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Highlights
What are the main findings?

e A learnable sparse attention graph architecture (SAGA) is proposed under the
MAPPO CTDE framework, integrating a GATv2 multi-head graph encoder, learna-
ble edge predictor and L1 sparsity penalty to jointly address partial observability,
heterogeneous role coordination and communication constraints in multi-UAV air-
ground missions.

e  Comprehensive numerical results demonstrate that SAGA achieves faster reward
convergence, higher steady mission reward, more target destruction and lower UAV
attrition than MADDPG, MATD3 and QMIX.

What are the implications of the main findings?

e The proposed method provides a generalizable MARL design template for heteroge-
neous multi-agent adversarial missions, which exhibits cross-scenario transfer ro-
bustness.

e Thejoint optimization of dynamic communication topology and graph attention rea-
soning breaks the limitation of fully connected and no-communication MARL base-
lines.

Abstract

In the complex problem of air-to-ground mission planning, multi-UAV systems face sig-
nificant challenges such as system complexity and heterogeneity, insufficient target ob-
servability, and difficulties in collaborating information sharing. To address these issues,
this paper proposes a novel learnable sparse attention graph architecture (SAGA). This
architecture deeply integrates graph reasoning and policy optimization within the
MAPPO framework and includes three innovative mechanisms: (i) a GATv2-based graph
neural network encoder that performs multi-round distributed consensus on the commu-
nication graph among UAVs via a multi-head attention mechanism, enabling selective
aggregation of tactical information; (ii) an edge predictor that learns to prune low-value
communication links, generating a sparse and mission-adaptive communication topol-
ogy; and (iii) an L1 sparsity penalty term that further enhances communication efficiency.
In a self-developed simulation environment for heterogeneous multi-UAV mission plan-
ning, comprehensive comparative experiments were conducted against the following
baseline reinforcement learning algorithms: MADDPG, MATD3, QMIX, MAPPO, Tar-
MAC, DGN, and G2ANet. The experimental results show that SAGA achieves reward
values of 390 and 1100 in small-scale and large-scale scenarios, and outperforms the best-
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performing baseline algorithm by more than 20% across all operational performance met-
rics. Generalization experiments validate the model’s robust transfer capability under un-
known defense deployment modes. Ablation experiments further confirmed the individ-
ual contributions of the three components. This study provides an innovative and effec-
tive method for mission planning of heterogeneous multi-UAV systems in partially ob-
servable adversarial environments.

Keywords: multi-UAV; mission planning; air-to-ground mission; SAGA

1. Introduction

With the rapid advancement of unmanned aerial vehicle (UAV) technologies, multi-
UAV collaborative operations have emerged as a transformative paradigm in modern mil-
itary applications. Compared with single-UAV missions, multi-UAV systems offer signif-
icant advantages in mission efficiency, survivability, and operational flexibility through
collaborated mission planning and information sharing [1,2]. Among various multi-UAV
mission types, the air-to-ground mission represents one of the most challenging and sig-
nificant scenarios, in which a heterogeneous UAV team must collaboratively neutralize
surface-to-air missile (SAM) sites to clear safe corridors for subsequent operations [3]. The
heterogeneity of the UAV team, which typically consists of reconnaissance, strike, and
electronic-warfare platforms with complementary capabilities, further compounds the co-
ordination complexity [4].

The air-to-ground mission poses several fundamental challenges that distinguish it
from generic multi-agent collaboration problems. First, each UAV operates under partial
observability, its onboard sensors provide only a limited view of the battlefield, and other
information must be acquired through inter-UAV communication. Second, the heteroge-
neous UAV team demands collaboration based on mission roles; however, different UAVs
form a tightly coupled, sequential dependency chain, making collaboration strategies for
homogeneous formations unsuitable. Third, communication in contested environments is
severely constrained, requiring agents to selectively transmit only mission-critical infor-
mation rather than flooding the network with redundant messages [5]. These challenges
call for a decision-making framework that simultaneously addresses partial observability,
heterogeneous role collaboration, and communication efficiency in a unified architecture.

Methods widely used to solve UAV mission planning have relied on mathematical
optimization [6] and game-theoretic formulations [7]. Optimization-based methods, such
as mixed-integer linear programming (MILP) and heuristic search algorithms, can pro-
duce high-quality plans for small-scale, static scenarios but suffer from the curse of di-
mensionality as the number of agents and targets grows. Game-theoretic approaches, in-
cluding differential games and stochastic games, provide principled frameworks for ad-
versarial reasoning but typically require accurate opponent models and simplified state
representations that are difficult to obtain in realistic battlefield environments. More fun-
damentally, both paradigms assume centralized computation with full state knowledge,
making them ill-suited for the decentralized, partially observable nature of real operations
[8].

Recent advances in deep reinforcement learning (DRL) have opened new avenues
for autonomous decision-making in complex sequential tasks [9]. The extension of DRL
to multi-agent settings —multi-agent reinforcement learning (MARL)—has demonstrated
remarkable success in cooperative and competitive scenarios, from StarCraft Il microman-
agement to autonomous driving [10,11]. The centralized training with decentralized exe-
cution (CTDE) paradigm enables agents to access global information during training
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while relying solely on local observations during execution [12]. Representative CTDE al-
gorithms include MADDPG [13], which extends the actor—critic framework to multi-agent
domains; QMIX [14], which factorizes the joint action-value function under a monotonic-
ity constraint; and MAPPO [15], which adapts the highly successful proximal policy opti-
mization (PPO) algorithm to multi-agent settings with demonstrated state-of-the-art per-
formance across a range of cooperative benchmarks.

Despite these advances, directly applying existing CTDE algorithms to the heteroge-
neous multi-UAV air-to-ground mission planning problem reveals several critical limita-
tions:

(I) Most MARL algorithms assume either fully independent agents with no explicit com-
munication, or fully connected communication graphs where every agent broadcasts
to all others [16]. The former fails to exploit the information-sharing potential of net-
worked UAVs, while the latter generates a large number of irrelevant messages.

(2) Standard MARL policy networks, typically implemented as shared multi-layer per-
ceptron (MLP), lack the relational inductive bias needed to model the rich interaction
patterns among heterogeneous agents [17]. Graph neural networks (GNNSs), by rep-
resenting agents as nodes and communication links as edges in a dynamic graph,
offer a natural framework for learning relational representations in multi-agent sys-
tems [18]. However, the integration of GNNs with learnable, sparse communication
topologies in the context of heterogeneous multi-UAV air-to-ground mission plan-
ning remains largely unexplored.

To address these gaps, we propose a sparse attention graph architecture (SAGA) for
heterogeneous multi-UAV air-to-ground mission planning. SAGA integrates three com-
ponents within MAPPO: (1) a GATv2-based graph neural network encoder that performs
multi-round distributed consensus via multi-head attention over the inter-UAV commu-
nication graph, enabling each agent to selectively aggregate tactical information from its
communication neighbors; (2) an edge predictor, jointly trained with the policy, that
learns to prune low-value communication links and generate a sparse, task-adaptive com-
munication topology; and (3) an L1 sparsity penalty on the predicted edge probabilities
that explicitly incentivizes communication efficiency. We evaluate SAGA on a self-built
simulation environment and benchmark it against three established MARL algorithms:
MADDPG, MATD3, and QMIX. Comparisons were conducted across various scenarios to
evaluate the algorithms’ overall performance and generalizability. The results of the com-
parative experiments show that, in terms of both algorithmic performance and opera-
tional metrics, the SAGA algorithm demonstrates stable performance and significantly
outperforms all comparison benchmarks. Generalization experiments confirm that poli-
cies trained in standard scenarios transfer robustly to unseen configurations. Ablation
studies further validate the individual contributions of the three components.

The main contributions of this paper are summarized as follows:

(I) We formalize heterogeneous multi-UAV air-to-ground mission planning as a Dec-
POMDP with hybrid continuous-discrete action spaces, modeling the partial observ-
ability, role heterogeneity, and complex action constraints inherent to realistic oper-
ations.

(2) We propose SAGA, a sparse-attention graph architecture that integrates GATv2-
based graph message passing, an MLP edge predictor for learned sparse topology,
and L1 sparsity regularization into a unified MAPPO-based CTDE framework. Ad-
ditionally, a hybrid action space is designed, processed through parallel policy heads,
enabling continuous maneuver control alongside discrete tactical.

(3) Through extensive experiments, generalization experiments, and comprehensive ab-
lation experiments under simulation scenarios of varying scales and defense modes,
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we demonstrate SAGA’s superior performance and generalization capability, and the

individual contribution of each architectural component, providing actionable in-

sights for designing MARL system architectures for multi-UAV air-to-ground mis-
sion planning.

The remainder of this paper is organized as follows. Section 2 reviews related work
on mission planning and multi-agent reinforcement learning methods. Section 3 formu-
lates the heterogeneous multi-UAV air-to-ground mission planning problem as a Dec-
POMDP. Section 4 describes the system model. Section 5 presents the proposed SAGA
algorithm in detail. Section 6 reports experimental results. Section 7 concludes the paper
and discusses future research directions.

2. Related Work

Since the widespread adoption of UAVs in the military, the problem of mission plan-
ning has remained a central research topic. Research on UAV mission planning typically
focused on deterministic optimization formulations. Zhang et al. [19] used the PSO-BAS
to plan the spatial 3D route, and it effectively reduced the generated path redundancy.
While these optimization-based approaches can produce globally optimal solutions for
small instances, they rely on complete and accurate models of the operational environ-
ment and scale poorly with the number of agents and mission phases, limiting their ap-
plicability to the dynamic, partially observable conditions characteristic of real operations.
Game-theoretic methods have been explored as an alternative paradigm for UAV mission
planning. Based on the theory of non-cooperative games, Jiao et al. [20] proposed a novel
control strategy that enables UAVs to autonomously plan optimal flight trajectories while
avoiding conflicts with other UAVs. However, game-theoretic approaches generally re-
quire tractable state and action representations, which necessitates significant abstraction
of the battlespace. The assumption of rational, optimal opponent behavior may also not
hold against adaptive or unpredictable air defense operators. Furthermore, these methods
typically assume centralized computation, making them incompatible with the decentral-
ized execution requirements of multi-UAV systems operating in communication-de-
graded environments.

