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e Generative model of the signal y7 € RY measurements to compress images, and (¢) no compression.
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Figure 2: RandNet applied to an instance of digit 0. Lett: digit in its original and compressed
Compressed DL dimensions. Right: reconstruction and sparse representation of the digit. Note that xp is highly

e Given compressed measurements sparse (most entries close to zero).
ri = Py RandNet CK-SVD DrSAE SDL
where @ € RM*" is a measurement matrix with Error Rate [%] ((S}) ;fg ((S}) 3'272 108 1.05
measurement ratio 5 = % and compression fac- (S) 3. (5) 5.20

tor v = s where s is sparsity of rows of P.
Table 2. MNIST classification error [%] on test dataset. (G)

e Optimization problem stands for Gaussian and (S) for row-sparse projection.
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