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ABSTRACT 

The multi-tier satellite constellations, that is, the Low, Medium, and Geostationary Earth Orbit 

(LEO/MEO/GEO) satellites, combined with 5G networks on the ground, are the key to attaining ubiquitous 

connectivity across the globe. This heterogeneous architecture is modeled as a dynamic three-tier network 

system, where the topological arrangement and orbital geometry define the network architecture-QoS 

relationships governing and load distribution. To address these challenges, this paper proposes a novel 

Hierarchical Multi-Agent Deep Reinforcement Learning framework for Multi-Tier Load Balancing (Hi-

MADRL-MTLB). It is an architecture with a two-level control hierarchy; a meta-controller manages global inter-

tier traffic distribution, and distributed local controllers manage intra-tier optimization in each orbital cluster and 

use a Centralized Training with Decentralized Execution (CTDE) paradigm. The framework specifically includes 

5G classes of services (eMBB, URLLC, and mMTC) and orbital dynamics in its state representation and reward 

model to facilitate proactive and QoS-driven decision-making. Extensive simulation findings show that, under 

the condition of the largest load variance decrease, there is a 67 percent reduction in QoS violations and an 18.4 

percent increase in aggregate throughput, demonstrating that Hi-MADRL-MTLB outperforms traditional 

shortest-path routing. It also has a practical 50-millisecond decision cycle so that it can scale to immense 

constellations. This study conclusively proves that hierarchical artificial intelligence control is necessary in the 

management of resources efficiently in next-generation integrated satellite-terrestrial networks, giving a base 

answer to the developing 5G and the following 6G ecosystems. 

 

KEYWORDS: Multi-Tier satellite networks; AI-Driven load balancing; deep reinforcement learning; 5G 

quality of service enhancement; LEO/MEO/GEO integration. 

 

INTRODUCTION 

The demand for ubiquitous global connectivity, coupled with the transition to 5G and beyond, has driven a 

paradigm shift in satellite communications architecture. GEO satellite systems inherently have latency and 

capacity constraints that cannot be used to support the strict Quality of Service (QoS) demands of new 5G 

applications [1], [28]. As a result, low Earth orbit (LEO), medium Earth orbit (MEO), and Geostationary Earth 

Orbit (GEO) satellite constellations have become a revolutionary solution, guaranteeing the provision of world 

coverage, low latency, and capacity [12], [25]. However, this architectural innovation is accompanied by the 

greatest network management issues, i.e., the provision of proper load balancing among the heterogeneous orbital 

levels with vastly different propagation characteristics, coverage radius, and resource requirements. 

One example of networks that combine satellite networks with terrestrial 5G networks (a base of next-generation 

communication ecosystems) are called Non-Terrestrial Networks [4], [15]. This integration also includes 

ubiquitous connectivity to support Enhanced Mobile Broadband (eMBB) and Ultra-Reliable Low-Latency 

Communications (URLLC) to support critical applications as well as Massive Machine-Type Communications 

(mMTC) to support Internet of Things (IoT) implementation [12], [28]. Yet, these differences in the 

characteristics of multi-layer satellite constellations (where LEO satellites are characterized by low latency and 

low coverage duration, MEO satellites are characterized by balanced latency coverage trade-offs, and GEO 

satellites are characterized by continuous coverage and high latency) present a complex optimization frontier to 

traffic distribution and resource allocation [3], [25]. 

The conventional load-balancing methods, which have been developed mostly to support terrestrial networks or 

homogenous satellite constellations, do not work well in multi-tier satellite environments. The shortest-path 

routing algorithms [3] do not consider dynamic satellite mobility, as well as different qualities of links, and the 

static load-sensitive heuristics are not able to cope with the topological change that is rather rapid in the case of 

LEO constellations. Even more recent Multi-Agent Deep Reinforcement Learning (MA-DRL) models [9], [21], 

promising with distributed optimization, have problems with the scale and heterogeneity of integrated 
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LEO/MEO/GEO systems [11]. The basic issue is to stabilize an intelligent control framework that is able to 

effectively balance the inter-tier traffic distribution (macro-load balancing) with the intra-tier resource allocation 

(micro-load balancing) and provide a wide range of QoS demands with respect to the various classes of service. 

Deep Reinforcement Learning (DRL), as a variant of Artificial Intelligence (AI), has proven a disruptive 

technology in solving network optimization problems that are complex [1], [13]. According to recent surveys, 

the use of AI techniques in satellite communications has been on the rise, and it is applicable both in resource 

allocation and interference management, as well as network slicing and mobility prediction [2], [8]. But the vast 

majority of solutions are devoted to single-level optimization or assume multi-tier networks as homogeneous 

structures, regardless of the additional opportunities offered by the heterogeneity of levels [6], [10]. 

The structural hierarchy of LEO/MEO/GEO constellations—characterized by distinct orbital geometries, link 

topologies, and temporal dynamics—creates a complex network architecture landscape that directly influences 

traffic distribution and resource utilization. 

This study fills the most important gap in intelligent load balancing of multi-tier 5G satellite networks by 

introducing a new Hierarchical Multi-Agent Deep Reinforcement Learning of Multi-Tier Load Balancing (Hi-

MADRL-MTLB) framework [14]. There are several contributions that our work makes: 

• A hierarchical AI structure that breaks down the load-balancing task into meta-level inter-tier coordination 

and local-level intra-tier optimization, reflecting the hierarchical structure of the satellite constellations. 

• A multi-agent reinforcement learning agent applied in a Centralized Training and Decentralized Execution 

(CTDE) that provides coordinated learning but allows distributed operation to be scaled up. 

• QoS-constrained optimization that provides a clear integration of 5G service specifications (eMBB, URLLC, 

mMTC) into the reward scheme and the decision-making process [16]. 

• With orbital dynamics included into the state representation, predictive load balancing can be done taking 

into consideration the satellite mobility, visibility, and changes in inter-satellite links. 

• Extensive testing showing that there would be substantial performance gains over the conventional and 

contemporary strategies in a variety of measures such as QoS compliance, load distribution efficiency, and 

operational feasibility [17]. 

The suggested system is controlled by using a two-tier control system with high-level decision-making being 

made by a meta-controller on the strategic MEO satellites or GEO satellites and low-level decisions made by the 

local controllers on individual LEO clusters or orbital planes, addressing load balancing and handover decisions 

on the intra-tier. It is a hierarchical design that allows for global coordination and local flexibility, which are 

necessary to scale and dynamics of the next-generation satellite constellations [20]. 

Our study expands upon and develops on the various streams of related research. We are motivated by the 

hierarchical routing protocols of satellite networks [3], except that we use learned adaptive policies instead of 

the static algorithms used. We make use of knowledge of AI-based optimization of a terrestrial network [7], [24] 

and adapt to satellite-specific constraints. We generalize multi-agent reinforcement learning methods [9], [21] to 

hierarchical environments that are suited to multi-tier architectures. The most important thing is that we tackle 

the particular issues of 5G-NTN integration in the recent surveys, as realized by the authors of the recent surveys 

[4], [12], and [15], and, in particular, create a tangible AI solution to one of the most critical aspects, the dynamic, 

QoS-sensitive resource management in the heterogeneous network segments [23]. 

1.1. Architectural Innovations 

While Hi-MADRL-MTLB builds upon established MARL methods (specifically MADDPG [Lowe et al., 

2017]), it introduces several architectural innovations that distinguish it from standard hierarchical RL 

applications: 

1.1.1.  Orbit-Aware Hierarchical Decomposition:  

Unlike generic hierarchical RL that decomposes tasks arbitrarily, our decomposition is specifically designed to 

match the natural hierarchy of satellite networks: 

• Meta-controller operates at the MEO/GEO level with global visibility 

• Local controllers operate at the LEO cluster level with local visibility 

• This decomposition leverages the temporal and spatial scale separation inherent in multi-tier satellite 

networks 

1.1.2. QoS-Integrated State Representation:  

Our state representation explicitly includes: 

• Orbital dynamics (visibility windows, dwell times, handover schedules) 

• Traffic characteristics (5G QoS classes with specific requirements) 

• Network conditions (buffer, link, and computational resource states) 

1.1.3. Dual-Reward Architecture: Our reward system combines: 

• Global rewards for meta-controller (network-wide optimization) 

• Local rewards for controllers (tier-specific optimization) 

• Explicit QoS penalties for service level compliance 

• Fairness metrics for equitable resource allocation 

1.1.4.  QoS-Constrained Action Space:  

Unlike standard MARL approaches that optimize unconstrained actions, our framework: 
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• Implements hard constraints (capacity, connectivity) 

• Implements soft constraints (QoS delay, throughput requirements) 

• Uses a combined projection-penalty approach for constraint satisfaction 

1.1.5. Predictive Orbital-Aware Decision Making:  

Unlike generic approaches that react to current states, our framework: 

• Incorporates orbital mechanics into the state representation 

• Predicts handover events and visibility windows 

• Proactively redistributes load before congestion occurs 

These innovations are specifically tailored to multi-tier satellite networks and address challenges not present in 

terrestrial or homogeneous network management problems." 

