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Chapter 1: Introduction to ML

Included lectures

- Lecture 1: Course Overview
- Lecture 2: Probability & Information Theory
- Lecture 3: Linear Algebra Review

- Lecture 4: Basic Optimization Review



Lecture 1: Course Overview

Learning paradigms of ML: - Supervised Learning: Learn from teacher - Unsupervised
Learning: Learn from oneself - Reinforcement Learning: Learn from interaction with envi-
ronment (reward/punishment)

Supervised Learning Unsupervised Learning

Discrete Classification Clustering
Continuous Regression Dimensionality Reduction




Lecture 2: Probability & Information Theory

1. Probability of discrete r.v.
2. Probability of continuous rv.

3. Some popular distributions

3.1. Bernoulli Distribution

x € {0,1} — toss a coin, x = 1 (head) with probability u, x = 0 (tail) with probability

1—pw.

Bern(z|p) = p*(1 —p)'=*

Ela] = p

Var[z] = p(1— p)

3.2. Binomial Distribution

Toss N coins, each follows Bernoulli distribution p(z|u), count number of heads m.

Bin(m|N, 1) = (Z) pm(1— p)N-m

Var[m] = Nu(1 — p)

3.3. Gaussian/Normal Distribution

1 (z — p)?
2mo? exp( 202

N(z|p,0%) = )

For a D-dimensional vector x, the multivariate Gaussian distribution is defined as:



N(x|u, %) = (%)D}Qmpmexp(—%(x—u>T2‘1<x—u>>

where p is the mean vector and Y is the covariance matrix.

. Information Theory

4.1. Definition
For a discrete r.v. with a finite alphabet, as follows:

X =A{zy,29,....,x,}

We difine the Information as
I(z) = —logp(x)

Information measures the amount of “surprise” associated with an event. The less
likely an event is, the more information it provides when it occurs.

4.2. Entropy
Entropy is the expected value of the information content of a random variable. It quan-
tifies the uncertainty associated with a random variable.

H,(X) = Ell(z;,)] = — Z p(xy)logp(xy,)

Apparently, entropy is maximized when all outcomes are equally likely, i.e., p(z;) = %
for all k.

4.3. Cross Entropy
Cross entropy is: when the real distribution is P, but we have to use another distribution
@ to encode the information, how many bits are needed on average?

Z P(X =xzy,) - log(Q(X = zy))

reX
There are two properties of cross entropy:

- Non-negativity: Hp o(X) >0
- Cross entropy is not smaller than entropy: Hp (X) > Hp(X), and the equality
holds iff P = Q).

4.4. Relative entropy: Kullback-Leibler (KL) Divergence KL divergence measures the
distance between two probability distributions.

P(X =
Dp (X Z P(X = x)log ( :c)



px(2)log <pX(”“">> da

qx(z)

DP,Q(X> :/

reX
There are two properties of KL divergence:

- Non-negativity: Dp o(X) >0
- Asymmetry: Dp (X) # Dg p(X)

The cross entropy H p (X) is the entropy of the distribution H p(X) plus the KL diver-
gence Dp o(X) between the two distributions.

Hp o(X) = Hp(X) + Dp o(X)



Lecture 3: Linear Algebra Review
1. Verctor, matrix, and their norms 1.1. Vector, matrix and their norms
- Trace: tr(A) = ). Ay
- Vector norms:

~ lgnorm: |z]y = . I(x; # 0), number of nonzero elements in vector z.
= Iy norm: |z]; = ZZ |2,

— lynorm: |z, = />, x?
. _ 1
= Ly norm: ||, = (32, |=,[)!/7
Matrix norms:

— Frobenius norm: ||A| = \/221 Z;lzl a7, = /tr(AT A)

- Spectral norm: |A|, = 0,,..(A), the largest singular value of A. (Singular
Value Decomposition: X = UXVT, ¥ = diag(oy, 09, ...))

2. Matrix inverse, determinant, independence 2.1. Matrix inverse For a square matrix A,
if there exists a matrix B such that AB = BA = I, then B is called the inverse of A,
denoted as A~ 1.

2.2. Determinant Via SVD:

det(A) = H oF

i
2.3. Linear Independence

€101 + CoUy + ... + ¢, v, =0

only holds for¢; = ... = ¢, = 0.
3. Systems of linear equations
Xw = Yy
where
i1 o P14 wy Y1
X = : y W= : D e :
$m71 xm7d Wq Ym



Lecture 4: Basic Optimization Review

1. Convex set 1.1. Affine line
r=0r,+(1—0)xy,0 €R

1.2. Convex set
x =0z, + (1 —0)xy,0 €0,1]

The convex set contains all line segments between any two points in the set.

