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Non—IID case Description and examples

Marginal distributions of data
features differ
ex) Even if two individuals wear

Feature the same smartwatch model and
distribution exercise for the same time
skew duration, the features of measured

values are unique due to the
personal characteristics difference,
such as their gait

Marginal distributions of data
labels differ
ex) Frostbite is a disease that
frequently occurs in cold areas

Label because it is caused

distribution skew by exposure to severe cold

resulting in tissue damage to body
parts. Therefore, it
is rare in places with relatively
warm temperatures

Conditional distributions of data

features differ

ex) Medical devices are used to

Same label but measure healthcare data such as

different features neuro images and biomarkers of

patients. However, hospitals do not

use the identical medical device

brands

Conditional distributions of data
labels differ

ex) Lung imaged by the recent
pandemic COVID—19 virus are
difficult to distinguish from the
pneumonia because they have
similar features in many lesions

Amount of each patients/hospital

data differs

ex) Suppose five times more
Quantity skew patients have visited hospital A

than hospital B. The quantity of

data each hospital has will also

significantly differ

Same feature but
different labels

<% 2> : Non-IID 57}#] 43 2 BA}
[ZA4]
Yoo, Joo Hun, et al. "Open problems in medical federated

learning." International Journal of Web Information
Systems 18.2/3 (2022): 77-99 [6].
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Algorithm: Clustered Federated Learning
1 input: initial parameters &, number of local

iterations epochs &, K—means clustering Kmeans()
2 output: improved parameters on every client 6&;

3 init: Selected clients C={1,..,n}, set initial
models 6,<— 6, Vi=1,..,N, set initial update A6, <

0, VceC.

4 while not converged do

5 for i =1,..,N in parallel do
6 Client i does:

7 0, < 6,

8 A9, < SGD,(6;, D)—6;
9 end

10  Server does:

11 C={1,..,n} (select clients)
12 for ceC do

13 A¢9<——ZA6

i€c

(Clustermg Part)
< AG,,Al; >

14 a, < ———— ¢
1 “Tagllas) U

15 end

16 Cpeese; < Kmeans(a, a4 ;)

(K=2, it+jcc j#i+7)
17 Gy —(Ve;=1), Ay—(Ve¢;=0)
18 if n(cly) > nlely) :

1

19 AO — Z AG;
‘ |z€CI

20 else:

21 AQ — N2
sl ied,

22 end(epoch)
23 end(round)
24 return 60

<GE 3> s dfeEs dags WA
]

Sattler, Felix, Klaus-Robert Miiller, and Wojciech Samek. "Clustered federated
learning: Model-agnostic distributed multitask optimization under privacy
constraints." IEEE transactions on neural networks and learning systems 32.8
(2020): 3710-3722[7].
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Stress vs Non-stress

CL or FL | Accuracy Fl-score Loss
CL(Ccntraliz
76.50% 43.34% 0.5397
ed Lcarning)
Fed-Avg 76.48% 43.33% 0.6095
[1]
Clustered
Fed-Avg 76.49% 43.34% 0.6077
[7]
NSMD
Fed-Avg 76.49% 43.34% 0.6077
(Proposed)
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