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Abstract - Beamforming is an essential technology in 5G Massive Multiple-Input Multiple-Output (MMIMO) communica-
tions, which are subject to many impairments due to the nature of wireless transmission channel. The Inter-Cell Interference
(IC1) is one of the main obstacles faced by 5G communications due to frequency-reuse technologies. However, finding the opti-
mal beamforming parameter to minimize the ICI requires infeasible prior network or channel information. In this paper, we
propose a dynamic Q-learning beamforming method for ICl mitigation in the 5G downlink that does not require prior network
or channel knowledge. Compared with a traditional beamforming method and other industrial Reinforcement Learning (RL)
methods, the proposed method has lower computational complexity and better convergence efficiency. Performance analy-
sis shows the quality of service improvement in terms of Signal-to-Interference-plus-Noise-Ratio (SINR) and the robustness

towards different environments.
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1. INTRODUCTION

Massive Multiple-Input Multiple-Output (MMIMO) tech-
nology in 5G is a competent solution that significantly
improves system capacity, signal coverage and spectral-
efficiency by configuring hundreds of Antenna Elements
(AEs) at the Base Station (BS) to shape effective beam-
forming [1, 2]. However, the quality of MMIMO beam-
forming depends on accurate Channel State Information
(CSI), pilot contamination and ICI estimation [3]. More-
over, the MMIMO beamforming complexity becomes a
challenge as the number of AEs at the BS increases. There-
fore, it is necessary to explore an effective and efficient
beamforming method for ICI mitigation with low power
and low complexity [4].

In recent years, the accurate MMIMO beamforming has
attracted extensive research [3, 4, 5, 6, 7], which almost
follow two main directions: with and without CSI. Hy-
brid beamforming [3, 4, 5] is the representative of the for-
mer. It aims to reduce the expense of Radio Frequency
(RF) chains and decrease the complexity of beamforming
compared to conventional methods [2], but it needs to up-
date beams frequently when pilots are received continu-
ally at the BS. A smart pilot assignment scheme, which is
effective in mitigating interference but is aimed at a sin-
gle cell, is proposed in [5] to reduce pilot contamination
by smartly assigning orthogonal pilots to users. The lat-
ter mainly includes the first Monte Carlo (MC) method,
which searches the optimal beamforming parameters but
suffers from increasing computational complexity, and
second supervised Deep Learning (DL) methods. One of
them is reported in [7] to research the characters of wire-
less spatial channels and explore preferable pilot assign-
ments for better channel estimation and beamforming,
but supervised methods require model training before-
hand and time-consuming sample data collection.

In this paper, an RL-assisted full dynamic beamform-
ing method is developed to efficiently acquire the op-
timal beamforming parameters in the MMIMO system
to address ICI issues. We fully consider the microcell
and macro-cell multi-path transmission channels which
present radio features with high user density and traffic
loads focusing on pedestrian and vehicular users (Dense
Urban-eMBB) scenarios [1, 2, 5], such as buildings, moun-
tains and rivers, where the distribution of User Equip-
ments (UEs) changes infrequently; these factors signif-
icantly impact coverage. To get optimal beamforming,
firstly, we utilize a Poisson Point distribution model to
estimate the occurrences of UE in the target cells with a
long-term data statistical analysis; secondly, we apply an
algorithm to fast search through huge volumes of param-
eters and obtain optimal values. Lastly, we send the op-
timal parameters into the BS beamforming simulator for
the best SINR.

In summary, the main contribution of this work includes:

e The proposed RL beamforming method for an
MMIMO system is meant to get the optimal beam-
forming parameter, such a method with multi-cell ICI
is rarely discussed in literature. Besides, it does not
need any prior network or channel information and
it works for different UE distribution.

¢ Compared with the traditional beamforming method
and other industrial RL methods, the proposed dy-
namic Q-learning method shrinks the action space
duringits process, thus itrequires less time and com-
putational complexity to operate.

e As proven in many simulation results, the proposed
method performs better than the other methods.
Moreover, it is robust to various starting states and
different environments.
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Fig. 1 - Illustration of the proposed RL-based beamforming (b) for MMIMO systems and the network layout (a) of 5G dense Urban-eMBB cells, in which

the BS of target small cell #0 with N (k) mobile users chooses the optimal beamforming ag(k) (c) to mitigate interference from the neighboring N,
small cells at time slot k, and N (k) users return estimated SINRs (k) to the BS.

