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Abstract—Determining the ground truth from conflicting satel-
lite reports is a critical challenge in Low Earth Orbit (LEO)
mega-constellations. Existing Graph Neural Network (GNN)
approaches model satellite networks as homogeneous graphs,
discarding the rich multi-modal relationships that govern trust.
This paper presents AEGIS-GNN, a multi-relational hetero-
geneous GNN architecture for satellite truth discovery. Our
framework makes three contributions: (1) a multi-edge graph
construction capturing four complementary relationship types:
.communication links, spatial proximity, feature similarity, and
orbital plane membership, each encoding a distinct trust-relevant
modality; (2) a hybrid residual GNN stack that alternates
spectral (GCN) and spatial (GraphSAGE) convolutions with a
novel learned residual gating mechanism that adaptively blends
new and prior representations per feature dimension; and (3)
relation-specific multi-head attention that learns differentiated
neighbor weighting across edge types. We further integrate a
lightweight blockchain anchoring layer for operational verifia-
bility. Experiments on 1,008 satellite nodes with 557,158 multi-
type edges across 5 random seeds demonstrate 92.47 ± 0.41%
accuracy, 0.9568 ± 0.005 F1-score, and 93.85 ± 0.52% AUC,
significantly outperforming six baselines including HGT (+3.5%),
R-GCN (+4.4%), and HAN (+3.8%). Comprehensive ablation
studies validate each component, with learned residual gating
contributing the largest single gain (+7.7%) and feature simi-
larity edges providing +6.8% accuracy improvement. Sensitivity
analyses across key hyperparameters confirm the robustness of
the proposed architecture.

Index Terms—Graph Neural Networks, Heterogeneous
Graphs, Multi-Relational Learning, Truth Discovery, LEO Satel-
lite Networks

I. INTRODUCTION

Low Earth Orbit (LEO) satellite constellations have

grown from experimental deployments to operational mega-

constellations comprising thousands of satellites. Networks

such as Starlink (over 6,000 satellites), OneWeb, and the

planned Kuiper constellation provide global broadband con-

nectivity but introduce a fundamental trust challenge: when

multiple satellites report conflicting observations about net-

work conditions, traffic patterns, or security events, how

should the system determine which reports are truthful? A

single compromised satellite injecting falsified telemetry can

cascade into widespread routing failures, making principled

trust evaluation essential for operational safety.

Graph Neural Networks (GNNs) have emerged as natural

candidates for this problem, as satellite networks inherently
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form graphs where nodes represent satellites and edges repre-

sent inter-satellite relationships [1]. GNNs leverage message-

passing mechanisms to aggregate neighborhood information,

enabling each node to refine its representation based on the

broader network context [2], [3]. However, applying standard

GNN architectures to satellite trust evaluation reveals two

fundamental limitations.
First, existing architectures predominantly assume homo-

geneous graphs, yet a satellite’s trustworthiness depends on

multiple relationship types simultaneously: communication

topology, spatial proximity, behavioral similarity, and orbital

mechanics. Collapsing these into a single edge type discards

complementary information essential for accurate detection.

While heterogeneous GNN methods [4]–[6] can handle mul-

tiple edge types, they have not been applied to multi-modal

satellite trust relationships where each modality captures fun-

damentally different physical or behavioral signals. Second,

standard residual connections in deep GNNs use fixed additive

skip paths [7], [8], treating all feature dimensions uniformly.

We hypothesize that in heterogeneous satellite graphs, different

feature dimensions encode qualitatively different information

(e.g., orbital dynamics vs. behavioral patterns) and should be

blended adaptively rather than uniformly.
This paper introduces AEGIS-GNN (Anchored Edge-

heterogeneous Graph Intelligence System), a framework that

addresses these limitations through the following contribu-

tions:

• Multi-Edge Heterogeneous Graph Construction. We con-

struct graphs with four distinct edge types: communi-

cation, spatial proximity, feature similarity, and orbital

plane. Each encodes a different modality of satellite

interaction. Our ablation study demonstrates that this

multi-modal representation yields +10.4% accuracy over

communication-only graphs.

