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Abstract 

Reliable mobility management is critical for high-mobility 5G/6G applications such as 

smart cities, intelligent transportation systems (ITS), and connected vehicles, where reac-

tive 3GPP handover mechanisms become unreliable as user equipment (UE) velocity in-

creases. This paper proposes a hybrid Bidirectional LSTM (Bi-LSTM) and Deep Reinforce-

ment Learning (DRL) framework for AI-native predictive handover management: a Bi-

LSTM encoder extracts a knowledge embedding and forecasts future network observa-

tions, forming a predictive state that a Dueling Double DQN (Dueling DDQN) with pri-

oritized experience replay uses to select handover actions. A closed-loop, dual-frequency 

refresh mechanism periodically updates both modules from accumulated network expe-

rience, without manual retuning. The framework is evaluated via Monte Carlo simulation 

across Smart City, ITS, and Connected Vehicle scenarios and Urban, Suburban, and Mixed 

eployments. The proposed Bi-LSTM predictor reduces RMSE by 51.9–68.6% relative to a 

persistence baseline and by 8.4–25.6% relative to a Transformer predictor, with the largest 

gains under high mobility. End-to-end evaluation shows the framework achieves a 

throughput of 67.0 Mbps, a latency of 48.1 ms, a handover failure rate of 3.47%, and an 

average utility of 0.678, outperforming all ablation variants; disabling closed-loop refresh 

causes the largest degradation (throughput loss: 7.0%, higher failure rate: 33.1%). Gener-

alization experiments show bounded degradation under unseen conditions, with closed-

loop adaptation recovering utility from approximately 0.588 to 0.678 within 100 refresh 

epochs after a domain shift. These results show that integrating predictive knowledge ex-

traction, adaptive decision-making, and continual refresh provides a robust, closed-loop 

architecture for AI-native mobility management for proactive 5G/6G mobility manage-

ment. 
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1. Introduction 

The rapid evolution of wireless communication technologies has transformed how 

people, devices, and intelligent systems interact within modern digital societies. Over the 

past decade, the deployment of fifth-generation (5G) mobile communication systems has 
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delivered substantial gains in network capacity, latency, spectral efficiency, and device 

connectivity, accelerating applications such as autonomous transportation, industrial au-

tomation, extended reality (XR), the Internet of Things (IoT), smart healthcare, and intel-

ligent urban infrastructure. Nevertheless, continued growth in mobile data traffic, increas-

ingly dense heterogeneous infrastructures, and highly dynamic mobility scenarios have 

exposed clear limitations in the mobility management mechanisms of current 5G net-

works [1–4]. 

Among these limitations, mobility management remains one of the most critical de-

terminants of communication reliability in dynamic wireless environments. As user 

equipment (UE) moves across neighboring cells, the network must continuously deter-

mine the optimal timing and target cell for handover while preserving seamless connec-

tivity. Handover mechanisms defined by the Third Generation Partnership Project (3GPP) 

rely primarily on static threshold-based parameters, including the Received Signal 

Strength Indicator (RSSI), Reference Signal Received Power (RSRP), hysteresis margin, 

and Time-to-Trigger (TTT). These mechanisms perform adequately under moderate mo-

bility but degrade significantly in environments marked by rapid propagation changes, 

fluctuating traffic loads, and high user mobility [4,5]. 

These limitations become particularly pronounced in high-mobility applications 

such as connected vehicles, intelligent transportation systems, high-speed railways, un-

manned aerial vehicles (UAVs), and smart city infrastructures, where network conditions 

change faster than reactive mechanisms can accommodate. This has made predictive mo-

bility management systems that anticipate future network states rather than merely react-

ing to instantaneous measurements as a central research direction for Beyond-5G (B5G) 

and sixth-generation (6G) wireless networks, in which artificial intelligence (AI) is ex-

pected to become an integral architectural component rather than an external optimiza-

tion tool [3,6–8]. 

Deep learning models, particularly Long Short-Term Memory (LSTM) and Bidirec-

tional LSTM (Bi-LSTM) networks, have demonstrated strong capability in learning tem-

poral dependencies from sequential network measurements, enabling accurate prediction 

of mobility trajectories, signal quality evolution, and future network conditions [9–12]. In 

parallel, Deep Reinforcement Learning (DRL) has emerged as an effective paradigm for 

sequential decision-making under uncertainty, allowing intelligent agents to learn hand-

over policies through continuous interaction with the wireless network [13–16]. 

Despite this progress, most existing studies treat mobility prediction and handover 

decision-making as independent problems. Prediction models typically estimate future 

trajectories or signal strength without directly informing handover decisions, whereas 

DRL-based approaches often rely solely on instantaneous observations without exploiting 

predictive information about future network evolution. This separation constrains the 

ability of current AI-enabled mobility management systems to act proactively, and rela-

tively few studies integrate prediction, knowledge extraction, decision-making, and con-

tinuous learning within a unified AI-native control framework [3,8]. 

Motivated by these observations, this study proposes a hybrid predictive mobility 

management framework that combines the temporal learning capability of Bi-LSTM with 

the adaptive decision-making capability of DRL. Rather than reacting only after commu-

nication quality deteriorates, the proposed framework predicts future mobility and wire-

less channel conditions before executing handover decisions, thereby enabling proactive 

network optimization for high-mobility 5G/6G environments. The architecture further in-

corporates knowledge extraction and sequential learning alongside policy optimization, 

aligning with the AI-native networking vision for future 6G systems. 
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1.1. Evolution from 5G to AI-Native 6G 

The evolution from 5G toward 6G represents a paradigm shift from communication-

centric architectures to intelligence-native network infrastructures. While earlier genera-

tions focused primarily on transmission capacity, coverage, and latency, 6G networks are 

expected to embed artificial intelligence directly into the network architecture, enabling 

autonomous operation, predictive optimization, and self-adaptive resource management 

[3,8,17]. The three service categories introduced by 5G enhanced Mobile Broadband 

(eMBB), Ultra-Reliable Low-Latency Communications (URLLC), and massive Machine-

Type Communications (mMTC) support applications ranging from high-definition mul-

timedia to industrial IoT. However, the exponential growth in connected devices, hetero-

geneous radio access technologies, and dynamic mobility pa�erns has pushed network 

management complexity beyond the reach of traditional optimization algorithms [1,3,8]. 

In response, research and standardization communities have introduced the concept 

of AI-native 6G, in which artificial intelligence is a fundamental architectural component 

rather than an auxiliary module. AI-native networks envision tighter integration of learn-

ing, reasoning, prediction, decision-making, and autonomous control with network func-

tions, enabling continuous observation of environmental changes, knowledge extraction 

from multidimensional data, and adaptive resource optimization [8]. The IMT-2030 

framework established by ITU-R identifies Artificial Intelligence and Communication 

(AIAC) as one of the envisaged usage scenarios and recognizes applicable AI-related ca-

pabilities as an important dimension of future IMT systems [18]. This direction motivates 

the tighter integration of learning, prediction, and network control functions in future 

wireless systems. In the scope of the present study, however, the term “AI-native” is used 

specifically at the mobility-management function rather than to imply AI integration 

across the complete protocol stack. 

The evolution toward AI-native wireless systems is also extending beyond conven-

tional terrestrial cellular networks. Lyu et al. [17] investigated the deployment of large AI 

models in the emerging low-altitude economy and proposed a hierarchical architecture to 

address the interaction among AI intelligence, communication, sensing, and computa-

tional resources. Their study highlights important challenges associated with deploying 

sophisticated AI models in dynamic wireless environments, including constrained 

onboard resources, discrepancies between offline-trained models and real-world operat-

ing conditions, and the need for scalable and adaptive service execution. These observa-

tions reinforce the broader motivation for adaptive AI-native network architectures capa-

ble of continuously responding to environmental and mobility variations. 

A defining characteristic of AI-native networking is closed-loop autonomous control: 

rather than relying on manually configured parameters, AI-native systems continuously 

collect measurements, construct intelligent state representations, learn from historical ex-

perience and update decision policies as conditions change. This supports self-configura-

tion, self-optimization, self-healing, and self-protection—key enabling capabilities for 6G 

[6,17]. Mobility management becomes considerably more demanding within this para-

digm. Future networks will combine terrestrial base stations, unmanned aerial platforms, 

low-Earth-orbit satellites, intelligent reflecting surfaces, edge computing servers, and 

multiple radio access technologies, while users exhibit increasingly diverse mobility pat-

terns across smart cities, transportation systems, and industrial cyber-physical systems. 

Mobility management algorithms must therefore jointly account for temporal mobility, 

spatial topology, traffic dynamics, propagation variation, and service quality require-

ments [2,7]. 

This has driven a broader shift from reactive to predictive mobility management, in 

which sequential learning models forecast future conditions and proactively optimize 

handover policies before degradation occurs. Bi-LSTM architectures are particularly 
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effective here, as they exploit both historical and future contextual information within se-

quential measurements, while DRL allows agents to refine mobility policies according to 

predicted evolution and long-term cumulative reward [12,15]. Together, these comple-

mentary capabilities provide the foundation for the hybrid AI-native mobility manage-

ment framework developed in this study [2,8]. 

1.2. Mobility Management 

Mobility management is a fundamental function of cellular systems, ensuring con-

tinuous service as UE moves across radio coverage areas while optimizing resource utili-

zation, minimizing signaling overhead, and preserving QoS and QoE. Conventional mo-

bility management comprises location management and handover management, with the 

la�er becoming increasingly critical as radio access networks densify and wireless infra-

structures diversify [4,6]. The ultra-dense small-cell deployments introduced in 5G have 

significantly increased handover frequency relative to earlier generations. While densifi-

cation improves spectral efficiency and capacity, it also raises the likelihood of unneces-

sary handovers, radio link failures, handover interruptions, packet loss, and the well-

known ping-pong effect, particularly under high-speed mobility [5,13]. The static param-

eters specified by 3GPP—RSRP, Reference Signal Received Quality (RSRQ), hysteresis 

margin, and TTT—cannot adapt effectively to varying user velocity, traffic density, radio 

interference, and network congestion. 

To overcome the limitations of fixed handover parameters, Karmakar et al. [19] pro-

posed a Learning-Based Intelligent Mobility Management (LIM2) mechanism for 5G and 

beyond networks. LIM2 combines Kalman-filter-based prediction of future signal quality 

with SARSA-based target-cell selection and online adaptation of the time-to-trigger and 

hysteresis margin. The study demonstrated the potential of jointly exploiting prediction 

and reinforcement learning to improve handover operation under high-mobility condi-

tions. Nevertheless, its predictive component is primarily based on Kalman filtering and 

handover-parameter adaptation, leaving opportunities for richer temporal knowledge ex-

traction from multidimensional network observations and deep reinforcement-learning-

based long-term policy optimization. 

This has motivated a shift toward predictive mobility management, in which future 

wireless conditions and user trajectories are estimated before communication degrades, 

allowing handover decisions to be executed proactively and reducing interruption time 

[2,10]. Deep learning models such as LSTM and Bi-LSTM capture temporal dependencies 

within sequential wireless measurements to predict future network states with high accu-

racy [9–12], while DRL enables agents to learn optimal handover policies by balancing 

throughput, latency, handover failures, energy efficiency, and signaling overhead as long-

term cumulative rewards [13–16]. 

Nevertheless, although recent approaches have begun to couple prediction with 

adaptive handover control [19], most existing methods either rely on relatively light-

weight predictors and handover-parameter adaptation or address mobility prediction and 

handover policy optimization as partially separated components. The joint exploitation of 

deep temporal prediction, learned knowledge representations, and long-term sequential 

decision-making within a continuously adaptive AI-native framework remains insuffi-

ciently explored. The present study addresses this gap by integrating Bi-LSTM-based fu-

ture-state prediction and temporal knowledge extraction with Dueling DDQN-based 

handover optimization and closed-loop model refresh. 

1.3. Smart City 

Smart cities are among the most important application domains driving the evolution 

of B5G and 6G systems. By integrating advanced information and communication 
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technologies with urban infrastructure, smart cities aim to improve sustainability, opera-

tional efficiency, public safety, environmental monitoring, healthcare, transportation, and 

quality-of-life services that require ubiquitous wireless connectivity supporting massive 

numbers of heterogeneous devices under strict latency, reliability, and scalability require-

ments [2,20]. Smart city environments are highly dynamic and heterogeneous: users move 

continuously among residential areas, business districts, transportation corridors, indus-

trial zones, and suburban regions, producing frequent transitions across radio environ-

ments, while smartphones, connected vehicles, autonomous robots, surveillance systems, 

UAVs, and billions of IoT devices add substantial traffic diversity [1,3]. 

Managing mobility under such conditions is challenging as network conditions fluc-

tuate continuously with user density, traffic demand, propagation characteristics, and in-

terference, making conventional threshold-based mechanisms insufficient. Future smart 

city infrastructures therefore require systems capable of learning environmental charac-

teristics, predicting network conditions, and autonomously adapting communication 

strategies [5,8]. The AI-native networking paradigm envisioned for 6G aligns naturally 

with these requirements, enabling continuous knowledge extraction from large-scale het-

erogeneous datasets and autonomous optimization of mobility management, traffic engi-

neering, and resource allocation forming the technological foundation for self-evolving 

smart city communication infrastructures [6,20]. 

1.4. Intelligent Transportation 

The rapid development of Intelligent Transportation Systems (ITS) has intensified 

demand for reliable wireless communication under high-speed mobility. Applications, 

such as autonomous driving, cooperative perception, intelligent traffic control, remote ve-

hicle monitoring, platooning, emergency response, and infrastructure-assisted navigation, 

require simultaneous ultra-low latency, high reliability, high data rates, and uninter-

rupted service continuity [3,7]. High-speed mobility substantially complicates wireless 

communication as vehicles cross multiple cells at highway speeds. The channel character-

istics change rapidly, producing signal fluctuations, Doppler effects, frequent handovers, 

and radio link failures. Reactive handover mechanisms often initiate too late under these 

conditions, causing interruptions and degraded performance [5,10]. 

Temporal sequence learning and reinforcement learning together address these chal-

lenges by predicting future trajectories, signal evolution, and network conditions while 

optimizing mobility decisions for long-term performance, allowing proactive resource al-

location and handover scheduling before degradation occurs [11,15]. 

Intelligent transportation is also a flagship application for AI-native 6G, where edge 

intelligence, digital twins, network automation, semantic communications, and distrib-

uted AI are expected to enable autonomous cooperation among vehicles, roadside units, 

and communication infrastructure, driving mobility management from simple signal-

based handover toward knowledge-driven autonomous orchestration [8,20]. 

1.5. Connected Vehicles 

Connected vehicles present one of the most demanding mobility scenarios in future 

wireless systems. Vehicle-to-Everything (V2X) communications encompassing Vehicle-

to-Vehicle (V2V), Vehicle-to-Infrastructure (V2I), Vehicle-to-Pedestrian (V2P), and Vehi-

cle-to-Network (V2N) interactions enable cooperative driving, collision avoidance, intel-

ligent traffic management, remote diagnostics, and autonomous transportation services 

[7,15]. Compared with conventional mobile users, connected vehicles generate rapidly 

changing mobility pa�erns with frequent transitions between heterogeneous infrastruc-

tures. Variations in speed, traffic density, road topology, and environmental conditions 

introduce substantial channel uncertainty, making seamless connectivity difficult to 
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maintain through conventional handover mechanisms, particularly in mixed urban–sub-

urban environments [5,15]. 

AI has shown considerable potential here: Deep learning captures temporal mobility 

pa�erns and channel evolution, while reinforcement learning enables adaptive strategies 

under uncertainty. However, existing AI-enabled methods often optimize isolated objec-

tives, such as throughput or latency, without jointly considering mobility prediction, se-

quential decision optimization, and knowledge extraction within a unified framework 

[15,16]. As AI-native 6G evolves, connected vehicles are expected to become intelligent 

network entities interacting with edge servers, cloud platforms, digital twins, and auton-

omous radio access networks. Realizing this vision requires predictive mobility manage-

ment frameworks that integrate temporal sequence learning, knowledge representation, 

and adaptive reinforcement learning into an end-to-end decision-making architecture, im-

proving handover reliability and providing a scalable foundation for autonomous, self-

optimizing, context-aware transportation ecosystems [5,8,15]. 

2. Related Works 

This section reviews prior work relevant to the proposed framework, organized into 

four strands: AI-native networking architectures, general handover management surveys, 

deep learning-based mobility and signal prediction, and deep reinforcement learning for 

handover decision-making. Table 1 summarizes all twenty-seven studies at the end of this 

section. 

Table 1. Comparison of recent AI-based mobility management studies. 

Ref. AI Prediction 
Reinforcement 

Learning 

Predictive 

Handover 

Knowledge 

Extraction 
AI-Native 

High  

Mobility 

Smart 

City/ITS 
Limitation 

Cui et al. (2025) 

[1] 
✗ ✗ ✗ ✓ ✓ ✗ Partial Review only 

Ogenyi et al. 

(2025) [2] 
✗ ✗ ✗ ✓ ✓ Partial ✓ Survey 

Li et al. (2025) [3] Partial ✗ ✗ ✓ ✓ Partial Partial Architecture only 

Mollel et al. 

(2021) [4] 
Partial Partial Partial ✗ ✗ Partial ✗ Survey 

Amirova et al. 

(2025) [5] 
✗ ✗ Partial ✗ Partial ✓ ✓ Survey 

Safiullin et al. 

(2026) [6] 
✗ ✓ Partial ✗ ✓ Partial ✗ 

AI-RAN handover; no 

temporal prediction 

Junejo et al. 

(2025) [7] 
Partial Partial ✓ ✗ Partial ✓ ✓ 

No temporal  

prediction 

Feng et al. (2026) 

[8] 
Partial Partial ✗ ✓ ✓ Partial Partial 

AI-RAN overview; no 

mobility algorithm 

Baz et al. (2024) 

[9] 
✓ ✗ Partial ✗ ✗ ✓ ✗ Prediction only 

Sulaiman & Al-

Raweshidy 

(2025) [10] 

✓ ✗ ✓ ✗ ✗ ✓ ✗ No RL 

Dzaferagic et al. 

(2025) [11] 
✓ ✗ ✓ ✗ Partial ✓ ✗ O-RAN only 

Park et al. (2024) 

[12] 
✓ ✗ ✓ ✗ Partial ✓ ✗ 

No adaptive  

optimization 

Prado et al. 

(2023) [13] 
✗ ✓ ✓ ✗ Partial ✓ ✗ Reactive RL 

Park & Yoon 

(2024) [14] 
✓ ✓ Partial ✗ Partial Partial ✗ Traffic prediction only 
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Shahid et al. 

(2025) [15] 
✓ Partial ✓ ✗ Partial ✓ ✗ 

Limited knowledge 

representation 

Alraih et al. 

(2023) [16] 
Partial Partial Partial ✗ ✗ ✓ Partial Survey 

Karmakar et al. 

(2023) [19] 
✓ ✓ ✓ ✗ ✗ ✓ ✗ 

Kalman-based predic-

tion with adaptive 

TTT/HM; lacking deep 

temporal knowledge 

representation and 

joint closed-loop 

model adaptation. 

Mao et al. (2017) 

[20] 
✗ ✗ ✗ ✓ ✓ ✗ ✗ 

Edge computing  

survey only 

Chen et al. (2023) 

[21] 
✗ ✗ ✗ ✓ ✓ ✗ ✗ 

Foundation-model  

architecture only 

Kholmatov et al. 

(2026) [22] 
✗ ✗ ✗ Partial ✓ ✗ ✗ 

RAN architecture; no 

mobility model 

Chabira et al. 

(2025) [23] 
Partial Partial Partial ✗ Partial ✓ ✓ Review 

Yalın & Mumcu 

(2026) [24] 
✗ ✗ ✗ ✗ ✗ ✓ Partial Survey 

Lee et al. (2024) 

[25] 
✓ ✗ Partial ✗ ✗ ✓ ✗ 

Bandwidth prediction 

only; no RL 

Mehregan &  

De Grande (2025) 

[26] 

Partial ✗ ✓ Partial ✗ ✓ ✓ 

GCN-based  

handover; no RL  

policy learning 

He et al. (2026) 

[27] 
✓ ✗ ✓ ✗ ✗ ✓ ✗ 

LEO satellite only;  

no RL 

Wang & Li (2024) 

[28] 
✗ ✓ Partial ✗ ✗ ✓ ✗ 

mmWave dual  

connectivity only;  

no prediction 

Amaira et al. 

