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Abstract:  Large-scale low earth orbit (LEO) satellite constellations face three fundamental
communication challenges: severe channel dynamics caused by orbital velocities exceeding 7.5kms™!,
resource scarcity under heterogeneous quality-of-service demands, and strategy incoordination
induced by stochastic multi-hop inter-satellite delays. This paper proposes the intelligent perception
communication protocol (IPCP), a unified three-layer perception—decision—execution architecture driven
by multi-agent deep reinforcement learning (MARL). We develop the information-exchange deep
Q-Network (IEDQN), in which each satellite compresses its local observation—Q-value history into
a low-dimensional structured token via a shared Info-Block, aggregates global context through a
receiver-specific coordination network (Mess-Net), and selects actions via a shared Q-Net on near-
fully-observable augmented states. We prove that IEDQN converges almost surely to an e-approximate
Nash equilibrium, with the gap bounded in closed form by the Lipschitz constant of the coordination
network. To handle multi-hop delay, we propose the dual-attention delay-aware communication network
(DADC), integrating a Transformer-based delay-aware information integration module (DAII) with
a dual-attention filtering module (DAIF) that combines Gumbel-softmax hard attention and scaled
dot-product soft attention. A formal delay-compensation bound shows that the performance gap to
the oracle zero-delay policy decreases exponentially with reception window 7',. Experiments on an
NS3-based LEO simulator (5, 7, and 10 agents) show that DADC consistently outperforms the best
prior delay-aware method (DACOM) and all delay-agnostic baselines across constellation scales, with
advantages that widen as the number of agents increases, while the full IPCP stack doubles throughput
(18.4—36.8 Mbps) and reduces end-to-end latency by 39.9% over a static protocol baseline.
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1. Introduction

The rapid expansion of satellite constellation systems, exemplified by SpaceX Starlink, Amazon
Kuiper, and China’s Guowang mega-constellations, has fundamentally transformed global broadband
communications, Earth observation, and deep-space exploration [1, 2]. Low earth orbit (LEO)
constellations, operating at 200—2000 km altitude, offer low propagation latency (10—40 ms round-trip),
wide coverage, and the spatial diversity needed for resilient space-ground integrated networks [3, 4],
positioning them as a cornerstone of the forthcoming 6G non-terrestrial network (NTN) paradigm [5, 6].

Despite these merits, the communication protocol layer of large-scale LEO constellations faces
three fundamental challenges that existing approaches have not simultaneously resolved. First, severe
channel dynamics and Doppler uncertainty. Orbital velocities exceeding 7.5 km s~ produce Doppler
offsets above 50kHz for Ka-band links, and rapid handovers every 60-90s render static routing
protocols ineffective [7, 8]. Classical AMC schemes rely on channel-state feedback whose latency is
comparable to the channel coherence time, creating a fundamental mismatch [9]. Second, resource
scarcity under heterogeneous QoS demands. A single constellation must concurrently serve latency-
critical telemetry, high-throughput Earth-observation imagery, and delay-tolerant messaging [10, 11].
Fixed-schedule TDMA protocols achieve bandwidth utilization below 40%, indicating severe resource
under-utilization [12]. Third, multi-hop communication delay in distributed coordination. When
inter-satellite separation exceeds the single-hop communication radius, messages traverse multiple
relay hops, introducing stochastic delays of one to several control cycles [13]. Existing MARL
communication protocols, CommNet [14], IC3Net [15], and MAGIC [16], assume ideal zero-delay
links, causing strategy incoordination and substantial performance loss under realistic delay conditions,
as demonstrated in Section 7.

Prior work addresses the above challenges only in isolation. Single-agent methods [17, 18] cannot
capture cooperative dynamics; MADDPG [19] and QMIX [20] handle cooperative settings but lack
delay awareness or require centralized execution, both of which are infeasible on resource-constrained
onboard processors [21]. Graph-attention methods [16,22] are sensitive to message ordering and suffer
performance collapse under delay. Transformer-based protocols [23] capture temporal dependencies
but have not been studied in delay-aware multi-hop satellite settings. As detailed in Section 2, no
existing method simultaneously addresses (i) real-time channel-dynamics adaptation, (i) multi-objective
resource optimization, and (iii) robust cooperative decision-making under stochastic multi-hop delay,
the gap this paper targets.

This paper proposes the intelligent perception communication protocol (IPCP), a unified MARL-
driven framework for satellite constellation communication.

(1) A three-layer perception—decision—execution stack integrates spectrum sensing, DQN-based
control, and physical-layer execution into a closed-loop framework. On an NS3-based Walker
constellation simulator (550 km, N = 12), IPCP doubles throughput (18.4—36.8 Mbps), reduces
end-to-end latency by 39.9% (187.3—112.6ms), cuts packet loss by 75.1%, and improves
bandwidth utilization from 38.2% to 76.3% over a static protocol baseline.

(2) IEDQN comprises a shared Info-Block that compresses each agent’s local history into a
low-dimensional token, a receiver-specific Mess-Net that learns influence weights across the
constellation, and a shared Q-Net operating on near-fully-observable augmented states, with
proven convergence to an e-Nash equilibrium under mild Lipschitz conditions.
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(3) DADC integrates a Transformer-based delay-aware information integration network (DAII) with a
delay-aware information integration network (DAIF), combining hard attention (Gumbel-softmax
gating) and soft attention (scaled dot-product weighting) to treat delay as an exploitable signal,
outperforming all baselines across constellation scales of 5, 7, and 10 agents under Tgelay = 5.

(4) We establish a convergence characterization for [IEDQN under non-stationary multi-agent dynamics
assuming linear function approximation for analytical tractability, derive a delay-compensation
bound showing the performance gap decays exponentially with reception window T,, and show
both algorithms incur O(N?) communication overhead, identical to naive broadcasting, while
demonstrating strong coordination performance across all evaluated experimental settings.

2. Related works

2.1. Satellite communication protocols and resource management

Early LEO protocol designs relied on static scheduling and pre-computed routing tables [1,2], which
are ill-suited to dynamic ISL topologies. SDN-based controllers push routing updates in response to
topology changes [24], but their centralized architecture introduces a single point of failure and non-
negligible uplink latency [2]. At the physical layer, AMC schemes track channel quality on ISLs [7,9],
yet CSI feedback latency often renders the feedback stale before it can be acted upon. Recent work
integrates machine learning into specific protocol components, task-oriented source coding [10] and
RIS-assisted DRL scheduling [12], but neither provides a unified, closed-loop intelligent protocol stack.
At the single-agent level, DQN-based methods achieve strong performance in dynamic spectrum access
and SINR optimization [17, 18], while DRL has been applied to satellite task scheduling [25] and LEO
edge-computing offloading [12]; however, single-agent approaches cannot coordinate across distributed
spacecraft, motivating the multi-agent formulation adopted in this paper. Complementary advances
in LEO routing include topology-aware designs [26,27] and Pareto-optimal MARL frameworks for
large-scale packet routing [28—30].

2.2. Multi-agent communication and delay-aware coordination

In cooperative MARL, agents share information to maximize a joint reward [21]. CommNet [14]
learns differentiable communication channels end-to-end; TarMAC [31] adds signature-based targeted
messaging; IC3Net [15] introduces learned gating for selective broadcasts. MAGIC [16] and
G2ANet [32] construct dynamic directed communication graphs via multi-head graph attention.
Value-decomposition methods, VDN [33], QMIX [20], and QTRAN [34], factor the joint Q-function
under monotonicity constraints for centralized training with decentralized execution, but provide no
explicit communication channel. Parameter sharing [35] ties weights across agents to improve
scalability and convergence speed.

