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Abstract: In wireless communication systems, automatic modulation recognition (AMR) leveraging the intrinsic
characteristics of received signals serves as a crucial prerequisite for intelligent electromagnetic spectrum monitoring and
management. In recent years, deep learning technology has been widely studied due to its powerful implicit feature represen-
tation capabilities. Many scholars have explored the potential of deep learning technology in signal modulation recognition
tasks and have proposed a series of AMR methods, which can be roughly divided into three types based on their network ar-
chitecture: convolutional neural networks-based (CNN), recurrent neural networks-based (RNN), and Transformer-based
methods. However, in dynamic and complex electromagnetic environments, existing AMR methods face two common chal-
lenges: existing models typically lack adaptive perception capabilities for time-varying channel noise, leading to confusion
between different modulation types under varying signal-to-noise ratio (SNR) conditions; existing models struggle to bal-
ance computational efficiency and representation capabilities in long-term signal modeling, limiting the accuracy of discrim-
ination for long-sequence signals. Considering existing modulation recognition methods typically lack the capabilities of

electromagnetic environment perception and struggle to efficiently model long-term time sequences, this paper proposes a
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novel hyperbolic state space model (H-Mamba) that integrates the long-sequence modeling capability of state space models
(SSMs) with the SNR awareness inherent in hyperbolic geometry. Specifically, we first develop a Mamba-based time-fre-
quency feature mining (MTFM) mechanism to jointly extract discriminative representations from both time and frequency
domains, thereby enhancing inter-class separability among different modulation types. Next, we introduce a novel signal
quality perception method from the perspective of hyperbolic geometry that correlates the hyperbolic radius of a received
signal with its SNR distribution. Building upon this insight, we design a hyperbolic SNR-aware feature modulation (HSFM)
module that dynamically adjusts signal representations under hyperbolic geometric guidance, improving model robustness
across varying SNR conditions. Furthermore, we propose a hyperbolic SNR-aware curriculum learning (HSCL) strategy
that leverages hyperbolic distance to perceive sample quality differences, enabling adaptive training dynamics that mitigate
the adverse impact of low-quality data. Extensive experiments on multiple public AMR benchmarks, including Ra-
dioML2016.10A (RML2016A), RadioML2016.10B (RML2016B), RadioML2018 (RML2018), demonstrate that the pro-

posed H-Mamba achieves state-of-the-art performance, outperforming current best baselines by 4.09%, 1.58%, and 1.21%,
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respectively, thereby validating its efficacy.
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HKAFT 2545 6 000 M-S HEAS , 3L K 660 000 1

