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Dataset&Data distnbutions

\ =N /|\ MNIST FMNIST
Cf an /R IID | DIR75 | DIRSD | DIR25 | PAT ID | DIRT5 | DIRSO | DIR25 | PAT
FedAvg 09913 | 0.9907 | 0.9881 | 0.9833 | 09576 || 09142 | 09021 | 09029 | 0.8923 | 07795
0 FEN FedPer 0.9687 | 0.9569 | 0.9512 | 0.9291 | 0.8778 || 0.8450 | 0.8373 | 0.8439 | 0.8230 | 0.73M
(~94 /0) EI\J r% /E’ F ADP-50 0.9900 | 0.9899 | 0.9882 | 0.9848 | 09593 || 09016 | 09022 | 0.9047 | 0.8920 | 0.8006
Hermes-50 || 0.9902 | 09899 | 0.9883 | 0.9852 | 0.9596 || 0.9152 | 0.9030 | 0.9031 | 0.8930 | 0.7803
SplitFed 0.9911 | 0.9909 | 0.9882 | 0.9834 | 0.9545 || 09134 | 09022 | 09050 | 0.8919 | 0.7680
N = N N2 Ko FCCL 0.9820 | 09808 | 0.9821 | 0.9866 | 0.9981 || 0.8831 | 0.9037 | 09122 | 09254 | 0.9949
R m] I EL’:{%BETI‘“ lﬁﬁm " | LotteryFL-75 || 0.9700 | 0.9700 | 0.9750 | 0.9800 | 09775 || 09152 | 09275 | 09125 | 09250 | 09825
~ =N LotteryFL-50 || 09700 | 0.9725 | 0.9700 | 0.9775 | 09875 || 0.8625 | 0.9075 | 0.9075 | 09225 | 09875
LotteryFL-25 || 0.9350 | 0.9400 | 09350 | 0.9525 | 09600 || 0.7625 | 0.7675 | 0.7075 | 0.7850 | 08600
%2 (<6cy ) pFedEff-75 || 09908 | 0.9873 | 0.9888 | 0.9814 | 09729 || 09108 | 0.8887 | 0.896] | 0.8989 | 09293
e 0 pFedEff-50 || 09897 | 0.9843 | 0.9862 | 0.9786 | 09715 || 0.9086 | 0.8774 | 0.8867 | 0.88% | 09585
pFedEfi-25 || 09863 | 0.9723 | 0.9745 | 0.9601 | 09745 || 0.9018 | 0.8427 | 0.8544 | 0.8557 | 09500
FedAvg 108 198 192 197 1932 196 00 00 T98 200
FedPer 196 197 199 200 197 196 196 199 197 200
ADP-50 148 187 17 162 197 174 197 198 200 192
Hermes-50 90 160 193 199 198 178 184 198 177 198
Metrics SplitFed 192 198 198 189 199 196 189 194 190 193
& — FCCL 79 187 167 132 184 151 127 191 189 51
Baselines " | LotteryFL-75 131 178 198 125 98 70 109 93 152 41
LotteryFL-50 197 153 183 168 149 159 182 157 165 81
LotteryFL-25 187 189 181 159 172 199 0 4 8 97
pFedEff-75 197 193 196 194 2 200 187 195 198 4
pFedEff-50 199 199 195 193 4 190 191 199 196 6
pFedEff-25 195 200 200 200 19 184 200 199 199 16
FedAvg TO000 | L0000 | L0000 | L0000 | 10000 || 10000 | 10000 | L0000 | L0000 | L0000
FedPer 0.0895 | 0.0895 | 0.0895 | 0.0895 | 0.0895 || 0.0895 | 0.0895 | 0.0895 | 0.0895 | 0D.0895
ADP-50 1.0000 | 10000 | L000O | LOOOO | 1.0000 || LOODO | 10000 | 1.0000 | 1.0000 | LOOOO
Hermes-50 || 1.0037 | 10037 | 10037 | L0037 | L0037 || 1.0037 | 1.0037 | 1.0037 | 1.0037 | L0037
SplitFed 0.1071 | 0.1071 | 0.1071 | 0.1071 | 01071 || 0.1071 | 0.1071 | 0.1071 | 0.1071 | 0.1071
Comm. FCCL 0.1031 | 0.1031 | 0.1031 | 0.1031 | 0.1031 || 0.1031 | 0.1031 | 0.1031 | 0.1031 | 0.1031
Vol. | LotteryFL-75 || 0.7350 | 0.7351 | 07351 | 0.7351 | 0.7350 || 0.7350 | 0.7351 | 0.7351 | 07351 | 07350
LotteryFL-50 || 04876 | 0.4877 | 0.4877 | 0.4877 | 04876 || 04876 | 0.4877 | 04877 | 04877 | 04876
LotteryFL-25 || 02377 | 0.2378 | 0.2378 | 0.2378 | 02377 || 03362 | 02430 | 02575 | 02523 | 02377
pFedEff-75 || 05277 | 0.5625 | 0.5625 | 0.5625 | 0.5149 || 05548 | 05625 | 05625 | 0.5625 | 05623
pFedEff-50 || 0.2398 | 0.2500 | 0.2500 | 0.2500 | 02407 || 0.2500 | 02500 | 0.2500 | 0.2500 | 0.2500
pFedEff-25 || 0.059%6 | 0.0625 | 0.0625 | 0.0625 | 0.0625 || 0.0625 | 0.0625 | 0.0625 | 0.0625 | 0.0625

