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meta-learning

Learning to learn: use machine learning methods to improve learning

Base-level learning Meta-level learning
Application domain | any machine learning
Ex. learning tasks diagnose disease, select learning
predict stocks prices algorithm, parameters
Training data domain-specific meta-data from
observations learning experiments
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Abdulrahman, S. M., Adamu, A., Ibrahim, Y. A., & Muhammad, A. R. (2017). An Overview of the
Algorithm Selection Problem. International Journal of Computer (1JC), 26(1), 71-98.
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Learning to learn: use machine learning methods to improve learning

Implicitly bound to the for algorithm selection
> Based solely on data characteristics.

» Algorithms treated as black boxes.

. Restricted to the current (usually inductive) step of the DM process

: No integration of explicit DM knowledge into meta-learning
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Revised Rice model

Break the algorithmic black box and use both dataset and algorithm characteristics to meta-learn
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» A semantic meta-learning problem would associate Algorithms Descriptors with Dataset
Characteristics based on performance measures

» given some collection of datasets to which some algorithms were applied relying on DCs, the
Algorithms Descriptors, and the algorithms performance measures

» A semantic meta-learning model can in principle make performance predictions for algorithms other
than the ones on which it was created as long as the former are described in the DM ontologies.

» Very similar in nature to collaborative/content based filtering problems
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Data Mining Ontologies
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» The Data Mining Work Flow (DMWF) Ontology.

> http://www.e-lico.eu/ontologies/dmo/e-Lico-eProPlan-DMWEF-HTN.ow!

» The Data Mining Optimization (DMOP) Ontology.

> http://www.e-lico.eu/ontologies/dmo/DMOP/DMKB.owl.



http://www.e-lico.eu/ontologies/dmo/e-Lico-eProPlan-DMWF-HTN.owl
http://www.e-lico.eu/ontologies/dmo/DMOP/DMKB.owl
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» Ontology of Datatypes (OntoDT)

» Ontology of Core Data Mining Entities (OntoDM-core)

» Ontology of Data Mining Investigations (OntoDM-KDD)

Pance Panov Jozef Stefan Institute, Department of Knowledge Technologies, Ljubljana, Slovenia



http://www.ontodm.com/doku.php?id=ontodt
http://www.ontodm.com/doku.php?id=ontodm-core
http://www.ontodm.com/doku.php?id=ontodm-kdd
http://www.pancepanov.com/

} Q, Data Mining Ontologies tZ) <

» The Knowledge Discovery (KD) Ontology

» The OntoDTA ontology

» The KDDONTO Ontology
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An Ontology for Data
Mining Optimization
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. structure the space of DM tasks, data, models, algorithms, operators and
workflows
» higher-order feature space in which meta-learning can take place
. model algorithms in terms of their underlying assumptions and other
components of bias
» allows for generalization over algorithms and hence over workflows

» supports



An Ontology for Data Mining Optimization
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DMOP: content

l
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DM tasks:
» DataProcessingTask
» InductionTask

» HypothesisProcessingTask
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DMOP: DM-Data

'DM-Data

1

DataSet hasTable —| Datalable — hasFeature —»| Feature hasValue —{FeatureValue | Instance

4 NumberOfinstances ‘}
NumberOfCategoricalFeatures ProportionOfMissingValues
NumberOfContinuousFeatures : |
NoiseSignalRatio ContinuousFeatureValue | | CategoricalFeatureValue
AverageFeatureEntropy |

[ ]
[CabeledDataset ContinuousFeature | CategoricalFeature |
? FeatureCorrelation FeatureClassMutuallnformation
. — FeatureHOutlier FeatureEntropy
|CategoricalLabeledDataSet FeatureMaxiumumValue NumberOfDistinctValues !
NumberOfClasses FeatureStandardDeviation :

FeatureValueFrequenciesPerClass
ClassEntropy .
MaximumFishersDiscriminantRatio —> isa 1
VolumeOfOverlapRegion
MaximumFeatureEfficieny
ProportionOfBoundaryPoints

—» Object/data property
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DMOP: DM-Algorithm

RandomComponent
HandlingOfCategoricalFeatures
HandlingOfContinuousFeatures

LearningPolicy
HandlingOfinstanceWeights

- : = ToleranceToNoise
CoordinateSystem FeatureEvaluationTarget A Tolerance ToMissingValues
RangeOfNeighbourhood FeatureEvaluationContext ) - ToleranceTolrrelevantFeatures
TransformationFunction BiasVarianceProfile ToleranceToCorrelatedFeatures

UniquenessOfSolution Tolerance ToHighDimensionality

ClassificationProblemType
HandlingOfClassificationCosts : _
ToleranceToClassimbalance

— object/data property

RulelnductionStrategy TreeBranchingFactor
SampleHandlingForRulelnduction
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Usage of DMOP in semantic meta-mining

DM Workflow DM Optimization
Ontology (DMWF) Ontology (DMOP)
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