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METHOD AND APPARATUS FOR SIGNAL DETECTION IN WIRELESS
COMMUNICATION SYSTEM

FIELD
[0001] Non-limiting and example embodiments of the present disclosure generally relate
to a technical field of wireless communication, and specifically to methods, apparatuses and

computer program products for signal detection in a wireless communication system.

BACKGROUND

[0002] This section introduces aspects that may facilitate better understanding of the
disclosure. Accordingly, the statements of this section are to be read in this light and are not
to be understood as admissions about what is in the prior art or what is not in the prior art.
[0003] In wireless communication systems, there is always a requirement for high
spectrum efficiency (SE) and capacity. Multiple input multiple output (MIMO) techniques
have been known as an effective way for improving SE and capacity in modern wireless
communication systems. For example, MIMO has been adopted as a key feature in Long
Term Evolution (LTE)/LTE-Advanced (LTE-A) system developed by the third generation
project partnership (3GPP). To further enhance SE and throughput, a concept of massive
MIMO (mMIMO) has been proposed.

[0004] mMIMO means that a large antenna array is deployed in a wireless
communication system. mMIMO has been considered as a key technology in, for example,
the coming fifth generation (5G) system. The number of antennas at a 5G node B (also
referred to as a gNodeB) may be more than 128. The large number of antennas promises

substantial performance gains, but at the same time brings a challenge in signal detection.

SUMMARY

[0005] Various embodiments of the present disclosure mainly aim at providing methods,
apparatuses and computer program products for signal detection in a wireless communication
system.

[0006] In a first aspect of the disclosure, there is provided a method implemented at a
receiver device. The method comprises obtaining a set of received signals; determining a

channel on which the set of received signals are transported; and detecting a set of
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transmitted signals from the set of received signals in an iterative manner based on the
determined channel, a modulation mode for the set of transmitted signals, and the set of
received signals, by using a gradient descent (GD) algorithm.

[0007] In an embodiment of the present disclosure, detecting the set of transmitted
signals in an iterative manner comprises: in each iteration round, for each of the set of
received signals: determining a gradient direction for updating a detected value for each of
the set of transmitted signals, based on an detection error caused by the detected value and an
associated channel element in the determined channel; determining a learning rate for
updating a detected value for each of the set of transmitted signals; and updating the detected
value for each of the set of transmitted signals by adding a product of the determined learning
rate and the determined gradient direction to the detected value.

[0008] In a further embodiment, the gradient direction may be determined as: (y; —
Yk hik * Xi)hy;, where y; represents a signal received from the ith receiving antenna, xy
represents a signal transmitted from the Ath transmitting antenna, ), represents a sum function,
hy, represents a channel element from the kth transmitting antenna to the ith receiving antenna,
h;; represents a channel element from the jth transmitting antenna to the ith receiving antenna,
and h*; represents a conjugate of hy, i=1, ... Nr, j and &=1, ...Nt, and Nr and Nt represent the
number of receiving antennas and transmitting antennas respectively.

[0009] In another embodiment, determining the learning rate may comprise: determining
the learning rate based on a product of an initial learning rate and an increasing factor, the
initial learning rate and the increasing factor each being less than 1; or determining the
learning rate based on a look-up table and at least one of: quality of the channel, the number
of the transmitting antennas, and the number of the receiving antennas.

[0010] In some embodiments, determining the learning rate may further comprise:

HRowlLenSquare; 1

normalizing the learning rate by multiplying with where

maxlensquare O' maxlensquare’
HRowLenSquare; represents a sum of squares of all channel elements in the ith row of the
channel, and maxlenSquare represents a maximum value of HRowLenSquare;, where
i=1, ..., Nr and Nr is the number of receiving antennas.

[0011] In an embodiment, detecting the set of transmitted signals in an iterative manner
may comprise: in each iteration, if difference between a detected value of one of the set of
transmitted signals and a modulation symbol associated with the modulation mode is less
than a proximity threshold, setting the detected value of the one of the set of transmitted

signals to the modulation symbol.
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[0012] In another embodiment, the proximity threshold may depend on the modulation
mode.

[0013] In some embodiments, detecting the set of transmitted signals in an iterative
manner may comprise: determining a set of modulation symbols associated with the
modulation mode; determining a maximum real part of the set of modulation symbols;
determining a maximum imaginary part of the set of modulation symbols; and in each
iteration: if a real part of a detected value for one of the set of transmitted signals exceeds the
determined maximum real part, setting the real part to the determined maximum real part;
and if an imaginary part of a detected value for one of the set of transmitted signals exceeds
the determined maximum imaginary part, setting the imaginary part to the determined
maximum imaginary part.

[0014] In another embodiment, detecting the set of transmitted signals in an iterative
manner may comprise: ceasing the detection in response to: a predetermined number of
iteration being met; or difference between detected values for the set of transmitted signals
obtained in current iteration round and last iteration round being less than a convergence
threshold.

[0015] In a second aspect of the disclosure, there is provided a receiver device. The
receiver device comprises a processing circuitry and a memory, said memory containing
instructions executable by said processing circuitry whereby said receiver device is operative
to carry out a method according to the first aspect of the present disclosure.

[0016] In a third aspect of the disclosure, there is provided a computer program. The
computer program comprises instructions which, when executed by at least one processing
circuitry of a device, causes the device to carry out a method according to the first aspect of
the present disclosure.

[0017] In a fourth aspect of the disclosure, there is provided a computer readable medium
with computer program stored thereon which, when executed by at least one processor of a
device, causes the device to carry out the method according to the first aspect of the present
disclosure.

[0018] In a fifth aspect of the present disclosure, there is provided a method. The
method comprises: obtaining a set of received signals; determining a channel matrix via
which the set of received signals have been transported; and detecting the set of received
signals in a staged manner, wherein in a stage, the method comprises: detecting the set of
received signals, based on the channel matrix and a detection algorithm for the stage; fixing

one or more of detected symbols output from the detecting algorithm for the stage; and
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updating the channel matrix and the set of received signals for usage by a next stage, based
on the one or more of the detected symbols that are fixed in the stage.

[0019] In a sixth aspect of the present disclosure, there is provided a receiver device.
The device comprises at least one processor and at least one memory including computer
program code. The at least one memory and the computer program code are configured to,
with the at least one processor, cause the receiver device at least to perform a method
according to the fifth aspect of the present disclosure.

[0020] In a seventh aspect of the disclosure, there is provided a computer program. The
computer program comprises instructions which, when executed by an apparatus, causes the
apparatus to carry out the method according to the fifth aspect of the present disclosure.
[0021] In an eighth aspect of the disclosure, there is provided a computer readable
medium with a computer program stored thereon which, when executed by an apparatus,
causes the apparatus to carry out the method of the sixth aspect of the present disclosure.
[0022] In a ninth aspect of the present disclosure, there is provided a receiver device.
The receiver device comprises: means for obtaining a set of received signals; means for
determining a channel matrix via which the set of received signals have been transported; and
means for detecting the set of received signals in a staged manner, wherein in a stage, the
means for detecting is configured to: detect the set of received signals, based on the channel
matrix and a detection algorithm for the stage; fix one or more of detected symbols output
from the detecting algorithm for the stage; and update the channel matrix and the set of
received signals for usage by a next stage, based on the one or more of the detected symbols

that are fixed in the stage.

BRIEF DESCRIPTION OF THE DRAWINGS

[0023] The above and other aspects, features, and benefits of various embodiments of the
present disclosure will become more fully apparent from the following detailed description
with reference to the accompanying drawings, in which like reference signs are used to
designate like or equivalent elements. The drawings are illustrated for facilitating better
understanding of the embodiments of the disclosure and are not necessarily drawn to scale, in
which:

[0024] FIG. 1 illustrates an example wireless communication network in which
embodiments of the present disclosure may be implemented,;

[0025] FIG. 2 shows a model of a two layer artificial neuron network (ANN);
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[0026] FIG. 3 shows a flowchart of a method at a receiver device for signal detection in a
wireless communication system according to an embodiment of the present disclosure;

[0027] FIG. 4 shows performance comparison of signal detection method according to an
embodiment of the present disclosure and a conventional method;

[0028] FIG. 5 illustrates a simplified block diagram of an apparatus that may be
embodied as/in a network device or a terminal device.

[0029] FIG. 6 shows a flowchart of a method in a receiver device for staged signal
detection according to an embodiment of the present disclosure;

[0030] FIG. 7 shows example operations to be performed in a stage during staged signal
detection according to an embodiment of the present disclosure;

[0031] FIG. 8 shows example operations fixing one or more symbols in one stage during
staged signal detection according to an embodiment of the present disclosure;

[0032] FIG. 9 shows a flowchart of another method in a receiver device for staged signal
detection according to an embodiment of the present disclosure;

[0033] FIGs. 10-15 show simulation results for staged signal detection solutions
according to embodiments of the present disclosure; and

[0034] FIG. 16 illustrates a simplified block diagram of another apparatus that may be

embodied as/in a network device or a terminal device.

DETAILED DESCRIPTION

[0035] Hereinafter, the principle and spirit of the present disclosure will be described
with reference to illustrative embodiments. It should be understood that all these
embodiments are given merely for one skilled in the art to better understand and further
practice the present disclosure, but not for limiting the scope of the present disclosure. For
example, features illustrated or described as part of one embodiment may be used with
another embodiment to yield still a further embodiment. In the interest of clarity, not all
features of an actual implementation are described in this specification.

[0036] References in the specification to “one embodiment,” “an embodiment,” “an
example embodiment,” and the like indicate that the embodiment described may include a
particular feature, structure, or characteristic, but it is not necessary that every embodiment
includes the particular feature, structure, or characteristic. Moreover, such phrases are not
necessarily referring to the same embodiment. Further, when a particular feature, structure,

or characteristic is described in connection with an embodiment, it is submitted that it is
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within the knowledge of one skilled in the art to affect such feature, structure, or
characteristic in connection with other embodiments whether or not explicitly described.
[0037] It shall be understood that although the terms “first” and “second” etc. may be
used herein to describe various elements, these elements should not be limited by these terms.
These terms are only used to distinguish one element from another. For example, a first
element could be termed a second element, and similarly, a second element could be termed a
first element, without departing from the scope of example embodiments. As used herein,
the term “and/or” includes any and all combinations of one or more of the listed terms.
[0038] The terminology used herein is for the purpose of describing particular
embodiments only and is not intended to be liming of example embodiments. As used
herein, the singular forms “a”, “an and “the” are intended to include the plural forms as well,
unless the context clearly indicates otherwise. It will be further understood that the terms
“comprises”, “comprising”, “has”, “having”, “includes” and/or “including”, when used herein,
specify the presence of stated features, elements, and/or components etc., but do not preclude
the presence or addition of one or more other features, elements, components and/ or
combinations thereof.
[0039] As used in this application, the term “circuitry” may refer to one or more or all of
the following:
(a) hardware-only circuit implementations (such as implementations in only analog and/or
digital circuitry) and
(b) combinations of hardware circuits and software, such as (as applicable):
(1) a combination of analog and/or digital hardware circuit(s) with
software/firmware and
(i1) any portions of hardware processor(s) with software (including digital signal
processor(s)), software, and memory(ies) that work together to cause an apparatus,
such as a mobile phone or server, to perform various functions) and
(¢) hardware circuit(s) and or processor(s), such as a microprocessor(s) or a portion of a
microprocessor(s), that requires software (e.g., firmware) for operation, but the software
may not be present when it is not needed for operation.
[0040] This definition of circuitry applies to all uses of this term in this application,
including in any claims. As a further example, as used in this application, the term circuitry
also covers an implementation of merely a hardware circuit or processor (or multiple
processors) or portion of a hardware circuit or processor and its (or their) accompanying

software and/or firmware. The term circuitry also covers, for example and if applicable to
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the particular claim element, a baseband integrated circuit or processor integrated circuit for a
mobile device or a similar integrated circuit in server, a cellular network device, or other
computing or network device.

[0041] As used herein, the term “wireless communication network™ refers to a network
following any suitable wireless communication standards, such as New Radio (NR), Long
Term Evolution (LTE), LTE-Advanced (LTE-A), Wideband Code Division Multiple Access
(WCDMA), High-Speed Packet Access (HSPA), and so on. The “wireless communication
network” may also be referred to as a “wireless communication system.” Furthermore,
communications between network devices, between a network device and a terminal device,
or between terminal devices in the wireless communication network may be performed
according to any suitable communication protocol, including, but not limited to, Global
System for Mobile Communications (GSM), Universal Mobile Telecommunications System
(UMTS), Long Term Evolution (LTE), New Radio (NR), wireless local area network
(WLAN) standards, such as the IEEE 802.11 standards, and/or any other appropriate wireless
communication standard either currently known or to be developed in the future.

[0042] As used herein, the term “network device” refers to a node in a wireless
communication network via which a terminal device accesses the network and receives
services therefrom. The network device may refer to a base station (BS) or an access point
(AP), for example, a node B (NodeB or NB), an evolved NodeB (eNodeB or eNB), a NR NB
(also referred to as a gNB), a Remote Radio Unit (RRU), a radio header (RH), a remote radio
head (RRH), a relay, a low power node such as a femto, a pico, and so forth, depending on
the applied terminology and technology.

[0043] The term “terminal device” refers to any end device that may be capable of
wireless communications. By way of example rather than limitation, a terminal device may
also be referred to as a communication device, user equipment (UE), a Subscriber Station
(SS), a Portable Subscriber Station, a Mobile Station (MS), or an Access Terminal (AT).
The terminal device may include, but not limited to, a mobile phone, a cellular phone, a smart
phone, voice over IP (VoIP) phones, wireless local loop phones, a tablet, a wearable terminal
device, a personal digital assistant (PDA), portable computers, desktop computer, image
capture terminal devices such as digital cameras, gaming terminal devices, music storage and
playback appliances, vehicle-mounted wireless terminal devices, wireless endpoints, mobile
stations, laptop-embedded equipment (LEE), laptop-mounted equipment (LME), USB

dongles, smart devices, wireless customer-premises equipment (CPE) and the like. In the
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following description, the terms “terminal device”, “communication device”, “terminal”,
“user equipment” and “UE” may be used interchangeably.

[0044] As yet another example, in an Internet of Things (IOT) scenario, a terminal
device may represent a machine or other device that performs monitoring and/or
measurements, and transmits the results of such monitoring and/or measurements to another
terminal device and/or network equipment. The terminal device may in this case be a
machine-to-machine (M2M) device, which may in a 3GPP context be referred to as a
machine-type communication (MTC) device. As one particular example, the terminal device
may be a UE implementing the 3GPP narrow band internet of things (NB-IoT) standard.
Examples of such machines or devices are sensors, metering devices such as power meters,
industrial machinery, or home or personal appliances, for example refrigerators, televisions,
personal wearables such as watches etc. In other scenarios, a terminal device may represent a
vehicle or other equipment that is capable of monitoring and/or reporting on its operational
status or other functions associated with its operation.

[0045] As used herein, a downlink (DL) transmission refers to a transmission from a
network device to UE, and an uplink (UL) transmission refers to a transmission in an
opposite direction. That is, in DL, the network device is a transmitter and the UE is a
receiver device; while in UL, the UE is a transmitter and the network device is a receiver
device.

[0046] FIG. 1 illustrates an example wireless communication network 100 in which
embodiments of the present disclosure may be implemented. As shown, the wireless
communication network 100 may include one or more network devices, for example, network
device 101. The network device 101 may be in a form of a base station (BS), a Node B
(NB), an evolved NB (eNB), a gNB, a virtual BS, a Base Transceiver Station (BTS), or a
Base Station Subsystem (BSS), AP and the like.

[0047] In this example, network device 101 provides radio connectivity to a set of UEs
102-1, 102-2, and 102-3, which is collectively referred to as “UE(s) 102”, within its coverage.
It should be appreciated that in some embodiments, the network device may provide service
to less or more UEs and the number of UEs in this shown example does not suggest any
limitations as to the scope of the present disclosure.

[0048] In some embodiments, a network device, ¢.g., the network device 101 in FIG. 1,
may serve UEs, e.g., UE 102 in FIG. 1, within its coverage with a plurality of antennas. For
example, the network device 101 may be equipped with a plurality of transmitting antennas,

and/or a plurality of receiving antennas. Likewise, in some embodiments, some or all of the
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UEs 102 may be equipped with a plurality of antennas for transmitting and/or receiving. In
addition, a plurality of UEs 102 may be scheduled to transmit or receive in a same or
overlapped time-frequency resource, thereby forming a multi-user MIMO (MU-MIMO)
scheme. Therefore, in some scenarios, a receiver device (which may be a network device or
a UE) may be required to detect signals transmitted from a plurality of antennas.

[0049] MIMO detection algorithms have been proposed, for example, in a book titled
“Large MIMO systems” by A. Chockalingam and B. Sundar Rajan, and a book titled
“Introduction to MIMO communications” by Jerry R. Hampton, both of which provide a
detailed introduction about signal detection algorithms, such as zero forcing (ZF), ZF with
interference cancellation (ZF-IC), Linear Minimum Mean Square Error (LMMSE), LMMSE
with interference cancellation (LMMSE-IC), and the like. In addition, other signal detection
algorithms like sphere decoding, probabilistic data association (PDA), approximate message
passing (AMP), deep neuron network (DNN) based MIMO detection algorithm, MIMO
detection based on Markov Chain Monte Carlo (MCMC) technology, etc. have been
proposed recently. For example, a detailed introduction about the AMP algorithm for
MIMO  detection may be found, for example, through the link of
http://ieeexplore.ieec.org/document/7282651/, while analysis of complexity for the AMP

algorithm may be found in https://emtiyaz.github.jo/Writings/approxMP0.pdf. It is stated

that AMP is an iteration based method with a complexity of about
O(max(mn”2,m”2n)*iteration), where m and n denote the number of transmitting and
receiving antennas respectively. A semi-definite relaxation (SDR) algorithm which can be
used for MIMO detection is introduced in a paper titled “Semidefinite relaxation of quadratic
optimization problems” published at pages 20-34 of IEEE SIGNAL PROCESSING
MAGAZINE May 2010, by Zhi-Quan Luo et. al., and according to which, the complexity of
the SDR algorithm is at least O(n"3.5log(1/e)), where & represents solution precision.
Details of the DNN based MIMO detection algorithm may be found in
https://arxiv.org/abs/1706.01151.

