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Abstract

Incremental electromagnetic signal classification is crucial in realistic wireless environments
where new signal types continuously emerge and historical training data are often unavail-
able. This paper proposes a model-based incremental learning method driven by vector
space separation to mitigate catastrophic forgetting without accessing old-task samples or
requiring semantic information. We show that forgetting is largely caused by insufficient
separation between old and new classes in the classifier weight space. To address this
issue, we jointly introduce weight normalization, a cosine-similarity separation loss, and
regularization, together with cross-entropy supervision for new classes. Based on these
designs, we propose an incremental learning method based on vector space separation for
electromagnetic signal classification, enabling the model to continually recognize modula-
tion signals without requiring semantic information or access to raw data from previous
tasks during incremental updates. Experiments on two simulated modulation datasets
under multiple task sequences demonstrate that the proposed method consistently allevi-
ates catastrophic forgetting and achieves stable incremental performance, outperforming
baselines while avoiding data rehearsal.

Keywords: electromagnetic signal classification; vector space separation; catastrophic
forgetting

1. Introduction

Electromagnetic signal recognition is a core technology underpinning radio monitor-
ing, cognitive radio, and communication reconnaissance systems. In military scenarios,
accurate identification of intercepted signals is a prerequisite for effective signal intercep-
tion, analysis, and jamming. In civilian applications, electromagnetic signal recognition
plays an important role in spectrum monitoring and management [1].

Traditional electromagnetic signal recognition methods can generally be categorized
into two classes: likelihood-based (LB) methods [2] and feature-based (FB) methods [3].
Likelihood-based methods rely on the statistical modeling of received signals and construct
decision rules by minimizing predefined cost functions. These approaches typically estab-
lish signal statistics and compare them with preset thresholds to perform signal identifica-
tion. Representative methods include the generalized likelihood ratio test (GLRT) [4,5], the
average likelihood ratio test (ALRT) [6,7], and the hybrid likelihood ratio test (HLRT) [8,9].
Feature-based electromagnetic signal recognition methods [10-12] first extract discrimina-
tive features from received signals and then perform classification using suitable classifiers.
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The effectiveness of these methods is highly dependent on the quality and representa-
tiveness of the selected features. Extracted features can generally be grouped into three
categories: time-domain features, transform-domain features, and higher-order cumulant
(HOC) features.

Despite their effectiveness, traditional likelihood-based and feature-based methods
often suffer from several limitations, including complex feature extraction procedures,
high computational complexity, and limited scalability, which hinder their deployment
in practical large-scale systems [13]. With the rapid development of artificial intelligence
and big data technologies, deep learning has emerged as a promising alternative for elec-
tromagnetic signal recognition [14-22]. By directly learning representations from raw
or minimally processed signal samples, deep neural networks can automatically extract
discriminative features and achieve superior classification performance. Compared with
traditional methods, deep learning-based approaches exhibit stronger adaptability, higher
recognition accuracy, and better real-time performance. Currently, deep learning-based
electromagnetic signal recognition methods mainly rely on three types of neural networks:
convolutional neural networks (CNNSs), recurrent neural networks (RNNs), and graph
neural networks (GNNs). CNN-based approaches have been widely adopted due to their
powerful feature extraction capability. For example, ref. [23] employed CNNs to clas-
sify received orthogonal frequency-division multiplexing (OFDM) signals. Additionally,
ref. [24] introduced a feature-image-based classification method, which outperformed tradi-
tional constellation-image-based approaches. RNNs are particularly suitable for modeling
sequential data. In [25], the performance of LSTM and bidirectional LSTM models was
systematically compared. The integration of CNN and LSTM modules was shown to
further enhance recognition accuracy, especially under low-SNR conditions [26]. In [27], an
LSTM-based denoising autoencoder framework was proposed, achieving efficient radio
classification on low-cost computing platforms. Attention-enhanced LSTM models were
also investigated for radar signal identification in [28]. Graph neural networks provide
a flexible framework for modeling structured data that cannot be naturally handled by
CNNs or RNNSs. In [29], time-series signals were mapped into graph representations using
an adaptive visibility graph algorithm for classification. A graph convolutional network
(GCN)-based electromagnetic signal recognition method was proposed in [30], where
signals were converted into graph structures before classification. Furthermore, ref. [31]
transformed constellation maps into graph-like feature representations and achieved higher
classification accuracy than competing methods.