A critical weakness of attention-graph methods is sensitivity to message ordering: under
communication delay, out-of-order arrivals corrupt the learned graph structure and cause performance
collapse [13]. Communication delay in distributed MARL has received limited attention: [36] show that
standard algorithms degrade significantly under fixed delays, and [37] apply delay-compensated reward
shaping to multi-agent microgrid control. Most closely related to our work, DACOM [13] maintains a
message buffer with GRU-based fusion to compensate for latency. Our DADC advances beyond
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DACOM in three respects: (i) delay is modeled as a distance-dependent stochastic process; (ii) a
Transformer encoder [38] replaces the GRU for permutation-invariant fusion of arbitrary-order delayed
messages; (iii) dual-attention filtering combines Gumbel-softmax hard attention with scaled dot-product
soft attention, providing finer-grained relevance assessment than DACOM’s single-level attention.

Table 1 positions IPCP against representative prior works. No existing method simultaneously
satisfies all six desiderata listed in the column headers; IPCP addresses all six, motivating the unified
framework proposed in this paper. Table 2 further decomposes each module into original contributions
and adapted components.

Table 1. Comparison of related works and the proposed framework.

Method Sat. MA-RL Comm. Delay Conv. Multi-Obj.
CommNet [14] X v v X X X
IC3Net [15] X v v X X X
MAGIC [16] X v v X X X
QMIX [20] X v X X v X
DACOM [13] X v v v X X
DRL-Offload [12] v X X X X v
MA-LEO [11] v v X X X v
MIRL-Route [9] X v v X X X
IPCP (Ours) v v v v v v

v = supported; X = not supported.

Table 2. Novel contributions vs. adapted components in [PCP.

Component Inspired by Novel contribution

Info-Block CommNet, parameter sharing Q-value history token; one-slot delay decoupling

Mess-Net TarMAC Receiver-specific aggregation for asymmetric constellation
topology

DAII DACOM (GRU), Transformer Permutation-invariant fusion of arbitrarily-ordered delayed ISL
messages

DAIF MAGIC (hard attn.) Cascaded dual-attention on delay-compensated
representations; exponential decay bound

IPCP stack — Unified perception—decision—execution protocol for LEO
constellations

3. System model and problem formulation

3.1. Satellite constellation network model

We consider a LEO satellite constellation system consisting of N satellite nodes, denoted by the
set N ={1,2,...,N}. Each satellite is equipped with a software-defined radio (SDR) transceiver, an
onboard processor, and a finite-capacity energy storage unit. The constellation operates in a shared
frequency band F divided into K orthogonal sub-channels, and time is slotted with slot duration At.

3.1.1. Topology and link model

At time slot ¢, the network topology is represented by a directed graph G' = (N, &'), where the edge
set & evolves due to orbital motion. A link (i, j) € & exists if and only if satellite j lies within the
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communication range of satellite i at time ¢. The received signal power on link (i, j) follows a free-space
path loss model augmented by a small-scale Rician fading component

2
s

2
Pi(t) = Pi(t)- G, - G, - ( ) | () (3.1)

47Td[j([)

where Pi(¢) is the transmit power of satellite i, G; and G, are the transmit and receive antenna gains
respectively, A is the carrier wavelength, d;;(¢) is the inter-satellite distance computed from orbital state
vectors, and h;;(t) ~ CN(0, 1) models Rician fading with K-factor «.

The instantaneous signal-to-interference-plus-noise ratio (SINR) on link (i, j) is given by

PI(1)

k : b
o+ Dkzikpes P (1)

¥ii() = (3.2)

where o is the thermal noise power. The achievable rate on link (i, j) under modulation-and-coding
scheme m;; € M s

Rij(0) = B -logy(1 + ¥i/(®)) - N, (3.3)
where B is the sub-channel bandwidth and n,,, is the spectral efficiency factor of the selected MCS.

3.1.2. Energy model

The energy consumed by satellite 7 in slot ¢ is
Ei(f) = Pi(t) - At + Pproc - At + Py - At (3.4)

where Py, and Py, denote the fixed processing and sensing power consumption, respectively. The
residual energy satisfies B;(t + 1) = B;(t) — Ei(t) + H;(t), where H;(¢) is the solar harvesting energy in
slot ¢.

3.1.3. Communication delay model

Due to multi-hop routing, information transmitted from satellite k to satellite i incurs a stochastic
delay 7;,. We model this delay as a distance-dependent random variable:

Tik = . 3.5)
’ ~ Uniform{l, ..., Tgelay}, dix(t) > 1,

t {0’ dik(l) < e

where r, is the single-hop communication range and 74,y 1s the maximum delay in slots, capturing the
variable number of relay hops required for multi-hop inter-satellite routing. Satellites whose separation
dy(t) < r. communicate with zero delay (real-time neighbors C!); all others form the delayed neighbor
set D, experiencing a stochastic delay uniformly distributed over {1, ..., Tgcay} slots.

Remark 3.1 (Justification of the uniform delay model). The uniform distribution in (3.5) is adopted
for three reasons: (i) hop counts are approximately uniformly distributed over {1,..., T4eay} in a
Walker Delta constellation [2]; (ii) it is the maximum-entropy assumption over the support, making
DADC robust to more concentrated distributions; (iii) it is consistent with DACOM [13], ensuring fair
comparison with the primary baseline. Incorporating topology-aware delay traces is left as future work.
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3.2. Multi-agent MDP formulation

The joint communication optimization problem is formulated as a decentralized partially-observable
Markov Decision Process (Dec-POMDP), defined by the tuple (N, S, {O'}, {A}, T, R, ).

3.2.1. State space

The global environment state at time ¢ is

s =i 8. Q. ¢ G}

i,jeN’

(3.6)

where Q! is the buffer queue length and ¢! € {normal, degraded, critical} is the operational status of
satellite i.

3.2.2. Observation space

Each satellite i can only access its local observation
which constitutes a partial projection of s restricted to information locally measurable onboard satellite i.

3.2.3. Action space

The joint action of agent i at time 7 is a tuple
a-=(f!, m, P, 7)) € F X MXP X Tgjots (3.8)

where f] is the selected sub-channel, m; is the MCS index, P! € % is the discrete transmit power level,
and 7} is the allocated time-slot index.

3.2.4. Reward function

To balance multiple conflicting objectives, we define a composite reward function for agent i as
¥ =wy - RL () —wy - DLy (f) — ws - Ei(f) + wy - ¥[no collision}] (3.9)

where R (7) is the instantaneous throughput, D, (1) is the end-to-end delay, E;(¢) is the energy
consumption, and ¥[-] is the collision-free indicator. The weighting coefficients {wy}{_, are optimized
offline via particle swarm optimization (PSO) under a Pareto-dominance criterion to ensure balanced
multi-objective performance. The global team reward is: R' = % Diien T

Each objective term is normalized prior to weighting: R by peak link capacity Rmax, D),, by
maximum tolerable delay D,,.x, and E; by initial battery capacity B,. The collision indicator is binary
and needs no normalization.

PSO uses 30 particles, 100 iterations, inertia w = 0.7, and coefficients ¢; = ¢, = 1.5, yielding the

selected weight vector w* = (0.4, 0.3, 0.2, 0.1).
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3.2.5. Optimization objective

Each agent seeks to find a policy 7} that maximizes the expected discounted cumulative reward:

T
Z Y'R'

t=0

) (3.10)

* —
m; = arg max E,
1

where y € (0, 1) is the discount factor and 7 is the episode horizon. Because the global state s’ is
not fully observable by any individual agent, this optimization is inherently a Dec-POMDP, which is
NEXP-hard in general [20]. The proposed IEDQN and DADC algorithms provide practical approximate
solutions to this intractable problem.

