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Python —*Med

Python is powerful... and fast;
plays well with others;

runs everywhere;
is friendly & easy to learn;
is Open.

These are some of the reasons people who use Python

would rather not use anything else.

O Getting Started i

.
In recent years, Python has rapidly

¢ Friendly & Easy to Learn d d -t '-t 1 I 1 '-t ff 1
Python can be easy to pick up whether you're a first time programmer or you're The community hosts conferences and meetups, collaborates on code, and much e m e rg e u e O I S S I m p I C I yl e I C I e n Cyl
experienced with other languages. The following pages are a useful first step to get more. Python's documentation will help you along the way, and the mailing lists . . . . .

ease of learning, rich third-party libraries,
Beginner's Guide, Non-Programmers = Python Documentation a n d W i d e a p p | i C at i O n .
Beginner's Guide, Download & Installation = Mailing Lists and IRC channels

Code sample and snippets for Beginners

on your way writing programs with Python!

Beginner's Guide, Programmers = Conferences and Workshops

8 Applications Open-source

The Python Package Index (PyPI) hosts thousands of third-party modules for
Python. Both Python's standard library and the community-contributed modules
allow for endless possibilities.

Python is developed under an OSl-approved open source license, making it freely
usable and distributable, even for commercial use. Python's license is administered
by the Python Software Foundation.

= Web and Internet Development = Learn more about the license

Database Access = Python license on OSI

Desktop GUIs = Learn more about the Foundation

Scientific & Numeric

Education

Network Programming

Software & Game Development
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Python —*Med

Sep 2023 Sep 2022 Change Programming Language  Ratings Change
1 1 @ python 1416% 1.58%
2 2 @ 2% 270%
3 4 A @ o 10.65% +0.00%
According to the TIOBE Index website, ' ’ - = = e o
as of September 2023, Python continues s s © o 731 +2.42%
to top the list with a popularity of 14.16%. 6 7 ~ 88 Javascript 3.30% r0.48%
; 6 . @ viuasasc 222% 218%
8 10 A & - 1.55% 013%
0 6 . @ ssembylanguaze  153% -0.96%
10 o . M so 1.44% 057%

TIOBE Index 2023 ERiE i E =S HE{T1E
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https://www.tiobe.com/tiobe-index/

v.’ll\-/[\ed

nstallation

t h GO
e pLJ On O‘ _ .) ANACONDA. Products Pricing Solutions Resources Partners Blog Company

About Downloads Documentation Community Success Stories News Events

STAIE OF

Download the latest version of Pyt & “ \‘\

\
Download Python 3.11.0 \

Looking for Python with a different 0S? Python for Windows,
Linux/UNIX, macOS, Other

DATA S C I E N C E Access the Report

Want to help test development versions of Python? Prereleases,

s o v Data science technology for
a better world.

Anaconda offers the easiest way to perform Python/R data science and

Join the official Python Developers Survey 2022 and win valuable prizes: Start the Survey! | Python Developers Survey 2022

machine learning on a single machine. Start working with thousands of
Active Python Releases open-source packages and libraries today.

For more information visit the Python Developer's Guide.

Python version Malntenance status First released End of support Release schedule Download &8

311 bugfix 2022-10-24 2027-10 PEP 664
For Windows

021-104 -1

eal bugfix AR el Python 3.9 « 64-Bit Graphical Installer » 621 MB
3.9 security 2020-10-05 2025-10 PEP 596 Get Additional Installers

38 security 2019-10-14 2024-10 = e D

37 security 2018-06-27 2023-06-27 PEP 537

Download Anaconda

Download Python
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https://www.python.org/downloads/
https://www.anaconda.com/download/

Python installation (optional) —*Med

jupyter

DOWNLOAD

Full-fledged Professional or Free

Free software, open standards, and web services for interactive computing across all programming languages

Download Jupyter

2 - X



https://www.jetbrains.com/zh-cn/pycharm/
https://jupyter.org/

: O\,
Basic Knowledge Med

Data Types Arithmetic Operators
Name Notation = Examples
Name Notation = Declaration e.g.
Addition + a+b
Integers Int a=10 Subtraction - c-b
Floating float b=314 Multiplication ’ X"y
: Division X/z
Complex  complex c=1+2 4 4
Modulus % x%a
Strin str d = 'Python’
J vt Exponent x a**x
@ SUSTech iz
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Basic Knowledge

Basic Data Structures

Name Nation Declaration e.g.
Tuple tuple b =(1,2.5, ‘data’)
List list c = [1,2.5,'data']
Dictionary  dict d = {Name": 'Kobe', 'Country":'US'}
Set set e = set(['u’,'d",'ud’,'d",'du’])

o 7T (tuple) REJUMAERILIEHL,

o FIZR (list) LLITTEERIE,

o FH (dict) E2—MEEXNFENSR.

o &£5 (set) ENRFIE—RITFESHTR,

‘ Southern Universit
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Basic Knowledge Med

Conditions Loops

for...in ... : statement A
OGS R I ES), W% Srange (start,end,step) —Efffi], start ViR, end HEEH{H, stepiibic. N,
range(e,8,1) #yii[e, 1, 2, 3, 4, 5, 6, 7]