The application of reinforcement learning to multi-UAV scenarios has gained sub-
stantial momentum in recent years. Yang et al. [21] proposed a task-scheduling algorithm
based on reinforcement learning, which enables the UAV to adjust its task strategy auto-
matically and dynamically using its calculation of task performance efficiency. Yang et al.
[22] proposed NGASAC, a multi-UAYV cooperative search algorithm combining normal-
izing flows with multi-head graph attention, for partially observable low-altitude envi-
ronments, demonstrating improved search efficiency over non-graph-based baselines. Xu
et al. [23] introduced CaST-MASAC, which integrates causal inference and spatio-tem-
poral attention mechanisms for multi-UAV cooperative task planning, showing that
causal experience replay can accelerate policy convergence. Qie et al. [24] developed a
multi-UAV cooperative encirclement method using SA-DSM-MADDPG with dual sto-
chastic mechanisms for enhanced exploration. Zhang et al. [25] employed MADDPG for
multi-UAV cooperative air combat maneuver decisions, while Guo et al. [26] proposed a
Hierarchical Hybrid Action Proximal Policy Optimization (HHAPPO) algorithm that ad-
dresses the complex optimization challenges of the deep coupling between tactical ma-
neuvering and attack decision. A common limitation across these works is the reliance on
either fully connected communication topologies or the absence of explicit inter-agent
communication modeling, both of which are suboptimal for environments. Additionally,
most existing approaches do not address the role heterogeneity, where different UAV
types must perform qualitatively different subtasks in a coordinated temporal sequence.
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Recent work has also explored joint optimization of UAV configuration and mission
planning for suppression of enemy air defense (SEAD) scenarios. Li et al. [27] proposed a
co-optimization framework that simultaneously determines UAV type allocation and mis-
sion routes for heterogeneous SEAD operations, highlighting the coupling between plat-
form heterogeneity and mission effectiveness. Jiang et al. [28] confirmed that the current
research field of SEAD mission planning mainly faces challenges in fully simulating the
complexity of real-world scenarios and in insufficient autonomous task planning capabil-
ities. Therefore, there is an urgent need for a unified framework that can simultaneously
address the following requirements of air-to-ground missions: (i) handling partial observ-
ability through structured inter-agent communication, (ii) learning role-aware coordina-
tion strategies for heterogeneous UAV teams, and (iii) achieving communication effi-
ciency through learned sparse topology. Our work aims to fill this gap by integrating
graph-based message passing with learned communication topology into a coherent
MARL framework.

The field of MARL has witnessed rapid progress, driven by breakthroughs in deep
learning and the increasing complexity of collaborative decision-making problems. The
CTDE paradigm has emerged as a particularly effective framework for cooperative
MARL, as it mitigates the non-stationarity problem faced by independent learners while
preserving decentralized execution capability. Within this paradigm, several algorithmic
families have been established. Algorithms such as MADDPG, VDN [29] and QMIX have
achieved efficient decentralized execution while maintaining centralized value learning.
More recently, MAPPO has demonstrated that the on-policy PPO algorithm, when
properly tuned with centralized value functions and parameter sharing, achieves compet-
itive or superior performance to off-policy methods on the StarCraft II multi-agent chal-
lenge (SMAC) benchmark. MAPPO's stability, sample efficiency, and compatibility with
hybrid action spaces make it a natural choice for complex, long-horizon cooperative tasks
such as mission planning.

Graph neural networks have been increasingly adopted in MARL to capture the re-
lational structure inherent to multi-agent systems. The Deep Graph Network (DGN) [30]
was among the first to apply graph convolutional networks to multi-agent cooperation,
representing agents as graph nodes and using attention-based message passing to aggre-
gate information from neighboring agents. G2ANet [31] introduced a two-stage attention
mechanism that first identifies relevant interaction partners before performing message
aggregation; MAGIC [32] incorporated a graph attention mechanism guided by the critic’s
value function to prioritize informative messages; and DICG [33] proposed a deep implicit
coordination graph that learns dynamic, task-dependent edge structures. These works
have consistently shown that GNN-based architectures outperform MLP-based encoders
in cooperative MARL tasks by providing a stronger relational inductive bias. The graph
attention network (GAT) [34] computes attention coefficients as a single linear projection
of concatenated source-target features followed by LeakyReLU and softmax normaliza-
tion. Its improved variant GATv2 [35] introduces a more expressive joint nonlinear atten-
tion mechanism that conditions on source, target, and edge features, enabling richer inter-
agent message weighting. Our SAGA framework adopts GATv2 as the backbone GNN
encoder to leverage this enhanced attention expressiveness for heterogeneous UAV col-
laboration.

Communication learning in MARL addresses the question of what, when, and with
whom agents should communicate. Early work in this area includes CommNet [36],
which learns continuous communication vectors broadcast by all agents and aggregated
via mean pooling, and TarMAC [16], which introduces a targeted, signature-based atten-
tion mechanism for selective message reception. IC3Net [37] introduced a gating mecha-
nism that allows agents to learn when to communicate, producing sparse communication
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patterns. More recent works have focused on learning sparse communication topologies
to reduce communication overhead while preserving coordination quality. SchedNet [38]
proposed a weight-based scheduler for prioritizing agents’ messages, and 12C [5] intro-
duced an information-theoretic objective that maximizes mutual information between
communicated messages and recipients’ actions while penalizing communication fre-
quency. It is worth noting that most learned-communication MARL works focus on com-
pleting high-level collaborative missions, while adopting relatively abstract channel mod-
els for underlying wireless transmission. Orthogonally, a separate line of research concen-
trates on physical-layer resource optimization for UAV networks. These works jointly op-
timize trajectory, transmit power, beam-forming and energy-aware data collection under
realistic interference, bandwidth and energy constraints [39-41]. In addition, Ge et al. re-
viewed the importance of sampling and communication for coordination in multi-agent
systems. In real-world UAV deployment scenarios, perception updates and wireless
transmission may be asynchronous or temporarily interrupted, resulting in outdated in-
formation and a decline in cooperative performance [42].

These works have established the importance of sparse, targeted communication in
multi-agent systems, but have not been integrated with GNN-based relational reasoning
for heterogeneous team coordination. Our edge predictor, trained jointly with the policy
and regularized by an L1 sparsity penalty, builds upon this line of research by enabling
learnable, task-adaptive communication topology within a GNN-based MARL frame-
work, specifically tailored to the heterogeneous multi-UAV air-to-ground mission plan-
ning setting. In summary, while significant progress has been made in MARL algorithms,
GNN-based multi-agent architectures, and communication topology learning as separate
research threads, their integration into a unified framework for heterogeneous multi-UAV
air-to-ground mission planning remains an open challenge.

3. Problem Formulation
3.1. Dec-POMDP Model

We formalize the multi-UAV collaborative air-to-ground mission as a decentralized
partially observable Markov decision process (Dec-POMDP) defined by the tuple:

M=(s,{0}", (A}, . T.R.Z.7) M

where N denotes the number of heterogeneous UAV agents, and the UAV types include
reconnaissance, strike, and electronic warfare, denoted by the label

role; = {RECON’ STRIKE, EW} . Therefore, the total number of agents is:

N = Nggcon T Nstrike t New 2)

S is the global state space. The global state s€ S encompasses, for each UAV 1 its

.. X, Y; . . ) . .
position ( i» Y 1),alt1tude hl,fuel level f',ammumtlon count aml,stealth mode status,

k (%> Yi)

and active status; for each SAM site *, its position , active status; and for each

. X, Y
other ground target /, its position ( i ) and active status. Formally, the global state

vector is:

_ uav, uav, SAM | SAM _SAM, tgt _ tgt _tgt;
§= [xl, Yoo Mo @ggives f1 My, Agealin s X0 YT s Agctive oo X1 Y10 s Agctive e

@)

SAM;
active

uav; .
where Zactive includes the heading Vi, speed Y and survival status of UAV 7,
tgt;
is the survival status of SAM K, and Zactive s the survival status of other ground target

j

a
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O is the local observation space for agent I Each UAV receives only partial infor-

mation: its own kinematic state, sensor readings, and messages from communicating

_ acont disc
teammates within range. A= AT XA

T:SxA; X..xAy = A(S)

is the mixed action space.

is the stochastic state transition function governed by the phys-
: N
ical models. RiSXApx.xAy—>R

Z:SxAX0; x..x0y =10, 1]

is the team-shared reward function.

is the observation function:

N
Z(s,a, 01,es oN)=HZi(oi |s,a) 4)
i=1
which defines the probability of each agent receiving observation % after the system
transitions to state 5 due to joint action 4. y=099 is the discount factor.

