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Two Phases (Modes) of Machine Learning
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SUPERVISED Linear Binary Classifier
: Binary y / Linear f / X as R?
X_ 2 X > f > y

A

f(x,w,b) = sign(w' x + b)

~ wix+ b>0
@

X=(x_1,x 2)

. . denotes +1 point

! denotes -1 point

- ? denotes future points

w! x + b<0

> x 1
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SUPERVISED Linear Binary Classifier
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Basic Concepts

* Training (i.e. learning parameters w,b )
* Training set includes

* available examples x4, ...,x,
* available corresponding labels y,,...,y,

e Find (w,b) by minimizing loss / Cost function L()
* (i.e. difference betweer_Ly and f(x) on available examples

in training set) -
w7

(W, b) =argmin > "L(f(x;), 1)
wo =] - \

8/29/2025



Basic Concepts

e Testing (i.e. evaluating performance on “future” points)

- Difference between true \, and the predicted f(X,) on a set of
testing examples (i.e. testing set)

* Key: example X5 not in the training set

e Generalisation: learn function / hypothesis from past
data in order to “explain”, “predict”, “model” o
“control” new data examples

8/29/2025



A Typical Machine Learning Application’s Pipeline

A model to
Perform
Inference,
Prediction,
Recognition

e.g. Data Cleaning Task-relevant

Learn/ Select /
Low-level Pre- Feature Represent
sensing processing Feature

: Generalisation: learn I
j function / hypothesis [
j from past data in order :

”n u

Optimization
I to “explain”, “predict”, I

LEwY) Y
I “model” or “contro I

I hew data examples | Label

III

Score/ Loss/

Evaluation

Collection
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When to use Machine Learning
(Adapt to / learn from data) ?

e 1. Extract knowledge from data

e Relationships and correlations can be hidden within large amounts of data

 The amount of knowledge available about certain tasks is simply too large
for explicit encoding (e.g. rules) by humans

e 7. Learn tasks that are difficult to formalise

®* Hard to be defined well, except by examples, e.g., face recognition

e 3. Create software that improves over time

« New knowledge is constantly being discovered.

e Rule orhuman encoding-based system is difficult to continuously re-
design “by hand”.

8/29/2025 10



Machine Learning in a Nutshell

8/29/2025

Data

1

Task

1

Representation

1

Score Function

1

Search/Optimization

Models, Parameters

Hyperpa rameter, Metrics

ML grew out of
work in Al

Optimize a
performance criterion
using example data or
past experience,

Aiming to generalize to
unseen data

11



My Teaching Guide: Bloom’s
Taxonomy on Cognitive Learning

__'}

Judging the value of

Q tips.uark.edu
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What we have covered

Data

Task

Representation

Score Function

Search/Optimization

Models, Parameters
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What we will cover

Data
Task

Representation

Score Function

Search/
Optimization

Models, Parameters

Tabular, 1-D sequential, 2-D Grid like Imaging, 3-D VR, Graph, Set
Regression, classification, clustering, dimen-reduction

Linear func, nonlinear function (e.g. polynomial expansion), local
linear, logistic function (e.g. p(c|x)), tree, multi-layer, prob-density
family (e.g. Bernoulli, multinomial, Gaussian, mixture of
Gaussians), local func smoothness, kernel matrix, local
smoothness, partition of feature space,

MSE, Margin, log-likelihood, EPE (e.g. L2 loss for KNN, 0-1 loss for
Bayes classifier), cross-entropy, cluster points distance to centers,
variance, conditional log-likelihood, complete data-likelihood,
regularized loss func (e.g. L1, L2), goodness of inter-cluster similar

Normal equation, gradient descent, stochastic GD, Newton, Linear
programming, Quadratic programming (quadratic objective with
linear constraints), greedy, EM, asyn-SGD, eigenDecomp, backprop

Linear weight vector, basis weight vector, local weight vector, dual
weights, training samples, tree-dendrogram, multi-layer weights,
principle components, member (soft/hard) assignment, cluster
centroid, cluster covariance (shape), ...



