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Abstract—The study of open-set recognition for modulation
types in communication signals is of high research significance,
as it addresses critical challenges in wireless communication
systems, such as spectrum monitoring, interference identification,
and secure transmission. Traditional closed-set recognition meth-
ods are limited to pre-defined modulation types, which restrict
their adaptability in real-world environments where new or
unknown modulation types may emerge. In contrast, Automatic
Modulation Open-Set Recognition (AMOSR) not only classifies
known modulation types but also explicitly recognizes unknown
ones, thereby addressing the inherent limitations of closed-set
approaches. However, existing AMOSR methods face challenges
in achieving a balanced optimization between the empirical risk
for known modulation types and the open space risk for unknown
modulation types. This issue results in two adverse effects:
(1) low rejection accuracy for unknown modulation signals, and
(2) degraded classification performance on known types due
to overfitting to the closed-set training data. To address these
issues, we propose a multi-level feature distribution learning
(MLFDL) method for AMOSR, which integrates a pseudo mod-
ulation placeholder method with feature distribution constraints.
To simulate unknown modulation types during training, we
introduce a pseudo modulation placeholder via manifold mixup,
which constructs synthetic samples in the feature space to
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approximate the behavior of unseen modulations. We design
a multi-level feature distribution constraint method, combining
sample-centroid contrastive learning with a max-min feature
constraint, ensuring adequate feature space for unknown modu-
lation signals and enhancing the separation between known and
unknown signals. Comprehensive experiments across different
datasets show that MLFDL achieves state-of-the-art performance
on both AUROC and OSCR metrics, with minimum sample-
to-centroid distance serving as a robust decision criterion for
unknown signal recognition.

Index Terms—Automatic modulation classification, open-set
recognition, feature distribution constraint.

I. INTRODUCTION

UTOMATIC Modulation Recognition (AMR) is widely

used in civilian and public security applications, such
as cognitive radio, signal reconnaissance, electronic counter-
measures, and spectrum sensing [1]. By rapidly identifying
transmission signals, AMR enables the timely detection of
abnormal signals, helping prevent unauthorized device intru-
sions, mitigating malicious attacks and data breaches, and
ensuring the secure and reliable operation of IoT systems [2].
Deep learning techniques, leveraging their powerful feature
extraction capabilities, have significantly enhanced the accu-
racy of automatic modulation recognition. Approaches based
on CNNss [3], [4], LSTMs [5], and Transformers [6] effectively
exploit both spatial and temporal correlations in signal data.

Most existing AMR methods operate under a closed-set
assumption [7], [8], where all modulation types encountered
during testing are assumed to be known and included in the
training phase. However, real-world communication environ-
ments are complex and often contain unknown or anomalous
signals [9], including modulation schemes not seen during
training. Conventional closed-set models fail to reject such
unknown signals, limiting their practical applicability.

The AMOSR method [10], [11] addresses this challenge by
pursuing two critical objectives: effective rejection of unknown
modulation types and maintaining high recognition accuracy
for known modulation types. By simultaneously achieving
these goals, AMOSR enhances overall system reliability while
enabling the detection of unknown modulated signals, signifi-
cantly improving its real-world applicability. These advantages
prove particularly important in dynamic communication envi-
ronments. The main challenge in AMOSR is the absence of
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information about unknown modulation types during training,
which poses significant challenges in distinguishing between
known and unknown modulation types. In practical scenarios
where test signals may come from the unknown modulation
class, a conventional method to discriminate between known
and unknown modulation types is setting a threshold on the
SoftMax probability [12]. The assumption is that the model
typically generates higher probabilities for known classes
compared to unknown classes. However, when processing
test samples from unknown classes, deep neural networks
often demonstrate overconfident predictions [13]. A prevalent
deep learning method [14], [15] for open set recognition
first generates pseudo training data for unknown classes and
then adds an extra output node to the final layer of the
network to predict these unknown data. This method allows the
network to maintain closed-set classification capability while
simultaneously enabling unknown class recognition. Although
this method performs well in computer vision, its effectiveness
diminishes significantly in AMR, achieving only a 15.53%
AUROC on the RML2016.10a dataset at an openness level of
20.94%. This limitation may stem from the inherent hetero-
geneity between communication signals and visual image data.
In this paper, to make the model more forward-compatible for
unknown modulation classes, we aim to endow the model with
a ‘future-proof’ ability [16], which can accurately recognize
the unknown modulation classes that may emerge in the
future test time. Instead of generating pseudo new signals,
we propose a modulation manifold mixup method [17] to fuse
two feature embeddings from different classes and consider the
fused embeddings as the virtual unknown modulation classes.
Further, we enable the network to predict the virtual unknown
class.

On the other hand, the traditional cross-entropy loss
employed in AMR lacks explicit constraints on the feature
space under open-set condition, resulting in minimal separa-
tion between clusters of known modulation types in the feature
space. Consequently, the unknown signals resembling the
known modulation types tend to overlap with these clusters,
leading to poor performance on open-set recognition [10]. To
address these limitations, many researchers have conducted
preliminary investigations [10], [11]. Vaze et al. [18] suggest
that simply applying better representation learning techniques
to closed-set classifiers can significantly enhance their perfor-
mance in OSR tasks. Motivated by this finding, Chen, et al.
[10] employ triplet loss to constrain the sample-wise pairwise
distances between different signals. Zhang, et al. [11] exploit
the feature similarity from a sample-to-centroid perspective.
However, existing feature space optimization methods for
open-set recognition mainly emphasize inter-class separabil-
ity, while neglecting other crucial factors including feature
response differences between known and unknown classes,
and intra-class compactness. For instance, pairwise distance
loss cannot effectively constrain all class distinctions, thus
restricting model generalization. Moreover, relying solely on
sample-to-centroid similarity fails to capture local sample
distance relationships.

This paper proposes a multi-level feature distribution con-
straint method which develops different granularity levels,
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global inter-sample relationships and local inner-sample acti-
vation patterns, in the representation space. We introduce a
sample-centroid constraint to simultaneously enhance intra-
class compactness within each modulation category and
improve inter-class separation between different modula-
tion types. Furthermore, we design an inner-sample level
constraint, max-min feature constraint (MMFC), which oper-
ates on the feature vector activations, emphasizing local
extreme responses and suppressing redundant activations, thus
improving the inner-sample feature purity and enhancing the
distinctiveness from the activation patterns of unknown mod-
ulation signals.

In conclusion, we design a novel method for AMOSR by
designing multi-level feature distribution constraint method
based on pseudo modulation placeholder method, termed
multi-level feature distribution learning (MLFDL), as illus-
trated in Fig. 2. The detailed contributions of this paper are
summarized as follows:

e We propose a novel pseudo-modulation generation
method based on manifold mixup, which enables the
model to better comprehend the concept of unknown
modulation types while enhancing its forward compatibil-
ity for recognizing potential unknown modulated signals.

e We propose a sample-centroid contrastive learning
method which enforces intra-class compactness and inter-
class separability by aligning sample-level features with
their corresponding class centroids.

e We propose an inner-sample level MMFC to explicitly
enhance the divergence between the feature distributions
of known and pseudo-novel signals, thereby strength-
ening the model’s discrimination capability in open-set
conditions.

e The proposed method utilizes minimum sample-to-
centroid distances between sample features and class
centroids for effective unknown modulation rejection.
Comprehensive evaluations across multiple datasets show
significant improvements in both AUROC and OSCR
over state-of-the-art approaches, demonstrating MLFDL’s
superior effectiveness and generalization.

