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ABSTRACT

Millimeter-wave (mmWave) massive MIMO (multiple-input multiple-output) is a promising
technology as it provides significant beamforming gains and interference reduction capabilities
due to the large number of antennas. However, mmWave massive MIMO is computationally
demanding, as the high antenna count results in high-dimensional matrix operations when
conventional MIMO processing is applied. Hybrid precoding is an effective solution for the
mmWave massive MIMO systems to significantly decrease the number of radio frequency
(RF) chains without an apparent sum-rate loss. In this paper, we propose user clustering hybrid
precoding to enable efficient and low-complexity operation in high-dimensional mmWave
massive MIMO, where a large number of antennas are used in low-dimensional manifolds. By
modeling each user set as a manifold, we formulate the problem as clustering-oriented multi-
manifolds learning. The manifold discriminative learning seek to learn the embedding low-
dimensional manifolds, where manifolds with different user cluster labels are better separated,
and the local spatial correlation of the high-dimensional channels within each manifold is
enhanced. Most of the high-dimensional channels are embedded in the low-dimensional
manifolds by manifold discriminative learning, while retaining the potential spatial correlation
of the high-dimensional channels. The nonlinearity of high-dimensional channel is transformed
into global and local nonlinearity to achieve dimensionality reduction. Through proper user
clustering, the hybrid precoding is investigated for the sum-rate maximization problem by
manifold quasi conjugate gradient methods. The high signal to interference plus noise ratio
(SINR) is achieved and the computational complexity is reduced by avoiding the conventional
schemes to deal with high-dimensional channel parameters. Performance evaluations show that
the proposed scheme can obtain near-optimal sum-rate and considerably higher spectral
efficiency than some existing solutions.
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I. INTRODUCTION hardware cost with the spectral efficiency (SE) and energy

Millimeter-wave (mmWave) massive MIMO (multiple-input
multiple-output) communication is a promising technology for
next generation wireless communication owing to its abundant
frequency spectrum resource [1-3]. Due to the high carrier
frequency, mmWave signal suffers from high propagation loss
so that large-scale antenna arrays are leveraged for path
compensation [4]. However, a large number of antennas could
lead to the severe hardware cost and power consumption if each
antenna requires a radio frequency (RF) chain as in
conventional fully-digital MIMO systems [5]. To overcome
this problem, hybrid MIMO has been emerging to trade off

efficiency (EE) [6-8]. Nevertheless, how to design the hybrid
precoding over broadband channels is challenging.

How to obtain the optimal precoding matrix is the key issue
for hybrid precoding. The large antenna arrays challenge the
low-complexity design of hybrid precoding [9]. In particular,
the hybrid precoding may require matrix operations with a scale
of antenna size, which is generally large in mmWave
communication [8]. To reduce the complexity of hybrid
precoding in mmWave massive MIMO system, some advanced
schemes based on the beamspace hybrid precoding have been
proposed [10-12]. The key ideas of [13-17] are to efficiently
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explore the sparsity of beamspace channel by sparse signal
processing techniques. The problem of finding the optimal
precoder with a hybrid architecture is posed as a sparse
reconstruction problem in [13] [14], leading to algorithms and
solutions based on basis pursuit methods. Specifically, a
compressive sensing-based hybrid precoding has been
proposed in [15-16], where the channel sparsity is ingeniously
exploited to design hybrid precoding with the aid of orthogonal
matching pursuit (OMP) algorithm. In multi-user scenario, a
low-complexity multi-user hybrid precoding for mmWave
systems has been investigated in [17]. A Kronecker
decomposition for hybrid beamforming (KDHB) for multi-cell
multiuser massive MIMO systems over mmWave channels
characterized by sparse propagation paths is proposed [18].

However, considering the limited beamspace resolution, the
sparsity of beamspace channel may be impaired by power
leakage, indicating that the beamspace channel is not ideally
sparse and there are many small nonzero entries. Therefore,
some works have considered hybrid precoding for practical
interference  mmWave channels [19] [20]. Handling
interference is challenging due to the large channel
dimensionality and the high complexity associated with
implementing large precoding matrices [21]. To address the
high interference problem, a closed-form wideband hybrid
precoding solution was proposed in [22-25]. An analytical
framework of hybrid beamforming (AFHB) in multi-cell
millimeter-wave systems was proposed [26]. The general
methodology analytically computes the expected per-cell
spectral efficiency of an mmWave multi-cell single-stream
system using phase-shifter-based analog beamforming and
regularized zero-forcing digital beamforming.

Very recently, manifold learning has been proposed to
integrate with mmWave massive MIMO systems. In [27], a
manifold optimization (MO) based hybrid precoding algorithm,
as well as some low-complexity algorithms, was proposed. A
Riemannian conjugate gradient manifold algorithm is proposed
by viewing the feasible region of the constant envelope problem
as a complex circle manifold [28]. A Riemannian vector
perturbation manifold is explored by jointing design of hybrid
RF-baseband precoding for multi-user massive MIMO systems
[29]. The nonlinear least squares problem is solved with much
lower complexity than both gradient descent and constant
envelope optimization. A Riemannian trust-region Newton
manifold (RTRNM) is proposed for the optimization
beamforming in multi-cluster scenarios [30]. The optimization
beamforming is utilized to mitigate inter-cell interference by
dividing multi-users into multi-clusters with spatial correlation.
However, the multi-user high-dimensional channels are not
embedded in the low-dimensional subspaces to achieve
dimensionality reduction. A manifold learning two-tier fully-
digital beamforming scheme optimizes resource management
in massive MIMO networks [31]. The manifold learning
algorithm is used to reduce the multi-user high-dimensional
channels. It reduces the computational complexity while
mitigating inter-cell interference-based  fully-digital

beamforming. It focuses on the local linear spatial structure
between user channels, and ignores the global spatial
characteristics.

