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Abstract. Massive multiple-input multiple-output (MIMO) systems
have attracted extensive attention recently due to their potentials to pro-
vide high system capacity. The uplink receiver of massive MIMO is with
very high complexity due to the large number of antennas at base station,
while the processing time budget reduces in order of magnitude due to
the low latency requirement in next generation wireless systems like 5G.
In this paper, a per-antenna maximum likelihood (PAML) detector is
proposed to address this issue. The proposed PAML detector separates
and distributes ML detection to a group of observation nodes (VNs).
Each VN associates with a receiving antenna and extracts a fraction
of soft information using ML detection. The soft information from all
VNs is accumulated before being delivered to channel decoder. Thus the
degree of parallelism scales up with antenna number. Furthermore, VN
of PAML detector works independently each other. High localization
benefits parallel processing a lot. Simulation results show that PAML
detector approaches ML detector and outperforms MMSE detector.
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1 Introduction

Massive multiple-input multiple-output (MIMO) systems, also called as large-
scale antenna systems, attracted extensive attention in the past few years as a
promising key technology for next generation wireless systems like 5G [1].

In massive MIMO, dozens of or even hundreds of antennas are employed at
base station (BS) [2,3]. The number of receiving antennas is much higher than
the number of concurrent uplink user equipment (UE). Large antenna array pro-
vides high degrees of freedom and increase the system capacity significantly [4-6].
Although asymptotical analysis based on random matrix theory demonstrates
that massive MIMO systems can achieve the capacity gain with simple signal
processing methods, traditional MIMO detectors are still favorite for robust to
different channel models. Due to the large number of antennas, traditional MIMO
detectors become very complicated.
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Another important point is the low latency requirements for next genera-
tion wireless systems like 5G [7]. A widely accepted end-to-end latency value
is 1us. The time budget for signal processing may reduce to be lower than
500 ns. It makes the design of massive MIMO detector further challenging. Var-
ious algorithms were proposed to reduce complexity of massive MIMO detector,
e.g. Neumann series expansion [5] and Gauss-Seidel method [8]. However these
algorithms does not exploit the parallelism among receiving antennas so they
are not efficient for low latency processing.

Belief propagation (BP) detector serves as an alternative solution to this
problem [9-11]. In BP detector, the MIMO channel at a given subcarrier is rep-
resented by a factor graph where each receiving antenna is referred as an obser-
vation node (VN) and each UEs transmitted constellation symbol as a symbol
node (SN). VN and SN is equivalent to variable node and check node in LDPC.
Thus BP algorithm can be applied for detection in similar manner as its appli-
cation in LDPC decoders. BP detector requires exchanging belief information
between observation nodes and symbol nodes iteratively. The amount of infor-
mation exchanged is very high. And iterative processing is less attractive for low
latency processing, although BP detector is with high degree of parallelism.

Based on BP detector, in this paper we proposed the per-antenna maxi-
mum likelihood (PAML) detector for massive MIMO. PAML detector has sim-
ilar framework with BP detector, while it replaces BP detectors SN with code
block node (CN), i.e. PAML detector treats each UEs code block (cross multiple
subcarriers) as the check node in LDPC.

In PAML detector, a group of VNs are employed. Each VN associates with a
receiving antenna. From its associated antenna, VN extracts the log-likelihood
ratio (LLR) for multiple UEs code blocks using maximum likelihood detection
(MLD) described in [12]. The CN of PAML detector accumulates the LLR from
different VNs and deliver the combined LLR to channel decoders. The enhanced
LLR of each UE, extracted by channel decoder, can be used for a priori informa-
tion to VNs. By utilizing the diversity provided by channel coding, this improve-
ment reduces iteration number. At typical massive MIMO scenario, where the
number of receiving antennas is much higher than the number of concurrent
uplink UEs, PAML detector with two iterations outperforms MMSE detector
and approaches traditional ML detector. Compared with MMSE and traditional
ML detector, PAML detector is more suitable for low latency parallel processing.

The rest of the paper is organized as follows. Section 2 describes the system
model. Section 3 presents details of PAML detector. Numerical simulation results
are given in Sect. 4. Section 5 concludes the entire paper.

Notation: In this paper, lower-case and upper-case boldface letters are used to
denote vectors and matrices, respectively. The operations (-) and E {-} stand
for conjugate transpose and expectation, respectively. The entry in the i-th row
and j-th column of A is a;;; the k-th entry of a is a.
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2 System Model

Consider a MIMO-OFDM system with M uplink UEs, each with a single
antenna, and one BS having a large number of receiving antennas. Let N denote
the number of BS antennas; N is in the range of tens to hundreds. In massive
MIMO, M <« N.

Given that the system has @) subcarriers, and the number of bits carried per
constellation symbol is M.. Each UEs channel encoder generates a code block
with @ - M, bits. _

The code block generated by the j-th UE is separated in @ pieces: mfj -
x5 w5j> and transmitted o @ subcarriers, where /> is an M, x 1
vector of bits, 7 = 1,2,..., M is the index of UE and ¢ = 1,2, ..., @ is the index
of subcarrier.