FOREA o B AR AT T S R A R A R AR R A
7750l NS RP2 L

RML2018 HHfi 4 Ve 4 F I PR AMR J0f
Z— EAE A 5 B 2 RIS, e G I T A
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Table 1 Comparison with the other methods on the RML2016A dataset
yi: i ks i :%m
-10dB| -8dB | -6dB | -4dB | -2 dB 0dB 2dB 4 dB 6 dB 8 dB 10 dB TERf R
ICAMC 0.1300 | 0.2595 | 0.4182 | 0.5055|0.5777 [ 0.6391|0.6791 | 0.6977 | 0.6895 | 0.6900 | 0.7027 | 0.5445
CNMN(;;itd CDSCNN 0.235510.3705 | 0.5186 | 0.6223 | 0.736 8 | 0.787 7 | 0.808 6 | 0.828 6 | 0.8332 | 0.8332 | 0.8409 | 0.674 2
AWN 0.2295|0.4264 | 0.5600 | 0.7032 | 0.8059 | 0.8800 | 0.8877 | 0.897 7 | 0.909 1 | 0.9009 | 0.907 7 | 0.737 1
GRU 0.228210.3950]0.5495|0.6377|0.7336 | 0.7795 | 0.798 6 | 0.8173 | 0.8205 | 0.816 8 | 0.821 4 | 0.672 6
RNN-based CGDNN 0.1341 02786 | 0.3723|0.4686 | 0.5577 | 0.6314|0.6491 | 0.6677 | 0.6864 | 0.6564 | 0.701 8 | 0.527 6
Method MCLDNN 0.2100 | 0.386 8 | 0.561 8 | 0.658 2 | 0.777 3 | 0.8350 | 0.851 8 | 0.856 8 | 0.867 7 | 0.863 6 | 0.864 0 | 0.703 0
PET-CGDNN | 0.2023|0.3936|0.5391|0.6400|0.7273 | 0.7809 | 0.8045 | 0.8200 [ 0.8291 | 0.8186 | 0.826 8 | 0.671 1
AMC-Net 0.220010.3909 | 0.5718 | 0.648 6 | 0.753 6 | 0.827 7 | 0.831 8 | 0.8264 | 0.8400 | 0.8382 | 0.8332 | 0.6893
}::jf;rj:; CDAT 02691 |0.4255|0.5441|0.6614|0.7755|0.8409 | 0.8659 | 0.8664 | 0.8827 | 0.8764 | 0.8714 | 0.716 3
MCDformer 0.225910.4141]0.5709 | 0.6868 | 0.799 1 | 0.8664 | 0.8827 | 0.8914 | 0.8955|0.9014 | 0.8977 | 0.7302
Our pro- H-Mamba(Tiny) | 0.2650 | 0.4450 | 0.593 6 | 0.707 7 | 0.8300 | 0.890 0 | 0.9050 | 0.906 4 | 0.9159 | 0.9105 | 0.9109 | 0.7527
posed Method H-Mamba 02414104441 1]0.6300|0.7459 | 0.8614 | 0.9205 | 0.9268 | 0.9223 | 0.9327 | 0.9268 | 0.9300 | 0.771 1
T LAk R eSS B, R
O rE = A AR SC T B 2 i A H-Mamba (Tiny ) 4 0.782 6
0.l mham = HE A ME i R AT 4 T R e A B Y (0.782 6 vs.
0.774 6) ,UEBA T H g stk . 55T CNN 2244 14 5 vk
% 06 FH EE , H-Mamba 9 % 0 =5 2520 L4 0.111 2.,0.071 1,
%04 0.034 5 1Y P #4451 55 T ICAMC . CDSCNN 1 AWN, 5
o F T RNN 2244 (1 J7 1 M HE , H-Mamba 78 )7 51 £k %2 9
AR R B B 5 A AR 1, AH AL T GRU LCGDNN |
0.0

10 8 —6 -4 —2 0 2 4 6 8 10
SNR/B

K3 RML2016A #dlade FARE SNR T4 T ik PURIRE X L
Figure 3  Comparison across different SNRs on RML2016A
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BT RNN Z244 1) J7 15 A0 FL O 7 08 87 3 i f 4, o
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Figure 5 Overall accuracy at different training epochs
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Figure 6 Comparison of model parameters and overall accuracy
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Table 2 Comparison with the other methods on the RML.2016B dataset

- - R R \%ﬁi
_10dB | —8dB | -6dB | —4dB | —2dB | 0dB | 2dB | 4dB | 6dB | 8dB | 10dB | MEEE

ICAMC | 0.1991]03549|0.5216|0.6465 | 0.7598 | 0.8189 | 0.8306 | 0.8319 | 0.8335 | 0.838 8 | 0.836 2 | 0.6792

CNMNG':;T CDSCNN | 0.257 1| 0.4090 | 0.5274 | 0.6610 | 0.7748 | 0.8545 | 0.869°8 | 0.883 8 | 0.890 8 | 0.8959 | 0.888 3 | 0.719 3
AWN 02969 |0.4363 | 05467 | 0.6863 | 0.8222 ] 0.896 4 | 0.9173 [ 0.9233 [ 0.930 1 | 0.9307 | 0.920 1] 0.7559

GRU 02914 (0451205737 07296 | 0.8422 ] 09042 ] 0.9190 | 0.9240 | 0.9277 [ 0.930 1 | 0.9297 | 0.765 7

RNN-based | CGDNN | 0.1697|0.2759 | 04062 | 0.528 3 | 0.626 8 | 0.6846 | 0.6969 | 0.7116 | 0.7106 | 0.7222 | 0.7178 | 0.568 2
Method MCLDNN | 0.2918 | 04368 | 0.5515 | 0.679 1 | 0.821 1 | 0.896 3 | 0.9148 | 0.921 6| 09269 | 0.929 1| 0.9298 | 0.754 4
PET-CGDNN | 0.2859 | 0.4532 | 0.5707 | 0.6846 | 0.8142 | 0.8856 | 0.9058 | 0.9156 | 0.919 1 | 0.9200 | 0.9223 | 0.755 5

AMC-Net | 0.2828 | 04339 | 0.5517 | 0.7176 | 0.8538 | 0.9093 | 0.9243 | 09254 ] 09292 ] 0931209303 | 0.762 6

i:;;zr:;;d CDAT | 0261704373 ]0.5793]0.7379 | 0.846 1| 0.9005 | 09200 | 0.9256 | 0.9203 ] 0.9316 | 0.9298 | 0.763 5
MCDformer | 0.2924 | 0.433 1| 0.5913 | 0.7572 | 0.8703 | 09167 0.927 1| 0.9297 | 0.9344 | 0.9350 | 0.934 1 | 0.774 6

