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Deep Learning-Assisted Demodulation for TeraHertz
Communications Under Hybrid Distortions

Dongxuan He and Zhaocheng Wang , Fellow, IEEE

Abstract— TeraHertz wireless communication has been
regarded as an effective technology to satisfy the ever-increasing
requirements of high-rate services, where the imperfections
of TeraHertz devices, including in-phase/quadrature imbalance,
phase noise and nonlinearity, regarded as hybrid distortions, have
to be investigated. Due to the hybrid distortions, the explicit
system model could not be mathematically derived, which limits
the performance of the state-of-the-art demodulation methods.
Here, a deep learning-assisted demodulation methodology is
proposed to improve the bit error rate performance. Specif-
ically, a multiple-output deep feedforward neural network is
designed to fit the mapping between the received signal and
likelihood information, where the number of outputs equals to
the size of the modulation set, thus enabling the demodulation
of the overlapped received signals corresponding to different
constellation points. Besides, a training set generation method
is proposed to generate the training examples without the prior
knowledge of likelihood information. Simulation results validate
that the proposed learning-assisted methodology could improve
the demodulation performance of the TeraHertz wireless systems
under severe hybrid distortions.

Index Terms— TeraHertz wireless communication, hybrid dis-
tortion, signal demodulation, deep feedforward neural network.

I. INTRODUCTION

W ITH the ever-increasing demand of ultra-high-rate
wireless communications, TeraHertz (THz) communi-

cation (from 0.1 to 10 THz), which provides broad bandwidth
at the order of tens or hundreds of GHz, has drawn much
research attention [1]–[4]. In particular, THz communication
is capable of realizing transmission throughput up to terabit-
per-second (Tbps), which enables a plurality of services,
including ultra-broadband wireless links, holographic video
conferences, fiber extender, etc. Therefore, it has been regarded
as a key technology for the upcoming sixth-generation (6G)
mobile communications [5].
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Nevertheless, different from low frequency bands, THz
signals suffer from high path loss, severe hybrid distor-
tions, and significant combined noise1 [1], [6]. Especially,
when considering hardware costs and energy consump-
tion in practical systems, THz transceiver usually employs
cheap and energy-efficient radio frequency (RF) devices. The
imperfections of those devices, which include the mixture
of the in-phase/quadrature imbalance of RF branches, the
nonlinearity of power amplifier, and the phase noise of
local oscillator (LO), make the THz signals suffer from
severe hybrid distortions [6], [7]. Moreover, such distor-
tions could not be effectively handled by minimum mean
squared error (MMSE) equalization, which aims to elim-
inate the influence of multi-path effects and inter-symbol
interference. Although pre-distortion or compensation algo-
rithms can mitigate the impact of such distortions [8],
[9], high-rate and high-resolution RF links are required to
collect the distorted signal and obtain the exact distortion
characteristics, which is expensive for THz communication
systems.

Meanwhile, deep learning, also known as deep neural
network, has become an emerging technology to address
intractable problems for various wireless communication sce-
narios, such as beamforming design, resource allocation, chan-
nel estimation, etc. [10]. The researchers have also developed
specific deep neural networks to improve the performance of
signal demodulation. For example, Zhang et al. [11] proposed
a deep learning based receiver architecture to demodulate the
real-world WiFi data. Honkala et al. [12] proposed a fully
deep learning receiver structure to recover the received signal.
Besides, Wang et al. [13] utilized the deep neural networks
to indirectly extract features of received signals or directly
detected the category of signals. Due to the hybrid distortions
caused by THz transceiver, the received symbols correspond-
ing to different constellation points might overlap under low
signal-to-noise ratio (SNR). As a result, the demodulation
performance of the conventional deep learning method, that
is, single-output deep feedforward neural network (SoDFNN),
which directly fits the mapping between the received sym-
bol and the demodulation result, is limited. To tackle this
problem, a multiple-output deep feedforward neural network
(MoDFNN), which has the same number of outputs as the
size of the modulation set, is proposed to demodulate the THz
signals under severe hybrid distortions.