SUPERVISED Linear Binary Classifier

X 2 X + f - Y

pﬁa@ﬂ"/ f(x,w,b) = sign(w’ x + b)
(R 2 X=(x_1,x_2)

. denotes +1 point
> ! denotes -1 point

? denotes future points

w! X + b<0

x 1
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Nutshell for the simple Linear Supervised Classifier

Data

1

Task

1

Representation

1

Score Function

1

Search/Optimization

1

Models,
Parameters,
Metrics

8/29/2025

Tabular (R"2)

1

Classification: Output Y is binary

1

Linear Decision Boundary

1 f(x,w,b) = sign(w' x + b)

L
(W, b) = argmin > e (x),yi)
we =1

?

|

e.g., Classification Error on
future points (Testing Data)

_______________________________________________________________
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https://scikit-learn.org/stable/tutorial/basic/tutorial.html

https://colab.research.google.com/drive/10EGNhQ55iBNEIYqfZpueSE2|l g3tQxSD?usp=sharing

| will code-run through: Recognizing hand-written digits with L2.ipynb
Adapted from: ScikitLearn Tutorial plot_digits_classification.ipynb

target/class
} Training dataset
: consists of input-
- - model .
training ) learn output pairs
dataset
A
B
test ? B
dataset ? B
? apply A
7 model = =



https://scikit-learn.org/stable/tutorial/basic/tutorial.html
https://scikit-learn.org/stable/tutorial/basic/tutorial.html
https://scikit-learn.org/stable/tutorial/basic/tutorial.html
https://colab.research.google.com/drive/1oEGNhQ55iBNElYqfZpueSE2l_g3tQxSD?usp=sharing
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X, X, X, Y

Tabular Data Type

* Data/points/instances/examples/samples/records: [ rows |

» Features/attributes/dimensions/independent

variables/covariates/predictors/regressors: | columns, except the last]
» Target/outcome/response/label/dependent variable: special column to be

predicted [ last column |

8/29/2025
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A _4vin

o .
b

Tabular Data Type

* Data/points/instances/examples/samples/records: [ rows |

» Features/attributes/dimensions/independent

variables/covariates/predictors/regressors: | columns, except the last]
» Target/outcome/response/label/dependent variable: special column to be

predicted [ last column |

8/29/2025
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Tabular Data Type

Main Types of Columns

X1 Xz XS [_Y]

* Continuous: a real number,
for example, weight

* Discrete: a symbol, like
“Good” or “Bad”

p genes’ quantities in blood cell

‘ ¥ v o0
\
4

N patient
blood . X“ \,L?

samples
\




Xtrain

training “lill"

dataset

test
dataset

)’

Xtest —

8/29/2025

y train =

ytest =

i

V)

y n+l

y n+2

yn+m
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1D Sequence Data Type (eg. Language, Genome, Audio)

X

| believe that this book is
not at all helpful since it
does not explain thoroughly
the material . it just provides
the reader with tables and
calculations that sometimes
are not easily understood ...

The screen was

a sea of red

8/29/2025

Language Parsing

v

DT

The screen was

NP

——
DOOOT

NN

S
VP
VBD NP
v NP PP
s wed of NN

|
red

25

i



2D Grid Data Type (eg. Images)

Motorbikes _ Airplanes

Cars (Snde) Cars (Rear) Sioned Cats Background

e.g.,
e 72 million stars, 20 million galaxies
e Object Catalog: 9 GB

¢ |mage Database: 150 GB

Normal Bactenal Pneumonia Viral Pneumonia

ImageNet Competition:

[ Training on 1.2 million images [X]

Figure S6 lllustrative Examples of Chest X-Rays in Patients with Pneumonia,
vs. 1000 different word labels [Y] ]

Kaggle: 5,232 chest X-ray images from children, including
3,883 characterized as depicting pneumonia (2,538
bacterial and 1,345 viral) and 1,349 normal, from a total
of 5,856 patients

8/29/2025 26



Graph Data Type (eg. Social Network)

NETFLIX =

Movies, TV shows, actors, directors, genres Q

Watch Instantly ‘ Browse DVDs ‘ Your Queue Movies You'll @

Congratulations! Movies we think You will

Add movies to your Queue, or Rate ones you've seen for even better suggestions.

Spider-Man 3 The Rundown

[ Add |
kAR hkkkd *kkh

© Not Interested © Not Interested © Not Interested

Las Vegas: Season 2 Robot Chicken: Season 3
(6-Disc Series) The Last Samurai (2-Disc Series)

JEE S IEW

8/29/2025

COLLABORATIVE FILTERING

Read by both users

ihil|
|

Similar users O
I

Read by her,
recommended to him!