2/ # forflirangeff1¥¥l v example of for and range
while ...: statement A # WG {EHER U Ndefault start of range is O
B2 HATAIER], P Ewhileff) %1k, # AACERIME Adefault step of range is 1
for i in range(2, 1@, 3):
print(i)
= 14557
print(1l)

# white to sum up 1 to 100

a==o

sumup = 0

while a < 100 :
a+1

sumup += a
print ( sumup)
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Basic Knowledge Med

Function Declaration

def MaxO0fTwo (x1, x2):
1f x1 >= x2:

o 5, AENU N (Functions are defined as) return x1
else:
def  TheNameOfFunction(paral, para2): FEIIRL 27
return Outcome a =1
b =2
w . . c = MaxOfTwo(a, b)
BREN (F5i%) RERYEIHE R SRR E AT Hil print(c)

% SUSTech
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Learning Materials

https://www.python.org/

https://www.runoob.com/python/python-tutorial.html

https://github.com/MurphyWan/Python-first-Practice

Other library recommended to learn:
* NumPy
* Pandas
e Scikit-Learn (Machine Learning)
* Scipy
* Deep Learning Library
* TensorFlow
* PyTorch

Med



https://www.python.org/
https://www.runoob.com/python/python-tutorial.html
https://github.com/MurphyWan/Python-first-Practice

v‘ﬁed

Q1: Any question?
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Machine Learning Platform —%Med

E.g.: Diabetes Progression Prediction

|

Sklearn 0 Dataset \ fChoose mode\ \(Evaluation & :
: Start Trainin “\ Visualizati

intro ) I: ( Intro J K 9) KVlsua ization ) '

. . [
N N\ ) = C\.f N N 7 o N\ )\
I - 0
- = |l Ellegl |22lsSll8 I8 | w8l & |
° sl 2hl 3l 2allz8 |cclieglicallct | < |as] & |
= < c | - > © O O gll= S| © o O = o = =
== o lIT |53 e |- =2 g
A NN AN A N N A N/ NI A N N NP AN,
i B S S S o e ymmm———— == = v - ==
| |
| |
% % —>(Other Task) { Visualizatio )
APl is all Dataset T
you need Preprocessing Other
Learning [Evaluatlon
Paradigm
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Scikit-Learn —%Med

Scikit-Learn is currently one of the most popular
machine learning libraries. It efficiently implements
various commonly used machine learning algorithms,
with clean code, unified style, and rich and practical
online documentation. This makes it one of the most
popular libraries in the field of machine learning.

6 Southern University
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Classification

Identifying which category an object belongs to.

Applications: Spam detection, image recognition.
Algorithms: SVM, nearest neighbors, random forest,
and more...

Dimensionality reduction

Reducing the number of random variables to
consider.

Applications: Visualization, Increased efficiency
Algorithms: k-Means, feature selection, non-
negative matrix factorization, and more...

Southern University

? SUSTech::=:-

Regression

Predicting a continuous-valued attribute associated
with an object.

Applications: Drug response, Stock prices.
Algorithms: SVR, nearest neighbors, random forest,
and more...

Boosted Decision Tree Aegression

Model selection

Comparing, validating and choosing parameters and
models.

Applications: Improved accuracy via parameter
tuning

Algorithms: grid search, cross validation, metrics,
and more...

Scikit-Learn

Clustering

Automatic grouping of similar objects into sets,

Applications: Customer segmentation, Grouping
experiment outcomes

Algorithms: k-Means, spectral clustering, mean-
shift, and more...

K-means CiSTenng on the Ggits Sataset (PCA-reduced Gata)
Controwds aew marked wih white cross

Preprocessing

Feature extraction and normalization.

Applications: Transforming input data such as text
for use with machine learning algorithms.
Algorithms: preprocessing, feature extraction, and
more...

The code functions of Scikit-Learn can be
roughly divided into six parts: classification,
regression, clustering, dimensionality
reduction, model selection, and
preprocessing, as shown in the left figure.

v‘ﬁed




Scikit-Learn installation —*Med

Installing the latest release

Operating System | /[0 macOS  Linux

Packager ||} conda There are many ways to install scikit-learn:

* Official Release: _Installing scikit-learn — scikit-learn 1.3.0
documentation

e Special versions: _Installing scikit-learn — scikit-learn 1.3.0
documentation

$ pip install -U scikit-learn * Build from source: _nstalling the development version of

scikit-learn — scikit-learn 1.3.0 documentation

Use pip virtualenv

Install the 64bit version of Python 3, for instance from https://www.python.org.

Then run:

In order to check your installation you can use

My favorite: Run the following command

$ python -m pip show scikit-learn # to see which version and where scikit-learn is installed > pip insta" Scikit_learn
% python -m pip freeze # to see all packages installed in the active virtualenv

% python -c "import sklearn; sklearn.show_versions()

6 Southern University
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https://scikit-learn.org/stable/install.html#install-official-release
https://scikit-learn.org/stable/install.html#install-official-release
https://scikit-learn.org/stable/install.html#install-by-distribution
https://scikit-learn.org/stable/install.html#install-by-distribution
https://scikit-learn.org/stable/developers/advanced_installation.html#install-bleeding-edge
https://scikit-learn.org/stable/developers/advanced_installation.html#install-bleeding-edge

Scikit-Learn Dependencies —®Med

Matplotlib: Visualization with Python

Matplotlib is a comprehensive library for creating static, animated, and interactive visualizations in Python.

