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Abstract

In many fields of artificial intelligence research currently underway, the sharing of sensitive data is often
impossible due to issues such as privacy protection. Federated learning has been gaining attention as a solution to
this problem, however, the conventional federated learning methods can degrade the performance of the global model
due to the influence of some low-performance clients. This paper proposes an accuracy-based participation restriction
federated learning technique, which excludes parameters that negatively impact the performance of the global model
during the federated learning process. The proposed method operates by detecting low-performance clients based on
accuracy and limiting their participation in the creation of the global model. Performance evaluation was carried out
in iid and non-iid environments using MNIST data, demonstrating that compared to traditional federated learning, the
number of rounds required for the global model to reach the target performance is reduced by an average of 2
rounds in the iid situation, and an average of 7.77 rounds in the non-iid situation.
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E 1. iid A=A el E2f0|HEY Ho[E EX
Table 1. Data distribution by client in iid situation

Client Data set 0 1 2 3 4 5 6 7 8 9 Total
Client 1 train set 1206 | 1351 1176 | 1228 | 1184 | 1048 | 1208 | 1279 | 1127 | 1193 | 12000
test set 175 | 234 | 219 | 207 | 217 179 178 | 205 192 | 194 | 2000
Client 2 train set 175 | 1381 171 1250 | 1163 | 1096 | 1162 | 1210 | 1165 | 1218 | 12000
test set 195 | 216 199 | 201 201 193 | 200 | 206 192 | 197 | 2000
Client 3 train set 1153 | 1381 | 1195 | 1203 | 1160 | 1086 | 1197 | 1232 | 1180 | 1213 | 12000
test set 198 | 236 | 207 187 181 176 184 198 | 203 | 230 | 2000
Client 4 train set 1195 | 1357 | 1220 | 1199 | 1148 | 1094 | 1181 | 1247 | 1181 | 1178 | 12000
test set 206 | 219 | 209 | 208 189 175 194 | 204 | 200 | 197 | 2000
Client 5 train set 194 | 1272 | 1196 | 1242 | 1187 | 1097 | 1170 | 1297 | 1198 | 1147 | 12000
test set 207 | 230 198 | 207 194 169 | 202 | 215 187 | 191 | 2000
Total 6903 | 7877 | 6990 | 7141 | 6824 | 6313 | 6876 | 7293 | 6825 | 6958 | 70000
F 2. non-iid A&oMel S2lo|HEY Hlolg EX
Table 2. Data distribution by client in non-iid situation
Client Data set 0 1 2 3 4 5 6 7 8 9 Total
Client 1 train set 52 | 671 581 608 | 623 | 514 | 608 | 651 551 | 601 | 6000
test set 175 | 234 | 219 | 207 | 217 179 178 | 205 192 | 194 | 2000
Client 2 train set 614 | 680 | 595 | 620 | 561 534 | 600 | 628 | 576 | 592 | 6000
test set 195 | 216 199 | 201 201 193 | 200 | 206 192 | 197 | 2000
Client 3 train set 577 | 700 | 564 | 655 | 563 | 539 | 563 | 621 605 | 613 | 6000
test set 198 | 236 | 207 187 181 176 184 198 | 203 | 230 | 2000
Client 4 train set 508 | 681 607 | 604 | 600 | 557 | 599 | 589 | 560 | 605 | 6000
test set 2056 | 219 | 209 | 208 189 175 194 | 204 | 200 | 197 | 2000
Client 5 train set 0 0 0 0 0 0 0 0 2998 | 3002 | 6000
(Abnomal) test set 207 | 230 198 | 207 194 169 | 202 | 215 187 | 191 | 2000
Total 3361 | 3867 | 3379 | 3497 | 3329 | 3036 | 3328 | 3517 | 6264 | 6422 | 40000
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CPU : IntelR) Core(TM) i7-6700K CPU @
4.00GHz 4-Core