This paper will also seek to bring the state of the art in intelligent satellite network management and be part of 

enabling the development of efficient, reliable, and QoS-conscious multi-tier satellite networks that will enable 

us to meet the diverse needs of 5G and beyond 6G systems. 

 

2.  LITERATURE REVIEWS 

The application of Artificial Intelligence (AI) to satellite communications is undergoing significant 

transformation, and it is the next step in the evolution of the phenomenon of machine learning. The development 

of the research has been towards classical and supervised prediction models to the more advanced deep learning 

and reinforcement learning models which can be employed to control and coordinate non-terrestrial networks 

(NTNs) that are very dynamic [1], [27]. This review offers a chronology of this process, key technical 

modifications, exemplary practices, and the unchanging dilemmas.  

Al Homssi et al. give a theoretical overview [1] in which they conduct an extensive analysis of artificial 

intelligence methods adapted to the next-generation massive satellite networks. The survey delves into machine 

learning and deep learning use cases in optimizing different network functions, which directly addresses the 

assumption that AI is a key facilitator of control of complex, heterogeneous constellation, including integrated 

LEO/MEO/GEO systems [30]. 

2.1. On AI for Satellite Communications:  

Continuing on the general use of AI, Fontanesi et al. [3] make a general survey of artificial intelligence in 

reference to satellite communication. The paper is a systematic enumeration of AI techniques used in various 

fields of the satellite ecosystem and represents a useful taxonomy of the space and defines certain research 

directions that guide the choice of AI models when solving the problem of multi-tier network optimization. 

2.2. On Routing in Hierarchical Satellite Networks:  

The main architectural issue of the multi-tier networks has been overcome in the previous works by Chen and 

Ekici [8], who developed a hierarchical LEO/MEO satellite IP network routing protocol. Although it is not AI-

driven, it is a key point of reference on what constitutes traffic flow and imbalanced loads in tiered constellations, 

which forms the basis of the problem that modern AI-driven efforts are trying to address. 

2.3. On AI for Integration of Terrestrial and Non-Terrestrial Networks:  

Khalid et al. [15] offer an extensive review of AI and ML technologies used to converge the terrestrial and non-

terrestrial networks, providing the context of 5G/6G integration. Their discussion of the resource management 

and smooth connectivity in hybrid environments explicitly leads to the necessity of smart load-balancing 

technology along the space and the ground paths to ensure the end-to-end quality of service. 

2.4. On Load Balancing in Space-Air-Ground Networks:  

Dong et al. [9] study a Deep Reinforcement Learning (DRL)-based load-balancing routing scheme of 6G Space-

Air-Ground Integrated Networks (SAGIN) with the focus on a dynamic optimization method. This publication 

provides an argument of the practical use of a particular AI paradigm to allocate traffic effectively among 

heterogeneous network nodes, which is the methodological basis of using DRL to multi-tier satellite load 

balancing. 

2.5. On AI-Driven Handover and Load Balancing in Dense Networks:  

Chabira et al. [7] survey AI-based solutions to handover management and load balancing optimization of ultra-

dense 5G/6G cellular networks. Their survey of AI application in user mobility management and network load 

distribution in dense conditions, although applied to terrestrial, is very proximate to adjusting analogous 

intelligent approaches to the dynamic user load and the satellite handover conditions in dense LEO constellations. 

2.6. Research Gap 

Although much effort has been invested in AI to address satellite communications [1], [2] and conventional 

routing systems to address hierarchical satellite constellations [3], there is an evident gap in the study of specific, 

intelligent load-balancing systems in both 5G ecosystems of heterogeneous LEO/MEO/GEO networks. 

Available surveys show that AI can be used in the management of resources in non-terrestrial networks (NTNs) 

[4], [15] and illustrate how AI can be used in load balancing in terrestrial or Space-Air-Ground Integrated 

Networks (SAGIN) [5], [7]. Nevertheless, these strategies tend to isolate satellite levels or fail to tackle the multi-

dimensional, dynamic allocation of traffic and computational load across satellites with radically different orbital 

behaviour (latency, coverage, dwell time) in its entirety. More importantly, there is no established AI-driven 

engine, which optimizes at the same time: The Tier of loading balancing between LEO, MEO, GEO satellites, 

so that the congestion of LEO shells does not appear and the underutilization of higher orbit satellite does not 
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appear: 

Tier-to-tier load management of very large LEO constellations, taking into account quick handovers and time-

varying link conditions. Dynamic prioritization of traffic (e.g., ultra-reliable low-latency communication 

(URLLC) vs. enhanced mobile broadband (eMBB)) in the multi-tier architecture based on QoS awareness to 

satisfy 5G service level agreements (SLAs). This gap is further supported by studies that concentrate on the 

single factors like routing [3], handover [7], or offloading [9] without contributing to an overall, AI-native-based 

control plane to facilitate coordinated multi-tier load balancing that is vital to effective and robust 5G satellite 

network integration [4], [25]. 

2.7. Positioning of Our Contribution 

Existing approaches in satellite network optimization can be categorized into three classes: (1) classical routing 

algorithms [3, 8] that rely on static rules and cannot adapt to dynamic traffic patterns, (2) single-tier AI 

optimization [2, 6] that fails to capture the hierarchical nature of LEO/MEO/GEO constellations, and (3) flat 

multi-agent systems [5, 9] that struggle with scalability in multi-tier environments. 

Our Hi-MADRL-MTLB framework differs from these approaches in three fundamental aspects: 

• First, while classical routing algorithms [3] provide useful design principles, they lack the adaptability 

required for dynamic satellite networks. Our approach replaces fixed rules with learned policies that continuously 

adapt to changing network conditions. 

• Second, unlike prior AI approaches [1, 2] that address single-tier optimization, our framework explicitly 

models the multi-tier hierarchy through dedicated meta-controller and local controllers. 

• Third, compared to flat multi-agent systems [5, 9], our hierarchical decomposition reduces the dimensionality 

of the optimization problem, enabling faster convergence (34% improvement) and better scalability (linear vs. 

exponential complexity). 

To the best of our knowledge, this is the first work to address the specific challenge of integrated inter-tier and 

intra-tier load balancing with explicit 5G QoS constraints in a multi-tier satellite environment. 

2.8. Problem Statement 

Combination of LEO, MEO and GEO satellite constellation into 5G networks is a strenuous challenge to 

effective resources exploitation and uniform Quality of Service (QoS) provision. The natural heterogeneity in 

orbital period, path latency, coverage footprints and link dynamics forms a complex and time-changing topology 

[3], [25]. The environment cannot be supported by static or reactive load-balancing strategies, which commonly 

cause congestion hotspots in popular LEO orbital planes and overutilization of MEO and GEO resources as well 

as random service failures to end-users during periods of peak demand or network transitions (e.g., satellite 

handovers). As a result, there is an urgent necessity of active and smart load-balancing paradigm. The gap here 

is that there exists no active, predictive, and QoS-conscience multi-tier load-balancing model that could 

automatically optimize traffic allocation among LEO, MEO and GEO satellites. This framework has to be clever 

in the management of the network resources to reduce latency, maximize the throughput, guarantee reliability, 

and satisfy a variety of 5G QoS needs, under the habitually changing network conditions and user demand 

patterns. 

 

2.9. Research Objectives 

In order to solve the given issue and close the research gap, the proposed study contains the following three 

research objectives (ROs): 

• To develop new, multi-level satellite network architecture and system model formalizing the LEO, MEO, 

and GEO interaction in a 5G ecosystem. This model will characterize state parameters (e.g., satellite queue 

length, link state, user distribution, QoS profile) and action space required to be controlled using AI. 

• To create and deploy an AI-based multi-agent load-balancing algorithm (e.g., Deep Reinforcement Learning 

(DRL) based [5]) [9]) that can be used to make distributed decisions, but in a coordinated manner. The algorithm 

will acquire the best policies on inter-tier traffic routing and intra-tier load allocation to maximize global network 

utility measures, such as end-to-end delay, packet delivery ratio, and fairness index as proposed by Jain. 

• To test the suggested framework by using extensive simulations and comparing its performance with the 

current load-balancing schemes (e.g. shortest-path routing [3], static load-aware routing). The analysis will 

measure performance improvements in quality of service (latency, throughput, reliability), stability of the 

network at different load conditions and scaling in a massive satellite network environment. 

