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A Novel Average Autoencoder-based
Amplify-and-Forward Relay Networks with

Hardware Impairments
Ankit Gupta and Mathini Sellathurai

Abstract—In this paper, we propose a novel Average au-
toencoder (AE)-based amplify-and-forward (AF) relay networks
impacted by the I/Q imbalance (IQI) and additional hardware
impairments (AHI), where the source and destination nodes are
equipped with neural network (NN)-based encoder and decoder,
while a conventional AF relay node assists the transmission. The
average AE employs multiple small NN-based decoders at the
destination node, each decoding a soft probabilistic output that
is averaged to obtain the final soft probabilistic output at the
destination node. By considering multiple small NN decoders,
we reduce the implementation complexity significantly while
improving the performance compared to the AE with a single
large but NN-based decoder. Within this Average AE framework,
we propose a coded modulation design (CMD) with zero-forcing-
based IQI compensation that considers the availability of the
channel state information (CSI) and IQI knowledge. However,
the IQI and CSI need to be estimated separately. Thus, we also
propose a CMD with no IQI compensation that requires only
the CSI knowledge. Finally, we propose a differential CMD that
removes the necessity of both the CSI and IQI knowledge. Under
low signal-to-interference-and-noise-ratio regimes, we show that
the proposed Average AE outperforms the optimal maximum
likelihood detector by considerable margin.

Index Terms—AF relay networks, additional hardware im-
pairments, average autoencoder, block coding, coded modulation
design, differential coded modulation design, I/Q imbalance, and
small neural networks.

I. INTRODUCTION

End-to-end learning-based data-driven approaches using
autoencoder (AE) framework has emerged as a promising
solution for optimizing all the components of the transmitter
and receiver together [1]. In particular, the AE framework
comprises of a neural network (NN)-based encoder and de-
coder, that operates mapping and demapping functions at the
source and destination nodes, enabling the AE to perform
block-by-block encoding and decoding, respectively. Thereby,
leading to the AE-based coded modulation design (CMD) with
the channel state information (CSI) knowledge and differential
CMD (d-CMD) without the CSI knowledge, for short block
lengths (n) and rate R = k/n [bits/channel-reuse] [1], [13].

Most of the AE frameworks employ multiple dense layers
in their NN architectures [1]–[15]. These dense layers form
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a weight matrix with the optimization parameters learned by
end-to-end training of the AE. However, as the number of
neurons in a dense layer increases, the number of optimization
parameters in the NN increases exponentially (see Example 1
in Sec. III). Thus, the AE works in [1]–[15] employing large
dense layers-based NNs has a drawback of optimizing a hu-
mongous amount of optimization parameters, at the same time,
using smaller dense layers-based NNs reduces the learning
capabilities of the AE framework. However, with the advent of
internet-of-thing (IoT) and wireless sensor networks (WSNs)
devices, reducing the optimization complexity of the AE
frameworks without sacrificing the AE’s performance becomes
pivotal for the practical realization of AE frameworks in small
devices of the future networks.

The AE frameworks have been analyzed widely for the
point-to-point (P2P) networks in [1]–[10]. Until now, only a
handful of works have focussed on AE-based CMD and d-
CMD for P2P networks under AWGN [1], [4], [7] and RBF [1]
channels. In particular, these works have considered low rate
transmission, while showing significant BER performance
gains over the BPSK modulation with (7, 4) Hamming code.
Besides, [2] studied AE-based modulation design only with
an iterative channel decoding using low-density parity-check
(LDPC) codes.

More complicated than the P2P networks are dual-hop re-
laying networks. We can broadly classify the relaying schemes
as decode-and-forward (DF) and amplify-and-forward (AF).
The AE-based AF and DF relaying networks are investigated
in [11]–[13] and [14], [15], respectively. In the AF scheme
the relay node receives, amplifies, and re-transmit the signals
all in the analog domain, with low computational complex-
ity, whilst attaining significant performance gains [13], [16],
[17]. The DF relay scheme will require additional NN-based
implementation at the relay node because the received signal
needs to be decoded and re-encoded at the relay before re-
transmission [14], [15]. This becomes impractical or complex
in many scenarios. The design complexities of DF relaying are
further investigated in [18]. Thus we focus on designing AE-
based AF relay networks in this work. The authors in [11]
proposed an AE-based AF relay network performing only
modulation design, while [12] proposed AE-based CMD and
d-CMD for AF relay networks. Both the [11], [12] propose to
utilize an NN-based AF relay node having full CSI knowledge.
However, the AF relay node is traditionally designed for
low implementation complexity with only channel gain infor-
mation. Thus, [13] performed AE-based CMD/d-CMDs, and
show that a traditional AF relay node in the AE-based AF relay
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networks helps in reducing the implementation complexity
while improving BER performance compared to [11], [12].
However, all the prior AE works [1]–[15] have considered an
ideal network.

In practice, relaying systems are compromised by the hard-
ware impairments, e.g., in-phase (I) and quadrature-phase (Q)
imbalance (IQI), power amplifier non-linearities, and phase
noise, leading to undesirable effects such as crosstalks, etc,
deteriorating the network performance [19]–[24]. In an ideal
case of I/Q matching, the maximum signal-to-interference-
and-noise-ratio (SINRmax) becomes infinity, while the authors
in [19] show that even for small phase and/or amplitude off-
sets can deteriorate the maximum SINR drastically. Thereby,
[19] proposed the zero-forcing (ZF)-based IQI compensation
and optimal maximum likelihood detector (MLD) for an AF
relaying network impacted by IQI under a moderate and high
SINR regimes. Apart from the IQI having a multiplicative
effect on the signal, tackling the other additional hardware
impairments (AHI) that have an additive effect on the signal
is of notable importance [22]. Recently the authors in [24]
analyzed both the multiplicative IQI and additive AHI (IQI-
AHI) for AF relaying and provided the optimum MLDs for
IQI-AHI compensation. However, any IQI compensation algo-
rithm such as ZF-based IQI compensation and optimal MLDs
in [19], [24] requires the IQI parameters, which needs to be
estimated separately based on the estimation of the effective
channel that comprises the IQI parameters [25]. Thereby, IQI
estimation leads to increased feedback overhead. Furthermore,
all these prior works [19]–[25] assume the CSI knowledge of
the source-relay-destination channels at the destination node,
which needs to be estimated separately. Several relay network
studies have focused on differential modulation designs [26],
but none of the prior AE [1]–[15] or signal processing [19]–
[26] works have proposed CMD and/or d-CMD for AF relay-
ing networks impacted by the hardware impairments.

In this work, we propose an AE-based AF relay network
with NN-based source and destination nodes and conven-
tional AF relay node assisting the transmission, where all
the nodes are impacted by the hardware impairments. We
consider a generalized framework for modelling the hardware
impairments in the system model. In particular, firstly, the
IQI with multiplicative impact on the Tx/Rx signal, that
can also be estimated [19]–[25] and secondly, the AHI with
additive impact on the Tx/Rx signal, that can not be estimated
because of practical limitations [27]–[29]. We propose the
amplification factor for the AF relay in the absence of the
CSI knowledge. We also analyze the destructive effects of the
IQI and/or AHI on the received SINR at the destination node.
The major contributions of this work are as follows:
• In contrast to the traditional AE frameworks in [1]–[15]

wherein a ‘single large’ NN decoder is considered at
the destination node, hereby referred as ‘Single AE’, we
propose a novel Average AE with ‘multiple small’ NN
decoders at the destination node. Each of these multiple
decoders obtain soft probabilistic outputs, which are
averaged to get the final soft output from the decoder. The
benefits of the proposed Average AE are – (i) number of
combined optimization parameters of multiple small NN

decoders remain significantly less compared to number
of parameters in a single large NN decoder, and (ii)
averaging from multiple soft outputs helps in improving
the BER performance compared to Single AE.