In this paper, we propose user clustering hybrid precoding to
enable efficient and low-complexity operation in mmWave
massive MIMO, where a large number of antennas are
embedded in low-dimensional subspaces. The mmWave
channel measurement results show that the mmWave has a
diffuse scattering phenomenon on the surface of the rough
scatterer, and the scattering range will increase as the
wavelength decreases [32]. For scenarios where users are dense,
when there is not enough space between users, diffuse
scattering may cause adjacent users to receive signals of the
same path. Therefore, it causes serious inter-user interference.
Our objective is to design the hybrid precoding matrices, such
that (i) they manage the intra-cell and inter-cell interferences
with low requirements on the channel knowledge, and (ii) they
can be implemented using low complexity hybrid analog/digital
architectures, i.e., with a small number of RF chains compared
to the number of antennas. A discriminative learning method is
presented, called manifold discriminant analysis (MDA) [33],
to solve the problem of set classification. By modeling each
user set as a manifold, we formulate the problem as clustering-
oriented multi-manifolds learning. The manifold discriminative
learning seek to learn the embedding low-dimensional
manifolds, where manifolds with different user cluster labels
are better separated, and the local spatial correlation of the
high-dimensional channels within each manifold is enhanced.
Most of the high-dimensional channels are embedded in the
low-dimensional manifolds by manifold discriminative
learning, while retaining the potential spatial correlation of the
high-dimensional channels. The nonlinearity of high-
dimensional channel is transformed into global and local
nonlinearity to achieve dimensionality reduction. In low-
dimensional manifolds, the intra-cluster channels become more
clustered and the separability of embedded features is enhanced.
Through proper user clustering, the hybrid precoding is
investigated for the sum-rate maximization problem by
manifold quasi conjugate gradient methods [34]. In order to
improve the spectral efficiency of the system, the design of each
cluster analog RF precoder should strike a balance between
optimizing self-transmission and the interference. The digital
precoding matrix is obtained by Karush Kuhn Tucker (KKT)
[35-39]. The high signal to interference plus noise ratio (SINR)
is achieved and the computational complexity is reduced by
avoiding the conventional schemes to deal with high-
dimensional channel parameters. Performance evaluations
show that the proposed scheme can obtain near-optimal sum-
rate and considerably higher spectral efficiency than the
conventional schemes.

The remainder of this paper is organized as follows. Section
Il introduces system model and channel models. We focus on
dimensionality reduction based on multiuser high-dimension
channel in Sections Ill, and Sections IV describes hybrid
precoding algorithm based on channel dimensionality reduction.
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Some simulation results are provided in Section V. Finally, we
conclude this paper in Section VI.
Notations: Upper and lower-case boIdface letters represents

matrices and vectors, respectively. ( () () () ,

tr(-), and | are the Hermitian transpose, inverse, transpose,
complex conjugate, trace, and Forbenius norm of a matrix,

respectively.  E(-) is the expectation. diag() denotes

diagonal matrix. |G| is the cardinality of the set G.®indicates

the Kronecker product. ON (O, o-z) represents the zero-mean

complex Gaussian distribution with zero mean and the variance
o?. span(Y) denotes the subspace spanned by the column

vectors of Y . V() indicates gradient. Finally, 1, denotes the
N x N identity matrix.

Il. SYSTEM MODEL AND CHANNEL MODELS

A. SYSTEM MODEL

We consider a hybrid mmWave massive MIMO system model
consisting of B cells. We assume that a base station (BS)
equipped with N, antenna and N, RF chains (N, > N, > K')
serves K single-antenna users, as shown in Fig. 1. To manage
the interference and improve the data rate for users, the users

are partitioned into L clusters G,---,G with gi=|G| ,

L
zQi =K and GNnG =g, Vi=i'. G is the ith cluster,

where i=1,...,L. The sets{G,---,G } are all user clusters.
a» /g g
Data flow pac ° \U;er :Insm 1
—_— -
3 oo
Digital ‘ E E )
— ™ Bascband .
. precoder User clnster 2
— 2 () 4Y<§:> (3 1 M\
User cl\merL

RF precoder

FIGURE 1. Hybrid mmWave massive MIMO system model
Let u,; .. k=1,...,g; denote the kth user ofG in the bth cell
(b=212,---,B). The hybrid precoding is performed in two
stages: digital precoding in the baseband domain and analog
precoding in the RF domain. In a downlink system, the transmit
symbols are first applied with digital precoders and the
resulting signals are fed to RF chains. The output of the RF
chains is processed using analog precoding and subsequently
fed to the antenna elements. The transmitted signal vector X ;

at the BS is firstly precoded with a digital precoding W, ; . The
resulting signals are fed to analog precoding F; . The

received signal y,;, of user u,; can be given by

[G]
H
Yo,k = hb,i,k Fb,i,ka,i,kXb,i,k + Z
1

k'=1,k'=k

H
hb,i,k Fb,i,k’Wb,i,k'Xb,i,k' +

Desired signal

Intra-cluster interference (1)
L

B
Z hb'—,‘i’Fb,i’Wb,i’Xb,i’-i_ Z hbr-",i’Fb’,i’Wb’,i’Xb',i’+nb,i,k

i'=1,i'#i b'=1,b"#b

Inter-cluster interference Inter-cell interference

Where h,; el “is the channel vector between the BS and

user u,;, - Xpix €0 " represents the transmit signal of user
Upix - Npi O CON (0,0‘2) is the spatially white additive
Gaussian noise. F,;, <0 ""™ is the analog precoding matrix

that adaptively steers an ng; dimensional RF beamspace for

the coverage of G with n..; >g;. W,;, €l "1 js the digital

precoding matrix. [ is the set of complex numbers.

el

Y hikFog Woi X, are intra-cluster interference.
k'=1,k'#k

L

Z i FgWeiX,  are inter-cluster interference.

