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Deep Learning Models for Realistic
Multicomponent Signal Modulation Classification
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Abstract—In this work, we study the application of three
recent computer vision architectures to the classification of the
modulation type of single- and dual-component signals, making
emphasis on their usage in a realistic context by simultaneously
considering a wide variety of modulations while varying the
number of components. In order to do so, we first generate
synthetic signal reception data of 15 modulation types, used
for training and testing small variants of these models, chosen
such that throughput is maximized and latency minimized, since
we consider the context of a time-sensitive application. Given
enough training compute, and in the single-component case, all
convolutional models obtain an accuracy of 95% or more when
signal-to-noise ratio (SNR) is at least 0 dB, and one variant
obtains 90% accuracy at -3 dB. In the dual-component case,
convolutional models manage upwards of 95% when SNR is
at least 12 dB, and more than 90% when SNR is at least 6
dB. Finally, we also measure their throughput and latency as
a function of batch size (important parameters for applications
such as radar and communication systems), with a convolutional
model variant yielding the highest throughput at 14432 samples
per second. Based on the obtained results, our work paves the
way towards the classification of modern complex modulation
schemes and provides selection rules for the most appropriate
algorithm depending on the performance feature to be optimized
(such as throughput and size).

Impact Statement—Classification of a pulsed signal’s mod-
ulation type, also called Automatic Modulation Classification
(AMC), is crucial in civilian and military contexts. In civilian
applications like cognitive radio, AMC enables efficient spectrum
usage and interference management. In military scenarios, it sup-
ports signals intelligence by identifying communication schemes
used by adversaries. AMC faces significant challenges, includ-
ing handling noise (e.g., thermal noise, frequency mismatches),
distinguishing among diverse modulation types and components,
and countering advanced spoofing and jamming methods. These
challenges justify ongoing research into more effective analysis
techniques, driving the adoption of deep learning models for their
ability to manage complexity and adapt to diverse conditions.
This work evaluates the viability of such models by measuring
their throughput and performance under adverse conditions,
offering insights into their practical applicability for advancing
signal analysis.

Index Terms—Automatic modulation classification, convolu-
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tional neural networks, deep learning, signal processing, synthetic
data, transformers.

I. INTRODUCTION

THE accuracy of signal processing has been demonstrated
to be considerably improved with respect to earlier

approaches by making use of deep learning models based
mostly on convolutional neural networks (CNNs) [1]–[4],
recurrent neural networks (RNNs) [5], [6], and, more recently,
transformers [7], [8]. Transformers are a relatively new neural
network architecture based on self-attention [9] which has
made massive strides in the field of natural language process-
ing [10], speech recognition and synthesis [33], [37], becoming
the new state of the art. More recently, a version of this
architecture, the Vision Transformer (ViT) has proven its worth
in computer vision, demonstrating that it is able to outperform
some CNN architectures [11]. This spurred further research,
yielding several variations of transformer- and convolution-
based models, examples of the latter being ConvMLP [12]
and ConvNeXt [13].

To expand on the recent advances in signal modulation
type classification, we wished to explore ways to best classify
signals’ modulation types in more realistic contexts, such as
having to distinguish between a wide variety of modulation
types and correctly classifying each component of a signal
simultaneously. Even though multicomponent signals have
rarely been classified in the literature [14], this consideration
is gaining importance in newer schemes due to its use in recent
radar systems [8], [15]. Moreover, the number of modulations
considered in previous multicomponent studies was limited to
8 [8]. Here, we consider up to 15 different modulation types,
which is more similar to realistic scenarios, which are crowded
with a large variety of radar systems.

Furthermore, our focus lies on optimizing the throughput
and minimizing latency of the models under consideration for
this particular task. If one is in a time-sensitive scenario, it
is of paramount importance to not only use a model with
high accuracy, but also carefully consider the architecture of
the model such that throughput is maximized and latency
is minimized. The vast majority of the models explored for
this task in literature have an adequate size for the problem
at hand [14]. However, reducing the number of trainable
parameters does not always correlate to lower latency and
inversely correlate to higher throughput, since models may
not optimally profit from the parallel nature of GPUs if they
are sufficiently deep (too many layers) and narrow (too little
operations in parallel; few filters, small kernel size...). The

This article has been accepted for publication in IEEE Transactions on Artificial Intelligence. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TAI.2025.3546190

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: UNIVERSIDAD POLITECNICA DE VALENCIA. Downloaded on August 16,2025 at 13:14:17 UTC from IEEE Xplore.  Restrictions apply. 

cgarciam
Resaltado

cgarciam
Resaltado



2 IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE, VOL. 00, NO. 0, MONTH 2025

architectures themselves explored in literature might not be
adequate in this aspect either, as older architectures not only
have more trainable parameters on average, but also have more
limited throughput and latency.

