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Abstract—Satellite offloading is a critical issue in the Internet
of Things (IoT) edge intelligence environment. In this work,
we present a novel neurosymbolic framework for computation
offloading decisions in satellite-enabled IoT edge intelligence
scenarios. By combining the forecasting capabilities of time-series
foundation models with the transparency of rule-based reasoning,
our approach enables data-efficient and inherently explainable
decision making under uncertainty. Specifically, we use TimeGPT
to predict future throughput quality and satellite CPU load,
which are then processed through a fuzzy logic controller (FLC)
to derive context-aware offloading decisions with transparent
rationale. The results show effective forecast accuracy, high deci-
sion robustness, and improved explainability when compared to
traditional reinforcement learning-based approaches that require
task-specific training.

Index Terms—Edge computing (EC), foundation models, fuzzy
logic, interpretable artificial intelligence (AI), neuro-symbolic AI,
satellite communications.

I. INTRODUCTION

SATELLITE-ASSISTED computation has emerged as a
powerful enabler for extending network intelligence to

regions beyond the reach of terrestrial infrastructure. By
integrating satellite platforms into the Internet of Things (IoT)
communication and computation workflows, networks can
support latency-sensitive, mission-critical, or geographically
isolated IoT applications where ground connectivity is inter-
mittent or entirely unavailable [1], [2].

Edge intelligence is a novel concept that aims to integrate
artificial intelligence (AI) and edge computing (EC), rapidly
emerging as a transformative paradigm for optimizing complex
systems [3], [4]. In scenarios characterized by heterogeneous
IoT domains, such as aerial, maritime, or remote terrestrial
environments, satellite nodes play a dual role: they act not
only as communication relays bridging otherwise disconnected
IoT endpoints but also as computational offloading targets
capable of executing tasks. This dual functionality transforms
satellites into intelligent agents, actively contributing to data
processing, decision making, and service continuity [5], [6],
[7]. This convergence offers unprecedented opportunities to
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overcome inherent challenges such as limited onboard process-
ing capabilities, stringent power constraints, and significant
communication latencies. By pushing computational intelli-
gence closer to the data source, be it individual satellites,
ground stations, or even user terminals, edge intelligence
facilitates real-time decision-making, autonomous operation,
and efficient resource management [8].

Within this paradigm, a fundamental challenge arises:
how to design intelligent systems that can autonomously
select when and where to offload computation, adapting
their decisions to surrounding environmental conditions, link
quality, and resource availability? The need for context-
aware optimization is particularly critical in satellite networks,
where delays, weather-induced signal degradation, and fluc-
tuating on-board loads can significantly impact system
performance [9], [10], [11], [12]. Therefore, enabling fast,
adaptive, and interpretable decision-making becomes essential
to achieve robust and efficient satellite-enabled edge intelli-
gence. Addressing this need requires not only architectural
innovations but also advances in computational intelligence
capable of operating under tight constraints and multivariate
or multimodal inputs.

In parallel, the convergence of algorithmic breakthroughs
and increasingly powerful computing hardware has fueled an
unprecedented diffusion of AI techniques. Although access
to high-end AI remains uneven in all deployment scenarios,
the increasing availability of scalable hardware platforms,
including those onboard satellites, has enabled the execution
of sophisticated models. However, training such models often
remains unfeasible in these settings, due to the high compu-
tational and energy demands involved [6], [7], [13]. For this
reason, the use of models that require no training and are
inherently capable of generalizing to unseen and scarce data
sequences is becoming increasingly attractive.

At the core of this transformation lies the rise of foundation
models. Originating in the field of natural language processing
(NLP), foundation models are large-scale pretrained models
designed to serve as adaptable bases for a wide range of
downstream tasks [14], [15]. Although the theoretical concept
of reusable general-purpose models is not new, its practical
realization has only recently become feasible because of the
unprecedented computational power now available. This shift
has enabled the training and deployment of large-scale neural
networks that can generalize across a wide range of tasks,
giving rise to what are now known as foundation models.
These models are characterized by a pretraining phase on
vast and diverse datasets, followed by the ability to perform
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downstream tasks with minimal or even no task-specific fine-
tuning [14], [15], [16].

To this end, architectures such as TimeGPT [17] have
demonstrated the capacity to perform accurate predictions in
a zero-shot setting, offering insights and forecasts without
requiring retraining or adaptation to domain-specific data. This
marks a substantial paradigm shift, particularly for applica-
tions constrained by limited data availability or by the high
computational cost of traditional training pipelines.

Such capabilities are especially relevant in space-enabled
IoT scenarios, where environmental dynamics, e.g., atmo-
spheric interference, changing link conditions, or node
availability, create a highly variable operational context. Here,
the ability to leverage pretrained models for rapid and low-
cost forecasting becomes a strategic asset, enabling systems to
anticipate future conditions and adapt their behavior accord-
ingly without the overhead of local model updates or retraining
procedures.

Foundational models for time-series data enable zero-shot
inference, thus bypassing the necessity for retraining. How-
ever, similar to various other AI methodologies, such as
deep learning, they inherently lack interpretability. Despite
the remarkable predictive capabilities of both generative and
deep learning models, their opacity remains a critical lim-
itation. This is especially problematic in safety-critical or
resource-constrained environments, such as satellite-assisted
computation offloading, where understanding the rationale
behind a decision is essential for trust, reliability, and reg-
ulatory compliance. The ambition of this work is to address
both challenges: a forecasting framework that leverages zero-
shot inference for generalization over scarce and unseen data,
integrating reasoning mechanisms to enhance interpretability.
In so doing, the neuro-symbolic paradigm integrates induc-
tive and deductive reasoning by combining the data-driven
adaptability of generative AI with the transparency and struc-
ture of symbolic, rule-based systems. This synergy not only
enables accurate forecasting in uncertain environments but
also supports interpretable, context-aware decision making by
explicitly encoding reasoning steps.

In this work, we embrace this hybrid vision to develop a
neuro-symbolic framework for satellite computation offload-
ing that is both data-efficient, thanks to zero-shot generative
forecasting, and inherently explainable, through a fuzzy logic
controller (FLC) that maps predictions into interpretable
actions. Moreover, it is important to note that the novelty of the
proposed approach does not reside in the individual building
blocks taken in isolation, but in their coordinated use within
a unified neuro-symbolic game-theoretic framework tailored
to satellite-enabled computation offloading. In particular, this
work demonstrates how generative foundation models can
be effectively employed strictly at inference time to support
operational decision making in nonterrestrial environments,
where limited computational power and energy availabil-
ity make prolonged or task-specific training impractical. By
exploiting zero-shot time-series forecasting, the framework
enables context-aware offloading decisions without requiring
retraining or continuous model updates, thereby significantly
extending the feasible application domain of generative models

to resource-constrained satellite scenarios. In addition, the
integration of a symbolic, rule-based decision layer intro-
duces an explicit level of interpretability that is still largely
underexplored in the satellite offloading literature. This design
choice allows the decision process to be transparent, auditable,
and grounded in domain knowledge, providing actionable
insights into the rationale behind each offloading decision
while avoiding the opacity of purely data-driven pipelines.

