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Lightweight Prediction Model of Satellite Network Traffic Driven by Knowledge Distillation
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! (School of Optical-Electrical and Computer Engineering ,University of Shanghai for Science and Technology ,Shanghai 200093 ,China)
2 ( College of Publishing ,University of Shanghai for Science and Technology ,Shanghai 200093 ,China)

Abstract : Most traditional traffic prediction models are unsuitable for resource-constrained satellite networks,due to their high compu-
tational complexity. Furthermore, they also fail to capture the spatial-temporal features of satellite traffic, such as topological changes
and traffic distribution, which hampers the balance between prediction accuracy and computational efficiency, limiting their practical
applicability in satellite networks. This paper proposed a lightweight traffic prediction model for satellite networks driven by knowledge
distillation to capture the spatial-temporal features of satellite network traffic and reduce the complexity. The model first constructed a
teacher model that integrates GCN ( Graph Convolutional Neural Network) and Transformer, and a student model combining GCN and
GRU ( Gated Recurrent Units ) , to extract spatial-temporal features of satellite network traffic. Further, this model designed a distil-
lation mechanism that incorporates soft loss, hard loss, feature loss, and dynamic weighted KL ( Kullback-Leibler) divergence loss. This
mechanism employed multi-level feature extraction and dynamic sequence weight adjustment, guiding the student model to learn spa-
tial-temporal dependencies and traffic dynamics from the teacher model. Experimental results showed that, the distilled student model
reduced MSE by 26. 1% and MAE by 17.4% ,approaching the performance of the teacher model. Furthermore, the proposed model a-
chieved a 75.6% reduction in parameters,a 78. 6% reduction in computational complexity,and a 3. 6-fold decrease in inference time,
which demonstrates its efficiency in resource-constrained environments.
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Tl X LA AR BER L R R

B BT, BRI BT 5 7 B E B 4 AR S A AR
ETHSZEIWNTE. FEGETTHHER, 08 EH 254530 F
#)#E B ( Autoregressive Integrated Moving Average, ARI-
MA) 'Y REA SR 147 B2 A0 R 300 PR 394tk 20 Ak, L 3 D 2 %
BEMEZRBHIFRMAERE. BRNGEI FENLFNE
#L( Support Vector Machine, SVM ) "1 5 g 1L Zk #k ( Random
Forests ,RF) i R T £ G0 B 1) 16 FITE  , R4S S8 47 st 3 2 4%
EHRIERERE, ERAE R PENERBHHZLENS
P B TR AR P B B 2% 0 B 2 SR BB A PR R e ek s ]
B LA IR BE 2 X BOR B W B O U B TR ) R B O 9T
R BERIN K & B8 12 B 4 (Long Short-Term Memory,
LSTM) ") [ T4#4:4E3F 8455 (GRU)) #l Transformer % , $E {5 H iR
KREOFHERBAN FRERE S, E—EBELBERATT
EM%RETN K. I Cai > B F LSIM &/ AOH
BERRT 2 T O I B g, SR T T TR B 5 Zhu 41 5
AERAHLGIHR LSTM #3838 o inie B AHRHARE ,
R TR R B IO T H ARk Liu S S 458
FIHLH 5 GRU R 3z B AR P F1 R B AU R AR
P, NI A THRIEGE . £ R B ENEREMN B B8, Li
=P EHETEBSI R GRU MSN%, AUEETEN
KRB AR | B AU R A I HEARE , [F) B PRI TR
IR ZLPE. Yang % 254 EIBBM Z M % (GCN) 5 GRU,
HAHBEME RS RE R SRR, SR TERKE
AT . Cao %1 B Y TLS-Net B8, £ & i M B H K %
(Temporal Convolutional Network, TCN) #1 LSTM, i#{t B &
RO28 i B BRI AR AE , E— B R T TR EE. 14t
SRR AL B RS T —E B3, 4 Zhao %)
BN RN SR m RPN AR T HEEREHEA T
XBREEFRMEE. LA RAETENERERNFRET
—SEHER, B E G AT R PR -

DEGREEXIERBETEEXETERERYE, M
BEEH=E TR, A MR EE AR U B
BWE I B RREEIBER X HEERERNES
W R B 2R SR IR N E R 5

2) TEMERT RRIE R ESERNEK BRiMEH
AT ERRES LR, ¥ TRE A= MR E 2
L AN, DEMARES2MmIR A% AU R ARES
B RR N, 250 B A B B 3 %) TR B
RO TERER.

