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Abstract—We consider a fully-decoupled radio access network
(FD-RAN), where base stations (BSs) are physically decoupled
into control BSs, uplink BSs and downlink BSs, and multi-
connectivity becomes the default user equipment (UE) associ-
ation mode. Specifically, we study the inter-frequency multi-
connectivity in downlink of FD-RAN and present a deep re-
inforcement learning based online multi-connectivity mobility
management scheme. We formulate a UE dynamic multiple access
problem and transform it into a handover decision problem, then
apply the double deep Q-network (DDQN) algorithm to make
real time mobility management decisions. Simulation results show
that the proposed scheme outperforms benchmarks in terms of
handover frequency and quality of service, while ensuring real-
time performance.

Index Terms—FD-RAN, multi-connectivity, mobility manage-
ment, handover decision, deep reinforcement learning

I. INTRODUCTION

The fifth-generation mobile communication networks (5G)
have brought unprecedented opportunities and challenges for
the radio access network (RAN) design [1]. 5G aims to
achieve faster transmission rate and lower air interface delay.
However, due to higher frequency bands, smaller base station
(BS) coverage and denser BS deployment, 5G mobile user
equipments (UEs) suffer from more frequent service interrup-
tion brought by handovers [2]. In addition, the inflexible BS
association mode and fixed resource scheduling method of
5G networks make it difficult to meet diverse and dynamic
quality of service (QoS) requirements of UEs. Hence, in the
next generation mobile communication networks (6G), how
to provide continuous and seamless on-demand services for
mobile UEs remains a significant challenge.

Recently, an original RAN architecture, namely fully-
decoupled RAN (FD-RAN) [3], has been proposed for 6G.
FD-RAN decouples the traditional communication BS into
control BS and data BS, and further decouples the data BS
as into uplink BS and downlink BS (DBS). The complete
decoupling of BSs facilitates elastic UE-BS association and
resource cooperation, which can achieve more flexible net-
working and higher spectral efficiency [4, 5]. Moreover, multi-
connectivity becomes the default association mode in FD-
RAN where multiple BSs collaborate to serve a UE. However,
FD-RAN brings new challenges for mobility management
especially for downlink. Since each UE have multiple serving
DBSs, it is necessary to coordinate the handover decisions

978-1-6654-6483-3/23/$31.00 ©2023 IEEE

among different DBSs to avoid unnecessary handovers and
adapt to UE’s dynamic QoS requirements. Thus, typical event-
based handover policy in 3GPP 5G protocols [6] is no longer
applicable, so it is of great significance to develop a novel
online multi-connectivity mobility management mechanism.

To address challenges of multi-connectivity access and
online mobility management, many studies have been carried
out [5, 7-9]. For multi-connectivity access problem, matching
theory-based algorithms were proposed to obtain the opti-
mal multi-BS association in [5, 7]. However, both papers
considered static scenarios and their real-time performance
were not satisfactory enough. For online mobility management
problem, deep reinforcement learning (DRL) based methods
were applied to dynamically select optimal serving BS in
each step, where different BS association of adjacent steps
was treated as a handover [8, 9]. Both methods allowed for
real-time requirements, but they were only suitable for single-
connectivity instead of multi-connectivity scenario.

In this paper, inspired by previous works and considering
potential challenges, we propose a DRL based approach for
online multi-connectivity mobility management in downlink
FD-RAN to seamlessly satisfy UEs’ QoS requirements while
decreasing handover numbers. Note that we consider the inter-
frequency multi-connectivity form where multiple DBSs send
signals to a UE over distinct frequency bands. In that way,
data are split on the edge cloud (EC), then multiple data
flows are delivered to DBSs and sent to UE independently
and simultaneously. The main contributions are three-fold:

o We develop an inter-frequency multi-connectivity system
model of downlink FD-RAN and formulate a long-term
mathematical problem about mobile UEs’ QoS satisfying.

e We transform the original UE multiple access problem
into a difference form handover decision problem, where
handover refers to the updating of UE’s serving BS set,
and apply DDQN algorithm to obtain real-time decisions.

o We carry out extensive simulations, which indicate that
our scheme can provide seamless on-demand services
with low handover numbers and real-time performance.

The rest of this paper is organized as follows. We first
present system model and problem formulation in Section
II. To solve it, we develop a DRL framework and resort to
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DDQN algorithm in Section III. Simulation results are shown
in Section IV. At last, conclusions are drawn in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Notations: We use letters to denote scalars (e.g., k and K),
while bold letters are used to denote vectors and matrices,
(e.gz., h and H), respectively. (o) stands for the conjugate
transpose operation. The notation ||e||,, is the n-norm operator.