The rest of the paper is organized as follows: In Section II,
we briefly introduce the related works. In Section III, we
elaborate on the details of the proposed MLFDL method. In
Section IV, we report and analyze the AMOSR results. Finally,
in Section V, we conclude this work.

II. RELATED WORK
A. Model-Driven Automatic Modulation Recognition

Traditional AMR algorithms can generally be categorized
into two main types: likelyhood-based (LB) methods and
feature-based (FB) methods [19]. LB methods [20], [21]
calculate the likelihood function for the potential modulation
types of the received symbol sequence, making decisions
using a Bayesian or Neyman-Pearson hypothesis testing frame-
work, such as, average likelihood ratio test or generalized
likelihood ratio test. Although LB methods construct an opti-
mal solution in the Bayesian sense, they suffer from poor
robustness due to sensitivity to model mismatch and high
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computational complexity. FB methods extract hand-crafted
features of the signals, typically falling into three categories
[22]: instantaneous features, statistical features, and transform-
domain features. Specifically, instantaneous features describe
the radio signal in terms of amplitude, frequency, and phase
across various modulation types. Higher-order statistics [23]
and cyclostationary moments [24] are widely used statistical
characteristics to describe the periodic features. Then, the auto-
correlation function and the spectral correlation are employed
to facilitate the accurate classification of modulation types
based on these features. However, the hand-crafted features
often require domain expertise and have limited discriminative
power in dynamic environments, making them with poor
adaptability to varying channel conditions. Transform-domain
analysis represents an effective signal processing technique,
including wavelet transforms and random transforms [25].
Subsequent machine learning classifiers - such as support
vector machines [25], neural networks [26], and decision
trees [27] are typically applied to these transform-domain fea-
tures for modulation classification. However, this conventional
pipeline adopts two-stage architecture approach including fea-
ture extraction and separate classifier training. This two-stage
approach introduces some fundamental limitations, including
the increased system complexity due to independent opti-
mization of two components, limited adaptability to new data
distributions, and poor generalization across varying channel
conditions.

B. Data-Driven Automatic Modulation Recognition

Deep learning (DL) methods [4], [28], [29] have gained
significant attention in AMR owing to their powerful feature
extraction capabilities and end-to-end learning framework.
Typical DL-based approaches utilize CNN, LSTM, Trans-
former, or their hybrid architectures to automatically extract
discriminative signal features for modulation classification.
O’Shea et al. [28] pioneer CNN to extract the features of
I/Q sequences, demonstrating the superiority of deep learning
techniques in AMR. Wang et al. [4] design a modulation
recognition CNN model, DrCNN, based on constellation dia-
grams, effectively improving the recognition of challenging
modulations (e.g., QAM16/64), under low signal-to-noise ratio
(SNR) conditions. In addition, the RNN structure has been
explored for AMR by several studies [2], [5]. Rajendran et al.
[5] implement LSTM models on resource-constrained sensors.
In addition, Huang et al. [2] combine CNN with RNN to
develop a convolutional long-short term deep neural network
(CLDNN), achieving a notable enhancement in classification
accuracy. While these studies highlight the importance of
temporal feature extraction, RNN-based methods face compu-
tational efficiency challenges as their processing complexity
grows linearly with signal length.

The transformer architecture, enhanced by its multi-head
attention mechanism [30], excels at extracting global contex-
tual information from signals. This capability enables effective
modeling of long-range dependencies in signal data. Cai et al.
[6] develop a specialized transformer network that leverages
global signal information and semantic relationships to achieve
robust classification under low SNR conditions.
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Auto-encoders [31] represent an unsupervised learning
framework comprising an encoder-decoder structure. The
encoder maps input data to a low-dimensional latent space,
while the decoder reconstructs the original input from this
compressed representation. Ke and Vikalo [32] design an
LSTM-based denoising autoencoder network that extracts
noise-resistant features for modulation recognition. Ali et al.
[33] combine I/Q constellation diagrams and higher-order
cumulants as inputs, and design a two-layer sparse auto-
encoder structure for modulation recognition.

However, these methods follow an inherent closed-set
assumptions during training, mianly designed for known mod-
ulation categories. When faced with unknown modulation
types in the test set, these methods confidently classify the
unknown signals into the known modulation categories, failing
to reject unknown modulation types. These shortcomings
highlight the importance of developing AMOSR methods for
practical deployment scenarios.

C. Automatic Modulation Open-Set Recognition

AMOSR aims to accurately classify known modulation
types and reliably reject unknown modulation types. As shown
in Fig. 1, current OSR methods fall into two categories,
discriminative methods and generative methods.

Discriminative approaches for open-set recognition typically
involve distinct strategies to discriminate unknown classes
[34], such as analyzing SoftMax probability distributions [12],
assessing prediction confidence via entropy measurements
[35], or computing the distance between sample features and
known class centroids [18], [36]. The OpenMax method [12]
combines deep learning with extreme value theory to explicitly
model unknown class likelihood. ARPL [36] aims to separate
known and unknown distributions by identifying reciprocal
points that represent inter-class differences. Recent advances
[37], [38], [39] have focused on optimizing feature distri-
butions for open-set conditions through contrastive learning
[40]. For example, Xu et al. [37] exploit the supervised
contrastive learning to enhance the feature distribution for
open-set recognition. Kong, et al. [39] apply similar principles
to maximize intra-class similarity and minimize inter-class
similarity in jamming signal classification. These methods col-
lectively advance the field by improving feature representation
learning under open-set conditions.

The generative methods can be further divided into instance
generation methods [14], [41] and non-instance generation
methods [3], [42]. Instance generation methods employ gen-
erative models to synthesize unknown samples. For example,
OpenGAN [14] uses GAN to generate negative features
resembling unknown samples. Zhou et al. [41] employ mani-
fold mixing to synthesize pseudo-novel classes, establishing
placeholder representations that mitigate overconfidence in
closed-set predictions while anticipating potential open-set
data. Non-instance generation methods typically recognize
unknown samples by analyzing reconstruction errors from
trained auto-encoder models. For example, Huang et al. [42]
develop class-wise auto-encoders to reconstruct semantic fea-
tures extracted by the backbone network, with unknown-class
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Fig. 1. The typical AMOSR methods can be divided into the discriminative methods and the generative methods.

samples exhibiting higher reconstruction errors than known
categories.

