
Master Course Description for EE 344 
Course Number: EE 344 

Title: Data-driven modeling and machine learning  

Credits: 4 

Course Description:  

A practical introduction to machine learning methods emphasizing high-level understanding as 
well as hands-on experience with machine-learning frameworks. Topics include supervised and 
unsupervised learning, including generative approaches for AI, with models spanning classical 
machine and deep learning. Applications are drawn from areas such as statistics, 
decision-making and control, signal processing and scientific computing. Prerequisite: either 
MATH 126 or MATH 136; and either EE 241 or CSE 163. 

Coordinators:  

●​ Vasileios Charisopoulos, Assistant Professor, Electrical and Computer Engineering 
●​ Nathan Kutz, Professor, Applied Mathematics and Electrical and Computer Engineering 
●​ Eli Shlizerman, Professor, Applied Mathematics and Electrical and Computer 

Engineering 

Goals: To provide ECE students with a working knowledge of applied machine learning (ML) 
concepts and techniques. Throughout the course, students will explore key topics in supervised 
and unsupervised learning, with an emphasis on techniques based on neural networks, and 
gain hands-on experience implementing and fine-tuning ML methods in Python. By the end of 
the course, students will be equipped to critically assess different machine learning approaches, 
apply these approaches to problems in areas such as statistical estimation, decision-making 
and control, and stay up-to-date with advancements in the rapidly evolving field of machine 
learning. Assignments provide a guided environment for the students to develop literacy in 
modern development workflows (git repositories, “agentic” coding assistants, software tests, 
etc.). This course is recommended for students following the ML/Data Science Pathway in ECE.  

Learning Objectives: At the end of this course, students will be able to: 

1.​ Formulate data science problems as supervised / unsupervised problems. 
2.​ Diagnose and address common challenges in machine learning / data science 

workflows, including overfitting and underfitting, class imbalance, etc. 
3.​ Build and evaluate machine learning models with industry-standard tools like scikit-learn 

and PyTorch/JAX, select appropriate algorithms and regularization techniques. 
4.​ Integrate machine-learning techniques with data-driven modeling tasks in the broader 

ECE curriculum, including decision-making and control, statistical estimation, etc. 



5.​ Use modern software development methods (unit testing, version control) in their own 
coursework as part of the broader ECE curriculum, such as capstone projects. 

Textbook:  

●​ Main: Data-Driven Modeling & Scientific Computation (Nathan Kutz) 
●​ Supplementary: An introduction to statistical learning (Gareth James, Daniela Witten, 

Trevor Hastie & Robert Tibshirani) 

Prerequisites by Topic: 

1.​ Calculus sequence: MATH 126 or MATH 136 
2.​ Python: EE 241 or CSE 163 

Course Topics Overview: 

The course is organized across the 5 modules listed below. In each module, several 
computational methods are introduced as “tools”, with the course emphasizing their 
implementation and applicability to different engineering tasks (rather than their theoretical 
underpinnings). Students interested in the theoretical development of some of the methods 
introduced here are encouraged to enroll in EE 345 or a similar course. 

1.​ Machine Learning as Curve Fitting​
Module 1 introduces fundamental concepts in machine learning. Topics include: 

○​ Curve-fitting and optimization; 
○​ The paradigms of supervised and unsupervised learning; 
○​ Extrapolation, interpolation and generalization; the bias-variance tradeoff; 
○​ Exploratory data analysis and dimension reduction (PCA). 

2.​ Supervised and unsupervised learning: classical approaches​
Module 2 introduces well-known methods for learning and AI decision making: 
supervised, unsupervised and reinforcement learning from a computational (rather than 
theoretical) perspective; assignments provide students with hands-on experience 
applying those methods to datasets using the scikit-learn library, as well as a bird’s 
eye view of the available tools. Topics include: 

○​ Least-squares fits (linear regression); 
○​ Logistic regression for binary classification; 
○​ Decision trees, random forests and boosting / bootstrapping. 
○​ Regularization, cross-validation and model selection (Ridge, LASSO, ElasticNet) 
○​ GenAI paradigms as unsupervised learning 
○​ Reinforcement Learning approach to model optimization 

3.​ Neural networks and deep learning​
Module 3 introduces standard neural network architectures and training algorithms 
relying on backpropagation. Students train and fine-tune models on datasets using 
industry-standard libraries (PyTorch / Jax). Topics include: 

○​ Feedforward neural networks; gradient-based training and regularization 

https://faculty.washington.edu/kutz/KutzBook/KutzBook.html
https://www.statlearning.com/
https://scikit-learn.org/1.6/machine_learning_map.html
https://scikit-learn.org/1.6/machine_learning_map.html


○​ Convolutional neural networks for image processing 
○​ Models for sequential data 
○​ Transformers, generative training and fine-tuning 

4.​ Integrating Machine Learning and Scientific Computing​
Module 4 covers applications of machine learning methods to scientific computing. The 
module includes case studies from different domains, such as: 

○​ Time-series forecasting with autoregressive models 
○​ Solving inverse problems with machine learning, with examples from GenAI 

 

Course Structure: The class meets for two lectures of 80’ each plus an additional lab/review 
session of 120’ focusing on coding. Homework focusing on data exploration and computational 
methods is assigned weekly. Assignments will frequently contain open-ended questions asking 
the students to explore and critically engage with particular ML methods. Finally, students 
propose and complete a coding project, due at the end of the quarter, which gives them the 
opportunity for a deeper dive into a particular machine learning method, task or dataset. 