To this end, we study the performance of architectures
ConvMLP, ConvNeXt and ViT when applied to this task in
detail, having chosen these models on the basis that they
improve on more mature CNNs, like ResNet or Efficient-
Net, when used on other common domains such as photo
classification, when trained on ImageNet [18], expecting their
superior performance to translate to this problem, which may
also be necessary as we are considering a more complex
scenario than previous approaches to modulation classifica-
tion. Said mature CNNs, some of which have been used in
this problem, such as LeNet [2] or Inception [3] might not
deliver satisfactory performance, especially if we are looking
to increase the number of modulations, of components, and
maximize model throughput all at the same time, as these
newer models we chose are much more efficient [11]–[13].
Few proposals explore the viability of transformers [7], [8],
ConvMLP [30] and ConvNeXt [31], [32] in this problem. Note
that we have not consider RNNs either due to the sequential
nature needed to process the input data, which might lower
throughput substantially when compared to CNNs.

Transformers and convolutions are each known to possess
unique advantages. It is well-known that convolutions intro-
duce inductive biases, such as equivariance under translation,
easing convergence to a solution when training, though these
potentially restrict the representational power of the model.
ViTs are not subject to these biases as strongly, since the multi-
head self-attention layer in transformer encoders is global. We
wish to further exploit the flexibility of ViTs by employing
the original architecture, without any convolutions, unlike [7],
[8]. This comes at the cost of needing to train ViTs on larger
datasets to be competitive with CNNs [11]. We intend to train
our models using a sizeable number of samples, more than
that of datasets employed in other approaches [2], [3], [8],
something we do in order to circumvent this disadvantage.

II. SIGNAL CHARACTERISTICS

In this work, we have made use of a synthetic signal
reception dataset, which enables the significant number of
samples we need for training ViTs. In order to ensure that the
synthetic data we use is realistic, we need to make it as varied
as possible. This is done by including many different types
of modulations, varying said modulations’ signal parameters,
including signals with multiple components, and by adding
impediments to said signals.

A. Parameters

Within a pulse, the frequency, amplitude and phase of
the signal could each change with time, either as part of
pulse compression if emitted by radars, or to encode in-
formation in communication applications. Such signals are
often represented as complex, since this eases mathematical
manipulations, as well as the fact that common sampling

Fig. 1. Spectrograms of a single-component LFM signal with (a) an SNR
of 0 dB (b) SNR of -6 dB, (c) a double-component LFM and SFM signal
having an SNR of 0 dB and (d) same signal with an SNR of -6 dB.

schemes such as I/Q sampling directly output complex signals.
Signals are usually modeled in the following manner;

s(t) = A(t)ejϕ(t), (1)

with A(t) being the instantaneous amplitude, where amplitude
modulation is held, and ϕ(t) is the instantaneous phase, which
is where frequency and/or phase modulation is contained.
The modulation types used here only affect ϕ(t), so we will
focus on frequency and phase modulation. They are usually
described using the following signal parameters;
• PW : Pulse width, length in time of the pulse.
• fs: Sampling frequency.
• fmin: Minimum instantaneous frequency.
• ∆f : Bandwidth. Frequency range of the signal contents.
• f0: Frequency offset. It lies at the center of the bandwidth.

Equal to f0 = fmin + ∆f/2
• r: Fraction of PW where each “subpulse” is. MLFM only.
• fSFM: Frequency at which ϕ′(t) varies. SFM only.
• φSFM: Initial phase of the variation of ϕ′(t). SFM only.
• N : Order of a given code, its length in symbols.

B. Impediments and multiple components

The recieved signal may be impeded in various ways, as an
effect of both imperfect reception and unfavorable transmis-
sion conditions. We included the two most often represented
in the literature;
• Johnson-Nyquist or thermal noise

Any electronic device at a non-zero temperature experi-
ences a random movement of its electrons, which induces
a random voltage, modeled as additive white Gaussian
noise (AWGN) with zero mean. Such noise is quantified
using the signal-to-noise ratio (SNR):

SNR = 10 log10

σ2
s

σ2
n

, (2)

where σ2
s is the clean signal power and σ2

n is the noise
power.
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TABLE I
PARAMETERS APPLIED TO SAMPLES OF EACH MODULATION TYPE USED IN

THIS WORK.

Modulation
type

Parameters Notes

NM f0 ∼ U(0.1fs, 0.4fs)
LFM f0 ∼ U(0.01fs, 0.45fs)

∆f ∼ U(0.05fs, 0.4fs)
Frequency either
increases or decreases
with time, chosen with
equal probability. This
is the case for the
rest of the mentioned
parameters that take
discrete values.

DLFM f0 ∼ U(0.01fs, 0.4fs)
∆f ∼ U(0.05fs, 0.35fs)

MLFM f0 ∼ U(0.15fs, 0.5fs)
∆f ∼ U(0.1fs, 0.35fs)
r ∼ U(0.3, 0.7)

EQFM fmin ∼ U(0.01fs, 0.4fs)
∆f ∼ U(0.05fs, 0.3fs)

SFM fmin ∼ U(0.01fs, 0.15fs)
∆f ∼ U(0.05fs, 0.35fs)
fSFM ∼ U( 0.75

PW
, 10
PW

)
φSFM ∼ U(0, 2π)

BFSK f1, f2 ∼ U(0.05fs, 0.45fs)
f0 = (f1 + f2)/2
∆f = |f1 − f2|/2
N ∈ {5, 7, 11, 13}

f1 and f2 are sam-
pled independently, but
resampling is done in
order to keep an ab-
solute difference |f1 −
f2| > 0.005fs. These
are the frequencies of
each of the code’s sym-
bols. Code is either nor-
mal or inverted Barker.

