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General inverse problem g(t) = Hf (t) + ǫ(t), g(r) = Hf (r) + ǫ(r),



t ∈ [1, · · · , T ] r = (x, y) ∈ R2



◮



f unknown quantity (input)



◮



H Forward operator: (Convolution, Radon, Fourier or any Linear operator)



◮



g observed quantity (output)



◮



ǫ represents the errors of modeling and measurement



Discretization: g = Hf + ǫ



◮



Forward operation Hf



◮



Adjoint operation H ′ g :



◮



Inverse operation (if exists) H −1 g
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General Bayesian Inference ◮



Bayesian inference: p(f |g, θ) =



◮



◮ ◮



p(g|f , θ 1 ) p(f |θ 2 ) p(g|θ)



with θ = (θ 1 , θ 2 ) Point estimators: b Maximum A Posteriori (MAP) or Posterior Mean (PM) −→ f Hyperparameter estimation: θ unknown Simple prior models: p(f |θ 2 )



q(f , θ|g) ∝ p(g|f , θ 1 ) p(f |θ 2 ) p(θ) ◮



Prior models with hidden variables: p(f |z, θ 2 ) p(z|θ 3 ) q(f , z, θ|g) ∝ p(g|f , θ 1 ) p(f |θ 2 ) p(z|θ 3 ) p(θ)
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Sparsity enforcing prior models ◮



Sparse signals: Direct sparsity 3
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Sparse signals: Sparsity in a Transform domaine
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Sparsity enforcing prior models ◮



Simple heavy tailed models: ◮ ◮ ◮



◮ ◮



◮



Generalized Gaussian, Double Exponential Student-t, Cauchy Elastic net Symmetric Weibull, Symmetric Rayleigh Generalized hyperbolic



Hierarchical mixture models: ◮ ◮



◮ ◮ ◮ ◮
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Simple heavy tailed models • Generalized Gaussian, Double Exponential     X Y |f j |β p(f |γ, β) = GG(f j |γ, β) ∝ exp −γ   j



j



β = 1 Double exponential or Laplace. 0 < β ≤ 1 are of great interest for sparsity enforcing. • Student-t and Cauchy models p(f |ν) =



Y j



    ν+1X  2 St(f j |ν) ∝ exp − log 1 + f j /ν   2 j



Cauchy model is obtained when ν = 1. • Elastic net prior model p(f |ν) = A. Mohammad-Djafari,



Y
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Mixture models • Mixture of two Gaussians (MoG2) model Y p(f |λ, v1 , v0 ) = (λN (f j |0, v1 ) + (1 − λ)N (f j |0, v0 )) j



• Bernoulli-Gaussian (BG) model Y Y (λN (f j |0, v) + (1 − λ)δ(f j )) p(f |λ, v) = p(f j ) = j



j



• Mixture of Gammas Y p(f |λ, v1 , v0 ) = (λG(f j |α1 , β1 ) + (1 − λ)G(f j |α2 , β2 )) j



• Bernoulli-Gamma model Y p(f |λ, α, β) = [λG(f j |α, β) + (1 − λ)δ(f j )] j
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MAP and Joint MAP ◮ ◮



Inverse problems: Posterior law:



g = Hf + ǫ



p(f |θ, g) ∝ p(g|f , θ 1 ) p(f |θ 2 ) ◮



◮



Examples: Gaussian noise, Gaussian prior and MAP: b = arg min {J(f )} with J(f ) = kg − Hf k2 + λkf k2 f 2 2 f



Gaussian noise, Double Exponential prior and MAP: b = arg min {J(f )} with J(f ) = kg − Hf k2 + λkf k1 f 2 f Full Bayesian: Joint Posterior:



p(f , θ|g) ∝ p(g|f , θ 1 ) p(f |θ 2 ) p(θ) ◮



Joint MAP:
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Marginal MAP, EM and VBA ◮



◮



b = arg max {p(θ|g)} where Marginal MAP: θ θ Z Z p(θ|g) = p(f , θ|g) df = p(g|f , θ 1 ) p(f |θ 2 ) df and then Z o n b = arg max b= b g) or f b g) df f | f p(f |θ, p(f θ, f Analytic expression for p(θ|g) not always possible



◮



Expectation-Maximization (EM) and GEM Algorithms



◮



Variational Bayesian Approximation: Approximate p(f , θ|g) by q(f , θ|g) = q1 (f |g) q2 (θ|g) and then use these approximate laws for other computations.



