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Appendix A System Design

Freesat enables user-centric connectivity in Satellite-Free Networks (SFNs) through an Artificial Intelligence–Driven Radio Access

Network (AI-RAN)-driven architecture. In this framework, multi-satellite cooperation is realized through multi-connectivity with traffic

splitting, where each user terminal (UT) can be simultaneously associated with multiple satellites and its traffic demand is distributed

across these links under capacity and Quality-of-Service (QoS) constraints. This formulation does not assume fully coordinated trans-

mission (e.g., cell-free or coherent processing). As illustrated in Fig. A1, the proposed system is organized into multiple functional

layers, each responsible for specific tasks while operating cohesively via AI-driven control loops. This layered design facilitates scalable

deployment, efficient resource orchestration, and adaptive service provisioning in dynamic SFNs.

Specifically, the framework comprises four major layers, namely the UT layer, Radio Unit (RU) layer, Distributed Unit (DU)/RU

layer, and Radio Intelligent Controller (RIC)/Core layer. These layers collaboratively support seamless communication, intelligent

resource allocation, and mobility management across the network.
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Figure A1 System framework of the AI-RAN-enabled SFNs.
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UT Layer: The UT layer consists of heterogeneous UTs, including Internet of Things (IoT) devices, mobile handsets, industrial

machines, and public safety equipment. These devices generate diverse traffic demands, ranging from ultra-reliable low-latency com-

munication (URLLC) to high-throughput broadband services. The UT layer transmits traffic requests and feedback information while

receiving control signaling and allocated radio resources from upper layers.

RU Layer: The RU layer comprises non-terrestrial radio units, such as satellite payloads and uncrewed aerial vehicle (UAV)-based

base stations. This layer provides wide-area coverage and rapid deployment capability, ensuring resilient connectivity in non-terrestrial

networks (NTNs). It primarily performs radio-frequency transmission and reception, along with essential physical-layer operations,

thereby establishing the first access interface for UTs.

DU/RU Layer: The DU/RU layer undertakes intermediate processing functions, including radio resource scheduling, protocol stack

execution, and traffic coordination. By integrating distributed computing capabilities with radio units, this layer enables adaptive traffic

management and maintains stable multi-user connectivity under dynamic channel and mobility conditions.

RIC/Core Layer at the Edge: The RIC/Core layer constitutes the intelligence center of the proposed framework. It integrates

the control-plane functionalities of the RIC with core network capabilities, enabling centralized policy enforcement, global resource

optimization, and long-term learning. Deployed at the network edge, this layer supports low-latency decision-making and context-aware

control for dynamic resource allocation and mobility management.

In the proposed architecture, global network status collection and aggregation are performed by an AI-RAN controller deployed

onboard the satellite, which acts as the central control-plane entity. Network state information, including channel state information

(CSI), satellite operational status, and user mobility data, is conveyed to the AI-RAN controller via feeder links and inter-satellite links

through dedicated control channels. This design follows common practices in the literature and aligns with ongoing standardization

efforts. By separating control-plane signaling from user-plane data transmission, the framework avoids mutual interference and enhances

operational reliability. Furthermore, synchronization is facilitated through time-stamped control messages, which mitigate coordination

latency and reduce synchronization overhead.

The Digital Twin (DT) functionality is also implemented within the AI-RAN controller. This deployment enables the DT to maintain

a global1) and consistent view of the network state, while leveraging adequate onboard computational resources for real-time data fusion

and predictive analytics. By continuously integrating real-time measurements with historical observations, the DT mirrors the physical

satellite network and generates predictive network state information. Such predictive intelligence supports AI-driven decision-making,

enabling proactive resource allocation and robust service provisioning in highly dynamic satellite-free environments.

The workflow of the proposed system is constructed around a closed-loop AI-driven process that seamlessly coordinates all archi-

tectural layers to realize user-centric connectivity. In contrast to conventional NTN architectures, where each UT maintains a single

active link to a designated satellite at a given time, the AI-RAN-enabled SFN adopts a “satellite-free” paradigm. Here, the term

“satellite-free” does not imply the absence of satellites, but rather denotes the absence of exclusive cell-like associations. UTs are

instead served simultaneously by multiple satellites in a cooperative and coordinated manner. This paradigm significantly reduces the

reliance on frequent handovers, minimizes interruptions caused by satellite mobility, and enhances both service continuity and resilience.

