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Motivation

[1] S Diamond, arXiv, 2017. [2] J Schlemper, IPMI, 2017. [3] K Hammernik, MRM 2017. [4] J Zhang, CVPR 2018. [5] Aggarwal, IEEE TMI 2019.

Deep learning + iterative optimization =  Best of Both Worlds

min
x

1

2
||y �Ax||2 +Q(x)

<latexit sha1_base64="IGuTpTslxcR91FNovP3cnP9UT1w="></latexit>

MoDL1: CNN regularization
with weights wQ(x) = �||x�Rw(x)||22

<latexit sha1_base64="hc48Y61/P8KZYWR0X1dYT4OEM2o="></latexit>
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Motivation

y(1)
<latexit sha1_base64="da0ShEmu1V7z6Y+pHZ7b41lC/v0=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPScm5TIdm0bYajUq1XoNLcrUmtSp0LHuBIlihNTQ/BqMQxwHhCjMkZd+xI+UmSCiKGUkLg1iSCOEpGpO+phwFRLrJInkKL7Qygn4o9OMKLtTvGwkKpJwHnp7McsrfXib+5fVj5dfdhPIoVoTj5SE/ZlCFMKsBjqggWLG5JggLqrNCPEECYaXLKugS1j+F/5NO2XIqVvmuWmxer+rIgzNwDkrAATXQBLegBdoAgxl4BM/gxUiMJ+PVeFuO5ozVzin4AeP9C+N6k9c=</latexit>

y(N)
<latexit sha1_base64="UNHL2UKLFsDDg3rmeoek5H9mMmo=">AAAB+XicdVDLSsNAFJ34rPUVdelmsAh1E9KHtN0V3biSCvYBbSyT6aQdOpmEmUkhhPyJGxeKuPVP3Pk3TvoAFT0wcDjnXu6Z44aMSmXbn8ba+sbm1nZuJ7+7t39waB4dd2QQCUzaOGCB6LlIEkY5aSuqGOmFgiDfZaTrTq8zvzsjQtKA36s4JI6Pxpx6FCOlpaFpDnykJq6XxOlDUry9SIdmwbYajUq1XoMLcrkitSosWfYcBbBEa2h+DEYBjnzCFWZIyn7JDpWTIKEoZiTNDyJJQoSnaEz6mnLkE+kk8+QpPNfKCHqB0I8rOFe/byTIlzL2XT2Z5ZS/vUz8y+tHyqs7CeVhpAjHi0NexKAKYFYDHFFBsGKxJggLqrNCPEECYaXLyusSVj+F/5NO2SpVrPJdtdC8WtaRA6fgDBRBCdRAE9yAFmgDDGbgETyDFyMxnoxX420xumYsd07ADxjvXw+3k/Q=</latexit>

y(i)
<latexit sha1_base64="w5AfClOYz1vpBCwm3aW8rQCwmSc=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPSYlepkOzaFuNRqVar8EluVqTWhU6lr1AEazQGpofg1GI44BwhRmSsu/YkXITJBTFjKSFQSxJhPAUjUlfU44CIt1kkTyFF1oZQT8U+nEFF+r3jQQFUs4DT09mOeVvLxP/8vqx8utuQnkUK8Lx8pAfM6hCmNUAR1QQrNhcE4QF1VkhniCBsNJlFXQJ65/C/0mnbDkVq3xXLTavV3XkwRk4ByXggBpoglvQAm2AwQw8gmfwYiTGk/FqvC1Hc8Zq5xT8gPH+BTjZlA8=</latexit>

Under-sampled
k-space

x(i)
<latexit sha1_base64="SpLYkGTCSqYujQJ5tR0W5Efr+Lg=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NiCfkTNy4UceufuPNvnLQVVPTAwOGce7lnjhcxKpVtfxi5tfWNza38dmFnd2//wDw86sgwFpi0cchC0fOQJIxy0lZUMdKLBEGBx0jXm15lfndGhKQhv1XziLgBGnPqU4yUloamOQiQmnh+cp/eJSV6ng7Nom01GpVqvQaX5OKL1KrQsewFimCF1tB8H4xCHAeEK8yQlH3HjpSbIKEoZiQtDGJJIoSnaEz6mnIUEOkmi+QpPNPKCPqh0I8ruFC/byQokHIeeHoyyyl/e5n4l9ePlV93E8qjWBGOl4f8mEEVwqwGOKKCYMXmmiAsqM4K8QQJhJUuq6BL+Pop/J90ypZTsco31WLzclVHHpyAU1ACDqiBJrgGLdAGGMzAA3gCz0ZiPBovxutyNGesdo7BDxhvnzdOlA4=</latexit>

x(1)
<latexit sha1_base64="kuesUbd+SpCfkuzQH9EqWmariLY=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NiCfkTNy4UceufuPNvnLQVVPTAwOGce7lnjhcxKpVtfxi5tfWNza38dmFnd2//wDw86sgwFpi0cchC0fOQJIxy0lZUMdKLBEGBx0jXm15lfndGhKQhv1XziLgBGnPqU4yUloamOQiQmnh+cp/eJSXnPB2aRdtqNCrVeg0uycUXqVWhY9kLFMEKraH5PhiFOA4IV5ghKfuOHSk3QUJRzEhaGMSSRAhP0Zj0NeUoINJNFslTeKaVEfRDoR9XcKF+30hQIOU88PRkllP+9jLxL68fK7/uJpRHsSIcLw/5MYMqhFkNcEQFwYrNNUFYUJ0V4gkSCCtdVkGX8PVT+D/plC2nYpVvqsXm5aqOPDgBp6AEHFADTXANWqANMJiBB/AEno3EeDRejNflaM5Y7RyDHzDePgHh75PW</latexit>