The objective is to learn decentralized policies (a; l0;)

imize the expected cumulative team reward:

](7[1,..., ”N) = Esn, a,~7, 5,0 ~T |:z th(St/ a, ):| (5)

t=0

for each agent that max-

3.2. Mixed Action Space

_ [ ,cont _disc
a; —( i

Each UAV agent i outputs a hybrid action ) defined as continuous

cont cont
action % e[ 1],where %1 jsheadingrate ¥ (normalized to (-1, H,mapped to
o, 0.1, &3 . v; : [-1,1]
maxs Fmax1 ) - h2 o is speed change 7 (normalized to 771, mapped to

e h [-1,1]
max 7 #max] ), and 3 : desired altitude change " (normalized to 7 -4, mapped
[~Naxs B

[—a

max’ ""max ] ).

to

i tgt
gdise _ (aig , aidef’ uicomm)

tgt
comprises three heads: a7 {0, 1., M}

M

Discrete action
is target engagement selection, where 0 indicates “no target” and Lo
a*e{0,1,2, 3]

selects among

M targets. is defense mode selection, from

comm
{PASSIVE, CHAFF, JAMMER, MANEUVER} o)™ € {0, 1}

cation broadcast flag, indicating whether to transmit current state and detections to team-

is a communi-

mates.

Table 1. Defense mode enumeration.

Mode Index Description
PASSIVE 0 No active defense, relies on stealth.
CHAFF 1 Deploy chaff to confuse radar tracking.
JAMMER 2 Activate on-board jammer (EW only).
MANEUVER 3 Execute evasive maneuvering to break radar lock.

3.3. Reward Design

The reward function combines sparse event-based signals with dense shaping com-
ponents to facilitate learning in an otherwise sparse-reward domain. The sparse event re-
wards are:
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+20, ground target destroyed
Wl +50, SAM destroyed
T +15, coordinated strike (EW within 1Km of target at time of engagement)
-100, UAV dystroyed by SAM

(6)

Dense shaping rewards consist of proximity bonus, SAM danger penalty and per-
step penalty, where proximity bonus is a weak signal encouraging agents to close distance
toward the nearest active target:

riPrOX ~Boron .{1_min(@,2jjl ﬁpmx =0.001 (7)

sensor

where “nearest i the minimum Euclidean distance from UAV 1 to any active target, and

1. .
sensor jg the UAV’s sensor range.

SAM danger penalty penalizes each UAV for being inside any SAM’s engagement
range:

danger __ dclosest_SAM SAM,k _
7 - _ﬂdanger 11= RSAM “Aactive 7 :Bdanger =0.01 8)
engage
SAM

SAM k 1, dclosest_SAM < Rengage

a. .= 9)
active d S RS AM (
7 “closest_SAM engage

where ‘cosest SAM g the distance from UAV i to the nearest SAM that has brought the
SAM

UAV 1 within engagement range. = "85 is the shoot range of SAM.
Per-step penalty is 7y, =—0.01, incentivizing mission efficiency and discouraging

loitering. The total per-agent reward at each timestep is:

7= riklll _H,iprox +

danger
i 5T Hlep (10)

4. System Model

Figure 1 illustrates a conceptual diagram of an air-to-ground mission, in which the
defending force uses SAMs to protect ground targets; the blue circle represents the SAM
radar detection range and the red circle represents the SAM engagement range. The UAV
swarm consists of reconnaissance, strike, and electronic-warfare UAVs. The reconnais-
sance UAVs are responsible for detecting SAMs and ground targets; the electronic-war-
fare UAVs are responsible for jamming SAM radars to ensure the safe entry of strike UAVs
into the area; and the strike UAVs are responsible for destroying SAMs and ground tar-
gets. Explanations of the relevant symbols are provided in Appendix A.

RECON UAY

<
STRIKE UAY
Y . ——— %
\ ~ < & & %
oV Ewuay -
- -
N -.
> I—— Gzt
. <& >
& saM se

‘Y‘. RECON UAV

Figure 1. Conceptual diagram of an air-to-ground mission. The blue circles indicate the detection

range of SAM radars, and the red circles indicate the range of the SAMs.
https://doi.org/10.3390/drones10090687
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4.1. Battlefield Environment

The battlefield environment is defined over a field of dimensions
6000 m x6000 mx15000 m . All UAVs are generated at the origin, with positions uni-
formly distributed on one of the four edges. Initial heading is uniformly random in

[0,2m) .SAM sites are deployed in a ring around the center of the battlefield. For K SAM

sites, the base angular position of the SAM k is:
27k

g =St & ~U(-0.2,0.2)rad (11)
pAM = (g, gj Resrl’zgl\a/[ge .(cos 6-*¢, sin 49,:’359) (12)
SAM
where = "6%° s the SAM shoot range. Ground targets are randomly placed within a ra-
dius Ry =2 Km around the center.

4.2. UAV Kinematics Model
Each UAV is modeled as a 3-DOF point mass with constrained dynamics. The state
variables include 2D position, Yi and Yi (m), heading angle v (rad), speed U (m/s),

altitude " (m) and B is the planar position update. The discrete-time kinematic update
with timestep At=1.0s is:

Viv = Wrap(l//t + 5y/ * Ormax ’At) (13)
Oy = Clip(vt + 61) “Amax -At, Umin s vmax) (14)
ht+1 = Chp(ht +5h 'v::nliamxb -At, hmin' hmax) (15)
. T
pt+1 = Pt TV '[COS Vitr, SID V/Hl] -Af (16)
where 6, J,, 6, € [-1, 1] are the normalized control inputs, provided by the policy net-
work, wrap() normalizes the angle to -7, 7] , and clip() enforces the physical
bounds. #max is the maximum yaw angular velocity, fmax is the maximum horizontal

acceleration, Umin and Ymax are the minimum and maximum horizontal velocities,
o . . h. h .. .
cimb  jg the maximum climb rate, and "min and "max are the minimum and maximum

flight altitudes.

4.3. Radar Sensor Model

Each UAV is equipped with a radar for ground target detection. The on-board radar

parameters are frequency f=10GHz wavelength A=c/f=003m

, peak transmit
power P =5000W antenna gain G =30, and noise figure F=5 The maximum detec-

tion range for a target with RCS 9 is computed using the standard radar range equation:
1/4
PG*A*c
Rmax (O-) = 3
(47)” kT,BF -SNR

T, =290 K

(17)

k=1.38x10"2 J/K

where is Boltzmann’s constant, is standard noise tem-
perature, B=1MHz jg the receiver bandwidth, and SNR =13 dB g the minimum de-
tectable signal-to-noise ratio. The probability of detection at range R follows:

Pdmax

falR, 0)= 1+(R/ Ry (0))

(18)
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max __
with B =095 . When a detection occurs, the radar provides range and RCS estimates

corrupted by multiplicative gaussian noise scaled by the normalized range:
R=R-(1+1ng).nr ~N(0,0.05-R/R,,.) (19)

N

o=0-(1+n,),n, ~N(0,0.1) (20)

4.4. Radar Warning Receiver (RWR)

Each UAV carries a passive radar warning receiver (RWR) that detects SAM radar

emissions. The RWR can detect radar signals at 1.5 times the SAM’s own radar range. For
SAM .
each SAM Kk with radar range Rradar ,the RWR on UAV ! atdistance i detects emis-

sions if:

dy < R3SM =15 (21)

i adar “ Tewr > Thewr
For each detected emission, the RWR reports:

(1) Azimuth of the radiation source:
G =arctan2 (y; —y;, X — ;) (22)
(2) Threatlevelon [0, 1]:

0.7 +0.3- (1= dy / Rygrect ) A < R

engage

threat; =10.3+0.4-(1-dy / Ryetect )> Rome < dye < RO (23)

engage — radar
0.1+0.2-(1~dy / Ryerect ) A > Roor

adar

Rierect = Rexiar 71
where detect adar 'frwr js the RWR detection range.

The aggregate risk score for UAV i combines all RWR signals:

risk; =min| »"[60-4 +40- threat,;, |, 100 (24)

in_engage
sig

1 SAM
ainﬁengage - 1' if dik < Rengage

where , for any signal. The score is capped at 100. A UAV
within the kill range of a SAM poses a more critical and lethal threat; therefore, it is as-
signed a higher weight of 60. The cumulative threat index output by the radar warning

receiver represents secondary threat information and is assigned a weight of 40. The

risk; >65 125 been manually calibrated to ensure that stealth mode is activated before
the risk value reaches the upper limit of 100, thereby reserving a margin of response for
other defensive measures.

4.5. SAM Site Model
SAM sites represent the primary threat to UAVs. The SAM radar detects UAV 7 at

distance % with current RCS ¥ using an RCS-scaled effective range:

O',
Regs = Roncar - 4—— (25)

radar
max
RSAM
where “'radar jgthe detection range of the SAM radar when the UAV has maximum RCS

O,

max

RSAM

Detection is successful if dy < Reff. If di exceeds " radar detection fails. For inter-

SAM
g <dj <

mediate cases (Re adar) there is a 10% false alarm probability.
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jam

When an EW UAV with jamming power
fective radar detection range is reduced by the jammer-to-signal ratio:

is within the jamming range, the ef-

/S
o =R 'max(o'l’ 1‘]3—odBJ 26)

the floor of 0.1 ensures that even under heavy jamming, close-range detections remain
possible. The jammer-to-signal ratio is computed:

2
Pjam . Rradarfdist

/S= 27
] PtSAM Rjzam_dist ( )
]/ Sqs =10log(max(1/s, 107°)) (28)

where Riadar.ais is the distance from the SAM to the targeted UAV, and Riam._aist is the

distance from the SAM to the EW UAV that is suppressing this SAM. If ]/Sqp >3 dB , the
radar is considered jammed and detection fails entirely.
Once detected, the SAM maintains a track on UAV ¢ with quality:
2
di : i
Qtrack = Qyrack - Max [O' 1- ( Rfa%l;/{‘ ] ‘min [1’ O j (29)

Track quality decays by 0.1 per step when the target leaves radar range:
Qtrack « maX(O’ Qtrack _01) (30)

The SAM fires a missile when all of the following conditions are met:
(1) Cooldown counter ¢, =0.
(2) Distance dj <RI

(3) Track quality Q4 =0.3.
The probability of a kill is:

di
b= Pkbase 'Qtrack “exp _TkM (31)
Rengage
u~U(0,1)

determines the outcome: the UAV is shot
Ck = C

A uniform random draw

down if #< Py . After firing, the SAM sets
engage procedure.

max  Figure 2 shows the complete SAM
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The SAM radar begins scanning

Calcuiate range Reff
Target detection failed
Doy e e e " o By
effective, and radar disabled
N%
Calculate Rmx, determine whether e Targetcetection faed ‘

target distance s greater than Rmax Target exceeds Rmax

N%
Determine whetner the target distance is Probabily of faise alarm
greater than Refl less than Rmax — ¥ 10%

¥

Calculate Tracking Quality Qirack

|

v
(ck=0) to finish.
N}
NE
requirements are met (Qtrack< 0.3) R Insufficient tracking quality
Nf
Missile launch and calculate Pk

Random Determination Pk

Figure 2. The complete SAM engage procedure.