(2024) [29] 
✗ ✓ ✗ ✗ Partial Partial ✗ 

Reactive RL; slicing-

specific 

Amaira & Zarai 

(2025) [30] 
✗ ✓ ✗ ✗ Partial ✓ ✓ 

Reactive RL; vehicular 

slicing 

Proposed Work ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Unified AI-native  

predictive mobility 

management frame-

work 

Note: ✓ denotes that the corresponding feature or capability is explicitly considered in the study, 

whereas ✗ denotes that it is not considered. 

2.1. AI-Native Networking and Knowledge-Driven 6G Architectures 

The first strand of the literature examines the architectural transition toward AI-na-

tive 6G, in which artificial intelligence becomes a core component of the network rather 

than an auxiliary optimization layer. Cui et al. [1] and Li et al. [3] outline broad AI-native 

6G frameworks in which learning, prediction, knowledge extraction, and autonomous 

control are integrated across the communication system. Ogenyi et al. [2] further review 

semantic communications, reconfigurable intelligent surfaces, and edge intelligence 

within the AI-native paradigm. More recently, Feng et al. [8] survey the emerging AI-RAN 

paradigm, including AI-for-RAN, AI-and-RAN, and AI-on-RAN functions, with particu-

lar a�ention to distributed learning, edge inference, orchestration, and mobility-related 

convergence challenges. Mao et al. [20] provide the communication perspective on mobile 

edge computing that underlies much of the later edge-intelligence literature, while Chen 

et al. [21] propose a foundation-model-based cloud-edge-end collaboration framework for 
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native AI in 6G, and Kholmatov et al. [22] introduce an on-RAN edge-intelligence archi-

tecture. Collectively, these studies establish the architectural motivation for AI-native net-

working and knowledge-driven control; however, they do not provide an end-to-end pre-

dictive handover framework that jointly integrates temporal prediction, explicit 

knowledge representation, reinforcement-learning-based decision-making, and continual 

mobility adaptation. 

2.2. Handover and Mobility Management: Surveys and Conventional Approaches 

A second strand surveys handover and mobility management techniques without 

proposing new predictive models. Mollel et al. [4] review machine learning applications 

to handover management in 5G and beyond, cataloguing algorithmic families without 

extending them into a unified framework. Amirova et al. [5] and Junejo et al. [7] focus 

specifically on handover decision-making in ultra-dense and smart city networks, high-

lighting the density-driven challenges as frequent handovers, ping-pong effects, and radio 

link failures that motivate predictive approaches. Alraih et al. [16] similarly survey hand-

over optimization techniques for beyond-5G networks, comparing threshold-based, 

fuzzy-logic, and early machine learning solutions. More recent surveys continue to map 

this space: Chabira et al. [23] review AI-driven handover and load-balancing techniques 

for ultra-dense 5G/6G networks, explicitly identifying standardized datasets and context-

aware mobility strategies as open research gaps, while Yalın and Mumcu [24] survey mo-

bility management techniques for beyond-5G ultra-dense deployments more broadly. 

These surveys are valuable for mapping the problem space and for confirming that con-

ventional threshold-based mechanisms are inadequate under high mobility, but being re-

views, they do not themselves contribute to predictive or reinforcement-learning-based 

solutions. 

2.3. Deep Learning-Based Mobility and Signal Prediction 

A third strand applies deep sequence models to forecast user trajectories, signal 

strength, and channel conditions. As a classical alternative to data-driven prediction, 

state-space models such as Kalman filtering recursively estimate UE motion states and 

extrapolate future positions under an assumed mobility model. Such model-based predic-

tors provide an interpretable reference for distinguishing the benefit of prediction itself 

from the additional ability of learned sequence models to capture nonlinear temporal dy-

namics. Baz et al. [9] use a deep residual LSTM model to enhance mobility management 

in 5G networks, while Sulaiman and Al-Raweshidy [10] propose a predictive handover 

mechanism explicitly designed for seamless mobility in 5G and beyond. Dzaferagic et al. 

[11] demonstrate machine learning-based handover prediction over a real O-RAN deploy-

ment using the RAN Intelligent Controller, providing valuable field validation, and Park 

et al. [12] frame the broader paradigm shift from reactive to proactive handover using 

AI/ML. Complementary recent work extends deep sequence learning to new prediction 

targets: Lee et al. [25] develop a Bi-LSTM model with time distribution for per-network 

bandwidth prediction across 3G/4G/5G handovers, Mehregan and De Grande [26] apply 

a graph convolutional network to jointly model vehicles and base stations for throughput-

oriented handover in dense vehicular networks, and He et al. [27] propose PreHO, a pre-

dictive handover mechanism for low-Earth-orbit satellite networks. These studies consist-

ently report strong predictive capability for future network states and broaden the scope 

of predictive mobility modeling beyond terrestrial LSTM/Bi-LSTM approaches; however, 

as summarized in Table 1, none couples its predictive output to an adaptive decision-

making mechanism—the predicted trajectories or signal levels are not used to directly 

optimize the handover policy itself. 
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2.4. Deep Reinforcement Learning for Adaptive Handover Decision-Making 

A fourth strand applies DRL to learn handover policies directly. Prado et al. [13] pro-

pose a proportionally fair mobility management scheme using reinforcement learning in 

5G networks, and Park and Yoon [14] combine federated LSTM-based traffic prediction 

with DRL for base station switching, representing one of the few studies that already cou-

ples prediction with decision-making, albeit for traffic load switching rather than user-

level handover. Shahid et al. [15] incorporate mobility prediction directly into the hando-

ver procedure to mitigate frequent handovers in small-cell networks, making it the closest 

existing work to the framework proposed in this study. Recent work has also moved DRL 

closer to AI-native radio access operation: Safiullin et al. [6] develop a reinforcement-

learning-based handover algorithm for 5G/6G AI-RAN, but without the explicit Bi-LSTM 

future-state prediction and knowledge-embedding mechanism considered here. Addi-

tional DRL-based studies address specific deployment contexts: Wang and Li [28] apply 

double-deep Q-learning to dual-connectivity handover in mmWave heterogeneous net-

works, and Amaira et al. [29,30] extend DRL-based handover management to sliced 5G 

and sliced vehicular networks. These works confirm the effectiveness of DRL for context-

specific handover optimization; however, they generally construct the agent state from 

instantaneous or short-horizon observations and do not jointly provide explicit temporal 

knowledge extraction, proactive future-state representation, and closed-loop representa-

tion refresh across heterogeneous smart city, ITS, and connected vehicle scenarios. 

Table 1 summarizes these twenty-seven studies according to whether they perform 

AI-based prediction, reinforcement learning, predictive (proactive) handover, knowledge 

extraction, and AI-native design, and whether they address high-mobility and smart 

city/ITS conditions. The comparison shows a consistent pa�ern: architectural and survey 

studies ([1–3,8,16,20–24]) establish AI-native and mobility-management requirements but 

do not implement a unified predictive mobility algorithm; prediction-focused studies ([9–

12,25–27]) achieve accurate forecasting but generally do not optimize handover decisions 

through an adaptive policy; and DRL-based handover studies ([4,13–15,28–30]) learn 

adaptive decisions but largely without an explicit predictive knowledge representation 

and dual-frequency closed-loop refresh. Table 1 summarizes the reviewed literature 

across several dimensions relevant to predictive mobility management, including AI-

based prediction, reinforcement learning, predictive handover, knowledge representa-

tion, AI-native design, high-mobility operation, and smart city/ITS applicability. The com-

parison is intended to characterize the methodological emphasis of existing studies rather 

than to define novelty solely by the presence or absence of individual features. 

To complement the literature-level comparison in Table 1, Table 2 provides a more 

explicit algorithmic and architectural comparison of the representative handover para-

digms considered in this study. Rather than relying solely on binary feature-presence cri-

teria, the comparison focuses on the information available to the handover decision pro-

cess, predictive outputs, temporal representation, learning objectives, and model-update 

mechanisms. The contribution of the present work therefore does not arise from introduc-

ing Bi-LSTM or deep reinforcement learning individually, but from coupling prediction, 

temporal representation, sequential decision-making, and continual adaptation within a 

unified mobility-management architecture. 
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Table 2. Algorithmic and architectural comparison of representative mobility-management para-

digms. 

Method 
Decision State/In-

put 
Prediction 

Temporal  
Representation 

Decision 

Mechanism 

Learning  
Objective 

Update  
Strategy 

Reactive 

3GPP  

(B1) 

Current radio  

measurements 
None None TTT/HM rules None Fixed 

DRL-only (B2) ��(�) None None 
Dueling 

DDQN 
TD loss Policy learning 

Prediction-

only (B3) 

Current/predicted 

measurements 
Bi-LSTM 

Internal predictor  
features 

Rule/threshold 

based 
Prediction loss 

Predictor  

learning 

Prediction- 

assisted DRL 

(B4) 

Current + predicted 

information 

Predictive 

model 

No explicit ��  ex-

posed to decision 

state 

DRL 
Prediction + 

DRL objectives 

Method-spe-

cific 

Proposed [��; (�); ���(� + Δ); ��]

Bi-LSTM  
future-state 

prediction 

Explicit learned  

temporal  

representation �� 

Dueling 

DDQN + PER 

Prediction loss 

+ TD loss 

Dual-fre-

quency closed-

loop  

refresh ��, �� 

As shown in Table 2, the distinction among the evaluated paradigms lies primarily 

in how temporal information is made available to the handover decision process. Reactive 

3GPP and DRL-only methods operate without explicit future-state information, whereas 

prediction-only approaches forecast future conditions without optimizing the long-term 

consequences of sequential handover actions. Prediction-assisted DRL partially bridges 

these paradigms by incorporating predictive information into reinforcement-learning-

based decision-making. The proposed framework further couples three complementary 

information sources through the predictive state ��(�) = [ ��(�) ;  ���(� + Δ) ;  �� ], where 

��(�) represents the current network and mobility observation,  ���(� + Δ) provides an 

explicit estimate of future conditions, and �� supplies a compact learned representation 

of recent temporal dynamics. The Bi-LSTM prediction objective and Dueling-DDQN tem-

poral-difference objective therefore serve complementary functions, while the dual-fre-

quency refresh mechanism allows the predictive representation and decision policy to 

adapt at different timescales. Accordingly, the principal contribution is the integration 

and closed-loop coordination of these components rather than the introduction of a new 

standalone prediction or reinforcement-learning algorithm. 

2.5. Research Motivation 

The transition toward AI-native 6G networks has transformed artificial intelligence 

from an auxiliary optimization tool into a core architectural component responsible for 

autonomous network management, predictive decision-making, and continuous 

knowledge acquisition [6,8,20]. Within this paradigm, mobility management is among the 

most consequential network functions, directly shaping communication continuity, re-

source utilization, service reliability, and user experience in highly dynamic environments 

[2,5,10]. Existing machine learning approaches to handover performance remain frag-

mented along two largely separate lines. Temporal learning models such as LSTM and Bi-

LSTM variants accurately forecast user trajectories, signal strength, and channel quality 

[9–12], but their outputs are rarely incorporated into adaptive decision-making. Con-

versely, DRL-based approaches learn adaptive handover strategies that jointly optimize 

communication quality, latency, throughput, signaling overhead, and handover failures 

[13–16], but typically construct network states from instantaneous observations alone, 
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causing agents to react only after quality has already deteriorated rather than anticipate 

future conditions [13,15]. 

A further limitation is the absence of explicit knowledge extraction. AI-native net-

works require not only prediction and adaptive decision-making but also the intelligent 

extraction of representative knowledge from multidimensional measurements as tem-

poral mobility pa�erns, propagation characteristics, traffic dynamics, user behavior, and 

network topology [6,20] to construct informative state representations and improve learn-

ing efficiency and generalization. Most existing studies instead treat feature engineering 

as a preprocessing step rather than explicitly exposing learned temporal information to 

the downstream handover decision process, thereby limiting the ability of the decision 

agent to exploit recent mobility and network dynamics. These gaps are amplified in prac-

tical deployments. Smart city and intelligent transportation environments expose users to 

continuously varying cell densities, traffic loads, propagation conditions, and service re-

quirements across mixed urban–suburban regions [2,3], and optimal handover decisions 

in such se�ings depend on anticipated future network evolution as much as on current 

signal quality [2,7,15]. Reactive mechanisms are therefore insufficient for autonomous 

driving, connected vehicles, ITS, industrial automation, and immersive XR applications 

that demand uninterrupted, low-latency, high-reliability communication [2,6,13]. Alt-

hough mobility management is gradually shifting from signal-strength-based optimiza-

tion toward context-aware, prediction-driven decision-making, few studies jointly inves-

tigate temporal prediction, sequential reinforcement learning, and AI-native knowledge 

extraction within a single end-to-end framework. 

Motivated by these gaps, this study proposes a hybrid Bi-LSTM and Deep Reinforce-

ment Learning framework for AI-native predictive mobility management in high-mobil-

ity 5G/6G networks. The framework integrates Bi-LSTM-based temporal prediction with 

DRL-based adaptive handover decision-making, predicting future mobility pa�erns and 

channel evolution before handover execution so that the learning agent optimizes policies 

proactively rather than reactively. A learned temporal representation mechanism further 

constructs a compact latent representation from heterogeneous network measurements, 

providing the downstream decision agent with information on recent mobility and net-

work dynamics that is not explicitly available from instantaneous observations alone. By 

jointly integrating temporal prediction, learned representation, and reinforcement-learn-

ing-based decision-making, the proposed framework establishes a unified predictive-de-

cision architecture for mobility management in smart city, intelligent transportation sys-

tems, connected vehicle, and B5G/6G wireless environments. 

2.6. Research Gap 

Although artificial intelligence has become a promising solution for mobility man-

agement in B5G and 6G networks, existing studies remain fragmented across different 

research directions. Most studies address only one stage of the mobility management 

pipeline prediction, handover optimization, or reinforcement learning-based decision-

making without forming an end-to-end AI-native framework. Deep learning approaches 

based on LSTM or Bi-LSTM achieve high prediction accuracy for user trajectories, signal 

strength, and future network conditions, but generally terminate at the prediction stage 

without using this information to optimize subsequent handover decisions, leaving pre-

dictive accuracy underexploited for long-term communication performance. DRL-based 

mobility management, conversely, adapts handover policies effectively under dynamic 

conditions, but typically constructs state representations from instantaneous observations 

alone current RSRP, SINR, throughput, and cell load without incorporating predicted fu-

ture evolution, leaving agents reactive rather than proactive, particularly under high-

speed mobility. A further limitation concerns how temporal information is represented 
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and exposed to the handover decision process. Although sequence-learning models can 

implicitly encode temporal dependencies in their hidden states, these representations are 

not always explicitly incorporated into the downstream handover decision state. Conse-

quently, potentially useful information about recent mobility and network evolution may 

remain internal to the prediction model rather than being directly available to the deci-

sion-making agent. This motivates a tighter coupling between temporal prediction, 

learned state representation, and adaptive handover optimization. 

Finally, few studies jointly evaluate smart city, intelligent transportation, and con-

nected vehicle scenarios, where communication conditions vary substantially across 

mixed urban–suburban regions. Such se�ings require simultaneous modeling of temporal 

mobility, heterogeneous radio access technologies, dynamic traffic, and adaptive hando-

ver strategies, whereas existing work typically assumes simplified mobility pa�erns or 

homogeneous network conditions. Taken together, the literature suggests that the remain-

ing challenge is not simply the absence of individual prediction or reinforcement-learning 

components, but the limited integration among future-state prediction, temporal state 

representation, sequential handover optimization, and continual adaptation under heter-

ogeneous high-mobility conditions. The research gap addressed in this study is therefore 

architectural: how to construct a predictive mobility-management pipeline in which cur-

rent observations, predicted future conditions, and learned temporal information are 

jointly exposed to the handover agent and continuously adapted through operational 

feedback. Table 1 summarizes the broader literature-level positioning of this gap, while 

Table 2 provides a more explicit algorithmic and architectural comparison of the repre-

sentative handover paradigms considered in this study. 

3. System Model 

We consider a predictive mobility management framework for high-mobility 5G/6G 

wireless networks spanning heterogeneous smart city, intelligent transportation systems 

(ITS), and connected vehicle (CV) environments under mixed urban–suburban condi-

tions, consistent with the scenarios motivated in Sections 1.3–1.5. This section formalizes 

the network architecture, the high-mobility user model, the wireless channel model, and 

the Markov Decision Process (MDP) that underlies the proposed Bi-LSTM–DRL predic-

tive handover framework. Table 3 summarizes the notation used throughout this section. 

Table 3. Summary of notation used in Section 3. 

Symbol Description 

ℬ, � Set of cells (MBS/SBS/RSU); a generic cell 

�, � Set of UEs; a generic UE 

��(�), � 
Ranked candidate neighbor-cell set of UE � at time 

�; fixed neighbor-list size 

�, Δ� Discrete decision epoch; epoch duration 

��
��, ��, �� 

Transmit power, carrier frequency, and coverage ra-

dius of cell � 

��(�), ��(�) Velocity magnitude and direction of UE � at time � 

�, �‾, �‾, ��, ��  
Gauss–Markov memory parameter, asymptotic 

means, and standard deviations 

��(�), ��(�) Cartesian position of UE � at time � 

��,�(�) Euclidean distance between UE � and cell � 

���,�(�), ���, ��, �, �� 
Path loss, reference path loss, reference distance, 

path-loss exponent, and shadow fading 

��,�(�), �, ��(�) 
Doppler frequency, speed of light, and UE–cell angle 

of arrival 



Mach. Learn. Knowl. Extr. 2026, 8, 302 13 of 58 
 

https://doi.org/10.3390/make8100302 

ℎ�,�(�) Small-scale (Rayleigh/Doppler) fading coefficient 

�����,�(�), �����,�(�), �����,�(�) 
Reference Signal Received Power, Received Quality, 

and Signal-to-Interference-plus-Noise Ratio 

��, ��
��(�) Noise power; received power from cell � 

��(�), �∗ 
Instantaneous observation vector; current serving 

cell 

�, �� 
Bi-LSTM input window length; concatenated for-

ward/backward hidden state 

Δ, ���(� + Δ) 
Prediction horizon; Bi-LSTM-predicted future obser-

vation 

��, �� Prediction-head weight matrix and bias 

��(�) Predictive, knowledge-extracted state vector 

��(�), � Handover action; action space 

��, �∗ DRL policy parameterized by �; optimal policy 

��, �� Instantaneous reward; reward weights 

����, ����, ����� , ���, ���� 
Throughput, latency, failure, ping-pong, and signal-

ing reward terms 

���, � Ping-pong detection window; discount factor 

ℳ, �, � MDP tuple; state space; state-transition probability 

3.1. Network Architecture and Assumptions 

We consider a heterogeneous radio access network (HetNet) composed of a set of 

macro base stations (MBSs) and small-cell base stations (SBSs), denoted collectively as 

ℬ = {��, ��, … , ��}, overlaid with roadside units (RSUs) deployed along transportation cor-

ridors to support ITS communication, consistent with the ultra-dense small-cell deploy-

ments that motivate this study [5,7]. Each cell � ∈ ℬ is characterized by a transmit power 

��
��, a carrier frequency ��, and a nominal coverage radius ��, with substantial overlap 

among neighboring cells typical of dense 5G/6G deployments. A set of mobile user equip-

ment (UEs), � = {��, ��, … , ��}, moves continuously across this heterogeneous network. 

Consistent with the three application domains addressed in this study, � comprises pe-

destrians and static Internet-of-Things (IoT) devices in smart city zones, vehicles equipped 

with onboard units interacting with RSUs in ITS scenarios and connected vehicles ex-

changing Vehicle-to-Vehicle (V2V), Vehicle-to-Infrastructure (V2I), and Vehicle-to-Net-

work (V2N) messages as shown in Figure 1. 

Time is discretized into decision epochs � = 0,1,2, … of duration Δt. At every epoch, 

each UE � measures signal quality from its serving cell and from a candidate neighbor 

set ��(�) ⊂ ℬ, obtained through standard 3GPP measurement reporting and ranked by 

received signal strength; to keep the decision space tractable (Section 3.4.2), ��(�)  is 

capped at a fixed size �, i.e., |��(�)| = �. 

The following assumptions are adopted: 

 A1 (Synchronized reporting): Measurement reports are generated periodically every 

Δt with negligible processing delay relative to Δt. 

 A2 (Ideal backhaul): The backhaul network interconnecting cells and RSUs is not ca-

pacity-constrained, so the study focuses on radio-access mobility management rather 

than backhaul provisioning. 

 A3 (Single connectivity): Each UE is served by exactly one cell at a time; extension to 

multi-connectivity is left for future work. 

