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Abstract—Automatic modulation classification (AMC) plays a
critical role in both civilian and military applications. In this letter,
we propose a multi-scale radio transformer (Ms-RaT) with dual-
channel representation for fine-grained modulation classification
(FMC). In Ms-RaT, a dual-channel representation (DcR) of radio
signals is designed to help the model learn discriminative features
by converging multi-modality information, including frequency,
amplitude, and phase. During the learning process, multi-scale
analysis is introduced into the model to form the tighter decision
boundary. Finally, extensive simulation results demonstrate that
Ms-RaT can achieve superior modulation classification accuracy
with the similar or lower computational complexity than existing
state-of-the-art deep learning methods. Through ablation studies,
we also validate the effectiveness of DcR and multi-scale analysis
in Ms-RaT.

Index Terms—5G communication, cognitive radio, fine-grained

modulation classification (FMC), transformer, multi-scale analysis.

[. INTRODUCTION

S the fundamental step of dynamic spectrum access (DSA)

technique, automatic modulation classification (AMC) has
become the cornerstone of fifth-generation (5G) and beyond 5G
(B5G) wireless communications. The base station can select an
appropriate modulation scheme according to the channel state
so0 as not to exceed the given block error rate [1]. At present, to
improve the signal transmission rate and spectrum efficiency,
various higher-order modulation schemes have been applied to
communication systems. It is necessary to develop fine-grained
modulation classification (FMC) methods for distinguishing
similar modulation schemes of different orders.

Compared with traditional AMC tasks, FMC aims to identify
intra-class modulation schemes which are more challenging to
characterize, such as multiple phase shift keying (MPSK) and
multiple quadrature amplitude modulation (MQAM). Smaller
inter-class and larger intra-class distances of these modulated
signals are detrimental to the learning of the decision boundary
of models. Although numerous studies have been developed for
AMC, the FMC performance is still unsatisfactory and has not
attracted enough attention, e.g. distinguishing between 16QAM
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and 64QAM [2,3]. The poor accuracy of high-order modulation
classification failed to inspire follow-up research.

Commonly used AMC techniques are usually fall into two
categories: likelihood based (LB) methods and feature based
(FB) methods. By maximizing the likelihood probability under
various assumptions such as Kolmogorov-Smirnov test (KST)
[4] and average likelihood ratio test (ALRT) [5], LB methods
determine the modulation scheme of received signals. Although
LB methods guarantee optimal classification results in theory,
they suffer from high computational complexity and require the
prior knowledge of channel parameters, which is not applicable
in practical applications. In FB methods, features like cumulant
[6] are extracted and fed into classifiers to obtain classification
results. However, the bias in the estimation of the fourth-order
cumulant becomes more obvious as the order of the modulation
scheme increases. Further, it is demanding to design suitable
discriminative features for FMC. On the other hand, traditional
classifiers (e.g. support vector machine) cannot cope with more
compact feature distributions in FMC task.

Recently, deep learning has made remarkable achievements
in pattern recognition and increasingly developed for AMC.
Zeng et al. [ 7] proposed a convolutional neural network (CNN)
based AMC framework driven by spectrogram. Chen et al. [8]
designed a single-layer long short-term memory (LSTM) model
based on the attention mechanism. Liu et al. [9] introduced an
AMC method through exploiting graph convolutional network
(GCN). However, most existing deep learning methods only
utilized the monomodal information from a single description
dimension, such as in-phase/quadrature (I/Q) temporal series or
power spectrum in the frequency domain. Other modes of radio
signals, such as instantaneous frequency and phase spectrum,
have not been well explored.

In this letter, we propose an FMC method using multi-scale
radio transformer with dual-channel representation. Extensive
simulations covering 16 fine-grained modulation schemes are
performed to validate the effectiveness of the proposed model.
It works well for high-order modulation schemes even at lower
SNRs. Main contributions are summarized as follows.

® The transformer network with better generalization ability

is specifically developed for FMC.

® A dual-channel representation of radio signals is designed

to help the model learn discriminative features.

® Multi-scale analysis is introduced into the model to help

form a tighter decision boundary.

The rest of the letter is organized as follows. Section II states
the signal model and FMC problem. Section III introduces the
proposed multi-scale radio transformer. The simulation results
are discussed in Section I'V. Finally, we conclude our work and
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Fig. 1. Specific structure of multi-scale radio transformer with dual-channel representation.

future directions in Section V.