2. Convex function 2.1. Definition f: R™ — R is convex if dom f is a convex set and for all
Zq, Ty € domf and

fOxy + (1= 0)zy) <Of(x;) + (1 —0)f(x,),0 €[0,1]
2.2. First-order condition If f is differentiable, then f is convexiff forallz,, x5, € domf,

fy) > fle) + V) (y— )

2.3. Second-order condition If f is twice differentiable, then f is convex iff for all x €
domf,
V2f(x) =0

i.e., the Hessian matrix is positive semidefinite. 2.4. Jensen’ s Inequality If f is convex,
thenfor0 <0 <1,

[0z + (1= 0)xy) < O0f(xq) + (1 —0)f(xy)
More generally, for random variable X,

f(EIX]) < E[f(X)]

3. Convex Optimization Problem A convex optimization problem has the form:

minimize f(x)
subjectto f;(z) <0, i=1,...m

hj($> :O, j: 1,...,p

where f, f1, ..., f,, are convex functions and hy, ..., h,, are affine functions. 3.1. Local
and Global Minimum Theorem: In a convex optimization problem, any local minimum
is also a global minimum.

4. Unconstrained Minimization 4.1. Gradient Descent Given a starting point x.
repeat 1. Determine a descent direction delta_x 2. Choose a
step size t > 0 3. Update x := x + t * delta_x until stopping

criterion is satisfied.



4.2. Line Search Method Exact line search: ¢t = argmin,.f(z + tAx) Backtracking
line search (inexact) Starting at ¢ = 1 Repeat t := [ * ¢ until

flx+t*xAzx) < f(z) +axtxVf(z)T « Az

. Constrained Minimization: Lagrangian duality, KKT conditions 5.1. Lagrangian and La-
grange Dual Function Given a general constrained optimization problem:

minimize f,(x)

subjectto f;(z) <

5.1. Lagrangian and Lagrange Dual Function The Lagrangian is defined as:

m p

L(z,u,v) = fo(x) + Zuzfz(x) + D vihi(@)

i=1 j=
The Lagrange dual function is defined as:
g(u,v) =inf, L(x,u,v)
The dual problem is:

maximize g(u,v)

subjectto u > 0

5.2. KKT Conditions A necessary condition for 2* to be optimal for general constrained
optmization problem, a sufficient condition for * to be optimal for convex optimization
problem:

- Stationarity: 0 € 0f(z) + Zzl u;
- Complementary slackness: u, f; ()
- Primal feasibility: h,;(z) < 0;/,(x)
- Dual feasibility: u; > 0 forall ¢

ofi(x) + 2511 vjagj(x>
= (O forallz
= 0foralli,j



Chapter 2: Classical Supervised Learning

Contents: Linear Regression, Logistic Regression, SVM, Decision Tree, Random
Forest etc.

Included lectures

- Lecture 5: Linear Regression
- Lecture 6: Logistic Regression
- Lecture 7: Support Vector Machine (SVM)

- Lecture 8: Tree-based Methods
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Lecture 5: Linear Regression

1. Basic Formulation Goal: Find a linear function that best fits the data points.
y=wIx+b
Obejective function (MSE):

1™

2. Probabilistic Perspective Assume y = wW.x + b + ¢, where ¢ ~ N(0,0?). Thus, the
output 3 can be seen as a random variable, p(y[x,w) = N (y|wlx + b, 02).

Maximum Likelihood Estimation (MLE):

WyLE = argmvgxlogé(w; D),

log £(w; D) = log (Hp y1|xz,w> Zlog]\f w'x;, o)

=1

1 m
1
:-mlog( 2 ——2 E_l —W X

Removing constants w.r.t. w, we have

m
_ - Ty )2
Wyvpp = argnin E (i —w'x;)".
i=1

3. Analytical Solution The squared error function can be written compactly using e =
XwW —yas:
J(w) =e'e=(Xw—y)' (Xw—y)
=w'X'Xw—2w'X'y +y'y.

Setting the gradient to zero, we have
VJ(w) =2X"Xw — 2X Ty = 0.
Thus, if X' X is invertible, the closed-form solution is
Learning: w = (X'X) !XTy,

Prediction: §(X, o) = X, oW
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4. Design Matrix with Bias Term

1 i1 T12 = Ti4d
X — 1 Loy Loo 0 Tog
1 xm,l xm,Q xm,d

Wo

wy

W = w2

LWy

XIw = [1,21, Tg, ..., Ty, - [Wo, Wy, Wo, ... wy]T
So, wy is the bias term.
5. Gradient Descent Method Update rule:
wi=w—nV,J(w)
where 7 is the learning rate / step size, and
V,J(w) =X"(Xw —y).
6. Closed-form vs. GD Closed-form: No hyperparameter or iteration, but needs matrix in-

version O(d? 4+ m?), not suitable for large-scale data. GD: O(T'md), works well when d
is large.

