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Stochastic Optimisation Can Increase Algorithm Efficiency | | C I L

SyneRB| CORE IMAGING LIBRARY

The Core imaging library (CIL) is designed for both imaging scientists and the inverse problems and optimisation mathematical community.
Combining mathematical building blocks and the modular design of CIL enable users to rapidly implement and experiment with new
reconstruction algorithms and compare them against existing state-of-the-art methods.
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Plugging stochastic gradients into deterministic algorithms leads to stochastic algorithms e.g.
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Similarly other approximations can give variance reduced algorithms e.g. SAG, SAGA, SVRG and LSVRG.
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These plots show how the stochastic SPDHG algorithm converges to a reference solution in fewer epochs than deterministic

methods for both phantom and in-vivo data.
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o For the phantom data, we plot normalized root mean squared error
against epochs to quantitatively measure convergence.
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