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ET BYOL FxtbE B R rBEE S L mE RHIRA 75 A
2d4, 278, Tok, BHY, #kn

(F ST RFAEESEHR TR, 5 266520)

B OE: AP IR R SRR SR BT P A EAR BT R HE, X A A AR A R Je iR AR AL A B R, A
SHE s — AR K T B 2 X 4 42 % (Bootstrap your own latent, BYOL) B ¥ B & 42 5 3] 5 3¢ bk & £ Huh)
AR EREETRAFBEN T E, KXLTELFEMTALREZ, BAAABYOLAER @3Ny X %
MORLRBER—RETHRRATHE, AR ESXFILTHEGANERETHIE, LR, IINEHR
LR EZAIF IR AR — 55 R RALE A — BB, J5 AR SRR R R F A
ERAGR M, AT KRS R BB X R [ AL E S %K. %% £ RadioML2018.01A # % & Lt /75
P, AR R NG ARANCILA R B4R 10% A o b Bl sk S e it — FiE S BYOL 483k 55 3¢
YOI AU AT AL AL M AR 4R ST A R AEAE R . RBAEFE AT R, & 10 dB T % g ik AT R Bk A A e
(Amplitude modulation double-sideband with carrier, AM-DSB-WC) |47 % f %] (Frequency modulation,
FM) . & # 5 /> 97 4% 4% #% (Gaussian minimum shift keying , GMSK) 4 i A i 4] 2 A 452 51 Az 4 & 4 38 32 48
M, E B R 50 BRI BB RGRARA S G0, KILT Rz fomit,

KER: AEEFIAMNEAN SR EL, A BEEFT

HESES: TNILLT XERAR S A

SIAEK: S, B, T2, % LT BYOL AU L R 0 38 15 1545 70 W8 8 i U 7 ik [T] 800 R 4R 5 4k
., 2026,41(3) :882-895. LI Daoquan, JIANG Yuncong, YU Quanlin, et al. An unsupervised modulation recogni-
tion method for communication signals based on BYOL and contrastive clustering[J]. Journal of Data Acquisition and
Processing, 2026, 41(3):882-895.

51

i}

o R B AR e T S A AU TR . 1969 4F , Weaver &1 36 T & T I 2650 [ 843 2%
AR RIS, T UK AR U 5 g DAL i SR T 8, 3 A A J2 2l 3 3R (Automatic modula-
tion recognition, AMR) 58 ) it 2 — o U5 , AMR £ AR AR Wi & &, B A £ 3 B0 B shfl il 32000 oy ik 32
B0 N T RAAE (Feature-based , FB) (9 X bE 1R 51 A1 EE T LR (Likelihood-based , LB ) 4 46 38 15 51 1 2% .
T A3 M4GE R B = ) (Deep learning, DL) 7%, AN T5 B A5 5 A SE 1615 B s N T T HERAE .

BT R B SR R O EEAS BT LR T 2 2 A R B 58 (Composite hypothesis testing) ], H:
WO BT R AR O WU 5 5 A B SRR AR, 5 B RUSR (B AR IS K B e i i, SRR KR ) e
o U 52 B3 46 43 26 . 1990 4F , Polydoros Al Kim"* 4 152 0 £5 5 Hh A o S0 00 g B L 725 Bt I B 39 48, 17
HF 3§ #8788 #2 (Binary phase shiflt keying, BPSK) FlIE 52 A1 # 8 #% ( Quadrature phase shift keying,
QPSK) 4 38 i P50, il 43 26 v i R A5 21 2 25 42 FH . 1998 4F |, Boiteau %7 5 YA H T U RLAR L AR 56
(Generalized likelihood ratio test, GLRT) #it o B T RUAK 1Y J7 125 0] 7 D1 i i A AN e /DN Ak 100 o D0 °F A %5

I #8 BH#A:2025-04-07 ;81T H#A : 2025-11-25
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Pt e PR ME B e (0 L A O Al o A2 B T H R A A B DRI I S B e A A e R R A AR AR 52 2 B2