Bt , ZEW R BUE BV RTIR T, AT 278 FR B8R T 83t
ZEAIIBEANERIDEREN S ENBNER, By
LT T P 4 S R ey TR Y SR VR

HXHNREERZRGA S, IRENRE T2
BRI ERCE R RE, T2 B T RIEZR IR D
MEA . B, B A B . 2B EI U RMRER
(Knowledge Distillation, KD ) £ J5 g ¥ FH T & AL P8 BU 4544 . 8k
AHETF4Y. zhang % AP B SRR IEBR A EE R
JURTTE ,FIRRAES BPATRIRERE, U SR B EES
2. Thaker % A" 3E 1} TE WML K B0 B R S WA R ML
BUROE R, AT BT 5 BUR DU FR 3 A 1i % AP Sl

BUA N B ALIRAE, PR T IR BE 2 BB W B 2 R AE =S 1)
d . I ARSI AR BEAT IO B, SRR A M. He %
AP T — R AR B R B LA R IR 45 07 vk, 38
AWK EN BT BARZMINEG T . lin &
NP5 AR R 5 508 o 0 R S R R AL TR AT 55, 42
Hi SparseTSF A J&] 51 7% i 75 U 52 ARl 4% 0 42 B A T A
B, PRI A 44 . Tsanakas % A A #4028
BRHRE S ER TR R, R M AT %% &, R
R4 TR . zhang %5 AR T R F AR B R 2
& 2 R 75 ( Spatial-Temporal Multilayer Perceptron, ST-MLP)
R B E RN IR RS, T T EH R
S ETRI AY B RHEFRE M. Chen 25 AP g — 248
TETESMPEROER, RETRib— &AL R E
T, BERE THEEEE SHE N

AT, RE X AR R %R 2O R B & SR B
BT BERR BT E W4 B B 8 /A A 5% b B
R A5 ARG BT A B B B, AR R R B
R (BUTHER) AR B 2 MR R (A ER) R E
ot T2 O 4% 2 ) e 2 5l 2 R JBD S8 ek AR M A SRR . X e
FEAMUERFHTERCE R R A, B4 T B R R i
RBIRZK , IR RBET X TLE P48 IR B RORFBRBE & , LA B A TR
R

& LT, 45 & DEREREM B 2R/, SiHEiR
B RAR R, Rk TE W& R AR
FIEER)REEPTTE. ik, AR SR B T — R AR IE WS T
ENZRBZRERATNER, BEAERAZETENEREL
RS MRS AR B 45 I FEARAE , JR A SRR BB AR L3
BRI RRL SR BEmMS, &2 BEiREEaE
P 3ANEE : 558, it E AT 1R R4 iR T s 2R R
R 552 A RV, FE A2 IR R B RUE B B s R, SRR
ARIBRMEE R B SR ER; FK, W E R AR R
e, LALZRIBIR R R g, LASR B AR B SE 2Y [) 2 A AU T
BRORESEE,BE ETIHRIENEREBIBEN IR
BRI SRIE , FR BN LB X b s B A RER R,
BT TR W4 MBI SR T S HE e 8.

1 DERBHMESHSEEEX

1.1 DEMSKRENZHE

TE MR R H 5 M R B ERHE , RA ST X
—FrHEX TRBTER B RMIE R E X E R, RE 4Rk
B, AF D ER R BRI B 0 i sh A g k.
Bln, FETAE BB EX  BEE R P S Esin , REZE S B,
AT [E) B AR AR A0 TR K. BENARERN A
R AGET Aoy /N R SIR R R DR AR 5 DER B
ERBIAR, B 90 ~120 4350, BT R B 5 A FE
BT sh; RGN R BT DEE 5 IR B ¥ B EAE
A, RBERKNERE L 2RE K.

H T IR Y I P PR Sh F R 1, R R R A
FPRME BRI, JEFR M 2 P 4% (RNN) LK 2 IFEAZ R %%
(LSTM) B, Transformer 4. £R T 1% 4t i) it 18] F 51 30 9 7 35 7T
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BB B LA IR R B LAY S A=K, Rk, SRS i T o
BRI AR A , FEAE SRR TR R A AR 7, B A TR D 2
Bt P REARE.

Mz 4ERERE , TR M RE R0 22 BN E
P 2R B R AR , R B 2 s A S 1. TR IR] 3
Kiaf ZRRKF ADEEREFRRERSBREN S
)53 AR AN A, 3T 3 X e T P SR R SR I, B
BOK, R X H R E M. ik, TR A ZFERE
B ERDRENL, K— KRR ERZFMR, BB R
S8 B M R R BB T A, FEHP T RIR BB S

T A2 18] S AR AN R AR Z IR B TR S B SRR R
AL ez FMR . RS R RB SR EEZR T
TBEWPEHRINEHFT QR R, Bk, St B
BB PSR A RES AT TS ARSI S EER R ME MBI
FRAORE R, 0 [ 4o 22 ) 4% (GNN) | B % BRI %% (GCN) & 75
%, AT RESS B8 MR il 12 DR B A2 A M, SRS F
R
1.2 [EFEEY

