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Abstract—In this letter, a model-driven detector called IEP-
GNN is proposed for massive multiple-input and multiple-output
(MIMO) systems. Graph neural network (GNN) and improved
moment matching (IMM) are integrated into the expectation
propagation (EP) algorithm to improve the accuracy of poste-
rior distribution approximation and leverage the self-correction
ability of EP algorithm. Moreover, to acquire the training expe-
riences and optimize initial parameters, hotbooting and Bayesian
parameter optimization (BPO) are employed respectively, which
can further improve the performance of the proposed IEP-
GNN. Simulation results show that our proposed IEP-GNN
with BPO outperforms other state-of-the-art EP-based detectors
while maintaining an acceptable convergence and computational
complexity.

Index Terms—Model-driven, expectation propagation, graph
neural network, Bayesian parameter optimization.

I. INTRODUCTION

ASSIVE multiple-input and multiple-output (MIMO)

has shown great potential in achieving remarkable
spectral efficiency, making it a promising candidate in
the upcoming sixth-generation (6G) [1]. However, tradi-
tional detection methods, such as maximum-likelihood (ML)
sequence detectors, are computationally infeasible for massive
MIMO due to their prohibitive complexity, especially when
the transmitters and receivers are equipped with tens or even
hundreds of antennas [2]. Therefore, it is critical to design
low-complexity detection methods for massive MIMO to meet
its practical implementation requirements.

To tackle this challenge, several message passing (MP)
based detectors have been proposed, offering reliable detection
through iterations with manageable complexity [3], [4], [5].
Particularly, expectation propagation (EP) based detectors have
gained widespread adoption in massive MIMO systems due
to their near-optimal performance regardless of the antenna
configuration [6]. For example, by strategically selecting initial
parameters of EP algorithm, Yao et al. proposed a novel
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EP detector with excellent performance at the cost of lower
convergence [7]. Zhang et al. proposed an EP detector based
on neural networks (NN), which unfolded the EP algorithm
using multi-layer deep forward networks and demonstrated
good performance [8]. To enhance the performance of approx-
imate EP algorithm, Ge et al. proposed a deep learning (DL)
based detector against correlated channels by adding learnable
parameters into unfolded approximated EP framework [9].
However, the aforementioned EP-based detectors are often
limited by the accuracy of the generated marginal distributions
during approximation. This issue requires careful attention and
mitigation strategies to further enhance their performance.

Benefiting from its outstanding feature extraction ability,
model-driven graph neural networks (GNN)-based learning
has been integrated into EP based detectors to mitigate
inaccurate marginal distributions. In [10], a GNN-based
EP detector was proposed in an uplink multiuser-MIMO
(MU-MIMO) system, which demonstrated improved detection
performance compared to its counterparts by enhancing the
accuracy of approximated posterior distributions. Nevertheless,
the performance of such GNN-based detector can be further
improved since the self-correction ability and parameters
selection of EP are ignored, especially under high signal-to-
noise ratios (SNRs). However, to our best knowledge, such
problem has not been well investigated in the existing GNN-
based EP detectors.

In light of the above, a model-driven improved EP-GNN
(IEP-GNN) detector is proposed in this letter. Our main
contributions are summarized as follows: 1) By intergrating
GNN and improved moment matching (IMM) into the EP
based detector, an IEP-GNN detection framework is proposed,
which can improve the accuracy of posterior distribution
approximation and exploit the self-correction ability of the EP
algorithm. 2) In addition, hotbooting and Bayesian parameter
optimization (BPO) are introduced into our proposed IEP-
GNN detector to acquire the training experiences and optimize
initial parameters, which can further improve the detection
performance. Simulation results demonstrate that our proposed
model-driven IEP-GNN detection framework can achieve bet-
ter performance compared to other state-of-the-art EP-based
detectors while maintaining an acceptable convergence and
complexity.