BT REAE X H R 51 7 gk R KL Al Sy 22 R SR o TS IR RS S 00 S 80E SR R AT
DR 3k 6 2 S 38 TR AR S A5 5 AR A U 00 o P A R O A T B BB N AR e AR ER
A T DL K Bk I R 45

VAR OR T TR B 2 2 0 e TR 3 vk DR H s 8 i 194 27 2 R AR XA S R AT TR 90 A 3 R AT
FI 3l 58 BURRAE 42 HCS BRI, IR 32 B )72 6T . 4k T 48 B 42 (9 2% ( Convolutional neural network,
CNN) (I i IR 50 J5 15 e it O Shea 55 7R Y, IR # K 7E H A IF 1 RadioML2016.10A 4t 45 b #EAT I
SR U TR R UM R R . SCR L O 4R — R A AT A R A L A P R R N 1 S L R R
ek 2545 % X 2518 Z WG , 6 HTTR B 15 & M 4% (Deep belief network, DBN) " BEAT Il 2k , A 2L FE AR T
Y ad R b YT EE A o R S o0 IR R % S BUE R, SCHRL 1T 32 1 — FhoFk o 5 e 1 AL 1517 1Y
AL TR Tk, I SR AR B BT R 4% (Generative adversarial network, GAN) #4711 %k . SCHk[ 12 1%
Xof R A VT 1 KA 4G 5 ok AT 5 A 4 R PRGBS A S AR AR AR XU R o Dy 1 SR R
) BL PP AR, SCERL 1351 AT BT W 5 0 B AR Ak T A% 0 22 bR AR R B A 2] Tk DA e f I
It (Signal-to-noise ratio, SNR)ZE A6 A it PR 1a] 8 . SCHR [ 14 ] 4 46 25 09 24 i) I8 1 R0 B2, 78 1 2k
R PR A 2 57 A A P vl dob 355 0 MR 0 N R 22 R I R e o SR [ 15 13 5k B A P 1 R B b % I 2% 2
o, 7E AT 2 57 (RORG BE B0 30 N A RHE T T RS A B R L RS L R ST N DR O B B 42 I 4% (Re-
current neural network , RNN) i 47 i 26 LU, & 80k BB A0 T 280 i CNIN Y ko 72 It 346
B ARG T RlE CNN 5 RNN A 4 UK R TR B2 4 28 19 4% ( Convolutional long short-term deep
neural network, CLDNN) P 47 % .0 S8R 1 CNIN A 45 FIE 2 B0 AE 7 I A0 i ALK 6 39130 12 190 45
(Long short-term memory, LSTM ) {40 ¥ 45 5 , L2 TH 9 2 1 i 5 W0 S0 15 o Liao 251 B i 42 % 51
2 LG 34 #h 48 W 4% (Sequential convolutional recurrent neural network, SCRNN) [ 4% JiE B 7E LSTM Fif
A CNN JZ G847 208 5 P 25 O IR SIGHE B . Sk [ 19 142 M — i 355 77 % 58 o 42 o) 285 7 A {7 728 460030 1k, 3
TG T AF 5 A0 A7 2 Bk 17 B00E T B, OF 4 g 46 OB ) K B B 32 12 (Convolutional bidirectional long
short-term memory, CNN-BILSTM) M £ . 5 %45 CNN AH LE, 8 il U5 e e 82 7+ 7 12% . SClik[20]
Z B IFHE bR T IE 324043 & (Orthogonal frequency division multiplexing, OFDM ) i 15 2 4t H 2% 3% AH AV
i A E S, 3k B 7B m WA SO ERR R . SCERL 21 X Z R E SRR AT RS X 2 F S I 4
AT H A A3 BT 3G 00 8 ) A R