Our proposed | H-Mamba(Tiny) | 0.303 7 | 0.471 1 | 0.6182 | 0.7647 | 0.869 5 | 0.918 4| 0.9278 | 0.9307 | 0.935 1 | 0.9350 | 0.9348 | 0.782 6
Method H-Mamba | 03078 | 04805 | 0.6383 | 0.7858 | 0.8837 | 0.9232 | 0.9306 | 0.9322 | 0.9375 | 09370 0.9373 | 0.790 4
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Table 3 Comparison with the other methods on the RML2018 dataset
THER FLZIN
ViRES e "
-10dB| —8dB | -6dB | —4dB | —2dB | 0dB | 2dB | 4dB | 6dB 8dB | 10dB | HE#fH
R ICAMC 0.1074 | 0.1519(0.2200 | 0.3052 | 0.399 3 | 0.499 5 | 0.597 3 | 0.700 7 | 0.767 0 | 0.7919 | 0.794 1 | 0.4849
-base
ethod CDSCNN [ 0.1406 [ 0.1929 | 0.261 7 | 0.3253 | 0.4205 | 0.521 1 | 0.596 5 | 0.673 6 | 0.734 0 | 0.7629 | 0.768 4 | 0.490 7
etho
AWN 0.1381/0.1977]0.2632 | 0.3443 | 04451 | 0.5576 | 0.6494 | 0.749 1 | 0.846 6 | 0.890 7 | 0.908 1 | 0.544 5
GRU 0.1369 | 0.1918 | 0.2510(0.3172 | 0.4203 | 0.5192 | 0.585 1 | 0.6234 | 0.6560 | 0.671 4 | 0.6793 | 0.4592
RNN-based CGDNN 0.1110]0.1650|0.2177 | 0.2609 | 0.3426 | 0.438 1 | 0.4932 | 0.5367 | 0.5524 | 0.5592 | 0.5556 | 0.384 8
Method MCLDNN | 0.1386 | 0.201 6 | 0.2729 | 0.351 6 | 0.4625 | 0.5729 | 0.6862 | 0.794 4 | 0.889 0 | 0.9314 | 0.948 1 | 0.568 1
PET-CGDNN | 0.1216 | 0.176 5 | 0.2420 | 0.300 4 | 0.367 3 | 0.4400 | 0.501 6 | 0.5302 | 0.546 3 | 0.548 6 | 0.548 3 | 0.3930
- AMC-Net | 0.1085|0.1308 | 0.1696 | 0.2540 | 0.316 8 | 0.364 5 | 0.3952 | 0.4095 | 0.4146 | 0.4102 | 0.4145 | 0.308 0
brands;[rm]::r;l CDAT 0.1561 02108 | 0.2792 | 0.361 1 | 0.468 6 | 0.5789 | 0.6892 | 0.799 1 | 0.8653 | 0.893 4 | 0.9055 | 0.564 3
ase etho
MCDformer | 0.1254 | 0.1453 | 0.1541 | 0.1859 | 0.227 5| 0.2535 | 0.2734 [ 0.2735 [ 0.2810 | 0.2825 | 0.2863 | 0.2262
Our proposed | H-Mamba(Tiny) | 0.149 2 | 0.205 6 | 0.270 7 | 0.349 5 | 0.462 0 | 0.574 3 | 0.678 7| 0.792 1 | 0.870 3 | 0.903 8 | 0.911 7 | 0.560 7
Method H-Mamba | 0.140 1 [ 0.2079 | 0.278 8 | 0.358 8 | 0.4937 | 0.596 0 | 0.7133 | 0.8237 [ 0.8999 | 0.930 1 | 0.9403 | 0.580 2
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Figure 9 Feature visualization of different model settings
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Table 5 Comparison of different feature extraction branches in MTFM

FEARSEHURIT | R ORER R | de e AR R ZHE(x10°)
MTFM 0.771 1 0.9327 0.327
MTFM(w/o Time) | 0.640 2 0.780 5 0.279
MTFM(w/o Freq) | 0.7355 0.9132 0.277
Transformer 07225 0.9050 0.294
CNN 0.726 0 0.886 8 0.271
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Table 6 Comparison of SNR prediction branches in HSFM
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