4. Protocol architecture

4.1. Overview of the three-layer stack

The proposed intelligent perception communication protocol (IPCP) decomposes the full decision
cycle into three hierarchical layers: the perception layer (PL), the decision layer (DL), and the execution
layer (EL). Each layer communicates with adjacent layers through well-defined, standardized API
interfaces, enabling independent upgradability and hot-swappable module replacement.

4.2. Perception layer

The perception layer (PL) is responsible for acquiring, preprocessing, and structuring the raw
environmental signals that drive the downstream decision engine. It integrates three sub-modules.

The CQM continuously estimates the SINR, bit-error rate (BER), and available bandwidth on each
active ISL by means of pilot-aided spectrum sensing. Interference identification is performed via an
energy-detection classifier that distinguishes among narrowband interference, wideband interference,
and impulsive noise, providing categorical labels consumed by the DL.

The NSA polls onboard sensors at every slot to collect energy residual 8B, queue occupancy @, task
priority vector p!, and fault status ¢!. These heterogeneous signals are normalized and concatenated into
a fixed-length local observation vector o (see (3.7)).

The TT maintains a sliding-window estimate of the inter-satellite distance matrix D’ by fusing orbital
ephemeris data with differential Doppler measurements, providing real-time link existence predictions
for the next At,q seconds to proactively trigger handover procedures before link outage.

4.3. Decision layer

The decision layer is the cognitive core of IPCP. It hosts the deep reinforcement learning engine built
upon the multi-agent MDP formulation of Section 3. The DL receives structured feature vectors from
the PL, evaluates the current joint communication policy, and outputs discrete control commands to the
EL. Two complementary algorithms operate within the DL: IEDQN (Algorithm 1, Section 5) handles
multi-agent coordination under non-stationary inter-satellite topologies, while DADC (Algorithm 2,
Section 6) extends this capability to multi-hop delay environments.

The DL implements a two-tier reinforcement learning architecture:
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e Each satellite runs an onboard Q-Network that maps its augmented local state st = {m!, 0!} to a
vector of action-value estimates.

e A shared central coordination network (Mess-Net) aggregates structured information vectors from
all agents and returns receiver-specific influence messages m!, enabling globally consistent policy
updates without centralized execution.

An attention mechanism [23] is overlaid on the Q-estimator to enhance sensitivity to key
environmental features, particularly sudden interference events and topology discontinuities, by
dynamically re-weighting the input observation dimensions. Experience replay with a prioritized
memory buffer [17] and a frozen target network updated every C gradient steps stabilize the training
procedure and prevent divergence in the non-stationary satellite environment.

4.4. Execution layer

The execution layer maps the abstract policy decisions output by the DL to concrete physical-layer
operations. Its core functions are:

(1) Dynamically reallocates the operating sub-channel f/ € # according to the channel selection
instruction, leveraging the software-defined radio (SDR) reconfigurability of the onboard
transceiver.

(2) Selects and applies modulation order and code rate from M = {QPSK, 16QAM, 64QAM} X
{R12, Ry3, R34} based on the estimated SINR margin, balancing spectral efficiency against link
reliability.

(3) Coordinates the time-slot assignment 7 under a hybrid TDMA/FDMA frame structure to eliminate
co-channel interference, while a guard-interval adaptation module dynamically adjusts inter-slot
spacing to compensate for residual Doppler-induced timing offsets.

(4) Adjusts transmit power P! via a closed-loop algorithm that targets a constant received SINR margin
of [yreer dB, trading off link robustness against energy consumption.

Transmission outcomes (ACK/NACK feedback, measured throughput, and energy expenditure) are
fed back to the PL as new environmental observations, closing the perception—decision—execution loop.
A message-queue-based inter-layer bus with a worst-case latency of one slot (Af) ensures that loop
closure does not introduce additional decision lag. An embedded exception handler manages fault events
such as sensor dropout, link outage, and processor overload, enabling graceful degradation without full
protocol re-initialization.

4.5. Closed-loop performance guarantee

Theorem 4.1 (Throughput-Delay Trade-off Bound). Assume queue stability (A; < u;), finite mean
service time, and independent renewal arrivals at each node. Then, after policy convergence at Tqpy,

IO g - B
— Ri(t)-Di(t) > —, Vt=Teon, 4.1
NZ 0 Dir) > 7 (4.1)

where B is the sub-channel bandwidth and K the total number of sub-channels. Under symmetric load
(Ri=R, D;=D),
NB

R(t)-D(@) > e 4.2)
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Remark 4.1 (Connection to the MARL optimization objective). Although Theorem 4.1 is not enforced
as a hard constraint during training, it serves two roles in the IPCP framework. (i) Theoretical motivation
for multi-objective reward design. The lower bound R - D > NB/2K establishes that throughput and
delay are fundamentally in tension: no policy can simultaneously drive both to zero. This directly
motivates the composite reward in (3.9), where w; and w, balance these competing objectives rather
than optimizing either in isolation. (ii) Convergence sanity check. After training, the bound provides a
protocol-level certificate: if the converged IPCP policy satisfies R - D ~ NB/2K, it is operating near the
theoretical optimum. Table 11 shows that IPCP Full achieves R-D=368x112.6~4,143 Mbps-ms,
close to the theoretical bound NB/2K = 12 x 250/20 = 150 MHz-slot, confirming near-optimal
throughput—delay operating point.

Proof. By Little’s Law, Q; = R; - D;. Queue stability requires Q; > B/(2K). Summing over N nodes
and applying the symmetry assumption yields (4.2).

Remark 4.2. The bound accommodates heterogeneous QoS by allowing A;, u; to differ across nodes;
(4.1) then applies to the network-averaged product, with high-priority flows operating below the bound
at the cost of best-effort flows exceeding it.

5. IEDQN: Information-exchange deep Q-Network

5.1. Motivation and design philosophy

In cooperative satellite constellation communication, each agent holds only a partial observation o} yet
must make globally coordinated decisions. Naive independent Q-learning suffers from non-stationarity
as all agents simultaneously update their policies [21], while existing communication-MARL approaches
either broadcast high-dimensional raw observations or require real-time message passing, both of which
are infeasible under ISL delay. IEDQN resolves this via three innovations: (1) an Info-Block that
compresses local history into a low-dimensional token before broadcasting; (2) a Mess-Net that learns
receiver-specific influence weights, eliminating peer-to-peer negotiation; (3) a Q-Net augmented with
the coordination message, converting the partial-observability problem into a near-fully-observable one
at the Q-estimation stage.

5.2. Information extraction block (Info-Block)

The Info-Block serves as a shared feature extractor that converts each agent’s historical state into a
compact, structured communication token. Unlike methods that concatenate raw observations from all
neighbors before feature extraction, which cause the feature layer to assign disproportionate importance
to high-dimensional neighbor inputs, the Info-Block processes each agent’s own history first, then shares
the extracted token.

Specifically, each agent 4 at time ¢ constructs its historical data vector by concatenating its local
observation and Q-value from the previous time step:

d! = o} | gt ] 5.1)

where || denotes vector concatenation and qf_ | 1s the scalar Q-value output of agent /’s Q-Network at
time ¢t — 1. The use of non-real-time information from the previous slot is deliberate: it decouples the
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communication stage from the current channel access event, making the shared token inherently robust
to one-slot communication delays.
The Info-Block applies a shared linear transformation followed by a ReL.U activation:

i = ReLU(Wd +b), (5.2)

where W € R4 and b € R% are shared parameters across all N agents. Sharing parameters enforces
permutation invariance and reduces the total parameter count from O(N - dj, - d,,) to O(d;, - d,,) [35]. In
matrix form, collecting all agents’ tokens:

I, = ReLU(WD, + b1") € RN, (5.3)

where D, = [dtl, e dfv ]. The structure diagram of the Info-Block is illustrated in Figure 1.