However, these open-set recognition methods are primar-
ily designed for image recognition and may not be fully
applicable to signals. Compared to image recognition, the
classification of signal modulation requires consideration of
more abstract and complex features [43]. Moreover, the signals
are often affected by various noise and interference, such as,
white noise and multi-path effects, which substantially degrade
feature representations and complicate recognition tasks. To
address these challenges, the modified generalized end-to-
end (GE2E) loss function [11] improves network training
through adaptive thresholds and sample-to-centroid similarity
optimization for AMOSR. OMR-DRL [10] utilizes the Otsu
method to recognize the known and unknown modulation
signals. While existing methods primarily improve open-set
rejection through threshold optimization, they exhibit two
critical limitations: inadequate consideration of implicit fea-
ture space organization, and failure to simultaneously achieve
intra-class compactness for known modulations and sufficient
feature space allocation for unknown types. These short-
comings fundamentally constrain the separability between
known and unknown classes in the learned representation
space. To overcome these limitations, we propose a novel
AMOSR method that develops multi-level feature distribution
constraints based on pseudo-novel modulation placeholder.

III. METHODOLOGY
A. Problem Definition

In dynamic open communication environments, the close-
set trained model f(-) confronts test signals f)te = {(x,-,y,-)}iL=1
containing previously unseen modulation types, y; € Y =
{1,...,K,K + 1} represents the extended label space where
class K + 1 aggregates all unknown modulation types, poten-
tially comprising multiple different modulation signals. The
fundamental challenge lies in developing an AMOSR model
capable of detecting this composite unknown class K + 1
without prior exposure to any unknown signals during training.
This problem can be formally expressed as an expected risk
minimization [22] as:

fr=argminB ) p 10 # £06) M

where f(-) represents the AMOSR model, decoupled into a
feature extractor ¢(-) and a linear classifier parameterized by

Algorithm 1 MLFDL

Input: D, = {(xi,yi)}ﬁ 1» the feature extractor ¢(-), the linear
classifier W, the test signal sample x;;.

Output: the trained AMOSR model f(-), the open-set modu-
lation classification result ;.
Pseudo Novel Modulation Placeholder:
(1) Generate the feature embeddings of known signals by
Eq. 2;
(2) Generate the pseudo novel modulation placeholders
using Eq. 3;
(3) Introduce the modulation classification loss Ly by
Eq. 4.
Multi-level Feature Distribution Constraint:
Sample-centroid Contrastive Learning:
(1) Generate centroids using Eq. 7;
(2) Construct the positive pairs and negative pairs;
(3) Introduce the sample-centroid contrastive learning loss
Lcr as Eq. 8.
Sample-wise Max-Min Feature Constraint:
(1) Calculate maximum and minimized feature value using
Eq. 9 and Eq. 10, respectively;
(2) Introduce the max-min feature constraint as Eq. 11.
Overall Training:
(1) Train the AMOSR network f(:) according to Eq. 12.
Unknown rejection:
(1) Calculate the minimum distance to all centroids by
Eq. 13;
(2) Calculate the average distance and set a rejection
threshold th by Eq. 14;
(3) Execute the AMOSR using Eq. 15.

W. In this paper, we employ MCLDNN [44] as the feature
extractor as illustrated in the subplot (a) of Fig. 2. The com-
plete training and testing procedure, outlined in Algorithm 1,
integrates our novel contributions, a pseudo-modulation place-
holder generation method and a multi-level feature distribution
constraint framework.

B. Network Architecture

The network employed in this paper comprises three core
components: Multi-channel Feature Extraction, Temporal Fea-
ture Modeling, and FC Classifier. As depicted in Fig. 2 (a),
the processing pipeline begins with multi-channel feature
extraction where I-channel, Q-channel, and combined I/Q
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sample-centroid contrastive learning method.

signals are independently processed through three parallel 1D
CNNss, convl, conv2, and conv3. The extracted I-channel and
Q-channel features are then concatenated and further pro-
cessed by conv4, before being fused with the I/Q-channel
features from conv3 to form a comprehensive multi-channel
representation. These features subsequently undergo tempo-
ral modeling through conv5 and two LSTM networks, each
with 128 cells, to capture sequential dependencies in the
signal data. The multi-channel feature extraction and temporal
feature modeling are used to extract features for contrastive
learning. The positive sample pairs are constructed between

signal features and their corresponding class prototypes,
while the negative pairs are formed using centroids of other
modulation types, with all features maintaining a consistent
128-dimensional representation after two LSTM networks.
Finally, the architecture employs two fully connected layers
followed by a Softmax layer to perform the final modulation
classification.

C. Pseudo Novel Modulation Placeholder

In AMOSR task, the objective is to reject all unknown-
class signals. However, some unknown signals share similar
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properties with known signals, resulting in feature-space over-
lap that may lead to rejection failures. To address the dual
challenges of calibrating closed-set classifiers while preserv-
ing sufficient feature space for unknown modulation types,
we propose a pseudo novel modulation placeholder (PNMP)
method which leverages manifold mixup to simulate these
hard pseudo-unknown samples located in regions of high sim-
ilarity, which are difficult to distinguish from known signals.
The PNMP method incorporates novel modulation generation
with pseudo open-set training. In addition, for the fidelity of
OOD samples, although the mixup-generated signals are not
intended to directly simulate these signals that exhibit signifi-
cant distributional divergence from known classes, when these
unknown signals enter the model, their feature representations
usually lie at a sufficiently large distance from the centroids of
known classes. Consequently, our model can effectively reject
these samples based on the sample to centroids distances.
For computation complexity, the traditional methods rely-
ing on generative models to simulate new modulation types
face significant limitations, including the inherent difficulty
in accurately modeling unknown signal distributions and the
substantial computational burden of model retraining. In con-
trast, the effective unknown signal placeholders generated by
PNMP exhibit different distributional characteristics compared
to known classes while maintaining computational efficiency,
which overcomes these limitations and provides an efficient
mechanism to anticipate novel modulation signals. Specifi-
cally, given two samples x,, and x, with distinct labels, the
feature embeddings of x,, and x, are extracted by the feature
extractor ¢(-), denoted as F,, € R? and F, € R, respectively.

Fn = &(Xm), Fu = &(xn) 2
We employ the manifold mixup operation as shown in Fig. 3:
JT':; 2/1]:111“‘(1 _/l)f;laym F Vn (3)

Our approach generates these combinations within mini-
batches during training. Given a batch size B, we randomly
select B/2 pairs of samples from different modulation classes
and apply manifold mixup to create synthetic representations.
This strategy specifically addresses the critical challenge posed
by unknown modulation signals that exhibit high similarity to
known types. To enhance the model discriminative capability
for these borderline cases, we sample the mixup coefficient 4
from the constrained interval [0.98, 1), deliberately generating
pseudo-novel modulation placeholders that closely resemble
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known classes. This controlled approach serves the purpose
of strengthening the model’s ability to recognize ambiguous
unknown modulation features while maintaining adequate fea-
ture space allocation around known-class clusters. By focusing
on this sampling range, we effectively reserve feature space for
potentially similar unknown modulation types while preserv-
ing clear decision boundaries between known and unknown
categories.