◮



JMAP, EM and GEM correspond to different approximations.
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Hierarchical models and hidden variables ◮



All the mixture models and some of simple models can be modeled via hidden variables z.



◮



Example 1: Student-t model



( ◮



   ◮



p(f |z) =



Q



j p(f j |zj ) =



o n 1P 2 |0, 1/z N (f ) ∝ exp − z f j j j j j j 2



Q



p(zj |a, b) = G(zj |a, b) ∝ zj (a−1) exp {−bzj } with a = b = ν/2 Example 2: MoG model: p(f |z) =



Q



j



p(f j |zj ) =



P (zj = 1) = λ,



Q



j



N f j |0, vzj



P (zj = 0) = 1 − λ







 P ∝ exp − 12 j



With these models we have: p(f , z, θ|g) ∝ p(g|f , θ 1 ) p(f |z, θ 2 ) p(z|θ 3 ) p(θ)



A. Mohammad-Djafari,



MaxEnt2012,



July 15-20, 2012, Max Planck Institut, Garching, Germany,



10/19



f 2j vzj







Bayesian Computation and Algorithms ◮



Often, the expression of p(f , z, θ|g) is complex.



◮



Its optimization (for Joint MAP) or its marginalization or integration (for Marginal MAP or PM) is not easy



◮



Two main techniques: ◮



◮



MCMC: Needs the expressions of the conditionals p(f |z, θ, g), p(z|f , θ, g), and p(θ|f , z, g) Variational Bayesian Approximation (VBA): Approximate p(f , z, θ|g) by a separable one q(f , z, θ|g) = q1 (f ) q2 (z) q3 (θ) and do any computations with these separable ones.
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Bayesian Variational Approximation ◮



◮



◮



Objective: Approximate p(f , z, θ|g) by a separable one q(f , z, θ|g) = q1 (f ) q2 (z) q3 (θ) Criterion:   Z q q KL(q : p) = q ln = ln p p q Free energy: KL(q : p) = ln p(g|M) − F(q) where: Z Z Z p(g|M) = p(f , z, θ, g|M) df dz dθ



with p(f , z, θ, g|M) = p(g|f , θ) p(f |z, θ) p(z|θ) p(θ) and F(q) is the free energy associated to q defined as   p(f , z, θ, g|M) F(q) = ln q(f , z, θ) q ◮



For a given model M, minimizing KL(q : p) is equivalent to maximizing F(q) and when optimized, F(q ∗ ) gives a lower bound for ln p(g|M).
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BVA with Student-t priors Scale Mixture Model of Student-t: Z ∞ St(f j |ν) = N (f j |0, 1/zj ) G(zj |ν/2, ν/2) dzj 0



Hidden variables zj : p(f |z)



=



Q



j p(f j |zj ) =



Q



n o 1P 2 |0, 1/z N (f ) ∝ exp − z f j j j j j j 2



p(zj |α0 , β0 ) = G(zj |α0 , β0 ) ∝ zj (α0 −1) exp {−β0 zj } with α0 = β0 = ν/2 Cauchy model is obtained when ν = 1: ◮



Graphical model: g = Hf + ǫ,



p(ǫ) = N (ǫ|0, τ1ǫ I)