ARRRETDENERBRMNES, E7FEMEH FIR
ABEINERATWER  BERNDENESRERLE
BN FRMAEE NERBETRER IXE EDLEN
B FRIAER BB P, SR R R T R R B B B R D
ZS R RRAE. I JE) L, R A0 R e S e R B B SR AR B AL
B 0 S P RO, v T 2R R 3D s &= 1) L B ARy
S350 TR AT 5 H Y BRI Sh B SRR R T R R Y3 S
EEME IR, AT B AR . BATE, T
EMEE—ERNHBEARHERBEER X = {x,x, -,
xrb R x, RATERZ] ¢ BIREBVIE, T R B HR KA.
FUWIAE 55 B AR X B 7 55 038 , 388 A g 3 P 2 0 0 o
% n AN ZI R EE, B BTWUFEF Y =0, Va0,
Vo, BRME R REBILEERRFEEM Y = yru1» Yraas
s VTane

SRT, T2 P28 388 % T I B8 BB 0 FoHY SRS IR RO KR
HERATR R R R AL E. BRAANE B TR/MTE
A FIFIRIEFE , 3E REAH AR BU7E IR R R IR IR 8
BOBAT , AR TS B I8 b TR W48 i 3h 5728 4k, B ik,
7T E RS RBIWAL S, I0 e 78 R I TR I A1 4 Fr) B il
L, Bt R RGE T RRIR AN ERER, B
T e B O )RR

Tk, ERIT AR S RE R E 2 SR RIERR # 2
BRSP4, ASE BB A0 SE R IR B T X B R Beit—Fh
REAS IR T E I B I 25 AR AIE 1 BUM AN 22 A B Y SR, T2 00
FI PR AR IR T vk , M ER 38 L 02 I 4% 2 A O 2R 1B AL AN
LIS RWAHEZ IS B B R, R T2 AR R A%
RB77 B ZISRB AR B 5 R SR R R R R 7EE
B Z AR SR R B, R REAR I TR B Rz AL
RBT7 , IR RURE A I 98 VIR T BERP R ALE
T, LB R T B T,

2 REATBIEKEELR
FIFVI T —FARREESINER LT EM A RER

MR, 256 TE WS R BN 25, R T BURB R
AR B AR B SS BAIRER  HIT T SRR
BHRE R RAEEE RN TR EBEDEEER
JRRR S B9 R A, B AR R Y WU A B
2.1 HIpER

HEDEMSS, TEARE RS BE NN SHEXEMSNA
P, 25 [ AE SR BR T R [F) P2 35 1B B S B SR BX , T B TR 4
B TIRER R R AR, O T 5 S, 30
RIS T GCN F Transformer, {NFE 1(a) fiin, B7E
FeA R B E R R EBIE M B2 4R 1E , 2 AR M R g
HEHEERHIRD . B ,GCN BTERTENKRER

[ Output Sequence |
L)
|

[ Flatten+Linear Layer

[Transformer Eqcoder 2 x| | Ouiput Sequence |
| [ Add&Norm I+ ! ¥

I Feed Forward ! I [ Flattent+Linear Layer ]
| AM&Nom Yo | GRS ————— 1
' = — ! |I_[crU][GRU| ... [GRU], !
I [Self-attentlon Mechamsm]l‘ ! I | ™ celt [ celt cell [
A Fearmedd —————— —————— '
|

[ Instance Norm |

Input Sequences |

(BUTHERY (b)F AR
Bl BUTRRAE ARSI

Fig.1 Teacher model and student model framework
PR ZS FIRHE B3 X P& IR T NE BB BAE, BT SRR
B IR R E 7E R R X 48 B9 25 18] A 5% 44 ; Transformer U] % %
TR BRI SIS, FIRHE SRR P, X
FFF B R R AR R R BT, 2 S A R BOR
B BUTBRIE AR RI0E S SRIERES % I 2R
BHIRP BB S AR, N5 SRR B E .

2.1.1 =R

TE PSR QORI B ISR B M B B 15 R R
R, ER—ABEANSHEFEM S ETEMNES, TR
BAMS A B REMR, BRI T R REM M % HINEL
AR T D2 MKREINEA T R RSk E 2L,
R X S sh S A2 [ OB X R B T 2 X EE. GCN f£
i—FR AL B SRR R IR B TR R, BB A G
TEMH Yz R BN GON E IR T K
FIRTVER WIS, Fon T RANERRR JFETER
RAERSPETANEE AR T2 R 4502 ML 38
UZRERRME,GCN ZER SR A S MRBLEHER,
o EE R B =R 0 R EREER, RIEEN DEM S
BB RINVE, IR BTRWR HRA 1= R ERT.