II. SYSTEM MODEL

We consider a MIMO system consisting of N; transmitting
antennas and a base station (BS) equipped with N, receiving

2162-2345 © 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on February 18,2025 at 15:24:51 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0002-5429-3318
https://orcid.org/0000-0002-4982-2975
https://orcid.org/0000-0001-7702-1123

388

antennas. Accordingly, the received signal at BS can be
expressed as

¥ = HX + w, (1)

where H € CNr Xiv‘ is the Rayleigh fading channel matrix,
x € CNeX1 i the M -quadrature amplitude modulation (QAM)
modulated complex transmitted symbol vector, and W is
additive white Gaussian noise (AWGN) with zero mean and
variance &2. For simplicity, the complex model shown in (1)
is typically transformed into an equivalent real-valued model,
given by [9]

2)

where x € RZVixl vy ¢ RZNrX1 ¢ R2Nrx1 apnd H €
R2Nrx2Nt T pe noticed, the channel state information (CSI)
is assumed to be perfectly known to the detector in this letter.
According to Bayes’ theorem, the posterior distribution of x
can be presented as

y=Hx+w,

2Ny

p(xly) o p(y)p(x) o< N (v : Hx, 0?1y ) [] p(a), @
=1

where 0?2 = 72/2, p(z;) = ﬁZxEG‘S(% — x) is the

indicator function of x € ©, with O representing M-QAM

constellation with size M, where the elements of © are the
values of the real or imaginary parts of M-QAM.

III. IMPROVED EP-GNN DETECTION
A. EP Detector

To obtain the approximated posterior distribution,
EP detector approximates the joint prior probability
p(x) = H?ivi p(z;) by independent Gaussian distributions,
ie, ¢t D(x) = H%]:Vf ¢“~Y(z;), whose corresponding
approximate posterior distribution is given by

¢ (xly) o p(yx) Y (x)
= N(y:Hx, UQIQNt)N(x:(A(tfl))fly(tfl), (A(tfl))fl)

= N (xn®,50), @

where (=1 = [y {70 lED)T ang AC-D) =

. t—1 t—1 t—1
diag{[M{ VA Al
and precision matrix of ¢(t~1)(x) in the (¢ — 1)-th iteration,

respectively. u(*) and X(*) can be obtained as
20 = (o 2mTH + A
W0 = 50 (o2 Ty 1y (D).

Due to the inherent complexity in calculating the values of
y(t) and A®) that satisfy the moment matching conditions,
an iterative approximation method is typically adopted in EP
detector [6]. More specifically, u(*) and £(!) are computed
iteratively in (5) using y(t_l) and A(t—1),

Then, to update y(t) and A(), the cavity distribution of

® (g
a(zily)
a (i)

|} are the information vector

(4a)

(4b)

a; is defined, which is given as ¢()\i(z;) =
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N(z; : ,u(-t),E,(,-t))
exp(f%)\gt_l)zi2+'y£t_l)zi)
the marginal distribution ¢(*)(z;ly) is approximated by
N(z; : pgt), ng ) to reduce the computational complexity.'
As a result, the elements of [L(CZ)U and 2(02)1, can be calculated
in parallel as follows

(t)

: Mcav,i’

52(0)

cav,t

o< N(z;

), where

(t)
) _ 2
cavyi 1 E(t))\(t—l)’ (Sa)
0 o (1) e
Heav,i = Ecav,i E(t) - : (5b)

Then, an approximated marginal posterior distribution
(8 (z;]y) is introduced, which can utilize the cavity distribu-
tion and true prior information to improve the local posterior
information, given by p(*) (z;]y) = ¢(V\¢(2;)p(x;). Therefore,
the expectation and variance of i)(t)(xi ly), i.e., u; t) and E;(t ,
can be presented as

I

Ni(t) = E@(t)(my) (],

’ t ! t 2
Ei( ) = Eﬁ(t)(xi‘Y) |:(:L'Z — ui( )) :|,

where Eﬁm( ly) [-] denotes the expectation operation among

(6a)

(6b)

the distribution p(*)(z;]y).

To update y® and A, j)(t)(zﬂy) is approximated as a
Gaussian distribution by moment matching [6]. Accordingly,
y®) and A®) can be updated as follows

1 1

() _ -
e gm o
10 (t)
(¢) _ My _ p“cav,i
REESCISON Ub)

It is worth noting that due to the non-negativity of /\(t), the

3
EP detector will keep )\gt) = )\gt_l) and %(t) = %(t—l)
I/Ei(t) — I/Z(t) . < 0. Otherwise, a damping factor 5 will

cav,i
be introduced into the EP detector to smooth the parameter

updating process, i.e., )\Et) = 5A§t_1) +(1- ﬁ)(l/E;(t) _

when

/20,0 and Y = gy + - gzl -
(CZ)M/Z(CZ)M-). Once converged, figp = m(tmer) can be

obtained by the posterior approximation corresponding to the
minimum Kullback-Leibler divergence (KLD), where tp,qz
denotes the maximum number of iteration. Subsequently, hard
decision is applied to detect the received symbols, given by

®)

. . . 2
Ipp,; = argmin|z; — figp ;|
, €60

B. Proposed Model-Driven IEP-GNN Detector

The conventional EP detector suffers from a non-negligible
performance loss due to the inaccurate approximation during
iterations. To improve the detection reliability, a model-driven

IThe  off-diagonal of x(t)

approximation [10].

elements are ignored during the
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IEP-GNN detector is proposed in this section, which integrates
a GNN module and an IMM module into the EP framework
to improve the approximation accuracy and exploit the self-
correction ability.

