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Abstract—In this paper, we investigate the model-driven deep
learning (DL) for MIMO detection. In particular, the MIMO
detector is specially designed by unfolding an iterative algorithm
and adding some trainable parameters. Since the number of
trainable parameters is much fewer than the data-driven DL
based signal detector, the model-driven DL based MIMO detector
can be rapidly trained with a much smaller data set. The
proposed MIMO detector can be extended to soft-input soft-
output detection easily. Furthermore, we investigate joint MIMO
channel estimation and signal detection (JCESD), where the
detector takes channel estimation error and channel statistics
into consideration while channel estimation is refined by detected
data and considers the detection error. Based on numerical
results, the model-driven DL based MIMO detector significantly
improves the performance of corresponding traditional iterative
detector, outperforms other DL-based MIMO detectors and
exhibits superior robustness to various mismatches.

Index Terms—Deep learning, Model-driven, MIMO detection,
Iterative detector, Neural network, JCESD

I. INTRODUCTION

Multiple-input multiple-output (MIMO) technology can dra-
matically improve the spectral efficiency and link reliability
and has been applied to many wireless communication sys-
tems. To obtain the benefits of MIMO [2], efficient channel
estimation and signal detection algorithms, which balance
performance and complexity, are essential in receiver design
and have arouse a series of research [3|-[7]. Among existing
detectors, maximum likelihood (ML) detection can achieve
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the optimal performance. However, its complexity increases
exponentially with the number of decision variables. Some
suboptimal linear detectors, such as zero-forcing (ZF) and
linear minimum mean-squared error (LMMSE) detectors, are
with reduced computational complexity, but have a huge
performance degradation compared with the ML detection.

With excellent performance and moderate complexity, iter-
ative detectors, based on approximate message passing (AMP)
[8]] and expectation propagation (EP) [9] algorithms, have been
proposed for MIMO detection [[6], [7]. The AMP-based de-
tector approximates the posterior probability on a dense factor
graph by using the central limit theorem and the Taylor ex-
pansion, which can achieve Bayes-optimal performance in the
large-scale systems when the elements of the channel matrix
are with independent and identically sub-Gaussian distribution.
The EP-based detector [7]], [9] is derived by approximating
the posterior distribution with factorized Gaussian distributions
and can achieve Bayes-optimal performance when the channel
matrix is unitarily-invariant E] and with a large scale. However,
for practical small-size (e.g., 4 x4 or 8 x8) MIMO systems, the
performance of these iterative detectors is still far from Bayes-
optimal solution and has serious deterioration with correlated
MIMO channels and imperfect channel state information (CSI)
[10].

Owing to strong learning ability from the data, deep
learning (DL) has been successfully introduced to computer
vision, automatic speech recognition, and natural language
processing. Recently, it has been applied in physical layer
communications [[11]-[13]], such as channel estimation [14]—
[16], CSI feedback [17], signal detection [18]—[26], channel
coding [27], [28]], and end-to-end transceiver design [29]], [30].
In particular, a five-layer fully connected deep neural network
(DNN) is embedded into an orthogonal frequency-division
multiplexing (OFDM) system for joint channel estimation and
signal detection (JCESD) by treating the receiver as a black
box and without exploiting domain knowledge [18]]. However,
training such a black-box-based network requires a lot of
training time in addition to a huge data set. On the other hand,
model-driven DL constructs the network topology based on
known domain knowledge and has been successfully applied
to image reconstruction [32]], sparse signal recovery [33[|-[36],
and wireless communications recently [1]], [[12]].

For MIMO detection, a specifically designed network,
named DetNet, has been proposed in [[19] by unfolding the

'A matrix A = UXV is unitarily-invariant if U, ¥ and V are mutually
independent, and U, V are Haar-distributed. The independent and identically
distributed (i.i.d.) Gaussian matrix is a typical unitarily-invariant matrix.



iteration of a projected gradient descent algorithm and adding
considerable trainable variables. DetNet has comparable per-
formance with the AMP-based detector and is more robust to
ill-conditioned channels [19]]. To further reduce the number of
learnable parameters and improve convergence, the approaches
in [20] and [21]] use DL techniques for the belief propaga-
tion and message passing detector, respectively. In [26], a
DL-based sphere decoding algorithm is proposed, where the
radius of the decoding hypersphere is learned by DNN. The
performance achieved by this algorithm is very close to the
optimal ML detection. However, most of the existing DL-
based detector assume accurate CSI at the receiver and ignore
the channel estimation error.

Motivated by existing works, we develop a model-driven
DL network, named OAMP-Net2, for MIMO detection in
this article, where the iterative detector is improved with a
few number of trainable variables to adapt to various channel
environments. The structure of the detector is obtained by
unfolding the OAMP detector, which is similar to our early
work in [1] and inspired by the TISTA network [34] but
adds more trainable parameters. Furthermore, an OAMP-
Net2-based JCESD architecture is proposed for imperfect
CSI and data-aided scheme is utilized to further improve
channel estimation. The trainable parameters are optimized
by DL technique to adapt to various channel environments
and take channel estimation error into consideration. The main
contributions of this paper are summarized as follows:

o Different from the existing DL-based MIMO detector
[[19]—[24]}, [26] with perfect CSI, we consider the MIMO
detection with estimated channel, which improves the
performance of MIMO receiver by considering the char-
acteristics of channel estimation error and channel statis-
tics and using the estimated payload data to refine the
channel estimation.

o Compared with the existing DL-based MIMO detector
[19]-[21]], [26], our proposed detector can provide soft-
output information for decoder and absorb the soft infor-
mation. In addition, only a few trainable parameters are
required to be learned, which can reduce the demand for
computing resources and training time significantly.

o Based on our numerical results, the OAMP-Net2 has
considerable performance gain compared with the OAMP
detector. Furthermore, OAMP-Net2 has strong robustness
to signal-to-noise (SNR), channel correlation, modulation
symbol and MIMO configuration mismatches.