The workflow integrates a cycle of data collection, prediction, decision-making, and real-time feedback, ensuring that dynamic service

demands are consistently satisfied under highly variable NTN channel conditions.

Step 1: Data Collection at the UT and RU Layers

The workflow begins at the UT and RU layers. UTs generate diverse service requests while simultaneously providing CSI feedback.

Unlike traditional architectures, where CSI pertains to a single serving satellite, in the SFN paradigm CSI is jointly collected from

multiple satellites that concurrently cover the UT. This richer set of feedback not only reflects instantaneous link quality but also

captures inter-satellite correlations, mobility dynamics, and environment-induced impairments. At the RU layer, these measurements

are aggregated and pre-processed. This creates a holistic view of user demand and channel opportunities, laying the foundation for

cooperative service delivery.

Step 2: Intermediate Processing at the DU/RU Layer

The DU/RU layer acts as an intermediate control point that fuses information from multiple RUs and satellites. It executes preliminary

scheduling decisions, performs protocol operations, and coordinates distributed transmission activities. In the satellite-free paradigm,

this layer plays a critical role in resolving conflicts among multiple serving satellites and orchestrating joint transmission strategies. For

example, it can dynamically assign transmission weights and align timing offsets to ensure coherent service delivery. By enabling multi-

source data fusion and early-stage optimization, the DU/RU layer ensures that UTs benefit from simultaneous connectivity, thereby

achieving higher reliability, lower latency, and smoother user experiences.

Step 3: Policy Coordination at the RIC/Core Layer

The RIC/Core layer layer serves as the “intelligence hub” of the SFN. AI-driven modules deployed at this layer analyze real-time and

historical data to predict user mobility, traffic demand evolution, and CSI fluctuations. It enforces global policies such as fairness

among UTs, energy efficiency across satellites, and scalable allocation of spectral and computational resources. In a SFN, where UTs

are simultaneously served by multiple satellites, policy coordination is particularly important to avoid redundant transmissions, balance

load across satellites, and manage spectrum reuse efficiently. By aligning local adaptations at the edge with broader system objectives,

the RIC/Core layer guarantees that cooperation across multiple satellites remains sustainable, scalable, and aligned with long-term

network goals.

Step 4: DT-empowered Validation

In this step, DT provides a virtualized replica of the physical network environment, enabling proactive evaluation of multi-satellite

cooperation strategies. For instance, the DT can simulate the impact of coordinated power allocation from multiple satellites on a given

UT, test alternative resource allocation schemes, and anticipate potential QoS violations under diverse channel conditions. Within this

framework, candidate policies are first evaluated in the DT environment, where infeasible or constraint-violating decisions are identified.

Such decisions are not directly accepted; instead, a feasibility recovery step is applied. In particular, the infeasible solution is projected

onto the nearest feasible set defined by the system constraints, thereby ensuring that all operational constraints are satisfied. Through

1) Within a designated service area covered by the considered satellite cluster.
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this validation and correction process, the DT filters out ineffective or risky strategies in a simulated environment, ensuring that only

robust and QoS-compliant control policies are deployed in the live system. This predictive and adaptive capability is essential for

mitigating the uncertainties inherent in highly dynamic NTN environments.

Step 5: Execution and Feedback

In the final stage, optimized control messages are disseminated back to the DU/RU and RU layers for execution. These control messages

may include coordinated scheduling commands, power allocation, and transmission strategies tailored for multi-satellite cooperation.

As the strategies are applied, the resulting performance is monitored in real time, and feedback from UTs and RUs is continuously

collected. This feedback closes the control loop by providing updated metrics on throughput, latency, error rates, and user satisfaction.

The system then refines its models and updates its decision-making policies accordingly, ensuring ongoing adaptability in the presence of

evolving service demands and channel conditions. Through this continuous feedback loop, the SFN maintains seamless user experiences

without disruptions caused by satellite handovers or exclusive associations. While enabling multi-satellite service inevitably increases

the complexity of UT receivers and baseband processing, the proposed framework allows Freesat to maintain high levels of reliability,

adaptability, and user-centric responsiveness in dynamic SFN environments. By continuously integrating real-time observations, predic-

tive intelligence, and validation feedback, the online service provisioning mechanism enables the SFN to operate as a truly self-optimizing

and self-healing communication system.