Dependencies
scikit-learn requires:
*Python

*NumPy
*SciPy
*joblib

threadpoolctl
‘Matplotlib
‘Seaborn

“Jupyter seaborn; statistical data visualization
-Statsmodels

https://matplotlib.org/

http://seaborn.pydata.org/index.html

6 Southern University
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https://matplotlib.org/
http://seaborn.pydata.org/index.html

: O\,
APl is all you need Med

User Guide 3. Model selection and evaluation

1. Su p-E nJ1s E'd |E dIrmin g 3.1. Cross-validation: evaluating estimator performance
= 3.1.1. Computing cross-validated metrics

3.1.2. Cross validation iterators

3.1.3. A note on shuffling

3.1.4. Cross validation and model selection

2. Unsupervised learning

3. Model selection and

. Tuning the hyper-parameters of an estimator
3.2.1. Exhaustive Grid Search

3.2.2. Randomized Parameter Optimization

3.2.3. Tips for parameter search

3.24. Alternatives to brute force parameter search

evaluation
4. Inspection

w
= = = m i\,

5. Visualizations .3. Metrics and scoring: quantifying the quality of predictions

3

'EI'. DEi'IIEI SEt 1: rans fﬂ' rma ti aons = 33.1.The slc.nr'ill'lg parameter: defining model evaluation rules
= 3.3.2. Classification metrics

= 3.3.3. Multilabel ranking metrics

= 3.3.4. Regression metrics

» 3.3.5. Clustering metrics

[ ]

3.3.6. Dummy estimators

7. Dataset loading utilities
8. Computing with scikit-learn

3.4. Model persistence
= 3.4.1. Persistence example
= 3.4.2. Security & maintainability limitations

https://scikit-learn.org/stable/user_guide.html 3.5. Validation curves: plotting scores to evaluate models

= 3.5.1. Validation curve
= 3.5.2. Learning curve

6 Southern University
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https://scikit-learn.org/stable/user_guide.html

Machine Learning Platform

E.g.: Diabetes Progression Prediction

I Dataset \ fChoose mode\ \(Evaluation & :
Intro Start Training Visualization
o D) e i) e )
L7 N/ N\ ) s \( NC NC N C Yo Y )\
ol S el 1828l || Ssif = [
sl 3IES [2Ell88llgsllc s < ||1SE| 2 i
| 2 = o O L o 5 =, © o]l © = |52 =
B O |+ 3 2] - o> € I
A A AN A /A A N S N AN N,
—————————————————————— v L
Vv
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Diabetes Progression Prediction: An Examp1‘é.Med

e Let’s start from a simple tutorial dataset provided
by sklearn.

* The task is to predict the diabetes progression by
some information of the patients:
* Age
Sex
BMI
BP (average blood pressure)
S1-S6 (six blood serum measurement)

07




Load the Dataset —*Med

« What we want (predict):
» disease progression 1 year after (a

value)
import numpy as np
* Inreal problems, data are always needed from sklearn. datasets import load diabetes
to be collected and processed by yourself
but not just simply given to you using a X, vy = load_diabetes (return_X_y=True)

single command. This may be a painful
procedure. However, data is the most
important stuff.

6 Southern University
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Show the Dataset —%Med

print ("Data:”)

print (X[:5])

print ("Target:”)

print(y[:5])

print ("Total samples:”, len(X))

print ("Number of features for each sample:”, len(X[0]))

. int ("Sh f the i :”, X.sh
* You may feel strange with values of age and sex P e o e et X s,

and so on. This is because the value has been Data:

. ’ H [[ 0.03807591 0.05068012 0.06169621 0.02187235 —0. 0442235 -0. 03482076
normallzed' We ” talk abOUt thls Iater' -0. 04340085 -0.00259226 0.01990842 —0. 01764613]

[-0. 00188202 —0.04464164 —0. 05147406 —0. 02632783 —0. 00844872 -0. 01916334
0.07441156 -0.03949338 -0. 06832974 —0. 09220405]

* The whole dataset is too big to be shown, so [ 0.08529891 0.05068012 0.04445121 —0. 00567061 —0. 04559945 0. 03419447
. . 0. 03235593 -0. 00259226 0.00286377 -0.02593034]
we just show the first 5 samples. [-0. 08906294 —0. 04464164 —0. 01159501 —0. 03665645 0.01219057 0. 02499059

-0. 03603757 0.03430886 0.02269202 -0.00936191]
[ 0.00538306 —0. 04464164 —0. 03638469 0.02187235 0.00393485 0.01559614
0. 00814208 -0. 00259226 —0. 03199144 —0. 04664087] ]
Target:
[151. 75. 141. 206. 135.]
Total samples: 442
Number of features for each sample: 10
Shape of the input: (442, 10)
Shape of the target: (442,)

6 Southern University
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Show the Dataset —%Med

* Supervised learning: Training data include both inputs and outputs
* Data collection: Start with training data D from which experience is learned.
* Data representation: Encode D to be the input to the learning system.
* Modelling: Choose hypothesis space H --- a set of possible models for D.
* Learning: Find the best hypothesis h € H according to some objective.
* Model selection: Select the best model according to some criteria.

