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ABSTRACT

Beamforming is an essential technology in the 5G massive multiple-
input-multiple-output (MMIMO) communications, which are sub-
ject to many impairments due to the nature of wireless transmission
channel, i.e. the air. The inter-cell interference (ICI) is one of the
main impairments faced by 5G communications due to frequency-
reuse technologies. In this paper, we propose a reinforcement learn-
ing (RL) assisted full dynamic beamforming for ICI mitigation in 5G
downlink. The proposed algorithm is a joint of beamforming and
full dynamic Q-learning technology to minimize the ICI, and results
in a low-complexity method without channel estimation. Perfor-
mance analysis shows the quality of service improvement in terms
of signal-to-interference-plus-noise-ratio (SINR) and computational
complexity compared to other algorithms.

CCS CONCEPTS

« Networks — Wireless access points, base stations and in-
frastructure; « Computing methodologies — Model develop-
ment and analysis; « Theory of computation — Reinforcement
learning.
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1 INTRODUCTION

MMIMO technology in 5G is a competent solution that significantly
improves system capacity, signal coverage and spectral-efficiency
by configuring hundreds of antenna elements (AEs) at base station
(BS) to shape effective beamforming [1][7]. However, the quality of
MMIMO beamforming depends on accurate channel state informa-
tion (CSI), pilot contamination and ICI estimation [25]. Moreover,
the MMIMO beamforming complexity becomes a challenge as the
number of AEs at BS increases. Therefore, it is necessary to ex-
plore an effective and efficient beamforming method for the ICI
mitigation with low-power and low-complexity [15].

In recent years, the accurate MMIMO beamforming has attracted
extensive researches [25][15][24][12][8], which are almost in two
main directions: with and without CSI. Hybrid beamforming [25][15]
[24] is the representative of the former. It aims to reduce the ex-
pense of radio frequency (RF) chains and decrease the complexity
of beamforming compared to the conventional methods [7], but it
needs to update beams frequently when pilots are received contin-
ually at BS. A smart pilot assignment scheme, which is effective
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to mitigate interference but aims at a single cell, is proposed in
[24] to reduce pilot contamination by smartly assigning orthogonal
pilots to users. The latter mainly includes first Monte Carlo (MC)
method, which searches the optimal beamforming parameters but
suffers from increasing computational complexity, and second deep
learning (DL) methods. One of them is reported in [8] to research
the characters of wireless spatial channels and explore preferable
pilot assignments for better channel estimation and beamforming,
but DL methods require training algorithmic model beforehand and
time-consuming sample data collection.

In this paper, an RL assisted full dynamic beamforming method
is developed to efficiently acquire the optimal beamforming param-
eters in MMIMO system to address ICI issues. We fully consider
the micro- and macro-cell multi-path transmission channels which
present radio features with high user density and tranffic loads
focusing on pedestrian and vehicular users (Dense Urban-eMBB)
scenarios [1][7][24], such as buildings, mountains and rivers, where
the distribution of user equipments (UEs) change infrequently, these
factors significantly impact coverage. To get the optimal beamform-
ing, firstly, we utilize Poisson Point distribution model to estimate
the occurrences of UEs in the target cells with a long-term data
statistical analysis; Secondly, we apply RL algorithm to fast search
through huge volumes of parameters and obtain optimal values.
Lastly, we send the optimal parameters into the BS beamforming
simulator for the best SINR.

In summary, the main contribution of this work includes:

o The proposed RL assisted full dynamic beamforming method
does not require channel estimation and does decrease the
computational complexity compared to traditional methods.

e The RL model outputs the optimal beamforming parameter,
considers the distribution of UEs in different scenarios and
multi-cell ICIs.

e The RL model is of sample efficiency and takes much less
time in adapting to the environment change.

The rest of the paper is organized as follows. In Section 2, related
works on RL-based ICI mitigation are presented. The system model
and our proposed Dynamic-Q learning scheme are presented in
Section 3 and 4. In Section 5, simulation results are presented and
the conclusion 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 it. Surveys have been carried out on
ICI mitigation techniques in 5G downlink networks [3][19], on ICI
coordination techniques in OFDMA-based cellular networks [6] and
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Figure 1: Illustration of the proposed RL-based beamforming (b) for MMIMO sysyems and the network layout (a) of 5G dense

Urban-eMBB cells, in which the BS of target small cell #0 with Ny(k) mobile users chooses the optimal beamforming a;(k) (c)
to mitigate interference from the neighboring N_.;; small cells at time slot k, and Ny (k) users return estimated SINRs yy (k) to

the BS.

on ICI mitigation techniques in OFDMA-based cellular networks
and LTE [11].