The main contributions of this article are as follows.
1) We introduce the first neuro-symbolic framework, based

on the integration of time-series foundation models
and symbolic reasoning, for satellite offloading decision
making. To the best of the authors’ knowledge, this is
the first application of time-series foundation models
in zero-shot mode to support the decision process for
computation delegation from end devices to satellite
nodes.

2) We design a hybrid approach, i.e., neurosymbolic, that
combines data-driven forecasting and interpretable con-
trol. Specifically, we use TimeGPT to predict future
throughput quality and satellite CPU load, which are
then processed through an FLC to derive context-aware
offloading decisions with transparent rationale.

3) A multiuser scenario with heterogeneous IoT nodes
has been considered as an extension of the single-user
scenario, where multiple nodes compete for the com-
munication and computing resources. For this purpose,
a matching game with externalities has been considered.

4) We conduct a comprehensive evaluation that high-
lights the effectiveness of the proposed framework.
The results show competitive forecast accuracy, high
robustness of the decision, and improved explainability
when compared to traditional reinforcement learning-
based approaches that require task-specific training. The
experimental evaluation includes investigations in both
single-user and multiuser scenarios.

The rest of this article is organized as follows. In Section II,
the related works are discussed. In Section III, the system
model and the formulation of the problem are presented. The
proposed approach is then detailed in Section IV. Performance
evaluation is discussed in Section V, and conclusions are
drawn in Section VI.

II. RELATED WORKS

The optimization of computation offloading in satellite-
enabled IoT networks is a rapidly evolving field, driven
by the necessity to manage stringent onboard resource
constraints and the high volatility of LEO links. To provide
a critical synthesis of the state-of-the-art, this section
categorizes existing literature into two primary thematic
directions. First, we review satellite-based task offloading,
which encompasses global optimization, data-driven resource
management strategies, and simulation-driven policies.
Second, we examine the emerging integration of generative
AI and neurosymbolic approaches in space networks, focusing
on theoretical foundations, application-specific solutions, and
optimization policy development. By grouping these works,
we highlight a persistent research gap: the heavy reliance of
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TABLE I
COMPARISON WITH RELATED WORKS ON SATELLITE OFFLOADING AND NEUROSYMBOLIC AI

current models on extensive task-specific training data and
their inherent closed-box nature. This synthesis serves to
position our proposed neurosymbolic framework as a solution
that addresses these limitations through zero-shot forecasting
and interpretable logic. Table I summarizes recent related
works on satellite offloading and neurosymbolic AI.

A. Satellite-Based Task Offloading
Existing research on satellite-based task offloading can be

broadly grouped into optimization-driven, learning-based, and
system-level evaluation approaches.

A first line of work focuses on optimization-based
formulations for joint communication and computation
management in satellite or integrated ground–air–space
networks. For instance, SkyLink [18] models aerial and
satellite nodes as autonomous agents and adopts a bi-level
optimization framework based on multiagent reinforcement
learning to jointly optimize positioning, resource allocation,
and offloading decisions under highly dynamic conditions.
Similarly, [19] addresses cooperative multisatellite EC by
jointly optimizing satellite selection, resource distribution,
scheduling, and transmission power via convex relaxation
and Lagrangian methods, achieving latency reductions
through coordinated intersatellite processing. Energy-centric
optimization frameworks are further explored in [20], [21],
and [22], where offloading, power control, and scheduling
are jointly optimized to minimize energy consumption

or composite latency–energy costs in heterogeneous
UAV–satellite or NTN architectures. In contrast to these
approaches, our work does not rely on solving complex global
optimization problems online, but instead leverages zero-shot
forecasting and symbolic reasoning to enable lightweight,
interpretable, and rapidly adaptable offloading decisions.

A second category comprises learning-based offloading
strategies, where decision policies are learned directly from
data. Deep reinforcement learning is adopted in [23] to
manage task priority and delay constraints in satellite-
assisted vehicular EC, while [24] combines particle swarm
optimization, genetic algorithms, and Q-learning to reduce
task completion delay in dynamic LEO constellations.
Hierarchical reinforcement learning is further employed in
[5] to optimize network selection and partial offloading in
integrated terrestrial and nonterrestrial vehicular scenarios.
Differently from these fully data-driven solutions, our
framework avoids task-specific training and reinforcement
signals, replacing learned policies with a neuro-symbolic
architecture that combines zero-shot foundation models with
transparent rule-based decision making.

A third group of studies emphasizes system-level perfor-
mance evaluation and architectural feasibility. Works such
as [25] and [26] investigate offloading strategies for XR
applications or vehicular clusters using realistic satellite
orbital data, quantifying latency and energy tradeoffs through
detailed simulations. Other contributions, e.g., [27], focus on
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satellite–ground co-inference for DNN deployment, proposing
fine-grained partitioning of neural network layers to reduce
onboard energy consumption. While these studies provide
valuable insights into feasibility and performance limits, they
primarily assess static or simulation-driven policies, whereas
our work targets dynamic, context-aware offloading decisions
with intrinsic explainability and minimal computational over-
head.

The problem of computation offloading in aerial EC has
also been investigated in the context of UAV-assisted systems.
For instance, Wu et al. [28] propose a graph convolutional
reinforcement learning framework to jointly optimize UAV
trajectory and task offloading decisions. Unlike our approach,
which relies on zero-shot foundation models and interpretable
neuro-symbolic reasoning for satellite-assisted environments,
their method adopts a learning-based optimization strategy
tailored to dynamic aerial edge scenarios. The integration
of satellite and aerial networks to support massive IoT ser-
vices has also been investigated using advanced multiple
access schemes. In particular, Lin et al. [29] propose an
RSMA-based framework to enhance spectral efficiency and
resource sharing in integrated satellite–aerial architectures,
focusing on communication-layer optimization rather than
predictive offloading decisions. Similarly, AI-driven solutions
for seamless and massive access in space–air–ground inte-
grated networks have been recently investigated to improve
scalability and connectivity management in heterogeneous
environments. Lin et al. [30] explore the use of intelligent
access control and resource coordination mechanisms across
multilayer infrastructures, with emphasis on communication
and access optimization rather than predictive inference-
aware offloading strategies as considered in our framework.
Recent efforts have also investigated direct-to-smartphone
communication as a key enabling technology for 6G nonter-
restrial IoT connectivity. In particular, He et al. [31] analyze
technical architectures and implementation challenges for inte-
grated satellite–terrestrial access, focusing on air-interface
adaptation, multibeam satellite payload design, and access
procedures rather than inference-aware predictive offloading
strategies as considered in our framework. Multiobjective
deep reinforcement learning has also been recently explored
for time–frequency resource allocation in multibeam satellite
communication systems. In particular, He et al. [32] propose
a learning-based framework to jointly optimize spectral effi-
ciency and interference management across satellite beams,
focusing on physical-layer resource allocation rather than
predictive inference-aware offloading strategies as considered
in our framework. Overall, existing literature demonstrates
the effectiveness of optimization and learning-based methods
for satellite offloading, but it also reveals common limita-
tions: reliance on heavy training or complex solvers, limited
interpretability, and reduced adaptability in data-scarce or
rapidly changing environments. The proposed neurosymbolic
framework directly addresses these gaps by integrating zero-
shot time-series foundation models with symbolic reasoning,
enabling fast, explainable, and data-efficient offloading deci-
sions in satellite-assisted IoT systems.