7. Linear Regression with multiple outputs

£y (X) = XW
~ w, e w
Sample 1 --» [xT 1 @y, - x4 0,1 0,h
’ ? w e w
: W= | : : L1 - Lh
Samplem --» |[Xx. 11 =z, Ty
m m, m, wd,l e wd,h
X mx(d+1) T
Sample 1’ s output --» —fl,l fl,h
Samplem’ soutput -+ | f, 1 - fop
mxh

J(W) = trace((ETE)) = trace((XW — Y)T(XW —Y))
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In general, the closed-form solution is

Learning: W = (X'X)"'X"Y.

~

=X, . W

neW) - “*new

Prediction: Y(X

8. Linear Regression for Classification Data: x;,y," , withz, € X, y;, € Y. If Jisa
finiteand discrete set, then the task corresponds to classification.

Binary Classification If X" X is invertible, the closed-form solution is

Learning: w = (X'X) !X Ty.Prediction: §(X, ) = sgn(X,cyW)-

new

- Multi-class Classification

~

) =arg max X, W.

1=1,...,c

Learning: W = (X'X) 'X"Y.Prediction: Y(X,.,
Each row in Y is a one-hot vector. For example, if there are 3 classes and the label is
class 2, then the one-hot vector is [0,1,0].

9. Variants of Linear Regression 9.1. Ridge Regression (L2 Regularization) Motivation: We
can not gaurantee that X'X is invertible.

m

J(w) = (g, —w'x;)? + Awl3
i=1
Closed-form solution:
w=(X"X+ A1) 1XTy.
(XT X + M) is always invertible when A > 0.

9.2.Polynomial Regression Sometimes, the relationship between x and y is not linear.

d
E W, T Ty, +
k=j

d d
7=1 7j=1

See an example: Data {x;, vy, } /" ;:

{1 =025 =0} = {y=—1}
Az =Lz, =1} = {y=—1}
“H{zy =12y =0} = {y=+1}
“H{zy =0,y =1} = {y = +1}



2" order polynomial model:

~

e e

[l elolloll

UG G VR G T U VR G W'

O R OO V= =
_ O O = O =

L1 Lo X1Lg
Ty Ty T Ty
L1 Lo X1Lg
T, Ty T Ty

—_ = =

w w o~

9.3. Lasso Regression (L1 Regularization)

9.4. Robust Regression

Summary of Probabilistic Perspectives:

_ W

W = W

e e
O Rk = O

w = PT(PP")~ly (note: under determined linear system)

J(w) = Z ly; —w'x;
i=1

0000
1111
0010
1 001
ST
1
|1
|4
1

14

ply | x,w) p(w) regression method
Gaussian Uniform Least squares
Gaussian Gaussian Ridge regression
Gaussian Laplace Lasso regression
Laplace Uniform Robust regression
Student Uniform Robust regression
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Lecture 6: Logistic Regression
1. Classification Sigmoid function:

o(z) = —

- 14+ e*

fw(x) is the probability of y = 1 given x and w, which is defined as:

ply =1x,w) = o(w'x)

2. Logistic Regression Linear vs. Logistic Regression:

Aspect Linear Regression Logistic Regression
Loss Function MSE (Mean Squared Error) Cross-Entropy Loss
Formula g 2oig (f(x) —y)? —ylog(fie(x)) — (1 -
y)log(1 — f,,(x))
Output Range (—0o0, +00) [0, 1] (probability)
Convexity Convex Non-convex with MSE;

Convex with Cross-Entropy

Why Cross-Entropy for Logistic Regression?
1. MSE Problems:

- Non-convexity
- Gradient vanishing

2. Cross-Entropy Advantages:

cost = {_log(fw(x)) ify=1
—log(1 — f,(x)) ify=0

- Rewards correct predictions: Loss approaches 0 when f,, (x) matches y.
- Penalizes errors: Loss approaches oo when predictions are far from true labels,
forcing rapid parameter correction.

3. Gradient Descent for Logistic Regression Learning w by minimizing the cost function:

m

w* = arg min J(w) = arg mvin—% Z[?Jz log(fiw(x;)) + (1 —y;) log(1 — fyy(x;))]
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Repeat the following steps until convergence:

w:=w—nV_ J(w)

1 m
)= .

4. Multiclass Logistic Regression (Softmax Regression) Implementation Strategies

Softmax Regression

Strategy One-vs-All (OVR) (Multinomial)

Core Idea Train C binary classifiers Train one unified model for
(one per class). C classes.

