@
Tutorial on
Machine Learning Tools
Yanbing Xue
Milos Hauskrecht
o

e
< U ) @9( />)



u
Why do we need these tools?

* Widely deployed classical models
* No need to code from scratch

* Easy-to-use GUI

)



* Matlab Apps

* Weka 3 Ul

* TensorFlow

Outline



Outline

* Matlab Apps

* Introduction
* App for Classification (Classification Learner)
* App for Regression (Regression Learner)

* App for Time Series (Neural Net Time Series)
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Matlab Apps - Introduction

* What are Matlab apps?
* A set of apps that can complete basic tasks related to machine learning

* For machine learning models:
* Classification
* Regression
* Clustering
* Time series
* For Applications:

* Signal processing, biomedical computing, marketing, etc @
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Classification Learner

* An app including multiple classical classifiers:

* Logistic regression, decision tree, discriminant analysis, SVM, kNN,

ensembling methods, etc

* We can launch classification learner by clicking Classification

Learner
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@Workflow

* Step 1: importing data

* From a matrix in current
workspace, OR == =

Eeature PCA All Quick- All All Linear  Fine Tree
* From an external file Selection To-Train

MODEL TYPE

-

From Workspace
('XISI 'Tth .CSV, e’rc) E::::I Start a new session by selecting data from ft
the workspace and specifying a validation scheme

From File
Start a new session by importing data
fram a file and specifying a validation scheme
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@Workflow

J

Response
[ ] .
Step 2‘ arNamed categorical 2 unigue e
* Specify the target (response .
P Y 9 ( P ) Validation

* Specify the validation R ._

(®) Cross-Validatiory
(K'fOId cross validation or X% Protects againzt overfiting by partitioning the data =et

into folds and estimating accuracy on each fold.

holdout validation)

Cross-validation folds: 5 folds

[ |

(") Holdout Validation

Recommended for large data sets.
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@Workflow

Feature  PCA
Selection
. VarMamel
e Step 3: feature reduction
VarMame?
* Feature selection S e
VarMamed
* Directly remove certain VarName5
features VarName6
VarMName7
°
PCA VarMame8
* Specify the proportion of - — -
information preserved ' A & = o
P PCA Cuadratic  Cubic SVM Fine - Advanced
(explained variance), OR SVM Gaussian... |
* Specify the number of !
Enable PCA: ol
components preserved
P P Component reduction criterion: Specify explained variance W
Explained variance (percent): 95> /

Mumber of numeric components:
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@Workflow

* Step 4: model selection

* Step 5: start training

* By clicking ’;)

Train

GET STARTED

e
All Quick- All All Linear
To-Train

DECISION TREES

N Y

Fine Tree  Medium  Coarse Tree  All Trees
Tree

DISCRIMIMANT AMALYSIS

All

Linear Quadratic
Discrimin... Discrimin... Discrimin...

LOGISTIC REGRESSION CLASSIFIERS

Logistic
Regression

SUPPORT VECTOR MACHIMNES

B
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259

Linear SVM Quadratic Cubic SVM Fine Medium Coarse
SWM Gaussian... Gaussian.. Gaussian..
All sVMs
MEAREST MEIGHBOR CLASSIFIERS
Fine KMNMN  Medium Coarse Cosine Cubic KNM - Weighted

KMM KNP KM

All KNMs

EMSEMBLE CLASSIFIERS

Boosted Bagged Subspace  Subspace RUSBoos.

Trees Trees Discrimin... KMM
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@Workflow

Step 6: plotting

Confusion matrix

ROC Curve

£

Confusion ROC Curve

Matrix

Maodel 1
0 440 60
W
)
o
o
W
=
|_
f'_ % 1 130 138
o 7
Predicted class
Maodel 1
1
0.8
=2
[
o 06
=
jor (0.12,0.51) AUC =0.80
(=}
ﬂé‘ 0.4
|_
0.2
ROC curve
Area under curve (AUC)
®  Current classifier

o O

0.4 0.6

False positive rate
U
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@Workflow

* Step 7: export model

* To workspace, OR 74
* To workspace w/o training data,
OR Export Model
IE Export the currently selected model in the History

list ta the workspace to make predictions with new data
* Generate code
Export Compact Madel
g Expaort the currently selected model in the Histary list without
its training data to the workspace to make predictions with new data

