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ABSTRACT

Massive Multiple-Input Multiple-Output (MIMO)
is widely considered a pivotal communication tech-
nology for future generations of wireless networks.
Massive MIMO uses a large number of antennas at
the base station, which offers better effectiveness
in spectral and energy use. However, a Frequency
Division Duplex (FDD) system is challenging in
reciprocity since it is difficult to estimate channels
and requires feeding back channel state information.
Joint Spatial Division and Multiplexing (JSDM) is a
simplified FDD technique to provide massive MIMO
gains. The main idea of JSDM is related to grouping
users with approximately similar channel covariance.
Many machine learning algorithms have been applied
to conduct user grouping. In this paper, to improve
the user grouping, we employ Reinforcement Guided
Competitive Learning (RGCL) to the user grouping
and then compare it with clustering techniques, in-
cluding K-means, and sequential K-means to achieve
the appropriate user grouping. The experimental
results show that the RGCL technique represents
better performance in computational time and system
throughput than the other two above mentioned
techniques, since RGCL can avoid being trapping in
local minima.

Keywords: Long Term Evolution, Joint Spatial Di-
vision and Multiplexing, Reinforcement Guided Com-
petitive Learning, Multiple-Input Multiple-Output

1. INTRODUCTION

The use of mobile broadband over the last decades
has significantly increased as exemplified by the total
mobile traffic in petabytes per month in the networks
throughout the world [1]. It leads to a challenge
in increasing network capacity. According to the
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statement of the Shannon-Hartley theorem [2], the
capacity of a mobile system can be improved by
increasing bandwidth or signal to interference plus
the signal to noise ratio (SINR). However, available
frequencies for mobile cellular systems are limited. In
addition, only some portions of the radio frequency
spectrum are deployed for all cellular phone networks.
Therefore, increasing SINR is another possible way to
increase capacity which can be achieved by reducing
the cell size [3].

As demands for data consumption grow, the
existing networks should be improved. First, WiMax
was introduced as the next technology. However,
it needs a big budget and is more time consuming
to deploy than existing carriers utilizing CDMA or
GSM. In addition, it was a network built from the
ground up. Then, Long Term Evolution (LTE) was
suggested to be the next option [4]. It is cheaper, uses
current technologies, and can be implemented rather
quickly. Moreover, it has been considered effective
in enhancing peak data rates, decreasing latency and
improving system capacity and coverage, especially
for multiple antenna technologies.  Furthermore,
LTE uses OFDMA technology for the downlink, in
which all available bandwidth is divided into small
frequency channels called chunks [5]. Each chunk has
to be assigned to the cells. The chunk assignment is a
step of frequency planning, which is a process in the
network implementation.

Currently, the frequency planning is done by
a fixed scheme called the frequency reuse factor
(FRF) concept [6]. The concept divides the whole
bandwidth into chunks that are allocated to the base
station statically. However, these fixed frequency
assignment algorithms are inappropriate for next-
generation mobile networks, because the behavior of
network traffic is dynamic, spatial, and temporal.
Hence, the dynamic spectrum assignment (DSA)
concept has been discussed which can manage the
spectrum bandwidth more efficiently than the fixed
scheme [7]. In addition, Reinforcement Learning
(RL) has been studied in the field of dynamic
spectrum assignments, and it has been shown in many
pieces of research to have high efficiency in exploiting
the available spectrum in OFDMA based networks
[8-11].

The multi-antenna technique is one of the tech-
nologies exploited in the LTE system to improve
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system capacity. It is a basic technique for multiple-
input multiple-output (MIMO) technology [12]. In
addition, the MIMO has been incorporated in LTE
Release 10, also known as LTE-Advanced (LTE-A),
since it also provides large spatial multiplexing
throughput gains. However, the broadband demands
are surprisingly exponentially increasing but the
throughput only increases almost linearly. The
difference between the demand and the supply is
continuously expanding.

To solve this issue, [13] proposed a concept of
using a large number of antennas at the base station
called massive MIMO [14, 15]. Normally, when many
transmit antennas are installed at base station, this
yields more degrees of freedom for serving a large
number of users. In addition, it provides greater
reliability and throughput. Although attributable to
achieving channel state information (CSI) at the base
station, it is a challenge to support many users in
massive MIMO at the same time [16,17]. Frequency
division duplex (FDD) mode in massive MIMO is
also facing a design challenge. Furthermore, JSDM
which is a downlink scheme for multi-user MIMO
(MU-MIMO), was introduced by [18] to reduce
pilot based channel estimation and CSI. Because
these two signals consume a lot of spectrum and
power, JSDM needs to reduce the dimension of both
downlink training and CSI with two main stages:
pre-beamforming and MU-MIMO pre-coding.

