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BENCHMARKING HANDOVER CONTROL IN MULTI-USER 5G NETWORKS

Abstract

Handover management is an important issue in mobile fifth-generation (5G) networks. A controller must
decide when each piece of user equipment (UE) should switch its serving base station to maximize throughput
while minimizing handovers, ping-pong switching, and connection failures. This paper presents a reproducible
simulation environment and a systematic review of handover strategies in a multi-user scenario with four base
stations and ten mobile UEs, using a Third Generation Partnership Project (3GPP) Urban Macro channel model
with log-normal shadowing. We evaluate four controllers over 100 independent episodes: the 3GPP A3-event
algorithm with hysteresis and time-to-trigger (TTT), an ideal Strongest-Cell rule, a No-Handover lower bound,
and a learned controller trained with Proximal Policy Optimization (PPO). The results show that the
standardized A3-event policy provides the best overall balance. It achieves the highest mean system throughput
at 89.1 Mbit/s, the fewest handovers per episode at 21.7, and the lowest ping-pong rate at 0.098 among all
methods assessed. The Strongest-Cell rule offers similar throughput but results in about 2.6 times more
handovers. The learned controller shows stable training but does not reach the performance of the tuned A3
baseline based on the current reward and observation design. We discuss why the hysteresis-and-TTT logic
remains a strong baseline and outline the conditions where a learned policy could outperform it. The entire
environment and evaluation process are available for others to reproduce.

Keywords: 5G, handover management, mobility management, A3-event, ping-pong handover,
reinforcement learning, benchmark, radio resource management.
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Anoamna

XsHpmoBepai Oackapy MoOwibai 5G keminepiHzeri Herisri macenenepnuiH Oipi Oonbim TaOBLTAIBL:
KOHTpoJuiep apOip makiaananyms xxadapirbiHbH (UE) oTKi3y KabineTin OapblHIIA apTTHIPY YIIIH Kail yaKbITTa
KBI3MET KOpCeTylll 0a3aiblK CTAaHIMSHBI aybICTHIPYBl KEPEKTIriH aHBIKTAYbl THIC, COHBIMEH KaTap IiamMaaaH
TBIC X3HJOBEPJIEP], ping-pong aysICyIapabl )KaHe OaiIaHbICc aKayJIapblH O0JIApIpMaybl KaxeT. by skymbicta
TopT 0a3aibIK cTaHIUs jkoHe oH MoOmwIbai UE Oap kemn maiijjanaHylIbUTbl ClIEHApUH YIIiH JIOT-HOPMAJIIbI
keneHkeneHnyi 6ap 3GPP Urban Macro apna mopeni jkarmaiiblHia XOHJOBEP CTpaTerHsIapbIHBIH KanTa
KAHFBIPTHIIATBIH CUMYJIILMSUIBIK OPTachl JKoHE JKyHenl 6eHumapki yceiHblIaasl. biz 100 Toyesnciz snuzon
OolbIHIIIA TOPT KOHTPOJUIEP/i OaramaiiMbI3: THCTEpe3Hc KoHEe icke Kocbuly yakwiThl O6ap 3GPP A3-event
anroputmi, uneanmanabipeuiran Strongest-Cell epexeci, No-Handover temenri 1miekapacel skone Proximal
Policy Optimization (PPO) amicimen okpITbUIFaH KoHTpOsUiep. Hotmxkenep cranmaprranran A3-event cascaTbl
JKAJIITBI TeTIe-TeH IIK OOMBIHIIIA €H JKaKChl KOPCETKIITKe KOJ KETKI3eTiHIH KepceTei: o OaraiaHFaH 0apiibiK
oJlicTep apachblHlIa €H YKOFaphl opTalla JXyHemik eTkizy KaOurerin (89,1 Mowut/c), 6ip smu3onTarsl eH a3
X3H70Bep caHblH (21,7) xoHe eH TeMeH ping-pong x3HA0Bep AeHreiiin (0,098) kamTamacsl3 eteni. Strongest-
Cell epesxeci canpIcThIpMalibl 6TKI3Y KaOijeTiHe KeTKeHIMEH, [1aMaMeH 2,6 ece Kell XOHI0BEp TyIbIpabl, ajl
OKBITBUIFaH KOHTPOJIIEP TYPAKThI OKBITYFa KapaMacTaH, Ka3ipri cblifakbl PyHKIMACH MeH OaKplIay KeHICTiTi
JU3aiHbI XKaraaibiHaa Oanrairad A3 0a3allblK CTpATErHsAChIMEH TEHece alMaipl. Bi3 rucrepesuc xoHe icke
KOCBUIY YaKbITbl JIOTUKACHIHBIH HEJIKTeH KYIITI Oa3aiblK TACin OOJBIN KATaTBIHBIH TAJIKbUIAHMBI3 JKOHE
OKBITBUIFAH cascaT OHBI KaHAal skaraaiiapaa jskakcapTa ajlaThIHBIH cUTIaTTaliMbI3. TOIBIK opTa MeH Oaranay
KOHBe#epi KalTa ®KaHFBIPTY (bl KAMTaMaChI3 €Ty YIIIiH JKapusIIaHFaH.