 

3. MATERIALS AND METHODS 

This section details the methodological framework designed to achieve the stated research objectives. The 

approach is divided into three core phases corresponding to each objective: (1) System Modeling, (2) Algorithm 

Design, and (3) Performance Evaluation. 
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Figure 1. Overall System Architecture of Hi-MADRL-MTLB Framework (Created by the authors) 

The proposed architecture, depicted in Figure 1 Overall System Architecture of Hi-MADRL-MTLB Framework, 

distinguish control signals vs. data traffic with different arrow styles, consists of three main components: 

Meta-Controller (Global Coordinator): Resides at a strategic MEO or GEO satellite and makes high-level 

decisions about inter-tier traffic distribution. 

 

Local Controllers (Tier Managers): Deployed at each LEO satellite cluster or orbital plane, responsible for intra-

tier load balancing and handover decisions. 

Distributed Execution Nodes: Individual satellites that implement the routing and load distribution decisions. 

The algorithm operates in two phases: an offline training phase and an online execution phase, implementing the 

Centralized Training with Decentralized Execution (CTDE) paradigm [9]. 

3.1. Phase 1: Multi-Tier Satellite Network Architecture and System Modeling (Addressing RO1) 

To formalize the load-balancing problem, a comprehensive system model of the integrated LEO/MEO/GEO 5G 

network is developed. The network is formalized as a time-varying graph G(t), where nodes and edges represent 

structural elements whose connectivity and geometry define functional properties such as delay, throughput, and 

fault tolerance. 

3.1.1. Network Topology Model:  

The spatial and temporal dynamics of the constellation are modeled as a time-varying graph 𝒢(𝑡) =
(𝒱(𝑡), ℰ(𝑡)), where 𝒱(𝑡) represents the set of network nodes and ℰ(𝑡)  the inter-satellite links (ISLs) and 

up/down links at time 𝑡. Nodes are categorized into tiers: 

• LEO Tier (𝓥𝑳): Modeled as a Walker-Delta constellation [22] with parameters (number of planes, satellites 

per plane, altitude, inclination) to reflect high dynamics and short dwell times. 

• MEO Tier (𝓥𝑴) & GEO Tier (𝓥𝑮): Modeled as smaller sets of nodes in higher, more stable orbits, providing 

wider coverage but higher latency [3]. 

• Ground Segments: Include gateways and user terminals, which generate and terminate traffic flows. 

3.1.2.  State Formulation 

The system state 𝑠𝑡 ∈ 𝒮 for AI decision-making is defined as a composite vector capturing key network metrics: 

• Node State: For each satellite 𝑖 ∈ 𝒱 , state includes buffer occupancy 𝐵𝑖(𝑡) , available computing 

resource 𝐶𝑖(𝑡), and current orbital position. 

• Link State: For each logical link (𝑖, 𝑗) ∈ ℰ(𝑡) , state includes propagation delay 𝜏𝑖𝑗(𝑡) , available 

bandwidth 𝐵𝑊𝑖𝑗(𝑡), and bit error rate 𝐵𝐸𝑅𝑖𝑗(𝑡). 

• Traffic Demand State: For each active flow 𝑘, state includes source-destination pair, QoS class (e.g., eMBB, 

URLLC), required data rate 𝑅𝑘
𝑟𝑒𝑞

, and maximum tolerable delay 𝐷𝑘
𝑚𝑎𝑥 . 

3.1.3. Problem Formulation:  

 The load-balancing problem is formulated as a constrained optimization aimed at maximizing a global 

network utility function 𝑈(𝑡), which weights aggregate throughput, fairness, and QoS satisfaction, subject to 

constraints on link capacity, node processing limits, and flow-specific QoS requirements. This formalizes the 

challenge of dynamic resource allocation in hierarchical NTNs highlighted in prior surveys [4], [25]. 

3.2. Phase 2: Design of the AI-Driven Multi-Agent Load-Balancing Algorithm (Addressing RO2) 

To solve the dynamic optimization problem, a Multi-Agent Deep Reinforcement Learning (MADRL) framework 

is proposed, inspired by its success in complex network management tasks [5], [9], [15]. 

3.2.1. Agent Architecture and Observation Space: 

 A hierarchical agent structure is designed. A meta-controller agent, possibly hosted at a strategic MEO or GEO 

node, oversees inter-tier traffic distribution. Each LEO satellite plane or cluster is managed by a local 
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controller agent responsible for intra-tier load balancing and handover decisions. Each agent's partial 

observation 𝑜𝑡
𝑖 is a relevant subset of the global state 𝑠𝑡, tailored to its decision scope. 

3.2.2. Action Space and Reward Design 

The reward coefficients in Equation (1) were tuned through preliminary experiments to balance different 

optimization objectives: 

α (Throughput weight) = 0.4 (Throughput is a primary objective but should be balanced with other metrics). 

β (Delay weight) = 0.25 (Delay is critical for URLLC applications; moderate weight ensures delay-sensitive 

traffic receives priority.) 

γ (Loss weight) = 0.15. (Packet loss is important but less critical than delay in our scenario.) 

δ (Fairness weight) = 0.1. (Fairness is important but should not dominate throughput optimization.) 

η (QoS violation weight) = 0.1. (QoS violations are heavily penalized to ensure service guarantees.) 

The coefficients were normalized such that Σ weights = 1.0. 

For Equation (2) (meta-controller reward): α₁ (Throughput) = 0.35, α₂ (Delay) = 0.25, α₃ (QoS violations) = 0.25 

and  

α₄ (Fairness) = 0.15. These values were determined through grid search over {0.1, 0.2, ..., 0.5} with the objective 

of maximizing the validation set reward." 

• Action (𝒂𝒕
𝒊): For a local controller, an action could be the selection of a next-hop satellite for a given flow or 

the offloading of computational tasks. For the meta-controller, an action is the routing of a flow to an entry point 

in the LEO, MEO, or GEO tier. 

• Reward (𝒓𝒕): A hybrid reward function is crafted to guide the agents toward the global objective: 

𝑟𝑡 = 𝛼 ⋅ 𝑇𝑃𝑈𝑇‾ − 𝛽 ⋅ 𝐷𝑒𝑙𝑎𝑦‾ − 𝛾 ⋅ 𝐿𝑜𝑠𝑠‾ + 𝛿 ⋅ ℱ𝐽𝑎𝑖𝑛 − 𝜂 ⋅ ∑ 𝑄𝑜𝑆_𝑉𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑘∈𝒦𝑣𝑖𝑜𝑙
𝑛𝑘   (1) 

where 𝑇𝑃𝑈𝑇‾ , 𝐷𝑒𝑙𝑎𝑦‾ , and 𝐿𝑜𝑠𝑠‾  are normalized network-wide throughput, delay, and packet loss, ℱ𝐽𝑎𝑖𝑛  is 

Jain’s fairness index, and the last term penalizes QoS violations for flows 𝑘. Coefficients 𝛼, 𝛽, 𝛾, 𝛿, 𝜂 are tuning 

weights. 

3.2.3. Learning Algorithm:  

 Agents will be trained using a centralized-training-with-decentralized-execution (CTDE) paradigm, such as 

Multi-Agent Deep Deterministic Policy Gradient (MADDPG) or a variant. This allows agents to learn 

coordinated policies using global information during training while executing actions based on local observations 

during operation, enhancing scalability and robustness [9]. 

3.2.4. Proposed Algorithm: Hierarchical Multi-Agent DRL for Multi-Tier Load Balancing 

 The Hierarchical Multi-Agent DRL for Multi-Tier Load Balancing (Hi-MADRL-MTLB) algorithm, a novel 

framework for intelligent traffic distribution in heterogeneous satellite networks. The algorithm employs a two-

level control hierarchy that synergistically optimizes both inter-tier and intra-tier resource allocation while 

ensuring stringent QoS requirements. 

3.2.5. Mathematical Formulation 

 The claim of '40% training time reduction through transfer learning' is based on preliminary experiments 

with: 

 

• Pre-training on 100 episodes of historical traffic data (with similar spatial and temporal patterns) 

• Fine-tuning on the target network configuration 

 

In these preliminary experiments: 

 

• Episodes to converge: 150 (transfer learning) vs. 250 (from scratch) 

• Training time: 11.1 hours vs. 18.5 hours 

• Achieved 40.0% reduction 

 

We emphasize that these results are preliminary and require validation with: 

 

• Multiple historical traffic patterns 

• Different network topologies 

• Various QoS requirement configurations 

 

A dedicated transfer learning study is planned as future work. The load balancing problem is formulated as a 

Markov Decision Process (MDP) for each agent. For the meta-controller, the MDP is defined as: 

State Space 𝒮meta: Global network statistics including traffic matrices, satellite buffer status, link utilization, and 

QoS violation counts. 

Action Space 𝒜meta: Inter-tier flow assignments, represented as a probability distribution 𝑃(𝑓 → Tier𝑘) for each 

flow 𝑓. 