The key concept of JSDM lies in dividing users
into similar channel covariance groups. The grouping
information is provided to the two sequential stages.
Therefore, the user grouping process plays a crucial
role in the JSDM approach. Recently, some new user
grouping techniques for JSDM have been proposed.
They also consider similarity and grouping algo-
rithms. The similarity, which is based on the chordal
distance, was applied to two different clustering
algorithms, K-means and fixed quantization [18,
19]. In addition, a reinforcement method, namely
the Reinforcement Guided Competitive Learning
(RGCL) clustering algorithm, was found that can
avoid trapping in local minimum [20], and the RGCL
was proved that it is more flexible than the original
competitive leaning procedures. Competitive learn-
ing is a version of K-means. The RGCL algorithm
was tested on the simple well-know problem, the IRIS
dataset [21]. This problem is a clustering problem
trying to minimize the average distance between the
instances and their clusters’ centroids. The IRIS
dataset has 150 data points with 4 attributes and
3 clusters. Two clusters are distinctly separate, but
another cluster is not clearly different from the two
clusters.

In the first part of this paper, we develop the
user grouping process by modifying the input entities
of the original RGCL algorithm.  Secondly, we
introduce a new user location pattern based on a

Gaussian Mixture Model to represent a real-world
user locations. We also intensively explore the
number of groups used as a very important parameter
in the grouping process. Finally, we compare
the computational time and data rate produced by
different user grouping algorithms.

The rest of the paper is structured as follows.
Section 2 introduces the concept of JSDM. RGCL for
User Grouping of the JSDM Approach is described in
Section 3. Then the simulation model is represented
in Section 4, and Section 5 relates our experimental
results. Finally, conclusions are drawn and ideas for
future work are given in Section 6.

2. JOINT SPATIAL DIVISION AND MUL-
TIPLEXING

JSDM was employed to reduce CSI and pilot
based channel estimation as a consequence of seeking
smaller spectral and energy consumption [22]. JSDM
can reduce the dimension of both downlink training
and CSI at the transmitter, which has an effect on
Massive MIMO at the base station.

Furthermore, JSDM has two main stages: pre-
beamforming and MU-MIMO precoding. The first
stage is the pre-beamforming matrix (B), which
is related to the inter-group interference, and the
multi-user matrix (P). It is produced to minimize
the interference inside each group (the intra-group
interference).

The system considered here is a downlink system
with M antennas quipped at the base station and
each user terminal (UT) using a single antenna (total
number of UTs is K). The transmit antennas are
placed along one axis to form a uniform linear array
(ULA). As mentioned in [22], the received signals of
all UTs y are defined as

y=H"Vd {2z (1)

where ()7 is the Hermitian of a matrix. H is the
actual channel between the base station and the UTs.
V is the precoding matrix, and d is the data vector.
z is the zero-mean circularly symmetric complex
Gaussian noise vector.

The second stage of JSDM is pre-coding. The
pre-coding matrix V is the product of two pre-coding
matrices; V. = BP. B is a M x b matrix, which is
designed based on the transmit spatial correlation.
The same B is applied to the UTs with the similar or
the same transmit correlation, which forms a group
of UTs. B is designed to reduce the inter-group
interference. After the pre-beamforming, we have
matrix B and the effective transmit size b, which are
determined by dominant eigenmodes of the average
transmit correlation of user groups. The part which is
designed to reduce the interference within each group
is controlled by matrix P.