II. PROBLEM STATEMENT
Assume that the received baseband signal is sampled at the
symbol rate from pulses satisfying the Nyquist limit, it can be
expressed as

r(n) = ane’(A“””Af”/N)sq (n)+wn),n=0,1, .., N-1 (1)

where a, is the time-varying channel amplitude gain following
the Rayleigh distribution at the range of (0, 1]. Ap represents
the carrier phase offset caused by propagation delay and initial
carrier phase, and it obeys the Union distribution, i.e., Ap ~ U
(0, #/16]. Af = 0.04 denotes the normalized carrier frequency
offset. sq(n) stands for the n-th transmitted symbol drawn from
constellations of ¢-th modulation scheme, in which¢;=1,2, ...,
C and C is the total number of candidate modulation schemes.
w is the additive white Gaussian noise (AWGN) with mean 0
and variance 20, If constellations have unit power, the received

N-1
signal-to-noise ratio (SNR) can be defined as y = %Za: / 207 .
n=0

For the baseband radio signal 74, our goal is to maximize the
probability of correctly identifying its modulation scheme by
adjusting model parameters, as given by
Yelly, yeD )

argrglax PE,(r) =y, -y s =Vl

where Fo () represents the machine learning classifier and @ is
learnable parameters. y; denotes the ground-truth label of i-th
received signal, in which y, is 1 and the others are 0.

III. MULTI-SCALE RADIO TRANSFORMER

To facilitate learning discriminative and rich representations
from signals, we propose a multi-scale radio transformer (Ms-
RaT) with dual-channel representation (DcR) for efficient FMC.
The specific structure of Ms-RaT is shown in Fig. 1, and details
are introduced as follows.

A. Dual-channel Representation
Since it is challenging for deep learning models to learn strict

Tighter decision
boundary for fine-
grained classification

Smaller and richer scales

Fig. 2. Approximate multi-scale pyramid in Ms-RaT.

Fourier transform (FT), the spectrum analysis of signals is hard
[16]. Therefore, the signal » comprised of 7 component / and O
component #€ is first transformed into the frequency domain to
obtain its amplitude spectrum (AS) x and phase spectrum (PS)
v, as given by

Kk =RI(R)+N(R) 3)

y =arctan (X(R)/R(R))

where R and X represent real and imaginary parts, respectively.
R is the short-term Fourier transform (STFT) result and can be
calculated by

—j2mqn

R(p,q)= Zr(n)f(n pH)e " “4)

n=0

where p and ¢ represent discrete varying time and frequency,
respectively. The sampling point is the same as window size .
7(+) denotes the window function like Hamming whose window
size W and hop size H are set to 128 and 7 respectively, and can
be defined as

2

0.53836—0.46164c0s(W”n1j, 0<n<w-1

o(n)= )

0, else

It is necessary to pay attention to the tradeoff between the time

1089-7798 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee. oré }Jublicationsfstandards/ ublications/rights/index.html for more information.

Authorized licensed use limited to: University of Pisa.

ownloaded on April 29,2022 at 21:01:

UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/LCOMM.2022.3145647, IEEE

Communications Letters

>REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 3

and frequency resolution.
Then amplitude and phase spectra are connected in parallel

N-W
as DcR, ie., x = {k; w}e R7 " Asa preprocessed input,
DcR helps to establish the robust mapping ({: » — s) from radio
signals to their modulation schemes, considering all modulation
information is reflected in amplitude and phase.

B. Radio Transformer

In this part, the radio transformer Fo (-) is proposed to learn
features from DcR. Firstly, the input is reshaped into a sequence

R=[& & . #11e RWCK) of flattened 2D spectrum patches

(N -WW

where V, = =16 represents the number of patches and

K x K x2 (32x32x2) is the resolution of each patch. Next, a
latent vector 77, € R (Do = 2048) with trainable linear

projection is used for patch embedding as

class ,

_ sl .22 . . 2N (Vy+1)xD,
Zy =0y X1305 X175 o3 X0 110" € RO (6)

where 7 is an additional learnable class token embedded in
the patch sequence. 7" denotes the position embedding for
preserving positional information and can be manually encoded
as

sin(pos, /100007™),  je[2,4,...,D,]

A (7
cos(pos, /10000”™),  je[l,3,..., D, 1]

" (0 )=

where pos;=i € [0, 1, ..., Vo] is the position of i-th 2D spectrum
patch in the sequence.