1) GNN Module: By properly adjusting the cavity distri-
bution, the correlated and non-Gaussian residual noise caused
by the operation of ignoring off-diagonal elements of ()
can be handled. As a result, the detection performance of EP
detector can be significantly improved [10]. Inspired by this,
we consider to utilize GNN to obtain more accurate cavity
distribution in our proposed IEP-GNN.?

After calculating ug;fl)v and Z(CZ)U by (5), GNN is further
introduced to compensate the approximation loss in cavity dis-
tribution. Accordingly, the node state of z; can be initialized as

uEO) = Wl |:yThia hzTh’La 02 ! + bla (9)
and the edge attribution between z; and =; is expressed as
€ = [— hTh ,0%]. Moreover, during the initialization of
, both W1 and b; can be learned by a multiple layer
perception (MLP) easily.

The considered GNN module consists of three components,
namely a propagation, an aggregation, and a readout compo-
nent. More specifically, the propagation and aggregation can
be expressed as

mgij = M(ugl_l),u](-l_l),em-,Wg), (10)

ugl) =U ugl—l)’ Z (llnaﬂ(cfz)v z’z(cfa)v il Ws [,
FE[2N¢]\

(11)

where M(-) and U(-) represent the MLP and the gated
recurrent unit (GRU), respectively. Wo and W3 are their
learnable parameter matrixes, respectively. m;”, . denotes the
message passing from node i to node j at the /-th iteration,
and u; ) is the state of node i at the /-th iteration. As for the
readout component, we have

{9im} = R(uiL7W4>,
eXp (9i,m)
Z 1 exp (i,m)

where R(-) represents the MLP with learnable parameter
matrix W,4. Then, by replacing q(t)\i(xi) by c}éfll\”(:ﬂi) gen-
erated by GNN module, the moment computation operation
shown in (6) can be handled.

2) IMM Module: For the conventional EP detectors, the
negative variance and its corresponding expectation, which
are treated as outliers due to the non-negativity property of
variance, are neglected during the update of y and A. However,
such negative variance is helpful to determine the incorrect
detection having minimum probability, which has been already
validated as the self-correction ability of the EP algorithm [7].

(12a)

,$m € O, (12b)

2Since the inference methods are jointly learned with the latent variables,
GNN can learn the graphical relationships among transmitted symbols
accurately, thus leading to a more accurate distribution for classification [13].

Algorithm 1 The Proposed IEP-GNN Detector
Y, B W = (W, Wo, W3, Wy

1: Input: H, y, 02, «a

2: Initialization: Set 7(0) —0, A0 = a1y, B = 8%, u©® — o,
e;j=[—hlh; 0%
3 for =1 to tTgx do
4:  Compute E( 9 and [,L ( )sing 4);
t 3 .
5. Compute Ecav,i and Hegy,i USINg (5);
6:  Compute ugo) using (9);
7. forl=1to L((B W
8: Compute m; and u;"” using (10) and (11);
9: end for

10:  Compute q((;};z,\ (z;) usmg (12);
!

and 2, () utilizing q((;az,\

()

11:  Compute p, (z;) using (6);

(t)

12:  Compute )\Z and -y, using (13);
13: end for
14: Output: x = [L(tm‘”)

Therefore, to make full use of such property, we reformulate
the upd ()
pdate process of A,

(1) _ (1) _ L O
)\i - )\i + (1 6) (E/(t) E(t)>7 (133-)

7 i

and %(t) as

(t) (t—1) M/'(t) M(t)

Based on the above-mentioned analysis, the cavity distribu-
tion of our proposed IEP-GNN detector can be obtained by
the output of GNN, i.e., qﬁal\ (z;). Moreover, the statistical
properties of ¢(x) can be updated by (13), where the out-
liers will not be ignored, thus leading to a better detection
performance. The details of our proposed IEP-GNN detector
are summarized in Algorithm 1.

