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2- Gaussian Mixture Models for clustering

1- Introduction

* Ed!ge intelli.gence n.aot.ivai.:es embedded ma- In the context of clustering, GMMSs model each [ the gt and }
chine learning optimization [1]. cluster by a Gaussian density (mean and covari- e NUMPEroT CUSters

ance matrix), as well as the probabilities of as- nitialize paramesters
signment to each cluster (weights).

Strict memory constraints impact machine
learning (ML) algorithms’ performance

Y

E-step
beCaU.Se Of I/O Operati()ﬂs [2] [3] [4] . » compute probabilities of assignments
according to the current parameters. Repeated
. . . v data access

Gaussian mixture model (GMM) is a pop- M-step |

. . A A 2 update the parameters according
ular ML algorithm used in several embed- x L to newly computed assignments.
ded applications, e.g. speaker identifica- xf@@@* !

, - : x x False stop T Output:
tion [5|, sensor data analytics 6|, health- b rue [ears Covariances’}
care 7 ete eache L and weights.

5 q 1
Problem statement: how to optimize (1) Initializing clusters () Caleulating probabilities (3] Adjusting parameters The Expectation-Maximization (EM)
the GMMs training algorithm on memory- algorithm for GMM learning

constrained embedded systems? GMM bivariate clustering example

3- Motivation 4- PIGMMES: Partial Incremental Gaussian Mixture Model with Efficient Storage

N: Number of observations in the data-set. : R
. PIGMMES is based on two fundamental ideas:
M: Number of observations that can be con- o
tained in memory. ® ReStriCting the VOlume Of the training Set :- ________________________________ E ib’e[chincremen[l T Therement EM tral n@r?
. . . . : i E e Model's ! JI 0
using inferred data characteristics from the ) [ Lpurameterst
! ! ! ! ! o Increment 1 - . s
/8 [ ] ﬁI’St increment 1 . :* E Infer data characteristics
é60 ( ) e Increment 2 = @ L’ a, B
=50 | . . . : inﬂemenrm] B x Data characteristics Learning
210 * e Doing an incremental learning of GMM on | | leming | = | i |
Q . : i ' =N*
S0 the restricted dataset to reduce 1/Os cost. : @
o, | : Increment R+1 '
L 207 | i Discarded "_E_i Fetch increment r ' increment
g : e _
— - 3 : Increment N/M - EM training
<3 _ | , (1—-5)+a](lNV - M) i “ § . J—
— N — M I (1) I Shuffled Data x f - Loop until all
I 4 8 T 2 : Ei @Eﬂmhinf{ﬁ,ﬂp} Rin{:mmul;ljtsare .
o N / M A—— = % L New model's S
. . arameters 0
a € |0,1] characterizes the complexity of - ——
t he dat a . R e : i @ Increm.enml [‘em'g :
PI’OpOI’thﬂ of time Spend o1 I/O OperathnS for 6 - [O, 1] characterizes the balance of the S T e
econdary Storage Main Memory

different values of N/M clusters.

5- Evaluation

| 6- Related work /- Conclusion and Perspectives
e The method was evaluated on synthetic
datasets of 100MB each, with different sepa- 9] and [10] propose incremental online e Our I/O optimization of the GMM train-
ration values, using the Odroid XU4Q) plat- GMM for data stream applications with ing algorithm is based on two key con-
form |[8|. different merging strategies. tributions: (1) an adaptive uniform sub-
e The quality of clustering of the proposed - ’ - sampling approach and (2) a divide-and-
method was compared to that of the traditional gll\;ﬂ\l/)[mpgse 3 SUDL=SAIIDP 1}r11g z?pprofac ot conquer learning strategy.
EM algorithm using the Adjusted Rand Index s that determines the size Ob @ U= Our method achieves. on average. a 55%
(ARI) form subsample and then generalizes the . . ’1 | age,
results through additional iterations. improvement in overall execution time.
100 * * * | e For future work, we are aiming to:
%0 - 12] propose a sub-sampling approach that
< ig g = consists in selecting a representative sub- 1. Reduce our method’s sensitivity to
Se0 || . set of the data using K-means. initialization.
Ej 500 | - X Lo ed idens § o 2. Generalize to an undetermined num-
40 G 1 11 -
s N . We borrowed and upgra .e ideas from both in her of clusters.
SN B - cremental and sub-sampling GMMs to elaborate .
3. Implement a parallel and/or a dis-
10 || | ] PIGMMES. . .
- | tributed version of the method.
16
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