4.6. Inter-UAV Communication Model

Communication between UAVs is modeled as a distance-dependent link quality

. 4
graph. For any pair of active UAVs (i1, 72) separated by distance ":

1,4 =1,
Qii, =90, d;;, > Rigm (32)
2
V1+(d Jdy) ) ds, < R

dy =0.3- R

RIax . R . .
where “comm s the maximum communication range and comm s the distance

at which link quality drops to 0.5.

comm __

When a UAV broadcasts, discrete action a; , it transmits a message contain-
ing:

Dldetect

msg; ={uid, B, y;, v, h, role;, , ami,fi} (33)

where #id is used to identify which UAV the information comes from; it is the UAV’s
detect
unique identifier. ¢ is the set of target IDs currently detected by on-board radar on

UAV 1. A message from sender i to receiver 2 is dropped with probability:

&mp:nm{3ﬁ$+o5(1—QMJ,o9Q (34)
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base __
where 9 7 and messages over low-quality links fail with up to 95% probability.
5. Proposed Method

In this section, we will provide a detailed explanation of the SAGA, including its
architectural design and training process.

5.1. CTDE Architecture

The CTDE architecture separates the learning paradigm into two phases. During cen-

. . e V(s 1
tralized training, a critic network ¢ (s) observes the complete global state $, providing
accurate value estimates that account for the full multi-agent state. During decentralized

execution, each UAV i relies solely on its local observation % through a shared-param-
7y (a; | o
eter actor "¢ (a; 0;) . Actor parameters 0 are shared across all agents regardless of role.

The critic is discarded at execution time, and each UAV acts purely on local information.
The architecture is illustrated in Figure 3.

Actor network

Replay buffer
Shared parameters

PPO loss
Lo (0:9)= £(0) + M £ () + By
52

SEAD Environment

MAPPO update
St K=5 Epochs  B=4 minibatches  clip £-02  leaming rate=10""

J
[ A::ﬁ’::i (1-d7) }
\
J

Tow, Kmnea=

.

Execution phase (decentralized)

Figure 3. SAGA’s CTDE architecture.

At training time, it is possible to access observations from all UAVs. However, during
decentralized execution, there exists no central entity that collects raw observations from
every UAV. Each UAV only has access to its own local observation. The node embeddings
of neighboring teammates are obtained by receiving communication messages. Each UAV
encodes its local observation into a node embedding vector, which is transmitted to team-

comm — 1

i . Each UAV then performs local GATv2 attention and edge predic-
tor computation using its self-produced embedding together with embeddings received

a
mates when

from communication neighbors.

5.2. GNN-Enhanced Actor Network

To enable implicit coordination through learned graph reasoning, we employ a graph
neural network encoder built on GATv2 convolutions. The observation-to-latent pipeline
proceeds in three stages: observation encoding, GATv2 message passing, and learned
edge prediction. The complete actor network architecture is illustrated in Figure 4.
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Stage 1: Observation encoding

Recon UAY Stike UAV W OAY
Role [100] Role  1000] Roe  l001]
%) Position  (x-1)

Position  (x-31)
Altitude Altitude Altiude
Fuel level Fuellevel Fuellevel

Stealth
Active

Stage 2: GATv2 message passing

GATVZ Layer 2

H=4 =32

1853253251515 P, (01) Stage 3: Edge mam.,r}

Training: Straight Through Gumbel Estimator
Inference: hard threshold 0.5

Stage 4: Mixed action distribution heads
Latent representation

| l

Continuous Target

ea

Linear 643
Orthogonal init t
(gain = 0.01) (gain=0.01)

Figure 4. SAGA’s actor network architecture.

5.2.1. Observation Encoding

Each UAV’s raw observation % isindependently projected to an initial node feature
vector through the MLP:

xz('O) = MLPobs (oi ) € R64 (35)

where all layers use ReLU activation and orthogonal weight initialization with gain V2 .
This encoding maps each UAV’s heterogeneous sensor and communication data into a
compact representation suitable for graph-based reasoning.

5.2.2. GATv2 Message Passing

We use the GATv2 convolution, which computes attention as a joint nonlinear func-
tion of source node, destination node, and edge features, thereby avoiding the static at-
tention limitation of the original GAT. Two message-passing layers are stacked, each cor-
responding to one round of distributed consensus, and operates on the communication

graph G=(V,E) .
For each GNN layer, te {12} with H =4 attention heads and per-head dimension
dy=064/H =16 16 source and destination projections are:
Xg)c _ Ws(rlc)x(l—l) < PxHxd, , xgls)t _ W(gi)tx(l_l) < RNxHxd, (36)

() ()

where "'si¢ and "9t are the learnable projection weight matrices for the source and
destination nodes. Edge feature projection is:

) Wl

iyip edge

e R4 (37)

iliZ
The GATv2 attention score for edge '1 7% s calculated jointly using the concate-
nated source, destination, and edge features:

o :softmaxizeN(il) (LeakyReLUO'2 (u(l) Y +{/1£115)t -xggtliz +al) el )) (38)

iyiy Src “Usre,i edge “ii,
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(U ORE0) ol
srer Adsts aedge eR

where are learnable attention vectors representing the attention

scores for the source node features, destination node features, and edge features. Addi-

tionally, the sum is over the last dimension 4 after the element-wise product, yielding
per-head scalar scores. The softmax is applied per destination node over all incoming
edges.

Node features are updated via multi-head aggregation with residual connection and
LayerNorm:

I iyl

L) " H=4 ziZEN(il) o 'Wv(la)fh xlqzl) c RH (39)

1),h
where " denotes concatenation across H heads, WV(")I is the learnable weight matrix for
0 .

the value matrix, and " is the input feature vector of node "2 in layer !. Each GNN
layer thus corresponds to one round of distributed consensus: nodes aggregate infor-
mation from communication neighbors weighted by learned attention, update their rep-
resentations, and normalize through LayerNorm. Output projection with residual connec-
tion is:

xfll) =LayerNorm (ReLU (Wéfl)txflm) ) + xl(ll_l) ) (40)

Wi : N .

where "out jsthe learnable linear projection weight matrix for the output branch, nodes
aggregate information from their communication neighbors, where the weight of this in-
formation is determined by learned attention parameters, update their representations,

and pass them forward.

5.2.3. Edge Predictor

While the physical communication graph provides the base connectivity structure,
not all physically possible links are equally valuable for coordination. An auxiliary edge
predictor module learns which UAV pairs should actively communicate, enabling sparse
and efficient message passing. The predicted score is:

Log;; =MLP,q, (xg’) |

% ) (41)

b

MLP
where e8¢ has structure 128 — 32 — 32 — 1 with ReL U activations. The probability
of an edge existing is:

Log; ;
pzige - o-( Twz J (42)
where 7 isa temperature parameter and © is the sigmoid function. Self-loops are fixed
pedse =10
at ~ " to ensure self-updating. During training, edges are sampled via straight-

through estimation, a small noise €~ U(O’O'l) is added, and edges are binarized at

threshold 0.5, but gradients flow through the continuous probabilities. During inference,
hard thresholding at 0.5 is used. The predicted topology filters the physical communica-
tion graph, enabling the GNN to route messages through the most informative links.
The edge predictor is trained with an L1 sparsity penalty to incentivize communica-
tion efficiency:
Ve _ 1 i Z edge
sparse N(N _1) e L piliz (43)
1 271
The edge predictor generates a logical intended communication topology, which se-

lects which UAV pairs are supposed to exchange tactical information. This logical inten-
tion cannot guarantee successful physical delivery. After logical edge selection, actual
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message transmission is still subject to physical link-quality rules in Equation (34). Even
for an active predicted logical edge ) , the transmitted message can still be dropped

P
with probability ~ 9P . If physical dropping occurs, no information is received by UAV

/', and this edge contributes nothing to GATv2 message passing in the current timestep.
The learned sparse topology only reduces the set of intended communication partners; it
cannot eliminate physical-layer packet loss.

In the current implementation, physical edges from the communication graph serve
as the base topology, and the learned edges provide augmentation. The edge predictor
produces NXN edge masks that are merged with the physical graph structure. The ar-
chitecture of the edge predictor is shown in Figure 5.

Edge predictor MLP

Linear (128.32) + ReLU
¥

Linear (32.32) + ReLU
¥

Linear (32,1) + ReLU
¥

Temperature scaling 7

Node embedding

Figure 5. Architecture of the edge predictor.

5.3. Mixed Action Distribution and Output Heads
0 ¢ R4

From the latent representation ™ , four output heads produce a mixed con-
tinuous—discrete action distribution. All linear layers in the action heads use orthogonal
initialization with a gain of 0.01 and zero biases, ensuring small initial action magnitudes
for cautious exploration.