x(N)
<latexit sha1_base64="4fj10aJurUAtF7uBFeL2VXvMIvw=">AAAB+XicdVDLSgMxFM3UV62vUZdugkWom2GmrbTdFd24kgr2Ae1YMmmmDc1khiRTLEP/xI0LRdz6J+78GzN9gIoeCBzOuZd7cryIUals+9PIrK1vbG5lt3M7u3v7B+bhUUuGscCkiUMWio6HJGGUk6aiipFOJAgKPEba3vgq9dsTIiQN+Z2aRsQN0JBTn2KktNQ3zV6A1Mjzk4fZfVK4OZ/1zbxt1WqlcrUCF+RiRSpl6Fj2HHmwRKNvfvQGIY4DwhVmSMquY0fKTZBQFDMyy/ViSSKEx2hIuppyFBDpJvPkM3imlQH0Q6EfV3Cuft9IUCDlNPD0ZJpT/vZS8S+vGyu/6iaUR7EiHC8O+TGDKoRpDXBABcGKTTVBWFCdFeIREggrXVZOl7D6KfyftIqWU7KKt+V8/XJZRxacgFNQAA6ogDq4Bg3QBBhMwCN4Bi9GYjwZr8bbYjRjLHeOwQ8Y718OLJPz</latexit>

Ground-truth

CNN DC

Repeat  N1 times

x̂(i)
<latexit sha1_base64="CTZYb/daKZcQri5fsIw6Zbq9HWg=">AAAB/3icdVDLSsNAFJ34rPUVFdy4GSxC3YSkrbTdFd24rGAf0MQymU7aoZMHMxOxxCz8FTcuFHHrb7jzb5z0ASp6YOBwzr3cM8eNGBXSND+1peWV1bX13EZ+c2t7Z1ff22+LMOaYtHDIQt51kSCMBqQlqWSkG3GCfJeRjju+yPzOLeGChsG1nETE8dEwoB7FSCqprx/aIyQT20dy5HrJXZreJEV6mvb1gmnU6+VKrQpn5GxBqhVoGeYUBTBHs69/2IMQxz4JJGZIiJ5lRtJJEJcUM5Lm7ViQCOExGpKeogHyiXCSaf4UnihlAL2QqxdIOFW/byTIF2Liu2oyCyp+e5n4l9eLpVdzEhpEsSQBnh3yYgZlCLMy4IBygiWbKIIwpyorxCPEEZaqsrwqYfFT+D9plwyrbJSuKoXG+byOHDgCx6AILFAFDXAJmqAFMLgHj+AZvGgP2pP2qr3NRpe0+c4B+AHt/Qson5bb</latexit> L

⇣
x̂(i),x(i)

⌘

<latexit sha1_base64="FjAM2lwHE/pd3icSd8KP15CcYpY="></latexit>

Update weights

[1] S Diamond, arXiv, 2017. [2] J Schlemper, IPMI, 2017. [3] K Hammernik, MRM 2017. [4] J Zhang, CVPR 2018. [5] HK Aggarwal, IEEE TMI 2019.

Loss metric

Deep learning + iterative optimization =  Best of Both Worlds
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Challenge

y(1)
<latexit sha1_base64="da0ShEmu1V7z6Y+pHZ7b41lC/v0=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPScm5TIdm0bYajUq1XoNLcrUmtSp0LHuBIlihNTQ/BqMQxwHhCjMkZd+xI+UmSCiKGUkLg1iSCOEpGpO+phwFRLrJInkKL7Qygn4o9OMKLtTvGwkKpJwHnp7McsrfXib+5fVj5dfdhPIoVoTj5SE/ZlCFMKsBjqggWLG5JggLqrNCPEECYaXLKugS1j+F/5NO2XIqVvmuWmxer+rIgzNwDkrAATXQBLegBdoAgxl4BM/gxUiMJ+PVeFuO5ozVzin4AeP9C+N6k9c=</latexit>

y(N)
<latexit sha1_base64="UNHL2UKLFsDDg3rmeoek5H9mMmo=">AAAB+XicdVDLSsNAFJ34rPUVdelmsAh1E9KHtN0V3biSCvYBbSyT6aQdOpmEmUkhhPyJGxeKuPVP3Pk3TvoAFT0wcDjnXu6Z44aMSmXbn8ba+sbm1nZuJ7+7t39waB4dd2QQCUzaOGCB6LlIEkY5aSuqGOmFgiDfZaTrTq8zvzsjQtKA36s4JI6Pxpx6FCOlpaFpDnykJq6XxOlDUry9SIdmwbYajUq1XoMLcrkitSosWfYcBbBEa2h+DEYBjnzCFWZIyn7JDpWTIKEoZiTNDyJJQoSnaEz6mnLkE+kk8+QpPNfKCHqB0I8rOFe/byTIlzL2XT2Z5ZS/vUz8y+tHyqs7CeVhpAjHi0NexKAKYFYDHFFBsGKxJggLqrNCPEECYaXLyusSVj+F/5NO2SpVrPJdtdC8WtaRA6fgDBRBCdRAE9yAFmgDDGbgETyDFyMxnoxX420xumYsd07ADxjvXw+3k/Q=</latexit>

y(i)
<latexit sha1_base64="w5AfClOYz1vpBCwm3aW8rQCwmSc=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPSYlepkOzaFuNRqVar8EluVqTWhU6lr1AEazQGpofg1GI44BwhRmSsu/YkXITJBTFjKSFQSxJhPAUjUlfU44CIt1kkTyFF1oZQT8U+nEFF+r3jQQFUs4DT09mOeVvLxP/8vqx8utuQnkUK8Lx8pAfM6hCmNUAR1QQrNhcE4QF1VkhniCBsNJlFXQJ65/C/0mnbDkVq3xXLTavV3XkwRk4ByXggBpoglvQAm2AwQw8gmfwYiTGk/FqvC1Hc8Zq5xT8gPH+BTjZlA8=</latexit>