* Two categories:

e C(Classification
* Regression

07




Model Selection —*Med

e Ourtask is a regression task, so choose among regression models.

* Here we simply choose linear regression model as our model.

from sklearn. linear model import LinearRegression
from sklearn. metrics import mean absolute error

model = LinearRegression () y=WX
print (model) W* = (XTX)—ley

# This decides whether we use KFold cross validation or not later
use k fold = True

6 Southern University
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Train-Test Split —*Med

To evaluate the generalization of the model, we shouldn’t use the whole dataset to train the model. We
should train the model on a part of the dataset and test it on the remaining part.

e Use the function train_test_split, we can achieve this easily

from sklearn. model selection import train test split

X train, X test, y train, v test = train test split(X, v, test size=0.2, random state=0)
print ("Number of train samples:”, len(X train))
print ("Number of test samples:”, len(X test))

Number of train samples: 353
Number of test samples: 89

6 Southern University
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Train-Predict-Test —%Med

Predict: predict
Test: mean_absolute_error
* where y _iis the predicted value, y_i is the
ground truth value
* (we also has many other metric which will be
decribed later)

Train: fit MAE = b“,l — yil
[

6 Southern University
U I C h of Science and
w e Technology

if not use k fold:
# train the model
model. fit(X train, y_train)

# predict and test
v _pred = model. predict (X test)

# evaluate metric
mae = mean_absolute error(y pred, v test)
print ("Error: %. 4f” % mae)

Error: 46.1742




v‘ﬁed

Cross Validation

StatQuest,

07




K-Fold Cross Validation —*Med

All Data

Training data

Test data

Fold1 | Fold2 | Fold3 | Folda | Folds |

Finding Parameters

Test data

spiitl | Foldl | Fold2 | Fold3 | Fold4 | Fold5
splitz2  Fold1 | Fold2 | Fold3 | Folda | Fold5
Spit3 | Fold1 | Fold2 | Fold3 | Fold4 | Fold5 |
spit4 | Fold1 | Fold2 | Fold3 | Folda | Fold5 |
Split5  Foldl | Fold2 | Fold3 | Fold4 || Fold5 |/

Final evaluation {
https://scikit-

learn.org/stable/modules/cross validation.html#c

omputing-cross-validated-metrics

6 Southern University
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if use_k fold:

# enable KF—Fold
from sklearn. model selection import KFold

kf = KFold(n_splits=5, shuffle=True)
v_pred = np. zeros (len (X _test))
score = 0
for k, (train, test) in enumerate (kf. split(X train, y_train)):
model. fit (X train[train], vy train[train])
print ("[fold {0}] score: {1:.5f}". format (
k,
model. score (X train[test], y train[test]),
)
score += model. score (X train[test], y train[test])
v_pred += model. predict (X test)
v_pred /= kf.get n splits()
score /= kf.get n splits()
mae = mean absolute error(y pred, v test)
print ("Error: %. 4f, Score: %.4f” % (mae, score))

[fold 0]
[fold 1]
[fold 2]
[fold 3]
[fold 4]

score:
score:
score:
score:
score:
Error: 46.1702,

0. 44948
0. 55197
0. 54490
0.57494
0.47988
Score: 0.5202


https://scikit-learn.org/stable/modules/cross_validation.html#computing-cross-validated-metrics
https://scikit-learn.org/stable/modules/cross_validation.html#computing-cross-validated-metrics
https://scikit-learn.org/stable/modules/cross_validation.html#computing-cross-validated-metrics

Visualization

v‘ﬁed

Diabetes Results

* Asimple value is not intuitive!
* We have to visualize the result!
* matplotlib

250

import matplotlib. pyplot as plt
%matplotlib inline

fig, ax = plt.subplots(1l, 1, figsize=(6, 6))
plt.title("Diabetes Results”)

plt. xlabel (“True Values”)

plt. ylabel ("Predicted Values”™)

plt.axline((200, 200), slope=1, color= grey’ , linestyle=(0,
plt. scatter(y_test, v _pred, color= black’, alpha=.6)

the label on the top right corner
xmin, xmax = ax. get_xlim()
ymin, ymax = ax. get_ylim()
text = "MAE: ' + str(mae)

% generate

plt. text (xmax — 0.01 * xmax, ymax — 0.01 * ymax, text, verticalalignment= top ,

horizontalalignment="right’, fontsize=10)

plt.axis( scaled’)
plt. show()

Southern University
of Science and
Technology
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Machine Learning Platform —% Med

E.g.: Diabetes Progression Prediction

|
Sklearn ' i ‘ Dataset \ (Choose modem \(Evaluation & ' | ‘e
] Start Training | vi lizati
Intro " Intro J K J K isualization

I
N (= [ g./ X Y( Y2 Y oV
- = /| S Hexl 1823z | . S esl = |
S 3 Sh 2l 2llz8 S alicallcsf ] < (22 2|
= < c | c S o O OV ol s Sl c of] © = o= o
- || = O T — %3 — g: A — LC g g I
Dﬁ I
NN\ /N AN N NS N N N \_yé;yul'
) ——mrT e = - y- - - === = vy - ==
| |
| |
% % —>(Other Task) { |suaI|zat|orD
is all Dataset T v
you need Preprocessing Other
Learning (Evaluation
Paradigm
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Preprocessing Data

* The sklearn.preprocessing package provides
several common utility functions and
transformer classes to change raw features
into representations more suitable for
downstream tasks.