B. Generative AI in Satellite Networks and Neurosymbolic
Approaches

Recent advances in neurosymbolic AI have explored differ-
ent strategies to integrate data-driven learning with structured
reasoning, primarily with the goal of improving interpretability
and robustness. A foundational line of work is presented
in [33], where neurosymbolic reasoning is formalized through
energy-based models capable of representing propositional
logic via restricted Boltzmann machines. By embedding logi-
cal constraints into energy landscapes, the framework enables
inference through energy minimization and demonstrates how
symbolic structure can be preserved within neural architec-
tures. While this approach provides a rigorous theoretical
foundation for neurosymbolic reasoning, it does not address
time-varying decision making or resource-aware control in
dynamic networked systems, which are central to the satellite
offloading problem considered in our work.

Complementary to formal models, conceptual and survey-
style contributions have clarified the motivation and scope of
neurosymbolic AI. The work in [34] frames neurosymbolic
systems through the lens of human perception and cognition,
arguing that symbolic abstractions are essential for explainable
and safety-critical AI. By contrasting neural perception with
symbolic cognition, the authors highlight the necessity of
integrating structured reasoning into modern AI pipelines. Our
work operationalizes this conceptual vision in a concrete net-
working scenario, translating neurosymbolic principles into an
actionable offloading framework driven by predictive context
and interpretable control rules.

Practical applications of neurosymbolic paradigms have also
emerged in data-intensive domains. In [35], symbolic ontolo-
gies capturing environmental knowledge are combined with
satellite-derived remote sensing data to improve crop-yield
prediction accuracy. The results demonstrate that integrating
symbolic domain knowledge with statistical learning can out-
perform purely data-driven or purely symbolic approaches.
Unlike this application-specific forecasting framework, our
approach targets real-time decision making under uncertainty,
where symbolic reasoning is not used solely to enhance
prediction accuracy but to directly govern offloading actions
in a resource-constrained satellite environment.

Generative AI has recently been explored as an enabler for
modeling and optimization in satellite networks. The frame-
work proposed in [36] employs large language models within
a retrieval-augmented generation paradigm to support the
interactive construction of mathematical models for large-scale
satellite systems. These generative components are coupled
with mixture-of-experts reinforcement learning to optimize
network variables under complex interference and coordina-
tion constraints. In contrast, our work does not use generative
models to synthesize optimization policies or solve network
models, but rather leverages time-series foundation models in
a zero-shot setting to forecast system context, which is then
processed through symbolic reasoning to yield explainable and
lightweight offloading decisions.

Overall, existing neurosymbolic and generative AI
approaches either emphasize formal reasoning, conceptual
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foundations, or data-driven optimization. However, they
commonly overlook the combination of zero-shot forecasting,
symbolic decision making, and deployment-oriented
constraints. The proposed framework fills this gap by
integrating generative time-series models with fuzzy logic
reasoning to support fast, interpretable, and data-efficient
offloading decisions in satellite-enabled IoT networks.
Recent studies, as [37] have also explored the integration
of distributed AI within space–air–ground–sea integrated
networks (SAGSINs) as a key enabler for future 6G
systems. In this line of work, SAGSIN is modeled as a
multilayered and heterogeneous network architecture spanning
space, aerial, terrestrial, and maritime domains, where
distributed AI is leveraged to coordinate communication,
computing, and sensing resources at a global scale. These
contributions emphasize how decentralized intelligence can
enhance adaptability and service provisioning in highly
dynamic environments, while also revealing new challenges
arising from the scale, heterogeneity, and openness of
SAGSIN infrastructures. In particular, recent surveys have
highlighted that the tight coupling between distributed AI
and SAGSIN exacerbates security and privacy concerns
across communication, computation, and sensing planes,
motivating the need for intelligent, context-aware protection
mechanisms. While this body of work primarily focuses on
security issues and privacy-preserving strategies in distributed
AI-enabled SAGSIN, our approach is complementary in
scope. Rather than addressing secure communications or
distributed learning, we concentrate on explainable and
lightweight decision making for computation offloading,
leveraging zero-shot forecasting and symbolic reasoning to
operate effectively under resource and data constraints typical
of satellite-assisted environments.

III. PROBLEM STATEMENT

A. System Model

We consider a space-enabled edge intelligence scenario with
a set E = {E1, . . . , Ek, . . . , EK} of K IoT end devices randomly
placed on the ground. The generic IoT end device Ek creates
tasks to be processed. A generic task ρk(t), generated at time
instant t, is individuated by a tuple 〈dk(t), ck(t), ηk(t)〉 where
dk(t) is the size of the task expressed in bytes (or multiple of
bytes), ck(t) is the task processing requirements in GFLOPs
and ηk(t) the task requirements in terms of data rate due to
specific service constraints. Each IoT end device Ek interacts
with a constellation of satellites S = {S 1, S 2, . . ., S M}. At
each discrete time step t, a subset of satellites is within the
communication range of Ek and can be considered as candidate
nodes for offloading.

By focusing on a time instant t, each satellite S i(t) ∈ S(t),
in reference to an IoT device Ek, is characterized by the tuple
〈Qk,i(t),Ci(t)〉 that defines the throughput score Qk,i and the
CPU load value Ci(t). The throughput score Qk,i reflects the
expected performance of the satellite communication channel,
which can be affected by factors such as atmospheric con-
ditions, signal-to-noise ratio, and geometric distance between
Ek and S i(t). The CPU load Ci(t) captures the computational

availability of the satellite, i.e., whether the satellite is busy
or underutilized. Both Qk,i(t) and Ci(t) are predicted using a
foundation model, i.e., producing their estimations denoted
by Q̂k,i(t) and Ĉi(t), for time series forecasting, specifically
TimeGPT,1 in a zero-shot fashion [17]. The values of Qk,i(t)
are extracted from a public satellite dataset, i.e., WetLinks
[39], and include physical and environmental parameters. The
IoT end device Ek must decide whether to offload a given
computation task at time t and, if so, to which satellite S i(t).

For an offloading operation to be considered successful, the
link quality score must exceed a reliability threshold, defined
as the expected mean value of the throughput link under clear-
sky conditions, i.e., in the absence of adverse atmospheric
phenomena. In addition, the selected satellite must not exhibit
significant CPU load, meaning that it should not be currently
involved in the computation of other tasks.

