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Il. Model Distillation: > Main Results

» The original FL framework requires participants to communicate |. Data Generation:
fl‘equently with the central server. In real-world FL, such hlgh > S|m||ar|ty > Loss for distillation Table 1: Accuracy of different methods across o = {0.1,0.3,0.5} ondifferentdatasgts.
communication cost may be intolerable and impractical. ' " X X X L o o ool el aT o ol o) o o o) e o o
y p ( {0 }k 1 Zf ( ) Ldzs (x. HS) — KL (D(X) fS (X' 95)) . FedAvg 48.24 7294 90.55 | 41.69 8296 83.72 | 2393 2772 43.67 | 31.65 6151 56.09 | 4.58 11.61 12.11 3.12 10.46 11.89
T : : : ™ kec ’ ’ ’ FedDAFL | 6433 7418 9301 | 4714 8059 8402 | 4734 5389 5859 | $923 7636 7803 | 2889 348 3819 | 1838 2218 2822
»Frequent communication poses a high risk of being attacked. Lor(%,y;0c) = CE(D(%),y), T e DENSE (o) | 6661 Teds 9552 | 5025 w96 5554 | 5026 S7s a1y | 53t s 3003 | ey mm 07| et it s
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» Eexisting one-shot FL methods are mostly impractical or face > Stability ol o 75 Vith et .. e o e ol el 15, Hobt ol v
inherent limitations, e.g., a public dataset is required, clients’ Lon(%06) = ZZ l1aa(%) — pall + o) — o2, e > heterogeneous client models
g . . keC eqdfqr
models are homogeneous, and additional data/model information N ferabilit g e Table 2: Accuracy comparisons across heterogeneous client models on CIFAR10. There are five
ransieranliity Sample a batch of noises and labels {zi, yi}i_, clients in total, and each client has a personalized model.
need to be uploaded. o (%00 = —wK L (D(3 - /s gereninige - e eI
div (x, G) - ( (x), Is (x, S))’ S“‘ia;"' {fi} ?zi gih {é"}?? a"(‘fG(',).,,) Model | posNet-18 CNNI CNN2 WRN-16-1 WRN-40-1 | FedDF Fed-DAFL Fed-ADI DENSE (ours)
o ' endfor bt oot TR a=0.1 | 4083 3367 3521  27.73 3293 | 4235 4312 44.63 49.76
BBy combining the above losses, we can éﬁf&?iﬁ?ﬁ?@fﬁg{;}gﬂ and G() a=03 | 5149 5278 4496 4735 3724 | 5272 5172 58.96 63.25
‘ Contribution obtain the generator loss as follows, a5 05 = 55 2uim Vosbaua (%43 Bs) a=0.5 | 5996  58.67 5428 5339 58.14 | 60.05  61.56 63.24 67.42
_ _ _ _ _ Loen(X,¥;0c) = Loce(X,y;0c) + MLen(X;0¢) + AaLaiv(X; 0c), -
The setting of DENSE is practical in the following aspects. > More clients
Table 3: Accuracy across different number of clients m = {5, 10, 20, 50, 100} on CIFAR10 and
. ‘g . . SVHN datasets.
» DENSE requires no additional information (except the model [ |
parameters) to be transferred between clients and the server € FedAvg is not suitable for one-shot FL ST S% S RS ap %D TR N RE WD
10 | 38.29 54.44 56.34 57.13 61.42 | 45.34 62.12 63.34 65.45 67.57
. ngs . . 20 | 36.03 43.15 45.98 46.45 52.71 | 47.79 60.45 62.19 63.98 66.42
» DENSE does not require any auxiliary dataset for training e e | (e e e e NN T Y L O M
Ay 4 d o - 100 | 33.54  36.89 37.55 36.98 43.28 30.18  46.58 47.19 48.33 52.48
» DENSE considers model heterogeneity, i.e., different clients can >
_ | A5 = | N .. - :
have different model architectures @ e > C_omb!nat_lon with |mbal_anced learning and
3 visualization of synthetic data
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e s ; B | eft panel: Accuracy of FedAvg and clients’ local models across different local C Saenent 0123 fabgl 67809
.| e e training epochs E = {20, 40, 60, - - - , 400}. Right panel: The accuracy curve for
. i | Y local training. The dotted lines represent the best results of two one-shot FL
ack | .
propagation Synthetic data\ propagation methods (FedAvg and DENSE). Our DENSE outperforms FedAvg and local
models consistently.
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S This result can be attributed to the inconsistent optimization objectives with non- Z zhangjie@zju_edu_cn, Iibraboli@tencent.com

lID data, which leads to weight divergence.




