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Machine Learning = task + data + objective + algorithm

--Tom Mitchell



Learning = Task + Data + Objective + Algorithm
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Learning = Task + Data + Objective + Algorithm
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Learning = Task + Data + Objective + Algorithm
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Learning = Task + Data + Objective + Algorithm
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Learning = Task + Data + Objective + Algorithm
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Learning = Task + Data + Objective + Algorithm
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Learning = Task + Data + Objective + Algorithm
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Learning = Task + Data + Objective + Algorithm
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Learning = Task + Data + Objective + Algorithm
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LIS X EE/JME (empirical risk minimization)
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ijiu’é(overfitting) VS. Q_'\fl:l«\)\é(underfitting)
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N{mUF(inductive bias)
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Computational learning theory
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o ZZMEME]AFEE (Linear Regression)

- EBIEA|FAE;E (Logistic Regression)

o WiFMIENEE (Support Vector Machine, SVM)
o k-1TEBEZE (K-Nearest Neighbors, KNN)

e k-Means&Ej%

o REMELZL (Decision Tree)

o BEYLAEMELZE (Random Forest)

» FPENMEREIX (Naive Bayes)

o HZZMZE (Neural Network)
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scikit-learn
algorithm cheat-sheet

classification

NOT
'WORKING

NOT TSRS
WORKING

NO

>50
YES samples
predicting a
category

regression

YES
RO NOT

Text WORKING
Data

NO
= | <100K
e samples

YES

YES

do you have
labeled few features
should be

important

number of
categories

clustering

WORKING ‘J; 1dIng
oT
WORKING
YES

o dimensionality
reduction

predicting
structure




Sklearn

https://scikit-learn.org/

Classification

Identifying which category an object belongs to.

Applications: Spam detection, image recognition.
Algorithms: Gradient boosting, nearest neighbors,
random forest, logistic regression, and more...

Regression

Predicting a continuous-valued attribute associat-
ed with an object.

Applications: Drug response, Stock prices.
Algorithms: Gradient boosting, nearest neighbors,
random forest, ridge, and more...

Boosted Decision Tree Regression

2.0 O. ® training samples
L) — n_estimators=1
— n_estimators=300

data

Clustering

Automatic grouping of similar objects into sets.

Applications: Customer segmentation, Grouping
experiment outcomes

Algorithms: k-Means, HDBSCAN, hierarchical
clustering, and more...

K-means clustering on the digits dataset (PCA-reduced data)
Centroids are marked with white cross
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>>> import numpy as np

>>> fromsklearn.linear_model import LinearRegression
>>> X = np.array([100], [110], [180]])

>>>y = np.array([300], [330], [540]])

>>> reg = LinearRegression().fit(X, y)

izt BT -
>>> reg.predict(np.array([[140]]))
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InmlPL2 ] numpy np

En[13] sklearn. linear_model LinearRegression
In [14]: X = np.array([[100], [110], [180]])

Ene 151 = np.array([[300], [330], [540]])

In [16]: = LinearRegression().fit(X,y)

In [17]: reg.predict(np.array([[140]]1))
Out[17]: array([[420.11)

In [18]1: |}
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