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Abstract- Real time radio resource management in 5G and 

beyond networks has become increasingly challenging under 

heterogeneous user mobility and multi-carrier operation. High-

mobility users increase channel variability and may trigger 

frequent handovers, while dual-carrier deployments combining 

sub-6 GHz and mmWave resources introduce asymmetric 

coverage, capacity and reliability conditions. This paper 

proposes a mobility-conditioned reinforcement learning 

framework for joint handover control and dual-carrier resource 

allocation in a 5G urban macro network. The problem is 

formulated as a constrained Markov decision process in which 

the controller observes radio-quality indicators, mobility-

related features, queue states and cell-load information, and 

then selects association updates together with carrier-level 

allocation decisions. The proposed framework is evaluated in a 

paper-scale dual-carrier scenario with mixed mobility regimes 

and a 3GPP TR 38.901 inspired urban macro channel model, 

using conventional handover and scheduling baselines together 

with an ablated reinforcement learning variant. The evaluation 

focuses on the trade-off between network throughput, queue 

backlog, energy efficiency and mobility stability. The results 

indicate that PPO-based adaptive control can preserve high 

network capacity while reducing unnecessary handovers and 

ping-pong behavior compared with classical mobility-

management baselines. 

Keywords- 5G/6G, Reinforcement Learning, Handover, Dual-

carrier, Power Control, Scheduling. 

I. INTRODUCTION 

Fifth generation (5G) networks have enabled high-
throughput and low-latency services, but their performance 
increasingly depends on real-time resource management 
decisions under rapidly varying conditions. Modern 
deployments serve heterogeneous traffic and device types, 
from low-mobility IoT terminals to high-mobility users in 
vehicular or transit scenarios, while simultaneously operating 
under more complex spectrum usage [1]. A representative 
example is dual-carrier operation, where a lower-frequency 
carrier (e.g., FR1) provides robust coverage and a higher-
frequency carrier (e.g., FR2/mmWave) offers large bandwidth 

but suffers from stronger blockage sensitivity and faster link 
fluctuations. In such settings, a resource management policy 
must not only schedule users efficiently but also decide when 
to trigger handovers and how to distribute carrier resources in 
a way that remains stable, capacity-aware and energy-
conscious [2][3]. 

Conventional threshold-based handover manually tuned 
carrier selection and proportional-fair scheduling remain 
simple and interpretable, but they may be suboptimal under 
mixed mobility. Aggressive use of mmWave resources can 
improve short-term capacity while increasing ping-pong 
handovers, signaling overhead and queue growth [4][5]. 
Reinforcement learning (RL) can address this sequential 
trade-off, provided that the action space remains feasible and 
the inference loop is lightweight enough for near-real-time 
RAN control [6][7]. 

Therefore, a useful RL design for this domain should 
explicitly address feasibility, avoid invalid allocations and 
expose the operational timescale used for control. It should 
also evaluate not only throughput, but also queue evolution 
and mobility stability, since aggressive association or carrier 
decisions may improve short-term capacity while producing 
excessive handovers or ping-pong behavior. 

Compared with existing approaches that typically address 
handover optimization, energy efficiency or radio-resource 
allocation as separate problems, this work adopts a unified 
control perspective. Its main strength is the joint consideration 
of handover decisions and dual-carrier allocation in a mixed-
mobility 5G urban macro environment, while explicitly 
accounting for queue backlog, sector load, carrier availability 
and association stability. The proposed PPO-based framework 
also incorporates feasibility handling to prevent invalid 
actions and operates at a practical near-real-time control 
timescale. In addition, the evaluation goes beyond throughput 
alone by examining energy efficiency, queue evolution, 
handover frequency and ping-pong behavior, providing a 
more balanced assessment of the trade-off between capacity 
and mobility stability. 