 - f  Hn ?  R @ - g αǫ0 , βǫ0 - τn ǫ- ǫ 



α0 , β0 - zn
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BVA with Student-t priors  Algorithm



e ′g e = N (f |e e  e = τe ΣH µ, Σ) µ, Σ), µ q1 (f |e   −1    −1  e   e e = diag z e Σ = τe H ′ H + Z with Z   p(g|f , τ ) = N (g|Hf , (1/τ )I)  ǫ ǫ      1 p(τǫ |αǫ0 , βǫ0 ) = G(τǫ |αǫ0 , βǫ0 ) q2j (zj ) = G(zj |e αj , βej ); α ej = α0 + 2 2 e Q βj = β0 + < f j > /2   p(f |z) = j N (f j |0, 1/zj )     Q  q (τ ) = G(τ |e e  p(z|α0 , β0 ) = j G(zj |α0 , β0 )  3 ǫ ǫ αǫ , βǫ )    α eǫ = αǫ0 + (n + 1)/2   e ′ βǫ = βǫ0 + 21 [kgk2 − 2 hfi H ′ g + H ′ hf f ′i H] α ej α eτ e +µ e jj + µ eµ e ′ , < f 2j >= [Σ] e , < f f ′ >= Σ e2j , τe = ǫ , zej = < f >= µ e β τǫ βej



e −τ →



6



e , Σ) e q1 (f |e e) = N (f z, τ



e f −→



e ) = G(zj |α ej ) q2j (zj |f ej , β



α e j = α0 + n+1 2 D E e =τ e ′g f eΣH ej = β0 + 1 f 2 e β e −z → e Σ ′ −1 −1 −→ j e 2 Σ = (e τH H + Z ) ej z ej = α e j /β



6
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e ) = G(τ |α eτ ) q3 (τ |f eτ , β e α f e −→ e ǫ = αǫ0 + n+1 −τ → 2 e β eǫ = βǫ0 + 1 [kgk2 Σ −→ 2 ′ ′ ′ ′ e z z ej − 2 < f > H g + H < f f > H] −→ −→ eτ τ e=α e τǫ /β ǫ
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Implementation issues ◮



In inverse problems, often we do not have access directly to the matrix H. But, we can compute: ◮ ◮



◮



◮



Forward operator : Hf −→ g Adjoint operator : H ′ g −→ f



g=direct(f,...) f=transp(g,...)



For any particular application, we can always write two programs (direct & transp) corresponding to the application of these two operators. e , we use a gradient based optimization To compute f algorithm which will use these operators.



◮



We may also need to compute the diagonal elements of [H ′ H].. We also developped algorithms which computes these diagonal elements with the same programs (direct & transp)
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Conclusions and Perspectives ◮



◮



◮



◮



◮



We proposed a list of different probabilistic prior models which can be used for sparsity enforcing. We classified these models in two categories: simple heavy tails and hierarchical mixture models We showed how to use these models for inverse problems where the desired solutions are sparse Different algorithms have been developed and their relative performances are compared. We use these models for inverse problems in different signal and image processing applications such as: ◮ ◮ ◮



◮ ◮ ◮
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Related presentations in MaxEnt2012 workshop



◮



Mircea Dumitru: (Talk on Wednesday) Estimating the period of a signal through inverse problem modeling and Bayesian inference with sparsity enforcing prior
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Leila Gharsali: (Poster on Tuseday) Variational Bayesian Approximation with scale mixture priors: A comparison between three algorithms