• We propose an Average AE-based CMD with CSI knowl-
edge and d-CMD without CSI knowledge for the AF relay
networks in the presence of IQI and/or AHI. Within this
Average AE framework, we firstly propose the CMD with
the IQI parameters and CSI knowledge, wherein we per-
form ZF-based IQI compensation while the NN decoders
in Average AE aims to learn removal of the residual IQI
and/or AHI. Secondly, we remove the necessity of the IQI
parameters, by proposing CMD with CSI knowledge and
no IQI compensation, such that the Average AE aims to
directly learn the removal of IQI and/or AHI. Thirdly, we
remove the necessity of both the IQI parameters and CSI
knowledge, by proposing d-CMD, wherein we also design
a radio transformer network (RTN) that helps in removing
the impacts of channel and hardware impairments from
the received signal.

• For a low SINR regime (SINRmax ranging from 2.6 −
6.6 dB) we consider the AF relay network in the presence
of – (i) only IQI, (ii) only AHI, (iii) both IQI-AHI,
our performance results show that the Average AE-based
CMDs and d-CMDs outperform the optimal MLD with
IQI and/or AHI shifting the error floors by extraordinary
margins, even outperforming ideal relay networks with
no hardware impairments (IQI and/or AHI).

The rest of the paper is organized as follows. In Sec. II we
propose the AF relay networks with IQI-AHI. In Sec. III we
propose the Average AE framework. We detail the training
methodologies and hyperparameter settings in Sec. IV. We
analyze the merits of proposed Average AE and extensively
evaluate the performance in Sec. V-VII. We conclude this work
in Sec. VII.

II. SYSTEM MODEL

In this section, we detail the system model for a dual-hop
AF relay network, where a source node (S) communicates
with a destination node (D) using an AF relay node (R) in the
presence of IQI-AHI at the source and destination nodes, as
depicted in Fig. 1. All three nodes are assumed to have a single
antenna. The direct link between the source and destination
nodes is assumed to be highly attenuated because of large-
scale path-loss or shadowing effects.

A. Modelling I/Q Imbalance

We detail the IQI at the radio frequency front-ends of the
source (Tx side) and destination (Rx side) nodes, while we
assume the ideal AF relay transmission with no IQI [19].
Acknowledging the IQI effects, the complex local oscillator
(LO) signals at Tx and Rx side can be given as [19]:

zT (t) = cos (ωLt) + jξT sin (ωLt+ φT )

= G1e
jωLt +G2e

−jωLt (1)
zR(t) = cos (ωLt) + jξR sin (ωLt+ φR)

= K1e
−jωLt +K2e

jωLt (2)
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Fig. 1: AF relay network with I/Q imbalance and aggregate hardware impairements.

where ωL = 2πfL, while fL denotes the frequency of the LO;
{ξT , φT } and {ξR, φR} represent the total amplitude and phase
imbalances of the source and destination nodes, respectively.
Using (1), (2) we obtain the IQI parameters at source node
(G1, G2) and destination node (K1,K2) as

G1 =
1

2

(
1 + ξT e

jφT
)
, G2 =

1

2

(
1− ξT e−jφT

)
, (3)

K1 =
1

2

(
1 + ξRe

−jφR
)
, K2 =

1

2

(
1− ξRejφR

)
(4)

Please note that in the ideal case of I/Q matching, IQI
parameters reduce to ξT = ξR = 1 and φT = φR = 0◦. Thus,
in the ideal case, we have G1 = K1 = 1 and G2 = K2 = 0.

B. Signal Transmission Model

In the first phase, the source node takes k bits as input,
represented as us ∈ {0, 1}k, and maps it to a complex
baseband symbol xs ∈ C, such that E

{
|xs|2

}
= 1. The up-

converted signal in the presence of Tx side IQI-AHI at the
source node [24] becomes

xIQs = G1xs +G?2x
?
s + ds (5)

where (·)? denotes the conjugate operation, and ds is a
complex Gaussian random variable with zero mean, variance
E{|ds|2} = σ2

hw and pseudo-variance E{d2s} = 0. The
received baseband signal by the relay node can be given as

yr =
√
Pshsrx

IQ
s + nr (6)

where Ps denotes the source transmission power, hsr ∼
CN (0, 1) is the first-hop channel and nr is the additive white
Gaussian noise (AWGN) at the relay node with zero mean
and σ2

r variance. In second phase, the relay node amplifies
the received signal with amplification factor, given as

α = (Ps |hsr|2 E{|xIQs |2}+ σ2
r)−1/2 (7)

The amplified signal xr = αyr received by the destination
node is represented as

yd =
√
Prhrdxr + nd (8)

where Pr is relay transmission power, hrd ∼ CN (0, 1) is
second-hop channel and nd ∼ CN (0, σ2

d) is AWGN at desti-
nation node. Considering Rx side IQI effect, we obtain yIQd
as (9), where Λ =

√
PsPrα (K1G1hsrhrd +K2G2h

?
srh

?
rd),

Ω =
√
PsPrα (K1G

?
2hsrhrd +K2G

?
1h
?
srh

?
rd),

ñds =
√
PsPrα (K1hsrhrdds +K2h

?
srh

?
rdd

?
s),

ñrd =
√
Prα (K1hrdnr +K2h

?
rdn

?
r) +K1nd +K2n

?
d.

In the received signal (9), we can see that IQI leads to
signal distortion, Λxs, and causes self-interference, Ωx?s , while
the AHI introduces additional noise ñds , each of which even
individually deteriorates the performance of the AF relay
network significantly.

Remark 1: Please note that the benefit of the considered
system model is that it encompasses all the possible scenarios

for modelling the hardware impairments, as detailed below
1) AF relay networks with IQI-AHI (c.f. [24]) – As proposed

above.
2) AF relay networks with only IQI (c.f. [19]–[21]) – Herein,

we consider only the impact of IQI, by keeping ds = 0
in the proposed system model.

3) AF relay networks with only AHI (c.f. [22], [23]) –
Herein, we consider only the impact of AHI, by keeping
G1 = K1 = 1 and G2 = K2 = 0 in the proposed system
model.

4) Ideal AF relay networks – Herein, we consider no
hardware impairments (no IQI and/or AHI), by keeping
G1 = K1 = 1, G2 = K2 = 0 and ds = 0 in the proposed
system model.

C. Without the CSI knowledge

In the case of the absence of the CSI knowledge, we propose
to employ traditional differential modulation-demodulation
techniques at the source and destination nodes with the signal
transmission-reception process as Sec. II-B. While, we modify
the amplification factor in (7) as

α = (Psσ
2
srE{|xIQs |2}+ σ2

r)−1/2 (10)
where σ2

sr = E{|hsr|2} is the long term expectation of the first
hop channel. Note a similar amplification has been adopted for
an Ideal AF relay networks with no IQI and/or AHI in [26].

D. Signal-to-interference-and-noise-ratio (SINR) at the Desti-
nation node

Now, we evaluate the destructive effect of the hardware
impairments (IQI and/or AHI) on the AF relay networks. Let
us assume that the transmitted symbol power is unity and
Ps = Pr = 1. Then, using (9) we can determine the SINR (in
dB) at destination node as (11).

Now, we can determine the maximum SINR (SINRmax)
(in dB) at the destination node for proposed AF relay network
with IQI and/or AHI by considering there are ‘no’ noise terms
at the relay and destination nodes

(
σ2
r = 0, σ2

d = 0
)
, given as

SINRmax = SINR
(
σ2
r = 0, σ2

d = 0
)

(12)
In Fig. 2, by assuming same IQI at the source and destina-

tion nodes, i.e., φT = φR = φ and ξT = ξR = ξ, we analyze
the impact of IQI and/or AHI on the maximum SINR using
(12). In Fig. 2a–2c, we see that the maximum SINR for the
Ideal AF relay networks is SINRmax =∞.

