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ABSTRACT

Federated learning is a distributed training approach designed to operate without sharing raw data, making it
particularly valuable in modern society where data privacy is paramount. However, in non-IID environments—
where the amount, distribution, and characteristics of data vary significantly across clients —the performance of
federated models tends to degrade. To address this issue, it is essential to carefully select clients and effectively
aggregate their model updates. In this paper, we propose FedAttnPSO, a novel aggregation algorithm designed to
tackle these challenges. FedAttnPSO first selects the top-N performing clients based on their local loss values.
Among the selected clients, it dynamically assigns aggregation weights using an attention mechanism, enhancing
the contributions of high-performing clients while limiting the influence of low-performing ones. To evaluate the
performance of FedAttnPSO, we conducted experiments using the standard image datasets CIFAR-10 and
CIFAR-100, as well as FEMNIST to simulate non-IID conditions. The results demonstrate that FedAttnPSO
consistently outperforms existing federated learning algorithms across all datasets.
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Algorithm 1 Client-Side PSO Model Update
Input from Server:
g"***: The current global best model received from the server.

Persistent State (for each client 7):
pPst: The personal best model found by client i across all rounds.
v;: The current velocity of the client’s model.

Parameters:
E: Number of local epochs.
w, ¢y, ¢2: PSO hyperparameters
D;: The client’s local dataset.

1: Begin
2 ;¢ ghest
3 for each local epoch j =1,...,E do
4 ry,ro ~ U(0,1)
5 vt w v ey (=) e e (6 — @)
6 T T +v;
£ Evaluate the loss L(z;) on the local dataset D;
8 if L(z;) < L(pt*t) then
9: prest
10: end if
11: end for
12: End
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Algorithm 1. Client-side PSO algorithm
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Algorithm 2 Server-Side PSO Model Update
Input:
ghest: The new global model aggregated/selected from clients in the

current round.

Persistent Server State:
25: The server’s current global model state (position).
vs: The current velocity of the server’s model.

Parameters:
S: Number of server-side stabilization steps.
w: Inertia weight.
¢: Acceleration coefficient.

1: Begin

2 Let the target model bt « ghest

3 for each stabilization step k =1,..., S do
4 r~U(0,1)

5 Vg 4w vg + -7 (ghet — xy)

6: Ly < Tg+ Vg

g end for

8 return z,

9: End
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Algorithm 2. Server side PSO algorithm
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Algorithm 3 FedAttnPSO
Input:
C': The set of all clients.
R: The number of total communication rounds.
E: The number of local epochs for client training.
N: The number of top clients to select for aggregation.

Output:
Gpest (the final trained global model)

1: begin

2:  for eachroundi=1,..., R do

3: for each C € C do

4: lir'Ck = ybesz‘,

5 for each epoch e =1,..., E do

6: we, + Update model using Client-Side PSO Algorithm
7 end for

8: lossc,, + Calculate loss for we,

9: local pyeep lossp[

10: Send we, and loss(;A to Server

11: end for

iz Ctarget < Select top N clients

13: a + Calculate attention weights(Cnget)

14 Wattention <~ @ " Ctarget

15: Wyiobat + Update mogel using Server-Side PSO Algorithm
16: Update global best(gpgt) if wgiobal is better

17:  end for
18 return gy,
19: end
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Algorithm 3. FedAttnPSO algorithm
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Fig. 2. Top N comparison in IID
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Table 2. Parameters for the optimal N selection
experiment
Parameters Value
Number of clients 20
Ratio for selecting clients 0.1, 0.3, 0.5
Environment 11D Non-1ID
CIFAR 10
CIFAR 10
Dataset CIFAR 100
CIFAR 100
FEMNSIT

E 3. 4% vl A8e 918 sl

Table 3. Parameters for the accuracy comparison
experiment
Parameter Value
. FedAvg, FedPSO,
Algorithm
FedAttnPSO
Rounds 10, 30, 50
Environment 11D] Non-IID
CIFAR 10
CIFAR 10
Dataset CIFAR 100
CIFAR 100
FEMNSIT
A, A el A3 E S8 FedAttnPSOE A
Zatdeh, H4 N A4 Aol F2 5l §
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@ w), S Ao ulge mEale ARS A}