Although deep learning-based models can achieve high recognition accuracy under
static conditions, practical electromagnetic environments are inherently dynamic, with new
signal types continuously emerging. In such scenarios, recognition models must not only
retain knowledge of previously learned signal classes but also adapt to newly encountered
ones. This requirement highlights the importance of sustainable learning and motivates
the adoption of incremental learning techniques. Incremental learning aims to enable
models to learn new tasks while preserving performance on old tasks, typically under
constraints of limited or no access to historical data. A key challenge in this field is the
stability—plasticity dilemma, where learning new knowledge often leads to catastrophic
forgetting of previously acquired knowledge [32].

Most existing incremental learning methods have been developed for image-based
tasks, while research focusing on electromagnetic signals remains limited. In [33], a large-
scale incremental learning framework based on constellation images was proposed, where a
small subset of historical data was retained. However, converting signals into constellation
representations may result in information loss, degrading recognition performance. In [34],
representative samples from previous tasks were stored to mitigate forgetting, but the
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memory requirement grows as the number of incremental tasks increases. The work
in [35] maintained classification performance by selecting key samples and employing a
multi-objective linear programming classifier to rapidly adapt to new categories.

Unlike the above data-rehearsal-based approaches, this paper focuses on model-based
incremental learning and proposes a vector-space-separation method for electromagnetic
signal classification, which alleviates catastrophic forgetting without storing historical
samples. This setting is particularly suitable for electromagnetic signal recognition, where
memory, storage, and data-access permissions are often strictly constrained. Moreover,
many widely used incremental learning methods originally developed for image recogni-
tion still suffer from decision-boundary drift and a bias toward newly introduced classes,
which can substantially degrade performance on previously learned modulation types.
In contrast, the proposed method explicitly preserves geometric separation between old
and new classes in the classifier weight space through weight normalization and a cosine-
similarity-based separation loss, leading to improved incremental performance.

The main contributions of this paper are as follows:

* A vector-space-driven incremental learning framework for electromagnetic signal
classification is proposed, which enables continuous learning of new modulation types
without accessing historical data or requiring explicit old-task semantic information.

* A novel weight-space separation mechanism is introduced by jointly leveraging nor-
malization and cosine similarity constraints, explicitly enforcing angular separation
between old and new class weight vectors to suppress catastrophic forgetting at the
classifier level.

* A unified incremental optimization objective is formulated by integrating similarity-
based separation loss, regularization, and cross-entropy loss, ensuring both effective
preservation of old knowledge and discriminative learning of new classes.

¢  Comprehensive experimental evaluation is conducted on two modulation datasets
under diverse incremental task sequences, systematically analyzing the impact of task
order, signal diversity, and initial task quality on incremental learning performance.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 presents the proposed incremental learning method and model formulation.
Section 4 reports experimental results on two simulated datasets. Finally, Section 5 con-
cludes the paper.

2. Related Work

Focusing on incremental learning, existing studies can be broadly grouped into
two paradigms: model-based methods and old-sample-based (rehearsal or generative
replay) methods.

Model-based incremental learning. This paradigm preserves knowledge of pre-
vious tasks primarily by optimizing the recognition model itself, rather than storing
historical data. In [36], the authors compared the effectiveness of using fixed feature
extractors [37] versus fine-tuning strategies [38] for continual learning. Motivated by
knowledge distillation [39], they further proposed a non-forgetting learning scheme to
mitigate catastrophic forgetting. In [40], the authors argued that the imbalance between
old and new classes is a key factor behind forgetting, and introduced cosine normalization,
forgetting constraints, and inter-class separation to address this issue. Similarly, ref. [41]
employed distillation to reduce performance degradation on old tasks and adopted weight
alignment to rebalance old and new classes. Beyond distillation, ref. [42] proposed a net-
work re-parameterization strategy that, when combined with elastic weight consolidation,
improves incremental learning performance. Parameter-regularization approaches such
as [43,44] preserve previous knowledge by constraining parameters deemed important
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for earlier tasks. In addition, topology-aware methods [45,46] incorporate structural pri-
ors into neural networks and progressively reserve different feature representations for
continual learning.