[0050] It is not easy to devise a mMIMO detection algorithm that provides high detection

accuracy with reasonable complexity, and inventors of the present disclosure have observed
that all existing MIMO detection algorithms have a disadvantage of high computation
complexity or functional limitation. For example, some of the algorithms above, like linear
detection algorithms ZF and Minimum Mean Square Error (MMSE), etc., have low
computing complexity but only achieve low accuracy. Some of the algorithms, like AMP

and SDR etc., may achieve high accuracy but at a cost of high computing complexity.
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Some detection algorithms require calculation of a covariance matrix of a MIMO channel
matrix H, and/or an inverse of the channel matrix H. Furthermore, in most detection
algorithms, computation complexity increases with the number of the receiving and
transmitting antennas in an un-linear manner. This is undesirable, especially for a mMIMO
system with a large number of antennas.
[0051] In addition, some signal detection algorithm does not work for high order
quadrature amplitude modulation (QAM) cases. For example, though the DNN based
MIMO detection algorithm achieves comparable performance to that of the AMP/SDR with
significantly reduced computing complexity, it requires significant training resources and a
Binary Phase Shift Keying (BPSK) modulation scheme for all of the transmitters. It is
unclear currently whether it could be extended to higher order modulation schemes and how
to support a possibly different modulation scheme for each transmitter.
[0052] To solve at least a part of the above problems, methods, apparatuses and
computer program products have been proposed in the present disclosure.
[0053] In general, in a MIMO or mMIMO system with Nt transmitting antennas and Nr
receiving antennas, a received signal may be expressed as Equation (1):

y=Hx+z (1)
where y represents a complex vector with size Nr and represents the received signal (also
referred to as a receiving signal) from Nr receiving antennas; H is a complex matrix with size
Nr by Nt (i.e., Nr rows and Nt columns) and stands for a channel on which the signal y is
transported, i.e., a channel passed/experienced by the signal y. H may be obtained via, for
example, channel estimation. x is complex vector with size Nt and represents a transmitted
signal from Nt transmitting antennas; z is a complex vector with size Nr and represents
received noise on Nr receiving antennas.
[0054] The term x in equation (1) is the transmitted signal to be detected from the
received signal y at the receiver device side, and in some embodiments of the present
disclosure, this signal detection problem may be solved by using y, H and modulation
information of x (e.g., a modulation scheme such as BPSK, QPSK, 16QAM, etc., for x) as
inputs.
[0055] Generally speaking, according to some embodiments of the present disclosure,
signal detection may be implemented based on a model of a simple two layer artificial neuron
network (ANN) shown in FIG. 2. In particular, as shown in FIG. 2, with this ANN model,

each row vector (hji, hp, ...hjn) of the channel matrix H is considered as an input vector, the

10
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received value y; associated with a corresponding row of H is considered as an output, while
vector Xx=[Xy, Xz, ...Xn] is modelled as weights to be learned.

[0056] With this model, an activation function in the output layer may be represented as
f(x) = x, and there are Nr data samples in total. In a wireless communication system (e.g.,
5G) with mMIMO, the number of receiving antennas at a receiver device (e.g., a gNodeB)
may be more than 128, and therefore, the number of data samples is enough to learn the
weights x which is the transmitted symbols to be detected.

[0057] In some embodiments, a Gradient descent (GD) algorithm, which is
conventionally used in machine learning and other related areas, is proposed to be used for
solving the signal detection problem.

[0058] As an example rather than limitation, a loss function expressed with equation (2)

may be used in the GD algorithm.
1
EGO) = 25y; — S hae el 2)

where | | represents modulus of a complex value. The loss function in this example is a
sum of error squares, and is a convex function, which guarantees that the GD algorithm will
converge to an optimal solution.

[0059] By using the GD algorithm for detecting the transmitted signal x, computation
complexity required is only O(Nr*Nt). Moreover, better symbol error rate (SER) can be
achieved compared with legacy MMSE MIMO detection algorithms. Further, since GD
algorithm is based on a simple ANN model, developed ANN technologies (for example,
hardware parallel processing) can be used directly. Additionally, embodiments of the
present disclosure may provide a framework for building more complex multi-layer type
ANN mMIMO detection schemes. In particular, due to unfolding property of each GD
iteration, it enables to provide a flexible mMIMO detection solution. That is, it is easy to
add new functions into each iteration operation as needed, to obtain more complex and
advanced detection solutions.

[0060] FIG. 3 shows a flowchart of a method 300 implemented at a receiver device for
signal detection in a wireless communication system. The receiver device may be, for
example, the network device 101 or UE 102 shown in FIG. 1. For ease of discussion, the
method 300 will be described below with reference to network device 101 and the
communication network 100 illustrated in FIG. 1. However, embodiments of the present

disclosure are not limited thereto.
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[0061] At block 310, the network device 101 obtains a set of received signals. For
example, the set of received signals may be received from Nr receiving antennas, and may be
denoted as a vector y with a size Nr. Note that the set of received signals may be received
from one or more UEs, for example, one or more UEs 102 in FIG. 1.

[0062] At block 320, the network device 101 determines a channel on which the set of
received signals are transported, or in other words, a channel passed/experienced by the set of
received signals. In a scenario of MIMO communication, the channel may be represented
by and called a channel matrix H. It is to be understood that embodiments are not limited to
any specific way for obtaining the channel matrix H. Just for illustration purpose, the
channel matrix H may be known in advance or obtained via channel estimation. Any blind
channel estimation algorithm or channel estimation algorithm based on pilots, reference
signals, or training sequences may be used for this purpose. For ease of discussion,
assuming there are Nt transmitting antennas and Nr receiving antennas, then the determined
channel matrix H has a size of Nr by Nt, i.e., it has Nr rows and Nt columns.

[0063] At block 330, the network device 101 detects a set of transmitted signals x from
the set of received signals y in an iterative manner, based on the determined channel H, a
modulation mode for the set of transmitted signals x, and the set of received signals y, by
using the GD algorithm.

[0064] In general, GD algorithms include batch gradient descent (BGD) algorithms and
stochastic gradient descent (SGD) algorithms. With BGD, all data samples or a subset of
the data samples are processed in a batch, then errors caused by detection are summed and
used for updating the detection of the set of transmitted signals x. Since x may be modelled
as weights in an ANN model as shown in FIG. 2, the signal detection of x is also referred to
as weight updating herein. With SGD, GD weights updating is performed for each sample
data directly.

[0065] SGD or BGD can be used at block 330. In some embodiments, SGD may be
used, so as to obtain channel space diversity gains, and/or, to make the detection converge
quickly. However, it should be appreciated that embodiments are not limited to BGD or
SGD algorithms.

[0066] In some embodiments, at block 330, in each iteration round, the network device
101 may update the detection for the set of transmitted signals x. For example, in each
iteration round, for each of the set of received signals (y;, corresponding to the jth row of the
channel matrix H), the network device 101 determines a gradient direction d for updating a

detected value for each of the set of transmitted signals x; The gradient direction d may be
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determined based on a detection error caused by the detected value and an associated channel
element h; in the determined channel matrix H. Additionally, the network device 100
determines a learning rate R for updating a detected value for each of the set of transmitted
signals, and updates the detected value for each of the set of transmitted signals by adding a
product of the determined learning rate R and the determined gradient direction d to the
detected value. That is, the network device 101 updates the detection for the transmitted
signal X as:
X=X +td*R (3).
[0067] That is, in each iteration round, the network device 101 updates the detection for
each of the transmitted signals x, based on each row of the channel matrix H, respectively,
and then proceeds to next iteration round. In the context of the present disclosure, each
iteration round is also called an epoch, and each updating based on one row of the channel
matrix is also called an iteration.
[0068] For instance, the network device 101 may determine the jth element d; of the
gradient direction d by equation (4):
d; = (i — ik hac * x ) hiy = 8;. hy; (4)
where
8 = ¥i — X P * (4a)
6; represents detection error, y; represents a signal received from the ith receiving antenna, xx
represents a signal transmitted from the kth transmitting antenna, ) represents a sum function,
hj represents a channel element from the kth transmitting antenna to the ith receiving antenna,
hjjrepresents a channel element from the jth transmitting antenna to the ith receiving antenna,
and h*;; represents a conjugate of hy;, /=1, ... Nr, j and 4=1, ...Nt, and Nr and Nt represent the
number of receiving antennas and transmitting antennas, respectively.
[0069] In an embodiment, the network device 101 may adopt a SGD algorithm at block

330, and use a loss function defined in equation (5):
1 2
E ==~y — Zichu * x| (5)
where E; represents a loss value corresponding to the ith row of the channel matrix H.
Based on this loss function, the best gradient direction d may be obtained, for example, by
calculating the differential of E; for each x;, as below

JE; *
= (Vi — 2k hi * X hij (6)

d: = — 25
7 6x]-
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However, it should be appreciated that embodiments are not limited to the specific way for
obtaining the gradient direction d.
[0070] Alternatively, or in addition, in other embodiments, the network device 101 may
determine the learning rate R based on a product of an initial learning rate rj and an increasing
factor y, and both the initial learning rate n and the increasing factor y is less than 1. For
e¢xample rather than limitation, R may be determined as:

R= n*y (.
[0071] In a further embodiment, the increasing factor y may be specific to an iteration
round (i.e., epoch), and in this case the increasing factor may be denoted as y°P. In other
words, the increasing factor y may be different for different iteration rounds. It enables to
adjust the step size for updating the detection in each iteration round.
[0072] Alternatively, in another embodiment, the network device 101 may determine the
learning rate based on a look-up table and at least one of: quality of the channel, the number
of the transmitting antennas, and the number of the receiving antennas. For instance, the
network device 101 may use a received signal to noise ratio (SNR), Nr, and Nt as inputs to
acquire a suitable learning rate R from the lookup table.
[0073] In some embodiments, optimized learning rates may be obtained in advance, for
example, by machine searching and stored in a loop-up table for later use. For illustration
purpose, some learning rate obtained via computer searching for different modulation modes,
SNR status and antenna configurations are listed in Table 1 to Table 4.

Table 1. Learning rate for 4QAM

SNR 8dB 9dB 10dB 11dB 12dB 13dB 14dB
Nr= 64 Nt=16 0.3 0.4 0.4 0.6 0.7 0.7 0.7

N=128 Nt=16 | 0.3 0.4 0.4 0.6 0.7 0.7 0.7

Nr= 64 Nt=32 0.6 0.7 0.7 0.7 0.7 0.7 0.7

Nr 128 Nt=32 0.3 0.4 0.4 0.6 0.7 0.7 0.7

Table 2. Learning rate for 16QAM
SNR 8dB 9dB 10dB 11dB 12dB | 13dB 14dB
Nr= 64 Nt=16 0.3 0.3 0.3 0.3 0.4 0.4 0.4

Nr=128 N=16 | 0.2 0.2 0.2 0.2 0.2 0.2 0.4

Nr= 64 Nt=32 0.6 0.7 0.7 0.7 0.7 0.7 0.7

Nr 128 Nt=32 0.3 0.3 0.3 0.3 0.3 0.3 0.3
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Table 3. Learning rate for 64QAM with low SNR

SNR 8dB 9dB 10dB 11dB 12dB 13dB 14dB
Nr= 64 Nt=16 0.3 0.3 0.3 0.3 0.3 0.4 0.4
Nr=128 Nt=16 | (0.2 0.2 0.2 0.2 0.2 0.2 0.2

Nr= 64 Nt=32 0.6 0.6 0.6 0.7 0.7 0.7 0.7
Nr 128 Nt=32 0.3 0.3 0.3 0.3 0.3 0.4 0.4

Table 4. Learning rate for 64QAM with high SNR
SNR 16dB | 20dB |24dB |28dB |32dB |36dB |40dB
Nr= 64 Nt=16 0.4 0.4 0.7 0.7 0.7 0.7 0.7
Nr=128 Nt=16 | (.2 0.4 0.7 0.7 0.7 0.7 0.7
Nr= 64 Nt=32 0.7 0.7 0.7 0.7 0.7 0.7 0.7
Nr 128 Nt=32 0.4 0.4 0.7 0.7 0.7 0.7 0.7

[0074] Parameters for computer simulation to search for the above learning rates are
listed in Table 5 and Table 6. In addition, during the simulation, v in equation (7) is set to 1,
and each channel element in the channel matrix H is generated according to a normal
distribution N(0,1), then normalized by H=H/sqrt(Nt). Noise Z in equation (1) is generated
according to a normal distribution N(0,1), then normalized by Z=Z/(10°(SNR/10)). The
transmitted signals x is normalized by x=x/var(x), where var(x) means the variance of symbol

X.
Table 5. 504 cases for low SNR

Parameters Values

Leaming rate 02~0.7

Number of transmitted symbols | 16; 32

Nt

Number of received antenna Nr | 64; 128

QAM 4QAM; 16QAM; 64QAM
SNR 8dB ~ 14dB

Number of Epoch 5

Table 6. 168 cases for high SNR

Parameters Values

Learning rate 02~0.7
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number of transmitted symbols Nt | 16; 32
number of received antenna Nr 64; 128
QAM 64QAM
SNR 16dB; 20dB; 24dB; 28dB;
32dB; 36dB; 40dB
Number of Epoch 5
[0075] In some embodiments, it is also possible to use lower learning rate value while

setting bigger epoch round for GD updating.
[0076] Furthermore, to obtain a better convergence property, in some embodiments, the
determined learning rate R may be further normalized by the network device 101. As an

example rather than limitation, the network device 101 may normalize the learning rate R by

HRowlLenSquare; 1

multiplying it with a factor , where HRowlLenSquare;

maxlenSquare maxlenSquare

represents a sum of squares of all channel elements in the ith row of the channel matrix
i.e., HRowLenSquare; = ¥;|h; j|2 . maxlenSquare represents a maximum value of
HRowlLenSquare;, i.e., maxlenSquare = max;{ HRowLenSquare;}, where i=1, ..., Nr and Nr
is the number of receiving antennas.
[0077] Accordingly, in some embodiments, detection for the jth transmitted signal x; may
be updated using equation (8) or (9):

HRowLenSquarei*rate*Si*h}‘j

®)

x. = .
J xJ + maxlenSquare

ratex8;xh;;

9).

For instance, if maxlenSquare<=1, x; may be update based on (8) or (9), and if

x. = x —
J j maxlenSquare

maxlenSquare>1, x; may be updated based on (9).

HRowlLenSquare; 1

[0078] The above factor provide a way to adjust the

maxlenSquare maxlenSquare
learning rate by normalization, thereby ensuring the convergence of the iteration.

[0079] Alternatively, or in addition, in some embodiments, in order to further improve
the convergence property of the detection algorithm, at block 330, if a detected value for one
transmitted signal x;is already close enough to one modulation value associated with the
modulation mode of the transmitted signal (e.g., 64QAM, or QPSK), the network device 101
may set the detection value for the transmitted signal x; as that modulation value. This helps

to achieve quick convergence and avoid learning overfit.
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[0080] For example, at block 330, in each iteration, if difference between a detected
value of one of the set of transmitted signals x; and a modulation symbol (denoted as mv)
associated with the modulation mode is less than a proximity threshold Ty, the network
device 101 may set/anchor the detected value of the one of the set of transmitted signals to
the modulation symbol mv. That is:

if |mv-xj |<Tpx, then set x; =mv,

where x; represents the ith transmitted signal. Such operation is also referred to as an
anchoring operation thereafter.

[0081] In some embodiments, the proximity threshold Tyox may depend on the
modulation mode. For example, the proximity threshold Tpx may be different for QPSK
and 16QAM modulation modes. For illustration rather than limitation, in some
embodiments, the proximity threshold Ty« may be determined as:

Torox =anRate*stepValue (10)
where anRate represents an initial anchor rate, which may be set to be, for example but not
limited to, 0.1, while the stepValue represents an adaptive factor which may depend on the
modulation mode for the transmitted signals. For instance, the stepvalue for a modulation
mode may be set to the nearest distance between modulation symbols associated with the
modulation mode. For QPSK, values of the modulation symbols may be expressed as:

SMV = {x+yj} forx,y e{—1,1} (11)

In this example, the nearest distance between these symbols is 2. As a result, stepValue for

QPSK may be set to 2. Likewise, for 16QAM, values for the modulation symbols may be
expressed as:

SMV =f{x +yj} forx,y e{—l,—§,§,1} (12)

In this case, the nearest distance between these symbols is 2/3, so stepValue for 16QAM may

be set to 2/3. Alternatively, for 16QAM, values for the modulation symbols may be
expressed as:

SMV ={x+yj} forx,y e{-3,-1, 1, 3} (12%)

In this case, the nearest distance between these symbols is 2, so stepValue for 16QAM may

also be set to 2.