IV. HOTBOOTING AND BPO FOR IEP-GNN

Noted that the performance of our proposed IEP-GNN
detector largely relies on the selection of W, which will be
deteriorated when the training of GNN fails to converge. To
guarantee the reliability of our proposed IEP-GNN detector,
hotbooting scheme and Bayesian parameter optimization are
employed in our detector in this section.

In Section III-B, the learnable parameters of GNN are
randomly initialized, which will lead to a uniform distribu-
tion output of qéé%,\’(:z:i). As a result, the incorrect uniform
distribution will interact with the outliers in (13), which will
result in the overload of self-correction ability in EP. This
will cause the detector to be difficult to converge during
the training. To solve this problem, a hotbooting scheme is
proposed, which can acquire the previous training experiences
in similar scenarios to find an efficient initialization without
IMM. Then, the hotbooted GNN with initial parameters Wy
is further trained with IMM, where less samples and smaller
learning rate are required.

Moreover, it has been verified that initial parameters
(i.e., a and () sensitive to SNRs are helpful to improve
the performance of EP detectors [7]. More specifically, the

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on February 18,2025 at 15:24:51 UTC from IEEE Xplore. Restrictions apply.



390

Algorithm 2 The Proposed Hotbooting and BPO Training
Scheme
1: Initialize the learnable parameters of the GNN module as W =
Wit
2: Initialize a set of hyper-parameters @ = {6, .L(#)}, objective
function L, iterations Np, top performers ¢, the prior distribution
over hyper-parameters « ~ U(0,1/Es), 3 ~ U(0.01,1).
3: for i = 1to Ny do
4:  Sample a set of hyper-parameters 6; = [«;, 8;] from the prior

distribution;
5:  Train the model using 6, and compute the objective function
L£(0;); . o .
6:  Store the hyper-parameters and associated objective function
(6:,£(0,)) in ©;
7. if ¢ > ¢ then
8: According to the objective function, split (% best perform-
ing hyper-parameters to @ ¢, the rest to @y;
9: Update the prior distribution as a mixture pg(#) and py(6)
estimated from @4 and @ by kernel functions;
10:  end if
11: end for
12: return 6% = [a*,3%] that yields the minimum objective
function and the corresponding parameters W*.
Hyo!—7 T !
SO, 2@ — Iteration-1 ) Iteration-t Tteration-T —pu(™
- - \‘\A
/A/ \,
. ~.
. GNN W' | Hotbooting
L’R(J Module H,y,o?
T
Al G =) EP a7 BPO
) ) I Module \
Gy (1 =52 © 3 AV
”"‘(c)'):/(r) ﬁ* \
A(8)/i
=500 [
IMM u®
Module —— y®,A®
Fig. 1. Structure of the proposed IEP-GNN detector with hotbooting and
BPO training.

damping factor g in (13), which can regulate the influence of
outliers, should decrease as SNR increases, and this can avoid
the variance to converge too fast. In addition, in conventional
EP detector, setting « 1/Es is too excessive, which
will lead to an overconfidence of distribution approximation.
Accordingly, a derivative-free BPO method for initial param-
eters optimization is considered, which works during offline
training.

Based on the tree-structured parzen estimator (TPE)
approach in [14], o and 3 can be treated as continuous hyper-
parameters of GNN, the distributions of which satisfy uniform
distributions, i.e., & ~ U(0,1/E,) and 8 ~ U(0.01,1) [7].
The symbol error rate (SER) is used to evaluate whether the
selected [a, 3] is optimal. The detail of our proposed hotboot-
ing and BPO training scheme is summarized in Algorithm 2.

The structure of our proposed IEP-GNN detector with
hotbooting and BPO training scheme is shown as Fig. 1.

V. SIMULATION RESULTS

In this section, numerical results are presented to
demonstrate the superiority of our proposed IEP-GNN
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Fig. 2. SER performance comparison in the Rayleigh-fading channel with
different antenna configurations.

detector, where we compare IEP-GNN detector with MMSE,
EP [6], mEP [11], GEPNet [10]. Moreover, the convergence
performance is also investigated to show the effectiveness
of our proposed IEP-GNN detector. Throughout this section,
16-QAM is assumed to be transmitted. For comparison,
both IEP-GNN detector and GEPNet detector adopt similar
parameters, where the numbers of inner GNN and outer IEP
iterations are set to be L = 2 and T = 10, respectively.