The continuous head uses a Tanh-squashed Gaussian distribution with state-depend-
ent mean and globally shared learnable log-standard-deviation. The mean vector of the
Gaussian distribution of the consecutive actions of the UAV I is:

l 3x64
u; =W,x\) +b,, W, e R (44)
logo e R® (45)

where Wy is the learnable weight matrix that generates the mean, with log-standard-

logo =0 and constraints logoe [_20’ 2]

deviation , providing broad initial exploration

that contracts as training progresses. The continuous action is sampled via reparameteri-
zation and Tanh squashing;:

u; ~ N(ﬂi,diag(dz)), ai®™ = tanh (u; ) (46)
The log-probability includes the change-of-variables correction term:
3
log7(a;|0;)= Z[IOgN(”i, . |,ul-,c,of)—log(l—tanh2 (u,-,c))} (47)
c=1

where, for numerical stability, the correction is implemented as:

3
logz(a;|o;)= log/\f(ui | u:, 6° ) —Z(2log2 —2u;  —2-softplus(—2u; , )) (48)
c=1
Discrete heads are represented by three independent categorical distributions, one
per discrete action head:

ﬂ(afgt = Qigt | oi) = softmax(thtxi +byg ), Sigt €10, 1,..., M} (49)
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7 (H?Ef = 8de | 01') = softmax (WieeX; +baer ) 8aet € {0, 1, 2, 3} (50)
ﬂ.(aicomm = &comm | 0; ) = sOftlnax(I/vcommxi +bcomm)’ 8comm € {O’ 1} (51)

loglr(ui | x

(0

i

) =108 7eont (uz

Total log-probability and entropy: The mixed distribution’s log-probability and en-
tropy are the sum of continuous and discrete components:

(8commn) (52)

cont commn

| x(l)) + IOgﬂitgt (8tgt> + logﬂflef (8der) +log]

H(”l) = Hcont (ﬂ'i ) +Htgt (ﬂ'i ) +Hdef (ﬂ'i ) +Hc0mmn (ﬂi) (53)

where Heont approximates the Tanh-squashed Gaussian entropy with the base Gaussian

entropy:

3 1 3 3
Heyp = Zczli(lﬂog%{af )= > (1+log2r) + Y. logo, (54)

When initializing the weights, all action head linear layers use orthogonal initializa-
tion with gain of 0.01 and zero biases. The small gain ensures initial near-zero action
means, promoting cautious exploration. The continuous log-std parameter is initialized at
0, providing broad initial exploration that contracts as training progresses.

5.4. Centralized Critic Network

In the CTDE paradigm, the critic network provides a centralized value function Ve
that estimates the expected return from the global states. By conditioning on the full multi-
agent state, the critic overcomes the partial observability that individual agents face dur-
ing execution, yielding accurate value estimates for advantage computation. The critic is
used exclusively during training; at execution time it is discarded entirely. The complete
critic network architecture is illustrated in Figure 6.

Global state
s

d=T Ny + &K + 3-M

rcr 9y
UAVoaes SAMstates  target sates

Position Alt Active Fuel Ammo Stealth Cooldown

R 2,
Linear
d, —>128
ReLU
Orthogonal init ~ gain=v2.

S 2

Linear

128 — 64
ReLU
Orthogonal init gain:ﬁ

S S

Linear

64 — 32

ReLU
Orthogonal init gain=v2

S

Linear
321

Orthogonal init ~ gain=1.0

State value

V(s)

Figure 6. SAGA’s critic network architecture.

The critic network estimates the state value from the global state. The architecture is
a 4-layer MLP with monotonically decreasing widths:
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nY = ReLU(W(l)s +p ) d, —>128 (55)
n? = ReLU(w<2>h(1) +b? ) 128 — 128 (56)
h®) = ReLU(W(3>h(2) +b® ) 128 — 64 (57)
V, (s)=WRO 59 64 51 (58)

Orthogonal initialization with gain V2 s used for all layers except the final layer
(gain 1.0), and all biases are initialized to zero. The critic is only used during centralized

training and is not required for decentralized execution. The global state dimension d;
depends on the scenario configuration:
dg= 7N + 3K + 3M (59)

UAV states SAM states target states

where each UAV contributes 7 features, each SAM contributes 3 features, and each target
contributes 3 features.

5.5. Training Algorithm

The training of the proposed MARL framework follows the centralized training with
decentralized execution (CTDE) paradigm. During centralized training, a global critic net-
work has access to the full multi-agent state and guides the policy improvement of all
UAV agents, while each agent’s actor network conditions only on its local observation—
preserving full decentralization at execution time. The training procedure is built upon
the Multi-Agent Proximal Policy Optimization (MAPPO) algorithm and alternates be-
tween two phases: rollout collection using the current stochastic policy, and policy im-
provement via PPO clipped surrogate updates on the collected trajectories. The complete
procedure is formalized in Algorithm 1. A theoretical analysis of algorithm time complex-
ity is provided in Appendix B.

Algorithm 1: SAGA Algorithm
1: Initialize actor 7, , critic V¢(s) with orthogonal init; rollout buffer

B « & (capacity T)
2: for iteration=1, 2, ... do

for t=0 to T-1 do
Sample global state s,; update graph G,, extract edge indices E,

Sample a, ~7,(-|0,, G,) viaforward_graph ()

Store (s, E;, 0,, a;,1logmy, 1, d,) in B

4
5
6: Execute a, ;receive 1, 0,.,, d,
7
8: end for

9: Compute V viabatched forward pass
10: for i=1 to N do

11:  Compute &, A} viaGAE; G| =A]+V,(s))

12: end for

13: 6,4« 0

14: for epoch=1 to K do

15: Shuffle T timesteps; partition into B minibatches (graph preserved per
timestep)

16: for each minibatch do

17: Reconstruct E, from buffer; Amrm =A-u 1/04 +107®
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18: Compute £, (6), Lc(), Loparse

19: Liotal (0' ¢) =Ly (0) Fatue L (¢) + ’Csparse

20: Update 6, ¢ via Adam; clip gradients to max norm 0.5
21: end for

22: end for

23: end for

5.5.1. Objective and Rollout Collection

Under the CTDE framework, the objective is to maximize the expected cumulative
discounted return over an episode of length T':

J(8)=E¢ {Ti %rt} (60)

&=(80, 09, @y, Toeees S7_1, O7_1, A7y, r_1)

where denotes the trajectory sampled under the
— N _ 1 N
joint policy 76 =762 o for N UAV agents, 5t is the global state, % =07+ 0t jg
_ 1 N
the joint observation, G = B s the joint action, " is the shared team reward, and

7 is the discount factor.
At each training iteration, a rollout of T consecutive timesteps is collected using the

current policy 7 . For each timestep ! = 0, 1., T-1

, the following steps are executed:

1. Global state capture: The global state s, is sampled from the environment before
actions are taken, ensuring that s, is the state upon which the subsequent actions
are conditioned.

2. Communication graph update. The inter-UAV communication graph G, =(V,, E,)

is refreshed based on current UAV positions and active communication masks. The
edge indices and edge attributes at timestep ¢ are extracted and stored for subse-
quent GNN-based processing during PPO updates.

3. Action sampling. Actions are sampled from the stochastic policy. All N agents’ ob-
servations are stacked into a batch tensor and processed jointly through the graph-
based actor forward pass with the current graph structure G,, producing correlated
actions for all agents in a single forward pass.

4. Environment step. The joint action a, is executed in the environment, yielding the
next joint observation o,_;, the shared reward 7, and per-agent termination flags
d,.

5. Buffer storage. All time steps f, the global state s, , joint observation o, , joint action
a, , action log-probabilities, reward 7, termination flags d,, as well as graph edge

indices and attributes, are stored in a pre-allocated rollout buffer of capacity T .

5.5.2. Generalized Advantage Estimation (GAE)

Per-agent advantages are computed using Generalized Advantage Estimation (GAE)
in reverse chronological order. For each agent ! and each timestep f€ 0rs T=1 the

temporal-difference (TD) error is defined as:
5;:”t+7‘V¢>(5t+1)'(1_df)_v¢(5t) (61)
i . _qi
where % is the termination flag for agent ! at timestep f, and the term 1=di ensures

that the bootstrap value from the subsequent state is excluded when the episode has ter-
minated.
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The GAE advantage is computed by accumulating TD errors with exponential decay
controlled by the GAE parameter:

Al =8+ Al -(1-d)) (62)
The value target for each agent-timestep sample is then constructed by adding the
baseline value back to the advantage:

Gl = A +V,(s) (63)

B
This decomposition separates the training signals, the advantage A , which is used
for policy optimization to measure how well an action performs relative to expected re-

i
turns, and the return Gf, which serves as the regression target for the critic network.

5.5.3. PPO Policy and Value Optimization

The collected rollout of NXT  agent-timestep samples is used for K epochs of
PPO updates, with B minibatches per epoch.