• Hybrid Residual GNN with Learned Gating. Our archi-

tecture alternates GCN (spectral) and GraphSAGE (spa-

tial) convolutions, introducing learned residual gating
vectors that perform per-dimension adaptive blending be-

tween new convolution outputs and prior representations.

This mechanism yields the largest single ablation gain

(+7.7%), substantially outperforming fixed skip connec-

tions [7] and GCNII-style identity mapping [8].

• Relation-Specific Multi-Head Attention. We employ

relation-aware attention coefficients that learn differen-

tiated neighbor weighting across the four edge types,

enabling the model to discover which relationship modal-



ities are most informative for each node.

Additionally, we integrate a lightweight blockchain an-

choring layer for operational verifiability in multi-operator

deployments, though we emphasize that the GNN architecture

is the primary contribution.

II. RELATED WORK

A. Graph Neural Networks
GNNs have become the dominant paradigm for learn-

ing on graph-structured data. GCN [2] introduced spectral

convolutions via polynomial filters on the normalized graph

Laplacian. GraphSAGE [3] shifted to spatial aggregation with

neighborhood sampling, enabling inductive learning on unseen

nodes. GAT [9] introduced attention-based neighbor weight-

ing. GIN [10] established theoretical connections between

GNNs and the Weisfeiler-Leman graph isomorphism test.

These foundational architectures assume homogeneous graphs

with a single edge type.

B. Heterogeneous Graph Neural Networks
Real-world graphs often contain multiple node and edge

types. R-GCN [6] extended GCN with relation-specific weight

matrices and basis decomposition for parameter efficiency.

HAN [4] introduced hierarchical attention over meta-paths.

HGT [5] employed type-specific transformers with hetero-

geneous mutual attention. HetGNN [11] combined content

aggregation with neighbor sampling for heterogeneous nodes.

SimpleHGN [12] demonstrated that GAT with learnable edge-

type embeddings can match more complex architectures. ie-

HGCN [13] proposed interpretable edge-type selection. Our

work differs in that we construct domain-specific edge types

encoding distinct physical and behavioral modalities rather

than relying on schema-defined meta-paths.

C. Deep GNNs and Residual Connections
Over-smoothing limits GNN depth, as node representations

converge with increasing layers [14]. Several approaches ad-

dress this: DeepGCN [7] adapted ResNet-style skip connec-

tions; GCNII [8] combined initial residual connections with

identity mapping; JKNet [15] used jumping knowledge to

adaptively select layer representations. Gated Graph Neural

Networks [16] employed GRU-style gating for recurrent mes-

sage passing. Our learned residual gating differs by computing

per-dimension sigmoid gates conditioned on the element-

wise product of current and prior representations, learning

which specific feature dimensions should be updated versus

preserved.

D. GNNs for Satellite and Communication Networks
GNNs have been applied to satellite networks for routing

optimization [17], resource allocation [18], and anomaly de-

tection in IoT networks [19], [20]. GTXChain [1] combined

GNNs with blockchain for IoT security. However, existing ap-

proaches use homogeneous graph representations that cannot

capture the multi-modal nature of satellite relationships. Our

work is the first to construct and evaluate heterogeneous multi-

edge satellite graphs for trust discovery.
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Fig. 1: AEGIS-GNN system architecture overview. LEO satel-

lites, ground stations, and user terminals form a heterogeneous

network with four edge types.

E. Truth Discovery

Truth discovery identifies reliable information from conflict-

ing multi-source data. Classical methods include CRH [21] and

CATD [22], which iteratively estimate source reliability and

truth values. Recent neural approaches [23] learn source em-

beddings end-to-end. Our framework extends truth discovery

to graph-structured satellite networks where spatial, orbital,

and behavioral relationships provide complementary evidence.

To the best of our knowledge, this work is among the first to

apply truth discovery to LEO satellite networks.