The rest of the paper is organized as follows: Section II 
presents the mathematical model, Sections III and IV describe 
the system and RL formulations, Section V summarizes the 
experimental setup, Section VI evaluates performance, and 
Section VII concludes the paper 

II. SYSTEM ARCHITECTURE 

This paper proposes a mobility-conditioned using 
Proximal Policy Optimization (PPO) framework for joint 
handover control and dual-carrier allocation. The controller 
observes radio-quality indicators, queue states, cell-load 
information and mobility-related features, including speed 
class, recent SINR variation and handover history. It selects 
association updates and carrier-level allocations, while final 
UE scheduling is handled by a proportional-fair rule. 
Constrained action handling prevents invalid decisions, and 
the reward penalizes excessive handovers and short-lived 
associations. Fig. 1 summarizes the proposed architecture. 

 

Fig. 1. Mobility Conditioned RL Control Loop. 

Evaluation uses a 3GPP TR 38.901-inspired 5G urban 
macro (Uma) scenario with FR1/FR2-like carriers and mixed 
UE mobility. The proposed controller is compared with 
Event-A3-based baselines and an ablated PPO variant. 

III. MATHEMATICAL MODEL  

This section defines the optimization framework used for 
joint handover control and dual-carrier allocation. The 
network is modeled in discrete time, where each control 
interval is indexed by 𝑡 ∈ {0,1,2, … }and has duration Δ. Let 
ℬ = {1, … , 𝐵}denote the set of serving gNB sectors, 𝒰(𝑡) =

{1, … , 𝑈𝑡}the set of active UEs at time 𝑡, and 𝒞 = {1,2}the set 
of available carriers. Carrier 1 represents the more reliable 
coverage-oriented carrier, while Carrier 2 represents the 
higher-capacity carrier with more sensitive propagation 
behavior. 

For each UE 𝑢 , a binary association variable 𝑥𝑢,𝑏(𝑡)is 

defined as: 

   𝑥(𝑢,𝑏)(𝑡) = {
1𝑏 = 𝑏𝑢(𝑡)

0𝑏 ≠ 𝑏𝑢(𝑡)
        (1) 

Since each UE is connected to one serving sector during a 
control interval, the association constraint is: 

                  ∑ 𝑥𝑢,𝑏(𝑡)𝑏∈ℬ = 1,  ∀𝑢 ∈ 𝒰(𝑡).                   (2) 

This assumption keeps the control process stable, while 
still allowing the serving gNB to allocate resources on one or 
both carriers. 

Each serving sector operates under a fixed power budget 
and distributes carrier-level radio resources across the two 
carriers according to the current network state. The carrier-
level power and resource-allocation constraints can be written 
as: 

  0 ≤ 𝑃𝑏,𝑐(𝑡),  ∑ 𝑃𝑏,𝑐(𝑡)𝑐∈𝒞 ≤ 𝑃𝑏
𝑚𝑎𝑥 ,  ∀𝑏 ∈ ℬ.  (3)     

0 ≤ α𝑢,𝑏,𝑐(𝑡) ≤ 1 ∑ 𝑥𝑢,𝑏(𝑡)α𝑢,𝑏,𝑐(𝑡)

𝑢∈𝒰(𝑡)

≤ 1,  

            ∀𝑏 ∈ ℬ,  𝑐 ∈ 𝒞          (4) 

Here, 𝑃𝑏,𝑐(𝑡) denotes the carrier-level transmit-power 

budget of sector 𝑏 on carrier 𝑐 , while 𝛼𝑢,𝑏,𝑐(𝑡)denotes the 

fraction of carrier 𝑐resources assigned to UE 𝑢by sector 𝑏. In 
the evaluation, the total sector power budget is fixed, so 
energy-efficiency differences mainly reflect the amount of 
useful data served under the same power-budget assumption. 

