
the structure of single-agent PPO by learning a policy 7y and a value function V4 as
two separate neural networks [40]. The value function is used only during training for
variance reduction and it can use additional global information that is not available to
the agents during execution, which allows MAPPO to follow the CTDE paradigm [40].

MAPPO is commonly implemented in settings with homogeneous agents with
parameter sharing, meaning all agents share the same policy and value function
parameters [40]. It uses generalized advantage estimation (GAE) to compute advantage
targets [41]. For agent k at sample index i, the advantage estimate is

~ (k >
AV =Yl e =P ey Vsl - vils?), @)

l+1

where y € [0, 1] is the discount factor, A controls the bias-variance tradeoff, and s( )

is the critic input for agent k [40].

The actor network 7y maps the local observation ofk) to a categorical distribution
over actions in discrete action spaces, or to the parameters of a multivariate Gaussian
distribution in continuous action spaces, from which the action is sampled [40]. The
actor is trained by maximizing the PPO clipped surrogate objective

Lx(6) = _szm( (k)A clip(ry; (k) 1 -¢, 1+e)A(k))

i=1 k=
1 B n (
_ k)
+o B Z S[ﬂ'y(Oi )] , 41)
i=1 k=1
where
ng(a(k) | O(k))
ret) = 42)

0.0 k k
%d( 0 | o ))

B is the batch size, n is the number of agents, € is the PPO clipping parameter, S| -]
denotes policy entropy, and o is the entropy coefficient [40].
The critic network maps the critic input to a scalar value estimate,

Vo :S =R, 43)

and is trained by minimizing the clipped value loss
k
‘£V(¢) Z Z max [ V (S(k)) R ) ’ (Cllp(V¢(S( )) V¢()ld(s( )) E V¢()ld(s(k))+€) ( )) ]’
i=1 k=1
(44)
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~ (k) . . ..
where Rf ) is the discounted reward-to-go target [40]. When recurrent actor and critic

networks are used, the loss functions additionally sum over time and the networks
are trained using backpropagation through time [40]. The pseudocode for recurrent
MAPPO is presented in Algorithm 1.

Algorithm 1 Recurrent-MAPPO [40]

1: Initialize 6, parameters for 7 and ¢, and parameters for critic V using orthogonal
initialization [42]; set learning rate «

2: while step < step_max do
3 set data buffer D « {}
4 for i = 1 to batch_size do
5: T[] > empty list
6 initialize actor RNN states h(()}i)r e, hgz
7 initialize critic RNN states /(). ... hg'y
8 forr=1to T do
9: for all agents a do
10 P WO < ol K@ . g)
11: u,(“) ~ pt(“)
12 WO O (5@, 1D g)
13: end for
14: Execute joint action u¢, observe r;, S;41, Og+1
15: T T U [5, 0 hig, hev, ug, 74, 5141, 0441 ]
16: end for
17: Compute advantage Adv on 7 via GAE; use PopArt [43]
18: Compute reward-to-go R on 7; normalize with PopArt
19: Split 7 into chunks of length L
20: for(=0,1,...,|T/L] do
21: De—DU (t[l:1+L], Adv[l:1+L], R[1:1+L])
22: end for
23: end for
24: for mini-batch k =1,...,K do
25: b « random mini-batch from D with all-agent data
26: for each data chunk ¢ in mini-batch b do
27: Update RNN hidden states for 7 and V from first hidden state in ¢
28: end for
29: Adam [44] update 6 on L(6) with data b
30: Adam update ¢ on L(¢) with data b
31: end for

32: end while
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3 Swarming and Naval Warfare

This section surveys the fundamental concepts of swarm intelligence, engineered
swarms, hunting algorithms, and the domain context of naval USV operations. Lastly,
it surveys the latest research on utilizing MARL in autonomous USVs.

3.1 Swarms and Hunting Algorithms
3.1.1 Theoretical Background

Collective motion in nature can be seen as a source of fascination among science. For
instance, ant colonies, fish schools, and bee hives exhibit complex and coordinated
behavior without centralized control or any leaders. Ants can find the shortest path to
food, bees collectively decide on the placement of a new nest, and African termites
build mounds that may reach a diameter of 30 m and a height of 6 m, all via local
interactions and simple sets of rules followed by the individuals [45]. Such self-
organized behavior provides flexibility and robustness: the group as a whole is able
to achieve its goals even if numerous individuals fail. This inspired the concept of
swarm intelligence as a scientific discipline including research fields such as swarm
optimization and distributed control in collective robotics [45].

Swarm intelligence researchers have often drawn direct analogies from biology and
used them to create metaheuristics, which are high-level problem solving frameworks
that generalize simple heuristics [46]. These can be broadly categorized as bio-inspired,
physics-inspired, geography-inspired, and human-inspired metaheuristics [47]. For
instance, insect colonies exhibit mechanisms such as stigmergy, where individuals
communicate directly via the environment, for example worker ants’ pheromone
trails. This leads to emergent problem solving methods such as shortest-path finding,
which in turn inspired the popular swarm intelligence metaheuristic algorithm Ant
Colony Optimization (ACO) [45] [46]. Fish schools and bird flocks similarly highlight
the role of simple local motion cues: aligning with neighbors, exhibiting attraction
to close neighbors at long distance and repulsion at close range, which produce
synchronized group behavior [48]. Swarm intelligence algorithms are by far the largest
of the metaheuristic procedures and biomimetic computation approaches in general,
representing over 67 % of all bio-inspired algorithms [46].

An early mathematical model capturing swarm dynamics is the Boids simulation
by Reynolds [48], which demonstrated that a realistic flock of "boids" (bird-oid objects)
emerges when each agent follows three basic behavioral rules:

1. Collision Avoidance: avoid collisions with nearby flockmates.
2. Velocity Matching: attempt to match velocity with nearby flockmates.

3. Flock Centering: attempt to stay close to nearby flockmates.

When each boid follows these local rules, the boids fly as a cohesive group, avoiding
collisions, forming a lifelike flock without any central coordinator [48]. Reynolds’
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experiment modeled a swarm as a particle system with distributed behavioral rules
and proved that complex collective motion can be an emergent property of simple
agent-based rules [48].

Following Reynolds, Vicsek et al. [49] proposed a simple model of self-driven
particles: each particle is driven with a constant absolute velocity and at each time step
the particles assume the average direction of their neighboring particles with some
random perturbation added. In spite of the model’s simplicity, the model exhibits a
phase transition: while the particles normally wander randomly, below a critical level
of perturbation or above a critical level of neighboring particle density, the particles
spontaneously align and move in one direction [49]. This finding demonstrated
quantitatively how local alignment interactions may lead to global order. Further
studies placed Vicsek’s model in a theoretical framework. For instance, Jadbabaie et
al. [50] reformulated Vicsek’s model as a consensus problem on a dynamic graph and
proved convergence of headings both when every neighbor graph is always connected
and when connectivity only holds jointly over bounded time intervals. This provided
a rigorous link between swarm behavior and graph theory, proving that under weak
connectivity conditions, distributed local rules can make a flock reach consensus, i.e.
agree on a common heading [50].

Building on the Vicsek model, Cucker and Smale [51] introduced a flocking model
in terms of differential equations. In contrast to the Vicsek model, every pair interacts,
but with a weight that decays polynomially with distance. Other differences are that
the velocities evolve dynamically, the coupling is smooth, and the flocking guarantees
rely solely on the conditions on the initial state. The Cucker-Smale model proves that
if the interaction decays no faster than with rate parameter 5 < %, from any initial
positions and velocities, all velocities converge to a common limit and inter-agent
distances remain bounded [51]. For faster decay g > % the same convergence outcome
holds if the initial positions and velocities satisfy an explicit inequality [51]. The
Cucker-Smale model was later revisited by Zhang et al. [52] who designed a nonlinear
controller for the Cucker-Smale flocking system that guarantees fixed-time flocking:
each agents’ velocities become equal by a computable time bound that doesn’t depend
on initial conditions.

Another analytical approach involves artificial potential fields (APF) and physics-
inspired forces. By analogy to molecules or charged particles, agents can be given
attractive and repulsive forces to maintain formation structure. For instance, Olfati-
Saber [53] models agents as point-mass particles g;, p; that sense neighbors within
range r, inducing a proximity net G(g) whose nodes are agents and edges connect
agents closer than r. Desired shapes, i.e. idealized crystalline packings for the flock
are called a-lattices, configurations where each agent is at distance d from all its
neighbors. Near-lattice shapes are quasi-a-lattices, and the model involves a deviation
energy E(g) which is small when a configuration is close to such a shape.

3.1.2 Engineered Swarms

Early swarm robotics research in the early 2000’s achieved only modest group sizes —
for example the Swarm-bots project financed by the European Commission between
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2001 and 2005 built swarms of up to 20 robots that were capable of self-assembly, 1.e.
connecting physically to each other to form cooperating structures [54]. Extending the
algorithms and ideas developed in Swarm-bots, the Swarmanoid project between 2006
and 2010 built heterogenous (flying, climbing, and ground-based) robot swarms that
were able to collaboratively carry out a search and retrieval task [54]. In parallel with the
breakthroughs in robotic swarm collaboration, research on hardware miniaturization
laid grounds for deployment of swarms composing of hundreds or thousands of
robots. For instance, Kilobots, low-cost open source robots developed at the Harvard
University, were capable of performing collective behaviors as a group of 100 robots
such as ant-inspired foraging, formation control, phototaxis, and synchronization
without central control [55]. In 2014, the research group behind Kilobots showcased a
swarm of 1024 Kilobots autonomously forming prescribed formations [56].