KNOM Review ’25-01 Vol.28 No.0O1

gt olwl, 11D &35} Non-1ID 27 ellA2] =]
o] N9 &5 27] 918l 22 Ags #3sisict
s vl AFeAE FedAttnPSO Lare]&3}
71| de] AHEEE FedAvg <daE|=(1), 28]
I PSOE AHegF Aedel FedPSO LaeEls:
13)7e] %S vl 2 2Ask}h A N AA
]

( g
ARS 213 defvle= & 29 2o, A vl A
Z

4.3.1 F& N NY AY

Ao A9 No vl&-S 27| 9% 3 HA
o] Avl= a8 2 ¥ a3 37 o) ® 29
HA N A4 A 283 Sl ES]
207019, vl&S Zk2F 0.1, 0.3, 0.5= AP}l
t} IID #7433} Non-1ID 3738 Fisfe] AlgS
APt 1D FHelx= CIFAR-10%
CIFAR-100 dleJejale AR8sledem Non-11D
o4 = CIFAR-10, CIFAR-100, 28]
FEMNIST dlele{Al 55 ARg-3ted zlsi3}oic).
a7 29F %] 1ID #7gelxe] A3 Az= N9
S 0.12 & dl, CIFAR-10¢14 65%,
CIFAR-100914] 30%% 714 =& A58 2As)
stk o= dlolelr 2% A Haxsl 3o
e 2] ZEfolqlERtenw A dole]e] of
445 R 5 ol7] el 7P g Fejeldd
E v]&-S A o o] =2 ZoE MEIc)
Non-1ID 3HellA 2He] N9 v]&2 27 3]
A B 9l%e] 0.50]ch. CIFAR-102> 53%,
CIFAR-100-2 24%, FEMNISTE 73% A%S
Aslgie). B A1 Ayelld CIFAR-100 =o€
Aol 735, 100708 S22 Alishee] 52
3ol S71E9S w Fefe|E Al v]go] o
= 735 ol FREA] SRk As B sk ol
= vk E 11D 3733 th2A] Non-1ID el
1= 70 FeleldEr) 7A+= dlole] Ao =
7] wjell B} ookt FeElo|dES =Y e

S

19
o],

L

M

;P

>N

SHAAF AA| wloly Bz tiebde nkedd
Wlell 7H 52 vlE<l 0.55 A=t 749 Aol

e o spu)

432 M5 ulm A
A N AA g 43S vpgor Ay vla
A#ellx] 43¢ NoJ vlg-g IID 273 Non-1ID

[N
B

il

18

E 4. CIFARIO A3 2z}
Table 4. CIFARIO test accuracy by epoch

. R Accuracy (%)
Environment| Algorithm
10 Rounds | 30 Rounds | 50 Rounds

FedAvg 389 57.3 57.9
11D FedPSO 53.1 56.1 54.8
FedAttnPSO 545 634 649
FedAvg 334 52.1 532
Non-IID FedPSO 29.2 322 32.7
FedAttnPSO 454 56.5 58.0

HF 5. CIFARI00 A& A%}
Table 5. CIFARIO0 test accuracy by epoch

. . Accuracy (%)
Environment| Algorithm
10 Rounds | 30 Rounds | 50 Rounds

FedAvg 18.0 23.6 243
11D FedPSO 16.3 225 20.7
FedAttnPSO 214 27 29.8
FedAvg 14.2 229 24.1
Non-IID FedPSO Nan Nan Nan
FedAttnPSO 14.7 243 274

6. FEMNIST A8 Z3}
b

Table 6. FEMNIST test accuracy by round

Accuracy (%)

Environment| Algorithm
20 clients | 30 clients | 50 clients

FedAvg 66.1 65.4 65.1
Non-IID FedPSO 30.7 38.4 353
FedAttnPSO 72.6 71.3 69.7
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