Appendix B Channel Model

This study considers a LEO mega-constellation composed of M satellites, indexed by M = {1, . . . ,M}, serving K mobile UTs, indexed

by K = {1, . . . ,K}. Our focus is on the uplink transmission, while the downlink can be formulated in a similar manner. UTs access the

constellation through radio frequency (RF) links within a service interval [0, T ]. The transmission period is divided into discrete time

frames t = 1, . . . , T , during which the channel is assumed to remain quasi-static. This model captures the dynamic nature of low-earth

orbit (LEO) satellite constellations while ensuring tractable analysis of the SFN operation.

If a data stream sk(t) is transmitted from UT-k to satellite-m in time frame t, the received signal can be expressed as

yk,m(t) = hH
k,m(t)Pksk(t) + nk, (B1)

where Pk denotes the transmit power budget of UT-k, nk ∼ CN (0, σ2
k) is the additive white Gaussian noise (AWGN), hk,m(t) is the uplink

channel coefficient, and H denotes the Hermitian transpose. Due to the considerable mobility of LEO satellites, the channel is subject

to Doppler shift and propagation delay. Although these impairments can be partially compensated through advanced synchronization

techniques, they remain fundamental aspects of LEO communication links.

The channel coefficient is modeled as

hk,m(t) =
√

ϖk,m(t)GlGk,mAk,m(t) δk,m, (B2)

where Gl is the satellite antenna gain, Gk,m is the receiver gain at UT-k toward satellite-m, ϖk,m(t) denotes the free-space path loss [1],

Ak,m(t) represents atmospheric fading [2], and δk,m captures large-scale fading modeled by a Shadowed-Rician distribution [3].

The free-space path loss is given by

ϖk,m(t) =

(
c

4πdk,m(t)fc

)2

, (B3)

where c is the speed of light, fc is the carrier frequency, and dk,m(t) is the distance between UT-k and satellite-m:

dk,m(t) = ∥lm(t)− lk(t)∥, (B4)

with lm(t) and lk(t) denoting the positions of satellite-m and UT-k at time t.

Atmospheric fading is modeled as

Ak,m(t) = 10
− 3χm(t)

10 sin[φk,m(t)] , (B5)

where χm(t) is the weather attenuation factor, and φk,m(t) is the elevation angle:

sin[φk,m(t)] =
lalm(t)− lalk (t)

dk,m(t)
, (B6)

with lalm(t) and lalk (t) representing the altitudes of satellite-m and UT-k, respectively.

To capture the stochastic nature of large-scale fading, the Shadowed-Rician model, parameterized by the tuple (Ωk,m, bk,m, qk,m),

is considered, where 2bk,m denotes the average scattered power, qk,m is the Nakagami-m shape parameter, and Ωk,m represents the

average Line-of-Sight (LoS) component power. The probability density function (PDF) of the fading coefficient is

f|δk,m|2 (x) = αk,me−βk,mx
1F1(qk,m; 1; δk,mx), (B7)

and the corresponding cumulative distribution function (CDF) is

F|δk,m|2 (x) = αk,m

∞∑
i=0

(qk,m)iδ
i
k,m

(i!)2βi+1
k,m

γ(i+ 1, βk,mx), (B8)

where 1F1(·) is the confluent hypergeometric function, (qk,m)i is the Pochhammer symbol, and γ(·) is the lower incomplete gamma

function.
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The instantaneous uplink signal-to-noise ratio (SNR) is then expressed as

γk,m(t) =
Pk|hH

k,m(t)|2

σ2
k,m

, (B9)

and the corresponding achievable rate is bounded by the Shannon capacity:

Rk,m(t) = B log2
(
1 + γk,m(t)

)
, (B10)

where B is the uplink bandwidth.