Let Osuccess
i (t) be a binary variable equal to 1 if the offloading

to satellite S i at time t is successful, and 0 otherwise. The
conditions for success can be formulated as follows:

Osuccess
i (t) =

(
1, if Q̂k,i (t) > Qth and Ĉi (t) < Cth

0, otherwise
(1)

where Osuccess
i (t) is the binary indicator of a successful offload-

ing operation to satellite S i at time t. Q̂k,i(t) is the predicted
throughput quality score for the link to satellite S i. Ĉi(t) is the
predicted CPU load for the satellite S i. Qth is the reliability
threshold for the link quality, defined as the expected mean
value of the throughput under clear-sky conditions. Cth is the
maximum acceptable CPU load threshold. If the predicted
load Ĉi(t) is below this value, the satellite is considered to
have sufficient computational availability and does not exhibit
a significant load.

The proposed generative sky framework is illustrated in
Fig. 1, which delineates the architectural synergy between
neural forecasting and symbolic reasoning. The system is
organized into a closed-loop pipeline spanning observation,
forecasting, and decision layers to balance computational
efficiency with decision interpretability. At the edge of the
network, LEO satellites and IoT devices constitute the observa-
tion layer. As shown in the figure, the IoT nodes continuously
monitor the throughput score derived from link geometry and
environmental factors, while each satellite monitors the current
onboard CPU utilization. Because high-fidelity forecasting
requires significant computational resources, these historical
telemetry sequences are transmitted to a control center via a
dedicated control link. The core of the framework resides in
the processing engine, where a TimeGPT foundation model
performs multivariate, zero-shot forecasting. By analyzing a
context window of length l, the model predicts the future
state of the link and CPU load. These predictions are then

1The adoption of a zero-shot time-series foundation model such as
TimeGPT may introduce potential performance degradation under out-of-
distribution (OOD) conditions when the statistical properties of the observed
satellite traffic or channel dynamics differ significantly from those seen
during pretraining. However, recent studies show that large-scale multidomain
pretraining improves cross-domain transferability and robustness compared to
task-specific forecasting models [38]. A more systematic assessment of OOD
robustness in satellite IoT environments represents an interesting direction for
future work.



PICANO AND TARCHI: GENERATIVE SKY: NEUROSYMBOLIC FRAMEWORK FOR COMPUTATION OFFLOADING 31603

Fig. 1. Proposed neurosymbolic framework architecture. The diagram illus-
trates the data-flow pipeline where historical satellite link and CPU telemetry
are processed by the TimeGPT foundation model for zero-shot forecasting.
The resulting predictions are fed into the FLC to provide an interpretable
offloading decision, effectively bridging neural predictive power with symbolic
reasoning.

ingested by the FLC, as depicted in the upper layer of Fig. 1.
The FLC applies a set of human-readable IF-THEN rules
to the predicted values to determine the optimal offloading
strategy. Finally, this decision is sent back to the IoT nodes
for execution, ensuring that the offloading action is based on
the most probable future state of the network.

B. Problem Formulation

Our objective is to effectively determine whether the tasks
generated by the reference IoT end device should be offloaded
to any satellite within visibility. To achieve this, accurate
forecasting of both link quality and CPU load is advantageous.
The overall objective of the proposed framework is twofold:
1) to generate accurate forecasts for throughput quality and
satellite CPU load and 2) to support effective and interpretable
offloading decisions based on such forecasts.

More formally, the offloading decision problem can be
interpreted as a constrained predictive decision problem in
which, at each time instant t, the IoT device evaluates the
feasibility of offloading toward the satellites in the visibility
set Sk(t) based on the predicted system conditions.

In particular, an offloading action toward satellite S i is
considered admissible only if both communication and com-
putation feasibility conditions are satisfied, i.e.,

Q̂k,i (t) ≥ Qth, Ĉi(t)≤Cth ∀S i∈Sk(t). (2)

These feasibility constraints define the set of candidate
satellites that can successfully execute the offloaded task.
Accordingly, the decision-making process aims to select a
satellite satisfying the above constraints whenever possible,
while minimizing the cumulative number of offloading fail-
ures over the decision horizon. Under this formulation, the
forecasting module provides estimates of the future system

state, whereas the symbolic controller implements a rule-
based policy that approximates the solution of the constrained
offloading decision problem in an interpretable and computa-
tionally lightweight manner.

1) Forecasting Objective: Given a historical time series of
environmental and system-level features x(t), the forecasting
model aims to predict future values of link throughput quality
Qk,i(t + τ) and CPU load Ci(t + τ) for each satellite S i. Let
ŷ(t) be the generic predicted value and y(t) the generic ground-
truth. The prediction accuracy is evaluated using typical error
metrics.

1) Mean Absolute Error (MAE):

MAE =
1
T

TX
t=1

|ŷ (t) − y (t) |. (3)

2) Mean Absolute Percentage Error (MAPE):

MAPE =
100
T

TX
t=1

ˇ̌̌̌
ŷ (t) − y (t)

y (t)

ˇ̌̌̌
. (4)

2) Decision-Making Objective: Based on the predicted val-
ues Q̂k,i(t) and Ĉi(t), the symbolic controller makes a decision
to either offload a computation to satellite S i or execute it
locally. We define an offloading failure as one of the following
two cases.

1) False Positive: The system decides to offload, but the
link throughput quality or CPU availability is inade-
quate, leading to failure.

2) False Negative: The system decides not to offload,
although there existed at least one suitable satellite.

Let F(t) ∈ {0, 1} be a binary decision-dependent indicator
variable that equals 1 if a service failure occurs at time step
t, and 0 otherwise. The second objective is to minimize the
cumulative number of failures over the decision horizon

min
TX

t=1

F (t)

s.t. Q̂k,i (t) ≥ Qth ∀S i ∈ Sk (t) (5)

Ĉi (t) ≤ Cth ∀S i ∈ Sk (t) (6)

which define the feasibility conditions for a successful offload-
ing operation at time instant t. Under this formulation, the
forecasting module provides estimates of the future system
state, while the symbolic controller determines the offloading
decision by selecting satellites that satisfy the above feasibility
constraints whenever possible.

This objective complements the predictive accuracy metrics
and aims to ensure the robustness of the symbolic policy under
uncertainty. In Section IV, we introduce a neuro-symbolic
decision-making framework that leverages both predicted con-
text and fuzzy logic rules to achieve this goal.

IV. NEUROSYMBOLIC APPROACH FOR SATELLITE
OFFLOADING

To address the offloading decision problem under uncer-
tainty, we introduce a neurosymbolic framework that integrates
a foundation model for forecasting with a rule-based symbolic
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Fig. 2. Overview of the TimeGPT architecture, illustrating the separation
between the training and inference phases. Historical input time series are
first mapped into input embeddings and enriched with positional encoding,
then processed through stacked CNN and multihead attention blocks during
training. At inference time, the decoder leverages masked multihead attention,
together with CNN and attention layers, to generate future predictions in an
autoregressive manner. The final linear layer maps latent representations to
forecast output values, enabling zero-shot time-series prediction without task-
specific fine-tuning.

decision-making module. This hybrid architecture aims to
combine the generalization and data efficiency of generative
AI with the interpretability and domain knowledge encoded in
symbolic reasoning.