Logic Predict class with highest Output a normalized
binary probability. probability distribution.

Use Case Overlapping categories (e.g., Mutually exclusive
multi-tagging). categories (single label).

Softmax Function For input x, the probability of belonging to class j is:

exp(w] x)

C
D ey EXP(WEX)

Ply=j|x;W) =

Cost Function and Optimization Cross-Entropy Loss:
2353w
[1(y; = j) log(f, (x;))]
m 1=1 j=1
Where [(-) is the indicator function (effectively one-hot encoding).

Gradient Descent:

5. Regularization in Logistic Regression Add an L, norm penalty term to the original cost
function J(w):

- A (Regularization parameter): Controls the penalty strength. A larger A makes the
model simpler (prevents overfitting), but a value too large can cause underfitting.
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- No penalty for w,: The bias term wy, is usually not regularized because it only translates
the decision boundary and does not affect the model’ s complexity.

Gradient Descent Update Rule: The parameter updates with regularization are slightly mod-
ified:

For w, (unchanged):

For w; (j > 0):
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Lecture 7: Support Vector Machine (SVM)

1. Two Types of Derivation Perspective 1: Geometric Intuition and Large Margin - The
Distance from a Point to a Hyperplane: For a hyperplane defined by w/x + b = 0, the
distance from a point x to the hyperplane is given by:

Distance =

- Property of the Margin: If we scale w and b by a positive constant c, the location of the
hyperplane does not change:

[(ew)Tx+cb|  |whx+b|
lew] [wl

- Normalization: We can normalize w and b such that the closest points (support vectors)
satisfy:
yi(Wix; +0) =1

- Maximizing the Margin: Margin over all training data points is

e ()]
¥ = min =
i fwl
Recall y, € {—1,+1}, we have:
. yz’fw,b<xz)
~ = min
i wl
Maximize margin:
 Yifwa(X;) Yy (wx; +b)
max-y = max min —-——— = max min =————=
w,b wb i [w] wb i [w||

Recall the fixed scaleing y, (Wl x; + b) = 1, we have:

1 1,
max 7y = max —- = min — |w||
w,b w,b ”W” w,b 2

Subject to the constraints:

y,(wix; +b) >1, i=1,...m
Perspective 2: Hinge Loss When y, = +1, if the prediction value fw’b(xi) > 1, the model is
correct ans Loss = 0; if f, ,(x;) < 1, there will be a linear penalty.

Hinge Loss:
maX(O, I— yifw,b(xi>>
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2. Optimizing SVM by Lagrangian Duality
The objective function of SVM is:

1
min —HWH2
w,b 2

subjectto y;(wlx; +b) > 1,Vi
It can be transformed to:
1
min —|w|?
w,b 2
subjectto 1 —y,(wlx; +b) <0, Vi

The Lagrangian is:

1 m
L(w,b,u) = 5”“’”2 + Zuz<1 —y;(W'x; + b))

=1

The primal and dual optimal solutions should satisfy the KKT conditions: - Stationarity:

OL oL
BW—O:>W ZozyZ Xi g —0:>Zayz—0

- Feasibility:
a; >0, 1—y,(w'x, +b) <0, Vi

- Complementary slackness:

o; (1 —y;(w'x; + b)) =0, Vi

Replacing the stationary condition into Lagrange function, we have:
T
m
EURRORS U SUED DI D STV VS SO
= §||W||2 + Z o — Z aiajyiijiTXj —b Z oY,
7 1, 7



Thus, the dual problem is:

m m
1
-
max Z R Z QY Y% X
% %,J
st. «a; >0,V
m
Z a;y; =0
i

It can be solved by any off-the-shelf optimization solver.

We use the solved a back into the stationary condition:

m
W = E QY X
i

For any support vector x; (i.e., a; > 0, j € S), we have:
yj<WTXj +b)=1= yj(Z aiinzTXj +b) =1

Product y, for both sides of the above equation, and utilizing y, - y; = 1, we have:
m 1 m
Z aiyixiTXj +b=y,=>b= S| Z(y] — Z %%X?Xj)
i j€S i

Prediction:

m 1 m
wix+b= Z Y X] X+ E Z(yj - ; O‘iiniTXﬂ

JES
Ifwl'x + b > 0, then the predicted class of x is +1, otherwise —1.

The prediction is correct iff y(wl'x + b) > 0.

20
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Lecture 8: Tree-based Methods

AT BB 22 R S R IZRIN i — MM L= RIRAE K, #HEEIZREdE
RFEHEESEG WA AR R B8 F—&E38

EATRI AR :
- BRI AR eI, ATRERIESERRERIZL;
- RERERIEE NS EM, NEDWRE,

SIANIES BB Typical nonparametric models include k-nearest neighbors (KNN) and deci-
sion tree (DT).

