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Abstract— The minimum-mean-square error (MMSE) plays a
significant role in the signal detection process of massive multiple-
input-multiple-output (MIMO) systems. Matrix inversion, which
is the major part of calculating the MMSE, suffers from high
computing loads and low parallelism, especially in massive
MIMO systems; as such, hardware implementation is difficult.
This paper proposes a user-level parallelism-based fully pipelined
very large-scale integration (VLSI) architecture of an MMSE
detector for an uplink 128 × 8 64-QAM massive MIMO system.
First, a diagonal-based systolic array with single-sided input is
adopted; this array eliminates the throughput limitation. Second,
a weighted Jacobi-iteration-based architecture is proposed to
iteratively achieve matrix inversion, thereby reducing the compu-
tational load and exploiting the potential parallelism of the matrix
inversion. Third, an approximated architecture is proposed to
compute the log-likelihood ratio. This architecture is verified on
an FPGA and fabricated onto a 2.57 mm2 silicon with TSMC
65 nm CMOS technology, thereby achieving a 1.02 Gbps data
rate at 680 MHz while dissipating 646 mW. The results indicate
an energy efficiency of 1.58 Gbps/W and an area efficiency
of 0.40 Gbps/mm2, which are 2.93× and 2.86× that of state-
of-the-art similar designs with CMOS technology, respectively.

Index Terms— Massive MIMO, MMSE, soft-output detector,
weighted Jacobi iteration, VLSI.

I. INTRODUCTION

MASSIVE multiple-input multiple-output (MIMO) is cur-
rently one of the most promising technologies for future

wireless communications systems such as 5G [1], [2]. How-
ever, a critical limitation of massive MIMO is signal detection
in the uplink. Specifically, it is difficult to achieve an effective
compromise amongst low computing load, high processing
parallelism and high detection accuracy [1], [2]. A maximum
likelihood detection technique [3] has been proposed as the
optimal detection algorithm. However, its computing load
exponentially increases with the number of users, which makes
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it impractical in massive MIMO systems. Various non-linear
detection algorithms, such as sphere-decoding [4] and the
K-Best detection algorithm [5], have also been proposed.
Although these non-linear detection algorithms can achieve
high detection accuracy, their computing loads remain unac-
ceptable when the number of antennas at the base station (BS)
is large (e.g., 128 or 256 antennas). The complicated signal
detection process is difficult to efficiently implement in an
actual massive MIMO system. To reduce the computing load,
various linear detection algorithms have been proposed [6]–
[8]. These algorithms have lower detection accuracy compared
with non-linear algorithms and can achieve lower computing
loads. Among these linear algorithms, the minimum mean
square error (MMSE) is one of the most effective algorithms in
reducing computing loads, having minimal detection accuracy
loss; as such, it has significant potential for use in practical
massive MIMO systems [1], [2].

However, MMSE detection faces the significant challenge
of intensive matrix inversion in practical massive MIMO sys-
tems [9]. The computing load of matrix inversion increases as
O(M3) (where M is the number of users), which produces dif-
ficulties for hardware implementation with increasing numbers
of users. This issue limits the application of hardware architec-
tures (detectors) in massive MIMO systems [9], [10]. Various
works have been proposed to reduce computing loads and
optimize hardware architectures, including Neumann series
approximation (NSA)-based detectors [9], [10] and Cholesky
decomposition (CHD)-based detectors [11], [12]. These meth-
ods achieve high throughput but consume a significant amount
of hardware resources. To reduce hardware resource con-
sumption, architectures based on approximation methods have
also been proposed such as the Gauss-Seidel (GS) [13], [14],
Richardson (RI) [15], successive over-relaxation (SOR)
[16], [17] and successive over-relaxation (SSOR) [18] meth-
ods. However, the computations in the GS, RI, SOR and
SSOR methods are difficult to parallelize due to the high
correlation between each compute step. To explore the par-
allelism between each step, implicit methods have been pro-
posed, including conjugate gradient (CG) [19], optimized
coordinate descent (OCD) [20] and intra-iterative interference
cancellation (IIC) [21]. However, these implicit methods do
not consider the unique properties of massive MIMO sys-
tems, such as channel hardening; therefore, the preprocessing
results (e.g., Gram matrices) cannot be reused. Here, the same
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Gram matrix must be computed many times, which means
that architectures based on implicit methods suffer from high
energy consumption and latency. A detailed analysis of related
works is presented in Section II.

To address the problems described above, this paper pro-
poses a VLSI architecture for signal detection in an uplink
massive MIMO system. Based on user-level parallelism,
a fully pipelined technique is adopted to achieve higher energy
and area efficiencies (i.e., throughput/power and through-
put/area), where each processing element of the estimated
vectors is computed per clock cycle in parallel. First, given
that an MMSE filtering matrix is diagonally dominant for
an uplink massive MIMO system, a diagonal-based systolic
array with single-sided input is designed. This systolic array
substantially reduces latency using limited hardware, and the
architecture operates in a deeply pipelined manner. Second, per
the weighted Jacobi iteration (WeJi) method, an architecture
is proposed to scale down the high computing load of the
exact matrix inversion. In addition, a dominant diagonal-
component approximation is employed to generate an initial
solution of the iteration. Third, an architecture is designed
to approximately compute the log-likelihood ratio (LLR) by
applying the approximated LLR processing method to the
WeJi method. The proposed VLSI architecture is verified on
an FPGA and fabricated into a chip with 65 nm technology
in an uplink massive MIMO system. The measured results
demonstrate that the proposed architecture possesses advan-
tages with respect to energy efficiency (throughput/power) and
area efficiency (throughput/area) compared with other state-
of-the-art designs. Considering detection accuracy, this chip
reduces the signal-to-noise ratio (SNR) by 0.2 dB (measured
at a target FER of 10−2), consisting of a 0.11 dB loss from
the approximation algorithm itself and a 0.09 dB loss from the
fixed-point error (i.e., the truncation error results from the
limited word-length of the hardware, approximate recipro-
cal unit, and look-up table (LUT)). This detection accuracy
loss is already acceptable for an actual massive MIMO sys-
tem and is even lower than that of other state-of-the-art
designs [9]–[21].

Notation: Boldface capital letters and lowercase letters stand
for matrices and vectors, respectively; (·)T , (·)H , (·)−1, ρ(·)
and det(·) denote transpose, conjugate transpose, inversion,
spectral radius and determinant, respectively; E(·) denotes the
expectation; (·)∗ denotes the conjugate operator; IM stands
for the M × M identity matrix; || · ||2 and || · ||F stand for
the l2-norm and Frobenius norm of a matrix, respectively; and
lowercase k and uppercase K are the current iteration and total
number of iterations, respectively.

Outline: The remainder of this paper is organized as follows.
Section II briefly introduces the system model and related
work. Section III details the proposed massive MIMO detector.
Section IV provides frame-error-rate (FER) simulations and
comparisons of detection algorithms. Section V shows the
silicon implementation results and comparisons. Section VI
provides the conclusion.

II. SYSTEM MODEL AND RELATED WORK

A. System Model

A massive MIMO systems has N antennas at the BS to
simultaneously communicate with M single-antenna users,

predominantly N � M [1]. The parallel transmit bit-streams
of M users are encoded by utilizing channel encoders; the
results are then mapped to constellation symbols to obtain
a sequence of transmit vectors (s) by taking symbols from
a set of a constellation alphabet, Q. Let s ∈ Q denote the
M × 1 transmitted signal vector of all M users, where the
vector y denotes the N × 1 received signals at the BS. Now,
the baseband input-output relationship can be described by

y = Hs + n, (1)

where H ∈ C
N×M stands for the flat Rayleigh fading chan-

nel matrix, whose elements are independent and identically
distributed (i.i.d.) following N(0, 1), and all elements of n
denote N×1 i.i.d. zero-mean complex additive white Gaussian
noise.