III. SYSTEM ARCHITECTURE

A. Network Model

As illustrated in Figure 1, the AEGIS-GNN network com-

prises LEO satellites, terrestrial storage servers, user termi-

nals, and ground stations. We model S satellites indexed

by S = {1, 2, . . . , s} organized into geographic regions

g1, g2, . . . , gM . The slant range between a satellite at altitude

H and a ground station is:

d(ε) = RE

⎡
⎣
√(

H +RE

RE

)2

− cos2 ε− sin ε

⎤
⎦ (1)

where ε is the elevation angle and RE = 6371 km is Earth’s

radius.

B. Multi-Edge Heterogeneous Graph Construction

A key insight is that satellite relationships are multi-modal:
the same pair of satellites may interact through communication

links, share spatial proximity, exhibit similar behavior, and

belong to the same orbital plane. We formalize this through

a heterogeneous graph G = (V, E ,R), where V = Vs ∪ Vg

is the node set comprising satellite nodes Vs and ground

station nodes Vg , E is the edge set defined below, and



Fig. 2: AEGIS-GNN architecture: spatio-temporal encoding feeds into a hybrid residual GNN stack with learned gating,

producing dual-head outputs for truth discovery.

R = {comm, spatial, feature, orbital} is the set of relation

types, and:

E = Ecomm ∪ Espatial ∪ Efeature ∪ Eorbital (2)

Communication Edges Ecomm: Direct inter-satellite links

(ISLs) based on line-of-sight visibility (|Ecomm| = 50). These

represent actual data exchange pathways and are the sparsest

edge type.

Spatial Proximity Edges Espatial: Connections based on k-

nearest neighbors in 3D orbital space (|Espatial| = 8,000 with

k=8):

e
(spatial)
ij = exp

(
−‖pi − pj‖2

σs

)
· I[j ∈ N (s)

k (pi)] (3)

where pi ∈ R
3 is the orbital position, σs > 0 is a band-

width parameter controlling the distance decay, and N (s)
k (pi)

denotes the set of k nearest neighbors of satellite i in orbital

space. Nearby satellites observe correlated environmental con-

ditions, so discrepancies signal potential anomalies.

Feature Similarity Edges Efeature: Connections between

nodes with similar behavioral patterns (|Efeature| = 507,528):

e
(feature)
ij = cos(zi, zj) · I[cos(zi, zj) > δf ] (4)

where zi = [τi;αi; ρi] encodes trustworthiness τ , historical

accuracy α, reliability ρ and δf ∈ (0, 1) is the cosine similarity

threshold. This is the densest and, as our ablation confirms,

most informative edge type.

Orbital Plane Edges Eorbital: Links between co-planar

satellites (|Eorbital| = 41,580):

e
(orbital)
ij = I[|θi − θj | < Δθmax] (5)

where θ is the orbital inclination and Δθmax = 0.2 rad.

IV. PROPOSED GNN ARCHITECTURE

A. Spatio-Temporal Encoders

Satellite positions and timestamps carry rich information

that raw feature vectors cannot capture. As shown in Figure 2,

we encode 3D orbital coordinates using sinusoidal positional

encoding [24], where ds is the spatial encoding dimension:

φs(pi) =

ds/6−1⊕
k=0

⎡
⎢⎣sin(ωkp

(x)
i ), cos(ωkp

(x)
i )

sin(ωkp
(y)
i ), cos(ωkp

(y)
i )

sin(ωkp
(z)
i ), cos(ωkp

(z)
i )

⎤
⎥⎦ (6)

where ωk = 10000−2k/ds provides multi-scale position aware-

ness and
⊕

denotes concatenation. The temporal encoder

applies the same scheme to Unix epoch timestamps, capturing

periodic patterns such as orbital periods (∼90 min for LEO)

and eclipse cycles. The initial node representation is:

h
(0)
i = W0[xi‖φs(pi)‖φt(ti)] + b0 (7)

where xi ∈ R
58 is the raw feature vector, ti is the Unix epoch

timestamp of node i, and φt(ti) is the temporal positional

encoding defined analogously to φs in Eq. 6.