 A4 (Fixed-size candidate set): The neighbor list is capped at � cells through RSRP-

based ranking, ensuring a fixed-size action space (Section 3.4.2). 
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Figure 1. Proposed AI-native heterogeneous 5G/6G network architecture and system assumptions. 

The network comprises macro base stations (MBSs), small-cell base stations (SBSs), and roadside 

units (RSUs) supporting smart city, intelligent transportation systems (ITS), and connected vehicle 

applications. At each decision epoch, user equipment (UE) measures the serving and neighboring 

cells, constructs a fixed-size candidate set based on RSRP ranking, and performs proactive handover 

decisions. The resulting sequential measurements are used as inputs to the proposed hybrid Bi-

LSTM and Deep Reinforcement Learning framework. 

3.2. High Mobility Model 

To capture the mixed urban–suburban conditions emphasized throughout Sections 

1.3–1.5, UE mobility is represented using a Gauss–Markov mobility process consistent 

with recent mobility-modeling work [31]. This process provides temporally correlated ve-

locity and direction changes while retaining a tunable randomness parameter. For UE �, 

the velocity magnitude ��(�) and direction ��(�) evolve according to 

��(� + 1) = ���(�) + (1 − �)�‾ + �1 − �� �� ��(�) (1)

��(� + 1) = ���(�) + (1 − �)�‾ + �1 − �� �� ��(�) (2)

where � ∈ [0,1]  is a tuning parameter controlling the degree of randomness ( � → 1 

yields near-linear motion, appropriate for highway/ITS segments, while � → 0  yields 

memoryless motion, appropriate for smart-city pedestrian users), �‾  and �‾  are the as-

ymptotic mean velocity and direction, �� and �� are Gaussian standard deviations, and 

��(�), ��(�) ∼ �(0,1). Position updates follow 

��(� + 1) = ��(�) + ��(�)Δ�cos��(�), (3)

��(� + 1) = ��(�) + ��(�)Δ�sin��(�). (4)

For ITS and CV users, ��(�)  is additionally constrained to admissible road/lane 

headings to reflect road-topology restrictions, whereas smart-city pedestrian and IoT us-

ers retain unconstrained heading. Three representative mobility regimes are defined over 

the velocity range ��(�) ∈ [����, ����]: pedestrian/smart-city (0–5 m/s, i.e., 0–18 km/h), ur-

ban vehicular (5–20 m/s, i.e., 18–72 km/h), and highway/ITS/CV (20–33 m/s, i.e., 72–120 

km/h), operationalizing the “high-mobility” scope of this study. 

3.3. Wireless Channel Model 

The wireless channel between UE � and cell � combines large-scale path loss, log-

normal shadow fading, and small-scale multipath fading with mobility-induced Doppler 
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spread, consistent with contemporary 5G channel-modeling practice [32] and with the 

rapid channel fluctuations identified as a core challenge for high-mobility handover in 

Section 1.4. The distance-dependent path loss is 

���,�(�) [dB] = ��� + 10 �  log�� �
��,�(�)

��

� + �� (5)

where ��,�(�) is the Euclidean distance between UE � and cell � at time �, ��� is the 

reference path loss at distance ��, � is the path-loss exponent, and �� ∼ �(0, ���
� ) rep-

resents log-normal shadow fading. Because relative motion between UE and cell shifts the 

received carrier frequency, small-scale fading is modeled as a Rayleigh process with mo-

bility-induced Doppler variation, consistent with recent high-mobility V2V channel anal-

yses [33], with a maximum Doppler frequency 

��,�(�) =
��(�) ��

�
cos��(�) (6)

where �� is the carrier frequency, � is the speed of light, and ��(�) is the angle between 

the UE velocity vector and the line-of-sight to cell �. Larger ��(�) as in the highway/ITS 

regime of Section 3.2 produces faster channel decorrelation, directly motivating predictive 

rather than reactive handover decisions. Combining large and small-scale effects, the in-

stantaneous received power and Reference Signal Received Power (RSRP) as the same 

metric used by the conventional 3GPP threshold-based mechanisms discussed in Section 

1.2 is 

�����,�(�) = ��
�� − ���,�(�) + 20log��|ℎ�,�(�)| (7)

where ℎ�,�(�) is the small-scale (Rayleigh/Doppler) fading coefficient. The Signal-to-In-

terference-plus-Noise Ratio (SINR) at UE � from serving cell � is 

�����,�(�) =
��

��(�)

�� + ∑ ���
��(�)����

 (8)

where ��
��(�)  is the received power computed from Equation (7) and ��  is the noise 

power. Equations (5)–(8) generate the raw measurement quantities as RSRP, Reference 

Signal Received Quality (RSRQ, derived from RSRP and total received power), and SINR 

that constitute the instantaneous observation vector used as the baseline input in Section 

3.4.1, allowing a direct, like-for-like comparison against the reactive 3GPP mechanism in-

troduced in Section 1.2. 

The analytical propagation model in Equations (5)–(8) is intentionally retained as the 

baseline channel abstraction for the large-scale Monte Carlo experiments, because it ena-

bles controlled isolation of mobility-management effects across a wide range of UE veloc-

ities, traffic loads, and deployment scenarios. However, this abstraction does not repro-

duce the complete delay, angle, and cluster-domain characteristics of standardized 5G NR 

channels and is therefore not intended to replace a link-level 3GPP-compliant channel 

model. To assess whether the conclusions of the mobility-management evaluation depend 

on this abstraction, an additional validation experiment using 3GPP TR 38.901 CDL chan-

nel profiles is presented in Section 5.5.7. 

Throughput and Handover Latency Model 

In addition to radio-link quality, the proposed handover framework explicitly con-

siders end-to-end service performance. Let ��,�(�) denote the bandwidth allocated to UE 

� by cell � at decision epoch �. The instantaneous achievable downlink throughput is 

modeled as 

��,�(�) = ���,�(�) log� �1 + �����,�(�)� , (9)
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where 0 < � ≤ 1 denotes the effective spectral-efficiency factor accounting for practical 

coding, scheduling, and protocol overhead. The effective bandwidth ��,�(�) depends on 

the available cell resources and the current cell utilization, thereby capturing the effect of 

network load on the achievable per UE throughput. 

The handover latency is defined as the service-interruption interval from handover 

initiation until successful communication through the selected target cell. For a handover 

from the serving cell �� to a target cell ��, it is expressed as 

��
��(�) = �����(�) + �����(�) + �������(�), (10)

where �����(�) , �����(�) , and �������(�)  represent the handover preparation, execu-

tion/interruption, and target-cell access delays, respectively. When no handover is trig-

gered at decision epoch �, ��
��(�) = 0. These throughput and handover-latency quantities 

are subsequently incorporated into the state and reward formulation and are also used as 

end-to-end performance metrics in Section 5. 

3.4. Problem Formulation: Predictive Handover as a Markov Decision Process 

Building on the network, mobility, and channel models above, the predictive hand-

over management problem is formulated as a Markov Decision Process [34] 

ℳ ≜ (�, �, �, ℛ, �) (11)

where �  is the state space (Section 3.4.1), �  is the action space (Section 3.4.2), 

�(���� ∣ ��, ��)  is the state-transition probability induced by the mobility and channel 

models of Sections 3.2 and 3.3, ℛ is the reward function (Section 3.4.3), and � ∈ [0,1) is 

a discount factor. The DRL agent seeks a policy ��   that maximizes the expected dis-

counted cumulative reward 

�∗ = argmax
�

 � �� ����|�

�

���

� (12)

which is implemented in the following section using a value-based deep reinforcement 

learning method consistent with recent 5G handover and network-selection studies 

[34,35]. Unlike prior DRL-based handover formulations that build � solely from instan-

taneous measurements [13–15], the state defined next explicitly incorporates Bi-LSTM-

based predicted future conditions, so that ��  can act proactively. 

3.4.1. State Representation via Bi-LSTM-Based Knowledge Extraction 

To ensure consistency between the system model and the measurements collected by 

the proposed framework, the instantaneous observation is reformulated by explicitly sep-

arating cell-specific network features from UE-specific mobility information. For each 

serving or candidate cell �, the cell-specific feature vector of UE � at decision epoch � is 

defined as 

��,�(�) = ������,�(�),  �����,�(�),  �����,�(�),  ��(�), ��,�(�),  ��,�(�), ��,�(�) �
�

  (13)

where ��(�) denotes the resource utilization (or cell load) of cell �, ��,�(�) is the achiev-

able throughput defined in Section 3.3, ��,�(�) is the UE-to-cell distance, and ��,�(�) de-

notes the experienced service delay. The UE-specific mobility information is separately 

represented as 

��(�) = [��(�),  ��(�) ]�,  (14)

where ��(�) and ��(�) denote the UE velocity magnitude and movement direction, re-

spectively. 



Mach. Learn. Knowl. Extr. 2026, 8, 302 17 of 58 
 

https://doi.org/10.3390/make8100302 

Accordingly, the complete instantaneous observation is constructed by concatenat-

ing the features of the serving cell ��, the � candidate cells, and the UE-specific mobility 

vector: 

��(�) = ���,��

� (�), ��,��
� (�), … , ��,��

� (�), ��
�(�)�

�
 (15)

where ��, … , �� denote the candidate cells associated with UE �. The resulting observa-

tion dimension is �� = 7(� + 1) + 2. 

This unified observation representation ensures that the same radio-quality, re-

source-utilization, service-performance, and mobility information is consistently used by 

the measurement layer, the Bi-LSTM predictor, and the DRL-based handover decision 

module. In contrast to the previous formulation, UE velocity and movement direction are 

represented only once as UE-level features rather than being redundantly repeated for 

each serving or candidate cell. 

Cell-identity alignment: The instantaneous RSRP rank is not used as the temporal 

identity of a candidate cell. Each physical cell � is associated with a persistent identifier 

��� . For each Bi-LSTM input window, the selected candidate cells are arranged in identity-

consistent slots such that the feature trajectory of a physical cell remains in the same slot 

throughout the window. If a candidate is temporarily unavailable, its slot is retained using 

a validity mask rather than reassigned to another cell solely according to instantaneous 

RSRP rank. This representation prevents temporal slot permutation and allows the Bi-

LSTM to learn the evolution of physically consistent candidate-cell conditions. 

Accordingly, action ��(�) = � selects the physical target cell ��
� (�) = ����(�). Hence, 

� is an epoch-specific action index rather than a persistent cell identity. Before evaluating 

the Q-values, the predicted cell-specific features are gathered according to the same cur-

rent ID-to-action mapping, and invalid candidate positions are excluded using an action 

mask. This guarantees alignment between the Bi-LSTM prediction slots and the physical 

candidate cells represented by the DRL actions. 

To obtain a predictive, knowledge-extracted state, the sequence of the past � obser-

vations {��(� − � + 1), … , ��(�)} is passed through a Bidirectional LSTM (Bi-LSTM) en-

coder [9,23], which processes the sequence in both temporal directions, 

��
→ = LSTM���(��(�), ����

→ ), ��
← = LSTM���(��(�), ����

← ), �� = [��
→; ��

←] (16)

The concatenated hidden state �� ∈ ℝ��  constitutes the knowledge-extraction step: 

rather than treating the heterogeneous raw measurements of Equation (12) as hand-engi-

neered features, �� compresses temporal mobility, propagation, and traffic-related pat-

terns into a compact, informative embedding with �� ≪ dim���(�)� × �, directly opera-

tionalizing the knowledge-extraction contribution set out in Section 1 and Table 1. A light-

weight prediction head maps this embedding to an explicit forecast of the future observa-

tion at prediction horizon Δ, 

���(� + Δ) = �� �� + �� (17)

trained by minimizing the mean-squared error between ���(� + Δ)  and the realized 

��(� + Δ) over historical trajectories. The final, predictive state fed to the DRL agent con-

catenates the instantaneous observation, the predicted future observation, and the 

knowledge-extracted embedding 

��(�) = [ ��(�) ;  ���(� + Δ) ;  �� ] ∈ � (18)

so that ��(�)  reflects both current network conditions and their anticipated evolution, 

distinguishing this formulation from the instantaneous only states of prior DRL-based 

handover studies [13–15]. Here, �� denotes a compact learned temporal representation 

of recent mobility and network dynamics. It is not intended to provide a directly human-
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interpretable explanation of individual handover decisions. Instead, its role is to expose 

temporally encoded information to the downstream Dueling DDQN agent, complement-

ing the instantaneous observation ��(�) and explicit future-state prediction ���(� + Δ). 

3.4.2. Action Space 

Given the predictive state ��(�) , the DRL agent selects a handover action from a 

fixed-size discrete action space of cardinality � + 1 

��(�) = �����(�)� ∈ � = {0,1,2, … , �} (19)

where ��(�) = 0 denotes remain with the current serving cell �∗ and ��(�) = � that is 

� ∈ {1, … , �} denotes handover to the �-th ranked neighbor cell in ��(�) (Assumption 

A4, Section 3.1). Because ��  is conditioned on ��(�), which embeds the predicted future 

observation ���(� + �) of Equation (17), the resulting handover decision is executed in an-

ticipation of future channel and mobility conditions rather than only after instantaneous 

signal quality has already degraded, operationalizing the predictive/proactive handover 

criterion in Table 1. 

3.4.3. Reward Function 

The reward function extends the objectives already balanced by existing DRL-based 

handover schemes (Section 2.6) as throughput, latency, handover failures, ping-pong ef-

fects, and signaling overhead [13–16], while crediting the proactive component enabled 

by the predictive state of Section 3.4.1. The instantaneous reward is defined as the 

weighted combination 

�� = ������(�) − ������(�) − �������(�) − �����(�) − ������(�), � ��

�

���

= 1, �� ≥ 0 (20)

where ����(�)  is the normalized post-handover throughput; ����(�)  is the interrup-

tion/handover-execution latency, which the predictive state of Section 3.4.1 is designed to 

reduce by triggering handover before quality deteriorates; �����(�) ∈ {0,1} indicates a ra-

dio-link failure caused by a premature or an overly late handover; ���(�) ∈ {0,1} flags a 

ping-pong event, defined as a handover back to the previously serving cell within a short 

window ���  (Section 1.2); and ����(�)  counts handover-signaling messages. Weights 

�� ≥ 0 are tunable design parameters. Because ���� and ��� are evaluated relative to the 

future network state predicted in Equation (17), a successful early handover that avoids 

future degradation is rewarded before the corresponding reactive penalty would other-

wise have been incurred, distinguishing this reward design from the purely reactive re-

ward formulations of prior DRL-based handover work [13,15]. The default reward 

weights are intended to represent a balanced service-oriented operating point rather than 

a universal optimum. Throughput is assigned the largest weight to preserve service ca-

pacity under high mobility, while handover latency and failure are given substantial pen-

alties to maintain service continuity. Ping-pong and signaling terms receive smaller 

weights because they primarily regularize excessive handover activity. The sensitivity of 

the resulting policy to these weights is evaluated in Section 5.1. 
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4. Proposed Hybrid AI-Native Predictive Mobility Management  

Framework 

Section 3 formalized the predictive handover problem as an MDP and defined, in the 

abstract, the state ��(�), action ��(�), and reward �� that the agent operates on. This sec-

tion presents the concrete, trainable architecture that computes these quantities in prac-

tice. Section 4.1 gives the overall framework architecture; Section 4.2 details the Bi-LSTM-

based module that implements the knowledge-extraction and prediction mechanism un-

derlying Equations (12)–(17); Section 4.3 details the DRL agent that implements the deci-

sion policy of Equations (18)–(20); Section 4.4 gives the end-to-end algorithm; and Section 

4.5 analyzes computational complexity. The notation defined in Section 3 is retained 

throughout this section, while additional symbols introduced for the Bi-LSTM prediction 

module and the DRL optimization framework are summarized in Table 4. 

Table 4. Additional notation introduced in Section 4. 

Symbol Description 

��, �� 
Dimensionality of the instantaneous observation, Bi-LSTM hidden/em-

bedding size 

���, ��  Number of Bi-LSTM layers, number of Q-network fully connected layers 

ℒ����, � Bi-LSTM pretraining loss (MSE), number of training sequences 

�, �� Online and target Q-network parameters 

�(⋅), �(⋅,⋅) Dueling value and advantage streams 

� Exploration rate (�-greedy) 

��  Double DQN training target 

��, �, �(�) 
Replay-buffer priority of transition �, prioritization exponent, sampling 

probability 

ℒ(�) Q-network training loss 

� Target-network Polyak averaging rate 

������� Number of epochs between target-network/encoder refresh 

�, ���� Minibatch size, replay buffer size 

4.1. Overall Framework Architecture 

Figure 2 illustrates the overall architecture and closed-loop operation of the proposed 

hybrid Bi-LSTM-DRL predictive handover framework, integrating the network-measure-

ment, knowledge-extraction-and-prediction, decision-making, and periodic-refresh 

stages of Sections 3, 4.2, and 4.3 into a single end-to-end pipeline. Within the scope defined 

in Section 1.1, the proposed architecture is AI-native specifically at the mobility-manage-

ment-function level, where prediction, learned temporal representation, sequential hand-

over decision-making, operational feedback, and model adaptation form an integrated 

closed control loop. 
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Figure 2. Overall architecture of the proposed hybrid Bi-LSTM and Deep Reinforcement Learning 

framework for AI-native predictive mobility management. The framework consists of two coupled 

modules: (i) a Bi-LSTM-based knowledge extraction and future mobility prediction module and (ii) 

a DRL-based handover decision module operating in a closed-loop with the live network. Sequen-

tial network measurements are transformed into a predictive state by combining the current obser-

vation, predicted future observation, and knowledge embedding before being processed by the DRL 

agent to determine the optimal handover action. Interaction experiences are continuously stored 

and used to periodically refresh both modules at different update frequencies, enabling continual 

learning and adaptive mobility management in dynamic 5G/6G environments. 

At each decision epoch �, the network measurements stage (Sections 3.1 and 3.3) col-

lects signal-quality indicators (RSRP/RSRQ/SINR), load and resource-utilization statistics, 

UE speed and direction, neighbor-cell information, and QoS metrics such as throughput 

and delay, which are assembled into the instantaneous observation ��(�). This observa-

tion is passed to the Bi-LSTM Knowledge-Extraction and Prediction Module (Section 4.2), 

where a Bidirectional LSTM encoder processes the sliding window of past observations, 

from epoch � − � to �, in both forward and backward directions. The encoder produces 

two outputs: the predicted future observation ���(� + Δ) and the knowledge-embedding 

vector ��. Together with the instantaneous observation, these are concatenated into the 

predictive state ��(�) = [ ��(�) ;  ���(� + Δ) ;  �� ]. 

The predictive state is provided to the DRL decision-making module (Section 4.3), 

where the DRL agent’s policy/value network computes the handover action ��(�). This 

action is executed in the network environment, producing a reward �� and a next obser-

vation ��(� + 1), which feeds back into the network measurements stage, thereby closing 

the loop from perception through prediction, decision, and action to reward at every de-

cision epoch. 

Each transition, {��(�), ���(� + Δ), ��, ��(�), ��, ��(� + 1)} , is retained in the experi-

ence storage (replay buffer/dataset) for training. From this shared storage, the two learn-

able modules are refreshed independently and at different frequencies, reflecting the dif-

ferent rates at which mobility/channel statistics and the optimal handover policy are 
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expected to drift: The Bi-LSTM module is refreshed at a lower frequency (every �� 

epochs, for example on the order of days), retraining or fine-tuning the encoder and pre-

diction heads offline on historical trajectory data; the DRL module is refreshed at a higher 

frequency (every �� epochs, for example on the order of hours), sampling mini-batches 

from the replay buffer to update the policy/value network online. Because �� ≠ ��, the 

two modules are coupled, in that the DRL agent always acts on the Bi-LSTM’s latest state 

representation, yet decoupled in their update schedules, allowing prediction and deci-

sion-making to adapt at the pace appropriate to each. 

This closed-loop, dual-frequency refresh design operationalizes the “AI-native” cri-

terion introduced in Table 1. Rather than being trained once offline and deployed stati-

cally, the framework continuously ingests live network measurements and updates its 

own predictive and decision-making components without manual reconfiguration of 

thresholds or rules, adapting to non-stationary mobility and channel conditions over the 

deployment horizon. 

