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Course Info. MIRA

 Instructor: Jie Wang (jiewangx@ustc.edu.cn, jiewang@miralab.ai)
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TAs Info. MIRA

Zh|we| Zhuang
First-year graduate

» Undergraduate GPA 3.5

+ School of the
Mathematics

+ Outstanding Student
Scholarship Bronze
Award, 2021 , 2022

Runquan Gui

First-year graduate
Undergraduate GPA 3.7
School of the Gifted
Young

Outstanding Student
Scholarship Silver Awarc;
2023 ¢

Yingi Bai

* First-year graduate

« Undergraduate GPA 3.79

» School of Science and
Technology

« Supported for the first
time by the National
Natural Science
Foundation of China
( Youth Student Basic
Research Program)

Xilin Xia
« Undergraduate,
Overall GPA: 3.80
4/60 Artificial Intelligence

Yuhang Jiang
« Undergraduate,
Overall GPA: 3.72
14/60 Artificial Intelligence
( School of the Gifted Young ) ( School of Science and Technology )
+ Outstanding Student Scholarship « Outstanding Student Scholarship Silver
Gold Award, 2022 Award, 2022, 2023
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Prerequisites MIRA

« Pattern Recognition or Introduction to Artificial Intelligence

*  Programming

4 O PyTorch

TensorFlo

- pUthon

MATLAB

« Solid background in
calculus
linear algebra
probability
stochastic process



Math Tools MIRA

*  What you have learned

How to compute
the area?

How to design a good
lid to prevent leaking?

What kind of materials are
suitable to make up a cup?

How to accurately compute
the volumn?




Math Tools MIRA

*  What you will learn

Drink

safely,
efficiently,
and, perhaps,
nicely




Textbook MIRA

* No required textbook
» Slides and lecture notes will be posted

«  Some excellent textbooks

SHWILEY

Reinforcement
Learning

An Introduction
second edition

Richard S. Sutton and Andrew G. Barto / /

M. MITCHI




Course overview MIRA

.............................................................................................................................................................................................................................................

.« Supervised Learning i+ Unsupervised Learning
.« Linear Regression i« K-means
+ Elementary convex optimization « Mixture Models and EM
- Sparse Learning «  Principle Component Analysis

* Logistic Regression

- Lagrange Duality

* Support Vector Machine
« Decision Tree

o Random Forest e e
. GBDT N Reinforcement Learning :

« Neural Network  Multi-armed Bandits .
* Finite Markov Decision Processes
« Dynamic Programming

« Computational Learning Theory » Temporal Difference Learning



Grading MIRA

e Credit distribution

-m Mid-Term Exam mm

Credit
Date TBD TBD TBD TBD

- Start early
. Latex is recommended for typeset



Policy MIRA

No cheating
- Finish your own work independently
- Discussion is encouraged, but no sharing of code or text
- Explicitly indicate references that you use in your homework and
projects

Deadline is DEADIine
- No late submissions shall be accepted

Be polite in any form of discussion
- Serious offense will lead to expulsion

* Ignorance is NO excuse

Appeal within two weeks, otherwise final



Questions MIRA




Overview




What is Artificial Intelligence  MIRA




The Beginning of A.l. MIRA
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A Brief History MIRA
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A Brief History MIRA
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https://baike.baidu.com/item/%E7%A7%91%E5%AD%A6%E9%99%A2/991192?fromModule=lemma_inlink
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The future of Machine Learning and its Impact on Your Everyday Life
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https://www.youtube.com/watch?v=NjVIQUE8Sgk
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@OpenAI
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Atari Games

https://www.youtube.com/watch?v=V1eYniJORnk



https://www.youtube.com/watch?v=V1eYniJ0Rnk

AlphaGo
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https://www.youtube.com/watch?v=8tq1C8spV_g

AlphaStar

‘ AlphaStar
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https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/



https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/

Dog Fight

VIRTUAL FINALS B.18-20.2020
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KIEE -GPT4 (OpenAl)
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DALL"E 3 - OpenAl

ChatGPT@®



Sora (OpenAl)

We're sharing our research progress early to get feedback
from people outside of OpenAl and to give people a sense
of what Al capabilities are on the horizon.

We will be taking several important safety steps before this
research becomes available in any of our products.

Sorais a new Al model that can create realistic and
imaginative scenes from text prompts.

https://www.youtube.com/watch?v=HK6y8DAPN_0



Sora - OpenAl

GENERATED BY Al

.