Computer Resources: The course uses Python and git / Github for the homeworks. Students 
are expected to use their personal computers. 

Laboratory Resources: None. 

Grading: Approximate distribution: Homework 50%, Final Project 50%, Portfolio Page 20%.  

ABET Student Outcome Coverage: This course addresses the following outcomes: 

H = high relevance, M = medium relevance, L = low relevance to course. 

(1) An ability to identify, formulate, and solve complex engineering problems by applying 
principles of engineering, science, and mathematics (H) The homework and coding project 
require direct application of mathematical modeling to engineering problems, and require 
students to identify the appropriate computational tools to solve them. 

(3) An ability to communicate effectively with a range of audiences (M) Students will contribute 
weekly descriptions of homework projects, aiming for broad engineering audiences, to their 
portfolio page and deliver a class presentation for their final coding project. 

(5) An ability to function effectively on a team whose members together provide leadership, 
create a collaborative and inclusive environment, establish goals, plan tasks, and meet 
objectives (M) Students will propose and complete a project in a group setting. 

(7) An ability to acquire and apply new knowledge as needed, using appropriate learning 
strategies. (H)  

Religious Accommodations Policy 



Washington state law requires that UW develop a policy for accommodation of student 
absences or significant hardship due to reasons of faith or conscience, or for organized religious 
activities. The UW’s policy, including more information about how to request an accommodation, 
is available at Religious Accommodations Policy. Accommodations must be requested within 
the first two weeks of this course using the Religious Accommodations Request form. ​
 
Accommodations and Access 
If you have already established accommodations with Disability Resources for Students (DRS), 
please communicate your approved accommodations to me at your earliest convenience so we 
can discuss your needs in this course. If you have not yet established services through DRS, 
but have a temporary health condition or permanent disability that requires accommodations 
(conditions include but not limited to; mental health, attention-related, learning, vision, hearing, 
physical or health impacts), you are welcome to contact DRS at 206-543-8924 or 
uwdrs@uw.edu or disability.uw.edu. DRS offers resources and coordinates reasonable 
accommodations for students with disabilities and/or temporary health conditions.  Reasonable 
accommodations are established through an interactive process between the student, instructor, 
and DRS.  It is the policy and practice of the University of Washington to create inclusive and 
accessible learning environments consistent with federal and state law. 
 
Academic Integrity 
Engineering is a profession demanding a high level of personal honesty, integrity and 
responsibility. Therefore, it is essential that engineering students, in fulfillment of their academic 
requirements and in preparation to enter the engineering profession, adhere to the College of 
Engineering Statement of Principles. Any student in this course suspected of academic 
misconduct (e.g., cheating, plagiarism, or falsification) will be reported to the College of 
Engineering Dean’s Office and the University’s Office of Community Standards and Student 
Conduct to initiate the student conduct process. 
 
Title IX 
UW, through numerous policies, prohibits sex- and gender-based violence and harassment, and 
we expect students, faculty, and staff to act professionally and respectfully in all work, learning, 
and research environments. For support, resources, and reporting options related to sex- and 
gender-based violence or harassment, visit UW Title IX’s webpage 
(https://www.washington.edu/titleix/), specifically the Know Your Rights & Resources guide 
(https://www.washington.edu/titleix/files/2020/08/KYRR-guide-8-10-2020-LINKED.pdf).  
If you choose to disclose information to me about sex- or gender-based violence or harassment, 
I will connect you (or the person who experienced the conduct) with resources and individuals 
who can best provide support and options. You can also access those resources directly: 

-​ Confidential: Confidential advocates 
(https://www.washington.edu/sexualassault/support/advocacy/) will not share information 
with others unless given express permission by the person who has experienced the 
harm or when required by law. 

https://registrar.washington.edu/staffandfaculty/religious-accommodations-policy/
https://registrar.washington.edu/students/religious-accommodations-request/
https://www.washington.edu/sexualassault/support/advocacy/


-​ Private and/or anonymous: SafeCampus (https://www.washington.edu/safecampus/) 
provides consultation and support and can connect you with additional resources if you 
want them. You can contact SafeCampus anonymously or share limited information 
when you call 

Please note that some senior leaders and other specified employees have been identified as 
“Officials Required to Report.” 
(https://www.washington.edu/titleix/title-ix-officials-required-to-report/) If an Official Required to 
Report learns of possible sex- or gender-based violence or harassment, they are required to call 
SafeCampus and report all the details they have in order to ensure that the person who 
experienced harm is offered support and reporting options 
(https://www.washington.edu/titleix/resources/).” 

Prepared By: Vasileios Charisopoulos, Lillian Ratliff, Maryam Fazel, Banghua Zhu 
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