Tyiiin ce3nep: 5G, xsHmoBepai Oackapy, MoOMIBALTIKTI Oackapy, A3-event, ping-pong X>HAOBEp,
HBIFATYMEH OKBITY, OEHUMapK, pagropecypcrapasl Oackapy.
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Annomayus

X3HII0BEp 3TO rojioBHAas 601k Mr060ii cetn 5G. KonTposiepy Hago yragate MoMeHT, Koraa abonenTta (UE)
nopa mepenaTb Ipyroi 0a30BOil CTaHIMU: CIMIIKOM MO3IHO CBS3b MPOCSAET, CIUIIKOM PaHO U CIUIIKOM
4acTO HAYHYTCS ping-pong-rnepexroueHus 1 0OpBIBEL. MBI cOOpali CUMYIISIIIUOHAYIO CPey, KOTOPYIO JIETKO
MTOBTOPHUTH, W MPOTHAIM B HEW HECKOJIBKO CTparernii xsHpoBepa. CrieHapwii: deTsipe 0a30BbIC CTaHIIHH,
necath Apwkyimuxcs UE, kanan mo moxenu 3GPP Urban Macro ¢ norHopmanbsHbeiM 3aTeHeHUEM. CpaBHUBAIIN
geTelpe KoHTpoiutepa Ha 100 HeszaBucuMmBIX smm3omax 3GPP A3-event ¢ rucTepe3coM W BpeMeHEM
cpabaTeiBaHus, uaeamuzupoBaHHBI Strongest-Cell, BapmanT BooOImIEe 0€3 XIHIOBEpPOB W OOYUYEHHBIH
koHtposiep Ha PPO. [loGenun crapeiii 1oOpeiit A3-event. OH BeITsHYT 89,1 MOUT/C cpeaneil mpomycKHON
cnocobHocTH, 21,7 XaHAOBEpa 3a 3nu30n U ping-pong-rate 0,098 myumme nudpsl 1o BceM TpEM METPHKaM
cpazy. Strongest-Cell mo ckopocTu modTy HE OTCTAET, HO MEPEKITI0YaeTCs MPUMEpPHO B 2,6 pasza wamie. A
00y4YeHHBI KOHTPOILJIEP, XOTS YUHJIICS POBHO W 0€3 CPHIBOB, 0OONTH HACTPOEHHBIH A3 Tak W HE CMOT, IO
KpaitHelt mepe ¢ Tol (yHKIHel Bo3HArpaXaeHUs: U TeM HabopoM HabmroneHuid, 4To ObuTh y Hac. Jlanbie B
cTaThbe paszdupaemMcs, IoYeMy CBsI3Ka THCTepe3nca U time-to-trigger OKa3bIBaeTCs TAKOW KPETKOi 62301 1 4TO
TOIHKHO U3MEHHUTHCA, YTOOBI 0OyUeHHAs MOMUTHKA BCE-TAaKW BhINLIA Briepén. Beio cpemy 1 KoHBelep OlleHKH
MBI BBIJIOKHIIH MOYKHO TIPOBEPUTH CAMHUM.

