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Abstract Federated Learning is divided into synchronous federated learning and asynchronous
federated learning. Asynchronous federated learning has a time advantage over synchronous
federated learning, but asynchronous federated learning still has some challenges to obtain better
performance. In particular, preventing performance degradation in non-IID training datasets,
selecting appropriate clients, and managing stale gradient information are important for
improving model performance. In this paper, we deal with K-asynchronous federated learning by
using non-IID datasets. In addition, unlike traditional method using static K, we proposed an
algorithm that adaptively adjusts K and we can reduce the learning time. Additionally, the we
show that model performance is improved by using stale gradient handling method. Finally, we
use a method of judging model performance to obtain strong model stability. Experiment results
show that overall algorithm can obtain advantages of reducing training time, improving model
accuracy, and improving model stability.
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Algorithm 1: AKAFL-R]
Input: learning rate m, , initial number of
gradients received by server K, , learning

rate adjustment parameterb vy, remodel thr
eshold ¢,,, model maintain threshold e,

weighted parameter (3, DevAccuracy para
meter §,,0, , Remodel parameter 4, B

Output: optimal solution w"

1 | initialize model parameter w, and itera

tion j=1

2 | initialize  the estimated gradient
g(wg)=0

3 | initialize maintain parameter

M,=0, M=0,

KP= False ,acc,,, =0

4 | broadcast wy and j to Cl
5 | while j—J, do

6 | CL <—empty list

T | T—empty list

J
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8 | for i=1—-K; do
9 | receive loss value, the gradient and st
aleness from each client(
li’g(wj,i7 §j,i)v7'j,i)
10 | CL.insert(CL)
11| 7insert( 7;)
12 | end for
13 1 &
lavg = Emz::llm
14 g(wj,iv §j,i>: g<wj,i’ §j,i)+a§(wj—1)
15 e ]
aj: 5
16 K
a= Eaj,i,
i=1
17| 5 a, i —
g(w;)= ,Zlfg (w05,
18 | for i = 1—K; do
19 $j.i = COS < g(wj,v j,i)’g(wﬂ >
20| if s;; = sy, then
21| p,.=exp ( Bs;))
22 | else
23 p;i=0
24 | end for
25 . p;
b= "w
‘:lej.i
26 K _
g(w;)= lej,ig (wj,00€5.:)
27 e
! 0 Tminv +1
28 | wjy v —wy—n;9(w;)
29| 1,,,< ¢
30 | Judgment (5,09, wj Wit 157, D€y
s Jp Uy, U, JUaaccest)
31 [(J;HHAdaptedK(KO ang A, B)
32 | Remodel(e,,, CL;, CIa”,wj,j)
33| je—j+1
34 | end while
321 Y st& KT &A
K7t A25% A% 29 et AAL o
F A Folet 2B R 5o Xk =
Augt 2d S 98 Ao & A7]9

stgo] Ragel we) we
HFHL EA7koss)7t AopAT KkS

a7F stk ol g A s}

Algorithm 2: Adapted-K
Input * K , l,,, 4,8
Output : K

function Adaptedy ,
If l,,,~>¢ then
K=K,
Else
k= (4¢" + B)K,
K-=integer(K)
return

K, .l

avg

end function
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Algorithm 3. Remodel
Input : €ihs C_Z‘;, C’l;tlh w],]
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function Remodel, e, CLyw;»j
for i = Cl,y 15— Cly.cna dO
If (t;,) &) then
M, .insert(i)
broadcast w; and j to M.
end function
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Algorithm 4. Judgement
IHDUt : 7’57 wj7wj+ 1 j7Dj’6de’U
’ Jt’ Uvst’ U’ JU’ ACCe gy

acc;— test( Wiy s D“S,)

acc,,, = (1— a)acc(,sf + (a)accj
dev =1 —B)dev+ (B) | acc; — acc

est

if dev{e,,, then

if JU= False
Ust :.7
Mgt
=
JU= True
if JU= True )
= T Jt_ Ust)
Mrate =€ JU%(
if (J..> J ) then
Jrate =J
if (acc,y + Jog.(ace;) then
Wit 1 Wy

7o stgol Mg wet M, b FetA
AAT geto] o]Folzint ozl WS &

stel mal sherol whRelRE wgelA He 3
o B §4% il 4@ Y gy o
2 5 9ee MM 43004 e FTh

5x5 Gw AAPE FesE A
9 FaAE AR e AT o W RelU &
gat gesh o2 AY EYS B8

o
i
>
oo -
&
i}

AAGgZ= A ReLU &A3} &
HEH o7 AZTEWMA(softmax) =8 A
==

EF o] Ao HolHAHEE EMNIST
o]E{ Al(Cohen et al, 2017)& A&3lsion
non-1ID3+ Z 92 &89t 07971+ 9 gl
S 7HAE dolE 70,0007H 2 o] FolX  dHolE
AEOA 7 FepoldEx= WA =2 T/
At Ao FE JHAEE st oo

F

2tztel Zeteld et e HeldE F24
T em 70,0007 & Aol wHA e Zet

PR
AT} g

e

/\_1;._ ohq_

41 X-l 04 KHI57| Al 0._4%"6—!'% (AKAFL)

2.0 2.0

Training Time( [Adapted_K] / [K-Async] ) Training Time( [Adapted K]/ [K-Async] )

15] | 15

0] N 1.0

0.5 05

0075 1000 2000 3000 4000 5000 %0 1000 2000 3000 4000 5000
iteration iteration

(a) (b)
Fig. 6 Training with the stragglers effect applied
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(a) When adapted_K has a larger delay at the
beginning of training.

(b) When adapted_K has a smaller delay at the
beginning of training.
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Table 3 Prediction accuracy in the late model

training with judgement algorithm.

Accuracy last 1000 last 500

average iterations iterations

AKAFL-R 0.9716 0.9736

AKAFL-R] 0.9765 0.9778
DevAccuracy last 1000 last 500

average iterations iterations

AKAFL-R 0.0019 0.0016

AKAFL-R] 0.0006 0.0006
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