
Lecture 10: Convolutional neural networks

Prof J.C. Kao, UCLA ECE

Announcements:

• HW #4 is due Friday, Feb 16, uploaded to Gradescope. To submit your Jupyter 
Notebook, print the notebook to a pdf with your solutions and plots filled in. You must 
also submit your .py files as pdfs.  

• The midterm exam is during class (2-3:50pm) on Wednesday, Feb 21, 2024. 

• You are allowed 4 cheat sheets (each an 8.5 x 11 inch paper). You can fill out 
both sides (8 sides total). You can put whatever you want on these cheat sheets. 

• The midterm will cover material up to and including this Wednesday’s lecture (Feb 
15). 

• Past exams are uploaded to Bruin Learn (under “Modules” —> “past exams”). 
• You may bring a calculator to the exam. 
• You may do the exam in pen or pencil. 

• Midterm exam review session: Thursday, Feb 15, 6-9pm at WG Young CS50. 

Optimization +

Monday, Feb 19
-

14

A recording will be uploaded to Bruinlearn .



Last lecture summary
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In the past lectures, we covered tricks that we can do in initialization, 
regularization, and data augmentation to improve the performance of neural 
networks. 

But what about the optimizer, stochastic gradient descent?  Can we improve 
this for deep learning? 

That’s the topic of our next lecture.
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In the past lectures, we covered tricks that we can do in initialization, 
regularization, and data augmentation to improve the performance of neural 
networks. 

But what about the optimizer, stochastic gradient descent?  Can we improve 
this for deep learning? 
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An aside (label smoothing): 

https://arxiv.org/pdf/1906.02629.pdf



Optimization for neural networks
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In this lecture, we’ll talk about specific techniques in optimization that aid in 
training neural networks. 

• Stochastic gradient descent 
• Momentum and Nesterov momentum 
• Adaptive gradients 
• RMSProp 
• Adaptive moments 
• Overview of second order methods 
• Challenges of gradient descent



Reading
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Reading: 

Deep Learning, Chapter 8 (intro), 8.1, 8.2, 8.3, 
8.4, 8.5, 8.6 (skim)



Where we are now

Prof J.C. Kao, UCLA ECE

At this point, we know: 

• Neural network architectures. 
• Hyperparameters and cost functions to use for neural networks. 
• How to calculate gradients of the loss w.r.t. all parameters in the neural 

network. 
• How to initialize the weights and regularize the network in ways to 

improve the training of the network. 

We do know how to optimize these networks with stochastic gradient descent.  
But can it be improved? 

In this lecture, we talk about how to make optimization more efficient and 
effective.



Gradient descent
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A refresher on gradient descent. 

- Cost function: 

- Parameters: 

Then, the gradient descent step is:
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Stochastic gradient descent
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Finding the optimal weights through gradient descent

Varying the learning rate:



Stochastic gradient descent
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Momentum
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Does momentum help with local optima?
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Does momentum help with local optima? 

What kind of local optima does momentum tend to find?
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Nesterov momentum
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Nesterov momentum
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Is there a good way to adapt the learning rule?
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Is there a problem with adagrad?



RMSProp
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RMSProp + momentum

Prof J.C. Kao, UCLA ECE



RMSProp + momentum

Prof J.C. Kao, UCLA ECE



RMSProp + momentum

Prof J.C. Kao, UCLA ECE



RMSProp + momentum

Prof J.C. Kao, UCLA ECE



RMSProp + momentum

Prof J.C. Kao, UCLA ECE
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Adam
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Adam with no bias correction
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Adam
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A resource on bias correction: https://www.coursera.org/lecture/deep-neural-network/bias-correction-in-exponentially-weighted-averages-XjuhD
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First order methods
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Second order methods
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Quasi-Newton methods
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Conjugate gradients
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Challenges in gradient descent
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