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ABSTRACT

As the reliability of autonomous driving systems becomes increasingly critical, research has been actively
conducted on applying deep learning using GPUs as local edge devices. However, a major challenge remains:
edge-based deep learning for autonomous driving often lacks the ability to quickly adapt to newly incoming data
in real time. In this paper, we propose integrating Continual Learning (CL) algorithms into the deep learning
training process on edge devices to enhance real-time adaptability and improve accuracy. Through experiments
applying EWC and Rehearsal on an NVIDIA Jetson AGX-based edge environment, we demonstrate that CL

algorithms can rapidly adapt to real-time environments without compromising accuracy.
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FedAttnPSO: A Novel Algorithm for Improving Federated
Learning Accuracy in Non-IID Environments

Sun-young Jang®, Jong-Wouk Kim", Mi-Jung Choi’
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Key Words : Federated Learning, Particle Swarm Optimization, Attention Mechanism, Non-IID

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

22|E 1. FE|E 5 PSO dals
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

Ld2|E 2. A Z PSO daElE
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

12|15 3. FedAtnPSO ¥7E]|Z&
Algorithm 3. FedAttnPSO algorithm

ZelolodlE B Auol|]e] PSO 78t AzlA ¢l

o] EE A¥slo] Non—IID elM = ZAdstar &
o) I~ O

#4542 e},
V. A3 o Zo}
4.1 tilo|EfAl

B =Rolla Algkehe FedAttnPSO A%sS
7kl 98 CIFAR-10, CIFAR-100, 18]3
FEMNIST dlelejle ARt F o9
dlo]ejlal CIFAR-103 CIFAR-100¢14+ 11D
27 Non-1ID 3Helxe] A Aol& x| 9
3 F AR FEsle] A¥S FSEidch
FEMNIST+= <d3tshse] AlA) 31 337 9
gk dlolejAle g Non-11D3H %*'% o] 9i7]el
B =rellA Aljkele daE]RY] des s3]
sl AREslAt

CIFAR-10 ¥ CIFAR-100& 32x32 Az o]v]
2] dlolgjAlolt}, CIFAR-10& 10702 Z=i~%
3, CIFAR-100 100709] A3k Z=)
25 7 BF Al EAEE =l dlolEfAle]
o} 11D 3V A4S & 739 A s doleE
FEIAE Fof| wEt T8 glo] dsshAl 338
o, o]F Fl 7 FEfeldEr BE Fellzol o

3 U HE| delel npshEg AL

o
=
_0_

=

1:1



FedAttnPSO : Non-IID #73¢lj4] @13}8tss A& e gAS 931 /fAlE daz]Z Algt

CIFAR10 Accuracy Comparison (lID)

CIFAR100 Accuracy Comparison (lID)

—— Top 0.1
- Top 0.3
—— Top 0.5

0.6

05

02

o1

4+ —— Tep 0.1
Top 0.3
—— Top 0.5

30 40

Round

20

T2 2. D $H7¢lA A9 N BlE Bl
Fig. 2. Top N comparison in IID

CIFAR10 Accuracy Comparison (Non-IID)

CIFAR100 Accuracy Comparison (Non-1ID)

20
Round

FEMNIST Accuracy Comparison (Non-1ID)

— Top0.1
Top 0.3
— Top 0.5

— Topo.1
Top 0.3
— Top 0.5

020

01s

Accuracy
Accuracy

0.00

— Top 0.1
Top 0.3
— Top 0.5

05

Accuracy

0 o 20 EY o EY 0 T
Round

T2 3. Non-IID el A9 N v]& B]aL
Fig. 3. Top N comparison in Non-IID

Hidell Non-1ID 745 743 75 d4 AlAl]

dole] ¥THL Wikl sl SlelZe E A
o dlelel ¥ W Abgsllc o] WAl 7t
ZeloldEr) 54 el WA ol 2
£% fEsh] ool deld o]dyde AT 4
c}a‘}]\

FEMNIST(14]+= 62782] Z2i=(52 0-9, %4

of WaEAt a-z, A-Z)E TAE 28x28 )
£2H olvlA dolEidloleh. o] wlolEAe A
AN WAl APe BHow THE Ao

2, AA AR R djo]e] 7} 1$ﬂﬂ°1 sl A}
SR ZF F9zot 7R 9l dlelelrh -
Aolsle . FElov) gl A% EAlste] EA o
2 Non-1ID #73& A5k ik 2 Ago=
AIAEL 35007 ARSAL dHlole] = dNE F

glolddER x|Aslo] AMEsIglon] FEMNIST
olejAle] BA A 7t FEloldE: 2l we)

AR HlolE ot 29l BEE 7AAL Sk

L

4.2 Ag AL
ErelMe 2709 AR AldRle(3H N AA

E 2. 34 N A4 Ade A3 slebrle

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 §
3 Aol AMEsl= A N ZEfellES Al
@ w), S Ao ulge mEale ARS A}
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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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Dynamic network routing optimization using a GNN-based
initial population evaluation model
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Key Words : 6G, Routing optimization, Genetic algorithm, Graph neural network, Meta-heuristic algorithm
ABSTRACT

As discussions on 6G networks progress, dynamic and flexible network control remains essential to support
diverse service requirements. The emergence of new communication entities such as LEO satellites and aerial
vehicles introduces dynamic environments and strict constraints, increasing the complexity of routing optimization.
Although Genetic Algorithms (GAs) have been widely used for such optimization, their performance can suffer
due to randomness in the initial population. This study proposes a routing optimization method that uses a Graph
Neural Network (GNN) to learn the network state and predict high-quality initial solutions. Subsequently, the
method integrates with a GA to derive optimal routing paths while considering both communication and

computation costs.
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