Old-sample-based incremental learning. This paradigm alleviates forgetting by retain-
ing a subset of historical data (or their substitutes) and replaying them during training.
In [47], a fixed memory budget was introduced to store a small set of representative exem-
plars, which are dynamically updated as new tasks arrive, thereby reducing catastrophic
forgetting; subsequent work further scaled this idea for large settings [48]. In [49], the gradi-
ent episodic memory method formulates exemplar selection and retention as a constrained
optimization problem, helping protect performance on old tasks while learning new ones.
Another line of work replaces explicit storage with generative replay, where a generative
model synthesizes samples from past tasks [50]. For example, GAN-based generators
have been used to produce replay samples [51]. In [52], old-task data are approximated
by samples generated from a stored generator, although the effectiveness largely depends
on the generator’s fidelity. More recently, ref. [53] proposed generating subnetworks from
previous data to retain prior knowledge, which can further mitigate catastrophic forgetting.

3. Method
3.1. Overall Framework

In this paper, we propose an incremental learning approach based on vector-space
separation. During incremental updates, the model is expected to learn new classes without
requiring the original data or explicit identity information from previous tasks, thereby
mitigating catastrophic forgetting while adapting to newly observed modulation types.

As discussed in [48], a common practice for class-incremental recognition with deep
neural networks is to expand the classifier by adding new output neurons (i.e., enlarging the
final fully connected layer) when new classes arrive. However, if no additional treatment
is applied, the classifier tends to become biased toward newly learned classes, causing
the model to forget previously learned knowledge. From a geometric perspective, this
phenomenon can be attributed to an unconstrained reconfiguration of the classifier weight
space: since the model is updated using only new-task samples, the newly added class
weight vectors may drift toward directions that are not sufficiently separated from those
of previously learned classes. As a result, the weight vectors of old and new classes
can become highly similar or even overlap in the weight space, which blurs the decision
boundaries and increases confusion between old and new classes, ultimately leading to
severe performance degradation on previously learned modulation classes.

Let matrix A denote the weight parameters of the final fully connected layer after
training on the first task. Suppose the first task contains three classes, and each class
corresponds to a 512-dimensional weight vector. Then A can be written as

ail a1 e a1,512 ai
A= axq  A22 ... 3,512 = ap | . (1)
az1  A32 e 3512 as

During continual learning, new classes are introduced and the classifier is correspond-
ingly expanded. Let B denote the newly added weight vectors learned for the new task. If
the new task contains two classes, then B is expressed as

B — b1,1 b1/2 ...... b1,512 _ bl ‘ (2)
b2,1 b2,2 ...... b2,512
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At this stage, the model is updated using only new-task samples, while the classifier
parameters for old classes (contained in A) are not sufficiently reinforced. Consequently, if
no constraints are imposed, catastrophic forgetting may occur, as illustrated in Figure 1.
Specifically, the weight vectors associated with old and new classes become imbalanced
in the classifier weight space: the updated decision boundaries tend to drift toward new
classes, which degrades discrimination performance on old classes.

Motivated by this observation, the core idea of our method is to explicitly separate the
new weight vectors from the old ones in the classifier weight space, thereby reducing inter-
ference from new-task learning on previously learned knowledge. The overall workflow
is illustrated in Figure 2. To realize vector-space separation, we integrate normalization
and regularization operations into the classifier optimization, and employ cosine similarity
together with cross-entropy loss to guide the learning of discriminative and well-separated
class weight vectors.

S a7 ST a\\s 7
; = Yy , a, Y
JEEERRRR - SR —— / P 4o S _/
) % b
Vector Space of The First Task Unbalanced Distlribution
Figure 1. Illustration of catastrophic forgetting problem.
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Figure 2. Overall workflow of the proposed method.