GPU : GeForce GTX TITAN X 12GB

RAM : Samsung DDR4 2133Mhz 16GB * 4
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Table 3. Performance evaluation results in iid situation

acclimit nomal difference

acc. avgy acc. avgy acc. avgl
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0% 0% 0%
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17| 4 | 77.34 |95.73| 29 | 83.07 [95.14|-25| 572 | 0.59
18 9 | 7614 |9588| 6 | 7301 (9575 3 | 313 |0.13
19| 4 | 7368 |9590| 4 | 6946 (8481 0 | 422 |11.09
20| 4 | 7708 |9567] 6 | 6743 8482 -2 | 964 [10.85
21 | 4 | 7464 |9583| 5 | 6667 |8472| -1 | 797 |11.11
22| 5 | 7458 |95.78| 4 | 6497 (8475 1 | 961 |11.03
23 | 12| 6452 |8461] 4 | 7367 |96.07| 8 | -9.15 1146
24 | 6 | 6952 (8466 5 | 67.01 (8454 1 | 251 |0.12
25| 6 | 79.17 |9583| 5 | 6554 (8472 1 | 1363 |11.11
26| 4 | 7627 |9595| 6 | 6696 (8762 -2 | 931 |833
27 | 6 | 7569 9561 4 | 7236 [9%6.11| 2 | 333 |-0.50
28 | 8 | 7504 |9558| 7 | 69.27 |8474| 1 | 577 |10.84
29 | 11| 8072 |9569] 20 | 7946 9549 -9 | 126 |0.20
30| 6 | 7240 |9558] 4 | 6790 (8457] 2 | 450 [11.01
avg.|5.97| 7354 |9384(797| 7228 |91.19| -2 | 126 | 266




Journal of KIIT. Vol. 21, No. 12, pp. 47-57, Dec. 31, 2023. pISSN 1598-8619, elSSN 2093-7571 55

I 4. non-iid AEIMel M5 "I 21}
Table 4. Performance evaluation results in non-iid situation

acclimit nomal difference
aoc. avg) acc. avg) acc. avgl
test jround before ace. round before ace, round before acc,
0% 0% 0%
1] 6 | 7512 [9539| 12 | 6877 [8320| 6| 635 |1219
8 | 8% (84.10| 2 | 6420 (833|-14| 475 |1.77
6 | 69.10 (8621| 10 | 7424 |94.08| -4 | -5.14 |-787
7 | 6984 (8374| 11 | 7282 |A43B| 4 | 297 1064
7 | 6721 (8386| 11 | 7334 (HA26| 4 | 613 1040
10 | 6622 [95.05| 11 | 69.75 [9407| -1 | -353 | 0.98

8 | 6763 |9494| 18 | 6847 |8227|-10| 084 |1267

7021 |8397| 24 | 7688 |9425|-16| 668 -10.28

O |0 | N |Oo | B |jw N

10 | 6504 (8374| 17 | 7552 [94.12| -7 | -1049 -10.38

0] 9 | 6730 |8384| 21 | 7041 |9406|-12 | -311 -10.22

1] 13 | 7420 (9478 7228 |RB77| 9] 12 1.0
12114 | 7290 (%A 7290 |94.59| 6

1417 | 749 |9%.04 7758 |9883| -2 | 259 | 1.16

2
8
131 9 | 6779 (8368 23 | 6939 (9385| -14 | -1.89 -10.17
29
20

15 | 13 | 61.35 |8345 66.09 |8302| -7 | 474 | 043

16| 8 | 6464 |8385 24 | 7348 |93.03| -16 | 884 |-9.18

171 6 | 6992 |8387| 27 | 7626 |94%6| 21| 635 -10.69

18 | 14| 7384 |9458| 14 | 6084 |8334| 0 | 1300 |11.24

19| 11| 6436 |8667| 13 | 6513 (8632 2 | 077 | 1.3

20| 8 | 7284 (9491 9 | 644 8281 -1 | 830 |1210

21| 7 | 6715 |8395| 20 | 7480 (94.33| -13| -765 -10.38

2 | 10 | 6844 |9AB| 12 | 7242 |9AR2| 2 | -398 | 061

23| 9 | 6681 |8402| 11 | 7441 |9425| 2 | -760 -10.23
24 | 7 | 6760 (9496| 11 | 7171 |8374| 4 | 411 |12
25 | 13| 6217 |8332| 11 | 7414 (9427| 2 | -11.97 -10.99
26 | 8 | 6775 |8380| 15 | 71.30 |B72| -7 | 3% |9R
27 | 6 | 6965 |838| 11 | 6778 (8317| 5 | 187 |0.69

28 | 13| 7638 |P21| 15| 7235 (9426 2 | 403 | 095

299 | 6753 |80 29 | 7648 |9341|-20| 8% [-951

30| 9 | 6424 |9AT6| 25 | 7444 |9B80| -16 | -10.19 | 0.96

avg |9.10| 6871 (8844|1687 71.42 |08 |-7.77| 272 |-2.37
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