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B 6G. KRB (low-altitude intelligent
network, LAIND. #JEK™ (Internet of things, IoT)
SRR PR, B TC LR TR A R S
JEIRE N, 5 B0 BRI ATRE PR H 28 ekl fE 5
(R A BE R 43 0 3 2R A e svr vl S0 I
BB AN B [H] e o Bl s e € P EAR (n TV, %
HIBEE) . R, 20U R PR E V] B
RTINS E P U R € G N Rl 5
AIE TR NSRRI, IAITEZE . (cogni-
tive radio, CR) F{ARMNIZMA . EATHEH
(primary user, PU) [JRETHE N, 1ZF ALK
HURTEARZS H & B FL IR /- (secondary user,
SU) BN, M TS AT 505 1) 75 20
Mo #E—2, XT—"MAFTLLEMLZ (cognitive
radio network, CRN), A5 Al gz Ak e
W AL SRS £2 3 S ThRel0, X dLThBEAH
HLCA AT AGES I £ S ARG, O s 4%
A BE

AR A F A D R 55 CRNHAL R A 15 2 e
I — DGR HOR,  RE g i 4w 42 P s A ) =
CnE 1 s, HEI T 54 BRSO AN Ik
2012 5 10 J3 6 [ S 3t 00 58 0 I 0 A0 95 22 175 00 )

(T AE AN, HEEE AR SR A ARG L (AN
WATER HHEE. E5RKTFESED B, X
S 240N CRN HH 3E o7 AT RS g A -1210 FUAR 1) 47
TR RI3-14 o A (1 A0 0 Ve SR VST v 25k ) A 4
NI UL & B I (5 BAEREIE 25, AT 4/ ¥
L5 (PSR 2, BRI ZE AT ) R, A 1 A
TS T TR AN G 08 k2> 3 A9 Sk R ) BN AT
REFE, ICREHS B SUHRHTR A PU (135 3015 B I bRk
T#, MM &M N (dynamic spectrum
access, DSA) [FSERf 4S5 HERM M, DA s o5 J5
(1825 5y T 5 7 FE L8190,

SRS R R AT R A S A T B A A
Pollte. wok, ZAUEEHEE SR AN
N TP SN 2 s, A E i B 8 R
E, BB, WwE RIS (autoregres-
sive model, AR) FIfE 5 /R 1] KAEA! (hidden Mar-
kov model, HMM) i DLA #E 4l $1 3 487 FH 5% =0 F
AERO2U 0 HUR, SIS HEAZ AR I S AU 2 [ 3
ZANUEE (PR ELARR I, 1 S L i () B RS B AT
FERGBR PRI {8 P AN, 25 A 2% S A2
R RN M. Ba, STREAEE . RARER
SR, N B VR AR o 52 PRI B AR I (e
X3 A s 5 T e s Pk A

TREE2% 2] (deep learning, DL) Rk T &5t 2k
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AR 22 3T UL R S IR0 R T A% 4R BT AR ok T
R R, AR RS RE S, K
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BLFG: RIS g I e R 25 55 1
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PR 2t B EVER . GO 45 0 2 P R
SRS B, I 2 5 i S F0N r f) B AR S
BT % AE— S A RIS S & R ISE 1%
SRR A Rk

1 EARIMERIRK

DL J5 T Pitts Al McCulloch 7F 20 tH 42 40 4F AR 42
H “HPZ oY 4%, Geoffrey Hinton 7E 20064
BRI BE MY (deep belief network, DBN) J&
HENPRE R R, BB SR K RIE 5 B
(large language model, LLM) 3!, DLIE# NZ 2
PR LG, Bx NEAIRE, y ABEREH,
T EALZERMAEMNL, 51ZRTFETRR N

h(l):f(W(l)h(lfl)_kb(l))’ I=12,L (1)

Hoep, B9 =x KN ANE, ANEIERRE,
wWOR B 3N LZ R ESWE, f(-) N
B# (W ReLU. Tanh), A H N ALY =y, i
Tk, BT DL SIS A A 7 1L AR RS
G >) e 2 B B N AR T2 RV . T T3l A
AR B 2 5 8 U P 3 S 77 T/ 44 . FH DL
IR FEIAR o
1.1 ESSRSIE TN

F AUV FRUIN = 35 IR T4 e A0t i i 1 s (1]
WO S AL (R U AH OG 1, 6 B LG At
M 4% (recurrent neural network, RNN). £ f1f# 2%
M %% (convolutional neural network, CNN) Az H: 4%
Ak N RNN 1, SCHR[241K KA 212
(long short-term memory, LSTM) [ 2% 44 g fiii I A5
A, DA )R 7 4 T AR I TR AR P« SCiR[25]
15 H SR AR ) Wi-Fi £l 2R ) LSTM /4 25 4k 2
ISM BB [ 5 R VAR A . SCHR[26]F H 2D-LSTM 48
AT (R INFATOR AL i Al 452 QR A DA v A o FH

KSR . SCER[27)F2 ) 1 — FhXUE LSTM il £33
KT 2 B AR T 7 . SCHR (28] — 5 LAXY
1] LSTM WX 28 27 ST A% 0y, WU 38 5 A8 RSO T 190 26
(generative adversarial network, GAN) SZIAE &2
Z MBS T . AN, EF X LSTM (i 8k i)
SCHR[29]42 H T Kandeepan-Niranjana %4 % 2% %] 454k,
JHE LIS ZRIF R T AR . £ CNN Hr,
S ik [30]1 A1) A ] 4 AL 2% (temporal convolu-
tional network, TCN) #4 % g — fift i 45 A4 >k T K
TS TG B A i A IS 00, DA /& 24 A A A0 43
e 2028 o DRy S I THD v v A I8 A 4D R Al T
SCHR[31]R H 2 ROBE AR 22 A BE H 7 2] AN ) RUBE I
I ARURE DG 1t I 5 & FL 22 ST RRE . SCHR[32]48 H T —
LA CNN 1421812 5.6 (gated recurrent unit,
GRU) X AMEEMTEIEH G (dual convolu-
tion gated recurrent unit, DCG) %3] R%5, SLH
AT ESRIGAF B 2 B TN . SCHER[33]4% £
BB A it S B S5, S5 G EIE RN 2% (graph
convolutional network, GCN) 5 GRU #f 17 I S 4
TEFRHL, DL SZ I v kg B A A il Pl o SCHR[34] )
I B b A o) S R A R AL AT 2 R REE fik
A AT T o

