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Convex Optimization
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Examples

Linear Programming Quadratic Programming Semidefinite Programming
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Applications

Resource Allocation Regression
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Clustering/Partitioning Signal Processing

Classification
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Dimensionality Reduction



* Projected (Sub)gradient Methods

» Stochastic, mini-batch variants

* Primal, dual, primal-dual approaches § t cé

e Coordinate update techniques - ?3 ©0
* Interior Point Methods Plane = SUM-Perf = %‘E

* Barrier methods Bandlt anal dual uoa S 8

* Annealing methods d o -E)é' WSP&DB
e Other Methods COO([_jlnatecs =

e Cutting plane methods OMDE = CD-E D|Str|bUt9d

* Accelerated routines %g a.-= g

* Proximal methods Qh_ %E 5'::

e Distributed optimization EI/_’D

* Derivative-free optimization



A Few Contemporary
Applications



Gene Expression Analysis

DNA micro-array gene expression data
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Linear model: y; = x, w* C

Challenge: w™ is sparse!




Recommender Systems
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Image Reconstruction and Robust Face Recognition
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* Foreground-background separation
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Non Convex Optimization
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Sparse Recovery

Robust Regressid Robust PCA



Non-convex Optimization



Relaxation-based Techniques

e “Convexify” the feasible set
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> Initialize XO, yo
> Fort=1,2,... Robust PCA
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... also Robust Regression, coming up



Projected Gradient Descent
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> Initialize x” @ Perform k-truncated SVD
> Fort=1,2,...

>zt =x""h = - V(x'T)
> x = I (z")

Sparse Recovery
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Pursuit and Greedy Methods
min f(x)
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/ Sparse Recovery
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A Set of “atoms”
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> Initialize SY = ¢
>Fort=1,2,...
> a’ = “best” greedy choice
> St =871y {al}
> x' = argmin f(x)
xeconv(St)




Applications of NCOpt



Face Recognition

10% noise 30% noise 50% noise 70% noise

[Bhatia et al 2015]



Image Reconstruction

Original Input Ordinary LS Alt-Min

[Bhatia et al 2015]




Foreground-background Separation

Convex Relaxation. Runtime: 1700 sec

[Netrapalli et al 2014]



Concluding Comments

Non-convex optimization is an exciting area

Widespread applications

* Much better modelling of problems
* Much more scalable algorithms
* Provable guarantees

So ...

* Full of opportunities
* Full of challenges
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