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Recap: Course Overview

Lecture 4-6

Gather/Create
Data

Discovery

Validate
Data



Outline: Data Pre-processing

DATA CLEANING

DATA INTEGRATION

DATA TRANSFORMATION

DATA REDUCTION




Recap: When to Transform?




Recap: When to Transform?

Aspect

Transform timing

Best suited for

Advantages

Disadvantages

ETL (Extract = Transform - Load)

Transform before loading

Traditional on-premise Data

Warehouses

- Only clean data stored in DW

- Easier governance & compliance

- Transformation server can be a
bottleneck

- Limited scalability

ELT (Extract = Load = Transform)

Transform after loading

Cloud Data Warehouses [/ Big Data platforms

- Scales well for large data
- Raw data retained for reuse

- Faster initial loading

- Raw data in DW poses security/governance risks

- Transformation can increase query/storage cost

- Risk of "data swamp" if unmanaged




Outline: Data Pre-processing

DATA TRANSFORMATION




Normalization

Eliminates duplicated and
unstructured datasets from the
source data.

Data Transformation

Discretization

Involves converting the
attribute values of continuous
data into discrete sets of data
intervals.

Feature engineering

Entails creating new
characteristics and features
from existing data attributes.




Data Types

Data

<N

Numerical
(quantitative)
Made of numbers

7N

Continuous
Uncountable
Weight, height,
time, distance

Discrete
Countable
Age, number of children
in the room, number of
sugar cubes in the jar

Categorical
(qualitative)
Made of names

| ™

Nominal
Doesn’t have any
ordering
Person’s name, eye
colour, clothes brand

Ordinal
Elements are ordered
Likert scale, satisfaction
rating, income level



Data Types

Data

Numerical Categorical
(quantitative) (qualitative)
Made of numbers Made of names
Continuous Discrete
Uncountable Countable Doesn’t have any
Weight, height, Age, number of children
time, distance in the room, number of Person’s name, eye
sugar cubes in the /Iar colour, clothes brand

ordering

Normalization \ / \I / Discretization

| ™

Nominal

Ordinal
Elements are ordered
Likert scale, satisfaction
rating, income level
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Normalization

Eliminates duplicated and
unstructured datasets from the
source data.

Normalization

1



Why do we need Normalization?

age income age income
20 100000 0.2 0.2
30 20000 ‘ 0.3 0.04
40 500000 0.4 1
Not-normalized Normalized
® “age” and “income” are in different e similar value range.
range. e similar intrinsic influence on
® hard to compare analytical model.

® “income” will influence the result more



Normalization (= Max-Min Scaling)

XI T Xmm " \\\\ N I — _Zi—Xmin -

Xmax — Xmin IR e
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Normalization (= Max-Min Scaling)

X A P
Xi — Amin AR r = —Zi=Xmin T
~ \\ “ 1 Xma:r_Xmin P _ - -
Xmax — Xomi N
max min SO T

X' -

Blue(0, 0, 1) A o
255, 255, 0 Magenta(1, 0, 1) Gray— r White
scale .~ (15310
255, 255, 255
/" >
Black Green(0, 1, 0)
0, 255, 255 (0,0, 0)

Red(1, 0, 0)
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Issue of Max-Min Scaling

— Xmin

— Xmin

XI

* Range: [0, 1]

* Highly sensitive to outl

iers

* Compresses normal values

oy
S s ]
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X robust

Robust Scaling

©_ o
X — Median OOOOOQ —
©0°°
IQR o Q© O
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Standardization (= Z-score Scaling)

ny |

;5.0 A970 990 1010 1030 1050 1070 -3 -2 -1 0 +] +2 +3
A Normal Distribution The Standard Normal Distribution

2 O,

Standardize
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Standardization (= Z-score Scaling)

Standardize

+]1 +2 +3

The Standard Normal Distribution

4 b
50 970 990 1010 1030 1050 1070 -3 -2 -1
A Normal Distribution
original data zero-centered data normalized data
. A

0 0 - 0
27> sl { -5
5 S 1g 5 = 5 19 15 5 0 5
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Normalization vs. Standardization

WHEN TO USE NORMALIZATION
VS STANDARDIZATION

USE NORMALIZATION
OR STANDARDIZATION?