To incorporate channel dynamics, it is assumed that the AI-RAN has access to the historical channel coefficients between UT-k and

satellite-m over the most recent T0 time frames, i.e.,

Hς
k,m(t) ≜ {hk,m(t− 1), . . . ,hk,m(t− T0)}. (B11)

Based on the constructed network state Ψt0
t0−T0+1, the AI-RAN predicts the future network evolution over the time horizon t ∈

[t0+1, t0+ τ ] to construct a digital twin of the NTN dynamics. Specifically, the AI-RAN leverages a lightweight deep learning model to

infer future network states by exploiting the high-fidelity digital representation encapsulated in Ψt0
t0−T0+1. Conditioned on this history,

the ergodic rate of UT-k to satellite-m at time t is given by

R̂k,m(t) = Ehk,m(t)|Hς
k,m

(t)

[
Rk,m(t)

]
, (B12)

where the expectation reflects the statistical uncertainty of the channel.

Appendix C Performance Analysis

Appendix C.1 Simulation Setup

The Ansys STK simulation platform [4] is adopted to model a time-varying satellite system, capturing both the inter-visibility between

satellites and their dynamic geographic positions. The study considers SpaceX’s Starlink constellation (Shell I of Phase I) as a reference

[5]. UTs are randomly distributed within the service footprint of the constellation, and the system operates in the Ka-band with a carrier

frequency of 28 GHz and an available bandwidth of 500 MHz [6]. The orbital configuration corresponds to 72 planes, each containing 22

satellites, deployed at an altitude of 550 km with an inclination of 53◦. Each satellite is assumed to have an antenna gain of 58.5 dBi.

The channel model follows the formulation provided in Section Appendix B, and incorporates a Shadowed-Rician fading distribution

characterized by a Nakagami-m parameter of 10, an average line-of-sight (LoS) power of 0.835, and an average scattered power of 0.126.

Atmospheric effects are modeled through a weather factor χm(t), uniformly sampled within the interval [0, 4]. For dynamic evaluation,

the history length of network states is fixed to T0 = 10 s, sampled at 1 Hz. The baseline SNR of each LEO satellite is set to 50 dB, while

the weight factor for QoS tradeoff is λ = 0.3. The experiments further assume K = 10 users, a decision horizon of τ = 20 s, and an

average processing capability of 10 Gbits/s per satellite. These parameters establish a realistic operational environment for analyzing

the performance of the proposed framework.

The AI-RAN and DT modules jointly realize the proposed FreeSat framework, which follows the same processing architecture as the

Oracle benchmark to ensure a fair comparison [7]. Specifically, the model consists of four convolutional neural network (CNN) layers

for effective feature extraction and decision-making. The input to the model comprises network state observations generated by the

DT environment, while the output corresponds to optimized network operation and resource allocation strategies. Through the CNN

module, the input features are progressively processed and expanded to a 512-feature size.

All learning models are trained using the Adam optimizer, with the learning rate initialized at 0.01 and progressively decayed by

a factor of 0.999 to promote stable convergence and mitigate the risk of overshooting local minima. During offline training, each

iteration processes a batch of 512 network state samples, and the models are trained for 500 iterations to ensure convergence and strong

baseline performance. In contrast, the online training stage is designed under a one-shot learning paradigm, where the model adapts

to previously unseen dynamic tasks under each network condition. This one-shot design provides a realistic evaluation framework that

reflects the limited-data nature of online learning while rigorously validating the adaptability and resilience of the proposed framework.

All simulations were conducted on a single NVIDIA Tesla V100 GPU equipped with 32 GB of memory.

Appendix C.2 Comparison Algorithms

To rigorously evaluate the effectiveness of the proposed Freesat framework is compared with several representative service provisioning

strategies that are widely adopted in NTNs.

1) Oracle [7]: This scheme adopts a safe transfer learning approach for dynamic service provisioning. However, it restricts each UT

to a one-to-one association with a single satellite and does not support cooperative multi-satellite connectivity, which is a key feature

of the user-centric design in Freesat.

2) Always Nearest Satellite (ANS) [8]: Each UT is associated with the geographically closest satellite at all times, without

considering long-term visibility or cooperative transmission.