Sora - OpenAl

GENERATEDBY Al
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https://www.youtube.com/watch?v=lwSysg9o7wE



https://www.youtube.com/watch?v=lwSysg9o7wE

Future MIRA

https://www.youtube.com/watch?v=Wx7RCJvoCMc
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A.l. vs ML vs DL
AT EEE

XuE ey
INTELLIGENCE thes+F>
MACHINE —
LEARNING rEF
= %ﬁ DEEP
e s LEARNING

\ A

1950's 1960's 1970's 1980's 1990's 2000s 2010

Since an early flush of optimism in the 1950%, smaller subsets of artificial intelligence - first machine learning, then
deep leaming, a subset of machine learning - have created ever larger disruptions.

https://towardsdatascience.com/introduction-to-machine-learning-for-beginners-eed6024fdb08



https://towardsdatascience.com/introduction-to-machine-learning-for-beginners-eed6024fdb08

What is Machine Learning?  MiRA

A computer program is said to learn from
experience E with respect to some class
of tasks T and performance measure P if
its performance at tasks in T, as measured

by P, improves with experience E.

--- Tom Mitchell (1997)

GIGABYTE

REF I



Why you should learn ML? MIRMA

 This is an era of ML

hort-range Face Capturing / Recognition

Self-Driving Health Care Survelllance Customer Service

Intel: 4000G/Z% /X HEH: 3012HEX/A E k= H sk #3000% FEZ: HE M L2407 5
Waymo: 10007 /» B Z 3 B2 £ 3k20154F [E/7 44 : 8.6/ 12GB &El”*%*%%ﬁ 71T/ NEF R HERIELTST B

« Still many opportunities for you to explore

SJ"eck:m“(“' *{k ‘

Social networks Recommender Systems Medical Image Intelligent Networks/Cities
* Plenty of well-paid openings

amazoncom () peepnind (GO0 Qe e

Be Microsoft

Traffic Industry Chain



A Bird’s eye view of ML MIRA

Discover hidden

Learn to predict 2rNs
an output with ag
input

Supervised Unsupervised
Learning Learning

Learn to a Reinforcement

certain goal by Learning
sequence of care

selected actions




Supervised Learning MIRMA

Training Data

Supervised Signal

Model (a set of
parameters with

structures)
predicting
% Thisisa “dog”

T?

* Regression : The output is a real number (vector)
« Classification : The output is a class label.



Supervised Learning MIRA

We are indeed looking for a mapping (function).

* Image classification

> “Dog”




Supervised Learning MIRMA

We are indeed looking for a mapping (function).

Autonomous driving

> “slow down”




Supervised Learning MIRMA

« Speech recognition

—=> “How are you doing”




Supervised Learning MIRA

We are indeed looking for a mapping (function).

» Medical diagnosis

> “normal”

> “mild cognitive impairment”

> “Alzheimer Disease”




Supervised Learning - FrameworkMIR M

N < :
A set of E “‘mammal”
functions 1‘
i P
Algorithm L__> Model /*

Find f " from{ f;} :
Training /

Data




Supervised Learning - Hypothesis MR F)

Linear Models

40 -
@® Actual response, y; *
B Predicted response, f(x;) = bg + b1X;
—— Estimated regression line, f(x)=bg+ b1x
30 - == Residuals, y;— f(x;) ,

0 10 20 30 40 50 60

https://realpython.com/linear-regression-in-python/



https://realpython.com/linear-regression-in-python/

Supervised Learning - Hypothesis MR F)

Regression

40 -

30-

20 -

10-

40 -

30 -

20 -

10-

Linear Models

Degree: 1, R?=0.09 Degree: 2, R?=0.77

@ Actual response, y; ® Actual response, y;

—— Estimated regression line, f(x)

—— Estimated regression line, f(x)

50

50

® o
o
L ]
® " ®
10 20 30 40 50 60 0 10 20 30 40
X x
Degree: 3, R?=0.91 Degree: 5,R?=1.0
® Actual response, y; @® Actual response, y;
— Estimated regression line, f(x) — Estimated regression line, f(x)
40 -
30 -
y
20 -
10 -
10 20 30 40 50 60 0 10 20 30 40
* X

https://realpython.com/linear-regression-in-python/

60

60

Polynomials


https://realpython.com/linear-regression-in-python/

Supervised Learning - Hypothesis MR F)

Classification Linear Models

https://blogs.oracle.com/bigdata/machine-learning-techniques



https://blogs.oracle.com/bigdata/machine-learning-techniques

Supervised Learning - Hypothesis MR F)

Classification Decision Tree

Does the animal
breathe air?

Yes No

Does the animal
lay eggs?