B. Hybrid Residual GNN Stack with Learned Gating

A central design choice is to combine spectral and spatial

graph convolutions. GCN [2] captures global structural pat-

terns through polynomial filters on the graph Laplacian, while

GraphSAGE [3] enables inductive generalization to unseen

nodes through neighborhood sampling, which is critical for

newly launched satellites.Our stack alternates between these,

where A denotes the aggregated multi-relational adjacency

matrix, N the sampled neighborhood set used by GraphSAGE,

and l ∈ {1, 2, 3} the layer index:

h̃
(l)
i =

{
GCN(H(l−1),A) if l ∈ {1, 3}
GraphSAGE(H(l−1),N ) if l = 2

(8)

Standard residual connections [7] use fixed additive skip

paths, and GCNII [8] uses identity mapping with a fixed decay.

We observe that in heterogeneous satellite graphs, different

feature dimensions encode qualitatively different information,

ranging from orbital dynamics and behavioral signatures to

communication patterns, so not all dimensions benefit equally

from new convolution outputs. We therefore introduce learned



Fig. 3: Truth discovery results: ground truth vs. predictions, confidence distributions, confusion matrix (median seed), and ROC

curve (AUC=94.20%).

residual gating, applying the Gaussian Error Linear Unit

(GELU) activation and layer normalization (LN) to stabilize

training:

g(l) = σ
(
W(l)

g

[
h̃
(l)
i � h

(l−1)
i

])
(9)

h
(l)
i = GELU

(
LN

(
g(l) � h̃

(l)
i + (1− g(l))�W(l)

resh
(l−1)
i

))
(10)

where σ is the sigmoid function, � denotes element-wise

multiplication, and LN denotes LayerNorm W
(l)
g is a learn-

able gating weight matrix, and W
(l)
res is a learnable residual

projection matrix. The gate vector g(l) ∈ (0, 1)d learns a per-

dimension soft switch: values near 1 favor the new convolution

output, while values near 0 preserve the prior representation.

Unlike GRU-based gating in [16], which conditions gates on

the concatenation [h̃;h(l−1)], our gating is conditioned on the

element-wise product h̃�h(l−1), explicitly modeling feature-

wise interaction between old and new representations. This

mechanism yields the largest single ablation gain (+8.0%).

C. Relation-Specific Multi-Head Attention

For heterogeneous edges, we compute relation-specific mes-

sage transformations:

m
(r)
ij = Wrh

(l−1)
j + br, ∀r ∈ R (11)

and aggregate via multi-head attention [9]:

α
(r)
ij =

exp(LeakyReLU(aT
r [Wrhi‖Wrhj ]))∑

k∈N (r)
i

exp(LeakyReLU(aT
r [Wrhi‖Wrhk]))

(12)

h
(l)
i = σ

⎛
⎜⎝∑

r∈R

∑
j∈N (r)

i

α
(r)
ij m

(r)
ij

⎞
⎟⎠ (13)

with H = 4 heads concatenated to capture different relational

subspaces:

h′i = ‖Hh=1

∑
j∈Ni

α
(h)
ij W(h)hj (14)

D. Dual-Head Output and Training Objective

The final layer produces a binary classification ŷi ∈ {0, 1}
(reliable vs. malicious) and a confidence score ĉi ∈ [0, 1]:

L =

N∑
i=1

wi [λ1LCE(yi, ŷi) + λ2LMSE(ci, ĉi)] (15)

where wi = (pi/p̄)
γ with γ = 2 emphasizes minority-class

samples, and λ1 = 0.7, λ2 = 0.3 balance classification and

calibration. The confidence score is consumed downstream to

weight trust decisions.