◮
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A. Mohammad-Djafari,



MaxEnt2012,



July 15-20, 2012, Max Planck Institut, Garching, Germany,



17/19



References 1. A. Mohammad-Djafari, “Bayesian approach with prior models which enforce sparsity in signal and image processing,” EURASIP Journal on Advances in Signal Processing, vol. Special issue on Sparse Signal Processing, (2012). 2. S. Zhu, A. Mohammad-Djafari, H. Wang, B. Deng, X. Li and J. Mao J, “Parameter estimation for SAR micromotion target based on sparse signal representation,” EURASIP Journal on Advances in Signal Processing, vol. Special issue on Sparse Signal Processing, (2012). 3. N. Chu, J. Picheral and A. Mohammad-Djafari, “A robust super-resolution approach with sparsity constraint for near-field wideband acoustic imaging,” IEEE International Symposium on Signal Processing and Information Technology pp 286–289, Bilbao, Spain, Dec14-17,2011 4. N. Bali and A. Mohammad-Djafari, “Bayesian Approach With Hidden Markov Modeling and Mean Field Approximation for Hyperspectral Data Analysis,” IEEE Trans. on Image Processing 17: 2. 217-225 Feb. (2008). 5. J. Griffin and P. Brown, “Inference with normal-gamma prior distributions in regression problems,” Bayesian Analysis, 2010. 6. N. Polson and J. Scott., “Shrink globally, act locally: sparse Bayesian regularization and prediction,” Bayesian Statistics 9, 2010. 7. T. Park and G. Casella., “The Bayesian Lasso,” Journal of the American Statistical Association, 2008. 8. C. F´ evotte and S. Godsill, “A Bayesian aproach for blind separation of sparse source,” IEEE Transactions on Audio, Speech, and Language processing, 2006. 9. H. Snoussi and J. Idier., “Bayesian blind separation of generalized hyperbolic processes in noisy and underdeterminate mixtures,” IEEE Trans. on Signal Processing, 2006. 10. J. R. H. Ishwaran, “Spike and slab variable selection: Frequentist and Bayesian strategies,” Annals of Statistics, 2005. 11. M. Tipping, “Sparse Bayesian learning and the relevance vector machine,” Journal of Machine Learning Research, 2001. A. Mohammad-Djafari,



MaxEnt2012,



July 15-20, 2012, Max Planck Institut, Garching, Germany,



18/19



14. References .. 1. Abib. Doucet and P. Duvaut, “Bayesian estimation of state-space models applied to deconvolution of Bernoulli-Gaussian processes,” Signal Processing, vol. 57, no. 2, 1997. 2. P. Williams, “Bayesian regularization and pruning using a Laplace prior,” Neural Computation, 1995. 3. M. Lavielle, “Bayesian deconvolution of Bernoulli-Gaussian processes,” Signal Processing, vol. 33, pp. 67–79, 1993. 4. T. Mitchell and J. Beauchamp, “Bayesian variable selection in linear regression,” Journal of the American Statistical Association, 1988. 5. J. J. Kormylo and J. M. Mendel, “Maximum-likelihood detection and estimation of Bernoulli-Gaussian processes,” vol. 28, pp. 482–488, 1982. 6. H. Snoussi and A. Mohammad-Djafari, “ Estimation of Structured Gaussian Mixtures: The Inverse EM Algorithm,” IEEE Trans. on Signal Processing 55: 7. 3185-3191 July (2007). 7. N. Bali and A. Mohammad-Djafari, “A variational Bayesian Algorithm for BSS Problem with Hidden Gauss-Markov Models for the Sources,” in: Independent Component Analysis and Signal Separation (ICA 2007) Edited by:M.E. Davies, Ch.J. James, S.A. Abdallah, M.D. Plumbley. 137-144 Springer (LNCS 4666) (2007). 8. N. Bali and A. Mohammad-Djafari, “Hierarchical Markovian Models for Joint Classification, Segmentation and Data Reduction of Hyperspectral Images” ESANN 2006, September 4-8, Belgium. (2006) 9. M. Ichir and A. Mohammad-Djafari, “Hidden Markov models for wavelet-based blind source separation,” IEEE Trans. on Image Processing 15: 7. 1887-1899 July (2005) 10. S. Moussaoui, C. Carteret, D. Brie and A Mohammad-Djafari, “Bayesian analysis of spectral mixture data using Markov Chain Monte Carlo methods sampling,” Chemometrics and Intelligent Laboratory Systems 81: 2. 137-148 (2005). 11. H. Snoussi and A. Mohammad-Djafari, “Fast joint separation and segmentation of mixed images” Journal of Electronic Imaging 13: 2. 349-361 April (2004) 12. H. Snoussi and A. Mohammad-Djafari, “Bayesian unsupervised learning for source separation with mixture of Gaussians prior,” Journal of VLSI Signal Processing Systems 37: 2/3. 263-279 June/July (2004) A. Mohammad-Djafari,



MaxEnt2012,



July 15-20, 2012, Max Planck Institut, Garching, Germany,



19/19



























des documents recommandant













Bayesian Inference Tools for Inverse Problems - Ali Mohammad-Djafari 

optimization and the three possible approximation methods. Finally, the .... Without any other constraint than the normalization of q, an alternate optimization of.