1. Classification Tree Xt[A—lIZr%E, FIREHRZMAZINZRIRERIM,

One input variable each step: how to choose? * Random * Least-values * Most-values * Impu-
rity Measure (AR MRERZ, BMERMN R ANENL)
Impurity A4 : AT Entropy &,

C

Info(S) = — Zpi log, p;
i1

Information Gain 182 : IEFREAAIE NERZHE M,
Gain(S, A) = Info(S) — Info(S|A)

D,
Info(S|A) = Z 5
v=1

o(D,)

A DA Gini Index f#i& impurity,

\%

Gini(S|A4) = Z

=1

AGini(S) = Gini(S) — Gini(S|A)

G1n1
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2. Regression Tree [EJRIFIZ RIS ARG, FURARRICOKIARE; [T LBIET
TR,
AT g, = e EUARIEI MSE/SSE RIFMEE: AN MSE: ¢, =
NLc Zi60<yi ) R ﬂﬁﬁﬁ SSE: S = Zceleaves (Tree) Zi€c<yi - yC)

ik 1 NESEEHEARBRDNT RIS, 2. N8R, ZRArEZE. Irf —0BE,; 3. &R
SSE R 219X, 4. FHRRACAER, 8 iR D, ji%ﬁa%% 5, WHEL:; 5. X1
RARSEEYH,

IR, W5 ME w, ST oy, ey I
_ Zz c Yi Zz c Yi
U = ;,—LL g = ;7—1:5“’1 2 Wimy)+ Y (y—yp)*wi = argmax(9—S,,,)

i€cy, i€cpr

3. Pruning d#: 1. TEIIZRE e R —IRECEIRION,; 2. REREEM “EHEDSFHEE" 26
RARIEERI; 3. O BT R AR T RIEEMERRNT A, 4. BRIRSETR W RGE

4. Ensemble Methods Bagging

—%: Bootstrap R * MR KERIFE, R[22 DN ARG T,

B BOFRIIG— P A KA

FH BAW * 03 ZRERR*EIT: FEE

Random Forest £ Bagging HY%: it b, BHRDEN RN AERE N MHERREIKI 72, m2kEl
R m DREETRIy, S 2



Chapter 3: Deep Learning

Contents: Neural Networks(MLP,CNN), RNN, Transformer etc.

Included lectures

- Lecture 9: Neural Networks

- Lecture 10: Convolutional Neural Networks
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Lecture 9: Neural Networks
1. Introduction #ZHTT: y = o(wlx + b)
Some Activation Functions: * ReLU: o(z) = max(0, z) * Soft ReLU: 0(z) = log(1l + €*) *

Sigmoid/Logistic: o(z) = Hle,z *Tanh: o(z) = 2:2,2

—z

2. Perceptron HEFR AND, OR. NOT &R 3R L, (ERREFRR XOR LA ] 73 B BRI %R
Formula: y = sgn(w’x + b) Objective function: .J(w,b) = — ZZl y;(w'x; + b) Gradient
Descent: W <— w + n)(y — t)x

3. Multilayer Feedforward Neural Networks — /"% Z2RiRMHEMEEE: - # A2 input layer
- —AEZ R hidden layer(s) - it 2 output layer

BREER R - EERE—NTTIAERE: NaAZRL; - HSEZ R 2EE,; - REME T2 RE
R - AMHSEZ R A ERE, %A skip connection,
x->h >y
EZ= Utk
h=go(W'x +c)y = gy (w'h +b)

4. Backpropagation TEIHEE R HHEEN]
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Lecture 10: Convolutional Neural Networks

1. Covolution Layer Convolution operation: y = w * x + b F—" filter &%) 2/=4E—
K activation map (RHiEED, &M EAMEZ B RUZAT A EIGON B DX ISRAT A,

FHINR: 32X32X3, H 61 5xX5X%3 [ filters, stride=1, HJE padding, ABLEA filter £ —
7K 28 X 28 MK, EIGHEBGF]: 28X28X6

i HIRE = filter Mk,
RN R RS HREAR:
N —F +2P
S
Her) N Z2mARZRRS, F 2 filter RIS, P 2 padding B9 EE, S 2 stride,

BRESHEREMAZ: W, x H) x C BHER 4 MESEC * K 1REE N F: 3RS R *
S: stride * P: padding

WA Wy x Hy x K He:

+1

W, —F +2P
WQ_ L S+ 1
H,— F+2P

SHEN: F? xCx K+ KH/: *F? x C x K ME* K Mig
2. Pooling Layer MAX pooling: BURFXISHIRAME, RESCRRHIE,

3. Fully Connected Layer ®ZE#ZE: SM&ns L—ERTEMEITHE, fill—MrE,



Chapter 4: Unsupervised Learning

Contents: K-means, GMM, EM, PCA etc.