Based on the carrier-level allocation, the instantaneous 
SINR of UE 𝑢from sector 𝑏on carrier 𝑐is expressed as: 

    SINRu,b,c(𝑡) =
𝑃𝑏,𝑐(𝑡) 𝑔𝑢,𝑏,𝑐(𝑡)

∑ 𝑃𝑗,𝑐(𝑡)𝑗∈ℬ, 𝑗≠𝑏  𝑔𝑢,𝑗,𝑐(𝑡)+𝑁0𝑊𝑐
       (5) 

where 𝑔𝑢,𝑏,𝑐(𝑡)is the effective channel gain between UE 

𝑢 and sector 𝑏 on carrier 𝑐 , 𝑁0 is the noise power spectral 
density, and 𝑊𝑐is the bandwidth of carrier 𝑐 [8]. 

Using the above SINR, the achievable downlink rate of UE 
𝑢is modeled as: 

𝑟𝑢(𝑡) = ∑ ∑ 𝑥𝑢,𝑏(𝑡)𝑐∈𝒞𝑏∈ℬ  α𝑢,𝑏,𝑐(𝑡) 𝑊𝑐 log2 (1 +

SINRu,b,c(𝑡))            (6) 

This expression provides a Shannon-style rate 
approximation and captures the fact that the final served 
throughput depends jointly on cell association, carrier-level 
resource allocation and radio quality [9]. 

To account for non-full-buffer traffic, each UE maintains 
a downlink queue. Let 𝑞𝑢(𝑡)denote the queue backlog of UE 
𝑢at the beginning of interval 𝑡, and let 𝑎𝑢(𝑡)denote the newly 
arriving traffic during that interval. The queue evolves as: 

  𝑞𝑢(𝑡 + 1) = max{𝑞𝑢(𝑡) + 𝑎𝑢(𝑡) − 𝑟𝑢(𝑡)Δ,  0}    (7) 



This queue model allows the controller to consider actual 
traffic demand instead of only maximizing instantaneous 
physical-layer rate. 

Since mobility management is one of the main objectives 
of the proposed method, handover activity is explicitly 
considered. Let 𝑏𝑢(𝑡)denote the serving sector of UE 𝑢 at 
interval 𝑡. A handover indicator is defined as: 

   ℎ𝑢(𝑡) = {
1𝑏𝑢(𝑡) ≠ 𝑏𝑢(𝑡−1)

0𝑏𝑢(𝑡) = 𝑏𝑢(𝑡−1)
         (8) 

 

Frequent handovers may increase signaling overhead and 
reduce association stability, especially in high-mobility 
scenarios. Therefore, the proposed controller does not aim 
only to maximize throughput, but also to reduce excessive 
handover behavior and short-lived association changes [10] 
[11]. 

In addition, the model includes the energy cost of network 
operation. The total network power consumption is modeled 
as the sum of static infrastructure power and carrier-level 
transmit-power terms: 

  𝑃𝑡𝑜𝑡(𝑡) = ∑ (𝑃𝑏
𝑠𝑡𝑎𝑡𝑖𝑐 + ∑ 𝑃(𝑏,𝑐)(𝑡)𝑐∈𝒞 )𝑏∈ℬ         (9) 

The instantaneous energy efficiency is then defined as: 

      𝜂(𝑡) =
∑ 𝑟𝑢(𝑡)𝑢∈𝒰(𝑡)

𝑃𝑡𝑜𝑡(𝑡)
       (10) 

In the evaluation, 𝑃tot(𝑡)is based on a fixed sector power-
budget assumption. Therefore, energy efficiency is interpreted 
as served throughput per unit of assumed network power, 
rather than as a detailed dynamic sleep-mode or power-
amplifier optimization model. 

To combine these targets, the decision process is guided 
by a utility function that balances throughput, energy 
efficiency, queue backlog and handover stability. In 
simplified form, the optimization objective is: 

   max
π

𝔼π[∑ β𝑡𝐹(𝑡)∞
𝑡=0 ]      (11) 

where 𝜋 is the control policy, 𝛽 ∈ (0,1) is the discount 
factor, and 𝐹(𝑡)is the immediate utility at interval 𝑡. 