3) Longest Visible Time (LVT) [9]: Each UT connects to the satellite predicted to remain visible for the longest duration based

on parametric orbital models. Reassociation occurs only when the currently serving satellite exits the coverage region.
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In contrast to the above benchmarks, which constrain each UT to a single serving satellite, Freesat can be viewed as an enhanced

extension of Oracle that enables simultaneous multi-satellite associations. This design facilitates seamless service continuity, improves

robustness against satellite mobility, and enhances overall QoS. To further investigate the performance gains brought by multi-satellite

connectivity, the ANS and LVT schemes are also extended to the SFN scenario as follows:

1) ANS-TopK: The ANS scheme is extended to SFNs by allowing each UT to simultaneously associate with the k, k ∈ (1, 4] in this

study, geographically closest satellites at all times, thereby enabling coordinated multi-satellite service.

2) LVT-TopK: The LVT scheme is generalized to SFNs by enabling each UT to maintain concurrent associations with the k satellites,

k ∈ (1, 4] in this study, predicted to offer the longest remaining visibility time, as determined by parametric orbital dynamics models.

Appendix C.3 Simulation Results

The proposed Freesat is first assessed under varying values of the weighting factor λ, as shown in Fig. C1. Our performance metrics

of interest include the average QoS, the sum user rate, and the handover frequency. The average QoS is defined as

1

T

λ∑
k∈K

∑
m∈M

T∑
t=0

xk,m(t)R̂k,m(t)∆t+ (1− λ)
∑
k∈K

∑
m∈M

T∑
t=1

|xk,m(t)− xk,m(t− 1)|
2

 ,

which jointly captures transmission efficiency and handover cost. The sum user rate is defined as

1

T

∑
k∈K

∑
m∈M

T∑
t=0

xk,m(t)R̂k,m(t)∆t,

and the handover frequency is given by

1

T

∑
k∈K

∑
m∈M

T∑
t=1

|xk,m(t)− xk,m(t− 1)|
2

.

The parameter λ plays a pivotal role in the proposed service provisioning framework, as it governs the trade-off between handover

cost and achievable transmission capacity. As shown in Fig. C1(c), a smaller value of λ indicates that the system is more sensitive to the

overhead introduced by handovers, while a larger λ prioritizes throughput maximization with less concern for the associated handover

penalties. By varying λ, Freesat is comprehensively evaluated in terms of adaptability and performance under different operational

priorities.

As λ increases, intelligent schemes such as Freesat and Oracle dynamically adjust their strategies to prioritize higher transmission

capacity (shown in Fig. C1(b)), even at the expense of increased handovers (shown in Fig. C1(c)). In contrast, as shown in Fig. C1(a), the
ANS and LVT baselines exhibit fixed QoS behaviors since their decision logic is independent of λ; as such, their performance remains

constant across all values of λ. Interestingly, extending these traditional schemes to the SFN setting does not always guarantee improved

QoS. A notable example is the ANS approach, which achieves extremely high throughput under SFN operation but incurs frequent

handovers. When λ is small (i.e., handover cost is high), this leads to significantly degraded QoS—even yielding negative values—due

to the overhead of excessive switching. Conversely, when λ is large, the high throughput compensates for the switching cost, resulting

in higher QoS.

Moreover, Freesat exhibits QoS performance nearly identical to Oracle in low-λ regimes. Both approaches tend to converge

on conservative strategies that maintain long-term associations with individual satellites, thereby minimizing handovers as shown in

Fig. C1(c). This behavior mirrors that of conventional single-satellite schemes designed to reduce switching overhead, leading to stable

but potentially underutilized capacity due to the lack of multi-satellite cooperation. As λ grows, the importance of minimizing handovers

diminishes, allowing the benefits of the satellite-free architecture to emerge. In particular, Freesat consistently achieves the highest

QoS across all λ settings. This superior performance stems from its user-centric design, which enables each UT to be served by

multiple satellites simultaneously. By exploiting spatial diversity and cooperative transmission, Freesat effectively balances traffic

loads, enhances throughput, and mitigates service interruptions.

The results in Fig. C1 highlight two key insights. First, Freesat provides a flexible mechanism to adapt to diverse network objectives,

whether minimizing handovers or maximizing capacity. Second, multi-satellite operation does not inherently yield better performance,

and thus, intelligent coordination is essential for realizing its potential benefits. In essence, Freesat not only surpasses conventional

baselines in throughput but also delivers robust and adaptive service provisioning with minimal overhead. These findings affirm the

viability of the user-centric, satellite-free paradigm in future 6G NTN deployments, where agility and intelligence are critical to meeting

heterogeneous service demands in dynamic environments.