QFSK fi ∼ U(0.05fs, 0.45fs)
where i ∈ {1, 2, 3, 4}

The absolute difference
between these frequen-
cies fulfills the condition
|fi − fj | > 0.005 fs,
∀i, j ∈ {1, 2, 3, 4} if
i 6= j. We use a 16-bit
(N = 4) Frank code,
and is either normal or
inverted.

BPSK f0 ∼ U(0.05fs, 0.45fs)
N ∈ {5, 7, 11, 13}

Each signal employs a
normal or an inverted
Barker code.

Frank f0 ∼ U(0.1fs, 0.4fs)
N ∈ {6, 7, 8}

P1 f0 ∼ U(0.1fs, 0.4fs)
N ∈ {6, 7, 8}

This code is used nor-
mal and inverted, which
resembles an ascending
or a descending chirp re-
spectively.

P2 f0 ∼ U(0.1fs, 0.4fs)
N ∈ {6, 7, 8}

P3 f0 ∼ U(0.1fs, 0.4fs)
N ∈ {6, 7, 8}

P4 f0 ∼ U(0.1fs, 0.4fs)
N ∈ {6, 7, 8}

LFM-BPSK fmin ∼ U(0.05fs, 0.45fs)
∆f ∼ U(0.05fs, 0.4fs)
N ∈ {5, 7, 11, 13}

Each signal employs a
normal or an inverted
Barker code.

• Frequency offset
A signal is converted to the digital domain after having
shifted its frequency downwards. The new center fre-
quency may not match the emitter’s carrier frequency,
so the signal’s bandwidth could be centered anywhere.
This is due to a mismatch between the frequency of the
oscillator and the carrier, given by Doppler shift, or due
to the reciever not knowing the carrier frequency of the
emitter. This is modeled by generating signals with a
random frequency offset.

Once these impediments are applied onto the signal, the time
series representing a single-component signal interception can
be cast as:

x(t) = s(t) + n(t) = A(t)ej(2πf0t+ϕ(t)) +N (0, σn), (3)

where n(t) = N (0, σn) is the AWGN, and f0 is the frequency
offset. This noise is complex, meaning that both the real and
imaginary components of the noise follow an independent
distribution, with the same value of σn.

A signal containing multiple components means that it is
made up of the sum of individual signals of the form of
(1), each with its own modulation type. In our case, we
are considering signals with one and two components. Each
recieved signal we will consider in this work has the form

x(t) = s1(t) + s2(t) +N (0, σn)

= A1(t)ejϕ1(t) +A2(t)ejϕ2(t) +N (0, σn).
(4)

If the signal is sampled on a single channel, it is simply the
real part of (4), this being our case. We show examples of the
signals we used following this description in Fig. 1.

III. DATASET

Each of the modulation types shown in Fig. 2 makes up one
class, so the dataset contains 15 classes. Every sample is made
up of a real signal that has 2048 data points, with the signal
occupying every point. Each of these points is represented
by one 32-bit floating-point number. This corresponds, for
example, to a sampling frequency of 100 MHz and a pulse
width of 20.48 µs. Additionally, every discrete modulation
(FSK and PSK) will contain only one instance of their code;
it is not repeated within a pulse more than once. In the case
of single-component signals, the amplitude will be equal to 1.

In the training set, 800 combinations of signal parameters
are chosen, each sampled from a uniform distribution as
indicated in Table I, being shown as U(·, ·). Signals are
impeded using AWGN, with the SNR taking values between
-12 dB and 18 dB, with increments of 3 dB, so there are
11 noise levels. Each of these levels is applied to each of
the parameter combinations. The training dataset thus contains
800 · 11 · 15 = 132000 single-component signals. A further
200 parameter combinations are sampled for validation and
400 combinations for testing, so there are 200 · 11 · 15 =
33000 single-component signals in the validation set. As for
the testing set, we used more noise levels, spanning between
-21 dB and 18 dB, making up 14 levels. That means we have
400 · 14 · 15 = 84000 single-component signals in the testing
set.
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Fig. 2. Spectrograms of modulation types used in this work. These signals have f0 = 25 MHz, ∆f = 20 MHz. (a) NM, (b) LFM, (c) DLFM, (d) MLFM,
(e) EQFM, (f) SFM, (g) BFSK, (h) QFSK, (i) BPSK, (j) Frank, (k) P1, (l) P2, (m) P3, (n) P4, (o) LFM-BPSK