Now we can define the effective channel after pre-
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beamforming, H as Eq. (2) [22).
H = B"H (2)

Given the user grouping process, matrix Bg can be
found, where g is the group index. [23] proposed
approximating the average signal to interference plus
noise ratio (SINR) with the assumption that there
are no intra-group co-scheduled users. The SINR can
be defined as

P
S b, |tr(B§IngBg)|
- g

Yo = P a :
14 Tby Zg'#g |tI‘(Bg,ngBg/)|
9

(3)

When the average SINR is computed for a user, it
is assumed that in an instantaneous time slot, only
the selected UT is scheduled. Then the rate for the
scheduled user g is given by

Ngr = log, (1 + 'ng-)' (4)

Sygcem throughput r,s is achieved as 7,5 =
%ﬁ:glrglggvg Ngr- Ng is the scheduled user set in the

According to [22], the key concept of the JSDM
lies in dividing the users within the cell into groups
with similar channel covariance and feed grouping
information into the two sequential stages. Therefore,
the user grouping process plays a crucial role in
the JSDM approach. = Machine Learning (ML)
algorithms can perform classification or grouping
tasks. A Reinforcement Learning (RL) algorithm like
Reinforcement guided competitive learning (RGCL)
proposed by [20] is suitable for the complex and noisy
environment of an MIMO system using the JSDM
method.

3. RGCL FOR USER GROUPING

Reinforcement Learning (RL), which is a class of
learning problems in machine learning, has become
one of the most active research areas in artificial
intelligence, neural networks, and machine learn-
ing [24]. RL is generally used for solving complex
problems when the controller is difficult to design.
An agent which is controlled by the RL algorithm,
must learn how to map situations to actions in
order to maximize a numerical reward signal from its
environment. The agent learns from its interaction
within an environment, and not from a set of training
data or supervised learning.

In the RL framework, the dynamic environment
is observed by an agent to select action as a result
of maximizing its reward [24]. The environment
interacts continuously with the agent to represent
new situations to the agent which are related to those
actions. The connection between the current state
and the selected action is roughly called policy. In

some cases, the policy is a simple function, such as a
lookup table that involves extensive computation and
a search process. The problem can be divided into a
learning system and its environment. The long-term
interaction between the dynamic environment and
the agent is mathematically modeled as a Markov
Decision Process.

Many RL algorithms have been developed using
the concept of immediate RL. The RGCL described
in [25] uses the family of REINFORCE algorithms
where the w;; is updated by Eq. (5).

881‘

8wij

(5)

Awij = a(r —bi;)(yi — pi)
where a > 0 is the learning rate. r is the reward,
bi; is reinforcement baseline. y; is the output of the
Bernoulli unit ¢. p; is a probability computed as p; =
f(ZfZl w;;x;). P is number of properties, and s; is
the distance between x and w;.

RGCL is the method of RL deployed in this
paper, since the RGCL is based on the clustering

procedure of the competitive learning techniques. Let
X = [z1,...,xn] be unlabeled input data. N is total

number of inputs, z; = [@i1,...,2;p] . p is the total
number of data properties. w; = [wj1,..wjp] is a
cluster. j = 1,..,L, and L is the total number

of clusters. d(z;,w;) is the distance between user
i and the center of cluster j. For RGCL, which
learns clustering policy from the reward signal, the
immediate reward [25] is generated by Eq. (6).

1 ifi=:"andy; =1
ri=4—-1 ifi=i"andy, =0 (6)
0 ifid

where y; is the output of unit (or cluster) . y; = 1
means the unit is active, but y; = 0 means the unit
is inactive. y; is the output of a Bernoulli random
variable, so y; € Y = {0,1}. [25] showed that the
generating function is of the form:

1—p; ify; =0
9i(Yi, pi) = .
Di ify; =1

(7)

where p; = f(s;) s; is d?(z, w;).

Following the specification of the reward function
and setting b;; = 0 for every ¢ and j, Eq. (5) simplifies
to be Eq. (8) [25].

(9Si
6’wi]‘

(8)

Aw;j; = ari(y; — pi)

p
In the case where s; = d?(z,w;) = > i, Eq. (8)
j=1

becomes the update equation of RGCL as shown in
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Eq. (9) [25].

Awgj = ari(y; — pi)(z; — wij) (9)
Then [25] applies the reward, r; from Egs. (6-9),
so the update function is

Au, = {auy = pi)l(j — wiy)

i
if ¢ z. (10)
0 otherwise.

RGCL with normalized distance has an enhance-
ment to improve the user grouping performance.
Hence, RGCL and RGCL with normalized distance
on user grouping in JSDM for massive MIMO were
described in this section. In order to take advantage
of the high potential of the JSDM technique, the users
have to be divided into groups with similar covariance
eigenspaces.

