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UAV swarms must coordinate under partial observability, intermittent communication, and
adversarial electronic-warfare (EW) interference. End-to-end multi-agent reinforcement lear-
ning (MARL) such as MADDPG can learn cooperative behaviors, but monolithic policies are
brittle across mission phases and during rare safety-critical events such as sudden jamming.
Building on a previously published hybrid framework that couples a supervisory hybrid automa-
ton (HA) with three discrete modes (Search, Track, Safe) and guarded transitions with MARL
under centralized training and decentralized execution (CTDE), this work replaces the
MADDPG controller with multi-agent Twin Delayed Deep Deterministic Policy Gradient
(MATD3). The HA enforces mission-level logic and safety while MATD3 optimizes continuous
actions within each mode. In a Gym-PyBullet-Drones testbed with an EW jammer we compare
HA+MATD3 against HA+MADDPG under identical HA logic. HA+MATD3 reaches the same
final return about 30% sooner and more smoothly, attains success rates of 96% (no jam) and
93% (jam), searches faster (22.3 s vs 24.0 s), and tracks evasive targets more reliably (92.5% vs
89.7% in-view). It also scales more gracefully to larger swarms, retaining 87% mission success
under jamming with ten UAVSs versus 82% for the baseline controller. The results indicate that
pairing formal mode supervision with a twin-critic MARL algorithm yields more robust, sample-
efficient swarm control than the baseline.

Keywords: multi-agent reinforcement learning, UAV swarm, hybrid automata, TD3,
MADDPG, electronic warfare, CTDE.

Introduction

UAYV swarms are increasingly deployed for search, surveillance, and target-tracking missions in
environments where communication and sensing are unreliable and an adversary may actively inter-
fere. Deep multi-agent reinforcement learning (MARL) has become a leading approach for learning
cooperative swarm behavior [10], [14], yet purely learned policies can behave unpredictably at the
boundaries between mission phases and under rare, safety-critical disturbances. Combining learning
with explicit high-level decision logic has emerged as a way to obtain both adaptivity and predictabi-
lity. This paper studies, within such a hybrid framework, how the choice of the underlying conti-
nuous-control algorithm affects swarm performance under adversarial electronic-warfare (EW) con-
ditions.

Statement of the problem

We consider a swarm of N cooperative UAVs tasked with searching for and then continuously
tracking a mobile ground target in a bounded three-dimensional area, in the presence of an adversarial
jammer that intermittently disrupts communication and corrupts sensing. The swarm must explore
efficiently to locate the target, maintain coordinated line-of-sight tracking once it is found, and remain
safe and regroup when jamming makes coordination unreliable. Each agent acts on local observations
under partial observability and under non-stationarity induced both by the other learning agents and
by the jammer. A monolithic end-to-end MARL policy (e.g., MADDPG [10]) must entangle
exploration, tracking, and disturbance handling within a single network; such policies tend to learn
unstably and to react unpredictably to abrupt events such as the onset of jamming, which is unaccep-
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table in safety-critical missions [2]. The problem addressed here is how to obtain robust, sample-
efficient, and predictable swarm control under these conditions, and specifically how much the choice
of continuous-control algorithm contributes to it.

Analysis of recent studies and publications

Several lines of work inform this study. Actor—critic MARL with centralized training and decen-
tralized execution (CTDE) — notably MADDPG [10] — lets agents learn cooperative policies while
acting on local information, and surveys confirm its wide use for multi-UAV control [2], [14]. De-
composing a mission into phases or modes improves learning efficiency and robustness over a single
unified policy: two-stage search-then-track designs [9], bio-inspired swarm decision-making schemes
[1], and integrated search-and-tracking frameworks [4] all report faster convergence and better trac-
king, and graph- or attention-based MARL has been applied to collaborative UAV search and tracking
[6]. To make mode switching explicit and verifiable, hybrid automata provide a formal model of sys-
tems that combine discrete modes with guarded transitions and continuous within-mode dynamics
[7]; related logic-based formalisms such as Petri-net models have likewise been used to describe
UAV-swarm behavior [13]. On the algorithmic side, value-decomposition methods such as QMIX
[11] target the non-stationarity of cooperative MARL, while TD3 reduces the overestimation bias of
deterministic actor—critic learning through twin critics, delayed policy updates, and target-policy
smoothing [5], [12], improving stability over DDPG and MADDPG in continuous control. In our pre-
vious work [3] we combined a supervisory hybrid automaton (Search/Track/Safe) with an MADDPG
controller and showed that it markedly outperforms a monolithic MADDPG baseline under jamming
and at larger swarm sizes. That study fixed the high-level logic but used MADDPG throughout, lea-
ving open whether a stronger continuous-control algorithm would further improve the hybrid.