SR FE 2 2 T8 58 R A 0 BUHE 25 A T R B S5 L ABLTE 52 B i A R TIC 2 vl 1 v, AR HE SR AR AR
Y bR 1 Bt L O FLME DL 75 7 55 B A RT RE LD B AR R 2R A L R BE R A T R R E W S A B
TR0 o L D SR AR T B AT R ) R 3 DT S B R S A Bh a2 ek 23148
HR Tl 5 T T L 2 2T 4 R R R HE B 1 B X Bl 2 2T L Bl i 43 25 (Self-supervised contrastive
learning for automatic modulation classification, SSCL-AMC) . % J7 ¥ 0 i XF $2 W A5 5 25 47 i [|) % 55
W 85 447 Tk A5 HRHE 1 9 A B TE AR AR I AR LA 2% T 2 A R 28 I 4% fil A [R]— 1 5 (AN (R 1
9 R R A BRI, AN RS S 09 RN A B B . BE S, ALES /Dt AR RO X 9 £ AT RO L BRIV AT A 3058
PR HAT 55 o MeAh, — S R AR A IR ARG B AT R4 e . — R R Ty R T S IR R
R4 OB A (1 [ G L 45 BOGR BE X 2% ) K A5 5 WS AR 48 23 (], P X REAIE ) 52 P07 T K-means B35 T %5 2
B & I 23 8] 32 25 ( Density-based spatial clustering of applications with noise ,DBSCAN) 4¢3 225k | PAsL
PG SR W RSB A B2 . e T A [ 98 A5 5 18 AR E 25 1) o 3 R AT 23 B R L DR X b Oy i B
0T N TARSE ST 613 2800 1o B, Li &R GAN JEAT 2 W B 1 45, GAN B 50 51 % 1E
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A7 8 8 ) 28 B B A 28, G R XTI 2R 2 X ©AN S R FE 5 R IE R . SEI R E R
FRICFEAR L 55 8 A4S B0 R, A b B4l 5 B CNINL 51 GAN G 2 W B 455 78 BE A5 B 5 A9 43 28 E
R, HBHLEEGE A GAN Az A R 55 5 R 4% ) ) BV S0 VA A R B = AR S O B R R i
PN Z MR GE S o AR RS 5% 2 A g 20 iRk CNN & B G 5 AT
B, AT AR AT B BB HL ) LR 1h B A Rl RV b T ok 1 A S A R X S oA TR RO M, H
AR bR R T SR Oy I T

BEXTBUA 7 B AT AT 0 bn TR B B TR R, 255 HATE A PR AR ST T —Fh AT A 2
AW 7E FRE 7% (Bootstrap your own latent, BYOL) # 76 Wi % b RIS\ A5 55 P w00 ik e AT 2
2B AR 25 0 H B T v B v SEAT R R AL E R, S A KW E TEMI, AKX ETE Ras
dioML2018.01A 2~ JF R 4 1 52 B 1 B iy 9 SR MG 2, BAR SR 45 R X HE L 2,279