DENERHINEHTLRE G=(V,E)&n, KB V
RIETRES ERTRRNERES IETRNRESR
AEFERFIC A X e R ™7 B N B A8 F RIRBAFIEL L.
ETEMBPIIRG R, PEEMR A() WREEEE
AR, RSB, XA IR S T EZ K

Input Sequences |
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BE, biE DEARE NS, ERSEENERRE
AN EE S BEEHE KA AR Ak S T S8 A0 b i B TR R 4% 1Y
A2s R, AP BEAERE A AN E W] DAARSE A 4B TLE 2 18] A BE B
dy () B

a,(1) =esp( -2 M)
Hfa, () ANEEBRRKRATEARNRRABER,
d,(O)REZ t DR i j ZRPKILERER ;s R TES
B, P T A X B S A R

BT AR S AR ANE , BB S A
A TR B M3 AL B e R B AR . 7
HER b, BT REENESTRREREINT:

H = (D 7AD THO W) (2)
Heb A=T+ARTINT BEBEMASEER, T 2 AMNER,
REANTEHREETASEE:D R ANEERE, KA T
Ra,5TAL I fTRRZIMHY NE | B EBTER; o
H ReLU #4075 B30, AT 5 AR b5k, W B 1 BRI
) EE M.

BHERRXNRE SEHRME,CCN BB Z LR A5
PR GHEAFETENES, EMEA T SAFERNRIKES, N
TR B P4 R E T A2 BIRE X . $RIXHE 925 BIRFAE
5 R ERATRLVE , TE BUR R AHE SR BR Y S X7 = context
(X, X e ) » HIB LR R B TR HEIRA 11005
2.1.2 oA

Transformer #3&E T4 3 T ERE R E W RIFE,
WA LM EEFFISIA L. W DENEHEIRERFS
$iE 11555 2R 55 BT R, Transformer | i HZ K R
FIHIFTRER R B R ERIRR MR BX R ELEEK
ARFF R BRI, SN RS SRS ER Ik, 4
B ERE PP 3 0 S 300 s fn 3 B B 2R 4k, R I 1R
BB TR AR , R T SR S 7.

FEFIREE R, Transformer R HCR FREIHREH, HE
ELEB AR R ERNE MR 2558 HHHTED
BT H 5%, BRRF IR 52 RAHE MR & 45 R E v iR
AT X = {x' x5, 2} AN KRB RB R ERER
Q- SRIERE K (B4R V:

Q=XWe K=XW' Vv=XW (3)
He, we wE W ORI E 4.
KRG HTEERIES:

Attention( Q,K,V) =softmax( %)V €))
Hepd R BHERE, ATHBER IR/ L , BB 4
TLTR B0 BE TH 2 BRR BE IR K [

5 B ZRER NI EIBHES R
MultiHead( Q,K, V) = Concat( k, ,h, - ,b,) W°  (5)
Heb b Rk BE b N i RN ER S HTESER, W R
BHEE AT RN E SR,
YMARIEENZREB ARG, BaSEdRERE
#(Add) 525 —4k (Nom) B4 % &, BB PR RR
v, XS REBREFERMAGEIRERLELT. WS,
R RHEBOE A BT Z M4 (FFN) B AN 2SR

F—ABE B (ReLU) 4 5%, B T3 — 25 X ERMEHEA T2 8
FEN(y') =W, - ReLU(W, - y' +b,) +b, (6)

Hep W, f W, 4RIRAN e ERENNELERE, A T&HE
HIGIELERE , T b, F1 b, RAIDIFRE M &, T AEME
JUHEOE BME FARME 476, 5, FEN B% R 5P R E
Y HATREES IHER B — b, T S S R 3.

il £ B9S85 #E , Transformer REIEZ AR XTR
BRI ERRIGE ST, AU IR B ER R 4L EE 4
AL HIAR , o TUE 4% I B T30 00 42 A0 A B TR R S U4 AE 1R
5. ¥ GCN 5 Transformer fH45 & , BURBRIRER T 0 KIEF
ERE N BENERENHSREHFTLSE RANES,
R SRR BRERRENFIRE.
2.2 FEER

AR BEAARERBZ RN DEFE THE—
MEXCREAZH , BB 3 4 F A BUMEL R Y F1R, [ B
RN TEMNERE. ik, FERER A GCN #1 GRU
LR, A 1(b) Fin. K, GCN T M4 iz
JE4HAE , GRU 11 St 12 B 7] PP 5 B sh A e bk, L3R T 25 4%
IER R
2.2.1 FEHAERBIESR

AR BT R A 2 M AHE R BG4, FE B T
AR E AR T EENA KBNS BEmS,
FBUTEEIP B GONEN BRRER G BT RES  BBY
FRZBIHRE R, AT S B DX 358 6] 5 B A R R R AR AR AE. 1k
#h,GCN e AL S B 454 T E M4 B4 5, 51 TH B4R
BAEMMNZEREET, IERE R I 058 B