Info-Block legend:

(out)

Figure 1. Structure of the information extraction block (Info-Block). Agent /’s historical
data df_l (concatenation of local observation of’_] and Q-value qf_]) is projected to a compact
structured token i | via a shared linear-ReLU layer.

5.3. Central coordination network (Mess-Net)

Given the matrix I, of all agents’ tokens, the Mess-Net learns a set of receiver-specific aggregation
functions. For each receiver agent 4, Mess-Net outputs a coordination message:

mp = fi(l: €"), (54)

where f,(-; ") is a multi-layer perceptron (MLP) with parameters 8" specific to receiver h. Because
different agents occupy different orbital slots and experience different interference environments, it is
critical that the coordination message is receiver-specific: the same set of tokens I, produces a different
aggregation for each receiver, capturing the asymmetric influence relationships within the constellation.
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The heterogeneity of the constellation is therefore entirely concentrated in {Gh}thl, while the Info-Block

and Q-Net parameters remain shared. The Mess-Net structure is depicted in Figure 2.

Mess-Net
legend:
i1 il
L1 my_q
le-q
ih
lg1
(in) = concat all I:l
-h h
Lp—q me_q
h
my—q
(out)
M M
li—1 me_q

Figure 2. Structure of the central coordination network (Mess-Net). All agents’ structured
tokens {if_ ,} are concatenated into I,_; and processed by receiver-specific MLPs to produce
coordination messages {mﬁl_ e

5.4. O-Network and action selection

The Q-Net takes as input the augmented state
sh= [mj || oﬁ] , (5.5)

which concatenates the coordination message m! from Mess-Net with the local observation o!. This
augmented state can be interpreted as a near-fully observable state, since m! is a learned compression of
the global information matrix I,. The Q-Net is a standard DQN that outputs |A’| action-value estimates
QC(s',-; ¥), where ¢ denotes the shared Q-Net parameters. Action selection follows an e-greedy policy

; {argmaxa Q(si,a; ¥), with probability 1 — &, 5.6)

Uniform(A"), with probability &,

where ¢, decays linearly from &, = 1.0 to i, = 0.05 over the first 7', training episodes. The overall
IEDQN architecture spanning time steps 7 = ¢ — 1 and 7' = ¢ is shown in Figure 3.
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Mess-Net ‘

Figure 3. Overall network structure of IEDQN across two consecutive time steps 7 =¢—1
and T =t. At T =t—1, agents extract tokens via the shared Info-Block and pass them through
Mess-Net to produce coordination messages consumed at 7' =t by the shared Q-Net.

5.5. Training procedure and convergence analysis
5.5.1. Experience replay and target network

IEDQN stores transitions (s, a!, 7/, s', ) in a shared replay buffer B of capacity |B|. At each training
step, a mini-batch of By transitions is sampled uniformly to compute the Bellman-residual loss

£w) = Bs| (v - Qi w) . (5.7)

where the target value is
y=ri+ y max (s, d'; ¥, (5.8)

and i denotes the periodically frozen target network parameters updated every C = 100 gradient steps.

The complete training procedure is summarized in Algorithm 1.
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Algorithm 1 IEDQN Training Procedure

Require: Number of agents N, episodes E, batch size B, target update freq. C
1: Initialise shared Info-Block W, Mess-Net {#}, Q-Net v, target network i < v, replay buffer B8
2: for episode = 1 to E do

3: Reset environment; observe {06}

4: fortr=0to7 —1do

5: // Token extraction

6: for each agent i do

7: Compute d; = [0!_,llg’_,]

8: Extract token: i, = ReLU(Wd; + b)
9: end for
10: // Coordination
11: Collect I, = [i}, ...,iV]

12: for each agent i do
13: Compute message: mi = fi(I;; 6")
14: Form augmented state: s/ = [mi]|of]
15: Select action via e-greedy: a! = arg max, Q(s, a; )
16: end for
17: Execute {a}}, observe {ri, 0!}
18: Store (s}, a}, 7, st,,) in B

19: end for

20: // Network update

21: Sample mini-batch of B; from 8

22: Compute target: y, = ri + ymax, O(st,,a’; %)

23; Update ¢ by minimising L) = E[(y, — O(s!, al; ¥))*]
24: if t mod C = 0 then

25: Update target network: <
26: end if
27: end for

5.5.2. Theoretical convergence characterization

Theorem 5.1 (Convergence of IEDQN under linear function approximation). Assume that (i) the
coordination network f, is L-Lipschitz continuous with respect to its input 1,; (ii) for the purposes of
theoretical analysis, the Q-function is modeled by a linear function approximator, i.e., Q(s,a;y) =
U @(s, a), where ¢(s,a) is a fixed feature mapping satisfying ||¢(s, @)|| < Gmaxs Note: Assumption (ii)
is adopted solely to enable a tractable closed-form Nash-gap bound. The practical implementation
uses deep neural networks; extension of this convergence characterization to nonlinear function
approximators remains an open problem, consistent with the current state of DON-based MARL
theory [39]. (iii) the Q-function is Lo-Lipschitz continuous with respect to the augmented state s, i.e.,
1Q(s,a;¥) — Q(s’, a; Y)| < Lolls — s'|I; (iv) the replay buffer is sufficiently large; and (v) the learning
rate satisfies the Robbins—Monro conditions: Y, @; = oo and Y, a* < oo. Then, the Q-values Q(s', a; y,)
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produced by IEDQN converge almost surely to an e-approximate Nash equilibrium, where

2yLoL &
e< 0L (5.9)
(I-v)
with 61 = sup,o1(t) denoting the worst-case C,-perturbation of 1, induced by multi-agent

non-stationarity, and Ly the Lipschitz constant of Q with respect to the augmented state.

Remark 5.1 (Empirical validation of o). The quantity o7y is not directly observable during training;
however, it can be proxied by the inter-agent Q-value divergence
61(t) = + ZLHQ(sﬁ, 5¥1) = O(si, 5 ¥1)||,» where Q denotes the mean Q-vector across agents. Figure 9
shows that &, decreases monotonically to near zero over training episodes on both the Easy (N =5) and
Hard (N = 10) tasks, which is consistent with the requirement oy — O for the Nash gap € in (5.9) to
vanish. The faster decay of ¢, under IEDQN + DADC further confirms that delay-compensated
communication reduces joint-policy non-stationarity. We note that Assumption (ii) adopts a linear
function approximator to enable a tractable closed-form bound; the deep-network implementation used
in practice is treated as future theoretical work, consistent with standard practice in DQN-based MARL
analysis [39]. To further quantify the information recovery of the augmented state sﬁ = [mﬁlloi], we
compare DADC against a fully-observable Oracle agent that receives the complete global state s
directly. As reported in Table 6, the performance gap between DADC and the Oracle is within 3.5%
across all task difficulties, confirming that the Info-Block and Mess-Net together recover the vast
majority of globally relevant information and validating the “near-fully-observable” characterization of
the augmented state.

Proof. [Proof sketch] Under the linear function approximation in Assumption (ii), the projected Bellman
operator II7™ is a ry-contraction in the || - [|,-norm weighted by the stationary distribution u of the
Markov chain induced by the behaviour policy [39]. In the multi-agent case, the effective Bellman
operator for agent i is perturbed by the coordination message m! = f,(I;; 8"). Since f, is L-Lipschitz
(Assumption (1)) and Q is Lp-Lipschitz in s (Assumption (iii)), the perturbation in the Q-target satisfies
ly: — yi| < yLoL o1(f), where I is the token matrix evaluated under the stationary joint policy and
o1(t) = sup, [|[I,(s) — L™(s)ll,. Summing this perturbation over the 1/(1 — ) effective horizon and
applying the two-timescale stochastic approximation theorem [40] yields the bound in (5.9). The full
proof is provided in Appendix B.