G FIRTTEEAE R A IO 5 S A v 4 A A X
o) B T A, BN Z SRR B,
LSTM I £ [ 5 5. 70 AR I K 3 3500550 5 A4 4
N2, R W) A5 AL A I TR ARG 2 2T b M AR
A HA T 22 B R 22 0] . CNIN 48 K A 2 JR) S5 RRAIE
BTt KEEERKBCR, B TPEAEME
FEACERAS [RI AR 26 B o BN A) B 25 2R OGS S o
W, AT BTG AR 2k P IR B2 X 4 K v S 71
KBRS R A R I AR s 7e 3 Bk e o
1.2 B=SE TN

BN 2 A 1 S B 0] B T A A 4 Y
AH I, 8 5 R FH R G I 4% SR A4 A8 X P i) 23 A 5%
Peo i, SCHR[35]42 H B A LSTM (convolu-
tional LSTM, ConvLSTM) F - & 47 i 5 0 LA
ik B A Y P S BLAE B (¥ DSA . SCHR [36]AR 48 i
(SR A S A R R A 3 4 ConvL-
STM ik R 3 J31) 2 2] IX Le R 415 B FF R & H
i DARG SR TONRS BE . SCHR[37]45 A CNN 5 &
Bk 7= M 4% (residual network, ResNet) 7 Tl K
R DG A #, DL CNN B 2 R i A% 8
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(9 s B 2% 1) . SC R [38] WU F% Transformer 5
CNN A0 45 & F T S 90K I 0 2 A il ot , e ok
BEGR. H R I RUE N 2 R B RRE
A /) K 2R

S v R PR A 2 Al P AN AN ARG 2 32 PR R
TRIAERL, 3075 P I GR B - 1 53 0
F A AL 4% (spectrum sensor, SS) 5 K L
PR R 0 R, A I 9T SR B 2 (BB 7 VA kAT A
Vi b [ E A . SCHR[35-36,38] % T3 B B 4 [ 4
TEAMR R B, STHER[37) 00K FH AR T e {E DL EE A4 K
FIABE DX Sl PRy AT B, (FX S VA 5 AR B B ™
HI RN T EMFEREZ . Ak, SCER[391H G
2 F Kb P X380 i I FH B Db 2 A DA R A2 A0 X
. CHR[40145 A AR HETE 5 2 2t Rk Pt sk & 73
TR T — M AN E PELR KR i As . SCTHR[4 174
KNI TH T NSk 8 7 i 5 DR BE AR B, H
A7 —MoE T 2 20 2 it B 1 A A AE
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EHE AT L, H A S A P a7 2 i i e
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1.3 EiEsmE U

P IRV FOUI B AE R VR A (At B i [ 40
oh 2 B AH SR RO R B H AR, 0T 5 4B i
M, SCER[42138 H 7T GAN 51 # % 2] (trans-
fer learning, TL) [EHEERAELL, @it AH RS
RIS B b B I 5 50 5 GAN 2 AT Tl
S5, BIIEY 7S H bR B0 2R SR 5 = T R 1
Ao FEULEERL b, SCHR[43]°K A SDC-GAN #5274,
FERET RO 15 B e 2 57 5D FIEFEA
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LSTM Wit il i 2%, ittt =iy 2l ds 5 8
TE N A 2K [ TL 7772 DAAR R 5 4 AR iy 2K i) R
SCHR[45] 0 AT VPPN AN [F B 2 [l () 22 57, A FHAEH
i i B PE A 3 0% 2] (meta learning, ML) £ ¥
£, FEd ML BB S H B m s Am, gk
FERLRE FLAT A% 21 B Ay SEELH .

X T B IATE T, H AT SR 7T TAE R,

LA 9T 22 >k B FL AR A (4 5 I 25 228 38 i Tl
MWDo Flan, STHER[46]H H I 2 B 3 8L R 45 K 3
=5 T RIS 2 R R R B A A BRI T, SR
22 [ 7T 3 A HA SR IR T 5 H AR T A )3
PIANAZAE DG o STk [47] ) FH 385000 B B o 448 TR 2%
(graph neural network, GNN) 2% fift 3% 113 [] /3 A7 22
S, JRIE I A R I VR R RS IE R AR . S
BR[48142 H T — M B 5] T 2 I GAN, K24
A X 3R e A% I 2 i B AR A 8 2 H s XK DL R
e RS

SRR, I T ) 3 R 7T SRS 2 1
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YU TS, HIA AR SR EE T 80— 1 3 B0 [ Atk
FERAERS, 2L T 2 PR N R A% 1 RE 7T .
I, AT R TR T T ) v 1 R VR SN AR
FHOEIE A% I 28 DL % v % 22 358 1 36 7 R R % 7
AT 2 A SR X A
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HARAE IS R SR YL F ARG R R, REA
HESRMISEAL R s AERPIUE AR IR b, I 2 0
BE—B I N R YERE, A T ) AU ey = 4
R A i R S SR T RIS T HE R 5E AR
I A RFAE 2 S A, BE— 5 o FARISON R dhs
AR A EAR A 2 A o 2 T 2
ITHERE.
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TR 25, KR TG 2 W% I B AN 5 B
S B B ZE AT, 10 RS B SO T A
U SU A DUEAS T4 PU I AT 42 T )2 100 I 4%
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R FE R E AR, BAA RN 20 25
WHEST. Pt —, ZMESRAE B ET I H B0 2
BlgEfg et AR, R 5 N 22 B IS A A il s
ToE A o [RIFERE 22 AN 0B R i 2 A P A i D Bl
K, SR 5 TR PR B 4 1550 00X 26 2 >0 W 401 2 A P A
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TER LR 260 T (5] 5 AT FE B R AR50 5 2
PR, FECH bR 0N AT R A 2 b,
FHORIG A & AR H A S . it A0
TF 7R B S S A AT 22 STAESE . o, AN
AREL 18] B ARAH HLORHE, (H HAH CAE FE A7 AR B 3 22
o VRIS IIE R n] AR I 70 AN [F S B oot B
FRAREL T IE RS, K50 B (1) AN AR IS AU S 4
WK B B AR B, AR T B w4
PSS A T AER . H—0, e A0S
ek, AS[F) 7 E) ek (8] ERARAH BOCER, (HIAHSCRERE
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(A B 2 T R R, =&shd 2 MR E I
(1), HAH AR FE Al T B 8] AR AH Sk o R B 53
SR % AT AAERA I 20 AN 5] 25 A]3eont B AR I8 ml ad
FEtE, AT LUK = [R5 ) AN AR I 203 AH S P SN iR e K
I ) B bR 25 (8138 Fi T P9 A 7 e R A %
FURHEATIERE, FRE R M e T AR — K
P EHEERNSET, BB ICHRA] A
Rk B AH SRR FE f IR R FE 2 3R IE A
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RENFRIE =y BRIt ge . BT 2 AN AH R AIE
Bz, @ ERER AT E & N R R A
BURHIE, $EmIT R
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3.1 EBFENEERSSESE TN