This formulation provides the basis for the reinforcement 
learning framework developed in the following section. The 
system state is formed by radio measurements, mobility-
related variables and traffic indicators, while the action space 
includes handover-control decisions together with carrier-
level allocation choices. In this way, the model captures the 
central trade-off of the paper: maintaining high service 
capacity and energy efficiency while limiting queue growth, 
excessive handovers and ping-pong behavior. 

IV. SYSTEM MODEL 

This section describes the network setting considered in 
the study. A 5G urban macro (UMa) downlink scenario is 
assumed, consisting of B serving sectors deployed over a fixed 
service area and a time-varying set of active UEs. The network 
operates over two carriers: Carrier 1 represents a lower-
frequency coverage-oriented carrier, while Carrier 2 
represents a higher-frequency capacity-oriented carrier. This 
dual-carrier structure captures the trade-off between robust 
coverage and high-throughput but less stable links.. 

For simplicity and control stability, each UE is associated 
with one serving sector during a given control interval. 
However, the serving sector may allocate resources to the UE 
on one carrier or on both carriers. This keeps the association 
decision discrete while still allowing the resource-allocation 
policy to exploit carrier diversity. 

The propagation environment follows a 3GPP TR 38.901-
inspired UMa modeling approach. For each UE–sector–
carrier combination, the effective channel gain is expressed as: 

  𝑔𝑢,𝑏,𝑐(𝑡) = 𝑧𝑢,𝑏,𝑐(𝑡) 10−𝑃𝐿𝑢,𝑏,𝑐(𝑡)/10 |ℎ𝑢,𝑏,𝑐(𝑡)|
2
(12) 

where 𝑃𝐿𝑢,𝑏,𝑐(𝑡) denotes the large-scale path-loss and 

shadowing component in dB, ℎ𝑢,𝑏,𝑐(𝑡)represents the small-

scale fading term, and 𝑧𝑢,𝑏,𝑐(𝑡)is an availability factor. The 

use of 𝑧𝑢,𝑏,𝑐(𝑡) is especially important for the higher-

frequency carrier, where blockage or limited coverage may 
reduce or remove carrier usability. This representation is 
intentionally modular: path loss, fading and blockage terms 
can be replaced by more detailed models without changing the 
RL formulation. 

Mobility is a key part of the proposed framework. Each 
UE is described by a time-varying mobility state. Let 𝑝𝑢(𝑡) ∈
ℝ2denote the UE position, 𝑣𝑢(𝑡)the UE speed, and 𝜃𝑢(𝑡)the 
direction of movement. A simple two-dimensional kinematic 
update is used to evolve the UE position over time:  

      𝑝𝑢(𝑡 + 1) = 𝑝𝑢(𝑡) + 𝑣𝑢(𝑡)Δ [
cos θ𝑢(𝑡)

sin θ𝑢(𝑡)
]       (13) 

This mobility evolution affects path loss, cell ranking, 
carrier usability and the likelihood that a handover becomes 
beneficial. In addition to basic motion variables, the controller 
may also use mobility-related indicators such as speed class, 
recent handover history and short-term SINR variation. These 
features allow the policy to be conditioned on mobility 
behavior rather than relying only on instantaneous channel 
measurements. 

Traffic is represented through downlink queues at the UE 
side. At each interval, new traffic arrivals are added to the UE 
queues, while served data are removed according to the rate 
achieved through the selected serving sector and carrier 
allocation. This allows the model to evaluate not only 
instantaneous capacity, but also whether traffic demand 
accumulates over time. Within each serving sector, the final 
user-level scheduling is handled by a proportional fair rule, 
while the RL controller operates at the higher carrier-control 
and mobility-control level. 

At each control interval, the controller observes a compact 
state description. At the modeling level, the network state 
combines UE-related observations with cell-level information 
such as aggregate load and carrier utilization. A representative 
state vector can include serving sector information, candidate-
sector SINR values, queue state, mobility class, previous 
handover indicators, sector load and carrier availability. In the 
implemented controller, these variables are represented 
through compact features so that the RL policy remains 
computationally feasible in a dense scenario with many UEs. 