TABLE I: Dataset and System Configuration

Parameter Value

Network Structure
Total nodes 1,008 (1,000 satellites + 8 GS)
Communication edges 50
Spatial proximity edges (k=8) 8,000
Feature similarity edges (cos θ>0.85) 507,528
Orbital plane edges (Δθ<0.2 rad) 41,580
Total edges 557,158

Class Distribution
Reliable nodes 856 (84.9%)
Malicious nodes 152 (15.1%)

Node Features
Feature dimension 58
Trustworthiness τ N (0.56, 0.063)
Previous accuracy α N (0.60, 0.087)

Training Configuration
Optimizer Adam (lr=0.001)
Hidden dim / GNN layers / Heads 128 / 3 / 4
Dropout / Epochs 0.3 / 100
Train / Val / Test split 60% / 20% / 20%

V. BLOCKCHAIN ANCHORING AND PRIVACY

For operational deployment in multi-operator environments,

trust scores require verifiability. We briefly describe the

blockchain anchoring layer, noting that this component sup-

ports deployment rather than constituting the core algorithmic

contribution.

To ensure consensus integrity, validator satellites are se-

lected with probability proportional to staked reputation si and

geographic coverage diversity:

Pselect(vi) =
si · C(vi)∑

j∈Vcand
sj · C(vj) (16)

C(vi) = |{gm : vi covers gm}|
M

· I[ISL(vi) ≥ κ] (17)

ensuring validators are distributed across orbital planes to

prevent correlated failures.

The consensus layer employs a streamlined three-round

protocol (Propose → PreVote → PreCommit) that tolerates

f = �(n−1)/3� Byzantine nodes [25]. Each block contains a

Merkle root of GNN-derived trust scores, a subgraph hash, and

an orbital state timestamp. Under realistic orbital dynamics,

the protocol achieves 183.2 ms finality latency and 163.4 TPS

throughput, sufficient for per-epoch trust validation.

For multi-operator deployments where satellites from com-

peting providers must collaborate without exposing propri-

etary data, we incorporate additive secret sharing with Beaver

triplets [26]. A detailed evaluation of the privacy-preserving

pipeline is deferred to future work.

VI. EXPERIMENTS

A. Experimental Setup

We construct a satellite trust discovery dataset using or-

bital data from CelesTrak’s NORAD Two-Line Element Set

archives [27], comprising 7,688 active satellites from STAR-

LINK (91.5%) and ONEWEB (8.5%) constellations. From

this population, we construct a representative subgraph of

1,008 nodes (1,000 satellites and 8 ground stations) with

TABLE II: Truth Discovery Performance (mean ± std over 5

seeds)

Method Acc. F1 AUC Bal. Acc. MCC

GCN .854±.008 .832±.011 .867±.009 .811±.012 .612±.018
GraphSAGE .867±.007 .848±.009 .879±.008 .828±.010 .648±.016
GAT .871±.006 .855±.008 .885±.007 .834±.009 .661±.014
R-GCN .883±.005 .868±.007 .896±.006 .849±.008 .693±.012
HAN .887±.005 .873±.006 .901±.006 .854±.007 .705±.011
HGT .891±.004 .878±.006 .908±.005 .860±.007 .718±.010

AEGIS .925±.004 .957±.005 .939±.005 .901±.006 .823±.009

557,158 multi-type edges as detailed in Table I. The class

distribution is imbalanced (84.9% reliable, 15.1% malicious),

reflecting realistic attack scenarios. Ground truth labels are

generated by simulating Byzantine attack patterns, including

data falsification, selective reporting, and coordinated injection

on a subset of nodes, following the methodology of [21].

All results are reported as mean ± standard deviation over

5 random seeds with stratified train/val/test splits (60/20/20).

We report accuracy, precision, recall, F1-score, AUC, balanced

accuracy, and Matthews Correlation Coefficient (MCC) to

properly account for class imbalance. The confusion matrix

counts in Figure 3 reflect predictions from the seed with

median accuracy, selected for visualization clarity.

We compare against six GNN baselines: GCN [2], Graph-

SAGE [3], GAT [9], R-GCN [6], HGT [5], and HAN [4].

All baselines use identical hyperparameters (hidden dim=128,

dropout=0.3, Adam lr=0.001, 100 epochs). Experiments were

conducted on 4 NVIDIA RTX 3090 GPUs (24GB each).