Then embedded patches are fed into the transformer encoder
consisted of alternating layers of multi-headed self-attention
(MSA) [10] and multi-layer perceptron (MLP) blocks (L x).
MSA is an extension of SA where k= 8 self-attention operations
(or heads) are run in parallel, and their concatenated outputs are
projected according to

MSA(z,) =[SA,(z,); SA,(2y); ---; SA,(2,) 10, 3
SA(z,) = softmax(qk" /\/D, /k v )
[q.k, v]=2z,6, (10)

3D,
.. « Dyx=—2
where projections 4, e R**™ and §,€R " * are parameter

matrices. The norm layer (NL) [11] and residual connection are
applied before and after each block respectively, as given by

z, =MLP,(NL())+2,, [ [l 2, .., L] (11)
21 = MSA(NL(ZH )+ 21 (12)
NL(z )=y 2y p (13)

O

z

where scale y and bias vector f are both learnable parameters.
U= and o. represent mean and standard deviation of elements in
z, respectively.
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Fig. 4. The confusion matrix of Ms-RaT at +18 dB.

class

Finally, the output 22 =75, of transformer encoder serves

as the final representation NL(ZS) attached to a classification

head implemented by an MLP with one hidden layer containing
256 neurons. All the model parameters can be updated through
optimizing the cross-entropy loss using gradient descent.

C. Multi-scale Pyramid (MsP)

During the stacking of L = 6 MLP blocks, we construct the
MsP to help extract more discriminative features and form the
tighter decision boundary, as shown in Fig. 2. In MLP blocks,
the down-sampling layer and Gaussian filtering are introduced
to rescale feature patches (except for the class token) from the
last block, as given by

MLP, (input) = Drop[LL,(GELU(LL, (input))); input(2:2 :end)*&,] (14)

where LL(-) and LLx(-) are two linear layers using point-wise
convolution, and Drop[-] represents the Dropout function [12]
avoiding over-fitting problem. J; is Gaussian filters with size of
1 x 5 and variance of & = 0.8". GELU(") denotes the Gaussian
error linear units [13] that perform nonlinear transformation, as
calculated by

GELU(input) = input x ®(input) (15)

where @ represents the probability function of standard normal
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TABLEI 100
INFERENCE SPEED COMPARISON OF A SERIES OF DEEP LEARNING MODELS s esesEes
s
Models Parameters (k) test time (ms)  Accuracy (%) S 80F /,lf’ ¥ oA 4040
CNN[7] 199 13.20 57.10 = s,
LSTM [8] 200 19.84 44.66 g 60
GCN [9] 437 9.80 56.71 g s
Ms-RaT (L =4) 440 12.45 61.39 §
Ms-RaT (L = 5) 524 14.14 62.44 g 40 i
Ms-RaT (L = 6) 610 17.30 62.70 3 &4
5 2 U;‘ @ AS (59.06%)
distribution. T:,:,»:g‘ + . RS ng(g;z;m )
After each MLP block, the number of output feature patches

is doubled and the length is half of the original, i.e., V; =2Vp;
and D; = 0.5Dy1. In other words, the scales of feature patches

become richer as the number of learnable parameters increases.

It is worth noting that two learnable vectors 7,,, , € R/ 7%

and 7,,, , € R""""**P= have also become deformable due to

the scale transformation in MsP. Since the dimensions of two
learnable vectors L1 s and #iia 7 are reduced to half through an
MSA layer, the total computational costs are similar to that of
single-head self-attention with full dimension.

Compared with the original transformer [17], only MsP is
introduced into the model structure, and its complexity as the
convolution form is much lower than that of the peer-to-peer
computation in linear layers. According to the analysis in [10],
the SA layer connects all positions through a constant number
O(1) of sequential operations whereas a recurrent layer requires
O(V) sequential operations. The computational complexity of
SA, convolutional, and recurrent layers are O(V?-D), O(V-D?),
and O(S-V-D?) respectively, in which S represents the kernel
size. It can be deduced that the SA layer is faster than both
convolutional and recurrent layers when the number of patches
¥V is less than the representation dimension D.

IV. SIMULATION AND ANALYSIS

In this section, extensive simulations and comparisons are
performed to validate FMC performance of Ms-RaT.

A. Simulation Setup

There are 16 fine-grained modulation schemes (i.e., C = 16)
are investigated in simulations, including {OOK, 44ASK, 8ASK,
164ASK, BFSK, 4FSK, 8FSK, 16FSK, BPSK, 4PSK, 8PSK,
16PSK, 8QAM, 160AM, 32QAM, 64QAM} with SNRs varying
from —20 dB to +18 dB. A total of 320,000 radio signals are
generated by the public data generator RadioML [14] with pre-
defined symbol length N = 1024, of which 70%, 15%, and 15%
are divided for training, validation, and test, respectively.