3.2. Spatial Separation Method

When training the model on the first task, the weight vectors of the final fully connected
layer are first normalized to ensure compactness and stability in the classifier weight space.
This normalization step helps prevent excessive dispersion of weight vectors, thereby
facilitating subsequent incremental learning stages.

When a new task arrives, a new fully connected layer corresponding to the new
classes is appended to the classifier of the original model, and the outputs are concatenated.
During this incremental update, a similarity-based loss is introduced to explicitly separate
the weight vectors associated with new and old tasks in the vector space. Meanwhile,
regularization is applied to control the magnitude of newly learned weights, ensuring
smooth adaptation and facilitating future incremental updates. The cross-entropy loss is
used to discriminate among the classes within the new task, enabling effective learning of
new knowledge.

To prevent weight dispersion in the vector space, the parameters of the final fully
connected layer are normalized before training the model on the first task. This process is
defined as

aj,j — Amin

fjj = ————, )

Amax — Amin
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where a; ; and 4; ; denote the (i, j)-th elements of the weight matrix before and after normal-
ization, respectively, and amin and amax represent the minimum and maximum values of all
elements in the weight matrix.

When a subsequent task is introduced, a new fully connected layer is added to the
original model and concatenated with the existing classifier. The resulting weight matrix of
the output layer can be expressed as

W=(AB), (4)

where
A= (ay,ay,...,ay), B=(by,bs,...,by), (5)

with m and n denoting the numbers of old and new classes, respectively. During train-
ing, the parameters corresponding to A are fixed, while only the new-task weights B
are updated.

To minimize interference between old and new tasks, cosine similarity is employed to
measure the angular relationship between weight vectors of old and new classes:

a-b Y aib;
lelzbl /e a2, /v b ©)

Based on this measure, the similarity loss is defined as

similarity < a,b >=

Ly = max[similarity < a;, b; >], @)
ij
which encourages maximal separation between old-task and new-task weight vectors in
the classifier space.
To further balance the scale of old and new weights, an L, regularization term is introduced:

I
LZ—z\Bbr (8)

where p denotes the number of training samples and B represents the collection of all

weight vectors associated with the new task.
The discrimination among new classes is achieved using the standard cross-entropy loss:

Lee = —

i M'b

n . N .
Z E;rum 10g E;ram’ (9)

QI

where E;’”"” and [3;’ ain denote the ground-truth label and the predicted probability for the
j-th class, respectively.

In summary, the total training objective is composed of three terms: the similarity loss
for separating old and new class weights, the regularization term for stabilizing incremental
updates, and the cross-entropy loss for new-class discrimination. The overall loss function
is formulated as

Liotar = ALw + 1Lz + Lee, (10)

where A controls the contribution of the similarity loss and # is the regularization coefficient.

3.3. Incremental Process

The overall incremental learning framework is illustrated in Figure 3 The proposed
classifier consists of two main components: a feature extraction module and a concatenated
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fully connected classifier. The objective is to develop a continual learning strategy that
enables robust signal classification across multiple incremental tasks.

Before the initial training stage, the weight parameters of the final fully connected layer
in the base network are normalized. An initial classification model is then trained using a
dataset XM containing samples from M known classes. This process can be formulated as

Z(M) =D(xM), (11)

where D() denotes the training operation of the classifier network and {(M) represents the
model obtained after learning the first M classes.

During subsequent incremental stages, when a new task containing N unseen classes
arrives, an additional fully connected layer is appended to the classifier of the previously
trained model. The newly added and existing fully connected layers are concatenated to
construct an updated classifier, denoted as {(M)’. During training, the feature extraction
layers and the classifier weights associated with old classes are frozen, while only the newly
added classifier parameters are optimized using the dataset X". The incremental learning
process can be expressed as

Z(M+N) =D(g (M), xN). (12)

where (M + N) denotes the updated model after incorporating the new classes. By
repeating this procedure, the model achieves continual learning over multiple incremental
tasks without retraining from scratch.