A. Forecasting Module

The first component of our architecture is a forecasting mod-
ule based on TimeGPT [17], a pretrained foundation model for
time series prediction. Given a sequence of past observations,
TimeGPT produces zero-shot forecasts for the future values
of relevant variables, without requiring task-specific fine-
tuning. As reported in Fig. 2, TimeGPT is a foundation model
specifically designed for time series forecasting, built upon
the Transformer architecture originally introduced for NLP
tasks. Its core structure relies on self-attention mechanisms
to capture both short- and long-term temporal dependencies
in sequential data. Unlike traditional sequence models that
assume regular input intervals or require heavy task-specific
training, TimeGPT is pretrained on a massive corpus of het-
erogeneous time series data, enabling it to learn generalizable
temporal patterns across domains. The model incorporates a
temporal embedding layer to encode time-related features such
as seasonality, trend, and timestamp context, which are then
processed through multiple Transformer layers with multihead
attention and layer normalization. The output layer is adapted
to forecast a future horizon h in a zero-shot or few-shot
fashion, without the need for fine-tuning. This architectural
design allows TimeGPT to generalize effectively across a wide
range of forecasting problems with minimal input data and no
prior task-specific supervision.

In our setup, the forecasting module takes as input historical
measurements.

1) Link throughput indicator Qk,i(t) for each satellite S i,
here derived from the dataset [39].

TABLE II
MEMBERSHIP FUNCTIONS USED IN THE FUZZY CONTROLLER

2) CPU load estimates Ci(t) for each satellite S i, modeled
via dataset [40].

For each satellite, the model generates a forecast of link
throughput quality Q̂k,i(t + 1) and CPU usage Ĉi(t + 1) in
the next decision slot. These predictions serve as input to the
symbolic controller.

B. Symbolic Controller

The symbolic module is implemented as an FLC that
translates continuous uncertain input predictions into dis-
crete offloading decisions. This controller enables robust
decision-making under varying conditions by leveraging
human-readable rules, which encode expert knowledge about
system behavior. Specifically, the fuzzy system operates on
two predicted inputs for each satellite: the expected link
throughput quality and the anticipated CPU occupancy. These
inputs are fuzzified into linguistic variables such as “low,”
“medium,” and “high” based on domain-specific membership
functions. The thresholds used to define the linguistic cate-
gories (i.e., low, medium, and high) were chosen to provide
a balanced and interpretable partition of the input datasets.
These values reflect a gradual transition between regions with
the aim of capturing typical operating conditions and ensuring
that the fuzzy system behaves in a consistent and predictable
manner. Each decision rule takes the form.

IF link quality is high AND CPU load is low, THEN
offload.

The FLC adopts a Mamdani-type inference mechanism,
where both the antecedents and the consequents are expressed
as linguistic variables. This choice ensures high inter-
pretability, as each rule directly maps human-understandable
conditions (e.g., “link quality is high”) to actionable decisions
(e.g., “offload task”). The fuzzy outputs are subsequently
defuzzified using the centroid method to produce a binary
offloading decision. Defuzzification is performed using the
centroid method, which ensures a smooth and interpretable
mapping from fuzzy activation levels to crisp decisions.

The interpretability of the fuzzy controller offers two key
advantages: first, it facilitates transparency in system behavior
and decision rationale; second, it allows easy adaptation to
new environments by simply updating or reweighting the rule
base, without retraining. This symbolic reasoning component
complements the predictive layer by providing a lightweight,
explainable mechanism for operational deployment across
heterogeneous satellite constellations and diverse mission pro-
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TABLE III
FUZZY RULE BASE FOR OFFLOADING DECISIONS

files. The membership functions reported in Table II, together
with the complete fuzzy rule base listed in Table III, are
shared between all satellites and users to ensure consistency,
transparency, and complete reproducibility of the decision-
making process.

C. Hybrid Execution Loop

At each time step t, considering the IoT device Ek, the
system operates according to the following loop.

1) Observe the previous l values of Qk,i(τ) and Ci(τ) for
each satellite S i, where τ = t − l, . . ., t. These measure-
ments include throughput quality indicators and CPU
usage levels observed over a sliding window.

2) Use TimeGPT to predict the next-step values Q̂k,i(t + 1)
and Ĉi(t + 1) for each satellite. The predictions are
obtained in a zero-shot fashion, without requiring any
task-specific retraining. It is important to note that,
given the limited onboard resources typical of current
satellite platforms, commonly equipped with four cores
and offering a peak performance of 8–12 GFLOPS, the
entire TimeGPT model cannot be executed in situ. As a
result, inference must be offloaded to a terrestrial node
or a centralized control center. This design choice intro-
duces a tradeoff: while it enables the use of powerful
generative models, it also adds latency due to the round-
trip time.
To address this issue, it is important to relate infer-
ence latency to the temporal granularity of the decision
process. In our evaluation, satellite link quality mea-
surements are derived from the WetLinks dataset, where
samples are uniformly collected at 3-min intervals. Con-
sequently, a one-step-ahead prediction corresponds to
a forecasting horizon of approximately 3 min, while
multistep forecasts extend this horizon proportionally
(e.g., four steps correspond to roughly 12 min). This
prediction timescale is significantly larger than typical
satellite–ground round-trip times. Empirical RTT mea-
surements reported in the same dataset indicate average
values around 60 ms. Even when conservatively account-
ing for additional processing and signaling delays, the
overall communication latency remains negligible when
compared to the prediction horizon adopted in the
decision-making process. Furthermore, the execution
time analysis shows that, for traditional learning-based
approaches such as LSTM, the dominant latency contri-

bution arises from the combined cost of model training
and inference, which can reach several seconds. In
contrast, the proposed zero-shot forecasting approach
exhibits substantially lower execution times, remaining
below a few seconds even under pessimistic assumptions
that include CPU-based execution and API communica-
tion overhead. It is important to note that, in a centralized
forecasting architecture, the overall control loop latency
includes not only the model inference time but also the
synchronization of historical state measurements from
satellites and IoT devices to the ground segment, as
well as the dissemination of the resulting offloading
decisions. In the considered scenario, however, these
coordination delays remain significantly smaller than the
adopted prediction horizon (on the order of minutes),
thus preserving the validity of the predicted values at
decision time.
Taken together, these observations indicate a clear sep-
aration of timescales between inference latency and
decision horizons. As a result, the predicted values
remain valid and actionable upon reception, ensur-
ing that the offloading decisions are not adversely
affected by communication delays. This further high-
lights the suitability of zero-shot generative forecasting
for satellite-assisted systems, especially when compared
to training-dependent solutions in resource-constrained
and time-varying environments.
However, in-depth investigation of the enabling tech-
nologies required for onboard satellite inference, such
as hardware optimizations, quantization strategies, or
model compression, is beyond the scope of this work.

