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Introduction

« The increasing data becomes a great challenge for
contemporary statistical learning algorithms.

« Sparse learning has become a popular tool with the
development of theoretical frameworks and various
efficient algorithms.

« Structured sparse learning encodes the structured
information, provides a great advantage beyond the
traditional sparse learning algorithms to pursue the
structured models.
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lllustration of Lasso and its extensions
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Fig. 2 Illustration of sparsity and its extensions: (a) standard sparsity; (b) grouped sparsity; (c) fused sparsity;
(d) hierarchical sparsity; (e) graphical sparsity (References to color refer to the online version of this figure)



Table 2 An overview of formulations, processing algorithms and software packages for Lasso and its structured extensions
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methods (Parikh and Boyd, 2014), block coordinate descent
methods (Tseng and Yun, 2009; Wen et al_, 2012; Peng et al.,
2016), iteratively reweighted methods (Chartrand and Yin,
2008; Lai et al., 2013), working-set and homotopy methods
(Bach et al., 2012a)

Generic SDP methods after reformulation (Selesnick and
Bayram, 2014), alternating direction methods (Bowd et al.,
2011), proximal methods (Parikh and Boyd, 2014), block
coordinate descent methods (Tseng and Yun, 2009; Wen
et al., 2012; Peng et al, 2016), iteratively reweighted methods
(Chartrand and Yin, 2008; Lai et al., 2013) working-set and
homotopy methods (Bach et al., 2012a)

Generic SDP methods after reformulation (Francis, 2008a),
alternating direction methods (Boyd et al., 2011), proximal
methods (Parikh and Boyd, 2014), block coordinate descent
methods (Tseng and Yun, 2000; Wen et al., 2012; Peng et al.,
2016), iteratively reweighted methods (Chartrand and Yin,
2008; Lai et al., 2013), working-set and homotopy methods
(Bach et al., 2012a)

Generic SDP methods after reformulation (Francis, 2008a),
alternating direction Methods (Bovd et al., 2011), proximal
methods (Parikh and Boyd, 2014), block coordinate descent
methods (Tseng and Yun, 2009; Wen et al., 2012; Peng et al.,
2016), iteratively reweighted methods (Chartrand and Yin,
2008; Lai et al., 2013), working-set and homotopy methods
(Bach et al., 2012a)

2006), YALL] (Zhang et al_,
2011), SLEP (Liu et al,
2009b), SPAMs (Mairal
et al., 2011)
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2013), SDPT3 (Toh et al,
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et al., 2011)
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2013), SDPT3 (Toh et al.,
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2013), SDPT3 (Toh et al.,

2006), SLEP (Lin et al,
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An overview of optimization methods’
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Conclusions

* We reviewed the development of the formulations,
algorithms, and applications of the latest structured
sparse learning methods, including grouped
structured sparsity, fused structured sparsity,
hierarchical structured sparsity, and graphical
structured sparsity.

* Experiments are conducted to demonstrate the
advantage of structured sparse learning algorithms
beyond standard sparse learning methods.
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