Consequently, we define the embedding F,, as pseudo-open-
set modulation types, assigning them the novel class label
K + 1 during training. The model processes both the original
training signals and these synthesized exemplars through the
classification layer, where W € RKTDXD parameterizes the
weight matrix for final prediction. This formulation natu-
rally decomposes the modulation classification loss Ly into
two distinct components, the known modulation classification
loss Lxyc and the pseudo-novel modulation placeholder loss
Lpnmp:

Luc = Lxmc + Lpnmp 4)

For the known modulation types, Lxuyc is formulated as:

N
1
Lxue = ;f(f<xi>,yi> 5)
which £() denotes the standard cross-entropy loss function.
For the augmented pseudo-samples F~, the pseudo-novel
modulation placeholder loss Lpyyp is defined as:

Lenmp = W - F* K + 1) (6)

D. Multi-Level Feature Distribution Constraint

This subsection details the proposed multi-level feature
distribution constraint (MFDC) method, incorporating both
sample-centroid contrastive learning and sample-wise MMFC.
The contrastive learning method employs a specialized loss
function to promote intra-class compactness and inter-class
separability by mapping sample-level features to their corre-
sponding class centroids. Meanwhile, the MMFC explicitly
enhances the feature distribution divergence between known
and unknown signals. These constraints collaboratively opti-
mize the model feature representation for open-set scenarios,
improving its ability to reject unknown modulation types.

1) Sample-Centroid Contrastive Learning: We aggregate
the feature representation of the training signals F € RV*P
in the current training epoch by the feature extractor, where
N and D represent the number of training signals and feature
dimension, respectively. Given the true modulation label y;,
we generate the centroid vector C, € RP of the modulation
type k as follows:

_ Zﬁ1~7'-i']l[yi:k]
G = N
Zi:l 1 [yi = k]

where i is the sample index, F; € R? is the feature representa-
tion of sample i. To generate more compact intra-class feature
distribution and more separable inter-class clusters, as illus-
trated in Fig. 4, we propose a sample-TO-centroid contrastive
learning method that encourages the feature representation of

(7
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space evolution with contrastive learning method.

an anchored sample F; to align closely with its associated
cluster centroid C, based on its ground-truth label y, while
simultaneously driving F; away from the centroids of all other
classes. This process is optimized by L¢; as follows:

exp (Norm(E) . Norm(Cy)/T)
Z,le exp (Norm(F;) - Norm(Cy)/1)

where Norm denotes the I, normalization operation of the
feature vector and 7 is the temperature parameter, which is
set to 0.1 empirically. The contrastive learning aims to ensure
the feature space with smaller intra-class distances and larger
inter-class separations, thereby leaving sufficient feature space
for potential unknown classes. F; and C, constitute the positive
pair. F; and the centroid vectors of other classes form the neg-
ative pairs in contrastive learning. In addition, the red arrows
represent the pull operation between positive samples, while
the purple arrows indicate the push operation between negative
samples. Through the introduction of the contrastive loss term
Lcr, the model optimizes its feature geometry to maintain
reserved compatibility regions for unknown modulation types,
thereby mitigating open-space risk.

2) Sample-Wise Max-Min Feature Constraint: Building
upon the fundamental divergence in feature representation
properties between known and unknown signals, we propose a
MMFC method to enhance discriminative feature learning for
known modulation types while improving detection capability
for open-set signals. The underlying principle stems from
the observation that well-trained models naturally develop
distinct activation patterns: known-class signals exhibit promi-
nent features with high activation magnitudes corresponding
to class-discriminative characteristics alongside suppressed
features with minimal magnitudes, whereas unknown sig-
nals demonstrate uniformly attenuated activation profiles due
to their absence during training. To systematically enforce
this discriminative structure, our MMFC implements simul-
taneous constraints on feature magnitudes by maximizing
salient activations for known-class patterns while minimizing
non-discriminative responses. The implementation begins by
identifying the most significant feature dimension per sample
through:

Lcp = —log

Fimax = max |‘/—';]| 9

1<j<D

where j denotes the j”* element in the feature embedding ;.
Then, we define the minimized feature value of each sample
as:

Fimin = IISIEISI}) iﬁji (10)

Therefore, the proposed MMFC is optimized by L yrc as:
- ]:imax (1 1)

This constraint amplifies discriminative feature responses
for known classes while maintaining subdued activations for
non-characteristic features, thereby sharpening the separation
between known and unknown modulation types in the feature
space.

['MMFC = Fimin

E. Training Phase and Test Phase for MLFDL

The overall training loss for the proposed MLFDL method
consists of three parts, the modulation classification loss Ly,
the sample-centroid contrastive loss L¢y, and the sample-wise
max-min feature constraint £y rc, which is formulated as:

Lurrpr = Lyc + AcrLer + Aumrc Lyvmre (12)

where A¢cp and Ay pe are used to adjust the contribution of
sample-centroid contrastive learning and sample-wise MMFC.

In the test stage, we feed the test signal x; into the network
to get its corresponding feature embedding ;. Then, we cal-
culate the minimum distance from F;; to all known modulation
centroids C, denoted as dis;;:

dis; = min ||F; — Cilla (13)
I<k<K

Then, we calculate the average distance dis,,, of all test
samples and set a rejection threshold ¢4 following Eq. 14:

L
1
disag = 5 > disy, th =B+ disay (14)
i=1
where S is set to 1.2 empirically. If dis,; of a test sample is
greater than th, it is rejected as an unknown modulation signal
with the label of K + 1, which is formulated as:

argmaxw] ¢(x,) dis; < th
j\]t[ = k=1, K

K+1

(15)
otherwise
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The predictions less than th are classified as the corresponding
known modulation type.

IV. EXPERIMENTS
A. Evaluation Metric and Implementation Details

Following [36], [45], we use the Area Under Receiver Oper-
ating Characteristic (AUROC) curve to evaluate the AMOSR
performance on both known and unknown test signals. The
AUROC metric assesses the discrimination ability between
known and unknown signals, with a value closer to 1 indicating
better open-set recognition performance. Notably, AUROC
does not require setting specific thresholds for comparison.
However, while AUROC effectively distinguishes between
known and unknown modulation types in probability distri-
butions, it does not assess the model prediction accuracy for
known classes. To address this limitation, we additionally
employ the open-set classification rate (OSCR) metric as
proposed in [18], which incorporates both the rejection rate
of unknown classes and the accuracy of known classes.

In addition, we use accuracy on known samples (AKS),
accuracy on unknown samples (AUS), and normalized accu-
racy (NA) to evaluate the performance of the AMOSR models
comprehensively. AKS denotes the probability of correctly
classifying known modulation signals, whereas AUS repre-
sents that the probability of an unknown sample is correctly
recognized by the model. The formulas of AKS is defined as
follows:

>, TiKi
K K
Elﬂ<nKr*ZﬁuﬂEKO

T;K; denotes denote the number of correctly classified samples
from known class i. F;K; represents the number of known-
class samples with true label j that are misclassified as class
i. For unknown signal recognition, we define TU as the
number of correctly rejected unknown-class samples, FU as
the number of unknown-class samples incorrectly predicted as
known classes. The formula of AUS is defined as:
TU

TU+FU

The NA metric is derived through a combination of AKS
and AUS, providing a balanced evaluation of both known-

class classification and open-set rejection performance, which
is formulated as:

AKS =

(16)

AUS = (17)

NA = 1,AKS + (1 -21,)AUS (18)

where A, is set as the ratio of known modulation types to the
total number of modulation categories.