B ot 22 B BTV H5 e A A R B I AR A O
FAME DU ORI ] @, AR R A B ORI R S
JF: @l A Transformer 5 Mamba (X %%,  SZEL 6 A
F| 4 SR ORI O 2 () v AR ASE, AR SR T IO Tl A i

(1 ] I B ARG e A A A R . ] 2 v R 3 1
Fiw, fE—MXMEBXIEN, FE—HETPUM
SU 4L CRN. fEiZMZEH, (ERELS e — 0
WA AR T MR EIE S ThER, I
W5 5 98 (received signal strength, RSS) 5K
B b A% 2 2 ¥ A7 f 0> (data storage center,
DSC) o Z I A% JE A5 1 4003l I B AT 26 R N AR R
X0 € RTF, Horfr TR N & 10 ) BV
F R I & A B G Bl o 4, 5T 17 2 g
BT B X, e IO 25 5 TN ) R AT 3%
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XT+ e r = A Max p(Xr o ry o 1mX g 1) (2)

XI:T: L.F

H, XAT+ 17+ M;1F € R FRIX,, 1T+ M; 1R € RY*F
SRR FAN BB AR K T+ 18 T+ MBS R T
MESE. UF = 1R YRATE TN, 24 n
(A RME, HARAEERAR: 2 F > LIy 240
TR, BRSO, BRI R . BT
5 KT AEAN [F] 37 506 AN R PR AR, A SR
WM < TR, M > TRRKIAHN .

EEBEETEE R, ST HERER2 M
3 M AT R I AR SRR, SRR AT TR
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R R A AT T, TR B i I
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BOR, ARG MK 3 fros, Hd e i) STL 73 fi#
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W3 280 B4y il N BT R A DL SR AR A AN
[FIBEAGAT N RAERE . A 2 kid =
TR IIRIAT AR T2 ARE, AT 4
% RUERT IR IIR & o 1 FARJe R R el 3 2=
# # 4y fk (seasonal-trend decomposition using
LOESS, STL) {€ 4t i Il & X, 7 % i %
Tip.r RS, AIRER, . =53 (b
ERFE—IED, H¥ b S REE B A B
() AT RE - 2T .
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W .Concat

out

Attention(Q,K,V) = Softmax | 4

€)

(head,," - -,head, )

“4)
H ', head, = Attention(QiWiQ,KiW,-K, V,-WI-V)’ ie
(10} W, e RO ot Sy 57 5 25 1 2 10 B H 5%
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transform, HHT) #H72M: (BEARSESCHR[52)D, LA
RS2 R, I =55 %\ B Trans-

(6)

=1

) formerﬂEDMambal_JQ%[sz']o N T AEER SR B ElE
Lyse = X7 vrears s = Xro e dl2 (3 EBJibs, W KA A W E A hLE, B
SPGB WAL, MBI TEEAEE R A AN S HAE I EEE INE, miESR
YT EE S 2 A A et . ik, ZHEARE FEL
1l F
1 AN
£ R ERHE :_: :_:
B : : : : ik
XI:T:LF % ETraHSformer I I A | IHXTHTLMJF

) 1

e L1

[ I

F R4 la 2

T || 7S WRAIE X

4 3T & Transformer £l Mamba [% 2% £ 22 5 LS5

T+L.THM 1. F

GEES RIS N
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exp(leakyReLU(aT[WhhiHWhhj]))
.= 7
" 2 exp(leakyReLU(aT[Whhl.|Whhj}))( :
kEN (i)

o, b MUR 23 590 O VR R S RS R R AL 1)
W, IE A B R, A(0) 9 R
WREES, (| NAEJEERE, o TR R
BN R RUERR R R IR . T M
W R ARTF, FR R RS 5, kT
Py R ) B 7 B P G50 -

P = UA_%UTe,. (8)

b, URNPG R FE R AE ) &, A NFFIEE
FERE

51 A\ Mamba W %%, 1| FH 3% 25 I [A] R 34 7% [A] 45
7 (state space model, SSM) AL %], FEid
I 25 AR ZS 23 18] JF 41 (structured state space se-
quence, S4) HUHIMRALTHFE R, eiEEXPRET
F) 56 B A () &5 K AT Z 8k, A% 48 SSM AL
Rl AT A AR E LG, BAR S
BR[53]. Bea, a5 2 BIMRHEDHE R & BN
PEE AT BIAKIE S
3.2 B EME IR S 5SS A U

B Shof I 2 AU K 4 A AE 2 TR SRR I DA A A
T Ve Ak I R LA B ALY EORE P B AR R, AT
PEH T RlE B Y BN 4 5 AR RO T EE R AR A 1Y I
AT AN T R BEA A R0 1 A 1 e AL ) B
MESAERE, "amlgmtszikee. 5
ENF BB RE 74 35 P 3 e 20, ] 2 o (s 2 B
N, FHE—NHA T PU S SU 4R CRN. 1
CRN H1, NEHEEALE L T — MRS, 12
R O AR 73 A0 () A% SRR SR B 12 SR X 3
FANE: ERME 5 IhE . IR & n] H— > =4k
KEX e RYVVIERIR, Hd N x NEEAIX

A gparse
R TE RS o H T S BRI 30 25 A 55 52 Hh B 1 4)
FE A A TE A, TCiE S AR RN BT B 1 427
e Rk, SRAEZR M 5 2 50k A 54 T 75
BEREHIRF W JE, Wk H Transformer 14
H GAN H A4 Hh P

T HELLNG AR iy 44 4 TransGAN,  HALHE
AEE (G SRR (D). ARG A
R X, 2B O A T Token: X =

0 RS - I S AT S A TN - VR PR AIE 2 ST AL A 215 -
Linear (X parse )o 1X L Token £8 i3t L J2 Transformer £

CRABE 3 P2 E=Z LD RIS #EA
— /2 Z AL (multi-layer perceptron, MLP) ,
15 3 i 2 5 A 4 b B b T X, = Transformer
(X,_))e BJa, JEIEHNT A4S BIA i 18 T =
Reconsiution(X, ) ) ) 45 D) A A A vt ] N
SR BRI 5> AN T Token: X = PatchEmbedding
(I), T % 2 Bk Transformer #2 B 4= 5 4% 1 X, =
Transformer (X, _ ). /5, T IXS8HGAER H 4
EMLP, RIMLPy ,  BEAT 00 S — A 2B
[FIRE[0,1].