Research objectives and tasks

The aim of this work is to isolate and quantify the effect of the continuous-control algorithm wit-
hin the established hybrid-automaton framework [3]. We retain the three-mode automaton and the
existing CTDE training scheme and replace the MADDPG controller with multi-agent TD3
(HA+MATD?3), comparing it directly against HA+MADDPG under identical high-level logic; the
monolithic baseline, already shown to be substantially inferior [3], is omitted so that the comparison
cleanly isolates the algorithmic question (TD3 vs DDPG). The specific tasks are: to design a mode-
conditioned MATD3 controller with per-mode reward shaping and per-mode replay buffers, trained
under CTDE; to evaluate it against HA+MADDPG on mission success with and without jamming,
on search efficiency, and on tracking of evasive targets; and to assess scalability to a larger swarm (N
= 10) and compare it with the baseline controller, so that the results are aligned with those reported
in [3].

Research results

Problem formulation. We consider N cooperative quadrotor UAVs that search for and then
track a mobile ground target in a 20x20x10 m arena simulated with PyBullet [8], in the presence of
an adversarial jammer that intermittently degrades sensing and communication. The full formulation
— observation model, EW interference model, and the multi-agent Markov decision process — fo-
llows [3]; only what is needed below is summarized here. At each step t every agent i receives a local
observation that includes its own state, the relative states of neighbors within range, the target bearing
and range if detected, and a binary jamming flag, and selects a continuous action. The task is a multi-
agent MDP:

M={(S, O;, A;, P, R, v) , (1)

where S is the state space, O; and A, are the observation and action spaces of agent i, P is the transition
kernel, R is the shared reward, and v is the discount factor. Each agent learns a mode-conditioned po-
licy that maximizes the discounted return:

sz[zfytrt] ) )
t
where the discrete mode g at each step is supplied by the hybrid automaton.
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Hybrid automaton. The supervisory controller is the same three-mode HA introduced in [3]:
Search (coordinated exploration to locate the target), Track (cooperative following once the target is
found), and Safe (fail-safe hovering in formation under severe jamming). Guarded transitions are tri-
ggered by the events TargetFound, TargetLost, JammingDetected, and JammingCleared (fig. 1); on
JammingCleared the automaton returns to the mode active before Safe. The current mode is encoded
as a one-hot vector and appended to each agent's policy input, so behavior is conditioned on the mode
while the automaton retains authority over the switches. The full formal definition — invariants, re-
sets, and output map — is given in [3].

Hybrid Automaton (Mission Logic)

Target Found
severacesccaseoJamming Detected: - ------------
. Target Lost

Fig. 1. Hybrid automaton state-transition diagram

MATD3 with CTDE. For continuous control within each mode we use a multi-agent TD3 cont-
roller trained under CTDE. Each UAV i has a deterministic actor that maps its observation and the
current mode to an action:

u; = py(0i, q) 3)

Actors are shared across the homogeneous agents and run on local observations at execution

time. During training, each agent has twin centralized critics that take the global state x, the joint

action u = (us, ..., u_N), and the mode g. Transitions are stored in per-mode replay buffers (b_Search,

b_Track, b_Safe), which keeps each critic's updates mode-homogeneous and reduces cross-mode

interference; mini-batches are drawn round-robin across modes. Following TD3 [5], the critic target

uses the target networks, the minimum of the twin critics, and target-policy smoothing noise added

to the next action:

: k / ! ! !

y=r+ymin Qg (', u'r, ..y u'y, ) @)

?

where the smoothing noise ¢ is clipped Gaussian noise. Each critic minimizes the squared temporal-

difference error,
L(@):E[(Qcﬁlf(%u’ q) _yi) 2} ’ (5)

for k = 1, 2. The actor is updated less frequently than the critics (policy delay d = 2) by the
deterministic policy gradient through the first critic:

Vo =E[Vgup(0i,q) Vo, Qul, ar, ..., ai=p1g(0i,9), .., an) ()

The delayed actor update, twin critics, and target smoothing are the TD3 mechanisms that stabi-
lize learning relative to single-critic MADDPG, particularly around mode boundaries and under
jamming-induced observation noise. Reward shaping is applied per mode, as in [3]: Search rewards
rapid, well-spread exploration and a one-time detection bonus; Track rewards an in-view, optimal-
standoff formation and penalizes collisions or loss of line-of-sight; Safe penalizes drift from a tight
holding pattern and rewards prompt resumption once jamming clears. The resulting data flow — HA
mode supervision, decentralized actors, and centralized twin critics with per-mode replay — is shown
in fig. 2.
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Fig. 2. High-level HA + MATD3 architecture under CTDE

Simulation and training. The environment is built on Gym-PyBullet-Drones [8] with realistic
quadrotor dynamics and a PID inner loop; the default team is N = 4, and actions are 3D velocity
commands at 10 Hz. For the scalability study (below) we additionally train and evaluate with N = 10
UAVs. The jammer activates at a random mid-episode time for about 30 s, during which inter-drone
communication is largely lost and target and teammate observations are corrupted — a near-worst-
case EW event that the Safe mode is designed to absorb. A run succeeds if the swarm finds the target
within 120 s and then maintains continuous line-of-sight for at least 60 s. We compare two controllers
that share identical HA logic, dynamics, and sensing and differ only in the RL algorithm:
HA+MATD3 (ours) and HA+MADDPG (the configuration of [3], i.e. a single centralized critic per
agent without TD3's twin critics, delayed updates, or target smoothing). Actors are MLPs with two
hidden layers of 128 units (ReLU); critics use two hidden layers of 256 units. We use Adam with
learning rate 1073, y = 0.95, replay capacity 10°, and batch size 256; for MATD3 the policy delay is 2
and the target-smoothing noise is ¢ = 0.2 clipped at £0.5. Each controller is trained for up to 5000
episodes over 5 random seeds and evaluated over 100 episodes per condition.

Convergence. HA+MATD3 converges markedly faster than HA+MADDPG (fig. 3), reaching
its plateau (average return ~ 5000) by about 2000-2200 episodes versus roughly 3000 for
HA+MADDPG — about 30% fewer episodes — and with a visibly smoother curve. Both controllers
reach a similar final return, so the advantage of TD3 here is sample efficiency and training stability
rather than a higher asymptote: the twin critics and delayed policy updates damp the overestimation
and oscillation that make single-critic MADDPG noisier under multi-agent non-stationarity. The
automaton's curriculum and per-mode replay benefit both controllers equally, which is why their
asymptotic returns coincide.

Mission success. Both controllers perform well without jamming, with a small edge to
HA+MATD3 (table 1). Under jamming the gap is preserved: HA+MATD3 retains 93% success and
HA+MADDPG 90%, each only 3—4 points below its no-jam value, because both share the Safe-mode
logic that holds formation during interference and resumes once JammingCleared fires. The modest
edge of HA+MATD3 reflects TD3's reduced overestimation, which yields a slightly more reliable
final policy at mode boundaries. For reference, the monolithic MADDPG baseline of [3] fell to 65%
under jamming, underscoring the value of the HA structure both controllers share.
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Fig. 3. Learning curves (average episode return vs. training episodes)

Table 1
Mission success rates (100 evaluation runs per condition)
Method Success — No Jam Success — With Jam
HA + MATD3 96% 93%
HA + MADDPG 94% 90%

Search efficiency and tracking continuity. With the jammer disabled and a stationary target,
HA+MATD3 finds the target in 22.3 s on average versus 24.0 s for HA+MADDPG, with comparably
low variance (table 2); both maintain the full 60 s of continuous tracking in every trial. The faster
acquisition reflects more decisive search-to-track transitions under the twin-critic policy.