Notations—For any matrix A, AT, A¥ and tr(A) denote
the transpose, conjugated transpose, and trace of A, respec-
tively. In addition, I is the identity matrix, O is the zero matrix.
A proper complex Gaussian with mean g and covariance €2
can be described by the probability density function,

I ew'eww

N(C<Z; M, 6) = det(w@)

The rest of this paper is organized as follows. After in-
troducing the JCESD architecture in Section we develop
channel estimator in Section and propose the model-
driven DL detector in Section Then, numerical results

are presented in Section |V} Finally, Section [VI| concludes the
paper.

II. JOINT CHANNEL ESTIMATION AND SIGNAL
DETECTION

In this section, we consider a MIMO system with N
transmit and N, receive antennas. After presenting the JCESD
archltectureﬂ we introduce the signal detection considering
channel estimation error and data-aided channel estimatiorf

We assume that channel matrix H € CN-*M does not
change in a time slot. In each time slot, N, pilot vectors
xp[n] € CNoX1 forn = 1,..., N,, are first transmitted, which
are followed Ny data vectors, x4[n] € CNe<1,

The received signal vectors are y,[n] € CMN>*1 for

n = . Np and yq4[n] € CN1 for n = 1,...,Ng
corresponding to the pilot and data vectors, respectively.
We can also express them into matrix forms as X, =
(xp[1], ..., xp[Np]) € ¥, Yy, = (yp[1],...,yp[Np]) €

CNeXNo X4 = (xq[1],...,%xq[Ng]) € CMexNa and Y4 =
(ya[l],...,ya[Na]) € CNr*Na,

A. JCESD Architecture

As in Fig. 1, we consider a turbo-like JCESD architecture
for MIMO systems in this paper, which shares the same spirit
as iterative decoding. In JCESD, channel estimator and signal
detector exchange information iteratively until convergence
[40]. In the first iteration, pilot-only based channel estimation
is performed. In the subsequent iterations, data-aided channel
estimation is employed with the help of the detected data.

The input of the JCESD architecture is the pilot signal
matrix, X,,, received signal matrix corresponding to the pilot
matrix, Y, corresponding to the data matrix, Y4 in each time
slot. In the I-th turbo iteration, H® is the est1mated channel
matrix, X () is the estimated data matrix, and VCSt and V((ile)t
are used to compute the covariance matrix for equivalent noise
in signal detector and channel estimator, respectively. The final
output of the signal detector is finally detected data matrix
XSL), where L is the total number of turbo iterations.

Compared with the conventional receiver design where the
channel estimator and signal detector are designed separately,
this architecture can improve the performance of the receiver
by considering the characteristics of channel estimation er-
ror in addition to channel statistics when performing signal
detection and using the estimated payload data for channel
estimation, as we will illustrate subsequently.

B. Signal Detection with Channel Estimation Error

In the MIMO system, the received data signal vector yq4[n]
corresponding to the n-th data vector can be expressed by

ya[n] = Hxa[n] + na[n], (1)

2One can introduce various JCESD architectures for MIMO systems, in-
cluding the schemes in [37]—[41]], we present a turbo-like JCESD architecture
similar to [40] in this paper.

3 Although we mainly investigate the model-driven-DL-based MIMO detec-
tor in this paper, we first introduce a JCESD architecture and then elaborate
the channel estimator and signal detector modules, respectively.
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Fig. 1. The diagram of the turbo-like JCESD architecture. The channel estimator and signal detector exchange information

iteratively until convergence.

where ng[n] ~ Ng(0,02%Iy,) is the additive white Gaussian
noise (AWGN) vector. Note that (I)) can also be expressed into
matrix from as

Y4 =HX4 + Ny, (2)

where Ny = (nq[1],...,nq[Ng]) € CN-*Na is the AWGN
matrix in the data transmission stage. Denote the estimated
channel H € CN:->*Ne a5

H=H+ AH, (3)

where AH is the channel estimation error. If the estimated
channel is used for signal detector, the signal detection prob-
lem can be formulated as

yva[n] = Hxq4[n] + nq[n]
= (H — AH)xq4[n] + ng[n]
= Hxq [n] + ng[n] — AHx4([n)
= Hxq[n] + fy[n], )

where n4[n] = ng[n] — AHxg[n| is the equivalent noise
in signal detector which includes the contribution of chan-
nel estimation error and original additive noise. fg[n] ~
Ne(0,Vg[n]) is assumed to be Gaussian distributiorél and
the covariance matrix V4 [n] can be obtained by considering
the statistical properties of the channel estimation error and
detailed calculated process is shown in Appendix A.

C. Data-Aided Channel Estimation

In this section, we introduce the data-aided channel esti-
mation approach. Conventional pilot-only based channel esti-
mation is performed and transmitted symbols are detected in
the first iteration. Then, the detected symbols are fed back to
the channel estimator as additional pilot symbols to refine the
channel estimation.

In the channel training stage, pilot matrix X, is transmitted,
similar to (I), the received signal matrix corresponding to the
pilot matrix Y, € C¥*"> can be expressed as

Y, = HX, + N, 5)

where N, = (n,[1],...,n,[Ny]) € CN*Ne is the AWGN
matrix and each column np[n] ~ Ng(0,0%Iy,) for n =

“The assumption that fig[n] is Gaussian distribution is reasonable as we
consider the LMMSE channel estimator in next section.

1,..., Np. The estimated data matrix X4 can be expressed
as R
Xa=Xq + Eq, (6)

where E4 is the signal detection error matrix. In data-aided
channel estimation stage, estimated Xd are fed back to channel
estimator as additional pilot. Then, the received signal matrix
Y4 corresponding to X4 can be expressed as

Y4 = HX4 + Ny
=H(Xq - Eq) + Ny
=HX, + (Ng — HE,)
=HX,4+ N, (7)

where Np = Ng — HE;, is the equivalent noise for additional
pilot part X 4. The statistical information of the n-th column of
Ny, 0,[n] ~ Ne(0,Vy[n]) for n = 1,..., Ny, where V,[n]
is calculated in Appendix A and will be utilized in data-aided
channel estimation stage. Then, we denote Y = (Y, Yq)
as received signal matrix corresponding to overall transmitted
signal matrix. Based on (3) and (7)), we have

Y = (Y, Ya)
= (HX, + N,,HX 4 + N,)
= H(Xp’Xd) + (vaNp)
=HX + N, (8)

where X = (X,,X4), N = (N,,N,) can be interpreted
as the equivalent pilot signal and noise in data-aided channel
estimation stage, respectively.