© Feature layer  Fully Connected layer,

/7 101d Model ¢ap |

T’ New Model ¢(M)

nL,+L, !

Feature

New Samples ! S i E

Figure 3. Overall incremental learning framework.

3.4. Classification Network

In this paper, a deep neural network classifier is employed to categorize the received
signals. The input signal sequence is represented as

x(n) = [xl,X2,..., xnum}, (13)

where num represents the number of signal samples. For each sample, we use the in-
phase and quadrature components as two input channels to the network. Specifically,
the I channel corresponds to the real part of x(1), and the Q channel corresponds to the
imaginary part of x(n), which can be expressed as

I =Re{x(n)},

Q = Im{x(n)}. 9

The overall architecture of the proposed electromagnetic signal classification network
is illustrated in Figure 4. In the figure, Conv denotes a convolutional layer, where the
number following it indicates the number of convolution kernels, and “/2” represents a
down-sampling factor of 2, meaning that the output resolution is reduced to half of the
input. Maxpool and Avgpool denote maximum pooling and average pooling operations,
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respectively. Fc represents a fully connected layer, and Softmax denotes the Softmax layer.
The convolutional layers connected by dotted lines are used to ensure consistent feature
dimensions across different branches. Pooling operations are employed to control the
spatial size of feature maps, and finally, the Softmax layer converts the network outputs
into a probability distribution over signal classes.

Input

|

| 15%2 Conv 64, /2 |

l

| Maxpool, /2 |

!

| 3%1 Conv 64 |

|

| 3%1 Conv 64 |

U | 3+l Conv 128,/2 |

L
1*1 Conv, X

3%1 Conv 128 |

________ | 3%1 Conv 256, /2 |

_____ J 3%1 Conv 256

- 3%1 Conv 512,/2 |

3%1 Conv 512 |

| Avgpool |

l

| fe |

|

| Softmax |

l

Output

Figure 4. Structure of the constructed residual classification network.

4. Simulations
4.1. Datasets

In this paper, we evaluate the effectiveness of the proposed method on two simulation-
generated datasets.

*  SignalDatal. SignalDatal contains a total of 115,200 signal samples from 12 modula-
tion types: BPSK, QPSK, 8PSK, OQPSK, 2FSK, 4FSK, 8FSK, 16QAM, 32QAM, 64QAM,
4PAM, and 8PAM. Each modulation type has 9600 samples, and each sample has a
length of 512. The SNR ranges from 16 to 30 dB with a step size of 2 dB, resulting
in 8 SNR levels in total. The dataset is randomly split into a training set and a test
set with a ratio of 5:1. For each modulation type and each SNR level, the training set
includes 1000 samples, while the test set includes 200 samples. The test set is used for
performance evaluation.
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¢  SignalData2. SignalData2 also contains 115,200 signal samples and covers 12 modula-
tion types: 2FSK, 4FSK, 8FSK, 16QAM, 32QAM, 64QAM, 128QAM, AQPSK, BPSK,
MSK, OQPSK, and QPSK. Each modulation type consists of 9600 samples, with a
sample length of 512. The SNR ranges from 16 to 30 dB in increments of 2 dB (8 SNR
levels). The dataset is randomly divided into training and test sets with a 5:1 split.
Specifically, for each modulation type at each SNR level, 1000 samples are used for
training and 200 samples are used for testing. The test set is used to evaluate the
performance of the methods.

4.2. Baselines and Setup

To evaluate the effectiveness of the proposed method, we compare it with four repre-
sentative baseline approaches, including Fine-tuning, Feature Extraction, Learning without
Forgetting (LWF), and Joint Training. The overall workflows of these methods are illustrated
in Figure 5.

*  Fine-tuning [47]. Starting from a trained model on previous tasks, a new fully con-
nected layer corresponding to the new classes is appended to the classifier and con-
catenated with the existing output layer. Fine-tuning is performed using only samples
from the new task. During training, the parameters associated with old tasks are
updated with a smaller learning rate to mitigate excessive forgetting, while the newly
added classifier weights are optimized normally. This baseline reflects naive incre-
mental adaptation and typically exhibits decision-boundary drift.