We also analyze the AF relay networks with only IQI in
Fig. 2a, 2b, wherein we see that even a small amplitude offset
ξ = 0.8 can make SINRmax = 40 dB and a minor phase offset
φ = 15◦ can make SINRmax = 30 dB. Moreover, we analyze
the AF relay networks with only AHI in Fig. 2c, where we
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yIQd = K1

yd︷ ︸︸ ︷(√
Prαhrd

(√
Pshsr (G1xs +G?2x

?
s + ds)︸ ︷︷ ︸

xIQ
s

+nr
)

︸ ︷︷ ︸
yr

+nd

)
+K2

y?d︷ ︸︸ ︷(√
Prαhrd

(√
Pshsr (G1xs +G?2x

?
s + ds)︸ ︷︷ ︸

xIQ
s

+nr
)

︸ ︷︷ ︸
yr

+nd

)?

yIQd =
√
PsPrα (K1G1hsrhrd +K2G2h

?
srh

?
rd)xs︸ ︷︷ ︸

Desired signal

+
√
PsPrα (K1G

?
2hsrhrd +K2G

?
1h
?
srh

?
rd)x

?
s︸ ︷︷ ︸

Self-interference signal with IQI

+

√
PsPrα (K1hsrhrdds +K2h

?
srh

?
rdd

?
s)︸ ︷︷ ︸

AHI noise with IQI

+
√
Prα (K1hrdnr +K2h

?
rdn

?
r) +K1nd +K2n

?
d︸ ︷︷ ︸

Noise with IQI

yIQd = (Λxs + Ωx?s) + ñds + ñrd (9)

SINR =
E
{
|Λxs|2

}
E {|Ωx?s|2 + |ñds |2 + |ñrd|2}

=
|K1|2|G1|2 + |K2|2|G2|2

|K1|2|G2|2 + |K2|2|G1|2 + (σ2
hw + σ2

r + σ2
d) (|K1|2 + |K2|2)

(11)
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Fig. 2: Impact of IQI and/or AHI on the maximum SINR SINRmax (in dB).

can see that even a negligible AHI σ2
hw = 0.05 can make

SINRmax = 20 dB.

In Fig. 2d-2f, we consider the impact of both IQI-AHI on
the AF relay networks. As seen in Fig. 2d, 2e, even with
no IQI (ξ = 1, φ = 0◦) the maximum SINR is limited
to only 10 dB. While comparing Fig. 2c and Fig. 2f, we
see that combined IQI-AHI deteriorates the maximum SINR
dramatically, limiting it to only 6 dB. Therefore, it becomes
pivotal to develop novel techniques for AF relay networks
that can help in the successful transmission of signals in the
presence of hardware impairments (IQI and/or AHI) under

such low SINR regimes.

E. Non-Ideal AF Relay with IQI-AHI

In this section, we consider a non-ideal AF relay node with
IQI and AHI, as shown in Fig. 3. While the up-converted signal
in presence of Tx side IQI-AHI at the source node (xIQs ) and
the received baseband signal at the relay node (yr) remain as
(5) and (6), respectively. Considering the Rx side IQI effect
at the relay node, we obtain yIQr as shown below

yIQr = K1yr +K2y
?
r (13)
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Fig. 3: Non-ideal AF relay node with both IQI and AHI.

In second phase, the relay node amplifies the received signal
with amplification factor, given as (14).

The up-converted signal in the presence of Tx side IQI-AHI
at the relay node becomes

xIQr = G1αy
IQ
r +G?2αy

IQ?

r + dr (15)
where dr is a complex Gaussian random variable with
zero mean, variance E{|dr|2} = σ2

hw and pseudo-variance
E{d2r} = 0. And the signal received by the destination node
is represented as

yd =
√
Prhrdx

IQ
r + nd (16)

Considering the Rx side IQI effect, we obtain yIQd as shown
below

yIQd = K1yd +K2y
?
d (17)

= Λxs + Ωx?s + d̃s + ñr + d̃r + ñd (18)

where we define {Λ,Ω, d̃s, ñr, d̃r, ñd} in (19)–(24).

III. PROPOSED AVERAGE AE FOR AF RELAY NETWORKS
WITH IQI-AHI

Both the AE-based (d-) CMD or conventional channel
coding aim to design the forward error-correction codes that
minimize the propagation errors [9]. While the AE design the
codes using a learning-based approach by updating the NN
weights, the conventional codes remain algebraic or random.
Designing an optimal (d-) CMD for relaying channels and
short block lengths still remains unsolved using conventional
codes. thus we focus on AE-based (d-) CMD. We propose a
novel Average AE-based framework for the AF relay network

with IQI and/or AHI, as shown in Fig. 4. We consider block-
by-block encoding and decoding at the source and destination
nodes, respectively, while signal transmission in each phase
takes place symbol-by-symbol as Sec. II-B.

In contrast to the previous works, where symbol forms the
input-output of the AE (symbol-wise AE [1], [3]–[12], [14],
[15]), we focus on bits as input-output of the AE (bit-wise
AE [2], [13]), because of two specific reasons – (1) bit-
wise AE gives soft probabilistic outputs for each of the k
bits, and (2) bit-wise AE leads to automatic bit-labeling of
the constellation learned in 2n-dimensions, otherwise solved
heuristically by solving a 2k! combinatorial problem [2], [13].

In contrast to the traditional AE frameworks in [1]–[15]
wherein a ‘single large’ NN decoder is considered at the
destination node, hereby referred as Single AE frameworks,
we propose the Average bit-wise AE framework comprising of
V small NN decoders, represented by di, for all i = 1, ..., V ,
at the destination node. We input the received signal to each
of these V decoders separately. Since each of the V decoders
learn separate weight matrices, represented by Wi, we ob-
tain V individual soft probabilistic outputs from each small
decoder, which are averaged to get the final soft output from
the decoder. Then, we perform end-to-end training between
the input bits at the encoder and the final soft output at the
decoder to optimize the weight matrices at the NN encoder and
decoders at the source and destination nodes, respectively.

As we employ an Average bit-wise AE with k bits as input-
output, we solve a communication bit-decoding problem in the
AF relaying network as a multi-label binary class classification
problem. In particular, k input-output bits represent k labels,
with each label taking binary 0/1 value, thus there exist
2k possible classes, and the Average bit-wise AE design 2k

possible codewords each representing a different class in a
2n-dimensional space.

The advantages of the proposed Average AE over the Single
AE in [1]–[15] are as follows:
• Lower computational complexity – The small number of

neurons in dense layers leads to smaller weight matrices,

α =
(
Ps |hsr|2

(
|K1|2 + |K2|2

)(
|G1|2 + |G2|2 + σ2

s

)
+
(
|K1|2 + |K2|2

)
σ2
r

)−1/2
(14)

Λ =
√
PsPrα

(
K2

1G
2
1hsrhrd +K1K2G1G2h

?
srhrd +K1K

?
1G2G

?
2h
?
srhrd +K1K

?
2G1G

?
2hsrhrd+

K?
1K2G

?
1G2h

?
srh

?
rd +K2K

?
2G1G

?
1hsrh

?
rd +K1K2G1G2hsrh

?
rd +K2

2G
2
2h
?
srh

?
rd

)
(19)

Ω =
√
PsPrα

(
K2

1G1G
?
2hsrhrd +K1K2G1G

?
1h
?
srhrd +K1K

?
2G

?
2G

?
2hsrhrd +K1K

?
1G

?
1G

?
2h
?
srhrd+

K?
1K2G

?
1G

?
1h
?
srh

?
rd +K2K

?
2G

?
1G

?
2hsrh

?
rd +K1K2G2G

?
2hsrh

?
rd +K2K2G

?
1G2h

?
srh

?
rd) (20)

d̃s =
√
PsPrαhsrds

(
K2

1G1hrd +K1K
?
2G

?
2hrd +K2K

?
2G

?
1h
?
rd +K1K2G2h

?
rd

)
+
√
PsPrαd

?
s

(K1K2G1hrdh
?
sr +K1K

?
1G

?
2h
?
srhrd +K?