Reward Function 𝑅meta: 

𝑅meta = 𝛼1 ⋅ 𝑈throughput − 𝛼2 ⋅ 𝐷̄ − 𝛼3 ⋅ 𝑉QoS + 𝛼4 ⋅ 𝐹fairness       (2) 
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 where 𝑈throughput  is normalized network throughput, 𝐷̄  is average delay, 𝑉QoS  is QoS violation count, 

and 𝐹fairness I Jain's fairness index. 

For each local controller 𝑖 in tier 𝑘, the MDP is: 

• State Space 𝒮local
𝑖 : Local observations including neighboring satellite loads, link qualities, and assigned flows. 

• Action Space 𝒜local
𝑖 : Next-hop selection and resource allocation for local flows. 

• Reward Function 𝑅local
𝑖 : Tier-specific performance metrics weighted by the meta-controller's global 

objectives. 

3.3. Hi-MADRL-MTLB Training Procedure 

3.3.1. Algorithm: Hi-MADRL-MTLB_Training 

Input: Environment E, Training episodes M, Steps per episode T 

Output: Trained parameters Θ = {θ_meta, θ_local_1, ..., θ_local_N} 

  # Initialization Phase 

  Initialize actor networks μ_meta, {μ_local_i} with random weights 

  Initialize critic networks Q_meta, {Q_local_i} with random weights 

  Initialize target networks μ'_meta ← μ_meta, Q'_meta ← Q_meta 

  Initialize target networks μ'_local_i ← μ_local_i, Q'_local_i ← Q_local_i 

  Initialize replay buffers D_meta, {D_local_i} with capacities C_meta, C_local 

  Initialize exploration rates ε_meta, ε_local 

  Initialize satellite constellation with LEO/MEO/GEO parameters 

  Initialize traffic generator with 5G QoS classes 

# Training Loop 

 for episode = 1 to M do 

     s_0 ← E.reset_environment()  # Reset to initial state 

     s_meta ← aggregate_global_state(s_0) 

     for t = 1 to T do 

         # --- Meta-controller action selection --- 

         a_meta = μ_meta(s_meta) + ε_meta · 𝒩(0,1)  # Add exploration noise 

         tier_assignments = assign_flows_to_tiers(a_meta) 

         # --- Local controllers action selection (parallel execution) --- 

         for each local_controller i in parallel do 

             o_i = get_local_observation(i, s_meta) 

             a_local_i = μ_local_i(o_i) + ε_local · 𝒩(0,1) 

         end for 

         # --- Environment interaction --- 

         joint_action = (a_meta, {a_local_1, ..., a_local_N}) 

         (s_meta_next, r_meta, {r_local_i}, done) = E.step(joint_action, Δt) 

         # --- Experience storage --- 

         D_meta.store(s_meta, a_meta, r_meta, s_meta_next, done) 

         for each local_controller i do 

             D_local_i.store(o_i, a_local_i, r_local_i, o_i_next, done) 

         end for 

         # --- Network updates (if sufficient samples) --- 

         if D_meta.size > B_min and all(D_local_i.size > B_min) then 

             # Update meta-controller (Algorithm 2) 

             θ_meta ← update_meta_controller(D_meta, γ, τ) 

              

             # Update local controllers in parallel 

             for each local_controller i in parallel do 

                 θ_local_i ← update_local_controller(D_local_i, γ, τ) 

             end for 

         end if 

         # --- State transition --- 

         s_meta ← s_meta_next 

         if done then break 

     end for 

     # --- End of episode processing --- 

     ε_meta ← decay_exploration(ε_meta, episode) 

     ε_local ← decay_exploration(ε_local, episode) 

     # Periodic evaluation 

    if episode mod N_eval == 0 then 

         evaluate_policy(episode, greedy=True) 

 end for 

 return Θ = {θ_meta, {θ_local_i}} 
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3.3.2. Algorithm 2: Meta-Controller Update (DDPG-based) 

Function: update_meta_controller(D_meta, γ, τ, α_actor, α_critic) 

Input: Replay buffer D_meta, discount factor γ, soft update coefficient τ 

Output: Updated parameters θ_meta 

  # Sample minibatch 

  batch ← D_meta.sample_batch(B) 

  # Compute target Q-values 

  for each transition (s, a, r, s', done) in batch do 

      a' = μ'_meta(s')  # Target actor 

      Q_target = r + γ · (1 - done) · Q'_meta(s', a') 

      store Q_target 

  end for 

 # Update critic network (mean squared Bellman error) 

 L_critic = (1/B) ∑ (Q_meta(s,a) - Q_target)² 

 θ_Q_meta ← θ_Q_meta - α_critic · ∇L_critic 

 # Update actor network (policy gradient) 

 ∇_θJ = (1/B) ∑ ∇_aQ_meta(s,a)|_{a=μ_meta(s)} · ∇_θμ_meta(s) 

 θ_μ_meta ← θ_μ_meta + α_actor · ∇_θJ 

 # Soft update target networks 

 θ_μ'_meta ← τ · θ_μ_meta + (1-τ) · θ_μ'_meta 

 θ_Q'_meta ← τ · θ_Q_meta + (1-τ) · θ_Q'_meta 

 return θ_meta 

 

3.3.3. Algorithm 3: Online Execution for Load Balancing 

Algorithm: Hi-MADRL-MTLB_Execution 

Input: Trained parameters Θ, Current network state S, QoS requirements Q 

Output: Load balancing decisions for next interval 

  # Initialization 

  Load trained networks μ_meta, {μ_local_i} from Θ 

  Set exploration rates ε_meta = ε_local = 0  # Greedy execution 

 while system_operational do 

      # Monitor current network state 

      s_meta = collect_global_metrics() 

     # Meta-controller decision 

     a_meta = μ_meta(s_meta)  # Deterministic action 

     tier_decisions = decode_tier_assignment(a_meta) 

    # Broadcast decisions to local controllers 

     broadcast_to_tiers(tier_decisions) 

     # Local controller decisions (parallel execution) 

     for each local_controller i in parallel do 

         o_i = get_local_observation(i) 

         a_local_i = μ_local_i(o_i)  # Deterministic action 

         execute_local_action(a_local_i) 

     end for 

     # Update network state 

     update_routing_tables(tier_decisions, {a_local_i}) 

     # Wait for next decision interval 

     sleep(decision_interval) 

 end while 

3.4. Algorithmic Innovations 

Our learning algorithm is based on Multi-Agent Deep Deterministic Policy Gradient (MADDPG) as introduced 

by Lowe et al. (2017). The specific variant used in this work is: 

• Centralized Training with Decentralized Execution (CTDE) 

• Actor-critic architecture with separate actor and critic networks for each agent 

• Critic networks have access to global state information during training 

• Actor networks use only local observations during execution 

• DDPG-style updates with target networks and experience replay 

The algorithm differs from standard MADDPG in three aspects: 

• Hierarchical structure: Meta-controller and local controllers have different state/action spaces 

• Dual-reward system: Global and local rewards are combined 

• QoS constraints: Projection and penalty mechanisms enforce constraints 

The proposed Hi-MADRL-MTLB algorithm incorporates several novel features: 

• Hierarchical Credit Assignment: Implements a dual reward system where local controllers receive tier-



 

Genetics and Molecular Research 25 (17s): 2026                       9 

specific rewards while being guided by the meta-controller's global optimization objective. 

• Dynamic State Representation: The state space adaptively includes: 

o Orbital parameters: Satellite positions, visibility windows, and inter-satellite link states 

o Traffic characteristics: Flow priorities, QoS requirements, and historical patterns 

o Network conditions: Buffer occupancies, link utilizations, and error rates 

• QoS-Aware Action Selection: The action space is constrained by QoS requirements: 

𝒜valid = {𝑎 ∈ 𝒜 ∣ QoS𝑘(𝑓) ≤ Threshold𝑘, ∀𝑘}                (3) 

 

where QoS constraints include maximum delay, minimum bandwidth, and maximum packet loss. 

• Adaptive Exploration Strategy: Implements curriculum learning where exploration noise decays based on: 

o Episode progression: 𝜖 = 𝜖0 ⋅ 𝑒𝑥𝑝(−𝛽 ⋅ episode) 
o Performance improvement: Faster decay when reward stabilizes 

o Tier-specific adaptation: Different exploration rates for LEO (high dynamics) vs. GEO (stable) tiers 

• Transfer Learning Enhancement: Incorporates pre-training on historical network data and fine-tuning on 

current network conditions, reducing training time by approximately 40% in preliminary tests. 

3.5.  Complexity Analysis 

The computational complexity of Hi-MADRL-MTLB is: 

• Training Phase: 𝑂(𝑀 ⋅ 𝑇 ⋅ (𝑁meta +𝑁 ⋅ 𝑁local))  where 𝑀  is episodes, 𝑇  is steps, N  is local controllers, 

and Nmeta, Nlocal are network sizes 

• Execution Phase: O(Nmeta + N ⋅ Nlocal) per decision interval 

• Memory Requirements: Proportional to replay buffer sizes and network parameters, typically 50-100 MB per 

controller 

The distributed nature of local controllers enables parallel execution, making the algorithm scalable to massive 

satellite constellations with thousands of nodes. 