Hongjian Shi, Jianqing Zhang, Shuming Fan, Ruhui Ma, Haibing Guan, pFedEff: An Efficient and Personalized Federated Cognitive
Learning Framework in Multi-agent Systems, IEEE Transactions on Cognitive and Development Systems, 2023.
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Fig. 5. The metrics when using different K for different distributions on different datasets. (a) Accuracy: (b) Convergence rate: (¢) Communication Volume.
We can observe that KT can decrease the communication volume but introduce minor accuracy loss.
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Fig. 6. The metrics when using different Kf for different distributions on different datasets. (a) Accuracy; (b) Convergence rate; (¢) Communication Volume.
We can observe that Kf significantly reduces the communication volume but introduce relatively large accuracy loss.
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Method Latency(s) | Throu.(/s) | Dev. Util.(%) | Rel.(%)
Standalone 6.1053 1310.34 12.2831 0
Model#8 0.6717 827.15 8.3000 0
Data 0.9468 8449 12 83.9462 100
Pipeline#8 2.9603 2702.43 27.0113 0
AP2#5 1.3739 5822.89 499417 100
Method Latency(s) | Throu.(/s) Dev. Utll.(%) Rel.(%)
Standalone 6.9814 1432.37 0.8450 0
Model#5 11.9720 835.29 6.2150 0
Data 0.9734 10273.53 82.3580 100
Pipeline#5 1.7692 5652.16 39.2073 89
AP?#5 1.7178 5821.57 45.4050 100
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Hongjian Shi, Weichu Zheng, Zifei Liu, Ruhui Ma, Haibing Guan, Automatic Pipeline Parallelism: A Parallel Inference Framework for

Deep Learning Applications in 6G Mobile Communication Systems, in IEEE Journal on Selected Areas in Communications, 2023.
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Method

Test Accuracy

Train Accuracy

Training time(ms)

GBDT
FCNN-leakyrelu
FCNN-relu [78]

FCNN-tanh
FCNN-sigmoid
ABDT [79]
RF [80]
SVR [81]

0.7176+0.0001
0.6583+£0.0003
0.671940.0002
0.6860+0.0000
0.7039£0.0000
0.711440.0000
0.7096+£0.0011
0.716640.0000

0.8058+0.0000
0.7670+0.0000
0.7664+0.0000
0.7674+0.0000
0.7624£0.0000
0.8001+0.0000
0.7738+0.0004
0.7399+0.0000

107.48+0.64
6620.461108.63
6699.711+114.25
6674.88+95.96
6574.73+£106.43
70.2041.06
9.5610.57
7.971+0.52

n_estimators

Train Accuracy

Test Accuracy

Training Time(ms)

SE+5

100
120
140
160
180
200
220
240
260
280

0.7410£0.0000
0.7634+0.0000
0.7783+0.0000
0.7882-+0.0000
0.7978+0.0000
0.8058+0.0000
0.8120+0.0000
0.8219+£0.0025
0.8273+0.0020
0.8309-£0.0000

0.717240.0000
0.7251+0.0000
0.7266-0.0000
0.7238=0.0000
0.7209+0.0000
0.7176+0.0001
0.713240.0001
0.7064+0.0029
0.7020+0.0025
0.6992+0.0036

48.39-+0.72
58.1740.57
67.4610.79
76.44+0.68
86.48+1.20
05.2710.77
106.06+£4.01
115.3143.25
125.07+4.59
132.34+1.07

b
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Hongjian Shi, Weichu Zheng, Zifei Liu, Ruhui Ma, Haibing Guan, Automatic Pipeline Parallelism: A Parallel Inference Framework for

Deep Learning Applications in 6G Mobile Communication Systems, in IEEE Journal on Selected Areas in Communications, 2023.
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Jianging Zhang, Yang Hua, Hao Wang, Tao Song, Zhengui Xue, Ruhui Ma, Haibing Guan, FedALA: Adaptive Local Aggregation for

Personalized Federated Learning, Proceedings of the 37th AAAI Conference on Artificial Intelligence, 2022. 49
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Table 2: The test accuracy (%) in the pathological heterogeneous setting and practical heterogeneous setting.

