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Sparse Coding for Image Denoising
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Overlapping patches Group similar patches and 

reshape into vectors

Sparse coding on these patches



Copyright ©2018 4Paradigm All Rights Reserved.

7

Sparse Coding for Image Denoising

Objective:

loss sparse 

regularization
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Matrix Completion for Recommender System 
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Predicting unknown ones based on existing observations
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Matrix Completion for Recommender System 
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Similarity among users and items: low-rank assumption 
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Matrix Completion for Recommender System 
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Objective:

loss low-rank 

regularization
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Optimization Objectives
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loss:

smooth

regularization:

nonsmooth

sparse:

low-rank:

What’s nonconvexity here? 

Why we need nonconvex?

convex ones
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Nonconvex Regularization
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One dimensional illustration

• Features will large values are more informative, thus need to be less penalized

• All these penalties less penalize top features than the convex L1-norm (thus become nonconvex)

nonsmooth

nonconvex
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Nonconvex Regularization
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(a). original image, (b). blurry image, (c). deconvolution with L1, (d). 

with nonconvex regularization [from Zuo etal 2013]

much better performance • convex reg leads to easy optimization but worse performance

• better performance can be obtained from nonconvex reg but optimization 

becomes much harder

Can we have best of both worlds?
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Proximal Gradient (PG) Algorithm [Parikh & Byod 2013]
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PG algorithm is a general optimization framework solving

In each iteration, it generates

Key concept: Proximal Step
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Proximal Gradient (PG) Algorithm [Parikh & Byod 2013]
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cheap solutions

• the sequence is iteratively generated from proximal step

one pass of all features, cheap

SVD is required, expensive
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Tree Structured Lasso – An Example [Rodolphe etal 2011]
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Example of the tree

How features can be 

organized

can be useful for analyzing patterns in data 

each red circle is one group
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Tree Structured Lasso – An Example [Rodolphe etal 2011]

19

convex nonconvex

• cheap closed-from for the convex case [Rodolphe etal 2011]

• no closed-form, iterative algorithms are needed for the nonconvex one 

Proximal step is expensive

cheaply solved by PG

Transforming the objective!

one group



Copyright ©2018 4Paradigm All Rights Reserved.

PG Algorithm – Look inside
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• still have the convergence guarantee

• has cheap proximal step as convex regularizers
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Lasso - Illustration
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Smooth and Concave

Convex
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Nonconvex to Convex (N2C) Transformation
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Use PG on the Transformed Problem
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Back to Tree Structured Lasso
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After transformation (left)

Proximal algorithms on transformed problems can be very fast
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Experiments

24



Copyright ©2018 4Paradigm All Rights Reserved.

Experiments
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Not Just PG
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Whenever using a convex regularizer for sparse learning, you can

• use nonconvex penalty for better performance; and

• N2C to efficiently solve your new model

please check our JMLR paper
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• Conclusion and Future Works
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Why we need Nonconvex Low-rank Regularizers?
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What’s the Problem for Matrix
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using nonconvex penalties 

on singular values

nonconvex low-rank regularization
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Cut Down time on Proximal Step
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How to cut down time complexity

• automatic thresholding property

• approximate SVD using power method

• further speedup with “sparse + low-rank” structure in matrix completion

FaNCL (Fast Nonconvex Low-rank algorithm)

More than 100× faster than state-of-art solvers and better performance than factorization & nuclear norm
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Automatic Thresholding Property
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Allow partiall SVD
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Automatic Thresholding Property
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Approximate SVD using Power Method
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Full Algorithm
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FaNCL - Convergence analysis
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Experiments
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Experiments
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Experiments – Parallel version
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Summary
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• Find the cut-off point and use partial SVD

• the SVD can be effectively approximated by power method

• Utilize problem structure
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Conclusion
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• Nonconvex penalties are useful to boost performance obtained from convex ones

• N2C is a powerful and general framework to learn sparse regularizers

• FaNCL is an efficient algorithm targeted at low-rank models

• Both N2C and FaNCL take the best from both worlds (efficiency from convex and performance from nonconvex)
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Future Works
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• Low-rank tensor learning

• Statistical performance of stationary points

• Automatic selection of proper nonconvex penalties 