As shown in Table I, we use the RML2016.10a [28] dataset
and RML2016.10b dataset [46] to evaluate the AMOSR per-
formance, which are widely used in AMR. The RML2016.10a
dataset consists of 11 modulation types, 8 digital types and 3
analog types. The 8 digital modulations are BPSK, QPSK,
8PSK, 16QAM, 64QAM, BFSK, CPFSK, and PAM4, and 3
analog modulations are WBFM, AM-SSB, and AM-DSB. The
RML2016.10b dataset encompasses WBFM, QPSK, 64QAM,
16QAM, PAM4, GFSK, CPFSK, BPSK, AM-DSB, and 8PSK.
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TABLE I
DETAIL PARAMETERS OF DATASETS

Dataset RML2016.10a RML2016.10b
Modulation number 11 10
Total number of samples 220000 1200000
Signal size 2 x 128 2 x 128
SNR range -20:2:18dB -20:2:18dB

The SNR ranges from —20 dB to 18 dB, with an interval of
2, and the length of each sample is 128. The RML2016.10a
dataset contains 1000 signals for each modulation and SNR
combination, 220,000 signals in total. As shown in Table II,
we set two different openness levels, specifically 20.94% and
5.13%. Under the 20.94% openness condition, there are 5
known modulation types and 6 unknown modulation types.
Under the 5.13% openness condition, there are 9 known
modulation types and 2 unknown modulation types. The
RML2016.10b dataset has 6000 signals of each modulation
and SNR combination, 1200000 signals in total. As shown in
Table II, we also set two different openness levels, specifically
18.35% and 9.25%. Under the 18.35% openness condition,
there are 5 known modulation types and 5 unknown modu-
lation types. Under the 9.25% openness condition, there are
7 known modulation types and 3 unknown modulation types.
The training-validation-testing ratio for both datasets is 6:2:2.
The framework is implemented in PyTorch with a NVIDIA
GeForce RTX 4090 GPU. We adopt the Adam optimizer in
the training procedure. The learning rate is set to 0.002. The
total training iteration is set to 1000. All models are built on
Python 3.8 in PyTorch 2.0.1.

B. Comparison With Other AMOSR Methods

We compare the proposed framework with other existing
competitive open-set modulation recognition method, Soft-
Max, OpenMax [12], GCPL [47], RPL [45], ARPL [36],
OMR-DRL [10], GE2E [11], and PROSER [41]. Note that
all groups use the same data augmentation methods, training
strategies, and backbone model for fair comparisons.

1) AMOSR Performance on RML2016.10a Dataset: As
illustrated in Table I, we set 9 modulation types and 2
modulation types as the known class and unknown class,
respectively, on RML 2016.10a dataset. We test the AMOSR
performance of different methods when SNR belongs to
[-10dB, 18dB] with a step of 2dB. We provide the average
AMOSR performance when openness is 5.13% and 20.94%
in Table III and Table IV, respectively.

As shown in Table III, the proposed MLFDL achieves
consistently superior results on AUROC, OSCR, AKS, AUS,
and NA, respectively on RML2016.10a dataset when the open-
ness is 5.13%. In this configuration, the number of unknown
classes is 2. Specifically, our method achieves a significant
improvement of 10.39% on AUROC compared the second-
best method OMR-DRL. In addition, MLFDL outperforms the
second-best PROSER on OSCR by 7.44%. As illustrated in
Table 1V, our method achieves the best OSCR of 85.39% and
the best AUROC of 96.30% when openness is 20.94% with
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TABLE I
EXPERIMENTAL SETTINGS WITH DIFFERENT DEGREES OF OPENNESS

Dataset Openness Known classes Unknown classes
RMI2016.10a 5.13% AM-SSB, BPSK, CPFSK, GFSK, PAM4, QPSK, 8PSK, QAM16, QAM64 WBFM, AM-DSB
’ 20.94% AM-SSB, BPSK, CPFSK, GFSK, PAM4 QPSK, 8PSK, QAM64, QAM16, WBFM, AM-DSB
RML2016.10b 9.25% QPSK, WBFM, CPFSK, GFSK, PAM4, QAM16, QAM64 8PSK, BPSK, AM-DSB
’ 18.35% 8PSK, BPSK, CPFSK, GFSK, PAM4 QAMI16, QAM64, QPSK, WBFM, AM-DSB

TABLE III

THE AVERAGE AMOSR PERFORMANCE (%) ON RML2016.10A DATASET
WHEN SNR BELONGS TO [-10dB, 18dB] WITH A STEP OF 2DB AND
THE OPENNESS 1S 5.13%

Method AUROC OSCR AKS AUS NA
SoftMax 61.61 56.74  55.72 46.10 53.97
GCPL [47] 61.48 55.09 5693 52.88 56.19
RPL [45] 49.17 4372 46.21 4341 4570
ARPL [36] 48.20 4252 44.64 4172 44.11
OpenMax [12] 57.41 49.47 8026 38.82 7378
GEZ2E [11] 73.68 64.78  71.08 69.82  70.85
OMR-DRL [10] 77.80 6530 6436 6691 64.82
PROSER [41] 72.35 67.78 7323 64.66 71.67
MLFDL (Ours) 88.19 7522 8155 7717 79.70
TABLE IV

THE AVERAGE AMOSR PERFORMANCE (%) ON RML2016.10A DATASET
WHEN SNR BELONGS TO [-10dB, 18dB] WITH A STEP OF 2DB AND
THE OPENNESS IS 20.94%

Method AUROC OSCR AKS AUS NA
SoftMax 69.24 65.08 5942 5732 5827
GCPL [47] 65.54 53.73 6532 6412 64.66
RPL [45] 66.12 61.30 67.70 6549 66.49
ARPL [36] 50.51 4723  49.23 4528 47.07
OpenMax [12] 59.32 5123 7648 4524 59.44
GEZ2E [11] 75.38 6642 7428 7025 72.08
OMR-DRL [10] 82.32 75.54  80.12 77.43  78.65
PROSER [41] 73.56 65.31 75.67 67.55 71.24
MLEDL (Ours) 96.30 85.39 9537 8899 9179

6 unknown modulation types, demonstrating that our method
can effectively reject the unknown modulation types while
maintaining the classification capability for known modulation
types with different known and unknown partitioning. This
proves that the optimization based on PNMP and multi-level
feature distribution constraint enhances the margin between the
known and unknown modulation types in the feature space,
preserving the inter-class separation of known modulation
types. Furthermore, our method achieves the highest AKS and
AUS among all compared methods, consequently attaining
the highest NA of 91.79%. These observations validate that
the adaptive threshold, #h, based on the average distance
metric, can not only maintain the recognition accuracy of
known modulation types but also effectively reject unknown
modulation types, thereby contributing to the stability of AKS
and promoting the improvement of unknown-class sensitivity
of AUS. These experimental results effectively demonstrate
that our method achieves stable and favorable AMOSR per-
formance across different numbers of unknown classes.