RL-based approaches have been extensively applied in ICI mit-
igation problem. For instance, a Q-learning-based power control
scheme formulates the ICI coordination issue as a cooperative multi-
agent control problem to improve the performance of the cellular
systems is proposed in [4]. An RL-based power control scheme for
ultra-dense small cells to improve network throughput and save en-
ergy consumption is presented in [23], in which BS select downlink
transmit power to manage interference. A dynamic RL-based ICI
coordination algorithm as developed in [18] smartly offloads traffic
to open access picocells and then improves the system throughput.

3 SYSTEM MODEL

ICl is caused by multiple sources transmitting signals with the same
subcarrier and received by a receiver. A user receives signals from
the serving cell and neighboring cells but at different power levels
due to the pathloss.

3.1 AOA-based Beamforming

The angle-of-arrive (AOA) based beamforming is usually used in
5G MMIMO system, where the BS is configured with an antennas
array composed of W AEs, and M AEs are arranged in a row and L
AEs in a column [7]. In RF, the BS shapes beamforming for the k#
UE by configuring weights on AEs according to AOA (0, ¢x) [2],
where 0. is the horizontal azimuth and ¢ is the vertical angle of
the k' UE. The weights on the i*" AE in a row can be represented
as

Wik = e—jZn’idh sin Gk’ wii € Cl*M (1)
where dj, is the row AE distance. And the I‘" AE in the column can
be obtained by

glk — e—j27rla'z, cos q]k,'flk c CL*l (2)

where d, is the column AE distance. From (1) and (2), the final
beamforming weights for the k" UE can be derived by

1—[ = Pl ®)
k

where Qi = [01k 0gk - - - Oyl Yk = [Erer Eager - €Ll -

Since the final weights in (3) depends on (0, ¢ ), the implement
complexity for (0, @) estimation gets high as the perfect CSI
needed, which is usually affected by ICL

3.2 Search-based Beamforming

To mitigate the ICI with a low-complexity, a search-based beam-
forming algorithm is reported in [2], which uses MC to search the
optimal weights rather than AOA estimation in (3). In MC beam-
forming, the best weights are obtained by searching (6, ¢ ) in all
possible angles to minimize the IC, i.e.

- : K (k)
(07,07 «— arg min P,(SINR < T,|h%), p\®))
i & o) | 9% P
st.—m <O, <

where Py is the probability of SINRs weaker than the target T; given

the channel h;k) and UE density pj(.k) , and the SINR in (4) for the

it" UE located on the jth cell can be expressed by [2]
PiiSi}

NoB + Zlk\le,k# PkgzZV

SINR; ; = ©)

where v is the path-loss exponent, p.; is the transmit power of
the serving enode Bj, N is the number of neighboring enode Bj,
Pk is the transmit power from B, ¢.; is the distance of the UE
to the serving station, ¢ is the distance of the UE to each of the
neighboring stations, and NyB is the background noise with Nj the
thermal noise and B the system bandwidth.

According to [14], the UE density pék) in (4) is assumed to fol-
low the independently and identically distributed two-dimensional
Poisson point process. The number of users No(k) of the target cell
with area ¢y is given by

(k)

A
(k)
= M e_po %o (6)

k
Pr{Ng® = Alpo}
From (4) to (6), the optimal parameters (9;, (p;;) can be found,
and the best weight [ can be derived by substituting (4)-(6) into
®3).
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4 THE PROPOSED REINFORCEMENT
LEARNING ASSISTED BEAMFORMING

In this section, we propose an RL assisted full dynamic beamforming
method to mitigate ICI and reduce the system complexity. Each
BS exploits the user SINRs in a dense Urban-eMBB transmission
environment and estimates probability density function (PDF) of
users’ occurences 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 Figure 1(a) (b),
the BS in the target cell estimates the probability density pék) of
users’ occurences in the target small cell #0 by a long-term data
statistical analysis in (6) at time slot k. Once all served users send
SINRs y(k’l) at the time slot (k—1) to the BS, the state [p(()k), y(k’l)]
observed by the BS at the time slot k is obtained, and then an RL-
based beamforming algorithm is applied for searching the optimal
parameters for the ICI mitigation and coverage optimization.