The policy ¢ is updated by minimizing the clipped surrogate objective, following

i
the PPO formulation. Let ** (6) denote the importance sampling ratio between the cur-

rent and old policies for agent ¢ at timestep f:
pi (8)=exp(logry (ail of)~log,, (af |o})) (64)

To stabilize training across episodes with varying reward magnitudes, the per-agent
advantages are z-score normalized within each minibatch:
. A-p,
A - "A 65
o, 41078 (©9)

. fo
where Ha and 4 are, respectively, the mean and standard deviation of the ad-

-8
vantages within the current minibatch, and the small constant 10" prevents division by
zero. The actor loss is then defined as:

L,(6)= —E[min(p;' (6) Avormn clip(0} (8), 1€, 1+€)- Anmy )]—nem ~E[H(7r9(- | of)ﬂ (66)

where € is the PPO clipping parameter that limits the magnitude of policy updates by

. . . . . 1-&l+e .
constraining the importance sampling ratio to the interval [ ], Mlent.is the en-

tropy bonus coefficient that encourages exploration by penalizing over-confident policies,
o (1of)

distribution.

and denotes the policy entropy computed analytically from the Gaussian

The centralized value function Ve is trained with a clipped value loss applied to z-

score normalized returns. For a minibatch of size M containing returns {Gi- G} ,
the normalization is:
~ G-
G= e (67)
96
~ V,(s)-
V= 5 (s)—tc 68)
0g
~ Vi (s)—
= L ) te (69)
e

where #¢ and %G are the mean and standard deviation of the returns in the current

minibatch. The same normalization transform is applied to the predicted values Vo (s)
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V%ld (S)

and the old values , ensuring that the clipping operation between V and Voud

are applied to the deviation of the normalized value relative to the clip Vo (s) bound €.
The critic loss is:

L (¢) = %E[max((? —é)z , (Clip(V, Vold —-g, Vold +€)—é)2 ﬂ (70)

Both actor and critic parameters are updated using the Adam optimizer with learning

n= 1x107* L,-norm

rate . Gradients are clipped to a maximum of 0.5 to prevent desta-

bilizing updates from outlier samples. The approximate KL divergence is:
Dy =E[p-1-logp] (71)
The total gradient update for the GNN mode combines the actor loss, critic loss, and
sparsity penalty:
Lrotat (6, 0) = L4 (0)+ Matue L (8)+ Liparse (72)

=0.5

where value is the value loss coefficient that balances the relative contribution of

Sparse

policy and value optimization. is the L1 sparsity penalty in Equation (43).

6. Experiments
6.1. Experimental Environment and Parameter Configuration

To validate the effectiveness of the proposed method, a reinforcement learning train-
ing simulation environment for multi-UAV air-to-ground mission planning was built us-
ing PyCharm 2024.3.3. The deep learning framework and version used were torch 2.7.1.
The simulation scenarios, weapon models, and parameters used were all virtually con-
structed and do not reflect any real-world conditions. The hardware configuration con-
sisted of a Windows 10 system equipped with an Intel® Core™ i7-14700 CPU (2.10 GHz),
32 GB of RAM, and an NVIDIA RTX 4060 graphics card. The model parameters and train-
ing hyperparameters are shown in Tables 2 and 3.

Table 2. Model parameter configuration. (— —) indicates that the model does not have this param-
eter.

Parameter RECON UAV STRIKEUAV EW UAV SAM  Ground Target

Umax 76.2 m/s 76.2 m/s 76.2 m/s —— ——
Umin 12.2 m/s 12.2 m/s 12.2 m/s —— ——
B ax 4572 m 4572 m 4572 m —— ——
Bonin 152 m 152 m 152 m —— ——
Dy ax 0.5236 rad/s 0.5236 rad/s  0.5236 rad/s —— ——
Ui 15.4 m/s 15.4 m/s 15.4 m/s —— ——
Amax 15.2 m/s? 15.2 m/s? 15.2 m/s? —— ——
o; 0.05 m? 0.05 m? 0.05 m?2 10 m2 3 m?

O hax 2 m? 2 m2 2 m2 10 m2 3 m?2
f; 100 100 100 —— ——
R 2000 m 2000 m 2000 m —— ——
RAM —— —— —— 1500 m ——
R — — — 1200 m ——
am; - 5 - - __
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Pjam - -_ 150 w —_ —_
PtSAM —— —— —— 5 kw ——
ppase —— —— —— 0.7 ——
Table 3. Training hyperparameter configuration.
Hyperparameter Values
Learning rate 1x10+
Steps per episode 120
Batch size 64
Discount factor 0.99
Clip range 0.2
Entropy Regularization Coefficient 0.01
GAE parameter 0.95

6.2. Comparison of Algorithm Performance

To comprehensively evaluate the performance of the algorithm proposed in this pa-

per, we compared it with the multi-agent reinforcement learning baseline algorithms
MADDPG, MATD3, QMIX, MAPPO, TarMAC, DGN and G2ANet. It should be noted that
we discretize continuous maneuver dimensions into finite action bins as a standard wrap-
per, while discrete tactical outputs remain unchanged. This pre-processing is required to
fit QMIX’s monotonic value-mixing network. To ensure a fair comparison, all experiments
were conducted under identical training and testing conditions. We constructed a typical
mission scenario. To verify the adaptability of our method across scenarios of different

scales, we specifically designed both small-scale and large-scale scenarios, with the enti-

ties and their configurations shown in Table 4 and Figure 7.

. A
A
* A *
" . o M A
*
aom . " . Oy
A
E0 Ae e .
* A A A
I .
A A
A ® A o A
. A A . 3
’ o & A
= =
Xim X
(@ (b)

Figure 7. Schematic diagrams of small-scale and large-scale scenarios. (a) Small-scale. (b) Large-

scale. The red circles indicate the range of the SAMs.

Table 4. Configuration of the number of entities.

Scenarios RECON UAV STRIKEUAV EWUAV SAM Ground Target
Small-scale 2 6 2 6 8
Large-scale 4 12 3 16 16
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In terms of algorithm performance, Figure 8 shows the reward convergence curves
for the four algorithms after 200,000 training iterations. The shaded area represents the
standard deviation. It can be observed that SAGA exhibits superior reward convergence
performance compared to the other algorithms: In small-scale scenarios, SAGA’s reward
rises rapidly after approximately 20,000 steps, peaks at around 390 around 70,000 steps,
then enters a stable convergence phase after 80,000 steps, ultimately achieving an average
reward of approximately 395. TarMAC performed slightly worse than SAGA, with a final
reward value of approximately 320. MADDPG, MAPPO, DGN, and G2ANet performed
similarly, with final reward values ranging from 180 to 220 and showing poor stability.
QMIX performed the worst, fluctuating consistently within the 110-180 range and failing
to learn an effective policy. In the large-scale scenario, SAGA surpassed 1000 after 25,000
steps and eventually stabilized in the 1080-1120 range, demonstrating clear convergence.
MAPPO and TarMAC perform similarly, with a reward value of approximately 990. The
reward values for all other algorithms are below 900.

Rewards
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Figure 8. Comparison of algorithm training reward curves in small-scale and large-scale scenarios.
(a) Small-scale. (b) Large-scale.

SAGA demonstrated the fastest convergence rate and the highest final reward in both
scales, primarily attributable to the GATv2 graph attention mechanism, which enables
multi-round distributed consensus via a communication graph, allowing heterogeneous
agents to coordinate efficiently. The learnable edge predictor further filters out high-value
communication links, avoiding information redundancy. Figure 9 shows a snapshot from
a simulation, illustrating the UAVs’ reconnaissance, strike, and jamming operations
against the targets.

To evaluate the operational effectiveness of these algorithms, we incorporated met-
rics such as the average number of targets lost, average number of UAVs lost, real-time
risk, and a Gantt chart showing the status of SAMs. We conducted statistical comparisons
based on 100 rounds of testing, and the results are as follows.

Figure 10 shows the average number of targets lost as seen from the perspective of
the UAVs. SAGA significantly outperformed other algorithms in both small- and large-
scale scenarios. This indicates that the strategy learned by SAGA is not only superior in
terms of reward but also far more effective in actual performance than the comparison
algorithms. It is worth noting that SAGA’s error bars are noticeably smaller than those of
other algorithms, particularly in large-scale scenarios, indicating high policy robustness
and stable performance across 100 test rounds. This demonstrates that SAGA can effec-
tively balance the two sub-missions of suppressing air defenses and striking targets,
showcasing strong coordinated capabilities.
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Figure 9. Snapshot from a simulation. The red circles indicate the range of the SAMs.
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Figure 10. The average number of targets lost in small-scale and large-scale scenarios (error bars

represent the standard deviation). (a) Small-scale. (b) Large-scale.

Figure 11 shows the average number of UAVs lost. In small-scale scenarios, the re-
sults were as follows: SAGA, about 1.2; MADDPG, about 4.6; MATD3, about 5.2; QMIX,
about 5.9, MAPPO, about 3.7; TarMAC, about 2.7; DGN, about 5.5; and G2Anet, about 6.1.
In large-scale scenarios, SAGA lost approximately 4.6 UAVs, MADDPG approximately
8.9, MATD3 approximately 9.9, QMIX approximately 11.2, MAPPO about 6.2, TarMAC
about 7.1, DGN about 10.9, and G2ANet about 8.7. The reasons are as follows: (1) the GNN
communication graph enables UAVs to share SAM threat information, allowing strike
UAVs to proactively avoid high-risk areas; and (2) the strategies learned by EW drones
and reconnaissance UAVs can indirectly provide strike UAVs with better intelligence sup-
port and a safer battlefield situation, enabling the entire formation to detect threats earlier
and respond more quickly, thereby reducing losses.
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Figure 11. The average number of UAVs lost in small-scale and large-scale scenarios (error bars

represent the standard deviation). (a) Small-scale. (b) Large-scale.

Figure 12a illustrates the real-time risk changes for UAV0-UAV9 during a single in-
ference run in a small-scale scenario. Within the first 20 steps, the risks for multiple UAVs
rapidly surged to nearly 100. This was the result of the UAVs entering the detection range
of SAM radars and the missile’s engagement range during the penetration phase. Between
steps 20 and 50, the risks fluctuate dramatically; however, each UAV is able to adopt an
appropriate defensive mode to evade threats whenever it faces high risks, resulting in a
short duration of high-risk periods. After step 70, the UAVs gradually exit the engagement
zone, and the overall risk decreases. Figure 12b illustrates the real-time risk change for
UAVs 0-18 during a single inference run in a large-scale scenario. Within the first 20 steps,
the reconnaissance UAVs were the first to be detected, causing their risk to rise rapidly;
between steps 20 and 60, the strike UAVs penetrated under EW cover, resulting in a dis-
persed risk distribution. After step 80, the risk for most UAVs drops to a low level, indi-
cating that the surviving UAVs have exited the high-risk zone. The temporal distribution
of the risk curve reflects the tactical strategy learned by SAGA.
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Figure 12. The real-time risks in large-scale and small-scale scenarios. (a) Small-scale. (b) Large-scale.