Karouebie ciaoBa: 5G, ynpaBieHHE XIHAOBEPOM, YIpaBiIcHHEe MOOWIBHOCTBIO, A3-event, ping-pong-
X2HJIOBEp, 00yUeHHE ¢ TOAKPEIIeHHeM, OEHIMapK, YIIpaBJIeHHE paIropecypcaMu.

Introduction

Key Provisions

This study presents a reproducible simulation environment for comparing handover-control
strategies in a multi-user 5G network. Four approaches were evaluated: the 3GPP A3-event algorithm,
Strongest-Cell, No-Handover, and a controller trained using Proximal Policy Optimization. The A3-
event algorithm achieved the best overall performance, with the highest mean throughput of 89.1
Mbit/s, the lowest number of handovers among the active controllers, and a low ping-pong rate. The
results demonstrate that a well-tuned standardized handover mechanism can outperform a
reinforcement-learning controller when the latter has limited observations and an insufficiently
optimized reward function. Mobility is one of the main characteristics of cellular networks. As a user
equipment (UE) moves within the coverage area, the network has to hand over its connection from
one base station (BS) to another periodically. This process, called handover, is important for
continuity of service in Long-Term Evolution (LTE) and New Radio (NR) cellular systems [1], but
it is also costly. Each handover causes a short interruption of the data plane, consumes signaling
resources and, if triggered too aggressively, can cause the UE to oscillate between two cells, a
pathology known as the ping-pong effect [2], [3]. With the densification of fifth-generation (5G)
networks and the reduction of the cell size, the number of handovers increases and the trade-off
between the connection quality and the handover overhead becomes more and more delicate [4].

The Third Generation Partnership Project (3GPP) specifies a family of measurement-event-
triggered handovers, of which the most commonly deployed is event A3, where handover is triggered
if the reference signal received power (RSRP) of a neighbour cell is higher than that of the serving
cell for a specified time duration for a given hysteresis [5], [6]. Hysteresis and time-to-trigger (TTT)
parameters are used to prevent unnecessary handovers due to rapid fading; however, their fixed values
prevent adaptiveness to UE speed and load, and this has stimulated many works on data-driven
mobility management [7]. Learning-based methods have been proposed to adapt or substitute
handover logic, most notably reinforcement learning (RL) [8].

Following the success of deep reinforcement learning in high-dimensional control tasks [9], deep
RL has been applied for learning handover protocol [10], predictive handover for sixth-generation
(6G) networks [11], proportional fairness mobility management [12] and traffic steering in Open
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Radio Access Network (O-RAN) architectures [13], [14]. Survey studies have cataloged a rapid
uptake of learning-based mobility management over LTE and NR [4], and a vast range of prior work
targets specific applications such as learning for sliced networks [15], A3-offset and TTT
optimisation via Bayesian optimisation and deep reinforcement learning [14], learning of deep
deterministic policy gradient (DDPG) parameters [16], based on the DDPG framework [17], and
graph-convolutional models for vehicular scenarios [18]. Learning-based handover schemes often
report a significant reduction in unwanted handovers and radio link failures [19], [20] and ongoing
online learning research attempts to provide guarantees for smooth operation [21]. The vast range of
learning techniques have however been evaluated using different simulators, mobility models and
metrics, making direct comparison of results problematic and difficult to judge how a learned strategy
fares against the default one. This literature often highlights the fundamental trade-off between two
key mobility-management failure modes.

Conservative handover parameters (large hysteresis, long TTT) tend to cause high radio link
failure due to excessive attachment to weakened cells, whilst overly aggressive settings increase the
ping-pong rate and the overall handover overhead [7]. It is possible to navigate this trade-off with
A3-event’s static configuration parameters, but this leads to static mobility management. Many of the
learned solutions in [6, 10, 14, 16] can be seen as attempting to learn a function mapping observations
to this trade-off, to provide data-driven, adaptive mobility management. This has been demonstrated
with various reported gains, though these are often highly sensitive to the training simulation,
mobility model, and the choice of reward signal, with several authors noting that only time-dependent
observation and a well-defined churn reward yield gains over simple baselines [10], [21].