Following Algorithm 1, we formulate the beamforming optimiza-
tion problem under the MMIMO system context as an RL problem
and therefore provide a dynamic Q-learning scheme to address the
issue.

The objective is to approach a desire target SINR state: s¢. It
covers the probability in (4) of average regional SINR given by
the simulator and guided by selected action a;. A = {a; ?:_01 and
S = {si};';al are the sets of agents’ actions and states respectively.
The environment (Figure 1(c)) grants the agent a reward rs 4 after
the latter takes an a € A when itisin s € S at discrete time ¢.

Formally, we denote the state-action value function, the expected
discounted reward, as Q(s, a). In the table Q € R™" we use nota-
tion [10] Q(s, a) = [Q]s,q and update entries by:

Q(s,a) < Q(s,a) + a[rs,a + dmax Q(s',a’) = Q(s,@)]  (7)

where & : 0 < @ < 1 is the learning rate and § : 0 < § < 1 is the
discount factor and determines the importance of future rewards.
s’ and a’ are the next state and action, respectively.

An episode is a period of time in which an interaction between
the environment and the agent takes place. Here, the episode is of
(at most) 7 transitional discrete times. During an episode i : i €
{0,1,...,{}, the agent makes decision to maximize the effects of
actions decided by itself. To achieve this goal, we apply the e-greedy
learning strategy to balance the exploration and exploitation, where
1—€:0 < € <1is the exploration rate and serves as the threshold
probability to select a random a € A, as opposed 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 processed
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 sg
in response to simulated s; at step ¢ within an episode.

4.2 Reward Signals
4.2.1 Reward Design with Q-initialization.
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Table 1: Learning Parameters

Parameter Value
Learning rate o 0.01
Reward decay rate § 0.9
Minimum exploration rate €,in 0.9
Number of episodes ¢ 22
Each episode duration 7 40
Number of states 30
Number of actions 855

As discussed in [13], reward signals in our simulation environ-
ment are crucial to the RL Markov decision process (MDP) since
agent are expected to learn the optimal policy under industrial
criteria.

Since adding additional rewards follows the policy invariance
[13], the reward function r(s, a) within our problem setting consists
of two main parts:

r(s,a) = r(s0. @goal + (8, @)inter ®)

r(so, a)goal is given to the agent if sy is approached and r (s, a)inter
works as intermediate reward in the training process when s # s.

We aim at constructing reward shaping for r(s, a)inter using
potential-based method to help guide the agent in MDP, the potential-
based shaping function is defined as [13]:

DEFINITION 1. Let any S, A, § and any shaping reward function
F:SXAXS — R in MDP be given. F is potential-based if there
exists a real-valued function ® : S — R s.t.

F(s,a,s") = 5®(s") — d(s) 9)
foralls # so,s" €S,a€A.

Therefore, based on the results in [13], such an F can guarantee
consistency with the optimal policy that agent learned. Luckily,
there is no need to construct the shaping function from scratch [22],
since the design of F is equivalent to the initialization of [Q]s,q.

Suppose the optimal policies learnt in our model with and with-
out potential-based F are 7’ and 7, respectively. Let initial Q func-
tion of 7 be Q(s, a) = Qo (s, a) with shaping rewards §®(s”) — @(s),
and initial Q function of 7’ be Q’(s,a) = Qo (s, a) + ®(s) with no
shaping rewards.

By (7), we have the update error:

Qerror =Tsa + 5®(s") — O(s) + S max Q(SI, a’) - (s, a)
a/
Qérror =Ts,a+dmaxQ'(s',a’) = Q'(s,a)
o
(10)
and now insert AQ and AQ’, the difference between current and
initial values of Q and Q’ respectively, into the update error:

{ AQ(s.0) = Q(s.a) ~ Qo(s.a) -

AQ’(s,a) = Q'(s,a) = Qo(s,a) — 0(s)
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we have
Qerror = Isat+ 5(1)(31) - ®(s)+6 max(QO(s', a,) + AQ(S,: al))
a/

= Qo(s,a) = AQ(s,a)
=rsa + S max(®(s") + Qo(s’,a’) + AQ(s',a"))

= Qo(s,a) = AQ(s, a) — (s)

=r(s,a) +dmax Q'(s",a") - Q'(s",a’)