Moreover, the robustness and scalability of the proposed Freesat framework are investigated under varying UT deployment densities.

Fig. C2 illustrates the performance of Freesat as the number of UTs within the coverage area increases. This evaluation is crucial,

as practical LEO mega-constellations are envisioned to serve a large number of geographically distributed users with diverse service

requirements. Consequently, the ability of a service provisioning framework to scale with user density is essential for future 6G satellite

communication systems. As shown in Fig. C2(c), the average handover frequency of Freesat increases only marginally with growing

UT density. This limited rise is attributed to the handover-aware decision-making mechanism embedded in Freesat, which effectively

reduces unnecessary switching while ensuring that each UT’s QoS remains within acceptable bounds as shown in Fig. C2(a). In contrast,

the ANS-based approaches achieve higher throughput at the expense of excessive handovers as shown in Fig. C2(b), which can even

degrade QoS as the UT population grows. Conversely, LVT-TopK benefits from the multi-satellite connectivity enabled by SFNs and, in

some scenarios, even surpasses the Oracle baseline in QoS performance. These observations underscore the critical role of AI-RAN-driven

DT intelligence in enabling efficient, user-centric service delivery.
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Figure C1 Performance of Freesat under different λ.
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(c) Handover Frequency vs. Number of UTs.

Figure C2 Performance of Freesat under different UT deployment.

In particular, the DT-enabled AI-RAN controller continuously monitors network conditions and dynamically optimizes satellite-

UT associations in real time. This approach ensures that handover costs remain within manageable limits, even under increasing

user loads. Simultaneously, the system’s aggregate throughput rises substantially as UT density increases. This improvement is a

direct consequence of Freesat’s user-centric, satellite-free architecture, which allows each UT to maintain concurrent connections with

multiple satellites. Unlike traditional one-to-one association schemes, Freesat distributes traffic intelligently across satellites, enhancing

spectrum utilization and maximizing system capacity. By adapting satellite selection and resource allocation to the individual channel

conditions and service demands of each UT, Freesat demonstrates superior scalability in throughput compared to baseline methods.

More importantly, this performance trend validates the robustness of Freesat in large-scale deployments. Even as user density rises,

the framework maintains strong QoS performance in the evaluated scenarios without compromising reliability or fairness. These results

confirm that Freesat not only adapts effectively to dynamic network conditions and mobility but also scales efficiently to meet the

demands of next-generation 6G SFNs.

Furthermore, the performance of the proposed Freesat is evaluated under varying network conditions by adjusting the maximum

data-handling capability of the satellites. The corresponding results are presented in Fig. C3. This evaluation is particularly impor-

tant because practical LEO constellations exhibit heterogeneous hardware configurations, leading to different onboard processing and

forwarding capacities. Therefore, examining performance sensitivity to satellite capacity provides insight into the adaptability and

efficiency of different service provisioning strategies.

From a comparative perspective, Fig. C3(b) shows that the system throughput increases with satellite capacity for all schemes;

however, the magnitude of improvement differs significantly. ANS-TopK consistently achieves the highest sum rate across all capacity

regimes. In contrast, single-association schemes such as ANS and LVT exhibit limited scalability, as their one-to-one connection structure

prevents them from fully utilizing the expanded system resources. Although LVT-TopK benefit from multi-satellite connectivity,

their heuristic association rules limit its ability to optimally distribute traffic, resulting in inferior throughput compared to Freesat.

Fig. C3(a) further highlights the QoS comparison. While increasing satellite capacity improves QoS for most schemes, the improvement

is substantially larger for Freesat. Notably, ANS-TopK suffers from relatively low QoS despite achieving high throughput, primarily

due to excessive handover costs, as illustrated in Fig. C3(c). This demonstrates that throughput enhancement alone does not guarantee

QoS improvement; instead, a balanced trade-off between rate and switching overhead is essential. Freesat achieves superior QoS

because it jointly optimizes satellite association and handover control through the DT-enabled AI-RAN controller.

These comparative results demonstrate that increasing satellite capacity alone does not uniformly benefit all schemes. The perfor-

mance gain strongly depends on whether the provisioning strategy can intelligently exploit the additional resources. Freesat not only

scales effectively with satellite capacity in terms of throughput but also preserves low handover overhead, thereby achieving the best

overall QoS. These findings confirm that intelligent, user-centric multi-satellite coordination is essential for fully leveraging high-capacity

LEO constellations.