27



Machine Learning in a Nutshell
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e.g. SUPERVISED Classification

training
dataset

test
dataset

8/29/2025

target/class

Dl |P| T

learn

apply
model

Training dataset
consists of input-

model fout DA
output pairs
f putp
f(x;) )
B * e.g. target Y can
E be a discrete
. target variable
A

29



e.g. SUPERVISED Regression

training
dataset

test
dataset

8/29/2025

target/class

learn

apply
model

Training dataset
consists of input-

output pairs

* e.g. target Y can
be a continuous
target variable

30




Unsupervised LEARNING : [ No Given'Y ]

 No labels are provided (e.g. No Y provided)

 Find patterns from unlabeled data, e.g. clustering

AT
A O
Q o O O e.g. clustering => to find “natural”
O O OO grouping of instances given un-
O
O 50 o O labeled data
Q O
B,

8/29/2025 Yanjun Qi / UVA CS 31



Structured Output LEARNING : [Complex Y ]

* Many prediction tasks involve output labels having structured
correlations or constraints among instances

Structured Dependency : \k
between Examples’ Y Sequence Tree Grid
Input X~ APAFSVSPASGACGPECA. . The dog chased i o
i thecat .
R
Output Y i NP < \VP | Building
N Ny
B i P i Car
cc CCCCCHHHCCC... ' Det N A Det N '

Many more possible structures betweeny i, e.g. spatial , temporal, relational ...

8/29/2025 Yanjun Qi / UVA CS 32



Reinforceme

nt Learning (RL)

' Not IID, Sec

* What'’s Reinforcement Learning?

uential ]

Environment

{Observation, Reward} <

Agent

&;’&J

Yt
xtﬂ

y
> {Actions} yt‘f'l

e Agentinteracts with an environment and learns by

maximizing a scalar reward signal

— Basic version: No labels or any other supervision signal.

— Variation like imitation learning: supervised

8/29/2025

Yanjun Qi / UVA CS

33
Adapt from Professor Qiange Yane of HK UST



(Most popular:) SUPERVISED Classification

target/class
} Training datasetT

= consists of input-
3 model .
training A learn f output palirs
dataset .
B
test * e.g. target Y can
dataset

be a discrete
target variable

SN
:;:-:::l:ntnmx

-

S——

apply
model

8/29/2025 34



Many Variants of SUPERVISED Classification

 Binary Classification

* Multi-class Classification
* Hierarchical Classification
* Multi-label Classification

e Structured Predictions

8/29/2025 Dr. Yanjun Qi / UVA CS 35



Binary: Text Review-based
Sentiment Classification

X ] 1 believe that this book is
not at all helpful since it Y
does not explain thoroughly > -1
the material . it just provides
the reader with tables and
calculations that sometimes
are not easily understood ...

OutputY: {1/Yes, -1/ No}
e.g. Is this a positive product review ?

Input X : e.g. a piece of English text

8/29/2025 Dr. Yanjun Qi / UVA CS 36



Binary: : Disease Classification using gene expression

p genes’ quantities in blood cell

N patient
blood X
samples

8/29/2025 Dr. Yanjun Qi / UVA CS 37



Multi-Class: Text Categorization

* Almost the most basic/
standard supervised
classification problem —QTW’(. .

N

8/29/2025

)

Text
Categorization
System

‘ Business

e Sports

e Science
e Arts

Sports

Education




Hierarchical: Text Categorization, e.g. Google News

Google

MNews

Top Stories

Mews near you

World
u.s.

Business

b Technology

iPhone

Microsoft Windows
Minecraft

Safety

IBM

Senaral Motors
Facebook

Microsoft Corporation
Tablet computers

Tor

Entertainment
Sports
Science
Health

Spotlight

’ Search News ” Search the Web l

Search and browse 4,500 news sources updated continuously.

Technology

f|

Microsoft Keyboard Works With Windows, i0S, and A
Android

PC Magazine - 53 minutes ago
With a handful of new peripherals, Microsoft is revamping older products and
embracing the new mobile reality. Oshares. Microsoft Universal Mobile Keyboard.

Microsoft announces new line of accessories for Related

Windows, Android, i0S, and ... BetaNews Microsoft Corporation »
Microsoft's new Universal Mobile Keyboard works Computer keyboards »
with |OS, Android and ... ZDNet Microsoft Windows »
Trending on Google+: Microsoft's Universal Bluetooth Keyboard Will Work With
Windows, Android, And ... Android Police

Opinion: Microsoft's New Universal Mobile Keyboard Has Android and iOS in

Mind Gizmodo
BetaNews PhoneDog SlashGear "~ WinBeta Hot Hardware
Microsoft/Minecraft Deal Gets a Skit On Conan O'Brien's Show
GameSpot - 1 hour ago

During Monday's episode of Conan, the comedian aired a segment about how the inventor of
Minecraft would be celebrating the massive pay day.

Apple's iOS 8 available Wednesday

New York Daily News - 15 minutes ago
You don't need to order an iPhone 6 to feel like you've gotten a brand new phone. Apple's
much-anticipated operating system update, iOS 8, will be available for download Wednesday.