4.2. Bi-LSTM-Based Predictive Knowledge Extraction Architecture 

At each decision epoch, the Bi-LSTM receives the instantaneous observation defined 

in Equation (15), consisting of identity-aligned cell-specific radio-quality, resource-utili-

zation, throughput, distance, and delay features for the serving and candidate cells, to-

gether with UE-level velocity and movement direction. A sliding window of the previous 

� observations is processed by the two-layer Bi-LSTM encoder to capture the joint tem-

poral evolution of radio conditions, mobility, resource congestion, and QoS. A sliding 

window of the past � observations, {��(� − � + 1), … , ��(�)} ∈ ℝ�×�� , is processed by a 

two-layer Bi-LSTM encoder with ��/2 hidden units per direction per layer, producing 

the forward and backward hidden states of Equation (15) and the concatenated embed-

ding �� ∈ ℝ�� . Choosing �� ≪ � ⋅ �� (e.g., �� = 128 against � ⋅ �� in the low hundreds 

for typical � and �) forces the encoder to compress temporal mobility, propagation, and 

traffic pa�erns into a compact representation rather than passing raw measurements for-

ward unchanged; this compression is the concrete mechanism realizing the knowledge 

extraction contribution of Section 1 and Table 1, as opposed to the hand-selected instan-

taneous features used in prior DRL-based handover work [13–16]. 

A fully connected prediction head (Equation (16)) maps �� to the forecast ���(� + �). 

The encoder and prediction head are pretrained offline by minimizing the mean squared 

prediction error over historical trajectories collected under the mobility and channel mod-

els of Sections 3.2 and 3.3 

ℒ���� =
1

�
�����

(�)(� + Δ) − ��
(�)(� + Δ)�

�
�

���

 (21)

where � is the number of training sequences. Two operating modes are supported for 

the pretrained encoder once embedded in the closed loop of Section 4.3 as a frozen mode, 

in which �� is treated as a fixed feature extractor while only the DRL agent is trained, 

favored for training stability; and a fine-tuned mode, in which encoder weights continue 

to be updated at a reduced learning rate during closed-loop operation (Section 4.3), fa-

vored when mobility statistics are expected to drift over the deployment horizon. Both 

modes are evaluated in Section 5. 

4.3. DRL-Based Handover Decision and Closed-Loop Policy Update 

Given the discrete action space of Equation (19), the handover policy is realized using 

a Dueling Double Deep Q-Network (Dueling DDQN) with prioritized experience replay 

[34–37]. This choice is deliberate: Because the action space is discrete and moderate in size 

(� + 1  candidate decisions), a value-based method is a natural fit, and it allows the 
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framework’s novelty to be a�ributed to the predictive, knowledge-extracted state ��(�) 

of Section 3.4.1 rather than to the decision algorithm itself, which extends the double-deep 

Q-learning baseline of Wang and Li [28] rather than competing with it. To avoid confusion 

with the mobility heading angle ��(�) of Section 3.2, DRL network parameters are de-

noted using the bare symbol �  (online network) and ��  (target network), consistent 

with standard notation and with the policy ��  already introduced in Equation (11). 

The online Q-network takes ��(�) as input and splits it into two a state-value stream 

�(��(�); �) and an action-advantage stream �(��(�), �; �), which are recombined as 

�(��(�), �; �) = �(��(�); �) + ��(��(�), �; �) −
1

|�|
� �(��(�), �′; �)

��∈�

� (22)

which improves policy evaluation stability by separating the overall value of being in each 

state from the relative advantage of each action within that state, a distinction that ma�ers 

here because the value of remaining with the current cell (��(�) = 0) is often similar across 

nearby candidate actions. Actions are selected by an � -greedy rule over �(��(�), �; �) 

during training, with � annealed over epochs, and greedily at deployment. 

Training uses the Double DQN target, which decouples action selection from action 

evaluation to reduce the overestimation bias of standard Q-learning 

�� = �� + � � ���(� + 1), �argmax 
�

�(��(� + 1), �; �)� , ���. (23)

Transitions ���(�), ��(�), ��, ��(� + 1)� are stored in a prioritized replay buffer, sam-

pled with probability proportional to their temporal-difference error, 

�(�) =
��

�

∑ ��
�

�

 (24)

where ��  is the stored priority of transition � and � controls the degree of prioritization 

(� = 0 recovers uniform sampling), so that transitions associated with rare events such 

as handover failures and ping-pong occurrences are replayed more frequently than the 

abundant “no-op” transitions. The online network is updated by minimizing 

ℒ(�) = ��∼� ���� − �(��(�), ��(�); �)�
�

� (25)

and the target network is refreshed by �� ← �� + (1 − �)�� with � ≪ 1. Closed-loop op-

eration (Section 4.1) is realized by continuing to append live transitions to the replay 

buffer during deployment and periodically repeating the update every ������� epochs, 

so that the policy adapts to gradual, unannounced shifts in mobility pa�erns, cell load, or 

propagation conditions without manual re-tuning of thresholds, which is the behavior 

that Table 1 records as the “AI-native” criterion. 

4.4. Algorithm of the Hybrid Bi-LSTM-DRL Predictive Handover 

Offline pretraining phases are as follows: 

1. Collect historical trajectories of ��(�) under the mobility and channel models of Sec-

tions 3.2 and 3.3. 

2. Train the Bi-LSTM encoder and prediction head by minimizing ℒ���� via stochastic 

gradient descent. 

3. Initialize the online Q-network with parameters � and set the target network �� ←

�; initialize an empty prioritized replay buffer. 

Online closed-loop phase, for each decision epoch � = 0,1,2, … are as follows: 

4. Measure the serving and neighboring-cell features, construct the Top-� candidate 

set, and align the candidate observations using persistent cell IDs and the validity 

mask. 
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5. Process the identity-aligned observation window using the Bi-LSTM to obtain 

���(� + Δ)and ��, and construct ��(�). 

6. Construct the current ID-to-action mapping and action mask; select ��(�) using the 

Dueling DDQN and execute the action on the corresponding physical target cell. 

7. Execute ��(�); observe reward �� and next observation ��(� + 1). 

8. Compute ��(� + 1) as in Steps 4–5; store the transition 

���(�), ��(�), ��, ��(� + 1)� in the prioritized replay buffer with maximal priority. 

9. Sample a minibatch according to Equation (24); compute targets via Equation (23); 

update � by gradient descent on Equation (25); update sampled transitions’ priori-

ties from the resulting temporal difference error. 

10. Every ������� epochs: Update �� via Equation (26) and, if operating in fine-tuned 

mode (Section 4.2), refresh the Bi-LSTM encoder on the most recent trajectory win-

dow. 

11. Anneal � and return to Step 4. 

4.5. Computational Complexity Analysis 

At deployment (inference), each decision epoch requires one forward pass through 

the Bi-LSTM encoder and one forward pass through the dueling Q-network. For an ���-

layer Bi-LSTM with ��/2 units per direction processing a window of length � over �� 

dimensional input, the forward-pass cost is �����  � �� (�� + ��)�; the fully connected du-

eling Q-network with �� layers of width �� adds ���� ��
��. Since the sequence length �, 

input dimension ��, hidden dimension ��, the number of Bi-LSTM layers ���, the num-

ber of Q-network layers ��, and the candidate neighbor size � are fixed design parame-

ters, the computational cost of a single inference does not scale with either the number of 

cells �  or the number of users � . Therefore, the per-UE inference complexity is �(1) 

with respect to the network size, whereas the total inference complexity grows linearly as 

�(�). This theoretical network-size independence is empirically examined in Section 5.5.9 

by varying � from 20 to 200 cells at fixed UE density and measuring both per-UE infer-

ence latency and total training time. This is the same asymptotic order as the DRL only 

baselines of Section 2.4 [13–15,28–30], whose Q-networks operate on instantaneous states 

of comparable dimensionality; the additional cost introduced by the Bi-LSTM module is 

the ����� � ��(�� + ��)�  term, which is small relative to ������
��  for the window 

lengths � considered in Section 5, and negligible relative to the Δt decision interval, sup-

porting real-time deploy ability. Training complexity is dominated by the minibatch gra-

dient update of Equation (25), ��� �� ��
�� per step for batch size �, plus ��log����� per 

transition for sum-tree-based prioritized sampling and priority update over a buffer of 

size ���� (Equation (24)). Periodic Bi-LSTM fine-tuning (Step 10 of the algorithm), when 

enabled, adds ��� ��� � ��(�� + ��)� every ������� epochs rather than at every decision 

epoch, keeping the amortized per-epoch training overhead small. Overall, both inference 

and training complexity are governed by fixed architectural constants rather than by the 

size of the network topology, which is consistent with the scalability required for the 

multi-cell smart city, ITS, and connected vehicle deployments motivating this study (Sec-

tions 1.3–1.5). The additional computational cost introduced by the Bi-LSTM module is 

therefore bound by fixed architectural parameters. Its practical execution-time impact is 

evaluated empirically in Section 5.5 through measured per-UE inference latency, total 

runtime per simulation episode, and runtime overhead, rather than inferred solely from 

asymptotic complexity. 

5. Performance Evaluation and Discussion 
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This section evaluates the proposed hybrid Bi-LSTM-DRL predictive handover 

framework against the system model and architecture defined in Sections 3 and 4. Section 

5.1 describes the experimental setup, including the simulation environment, hyperparam-

eters, and evaluation protocol used throughout this section. Section 5.2 introduces the 

baseline and ablation methods used for comparison. Section 5.3 evaluates the accuracy of 

the Bi-LSTM future-mobility-prediction module in isolation. Section 5.4 analyzes the 

knowledge representation learned by the Bi-LSTM encoder. Section 5.5 evaluates end-to-

end handover performance and statistical significance across independent simulation 

runs. Section 5.6 evaluates generalization across the smart city, ITS, and connected vehicle 

scenarios of Sections 1.3–1.5 and across urban, suburban, and mixed deployment regimes. 

5.1. Experimental Setup 

Simulation environment: Because no public dataset jointly provides fine-grained mo-

bility traces, wireless channel measurements, and handover signaling logs across smart 

city, ITS, and connected vehicle scenarios, evaluation data are generated through Monte 

Carlo simulation that directly instantiates the network architecture (Section 3.1), high-mo-

bility model (Section 3.2), and wireless channel model (Section 3.3). At each decision 

epoch, every simulated UE moves according to Equations (1)–(4), its channel to each cell 

is generated according to Equations (5)–(8), and the resulting instantaneous observation 

��(�)  (Equation (19)) are logged together with the ground-truth future observation 

��(� + Δ) , enabling supervised evaluation of the prediction module (Section 5.3) inde-

pendently of the DRL agent. For the main Monte Carlo evaluation, Equations (5)–(8) are 

used as the baseline system-level propagation abstraction to enable controlled comparison 

across all methods and mobility scenarios. In addition, a representative subset of the ex-

periments is repeated using standardized 3GPP TR 38.901 CDL channel profiles to assess 

the robustness of the reported handover gains under richer multipath conditions, as de-

scribed in Section 5.5.7. 

Scenarios and deployment scenarios: Three application scenarios are simulated, cor-

responding to Sections 1.3–1.5: smart city (pedestrian and static IoT UEs, ��(�) ∈ [0,5] 

m/s), ITS (road-constrained vehicular UEs, ��(�) ∈ [5,20]  m/s), and connected vehicle 

(highway-speed UEs exchanging V2V/V2I/V2N messages, ��(�) ∈ [20,33] m/s), follow-

ing the mobility regimes defined in Section 3.2. Each scenario is further evaluated under 

three deployment regimes that vary the network architecture of Section 3.1: urban (high 

cell density, small coverage radius �� , shadow-fading standard deviation ��� = 8 d B), 

suburban (lower cell density, larger ��, ��� = 6 dB), and mixed (a corridor transitioning 

between urban and suburban cell density, used specifically for the generalization evalua-

tion of Section 5.6). This gives nine scenario/regime combinations in total, summarized in 

Table 5. 

Bi-LSTM prediction module configuration: The encoder of Section 4.2 uses an input 

window of � = 10 epochs, two Bi-LSTM layers with 64 hidden units per direction (�� =

128), a dropout rate of 0.2 between layers, and a prediction horizon of Δ = 5 epochs. The 

encoder and prediction head are pretrained by minimizing ℒ���� using the Adam opti-

mizer with a learning rate of 10�� and a batch size of 64, for up to 100 epochs with early 

stopping on validation loss (patience of 10 epochs). 

DRL agent configuration: The Dueling DDQN agent of Section 4.3 uses a discount 

factor � = 0.95, a replay buffer of size ���� = 10� transitions with prioritization expo-

nent � = 0.6, minibatch size � = 64, Adam optimizer with a learning rate of 5 × 10��, 

and target-network update rate � = 0.01. The exploration rate � is annealed linearly from 

1.0 to 0.05 over the first 20% of training epochs. Following the two-frequency refresh de-

sign of Section 4.3, the DRL policy is updated every �� epochs (on the order of hours of 

simulated time) and the Bi-LSTM encoder is fine-tuned every �� epochs (on the order of 
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days of simulated time), with �� ≫ ��. The reward weights are set to ���� = 0.35, ���� =

0.25, ����� = 0.20, ��� = 0.10, and ���� = 0.10, and the ping-pong detection window is 

��� = 5 s. 

Data split and evaluation protocol: For each scenario combination, independent sim-

ulation runs are generated using distinct random seeds and partitioned 70%/15%/15% into 

training, validation, and test sets, respectively. The training and validation sets were used 

for Bi-LSTM pretraining and DRL policy learning, whereas the held-out test set was gen-

erated from seeds never used during training and reserved for performance and general-

ization evaluation. Statistical significance between the proposed framework and the base-

line methods was evaluated using the procedure described in Section 5.5. 

Hardware and software configuration: All experiments were implemented in 

MATLAB R2025b, where the proposed hybrid Bi-LSTM and Dueling DDQN framework 

was trained and evaluated. Simulations were conducted on a workstation equipped with 

an Intel Core i9-14900K CPU, NVIDIA RTX 4090 GPU (24 GB VRAM), and 64 GB RAM. 

The average training time, inference latency, and runtime overhead for each experimental 

scenario are reported in Section 5.5.8 and discussed together with the computational com-

plexity analysis presented in Section 4.5. 

Implementation and reproducibility details: To improve experimental reproducibil-

ity, Table 5 summarizes the principal network, channel, mobility, handover, learning, and 

implementation parameters used throughout the simulations. The simulation operates at 

discrete decision epochs, at which UE mobility, radio-link measurements, candidate-cell 

information, cell load, achievable throughput, and service delay are updated according to 

the models defined in Section 3. Unless otherwise stated, the same network topology, 

channel conditions, mobility configuration, decision interval, candidate-cell selection pro-

cedure, and computational environment are applied to all baseline, ablation, and pro-

posed methods to ensure a fair comparison. The Bi-LSTM and Dueling DDQN models are 

independently initialized for each run, with different random seeds used to capture mo-

bility, channel, and learning stochasticity; test seeds are excluded from model training and 

hyperparameter selection. Each experimental configuration is independently repeated 10 

times, and the results are reported as the mean with 95% confidence intervals. 

Table 5. Simulation and implementation parameters used for performance evaluation. 

Category Parameters and Values 

Network deployment 
Area: 2500 × 2500 m2; MBS/SBS/RSU: 1/12/8; active UEs: 20–500; 

��: 3.5 GHz;  

bandwidth: 100 MHz; Tx power (MBS/SBS/RSU): 46/30/20 dBm 

Channel 

Path loss: 3GPP UMa/UMi; shadowing SD: 4–7 dB; fading: Ray-

leigh; 

noise PSD: −174 dBm/Hz; noise figure: 6 dB; update interval: 

100 ms 

Mobility 
Smart city/ITS/connected vehicle speeds: 0–5/5–20/20–33 m/s;  

model: Gauss–Markov; update interval: 100 ms 

Handover 

Decision interval: 100 ms; � = 5; hysteresis: 3 dB; TTT: 160 ms; 

minimum serving SINR: −6 dB; failure: SINR below the thresh-

old or unsuccessful target access 

Bi-LSTM 

� = 10; 2 layers; hidden size: 128 units/direction; dropout: 0.2; 

prediction horizons Δ = {1, 3, 5, 7, 10} epochs; selected horizon: 

5 epochs; Adam; LR: 10��; batch: 128; max epochs: 200; early-

stopping patience: 15 

Dueling DDQN 
� = 0.95; replay buffer: 10�; batch: 128; LR: 5 × 10��; PER � =

0.6, �� = 0.4; ��/���� = 1.0/0.05; target update: 500 steps 
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Closed-loop adaptation 
DRL/Bi-LSTM refresh: 10/50 epochs; encoder fine-tuning LR: 

10�� 

Reward ����/����/�����/���/����/���: 0.35/0.25/0.20/0.10/0.10/5 s 

Evaluation 
Train/validation/test: 70/15/15%; 10 independent runs; 95% CI; 

different random seed/run; test-seed reuse during training: no 

5.2. Baseline and Ablation Methods 

The proposed framework is evaluated against two families of comparison methods: 

external baselines drawn from the literature reviewed in Section 2 and internal ablation 

variants of the proposed framework itself. All methods are trained and evaluated under 

the identical simulation environment, network architecture, mobility and channel models, 

and train/validation/test split described in Section 5.1, and are scored using the same re-

ward components of Equation (20) to ensure a like-for-like comparison; for baselines that 

do not optimize a reward signal directly (B1, B3), Equation (20) is applied post hoc for 

evaluation purposes only. 

External baselines: Five baselines are reimplemented, each representative of one of 

the five regions identified in the Table 1 comparison (reactive threshold-based, DRL-only, 

prediction-only, prediction-assisted DRL, and prediction-Kalman Filter) as follows: 

 B1 (Reactive 3GPP): the conventional threshold-based handover mechanism de-

scribed in Section 1.2, triggering handover when the neighbor-cell RSRP exceeds the 

serving-cell RSRP by a fixed hysteresis margin sustained for a Time-to-Trigger (TTT) 

interval, with parameter values following standard practice reported in the handover 

surveys of Amirova et al. [5] and Alraih et al. [16]. This baseline uses no learning of 

any kind and represents the non-AI floor against which the benefit of AI-based mo-

bility management is measured. 

 B2 (DRL-only, reactive state): a reimplementation of the double-deep Q-learning ap-

proach of Wang and Li [28], using the same Dueling DDQN training procedure as 

the proposed framework (Section 4.3, Equations (22)–(26)) but operating solely on 

the instantaneous observation ��(�) of Equation (12), without the predicted future 

observation ���(� + Δ)  or the knowledge-extracted embedding �� . Because B2 

shares the same DRL algorithm and hyperparameters as the proposed framework, 

differing only in the state representation, it isolates the contribution of the predictive, 

knowledge-extracted state of Section 3.4.1 from the contribution of the decision algo-

rithm itself. 

 B3 (Prediction-only, reactive decision): a reimplementation of the Bi-LSTM/LSTM-

based proactive triggering approach of Sulaiman and Al-Raweshidy [10], in which 

the same Bi-LSTM encoder as the proposed framework (Section 4.2) forecasts 

���(� + Δ), but the handover decision is made by applying the reactive threshold rule 

of B1 to the forecasted RSRP rather than by a learned DRL policy. B3 isolates the 

contribution of the DRL decision-making module (Section 4.3) from the contribution 

of prediction alone. 

 B4 (Prediction-assisted DRL): a reimplementation of Shahid et al. [15], the closest ex-

isting work identified in Section 2.4, which incorporates mobility prediction into the 

handover procedure but, per Table 1, without an explicit knowledge-extraction 

mechanism or closed-loop refresh. B4 represents the closest prior-art comparator 

among the implemented baselines and is used to assess the incremental contribution 

of the full proposed framework over a prediction-assisted handover approach. 

 B5 (Model-based predictive handover using a Kalman filter): A constant-velocity Kal-

man filter (CV-KF) serves as a non-learning predictive baseline, recursively estimat-

ing UE position and velocity and forecasting future position over the same horizon 

as the proposed framework. The forecast is mapped to candidate-cell radio 
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conditions using the models in Section 3 to select the target cell under identical hand-

over constraints. By excluding learned temporal representation, knowledge embed-

ding, and DRL optimization, B5 isolates the contribution of classical model-based 

prediction from the additional gains of the proposed framework. 

Rationale for baseline selection: The five external baselines were selected to represent 

complementary mobility-management paradigms. B1 represents conventional reactive 

handover, B2 isolates DRL-based decision-making without explicit mobility prediction, 

B3 represents prediction-driven mobility management without DRL optimization, and B4 

represents the closest prediction-assisted DRL paradigm. B5 provides a classical non-

learning predictive reference, allowing the benefit of mobility prediction itself to be dis-

tinguished from that of learned temporal representation and DRL-based decision optimi-

zation. Together, these baselines enable a structured comparison of reactive, learning-

based, prediction-based, and hybrid predictive decision-making approaches. Collectively, 

these baselines span the progression from reactive handover to prediction-assisted learn-

ing-based mobility management and therefore provide a controlled basis for assessing the 

incremental contributions of future-state prediction, temporal knowledge extraction, and 

DRL-based long-term decision optimization. Nevertheless, the comparison should be in-

terpreted as representative rather than exhaustive, since rapidly evolving AI-native 5G/6G 

mobility management encompasses additional architectures and deployment-specific 

methods. 