1 HEEZR

FETF BYOL B JC Wi % B 5 28308 175 1555 I il 12 300 3ok HEE 90 ) 5 4 O L4032 11 W o L I %7, O
TE G A 2% 5 A0 1 0 A 4y S, BT S BT e 2KV L 1 g K o2 45 9 R AR (In-phase, 1) /1E 58
(Quadrature, Q15 S Y14 W& T F R B . T BYOL ZEM LT UREA ST, e M [/ — 15 5 59 F A Berp
Bl AL A PR A~ e B AR A IE AR AR X, 43 Sl i A TE 2k I 2% 55 H bR I 28 BEAT R AE R IRl e Mk A
AL LR, = 255 BB & R R 0 A o SRS 48 S5 3 M w4 43 3 — A4 S Tk — 2D B 4k i 5
FEAE , 1R I 52 B 00F bE A 2R DI A A AR 19 S 40 AR AR SR 7R 5 o — A 43 SO 2 % 85 i 11 1) AR AU R 40
5 2 0 B A ] A 2 B O o 2R S GORT L A ) O 2 TR AR A I 2 ) A A R AR o R b A A R
B 3ty 2] iy 22 2, AT LAFE TC AR 255 B0 52 B AN 5] 98 i 28 51 i = A B H R 2
L1 #HEERX
TEINRITE L i M TE 4l 5 R Geh , i TA5 18 J R 5 A, B sCs 1 a1 ) 28 20 22 R HLR N, e % 40 0
TE fifp VA RIS A% 3k i 2 i AT R R U o PR, SRR U AR S R e AR R s B OCHE EE . R
SF vty 28 3 A VR g B I R0 T8 g B S A AL R A S Bl A e B R . R R R g b L T — B BE
TR A7 L LR 4 WS Ry 5 b R A R A 3B B S A A BRA B, R RIS B4 S s (2 )l i R R KT
TEA 18 A% B, 78 ok 2 v m] R 23 38 B0 MR R A R B TR R W |, 45 MR S Al Ak 1015 5 el i
ATAL PR 4 Sy B AR S o B S 5 B Sl A R AR B e S 0 A R SIS B R AT 03 38 R R AT R
PR fE RS L R o FEWBIAE 5 r () AT RARIR
r(e)=s(t)*c(t)+n(t) (1)
e s () FRARTE N ] ¢ 19 P AEF 5, o () FRom oL AR I8 19 wh B 1, (2 ) S 2 X (8 A n 2 vap 387 1 e
(Additive white Gaussian noise, AWGN) . &% {55 s(¢) (1% 2 35 AR 48 98 1 75 58 09 A [W] i A e 28 4k o
(55K FH I % #8245 ( Amplitude shift keying, ASK) S5 ##2 (Frequency shift keying, FSK) ol #H £% 4
1% (Phase shift keying, PSK) #EAT I EI I, s (2) BIE XK
s()=[A, > a,g(t—nT)ecos[2n( fi+ f,) 1+ $o+ ¢ ] (2)
KA R GIEEE  a, WAFSIE 5, g () RAF S Bkl , T R 455 5], 7, R W HIER £ o 20 4%, 2
B po RARWIIR AL , o FoRn WA AL B AE, IE 22 R BE P8 ] (Quadrature amplitude modulation, QAM)
AN TR) T i T B B0 A R O R . FE QAM Y AEFE AN IE A 2K IF HAR S o, o, LRI UR G L I A
G5 s(e) AT ERR R
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s(1)= Amza,,g(z— nT)}cos(erfctJr ¢O)+[Amz&,g(t nT)}in(znﬁz+ bo) (3)

TEH M, (2) DL T/Q # 2N Ew ﬁﬂﬂ*%’ﬁ(%ﬁ%%(Analog to-digital, AD) VA f, = 1/ T B3 KR AEE &
W (o) 0SB AE R A3 0% B T 1/ Qar it o B EARHL UL, ()& T LLRIR Ny
r(1)=a(r)e# 0 s(t)-Fn(Z) (4)
s a(2) 7R B B 32 9 B, 1 £, B0, 43 0 36 B AN (] AR b AR 35 45 R 22 35 3128007 5 1A 18 5 S5 R AR A6 Jis
o b T TR AL B B WO A AR % 2 1 I R ME S B AL T SR T (O FR ISR (T
RFER) S5 REMQH, HIER)
rnle]=R{rle]}, role]J=T{r 1]} (5)
BEX A B IF, JF B A3 s T BE AR 55 1 1 F B, BV T 45 B4 ST 75 8 19 508l 4R

l
{R{r[l]} JRA{F[2]),- R{r[m]}} [R{r[erl]}, {rim+2]},-,R {r[Zm]}}
1 113, {r[ 2]}, -, {r[m]} Wrlm+1]),{r[m+2]1}, -, 1{r[2m]}

{R{ r[L—m+11}R{r [Lm+2J},---,R{r[L]}”
WrlL—m+11},1{r[L—m+2]}, -, 1{r[L]}
K m ATFREMKE,LIEZRESHRE SRAE - DT HBEHNFRRESMETLE, FXR
SCH R T 024 S50 T/ QAF S HE Y Y14 Ry 8 AN AN EE & 11 128 45 F B (RPN 1~128,129~256---897~
1024, 50050) 5B 128 SR BE &5
1.2 R4

