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The inverse problem could be formulated as an optimization problem
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Proximal average is a good estimation of the true proximal gradient mapping

• Large scale optimization problem

• Bauschke, Heinz H., et al. "The proximal average: basic theory." SIAM Journal on Optimization 19.2 (2008): 766-785. 
• Yu, Yao-Liang. "Better approximation and faster algorithm using the proximal average." Advances in neural information processing systems. 2013.
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Stochastic proximal gradient method could approximate the proximal average

• Stochastic proximal gradient method
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signProx is more efficient than SPGM
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SPGM uses the true direction to update while signProx only uses the sign
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• Stochastic proximal gradient method (SPGM)

» Update rule:

• 1-bit stochastic proximal gradient method (signProx)
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signProx could achieve the comparable performance with SPGM

» Convergence conclusion for SPGM:

» Convergence conclusion for signProx:

• Convergences rate tells how fast you can reduce you loss function
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Check the performance of SPGM and signProx on a phase retrieval model

• Nonconvex phase retrieval task

True image
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Check the performance of SPGM and signProx on a phase retrieval model

• Nonconvex phase retrieval task
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Simulate the stochasticity of the proximal gradient mapping by adding noise 

• Stochastic simulation of proximal gradient mapping

345/15/19

bP=P+p(e)

Dense stochasticity
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signProx outperforms SPGM in the some sparse stochasticity scenario

Dense stochasticity scenario
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Conclusions

» Proposed a compressed proximal gradient method signProx to solve 
the low efficiency problem of SPGM in a large scale optimization 
scenario.

» Proved the convergence of the signProx under nonconvex assumption 
and showed it achieves the comparable theoretical performance with 
SPGM.

» Simulated a phase retrieval problem and showed signProx has a 
comparable performance with SPGM and in some scenario it even 
outperforms SPGM.
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