Engineered swarms exist beyond ideal ground platforms, but moving from labora-
tory or simulator circumstances to real-world conditions poses challenges. An early
real-world experiment in 2016 [57] involved a swarm of ten low-cost differential-drive
surface boats equipped with GPS, compass, and ad-hoc Wi-Fi — capable of autonomous
homing, dispersion, clustering, and area monitoring. The controllers of the swarm
were evolved with NEAT genetic algorithm with added environment and sensor noise
to improve the transfer from the training platform simulator to real-world conditions
[57]. A 2015 experiment introduced a fully decentralized task-allocation algorithm for
autonomous underwater vehicles (AUVs), allowing a swarm to self-partition into work
groups whose sizes adjust to changes in task demand and team size, while minimizing
task switching [58]. A research paper published in 2018 [59] set out to tackle the
challenges that arise when taking flying drone swarms from simulations to real-world
conditions, where bounded spaces, obstacles, noise, delays, and acceleration limits
exist. The model introduced in the paper is based on classic flocking theories by
for instance Reynolds [48], Vicsek [49], and Olfati-Saber [53], but made alignment
distance-dependent via an acceleration-limited breaking curve. Allowing distant
neighbors a bigger mismatch in velocity than close neighbors respects each drone’s
acceleration bounds and eliminates oscillations that were obstructing real flights [59].
Another key novelty the paper introduces is treating the controller as a parameterized
instance and using covariance matrix adaptation evolution strategy (CMA-ES) to
maximize a single fitness, essentially turning the finding of correct parameters in the
real world into an optimization problem [59].

Recent developments in computation, sensing, and communication have brought
UAVs into everyday life, being capable of performing missions with extraordinary
versatility [60]. Zhou et al. [60] were able to demonstrate a ten-drone swarm au-
tonomously navigating a dense bamboo forest, maintaining formation while dodging
unknown obstacles, performing random individual tasks simultaneously while main-
taining minimum separation. The behavior was achieved using a novel spatio-temporal
trajectory planner, which optimizes path shape and timing in real time in order to allow
drones to take turns through gaps without a central coordinator. Zhang et al. [61]
proposed a single end-to-end neural controller with differentiable physics, yielding an
efficient, vision-only policy that scales from one drone to a multi-agent setting without
redesign. The controller enabled the drones to achieve up to 20 m/s flight speeds with
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static and dynamic obstacles, and exhibit mutual collision avoidance and turn-taking
within a six-drone swarm, all emerging from the same policy [61].

3.2 Hunting Algorithms

Hunting algorithms are essentially algorithms for identifying, locating, and capturing
a target. The design of efficient search patterns is vital to quickly locate an unknown
moving target while covering a large area with a limited amount of agents. Modern
research utilizes a variety of frameworks for solving the problem of minimizing the
search time. The classic framework lies on the grounds of search theory and Bayesian
inference, which are formalized for example by Stone [62], who proposes a generalized
Lagrangian-multiplier method capable of producing uniformly optimal search plans.
More novel approaches to the minimizing problem include bio-inspired metaheuristics,
surveyed for example in [63] and reinforcement learning based methods, proposed for
example in [64].

Each framework has produced various, sometimes overlapping strategies for
swarms of agents to maximize coverage and minimize search time. One class of
methods uses systematic sweeping patterns: for instance, Francos and Bruckstein
[65] propose a pincer movement search where pairs of agents sweep towards each
other from opposite sides of the circular search area. The coordinated pincer/double
envelopment movement ensures any search target hiding in between is eventually
detected, and can guarantee detection of even smart evaders under velocity constraints
[65]. Asymptotic analysis of number of agents, velocities and sweeping processes,
such as circular and spiral, can be used to optimize the search times [65].

The study of cooperative target search missions with autonomous vehicles has
produced a numerous trajectory planning methods and search algorithms. Within this
field of study, targets are typically categorized as either static or dynamic targets [66].
For static targets, there are methods surveyed in [66] such as zigzag formations for
regional scanning, parallel interval search utilizing Dubins curve [67], helix method,
and spanning tree algorithms. However, the major limitations of these methods are
that they do not take into account potential failures the agents may experience nor any
unforeseen circumstances, and they do not consider performance constraints of the
agents, which can further reduce the efficiency in a real-world setting [66].

According to [66], the focus of studies has recently shifted towards moving targets
and changing environments, where researchers have proposed bio-inspired heuristics
such as ACO in [68], genetic algorithms, and bird flocks, as well as methods from
within the Stone-style probabilistic search theory framework such as [69] and [70].
However, probability-based methods do not address the false alarm probability of
sensors and ACO-based approaches are challenging to implement in real world and are
limited to smaller scale search areas [66]. To address the aforementioned issues, Yang
et al. [66] propose DAPSO: distributed, adaptive, real-time planning method based
on local particle swarm optimization (PSO), which combines Stone’s probabilistic
approach with bio-inspired metaheuristics. It adopts the classical optimal-search
architecture with a probability map with Bayesian updating, which is passed as an
objective for the PSO to optimizing the flocking trajectories of the agents, resulting
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in higher area coverage and detection rates than baseline strategies, such as random
search, standard PSO, and ACO [66]. Authors of [71] propose a pursuit-evasion
framework for USV's which is based on APF-inspired threat pontential fields and PSO:
by encoding threat, geometry, and formation into a single potential minimized via
PSO, it avoids high-dimensional HJI-style game formulations while still producing
realistic, cooperative pursuit behaviors that are feasible to run in real time and in
simulation.

3.3 Naval Warfare and Autonomous USVs
3.3.1 Naval Warfare

Naval warfare may be defined as the conduct of armed conflict in and from the
maritime domain on, under, and above the sea, by forces employing sea power to
coerce adversaries and protect interests through the control, denial, and exploitation
of maritime space and communications. Corbett [72] defined it as: "[c]Jommand of
the sea, therefore, means nothing but the control of maritime communications ... The
object of naval warfare is the control of communications". Modern doctrine reframes
this as sea control, specifically “the condition in which one has freedom of action to
use the sea for one’s own purposes ... [and] to deny or limit its use to the enemy”
[73]. Mahan’s [74] historical analysis places this objective as crucial in the grand
strategy, and emphasizes that control (command) of the sea determines the ability to
project power, protect trade, and limit an adversary’s options. Contemporary research
combines these notions: sea control grants the ability to use the maritime commons
while denying the use of from the opponent, enabling power projection from the sea,
the protection of sea lines of communication, blockade, and support to joint operations
ashore [75].

3.3.2 Autonomous USVs

Marine drones, meaning unmanned surface vehicles and unmanned underwater vehicles
are a relatively mature invention: the first marine drones were developed already
in the 1960’s and were used for data collection and transfer [76]. Tordpedes were
the first true drones, developed in the 1970’s for testing purposes and laying the
ground for most of the theoretical and experimental work on marine drones [76]. The
1980’s is considered as the golden age in the development of marine drones as most
of the theoretical developments were implemented in practical areas with DARPA
laboratory in the US developing most of the prototypes [76]. The 1990’s saw the
emergence of the first generation of marine drones capable of performing tasks for
the purpose of experiments [76]. Finally, in the first decade of the 21st century, the
maritime drone research and technology shifted from the academia to industrial level,
and the theoretical development of cooperative motion of multiple drones had been
accomplished by the end of the decade [76].

Today’s unmanned maritime systems in modern warfare are routine tools across
intelligence, surveillance, reconnaissance, and logistics tasks [76]. USVs’ agility
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and resilience in harsh environments make them potent instruments for strategic and
precision strikes and a core element of anti-access/area-denial (A2/AD) strategies [6].
Notable use cases in recent years have been in the Black Sea during the Ukraine war
where Ukraine has imposed damages on Russia’s fleet through long-range coordinated
strikes. A major turning point was the Sevastopol raid on October 29, 2022 where
eight UAVs and seven USVs traversed approximately 300 km undetected, penetrating
to a defended port and attacking the Russian naval base [76], [77]. Following months
saw reduced Russian surface activity and rapid fortification of naval bases, providing
evidence of the operational shock such systems can be able to deliver [76], [77]. From
a broader perspective, Boretti [6] frames these developments as a paradigmatic case
of asymmetrical naval warfare: remote controlled, low-cost USVs carrying various
payloads can pose a significant threat to traditional high-value warships, forcing navies
to invest in layered counter-USV defenses, such as electronic warfare (EW), sensors,
and close-in defenses.

The most basic and inexpensive USVs with offensive capabilities of today are
so-called suicide surface attack drones, commonly equipped with remote control and
explosive payloads [6]. More advanced USVs may carry EW systems for deceiving
and disrupting enemy radar systems and communications as well as anti-ship or
land-attack missiles [6]. The most prevalent method of control for USVs is remote
operation, allowing operators to guide the drones at a distance minimizing risks to
human personnel, but more expensive and complex USVs are being developed to
become autonomous [6]. USVs used for surveillance and reconnaissance purposes
are typically equipped with cameras and advanced sensors, including radar, LiDAR
(light detection and ranging), sonar, and electro-optical/infrared (EO/IR) systems to
provide situational awareness using real-time data and intelligence [6]. Sonar is used
for subsurface detection and mapping while radar and LiDAR are essential for avoiding
obstacles and surface navigation and EO/IR sensors provide high-resolution imagery
for targeting and surveillance [6]. Multi-sensor fusion can be utilized to further
enhance the USVs target detection and tracking [78]. USVs use a variety of propulsion
systems depending on the operating circumstances, size of the vehicle, and its function
[6]. Especially smaller USVs use electric propulsion known for its quietness and
efficiency, while larger USVs may use a hybrid propulsion system, where a diesel
engine generates electrical power to drive electric motors, providing more range than a
fully electrical system [6]. USVs designed for high-speed operations that require high
maneuverability often utilize a gas turbine or a jet propulsion system, sometimes in a
hybrid setting, where an electrical engine system provides the propulsion for stealthy
operations and another system, such as jet turbine is used for high-velocity transits [6].
Communication and control of the USVs currently used in Ukraine is mostly done via
satellite connection or mesh radio with an aerial repeater [79], [80], but commercial
USV manufacturers offer also other means of connectivity, such as cellular, radio,
UHF, and VHF [81].

Ukrainians have developed a range of USVs in the recent years in a variety of
form-factors and capabilities [76] [80]. Among the most notable models are the Sea
Baby, a water jet driven 6 m long and 2 m wide vehicle capable of carrying a combat
load of 850kg [80] and the MAGURA V5 in a slightly smaller form-factor with a
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length of 5.5 m and width of 1.5 m, carrying a payload of up to 320kg [79]. The
former notably carried a successful mission damaging the Crimean bridge in July
2023, while the latter is considered highly effective against enemy vessels, with a track
record of damaging and sinking numerous large enemy vessels [80].