Under-sampled
k-space Ground-truth

CNN DC

Repeat  N1 times

x̂(i)
<latexit sha1_base64="CTZYb/daKZcQri5fsIw6Zbq9HWg=">AAAB/3icdVDLSsNAFJ34rPUVFdy4GSxC3YSkrbTdFd24rGAf0MQymU7aoZMHMxOxxCz8FTcuFHHrb7jzb5z0ASp6YOBwzr3cM8eNGBXSND+1peWV1bX13EZ+c2t7Z1ff22+LMOaYtHDIQt51kSCMBqQlqWSkG3GCfJeRjju+yPzOLeGChsG1nETE8dEwoB7FSCqprx/aIyQT20dy5HrJXZreJEV6mvb1gmnU6+VKrQpn5GxBqhVoGeYUBTBHs69/2IMQxz4JJGZIiJ5lRtJJEJcUM5Lm7ViQCOExGpKeogHyiXCSaf4UnihlAL2QqxdIOFW/byTIF2Liu2oyCyp+e5n4l9eLpVdzEhpEsSQBnh3yYgZlCLMy4IBygiWbKIIwpyorxCPEEZaqsrwqYfFT+D9plwyrbJSuKoXG+byOHDgCx6AILFAFDXAJmqAFMLgHj+AZvGgP2pP2qr3NRpe0+c4B+AHt/Qson5bb</latexit>

Loss metric

???

What to do when there is no ground-truth data?

Stella Yu
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Noise2Noise1

CNN with SURE2,3

Deep Image Prior4,5

Convolutional sparse coding6

…
…

Challenge
What to do when there is no ground-truth data?

[1] J Lehtinen, ICML 2018. [2] S Soltanayev, NIPS 2018. [3] A Metzler, arXiv 2018. [4] D Ulyanov, CVPR 2018. [5] D Van Veen, arXiv 2018. [6] F Ong, ISMRM 2018

min
w

||y �AGw(z)||2
<latexit sha1_base64="OTOC9RoH+RO6V6XpeR/NoGd/qm4="></latexit>

Generator network
random vector z
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Goal

Learn network parameters directly from under-sampled data
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Approach

y(1)
<latexit sha1_base64="da0ShEmu1V7z6Y+pHZ7b41lC/v0=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPScm5TIdm0bYajUq1XoNLcrUmtSp0LHuBIlihNTQ/BqMQxwHhCjMkZd+xI+UmSCiKGUkLg1iSCOEpGpO+phwFRLrJInkKL7Qygn4o9OMKLtTvGwkKpJwHnp7McsrfXib+5fVj5dfdhPIoVoTj5SE/ZlCFMKsBjqggWLG5JggLqrNCPEECYaXLKugS1j+F/5NO2XIqVvmuWmxer+rIgzNwDkrAATXQBLegBdoAgxl4BM/gxUiMJ+PVeFuO5ozVzin4AeP9C+N6k9c=</latexit>

y(N)
<latexit sha1_base64="UNHL2UKLFsDDg3rmeoek5H9mMmo=">AAAB+XicdVDLSsNAFJ34rPUVdelmsAh1E9KHtN0V3biSCvYBbSyT6aQdOpmEmUkhhPyJGxeKuPVP3Pk3TvoAFT0wcDjnXu6Z44aMSmXbn8ba+sbm1nZuJ7+7t39waB4dd2QQCUzaOGCB6LlIEkY5aSuqGOmFgiDfZaTrTq8zvzsjQtKA36s4JI6Pxpx6FCOlpaFpDnykJq6XxOlDUry9SIdmwbYajUq1XoMLcrkitSosWfYcBbBEa2h+DEYBjnzCFWZIyn7JDpWTIKEoZiTNDyJJQoSnaEz6mnLkE+kk8+QpPNfKCHqB0I8rOFe/byTIlzL2XT2Z5ZS/vUz8y+tHyqs7CeVhpAjHi0NexKAKYFYDHFFBsGKxJggLqrNCPEECYaXLyusSVj+F/5NO2SpVrPJdtdC8WtaRA6fgDBRBCdRAE9yAFmgDDGbgETyDFyMxnoxX420xumYsd07ADxjvXw+3k/Q=</latexit>

y(i)
<latexit sha1_base64="w5AfClOYz1vpBCwm3aW8rQCwmSc=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPSYlepkOzaFuNRqVar8EluVqTWhU6lr1AEazQGpofg1GI44BwhRmSsu/YkXITJBTFjKSFQSxJhPAUjUlfU44CIt1kkTyFF1oZQT8U+nEFF+r3jQQFUs4DT09mOeVvLxP/8vqx8utuQnkUK8Lx8pAfM6hCmNUAR1QQrNhcE4QF1VkhniCBsNJlFXQJ65/C/0mnbDkVq3xXLTavV3XkwRk4ByXggBpoglvQAm2AwQw8gmfwYiTGk/FqvC1Hc8Zq5xT8gPH+BTjZlA8=</latexit>

Under-sampled
k-space

CNN DC

Repeat  N1 times

x̂(i)
<latexit sha1_base64="CTZYb/daKZcQri5fsIw6Zbq9HWg=">AAAB/3icdVDLSsNAFJ34rPUVFdy4GSxC3YSkrbTdFd24rGAf0MQymU7aoZMHMxOxxCz8FTcuFHHrb7jzb5z0ASp6YOBwzr3cM8eNGBXSND+1peWV1bX13EZ+c2t7Z1ff22+LMOaYtHDIQt51kSCMBqQlqWSkG3GCfJeRjju+yPzOLeGChsG1nETE8dEwoB7FSCqprx/aIyQT20dy5HrJXZreJEV6mvb1gmnU6+VKrQpn5GxBqhVoGeYUBTBHs69/2IMQxz4JJGZIiJ5lRtJJEJcUM5Lm7ViQCOExGpKeogHyiXCSaf4UnihlAL2QqxdIOFW/byTIF2Liu2oyCyp+e5n4l9eLpVdzEhpEsSQBnh3yYgZlCLMy4IBygiWbKIIwpyorxCPEEZaqsrwqYfFT+D9plwyrbJSuKoXG+byOHDgCx6AILFAFDXAJmqAFMLgHj+AZvGgP2pP2qr3NRpe0+c4B+AHt/Qson5bb</latexit>

