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Compressed sensing (CS) provides an elegant
framework for recovering sparse signals from

compressed measurements. It is highly flexible X signal - F >:§;h'm-El:'--
and data efficient, but its application has been  z:latent code ALy
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process for reconstruction via meta-learning. We  signal

explore training the measurements with different E: measurement
objectives, and derive a family of models based
on minimising measurement errors. We show that

Generative Adversarial Nets (GANs) can be /

viewed as a special case in this family of models.
Borrowing insights from the CS perspective, we FORMULATION
develop a novel way of stabilising GAN training

using gradient information from the discriminator. Compressed Sensing Deep Compressed Sensing
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e We incorporate generic neural networks with Directly optimising signal x (subject to sparsity
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measurement error:
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Unlike autoencoders, no reconstruction error is involved in reconstruction (likelihood-free)
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- All the conditioning information is in the latent variable.
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