In order to obtain dual-component signals, some of these
existing single-component signals are combined through ad-
dition. Each of their amplitudes is constant with time, so
dA1(t)/dt = dA2(t)/dt = 0. However, the amplitude of each
component is not equal; we sample a parameter, α from a
uniform distribution between 0.5 and 0.25 in every parameter
combination, such that A1(t) = α and A2(t) = 1− α in (4).
After the clean signal, s1(t) + s2(t), has been obtained, the
noise power, σ2

n, is calculated. This is done by first specifying
the desired SNR. Then the clean signal power, σ2

s , is calculated
as the power of the clean dual-component signal, so we can
solve for σ2

n in (2) and obtain the distribution in (4).
The number of unique modulation type combinations is

n(n − 1)/2 + n, so for n = 15, it is 120. For each of
these combinations, we take a certain amount of parameter
combinations of one type and mix them with the same amount
of combinations from the other type. In the training dataset,
we mix 25 parameter combinations. In this case, there are 25 ·
25 · 11 · 120 = 825000 dual-component signals in the training
dataset. Similarly, there are 10 · 10 · 11 · 120 = 132000 such
signals in the validation set and 15 · 15 · 14 · 120 = 378000
in the testing set. Training, validation and testing sets have
132000 + 825000 = 957000, 33000 + 132000 = 165000, and
84000 + 378000 = 462000 signals in total, respectively.

IV. AUTOMATIC IDENTIFICATION OF SIGNAL
MODULATIONS

A. Preprocessing

Often, the signal is processed in order to extract information
about its frequency contents as they change in time. The
Fourier transform does not express the location in time of

spectral content, so time-frequency distributions (TFDs) [16]
are what should be used given the nature of this data. Not
only that, TFDs usually have the effect of separating the
power of the clean signal from the noise. This leads to better
distinguishability of the contents of the clean signal itself, as
can be seen in Fig. 1, boosting recognizability by the predictive
model. Obtaining the TFD is thus a common preprocessing
step in the literature [14].

A TFD is a complex-valued function depending on both
time and frequency of a given signal. Its modulus squared,
also called the time-frequency image (TFI) or spectrogram,
represents the instantaneous energy of the signal. The most
widely used choice [4], [14], [17] is the short-time Fourier
transform (STFT). We use it since it is a TFD whose myriad
implementations are optimized thoroughly, and its computa-
tional complexity is linear, instead of quadratic as other TFDs
like Cohen’s class distributions. Besides, we wanted to provide
a baseline for the performance of these networks. The discrete
version is defined as

Fs[m, f ] =

N−1∑
n=0

s[n] w[n−m] e−j2πfn/N . (5)

where N is the number of samples. It is a Fourier transform
with an additional term multiplying the summand such that
when |n| > Nw/2, w[n −m] = 0, transforming in a limited
region. w[n] is called the window function, and Nw is the
length of the window function. In the following, the STFT is
what we use in order to obtain the TFI of the signal, which is
the input to the models seen here.

Obtaining a TFI from a real signal would contain negative
frequency components that mirror positive frequency ones,
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since the modulus of the signal has a reflection symmetry
about the frequency origin. In order to omit redundant in-
formation from input data, we shall remove the part of the
spectrum belonging to negative frequency components.

B. Predictive models

As we mentioned before, we trained and evaluated three re-
cently developed computer vision architectures; Vision Trans-
former [11], ConvMLP [12] and ConvNeXt [13]. When de-
veloping a model for this problem, speed is a very important
consideration. Radar and communication systems emit pulses
very often; some radars have a pulse repetition frequency of up
to 30 kHz. If we have multiple beams and/or multiple emitters,
a reciever might be processing about 105 pulses/second.

Therefore, we focused on designing models that are as fast
as possible while maintaining acceptable performance, opting
to make them as small as the problem allows. This is feasible
because the features to extract from the TFIs are few, as can
be seen in Fig. 2, given the lower data complexity compared
to domains like medical imaging. The primary challenge, as
shown in Fig. 1, is overcoming the impact of noise on the
signal, which obscures it. We will evaluate model performance
against this challenge in Section V.

We have considered models which have the least depth
possible, reducing serial computation, as we wish to make
good use of the parallel nature of GPUs. We have thus explored
model variants with different widths among them, always
keeping depth to a minimum. In the following, we shall briefly
explain each architecture and the model hyperparameters cho-
sen for the variants we employed;

1) ViT: These models split up the input into ”patches”, i.e.
non-overlapping windows, before flattening them and applying
a fully connected (FC) layer to each of them, the output of
which is the patch embedding. A learned patch is concatenated
to this sequence, called a classification token. A learned
positional embedding is added to each patch, to then feed them
to a series of transformer encoders [9], detailed in Fig. 3(a).
After a number of encoders ET , the class. token is selected
and fed to an FC layer. We picked a patch size of 16×16 [11],
[19], a patch embedding size of 128, and 4 attention heads,
equal for all variants. The rest of the hyperparameters were
used to modulate the width through the size of the hidden layer
in the 2-layer MLP in each encoder, and their depth through
the number of encoders used. We used three variants of this
model;

• ViT-femto: ET = 4, hidden size of 256
• ViT-pico: ET = 4, hidden size of 512
• ViT-nano: ET = 6, hidden size of 512

2) ConvMLP: This architecture is made up of a stem, a
convolutional stage, and a Conv-MLP stage. The stem is
made up of a 3×3 conv., batch norm. and ReLU repeated
3 times, and a max. pooling operation. The convolutional
stage has BConv = 1 conv. block and the Conv-MLP stage
has LCM = 3 levels. In our case, each level has one block,
BCM = {1, 1, 1}. In Fig. 3(b) we can see the structure of the
blocks in each part of the network. The downsampling conv.