Figure 13 shows the Gantt charts of the SAM’s status, which visually demonstrates
the critical role of EW UAVs in the mission. The frequent occurrence of the purple
“JAMMED” status causes the SAM’s detection and tracking capabilities to decline and
become intermittent, and this status immediately precedes “DESTROYED.” This demon-
strates that SAGA has learned the tactical strategy of “suppression first, destruction later”.
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This temporal collaboration between roles is the core tactic of heterogeneous multi-UAVs,
validating the practical effectiveness of the algorithm proposed in this paper.

SAM_S

SAM_4

SAM_3

SAM_2

SAM_I

SAM_0

SAM_IS
SAM_14
SAM_13
SAM 12
SAM_I1
SAM_10
SAM_O
SAM_8
SAM_7
SAM_6
SAM_S
SAM_4
SAM_3
SAM_2
SAM_1

[ 1DLE

1
P | BB SEARCHING

TRACKING
(I s AMMED
DESTROVED

[ iIDLE

(I SEARCHING
TRACKING

[ JAMMED

[l DESTROYED|

y———————————————————————————1
60 80 100 120

(b)

Figure 13. The Gantt charts of the SAM’s status in small-scale and large-scale scenarios. (a) Small-
scale. (b) Large-scale.

6.3. Generalization Analysis

To verify the generalization capability of the proposed algorithm across different op-
erational scenarios, we conducted tests under two typical defensive deployment modes
for SAMs. (1) Fan-shaped deployment: SAMs are deployed in a fan-shaped formation
along the primary operational axis for defending the ground target against incoming
UAVs, as shown in Figure 14a. (2) Transverse deployment: SAMs are deployed trans-
versely along the primary operational axis for defending the ground target against incom-
ing UAVs, as shown in Figure 14b. Models trained in large-scale scenarios were directly
deployed in these two new environments to evaluate their adaptive mission planning ca-
pabilities for unknown defense configurations. During the experiments, the number of
UAVs, SAMs, and ground targets remained constant. Only the SAM defense deployment
modes were adjusted. Each scenario was tested over 100 rounds.
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e
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Figure 14. Generalized experimental scenarios. (a) Fan-shaped deployment. (b) Transverse deploy-
ment. The red circles indicate the range of the SAMs.

Tables 5 and 6 shows the average values of various metrics for the model under two
unknown scenarios. These results validate the generalization ability of the algorithm pro-
posed in this paper. When the trained model was deployed directly to two unknown sce-
narios for testing, SAGA continued to demonstrate good performance and stability. In
contrast, the metrics for each baseline algorithm were lower than those of SAGA and ex-
hibited greater variability, indicating that SAGA has better generalization capabilities.
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This also demonstrates that the framework possesses greater robustness and can maintain
high operational effectiveness across different scenarios.

Table 5. Generalization experiment metrics (fan-shaped deployment), where the average number
of SAMs lost is metric 1, the average number of ground targets lost is metric 2, the average number
of UAVs lost is metric 3, and the average reward is metric 4.

Metrics SAGA MADDPG MATD3 QMIX MAPPO TarMAC DGN G2ANet
Metric 1 15.92 +0.63 12.03 +2.96 9.03+1.72 6.17 +4.02 1044 +2.11 9.52+0.77 7.08 +2.21 5.87+2.70
Metric 2 15.94 +0.33 11.70 +2.45 13.67 +1.89 3.07£1.92 9.35+2.24 6.62 +3.06 798+275  436+3.27
Metric 3 4.31+0.66 5.78£0.51 9.37 £1.57 10.64 +0.84 5.78 £2.07 777+194 1142+153 8.58+0.79
Metric4  1056.97 + 36.97 436.26 +178.95  256.82+115.31 138.83 + 230.16 847.54 £47.92  404.22 +101.70 184.53 + 33.25 127.86 + 84.26
Table 6. Generalization experiment metrics (transverse deployment), where the average number of
SAMs lost is metric 1, the average number of ground targets lost is metric 2, the average number of
UAVs lost is metric 3, and the average reward is metric 4.
Metrics SAGA MADDPG MATD3 QMIX MAPPO TarMAC DGN G2ANet
Metricl 1593 +0.34 14.70 +2.54 9.23+1.78 8.07 +3.46 8.84 +1.86 9.38 £2.31 10.96 + 3.58 7.75+297
Metric2  15.74+0.48 14.57 +1.36 13.06 £1.75 376 +1.73 11.33+0.87 10.64 +1.85 9.20+1.08 8.04+2.04
Metric3  4.04+0.57 6.11+1.20 991177 10.86 +0.77 9.73+1.82 8.55 £0.67 11.07 +£0.95 11.15+1.66

Metric4 984.65+119.49 626.81+159.82 256.27 +121.62 113.28+194.77 211.74+184.29 276.46+99.37 255.78 +188.24 124.57 +133.43

6.4. Ablation Experiment

To evaluate the individual contributions of the improved modules in our proposed
SAGA framework, we conducted a series of ablation experiments. These experiments pri-
marily validated the effectiveness of the GNN network, the edge predictor, and the spar-
sity penalty. We compared the following algorithm variants:

(1) SAGA: The complete algorithmic framework proposed in this paper.

(2) w/o GNN: SAGA with the GNN module removed (SAGA-MLP), to verify whether
graph message passing contributes to collaborative decision-making.

(3) w/o Edge Predictor: SAGA with the edge predictor removed (SAGA-FC), using a
fully connected graph with no learnable sparse communication topology. This veri-
fies the value of the edge predictor.

(4) w/o Sparsity Loss: SAGA with the sparsity penalty removed (SAGA-NS), to verify
whether the L1 sparsity constraint promotes efficient communication.

All experiments were conducted in a small-scale scenario.

Figure 15 compares the training convergence curves of SAGA and its ablation vari-
ants in small-scale scenario. The figure clearly illustrates the differences in the contribu-
tions of each module to training convergence performance. The shaded area represents
the standard deviation.

SAGA demonstrates the best convergence performance among all variants. This is
attributed to the sparse communication topology, filtered by the edge predictor via the
GATv2 graph attention mechanism, which enables multi-round distributed consensus.
This allows heterogeneous agents to efficiently exchange critical tactical information in
partially observable environments, thereby accelerating the learning of collaborative strat-
egies.

SAGA-NS’s convergence performance is second only to that of the full SAGA model,
with the final reward stabilizing in the range of approximately 340-360, a decrease of
about 8-13% compared to the full SAGA model. This indicates that even without the spar-
sity penalty, the edge predictor itself is still capable of learning an effective communica-
tion topology. However, the absence of sparsity penalties means that communication links
lack the explicit ability to eliminate redundancy, some redundant connections are retained
in the topology, and the presence of low-value communication links dilutes the weight of

https://doi.org/10.3390/drones10090687



Drones 2026, 10, 687

28 of 35

critical information, resulting in slightly lower strategy learning efficiency compared to
full SAGA.
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Figure 15. Comparison of algorithm training reward curves in ablation experiment.

The convergence curve of SAGA-FC eventually stabilizes at approximately 310, due
to the impact of the fully connected communication topology on the GATv2 attention
mechanism. The model struggles to effectively focus attention on a small number of high-
value communication links via gradient descent; it cannot distinguish between important
and redundant information, which is equivalent to distributing the information aggrega-
tion weights evenly across all communication links. This causes GNN message passing to
degrade into simple mean pooling, losing the selective advantage of the graph attention
mechanism.

SAGA-MLP performed the worst and exhibited significant volatility, with its conver-
gence curve lacking a clear upward trend. The MLP encoder independently encodes each
UAV’s observations into policy features and lacks the ability for explicit communication
between agents. In certain partially observable air-to-ground missions, this structure
forces each UAV to make independent decisions based solely on its own local observa-
tions, without access to information from allied units, causing the overall strategy to de-
generate into independent behavior. This result directly validates the importance of the
GNN graph reasoning module.

To further elucidate the differences in information aggregation behavior across dif-
ferent communication topologies, we introduce attention weight entropy as a quantitative
metric to measure the degree of attention focus in communication. The attention entropy

of a target UAV "2 js defined as the information entropy of all attention weights received
by that node from source nodes:

H; =- z )ailiz ‘108(%1'2) (73)

ieN(iy
o . . . ]
where "2 represents the normalized attention weight from the source UAV o the

target UAV 2 and N (i) represents the set of source nodes sending messages to b2,
This metric reflects the degree to which the attention distribution of each UAV is concen-
trated when aggregating information.

Figure 16 shows heatmaps comparing the attention weights of the SAGA, SAGA-FC,
and SAGA-NS in small-scale scenarios. The rows and columns of each heatmap represent

the attention weights of the source UAV " toward the target UAV "2 Darker colors
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indicate higher weights. Figure 16a reveals a distinct sparse clustering pattern: a small
number of key UAVs, such as the two reconnaissance UAVs (UAV2—UAV1) and the two
jamming UAVs, receive high attention weights. The transmission of target instructions
from reconnaissance UAVs to strike UAVs, as well as coordination among strike UAVs,
dominates the aggregated information at the target nodes. Attention weights for non-crit-
ical links are lower, appearing in lighter colors. This phenomenon indicates that the syn-
ergistic effect of the edge predictor and sparsity penalty effectively prunes redundant
communication links. The edge predictor filters out communication edges with mission
value, while the sparsity penalty further reduces the weights of low-value links, enabling
each UAV to concentrate its limited attention resources on the few friendly nodes most
relevant to its own sub-task, thereby achieving efficient selective information aggregation.