* In general, learning algorithms benefit from
the standardization of datasets. If there are
some outliers in the collection, scaling or
transformation is generally required.

6 Southern University
h of Science and
w Technology

O N A WN

v. Med

Standardization, or mean removal

and variance scaling

Non-linear transformation

Normalization

Encoding categorical features

Discretization

Imputation of missing values
Generating polynomial features

Custom transformers



https://scikit-learn.org/stable/modules/preprocessing.html#standardization-or-mean-removal-and-variance-scaling
https://scikit-learn.org/stable/modules/preprocessing.html#standardization-or-mean-removal-and-variance-scaling
https://scikit-learn.org/stable/modules/preprocessing.html#non-linear-transformation
https://scikit-learn.org/stable/modules/preprocessing.html#normalization
https://scikit-learn.org/stable/modules/preprocessing.html#encoding-categorical-features
https://scikit-learn.org/stable/modules/preprocessing.html#discretization
https://scikit-learn.org/stable/modules/preprocessing.html#imputation-of-missing-values
https://scikit-learn.org/stable/modules/preprocessing.html#generating-polynomial-features
https://scikit-learn.org/stable/modules/preprocessing.html#custom-transformers

Decomposing Signals in Components —" Med

1. Principal component analysis (PCA)
2. Truncated singular value i
decomposition and latent semantic s
analysis
3. Dictionary Learning - § B
4. Factor Analysis ) $
5. Independent component analysis e ! :
(ICA) 5 w0 5
6. Non-negative matrix factorization .
(NMF or NNMF) R R | |
7. Latent Dirichlet Allocation (LDA) C e " s
% SUSTech =



https://scikit-learn.org/stable/modules/decomposition.html#principal-component-analysis-pca
https://scikit-learn.org/stable/modules/decomposition.html#truncated-singular-value-decomposition-and-latent-semantic-analysis
https://scikit-learn.org/stable/modules/decomposition.html#truncated-singular-value-decomposition-and-latent-semantic-analysis
https://scikit-learn.org/stable/modules/decomposition.html#truncated-singular-value-decomposition-and-latent-semantic-analysis
https://scikit-learn.org/stable/modules/decomposition.html#dictionary-learning
https://scikit-learn.org/stable/modules/decomposition.html#factor-analysis
https://scikit-learn.org/stable/modules/decomposition.html#independent-component-analysis-ica
https://scikit-learn.org/stable/modules/decomposition.html#independent-component-analysis-ica
https://scikit-learn.org/stable/modules/decomposition.html#non-negative-matrix-factorization-nmf-or-nnmf
https://scikit-learn.org/stable/modules/decomposition.html#non-negative-matrix-factorization-nmf-or-nnmf
https://scikit-learn.org/stable/modules/decomposition.html#latent-dirichlet-allocation-lda

. Linear Models

Linear and Quadratic Discriminant
Analysis

Kernel ridge regression

Support Vector Machines
Stochastic Gradient Descent
Nearest Neighbors

Gaussian Processes

Cross decomposition

. Naive Bayes

N =

©ONDU AW

10.
11.
12.
13.
14.
15.
16.
17.

~—~ ’M\ed

Decision Trees

Ensemble methods

Multiclass and multilabel algorithms
Feature selection

Semi-Supervised

Isotonic regression

Probability calibration

Neural network models (supervised)
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Clustering Med

MiniBatchKMea®sfinityPropagation MeanShift SpectralClustering Ward AgglomerativeClusteringDBSCAN OPTICS Birch GaussianMixture
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Method name
K-Means

Affinity
propagation

Mean-shift

Spectral
clustering

Ward hierarchical
clustering

Agglomerative
clustering

DBSCAN
OPTICS
Gaussian mixtures

Birch

6 Southern University
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Parameters
number of clusters

damping, sample
preference

bandwidth

number of clusters

number of clusters
or distance

threshold

number of clusters
or distance
threshold, linkage
type, distance

neighborhood size

minimum cluster
membership

many

branching factor,
threshold, optional
global clusterer.

Clustering

Scalability

Very large n_samples,
medium n_clusters
with

MiniBatch code

Mot scalable with
n_samples
Not scalable with

n_samples

Medium n_samples,
small n_clusters

Large n_samples and
n_clusters

Large n_samples and
n_clusters

Very large n_samples,
medium n_clusters

Very large n_samples,
Iarge n_clusters

Not scalable

Large n_clusters and
n_samples

Usecase

General-purpose, even cluster
size, flat geometry, not too many
clusters

Many clusters, uneven cluster
size, non-flat geometry

Many clusters, uneven cluster
size, non-flat geometry

Few clusters, even cluster size,
non-flat geometry

Many clusters, possibly
connectivity constraints

Many clusters, possibly
connectivity constraints, non
Euclidean

distances

Non-flat geometry, uneven
cluster sizes

Non-flat geometry, uneven
cluster sizes, variable cluster

density
Flat geometry, good for density
estimation

Large dataset, outlier removal,
data reduction.

