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Abstract Compared with traditional machine learning,federated learning effectively solves the problems of user data privacy and
security protection,but a large number of model exchanges between massive nodes and cloud servers will produce high communi-
cation costs. Therefore, cloud-edge-side layered federated learning has received more and more attention. In hierarchical federated
learning,D2D and opportunity communication can be used for model cooperation training among mobile nodes. Edge server per-
forms local model aggregation, while cloud server performs global model aggregation. In order to improve the convergence rate of
the model, the network transmission optimization technique for hierarchical federated learning is studied. This paper introduces
the concept and algorithm principle of hierarchical federated learning,summarizes the key challenges that cause network commu-
nication overhead,summarizes and analyzes six network transmission optimization methods,such as selecting appropriate nodes,
enhancing local computing,reducing the upload number of local model updates,compressing model updates decentralized training

and parameter aggregation oriented transimission. Finally,the future research direction is summarized and discussed.
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Table 1 Transmission optimization based on node selection

- BL AT At 3 e B AR
iﬁz‘ A/ P e . BELLE HEHR # 4 it R E B&XE ®E P 1K RyEA

B TR EE A Z IR A S B L 7] FL B FE fit 4% W E
[41] NG NG NG NG NG NG
[42] NG NG NG NG NG NG
[43] N/ N NG N NG NG NG
[39] J N/ J J N/ NG N N
[44] N, N/ N, N / N,
[45] N, N N N, N, NG
[46] N N N/ N/
[47] NG N/ NG NG
[48] NG N N N J




10

Computer Science THEMEL2 Vol. 49,No. 12, Dec. 2022

SRR 2 vh 5 2 SRR GRS AT 1 AT A
AT BB AR L TS YA TR 4 5T A BT IR A
TR MEATIEAR . b AR E A A DG R BB R B T S R
185 L 1) A JR Y R L I A 2t e AR 2 B AT ) 4 R A A
Jr A BB AR AR . TEIB B E IS 5 T A AT B 2R
Z 5 T LLE G 3R S A AR M S ORI RS 5 R 5
Gk IR 5545 22 18] F9 38 £ A3 o DA AT 96k /N 388 135 0T 4
4.2 ETFEEAMITEARLKTE

A 3t A5 TR TSR ) S A T A T At ol S A R B iR A
L HEAT L A ) BRI 2R (R TR B — A S AT AR A
BUTH SO0 A M AR B BT 3L S B G IR 55 4% b i i AR
RBORA TR o BEXT X — i), — £ 6 0 £ 1Y 7 i ol 2 8 0 A
Mo BT LA TR AR 308 15 4303, DATAT 9 20 A5 R 1T e s )3 15 48 UK

SCHRL49-51 T4 H RS W] RE 22 #3890 35 s B9 A 1350, DA
AR Gy BT T 085 48 . McMahan 5857042 1, B 05
SR AR T A AR AR Ml S U B Y R R S B R
BT Z A M AN, Yao IR T T i M
B XL R B R ket A 2 5 B b RS R AR LU 4 R
BER W S . SCHEREST R I T 202 BRI Rk i &
45 S IL R M 2 535 i SR 22 09 R AR 28, 43024 3 ¢ JIR 55 4% 31
BB TG A 10 7 Ik 55 A $1 50— U4 Jr AR L T o AT e
BRI (5 R4 . T SCHk(39]45 6 T LR W m i b ik,
P T — R 2 Z R %4 ) (HFEAESE . 7R % HE 28
1.2 59 R 0T 2 Uk Y A R AL T 0 Ok 3K B AR b 4 A
R BE PR A2 45 2R IR 55 4 5 T G0 55 A 285 2 R Y
3G RERY B 5 R K B3 G A RORS BE L PR L AR 2 B IR 55

LT — R R R A . 5% SCHRBF 7T A9 B R AR 261,
SCHRC52 T ML 2 45 15 508 AR AR R BB A% S R 55 A%
2B HEAT 2250 U R kAR, DA 5 R 45 A 2 I A
KE B G R A BT 18 2= RS 3 Z Ak ik 41 2Kk
S 30 AR D TAT AR ALK 388 £ FF 468 D 2 4SS AL I 2 1) R 500 2% 15 4 11
fEHE

SR o YA Y AT 55 B0 I 5%, RS 4717 5 5 5 A1
Yl H GBS 2 Lz R 55 a2 AR AL S R 0 M B B e
AT RE I AE R . SCHRLS3 4R T — Rl B 1 JA - 2 0
AR A ST SR T S AR PR (AL B 15 A 7E A A M A B
ZRTHEAT 22 YR 3k AR B 1 R IR 45 A b SRR AT R 0 T
B9 SCRE T AU/ 38 A 8 YK o DA T A AR DI 5 3 e 19 3 15 AR