The control interval Δis assumed to lie in the near-real-
time control range rather than at the PHY-symbol timescale. 
This means that the controller acts on filtered radio 
measurements and short-term network summaries, not on raw 
physical-layer samples. Such a timescale is more appropriate 



for learning-based RRM because it reduces action frequency 
and keeps policy evaluation computationally tractable. The 
concrete interval value used in the experiments is specified in 
Section V. 

For performance evaluation, conventional measurement-
based mobility baselines are defined using Event-A3-style 
handover triggering with hysteresis and time-to-trigger (TTT), 
since these remain standard parameters in 5G handover 
configuration. These baselines provide realistic non-learning 
reference points for comparing the learned policy. The 
detailed baseline variants used in the evaluation are presented 
in Section V. 

V. RL FORMULATION 

The The proposed control problem is modeled as a 
constrained Markov decision process with a centralized 
reinforcement learning controller. The centralized design 
allows the policy to jointly consider handover behavior, 
carrier usage, traffic demand and sector load instead of 
treating each UE independently. At every control interval, the 
controller receives a compact representation of the current 
network state. This state includes UE-level features, such as 
radio-quality indicators, queue backlog, mobility class, recent 
SINR variation, handover history and time spent in the serving 
sector, together with sector-level information, including 
aggregate load, carrier utilization and carrier availability. 
These inputs allow the controller to consider both the current 
radio conditions and the recent mobility behavior of each UE. 

The action space includes two main types of decisions. 
First, the controller determines whether selected UEs should 
remain connected to their current serving sector or be handed 
over to a feasible neighboring sector. Second, it adjusts the 
carrier-level resource allocation between the two available 
carriers. The controller does not perform detailed scheduling 
for every UE, as this would significantly increase the action-
space complexity in a dense network. Instead, the final UE-
level resource distribution within each serving sector is 
handled by a proportional-fair scheduler. Before any action is 
applied, feasibility handling ensures that handovers are 
restricted to valid candidate sectors and that carrier-resource 
constraints are satisfied. 

The reward function is designed to balance network 
capacity and mobility stability. Positive reward is associated 
with high served throughput and energy efficiency, while 
penalties are applied for queue buildup, excessive handovers 
and ping-pong behavior. This structure discourages 
aggressive decisions that may provide a short-term throughput 
improvement but create unstable associations or increased 
signaling overhead. Training is performed using PPO, which 
is used to learn a stable long-term policy under different traffic 
levels, mobility patterns and radio conditions. 

To examine the independent contribution of explicit 
mobility information, an ablated PPO variant is also 
evaluated. In this version, mobility-related inputs, such as 
speed class, movement direction and handover-history 
indicators, are removed from the observation space. The 
remaining radio-quality, load and queue-related features are 
retained. This comparison makes it possible to determine 
whether the performance improvement is mainly produced by 
the PPO-based control structure or whether explicit mobility 
conditioning provides an additional benefit.. 

VI. EXPERIMENTAL SETUP 

The proposed method is evaluated in a paper-scale 5G 
UMa downlink simulation with 19 macro sites, 57 sectors, 
wrap-around geometry and two carriers: 3.5 GHz for coverage 
and 28 GHz for higher-capacity but less stable links. The 
scenario includes 2400 UEs with pedestrian, urban-vehicular 
and faster-vehicular mobility, randomized positions and 
trajectories, and light/medium/heavy queue-based traffic. A 1 
s near real time control interval and 300 interval episodes are 
used. The mobility-conditioned PPO controller is compared 
with Event-A3 + PF, Load-aware A3 and an ablated PPO 
variant without explicit mobility inputs. The evaluation 
reports throughput, energy efficiency, final queue backlog, 
handovers per UE per minute and ping-pong rate under 
common system-level assumptions; it is not intended as a full 
3GPP conformance-level simulator.  