B
z ht:—’|||:b
b'=1,b'#b
the hybrid method is more accurate than the statistical approach,
while generating faster and more generalized results than the
deterministic approach, nevertheless it does not provide
sufficient intra-cluster angular modeling accuracy necessary for
beamforming and inter-cluster interference
optimizations[29][40].

oWy Xy are inter-cell interference. Although

B. CHANNEL MODEL

To capture the limited scattering features of multipath fading
wideband mmWave channels, the high-dimensional channel
vector h,, between the BS and the user u;  can be expressed as

[41]
h,k :Uu kzl/kzhk 2

Where h', ~ oN (0, Iy, ) is represents the small-scale Rayleigh

fading channel. I, isthe N, x N, identity matrix. U, € C" % is
a matrix of eigenvectors corresponding to r, (r;J N, ) non-

zero eigenvalues of R, . X, is the transmit correlation

matrix composed of r non-zero eigenvalues of R, "™

satisfying £, el ™ . R, is channel covariance matrix for

users u,, . According to the one-ring channel model,
Ry = E[hi'khif'k]is the covariance matrix of the kth user in

the ith cluster. Users in the same cluster have the similar
transmit covariance matrix, hence, R, , , i.

Ri,k :Ui,kzi,kui',-'k 3)

2457 |

Xiaoping Zhou?, IJMCR Volume 09 Issue 11 November 2021



“Manifold Discriminative Learning Inspired Hybrid Beamforming for Millimeter-Wave Massive MIMO Systems”

Since users in the same user cluster have similar spatial
correlations, they have similar local scattering,

R =R,,vkeG . The correlation coefficient between BS

antennas (ag-,age) is given by:

[Ri], ” :i fﬁmi %”d(agp-agF)sin(é—e)dg @
AR aRF ZAI 6-A;

where A4 indicates the signal wavelength, d indicates the

distance between the antennas, @ represents the Angle of

Arrival (A0A), @, represents the average value of AoA in the
cluster, A, represents angle spread (AS) .

I1l. OUR PROPOSED USER CLUSTERING HYBIRD
PRECODING SCHEME

Our objective is to design the hybrid precoding matrices, such
that (i) they manage the intra-cluster, inter-cluster and inter-cell
interference with low requirements on the channel knowledge,
and (ii) they can be implemented using low complexity hybrid
analog/digital architectures, i.e., with a small number of RF
chains compared to the number of antennas. Next, we present
the main idea of hybrid precoding based on manifold
discriminative learning, a potential solution to achieve these
objectives.

A. MANIFOLD DISCRIMINANTIVE LEARNING FOR
USER CLUSTERS
As the number of service antennas and users tend to infinity in
the mmWave massive MIMO system, the performance is
limited by directed inter-cell and intra-cell interferences. The
high-dimensional channel matrix requires high complexity
hybrid analog/digital architectures. By modeling each user set
as a manifold, we formulate the problem as clustering-oriented
manifold discriminative learning.

The undirected similarity graph of multi-users is represented
by graph embedding method. By modeling each user set as a

manifold, the user channel characteristic graphs {(hi,k M )}-L,l

are constructed, as shown in Fig. 2.

FIGURE 2. User cluster undirected characteristic graph
,ufok) represents the intra-cluster channel weight function

between user k and user j. M, . represents the inter-cluster

channel weight function between user k and j. The sets of the

cluster channel weight functions are
M ={mk'j kje(d..., K)} . The weight function My ; of
the intra-cluster is defined as follows

0<m, ;<1 k] inthe intra-cluster

{0, otherwise

The weight functions of the intra-cluster show that when user
k and ] are the same cluster, the weight is larger; when user
k and | are the different cluster, the weight is 0.

The weight function M, ; of the inter-cluster is defined as

follows

0<my,; <1,
0, otherwise

k, j in the inter-cluster

(6)

The weight functions of the inter-cluster show that when user k
and j are different cluster, the weight is larger; when userk and

j are the same cluster, the weight is 0. The manifold

discriminative learning seek to learn the embedding low-
dimensional manifolds, where manifolds with different user
cluster labels are better separated, and the local spatial
correlation of the high-dimensional channels within each
manifold is enhanced.

kv Cluster] Ija ) Make the
- L similarity between
clusters small

EI WA e SN /-El
. 30+ _ !
.E =5 ] \\.El-b ) /‘:

Make the
similanty within
the clusters larger

E T

.. Cluster3

FIGURE 3. Schematic diagram of dimension reduction

Some existing manifold learning algorithms, such as LLE
[42], can't retain the complete global nonlinear channel
structure of user clusters.

We propose to perform the manifold discriminative learning
for global dimensionality reduction. The high-dimensional
channels are embedded in the low dimensional manifolds, as
shown in Fig. 2. In order to reveal the potential non-linear
manifold structure of high-dimensional channels, intra-cluster
graph and inter-cluster graph are constructed by using the label
information of user characteristics. In addition, it can make the
low-dimensional channels more clustered, and enhance the
separability of embedded low dimensional channels. The RF
eigen-beamformers are shown as an optimal solution for user
cluster transmission. The channel eigenvector learning
corresponding to the maximum eigenvalue is taken as the
spatial direction. In theory, the main direction learned is the
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beamforming. Multi-users of the same cluster have highly
correlated transmission paths. We seek to learn a generic
mapping A that is defined as:
R=ATh (7)
Where A is projection matrix, ﬁk is the kth user low-
dimensional mapping of the high-dimensional channels h, . The

original high-dimensional channels h, can be transformed into

a low-dimensional channels ﬁk .The relative spatial relationship

of neighboring users in high-dimensional channels remains
unchanged in low-dimensional manifolds. In order to maintain
the manifold structure of the high-dimensional channels, the
optimization problem is the projection direction of manifold,

i.e., Vh,h (k# j)of the intra-cluster, the objective function
of the intra-cluster can be obtained as

mi\axZ(ﬁk -h, )zm;kyj ®)
J

Therefore, the projection is posed as a solution maximizing the
sum across all uses of the intra-cluster, i.e.,

~ ~\2
mgka(hk—hj) m.,
v
—max =Y (ATh — ATh, )
_mgxa%:(  —ATh 9)
:anATHDyHTA—ATHMgHTA

