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Machine Learning

Part 2: Philosophy of Machine Learning

Zengchang Qin (Ph.D.)
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Model Learning

All models are wrong, but some are useful - George E. P. Box
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What i1s Machine Learning

1 ) FMnC"\'iOr\ h

X = fx)

Chven FCX) =2x+1|

Input | X X=1 X=2 -1 X=1o 1

oudpux'f(x) Lor=3| JI=5 |-~ }(»L)zzl\
2) \]‘ we are onlg given :

X %=1 X=2 | X=1o0 \

o) | feo=3| JoO=5 |- }(ﬁ)zzlj

what 15 f60=7

3) T\'\Q bdav\A 1S C,aw\P\]C,o\‘t’?cl, UKSU\a“a, +he do\—m
1s |\ike +the cga\lo(u:r\a,_-

| X

X=1

X=2

Xiiow

e

Je0 =32

_51(,4):4_5\ -

{(X )=20.9 \

Q: What is fx)="7




What i1s Machine Learning
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What i1s Machine Learning
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What i1s Machine Learning
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Machine Learning Applications

Artificial Intelligence

o, ——al onthmwh
Pattern Recognition swsiis. complex wiee IACKHINE
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Machine Learning data‘statlstlcal

Data Mlnmg (Blg Data) -i?i?ﬂmlea'l”f“ﬁlng “:hii—g‘:lz&:
graphs clustermg L

Statistical Learning
Deep Learning

Blatural Language
rocessing

Information Retrieval
Computer Vision
Image Processing

Speech Recognition
Biometrics
Bioinformatics



Machine Learning Applications
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Machine Learning Applications
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Machine Learning Applications
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Machine Learning Applications
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Computer Science and Engineering-AICE2018-Invitation
KA : aice2018 <Harry@worker-mother.com> &

B i@ : 20174098208 10:37:02 (£5=)

WHEA : zcqin <zeqin@buaa.edu.cn>

TPC & Keynote Speaker Invitation
http://www.aice2018.net/
Dear Dr,
The 2nd Annual International Conference on Artificial Intelligence and Computer Engineering [AICE2018] will be held on May 18-20, 2018 in Xi'an, Shaanxi, China.

The 2nd Annual International Conference on Artificial Intelligence and Computer Engineering [AICE2018] will be held on May 18-20, 2018 in Xi'an, Shaanxi, China.
The aim of AICE2018 is to provide a platform for researchers, engineers, academicians as well as industrial professionals from all over the world to sharing knowledge
and results in theory, methodology and applications of Computing and Information Technology in Artificial Intelligence and Computer Engineering.

The rights as TPC:

1. Be a member of the TPC, and the name list of TPC will be published on the conference proceedings and shown on the conference website.
2. Free to attend the meeting, the catering during the conference is free.

3. Review 3-6 papers related to your research field

4. Free access to the official certification of TPC if needed



Machine Learning Applications
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Machine Learning Applications

How the Google is developing self-driving technology that combines data collected by sensors
ooqle Lar | installed on a car with existing mapping software to speed up, brake and steerto a
Pasition Google C installed ith existi ing software to speed up, brake and steer
Sonsor Works destination. The company expects the system will be ready for consumers within five years.
Self-drive mode sl ﬂ System cannot yet park
turns off If mhs detect = the car on its own
: anyone moves road signs, ’\ i

Computer = the steering traffic cones
Analyzes data collected Wheel, pedals, and the color of |y
by the sensors and combines: of pushes a traffic lights Within the law
with GPS and Google Maps big red button Self-drive mode

vit and Ge : ha the Is programed to
to locate the car's position, tween .
plot trajectory and contol - front seats. ] obeytmfficlaws,
the vehicle. — Radar 5 Including the

%, recommended
| space between
/ / vehicles.
# A detailed view LA

: 43.‘_? g 64 laser beams spinning rapidly

oAl 5 generate a 360-degree view of the — -
f  surrounding environment, Including
pedestrians and other objects.

~ Anobject in motion

The car's reaction to objects
depends largely on the object’s Tricky when wet
size and pattern of movemnent. Sensors currently are unable to Off the grid
detect lane markings when Cannot self-drive on
Source: Google Christopher Kasser/The Wall Street Journal Snow of rain Is present. aroad or area not yet mapped.



