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Introduction

Context

B An increasing number of available algorithms
M Several parametrization and pre-processing approaches
B “No free lunch”

Save time by reducing the number of alternative algorithms
tried out on a given problem
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Introduction

Meta-learning

B Appears in ML research in 90s

B A meta-learning system must include
1. Alearning subsystem, which adapts with experience.

2.  Experience is gained by exploiting meta-knowledge extracted
. In a previous learning episode on a single dataset
. or from different domains or problems.

B One case of meta-learning:

B Algorithm Selection (to recommend an algorithm automatically)
= The classic application: classification
= Some research works on clustering
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Introduction

Algorithm Selection Problem (ASP)

Given a set P of algorithms p € P, a set D of datasets d € D and a
cost metricm:P XD - R

Goal: finding a mapping s:D — P

such that the cost Y ;cp, m(s(d), d) across all datasets is optimized.

Rice, J. R. (1976). The algorithm selection problem. In Advances in computers (Vol. 15, pp. 65-118). Elsevier.
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Introduction

Clustering Algorithm Selection

MiniBatchKMeansAffinityPropagation DBSCAN Birch

https://scikit-learn.org/stable/modules/clustering.html#clustering
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Introduction

Clustering Algorithm Selection

MiniBatchKMeansAffinityPropagation DBSCAN Birch

Meta-features Performance
Extraction Evaluation

v

TRAINING PHASE INPUT

https://scikit-learn.org/stable/modules/clustering.html#clustering
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Introduction

Clustering Algorithm Selection

. Examples: mean, variance, std deviation, kurtosis, ~ Examples:
: skewness a label representing the recommended algorithm,
Meta-data ~ asequence of algorithms
Meta-features Performance
Meta-features for D, DBSCAN H Extraction Evaluation
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Introduction

Clustering Algorithm Selection

MiniBatchKMeansAffinityPropagation DBSCAN Birch

Meta-features Performance
Extraction Evaluation

v

Meta-data

Meta-learner

TRAINING

TRAINING PHASE INPUT
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Introduction

Clustering Algorithm Selection

MiniBatchKMeansAffinityPropagation DBSCAN Birch
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Introduction

Constrained Clustering

B Must-link: instances must be assigned to
the same cluster

B Cannot-link: instances should be assigned
to the distinct clusters — must-lik . cannot-link

W Extensions
= K-means - COP-Kmeans, MPC-Kmeans
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Introduction

Active Learning

B Getting constraints is costly

= without guarantees of improvements in terms of quality of obtained
clusters

W Strategies to select informative constraints based on
= Uncertainty: NPU (Normalized Point-based Uncertainty)
= k-nearest neighbor graph: ASC (Ability to Separate between Clusters)
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Introduction

Problem Statement

Constrained Clustering Algorithm Selection Problem (CCASP)

Given a set P of algorithms p € P, a set D of datasets d € D, the
additional knowledge K and a cost metric m":P X D X K - R,

Goal: finding a mapping s:D X K - P
such that the cost Y. ;cp m'(s'(d, %2),d) across all datasets is

optimized.
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Introduction

Literature

Constrained Clustering
2001 COP-K-means

2004 MPC-K-means

2008 Min-Max

2010 ASC (Ability to Separate between Clusters)

Clustering Algorithm Selection 2014 NPU (Normalized Point-based Uncertainty)

[Ferrari & de Castro] 2015
(Constraint-Based Overlap)CBO 2017
[Pimentel & de Carvalho] 2019

“The question remains open to which extent this and other features can be derived from constraints,
and to what extent this can lead to better clustering algorithm selection.” [rdam & Blockeel 2017]
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Introduction

Hypothesis

Combining CBO with other constraints meta-features and our
proposed meta-feature can help on providing accurate
predictions in CCASP
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Background

Meta-learning System for Clustering

Data sets TRAINING PHASE
— Meta-data
v /\ New
— ~ Dataset
Dataset D,
- Data - Data
: - Characterization Meta-features v
S— Pata
Characterization
Dataset D,
~___
\ 4
Data
meta-features
Clustering Algorithms -
> Performance
Ay, Ay, ., Ag
&_/ TESTING PHASE -
\ 4
A > Meta-model
Meta-learner
i v
Recommended
Rankings
Based on Brazdil, Pavel, et al. Metalearning: Applications to i dqs' CA?” o CAZ
data mining. Springer Science & Business Media, 2008. A ML algorithm: RF, kNN, etc.
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Background
Meta-learning System for Constrained Clustering

Let's now add one more variable in our previous scenario...

For each dataset we may have one or more set of constraints.