The rest of the paper is organized as follows. In Section 2,
related work on RL-based ICI mitigation are presented.
The system model and our proposed dynamic Q-learning
scheme are presented in Section 3 and Section 4. In Sec-
tion 5, simulation results are presented and the conclu-
sion follows in Section 6.

2. RELATED WORK

ICI control is a key issue in 5G MMIMO systems, intensive
research has been carried out to address this. Surveys
have been carried out on ICI mitigation techniques in LTE
downlink networks [8, 9], and research on ICI coordina-
tion techniques in 5G UFMC systems [10, 11].

RL-based approaches have been extensively applied in
an ICI mitigation problem. For instance, a Q-learning-
based power control scheme formulates the ICI coordi-
nation issue as a cooperative multi-agent control prob-
lem to improve the performance of the cellular systems
is proposed in [12]. An RL-based power control scheme
for ultra-dense small cells to improve network through-
put and save energy consumption is presented in [13],
in which the BS selects the downlink transmit power to
manage interference. A dynamic RL-based ICI coordina-
tion algorithm as developed in [14] smartly offloads traf-
fic to open access picocells and then improves the system
throughput.

3. SYSTEM MODEL

IClis caused by multiple sources transmitting signals with
the same subcarrier and being received by a receiver. A
user receives signals from the serving cell and neighbor-
ing cells but at different power levels due to the path loss.

3.1 AOA-based beamforming

The Angle-Of-Arrival(AOA)-based beamforming is usually
used in 5G MMIMO systems, where the BS is configured
with an antennas array composed of W AEs, and numbers of
AEs are arranged as M per row and L per column [2].

In RF, the BS shapes beamforming for the k" UE by con-
figuring weights on AEs according to AOA (6, ¢.) [15],
where 0, is the azimuth and ¢, is the vertical angle of the
k' UE. The weights on the i*" AE in a row can be repre-
sented as

W = e—J2midy, Sinek,ﬂ)ik c eHM (1)
where d,, is the row AE distance. And the /' AE in the
column can be obtained by

glk — efj27rld,u cosgak’glk c eLx1 (2)
where d,, is the column AE distance. From (1) and (2), the
final beamforming weights for the k" UE can be derived
by

I, = W, (3)
where
{ Q= [wip, Wogs - 7%\/1%]’
v, = [§1k7§2k7~-- 7§Lk .

Since the final weights in (3) depend on (6, ,), the im-
plementation complexity for (6, ¢,) estimation gets high
as the perfect CSI needed, which is usually affected by ICI.

3.2 Search-based beamforming

To mitigate the ICI with a low complexity, a search-based
beamforming algorithm is reported in [15], which uses
MC to search the optimal weights rather than AOA estima-
tion in (3). In MC beamforming, the best weights are ob-
tained by searching (6., ¢,.) in all possible angles to min-
imize the IC], i.e.

(05, ;) +— arg min P,(SINR < T,|h\", p\)

01>@k)

)
s.t.—m <9k57s0k7 S ™

where P, is the probability of SINRs weaker than the tar-

get T, given the channel h 2@ and UE density p;@, and

the SINR in (4) for the it* UE located on the jt* cell can be

expressed by [15]
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where v is the path-loss exponent, p; is the transmit
power of the serving enode Bj, N is the number of neigh-
boring enode By, p;, is the transmit power from B, ¢ ; is
the distance of the UE to the serving station, g, is the dis-
tance of the UE to each of the neighboring stations, and
N, B is the background noise with IV, the thermal noise
and B the system bandwidth.

According to [16], the UE density pék) in (4) is assumed to
follow the independently and identically distributed two-
dimensional Poisson point process. The number of users
Nék> of the target cell with area ¢ is given by

*) (08" 20) o
Pr{Ny"~ = Mo} = OT('O” i (6)

From (4) to (6), the optimal parameters (6 , ¢}) can be
found, and the best weight II;, can be derived by substi-
tuting (4)-(6) into (1)-(3).

4. THE PROPOSED REINFORCEMENT
LEARNING ASSISTED BEAMFORMING

Due to the lack of prior knowledge that is required to find
the theoretical optimal solution of (4), some research has
been conducted over related surrogate RL optimization
problems. Generally, apart from the MC method, Sarsa
[17] and Q-learning [13] are attempted. Those methods
lack convergence efficiency in practice even though their
convergence can be guaranteed [18].