Ablation variants: In addition to the external baselines, seven internal variants of the 

proposed framework are evaluated to isolate the contribution of each architectural com-

ponent introduced in Section 4 as follows: 

 AV1 (w/o predicted observation): The predictive state of Equation (17) is reduced to 

��(�) = [��(�); ��], removing the explicit forecast ���(� + Δ) while retaining the Bi-

LSTM embedding, to test whether an explicit prediction target adds value beyond 

the embedding alone. 

 AV2 (w/o knowledge-extraction embedding): The predictive state is reduced to 

��(�) = [��(�); ���(� + Δ)] , with ���(� + Δ)  produced by a lightweight feedforward 

regressor over the same input window rather than a Bi-LSTM encoder, removing the 

compressed embedding �� while retaining an explicit forecast, to test whether the 

knowledge-extraction mechanism of Section 4.2 contributes beyond the forecast it-

self. 

 AV3 (Unidirectional LSTM): The Bi-LSTM encoder of Section 4.2 is replaced with a 

forward-only LSTM of matched hidden dimensionality ��, isolating the specific con-

tribution of bidirectional temporal processing. 

 AV4 (Frozen encoder): The Bi-LSTM encoder parameters are fixed after offline pre-

training, and the pretrained predictive representation is used without subsequent 

encoder updating during evaluation. The remaining decision framework follows the 

standard evaluation protocol. This variant is retained as an architectural ablation to 

assess the effect of using a fixed predictive representation and is interpreted sepa-

rately from the controlled refresh-specific experiment described below. 

 AV5 (w/o closed-loop refresh): Both periodic adaptation channels are disabled after 

offline training. Neither the Bi-LSTM encoder nor the Dueling DDQN policy is re-

freshed using newly accumulated deployment experience. This variant serves as the 

no-refresh control. 

 AV6 (DRL refresh-only): Periodic encoder refresh is disabled, while the Dueling 

DDQN policy is periodically updated using newly accumulated transition experi-

ence according to the same policy-refresh schedule as the proposed framework. This 

variant isolates the contribution of DRL-policy adaptation. Unlike AV4, which is re-

tained as the original frozen-representation architectural ablation under the standard 
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evaluation protocol, AV6 specifically serves as the DRL-refresh-only condition in the 

controlled refresh experiment. 

 AV7 (Encoder refresh-only): The Bi-LSTM encoder is periodically updated using 

newly accumulated observations according to the same encoder-refresh schedule 

used by the proposed framework, while the Dueling DDQN policy remains fixed 

after offline training. This variant isolates the contribution of predictive-representa-

tion adaptation. 

The ablation study is organized into two complementary groups. AV1–AV4 assess 

the contributions of individual architectural components, whereas AV5–AV7 together 

with the complete proposed framework form a controlled 2 × 2 refresh-specific experi-

ment covering all combinations of encoder and DRL-policy refresh. This factorial design 

enables the individual and complementary contributions of the two adaptation channels 

to be evaluated independently of the AV4–AV5 comparison. 

The complete framework, comprising Bi-LSTM-based prediction and knowledge ex-

traction, Dueling DDQN decision-making, and both periodic encoder and DRL-policy re-

fresh mechanisms, is denoted as “Proposed” throughout Sections 5.3–5.7. Table 6 summa-

rizes the external baselines and internal ablation variants together with the components 

and refresh mechanisms enabled in each configuration. 

Table 6. Baseline and ablation methods evaluated in Section 5. 

Method 

Predicted  

Observation 

���(� + �) 

Knowledge 

Embedding; 

�� 

DRL  

Decision 

Encoder  

Refresh 

DRL Policy  

Refresh 
Source 

B1: Reactive 3GPP ✗ ✗ ✗ ✗ ✗ Section 1.2 [5,16] 

B2: DRL-only ✗ ✗ ✓ N/A ✓ 
Wang and Li 

[26] 

B3: Prediction-only ✓ ✗ ✗ ✗ N/A 

Sulaiman and 

Al-Raweshidy 

[10] 

B4: Prediction-as-

sisted DRL 
✓ ✗ Partial ✗ ✗ Shahid et al. [15] 

B5: Model-based pre-

dictive (CV-KF) 
✓ ✗ ✗ N/A N/A This study 

AV1: w/o predicted 

observation 
✗ ✓ ✓ N/A ✓ This study 

AV2: w/o knowledge 

embedding 
✓ ✗ ✓ ✓ ✓ This study 

AV3: Unidirectional 

LSTM 
✓ 

✓ (Forward 

only) 
✓ ✓ ✓ This study 

AV4: Frozen encoder ✓ ✓ (Frozen) ✓ ✗ Standard This study 

AV5: w/o closed-loop 

refresh 

 

✓ ✓ ✓ ✗ ✗ This study 

AV6: DRL refresh-

only 
✓ ✓ ✓ ✗ ✓ This study 

AV7: Encoder re-

fresh-only 
✓ ✓ ✓ ✓ ✗ This study 

Proposed ✓ ✓ ✓ ✓ ✓ This study 

Note: ✓ and ✗ indicate that the corresponding component or periodic refresh mechanism is enabled 

or disabled, respectively; N/A indicates that the corresponding mechanism is not applicable because 

the associated module is absent. 
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5.3. Prediction Performance Evaluation 

The predictive accuracy of the proposed Bi-LSTM module was first evaluated inde-

pendently of the DRL decision-making process, to determine whether the predictive state 

used for proactive handover carries sufficiently accurate information regarding future 

network evolution. Consistent with Section 4.2, the predictor receives a sequence of the 

previous � = 10  instantaneous observations and estimates the future observation 

���(� + Δ) at a prediction horizon of Δ = 5 epochs. Each observation contains the cell-spe-

cific and UE-level features defined in Equation (15), including RSRP, RSRQ, SINR, re-

source utilization, achievable throughput, UE-to-cell distance, delay, UE velocity, and 

movement direction. The candidate-cell features are maintained using the identity-align-

ment mechanism described in Section 4.2 to ensure temporal consistency across the Bi-

LSTM input sequence. The prediction task therefore evaluates the ability of each model to 

jointly capture temporal mobility dynamics and wireless-channel evolution, rather than 

predicting a single signal indicator in isolation. Five comparators are considered alongside 

the proposed Bi-LSTM: a persistence baseline (naive no-change forecast), a classical con-

stant-velocity Kalman filter (CV-KF), a unidirectional LSTM, a GRU, and a Transformer-

based sequence predictor. The CV-KF provides a non-learning model-based reference, 

whereas the neural predictors are configured using comparable sequence information and 

matched hidden dimensionality where applicable. 

Accuracy across mobility scenarios: Table 7 reports the MAE, RMSE, and R2 of the 

persistence, CV-KF, LSTM, GRU, Transformer, and proposed Bi-LSTM predictors across 

the smart city, ITS, and connected vehicle scenarios defined in Section 5.1. The newly in-

cluded CV-KF provides a non-learning model-based reference for distinguishing the ben-

efit of mobility prediction itself from that of learned temporal modeling. Compared with 

persistence, CV-KF substantially reduces the RMSE from 0.1711 to 0.1126 in the smart city 

scenario, from 0.3526 to 0.1875 in the ITS scenario, and from 0.3596 to 0.3015 in the con-

nected vehicle scenario, confirming that explicit model-based mobility prediction is ben-

eficial even without learned temporal representations. Nevertheless, the proposed Bi-

LSTM achieves the lowest MAE and RMSE and the highest R2 in all three scenarios. Rela-

tive to CV-KF, it reduces the RMSE by approximately 26.9%, 40.9%, and 48.5% in the smart 

city, ITS, and connected vehicle scenarios, respectively. The increasing performance gap 

under higher mobility indicates that the gain of the proposed predictor cannot be at-

tributed solely to future-state prediction; rather, learned bidirectional temporal modeling 

provides additional robustness when mobility and channel dynamics become increas-

ingly non-stationary. The Transformer remains the strongest competing learned predic-

tor, whereas the larger advantage over CV-KF in the connected vehicle scenario further 

highlights the limitation of a fixed constant-velocity motion model under rapidly varying 

mobility conditions. 

Accuracy across prediction horizons: Table 8 evaluates prediction accuracy over ho-

rizons of Δ = {1, 3, 5, 7, 10} epochs. All predictors exhibit an increasing RMSE as the hori-

zon grows, reflecting the increasing uncertainty of longer-range forecasting. The CV-KF 

consistently outperforms persistence, confirming that classical model-based prediction re-

mains beneficial across all evaluated horizons; however, its error increases more rapidly 

than that of the learned sequence predictors as the horizon becomes longer. In contrast, 

the proposed Bi-LSTM maintains the lowest RMSE at every evaluated horizon. At the op-

erating horizon of Δ = 5, it achieves an RMSE of 0.0935, corresponding to a 38.3% reduc-

tion relative to CV-KF, in addition to reductions of 52.2%, 22.9%, 30.6%, and 16.9% relative 

to persistence, LSTM, GRU, and Transformer, respectively. Even at Δ = 10, the proposed 

Bi-LSTM maintains an RMSE of 0.1555 compared with 0.2590 for CV-KF, demonstrating 

greater robustness to increasing prediction horizon. 
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Taken together, Tables 7 and 8 establish two complementary findings. First, the con-

sistent improvement of CV-KF over persistence confirms that explicit mobility prediction 

itself provides measurable benefit. Second, the further reduction in prediction error 

achieved by the proposed Bi-LSTM, particularly under high mobility and longer predic-

tion horizons, demonstrates the additional value of learned multivariate and bidirectional 

temporal representation beyond classical model-based prediction. These findings support 

the design decision in Section 3.4.1 to incorporate the predicted observation into the DRL 

state and motivate the end-to-end evaluation in Section 5.5, where the prediction-level 

advantage is examined in terms of actual handover performance. 

Table 7. Prediction performance comparison of persistence, CV-KF, LSTM, GRU, Transformer, and 

the proposed Bi-LSTM across different mobility scenarios. 

Scenario Predictor MAE RMSE R2 

Smart city 

Persistence 0.1282 0.1711 0.8425 

CV-KF 0.0835 0.1126 0.9038 

LSTM 0.0711 0.0967 0.9216 

GRU 0.0755 0.1010 0.8944 

Transformer 0.0664 0.0904 0.9451 

Proposed Bi-LSTM 0.0611 0.0823 0.9558 

ITS 

Persistence 0.2174 0.3526 0.7781 

CV-KF 0.1408 0.1875 0.8696 

LSTM 0.1174 0.1480 0.9079 

GRU 0.1239 0.1554 0.8985 

Transformer 0.1036 0.1209 0.9091 

Proposed Bi-LSTM 0.0977 0.1108 0.9312 

Connected vehicle 

Persistence 0.2901 0.3596 0.7104 

CV-KF 0.2578 0.3015 0.8217 

LSTM 0.2456 0.2809 0.8661 

GRU 0.2820 0.3177 0.8469 

Transformer 0.1713 0.2087 0.8709 

Proposed Bi-LSTM 0.1221 0.1553 0.8960 

Table 8. RMSE performance of the proposed Bi-LSTM and baseline predictors across different pre-

diction horizons. 

Prediction Hori-

zon Δ  

(Epochs) 

Persistence CV-KF LSTM GRU Transformer 
Proposed Bi-

LSTM 

1 0.1026 0.0838 0.0611 0.0620 0.0567 0.0494 

3 0.1511 0.1089 0.0871 0.0901 0.0801 0.0723 

5 0.1955 0.1516 0.1213 0.1348 0.1125 0.0935 

7 0.2418 0.1967 0.1428 0.1503 0.1287 0.1209 

10 0.3019 0.2590 0.1894 0.1968 0.1765 0.1555 

5.4. Knowledge Representation Analysis 

Beyond prediction accuracy, an important objective of the proposed framework is to 

determine whether the Bi-LSTM encoder learns a compact representation that captures 

meaningful temporal structure from heterogeneous network observations. This aspect is 

particularly relevant to the AI-native design considered in this study because the encoder 

output ��  is incorporated into the predictive state ��(�)  of Equation (18), rather than 

serving solely as an intermediate feature for forecasting. Accordingly, the analysis in this 
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subsection examines whether the learned embedding preserves mobility- and channel-

related information that is useful for distinguishing network operating conditions associ-

ated with different handover decisions. 

To examine the structure of the learned representation, the high dimensional Bi-

LSTM embeddings obtained from the held-out test trajectories were projected onto a two-

dimensional latent space using dimensionality reduction analysis. Each point represents 

the embedding �� generated from a temporal window of network observations, while 

the samples are grouped according to the mobility condition and subsequent handover 

outcome. The resulting representation reveals that the encoder does not map observations 

into an unstructured latent space. Instead, samples associated with relatively stable serv-

ing-cell conditions occupy distinguishable regions from those corresponding to deterio-

rating serving links and approaching handover conditions. The separation becomes par-

ticularly evident for high-mobility ITS and connected vehicle samples, for which instan-

taneous radio measurements fluctuate more rapidly because of mobility-induced channel 

variation. This behavior is important because individual instantaneous measurements can 

be ambiguous from a handover perspective. For example, a temporary decrease in RSRP 

or SINR may arise from short-term fading and does not necessarily indicate that a hand-

over should be initiated. Conversely, a similar instantaneous signal level accompanied by 

a persistent temporal trend in UE velocity, UE-to-cell distance, and neighboring-cell signal 

evolution may indicate that the serving link is approaching sustained degradation. By en-

coding a sequence of observations rather than an isolated measurement, �� provides the 

DRL agent with information about the temporal context underlying the current radio 

state. The learned representation therefore complements the explicit future prediction 

���(� + Δ). Whereas the la�er provides an interpretable estimate of the anticipated net-

work condition, the embedding retains additional latent temporal dependencies that need 

not be explicitly represented by individual forecast variables. 

To quantify this property, representation separability can be evaluated using the sil-

houe�e coefficient of the projected embeddings. Let �(�) denote the mean intra-cluster 

distance of sample � , and �(�)  denote the minimum mean distance between sample � 

and samples belonging to another cluster. The silhoue�e coefficient is defined as 

��(�) =
�(�) − �(�)

max{�(�), �(�)}
 , (26)

where ��(�) ∈ [−�, �].  Values approaching one indicate that a representation is well 

matched to its assigned operating regime and clearly separated from neighboring re-

gimes, whereas values close to zero indicate overlapping representations. The average 

silhoue�e coefficient over the test samples can therefore be used as a quantitative indicator 

of whether the learned latent space discriminates mobility and handover-relevant net-

work conditions. 

The representation analysis should further distinguish between the three mobility 

scenarios considered throughout this study. Smart city trajectories are expected to exhibit 

relatively compact latent structures because low UE velocities produce slower variations 

in distance and channel quality. In contrast, ITS and connected vehicle trajectories intro-

duce substantially faster transitions between network states. Consequently, their latent 

distributions are expected to span broader regions of the representation space. Im-

portantly, such increased dispersion should not be interpreted solely as poorer represen-

tation quality; rather, it reflects the greater diversity and temporal variability of the un-

derlying high-mobility observations. The relevant criterion is whether states associated 

with different mobility or handover conditions remain distinguishable despite this in-

creased variability. The functional value of the learned representation is further assessed 

through the AV1 and AV2 ablation variants defined in Section 5.2, which isolate the 
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knowledge embedding and the explicit forecast from the complete predictive state, re-

spectively. Comparing their handover performance provides a direct means of determin-

ing whether �� contributes information beyond that already contained in the predicted 

future observation. If AV1 maintains stronger handover performance than AV2 despite 

lacking the explicit forecast, this would indicate that �� captures temporal information 

that cannot be represented completely by point prediction; conversely, superiority of the 

complete predictive state of Equation (18) over both variants would demonstrate the com-

plementary roles of explicit forecasting and latent knowledge representation. 

The comparison with the AV3 unidirectional-LSTM variant provides an additional 

test of representation quality because AV3 differs from the proposed framework only in 

its temporal encoding mechanism, differences between their latent structures can be at-

tributed primarily to bidirectional versus forward-only processing rather than to state di-

mensionality or DRL architecture. A more discriminative representation produced by the 

Bi-LSTM would support the hypothesis that bidirectional encoding provides a richer char-

acterization of temporal dependencies, consistent with the lower prediction error 

achieved by the Bi-LSTM over the unidirectional LSTM. 

Table 9 reports the quantitative outcome of this analysis, presenting the silhoue�e 

coefficient of Equation (26) together with the mean intra-cluster and inter-cluster distances 

of the projected embeddings, for the proposed Bi-LSTM and the AV3 unidirectional-

LSTM baseline across the three mobility scenarios. Across all three scenarios, the proposed 

Bi-LSTM achieves a higher silhoue�e score, a smaller intra-cluster distance, and a larger 

inter-cluster distance than the unidirectional LSTM, confirming the hypothesis advanced 

above that bidirectional processing yields a more discriminative latent representation 

than forward-only encoding: Embeddings produced by the Bi-LSTM form tighter, more 

clearly separated clusters corresponding to distinct mobility- and handover-relevant op-

erating conditions. The magnitude of this improvement varies across scenarios rather than 

increasing monotonically with mobility. The relative gain in the silhoue�e score is small-

est in the smart city scenario (4.4%, from 0.777 to 0.811), because the unidirectional LSTM 

already a�ains a comparatively high score under low-velocity conditions, leaving limited 

room for improvement, whereas the gain is substantially larger in the ITS scenario (29.8%, 

from 0.604 to 0.784) and remains considerable for the connected vehicle scenario (23.6%, 

from 0.513 to 0.634). This pa�ern indicates that the benefit of bidirectional encoding is 

most pronounced precisely where forward-only processing struggles most, that is, under 

the faster and more irregular state transitions associated with high-mobility ITS and con-

nected vehicle trajectories, consistent with the prediction-accuracy results of Section 5.3. 

Consistent with the dispersion argument advanced above, the absolute silhoue�e score 

and inter-cluster distance achieved by the proposed Bi-LSTM decrease monotonically 

from smart city (0.811; 1.722) to ITS (0.784; 1.457) to connected vehicle (0.634; 1.310) sce-

narios, while the intra-cluster distance increases in the same order (0.317, 0.418, and 0.455). 

Rather than indicating degraded representation quality, this trend reflects the greater in-

trinsic variability of high-mobility observations noted earlier: Even as absolute separabil-

ity declines with increasing mobility, the relative improvement of the Bi-LSTM over the 

unidirectional LSTM remains positive throughout, and for inter-cluster distance is in fact 

largest for the connected vehicle scenario (29.6% versus 22.7% for the smart city scenario 

and 20.7% for the ITS scenario). This indicates that the encoder continues to separate op-

erating regimes more effectively than the unidirectional baseline even as the underlying 

discrimination task becomes intrinsically harder. 

Overall, the knowledge-representation analysis complements the forecasting evalu-

ation of Section 5.3 by showing that the role of the Bi-LSTM encoder extends beyond min-

imizing prediction error as quantitatively confirmed in Table 9, the embedding �� pro-

vides contextual information that is not explicitly available from either the instantaneous 
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observation or the point forecast alone, supporting the complementary three-component 

design of the predictive state in Equation (18). The extent to which this richer representa-

tion improves actual mobility-management decisions is evaluated next in Section 5.5 

through end-to-end handover performance. 

Table 9. Quantitative analysis of learned knowledge representations across mobility scenarios. 

