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I. Overview
Introduction

Khoảng cách từ một điểm (vector) 𝐱0 đến một hyperplane được định nghĩa 
bởi phương trình:

𝐰𝐓𝐱 + b = 𝟎

được cho bởi công thức
|𝐰𝐓𝐱𝟎 + b|

𝐰
𝟐trong đó, 

𝐰
𝟐

= ෍

𝑖=1

𝑑

𝑤𝒊
𝟐

và 𝑑 là số chiều của không gian.
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Perceptron Learning Algorithm

https://machinelearningcoban.com/2017/04/09/smv/



I. Overview
Formulate optimization problem for SVM

Giả sử một training set có N cặp dữ liệu được đánh nhãn như sau

𝐱1, 𝑦1 , 𝐱2, 𝑦2 , … , 𝐱𝑁, 𝑦𝑁

trong đó mỗi input vector 𝐱𝑖 ∈ ℝ𝑑 và nhãn của nó 𝑦𝑖 tương ứng +1 (class 

1) hoặc -1 (class 2), như trong Perceptron Learning Algorithm (PLA). Ở 

đây, d là số chiều của dữ liệu và N là số mẫu.

Khi đó, ta có khoảng cách từ 𝐱n đến the hyperplane là

𝐲𝑛(𝐰T𝐱n + 𝑏)

𝐰
𝟐
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Formulate optimization problem for SVM

Ta sẽ định nghĩa margin là khoảng cách gần nhất từ các điểm của hai class 
đến mặt phân chia

𝑚𝑎𝑟𝑔𝑖𝑛 =  min
𝑛

𝑦𝑛(𝐰𝑇𝐱𝑛 + 𝑏)

𝐰
𝟐

Do đó, bài toán SVM là bài toán tối ưu chon cặp (𝐰, 𝑏) sao cho margin là lớn 

nhất:

𝐰, 𝑏 = 𝑎𝑟𝑔 max
𝒘,𝑏

1

𝒘
2

min
𝑛

𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏

Để giải bài toán trên rất khó !!!!!!!!!!!
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I. Overview
Formulate optimization problem for SVM

Một cách tự nhiên, ta thấy rằng

𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 ≥ 1, 𝑛 = 1, … , 𝑁

Then, the margin becomes

𝐰, 𝑏 = 𝑎𝑟𝑔 max
𝐰,𝑏

1

𝐰
2

By a simple transformation, we can reduce it to the following problem

𝐰, 𝑏 = arg min
𝐰,𝑏

1

2
𝐰

2

2

Subject to 

1 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 ≤ 0, 𝑛 = 1, … , 𝑁
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Formulate optimization problem for SVM

Finally, once (𝒘, 𝒃) are found, the label of a new point 𝒙 is simply

𝑐𝑙𝑎𝑠𝑠 𝐱 = sgn 𝐰𝑇𝐱 + 𝑏 = ቊ1 𝑖𝑓 𝐰𝑇𝐱 + 𝑏 ≥ 0
−1 𝑜𝑡ℎ𝑒𝑟𝑠

Question: Why use 𝑦𝑛 𝐰𝑇𝐱 + 𝑏 and not use |𝐰𝑇𝐱 + 𝑏| ?
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Dual problem for SVM

Lagrange multiplier method

Let 𝑈 be an open set in ℝ𝑛, and suppose that you want to maximize or 

minimize a smooth function 𝑓: 𝑈 → ℝ subject to the constraint 𝑔 𝑥 = 𝑐 for 

some smooth function 𝑔: 𝑈 → ℝ and some constant 𝒄. If 𝒇 has a local 

maximum or local minimum at a point 𝒂 and if ∇𝑔 𝒂 ≠ 𝟎, then there is a 

scalar 𝜆 such that:

𝛻𝑓 𝒂 = 𝜆𝛻𝑔 𝒂

The scalar 𝜆 is called a Lagrange multiplier.