SR FEMRAET , FEERRRE YR A BT R
S AR AR S P B U B T EFT BT Al R B 4
FERYFHER B S 3B B AL S 19 GON sk, 22 A AL
REAS ZE R0 I ) PSS TR R A 2 [ AR AE 4R B, B3 PRI 38
TR MIITRRS THEAESHE , BR TR AHA, I+
BN —BASIERT RS THIREBYR #ETHEEER,
MR T R E B A AR e .
2.2.2 BRI

PEMERERA BE R PSR, bEE iR B
B ORBEBHEERHE RS TL, ZASHERZME, W
IR AR KBAMAREDRR IREGBHE %
AR F] GRU fE B RIRHE SR B SR, SR R 148
BL , ZEAR B B IR P 51045 8 Y TR B A T TR B 44 BE. GRU
EEEHITMEETAN BN, HiITESEaE.

Z; =0'(Wz . [ht—l ;x’t] +bz) (7)
ro=a(W, « [h_,x'] +by) (8)
h,=tanh + (W, + [r,Oh,_, ,x',] +b,) (9)
h,=(1-z,)Oh,_, +z,0h, (10)

Hepx', WGP 52 MR E B G 45 Rz, Fr, &2
FIREFTIMERT; W, W, W, I NEER; b, .b,.
b, MBI ; O R ZEITLE TE.
FEALBRAT R 5 R B RE AT, ¥ GRU TMIE LSTM &,
LFHIEIA 2R 4 (Recurrent Neural Network ,RNN) , F 5%
R T 4 v ) S DR PR AR BT DS BE R SR RNN R A8 B2 TH
SR RN DA% S K , R BT B A LSTM. Bl )
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TN R B EME R SHER TRERAR,
AEEREZRPDEL . L2 T, GRU S E R,
NESENHRITSER. BH] 2. AT EHET— K2 BRECR
BEL . REINLIMNZNBRE, EET r, MRE T I
BIFRARR x, SH—NZRERS b, S ETEK
I B M5 R T, GRU BRI R I T b e U e 1
B REXBRETAEE BEITARE L. ENRZE
ERIEHREREN, BB r, SWRHRARER B AR
H, SRR R EH T 2, MELRE RS, L
S ERRENEREACT, RIS R FE &S, DI
/NTEARN TIRERE R BTN , A RUE A T2 FR 2R3
5, ERE—E TR B RN, R R R, 127 ik
BETHOCR.
2.3 MRFBERGE

FAPFRENZ LB R ST R P B AT 2
BRARFERE BRI Z BT SRS, IR
TEF A RE. 78 DEMAREBRWS , BUTEEE T Z 445
B RO TR A RRAE , T2 A AR R N 7 41 DAE B FEIRA FR B9 T2
B3 BT DERER SIS, BUTBR R i) w2 R85
REARRNE  FAERRT A RFR T A 0E S X ERHE,
HaAR o 3.

mepgm [T

BUTEE

IR

B2 RETHERFENFFEE 0 E Tk
Fig.2 Recursive distillation method based on
intermediate layer feature alignment
Juit o A R TR AL AR P R R SRR ARE , BT ST 4R
LT o (B R AR AE X FF Y38 AR O 1, N1 2 B, TRER UL
BT EUTHEL R 5 A B R AN R R R B AR AR ST AL il B AT
B3N AR 2 A R BB A YR 1 22 ) U E BY o 0 B s 4R
BRR. BE, AAREQEREN FRHEMILENSHIME
B, 5 RIS R 2 AR R A DA BRUARE RO . BT
BUSE 1 HO9R KA RAE RE 14 SR 4RI Hr , T2 A RN D)
BRI BUREHE H , )58 TEEIRIEN Tk
PAL. FPAERSFF B R SRR AE BB 5 (Attention Feature Fu-
sion, AFF) 55 AFF 1 St UM R Y B 2 1 I94SIE Hy
b —EXFFE E Hae B0 L1 SEEIBOR AT R
T EABENME, ERXFEHFERR He AT TR
BB, HAL
AFF(Hy Hyp) =
[z g Il Haee | . g
Il concat(Hy, Hyge) |l Il concat(Hy Hye) |1 ™
(11)
HH, concat( Hy , Hy ) RAFFIE B EERAE; | - ||, RBA

L1 {55, T3t

XA SR REBRIE — 2 R ERE, B REE
RCMBIR R RRE P A BR TS , AT S 22 A0 4 B B2 HETE i v 4
R T X AR IEXN LR NREENREE S 5 R R E,
ERE R R LALIRER.