Machine Learning Applications

‘QQ,: Google DeepMind §6% AlphaGo
Challenge Match
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Science of Algorithm

B [f machine learning is a science, it is a science
of algorithms. - Pat Langley [1]

B The central idea, already proposed by Simon
[2] was that the purpose of learning is to

improve performance on some class of tasks. science:= 5";',“; iy
B The UCI Machine Learning Repository analysmhypot CS
(http://archive.ics.uci.edu/ml/) is available to éxperiment |

the community

by FTP in 1987.

B Like science, it is about hypothesis testing
using evidence.

[1] Langley, P. (1986). Human and machine learning. Machine Learning, 1, 243-248.

[2] Simon, H. A. (1983). Why should machines learn? In R. S. Michalski, J. G. Carbonell, &
T. M. Mitchell (Eds.), Machine learning: An artificial intelligence approach. San Mateo, CA:
Morgan Kaufmann


http://archive.ics.uci.edu/ml/

Machine Lear

_Process of Scientific Discovery

Model 1...

...on Training data. 0

Model 2...
..on Training data. 9

Model 3...
..on Training data. 9

® 30 = 10 error: 22.5%
®32 e 8 acc.:77.5%

...on Test data. e

% 32 = 8 error: 23.8%
©29 e 11 acc.:76.2%

® 3 error: 7.5%
® 3 acc.:92.5%

37 = Qerror: 0%
® 37 e (0 acc.: 100%

# 3 error: 11.3%
® 6 acc.:88.7%

% 34 = 6 error: 21.3%
® 29 @11 acc.:78.7%

ning from Data is Just the

B A tradeoff between
generalization and specification.
(E.g, there is no two leave are
exactly the same, or all greens are
leaves. )

“I’'ve narrowed it to two hypotheses:
it grew or we shrunk.”



Occam’s Razor and Overfitting

B Occam's razor (or Ockham's razor) is a
principle from philosophy. Suppose there exist
two explanations for an occurrence. In this case,
the simpler one is usually better.

While Occam's razor is a useful tool
in the physical sciences, it can be a
very dangerous implement in
biology. It is thus very rash to use

simplicity and elegance as a guide in
biological research.

- -
Prancis (rick

AZQUOTES

Q: Any other examples of Occam’s Razor?

TITANIUM
ADVANCED
SWIVEL HEAD

= = -

{ /%‘\ Y v
NCHRIS "MAZREn 2T (I

Ockham chooses a razor



Overfitting

B Let's say you attend a symphony and want
to get the clearest, most faithful sound
possible. So you buy a super-sensitive
microphone and hearing aid to pick up all the
sounds in the auditorium.

B Then you start "overfitting," hearing the
noise on top of the symphony. You hear your
neighbors shuffling in their seats, the
musicians turning their pages, and even the
swishing of the conductor's coat jacket.

B [n machine learning, we tends to favor

simple models. When two models that make
exactly the same predictions, the simpler one is
the better. If the model is too complex, we may
face the problem of overfitting.

Q: Any other examples of overtitting ?



Avoid Overfitting

Fixed data size
In short, the general strategies are to

1.Collect more data

2.Use ensemble methods that “average”
models

3.Regularization to penalize complexity

Mean Error

High bias

High variance

I
I
I
I
I
I
|
I
I
|
|
|
I
I
I

W =SV (f(z:), t:) + A f)

A 4

4. N-fold cross-validation Model Complexity

Data

Mt |
Lo b
P L
g

Training Test




Curse of Dimensionality

Imagine that in order to produce a
good prediction, our learner needs
to distinguish between 10 different
values of each of n variables. Then it
may need to distinguish between
10™ different configurations of the
input n-dimensional vector. With n
easily in the hundreds, thousands or
more, this is much more than the
number of examples one can hope to
gather (or even the number of atoms
in the universe) [3].

Q: What a high-dimensional sphere
looks like?

1 dimension:
10 positions
L J

2 dimensions:
100 positions
®

3 dimensions:
> 1000 positions!