Cutting-edge developments in Al, communication systems, machine learning, and
sensor technologies have a significant role in the development of USVs, enabling
improved target identification, better navigation, and ultimately, autonomous decision-
making [6]. For instance, reinforcement learning can be used for collision avoidance
and path planning optimization, while neural networks can be used for processing
sensor data for classification and target recognition [6].

3.3.3 Countermeasures Against USVs

Present-day countermeasures against USVs are prominently evident in the Black
Sea’s theater of operations, where the Russian Federation has employed a variety of
counter-USV strategies, ranging from traditional methods to modern-day approaches.
Aviation has been a primary countermeasure: Russian aircraft and helicopters seek
to detect and neutralize USVs early in their approach, and Russian sources have
released footage of first-person view UAVs striking them [80]. Aviation offers rapid
response and substantial firepower, lowering risk to the fleet [80]. Another traditional,
though accuracy- and coordination-intensive method, is the use of machine guns and
automatic weapons by the crews of Russian warships to eliminate enemy USVs at
close range [80]. A more novel approach seen on the Black Sea to counter USVs has
been EW systems, which are used for signal jamming of the USVs’ control signals,
ultimately resulting in making the USVs uncontrollable or cutting the contact between
the vehicle and the control center [80]. However, it has been argued [80] that Ukrainian
defense forces might have found a solution to signal jamming, since successful strikes
by USVs have increased despite the use of EW countermeasures. Another novel
countermeasures being developed and used are special physical obstacles in the water,
such as nets and barriers for protecting ports, military bases, and anchored ships from
USV strikes [80].

3.4 MARL for Autonomous Drones

A variety of work has been published in the recent years applying MARL to USV,
UAYV, and AUV swarms for coordination and task execution. UAVs and AUVs can be
modeled in a two- or three-dimensional environment, and perform similar tasks and
face similar challenges as USV swarms such as partial observability, noise, scaling,
and non-stationarity, hence in addition to USV swarm applications of MARL, we
survey some studies applying MARL to UAV and AUV swarms.

The authors of [82] address cooperative search for a moving target with multiple
simulated UAVs operating under partial observability, obstacles, noisy sensors, and
inter-UAV collision constraints, which can make standard MARL struggle with few
rewards and slow convergence. To address these issues, they propose AS-MAPPO,
which builds on conventional MAPPO: the algorithm forms a new global state by
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aggregating the local observation information from all agents, but to reduce the
dimensionality of the input data to the critic, they employ attention mechanisms
that prioritize critical data and filter out irrelevant observations [82]. In training,
AS-MAPPO yielded faster convergence, higher rewards, fewer collisions and higher
search efficiency than conventional MAPPO and multi-agent deep deterministic policy
gradient (MADDPG) across swarms sizes of 4 to 8 UAVs [82].

Another article [83] studies multi-AUV cooperative area search in an unknown
environment with environmental disturbances. The authors model the search task
as a Dec-POMDP, simplify the search environment into a 2D plane, and model a
probabilistic sonar detection model [83]. A search information map is maintained
and shared among AUVs, consisting of a coverage map, uncertainty map, and target
presence probability map updated via a Bayesian rule over the sonar field of view [83].
The reward function has four components, coverage, uncertainty, target discovery, and
cooperation, with varying weights [83]. The policies are trained using the SAC-QMIX
algorithm, based on QMIX algorithm with inspiration from the a soft actor-critic
algorithm proposed in [84], incorporating a maximum entropy mechanism into the
agent networks during training, encouraging exploration and introducing randomness
to the policies [83]. Both the baseline QMIX algorithm and SAC-QMIX achieve high
area coverage and locate the target in both scenarios [83]. SAC-QMIX converges
faster, but the authors report the same final absolute performance as QMIX [83].

Collaborative multi-UAV target tracking with capture and collision-avoidance
constraints is studied in [85], which models the task as a Dec-POMDP in a 2D
environment with local observations, a discrete nine-direction acceleration action set,
and a composite reward consisting of a distance-change tracking term, collision penalty,
step penalty, and a sparse global success reward for collaborative encirclement. The
authors pre-train the policy network with expert trajectories from artificial potential
field, employ behavior cloning (common method in imitation learning) with temporal
difference (BCTD) to synchronize the optimization of both the policy and critic
networks, and utilize MAPPO to dynamically fine-tune the policy [85]. In a three-UAV
setting, the proposed MAPPO+BCTD framework outperforms MAPPO, QMIX, and
MADDPG with shortest episode length, highest average reward and fastest convergence
[85]. A similar task with USVs is studied in [8] where a swarm of 6-24 USVs are
tasked to hunt 3-12 targets by encirclement. The authors of [8] model the task as a
Dec-POMDP and propose a MAPPO-based distributed, partially observable multi-
target hunting PPO (DPOMH-PPO) under the centralized training and centralized
execution framework. The reward function consists of capture and guiding rewards,
and collision and step penalties [8]. The authors introduce a feature embedding block
to handle variable-length observation inputs, which normalizes the inputs and passes
them to either a column-wise max pooling (CMP) or column-wise average-pooling
(CAP) feature compression methods that output the final embedded feature [8]. Based
on the ablation experiments, the CAP layer has the largest effect to the performance
of the algorithm [8]. The proposed DPOMH-PPO algorithm outperforms baseline
independent-learning PPO, histogram-embedding PPO, and minimap-embedding PPO
algorithms in highest average reward per step and shortest task completion time [8].
Another study [2] in a similar setting targets multi-USV navigation and capture in
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complex urban-like waterways via a hybrid, human-guided MARL framework. Mission
designers inject knowledge by generating navigation subgoals (waypoint-like targets)
and selecting among them with an immune network heuristic [2]. The PPO algorithm
then learns the execution policy that drives each USV toward its assigned subgoal
while coordinating with other USVs and avoiding static and dynamic obstacles [2].
The experimental results show that guidance accelerates the emergence of coordinated
capture behavior relative to purely self-supervised learners [2]. Authors of a paper
focusing on the encirclement of an evader by a swarm of USVs [86] propose the use
MADDPG algorithm under the CTDE framework with multi-agent policy-sharing,
meaning the network parameters of the best-performing agents are periodically used
to replace the parameters of weaker-performing agents when the performance gap is
large enough.
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4 Reinforcement Learning Environment

This section describes the simulation environment in which the MAPPO algorithm
is applied for the purpose of training a swarm of autonomous USVs to locate and
eliminate an adversarial warship by successfully hitting the target with three USVss
equipped with explosive payloads. The simulation environment is based on earlier
work by Vasankari et al. [11] where the authors utilize a simulated littoral warfare
environment to assess and compare the effectiveness of anti-ship missiles and kamikaze
USVs against a target ship capable of countermeasures with a main gun and two CIWS.
Code for the refactored version of the simulator with added features used here can be
accessed at https://github.com/leskine/usv. Some parts of the code has been
generated with ChatGPT 5.2 and 5.3.

4.1 Simulation Environment

The simulator is formulated as a time stepped, continuous space multi-agent envi-
ronment in which a swarm of USVs attempt to locate and destroy a single surface
combatant (later referred to as the target) capable of defensive measures. The en-
vironment progresses in discrete simulation steps, but positions and headings are
represented in a continuous two-dimensional plane. All dynamics (radar detection and
weapon effects) are deterministic given the random draws for radar detection, meaning
from the MARL perspective the environment is a partially observable, stochastic
transition system driven mainly by detection uncertainty, and possible communication
and Global Navigation Satellite System (GNSS) jamming.

4.1.1 Environment and Episode Structure

At the beginning of an episode, a single naval target vessel is spawned at a random
point within a rectangular theater of 300 km by 300 km. A swarm of N USVs are
initialized at a launch site at the edge of the theater in parallel with a 100 m spacing
between each USV. Each USV is assigned a unique index but is otherwise identical in
its physical parameters. All entities (target, USVs, and projectiles) share a common
Euclidean coordinate system and simple point-mass kinematics. The simulation
proceeds in 16.67 ms increments. At each step, the agents’ control actions determine
the movement of the USVs, and the environment then advances all entities according
to their motion models, performs radar detection from the target, updates weapon
engagements, and resolves hits and destruction. The episode terminates when one of
three conditions is met:

(1) the target has been destroyed by accumulating a predetermined number of USV
impacts, which is interpreted as mission kill,

(i1) all USVs have been destroyed or have become inactive, or

(iii)) a maximum step limit is reached, which is treated as a timeout.
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4.1.2 USV Agents

The USVs are originally modeled after the Magura V5 USV in [11] with simple
kinematics and a blade-turn-based steering model. The USVs have a maximum
range of 800 km, speed of 42 knots (~ 21.61 m/s), a height of 0.6 m, and inter-USV
communication, based on the actual Magura V5 specifications in [79]. Each USV can
be hit multiple times by defensive fire. Ammunition that passes within a small (4 m for
gun and 8 m for CIWS) radius of the USV increments its internal hit counter, and when
the number of hits reaches 3, the USV is marked inactive and removed from further
interaction. Alternatively, a USV is marked inactive when it successfully strikes the
target or reaches its maximum distance traveled. The heading of a USV is controlled
by a rudder command defined as a continuous value [—1, 1]. The rudder controls the
angle of the blades which cause the vessel to turn at a turn rate capped at 5°/s. Each
USV is equipped with an idealized onboard sensor that provides the true distance and
relative bearing to the target whenever the target is within the radar horizon given by

d = \2kRg (Vhusy + Vharger) ~ 16km, (45)

where d is the radar horizon distance, R is the radius of Earth, k = 4/3 is the effective
Earth radius factor, and hysy and h,ee are the heights of the USV and the target.
Outside this horizon, the USV receives no information about the target from its own
sensing capabilities.