2) AMOSR Performance on RML2016.10b Dataset: Sim-
ilarly, we conduct the comparative experiments for the
AMOSR task on the RML2016.10b dataset to 8 competitive

TABLE V

THE AVERAGE AMOSR PERFORMANCE (%) ON RML2016.10B DATASET
WHEN SNR BELONGS TO [-10dB, 18dB] WITH A STEP OF 2DB AND
THE OPENNESS IS 9.25%

Method AUROC OSCR  AKS AUS NA
SoftMax 60.12 5243  69.12 2338 5539
GCPL [47] 68.12 6232 7631 4034 6552
RPL [45] 61.25 59.32  75.17 2422  59.88
ARPL [36] 70.21 65.12 7434 3423 6231
OpenMax [12] 58.26 56.34 8534 2532 6733
GEZ2E [11] 68.23 59.12  90.12 3024 72.16
OMR-DRL [10] 70.02 64.64 76.12 4844  67.82
PROSER [41] 71.86 66.87 72.15 6345 69.54
MLFDL (Ours) 94.86 8346 9542 94.89 94.80
TABLE VI

THE AVERAGE AMOSR PERFORMANCE (%) ON RML2016.10B DATASET
WHEN SNR BELONGS TO [-10dB, 18dB] WITH A STEP OF 2DB AND
THE OPENNESS IS 18.35%

Method AUROC OSCR  AKS AUS NA
SoftMax 55.10 50.18  81.79 1878  50.29
GCPL [47] 64.09 6132 7793 4550 61.72
RPL [45] 54.67 5648  77.14 36.87 57.01
ARPL [36] 66.91 64.51  79.50 39.57 59.54
OpenMax [12] 65.55 59.54  88.43 2131 54.87
GE2E [11] 67.10 50.16  80.81 3796 59.38
OMR-DRL [10] 68.90 63.11  79.14 4592 6253
PROSER [41] 72.67 6821 7294 66.75 69.84
MLFDL (Ours) 92.42 86.78 96.45 86.77 91.61

methods. We employ two different openness levels of 9.25%
and 18.35%, respectively, with the SNR range from -10dB to
18dB and a step size of 2dB. In Table V, we present the aver-
age AMOSR performance across all experimental groups when
the openness is 9.25%. MLFDL achieves the best AUROC
and OSCR when the number of known classes is 7 and the
number of unknown classes is 3 on RML2016.10b dataset.
In terms of AUROC, our method outperforms the second-
best approach, PROSER, by 23.00%. In terms of OSCR, our
method achieves an 18.34% improvement compared to ARPL.
In addition, MLFDL achieves a remarkable AUS of 94.89%,
significantly outperforming other benchmark methods. These
findings verify that the proposed MLFDL demonstrates con-
sistent robustness in distinguishing known versus unknown
signal categories under different dataset evaluation scenarios,
while demonstrating robust resilience against performance
degradation when encountering previously unseen modulation
types.

As shown in Table VI, our method achieves consistently
superior performance on AUROC, OSCR, AUS, and NA,
respectively, when the openness is 18.35%. Specifically, our
method outperforms the second-best PROSER by 19.75%
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Fig. 5. The first row denotes the AUROC and OSCR results on RML.2016.10a dataset when openness is 5.13%. The second row denotes the AUROC and

OSCR results on RML.2016.10b dataset when the openness is 18.35%.

on AUROC. In addition, our method gains an improvement
of 18.57% on OSCR compared to PROSER. These findings
demonstrate that under the condition of higher openness, our
method maintains the distinctiveness between known mod-
ulation types and unknown modulation types. As for AKS
and AUS, our method achieves the best average results of
96.45% and 86.77%, which verifies that our method effec-
tively optimizes the empirical risk for known classes while
simultaneously mitigating the open-space risk associated with
unknown modulation types. The advantage of our method
lies in the fact that our method enables the balance between
the modulation recognition of known types and unknown
types, achieving a best NA of 91.61% among all comparative
methods. These results further support that the pseudo-novel
modulation placeholder and multi-level feature distribution
constraint proposed in this paper effectively optimize the fea-
ture space for AMOSR, facilitating a synergetic optimization
of open-space risk and empirical risk.

As shown in Fig. 5, the performance of comparative
methods fluctuates significantly with changes in SNR. The
proposed method remains relatively stable. The relative sta-
bility of our method across different SNR conditions can
be attributed to the optimized open-set feature space by
our proposed components, which is fundamentally different
from the comparative methods. Previous AMOSR methods

lack mechanisms that explicitly encourage separation between
known and unknown modulated signals, causing their feature
distributions to collapse or overlap as noise levels increase,
thereby leading to performance fluctuations. In contrast, our
method establishes an open-set representation space through
the following designs: (1) The proposed pseudo-modulation
generation based on manifold mixup expands the feature
manifold toward unknown regions, enabling the model to
better internalize the concept of unseen modulation types
and improving its rejection capability under noisy conditions.
(2) The sample-centroid contrastive learning module enhances
intra-class compactness and inter-class separability, making
known-class clusters more robust against SNR degradation.
and (3) The inner-sample MMFC further amplifies the diver-
gence between known and pseudo-novel feature distributions,
ensuring a clear decision boundary even when noise increases.
These components yield a feature space inherently suitable
for unknown rejection, resulting in stable performance across
varying SNR levels, an advantage that comparative methods
do not possess.

3) Complexity Analysis: Our work primarily compares
different open-set recognition methods while keeping the
modulation recognition model consistent across experiments.
Taking the RML2016b dataset as an example, the training of
100 epochs requires 14.56 minutes, and the training time of
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TABLE VII
THE TRAINING TIME AND INFERENCE TIME OF DIFFERENT MODELS

Method Training time (min)  Inference time (ms)
SoftMax 14.31 1.14

GCPL [47] 14.54 1.26

RPL [45] 14.55 1.27

ARPL [36] 14.53 1.32
OpenMax [12] 14.31 2512.43
GE2E [11] 14.46 4.52
ORM-DRL [10] 14.58 2511.32
PROSER [41] 15.89 5.14
MLFDL (Ours) 14.56 342

different methods remains almost identical under the same
computational environment, as shown in Table VII. How-
ever, in the open-set recognition phase, a significant gap
appears in inference efficiency. Methods such as OpenMax and
ORM-DRL involve additional Weibull distribution fitting,
which substantially increases their inference latency to the
order of seconds, over 2500 ms per sample. In contrast,
our proposed MLFDL method determines the rejection of
unknown classes by computing the minimum distance between
sample features and the centroids of known modulation types,
and then comparing it with the average intra-class distance.
This rejection mechanism allows our approach to maintain
stable online inference within 10 ms per sample, with an aver-
age inference time of 3.42ms. Such results demonstrate that
our method not only ensures competitive open-set recognition
accuracy but also achieves a favorable trade-off between effec-
tiveness and efficiency, thereby exhibiting promising feasibility
for practical deployment.