Don Shimamoto, Multivariable Calculus, Swarthmore College
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Dual problem for SVM

General Optimization Problem

We consider the following general optimization problem:

1. Objective Function:

    𝐱 ∗= 𝑎𝑟𝑔min
𝐱

𝑓0(𝐱) (1)

2. Constraints:
𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜:

𝑓𝑖 𝑥 ≤ 0, 𝑖 = 1,2, … , 𝑚
ℎ𝑗 𝑥 = 0, 𝑗 = 1,2, … , 𝑝

3. Domain Definition:
   

    𝐷 = 𝑖=1ځ)
𝑚 𝑑𝑜𝑚𝑓𝑖) ∩ 𝑗=1ځ)

𝑝
𝑑𝑜𝑚ℎ𝑖)

Understanding Duality and Lagrangians in Optimization | MLDemystified

https://mldemystified.com/posts/basics-of-ml/duality/post/
https://mldemystified.com/posts/basics-of-ml/duality/post/
https://mldemystified.com/posts/basics-of-ml/duality/post/
https://mldemystified.com/posts/basics-of-ml/duality/post/
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Dual problem for SVM

The Lagrangian Function

𝐿 𝒙, 𝜆, 𝜈 = 𝑓0 𝒙 + ෍

𝑗=1

𝑚

𝜆𝑖 𝑓𝑖 𝒙 + ෍

𝑗=1

𝑝

𝜈𝑗ℎ𝑗 𝒙

 

How to optimize it ???, We need to know that, Classical Lagrange just 

helps us to find the stationary point, not specifically point like the min or 

max value, so we need to find other methods that can find the optimum 

value.

So, we have duality and some novelty conditions that help us to find the 

minimum value of 𝐹(𝒙)
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Dual problem for SVM

mathematical optimization

optimization problems

Duality

In mathematical optimization theory, duality or the duality principle is the 

principle that optimization problems may be viewed from either of two 

perspectives, the primal problem or the dual problem. 

The Lagrangian dual function:

g 𝜆, 𝜈 = inf
𝑥∈𝐷

𝐿 𝒙, λ, ν = inf
𝑥∈𝐷

 (𝑓0 𝒙 + ෍

𝑗=1

𝑚

𝜆𝑖 𝒇𝑖 𝒙 + ෍

𝑗=1

𝑝

𝜈𝑗𝒉𝒋 𝒙 )

In other words, for each fixed pair of multipliers (𝜆, 𝜈), we look for the value 

of x that makes the Lagrangian as small as possible, that minimum 
becomes the value of 𝑔(𝜆, 𝜈)

https://en-m-wikipedia-org.translate.goog/wiki/Mathematical_optimization?_x_tr_sl=en&_x_tr_tl=vi&_x_tr_hl=vi&_x_tr_pto=tc
https://en-m-wikipedia-org.translate.goog/wiki/Optimization_problem?_x_tr_sl=en&_x_tr_tl=vi&_x_tr_hl=vi&_x_tr_pto=tc
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Dual problem for SVM

Slater’s Condition 

The Slater condition says that, if there exists 𝒘, 𝒃 such that:

1 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 < 0, 𝑛 = 1, … , 𝑁

then strong duality holds.

Lagrangian of the SVM problem

The Lagrangian of problem is:

ℒ 𝐰, 𝑏, 𝛌 =
1

2
𝐰

2

2
+ ෍

𝑛=1

𝑁

𝜆𝑛( 1 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 ) 

with 𝛌 = [𝜆1, 𝜆2, … , 𝜆𝑁] và 𝜆 ≥ 0, ∀𝑛 = 1, 2, … , 𝑁
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Lagrange dual function

The Lagrange dual function is defined as:

𝑔 𝛌 = min
𝐰,𝑏

ℒ 𝐰, 𝑏, 𝜆

with 𝜆 ≽ 0. 
And the Lagrange dual function is concave function.

Lagrange dual problem 

From there, combining the Lagrange dual function and the constraints of

𝜆, we will obtain the Lagrange dual problem:

𝛌 = arg max
𝛌

ℒ 𝐰, 𝑏, 𝜆

subject to 𝜆 ≽ 0 and σ𝑛=1
𝑁 𝜆𝑛𝑦𝑛 = 0.



I. Overview
Heading 2

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt ut 

labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation ullamco 

laboris nisi ut aliquip ex ea commodo consequat.

Duis aute irure dolor in reprehenderit in voluptate velit esse cillum dolore eu fugiat nulla 

pariatur.

I. Overview
Heading 2

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt ut 

labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation ullamco 

laboris nisi ut aliquip ex ea commodo consequat.

Duis aute irure dolor in reprehenderit in voluptate velit esse cillum dolore eu fugiat nulla 

pariatur.

I. Overview
Heading 2

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt ut 

labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation ullamco 

laboris nisi ut aliquip ex ea commodo consequat.