Included lectures

Lecture 11: RNNs

Lecture 12/13: Over/Under-fitting, Bias - Variance Tradeoff and Performance Evaluation
Lecture 14: Intro to Unsupervised Learning

Lecture 15: K-means Clustering

Lecture 16: Gaussian Mixture Models and Expectation-Maximization Algorithm
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Lecture 11: RNNs

1. Basic RNN RNN is a type of neural network designed for sequential data.
FPAIEARAIROODRHE R : P EZE, KERAE,

7RISR, AOURT AR, EIROT I RIS,

hy = f(ht—la xt)

XH, by 2 AN ZIRERURES, by BT —NZIREEIRE, o, REENZIREA, [ 2R
PERREL (40 tanh B¢ ReLU),

e.g.
hy = tanh(W,, by + W p20)y, = Whyht

RNN S8 - W), RS Z FIARERERE - W), MBS IR ERERE - W, 0 B
IRESE i H R EFERE

Cost function:

where § = W, W’.
Training

RNN BILALAR  “iafesk + B REE" |, (i TR R RIT, KitZE M Backpropaga-
tion Through Time, BPTT,

KPR E—f&fEH Truncated BPTT (Elft BPTT) R/ itREE, BRI A& REREE B AN E

A RNN FORSEE (TR E GBI, SRNR - W, , . - R W, , BEHEENT 1, BESE
WP, SRR - AURRMEEAT 1, MESBHDR, SEEEERLE,

-> RNN #Affi#E long-term dependencies.

2. LSTM (optional) LSTM (Long Short-Term Memory) f#RIESE RNN A6 I 5 A @,
IANT =ATTHENU]: - BT RUERE 2 DS ERER.

fe=a(Wlhy_1,2,] +by)
-FRAT: DRE Al AR B

iy = o(Wilhy 1, 2] 4 b;)
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-Fthrl: guEk 2 /0 Y AR SHIE R,
0y = 0<Wo[ht—17 xt] + bo)

LSTM &5 I AT — MRS Z & C), FRVHIRE, ATEBKIER,
C, = ft*0t71+it*ét
h, = o, * tanh(C,)

3. Limitations of RNN

- WRRCR: RNN REBPAHE IR, TTEHTL, SN REK,
- KERHOE: B8 LSTM #1 GRU i3 7ix— (R, (EAEACBRAER KA AR5 SR 17 AE R HE

4. Transformer Transformer FJ0JE self-attention ALH, & ARVFHRAILE LI FH| N I EAH
NMEMEE. - Query, Key, Value: & NMAN BEERZER = A :

Q = WQI‘,K = WK.I',V = va

- Attention Score: 5 Query 1 Key Z [AIFAEBLE :

KT
Attention(Q, K, V') = softmax (Q ) 174

Ve,



29

Lecture 12/13: Over/Under-fitting, Bias - Variance Tradeoff and Performance
Evaluation

Bias-Variance Tradeoff BIEEHEA:BOLFEN

y= f(x) +e e~ N(0,0%)
B ESI R BR2 B TIIZREE D, mdiee S8k A (40 SVM, Logistic Regression), %>—1
hypothesis function ho Bl hp, = A(D),

Expected Hypothesis Function (given A):

RITEF A RTRERVIIZREE D |, 3B A 3 FINRIZE AT,

Expected test error:

Esy),0l(hp(x) —y)°] = Epl(hp(x) — h(x))*] + E[(h(x) — f(2))*] + E[(f(z) —y)?]

Bl = Variance + Bias~2 + Noise

- PREAIE RS, Variance @K, Bias BN,

- FRAVE ZYEERR(E, Variance )N, Bias ok,
Cross Validation How to tune the hyper-parameters of a model?
K-fold Cross Validation:

| fold 1 |fold 2 |fold 3 |fold 4 |fold 5 | test |

1. RNZREHERI 7N K D5,

2. BIRAEA 1 i validation, HA K-1 £ train.
3. HE KX, HEY validation performance.

4. 1%&£EF15 performance &4/ hyper-parameters.

