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2.2 Knowledge Distillation
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2.3 Decentralized Learning via Adaptive Distillation (DLAD)
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Algorithm 1 Gossip Distillation (local phase)

Input: Each model M;, Each Private Data PD;, Common Data X, number
of Nodes N
Output: Each Inference List /L;, Trained Weight W;
function LocaL Rouno(Wy, PD;, DRS)
for all each client number do
Wi « Update(Wy, PD;)
IL; < Inference(W;, X;)
end for

end function
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Algorithm 2 Gossip Distillation (gossip phase)
Input: Each Trained Weight W;, Round count R, Target Node N, User
Node N,
Each Node has set N = (£,C)
function GLOBALROUND(R, Ny,)
for all Rounds r = 1,2,..., R do

tgt < Randomly selected node id
download Nig = (Ligr, Crgr)
function MAKE DISTILLATION DATASET(N;gs, Nysr)
image. . . Images for Distillation Dataset
label. .. make as follows
1. Integrate like Equation 1 by using (N;g;, Nysr)
2. The highest-valued index of each element is the label.
return DD; = (image, label)
end function
W; « Update(W;, DD;)
IL; < Inference(W;, DRS)
end for

end function
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Usp+1 Uspso  Uspas Uspsa  Uspss

m 0-9 0-9 0-9 0-9 0-9
Non-IID #1 0,1 2,3 4,5 6,7 8,9
Non-IID#2 0-4,5 0-4,6 0-47 0-48 0-49
Non-IID#3 0,1,2,3 0,4,5,6 1,4,7,8 2,5,7,9 3,6,8,9
Non-IID #4 i (U

Y EDS, PD DAZHWTHERERTo72% /) — ROFHFT %€



FILOFEEE DFEERELE (1ID, Non-IID #1, Non-IID #2, Non-TID #3,
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#£2 HHEFIL (A XZETFTVNRT X —XDER)

model params size(MiB)

ResNet-18 11,689,512 49.03
DenseNet-121 7,978,856 33.47
MobileNet v3(small) 2,542,856 10.66
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FH A4 X 40 DI =Ny FT local round D¥EEZ{To7, F
o, ZR—PNAST Y RTOERTy FIBIF2%¥E 31 =
Ry ZDAToTWL. FHRERLFI =Ny FH AL du—D
NETNO¥ER R UFMFICREL L

4.2.1 E BRI 5

AEBTHHAT 2 Y OEERNBRARY 713K 3 DED.
SEZETORER DY Y TITH, 2FEH LTI Ial—
Ta Y RTiToTW3.

K3 AFERTHMT 2~ > DM

spec

OS Ubuntu 20.04.2 LTS
CPU Intel Xeon Platinum 8368 Processor (38core, 2.4GHz) x 2
GPU NVIDIA Tesla A100-PCIE-40GB
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#£4 Tty bREDHIHT ZREELE (£7/UE2T ResNet-18, n = 10)

Dataset MNIST CIFAR-10 CINIC-10
Distribution 11D NIIDI NIID2 NIID3 NIID4 1ID NIIDI NIID2 NIID3 NIID4 11D NIIDI NIID2 NIID3 NIID4
Local round 0.7089 0.1861 0.4698 0.3504 0.3870 0.1669 0.2693 0.2798 0.3596 0.1592 0.2536 0.2609 -
DLAD [7] 0.9821 0.9820 0.9828 0.9840 0.7314 0.6657 0.6847 0.7027 0.6323 0.6266 0.5666 0.5934 -
labeled [7] 0.9836 0.9868 0.9845 0.9857 07115 08127 0.7576 0.7755 0.6256 0.6880 0.6183 0.6574
Gossip Distillation 0.9644 0.9647 0.9669 0.9680 0.9715 0.7187 0.7159 0.7181 0.7226 0.7280 0.5935 0.6096 0.5973 0.6064 0.6157
£S5 BEBETNVEMHAEDELROREDOHIE (n = 10)
Main Model ResNet-18
Sub Model DenseNet-121 MobileNet v3(small)
Dataset MNIST CIFAR-10 CINIC-10 MNIST CIFAR-10 CINIC-10
Non-IID # 1 DLAD [7] -/ = 0.6657 / 0.6642 -/ = -/ = -/ - -/ -
Res/other Gossip Distillation  0.9709 / 0.9781 0.7279 / 0.7403 0.6096 / 0.6180 0.9718 / 0.9540 0.7265 / 0.5550 0.6077 / 0.4796
®6 T—XEy +FZT2DDD DY A X from Decentralized Data,” in Proc. AISTATS 2017, vol. 54,
dataset size (MiB) 20-22 Apr 2017, pp. 1273-1282.
toprule MNIST 3.46 [2] A. Rauniyar, D. H. Hagos, D. Jha, et al., “Federated learn-
CIFAR-10 2.88 ing for medical applications: A taxonomy, current trends,
CINIC-10 5.18 . . s
challenges, and future research directions,” 2022.
[3] D. C. Nguyen, M. Ding, P. N. Pathirana, et al., “Federated
learning for internet of things: A comprehensive survey,”
5 ¥ ¢ &
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7. THCEoT, HROEHEDT —N=22 b T—&
FEIPSFIHERETY, POETAOA LD AEEIEN
Distillation Dataset DHEGRAGERZERZET 272D L D ¥FEFETD
el - X FHEBRICIRDZTHA .

ARFRICBNTE PO T AL ZEBFEATE2 %2> 32
L— kL7, il 7L 2OBBAEMLTd 45175 2
LA L E ATV, SRIETANA X3y FU =% KD
ERZ, £%771 ABMOEHAPRETH 3 RE2ry b —
IRBELLEERZITS 2 ICE > T hELRGEVEER
YIal—FLTWK.

AREEZRITTREHD, FrarH L=y sy 7 2tk
Rt KFBRIZBWTE, BENFCELGERL TWZ
ERBOBRERT. Tk, 7T-XEAMRBKT 7Y 7 x—
2 mdx [17] Z A U TABIE 2 5 L 7=
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