1K2G
?
1h
?
srh

?
rd +K2h

?
rdG2K2h

?
sr) (21)

ñr =
√
Prαnr

(
K2

1G1hrd +K1K
?
2G

?
2hrd +K2K

?
2G

?
1h
?
rd +K1K2G2h

?
rd

)
+√

Prαn
?
r (K1K2G1hrd +K1K

?
1G

?
2hrd +K?

1K2G
?
1h
?
rd +K2K2G2h

?
rd) (22)

d̃r =
√
PrK1hrddr +

√
PrK2h

?
rdd

?
r (23)

ñd = K1nd +K2n
?
d (24)
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Fig. 4: Proposed Average AE framework (shown for V = 3 small NN decoders) for the AF relay networks with IQI-AHI.
Note the Example 2’s 5th and 6th bits are shown in a green box.

even with the collection of all the weights in V small

NN decoders
V∑
i=1

Wi in Average AE, still the number

of optimization parameters is dramatically lessened com-
pared to a single large NN-based Single AE framework.
For example (Example 1), the simplest NN is composed
of two dense layers, say of size X and Y neurons,
which will form a weight matrix of X × Y optimization
parameters (stored in a weight matrix W). Suppose
we have two NNs (NN-1, NN-2) each comprising of
two dense layers, with {X1, Y1} = {512, 256} neurons
and {X2, Y2} = {64, 16} neurons, then the number of
optimization parameters in NN-1 and NN-2 becomes
131, 072 and 1024, respectively. Thus, the smaller size
of dense layers in NN-2 helps in reducing the number of
optimization parameters exponentially, but also naturally
have less processing capabilities compared to large dense
layers-based NN-1. Thus, in this work, we counter the
reduced processing capabilities of a single small NN
decoder, by considering a collection of multiple small
NN decoders. Considering (Example 1), we can have
V = 131, 072/1024 = 128 small NN decoders in
Average AE that will reach the similar complexity as
Single AE framework.

• Improved decoding prowess – The averaging from mul-
tiple small decoders’ soft probabilistic outputs help in
improving the decoding prowess improving the BER
performance. For example (Example 2), as shown in
Fig. 4, let us consider encoding-decoding of 8 bits, where
the encoder inputs 0 and 0 at its 5th and 6th bit locations.
However, the decoder d2 predicts it as 0.6 and 0.6, which
in case of only a single decoder that learn weights W2

(similar to the decoder d2) would have decoded it as 1

and 1, as in the single decoder-based Single AEs in prior
works [1]–[15]. But since we introduce the concept of
multiple small decoders and taking the mean of their
soft probabilistic outputs, the average soft probabilistic
output becomes 0.3 and 0.4 which are decoded as 0 and
0. Naturally, averaging soft probabilistic outputs becomes
even more valuable when these soft outputs lie close to
the hard decision threshold of 0.5.

In this work, we utilize L dense layers [30] in the NN,
where lth∈{1, ..., L} dense layer, as

Z(l) = σl(WlZ
(l−1) + bl) (25)

where (for the the lth layer) the Z(l) denotes the dense layer’s
output, θl = {Wl,bl, δl} represent the weights, bias and
neurons (nodes), and σl(·) indicates the activation function.

A. Designing of the Encoder at the Source Node
The source node takes k bits us ∈ {0, 1}k as input and

maps it to n complex baseband symbols xs ∈ Cn (performing
block-by-block encoding), by a mapping function fθs(us,xs),
where θs is the NN encoder’s parameters of the M dense
layers, given as
fθs

(us,xs) = σM (WMσM−1 (WM−1σM−2 (...σ1 (W1us

+b1) ...) + bM−1) + bM ) (26)
We impose a power normalization PN on the output of the
encoder, such that ||fθs

(us,xs)||22 = n. Thus, the baseband
representation of the up-converted signal in the presence of
Tx IQI and AHI at the source node becomes xIQs ∈ Cn,
represented as follows

xIQs = G1fθs
(us,xs) +G?2 (fθs

(us,xs))
?

+ ds (27)

B. Designing of the AF Relay Node
The signal received at the AF relay is given by (6).

Similar to our previous work [13], we propose to utilize the
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[
yIQd
yIQ

?

d

]
=

[
Λ Ω
Ω? Λ?

] [
xs
x?s

]
+
√
PsPrα

[
K1hsrhrd K2h

?
srh

?
rd

K?
2hsrhrd K?

1h
?
srhrd

] [
ds
d?s

]
+
√
Prα

[
K1hrd K2h

?
rd

K?
2hrd K?

1hrd

] [
nr
n?r

]
+

[
K1 K2

K?
2 K?

1

] [
nd
n?d

]
y = Axs + Bds + Cnr + Dnd (30)

conventional AF relay node because of its low implementation
complexity. Thus, the received signal is amplified as xr = αyr,
using the amplification factor given in, (7) in the presence of
CSI knowledge and (10) in absence of the CSI knowledge.

C. Designing of the Decoder at the Destination Node
The relay re-transmits the amplified signal to the destination

node, which receives the signal yIQd as (9) considering the
Rx side IQI effect. Once the decoder receives n symbols,
the decoder implements block-by-block decoding in each of
the small decoders di, such that yIQd ∈ Cn symbols are
demodulated to V soft probabilistic outputs p̃gθdi (ums |y

IQ
d ),

∀,m = 1, ..., k and i = 1, ..., V , by V de-mapping functions
gθdi

(yIQd , p̃gθdi
(us|yIQd )), ∀ i, where θdi denotes the weights

(Wi) and bias (bi) terms of N dense layers in the ith NN
decoder (di), represented as follows

gθdi
(yIQd , p̃gθdi

(us|yIQd )) = σiN (Wi
Nσ

i
N−1(...σi1(Wi

1

LL(yIQd ) + bi1)...) + biN ), ∀ i (28)
where LL denotes the Lambda layer with no trainable (or opti-
mization) parameters, employed to perform the signal process-
ing (or mathematical) operations such as channel equalization
etc.

Now, we take the average of the V probabilistic outputs
from the V decoders which becomes the final (actual) output
from the NN decoder, given by

p̃gθd (us|yIQd ) = µ
(
p̃gθdi

(us|yIQd ), ∀ i
)

(29)

where µ(·) denotes element-by-element mean operation. For
the sake of brevity, we can also collectively show all the
learning parameters and de-mapping functions in the V NN
decoders as θd = {θd1 , ...,θdV } and gθd

= {gθd1
, ..., gθdV

},
respectively.

D. Proposed Average AE-based CMD and d-CMD Method-
ologies

We propose the Average AE-based CMD with (w/) CSI
knowledge and d-CMD without (w/o) CSI knowledge by
designing the Lambda layers in the V small decoders, as
detailed below:
• We propose two approaches for the CMD depending on

the availability of IQI parameters:
– CMD: ZF IQIC – The ZF-based IQI compensation is

a popular technique [19]. Herein, we aim to cancel
the self interference term in (9) and detect the trans-
mitted signal xs. This is achieved by concatenating
the received signal yIQd and its conjugate yIQ

?

d in a
matrix form as (30). Now, using (30) we can obtain

the multiplication factor A =

[
Λ Ω
Ω? Λ?

]
. Then, we

propose to perform ZF-based IQI compensation as

ŷIQd = A−1 × yIQd in the Lambda layer LL for all
the n received symbols. Thus, each of the V small
NN decoders of the Average AE framework basically
aims to learn the removal of residual IQI and/or AHI.