Table 2
Search and tracking performance (no jamming, stationary target)
Method Avg. Search Duration (s) | Avg. Continuous Track
(s)
HA + MATD3 223122 60.0 0.0
HA + MADDPG 240+ 2.1 60.0£0.0

Dynamic (evasive) target. Against an evasive target, HA+MATD3 keeps the target in view
92.5% + 4.8% of the time versus 89.7% + 5.5% for HA+MADDPG (fig. 4).

Dynamic Target Tracking Performance
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Both hybrids learn encirclement and hand-off tactics and keep the target within sensor range
almost continuously, never suffering the prolonged losses characteristic of a monolithic policy; the
MATD3 controller holds a marginally tighter and steadier standoff distance, staying closer to the tar-
get throughout the episode (fig. 5).

Evasive Target: Distance to Closest UAV Over Time

6 HA + MATD3 HA + MADDPG Sensor range (5 m)

w
|

Distance to Target (m)
w E

0 50 100 150 200 250 300
Time (s)

Fig. 5. Distance to the closest UAV over time (evasive target)

Scalability. To check that the algorithmic comparison holds at scale, and to align with [3], we
repeated training and evaluation with N = 10 UAVs — with proportionally larger state and action
spaces and a larger centralized critic — while keeping the automaton logic unchanged. Both hybrids
remained trainable, but TD3's stability advantage grew with swarm size: under jamming,
HA+MATD3 retained 87% mission success at N = 10 (down from 93% at N = 4), whereas
HA+MADDPG dropped to 82% (from 90%), as shown in table 3. The larger joint-action space ampli-
fies overestimation and credit-assignment difficulty, which the twin critics and delayed updates of
TD3 mitigate more effectively than a single critic. Both remain far above the monolithic baseline,
which degrades to 38% at N = 10 in [3].

Mission success under jamming for different swarm sizes (100 runs per conditi(-)rr{:l)ble ’
Method Success — 4 UAVs Success — 10 UAVs
HA + MATD3 93% 87%
HA + MADDPG 90% 82%

Conclusions and prospects for further research

Within an established hybrid-automaton framework for UAV swarm control [3], replacing the
MADDPG controller with multi-agent TD3 yields consistent gains while leaving the interpretable,
verifiable mode logic untouched. The principal benefit is in training: HA+MATD3 converges to the
same final return as HA+MADDPG in roughly 30% fewer episodes and with a smoother curve. The
reduced overestimation of TD3 also gives modest but consistent improvements in mission success
under jamming (93% vs 90%), search time (22.3 s vs 24.0 s), and tracking of evasive targets (92.5%
vs 89.7% in-view), and it scales more gracefully: at ten UAVs HA+MATD3 retains 87% success
under jamming versus 82% for HA+MADDPG. Because the high-level logic is identical across both
controllers, these improvements are attributable specifically to the twin-critic, delayed-update mecha-
nisms of TD3, which matter most at mode boundaries, under jamming-induced noise, and as the joint-
action space grows. The approach inherits the limitations discussed in [3] — reliance on correct guard
design and reliable event detection. Future work will explore learned or adaptive guard thresholds,
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differentiable mode-switching logic so the automaton structure itself can be optimized, and hardware-
in-the-loop validation on physical UAVS.
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M. B. Boumosuu, O. C. buukos
T'IBPUJIHI ABTOMATH TA BATATOAT'EHTHUM TD3 IJIsI IPUMHATTSA
PIIEHDb POEM BILJIA B YMOBAX IMPOTHIT