[0082] Alternatively, or in addition, in some embodiments, to achieve quick convergence,

at block 330, the network device 101 may put a constraint on the detected value for the

transmitted signal x. For example, the network device 101 may determine a set of

modulation symbols associated with the modulation mode (for example, using equation (11)
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or (12) for QPSK and 16QAM respectively). For the set of modulation symbols, the
network device 101 determines a maximum real part and a maximum imaginary part. The
maximum real part and the maximum imaginary part serve as a limit for the real part and
imaginary part of the detected signal respectively. That is, in each iteration, if a real part of
a detected value for one of the set of transmitted signals (e.g., the jth transmitted signal x;)
exceeds the determined maximum real part, the network device 101 sets the real part to the
determined maximum real part. Likewise, if an imaginary part of a detected value for one
of the set of transmitted signals exceeds the determined maximum imaginary part, the
network device 101 sets the imaginary part to the determined maximum imaginary part.
[0083] As an example rather than limitation, computer instructions for an anchor
function (denoted as anchor ()) for implementing the above optional anchoring operations for
improving the convergence property may be constructed as the following:

Initialization:

set anchor rate: anRate. For example, anRate=0.1

calculate the stepvalue for SMV, which is the symbol neighbour’s nearest distance. for

example: for QPSK, stepvalue=2; For 16QAM, stepvalue=2.

anchor() main routine:
for j=0to Nt:
#real(x) to get real value of complex x; imag(x) to get imag value of complex x.
#real(SMV) is all SMV element’s real value composed set.
#imag(SMV) is all SMV element’s imag value composed set.
#x value cannot be bigger or less than the biggest or lest real or imag value in
SMV.
if real(x;)>max(real(SMV)):
real(x;)=max(real(SMV))
if real(x;) <min(real(SMV)):
real(x;)=min(real(SMV))
if imag(x;)>max(imag(SMV)):
imag(x;)=max(imag(SMV))
if imag(x;)) <min(imag(SMV)):
imag(x)=min(imag(SMV))

find the nearest modulation value mv for x;: mv = argminmveSMVImv - xj|
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if |mv- x; | <anRate*stepValue, set x; =mv
#end of loop
output the anchored weights

#anchor() function ended

[0084] The anchoring operation may bring several benefits, such as quick convergence,
and ANN overfit avoidance. For instance, if all the weights (i.e., transmitted signals x) can
be anchored, the GD based iteration operation can be stopped immediately. In addition, in
some embodiments, the anchoring operation also helps to improve mMIMO detection
accuracy, e.g., symbol error rate may be reduced, since noise caused by the transmitted signal
being anchored is removed.

[0085] The detection at block 330 may be terminated in response to various conditions.
For example, in some embodiments, the network device 101 may cease the detection at block
330 if a predetermined number of iteration rounds (epoch) has been reached. This way of
ending the detection may be referred to as EC1 hereafter.

[0086] Alternatively, in some embodiments, the difference between detected values for
the set of transmitted signals obtained in current iteration round and last iteration round may
be determined. If the different falls below a convergence threshold, the detection may be
terminated. For example, the network device may cease the update if a change in the

transmitted signal x caused by updating is less than a convergence threshold €, i.e.,

|eur = Xpre” < € (13)
where € represents a pre-defined convergent threshold; x., represents detected value for x in
current iteration round, and X represents detected value for x in last iteration round. This
way for ending the iteration round may be referred to as EC2 hereafter.

In some embodiments, the iteration/updating may be ceased by using a hybrid method of EC1
and EC2. That is, the network device 101 may end the updating if predetermined number of
iteration rounds has been finished, or if the change in x is already less than € shown in
Equation (12). The hybrid way for stopping the updating may be referred to as EC3.

[0087] For illustration purpose and without limitation, computer procedures for
implementing GD based signal detection with method EC3 for ending the update may be
constructed as below:

Input:

Channel estimation H, which is Nr*Nt matrix.
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Received signal y, which is Nr*1 matrix

Modulation mode of transmitted symbol x, here each symbol x can use different modulation
mode.

Output:

Decoded symbol x, which is Nt*1 matrix

Initialization:

Set GD end condition: epoch value based; threshold value based; or both epoch value and
threshold value based. Set epoch value and € value.

Set initial weights value x=0.

Set learning rate method:

Method 1: based on initial learning rate value 1 and learning rate epoch level decreasing
rate ¥ , both two value shall be less than 1.

Method 2: based on pre-defined lookup table, the pre-defined table can be built based on the
experience or testing.

#anchor() function is not mandately, but it’s helpful for avoiding overfit

Set anchor rate value: anRate, for exmaple 0.1. this parameter is used in anchor() function
#optional initialization part is not mandately, but it’s helpful for quick convergent.

Optional initialization:

Calculate H matrix’s row length square: HRowLenSquare, which is Nr*1 matrix

Calculate maximum H row length square: maxlenSquare=max(HRowLenSquare)

H row order can be adjusted, for example, based on HRowLenSquare descently

GD based mMIMO main routine:

For ep=0 to epoch:

#this step is to set learning rate, two ways are suggested.

Set learning rate for this epoch: rate=n*y*  or rate is selected based on pre-defined lookup
table

#if anchor() function is enabled, call it one time in each epoch round:

Call anchor()

#if anchor() find the learned weights are already good enough, quit immediately.
If all weights can be anchored:

quit the epoch loop

#start doing GD updating for each row of H:
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Fori=0to Nr:
For i-th H row, calculate the error based on (4a):
For j=0to Nt:
If optional initialization used:
If maxlenSquare<=1, weights update can be based on (8) or (9); If maxlenSquare> 1, weights
update can be based on (9);
If optional initialization is not used, do the weights updating based on (3)-(4a);
If all H’s rows’ GD updating is finished in this epoch round, check the end condition:
If equation (13) is true, GD updating is finished, quit the epoch loop
#end of the GD updating loop
#end of the epoch loop
Output the decoded weights:
If output is softbits, just output the learned weights
If output is hardbit, find the nearest symbol value from SMV for each weight as output
#GD based mMIMO detection algorithm ended

[0088] To verify advantage of the proposed detection solution, performance of some
embodiments of GD based signal detection methods have been compared with a conventional
MMSE method, and results of the comparison are shown in FIG. 4.

[0089] During the comparison, end condition EC1 is adopted, and the number of
iteration rounds (epoch) is set to 10. In addition, the learning rate R is set to a constant
value of 0.3 for all different SNR and all epoch round, and its normalization is based on
1/maxlenSquare. Anchoring operation is used and in which the anRate in equation (10) is
set to 0.1. For each SNR case, 30000 data samples are used to obtain the result.

[0090] The results show that GD based detection is better than MMSE based detection in
4QAM case in terms of SER performance. In some embodiments, the performance
improvement is guaranteed by the loss function which is a convex function and ensures
convergence of the GD based updating. Furthermore, the proposed GD based detection
solution does not involve any channel matrix transformation (for example, no need for
calculating covariance matrix or pseudo inversion of the channel matrix H), and as a result,
all channel spatial diversity properties are kept. This feature also contributes the better
performance.

[0091] As shown in FIG. 4, for 16QAM and 64QAM cases, GD based detection and

MMSE based detection achieve almost the same performance. However, GD-based

21



WO 2019/196036 PCT/CN2018/082713

detection requires less computation complexity. In particular, the computation complexity
of GD based detection is only O(Nr*Nt). During the detection, iteration can be stopped if
anchoring operation finds that weights x are already close enough to expected symbols,
therefore average number of iteration round needed is small.

[0092] In addition, the proposed detection method is based on the design of ANN, which
means that developed ANN technologies can be reused in the detection. For example, it can
support parallel processing in ANN supported hardware. |

[0093] The proposed detection solution is also flexible. It is easy to add more advanced
functions into each iteration or iteration round. For example, in some embodiments,
anchoring operation and/or normalization operation for the learning rate may be added.
This makes it possible for the solution to benefit from further development.

[0094] It should also be noted that embodiments of the present disclosure can be applied
widely in various scenarios. For example, some embodiments may be used for complex
mMIMO signal detection, and support different modulations, different SNRs, and different
antenna numbers, etc.

[0095] FIG. 5 illustrates a simplified block diagram of an apparatus 500 that may be
embodied in/as a network device, for example, the network device 101 shown in FIG. 1, or
embodied in/as a terminal device, for example, the terminal device 102 shown in FIG. 1.
[0096] As shown by the example of FIG. 5, apparatus 500 comprises a processor 510
which controls operations and functions of apparatus 500. For example, in some
embodiments, the processor 510 may implement various operations by means of instructions
530 stored in a memory 520 coupled thereto. The memory 520 may be any suitable type
adapted to local technical environment and may be implemented using any suitable data
storage technology, such as semiconductor based memory terminal devices, magnetic
memory terminal devices and systems, optical memory terminal devices and systems, fixed
memory and removable memory, as non-limiting examples. Though only one memory unit
is shown in FIG. 5, a plurality of physically different memory units may exist in apparatus
500.

[0097] The processor 510 may be any proper type adapted to local technical environment,
and may include one or more of general purpose computers, special purpose computers,
microprocessors, digital signal processors DSPs and processors based on multicore processor
architecture, as non-limiting examples. The apparatus 500 may also comprise a plurality of

processors 510.
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[0098] The processors 510 may also be coupled with a transceiver 540 which enables
reception and transmission of information by means of one or more antennae 550 and/or
other components. For example, the processor 510 and the memory 520 can operate in
cooperation to implement method 300 described with reference to FIG.3. It shall be
appreciated that all the features described above with reference to FIG. 3 also apply to
apparatus 500, and therefore will not be detailed here.

[0099] Various embodiments of the present disclosure may be implemented by a
computer program or a computer program product executable by one or more of the
processors (for example processor 510 in FIG. 5), software, firmware, hardware or in a
combination thereof.

[00100] Although some of the above description is made in the context of a wireless
communication system shown in FIG. 1, it should not be construed as limiting the spirit and
scope of the present disclosure. The principle and concept of the present disclosure may be
more generally applicable to other scenarios.

[00101] In another aspect of the present disclosure, a staged signal detection framework
and related methods, apparatuses and computer program products are proposed. Compared
with conventional solutions, for example a VBLAST algorithm
(https://en.wikipedia.org/wiki/Bell Laboratories Layered Space-Time) and a detection
algorithm disclosed in a Us patent application US20040242179A
(http://pdfstore.patentorder.com/pdf/us/179/us2004242179.pdf) which removes matrix
inversion operations from the detection algorithm, some embodiments of the present
disclosure provide more flexibility to achieve a tradeoff between performance and
complexity, and achieves better performance.

[00102] In some embodiments, by using the staged signal detection framework which
may also be referred to as a staged symbol fix (SSF) framework, a low complexity and low
accuracy (m)MIMO detection algorithm may be transformed into a low complexity and high
accuracy (m)MIMO detection algorithm. That is, some embodiments improve detection
accuracy while keeping computation complexity at a low level.

[00103] In some embodiments, the proposed staged signal detection solution provides
flexibility to choose any type of detection algorithm/detector for each processing stage
independently. Furthermore, embodiments of the present disclosure are not limited to any
specific detection algorithm/detector used in each stage. That is, an existing mMIMO
detection algorithm may be used in a stage of the SSF framework to improve detection

accuracy at a cost of slightly increased complexity. In some embodiments, the only
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requirement for a mMIMO detection algorithm chosen for a stage is that it provides soft
symbols as outputs, i.e., the detection algorithm outputs a probability estimation rather than a
hard decision for an individual symbol.

[00104] For illustration rather than limitation, a conventional linear ZF detector, a linear
MMSE detector, or a GD based mMIMO detection algorithm using a developed ANN
technology proposed herein may be used at a stage of the proposed SSF framework.

[00105] In some embodiments, the staged signal detection solution allows choosing the
total number of stages for the staged signal detection solution flexibly, and the total number
of stages may be significantly smaller than the number of transmitting antennas Nt.

[00106] FIG. 6 shows a flowchart of a method 600 implemented at a receiver device for
staged signal detection in a wireless communication system according to an embodiment of
the present disclosure. The receiver device may be, for example, the network device 101 or
terminal device 102 shown in FIG. 1. For ease of discussion, the method 600 will be
described below with reference to network device 101 and the communication network 100
illustrated in FIG. 1. However, embodiments of the present disclosure are not limited
thereto.

[00107] As shown in FIG. 6, at block 610, network device 101 obtains a set of received
signals. For example, the set of received signals may be received from Nr receiving
antennas, and may be denoted as a vector y with a size Nr. Note that the set of received
signals may be received from one or more terminal devices, for example, one or more
terminal devices 102 in FIG. 1.

[00108] At block 620, network device 101 determines a channel via which the set of
received signals are transported, or in other words, a channel passed/experienced by the set of
received signals. In a scenario of MIMO communication, the channel may be represented
by and called a channel matrix H. It is to be understood that embodiments are not limited to
any specific way for obtaining the channel matrix H. Just for illustration purpose, the
channel matrix H may be known in advance or obtained via channel estimation. Any blind
channel estimation algorithm or channel estimation algorithm based on pilots, reference
signals, or training sequences may be used for this purpose. For ease of discussion,
assuming there are Nt transmitting antennas and Nr receiving antennas, then the determined
channel matrix H has a size of Nr by Nt, i.e., it has Nr rows and Nt columns.

[00109] At block 630, network device 101 detects the set of received signals y in a

staged manner. The staged signal detection at block 630 comprises one or more processing
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stages, and the total number of stages may be denoted as N,; herein, where N;,; is an
integer equal to or larger than 1.

[00110] In some embodiments, in a stage of the totally N,,; stages, the network device
101 may perform operations shown in FIG. 7 which illustrate an example for operations that
may be performed in one processing stage.

[00111] In the example shown in FIG. 7, at block 631, the network device 101 detects
the set of received signals y, based on the channel matrix H and a detection algorithm for the
stage. Note that detecting the set of received signals y means estimating a set of transmitted
signals x from the set of received signals y. The staged signal detection method proposed
herein allows selecting a detection algorithm for each stage independently. That is to say,
same or different detection algorithms may be used in different stages.

[00112] For illustration rather than limitation, the detection algorithm for one stage may
be, but not limited to, one of: a ZF based algorithm, a MMSE based algorithm and a GD
based algorithm (e.g., a SGD based algorithm) proposed in the present disclosure. Details
for the ZF or MMSE based detection algorithm may be found, for example, in a book titled
“Large MIMO systems” by A. Chockalingam and B. Sundar Rajan, or a book titled
“Introduction to MIMO communications” by Jerry R. Hampton.

[00113] At block 632, the network device 101 fixes one or more of detected symbols
output from the detecting algorithm for the stage. In other words, values for the one or more
of the detected symbols are fixed/determined. In some embodiments, the network device
101 may fix the one or more detected symbols based on modulation information (e.g., a
modulation scheme/mode such as BPSK or QPSK, or 16QAM) of the received signals. An
example implementation for the fixing operation performed in block 632 is illustrated in FIG.
8.

[00114] As shown in FIG.8, at block 810, the network device 101 may select, for each
detected symbol output from the detection algorithm for the current stage, a candidate symbol
from a set of modulation constellation symbols determined by a modulation scheme (e.g.,
QPSK) for the set of received signals, for example based on a maximum likelihood (ML)
criterion. For instance, a set of modulation constellation symbols Agpsx for a QPSK
modulation scheme includes 4 constellation symbols Al to A4, 1.e., Agpsk={A1, A2, A3 A4},
and if a detected symbol has a minimum Euclidean distance with the constellation symbol A1,

the receiver device 102 may select Al as the candidate symbol for the detected symbol.
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Candidate symbols for other detected symbols output from the detection algorithm may be
selected likewise.

[00115] At block 820, the network device 101 determines a distance between each
detected symbol and its corresponding candidate symbol. For example, if there are M
detected symbols §;, i=1, 2, ...M, output from the detection algorithm at a stage, and a
candidate symbol C; with the minimum distance with a detected symbol S;is selected for
the detected symbol S;, then at block 820, the network device 101 may determine a distance
d; between each S;and C;, wherei=1, 2, ...M, and C; is selected from a set of constellatioh
symbols, for example Agpsk={Al, A2, A3 A4}.

[00116] At block 830, the network device 101 fixes one or more detected symbols
associated with the minimum distance to a corresponding candidate symbol respectively.
As an example, the receiver device may sort the distance d; in an ascending order, and fix
the first L detected symbols associated with the first L minimum distance to their
corresponding candidate symbols.

[00117] It should be appreciated FIG. 8 just provide an example for the fixing operation
performed at block 632 of FIG. 7, and the fixing operation is not limited to the exact example
shown.

[00118] In some embodiments, the fixing operation performed at block 632 of FIG. 7
may be implemented via a function which may be denoted as Fix( ) herein. Note that if the
detected symbols output from the detection algorithm are complex values, the Fix( ) function
may process each detected symbol with a complex value directly, or process real and
imaginary parts of the complex value separately. For the former case, a two dimensional
(2D) Euclidean distance may be used for selecting the nearest candidate symbol for a
detected symbol, while a one dimensional (1D) Euclidean distance may be used for the latter
case.

[00119] For illustration rather than limitation, an example for constructing the Fix( )
function is described below, where separate processing of the real and imaginary parts of the
detected symbols is assumed, and correspondingly values of real part of constellation
symbols are used for calculating a distance between a detected symbol and a candidate
symbol.

Fix () function description:

Input:
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ds: a list of detected symbols, each item of which includes an index and a value for a detected

symbol. For example, the ith item is represented as (index;,dVingey,). In the Fix( )

function, these symbols’ values will be checked, and values of some symbols will be fixed in a
stage.

