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ABSTRACT

An algorithm to cluster distributed datasets without communicating data is introduced. It builds upon
the concept of federated learning, distributed k-means and mini-batch k-means. Results on synthetic
data and real data are presented for a non-iid setting. The algorithm is able to produce a clustering of
similar or better quality than central k-means clustering, while preserving privacy.
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Github repository: The code is available on https://github. com/ourownstory/federated_kmeans

1 Introduction

Clustering data that is semi-private is a common challenge in many real-world settings. Past work has mainly focused on
entirely decentralized protocols or on centralized approaches. A fully decentralized solution to the issue was introduced
in 2013[1]]. However, fully distributed approaches are prone to communication issues or may be inefficient. Recently an
approach to solve such tasks with a trusted third party, without actually sharing the data, called Federated Learning [2]
was introduced. We apply this approach to Clustering, as this is most similar to a real-world setting, where privacy is
valued, but a partially trusted third party exists. Our algorithm is also inspired by mini-batch K-Means Clustering, first
introduced in 2010[3]], which was proven to be an effective solution to large scale dataset clustering in 2016[4].

2 Methods

2.1 Data
The data is synthetically created with random noise:

e 50 non-iid client datasets

each client’s dataset is randomly sampled from one of 5 Gaussians with means 1, ..., 5 and scale of 0.2

1 dimensional

10 samples per client

2.2 Metrics

Mean and standard deviation of mean euclidean intra-cluster distance and of Davies-Bouldin Index are reported for for
10 runs with different random seeds.


https://github.com/ourownstory/federated_kmeans
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2.3 Algorithm

Algorithm 1: FederatedKMeans: Federated algorithm to cluster distributed data into k clusters. The M clients are
indexed by 4. P; is the dataset held by client . C'is the fraction of clients sampled in each round. 7" and E are the
number of global rounds and local epochs. B is the local mini-batch size, default is B = oo for full-batch steps. o and
B are the server and client learning rates. I" depicts the set of K cluster centroids (u1, ..., € R™). A depicts the set of
K cluster sizes (A1, ..., Ay € R). Operations over I' and A are executed element-wise.

Server executes:
initialize cluster centroids I';—¢ randomly.
m + max(C - M, 1)
for each roundt =1, ...,T do
Sy < (random set of m clients)
for each client v € Sy in parallel do

(A 7)) « clientKMeans(i, T 1)
A=Y AT
;=4 AP T
I'v=Ti14+a- - (If —Ti1)

Client executes:
ClientKMeans(s,I")

B < (split P; in batches of size B)

for each epoche = 1,..., E do
initialize cluster sizes A to zero.
randomly shuffle order of batches in B
for each batch b € B do

for each data x; € bin parallel do
¢; = argminy, [|z; — x|

B
Ab — Z':l 1écj=k}
D= e S Ly

A=A+A
b
r=r+g-4.(r*-n)
return A, T’

If a cluster has a size smaller than 0.01 - qu |P;| for 20 consecutive rounds, it is randomly reassigned.



3 Results

3.1 Varying Sample Fraction
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The Federated clustering algorithm is able to match or outperform the central clustering algorithm if the hyperparameters
are appropriately set. The performance of the central clustering approach is reported as "central" sample-fraction.
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Figure 1: Hyperparameters: B = oo, E = 1,7 = 200, = (1,0.5), 8 = 1.0.

o
»
|

=4
W
)

o
N
)

I
o

0.01 0.03 0.1 0.3 1.0 central

—— Train
— Test

0.01 0.03 0.1 0.3 1.0 central
sample_fraction

0.5
0.4 1
c
@©
[
2B 0.3 1
%)
>
[}
0.2 1
0.1 T T T T T T
0.01 0.03 0.1 0.3 1.0 central
—— Train
£ — Test
©
=]
o
Qo
w
[
>
@©
©
0.2 +— T T T T T
0.01 0.03 0.1 0.3 1.0 central

sample_fraction

(a) Hyperparameters: B = oo, E = 10,7 = 200, « = (b) Hyperparameters: B = co, £ = 10,7 = 200, =
(1,0.5),8 =1.0.

(1,0.5), 8 =0.1.
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3.2 Varying Client Epochs
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(a) Hyperparameters: B = oo, C' = 0.1, T = 200, o = (b) Hyperparameters: B = co,C' = 0.1,T = 200, =
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3.3 Varying Client Learning Rate
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3.4 Progress Visualization

3.4.1 Central Cluster Learning
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Figure 6: K-means Algorithm. Hyperparameters: B = oo, E = 1,7 =20,a = NA, 3 = NA.

3.4.2 Federated Cluster Learning
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(a) Hyperparameters: B = oo, E = 1,T = 200,a = (b) Hyperparameters: B = oo, £ = 10,7 = 200, =

(1,0.5), 8 = 1.

(1,0.5),8=0.1.

Figure 7: Federated Clustering Algorithm.
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4 Conclusion

The Federated clustering algorithm is able to match or outperform the central clustering algorithm if the hyperparameters
are appropriately set.

Further preliminary experiments on real energy datasets indicated that the Algorithm is simple and effective to apply to
industrial problem settings (results not included).

Note This is unpolished work, done in May to September 2019. Nevertheless, we decided to share the findings already
with the broader science community as others might find use in our simple algorithm.
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University. The views and opinions of authors expressed herein do not necessarily state or reflect those of the funding
source.
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5 Appendix

5.1 Algorithm (non-vectorized)

Algorithm 2: FederatedKMeans: Federated algorithm to cluster distributed data into k clusters. The M clients are
indexed by i. P; is the dataset held by client i. C'is the fraction of clients sampled in each round. T" and F are the
number of global rounds and local epochs. B is the local mini-batch size, default is B = oo for full-batch steps. « and 3
are the server and client learning rates. The K clusters have centroids 11, ...p,, € R™ and cluster sizes (A1, ..., Ay € R).

Server executes:

initialize k cluster centroids (1 ¢=0, ..., ik t=0 € R™) randomly.

m < max(C - M, 1)

for each roundt =1, ...,T do
Sy < (random set of m clients)
for each client i € Sy in parallel do

(/\gl), ey )\,(;)), (Mgl), ey ,ug)) < ClientKMeans(i, ((1,4—1, .Mk t—1))

for each cluster k = 1, ..., K in parallel do

Aew = S0 A o
M = Ai,t D )‘5;) 'Ng)
Wt = Mi—1 + 0 - (lf — fhet—1)

Client executes:
ClientKMeans(i, (g1, ..., fik))
B < (split P; in batches of size B)
for each epoche =1, ..., E do
initialize cluster sizes (A1, ..., A\x) to zero.
randomly shuffle order of batches in B
for each batch b € B do
for each data x; € bin parallel do
¢; = argminy, [|z; — iz |”
for each cluster k = 1, ..., K in parallel do
B
/\Z = Z]‘:l Lic,=k)
B
HE = 5 et Hey=k) - T
Me = A + A8

)\b
pur = pue + B 35 (], — )
return (A1, ..., Ag), (L1, ooy fl)
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