5.5.3. Computational complexity

Per time step, the Info-Block requires O(N - dj, - d,,) multiply-add operations. The Mess-Net,
implemented as a two-hidden-layer MLP of width dy;q, incurs O(N? - a’ﬁi 4) operations. The Q-Net adds
O(dfli ) per agent. Total per-step complexity is therefore O(N zdﬁi +)» 1dentical in order to naive all-to-all
broadcasting, while achieving consistently better coordination quality across all evaluated settings, as
demonstrated experimentally in Section 7.
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6. DADC: Dual-attention delay-aware communication

6.1. Communication delay environment formulation

In practical LEO satellite constellation deployments, information transmitted between spatially
separated spacecraft must traverse multiple relay hops, introducing stochastic and heterogeneous delays
that render assumptions of ideal, zero-latency communication fundamentally invalid. To model this
realistically, we partition the agent set NV into two neighbor categories for each agent i at time #:

e Real-time neighbors C! = {j | d;j(t) < r.,, j € N, j # i}: agents within the single-hop
communication radius r. = V2 (normalized units), whose messages arrive within the same control
slot.

e Delayed neighbors O = {k | dy(t) > r., k € N, k # i}: agents requiring multi-hop relay, whose
messages experience a stochastic delay:

7i, ~ Uniform{1,..., Toeay}, k€ D, (6.1)

where T4y 1s the maximum delay in slots, and the Euclidean inter-agent distance is

di0) = N0 = x0) + (0i(8) — v, ) 6.2)
Agent i receives two classes of communication content at time ¢

m;. = {m; | jeCi}, (6.3)
Pip={m lkeDl ¢ =t—1} (6.4)

To limit interference from severely outdated messages, a delay reception window 7, is imposed:
delayed messages with hop count exceeding 7. are discarded:

, oot < T,
t {ml,k Tz,k (65)

ml,k = . l’
0, ifr,, >T,.

6.2. DADC network architecture

To address the challenges arising from this delay environment, we propose the dual-attention delay-
aware communication network (DADC), whose overall structure is illustrated in Figure 4.
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| Soft Attention

DAII {ﬁli;‘}jeN

R
Transformer
Encoder
t-1
B?,n’E Dt t
m

Buffer D I ineCy

Figure 4. Overall structure of the DADC network. The DAII module integrates real-time
messages m; . and buffered delayed messages pZD via a Transformer encoder. The DAIF
module subsequently applies hard attention (Gumbel-softmax) and soft attention (scaled
dot-product) to filter and weight the fused representations before feeding them to the value
and action networks.

DADC consists of two complementary sub-networks:

(1) Delay-aware information integration network (DAII): fuses real-time and delayed messages into a
unified context representation using a Transformer encoder.
(2) Dual-attention information filtering network (DAIF): applies cascaded hard and soft attention over
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the fused representations to select relevant teammates and allocate importance weights.

6.3. Delay-aware information integration (DAII)

Agent i first generates its own communication token via an MLP
mj; = MLP(0;), (6.6)

and retrieves buffered delayed messages from its cache pool B!-) for all n” € D. The complete message
set received by agent i at time 7 is

M; = {mi;}um;, U PZD’ (6.7)

which is then fed into the transformer encoder to produce fused context representations {7 ,.} jeN-

6.3.1. Transformer encoder

The transformer encoder [23] used in DAII is depicted in Figure 5 and consists of L, stacked layers,
each containing: (i) a multi-head self-attention (MHSA) sub-layer, (ii) a position-wise feed-forward
(FF) sub-layer, and (iii) residual connections with layer normalization (LN) after each sub-layer.

Input ‘( Multi-Head . :
Inputs%( Bl | 'k Attention MNormahze % 7

XN

Figure S. Structure of the transformer encoder used in DAII. The multi-head self-attention
sub-layer captures dependencies across messages of arbitrary delay order, while residual
connections and layer normalization ensure training stability.

The MHSA sub-layer with H heads computes
MHSA(X) = Concat(head,, . .., head,)W?, (6.8)

where each attention head is
XWEXWK)T
Vi

Here, Wf, WKW/ e Rén*dx are Jearnable projection matrices and d; = d,,/H is the per-head dimension.
The self-attention mechanism is critical for handling arbitrary-order delayed messages: unlike recurrent
networks that process sequences chronologically, the Transformer attends to all messages simultaneously,
rendering it invariant to the permutation of delayed message arrival times.

head, = Softmax( ]Xw,f. (6.9)

6.4. Dual-attention information filtering (DAIF)
The DAIF module takes the fused representations {ﬁlij} from DAII and applies a two-stage attention
pipeline to identify and weight relevant teammate information.
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6.4.1. Hard attention (teammate selection)

Hard attention performs discrete teammate selection via a Gumbel-softmax gate [16]:

w! ; = GumbelSoftmax(FC(LSTM([7i. ., i 1)) (6.10)

1,0°

where LSTM(:) encodes the temporal dynamics of each pairwise message pair and FC(-) projects
the hidden state to a binary logit. The Gumbel-softmax reparametrization provides straight-through
gradients through the discrete selection, enabling end-to-end differentiable training. Let W} = {w}] i
denote the binary selection mask; the filtered representation is

Wi =W il ) n (6.11)

6.4.2. Soft attention (importance weighting)

Soft attention further refines the filtered set by computing scaled dot-product weights

(i wo)T Gl W)
xp\

1 Tt ’
(mi’iwq) (mi,j/ W) )

Zj/ exp( T

Al _
Lj

(6.12)

where w, and w; are learnable query and key projection vectors. The final weighted representation
passed to the value and action networks is

Tt _ At t At
Wi = Z Wij Wij - M. (6.13)
JEN

6.4.3. Value and action networks
The final representation Wf is fed independently into two fully connected networks: a value network

producing v} and an action network producing a!, following the dueling network architecture [17] for
improved Q-value estimation stability.

The complete per-step execution procedure of DADC is summarized in Algorithm 2.
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Algorithm 2 DADC Execution (per agent i, per step f)

Require: Observation of, buffer 8!™!, window T,
Domp, = MLP(0})
: mlf’c = {mf’j | jeCl
) U {mik |ke D, 7, <T))
: Discard messages with Tik > T,
iJ
: Hard attention:
: for each agent j € N do
w;j = GumbelSoftmax(FC(LSTM([/#! n%; j])))

0

1
2
3
4
5: {i; .} = TransformerEncoder(M;)
6
7
8
9

: end for
10: Soft attention:
11: for each agent j € N do
12: Wi ; = Softmax (7} ,w,) " (% ;Wi)/ Vdy)
13: end for
14: Compute final representation:
150 W= Y jen Wi, wh - il
16: a} = ActionNet(Wl.’)
17: Update buffer with {m; j}

Ensure: Action a!

6.5. Convergence and complexity of DADC

Proposition 6.1 (Delay compensation bound). Under the DADC framework with delay reception
window T, and maximum delay T ge1ay, the expected performance gap AJ between DADC and the oracle
(zero-delay) policy satisfies

2,)/T,+1

AJ <
=12,

. Vmax» (6 14)

where Vi is the maximum single-step reward.

Proof. [Proof Sketch] Messages with delay 7 > T, are discarded (set to 0). The information loss from
discarding a message of delay 7 contributes at most y*V,,,.x to the cumulative reward gap. Summing
over all 7 > T, and bounding by a geometric series yields (6.14).

The per-step computational complexity of DADC is O(N?d,, + NHd;L,.), where the first term
accounts for DAII pairwise attention and the second for the Transformer encoder with H heads, key
dimension dj, and L., layers. For the settings in Section 7 (N < 10, H = 4, d;, = 16, L¢,. = 2), this is
tractable on standard onboard processors.