D. Model-Driven DL for JCESD

In Section |II-A]l we have introduced the principle of the
JCESD architecture. Compared with other DL-based JCESD
architecture [16], [[18]], which uses a large number of data
to train the black-box-based network, we construct the net-
work architecture by employing model-driven DL and domain
knowledge. In particular, we employ the LMMSE channel
estimator and construct the model-driven DL detector. As
in [1]], the proposed model-driven DL detector is obtained
by unfolding the existing iterative detector and adding sev-
eral trainable parameters, which fully exploiting the domain
knowledge. This architecture is promising as it inherits the



superiority of traditional approach and uses DL technique
to improve the performance. We will introduce the channel
estimator and signal detector in detail in Sections [l1I| and
respectively.

III. LMMSE CHANNEL ESTIMATOR

To facilitate the representation of the channel estimation
problem, we apply matrix vectorization to (3) and rewrite it
as

Yp =Aph+n, 9)

where A, = XT' @ Iy, € CNoNxXNele g — vee(Y,,) €
CNeNex1 ' h = vec(H) € CN*Mex1 and n, = vec(N,) €
CNeN:x1 ' We denote ® as the matrix Kronecker product
and vec(-) as the vectorization operation. In pilot-only based
channel estimation stage, the LMMSE estimate of h is given
by

(10)

flp = thAg(ApthAg + U2INer)7lypv

where Ryun is the channel covariance matrix. Based on the
property of LMMSE estimate, flp is a Gaussian random vector.
The channel estimation error vector Ah, = flp —h is also
a Gaussian random vector with zero-mean and the covariance
matrix Ran, can be computed as

RAhp =Rupn— thAII){ (ApthAf + O'QINPNI,)_lApth.
(11)

In data-aided channel estimation stage, considering data
feedback to channel estimator, the LMMSE channel estimation

is given by

ﬁ = thAH(AthAH +Rnn)71 (12)
where A = X7 ®@ Iy, € CNNoxXNelNely = vee(Y) €
CNeNex1'n = vec(N) € CNeM>1 and N, = N, + Ng.

The covariance matrix Rap of the channel estimation error
vector Ah = h — h can be computed as

Ran = Rih — Run A (ARpWAY 4+ Rpn) P ARpp. (13)

The covariance matrix R,,, contains the equivalent noise
power of the actual pilot X, and additional pilot part X,
which is calculated in Appendix A.

IV. MODEL-DRIVEN DL DETECTOR

In this section, we develop a model-driven DL detector,
called OAMP-Net2, which has been partly presented in our
early work [1]]. After introducing the principle of the OAMP
detector, we present the structure of OAMP-Net2 in detail.
Afterwards, computational complexity and extension to soft-
input and soft-output detection are also investigated.

A. OAMP Detector

The OAMP algorithm has been proposed to solve sparse
linear inverse problems in compressed sensing [42] and can
be utilized for MIMO detection in Algorithm 1. The goal of the
OAMP algorithm is to recover the transmitted signal vector xq

from the received signal vector yq = de—i-ndﬂ The principle
of the algorithm is to decouple the posterior probability

P(xqlyq,H) into a series of P(z;|yq, H)(i = 1,2,..., Ny)
in an iterative way, when estimated channel H and received
signal yq are available.

Algorithm 1: OAMP algorithm for MIMO detection

Input: Received signal yq4, estimated channel matrix
H, equivalent noise covariance matrix Ry 5, -
Output: Recovered signal X4 741.

Initialize: 7 < 1, X4, < O

r =Xa+ + We(ya — I:I)A(d,t)v (14)
Xd,t+1 = E{x|r, 7}, (15)
,Ut2 _ ||y - Hf{di”\% _Atr(Rﬁdﬁd), (16)
tr(HPH)
1 1
T2 = ﬁttr(B B2 Nt tr(WRa,a, WH). (17)

The OAMP detector is presented in Algorithm 1 and mainly
contains two modules: linear estimator (I4) and nonlinear
estimator (I3). The error variance estimators (I6) and
are the average variance of the two error vectors p; and qy,
where p; = r; —xq and q; = X4, —X4 are used to measure the
accuracy of the output in the linear and nonlinear estimators,
respectively. They are defined as

Ut2 _ E[”Qt”%}, Tt2 _ E[HPtH%]7 (18)
Ny Nt
and can be computed by employing (I6) and (I7).

1) Linear Estimator: The matrix W, in linear estimator
can be the transpose of H, the pseudo inverse of H or
the LMMSE matrix. From [42], the optimal one is

== #Wt, (19)
tr(WtH)

where W, is the LMMSE matrix given by

Wt = U HH( ?I:II:IH + Rﬁdﬁd)_I’ (20)

where v is expressed in (16), and Ry n, is the covariance

matrix of the equivalent noise nq in signal detector, which
includes the contribution of the channel estimation error AH
and original additive noise ng, and has been discussed in
Section The matrix W, is called de-correlated when
tr(B;) = 0, where B; = I — Wth, and thus ensures the
entries of p; are uncorrelated with those of x4 and mutually
uncorrelated with zero-mean and identical variances.