Generate Code
=+, Generate MATLAB code for training the currently selected
model in the History list, including validation predictions
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Regression Learner

* An app including multiple classical regression models:

* Linear regression, SYM, Gaussian process, regression tree, ensembling trees,

etc

* We can launch regression learner by clicking Regression

Learner
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Predictions: model 4

%“M w

Step 1 ~ 5 are the same

nd

Tin
[T

Step 6: plotting

Response Predicted vs. Residuals
Plot Actual Plot Plot

* Response plot

* True & predicted for each

instance
* Predicted vs actual plot
* Predicted for each true value
* Residuals plot

* (True — predicted) for each

true value

Residuals (VarName14)

Predicted response
5%} P 5] Ll
= o = o
L
L

<

-
=

on

200

250

Record number

300 350 400

Predictions: model 4

10

20

30

40 50

True response

Predictions: model 4
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Neural Net Time Series

* What is time series?

* |In time series, data instances are time dependent

* In classification & regression
* QOutput of current instance <= input of current instance
* In time series

* Output of current instance <= input of current instance & output of previous

instances & input of previous instances

&

* We can launch neural net time series by clicking

Meural Met
Time Series




N/

Q

@Workflow

(®) Nonlinear Autoregressive with External (Exogenous) Input (NARX}

Predict series y(t) given d past values of y(t) and another series x(t).

. R 5 = f(x(t-1), x(t-dl),
» Step 1: model selection X —‘:’7—"3 9|y =t e

yit-1), y(t-d))

* NARX (recommended)

() Nonlinear Autoregressive (NAR)
* Both inpUT and output Predict series y(t) given d past values of y(t).

dependent

(_c "-D_I yit) = fly(t-1), .y (t-d))
* NAR

y Only OUtpr dependent () Nonlinear Input-Output
e NIO Predict series y(t) given d past values of series x(t).

Important Note: NARX solutions are more accurate than this solution. Only
use this solution if past values of y{t) will not be available when deployed.

x| oo ]u:a_[ y() = fx(t-1), ..x(t-d)) Ve
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* Only input dependent



@Workflow

* Step 2: data loading

* From workspace, OR

* Step 3: set feature format

* Cell (scalar)

e Column vector

From file

Row vector

Input time series x(t).

ok Inputs: i(none) F

Target time senes, defining the desired output fit).
'@' Targets: {none) o

Select the time series format. (tonndata)

Time step: @ {ui} Cell column O W] Matrix column O [E] Matrix row

o
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@Workflow

* Step 4: set validation

* Step 5: set architecture
* # of hidden units
e # of delay

* # of dependent previous

instances

W Training: 70%
W Validation: 15% -~

W Testing: 15%
5%
10%
15%
20%
25%
30%
35%

Define a NARX neural network. (narxnet)

Mumber of Hidden Meurons: 10
Mumber of delays d: 2
Problem definition: yit) = fllt-1), . x(t-d),y(t- 1), y(t-d))

e
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@Workflow

* Step 6: select algorithm

* Step 7: start training

* By clicking %) Train

Levenberg-Marquardt

Levenberg-Marquardt
Bayesian Regularization
Scaled Conjugate Gradient

St
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\ Ty & Target Values MSE R \-)
9 W Training: 70 8.10310e-11 9.99999e-1

W validation: 15 3.2518%e-10 0.9999%e-1

@WO r kf I OW W Testing: 15 4.00371e-9 9.99999e-1

Plot Error Histogram Plot Response

Error Histogram with 20 Bins

35 I Training
. . . -Va\itt:lalinn
* Step 8: result visualization » =
25
* Error histogram i
£15
e Distribution of errors b
5
e Response N NN
P 2EBEZ2222sad88322223
TTT IIErr6r5I=Tarlgets -IO|:|tputs e

* True and predicted for each

Response of Output Element 1 for Time-Series 1

instance

+ Training Targets
+  Training Outputs | 7
+ Validation Targels
+  Validation Outputs |#
+ Test Targets
+  Test Oulpuls
Errors

-
B

Response

"
oo |
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* Step 9: generate function 00
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* Weka 3 Ul

* Introduction
* Weka Explorer
* Weka KnowledgeFlow

Outline
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* What is Weka?