\/. Med

Geometry (metric used)
Distances between points

Graph distance (e.g.
nearest-neighbaor graph)

Distances between points

Graph distance (e.qg.
nearest-neighbor graph)

Distances between points

Any pairwise distance

Distances between nearest
points

Distances between points

Mahalanobis distances to
centers

Euclidean distance
between points
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Scoring Function Comment
Classification

‘accu racy‘ metrics.accuracy_score

'I:Z!I"El|EII'II:ZIE!d_EIl:ZvI.'ZLll’.'-ili.':jﬁ.-fI metrics.balanced_accuracy_score

‘average_precision’ metrics.average_precision_score

'neg_brier_sco re’ metrics.brier_score_loss

1 metrics.fl_score for binary targets
r’F'l_n"lichl-F metrics.fl_score micro—averaged
t1_macro’ metrics.fl_score macro-averaged
‘f1_weighted’ metrics.fl_score weighted average
f1_samples’ metrics.fl_score by multilabel sample
'neg_log_loss’ metrics.log_loss requires predict_proba support
‘precision’ etc. metrics.precision_score suffixes apply as with “f1’
recall’ etc. metrics.recall_score suffixes apply as with ‘1’
‘jaccard’ etc. metrics.jaccard_score suffixes apply as with 1’
‘roc_auc’ metrics.roc_auc_score

roc_auc_ovr’ metrics.roc_auc_score

roc_auc_ovo' metrics.roc_auc_score

roc_auc_ovr_weighted’ metrics.roc_auc_score
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Some of these are restricted to the binary classification case:

precision_recall_curve(y_true, probas_pred, *) Compute precision-recall pairs for different probability thresholds
roc_curve(y_true, y_score, *[, pos_label, ...]) Compute Receiver operating characteristic (ROC)

Others also work in the multiclass case:
bala nced_accuracy_scnr‘e{y_tr’ue, }-‘_pred, *

[..])

cohen_kappa_score(y1, y2, *[, labels, ...]) Cohen's kappa: a statistic that measures inter-annotator agreement.

Compute the balanced accuracy

]
confusion_matrix(y_true, y _pred, *[, ...]) Compute confusion matrix to evaluate the accuracy of a classification.
hinge_loss(y_true, pred_decision, *[, ..])  Average hinge loss (non-reqularized)
matthews_corrcoef(y_true, y_pred, *[, ...])  Compute the Matthews correlation coefficient (MCC)

roc_auc_score(y_true, y_score, * Compute Area Under the Receiver Operating Characteristic Curve (ROC AUC) from
[, average, ...]) prediction scores,
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Classification Metrics

Some also work in the multilabel case:

accur‘acy_scur‘e(y_tr'ue, y_pred, *[, ])
n:lass:i.'Fii:a'l::i.cm_r‘-e|:\u:\'r“l:l:j."_‘[rL.her y_pred, T D)
f1_score(y_true, y_pred, *[, labels, ...])
fbeta_score(y_true, y_pred, * betal, ...])
hamming_loss(y_true, y_pred, *

[, sample_weight])

jaccard_score(y_true, y_pred, *[, labels, ...])
log_loss(y_true, y_pred, *[, eps, ...])
mul'l::i.lahel_confus:i.on_ma'l:r‘ix[:y_‘tl’ue, y_predl *)
prec:i.siun_recall_fscore_suppnrt(}-’_true, vee)
precision_score(y_true, y_pred, *[, labels, ...])
recall_score(y_true, y_pred, *[, labels, ...])

roc_auc_score(y_true, y_score, *[, average, ...])

zero_one_loss(y_true, y_pred, *[, ...])

Accuracy classification score.

Build a text report showing the main classification metrics.

Compute the F1 score, also known as balanced F-score or F-measure
Compute the F-beta score

Compute the average Hamming loss.

Jaccard similarity coefficient score

Log loss, aka logistic loss or cross-entropy loss.

Compute a confusion matrix for each class or sample

Compute precision, recall, F-measure and support for each class
Compute the precision

Compute the recall

Compute Area Under the Receiver Operating Characteristic Curve (ROC AUC) from
prediction scores.

Zero-one classification loss.

And some work with binary and multilabel (but not multiclass) problems:

average_precision_score(y_true, y_score, *) Compute average precision (AP) from prediction scores
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Confusion Matrix

True condition

Southern University

of Science and
Technology

True positive rate (TPR), Recall,
Sensitivity,

probability of detection, Power

_ __2True positive
~ I Condition positive

False positive rate (FPR),
Fall-out,

probability of false alarm

_ I False positive
~ X Condition negative

Positive likelihood ratio (LR+)

- IPR
= FPR

False negative rate (FNR), Miss rate

_ __I False negative
~ I Condition positive

Specificity (SPC), Selectivity,

True negative rate (TNR)

X True negative
~ I Condition negative

Negative likelihood ratio (LR-)
FNR

TNR

Total . . » . Prevalence Accuracy (ACC) =
lati Condition positive Condition negative _ I Condition positive Z True positive + I True negative
population ~ ITotal population X Total population
c - Sne -
Predicted Positive predictive value (PPV), .
.g re |'c'e . False positive, s . (PPV) False discovery rate (FDR) =
5 condition True positive Tvoe | Precision = I False positive
c . ype I error Z True positive I Predicted condition positive
@ positive % Predicted condition positive 3
-] o
] .. . .-
T PrEdIFFEd False negative, . False omission rate (FOR) = Negative predictive value (NPV) =
i3 condition Tvoe | True negative I False negative I True negative
i_* negative ype Il error I Predicted condition negative = Z Predicted condition negative