2) Nonlinear Estimator: The nonlinear estimator in the
OAMP detector is constructed by MMSE estimate of xg,
which is with respect to the equivalent AWGN channel

21

ry = Xd,t + Wy,

3As each transmitted symbol vector x4(n) for n = 1,..., Nq in each
time slot shares the same channel H, we omit the time index n and use xgq
to refer xq[n] for simplicity.
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Fig. 2. Block diagram of OAMP-Net2 detector. The network consists of 7' cascade layers, and each layer has the same
structure that contains the linear estimator Wy, nonlinear estimator 17;(-), error variance 77 and v7, and tied weights.

where w; ~ Nc(0,72I). As the transmitted symbol x4 is
from the discrete constellation set S = {s1, $2,..., S}, cor-
responding MMSE estimate for each element of the estimated
symbol vector is given by

>, siNe(siri, 77)p(si)
>, Ne(sisri, m2)p(si)

where p(s;) is the prior distribution of the transmitted symbol
x; and is given by

%1 = Edailrim) =

(22)

p(z;) = Z \/LM(S(% —55). (23)

jeEM

From , , and (21), we observe that r; and 77

are the prior mean and variance in MMSE estimator ([15)
that control the accuracy and convergence of estimated result
Xd,t+1. The OAMP detector uses an iterative manner to obtain
r; and 72, and the step-size for the update of r; and 72 will
influence the final performance. Instead of using complicated
analytical method to find an optimal step-size, we use a DL
approach for providing an appropriate step-size to update
r; and 77 and constructing learnable nonlinear estimator to
improve the detection performance.

B. OAMP-Net2 Detector

In this section, we introduce the OAMP-Net2 detector,
which is developed by unfolding the OAMP detector. After
presenting the network architecture, we elaborate the linear
and nonlinear estimators, error estimators, and learnable vari-
ables in OAMP-Net2 detector.

1) Network Architecture: The structure of the OAMP-Net2
is illustrated in Fig.[2] which is obtained by unfolding the
OAMP detector and adding several trainable parameters. The
input of the OAMP-Net2 is the received signal vector, yq,
and the estimated channel matrix, I:I, while the final output is
Xd,T+1-

The network consists of T' cascade layers and each has the
same architecture but different trainable parameters. For the

t-th layer of the OAMP-Net2, the input is the estimated signal
X4+ from the (t — 1)-th layer. Signal detection is performed
as follows

v = Xat + 7 Wilya — HXay), 24)
Xa 141 = (e, 725 By &b, (25)
— I:IA 2 _¢ Ria.a
Ut2 _ ||y Xd71‘,|/|\2 _ I'( d d), (26)
tr(H7H)
2 1 Hy\ 2 0t2 H
77 = —tr(CiCy vy + ——tr(W R0, Wy ).  (27)
N N

The critical difference between the OAMP and OAMP-Net2
detectors is there are learnable variables Q; = {74, ¢, &, 01}
in each layer. By optimizing these parameters in the training
process, the detection performance can be improved. When
v =0; =1, ¢ =1 and & = 0, the OAMP-Net2 is reduced
to the OAMP detector. The matrix C; = I — HtWtI:I in the
OAMP-Net?2 is a revised structure of B; in the OAMP detector
with learnable parameter ; to regulate the error variance
TE. We will introduce the linear estimator, W;, nonlinear
estimator, 7;(+), error estimators, TE and vf, and learnable
variables, €);, respectively.

2) Linear and Nonlinear Estimator Modules: The linear
estimator module in is a revised structure of in
the OAMP algorithm by adding corresponding learnable pa-
rameter ;. The learnable parameter v, can be interpreted as
the step-size for the update of ry, and is 7 = 1 in each
iteration in the OAMP detector. The de-correlated matrix W,
is given in (19). The nonlinear estimator 7;(-) in OAMP-Net2
is constructed by the divergence-free estimator

m(rt,ﬂ?; ¢t7§t) = ¢t(E {Xd‘rta"—t} - ftl‘t)7 (28)

where E{x|r;, ¢} is the MMSE estimate of x4 with the
equivalent AWGN channel (ZI)), and has the same expression
with . The nonlinear estimator, 7; (v, 72; ¢4, &;), can be
interpreted as a linear combination of the priori mean, r;, and
the posteriori mean, E {xq4|r, 7¢ }, which has been investigated
in [42] and [45].



Compared with the MMSE estimator (22) in the OAMP
detector, the divergence-free estimator considers the
contribution of the linear estimator and learnable parameters
(¢t,&:). The MMSE estimator (22) can be interpreted as a
special case of by setting ¢ = 1 and & = 0.

3) Error Variance Estimators: The error variance estima-
tors v? in and 77 in (27) play important roles in providing
appropriate variance estimates required for the linear and
nonlinear estimators in the OAMP-Net2 detector. For error
variance vf, we adopt the same estimator with the OAMP
detector in . For error variance Tf, we construct the
estimator based on two assumptions on error vectors p; and
q: in [42] and incorporate learnable variables (¢, 6:). The
detailed derivation for the two variance estimators v? and 77
is provided in Appendix B. Furthermore, we substitute v? by
max(v?, €) for a small positive constant e = 5 x 10713 to
avoid stability problem.

4) Learnable Variables: The learnable variables £ =
{}L, are optimized in the training process for OAMP-
Net2. The Bayes-optimal property of the OAMP algorithm has
been proven in [43]], but it is derived in the large system with
unitarily-invariant matrix H. In fact, the performance of the
OAMP detector is far from the Bayes-optimal performance in
practical finite-dimensional MIMO systems, especially when
there are strong spatial correlation and channel estimation
error. These observations motivate us to improve the original
iterative detector with several trainable parameters to adapt to
various channel environments.

Similar to the TPG detector [22]] and OAMP-Net [1]], the
OAMP-Net2 uses two learnable parameters (y;,6;) to adjust
the linear estimator, and to provide appropriate stepsize for
the update of the mean r; and variance 77 in the MMSE
estimator. On the other hand, the linear estimator (24) is related
to gradient descent algorithm and its convergence behavior
and performance are determined by appropriate step-size of
moving to the search point. The optimal step-size ~; can
be learned from the data for the update of the prior mean
r; in the MMSE estimator. Furthermore, the parameter 6,
has the similar function for the error variance 77, which can
compensate for the channel estimation error and regulate the
72 to provide appropriate value for the update of the prior
variance in the MMSE estimator.