C. Ablation Study

1) AMOSR Performance Under Different SNR Levels:
We list the AUROC and OSCR performance across different

datasets under various SNR levels in Fig. 5. In addition, we
report AKS, AUS, and NA results different datasets under
various SNR levels in Fig. 6. On RML2016.10a dataset, our
method achieves consistent and stable growth on AUROC as
SNR ranges from -10dB to 14dB in first subplot of the first row
in Fig. 5. In contrast, other methods exhibit unstable unknown
signal discrimination performance under different SNR levels
as shown in the AUROC subplot of Fig. 5. In addition, as
illustrated in the second subplot of the first row in Fig. 5,
when SNR is greater than —2dB, our method achieves the
best OSCR, which validates that the proposed method can
maintain its recognition capability for known modulation types
while effectively rejecting unknown ones. As SNR ranges
from 6 to 18 dB, the comparative methods misclassify some
known-class modulation signals as unknown-class modulation
signals, accompanied by the issue of overfitting to the known-
class training set, which results in a decline in classification
accuracy for certain known-class signals during testing, as
illustrated in the AKS subplot of Fig. 6. The fluctuated AKS
value leads to reduction and fluctuation in OSCR, which
comprehensively reflects the AMR accuracy of both known
and unknown modulated signals. Compared to other methods,
the proposed method achieves superior NA performance under
different SNR levels. Moreover, the AKS attains above 90.00%
even when unknown classes are introduced, demonstrating
the effectiveness of our method in maintaining robust AMR
performance on known modulation categories under open-
set conditions. In terms of AUS, our method demonstrates
stable performance, with significant advantages at —2dB and
2dB. Additionally, OMR-DRL achieves relatively high AUS
at 14dB. On NA, our method consistently achieves superior
performance at SNR levels above —2 dB, highlighting the
effectiveness of the proposed PNMP and MFDC designs
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Fig. 7. Confusion matrices on RML2016.10a for different SNR levels. (a) SNR = —2dB. (b) SNR = 2dB. (c) SNR = 6dB. The vertical axis represents the

true label, and the horizontal axis represents the predicted label.

for AMOSR. These results demonstrate that our approach
provides strong discriminative capability in distinguishing
between known and unknown modulation types.

As depicted in the second row of Fig. 5, on the
RML2016.10b dataset, our method demonstrates substantial
improvements in terms of AUROC and OSCR when the SNR
exceeds —2dB compared with other methods, demonstrating
balanced and stable performance in accurately classifying
known modulation types while reliably detecting unknown
ones. As shown in the second row of Fig. 6, in terms of
AKS, OpenMax and GE2E exhibit competitive performance.
However, these methods demonstrate limited effectiveness in
rejecting unknown modulation types, with the classification
performance degradation clearly observable in subplots (g)
and (h). In contrast, our method significantly leads in terms of
the AUS metric for rejecting unknown types while effectively
recognizing known modulation types when the SNR is above
—2dB. Ultimately, our method exhibits substantial and evident
improvements in the NA metric. These findings further sup-
port that the superiority and effectiveness of our method on
AMOSR under different SNRs of a high openness level.

2) Classification Performance of Different Modulation
Types: We provide some confusion matrices of different
modulation types achieved by our method on RML.2016.10a
dataset in Fig. 7. When SNR = -2dB, Among the known
modulation types, there is a confusion between 8PSK and
QPSK classification, while the other seven modulation types
are classified with good effectiveness. Additionally, our
model demonstrates robust discrimination capabilities between
known and unknown classes, achieving a recognition accuracy
of 94.75% for unknown modulation types. When SNR is
at 2dB, our method not only maintains a high accuracy
of identifying known modulation types, exceeding 95.00%,
but also effectively distinguishes unknown modulation types,
achieving a rejection accuracy of 96.00% for them. Similar
performances can be observed in the confusion matrix of
Fig. 7 (c). These results confirm that PNMP and multi-
level feature constraint learning can construct a well-separated
feature space for known modulation types while preserving a
suitable feature space for unknown modulation types. In Fig. 9,

we employ the T-SNE visualization for the signal features. It
can be found that our method produces well-separated clusters
for known modulation types while reserving sufficient feature
space for unknown modulation types. The clusters of known
modulation types and those of unknown modulation types are
well separable. These findings further verify the effectiveness
of the proposed MLFDL under different SNR levels.

In addition, we also give the some confusion matrices
achieved by our method on RML.2016.10b dataset in Fig. 8
under the condition of high openness. In Fig. 8 (a), some
known modulation signals are misclassified as unknown,
among which 8PSK is more misjudged as unknown class with
a probability of 79.17%, while the other four known modula-
tion types maintain good classification performance, and the
recognition accuracy of unknown category is 73.30%. When
SNR = 6dB, the recognition accuracy of §8PSK modulation
type signals has been improved from 20.83% to 68.83%, and
the recognition accuracy of unknown signals has also been
improved from 73.30% to 78.23%. When SNR = 10dB, 8PSK
signals and unknown type signals can be distinguished more
accurately, with recognition accuracies of 98.50% and 91.22%
respectively. The above results support that in the case of high
openness, due to the subtle differences in the characteristics
between some known modulation types and unknown modula-
tion types, it is challenging to realize the recognition of known
modulation classes and the discrimination of unknown modu-
lation classes. Our method can still contribute to enhancing the
distinguishability between known and unknown modulation
types while maintaining the distinction performance of known
modulation classes. In Fig. 10, we provide the visualization
results for both known modulation types and unknown modu-
lation types on RML2016.10b dataset. It can be observed that,
although under conditions of a large openness level, the feature
space occupied by unknown modulation types is larger, the
feature space generated based on our method still maintains a
relatively sufficient margin from the feature space of known
modulation types, enabling the model to effectively distinguish
between the known ones and unknown ones.

3) Ablation Study of the Key Design in MLFDL: We con-
duct ablation study on the key design of the proposed MLFDL.
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Fig. 8. Confusion matrices on RML2016.10b for different SNR levels. (a) SNR = 2dB. (b) SNR = 6dB. (c) SNR = 10dB. The vertical axis represents the
true label, and the horizontal axis represents the predicted label.
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Lxve Lpvmp Lo Lymrpe AUROC  OSCR - AKS AUS NA
v X X X 79.21 79.02  99.71 7325 86.48
v v X X 83.42 83.25 9898 81.65 90.31
v v v X 88.82 87.21 98.12 85.54 91.83
v v X v 90.64 90.37 99.55 84.58 92.06
v v v v 96.83 95.74 99.66 86.88 93.27

To investigate the contribution of each key component in
MLFDL, the loss of each component is gradually added
based on the previous group in Table VIII. Specifically, the
first group is only optimized by Lxyc. The second group
is optimized by Lgpyc + Lpymp. It can be observed that
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= 2dB. (b) SNR = 4dB. (c) SNR = 6dB.

the introduction of PNMP brings 4.21%, 4.23%, and 3.83%
improvements on AUROC, OSCR, and NA, respectively,
demonstrating that PNMP effectively expand the feature space
for unknown modulation types. The third group is optimized
with Lxyc + Lpyup + Lcr, which results in a 5.40% AUROC
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TABLE IX
RANDOMLY DIFFERENT UNKNOWN CLASS SETTING

Setting

Known modulation types

Unknown modulation types

1 QPSK, WBFM, CPFSK, GFSK, PAM4, QAM16, QAM64
2 8PSK, BPSK, AM-DSB, GFSK, PAM4, QAM16, QAM64

8PSK, BPSK, AM-DSB
QPSK, WBFM, CPFSK

TABLE X

THE AMOSR PERFORMANCE UNDER DIFFERENT UNKNOWN
CLASS CONFIGURATION (%)

Setting AUROC OSCR  AKS AUS NA
1 94.86 83.46 9542 9489 94.80
2 92.32 8539 9506 9245 94.73

improvement and a 3.60% increase in OSCR, verifying that
the proposed sample-centroid contrastive learning is conducive
to forming a feature space with compact intra-class tightness
and strong inter-class separability for known modulated sig-
nals and unknown ones. The fourth group is optimized with
Lxmc + Lpvyup + Lyumrc. Compared to the second group,
the introduction of Lyyrc improves AUROC and OSCR
by 7.22% and 7.12%, respectively. In the fifth group, we
integrate all proposed modules and gain the best performance
on all metrics, indicating the proposed PNMP and MFDC
can mutually support each other in terms of expanding from
unknown spaces and constraining intra-class and inter-class
feature distributions, effectively enhancing the performance of
AMOSR.