Diagnostic

odds ratio F; score =
(DOR) o Precision - Recall
_ LR+ Precision + Recall
= L_—

Med
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Q2: Any question?
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Lecture 8 —%Med

o Reviews & Homework

o Python

e Machine Learning Platform

o Deep Learning Platform

07
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History

¢ T Caff ® 2013--Caffe
b C(atte ® 2017--Caffe2

- ‘ PR—
Merits: flexible. dynamic. user-friendly Merits: fast(based on C++)
Demerits: based on Lua Demerits: not flexible

V4
o o7ty () PyTo rch

® 2018--PyTorch v0.4

® 2002--Torch
® 2011--Torch7
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History —® Med

Amazon

2=l || 28

MindSpore

fof B2 . X-Deep Learning

/\K: Mobile Al Compute Engine
Google

Facebook
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PyTorch TensorFlow 1 TensorFlow 2

MERE JdkAkk Ak Ak B o o o dF
E20 * %k * Eeeeed : Ak |
TA& ** K * %k k% * %
HARR e e d *k* * %
EFRE A A KK | ** *x kX
| R 0.0.0.0. 0 * KAXXK..
s Peeed *

KRBTSR * k% * %k %




How to build a model? —*Med

 Install pytorch START LOCALLY

Select your preferences and run the install command. Stable represents the most currently tested and
supported version of PyTorch. This should be suitable for many users. Preview is available if you want the
latest, not fully tested and suppaorted, builds that are generated nightly. Please ensure that you have met
the prerequisites below (e.g., numpy), depending on your package manager. Anaconda is our
recommended package manager since it installs all dependencies. You can also install previous versions of

PyTorch. Note that LibTorch is only available for C++.

PyTorch Build Stable (1.13.0) Preview (Nightly) LTS (1.8.2)
Package Conda [ LibTarch Source
Language Python C++[Java

Compute Platform CUDA 116 CUDA 117 ROCEmS52 CPU
Run this Command: conda install pytorch torxchvision torchaudio cpuonly -c pytoxch
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How to build a model?

 Install pytorch

» Decide the model you want to realize
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\ \\ Sl S
SXSXG 5X5X16 5X5X120
E—

32x32x1 28X28X6

\\7:{%;@%“lsih

55X55X48

224%224%3
’“(1

55X55X48

\_

13X13X128

14X14 X6 10x10X16 5X5X16 1x1x120 10(3@5‘;'])
5 ﬁﬂ X X X
fii 27627 X48 X128 13><13X156xm 13><13xmx1yz 13513 X192 X1
27X27X48 27X27X128 13X13X128 13X13X192 13X13 X192 13X13X128
i #H H
\xnxaxuxz i %HXB X256 X192 13X13 X192 X192 13313 X192 X12:
27X27X48 27X27X128 13X13X128 13 X13X192 13X13X192 13X13X128

\Drupout \gﬁfg \ Dropout \éﬁk \
3

2048 2048 \ 2048 \ 2048

Drupout iR ! Dropout £
1000351

2048 2048 2048 2048
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"“‘C\ﬁu = \ E
S§X5X120
. — __.‘h,‘

32x32x1 28X28X6 14x14x%6 10x10X16 5X5X16 1x1x120 84 10(2E7)

How to build a model?

 Install pytorch

piukid

i1
5X5X16
E— E—

» Decide the model you want to realize o

* A model may have ...

« Convolutional Layers %\M \%ﬂ%ﬁ%ﬁ_\ﬁi\% -
+‘/'
® FuIIy-COnneCted Layers -t!‘,-'{l ® 55X55X48 27X27X48 27X27X128 13X13X128 13X13X192 13X13X192 13X13X128

« Batch Normalization Layers :

. 224x224%3 . i P - =R BB LR
d P I L d 7 27 X27X48 X128 / 13 X13 X256 X192 13 X13 X192 X192
oolin avers g s ;
S5X55X48 27X27X48 27X27X128 13X13X128 13X13X192 13X13X192 13X13X128

=

10005l
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How to build a model?

 Install pytorch
» Decide the model you want to realize

* A model may have ...

« Convolutional Layers
Fully-connected Layers
Batch Normalization Layers
Pooling Layers

« How to train a model?

6 Southern University
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Loop

Train: [ Load data Model » Loss

Backward

Predict: {[ Load data ]—>

Model ={ Prediction ﬂ
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| Tensor_

Common API

[

]
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[

|

[

)

utls

Contrainers data types grad x.cuda() Adam model_zoo
Conv Layers Operations: backward device SGD tensorboard
Pooling Layers +-x/ RMSprop

Padding Layers new_empty Ir_scheduler

Norm Layers new_ones

Linear Layers new_zeros

Loss Functions abs

Vision Layers asin/acos/atan
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torch.nn Containers
Module Base class for all neural network modules.
Sequential A sequential container.
ModuleList Holds submodules in a list.
ModuleDict Holds submodules in a dictionary.
ParameterlList Holds parameters in a list.
ParameterDict Holds parameters in a dictionary.
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Convolution Layers

torch.nn

Applies a 1D convolution over an input signal composed of

nn.Convld i
several input planes.
Applies a 2D convolution over an input signal composed of
nn.Conv2d PP i P g P
several input planes.
e TorTad Applies a 3D convolution over an input signal composed of

several input planes.