This leads to a clear need for benchmarking where a learning approach is directly compared to the
default setting on a fair basis. We frame our work around this benchmarking premise. We introduce
one comprehensive, reproducible, multi-user environment, run a selection of handover schemes
through this benchmark under identical conditions, and conduct a discussion of our results to explain
the advantages of both standardized algorithms and learning-based approaches.

Our key contributions are threefold:

1) We propose and implement a fully reproducible, Gymnasium-compatible, multi-user handover
benchmark environment, following the OpenAl Gym-style interface for reinforcement-learning
environments [22], consisting of four cells, 10 mobile users, a 3GPP Urban Macro pathloss model
with log-normal shadowing, and explicit handover interruption time.

2) We benchmark four different handover controllers: the standardized 3GPP A3-event algorithm,
an idealized Strongest Cell (SC) algorithm, a No-Handover lower bound, and a Proximal Policy
Optimization (PPO)-trained controller, using a collection of 100 independent episodes, measuring
five key performance indicators: total system throughput, handover count, ping-pong rate, connection
failure rate, and spectral efficiency.

3) We discuss the factors behind the continued performance of the standardized A3-event policy,
and the necessary conditions for a learning controller to effectively outperform it. All associated code
and trained models have been made publicly available.

Research methodology

System Model

Network and Mobility. The setup is a 5G downlink serving a 1000x1000 m2 area with 4 base
stations at (250, 250), (750, 250), (250, 750), and (750, 750) m. 10 UEs traverse randomly using the
random-walk model with step sizes between 1-30 m, aiming for a mix of pedestrian and vehicular
mobility. A single episode runs for 500 transmission time intervals (TTIs). Handovers result in 10
TTIs of downtime for the affected UE.

Channel Model

The Propagation uses the 3GPP Urban Macro (UMa) Non-line-of-sight path-loss model [23]. For
a UE located distance d km away from base station, path loss is calculated as shown in Equation (1):

170




Abaii amvinoasvr Kaz¥I1Y-niy XABAPIIBICHI, « Qusuka-mamemamura vlivimoapuly cepusicol, Ne3(95), 2026

L,(d) =128.1 4 37.6 logyo(dpm) [dB] (1)

The RSRP received by UE i from base station j combines path loss with a per-link log-normal
shadowing term that is fixed within an episode, as defined in Equation (2):

RSRP;; = —Ly(d; ;) + Xij,  Xij ~N(0,0%), 0 =8 dB (2)

where the standard deviation of the shadowing is ¢ = 8 dB. A UE is declared as a connection
failure whenever the RSRP of its serving cell falls below the 3GPP coverage threshold of =110 dBm.

Throughput
Given a serving RSRP and an effective noise floor No = =100 dBm, the instantaneous Shannon
capacity delivered to UE i over the system bandwidth B =9 MHz is given by Equation (3):

. RSRP:Z,I}, — Yn

i 10 C; = B logy(1 +10™) 3)

where b; denotes the serving base station of UE 1 and v; is the corresponding signal-to-noise ratio
in linear scale. The capacity is set to zero for any UE currently undergoing a handover. The system
throughput at each step is the sum of the per-UE capacities.

Handover Strategies

We benchmark four controllers, all acting on the same per-step observation of serving and
neighbor RSRP, UE speed, and time since the last handover.

A3-event (3GPP standard). Following the 3GPP measurement-event framework, a handover from
the serving cell to a neighbor j is triggered when the condition in Equation (4) is satisfied:

RSRP; ; > RSRP;,, + H for Tppp consecutive steps (4)

holds continuously for the time-to-trigger window. We use a hysteresis margin H =3 dB and a
time-to-trigger of 40 steps, standard values that suppress fast-fading-induced spurious handovers.
When several neighbors qualify, the one with the highest RSRP is selected.

Strongest Cell (idealized). At every step each UE connects to the base station with the
instantaneously highest RSRP, with no hysteresis or dwell time. This is an unrealistic upper reference
for signal quality that deliberately ignores handover cost.

No Handover (lower bound). Each UE remains attached to its initial cell for the entire episode.
This isolates the throughput attainable with zero mobility signaling and serves as a floor.