– CMD: No IQIC – The ZF-based IQI compensation
assumes the knowledge of IQI parameters, but in
practice, we have to estimate it separately. Thus to
remove the necessity of estimating IQI parameters we
let the decoders of the Average AE directly learn the
removal of IQI and/or AHI. Hence, we only perform
channel equalization of dual-hop channels (hsr, hrd)
in the Lambda layer LL of V small NN decoders.

• We propose Average AE-based d-CMD, wherein we
remove the necessity of both CSI knowledge and IQI
parameters by considering an NN-based radio transformer
network (RTN) in the Lambda layers LL of each the V
small NN decoders. The RTN has been widely employed
to estimate the CSI knowledge [1], however, we propose
an RTN that helps in removing the dual-hop channel
and hardware impairments (IQI and/or AHI) from the
received signal at the destination node. Further, we con-
sider each of the V small NN decoders consists of a
separate NN-based RTN because each of these V RTNs
will be trained with different weights, helping in a better
averaging of the soft probabilistic outputs.

IV. TRAINING OF THE PROPOSED AVERAGE AE-BASED
FRAMEWORK

The training process of the Average AE-based AF relay
network is shown in Fig. 4, which aims to maximize the
chances of reconstruction of the intended signal us by learning
the mapping and demapping functions (θs,θd) at the source
and destination nodes, respectively. Note that the training
details remain generalizable for both the Average AE-based
CMD and d-CMD.

A. Optimizing Loss in the Proposed Average AE

We train the Average AE by minimizing the binary cross-
entropy (CE) loss [30] between the input bits us at the
encoder and average soft output p̃gθd (us|yIQd ) at the decoder,
as follows:
L(us, ûs|yIQd ) = Eus [−(1− us) log2(p̃gθd (us|yIQd ))

− us log2(1− p̃gθd (us|yIQd ))] (31)

= Eus,S [log2(1 + exp(−(−1)usS))] (32)
where S ∈ Rk is the output of the AE’s decoder prior to
applying the sigmoid activation function in the last layer of
each small decoder, i.e. p̃gθd (ums |y

IQ
d ) = (1+e−S

m

)−1. Thus,
the binary CE loss in (32) is minimized by increasing the log-
probability corresponding to the information bit, equivalent
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TABLE I: NN architectures at different nodes in the proposed Average AE framework.

NN Encoder ith NN Decoder RTN in Lambda layer

Neurons Remark Neurons Remark Neurons Remark

δ1 = k Input (us) δ1 = 2n Input (yIQ
d ) δ1 = 2n Input (yIQ

d )

δ2 = 4k σ1 = Tanh δ2 = 2n Lambda layer (LL) δ2 = 128 σ1 = Tanh
δ3 = 2k σ2 = Tanh δ3 = 8k σ1 = Tanh δ3 = 32 σ2 = Tanh
δ4 = 2n σ3 = Linear δ4 = 2k σ2 = Tanh δ4 = 2n σ3 = Linear
δ5 = 2n Power normalization (PN) δ5 = k σ3 = Sigmoid

δ5 = [2n, 2n]

Concatenate 2n Input

δ6 = 2n Output (xs) δ6 = k
Soft output and 2n output

(p̃gθdi
(us|yIQ

d )) of previous layer

TABLE II: Training dataset creation and training details.

Parameter Value

Training transmit SNR S {3, 8, 13, 23, 33, 43, 53, 63} dB
Training samples Qtrain for each S 3× 104 blocks of data
Testing samples Qtest for each S 5× 105 blocks of data

Generalization over Fixed values For each S varying values
SNR + phase-offset {ξ, σ2

hw} = {0.7, 0} φ = {15◦, 30◦}
SNR + amplitude-offset {φ, σ2

hw} = {15
◦, 0} ξ = {0.4, 0.7}

SNR + AHI {φ, ξ} = {0◦, 1} σ2
hw = {0.15, 0.25}

SNR + IQI + AHI {φ, ξ} = {25◦, 0.4} σ2
hw = {0.1, 0.2}

Step-Decay

Initial learning rate τ0 0.002

Learning rate drop η 0.5

Epochs before every drop DE 25

Minimum learning rate τmin 10−5

Early stopping
Minimum update in validation accuracy 10−4

Patience to stop training 17

to maximizing the generalized mutual information of the AF
relay networks [11].

B. Neural Network Architecture

We detail NN architecture of the proposed Average AE in
Table I. Note that in the d-CMD, the output of RTN is 4n
values which becomes output of the Lambda layer (LL) of the
ith NN decoder. All the NNs are implemented in Keras [31]
with TensorFlow [32] as backend.

C. Training and Testing Dataset Creation

We detail the training and testing dataset creation. For
simplicity, we assume ξ = ξT = ξR, φ = φT = φR,
and Ps = Pr = 1. Let {Qtrain, Qtest} denote the training
and testing samples. We create a training dataset such that
trained Average AE framework can generalize well on all the
varying testing SNRs and phase offsets / amplitude offsets
/ AHI / both IQI-AHI during the predictions. In particu-
lar, we keep {Qtrain, Qtest} = {3, 5} × 104 blocks of data.
Further, Qtrain training samples are generated for each of
S = {3, 8, 13, 23, 33, 43, 53, 63} dB transmit SNR. For better
generalization of the Average AE over testing SNRs and phase
offsets or amplitude offsets or AHI or both IQI-AHI, we fix
{ξ, σ2

hw} = {0.7, 0} or {φ, σ2
hw} = {15◦, 0} or {φ, ξ} =

{0◦, 1} or {φ, ξ} = {25◦, 0.4} and vary φ = {15◦, 30◦} or
ξ = {0.4, 0.7} or σ2

hw = {0.15, 0.25} or σ2
hw = {0.1, 0.2},

respectively, and for each SNR in S we generate Qtrain training
samples to create the training datasets. Then, we train Average
AE frameworks using each of these training datasets and test
for unseen Qtest = 5 × 105 blocks of data of varying SNRs
and phase offsets / amplitude offsets / AHI / IQI-AHI. We
summarize training dataset creation details in Table II.

D. Training Process and Hyper-parameter Settings

Now, we detail the training process. We can estimate the
loss via sampling [30] as

L(fθs
, gθd

) = 1/B
∑Qtrain

B

q=1

∑B

i=1
Lfθs ,gθd (ui,qs , ûi,qs ) (33)

where B is the batch size and {uqs, ûqs} is the input-output of
the AE. Thus, we can write the objective function as

minfθs ,gθd L(fθs
, gθd

) (34)
Now, we update the parameter set {fθs

, gθd
} iteratively by the

stochastic gradient descent (SGD) method as shown below,
until convergence of binary CE loss in (33), as follows(
{f (t)θs

, g
(t)
θd
}
)

=
(
{f (t−1)θs

, g
(t−1)
θd

}
)
− τOL

(
{f (t−1)θs

, g
(t−1)
θd

}
)

(35)
where τ > 0, t,O represent the learning rate, iteration index
and gradient operator [30].

To train the proposed Average AE we utilize SGD with
Adam [33] optimizer, where the weights are initialized using
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Fig. 5: BER and complexity comparison for the varying NN decoders at destination node.

Glorot initializer [34]. We utilize step-decay1 method [30] to
update the learning rate. In particular, we start the training
with an initial learning rate τ0 = 0.002 for the first epoch
and then drop the learning rate by η = 0.5 after every
DE = 25 epochs (we also constraint the minimum learning
rate to be τmin = 10−5). To ensure that the training of all the
V small NN decoders have converged, we also utilize early
stopping [35] to stop the training of the AE if no significant
update is made to the validation accuracy2 of each of the V
small NN decoders during the training process. In particular,
we keep the minimum update in validation accuracy as 10−4

and patience to stop as 17. We summarize training details in
Table II.

E. Predictions at the Destination Node

For each r′ = {1, ..., Stest} testing sample, the bits can
be predicted û

(r′,m)
s by keeping a hard-decision thresh-

old of 0.5 on the soft-probabilistic output at the decoder
p̃gθd (u

(r′,m)
s |y(r′)

d ) ∀ r′,m.