In this section, a dynamic Q-learning beamforming
method is proposed to mitigate ICI and enhance conver-
gence efficiency. Each BS exploits the user SINRs in a
dense Urban-eMBB transmission environment and esti-
mates the Probability Density Function (PDF) of users’ oc-
curences to achieve an optimal beamforming solution via
trial without knowledge of the network and transmission
channel.

4,1 RL-based beamforming

In the RL-based beamforming process as shown in Fig.
1(a)(b), the BS in the target cell estimates the probability
density p(()t) of users’ occurrences in the target small cell
#0 by a long-term data statistical analysis in (6) at time

slot t. Once all served users send SINRs 7(*~1) at the time
slot (t — 1) to the BS, the state [p{’, 7(*~1)] observed by
the BS at the time slot ¢ is obtained, and then an RL-based
beamforming algorithm is applied for searching the op-
timal parameters for the ICI mitigation and coverage op-
timization. We formulate the beamforming optimization
problem under the MMIMO system context as an RL
problem and therefore provide a dynamic Q-learning
scheme to address the issue.

First, we define the agent to be the MMIMO system, the
set of states S = {s;}1",* to be the levels of average re-
gional SINR, the set of actions A = {a,}}~j to be the
possible combinations of antenna parameters. More pre-
cisely, each s; is an interval of the SINR value, s, is the
optimal SINR value interval, i.e. the highest achievable
SINR value derived from expert experiences in the
current environment. Similarly, s,, ; is the lowest SINR
range. And as [ increases, the boundary values of s
decreases, thus a higher [ implies poorer signal
performance state s;. Each action a; is an antenna
parameter’s choice made by the MMIMO system, and
consists of azimuth, vertical angle and beam width. The
environment is a signal simulator, see Section 5.1 for
more detail. The objective is to approach the optimal
target SINR state s, to achieve the best signal
performance. It covers the probability in (4) of average
regional SINR given by the simulator and guided by
selected action a. The environment (Fig. 1(c)) grants the
agent a reward r, , after the latter takes an a € A when it
isins e S.

Formally, we denote the state-action value function, the
expected discounted reward, as Q(s, a). In the table Q €
R™*", we use notation [19] Q(s, a) = [Q], , and update
entries by:

Q(s,a) + Q(s,a) + afr, , + dmaz Q(s",a’) — Q(s, a)]
(7)

where o : 0 < a < 1 is the learningrateand 6: 0 < § < 1
is the discount factor and determines the importance of
future rewards. s’ and o’ are the next state and action,
respectively.

An episode is a period of time in which an interaction be-
tween the environment and the agent takes place. Here,
an episode is of (at most) 7 transitional discrete time step
t. During an episode i : i € {0, 1, ..., ¢}, the agent makes a
decision to maximize the effects of actions decided by
itself. To achieve this goal, we apply the ¢- greedy learning
strategy to balance exploration and exploitation, where
1 —€:0 < e < 1is the exploration rate and serves as the
threshold probability to select a random a € A, as op-
posed to selecting an action based on exploitation. To add
randomness, the € increases in every episode from ¢,
until it reaches a preset upper bound.

The S space is constructed by partitioning the range of
the process Cumulative Distribution Function (CDF),
which is the probability of users with SINR under the
given T, in (4). The components of A space is shown in
Table 1. Through a finite series of a € A":= A — C (will be
discussed later), the agent attempts to approach s in
response to simulated s; at step ¢ within an episode.
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Table 1 - Learning Parameters

Parameter Value
Learning rate « 0.01
Reward decay rate § 0.9
Minimum exploration rate €,,,;,, 0.9
Number of episodes ¢ 22
Number of steps in each episode 7 40
Number of states 30
Number of actions 855

4.2 Reward signals

4.2.1 Reward design with Q-initialization

As discussed in [20], reward signals in our simulation en-
vironment are crucial to the RL Markov Decision Process
(MDP) since agents are expected to learn the optimal pol-
icy under industrial criteria.

Since adding additional rewards follows the policy invari-
ance [20], the reward function (s, a) within our problem
setting consists of two main parts:

T’(S, (1) - 7’(80, a)goal + T’(S, a’)inter (8)

7(80, @) 4oqi 1S given to the agent if s, is approached and
(8, a);p1er WOTrks as intermediate reward in the training
process when s # s,.