SCENARIO

You need to constrain the data within i
o Normalization
a specific range

@ You want to maintain the original unit e
. . Normalization
interpretation
The distribution of the data is not necessarily o
=0 . Normalization
Gaussian

You need to compare and analyze features with standardization

different units and scales

o O : . AR

Qé)@ You want to reduce the impact of outliers Standardization
®
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10

Whitening (= n-dim Standardization)

original data zero-centered data normalized data

Standardization (1-dim):
~~*  Features are correlated

o
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Whitening (= n-dim Standardization)

original data zero-centered data normalized data

10 10

5 5 ‘ , Standardization (1-dim):
: - 4 - ,:Tr// Features are correlated
2 4 | I L r
| [t
decorrelated data whitened data
Whitening (n-dim):
e Features are decorrelated

21



Whitening (= n-dim Standardization)

X: Feature data

W — A? UTX A:is the matrix for Eigenvalues (above is inverse square root)
PCA UT: is transpose of matrix for Eigenvectors
original data decorrelated data whitened data

Whitening (n-dim):

Features are decorrelated

22



Whitening (= n-dim Standardization)

Data Decorrelation: When to Use vs When Not To
When to Use When Not To Use
Model requirement: statistical models that assume Model robustness: ML/DL models that handle

feature independence (e.g., LDA, Gaussian Naive correlations internally (trees, random forests, XGBoost,

Bayes) deep nets)

Data issue: high multicollinearity that destabilizes Data value: when correlations themselves carry important

regression coefficients information (finance, recommender systems, graph data)

Practical setting: classical signhal/image preprocessing Practical limitation: high-dimensional data where

(PCA whitening, ICA) covariance decomposition is costly or unstable
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Unit Vector Normalization

o

y — 1+

V|

Normalizing a vector Uit vectorsin R

P> X
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Unit Vector Normalization

Cosine Similarity

“ A-B

A= Sim(A, B) = cos(f) =
im( ) = cos(60)

6
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Unit Vector Normalization

Cosine Similarity

A Qv Sim(A, B) = cos(d) = — -2
-
- | Similar Unrelated  Opposite
A
0 // o A\ B b
LA X y ///




Recap: Skewness

Moderate Positive Skew Highly Positive Skew
1000 +
800 -
600 -
400 -
200 -
0- T T
25 5.0 75 100 125 150 25 5.0 75 100 125 150 175
Moderate Negative Skew Highly Negative Skew
1200 -
1250 A
1000 -
1000 -
800
600 A 750 1
400 - 00
200 - 250 1
0 L Ll 0 Ll L |
-50 -25 00 25 50 75 100 -75 =50 -25 00 25 50 75
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Non-linear Transformations

e 1

Positively Skewed Residuals MNormal Distribution

Log

b b
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Non-linear Transformations

Positively Skewed Residuals

«
A

Negatively Skewed Residuals Normal Distribution

Exponential
N

29



Non-linear Transformations

Transformation Formula Effect / Use Case

Logarithmic x" =log(x+ 1) Reduces right skew, compresses large values
Square-root x'=+/x Moderate skew reduction, stabilizes variance
Cube-root x' = ¥/x Useful for count data, mild skewness
Reciprocal x' = Xie Inverts scale, highlights small values
Negative reciprocal x' = —-% Similar to reciprocal but reverses order
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Discretization

Discretization

Involves converting the
attribute values of continuous
data into discrete sets of data
intervals.
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Recap: Nominal vs. Ordinal

Don’t Like

32



One-hot Encoding

Color Green Red Black Orange
Green 1 0 0 0
1) One-hot
Red — 0 1 0 0
L ]
encoding Black 0 0 ) 0
Orange 0 0 0 1




Issue of One-hot Encoding

1) One-hot
encoding

Color
Green
Red
B8lack

Orange

Orange

| O ©

Multicollinearity: One variable is dependent on others
(We need only k — 1 features to represent k categories)
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Dummy & Effect Encoding

2) Dummy encoding

Green | Red Black Orange Dr‘op ohe Green Red Black |Orange
1 0 0 0 feature 1 0 0 0
randomly
0 1 0 \ 0 —_— 0 1 0 0
0 0 1 ‘ 0 0 0 1 0
0 0 0 1

One-hot encoding

3) Effect encoding

Green @ Red Black |Orange Green | Red Black |Orange
1 0 0 0 1 0 0 0
0 1 0 0 Set value of 0 1 0 0
0 0 1 0 row with 0 0 1 0

all zeros to -1

> -l -1 -1 -1

Dummy encoding



Label & Ordinal Encoding

4) Label encoding

Color Assign unique | Encoding
ESeoor labels to each 1

. category . )
Black 3
Green 1

|

Usually only used for ordinal data,
except when applied to tree models

S) Ordinal encoding

Size Assignh unique
XS labels to each
= category .
L
m

ordered categories

Encoding

1

2
4
3
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Count (Frequency) Encoding

6) Count encoding

Color Encode Encoding
Greon based on 2
coo i requency :
Black 1
Green 2

When count is an important feature
(e.g., product ID in e-commerce)
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Binary Encoding

?) Binary encoding

Color . . Color_0 Color_1
Assign binary
Green labels 0 g
Red > 0 1
Black 1 0
Green 1 1

Need only log, k features
to represent k categories
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Object 1

Vector Embedding

Object 2

Object 3

Set of Objects

Embedding Model

0.6

0.3

0.1

0.8

0.5

0.3

_
™~

0.4

0.2

0.9

Objects as Vectors
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Case Study: Language Models (Word2Vec)

Big |

Semantic
Relationship

Biggest
."‘1
Smallest
'1
Small |~
>

Syntactic

Relationship

Efficient Estimation of Word Representations in Vector Space. ICMLW, 2013.

