Fil A F. A TBYOLfexd b e85 5 LB FAH R Fix

An Unsupervised Modulation Recognition Method for Communication Signals Based
on BYOL and Contrastive Clustering

LI Daoquan, JIANG Yuncong, YU Quanlin, JIA Weifei, HU Zhaoxu
(School of Information and Control Engineering, Qingdao University of Technology, Qingdao 266520, China)

Abstract: To address the heavy dependence on labeled data in practical radio environments, which limits
reliable recognition of previously unseen (unknown) modulation types, this paper proposes an
unsupervised modulation recognition method for communication signals based on bootstrap your own latent
(BYOL) self-supervised representation learning and a contrastive clustering mechanism. Conventional
modulation recognition algorithms are predominantly supervised and require large amounts of labeled data,
which is often costly or even infeasible to obtain in real-world scenarios. Unsupervised and self-supervised
approaches can alleviate this issue, but existing methods typically suffer from insufficient representation
learning capacity and suboptimal clustering performance, and thus struggle to cope with complex channel
conditions. The proposed method does not rely on any manual labels. First, we employ a BYOL
framework with a dual-branch architecture to encode different sub-segments of the same signal, thereby
learning intrinsic and stable representations in a self-supervised manner. Second, instance-level and
cluster-level contrastive learning modules are introduced: The former enhances feature consistency across
different augmented views of the same signal, while the latter improves the separability of different
modulation types in the feature space, thereby enabling high-accuracy blind clustering of unknown
modulation types. Experiments conducted on the public RadioML.2018.01A dataset show that the proposed
method outperforms existing algorithms by more than 10% in various clustering evaluation metrics.
Ablation studies further confirm the critical roles of the BYOL module and the contrastive clustering
mechanism in improving overall performance. Confusion-matrix analysis demonstrates that, at 10 dB, the
proposed method achieves near-ideal recognition accuracy for typical modulation types such as amplitude
modulation double-sideband with carrier (AM-DSB-WC) , frequency modulation (FM) , and Gaussian
minimum shift keying(GMSK) , and also exhibits strong robustness and anti-confusion capability for other
more challenging modulation types. In summary, the proposed unsupervised modulation recognition
method effectively alleviates the problem of label scarcity in real wireless communication scenarios and
shows strong potential for practical deployment.

Highlights:

1. This paper proposes a BYOL-driven unsupervised contrastive clustering framework for communication
signal modulation recognition without requiring labeled training data.

2.Signal segments from the same communication signal are constructed as positive sample pairs to improve
self-supervised representation learning.

3.Experimental results on the RadioML.2018.01A dataset verify that the proposed method achieves superior
clustering performance over benchmark methods.
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111} RadioML2018.01A ™" JEL o {5 5 KU 4 06F BT 48 07 i b A7 DR AY o %80 #5607 2 555 9044~ T8
AT TR WA EE 24 B IR R 2E A (Qn = BF I AH A% 5 4% (Binary phase shift keying, BPSK) . QPSK .,
8PSK . 16PSK . 64 I A %% 4 2 ( Amplitude and phase shift keying, APSK) .32APSK . 16QAM .32QAM .
64QAM F i #% U AH AH 2 #E 4% ( Offset quadrature phase shift keying, OQPSK) %) , SNR i [l &7 — 20 dB~
30 dBo EEAFEAT 1 0244 TQ WU i Kodli s, #2484k 2> 1 024 By bRy AL RIASJOL R 1, BT —
U Ak 3BT A R 1 2A 28 e R A R L AR T Y RO AR Y 8 i Ry X (T 3G B 45 (On-off keying,
OOK) .BPSK ., 16APSK 16QAM .7l # i X 31 47 4 i ( Amplitude modulation double-sideband with carri-
er, AM-DSB-WC) . #i % ¥ il (Frequency modulation, FM) | & 7 f5 /N 351 8% & 75 (Gaussian minimum
shift keying, GMSK) .OQPSK) #4752 5%
&1 RML2018.01A REfEE
Table1 RML2018. 01A configuration information
RML2018.01A HikfF R
2425 (OOK, 4ASK, 8ASK, BPSK, QPSK, 8PSK, 16PSK,32PSK, 16APSK, 32APSK,
64APSK, 128APSK, 16QAM,32QAM, 64QAM, 128QAM, 256QAM, 7 K% 51 47 I
& (Amplitude modulation single-sideband with carrier , AM-SSB-WC), I il % 1 5.3 47 94 i

P 7 =X A S . . A e g g
(Amplitude modulation single-sideband suppressed carrier , AM-SSB-SC), #I fil] 25 i1 X1 77
fi§ (Amplitude modulation double-sideband suppressed carrier ,AM-DSB-SC),
AM-DSB-WC, FM, GMSK, OQPSK)
G/ 2 555 904
B =X (1024,2)
175 W L 3 —20~30dB, 4K 2dB
N AWGN
Bk I GNU Radio fjj &

ARSI SR FH TG W HE AR T X A I 2R e S I UESE o I had B At vk K/ 256, fAE 25 A Adam , 4
f2 2 3 0.001, YN ZR5E $03% o 3004 Epoch, {5 5 7 BEK 8y 128, B 45 3 F Py Torch SC 3R, S04
-4 4 Intel (R) Core(TM) i9-14900K CPU .64 GB N 77 Fl GeForce RTX 3090 24 GB .77 . :AEIEAL
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Table 2 Performance comparison of different cluster-

ing methods

WIRZS NMI  ARI F ACC  PUR
K-means 0.048 1 0.0274 0.2194 0.2194 0.2211
DBSCAN 0.144 3 0.026 6 0.0771 0.2200 0.2200

CVCL 0.116 7 0.1107 0.2569 0.2800 0.2851
DeepCluster 0.1682 0.1421 0.2930 0.2944 0.296 7
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Fig.4 Test performance of different methods
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Fig.7 Joint visualization of BYOL feature space and clustering results
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Table 3 Comparison of computational complexity and runtime efficiency

VRS SHE/10° 2R AERT /(seepoch ™) i #EFERT /(ms-batch ')
DeepCluster 11.2 45.2 12.5
Ours 12.8 52.6 13.1

2.4 HELZIR
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Table 4 Results of ablation experiments

i NMI ARI F ACC PUR
Al BYOL 0.257 3 0.2726 0.326 7 0.3517 0.343 8
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Table 5 Performance comparison of different weight in loss function

A NMI ARI F ACC PUR

0 0.3114 0.284 2 0.355 8 0.392 3 0.3852
1X10°° 0.372 2 0.350 8 0.404 5 0.478 6 0.456 2
5X10°° 0.376 5 0.3516 0.406 2 0.482 6 0.4614
110" 0.3717 0.348 2 0.392 6 0.473 4 0.454 8
5X10" 0.3417 0.309 2 0.377 3 0.421 4 0.403 9

1 0.297 0 0.271 2 0.336 5 0.3717 0.359 5
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