¢  Feature Extraction [47]. This method follows a similar pipeline to Fine-tuning, but
differs in that the parameters of the feature extraction layers learned from old tasks
are completely frozen during incremental training. The frozen layers act as a fixed
feature extractor, and only the newly added classifier layers are trained to adapt to the
new task. This baseline represents fixed-representation learning with limited plasticity
for new classes.

e  LWF [36]. Unlike Fine-tuning, Learning without Forgetting requires saving the trained
classification model after each incremental task. When a new task arrives, the parame-
ters of the previous model are loaded, and the final fully connected layer is expanded
to accommodate new classes. Knowledge distillation is applied by aligning the predic-
tions of the new model with those produced by the old model on the new-task data.
Meanwhile, the classifier weights corresponding to old tasks are fine-tuned using
a small learning rate, and the cross-entropy loss is employed to learn the new task,
thereby preserving knowledge of previous tasks as much as possible. This baseline is
a representative distillation-based continual learning method.

*  Joint Training [54]. For each incremental stage, Joint Training retrains the classification
network using the combined datasets of both old and new tasks, while modifying the
final fully connected layer to match the total number of classes. This approach can
achieve strong performance but requires access to all historical data, leading to high
storage costs and increased training time. This baseline is commonly treated as an
oracle upper bound under full data access.

For all incremental tasks and baseline methods, the same training strategy and experi-
mental environment are adopted to ensure a fair comparison. The Adam optimizer is used
for network optimization. The initial learning rate is set to 0.01, with a learning rate decay
factor of 0.8. The batch size is fixed at 128. For methods involving fine-tuning of previously
learned layers, a smaller learning rate of 0.0001 is applied. For the proposed method, the
hyperparameters are set to A = 0.1 and # = 0.3 in all experiments. We implemented the
methods using the PyTorch 2.6.0, and the hardware used includes an Intel(R) Core(TM)
19-12900HX CPU and an NVIDIA GeForce RTX 3080Ti Laptop GPU.
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Figure 5. The overall workflows of baseline methods.

4.3. Simulation Results
4.3.1. Performance Comparison

We construct two different recognition task sequences for the two signal datasets. In
these sequences, both the type and the number of classes introduced at each stage vary,
which leads to changes in the scale and composition of the training data available at each
update, the proportion of newly introduced classes, and the prevailing SNR conditions. As
a result, the incremental process naturally incorporates practical factors such as varying
data availability, class imbalance, and non-stationary noise. The average classification
accuracies of each task sequence under the five methods are reported in Tables 1 and 2,
respectively. The corresponding trends of average accuracy versus the number of classes
are illustrated in Figure 6a,b. As can be observed from Tables 1 and 2, and Figure 6, Joint
training consistently achieves the best performance. This is mainly because Joint training
optimizes the model using both old-task and new-task data, enabling the classifier to
learn discriminative representations for all classes with minimal distribution mismatch.
However, this advantage comes at the cost of storing all historical samples and incurring
higher training complexity.

Compared with Joint training, the other incremental paradigms exhibit different
degrees of catastrophic forgetting. For Fine-tuning, although the parameters associated
with old tasks are updated with a smaller learning rate while new-task layers are learned
with a larger learning rate, the optimization driven by new-task data still shifts decision
boundaries toward new classes, leading to substantial degradation on old classes. For
Feature extraction, the feature extractor learned from previous tasks is frozen and only
the classifier for new classes is trained; consequently, the learning capacity for new tasks
is constrained by the previously learned representation, and the classifier tends to bias
toward new classes as well, which also results in forgetting. Therefore, Fine-tuning and
Feature extraction generally show similar performance. By introducing a distillation loss,
LWE partially preserves the outputs of the old model and thus alleviates forgetting to some
extent, yielding better performance than Fine-tuning and Feature extraction.
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Table 1. Task Sequence 1 and Recognition Rate.