The transmitting signal (s) by MMSE can be calculated as

ŝ =
(

HH H + N0 Es
−1IM

)−1
HH y = A−1yMF, (2)

where A = HH H + N0 Es
−1IM is the MMSE filtering matrix

and yMF = HH y is the matched-filter vector. In addition, N0
and Es denote the power spectral density of the noise and the
power of the transmitted vector, respectively. Per the definition
of the matched filter yMF, the vector s can be described by

ŝ = Us + v, (3)

where U = A−1HH H and v = A−1HH n are the equivalent
channel matrices. Let σ 2

eq denote the variance of the post-
equalization noise plus interference (NPI); here, b is the bit
index of the LLR of the i -th user. The max-log LLR satisfies

Li,b = U2
ii

σ 2
eq

(
min
s∈S0

b

∣∣∣∣
ŝi

Uii
− s

∣∣∣∣
2

− min
s∈S1

b

∣∣∣∣
ŝi

Uii
− s

∣∣∣∣
2
)

= ζ 2
i ϕb(ŝi ),

(4)

where ζ 2
i is the signal-to-interference-plus-noise ratio (SINR)

for the i -th user, ϕb(ŝi ) is a piecewise linear function for
Gray mappings, and S0

b and S1
b denote the sets of modu-

lation constellation symbols, where the i -th bit is 0 and 1,
respectively.

In massive MIMO systems, MMSE detection can achieve
near-optimal performance [1]. However, the computing loads
of the matrix inversion A−1 in (3) and the LLR in (4) are
high (O(M3)), especially in systems with a large number of
antennas [9]. Furthermore, considering hardware implemen-
tation, the computing of the matrices A and A−1 restricts
the system parallelism due to the high correlation of each
computation.

B. Related Work

To achieve complicated matrix inversions in MMSE, three
types of architectures have been proposed that can approx-
imate or even accurately implement matrix inversion. These
methods include the following: the exact matrix inversion
method (CHD [11], [12]), explicit approximation meth-
ods (NSA [9], [10], GS [13], [14], SOR [16], [17] and
SSOR [18]) and implicit approximation methods (CG [19],
OCD [20], and IIC [21]).

In [11], [12], VLSI architectures were proposed based on the
CHD method, which decompose the matrix A into two parts:
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a diagonal matrix P and an off-diagonal matrix Q. The exact
matrix inversion in MMSE detection is achieved as

Â−1 = L−1P−1L−1, (5)

where P is a diagonal matrix and L is a lower unit tri-
angular matrix (Q = L + L−1). In this architecture, there
are three important computing blocks: triangular multipli-
cation systolic arrays, substitution blocks and accumulation
blocks. This architecture achieves precise matrix inversion,
but certain deficiencies, such as the low parallelism between
each computation step and the high computing load of the
matrix inversion (O(U3)), remain. Hence, this architecture is
unsuitable for massive MIMO systems because of the strict
hardware requirements [9].

Explicit method (NSA) architectures have been proposed
to achieve high throughput for massive MIMO detection [9],
[10]. The NSA method rewrites the inversion of the MMSE
filtering matrix, A, with the following expression:

Â−1
k =

∑k−1

n=0

(
−P−1Q

)n
P−1 (6)

where k is the number of iterations. When k is not large,
the computing load is low; however, the approximate error
of the matrix inversion is unacceptable. When k is large,
the computing load increases as O(M3). Furthermore, there
are numerous matrix multiplications. Hence, this method can
partially reduce the number of multiplications . Although the
number of real multiplications is partially scaled down in this
algorithm, undesired large-scale matrix multiplications and
large detection accuracy errors are present. In this architec-
ture, there are eight systolic arrays, which are used to com-
pute large-scale matrix multiplications and matrix inversion
together. This architecture can achieve high throughput, but
the area and power consumptions remain unacceptable; in
addition, the approximate error is large in the signal detection
process. The GS-method-based architecture has been proposed
to iteratively achieve matrix inversion for signal detection
[13], [14]. The GS method estimates the transmitting signal
vector (s) as

ŝ(k) = (P + L)−1
(

yMF − LH ŝ(k−1)
)
. (7)

Considering the definitions of P and L, the solution can also
be presented as

ŝ(k)
i = 1

Aii

(
yMF

i −
∑
i< j

Ai j ŝ
(k)
j −

∑
j>i

Ai j ŝ
(k−1)
j

)
, (8)

where ŝ(k)
i , ŝ(k−1)

i and yMF
i denote the i -th elements of ŝ(k),

ŝ(k−1) and yMF, respectively, and Aij denotes the i -th row
and j -th column of A. This method effectively scales down
the number of matrix multiplications of the matrix inversion.
However, this method suffers from low parallelism because of
the strong correlation between each element in the transmitting
signal. The computation of ŝ(k)

i uses the elements of ŝ(k)

in the current iteration and the elements of ŝ(k−1) in the
previous iterations. In addition, the SOR and SSOR meth-
ods [16]–[18] also suffer problems regarding low parallelism
because these methods have similar computations in each
iteration. Considering its corresponding hardware implemen-
tation, the computations for each transmitting signal in this

Fig. 1. Top-level block diagram of VLSI architecture. (LLR: log-likelihood
ratio)

method cannot be simultaneously performed. So, the GS- and
SOR-based architectures in [14], [17] cannot achieve high
throughput.

Implicit method architectures, such as CG [19], OCD [20]
and IIC [21], have been proposed to explore the parallelism
between matrix multiplication and inversion. In these explicit
methods, the multiplication of the Gram matrix G = HH H is
first computed and then followed by the computation of the
multiplication of the Gram matrix by the estimated vector ŝ.
However, for implicit methods, the above computations can
be transformed to first compute Hŝ. Then, the matrix HH

is multiplied by the result vector. These methods can reduce
the computing load of the Gram matrix multiplication, allow-
ing the matrix multiplication and inversion computations to
be performed in parallel. However, these implicit methods
ignore the unique properties of a massive MIMO system
(e.g., channel hardening). Therefore, the same Gram matrix
needs to be calculated multiple times, which means that
implicit method architectures suffer from higher energy con-
sumption and latency compared to explicit methods.

Although these algorithms and architectures partially solve
the problems of MMSE detection in massive MIMO sys-
tems, an efficient trade-off across computing load, processing
parallelism and detection accuracy is difficult to achieve.
In addition, the unique massive MIMO channel properties
are not considered. These issues should be considered for
hardware designs aiming to achieve high throughput with low
area and energy consumptions.

III. PROPOSED MASSIVE MIMO DETECTOR

In this section, a VLSI architecture is designed to achieve
massive MIMO detection based on a modified MMSE sig-
nal detection algorithm. The architecture was designed for
a 64-QAM, 128×8 massive MIMO system case study.
Fig. 1 shows the top-level block diagram for the proposed
massive MIMO detector. To achieve a higher throughput
with limited hardware resources, the top-level architecture is
fully pipelined. The VLSI architecture is divided into three
main components. In the first preprocessing unit (diagonal-
based systolic array), the Gram matrix G, P−1 and the
matched-filter yMF are computed using inputs of the detector
such as the received vector y, the channel matrix H, N0 and Es.
These input data are stored in different memories of the archi-
tecture. A total of 32 static random access memories (SRAM)
are used to store the complex values of the channel matrix H
and the received vector y. A total of 8 elements of the matrix H
and vector y are read during each clock cycle. The memory
sizes of the matrix H and vector y are 3 KB and approximately
0.34 KB, respectively. In addition, various parameters, such as
N0 and Es, are stored in memory. In the second unit, the result
matrices G, P−1 and the vector yMF are used to iteratively
achieve the matrix inversion with the WeJi method. The WeJi
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Fig. 2. Timing schedule of the proposed VLSI architecture.

unit includes various blocks. The pre-iteration block is used
to compute the iterative matrix R (R = P−1Q) and vector
T (T = P−1yMF). The results of the pre-iteration block are
transmitted to the initial and iterative block to achieve the
computation of the final vector, ŝ(k). Based on the simulation
results and analyses (Section IV), K = 2 is chosen as the
iteration number of the WeJi method for implementation,
therein being sufficient to achieve high detection accuracy
with low resource consumption. In the third unit, the final
vector, ŝ(k); the diagonal element of the MMSE filtering
matrix, Pii ; and the parameter N0 are computed to obtain the
outputs (LLRs). The outputs are stored in 16 SRAMs, which
is approximately 0.1 KB.