A. Network System Model

f.-[.f

@ UE

~* 74 UE Moving Trajectory
Fig. 1. Network system model in downlink FD-RAN

As shown in Fig. 1, we consider a single-tier cellular
network consisting of D hexagonally deployed DBSs denoted
as D =1{1,2,...,D}. All the DBSs share a common resource
pool, and each DBS consists of three sectors using different
resource trisected from the pool. Specifically, sectors with the
same color in Fig. 1 reuse the same resources. We assume
that each sector has 120-degree coverage and is equipped
N directional antennas. We call that each DBS has three
cells, and the cell set is denoted as C = {1,2,...,C}, where
C = 3x D. We define each DBS has IV (can be divided by 3)
sub-channels (SCs) in total denoted as N' = {1,2,..., N}, so
each cell has % SCs. UE set is denoted as K = {1,2,..., K},
each is equipped with one omnidirectional antenna.

We define that the system runs in a time-slot mode with the
slot index ¢t € {1,2,...,T}, and the length of the time slot is
tp. At time slot ¢, The Euclidean distance (in meters) between
UE % and cell c is denoted by d o and the azimuth angle (in
radians) of the UE £k relative to the sector centreline of cell ¢
is denoted by 0,2’6. Each UE has its own QoS requirements,
the transmission rate ¢, specifically. The QoS requirements
level is discretized into three levels: ¢}, € {qa, qb, g}

Three Sectors

-=
==-» Wireless Downlinks
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B. Channel Model

We consider an inter-frequency multi-connectivity system
leveraging OFDMA technique, where each UE can get mul-
tiple data flows from multiple cells using different SCs . We
define the maximum number of serving cell is 3, and each UE
is allocated with 1 SC from each serving cell. Especially, if
a UE connects to multiple cells, each link has its own signal-
to-noise-plus-interference-ratio (SINR) and achievable rate.

For the three-sector DBS, the sector antenna gain is max-
imum at the sector centreline direction and decays to both
sides. The horizontal sector antenna gain pattern (in decibels)
is specified as 3GPP TR 38.901 [10]:

2
A(e)dB = Aq - mln{12< f ) ) Am} ) NS [—7'(',71']7
’ 0348
(L

where 0345 is 3dB beam width, A, is the maximum antenna
gain and A,, is the maximum directional attenuation.

We model each link as a multi-input single-output (MISO)
system. The channel response hj, ., € CN7*1 s

hf@,c,n = all‘/c,c,n \/ A(az,c)l};,cﬂ/tc,c’ (2)

where the fast Rayleigh fading «j, . ,€ CY7*! is an Np-
dimensional vector whose entries are i.d.d random variables
following complex Gaussian distribution with zero-mean and
one-variance. The fractional antenna gain A(6} ) is converted
from A(0}, .)as. The pass loss I}, . is a function of df, .. 5 , i

the log- ~normal shadow fading. Con51der1ng the autocorrelatlon
of adjacent shadow fading [10, 11], the shadow fading in
decibel form is modeled as a first-order autoregressive process:

Bip = Bip'e” /M 4 x(1—e

where Az is the displacement distance of UE between adjacent
time slots, d.,, is correlation length and y follows Gaussian
distribution with mean O and standard deviation ogp.

The useful received signal at UE k from cell ¢ on SC n is:

Thelden), )

6kcn_hkcn k:cn kcnfkcn’ (4)

where bf, ., is the transmitted symbol. f{ . is the binary
UE-cell-SC allocation indicator with fk e = 1 implying the
UE £ is served by cell ¢ on SC n at time slot ¢ and f,mm =0
otherwise. Note that if cell ¢ does not have the SC n in its
resource pool then for any k£ and ¢, f]C em — £ 0. Similarly,

we use gk e = Z f,C ¢ t0 denote the bmary UE-cell asso-
neN

ciation indicator. wt

€ CN7x1 is the beamforming vector

k,c,n
leveraging maximum ratio transmission (MRT) technique:
ht
¢ / k,c,n
Wk,c,n =VP h < ) (5)
(B el |2

where P is the constant transmitting power. The SINR at UE
k from cell ¢ on SC n at time slot ¢ can be given by:

t
t _ ‘hk c,n k c,nfk',c,n| 6
Ve,eon = + + 5 5’ (6)
Z Z |hk c’'n Wk’,c’,nfk’,c’,n| +o
k'€eK\k c'€C\c

where o2 denotes the noise power. Note that for each UE, only
SINRs on the serving cell and serving SC have valid non-zero
values. UEs’ SINRs equal to zero on the unused SCs.