SMV: a set of values for constellation symbols.

Output:

fs: a list of fixed symbols and their corresponding values

Initialization:

(i) Determine a SMV to use. For example,

For QPSK,

SMV ={-1,1} (14)

For 1604AM
SMV = {-3,-1,1,3} (15)
(ii) Set a value for fNum which represents the number of symbols to be fixed in a stage. As
an example rather than limitation, the value for fNum may be determined/set based on a ratio
of symbols to be fixed in a stage. Or, the value for fNum may decrease exponentially with
the stage.  For instance, the value for fNum may be determined/set as:
fNum=max(1, [len(ds)*fRatio]) (16)
or,

JNum=[len(ds)*fRatio] (17)
where len(ds) means the total number of detected symbols output from the detection
algorithm for a current stage, fRatio represents a ratio of symbols to be fixed in the current
stage, which may take a value between 0 and 1, and [.] denotes an operation of getting an
integer part of a real number.

Fix() main routine:
(i) For each detected symbol, find a candidate symbol which is the nearest modulation
constellation symbol value from the SMV. For example, for each item (e.g., the ith item

(index; , dVingey,)) in ds, find its nearest modulation value by:

MVindex; = argminxeSMVIx - dvindexl-l (18).
(ii) Build a minimum distance list (denoted as minDis herein), in which the ith item is
obtained by:

minDis; = |mvindexl- - dvindexil (19)
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(iii) Select detected symbols to be fixed. For instance, order items in inDis in an ascending
order, and select detected symbols associated with the first fNum elements in the sorted
minDis as symbols to be fixed. Then the detected symbols fixed in a stage may be

represented by a list fs, the ith item of which may be represented as:

fsi = (index;, MVipgey,), i=1, ...[Num (20)
(iv) Output fs.
(v) End of Fix( ) function.
[00120] In the example above, the Fix( ) function fixes/determines a value for one or

more detected symbols based on a Euclidean distance based criterion, and the number of the
one or more detected symbols is determined by fNum which is configurable and may be stage
specific. It should be appreciated, however, embodiments are not limited to the specific
way described above for fixing the detected symbols.  In another embodiment, a different
criterion may be used, and/or, the value of fNum may be constant for each stage.

[00121] Once a detected symbol is fixed, its detection is finished, and the detected
symbol will not participate in later processing stages anymore. In some embodiments of the
present disclosure, the detected symbols that are fixed in one stage may be excluded from
participating in later processing stages by updating the channel matrix and the set of received
signals, as shown in block 633 of FIG. 7.

[00122] At block 633, the network device 101 updates the channel matrix H and the set
of received signals y for usage by a next stage, based on the one or more of the detected
symbols that are fixed in the current stage. With the updating operation, impacts of the
fixed symbols may be removed from the channel matrix and the set of received signals. For
illustration rather than limitation, at block 633, the network device 101 may update the
channel matrix H by removing, from the channel matrix H, one or more columns
corresponding to the one or more of the detected symbols that are fixed in the current stage.
In addition, the network device 101 may update the set of received signals y by subtracting
from y a value contributed by the one or more of the detected symbols that are fixed in the
current stage.

[00123] In some embodiments, the updating operation may be performed/controlled by a
function which may be denoted as update () for simplicity. For illustration purpose only, an
example for constructing the update ( ) function is provided below in a form similar to
computer instructions:

Update( ) function description:
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Input:
f5: the list of fixed symbols output from the fixing operation, for example the Fix() function.
H: the channel matrix.
y: a vector of the received signals.
Output:
H: updated H, by removing columns of corresponding fixed symbols;
y: updated vector y, by subtracting fixed symbols’value;
Update( ) main routine:
#subtract fixed symbols’ value from y:
for i=0 to len(fs):
k=index;
for j=0 to Nr:

Yj = ¥j — hjp x my 21)
#remove corresponding column in H matrix:
For each index; of fs, remove its corresponding column (i.e., the index-th column) from H
matrix.
Output H and y.
end of Update( ) function.
[00124] It should be appreciated that FIG. 7 and FIG. 8 only illustrate example
operations that may be performed in a single processing stage. The method 600 shown in
FIG. 6 may comprise a plurality of processing stages at block 630. In such a case, each
stage may be performed in a way similar to that described with reference to FIGs. 7 and 8.
[00125] In some embodiments, the total number of stages N, involved in block 630 of
method 600 may be configurable. As an example rather than limitation, the network device
101 may firstly determine a ratio of symbols to be fixed at a stage (which may be denoted as
fRatio herein) at block 623 in FIG. 6, and then determine the total number of stages N
and the number of symbols (denoted as fNum herein) to be fixed in the stage based on the
determined ratio (i.e., fRatio) at block 625 in FIG. 6.
[00126] For instance, the total number of stages N, may be determined based on
fRatio by:

Niot = [~108(1—tratioy’ Nt] + 1 (22)
where N, stands for the number of transmitting antennas. It should be appreciated that

embodiments of the present disclosure are not limited to any specific way for determining
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values for fRatio, fNum, and N;,;. In some embodiments, the ratio of symbols to be fixed
in a stage may be determined based on a receiving signal to noise ratio (SNR). For example,
if the receiving SNR is high, a large number of detected symbols may be fixed in one stage;
otherwise, a small number of detected symbols may be fixed in one stage.

[00127] Normally, the total number of stages Ny, required for the staged signal
detection is far less than the number of detected symbols, for example, when fNum is
determined based on equation (16) or (17) which results in an exponential decrease in the
number of symbols to be fixed in one stage.

[00128] The staged signal detection ends when the number of stages reaches the
configured total number of stages Ny, or all symbols are fixed. In some embodiments, the
network device 101 outputs a detection result upon completion of the staged signal detection
at block 640 in FIG. 6. In some embodiments, the detection result may only include
symbols which are fixed during the stages of detection, which means that all detected signals
have been fixed during the staged detection. In some embodiments, the detection result may
include both fixed symbols and un-fixed symbols, which means that only a portion of
detected signals have been fixed during the staged detection. The un-fixed symbols may be
recovered via following processing, for example channel decoding operation.

[00129] Alternatively, in some embodiments, the network device 101 may output, at the
end of a stage, the one or more symbols that are fixed in the stage, at block 634 in FIG. 4.
In addition, if there is still one or more symbols remain unfixed after completion of the staged
signal detection, the network device 101 also outputs the remaining symbol at block 640 in
FIG. 6.

[00130] For illustration purpose, another example of the staged signal detection
operation is shown in FIG. 9. This example may be considered as a specific implementation
of blocks 630 and 640 in FIG. 6. The method shown in FG. 9 may be implemented, for
example, by the network 101 or the terminal device 102 in FIG. 1.

[00131] In the example of FIG. 9, the staged signal detection is implemented via a
function denotes as ssfMDA( ), which comprises several sub-functions including MDA( ),
Fix() and Update( ). The sub-function MDA( ) is a function for signal detection in a stage
of the SSF framework using a selected MIMO detection algorithm. It should be appreciated
that the detection algorithm may be selected for each stage independently. Sub-function
Fix( ) is for fixing one or more (e.g., fNum) detected symbols output from MDA( ) to

corresponding modulated constellation symbol values with the least distance from the one or
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more detected symbols. The fixed symbols will not participate in later processing stages.
For example, the fixed symbols will not be further detected using the MDA( ) function in
next stage. Since some example implementations of the Fix( ) function have been described
above, details will not be repeated here. The Update( ) function is for updating the channel
matrix H and the set of received signals y by removing impacts of the fixed symbols, as
already described above.

[00132] As shown in FIG. 9, the channel matrix H and the set of received signals x are
used as inputs. At block 910, MDA( ) function is performed for signal detection in a stage.
The detection outputs soft estimated symbols at block 920, which means that a probability
estimation rather than a hard decision for a symbol is output. At block 930, one or more of
the detected symbols are fixed via the Fix ( ) function. The Fix ( ) function may use
modulation information, e.g., modulation mode as input, as shown in bock 931 of FIG. 9.
Symbols fixed at block 930 is output at block 940. At block 950, the index of the stage is
increased by 1, and the receiver device checks whether total number of stages is reached. If
the total number of stages is not reached, the channel matrix H and the set of received signals
y are updated via the Update ( ) function at block 960, and the processing enters the next
stage. If the total number of stages is reached, the staged signal detection stops, and the
receiver device outputs the remaining symbols which are not fixed at block 970 if any. The
fixed symbols and the unfixed symbols form a set of final estimated symbols for further
processing, for example, for channel decoding.

[00133] As can be observed from the example shown in FIG. 9, the SSF framework
proposed in the present disclosure has at least the following features:

(1) It may provide a type of ML method, by fixing estimated symbols using a Euclidean
distance based criterion, stage by stage, to remove inter-symbol interference.

(ii) It has a complexity same as that of the used MDA( ) function, because neither Fix( )
nor Update( ) function introduces much complexity and the required stages are normally far
less than Nt.

(iii) It may be used in a network device, and also a terminal device if the MDA( )
function can be supported by the terminal device.

(iv) It may achieve better detection accuracy even if a detection algorithm with low
detection accuracy and low complexity is used in MDA( ) function in each stage. That is,
the proposed framework enables to build low complexity and high accuracy mMIMO
detection algorithms. If the detection algorithm used in MDA( ) is already an optimal
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algorithm with high computing complexity, the staged processing may not achieve significant
gains.

(v) It inherits the properties of the detection algorithm used in MDA( ) in each stage.
For example, if a MDA( ) function supports hybrid modulation modes, the proposed SSF
solution supports the hybrid modulation modes as well.

(vi) In each stage of the proposed staged detection frame work, a different MDA( )
function, i.e., a different detection algorithm, may be used.

(vii) The MDA( ) function in each stage outputs soft estimated symbols.

[00134] Among other advantages, some embodiments of the staged signal detection
framework proposed in the present disclosure provide a more flexible signal detection
solution. For example, the staged signal detection may be configured via one or more of the
parameters shown in Table 7 below.

Table 7. Examples of configuration parameters

Name Description
Niot the total number of stage.
fNum used for example in Fix( ) to indicate number of symbols required to be

fixed in a stage

fRatio a value between 0 and 1, stands for a ratio of symbols to be fixed.

[00135] In some embodiments, fRatio may be used for determining fNum and/or N.
For example, fNum may be obtained using equation (16) or (17) based on fRatio, and Ntot
may be obtained using (22) based on fRatio. If fRatio=1/2, equation (22) may be simplified
to equation (23) below.

N¢or = [logz N¢l+1 (23)
[00136] It can be observed from equation (23) that the total number of stages for
detection may be much less than the number of transmitting antennas, which means low
complexity of the proposed scheme. This is advantageous, since a target for mMIMO
detection is to fix as much symbols as possible to get an optimal detection accuracy and at the
same time keep the computing complexity as low as possible.
[00137] Note that, the staged signal detection solutions proposed in the present
disclosure do not require fixing all the detected symbols. In practice, if detection accuracy

already meets a predefined requirement by fixing only a portion of the detected symbols,
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there is no need to fix all the detected symbols, and in such a case, the total number of stages
may be reduced.

[00138] In some embodiments, the configuration parameters shown in Table 7 for the
staged signal detection solution may be determined based on a receiving SNR. Normally,
fRatio may take a value in a range of [0.5, 0.7], which allows fixing enough symbols in the
first processing stage and at the same time avoids an increase in detection error probability.
[00139] Furthermore, as already described above, in some embodiments of the present
disclosure, the detection algorithm used in a stage of the staged signal detection framework
may be selected based on needs, and the selection may even be stage specific. Such a
mechanism provides more flexibility to the proposed staged detection framework.

[00140] For illustration purpose, some examples for the detection algorithm may be
described below, however, it should be appreciated that embodiments are not limited thereto.
[00141] In an example embodiment, a MMSE detection algorithm/detector is selected for
each stage, and such a staged detection solution is also referred to as a ssfMMSE solution
herein. MMSE is a popular low complexity detection algorithm, and a detected symbol
output from a MMSE detector may be expressed as following equation (24):

% = p(pHPH + D)~ tHYy (24)
where p is related to SNR, and is obtained by p =109 T is an unit matrix with size (Nt,
Nt), H stands for the channel matrix, and y stands for the received signals. In ssfMMSE, the
% output from the MMSE detector is used as an input to a following fixing operation/function
to obtain one or more fixed detected symbols.

[00142] In another example embodiment, a ZF detection algorithm is selected for each
stage, and such a staged detection solution is also referred to as a ssfZF solution herein. ZF
is another very popular detection algorithm, and a detected symbol output from a ZF detector
may be expressed as following equation (25):

% = (HH)"*H"y (25)
where H stands for the channel matrix, and y stands for the received signals. In ssfZF, the X
output from the ZF detector is used an input to a following fixing operation/function to obtain
one or more fixed detected symbols.
[00143] In still another example embodiment, a GD based detection algorithm, for
example a SGD detection algorithm proposed in the present disclosure for MIMO detection,
may be selected for each stage, and such a staged detection solution is also referred to as a

ssfSGD solution herein.
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[00144] The SGD detection algorithm transfers problem of equation (1) into an ANN
problem, as illustrated schematically in FIG. 2. As shown in FIG. 2, with this ANN model,
each row vector (h;;, hjp, ...hjn) of the channel matrix H is considered as an input vector, the
received value y; associated with a corresponding row of H is considered as an output, while
vector X=[X, X, ...Xnt] 1s modelled as weights to be learned.

[00145] The SGD detection method (which may also be referred to as SGD learning
method) may be used to solve the ANN problem and converges quickly. In SGD learning

method, a loss function for the ith row of H may be defined as:

1 2
Loss;(x) = 5 |yi — X hyj * x| (26)
[00146] A differential for x; may be obtained by:
L i *
Q‘G‘ES— = —(y; — X hyj * xhj; 27)

The obtained differential is used as a gradient descent direction for updating x;. For
example, x; may be updated by:

x; = Xj + R * (i — Xjhyj * x;)hj; (28)
where R stands for a learning rate, or called a learning step, which is used for controlling the
update of the x;. More details about the GD based mMIMO detection have been provided
above in the present disclosure, and details will not be repeated.

[00147] In the ssfSGD solution, the x;output from the SGD detector is used as an input
to a following fixing operation/function to obtain one or more fixed detected symbols. Note
that in the ssfSGD solution, a separate updating function as shown in block 960 of FIG. 9
may not be required, since the updating operation is already performed within the SGD
detection algorithm, i.e., at block 910 of FIG. 9 when SGD detection algorithm is selected for
signal detection in a stage.

[00148] One advantage of the ssfSGD solution is that it is easy to implement by reusing
ANN implementations. For example, the fixing operation/function in the proposed ssfSGD
solution may be implemented by using a dropout function in ANN. Originally, the dropout
function in ANN is a regularization technique for reducing overfitting in neural networks by
preventing complex co-adaptations on training data. Dropout refers to ignoring weights
updating during the training phase, the dropout weights are selected randomly. In the
ssfSGD solution, the dropout function shall be used in a different way. The dropout
function in the ssfSGD solution is same as that in ANN in terms of ignoring weights

(corresponding to detected symbols in the ssfSGD solution) updating during later learning
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phase, but differs in that weights (i.e., detected symbols in the ssfSGD solution) to be fixed
are determined by a Fix( ) function, while in ANN, the weight to be fixed is determined
randomly. Same as that in ANN, once the weights (symbols) are fixed, they shall be always
fixed/unchanged in later stages (later learning phases), and shall not participate in later
detection. Therefore, an ANN method with a new dropout function may be easily
implemented in an ANN enabled hardware, to provide a ssfSGD solution. That is, the
ssfSGD solution for MIMO signal detection may be implemented by reusing ANN hardware.
This is a big benefit for ssfSGD usage.

[00149] To evaluate performance of the staged signal detection solution proposed herein,
tests for UL mMIMO signal detection have been conducted via computer simulation.
Settings of signals and parameters for the tests are summarized in Table 8 and Table 9.

Table 8. Signal generation for the test

Parameters | Settings

H element is generated by N(0,1), then normalized by
H=H/sqrt(Nt), N(0,1) is normal distribution with a mean of 0

and a variance of 1

z generated by N(0,1), then normalized by z=z/(10°(SNR/10))

X normalized by x=x/var(x), where var(x) means the variance of
symbol x

y calculated by equation (1)

Table 9. Uses cases for the test

Cases Configuration of parameters
Nr=60, Nt=30

Modulation: BPSK

SNR=8dB to 13dB,

Case 1

for each SNR, 20000 sampling points are generated for SER
calculation;

Nioe=5;

fRati0=0.5

Nr=64, Nt=16

Case 2
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Modulation: 16QAM

SNR=8dB to 13dB,

for each SNR, 20000 sampling datas are generated for SER
calculation;

Niot =5;

fRati0=0.5

[00150] Computer simulation results for the two testing cases and three different staged
detection algorithms, including ssfZF, ssftMMSE andssfSGD, are shown in FIGs. 10-15, from
which improvement in detection accuracy brought by the staged signal detection solution
proposed herein can be observed. For example, FIGs. 10-11 show that compared with a
conventional ZF/MMSE detection algorithm, the staged ZF/MMSE detection solution (i.e.,
ssfZF/ssfMMSE) achieves lower symbol error rate (SER) at same SNR level for test case 1
where 60 receiving antennas, 30 transmitting antennas and BPSK modulation are used.
Likewise, FIG. 12 shows that a staged SGD (i.e., ssfSGD) detection solution achieves better
performance than a normal SGD detection solution. Results for test case 2 are shown in
FIGs. 13-15, and from which it can be observed that performance gain from the staged
detection solutions also exists in a MIMO system with 64 receiving antennas, 16 transmitting
antennas and 16QAM modulation.
[00151] The staged signal detection solution proposed in the present disclosure for
MIMO detection has some or all of the following advantage:

(a) Computing complexity of the staged signal detection solution is almost in the same

level as that of the detection algorithm used in a stage, i.e., no obvious extra computing

complexity is introduced due to a staged operation. Furthermore, the number of stages

may be selected properly to achieve a tradeoff between complexity and accuracy.