We aim to construct reward shaping for r(s, a),,,sc, Us-
ing the potential-based method to help guide the agent in
MDP; the potential-based shaping function is defined as
[20]:

Definition 1 Letany S, A, 6 and any shaping reward func-
tion F : S x A xS — Rin MDP be given. F is potential-
based if there exists a real-valued function ® : S — R s.t.

F(s,a,s8") = dP(s") — ®(s) (9)

forall s + sy,s" € S,a € A.

Therefore, based on the results in [20], such an F' can
guarantee consistency with the optimal policy that the
agent learned. Luckily, there is no need to construct the
shaping function from scratch [21], since the design of F
is equivalent to the initialization of [Q]

s,a*

Suppose the optimal policies learnt in our model with and
without potential-based F are n” and 7, respectively. Let
initial @ function of 7 be Q(s,a) = Q,(s,a) with shap-
ing rewards d®(s") — ®(s), and initial () function of 7’ be
Q' (s,a) = Qy(s,a) + ®(s) with no shaping rewards.

By (7), we have the update error:

= rs,a + 5(D<Sl) - (I)(S) + (5mC/L£CQ(S/, a‘/) - Q(S, a)

Qerror
(error = rs,a + 5qu Q/(S 704/) - Q/(Sv (L)
(10)

and now insert AQ and AQ)’, the difference between cur-
rent and initial values of Q and Q’ respectively, into the
update error:

{ AQ(s,a)

= Q(Saa) _Q0<37a)
AQ'(s,a) = Q'(s,

0) = Qols,a) —b(s) (1Y

we have
Qerror = Ts,a + 5@(8/) - (I)(S) + 5Tna;x(QO(S/7 (L/>

+AQ(s,a") — Qu(s,a) — AQ(s, a)
=74+ 5mc{wc(<I>(s’) +Qu(s",a") + AQ(s',a"))

- QO(S,(L> - AQ(S’ a) - @(S)
— r(s,a) + Smaz Q'(s',0') — Q'(s', ')

= Q,error
(12)
Therefore, we investigate the relationship between r; ;..
and Q (s, a) to decide the form of r,,,.,.. In the MDP prob-
lem setting [18], the discounted return from time step ¢
is G, = Y, 0Fr, 4y, and since § € (0,1), if 7,4, is
formed as a bounded series based on the distance from

S0 t0 82 (8, @) jmter < Thouna Where ryo.nq < 1, we have

oo
— k
G, = E 0Tyt
k=0
oo
k
< E d Tbound
k=0

[eS)
§ k

< Tbound d
k=0

— Tbound

1—-946

(13)

then for optimal policy 7’ [18]

maz Q™ (s,a) = E[G,] < T goal (14)

we know r,

inter ANA Ty, satisfy:

Tbound
T_s =Tgoal (15)

(15) gives an explicit gap between the two parts of r(s, a)
and also directly influences the following initialization of

Q(s, a).

4.2.2 Q-initialization setting

We rewrite the initial/ Q table/ of policy 7’ and the final
converged table as Q)f and Q}“mal respectively. By ((7)),

Qﬂ—/ (S? (l) «— Qg, + a<rbound + 5Q6r/ - Q‘IOT/>
= QF +a(1=0)(QFpu — QF)
we can derive that

i i Tbound
QO >innal: 1—96 (17)

(16)
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to guarantee the convergence of the model update.
And under the Q-learning scheme, (17) always provide
chances of exploration for actions that have not been at-
tempted.

In this end, we give reward signals for (s, a) as follows:

£0-1:(1-2)

7732‘8-‘1—1 Sl 2 32
o 0.01 _
Tsl,a = T e2®y1 S =951 (18)
60,2-(30—[) _
e2:8+1 S1= 5o
here s; > s, means! > 2 and set ry .0 = 95?1

from (18) to follow the conditions we derived in (13) (1 5)
Therefore, we can initialize the @ function as [Q], , =
0|5« 4 to satisty (17).

Algorithm 1 Optimal Action Selection Control

Input: Initial CDF state s,,,;, and target state s,,.
Output: Optimal a to approach s, during episode .