PR s R 2 I R 1 TR, B 3 )2 £ 2 BT HL (Multi-layer perceptron, MLP)/E b % 52 2% 55 7 )
#r o BYOL & —Fh Ui TURE A XS B 4T LE 2 2T HE R TXTtE;a?EIJ,ﬁn{iﬁxﬁl$ﬁm£ﬁﬁ$ﬂﬁé‘%%ﬁ
DRz —. B TH—KESHAFEF R BERAKE TIEFEAX, AR R H BYOL HE4E DL 4 F
—FEPE XA — 15 5 AN R T B v, v, 53 S ATE 2RI 25 (Online network) Al H 45 % 44 ( Target net-
work) , AT ZRA5 P A AL I 9 3R

(6)

zm:%(ge(fa(yu))) (7)

w=8:([:(y) (8)

itEF':fg\ggﬂlqﬁ?%”i’%%fiéﬂ%ﬂ%mﬁmﬁ B %‘g'ﬁﬁ{)ﬂlﬁ 5 g2 F [ 03 9 27 AR W0 25 114 2 % i 1 4%

oo RS H bR W28 4 AR R E A AN TR o H AR B2 3240 7 7E 2 9 25 1 8l 5 H Ax , S5 ERTEL
W 2% 2 %0 0 1 18 B0% s ~F- 2918 ( Exponential moving average, EMA )

E<t+(1—17)0 7€[0,1] (9)

ftqj:rﬁEMA%%ﬁI,@ﬁ&jﬂﬁfiﬁ1E’\Jﬁ,%ﬂEﬁ?m%%ﬁ%ﬁﬁjﬂ%%,““”%‘%Efm”%ﬁﬁ?ﬁjﬂﬁm

Tk s

1E15 2 zoﬁnzmz}: Xif H 0, 1F Ak, 75 5]
;ol:zol/H Zo HZ (1O>
Zwl 2/ | 2|, (11)

Fovp, BN &5 UL TAELR M 4%, AE 25 H b 0 25 92 BAR XS R a4 o — 3 B30 DU Ak i O e A 1)
kb RS R AT AR R A T AT S BT X 2 ) IR M S AR X A . R 8 SRR TE AL T
55 bR S 2 1 f) 249 07 AR R 22
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AL BKE y A A B AR 4% 0y, B AE 22 R 45, T T3 1 05 AR 22 LU BT BRI K £, .0 FEREAN VIR
AR AR I B RARYE £ = L, .+ L, Ak 0 B R H £, 58 B BYOL iy 5 At 1k
0= optimizer (9, V,L£,%°", 1) (13)
f<e+(1—1)0 (14)

ATy R 1D-ResNet 18 4y it , 6 ] MLP A/ 852 4% 5 WU 4% Horh g i 8% & 5
RO 5 0 i s A R 3 O 128, ELARSE R A 2 T

—_ 2
Eﬂ,fél‘ Zol T Riar H -
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TE M HE SR LAt b, 51 A b 2R 250 B LA S 3 o 21 sy #) JC Wi B 9 o 3R o BRI 3, 7 7R 4 00 2% A
AR 90 26 04 25 B 285 i 401 38 I8 4> 23 52« S 00T L 93 325 RSN L 23 S (NP 3 i 7 ) o 05 W
BN I A HEJE B 5 X s o) o

Y1 &
'\"ﬁlrf’iwk"’?“’ ID-Resnetts | 1 MLP B AR
A
i g A e il o
A -
N — o '
“'ML*WI’.A“F}'*ID-ResnetlS W MLP B RAAE
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K3 xR R 4544

Fig.3 Structure of contrastive clustering

SAFI AT 2 2] (Instance-level contrastive learning) : H AR 7E T2 2] 18 0 1 (19 52 1 3R0R | i [7] — 1% 5
B A [E]F B AR RRAE 23 8] th BAR S8 O, AN RS 5 09 F B B AR RR AR 2 () b BRI B8 . AE RIS 4 52 1Y
T FRAE £,y )R 2y ) 2R 5 4 7 3 2 0 LR AT R AR 4R 5%, 49 3 SE I RURRAE e I, RN I, B, )
FH S0 G068 e 45t 2 2 Ok FEBEA T 2 3R

exp (sim (I,,1,)/7)
EIOgm

N

2 exp (sim(I,,1;)/7)

j=To#a
AP LRAR FEHEIE P 5 LR TARE S 7 R B RHE , sim () R HUZ R, c RN IRERE. 5
BYOL HEZ AN K 1, 5 1, 58 e Ja PR 530, AR B M SE AR K £, = Lo+ Lo, o Lo H
L BIRFREK