Fig. 2 shows the timing schedule of the proposed detector
for a 128×8 MIMO system. In the diagonal-based systolic
array, 45 clock cycles are used to compute all the results. The
45 clock cycles include 32 clock cycles for complex-valued
multiplications, 5 clock cycles for performing accumulations
to compute the matrix P, and 8 clock cycles for computing the
reciprocal of the matrix P. After 38 clock cycles, the results
of the diagonal-based systolic array can be obtained and are
used in the pre-iteration block (the first block of the WeJi unit).
In the pre-iteration block, the computations of the matrix R
and vector T require 15 and 8 clock cycles, respectively. The
initial and iteration block (the second block of the WeJi unit)
can start to compute the first element of the initial solution;
then, the other elements of the initial solution can be computed
immediately. After 11 clock cycles, the first iteration can be
started. Similar to the first iteration, the second iteration can
be stared after 11 clock cycles when the first iteration is
stared. As a summary, the initial and iteration blocks consume
37 clock cycles in total. Finally, after 11 clock cycles from the
start of the second iteration, the approximated LLR processing
unit can use the first element of the result vector ˆs(k) to
achieve the computation of the LLR values. After 3 clock
cycles, the LLR values can be computed and then stored
in the output memory. Then, the following 15 LLR values
are obtained consecutively. The LLR unit consumes 18 clock
cycles in total. In the proposed VLSI architecture, the average
utilization rates of the diagonal-based systolic array and the
initial and iteration block both approach 100%. The two
models are complex (compared to the pre-iteration block and
approximated LLR processing unit) and have much higher area
compensations. To precisely transfer data, the input and output
data of the pre-iteration block and the approximated LLR
processing unit have to be matched with the data of the two
major models. As a result, the average utilization rate of the
pre-iteration block and the approximated LLR processing unit
is approximately 60%. The following section presents each of
the units in detail.

Fig. 3. Architecture of diagonal-based systolic array (PE: processing
element).

A. Diagonal-Based Systolic Array

In the first preprocessing unit, a diagonal-based systolic
array with single-sided input is designed to perform the com-
putation of the Gram matrix and matched filter. Fig. 3 details
the proposed architecture of the systolic array. Considering
the scale of a massive MIMO system, this unit includes
three different processing elements (PE). There are M PE-As,
M2−M

2 PE-Bs and M − 1 PE-Cs in a deep pipeline. For
example, in this 128×8 MIMO system, there are 8 PE-As,
28 PE-Bs and 7 PE-Cs. We take the first PE-A, PE-B and PE-C
as an example to show the architectures in detail in Fig. 4. The
PE-A is used to compute the matched filter yMF, the diagonal
elements of the Gram matrix, G, and their inversion, P−1. The
PE-A includes four groups of arithmetic logical units (ALUs),
three accumulators (ACCs) and a reciprocal unit (RECU).
The ALU-A and ALU-B are used to compute the real and
imaginary parts of each element of the result matrix, respec-
tively (Fig. 4-(a)). The outputs P−1

i,i and both the real and
imaginary parts of yMF

i are transmitted to the next block to
compute. In the RECU, the reciprocal of the diagonal element
of the matrix P is obtained from an LUT. The LUT stores
the reciprocal of P from 72-200, which has minimal influence
on the detection accuracy because the value of each element
of P is near 128 (the number of antennas at the BS) [1].
Fig. 4-(b) shows the details of the PE-B, which performs the
computation of the off-diagonal elements of the matrix A. The
PE-C is used to perform input data conjugation (Fig. 4-(c)).
Note that the different types of calculations included in the
PEs (all PEs in this massive MIMO detector) are achieved
through multiple pipelines, and there are pipeline registers
storing data between every calculation. For example, in the
ALU-A of Fig. 4, the results achieved by the multiplier are
stored in pipeline registers and serve as an input for the adder
in the next step. It requires multiple periods to realize the
ALU-A results serving as an input for the ACC during the
add calculations. The results of every period are stored in
pipeline registers. All other PEs follow the same type of
multiple-period pipeline architecture. For this systolic array,
four elements of the transposed input data matrix HH and
matrix y are simultaneously transmitted to the PE-A. To ensure
that each PE processes the correct set of operands, the values
in the i -th row of HH are delayed by (i −1) clock cycles. First,
each value of HH is transmitted from the PE-A to the PE-B
and then to the PE-C (by row); they are then transmitted from
the PE-C to the PE-B (by column). Given that the inversion
of the matrix P is used to compute the matrix R = P−1Q and
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Fig. 4. Architecture of the PE-A, PE-B, and PE-C (MU: multiplied unit,
ALU: arithmetic logical unit; ACC: accumulator; RECU: reciprocal unit,
CONJ: conjugate). In the ALU-A, the adder symbol is a placeholder for both
addition and subtraction. (a) PE-A. (b) PE-B. (c) PE-C.

vector T = P−1yMF in the next unit (WeJi unit), the inversion
of the diagonal elements has to be computed as soon as
possible. This is why all the PE-As are the first processing
elements in each row, being on the left side of the array.
The outputs of the PE-A are transmitted to the next unit per
clock cycle after the initial latency. Hence, this diagonal-based
single-sided input systolic array can achieve high throughput
and high hardware utilization.

Similar systolic arrays can be found in [9], [10] and [14].
In these architectures, the PE-A is not the first processing
element, being in the diagonal part of the systolic array.
Hence, the computations of the diagonal elements of the
Gram matrix G are delayed, thereby consuming 15 clock
cycles. This architecture reduces the number of clock cycles
needed to compute the matrix P by half, i.e., it doubled the
throughput. In [9], [10] and [14], double-sided inputs for
the PE-A are used; however, in the proposed architecture,
single-sided inputs are used, which reduces the number of
registers in the input side by half due to the existence of the
conjugate processing elements. The cost of this block results
from the PE-C and is acceptable. As discussed in Section II-B,
the architectures for the implicit method does not include the
Gram matrix compute unit [19]–[21] because the Gram matrix
is transmitted to two vector multiplications. The throughput of
these architectures is high, and the hardware resource usage
and power consumption are low . However, in an actual
system, the same Gram matrix results as those in the implicit
architectures are computed many times when considering the
unique property (i.e., channel hardening) of a massive MIMO
system (as discussed in Section II-B). Hence, the energy
consumption and latency of these implicit architectures are
very high in actual massive MIMO systems. In contrast,
the energy consumption latency of the proposed systolic array
for the Gram matrix computation is lower because of the
reusability of the Gram matrix result.

B. Weighted Jacobi Iteration Unit

1) Signal Detection Based on Weighted Jacobi Iteration:
In a massive MIMO system, the signal detection method is

used to solve linear equations such as (2). As discussed in
Section II, the complicated matrix inversion of A suffers from
a high computing load and is difficult for parallel computation.
Hence, such an inversion is not an ideal approach to solve the
equation considering hardware implementations. In a massive
MIMO system, the matrix H is asymptotically orthogonal,
which means that the Gram matrix G and consequently A
are Hermitian positive definite [1]. Therefore, the matrix A is
split into two parts, A = P+Q, where P includes the diagonal
components of A and Q includes diagonal elements equal to
zero and off-diagonal elements equal to those of A. To exploit
the weighted Jacobi iteration (WeJi) to approximately solve
the linear equation in (2), the signal can be estimated as

ŝ(k) = BW ŝ(k−1) + F

=
(
(1 − ω) I − ωP−1Q

)
ŝ(k−1) + ωP−1yMF, (9)

where BW = (1 − ω)I − ωP−1Q and F = ωP−1yMF represent
the iterative matrices, k is the number of iterations, and
ŝ(0) is the initial solution (discussed in the next paragraph).
The parameter ω, which plays an important role in both the
convergence and the convergence rate, satisfies the expression
0 < ω < 1. The proposed iteration algorithm is convergent
because ω satisfies 0 < ω < 2/ρ(P−1A) [22]. The matrix
multiplication is achieved by a vector multiplication when
utilizing this algorithm. Here, P is the main diagonal of
the matrix A; therefore, the diagonal matrix can be used to
solve (9) to obtain the vector ŝ(k). In addition, the computing
load required to calculate P−1 is very low because P is
a diagonal matrix; this is another reason why this algorithm
achieves reduced computing load.