We adopt Shannon theorem to indicate the achievable rate
on each SC, where B denote the bandwidth of SC:

= > Blogy(l +Yk.en)- (7)
neN
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In our inter-frequency multi-connectivity system, UE can be
served by multiple links from multiple cells. The total rate for
UE k at time slot ¢ is the sum achievable rate from all cells:

= kP (8)

ceC
C. UE Measurement and Reporting Model

Let cells periodically broadcast the channel state informa-
tion reference signal (CSI-RS) at constant power. UEs are
configured to periodically measure CSI-RS of all the cells and
get the CSI reference signal received power (CSI-RSRP).

We define that CSI-RS transmitting and measuring are done
synchronously at each time slot, and measurement reporting
is done every A time slots. j € {1,2,..., J} is used to denote
the reporting slot. So the reporting slot length j; = Atr.

Let RSRPy [t] (in Watts) be the measured CSI-RSRP for
UE k from cell ¢ at time slot ¢. To reduce the channel
measuring randomness brought by fast fading, we average the
measured CSI-RSRPs of the past A time slots and use Mﬁ B
to denote the averaged CSI-RSRP at reporting slot j:

A1
J— 1
j . .

My..= Y Z RSRPy c[jA — i]. 9)

i=0
During a reporting slot, the UE-cell connections remain the
same, so for UE k at reporting slot 7, we use ch,c = gif‘c to
denote its cell access indicator, use Ql = qi’\ to denote its
QoS requirement, and use 7, to denote its averaged sum rate:

A—1

=Jj _ = JA—i 10
T = - (10)

D. Problem Formulation and Transformation

The objective of this work is to provide continuous and
seamless on-demand services for UEs. We denote F' =
[ f,icWVk, ¢,n, t] as all UE-cell-SC allocation configurations.
The problem is formulated as:

T
; ; 1 t t
min TII_I,I;OTZZV’V_(]“ (11a)
t=1kek
st i € {¢a, @r e}, VEEK (11b)
fhem €{0,1}, V(k,c,n) € K xCx N (11c)
S>> fhen<¥ Veec (11d)
ke neN
> fhen<1l, V(kcoeKxcC (11e)
neN
1<> gk, <3, Vkek (1)
ceC
flem=0, Yk ekxcC
vn € N\{&(cmod 3—1)+1,..., ¥ (cmod 3)},
(11g)

where the objective (11a) is to minimize the difference be-
tween UEs’ received rate and QoS requirements, thus provide
on-demand services. Constraint (11b) represents the optional

QoS levels. Constraint (11d) is the SC number constraint for
each cell. Constraint (11e) means that each UE is permitted
to access at most 1 SC from each cell. Constraint (11f) means
that each UE can connect 1 to 3 cells. Equation (11g) ensures
that UE cannot use SCs that are not owned by its serving cell.
Optimization problem (11) is considered intractable due
to its integer programming nature and cannot be effectively
solved using convex optimization. Moreover, in highly dynam-
ic mobile scenario, mobility management namely dynamic UE
access management, needs to be done in real time. Hence, we
resort to DRL to obtain online mobility management policy.
In single-connectivity scenarios, DRL is widely used for ac-
cess and handover control. However, in our multi-connectivity
system, UE can connect to 1, 2 or 3 cells, so there are
C{ + CZ% + C% UE-cell access cases in total, resulting in
too large DRL action space and difficult to converge.
Therefore, we transform the original UE access problem into
a difference form. That is, we use DRL to output handover
decision for each UE, instead of explicit UE access configura-
tions. The details of our DRL framework are described below.

III. DEEP REINFORCEMENT LEARNING FRAMEWORK

The framework of DRL is composed of agents and envi-
ronment. In our scenario, agents representing each UE are
created at the EC, and the environment simulates a FD-RAN
downlink communication system. We define that DRL agents
and environment interact in a discrete step manner, and the
step j is equivalent to the reporting slot 5. The UEs’ QoS
requirements are slightly dynamic, that is, a certain proportion
of UEs’” QoS level will be regenerated every Ag steps.