Weka - Introduction

* A set of Java APIs for machine learning and data mining with several GUIs

* For machine learning models:

* Classification
* Regression
* Clustering

* Rule-based models



)
®) Weka Explorer

* A more user-friendly GUI
* Multiple data source (local, URL, JDBC, etc)

* Complex data preprocessing techniques

* Machine learning models (SVM, regression, tree, instance-based, rule-

based, Bayesian, etc)

(1 Weka GUI Chooser

Program Visualization Tools Help

b WEKA

. . The Upiversiw
* We can launch explorer by clicking T of Waika
Waikato Envircnment for Knowledge Analysis
Version 3.8.1
(c) 1998 - 2016

The University of Waikato
Hamilton, Mew Zesland

Applications

| Explorer I

Experimenter
KnowledgeFlow
Warkbench
Simple CLI

o
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@Workflow

* Step 1: data loading

* Step 2: feature selection

* Remove selected features

[ Open file... ]l Dpen URL... J[ DpenDB... Jl Generate... J

[

All

Jl Mone Jl Invert Jl Pattern J

Ma.

[ | Name

2 [ ] Attr2
3] Attra
4[] Attrd
5[] Attrs

6 ] Attrs
7| atrT

Remove J @
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@Workflow

Al Eweka i
¥ Eﬂlters N
AllFilter
S’rep 3: fil’rering | MultiFilter
¥ E supenised
* Conversion (e.g. numeric to l*gaﬂribute
> instance
nomindl) Al E unsupenised
» (&5 attribute
* Essential to classification ¥ (& instance
__| MonSparseToSparse
* Normalization | Randomize
__| RemaoveDuplicates
* Discretization __| RemoveFolds
| RemoveFrequentialues
° PCA __| RemoveMisclassified
__| RemovePercentage
. | RemoveRange 9
tee | RemoveWithValues
| Resample [/
ReservnirSamnle k) (
| Filter.. | | Removefilter | | Close J & ‘

9 C/ O) &)(
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@Workflow

* Click for advanced settings

* Hover over the name for

description

* You can use multiple filters

consequently

PrincipalComponents -R 0.95-A 5 -0 -1 | Apply

(#) weka.gui.GenericObjectEditar

weka filters unsupernvised attribute PrincipalComponents

About

of the data.

Perfarms a principal components analysis and transformation More

| Capabilities |

centerData |False

|"]

debug [False

|"]

doMNotCheckCapabilities [ False

|"]

maximumAftriputeMames § 5

maximumattributes § -1

varianceCovered | 0.95

| Open... I Save... || oK

J[ cama | @
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@Workflow

* Step 4: model selection

* Gray items are unavailable

* Click for advanced settings

Choose §J48-C025-M2

¥ Iﬁweka
A\ ﬁ classifiers
» Iﬁ bayes
L4 ﬁfundions
> (& 1azy
> ﬁ meta
» Iﬁ misc
> ﬁ rules
E| DecisionStump
E| HoeffdingTree
[ 48
[ Lw
G

E| RandomFaorest
[ RandomTree
[ REPTree

Close




@Workflow

* Step 5: set validation

* K-fold or x% split

* Step 6: select target

| Usefraining set

) Supplied test set
@ Cross-validation Folds
|_J) Percentage split

|_ Maore options...

10

‘ (Mom) Attrd

[ Start J




@) Workflow —— ‘
AttrZ <= 127

Attré <= 26.4: 0 {132.0/3.0)
Attrg » 26.4
| Rttre <= 28: 0 (180.0/22.0)
Attrf > 28
| Attr2 <= 959: 0 (55.0/10.0)
PY S 7. p LttrZ > 99

Tep ° OUt Ut | Attr? <= 0.361: 0 (24.0/34.0)
Btre7 > 0.561

|
|
|
I |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
-

|
|
| |
. | | | Attrl <= &
* Tree structure (if any) o T e s 1 )
| | | | Attr® > 30
| | | | | Attrd <= 34: 0 (7.0/1.0)
* Error rate Lol 1 avers s 3
| | | | | | Attre <= 33.1: 1 {(&.0) -
. o | | | | | | Attrg > 33.1: 0 (4.0/1.0) v
e Confusion matrix S J W