A(i)
<latexit sha1_base64="qSjkWGiG7Y08Nc8I431wCyO4o5o=">AAAB+HicbVDLSsNAFL3xWeujUZduBotQNyWpgi6rblxWsA9oY5lMJ+3QySTMTIQa+iVuXCji1k9x5984abPQ1gMDh3Pu5Z45fsyZ0o7zba2srq1vbBa2its7u3sle/+gpaJEEtokEY9kx8eKciZoUzPNaSeWFIc+p21/fJP57UcqFYvEvZ7E1AvxULCAEayN1LdLvRDrkR+gq4e0wk6nfbvsVJ0Z0DJxc1KGHI2+/dUbRCQJqdCEY6W6rhNrL8VSM8LptNhLFI0xGeMh7RoqcEiVl86CT9GJUQYoiKR5QqOZ+nsjxaFSk9A3k1lMtehl4n9eN9HBpZcyESeaCjI/FCQc6QhlLaABk5RoPjEEE8lMVkRGWGKiTVdFU4K7+OVl0qpV3bNq7e68XL/O6yjAERxDBVy4gDrcQgOaQCCBZ3iFN+vJerHerY/56IqV7xzCH1ifP8kCkoQ=</latexit>

Loss metric

L
⇣
A(i)x̂(i),y(i)

⌘

<latexit sha1_base64="d4d/Rr+6F133NbQnBQET6Ha5JCs="></latexit>

Update weights

Impose loss directly on measured data1,2

[1] D Van Veen, arXiv 2018. [2] F Ong, ISMRM 2018
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[1] D Van Veen, arXiv 2018. [2] F Ong, ISMRM 2018

Approach

y(1)
<latexit sha1_base64="da0ShEmu1V7z6Y+pHZ7b41lC/v0=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPScm5TIdm0bYajUq1XoNLcrUmtSp0LHuBIlihNTQ/BqMQxwHhCjMkZd+xI+UmSCiKGUkLg1iSCOEpGpO+phwFRLrJInkKL7Qygn4o9OMKLtTvGwkKpJwHnp7McsrfXib+5fVj5dfdhPIoVoTj5SE/ZlCFMKsBjqggWLG5JggLqrNCPEECYaXLKugS1j+F/5NO2XIqVvmuWmxer+rIgzNwDkrAATXQBLegBdoAgxl4BM/gxUiMJ+PVeFuO5ozVzin4AeP9C+N6k9c=</latexit>

y(N)
<latexit sha1_base64="UNHL2UKLFsDDg3rmeoek5H9mMmo=">AAAB+XicdVDLSsNAFJ34rPUVdelmsAh1E9KHtN0V3biSCvYBbSyT6aQdOpmEmUkhhPyJGxeKuPVP3Pk3TvoAFT0wcDjnXu6Z44aMSmXbn8ba+sbm1nZuJ7+7t39waB4dd2QQCUzaOGCB6LlIEkY5aSuqGOmFgiDfZaTrTq8zvzsjQtKA36s4JI6Pxpx6FCOlpaFpDnykJq6XxOlDUry9SIdmwbYajUq1XoMLcrkitSosWfYcBbBEa2h+DEYBjnzCFWZIyn7JDpWTIKEoZiTNDyJJQoSnaEz6mnLkE+kk8+QpPNfKCHqB0I8rOFe/byTIlzL2XT2Z5ZS/vUz8y+tHyqs7CeVhpAjHi0NexKAKYFYDHFFBsGKxJggLqrNCPEECYaXLyusSVj+F/5NO2SpVrPJdtdC8WtaRA6fgDBRBCdRAE9yAFmgDDGbgETyDFyMxnoxX420xumYsd07ADxjvXw+3k/Q=</latexit>

y(i)
<latexit sha1_base64="w5AfClOYz1vpBCwm3aW8rQCwmSc=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPSYlepkOzaFuNRqVar8EluVqTWhU6lr1AEazQGpofg1GI44BwhRmSsu/YkXITJBTFjKSFQSxJhPAUjUlfU44CIt1kkTyFF1oZQT8U+nEFF+r3jQQFUs4DT09mOeVvLxP/8vqx8utuQnkUK8Lx8pAfM6hCmNUAR1QQrNhcE4QF1VkhniCBsNJlFXQJ65/C/0mnbDkVq3xXLTavV3XkwRk4ByXggBpoglvQAm2AwQw8gmfwYiTGk/FqvC1Hc8Zq5xT8gPH+BTjZlA8=</latexit>

k-space

Loss metric

A(i)
<latexit sha1_base64="qSjkWGiG7Y08Nc8I431wCyO4o5o=">AAAB+HicbVDLSsNAFL3xWeujUZduBotQNyWpgi6rblxWsA9oY5lMJ+3QySTMTIQa+iVuXCji1k9x5984abPQ1gMDh3Pu5Z45fsyZ0o7zba2srq1vbBa2its7u3sle/+gpaJEEtokEY9kx8eKciZoUzPNaSeWFIc+p21/fJP57UcqFYvEvZ7E1AvxULCAEayN1LdLvRDrkR+gq4e0wk6nfbvsVJ0Z0DJxc1KGHI2+/dUbRCQJqdCEY6W6rhNrL8VSM8LptNhLFI0xGeMh7RoqcEiVl86CT9GJUQYoiKR5QqOZ+nsjxaFSk9A3k1lMtehl4n9eN9HBpZcyESeaCjI/FCQc6QhlLaABk5RoPjEEE8lMVkRGWGKiTVdFU4K7+OVl0qpV3bNq7e68XL/O6yjAERxDBVy4gDrcQgOaQCCBZ3iFN+vJerHerY/56IqV7xzCH1ifP8kCkoQ=</latexit> L