3) Input the predicted values into the fuzzy rule-based
system, which evaluates a set of interpretable decision
rules based on predefined thresholds for link reliability
and CPU availability.

4) The final offloading decision is derived by comparing the
defuzzified urgency scores against a predefined thresh-
old, selecting the satellite with the highest score when
the threshold is exceeded.

This architecture enables dynamic adaptation to time-
varying channel and processing conditions while preserving
explainability. Moreover, the decoupling between the fore-
casting module and the symbolic decision layer provides
modularity and robustness, allowing independent tuning or
replacement of each component without retraining the entire
system. The pseudocode of this approach is reported in Algo-
rithm 1.

The computational complexity of the proposed neuro-
symbolic framework can be analyzed by considering the
forecasting module and the symbolic decision layer. At each
decision step t, the forecasting module generates one-step-
ahead predictions Q̂k,i(t + 1) and Ĉi(t + 1) for each satellite
S i ∈ Sk(t) using a history window of length l. Since inference
is performed independently for each satellite, the overall
forecasting cost scales linearly with the number of visible
satellites, i.e., O(|Sk(t)|) per decision step, assuming constant-
time external model inference through the TimeGPT API.
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Algorithm 1 Neuro-Symbolic Satellite Offloading
Require: History window length k, decision horizon T , list of

satellites {S i}, fuzzy rule thresholds
1: for t = 1 to T do
2: for each satellite S i do
3: Observe past l values of throughput quality Qk,i(t−

k : t)
4: Observe past l values of CPU load Ci(t − l : t)
5: Predict Q̂k,i(t + 1)← TimeGPT(Qk,i(t − l : t))
6: Predict Ĉi(t + 1)← TimeGPT(Ci(t − l : t))
7: end for
8: for each satellite S i do
9: Compute fuzzy score φi(t + 1) ←

FuzzyRuleEval(Q̂k,i(t + 1), Ĉi(t + 1))
10: end for
11: if maxi φi(t + 1) ≥ threshold then
12: Offload to satellite S ∗ = arg maxi φi(t + 1)
13: else
14: Execute task locally
15: end if
16: Log decision outcome (success or failure)
17: end for

The symbolic controller evaluates a fixed number of fuzzy
rules for each satellite. As the rule base size is constant and
independent of system parameters, the fuzzy inference stage
also exhibits linear complexity with respect to the number of
candidate satellites, i.e., O(|Sk(t)|).

Finally, the selection of the best satellite through maximum-
score comparison requires a linear scan over the candidate
set, resulting in complexity O(|Sk(t)|). Therefore, the overall
per-step computational complexity of the proposed decision
process scales as O(|Sk(t)|), while the total complexity over a
decision horizon of length T becomes O(T ·|Sk(t)|). In terms of
space complexity, the algorithm stores only the sliding history
window of length l for each satellite together with predicted
values and fuzzy scores, resulting in memory requirements
of order O(l · |Sk(t)|), which confirms the scalability of the
proposed framework with respect to the number of visible
satellites and decision horizon length.

D. Explainability of the Offloading Policy

The neurosymbolic architecture enables traceable and inter-
pretable decisions by construction. Although the forecasting
module operates as a general-purpose closed-box predictor, the
symbolic layer guarantees full explainability of the decision
process through rule-based evaluation.

Proposition 1 (Traceability of Offloading Decisions): Given
a finite rule base R of n fuzzy rules, and predicted inputs
(Q̂k,i(t + 1), Ĉi(t + 1)), the offloading decision at time t can be
fully reconstructed by evaluating the rule activation degrees
{µ j}

n
j=1 and the associated defuzzification process.

Proof: Each fuzzy rule r j ∈ R maps input linguistic
variables to output actions using membership functions µ j :
[0, 1]2 → [0, 1]. The overall fuzzy output φi(t+1) is calculated

as a weighted aggregation of these activations:

φi (t + 1) =

nX
j=1

w j · µ j
�
Q̂k,i (t + 1) , Ĉi (t + 1)

�
where w j denotes the rule-specific weight (default 1 in
unweighted Mamdani inference). Since all components are
explicit and deterministic, the final decision can be traced to
the tuple (Q̂k,i, Ĉi) and the structure of R. �

This result guarantees posthoc traceability of each decision
and supports external auditing or symbolic counterfactual
analysis. The design thus satisfies an essential criterion for
explainable AI: the ability to justify each output based on
observable intermediate computations.

E. Extension to Multiuser Offloading With Matching Under
Externalities

The analysis carried out for the single-user scenario can be
extended to a more realistic multiuser setting, where multiple
end devices Ek, k ∈ {1, . . . ,K}, generate tasks concurrently and
compete for the same set of visible satellites. In this case, each
task ρk(t) is characterized by a predicted CPU load require-
ment χk(t), in addition to the previously defined parameters.
This multiuser setting is representative of realistic satel-
lite IoT deployments, where heterogeneous devices, such as
low-priority environmental sensors, high-priority autonomous
vehicle data streams, and critical infrastructure monitors, must
compete for limited satellite resources.

Unlike the single-user case, offloading decisions now intro-
duce externalities, since the selection of a user by a given
satellite affects the residual CPU load and thus impacts the
desirability of that satellite for the remaining users. This
setting can be naturally modeled as a matching game with
externalities between the set of users E(t) = {E1, . . ., EK} and
the set of satellites S(t).

1) Matching Game Formulation: Each user Ek evaluates the
satellites in Sk(t), i.e., those within visibility at time t, based
on the predicted pair (Q̂k,i(t + 1), Ĉi(t + 1)) using the same
FLC defined in the single-user case. Each user then ranks the
satellites according to the resulting offloading urgency score
φk,i(t + 1).

Concurrently, each satellite S i evaluates the users that pro-
pose to offload toward it. To prioritize its utilization, S i selects
the user with the highest predicted computational demand χk(t)
among those proposing. This policy promotes the effective
use of satellite resources by preferring tasks with greater
computational requirements.

2) Externality Model: The association between a user Ek

and a satellite S i modifies the predicted CPU load for that
satellite. Specifically, if the initial predicted load is Ĉi(t + 1),
the new effective CPU occupancy becomes

C̃i (t + 1) = Ĉi (t + 1) + α · χk (t) (7)

where α is a normalization factor used to scale the user load
χk(t) to the same domain as the predicted CPU values. This
factor can be learned from the data or estimated to ensure that
C̃i(t + 1) ∈ [0, 100] (or normalized to [0, 1]). If multiple users
are accepted, their contributions to the load accumulate.
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3) Matching Procedure: At each time slot t, the system
proceeds as follows.