The per-agent observation vector is 0, = [o}ocal;mi] with dimensionality 22.
The agents are able to observe their own location, heading, and difference between
their desired heading and actual heading, distance to the swarm centroid and nearest
neighbor, as well as the location and distance to the land barrier. Once the target
has been detected, the agents are able to observe their distance and relative bearing
to the target. Through the communications channel, the agents receive aggregated
information of the swarm’s distance and relative bearing to the target. The complete
list of components of the observation vector is presented in Table 1.
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Index Symbol/Name Definition

0 Xnorm Agent x normalized by world half-extent, clipped to [—1, 1]

1 Ynorm Agent y normalized by world half-extent, clipped to [—1, 1]

2 cos(¥;) Cosine of agent heading

3 sin(¥;) Sine of agent heading

4 Vis; Target visibility flag (0/1)

5 dnorm, i Target distance normalized by radar horizon (0 if not visible)

6 cos(3;) Cosine of relative bearing to target (0 if not visible)

7 sin(B;) Sine of relative bearing to target (0 if not visible)

8 dﬁ)“r‘fn ; Normalized distance to closest land-barrier point, clipped to [0, 1]

9 cos(ﬁi.a“d) Cosine of relative bearing to closest land-barrier point

10 sin( ,81.2‘“(1) Sine of relative bearing to closest land-barrier point

11 cos(Awfes) Cosine of desired-heading error (desired minus current)

12 sin(Aw?eS) Sine of desired-heading error

13 Ccentroid,i Normalized distance to active-swarm centroid, clipped to [0, 1]

14 Cneighbor, i Normalized nearest-neighbor distance, clipped to [0, 1]

15 vis; Mean visibility from in-range communication neighbors

16 c_lnorm, i Mean normalized target distance from in-range communication neighbors
17 cos(f); Mean cosine of relative bearing from in-range communication neighbors
18 sin(B); Mean sine of relative bearing from in-range communication neighbors

19 njorm Normalized in-range communication-neighbor count

20 cos(Aydes), Mean cosine desired-heading error from in-range communication neighbors
21 sin(Aydes), Mean sine desired-heading error from in-range communication neighbors

Table 1: Per-agent observation vector. Indices 0-14 are local observations, and indices
15-21 are communication features.

USVs communicate through a radius-limited, instantaneous broadcast channel. Let
communications range R.om = 30000 m. For each alive receiver i, the alive in-range
neighbors (including self) are

/Vz(t) = {] €l: aj: = I, ”pj,t - pi,t”Z < Rcom}- (46)
Each sender j forms a 7-dimensional message:
mj, = [Visjs, dnorm,jsr €0S(Bj,), sin(B;,), O, cos(Aw;!iS), sin(Alp;?iS . @

where the fifth slot is a placeholder that is overwritten after aggregation. Receiver i
aggregates by mean over available neighbor messages and replaces the fifth element
with the normalized neighbor count:

1

S g MO >0, A
rs |M<t>|j€%:([) ’ s ='N|’I(|”'. (48)

0, otherwise,

Inactive USVs training contributions are masked via death masking (described in
detail in Section 4.2.6) and do not send or receive messages and are excluded from
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neighborhood aggregation. Communication and GNSS jamming are implemented as
optional perturbations. When communication jamming is enabled, link-level packet
loss is applied before aggregation, so each neighbor transmission is independently
dropped with a configured probability. Jamming can be applied for USVs inside a
jamming radius around the target. GNSS jamming is modeled at the observation level
by corrupting location observations: if enabled, a USV inside the configured jamming
radius has its absolute position components (x, y) zeroed in its local observation,
while relative sensing quantities such as target visibility and bearing-related terms
remain available.

4.1.3 Target Ship

The target surface combatant represents a large corvette that shares the same kinematic
model as the USVs: its position is updated as a point mass using its velocity and
heading, and turning is governed by a blade angle, turning-rate factor and maximum
turn rate. The ship can reach a maximum velocity of 27 kn (13.9 m/s). At every
simulation step, the target performs radar surveillance against all incoming objects.
For each object, the simulator computes the Euclidean distance between target and
object, radar horizon distance d using equation (45), and the received radar power
given a transmitter power (400 W), antenna gain (30 dB) and the object’s radar cross
section (RCS). If the object lies within the horizon and the received power exceeds
a fixed model threshold of 107 (in simulator received-power units), it is considered
detectable. The detection of an object is stochastic: the simulator draws from a Poisson
distribution with rate parameter A = 1 for targets closer than 8 km and A = 8000/d for
more distant targets. A positive draw (value > 0) results in the object being added to
the set of incoming targets, which may be engaged in the same step.

The target vessel’s evasive behavior is simulated with a simple APF controller
loosely based on the threat potential field idea of Wang et al. [71] and the APF
formulation by Khatib [87]. Each detected USV at position p; generates a repulsive
potential that depends only on its distance r; = ||py — p;||2 to the target ship pr. The
negative gradients of these potentials are summed to form a net threat field F, which
points away from nearby USVs and increases as the USVs move closer. If ||F|| is
below a small threshold, the target ship is considered unthreatened and stays still.
Otherwise, the target starts heading towards F by controlling its rudder and throttle in
proportion to the magnitude of F. In addition, the closest point of the environment’s
land barrier to the target generates a similar repulsive potential when distance from
the target is < 20 km.

The target ship is capable of hard-kill measures with one main gun and two close-in
weapon systems (CIWS). In the code these are all treated as effectors with the same
interface but different parameters. Each effector maintains their ammunition count,
availability flag, and a reassignment timer. When at least one incoming object (USV)
has been detected, the target’s engagement logic computes a predicted interception
point for each object, based on their relative motion and a default projectile flight speed
of 1000 m/s. For each object and effector, the simulator checks whether engagement
is feasible: there must be ammunition remaining, the effector must be available, the
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distance to the interception point must fall within the effector’s engagement range,
and the reassignment timer must be zero. If an effector is allowed to engage, a salvo
aimed at the projected interception point is fired. The fired projectile’s 3D distance to
its target is monitored and if it falls within a hit radius of 8 m for main gun shells or
4 m for CIWS projectiles, the shot is counted as a hit. Every CIWS hit contributes
one damage unit to a USV and for the main gun, damage depends on the final miss
distance: a hit radius r;; of 4 < rp;e < 8 causes one unit, 1 < rp;r < 4 causes two, and
rhit < 1 causes three. Once a USV has accumulated more than two damage units, it is
considered destroyed and flagged inactive. The target ship is additionally equipped
with simulated EW capabilities in GNSS signal and communication interference,
which are modeled by denying the USVs’ capability to observe its location coordinates
and message vectors from other USVs.

For the target itself, incoming USVs act as kamikaze vessels. A USV that comes
within the target’s hit radius of 80 m is considered as a successful strike and the target’s
hits counter is incremented. Once the counter reaches a predefined number, the target
is considered destroyed and the episode ends with a successful outcome for the USV
swarm.

4.2 MARL Formulation
4.2.1 Dec-POMDP

From the MARL perspective, the setting is a stochastic multi-agent system with partial
observability, which can be expressed as a finite, cooperative, partially observable
stochastic game with n agents. All USVs are homogeneous and act in cooperation.
Only the USVs are given agency: the target is either static or it’s movement is controlled
by its APF-inspired evasion algorithm, and its detection and engagement logic are
stochastic, hence it is treated as a stochastic part of the environment dynamics. Due to
the cooperative nature of the task, the agents share a common reward function, which
leads to a Dec-POMDP formulation

M= (I, S, {Ai}ic1. {Oi}ier, T Z. R, v, 1), (49)
where
o I ={1,...,n} is the finite set of USVs,
» S is the state space,
» A; is the action space of agent i,
* O; is the observation space of agent i,

¢ T :SXAXS — [0,1] with A = A X--- XA, is the state transition kernel,
such that }\ .5 7 (s,a,s’) =1 forall (s, a),

¢ Z:SXAXO x---x0, — [0,1] is the joint observation kernel,
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* R:SXAXS — Risthe common reward function (i.e., Ry =--- =R, = R),
* v € [0, 1) is the discount factor,
* u:8 — [0, 1] is the initial state distribution.

At each time step ¢, the environment is in a state s, € S, each USV i receives
a private observation o;; € O; and selects an action a;; € A;. The joint action
a; = (aiy,...,a;) induces a transition to s, ~ 7 (- | ¢, a;), a joint observation
(014415 -+ +»0ns+1) ~ Z(- | St41,a;), and a shared reward r; = R(s;, ay, 5;41). The
target ship’s actions are embedded in 7~ as part of the environment.

4.2.2 MAPPO Algorithm

CTDE is a natural choice for this task: centralized execution is infeasible because
agents must act under communication constraints and partial observability, while
fully decentralized training suffers from non-stationarity since each agent perceives
other independently learning agents as part of a shifting environment, leading to poor
convergence [12]. CTDE resolves this by giving the critic access to the global state
during training while each agent’s policy conditions only on its local observation
history and received messages at execution time. MAPPO is chosen as the learning
algorithm due to its strong empirical performance in cooperative multi-agent tasks [39].
Our variant of MAPPO is outlined in Algorithm 2.
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Algorithm 2 MAPPO with action repeat

1:
2:
3:
4:

*®

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:

26:

27:
28:
29:
30:
31:

32:

33:
34.