01:14:05 - frees. 148
01:18:59 - functions . SMO

View in main window
Wiew in separate window
Save result buffer

Delete result buffer(s)

* Step 8: visualization

* True and predicted in 2-d

Load model
feature space Staws o i
o Tree structure (If cmy) oK Re-evaluate model on current test set
Re-apply this model's configuration
* Marginal distribution 375”3:7195'355‘“””“
isualize tree
Yisualize margin curve d
[
ROC Wisualize threshold curve |

L4

_ "CostBenefit analysis
@ Visualize cost curve >
& @ \ Py




* Disadvantage of Weka explorer
* Must load the whole dataset into memory

* Cannot control the workflow among different models

Weka KnowledgeFlow

* Weka KnowledgeFlow is a GUI for building medium-large projects on

large datasets

* We can launch knowledgeFlow by clicking

(#) Weka GUI Choaser

Program Visualization Tools Help

7% WEKA
e The University
of Waikato

e

‘Waikato Environment for Knowledge Analysis
Version 3.8.1

(c) 1999 - 2018

The University of Waikato

Hamilton, New Zealand

Applications

Explorer
fo—

|  Experimenter |

Il KnowledgeFlow JI

Workbench
Simple CLI

o )
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@Workflow

* Step 1: data loading
* Pick a loader for your data
* Click to draw it on the panel

* Double click for advanced

settings

* Select the data file

Design

¥ (& DataSources

= ArffLoader
&% C45l oader

& CSVLoader

&% DataGrid

{" Databaseloader

<% JSONLoader

% LibSVMLoader

<% MatlabLoader

&% gerializedinstancesLoader
&% SVMLightLoader

% TextDirectoryLoader

&% ¥RFFLoader

About

Untitled1 =

CSWloader

Reads a source that is in comma separated format (the default). “ Mare J

bufferSize

dateAftributes

dateFormat

enclosureCharacters

missingValue

noHeaderRowPresent

nominalAttributes

nominalLabelSpecs

numericAttributes

stringAftributes

useRelativePath

100

Wyy-MM-dd THH:mm:ss

fieldSeparator

?

EINEIREIRENAEY

{False

£l

0 java lang.String

{False

Filename

¥|| Browse..

X
[ FE I

)

C
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@Workflow

* Step 2: target settings

In “Filters”

Convert target to categorical
In “Evaluation”

Set target attribute

Set positive class

* Step 3: add other filters

C5hAloader Humeric

Classf==igne Elass"u'hlue Principal
e




@Workflow

* Step 4: validation settings

; (™
AT 1 —-— 4 ""\ =1 " - ‘.x 4 h 4
Ej‘" () . so :;L

C5%Wloader MNurmeric Classfssigner Classhalus Principal Cros=halidation Jag
TaMominal Picker Components Faldivaker

* |n “Evaluation”

* Step 5: model selection

* You must manually check the
availability of the model g

C
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@Workflow

* Step 6: evaluation

* In “Evaluation” @b E@b’

* Generate error rate, confusion

matrix, ROC, etc Graph'dewer Taxt'dewar

: .
* Step 7: visualization d°r moc__ |
i 3 &)

. . . " .—J"E
* In “Visualization” S,
s Classifier fulodel
* Model structure Performmance Evaluat@ferformance Chart
{
* Statistics in texts Q

* ROC and other plots (
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@Workflow

Deleta
C&5vloader
e Step 8: connections ze“;ame“'
onfigure...
atase
select an OUTpUT ’rype instance
Sendto all perspectives
Send to perspective... r
* For data source: ¢ data F"ﬁ.
- : b
<, 4?‘1. ta” J
* Load the whole data, OR : =
C5wWloader Mumeric
* Load by instance ToHominal @

C
&
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@Workflow

test Set *
* For cross validation: t‘%‘ » =iy AP
* Qutput both training and testing et e s

set to the model

* For model: EZ;