Settings | Pathological heterogeneous setting Practical heterogeneous setting

Methods MNIST Cifar10 Cifar100 Cifarl0 Cifar100 TINY TINY* AG News
FedAvg 07.93+0.05 55.09+0.83 25.9840.13 | 59.164+0.47 31.894+0.47 19.46+0.20 19.45+0.13 79.57+0.17
FedProx 98.01+0.09 55.06+0.75 25.9440.16 | 59.214+040 31.994+0.41 19.3740.22 19.2740.23 79.35+0.23
FedAvg-C 99.79+0.00 92.13+0.03 66.17+0.03 | 90.34+0.01 51.804+0.02 30.67+0.08 36.94+0.10 95.89+0.25
FedProx-C | 99.80+0.04 92.124+0.03 66.07+0.08 | 90.334+0.01 51.844+0.07 30.77+0.13 38.784+0.52 96.10+0.22
Per-FedAvg | 99.63+0.02 89.63+0.23 56.80+0.26 | 87.74+0.19 44.28+0.33 25.074+0.07 21.814+0.54 93.2740.25
FedRep 99.77+0.03 91.93+0.14 67.56+0.31 | 90.40+0.24 52.394+0.35 37.2740.20 39.95+0.61 96.28+0.14
pFedMe 99.75+0.02 90.11+0.10 58.20+0.14 | 88.094+0.32 47.344+0.46 26.934+0.19 33.444+0.33 91.41+0.22
Ditto 99.81+0.00 92.394+0.06 67.234+0.07 | 90.594+0.01 52.874+0.64 32.15+0.04 35.92+043 95.454+0.17
FedAMP 99.76+0.02 90.79+0.16 64.34+0.37 | 88.70+0.18 47.694+0.49 27.9940.11 29.11+0.15 94.18+0.09
FedPHP 99.73+0.00 90.01+0.00 63.09+0.04 | 88.924+0.02 50.524+0.16 35.69+3.26 29.90+0.51 94.38+0.12
FedFomo 99.83+0.00 91.85+0.02 62.49+0.22 | 88.06+0.02 45.394+0.45 26.33+0.22 26.84+0.11 95.84+0.15
APPLE 99.754+0.01 90.974+0.05 65.80+0.08 | 89.37+0.11 53.224+0.20 35.04+0.47 39.93+0.52 95.63+0.21
PartialFed 09.86+0.01 89.60+0.13 61.394+0.12 | 87.384+0.08 48.814+0.20 35.26+0.18 37.50+0.16 85.20+0.16
FedALA 99.88+0.01 92.44+0.02 67.83+0.06 | 90.67+0.03 55.92+0.03 40.54+0.02 41.94+0.05 96.52+0.08

Jianging Zhang, Yang Hua, Hao Wang, Tao Song, Zhengui Xue, Ruhui Ma, Haibing Guan, FedALA: Adaptive Local Aggregation for
Personalized Federated Learning, Proceedings of the 37th AAAI Conference on Artificial Intelligence, 2022.

46



HAFF S Fia - it R

SFedALATEA RS T HAIER RIEHEERREIT 7illil, £E5iR

IS[n iy aprc sl s

l Heterogeneity | Scalability [ Applicability of ALA
Datasets | Tiny-ImageNet AG News | Cifar100 |  Tiny-ImageNet | Cifar100
Methods | Dir(0.01) Dir(0.5) Dir(1) | 50clients 100 clients | Acc. Imps. | Acc. Imps.
FedAvg 15.70+0.46 21.144+047 87.124+0.19 | 31904027 31.9540.37 | 40.54+0.17 21.08 | 55.9240.15 24.03
FedProx 15.66+0.36 21.224047 87.214+0.13 | 31944030 31.974+0.24 | 40.53+0.26 21.16 | 56.184+0.65 24.19
FedAvg-C 49.88+0.11 16214005 91.384+0.21 | 49.824+0.11 47.90+0.12 — — — —
FedProx-C | 49.844+0.02 16.364+0.19 92.03+0.19 | 49.79+0.14 48.02+0.02 — — — —
Per-FedAvg | 39.39+0.30 16.364+0.13 87.08+0.26 | 44314020 36.074+0.24 | 30.90+0.28 5.83 | 48.684+036 440
FedRep 55.4340.15 16.74+0.09 92254020 | 4741+0.18 44614020 | 37.89+0.31 062 | 53.024+0.11 0.63
pFedMe 41.45+0.14 17484061 87.08+0.18 | 48.36+0.64 46.45+0.18 | 27.30+0.24 0.37 | 47914021 0.57
Ditto 50.62+0.02 18984005 91.89+0.17 | 54.224+0.04 52894022 | 40.75+0.06 8.60 | 56.331+0.07 346
FedAMP 48.4240.06 12484021 83.3540.05 | 44.39+0.35 404340.17 | 28.18+0.20 0.19 | 48.034+023 0.34
FedPHP 48.63+0.02 21.0940.07 90.524+0.19 | 52.4440.16 49.70+031 | 40.164:0.24 4.47 | 54284+0.21 3.76
FedFomo 46.36+0.54 11594011 91.20+0.18 | 42.56+0.33 38.91+0.08 — — — —
APPLE 48.04+0.10 24284021 84.10+0.18 | 55.06+0.20 52.814+0.29 — — — —
PartialFed | 49.38+0.02 24.204+0.10 91.01+0.28 | 48.95+0.07 39314001 | 35404002 0.14 | 48994005 0.18
FedALA | 55.754+0.02 27.854£0.06 92.45+0.10 | 55.61+:0.02 54.68+0.57 — — | —