PPO (learned). This agent trained using Proximal Policy Optimization (PPO) [7], an on-policy
actor-critic algorithm, available from Stable-Baselines3 [24]. It takes as input a 50D vector, composed
of 5 features for each of the 10 UE and it outputs a MultiDiscrete action determining for each UE
whether to stick to the current cell or to handover to one of the other four cells. The agent is rewarded
on a combined objective, that consists of the normalized throughput on the positive term, and the
handover rate, the number of UEs in interruption, and low connection quality on the negative term,
as specified in Equation (5):

r=06C — 05050 — 0.1égo + 0.1Q (5)

where C is normalized system throughput, n_HO the handover rate, ¢ HO the fraction of UEs in
handover, and Q the mean connection quality. The agent is trained for one million environment steps
across three random seeds.
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Experimental Setup

All four controllers are evaluated in the exact same environment for 100 independent episodes of
500 steps each; episodes seeds are fixed across all methods so that every controller faces the same
mobility and shadowing realizations. We record 5 metrics per method: mean system throughput
(Mbit/s), number of handovers per episode, ping-pong rate (fraction of completed handovers that
bring a UE back to its previous cell within 100 steps), connection failure rate (fraction of UE-steps
with serving RSRP < 110 dBm) and spectral efficiency (bit/s/Hz). PPO controller is trained using a
standard Stable-Baselines3 configuration; we average over 3 random seeds for the learning curve.

The environment, trained agents and evaluation scripts are publicly available. These 5 metrics are
selected to describe the full mobility management cost structure as opposed to just the system
throughput: system throughput and spectral efficiency reflect the utility; handover count the
overhead; ping-pong rate the pathological back and forth handovers; and connection failure rate how
frequently we leave a UE with a useless RSRP. A method with good system throughput and bad
number of handovers or ping pong is operationally useless since every handover consumes a network
resource and disrupts the user. A single value is not enough to describe the performance; the
combination of these 5 metrics under fixed episode seeds is crucial to show the trade-offs between
methods as illustrated in Figures 2 and 3.

Results of the study

Aggregate Comparison

Table 1 reports the mean and standard deviation of each metric over the 100 evaluation episodes.
The 3GPP A3-event policy attains the highest mean throughput at 89.1 Mbit/s, exceeding the
idealized Strongest-Cell rule by about 11% while triggering only 21.7 handovers per episode -
roughly 2.6x fewer than Strongest Cell (56.2). A3-event also yields the lowest ping-pong rate (0.098)
and the lowest connection-failure rate (0.427) among the active controllers. The No-Handover bound,
by construction, incurs no handovers or ping-pong but sacrifices throughput (71.1 Mbit/s) and suffers
frequent connection failures as UEs drift away from their initial cell. The PPO controller, under the
present reward and observation design, does not match the tuned A3 baseline on the operational
metrics.

Table 1. Handover-management benchmark over 100 evaluation episodes (mean * std)

Method T}Z‘ZZI%?SW Handovers Ping-pong rate | Conn. failure S(ll;is/ljg

A3-event 89.1+25.2 21.7+4.2 0.098+0.070 | 0.427 +£0.092 9.90 £2.80
Strongest Cell 80.3 +£23.4 56.2+6.2 0.325+0.063 | 0.402 +0.080 8.92+2.60
No Handover 71.1+24.9 0.0£0.0 0.000+0.000 | 0.542+0.102 7.90 £ 2.76
PPO (learned) 33.3+£14.8 71.2+£7.0 0.346 £ 0.072 | 0.602 = 0.064 3.70 £ 1.64

The throughput, along with 95% confidence intervals, for all four schemes are illustrated in
Figure 1. It is visually and statistically clear, the four algorithms can be separated. The ranking, from
high throughput to low, is: A3-event, Strongest Cell, No Handover and Learned Controller.