Task Signal Type Fine-Tuning Feature Extraction LWF Joint Training Inner Product
1 BPSK, QPSK, 8PSK, OQPSK 100 100 100 100 100
2 2FSK, 4FSK, 8FSK 39.48 39.07 42.05 100.00 83.26
3 16QAM, 32QAM, 64QAM 20.79 20.09 20.61 96.60 61
4 4PAM, 8SPAM 11.43 11.31 17.31 97.25 56.21
Table 2. Task Sequence 2 and Recognition Rate.
. s . . Joint Inner
Task Signal Type Fine-Tuning Feature Extraction LWF Training Product
1 16QAM, 32QAM, 64QAM, 128QAM 100 100 100 100 100
2 BPSK, QPSK, AQPSK, OQPSK 37.44 37.46 37.34 87.57 86.83
3 2FSK, 4FSK, 8FSK, MSK 31.32 31.92 30.13 91.71 70.78
100 = y 100%
9 9% \\ 7
80 Bof N\
70 70 t
% 60 . 7 60
g 50 g 50
< 4% < 4 \
i . —¥— Fine-tunin, }\Qé
22 —— E:aet:?; :Stracnon \ zz —— E\?\?;Jre Eglraclion
10 +IJ_Z:Ir:=nraining \19 10 || —¥— Joint training
—4— Inner Product —#A— Inner Product
04 6 8 10 12 04 6 8 10 12

Number of classes Number of classes

@) (b)

Figure 6. The recognition performance of five methods under different task sequences. (a) sequencel,
(b) sequence2.

To further examine class-wise behaviors, the confusion matrices of different methods
are presented in Figure 7. These class-level patterns are consistent with the average accuracy
trends reported in Table 1 for Sequence 1, where Fine-tuning and Feature Extraction show a
pronounced performance drop as the number of classes increases. In Sequence 1, as shown
in Figure 7a,b, Fine-tuning and Feature extraction exhibit a clear bias toward the new tasks,
causing severe misclassification of old-task classes. As shown in Figure 7c, LWF improves
the recognition performance of some old-task classes (e.g., 2FSK) compared with Fine-
tuning and Feature extraction, indicating that distillation provides additional retention of
old knowledge, which is reflected by the moderate improvement in the average accuracies
reported in Table 1. As shown in Figure 7d, Joint training achieves high recognition rates
across almost all modulation types and therefore provides the best overall classification
performance, in agreement with its consistently highest average accuracy values in Table 1.
As shown in Figure 7e, the proposed method achieves non-trivial recognition accuracy
on most classes and substantially mitigates catastrophic forgetting; only a few classes
(e.g., OQPSK, 16QAM, and 32QAM) remain relatively challenging.
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In Sequence 2, Figure 7f-h show that Fine-tuning, Feature extraction, and LWF still
suffer from catastrophic forgetting, with performance on old classes dropping markedly
after learning new tasks. In contrast, as shown in Figure 7j, the proposed method maintains
strong recognition capability for most modulation types; except for BPSK and OQPSK, the
remaining classes achieve relatively high recognition rates, which is consistent with its
superior and more stable average performance in Table 2, demonstrating effective resistance
to catastrophic forgetting.

4.3.2. Influence of the Incremental Process

To investigate the influence of different task sequences on incremental learning perfor-
mance, we conduct additional experiments on both SignalDatal and SignalData2. Specif-
ically, three extra task sequences are designed for each dataset. For SignalDatal, task
sequences 3, 4, and 5 are added, while for SignalData2, task sequences 6, 7, and 8 are
considered. The detailed configurations of all task sequences are summarized in Table 3.
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The relationship between the average classification accuracy and the number of classes is
illustrated in Figure 8.

Table 3. Task Sequence Setting.

