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« HW1 was issued last week and TAs are ready to help!
« Stay Home! Happy Learning!!

C-S David Chen, National Taiwan University



Course FaceBook

Today ...
« Fundamentals and Landscape of Classical
Machine Learning (II) and (III)



Review \
b

* Machine learning:/use data to
compute hypothesis g that
approximate unknown target f.

* |n practice, learning algorithm

@takes training example@and
hypothesis g_t@to get final
hypothesis g. — new ofatu

* Learning is only feasible ina -
probabilistic way and we can
predict something useful outside
the training set D using only D.

Summary

Learning? What
do we mean?

Is learning

feasible?




Fundamentals and Landscape of Classical
Machine Learning (II)

* Learn the framing of supervised learning
» Know the modern machine learning landscape
» Learn the basics of Scikit-Learn

https://www.sli.do/
#073374



Learn the framing of supervised learning

C-S David Chen, Department of Civil Engineering, National Taiwan University



. . . credit: Google, machine learning crash course,
Super\"sedj aChlne Learnlng https://developers.google.com/machine-learning/crash-course
ML models learn /

how to combine input
to produce useful predictions
on never-before-seen data
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Training Data

3

Machine Learning
Algorithm

l

New Data — Flredictive Model —» Prediction
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C-S David Chen, Department of Civil Engineering, National Taiwan University



Supervised Machine Learning

ML models learn
how to combine input

credit: Google, machine learning crash course,
https://developers.google.com/machine-learning/crash-course

to produce useful predictions
on never-before-seen data
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https://www.tesla.com/autopilotAl

AP

(The deep neural) networks learn from
the most éomplicated and diverse
scenarios in the world, iteratively sourced
from our fleet of nearly 1M vehicles in
real time. A full build of Autopilot neural
networks involves 48 networks that take
70,000 GPU hours to train 3 Together,
they output 1,000 distinct tensors
(predictions) at each timestep.

C-S David Chen, Department of Civil Engineering, National Taiwan University



Supervised Machine Learning Terminology

X = f y ,
Label is the variable we’re predicting tFC D) — &

* Typically represented by the variabl
* Features are input variables describing our data
~« Typically represented by the variables {x1, %2, ..., XD}

* Example is a particular instance of data, x (bold indicates a
vector) -
Labeled example has {features, label}: {x, y} D

* Used to train the model =
Unlabeled example has {features, ?}

* Used to making prediction on new data

Model maps unlabeled examples to predicted labels: y’
* Defined byjtraining) parameters, which are learned. 30"’“"

reing
RxcAuple

credit: Google, machine learning crash course,
https://developers.google.com/machine-learning/crash-course

C-S David Chen, Department of Civil Engineering, National Taiwan University



Supervised Machine Learning (Credit Approval)

L P = O, N N

Labeled examples (%% %%

age gender annual yearin yearin current | approval

salary | residence job debt
(feature) | (feature) | (feature) | (feature)| (feature)| (feature) (label)
23 female 1,000,000 1 0.5 200,000 Yes
45 male 500,000 1 0.5 250,000 No
75 male 0 20 0 0 Yes
T 0 ~ t (N T
Unlabeled examples
age gender annual yearin yearin current
salary | residence job debt
(feature) | (feature) | (feature) | (feature)| (feature)| (feature)
45 female 1,500,000 10 5 500,000 @
N —

C-S David Chen, Department of Civil Engineering, National Taiwan University



Fun Time: Supervised Machine Learning  Nttps://www.sli.do/
#073374

Suppose you want to develop a supervised machine learning model to predict
whether a given email is “spam” or “not spam.” Which of the following
statements are true? (% £ #4)

(i) Emails not marked as "spam"” or "not spam" are unlabeled examples.

(ii) The labels applied to some examples might be unreliable.

(iii) We'll use unlabeled examples to train the model.

(iv) Words in the subject header will make good labels.

credit: Google, machine learning crash course,
https://developers.google.com/machine-learning/crash-course

C-S David Chen, Department of Civil Engineering, National Taiwan University



Suppose you want to develop a supervised machine learning model to predict whether a given email is "spam" or "not
spam.” Which of the following statements are true?

Emails not marked as "spam" or "not spam" are unlabeled examples. v

Because our label consists of the values "spam" and "not spam’, any email not yet marked as spam or not spam is an

unlabeled example.

EHERAR 26 (REREFT 28 -

The labels applied to some examples might be unreliable. v

Definitely. It's important to check how reliable your data is. The labels for this dataset probably come from email users who
mark particular email messages as spam. Since most users do not mark every suspicious email message as spam, we
may have trouble knowing whether an email is spam. Furthermore, spammers could intentionally poison our model by
providing faulty labels.

FHEERAT 2@ RBAEEFT 116 -

We'll use unlabeled examples to train the model. (N

We'll use labeled examples to train the model. We can then run the trained model against unlabeled examples to infer
whether the unlabeled email messages are spam or not spam.

EER—R -

Words in the subject header will make good labels. ®

credit: Google, machine learning crash
course,
https://developers.google.com/machine-
learning/crash-course

Words in the subject header might make excellent features, but they won't make good labels.

TEFFIA -
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https://www.sli.do/
#073374

Fun Time: Features and Labels

Suppose an online shoe store wants to create a supervised ML model that will
provide personalized shoe recommendations to users. That is, the model will
recommend certain pairs of shoes to Marty and different pairs of shoes to
Janet. The system will use past user behavior data to generate training data.
Which of the following statements are true? (% i #8)

(i) "Shoes that a user adores" is a useful label.