⇣
A(i)x̂(i),y(i)

⌘

<latexit sha1_base64="d4d/Rr+6F133NbQnBQET6Ha5JCs="></latexit>

Impose loss directly on measured data1,2

Update weights

CNN DC

Repeat  N1 times

y
<latexit sha1_base64="ceqEUyhvEIiPXiXeyjDTF/IAWPA=">AAAB8HicdVDLSgMxFL1TX7W+qi7dBIvgaphpK627ohuXFexD2qFk0kwbmswMSUYYSr/CjQtF3Po57vwbM32Aih4IHM65l5x7/JgzpR3n08qtrW9sbuW3Czu7e/sHxcOjtooSSWiLRDySXR8ryllIW5ppTruxpFj4nHb8yXXmdx6oVCwK73QaU0/gUcgCRrA20n1fYD32A5QOiiXHvqw7lYsaWpDyilSryLWdOUqwRHNQ/OgPI5IIGmrCsVI914m1N8VSM8LprNBPFI0xmeAR7RkaYkGVN50HnqEzowxREEnzQo3m6veNKRZKpcI3k1lA9dvLxL+8XqKDujdlYZxoGpLFR0HCkY5Qdj0aMkmJ5qkhmEhmsiIyxhITbToqmBJWl6L/SbtsuxW7fFstNa6WdeThBE7hHFyoQQNuoAktICDgEZ7hxZLWk/VqvS1Gc9Zy5xh+wHr/AhCzkJg=</latexit>

x̂
<latexit sha1_base64="YHgx7PBhMcwzyBTaAl8nSVBs2E4=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwFZK20nZXdOOygn1AE8pkOmmHTiZhZlIsIX/ixoUibv0Td/6Nkz5ARQ8MHM65l3vm+DGjUtn2p1HY2Nza3inulvb2Dw6PzOOTrowSgUkHRywSfR9JwignHUUVI/1YEBT6jPT86U3u92ZESBrxezWPiReiMacBxUhpaWia7gSp1A2RmvhB+pBlQ7NsW81mtdaowyW5WpN6DTqWvUAZrNAemh/uKMJJSLjCDEk5cOxYeSkSimJGspKbSBIjPEVjMtCUo5BIL10kz+CFVkYwiIR+XMGF+n0jRaGU89DXk3lE+dvLxb+8QaKChpdSHieKcLw8FCQMqgjmNcARFQQrNtcEYUF1VognSCCsdFklXcL6p/B/0q1YTtWq3NXKretVHUVwBs7BJXBAHbTALWiDDsBgBh7BM3gxUuPJeDXelqMFY7VzCn7AeP8C+yGUjw==</latexit>

⌘ fw(y)
<latexit sha1_base64="hX04zI+TM/HqIzeBaxBLe2Z3Epc=">AAACCHicdZDLSsNAFIYn9VbrrerShYNFqJuQtJW2u6IblxXsBZoQJtNJO3RycWZSKSFLN76KGxeKuPUR3Pk2Tm+goj8MfPznHOac340YFdIwPrXMyura+kZ2M7e1vbO7l98/aIsw5pi0cMhC3nWRIIwGpCWpZKQbcYJ8l5GOO7qc1jtjwgUNgxs5iYjto0FAPYqRVJaTP7bIbUzH0HMsH8mh6yV3aXGJk/TMyRcMvV4vV2pVOIfzJVQr0NSNmQpgoaaT/7D6IY59EkjMkBA904iknSAuKWYkzVmxIBHCIzQgPYUB8omwk9khKTxVTh96IVcvkHDmfp9IkC/ExHdV53RF8bs2Nf+q9WLp1eyEBlEsSYDnH3kxgzKE01Rgn3KCJZsoQJhTtSvEQ8QRliq7nApheSn8H9ol3SzrpetKoXGxiCMLjsAJKAITVEEDXIEmaAEM7sEjeAYv2oP2pL1qb/PWjLaYOQQ/pL1/AeIpmo4=</latexit>
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[1] D Van Veen, arXiv 2018. [2] F Ong, ISMRM 2018

Approach

y(1)
<latexit sha1_base64="da0ShEmu1V7z6Y+pHZ7b41lC/v0=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPScm5TIdm0bYajUq1XoNLcrUmtSp0LHuBIlihNTQ/BqMQxwHhCjMkZd+xI+UmSCiKGUkLg1iSCOEpGpO+phwFRLrJInkKL7Qygn4o9OMKLtTvGwkKpJwHnp7McsrfXib+5fVj5dfdhPIoVoTj5SE/ZlCFMKsBjqggWLG5JggLqrNCPEECYaXLKugS1j+F/5NO2XIqVvmuWmxer+rIgzNwDkrAATXQBLegBdoAgxl4BM/gxUiMJ+PVeFuO5ozVzin4AeP9C+N6k9c=</latexit>