IBM Watson Data Analysis Service Revealed

9



Multi Label Classification (MLC)

e MLC is the task of assigning a set of target labels for a given sample
e Given input x, predict the set of labels { y,,v5,...,v,}, Vi<{0,1}

40



. Edges2Image

Generating X

(reneration

Ground truth

[Isola et al. CVPR 2017]

10/30/19 Yanjun Qi / UVA CS


https://phillipi.github.io/pix2pix/

Generating X: Text2lmage

this small bird has a pink this magnificent fellow is
breast and crown, and black almost all black with a red
primaries and secondaries. crest, and white cheek patch.

the flower has petals that this white and yellow flower
are bright pinkish purple have thin white petals and a
with white stigma round yellow stamen

)

10/30/19 Yanjuirwi; UvA Lo

[Reed et al. ICML 2016]



https://arxiv.org/pdf/1605.05396.pdf

Open Al recent:

DALL-E:

Creating

Ima ges fro m an illustration of a baby daikon radish in a tutu walking a dog

Text AI-GENERATED IMAGES

L)

v ¢ W =
- -

‘ h \*_\.e oA *

Edit prompt or view more images+

TEXT PROMPT

an armchair in the shape of an avocado.. ..

AI-GENERATED IMAGES

AL 8o

8/29/2025 43
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* Text / String / Symbolic
* Sequences / Sets / Graph

* Variable length

* Discrete

 Combinatorial

e Spatial ordering among units

X ? | believe that this book is not
at all helpful since it does not
explain thoroughly the
material . it just provides the

X, X, X, _
reader with tables and
S . .
. calculations that sometimes
So are not easily understood ...
S
Sq
Sg
S
8/29/2025 5 47




Vector Space Representation:

Bag of Words Trick

e Each document is a vector, one component for each term (= word).

Doc 1 Doc 2 Doc 3
Word 1 3 0 0
Word 2 0 8 1
Word 3 12 1 10
0 1 3
0 0 0

\_

* Normalize to unit length.

* High-dimensional vector space:

* Terms are axes, 10,000+ dimensions, or even 100,000+

* Docs are vectors in this space

O EricXino @ CNLI 200A_00NKR

Object

\}Isuck\

—*{ Bag of ‘words’




STRUCTURAL INPUT : Kernel Methods [ Complex X |

e.g. Graphs,
Sequences,
3D structures,

Original Space

Feature Space

8/29/2025 Yanjun Qi / UVA CS
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DEEP LEARNING / FEATURE LEARNING :

Inference:

Low-level . Pre- Feature prediction,

recognition

sensing processing selection

Feature Engineering (before 2012)

v Most critical for accuracy

v Account for most of the computation for testing
v" Most time-consuming in development cycle

v Often hand-craft and task dependent in practice

Feature Learning

‘(&.Qﬁb\ v’ Easily adaptable to new similar tasks
\|Q 3(‘@"_' v’ Layerwise representation
\ v’ Layer-by-layer unsupervised training
8/29/2025 v’ Layer-by-layersupervised training




MORE RECENT: Deep Learning Based

Deep Multi-Layer Learning Supervised Embedding

Input Sentence:

T

Input Sentence | The variable HMG dosage regimen was found to offer
~— word of interest
5 < vV ¥V ¥V V ¥V VY VY
@ text the cat sat on the
0.51 022 0.01 0.99 0.11
indices s(1) s(2) s(3) s(4) s(5) 0.18 0.18 0.17 0.01 0.32
AN ,/' 053] |o.01 0.33 001 0.80
TN
Lookup Table
=
= =
=
= LT, —~__ >
5
q Layer-wise Pretraining
—
N -
[ HardTanh w
e . [y
@ - ™
= | | Linear | J
ol
= | . prediction
3 :\HardTanh I = j
=) P
L& IS
| Linear w
~— - =
Va T -
| softmax | — ) label
e

e
I|

-/

U122 Yanjun Qi / UVA CS 51




History of ConvNets

1998

Gradient-based learning applied to

document recognition [LeCun, Bottovu,
Bengio, Haffner]

2012

ImageNet Classification with Deep

Convolutional Neural Networks
[Krizhevsky, Sutskever, Hinton, 2012]

“AlexNet’

52
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Basic Concepts

* Training (i.e. learning parameters w,b )
* Training set includes

* available examples x4, ...,x,
* available corresponding labels y,,...,y,

e Find (w,b) by minimizing loss

* (i.e. difference between y and f(x) on available examples
in training set) 1

L 71 s
(W, b) = argmin Ze(f(xi),)’i)

Wb =1 J

8/29/2025 54




Basic Concepts

e Loss function

* e.g. hinge loss for binary classification
task

L L
D> e(F ).y =" max(0,1—y;f(x:)).