B. Truth Discovery Performance

Table II presents quantitative results. AEGIS-GNN achieves

92.47±0.41% accuracy and 0.9568±0.005 F1-score, outper-

forming the strongest baseline HGT by 3.5 percentage points

in accuracy. Critically, the balanced accuracy (90.1%) and

MCC (0.823) confirm that the gains are not artifacts of class

imbalance. The improvement is most pronounced in precision

and F1-score, which are operationally critical: false positives

trigger unnecessary satellite isolation, while false negatives

allow compromised nodes to corrupt consensus.

To disentangle the contribution of our graph construc-

tion from the GNN architecture, we also evaluate base-

lines on communication-only graphs (50 edges). GCN on

communication-only edges achieves 78.3% accuracy, com-

pared to 85.4% on the multi-edge graph, confirming that

the multi-edge construction alone provides substantial benefit

independent of the architecture.

C. Reliable vs. Malicious Node Detection

Figure 4 demonstrates clear separation between reliable

(μconf = 0.91, σ = 0.04) and malicious (μconf = 0.62,

σ = 0.12) nodes, confirming that the model’s confidence

scores are well-calibrated for downstream anomaly flagging.

D. Source Type Analysis

Figure 5 shows that ground stations achieve near-perfect

precision due to stable positions and richer feature vectors,



Fig. 4: Performance comparison between reliable and malicious satellite nodes: accuracy, precision, recall, confidence

distributions, and per-class ROC curves.

TABLE III: Ablation Study Results (mean over 5 seeds)

Configuration Acc. F1 MCC ΔAcc

Full AEGIS-GNN .925 .957 .823 –

Edge Type Ablation
w/o Spatial edges .863 .841 .647 -6.2%
w/o Feature sim. edges .857 .833 .631 -6.8%
w/o Orbital edges .876 .856 .679 -4.9%
Comm. only .821 .798 .557 -10.4%

Architecture Ablation
w/o Residual gating .848 .825 .614 -7.7%
Fixed residual (additive) .867 .848 .659 -5.8%
w/o Multi-head attn. .869 .850 .663 -5.6%
Single GNN (GCN only) .854 .836 .632 -7.1%
w/o ST-Encoders .872 .854 .671 -5.3%

Edge Interaction Analysis
Spatial + Feature only .908 .931 .776 -1.7%
Feature + Orbital only .901 .921 .758 -2.4%
Spatial + Orbital only .889 .905 .729 -3.6%

while satellites show broader variance, reflecting the inherent

uncertainty of mobile platforms.

E. Ablation Study

Table III reports systematic ablation results, including F1

and MCC for each configuration.

Among edge types, feature similarity edges yield the largest

single-type gain (+6.8%), as behavioral patterns directly pre-

dict current reliability. The edge interaction analysis reveals

that the Spatial+Feature combination is the strongest pair

(90.8%), while adding orbital edges provides diminishing

but meaningful returns. Communication-only performance

(82.1%) confirms that physical topology alone is grossly

insufficient.

On the architecture side, learned residual gating is the single

most impactful component (−7.7% when removed). Replacing

it with standard additive residuals [7] still costs −5.8%,

demonstrating that the per-dimension adaptive gating gen-

uinely outperforms fixed skip connections. The hybrid GCN-

SAGE stack outperforms GCN-only by +7.1%, confirming

that spectral and spatial convolutions capture complementary

patterns.

F. Sensitivity Analysis

Table IV evaluates sensitivity to key hyperparameters. The

model is relatively robust: accuracy varies within ±1.7%
across all settings. Increasing hidden dimension from 128 to

256 provides marginal improvement (+0.2%), suggesting the

current capacity is near-optimal. Performance peaks at 3 GNN

layers, with 4 layers showing slight degradation likely due

to over-smoothing despite the gating mechanism. The feature



Fig. 5: Truth discovery performance by source type (satellites vs. ground stations).