35:

36:
37:
38:
39:
40:
41:
42:

Initialize actor g (GRU) and feed-forward critic Vs with orthogonal initialization
Initialize Adam optimizers with learning rates a,, ay

Initialize PopArt running statistics f, 62 0,1

Derive effective discount yeg < y7 and Aesr < min(yA/yer, 0.995) from action
repeat F

Launch FE parallel environments; initialize observations 0(()6), states s(()e) , GRU

states h(()“’e)
for update = 1,2, ..., Upax do
Update learning rates, entropy coefficient cy, and optional curriculum sched-
ules
D —{} > rollout buffer
forr=0to7 —1do > collect T transitions across all £ envs
for all agents a in all envs e (vectorized) do

'ut(a,e), O_I(a,e)’ hfj_lf) - ﬂe(oga,e), hfa,e))

ut(a,e) N N('ul(a,e),diag(o_l(a,e))z)
end for
vl — V(s > shared scalar value per env
for all envs e (parallel) do
for f =1to Fdo > action repeat
Apply u,(e) in env e; accumulate y-discounted reward rt(e)
if env e terminates then break; auto-reset and re-initialize h(+¢)
end if
end for
end for .
Store (0, s, u®, log ', r'9, a'®, a9 O K} in D
end for
Bootstrap: V(Te) — V¢(s(Te))
Compute GAE advantages 2\, and returns R, using Vefr, Aeff
Broadcast: Affle) — A,,e -1[a alive]; IAQ(a) — IA?,,e

t,e
Normalize A(a) per agent index with alive masking

for epoch =1 to K do
Draw random permutation of the T X E (time, env) indices
for each mini-batch b of size M do > no RNN chunking
Re-evaluate log y(u | 0, h) and entropy H on batch b (single-step
GRU)
Compute PPO surrogate: L™ « —”aalch” > a¥ie.min(rgA, clip(rg)A)
Lactor — L7 — CH - I:Ialive
Update PopArt: i, & «— EMA(R); rescale Vs output layer
LV « ”a;‘i’ve” Yative. (Vy(s) - R)z >~ = PopArt-normalized
Adam step on 6 with VL' grad clip 6 pax
Adam step on ¢ with VLY, grad clip 6max
if KL > KLy, then early-stop this epoch
end if
end for 44
end for
end for




4.2.3 Action, Observation, and State Spaces

In the MAPPO setup, each USV i € I uses a heading-only continuous action. Throttle
is fixed by the simulator, so policy actions do not control speed. The action space of
agent i at time step ? is:

Aiy = (Ci» 514) € R? (50)

The pair is interpreted as a desired relative-heading vector and unit-normalized:

(cz ts SL t)
l
(G 510) = 4 A2, + 52, e (51)
(1, 0), otherwise

where & = 107°. The desired relative heading change is then extracted as A‘/’Zz =
atan2(8;;, ¢;;) and clipped to +60. This heading error is linearly mapped to a rudder
command:

[ A
Uiy Chp(A',l’max , —1, 1) (52)
where Aymax = 60. Thus, the effective control authority is heading change via
rudder. Using a the heading-vector action mode over direct rudder control has many
advantages: it avoids the angular discontinuity of a scalar heading, lets the policy
reason about direction rather than low-level rudder authority, and naturally supports a
relative framing that helps with generalization. The built-in normalization and +60°
clamp also results in smooth, bounded maneuvers without requiring the network to
learn those constraints.

The MAPPO actor receives per-agent observations and the critic receives a
centralized global state. The actor observation per USV is

0 = [0 my,] € RY, (53)

composed of 15 local kinematic and visibility features and 7 communication features
described in Table 1. The centralized critic state is:

St = [gl,t, -+ -»8N,t> Zz], (54)

where each per-USV block g;, € R'* and the global block z; € RX are defined in
Table 2. With N.g = 3 effectors, K = 10 + 3N = 19 and the critic state dimension is
dim(s;) = 14N + 19.
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Per-USV block g; ; € R' (repeated N times)
Offset Symbol Definition

0 Xnorm,i Agent x normalized by world half-extent, clipped to [—1, 1]
1 Ynorm, i Agent y normalized by world half-extent, clipped to [—1, 1]
2 cos(y;) Cosine of agent heading
3 sin(y;) Sine of agent heading
4 dworld,i Target distance normalized by world half-extent
5 dnorm, i Target distance normalized by radar horizon (0 if not visible)
6 cos(;) Cosine of relative bearing to target (0 if not visible)
7 sin(;) Sine of relative bearing to target (0 if not visible)
8 Vnorm,i Speed normalized by maximum speed
9 Ccentroid, i Normalized distance to swarm centroid
10 Cneighbor, i Normalized nearest-neighbor distance
11 cos(Awf‘es) Cosine of desired-heading error
12 sin(Aa,l/?es) Sine of desired-heading error
13 a; Activity flag (1 if alive, 0 otherwise)
Global block z; € R¥, K = 19
0 Xtgt Target x normalized by world half-extent
1 Vigt Target y normalized by world half-extent
2 cos(Yrigr) Cosine of target heading
3 sin(Ygt) Sine of target heading
4 Vigt Target speed normalized by maximum target speed
5 Hinc Incoming-target count normalized by N
— repeated for each effectore = 1,...,3 —
6+3(e—1) ammo, Normalized remaining ammunition
7+3(e—1) avail, Auvailability flag € [0, 1]
8+3(e—1) reassign, Reassignment timer € [0, 1]
15 Nsalvo Active salvo count normalized by N
16 hprog Hit count normalized by hits-to-destroy
17 Sdest Target-destroyed flag (0/1)
18 JSinact Fraction of inactive USVs

Table 2: Centralized critic state vector. The per-USV block is emitted for each of
N agents. Inactive agents emit all zeros including the activity flag as described in
Section 4.2.6. The global block appends target state, effector status, and episode
progress indicators.

4.2.4 Action Repeat

State transitions in the simulator occur at the underlying physics timestep, but the
policy is queried only every 40 simulator steps and the selected action is held constant
in between. This procedure commonly referred to as frame-skipping or action repeat
has been studied in prior work, for example in [88]-[90]. In our setting, frame-skipping
is essential for learning performance because the simulation runs at 60 Hz and episodes
can consist of over 10° environment steps during training, while the most consequential
events (hits on the target and target destruction) typically occur late in the episode.
Action repeat reduces the effective decision horizon by a factor of 40 and corresponds to
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issuing a new control decision approximately every 0.67 seconds, which improves the
tractability and stability of policy optimization. In addition, it improves computational
efficiency by reducing the number of policy evaluations per simulated second.

Action repeat results in a mismatch between the simulator timestep at which
discounting is conceptually applied and the coarser decision timestep at which the
policy buffer records transitions. Hence, a per-action discount factor vy, is introduced
that represents the desired discounting between consecutive policy decisions. The
per-simulator-step discount is y = 741/ F Where F = 40 is the action repeat factor. GAE
is then computed at the decision-level with an effective discount yeg = ¥ =y, and
an adjusted trace-decay parameter

Ao = min(y—/l, 0.995) , (55)

Yeft
where A is the base GAE parameter. This preserves the intended trace-decay rate yA
per simulator step while operating at the coarser decision-level time resolution. The
accumulated reward within each action repeat window is discounted at y per simulator
step and normalized by the geometric series sum, so the reward signal seen by the
learner is consistent with the effective discount horizon.

4.2.5 Reward Function

Designing a reward function plays a critical role in learning and the resulting perfor-
mance and stability of the learned model. In our setting, credit assignment is harder
due to a high number of agents sharing a common reward function, learning dynamics
are fragile due non-stationarity caused by a high number of simultaneously learning
teammates, and the episode horizon is particularly long. The true objective of our
setting is straight forward (locate and destroy a target vessel), but difficult to learn
from directly since success is nearly impossible early in the training and occurs late in
the episode. This makes learning from raw terminal reward sample-inefficient. Hence,
the design of the reward function must balance between:

1. Correctness: optimizing the reward should correspond to solving the actual
task, meaning reward hacking and local optima should be avoided.

2. Learnability: rewards must provide sufficient shaped signal from early on in the
episode and frequently enough for gradient-based policy optimization to make
progress.

The reward function used in this setting therefore combines extrinsic rewards that
represent mission outcomes (hits, target destruction/mission success, loss penalties)
with intrinsic rewards (i.e. reward shaping, discussed for example in [91]) that
encourage behaviors that make mission success more likely.

The characteristics of the mission influence design of the reward function. Target
destruction can occur far into an episode, which makes the terminal reward heavily
discounted and difficult to credit back to the early actions that enabled success,
especially during early training when the policy often fails to find or reach the target at
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all. The setting amplifies multi-agent credit assignment issues because the environment
returns one shared scalar reward per step that is broadcast to all agents, while the
learner treats each agent’s transition as a separate sample. This is a common pattern in
CTDE, but it is not scale-invariant unless shared rewards are normalized. Additionally,
the problem is partially observable and naturally two-phase: before contact, the policy
must search to detect the target after which it must transition to interception behaviors
such as closing distance, aligning heading, and generating hits until destruction.
This means rewards that are helpful for exploration in the search phase can become
harmful after detection. Hence, the reward function must fade certain intrinsic terms
once detection occurs. Finally, the environment contains irreversible failure events
such as USVs being destroyed by the target vessel’s defenses or being lost by hitting
land. Penalizing losses is desirable, but doing so may incentivize the policy to avoid
engagement and stuck to a local maximum. At each environment step ¢, a shared
reward is computed as

r; = r;l’ltl‘lnle + r?XtI'lnSlC (56)

where rMinsic qooreoates the shaping rewards and penalties and r&"insi¢ agoregates
hit rewards, loss penalties, and a mission success reward.
Intrinsic terms

The intrinsic term is computed at each environment step ¢ as

S, i .
r;ntrmslc — rtCOVerage + rtdetect + rfrog + I”? 1gn + r?me (57)

coverage . . . .
where r;*""*¥¢ is a reward for covering the search area, rd¢*°t is a one-time reward for

detecting the target vessel, 7P ¢ is a progress reward for closing in on the target, r; fign

is a reward for aligning bearing towards the target, and r}ime is a time step penalty.