Several ways to specify constraints.
Here, we only consider pairwise constraints must-links and cannot-links
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Background

Meta-learning System for Constrained Clustering

Data sets TRAINING PHASE
_— Meta-data New
(I T New Constraint
Dataset Set
S u
Dataset D,
- Data - Data
: - Characterization “1 Meta-features Vv
- Data Constraints
Characterization Characterization
ataset Dy Constraints 5| Constraints
~— Characterization “| Meta-features P
Sets Of Constraints constrained meta??::tures m(;ct);?;er:l:tris
Set s} . Set S, Clustering Algorithms = > Performance
A, Az, e, Ag
\_/ TESTING PHASE -
\ 4
Set S} ces Set ¢
v > Meta-model
Meta-learner
’ v
Recommended
Rankings
As, Az, ..., Ay
A ML algorithm: RF, kNN, etc.
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Background

Meta-instance for CCASP

Dataset D X
B : Constrained
Constraints S Clustering Algorithms
\ 4
Data Constraints Performance
Characterization Characterization Evaluation
Examples: ... .
mean, variance, e
std deviation, \ 2 \ 2 v
kurtosis, .
skewness Data Meta-features Constraints Meta-features Target B
\ / .....
——

META-INSTANCE FOR D; AND S% =
Examples:
a label representing the recommended algorithm,
a sequence of algorithms
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Background

Constraint Based Overlap (CBO)

B First proposed meta-feature for
characterizing constraints

B How the clusters overlap based
on a given set of constraints
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Background

Constraint Based Overlap (CBO)

B First proposed meta-feature for — mustlik — cannot-link
characterizing constraints

B How the clusters overlap based
on a given set of constraints

= the overlap among short
cannot-links

Adam, A., & Blockeel, H. (2017). Constraint-based measure for
estimating overlap in clustering. In Proceedings of the Twenty-Sixth
Benelux Conference on Machine Learning (Vol. 6, pp. 54-61).
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Background

Constraint Based Overlap (CBO)

B First proposed meta-feature for — must-link
characterizing constraints

— cannot-link

B How the clusters overlap based
on a given set of constraints

= the overlap among short
cannot-links

= the overlap among pairs of

parallel must-link and cannot-
link

Adam, A., & Blockeel, H. (2017). Constraint-based measure for
estimating overlap in clustering. In Proceedings of the Twenty-Sixth
Benelux Conference on Machine Learning (Vol. 6, pp. 54-61).
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Meta-features Schema

= CBO
= Features computed from heuristics for selecting constraints

= Histograms built from distances between all pair of instances
(constrained and unconstrained)

=  Qur proposed meta-feature: Constrained Neighborhood

META-INSTANCE SCHEMA

Meta-features Target
CONSTRAINED
CBO illn s ASC , DISTANCE , , NEIGHBORHOOD Sequence of
MAX must-links, cannot-links, unconstrained pairs ] . Algorithms
must-links & cannot-links
— o
—~— —~—
State of Heuristics for Histograms
the art constraint selection
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Proposed Meta-feature

Main Idea

H Assumption:

a well-spread set of constraints can provide
holistic information about the dataset

B Histograms capture the most information possible about the
problem being characterized [Kalousis 2002]
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Proposed Meta-feature

Algorithm

Algorithm CONSTRAINT NEIGHBORHOOD-BASED HISTOGRAM

INPUT:
constraint_set: must-link set (or cannot-link set),
k: maximum number of neighbors

OuTPUT:
h: the histogram in which each bar represents the proportion of shared k-nearest instances

E={} h=]0,...,0]
for each constraint € set_of _constraint do
for i € [0,k] do
for x € constraint do
N = NearestNeighbors(x, i)

hli] = R[i] + 2=
EEUN
end_for
end_for
end_for
return h
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Proposed Meta-feature

Examples

= Same datasets and number of constraints
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Proposed Meta-feature

Examples

= Same datasets and number of constraints
= Different constraints organization — Different histograms
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Proposed Meta-feature

Examples

= Same datasets and number of constraints
= Different constraints organization — Different histograms
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Proposed Meta-feature

Examples

= Same datasets and number of constraints
= Different constraints organization — Different histograms
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Proposed Meta-feature

Examples

= Same datasets and number of constraints
= Different constraints organization — Different histograms

h =[0.3,0.3,0.3]

h =[0.2,0.2,0.1]
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Proposed Meta-feature

Examples

= Same datasets and number of constraints
= Different constraints organization — Different histograms
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Experimental Setup

B Datasets: 23 (available on openml.org)

B Constraints generation

. . Class distribution
B randomly selected (uniform distribution) 400

350
W different sets for the same dataset 3 izg
. . 242
B different number of constraints § 250 100
B 0%, 25%, 50% ,100% over the number of instances 3 ?(5)8
:E’ 100 79
50 29 13
B Protocol: [eave-one-dataset-out 0
123 213 132 231 321 312
Possible rankings
B Clustering algorithms:
B Constrained: COP-K-means (1), MPC-K-means (2), e
B Unsupervised: K-means (3) 2nd COP-K-means

3rd K-means
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Experimental Results

Meta-learner: Random Forest

0.7 0.5
0.4
0.5 035 | S~ —
>
§ 0.4 = 0.3
3 0 < 0.25
0.2 0.15
1 0.1
0. 0.05
0 0
1 2 3 4 5 6 7 8 9 10 50 100 1 2 3 4 5 6 7 8 9 10 50100
Number of trees Number of trees
s CBO @ Qur approach e CBO === Qur approach

The state of the art
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Conclusion

B The larger number of trees: the main advantages of our
approach over CBO

= we have more meta-features for describing the same clustering
problems.

B ARI improvement

= our meta-features contribute to a better decision of which clustering
algorithm should be employed (hypothesis).
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B Incorporate more algorithms
B Select most informative meta-instances (training phase)
B Online learning
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Thank you Questions?
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