3.6. Simulation Environment 

The simulation environment was implemented in Python 3.9.12 using the following libraries: 

• PyTorch 1.12.1 (CUDA 11.6) for neural network implementation 

• NumPy 1.21.6 for numerical computations 

• SciPy 1.8.1 for orbital mechanics calculations (SGP4 propagation) 

• NetworkX 2.8.4 for graph operations and topology management 

• Matplotlib 3.5.3 for visualization 

The simulator architecture consists of the following modules: 

1. Orbital Propagator: Implements the SGP4 model with TLE-like orbital elements as inputs. Position accuracy 

is validated against STK (Systems Tool Kit) with error < 10 km for LEO satellites. 

2. Link Model: Computes propagation delay based on free-space path loss, with dynamic link availability based 

on line-of-sight conditions and antenna pointing constraints. 

3. Traffic Generator: Implements 3GPP TR 38.913 traffic models with exponential inter-arrival times and 

Pareto-distributed flow sizes (shape parameter α = 1.2). 

4. Handover Manager: Implements satellite visibility windows and seamless handover procedures with 

configurable handover margin (2° elevation angle). 

5. Load Balancer: Implements the Hi-MADRL-MTLB algorithm with configurable agent parameters. 

 

4. Results  

This section presents the experimental results of the proposed Hi-MADRL-MTLB framework and provides a 

comprehensive analysis of its performance. The evaluation was conducted using a high-fidelity satellite network 

simulator with parameters based on real-world constellations (Starlink-like LEO, O3b-like MEO, and standard 

GEO satellites). The simulation spanned 500 training episodes, with each episode representing 1000 decision 

intervals of Δt = 100ms. 

4.1. Experimental Setup 

4.1.1. Simulation Environment 

The constellation parameters were selected based on real-world satellite systems: 

LEO constellation (120 satellites at 550 km) approximates the Starlink V1.0 configuration, providing a realistic 

baseline for LEO dynamics. The choice of 550 km altitude represents the operational altitude of commercial 

LEO broadband constellations. 

MEO constellation (8 satellites at 8000 km) models the O3b network, selected as it represents the most prominent 

operational MEO constellation with proven 5G integration capabilities. 

GEO constellation (3 satellites at 35,786 km) represents the standard geostationary satellite configuration used 

for global broadcast and backup services. 

The traffic distribution (60% eMBB, 25% URLLC, 15% mMTC) is based on 3GPP TR 38.913 recommendations 

for 5G system requirements, reflecting typical network operator deployments. 

 

The simulation duration of 500 episodes × 1000 steps × 100ms = 13.9 hours of simulated network time ensures 
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coverage of multiple complete orbital periods for LEO satellites (≈90 minutes) and sufficient handover events 

(≈500-600 handovers)."The evaluation employed a custom-built satellite network simulator integrating: 

• Constellation Parameters: 

o LEO: 120 satellites at 550 km (6 orbital planes, 20 satellites/plane) 

o MEO: 8 satellites at 8000 km (2 orbital planes, 4 satellites/plane) 

o GEO: 3 satellites at 35,786 km (equatorial orbit) 

• Traffic Model: Mixed 5G QoS traffic with the following distribution: 

o eMBB (Enhanced Mobile Broadband): 60% of total traffic, 10-100 Mbps per flow 

o URLLC (Ultra-Reliable Low Latency): 25% of traffic, 1-10 Mbps per flow, max delay 10ms 

o mMTC (Massive Machine Type): 15% of traffic, bursty patterns, 0.1-1 Mbps per flow 

• Network Conditions: Time-varying link qualities with 0.1-1% packet error rates, handover events occurring 

every 45-90 seconds in LEO tier. 

4.1.2. Baseline Algorithms 

SPR (Shortest Path Routing): A traditional Dijkstra-based routing algorithm that selects the path with minimum 

number of hops between source and destination satellites. The algorithm computes path costs based on the 

number of ISL traversals, without considering current network load or QoS requirements. When multiple paths 

exist, the shortest hop path is selected irrespective of congestion status or link quality. 

LAR (Load-Aware Routing): A heuristic load-balancing algorithm that periodically (every 100ms) collects node 

load information from neighboring satellites. The routing decision favors paths with lower buffer occupancy, 

utilizing a composite metric: cost = α · hop_count + (1- α )·load_factor, where α is a tuning parameter set to 0.6 

based on preliminary optimization. The algorithm reacts to congestion but does not anticipate future loads. 

MA-DRL (Multi-Agent DRL): A flat multi-agent Deep Reinforcement Learning approach without hierarchical 

coordination. Each satellite has an independent DRL agent that selects next-hop actions based on local 

observations. The agents are trained using the same CTDE paradigm as Hi-MADRL-MTLB but without the 

meta-controller. This baseline is implemented using MADDPG with the same neural network architecture and 

hyperparameters as the local controllers in Hi-MADRL-MTLB. 

Tier-Static: A baseline that statically assigns traffic types to specific orbital tiers: URLLC traffic exclusively to 

LEO, eMBB traffic to MEO, and mMTC traffic to GEO. This assignment remains fixed regardless of network 

conditions, representing a conservative approach to tier selection. 

The proposed Hi-MADRL-MTLB was compared against three baseline algorithms: 

• SPR (Shortest Path Routing): Traditional Dijkstra-based routing using minimum hop count [3]. 

• LAR (Load-Aware Routing): Heuristic algorithm that directs traffic away from congested nodes based on 

periodic load reports. 

• MA-DRL (Multi-Agent DRL): A flat multi-agent DRL approach without hierarchical coordination [9]. 

• Tier-Static: Static assignment of traffic types to specific tiers (URLLC to LEO, eMBB to MEO, mMTC to 

GEO). 

4.1.3. Performance Metrics 

The following key performance indicators (KPIs) were measured: 

• End-to-End Delay: Average and 95th percentile delay for each QoS class 

• Packet Delivery Ratio (PDR): Percentage of successfully delivered packets 

• Network Throughput: Aggregate data rate across all tiers 

• QoS Violation Rate: Percentage of flows violating their QoS requirements 

• Jain's Fairness Index: Fairness in resource allocation across satellites 

• Algorithm Overhead: Computational and communication overhead of the control mechanism 

4.2. Training Performance 

4.2.1. Convergence Analysis 

Table 1 presents the training convergence characteristics of Hi-MADRL-MTLB. The algorithm consistently 

converged after about 250 episodes, and the total rewards underwent a significant growth; from -15.2 (random 

policy) to +42.8 (policy of the maximization). The hierarchical structure of the proposed framework enables 

structural adaptability, where changes in orbital topology are mapped to QoS-aware property adjustments with 

67% fewer violations. The global reward of the meta-controller converged more smoothly whereas the local 

controllers had some fluctuations as they explored their respectively local environment. 

 

Table 1. Training Convergence Characteristics 

Metric Hi-MADRL-MTLB MA-DRL Improvement p-value 95% CI 

Episodes to converge 250 ± 18 380 ± 25 34.2% faster p < 0.001 [112, 148] 

Final average reward 42.8 ± 3.2 36.5 ± 4.1 17.3% higher p = 0.002 [3.8, 8.8] 

Training time (hours) 18.5 ± 1.2 23.7 ± 1.8 21.9% faster p < 0.001 [3.8, 6.6] 

4.2.2. Exploration-Exploitation Trade-off 

The adaptive exploration strategy demonstrated effective balance between exploration and exploitation. The 

exploration rate ε decayed from 0.5 to 0.05 over 300 episodes following an exponential schedule. The meta-

controller maintained higher exploration (final ε = 0.08) compared to local controllers (final ε = 0.03) to adapt 
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to global traffic pattern changes. 

4.3. Load Balancing Performance 

4.3.1. Tier Load Distribution 

The load distribution across tiers under varying traffic conditions. Hi-MADRL-MTLB achieved significantly 

better load balancing: 

 

Table 2. Load Distribution Efficiency (Load Variance Across Satellites) 

Traffic Load Hi-MADRL-MTLB LAR SPR Tier-Static 

Low (30%) 0.12 ± 0.02 0.18 ± 0.03 0.25 ± 0.04 0.32 ± 0.05 

Medium (60%) 0.15 ± 0.03 0.24 ± 0.04 0.38 ± 0.05 0.41 ± 0.06 

High (90%) 0.21 ± 0.03 0.39 ± 0.05 0.52 ± 0.06 0.63 ± 0.07 

Burst (120%) 0.25 ± 0.04 0.47 ± 0.06 0.65 ± 0.07 0.72 ± 0.08 

The proposed algorithm reduced load variance by 46.2% compared to SPR and 38.5% compared to LAR under 

high traffic conditions. The intelligent inter-tier flow assignment prevented LEO congestion while effectively 

utilizing MEO and GEO resources. 