Fig. 3. Deep learning architectures used in this work: (a) Vision Transformer,
(b) ConvMLP, (c) ConvNeXt.

has a kernel size of 3, stride of 2 and padding 1. The channel-
wise MLP is made up of two layers, with the hidden layer
doubling the dimension and a GELU activation. The last layer
in a level is a downsamp. conv., though the last level does not
downsample, and it has the same value of C as the second
to last level. After all of these stages, global average pooling
(GAP) is applied, which feeds to an FC layer. We used three
ConvMLP variants;

• ConvMLP-atto: Cini = 16, C = {32, 64, 128}
• ConvMLP-zepto: Cini = 32, C = {48, 64, 96}
• ConvMLP-yocto: Cini = 24, C = {32, 48, 64}

3) ConvNeXt: This architecture is made up of LCN = 4
levels, each characterized by the number of channels C and
the number of blocks BCN , as can be seen in Fig. 3(c). A
level starts with a downsampling layer; in the first level, it is
a 4×4 conv. with stride 4 and LN, while in the rest, it is an
LN and a 2×2 conv. with stride 2. Each level has a number
BCN of ConvNeXt blocks [13].

As before, BCN = {1, 1, 1, 1}. Each block contains a
depthwise 7×7 conv., LN, and two 1×1 convs., first increasing
and then decreasing channels to the initial amount, then an RC.
At the end, GAP and an FC layer are applied. We have picked
two ConvNeXt variants;

• ConvNeXt-ronto: C = {16, 32, 64, 128}
• ConvNeXt-quecto: C = {32, 48, 64, 96}
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C. Implementation

The programming language Python 3.11 is used in order
to implement every process. We made use of in-house scripts
to generate the dataset employed in this work. The library
PyTorch 2.1 [20] is used to implement models, the training
and testing procedures, as well as preprocessing. We also use
scikit-learn 1.3 [21] to calculate classification metrics, fvcore
[22] to obtain models’ FLOP (FLoating point OPeration) count
and finally, we use Matplotlib 3.8 [23] to plot the results.
In contrast to the ViT, we did not write the code needed to
implement the CNNs models for this work. Instead, we source
these models’ definition from each of their GitHub repositories
where all the code used in [12] and [13] resided.

As for preprocessing, we use the Hann window function
in the STFT, and its length is Nw = 101 with a stride of 8.
We apply zero-padding to windows such that Nw = 512, to
obtain a TFI having 512 frequency values, before removing
values corresponding to negative frequencies and the phase
of the transform, resulting in an image of size 256×256 with
one channel. Before passing the TFI to the model, we perform
sample-wise min-max normalization, such that every feature
in the input is divided by the maximum value of that sample.

We use a mini-batch size of 256 samples, and we train for
75 and 150 epochs, to explore the dependence of performance
on training compute. We employ the AdamW optimizer [24],
with β1 = 0.9 and β2 = 0.995 in the case of ConvMLP and
ConvNeXt, and β1 = 0.9 and β2 = 0.999 for the ViT. A
standard training regime was used, using the signals as inputs
and the labels as the targets to which they have to converge
during training. Samples in each mini-batch are chosen from
the training dataset randomly. Model selection is done by
choosing the model that has the best overall accuracy over
the validation set out of all the epochs.

Regularization is employed in various forms. All models are
trained with a weight decay of 0.05. We also use a stochastic
depth rate [25] in ConvMLP and ConvNeXt of 0.2. The ViT
has a dropout of 0.2 in transformer encoders and 0.2 in the
classifier head.

Furthermore, several data augmentation schemes [34] are
used, such as random horizontal and vertical flips of each
image with a probability of 0.5, randomly cropping and
resizing to the original shape, with a scale between 0.08 and
1, and the ratio of the rectangular crop between 0.75 and
1.25. Finally RandomErase is used [26], with a probability
of 0.33, a range of proportion of erased area against input
image between 0.02 and 0.33, and a range of aspect ratio of
erased area between 0.3 and 3.3. These transformations were
used as they are well-known standards, are easy to implement
and already available in machine learning frameworks such as
the one we used, which eases reproducibility of this work.

We encountered significant disparities between the training
process of the ViTs and the two CNNs, the former having
proved to be difficult to train. Models took between 14 and
60 hours to train, this figure depends on the number of epochs
and the concrete model variant considered. ViTs generally took
longer to train, between 40 and 60 hours, due to their higher
parameter count. Said models were not able to overfit on the

training set at first, having a low overall accuracy on both
training and validation sets (∼20%), when using the original
Adam optimizer [27]. Making use of AdamW managed a large
increase in training set accuracy and a smaller increase in
validation accuracy. Regularization was attempted next, in the
form of weight decay and dropout, which improved validation
accuracy. However, this did not solve the problem completely.
What made ViTs generalize well was the introduction of
data augmentation schemes, first using random horizontal
and vertical flips of each spectrogram, which increased it
noticeably, however other smaller noticeable improvements
could be eked out by cropping said spectrogram randomly
and resizing to the original size, and adding RandomErase.