V. ANALYZING THE PROPOSED AVERAGE AE
FRAMEWORK

In this section, we analyze the small NN decoders in the Av-
erage AE framework. Also, we compare the performance and
complexity with Single AE frameworks. We utilize Rayleigh
block fading (RBF) channels with (n, k) = (7, 8), until
otherwise stated, where channel remains constant for n = 7
symbols and then changes randomly.

A. In an Ideal Scenario

In this section, we consider an ideal AF relay network (Case
I detailed in Table IV).

1) Varying Number of Small NN-based Decoders at the
Destination Node: In Fig. 5, we compare the BER and
computational complexity for varying number of small NN-
based decoders at the destination node for both the CMD
(in Fig. 5a) and d-CMD (in Fig. 5b). In Fig. 5a, the BER
performance improves until the number of small NN decoders

1Step decay is a learning rate schedule that drops the learning rate by a
factor every few epochs [30].

2Typically, training set Qtrain is divided in 4 : 1 ratio, and used for training
and validating the AE model, respectively [30].

becomes 3 while deteriorating later. This is because, in the
CMD, we first perform channel equalization, and then equal-
ized signal is passed through each of the NN decoders, thus
addition of more NN decoders after a certain point (here
3) does not improve the performance, instead, it makes the
convergence of the NN training difficult, leading to the poor
BER performance. In Fig. 5b, the BER performance improves
until the number of small NN decoders becomes 4 while
converging thereafter. This is because, in the d-CMD, we
don’t have the CSI knowledge and each decoder performs
channel estimation and equalization (using NN-based RTN)
followed by the signal decoding using small NN decoders.
Thus, an increasing number of small NN decoders with RTNs
improve the estimation of channel fading accurately, and the
BER performance improves.

The total optimized NN parameters in the CMD (NCMD)
and d-CMD (Nd-CMD) is given as:

NCMD(k) = NE(k) + V ×ND(k)
for k=8

= 1054 + V × 6048 (36)
Nd-CMD(k) = NE(k) + V × (NR +ND(k))

for k=8
= 1054 + V × (3032 + 6048) (37)

where NE(k),NR,ND(k) denote the total NN parameters
in the encoder, RTN and small decoder, respectively. Note
that NE(k),ND(k) depends on the input-output bits (k). From
(36) and (37), we can say that the computational complexity
depends on the number of small NN-based decoders, V . Thus,
for CMD and d-CMD we employ (V = 3) small NN-based
decoders. Please note in Fig. 5b, although BER converges for
V = 4 we employ V = 3 because the BER gains are minimal
compared to added complexity.

Remark 2: We also consider multiple small NN-based
encoders with averaging of transmit symbols at the source
node, but we see no performance gains. Intuitively, this is
because the NN encoder learns complex coding representation
at the source node, thus the NN decoder is unable to decode
the signal.

2) Analyzing the weights learned by different small NN
decoders at the destination node: The proposed Average AE
comprises of averaging the soft-probabilistic outputs from V
small NN-based decoders, each identical in the NN architec-
ture. For the Average AE-based CMD we employ V = 3
small NN decoders, thus have three weight matrices for each
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Fig. 6: Weights (W1,W2,W3) of V = 3 small NN decoders of trained Average AE performing CMD and the standard
variation σ(·) between the weights (colorbar remains same for all plots).

small NN decoder, represented as (W1,W2,W3). In Fig. 6,
we analyze the weights learned by a trained Average AE per-
forming CMD. For simplicity, we show the weights between
the last layer of the NN decoder (of size 2k) and output layer
(of size k) for each of the V = 3 decoders in Fig. 6a–6c.
We can see a large variation between the learned weights of
the three small decoders, also illustrated in Fig. 6d. Thus,
varying weights produce different soft-probabilistic outputs
and help in improving the performance using the averaging
method proposed in this work. In contrast to CMD, where
the impact of channel fading is removed beforehand, in the
d-CMD, we noticed even larger standard variations between
the weights of the small NN-decoders because of the channel
estimation using NN-based RTN, not shown here because of
space constraint.

3) Comparison of the Proposed Average AE Framework
with Benchmark AE Frameworks: In Fig. 7 we compare
the Average AE-based CMD with following AE benchmarks
designed for the AF relay networks [5], [13]:
• Single AE [13] – We use the single large NN decoder

given in [13] for the Single AE-based AF relay networks,
while the NN encoder is kept same as proposed Average
AE framework.

• CNN AE [5] – We consider convolutional neural network
(CNN)-based AE architecture proposed in [5], comprising
of 1D convolutional, batch normalization, and activation
layers in both the NN encoder and NN decoder of the
AE framework.

• Iterative decoding – Instead of considering (d1, d2, d3)
connected parallel together as in the proposed Average
AE, we consider iterative (serial) decoding with yIQd →
d1 → d2 → d3, where input of d2 and d3 becomes k
soft probabilistic outputs of d1 and d2, respectively, and
output of d3 becomes the final soft probabilistic output.

For fair comparison in AF relaying network, we consider
training process and hyper-parameter settings for all the AE
frameworks same as Sec. IV-D. In Fig. 7, we can see that
as SNR increases BER reduces, except the iterative decoding
that cannot decode the signal. We observe that in the iterative
decoding the first decoder performs the sub-optimal decoding
because of lower NN parameters, while the later decoders
are worsening the previously soft decoded outputs. Further,
the Single AE [13] and Average AE based on Dense layers
outperforms the CNN AE [5] based on the 1D convolutional
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Fig. 7: Comparison of the Average AE Framework with
Benchmark AE Frameworks [13], [5].

layers. Moreover, CNN AE [5] employs a symbol-wise AE,
which additionally requires solving 2k! combinatorial problem
for bit-labelling, compared to proposed bit-wise Average AE
framework. The proposed Average AE starts performing better
than the Single AE for the SNR Eb/N0 ≥ 10 dB. We compare
the computational complexity in Sec. V-C.

4) Higher Rate Scenario: In Fig. 7, we also consider the
higher rate scenario of (n, k) = (7, 16) and compare the
Average AE with Single AE [13]. For higher computational
prowess in Single AE [13], we also double its number of neu-
rons in NN encoder and decoder compared to (n, k) = (7, 8).
We can see that as the rate R = k/2n (where 2 is because
of dual-hop) increases from R = 8/14 to R = 16/14 the
BER performance gains achieved by the proposed Average AE
over the Single AE further improves. Also, the computational
complexity for R = 16/7 reduces by a factor of 14.6.

B. With Hardware Impairments (IQI-AHI)

In Fig. 8, we consider both IQI and AHI (Case C as
shown in Table IV) and compare the Average AE-based CMD
with following AE benchmarks designed for the AF relay
networks [12], [13] (all w/ CSI knowledge):
• [12] – A symbol-wise AE is designed for ideal AF relay

network with NN-based AF relay.
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Fig. 8: Comparison of the Average AE Framework with AE
frameworks in [12], [13] (Case C).

TABLE III: Total number of NN parameters for (n, k) =
(7, 8).

AE model Encoder Decoder Total

[5] 137, 286 138, 496 275, 782

[12] 9, 200 105, 086 114, 286

[13] 3, 422 47, 336 50, 758

Average AE (CMD: No IQIC) 1, 054 6, 408 7, 462

• [13] – A bit-wise AE is designed for an ideal AF relay
network with conventional AF relay.