4.3.2. Inter-Tier v/s Intra-Tier Balancing 

The hierarchical approach demonstrated clear advantages in balancing: 

• Inter-tier balancing: Meta-controller successfully directed 68% of delay-sensitive URLLC traffic to LEO, 

25% to MEO (for inter-continental flows), and only 7% to GEO (for backup paths). 

• Intra-tier balancing: Local controllers reduced load variance within LEO clusters by 52% compared to SPR. 

4.4. QoS Performance Analysis 

4.4.1. End-to-End Delay Performance 

4.4.2.  

Table 3. Average End-to-End Delay (ms) by QoS Class* 

Algorithm URLLC eMBB mMTC Overall 

Hi-MADRL-MTLB 8.2 ± 0.8 32.5 ± 2.1 105.3 ± 5.6 35.7 ± 2.1 

MA-DRL 9.8 ± 1.0 35.2 ± 2.4 118.4 ± 6.2 42.1 ± 2.8 

LAR 12.5 ± 1.2 38.7 ± 2.8 125.6 ± 6.8 48.9 ± 3.2 

SPR 15.3 ± 1.5 41.2 ± 3.0 132.8 ± 7.2 52.4 ± 3.5 

Hi-MADRL-MTLB achieved the lowest delays for URLLC traffic (8.2 ms), meeting the stringent 10ms 

requirement with 18% margin. The 95th percentile delay for URLLC was 9.8 ms, demonstrating consistent low-

latency performance. 

4.4.3. QoS Violation Rates 

The QoS violation rates across different algorithms. The proposed framework reduced overall QoS violations by 

67% compared to SPR and 42% compared to LAR. 

 

Table 4. QoS Violation Rates (%) 

QoS Class Hi-MADRL-MTLB MA-DRL LAR SPR 

URLLC 2.1 ± 0.4 3.8 ± 0.6 8.5 ± 1.0 15.2 ± 1.8 

eMBB 1.8 ± 0.3 3.2 ± 0.5 6.7 ± 0.8 12.4 ± 1.5 

mMTC 1.5 ± 0.3 2.8 ± 0.4 5.2 ± 0.7 10.8 ± 1.2 

Overall 1.9 ± 0.3 3.4 ± 0.4 7.3 ± 0.8 13.5 ± 1.4 

The dual reward structure, which explicitly penalizes QoS violations, proved effective in maintaining service 

guarantees even under congestion. 

4.5. Network Efficiency Metrics 

4.5.1. Throughput and Resource Utilization 

 

Table 5. Network Efficiency Comparison 

Metric Hi-MADRL-MTLB MA-DRL LAR SPR 

Throughput (Gbps) 142.5 ± 4.3 135.2 ± 4.8 128.7 ± 5.1 120.3 ± 5.2 

Link Utilization (%) 78.2 ± 3.1 72.5 ± 3.5 68.3 ± 3.8 65.1 ± 4.0 

Buffer Utilization (%) 62.4 ± 3.0 68.7 ± 3.3 75.2 ± 3.6 81.5 ± 3.9 

Fairness Index 0.92 ± 0.02 0.87 ± 0.03 0.79 ± 0.04 0.68 ± 0.05 

The proposed algorithm increased aggregate throughput by 18.4% compared to SPR while maintaining higher 

fairness (Jain's index of 0.92). The intelligent load balancing reduced buffer utilization by 23.5% compared to 

SPR, decreasing the risk of buffer overflow and packet loss. 

4.5.2. Handover Performance 

The handover performance during satellite transitions. Hi-MADRL-MTLB reduced handover-induced packet 

loss by 58% compared to SPR and 35% compared to LAR. The local controllers' predictive handover 

management, informed by orbital mechanics, enabled seamless transitions with average service interruption of 

only 12ms. 

4.6. Scalability Analysis 
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4.6.1. Computational Complexity 

4.6.2.  

Table 6. Computational Requirements 

Component Training Time Inference Time Memory Usage 

Meta-controller 3.2s/episode 8.5ms/decision 24.3 MB 

Local controllers (each) 1.5s/episode 3.2ms/decision 8.7 MB 

Total system 18.5 hours (500 eps) 50.2ms/cycle 142.5 MB 

The distributed nature of local controllers enabled parallel execution, keeping the total decision cycle under 

50ms. The system scaled linearly with the number of satellites, demonstrating O(N) complexity for N satellites. 

4.6.3. Large-Scale Simulation 

To test scalability, we simulated a larger constellation with 300 LEO, 12 MEO, and 6 GEO satellites. Hi-

MADRL-MTLB maintained performance with only a 15% increase in decision latency, while SPR's decision 

time increased by 210% due to centralized path computation. 

4.7. Robustness and Adaptability 

All reported results are based on 50 independent simulation runs with different random seeds (seeds 42-91). 

Results are reported as mean ± standard deviation (SD). 

Statistical significance was assessed using: 

Wilcoxon signed-rank test (non-parametric) for paired comparisons 

Kruskal-Wallis test for multiple group comparisons 

Mann-Whitney U test for independent comparisons 

Significance level: α = 0.05 (two-tailed) 

p < 0.05: * (significant) 

p < 0.01: ** (highly significant) 

p < 0.001: *** (extremely significant) 

Effect sizes are reported using Cohen's d for pairwise comparisons and η² for ANOVA. 

The 95% confidence intervals (CI) for differences are reported using bootstrap resampling (10,000 iterations)." 

4.7.1. Dynamic Traffic Adaptation 

The algorithm demonstrated strong adaptability to changing traffic patterns. When subjected to sudden traffic 

spikes (300% increase in URLLC traffic), Hi-MADRL-MTLB adapted within 5 decision cycles (500ms), while 

LAR required 15 cycles and SPR failed to adapt, resulting in 42% packet loss. All results are reported as mean 

± standard deviation over 50 independent simulation runs with different random seeds (seeds 42-91). Statistical 

significance was assessed using the Wilcoxon signed-rank test (non-parametric, due to non-normal data 

distributions) with a significance level of α = 0.05. Effect sizes are reported using Cohen's d. 

For each metric, we report: 

• Mean ± standard deviation 

• p-value (Wilcoxon signed-rank test, two-tailed) 

• 95% confidence interval for the difference 

• Effect size (Cohen's d)" 

4.7.2. Link Failure Resilience 

This performance during simulated ISL failures. With 10% random link failures, Hi-MADRL-MTLB maintained 

94.2% of original throughput, compared to 78.5% for SPR. The multi-agent structure provided redundant paths 

and quick rerouting capabilities. 

4.8. Ablation Studies 

4.8.1. Component Importance 

We conducted ablation studies to evaluate individual components: 

 

Table 7. Ablation Study Results 

Configuration Avg. Delay (ms) QoS Violation (%) Throughput (Gbps) 

Full Hi-MADRL-MTLB 35.7 ± 2.1 1.9 ± 0.3 142.5 ± 4.3 

Without meta-controller 42.3 ± 2.8 4.2 ± 0.6 132.8 ± 4.8 

Without hierarchical rewards 38.9 ± 2.4 3.1 ± 0.5 138.2 ± 4.5 

Without experience replay 41.5 ± 2.7 4.8 ± 0.7 130.4 ± 4.9 

Without target networks 39.2 ± 2.5 3.5 ± 0.5 136.7 ± 4.6 

The meta-controller contributed most significantly to performance (24% delay reduction), followed by 

experience replay (14% improvement) and hierarchical rewards (8% improvement). 

4.8.2. Neural Network Architecture Impact 

We tested different neural network architectures: 

• Default (3-layer MLP): Best balance of performance and efficiency 

• LSTM-based: 5% better for temporal patterns but 40% slower inference 

• CNN-based: 3% worse performance, unsuitable for graph-structured state 

• Transformer-based: 2% better but 300% higher computational cost 

4.9. Comparison with State-of-the-Art 
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Our results compare favorably with recent satellite network optimization approaches: 

• Compared to Dong et al.'s DRL-based SAGIN approach [5], Hi-MADRL-MTLB reduced delay by 28% and 

improved throughput by 19% in satellite-only scenarios. 

• Compared to Chabira et al.'s terrestrial-focused load balancing [7], our approach adapted better to satellite 

mobility, reducing handover packet loss by 42%. 

• The hierarchical approach outperformed flat multi-agent systems like MA-DRL by 17% in overall reward, 

demonstrating the value of explicit inter-tier coordination. 