(b) The staged signal detection solution may be used in a network device and also a

terminal device, if the detection algorithm used in a stage is supported by the terminal

device.

(c) It improves detection accuracy considerably.

(d) It provides a method to build a MIMO detection algorithm with low computing

complexity and high detection accuracy.

(e) It inherits properties of the detection algorithm used in each stage, i.e., if the

detection algorithm is a flexible algorithm (e.g., SGD), the staged solution is also a

flexible algorithm.
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(f) a SGD based staged detection solution is very suitable to be implemented by using a
developed ANN, especially in ANN enabled HW.
(g) The proposed staged detection solution allows using different detection algorithm in
different stages, which provides extra flexibility for the detection.
[00152] Though computer simulation for UL mMIMO signal detection is conducted, it
should be appreciated that the staged signal detection solution proposed in the present
disclosure also applies to DL mMIMO signal detection. For DL mMIMO signal detection,
the terminal device, for example, the terminal device 102 in FIG. 1 acts as a receiver device.
The terminal device 102 may need to detect signals from a single base station or a plurality of
base stations depending on its operating mode. In some embodiments, the terminal device
102 may receive signals from the network device 101, and in such a case, both the number of
receiving antennas and the number of transmitting antennas may be reduced compared with
UL mMIMO signal detection. That is, same staged signal detection solution as described
with reference to UL MIMO detection also applies, but computation complexity may be
further reduced due to reduced number of antennas.
[00153] FIG. 16 illustrates a simplified block diagram of an apparatus 1600 that may be
embodied as or comprised in a receiver device, for example, a terminal device 102 or a
network device 101 shown in FIG. 1.
[00154] The apparatus 1600 comprises at least one processor 1611, such as a data
processor (DP) and at least one memory (MEM) 1612 coupled to the processor 1611. The
apparatus 1610 may further include a transmitter TX and receiver RX 1613 coupled to the
processor 1611, which may be operable to communicatively connect to other apparatuses.
The MEM 1612 stores a program or computer program code 1614. The at least one
memory 1612 and the computer program code 1614 are configured to, with the at least one
processor 1611, cause the apparatus 1600 at least to perform in accordance with embodiments
of the present disclosure, for example method 600 or 900.
[00155] A combination of the at least one processor 1611 and the at least one MEM 1612
may form processing means 1615 configured to implement various embodiments of the
present disclosure.
[00156] Various embodiments of the present disclosure may be implemented by
computer program executable by the processor 1611, software, firmware, hardware or in a
combination thereof.
[00157] The MEM 1612 may be of any type suitable to the local technical environment

and may be implemented using any suitable data storage technology, such as semiconductor
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based memory devices, magnetic memory devices and systems, optical memory devices and
systems, fixed memory and removable memory, as non-limiting examples.

[00158] The processor 1611 may be of any type suitable to the local technical
environment, and may include one or more of general purpose computers, special purpose
computers, microprocessors, digital signal processors (DSPs) and processors based on
multicore processor architecture, as non-limiting examples.

[00159] Although some of the above descriptions on the GD based signal detection and
staged signal detection are made in the context of a wireless communication system shown in
FIG. 1, it should not be construed as limiting the spirit and scope of the present disclosure.
The principle and concept of the present disclosure may be more generally applicable to other
scenarios.

[00160] In addition, the present disclosure may also provide a carrier containing the
computer program as mentioned above (e.g., computer instructions/grogram 530 in FIG. 5 or
1614 in FIG. 16). The carrier includes a computer readable storage medium and a
transmission medium. The computer readable storage medium may include, for example,
an optical compact disk or an electronic memory device like a RAM (random access
memory), a ROM (read only memory), Flash memory, magnetic tape, CD-ROM, DVD,
Blue-ray disc and the like. The transmission medium may include, for example, electrical,
optical, radio, acoustical or other form of propagated signals, such as carrier waves, infrared
signals, and the like.

[00161] The techniques described herein may be implemented by various means so that
an apparatus implementing one or more functions of a corresponding apparatus described
with an embodiment comprises not only prior art means, but also means for implementing the
one or more functions of the corresponding apparatus and it may comprise separate means for
each separate function, or means that may be configured to perform two or more functions.
For example, these techniques may be implemented in hardware (e.g., circuit or a processor),
firmware, software, or combinations thereof. For a firmware or software, implementation
may be made through modules (e.g., procedures, functions, and so on) that perform the
functions described herein.

[00162] Some example embodiments herein have been described above with reference to
block diagrams and flowchart illustrations of methods and apparatuses. It will be
understood that each block of the block diagrams and flowchart illustrations, and
combinations of blocks in the block diagrams and flowchart illustrations, respectively, may

be implemented by various means including computer program instructions. These
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computer program instructions may be loaded onto a general purpose computer, special
purpose computer, or other programmable data processing apparatus to produce a machine,
such that the instructions which execute on the computer or other programmable data
processing apparatus create means for implementing the functions specified in the flowchart
block or blocks.

[00163] While this specification contains many specific implementation details, these
should not be construed as limitations on the scope of any implementation or of what may be
claimed, but rather as descriptions of features that may be specific to particular embodiments
of particular implementations. Certain features that are described in this specification in the
context of separate embodiments may also be implemented in combination in a single
embodiment. Conversely, various features that are described in the context of a single
embodiment can also be implemented in multiple embodiments separately or in any suitable
sub-combination. Moreover, although features may be described above as acting in certain
combinations and even initially claimed as such, one or more features from a claimed
combination can in some cases be excised from the combination, and the claimed
combination may be directed to a sub-combination or variation of a sub-combination.

[00164] It will be obvious to a person skilled in the art that, as the technology advances,
the inventive concept may be implemented in various ways. The above described
embodiments are given for describing rather than limiting the disclosure, and it is to be
understood that modifications and variations may be resorted to without departing from the
spirit and scope of the disclosure as those skilled in the art readily understand. Such
modifications and variations are considered to be within the scope of the disclosure and the
appended claims. The protection scope of the disclosure is defined by the accompanying
claims.

[00165] Some abbreviations used in the present disclosure and their corresponding

expressions are list below:

GD: gradient descent

BGD: batch gradient descent

SGD: stochastic gradient descent

MIMO: multiple input multiple output antenna system
mMIMO: massive multiple input multiple output antenna system
SVD: singular value decomposition

5G: the fifth generation telecommunication system
gNodeB: 5G NodeB
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AWGN:
ZF:
ZF-IC:
LMMSE:
LMMSE-IC:
SSF:
MDA:
ssfMDA:
AMP:
PDA:
MCMC:
SDR:
QAM:
BPSK:
QPSK:
ANN:
DNN:
SER:
SNR:
[00166]

additive white gaussian noise

zero forcing

zero forcing with inteference cancellation

linear minimum mean square error

linear minimum mean square error with inteference cancellation
staged symbol fix

MIMO detection algorithm

staged symbol fix based MIMO detection algorithm
approximate message passing

probabilistic data association

Markov Chain Monte Carlo

semidefinite relaxation

Quadrature Amplitude Modulation

Binary Phase Shift Keying

Quadrature Phase Shift Keying

artificial neuron network

deep neuron network

symbol error ratio

signal noise ratio

References obtained from the following links are attached:

http://ieeexplore.ieee.org/document/7282651/;

https://emtivaz. github.io/Writings/approxMP0.pdf* and

https://arxiv.org/abs/1706.0115].
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Optimality of Large MIMO Detection via
Approximate Message Passing

Charles Jeon, Ramina Ghods, Arian Maleki, and Christoph Studer

Abstract—Optimal data detection in multiple-input multiple-
output (MIMO) communication systems with a large number
of antennas at both ends of the wireless link entails prohibitive
computational complexity. In order to reduce the computational
complexity, a variety of sub-optimal detection algorithns have
been proposed in the literature, In this paper, we analyze the
optimality of a novel data-detection method for large MIMO
systems that relies on approximate message passing (AMP). We
show that our algorithm, referred to as individually-optimal (10)
large-MIMO AMP (short IO-LAMA), is able to perform IO data
detection given certain conditions on the MIMO system and the
constellation set (e.g., QAM or PSK) are met.

1. INTRODUCTION

We consider the problem of recovering the My-dimensional
data vector sg € @™ from the noisy multiple-input multiple-
output (MIMO) input-output relation y = Hsg + n, by per-
forming individually-optimal (I0) data detection [2], [3]

(IO) 10

sp’ = arg max p(8, |y, H).
5€0

Here, si° denotes the £-th IO estimate, ¢ is a finite constellation
(e.g., QAM or PSK), p(§¢ |y, H) is a probability density func-
tion assuming i.i.d. zero-mean complex Gaussian noise for the
vector n € CM® with variance Ny per complex dimension, My
and Mg denotes the number of transmit and receive antennas,
respectively, y € CMR is the receive vector, and H € CMrxMr
is the (known) MIMO system matrix. In what follows, we
assume that the entries of the MIMO system matrix H are
i.i.d. zero-mean complex Gaussian with variance 1/Mg, and
we define the so-called system ratio as 3 = Mr/Mjg.

Although IO detection achieves the minimum symbol error-
rate [4], the combinatorial nature of the (IO} problem [2],
[3] requires prohibitive computational complexity, especially
in large (or massive) MIMO systems [4], [5]. In order to
enable data detection in such high-dimensional systems, a
large number of low-complexity but sub-optimal algorithms
have been proposed in the literature (see, e.g., [6]-[8]).

A. Contributions

In this paper, we propose and analyze a novel, compu-
tationally efficient data-detection algorithm, referred to as
I0-LAMA. (short for IO large MIMO approximate message

An extended version of this paper including all proofs is in preparation [1].

C. Jeon, R. Ghods, and C. Studer are with the School of Electrical and Com-
puter Engineering, Cornell University, Ithaca, NY; e-mail: jeon@csl.cornell.edu,
rghods@csl.cornell.edu, studer@cornell.edu.

A. Maleki is with Department of Statistics at Columbia University, New
York City, NY; e-mail: arian@stat.columbia.edu.

This work was supported in part by Xilinx Inc. and by the US National
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(a) MIMO system with JO-LAMA as the data detector.
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(b) Equivalent decoupled system with effective noise variance crf.

Fig. 1. TO-LAMA decouples large MIMO systems (a) into a set of parallel
and independent AWGN channels with equal noise variance; (b) equivalent
system in the large-system limit, i.e., for 8 = AMt/My with Mt — oo.

passing). We show that IO-LAMA decouples the noisy MIMO
system into a set of independent additive white Gaussian noise
(AWGN) channels with equal signal-to-noise ratio (SNR); see
Fig. 1 for an illustration of this decoupling property. The
state-evolution (SE) recursion of AMP enables us to track the
effective noise variance o2 of each decoupled AWGN channel
at every algorithm iteration t. Using these results, we provide
precise conditions on the MIMO system matrix, the system
ratio 3, the noise variance Ny, and the modulation scheme for
which IO-LAMA exactly solves the (IO) problem.

B. Relevant Prior Art

Initial results for IO data detection in large MIMO systems
reach back to [9] where Verdi and Shamai analyzed the
achievable rates under optimal data detection in randomly-
spread CDMA systems. Tanaka [10] derived expressions for
the error-rate performance and the multi-user efficiency for
10 detection using the replica method. While Tanaka’s results
were limited to BPSK constellations, Guo and Verdil extended
his results to arbitrary discrete input distributions [3], [11]. All
these results study the fundamental performance of IO data
detection in the large-system limit, i.e., for § = Mr/Mz with
Mt — oc. Corresponding practical detection algorithms have
been proposed for BPSK constellations [[2], [13]—to the best
of our knowledge, no computationally efficient algorithms for
general constellation sets and complex-valued systems have
been proposed in the open literature.
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Our data-detection method, IO-LAMA, builds upon approx-
imate message passing (AMP) [14]-[16], which was initially
developed for the recovery of sparse signals. AMP has been
generalized to arbitrary signal priors in [17]-[19] and enables
a precise performance analysis via the SE recursion [14], [15].
Recently, AMP-related algorithms have been proposed for
data detection [20]-[22]; these algorithms, however, lack of a
theoretical performance analysis.

C. Notation

Lowercase and uppercase boldface letters designate vectors
and matrices, respectively. For a matrix H, we define its
conjugate transpose to be H!.. The £-th column of H is denoted
by h§. We use {-) to write (x) = & Zﬁ;l Zj. A multivariate
complex-valued Gaussian probability density function (pdf) is
denoted by CA/(m, K), where m is the mean vector and K the
covariance matrix. Ex{] and Varx[-] denotes the expectation
and variance operator with respect to the pdf of the random
variable X, respectively.

II. IO-LAMA: LARGE-MIMO DETECTION USING AMP

We now present IO-LAMA and the SE recursion, which is
used in Section III for our optimality analysis.

A. The IQ-LAMA Algorithm

We assume that the transmit symbols sy, £ = 1,..., My,
of the transmit data vector s are taken from a finite set O =
{a; : § = 1,...,]O|} with constellation points a; chosen,
e.g., from a QAM or PSK alphabet. We assume an i.i.d. prior
p(s) = Hé\fl p(s¢), with the following distribution for each
transmit symbol sg:

p(Se) = zaeo paé(sf - (1,). n

Here, p, designates the (known) prior probability of each
constellation point a € @ and §(:) is the Dirac delta function;
for uniform priors, we have p, = |O|~!.

The IO-LAMA algorithm summarized below is obtained by
using the prior distribution in (1) within complex Bayesian
AMP. A detailed derivation of the algorithm is given in [1].

Algorithm 1. Initialize §} = Eg[S]for£=1,..., Mg, r' =y,
and ' = BVarg[S]/Ny. Then, for every IO-LAMA iteration
t=1,2,..., compute the following steps:
7t — gt 4 HOpt
8 = F(z, No(1 + 7))
= (6=, No(1+ 7))

1 ~ 41
ritt =y —HE 4 Lot

T

The functions F(sg, 7) and G(sg, 7) correspond to the message
mean and variance, and are computed as follows:

2

F(&,7) = jse sef(se|8g, 7)dsg

G(3e,7) = [, Ise[® Flselde, T)dse — |F(3e, 7).
Here, f(s¢|3¢,7) is the posterior pdf defined by f(spl8s,7) =
L£p(3se, T)p(se) with p(3else,7) ~ CN(s¢,7) and a nor-
malization constant Z. Both functions F(5;,7) and G(3,,7)
operate element-wise on veclors.
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In order to analyze the performance of IO-LAMA in the
Jarge-system limit, we next summarize the SE recursion. The
SE recursion in the following theorem enables us to track the
effective noise variance o7 for the decoupled MIMO system
for every iteration ¢ (cf. Fig. 1), which is key for the optimality
analysis in Section III. A detailed derivation is given in [1].

Theorem 1. Fix the system ratio 3 = My/Mpg and the constel-
lation set O, and let My — oco. Initialize 02 = No+ 3 Varg[S).
Then, the effective noise variance o7 of I0-LAMA at iteration t
is given by the following recursion:
o7 = No + BY(07_y). ©)
The so-called mean-squared error (MSE) function is defined by
2
W(o? ) = JES,Z[ F(S+0e17,02,)— S| ]

where F is given in (2) and Z ~ CN(0,1).
B. 10-LAMA Decouples Large MIMO Systems

In the large-system limit and for every iteration ¢, [O-LAMA
computes the marginal distribution of s¢, £ = 1, ..., Mr, which
corresponds to a Gaussian distribution centered around the
original signal sg; with variance a?. These properties follow
from [16, Sec. 6], which shows that z* = §* + HHYr? is
distributed according to CA/(sy, 0?1,z ). Hence, the input-

output relation for each transmit stream 2z} = §% + (h$)Hr? is
equivalent to the following single-stream AWGN channel:

22 = Sp¢ + nfg.
Here, sq¢ is the ¢-th original transmitted signal and nﬁ is
AWGN with variance o2 per complex entry. As a consequence,
I0-LAMA decouples the MIMO system into My paralle]l and
independent AWGN channels with equal noise variance o2 in

the large-MIMO limit; see Fig. 1(b) for an illustration.
III. OPTIMALITY OF IO-LAMA

We now provide conditions for which IO-LAMA exactly
solves the (I0) problem.

A. Fixed points of IO-LAMA’s State Evolution

For ¢t — o0, the SE recursion in Theorem 1 converges to
the following fixed-point equation [1], [15]:

ot = No + B¥(oip), G

which coincides with the “fixed-point equation” developed
for IO detection by Guo and Verdd using the replica method
in [3, Eq. (34)]. We note that (4) may have multiple fixed-point
solutions. In the case of such non-unique fixed points, Guo
and Verdii choose the solution that minimizes the “free energy”
[3, Sec. 2-D], whereas IO-LAMA converges, in general, to the
fixed-point solution with the largest effective noise variance o2,
We note that if the fixed-point solution to (4) is unique, then
IO-LAMA recovers the solution with minimal effective noise
variance o2 and thus, performs IO detection. However, if there
are multiple fixed-points solutions to (4), IO-LAMA is, in
general, sub-optimal and does not necessarily converge to the
fixed-point solution with the minimal “free energy.”’ We next

IConvergence to another fixed-point solution is possible if IO-LAMA is
initialized sufficiently close to such a fixed point; see [1], [23] for the details.
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provide conditions for which there is exactly one (unique) fixed
point with minimum effective noise variance ¢ and—as a
consequence—IO-LAMA solves the (I0) problem.

