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Motivation

 Genetic Fuzzy Systems (GFSs): fuzzy rules + evolutionary algorithms
 Fuzzy rules: knowledge representationy g p
 Evolutionary algorithms: optimization
 Accuracy + readability/interpretability

 TSK-1 fuzzy rules
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Motivation (ii)

 FRULER: accurate and simple TSK-1 fuzzy rule base models for regression

 Simplicity: improve readability/interpretability and generalization abilitySimplicity: improve readability/interpretability and generalization ability
 Linguistic fuzzy partitions with a low number of labels
 Low number of rules
 Regularization of the consequents Regularization of the consequents

S FRULER l bl i f FRULER f Bi D S-FRULER: scalable version of FRULER for Big Data
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FRULER
Fuzzy Rule Learning through Evolution for RegressionFuzzy Rule Learning through Evolution for Regression
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Genetic algorithm

 Codification:

 Generation of the KB: Wang & Mendel + Elastic Net (selected instances)
 Evaluation: training examplesEvaluation: training examples
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S-FRULER
Scalable Fuzzy Rule Learning through Evolution for Regressiony g g g

 Number of partitions:
 Depends on the number of input variables, the maximum granularity of the input 

variables, and the number of instances
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S-FRULER: Map function

 For each node select randomly a subset of variables:
 pm: number of variables for each mapper 
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S-FRULER: aggregation function

 Keep the KB simple: combine the granularities of the different solutionsp p g
 Maximum of n2

map solutions

 Generate the TSK rule bases using the combination of selected instances Generate the TSK rule bases using the combination of selected instances
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Results: FRULER

 28 datasets

 FRULER ranks first

 http://tec.citius.usc.es/stac/
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Results: FRULER for energy optimization

 Model the energy-building behavior and optimize energy efficiencygy g p gy y

 OPERE(EU LIFE program)

 Monte da Condesa building:
 25,000 m2

 2013 power consumption: 5,747 MWh
 SCADA system with 469 variables
 Dorm: 6 floors, > 400 students
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Results: FRULER vs. S-FRULER

Dataset FRULER S‐FRULER

DELAIL 1 46 1 44DELAIL 1.46 1.44

DELELV 1.04 1.12

CAL 2.11 2.18

MV 0.08 0.05

HOU 8.0 8.2

ELV 2.9 3.2

CA 4.6 4.6

POLE 111 124POLE 111 124

PUM 0.367 0.349

AIL 1.4 1.4

 “medium-sized” datasets: <40k examples, <40 variables
 FRULER best in 5 S FRULER best in 3 equal in 2
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 FRULER best in 5, S-FRULER best in 3, equal in 2



Results: runtime of FRULER vs. S-FRULER

 Standalone: HP Proliant with 4 AMD Opteron 6262 HE (64 cores and 128 GB)
 Spark Cluster: Amazon Elastic MapReduce (EMR) 4.0.0 with m3.xlarge 

machines (Intel Xeon E5-2670 v2, 4 cores, 15 GB)
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Results: large dataset

 Prediction of the 3D structure of protein chains
 Estimate the coordination number of a protein Estimate the coordination number of a protein

 Regression: comparison with Mllib
 Runtimes for standalone mode
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Results: large dataset (ii)

 Classification:
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Chemical Shift Prediction

 Predict the chemical shift of the atoms in a molecule

 More than 54,000 examples, 985 input variables

 RF for regression
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Conclusions

 FRULER obtains simple models with high precisionp g p
 Small and medium-sized datasets

 S-FRULER is a distributed version of FRULER implemented with Apache Spark S-FRULER is a distributed version of FRULER implemented with Apache Spark

 S-FRULER has speedups usually larger than the number of dataset partitions 
d h i l bilit hi h th li i b th t d l d l tused, showing an scalability higher than linear in both standalone and cluster 

modes 

 Results demonstrate the capability of S-FRULER to obtain precise and simple 
models in large scale problems.
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Software disponible en: http://tec.citius.usc.es/fruler/p p
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