R Y NF L 2 2] (Cluster-level contrastive learning) : H #5 75 T X 40 A [7] 2 5l #9575 = o, ﬁl_]—ﬁﬁe
(ZI00) B 52 480 A S 3 30T, T AN ] 7552 ) ) B 8 s o R BB A 43 S S B R AE o, (v ) RS2 (v ) I L 3
i A R T AR A S Y SO AR O A L 45 B R R PR IE SRR C, Cb;ﬁfﬁfﬁﬁ‘ﬁ%?&cé&ﬂtt&%

exp(sim (C¢, C!)/ze)
‘Cclus 1Ogl() M = (16>

2[ (sim(C}, C »”)/r(j)Jrexp(%lm(C,”,CI/’)/T(¢)}

(15)

ms

A CIMC! 3 C M C, RIS AR B 4 &5 C R C-"F"Jﬂv C,FCy BIERE jA KNI 73 8 . 5 524
PF LA 2 MR 34 C, 0 C S B BRI IS L, I e 445 51 4 (A 451 2%
1 & -
ﬁc‘,:w/:l(ﬁéluerﬁ’clus)*H(Y) (17)
A H (Y )9 73 BEHE 3 B0 , A7 Bl 7 3l 5 R 22 M0 S8 il i o3 BT 45 ) — S 2R 7%
i 2 1B A P T P A JRE A R IE 3R s, () I O B S 2 e S R I 2 S o B O s Bl BB
AN pRECZR A T, B
Loce=Li+ L¢ (18)
I E AR P BEER A Rl E AT LA B RS HE SR 4 2% B AL
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Elolal - L?I’OL + ALCC (19)
A A B AR INTITAE TR 25 14 2% 1T 52 BEX A ] 91 ) 28501 19 5 2R 26 5 R 0

2 KBERSHW

2.1 HEEURIHSHIEE
111} RadioM1L.2018.01A ™" JE£ v {5 5 KUHi 4 36f T 48 07 W b A7 PR AY o %80 #5607 2 555 9044~ T8
AT TR WA aE 24 B IR S A (CQn = 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 1 4% ( Offset quadrature phase shift keying, OQPSK) %) , SNR i [l &7 — 20 dB~
30 dBo EEAFEAT 1 0244 TQ WU i Kodli s, #2251 024 By bR iy AMUBE; RIAS B R 1. BT —
U Ak 3BT A R 1 2 7 R A R L AR T Y RO AR Y 8 i R Oy 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% & #2 (Gaussian minimum
shift keying, GMSK) .OQPSK) #4752 5
&1 RML2018.01A RREfEE
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 i 51 47 I
& (Amplitude modulation single-sideband with carrier , AM-SSB-WC), I il %31 5. 32147 94 i

P 7 = A S . . A e g g
(Amplitude modulation single-sideband suppressed carrier , AM-SSB-SC), #I fil] 25 i X321 77
fi§ (Amplitude modulation double-sideband suppressed carrier , AM-DSB-SC),
AM-DSB-WC, FM, GMSK, OQPSK)
G/ 2555 904
B A =X (1024,2)
175 W L 3 —20~30dB, 4K 2dB
N AWGN
Bk I GNU Radio fjj &