_maxAS

&, Iocal

where S, ,;=H (D, =M, )His local manifold structure of
the intra-cluster, D, is diagonal matrix and D; kZM (k, J)
#)

The criteria of measuring the similarity degree between users
is the distance function and the similarity coefficient function.
Since spanU)+—UU™ , VU, U, , the
measurement function between any two users based on the
distance of subspace projection matrix can be expressed as

d pm (U kUII ’ViViT )

similarity

- plui-wi ao
= %tr (V/k,il//lj,i )

Where U, is eigenvectors matrix of R, in any cluster, i.e.,
R, =U,AU , and V, iseigenvectors matrix of the ith cluster
center R, . ,;=UU; -V is the symmetric positive
semidefinite matrix that needs to be learned. The global

manifold structure S, of intra-cluster is measured as

S gioval = ZZ__t (V/k,i‘//l:i) (1)

Ilkeq

To effectively utilize the global characteristics and local
manifold structure of intra-cluster channels, we can get the

intra-cluster dispersion 7: by combining equations (9) and

(11)[33]
’155 global + (1 ﬂ’)sl, local (12)
Where ) are constants.

The weight functions Me k. j of the intra-cluster can be

obtained as
m.,. =exp(—dk'j /s') (13)
Where s' is constants, d, ; is the similarity measurement

function between user k and user j.

In order to maintain the manifold structure of the inter-cluster
user channels, the optimization problem is the projection

direction of manifold, i.e., Vh,,h; (k# j)of the inter-cluster,

the objective function of the inter-cluster can be obtained as
~ ~ \2
mEtxZ(hk —hj) M, (14)
k. j

Therefore, the projection is posed as a solution maximizing the
sum across all uses of the inter-cluster, i.e.,

mgka(ﬁk —ﬁj)zmng
V]

1 2
:Emgx;(AThk—AThj) m,, (15)

)
=max ATHD,HTA- ATHM HTA

_maxAS

¢, Iocal

Where S, .., =H (D, =M, JH is local manifold structure of

the inter-cluster, D, is diagonal matrix and D, =ZM4(k, ]).
k#j
The global inter-cluster S, is measured as
S¢ giobal = ZZ_—t (V’k,i‘//;i) (16)
i=1 sz

To effectively utilize the global characteristics and local
manifold structure of inter-cluster channels, we can get the

inter-cluster dispersion 77, by combining equations (15) and (16)
77; = &/‘)S;V,global +(1_SO)S§,IocaI (17)
Where g are constants.
The weight functions Mg ; of the inter-cluster can be
obtained as
m,, ;=exp(-s"/d, ;) (18)
where s” is constants.
The discriminative function J (A) is transformed as:
A'n.A
J(A) =max T%
A A A
AT (A4S, +@1-1)S
J(A):max T( ( ) ;Iocal)
AA (psg,whole +(1_@)S§,Iocal) (20)
st.h, =ATh,

(19)

&,whole
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According to equation (20), the low-dimensional mapping of
the kth user channel matrix ﬁhk is determined by the projection

matrix A . By solving the generalized eigenvalues of the
discriminative function, we can obtain the projection matrix

A=[A,--,A] . nis the dimensionality reduction of user

channel matrix. After user clustering, the channel correlation of
users in the same cluster is enhanced.

Then, according to the intra-cluster graph and inter-cluster
graph constructed by using the label information of user
characteristics, the user clusters can be divided more accurately
with lower complexity. Based on the maximum and minimum
distances and the weighted likelihood similarity criterion, an
improved spatial fuzzy c-means clustering algorithm is
proposed. The algorithm is an iterative optimization that

minimizes the cost function defined as follows:
K L

J (ﬂi,k ) = ZZﬂi?kdi‘k (21)
k=1 i=1
Where di'k:%tr(wkyiw;i) is the similarity measurement

function between the kth user and theith cluster center. z;
represents the membership function of user u;, in the ith

cluster, and Jis a constant. The parameter J controls the
fuzziness of the resulting partition, and 3=2 is used in this
study. The cost function J (4, ) is minimized when user u,
close to the cluster center is assigned high membership values,
and low membership values are assigned to user u,, far from
the cluster center. The membership function represents the
probability that a user u;, belongs to a specific cluster. The

membership functions and cluster centers are updated by the
following:

1

Hix =T (22)
1/(3-1)
Z(di,k /di,i')
i'=1
and
& 3 T
Z,ui\,’kui,kui,k
T =
Vi,kvi,k = le— (23)
Zﬂi:,{k
k=1
Where di,i’:%tr(y/i,i’w:i’) is the similarity measurement

function between the ith cluster center and the i'th cluster
center. One of the important characteristics of the intra-cluster
is that neighboring users are highly correlated. In other words,
these neighboring users possess similar feature values, and the
probability that they belong to the same cluster is great. This
spatial relationship is important in clustering. To exploit the
spatial information, a spatial membership function z , is

defined as

b= z Hix (24)
k'eG
The spatial membership function 2z, represents the

probability that user u,, belongs to the ith cluster. The spatial

membership function of a pixel user a cluster is large if the
majority of its neighborhood belongs to the same clusters. The
spatial membership function is incorporated into membership

function as follows:
0 —e&

y o HikHix
;ui,k L j
Z,ui(?,k,ﬁif,k
=

where 6 and ¢ are parameters to control the relative
importance of both functions.

In summary, by modeling each user set as a manifold, the
process of clustering-oriented manifold discriminative learning
is as follows:

Step 1: Construct the user channel characteristic graphs

{(hiykamkyj)}il_:l;

Step 2: Find out the two most distant U, and U, , and use them

(25)

as the central point of the initial user clusters, i.e.,

V,® =U, V% =U, The number of the user clustersis i =2

Step 3. According to Euclidean distance criterion

d, (U UL VYT ) = itr(y/kviy/;i ). all users are clustered into

V2
i user clusters;
Step 4: In the i user clusters that completed the clustering, the
weakest similar point (i.e., the point with the largest distance) is
found in each user cluster, and i user clusters are obtained. Then

we calculate the sum distance d;, between the user
k(k=12,...,K), the membership functions ﬂi(,i) and the center
point V. (i =1,2,..., L) of each user cluster in turn.