y(N)
<latexit sha1_base64="UNHL2UKLFsDDg3rmeoek5H9mMmo=">AAAB+XicdVDLSsNAFJ34rPUVdelmsAh1E9KHtN0V3biSCvYBbSyT6aQdOpmEmUkhhPyJGxeKuPVP3Pk3TvoAFT0wcDjnXu6Z44aMSmXbn8ba+sbm1nZuJ7+7t39waB4dd2QQCUzaOGCB6LlIEkY5aSuqGOmFgiDfZaTrTq8zvzsjQtKA36s4JI6Pxpx6FCOlpaFpDnykJq6XxOlDUry9SIdmwbYajUq1XoMLcrkitSosWfYcBbBEa2h+DEYBjnzCFWZIyn7JDpWTIKEoZiTNDyJJQoSnaEz6mnLkE+kk8+QpPNfKCHqB0I8rOFe/byTIlzL2XT2Z5ZS/vUz8y+tHyqs7CeVhpAjHi0NexKAKYFYDHFFBsGKxJggLqrNCPEECYaXLyusSVj+F/5NO2SpVrPJdtdC8WtaRA6fgDBRBCdRAE9yAFmgDDGbgETyDFyMxnoxX420xumYsd07ADxjvXw+3k/Q=</latexit>

y(i)
<latexit sha1_base64="w5AfClOYz1vpBCwm3aW8rQCwmSc=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPSYlepkOzaFuNRqVar8EluVqTWhU6lr1AEazQGpofg1GI44BwhRmSsu/YkXITJBTFjKSFQSxJhPAUjUlfU44CIt1kkTyFF1oZQT8U+nEFF+r3jQQFUs4DT09mOeVvLxP/8vqx8utuQnkUK8Lx8pAfM6hCmNUAR1QQrNhcE4QF1VkhniCBsNJlFXQJ65/C/0mnbDkVq3xXLTavV3XkwRk4ByXggBpoglvQAm2AwQw8gmfwYiTGk/FqvC1Hc8Zq5xT8gPH+BTjZlA8=</latexit>

k-space

Loss metric

A(i)
<latexit sha1_base64="qSjkWGiG7Y08Nc8I431wCyO4o5o=">AAAB+HicbVDLSsNAFL3xWeujUZduBotQNyWpgi6rblxWsA9oY5lMJ+3QySTMTIQa+iVuXCji1k9x5984abPQ1gMDh3Pu5Z45fsyZ0o7zba2srq1vbBa2its7u3sle/+gpaJEEtokEY9kx8eKciZoUzPNaSeWFIc+p21/fJP57UcqFYvEvZ7E1AvxULCAEayN1LdLvRDrkR+gq4e0wk6nfbvsVJ0Z0DJxc1KGHI2+/dUbRCQJqdCEY6W6rhNrL8VSM8LptNhLFI0xGeMh7RoqcEiVl86CT9GJUQYoiKR5QqOZ+nsjxaFSk9A3k1lMtehl4n9eN9HBpZcyESeaCjI/FCQc6QhlLaABk5RoPjEEE8lMVkRGWGKiTVdFU4K7+OVl0qpV3bNq7e68XL/O6yjAERxDBVy4gDrcQgOaQCCBZ3iFN+vJerHerY/56IqV7xzCH1ifP8kCkoQ=</latexit> L

⇣
A(i)x̂(i),y(i)

⌘

<latexit sha1_base64="d4d/Rr+6F133NbQnBQET6Ha5JCs="></latexit>

Impose loss directly on measured data1,2

Update weights

min
w

||y �Ax̂||2

subject to x̂ = fw(y)
<latexit sha1_base64="8Sp6AavtYWVbed+n3IZy+EjkwUY="></latexit>
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[1] D Van Veen, arXiv 2018. [2] F Ong, ISMRM 2018

Approach

y(1)
<latexit sha1_base64="da0ShEmu1V7z6Y+pHZ7b41lC/v0=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPScm5TIdm0bYajUq1XoNLcrUmtSp0LHuBIlihNTQ/BqMQxwHhCjMkZd+xI+UmSCiKGUkLg1iSCOEpGpO+phwFRLrJInkKL7Qygn4o9OMKLtTvGwkKpJwHnp7McsrfXib+5fVj5dfdhPIoVoTj5SE/ZlCFMKsBjqggWLG5JggLqrNCPEECYaXLKugS1j+F/5NO2XIqVvmuWmxer+rIgzNwDkrAATXQBLegBdoAgxl4BM/gxUiMJ+PVeFuO5ozVzin4AeP9C+N6k9c=</latexit>

y(N)
<latexit sha1_base64="UNHL2UKLFsDDg3rmeoek5H9mMmo=">AAAB+XicdVDLSsNAFJ34rPUVdelmsAh1E9KHtN0V3biSCvYBbSyT6aQdOpmEmUkhhPyJGxeKuPVP3Pk3TvoAFT0wcDjnXu6Z44aMSmXbn8ba+sbm1nZuJ7+7t39waB4dd2QQCUzaOGCB6LlIEkY5aSuqGOmFgiDfZaTrTq8zvzsjQtKA36s4JI6Pxpx6FCOlpaFpDnykJq6XxOlDUry9SIdmwbYajUq1XoMLcrkitSosWfYcBbBEa2h+DEYBjnzCFWZIyn7JDpWTIKEoZiTNDyJJQoSnaEz6mnLkE+kk8+QpPNfKCHqB0I8rOFe/byTIlzL2XT2Z5ZS/vUz8y+tHyqs7CeVhpAjHi0NexKAKYFYDHFFBsGKxJggLqrNCPEECYaXLyusSVj+F/5NO2SpVrPJdtdC8WtaRA6fgDBRBCdRAE9yAFmgDDGbgETyDFyMxnoxX420xumYsd07ADxjvXw+3k/Q=</latexit>