To substantiate this claim with concrete measurements, Table 3 reports the per-step inference latency
and memory footprint of DADC for N € {5,7, 10}, measured on a single-core ARM Cortex-AS53
processor (1.4 GHz, representative of modern space-grade embedded processors [41]), and compared
against the slot duration At = 10 ms.
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Table 3. DADC per-step inference latency and memory footprint (H =4, d k = 16, L_enc = 2,
dm=64,Tr=2).

N  Inference Memory Buffer Latency/
Latency (ms) (MB) (KB) Ar (%)

5 0381 1.23 2.5 8.1%

7 134 1.23 3.5 13.4%

10 2.17 1.23 5.0 21.7%

All inference latencies remain well below the 10 ms slot duration At, leaving sufficient margin for
physical-layer operations. The model parameter memory (1.23 MB) is independent of N since the
Transformer and attention weights are shared; only the delay buffer grows with N, reaching
merely 5.0 KB at N = 10, well within the memory budget of modern CubeSat processors (= 256 MB
RAM). These results confirm the feasibility of onboard DADC deployment across all evaluated
constellation scales.

7. Experiments and performance evaluation

Section 7 is organized as two complementary evaluation tiers that address distinct but
related questions.

Tier 1 (Sections 7.1.2-7.7) isolates the MARL coordination capability of DADC using a cooperative
search benchmark. This task is adopted as a controlled proxy for delay-aware multi-agent coordination
because: (i) it provides a clean, reproducible measure of how well agents share information under
stochastic delay, the core challenge DADC addresses; (ii) it is the standard evaluation protocol used by all
communication-MARL baselines we compare against (CommNet, I[C3Net, MAGIC, DACOM), enabling
fair comparison; and (iii) the grid topology and inter-agent distance model in (6.2) directly mirrors
the sparse connectivity structure of a LEO constellation, where only nearby satellites are real-time
neighbors and distant ones suffer multi-hop delay per (3.5). The coordination quality measured in Tier 1
(steps-to-completion) serves as a sufficient statistic for the decision layer’s cooperative performance,
independent of physical-layer specifics.

Tier 2 (Section 7.8) embeds the full IPCP stack, with DADC as the decision layer, into an NS3-based
LEO constellation simulator to evaluate end-to-end protocol-level KPIs: throughput, E2E latency, packet
loss, and energy efficiency. This tier validates that Tier 1 coordination gains translate directly to real
communication performance improvements.

Together, the two tiers answer: (1) Is DADC a better delay-aware coordination mechanism? and
(2) Does better coordination yield better satellite communication protocols?

7.1. Simulation environment setup
7.1.1. NS3-Based constellation simulator

All experiments are conducted on a custom satellite constellation simulator built on NS3 (v3.38) [21],
using TLE-based Walker constellation trajectories at 550 km altitude with Rician fading (k = 4 dB),
Doppler shifts, and AWGN (0> = —110dBm). Narrowband jamming, multipath, and co-channel
interference are injected stochastically to stress-test protocol robustness. The cooperative search task
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serves as a tractable benchmark for delay-aware MARL evaluation, following standard practice [16].

Table 4 summarizes the complete simulation parameter settings for reproducibility.

Table 4. NS3 simulation parameter settings.

Parameter Value Parameter Value

Orbital configuration Traffic model

Constellation type Walker delta Traffic type Mixed (CBR + Poisson)
Altitude 550 km Packet size 512 bytes

Orbital inclination 53° Arrival rate A 8 Mbps per node
Number of planes 4 QoS classes 3 (telemetry/imagery/msg)
Satellites per plane 3(N=12) MCS Settings

Simulation duration 60 min Modulation schemes QPSK, 16QAM, 64QAM
Mobility update interval 5 Code rates Ri/2, Ryy3, R34

ISL Configuration SINR threshold (QPSK) 6dB

ISL bandwidth 250 MHz SINR threshold (16QAM) 12dB

Transmit power 10dBW SINR threshold (64QAM) 18dB

Antenna gain (Tx/Rx) 32dBi/32dBi Protocol & Baseline

Carrier frequency Ka-band (26.5 GHz) | Frame structure Hybrid TDMA/FDMA
Single-hop range r, 1,800 km Sub-channels K 10

Channel Model Slot duration At 10 ms

Fading model Rician (x = 4dB) Routing (baseline) Static shortest-path
Noise power o —-110dBm SDN-Adaptive OSPF-TE, 5 s update
Doppler model Ephemeris-based DACOM+IPCP GRU buffer, window =3
Interference Narrowband + co-ch

Each agent corresponds to a satellite node; the grid position (x;, y;) represents a normalized orbital
position. The real-time neighbor condition d;; < r. = V2 in (6.2) corresponds to single-hop ISL

reachability in (3.5);

agents beyond r.

communicate via multi-hop relay with delay

7~ Uniform{l, ..., T4y}, identical to the constellation delay model. Target discovery events model
bursty channel opportunities (e.g., ground-station visibility windows) that require rapid cooperative
response. The reward structure (+1 per new target, —0.01 per step) mirrors the
throughput-maximization / latency-minimization trade-off in (3.9). This structural equivalence ensures
that coordination improvements measured in steps-to-completion directly reflect improvements in
cooperative channel access and resource scheduling in the satellite setting.

7.1.2. Cooperative search task

N agents search for N, randomly distributed targets in an Lx L grid, with team reward +1 per newly
discovered target and —0.01 per step. Three difficulty levels are evaluated: Easy (N =5, 10 x 10,
Ny =5), Medium (N =7, 15 X 15, Ny =7), and Hard (N =10, 20 x 20, Ny =10). All comparison
experiments use Tgelay =3, T =2; sensitivity experiments vary T, €{1,2, 3}.
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7.2. Hyperparameter configuration

Table 5 lists the DADC hyperparameters. Hidden size 64 balances expressiveness and efficiency;
sizes > 128 caused mild overfitting on easy without gains on Medium/Hard. The transformer uses 2
layers and 4 heads.

Table 5. Hyperparameter settings for DADC.

Hyperparameter Value Hyperparameter Value

Max. episodes (Easy/Med./Hard)  500/1000/1000 | Optimizer RMSprop

Steps per episode 10 Learning rate (Easy/Med/Hard)  Se-4/3e-4/3e-4
Replay buffer / Batch 500/ 32 Discount y 0.99

Hidden size 64 g-greedy decay Linear, first 200 ep.
Transformer layers / heads 2/4 Target update freq. C 100 steps

Per-head dim dj, 16 Toctay / T 5/ 2 slots

7.3. Baseline methods

We compare against: CommNet [14] (mean-field broadcast), IC3Net [15] (learned gating),
TarMAC-IC3Net [31] (targeted messaging), MAGIC [16] (graph-attention), DACOM [13]
(delay-aware GRU fusion), and IEDQN (ours, without DADC) as an ablation baseline. All methods are
trained under identical delay environments (7g1ay =5) with the same hyperparameter budget. Note that
CommNet, IC3Net, TarMAC, and MAGIC were not originally designed for delay-aware satellite
communication environments; they are included to quantify the performance degradation caused by
ignoring communication delay, rather than as direct architectural competitors. DACOM [13] is the most
relevant prior work as the only delay-aware baseline, and therefore constitutes the primary head-to-head
comparison. All baselines are trained under identical delay conditions (Tgc1ay = 5) to ensure a controlled
and fair evaluation.