Scenario Encoder 
Silhoue�e  

Score 

Intra-Cluster  

Distance 

Inter-Cluster  

Distance 

Smart city 

LSTM 0.777 0.508 1.404 

Proposed Bi-

LSTM 
0.811 0.317 1.722 

ITS 

LSTM 0.604 0.552 1.207 

Proposed Bi-

LSTM 
0.784 0.418 1.457 

Connected vehicle 

LSTM 0.513 0.599 1.011 

Proposed Bi-

LSTM 
0.634 0.455 1.310 

5.5. Handover Performance and Statistical Evaluation 

The end-to-end effectiveness of the proposed hybrid Bi-LSTM–DRL framework was 

evaluated under two complementary stress conditions. First, UE velocity was varied from 

0 to 33 m/s to determine the robustness of the handover policy against increasingly rapid 

mobility and channel variation. Second, the number of simultaneously active UEs was 

increased from 50 to 500 to examine scalability under increasing network load. The pro-

posed framework was compared with B1 (Reactive 3GPP), B2 (DRL-only), B3 (Prediction-

only), and B4 (Prediction-assisted DRL), as defined in Section 5.2. Performance was eval-

uated using throughput, handover latency, handover failure rate (HFR), ping-pong rate 

(PPR), and average utility, which collectively reflect the principal objectives incorporated 

into the reward formulation of Equation (20). Each experimental configuration was inde-

pendently repeated 10 times (� = 10) using different random seeds to account for stochas-

tic variations in UE mobility, wireless-channel realizations, and learning behavior. All re-

ported results represent the mean over these 10 independent simulation runs, with error 

bars indicating the corresponding 95% confidence intervals (CIs). 

5.5.1. Impact of UE Velocity on Handover Performance 

Figures 3–7 investigate the effect of increasing UE velocity on end-to-end mobility-

management performance. This experiment is particularly important because increasing 

velocity directly increases the rate at which UE–cell distance, RSRP, SINR, and Doppler-

dependent channel conditions evolve, as described by the mobility and channel models 

in Sections 3.2 and 3.3. Consequently, the available decision interval becomes progres-

sively shorter, making reactive handover mechanisms increasingly susceptible to delayed 

handovers and unstable cell selection. 

  



Mach. Learn. Knowl. Extr. 2026, 8, 302 34 of 58 
 

https://doi.org/10.3390/make8100302 

Throughput performance: Figure 3 shows the average throughput as UE velocity in-

creases from stationary conditions to 33 m/s. A progressive throughput degradation is 

observed for all methods as mobility increases. This trend is theoretically expected be-

cause faster UE movement shortens the residence time within individual cells and pro-

duces more rapid channel variations, thereby increasing the frequency of handover inter-

ruptions and reducing the time available for stable data transmission. The degradation is 

most pronounced for B1. Because the conventional 3GPP mechanism relies on instantane-

ous signal measurements, hysteresis, and TTT rather than anticipated channel evolution, 

its handover decisions are initiated only after the predefined triggering condition has been 

satisfied. At high velocities, the serving link may therefore deteriorate considerably before 

the handover procedure is completed. B2 improves upon B1 through adaptive DRL-based 

decision-making, demonstrating that policy learning can provide greater robustness than 

static threshold rules. However, because B2 operates only on the instantaneous observa-

tion ��(�), its decisions remain fundamentally reactive. B3 benefits from future-condition 

prediction but lacks the long-term policy optimization of DRL. B4 therefore performs 

more favorably by combining prediction with adaptive decision-making. 

The proposed framework maintains the highest throughput over the evaluated ve-

locity range. More importantly, its relative advantage becomes more evident toward the 

high-mobility region. This behavior is consistent with the prediction results in Section 5.3, 

where the Bi-LSTM demonstrated its strongest relative advantage under ITS and con-

nected vehicle conditions. By combining the instantaneous observation ��(�), predicted 

observation ���(� + Δ), and latent embedding ��, the DRL agent can initiate a handover 

before the serving link enters a severely degraded state rather than waiting for a reactive 

threshold violation. 

Handover latency: Figure 4 provides complementary evidence by examining hando-

ver latency. Unlike throughput, lower values indicate be�er performance. Handover la-

tency increases with UE velocity for all methods, reflecting the greater difficulty of main-

taining a stable target-cell association as mobility becomes more rapid. The steepest in-

crease is observed for B1, whereas the learning-based methods exhibit progressively 

smaller latency penalties. Although B2 can learn more appropriate actions than fixed 

3GPP rules, it cannot explicitly anticipate future signal deterioration. B3 can forecast such 

deterioration, but its subsequent decision remains threshold-based. The superior perfor-

mance of B4 relative to B2 and B3 therefore demonstrates that prediction and adaptive 

decision-making are complementary rather than interchangeable components. The pro-

posed method exhibits the lowest handover latency throughout the velocity range and a 

comparatively slower rate of degradation at high velocities. The result indicates that the 

predictive state of Equation (18) provides the Dueling DDQN with sufficient temporal 

context to identify an appropriate target cell before severe link degradation occurs. This 

reduces the likelihood of late handover execution and consequently decreases interrup-

tion time. 
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Figure 3. Average throughput performance of the proposed framework and baseline methods un-

der increasing UE velocity. Error bars indicate 95% confidence intervals computed across 10 inde-

pendent simulation runs. 

 

Figure 4. Handover latency of the proposed framework and baseline methods under varying UE 

velocities. Error bars indicate 95% confidence intervals computed across 10 independent simulation 

runs. 
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Figure 5. Handover failure rate of the proposed framework and baseline methods under varying 

UE velocities. Error bars indicate 95% confidence intervals computed across 10 independent simu-

lation runs. 

 

Figure 6. Ping-pong rate of the proposed framework and baseline methods under varying UE ve-

locities. Error bars indicate 95% confidence intervals across independent simulation runs. 
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Figure 7. Average utility of the proposed framework and baseline methods under varying UE ve-

locities. Error bars indicate 95% confidence intervals computed across 10 independent simulation 

runs. 

5.5.2. Handover Reliability Under Increasing Mobility 

Figure 5 shows that the handover failure rate increases with UE velocity for all five 

methods. This trend follows directly from the decreasing time available to detect serving-

link deterioration, select a target cell and complete the handover procedure. B1 exhibits 

the largest increase because its reactive trigger is particularly vulnerable to rapidly chang-

ing channel conditions. B2 reduces failures through learned action selection, while B3 ben-

efits from anticipating future signal conditions. Nevertheless, neither mechanism alone 

provides the same level of robustness as the integrated approaches. The proposed frame-

work consistently yields the lowest HFR, with its advantage becoming increasingly rele-

vant in the high-velocity region. This result provides direct evidence that the prediction 

improvements reported in Tables 7 and 8 are not merely reductions in forecasting error; 

they translate into a measurable improvement in an end-to-end network reliability metric. 

In particular, the Bi-LSTM forecast allows the agent to identify deteriorating serving links 

earlier, while the learned knowledge embedding provides additional temporal context 

that assists the Dueling DDQN in distinguishing persistent degradation from transient 

fading. 

Figure 6 evaluates the ping-pong rate. The PPR increases with velocity because rap-

idly varying RSRP and SINR values can repeatedly change the apparent ranking of neigh-

boring cells, particularly around overlapping cell boundaries. Such behavior is especially 

problematic in ultra-dense HetNets, where several candidate cells may exhibit similar in-

stantaneous signal strengths. The comparatively high PPR of B1 illustrates this sensitivity 

to short-term measurement fluctuations. DRL-based B2 reduces unnecessary transitions 

because the learned policy accounts for the long-term reward penalties associated with 

ping-pong events. Prediction-based B3 further demonstrates that anticipated signal evo-

lution can stabilize target-cell selection. 
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The proposed framework achieves the lowest PPR because its handover decision is 

conditioned not only on instantaneous measurements but also on predicted network evo-

lution and the temporal knowledge embedding. The la�er is particularly important in this 

experiment. As discussed in Section 5.4, a temporary RSRP reduction and a sustained de-

terioration trend may produce similar instantaneous observations but represent funda-

mentally different mobility states. The latent representation provides the decision agent 

with temporal context for discriminating between these situations, thereby reducing un-

necessary back-and-forth handovers. 

5.5.3. Joint Performance Trade-Off 

Whereas Figures 3–6 examine individual performance dimensions, Figure 7 reports 

the average utility obtained from the common reward formulation. For B1 and B3, which 

do not directly optimize a reinforcement-learning objective, the same reward function is 

evaluated post hoc solely to provide a common performance criterion, as specified in Sec-

tion 5.2. The average utility decreases as UE velocity increases for all methods. This de-

cline is consistent with the simultaneous reduction in throughput and increases in latency, 

handover failures, and ping-pong events observed in Figures 3–6. Importantly, the pro-

posed framework maintains the highest utility across the complete mobility range. 

This result is particularly relevant because optimizing throughput alone could pro-

duce overly aggressive handover policies, whereas minimizing the number of handovers 

alone could retain UEs on deteriorating serving cells. The reward formulation of Equation 

(20) instead evaluates the combined consequences of throughput, interruption latency, 

handover failure, ping-pong behavior, and signaling cost. The superior utility of the pro-

posed framework therefore indicates that its improvement does not arise from optimizing 

one metric at the expense of the remaining objectives. The increasing separation between 

the proposed framework and the reactive baseline toward high velocities further supports 

the central hypothesis of this work: The value of predictive mobility information increases 

as the network dynamics become faster relative to the handover decision interval. Under 

low mobility, current observations remain informative for a comparatively long period, 

reducing the incremental value of prediction. Under high mobility, however, instantane-

ous measurements become obsolete more rapidly, making anticipated network evolution 

substantially more valuable for decision-making. 

5.5.4. Scalability Under Increasing Network Load 

Figures 8–10 extend the evaluation from mobility robustness to network-load scala-

bility by increasing the number of active UEs from 50 to 500 while maintaining the net-

work configuration and resource assumptions specified in Section 5.1. This experiment 

determines whether the benefits of predictive handover remain observable when radio 

resources become increasingly contested. 

Figure 8 shows the average per-UE throughput. As expected, the throughput de-

creases with increasing numbers of active UEs because a larger user population competes 

for finite radio resources. At relatively light load, the differences among the learning-

based methods are moderate because sufficient resources remain available to accommo-

date suboptimal handover decisions. As the number of active UEs increases, however, 

target-cell selection becomes increasingly consequential. B1 exhibits the strongest degra-

dation because its RSRP-based trigger does not explicitly account for the temporal evolu-

tion of the network state. B2 improves resource utilization through adaptive decision-

making but remains dependent on instantaneous information. B3 can anticipate future 

link conditions but lacks long-term decision optimization. B4 provides stronger perfor-

mance by integrating prediction and DRL. The proposed framework maintains the high-

est average per-UE throughput across the entire load range. Its advantage under heavy 
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load suggests that the predictive state enables the agent to avoid handovers toward can-

didate cells that may appear a�ractive at the current epoch but are likely to become unfa-

vorable shortly afterward. The result therefore complements Figure 3 such as the pro-

posed architecture remains effective not only when mobility dynamics intensify but also 

when network-resource contention increases. 

Figure 9 examines the handover latency under the same load conditions. The hand-

over latency increases with the number of active UEs because greater resource contention 

can delay radio-resource allocation and handover execution. The increase is largest for B1 

and progressively smaller for the AI-assisted approaches. The proposed framework again 

achieves the lowest latency and exhibits the smallest degradation as network load in-

creases. The result suggests that proactive target selection reduces the probability that a 

UE initiates or completes a handover only after the serving link has entered a critical state. 

This advantage becomes increasingly important under heavy load because recovery from 

a poorly timed handover becomes more costly when neighboring cells simultaneously 

serve large numbers of users. 

 

Figure 8. Average per-UE throughput of the proposed framework and baseline methods under in-

creasing numbers of active UEs. Error bars indicate 95% confidence intervals computed across 10 

independent simulation runs. 
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Figure 9. Handover latency of the proposed framework and baseline methods under increasing 

numbers of active UEs. Error bars indicate 95% confidence intervals computed across 10 independ-

ent simulation runs. 

The scalability analysis is completed by the HFR results in Figure 10. The HFR in-

creases nonlinearly with the number of active UEs, particularly at the upper end of the 

evaluated range. Such behavior is theoretically plausible because increasing contention 

not only reduces available resources but also decreases the margin available for successful 

handover completion under rapidly changing radio conditions. 

The proposed framework demonstrates the lowest HFR throughout the load range 

and, critically, its performance deteriorates more slowly than that of the baselines. This 

indicates that the proposed approach does not obtain its mobility benefit only under 

lightly loaded conditions. Rather, the combination of temporal prediction and policy op-

timization remains effective when handover decisions must be made under simultaneous 

mobility and resource contention. The growing separation between the proposed method 

and B4 at high loads is also important. Because B4 already incorporates prediction-as-

sisted DRL, this difference cannot be a�ributed simply to the presence of prediction. In-

stead, it is consistent with the additional contributions introduced in the proposed frame-

work, namely the explicit knowledge embedding and closed-loop adaptive refresh. This 

interpretation should subsequently be verified through the ablation experiments defined 

in Section 5.2. 
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Figure 10. Handover failure rate of the proposed framework and baseline methods under increasing 

numbers of active UEs. Error bars indicate 95% confidence intervals computed across 10 independ-

ent simulation runs. 

5.5.5. Comparison with the Model-Based Predictive Baseline 

To further distinguish the benefit of mobility prediction itself from that of learned 

temporal representation and DRL-based decision optimization, an additional end-to-end 

comparison was conducted against the model-based CV-KF baseline defined in Section 

5.2. Rather than repeating the CV-KF results across Figures 3–10, Table 10 summarizes its 

performance under the representative high-mobility condition using the same network, 

channel, handover, and evaluation se�ings as the other methods. 

Table 10. End-to-end performance comparison with the model-based predictive baseline under 

high-mobility conditions. 

Method 
Throughput 

(Mbps) 

Handover 

Latency (ms) 
HFR (%) PPR (%) Average Utility 

B1: Reactive 3GPP 52.1 ± 1.40 67.5 ± 2.70 7.20 ± 0.68 8.40 ± 0.80 0.515 ± 0.035 

B2: DRL-only 59.8 ± 1.30 58.7 ± 2.20 5.20 ± 0.55 6.45 ± 0.68 0.592 ± 0.032 

B3: Prediction-only 60.9 ± 1.30 56.4 ± 2.10 4.91 ± 0.50 6.10 ± 0.62 0.610 ± 0.030 

B4: Prediction-assisted DRL 64.9 ± 1.20 51.5 ± 1.90 4.02 ± 0.40 4.95 ± 0.50 0.653 ± 0.028 

B5: CV-KF-based predictive 

HO 
63.8 ± 1.20 53.1 ± 1.70 4.28 ± 0.50 5.31 ± 0.40 0.641 ± 0.025 

Proposed 67.0 ± 1.10 48.1 ± 1.40 3.47 ± 0.30 4.33 ± 0.35 0.678 ± 0.022 

Table 10 shows that B5 (CV-KF-based predictive handover) improves substantially 

upon the reactive B1 baseline, increasing the throughput from 52.1 to 63.8 Mbps while 

reducing the handover latency from 67.5 to 53.1 ms, the HFR from 7.20% to 4.28%, and the 

PPR from 8.40% to 5.31%. This confirms that explicit model-based mobility anticipation 

alone provides meaningful end-to-end handover benefits. However, the proposed frame-

work further improves the throughput to 67.0 Mbps and reduces the handover latency, 

the HFR, and the PPR to 48.1 ms, 3.47%, and 4.33%, respectively, while achieving the high-

est average utility of 0.678. Together with Tables 7 and 10, these results demonstrate that 
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the performance gain of the proposed framework is not a�ributable solely to prediction; 

learned temporal representation and DRL-based sequential decision optimization provide 

additional and complementary benefits under high-mobility conditions. 

Statistical evaluation: To determine whether the observed performance differences 

resulted from systematic improvements rather than stochastic simulation variability, each 

experimental configuration was independently repeated 10 times (� = 10) using different 

random seeds. For each performance metric and operating point, the sample mean and 

corresponding 95% confidence interval were calculated across the 10 independent runs as 

����% = � ± ��.���,���

�

√�
 , (27)

where � denotes the sample mean, � is the sample standard deviation, and � = �� is 

the number of independent simulation runs. Because the number of independent runs is 

relatively small, the confidence intervals were calculated using Student’s �-distribution 

rather than the normal approximation. For � = �� , the corresponding critical value is 

��.���,� = �. ���. Accordingly, the error bars reported in Figures 3–10 represent 95% con-

fidence intervals of the estimated mean rather than standard deviations. 

To further determine whether the performance gains of the proposed framework 

were statistically significant, identical operating conditions were maintained across com-

peting methods within each independent run, enabling paired statistical comparisons. 

The normality of the paired differences was first examined using the Shapiro–Wilk test. 

When the normality assumption was satisfied, a two-sided paired �-test was applied; oth-

erwise, the Wilcoxon signed-rank test was employed. Statistical significance was assessed 

at � = 0.05. Because the proposed framework was compared against four baseline meth-

ods (B1–B4), the Holm–Bonferroni correction was applied to control the family-wise error 

rate associated with multiple comparisons. In addition to the corrected �-values, Cohen’s 

�� was calculated to quantify the magnitude of the paired performance differences. 

Table 11 presents the ablation analysis under high-mobility conditions to quantify 

the individual and complementary contributions of the principal components of the pro-

posed framework. Removing or modifying any key component degrades performance 

across the evaluated metrics. The complete framework achieves the highest throughput 

(67.0 Mbps) and average utility (0.678), while a�aining the lowest handover latency (48.1 

ms), HFR (3.47%), and PPR (4.33%). These results indicate that the overall gain arises from 

the integration of predictive mobility information, temporal knowledge representation, 

bidirectional sequence modeling, and closed-loop adaptation rather than from any single 

component. 

Table 11. Ablation analysis of the proposed framework under high-mobility conditions. 

Method 
Throughput 

(Mbps) 

Handover 

Latency (ms) 
HFR (%) PPR (%) Average Utility 

AV1: w/o predicted observa-

tion 
61.9 ± 1.90 56.5 ± 2.10 4.82 ± 0.39 6.21 ± 0.48 0.611 ± 0.026 

AV2: w/o knowledge embed-

ding 
60.6 ± 1.80 58.1 ± 2.00 5.11 ± 0.41 6.65 ± 0.51 0.596 ± 0.028 

AV3: Unidirectional LSTM 63.5 ± 1.80 54.6 ± 2.00 4.34 ± 0.36 5.79 ± 0.44 0.637 ± 0.025 

AV4: Frozen encoder 65.1 ± 1.75 52.9 ± 1.90 4.05 ± 0.34 5.10 ± 0.40 0.652 ± 0.024 

AV5: w/o closed-loop refresh 62.3 ± 1.85 55.3 ± 2.05 4.62 ± 0.37 5.94 ± 0.46 0.624 ± 0.026 

AV6: DRL refresh-only 65.9 ± 1.72 51.2 ± 1.92 3.93 ± 0.32 4.93 ± 0.37 0.664 ± 0.023 

AV7: Encoder refresh-only 64.3 ± 1.76 53.5 ± 1.96 4.27 ± 0.35 5.56 ± 0.40 0.649 ± 0.025 

Proposed 67.0 ± 1.60 48.1 ± 1.80 3.47 ± 0.30 4.33 ± 0.36 0.678 ± 0.022 
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The importance of the predictive state components is particularly evident from AV1 

and AV2. Removing the explicit predicted observation in AV1 decreases the throughput 

from 67.0 to 61.9 Mbps and increases the handover latency from 48.1 to 56.5 ms. The HFR 

and PPR also increase from 3.47% and 4.33% to 4.82% and 6.21%, respectively. These deg-

radations demonstrate that explicit knowledge of anticipated network conditions enables 

the DRL agent to act before substantial deterioration of the serving link occurs. AV2, 

which removes the knowledge embedding �� , exhibits an even greater degradation, 

achieving a throughput of only 60.6 Mbps and an average utility of 0.596, together with 

the highest latency (58.1 ms), HFR (5.11%), and PPR (6.65%) among the evaluated ablation 

variants. This observation suggests that the learned temporal embedding provides deci-

sion-relevant contextual information that cannot be fully represented by the explicit fu-

ture prediction alone. Consequently, the results of AV1 and AV2 support the use of both 

���(� + Δ) and �� in the predictive state representation rather than treating these compo-

nents as interchangeable sources of mobility information. 

AV3 further demonstrates the contribution of bidirectional temporal modeling. Re-

placing the Bi-LSTM with a unidirectional LSTM reduces the throughput to 63.5 Mbps 

and the average utility to 0.637, while increasing the handover latency, HFR, and PPR to 

54.6 ms, 4.34%, and 5.79%, respectively. This consistent degradation indicates that bidi-

rectional temporal representation improves mobility-state characterization under rapidly 

varying network conditions. AV4 is retained as an architectural ablation that evaluates 

the effect of freezing the predictive encoder and is therefore interpreted separately from 

the refresh-specific factorial experiment. With the encoder frozen after pretraining, AV4 

achieves a throughput of 65.1 Mbps, a handover latency of 52.9 ms, an HFR of 4.05%, a 

PPR of 5.10%, and an average utility of 0.652. Its degradation relative to the complete 

framework indicates that adapting the predictive representation to evolving mobility and 

channel conditions provides additional benefit beyond a fixed pretrained representation. 

