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Course Description

The problem of searching for latent structures in high-dimensional data, where the dimensionality
of the data is at least as large as the sample size, received a growing attention in the last few years.
The primary goal of this course is to give a mathematical background for studying such problems,
focusing on data that may be represented by matrices and/or graphs. To that end, in the first part
of this course, we will discuss information-theoretic methods for establishing the
fundamental/statistical limits (i.e., putting computational considerations aside) for a given
inference problem with latent structure. Although structural assumptions in high-dimensional
problems can yield nontrivial estimation rates, the statistically optimal estimators for these
problems are typically not efficiently computable. Conversely, all known efficient algorithms for
these problems are statistically suboptimal, requiring more data than strictly necessary.
Accordingly, in the second part of this course, we will develop computationally efficient
algorithms that in some cases attain the statistical limits, while in other cases cannot. We will
discuss a recent line of work that aim to explain these gaps between what can be achieved
statistically and computationally, through reductions from conjecturally hard problems in
complexity theory. The course will cover a subset of the following topics, time permitting:
planted clique and partition problem, estimating a sparse vector from linear observations,
community detection, subgraph and matrix recovery problems, sparse principal component
analysis, and low-rank matrix estimation.

Tentative Outline

Week Topic
1. Overview (topics and techniques covered in this course)
2. Probability theory and concentration inequalities
3. Formulation of the recovery/detection problem, and the clique problem

(introduction & max clique)
4. The maximum clique problem & planted clique problem (statistical and

efficient algorithms)
5. Introduction to random matrix theory
6. Introduction to the spectral method (perturbation theory)
7. Spectral method & SDP for planted clique
8. The semi-random model & planted clique conjecture
9. The community detection problem (algorithms and phase transitions)
10. The community detection problem (cont’d) and biclustering
11. Statistical-computational gaps
12. Sparse principle component analysis
13. Sparse principle component analysis

Course Prerequisites

Probability theory, Random signals and noise.

Grading

Item Grade
Participation 30%
Homeworks 30%
Final project and seminar 40%



Total 100%
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