Given the g-th subcarrier, denote s; = [sq.1,8¢2,---,8qm|] as an M x 1
vector representing constellation symbols transmitted by all UEs. The entries of
s, are chosen from some complex constellation C with 2M¢ points, e.g. M, =
2 for quaternary phase-shift keying (QPSK). Constellation C is normalized as

E {||sq,j||2} = 4 so the total transmitted power is one.
The entries of s, is determined by using mapping function s, ; = map(:cq<j )
(e.g. gray mapping). The M - Mg x 1 vector @4 = [Zg.1,Tq.2,---» Tqr-Me]

representing the transmitted bits from all UE is obtained by stacking wq<1>,

ch<2>,. e ast>. The k-th bit of x4 equals the u-th bits transmitted by the

j-th UE where
k=(j—1)-M,+uue[l,M)],ke[l,M-M,] (1)

In this paper, the logical zero for a bit is represented by amplitude level
24,k = —1, and the logical one by x4 =+1,k=1,...,M - Mc.

The vector of constellation symbols and the vector of transmitted bits is
related as
T

sq = vmap(z,) = [map(z;'”),map(z;>7), ... map(z; )] (2)
At the g-th subcarrier the vector of received signals can be expressed by
Yq=Hg sq+mng 3)

where Hy is a N x M complex CSI matrix representing the MIMO channel and
ng is a N x 1 vector of independent zero-mean complex Gaussian noise with
variance o2 per real component.

For convenience of describing per-antenna maximum likelihood detector,
Eq. (3) can be reformulated as

Yg,1 hg11 hgaz ... hgim hga

Yq,2 hq,21 hq,22 cee hq,zM hq,2
. . . . “Sgtng=| . |-sq+n, (4

Yq =

Yq,N hgn1 hgn2 - hgNM hy N
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where h,; is a 1 x M complex CSI vector representing the MIMO channel
between the i-th antenna and all M uplink UEs at the ¢-th subcarrier, and
i =1,2,..., N is the index of the receiving antenna.

The CSI vector h,; is obtained using the received pilots at the i-th antenna.
The pilot from different UE distinguishes each other in frequency domain or code
domain, e.g. ZC sequences in LTE systems. So the VN associated with the i-th
antenna can be assumed to know hg ;.

3 Per-Antenna Maximum Likelihood Detector

Figure1 gives a flowchart of the proposed PAML detector.

Fig. 1. The flowchart of PAML detector with factor graph based model

As Fig. 1 shown, PAML detector consists of N VNs and M CNs. Each VN
associates with a receiving antenna. Each CN corresponds to an uplink UE. VNs
and CNs are connected in fully meshed manner. Between VNs and CNs, LLR of
each modulated bits are exchanged iteratively. VN sends extrinsic LLR to CN.
CN sends a priori LLR to VN.

VN; takes the received signals from the ¢-th antenna, and the a priori LLR
from all CNs as its input. It extracts extrinsic LLR, of bits transmitted by the j-
th UE, denoted a sL”, and sends L ;toCN; (j=1,2,...,M). LE isa M. x@Q
matrix. The g-th column of LE contams LLR of the Mg b1ts transrmtted at the
g-th subcarrier by the j -th UE

CN; takes ij, i = 1,2,...,N as its input. It combines all these LLR
matrlces de-interleaves them, and passes them through the soft in/out channel
decoder for the j-th UE. Channel decoders extrinsic LLR output is interleaved
and sent to VNs as a priori LLR. These a priori LLR from CN; to VN; (inter—
leaved version of the j-th channel decoders extrinsic output), denoted as LJ i
has same dimension and correspondence as LEJ At first iteration, L]i is an
all-zero matrix since no channel decoder has been called yet.
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3.1 Per-antenna Maximum Likelihood Detection

VN; stacks all of its a priori LLR inputs to be a global M - M, x @Q a priori LLR
matrix as

T
L = [l{‘ lg‘ lé] = {LfiT LzA,iT Lﬁf,iT} (5)
where l;‘ is the ¢-th column of LA. The k-th entry of l;;‘ gives the a priori
information of =4 as
P(mk = +1) (6)
P(Ik = —1)

As described in [12], at the g-th subcarrier, extrinsic LLR of bit x4 can be
obtained using a scalar input y,,; as

A
lq’k = log

Ya,ext, PWai | q) - exp(0.5- iy 17 )

1B
queX’il p(yq,z‘ | mq) -exp(0.5 - m[jz;] : l:ﬁ[k])

k= log

(7)

where X¥, is the set of 2MM-=1 possible values of @, having z,, = +1; X*,

is the set of 2MMe=1 pogsible values of @, having x4, = —1; @ denotes
the subvector of x, obtained by omitting its k-th entry xy; lf[k] denotes the
A

subvector of I7* also omitting its k-th entry lék.
From (3) and (4) it is easily to found

2
eXP(_Q}Tz NYg,i — Pgi - 8qll”)
2mo?