 








Bayesian inference framework for Inverse problems - Ali Mohammad 

http://djafari.free.fr http://publicationslist.org/djafari ...... CSI: Contrast Source Inversion, VBA: Variational Bayesian Approach,. MGI: Independent Gaussian mixture ...










 








Regularization and Bayesian Inference Approach for Inverse 

VISIGRAPP 2010 Keynote Lecture, Anger, France, 17-21 May 2010 ..... X ray Tomography: Analytical Inversion methods f (x,y). E x. Ty r Ï†. â€¢D .... Advantages:.










 








Bayesian inference for inverse problems of signal and image 

Bayesian inference for inverse problems of signal and image processing in acoustics ... Case studies: Deconvolution, Image restoration, Acoustic sources.










 








Bayesian inference for inverse problems in signal and image 

and data fusion problems and present new methods we developed recently ..... The final point before obtaining an expression for the posterior probability law.










 








Bayesian inference for Machine Learning, Inverse Problems and Big 

from Basics to Computational algorithms. Ali Mohammad-Djafari ... 21-25, 2016. A. Mohammad-Djafari, Approximate Bayesian Computation for Big Data, Seminar 2016, Nov. ... Bayes for Machine Learning (model selection and prediction). 3.










 








Advanced Bayesian methods for inverse problems - Ali Mohammad 

Images: Space, Fourier and Wavelets representations. A. Mohammad-Djafari ..... Often needs sampling (hidden discrete variable). â–· Generate samples Î¸ using.










 








Bayesian approach for inverse problems in optics - Ali Mohammad 

the data and fast inverse FT.6 But, when the data do not fill uniformly the Fourier ... imaging systems: a) X-ray tomography and NMR imaging, b) Diffraction tomography with ... mation, c) SAR and RADAR imaging, d) Eddy current tomography.










 








Bayesian Approach for Inverse Problems in Imaging - Ali Mohammad 

z(r) q(r). ' &. $. %. A family of Hierarchical Gauss-. Markov-Potts prior models p(f(r)|z(r) = k) = N(mk, vk), k = 1, Â·Â·Â· , K p(z) âˆ� exp{ âˆ’. âˆ‘ râˆˆR âˆ‘k Î±kÎ´(z(r) âˆ’ k). âˆ’ âˆ‘.










 








Bayesian inference with hierarchical prior models for inverse problems 

May 15, 2013 - inverse problems in imaging systems ..... Example 2: Seeing outside of a body: Making an image using ...... More specific and specialized priors, particularly through the ...... Gauss-Markov-Potts Priors for Images in Computer Tomograp










 








Approximate Bayesian Computation tools for Large scale Inverse 

tools for. Large scale Inverse problems and. Hierarchical models for Big Data ...... These two operations can be implemented using High Performance parallel pro- ...... 110. CHAPTER 7. SOME COMPLEMENTS TO BAYESIAN ESTIMATION.










 








Approximate Bayesian Computation tools for Large scale inverse 

Fourier or Laplace Transforms inversion in Mass Spectrometry ... Bluring effect and noise in ToF MS data: ... source: https://www.nature.com/article-assets/npg/nmeth/journal/v14/n1/extref/nmeth.4071-S1.pdf ... 2D-Deconvolution in MALDI MAS:.










 








Maximum Entropy and Bayesian inference - Ali Mohammad-Djafari 

some inverse problems such as image restoration or blind sources separation. Key Words: Uncertainty, Probabilty distribution, Information and Entropy, Maxi-.