Step 5: Calculate the spatial membership function 2, ')
and update the center point V, (i =1,2,..., L) of each user cluster

K 3
Z(:uil,k) Ui,kUiT,k

withV, V| =+

> (#h)

m - ;
k=1

Then the maximum value among d;, is found.

V.9 =arg maxd,, . All users into (i+1) are redivided into

different user clusters;
Step 6: When the current number of user groups i =i+1>L
is true, perform step 5; otherwise repeat step 3;

Step 7: (U, ZV*)"V, ||i is computed, and each user is assigned

to the user clusters with the largest similarity coefficient;
Step 8: Output cluster result, and the number of users in each
cluster;
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Step 9: Calculate the Me i and Me according to

equation (13) and (18); Construct intra-cluster graph and inter-
cluster graph by using the label information of user
characteristics;

10: Calculate the S ., S S, Joca
according to equation (9), (11), (15)and (16);

Step 11: Calculate the 7, and 7, according to equation (12)
and (17);

Step 12: Optimize the discriminative function J(A)

, and S

¢, whole &, local » ¢ ,whole

according to equation (20);
Step 13: According to the obtained projection matrix, get the

projection in low-dimensional subspace ﬁi,k .

B. MANIFOLD DISCRIMINANTIVE LEARNING
FOR HYBRID PRECODING
On the basis of manifold discriminative learning for global
dimensionality reduction and user clustering, we investigate the
sum-rate maximization problem for hybrid precoding.
1). Single cell scenario

In the special case where only one cell of users is scheduled
for transmission, eigen-beamforming satisfies such a stronger
condition. Our objective is to design the precoding matrices

FGWG , such that they manage intra-cluster interference and

inter-cluster interference. In order to improve the spectral
efficiency of the systems, the design of each cluster analog
precoding should strike a balance between optimizing self-
transmission and the interference. By modeling each user set
as a manifold, the received signal of the ith cluster can be
represented as

G|
¥q _HGFGWGXG+klz:k & kP W o Xg i
[ — K’

Desired signal

+ZL:H~G

i'=1,i"#i

Intra-cluster interference

qu +n

Inter-cluster interference

(26)

]
Where =[)7;'1,---,)7;gi] represents the received signal,

Hg =[Hq,1,“', Hq,gi] represents the channel matrix for the

ith cluster, e =[Fq,1,'“,|:q,gi} and
& -
_dlag( 1 WG,g.) 3 Zk: qu,quk,Wq,k,xq'k, are the
'=1,k'#
- - L "‘H = 7 -
intra-cluster interference, ',;_Hq FoWg X;, are the inter-
i'=1 0=

cluster interference after the low-dimensional mapping. In
order to adapt to special scenarios and requirements, the hybrid
precoding matrix can be determined by per-cluster processing
(PCP). The goal of PCP is to balance the performance and

complexity by effectively separating the clusters in the RF
beam domain.

In PCP mode, the analog precoding matrix ﬁq of each cluster

is calculated according to manifold quasi-conjugate gradient

algorithm, while the digital precoding matriqu is calculated
by each user cluster according to their equivalent channel
matrix. Let H~eq =H"F denote the equivalent channel matrix

after analog precoding, and it is an approximate block diagonal
matrix, which can be expressed as

R H

HOF, H

H H
g ale ala
JHE JTHE JH
g - H@ s HgFg He, Fo @7)
& : : :
JHE JHE JHE
HeFs HgF He e
Where Heqq =H{ F, represents the diagonal elements of the
matrix in (22), off-diagonal elements of the matrix
Hglfq (i=i") represents the interference channel matrix

between user clusters. After analog precoding, the inter-cluster
interference is eliminated, that is, I-~|qH Iijj =0. I-~|eq can be

expressed as

HIF, 0 0
~ 0 HHE. ... 0
™ P (28)
0 0 He Fa

The digital precoding matrix W is a block diagonal matrix,
which can be expressed as
W = diag (W ,.... W ) (29)
With scalar equalization 3., the signal estimate XG for G can

be expressed as

e TR
X ﬁcf[H FaWo s + 2, HaFo,Wo gt
L NHE
lz Heg FWg X +1g ] (30)

Where £ is a scaling equalization that is jointly optimized

with the hybrid precoding. The conditional mean square error
(MSE) for G is defined as

5('fq’wq’ﬂq)=E["Xa —% 2}
€| o
l:k lik“ leququ qu,kr“:lJr
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E{,_ZL: " o He FGWGXG" + } (31)

The conditional MSE in (26) is simplified as

&(F Wy, B )=l +&2 (32)
Where
SR SVACHARY R
Al
géZ):E[kr_ngHﬂq A Py, W, X@k'”}”
E {IZL‘, (AL i x|+ g } (34)

Therefore, the hybrid precoding based on interference leakage
is jointly optimized with lfq W, » B; . According to the

literature  [20], WQ can be decomposition into
W, = B,W," whereW,'is an unnormalized digital precoding
matrix, which can be obtained by KKT conditions as
1
W, =(HI H,, +71,) HY
G ( UG g G G) UG (35)
. -
(F Ho He'Fg +74 'G) Fe Hq

Where 7@ is regularization factor, which depends on noise

variance and base station transmit power. Iq can be expressed

as

€] L
e
w2 quk 6. VG o %q k'fg;_ He FoWe X5+ (36)
The optimal value given in [13] is o' =P, / Ko?. P, is the

total power of the transmitted signal. The optimal scaling factor
ﬂq can be obtained from the base station transmission power

with tr(FWW FH )<P as

tol

- tol
\/;tr(FGWGWq ')
Accordingly, equation (33) can be expressed as

= E[”Xq VS GIATSS )ﬂ

)) (XG 43 (Hg

[ P

Bs = (37)

