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Project Scope

Implement Machine Learning Algorithms in HPCC ECL-ML library,

focusing on:
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ECL-ML Open Source Blueprint
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Experience Progress

Understand Existing

i Code
Implement{c\tlon . Add Functionality Design Modules
Complexity Fix Existing
Modules
i * KNN
Algorlthm Naive Bayes Decision Trees
Complexity e Random Forest
Transformation
Szl . Data Distribution Parallel Optimization
Knowledge Aggregations
Categorical . Mixed
. Continuous
(Discrete) (Future Work)
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Example: Classifying Iris-Setosa
Decision Tree vs. Random Forest

| ) uCI Machine Learning Repos %

C' | @ https://archive.ics.ud.edu/ml/datasets/Iris e —

About Citation Policy Donate a Data Set Contact

o] Repository ® Web

Coogles

Machine Learning Repository View ALL Data Sets

Center for Machine Leaming and Intelligent Systems

Iris Data Set

Download Data Folder Data Set Description

Abstract Famous database; from Fisher, 1936

Data Set Characteristics: Multivariate Number of Instances: || 150 || Area: Life
Attribute Characteristics: || Real Number of Attributes: || 4 Date Donated 1988-07-01
Associated Tasks: Classification || Missing Values? Mo || Number of Web Hits: || 608994
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Example: Classifying Iris-Setosa
Decision Tree vs. Random Forest

// Learning Phase

minNumObj:= 2; maxLevel :=5; // DecTree Parameters
learnerl:= ML.Classify.DecisionTree.C45Binary(minNumObj, maxLevel);
tmodel:= learnerl.LearnC(indepData, depData); // DecTree Model
// Classification Phase

resultsl:= learnerl.ClassifyC(indepData, tmodel);

// Comparing to Original

comparel:= Classify.Compare(depData, resultsl);

OUTPUT(comparel.CrossAssignments), ALL); // CrossAssignment results

#i node id |level number value high fork new node id
1 1 1 4 2.e 2 2
2 1 1 4 2.8 1 3
3 2 2 2 g.a 2 2
4 3 2 3 4.7 e 4
5 3 2 3 4.7 1 5
B 4 3 4 1.5 e 6
7 4 3 4 1.5 1 7
8 5 3 4 1.8 2 8
S 5 3 4 1.8 1 !
12 4] 4 2 1.@ 2 2
11 7 4 2 1.@ 1 e
12 3 4 4 1.7 e 18
13 8 4 4 1.7 1 11
14 9 4 2 2. 1 e
15 1@ 5 2 1.@ 2 2
16 11 5 2 2.@ e e

// Learning Phase

treeNum:=25; fsNum:=3: Pure:=1.0; maxLevel:=5; // RndForest Parameters

ymForest(treeNum, fsNum, Pure, maxLevel);
// RndForest Model

learner2 := ML.Cla

epData, depData);
> 0.6

ata, rfmodel);

rfmodel:= learnerZ
// Classfficafiof P
results2:= trai
// Coniparing to Original

// CrossAssignment results
> 4.57
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Example: Classifying Iris-Setosa
Decision Tree vs. Random Forest

// Learning Phase

minNumObj:= 2; maxLevel :=5; // DecTree Parameters
learnerl:= ML.Classify.DecisionTree.C45Binary(minNumObj, maxLevel);
tmodel:= learnerl.LearnC(indepData, depData); // DecTree Model
// Classification Phase

resultsl:= learnerl.ClassifyC(indepData, tmodel);

// Comparing to Original

comparel:= Classify.Compare(depData, resultsl);

OUTPUT(comparel.CrossAssignments), ALL); // CrossAssignment results

// Learning Phase

treeNum:=25; fsNum:=3; Pure:=1.0; maxLevel:=5;  // RndForest Parameters
learner2 := ML.Classify.RandomForest(treeNum, fsNum, Pure, maxLevel);
rfmodel:= learner2.LearnC(indepData, depData); // RndForest Model
// Classification Phase

results2:= trainer2.ClassifyC(indepData, rfmodel);

// Comparing to Original

compare2:= Classify.Compare(depData, results2);

OUTPUT(compare2.CrossAssignments), ALL); // CrossAssignment results

H#it classifier c_actual c_modeled |cnt
1 1 e e 5@
2 1 @ 1 e

3 1 a8 2 ]

4 1 1 & &

5 1 1 1 45
6 1 1 2 1

7 1 2 e ]

8 1 2 1 2

9 1 2 2 48

## classifier c_actual c_modeled |cnt
1 1 ] e 5@
2 1 e 1 e

3 1 ] 2 e

4 1 1 &

5 1 1 1 5@
6 1 1 2 e

7 1 2 a

8 1 2 1 &

g 1 2 2 5@
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Project Contribution

Supervised Learning
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Overall Summary

e Development of Machine Learning Algorithms in ECL
Language, focused on the implementation of Classification
Algorithms, Big Data and Parallel Processing.

 Added functionality to Naive Bayes Classifier and
implemented Decision Trees, KNN and Random Forest

Classifiers into ECL-ML library.
e Currently working on Big Data Learning & Evaluation :

— Experiment design and implementation of a Big Data CASE
Study

— Analysis of Results.
— Classifiers enhancements based upon analysis of results.

Victor Herrera — FAU — Fall 2014



Thank you.
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