In Fig. 8, we compare proposed Average AE with [12], [13].
The [12] performs the worst because it employs a symbol-
wise AE framework which requires heuristically solving a 2k!
combinatorial problem to obtain the bit-labels and it also con-
siders NN-based processing at AF relay node which worsens
the decoding at the destination node. Moreover, the [13] over-
comes the drawbacks of [12] by considering a conventional
AF relay node and a bit-wise AE framework with automatic
bit-labeling. However, [13] performs 3 − 12 dB worse than
the proposed Average AE without IQI compensation because
[13] considers a single large NN decoder, while the Average
AE considers the average of soft probabilistic output from the
V small NN decoders. Furthermore, we also propose Average
AE with ZF-based IQI compensation, as IQI compensation has
never been performed in [12], [13], we can see that ZF-based
IQI compensation leads to more than 17 dB gains compared
to [13] at high SNR, with the knowledge of IQI parameters.

C. Computational Complexity Analysis

In Table III, we analyze the computational complexity for
the proposed Average AE-based CMD without IQI compen-
sation (CMD: No IQIC) with benchmarks [5], [12], [13]. We
can see that the proposed Average AE with V small NN
decoders reduces the computational complexity by a factor of
43, 15.3, 7.3 compared to [5], [12], [13] each using a single
large NN decoder, respectively. Please note even for proposed
Average AE-based CMD with ZF-based IQI compensation the

number of optimization parameters remains the same because
we perform ZF-based IQI compensation in Lambda layer with
no trainable parameters, and the proposed Average AE-based
d-CMD has additional RTN in each of the V small NN
decoders, with fixed 3, 032 optimization parameters in each
RTN.

VI. PERFORMANCE EVALUATION

In this section, we evaluate the proposed Average AE for
the AF relay networks with hardware impairments (IQI and/or
AHI). We utilize RBF channels with (n, k) = (7, 8). Specifi-
cally, we evaluate the performance on the low SINR regime by
considering the Cases A–E as shown in Table IV. Please note,
we show the performance with transmit SNR (Eb/N0), as the
received SINR (even maximum SINR (SINRmax) calculated
using (12)) becomes extremely low.

A. Benchmark Algorithms for Conventional AF Relay Net-
works with IQI-AHI

For the conventional scenarios, in the presence of CSI
knowledge, we utilize QPSK with (7, 4) Hamming codes and
consider the following as benchmarks:
• Optimal MLD w/ CSI – The optimal MLD in [19]

performs only IQI compensation by modelling it as
improper Gaussian noise. Using a similar approach, we
straightforwardly obtain the optimal MLD performing
IQI-AHI compensation.

• MLD: No IQIC w/ CSI – Herein, we assume we do not
have the IQI parameters, thus, we use a traditional MLD
without any IQI compensation.

For conventional scenario without the CSI knowledge, we
consider no IQI parameters or AHI information, we utilize
d-QPSK with (7, 4) Hamming codes and consider following
benchmarks:
• MLD w/o CSI – Herein, we employ the traditional MLD

without any IQI compensation.
We also consider Ideal MLD for the ideal AF relay network

(Case I) both with and without CSI knowledge. Wherein, as
there are no hardware impairments we employ the traditional
MLD.

B. Average AE-based CMD with No IQI Compensation

In Fig. 9, for Cases A–C, we analyze the Average AE-based
CMD: No IQIC and consider the benchmark MLD: No IQIC.
We can see that the MLD can decode the signals in presence
of high phase offset (Case A) but is unable to decode the
signals with high amplitude offset (Case B) or for both IQI-
AHI (Case C). This is because, with the presence of IQI and/or
AHI, the maximum SINR reduces dramatically (shown in
Table IV). However, the Average AE-based CMD can decode
the signals in the presence of high amplitude/phase/IQI-AHI,
even outperforming the Ideal MLD for all the Cases A, B, and
C up to Eb/N0 as 45, 30, and 25 dB, respectively. Further,
compared to MLD, the proposed Average AE exceptionally
improves the error floor, such as from 10−0.8 to 10−4.2 (in
Case B) and 10−1.8 to 10−3.8 (in Case C). Thus, Average
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TABLE IV: Performance evaluation Cases A–E, I.

Case Scenario
Phase Amplitude AHI Max. SINR

Remarks
Offset (φ) Offset (ξ) (σ2

hw) (SINRmax)

A AF relay networks with only IQI 30◦ 0.7 0 4.9 dB Very high phase offset
B AF relay networks with only IQI 15◦ 0.4 0 2.6 dB Very high amplitude offset
C AF relay networks with IQI-AHI 25◦ 0.7 0.1 3.1 dB Both IQI-AHI
D AF relay networks with only AHI 0◦ 1 0.15 6.6 dB High AHI
E AF relay networks with only AHI 0◦ 1 0.25 4.0 dB Very high AHI

I Ideal AF relay networks 0◦ 1 0 ∞ No IQI and/or AHI
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Fig. 9: Average AE-based CMD with no IQI compensation.

AE-based CMD without any knowledge of the IQI parameters
and/or AHI achieves extraordinary gains compared to the
MLD, but reaching of the error floor remains dependent on
the maximum SINR (i.e., if the SINRmax is too low or below
4 dB an error floor is reached) because of the lack of IQI
parameters and/or AHI information. The performance gains of
the Average AE-based CMD can be explained by the following
Remark 3:

Remark 3: The Average AE forms 2k codewords in the
2n-dimensional space, which have the normalized fourth-
order moment as 1, indicating that the Spherical codes are
formed. We also know that spherical codes are optimal for a
small block length (n) [37]. From the modulation perspective,
Average AE leads to the maximization of the minimum
Euclidean distance from 1.4 in QPSK to 1.6 − 1.7 for the
2k designed codewords by the Average AE. From the coding
perspective, Average AE leads to the maximization of the
minimum Hamming distance. Thereby, the Average AE can
remove the deteriorating effects of the hardware impairments
efficiently.

C. Average AE-based CMD with ZF-based IQI Compensation

In Fig. 10, for Cases A–C, we analyze the Average AE-
based CMD: ZF IQIC and consider the benchmark Optimal
MLD w/ CSI. Although, Optimal MLD has additional in-
formation about noise and AHI variance (σ2

r , σ
2
d, σ

2
hw) and

amplification factor (α) compared to Average AE, still the
Optimal MLD achieves error floor around 10−2.5 BER in
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Fig. 10: Average AE-based CMD with ZF-based IQI compen-
sation.

the presence of both IQI-AHI (Case C). In contrast, due to
similar reasons as Remark 3 the Average AE-based CMD is
able to decode the signals in Case C achieving the error floor
around 10−4.7 BER, even outperforming the Ideal MLD for
Cases A, B (consisting only IQI) for all SNR range and up to
Eb/N0 = 40 dB for Case C (consisting both IQI-AHI). Thus,
we do not achieve an error floor for Cases A, B.

Furthermore, comparing the CMD using the proposed Av-
erage AE with no IQI compensation (in Fig. 9) and with ZF-
based IQI compensation (in Fig. 10), we can see that ZF-
based IQI compensation helps the Average AE to improve the
performance by more than 5 dB, and also helps in removing
the error floor for the Cases A, B. Thereby, indicating that
Average AE is even able to completely remove the residual IQI
after the proposed ZF-based IQI compensation. Thus, Average
AE-based CMD with the knowledge of IQI parameters can
completely remove the error floor in the absence of AHI,
while in the presence of both AHI and IQI, the AHI becomes
a determining factor in when the error floor will be reached
because we do not have any information about the AHI and
we are operating in low SINR regime.

D. Average AE-based d-CMD with No IQI Compensation

In Fig. 11, for Cases A–C, we analyze the proposed Average
AE-based d-CMD and consider the benchmark MLD w/o
CSI, while both Average AE and MLD neither have CSI
knowledge nor IQI parameters. The MLD is unable to decode
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Fig. 11: Average AE-based d-CMD with no IQI compensation
(and without CSI knowledge).
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Fig. 12: Average AE-based CMD and d-CMD in presence of
only AHI.

the signals because we are operating under an extremely low
SINR regime, and the CSI knowledge and IQI parameters
is absent. However, the Average AE-based d-CMD is even
outperforming the Ideal MLD up to Eb/N0 = 40, 36, 30
dB for Cases A, B, C, respectively, while reaching the error
floor between 10−2 to 10−3 BER. The gains achieved by
the Average AE can be understood from Remark 3, with
the exception that without the CSI knowledge the minimum
Euclidean distance increases from 0.76 for d-QPSK to 1.1−1.2
for 2k codewords designed by the Average AE in the 2n-
dimensional space.