After simple mathematical derivation, equation (34) can be

expressed as
€]
o[+

e S

E["ﬂGlHG FWie g | +n }

“ Y R W

k'#k

i'=1,i"#i
Gl L _ L
:k(:;ﬁﬂ;tr[Hgk o We kE(quXqH,k’)ng ngk,quk}

i'=Li"#i
— ‘G‘ -2 t H"H ﬁ \/\7 WH [fH H N
_k«,lk/kﬁq G I’( Gkra, VakWakag, q,k)
L
-2 FHE T \VTHEH - )
iulzi;iﬂq 0y tr( He P W W' ' Hg ) #4570 0n - (39)

Let J( ) represent the objective function. The hybrid

precoding optimization problem based on interference leakage
under orthogonal constraints is

argmmJ( ) qu +ZE(2) st.RgF =1,

It can be seen that the solution of the objective function is a
convex optimization problem. It is essentially to find a radio
frequency precoding matrix so that the objective function
obtains a minimum value. This problem can be equivalent to an
unconstrained optimization problem, which can be solved by
using manifold optimization algorithms [35]. The Euclidean

(40)

conjugate gradient of J (Ifq ) can be expressed as
va(e,)-2L)

G
In the next step, the direction vector is updated by using
gradient as

(41)

Zq L =V ( 'Eq el ) +rq ,KZQ t (42)
where
2
”VJ G t+1) . 43)
Gyl

The manifold quasi-conjugate gradient algorithm based on
implicit vector transmission applied is as follows:

Step 1: Initialize the analog precoding matrix Fql, error
threshold 0 € (0,1) , the initial gradient Z, , :-VJ(FGJ), the

number of initialization iterationst =1;
Step 2: If “VJ For)

<& , stop; Otherwise, search Y,

satisfying J (F + Y5 Zg t)

minJ(F +Y. Z )

Yo 20 GG

JUVSCHAS }}m{u[ 2(AMEWLx ) (AYEW ]}
{ ﬂq( 6 6 G') %s ﬂq( 66 GXQ) ( N GSt%E)(GQ' Update the analog precoding matrix F, ., using
) B =P+ Vo Zes
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Step 4: If t < n, perform step 5; otherwise repeat step 6;

Step 5: Update Z, ,,=-VJ (F; ., )+Tq Zg . » Where
2
“VJ )] .
—F ; Update the number of iterationst =t +1,
HVJ (R

repeat step 2;
Step 6. Update F,,=F; .., Zs,=-VJ(

2.

Update the analog precoding matrix until convergence to
satisfy the error threshold condition, the algorithm ends.
2) Multi-cell scenario

In order to adapt to different scenarios and requirements, the
hybrid precoding matrix can be determined by joint processing
(JCP) and PCP.

The received signal for the bth cell is given as
B

> HYRW %, +n, (44)

b'=1,b"=b

= ,1) ,t=1, repeat step

~ TH =17
Yo = Hy RW,x, +
—_—
Cell signal
Inter-cell interference

. oToT - .
Where ybz[yb,q,yb‘q,---yb‘q] represents the received

signal, H,

Z[Hb,q""’Hb,q

for the bth cell, Ifb:[lfb,qub,Gz'”"lfb,q} and

} represents the channel matrix

W dlag( bG 1o Wb,q) represent analog precoding matrix

and digital precoding matrix respectively. Thus, the estimation
of the received signal in the bth cell is given as

~ ~ ~ B ~ ~ ~

Xb = ,Bbl(HbH RWox, + > Hy RW, X, +nbj (45)
b’=1,b'#b

Where S,

optimized with the hybrid precoding. The design of precoding
is jointly derived across all L user clusters.

Eb(lfb‘wb'ﬂb)UE[HXb X ZJ

_ E[
(46)

In order to eliminate intra-cluster interference, inter-cluster
interference and inter-cell interference, the precoding is
conducted as a multiplication of two precoding, i.e.,
W, =W,PW.@ . Wi, ® and W, represent the first and the second

precoding matrix of the bth cell respectively. Therefore,
equation (44) can be rewritten as

is the bth cell scaling factor that is jointly

N - B
¥, = Hy REWOWPx, + > HY RWSPW 2%, +n, (47)

b'=1,b’#b

Cell signal

Inter-cell interference

Where Ifb represents the analog precoding matrix of the bth cell.

To obtain (47), the signal space of Wb(l) is mapped to the channel
null space of all remaining user groups b’, namely:

WE” < span'{38.(b' € B)} (48)
Where ti’/g is a matrix comprising dominant eigenvectors

corresponding to the I’b* <1, dominant eigenvalues of R, .
R, = E[FOE' ] is the channel covariance matrix of the bth cell.

L%;’, is the dominant eigenspaces of the corresponding channel
covariance matrix R,.. R, is the covariance matrix of the inter-

cell channels. The idea of formula (48) is to design the pre-
beamforming matrix to concentrating the inter-cell transmission
energy in the specific direction. The inter-cell interference is
reduced by leaving slots in the spatial domain.