y(i)
<latexit sha1_base64="w5AfClOYz1vpBCwm3aW8rQCwmSc=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0Wom5C0lba7ohuXFewD2lgm00k7dDIJM5NCCfkTNy4UceufuPNvnPQBKnpg4HDOvdwzx4sYlcq2P43cxubW9k5+t7C3f3B4ZB6fdGQYC0zaOGSh6HlIEkY5aSuqGOlFgqDAY6TrTW8yvzsjQtKQ36t5RNwAjTn1KUZKS0PTHARITTw/macPSYlepkOzaFuNRqVar8EluVqTWhU6lr1AEazQGpofg1GI44BwhRmSsu/YkXITJBTFjKSFQSxJhPAUjUlfU44CIt1kkTyFF1oZQT8U+nEFF+r3jQQFUs4DT09mOeVvLxP/8vqx8utuQnkUK8Lx8pAfM6hCmNUAR1QQrNhcE4QF1VkhniCBsNJlFXQJ65/C/0mnbDkVq3xXLTavV3XkwRk4ByXggBpoglvQAm2AwQw8gmfwYiTGk/FqvC1Hc8Zq5xT8gPH+BTjZlA8=</latexit>

k-space

Loss metric

A(i)
<latexit sha1_base64="qSjkWGiG7Y08Nc8I431wCyO4o5o=">AAAB+HicbVDLSsNAFL3xWeujUZduBotQNyWpgi6rblxWsA9oY5lMJ+3QySTMTIQa+iVuXCji1k9x5984abPQ1gMDh3Pu5Z45fsyZ0o7zba2srq1vbBa2its7u3sle/+gpaJEEtokEY9kx8eKciZoUzPNaSeWFIc+p21/fJP57UcqFYvEvZ7E1AvxULCAEayN1LdLvRDrkR+gq4e0wk6nfbvsVJ0Z0DJxc1KGHI2+/dUbRCQJqdCEY6W6rhNrL8VSM8LptNhLFI0xGeMh7RoqcEiVl86CT9GJUQYoiKR5QqOZ+nsjxaFSk9A3k1lMtehl4n9eN9HBpZcyESeaCjI/FCQc6QhlLaABk5RoPjEEE8lMVkRGWGKiTVdFU4K7+OVl0qpV3bNq7e68XL/O6yjAERxDBVy4gDrcQgOaQCCBZ3iFN+vJerHerY/56IqV7xzCH1ifP8kCkoQ=</latexit> L

⇣
A(i)x̂(i),y(i)

⌘

<latexit sha1_base64="d4d/Rr+6F133NbQnBQET6Ha5JCs="></latexit>

Training on N data sets

Update weights

How to design f

min
w

NX

i=1

||y(i) �A(i)x̂(i)||2

subject to x̂(i) = fw
⇣
y(i)

⌘

<latexit sha1_base64="IdHCLQUIV5D9ooOH9Ht4ivg8xKQ="></latexit>
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• Combine MoDL1 regularization with basis pursuit denoising2

Deep Basis Pursuit (DBP)

[1] HK Aggarwal, IEEE TMI 2019. [2] S Chen, Stanford technical report.

Known noise level

Nw(x) = x�Rw(x)
<latexit sha1_base64="D0nvq/TSBDR7fuzljVvLuHpTXcg="></latexit>

Estimates noise and aliasingmin
x

1

2
||Nw(x)||22

subject to ||y �Ax||2  ✏
<latexit sha1_base64="xvzUGYMQ2c8IWaWchyMHdqvjdCY="></latexit>

fw(y)
<latexit sha1_base64="fBtb0k1i3IsKjixN6yQeeW1xUzQ=">AAACAXicdZDLSsNAFIYn9VbrrepGcDNYhLoJSWppl0U3LivYC7SlTKaTduhkEmYmSghx46u4caGIW9/CnW/jpBdQ0R8GPv5zDnPO74aMSmVZn0ZuZXVtfSO/Wdja3tndK+4ftGUQCUxaOGCB6LpIEkY5aSmqGOmGgiDfZaTjTi+zeueWCEkDfqPikAx8NObUoxgpbQ2LR96w7yM1cb3kLi0vMU7PhsWSZVbrVadSgzOoVK05OHYd2qY1Uwks1BwWP/qjAEc+4QozJGXPtkI1SJBQFDOSFvqRJCHCUzQmPY0c+UQOktkFKTzVzgh6gdCPKzhzv08kyJcy9l3dma0of9cy869aL1JefZBQHkaKcDz/yIsYVAHM4oAjKghWLNaAsKB6V4gnSCCsdGgFHcLyUvg/tB3TrpjO9XmpcbGIIw+OwQkoAxvUQANcgSZoAQzuwSN4Bi/Gg/FkvBpv89acsZg5BD9kvH8BaQOXhg==</latexit>



Tamir et al., Unsupervised Deep Basis PursuitAbstract #0660 13

CNN step1

r = Rw(x)
<latexit sha1_base64="ueyt2TuNbrV8wiOdhxZyJDRkV5U=">AAACF3icbZDLSsNAFIYn9VbrLerSzWAR6iYkVdCNUHTjsoq9QBvCZDpph04uzEzUEvIWbnwVNy4Ucas738ZJGkFbfxj4+M85zDm/GzEqpGl+aaWFxaXllfJqZW19Y3NL395pizDmmLRwyELedZEgjAakJalkpBtxgnyXkY47vsjqnVvCBQ2DGzmJiO2jYUA9ipFUlqMbfR/JketBDs9gzhix5Dp1Cj+5S2s/eJ8eOnrVNMxccB6sAqqgUNPRP/uDEMc+CSRmSIieZUbSThCXFDOSVvqxIBHCYzQkPYUB8omwk/yuFB4oZwC9kKsXSJi7vycS5Asx8V3Vma0oZmuZ+V+tF0vv1E5oEMWSBHj6kRczKEOYhQQHlBMs2UQBwpyqXSEeIY6wVFFWVAjW7Mnz0K4b1pFRvzquNs6LOMpgD+yDGrDACWiAS9AELYDBA3gCL+BVe9SetTftfdpa0oqZXfBH2sc3RBmgAw==</latexit>