Patch

y= MLPHcad(XL') (9)

TransGAN I ZRAC AL B br ALk A pl s A 5 1)
ARVt R AT RE L, Lh A0 ) 2% AT B AR A b A BT A5
T E Ly, PR RIS AR, R
CIE-ZF

mGin mgx(D,G):E InD(x) ]+

v bl
E. ,[In(1-D(G(2)))] (10)
b, xRz 93 530 R JCSEATRE A AR A 5 et B0 20 A
FR P 75 [
Ll L R FE AT S B AT X e RV,
4 0E T, NI BRI F A B0 52 I 23 53 N B
> G b eoe i o B oM F R ESAVSE

D, il R
T,+ L:T,+M,; I:F,

arg max p(Xr 2 iy, vanvr, Xir v, (1)

map
XI'T\’; 1LF,

Fos XP0 1 ag, FIXT g g, PP IO
F ABBRHK T, + VBT, + M BT B0 IR0
BRI S pRATE A . 2 F, = 1, ASRARE T ;
HE > 1, AZPBH.

Xf T BB N R S S AT, 1% T HEA
T P TR 2% Y B I A A S A TN
A, HEARIRAE N 5 s

G, SRHIE S8 CNN 2 HUREAS 2 ) 320 1) 4 1)
LEPS R

HUD = a(W“)*H(” + b(z)) (12)

Hrp, o T HEBRERE, HOONEERRER.
SR 5, K H Transformer f $i2 4 35 1 B 18] AH 5 14,
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LB

B Fﬁ;@ﬁﬁi

MR TN
N
ﬁ%g% ‘){ LR 4 ﬂ Transformer }7? ER R4 H

PRI A 54tk

PRI A e ftk

BS54 15000 26 B S BN A B A A T E R

EINEPNEVICIPS UL
SR A AT R

B RIS Hd h A

g(XX, )= M(X: JT=5,X,_,81) (13)

Forr, X, 95— 2 ¢ RO s B s, g, Ja e s
MWW S8, ad 1,%8E5N0E, X AT PO M xR
BT N(00). 54 HOETE CNN I Transformer
FaJ 3 A I 2 PRI AR Y f, 380 25k

P X, X)) = M( X,y g Xot).03)  (14)

Forb 0, ( X0 ) 902 TR ML o, Sy T 2 )
(IR S 2, F I8 I A KA BAER BR B 5] N AR 44 W
R T FORMAL £, (B 325 2508, TN A SR (I 25
AT . B R B4 K R £ MSE AMIMKL
(Kullback-Leibler) iU & K29 94 #5811 73 A1

: O map o map 2 +
mglnHXTJ,Jrl:TnJrMﬂ;f XTS,Jrl:TX,JrMM;fHZ

j’DKL(q(XAXt—l)H PH(XI—1|Xt)) (15)

XF T 2 BB IR 5 S A A I, AR Y 4

TN AL PR M P 2 AR T, d A i DL St

FOREESTRIRE BE . b, 1% HE 22K 5 0

CNN # 4 4 GCN, & AR B A BN 9 kL,

K FH 3.1 71 i B R bR 5% SR B O B A R L
I GON A2 7 [ AH SRR AE PT RoR A -

1 1
H!''D = a(ﬁ'zfib‘zH“)W“)) (16)

Hrh, A=A+ DNAESERE, DR, Wil
A, o RBEGEREL. A, ZFHESE TR A
IR 2518 (knowledge distillation, KD) $7 AR [FAIL
H 22 9 B AT T A5 A B SR RS B AT e 154330 @
o KL A fe M S AR AR (S B SR TIIND  FH %k
BT (2 ARUB IS P A A A A AL [ F5000) )
MIRZE . BUTE RIS i ZAE TS, &
e ftrh SRR, 1ESECE DR AR S ) B
LI R

1 L
Loane =7 2 IF = FY| (17)
=1

Heb, FORFD 5351800 A A RRAE S 12 )
ESRIRSE
3.3 ZIREBANRIERF SEREE RS T

BEXT H AR A B B X S0 icdfs 5 = A A
R A I3 1) 73 A 72 e B 2 S RO Z AL BE /AN A2
TRl ANTGEH AT 2RI S 2T
RIS A H P LA, S S 5 5 2 () 31 1R
=, FRTHEPEARI 5 N IR RE . IR LB BN
HUPVE: TN 27 SRR JEE 195 2 S 2 A T =7 >0 73
I3 R A S 0 B A X 3t ] 2 o s 1
2D AR RORIR T H AR TR B, H
H bl W Bt b . #t—20, 2080 B A bx
ST WU AR X R, SCVF 2 AN SR B 2 AU X
S R AR S RN R B R AR 18 A o

FE B AR I AU il v, 58 SCYRABURFE 2K
PN X e R" %, W RIARRAM LS AN Yy, H AR
BRI N X, e R, 36 L A A SR AT 25 34
NY I, m R d 53 53] PR ARBE B AN ABL
B nMd A0 BRI B B, H
m > no TN HFR R — AT £ (-) Rf
A H AR B I R 2

min E(XT’YT)NPT[L(YT, 7(x7))] (18)

Hep, £(-, )N R R B MSE. N45/NEES H bR
W A 2R, SRR T — 2R
G2 B S AT A, Bk unE 6
i, Ho, A RNZ B EwmY, @it
Transformer Z ith #% $& U 77 AR AR AE, 38 ik 18]
T 25 R U P P 25 W RH OGP RRAE s B #8545k
FHIERA 555, 8 RHAE 22 & 53 A DU IC SE IR
W5 HAREEHEX 555 CH 3 AR F Rl A REES
TRINES, ARk B ARAB R R A S A LE R . BRI
FE R A B RN H A0 B A B D5 s 5 ) s P
PRI R, PR H 2 il 4 N B ¥ & 7 Transformer 42
P R 5 9 5 28 A1 B dm i 2% Cnid 6 A A 890
W, 2R G R A5 i E A [ 0 ARt 1 A 2 () 44K St P
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EJE, B P AR AE BEAT X 55 FE 4 (i 6 v B
). PR G RFIE B % N\ /B Transformer #) 1% 1) 11
W cnEleH CcEy) .

