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1. Introduction



Background



Background

Why optimization methods 

must adapt?

• Explosive growth of data

• Rising complexity of machine learning models



2. Problem Statement



Machine Learning as an Optimization Problem

• Most ML task

• Classification

• Regression

• Clustering

• Reinforcement Learning

• …

• Objective function:

• Objective function with regularization:

Optimization 

problems



Optimization Methods Overview

• First-Order Methods (Gradient-based)

• Use gradient only

• Examples: Gradient Descent, SGD, AdaGrad,…

• Scalable and widely used

• High-Order Methods (Curvature-based)

• Use second or higher-order derivatives

• Examples: Conjugate Gradient method, Quasi-Newton method, L-BFGS…

• Faster convergence but higher computational cost



3. Mathematical Analysis



Update Rule :

First-Order Methods

• Gradient Descent • Stochastic Gradient Descent(SGD)
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First-Order Methods

• Nesterov Accelerated Gradient(NAG) • Adaptive Learning Rate Method(AdaGrad)

• Derivative-Free Technique
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Second-Order Method

Conjugate Gradient Method

• optimization objective

𝑚𝑖𝑛𝜃 𝐹 𝜃 =
1

2
𝜃𝑇𝐴𝜃 − 𝑏𝜃 + 𝑐

Core idea

Build a sequence of A-conjugate search directions 

𝑑0, 𝑑1, ⋯ , 𝑑𝑛 : 𝑑𝑖
𝑇𝐴𝑑𝑗 = 0 𝑓𝑜𝑟 𝑖 ≠ 𝑗

At each iteration do an exact 1 − 𝐷 line search along 𝑑𝑡

• Property: generating a new vector 𝑑𝑛 only using 

the previous vector 𝑑𝑡−1



Second-Order Method

Quasi-Newton Method

Core idea:

Use a positive definite matrix to approximate the

inverse of the Hessian matrix



Second-Order Method

Stochastic Quasi-Newton Method

• Consider 𝑚𝑖𝑛𝜃∈𝑅𝐹 𝜃 = 𝔼[𝑓(𝜃, 𝜉)], where 𝜉 is a random seed,

𝑓 usually has the following form:

𝑓 𝜃, 𝜉 = 𝑓 𝜃; 𝑥𝑖 , 𝑦𝑖 = 𝑙 ℎ 𝑤; 𝑥𝑖 ; 𝑦𝑖

use the empirical loss to define the objective:
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• use mini batch stochastic gradient
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where 𝑆𝑡 is randomly selected.

• Let 𝑆𝑡
𝐻 be a randomly chosen subset of the training samples,

the stochastic Hessian estimate is
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4. Simulation and Conclusion



Simulation and Conclusion

Dataset description and convergence speed in different algorithm

Set random seed
Matrix generate:

𝑋ij ∼ 𝒩 0,1 , X ∈ ℝ𝑛∗𝑑

Generate:

𝑤𝑗~𝒩 0,1 , 𝑤 ∈ ℝ𝑑
Compute:

𝑦 = 𝑋 ∗ 𝑤 + 𝜀, 𝜀𝑖~𝒩(0, 0.12)

Return (X,y) as a dataset Convergence speed calculation and plt.show



Simulation and Conclusion

Gradient descent Stochastic Gradient descent Momentum with SGD

Root mean square propagation

Adam
Adaptive moment estimation



Simulation and Conclusion

Mark:

Lr = 0.01,

Iters = 100



Thank you!
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