The model is first pre-trained on RadioML 2018.01a[14] and
then fine-tuned on simulation data using Adam optimizer [15].
Compared with training from scratch, pre-training on a large-
scale dataset can provide a better initialization position. Hyper-
parameters including learning rate, weight decay, exponential
decay, batch size, and Dropout are initialized to 0.01, 0.0005,
0.9, 64, and 0.5, respectively. Both training and testing of Ms-
RaT are carried out on the workstation consisted of Intel Core
19-7900k CPU, NVIDIA TITAN Xp GPU, 32 GB memory, and
1 TB storage.

Authorized licensed use limited to: University of Pisa.
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B. Classification Performance

In Fig. 3, we compare the classification accuracy of typical
deep learning models to demonstrate the superiority of Ms-RaT,
including CNN [7], LSTM [8], and GCN [9]. CNN is able to
associate the context information in the spectrum image. LSTM
is good at learning long-term dependencies. GCN can adapt to
complex structure priors. It can be seen that Ms-RaT achieves
the average classification accuracy of 5.60% to 18.04% higher
than other models. In addition, the accuracy is improved by 5%-
22% when SNR is between 0 dB and +18 dB. Ms-RaT shows
significant advantages even at low SNRs. It should be noted that
LSTM performs worst among these models and achieves the
lowest average accuracy of 44.66%. Although the signal is
sampled as time series, it is time independent and thus LSTM
is not suitable for FMC.

To observe specific classification results of Ms-RaT, we give
the confusion matrix at +18 dB SNR in Fig. 4. All modulation
schemes can be well distinguished, except for a few of highest
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order modulations. Ms-RaT exhibits the superior capability in
identifying high-order modulation schemes due to its fusion of
multimodal information and the usage of feature embedding.
These properties enable transformer not only to be trained like
conventional deep learning models fed with images, but also to
more accurately establish the mapping between samples and
categories with higher probability.

In Table I, we report the parameters and inference speeds of
CNN [7], LSTM [8], GCN [9], and the proposed Ms-RaT with
different number (L= 4, 5, 6) of MLP blocks. It can be seen that
Ms-RaT performs better with similar or smaller test time due to
the limited size of the DcR input. Although CNN has the least
learnable parameters, its reasoning speed is slower than both
LSTM and Ms-RaT (L =4) due to the larger input spectrum size
(200%200x%3). In addition, the inference speed of Ms-RaT can
be increased substantially with only small accuracy loss (<1.5%)
by reducing the stacking of MLP blocks. This means that the
model size can be adaptively determined according to the needs
of practical applications.

C. Ablation Study

In this part, ablation study is performed to observe the effect
of DcR as well as multi-scale analysis on FMC performance. In
Fig. 5, we present the influence of DcR on FMC performance.
Different types of inputs, including AS and PS, are compared
to illustrate the effectiveness of DcR. According to the results,
DcR achieves best accuracy at almost all SNRs. AS performs
better than PS since more modulation information is reflected
in the amplitude. Although there are only finite discrete values
to characterize phase changes in digital modulations, PS can
help overcome the limitations of AS.

In Fig. 6, we display the influence of multi-scale analysis on
FMC performance. Different numbers of multi-scale pyramid
modules are applied or removed in all MLP blocks to observe
changes in classification accuracy. Compared to models with
MsP removed, the transformers with multi-scale analysis earn
better classification accuracy. As L increases, the multi-scale
information of signals becomes richer and thus the accuracy can
be improved. However, a larger L introduces more learnable
parameters, which is more likely to cause over-fitting problems
and affect the model robustness to varying SNRs.

Then we consider the impact of spectrum patch division on
FMC performance. The classification accuracies driven by four
patch division cases (16x32x32x2, 32x32x16x2, 64x16x16x2,
and 128x16x8x2) are reported in Fig. 7. According to results,
the size and number of patches have a negligible impact on the
classification accuracy due to the patch embedding operation in
Eq. (6). It is just the number of learnable parameters increases
as the division scale becomes more refined, which affects the
model optimization rather than generalization. In the practical
applications, the local optimization efficiency of the model on
the workstation is not critical, while the inference performance
determines its availability.

V. CONCLUSION

In this letter, we propose a novel multi-scale radio transformer
named Ms-RaT for FMC. Through simulation experiments and

Authorized licensed use limited to: University of Pisa.

ablation studies, we illustrate the effectiveness and superiority
of the model. It performs better than a series of typical deep
learning models in the classification accuracy with the similar
or faster inference efficiency, including CNN, LSTM, and GCN.
To the best of our knowledge, this is the first attempt that DcR-
driven radio transformer is developed for FMC. Furthermore,
the multi-scale analysis has been proved to help improve FMC
performance. In the future, the development and utilization of
lightweight transformer is an important research direction for
people to apply FMC techniques to 6G wireless communication
networks. More complex noise and channel conditions will be
also explored.
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