1) Each user Ek forecasts the link quality Q̂k,i(t + 1) and
receives the predicted CPU load Ĉi(t + 1) for each
visible satellite S i ∈ Sk.

2) Each user computes the fuzzy urgency score φk,i(t + 1)
and proposes offloading to the satellite with the highest
score above a given threshold.

3) Each satellite S i collects proposals and selects the user
with the highest χk(t), then updates its effective CPU
load.

4) The remaining users repeat the proposal step, and the
process continues iteratively until convergence or all
users are either matched or rejected.

This matching process captures the impact of resource con-
tention and enables the system to adapt to varying task loads
and satellite conditions in a scalable and explainable manner.
In the considered framework, user competition is modeled
at the computational resource level rather than at the access
layer, since each user is assumed to operate on an independent
communication channel. Externalities therefore arise from the
progressive consumption of satellite CPU availability as tasks
are assigned, which directly affects the remaining matching
opportunities for other users.

V. PERFORMANCE EVALUATION

To validate the proposed neurosymbolic offloading frame-
work, we conduct a comprehensive performance evaluation
based on real-world datasets and simulation scenarios. The
goal is to assess both the prediction accuracy of the forecasting
module and the effectiveness of symbolic decision-making in
minimizing offloading failures.

A. Experimental Setup

The experiments are conducted using publicly available
datasets. Satellite throughput quality is derived from [39],
while CPU load dynamics are obtained from the cloud
workload datasets [40], rescaled to emulate the behavior of
processing units onboard satellite nodes. The decision process
is evaluated over a horizon of T time slots, with a history
window of length l used for forecasting.

We benchmark our approach against two baselines.
1) LSTM-Based Predictor: A task-specific model trained

on the historical data for each satellite, followed by a
threshold-based offloading policy.

2) Reinforcement Learning: A model-free agent trained to
learn the offloading policy directly through trial-and-
error interactions with the environment. This module is
based on LSTM forecasting to compare the traditional
deep learning paradigm with hybrid inductive-deductive
systems.

Our proposed framework combines a zero-shot forecasting
model (TimeGPT) with a symbolic controller based on fuzzy
rules, enabling efficient and interpretable offloading decisions
without the need for task-specific training or reinforcement
signals.

Fig. 3. Comparison of forecasting accuracy for the considered models. The
figure reports the mean squared error (mse), RMSE, and MAPE obtained by
the LSTM baseline and the TimeGPT model over different prediction horizons,
highlighting the performance gap between task-specific training and zero-shot
forecasting. (a) Accuracy errors for forecasting via LSTM. (b) Accuracy errors
for forecasting via TimeGPT.

As previously anticipated, we evaluate the forecast accuracy
using standard error metrics, i.e., MAE and MAPE. In addi-
tion, we also measure the root mean squared error (RMSE),
quantifying the average magnitude of prediction errors, defined
as

RMSE =

r
1
N

XN

i=1
(ŷi − yi)2 (8)

where ŷi are the predictions, yi are the true values, and N are
the sample size.

In addition, we assess the quality of symbolic decisions by
computing the cumulative number of offloading failures, here
referred to as decision accuracy. A failure occurs when the
system either misses a valid offloading opportunity or selects
a satellite that is unable to process the task.

B. Results and Discussion

We first show the accuracy errors of the forecasting models
considered in Fig. 3. On the one hand, Fig. 3(a) shows the fore-
cast performance of the LSTM model trained on the available
data. The LSTM baseline is trained using a limited dataset
whose size corresponds to the same historical context window
(i.e., the last l observations) provided as input to TimeGPT
in zero-shot mode, in order to ensure a fair and transpar-
ent comparison between task-specific training and zero-shot
inference. Due to the limited dataset size, the LSTM fails to
achieve accurate predictions, even in the short-term scenario
with a time horizon equal to 1. In contrast, Fig. 3(b) reports the
zero-shot forecast performance of the foundational model as
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Fig. 4. Execution time as a function of the prediction horizon for the LSTM
baseline and the TimeGPT model, highlighting the computational cost of task-
specific training and inference for LSTM compared to the zero-shot inference
paradigm adopted by TimeGPT.

Fig. 5. Completion time (execution time + RTT) as a function of the predic-
tion horizon for the LSTM baseline and the TimeGPT model, highlighting the
computational cost of task-specific training and inference for LSTM compared
to the zero-shot inference paradigm adopted by TimeGPT.

the prediction horizon increases. Compared to Fig. 3(a), the
foundational model demonstrates higher predictive accuracy,
despite being evaluated on the same number of samples. This
highlights its robustness in data-scarce scenarios, making it
particularly suitable for applications where time series are
still in the early stages of collection or where large-scale data
storage is not feasible.

Furthermore, evidence supporting this observation is pro-
vided in Fig. 4, which compares the execution times of the
two predictive models. As shown, TimeGPT not only achieves
higher forecast accuracy with the same amount of data but
also exhibits significantly lower inference time. This perfor-
mance gap is primarily attributed to the zero-shot paradigm
of foundational models, which eliminates the need for task-
specific training. Similarly, Fig. 5 shows the completion time,
expressed as the sum of the execution time on board the CPU
and the RTT, assuming that the LSTM queries the ground base
station to perform training and inference.

Fig. 6 shows the membership functions employed in the
fuzzy inference system. Specifically, Fig. 6(a) represents
the linguistic modeling of satellite link throughput quality,
Fig. 6(b) refers to the CPU load on the satellite node, and
Fig. 6(c) defines the urgency of offloading decisions.

In a fuzzy logic framework, a membership function assigns
to each crisp input value a degree of membership to predefined
linguistic terms (such as “low,” “medium,” and “high”), allow-
ing smooth transitions and robust reasoning under uncertainty.

The offloading urgency reflects the system’s need to delegate
computational tasks, depending on the current channel and
CPU conditions; higher values indicate more favorable situa-
tions for offloading. From the graphs, it can be observed that
all input and output variables are partitioned using standard
trapezoidal and triangular membership functions. The terms
“low” and “high” are modeled as trapezoids, ensuring gradual
activation and deactivation at the extremes of the domain,
while the term “medium” is represented by a triangle centered
in the mid-range. This choice enables a balanced overlap
between adjacent terms and ensures continuous coverage
across the entire input space. The thresholds for transitions
between categories (e.g., low-to-medium and medium-to-high)
are symmetric and occur at values around 30, 50, and 70,
consistently across all variables.