Finally, the computational efficiency of the proposed Freesat interface is evaluated, which is critical for assessing its practical
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Figure C3 Performance of Freesat under different capacity of the satellites.
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Figure C4 Average processing time per task vs. number of UTs.

feasibility in real-world NTN deployments. As illustrated in Fig. C4, Freesat consistently maintains processing delays on the order of

milliseconds, even under growing UT density. This low-latency behavior is enabled by the AI-RAN architecture, in which learning-based

controllers and DT simulations collaboratively generate and validate service provisioning decisions in real time. Such rapid responsiveness

is essential in LEO environments, where channel conditions and user mobility vary rapidly. Without efficient decision-making, the system

would be unable to adapt promptly, resulting in degraded QoS or service interruptions. Moreover, Freesat achieves processing latency

comparable to the Oracle scheme, demonstrating that enabling multi-satellite connectivity does not introduce prohibitive computational

overhead. In contrast, heuristic multi-satellite extensions such as ANS-TopK and LVT-TopK exhibit noticeably higher processing time as

the number of UTs increases. This is because TopK strategies require repeated sorting or visibility evaluation across multiple candidate

satellites, leading to additional computational complexity that scales with both UT number and candidate set size. The single-satellite

baseline ANS maintains relatively low processing time due to its straightforward association rule, which selects the geographically nearest

satellite without additional optimization. However, this simplicity comes at the cost of suboptimal performance, as demonstrated in

the previous figures. In contrast, the LVT schemes incur the highest computational delay because they require evaluating the expected

visibility duration over a long prediction horizon, resulting in higher linear processing overhead. Importantly, although all schemes

exhibit a gradual increase in processing time as the number of UTs grows, the growth rate of Freesat remains modest. The delay

increases in an approximately linear manner and consistently stays within millisecond-level operational requirements for NTN systems.

This behavior indicates that the DT-enabled AI-RAN controller effectively manages computational complexity through parallelized

learning inference and efficient decision validation, thereby ensuring scalable and practical deployment.

Overall, the results demonstrate that Freesat achieves a favorable balance between intelligence and efficiency. It delivers the benefits

of adaptive, multi-satellite service provisioning without incurring excessive computational overhead, thereby ensuring scalability to dense

user deployments expected in future 6G NTNs.

Appendix D Related Work

Recently, QoS-aware service provisioning in NTNs has attracted significant research attention [7, 10–15]. In practice, QoS is primarily

influenced by two key factors: frequent handovers and highly dynamic CSI. Due to the inherent characteristics of LEO satellites,

such as high mobility and limited coverage, UT–satellite links vary rapidly over time, resulting in frequent handovers during service

sessions [7]. This issue can be further exacerbated by environmental conditions and network dynamics, leading to even shorter handover

intervals [16]. Meanwhile, CSI, which reflects the instantaneous channel conditions, also exhibits significant variability [17], especially

under weather variations [18]. Therefore, effectively addressing both frequent handovers and dynamic CSI is essential to guarantee
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diverse QoS requirements in NTNs.

Extensive research efforts have been devoted to alleviating the impact of frequent handovers on network performance in NTNs [19].

However, most existing approaches rely on the simplifying assumption that CSI is either predictable or remains relatively stable during

satellite movement. This assumption is rarely valid in practice, as NTN environments are inherently dynamic, leading to rapid and

unpredictable channel variations. Consequently, the performance of such methods often degrades significantly when applied in realistic

settings [20]. To better capture these dynamics, learning-based approaches have recently been introduced [21–23]. For example, [25]

leverages a DT to enhance resource allocation in NTNs, while a safe transfer learning framework is proposed in [7] to support online

service provisioning. Despite their improved adaptability, these methods typically adopt a restrictive assumption that each UT can be

associated with only one satellite at a time. This limitation reduces the flexibility of user association and hinders the realization of

fully user-centric connectivity, which is essential for next-generation NTNs. Recent advances in O-RAN [26] and AI-RAN [27] provide

new architectural support for intelligent and flexible network management, which offers the potential to overcome these limitations,

motivating the Freesat proposed in this paper.
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