* \III '?% |l|| gy
\ IR || |
‘ 1
| (&%

%Tﬁﬂ T EWMﬁﬂW'”"

RSS: $ZWAEFHE FP: Hind
Bo BRG] B B & 5 B B

T8I S TNASE A R R A A B A D (), T LA
FLIEIR BN H B ARBAERFAE =25 18] P R BE
Z;=o(Xy), Z,= o(X,) (19)
Horr, ZgMZ, 53 530 SR B AN H AR A5UBRRSALL Hk
No NI EETRB AT 22 57, ZEORE Je i H Bk
¥J{E 2 5 (maximum mean discrepancy, MMD)
IR Ak

Lywo = B[ Z5]-E[Z,]] (20)
SR A BTN 2R, ARHE R (10) AT 15 5]«
mGin max EXSNPS[lnD(G(XS) )} +
Exfﬂ[m(l—aD(G(AQ)))] 1)

Hr, G()NFHESRBUNES, D(-) AEHR & . 2
Ja, AEFLERHEAS AT, SR HIE B s
RUBEAT BN G5, FFAE H Fn B AT 0 4 A 4 o
=F

XT,YT)|:£ (YT’fT((D(XT) ) ) + iEMMD] (22)

Hr, kﬁﬁMMDﬁ%ﬁﬁ%Hﬁ%ﬁﬁ
FEES RN BB T, % THESR R A 4
32?&%%%,ﬂAKDMﬂ,mX%ﬁ%ﬁ%%

min E
A

BN O 2545 F B AR B 2 2R M 48 22 50
M9 H ARSI AR 5K LAl H ARy

Lyp= aECE(YSfS(XS) ) +(1- a)‘CKL(fS(XT):fT(XT))
(23)
Hrp, Lo IR O T B IZRIRED ,
Lo JIKLEE, Tk H bR R4 5 s 7
it A, o NAUES . 1ZI7 IR AE H ARk
P Bt A e/ PR 00 B ) B ) B 2 0
TN, R BEEE S A A O Ll 5
Xt T 22 YSIA B H AR S BT, %R
ZRGI AN ML KA FIRIERE PERE, DAARTHE Y [ PR
G N RETT, EEAE H bR B s B
e, HARMHES AT o

w—e—ﬁm;yﬁw@wﬁJ (24)

o, TRAERIFRIBAES, 0 WIERAIES 4,
p.e N B ML AT NIERFIAMERR, WG
BT ANJRIRAT 55 AT PO S 3O B, DA ) 380k
SERFE; AMEFR S5 A %Aﬁﬁﬁﬂﬁﬁéﬁ&i
SR, DA SR R . IS 2 R RS
A HE— P ER T H RIS RS B .
34 XESHGESERMSH

ENSEpR I E SN -WAD S O Yo [ RS gl
MMD 5 A E A A DR D% B 2 B B R BURR S 70 #
HoAh S H b2 A [R5 g H

(1) Z3kEREIIRBo. W CHR[STIHES
BIEEHRAERERT i, o MR RTEH S E A2, 4, 8, 16].
KA M REAR R 7%, (R 4795 B AR A AN [
SRBGHEAT X LSRN, SRE TR B SR R ik
W AAE 0=8. Rk Bud /N, BERLHE DLl $2 52 %
ZHBAHNE; Mk Bt R, &5 A A I
Wt E IR

2 K3 FE RS HB,. AR
P O SRR, K B ELAE[107Y,0.02]. IR L
BR[S8Y WL THIE I, &5 A Ak B4l nae 7o o P 5 2 ) A
RS T B . 2 g A /N, AR LR T
Fs A HUEE R, W2 R SRR 2% [R) 4500045 2.

(3) K(Q22)FHIMMD 5 RALE 2. R SCHR[59]
¥ AW EAE0.01, 1NHH TR . RADZEMEHE R
K, FEPRUE B AR BRI R 22 fi /)N FRY [ B 458 1) st
TR AL/, B IREAE 0 51 F U S 5
AR, AT RE BRI FE AR RALE
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4.1 THEEXSEE

AT IR IR 3 75 AN SR BOR MR 48 i = 45
BEAT U7 FLSEIG 40 B, e AT 43 gl D9 2k T ] Trans-
former 1 Mamba % % 1] 22 551 B A0 1% 25 35 T 2 R
CRLVE 1D FIE T 5090 265 1% B 000 B B 20 A 1 Yo U
AR L2 WIEEE I EE 2 AT A L2
£ — & AMD Ryzen 9 9950X 16-Core Processor
(4.30 GHz) CPU, NVIDIA GeForce RTX 5090 D v2
24GB GPU, 64 GB RAM [fj PC ES2HLf . T
CUDAI12.8 fil PyTorch 2.8.0 #E4%, 1 A Python 4 %
BE. AERBRENT.

(D BE1EE . ACH—SREPEYET DiE R
X AL ESS (ID: test_yago) il & (1) 3 St Sk
BHE (SH GRS AP L) RKICIESH %1
frsEHEE, HAFRTE B Y 600~640 MHz, K [A]
K% 42 MHz, #diREREN2021F6 H1HE6H
8 H, SRAEHANABE A4 min, FEAEHCH 10080, Ik
& MRS FIAEE RIS ey 4:1:1. FE1
()€ Transformer W25 2508 2, WT4EE N 128, k
B8, FREFRN0.1. Mamba FXIZE PR A2 AI4ERE Ny
32, RSN 3, EIEY RATE N2, MLKIR
JEN2. BARNNSGZSE: )% N0.01, fLbFRST
H4, IgREHETN20, SRR LRI CME NG, K
Adam LAl 3. XoF bUFERZE R Al A Gt HMMIOURD 323
(7R W 4% LSTM+ 14 7 /1 (LSTM-Atten) 71 A1
Transformer®’],

HHIE 7 0750, fERIN 96 0T 48 30 T, ikl
(MamGTrans) 3464 1% % (mean absolute er-
ror, MAE) MMSE 4IRS, filn, 5k
#] MSE 43 %] Lt HMM. LSTM-Atten Al Transformer
TFET 79.96%. 43.95% I 13.45%. X 4645 JL i B
L 2 P REAE A3 AR B BORL ) AT B R )
Mamba [ £ [T B S50 DG PERFAE R 42 B8 758 T LSTM
WA 2% (1)1 42 B C A Transformer [ F.40 B VER T .