TABLE IV: Sensitivity to Key Hyperparameters

Hyperparameter Value Acc. F1

Hidden dim
64 .908 .937

128 .925 .957
256 .927 .958

Attention heads
2 .914 .945
4 .925 .957
8 .923 .954

GNN layers
2 .911 .941
3 .925 .957
4 .919 .950

Feature sim. δf

0.80 .918 .948
0.85 .925 .957
0.90 .921 .951

Spatial k
4 .912 .942
8 .925 .957
16 .922 .953

similarity threshold δf = 0.85 and spatial neighborhood

k = 8 represent sweet spots balancing graph density and signal

quality.

G. Blockchain Performance
Table V confirms that the blockchain anchoring layer in-

troduces negligible overhead relative to multi-second epoch

intervals, validating its practicality for deployment.

VII. DISCUSSION

The ablation study provides strong evidence that satellite

trust relationships are inherently multi-modal. Communica-

TABLE V: Blockchain Consensus Performance

Metric Value

Finality latency 183.2 ms
Throughput 163.4 TPS
Validator participation 94.2%
Byzantine tolerance f = 6 of n = 21

tion edges are extremely sparse (50 among 1,008 nodes),

explaining the −10.4% degradation of the topology-only

baseline. Feature similarity edges capture latent behavioral

clusters invisible to topology-based methods, making them

the single most informative edge type. The edge interaction

analysis further reveals that Spatial+Feature achieves 90.8%,

covering both correlated observations and behavioral patterns,

while adding orbital edges provides physics-informed priors

that reduce false positives among co-planar satellites sharing

similar ground tracks and eclipse schedules.

The +7.7% gain from learned gating over no-residual and

+5.8% over fixed residuals demonstrates that per-dimension

adaptive blending is essential in heterogeneous satellite graphs.

We hypothesize that the gating mechanism learns to preserve

orbital-dynamics features, which remain stable across epochs,

while aggressively updating behavioral features that evolve

with each observation window. Examining the learned gate

values supports this interpretation: gate dimensions corre-

sponding to positional encodings show lower mean activation

(ḡ ≈ 0.35), while behavioral feature dimensions show higher

activation (ḡ ≈ 0.72), indicating selective preservation versus



update depending on the semantic role of each dimension.

The +7.1% gain of the hybrid stack over GCN-only con-

firms that spectral and spatial convolution paradigms capture

fundamentally different patterns. GCN layers leverage the

global eigenstructure of the multi-edge adjacency matrix,

while GraphSAGE’s neighborhood sampling enables inductive

generalization to newly launched satellites that were absent

during training, a practically important capability given the

rapid pace of constellation expansion.

Several limitations remain open. The current system as-

sumes predetermined edge types; adaptive adversaries could

potentially exploit this by mimicking normal behavioral pat-

terns to evade feature similarity detection. The 1,008-node

evaluation, while representative of a regional sub-constellation,

does not test scalability to full mega-constellations of 10,000+

nodes, which may necessitate graph sampling [28] or hierar-

chical pooling. The privacy-preserving inference pipeline lacks

experimental evaluation in this work and will be addressed in a

dedicated study. Additionally, the dataset uses synthetic ground

truth labels; evaluation on real operational anomaly logs from

satellite operators would strengthen external validity.

VIII. CONCLUSION

We presented AEGIS-GNN, a multi-relational heteroge-

neous GNN for truth discovery in LEO satellite constella-

tions. Our three core contributions, multi-edge graph construc-

tion capturing four complementary relationship modalities,

a hybrid spectral-spatial GNN with learned residual gating,

and relation-specific multi-head attention, together achieve

92.47 ± 0.41% accuracy and 0.9568 ± 0.005 F1-score, sig-

nificantly outperforming six baselines. The learned residual

gating mechanism provides the largest single ablation gain

(+7.7%), demonstrating the value of adaptive per-dimension

feature blending in heterogeneous graphs. Multi-modal edge

construction contributes +10.4% over communication-only

graphs, confirming that satellite trust requires information from

spatial, behavioral, and orbital modalities simultaneously. This

work establishes a foundation for trustworthy GNN-based

inference in distributed space systems.
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