For every step j, each agent receives the report from its
corresponding UE and obtain the state s/. Based on the
state and DRL algorithm, the agent takes an action a’. After
interacting with the environment using a’, agent receives the
reward R’ from environment, and gets the next state gitl
Here are some important elements of our DRL framework.

A. Initialization

At first, each UE are randomly distributed in circular area
and randomly generate QoS level from {qq, g, q.}. Let UEs
with low and medium QoS levels access the nearest cell, and
let UEs with high QoS level access the two nearest cells.

B. State

We define that the state si of UE k at step j is composed
of three components. The first component is a vector of
cell access 0-1 indicators, Gy, = |G}, |, G}, 5, s G}, . The
second component is a vector of averaged measured CSI-
RSRPs, M,z = [Mi,pﬂi,za ,Mic] The third component
is the rate achieving radio, Zj = 7, /Q;. So s}, is given by

st 2|6l M. 7). (12)

C. Action

1) Action Space: The discrete action space A consists of
four kinds of handover decisions, and can be expressed as:

A = {Remain, Add, Remove, Change}. (13)
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2) Invalid Action Masking [12]: Note that in some cases,
not all actions are valid due to the serving cells number
constraint. For UE k at step j, let x;, = ||Gy|[1 denote its
serving cell number, then its invalid action a;, can be obtained:

A Remove, if /{i =1
a, =< Add , if /@'f‘c =3 (14)
0 , ik, =2

So the valid action space is A\di. In the action selection
stage of the DRL, UE k can only select action from A\aj,.

3) Handover Performing: The action aj, € A\aj, is the
handover decision of UE k at step j. For the UE k, after an

action afc is chosen, the corresponding handover decision is

performed and its serving cell set is updated. The specific four
kinds of handover performing and serving cell set updating
processes are shown as follows:

o Remain: UE k keeps its cell association unchanged. So

its serving cell set remains the same: G + Gi..

e Add: UE k adds the cell c,qq to its serving cell set:

G+ G, with G[caqa) = 1.
o Remove: UE k deletes cell c,,;, from its serving cell set:
Gt G, with GJ[ceu) = 0.

o Change: UE k replaces the cell cs,p, with the cell cqqq:
Gt G, with GY[caad) = 1 and G[csup) = 0.
Here cqqq is the index of cell that has the largest CSI-RSRP
in the unconnected cell set, and cg,p 1s the index of cell that

offers the lowest rate ¢ in the serving cell set.

4) SC Allocation: We apply a simple SC allocation scheme.
When a UE is newly connected to a cell, it will be randomly
allocated an idle SC. When a UE is disconnected from a cell,
the allocated SC will be released and becomes idle. Assume
that UEs will not cluster in large numbers in a single cell, so
cell overloading is not considered herein.

D. Reward

In our multi-connectivity mobility management framework,
the objectives are threefold: satisfying UEs’ QoS requirements,
avoiding frequent handovers, and saving network resources.
Hence, we define that the reward function R} (s}, a;,) of UE k
after taking action aj, at state s, consists of three components:
rate bonus, handover cost and multi-connectivity penalty.

The rate bonus RRi is designed for satisfying UE’s QoS
without wasting network resources:

1-2.0|Z]" —0.95],if ZIT! < 0.95

RR,={ 1 o Lif095< Z{T < 1.25
1—04|Z]" —1.25),if ZJT" > 1.25

5)

The handover cost RH ,jc is designed for avoiding frequent
handovers. The values of RHj is selected as:

0, if aj, = Remain

; —0.8, ifa) = Add
RH] = ’ k 16
k —0.6, if aj = Remove (16)
—1.0, if @], = Change

The multi-connectivity penalty RM i is designed for en-
couraging UE to access fewer cells in order to save network
resources:

RM] = —0.5(x)t" = 1). (17)

The total reward function is the weighted sum of the above
three components, where 7r, 777 and 7); are the weights:

Rl(s),al) = TRRR] + Ty RH] + T7r RMj. (18)
E. Double Deep Q-Network (DDQN)

In this paper, we apply DDQN algorithm which combines
Q-learning and deep learning. Q-learning is a reinforcement
learning algorithm that learns how to choose the best action
in each state based on the expected future reward. Q-learning
uses action-value Q-function to represent the Q-value of taking
an action in a state, uses Q-table to store Q-values for all
possible state-action pairs. However, Q-learning cannot handle
large state spaces because Q-table cannot be impractically
large. Therefore, deep learning is used to deal with the draw-
backs of Q-learning, then we get DDQN algorithm, which uses
deep neural network to approximate the Q-function. In DDQN
algorithm, two identical neural networks, training network
Q(0) and target network Q(@’), are created initially, where
6 and 0’ are the parameters of two networks, respectively.