JF 4 ke ik train/validation/test B4F? KAERRK T “FENLYI—717 B9EAM:,
AR A —IX train/val split, FEEREARMGLF#7 3 validation, RFIRERIEEE R R &Rk K-fold 1Y

IR REAB R — IRRIESRFEAR
X BRI E e, R,
HRRA R,
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Evaluation Metrics for Regression

- Mean Absolute Error (MAE): “Fiy4axtiR %
1 <& .
MAE = EZ y; — Uil
i—1

- Mean Squared Error (MSE): “F-¥5 7717 %

n

_ 1 ~\2
MSE =~ (y;,— )

i=1

Evaluation Metrics for Classification Confusion Matrix | | Predicted Positive | Predicted
Negative | | | | | | Actual Positive | True Positive (TP) | False
Negative (FN) | | Actual Negative | False Positive (FP) | True Negative (TN) |

- Accuracy: R (FTERAT, B2/ DBIERTZ. )
TP+TN
TP+TN+FP+ FN
- Precision: Filfi% (FrA BRI BOERIFEAT, HIEZ2 RS, )
TP
TP+ FP
- Recall: AEZ (FTAESEIERS, PEBIHESRATELG], )
TP
TP+ FN
- Cost-sensitive metrics: FFEZERBMASEREGNRAIHA, N THAMER: FP I FN, 2HERFE
AN EE

Accuracy =

Precision =

Recall =

C,, TP+C,, TN

Cost =
**~¢ ,TP+C,, TN+C,, - FP+C,, -FN

A PASEXT Confusion Matrix ff Normalization: | | Predicted Positive | Predicted Negative | |—
| | | | Actual Positive | TPR | FNR | | Actual Negative | FPR | TNR

- (True Positive Rate) TPR = TP/(TP + FN) = Recall
- (False Negative Rate) FNR = FN/(TP + FN)

- (False Positive Rate) FPR = FP/(FP + TN)

- (True Negative Rate) TNR = TN/(FP + TN)

F—EEKE, &N —HAREP FPR Ml FNR, XFERSFRA— operating point

BEE HIEM 0 %] 1, FPR 2 RS, FNR £ EFHES, AT <P Equal Error Rate (EER).
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Graph DET curve: Detection Error Tradeoff curve, DA FPR (x §f) 1 FNR (y f) JyARFRAHH
£, - DET (K, BIEUPERERLT

ROC curve: Receiver Operating Characteristic curve, PA FPR (x ) il TPR (y ff) MALFRIY
£k, - ROC @i/ B, R RERRET

AUC: Area Under the Curve, ROC Hi&k FRUMEFL, AT,
AUC ] ABE BRI —DRENLIEAEARST 2 & T — MR AR B, (EHFRES), AUC=1->5¢
LR

- Scale-invariant: #iH2EGFOENRZ, RN AUC
- Threshold-invariant: BH{EIME, A0 AUC,

| mtm 1, ifsf >s;

mrTm= L
0, ifs] <s;

i=1 j=1
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Lecture 14: Intro to Unsupervised Learning

1. Definition

Unsupervised Learning Supervised Learning
bR D = (z,)) HIREER D = (z,,y,);
MEBHEREZIREE, B, s S IPNST A NS S

2. Main Approaches

- Clustering: #EEHE sSEAHRUE 7> a4, fEH M R B, AR SEHEIZ &, (e.g. K-means,
DBSCAN)

- Dimensionality Reduction: ¥ &4EEdEm s R4E =2 A, RN R &R 8 RGBS E
B, (e.g. PCA, t-SNE)

- Density Estimation: {5 #ERIER 20, &H T RERNFA SRR, (e.g. Gaussian Mix-
ture Models)

- Autoencoders: it HIEE ML S BIRN E4E 2R, BT B A RTES,

- Self-supervised Learning: F|HEdEA S EEMATICRE S, WM T HIZGMRIER R
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Lecture 15: K-means Clustering
K-means clustering minimizes withincluster variances (squared Euclidean distances).
AR B n MEARDRR kA, FEEEFMERE T EERIERAI RO ERL,
AT
1. %2 K, BEflRIase K Ml (centroids)
2. WMED IR (Assignment) : B MERDIELS B EHRITHI UL

3. HH IR (Refitting) : EFTIHRESNMRIIBUL. FRNATAE SRETEIME)
4. #HE 2-3 HEMHCA SR

AR K-means minimize the within-cluster variance:

mmﬂ (c,r) mmZZrlkHw — ;|2
c,T

i=1 k=
s.t. r; € {0, 1}”XK,Zri7k =1
k=1

where r; ;. = 1if x; is assigned to cluster k.

XA )RR R LA PR 22 & (O3B0 r MBSO o), BRE AR AE, T2 H 2645 FFE (Coordinate Descent)
BIREE — MU s —1:

S I, R r RS MR DRARIENRL, Bk = argming, |2, — ¢ |2

SEE I, RRD 0 = ST GRATREAID.