Duis aute irure dolor in reprehenderit in voluptate velit esse cillum dolore eu fugiat nulla 

pariatur.

I. Overview
Heading 2

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt ut 

labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation ullamco 

laboris nisi ut aliquip ex ea commodo consequat.

Duis aute irure dolor in reprehenderit in voluptate velit esse cillum dolore eu fugiat nulla 

pariatur.

I. Overview
Heading 2

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt ut 

labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation ullamco 

laboris nisi ut aliquip ex ea commodo consequat.

Duis aute irure dolor in reprehenderit in voluptate velit esse cillum dolore eu fugiat nulla 

pariatur.

I. Overview
Heading 2

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt ut 

labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation ullamco 

laboris nisi ut aliquip ex ea commodo consequat.

Duis aute irure dolor in reprehenderit in voluptate velit esse cillum dolore eu fugiat nulla 

pariatur.

I. Overview
Heading 2

Lorem ipsum dolor sit amet, consectetur adipiscing elit, sed do eiusmod tempor incididunt ut 

labore et dolore magna aliqua. Ut enim ad minim veniam, quis nostrud exercitation ullamco 

laboris nisi ut aliquip ex ea commodo consequat.

Duis aute irure dolor in reprehenderit in voluptate velit esse cillum dolore eu fugiat nulla 

pariatur.

I. Overview
Dual problem for SVM

Karush–Kuhn–Tucker (KKT) conditions

The Karush-Kuhn-Tucker (KKT) conditions are a generalization of Lagrange 

multipliers, and give a set of necessary for conditions optimality for systems 

involving both equality and inequality constraints.

- Stationarity: existence of optimal solution of Lagrange function.

- Primal Feasibility: optimal solution that satisfies the conditions of the 

original problem.

- Dual Feasibility: optimal solution that satisfies the conditions of the dual 

problem.

- Complementary Slackness: For each inequality constraint, either its dual 

coefficient is positive and the constraint is “closed”, or the constraint is 

“open” and the dual coefficient is 0.

Adam Rumpf, Introduction to the Karush-Kuhn-Tucker (KKT) Conditions, Illinois Institute of Technology - Department of Applied Mathematics
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I. Overview
Dual problem for SVM

Karush–Kuhn–Tucker (KKT) conditions for SVM

- Stationarity: 
𝜕ℒ 𝐰, 𝑏, 𝜆

𝜕𝐰
= 0 and

𝜕ℒ 𝐰, 𝑏, 𝜆

𝜕𝑏
= 0

- Primal Feasibility: Slater condition.

- Dual Feasibility: 𝜆 ≽ 0

- Complementary Slackness: 𝜆𝑛(1 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 ) = 0

In short, if a convex problem satisfies the Slater criterion, then strong 

duality is satisfied. And if strong duality is satisfied, then the solution 

to the problem is the solution of the KKT condition system.
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I. Overview

Question: Why why is it called ab
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I. Overview
Discussions

Question: Why is it called “Support Vector Machine”?

Question: What problems does SVM help solve in machine learning?

Question: Why don't we solve the problem in its original form but have to 

convert it to the KKT system to solve it? 
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II. Soft-margin SVM 
Introduction

https://machinelearningcoban.com/2017/04/13/softmarginsmv/



II. Soft-margin SVM 
Mathematical analysis

For points in the safe zone, 𝜉𝑛 = 0. Points in the unsafe zone but still on the 
right side of the boundary correspond to 0 < 𝜉𝑛 < 1, e. g. 𝐱𝟐 . Points on the 
opposite side of their class from the boundary correspond to 𝜉𝑛 >
1, e. g.  𝐱𝟏 and 𝐱𝟑

https://machinelearningcoban.com/2017/04/13/softmarginsmv/



II. Soft-margin SVM 
Mathematical analysis

Slack variable
For points 𝒙𝒏 in the safe region, 𝜉𝑛 = 0. For each point in the unsafe region 
such as 𝑥1, 𝑥2 or 𝑥3, we have 𝜉𝑖 >  0. Notice that if 𝑦𝑖 = ±1 is the label of 𝑥𝑖   
in the unsafe region, then 𝜉𝑖 = |𝐰𝑇𝐱𝑖 + 𝑏 − 𝑦𝑖|

We have the optimization problem in standard form for Soft-margin SVM:

𝐰, 𝑏, 𝜉 = arg min
𝐰,𝑏,𝜉

1

2
𝐰

2

2
+ 𝐶. ෍

𝑛=1

𝑁

𝜉𝑛

Subject to 
1 − 𝜉𝑛 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 ≤ 0, 𝑛 = 1, … , 𝑁

−𝜉𝑛 ≤ 0, 𝑛 = 1, … , 𝑁



II. Soft-margin SVM 
Dual problem for Soft-margin SVM

Slater’s Condition 

For all 𝑛 = 1,2, … , 𝑁 and for any (𝐰, 𝑏), we can always choose positive scalars 

𝜉𝑛, 𝑛 = 1,2, … , 𝑁, large enough so that

𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 + 𝜉𝑛 > 1, ∀𝑛 = 1, 2, … , 𝑁

Hence, this problem satisfies Slater’s condition.

Lagrangian of the Soft-margin SVM problem

The Lagrangian of problem is:

ℒ 𝐰, 𝑏, 𝜉, 𝜆, 𝜇 =
1

2
𝑤

2

2
+ 𝐶. ෍

𝑛=1

𝑁

𝜉𝑛 + ෍

𝑛=1

𝑁

𝜆𝑛( 1 − 𝜉𝑛 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 ) − ෍

𝑛=1

𝑁

𝜇𝑛𝜉𝑛 

with  𝜆 = [𝜆1, 𝜆2, … , 𝜆𝑁] and 𝜆 ≥ 0, ∀𝑛 = 1, 2, … , 𝑁
 𝜇 = 𝜇1, 𝜇2, … , 𝜇𝑁  and 𝜇 ≥ 0, ∀𝑛 = 1, 2, … , 𝑁



II. Soft-margin SVM 
Dual problem for Soft-margin SVM

Lagrange dual function

The Lagrange dual function is defined as:

𝑔 𝜆, 𝜇 = min
𝐰,𝑏

ℒ 𝐰, 𝑏, 𝜉, 𝜆, 𝜇

with 𝜆 ≽ 0, 𝜇 ≽ 0. 

Lagrange dual problem 

From there, combining the Lagrange dual function and the constraints of

𝜆, we will obtain the Lagrange dual problem:

𝜆 = arg max
𝜆

ℒ 𝐰, 𝑏, 𝜉, 𝜆, 𝜇

subject to 0 ≤ λ𝑛 ≤ 𝐶 and σ𝑛=1
𝑁 𝜆𝑛𝑦𝑛 = 0, ∀𝑛 = 1, 2, … , 𝑁.



II. Soft-margin SVM 
Dual problem for Soft-margin SVM

KKT conditions for Soft-margin SVM

- Stationarity: 
𝜕ℒ 𝐰, 𝑏, 𝜉, 𝜆, 𝜇

𝜕𝐰
= 0 and

ℒ 𝐰, 𝑏, 𝜉, 𝜆, 𝜇

𝜕𝑏
= 0 and

ℒ 𝐰, 𝑏, 𝜉, 𝜆, 𝜇

𝜕𝜉𝑛
= 0

- Primal Feasibility: Slater condition.

- Dual Feasibility: 𝜆 ≽ 0, 𝜇 ≽ 0

- Complementary Slackness: 𝜆𝑛(1 − 𝜉𝑛 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 ) = 0

Question: Is there any other way to solve this problem?



II. Soft-margin SVM 
The unconstrained optimization problem for 
Soft-margin SVM

Equivalent unconstrained optimization problem

We have the first condition

1 − 𝜉𝑛 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 ≤ 0, 𝑛 = 1, … , 𝑁
⇒ 𝜉𝑛 ≥ 1 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 , 𝑛 = 1, … , 𝑁

and the second condition is 𝜉𝑛 ≥ 0. So, this problem become

𝐰, 𝑏, 𝜉 = arg min
𝐰,𝑏,𝜉

1

2
𝐰

2

2
+ 𝐶. ෍

𝑛=1

𝑁

𝜉𝑛

subject to 
𝜉𝑛 = max

(𝐰,𝑏)
0, 1 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏

Hence,

𝐰, 𝑏, 𝜉 = arg min
𝐰,𝑏,𝜉

1

2
𝐰

2

2
+ 𝐶. ෍

𝑛=1

𝑁

max
(𝐰,𝑏)

0, 1 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 ≜ arg min
(𝐰,𝑏)

𝐽 𝐰, 𝑏



II. Soft-margin SVM 
The unconstrained optimization problem for 
Soft-margin SVM

Hinge Loss

The hinge loss for a single data point is given by

𝐿 𝑦, 𝑓 𝐱 = max 0, 1 − 𝑦. 𝑓 𝐱

where

❖ 𝑦: Actual label of the data point, either +1 or −1 (SVMs require binary labels in 

this format).