The main evaluation metrics, as seen in Table 1 are 
average network throughput, average UE throughput, energy 
efficiency, final mean queue backlog, handovers per UE per 
minute and ping-pong rate. These metrics are chosen so that 
the comparison is not limited to raw throughput alone. The 
goal is to examine whether the proposed controller can 
maintain high service capacity while also improving mobility 
stability and avoiding excessive queue growth under mixed 
mobility conditions. 

TABLE 1. MAIN SIMULATION PARAMETERS 

Parameter Value 

Scenario 5G UMa downlink 

Macro sites 19 

Sectors per site 3 

Total sectors 57 

Carrier 1 3.5 GHz 

Carrier 2 28 GHz 

Number of UEs 2400 

Mobility classes Pedestrian, urban vehicular, faster vehicular 

Control interval 1 s 

Episode length 300 intervals 

Simulated time per 

episode 

5 minutes 

Traffic model Queue-based light/medium/heavy traffic 

Main scheduler Proportional fair 

Compared schemes Event-A3 + PF, Load-aware A3, PPO, 
ablated PPO 

 

VII. PERFORMANCE EVALUATION 

This section evaluates the proposed mobility-conditioned 
PPO controller against the reference schemes described in 
Section V. The comparison focuses on both capacity-related 
and mobility-stability metrics, since the objective is not only 
to maximize throughput, but also to avoid excessive 
handovers, ping-pong behavior and queue growth. The 
evaluated schemes are Event-A3 with proportional fair 
scheduling, Load-aware A3, the proposed mobility-
conditioned PPO controller and an ablated PPO variant 
without explicit mobility-related inputs as seen in Table 2. 

The average network throughput results are shown in Fig. 
2. Event-A3 + PF achieves 4479.55 Mbps, while the proposed 
mobility-conditioned PPO achieves 4474.37 Mbps. The 
difference is only about 0.12%, which shows that the proposed 
controller preserves almost the same network capacity as the 
conventional high-throughput baseline. 

 



 

TABLE 2. PERFORMANCE COMPARISON OF THE EVALUATED SCHEMES 

Metric Event-A3 

+ PF 

Load-

aware A3 

PPO 

mobility-

conditioned 

PPO 

ablated 

Avg. 

network 

throughput 

(Mbps) 

4479.55 4203.60 4474.37 4480.30 

Avg. UE 

throughput 

(Mbps) 

1.866 1.752 1.864 1.867 

Energy 

efficiency 

(Mbit/J) 

0.4560 0.4279 0.4555 0.4561 

Final mean 

queue 

backlog 

(Mbits) 

9.89 14.73 10.64 10.01 

Handovers 

/ UE / min 

2.670 1.427 1.967 1.938 

Ping-pong 

rate 

0.1779 0.0205 0.0711 0.0694 

Metric Event-A3 

+ PF 

Load-

aware A3 

PPO 

mobility-

conditioned 

PPO 

ablated 

 

The Load-aware A3 baseline achieves 4203.60 Mbps, 
which is lower than both Event-A3 + PF and the PPO-based 
schemes. Compared with Load-aware A3, the mobility-
conditioned PPO improves average network throughput by 
approximately 6.4%. This indicates that the proposed 
controller avoids the excessive capacity loss caused by the 
more conservative load-aware heuristic. 

 

Fig. 2. Average Network Throughput of the Evaluated Schemes. 

Queue results are shown in Fig. 3. Event-A3 + PF gives 
the lowest final mean queue backlog among the non-ablated 
schemes, with 9.89 Mbits, while the mobility-conditioned 
PPO gives 10.64 Mbits. This shows a small queue increase 
compared with Event-A3 + PF. However, Load-aware A3 
reaches 14.73 Mbits, meaning that its conservative behavior 
leaves more traffic unserved by the end of the episode. 
Compared with Load-aware A3, the mobility-conditioned 
PPO reduces the final mean queue backlog by approximately 
27.8%. 

 

Fig. 3. Final Mean Queue Backlog of the Evaluated Schemes. 