(2) B2 . SEIETAE, ASCRFERHEK
H VLA S T X L4 (ID B3 test_yago_3.
test_yago. rack 3 flrack 2, K& H4RIE 2 0]
FE A 78 64x64 IATTE Hy D) 0 & 1Y) FC sic th 70
IR, REER A 610 MHz, RFEI R A20214F
6 H1H=Z6H3H, KN ARG Y 1 min, FEASL
N4 800, NZREE. DK AR AN GG U 48 1 &l 43 Le 4

Na:1:1. B2 MG 2% N 0.001, YIZREEEL
H20, fLAFE RS RN4, [FFERH Adam 4025
37BN 26 SR FH 20 e e 75 1R B SR GG, JEC A MR S SR
0.000 1, #1bRERASRIEH0.02, §HUEHCN 1000
(BT, &MHMAERN (BfT64,64), TN H bR
SKH s . 5 b2 R FH AT TR
& ConvLSTMP?], NN-ResNetl*7 Al PredRNNLC!,
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S
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() MAEXS LR 25

MSE/dBm

(b) MSEXf bb &
K7 FERIN 96 TN 48 4 1 ik 1 5 S R Bk i T iR ZE 0 L

] 8 BT T, ZEHIN 10 Wifiiil 10 i , %2
(DiffTrans) F{)~F3 MSEAR T 20503k, [RII)
IEfE (5L (peak signal-to-noise ratio, PSNR) 75
T RELE D B, 5% 2 B PSNR 43l te
ConvLSTM. NN-ResNet Al PredRNN & 16.47%-
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711% F15.27%. X RULHF L2 B35 T8
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T ) Transformer, M7 A 0] LLFE B 5% 1 HL
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(RIRF A o 33X 08 B AEEIEE 1 S B 7 42 2 B R0 T
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MamGTrans (5i% 1) 0.45 100
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PredRNN 6.05 27
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AT HEAT T iS58 43 B LABGIE B 3 REVE 1
F AR T A AU . 1 SEIE $F 600 MHz A 214
W, HASCFHIREN R E S EE IME, FES
LHCH 4. B3 BEH TR TE RS 45 R 9
Fi7se

0.7
0.6
0.5}
Eoal
bS]
2
Sosf
02}
0.1}
0 JGSTL Y43k  STL-Atten
iz
(a) MAERY [ 25 1
0.7
0.6
0.5}
E o4l
=
a O 3 -
Zo.
02}
0.1}
0 JGSTL {34 STL-Atten
oy
(b) MSEX kb 45 5%
9 FEHIN 96 T 96 2 R STL-Atten (Bl STL+% SLE & /1) i
VRl S8 56



- 220 - W fE

{18 47 %

B

H 9 A1, STL-Atten f AT A3 T 5% % 4=
IC T8 STL A& 73 1% k. 9140, STL-At-
ten ff) MSE 43 1] & 75 STL AN 4 #5358 43 T A 7R
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) MAE f#IMSE. {Hf37ERE IR, N5 3
28NS () TR = T HHT 4332 X 5

5 WA

IR SC IR PEARFAE 25 ST A R B -3 -2 A 2
PFRM ) o B, AR SO UK A AR S 5 R
WSS A AR 25 DA s s A 34 ), I
SRR T IR PERFIE S SIAEIX 34N 5 ) _EAORE R, A
SEH 3B YRR BB . RS, DLEEEET)
S STHURI A% AR SCHR H VR P AT 25 35 TR 2% 5]
HERN AR DUX 3N AR PR IR IR TE T, BAR IR
JEE IS AT A AT 2 30« TR P I s AT 2 A T
2 SRR P B IR A5 SR T 27 ) 3ASFAESE . 7ELE
HEZRFLRN |, A 454 KD, TL LA ML 23S TR
BT 3N TAELL M SCHER R BR L S RS,  FRE—
BT PR AR RIOAE T M OCE R A 2, JR 4
ST TR P 1 IV 25 34 T 1) S i AN 3 5 s
A L IGAE M o X e R W] H AR R FH 7R TS AL
DSA. BRI BRI SR 5, 1T TR TR
FUFH 2 AE s ATURN A 2 S0 AR 2 rh 4T 75 B AR AR R
S PE B RRUAE BOE T SE A AR T
FARIRNE SRR R R BT SR

EEP e

[1] XPegk, KRR, 158, 456G ENME B MR 4 MO fE 3] — U1 & ik
S HARIE()]. R (5 B, 2024, 54(5): 1236-1266.
Liu GY, Zhang H M, Tong Z, et al. 6G mobile information network ar-
chitecture: migrate from communication to XaaS[J]. Scientia Sinica (In-
formationis), 2024, 54(5): 1236-1266.

(2] ¥, D, DT TR, S5 T IR R R ) 2 5 B g RAEHOR &R
R[] BT 515 BAAR, 2025, 47(5): 1215-1229.
Dong C, Cui C, Jia Z Y, et al. Survey of unified representation technol-
ogy of multi-dimensional information for low altitude intelligent net-
work[J]. Journal of Electronics & Information Technology, 2025, 47(5):
1215-1229.

[3] &oLR, Filg#, BILAF, 5 RS B9 B Rk B EART A ). B
PE RS 4, 2025, 40(1): 45-55.
Jin L M, Wang H C, Gu J C, et al. Research on low-altitude embodied
artificial intelligence-enabled spectrum management and control tech-

nology[J]. Journal of Data Acquisition and Processing, 2025, 40(1):



T R A < I B2 A S A T « T PR 2 ST LA -221-

%51
45-55.
[4] Phs, TN, 20, 25 euRIE 2 4 98 R A2 BRI 72 3 ).

A5 2EAR, 2023, 44(11): 25-42.

Shen F, Ding G R, LiJ, et al. Research progress on electromagnetic spec-
trum multidimensional situation compressed mapping technology[J].
Journal on Communications, 2023, 44(11): 25-42.

[5] LiJJ, Yang L, Wu Q Q, et al. Active RIS-aided NOMA-enabled space-
air-ground integrated networks with cognitive radio[J]. IEEE Journal on
Selected Areas in Communications, 2025, 43(1): 314-333.

[6] Zhang D N, Lu Y Y, Ding W R, et al. Knowledge embedding networks
based on deep learning for automatic modulation classification in cogni-
tive radio[J]. IEEE Transactions on Communications, 2024, 72(12):
7814-7825.

[7] Jiang T, Jin M, Guo Q H, et al. Graph learning-based cooperative spec-
trum sensing with corrupted RSSs in spectrum-heterogeneous cognitive
radio networks[J]. IEEE Transactions on Wireless Communications,
2024, 23(10): 15447-15461.

[8] Pan G L, Wu Q H, Ding G R, et al. Deep stacked autoencoder-based
long-term spectrum prediction using real-world data[J]. IEEE Transac-
tions on Cognitive Communications and Networking, 2023, 9(3):
534-548.