= Qelzrror

(12)
Therefore, we investigate on the relation between rjnzer and
Qo (s, a) to decide the form of rjpzer. In the MDP problem setting
[21], the discounted return from time step ¢ is G; = Z:’:O (Skr,_,_k_,_l,
and since § € (0, 1), if ripzer is formed as a bounded series based on
the distance from sp to s;: (s, @)inter < pound> Where rpouna < 1,

we have

k=0 (13)

IN
~

S

=}

S

3

QU
S

2

then for optimal policy 7’ [21]
max Q™ (s,a) = E[Gt] < rgoat (14)
a

we know ripzer and Tgoal satisfy:

Tbound
1o = Tgoal (15)

(15) gives an explicit gap between the two parts of r(s, a) and
also directly influence 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(’)r/ and Q}[;nal respectively. By (7),

Q™ (s,a) «— QF +a(rpoyna + Q7 — OF )

4 ’ ’ (16)
= QF +a(1=8)(Qp0 — )
we can derive that
’ ’ rb d
Q(7)r > Q}Zinal = 10:”25 17

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 attempted.

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

£0-1:(i-2)

ST Ny}
0.01 —
Isia = T 2841 Si = S1 (18)
£0-2:(30-1)
22811 Si = S0

Aidong Yang, Ph.D, Xinlang Yue, and Ye Ouyang, Ph.D

_ __0.01
and set rpoynd = — 25,7

derived in (13), (15). Therefore, we can initialize the Q function as
[Qlsa = 0|s|x|A]| to satisfy (17).

from (18) to follow the conditions we

4.3 Dynamic Q-Learning Algorithm

Considering the computational and equipment cost in 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 unrelated to sy 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 penalty signal in our
reward and serves as a reinforced mechanism to assist the selec-
tion. The upper bound of the time complexity for the Dynamic
Q-learning method is in O(mn) [9].

For a total of at most n trials in { episodes with a fixed initial
environmental CDF, the algorithm 1 will stop training the agent
once sg 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 t based on double e-greedy
principle. This operation enables the optimal action selection with
higher and higher probability as ¢ goes on.

Algorithm 1 Optimal Action Selection Control

Input: Initial CDF state s;ni; and target state sg.
Output: Optimal a to approach sy during episode i.
1: Define customized S, A, € and §.
2: Initialize C := { }, Q := 0|gx|a|; 1 =0
3: Initialize s := sjpjz, t := 0

4: repeat
5 while t < 7 do
6: €= maqx(emim €min+0 /(1))
7 Sample ki, k2 ~ U(0,1)
8: if k1 < e then
9: if kp > §(1 — €) then
10: Selecta € A - C,a = argmax Q(s, a’)
11: else ‘
12: Select a € A, a = arg max Q(s, a’)
end ¢
13: else
14: Select a € A — C randomly
end
15: Perform a in the simulator and obtain s’, 7 (s, a)
16: Update the entry Q(s, a) as in (7)
17: se—s'te—t+1
18: if s # sy then
19: Append a in C
20: else
21: Early stopping
22: return a
23: end
24: end while

25: until s = sy otherwise proceed to episode i + 1
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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) 4 MM Array Type URA
Height of BS (m) 25 MM Array Size 8%x8
Transmit Power (dBm) 44 MM Mechanical Downtilt 15

Reward rs 4: (18) guarantees the agent learns a global optimum,
our target action, instead of continuously jumping on some local
optimum for meaningless rewarding [5].

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

4.4 Other Existing Methods

For not too large S X A space defined in Section 4.1, 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) [21] in this problem setting. They
differ mainly in the Q function updating style, while Q-learning
holds (7), Sarsa follows the update below:

Q(S, a) — Q(S, a) +0{[I’S’a +5Q(S,, a’) _Q(S, a)] (19)
Parameters for these models are set the same as in Table 1. Un-
surprisingly, off-policy based methods are superior to on-policy
methods [21] 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 Sinit.

Algorithm 2 Evaluation Algorithm

Input: Target state so and Q from Algorithm 1.
Output: Optimal a, target s with rewards for Z episodes.
1: Load the experienced Q := [Q]s 4,2 :=0
2: repeat
3: Randomize sjn;; with (s, a,7s,,;,,t)z == (0,0,0,0),
4 Choose a = arg max Q(sinit, a’)
a

5 Perform a in the simulator and obtain s’, g, ,,, t
6 Update (s :=s",a,75;,,,, 1)z

7: ze—z+1

8: untilz =7

5 SIMULATIONS AND DISCUSSIONS

To thoroughly investigate the performance of the proposed RL
assisted full dynamic beamforming method and validate the effec-
tiveness of the theoretical analysis previously, we present statistical
results of SINRs and computational 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.