40



Converting Continuous to Discrete Values

Discretization

—

Before APter

41



Converting Continuous to Discrete Values

Why Discretization is Useful

Reason

Interpretability

Capture non-linear

patterns

Model requirements

Outlier robustness

Visualization & reporting

Explanation

Easier for humans to understand

categories than raw numbers

Binning can reveal effects that aren't

strictly linear

Some algorithms require categorical

inputs

Extreme values have less influence

once grouped

Simplifies data summaries and

comparisons

Example

Age 23 - “20s group”

Purchase probability higher only in

low/high income groups

Association rule mining

Age 120 - "100+"

"Sales by income bracket”

42



Binning by Histogram

> head(df,10)
MyContinuous MySpecificBins

1 24 (15,25
2 24 (15,25
3 18 (15,25
4 24 (15,25
5 23 (15,25
6 22 (15,25
/ 15 (-Inf,15]
8 36 (25, Inf.
9 15 (-Inf,15]
10 13 (-Inf,15.



Binning by Clustering

Segments distribution
This graph shows the most relevant segments of your community. Read more

® Music lovers J3 )¢
=7 ,_1_‘ w2

(A

@

Political and
Informed

Fashion and
® Beauty Passionates

40
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Case Study: Vector Quantization

Codebook

0
1

N-2
N-1

Encode Decode
l 12|33
3|4 21
1 53 15

Continuous data (e.g., image, audio) ~ Sequence of discrete values

Neural Discrete Representation Learning. NeurlPS, 2017.



Case Study: Regression — Classification

P . ACTION
X s EMBEDDING

T PROTO ACTION
P‘CTOQ

O

Deep Reinforcement Learning in Large Discrete Action Spaces. ICML, 2015.

‘------------
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Feature Engineering

Feature engineering

Entails creating new
characteristics and features
from existing data attributes.

477



Feature Engineering

-,
J
o

Raw Data | == Features = Modelling

:

T . y, .
Feature
Engineering



Classic ML = Hand-crafted Features

N
w, , = tf,  xlog dfx)

tf, , = frequency of xiny

df =number of documents containing x
Term x within documenty N = total number of documents
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Deep Representation (Feature) Learning

Machine Learning

TS . »”
"O- 0“‘" —_— N _— Not Car

Input Feature Extraction Classification Output

Deep Learning

P
anm
‘O ——0O+- Not @an
U

Input Feature Extraction + Classification Output
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Case Study: YouTube-8M dataset

Only stores features
instead of raw videos

How To
Write 8 BOoR

https://research.google.com/youtube8m/
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Recent Trend: Foundation Models

52



Foundation Models

Traditional ML

Training Tasks
k/ .................. > . A|1 .................. >
Jg‘ .................. > . A|2 ------------------ >
B? .................. ) . A|3 ------------------ >
@ """"""""""" > . A4 wrerreeeeeseenenns >

¢ Individual siloed models
¢ Require task-specific training
¢ Lots of human supervised training

Foundation Models

Massive external data

, =
£y %3

Q&A
Prompting —~
) Translation

>
rd

Enterprise é v Classification

proprietary data

/EH Y

Prompting
—

Code Gen

e Massive multi-tasking model
e Adaptable with little or no training
e Pre-trained unsupervised learning

53



Foundation Models

Vision Transformers (e.g., ViT)
Video-MAE V2
SAM

Inpaint Anything
Edit Everything
SAM-Track

Vision Foundation Models

Model Fusion

GPT-3
ChatGPT /
Language Foundation Models Foundation Models

\ Multimodal Foundation Models

Explain Any Concept

GPT-4V

Text2Seg
CLIP series (e.g., CoOP, GALIP)
SAMText
Caption Anything

Llama 2

PanGu-a

54



Image Encoder for Visual Features (DINOvV3)

55



Image Encoder for Semantic Features (CLIP)

A photo of Text
object] Encoder

L, | T, | T3 i
Encoder » 1 EESUNIES IR RIS I I 1Ty
Y

A photo of
a dog.




Text Encoder (BERT)

Class
Label

) -

Tok 2 Tok N

Single Sentence
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Outline: Data Pre-processing

DATA CLEANING

DATA INTEGRATION

DATA TRANSFORMATION

DATA REDUCTION
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