7.4. Performance comparison results

40 ‘ | —— CommNet
— IC3Net

35 ~ —— TarMAC-IC3Net |
= —— DADC
g 30 ) L
©
825
(7]
&

20 o e >

"M "'v\,\_;/\. ATV W O G, P VT WA T WIS WAL W v\ Moy
15 |
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Figure 6. Training convergence: Easy task (5 agents, 10 x 10).
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0 200 400 600 800 1000
Epochs

Figure 7. Training convergence: Medium task (7 agents, 15 X 15).

7.4.1. Training convergence

Figures 6-8 show training curves (mean steps-to-completion, smoothed over 20 episodes) across all
difficulties. DADC achieves the lowest converged step count and highest stability on all three tasks;
on Medium, it converges 2X faster than MAGIC and 3x faster than CommNet. Figure 9 shows that &,
decays to near zero under both IEDQN and IEDQN + DADC, consistent with the Nash-gap convergence
requirement of Theorem 5.1.
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Figure 8. Training convergence: Hard task (10 agents, 20 X 20).
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Figure 9. Inter-agent Q-value divergence ¢, over training on Easy (N =5) and Hard (N=10)
tasks. DADC accelerates convergence by ~ 1.3X on the Hard task

7.4.2. Converged performance

Table 6 reports mean + std steps-to-completion over 5 seeds. DADC achieves the best performance
at all difficulty levels. Table 7 quantifies the improvements: DADC outperforms the closest delay-aware
prior work (DACOM) by 7.9%-13.9%, the best delay-agnostic baseline (MAGIC/TarMAC) by 6.9%—
32.3%, and CommNet by up to 39.4% on the Hard task. MAGIC’s degradation under delay is explained
by its graph-attention structure being sensitive to message ordering: out-of-order arrivals corrupt the
learned attention weights, whereas DADC’s Transformer-based buffer fusion is permutation-invariant

by design.

Table 6. Mean steps-to-completion after convergence (| better, Mean + Std over 5 seeds).

Method Easy Medium Hard

CommNet 21.60 £2.14 40.29 +3.87 62.75 +£5.42
IC3Net 25.03 £3.41 39.37+4.12 51.74+6.18
TarMAC-IC3Net  18.62 +1.93 32.24 +2.76 43.68 +4.55
MAGIC 19.67 £2.08 25.70 +£2.31 42.35+3.97
DACOM 1547 £ 1.31 2443 +1.97 41.28 +3.52
IEDQN 16.84 + 1.52 24.17 +£2.04 40.93 +3.21
DADC (Ours) 13.32 + 0.97 23.92 +1.63 38.02 +2.88
Oracle (fully obs.) 12.91 £0.84 23.54 + 1.41 36.81 +2.63
Gap vs. Oracle 3.2% 1.6% 3.3%
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Table 7. performance improvement over key baselines (% reduction in steps-to-completion, |
better).

Comparison  Easy = Medium Hard

vs. DACOM 13.9% 2.1% 7.9%
vs. MAGIC 323% 6.9% 10.2%
vs. CommNet 38.3% 40.6% 39.4%

7.5. Ablation study

Table 8 presents a component-wise ablation on the Hard task (N = 10, 20 x 20). The delay
buffer contributes most (+17.6% when removed), followed by the Info-Block (+21.3%) and Mess-Net
(+31.1%), confirming that structured token communication and centralized coordination are the two
most critical components. The disproportionately large degradation caused by removing Mess-Net
(+31.1%) can be explained from a communication-theoretic perspective: Mess-Net serves as the sole
global coordination channel in IEDQN—without it, each agent conditions its Q-function only on its local
observation ¢!, effectively reverting to independent Q-learning. Under partial observability, this causes
severe non-stationarity: each agent’s environment appears non-stationary because teammates update
their policies simultaneously without any coordination signal, leading to unstable Q-value estimates
and degraded joint performance [21]. The 31.1% step increase directly reflects this coordination loss.
Replacing the Transformer with an MLP costs +9.3%, validating permutation-invariant message fusion.
Both DAIF attention stages contribute positively, with hard attention (+6.0%) outweighing soft attention
(+4.9%).

Table 8. Ablation study on the Hard task (N =10, 20 x 20).

Variant Steps A vs Full
Full DADC 38.02 +2.88 —

w/o Transformer (MLP) 41.57 £3.64 +9.3%
w/o Hard attention 40.31 £3.19 +6.0%
w/o Soft attention 39.88 +3.05 +4.9%
w/o Delay buffer 4473 +4.21 +17.6%
w/o Info-Block 46.12 £5.03 +21.3%
w/o Mess-Net 4983 +5.61 +31.1%

w/o Parameter sharing 4327 +4.38 +13.8%

IEDQN only (no DADC) 4093 +3.21 +7.7%
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7.6. Sensitivity of delay reception window T,
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Figure 10. Sensitivity to 7, on the Hard task. Gains saturate beyond 7', =2.
As illustrated in Figure 10, increasing 7', yields diminishing returns beyond 7, =2. Table 9 shows
that increasing 7', from 1 to 2 notably improves convergence speed (episode 620—510) and reduces

variance, while the marginal gain from 7, =2 to 7,,=3 is only 0.3%, confirming 7, =2 as the optimal
trade-off between performance and memory.

Table 9. Effect of T, on DADC (Hard task).

T, Steps Conv.Ep. Std Dev
1 40.87 =620 3.94
2
3

38.02 =510 2.88
3791 =480 2.76

7.7. Scalability analysis

Table 10 evaluates DADC against top baselines for N €{5,7, 10, 15,20}. DADC’s advantage over
MAGIC grows monotonically from 6.9% (N = 7) to 23.0% (N = 20), consistent with the known
brittleness of graph-attention methods under message reordering [13]. Figure 11 further visualizes this
trend, confirming that DADC’s advantage widens with constellation size. From the O(N?d,,) per-step
complexity, N = 100 requires 25X the compute of N = 20, remaining feasible for clusters of up to
~50 satellites on modern space-grade processors (~10 GFLOPS); larger constellations motivate the
hierarchical extension discussed in Section 8.
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Table 10. Scalability results. N {15, 20} retrained with 1500/2000 max episodes.

N Grid DADC MAGIC TarMAC DACOM
5 10x10 13.32 19.67 18.62 15.47

7 15x15 23.92 2570 32.24 24.43

10 20x20 38.02 42.35 43.68 41.28

15 30x30 6147 74.83 79.21 69.14

20 40x40 91.34 118.62 131.07 105.83
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7.8. Protocol-level performance on NS3 simulator

Having established DADC’s superiority as a delay-aware coordination mechanism in Tier 1, we now
validate that these gains propagate to protocol-level communication KPIs when DADC is deployed
as the decision layer of the full IPCP stack on an NS3-based LEO simulator. As shown in Table 11,
replacing the IEDQN-only decision layer with IEDQN + DADC yields +17.9% throughput and —14.4%
E2E delay, directly attributable to DADC’s delay-compensated coordination, a result quantitatively
consistent with the 7.7% step-reduction observed in the Tier 1 ablation (Table 8, last row).

Figure 12 plots throughput and end-to-end delay over the full 60-minute simulation. IPCP Full
reaches within 5% of converged throughput by 7~ 15 min (1.5% faster than SDN-Adaptive), sustains the
smallest handover dip (= 0.7 Mbps vs. = 1.4 Mbps for SDN-Adaptive), and achieves the lowest steady-
state variance (+ 1.4 Mbps), attributable to the topology tracker proactively anticipating link outages.
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Figure 12. Dynamic (a) throughput and (b) E2E delay over 60-min LEO simulation (N =12).
Dotted lines: handover events (~ 13.5 min interval).

Table 11 reports converged metrics averaged over the final 20 min and 5 runs. IPCP Full IEDQN
+ DADC) achieves +100% throughput, —39.9% E2E delay, —75.1% packet loss, +99.7% bandwidth
utilization, and —49.9% energy-per-bit versus the static baseline, and +12.5% throughput, and —9.4%
delay versus DACOM + IPCP Stack.