The main contributions of this letter are summarized as
follows: 1) MoDFNN having the same number of outputs
as the size of the modulation set is proposed to fit the

1TeraHertz signal suffers from a combined noise, which includes thermal
noise, molecular absorption noise, quantum noise, etc.
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mapping between the received THz symbol and the likelihood
information; 2) A specific training example generation method
is derived, whereby the training examples labeled with one-hot
vector are utilized to train a deep neural network for outputting
likelihood information while prior knowledge about the hybrid
distortions is not known. Simulation results demonstrate that
the superiority of our proposed MoDFNN in comparison to
MMSE equalization, support vector machine (SVM)-based
classification and the traditional deep learning method.

II. SYSTEM MODEL

We consider an end-to-end THz communication system,
where both transmitter and receiver are equipped with single
Cassegrain antenna to provide sufficient antenna gain [3].
Without loss of generality, we adopt an equivalent baseband
model, let x = xI + jxQ be the complex-valued symbol to be
transmitted, where xI and xQ are the corresponding signals
of the in-phase (I) and quadrature (Q) branches. Furthermore,
x is an element of modulation set χ, where |χ| = 2M is the
modulation order and M is the number of bits per symbol.
Due to the imperfections of THz devices, the signal x will be
distorted at both the transmitter and the receiver.

A. Distortion of THz Transmitter
Before transmission, the symbol x is up-converted to the

desired carrier frequency. The mismatch between two RF
branches makes the signal suffer from I/Q imbalance, and
the effect of the voltage-controlled oscillator (VCO) makes
the signal suffer from phase noise.2 Therefore, the transmitted
signal will be distorted, which can be modeled as

x̃ = (μT x + vT x∗) ejθT , (1)

where ()∗ denotes the complex conjugation operation, θT is the
phase noise. μT and vT are the imbalance-related parameters
at the transmitter, given by [6], [7], [9]

μT = cos (φT ) − jεT sin (φT ) , (2)

vT = εT cos (φT ) − j sin (φT ) , (3)

where εT and φT are the amplitude imbalance and phase
imbalance between I and Q branches, respectively.

When up-converted to the desired frequency, the signal is
then amplified by the power amplifier. Due to the nonlinearity
of the power amplifier, the signal suffers from nonlinear dis-
tortion, which includes both amplitude compression and phase
rotation. To describe the features of the amplifier, we adopt
odd order memoryless polynomial model to relate the samples
of input and output signals of the amplifier [7]. As such, the
output samples of the amplifier are given as a function of the
input samples, which can be formulated as

s̃ =
K∑

k=1

α2k−1x̃|x̃|2(k−1), (4)

where 2K − 1 is the order of nonlinearity, α2k−1 are the
complex model parameters, and | · | represents the absolute
value of a complex scalar.3

2For a typical VCO, the phase noise increases with the square of the center
frequency. As such, the phase noise for a THz system cannot be ignored.

3In particular, we assume that the power amplifier works away from
saturation region to guarantee the reliable performance, which can be realized
be an appropriate back-off [7].

B. Distortion of THz Receiver

The amplified signal is then received after transmitting
through the THz channel, where the received symbol can be
expressed as

r = hs̃ + w, (5)

where h = PL · ejκ denotes the channel response, and w
denotes the baseband-equivalent Gaussian noise with noise
power spectral density of N2

0 . Here, PL denotes the path
loss, including the impact of antenna misalignment, frequency
dependent loss, and frequency dispersion index, κ denotes the
phase shift. Due to the imbalance of RF branches and the
phase noise of the VCO at the receiver, the received signal r
is further distorted, and the similar expression is adopted to
model such distortions, which can be expressed as

r̃ = (μRr + vRr∗) ejθR , (6)

where θR is the phase noise, μR and vR are the distortion-
related parameters, given by

μR = cos (φR) − jεR sin (φR) , (7)

vR = εR cos (φR) − j sin (φR) , (8)

where εR and φR are the amplitude imbalance and phase
imbalance between I and Q branches at the receiver,
respectively.

