
CMSE 890-002: Mathematics of Deep Learning

Monday, Wednesday, and Friday, 1:50pm - 2:40pm

Engineering Building 1234

Matthew Hirn



Compressed Syllabus

• Office hours: MTWR, 4:00pm - 5:00pm 

• Prerequisites:  
Calc I, II, II; linear algebra; probability; statistics 

• Nice to have, but not required: 
Graph theory; harmonic analysis; CMSE 820; 
programming course in deep learning 

• Course webpage: 
https://matthewhirn.com/teaching/spring-2020-
cmse-890-002/

https://matthewhirn.com/teaching/spring-2020-cmse-890-002/
https://matthewhirn.com/teaching/spring-2020-cmse-890-002/


Grading

• Write two reports, each 4 pages + as many additional 
pages as needed for references 

• Report can be on: 
- Topic from class 
- Topic in deep learning, but not covered in class  
- Your own research 

• Due dates: February 28 and April 24 

• Each report is 50% of your grade 

• See the full syllabus for more details



What this course is, and is not

• This course is on the mathematical foundations of deep 
learning, particularly mathematical theory that gives 
insight into deep learning algorithm design and 
architecture 

• Therefore this course will not teach you how to code up a 
neural network 

• This course is not on the mathematics of non convex 
optimization associated with deep learning



Course Outline

1. Background on machine learning and statistical learning 
theory 

2. Artificial neural networks and approximation theory 

3. Convolutional neural networks and signal processing 

4. Geometric deep learning on graphs and graph signal 
processing and graph isomorphism 

5. Generative models and GANs and high dimensional 
probability 

6. Other topics, possibly recurrent neural networks



Why have this course?

MSU already has several deep learning courses: 

• CSE 891-001: Deep Learning 

• CSE 891-002: Deep Learning in Biometrics 

• ECE/CSE 885: Artificial Neural Networks 

• ECE 802-602: Neural Networks and Deep Learning

This course will be a theoretically focused, complementary 
course to the ones listed above.



But why do we need theory?

Deep learning is being used in a lot of places…

Computer vision
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But why do we need theory?

Deep learning is being used in a lot of places… 
…and in many “non-traditional” machine learning areas

Self driving cars



Just how popular is deep learning?

NeurIPS registrations NeurIPS paper submissions



Just how popular is deep learning?



Why is deep learning so 
popular now?

LeNet-5
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Common task framework: 

• Publicly available training/test set 

• Competitors/teams with the common task of minimizing 
test error  

• An agreed upon metric for measuring said test error

Why is deep learning so 
popular now?



Common Task Framework

MNIST



Common Task Framework

ImageNet



Common Task Framework



Common Task Framework



• Setup the challenge locally: training data, test data, 
metric for success 

• Develop a model, train the model, evaluate on the test 
set 

• Tweak the model, train again, test again 

• Repeat as many times as needed until “state of the art”

Common Task Framework Workflow



Deep Learning Criticism? 

This approach is not without its critics…
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Current State of Affairs

• Deep learning has been incredibly successful on empirical 
tasks and model development 

• But the training/testing process relies significantly on trial 
and error 

• Training can be unpredictable 

• Still not too much understanding and interpreting how 
and why deep networks arrive at their results… but 
progress is being made, and in some sense that is what 
this course is about



• Compositional models, consisting of alternating linear 
and nonlinear transforms 

• Linear part learned 

• Nonlinear parts and architecture specified by user  

• Lots of options, but can learn complex functions!

What are Deep Networks?



Artificial Neural Networks

Theory: Universal approximations of complex functions



Convolutional Neural Networks
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Convolutional Neural Networks
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Machine learned
filters at each
layer (again similar
to wavelets!)
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Graph Neural Networks



Generative Models



Recurrent Neural Networks



Questions?