B. Exact Recovery Thresholds (ERTs)

We start by analyzing IO-LAMA in the noiseless setting. We
provide conditions on the system ratio 4 and the constellation
set 0, which guarantee exact recovery of an unknown transmit
signal sg € OM1 in the large-system limit, i.e., 3 is fixed and
Mt — oo. In particular, we show that if 5§ < 5%, where S5™
is the so-called exact recovery threshold (ERT), then IO-LAMA
perfectly recovers sg; for 8 > 5™, perfect recovery is not
guaranteed, in general.? To make this behavior explicit, we need
the following technical result; the proof is given in Appendix A.

Lemma 2. Fix the constellation set O. If Varg[S] is finite, then
there exists a non-negative gap o> — U(0?) > 0 with equality
if and only if 02 = 0. As a® — 0, the MSE ¥{o2) — 0 and
as 0% — oo, MSE ¥ (g?) — Varg[S].

For all o2 >0, Lemma 2 guarantees that ¥(o?) < o2.
Suppose that for some 8 > 1, 8%(c?) < o2 also holds for
all 2 > 0. Then, as long as § > 1 is not too large to also
ensure B¥(c?) < o2 for all a2 > 0, there will only be a single
fixed point at o2 = 0. Therefore, LAMA can still perfectly
recover the original signal sy by Theorem 1 since ¥(c2) = 0.
Leveraging the gap between ¥(o?) and o2 will allow us to
find the exact recovery threshold (ERT) of LAMA for values of
B > 1. For the fixed (discrete) constellation set O, the largest
B that ensures AU (02) < o? is precisely the ERT defined next.

Definition 1. Fix O and let Ng = 0. Then, the exact recovery
threshold (ERT) that enables perfect recovery of the original
signal sy using I0-LAMA is given by

—ma{(2) '}

With Definition 1, we state Theorem 3, which establishes op-
timality in the noiseless case; the proof is given in Appendix B.

Theorem 3. Let Ny = 0 and fix a discrete set O. If § < 5,
then 10-LAMA perfectly recovers the original signal sq from
y = Hsg -+ n in the large system limit.

‘B(n;ax (5)

Note that for a given constellation set O, the ERT 5™
can be computed numerically using (5). Furthermore, the
signal variance, Varg[S], has no impact on the ERT as the
MSE function ¥(0?) and o? scale linearly with Varg[S].
Table I summarizes ERTs £5* for common QAM and PSK
constellation sets.

C. Optimality Conditions for I0-LAMA

We now study the optimality of IO-LAMA in the presence
of noise, where exact recovery is no longer guaranteed.
In particular, we provide conditions for which IO-LAMA
converges to the fixed point with minimal effective noise
variance o2, which corresponds to solving the (I0) problem.

2We assume the initialization in Algorithm 1. IO-LAMA may recover the
original signal for 8 > 5™ if initialized appropriately; see, e.g., [23].
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TABLE I o
ERTs M, MRTS SN, AND CRITICAL NOISE LEVELS N (85") AND
NP®(BE™) OF I0-LAMA FOR COMMON CONSTELLATION SETS

Constellation ﬁnoxin N(x]nin (Bgiu) /38“ N[r]nax (ﬁgax)
BPSK 29505 2.999-10~1 41709 2.432-1071
QPSK 14752 1.499.107! 20855 1.216-101
16-QAM 0.9830 3.000-1072 1.3629 2.454.10—2
64-QAM 0.8424 7.144.107% 1.1573 5.868-1073
8-PSK 14576 4.440-102 18038 3.826-1072
16-PSK 14728 1.143-10"2  1.8005 9.953-1073
TABLE 1

SUMMARY OF (SUB-)OPTIMALLITY REGIMES OF I0-LAMA

BLBE" BEN<B<AES BEELPB

A No < NJi*(B) optimal optimal suboptimal

Npin(gy < Ny < NP*(B) optimal ~ (sub-optimal®>  suboptimal
N{=(8) < No optimal optimal optimal

Note that such a minimum free-energy solution is also the
fixed point for the IO detector in [3, Eq. (34)]. We call the
fixed point with minimum effective noise variance optimal fixed
point, other fixed points are called suboptimal fixed points.
We identify three different operation regimes for IO-LAMA
depending on the system ratio 3 (see Table II). To make these
three regimes explicit, we need the following definition.

Definition 2. Fix the constellqtion set O. Then, the minimum
recovery threshold (MRT) B™ is defined by

min s av Y
8 =;9;%{( o) }

The definition of MRT shows that for all system ratios
B < BEn, the fixed point of (4) is unique. The following lemma
establishes a fundamental relationship between MRT and ERT;
the proof is given in Appendix C.

Lemma 4. The MRT never exceeds the ERT.

(©)

We next define the minimum critical and maximum guar-
anteed noise variance, NF"(3) and N§**(3), that determine
boundaries for the optimality regimes when 3 > 8§™.

Definition 3. Fix 3 € (85", 85*). Then, the minimum critical
noise NJ™((3) that ensures convergence to the optimal fixed
point is defined by

av(o?) 1
do? }

min(3) = min{oz — BY(0?): B
o2>0
Definition 4. Fix 3 > [38*“. Then, the maximum guaranteed
noise NP () that ensures convergence to the optimal fixed
point is defined by

2
0 = gl oo o820 1)

=20 do?

We recall that all the zero crossings of the function

9(0%, B, No)o = Ny + BU(c*) — o

)

3F}or certain constellation sets (e.g., 16-PSK), there exist sub-intervals in
[Ng=(8),Ny™(8)] where JO-LAMA is still optimal; sce [1] for the details.
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&

No + #¥(5°%) - o2

A
iy

Ny + W {a™) —o?

3 by o < 5

@ < ,B"c“)i“: I0-LAMA always convergeé to the
unique, optimal fixed point (FP) irrespective of Ng.

b) B e (Bgi", BH*): I0-LAMA converges to the
optimal FP if No < NJ"™(8) or No > N§™(3).

]

(c) B8 2 B5™: IO-LAMA converges to the optimal
fixed point’if Ng > NJ**(8).

Fig. 2. Plot of the function (7) for three regimes (a) 8 < B'g", (b) 8 € (ﬂgi",ﬂ’c‘;“"), and (c) 8 > ﬁ"o‘a" for QPSK modulation, uniform priors, and
Varg[S] = Es = 1. The optimal fixed points ate designated by o; suboptimal fixed points are designated by ®.

correspond to all fixed points of the SE recursion of IO-LAMA;
we use this function to study the algorithm’s optimality.

Figure 2 illustrates our optimality analysis for a large-MIMO
system with QPSK constellations. We show (7) depending on
the effective noise variance o2 and for different system ratios (3.
The regimes 8 < AB", 3 € (85", AZ™), and 8 > BB are
shown in Fig. 2(a), Fig. 2(b), and Fig. 2(c), respectively. The
special case for @ = 1 with Ny = 0 corresponds to the solid
blue line, along with the corresponding (unique) fixed point at
the origin. In the following three paragraphs, we discuss the
three operation regimes of I0-LAMA in detail.

(i) B < ﬂ(“;i": In this region, the SE recursion of IO-LAMA
always converges to the unique, optimal fixed point. For
B < B, the slope of (7) for all o2 is strictly-negative. Hence,
as (7) is always decreasing, there exists exactly one unique
fixed point of the SE recursion regardless of the noise variance
Ng. Thus, IO-LAMA converges to the optimal fixed point and
consequently, solves the (I0) problem.

We emphasize that we still obtain exactly one fixed point
even when /3 is equal to the MRT. Since § = 6(“51“, there exists
at least one o2 that satisfies ﬁ(“;i“d—t‘:f\IJ(UQ)’U,zaz = 1. By
definition of A%", (7) at o2 implies that o2 is a saddle-point,
s0 (7) has exactly one zero at o2, We observe that if o2 is
unique, then NF"(BEn) = NP (B%in). For all other 0% # o2,
the construction of o2 implies that A" 797 ¥(0?) < 1, so the
fixed point of (7) remains to be unique.

The green, dash-dotted and red, dotted line in
Fig. 2(a) shows (7) for = (%" with Ny=0 and
No = Npin(p5in) = Nmax(5Ein), respectively. In both cases,
we see that the SE recursion of I0-LAMA converges to the
unique fixed point.

(ii) 68“‘ < B < BE¥: In this region, the SE recursion of
10-LAMA converges to the unique, optimal fixed point if
Ny < NF(B) or Ny > NI (3).

The green, dash-dotted line, cyan, dashed line, and magenta,
dotted line in Fig. 2(b) shows (7) for 8* = (85" +55>)/2 with
No =0, Ng > NJ™(f*) and Ny < Ngn(3*), respectively.
We note that for the three cases, the fixed point is unique,
labeled in Fig. 2(b) by a circle. On the other hand, the
red, dotted line in Fig. 2(b) shows (7) with 8* under noise
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Ny € [Nfin(8*), NP2 (3*)]. In this case, however, we observe
that SE recursion of I0-LAMA converges to the rightmost
suboptimal fixed point labeled by the crossed circle ®. Hence,
TIO-LAMA does not, in general, solve the (IO) problem when
N (8) < No < Ny*(5).

(iii) B> BE™: In this region, the SE recursion of 10-
LAMA converges to the unique, optimal fixed point when
Ny > NP™(B). As 3 — 5%, the low noise Ny < NF"(3)
(or high SNR) region of optimality disappears because
N8 (8) = 0 as B — B5* from (5).

The green, dash-dotted line and red, dotted line in Fig. 2(c)
shows (7) for § = BB™ with Ny = 0 and 0 < Ny < N§™*(8),
respectively. We observe that the SE recursion of IO-LAMA
converges to the suboptimal fixed point when 3 = 533" even
with Ny = 0. On the other hand, the cyan, dashed line refers
to (7) for B = B5™ with No > NJ**(3). While the noiseless
case resulted the SE recursion of IO-LAMA to converge to
the suboptimal fixed point, we observe that for strong noise
(or equivalently low SNR), the SE recursion of IO-LAMA
actually recovers the IO solution. Therefore, when g > 83™,
IO-LAMA solves the (IO) problem when the noise is greater
than the maximum guaranteed noise NJ*(73).

As a final remark, we note that the ERT 5™ and MRT
B3™ in Table I do not depend on Varg[S]; the critical noise
levels NF®(3) and NF**{3), however, depend on Varg[S].

D. ERT, MRT, and Critical Noise Levels

The ERT, MRT, as well as NJ¥*(8) and NF™(8) for
common constellations are summarized in Table I. We assume
equally likely priors with the transmit signal normalized to
E, = Vars[S] = 1.* We note that the calculations of ERT
and MRT for the simplest case of BPSK constellations
involve computations of a logistic-normal integral for which
no closed-form expression is known [24]. Consequently, the
following results were obtained via numerical integration for
computing the MSE function ¥(0?). As noted in Table 1
for a QPSK system under complex-valued noise, the ERT is
ﬁ&%x = 2.0855, and the MRT is given as 53;'§K = 1.4752.

4The critical noise levels depend linearly on E,. Hence, we assume that
E,; = 1 without loss of generality.
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The MRTs for 16-QAM and 64-QAM indicate that small
system ratios J < 1 are required to always guarantee
that IO-LAMA solves the (IO) problem in the presence
of noise. For instance, we require 3 < [J‘g}f_"QAM =~ (0.8424,
ie. Mty < 0.8424Mpg, to ensure that IO-LAMA solves
the IO problem for 64-QAM in the large system limit.
As 8 — Bgoam = 1.1673, IO-LAMA is only optimal for
Ny > NJ™ (Bl ,,) ~ 5.868 - 107, From Table I, we see
that IO-LAMA is a suitable candidate algorithm for the
detection of higher-order QAM constellations in massive multi-
user MIMO systems as one typically assumes Mg > Mt [25].

1V. CONCLUSIONS

We have presented the I0-LAMA algorithm along with
the state-evolution recursion. Using these results, we have
established conditions on the MIMO system matrix, the noise
variance N, and the constellation set for which I0-LAMA
exactly solves the (10) problem. While the presented results
are exclusively for the large-system limit, our own simulations
indicate that IO-LAMA achieves near-optimal performance in
realistic, finite-dimensional systems; see [1] for more details.

APPENDIX A
PROOF OF LEMMA 2

Since the variance of § is finite, denote Varg[5] = oZ. By
[26, Prop. 5], we have the following upper bound:

(3

U(a?) < o o2 = ! o2

~ 02402 1+o02/o2 ~

Here, equality holds for all o2 if and only if S is complex

normal with variance Uf [26]. Note that if 0% = 0, then (8) is
achieved for any o2. If a2 > 0, then ¥(0?) < o2 by (8).

The first part follows directly from (8) as ¥(a?) is non-

negative. The second part requires one to realize that 0% = o0
also implies F(-,0%) = 3,0 apa = Es[S5], and hence,

lim ¥(0%) - B [|S - ES[S]F] = Varg[S].
T4—00
APPENDIX B
PROOF OF THEOREM 3

We assume the initialization in Algorithm 1. Since Ng = 0, if
LAMA perfectly recovers the original signal sy, then the fixed
point in (4) is unique at 6% = 0. This happens if the system
ratio is strictly less than the ERT S** because otherwise, i.e.,
B > %, there exists a non-unique fixed point to (4) for some
o2 > 0 by Definition 1.

APPENDIX C
PROOF OF LEMMA 4

We show that under a fixed constellation set O, S% < 553,
The proof is straightforward as,

- (a -1 . —1
s mn{(480) < (%)
(b 1 a
- (ﬂ%) = A&,

where (a) and (b) follow from the MRT and ERT definitions.

o2 zﬂg‘\x\{,(az)
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Abstract

In this note, I summarize Sections 5.1 and 5.2 of Arian Maleki’s PhD thesis.

1 Notation

We denote scalars by small letters e.g. a,b,c, ..., vectors by boldface small letters e.g. A, a,x,..., matrices
by boldface capital letter e.g. A, B, C,. .., (subsets of) natural numbers by capital letters e.g. N, M,.... We
denote i'th element of a vector a by a; and (4, 7)’th entry of a matrix A by A;;. We denote the i'th column
(or row) of A by A.; (or A;.). We use A, _; (or A—a,i to refer to the a’th row (or #’th column) without

the element A, ;. Also, AT denote the transpose of a matrix A.

2 Basis Pursuit Problem

Given measurements y of length n and matrix A of size n x N, we wish to corupute s which is the miniinizer
of Eq. 1. This is known as the basis pursuit problem. Here, || - ||1 is the {;-norm. A version of this problem
where we allow for errors in the measurements is called basis pursuit denoising problem (aka LASSO), shown
in Eq. 2. Here, {| - ||2 is the lg-norm.

BP: msin||s||1, s.t. y = As (1)
BPDN: min s/l + 3{ly — As| @

3 Posterior Distribution

Cousider the following posterior distributions in Eq. 3, where the prior distribution p(s;) is the Laplace
distribution and the likelihood p(y,|s, A,,.) is the Dirac distribution.

n

N
p(sly) o Hp(si) 11 p(vals, Aa,) (3)

7

N
= [[exp(=Blsi)) [ 6(sa = Au,:s) (4)
1=1

a=1

As B — oo, mass of this posterior distribution concentrates around the minimizer of BP. This implies that
given the marginals of this posterior distribution, solution of BP is immediate. A formal proof is not given
in [Malll]. We give an intuitive explanation in Fig. 3.
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Figure 1: Visualization of the posterior distribution in Eq. 3 for two variables s, and sy. Left figure
shows the negative-log of prior distribution which is 8{|s1| + |s2|) and the negative log-likelihood of a single
measurement corresponding to a Gaussian likelihood (black lines). Right figure shows the negative-log of the
posterior distribution. As # — oo, the posterior become more peaky around the sparse solution where s; is
zero. We can also see that the marginal of s; concentrates around 0, while that of s, concentrates around a
non-zero value. Figure from [See08].

4 Belief Propagation

Belief propagation can be used to compute the marginal distributions of a posterior distribution. We start
by defining a factor graph which captures the statistical dependencies between the variables, and then do
message passing. In this section, we will briefly describe belief propagation for the basis pursuit problem;
interested reader should see [Bis06] for a general case. First consider the posterior distribution of Eq. 3
with the prior distribution p(s;) and likelihood p(y.|s, A,.). We define a bipartite factor graph where
81,82,...,8N are variables and y1,ya, . .., yn are factors. We draw an edge between a variable and a factor
if the corresponding measurement depends on the variable (in the BP problem, it will be a dense graph but
if A was sparse then non-zero entries will correspond to an edge). Define, N{a) to be the neighborhood of
a’th factor i.e. the set of variables that are connected to factor a and define N(a)\: to be the set without the
variable ;. The messages, defined below, are passed from variables to factors and then factors to variables.

mz—m(‘sz = H mb—n(sz (5)
beN(z)\a
maﬂ-(si)=/ Pals) [ myoals;)ds—s (6)
-t JEN(a)\i

Intuitively, the message from a variable i to a factor a contains multiplication of prior belief p(s;) with all
the messages received except the message that was sent by factor a. Similarly, the message from a factor
a to a variable i contains multiplication of the likelihood p(y,|s) with all the messages received except the
message that was sent by variable 7. The variables other than ¢ are then integrated out of the message. The
marginal of a variable is then given by wmultiplication of all the messages that arrive at that variable along
with the local belief as shown below.

p(51|y p(q H mb—)z 1 (7)

BEN(z)

We will now give a simple example to show that message passing results in the marginals at each node.
Consider two variables s1, 83 and s3 with two measurements ¥, and y, following a joint distribution which

47



WO 2019/196036 PCT/CN2018/082713

factorizes as shown below.

p(ym Yb, 31: 52, 33) = p(yalslr 52)p(ya|52) 53)p(31)p(82)p(83) (8)

The statistical dependencies between variable and measurements can be expressed using the following factor
graph: 81 — yq — 82 — y» — $3. Here, y, depends on s1, s2 and y, depends on s, s3. Using Eq. 5 and 6, we
can write down the messages explicitly as shown below.