❖ 𝑓 𝐱 : Predicted score (e.g., the raw output of the model before applying a 

decision threshold).

❖ max(0, … ): Ensures the loss is non-negative.

What is Hinge loss in Machine Learning?

https://www.analyticsvidhya.com/blog/2024/12/hinge-loss-in-machine-learning/


II. Soft-margin SVM 
The unconstrained optimization problem for 
Soft-margin SVM

Hinge Loss for Soft-margin SVM

𝐿 𝐰, 𝑏 = ෍

𝑛=1

𝑁

max 0, 1 − 𝑦𝑛 𝐰𝑇𝐱𝑛 + 𝑏 +
𝜆

2
𝒘

2

2

Optimize the hinge loss

❖Gradient Descent

❖Mini-batch Gradient Descent

Gradient descent – Wikipedia
Mini-Batch Gradient Descent in Deep Learning - GeeksforGeeks

https://en.wikipedia.org/wiki/Gradient_descent
https://en.wikipedia.org/wiki/Gradient_descent
https://en.wikipedia.org/wiki/Gradient_descent
https://www.geeksforgeeks.org/deep-learning/mini-batch-gradient-descent-in-deep-learning/
https://www.geeksforgeeks.org/deep-learning/mini-batch-gradient-descent-in-deep-learning/
https://www.geeksforgeeks.org/deep-learning/mini-batch-gradient-descent-in-deep-learning/
https://www.geeksforgeeks.org/deep-learning/mini-batch-gradient-descent-in-deep-learning/
https://www.geeksforgeeks.org/deep-learning/mini-batch-gradient-descent-in-deep-learning/


III. Kernel Support Vector Machine



I. Kernel SVM
Introduction

The basic idea of Kernel SVM—and kernel methods in general—is to find a 
transformation that maps the original data, which is not linearly separable, 
into a new feature space. In this new space, the data becomes linearly 
separable.

https://machinelearningcoban.com/2017/04/22/kernelsmv/



I. Kernel SVM
Foundation of Mathematics

The dual problem for the Soft-Margin SVM with nearly linearly separable data can 
be written as

𝜆 = arg max
𝜆

෍

𝑛=1

𝑁

𝜆𝑛 −
1

2
෍

𝑛=1

𝑁

෍

𝑚=1

𝑁

𝜆𝑛𝜆𝑚𝑦𝑛𝑦𝑚𝐱𝑛
𝑇𝐱𝑚

subject to: 

෍

𝑛=1

𝑁

𝜆𝑛𝑦𝑛 = 0

0 ≤ λ𝑛 ≤ 𝐶, ∀𝑛 = 1, 2, … , 𝑁

Problem: With real-world data, it is very difficult to obtain data that is nearly 
linearly separable.



I. Kernel SVM
Foundation of Mathematics

Suppose we can find a function 𝚽 .  such that, after being transformed into 
a new space, each data point 𝐱 becomes 𝚽 𝐱 , and in this new space, the 
data becomes nearly linearly separable.

𝜆 = arg max
𝜆

෍

𝑛=1

𝑁

𝜆𝑛 −
1

2
෍

𝑛=1

𝑁

෍

𝑚=1

𝑁

𝜆𝑛𝜆𝑚𝑦𝑛𝑦𝑚𝚽 𝐱𝑛
𝑇 𝚽 𝐱𝑚

subject to: 

෍

𝑛=1

𝑁

𝜆𝑛𝑦𝑛 = 0

0 ≤ λ𝑛 ≤ 𝐶, ∀𝑛 = 1, 2, … , 𝑁

𝚽 𝐱𝑛
𝑇 𝚽 𝐱𝑚  is dot product



I. Kernel SVM
Foundation of Mathematics

By defining the kernel function 𝐊 𝐱𝑛, 𝐱𝑚 = 𝚽 𝐱𝑛
𝑇 𝚽 𝐱𝑚 we can rewrite 

problem and expression as follows:
 