DBP: Alternating minimization

[1] HK Aggarwall, IEEE TMI 2019. [2] Boyd, FTML 2011.

min
x

1

2
||x�Rw(x)||22

subject to ||y �Ax||2  ✏
<latexit sha1_base64="NEFlmwg6Rftt6W/3sEirXWAvOg4="></latexit>

Repeat  N1 times

Data consistency step2

min
x,r

1

2
||x� r||22

subject to ||y �Ax||2  ✏
<latexit sha1_base64="Amrb8qrrqGBdRLyQSFVA++xsHkU="></latexit>

ADMM

Repeat  N2 times

Conjugate 
Gradient

L2 
Projection

Dual 
update

Repeat  N3 times
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Methods
Data:
• Train on 4,384 2D slices from 16 3D FSE knee scans (mridata.org)
• Validation: 2 separate scans. Test: 2 separate scans (548 slices each)
• Average 7 slices to act as noise-free ground-truth
• Apply retrospective Poisson disc1 sampling and add noise

Network:
• 5 unrolls, 2 ADMM iterations, 6 Conjugate Gradient iterations
• Denoising CNN with UNet2 (2ch real/imaginary)
• Train with Adam optimizer

Evaluation:
• DBP with and without ground-truth, MoDL with ground-truth, PICS3 (l1-wavelet)

[1] M Lustig, MRM 2007. [2] O Ronneberger, MICCAI 2015. [3] M Uecker, BART v0.4.04.

Sampling pattern
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NR
M

SE

Training epoch

Performance 
gap

NRMSE vs. training epoch

Noisier updates
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Test slice
Ground truth Supervised

DBP
Unsupervised

DBP PICS

NRMSE: 0.091369 0.067340 0.090781 0.076315

5 unrolls at training
5 unrolls at inference

MoDL
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Test slice
Ground truth Supervised

DBP
Unsupervised

DBP PICS

NRMSE: 0.095818 0.060486 0.072552 0.076315

5 unrolls at training
8 unrolls at inference

MoDL
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Test slice
Ground truth Supervised

DBP
Unsupervised

DBP PICS

NRMSE: 0.113256 0.067340 0.068922 0.076315

5 unrolls at training
10 unrolls at inference

MoDL
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Test set error
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NRMSE on test set
NR

M
SE

Supervised
DBP

5 unrolls

Unsupervised
DBP

5 unrolls

Unsupervised
DBP

10 unrolls
PICS
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Ground truth MoDL Supervised DBP Unsupervised DBP PICS

NRMSE: 0.089965 0.060977 0.072900 0.079406

Abs Error 
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Test slice
Ground truth MoDL Supervised

DBP
Unsupervised

DBP PICS

NRMSE: 0.089965 0.060977 0.072900 0.079406



Tamir et al., Unsupervised Deep Basis PursuitAbstract #0660 23

Iteration progress
CNN DC CNN DC CNN DC CNN DC

MoDL Supervised DBP Unsupervised DBP

A⇤y
<latexit sha1_base64="RQj73ozY4nfGdMMb16syD/Gxa/o=">AAAB/3icdVDLSgMxFM34rPU1KrhxEyyCuBimM7Wtu6oblxXsA9paMmmmDc1khiQjlHEW/oobF4q49Tfc+TemL1DRA4HDOfdyT44XMSqVbX8aC4tLyyurmbXs+sbm1ra5s1uXYSwwqeGQhaLpIUkY5aSmqGKkGQmCAo+Rhje8HPuNOyIkDfmNGkWkE6A+pz7FSGmpa+63A6QGnp+cp7cncz5Ku2bOtuxSuVwoQtsqOm7ZLmhy5rjuqQPzlj1BDsxQ7Zof7V6I44BwhRmSspW3I9VJkFAUM5Jm27EkEcJD1CctTTkKiOwkk/wpPNJKD/qh0I8rOFG/byQokHIUeHpynFD+9sbiX14rVn65k1AexYpwPD3kxwyqEI7LgD0qCFZspAnCguqsEA+QQFjpyrK6hPlP4f+k7lh513KuC7nKxayODDgAh+AY5EEJVMAVqIIawOAePIJn8GI8GE/Gq/E2HV0wZjt74AeM9y/aF5ap</latexit>

…
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Iteration progress
CNN DC CNN DC CNN DC CNN DC

MoDL Supervised DBP Unsupervised DBP

CNN 1
… CNN DC



Tamir et al., Unsupervised Deep Basis PursuitAbstract #0660 25

Iteration progress
CNN DC CNN DC CNN DC CNN DC

MoDL Supervised DBP Unsupervised DBP

DC 1
… CNN DC
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Iteration progress
CNN DC CNN DC CNN DC CNN DC

MoDL Supervised DBP Unsupervised DBP

CNN 2
… CNN DC
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Iteration progress
CNN DC CNN DC CNN DC CNN DC

MoDL Supervised DBP Unsupervised DBP

DC 2
… CNN DC
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Iteration progress
CNN DC CNN DC CNN DC CNN DC

MoDL Supervised DBP Unsupervised DBP

DC 5
… CNN DC
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Iteration progress
CNN DC CNN DC CNN DC CNN DC

MoDL Supervised DBP Unsupervised DBP

CNN 9
… CNN DC
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Iteration progress
CNN DC CNN DC CNN DC CNN DC

MoDL Supervised DBP Unsupervised DBP

DC 10
… CNN DC
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Conclusion
Unsupervised training across under-sampled data:
ü Promising alternative when no ground-truth available
✕ Performance cost relative to supervised approach

Deep Basis Pursuit formulation:
• Takes advantage of known noise statistics
• Robust to number of unrolls
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