The initial solution of the iteration affects the detection
accuracy and computing load when the number of iterations
is limited. The next task in the signal detection method
determines the initial solution, which traditionally is set as a
zero vector because no a priori information of the final solution
is available. For uplink massive MIMO systems, the matrix A
becomes diagonally dominant. Based on this property, a low-
computing-load initial solution is proposed using the Neumann
series approximation. The matrix A−1 can be described as (6).
Consequently, the vector ŝ(0) can be computed as

ŝ(0) =
(

I − P−1Q
)

P−1yMF = (I − R) T. (10)

The approximation error of ŝ(0) can be small because the
matrix P includes the diagonal components of the matrix A.
This indicates that the initial solution converges faster than the
traditional zero-vector solution. Hence, the proposed method
can reduce hardware resource consumption and increase
throughput.

Per the definition of ŝ(k) in (9), the approximation error of
the WeJi algorithm can be described with (11) because ŝ(∞)

equals s when the iteration number k → ∞ [9].

� = s − ŝ(k) ≈ ŝ(∞) − ŝ(k) = Bk
W

(
s − ŝ(0)

)
(11)

Per the convergence rate definition [22], the convergence rate
of the WeJi method is

R (BW ) = − ln

(
lim

k→∞

∥∥∥Bk
W

∥∥∥
1/k

)
= − ln (ρ(BW )), (12)
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where ρ(BW ) is the spectral radius of the iteration matrix BW .
For different methods, a smaller ρ(B) leads to a higher
convergence rate.

Lemma 1: In massive MIMO systems, ρ(BW ) ≤ ωρ(BN ),
where ρ(BW ) = ρ

(
(1 − ω)I − ωP−1Q

)
and ρ(BN ) =

ρ(P−1Q) are the iterative matrices of the WeJi and NSA
methods, respectively.

Proof: See Appendix A.
Hence, Lemma 1 indicates that the proposed WeJi detection

achieves a higher convergence rate than the NSA detection.
In addition, without loss of generality, the l2-norm is used to
evaluate the approximation error in (11) as

‖�‖2 ≤
∥∥∥Bk

W

∥∥∥
F

∥∥∥s − ŝ(0)
∥∥∥

2
≤ ‖BW ‖k

F

∥∥∥s − ŝ(0)
∥∥∥

2
. (13)

According to (13), if the Frobenius norm of the iteration
matrix BW of the WeJi method satisfies ‖BW ‖F < 1,
the approximation error of the proposed WeJi method is expo-
nentially close to zero with increasing iteration number K .

Lemma 2: In massive MIMO systems, the probability of
‖BW ‖F < 1 satisfies

Pr{‖BW ‖F < 1} ≥ 1 − ω
4

√
(N + 17) (M − 1) M2

2N3 , (14)

where ‖BW ‖F is the Frobenius norm of the iteration
matrix BW of the WeJi method.

Proof: See Appendix B.
Lemma 2 indicates that when the number of users (M) is

fixed, an increase in N will cause Pr{‖BW ‖F < 1} to increase,
which means that the probability of ‖BW ‖F < 1 will increase.
For massive MIMO systems, the number of antennas at the
BS is much larger than the number of users (N � M), which
indicates that the probability of ‖BW ‖F < 1 is close to 1.
According to (13), the approximation error of the proposed
WeJi detection is close to zero, thereby approximating the
exact inversion MMSE. In this paper, the WeJi method does
not directly achieve matrix inversion; the WeJi method is an
iterative method that relies on matrix inversion. The WeJi
method combines matrix inversion with matrix-vector multipli-
cation and uses an iterative method to estimate the transmitted
signal.

2) Summary and Analyses of WeJi: The WeJi algorithm first
performs the computation of the matrices R (R = P−1Q)
and T (T = P−1yMF). To facilitate WeJi detection, the initial
solution should be computed as soon as possible. Thus,
the vector T and the matrix R should be prepared within
an allotted time. Second, the initial solution ŝ(0) is computed
according to (10). Note that when considering the hardware
design, the architecture for the initial solution can be reused
in the next iteration block. Finally, the iterations in (9) for the
final value ŝ(k) are performed. In the iteration part, the matrix
multiplication was achieved by a vector multiplication, and
all the elements of the estimated vector can be determined in
parallel. The computing load of the complex matrix inversion
is reduced using iterations. In addition, the weighted parameter
results in small iteration numbers toward achieving a similar
detection performance, which also reduces the computing load
of the detector. Now, the proposed WeJi algorithm is compared
with recently developed algorithms in terms of computing
load, parallelism, and hardware-design realizability.

Fig. 5. The numbers of multiplications under the WeJi algorithm and the
other methods.

Because both the MMSE algorithm and the proposed
WeJi-based signal detection method need to compute the
matrices G and yMF, the current work focuses on the com-
puting load of the matrix inversion and LLR computations,
as in [9]–[14]. The computing load can be evaluated in terms
of the required number of real multiplications, with each
complex multiplication requiring four real multiplications.
The first calculation comes from the computation of the
multiplications of the M × M diagonal matrix P−1 with the
M × M matrix Q and with the N × 1 vector yMF, which
are 2M(M − 1) and 2M in number, respectively. The second
calculation comes from the multiplications of the iteration
matrices B and F, which include 4M real multiplications. The
third calculation comes from the computation of the initial
solution. The final calculation comes from the computation of
the channel gain, NPI variance and LLRs. Hence, the total
number of multiplications required by the WeJi algorithm is
(4K + 4)M2 − (4K − 4)M . Fig. 5 shows the numbers of
real multiplications performed by the WeJi algorithm and the
compared methods. The WeJi algorithm has a lower computing
load than the GS, SOR and SSOR methods. The NSA method
presents a much lower computing load when the iteration
number satisfies K = 2. Generally, according to the analysis
in [14], K should not be less than 3 in the NSA method
to ensure satisfactory detection accuracy. When K = 3,
the NSA method exhibits a higher computing load of O(M3).
Therefore, the reduction in the computing load of the NSA
method is marginal.

Further important aspects for the hardware implementation
of this signal detection algorithm must still be considered.
The WeJi algorithm can be performed in parallel. As in (8),
the solution of the WeJi algorithm in (9) can be rewritten as

ŝ(k)
i = ω

Aii
yMF

i + ω

Aii

∑
j �=i

(
Aij ŝ(k−1)

j + (1 − ω)ŝ(k−1)
j

)
. (15)

The calculation of ŝ(k)
i only requires the elements of the previ-

ous iterations. Therefore, each computation for all elements of
ŝ(k) can be performed in parallel. However, for the GS, SOR
and SSOR methods, the iteration has a strong correlation for
each transmitting signal (as discussed in Section II). According
to (8), the computation of ŝ(k)

i uses the elements of ŝ(k)
j for

j = 1, 2, . . . , i−1 in the current k-th iteration and the elements
of ŝ(k−1)

j for j = i, i + 1, . . . , M in the previous (k − 1)-th
iteration. This means that the computations for each element
cannot be performed in parallel. For this reason, the GS and
SOR method architectures in [14], [17] cannot achieve high
throughput, being much lower than that of the WeJi detection.
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Fig. 6. Pre-iteration block architecture.