The parameters (¢, &;) in the nonlinear estimator 7;(-) play
important roles in constructing an appropriate divergence-free
estimator, which has been discussed in [42]]. In precise, the
divergence-free estimator can be applied in the OAMP
detector, but the ¢, and &, are related to the prior distribution of
the original signal and difficult to calculate. Therefore, MMSE
estimator (22) is considered for simplicity in the OAMP
detector. In our early work [1f, we set ¢y = 1 and & = 0
in OAMP-Net and use MMSE estimator (22)). By contrary,
we adaptively learn two parameters ¢; and & in OAMP-
Net2 to construct the nonlinear estimator 7, (-) satisfying the
divergence-free property.

5) Complexity Analysis: The computational complexity re-
quired for the OAMP-Net2 is O(T'N?). Similar to the OAMP
detector and OAMP-Net, the computational complexity is
dominant by the matrix inverse in each layer in . When N;

is relatively small (e.g., 4 or 8), the matrix inverse operation
is always acceptable. By contrary, the AMP detector [5] has a
complexity of O(TN?), which is dominated by the matrix
multiplication, but has performance deterioration in small-
size MIMO systems. The LMMSE detector has a complexity
of O(N}) as one matrix inversion is needed, but it is non-
iterative and no training is required. Although ML can achieve
the optimal performance, it has a complexity of O(|S|™t).
In Table[ll we compare the computational complexity of the
OAMP-net2 detector with the state-of-art DL-based MIMO
detectors in [[19]-[23] including DetNet [19]], DNN-dBP [20],
DNN-MPD [21]], TPG [22]], LcgNet [23]]. Although the state-
of-art DL-based MIMO detectors have lower complexity than
the OAMP-Net2 detector, their performance is deteriorated in
the small-MIMO systems to some extent.

Furthermore, we investigate the number of learnable vari-
ables in different DL-based MIMO detectors. From Fig.2,
the total number of trainable variables is equal to 47" since
each layer of the OAMP-Net2 contains only four trainable
variables Q; = (V¢ ¢1,&,6;:). By contrast, 27" trainable
variables (7, 0;) are required to train in OAMP-Net. However,
the numbers of learnable variables in DetNet, DNN-MPD and
LcgNet heavily are dominated by the number of antennas in
the transmitter or the receiver. By contrary, the number of
trainable variables of the OAMP-Net2 and OAMP-Net are
independent of the number of antennas NN, and Ny, and only
determined by the number of layers 7'. This is an advantageous
feature for large-scale problems, such as massive MIMO
detection. With only few trainable variables, the stability and
speed of convergence can be improved in the training process.

C. Soft-Input and Soft-Output

As many modern digital communication systems need to
produce a probabilistic estimation of the transmitted data
given the observations to probabilistic channel decoder. A
significant issue is whether the MIMO detector can use the
soft-information from the decoder and produce the soft-output.
Different from the DetNet in [19] that only can provide the
soft-output, our proposed detector are the soft-input and soft-
output receiver and therefore can achieve the turbo equaliza-
tion. We only provide the principle of the OAMP-Net2-based
turbo receiver and the specific experimental results are outside
the scope of this paper and will be conducted in the future.

From (28), the OAMP-Net2 can decouple the joint posterior
probability P(x|yq,H) into a series of marginal posterior
probability P(z;|r, 7). The marginal posterior probability is
used to produce the soft output log-likelihood ratios (LLR),
which is given by

L.l ! Zs;r P(zjlre, 7¢)
A( ]JC) = log ZS; P(Ij|rt,7_t)7

where b; 1 is the k-th bit in the transmitted symbol x;, and S;r
and S;° denote the subsets of the constellation symbols with
the k-th bit being 1 and 0, respectively. After interleaved and
delivered to the channel encoder, extrinsic LLR can be com-
puted and given to the OAMP-Net2 detector as updated prior

(29)



TABLE I
COMPUTATIONAL COMPLEXITY OF DIFFERENT DETECTORS

w OAMP-Net2 DetNet DNN-dBP  DNN-MPD TPG LegNet
Complexity
Computational complexity O(TN}) O(TN3?) O(TN-N¢) O(TN.N;) O(TNrN:) O(TN;N)
Learnable variables 4T (6NNt + 2N, + N¢)T T (Ny + Ny)T 2T AN:T

information. The detector and decoder iteratively exchange
information until convergence.

D. Practical Implementation

The developed detector can be divided into two stages. In
the offline training stage, we obtain the optimized parameters,
Q = {}L,, for different SNRs and channel correlation
coefficients based on TensorFlow platform and GPUs’ pow-
erful computing ability. The optimized parameters will be
stored to detect the modulated symbols in the deployment
stage. The OAMP-Net2 detector can be interpreted as a new
iterative detector after training. The incorporated learnable
parameters can adapt to practical channel and compensate for
channel estimation error to improve the detection performance.
Although aforementioned implementation process is in an
offline manner, the proposed detector can also be implemented
by online training to adapt to the fluctuations in the channel
conditions owing to the superiority of its low demand for
training data and computational resources.

V. NUMERICAL RESULTS

In this section, we provide numerical results to show the
performance of the proposed model-driven detector for MIMO
detection. First, we elaborate the implementation details and
parameter settings. Then, the performance of the OAMP-
Net2 is presented under i.i.d. and correlated Rayleigh MIMO
channels with perfect CSI. Afterwards, we investigate the
performance of the OAMP-Net2-based JCESD architecture.
Finally, the robustness of the OAMP-Net2 to SNR and channel
correlation is demonstrated.

A. Implementation Details

In our simulation, OAMP-Net2 is implemented in Tensor-
flow by using a PC with GPU NVIDIA GeForce GTX 1080
Ti. The SNR of the system, defined as

_ E[[Hxq|3

SNR = ,
E[nqll3

(30)
is used to measure the noise level. We assume the same SNR
in pilot and data transmission stage. Each element of the i.i.d.
Rayleigh MIMO channel H is h; ; ~ Ng(0,1/N,) while
the correlated Rayleigh MIMO channel is described by the
Kronecker model,

H. = R}/°’GR}/”, €3]

where Ry and R are the spatial correlation matrix at the
receiver and the transmitter, respectively, and are generated
according to the exponential correlation model [44]] with the

same correlation coefficient p, and G is the i.i.d. Rayleigh
fading channel matrix. Furthermore, to implement OAMP-
Net2 in the Tensorflow, we consider equivalent real-valued
representation for all aforementioned problem models.