The coverage ;- ¢ and detection rewards r3°t are shared reward terms that are
divided by number of active agents, while progress P8, align r#i&", and time rim®
are computed and summed over each active agent and then averaged over the active
agents. This normalization makes the magnitude of the shaping signal approximately
invariant to the number of alive agents, preventing the shaping reward from changing
simply because agents have been lost, improving training stability across episodes.
The coverage reward term r,; " is used to encourage the agents to explore the
area in order to locate the target. To quantize area exploration, the world is divided
into 1500 m by 1500 m cells. Each cell has its own age counter a,”: at episode reset,
all ages start at 0, and the age of all cells increments by 1 every step. When a cell is
visited in a step, its age is reset to 0. At each time step ¢, a novelty n sum is computed

over unique visited cells:

i,j

D = minll, : (58)
'Z}CSG[
where Tieqet 1S age counter reset interval. The coverage reward is
Acovera ewsearch 2N
t t
r;:overage — g , (59)

N;
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where N; is the number of alive agents, Acoverage 1S the coverage reward weight and
Wgearch 18 @ smooth reward gating

1 search mode
wisdreh = ¢ e fade-out (60)
0 post-fade

which shifts from search mode to fade-out when the detection condition has_info = 1,
and from fade-out to post-fade after the fade-out period. When the detection condition
is fulfilled, a one-time detection reward is given:

rtdeteCt — Rietect . ( 6 1)
N;

The purpose of the detection reward is to avoid a local maximum of searching a

maximal area without detecting the target. Additionally, a fixed time step penalty ri™m®

is applied to each active agent on every non-terminal step to encourage faster mission

execution:

, A
time time
=0, 62
& N; (62)
Potential-based reward shaping (PBRS) [91] is used to design the progress and

alignment rewards 7 ° and r; i pBRS computes shaping as a discounted difference

of potentials:
i = Ay @(sia) = @ (1)), (63)

where A is the reward weight, y is the discount factor, @ is the potential function, and

s; 1s the state at time step ¢. The terms become a telescoping series when added up,

converging to a finite value due to 4 < 1. The terms cancel out over time, with the

exception of the first term. The full shaped return becomes Y.> y'r; — A®(so), which

is independent of the action. Hence, the best action in state s stays the same, meaning

the shaping doesn’t change the optimal policy, even though the reward signal is richer.
The progress and alignment rewards are gated by

g: = I{has_info(s;)}, g: €{0,1}, (64)

where has_info = 1 when 10% of the alive agents have maintained visibility to the
target for 5 consecutive environment steps, and 0 otherwise. The gating prevents
information leakage from the reward function when the target is not visible, and the
10% share and 5 consecutive environment step requirements enhance stability and
swarm behavior. The progress reward r’"* is formulated as

r%)rog = /lprog gt(7®pr0g(5t+l) - (Dprog(st)) (65)
with potential
0, if terminal(s;) =1,
(Dprog(st) = b(l_%) _1 (66)
-1 otherwise,



where d; is the distance from the USV to the target at time ¢, dy is the initial distance at
the start of the episode, and b is the exponential base. d;/dy is clamped to [0, 1]. The
terminal(s,) condition is set to 1 at the terminal event which is the time step when
the target is destroyed by the last required hit. The alignment reward is formulated as

ralien - Aatign &t (Y Patign (5r41) — Patign (1)), (67)
with potential
0, if terminal(s;) =1,
Paizn(31) = (l — clip(j—;, 0, 1)) L cos(f) +1 1, otherwise, ©%)

where 6 is the heading error. The align reward % is distance-weighted by

1- clip(dio, 0, 1), so it grows as the agent closes in and goes to 0 when far. The
rationale behind the progress reward is to guide the agent towards the target when the
agents have visibility to the target, and the alignment reward is used to enhance the
agents’ strike accuracy. The distance-weighting allows the agent to perform evasive
maneuvers from the target’s defenses when closing in.

PBRS has practical benefits here because it depends on progress via the temporal
difference of a potential function whereas conventional dense distance rewards scale
directly with absolute distance and can change reward magnitude and variance when
initial distances (in this case the distances from the agents to the target when has_info
is set to 1) vary. Therefore the shaping signal remains more consistent across different
initial distances, which reduces sensitivity to distance variance and improves training
stability.

Extrinsic terms

Let H; € Z, denote the cumulative number of successful hits on the target up to and

including time ¢, and define AH; = H; — H;_; € {0, 1} as the number of new strikes at
step ¢. Each successful strike yields a positive reward ', and destroying the target

by achieving H, > required_hits yields an additional bonus r***"* at the terminal

step. However, if agents are lost during the episode, a loss penalty r}oss proportionate
to the cumulative number of destroyed agents D, will be given on the terminal step.

Every agent L lost by hitting the land barrier at time ¢ produces an immediate penalty
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rland Formally,

rlextrinsic _ rlhit + rldestroy _ r%oss _ r}and (69)
- Anit AH,
rll:nt — hit t (70)
N;
pdesroy _ Roestroy (71)
N;
}oss _ Rgeath -+ Dy , (72)
N;
R -L
;and — land t ) (73)
N;

The purpose of penalizing losses caused by the target on the terminal step is more
complex in terms of reward assignment compared to immediate penalties, but it
prevents a local maximum where agents avoid contact with the target vessel due to
potential losses from its defenses.

4.2.6 Agent Inactivity and Death Masking

Agents can become inactive after successful target strikes, by being destroyed by the
target’s defenses, by hitting the land boundary, or by range exhaustion at different
times across agents within one episode. For handling agents that are lost before
episode termination, we employ a strategy called death masking [40] which has major
advantages: it preserves fixed-size recurrent batching, and only the experience from
active agents contributes to gradients, while transitions prior to the inactivity remain
fully learnable. We keep a fixed agent index set

I=A1,...,n}
throughout the rollout and use masking rather than removing indices. Let
d[’t S 0, 1

be the per-agent done flag provided by the environment after step 7, and define the
alive mask
mi;=1-di; €0,1. (74)

Once an agent becomes inactive (m;, = 0), it remains in the tensor structure for
bookkeeping and batching, but is excluded from physical updates and from learning
terms via masking.

Per-agent observations retain a fixed shape for all i € 1. For inactive agents, the
local observation is simply replaced by a zero vector:

i,ts it = 1,
B L (75)
’ 0, mis = 0.
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Inactive agents retain fixed slots in the centralized critic state s;, but their feature
blocks are zeroed with an explicit alive indicator set to 0. Action tensors also keep
fixed shape, but simulator dynamics apply control only to agents with m; ; = 1.

The actor is recurrent with a hidden state tensor H, over environments and agents.
After each environment step, hidden states of inactive agents are zeroed by

Hiyy < Hi1 © M, (76)

where M, is the broadcasted alive mask. For environments that terminate, hidden
states are reset to zero for that environment. This prevents inactive-agent memory
from leaking into future decisions.

GAE is computed at environment level using shared reward and centralized values,
producing scalar A; and G, per environment time step. Agent-level tensors are formed
by broadcast:

Aiy =mi Ay, Gis =Gy

Hence inactive agents have no contribution to the advantage, but returns remain shared
and are filtered by masks inside loss terms.

PPO losses also utilize masking. Let p; , be the PPO ratio and e the clip parameter.
The actor objective is

1 ) .
Lacior(6) = TS Z Z m; ;, min (Vi,tAz, selip(pis, 1 —€, 1+ E)At), (77)
LU T el

s

equivalently using A;; inside the minimum. Entropy regularization is masked the

same way:
1

Zi,t mi T

With centralized scalar critic Vi (x;), the critic loss is computed per agent by expansion
and masking:

Lent = miy, 7_(i,t- (78)

1
Laie(9) = 5= > ) mia(Vo(x) = Gi)° (79)

t el

4.2.7 Neural Network Architecture

The MAPPO implementation employs two neural networks: a recurrent actor for
decentralized action selection and a feed-forward critic for centralized value estimation.
Both networks use orthogonal weight initialization and zero bias initialization across
all linear layers. All N agents share a single actor instance, i.e. employ parameter
sharing, and the critic is shared as it estimates a single environment-level value.

Actor Network

The actor mp is a recurrent Gaussian policy that maps each agent’s observation
0, € R?2 and a carried hidden state his € R!28 o the continuous action distribution.
The architecture consists of three stages:
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1. Observation encoder: A two-layer multilayer perceptron (MLP) [92] with tanh
activations embeds the observation into a fixed-size representation:

e = tanh(Wz tanh (W oy, + by) + bz), e, € RIS, (80)

where W; € R128%22 W, ¢ RIZ8X128 and by, b, € R128,

2. Temporal memory: A single-layer gated recurrent unit (GRU) [93] processes
the embedding and updates the agent’s hidden state:

Xis, ise1 = GRU (€, hiy)s  Xigs higsr € R'%S, 81)

The hidden state is the only per-agent persistent state and is carried across
timesteps within an episode, enabling the policy to integrate partial observations
over time. At episode boundaries the hidden state is reset to zero.

3. Action head: A linear projection maps the GRU output to the Gaussian mean:
Hip=WuXis+by, p;, €R, (82)

where W, € R?¥128 and b u € R2. The log standard deviation logo € R? is a
learnable parameter vector that is independent of the state, meaning exploration
noise is shared across all observations and agents. Actions are sampled from a
diagonal Gaussian:

a; ~ N, diag(o?)), (83)

where 0 = exp(log o). The two action components are interpreted as a desired
heading vector (c, s) as described in Section 4.2.3.

The recurrent architecture is essential since each agent observes only a partial,
egocentric view of the environment. The GRU allows the policy to maintain beliefs
about unobserved quantities, such as the target’s state when outside visibility range or
the intentions of distant agents by integrating information over the observation history.

Critic Network

The critic Vy is a feed-forward network that maps the centralized global state s, € RPs
to a scalar value estimate, where Dy = 14N + 19.

1. Feature extraction: A two-layer MLP with tanh activations maps the global
state to a latent representation:

h, = tanh(W4 tanh (W3 s, + b3) + b4), h, € R2, (84)

where W3 € R¥0%355 W, € R26%256 and bs, by € R,
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2. Value head: A linear layer produces the scalar value estimate:
\71‘ = WV hl + bV’ \71‘ € R, (85)
where W, € R and b, € R.