\42()(:.,\ — 43\
N\
* Regularization \,Q\i‘ﬁ ~M)
e E.g. additional information added
on loss function to control f

L
1
C Y _LF @) + 5w
i=1

|

8/29/2025




Machine Learning in a Nutshell

Data

1

Task

1

Representation

1

Score Function

1

—% Search/Optimization

8/29/2025

Models, Parameter, Metric

ML grew out of
work in Al

Optimize a
performance criterion
using example data or
past experience,

Aiming to generalize to
unseen data

56



Large-Scale Machine Learning: SIZE MATTERS

e One thousand data
Instances

LARGE-SCALE * One million data
Instances

* One billion data
Instances

*One trillion data
Instances

Not the focus,
being covered in

Those are not different numbers,
those are different mindsets !!!

my advanced-level
course

8/29/2025 Yanjun Qi / UVA CS



Gradient Descent The gradient (in the

variable space ) points in

( Steepest Descent ) the direction of the
. greatest rate of increase
— CO ﬂtOUI’ map vView of the function and its

magnitude is the slope of
the surface graph in that
e direction

A first-order optimization
algorithm.

To find a local minimum of a
function using gradient
descent, one takes steps
proportional to the negative
of the gradient of the
function at the current
point.

Contour

8/29/2025 Dr. Yanjun Qi / UVA CS ) .
—|7 F map view

F (X —1 apvie



Gradient Magnitudes:

-

\
—\

———

Gradients too big = divergence
Gradients too small = slow convergence

Divergence is much worse! Many great tools, e.g., Adam
https://arxiv.org/abs/1609.04747



https://arxiv.org/abs/1609.04747

Loss

Monitor and visualize the loss curve

25

loss

20

low learning rate

high learning rate

good learning rate

00
0

Epoch 4

From Feifei Li Stanford Cousre



Monitor and visualize the train / validation loss / accuracy: Bias Variance Tradeoff

080

WMM%

A
}J\/ W\/ big gap = overfitting

f\/\‘f\if\ﬂv => increase regularization strength?
!

[=3
o
w

Clasification accuracy
o
%

=4
w
w

\/' \ . \ 4 no gap, e.g. underfitting / both bad
- J:/\'V" \/‘LJ’/\’VWN\M\/\ el => increase model capacity?

045
— Training accuracy
-~ Validation accuracy

0 2 Q Ly 0 100

From Feifei Li Stanford Cousre
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How to know the program works well:
Measure Prediction Accuracy on Test Data

target/class
}
A Training dataset
B . .
. model consists of input-
training A learn
dataset A J output pairs
B
f(x>)
test B
dataset

Fvaluation

Measure Loss on pair
=> Error (f(x;), v7)

8/29/2025 63
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- N

apply
model
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Many Metrics for Supervised Classification

Metric Formula Interpretation
TP + TN
Accuracy + Overall performance of model
TP + TN+ FP 4+ FN
. TP .. _
Precision How accurate the positive predictions are
TP + FP
TP o
Recall Coverage of actual positive sample
TP + FN
Sensitivity
Specificit TN C f actual ti 1
ecifici overage of actual negative sample
P Y TN + FP veras SAIVE Satip
2TP : :
F1 score Hybrid metric useful for unbalanced classes
2TP + FP + FN

8/29/2025

Dr. Yanjun Qi / UVA CS 64
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Beyond Prediction Accuracy:
e.g., ML and Al Research @ UVA CS

1 A2

Human Centric ~—"
Machine Intelligence

Understand Human

Be Communicative
Model Human Intent

Be Explainable
Interact with Human

Efficient & Fast

Trustworthy Theoretically Sound

8/29/2025 65



Robustness of DNN, e.g. Adversarial Examples (AE)

£ ; +
""f-:-:?"i!'"._'- g e ]

=
.

4
g |
e

oL

l..
£ L ek

i .]"' e
L L
_'.I.lill

‘,"'-.-
Ty

Ly

- 3 "—I
e e )

—EUQ panda +  0.007 X [noise] =

3 “gibbon”
Example from: lan J. Goodfellow, Jonathon

Shlens, Christian Szegedy. Explaining and Harnessing

Adversarial Examples. ICLR 2015.

66



Machine Learning in a Nutshell
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Rough Sectioning of this Course

e 1. Basic Supervised Regression + Tabular Data

* 2. Basic Deep Learning + 2D Imaging Data

* 3. Advanced Supervised learning + Tabular Data

e 4. Generative and Deep + 1D Sequence Text Data
* 5. Not Supervised

Now open course website Schedule page =
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