ABIED FERBRK L EAY T REGRSE
¥HE Hy SXFFAHIE Haee MZS AR -

Lyr = ZL’ MSE(H. H.) (12)

Hep Hy B MRS | R NEST . 25 | B8
AFF 4 FRXT FHARIE , L B B H) R 3
2.4 EBREAHIGIT

HY DEMERETNUESWFE HETEZRGHE
HIZRBI AR L EH B BT ER 52 AR [ F 2=
5,905 R R R 0 S BUM R BT S AR,

2.4.1 %#H{E

AR R BT D R IE R E TR R BB Ar S
RAEBRATN RS A, EBRBUTEBAN AR Ri5EH
Softmax pRFUE R, EEEENRINAERFEL, SELHE
FHEL , REE IR AL TR 2 A2 HI R BR{E B . B 1 22 3 X H AR
& SRR DIRANS SRS R B IR, SR M R BRIR
SR ERESH » B KL # B ( Kullback-Leibler Diver-
gence) FEITHE , AT -

Ly =7" + KL(P(ylx) I Ps(ylx)) (13)
Hep, P (ylx) F Py (y1x) 23 B R BUTAR B 55 42 AR B T )
BEE 476 KL R KL §UE, A TRAFA MRS/ ZH 5
E5;7 RIBESE, AT RERIFEN 7.

AERENTH, BRVBESH » SHERERESHEM
T, Lh 2 A R S 2 HIE] B AHRT R , AT i A b 4R A 3
RS BEE VSRR, BWTRRK « A, 2 A A
EINEETRHMNFITN, X 455k S KA RE NI,
BA ML BUTH R R,

2.4.2 BHF L

BEHR B ES N A A EATRNE S EEREENZE
REAZEAERNELRENUGES. RA¥YFEE
(Mean Square Error, MSE ) {E 5B & fO i B4R, AR :

L =2 3 (-5 (14)

Hepy, HESEREBE;y, 2RI TME n SR AR,
X — R TR 2 A A BT S B R B B T A
FARDL, % TR P4 SR S LR ST SRR 8.
2.4.3 HiEHK
NTH—PRAFEER IR BN ZET, R T KT
B R AFIB B RSN, BH R 5 E R R EFAR 7
K0 3.2 WA BT R 9, R E A L BT R 55 A
BRI R HRER S R M2 A R R RAE 245 1)
BUTLRINST , AR 2 A R AR BUT L B ) 2 JRARE (R B
FRHEBIR BT 2 T ERIREE R, AT -

1 . .
L =Lxr =— = ¥ | Hame[i] -H[i] 13 (15)
i=1
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XFFAAE , Hy F1 Hy 53 51 R BUME R 52 £ MRS | 21
FHIEFRT sm NRHETTR L
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AT EMSRBERWER S, B AR 2B,
FeA AR IEH S IRAH, BRI SEAFER A ER. B
I, SR A AR R A BT R P TR E AR VR ST ST AR 2 (0 50t 4
i, AR TR IAEEE. AR KL K 3 —5 MR Bt &
IR AR S UM R B AR B R R
B9 116 0 2 1) R X008 , 3 S B 2 ST AR B 2. B KL 48
REAIERTFRAE:, 7T R T BUE AR RGBSR BUT R R )
ERERUKR, MARKEERFERRNES. HEmE, N
6] KL 45K R3S R S e 8Um 52 4 2 IR XU #ish,
A A AR RN (T BB ) ST Y % /s B 5 BE TR, 3F BB
YRERERERR, R RN EEMZ 8. Ak,
A3CR AR KL ( Kullback-Leibler) #BE fF S #5155 Ri%K, A
SEMEBEBUTRE P, 52 P, XM P MER, I
FIARFFBIASIE w,, DU R R i B i B LR 4E, H
PERBAWT

Ly = 2_:, w(t) + (Dg (Py(2) || Ps(2) ) + D (Ps(2) || Py (2)))

(16)
HH, Dy (Ps(t) || Pr(2)) =Ps(2) log (Ps(2)/(Pr(2) +
€)) e B—/NEE AT ERRS AT HEI; w(r) 2 E
% t I FPEIASAE , T W A B R B A KL $ R ik,
TR R Y S IR BER A SE.

A FPACE w, MIRTTET R E MBSt E R A B,
WMERRIZL, BHIERERE Z2 ShAT R AN E SRk A4
BRI A H R EI ). ERANER, RER AT
2, 28R RBRERES. DL I/ ME , 38k S o U 437 Y o BE
A, BRI SE R ISR

|F,-FI
max(F) —min( F)
Hep F, RonmtZ ¢ RE F o Fi B ME , max (F)
min(F) 53 BIRA I ERRMNE/NRE, a0 B—MESEH
TFEHNENBSIEE. ZNERITEE B &N BRERE
AR IAT IR, 7E R g B BOR LR 1B ) TE R A AT BLR
AFEIBRENE , AT HR B T A A M R IZ AL RE ).
B4, BAREHIR REOy