The training data consists of a number of randomly gener-
ated pairs d £ (x(), y(®)), For each pair d*), channel H
is randomly generated from the i.i.d. or correlated Rayleigh
MIMO channel model. The data x(*) is generated from the M-
QAM modulation symbol with M being the modulation order.
We train the network with 1,000 epochs. At each epoch, the
training set contains 5,000 different samples d(¥), and 1,000
different validation samples. The validation sets are used to
choose the best network for each epoch in the training stage.
In the test stage, we generate the data to test the network
until the number of bit errors exceed 10,000. The network
is trained using the stochastic gradient descent method and
Adam optimizer. The learning rate is set to be 0.001 and the
batch size is set to 100. To train the learnable variables well,
the learning rate is set to be 0.0001 and validation samples
is 10,000 in high SNR regime (SNR = 30 or above). Except
for special instructions, we choose the 5 loss E] as the cost
function in all experiment settings, which is defined as

LS ) S ()3

12(Q) = = (32)
deD

where D is the training set of a mini-batch and D = |D].

In general, the optimal variables €2 may be different for
different SNRs. Therefore, we train the OAMP-Net2 for each
SNR separately, which means that the training and test data
are generated with the same fixed discrete SNR value. For the
correlated Rayleigh MIMO channel, we train the network for
each correlation coefficient p, respectively. The network needs
to be retrained if different modulation symbols are utilized.
Furthermore, we also consider the robustness of the OAMP-
Net2 to various mismatches.

B. Perfect CSI

In this section, we study the performance of OAMP-Net2
for MIMO detection with perfect CSI. After analyzing its con-
vergence, the detection performance of the OAMP-Net2 under
ii.d. and correlated Rayleigh MIMO channels is investigated.

1) Convergence analysis: First, we analyze the convergence
of the OAMP-Net2 and OAMP detectors. Fig.[3]illustrates the
bit-error rate (BER) performance versus the number of layers
(iterations) under SNR = 15dB and 25dB with QPSK and 16-
QAM constellations. From Fig.[3] both the OAMP-Net2 and

SWe train the OAMP-Net2 with I loss and cross-entropy, respectively, and
find the network trained with l2 loss outperforms that trained with cross-
entropy.
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Fig. 3. BERSs performance of the OAMP-Net2 and OAMP
detector versus the number of layers under QPSK and 16-
QAM modulation.

OAMP detectors converge within four layers (iterations) for all
the cases and OAMP-Net2 can obtain more performance gain
when SNR = 25dB, which means the OAMP-Net2 detector
improves OAMP detector significantly in high SNR regime.
Furthermore, compared with 16-QAM, the performance gap
between OAMP and OAMP-Net2 is larger for QPSK. Based
on the above observations, we set OAMP and OAMP-Net2
detectors four layers (T=4) in following simulation when
SNR< 25 dB, and ten layers (T=10) when SNR = 30dB or
above except for specific instructions.

2) Performance Comparison: Fig.[d] compares the BER
performance of the OAMP, OAMP-Net [1]], TPG [22], DetNet
[19], AMP [5], SD, ML, MMSE-SIC [46], LMMSE and
OAMP-Net2 detectors. Both 4 x4 and 8 x8 MIMO systems are
investigated. Among these detectors, the TPG detector [22] is
developed with two trainable parameters in each layer and has
a similar architecture to OAMP-Net. Furthermore, the OAMP
and MMSE-SIC detectors can achieve soft decision. From the
figure, the OAMP-Net2 outperforms other MIMO detectors
except for SD and ML, but the computational complexity of
the ML and SD detectors is prohibitive. The DetNet and AMP
detectors have serious performance deterioration in small-
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Fig. 4. BERs performance comparison of the OAMP-Net2
with other MIMO detectors under i.i.d. Rayleigh MIMO
channels with different orders of modulation.

size MIMO systems. Furthermore, the OAMP-Net, TPG, and
OAMP-Net2 detectors outperform the OAMP detector in all
setting, which demonstrates DL can improve the OAMP detec-
tor by learning the optimal parameters. But the performance
gain is limited for 64-QAM. Compared with OAMP-Net in
[1], OAMP-Net2 has a significant performance improvement
in all setting. The reason is the OAMP-Net2 can learn the
optimal parameter (¢, ;) to construct the nonlinear estimator
satisfying the divergence-free property. For high-dimensional
MIMO systems in Fig.[5] similar conclusions can be obtained.

3) Correlated MIMO Channel Performance: Fig.[f] illus-
trates the BER of the OAMP-Net2 and the OAMP detector un-
der correlated Rayleigh MIMO channel with p = 0.5. We set
the OAMP and OAMP-Net?2 detectors ten layers with different
orders of modulation. From the figure, all algorithms have
performance degradation compared with the i.i.d. Rayleigh
MIMO channel, But the OAMP-Net2 detector still have the
performance improvement over the OAMP detector in all
setting and can obtain more performance improvement in 8 X 8
MIMO system. Specifically, if we target for BER=10"2 with
QPSK modulation, BER performance improves about 1.8 dB
for 4 x 4 MIMO. By contrast, it is approximately 2.2 dB for
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Fig. 5. BERs performance comparisons of the OAMP and
OAMP-Net2 under high-dimensional i.i.d. Rayleigh MIMO
channels with different modulation symbols.

8 x 8 MIMO. But the performance gain of the OAMP-Net2
detector decreases with the increase of the modulation order.
For example, if we target for BER=10"2 in 4 x4 MIMO, SNR
improves about 1.5 dB for QPSK modulation. By contrast, it
decreases to approximately 1.1 dB for 16-QAM .