Note that [23] proposes a Jacobi-based detection method.
Compared to this method, the proposed WeJi method achieves
a better performance in the following three regards. First,
the proposed WeJi method is a method based on hardware
architecture design considerations, which means that hardware
implementation is fully considered in the process of algorithm
optimization and improvement. In the process of algorithm
design, the considered aspects include the detection accu-
racy, computing load, parallelism, and hardware reusability.
In contrast, [23] does not consider hardware implementation
aspects such as parallelism and hardware reusability. Second,
WeJi and [23] adopt different initial iteration solution cal-
culation methods. The initial value in [23] is constant (it is
related to the modulation mode); this constant initial solution
is quite different from the final result. In contrast, the pro-
posed method considers massive MIMO system features and
includes a method to compute the initial solution. By follow-
ing (10), the iterative initial solution is close to the final result.
As a result, the subsequent iteration number can be reduced,
and unnecessary hardware consumption can be minimized.
Moreover, the proposed method for computing the initial
solution is similar to that of the following iteration, and the
hardware resources can be reused for both the initial and final
solution calculations. Because the Gram matrix computation
before the iterative calculation would occupy much of a
clock cycle, the reuse of hardware resources does not affect
the throughput of the system. Third, compared with [23],
the WeJi algorithm introduces a weight factor, as shown in (9).
Hence, the accuracy can be improved. Therefore, the hardware
resource consumption will be decreased. Moreover, the same
unit can be reused to improve the unit usability rate when
performing pre-iteration and iteration. In addition, this reuse
does not affect the throughput.

3) Architecture for WeJi: An architecture based on the
WeJi method is proposed. There are two blocks in the WeJi
unit: the pre-iteration block and the initial and iteration block.
The pre-iteration block is proposed to satisfy the requests
of the input data in the initial and iteration block. Fig. 6
presents the details of the pre-iteration block, where M + 1
PE-Ds compute in parallel in a deep pipeline (9 PE-Ds for
a 128×8 MIMO system). There are two main operations for
this block: the computation of the vector T = P−1yMF and
the iteration matrix R = P−1Q. The calculations of these two
parts are simultaneously processed, and the result of each PE-E
is computed per clock cycle, resulting in high parallelism.
Fig. 7 shows the architecture of the PE-D, which includes
one ALU-C (real-complex multiplication). Here, the input data
P−1 are a real matrix; therefore, the computations can be
simplified.

In [9] and [10], after computing the Gram matrix and
matched-filter block, the computations of the matrices R and T
are performed in a systolic array; as such, the hardware
consumption is small. However, considering the throughput of

Fig. 7. PE-D architecture.

Fig. 8. Initial and iteration block architecture.

Fig. 9. PE-E architecture.

Fig. 10. Architecture of the approximated LLR processing unit.
(LUT: look-up table)

the entire system, the computations of the second G and yMF

are delayed due to the matrices T and R; hence, the throughput
is reduced. To maintain a high throughput, the computations of
the matrices T and R are performed in another systolic array,
which requires more processing elements. In this architecture,
the pre-iteration block uses a pipelined mechanism to compute
the matrices T and R within an exact time limit. Compared
with [9] and [10], this architecture effectively utilizes the
processing elements considering the time limitations. The
throughput has no influence, and lower area and power
consumptions are achieved.

An initial and iteration block is proposed to achieve high
throughput and hardware processing speeds with limited area
consumption (Fig. 8). This block is used to compute iterations
with fully pipelined architectures because of the time limita-
tions of the previous blocks. To fit the high frequency, this
block has M processing elements, called PE-Es. For example,
there are 8 PE-Es in a 128×8 MIMO system. Fig. 9 shows
the details of a PE-E, which includes two ALUs (ALU-D and
ALU-E) for computing the real and imaginary parts of the ŝ(k)

i .
There are eight pipeline registers in each input side of the
PE-E. The input vector is transmitted to the PE-E element by
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Fig. 11. FER performance comparison between the proposed algorithm and other algorithms under different MIMO configurations and code rates.
(FER: frame error rate, SNR: signal-to-noise ratio) (a) N = 64, M = 8, 1/2 code rate. (b) N = 128, M = 8, 1/2 code rate. (c) N = 128, M = 8,
3/4 code rate.

element (from left to right), and the input matrix R = P−1Q is
transmitted to each PE-E when the matrix is computed. In the
first phase, the PE-Es are used to compute the initial solution
based on the WeJi algorithm. The PE-Es compute the total
time from when the first data were received. In the second
phase, the PE-Es compute the iterations needed to obtain the
vector ŝ(k). The accumulation results, ŝ(k)

m , of the PE-Es are
stored in the input pipeline registers of the PE-Es.

In [9] and [10], these computations are also performed
in a systolic array because they are needed to perform the
multiplications of the matrix. Hence, additional processing
elements are required, and each element of the systolic
array is constantly performing calculations; this means that
there are significant area and power consumptions. Compared
with [9] and [10], this architecture block can perform the
vector multiplications in place of the matrix multiplications
at lower area and power consumptions. Compared with [14],
this block shows that the proposed algorithm can achieve an
8× higher parallelism than the proposed GS algorithm. The
user-level parallelism unit can be utilized in this block; there-
fore, this block can be used to obtain a fully pipelined archi-
tecture that has no influence on the throughput of the complete
system.

C. Approximated LLR Processing Unit

The approximated LLR processing unit is used to compute
the LLR values for each transmitted bit based on the proposed
algorithm. Following [9], [10], [13], the approximated LLR
processing method is applied to the WeJi method and used to
design an architecture. The NPI variance σ 2

eq and the SINR ζ 2
i

can be computed as [9], [10], [13]

σ 2
eq = EsUii − EsU

2
ii ,

ζ 2
i = 1

Es
· Uii

1 − Uii
≈ 1

Es
·

Pii

Pii +N0 Es
−1

1 − Pii
Pii +N0 Es

−1

= Pii

N0
. (16)

Fig. 10 shows the block diagram of the approximated LLR
processing unit, which includes 1

2 log2 Q PE-Fs in this archi-
tecture for the Q-QAM modulation. The first step calculates
the SINR ζ 2

i using Pii and N0 per (16). The authors note that
the SINR value can be used for the same i -th user. The linear
equation ϕb(ŝi ) is calculated with different ŝi . Following (4),
the linear function ϕb(ŝi ) for the Gray mappings can be

efficiently achieved in the hardware architecture. Next, the bit
LLR values, Li,b , are calculated using the SINR ζ 2

i . Fig. 10
also shows the details of the processing element, PE-F. Here,
each of the linear equation coefficients, ϕb(ŝi ), are stored in
a correction LUT; in addition, the effective channel gain, Pii ,
is transmitted from the Gram and matched-filter block. In the
RECU, the reciprocal of N0 is achieved by the LUT. The
block facilitates the computations of the LLRs to be simplified,
which increases the processing speed and reduces both the area
and power consumptions in the block. Although this method
increases the number of LUTs, the increase is minimal;
as such, the method is acceptable.

IV. FRAME-ERROR-RATE SIMULATION

The FER simulation results of the proposed signal detection
algorithm and the recently proposed algorithms are provided
in this section. The FER performance of the classical MMSE
algorithm with exact matrix inversion (CHD method) is also
provided for comparison. The 64-QAM modulation scheme is
used. The rate-1/2 industry standard convolutional code with
a [133o 171o] polynomial along with a random interleaver is
adopted. The coding is performed over 120 symbols, and the
channels are assumed to be i.i.d. Rayleigh fading is assumed
across time/subcarriers, and the number of frames is 10,000.
The outputs (LLRs) are used in the Viterbi decoding. At the
receiver, the LLRs are Viterbi decoding soft input. Follow-
ing [9], the SNR is defined at the receiver. These simulation
settings are quite practical for use in, for example, long-term
evolution (LTE), LTE-Advanced, digital video broadcasting for
satellite and shortwave communication [24], [25]. A type of
parallel concatenated convolutional code, the turbo code, has
been discussed for 4G and 5G [24], [25]. The currently used
turbo scheme in 4G is also an important coding scheme for
5G and sees extensive usage. In addition, these simulation
settings are frequently used in many massive MIMO detection
algorithms and architectures for 5G [13]–[18].