Table 11. Converged protocol-level performance (Walker, 550 km, N = 12, 60-min simulation,
mean + std over 5 runs). MAGIC and DACOM replace only the decision layer. T higher is
better; | lower is better.

Throughput E2E Delay Pkt Loss BW Util. E/bit

Protocol (Mbps) T (ms) | @)L %1 W@l
Static baseline 18.4+1.2 187.3+14.6 8.73 38.2 4.81
SDN-Adaptive [24] 27.6+2.1 143.8+11.3 5.21 57.4 342
MAGIC + IPCP [16] 283+24 1382+ 12.1 4.93 59.1 3.28
DACOM + IPCP [13] 32.7+1.9 1243+ 104 3.41 67.8 2.74
IEDQN only (w/o DADC) 31.2+1.8 131.5+9.7 3.84 64.7 2.97
IPCP full (Ours) 36.8+14 112.6 £+ 8.2 2.17 76.3 2.41

¥ Replacing IEDQN with DADC yields +17.9% throughput and —14.4% E2E delay over IEDQN-only,

consistent with the 7.7% step-reduction in the Tier 1 coordination ablation (Table 8, last row).
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7.9. Sensitivity analysis of reward weights

To validate robustness to reward weight selection, we fix wy = 0.1 and vary (w;, w,, w3) subject to
S K wr = 1, evaluating six representative configurations on the NS3 simulator (5 runs, 60 min). Results
are reported in Table 12.

Table 12. Reward weight sensitivity analysis (Walker, 550 km, N = 12).
wy  wp ws  Throughput (Mbps)T E2E Delay (ms)| Pkt Loss (%)]

0.6 02 0.1 341+1.38 1193 +9.4 2.63
05 03 0.1 352+1.6 115.8 £8.9 241
04 03 0.2 368 +1.4 112.6 + 8.2 2.17
03 04 02 357+ 1.7 1142 + 8.6 2.29
03 03 03 349+19 116.5+9.1 2.38
02 05 02 33.6 £ 2.1 1214 £ 10.2 271

Across all configurations, throughput varies within + 4.9% and E2E delay within + 7.8 ms relative to
the PSO-optimized setting (bold row), confirming that IPCP is robust to moderate perturbations in the
reward coeflicients.

8. Conclusions

This paper presented IPCP, a unified MARL-driven protocol for LEO satellite constellation
communication that simultaneously addresses channel dynamics adaptation, multi-objective resource
optimization, and cooperative decision-making under stochastic multi-hop delay.

IEDQN tackles multi-agent non-stationarity via a shared Info-Block, a receiver-specific Mess-Net,
and a shared Q-Net on augmented near-fully-observable states, with formal convergence to an e-
approximate Nash equilibrium guaranteed under mild Lipschitz conditions. DADC addresses stochastic
delay through a Transformer-based DAII encoder for permutation-invariant message fusion and a dual-
attention DAIF module; the performance gap to the oracle zero-delay policy decreases exponentially
with reception window 7'.. On the NS3 Walker constellation simulator (12,550 km), [PCP Full achieves
+100% throughput, —39.9% EZ2E latency, —75.1% packet loss, and —49.9% energy-per-bit over the static
baseline, while outperforming all MARL baselines across N = 5-20 agents with a scalability advantage
that widens with constellation size.

Several directions remain open. Hardware validation: Future work should test IPCP on SDR-
based hardware-in-the-loop testbeds with STK-generated ephemeris data. Mega-constellation scaling:
Hierarchical MARL architectures, local DADC groups with a higher-level IEDQN inter-group module,
provide a natural path toward 3000+ satellite deployments. Adversarial robustness: Minimax or certified-
defence RL formulations are needed for contested environments subject to jamming or state-injection
attacks. Online adaptation: Meta-learning could enable rapid policy fine-tuning after satellite failure or
orbital maneuver without full retraining. Link failures and graceful degradation: Onboard exception
handlers must maintain service continuity when ISLs fail mid-episode, requiring fault-tolerant extensions
to the IEDQN policy update rule. Asynchronous learning updates: Satellites with heterogeneous onboard
processors will complete gradient steps at different rates, violating the synchronous update assumption
in the current training procedure; asynchronous MARL methods provide a natural remedy. Radiation-

Electronic Research Archive Volume 34, Issue 8, 5546-5579.
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induced computation errors: Space-grade processors are susceptible to single-event upsets that corrupt
model weights or activations, motivating the study of radiation-hardened inference techniques or periodic
weight-checkpointing strategies. Sensing uncertainty: The current perception layer assumes reliable
SINR estimation; in practice, pilot contamination and fast fading may degrade observation quality,
motivating robust state-estimation modules at the PL-DL interface.
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Appendix

Appendix A: Proof of Theorem 5.1: Convergence of IEDQN

We establish almost-sure convergence of IEDQN to an e-approximate Nash equilibrium. We impose
four assumptions: A1 (Lipschitz Mess-Net) || f:(I) — f;I")|| < L|I-T'||; A2 (Sufficient Exploration) & > 0
and Y, & = c0; A3 (Robbins—Monro) 3, @; = o0, 3, @ < c0; A4 (Bounded Rewards) |ri] < Fmax < 0.

Proof. The effective Bellman operator for agent i in IEDQN is
(T"Q)(si ;) = E|r; + ymax Q(s},a) |, (A.D)

where s/ = [m(||o] depends on the non-stationary joint token matrix I'. Let oy(¢) = sup, |[L(s) — E*(s)ll»
denote the non-stationarity perturbation relative to the stationary policy 7*. By Al, |lm} — m|| < Loy(t),
and since Q is Ly-Lipschitz in the augmented state, the Q-target perturbation satisfies [y, — y;| <
’)/LQLO' 1(0).

The Q-update is a noisy fixed-point iteration ¥, = ¥, — ,V, L(Y) + a,&;, where &, is zero-mean with
bounded variance (A4). By the two-timescale stochastic approximation theorem [40], under A1-A4,
{O,} converges almost surely to a fixed point Q* of T Iterating the contraction inequality over the
1/(1 — ) effective horizon and letting &y = sup, oy(¢) gives

’)/LQLO_'I
(1-y2’

so the Nash gap satisfies € < 2||Q* — ON®||, < 2yLoLa1/(1 —y)*.

10" — O™™"||, < (A.2)

Corollary .1 (Effect of coordination quality). If the Mess-Net is trained to minimize L (e.g., via spectral
normalization), the Nash gap decreases proportionally. As L — 0, the bound recovers the standard
single-agent linear-FA convergence guarantee [39].

Appendix B: Complexity analysis

Table B1 summarizes the per-step computational and communication complexities of all methods.
IEDQN and DADC both incur O(N?>d) communication overhead, identical to naive broadcasting, while
achieving consistently superior coordination. The DADC communication buffer requires O(NT,d,,)
additional memory per agent; for N=10, 7, =2, d,, =64, this is 1280 floats, well within the budget of
modern CubeSat processors.

Electronic Research Archive Volume 34, Issue 8, 5546-5579.



5579

Table B1. Per-step complexity (N: agents, d: hidden dim, H: heads, n: sequence length).

Method Compute Comm.
CommNet [14] O(Nd?) O(N*d)
IC3Net [15] O(Nd?) O(N*d)
MAGIC [16] O(N*d) O(N*d)
IEDQN (Ours) O(N?d?) O(N*d)

DADC (Ours) O(N*d + n*Hd) O(N*d)

*Concrete inference latency and memory measurements for DADC with N € {5, 7, 10} are provided in Table 3 (Section 6.5).
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