This demonstrates that the edge A3 has over Strongest Cell can be explained. Although they are
both aimed at identifying the strong cells for tracking, they approach it in slightly different manner.
Hysteresis in A3 is responsible to keep it within a good cell whereas the learned algorithm attempts
to anticipate when best to handover between the currently perceived good cells.
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Throughput Comparison (95% Cl, n=100 episodes)
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Figure 1. Mean system throughput by method, with 95% confidence intervals over 100 episodes

In Figure 2 we position each method on the throughput and handover plane, with the region we
are most interested in being on the top left (good throughput, few handovers). A3-event can be seen
on its own in that region, clearly showing that it has the most effective balance between operational
parameters. Strongest Cell is at a similar throughput to A3-event but at much higher handover, with
no Handover lying on the axis at the lower handover but with considerably lower throughput.

Throughput vs Handover Count
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Figure 2. Throughput versus handover count. The upper-left region denotes the best trade-off

Figure 3 compares ping-pong rates. A3-event keeps ping-pong low (0.098) thanks to its dwell-
time logic, whereas Strongest Cell, which reacts to every RSRP fluctuation, exhibits a high ping-pong
rate (0.325) despite competitive throughput. No Handover trivially has zero ping-pong. This metric
isolates the practical value of the hysteresis-and-TTT mechanism that the A3 event encodes.

Ping-Pong Handover Rate (lower is better)
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Figure 3. Ping-pong handover rate by method (lower is better)

On the Learned Controller
Figure 4 shows the PPO training curve averaged over three seeds. The mean episode reward rises
from roughly —44 to about +23 over one million steps, confirming that the agent does learn to improve

its own reward signal and that the poor operational scores are not an artifact of undertraining. The
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gap between rising reward and weak operational metrics points instead to the difficulty of the control
problem as posed: with a 50-dimensional observation, a joint MultiDiscrete action over ten UEs, and
a handover that is penalized both directly and through its interruption cost, the agent converges to a
conservative-yet-churning policy that neither matches A3's selectivity nor its timing. This is a known
challenge in learning-based mobility management - the reward must be carefully shaped, and partial
observability of fast fading limits what an instantaneous policy can achieve [10], [12]. The honest
reading of these results is that a well-tuned standardized baseline is hard to beat, and that surpassing
it requires either richer temporal observations, a factored or per-UE action design, or explicit reward
shaping around the ping-pong and interruption costs.

PPO Learning Curve — 5G Handover Control

30 { = PPO (mean)
95% ClI

Mean Episode Reward
X
(=]

0 200 400 600 800 1000
Timesteps (x10°%)

Figure 4. PPO training reward versus timesteps, averaged over three seeds
(shaded area: 95% confidence interval)

Discussion

The central, well-supported finding of this benchmark is that the 3GPP A3-event algorithm
provides the best throughput-handover balance of the strategies evaluated, combining the highest
throughput with the fewest handovers and the lowest ping-pong rate. The comparison with Strongest
Cell quantifies precisely what the A3 hysteresis-and-TTT logic buys: nearly the same signal tracking
at a fraction of the handover and ping-pong cost. The No-Handover bound shows that some mobility
signaling is necessary - staying put degrades both throughput and connection reliability as UEs move.
Finally, the learned controller serves as a cautionary data point: reinforcement learning is not
automatically superior to a tuned standard, and a fair benchmark must include such a baseline before
claiming improvement. These observations align with recent literature reporting that the benefit of
learned mobility management depends strongly on observation design and reward engineering [10],
[14], [16].

Conclusion

We provided a reproducible benchmark of handover-management strategies for a multi-user 5G
network - the 3GPP A3-event algorithm, an idealized Strongest-Cell rule, a No-Handover lower
bound, and a PPO-trained controller - in one Gymnasium environment under a 3GPP Urban Macro
channel model. The standard A3-event policy achieves the best compromise across 100 episodes of
evaluation, exhibiting the best throughput (89.1 Mbit/s), the fewest number of handovers (21.7 per
episode) and the smallest rate of ping-pong handovers (0.098). The benchmark reveals the advantages
of hysteresis-and-TTT logic and furnishes a realistic baseline on which a learned controller could be
evaluated. The environment will be extended with interference-aware signal-to-interference-plus-
noise ratio (SINR), realistic correlated mobility traces, more flexible learned controllers (with richer
state spaces, factorized actions, and penalties on interruption and ping-pong), to study under which
conditions a controller learned policy could overcome the performance of the A3 policy.
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