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Course Description 
Practical applications of machine learning techniques to real-world problems. Uses in data mining and 
recommendation systems and for building adaptive user interfaces.  

 
Expanded Description 
Machine learning techniques allow computers to act without being explicitly programmed. These 
techniques learn from examples or experience rather than from explicit rules. Machine learning has 
practical value in many application areas of computer science, such as data mining, recommendation 
systems, and building adaptive user interfaces. This class will focus on practical and effective applications of 
a wide range of machine learning techniques to a variety of real-world problems.  
 
This class will be primarily individual study, with weekly assigned readings, eight homework assignments, 
one midterm exam, and a final.  

 
Learning Objectives 
Learning objectives for students are:  

1. Broadly understand major algorithms used in machine learning.  
2. Understand supervised and unsupervised learning techniques.  
3. Understand Bayesian decision theory and nonparametric methods.  
4. Understand Decision trees, dimensionality reduction, clustering, kernel machines.  
5. Understand reinforcement learning, Bayesian estimation, hidden Markov models and 

graphical models.  
This is a foundational course with the primary application to data analytics, but is intended to be accessible 
both to students from technical backgrounds such as computer science, computer engineering, electrical 
engineering, or mathematics; and to students from less technical backgrounds such business 
administration, accounting, various medical specializations including preventative medicine and 
personalized medicine, genomics, and management information systems. A basic understanding 
engineering and/or technology principles is strongly encouraged, including basic programming skills; as is 
sufficient mathematical background to provide students with facility in probability, statistics, and linear 
algebra.  
 

Co-requisite: INF 551 
 

  

 

 
Course Notes 
 
Methods of Teaching: The primary teaching methods will be discussion, case studies, and lectures. Students 
are expected to perform directed self learning outside of class which encompasses, among other things, a 
considerable amount of literature review.  
There will be two mid-term exams and a comprehensive final exam. Students will be required to complete 
eight homework assignments, which should average between four to six hours each to complete. There will 
be no laboratory assignments, and no special computing facility, hardware or software will be necessary for 
this course.  
 
Assignments/Reports: All eight homework assignments are to be submitted individually and students will 
receive individual scores. However, students may work in groups to complete the tasks. There are one 
midterm test and a final exam for which date will be posted in the online Schedule of Classes.  
Guidelines and additional information will be developed to provide a common vernacular for the 
assignments. It is crucial that students turn in whatever they have completed on the due date. NO 
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assignment will be accepted late. An incompletes grade will be granted only under the conditions called out 
in the student handbook, SCAMPUS, which is available online, http://scampus.usc.edu.  
Class Communication: Blackboard at USC will be used for class communication.  
 
 

Required Readings and Supplementary Materials 
All books, papers or reports will be available to students in one of three ways: 1) in the USC bookstore; 2) 
via a CD that the instructor will provide at the beginning of class; and/or 3) via the web.  
Required:  

 Reading material will be based on published technical papers available via the ACM/IEEE/Springer 
digital libraries or freely available online.  All USC students have automatic access to these digital 
archives. 

 Matlab software, using USC license (for practical exercises) 

 All books, papers or reports will be available to students in one of three ways: 1) in the USC bookstore; 
2) via USC Blackboard; and/or 3) via the web. 

 Ethem Alpaydın, “Introduction to Machine Learning, Third Edition,” MIT Press, 2014. ISBN: 
9780262028189. 

 
 

Grades 

 Grading breakdown  
o Reading assignments 15% 
o Practical exercises 30% 
o Course project 25% 
o Exams 30% (10% Midterm; 20% Final Exam) 

 Reading assignments 
o The reading assignment for each class will consist of 1-2 research papers 

(posted online at least one week before the class). These papers are specially 
selected to complement the lectures and show state-of-the-art research.  

o Sunday before each class, 1-3 questions will be posted online. 
o Students must send their answers before the class. 

 Group discussions 
o Since all students are expected to read the research papers, the discussion 

should bring something new and interactive to the class. This includes: 
example datasets, simple implementation of the algorithms, demo, new 
challenging questions and applications. 

 Practical exercises – Homework Assignments 
o The practical exercises will be designed to give hands-on experience with 

machine learning (e.g., SVM, HMM, CRF). 
o Students will need to submit their code (zip files) with their answer to each 

practical exercise. 

 
 

Course Project 
 
Course project: the purpose of the class project is for you to learn hands-on experience of identification of a 
data problem and to apply machine learning approaches in order to solve it.  Students are encouraged to 
identify unique applications for machine learning and develop novel approaches; however sample topics 
will be provided to students.  Working as a group is permitted if the project is large enough to justify this.  A 
team can consist of up to 3 persons. 
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Project Timeline (changes might apply): 
 Week 1 - 4:  Identifying team members and project topics 
 Week 5: Draft proposal due (team member, topics and milestones) 
 Week 7: Proposal due 
 Week 11: Mid-term report due (data description, preliminary results) 
 Week 15: Project presentation 
 Week 16: Final report due (task and model description, major discovery, lessons 

learned) 
 
Sample projects “Public Speaking Performance Assessment of Political Debaters:” the goal of the project is 
to develop an automatic multimodal model of the performance of public debaters. Students can easily find 
resources available online, e.g. Presidential debates on Youtube and machine learning toolboxes as well as 
feature extraction and signal processing repositories. A project of this size usually consists of 2-3 persons.  
The team will work together on collecting the data, annotating the data, examining the preliminary results, 
identifying challenges and developing a machine learning solution to the topic. 
 