At each step, for each agent, the training network takes
the state s as input and outputs the Q-values Q(s,a;0) for
all possible actions a € A. Then, we use e-greedy policy
for action selection, which is a simple and common way to
balance exploration and exploitation in DDQN:

arg max Q(s,a;0) , with prob.1—¢
a = (IG.A\& s
random a € A\a , with prob. e

where e decays exponentially over step from €.t 10 € finai
and fixes at €, thereafter. After interacting with environ-
ment using selected action «a, the agent receives reward R(s, a)
and state of next step §, and this experience {s,a, R, §}
is stored in experience replay memory D. Note that all the
agents interact with the environment but share the same neural
network and the same replay memory.

Subsequently, DDQN algorithm randomly samples a mini-
batch of experience D,,, from D to train the training network.
Training network (€) is trained using gradient descent (GD)
algorithm by minimizing a loss function, which is the mean
square error (MSE) between the estimated Q-values and the
estimation target values over mini-batch D,,:

19)

Le)= E  |y-Qsa0)|, (0
{s,a,R,8}€D,,
where the estimation target value y is denoted as
y=R+1Q(3,a0"), @21

where v € (0,1] is the discounting factor and @ is given by

a = arg max Q(8,a;0). (22)

acA\a

Note that in (21), DDQN uses training network Q(0) to
select action in (22) and uses target network Q(6’) to calculate
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target Q-value in (21). Thus, compared to the traditional DQN
that uses the same target network to select action and calculate
target value, Q-value overestimation errors can be reduced and
network can be trained more effectively.

In our DDQN algorithm, the target network Q(6’) is only
used to obtain the target of estimation in (21), and does not
carry out gradient descent calculation. However, every Ay
steps, the target network Q(6’) is updated with its parameters
6’ copied from training network parameters 6.

IV. SIMULATION RESULTS AND ANALYSIS
A. Simulation Settings

We consider a cellular network consisting of D = 7 hexago-
nally deployed DBSs (that is, C' = 21 cells, as shown in Fig. 1)
and default K’ = 30 randomly distributed UEs in a 600-meter-
radius circular area. All the DBSs reuse a common resource
pool of N = 30 SCs and each cell has % = 10 SCs. The
number of antennas in each cell is N7 = 8. UEs are evenly
divided into two groups, one half keeps stationary, the other
half keeps moving following Gauss-Markov mobility model
[13]. The channels between UEs and cells are generated based
on 3GPP TR 38.901 UMa scenario [10]. Our DDQN network
is a four-layer fully connected neural network with two hidden
layers and ReLU activation function. The numbers of neurons
in the two hidden layers are 128 and 64, respectively. The
simulation is implemented in Python 3.9 and PyTorch 1.12.0,
with other main parameters shown in Table I.

TABLE 1
SIMULATION PARAMETERS

Value

10 ms
{15,30,45} Mbps
0.3617, 8 dBi, 30 dB

Parameters

Time length of one time slot ¢

QoS levels {qa; qv, gc}
Antenna gain parameter 0345, Ag, Am

Shadow fading parameter dcor, oSF 50 m, 6 dB

Path loss model (in decibels) 13.54 + 39.08log ;o (d)
SC bandwidth B 2 MHz

Transmitting power P 30 dBm

Noise power density o2/B -174 dBm/Hz

UE Reporting period (slots) A 10

QoS updating period (steps) Ag 500

Mean speed of moving UEs Default 10 m/s
Time length of one step 77 100 ms
Gradient descent Optimizer Adam
Exploration rate €;nit, € final 0.5, 0.05
Replay memory size |D)| 217
Mini-batch size | Dy | 128
Discounting factor 0.94

Target network updating period (steps) Ay 200

Training network learning rate 0.0005

B. Results and Analysis

The DRL training process consists of 6 episodes, where
each episode has 5000 steps. We use DQN to compare with the
applied DDQN, and Fig. 2 shows that as the training process
goes on, the agents average reward of DDQN can eventually
converge around 0.87, bringing a little advantage over DQN.

