S TAT 37790 / C MSC 35425: T OPICS IN S TATISTICAL M ACHINE L EARNING
Syllabus, Spring 2016
Topics in Statistical Machine Learning is a second course in machine learning, with students assumed to have previous exposure to machine learning and intermediate statistical theory. Topics
cover selected areas of current interest and activity in the research community. The spring 2016
course will focus on word embedding algorithms, network models, and probabilistic models for
discrete data.

Schedule
C LASSES

Mondays and Wednesdays 1:00-2:20 pm

Jones 226

Contact Information
Instructor:
John Lafferty
Office hours:

Jones 121
Thursday 5:00 pm

lafferty@galton.uchicago.edu

Prerequisites
Class members are assumed to be conversant in standard statistical machine learning ideas and
the underlying statistical principles, at the level of Bishop’s Pattern Recognition and Machine
Learning, or Hastie et al.’s Elements of Statistical Learning. Background reading will be provided
as needed.

Course Structure
The course will be a research seminar, emphasizing informal presentations and discussion of recent
research. In a typical week, we will present background material and context for a particular topic.
One of the class members will present a research paper on that topic, and lead a discussion. Topics
will be chosen from among the following (subject to change):
1. Language models
2. Word embeddings
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3. Probabilistic models of discrete data
4. Matrix and tensor factorizations
5. Models of graphs and networks

Requirements
Students taking the course for a letter grade will be required to complete the following work:
1. complete three problem sets;
2. present one paper in class;
3. complete a project on a chosen topic.

Course Organization
Each class will involve a discussion of a research paper. Students will sign up for presentations
on specific topic/papers. A project on a research-oriented topic, selected by the student, must also
be completed. Projects can be done individually, or in groups of two students. Each student/group
will give a presentation on their research project. A project proposal is due at the end of the fifth
week. Start thinking about project ideas right away!

Projects
Each student/group should prepare a project report that analyzes a problem involving discrete data,
preferably (but not necessarily) using some of the ideas and methods discussed in the class. The
report should include the following components:
1. Description of the data. Describe the data, including where it came from, how it was collected and the meaning of the variables. Clearly state the objective of analyzing the data, and
any preprocessing that was carried out on the data. Give plots that summarize and visualize
the data.
2. Probabilistic model. The main part of the project should describe a model of the data.
Typically this will be a generative probabilistic model. What assumptions are made by the
model? How is the model fit to the data? How is uncertainty in the model expressed? Include
descriptive plots.
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3. Discussion. Discuss your results, comparing different modeling approaches and natural
baselines. What conclusions can you draw? Is your model effective? How can it be improved
or extended? Describe additional work that could be carried out.

Course Calendar
The course calendar and other organizational material will be maintained on the course Piazza site,
https://piazza.com/uchicago/spring2016/stat37790/home

Week
1

Date

Topic

Exams and Assignments

March 28 language models
March 30

2

April 4

word embeddings

April 6
3

April 11

assn1 out
word embeddings

April 13
4

April 18

models for discrete data

April 20
5

April 25

assn 1 due; assn 2 out
models for discrete data

April 27
6

May 2

project proposals due
matrices and tensors

May 4
7

May 9

assn 2 due, assn 3 out
matrices and tensors

May 11
8

May 16

networks and graphs

May 18
9

May 23

assn 3 due
networks and graphs

May 25
10

May 30

project reports

June 1

projects due
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Readings
A preliminary list of readings for each of the four topics is given below. (The starting point for this
list is a similar course offered at Columbia last semester.) This list will be augmented and modified
as the quarter goes along.
1. Word embeddings: Arora et al. (2015, 2016); Brown et al. (1992); Bengio et al. (2003);
Hashimoto et al. (2015); Le and Mikolov (2014); Levy and Goldberg (2014); Mikolov et al.
(2013); Nalisnick and Ravi (2015); Pennington et al. (2014); Vilnis and McCallum (2015)
2. Probabilistic models of discrete data: Adams et al. (2009); Bhattacharya and Dunson (2012);
Falish et al. (2003); Gopalan et al. (2015); Hoffman and Blei (2015); Hoffman et al. (2014);
Mimno et al. (2015); Paisley et al. (2011); Ranganath and Blei (2015); Taddy (2013, 2015)
3. Matrix and tensor factorizations: Hoff (2014); Johndrow et al. (2014); Schein et al. (2015);
Yang and Dunson (2015); Zhou et al. (2014); Zhou and Carin (2015)
4. Models of graphs and networks: Airoldi et al. (2008, 2012); Gao et al. (2014); Linderman
and Adams (2014); Wolfe and Olhede (2013)
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