Mammal

https://towardsdatascience.com/a-beginners-guide-to-decision-tree-classification-6d3209353ea



https://towardsdatascience.com/a-beginners-guide-to-decision-tree-classification-6d3209353ea

Supervised Learning - Hypothesis MR F)

Classification

&

o0 1 2 3 4 5 6 7 8 5 10

Decision Tree
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0 0 " °
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0] a 0
o
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https://www.jeremyjordan.me/decision-trees/



https://www.jeremyjordan.me/decision-trees/

Supervised Learning - Hypothesis MR )
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Supervised Learning - Hypothesis MR

Deep Learning Timeline

1950 2006
277 Comp.uting 1974 1985 1986 . Deep
ver Machinery 1960 Backpropaga Boltzmann Restricted 1997 Boltzmann
1940 and ADALINE tion 1980 Machine Boltzmann 19590  LSTMs Machines 2014
Dark Era Intelligence Widrow & Werbos (and  Neocogitron Hinton & Machine LeNet Hochreiter & Salakhutdinov GANs
Until 1940 Alan Turing Hoff more) Fukushima Sejnowski Smolensky  Lecun Schmidhuber & Hinton Goodfellow
l !
T . e \'.'-‘:L d “’.,ﬁ 4
| § f,;; S 1 )
1943 1958 1969 1980 1982 1986 1986 1997 2006 2012 2017
Neural Nets Perceptron ~ XOR problem Self Hopfield Multilayer RNNs Bidirectional Deep Belief Dropout Capsule
McCulloch & Rosenblatt Minsky & Organizing Network Perceptron Jordan RNN Networks- Hinton  Networks
Pitt Papert Map JohnHopfield Rumelhart, Schuster & pretraining Sabour, Frosst,
Kohonen Hinton & Paliwal Hinton Hinton
Williams
Made by Favio Vazquez

https://towardsdatascience.com/a-weird-introduction-to-deep-learning-7828803693b0
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Supervised Learning - Hypothesis MR F)
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http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML 2019/Lecture/introduction%20(v8).pptx
http://cs231n.stanford.edu/slides/winter1516_lecture8.pdf



http://speech.ee.ntu.edu.tw/~tlkagk/courses/ML_2019/Lecture/introduction%20(v8).pptx

Supervised Learning - HypotheS|s
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Unsupervised Learning

Original unclustered data
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No labels available

. Clustered data

http://www.frankichamaki.com/data-driven-market-segmentation-more-effective-marketing-to-segments-using-ai/



Unsupervised Learning MIRA

th Small deer o =1 = E‘{ .
o < B

Unsupervised attributes of natural images Unsupervised attributes of binary contour patches

http://mmlab.ie.cuhk.edu.hk/projects/unsupervised deep.html



http://mmlab.ie.cuhk.edu.hk/projects/unsupervised_deep.html

Unsupervised Learning

MIRMA
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Vizualizing similar words from Google News using t-SNE (perplexity=1)

https://towardsdatascience.com/google-news-and-leo-tolstoy-visualizing-word2vec-
word-embeddings-with-t-sne-11558d8bd4d



https://towardsdatascience.com/google-news-and-leo-tolstoy-visualizing-word2vec-word-embeddings-with-t-sne-11558d8bd4d

Self-supervised Learning MIRMA

100 year old pictures...

http://iizuka.cs.tsukuba.ac.jp/projects/colorization/en/



Self-supervised Learning MIRA

* Center word prediction

A quick brown fox jumps over the lazy dog

* Neighbor sentence prediction

Document

Previous sentence

Center Sentence | Captain America tries lifting Thor's hommer> predict

Next Sentence

* Neighbor sentence prediction

Text Corpus Task: Predict from past

Nothing
Nothing is impossible. : §
Even the word —_ Nothlng IS

impossible . s :
says I'm possible Nothing is impossible

https://amitness.com/2020/05/self-supervised-learning-nip/



Reinforcement Learnin MIRA
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Reinforcement Learning
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Achievements - Robotics Control MIR A

Controlling the robotic arm to play Rubik's Cube

[1] Peng, Xue Bin, et al. "Sim-to-real transfer of robotic control with dynamics randomization." 2018
IEEE international conference on robotics and automation (ICRA). IEEE, 2018.



Achievements - Industry Control MIRA

-----------------------------------------------------------------
* .

Y P
Task: controlling google data center : i Over nine months, the Al control
cooling to minimize the energy : system performance increases from
consumption while satisfying safety : . a 12 percent improvement to around
constraints . a 30 percent improvement.

. .
. * ] *
--------------------------------------------------------------------------------------------------------------------------------

[1] Safety-first Al for autonomous data centre cooling and industrial control | DeepMind



https://deepmind.com/blog/article/safety-first-ai-autonomous-data-centre-cooling-and-industrial-control

Focuses of ML Research MIRA

Representation
-  What is the most appropriate representation of the data
regarding the task on hand?

 (Generalization
= Can we do well on the unseen data?

«  Complexity
- How much time and space?

- Efficiency
- How many samples needed to output an accurate hypothesis?

* Applications



Questions MiRA




