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Outline

• Sparsity v.s. Accuracy

• K-support norm

• Compute K-support norm

• Optimization algorithm• Optimization algorithm

• K-support norm v.s. Elastic net

• Experiments
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Sparsity v.s. Accuracy
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Sparsity v.s. Accuracy

• Trade off between sparsity and accuracy
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Sparsity v.s. Accuracy
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This paper

• What’s k-support norm

• How to compute the k-support norm?

• How to learn the k-support norm problem?

• How “loose” a relaxation is the Elastic Net?• How “loose” a relaxation is the Elastic Net?
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K-support norm

• Sparse signal set
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K-support norm

• Unit ball of K-support norm

• Accurate / Sparse?
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K-support norm
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Compute K-support norm
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Compute K-support norm
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Compute K-support norm
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Compute K-support norm
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Compute K-support norm
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Optimization algorithm
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Optimization algorithm
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Optimization algorithm

• Parameters ( )k,λ
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Optimization algorithm

• Proof of algorithm 1
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Optimization algorithm
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K-support norm v.s. Elastic net
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K-support norm v.s. Group LASSO

• Group based on the magnitude of weighting
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Experiments

• Synthetic data

– d=40 (sparse regression), strong correlations

– Sample size 450= 50 training + 50 validation + 350 test

• South African heart data• South African heart data

– d=9 (classification)

– Sample size 462= 400 training + 30 validation + 32 test

• 20 Newsgroup

– (classification)

– Sample size 20k = 14k training + 1k validation + 5k test
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Experiments

K-support LASSO Elastic net

???
Accuracy: K-support > Elastic net > Lasso

???
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Experiments

• Paper
Accuracy: K-support > Elastic net > Lasso

Sparsity: K-support < Elastic net < Lasso

• Poster
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Conclusions

• K-support norm

– More accurate (less sparse) norm than elastic net

– An efficient algorithm to compute it

– An accelerated algorithm to learn it– An accelerated algorithm to learn it

• Apply to compressed sensing?
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