Ligin = A1 Loy + Ay Lyarg + AsLgeanure + AgLgr (18)
HA,A0,00,A05,0, BREESH AT PEERSHRNR
BR. SN BRI R B R, SRR RE S TE A IR IR UM AR
RAIR, E LERRZ RO ET , TR EDNS TR
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3 %

N TRIER BB HIRR BRI N E R T EMBRER
AR A RO, A CHAT T — RIILR. KRMBIEE ST
AbE R SESHE, UK KRERI L ST =77
ERIT PR R TR B TSR R ARIB R BO T RIBCR
3.1 IBHFEESTLE

AP T HENTE NSRBI SE WetLinks'™

w(t) =1+a- (17)
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BRORBEFFIEE , HRZREROREE STTERHE.
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YR, R Adam SRALER TS HRAL, W1 ME T
7 0.001 , HE A4 KR K SRERE B 25 PR 3% 5 DL W 8K
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Fig.3 Comparison of training loss between

teacher model and student model
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Fig.5 Compare the performance of models before
and after knowledge distillation
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Table 1 Efficiency evaluation of teacher versus student models
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Fig. 6 Performance evaluation of different models
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Table 2 Effects of different distillation loss functions
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Fig.7 Effects of dynamically weighted KL loss on the model

N 7 B, Tsh A AL KL 15K B9 58 B , 1 e B



434 AT F MRRERNN DENERBEER AHRUER 981

i MSE £, RSB AR MBS T HEM I A R;
A BLA) MSE B IR, [BARIRTFE — iR 2. F ShA AL KL
PR BHIE B , B By MSE /D T 22. 6% , X R WI3h
BB RES B il IR R e R R BRI T
FEEUN B 2RI B BRI BE ). RS I BL) MSE A BT
&6, REASIE A KL WRFHFRFIA BN IRE , MEH—
BRI TRATI A RR R . BT A BN AR RAE, %
AR BRSIRIE A R B I B R AT A R, AR
B M= 5R T RAHEHFHREE AR

4 LRE

AHRRETLENEREFTX —GR, Bl T—F
AR MBS B TR, B TRA GCN 5
Transformer FFURBLRY, IR A FEH 7 B 09 5 2 K1 ; [F
BT T 456 GCN 5 GRU B2 AR 58 1 AR ZR 184 8
IR R B B AR B R, 7 B 3 R IR B R 4 B At
BRIRNFERN R, AR T B0 SR BB A T 4 BB, 3@
B EARAE R F7 38 5 2R 1B R, 5 AR FRsh A A KL #%
RN ARSI WNE , NTTA BAR T3 F 4% i BAFAE 1) 16 b
. LRLERBIE T AR BT SRR TS E YR e, 2
BT ERTRIEZEDENE RSN RRBRTR. KK
TR MER LR SINGSR, S5 2HEAESE TR KR
TR R E 45 DA PR R 3R , #E 3h 7 B 70 U 76 R 32 BR 3R
BRI,

References:

[1] Zhu X M, Jiang C X. Integrated satellite-terrestrial networks toward
6G ; architectures , applications ,and challenges[ J]. IEEE Internet of
Things Journal ,2021,9(1) :437-461.

[2] XiaZ G,Ren L W,Zhu W W et al. Integrated emergency commu-
nication system based on low earth orbit satellite and beidou satellite
technology [ C ]//International Conference on Integrated Intelli-
gence and Communication Systems ( ICIICS) ,2023 ;1-7.

[3] Guo B Q,Li H Y,Zhang Z,et al. Online network slicing for real
time applications in large-scale satellite networks[ C]//Internation-
al Conference on Communications( ICC) ,2023 ;5564-5569.

[4] Xiao A L,Chen Z M, Wu S, et al. Collaborative long-short term
bandwidth allocation for satellite-terrestrial networks [ J ]. IEEE
Communications Letters,2022,26(5) ;1121-1125.

[ 5] Kawamoto Y, Takahashi M, Verma S, et al. Traffic prediction-based

dynamic resource control strategy in HAPS-mounted MEC-assisted

satellite communication systems[ J]. IEEE Internet of Things Jour-

nal, 2023 ,11(8) :13824-13836.

Wang H, Zhang B B. Research on ARIMA model for short-term

traffic flow prediction based on time series[ C]//8th International

Conference on Intelligent Informatics and Biomedical Sciences (ICI-

IBMS) ,2023 .92.95.

[7 ] Urkan O D, Cetin M. Short-term traffic prediction based-on support

vector regression| C]//International Conference on Data Analytics

for Business and Industry (ICDABI) ,2022 ;228-233.

Chu Q L,Li G Z,Zhou R J, et al. Traffic flow prediction model

based on LSTM with finnish dataset[ C]//6th International Confer-

ence on Intelligent Computing and Signal Processing (ICSP) ,2021 ;

389-392.