3. Pop-Art normalization: The value head output ¥, is in a normalized value
space induced by Pop-Art [43]. Pop-Art tracks running estimates of the return
mean £ and variance 6 via exponential moving averages with decay rate j:

/:‘ — (1 - ﬁ) ﬁ + ﬁ Rbatch’ (86)
6% — (1 =) 6% + B Var(Rpaen) + (1 = B) B (Rvatch — fo1a)*- (87)

After each statistics update, the value head weights W, and bias b, are rescaled
in place so that the denormalized output remains consistent:

Fold Jold fog — 1
Wy & —2=W,, by & b+ v (88)
O new O new O new

The final denormalized value is V(s;) = ¥, - & + f1. Predictions and targets are
both compared in normalized space during training, while GAE advantages are
computed using denormalized values. This stabilizes learning when the return
distribution shifts substantially over the course of training, which is helpful
especially in this setting where the task horizon is long and terminal rewards
(target hits and destruction) are sparse.

The critic was chosen not to use recurrence whereas the actor uses it. The critic
observes the complete Markov state, so there is no partial observability that recurrence
would need to handle. Transitions can be sampled as independent pairs and it reduces
memory use since critic hidden states don’t need to be stored in the rollout buffer.
Table 3 summarizes the parameter counts for the actor and critic networks and Figure
2 provides the visual representation of both networks.

Network Layer Input Output Parameters
Actor Linear + Tanh 22 128 2944
Actor Linear + Tanh 128 128 16512
Actor GRU (1 layer) 128 128 99072
Actor Linear (u) 128 2 258
Actor log o param — 2 2

Actor total 118788
Critic Linear + Tanh 355 256 91136
Critic Linear + Tanh 256 256 65792
Critic Linear (value) 256 1 257

Critic total 157 185

Table 3: Parameter counts for actor and critic networks when N = 24.
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Figure 2: Actor and critic neural network layer specifications when N = 24.

4.2.8 Hyperparameter Search and Training

The learning performance of our MAPPO setup is sensitive to the hyperparameters used
during training. To simplify hyperparameter search, we utilize a training curriculum.
The initial training runs are for a simplified scenario with only two agents, a short
initial distance to the target, the target’s defensive systems disabled, and a fixed target
spawn location. Once hyperparameters that produce satisfying learning outcomes
are found, the complexity of the scenario is increased and the process is repeated.
Reward function design is done in parallel with hyperparameter tuning, since changes
in shaping terms and reward scales can change the effective optimization landscape
and interact with the choice of hyperparameters.

Within a training run, the critic learning rate @y and the actor learning rate @,
are scheduled to decrease by factors ay r and a, ; every Npyr learning updates to
stabilize the learning process and prevent collapses in situations where the reward
suddenly spikes or drops. A cosine-shaped entropy coeflicient decay schedule is used
to decrease exploration from Ceng,0 tO Cent, ¢ OVeEr time to increase the performance of
the learned policy over training. To prevent overfitting to a single path, the spawn
location and orientation of the agents is determined randomly in each episode. Table 4
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outlines the training curriculum, and Table 5 lists the corresponding hyperparameter
settings.

Stage N (Agents) Spawn distance (m) Spawn cone Defences Target
1 2 1500 0° Off Static
2 2 5000 0° off Static
3 2 5000-8000 0° Off Static
4 2 5000-8000 +10° off Static
5 12 5000-8000 +10° Off Static
6 12 20000-40000 +10° off Static
7 12 20000-40000 +22.5° Off Static
8 24 20000-40000 +22.5° Off Static
9 24 20000-40000 +22.5° On Static

10 24 25000-50000 +22.5° On Static

Table 4: Training curriculum used for hyperparameter tuning and reward design.
Spawn cone refers to the initial bow bearing within which the target randomly spawns
at the beginning of an episode.

Symbol ‘ Value ‘ Description

Simulation

Tinax 1.25-10° Maximum number of simulation steps per run.

Krepeat 40 Number of simulator steps executed per policy action.
Event and terminal rewards

Thit 30.0 Reward for a successful USV hit on the target.

Fsuce 1440.0 Terminal reward granted when the episode ends in success.
Tdeath 60.0 Per-agent terminal penalty for agent losses at success.

land 0.5 Per-agent instantaneous penalty for agent losses by land barrier entry.
Fdetect 2.5 Bonus when an agent first detects the target.

Coverage and search reward

Wexplore 0.07 Weight of the exploration or novelty term.

Acell 1500 m Side length of one spatial coverage cell.

Neontact 5 Consecutive contact steps required before state transition.
Pris 0.1 Minimum fraction of alive USVs that must see the target.
Nrage 10 Number of steps over which the search reward fades out.
PBRS

Aprog 5.0 Weight of the progress-based potential term.

Aalign 3.0 Weight of the target-alignment potential term.

bexp 32.0 Exponential base used in the shaping potential.

Atime 5x 1074 Per-step time penalty weight.

Rollout and discounting

H 256 Rollout horizon in steps per environment before each PPO update.
Neny 32 Number of parallel environments used during training.

Yact 0.99999 Discount factor at the policy-action timescale.

v auto Per-step discount factor computed at runtime from y = y;mkmpeal.
AGAE 0.95 Generalized Advantage Estimation smoothing parameter.
PPO optimization

Nr 1074 Learning rate of the actor network.

nv 8 x 1074 Learning rate of the critic network.

Eclip 0.2 PPO clipping threshold for policy updates.

B 32768 Mini-batch size used during optimization.

K 3 Number of PPO epochs per update.

l| g llmax 0.5 Maximum gradient norm used for clipping.
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Symbol

Value

Description

Policy distribution and entropy

Cent,0 0.007 Initial entropy coefficient.

Cent, f 0.001 Final entropy coefficient.

Sent cosine Entropy decay schedule.

Ghold 0.1 Final training fraction with constant terminal entropy.

Value loss, LR schedule, and stabilization

cy 0.5 Weight of the value-loss term in the PPO objective.

Sir step_half Learning-rate schedule used during training.

Nhaif 20 Number of updates between learning-rate halvings.
A, f 0.95 Final multiplicative scaling of actor learning rate.

ay ¢ 0.98 Final multiplicative scaling of critic learning rate.
KLmax 0.003 KL-divergence threshold used for early stopping.

Bra 3x 1074 EMA rate for Pop-Art normalization statistics.

EPA 1073 Numerical stability constant for Pop-Art normalization.

Table 5: Simulation parameters and MAPPO hyperparameters.

The simulator and the MAPPO trainer are written in Python. NumPy is used for
CPU-side environment data handling and auxiliary statistics in the simulator and the
trainer, and PyTorch is used for neural network inference, tensor operations, automatic
differentiation, and GPU-accelerated optimization. Multiple simulations can be run in
parallel with multiprocessing. All training is performed in a containerized Debian 13
Linux environment on a Fedora 43 Linux host machine with a 4.80 GHz 22-core Intel
Core Ultra 7 processor, 16 GiB of RAM, and an Nvidia GeForce RTX 4060 Max-Q
mobile GPU with 8 GiB of VRAM. BF16 mixed-precision training is used to improve
computational efficiency and reduce training time on the GPU. A 400-update training
run with N = 24 and Tipax = 125000 takes approximately 90 minutes.
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5 Results

This section assesses the training metrics and the performance of the learned policy.
The hyperparameters and detailed simulation parameters used in training are presented
in Table 5.

5.1 Training

The policy is trained with 400 learning updates. During training, the model parameters
are saved whenever the 15-update running average mission success rate (i.e. share
of episodes that result in the target being destroyed) reaches a new high. Thus, the
resulting policy corresponds to the best-performing checkpoint of the training run.
The training scenario of the model is presented in Table 6.

Algorithm N Required hits Spawn distance (km) Spawn cone Target Defenses

MAPPO 24 3 25-50 +22.5° Static On

Table 6: Training scenario of the policy.

The policy was not trained to find and destroy a moving target because the reward
function is incompatible with a moving target, resulting in inability to close in on the
target during training. The progress and alignment rewards are formulated using the
target’s instantaneous position which is appropriate for a static target but problematic
for a moving one, especially when using PBRS, as changes in the target’s position can
produce negative deltas even when the agents are behaving sensibly. Closing in on a
moving target would likely require steering toward a future intercept point rather than
directly toward the target’s current location.

Figure 3 presents key performance metrics over the course of the policy’s training
run. The bright blue curve represents the running average and the light blue lines
represent the raw metric values. The success rate in Figure 3a and the number of hits
on target in Figure 3b increase over training, but begin to oscillate heavily after 250th
update. The average number of USVs destroyed in Figure 3¢ decreases until the 250th
update, and then levels off after the oscillations. At the same time, the agents learn
to detect the target earlier (Figure 3d) and to produce the first hit in a shorter time
(Figure 3e). The average total number of environment steps per episode shown in
Figure 3f also decreases over the first 250 updates.
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Figure 3: Per-training-update average performance metrics of the policy over the
training run.

5.2 Evaluation

The trained policy is evaluated by using it as the decentralized policy controller of
the USV agents in the simulation environment. During evaluation, action selection
is deterministic, meaning for each agent i, the learned policy my maps the agent’s
local observation o; to an action a;, and actions are selected directly from the policy
mean a;; = pg(0;y, hi), without stochastic sampling. Action repeat is disabled during
evaluation to allow more fine-grained control, and the clip on the desired heading
change is increased from +60° used during training to +90° to enable more agile
maneuvers.

The policy is evaluated over 40 independent simulation episodes across different
scenarios, and the reported performance metrics are computed as averages over these
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evaluation episodes. The baseline evaluation scenario is based on the training setup. It
features 24 agents and a static target with three functioning effectors (CIWS 1, CIWS
2, and a main gun) enabled. The target spawns at a random location 25-50 km from
the center of the initial USV formation, within a £22.5° relative angle from the bow
bearing of the formation. The target requires three successful hits by the USVs to
be destroyed. In the baseline scenario, the trained policy is able to find and destroy
the target in 88% of the simulations. The further results of the evaluation runs are
presented in Table 7.