AR S0 SR FH TG W HE AR T X A I 2R E S I UESE o Il had B Att vk K/ 256, T AL 25 A Adam , 4
f2 2 3 0.001, YN ZR5E 5035 o 3004~ Epoch, {5 5 F i BEK 8 128, 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
K FH 5 FlvE B 2848 45 . 13— 1k 515 B (Normalized mutual information, NMI) | i % % 7 2 % ( Adjusted
Rand index, ARI) .F-measure(F) 3 JEHE K (Clustering accuracy, ACC) 5 R 24 & (Purity, PUR) .
Hp NMILF . ACC #1 PUR M BB G B [0, 1], ARTIUE S BBl R [ — 1,17, %501 ok ¢ B 38 25 M e B .
2.2 XWRERSW
A TEMUT R 2B TETR 7 1 b5 2 WU B8 60 SR 28 AR W i B B AR 48 X T A REFR L et
AL B i B SRR T o L g s 9 081 R 28 B VR AR R B AR A . R 2R TR SO I S A O Y
PERE L4, 4% K-means ™ 3 T % JF i) 75 1§ 2% ] 88 2% (Density-based spatial clustering of applications
with noise, DBSCAN) ! 1 3 & %} 11, %% 3 (Cross-view contrastive learning, CVCL) " ) % DeepClus-
ter ™', AT % b 97 ¥ 445 — R Fl 1D-ResNet 18 44 AE 32 B g8 5 IG5 S i A
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HRAIE 2 2 h S e 25 2R m) DL, P S B Y 7E 4% ®2 TRBEFERMMEREII L

WK Es BB TG Ry Table2 Performance comparison of different cluster-
K-means . DBSCAN) K ML H e bR B 2K )y ing methods

% (1 CVCL  DeepCluster) , B £ WA 2 75 40 J5 1 NMI  ARI F ACC  PUR
K 4. AR S, NMI.ARI.F . ACC 1 K-means 0.0481 0.0274 0.2194 0.2194 0.2211
PUR X 530 5 2545 #n b, BF 382 855 2 45 1) 35 &) DBSCAN  0.144 3 0.026 6 0.0771 0.2200 0.2200
0.376 5.0.351 6.0.406 2.0.482 6 f1 0.461 4, % CVCL ~ 0.1167 0.1107 0.2569 0.2800 0.2851
hF D E A . SEgRE DeepCluster 0.168 2 0.1421 0.2930 0.2944 0.296 7
J5 A L (T 28 # K-means) , T #2957 2 76 NMI Ours 0.376 5 0.3516 0.4062 0.4826 0.4614

4R T2 32.84% ,7E ACC 3712 26.32%,
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Table 3 Comparison of computational complexity and runtime efficiency
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2.4 HEAZIG

SR TR B AR SO AR [ 2R R O AR BT TS TR A Al 5, L A4S ANl BY OL 42
P HEAT B W U, 3 BEAT X L RIS, DA RO X b R 2 0 i, i 7E BYOL Wl 25 58 B 1 1]
K-means %} H: 2 15 #5 SR AE 3517 R 35

hy 56 E T vk v A LR A RO AR T B R 2 AT Al LS8 (1) FE T BY OL 2R M 15 L F B4 kAT
XF RIS 5 (2) A SE B BYOL Y ZRJa , A SR A L R 28, Tl FH K-means X 4 5 25 4R AE R 25 . ELARSE SR I
Fdo mRAV W, FERBR BYOL B , £ 345 A5 B W] 1 F B . NMI M 0.376 5F% % 0.257 3, ACC )\
0.482 6 F# % 0.351 7, F [l FE i PR . £ BYOL B REAE 76 I Zhad 72 v $2 THRRIE R AR M R M 5 — 3K
P, AT T 9 Ay A0 1 K00 A P e SRS A5 M . A, BE— 2D RS R X LR S B AY B SRS PERE PR IRR
& T % :NMI,ACC 43 % 2 0.181 6 ,0.253 7, PUR % % 0.270 4, B BAK T 52 AR (19 0.461 4. th ok ol
UL, X e SRS ML AT A R0 5 2 [R] DX 43 B 5 28 PN SR 43 I, e 3 FH AR AU o R M B U i B A OGS JT -

R4 HEIEER

Table 4 Results of ablation experiments
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Table 5 Performance comparison of different weight in loss function
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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 RadioML2018.01A 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.

Key words: unsupervised learning; modulation recognition; contrastive clustering; self~supervised learning
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