[9] Wang L, Hu J, Zhang C D, et al. Deep learning models for spectrum pre-
diction: a review[J]. IEEE Sensors Journal, 2024, 24(18): 28553-28575.

[10] Rajendran S, Calvo-Palomino R, Fuchs M, et al. Electrosense: open and
big spectrum data[J]. IEEE Communications Magazine, 2018, 56(1):
210-217.

[11] Zhang Q Y, Zeng W H, Qin Z ], et al. TaP2-CSS: a trustworthy and
privacy-preserving cooperative spectrum sensing solution based on
blockchain[J]. IEEE Internet of Things Journal, 2024, 11(8): 14634-
14646.

[12] Janu D, Kumar S, Singh K. A graph convolution network based adap-

tive cooperative spectrum sensing in cognitive radio network[J]. IEEE
Transactions on Vehicular Technology, 2023, 72(2): 2269-2279

[13] Du Y H, Qiao X Q, Zhang Y, et al. Interference-aware spectrum re-
source management in dynamic environment: strategic learning with
higher-order statistic optimization[J]. IEEE Transactions on Cognitive
Communications and Networking, 2022, 8(3): 1512-1528.

[14] Hu J Q, Moorthy S K, Harindranath A, et al. A mobility-resilient spec-
trum sharing framework for operating wireless UAVs in the 6 GHz
band[J]. IEEE/ACM Transactions on Networking, 2023, 31(6): 3128-
3142.

[15] Zhu R B, Li M Y, Liu H, et al. Federated deep reinforcement learning-
based spectrum access algorithm with warranty contract in intelligent
transportation systems[J]. IEEE Transactions on Intelligent Transporta-
tion Systems, 2023, 24(1): 1178-1190.

[16] Safavinejad R, Chang H H, Liu L J. Deep reinforcement learning for
dynamic spectrum access: convergence analysis and system design[J].
IEEE Transactions on Wireless Communications, 2024, 23(12): 18888-
18902.

[17] Girmay M, Maglogiannis V, Naudts D, et al. Enabling uncoordinated

dynamic spectrum sharing between LTE and NR networks[J]. IEEE

Transactions on Wireless Communications, 2024, 23(6): 5953-5968.

Xiao Y, Shi S H, Lou W J, et al. BD-SAS: enabling dynamic spectrum

sharing in low-trust environment[J]. IEEE Transactions on Cognitive

Communications and Networking, 2023, 9(4): 842-856.

[19] Cao X L, Yang B, Wang K N, et al. Al-empowered multiple access for

[18

6G: a survey of spectrum sensing, protocol designs, and optimizations[J].
Proceedings of the IEEE, 2024, 112(9): 1264-1302.

[20] Pan G L, Wu Q H, Zhou B, et al. Spectrum prediction with deep 3D
pyramid vision transformer learning[J]. IEEE Transactions on Wireless
Communications, 2025, 24(1): 509-525.

[21] Ding G R, Jiao Y T, Wang J L, et al. Spectrum inference in cognitive
radio networks: algorithms and applications[J]. IEEE Communications
Surveys & Tutorials, 2018, 20(1): 150-182.

[22] LeCun'Y, Bengio Y, Hinton G. Deep learning[J]. Nature, 2015, 521(7553):
436-444.

[23] Hinton G E, Osindero S, Teh Y W. A fast learning algorithm for deep
belief nets[J]. Neural Computation, 2006, 18(7): 1527-1554.

[24] Yu L, Chen J, Ding G R. Spectrum prediction via long short term
memory[C]//Proceedings of the 2017 3rd IEEE International Confer-
ence on Computer and Communications (ICCC). Piscataway: IEEE
Press, 2017: 643-647.

[25] Wang X Y, Peng T, Zuo P L, et al. Spectrum prediction method for
ISM bands based on LSTM[C]//Proceedings of the 2020 5th Interna-
tional Conference on Computer and Communication Systems
(ICCCS). Piscataway: IEEE Press, 2020: 580-584.

[26] Aygiill M A, Nazzal M, Ekti A R, et al. Spectrum occupancy prediction
exploiting time and frequency correlations through 2D-LSTM[C]//Pro-
ceedings of the 2020 IEEE 91st Vehicular Technology Conference
(VTC2020-Spring). Piscataway: IEEE Press, 2020: 1-5

[27] Ben C, Peng Y, Wang Y, et al. Enhanced multi-band spectrum predic-
tion using singular spectrum analysis and attention-based BiLSTM[J].
IEEE Transactions on Cognitive Communications and Networking,
2025, 11(1): 118-126.

[28] Ji N C, Liu T C, Zhang Y B, et al. Generative augmented cascade
broad learning for lightweight multi-band spectrum prediction[J].
IEEE Transactions on Cognitive Communications and Networking,
2026, 12: 382-394.

[29] Radhakrishnan N, Kandeepan S. An improved initialization method for
fast learning in long short-term memory-based Markovian spectrum
prediction[J]. IEEE Transactions on Cognitive Communications and
Networking, 2021, 7(3): 729-738.

[30] Ghasemi A, Parekh J. DeepAir: predicting radio spectrum usage at
scale with deep temporal convolutional networks[C]//Proceedings of
the 2021 IEEE International Conference on Communications Work-
shops (ICC Workshops). Piscataway: IEEE Press, 2021: 1-7.

[31] Yu L, Chen J, Zhang Y M, et al. Deep spectrum prediction in high fre-
quency communication based on temporal-spectral residual network[J].
China Communications, 2018, 15(9): 25-34.

[32] YuL X, Guo Y F, Wang Q L, et al. Spectrum availability prediction for
cognitive radio communications: a DCG approach[J]. IEEE Transac-
tions on Cognitive Communications and Networking, 2020, 6(2):
476-485.

[33] Zhang X L, Guo L T, Ben C, et al. A-GCRNN: attention graph convo-
lution recurrent neural network for multi-band spectrum prediction[J].
IEEE Transactions on Vehicular Technology, 2024, 73(2): 2978-2982.

[34] Li S, Sun Y X, Han Y, et al. CL-MFGCN: graph structure contrastive
learning and multiscale feature fusion graph convolutional network for
spectrum prediction[J]. IEEE Internet of Things Journal, 2025, 12(4):
3600-3612.

[35] Shawel B S, Woldegebreal D H, Pollin S. Convolutional LSTM-based
long-term spectrum prediction for dynamic spectrum access[C]//Pro-
ceedings of the 2019 27th European Signal Processing Conference
(EUSIPCO). Piscataway: IEEE Press, 2019: 1-5.