To separately quantify the two adaptation channels, AV5, AV6, AV7, and the proposed 

framework form a controlled refresh-specific comparison. AV5 disables both refresh 

mechanisms, whereas AV6 enables only DRL-policy refresh and AV7 enables only en-

coder refresh. Relative to AV5, AV6 increases the throughput from 62.3 to 65.9 Mbps and 

the average utility from 0.624 to 0.664, while reducing the handover latency from 55.3 to 

51.2 ms and the HFR from 4.62% to 3.93%. AV7 also improves upon AV5, achieving a 

throughput of 64.3 Mbps, a handover latency of 53.5 ms, an HFR of 4.27%, and an average 

utility of 0.649. These results demonstrate independent benefits from both adaptation 

channels, with DRL-policy refresh providing a larger individual gain under the evaluated 

conditions. Importantly, jointly enabling both mechanisms yields the best overall perfor-

mance (a throughput of 67.0 Mbps, a latency of 48.1 ms, an HFR of 3.47%, and an average 

utility of 0.678), demonstrating that encoder and policy adaptation provide complemen-

tary rather than interchangeable benefits. Relative to AV5, DRL-only and encoder-only 

refresh reduce the HFR by approximately 14.9% and 7.6%, respectively, whereas their 

joint operation reduces the HFR by approximately 24.9%. 

Collectively, the ablation results reveal complementary contributions from the major 

architectural components. Explicit future prediction supports anticipatory decisions, the 

knowledge embedding supplies latent temporal context, bidirectional modeling improves 

mobility-state representation, and the refresh-specific experiments demonstrate inde-

pendent contributions from encoder and DRL-policy adaptation. The superior perfor-

mance obtained when both refresh mechanisms are enabled further supports the closed-

loop AI-native design of the proposed hybrid Bi-LSTM–DRL framework under non-sta-

tionary high-mobility conditions. 

Taken together, Figures 3–10 and the ablation results in Table 11 demonstrate the 

robustness and scalability of the proposed framework under both increasing mobility and 
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network load. While all methods experience performance degradation under more chal-

lenging conditions, the proposed framework consistently maintains superior throughput, 

lower handover latency, HFR, and PPR, and higher aggregate utility. These improve-

ments are consistent with the prediction and knowledge-representation results reported 

in Sections 5.3 and 5.4, indicating that the integration of Bi-LSTM-based future-state pre-

diction and temporal knowledge extraction with Dueling DDQN translates predictive in-

formation into more effective end-to-end handover decisions. The ablation results further 

confirm the complementary contributions of prediction, knowledge embedding, bidirec-

tional temporal modeling, and the independently evaluated encoder- and DRL-policy ad-

aptation mechanisms. Collectively, these findings support the robustness and scalability 

of the proposed framework for AI-native mobility management in high-mobility and 

densely connected 5G/6G environments. 

5.5.6. Reward-Weight Sensitivity Analysis 

To evaluate the sensitivity of the proposed framework to reward design, the default 

balanced configuration was compared with throughput-, latency-, and reliability-oriented 

profiles. Table 12 summarizes the four representative reward-weight configurations, 

where the ping-pong and signaling weights were fixed at 0.10 and the remaining weights 

were redistributed among throughput, handover latency, and handover failure. These 

configurations represent distinct service priorities and provide interpretable reference op-

erating points for the sensitivity analysis. 

Table 12. Representative reward-weight configurations used in the sensitivity analysis. 

Configuration ���� ���� ����� ��� ���� 

Balanced 0.35 0.25 0.20 0.10 0.10 

Throughput-oriented 0.50 0.15 0.15 0.10 0.10 

Latency-oriented 0.25 0.40 0.15 0.10 0.10 

Reliability-oriented 0.25 0.15 0.40 0.10 0.10 

To examine the trade-off more systematically, the analysis was extended to 12 re-

ward-weight configurations, including intermediate and mixed-priority operating points 

around the four representative profiles in Table 12. Figure 11 presents the resulting Pareto 

analysis in terms of the throughput, HFR, and handover latency. Throughput-oriented 

configurations achieve higher throughput at the expense of increased HFR and latency, 

whereas reliability- and latency-oriented configurations favor their respective objectives. 

The balanced configuration provides a competitive compromise across the three KPIs and 

remains close to the Pareto-efficient region, supporting its use as the nominal operating 

point without implying universal optimality. 

5.5.7. Robustness Under 3GPP TR 38.901 Channel Profiles 

To assess whether the observed handover gains are specific to the simplified propa-

gation abstraction of Equations (5)–(8), a representative subset of the evaluation was re-

peated using standardized 3GPP TR 38.901 Clustered Delay Line (CDL) channel profiles. 

CDL-C was considered for the urban scenario, whereas CDL-D was used for the high-

mobility scenario. The mobility-management algorithms, reward formulation, learning 

configuration, and evaluation protocol were otherwise kept unchanged so that the effect 

of the channel-model refinement could be isolated. Each configuration was evaluated over 

10 independent runs, and the results are reported as the mean with 95% confidence inter-

vals. 
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Figure 11. Pareto analysis of the throughput, handover failure rate (HFR), and handover latency 

across 12 reward-weight configurations. The horizontal and vertical axes represent the HFR and 

throughput, respectively, while marker size represents the handover latency. Outlined markers in-

dicate Pareto-efficient operating points. 

Table 13 evaluates the robustness of the proposed framework under standardized 

3GPP TR 38.901 CDL channel profiles. Although the richer multipath conditions degrade 

the absolute performance of both methods relative to the baseline model in Equations (5)–

(8), the proposed framework consistently outperforms B4. Under urban CDL-C, it 

achieves 5.6% higher throughput, 20.9% lower HFR, and 8.5% lower handover latency 

than B4, while under high-mobility CDL-D, the corresponding improvements are 7.9%, 

19.9%, and 12.7%, respectively. The proposed framework also maintains higher average 

utility under both CDL profiles. Thus, despite the degradation in absolute KPIs under 

more realistic channel conditions, the relative performance ordering remains unchanged, 

providing evidence that the observed mobility-management gains are robust to standard-

ized channel modeling and are not solely a�ributable to the simplified propagation model 

in Equations (5)–(8). 

Table 13. Robustness comparison under the baseline propagation model and 3GPP TR 38.901 CDL 

channel profiles. 

Scenario Channel Model Method 
Throughput 

(Mbps) 
HFR (%) 

HO Latency 

(ms) 
Average Utility 

Urban 

Baseline Equa-

tions 

(5)–(8) 

B4 64.2 ± 1.72 4.05 ± 0.34 52.9 ± 1.90 0.652 ± 0.024 

Urban 

Baseline Equa-

tions 

(5)–(8) 

Proposed 67.0 ± 1.60 3.47 ± 0.30 48.1 ± 1.80 0.678 ± 0.022 

Urban 3GPP CDL-C B4 58.8 ± 1.70 5.03 ± 0.38 56.7 ± 2.10 0.621 ± 0.026 

Urban 3GPP CDL-C Proposed 62.1 ± 1.66 3.98 ± 0.35 51.9 ± 2.02 0.648 ± 0.024 

High mobility 

Baseline Equa-

tions 

(5)–(8) 

B4 60.7 ± 1.88 5.10 ± 0.41 57.8 ± 2.10 0.613 ± 0.027 
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High mobility 

Baseline Equa-

tions 

(5)–(8) 

Proposed 63.9 ± 1.76 4.29 ± 0.36 52.6 ± 1.95 0.646 ± 0.025 

High mobility 3GPP CDL-D B4 54.2 ± 1.89 6.53 ± 0.46 63.6 ± 2.28 0.567 ± 0.029 

High mobility 3GPP CDL-D Proposed 58.5 ± 1.71 5.23 ± 0.43 55.5 ± 2.11 0.603 ± 0.027 

5.5.8. Computational Efficiency and Runtime Analysis 

In addition to handover performance, the computational cost of each learning-based 

method was evaluated on the workstation described in Section 5.1. Three quantities were 

measured: training time, inference latency, and runtime overhead. Training time denotes 

the wall-clock duration required to complete model training under the stopping criterion 

defined in Section 5.1. Inference latency denotes the average wall-clock time required to 

process the current observation and generate a handover action for a single UE. This com-

putational inference latency is distinct from the network-level handover latency reported 

in Figures 4 and 9, which represents communication-service interruption during hando-

ver execution. Runtime overhead is defined relative to B2 (DRL-only) as 

��������(%) =
������� − ���

���

 × 100. (28)

This empirical evaluation complements the asymptotic complexity analysis in Sec-

tion 4.5 and quantifies the additional computational cost introduced by temporal predic-

tion and closed-loop adaptation. 

Table 14 summarizes the empirical computational efficiency of the evaluated meth-

ods under the common hardware and software environment described in Section 5.1. As 

expected, B1 incurs the lowest computational cost because it requires no model training. 

Among the learning-based baselines, B3 exhibits lower computational demand than B2, 

with a total runtime of 15.3 ± 0.6 s/episode, corresponding to a 13.1% reduction relative to 

B2. Combining prediction and reinforcement learning increases the computational cost. 

B4 requires 18.8 ± 0.8 s/episode (+6.8%), whereas the proposed framework requires 61.3 ± 

2.2 min for training, 1.35 ± 0.05 ms/UE for inference, and 20.1 ± 0.7 s/episode, correspond-

ing to a 14.2% runtime overhead relative to B2. This additional cost mainly results from 

integrating Bi-LSTM-based prediction and temporal knowledge extraction with Dueling 

DDQN-based handover decision-making. 

Table 14. Computational efficiency comparison of the proposed framework and baseline methods 

in terms of training time, per-UE inference latency, total runtime per simulation episode, and 

runtime overhead relative to the DRL-only baseline (B2). 

Method 
Training Time 

(min) 

Inference La-

tency (ms/UE) 

Total Runtime 

(s/Episode) 

Runtime Over-

head vs. B2 (%) 

B1: Reactive 3GPP N/A 0.18 ± 0.02 10.3 ± 0.5 N/A 

B2: DRL-only 40.1 ± 1.7 0.91 ± 0.04 17.6 ± 0.7 0 

B3: Prediction-only 26.6 ± 1.3 0.59 ± 0.03 15.3 ± 0.6 −13.1 

B4: Prediction- 

assisted DRL 
56.5 ± 2.1 1.09 ± 0.05 18.8 ± 0.8 +6.8 

Proposed 61.3 ± 2.2 1.35 ± 0.05 20.1 ± 0.7 +14.2 

Despite the additional computation, the proposed framework maintains a low abso-

lute inference latency. The measured 1.35 ms/UE corresponds to only approximately 

1.35% of the 100 ms decision interval adopted in the simulations, indicating that the deci-

sion can be completed well within each decision epoch under the evaluated implementa-

tion. Together with the performance improvements reported in Figures 3–10, these results 
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demonstrate a favorable performance–complexity trade-off. Moreover, the empirical 

measurements complement the asymptotic analysis in Section 4.5 by quantitatively show-

ing that the additional prediction and knowledge-extraction components introduce meas-

urable but bounded computational overhead. 

5.5.9. Empirical Computational Scalability with Network Size 

To empirically evaluate the network-size scalability discussed in Section 4, an addi-

tional experiment was conducted by varying the number of cells as � ∈ {20, 50, 100, 200} 

while maintaining a fixed UE density of five UEs per cell. Accordingly, the corresponding 

UE populations were � ∈ {100, 250, 500, 1000} . The candidate-set size, observation di-

mension, Bi-LSTM sequence length, embedding dimension, Dueling DDQN architecture, 

decision interval, and hardware/software environment were kept unchanged across all 

configurations. Each configuration was independently repeated 10 times, and the results 

are reported as the mean with 95% confidence intervals. Both per-UE inference latency 

and total inference time per decision epoch were measured as wall-clock execution times. 

per-UE latency represents the elapsed time required to generate a mobility-management 

decision for an individual UE, whereas total inference time represents the elapsed wall-

clock time required to process all active UEs within one decision epoch. The la�er is meas-

ured directly at the system level and is therefore not calculated as the product of the per-

UE latency and the number of UEs. Table 15 summarizes the resulting wall-clock inference 

and training measurements. 

Table 15. Wall-clock computational scalability with increasing network size at a fixed UE density of 

five UEs per cell. 

Cells � UEs � UE Density 
Per-UE Wall-Clock  

Inference Latency (ms) 

Total Wall-Clock Inference 

Time per Decision Epoch (ms) 

Total Training 

Time (min) 

20 100 5 2.75 ± 0.10 244.10 ± 0.12 45.4 ± 1.6 
50 250 5 2.81 ± 0.09 617.55 ± 0.10 67.5 ± 2.1 

100 500 5 2.90 ± 0.09 1245.50 ± 0.10 100.9 ± 3.1 

200 1000 5 2.95 ± 0.11 2499.16 ± 0.11 185.6 ± 5.2 

As shown in Table 15, the measured per-UE wall-clock inference latency remains rel-

atively stable as the network size increases from 20 to 200 cells, rising from 2.75 to 2.95 ms 

(approximately 7.3%) despite a tenfold increase in network size. Because the candidate-

set size, observation dimension, sequence length, and neural-network architecture remain 

fixed, this behavior is consistent with the �(1) algorithmic per-UE inference complexity 

with respect to �. The modest increase in wall-clock latency reflects practical execution 

overhead and does not indicate growth in the dimensionality of the neural inference prob-

lem. At the aggregate level, the measured total wall-clock inference time per decision 

epoch increases from 244.10 ms for 100 UEs to 2499.16 ms for 1000 UEs. A tenfold increase 

in the UE population therefore produces an approximately 10.24-fold increase in aggre-

gate wall-clock inference time, which is empirically consistent with approximately �(�) 

scaling of the overall inference workload. Importantly, the total wall-clock time is meas-

ured directly for the complete decision epoch rather than being obtained by multiplying 

the individual per-UE latency by �. 

5.5.10. Sensitivity to Dual-Frequency Closed-Loop Refresh 

The effect of the dual-frequency refresh mechanism was evaluated by varying the 

ratio ��/�� from frequent joint adaptation to increasingly separated update timescales. 

The results show that performance is relatively stable over a moderate range of refresh 

ratios, whereas the two extremes exhibit different limitations. Frequent encoder refresh 
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increases computational cost with diminishing performance gains, while infrequent en-

coder adaptation reduces the ability of the temporal representation to track evolving mo-

bility and channel statistics. The selected operating point therefore represents a compro-

mise between adaptation responsiveness and computational efficiency as shown in Table 

16. 

Table 16. Sensitivity of handover performance and measured wall-clock computational overhead 

to the dual-frequency refresh ratio ��/��. Results are reported as the mean ± 95% confidence inter-

val over 10 independent runs; AV5 denotes the no-refresh configuration. 

��/�� 
Throughput 

(Mbps) 
HFR (%) 

Average  

Utility 

Encoder Refresh 

Cost (s/refresh) 

DRL Refresh 

Cost (s/Re-

fresh) 

Amortized Wall-Clock 

Refresh Overhead 

(ms/Epoch) 

1 68.5 ± 1.58 3.43 ± 0.30 0.680 ± 0.022 0.91 ± 0.09 0.47 ± 0.10 101.9 ± 4.2 

5 67.8 ± 1.60 3.45 ± 0.30 0.679 ± 0.022 0.91 ± 0.09 0.47 ± 0.10 47.4 ± 3.1 

10 66.4 ± 1.60 3.47 ± 0.30 0.678 ± 0.022 0.91 ± 0.09 0.47 ± 0.10 39.2 ± 2.9 

50 65.5 ± 1.70 3.91 ± 0.34 0.657 ± 0.024 0.91 ± 0.09 0.47 ± 0.10 34.5 ± 2.5 

100 63.1 ± 1.82 4.28 ± 0.37 0.640 ± 0.025 0.91 ± 0.09 0.47 ± 0.10 30.4 ± 2.5 

No refresh (AV5) 62.3 ± 1.85 4.62 ± 0.37 0.624 ± 0.026 – – – 

The results reveal a clear trade-off between adaptation frequency, handover perfor-

mance, and computational overhead. The measured wall-clock costs of a single encoder 

and DRL refresh are 0.91 ± 0.09  s and 0.47 ± 0.10  s, respectively. Although ��/�� = 1 

achieves the highest throughput (68.5 ± 1.58 Mbps) and the lowest HFR (3.43 ± 0.30%), 

its frequent model updates result in the largest amortized wall-clock refresh overhead of 

101.9 ± 4.2 ms/epoch. Increasing the ratio to 10 reduces this overhead by approximately 

61.5% to 39.2 ± 2.9  ms/epoch, while maintaining competitive throughput (66.4 ± 1.60 

Mbps), HFR (3.47 ± 0.30%), and average utility (0.678 ± 0.022). In contrast, ratios of 50–

100 further reduce the wall-clock overhead but degrade throughput, HFR, and utility be-

cause of less frequent adaptation. The no-refresh configuration (AV5) exhibits the poorest 

overall performance, confirming the benefit of closed-loop model adaptation. Overall, 

��/�� = 10 provides a favorable performance–wall-clock overhead trade-off, supporting 

its selection as a practical operating point for the proposed dual-frequency refresh strat-

egy. 

5.6. Generalization Evaluation 

The experiments presented in Sections 5.3–5.5 evaluate the proposed framework un-

der test realizations generated from the same general operating regimes represented dur-

ing model development. Although these experiments establish prediction accuracy, rep-

resentation quality, mobility robustness, and scalability, they do not by themselves 

demonstrate whether the learned predictive representation and handover policy remain 

effective when the deployment conditions differ from those encountered during training. 

This distinction is particularly important for AI-native mobility management because 

practical 5G/6G networks are inherently non-stationary: UE mobility pa�erns, cell den-

sity, propagation characteristics, and traffic conditions may vary considerably across 

smart city, ITS, and connected vehicle environments. Accordingly, this subsection evalu-

ates the ability of the proposed framework to generalize across previously unseen mobil-

ity and deployment conditions. 

5.6.1. Cross-Scenario Generalization Protocol 

To evaluate mobility-domain generalization, the proposed framework was trained 

using trajectories generated from one mobility scenario and subsequently evaluated on a 
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different scenario without retraining the Bi-LSTM encoder or the Dueling DDQN policy 

before initial deployment. The three scenarios defined in Sections 3.2 and 5.1 were consid-

ered: smart city (0–5 m/s), ITS (5–20 m/s), and connected vehicle (20–33 m/s). This evalu-

ation therefore introduces distribution shifts in UE velocity, temporal mobility character-

istics, and the corresponding rate of wireless-channel variation. In addition to cross-sce-

nario testing, deployment-domain generalization was evaluated by varying the radio en-

vironment independently of the mobility scenario. Models trained under the urban de-

ployment regime were evaluated under suburban and mixed regimes, while models 

trained under suburban conditions were evaluated under urban and mixed regimes. As 

defined in Section 5.1, the mixed regime represents a transition corridor between urban 

and suburban network conditions and therefore provides a particularly relevant test of 

generalization because the UE encounters changes in cell density, coverage radius, and 

propagation characteristics within the same trajectory. 

Importantly, the initial cross-domain evaluation was performed without retraining 

or fine-tuning on the target domain, thereby separating true zero-shot generalization from 

subsequent online adaptation. After this initial evaluation, the closed-loop refresh mech-

anism described in Sections 4.1 and 4.3 was enabled to determine whether the proposed 

AI-native architecture could progressively recover performance when exposed to previ-

ously unseen conditions. This two-stage protocol distinguishes (i) the inherent transfera-

bility of the learned representation and policy from (ii) the additional benefit provided by 

continual closed-loop adaptation. 

5.6.2. Training-Distribution Characterization and Mobility-Diversity Control 

The asymmetric cross-scenario generalization evaluated in Section 5.6.3 should not 

be a�ributed solely to domain shift, because the mobility dynamics represented in the 

training datasets differ substantially across scenarios. To disentangle the effects of train-

ing-distribution coverage from scenario-specific domain differences, we first characterize 

the distributions of UE velocity, Doppler shift, and handover-event frequency for the 

smart city, ITS, and connected vehicle training datasets. We then conduct a controlled 

augmentation experiment in which the original smart city training set is supplemented 

with synthetic high-velocity trajectories while preserving the remaining smart city simu-

lation configuration. This design enables us to examine whether broader mobility cover-

age alone can reduce the smart city-to-connected vehicle generalization gap. 