To assess the robustness of the policy, communications and GNSS jamming
(discussed in Section 4.1.2), which were not used in the training of the policy, are
added to the baseline scenario. Communications jamming is modeled as a package loss
with P = 0.5 within the visibility radius of the target, and GNSS jamming zeroes out
global location values from the observation vector of each agent within the visibility
radius of the target. As seen in Table 7, the policy is robust against jamming with only
0.10 lower success rate than in the baseline scenario. To further assess the robustness
of the learned policy, a moving target is introduced to the baseline scenario. As evident
in the results in Table 7, the agents are able to chase and accumulate some hits on the
target despite being only trained to attack a static target, but as moving away from
the USVs buys more time for the target to shoot at the USVs, the success rate is
significantly lower and the number of destroyed USVs is higher. Designing a reward
function that would enable chasing a moving target during training could potentially
enable the USVs to learn more efficient tactics to destroy the target.

For comparison, Table 7 includes the evaluation results of an idealized rule-based
reference controller. The controller uses distance-based mode switching between a
long range formation approach, mid range zig-zag evasive steering, and close range
terminal homing toward the target. Since the controller has complete information about
the target’s location throughout the simulation and the environment, it is able to steer
toward the target continuously during each run. The rule-based controller does not use
location information and the agents do not communicate, thus the controller was not
evaluated in the jamming scenario. The rule-based reference controller outperformed
the MAPPO-trained controller in every metric in baseline and moving target scenarios,
although its performance also declined significantly in the moving target scenario.
A visualization of the rule-based controller’s strike path in the baseline scenario is
presented in Figure 5.
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Controller  Scenario  Mission success Episode steps Destroyed USVs Hits on target Timeout rate

MAPPO Baseline 0.88 10466 + 1935 11.39 +3.57 2.75+£0.89 0.10
Reference Baseline 1.00 9783 + 1735 7.88 +£1.33 3.05+0.22 0.00
MAPPO Jamming 0.78 10544 + 1982  10.94 +4.11 2.60 +0.86 0.18
Reference Jamming N/A N/A N/A N/A N/A
MAPPO  Moving target 0.05 16288 + 3568  23.81 +0.80 0.18 £ 0.67 0.08
Reference Moving target 0.20 14382 £2000  22.18 £3.22 0.93 £1.17 0.00

Table 7: Performance of the MAPPO and reference controllers under the baseline,
jamming, and moving-target scenarios over 40 evaluation episodes per scenario. Values
are reported as mean + standard deviation. Episode steps and destroyed USV metrics
only include episodes that were not terminated at timeout.
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Figure 4: USVs striking a stationary target in the baseline scenario. The horizontal
black line represents the land border, the blue circle represents the target, purple
triangles represent alive USVs, and black crosses mark the locations of lost USVs.
The paths of lost USVs are traced in grey and paths of alive USVs in purple. The
graphical representations of the USVs and the target are not true to scale.

Despite the inclusion of the coverage-based search term in the reward function,
the agents did not learn an effective search pattern. Instead, as shown in Figure 4, the
agents travel in a straight line until the target becomes visible, after which they begin
closing in on it. In the baseline evaluation scenario, 80% of the failed missions were
timeouts, indicating that the agents failed to locate the target when it spawned outside
their detection radius along this straight-line path. Similarly, in the jamming scenario,
~ 78% of the failed missions ended in a timeout. In the moving target scenario, the
target appears to have moved within the detection range of most agents, as the timeout
rate was slightly lower (0.08) than in the baseline scenario (0.10).
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Figure 5: Rule-based reference controller guiding a swarm of USV's towards the target
in the baseline scenario.

Interestingly, the agents learned a sine-wave-like zig-zag maneuver similar to that
of the reference controller, which is activated once the target is detected. However,
the wavelength and amplitude of the MAPPO controller’s zig-zag are slightly larger:
approximately 1000 m and 500 m, respectively, as shown in Figure 6. In contrast, the
reference controller’s zig-zag has a wavelength of about 750 m and an amplitude of
about 250 m, as shown in Figure 7. Furthermore, the reference controller keeps the
agents more spread out than the MAPPO controller, which may reduce their probability
of being hit by the target’s defenses. This may explain why the average number of
destroyed USVs is significantly lower for the reference controller than for the MAPPO
controller. The reason for the emergence of the zig-zag maneuver is not fully clear.
The alignment reward r; fign encourages movement toward the target and would favor a
more direct approach. However, a straight approach makes the agents more predictable
targets for the target’s defenses, and the terminal loss penalty provides an incentive to
reduce losses, which could explain learning the maneuver. Additionally, small repeated
heading corrections can lead to oscillating movement patterns with continuous steering
control, which may have contributed to the emergence of the zig-zag pattern. The less
dispersed formation of the agents could possibly be explained by the lack of reward
shaping in terms of the formation of the swarm.
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Figure 6: Close-up visualization of the MAPPO controller’s final approach towards
the target
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Figure 7: Close-up visualization of the reference controller’s final approach towards
the target

5.3 Discussion

The most important factor affecting the performance of the resulting controller is the
design of the reward function, since MAPPO optimizes the expected return defined by
that function. Another key factor is the training procedure. As shown in Figure 3, the
training does not converge to a stable solution, but instead oscillates between average
success rates of approximately 0.4 and 1.0. Because the training did not converge to
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a stable 1.0 success rate, the trainer was not able to fully optimize the attack-phase
behavior to minimize agent losses. The training procedure used a curriculum for
hyperparameter search and reward function design, but not curriculum learning [94]
in the actual training process, where the policy would be trained across a sequence of
increasingly difficult scenarios.

Two opposing approaches could improve performance. The first is to reduce reward
shaping. In the current setup, the shaping terms guide the agents toward behaviors
such as approaching and aligning toward the target. With less shaping, the agents
would have more freedom to discover their own tactics for locating and destroying the
target. However, in this scenario, learning the task without shaping would likely be
extremely difficult. One possible way to address this would be curriculum learning, in
which training begins in a much simpler scenario, for example one where the target
is placed directly in front of the agents. Once training converges in that setting, the
learned policy could be used to initialize training in gradually more difficult scenarios
until reaching the evaluation setting used in this thesis.

The opposite approach is to increase reward shaping. A search pattern could be
encouraged by penalizing overly tight formations or by rewarding sweeping behavior
during the search phase. Similarly, the reward function could encourage a more
dispersed formation during the attack phase in order to reduce hits from the target, as
seen in the reference controller. The downside is that stronger shaping may reduce the
likelihood of discovering better tactics than the reference controller, as it steers the
agents toward a solution defined more directly by the reward function rather than one
discovered more freely through learning.

A third option is to seek a middle ground between these two extremes by redesigning
the reward function more carefully. The objective would be to encourage search
behavior and enable mission success in a curriculum setting, while keeping the shaping
limited enough to preserve the agents’ freedom to discover effective behavior. Training
could initially focus on reaching a stable solution in which the target is destroyed
consistently. After that, the objective could shift toward minimizing losses before
gradually advancing to more difficult scenarios.
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6 Summary

This thesis surveyed the fundamental concepts of MARL, swarming, and USVs, as
well as recent developments in applying MARL to the control of USVs and other
autonomous vehicles in various mission types. Building on these concepts and prior
research, a MAPPO trainer was designed and built to allow a swarm of USVs to learn
a policy for executing a hunting mission in which the swarm must locate and destroy a
single surface combatant positioned at an unknown location.

The trained policy is able to locate and destroy the target with a success rate of
88%, which provides strong evidence that the MARL approach is feasible in this
setting. For comparison, the rule-based reference controller achieved a 100% success
rate with fewer destroyed USVs, but the controller had full knowledge of the target’s
position when majority of the MAPPO-trained controller’s failed episodes were due to
not locating the target. The MARL-based controller also demonstrated robustness by
achieving a success rate of 78% under communications and GNSS jamming. Against
a moving target, the success rate was significantly lower at 5%, indicating that the
learned behavior did not generalize well to target motion. At the same time, the fact
that the policy was still able to achieve some successes despite being trained only
against a static target shows adaptability in the MAPPO-trained controller.

The training setup was not able to produce a policy that outperformed the rule-
based reference controller, but the learned policy did exhibit non-trivial emergent
behavior. While the agents did not learn an effective search pattern and instead
moved approximately in a straight line until the target was detected, they did learn a
sine-wave-like zig-zag attack maneuver after detection, similar to that of the reference
controller. This suggests that the policy was able to discover a meaningful evasive
strike behavior, even though its formation remained tighter and thus more prone to
being hit by the target’s defenses than that of the reference controller.

A plausible explanation for the lower performance than the reference controller is
the combination of reward design and training dynamics. The training run did not
converge to a stable 100% success-rate regime, but instead oscillated considerably,
which likely limited the trainer’s ability to refine the attack phase toward minimizing
agent losses. In addition, the reward shaping during the search phase did not sufficiently
incentivize broad exploration, which likely contributed to the absence of an efficient
search pattern. The lack of shaping for swarm dispersion may likewise help explain
why the learned attack formation remained more dense than that of the reference
controller.

In future work, the reward terms could be reformulated using relative-motion
quantities, such as closing speed, predicted miss distance, time to closest approach,
or alignment with a predicted intercept point, in order to enable training against a
moving target. To improve performance, curriculum learning could be incorporated
into the training process so that the agents first learn to solve simpler versions of the
task before progressing to the full two-stage search-and-destroy scenario. A more
carefully redesigned reward function could also encourage more effective search
behavior and greater dispersion during the strike phase while still leaving room for the
discovery of novel tactics. For added realism, inter-USV collisions could be added to
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the simulation together with a collision penalty in the reward function. Additionally,
throttle could be included in the agent’s action space to enable loitering. As a more
substantial improvement, one could train two different policies for the search and
strike phases, or utilize algorithms that allow individual policy and value functions for
more heterogeneous agent actions, such as Independent PPO (IPPO) or MADDPG,
although such approaches may be less stable than MAPPO in a 24-agent task.

Regardless of the limitations of the trained policy, the experiment demonstrated the
potential of MARL, and especially MAPPO, for training a large number of agents in a
challenging long-horizon two-phase task with sparse terminal rewards under partial
observability. The thesis further contributes to the literature by studying USV swarm
control in a setting that is more demanding than is typical in prior work, which often
involves fewer agents, a single mission phase, shorter horizons, discrete environments,
and targets without defensive capabilities.
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