C. Problem Formulation
When the distorted received symbol r̃ is obtained, for the

conventional soft demodulation methods, it is demodulated
according to the likelihood function Λ (r̃|sm), for example,
the decision of the optimal maximum likelihood detector can
be expressed as

m∗ = arg max
m=0,··· ,2M−1

Λ (r̃|sm) , (9)

where sm is the m-th transmit symbol of χ.
Due to the hybrid distortions caused by the imperfections of

TeraHertz devices, the THz signals cannot be easily handled
by the MMSE method since the expression of r̃ is complicated.
Moreover, an exact Λ (r̃|sm) is difficult to be obtained without
any prior knowledge about the distortions parameters. Thus,
(9) can not be solved by the conventional methods directly.4

To tackle this problem, we propose a deep learning-assisted
demodulation methodology that is capable of solving (9)
effectively under severe hybrid distortions.

III. PROPOSED DEEP LEARNING-ASSISTED

DEMODULATION METHODOLOGY

In this section, our proposed deep learning-assisted demod-
ulation methodology is detailed. Specifically, a multiple-output
deep feedforward neural network is proposed to fit the nonlin-
ear mapping between the received symbol r̃ and the demod-
ulation likelihood information vector P = [p0, · · · , p2M−1],
where each element of P can be expressed as

pm = Λ (r̃|sm) . (10)

4The classical regression method can not estimate coefficient to an uncertain
problem without explicit expression. Besides, classification methods, such as
support vector machine (SVM), can not provide likelihood information for
further processing such as decoding.
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Fig. 1. The structure of our proposed deep learning-assisted demodulation.

Due to the outstanding fitting ability of DFNN, it is appro-
priate to utilize DFNN to learn the nonlinear mapping between
r̃ and P.5 Moreover, the detailed expression of the mapping
between r̃ and P is not required during the construction
of DFNN.

A. Multiple-Output Deep Feedforward Neural Network
The structure of the proposed deep learning-assisted demod-

ulation is shown in Fig.1, which consists of a cascade of
three layers, i.e., the input layer, hidden layer, and output
layer. In particular, the amplitude information |r̃| and phase
information θ̃ are selected as the inputs of DFNN, where
r̃ = |r̃|ej�θ . Besides, the dimension of the output layer of our
proposed demodulation structure is determined by the size of
modulation set, where Lo = 2M .

To be noticed, some works proposed to utilize a SoDFNN
to realize the demodulation, but its performance is limited
under low SNR [15]. While our proposed demodulation
with multiple-output deep feedforward neural network could
improve the demodulation accuracy and robustness signifi-
cantly even under low SNR. The main reason for the per-
formance gain is that the received symbols corresponding to
different constellation points could overlap under low SNR,
which affects the training of SoDFNN but not the training
of MoDFNN.

We note that there are multiple layers in the hidden layer for
a typical DFNN and all the layers are fully connected, where
the output of one layer is the input of its subsequent layer.
To this end, the output of the i-th layer can be formulated as

xi = f (Wixi−1 + bi) , (11)

where Wi and bi denote the weight matrix and bias of the
i-th layer, respectively, f (·) denotes the activation function.
Specifically, identity function is selected as the activation
function of the output layer, given by f (x) = x, and Sigmoid
function is selected as the activation function of the hidden
layer to introduce nonlinearity, given by f (x) = 1

1+e−x .

Assuming a DFNN with Lh hidden layers is adopted to
demodulate the received signal, the parameter matrix of the
network can be expressed as W = [W1,b1, · · · ,WLh

,bLh
].