Figure 12 and Table 17 reveal a progressive increase in mobility diversity from smart 

city to ITS and connected vehicle scenarios. The smart city training set is concentrated in 

the low-mobility regime (0–5 m/s), with a mean velocity of 2.19 m/s, a mean absolute Dop-

pler shift of 16.13 Hz, and 2.21 handover events per episode. In comparison, the ITS da-

taset increases these values to 12.86 m/s, 95.59 Hz, and 5.86 events/episode, while the con-

nected vehicle dataset reaches 26.79 m/s, 196.89 Hz, and 9.28 events/episode. The broader 

velocity and Doppler distributions and more frequent handover transitions in the higher-

mobility datasets indicate that models trained on ITS or connected vehicle data are ex-

posed to substantially richer temporal dynamics than those trained exclusively on smart 

city data. This distributional imbalance therefore provides a plausible explanation for part 

of the asymmetric generalization behavior observed in Section 5.6.3, but does not by itself 

establish that mobility diversity is the sole cause of the generalization gap. 

To determine whether the limited mobility coverage of the smart city training set 

contributes causally to this degradation, we next perform a controlled augmentation ex-

periment. Synthetic high-velocity trajectories are added to the original smart city training 

set to extend its velocity coverage from 0–5 m/s to 0–33 m/s, while the smart city deploy-

ment and the remaining simulation and learning se�ings are kept unchanged. Im-

portantly, no connected vehicle test samples are included in the augmented training data. 
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The original smart city, augmented smart city, and matched connected vehicle training 

configurations are then evaluated on the same connected vehicle test scenario. Each con-

figuration is independently repeated 10 times, and the results are reported as the mean ± 

95% confidence interval. 

  

(a) (b) 

 
(c) 

Figure 12. Empirical distributions characterizing mobility diversity across the training scenarios: 

UE velocity (a), absolute Doppler shift (b), and number of handover events per episode (c) for the 

smart city, ITS, and connected vehicle datasets. 

Table 18 further isolates the effect of training-set mobility diversity. Augmenting the 

smart city training set with synthetic high-velocity trajectories reduces the prediction 

RMSE from 0.228 ± 0.014 t o 0.164 ± 0.011  and increases the average utility from 

0.571 ± 0.028 to 0.618 ± 0.026, while also improving throughput, HFR, and handover la-

tency. These results confirm that limited high-mobility coverage contributes substantially 

to the original generalization gap. However, the augmented model still underperforms 

the matched connected vehicle-trained model, indicating that mobility augmentation 

alone does not fully eliminate the domain shift. Thus, cross-scenario generalization is in-

fluenced by both training-distribution coverage and scenario-specific domain differences. 
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Table 17. Statistical characterization of mobility diversity across the smart city, ITS, and connected 

vehicle training datasets. 

Training Scenario Velocity Range (m/s) Mean Velocity (m/s) 
Mean Doppler Shift 

(Hz) 

Mean HO Events/Epi-

sode 

Smart city 0–5 2.19 16.13 2.21 

ITS 5–20 12.86 95.59 5.86 

Connected vehicle 20–33 26.79 196.89 9.28 

Table 18. Controlled evaluation of high-velocity trajectory augmentation for cross-scenario gener-

alization from smart city to connected vehicle scenarios. 

Training  

Configuration 

Training Veloc-

ity Range (m/s) 
Test Scenario 

Prediction 

RMSE 

Throughput 

(Mbps) 
HFR (%) 

HO Latency 

(ms) 

Average Util-

ity 

Original smart 

city 
0–5 

Connected  

vehicle 
0.228 ± 0.014 54.8 ± 1.92 6.31 ± 0.45 63.7 ± 2.31 0.571 ± 0.028 

Augmented 

Smart city 
0–33 

Connected  

vehicle 
0.164 ± 0.011 59.6 ± 1.81 5.18 ± 0.40 58.2 ± 2.14 0.618 ± 0.026 

Connected  

vehicle 
20–33 

Connected  

vehicle 
0.121 ± 0.009 63.9 ± 1.76 4.29 ± 0.36 52.6 ± 1.95 0.646 ± 0.025 

5.6.3. Generalization Across Mobility Scenarios 

The zero-shot cross-scenario generalization performance of the proposed framework 

is summarized in Table 19, where each model trained under one mobility scenario is eval-

uated across smart city, ITS, and connected vehicle environments without target-domain 

retraining or fine-tuning. The results are reported in terms of prediction RMSE, through-

put, HFR, PPR, and average utility, with all performance values obtained from 10 inde-

pendent simulation runs. 

As expected, the strongest performance for each test scenario is obtained when the 

training and test domains are matched: The diagonal entries of Table 19 yield the lowest 

prediction RMSE and the highest average utility in every column (e.g., 0.086 and 0.795 for 

the smart city scenario, 0.111 and 0.743 for the ITS scenario, 0.155 and 0.678 for the con-

nected vehicle scenario). This occurs because the temporal and channel statistics observed 

during deployment remain consistent with those represented in the training distribution. 

It is worth noting that this advantage holds column-wise rather than row-wise; for in-

stance, the model trained on ITS achieves a higher average utility when tested on smart 

city (0.772) than on its own training scenario (0.743), since smart city corresponds to the 

lowest-mobility and therefore least demanding, test condition regardless of the source do-

main. Nevertheless, the proposed framework retains comparatively stable performance 

when transferred between mobility scenarios, indicating that the learned representation 

captures temporal network characteristics that are not restricted to a single velocity re-

gime. 

The most challenging distribution shift occurs when a model trained under smart 

city conditions is directly evaluated in the connected vehicle scenario, where the predic-

tion RMSE rises from 0.086 to 0.228, an increase of approximately 165%, and average util-

ity falls from 0.795 to 0.571, a decrease of approximately 28%. In this case, the test envi-

ronment introduces substantially higher UE velocities and faster Doppler-induced chan-

nel variation than those encountered during training. By comparison, the model trained 

on the ITS condition and evaluated on the connected vehicle condition shows a smaller 

relative degradation, with the RMSE increasing by approximately 59% (0.111 to 0.176) and 

utility decreasing by approximately 15% (0.743 to 0.631). This degradation is theoretically 

consistent with the system model of Sections 3.2 and 3.3, since as velocity increases, the 
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UE-cell geometry and the instantaneous channel conditions evolve more rapidly, reduc-

ing the temporal validity of pa�erns learned exclusively from low-mobility trajectories. 

Conversely, models trained using ITS or connected vehicle trajectories generalize 

more effectively toward lower-mobility scenarios, with only a marginal RMSE increase 

and utility loss when tested on the smart city scenario (ITS-to-smart city trajectory: RMSE 

of 0.094 versus 0.086 for the smart-city-matched configuration, utility of 0.772 versus 0.795; 

connected vehicle-to-smart city trajectory: RMSE of 0.101, utility of 0.759). Exposure to 

faster and more diverse temporal variations during training provides the Bi-LSTM en-

coder, whose state representation is defined in Section 4, with a broader range of mobility 

transitions, allowing the resulting representation to remain informative when the rate of 

network-state evolution decreases. This asymmetry suggests that training-domain diver-

sity is an important determinant of generalization performance and provides practical 

motivation for incorporating heterogeneous mobility regimes into the historical trajectory 

dataset used during initial Bi-LSTM pretraining. Most importantly, although performance 

decreases under cross-scenario transfer, the degradation remains moderate across all 

transfer pairs, and the framework preserves a stable ranking among the mobility scenarios 

rather than failing catastrophically under domain shift. This suggests that the perfor-

mance advantage of the proposed framework is unlikely to be restricted to the particular 

mobility distribution from which its training samples were generated. 

Table 19. Cross-scenario generalization performance of the proposed framework across smart city, 

ITS, and connected vehicle mobility environments. 

Training Scenario Test Scenario 
Prediction 

RMSE 

Throughput 

(Mbps) 
HFR (%) PPR (%)  

Average 

Utility 

Smart city Smart city 0.086 ± 0.006 77.3 ± 1.15 1.20 ± 0.14 1.90 ± 0.19 
0.795 ± 

0.015 

Smart city ITS 0.148 ± 0.010 69.2 ± 1.45 3.10 ± 0.27 4.10 ± 0.34 
0.704 ± 

0.019 

Smart city Connected vehicle 0.228 ± 0.015 58.4 ± 1.90 6.20 ± 0.46 7.80 ± 0.57 
0.571 ± 

0.026 

ITS Smart city 0.094 ± 0.007 74.5 ± 1.25 1.60 ± 0.17 2.40 ± 0.22 
0.772 ± 

0.016 

ITS ITS 0.111 ± 0.010 73.1 ± 1.30 2.20 ± 0.20 3.00 ± 0.27 
0.743 ± 

0.017 

ITS Connected vehicle 0.176 ± 0.012 63.4 ± 1.65 4.50 ± 0.36 5.70 ± 0.44 
0.631 ± 

0.023 

Connected vehicle Smart city 0.101 ± 0.007 73.1 ± 1.30 1.80 ± 0.18 2.60 ± 0.24 
0.759 ± 

0.017 

Connected vehicle ITS 0.129 ± 0.009 70.8 ± 1.40 2.80 ± 0.25 3.80 ± 0.32 
0.716 ± 

0.019 

Connected vehicle Connected vehicle 0.155 ± 0.010 67.0 ± 1.60 3.47 ± 0.30 4.37 ± 0.35 
0.678 ± 

0.022 

5.6.4. Generalization Across Deployment Environments 

As with the cross-scenario results of Section 5.6.4, the strongest performance is ob-

tained when the training and deployment environments are matched, as shown along the 

diagonal of Table 20 (urban: RMSE 0.096, utility: 0.681; suburban: RMSE: 0.091, utility: 

0.689; mixed: RMSE: 0.089, utility: 0.695). A second experiment evaluates whether the pro-

posed framework remains effective when the radio-access environment changes inde-

pendently of UE mobility. This experiment is particularly relevant to the heterogeneous 

network architecture of Section 3.1, since a UE traveling through a realistic smart city or 
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ITS environment may move continuously between dense urban small-cell deployments 

and lower-density suburban coverage. When a model trained in the urban regime is eval-

uated directly in the suburban regime, a moderate performance reduction is observed, 

with the RMSE increasing by approximately 23% (0.096 to 0.118), the HFR increasing by 

approximately 22% (3.42% to 4.18%), and the average utility decreasing by approximately 

6% (0.681 to 0.642), because the distribution of serving-cell residence time, neighbor-cell 

availability, path loss, and handover opportunities differs from that encountered during 

training. The reverse transfer, from the suburban to urban regimes, produces a larger deg-

radation, with the RMSE increasing by approximately 39% (0.091 to 0.126), the HFR in-

creasing by approximately 37% (3.31% to 4.53%), and the utility decreasing by approxi-

mately 9% (0.689 to 0.624), since the higher frequency of candidate-cell transitions and the 

more densely overlapping coverage regions of the urban environment increase the diffi-

culty of target-cell selection for a model trained under comparatively sparser suburban 

conditions. The mixed regime provides the most representative generalization test, be-

cause network conditions evolve within the same UE trajectory rather than remaining sta-

tistically homogeneous throughout an episode; models trained on the mixed regime show 

the smallest cross-environment degradation among all training sources, with the utility 

decreasing by only 3–5% and the RMSE increasing by 14–18% when evaluated on urban 

or suburban conditions. Across all nine training-test combinations reported in Table 20, 

the average utility does not fall below 0.624 and the HFR does not exceed 4.53%, indicating 

that generalization loss remains bounded rather than producing a severe performance 

collapse under any deployment-domain transfer. This behavior suggests that the tem-

poral embedding does not merely encode scenario-specific signal levels; instead, it cap-

tures temporal relationships among mobility, propagation, and network-load measure-

ments that remain useful when the absolute operating conditions change. This result is 

consistent with the knowledge-representation analysis of Section 5.4. Because the Bi-

LSTM encoder defined in Section 4 compresses sequences of heterogeneous measure-

ments rather than relying on instantaneous RSRP or SINR alone, changes in individual 

signal values do not necessarily invalidate the resulting state representation, allowing the 

Dueling DDQN policy to remain robust to deployment-domain shifts. 

Table 20. Cross-deployment generalization performance of the proposed framework across urban, 

suburban, and mixed network environments without target-domain retraining. 

Training  
Environment 

Test  
Environment 

Prediction 

RMSE 

Throughput 

(Mbps) 

Handover  
Latency (ms) 

HFR (%) PPR (%) 
Average  
Utility 

Urban Urban 0.096 67.2 47.8 3.42 4.28 0.681 

Urban Suburban 0.118 63.5 52.4 4.18 5.06 0.642 

Urban Mixed 0.111 64.8 50.9 3.91 4.82 0.655 

Suburban Urban 0.126 62.1 54.6 4.53 5.41 0.624 

Suburban Suburban 0.091 68.0 46.9 3.31 4.12 0.689 

Suburban Mixed 0.113 64.3 51.7 4.02 4.95 0.649 

Mixed Urban 0.105 65.4 49.8 3.76 4.67 0.662 

Mixed Suburban 0.101 66.1 48.9 3.61 4.51 0.670 

Mixed Mixed 0.089 68.5 46.2 3.25 4.05 0.695 

5.6.5. Effect of Closed-Loop Adaptation Under Distribution Shift 

Zero-shot generalization alone does not fully characterize the intended AI-native op-

eration of the proposed framework. As illustrated in Figure 2, the framework continu-

ously stores newly observed transitions and periodically refreshes its prediction and de-

cision modules. Therefore, an additional experiment evaluates performance after the 

model enters an unseen target environment and begins accumulating target-domain 
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experience. As shown in Figure 13, the average utility drops sharply immediately follow-

ing the smart city-to-connected vehicle domain transition, from a matched-domain smart 

city level of approximately 0.784 to approximately 0.588 for the proposed framework and 

approximately 0.571 for AV5, since both pretrained models initially operate under an un-

resolved distribution shift. As new observations accumulate, periodic Bi-LSTM fine-tun-

ing and Dueling DDQN refresh update the temporal representation and decision policy 

using transitions obtained from the new environment; consequently, the proposed frame-

work recovers progressively, reaching an average utility of approximately 0.678 by epoch 

100, closely matching the matched-domain connected vehicle level. This behavior directly 

distinguishes the proposed framework from AV5, in which closed-loop refresh is disa-

bled: Over the same adaptation window, AV5 improves only marginally, from approxi-

mately 0.571 to approximately 0.578, remaining close to its initial post-shift value and 

roughly 0.10 (about 17%) below the proposed framework at epoch 100. The comparison 

therefore extends the ablation findings of Table 11: Closed-loop refresh not only improves 

performance under high mobility but also provides a mechanism for recovering from pre-

viously unseen operating conditions. This result provides empirical support for the AI-

native closed-loop design introduced in Sections 4.1 and 4.3, since the observed recovery 

under distribution shift is achieved entirely through accumulated network experience, 

without the manual threshold re-tuning that reactive mechanisms would otherwise re-

quire. 

 

Figure 13. Average utility adaptation following an unseen smart city-to-connected vehicle domain 

shift. The proposed framework employs periodic closed-loop model refresh, whereas AV5 operates 

without closed-loop adaptation. Error bars indicate 95% confidence intervals over 10 independent 

simulation runs (� = 10). 

5.6.6. Overall Generalization Analysis 

Taken together, the cross-scenario and cross-deployment experiments demonstrate 

two distinct properties of the proposed framework. First, the learned Bi-LSTM represen-

tation and Dueling DDQN policy exhibit transferability, retaining useful predictive and 

decision-making capability when evaluated under mobility and deployment conditions 

different from those represented during training. Second, the closed-loop architecture 
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provides adaptability, allowing the framework to progressively recover from distribution 

shifts through periodic updates based on newly accumulated network experience, as 

demonstrated by the recovery from approximately 0.588 to approximately 0.678 in aver-

age utility over 100 refresh epochs in Section 5.6.5. The remaining performance degrada-

tion under the most severe domain shifts is nevertheless important and should not be 

interpreted as complete domain invariance. In particular, transferring directly from low-

mobility smart city training conditions to high-speed connected vehicle operation intro-

duces substantially different temporal and propagation statistics, resulting in a measura-

ble generalization gap before adaptation, corresponding to the approximately 165% in-

crease in prediction RMSE and the approximately 28% reduction in average utility re-

ported for this transfer pair in Section 5.6.3. The proposed framework should therefore be 

regarded as generalizable and adaptive within the heterogeneous operating conditions 

considered in this study rather than universally invariant to arbitrary unseen environ-

ments. 

Overall, these findings complement the mobility-robustness and load scalability re-

sults of Section 5.5. Whereas Figures 3–10 demonstrate that the proposed framework re-

mains effective as mobility and network load increase within the evaluated operating dis-

tributions, the generalization experiments demonstrate that the learned predictive mobil-

ity management mechanism can also retain and subsequently recover performance when 

those distributions change. This capability is particularly important for practical smart 

city, ITS, and connected vehicle deployments, where UEs continuously encounter hetero-

geneous and non-stationary radio environments and where repeated offline retraining for 

every operating condition would be impractical. 

6. Conclusions 

This study developed an integrated predictive mobility-management architecture for 

high-mobility 5G/6G networks by coupling Bi-LSTM-based future-state prediction and 

learned temporal representation with Dueling-DDQN-based sequential handover deci-

sion-making and dual-frequency closed-loop adaptation. The contribution does not lie in 

introducing a new Bi-LSTM or reinforcement-learning algorithm individually; rather, it 

lies in the architectural integration of the current observation, predicted future network 

conditions, and a compact learned temporal representation within a unified predictive 

state, together with asynchronous adaptation of the predictive and decision components. 

This design enables the handover agent to anticipate future link evolution rather than re-

lying solely on instantaneous measurements. 

Extensive Monte Carlo simulation across smart city, ITS, and connected vehicle sce-

narios demonstrated that the proposed Bi-LSTM predictor consistently achieves the low-

est prediction error among the evaluated architectures, reducing the RMSE by 51.9–68.6% 

relative to a persistence baseline and by 8.4–25.6% relative to a Transformer predictor, 

with this advantage growing under higher-mobility conditions. The knowledge-represen-

tation analysis further confirmed that the learned Bi-LSTM embedding forms are more 

discriminative, be�er-separated latent clusters than a unidirectional LSTM, particularly 

under ITS and connected vehicle conditions. End-to-end handover evaluation showed 

that the complete framework maintains the highest throughput and average utility and 

the lowest handover latency, HFR, and PPR across increasing UE velocity and network 

load, and the ablation study confirmed that each architectural component—explicit pre-

diction, knowledge embedding, bidirectional encoding, and closed-loop refresh—contrib-

utes complementary and non-redundant benefits, with disabling closed-loop refresh pro-

ducing the largest single degradation (a 33.1% increase in HFR relative to the complete 

framework). 
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The generalization experiments showed that the proposed framework retains useful 

predictive and decision-making capability when evaluated under previously unseen mo-

bility scenarios and deployment environments, with performance degradation remaining 

bounded rather than catastrophic, and that the closed-loop architecture allows the frame-

work to progressively recover most of the residual performance gap, average utility im-

proving from approximately 0.588 to 0.678 within 100 refresh epochs following an unseen 

smart city-to-connected vehicle domain shift. Taken together, these results indicate that 

the proposed framework is both generalizable across heterogeneous mobility and deploy-

ment conditions and adaptive under non-stationary operation, consistent with the AI-na-

tive design principles motivating this study, rather than offering a form of universal in-

variance to arbitrary unseen environments. Accordingly, the term AI-native in this study 

is confined to the mobility-management function and does not imply AI-native operation 

across the complete end-to-end protocol stack. 

This study has some limitations that suggest directions for future research. First, the 

evaluation relies on Monte Carlo simulation of the mobility, channel, and network models 

of Section 3 rather than measurements from a live or testbed 5G/6G deployment; validat-

ing the proposed framework using real network traces or a hardware-in-the-loop testbed 

would strengthen practical applicability. Second, the generalization study considered a 

limited set of mobility scenarios and deployment regimes; future work could extend the 

evaluation to additional environments, such as high-speed rail, unmanned aerial vehicles, 

or satellite-terrestrial integration, and to multi-agent se�ings in which several UEs are 

jointly optimized under shared radio resources. Third, the reward formulation of Equa-

tion (20) uses fixed weighting coefficients; incorporating adaptive or learned reward 

weighting, as well as energy-efficiency and signaling-overhead objectives, may further 

improve the practical utility of the framework. Finally, extending the closed-loop refresh 

mechanism with more sample-efficient continual-learning techniques could reduce the 

residual adaptation delay observed in Section 5.6.4 and further improve robustness under 

rapidly evolving non-stationary network conditions. 
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