Fig. 7 reports the decision accuracy as a function of the
prediction horizon for four different combinations of fore-
casting and decision-making paradigms, namely LSTM + RL,
LSTM + Fuzzy, TimeGPT + RL, and TimeGPT + Fuzzy.
This comparison enables the disentangling of the individual
contributions of the forecasting module and the decision layer.
As expected, all approaches exhibit a gradual degradation
in decision accuracy as the prediction horizon increases,
reflecting the growing uncertainty associated with longer-
term forecasts. However, clear performance differences emerge
across the considered architectures. Approaches relying on
LSTM-based forecasting consistently achieve lower accuracy
than their TimeGPT-based counterparts, regardless of the
decision mechanism employed. This confirms that forecasting
quality plays a dominant role in sustaining reliable offloading
decisions over extended horizons. Comparing the decision
layers, fuzzy logic consistently outperforms reinforcement
learning when coupled with the same forecasting model. In
particular, the LSTM + Fuzzy configuration yields higher
accuracy than LSTM + RL, highlighting the robustness of
rule-based reasoning in data-scarce and uncertain regimes.
A similar trend is observed when TimeGPT is used as the
forecasting backbone, where TimeGPT + Fuzzy systematically
outperforms TimeGPT + RL across all horizons. Overall,
the proposed TimeGPT + Fuzzy architecture achieves the
highest and most stable decision accuracy, maintaining values
above 93% even at the longest prediction horizon. These
results, combined with those depicted in Fig. 3, indicate
that combining high-quality zero-shot forecasting with sym-
bolic, interpretable decision-making yields superior robustness
compared to fully inductive pipelines. The analysis further
suggests that both components are essential: while accurate
forecasting is necessary to preserve performance at longer
horizons, the adoption of deductive reasoning mechanisms
provides additional resilience against prediction uncertainty.

Fig. 8 provides a sensitivity analysis of the forecast-
ing performance with respect to the size of the available
training dataset. The figure highlights a markedly differ-
ent behavior between task-specific learning and zero-shot
forecasting paradigms. The LSTM-based model exhibits a
strong dependence on data availability, with high prediction
errors in low-data regimes and a gradual improvement as
the dataset size increases. This trend reflects the intrinsic
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Fig. 6. Membership functions for the considered quality metrics, namely satellite link throughput quality, satellite CPU load, and offloading urgency, used by
the FLC to translate continuous predictions into linguistic variables. (a) Membership function of throughput quality. (b) Membership function of CPU load.
(c) Membership function of offloading urgency.

Fig. 7. Decision accuracy of the offloading process, comparing the
LSTM + RL baseline with the proposed TimeGPT + Fuzzy Logic frame-
work. The figure reports the accuracy of the decision-making process over
different prediction horizons, highlighting the benefits of combining zero-shot
forecasting with symbolic reasoning.

Fig. 8. MAPE as a function of the dataset size for LSTM and TimeGPT, i.e.,
as a function of the size window l.

reliance of inductive models on sufficient historical data to
learn accurate temporal representations. Conversely, TimeGPT
maintains consistently low MAPE values across all dataset
sizes, showing only marginal performance variations as more
data becomes available. This result confirms the robustness

and data efficiency of foundation models operating in zero-shot
mode, and demonstrates their suitability for satellite-enabled
environments where data collection is limited or progressively
evolving.

To evaluate the behavior of the proposed framework in
a multiuser scenario, we extend the single-user datasets by
generating multiple synthetic IoT node perspectives through
temporal shifting. Specifically, for each IoT node and satellite,
we apply a random temporal offset to the original time series
data, independently sampled from a uniform distribution in the
range [1, 8] time steps. This strategy preserves the underlying
statistical properties of the data while introducing realistic
temporal desynchronization among users.

The same datasets used in the single-user case (i.e.,
WetLinks [39] for link quality and [40] for CPU usage) are
reused as the basis for these shifted instances. Forecasts for
both link quality Q̂k,i(t + 1) and CPU load Ĉi(t + 1) are then
generated for each IoT node and satellite based on shifted time
windows.

Once all predictions are computed, the matching algorithm
described in Section IV-E is executed to determine the assign-
ment of users to satellites, taking into account the fuzzy
urgency scores and the computational demands χk(t) of each
user. This approach enables a scalable evaluation of the system
performance under realistic multiuser contention and temporal
variability.

In order to assess how well the proposed matching algorithm
aligns with user preferences, we introduce the high satisfaction
rate (HSR) as an additional performance metric. This metric
captures the fraction of users who are assigned to satellites
they consider highly suitable, according to the urgency score
produced by their individual fuzzy controllers. Specifically,
we define a user as satisfied if the offloading urgency score
φk,ik (t + 1), calculated for the assigned satellite S ik , exceeds a
predefined threshold θ. The HSR is then defined as the ratio
of satisfied users to the total number of users.

Fig. 9 shows the HSR as a function of the number of users
demanding offloading, assuming the presence of an average
number of ten satellites in line-of-sight. As the number of
users increases, the HSR tends to decrease due to resource con-
tention; however, the TimeGPT + Fuzzy approach consistently
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Fig. 9. HSR as a function of the number of users requesting offloading,
assuming an average of ten satellites in line-of-sight. The figure compares
the proposed TimeGPT + Fuzzy matching approach against the LSTM +
RL baseline, showing that the proposed method consistently achieves higher
user satisfaction and degrades more gracefully under increasing resource
contention.

outperforms the baseline LSTM + RL for all load conditions. In
particular, the proposed method exhibits a slower degradation
rate, suggesting a greater ability to preserve user satisfaction
even under competitive scenarios. The superior HSR of our
TimeGPT + Fuzzy approach demonstrates its effectiveness
not only in resource allocation but also in maintaining a
higher quality of service (QoS) for a larger fraction of IoT
applications, which is critical in scenarios with diverse service
level agreements. This highlights the benefit of combining
predictive accuracy with interpretable decision-making in mul-
tiuser environments.

VI. CONCLUSION

In this work, we presented a novel neuro-symbolic frame-
work for offloading decisions in satellite-enabled IoT edge
intelligence scenarios. By combining the forecasting capabil-
ities of time-series foundation models with the transparency
of rule-based reasoning, our approach enables data-efficient
and explainable decision-making under uncertainty. Using
generative models such as TimeGPT in a zero-shot setting,
we demonstrated the ability to predict both satellite link
quality and computational availability without requiring task-
specific training. These predictions, when processed through
an FLC, produce interpretable and context-aware offloading
decisions tailored to expected environmental conditions. Our
evaluation shows that the proposed hybrid design achieves
high accuracy and robustness while maintaining low infer-
ence costs and intrinsic explainability. Compared to standard
approaches relying on reinforcement learning, our framework
avoids the overhead of iterative training while offering a clear
understanding of the underlying decision logic.

As part of future research, we plan to extend the proposed
framework to explicitly account for time-varying network
conditions by integrating a lifelong learning mechanism able
to continuously update the decision model. This extension will
allow the system to adapt to evolving traffic patterns, resource
availability, and channel dynamics over time. In addition, we
plan to investigate adaptive tuning strategies for the fuzzy

membership functions and rule base, enabling the controller
to better capture nonlinear dynamics and heterogeneous task
requirements in more complex satellite IoT scenarios. In par-
ticular, learning-based calibration of symbolic decision layers
represents a promising direction to improve scalability and
generalization while preserving interpretability.
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