ConvMLP and ConvNeXt worked well without as much
tuning, however. Performance was acceptable to a point with-
out data augmentation, though a noticeable disparity between
training and validation accuracy was observed. Introducing the
same training hyperparameters as what was used with ViTs
improved both accuracies substantially.

In our experiments, we found that data augmentation signif-
icantly improves performance, despite having a varied dataset.
Initially, we assumed it was unnecessary, as prior studies rarely
used it [2], [3], [14], [28]. However, it is essential for ViTs
due to less inductive biases compared to CNNs, which results
in a larger model search space. This differs from [8], where no
augmentation was used, fewer signal parameter combinations
(400 vs. 800 single-comp., 400 vs. 625 double-comp.), and
less noise levels (8 vs. 11) were tested. Said model however
used convolutional layers to tokenize before the transformer,
lessening the need for augmentation. Despite this, our attempts
to reproduce their results with our dataset failed, reinforcing
the necessity of augmentation for ViTs.

Every model uses the binary cross-entropy loss function,
and their output layer uses a sigmoid activation function, with
a threshold of 0.5 for all classes. The output of every model
employed here is a one-hot encoded vector of length 16. The
15 first features correspond each to a modulation type, while
the last feature is an auxiliary class indicating if a signal is
single-component (0) or dual-component (1). This is because
we need to clarify if a signal has both components with the
same modulation type.

All computations are carried out on a system with an
NVIDIA RTX A6000 as its GPU.

V. RESULTS AND DISCUSSION

After having experimented with model and training hy-
perparameters to obtain the configurations described in Sub-
sections IV-B and IV-C respectively, we benchmarked their
performance in a variety of noisy conditions, as well as in the
case of classifying signals with one or two components, and
finally measuring their throughput and latency as a function
of batch size.

A. Single-component performance

In Fig. 4, we show the average accuracy over all classes
as a function of the SNR in the case of single-component
signals for every model we mentioned before. As we see, all
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Fig. 4. Average accuracy vs. SNR of all models when classifying single-component signals, with models trained for (a) 75 epochs and for (b) 150 epochs.

convolutional models have very similar performance in the
high SNR regime, sporting ≥95% accuracy for SNR ≥ 3 dB
if trained for 75 epochs, and ≥95% for SNR ≥ 0 dB if trained
for 150 epochs. The accuracy drops substantially at -3 dB, and
even further at -6 dB.

ConvMLP manages 95% accuracy at 0 dB, whether these
variants are trained at 75 or 150 epochs. In the former
case, ConvMLP-zepto has the highest performance among
ConvMLP variants. However, training it for 150 epochs
yields barely no improvements. ConvMLP-yocto also barely
improves, and it actually worsens at -3 dB. In contrast,
ConvMLP-atto undergoes a sizeable improvement when train-
ing for 150 epochs, going from an accuracy of 42% to
51% at -6 dB, and essentially matching ConvMLP-zepto’s
performance.

A similar behaviour is observed in the other two archi-
tectures. The largest ViT variant, ViT-nano, exhibits a small
improvement at lower SNR. However the two other variants
improve by a larger margin, about 49% to 59% at -6 dB in the
case of ViT-femto, and about 71% to 78% at -3 dB. ViT-nano
does not improve at this noise level, but its accuracy is still
somewhat better than ViT-femto. Curiously, ViT-femto and
ViT-pico lag behind all other models, dipping below 95% at 3
dB and 75 epochs, and performing noticeably worse than the
rest at 0 and -3 dB. More training improves their performance,
comparable to CNN models at 75 epochs, but this widens the
gap again. This suggests that small ViT variants trained in this
fashion are not competitive with CNNs.

Surprisingly, ViTs are ahead of every model at an SNR
of -9 dB, their accuracy falling off more smoothly than
CNNs as SNR decreases. We conjecture that, because of the
global nature of self-attention, ViTs might be able to better
distinguish the signal from noise, given that longer-range
relations between regions of the input are needed. ViTs are
able to make these relations in the first layer, while CNNs need
several layers to widen the receptive field and draw relations
between regions of an image.

Lastly, ConvNeXt variants have a similar pattern of per-
formance improvement when adding training compute in the
variant with less channels at the start (ConvNeXt-ronto) ver-

sus its counterpart (ConvNeXt-quecto). The former, in fact,
manages a substantial improvement when doubling training
compute, from 42% to 65% at -6 dB, and 79% to 90% at -3
dB, as well as managing to be equal at higher SNR values to
ConvNeXt-quecto.

At this small scale, models with more complexity in early
layers require less training compute. Convolutional models
with exponentially widening feature maps benefit significantly
from increased compute. Despite having more parameters,
these models are less computationally expensive due to fewer
channels in initial layers, allowing higher throughput. For
high throughput with sufficient accuracy, models with fewer
channels in early layers that increase later are recommended.