Task Sequence3

Sequence4

Sequence5

Sequence6

Sequence?7

Sequence8

1 16QAM, 32QAM, 64QAM

BPSK, 2FSK, 16QAM

QPSK, 4FSK, 32QAM, 4PAM

BPSK, QPSK, AQPSK, OQPSK

4FSK, 32QAM, QPSK

2FSK, 16QAM, BPSK

2 4PAM, 8PAM

QPSK, 4FSK, 32QAM, 4PAM

BPSK, 2FSK, 16QAM

16QAM, 32QAM, 64QAM, 128QAM

8FSK, 16QAM, AQPSK

4FSK, 32QAM, QPSK

3 BPSK, QPSK, 8PSK, OQPSK

8PSK, 8FSK, 64QAM

8PSK, 8FSK, 64QAM

2FSK, 4FSK, 8FSK, MSK

2FSK, 64QAM, BPSK

8FSK, 64QAM, AQPSK

4 2FSK, 4FSK, 8FSK

0OQPSK, 8SPAM

0OQPSK, SPAM

MSK, 128QAM, OQPSK  MSK, 128QAM, OQPSK
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Figure 8. The recognition performance of five methods corresponding to the task sequence.
(a) sequence3, (b) sequence4, (c) sequence5, (d) sequenceb, (e) sequence?, (f) sequence8.

For SignalDatal, task sequences 1 and 3 are composed of tasks with similar signal
patterns. By comparing Figure 6a and Figure 8a, it can be observed that different task
sequences have only a minor impact on the performance of each baseline method. For the
proposed method, task sequence 1 yields a higher overall average recognition rate, and
achieves the best final average accuracy after three incremental stages. In contrast, task
sequences 4 and 5 include tasks with more diverse signal patterns, and all 12 signal types
are learned through three incremental processes. As shown in Figure 8b,c, different task
sequences lead to noticeable performance differences for the baseline methods. For the
proposed method, task sequence 5 achieves the best performance after three incremental
updates. By comparing Figure 6a with Figure 8a, as well as Figure 8b with Figure 8¢, it
can be concluded that both the number of classes in the initial task and its learning quality
have a significant impact on subsequent incremental learning. Furthermore, comparisons
between Figure 6a and Figure 8c, as well as Figure 8a and Figure 8b, indicate that when
new and old tasks involve different signal styles, the model is more likely to maintain stable
and effective continual learning behavior.

For SignalData2, task sequences 2 and 6 consist of tasks with similar signal patterns.
As shown by comparing Figure 6b and Figure 8d, the choice of task sequence again has
only a limited influence on the baseline methods, and the proposed method achieves better
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overall performance in task sequence 2. Task sequences 7 and 8, however, contain tasks
with more diverse signal types, and all 12 signal patterns are incrementally learned within
three stages. As illustrated in Figure 8e,f, task sequence 8 yields the best incremental
learning performance for the proposed method. The comparison between Figure 6b and
Figure 8d further confirms that the learning quality of the initial task plays a crucial role in
determining subsequent performance. Meanwhile, the comparison between Figure 8e and
Figure 8f suggests that when new and old tasks share similar signal styles, the impact of
task sequence variation on the proposed method becomes relatively small.

In summary, different task sequences can lead to distinct incremental learning out-
comes. For the proposed method, incremental scenarios in which new and old tasks
contain diverse signal types are more favorable for maintaining stable continual learning
performance. In addition, the learning quality of the initial task significantly influences
subsequent learning stages. Increasing the number of classes in the early tasks can en-
hance class discrimination, thereby improving the final average classification accuracy
of the model.

5. Conclusions

In this paper, we propose an incremental learning method based on vector space
separation for electromagnetic signal classification. The proposed approach enables the
model to continually recognize modulation signals without requiring semantic information
or access to raw data from previous tasks during incremental updates. Our analysis
indicates that catastrophic forgetting largely arises from insufficient separation between old
and new classes in the classifier weight space. To address this issue, we incorporate weight
normalization and a similarity-based loss to explicitly enlarge the separation between
old-class and new-class weight vectors, thereby reducing inter-task interference. We further
investigate key factors that influence incremental performance, including task sequence
design and the learning quality of the initial task. Experiments on two simulated datasets
demonstrate that the proposed method effectively mitigates catastrophic forgetting and
achieves stable incremental learning performance. In future work, we will extend the
proposed framework to more diverse datasets and more challenging low-SNR and real-
world scenarios, and explore more robust continual learning strategies.
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