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In this contribution, we focus on solving imaging inverse problems using generalized projected gradient descent
(GPGD) algorithms, where generalized projections are realized with learned neural networks, which have proven
to yield state-of-the-art results. Indeed, neural networks allow for projections onto unknown low-dimensional
sets ¥ that model complex data, such as images. We call these projections deep projective priors (DPPs). The
iterates x,, resulting from GPGD iterations are given by:

Tn+1 = PE(In) - VAT(APE('ITL) - Y))7 (1)

where Ps; is a projection operator, A is the mesurement matrix of the considered inverse problem and -y is
the stepsize. We show theoretically that under certain assumptions on A, Ps;, and step size -y, this algorithm
converges linearly and has a stability to noise. In particular, for fixed A and ~, the convergence rate and the
stability to noise depend solely on the restricted Lipschitz constant of Ps (a restriction to ¥ of the general
Lipschitz constant) and should then be minimized. This constant depends in particular on the chosen projection
operator. DPPs are typically realized by autoencoders or denoisers (Plug and Play framework)

However, for DPPs trained with classical mean-squared error losses, there is little guarantee to control this
restricted Lipschitz constant. To overcome this, we propose a stochastic orthogonal regularization (SOR) for the
training of DPPs. We link the chosen orthogonality criterion with theoretical recovery guarantees. By comparing
SOR to vanilla GPGD (PGD) and REgularization by Denoising (RED), we show experimentally that it yields
projections that improve convergence speed and robustness of GPGD in challenging inverse problem settings, in
accordance with our theoretical findings.
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Figure 1: Super-resolution of an image with a factor of 3 and a noise level of 0.02. SOR is the best in recovering
the original image as it creates fewer color artifacts and does not smooth the image, unlike the two other methods.
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