In all architectures, increased computational cost, rather
than parameter count, appears to ease the process of finding
performant model configurations. While more parameters the-
oretically provide more potential solutions [29], we observe
this primarily in ViTs, where both parameters and computa-
tional cost grow together, unlike in CNNs. More channels in
the initial layers seem to improve convergence more than in
later layers, though this has limits; for instance, ConvMLP-
yocto underperforms, likely due to limited capacity in its later
layers. Overparameterizing the bottom layers appears more
effective, even with fewer overall parameters.

B. Dual-component performance
The dual-component case yields significant differences in

performance figures, shown in Fig. 5. Power is shared between
both components of the signal and with noise, as we can see
in Fig. 1, so we expect these signals to be harder to classify.
That is, the SNR is calculated with the signal itself being the
sum of these two components. So, for the same SNR, a single-
component signal concentrates more power in the spectrogram
than either of the components in a dual-component signal does.
If we also take into account the fact that the power in either
component does not have to be equal, as we considered in our
dataset, this means that the component with less power will
be harder to classify due to being more sensitive to noise.

Indeed, we see a sharp drop in accuracy at every SNR, from
nearly 100% to 88-93% (depending on the model variant) at
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Fig. 5. Average accuracy vs. SNR of all models when classifying dual-component signals, with models trained for (a) 75 epochs and (b) for 150 epochs.

Fig. 6. Classification examples of signals; (a) Dual-component LFM-EQFM,
-3 dB SNR. Only ViT-femto classified this signal incorrectly. (b) Dual-
component BPSK-P3 (order 5 and order 6 respectively) ConvNeXt-quecto, -
ronto and ViT-femto classified it incorrectly, -3 dB SNR. (c) Single-component
P1 (order 6), infinite SNR. All ConvMLP variants classified it incorrectly. (d)
Single-component P2 (order 6), infinite SNR. All ConvMLP variants classified
it incorrectly.

high SNR, and from 75-90% to 50-64% at -3 dB. All CNN
variants manage ≥95% when SNR ≥ 12 dB, and ≥90% when
SNR ≥ 6 dB. Accuracy falls off more smoothly and does so
earlier than in the single-component case, in general. However,
unexpectedly, we do see higher accuracy in all models at -15, -
12 dB, as well as higher accuracy in convolutional models at -9
dB than in the single-component case. This might be explained
by our training dataset being unbalanced with respect to the
number of components, we have more than six times more
dual-component signals than single-component ones in this
set, so models were trained more on the former, better learning
how to distinguish such signals from noise.

It is immediate to observe that ConvMLP-atto is ahead of
ConvMLP-yocto and ConvNeXt-ronto at lower SNRs, partly
in contrast to the single-component case, with the most per-
formant variant among ConvMLP variants being ConvMLP-
zepto. The lead among all models, though, is disputed between
ConvNeXt-quecto and ViT-nano. Accuracy among CNNs and

Fig. 7. Throughput vs. latency. Each point corresponds to a different batch
size, which ranges from 50 to 5000, in increments of 50.

ViT-nano ranges from less than 1% at higher SNRs to about
7% at -3 dB, with ViT-nano narrowly in the lead, and
ConvMLP-yocto falling behind. The two smallest ViTs are
much less performant than all the other models, as much as
15% at -3 dB.

Note that the accuracy of the CNNs and the two smallest
ViTs barely increases with more training compute in this case.
Surprisingly, the largest variant, ViT-nano, achieves the largest
increase, contrary to the single-component case. The lack
of an improvement on the rest of the models suggests that,
given their capacity and this dataset, they are at the limit of
what is able to be correctly classified. This contrasts with the
findings in the single-component case, where more compute
clearly benefited some models. In view of this, we come to the
conclusion that larger models were undertrained at 75 epochs
on single-component signals, though they seem to be trained
enough on dual-component signals.

Improved preprocessing, a larger model, or alternative train-
ing regimes could enhance performance, as suggested by ViT-
nano’s results. Being the largest model, it surpasses ViT-pico
in parameters by 34% and outpaces ConvMLP-zepto in FLOPs
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TABLE II
TRAINABLE PARAMETERS, COMPUTATIONAL COST (IN MEGAFLOPS),

MAXIMUM THROUGHPUT (IN SAMPLES/SECOND), AND
SINGLE-COMPONENT ACCURACY AT -3 DB WHEN TRAINED FOR 150

EPOCHS OF ALL CONSIDERED MODEL VARIANTS.

Model Trainable
parame-

ters

Comp.
cost

Max. thr. Sing.
comp.

acc. at -3
dB

ConvMLP-atto 288 312 113.9 13 209 87.37%
ConvMLP-zepto 259 264 274.8 8 548 87.55%
ConvMLP-yocto 127 132 140.6 11 178 81.05%
ConvNeXt-ronto 233 840 47.5 14 432 90.08%
ConvNeXt-quecto 192 656 89.6 9 333 87.80%
ViT-femto 730 384 144.4 11 900 78.48%
ViT-pico 1 059 344 211.8 10 326 75.82%
ViT-nano 1 455 888 313.5 6 927 79.35%

(see Table II). Doubling training compute makes it competitive
with CNNs at higher SNRs and slightly better at lower SNRs,
though this significantly reduces throughput, making it the
slowest model. Thus, careful balancing of throughput, latency,
and performance is crucial for this architecture at a small scale.