(ii) "Shoe beauty" is a useful feature.

(iii) "The user clicked on the shoe's description” is a useful label.

(

iv) "Shoe size" is a useful feature.

credit: Google, machine learning crash course,
https://developers.google.com/machine-learning/crash-course

C-S David Chen, Department of Civil Engineering, National Taiwan University



Features and Labels

Explore the options below.

Suppose an online shoe store wants to create a supervised ML model that will provide personalized shoe
recommendations to users. That is, the model will recommend certain pairs of shoes to Marty and different pairs of
shoes to Janet. The system will use past user behavior data to generate training data. Which of the following statements
are true?

"Shoes that a user adores" is a useful label. N

Adoration is not an observable, quantifiable metric. The best we can do is search for observable proxy metrics for
adoration.

EEE—R e

"Shoe beauty" is a useful feature. (N

Good features are concrete and quantifiable. Beauty is too vague a concept to serve as a useful feature. Beauty is probably

a blend of certain concrete features, such as style and color. Style and color would each be better features than beauty.

AR e

“The user clicked on the shoe's description" is a useful label. v

Users probably only want to read more about those shoes that they like. Clicks by users is, therefore, an observable,
quantifiable metric that could serve as a good training label. Since our training data derives from past user behavior, our

labels need to derive from objective behaviors like clicks that strongly correlate with user preferences.

FEERAF 2@ (REAEDRT 118 -

"Shoe size" is a useful feature. <
"Shoe size" is a quantifiable signal that likely has a strong impact on whether the user will like the recommended shoes. . . .

credit: Google, machine learning crash
course,

FRRERIE 2 @ > (REREHRT 2@ - https://developers.google.com/machine-
learning/crash-course

For example, if Marty wears size 9, the model shouldn't recommend size 7 shoes.



Know the modern machine learning landscape

C-S David Chen, Department of Civil Engineering, National Taiwan University



Percentage of machine learning & data science professionals
using each ML software framework,/2019

90%

80%

60%

50%

40%

30

20

10 I .

o H._

R®

ES

ES

22

ngoost Random LightGBM PyTorch Caret Spark Fast.ai Other None

Forest MLib

. Deep - CIassnc

C-S David Chen, Department of Civil Engineering, National Taiwan University




Primary ML tool used by top-5 teams in Kaggle competitions,
2017-2018 (N=120)

Keras

LightGBM
—m

XGBoost
N

PyTorch

TensorFlow

Sci-kit Learn

Fastai

Caffe
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C-S David Chen, Department of Civil Engineering, National Taiwan University



Summary

Know the
modern ML
landscape

Scikit-Learn and Keras (now part of TensorFlow) are
mostly widely used ML software frameworks by ML
professionals.

From 2016 to 2020, the entire machine learning
and data science industry has b&en dominatquLby
these two approaches: deep learning and gradient
boosted trees. Specifically, gradient boosted trees is
used for problems where structured data is
available, whereas deep learning is used for
perceptual problems such as image classification.

Users of gradient boosted trees tend to use Scikit-
Learn, XGBoost or LightGBM. Meanwhile, most
practitioners of deep learning use Keras, often in
combination with its parent framework TensorFlow.

The common point of these tools is they’re all
Python libraries: Python has is by far the most
widely-used language for machine learning and
data science.



Learn the basics of Scikit-Learn

C-S David Chen, Department of Civil Engineering, National Taiwan University



Machine Learning with Scikit-Learn

Extensions to SciPy (Scientific Python) are called SciKits.
SciKit-Learn provides machine learning algorithms.

e Algorithms for supervised & unsupervised learning
* Built on SciPy and Numpy

* Standard Python API interface

* Probably the best general ML framework out there.

credit: Introduction to Machine Learning with Scikit-Learn, District Data Lab

C-S David Chen, Department of Civil Engineering, National Taiwan University



Machine Learning with Scikit-Learn

Primary Features

Generalized Linear Models

SVMs, kNN, Bayes, Decision Trees, Ensembles
Clustering and Density algorithms

Cross Validation

Grid Search

Pipelining

Model Evaluations

Dataset Transformation

Dataset Loading

Qi)

credit: Introduction to Machine Learning with Scikit-Learn, District Data Lab

C-S David Chen, Department of Civil Engineering, National Taiwan University



Machine Learning with Scikit-Learn

Object-oriented interface centered around the concept
of an Estimator:

O

“An estimator is any object that learns from data; it may

be a classification, regression or clustering algorithm or a

transformer that extracts/filters useful features from raw
data.”

credit: Introduction to Machine Learning with Scikit-Learn, District Data Lab

C-S David Chen, Department of Civil Engineering, National Taiwan University



Feature Matri Target Vect
n_featuress—

Machine Learning with Scikit-Learn E. E.
Estimators 1 1
v
. @X, sets the state of the
estimator.
- Xisusually a 2D numpy array of

shape (num_samples,
num_features)
- yisa 1D array with shape
(n_samples,)
0 @m X) returns the class or value

See Introducing_Scikit-Learn.pdf

credit: Introduction to Machine Learning with Scikit-Learn, District Data Lab

C-S David Chen, Department of Civil Engineering, National Taiwan University