For the GNN module, the output size of the MLP cor-
responding to W1 is N,. The output sizes of three MLP
layers corresponding to Wo for M(-) are Ny, Np,, and Ny,
respectively. The output sizes of the hidden MLP layers in
U(-) corresponding to W3 are Nj,, Ny. The output sizes
of MLP layers corresponding to W4 are Ny , Np,, and |O)],
respectively. According to [10], we set Ny, = 8, Np, = 64,
and Np, = 32. All simulations are run on a desktop with GPU
NVIDIA Quadro RTX 4000 and Pytorch 2.0.0.

As for hotbooting, our proposed detector ignoring IMM is
trained by Adam optimizer, where the detector corresponding
to each SNR realization is trained by 20 epochs. Besides, for
each epoch, 5 x 10° samples are divided as batches with size
Ny, = 64. The learning rate is initially set to 10™3 and the
decay factor is 0.91. Once the learning rate drops to 10™4, the
dropping stops in the sequential epochs. To train the posterior
distribution p(*)(z;|y) accurately, cross-entropy loss function
is adopted as the learning performance metric, given by

N

= Nba ZZ Z(S =5 log( (tmaz) (s)), (14)

n=11=1s€0
where p(tme) (s) = e\ (5)p(s).

As for BPO, we have N = 100 and ¢ = 20. The hyper-
parameters of IEP-GNN detector (i.e., @ and ) are obtained
by BPO detailed in Algorithm 2, where each set of hyper-
parameters for a specific SNR realization is trained over 10
epochs with 10° samples.

To show the superiority of our proposed IEP-GNN detector,
Fig. 2 illustrates SER performance of MMSE, EP, mEP,
GEPNet and our proposed IEP-GNN detector with different
MIMO system configurations. The damping factors 3 for EP,
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Fig. 3.  The convergence comparison at the SNR = 21dB with antenna
configuration 32x32.

mEP and GEPNet are set to 0.9, 0.9 and 0.7, respectively [10].
It can be seen that our proposed IEP-GNN detector has
superior performance compared with other detectors regardless
of the system configuration. In particular, 1dB performance
improvement can be achieved for the proposed IEP-GNN
detector compared with GEPNet at the SER = 10~ in the
large-scale scenario. Furthermore, to mitigate the impact of
single SNR (SS) training on learning based methodology, the
SER performance of GEPNet-SS is also provided. Since the
GEPNet-SS without BPO suffers a performance loss caused
by unsuitable initial parameters, its performance is worse
than GEPNet at high SNRs. Therefore, it is evident that our
proposed IEP-GNN framework can achieve better performance
than the learning based counterparts with different training
schemes.?

To verify the convergence of our proposed IEP-GNN detec-
tor, the SER performance of four iterative detectors is shown
in Fig. 3, with SNR =21dB. All detectors are able to converge
in 10 iterations. Although our proposed IEP-GNN detector
needs a slightly greater iteration number than the conven-
tional EP and mEP detectors, it can significantly enhance the
performance while maintaining convergence compared with
learning based GEPNet*.

Moreover, the computational complexity of our proposed
IEP-GNN detector is on the order of O(SNE’ tmaz +
2NNy, Npy Ltmaz), which is the same as the GEPNet.’
Nevertheless, the SER performance of our proposed detector
is superior.

3In addition, our proposed detector could show performance superiority
under realistic correlated MIMO channels, while supplementary approaches
like LDPC coding [7] and data stream reduction [15] may be needed for
receivers in low-rank scenarios.

4To achieve convergence with fewer iterations, learning method can be
utilized to add learnable parameters into the LMMSE operation in EP, which
can accelerate the convergence of EP framework [16].

5Since the training of GNN-based detectors can be realized offline, only
the complexity of the online detection is considered here.

VI. CONCLUSION

In this letter, an improved model-driven GNN-based MIMO
detector, called IEP-GNN, was proposed. In particular, graph
neural network and improved moment matching were intro-
duced into our proposed detector, which can exploit the
symbol correlation and the outlier information of prior distri-
bution, thus guaranteeing the detection performance. To further
improve the performance of our proposed detector, hotbooting
and Bayesian parameter optimization were introduced into the
detector to acquire the training experiences and select proper
initial parameters, respectively. Simulation results validate the
superiority of our proposed detector, which outperforms the
state-of-the-art EP-based counterparts.
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