1: Define customized S, A4, € and 6.
2: Initialize C:= { }, @ := 0g/, 4} 7 :=0

3: Initialize s := s,,,;4,t :=0

4: repeat

5: while ¢t < 7 do

6: €= qu(emin’ €min T 4 t/(T : g))

7: Sample kq, ky ~ U (0,1)

8: if £, < ethen

: if k, > 0(1 — €) then
10: Selecta € A—C,a = argmax Q(s,a’)
11: else
12: Selecta € A, a = argmaz Q(s,a’)
end ‘

13: else

14: Selecta € A — Crandomly

end

15: Perform a in the simulator obtain s, r(s, a)
16: Update the entry Q(s, a) asin (7)

17: s s, t—t+1
18: if s # s, then

19: Append a in C
20: else
21: Early stopping
22 return a
23: end
24: end while

25: until s = s, otherwise proceed to episode i + 1

4.3 Dynamic Q-Learning algorithm

Considering the computational and equipment cost in an
MMIMO system, the delaying effect of reward should be
minimized. Then after each step ¢, we use twice e-greedy
strategy, the controller to help avoid the action that is un-
related to s, to dynamically shrink the A space in order

to make up for the delay in (18). Therefore, the controller
plays a highly efficient role as the penalty signal in our re-
ward and serves as a reinforced mechanism to assist the
selection. The upper bound of the time complexity for the
dynamic Q-learning method is in O(mn) [22].

For a total of at most n trials in ¢ episodes with a fixed
initial environment setting, algorithm 1 will stop training
the agent once s, is approached rather than continuing
the process due to the reward signals design in our model:

Controller C: As shown in Algorithm 1, controller C will
shrink the action space related to s in every step ¢ based
on the double e- greedy principle. This operation enables
the optimal action selection with higher and higher prob-
ability as ¢ goes on.

Rewardr, ,: (18) guarantees the agent learns a global op-
timum, our target action, instead of continuously jumping
on some local optimum for meaningless rewarding [23].

Reward signals and controller C attempt to guide the
agent by avoiding redundant scoring and long term penal-
ties. The agent itself continuously updates the learning
policy under the guidance of both of them.

4.4 Other existing methods

For the not too large Sx A space defined in Section 4.1,
the MC exhaustion algorithm often serves as a baseline
solution for the problem in Section 3. It requires testing
on all possible a € A to ensure the best action among
space A.

Therefore, we apply classical model-free RL methods: Q-
learning (off-policy) and Sarsa (on-policy) [18] in this
problem setting. They differ mainly in the Q function up-
dating style, while Q-learning holds ((7)), Sarsa follows
the update below:

Q(s, a) + Q(s, a) + afry ,+0Q(s',a") — Q(s, a)] (19)

Parameters for these models are set the same as in Table 1.
Unsurprisingly, off-policy based methods are superior to
on-policy methods [18] in the experiment discussed
later.

With the experience gained from Algorithm 1, Algorithm 2
is proposed to test the trained agent’s policy with any

randomized given s,,,,;.

5. SIMULATIONS AND DISCUSSIONS

To thoroughly investigate the performance of the pro-
posed RL-assisted full dynamic beamforming method and
validate the effectiveness of the theoretical analysis previ-
ously, we present statistical results of SINRs and compu-
tational complexity of the proposed algorithm compared
to other industrial methods. We implement Algorithm 1
within the environment below with preset parameters
shown in both Table 1 and Table 2.
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Table 2 - Environment components

Simulation Parameter Value Simulation Parameter Value
Antenna 3dB-Bandwidth in Azimuth (*) 15~ 110 Number of Observed UEs K, 100
Antenna 3dB-Bandwidth in Elevation (°) 0~ 30 Receiver Bandwidth (MHz) 20
Antenna Tilt Angle (°) -3~ 15 Receiver Height (m) 1.5
Carrier Frequency (GHz) 3.5 MM Array Type URA
Height of BS (m) 25 MM Array Size 8x8
Transmit Power (dBm) 44 MM Mechanical Downtilt 15

Algorithm 2 Evaluation Algorithm

Input: Target state s, and Q from Algorithm 1.
Output: Optimal ¢, target s with rewards for Z episodes.

1: Load the experienced Q := [Q], ,, 2 :== 0
2: repeat
3: Randomize s;,,;,
4: Choose a = argmaz Q(s;,,a’)
a

)

5: Perform a in the simulator and obtain s’, .
6: Update (s :=s",a,7, .1),
7: 2+ z+1
8 until 2 =7

5.1 Environment setting

We use the three following metrics to set up the simula-
tion environment and help compare:

¢ The simulation is based on the guidelines deined in
[24] for evaluating 5G radio technologies in an ur-
ban macro-cell test environment which presents a
radio channel with high user density and trafic loads
focusing on pedestrian and vehicular users (Dense
Urban-eMBB) [25].