Messages from factors to variables: Messages from variables to factors:
M (51) = / P(¥alst, s2)masa(sa)dse  (9) mia(s1) = pls1) (13)
s2 Masa(82) = P(s2)mp52(s2) (14)
Ma—a(82) = / 2(Yal31, 82)M15a{51)ds1 (10) mab(82) = p(s2)Mam2(s2 (15)
o m3-sb(s3) = p(s3) (16)

M2 (S2) =/ p(ypls2, s3)masp(ss)dss  (11)

53

mp—3(sa) =/ 2{ysls2, s3)massn(s2)dsa (12)

S2

Now, we establish that this message passing will result in the marginal of s1, s2 and s3. The marginal of
51 is simplified below in Eq. 22.

p(s1Ya; ¥5) < P(51, Ya, Ys) (a7

//P(31;32>53 Ya, Yb)ds3dsy (18)

- /52 ./53 (Y, Yol 51, 52, 53)p(51, 82, 83)dssdsz (19)
- / 2 / Pl s2p(ala, so)plonpo2)plss)dsads: (20)
o) [ [ plues, ot s)ptea oo dssdss o)
= p(en) | el s2)p(s2) | pnlss, ss)plos)dssdes )

We see that after the following 4 message passes 3 — b,b — 2,2 — a,a — 1, we get the marginal of s;.

Ma—1(81)
my_s2(52)

p(81|Yas Yb) O<;0(81)_/ P(ya|51752)17(52)/ p(ypls2,83) plss) dszdsz (23)

59 s3 e

m3—+h(53)
'In2—:z(<‘52)
Similarly, marginal of s2 can be written as follows,

p(32|ymyb)0(p(52)/ p(ya|sl,52)p(81)d51/ P(Yb|52, 53)p(s3)dssds2 (24)

51 53
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and after the following 4 message passes 3 — b,b — 2,1 — a,a — 2, we get the marginal of s,.

"na-—)l(sl) 111,1,_,2(52)
p(slyar v6)  pls2) / plyalss, s2) p(s1) dsy / p(slszr s5) plss) dss (25)
Js1 \/-’) 83 \VE’)
mi1-a(s1 ma_ (53

5 Approximate Message Passing

Our goal is to compute the marginal distribution of the following posterior distribution,

pi(sly) o [ exp(—Blsil) [ [ 6(va = Aays) (26)

i=1 a=1

We define a factor graph with {s;}, as variables and {y,}7—; as factors. From the posterior distribution,
it is easy to see that every y, depends on all s;’s. Therefore, in the factor graph each y, is connected to
all the s;’s, i.e. the factor graph is a fully connected bipartite graph where each factor is connected to all
variables. Using the belief propagation algorithm, we can compute marginal distributions of all variables s;.
A dircct application of Eq. 5 and 6, however, is not possible because of the following reasons:

1. The marginal distributions p(s;|y) are not Gaussians since the likelihood p(y|s) is not conjugate to
the prior distribution p(s). Similarly, messages are also non-Gaussian and it is not clear how to
parameterize them.

2. Number of messages that need to be propagated every iteration is in O(nNN) since every variable sends
n messages to every factor (and vice-versa).

Problem (1) can be solved by approximating the messages by Gaussians using Lemma 5.1, 5.2 and 5.3.
Problem (2) can be solved by using Lemma 5.4, which makes more approximations on messages to make
them independent of the sink of the messages. We will now describe these lemmas briefly. We will leave
the exact description of “approximations” in these lemimas and focus on intuitive explanations; please see
[Mall1] for a detailed description.

For problem (1), it turns out that if the third moment of a message is bounded then a Gaussian ap-
proximation is a reasonable one. This is shown in next two lemmas. The following lemma assumes that if
messages from variables to factor have their third moment bounded, then messages from factor to variables
can be approximated by Gaussians. This lemma can be proved by using Eq. 6 and applying the Berry-Eseen
central limit theorem.

Lemma 5.1. Let us denote the mean and variance of the messages m;—a(8;) by Xjo and Tjo/B and assume
that their third moment is bounded, then messages mq_;(si) are “close” to the Gaussian distribution given
in Bq. 27, defined through the mean parameter My; and variance parameter Vo, given in Eq. 28 and 29.

Mai Va'zi
Ma—yi ~ N (A—ai, ﬁTﬁl) (27)
A{ai = Ya — Aa,—iX—i,a (28)
Vii = Aq_idiag(T_;0)AL _, (29)

The following lemma shows that if messages from factors to variables are Gaussians, then message from
variables to factors will follow a simple distribution. This lemma can be proved by a dircct application of 5.
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Algorithm 1 Message passing algorithm for the basis-pursuit problem
Require: Measurements y and matrix A
Ensure: Marginals of the distribution Eq. 3
Xai < 0,Ve,sand v =1
repeat
fora=1,2,...,ndo
fori=1,2,...,N do
Mai — Ya — Aa,—iX—-i,a
v $ 07 (AT M)
end for
end for
fora=1,2,...,ndo
fori=1,2,...,N do
Xia ¢ 1 (AZM.M_Q,Z-, )
end for
end for
until convergence

Lemma 5.2. Assuming that each mgy_;(s;) follows the Gaussian distribution defined in Fq. 27, the messages
mia(s;) follow a distribution given in Eq. 30 which is defined through a distribution defined in Eq. 31.

Mia(Si) & pp (SiIAza,iM—a,i’ Vai) (30)
pa(sli ) o exp [l = (s = | (31)

A simple algorithm is to represent these messages by only first two moments. We can start the distribution
from variables to factor m;_,, to a standard Gaussian, i.e. X;, =0 and T}, = 1, then iterate as follows:

M(Li &~ Yo — Aa,—iX—i,a (32)
Vi  Aq _;diag(T_; o)AT _, 33
3 1 a,
X,o +— Mean {pﬁ (SilAZa’iM—a,i;X/ai)] (34)
T., + Variance |pg [ 5| AT, ;M _o;, Vi 35
B a,i ,

This algorithm can be simplified further by assuming that V,; is equal to a constant v for all a,i, then
replacing Ar‘fa,iM_a,i by AF‘CZMz in Eq. 35 and then approximating Eq. 33 by a sample average.

Mai ~ Ya — Aa,—'i.X—-'i,a (36>

U % iv:Varia.nce [p,s (5i|AfiM:,i,v)} (37)
i=1

Xia < Mean [pﬁ (.9¢|ATM-M_,1@, v)] (38)

Next lemma shows that in the limit as 8 — oo, computation of mean and variance can be done by a
simple soft-thresholding function.

Lemma 5.3. For bounded i and o2,

i 2] 2 ,

Jim Mean [ps(slp, %)) = nlp,0?) (39)
lim Variance [ps(s|p, 02)] = on (4, %) (40)
B
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Algorithm 2 Approximate message passing algorithm for the basis-pursuit problem
Require: Mcasurements y and matrix A
Ensure: Marginals of the distribution Eq. 3
x4+ 0meQandv=1
repeat
xuld —x
vl oy
t— ATm
x 7t +x,v)
v ¥ {0 (t+x,9))
m ¢+ y — Ax+ fm.x (n/ (t + x°!4, p°4))
until convergence

where n(u, v) is the soft-threshold function where takes a value u —v if u > v or p+v if p < —v and zero
elsewhere, 7' (i1, v) 1s the derivative of (i, v).

Using this, we get the following message passing algorithm shown in Algorithm 1. Although this algorithm
is simple, we still have too many messages. Each of these steps require matrix multiplication which needs to
be done for all variables and factors. The following lemma shows that given a certain asymptotic behavior,
a message can be approximated by another message that is independent of the sink, i.e. independent of
the variable/factor that the message is sent to. This lemma can be derived by simply substituting the
assumptions of Eq. 41 and 42 in the message passing iterations of Algorithm 1, and then simplifying hy
removing the term which are O(1/N).

Lemma 5.4. Denote the messages at k’th iteration with a subscript (k). Let us assume that the messages
at k’th iteration follow the following asymptotic behavior:

X8 = ® 1 6x® 1+ o) (41)
MP =m® + M + O(1/N) (42)
with 5Xi(:), 6Méf) = O(1/N), then variable :cgk) and m{® satisfy the following,
2 =y (AZm* D 4o o * D) 4oy (1) (43)
1
mgk) =Yg — Aa,;x(k) + gmgk_l) <r1' (ATm(k_l) —l—x(k"l), v(k_1>>> +on(1) (44)
(k—1)
o® =Y - <77' (ATm(k—l) +X(Ic)’,u(k—1))> (45)

where oy (1) terms vanish as N,n — oo.

Using this lemma, we can simplify Algorithm 1 to obtain Algorithm 2.
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Abstract—In this paper, we consider the use of deep neu-
ral networks in the context of Multiple-Input-Multiple-Output
(MIMO) detection. We give a brief introduction to deep learning
and propose a modern neural network architecture suitable for
this detection task. First, we consider the case in which the MIMO
channel is constant, and we learn a detector for a specific system.
Next, we consider the harder case in which the parameters are
known yet changing and a single detector must be learned for all
multiple varying channels. We demonstrate the performance of
our deep MIMO detector using numerical simulations in compari-
son to competing methods including approximate message passing
and semidefinite relaxation. The results show that deep networks
can achieve state of the art accuracy with significantly lower
complexity while providing robustness against ill conditioned
channels and mis-specified noise variance.

Keywords—MIMO Detection, Deep Learning, Neural Networks.

I. INTRODUCTION

Multiple input multiple output (MIMO) systems arise in
most modern communication channels. The dimensions can
account for time and frequency resources, multiple users, mul-
tiple antennas and other resources. These promise substantial
performance gains, but present a challenging detection problem
in terms of computational complexity. In recent years, the
world is witnessing a revolution in deep machine learning.
In many fields of engineering, e.g., computer vision, it was
shown that computers can be fed with sample pairs of inputs
and desired outputs, and “learn” the functions which relates
them. These rules can then be used to classify (detect) the
unknown outputs of future inputs. The goal of this paper is to
apply deep machine learning in the classical MIMO detection
problem and understand its advantages and disadvantages.

A. Background on MIMO detection

The binary MIMO detection setting is a classical problem
in simple hypothesis testing [1]. The maximum likelihood
(ML) detector is the optimal detector in the sense of minimum
joint probability of error for detecting all the symbols simulta-
neously. It can be implemented via efficient search algorithms,
e.g., the sphere decoder [2]. The difficulty is that its worst case
computational complexity is impractical for many applications.
Consequently, several modified search algorithms have been
purposed, offering improved complexity performance [3][4].
There has been much interest in implementing suboptimal
detection algorithms. The most common suboptimal detectors
are the linear receivers, i.e., the matched filter (MF), the decor-
relator or zero forcing (ZF) detector and the minimum mean
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squared error (MMSE) detector. More advanced detectors are
based on decision feedback equalization (DFE), approximate
message passing (AMP) [5] and semidefinite relaxation (SDR)
[6], [7]. Currently, both AMP and SDR provide near optimal
accuracy under many practical scenarios. AMP is simple and
cheap to implement in practice, but is an iterative method that
may diverge in problematic settings. SDR is more robust and
has polynomial complexity, but is much slower in practice.

B. Background on Machine Learning

In the last decade, there is an explosion of machine learning
success stories in all fields of engineering. Supervised classifi-
cation is similar to statistical detection theory. Both observe
noisy data and output a decision on the discrete unknown
it originated from. Typically, the two fields differ in that
detection theory is based on a prior probabilistic model of the
environment, whereas learning is data driven and is based on
examples. In the context of MIMO detection, a mode] is known
and allows us to generate as many synthetic examples as
needed. Therefore we adapt an alternative notion. We interpret
“learning” as the idea of choosing a best decoder from a
prescribed class of algorithms. Classical detection theory tries
to choose the best estimate of the unknowns, whereas machine
learning tries to choose the best algorithm to be applied.
Indeed, the hypotheses in detection are the unknown symbols,
whereas the hypotheses in learning are the detection rules [8].
Practically, this means that the computationally involved part
of detection is applied every time we get a new observation. In
learning, the expensive stage is learning the algorithm which is
typically performed off line. Once the optimal rule algorithm
is found, we can cheaply implement it in real time.

Machine learning has a long history but was previously
limited to simple and small problems. Fast forwarding to
the last years, the field witnessed the deep revolution. The
“deep” adjective is associated with the use of complicated and
expressive classes of algorithms, also known as architectures.
These are typically neural networks with many non-linear oper-
ations and layers. Deep architectures are more expressive than
shallow ones [9], but were previously considered impossible
to optimize. With the advances in big data, optimization algo-
rithms and stronger computing resources, such networks are
currently state of the art in different problems including speech
processing and computer vision. In particular, one promising
approach to designing deep architectures is by unfolding an
existing iterative algorithm [10]. Each iteration is considered a
layer and the algorithm is called a network. The learning begins
with the existing algorithm as an initial starting point and uses
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optimization methods to improve the algorithm. For example,
this strategy has been shown successful in the context of sparse
reconstruction. Leading algorithms as Iterative Shrinkage and
Thresholding and a sparse version of AMP have both been
improved by unfolding their iterations into a network and
learning their optimal parameters [11], [12].

In recent years, deep learning methods have been purposed
for improving the performance of a decoder for linear codes
in fixed channels[13]. And in [14] several applications of deep
learning for communication applications have been considered,
including decoding signals over fading channels, but the archi-
tecture purposed there does not seem to be scalable for higher
dimension signals.

C. Main contributions

The main contribution of this paper is the introduction
of DetNET, a deep learning network for MIMO detection.
DetNet is derived by unfolding a projected gradient descent
method. Simulations show that it achieves near optimal de-
tection performance while being a fast algorithm that can be
implemented in real-time. Its accuracy is similar to SDR with
running time that is more than 30 times faster. Compared to
AMP, another detector with optimality guarantees, DetNet is
more robust. It shows promising performance in handling ill
conditioned channels, and does not require knowledge of the
noise variance.

Another important contribution, in the general context of
deep learning, is DetNet’s ability to perform on multiple
models with a single training. Recently, there were many works
on learning to invert linear channels and reconstruct signals
[11], [12], [15]. To the best of our knowledge, all of these
were developed and trained to address a single fixed channel.
In contrast, DetNet is designed for handling multiple channels
simultaneously with a single training phase.

D. Notation

In this paper, we shall define the normal distribution where
4 is the mean and o2 is the variance as AV (,u, 02). The uniform
distribution with the minimum value a and the maximum value
b will be I/ (0, b) . Boldface uppercase letters denote matrices,
Boldface lowercase letters denote vectors, the superscript ()T
denotes the transpose. The i’th element of the vector x will be
denoted as x;. Unless stated otherwise, the term independent
and identically distributed (i.i.d.) Gaussian matrix, will refer to
a matrix where each of its elements is i.i.d. sampled from the
normal distribution A (0, 1). The rectified linear unit defined
as p(z) = max{0,z} will be denoted as p.

II.

In this section, we formulate the MIMO detection problem
in a machine learning framework. We consider the standard
linear MIMO model:

LEARNING TO DETECT

(6]

where y € RY is the received vector, H € RN*¥ jg
the channel matrix, x € {4+1}* is an unknown vector of
independent and equal probability binary symbols, w € RY is
a noise vector with independent, zero mean Gaussian variables

y =Hx+w,
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of variance 0. We do not assume knowledge of the variance
as hypothesis testing theory guarantees that this is unnecessary
for optimal detection. Indeed, the optimal ML rule does not
require knowledge of ¢2. This is contrast to the MMSE and
AMP decoders that exploit this parameter and are therefore
less robust.

We assume perfect channel state information (CSI) and that
the channel H is exactly known. However, we differentiate
between two possible cases:

e Fixed Channel (FC): In the FC scenario, H is deter-
ministic and constant (or a realization of a degenerate
distribution which only takes a single value).

e Varying Channel (VC): In the VC scenario, we assume
H random with a known distribution.

Qur goal is to detect x, using an algorithm that receives y
and H as inputs and estimates X.

The first step is choosing and fixing a detection archi-
tecture. An architecture is a function Xo(H,y) that detects
the unknown symbols given y and H. The architecture is
parametrized by 0. Learning is the problem of finding the
0 within the feasible set that will lead to strong detectors
%¢(H,y). By choosing different functions and parameter sets,
we characterize competing types of detectors which tradeoff
accuracy with complexity.

To find the best detector, we fix a loss function
l(x;%q (H,y)) that measures the distance between the true
symbols and their estimates. Then, we find & by minimizing
the loss function we chose over the MIMO model distribution:

IrbinE {l(x;%e(H,¥y))}, 2)

where the expectation is with respect to all the random
variables in (1), i.e., x, w, and H. Learning to detect is defined
as finding the best set of parameters @ of the architecture
%g (y,H) that minimize the expected loss I (-;-) over the
distribution in (1).