•  

Table 8. Performance Comparison with Competitive Baselines 

Algorithm Avg. Delay (ms) QoS Violation (%) Throughput (Gbps) Fairness Index 

Hi-MADRL-MTLB 35.7 ± 2.1 1.9 ± 0.3 142.5 ± 4.3 0.92 ± 0.02 

HRL-IM 38.2 ± 2.4 2.8 ± 0.4 138.7 ± 4.5 0.89 ± 0.03 

SA-DRL 40.1 ± 2.6 3.5 ± 0.5 135.2 ± 4.8 0.86 ± 0.03 

QoS-R 44.8 ± 2.9 5.2 ± 0.6 130.4 ± 5.0 0.82 ± 0.04 

ALAR 48.9 ± 3.2 7.3 ± 0.8 128.7 ± 5.1 0.79 ± 0.04 

LAR 52.4 ± 3.5 13.5 ± 1.4 120.3 ± 5.2 0.68 ± 0.05 

Table 8 presents a comprehensive performance comparison of the proposed Hi-MADRL-MTLB framework 

against five competitive baseline algorithms across four key performance metrics: average end-to-end delay, 

QoS violation rate, aggregate throughput, and Jain's fairness index. The baselines include HRL-IM (hierarchical 

reinforcement learning with intrinsic motivation), SA-DRL (single-agent DRL without hierarchical 

coordination), QoS-R (a modern rule-based QoS-aware routing scheme), ALAR (adaptive load-aware routing 

with dynamic congestion weighting), and LAR (standard load-aware routing). The results demonstrate that Hi-

MADRL-MTLB consistently outperforms all baselines across every metric, achieving the lowest average delay 

of 35.7 ms (compared to 38.2 ms for HRL-IM and 52.4 ms for LAR), the lowest QoS violation rate of 1.9% 

(versus 2.8% for HRL-IM and 13.5% for LAR), the highest aggregate throughput of 142.5 Gbps (compared to 

138.7 Gbps for HRL-IM and 120.3 Gbps for LAR), and the highest fairness index of 0.92 (compared to 0.89 for 

HRL-IM and 0.68 for LAR). Notably, the hierarchical approaches (Hi-MADRL-MTLB and HRL-IM) 

significantly outperform the non-hierarchical methods (SA-DRL and LAR), validating the effectiveness of the 

hierarchical decomposition strategy. However, Hi-MADRL-MTLB's explicit QoS-aware optimization and dual-

reward architecture provide a clear advantage over HRL-IM, demonstrating that the proposed framework's 

specific innovations—including the orbit-aware decomposition, QoS-integrated state representation, and QoS-

constrained action space—are essential for achieving optimal performance in multi-tier satellite network 

environments. These results, supported by statistical significance testing (p < 0.001 for all comparisons), confirm 

that Hi-MADRL-MTLB represents a substantial advancement over both traditional heuristic approaches and 

more sophisticated AI-driven baselines. 

4.10. Practical Implications 

4.10.1. Energy Efficiency 

The balanced load distribution reduced peak power consumption by 22% compared to unbalanced schemes, 

extending satellite operational lifetime. By avoiding congestion hotspots, the algorithm minimized the need for 

transmission power boosting. 

4.10.2. Operational Cost Reduction 

The intelligent tier assignment reduced the need for ground station handovers by 35%, decreasing operational 

complexity and ground segment costs. The predictive nature of the algorithm allowed for proactive resource 

reservation, reducing over-provisioning by approximately 25%. 

 

5. DISCUSSION 

The results presented in Section 5 demonstrate that the proposed Hi-MADRL-MTLB framework significantly 

outperforms traditional and contemporary approaches for load balancing in multi-tier satellite networks. This 

section provides an in-depth discussion of these findings, their implications, and their relationship to the broader 

research landscape. 

5.1. Interpretation of Key Findings 

5.1.1. Hierarchical vs. Flat Architectures 

The theoretical benefit of hierarchical decomposition in multi-tier satellite networks is confirmed by superior 

performance of usability of Hi-MADRL-MTLB in comparison with flat MA-DRL architectures [9]. Although 

flat multi-agent systems have been shown to perform well in homogeneous terrestrial networks [15], these 

systems are not able to manage the inherent heterogeneity and scale of LEO/MEO/GEO constellations. We 

showed that our hierarchical method was 34% faster to make decisions and 17% better at reward convergence, 

in large part due to the fact that the hierarchical method splits the world-wide optimization problem into smaller 

tasks. The global view of the meta-controller facilitates efficient inter-tier coordination, and local controllers can 

optimize themselves in their respective orbital environments, a key benefit discovered in hierarchical satellite 

routing studies [3] but now extended by the ability to modify itself using AI. 

5.1.2. QoS-Aware vs. Load-Only Optimization 

The 67 percent decrease in the QoS violations of Hi-MADRL-MTLB is indicative of the significance of making 
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QoS constraints an explicit part of the optimization objective. The classic methods of load-balancing such as 

LAR and SPR are mainly concerned with reducing congestion or path length [3] and sacrifice service quality. 

The QoS-based dual-reward framework, which punishes violations of the QoS and rewards throughput and 

fairness, is in line with latest trends in AI-based network management [13], [18]. This is especially important in 

the case of 5G satellite integration, where various service needs (eMBB, URLLC, mMTC) require differentiated 

service- a need that has been determined to be challenging in recent surveys of NTN integration [4], [12].  

5.1.3. Proactive vs. Reactive Adaptation 

The predictive, AI-guided adaptation value of Hi-MADRL-MTLB in traffic bursts and handover events (an 

increase or decrease of only ±15% of the load in comparison to reactive heuristics of 20-40 to 60 percent) is 

indicated by its ability to maintain its stability during traffic bursts and handovers. As opposed to the conventional 

methods, which react to congestion once it has happened, our framework acquires patterns and foresees changes 

in loads, analogous to predictive methods of terrestrial 5G networks [24], [26] scaled to the dynamics of satellites. 

This proactive ability is required in satellite networks where propagation delays (particularly in GEO) cause 

reactive control loops to be inefficient. 

5.2. Comparison with State-of-the-Art 

5.2.1. Relation to Satellite-Specific AI Research 

When creating our work, we base it on the recent achievements in AI-based satellite communications [1], [2], 

[8] but develop it further in a number of aspects. Although Al Homssi et al. [1] offer an overall review of AI 

methods applied in massive satellite networks and Fontanesi et al. [3] review AI techniques applied to satellite 

communication, in general, our work offers a specific, evaluated implementation of the multi-tier load balancing 

problem. Our framework has more specificity of algorithms and empirical proof than the overview of AI-

powered satellite communications by Kumar and Kumar [6]. 

5.2.2. Advances Over Traditional Satellite Routing 

It is especially educational in comparison with the hierarchical routing protocol of Chen and Ekici [3]. Although 

significant principles of multi-tier satellite routing were laid in their work, they were based on non-adaptive 

algorithms and did not employ intelligent abilities. Hi-MADRL-MTLB maintains the hierarchical design, but 

replaces fixed rules with learned policies that evolve with changing network conditions - best load balancing by 

46 percent, and throughput by 58 percent in the same network environments. This shift in algorithmic to learning 

based methods reflects larger tendencies in network optimization [13], [18].  

5.2.3. Integration with 5G/6G Frameworks 

Our findings are in agreement and complement other studies of NTN integration with terrestrial networks [4], 

[15]. Khalid et al. [15] mention AI/ML as essential facilitators in terms of integration of terrestrial-NTN, but pay 

attention to the principles of the architecture but not to the concrete implementation. One of the most difficult 

aspects that were identified in our work is the one of a dynamic resource management across the network 

segments that are heterogeneous. The solution is tangible in terms of AI. However, in the same vein, Aktas et al. 

[25] point out routing issues in the case of 6G-satellite integration, which our framework will resolve by 

implementing intelligent load distribution with QoS parameters to guarantee a consistent connectivity experience 

regardless of satellite movement and differences in tiers. 

5.3. Practical Implications and Deployment Considerations 

5.3.1.  Operational Viability 

The 50-millisecond decision cycle was achieved in our simulation environment on a system with Intel Xeon E5-

2680 v4 CPU (2.4 GHz, 14 cores) and NVIDIA Tesla V100 GPU, representing a mid-range data center 

configuration. This demonstrates the algorithm's computational feasibility for deployment on terrestrial control 

stations or future edge AI processors. 

While we acknowledge that real satellite hardware constraints (power, radiation tolerance, computational 

capacity) may introduce additional latency, the observed timing performance suggests that with current trends in 

edge AI acceleration (e.g., radiation-hardened AI processors), the algorithm is deployable in practice. We note 

that the 50ms cycle is the decision interval; actual network propagation delays (LEO: 3-15ms, MEO: 50-100ms, 

GEO: 200-280ms) are physical constraints independent of our algorithm. 

A detailed hardware feasibility study is planned for future work, including tests on radiation-hardened platforms 

and FPGA implementations. [1], [12].  

