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Abstract

Bayesian inference for solving inverse problems is becoming increasingly popular, thanks to its
interpretation of solution uncertainty. In solving practical problems, the computational time of algo-
rithms has received certain attention, and algorithms based on Langevin equation utilize first-order
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derivative information, which has the advantage of high sampling efficiency and is widely used in
sampling algorithms. For image problems with sharp jump prior information, the selection of
prior information in the Bayesian framework is particularly important, and non-smooth constraints
such as TV regularization methods can effectively characterize prior information. This article re-
views the hybrid prior combining non-smooth constraints with Gaussian prior, while reiterating
the proximal Langevin algorithm, and proposes a dual Langevin algorithm based on non-smooth
constraints. Finally, it is applied to the CT imaging problem, and numerical results show that our
proposed algorithm is effective and can better utilize non-smooth constraints to characterize the
solution.
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Figure 2. PxEuL algorithm results: MAP estimation (left) and CM estimation (right), » =5
2. PxEUL BIAEMLER: MAP &3+ (Z)F1 CM &3t (#), =5
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Figure 3. DUEUL algorithm results: MAP estimation (left) and CM estimation (right), =5
3. DUEUL BREE R : MAP &t (k)F1 CM &3t (&), 1=5
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Table 1. Results of two algorithms (y =7 =5)
F 1 BMEEER(y=n=5)

i LTRSS RelErr PSNR SSIM
MAP fiit 0.26672 19.4414 0.99922
PxEuL
CM 1t 0.21144 21.2131 0.99958
MAP {5t 0.13285 25.2349 0.99985
DuEuL .
CM it 0.13109 25.2692 0.99986

Table 2. DUEUL algorithm results with different parameters taken
2. BIREIS % DUEUL B R
(n.9) ORI RelErr PSNR SSIM
MAP {1t 0.17088 23.0787 0.99974
CM fi it 0.16781 23.1574 0.99974

(1><10’3,1><10’3)

MAP fiif 0.16851 23.3248 0.99975
(1><10’2,5><10’4)
CM 1t 0.16599 23.3482 0.99975
MAP fhiit 0.15941 23.5639 0.99977
CM {3t 0.15758 23.5726 0.99977
MAP fitiit 0.13285 25.2349 0.99985

CM flith 0.13109 25.2692 0.99986

(1x10'1,1x10-“)

(5,1><10’5)
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Figure 4. RelErr and PSNR ratio trend of two algorithms (y =7 =5)
B 4. FFR SRR R E RSB LA (y =0 =5)
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