Fig. 11 shows the FER performance comparison between
the proposed WeJi, NSA [9], [10], RI [15], IIC [21], CG [19],
GS [13], [14], OCD [20], and MMSE algorithms [11], [12].
In Fig. 11-(a), these algorithms are simulated in a
64×8 massive MIMO system with a 1/2 code rate. Fig. 11-(b)
shows the FER performance results for a 128×8 massive
MIMO system with a 1/2 code rate. To prove that the pro-
posed method also possesses advantages in terms of higher
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Fig. 12. SNR (dB) requirements for achieving an FER of 10−2.

Fig. 13. FER performance comparison for the Kronecker channel model.

code rates, Fig. 11-(c) shows the performance results for a
128×8 massive MIMO system with a 3/4 code rate. The
comparisons of these simulation results show that the WeJi
method can achieve near-optimal performance under different
MIMO configurations and code rates. To achieve the same
FER, the WeJi method requires an SNR that is almost identical
to those needed for the MMSE algorithm but lower than those
required by the OCD, CG, GS, IIC, RI, and NSA methods.
For example, Fig. 12 shows the performance comparison for
achieving an FER of 10−2. This value is appropriate for
regular LTE data channels [1], [25]. In addition, 10−2 FER
is the most commonly used value in comparing different
algorithms in recent studies, which indicates that this paper can
be compared fairly with other references [1], [11]. According
to Fig. 12, the proposed WeJi method achieves a better
FER performance than state-of-the-art methods in different
MIMO configurations.

The authors note that previous simulation results were
based on the Rayleigh fading channel model. To prove that
the proposed algorithm is also superior in more realistic
channel models, Fig. 13 shows the influences of the large-
scale fading and spatial correlation of the MIMO channel.
The Kronecker channel model has previously been used to
evaluate performance because it is more practical than the
i.i.d. Rayleigh fading channel model [26]. The Kronecker
channel model assumes that the transmit and receive cor-
relations are separable. Measurements have shown that the
Kronecker model is a good approximation for non-line-of-
sight scenarios. Hence, this model is widely used in the
literature [13], [26]. In this channel model, the elements of
the channel matrix satisfy CN (0, d(z)IB), where d(z) is an
arbitrary function that accounts for channel attenuation (such
as shadowing and path loss). The classic path loss model
is considered with the channel attenuation variance d(z) =

C
‖z−b‖κ , in which z ∈ R

2, b ∈ R
2, κ and ‖ · ‖ denote the

locations of the user and BS, the path loss exponent and
the Euclidean norm, respectively. The independent shadow

fading C satisfies 10lg C ∼ N (0, σ 2
s f ). Combining with the

correlation matrix (Ṙ), the Kronecker channel matrix H can
be expressed as

H = Ṙ1/2Hi.i.d

√
d(z)Ṙ1/2, (17)

where Hi.i.d is a random matrix whose entries are i.i.d., with a
complex Gaussian distribution of zero mean and unit variance.
The exponential correlation is a model that is used to generate
the correlation matrix and is explained in greater detail in [24].
The elements of the correlation matrix Ṙ can be written as

ṙi j =
{

ξ j−i , i ≤ j
(ξ j−i )∗, i > j

(18)

where ξ is the correlation factor between the neighbouring
branches. Users in the same cell are uniformly distributed in
a hexagon with a radius of r = 500 meters. The following
assumptions are adopted for the simulation: κ = 3.7, σ 2

s f = 5
and transmit power ρ = rκ/2. The correlated factor ξ is 0.2,
0.5 and 0.7, sequentially. Fig. 13 shows that to achieve the
same FER, the SNR required by the proposed algorithm is
also smaller than that in the CG, RI and NSA methods, which
proves that the proposed algorithm can maintain its advantages
in a realistic model.

V. SILICON IMPLEMENTATION AND COMPARISON

The proposed hardware architecture is verified on an FPGA
platform (Xilinx Virtex-7) and implemented using TSMC
65 nm 1P8M CMOS technology. Details of the hardware fea-
tures, derived from the silicon implementation, are compared
to state-of-the-art designs. In addition, the fixed-point design
and its implementation performance with respect to detection
accuracy is also presented. Note that the throughput 
 of the
detector is formulated as


 = log2 Q × M

Ts
× fclk, (19)

where fclk is the clock frequency, Q is the constellation size,
M is the number of users, and Ts is the number of clock cycles
needed for the calculations per symbol vector. According
to (19), the throughput of the architecture in this paper is
closely related to clock frequency, user number, constellation
size and processing cycles. In addition, the number of itera-
tions, scale of hardware resources and numbers of antennas
and users will affect the processing cycle. In this architecture,
the number of clock cycles is designed to satisfy Ts = N

4 .

A. Fixed-Point Design

To reduce the hardware resource consumption, fixed-point
arithmetic is used throughout the design. Based on extensive
simulations, the associated fixed-point parameters are deter-
mined. Note that the word widths refer to the real or imag-
inary part of a complex-valued number. The inputs of the
architecture are all quantized to 14 bits, including the received
signals v, the flat Rayleigh fading channel matrix H, and the
power spectral density of the noise N0. Hence, the multiplica-
tions are quantized to 14 bits, and the results are transmitted
to the accumulator in the diagonal-based systolic array, which
is set to 20 bits. The LUT for achieving the reciprocal of an



1726 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS–I: REGULAR PAPERS, VOL. 65, NO. 5, MAY 2018

TABLE I

COMPARISON OF RESOURCE USAGE ON A XILINX VIRTEX-7 FPGA

TABLE II

COMPARISON OF ASIC IMPLEMENTATION RESULTS

element in the matrix P consists of 128 addresses with 12-bit
outputs. The preprocessing block uses a 14-bit input, which
indicates that the multiplications are quantized to 14 bits.
In addition, the outputs of the preprocessing block are quan-
tized to 14 bits, which are the inputs of the initial and iteration
block. In the initial and iteration block, the multiplications
are quantized to 14 bits, and the results are transmitted to
accumulators, which are quantized to 18 bits to achieve suf-
ficient accuracy at low hardware consumption. In addition,
the outputs are set to 16 bits and transmitted to the LLR
preprocessing block. In this block, the multiplications are set
to 14 bits, and the outputs are set to 12 bits. The resulting
fixed-point performance is shown in Fig. 11 (labeled ’fp’)
for a 128×8 MIMO system. In this architecture, the SNR
loss needed to achieve an FER of 10−2 is 0.2 dB, which
includes an approximately 0.11 dB error from the algorithm
and an approximately 0.09 dB fixed-point error from the
silicon implementation. In the hardware realization process,
the entire architecture adopts fixed-point arithmetic to reduce
the hardware resource consumption. Thus, as a result of the
error produced by the fixed-point parameters, the hardware
realization will increase the SNR loss compared to the soft-
ware simulation, for example, from the truncation error result-
ing from the limited word length of the hardware, approximate
reciprocal unit, LUT, etc. Note that the fixed-point error should

increase during the iteration process because the proposed
architecture is an iterative architecture. However, according
to the simulation results in Fig. 11, the detection accuracy
increases with increasing iteration number for the algorithm.
As a result, the detection accuracy increases with increasing
number of iterations. Fig. 11 shows the FER performance of
the exact MMSE detector, the proposed algorithm, the fixed-
point implementation and comparisons with other algorithms.
Compared with state-of-the-art methods, the error-rate perfor-
mance loss of the WeJi method (0.2 dB) is less than that
under the NSA (0.36 dB) [9], [10], RI (0.43 dB) [15], IIC
(0.49 dB) [21], CG (0.66 dB) [19], GS (0.81 dB) [13], [14],
and OCD (1.02 dB) [20] methods.