* Qutput graph for visualizing the Ph Graphiiewer
e & /
structure Y 90 b Lt |FJ¢'FE
A2 Lo
* Output batchClassifier for
. Ja3 Claszifier
eva |U011‘I0n Perfarmance Evaluator

* For evaluation

* Output text for error rates and Va E l@]
confusion matrix P Graphideer Textewer
F s
* Output visualizableError for ROC 5@'&?&? sy 2’4
- 10%

and other plots
) | . Classifier kol
‘\ ' | Performance Bvaluator Performance Chart
(]
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@Workflow

* Step 9: model building

==-1.067618

/

/
oasono|

<=-1.107056

* Run the flow

iy

5 Graph'Jdewer Delete
- Setname...
batc 'M Configure...
‘?+-muf
= 1nuj
\.
Classifier text

* Right click all the three viewers PerformanceEval

for results

=-1.067618

«=-0.395182

»-1.107056

<=-2778737
/

L

»-0.395182

=-2.778737

T

——

<= 1.052456

=1.052456

Incorrectly Classified Instances 243 31.6406 ¥
Kappa statistic 0.3006

Mean absolute error 0.3788

Root mean squared error 0.4832

Relative absolute srror 83.343¢ %

Root relative squared error 97.188 %

Total Number of Instances 788

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure MCC

0.537 0.238 0.548 0.537 0.542 0.301
0.762 0.4863 0.754 0.762 0.758 0.301
Weighted hwvg. 0.684 0.384 0.8z 0.¢34 0.683 0.301

=== Confusion Matrix ===

a b <-- classified as
144 124 | a=1
119 381 | b=20

how plot

-0.547

-3.86

E ak L

er

Chart

-5.72
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* TensorFlow

* Introduction

* Example — Linear Regression

* Example - CNN



TensorFlow - Introduction

* A multi-language (mainly for Python 3 64bit) APl for the newest deep

learning algorithms

* Convolutional Neural Network

Recurrent Neural Network

Long-Short Term Memory

Autoencoder

o

* For details of functions, please refer to TensorFlow APl and NumPy APIl. We do not have enough time
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explaining each line of the codes in this tutorial
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© Use TensorFlow in PyCharm

* File — New Project

* Select “Inherit global site-packages”

Location: | C\Users\Xue\PycharmProjects\untitled

T Praject Interpreter: New Virtualeny environment
® Mew environment using | %, Virtualenv ~

Location: ChUsers\Xue\PycharmProjects\untitled\veny

Base interpreter: CA\Users\Xue\AppDataiLocal\Programs\Python\Python36\python.exe ~

Inherit global site-packages

[] Make available to all projects
() Existing interpreter
g P

nterpreter: Python 3.6 (venv) ~

( ©
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Generate 100 random scalars as x,
and y=0.1x+0.3

Set w (starting from random) and b

(starting from 0)

Set mean squard error

Set gradient descent (with step
length of 0.5)




Set initializer

Start the workflow

Run for 201 steps and print per
20 steps

Output:




Example - CNN

* Recall CNN in previous slides
* Convolution layer
* Activation function
* Pooling layer

* Fully connected layer

* In this example, we use MNIST data

* 784 features (28%28*1 gray-scale image)
* 10 classes (digit O ~ digit 9)

o M



* Import MNIST data

e Set dimension # of x and class #

of y

* Reshape x into 28%28%*1




@CNN — Convolution Layer

* Set weight & bias

* Size 5%5*1, 32 kernels

e Set activation function
* Rectified Linear Unit (ReLU)
e 28%28%32 fequres |

* Set pooling
o 2¥2 => 1%
* 14%14*32 features




@CNN — Fully Connected Layer

* Flatten all the convolution features

* Set weight & bias & activation

function

W ftcl = £ yariaplel(tc cCruncaced normald | o -

b fcl = tf.V

o 14%14%32 => 1024 featur i il s NS

* No convolution



@CNN — Output Layer

* Set weight & bias

* 10 outputs

* Set predictions

e Softmax function

&




@CNN — Model Settings

* Set generalization error

* Cross entropy

* Set training algorithm

* Adam (step length 1e-4)

* Run for 501 steps and repor

accuracy per 50 steps




Questions?