4) 3GPP MIMO Channels Performance: In the afore-
mentioned sections, we have investigated the OAMP-Net2
detector with Rayleigh fading channels. Here, we conduct
numerical experiments by utilizing a dataset of the realistic
channel samples from the 3GPP 3D MIMO channel [47],
as implemented in the QuaDRiGa channel simulator [48]].
The channel parameters are set to be same as [24]. As
shown in Fig.[]] OAMP-Net2 indeed has performance loss
with the realistic channel. The reason is that the OAMP-
Net2 requires the channel matrix to be unitarily-invariant while
the practical channel is very ill-conditioned and the channel
correlation is serious. which incurs performance degradation.
Furthermore, only 4 trainable parameters in each layer may
restrict the ability to adapt to realistic 3GPP MIMO channels.
Nevertheless, the OAMP-Net2 still outperforms the OAMP
and LMMSE detectors with limited performance gain.
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Fig. 6. BERs performance comparison of the OAMP and
OAMP-Net2 under correlated Rayleigh MIMO channels with
p = 0.5 for different orders of modulation.

C. JCESD Performance

In the above, all detectors are investigated with accurate
CSI. In this section, we consider OAMP-Net2-based JCESD
architecture for a 4 x 4 MIMO system. Both OAMP and
OAMP-Net2 has four layers. In order to avoid gradient van-
ishing, we use the summation of /5-loss over all L x T layers
to train the model, which is defined as

L T
1 . ;
L) =335 > Ix =D 63

=1 t=1 d@®eD

and the learning rate is set to be 0.0001.

We consider orthogonal pilot in channel training stage,
where the pilot matrix X, € CV*Ne is chosen by selecting
N; columns of the discrete Fourier transformation (DFT)
matrix F € CNo*Ne, Fig. [§] shows the BERs of the OAMP
and OAMP-Net2 detectors in the JCESD architecture, where
L = 1 means no data feedback to channel estimator and L = 3
means the detected data are feedback twice to channel esti-
mator. From the figure, the OAMP-Net2 detector outperforms
the OAMP detector in all settings significantly. Specifically,
if we target for BER=10"2 with 16-QAM, BER performance
improves about 2.1 dB for L = 1 and improves about 2.9 dB
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for L = 3. Furthermore, we observe that OAMP-Net2 detector
without data feedback (L. = 1) outperforms OAMP detector
with data feedback twice (L. = 3), which demonstrates learn-
ing some trainable variables can compensate for the channel
estimation error to improve the equivalent SNR in detection
stage. For QPSK modulation, the performance gain are 5.1
dB and 3.1 dB for L = 1 and L = 3, respectively, when
we target for BER=10"2. In addition, marginal performance
is obtained by data feedback for the OAMP-Net2 detector
with QPSK because learnable parameters have strong ability
to compensate for channel estimation error. Therefore, no data
feedback is needed in this case.

D. Robustness

In this section, we analyze the robustness of the OAMP-
Net2 against various mismatches, including the SNR, channel
correlation, MIMO configuration and modulation mismatches.
As aforementioned numerical results are performed when
training and test data are generated with same system parame-
ters, an interesting question is whether the trained parameters
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modulation.

are robust to various mismatches. Because of limited data and
computing resources are available for online training, verify-
ing the robustness of offline-trained network is particularly
meaningful.

1) Robustness to SNR and Channel Correlation: Fig.]9]
presents the BER performance of OAMP and OAMP-Net2
with SNR and correlation mismatches in 8 x 8 MIMO system.
The network is trained in the correlated Rayleigh MIMO
channel with channel correlation coefficient p = 0.5 and
SNR=20dB, and tested with mismatched channel correlation
coefficient p and SNR, which are shown in the figure. From
the figure, the trained network with correlation mismatch still
outperforms the OAMP detector significantly in all setting and
has 0.3 dB performance loss, if we target for BER=10"2 and
p = 0.5, which demonstrates the OAMP-Net2 has strong
robustness to mismatch. Interestingly, the trained network
even outperforms the OAMP detector with p = 0.1 in high
SNR regime (SNR=20-30 dB). Since the learnable variables
successfully compensates for the disadvantages of channel
correlation. Compared with perfect SNRﬂ the OAMP-Net2
detector with SNR mismatch has little performance deteriora-
tion except for SNR = 25dB or above, when we target p = 0.5.

2) Robustness to MIMO Configuration and Modulation:
Fig.[I0] presents the BER performance of OAMP and OAMP-
Net2 with the MIMO configuration and modulation symbol
mismatches. We train the OAMP-Net2 with 16-QAM symbol
in 8 x 8 MIMO system and test the robustness of the trained
parameters. Fig. 10(a) exhibits the numerical results of the
OAMP-Net2 with MIMO configuration mismatch, where the
network is tested in 4 X 4 systems with 16-QAM. Although
the network is employed in different MIMO configurations,
the OAMP-Net2 still outperforms the LMMSE and OAMP
detectors and has little performance loss. The robustness
demonstrates the OAMP-Net2 is flexible to different MIMO
configuration. Furthermore, Fig. 10(b) shows the performance
of OAMP-Net2 with modulation symbol mismatch, where the

"Perfect SNR means that network in the training and test stage have the
same SNR.
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network is tested in 8 x 8 MIMO system with QPSK symbol.
Only 0.4 dB performance loss is incurred owing to modu-
lation symbol mismatch if we target for BER=10"2, which
demonstrates the OAMP-Net2 is robust to modulation symbol
mismatch. The OAMP-Net2 detector contains a linear and a
nonlinear estimators. The linear estimator is related to gradient
descent algorithm and its convergence behavior and perfor-
mance are determined by appropriate step-size 7, moving to
the search point. As the linear estimator is independent of the
modulation symbols, the learnable parameter +; shows strong
robustness to modulation symbol mismatches. Therefore, the
trained network can be utilized directly in different MIMO
configurations with different modulation symbols.