Poi 6e3ninomnux nimanvnux anapamie (bI1J/IA) nosunni y3eodacysamu Oii @ ymogax yacmxosoi
CHOCMEpPedHCy8aHOCmi, HeCmIllKo2o 368 513Ky Mad YIIeCnpsMO8AHOI padioeleKmpoHHoi 6opombou
(PEE). bacamoazenmni memoou HagyanHs 3 niokpinaenusam, 3okpema MADDPG, 30amui ¢popmy-
samu eexkmusHy KoonepamueHy no8eoiHKy, npome MOHONIMHI NOTIMUKU UABTAIOMbCA HECMAOLTb-
HUMU Ha Medcax ¢haz micii ma nio wac pioKiCHUX KpUmMud4HUX nooil, MaKkux K panmose 2iyuiHHs.
Y nonepeouiii pobomi asmopie 3anponoHo8ano ciOpuodHy apximexmypy, wjo NOEOHYE HA2IA008ULL 210-
PpuoHull agmomam iz mpvoma ouckpemuumu pexcumamu (Ilowyx, Cynposio, besnexa) ma xeposa-
HUMU nepexooamu 3 6a2amoazeHmHUM HaA8UAHHAM 30 CXeMOI0 YeHMPAaNi308aH020 HABYAHHS | OeyeH-
mpanizosanozo sukonanns (CTDE), i nokasamno ii cymmesy nepeeazy Ha0 MOHONMHUM 6A308UM Di-
wennam. [lana cmamms possusae yetl nioxio: 3a He3minHoi 102iku asmomama konmpoaep MADDPG
s3aminoemocs Ha baecamoacenmuutl aneopumm TD3 (MATD3) 3 no0giunumu Kpumukamu, 321a04cy-
BAHHAM YiNbOBOI NOMIMUKU MA BIOKIAOEHUM OHOBIEHHAM AKMOPA, W0 3MEeHULYE 3MIUEeHHS nepeo-
YIHKU ma niOBUWYE CMILIKICIMb HAGUAHHA. [[TI51 KOXCHO20 PENHCUMY 3ACMOCOBAHO OKpeMme POPMYBAHHS
BUHA2OPOOU Ma OKpeMi Oyhepu 810meopeHHs 00CBI0Y, W0 NOCIAONIOE B3AEMHY IHMepPhepeHyito MidC
pesicumamu. Excnepumenmu nposedeno y cepedosuwyi Gym-PyBullet-Drones i3 mooenno PEB-any-
WiHHA, Oe NOPIBHIOIOMbCA 08a NIOX00U 3 [0eHmuuHow Jocikorw asmomama — HA+MATD3 ma
HA+MADDPG. 3anpononosanuit HA+MATD3 Oocsecae maxozo s niocymkoozo euepauty npuo-
auzHo na 30% weudwie ma 3 OinbW NIABHOIO KPUBOIO HABUAHHS, 3a0e3nedye Ui NOKAZHUKU YCNil-
Hocmi micii (96% be3 enywinua ma 93% 3a Hasenocmi enywinnsa npomu 94% i 90%), weuowe suss-
Js€ yinw (22,3 ¢ npomu 24,0 ¢) ma naoiiiniuie Cynpogoox’cye Mane8pery Yilv (1acmka 4acy cnocme-
peacenns 92,5% npomu 89,7%). Kpim moeo, 3anpononogarnuti nioxio xpawje macuimadyemucs: OJis
poio 3 0oecamu BIIJIA HA+MATD3 36epicae 87% ycniwnux miciti 3a ymoe 2nyuinns npomu 82% o
HA+MADDPG. Pesyromamu cgiouams, w0 NOEOHAHHA OPMATbHO2O HALISA008020 KepYB8AHHS pe-
acumamu i3 cyyacuum aneopummom TD3 3abe3neyye 6invus iomogocmitike ma eghekmugne Kepyea-
HHS POEM 34 He8U3HAYeHOCmI, 30epicarouu iHmepnpemosanicme i eapanmii be3nexu 2iOpUOHO20
asmomama.

KurouoBi ciioBa: 6araroareHTHe HaBYaHHA 3 MIAKPiMJIeHHAM, pit BITJIA, riOpunHi aBTOMaTH,
TD3, MADDPG, pagioenekrponna 6opotsda, CTDE.
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