As mentioned previously, the well-trained DFNN is capable
of fitting the nonlinear mapping between the received symbol
and the demodulation likelihood information, which can be
formulated as

P◦ =
[
p◦0, · · · , p◦2M−1

]
= g

(
|r̃|, θ̃;W

)
. (12)

To optimize the performance of learning-assisted demodu-
lation, the target of our proposed multiple-output DFNN is to

5DFNN can approximate any measurable function with any desired degree
of accuracy [14].

train W such that P◦ approaches P. Therefore, mean squared
error (MSE) is adopted as the learning performance metric,
and the well-trained DFNN should satisfy

J (W) = E
�r

(|P − P◦|2) ≤ ε, (13)

where ε is the target training error.

B. Training of Neural Network
We now detail how our DFNN can be trained to obtain the

likelihood information vector P to demodulate the received
symbol. Specifically, the training process of the DFNN is
performed through two steps: 1) Generate the training set and
2) Use the generated training set to train the DFNN such that
W satisfying (13) is obtained.

1) Training Set Generation: In this step, we generate the
training set S consisting of L training examples. In particular,
each training example should include the information of the
received symbol and the corresponding likelihood information,
given by Sl =

{(
|r̃l|, θ̃l

)
→ Pl

}
, where l = 1, · · · , L.

We note that the likelihood information for each received
symbol r̃l is difficult to obtain. Thus, a convenient training set
generation method is proposed, where the likelihood informa-
tion vector Pl can be replaced by P̃l. Here, P̃l is a one-hot
vector with 0 and 1. Specifically, the element corresponding
to the position of the actual modulation category is 1, while
all the other elements are 0, in detail, P̃l can be expressed as

P̃l = [0, · · · , 1, · · · , 0]︸ ︷︷ ︸
The m-th element is 1

. (14)

Based on the law of large number, E
�r

(
P̃l

)
converges to

Po when L is large enough.6 When the size of the training
set is sufficiently large, the DFNN based on S̃l can achieve
the same mapping as the DFNN based on Sl, which validates
the feasibility of replacing the training example Sl by S̃l ={(

|r̃|l, θ̃l

)
→ P̃l

}
.

Relying on the one-hot code labeled training example, the
MoDFNN can be well trained to accurately fit the mapping
between the received symbol and the likelihood information
without any prior knowledge. Moreover, the one-hot code
provides the prior knowledge about the modulation type during
training, which could improve the demodulation performance.

2) Training of W: In this step, the generated training set
S̃ =

{
S̃1, S̃2, · · · , S̃L

}
is used to train the DFNN such that

the weight matrix W satisfies the constraint in (13). When
Levenberg-Marquardt method is used [16], which is suitable
for training the neural network when the learning performance
metric is the sum of squares of nonlinear functions, W in the
(n + 1)-th update can be expressed as

Wn+1 = Wn − 1
2μn

∇F (Wn) , (15)

where μn is the training parameter and

∇F (Wn) = 2J (Wn) e (Wn) . (16)

6Benefited from ultra-high-rate THz communications, abundant training
examples can be transmitted within a short time, which enables THz trans-
ceiver to experimentally find an appropriate size of the training sample
set during initialization. For future research, it is worth investigating the
theoretical method to determine the optimal size of training sample set.
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In (16), J (·) denotes the Jacobian matrix and e (Wn) =[
e1 (Wn) , e2 (Wn) , · · · , eL (Wn)

]
, where el (Wn) =

|g (r̃l,Wn) − P̃| for l ∈ (1, · · · , L).
We keep updating W until the training performance metric

is optimized. Next, the well-trained multiple-output DFNN is
utilized to demodulate the received symbol. For a new received
symbol r̃, we generate the symbol information

(
|r̃|, θ̃

)
and

input it into the DFNN. The category of current received sym-
bol is the one which achieves the largest likelihood information
among all the outputs of the DFNN, given by

m◦ = arg max
m=0,··· ,2M−1

p◦m. (17)

To estimate the parameters of MoDFNN, the training com-
plexity is about O(N2

DFNN) with NDFNN denoting the total
number of adaptive parameters [17]. Given a well-trained
MoDFNN, the computational complexity is relatively low,
since a well-trained MoDFNN can obtain the required like-
lihood information with only finite steps of calculation, and
realize a satisfying demodulation performance.