Applies a 1D transposed convolution operator over an input

nn.ConvTransposeld . i
image composed of several input planes.

Applies a 2D transposed convolution operator over an input

nn.ConvTranspose2d i i
image composed of several input planes.

Applies a 3D transposed convolution operator over an input
image composed of several input planes.

nn.ConvTranspose3d

nn.Unfold Extracts sliding local blocks from a batched input tensor.

Combines an array of sliding local blocks into a large
containing tensor.

nn.Fold
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Applies a 3D average pooling over an input signal composed

nn.AvgPool3d .
of several input planes.
torch.nn
e eEioraINesPosIZd Applies a 2D fractional max pooling over an input signal
Pooli ng |aye rs composed of several input planes.
e WeaxFos T Applies a 1D max pooling over an input signal composed of TITITIEE Applies a 1D power-average pooling over an input signal
’ several input planes. ‘ composed of several input planes.
Applies a 2D max pooling over an input signal composed of an . LPPool2d Applies a 2D power-average pooling over an input signal
nn.MaxPool2d several input planes composed of several input planes.
Applies a 1D adaptive max pooling over an input signal
Applies a 3D max pooling over an input signal composed of nn.AdaptiveMaxPool1ld L 5 ; - PR
nn.MaxPool3d X composed of several input planes.
several input planes.
Applies a 2D adaptive max pooling over an input signal
. .AdaptiveMaxPool2d
nn.MaxUnpoolid Computes a partial inverse of MaxPoolld. n.AcaptiveXaxTeo. composed of several input planes.
nn.MaxUnpool2d Computes a partial inverse of MaxPool2d. nn . AdaptiveNaxPool3d Applies a 3D adaptive max pooling over an input signal
composed of several input planes.
nn.MaxUnpool3d Computes a partial inverse of MaxPool3d. . . . ; .
nn. AdaptiveAvgPoolld Applies a 1D adaptive average pooling over an input signal
composed of several input planes.
an. AvgPoolld Applies a 1.D average pooling over an input signal composed
of several input planes. on. AdaptiveAvgPoolzd Applies a 2D adaptive average pooling over an input signal
' composed of several input planes.
Applies a 2D average pooling over an input signal composed
nn.AvgPool2d Applies a 3D adapti li i ignal
of several input planes. A Aap EiveAvEPooL5d pplies a 3D adaptive average pooling over an input signa

composed of several input planes.
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torch.nn

nn

nn.

nn.
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=

nn.

n
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n
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Common API

Padding Layers

.ReflectionPadld

ReflectionPad2d

ReplicationPadld

.ReplicationPad2d

ReplicationPad3d

.ZexroPad2d

.ConstantPadld

.ConstantPad2d

.ConstantPad3d

Pads the input tensor using the reflection of the input
boundary.

Pads the input tensor using the reflection of the input
boundary.

Pads the input tensor using replication of the input
boundary.

Pads the input tensor using replication of the input
boundary.

Pads the input tensor using replication of the input
boundary.

Pads the input tensor boundaries with zero.

Pads the input tensor boundaries with a constant value.

Pads the input tensor boundaries with a constant value.

Pads the input tensor boundaries with a constant value.
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torch.Tensor Data type

Common API

\/.’M\Cd

dtype CPU tensor GPU tensor
torch.float32 or
32-bit floating point torch.FloatTensor torch.cuda.FloatTensor
torch.float
torch.floaté64 or
64-bit floating point torch.DoubleTensor torch.cuda.DoubleTensor
torch.double
torch.floatlé or
16-bit floating point 1 torch.HaliTensor torch.cuda.HalfTensor
torch.halt
torch.cuda.BFloatl6Tenso
16-bit floating point 2 torch.bfloatl6 torch.BFloatl6Tensor
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MNIST

COCO

CIFAR

ImageNet

ImageFolder

DatasetFolder
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Common API

[ )

AlexNet
VGG
ResNet

DenseNet
FCN

Deeplab

Resize

Crop

Colorlitter

Flip

Rotation

Affine

Med




Example: AlexNet —%Med

] i

138 2048 \/ zoag \dense

152 142

=L W
--.n.___l.-- = ..rr

- 5 EE C e .-.-.: I_J‘u.- 3|' i
) 27 AT

B -

dense | [dense

- "
LR (L
137
o
a ® N

000

X s

192 142 128 Max

Strid Max 128 Max pooling
lof 4 pooling pooling

204 2048
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Example: AlexNet — Model

forward(
out

out

out =
out
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Example: AlexNet — Main

Loop
4 I
1 i 1 [
[Load dataJ 1 Model J 1 Loss ]
‘\_/
\_ Backward )
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Learning resources
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Course
\ / Docs \ / Code \
W EAFMOOC
cspn gl GitHub
L @ 0 :
BHR LR E M % PyTOI’Ch \6 gltee/
pytorch.org
coursera k /
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