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Optimization Methods for
Large Scale Machine

Learning



What is the pillar of
What is the pillar of

Machine Learning?Machine Learning?

Mathematical Optimization!

—— Numerical computation for a system designed
to make decisions based on yet unseen data



Prediction Function hPrediction Function h



Empirical risk

Expected risk

n  ∞Loss function

Choice of Prediction Function FamilyChoice of Prediction Function Family



Samples

Training Set

Validation Set

Cross Validation ProcedureCross Validation Procedure

Testing Set

Viable candidates

Mathematical Optimization:
Minimize Empirical Risk of the

prediction function h

Selected Function

estimate

test

SRM(Structural risk minimization)

ERM
(Empirical risk minimization)

Regularizer
(convex)

Add regularizer to avoid overfitting

RegularizationRegularization

How to choose an optimal model?How to choose an optimal model?

Optimation method of solving ERM: 
Batch vs. Stochastic Gradient Descent



If the predictive ability of the training data is pursued too much, the complexity
of the selected model is often higher than that of the real model, which is called
overfitting. It refers to the phenomenon that the selected model contains too
many parameters during learning, resulting in the model predicting well for
known data and poorly for unknown data.

Overfitting:Overfitting:
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Introduction to
Stochastic Differential

Equations(SDE)



Numerical Solution of SDE:
Ito’s formula

      (Chain rule for SDE)
Euler-Maruyama method

      (Approximate solution of SDE)
      Typical model: OU process

What is SDE?What is SDE?



Method 1: Ito’s formulaMethod 1: Ito’s formula

Application:
Solve Black-Scholes DE



Method 2: Euler-Maruyama MethodMethod 2: Euler-Maruyama Method

Special case: OU processSpecial case: OU process



Ornstein-Uhlenbeck ProcessOrnstein-Uhlenbeck Process



Ornstein-Uhlenbeck ProcessOrnstein-Uhlenbeck Process
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Stochastic Gradient
Descent(SGD)



The stochastic gradient descent (SGD) aims at minimizing a function through unbiased
estimates of its gradient. It is an optimization algorithm used primarily for training
large-scale machine learning models. It's a variant of gradient descent, where instead
of computing the gradient of the cost function using the entire dataset (as in batch
gradient descent), it computes the gradient using a small batch of samples. 

The advantage of SGD vs BatchThe advantage of SGD vs Batch

Batch Stochastic



The Algorithm of SGDThe Algorithm of SGD



SGD SimulationSGD Simulation



SGD Simulation: variance increasesSGD Simulation: variance increases  



SGD Simulation: step-size increasesSGD Simulation: step-size increases  



SGD Simulation: step-size decreasesSGD Simulation: step-size decreases  



SGD Simulation: step-size depends on iterationSGD Simulation: step-size depends on iteration



What SDE model fits well with the SGD dynamics?What SDE model fits well with the SGD dynamics?
Answer: Answer: Stochastic Modified Equations(SME)Stochastic Modified Equations(SME)

match
parameters



Explicit form of SDE: connection with OU ProcessExplicit form of SDE: connection with OU Process



That's all for
today's
presentation!

Hope you had fun!
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