Moreover, regardless of the number of antennas at trans-
mitter and receiver, the mapping between the received sym-
bol and the likelihood information can always be obtained
by MoDFNN. Therefore, our proposed MoDFNN can work
efficiently even in multi-input multi-output (MIMO) systems.

IV. SIMULATION RESULTS

In this section, we present the simulation results to verify
the effectiveness of our proposed deep learning-assisted signal
demodulation methodology for THz communication under
hybrid distortions. In particular, the THz transceiver works
at 220 GHz and the transmission distance is 10m, hence the
path loss is about 100dB [1]. Benefit from the directionality
of Cassegrain antennas, a single-path THz channel is con-
sidered, where the transmit and receive antenna gains both
are 20dBi [19]. The phase noise follows a block walk model
which will change once per transmission block.7 Especially,
the phase noise can be expressed as θt+1 = θt + Δθt,
where θt is the phase noise of the t-th block and Δθt is the
change of phase noise between adjacent blocks, which is a
Gaussian random variable with Δθt ∼ N

(
0, (5◦)2

)
. Other

distortion parameters are also provided, where εT = 0.3,
εR = 0.2, φT = φR = 2◦, and the order of nonlinearity of
the amplifier is (2K − 1) = 5 with α1 = 1.0108 + j0.0858,
α3 = 0.0879−j0.1583, and α5 = −1.099−j0.8991. To assess
the performance, Lt = 103 transmission blocks are generated,
where the length of each block is 16200.

The demodulation schemes are detailed as follows
1) MMSE: The demodulation scheme with linear MMSE

equalizer, where frequency domain MMSE equaliza-
tion is executed before data demodulation.8 Particularly,

7Random-walk model is commonly utilized to describe strong phase noise,
whereby the phase noise varies per transmission due to the ultra-high rate of
THz communication [18].

8The frequency domain MMSE equalization is adopted to suppress the
harmonic components caused by the nonlinearity of amplifier and recover
the phase shift caused by phase noise. The computational complexity of
MMSE is O(3NMMSE+1) with NMMSE denoting the total number of adaptive
parameters [20]. Given a well-trained MMSE equalizer, only finite steps of
calculation is required.

Fig. 2. Performance comparison of MMSE, SoDFNN, and our proposed
MoDFNN with QPSK modulation.

LMMSE = 104 symbols are utilized to estimate the chan-
nel, and the FFT size of MMSE algorithm is NFFT=1024.

2) SVM: The classification based demodulation, where
SVM is used to determine the category of the received
symbol directly [21]. The training length is LSVM = 104.

3) SoDFNN: The learning-assisted demodulation with
single-output DFNN, where the DFNN outputs the
modulation category of the received symbol directly.
Specifically, a SoDFNN with Lh = 4 is considered,
where the number of neurons in the hidden layer are
(10, 10, 10, 10).

4) MoDFNN: Our proposed learning-assisted demodulation
with multiple-output DFNN, as described in Section III.

In Fig. 2, we plot the BER versus Es/N0 for different
schemes, where Es is the average energy per symbol. For
both SoDFNN and MoDFNN schemes, we use L = 104

training examples, generated by the system model described in
Section II, to train the DFNNs. It is clear that the BER perfor-
mance of the MMSE scheme degrades significantly, indicating
that MMSE equalization cannot efficiently mitigate the hybrid
distortions caused by imperfections of THz devices. The
performance of the SoDFNN scheme becomes firstly worse
and then better than the MMSE scheme, since the training of
a single-output DFNN needs deterministic training examples,
which are not strictly separated when SNR is relatively low.
The performance of SVM is better than SoDFNN when SNR
is relatively low, and tends to be the same as SoDFNN when
SNR becomes high. This is because the kernel function of
SVM can map the non-separable data into high-dimensional
separable space. Specifically, our proposed MoDFNN has
around 1.5 dB performance gain when compared to SoDFNN
and 0.5 dB performance gain when compared to SVM at the
BER of 10−2.