Target UAV

Figure 16. Attention weight comparison heatmap. (a) SAGA. (b) SAGA-FC. (c) SAGA-NS.

Since SAGA-FC lacks an edge predictor for link filtering, communication edges exist
between all UAV pairs, and the entire heatmap appears as a uniform dark region. This
indicates that each UAV treats messages from all friendly nodes nearly equally during
information aggregation, making it prone to overlooking critical information. SAGA-NS
retains the link filtering capability of the edge predictor, resulting in an attention distribu-
tion with a certain degree of selectivity. Certain key UAV pairs receive higher attention
weights, forming distinguishable hotspots. However, due to the absence of L1 sparsity
constraints, a certain amount of redundant information is still mixed into the aggregated
data. It is worth noting that the non-uniform distribution of attention weights in SAGA-
NS also confirms that the edge predictor itself possesses a certain ability to discern link
value, the role of the sparsity penalty is to further optimize the model’s information filter-
ing capability on this basis.

Table 7 presents the statistical results of effectiveness metrics for the four algorithms
across 100 test rounds. SAGA achieved the optimal values across all core metrics, further
validating the necessity of each module. In summary, the GNN graph reasoning module
provides UAVs with collaborative communication capabilities. By learning sparse com-
munication topologies, the edge predictor effectively avoids the attention dilution prob-
lem associated with fully connected graphs, ensuring stable convergence during training
and the effectiveness of the strategy. As an auxiliary constraint, the sparsity penalty ap-
plies additional pruning pressure based on the link selection performed by the edge pre-
dictor, enabling the model to achieve better collaborative results with fewer communica-
tion resources and ensuring communication efficiency. The collaborated interaction of
these three components constitutes the complete SAGA framework.
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Table 7. Ablation experiment metrics, where the average number of SAMs lost is metric 1, the av-

erage number of ground targets lost is metric 2, and the average number of UAVs lost is metric 3.

Metrics SAGA SAGA-MLP SAGA-FC SAGA-NS
Metric 1 5.90+0.31 3.74 +0.65 2.93+1.37 3.02+£0.74
Metric 2 7.86+0.35 4.44+047 4.02+£0.82 511+1.19
Metric 3 1.18+0.41 4.12+0.73 3.67 +0.55 4.52 +0.50

To quantitatively assess communication efficiency brought by SAGA’s learned
sparse topology, we adopt three evaluation metrics:
1.  Average messages per step: average count of physical transmitted messages over one
simulation timestep.
2. Retained-edge ratio: ratio of active learned logical edges compared with fully con-
nected complete graph. Lower value indicates sparser topology.
We also record average reward, and test SAGA, SAGA-FC, and SAGA-NS. The test
results are shown in Table 8.

Table 8. Comparison of quantitative evaluation results for communication efficiency.

Metrics SAGA SAGA-FC SAGA-NS
Average messages per step 21.3 71.2 44.7
Retained-edge ratio (%) 19.6 100 421
Average reward 394.6 311.3 348.2

SAGA-FC uses a full fully connected graph, and every agent attempts to communi-
cate with all teammates, yielding 71.2 messages per step and a 100% edge ratio, but its
reward is low. SAGA-NS uses an edge predictor but removes the L1 sparsity penalty; it
partially prunes redundant edges, yet still keeps many low-value links. Message count is
higher than that of SAGA. SAGA with the edge predictor plus the L1 sparsity penalty
yields the lowest average message count, only retaining 19.6% of all possible directed
edges. Meanwhile it achieves highest average reward. This demonstrates SAGA can dras-
tically cut communication overhead without sacrificing mission performance.

7. Conclusion and Future Work

This paper proposes SAGA, a learnable sparse attention graph architecture suitable
for heterogeneous multi-UAV air-to-ground mission planning. This framework provides
solutions to the challenges of partial observability, heterogeneous UAV collaboration, and
efficient communication in air-to-ground missions. This architecture deeply integrates
graph reasoning with policy optimization. The GATv2-based graph neural network en-
coder achieves multi-round distributed consensus among UAVs through a learnable at-
tention mechanism, enabling each agent to selectively aggregate tactical information from
its communication neighbors. An MLP edge predictor, trained jointly with the policy, gen-
erates a sparse communication topology by predicting the value of each potential com-
munication link, thereby avoiding the attention dilution problem found in fully connected
graphs. Additionally, an L1 communication sparsity penalty term is introduced into the
training objectives, enabling the model to achieve optimal collaboration with fewer com-
munication resources. Across all evaluation metrics, the SAGA model consistently out-
performs the baseline algorithms. Generalization experiments further validate the frame-
work’s robustness. When models trained on standard large-scale scenarios are directly
deployed to unseen environments, SAGA continues to lead across all metrics. The results
demonstrate that the sparse communication topologies and collaborative strategies
learned by the model can adapt to mission configurations beyond the training set.
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Ablation experiments further validate the effectiveness of each component. In summary,
the SAGA framework provides an intelligent, efficient, and theoretically sound solution
for heterogeneous multi-UAV air-to-ground mission planning in partially observable
combat environments.

A limitation of this study is the discrepancy between simulation assumptions and
practical deployment. Future work will address this by making the following improve-
ments to support real-world deployment: (1) designing a lightweight encoder adapted for
real-time inference to ensure acceptable inference latency; (2) incorporating diverse noise
and parameter perturbations into the simulation to enhance the model’s robustness; and
subsequently, integrating real-world data into algorithm training to bridge the gap be-
tween simulation and real-world deployment; (3) introducing a physical cost term into
the loss function to replace the simple L1 sparsity penalty, thereby better aligning with
real-world scenarios; and (4) exploring dynamic topology-adaptive learning methods in
communication-denied environments, incorporating more refined adversary modeling,
and extending this framework to larger-scale hybrid formation collaboration scenarios.
Furthermore, future work will further investigate the integration of an event-triggered
intermittent sampling coordination mechanism into SAGA to address the issues of asyn-
chronous perception and temporary communication interruptions in real-world multi-
UAV deployment scenarios. At the same time, real-world physical-layer communication
constraints, such as interference, transmission energy consumption, and bandwidth limi-
tations, will be introduced. By combining SAGA’s task-aware sparse logical topology
learning with existing joint frameworks for trajectory, power, and resource allocation in
UAV network research, we aim to bridge the gap between multi-agent decision-making
at the task level and the characteristics of real-world wireless communications.
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Appendix A. Notation Table

Symbol

Description

SAM
5age

Qtrack

set of heterogeneous UAV agents
global state space of Dec-POMDP
local observation space

hybrid action space

team-shared reward

observation function

altitude

heading angle

speed

continuous action vector

discrete action vector
target engagement selection

defense mode selection
communication broadcast flag
fuel level

ammunition count

position of SAM site

maximum detection range of UAV
probability of detection

detection range of UAV RWR
threat level

aggregate risk score

RCS-scaled effective range of SAM

engagement range of SAM
tracking quality of SAM

Appendix B. Analysis of Algorithm Time Complexity

Appendix B.1. Symbol Description

Symbol Description
N Number of agents
d, Observation vector dimension
d, Encoder hidden layer dimensions
d, Node feature dimensions
d, Edge feature dimensions
d, Dimensions of the hidden layer in the edge predictor
K Number of attention layers
A Number of attention heads
E Number of communication edges
d. Continuous action dimension
d, Sum of the discrete action dimensions
T Number of time steps within a single minibatch
E

P Number of PPO update cycles

M Number of minibatches
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Appendix B.2. Forward Pass Complexity

The GNN encoder described in this paper consists of three components: an observa-
tion encoder, an edge predictor, and K layers of graph attention convolutions. The ob-
servation encoder is a three-layer MLP. For a single sample, the computational cost is:

Tone =O(d, -, +dj +4, -d, )

The edge predictor performs pairwise predictions for all unordered node pairs (1) .
Its input is a concatenation of the features of the two nodes, and it outputs the probability
that an edge exists after passing through a three-layer MLP. The cost for each node pair is

O(d,-d, +d; N(N-1)/2

, and the total number of node pairs is so:

T., =O(N2 (d, »dp+d§))

Each GATv2 layer in the graph attention convolutional layer includes linear projec-
tions of the source, target, and edges, as well as edge attention computation, message ag-
gregation, and output projection. The source, target, and output projections each have a

E-d,-d,)

n

O . 2
complexity of ( ) . The edge projection has a complexity of o( . Atten-
tion and message aggregation are performed along E edges and A heads, at a cost of

O(E-d,) . Therefore, the cost of a single layer is:

Ty =O(N-d} +E-d,)
Therefore, the cost of a single forward pass is:

Tgnn :O(N(dﬂ 'dh +dlf+dh 'd”)+N2(dn dp+d§))

Appendix B.3. Inference and Training Complexity

Single step reasoning organizes the observations of N agents into a graph for for-
ward propagation and obtains actions by sampling from a continuous distribution with

probability O(N-d,-d) O(N-d, dy)

Therefore, the complexity of single step reasoning is

and a discrete distribution with probability

T.

1

i, :O(N-(d0+dh+d,f+dh-d”+dn-dC+dn-dd)+N2(dn-dp-d§)+K-(N-d,2,+E-dn))

Since training requires reconstructing the communication graph and computing edge
probabilities at each time step, the encoder is executed T times within each minibatch.

A single PPO update consists of Ep rounds, with M minibatches per round. Therefore,
the complexity of a single update is:

T =O(Ep M-T-(N-(d, d, +d2 +d, -d, )+ N* (d, -d, +d2)+ K-(N-d2 +E~dn)))
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