5.1 Environment Setting

The simulation is based on the guidelines defined in [17] for evaluat-
ing 5G radio technologies in an urban macro-cell test environment
which presents radio channel with high user density and traffic
loads focusing on pedestrian and vehicular users (Dense Urban-
eMBB) [16]. As shown in Figure 1(a), the layout consists of 19 sites
placed in a hexagonal layout, each with 3 cells, and the inter-site
distance (ISD) is 200m. The visualize SINR for the simulation sce-
nario using the Close-In propagation model [20], which models
path loss for 5G urban micro-cell and macro-cell scenarios. This
model produces an SINR map that shows reduced interference
effects compared to the free space propagation model.

5.2 Computational Complexity

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

Normalized Iteration Expectation Ig: it indicates the scaled steps
expectation to approach sy in 1000 epochs of training.

Computational Efficiency (CE) E,: we define the ratio below to
reflect computational cost saving:

Iy for Baseline MC

it ——M———————
I, for method i

(20)
where i € {Dynamic Q, Q-learning, Sarsa}.

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

Figure 2(a) displays the Jg with standard deviation, which implies
stability in 1000 epochs, of how Dynamic Q model acts differently
from Q-learning, Sarsa and MC. It takes the lowest normalized 7g
needed to meet sy with the highest computational efficiency &.
(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 sjji¢, the 95% confidence interval
shadow indicates within 1000 epochs of training, the range and
convergence rate of reward scoring for Dynamic Q model differ
from other RL methods. Our model is able to fully train its agent
in 10 episodes (without early stopping) with robustness and obtain
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Figure 2: Comparison of computational complexity and SINR improvements of the proposed Dynamic Q algorithm with other
industrial methods: MC (Baseline), Q-Learning and Sarsa. (a) shows the total iteration number for the optimal parameters; (b)
displays their best reward when the iterate number is fixed to Nj; = 10, each point on the mean curve of rewards is averaged
across 1000 epochs with random s;,;;, the shadow is the 95% confidence interval across 40 episodes of three models setting; (c)

and (d) gives the CDF and PDF of their SINRs.
W =64, N oj; = 57, Ko = 100.

the highest reward while other methods are still unstable under the
two criteria.

SARSA

¥ = —2.036 dB y=-1724dB

: ol s Iy e O]
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Figure 3: The average SINRs of different RL-based ICI mit-
igation algorithms in 5G MMIMO system, with parameters
fed from Figure 2(b). White circles are ROL

W =64, N,oj; = 57, Ko = 100.

5.3 SINR Performance

We show our model’s shifting effect on SINR coverage in Figure
2(c)(d) compared to other methods. With the optimal 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. Dynamic Q model
sufficiently shift the distribution towards strong SINR direction, it
enlarges the SINR coverage larger than 0 dB to over 50% of the total
population in the region of interest (ROI). Specifically, (d) discloses
that our model has the smallest probability density of users with
weak SINR, for example, when SINR € (-5, 0], the probability is
23% with Dynamic Q model while it is 74%, 58%, 38% with the rest
methods, respectively.

Figure 3 displays the application when the optimal action is sent
into the simulator of different models in 10 training episodes. The
Dynamic Q model is of the best average SINR of y = 6.319 dB in
the ROI among all models.

In Table 3, we compare the average SINRs, across 6 different sce-
narios, for Dynamic Q model against MC, SARSA, and Q-Learning
with parameters fed from Figure 2(b). It is clear that Dynamic Q
model improves the UE SINRs across 6 different environments, par-
ticularly on the comparison with MC, 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.
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Table 3: Application Scenarios

BS location

RL-based ICI mitigation algorithms

Longitude Latitude MC

Sarsa Q-learning  Dynamic Q

116.395659  39.959522 -2.036
117.212147  39.161901 -4.732
111.713038  40.832723 -7.931
111.710787  40.832027 -6.293
111.709219  40.837586 -6.517

-1.724 1.488 6.319
-2.543 0.563 5.783
-3.472 -1.239 4.374
-2.174 0.897 4.978
-2.573 1.296 5.381

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 mitigates the ICI and reduces
the computational complexity of the BS without knowledge of
the network and transmission channel. Simulation results show
the implement complexity is lower and UE SINRs is significantly
improved compared to other industrial methods. For example, 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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