In addition, the impact of the depth of the hidden layer
(denoted by Lh) on the performance of our proposed
MoDFNN is evaluated, where three MoDFNNs with Lh = 2,
3, and 4 are considered, respectively. The number of neurons
in the hidden layers of these DFNNs is (10, 10), (10, 10,
10), and (10, 10, 10, 10), respectively. From Fig. 2, it is
apparent that the proposed MoDFNN with Lh = 3 achieves
the best performance, while the performance of DFNNs with
Lh = 2 and 4 are slightly degraded because of underfitting
and overfitting, which indicates that the performance of our
proposed methodology is determined by the selection of the
hyperparameters of the neural networks.
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Fig. 3. Performance comparison of MMSE, SoDFNN, and our proposed
MoDFNN with various modulations.

Furthermore, the BER performances of low-density parity
check (LDPC) are presented to verify the effectiveness of
our proposed scheme when soft-decision demodulation is
considered.9 It can be observed that, since MoDFNN can
obtain accurate likelihood information under severe hybrid
distortions, our proposed MoDFNN has around 1.5 dB perfor-
mance gain with code rate 1/2 and 1 dB performance gain with
code rate 3/5 when compared to MMSE at the BER of 10−5.

In Fig. 3, BER performances of MMSE, SoDFNN and our
proposed MoDFNN with Lh = 3 for various modulations
(including QPSK, 8PSK and 16QAM) are evaluated. It is
observed that the BER performance deteriorates consider-
ably as the modulation order increases, which indicates the
adverse effects of hybrid distortions, especially when high
order modulations are adopted. However, our proposed deep
learning-assisted demodulation methodology could improve
the BER performance significantly. For example, our pro-
posed MoDFNN has a 3dB performance gain with 8PSK
modulation and a 2dB performance gain with 16QAM, when
compared to SoDFNN at the BER of 10−2, which validates
the effectiveness of our proposed MoDFNN for THz wireless
communication under hybrid distortions.

Finally, we further examine the complexity of different
schemes, where the number of required multiplications per
symbol estimation for MMSE, SVM, SoDFNN and MoDFNN

are 4 log2(NFFT) + 4, 2M (LSVM + 2), 2N1 +
Lh−1∑
i=1

NiNi+1 +

NLh
and 2N1 +

Lh−1∑
i=1

NiNi+1 + 2MNLh
, respectively, with

Ni denoting the number of neurons in the i-th hidden layer
of SoDFNN and MoDFNN. It is evident that both SoDFNN
and MoDFNN have the similar calculation complexity.

V. CONCLUSION

In this letter, a deep learning-assisted demodulation method-
ology for THz wireless communication was proposed, which
utilizes a multiple-output deep feedforward neural network to
demodulate the received THz signals under hybrid distortions
caused by the imperfections of THz devices. Specifically,
a multiple-output deep feedforward neural network is trained
to fit the mapping between received signal and likelihood
information, where the number of outputs is equivalent to
the size of the modulation set and the received THz signal

9LDPC in digital video broadcasting-second generation (DVB-S2) is uti-
lized, where the number of bits in each LDPC block is 16200 [22].

is demodulated according to the likelihood information. Rely-
ing on the likelihood information, the overlapped received
symbols corresponding to different constellation points could
be demodulated reliably. In addition, a convenient training
set generation method was proposed to generate the training
examples without the prior knowledge of likelihood infor-
mation. Simulation results demonstrated that our proposed
demodulation methodology could improve the bit error rate
performance considerably for THz receiver under severe
hybrid distortions.
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