IXIEE K-means 5% R MR E D A0 88 520 35,

Performance Evaluation of Clustering

1. Internal Evaluation Metrics.
R HEEEA S G ERIEEEREE, (Silhouette Coefficient).
M NEARTIR:

- a: RS RN E AR
b FEAR S Fl YA AR AR B B B
- Silhouette Coefficient: s = —2=2_  Ji[l [-1, 1], REHE 1 BkET,

max(a,b)’

2. External Evaluation Metrics.

T O ATE SR
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RI GEHHA s R —8C AL (RIFEFZE + RREAFEZE), ARIZRXN RI AIREHL
ICERRAR, MR T RIS BEHLERZE th n] RERE = Y m],

- ar 1E X HFERE, fEY HHE %
- b fE X HARFERE, 1Y HHAEE
c: 1 X HFEf%E, 1£Y PAFEE
- d: TE X HRFEE, 78 Y RS
+ RI = —atb  (—BikeAontMRE AR, BUETE [0, 1], B 1 BT,

a+btc+d
ARI: X RI f# chance adjustment, @R RI XFBENLER S H AT RER & Y [R] L
RI — E[RI]
ARI =
& max(RI) — E[RI|

Het E[RI| 2BE0IZRERHE R, max(RI) 2 RIMERAME CHEREZEREMN), ARI K
EVEEDZ [-1, 1], 8 1 8,
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Lecture 16: Gaussian Mixture Models and Expectation-Maximization Algo-
rithm

A. Gaussian Mixture Models (GMM) X TEi@sr2KMAE: $ p(x,z) = p(z) p(x|z) $ HH 2 2251
3%, p(z) BFRABIFEER 2,

(BN TR A 7z RH, Xz skH:
=> pla,2) => pl2)p(z|z
Xk Mixture Model,

1. Gaussian Mixture Model Ri%& N AR E Gaussian 731f :

p(alz = k) = N(z|uy, X)
REIA b
T) = ZMN(CUW, k)
k=1
ooy, 24 K AMEROIGE, W Y, T, = L

N(z|p, X) = W exp <—%(~T —p)TE o~ M>>

2. GMM HF{t 24tk K-means B K?

- K-means HEEHHEERIRTE, 1M GMM n] DRI BB IRAI 7%,
- GMM ##t TEMERE T NEIER, 1 K-means HAEZ HAH AL,

3. 28 BiR: R0 = {1y, g, 3p 1S | SRR BUR R EUR AL :

N K
£ =1ogL(©) = Zlog (Z TN (2|, Zk))
n=1 k=1

where © = {m, u, 2}.

0L N FkN x(™) | 2 Ek) -1
— Y (x™ — ) =0
oy, Z N | g, 2y) F k

7

5|\ responsibility ST % ;

(n) _ WkN(x(n)Wka k)
= }74 -
Zj:l ﬂ-jN(x( )|:uj72j>
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W) SRR 2 BT k ERER,
4. SEEFHE A T DS, TOMHHL FER AR

- OHRREARC N, =3

- EER = Nizfj:ﬂ,g”wm

C ITEER X, = 5 Zn @™ = ) (2 — )T
- RERYEN: T, = fjv

5

5. ZEHWHAIL -2 IHREEE

,Y(n) _ WkN(x(n)’Mka )
k K n
ijl ﬂ-jN<x( )|:uj72j>

K

B EHEsK
N N
1 1 (n)

N, = Z’yk e = ”y(")w(”)Ek =N, 2 (2 =) (@™ =gy ) Ty, = =2
=1 n= n=

AW 5 H B BRI
6. Comparison with K-means

- K- Means
- Assignment step: {EFMEARGRILAFEHL (BE2HC)
— Refitting step: BFHEAULNFENHEARIIEIE

- GMM

- E-step: WESMEARETHMRINEREER (B
- M-step: WRIETREEEFHEISEH (IEH, HIiE. RERLD

B. Expectation-Maximization (EM) Algorithm

1. GMM KRR &M A We introduce a latent variable z for each sample, where 2, indicates
which component generated z,.

z ~ Categorical(m)p(z = k) = mp(x|z = k) = N (x|, Xy)

K
p(x) =) p(z=Fkp(zlz=k) = Z?TkN x|y, Sy)
BB GMM ARE R — 5 B RS R AL R
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2 REBE, #EL MLE BESRIFSEL
2. Jensen’ s Inequality Suppose f is a convex function, and X is a random variable, then:
FE[X]) < E[f(X)]
If f is concave, the inequality is reversed:
F(EIX]) > E[f(X)]

© E-step: SEREAMEASK B & MEIOMR
- Mestep: PBULXUEHERZEN, HEHEHSH
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