B. FPGA Implementation

Table I summarizes the key implementation results on an
FPGA platform (Xilinx Virtex-7). The results are compared
with other architectures [9], [14], [19]–[21], [27] and rep-
resent the best solutions for massive MIMO detectors with
FPGA implementations. Compared with the CHD-based archi-
tecture, the throughput/slice of the proposed architecture is
4.72× higher. This architecture scales down the throughput
to 64.67% but reduces the (LUT+FF) slice consumption in
the NSA-based detector by 87.40%; the DSP consumption is
also reduced. Given the same resources, the throughput under
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Fig. 14. (a) Die micrograph. (b) The numbers of multiplications of the
explicit (WeJi) and implicit (IIC) architectures with Tc = 7.

the proposed work would be 4.05× higher than that of the
NAS-based architecture [9], which can be attributed to the
proposed algorithm and its VLSI architecture. The GS method
architecture [14] achieves a low hardware resource consump-
tion compared with the WeJi architecture. However, the low
throughput (48 Mb/s) is the limitation of the architecture
of the GS method. This is due to the low parallelism of
the computation of each element in the estimated vector
(as discussed in Section II). Therefore, the WeJi-based archi-
tecture achieves 4.90× higher throughput/slice compared to
the architecture of the GS method [14]. In addition, the pro-
posed WeJi architecture is compared with the implicit archi-
tectures. The CG-based architecture [19] achieves a low
hardware consumption, but the throughput is only 20 Mb/s,
which is substantially smaller than that of the WeJi method.
Considering throughput/slice, the WeJi method achieves a
2.43× higher throughput compared to the CG-based architec-
ture [19]. Compared with the OCD-based architecture [20],
the WeJi architecture achieves 1.20× throughput/slice. The
IIC-based architecture [21] achieves a high throughput but
consumes many slices and DSP. Hence, the WeJi method
maintains its advantage in terms of throughput/slice, which
is 1.65× higher than the IIC-based architecture [21]. Finally,
the authors note that architectures with FPGA implementa-
tions for massive MIMO detectors with nonlinear algorithms,
such as the two architectures in [27], have been developed.
The detection accuracy of the nonlinear detection algorithm,
the triangular approximate semidefinite relaxation (TASER)
algorithm, is better than that of linear detection algorithms
such as MMSE-based algorithms (WeJi, CHD, NAS, CG,
IIC, etc.). Similar to GS- and CG-based architectures,
these two TASER-based architectures achieve low throughput
(38 Mb/s and 50 Mb/s). This low throughput limits the uti-
lization of these architectures. The WeJi architecture achieves
1.23× and 2.79× higher throughput/slice compared with the
two TASER-based architectures.

C. Silicon Implementation

The proposed MMSE detector is implemented onto a
2.57 mm2 silicon chip with TSMC 65 nm 1P8M CMOS
technology (Table II). Fig. 14-(a) shows the die micrograph
of the chip. Note that the energy and area efficiencies are
defined as throughput/power and throughput/area, respectively.
[10] provides a state-of-the-art approach and efficiently solves
the large-scale problems of ASIC implementations in massive
MIMO systems (as presented in Section III). The authors

note that the detector in [10] includes additional processing
(e.g., inverse fast Fourier transform processing). To ensure
a fair comparison, the same architecture without additional
processing (from the author’s doctoral dissertation [28]) is
used as a comparison with the proposed architecture. In addi-
tion, for the different technologies, the energy and area effi-
ciencies (Table II) are normalized to the 65 nm technology
and with a 1 V supply voltage as

fclk ∼ s, A ∼ 1/s2, Pdyn ∼ (1/s)(Vdd/V ′
dd)

2, (20)

where s, A, Pdyn, and Vdd denote the technology rate,
area, power and voltage, respectively. This scaling method
is widely used for comparing different architectures of dif-
ferent technologies such as [27]–[29]. The architecture [28]
achieves a 0.54 Gbps/W normalized energy efficiency and
a 0.14 Gbps/mm2 normalized area efficiency. The com-
parison shows that the energy and area efficiencies are
2.93× and 2.86× those in [28], respectively.

[27] proposes two architectures based on TASER algo-
rithms that can achieve high detection accuracies. However,
both of their throughputs are very low (0.099 Gbps and
0.125 Gbps). The proposed WeJi architecture achieves a
throughput of 1.02 Gbps, which is 10.3× and 8.16× that of
the two architectures in [27]. In addition, the architectures
from [27] can only be used for binary phase-shift key-
ing (BPSK) or quadrature phase-shift keying (QPSK). These
architectures are not appropriate for higher order modulation,
which limits their application and development. For compari-
son, the results are normalized to 65 nm technology, as shown
in Table II. The WeJi architecture exhibits a better performance
in terms of normalized energy and area efficiencies compared
with [27]. Specifically, compared to the two TASER detectors
for BPSK and QPSK, the WeJi detector exhibits an increase in
normalized energy efficiency of 1.42× and 2.39× as well as
an increase in normalized area efficiency of 2.67× and 6.67×.
Note that the preprocessing part is not included in the detec-
tors [27]. According to Fig. 14-(a), the preprocessing part
occupies a large portion of the chip (more than 50%). Thus,
the preprocessing part will consume a significant amount of the
power of the chip. As a result, if considering including the
preprocessing part in the TASER detectors, the proposed WeJi
detector should have a substantially better performance as a
result of the increases in the energy and area efficiencies.

[12] proposes a detector design based on the CHD
method. This detector has a relatively low through-
put (0.3 Gbps), thereby limiting its application. The proposed
WeJi architecture in this paper can realize a throughput
of 1.02 Gbps (approximately 3.4×). The area consumption
in [12] is 1.1 mm2, which is smaller than the WeJi method.
However, the area efficiency of the proposed WeJi method is
1.48× that in [12]. Considering that [12] adopted a 28 nm
FD-SOI technology, the result of [12] is normalized to 65 nm
technology. The normalized area efficiency of the WeJi method
is approximately 18.18× that in [12]. The normalized energy
efficiency achieved under the architecture of [12] is 1.58× that
of the WeJi architecture. Note that the FD-SOI technology is
adopted in the chip developed by [12], and the power of the
FD-SOI technology is lower than CMOS technology when
normalized to 65 nm [30]. Meanwhile, the results of [12] did
not include the preprocessing part (i.e., the power consumed
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by preprocessing is not included), while the results obtained
under the WeJi architecture include the preprocessing part.
Therefore, based on the above two reasons, the energy effi-
ciency of the architecture in [12] should decrease remarkably.
[29] proposes a message-passing detector (MPD) that can
achieve very high throughput and normalized energy and
area efficiencies. Note that [29] processes a 128×32 MIMO
system, which shows an evident improvement in throughput
when compared to a 128×8 MIMO system. The architecture
in [29] does not include the preprocessing part, and according
to the computing load analysis, in a 128×8 MIMO system,
the proportion of the resource consumption in the preprocess-
ing part is larger than that in a 128×32 MIMO system. Thus,
considering preprocessing in the architecture, to ensure a high
throughput of 2.76 Gbps, the area and power requirements are
significant. Hence, the normalized energy and area efficiencies
of the WeJi architecture are comparable to the architectures
in [12], [29].

The ASIC implantation results in Table II are from [21],
who recently proposed an IIC detector under an implicit
method architecture with an ASIC implementation.
The architecture achieves a normalized area efficiency
of 0.37 Gbps/mm2, which is lower than that of the proposed
architecture. The energy efficiency of the IIC detector is higher
than that of the WeJi detector. When the channel frequency is
flat and slowly changing, with an obvious channel hardening
effect, the results of the preprocessing part of the explicit
methods can be reused. In an actual system, when considering
the unique property (i.e., channel hardening) of a massive
MIMO system, the implicit architecture [21] is required to
compute the same Gram matrix Tc times, and the explicit
architectures (including the proposed architecture and [28])
only need to compute the same Gram matrix one time.
For example, when considering typical system parameters
in the current LTE-Advanced standard [25], the channel
coherence time satisfies Tc = 7. Fig. 14-(b) shows the number
of multiplications performed under the explicit (WeJi)
and implicit (IIC) architectures with Tc = 7. The implicit
architecture (IIC) [21] suffers from a very high computing load
and energy consumptions (approximately Tc times) in actual
massive MIMO systems. Hence, the energy consumption of
the IIC detector increases significantly (approximately Tc
times). As such, the energy efficiency in the IIC (3.6 Gbps/W)
is Tc times lower. Therefore, when considering the reusability
of the Gram matrix, the energy efficiency of the WeJi detector
is higher than that of the implicit IIC architecture [21]. Note
that slowly changing channels results in Tc times as many
buffers to store the channels, which is the limitation of the
WeJi architecture.