In order to realize (48) based on the approach of block
diagonalization [30], we define a matrix of eigenmodes of
equivalent interference channel covariance for the bth cell as
follows:

B, =[00,06,... 08, 08,,... 0] (49)
where =, isrank I, x(B-1),r,is the dominant eigenvalues of

R, . For the singular value decomposition (SVD) of =, , let ®
denote the left eigenvectors corresponding to the zero singular
values. And (Dg‘” can be approximated as the orthogonal basis of
null space of the channel vectors for other user cells.
® =null(Z,) . Based on the Karhunen-Loeve decomposition,

the equivalent channel covariance matrix R/g is given by:
RO = (@) 3¢, B¢ o (50)
Then, the SVD of (28) is carried out. Let l&’g contains the
dominant l‘b* eigenmodes of R, . The first precoding matrix
W, is given by:

W = 00U, (51)

W, can be obtained by KKT conditions as

1

Where y,” is regularization factor, which depends on noise

variance and base station transmit power. I, can be expressed

as
B ~ ~ ~
_ H
,= > ANEMx, +

b'=1,b'=b

N, (33)

Therefore, the optimization problem under the multi-cell
scenario can be transformed into

I(R)= mmZEb( Jst R =1, (54)
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Where F, :[IfGl

design to avoid the intra-cluster interference and inter-cluster

Ifq]. The analog precoding matrix Ifb is

interference based on J( )optlmlzatlon problem in single

cell scenario. The Euclidean conjugate gradient of J (Fb ) can

be expressed as
.\ (R
VIR, )J=—=— 55
(F)=" (55)
In the next step, the direction vector is updated by using

gradient as

Zyn=VJ ( ~m+1 ) 2y, (56)
Where
- 2
_ “VJ ( Fiul)z": (57)
72 (7,

The manifold quasi-conjugate gradient algorithm based on
implicit vector transmission applied is as follows:

Step 1. Initialize the analog precoding matrix
Fo1=[ Faur Faa | » error threshold £ € (0,1) , the initial
gradient Z,, =[Zg,, -2, | where Z, =-VI(F;,) . the

number of initialization iterationst =1;

Step 2: If”VJ al “<g ,i=1,---,L, stop; otherwise, search
Y :[Yq,tv"'an,t] satisfying
I(Fo +Yq.Zg, )= min J(Fy, + g, Zg, ) i=L--,L;

Y20
Step 3: Update the analog precoding matrix 'fb,m using (43)
F

qm‘F +Yq g i=1,L;
Step 4: If t < n, perform step 5; Otherwise repeat step 6;
Step 5: Update Z,,,=- VJ(FQHl)-'—FQIZGt L=l L,

where

(Rl

2 1
TGS
number of iterationst =t +1, repeat 2;
Step 6: Update R ,=F; .,  Z5,=VJ(

and T, =[T" Ty, ] Update the

Gart

Tan) t=li=1 L,

repeat step 2.

Update the analog precoding matrix until convergence meets
the error threshold condition, the algorithm ends.

For the intra-cluster, it has been proved that the channel
correlation between the intra-cluster users. And its nearby inter-
cluster users are much larger than that of the non-adjacent
clusters. The interference intensity is the same. Therefore, the
interference caused by remote user clusters to intra-cluster users
is negligible. Therefore, the SINR for a user cluster G in the

bth cell is given by:

~ o~ o~ 12
HYFW,| P
SINR, = AP
G G| ) L ) ,
> |INg | o+ X |ING [ Py +0%
k'=1,k'#k =10
(58)
Where INg . =Hg Fg Wg .+ INg = HZ R, W, > Ry are the

transmit power of the Gth cluster, quk, and R, are the transmit

power of the k'th user in the ith cluster and the transmit power
of the G.th cluster respectively. For the inter-cell, its nearby

inter-cell users are much larger than that of the non-adjacent cells.
The interference intensity is the same. Therefore, the SINR for a
bth cell from inter-cell interference is expressed as:

SINR, =

The capacity of mmWave massive MIMO system can be
expressed as

SUM = Z log, 1+ SINR;) +Zlogz(l+ SINR,)
G=G

G B
= D" log,(1+SINR, )+ > log, (1+SINR,)  (60)
G=G b=1

(60) can be written as

SUM =
o o Roe | p
Zlog2 1+ g | Sl GL| 8
— 2 2
=4 > ||Nq,k,| Paw t D ||Nq,| P, +0¢
k'=1,k'#k i'=1, 01
1561 RoREY62|° p
+3log, |1+ — AP EOA |2“ (61)
TS | e R, o]
b'=1,b'#b

V. SIMULATION RESULTS
In this section, we will investigate the SE, and BER
performance of the proposed hybrid precoder design. We
compare our proposed solution with some existing solutions i.e.,
OMP, KDHB, AFHB, MO and RTRNM. The basic simulation
parameters are as follows.

The carrier frequency is 60 GHz. The AoAs and AoDs are

uniformly distributed in [0, 27[], and a common AS A=8. The

complex gain of each path follows the distribution ON (0,1).

The uniform linear array (ULA) is adopted in simulations [27].
In this setting, there is considerable overlap between channel
power azimuth spectra, which results in strong inter-cluster
interference.
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Fig. 4 presents the achievable sum-rate achieved by the
proposed hybrid precoding compared with some existing
solutions for the mmWave massive MIMO system in single-
cell scenario. We set N, =128, N =32 ,and K =32. From

Fig. 4 we can observe that the proposed hybrid precoding can
achieve considerably higher sum-rate than other existing
precodings against different signal-to-noise ratio (SNR). This is
mainly because the performance of other schemes is limited by
the resolution of the multi-user high-dimensional channels
nonlinearity. By modeling each user set as a manifold, we
formulate the problem as clustering-oriented multi-manifolds
learning. A clustered user geometry model is researched for some
high-density hotspot scenarios of the cell. The proposed scheme
can better eliminate intra-cluster and inter-cluster interferences in
single-cell scenario. The achievable sum-rate of mmWave
massive MIMO systems is improved by user clustering hybrid
precoding.

14 T T T T

—A— The proposed hybrid precoding
—&— RTRNM

121 | —>—wmo

—%— SWIPT

—O—CHP
07 | —owmp

Achievable sum-rate(bps/Hz)

20 -15 -10 5 0 5 10 15 20
SNR(dB)

FIGURE 4. Achievable sum-rate comparison of different

hybrid precoding in single-cell scenario.