To summarize the concept of RGCL, it is a learning
system trying to maximize the expected reward at
the forthcoming step. It has an indirectly stochastic
way to follow the clustering strategy. High rewards
are obtained when the system follows the clustering
strategy, but low values of r are received when the
system is unsuccessful in the reward function.

In this section, we are interested in RGCL with
the normalized distance which will be applied to
the user grouping. This is because user grouping
is a key task in the JSDM as a part of improving
the performance of the massive MIMO system.
Furthermore, RGCL has a stochastic property which
avoids getting trapped in local minima. Hence,
RGCL user grouping is exploited for finding proper
groups of users.

4. SIMULATION MODEL

In the simulation, we focus on the user grouping
when a Uniform Linear Array (ULA) is installed at
the base station. In this scenario, the well-known
one-ring model is considered and the base station is
located at the center of the coverage-circle area.

The antennas are installed along one axis with 0.5\
spacing (A stands for the wavelength of the operating
frequency) to form a ULA. Then the N single-antenna
users are served within one of three sectors.

The location of each UT is randomly chosen in
(r,0), a pair of the base station-to-UT distance, r
and the angle of arrival (AoA), 6. r is in the range
[20(m), 100(m)], and @ is in the range [—60°, 60°]. We
assume that there is no significant scattering around
the base station antennas. Then the (m, p)-th entry
of channel covariance matrix for the user. Located at
(r,0), according to [22], is given by Eq. (11).

A0
Blm.p = 2A/A+9

The channel covariance matrix is comprised of the

—_]27TD m—p) sin(a) dov

(11)

Table 1: The parameters of configuration.
Parameter Value \ Parameter Value
D 0.5 G 8

Omin —60° O max 60°
Amin 50 Amax 150
Smin 20 (m) | Smax 100 (m)

(m,p)-th entries defined by Eq. (11). This matrix
will be used to calculate eigenvectors for Eq. (12) to
group the users with similar channel covariance.

It is assumed that the base station knows the
information of the user channel covariance, which can
be tracked and learned, since it does not change over
time. We fix the number of groups G to be 8. The
parameters of configuration are given in Table 1.

We provide three different input datasets for
observing the performance of the user grouping
algorithms. Using the information about the po-
sitions of the users given in Table 1, the datasets
have two different Gaussian Mixture Models of
user distributions (GMMO01 and GMMO02). Another
dataset is the uniform distribution (UNIF). The three
types of user distribution for the experiment are
shown in Fig. 1.

The user grouping requires using the eigenvector
spaces (U) as the input dataset. Uy denotes the
matrix of the eigenvectors of Ryx. The similarity
between two matrices of the eigenvectors will be
calculated by the chordal distance as

de(Ug, Vg) = |[UL U - VgVEH% (12)
where Vg refers to as the matrix of the eigenvectors of
the group center Rg. This equation will be used in all
of the user grouping algorithms to find the distance
between the covariance eigenspaces of a user and its
centroid.

4.1 Clustering Algorithms

In this experiment, three clustering algorithms
are applied: K-means, Sequential K-means, and
RGCL. K-means is chosen for the benchmark of
the user grouping on JSDM because it has been
done in previous work. The sequential K-means
and the RGCL algorithms are similar in terms
of the input instances processing and the centroid
updating. They are considered sequential algorithms.
These algorithms are compared to provide a good
assessment.

4.2 Number of Groups for User Grouping

In Fig. 2, a summary of the data rates shows
different numbers of users and groups. The summary
of the data rate when the numbers of groups are
6 and 8 are highlighted (green and red). These
groups were selected by [18]. The result shows that
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Fig.1:
experiment testing.

the number of groups for user grouping affects the
summary of the data rate. It also shows that the
optimum number of groups is not a fixed number
(neither 6 nor 8) when the number of users in the
system is changing. Based on JSDM, there are two
main types of interference: Self-group Interference
(SGI) and Inter-group Interference (IGI). SGI will
increase if the number of users in a considered group
increases. IGI will increase if the number of groups is
increased. As a result, the number of groups should
be flexible to adapt to a different number of users.

5. EXPERIMENTAL RESULTS

The simulation was run 20 times to evaluate
the proposed strategy. We used K-means as the

70

(b) GMMO1

GMMO02

Uniform distribution and two different Gaussian Mizture Models of user distribution and for

benchmark algorithm, and for a fair comparison,
the sequential K-means algorithm, which uses a
procedure similar to the RGCL algorithm, was
deployed. The results from the simulation are given
next.