In Fig. 6, we explore concrete classification examples by
every model. Dual-component examples with high noise levels
can be classified reasonably well if they are frequency mod-
ulated, as they span significant space in the time-frequency
plane, aiding their distinction. However, phase modulations
span very little space, and their defining features, such as the
rings occurring when phase shifts, are both limited in space
and can be easily confused for noise. Since their frequency
does not change, it is easy to confuse such modulations among
each other and with NM. Hence, the models we trained are less
performant in these scenarios. We also illustrate another source
of confusion; P1 and P2 modulations are nearly identical when
represented on a spectrogram if the order of their codes is 6 or
8, but not 7. This leads to much more confusion among these
two modulations, with all models performing poorly when
classifying these signals, even with very little noise.

C. Throughput and latency

As we mentioned before, achieving high throughput and low
latency is key in a time-sensitive context [35]. Not only is it
important if many signals are oncoming, but higher throughput
ensures that less powerful devices, with a lower memory
bandwidth or less compute, which might be constrained by
power or cost, can execute these models at an acceptable
speed. We show such metrics in Table II and Fig. 7, where
latency is represented by the time taken by the model to do
inference on one batch, while letting batch size vary.

ConvNeXt-ronto leads in throughput, achieving inference
times below 50 ms, which aligns with its lower computational
cost. Larger variants generally offer higher throughput. Using
more channels in early layers increases computational cost
due to the larger input size of these layers compared to later
feature maps. While this boosts performance (as seen in Fig. 4
and Fig. 5), it reduces throughput. ConvNeXt-ronto outpaces
ConvMLP-atto by over 103 samples/second despite differences
in computational cost, as ConvMLP’s two FC layers are
costlier than ConvNeXt’s 1×1 convs., while ViTs lag due to

higher computational cost but utilize resources efficiently, like
ViT-nano, which achieves half the throughput of ConvNeXt-
ronto despite being six times more computationally expensive.
This efficiency comes from their wider design compared to
CNNs, which typically use fewer channels in early layers.

All CNN variants show abrupt throughput variations with
increasing batch size and latency. While some have no neg-
ative impact, others delay the latency at which maximum
throughput is achieved, particularly in computationally costly
models. This may result from quantization effects, causing
GPU underutilization due to suboptimal tensor sizes for the
GPU’s topology and memory access patterns. Adjusting model
hyperparameters and batch sizes could uncover optimal values
to maximize throughput while minimizing latency.

VI. CONCLUSION

In this work, we have trained several variants of ConvMLP,
ConvNeXt and ViT on synthetic pulsed signal reception data,
generated specifically for this purpose, in order to compare
their performance when classifying signals’ modulation types.
We have made emphasis on evaluating these models in
scenarios closer to a realistic use case, by making use of
single- and dual-component signals, each component having
one out of 15 modulation types. We also considered a time-
constrained context, where high throughput and low latency is
of importance, measuring these two runtime metrics.

Our analysis shows that ConvMLP and ConvNeXt have
comparable performance and throughput. Variants with fewer
channels in the initial layers offer the best throughput and
accuracy when trained longer in the single-component case.
However, in the dual-component case, variants with more
initial channels, fewer parameters, but higher computational
cost outperform others. ViTs underperform both CNNs, except
for the largest variant, which matches CNNs only with higher
training compute, resulting in the highest computational cost
and lowest throughput at inference. Additionally, ViTs require
careful tuning of training hyperparameters, with AdamW and
data augmentation proving essential for generalization, which
also benefit CNNs.

To sum up, if looking for performant models at this scale,
while using a conventional training regime, ConvMLP and
ConvNeXt are preferable to ViTs on this domain. These two
CNNs manage high throughput at low latencies coupled with
an accuracy about 80-90% with SNR ≥ -3 dB in the case
of single-component signals, and 75-80% with SNR ≥ 0 dB
in the dual-component case. ConvMLP-atto and ConvNeXt-
ronto possess the highest throughput, while ConvNeXt-quecto,
ConvMLP-zepto possess the best performance, with a notice-
able throughput hit.

We expect our work to be a useful and actionable resource
for researchers looking to train their own CNN- and ViT-based
models on this domain, especially if throughput is a main
concern of theirs, as is the case in the scenarios we discussed
here. Specifically, we would suggest future efforts be directed
towards variations of ViTs, such as Swin Transformer, in order
to extract as much performance as possible while keeping
throughput competitive with newer CNN models.
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We believe it is of great interest in future work to keep
researching models at this small scale, and one of the most
immediate avenues would be to explore their accuracy when
trained and evaluated using reduced or mixed precision float-
ing point arithmetic [36], as well as pruning and quantization.
The throughput gains can be substantial, however such gains
would only make sense if the accuracy loss is minimal.
In order to improve accuracy, using other training regimes
such as self-supervised training, data augmentation schemes
such as time-stretching, and use of other modalities, like
constellation diagrams, more adequate than spectrograms for
distinguishing phase modulations, is also worth looking into.
Characterizing the performance and throughput of other time-
frequency distributions coupled to these models, allowing for
better noise rejection and improved resolution, is of interest
as well.
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