¢ As shown in Fig. 1(a), the environment layout con-
sists of 19 sites placed in a hexagonal layout, each
with 3 cells, and the Inter-Site Distance (ISD) is
200 m.

¢ To visualize SINR for the simulation scenario we use
the Close-In (CI) propagation path loss model [26],
which calculates the path loss of transmitted power
in 5G urban microcell and macro-cell scenarios. This
model produces an RSRP (Reference Signal Receiv-
ing Power) map and a SINR map that shows reduced
interference effects compared to other beamforming
methods.

5.2 Computational complexity

The agent learns from the environment for 1000 epochs
of all randomized s,,,;, and stores policy experience in the
Q-table described in Algorithm 1. In this stage, our model
performs faster and is more stable than other methods
mentioned above. We utilize the three following metrics
to help compare:

Normalized Iteration Expectation Jp: it indicates the
scaled steps expectation to approach s, in 1000 epochs
of training.

Computational Eficienc y (CE) £,: we deine the ratio be-
low to relect computational cost saving:

2 Jy for Baseline MC
~ Jg for method i

(20)

*

where i € {Dynamic Q, Q-learning, Sarsa}.

Reward Scoring: This metric indicates how the dynamic
Q method is different from other methods in speed and
convergence when achieving reward.

Fig. 2(a) displays the J ; with standard deviation, which
implies stability in 1000 epochs, of how the dynamic Q
model acts differently from Q-learning, Sarsa and MC.
It takes the lowest normalized J; needed to meet s
with the highest computational eficiency &, (highlighted
stars) and even doubles £, compared to the baseline MC.
(b) indicates the agility of our model in adapting to the en-
vironment. Given randomized s,,,;;, the 95% conidence
interval shadow indicates within 1000 epochs of training,
the range and convergence rate of reward scoring for the
dynamic Q model differs from other RL methods. Our
model is able to fully train its agent in 10 episodes (with-
out early stopping) with robustness and obtain the high-
est reward while other methods are still unstable under
the two criteria.

5.3 SINR performance

We show our model’s shifting effect on SINR coverage in
Fig. 2(c)(d) compared to other methods. With the opti-
mal parameters derived from four models, respectively,
within 10 episodes in (b) and sent into the simulator;, (c)
indicates ours is of the smallest weak SINR coverage that
is lower than 0dB. The dynamic Q model suficientl y shifts
the SINR coverage towards a strong SINR direction, and it
enlarges the SINR coverage larger than 0 dB to over 50% of
the total population in the Region of Interest (ROI). Specif-
ically, (d) discloses that our model has the smallest proba-
bility density of users with weak SINR, for example, when
SINR € (—5, 0], the probability is 23% with the dynamic
Q model while it is 74%, 58%, 38% with the rest of the
methods, respectively.
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Fig. 3 displays the application when the optimal action
is sent into the simulator of different models in 10 train-
ing episodes. The dynamic Q model is of the best average
SINR of v = 6.319 dB in the ROI among all models.

In Table 3, we compare the average SINRs, across 6 dif-
ferent scenarios, for the dynamic Q model against MC,
SARSA, and Q-Learning with parameters fed from Fig.
2(b). It is clear that the dynamic Q model improves the
UE SINRs across 6 different environments, particularly in
comparison with MC, where we achieve the average SINR
improvements of around 8.3 dB, 10.4 dB, 12.2 dB 11.2 dB
and 11.8 dB, respectively.

6. CONCLUSION

In this paper, we propose an RL (i.e. dynamic Q-learning)
assisted full dynamic beamforming algorithm for the ICI
mitigation in 5G MMIMO systems. This algorithm miti-
gates the ICI and reduces the computational complexity
of the BS without knowledge of the network and trans-
mission channel. Simulation results show the implemen-
tation complexity is lower and UE SINRs are signiicantly
improved compared to other industrial methods. For ex-
ample, in the dense Urban-eMBB scenario, the probability
of weak SINRs in the target cell is about 60% lower and
computational complexity is reduced by more than 50%
compared to the benchmark.
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