After the training process, the training network is fixed,
which will be used by each agent to take optimal action
according to the obtained state. Before analysing the testing

Agents average reward

05 ——DQN
‘ ‘ | ——DDQN

0 0.5 1 1.5 2 25 3
DRL training steps x10*

Fig. 2. Reward variation during training process.

results, we first define two performance indexes: handover
number and QoS substandard time proportion. A handover
means a UE takes an action other than Remain. QoS sub-
standard time proportion means the time proportion when 10-
step-averaged QoS achieving ratio of the UE is less than 1.

Fig. 3 illustrates the impact of UE moving speeds on
communication performance using our scheme in 5000 testing
steps. We consider five cases, where the case 0 represents
stationary UEs and other cases represent moving UEs with
different mean speeds. We can see that as UE speed grows,
each UE experiences more handovers. Note that stationary
UEs will still perform handover due to the dynamic QoS
requirements updating. and channel condition changing. How-
ever, regardless of the UEs’ speed, their QoS can be well
satisfied, with only about 2% to 3% time proportion that their
serving rate is substandard.

1

50
I Average total handover numbers

I Average QoS substandard time proportion ‘

N
o

IS)
=]

o
S

N
a

Average total handover numbers per UE
~
(4]

Average QoS substandard time proportion (%)

o

0 25 5 10 20
Mean UE speed (m/s)

Fig. 3. Average communication performance versus UE speed.

Two greedy methods are executed as benchmarks. The
first is a single-connectivity handover scheme called 1-cell
benchmark, where each UE connects to the cell with the
highest RSRP value in each step. The other is a triple-
connectivity handover scheme called 3-cell benchmark, where
each UE connects to three cells with the three highest RSRP
values in each step. In these two benchmarks, a change in
the UE’s serving cell or serving cell set is considered as a
handover. The 5000-step performance comparisons among our
scheme and two benchmarks are shown in Fig. 4 and Fig. 5.

Fig. 4 shows the comparisons of average handover number
per moving UE among the three methods under different total
UE numbers. We find that UE number has no obvious impact
on handover numbers for these methods. Moreover, compared
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with the 3-cell benchmark, our proposed scheme can reduce
UE averaged handover numbers by 68.8%, 54.6%, 60.1% and
53.2%, under the UE number of 10, 20, 30 and 40, respec-
tively. As for the 1-cell benchmark, our proposed scheme has
similar performance in terms of handover numbers.

| . Proposed scheme
I 1-cell benchmark
I 3-cell benchmark

w
a
=]

w
o
S

N
a
=]

[N)
o
S

o
=]

o
]

o
=]

Average handover numbers per moving UE

o

10 20 30 40
Number of total UEs

Fig. 4. Moving UE average handover numbers of different UE numbers.
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Fig. 5. Rate achieving ratio CDF of proposed scheme and two benchmarks.

Fig. 5 shows the cumulative distribution function (CDF) of
the rate achieving ratio of the three methods under the 30
UEs case. Note that in our scenario, we hope the UE’s rate
achieving ratio is not less than 1, but not too large. That is
because that an excessively high rate achieving ratio usually
means the UE has too many serving cells, which wastes the
network resources. The figure shows that when rate achieving
ratio equals to 1, the CDF of the proposed scheme is much
lower than 1-cell benchmark, meaning that proposed scheme
is better than 1-cell benchmark in guaranteeing UEs’ QoS. In
the part of QoS achieving ratio greater than 1, the CDF of 3-
cell benchmark is much lower than proposed scheme, meaning
that 3-cell benchmark occupies unnecessary network resources
to provide too much unnecessary services for UEs.

In combination with Fig. 4 and Fig. 5, we can find that
compared with the 1-cell benchmark, our proposed scheme
significantly improves UEs’ QoS without increasing handover
numbers. Compared with the 3-cell benchmark, our scheme
largely reduces UEs’ handover numbers and saves network
resources while meeting the rate demands almost as much.
Furthermore, under the 30 UEs case, the average total action
selection time of each testing step in proposed scheme is
0.585 ms, which indicates that our learning-based mobility
management scheme has good real-time performance, and can
adapt to the highly dynamic mobile communication scenario.

V. CONCLUSIONS

In this paper, we have investigated inter-frequency multi-
connectivity in downlink FD-RAN, and developed a DRL
based mobility management scheme to provide seamless on-
demand services for mobile UEs. The handover decision
problem has been transformed from original UE multiple
access problem, and DDQN has been leveraged to make real-
time decisions. Simulation results have shown that our scheme
can adapt to different UE speeds and provide more balanced
and superior QoS compared to the benchmarks. In the future,
we will consider an intelligent SC allocation and power control
method to further enhance our mobility management scheme.
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