102
[an
el 2
108
—+—OMP
——CHP
104 |~ SWIPT
—*%—MO
—5— RTRNM
—&— The proposed hybrid precoding
10—5 I I I I I I I I
-40 -35 -30 25 -20 -15 -10 -5 0 5 10
SNR(dB)

FIGURE 5. BER performance comparison of different
hybrid precoding in single-cell scenario

In Fig. 5, we compare the BER performance of different
hybrid precoder schemes, where the same channel parameters

as considered in Fig. 4 are used for single-cell scenario. From
Fig. 5, similar conclusions to those observed for Fig.4 can be
obtained with different SNR. In particular, it can be seen that
our proposed-based manifold discriminative learning scheme
achieve a better BER performance than other schemes. The
proposed scheme improves beamspace resolution and reduces
the influence of power leakage on beamspace channel.

14

tog

—A— The proposed hybrid precoding
L |—&—RTRNM /

—%— MO /a/
—&— SWIPT

| |—o—cHp i
——OMP L

]

o

Achievable sum-rate(bps/Hz)
L=2] o=

-20 -15 -10 -5 0 5 10 15 20
SNR(dB)

FIGURE 6. Achievable sum-rate comparison of different
hybrid precoding in multi-cell scenario.

In Fig. 6, we set N, =256 ,N,. =64 and K =64 in multi-cell

scenario. Fig. 6, clearly shows that the proposed solution can
achieve a considerably higher sum-rate than other existing
hybrid precodings. This is because most of the high-
dimensional channels are embedded in the low-dimensional
manifolds by manifold discriminative learning in multi-cell
scenario, while retaining the potential spatial correlation of the
high-dimensional channels. The nonlinearity of high-
dimensional channel is transformed into global and local
nonlinearity to achieve dimensionality reduction. The proposed
scheme can better eliminate intra-cluster, inter-cluster and
inter-cell interferences. We propose user clustering hybrid
precoding to enable efficient operation in high-dimensional
mmWave massive MIMO, where a large number of antennas
are used in low-dimensional manifolds.

100‘%&%
107 ¢
102
an
W
m
10—3 L
—+—OMP
—$—CHP
104 - |[—&=—SwWIPT
Fo|—%—MO
—E&—RTRNM
—&—The proposed hybrid precoding
10% | ! I .
-40 35 30 -26 -20 15 -10 -5 0 5 10

SNI-:{(dB)
FIGURE.7.BER performance comparison of different
hybrid precoding schemes in multi-cell scenario
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In Fig. 7, we compare the BER performance of different hybrid
precoder schemes in multi-cell scenario, where the same
channel parameters as considered in Fig. 6 are used. From Fig.
7, similar conclusions to those observed for Fig.4 can be
obtained in multi-cell scenario. In low-dimensional manifolds,
the intra-cell channels become more clustered and the
separability of embedded features is enhanced. The proposed
scheme not only reduces the computational complexity in
mmWave massive MIMO system, but also performs well in
inter-user interference.

500

5

450

*

400

&k X§ B
\ ".\ \ \

350

300

250

Average sum rate(bits/s/Hz)

—+— The proposed hybrid precoding

0 20 40 60 80 100 120 140 160 180 200
Number of users

FIGURE 8. Average sum rate of two-tier system with
different precoding

As shown in Fig. 8, we compare the average sum rate for the
proposed scheme, and other existing precodings with different

numbers of users in multi-cell scenario. We set Ng:; 2 0;in

each cluster. It is observed from Fig. 8 that the proposed scheme
outperforms other schemes. This is mainly because as users
increase, the performance of other schemes is limited by the
resolution of the multi-user high-dimensional channels
nonlinearity. The proposed scheme can better eliminate intra-
cluster, inter-cluster and inter-cell interferences. The average
sum rate of mmWave massive MIMO systems is improved by
user clustering hybrid precoding.

8

—&— The propesed hybrid precoding
7 |—=—RTRNM

—*¥—MO

| |—=—SWIPT
—$—CHP
—+— OMP

[

S (4]
T T

Average SE(bps/Hz)
w

-20 -15 -1I0 —;5 t; é 1IG 1‘5 20
Cell edge SNR(dB)
FIGURE .9. Average SE. versus cell edge SNR.

Fig. 9 shows the effect of SNR on the system average SE is
given with increasing cell edge SNR. Fig. 10 presents the
average SE for different numbers of BS antennas . It can be
observed that the proposed scheme provides a significantly
higher average SE than other existing schemes in multi-cell
scenario. From Fig. 9, we find that each user high-dimensional
channels and its neighbor user high-dimensional channels are
located in a global and local nonlinear neighborhood by the
proposed scheme with manifold discriminative learning. The
clustered user geometry model is researched for some high-
density hotspot scenarios of the cell. The proposed scheme
manages the multi-user and inter-cell interference and improves
the data rate for cell-edge users. From Fig. 10, the proposed
scheme enables efficient and where a large number of antennas
are used in multiple low-dimensional manifolds.
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FIGURE 10. Average SE. versus number of BS antennas,
high SNR.

V1. CONCLUSION AND FUTURE WORK
A user clustering hybrid precoding scheme is proposed to enable
efficient and  low-complexity  operation in  large
scale dimensional mmWave massive MIMO, where a large
number of antennas are used in multiple low-dimensional
manifolds. For the BS of mmWave massive MIMO, manifold
discriminative learning is used to obtain low-dimensional
channel matrix. Then user clustering hybrid precoding is studied
for the transmitted signal based on the low-dimensional channel
matrix. The manifold discriminative learning seek to learn the
embedding low-dimensional subspace, where manifolds with
different user cluster labels are better separated, and the local
spatial correlation of the high-dimensional channels within each
manifold is enhanced. Through proper user clustering, the hybrid
precoding is investigated for the sum-rate maximization problem
by manifold quasi conjugate gradient methods. The simulation
results show that the proposed techniques not only reduce the
computational complexity in mmWave massive MIMO system,
but also perform well in robustness.

In the future, the time correlation of the channel is considered
in future work. The proposed scheme studies uniformly
distributed users, while the actual user distribution has a
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uniformly distributed scenario. These questions will be further
studied by us.
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