[36] Li X, Liu Z C, Chen G J, et al. Deep learning for spectrum prediction
from spatial-temporal-spectral data[J]. IEEE Communications Letters,
2021, 25(4): 1216-1220.



. WO ¥

47 %

[37] Ren X Y, Mosavat-Jahromi H, Cai L, et al. Spatio-temporal spectrum
load prediction using convolutional neural network and ResNet[J].
IEEE Transactions on Cognitive Communications and Networking,
2022, 8(2): 502-513.

[38] Xu H K, Li J, Wu Q H, et al. Dconv-former: efficient transformer for
spatial-temporal-spectral spectrum prediction[J]. IEEE Wireless Com-
munications Letters, 2025, 14(8): 2272-2276.

[39] Shrestha S, Fu X, Hong M Y. Deep spectrum cartography: completing

radio map tensors using learned neural models[J]. IEEE Transactions
on Signal Processing, 2022, 70: 1170-1184.

[40] Chen X N, Wang J, Zhang G Y, et al. Tensor-based parametric spec-

trum cartography from irregular off-grid samplings[J]. IEEE Signal
Processing Letters, 2023, 30: 513-517.

[41] Timilsina S, Shrestha S, Fu X. Quantized radio map estimation using

tensor and deep generative models[J]. IEEE Transactions on Signal
Processing, 2024, 72: 173-189.

Lin F D, Chen J, Ding G R, et al. Spectrum prediction based on GAN and
deep transfer learning: a cross-band data augmentation framework[J].
China Communications, 2021, 18(1): 18-32.

Peng C, Zhu R G, Zhang M B, et al. Cross-band spectrum prediction

[42

[43

algorithm based on data conversion using generative adversarial net-
works[J]. China Communications, 2023, 20(10): 136-152.

[44] Li K H, Li C, Chen J M, et al. Boost spectrum prediction with
temporal-frequency fusion network via transfer learning[J]. IEEE
Transactions on Mobile Computing, 2023, 22(6): 3209-3223.

[45] Peng C, Zhang M B, Hu W L, et al. Cross-band spectrum prediction al-

gorithm based on transfer learning and meta learning[C]//Proceedings
of the 2021 7th International Conference on Computer and Communi-
cations (ICCC). Piscataway: IEEE Press, 2021: 2303-2307.

[46] Fang Z Q, Wu D E, Pan L, et al. When transfer learning meets cross-

city urban flow prediction: spatio-temporal adaptation matters[C]//Pro-
ceedings of the Thirty-First International Joint Conference on Artificial
Intelligence. Piscataway: IEEE Press, 2022: 2030-2036.

[47] Ouyang X C, Yang Y, Zhang Y L, et al. Domain adversarial graph neu-

ral network with cross-city graph structure learning for traffic predic-
tion[J]. Knowledge-Based Systems, 2023, 278: 110885.

[48] Li J Y, Liao C L, Hu S, et al. Physics-guided multi-source transfer
learning for network-scale traffic flow prediction[J]. IEEE Transac-
tions on Intelligent Transportation Systems, 2024, 25(11): 17533-
17546.

[49] Du H Y, Zhang R C, Liu Y Q, et al. Enhancing deep reinforcement

learning: a tutorial on generative diffusion models in network optimiza-
tion[J]. IEEE Communications Surveys & Tutorials, 2024, 26(4): 2611-
2646.

[50] Li X, Wang X, Song T C, et al. Robust online prediction of spectrum
map with incomplete and corrupted observations[J]. IEEE Transactions
on Mobile Computing, 2022, 21(12): 4583-4594.

[51] Shi J, Chen G, Zhao Y N, et al. Synchrosqueezed fractional wavelet
transform: a new high-resolution time-frequency representation[J].
IEEE Transactions on Signal Processing, 2023, 71: 264-278.

[52] Azizi R, Seker S. Microgrid fault detection and classification based on

the boosting ensemble method with the Hilbert-Huang transform[J].
IEEE Transactions on Power Delivery, 2022, 37(3): 2289-2300.
[53] Liu X, Zhang C X, Huang F X, et al. Vision mamba: a comprehensive
survey and taxonomy[J]. IEEE Transactions on Neural Networks and
Learning Systems, 2026, 37(2): 505-525.
Tang J L, Chen S, Niu G, et al. Distribution shift matters for knowl-
edge distillation with webly collected images[C]//Proceedings of the

[54

2023 IEEE/CVF International Conference on Computer Vision

[55]

[56]

[57]

[58]

[59]

[60]

[e1]

(ICCV). Piscataway: IEEE Press, 2023: 17424-17434.

Cao P, Wang W, Liu Y L, et al. A lightweight consensus protocol for
distributed collision-free spectrum allocation[J]. IEEE Wireless Com-
munications Letters, 2026, 15: 1553-1557.

Vettoruzzo A, Bouguelia M R, Vanschoren J, et al. Advances and chal-
lenges in meta-learning: a technical review[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2024, 46(7): 4763-4779.
Pan G L, Li J, Li M L. Multi-channel multi-step spectrum prediction
using transformer and stacked Bi-LSTM[J]. China Communications,
2025, 22(5): 1-13.

Ho J, Jain A N, Abbeel P. Denoising diffusion probabilistic models[J].
Advances in Neural Information Processing Systems, 2020, 33: 6840-
6851.

Long M S, Cao Y, Wang J M, et al. Learning transferable features with
deep adaptation networks[C]//International Conference on Machine
Learning. New York: PMLR, 2015: 97-105.

Luo S, Zhou T, Xiao Y, et al. Predicting spectrum status duration using
non-linear Homotopy estimation based HMM for UAV communica-
tions[J]. Signal Processing, 2023, 212: 109131.

Pan G L, Yau D K'Y, Zhou B, et al. Deep learning for spectrum predic-
tion in cognitive radio networks: state-of-the-art, new opportunities,
and challenges[J]. IEEE Network, 2026, 40(1): 192-200.

(fEZ &N

BAER (1994-), B, L, ERTEK
SR, ST A R U
SRR (RAETER.

SKE (2001-), 2, BEEMEH KA
A, FEBRTT RN BB,

BOEHE (1983-), Y, mAAFH KFEH
B, FEWUFAITT NN ER K
2RI A

KBEIE (1970-), 5, MEMTHIRKS
B, EERE T 10 B AT RS DA RN 2
gy, SN, A EE it
BLAR ) 2 R — b 4%