𝜆 = arg max
𝜆

෍

𝑛=1

𝑁

𝜆𝑛 −
1

2
෍

𝑛=1

𝑁

෍

𝑚=1

𝑁

𝜆𝑛𝜆𝑚𝑦𝑛𝑦𝑚𝐊 𝐱𝑛, 𝐱𝑚

subject to: 

෍

𝑛=1

𝑁

𝜆𝑛𝑦𝑛 = 0

0 ≤ λ𝑛 ≤ 𝐶, ∀𝑛 = 1, 2, … , 𝑁

And 
෍

𝑚∈𝑆

𝜆𝑚𝑦𝑚𝐊 𝐱𝑚, 𝐱 +
1

𝑁ℳ
෍

𝑚∈ℳ

𝑦𝑛 − ෍

𝑚∈𝑆

𝜆𝑚𝑦𝑚𝐊 𝐱𝑛, 𝐱𝑚



I. Kernel SVM
Kernel function

Mercer’s Condition
In mathematics, a real-valued function 𝐾(𝑥, 𝑦) is said to fulfill Mercer's condition 
if for all square-integrable functions 𝑔(𝑥) one has

ඵ 𝑔 𝑥 𝐾 𝑥, 𝑦 𝑔 𝑦 𝑑𝑥𝑑𝑦 ≥ 0

Discrete analog
This is analogous to the definition of a positive-semidefinite matrix. This is a 
matrix 𝐾 of dimension 𝑁, which satisfies, for all vectors 𝑔, the property 

𝑔, 𝐾𝑔 = 𝑔𝑇 . 𝐾𝑔 = ෍

𝑖=1

𝑁

෍

𝑗=1

𝑁

𝑔𝑖𝐾𝑖𝑗𝑔𝑗 ≥ 0

Mercer's theorem - Wikipedia

https://en.wikipedia.org/wiki/Mercer%27s_theorem#Mercer.27s_condition
https://en.wikipedia.org/wiki/Mercer%27s_theorem#Mercer.27s_condition
https://en.wikipedia.org/wiki/Mercer%27s_theorem#Mercer.27s_condition


I. Kernel SVM
Kernel function

Properties of kernel functions:

❖ Symmetry: This is easy to see, since the dot product of two vectors is 
symmetric.

❖ A kernel function must satisfy Mercer’s condition.

Some commonly used kernel functions:



IV. Multi-class Support Vector Machine



I. Multi-class SVM
Introduction

Question: What do you think about combining SVM and Neural Networks?



I. Multi-class SVM
Building a loss function for Multi-class SVM

For the entire dataset 𝐗 = [𝑥1, 𝑥2, … , 𝑥𝑁], the total loss is

𝐿(𝐗, 𝐲, 𝐖) =
1

𝑁
෍

𝑛=1

𝑁

෍

𝑗≠𝑦𝑛

max Δ − 𝑧𝑦𝑛
𝑛 + 𝑧𝑗

𝑛

where 𝐲 = [𝑦1, 𝑦2, … , 𝑦𝑁] is the vector of correct class labels for all training 

examples. The factor 
1

𝑁
 computes the average loss, preventing this expression from 

becoming excessively large and causing numerical overflow.

Problem: What if W gets too large?



I. Multi-class SVM
Building a loss function for Multi-class SVM

Frobenius Norm

For a matrix 𝐀 ∈ ℝ𝑚×𝑛, the most commonly used norm is the Frobenius norm, 

denoted 𝐀
𝐹
, which is the square root of the sum of the squares of all 

entries of the matrix.

𝐀
𝐹

= ෍

𝑖=1

𝑚

෍

𝑗=1

𝒏

𝑎𝑖𝑗
2

Regularization

𝐿(𝐗, 𝐲, 𝐖) =
1

𝑁
෍

𝑛=1

𝑁

෍

𝑗≠𝑦𝑛

max Δ − 𝑧𝑦𝑛
𝑛 + 𝑧𝑗

𝑛 + 𝐖
𝐹



I. Multi-class SVM
Calculating the loss function and its derivative

❖ Compute the loss function and its derivative in a naive way.

❖ Calculate the loss function and its derivative by vectorizing.



Homework

“Applying SVM to mushroom classification problem”

This is the topic of the OAI-HCMC 2025 contest.



THANK YOU

mliotlab.github.io

CONTACT US

403.1 H6, BKHCM Campus 2

mlandiotlab@gmail.com

facebook.com/hcmut.ml.iot.lab

youtube.com/@mliotlab
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