The next examples illustrate how the choice of architecture
%X¢ (v, H) leads to different detectors that tradeoff accuracy for
complexity.

Example 1: The goal in detection is to decrease the
probability of error. Therefore, the best loss function in this
problem

1 o(HL,y) =

By choosing an unrealistically flexible architecture with un-
bounded parameterization and no restrictions such that
all the functious

{Xe (y,H) : 8} = { RY x RVN*E s [+1}K } )

Then, the solution to (2) is the ML decoder:
)]

1 x 7é 5\(9 (y’ H)
0 else.

3

x¢ (y,H) =arg 1min — Hx|>.

o(y.H) =arg_min |y - Hix|
This rule is optimal in terms of accuracy but requires a
computationally intensive search of O (2K ) Obviously, this
example is theoretical since the architecture of all possible
functions cannot be parametrized and (2) cannot be optimized.
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Example 2: On the other extreme, consider the architecture
of fixed linear detectors:

&9 (Y7 H) = Ay’ (6)

where the parameter @ is a single fixed matrix to be optimized
within R¥ XY In the FC model, choosing {jx — %(y, H)||? as
the loss function and assuming o? — 0, the optimal decoder
is the well known decorrelator:

%o (v, H) = (H"H) ' HTy. 7

The resulting detector involves a simple matrix multiplication
that requires O(NK) operations, but is not very accurate.
On the other hand, if we consider the more challenging VC
model, then the optimal linear transformation is simply H = 0.
A single linear decoder cannot decode arbitrary channels
simultaneously, and the decoder is completely useless.

These two examples emphasize how fixing an architecture
and a loss function determines what will be the optimal de-
tector for the MIMO detection problem. The more expressive
we choose X to be, the more accurate the final detector can
be, on the expense of the computational complexity.

We close this section with a technical note on the numerical
implementation of the optimization in (2). In practice, it is
intractable to optimize over an abstract class of functions as
in (4). Numerical minimization is typically performed with
respect to a finite parameter set as in (6). Thus, our deep
architectures are based on multiple layers with multivariate
linear operations and element-wise non-linear operators. These
allow rich decoding functions while resorting to a finite and
tractable parameterization. In addition, analytic computation of
the expectation in the objective is usually impossible. Instead,
we approximate it using an empirical mean of samples drawn
from a data set of examples (thus the ’learning’ notion). In our
case, the data set is composed of synthetically generated sam-
ples satisfying (1). Both these technicalities, were considered
unthinkable just a decade ago, but are now standard procedures
in the deep learning community. Easy to use, open source tools,
make it possible to create deep architectures and optimize them
in a straight forward manner. Specifically, in this work, all the
experiments were implemented on the TensorFlow framework

[16].

III. DEEP MIMO DETECTOR

In this section, we propose a deep detector with an architec-
ture which is specifically designed for MIMO detection that
will be named from now on 'DetNet’ (Detection Network).
First, we note that an efficient detector should not work with
y directly, but use the compressed sufficient statistic:

H”y = HTHx + H w. (®)

This hints that two main ingredients in the architecture should
be H'y and HTHx. Second, our construction is based on
mimicking a projected gradient descent like solution for the
ML optimization in (5). Such an algorithm would lead to
iterations of the form

) . dlly — Hx||?
Repr = II|Rg— 0k % ]
X=X
= 1II [}Ek - 51\~,HTy + 5A-HTka] ) &)
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Fig. 1. A graph illustrating the linear soft sign function 4 (x) for different
values of the parameter ¢.

HTH

Fig. 2. A flowchart representing a single layer of DetNet.

where X is the estimate in the k’th iteration, II[] is a
nonlinear projection operator, and d, is a step size. Intuitively,
each iteration is a linear combination of the the x;, HTy,
and H*Hx;, followed by a non-linear projection. We enrich
these iterations by lifting the input to a higher dimension and
applying standard non-linearities which are common in deep
neural networks, This yields the following architecture:

HTy
_ Xk
zp = p| Wy HTH%, + bz
Vi
Xp+1 Vi, (Wakze + bak)
Vit1 = Warzg + bag
x1 = 0, (10)
where k = 1,---, L and v4(-) is a piecewise linear soft sign
operator defined as:
z4t Tz —1
() = —1 + A 3 ) ol - ) (an

The operator is plotted in Fig. 1, and the structure of each
DetNet layer is illustrated in Fig. 2. The final estimate is
defined as %g (y, H) = sign(Xr).

The parameters of DetNet that are optimized during the
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learning phase are:

6 = (Wi, bix, Wak, bar, War, bie, ti} iy - (12)

Training deep networks is a difficult task due to vanishing
gradients, saturation of the activation functions, sensitivity to
initializations and more [17]. To address these challenges, we
adopted a loss function that takes into account the outputs of
all of the layers. Moreover, since the errors depend on the
channel’s realization, we decided to normalize the errors with
those of the decorrelator. Together, this led to the following
loss function:

||x %2

e (13)

Z log(k

! (X; Xe (Ha y

where:
% = (HTH) ' HTy.

is the standard decorrelator decoder.

(14)

In our final implementation, in order to further enhance
the performance of DetNet, we added a residual feature from
ResNet [18] where the output of each layer is a weighted
average with the output of the previous layer. Note also that our
loss function is motivated by the auxiliary classifiers feature
in GoogLeNet [19].

We train the network using a variant of the stochastic gra-
dient descent method [20],[21] for optimizing deep networks,
named Adam Optimizer [22]. We used batch training with
5000 random data samples at each iteration, and trained the
network for 50000 iterations. To give a rough idea of the
complexity, learning the detectors in our numerical results took
2 days on a standard Intel i7-6700 processor. Each sample was
independently generated from (1) according to the statistics of
x, H (either in the FC or VC model) and w. With respect
to the noise, its variance is unknown and therefore this too
was randomly generated so that the SNR will be uniformly
distributed on 24 (SNRyin, SNRyyax)- This approach allows us
to train the network to detect over a wide range of SNR values.

IV. NUMERICAL RESULTS

In this section, we demonstrate the advantages of our
proposed detector using computer simulations.

All the experiments address a MIMO channel with an input
of size K = 30 and output of size N = 60. It is well known
that performance is highly dependent on the type of MIMO
channel. Therefore, we tried two scenarios:

FC: In this model, we chose to test the algorithms on a
deterministic and constant ill-conditioned matrix which
is known to be challenging for detection [23]. The matrix
was generated such that HTH would have a Toeplitz
structure with [HTHL = 0.55/771. We shall denote
this matrix as the O.SS—Llloephtz matrix. This defines the
singular values and right singular vectors of H. Its left
singular vectors were randomly generated uniformly in
the space of orthogonal matrices, and then fixed through-
out the simulations.

VC: In this model, the matrices H were randomly generated
with i.i.d. A7(0,1) elements. Each example was indepen-
dently generated within the same experiment.
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Fig. 3. Comparison of BER performance in the fixed channel case between
the detection algorithms. all algorithms were tested on the 0.55-Toeplitz
channel.

We have tested the performance of the following detection
algorithms:

FCDN: DetNet algorithm described in (10) with 3K layers,
zy, of size 8K, and vy of size 2K. FCDN was trained
using the FC model described above, and is specifically
designed to handle a specific ill conditioned channel
matrix.

VCDN: Same architecture as the FCDN but the training is
on the VC model and is supposed to cope with arbitrary
channel matrices.

ShVCDN : Same as the VCDN algorithm, but with a shallow
network architecture using only K layers.

ZF: This is the classical decorrelator, also known as least
squares or zero forcing (ZF) detector [1].

AMP: Approximate message passing algorithm from [5]. The
algorithm was adjusted to the real-valued case and was
implemented with 34 iterations.

AMP2: Same as the AMP algorithm but with a mis-specified
SNR. The SNR in dB has an additional A/(0, 2) bias.

SDR: A decoder based on semidefinite relaxation imple-
mented using a specifically tailored and efficient interior
point solver [6], [7].

In our first experiment, we focused on the FC model in
which the channel is known and fixed, yet challenging due to
its condition number. Figure 3 shows the results of all the al-
gorithms in this setting. FCDN manages to reach the accuracy
rates of the computationally expensive SDR algorithm which in
our simulations took 30 times longer to detect. AMP does not
manage to detect with reasonable accuracy in this challenging
channel. It is interesting to notice that VCDN, which was not
designed for this challenging channel, also manages to achieve
good accuracy. This result indicates that VCDN generalizes
itself during the training phase to detect over arbitrary random
channels.

In our second experiment which results are presented in
figure 4, we examine the performance in the VC model. SDR
and AMP are theoretically known to be optimal in this setting,
and VCDN manages to provide similar accuracy. Compared
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Fig. 4. Comparison of the detection algorithms BER performance in the

varying channel case . All algorithms were tested on random i.i.d. Gaussian
channels.

to SDR, VCDN runs 30 times faster. Compared to AMP in a
scenario where the SNR values are not given accurately, we can
notice a negative effect on the accuracy of the AMP, compared
to VCDN that does not require any knowledge regarding the
SNR.

Another important feature of DetNet is the ability to trade-
off complexity and accuracy by adding or removing additional
layers. In figure 4 we test the ShVCDN algorithm that is a
shallow version on VCDN with only K layers , which is much
faster, but less accurate. Since every layer in DetNet outputs a
predicted signal %;, we can decide in real-time what layer will
be the final output layer, and trade-off complexity for accuracy
in real-time, without any further training.

V. CONCLUSION

In this paper we have presented deep neural networks as
a general framework for MIMO detection. We have tested the
performance in the fixed channel scenario over challenging
channels, and in the more complicated VC scenario. The
DetNet architecture we have suggested has proven to be
computationally inexpensive and has near-optimal accuracy

without any knowledge regarding the SNR level. The ability

of DetNet to optimize over an entire distribution of channels,
rather than a single or even a large-finite set of channels, makes
it robust and enables implementation in systems where the
channel is not fixed. Simulations show that DetNet succeeds
to generalize and detect accurately over channels with different
characteristics than those of the channels used in the training
phase of DetNet. For more details, see [24], where further
information is presented.
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WHAT IS CLAIMED IS:
1. A method for staged signal detection, comprising:
obtaining a set of received signals;
determining a channel matrix via which the set of received signals have been
transported; and
detecting the set of received signals in a staged manner,
wherein in a stage, the method comprises:
detecting the set of received signals, based on the channel matrix and a
detection algorithm for the stage;
fixing one or more of detected symbols output from the detecting
algorithm for the stage; and
updating the channel matrix and the set of received signals for usage by
a next stage, based on the one or more of the detected symbols that are fixed in

the stage.

2. The method of Claim 1, wherein the one or more of the detected symbols are

determined based on a number that is configurable.

3. The method of Claim 2, further comprising:
determining a ratio of symbols to be fixed in a stage; and
determining the total number of stages for detecting and the number of symbols

to be fixed in the stage, based on the determined ratio of symbols to be fixed.

4. The method of Claim 3, wherein determining the ratio of symbols to be fixed
in a stage comprises:
determining the ratio of symbols to be fixed in the stage based on a receiving

signal to noise ratio, SNR.

5. The method of Claim 3, wherein the total number of stages is determined by:

Ntor = [_log(l—fRatio) Ne| +1
where N;,. denotes the total number of stages, fRatio denotes the ratio of symbols

to be fixed in a stage, and N denotes the number of transmitting antennas.
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6. The method of Claim 3, wherein the number of symbols to be fixed in a stage
is determined by:
fNum= [len(ds)*fRatio], or
fNum=max(1, [len(ds)*fRatio]);
where fNum denotes the number of symbols to be fixed in the stage, len(ds)
denotes the total number of input symbols for the stage, fRatio denotes the ratio of
symbols to be fixed in the stage, and [.] denotes an operation of getting an integer part

of a real number.

7. The method of Claim 1, wherein fixing one or more of the detected symbols

comprises:
selecting, for each detected symbol output from the detection algorithm, a

candidate symbol from a set of modulation constellation symbols determined by a
modulation scheme for the set of received signals, based on a maximum likelihood
criterion,

determining a distance between each detected symbol and a corresponding
candidate symbol; and

fixing the one or more of the detected symbols associated with the minimum

distance to a corresponding candidate symbol respectively.

8. The method of Claim 1, wherein the detection algorithm for a stage includes
one of:

a Zero forcing, ZF, based algorithm,

a Minimum Mean Square Error, MMSE based algorithm, and

a gradient descent, GD, based algorithm.

9. The method of Claim 1, wherein the detection algorithm is selected for each
stage independently.

10. The method of Claim 1, wherein updating the channel matrix and the set of
received signals comprises:
removing, from the channel matrix, one or more columns corresponding to
the one or more of the detected symbols that are fixed in a current stage; and

subtracting, from the set of received signals, a value contributed by the one
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or more of the detected symbols that are fixed in the current stage.

11. The method of Claim 1, further comprises:

outputting a detection result upon completion of the staged signal detection.

12. The method of Claim 1, further comprises:

outputting the one or more of the detected symbols that are fixed in each stage,
and

if there is a remaining symbol unfixed after completion of the staged signal

detection, outputting the remaining symbol.

13. The method of Claim 1, wherein the detected symbols output from the
detecting algorithm are soft estimated symbols.

14. A receiver device, comprising:
at least one processor; and
at least one memory including computer program code;
the at least one memory and the computer program code are configured to, with
the at least one processor, cause the receiver device at least to:
obtain a set of received signals;
determine a channel matrix via which the set of received signals are
transported;
detect the set of received signals in a staged manner, and
in a stage, perform:
detecting the set of received signals, based on the channel matrix and a
detection algorithm for the stage;
fixing one or more of detected symbols output from the detecting
algorithm for the stage; and
updating the channel matrix and the set of received signals for usage by
a next stage, based on the one or more of the detected symbols that are fixed in

the stage.

15. The receiver device of Claim 14, wherein the one or more of the detected

symbols are determined based on a number that is configurable.
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16. The receiver device of Claim 15, wherein the at least one memory and the
computer program code are configured to, with the at least one processor, further
cause said receiver device to:

determine a ratio of symbols to be fixed in a stage; and

determine the total number of stages and the number of symbols to be fixed in a

stage based on the determined ratio of symbols to be fixed.

17 The receiver device of Claim 16, wherein said receiver device is further
caused to determine the ratio of symbols to be fixed in a stage based on a receiving

signal to noise ratio, SNR.

18. The receiver device of Claim 16, wherein the total number of stages for
detecting is determined by:
Nior = [_IOg(l—fRatio) Nt] +1
where N,,; denotes the total number of stages, fRatio denotes the ratio of symbols

to be fixed in a stage, and N; denotes the number of transmitting antennas.

19. The receiver device of Claim 16, wherein the number of symbols to be fixed
in a stage is determined by:
fNum= [len(ds)*fRatio], or
fNum=max(1, [len(ds)*fRatio]);
where fNum denotes the number of symbols to be fixed in the stage, len(ds)
denotes the total number of input symbols for the stage, fRatio denotes the ratio of
symbols to be fixed in the stage, and [.] denotes an operation of getting an interger

part of a real number.

20. The receiver device of Claim 14, wherein the receiver device is further
caused to fix one or more of the detected symbols by:
selecting, for each detected symbol output from the detection algorithm, a
candidate symbol from a set of modulation constellation symbols determined by a
modulation scheme for the set of received signals, based on a maximum likelihood

criterion,
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determining a distance between each detected symbol and a corresponding
candidate symbol; and
fixing the one or more of the detected symbols associated with the minimum

distance to a corresponding candidate symbol respectively.

21. The receiver device of Claim 14, wherein the detection algorithm for a stage
includes one of:

a Zero forcing, ZF, based algorithm,

a Minimum Mean Square Error, MMSE based algorithm, and

a gradient descent, GD, based algorithm.

22. The receiver device of Claim 14, wherein the detection algorithm is selected

for each stage independently.

23. The receiver device of Claim 14, wherein the at least one memory and the
computer program code are configured to, with the at least one processor, further
cause said receiver device to update the channel matrix and the set of received signals
by:

removing, from the channel matrix, one or more columns corresponding to
the one or more of the detected symbols that are fixed in a current stage; and
subtracting, from the set of received signals, a value contributed by the one

or more of the detected symbols that are fixed in the current stage.

24. The receiver device of Claim 14, wherein the at least one memory and the
computer program code are configured to, with the at least one processor, further
cause said receiver device to:

output a detection result upon completion of the staged signal detection.

25. The receiver device of Claim 14, wherein the at least one memory and the
computer program code are configured to, with the at least one processor, further
cause said receiver device to:

output the one or more of the detected symbols that are fixed in each stage, and

if there is a remaining symbol unfixed after completion of the staged signal

detection, output the remaining symbol.
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26. The receiver device of Claim 14, wherein the detected symbols output from

the detecting algorithm are soft estimated symbols.

27. A receiver device, comprising:
means for obtaining a set of received signals;
means for determining a channel matrix via which the set of received signals
have been transported; and
means for detecting the set of received signals in a staged manner,
wherein in a stage, the means for detecting performs:
detecting the set of received signals, based on the channel matrix and a
detection algorithm for the stage;
fixing one or more of detected symbols output from the detecting
algorithm for the stage; and
updating the channel matrix and the set of received signals for usage by
a next stage, based on the one or more of the detected symbols that are fixed in

the stage.
28. A computer readable medium having a computer program stored thereon

which, when executed by at least one processor of a device, causes the device to carry

out the method of any of claims 1-13.
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