E. Average AE-based CMD and d-CMD in the presence of
only AHI

In Fig. 12, we consider only the presence of AHI (Cases
D, E), and analyze the Average AE-based CMD w/ CSI3 and
d-CMD w/o CSI, while we utilize the MLD w/ CSI and MLD
w/o CSI as benchmarks, respectively. Directly, as the AHI
increases the error floor increases, and the CSI knowledge

3Please note as no IQI is present in Cases D, E, thus we consider Average
AE-based CMD without IQI compensation.
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Fig. 13: Average AE-based CMD and d-CMD for non-ideal
AF relay node with IQI-AHI

helps in improving the error floor and BER performance.
Further, the presence of AHI (Cases C–E) is becoming the
determining factor for the error floor achieved by the Average
AE. Also, the Average AE’s error floor outperforms the MLD’s
error floor by a very high margin. Only when σ2

hw = 0.15
(Case D) the error floor for both the Average AE and MLD
coincides, still the proposed Average AE outperforms the
MLD in the low transmit SNRs (Eb/N0) by 4 dB. Please note
the noise floor achieved by the Average AE also indicates that
it is not overfitting the training data by learning the noise in
the training data, because of the considered training schedules,
such as early stopping, step decay, etc (detailed in Sec. IV-D).

Comparing the high AHI in Cases D, E (Fig. 12) to
moderate AHI in Case C (Fig. 9-11), we can also say that
Average AE can remove the deteriorating impact of the AHI
(or residual hardware impairments) by designing CMD and
d-CMD intelligently (Remark 3) such that it can almost
completely remove its impact up to moderate AHI σ2

hw ≤ 0.1
and provide significant gains for very high AHI σ2

hw > 0.1,
compared to the traditional MLD.

F. Average AE-based CMD and d-CMD for non-ideal AF
relay node with IQI-AHI

In Fig. 13, we consider Average AE-based CMD and d-
CMD for non-ideal AF relay node with IQI-AHI. We keep
{φ, ξ, σ2

hw} = {20◦, 0.8, 0.03} at all the nodes, leading to
the maximum SINR of 3.5 dB, which would have been
7.9 dB in an ideal relay scenario. We consider MLD as the
benchmark. Similar to the ideal-relay scenario (evaluated in
previous subsections), in Fig. 13, we can see that the proposed
Average AE-based CMD and d-CMD outperforms the MLD
with a considerable margin. Further, the proposed Average AE
also reaches an error floor because of the presence of AHI at
both the source and relay nodes, and operation in low SINR
regime.

G. Average AE-based (d-) CMD with Outer LDPC Codes

Until now, we have considered designing CMD and d-
CMD for short block lengths (n = 7). In the recent 5G-NR
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Fig. 14: Comparison of Average AE-based (d-) CMD and MLD with (7, 4) Hamming code by using LDPC as outer codes (in
Case C).

standards, the outer LDPC codes are proposed to be employed
for promoting parallel implementation to satisfy the low-
latency plus high-throughput conditions in 5G networks. Thus,
we utilize 5G-NR LDPC codes with base graph 2 (BG2)4 and
rate5 1/5 as outer codes [38]. Specifically, we consider a block
segment of (n = 2560) for designing the LDPC codes with 36
filler bits. Thus, we consider Case C in Fig. 14, we employ 5G-
NR LDPC codes as outer codes for all – Average AE-based
CMD and d-CMD with R = 8/7 [bits/channel reuse], and
the conventional scenario for QPSK and d-QPSK with (7, 4)
Hamming codes and MLD detector. In Fig. 14, we see that the
gains achieved by the CMD and d-CMD over the MLDs for
short block lengths are translated and even improved by using
the outer LDPC codes. Specifically, at 10−4 BER, we see an
improvement of 8.5, 7.1, 22.1 dB by the Average AE-based
CMD and d-CMD over the benchmark MLD. This shows the
significantly improved decoding capabilities by the proposed
Average AE-based CMD and d-CMD, even when utilized for
the long block lengths with the help of an outer code.

VII. CONCLUSION

In this work, we study an AF relay network impacted by
hardware impairments (multiplicative IQI and/or additive AHI)
that dramatically reduce the maximum SINR (SINRmax).
Thereby, we focus on low SINR regimes where SINRmax

remains in the range of 2.6 dB and 6.6 dB.
Further, we propose a novel Average bit-wise AE framework

with V small NN decoders instead of a single large NN
decoder as in a Single AE framework. As a direct benefit the
Average AE improves the BER performance by 3 − 12 dB
without IQI compensation and more than 17 dB with the

4BG2 is employed when the information bits are in the range of 40 and
3840, while the rate lies between 1/5 and 2/3 [38].

5Please note smaller rate provides best chance of improving conventional
MLD’s performance and reduce the performance gaps between the conven-
tional MLD and proposed Average AE. Moreover, such smaller rates are also
applied in URLLC [39]–[41].

proposed ZF-based IQI compensation, while reducing the
implementation complexity by a factor of 6.8 compared to
Single AE benchmarks [5], [12], [13].

Within the Average AE framework, we propose CMD with
CSI knowledge and ZF-based IQI compensation. We show
that the proposed Average AE-based CMD effectively learns
the removal of the residual IQI which helps to remove the
error floors entirely. Also, in the scenarios with both IQI-
AHI, the Average AE-based CMD shifts the error floor from
10−2.5 BER in optimal MLD with IQI-AHI compensation to
10−4.7 BER. However, IQI parameter estimation is required
for ZF-based IQI compensation. Thus, we remove the need
for IQI parameters by proposing Average AE-based CMD
with CSI knowledge and no IQI compensation. We show that
although the MLD is unable to decode the signals, the Average
AE-based CMD can learn the IQI and/or AHI compensation
without their knowledge and bring the error floor down to
around 10−4 BER. Furthermore, to remove the necessity of
both the CSI knowledge and IQI parameter information, we
propose the Average AE-based d-CMD without CSI knowl-
edge and IQI parameter information and also design an RTN
to help the Average AE to effectively estimate and remove the
hardware and channel impairments. Although the traditional
MLD is unable to decode the signals, the proposed Average
AE-based d-CMD is also able to bring the error floor down
to 10−3 BER. Although we can achieve remarkable gains by
using the proposed Average AE-based CMD/d-CMD over the
MLD, even outperforming the Ideal MLD (with no hardware
impairments), we can only remove the error floor by either (1)
operating in a moderate/higher SINR regime even without any
information about the hardware impairments (IQI and/or AHI)
(c.f. [21]–[24]), or, (2) operating in a lower SINR regime with
the information about the hardware impairments (IQI and/or
AHI) (c.f. [25], [26]).

Lastly, we consider 5G-NR LDPC codes as outer codes for
the Average AE-based CMD and can see extraordinary BER
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performance gains from 7.1 dB to 22.1 dB.
The proposed Average AE framework is dispensable for

the case of DF relay network, but the DF relay network will
need an NN-based decoder and encoder at the relay node
because it performs signal decoding and re-encoding, unlike
the AF relay network where we can employ a conventional AF
relay without any need for NN-based processing. Furthermore,
since we utilize a conventional AF relay node in the proposed
Average AE framework, it remains applicable for the case of
MIMO AF relay or multiple AF relays (distributed MIMO)
employing the receive- and transmit-beamforming, for the
scenarios with/without the hardware imperfections. Also, we
leave the implementation of proposed Average AE over the
air communication for future works.
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