 








Maximum Entropy and Bayesian inference - Ali Mohammad-Djafari 

Among all the possible solutions choose the one with maximum entropy ..... E. T. Jaynes, â€œInformation theory and statistical mechanics I,â€� Physical review, vol. 106 .... of dielectric and conductive materials from experimental data,â€� accepted i










 








Bayesian approach to inverse problems: from ... - Ali Mohammad-Djafari 

f and the measurement system is called Forward problem. â–· Infering on ... Making an image using a camera, a microscope or a telescope. â–» f(x, y) real .... More specific and specialized priors, particularly through the ...... modeling of HR image 










 








Inverse Problems: From Regularization to Bayesian Inference - An 

Inverse problem : gÏ†(r) or gÏ†(r1,r2) âˆ’â†’ f(x,y) or f(x,y,z). 4 / 42 .... Accounting for detector size. â–» Other ... Inverse problems = Ill posed problems. âˆ’â†’ Need for ...










 








Bayesian inference methods for sources separation 

For example, the Generalized Gaussian (GG) with two particular cases of Gaussian ...... and F(q) is the free energy associated to q defined as. F(q) = ã€ˆ ln p(f,A,z,Î¸ ...










 








Bayesian inference methods for sources separation 

In this paper, we only consider the instantaneous mixing model: ... in two categories: i) Simple Non Gaussian models with heavy tails and ii) Mixture models .... A prior model inspired from Elastic Net regression literature [? ] is: ..... Now conside










 








Bayesian inference methods for sources separation 

Feb 23, 2012 - ... inference methods for sources separation. Ali Mohammad-Djafari. Laboratoire des Signaux et Syst`emes,. UMR8506 CNRS-SUPELEC-UNIV ...










 








Inverse problem approaches for stationary Fourier 

Fourier transform spectrometers. FrÃ©dÃ©ric Gillard,1,* Sidonie Lefebvre,1 Yann Ferrec,1 Laurent Mugnier,1 Sylvain RommeluÃ¨re,1. CÃ©line Benoit,1 Nicolas ...










 








Variational Bayesian Approximation methods for inverse problems 

Signal deconvolution in Proteomic and molecular imaging ... micromotion target based on sparse signal representation,â€� EURASIP Journal on Advances in ...










 








A BAYESIAN APPROACH FOR NONLINEAR INVERSE SCATTERING 

We set this problem as one of estimation and pro- ... The Maximum A Posteriori estimate determi- nation leads to a multi-modal ... this nonlinear ill-posed inverse problem within a Bayes- .... where u plays the role of a regularisation parameter.










 








Bayesian Variational Approximation Implementation for linear inverse 

Abstract. We consider a Bayesian approach to linear inverse problems where an Infinite Gaus- sian Mixture Model (IGMM) is used as the a priori to enforce the ...










 








BAYESIAN INFERENCE WITH HIERARCHICAL 

problems focusing on the linear models for signal and im- age processing is given. .... In many generic inverse problems in signal and image pro- cessing, the problem can ...... nuclear medecine, (Beijing, China), 2009. [11] M. D. Fall, E. Barat, ...










 














×
Report Bayesian Inference Tools for Inverse Problem - Ali Mohammad-Djafari





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Signe






Email




Mot de passe







 Se souvenir de moi

Vous avez oublié votre mot de passe?




Signe




 Connexion avec Facebook












 

Information

	A propos de nous
	Règles de confidentialité
	TERMES ET CONDITIONS
	AIDE
	DROIT D'AUTEUR
	CONTACT
	Cookie Policy





Droit d'auteur © 2024 P.PDFHALL.COM. Tous droits réservés.








MON COMPTE



	
Ajouter le document

	
de gestion des documents

	
Ajouter le document

	
Signe









BULLETIN



















Follow us

	

Facebook


	

Twitter



















Our partners will collect data and use cookies for ad personalization and measurement. Learn how we and our ad partner Google, collect and use data. Agree & Close