am \\J—LQJTU |

Jianqing Zhang, Yang Hua, Hao Wang, Tao Song, Zhengui Xue, Ruhui Ma, Haibing Guan, FedALA: Adaptive Local Aggregation for
Personalized Federated Learning, Proceedings of the 37th AAAI Conference on Artificial Intelligence, 2022.
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. . = Computation Communication
_ZEEIIJ Hj—lEﬂ EI: '_-’T 1Z|KEI/J]’-|_ )& Total ime  Time/iter. Param./iter.

2 S|4 FedAvg 365 min  1.59 min 24 %
FedProx 325 min  1.99 min 2 %35

A1 14 RAYy

o=@ mi*ﬂFedAVQ’Fﬁ'——Ll Hixa5| FedAve-C 607 min  24.28 min 243

PN J\/)"|‘E|’§J1§¢EU FedProx-C 711 min  28.44 min 245
Per-FedAvg 12l min  3.56 min 2% 3
FedRep 471 min ~ 4.09 min 2xapx X
pFedMe 1157 min ~ 10.24 min 2 %3
Ditto 318 min  11.78 min Xk 2
Fed AMP 92min  1.53 min 2 %35
FedPHP 264 min  4.06 min 2 %3
FedFomo 193min  2.72min | (14+M)xX
APPLE 132min 293 min | (14+M)=*X
PartialFed 693 min  2.13 min 2%
Fed ALA 7+116 min 1.93 min 2% ¥
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Jianqing Zhang, Yang Hua, Hao Wang, Tao Song, Zhengui Xue, Ruhui Ma, Haibing Guan, FedALA: Adaptive Local Aggregation for
Personalized Federated Learning, Proceedings of the 37th AAAI Conference on Artificial Intelligence, 2022. 48
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// training process
1w function ClientUpdate (i,g,;)
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Ai“ + Alarm(g,, QEIJ};
if AY is 0then
| 99 « g.;
else
| 99 «gi";
for each epoch e=1,---
if not use DF then
// normal local training
train the model g'*) with optimizer on the
| local dataset DY and obtain giﬂl;
else
/{ local training with DP
train the model g'*) with LDP on the local
dataset D*), and obtain g} ;

_E do

ff calculate model updates
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return ﬂ.qfil,
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// alarming process

function Alarm(g,, g, (9 )

{J
280 > wi? - (1 -
// the glebal
| AY —q;
else
// the global
| 4D

return :’1?‘] ;

model is abnormal

wy + testing g, on the local test dataset DY
« testing g!” on the local test dataset D{?J ;

('.) then
model is

normal

1

send AE” in a secure tunnel to the FL server:
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Hanxi Guo, Hao Wang, Tao Song, Yang Hua, Ruhui Ma, Xiulang Jin, Zhengui Xue, Haibing Guan, SIREN+: Robust Federated Learning

with Proactive Alarming and Differential Privacy, IEEE Transactions on Dependable and Secure Computing, 2023.
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SEAIZREE(5)
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FedAvg
FedProx
Fed BN
FedPer
FedRep
FedBABU
APFL
FedPHP
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FedFomo
Fed AMP
APPLE
FedAsync
Ours

Ours - delay

Ours - delay -loss

0.7995 £ 0.0024
0.7993 £ 0.0022
0.7994 1 0.0023
0.9735 1+ 0.0001
0.9743 1 0.0005
0.7685 £ 0.0070
0.9720 £ 0.0002
0.0919 £ 0.0185
0.9714 £ 0.0005
0.9719 £ 0.0004
0.9720 & 0.0006
0.9638 = 0.0006
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0.8901 X 0.0092
0.8749 £ 0.0070
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