4) Ablation Study of Unknown Diversity: To further verify
the effectiveness of MLDFL facing diverse unknown class
configuration, we add two ablation experiments to demonstrate
the effectiveness of our method confronted with randomly
selected unknown modulation types.

As shown in Tables IX and X, our method demon-
strates strong performance under different unknown class
configurations, maintaining high open-set recognition accu-
racy. Specifically, the AUROC reaches 94.86% and 92.32%,
AKS achieves 95.42% and 95.06%, and AUS attains 94.89%
and 92.45% in the two settings, respectively. These results
indicate that by integrating PNMP and the multi-level fea-
ture constraint, our method effectively distinguishes between
known and unknown modulation types. Furthermore, the
OSCR achieves 83.46% and 85.39%, NA reaches 94.80%
and 94.73%, in the two settings, respectively. These results
confirm that our method not only rejects unknown signals
effectively but also preserves high modulation recognition
accuracy for known signals. Overall, these results validate the
robustness and stability of our method in handling the diversity
of unknown classes in AMOSR task.

5) AMOSR Performance Under Different Training Stage:
To demonstrate the convergence of model performance, under
the conditions of RML.2016.10b and SNR = 14dB, we present
the AUROC and OSCR results after training for 10, 20,
30, 40, and 50 epochs, respectively, in Fig. 11. It can be
observed that as the training progresses, our method consis-
tently improves on both metrics. While accurately rejecting

98 1

96
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92 4

Score(%)

90 4

88 1

—— OSCR
—8— AUROC

86

10 20 30 40 50
Training epoch

Fig. 11. The AUROC and OSCR performance under different training stage.

TABLE XI
ABLATION STUDY OF A FOR MANIFOLD MIXUP (%)

Range AUROC OSCR AKS AUS NA

[0,1) 95.12 91.03 9821 85.01 O9l.61
[0.25,1) 95.48 9233  98.35 85.12 91.73
[0.5,1) 95.65 91.21 9828 85.07 91.67
[0.75,1) 96.30 9490 99.12 8631 9271
[0.98,1) 96.83 95.74  99.66 86.88 93.27

unknown modulation types, it effectively ensures the accuracy
of known modulation types. Moreover, the convergence speed
is fast; after the training 20 epochs, the AUROC reaches
95.48%, and the OSCR reaches 91.41% After 50 epochs,
the AUROC reaches 97.99%, and the OSCR reaches 96.71%.
These findings demonstrate that our method achieves effective
discrimination between known and unknown modulation types
with a fast convergence speed.

6) Sensitivity Analysis of A in Manifold Mixup: We
employ the manifold mixup as Eq. 3 to generate the vir-
tual unknown modulation features using two 1D signals
with different modulation types. The range of can deter-
mine the similarity between the distribution of the generated
pseudo-modulated unknown signals and the distribution of
the original unknown modulation types. To this end, we
conduct five sets of ablation experiments to analyze the
impact of on open-set recognition performance, includ-
ing [0, 1),[0.25,1),[0.5, 1),[0.75, 1),and [0.98,1). As shown in
Table XI, adopting mixup with different 1 value intervals
effectively maintains stable AMOSR performance, achieving
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Fig. 12. The ablative results for the loss contribution parameter, subplot (a) for Ac;, and subplot (b) for Ayyrc. Blue represents the performance of AUROC,

and red represents the performance of OSCR.

an AUROC above 95% and an OSCCR above 91%, which
demonstrates the robustness and generalizability of the pro-
posed method across varying mixup augmentation settings.
when sampling A within the range of [0.98, 1), the proposed
method achieves optimal performance. This demonstrates that
setting to a larger value can generate pseudo-samples that
closely resemble the original modulated signals, enhancing
the model ability to distinguish unknown modulation features,
particularly those that are difficult to differentiate from known
modulation signal, resulting in the best AUROC of 96.83%
and the highest OSCR of 95.74% among all ablation groups.

7) Ablation Study on the Contribution of the Feature Con-
straint Loss: To verify the appropriate intensity of feature
constraint in the overall loss of Eq. 12, we conduct an ablation
study of A¢z and Apypyrpc in Eq. 12. Under the condition of
SNR = 14dB on RML2016.10b dataset.

First, we conduct ablation experiments on the contribution
coefficient of the contrastive loss by setting different A¢; and a
fixed Aymrc of 0.001. The experimental results are presented
the second part of Fig. 12. It can be observed that when A¢y is
set to 0.1, the AUROC performance and OSCR performance
reach their peaks for 96.83% and 95.74, respectively, in the
left bar graph of Fig. 12.

Second, we perform AMOSR experiments using the control
variable method, with various settings for Ayyrc and a
fixed A¢cyp of 0.1. The ablative results are provided in the
right bar graph of Fig. 12. To better balance the magnitude
of Aymrc and prevent it from excessively influencing the
classification loss and contrastive learning loss, the proposed
method achieves the highest AUROC of 96.83% and OSCR
of 95.74% when Apprc is set to 0.001. If the magnitude of
MMEC is too large, it will have a negative impact on the
performance of AUROC and OSCR.

V. CONCLUSION

In conclusion, we present a novel MLFDL method for
AMOSR. The proposed MLFDL method advances open-set
modulation recognition through the synergistic integration
of the pseudo-modulation placeholder method and multi-
level feature distribution constraints. By employing manifold

mixup to simulate unknown signal characteristics, cou-
pled with sample-centroid contrastive learning and max-min
feature constraints, our approach simultaneously achieves
critical objectives: effective modeling of potential unknown
modulations, preservation of discriminative feature space orga-
nization, and maintenance of optimal intra-class compactness
and inter-class separation. Extensive experimental validation
demonstrates MLFDL superior performance, with statistically
significant improvements in both AUROC and OSCR metrics,
underscoring its enhanced generalization capacity and opera-
tional robustness in practical open-set scenarios characterized
by dynamic signal environments.

One future direction is to develop methods capable of
estimating the number of distinct modulation types within the
detected unknown categories. Such a capability would enable
more comprehensive analysis of emerging signals and provide
deeper insight into the communication landscape. In addition,
designing incremental modulation recognition methods under
low-labeling condition is also crucial for practical scenarios.
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