5.1 Computational Time

Computational complexity of an algorithm is an
important factor to be considered before applying the
algorithm to a particular problem.The computational
times are measured by capturing the CPU-time that
the algorithms use to find the minimum Euclidean
distance between the cluster centers and their mem-
bers. The condition set to terminate the algorithm
is ¢ > 4, where ¢ is an integer changed with the
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following conditions:

if |[J(n) —J(n —1)] <eJ(n—1) then

g=q+1
else

q=0
end if

where J(n) is the objective function and € is a small
constant value. In this experiment. € is set to 0.001.

Figs. 3-5 present comparisons of the computa-
tional time among three algorithms. It can be
clearly seen that the RGCL has the best performance
because its run time is less than that of the K-means
and sequential K-means methods.

5.2 Similarity Distance

The similarity distance is one of the key values
showing the potential of JSDM approach since JSDM
relies on the user grouping that partitions the users
into groups with similar (approximately identical)
eigenspaces. This parameter has a relationship on the
ability of the JSDM technique to determine how well
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Fig.5: Computational time for the GMMO02 distri-
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it can manage the interference. Figs. 6-8 show the
performance of the RGCL user grouping. The RGCL
user grouping has the lowest average distance, which
means the RGCL user grouping divides the users
into groups with more similar covariance eigenspaces
than those of K-means and the sequential K-means
user grouping. This is the result of the stochastic
exploration mechanism inside the RGCL algorithm,
which allows the algorithm to search for the best
action (selecting a group for the user).
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5.3 System Throughput

To calculate the system throughput [see Sec-
tion 2], we assume that all users are scheduled
into the time-frequency resource block. However,
the approximated SINR which is stored in matrix
P is not involved. This means there is no intra-
group interference for this experiment. The system
throughput calculated from the equation contains
computational error. Figs. 9-11 show the system
throughput. The RGCL user grouping achieves
the highest throughput. Although the calculated
throughput contains some computational errors, it
also indicates that RGCL user grouping would be a
good technique.

In Fig. 12, comparison among K-means RGCL and
RGCL’s variance on sum data rate is shown. The
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Fig.9: System throughput for the uniform distribu-
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original RGCL gives a lower sum data rate than the
others. In the RGCL algorithm, the logistic function
is used to calculate a probability for each pair of
user and a centroid. The inputs (distances) of the
function are supposed to be in the range that gives
appropriate probabilities, allowing the algorithm to
find an optimal solution. However, most of the
distances between the matrices are close to 10 which
gives probabilities close to 0. In this case, RGCL
cannot explore enough and yields a bad solution
when compared to one of the K-means. RGCL
with normalized distance (RGCL norm) solves the
problem which happens in the original RGCL. In
RGCL norm, the maximum value of the input of the
logistic function is designed to be 1 which gives a
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probability of around 0.5. This allows the algorithm
to give at least 0.5 probability to all centroids, so the
algorithm has a higher chance of grouping users in
different ways. As a result, it can find a good solution
for user grouping. RGCL with normalized distance
gives a good sum data rate that is slightly higher than
the result from K-means. This leads to a suggestion
for future work where the user grouping technique
could be designed based on a dynamic number of
groups to gain a higher sum data rate.

Comparison among K-means RGCL and RGCL’s
variance on sum data rate is shown in Fig. 12. It
can be clearly seen that the original RGCL gives a
lower sum data rate than the others. In the RGCL
algorithm, a logistic function is used to calculate the
probability for each pair of user and centroid. The
inputs (distances) of the function are supposed to
be in the range that gives appropriate probabilities
allowing the algorithm to find an optimal solution.
However, most of the distances between the matrices
are close to 10, which gives probabilities close to 0.
In this case, RGCL cannot explore enough and yields
a bad solution when compared to one of K-means.
RGCL with normalized distance (RGCL_ norm) then
solves the problem which happens in the original
RGCL. In RGCL_ norm, the maximum value of input
of logistic function is designed to be 1 which gives a
probability around 0.5. This allows the algorithm to
give at least 0.5 probability to all centroids, so the
algorithm has more chances to group users in different
ways. As a result, it can find a good solution for user
grouping. RGCL with normalized distance gives a
good sum data rate and is slightly higher than the
result from K-means.