The main advantage of the proposed controller appears in 
the mobility-stability metrics. As shown in Fig. 4, Event-A3 + 
PF produces 2.670 handovers per UE per minute, while the 
mobility-conditioned PPO reduces this value to 1.967. This 
corresponds to a reduction of approximately 26.3%. 
Therefore, the proposed controller maintains almost the same 
throughput as Event-A3 + PF while reducing unnecessary 
mobility activity. 

 

Fig. 4. Handovers per UE per Minute. 

The ping-pong results in Fig. 5 confirm the same trend. 
Event-A3 + PF has a ping-pong rate of 0.1779, while the 
mobility-conditioned PPO reduces it to 0.0711. This is a 
reduction of approximately 60.0%. This result is important 
because it shows that the PPO controller does not only reduce 
the total number of handovers, but also limits unstable short-
term association changes. 



 

Fig. 5. Ping-Pong Rate of the Evaluated Schemes. 

Load-aware A3 achieves the lowest handover and ping-
pong values, but this comes with a clear throughput and queue 
penalty. Therefore, Load-aware A3 represents a conservative 
operating point, while the mobility-conditioned PPO provides 
a more balanced trade-off between capacity and mobility 
stability. 

Energy efficiency follows the same general behavior as 
network throughput, as seen in Fig. 6. The mobility-
conditioned PPO achieves 0.4555 Mbit/J, which is very close 
to the 0.4560 Mbit/J obtained by Event-A3 + PF and higher 
than the 0.4279 Mbit/J obtained by Load-aware A3. Since the 
evaluation uses a fixed sector power budget, energy efficiency 
should be interpreted as served throughput per unit of assumed 
network power, rather than as dynamic power-saving 
behavior. 

 

Fig. 6. Energy Efficiency under Fixed Sector Power Budget. 

The ablated PPO variant performs very close to the 
mobility-conditioned PPO and is slightly better in some 
metrics. It achieves 4480.30 Mbps average network 
throughput, 10.01 Mbits final mean queue backlog, 1.938 
handovers per UE per minute and 0.0694 ping-pong rate. 
Therefore, the current results should not be interpreted as 
conclusive evidence that explicit mobility conditioning alone 
is responsible for the observed gains. A more accurate 
interpretation is that the PPO-based control structure improves 
the throughput-stability trade-off, while the independent 
benefit of explicit mobility features requires further 
investigation. 

Overall, the results show that the proposed mobility-
conditioned PPO controller maintains almost the same 
throughput as Event-A3 + PF, while reducing handovers by 
approximately 26.3% and ping-pong rate by approximately 

60.0%. Compared with Load-aware A3, it improves 
throughput by approximately 6.4% and reduces final mean 
queue backlog by approximately 27.8%. These results support 
the use of PPO-based adaptive control for balancing capacity 
and mobility stability in dual-carrier 5G networks. 

VIII. CONCLUSION AND FUTURE WORK 

This paper presented a PPO-based framework for joint 
handover control and dual-carrier resource allocation in a 5G 
urban macro network. The mobility-conditioned controller 
preserved nearly the same average network throughput as 
Event-A3 + PF (4474.37 versus 4479.55 Mbps), while 
reducing handovers per UE per minute from 2.670 to 1.967 
and the ping-pong rate from 0.1779 to 0.0711. Compared with 
Load-aware A3, it improved throughput by approximately 
6.4% and reduced final mean queue backlog by approximately 
27.8%. The ablated PPO variant performed similarly and was 
slightly better in some metrics; therefore, the results support 
PPO-based adaptive control for balancing capacity and 
mobility stability, but they do not yet isolate a clear 
independent gain from explicit mobility conditioning. 

Future work will refine mobility-specific reward terms and 
incorporate richer temporal features, such as dwell time, 
trajectory history, predicted cell residence time and short-term 
SINR evolution. Longer and larger evaluation campaigns are 
also needed to assess statistical significance against the 
ablated variant. Extending the simulator with a more detailed 
power-consumption model, dynamic sleep states, multi-node 
connectivity and more realistic Open RAN or system-level 
validation would further strengthen the practical assessment. 
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