[3] Yoshua Bengio and Yann LeCun, Scaling Learning Algorithms towards AI, Large-Scale Kernel
Machines, L. Bottou, O. Chapelle, D. DeCoste, J. Weston (eds) MIT Press, 2007



Supervised Learning

Supervised Learning Supervised Learning
as classification as Function Approximation
4 — Target Function flx)
O O 1, —— Learmned Function ,_r"u: o)
0O O ;  + 4 fla) ® Training Sample (z,. ;)
O / + fla) A
o © '
y + fla) =
X, O 0O /' + | Fen
@) (@) l, + +
e (@) ", + + + flxa)
o ', + + + Ty T2 @ >
o/ * 4+ +
X g Goal: Learn /(=) from {(a:. )}, l

Classification is also a prediction of f(x) -> {o, 1}



Unsupervised Learning (Clustering)

Learning

Unsupervised

Fy?,
/

v

%@.

5 % ¢ \ 23\:: (e
Clustering is sub]ectlve\
p.

Simpson’s Family

School Employees




Semi-supervised Learning

All labeled data

With unlabeled data

o
*\ <+

B .y =
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Reinforcement Learning

Informally, a simulator is a black-box that takes as input any (continuous-
valued) state s; and action a;, and outputs a next state s;,; sampled according
to the state transition probabilities Py, :

st{ Simulator J‘Sm ~ P

dy

PAC Man with Reinforcement Learning

Q: Advantages and disadvantages of RL?



Paradigm Map of Machine Learning

Meaningful
Compression

Structure Image

. o Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai ) Classification Diagnostics
Visualistaion Reduction Elicitation Detection

Recommender . . Advertising Popularity
Systoms Unsupervised Superwsed Prediction
Learning Learning Weather
Forecasting
Clustering M h . Regression
Targetted Population
Marketing ac I n e mewth Market

Forecasting

Prediction

Customer

Segmentation Le a r n i n g

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks

From: https://www.normshield.com/machine-learning-in-cyber-security-domain-1-fundamentals/



Housing Price in Portland

In Andrew Ng’s Lecture, there is a dataset giving the living areas and prices
of 47 houses from Portland, Oregon. We are looking for a function gives the
pattern of inputs-outputs.

1000

Living area (feet?) | Price (1000%s) son}
2104 400
1600 330
2400 369 5 o
1416 232 et
3000 540 =

300

200

100

h [
— @n + 6 I A
{9 (:U) 0 ]- :E 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
square feet




Multi-dimensional Linear Regression

From one dimension to 2

10 15 20 25 30

5

0

. dimensional case:
o ,.}’of:
=y ,,—.57/
A _
) :;v;;. ’19”’;”3{—.,{;" 2 h,g(ﬁ?) — 9{) —I— HII
RSN o N
/r” )//:‘—-‘/’/? * r/:’.’;z’}.’, "/‘;,’
Al 2}1“:{3&*‘;&[’ %
gbof/.". <3 g
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o ko .
i S DYt 40 n
I 30
> 2 h(z) = E 0,0 = 01 x
10
. . . ' . =0
50 100 150 200 250 300 '

m
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Multi-dimensional Attributes (Features)

A pair (x®, y®) is called a training example, x € R? is called the
feature and y is called the target or label of the example.

To perform supervised learning, we must decide how we're going
to represent functions/hypotheses h.

Living area (feet?) | #bedrooms | Price (1000$s)
2104 3 400
1600 3 330
2400 3 369
1416 2 232
3000 4 540




east Square Fitting

A mathematical procedure for finding

the best-fitting curve to a given set of .- y
points by minimizing the sum of the el el
squares of the offsets. 1.7 1 '},f""\'
) -] L\
S = 2 ri =Y — &I .
; " vi f( Y ﬂ) vertical offsets perpendicular offsets
Solving the least squares problem:
68 8‘?‘3’ . o .
%6 2y 7 08, 0,j=1,...,m, Residuals are the vertical
? ' ; #(z0. B) distances between the data
=—2) r; 6—“ =0,5=1,...,m. points and the corresponding
i P predicted values.

since r; =y — f(s, B) X
B=(XTX)XxTy.
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