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Decentralized Federated Learning Algorithm Sensitive to Delay
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2 School of Computer Science(National Pilot Software Engineering School) , Beijing University of Posts and Telecommunications, Beijing 100876,
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Abstract In recent years,the rapid development of deep learning, mobile devices,and IoT technology has led to a surge in de-
mand for model inference and data storage on edge devices. Traditional centralized model training methods are limited by data vo-
lume, communication bandwidth,and user data privacy issues and cannot effectively address the new challenges. Therefore, feder-
ated learning technology is born. Federated learning allows edge devices to train models based on local data and upload model pa-
rameters to a central server for aggregation and distribution,ensuring that joint modeling can be performed without data leaving
the trusted domain of each party. Furthermore, distributed federated learning has been developed to overcome issues such as la-
tency » bandwidth limitations.and single point of failure risks. However, the training efficiency of federated learning is severely af-
fected by real-world network delay and bandwidth factors,making multi-party joint modeling difficult. To address this issue. this
paper proposes a decentralized federated learning algorithm DBFedAvg that dynamically selects nodes with lower average delay as
the main nodes to reduce communication costs and improve global model training performance, accelerating model convergence.
Experimental results on the Sprint network and other scenarios have validated that the proposed method brings significant im-
provements in communication costs and model convergence.
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F 1 & TN YT Ly i AT
Table 1 Average delay of each host node
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Table 2 Comparative experiments of PingMax and PingMin

BREREE PingMax/s PingMin/s Improvement/ %
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100 MB 129. 36 121.68 5.94
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3.2 XPEEESREEE PO LB B F S E ik DBFedAvg
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3. Local Train(ty s w) :
[ x AHTZR, Dy S 45 ey R EE x /
4 BEEH (U o' O <update((ty s w) , D)

if IsLeader() =True then

5
6. receive(N;,w;") from ¢

/* NJET ey EREURECH + /

NN
7. w’eiglwym;

8. send(t",w') to g

9. else

10. send(Ny,w,") to LeaderNode

11. IsLeader() :
1 N

12. avgfdelayev 2 ping(e;)
Ni=:

13.  vote<0

14.  for g in NodeList do

15. if getvote(avgg.,y +&;) = True then
16. vote<—vote+1

17. if vote=1 then

18. return True

19. else

20. return False

2ot AR TR IR 27 oF B 1 188 3 ik o ke iR 55 45 14 O U B
AT AR ) AL B 3 BT T 4R R 3 T X e Y 25 i b
BRI S B RS CAP JH3E, BAR X H AR R P RB g
B DR 25 7 o AR 9 22 Al 2 R B R A — Bk L (HR X BE AR
B/ M X S S ECE AR GREREAR T . R, MAE
Pl FE R A S R IR IR I 5 bl A B 2 o) Bk

E S T EL 91 3 o J vk AT LA S AV % 388 15 A A R B g 1) 1)1
e

L5 b TR A SO T R G AR Y 25 b TR B IR 2 )
7% DBFedAvg, % 7 v A B I 2R3 53 Fl Fed Avg A [
ANIE Y R P i 8 4y B FRBE 2y rh IR S5 2R L K A b K
F2 3 B A2 o G A 2 7 g 1Y 1 40 B A R R 4 T R IR 95 2
i RIS m ARSI S, © R IEER P IA %
ity 1) BF S R o LU 35 Je /N S5 B AR 1 P g, O 8 HNZ R P
Uit 38 24 157 58 AR 56 IR b e R 55 2% L SRR AR B R 0y I A
& AT LS BN T R R S5 AR . AN SR T T A AN K I
A TE B R IR 55 25 1 VR TR L AR [R] 1% 3 R 4 2 AR AL I £, 5B S
TS S TR WAL F R AR,

X B I RO R DAL 2 I B A 2 RS DA
FETE[H] 5 B — 10 T e IR 55 2% 5 ) 7E B 52 48 B 355 oy , B 25 ik 2
P24 o AT B /N [ e ok iR 55 4 A A A ARSI SRt RE AR v 5 3) FE AR
RN R B2 v, A5 B B R AR 55 25 IR 28 23 3B 286 v e R 55 7%
WA A HE A R SR, FEJE SR 4 WS 540,
2448 DBFedAvg A 2G 52 5 , A TAT 46 E DBFed Ave 575 19 #
EZ7 W=

4 LWEHH

4.1 Gossip Learning 3238

ALEFE 2.1 A 4% Sprint M 45 4 F5 . IR A F %
W, ARTREATAER AT A2 1 Gossip Learning 5 ¥
2 7E Sprint B 45 F AW, (R AR 10 4S5 4 hl,h3,h5,
h7.h10,h12,h14,h16,h18,h25, 4 %3 B Gossip Learning
iR < [ PO R LA - = B P S el Tl N
HEAT A Hb AR R YIS, 58 AR I 2R L R A A AR I
SR BENLHL R RGBT AR . YK
F i ok BB A & P v Y S R R R S8R L S e AT A
Hh AR S G AT R A 58 LR AR VR R — B AR b AR A
SRR R B ERE P R A, kAR, HE A A
el HN RN YR

MAHE IR R DL R B, N b A S R A T E B — B R
JIR 45 25 L J2: 70 B 2 3 2 ook B R L O KO A T — Al R Y &
SRR AL, 2% AN %P i 7E I ol B L AR b AR AR OR A7 4 1 b
A8 I B4, I LSk R B A R A TR, YISk 300 #E Z R
437 P i b R 0 AR A R 04 IR N B8R (8 5 B ofE A R
mE 3 pral.

3 HE ;I Y R A A

Table 3 Optimal model for some clients

hl h5 h10 hi12 h16 h25
Min_loss 0.553 0. 540 0.549 0.553 0. 547 0.550
Max_acc 81.45 81.73 81.25 81.39 81.42 81.17
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Fig.4 Comparison of curves between hl and h25 nodes
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Table 4 Time spent by some clients

host arr_time/h
hl 7.41
h3 7.52
h10 7.46
hl2 7.36
hl6 7.48
h18 7.46
h25 7.30
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Table 5 Experiments between DBFedAvg and Gossip Learning

kSRR E Gossip/h DBFedAvg/h Improvement/ %
10107 12.12 3.96 67.33
20%107 10. 85 3. 54 67.37
40107 9.63 3.32 65.52
1108 8.74 3.07 64.87
Default 7.30 2.76 62.19
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