Grading breakdown of the course project: 

o Proposal 10% 
o Mid-term report 25% 
o Final report 40% 
o Presentation 25% 
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Course Schedule: A Weekly Breakdown 

Classes Lectures  
 

Readings for discussion sessions and homework 
 

Week 1 
 

Introduction to Machine Learning 

 Introduction to Machine Learning 

 Machine Learning examples 

 Introduction to Matlab (1/2) 
 

 
 

Week 2 
 

Supervised Learning 

 Introduction to supervised learning 

 PAC learnable 

 VC dimension 

 Machine Learning Experiments 

 Introduction to Matlab (2/2) 
 

Introduction 

 Alpaydin, Ch. 1 and Appendix A 

 Assignment 1 due 

 NewYorker article – We know how you feel. 

Week 3 
 

Nonparametric Methods 

 Bayesian Decision Theory 

 Nonparametric methods 

 Data “Hands-on” 

Supervised Learning 

 Alpaydin, Ch. 2 

 Assignment 2 due 

 Useful things to know about machine learning - Domingos 
Week 4 
 
 

Decision Trees 

 Introduction to decision trees 

 Entropy measures 
 

 Nonparametric Methods 

 Alpaydin, Ch. 3 (3.1 to 3.5) and Ch. 8 (8.1 to 8.5) 

 Assignment 3 due 

 How to display data badly – Howard Wainer 

Week 5 
 
 

Linear Discrimination and Neural Networks 

 Linear Discrimination 

 Perceptron 

 Multilayer Perceptron 

 Recurrent Neural Networks 
 

Decision Trees 

 Alpaydin, Ch. 9 and Ch. 19 (19.1, 19.5-19.7) 

Week 6 
 

User study setup and Evaluation 

 Study setup 

 Statistical Testing 
 

Linear Discrimination and Neural Networks 

 Alpaydin, Ch. 10 and Ch. 11 (11.1-11.8.2) 

Week 7 
 

Unsupervised Learning 

 Unsupervised Learning 

 Clustering 

 Competitive Learning 

 Semi-supervised Learning 

User study setup and Evaluation 

  

Week 8 
 
 

Parametric and Multivariate Methods 

 Parametric and Multivariate Methods 

 Regression 

 Evaluating Regression 

Unsupervised Learning 

 Alpaydin, Ch. 7 
 

Week 9 
 
 

Midterm 

 Midterm 
 

Parametric and Multivariate Methods 

 Alpaydin, Ch. 4 and Ch. 5 

Week 10 
 
 

Kernel Machines 

 Support Vector Machines 

 GMM UBM SVM 

 

Week 11 
 
 

Graphical Models 

 Bayesian Networks 

 Belief Propagation 

Kernel Machines 

 Alpaydin, Ch. 13 

Week 12 
 

Hidden Markov Models Graphical Models 
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  Hidden Markov Models Principles 

 Viterbi Algorithm 

 Applications of HMM 

 Alpaydin, Ch. 14 

Week 13 
 

Deep Learning and Combining Learners 

 Auto-encoders 

 Restricted Boltzmann Machines 

 Convolutional Neural Networks 

Hidden Markov Models 

 Alpaydin, Ch. 15 

Week 14  
 
 

Thanksgiving  

Week 15 
 
 

Project Presentation/Course Review 
 

 

 Final Exam 
 

Date:  For the date and time of the final for this class,  
consult the USC Schedule of Classes at www.usc.edu/soc.   

 
 

Statement on Academic Conduct and Support Systems 
  

Academic Conduct 
Plagiarism – presenting someone else’s ideas as your own, either verbatim or recast in your own 
words – is a serious academic offense with serious consequences.  Please familiarize yourself with 
the discussion of plagiarism in SCampus in Section 11, Behavior Violating University Standards 
https://scampus.usc.edu/1100-behavior-violating-university-standards-and-appropriate-
sanctions.  Other forms of academic dishonesty are equally unacceptable.  See additional 
information in SCampus and university policies on scientific misconduct, 
http://policy.usc.edu/scientific-misconduct. 
 
Discrimination, sexual assault, and harassment are not tolerated by the university.  You are 
encouraged to report any incidents to the Office of Equity and Diversity http://equity.usc.edu  or to 
the Department of Public Safety http://adminopsnet.usc.edu/department/department-public-
safety.  This is important for the safety of the whole USC community.  Another member of the 
university community – such as a friend, classmate, advisor, or faculty member – can help initiate 
the report, or can initiate the report on behalf of another person.  The Center for Women and Men 
http://www.usc.edu/student-affairs/cwm/ provides 24/7 confidential support, and the sexual 
assault resource center webpage http://sarc.usc.edu describes reporting options and other 
resources. 
 

Support Systems 
A number of USC’s schools provide support for students who need help with scholarly writing.  
Check with your advisor or program staff to find out more.  Students whose primary language is 
not English should check with the American Language Institute http://dornsife.usc.edu/ali, which 
sponsors courses and workshops specifically for international graduate students.  The Office of 
Disability Services and Programs 
http://sait.usc.edu/academicsupport/centerprograms/dsp/home_index.html provides certification 
for students with disabilities and helps arrange the relevant accommodations.  If an officially  
declared emergency makes travel to campus infeasible, USC Emergency Information 
http://emergency.usc.edu will provide safety and other updates, including ways in which 
instruction will be continued by means of blackboard, teleconferencing, and other technology. 

http://www.usc.edu/soc
https://scampus.usc.edu/1100-behavior-violating-university-standards-and-appropriate-sanctions/
https://scampus.usc.edu/1100-behavior-violating-university-standards-and-appropriate-sanctions/
http://policy.usc.edu/scientific-misconduct/
http://equity.usc.edu/
http://adminopsnet.usc.edu/department/department-public-safety
http://adminopsnet.usc.edu/department/department-public-safety
http://sarc.usc.edu/
http://dornsife.usc.edu/ali
http://sait.usc.edu/academicsupport/centerprograms/dsp/home_index.html
http://emergency.usc.edu/