5.3.2. Energy Efficiency Considerations 

The 22 percent drop in peak power consumption is a huge operation strength. Satellite power budgets are highly 

limited and the conventional load-balancing measures tend to result to hot spots which needs more transmission 

power. Evenly distributed loads of the Hi-MADRL-MTLB help to minimize power boosting, extending the 

service life of satellites and eliminating the necessity to cool them. This is in line with the increasing attention to 

energy efficiency of satellite operations [10], [28].  

5.3.3. Implementation Complexity Trade-offs 

Although the Hi-MADRL-MTLB is performing better, compared to the traditional approaches it is more complex 

to implement. It is necessary to have specific hardware or software implementations to perform neural network 

inference at multiple control points (meta-controller, local controllers). Nevertheless, according to Zhang et al. 

[13], the computational demands of the contemporary AI algorithms are becoming more and more rational even 

in space-restricted settings and notably with the development of edge AI processors. 
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5.4. Security, Ethical, and Sustainability Considerations 

5.4.1. Security Implications of AI-Controlled Load Balancing 

The deployment of AI-based control in satellite networks introduces several security challenges: 

Adversarial Attacks: An adversary could manipulate network observations (e.g., by injecting false load 

measurements or spoofing link quality reports) to degrade the DRL agent's performance. This is particularly 

concerning because: (1) inter-satellite links may be vulnerable to eavesdropping, and (2) the centralized meta-

controller represents a single point of failure if compromised. 

Model Poisoning: If local controllers are compromised, an adversary could inject malicious gradients during the 

training phase, degrading the global model's performance. 

Mitigation Strategies: We propose the following countermeasures: 

• Secure aggregation protocols for training updates 

• Anomaly detection to identify suspicious network observations 

• Ensemble methods to reduce vulnerability to adversarial inputs 

• Fallback mechanisms to classical routing in case of AI system failure 

5.4.2. Potential for Biased Resource Allocation 

AI-driven load balancing introduces the risk of biased resource allocation, where certain users, services, or 

geographical regions receive preferential treatment. In our framework, this risk is mitigated by: 

QoS-Aware Reward Structure: The reward function explicitly penalizes QoS violations for all flows (Equation 

1), reducing the incentive for priority-based discrimination. 

Fairness Index: Jain's fairness index (F_Jain) is included in the reward function, ensuring that the optimization 

objective balances efficiency with equity. 

However, we acknowledge the potential for emergent bias due to: 

• Training data imbalance (e.g., under-represented traffic patterns) 

• Reward function mis-specification (e.g., excessive weight on throughput) 

To address these concerns, we will implement: 

• Diverse training datasets covering all geographical regions and traffic patterns 

• Regular fairness audits during deployment 

• Human oversight and override capabilities for critical decisions 

5.4.3. Regulatory Compliance for Autonomous Network Management 

The deployment of autonomous AI systems in satellite networks must comply with regulatory frameworks 

including: 

ITU Radio Regulations: Frequency allocation and interference management requirements must be respected by 

load-balancing decisions. 

Telecommunications Regulations: National regulations regarding emergency communications and priority 

access must be incorporated. 

Liability Frameworks: The allocation of responsibility for AI-driven decisions must be clearly defined. 

Our framework supports regulatory compliance through: 

• Constrained action spaces that respect ITU frequency allocation rules 

• Priority handling for emergency communications (integrated into the reward function) 

• Explainable AI (XAI) mechanisms to provide audit trails for decisions 

5.4.4. Environmental Impact of Satellite Constellations 

The growing number of satellite constellations has significant environmental implications: 

Space Debris: Network management affects satellite maneuvering and station-keeping, which impacts collision 

risk and debris generation. Our load-balancing framework does not directly address debris mitigation, but the 

distributed nature of control reduces the need for frequent orbit adjustments, potentially minimizing fuel 

consumption and debris risk. 

Energy Consumption: Our algorithm reduces peak power consumption by 22% through balanced load 

distribution, extending satellite operational lifetime and reducing the rate of satellite replacement (and associated 

launch emissions). 

Launch Emissions: By improving satellite utilization, our framework potentially reduces the number of satellites 

needed to meet coverage requirements, indirectly reducing the environmental impact of constellation 

deployment. 

 

6. CONCLUSION 

The study has managed to build the hierarchical multi-agent deep reinforcement learning which has been proven 

to be efficient in solving the most critical problem, the problem of intelligent traffic distribution in heterogeneous 

LEO/MEO/GEO satellite networks combined with 5G systems. The proposed framework has been shown to 

outperform traditional and contemporary methods on several important metrics through a thorough evaluation 

done through simulations. 

The essence of the contribution of the work is in the new hierarchical architecture which is effective to break 

down the complex multi-tier optimization problem. The meta-controller is based on strategic MEO/GEO 

locations, where global coordination of inter-tier traffic distribution happens, whereas distributed local 

controllers coordinate intra-tier load balancing to their local orbital environments. This hierarchical design, 
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together with the Centralized Training with Decentralized Execution (CTDE) paradigm, allows both coordinated 

optimality and scalable operation in real-time this is essential to giant satellite constellations [1], [12].  

The major results of our appraisal prove that Hi-MADRL-MTLB has the following results:  

The load variance is reduced by 59.6 percent as compared to traditional Shortest Path Routing and this ensures 

that all levels are well balanced in the utilization of resources.  

Reduction in QoS violations by 67% in different traffic conditions, which ensures services to various 5G 

applications. 46.2 percent improved load distribution than heuristic Load-Aware Routing and proactive, as 

opposed to reactive adaptation.  

The hierarchical decomposition strategy is confirmed by finding that the convergence of the hierarchical 

approach is 34% faster than flat multi-agent DRL approaches. Experimental operational feasibility 50ms decision 

cycles and linear scale to large constellations. 

QoS-aware optimization used in the framework is a big step away compared to the use of the traditional load-

balancing methods. It infuses the requirement of the 5G services (eMBB, URLLC, mMTC) explicitly into the 

reward mechanism and decision-making process, which will enable prioritization of critical applications in the 

distribution of resources without reducing the overall network efficiency. This is in line with the new demands 

on integrated terrestrial-non-terrestrial networks [4], [15]. Regarding a more practical point of view, the study 

shows that AI-inspired methods are not just theoretically interesting but practically feasible in terms of next-

generation networks of satellites. The 22 percent drop in peak power draw, 35 percent drop in ground station 

transfers and enhanced energy efficiency to the operations are direct factors that lead to costs reduction in 

operations of the commercial satellite operators and to the increase in the lifetime of the satellites, which are 

essential factors to consider [6], [28]. The work has among other theoretical contributions: (1) a formal model of 

multi-tier optimization in satellite networks which is not limited to load balancing; (2) the effective application 

of CTDE to the special characteristics of satellite settings; and (3) the incorporation of orbital dynamics in AI-

based decision making. These works form a basis as to how other studies can be conducted on intelligent satellite 

network management. Finally, the Hi-MADRL-MTLB model is an important advance towards autonomous 

intelligent satellite networks that can optimize themselves in dynamic situations. It helps to achieve the seamless 

global connectivity, which is one of the goals of 5G evolution and 6G development by overcoming the issue of 

multi-tier load balancing and maintaining compliance with QoS [12], [25]. [24]. 

6.1. Future Directions of Research 

The future work needs to be directed not only on network-layer load balancing, but on cross-layer/domain joint 

optimization: 

Cross-layer integration: Separating physical layer parameters (modulation, coding), scheduling of the link layer, 

and routing of the network layer is a combination to provide a joint optimization paradigm [19], [21]. This may 

provide further performance improvements at the cost of new algorithm methods to deal with higher complexity. 

Space-Air-Ground Integration: Extending the system to cover aerial platforms (HAPS, UAVs) and ground 

networks [5], [19]. This would allow connectivity that is really ubiquitous but creates complications in 

controlling heterogeneity when across radically different network segments. 

Spectrum and Power Co-optimization: Concurrent optimization of load distribution, power allocation to 

transmission and spectrum allocation to achieve energy efficiency and still maintain QoS [6], [28]. 

 

6.1.1. Advanced AI Methodologies 

Some of the AI developments demonstrate specific potential in terms of satellite networks optimization: 

Federated Learning Integration: Federated learning can be used to increase privacy, minimize control traffic and 

allow cooperative learning between multiple satellite operators without sacrificing data sovereignty [13]. 

Quantum-Inspired Algorithms: Learning more about quantum annealing, quantum neural networks, or quantum-

inspired optimization to solve the combinatorial complexity of a large-scale satellite network [29]. 

Meta-Learning to Rapid Adapt: Building meta-learning to achieve rapid adaptation to changing traffic patterns, 

network settings or even rare events without significant retraining. 

Explainable AI (XAI) Development: The development of interpretable forms of the decision-making process to 

enhance the trust of operators, debugging, and compliance with regulatory requirements [13], [18].  
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