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One of my most favorite buildings 
on the globe !

It was 30 years ago when I came 
here for the 1st time. 

I was so impressed with this 
beautiful shape that I took 

many photos from 
the very low angle lying 

on the street. 

  

Thanks for invitation to this dreaming place !



I believe you also like this !  

Why ?

Thanks for invitation to this dreaming place !



I believe you also like this !  

Why ?

Because we are very strange 
persons who like 

optimization 
subject to severe constraints !

Thanks for invitation to this dreaming place !
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Very severe constraints found in 





Convexity is certainly a key for global optimization 

But

For better sparsity, 



is a parametric penalty function satisfying  

Generalized Minimax Concave (GMC) Penalty [Selesnick '17]



C.-H. Zhang, ``Nearly unbiased variable selection under 
minimax concave penalty,'' Ann. Statist., vol.38, 2010.

I. Selesnick, ``Sparse regularization via convex analysis,''   
                    IEEE Trans. Signal Process., vol.65, 2017.

Parametrized  Multidimensional  Extension



I. Selesnick, ``Sparse regularization via convex analysis,''   
                    IEEE Trans. Signal Process., vol.65, 2017.

I like this beautiful idea of GMC 
penalty very much because it 
has a great potential for dealing  
with many nice nonconvex 
penalties under  single umbrella
of the modern convex analysis.



under as much general overall-convexity cond for B as possible ! 

We are interested in global optimization of

Q1. What is general cond for B to ensure overall-convexity of (1) ? 

But

does not seem to have been clarified yet. 

[Selesnick '17]



under as much general overall-convexity cond for B as possible ! 

We are interested in global optimization of

Q2. Can we establish any iterative algorithm of guaranteed 
convergence to globally optmal solution of  (1)  

under general overall-convexity condition ? 

Any algorithm applicable to fully general cases  
does not seem to have been reported yet. 

[Selesnick '17]



We are interested in global optimization of

  Q1.What is general cond for B to ensure overall-convexity of (1) ? 

          Q2.   Can we establish any iterative algorithm of guaranteed           
                           convergence to globally optmal solution of  (1)  
                              under general overall-convexity condition ? 

         Q3. Can we choose B flexibly to ensure overall-convexity of (1) ? 

 These questions would be keys for further evolutions 
as well as  broader applications of  the GMC penalties !

Straightforward limitted applications of certain linearly involved GMC penalties 
have been reported very recently in [Du, Liu'18], [Zhong,Yi,Xiao, Zhang, Wu '18] 

 without any theoretical consideration on  these key questions. 



We are interested in global optimization of

Q1. What is general cond for B to ensure overall-convexity of (1) ? 

[AYY-ICASSP'19]  J.Abe, M.Yamagishi, I. Yamada, ``Convexty-edge-
preserving signal recovery with linearly involved generalized minimax 
concave penalty function,''  IEEE ICASSP 2019, May, 2019.

[AYY-ICASSP'19, Proposition 1]



We are interested in global optimization of

[AYY-ICASSP'19]  J.Abe, M.Yamagishi, I. Yamada, ``Convexty-edge-
preserving signal recovery with linearly involved generalized minimax 
concave penalty function,''  IEEE ICASSP 2019, May, 2019.

Q2. Can we establish any iterative algorithm of guaranteed 
convergence to globally optmal solution of  (1)  

under general overall-convexity condition ? 

[AYY-ICASSP'19, Theorem 1]



Theorem 1(ICASSP'19)





HSDM !



The proof  sketch of  [AYY-ICASSP'19,Theorem 1]

STEP1                          Translate 

   into a monotone inclusion by using 

STEP2 



How can we apply this optimization model ?

Q3. Can we choose B flexibly to ensure overall-convexity of (1) ? 

[AYY-ICASSP'19]  J.Abe, M.Yamagishi, I. Yamada, ``Convexty-edge-preserving signal 
recovery with linearly involved generalized minimax concave penalty function,''  
IEEE ICASSP 2019, May, 2019.

[AYY-ICASSP'19, Proposition 2]



Numerical Experiments (Convexity-Edge-Preserving smoother)

We applied the proposed algorithm  to 

To achieve convexity-edge-preserving smoother, we used
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 We have introduced a proximal splitting algorithm which has theoretical 
guarantee of convergence to a globally optimal solution of the linearly 
involved generalized minimax concave (GMC) penalty models.
 
 
 

Conclusion and Open Questions

J.Abe, M.Yamagishi  and I.Yamada, ''Convexity-edge-preserving 
signal recovery with linearly involved generalized minimax concave 
penalty function,''  IEEE ICASSP 2019, May 2019.

 Further extension of the proposed algorithm will be presented at 
ICCOPT'2019, Aug., 2019. 

The proposed algorithm can be applied to fully general cases of these    
beautiful nonconvex penalty models under overall-convexity condition. 
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