IR AR 2o o B A A R R A b R e /0 3 A S Tk
BYTT 6 S 769 AR H B0 43 A 2% R 22 A 2 AR i ST W] 4%
#i (Independently Identically Distribution, IID), {H J& 3C ik
(54148 249 25 04 45 4h 48 S AE 2l 57 [7] 43 477 (Non-11D) B
RS TER A AR MR TR b 5| AR, NS BN TE
G (R WS I X aht T B S — b A B ML B L 5
FH P A% B O 2208040 Sk A1 TE AR b 355 P i < P RS . %
K BRI ZR 7 51 R 2 (0 S5O0 R A AR BE b, Gk 55 48
T —F % PG T T ALY 4R R BRI T
T AR A T v SR R 0 A B A TR S ) I % P 3t 22 T B A A
B SR JE R 4y 2 BRI B M B & 7 i LA AT
A, T A AE Non-1ID 1% 81 1 5 8 A B B 31| Zhead 72 vp 3k
SRR SI 0 38 15 A0 5 R S R U v R P . B T SR A
AR Y 32 BRSNS LN SR 2 BT,

# 2 TSR MR R

Table 2 Transmission optimization based on enhanced local computing
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Table 3 Transmission optimization based on reducing the number

of model update uploading

‘ T x5 K YL
ii AR/ e RAEE RN R REAR
2o 2R B W e
[56] J N NG Ni
[57] J J J J J
[30.58] J J J

SR B AR AR SR ATF 50 T A T A A AR A A R AT 4R AR
e Yol 38 A7 e U AT SR A AP S8 BB A5 A AAY o T 48 3 £ TR
& h BT i i B A AR A BRI 2 LR LS
R 2 ORI T RE K B BT s B E IR T S AR R Y
AR TT A o DAY LR 2 AR B TR 4 B4 A0 A6 O 1 L 3 i ek
/b B — Gl A5 8 BT A% A B R OR 32 R AR RO
4.4 BETHEBEHOMRALTE

62 I 45 DA i A 2 — OB A HOR o B TR 4 7 R
A LUERERLRG B A DT IR — P ECE A5 k. AR E
45 J5 SR LLTE 43 2 R IR 2 >0 B[R] B Be i AT - ELASE L TR 4 Y
FUbR 45 D A IR 55 T 1 23 10 479 s B A JR B R R CF 47
SRS UE & Dol FUE 3SR AU J1E & il
Z R 55 i B AR R /N CEATRER

T W/ AT A E AR T A, SCRRLS9 % e 55 4 1% AR
T 2 g ) A JR AR ) BEAT TR AR L I 20 A TR 406 5 A o A
TS B0 52 W), S 7R R B R A o R b g O 22 i RI5 AL
TSSO AU R TR TR B Y Wi Sd %, SRR 62 1 R AL
AR B TE = 55 4 T R 4 A i f i R Y b L B TE 4
SRR EL T4 5 A Ik 2 TR H AL T 4R AR ROR T
T HL A ARG B9 A RO o T TR 23 50 I B AL i e Ak P A4S £
JEE Xk L A7 i i A R T 446 7 SR Y A T SR R AT PO

(1) Bl HLH B

ST /N AT B B0 38 A TR SCHk[27,63-64 1R H R
B A S5 TV % B P i 4 ASE T TR T AT R 4 A D B —
b PR BRSO SR = . M SCHk[65-66 1% 1& T Hh 4k M
5 K0 R B 7 AE 19 B RA 22 A Tn) 0, IR 4 Hh 1 A L A g e 7 58, DA
K B4 v R AR B RS B FA R ST . SCEk (65 4R R T
—Fp 3 F SDM-DSGD 19 3 #ii X B HLBE 30 52 > k. 1
WOTER R T — R AR S R A R B 22 45 )T X
o0 G i (DSGD) 8 37 , {45 AU L4 /0N 04 8 BB s 5 £k 1% i 4R
RS, I 51 A M 75 S 2 EEE B AL R 3P, T HE ST T 30 2% 2%
> v B R e R RS R R PR AR B . SCiR(66 13 i T —
Tl T B AL 38 7 B i 5 DP AL 0 A 55 4% 35 N SE T R O 3R
DA fmi B RO BRI A5 208 . 72107 B 4 BE DL A6 0
B WL B 245 & A AR EE L USSR R RA R P, Btk — 251 A
T B AR Sk A By A e AL AR

() &tk

B AR i A AR T TSR R A B Al Y R, B R
ST A i L R R DTG S A T A %, STk [53]42
B AN A MR T T AR AT BE B bR b R #E AT
A o DT B3 AIG 8 A~ 2% > 2ok B2 0 3 15 JF 5 . SCk[67 ] 78 20 AL
MRS AT S M 55 A% AR R T — A = 4 2
B IHER (HQFL) . 7ERMESR . R T —Fhid 5
ol B A B R 5 51 (Local-QSGD) , 45 & T A i IR & 1 = IR
S A R R R RV b A o B P AL Ak, DL R
SREIIR T P AR RS, SCHRL68 4R T — Bl BT Y 4 A
)2 WK G R T R T LN R 2 s (] A R T S R0 4 B
— ALY T2 A v R SR A S RO R L AR TR
TR G5 A 38 15 o 8 DUHR , (E R 33 ol o it A0 AR b TSR0 N
Hof i et A A MO B (T AR R DA% D R R A Y T kL FERE
B> B — 3 {5 %6 kP 3R M5 AOHE B 00 [ A, 25 B IR T A
BELHEIIT SR AR, BT AR AR A % 4
i3,

4 BT RORE 4 04 1L Ak
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