According to the design, when the numbers of anten-
nas or users increase, by adopting a similar algorithm and
architecture design, the PE numbers in Fig. 3, Fig. 6 and
Fig. 8 should all be increased correspondingly. For example,
for an N × M MIMO system, the numbers of PE-A, PE-B,
PE-C, PE-D, PE-E and PE-F should be M , M2−M

2 , M − 1,
M + 1, M , and 1

2 log2 Q, respectively. If this architecture is
to be adopted, the throughput would satisfy (19); in addition,
the area and power consumptions would increase according to
the numbers of PEs. The PE numbers would also be increased
to achieve scalable MIMO systems in recent architectures such

as NSA [28], IIC [21], and CHD [12]. Considering the silicon
reuse issue, when the numbers of antennas or users increase,
reuse can be realized for the chip because the large-scale
channel matrix and received vector could be decomposed into
a matrix and vector of a lesser scale that can be implemented
by this chip. Note that other chips are required for control
reasons and for intermediate data storage. Compared with a
new silicon implementation, this chip could suffer from only
slight throughput and efficiencies losses. Comprehensively
considering the efficiencies, time and human effort, it is not
necessary to utilize new silicon. The conceptual and silicon
reuses can be realized under the proposed architecture for
increasing numbers of antennas or users.

VI. CONCLUSION

This paper proposes an ASIC implementation of a
signal detector for a massive MIMO system. A fully
pipelined diagonal-based systolic array with single-sided input,
a weighted Jacobi iteration unit and an approximate LLR
compute architecture are designed. This architecture achieves
high energy and area efficiencies. This technology may have
applications in future communication technologies such as 5G.
Future work will focus on the development of reconfigurable
coarse-grain hardware architectures in uplink massive MIMO
systems.

APPENDIX A
PROOF OF LEMMA 1

The spectral radius of BW is described as

ρ(BW ) = ρ
(
(1 − ω)I − ωP−1Q

)
. (21)

In the WeJi method, the parameter ω approaches 1 and satisfies
0 < ω < 1 [22], which means that 0 < 1 − ω < 1. Hence,
the ρ(BW ) in (21) satisfies

ρ(BW ) = ωρ(P−1Q) − (1 − ω) ≤ ωρ(P−1Q). (22)

Because the iteration matrix of the NSA method is ρ(BN ) =
ρ(P−1Q) [9], combining with (22), the Frobenius-norm of B
in the proposed method satisfies ρ(BW ) ≤ ωρ(BN ). �

APPENDIX B
PROOF OF LEMMA 2

Inspired by [9], according to Markov’s inequality, there are

Pr {‖BW ‖F < 1} ≥ 1 − Pr {‖BW ‖F ≥ 1}
≥ 1 − E (‖BW ‖F ). (23)

Note that in the WeJi method, the parameter ω approaches
1 and satisfies 0 < ω < 1 [22]; hence, 0 < 1 − ω < 1, which
is very small. Now, the influence of (1 − ω)I can be omitted,
which indicates that the probability in (14) can almost satisfy

Pr{‖BW ‖F < 1} ≥ 1 − E

(∥∥∥ωP−1Q
∥∥∥

F

)
. (24)

Hence, the value of Pr{‖BW ‖F < 1} is related to the value
of E

(∥∥ωP−1Q
∥∥

F

)
. Next, for

∥∥P−1Q
∥∥

F , each element on
the i -th row and j -th column of the matrix A can be
described as

ai j →

⎧
⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

N∑
t=1

h∗
t i ht j , i �= j

N∑
t=1

|hti |2 + N0 E−1
s , i = j.

(25)
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Thus, the E
(∥∥ωP−1Q

∥∥
F

)
can now be described as

E

(∥∥∥ωP−1Q
∥∥∥

F

)

= E

⎛
⎝

√√√√
M∑

i=1

M∑
j=1,i �= j

∣∣∣∣ω · ai j

aii

∣∣∣∣
2
⎞
⎠

= E

⎛
⎜⎜⎝

4

√√√√√
⎛
⎝

M∑
i=1

M∑
j=1,i �= j

(
ω2 · ∣∣ai j

∣∣2 · |aii |−2
)⎞
⎠

2
⎞
⎟⎟⎠. (26)

Applying the Cauchy-Schwarz inequality, (26) can now be
described as

E

(∥∥∥ωP−1Q
∥∥∥

F

)

≤ ω 4

√√√√
M∑

i=1

M∑
j=1,i �= j

E

(∣∣ai j
∣∣4

)
·

M∑
i=1

E
(|aii |−4). (27)

Note the two critical values: E
(|ai j |4

)
and E

(|aii |−4
)
. In

massive MIMO systems, the diagonal elements aii from (25)
can be well approximated by N [1]. Hence, E

(|aii |−4
)

can be
described as

E

(
|aii |−4

)
= 1

N4 . (28)

The following details are related to E
(|ai j |4

)
. According to

(25), E
(|ai j |4

)
can now be described as

E

(
|ai j |4

)
= E

⎛
⎝
∣∣∣∣∣

N∑
t=1

h∗
t i ht j

∣∣∣∣∣
4⎞
⎠=

∑
q1+q2+···+qN =N

(
N

q1, q2, · · · , qN

)

× E

⎛
⎝ ∏

1≤t≤N

(
h∗

t i ht j
)qt

⎞
⎠, (29)

which can be decomposed to effectively compute E
(|ai j |4

)
.

Next, X = [h∗
1i h1 j , h∗

2i h2 j , . . . , h∗
Ni hN j ]T and μ =

[μ1, μ2, ¡, μN ]T are imported into the matrix to conveniently
describe the properties, where μt is the mean of h∗

t i ht j .
Therefore, the N-dimensional normal distribution, with a joint
probability density function, can be described as

ϕ
(
h∗

1i h1 j , h∗
2i h2 j , ..., h∗

Ni hN j
) = e− (X−μ)T C−1(X−μ)

2

(2π)
N
2 (det C)

1
2

, (30)

in which the matrix C = (Cij ) is the covariance matrix. Note
that each element of the flat Rayleigh fading channel matrix H
is independent and identically distributed (i.i.d.) following
N(0, 1), which means that h∗

t i is independent of ht j when
i �= j and that h∗

t i ht j is i.i.d. following N(0, 1). Therefore,
h∗

t i ht j and h∗
pi h pj for t �= p are also independent and follow

N(0, 1). Now, (30) can be simplified as

ϕ
(
h∗

1i h1 j , h∗
2i h2 j , ..., h∗

Ni hN j
) = 1

(2π)
N
2

e− XT X
2 , (31)

which indicates that h∗
t i ht j h∗

pi h pj for t �= p follows N(0, 1)

and that (hti )
2 follows χ2(1). Hence, the probability density

function of the random variable (hti )
2 can be described as

f (hti; 1) =

⎧
⎪⎨
⎪⎩

1

2
( 1

2

)
(

hti

2

)− 1
2

e− hti
2 , hti > 0

0, hti ≤ 0,

(32)

where  is the gamma function. Here, we have E(|hti |2) = 1
and D(|hti |2) = 2. The expressions E(|hti |2) = D(|hti |2) +
[E(|hti |2)]2 = 3, E(|h∗

t i ht j |2) = E(|h∗
t i |2)E(|ht j |2) = 1 and

E(|h∗
t i ht j |4) = E(|h∗

t i |4)E(|ht j |4) = 9 can now be derived
because h∗

t i is independent of ht j when i �= j . So, by removing
the zero terms, E

(|ai j |4
)

in (29) can be computed as

E

(
|ai j |4

)
= NE

((
h∗

t i ht j
)4

)
+

(
N

2

)(
E

((
h∗

t i ht j
)2

))2

= 1

2

(
N2 + 17N

)
. (33)

Finally, substituting (28) and (33) into (24) and (27), (14)
in Lemma 2 can be obtained. �
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