VI. CONCLUSION

We have developed a novel model-driven DL network
for MIMO detection, named OAMP-Net2, which is obtained
by unfolding the OAMP detection algorithm. The OAMP-
Net2 detector inherits the superiority of the Bayes-optimal
signal recovery algorithm and DL technique, and thus presents
excellent performance. The network are easy and fast to train
because only few adjustable parameters are required to be
optimized. To handle imperfect CSI, an OAMP-Net2-based

JCESD is proposed, where the detector takes channel estima-
tion error and channel statistics into consideration while chan-
nel estimation is refined by detected data and considers the
detection error. Simulation results demonstrate that significant
performance gain can be obtained by learning corresponding
optimal parameters from the data to improve the detector and
compensate for the channel estimation error. Furthermore, the
OAMP-Net2 exhibits strong robustness to various mismatches.
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APPENDIX A: DERIVATION FOR COVARIANCE MATRICES

In order to derive the covariance matrix Vg[n] of the
equivalent noise ng4[n| in signal detection stage, we should
evaluate the statistical properties of the zq[n] = AHxq4[n] for

n =1,..., Ng, which can be expressed as
Covlza[n]] = Elza[n](za[n])"]. (34)
As the covariance matrix Cov[zq[n]] for each symbol index
n = 1,...,Nq is same and the data symbol is independent
between different antennas, we omit the index n and have
0, Vi#£k
Elza.0200] = { o (35)
»17d, ZJAhi,jv i=k
j=1

where z4; = Ejvz‘l Ah; jzq; is the i-th element of the zq,
Ah; ; is the (¢, 7)-th element of the channel estimation error
matrix AH, and x4 ; is j-th element of the xq. The Uihi,j
is the variance of (4, j)-th element in channel estimation error
matrix AH which can be obtained from Rap, in or Ran
in (I3). By considering the contribution of original additive
noise, the covariance matrix Vest can be obtained as

(36)
The covariance matrix Vest will be utilized in the OAMP-
Net2 detector as the covariance matrix of the equivalent noise
Rﬁ afg - ~
Next, we compute the covariance matrix V,[n] of the
equivalent noise 1n,[n] in data-aided channel estimation stage
using similar approach. For each time index n, We denote
z, = He,, and z;,, = Z;\f:tl hijejn, where e, is the n-th
column of the signal detection error matrix Eq4. In a similar
way, we have

0, Vitk
Ny

Z afj‘n/Nr,

=1
because h; j ~ Nc(0,1/N;) and o2, is the variance for j-th

element of the e,,. Therefore, the covariance matrix Vp [n] is
given by

E[2in2hm) = (37)

1=k

Iy,. (38)



The covariance matrix V,[n] will be utilized in channel
estimator to evaluate the covariance matrix of the equivalent
noise Ry, where n = vec(N). By considering the different
covariance matrix of the actual pilot and additional pilot, we
have

UQINer

Rnn = (39)

Vdet
where o231 N, N, denotes the covariance matrix of the noise
vec(IN},) for actual pilot X, while

V1]

Vet = (40)

Vo [Na]
denotes the covariance matrix of the equivalent noise vec(Np)
for the additional pilot X4.

APPENDIX B: DERIVATION FOR VARIANCE ESTIMATORS

To derive the expressions for the error variance estimators
v? and 72 in OAMP-Net2, we use similar method to [34]. We
should indicate that v? and 77 in OAMP-detector are based
on the following two assumptions about error vectors p; and
q: [42].

Assumption 1: p; consists of i.i.d. zero-mean Gaussian
entries independent of x4.

Assumption 2: q; consists of i.i.d. zero-mean Gaussian
entries independent of H and ng.

From the similar viewpoint, we obtain the error variance
estimators v and 77 (26) and (27| in OAMP-Net2 using
Assumption I and 2, and considering the effect of the learnable
variables ~; and ;. For convenience, we will use H, X;, and
n to refer H, X4t and ng, respectively. Based on assumption
2, q; consists of i.i.d. zero-mean Gaussian entries which is
independent of H and n, which means that

E[(%x; — x)H"n] = 0. 41)

Therefore, The error variance estimator v? is given by,

o2 — Ellaell3] _ 1 tr(HYH)E]|qq|3]
K N N,  tr(HYH)
E[(x — %) "HTH(x — %))
tr(HITH)
a E[(H(x — %)) H(x — %) + (H(x — %)) n]
tr(H7H)
_ E[|H(x — %¢) + n|3] — En"n]
tr(H7H)
_ E[||[Hx + n — HX;||3] — N,o?
tr(HEH)
_ Elly — Hx[|3] — Nyo?

tr(HH H) ’ “42)

where = is obtained by using the equation 1) The final
expression for v? is obtained by .

Next, we derive the expression for TE. The error vector r;—x
can be rewritten as

X+ Wiy —Hxy) —x
X + 'Yt(HX + Il) — ’YtWtH)A{t — X
= (I — %Wy (Xt —x) + % W;n.

r{ —X

(43)
Then, for the error variance estimator Tf, we have

E 2 1
w2 = Bl - Ly w % - x) 4 Wonl)
N; N;
1. .
= FE[(Xt —x)" (1 - WH)(I-~vWH)" (% — x)]
t

2
2
+ LLEmHEWHEW ] + “LE[(%, — x)H (I — 7 W, H)¥ W,n|

Nt Nt
1
= 5t (1= 7 W H) (I — 3 W, H) ") o
t
2 2y — 2
+ 7—ttr(WtWtH)aQ + ME[(&: - X)HHHH]-
Nt Nt

(44)

The last term in the (44) vanishes as the E[(%;, —x)?Hn] =
0. Therefore, the error variance estimator 77 is given by

1
T = ﬁttr (- W H)I - %WtH)H) vi

2

+ ltf(WtWtH)Oj.

Ny

Then, we replace the parameter ~; with 6; in (45) as the
simulation results show that two parameters (v, 6;) can
preferably regulate the error variance estimator v? and 77.
The superior performance is attributed to more parameters,
which can incorporate more side information from the data.

Therefore, the final expression for 77 is obtained by

(45)

0?0

1
T2 = ﬁttr(Cth)vf + tr(W,WH), (46)

t

where Ct =1- QtWtH.
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