Comparing Figs. 12 and 13, we can see that at
10 and 20 numbers of users, the system utilization
(the number of beams over number of served users,
at different number of users when applying different
user grouping algorithms.) are not much different.
They also give sum data rates without big differences.
At small number of users in the service area, the
probability that all of them are served is high, so sum
data rates and utilization are not different. However,

ans
“L_orgi
L_norm

Utilization (%

O Nmberofuers
Fig.13: Utilization of the system, number of
beams over number of served wusers, at different
number of users when applying different user grouping
algorithms.
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of users when applying different user grouping algo-
rithms.

with 100 users, although the system utilization is
close, the sum data rates are different. This is the
result of user grouping techniques on the sum data
rate. Different techniques are able to give different
solutions.

These algorithms can group users to be served by
nearly all (‘all’ for RGCL_norm) available beams,
but they are using different methods and this causes
different sum data rates.

Fig. 14 demonstrates utility gathered from the
applied algorithms then measures achievable data
rate over the number of group members. This
result shows the importance of the number of group
members in terms of proper data rates (all users are
being served with reasonably different data rates).
The difference in utility between groups can be
decreased if the numbers of group members are closer
to each other. This can lead to the situation that all
users are being served with reasonably different data
rates. With these data rates, it means that the users
are transferring data with proper data rates.

Fig. 16 shows users’ data rates in bits/s/Hz, and
Mbps respectively. In the bottom figure, the waiting
time is set to be 3s, and the target data size to be
downloaded is 2 Mbits.

It can be seen that there are some users being
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served with data rates lower than the target data rate.
The percentage of dissatisfaction can be calculated
from the number of users transferring data with data
rates lower than the target data rate.

5.4 Experimental Results and Discussions

RGCL and RGCL with normalized distance have
been applied to the user grouping for the JSDM
approach and compared with K-means and the
sequential K-means user grouping. The aim of the
strategy, applying the RGCL to the user grouping, is
to find better groups of users, with better similarity,
in order to support the JSDM approach to allow
higher system throughput. The number of groups
used in the user grouping process has been observed.
The highest system throughput can be archived from
a variable number of groups used in the user grouping
process. System throughput is measured at different
numbers of users in the cell with different numbers
of groups used for RGCL user grouping. Fixing the
number of groups for RGCL user grouping in JSDM
gives lower system throughput when the number of
users in the service area is changing. The results
show that using RGCL with normalized distance for
user grouping in JSDM for massive-MIMO enhance
system throughput (an increase of 9.56 % points on

average). Moreover, the system utility and utilization
have been observed. RGCL with normalized distance
user grouping gives a 15.08% utility improvement,
but no significant improvement for system utilization.
Considering user dissatisfaction, using RGCL user
grouping decrease dissatisfaction by 8.97 %.

6. CONCLUSION AND FUTURE WORK

Joint Spatial Division and Multiplexing (JSDM)
approach to multiuser MIMO (MU-MIMO) downlink
for Frequency Division Duplexing (FDD) system
[10]. A year later, they proposed using a K-means
clustering algorithm for the user grouping process in
JSDM. The user grouping plays a significant role in
JSDM. It strongly affects the massive MIMO system
throughput.

Many user grouping techniques for JSDM have
been proposed. K-means has been employed as a
benchmark technique for our experiments on the
JSDM’s user grouping. A version of K-means called
competitive learning (CL) was modified by [22]. The
modified CL is Reinforcement Guided Competitive
Learning (RGCL) clustering algorithm using the
reinforcement to guide competitive learning. It does
not get easily trapped in a local minimum because
of the stochastic exploration mechanism. Thus, the
idea of applying the RGCL clustering algorithm to
the problem was formed.

In this paper, we aim to improve the user
grouping by applying the RGCL algorithm to user
grouping. We first observed the potential of the
RGCL algorithm by performing clustering and com-
pared it to K-means and sequential K-means. The
RGCL shows good clustering potential that provides
the highest system throughput. Furthermore, the
RGCL user grouping performs the user grouping
well, giving approximately 3.65 and 2.02 times higher
system throughput than K-means and the sequential
K-means user grouping respectively. Moreover, the
RGCL gives approximately 50% and 51% lower
similarity distance and consumes approximately 43 %
and 83 % lower computational time than those of
K-means and the sequential K-means user grouping
respectively.

In future work, we plan to improve the RGCL
user grouping by modifying the update function
to improve both the computational time and the
solution.
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