[9] CaiJ Y,Song S T,Zhang H P et al. Satellite network traffic predic-
tion based on LSTM and GAN[ C]//IEEE 3rd International Con-
ference on Information Technology, Big Data and Artificial Intelli-

[6

[

[8

[

gence( ICIBA) ,2023:175-178.

[10] Zhu F Y,Liu L X,Lin T. An LSTM-based traffic prediction algo-
rithm with attention mechanism for satellite network [ C ]//Pro-
ceedings of the 3rd International Conference on Artificial Intelli-
gence and Pattern Recognition,2020:205-209.

[11] Liu Z G,Li W J,Feng J X et al. Research on satellite network traf-
fic prediction based on improved GRU neural network [ J]. Sen-
sors, 2022 ,22(22) :8678.

[12] Li N,Hu L ,Deng Z L, et al. Research on GRU neural network sat-
ellite traffic prediction based on transfer learning[ J]. Wireless Per-
sonal Communications,2021,118(1) :815-827.

[13] Yang L,Gu X X,Shi H F. A noval satellite network traffic predic-
tion method based on GCN-GRU [ C ]//International Conference
on Wireless Communications and Signal Processing ( WCSP) ,
2020.718-723.

[14] Cao M X,Liu J,Zhi J M, et al. TLS-net ; ahybrid time series predic-
tion model combining TCN and LSTM for ship-satellite network
traffic[ C]//7th International Conference on Transportation Infor-
mation and Safety (ICTIS) ,2023;1168-1173.

[15] Zhao Y,Wang N, Chen Q, et al. Satellite coverage traffic volume
prediction using a new surrogate model [ J]. Acta Astronautica,
2022,193.357-369,doi; 10. 1016/]. actaastro. 2022. 01. 026.

[16] Jin C,He X,Ding X J. Traffic analysis of LEO satellite internet of
things[ C]//15th International Wireless Communications & Mobile
Computing Conference( IWCMC) ,2019.:67-71.

[17] Na Z Y,Gao Z H, Guo Q. Performance analysis of self-similar traf-
fic in LEO satellite network[ C]//International Conference on Ma-
chine Learning and Cybernetics,2007 :2649-2652.

[18] Judice A,Venusamy K,Livin J. Multilayer LEO satellite constella-
tion coverage analysis and its current research directions [ C]//
IEEE International Conference on Distributed Computing and Elec-
trical Circuits and Electronics( ICDCECE) ,2022 :1-5.

[19] Zhang X, Sun J K, Wang J X, et al. PAOLtransformer ; pruning-a-
daptive optimal lightweight transformer model for aero-engine re-
maining useful life prediction[ J]. Reliability Engineering & System
Safety,2023,240.109605 ,doi; 10. 1016/j. ress. 2023. 109605.

[20] Thaker P, Mohan B R. Enhancing deep compression of CNNs;
anovel regularization loss and the impact of distance metrics[J].
IEEE Access, 2024, 12 . 172537-172547 , doi ; 10. 1109/ ACCESS.
2024.3498901.

[21] Li H,Zhang J,Li Z,et al. Improvement of min-entropy evaluation
based on pruning and quantized deep neural network[J . IEEE Trans-
actions on Information Forensics and Security,2023,18.1410-1420.

[22] He F,Ding K, Yan D, et al. A novel quantization and model com-
pression approach for hardware accelerators in edge computing[ J].
Computers , Materials & Continua,2024 ,80(2) ;:3021-3045.

[23] Lin S S,Lin W W, Wu W T, et al. SparseTSF; modeling long-term
time series forecasting with 1k parameters[ C]//Proceedings of the
41st International Conference on Machine Learning, 2024 .
30211-30226.

[24] Tsanakas S,Hameed A, Violos J et al. A light-weight edge-enabled
knowledge distillation technique for next location prediction of
multitude transportation means [ J]. Future Generation Computer
Systems, 2024 ,154 .45-58 ,doi;10. 1016/]j. future. 2023. 12. 025.

[25] Zhang J F,Xie C,Cai HM et al. Knowledge distillation-based spa-
tio-temporal MLP model for real-time traffic flow prediction[J].
IEEE Transactions on Intelligent Transportation Systems,2024 25
(11) :18122-18135.

[26] Chen X,Huang Q L, Yang L. Spatial-temporal traffic prediction of
space-integrated-ground networks based on continuous knowledge
distillation[ J]. IEEE Sensors Journal ,2025,25(3) :5547-5563.

[27] Laniewski D,Lanfer E,Meijerink B, et al. Wetlinksa large-scale longi-
tudinal starlink dataset with contiguous weather data[ C]//8th Net-
work Traffic Measurement and Analysis Conference( TMA) ,2024:1-9.