P(yq.i | 2q) = (8)
where s, = vmap(z,).

With approximation log(e® + e*?) ~ max(ay,asz), the extrinsic LLR of bit
24,5 becomes

1 1 9
lf,k T max {_ “N1Yg,i — hgi - 8ql%) +93[Tk] 'li[k]} -
) ) , (9)
3+ max {— Nygi = g - 5qll°) + iy ‘lf,[k]}
1

where l(f i is the u-th entry of the ¢-th column in VN;s output ij. The indexes
u and k obey the relation in (1).

In uplink MIMO, inter-UE interference and noise constrain system perfor-
mance. Inter-UE interference is mitigated by ML detection described in (9).
Averaging multiple observations, as the essential anti-noise method, cannot be
carried out in VN since each VN has only one observation from the i-th antenna.
To boost performance against noise, multi-antenna combination is introduced

in CN.
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3.2 Multi-antenna Combination and Iterative Detection

CN; associates with the j-th UE. For the M¢ x @) bits in j-th UE’s code block,
CN; has N sets of LLR from N VNs, denoted as ij, 1 =1,2,...,N. Using
typical BP iteration, CN; outputs the a priori LLR of these bits in code block
to VN; as
L}, =dec( >  Lf) (10)
1<i/ <N, i’ #i

where dec(-) represents the procedure of de-interleaving, soft-in/out decoding
and re-interleaving. Any soft-in soft-out channel decoding scheme is applicable,
e.g. BahlCCockeClJelinekCRaviv (BCJR) algorithm.

Introduction of channel decoding in CN utilizes the diversity provided by
channel code. Compared with the typical operations in CN, where simple syn-
thesis of VN output is employed, the iteration number reduces significantly. The
typical iteration number of iterative MIMO receiver is less than 10. On the other
hand, we can see therere lots of girth-4 ring in PAML detectors factor graph from
Fig. 1. With this issue no much improvement should be expected using typical
BP algorithm with a huge iteration number.

With small iteration number, the accumulation of a priori information has
negligible impact. So a simple procedure, described as

A A E
LY, =L} =dec( Y L)) (11)
1<i’<N

can be used in CN. In this simple procedure, CN does not generate specific
output for different VN. It combines LLR from all VN for channel decoding, and
broadcasts a single version output to all VN.

3.3 Benefit to Parallel Processing

Because of per-antenna detection, a VN in PAML detector does not requires
any information from other VNs. All VNs work independently so a full degree
of parallelism, up to the huge number of receiving antenna N in massive MIMO,
is obtained. High degree of parallelism conduces low latency processing. Similar
independent processing is also obtained among CNs at per-UE level.

Introduction of channel decoding in CN converts the iteration between VN
and CN into the iteration inside the channel decoder in CN. The significantly
reduced iteration number between VN and CN benefits PAML detector with low
latency detection and low intra-node communication load. Also a low complexity
CN is obtained since the number of calling channel decoder reduces from N (once
per VN) to 1 (once for the associated UE).

4 Simulation Results

In numerical simulations, two configurations are used: N = 32, M = 2 and
N = 64, M = 4. Independent and identically distributed (i.i.d.) Rayleigh fading
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is used, and CSI is assumed to be known in receiver perfectly. For channel coding,
we use the rate-1/2 LDPC code of MacKay in [13], which is based on a random
regular factor graph with ds, = 3, d. = 6. The length of code block is 4000. The
BP iteration number for LDPC decoding in CN is 50. Four types of receivers
are compared: MMSE, MLD, and the proposed PAML detector with one or
two iterations between VN and CN. The simulation results are shown in Figs. 2
and 3.

Coded BER, N=32, M=2, QPSK

—o— MMSE [
—-A&— MLD
—O— PAML1 it
—&— PAML2 it

BER

-11.5 -1 -10.5 -10 -95
SNRin dB

Fig. 2. Coded BER curves of massive MIMO with 32 receiving antennas and 2 con-
current uplink UEs using MMSE, MLD and PAML detector, QPSK

—6—MMSE [
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-11.5 -1 -10.5 -10 -9.5
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Fig. 3. Coded BER curves of massive MIMO with 64 receiving antennas and 4 con-
current uplink UEs using MMSE, MLD and PAML detector, QPSK

Figures 2 and 3 show that MMSE and MLD detector has almost same perfor-
mance in massive MIMO, while PAML detector with one iteration approaches
them with 0.2 0.5dB gap. With two iterations, PAML detector slightly outper-
forms these two classical receivers.
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5 Conclusion

In this paper, the per-antenna maximum likelihood (PAML) detector is pro-
posed. PAML detector benefits low latency parallel processing for massive MIMO
uplink receiver in terms of high degree of parallelism, low iteration number and
low intra-node communication load. Simulation results show PAML detector
slightly outperforms the classical MMSE and MLD detectors with two iterations.
Further work will be directed towards BP-like detection for MIMO systems with
short ring avoidance utilizing CSI feedback and its cooperation with channel
codes.
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