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Introduction to  
Convolutional Neural Networks 
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Image Source: 
twitter.com%2Fcats&psig=AOvVaw30_o-PCM-
K21DiMAJQimQ4&ust=1553887775741551

Image Source: https://www.pinterest.com/pin/
244742560974520446

output

p(y=cat)

CNNs for Image Classification
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Cao, Wenzhi, Vahid Mirjalili, and Sebastian Raschka. "Consistent Rank Logits for Ordinal Regression with 
Convolutional Neural Networks." arXiv preprint arXiv:1901.07884 (2019).

Consistent Rank Logits (CORAL) CNN for Ordinal Regression
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b1
<latexit sha1_base64="oxRwFKiWcKO5u9w5ICndUHjxWWI=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYew7/fdqlfz5iKr4BdQhUKNvvvVGyQsi7lCJqkxXd9LMcipRsEkn1Z6meEpZWM65F2LisbcBPl81Sk5s86ARIm2TyGZu78nchobM4lD2xlTHJnl2sz8r9bNMLoOcqHSDLlii4+iTBJMyOxuMhCaM5QTC5RpYXclbEQ1ZWjTqdgQ/OWTV6F1UfMt319W6zdFHGU4gVM4Bx+uoA530IAmMBjCM7zCmyOdF+fd+Vi0lpxi5hj+yPn8AeofjYo=</latexit><latexit sha1_base64="oxRwFKiWcKO5u9w5ICndUHjxWWI=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYew7/fdqlfz5iKr4BdQhUKNvvvVGyQsi7lCJqkxXd9LMcipRsEkn1Z6meEpZWM65F2LisbcBPl81Sk5s86ARIm2TyGZu78nchobM4lD2xlTHJnl2sz8r9bNMLoOcqHSDLlii4+iTBJMyOxuMhCaM5QTC5RpYXclbEQ1ZWjTqdgQ/OWTV6F1UfMt319W6zdFHGU4gVM4Bx+uoA530IAmMBjCM7zCmyOdF+fd+Vi0lpxi5hj+yPn8AeofjYo=</latexit><latexit sha1_base64="oxRwFKiWcKO5u9w5ICndUHjxWWI=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYew7/fdqlfz5iKr4BdQhUKNvvvVGyQsi7lCJqkxXd9LMcipRsEkn1Z6meEpZWM65F2LisbcBPl81Sk5s86ARIm2TyGZu78nchobM4lD2xlTHJnl2sz8r9bNMLoOcqHSDLlii4+iTBJMyOxuMhCaM5QTC5RpYXclbEQ1ZWjTqdgQ/OWTV6F1UfMt319W6zdFHGU4gVM4Bx+uoA530IAmMBjCM7zCmyOdF+fd+Vi0lpxi5hj+yPn8AeofjYo=</latexit><latexit sha1_base64="oxRwFKiWcKO5u9w5ICndUHjxWWI=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTNdtMu3WzC7kQooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5hKYdDzvp3S2vrG5lZ5u7Kzu7d/4B4etUySacabLJGJ7oTUcCkUb6JAyTup5jQOJW+H49tZvf3EtRGJesRJyoOYDpWIBKNorYew7/fdqlfz5iKr4BdQhUKNvvvVGyQsi7lCJqkxXd9LMcipRsEkn1Z6meEpZWM65F2LisbcBPl81Sk5s86ARIm2TyGZu78nchobM4lD2xlTHJnl2sz8r9bNMLoOcqHSDLlii4+iTBJMyOxuMhCaM5QTC5RpYXclbEQ1ZWjTqdgQ/OWTV6F1UfMt319W6zdFHGU4gVM4Bx+uoA530IAmMBjCM7zCmyOdF+fd+Vi0lpxi5hj+yPn8AeofjYo=</latexit>

b2
<latexit sha1_base64="KmwIREzjRQ4yYecphZP2rZMfohI=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOESvNYPpppgn5ER5KHnFFjrYdgUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasJrP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSuMmj6MIZ3AOl+BBHRpwB01oAYMRPMMrvDnCeXHenY9la8HJZ07hj5zPH+ujjYs=</latexit><latexit sha1_base64="KmwIREzjRQ4yYecphZP2rZMfohI=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOESvNYPpppgn5ER5KHnFFjrYdgUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasJrP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSuMmj6MIZ3AOl+BBHRpwB01oAYMRPMMrvDnCeXHenY9la8HJZ07hj5zPH+ujjYs=</latexit><latexit sha1_base64="KmwIREzjRQ4yYecphZP2rZMfohI=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOESvNYPpppgn5ER5KHnFFjrYdgUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasJrP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSuMmj6MIZ3AOl+BBHRpwB01oAYMRPMMrvDnCeXHenY9la8HJZ07hj5zPH+ujjYs=</latexit><latexit sha1_base64="KmwIREzjRQ4yYecphZP2rZMfohI=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lA220m7dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqWLYYrGIVTegGgWX2DLcCOwmCmkUCOwEk9t5vfOESvNYPpppgn5ER5KHnFFjrYdgUBuUK27VXYisg5dDBXI1B+Wv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYsShqh9rPFqjNyYZ0hCWNlnzRk4f6eyGik9TQKbGdEzViv1ubmf7VeasJrP+MySQ1KtvwoTAUxMZnfTYZcITNiaoEyxe2uhI2poszYdEo2BG/15HVo16qe5furSuMmj6MIZ3AOl+BBHRpwB01oAYMRPMMrvDnCeXHenY9la8HJZ07hj5zPH+ujjYs=</latexit>

w1
<latexit sha1_base64="ozSIzVA/SGXegmac4XRXthOpvw0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjRfsBbSib7aZdutmE3YlSQn+CFw+KePUXefPfuG1z0NYXFh7emWFn3iCRwqDrfjuFtfWNza3idmlnd2//oHx41DJxqhlvsljGuhNQw6VQvIkCJe8kmtMokLwdjG9m9fYj10bE6gEnCfcjOlQiFIyite6f+l6/XHGr7lxkFbwcKpCr0S9/9QYxSyOukElqTNdzE/QzqlEwyaelXmp4QtmYDnnXoqIRN342X3VKzqwzIGGs7VNI5u7viYxGxkyiwHZGFEdmuTYz/6t1Uwyv/EyoJEWu2OKjMJUEYzK7mwyE5gzlxAJlWthdCRtRTRnadEo2BG/55FVoXVQ9y3eXlfp1HkcRTuAUzsGDGtThFhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzmfPwosjZ8=</latexit><latexit sha1_base64="ozSIzVA/SGXegmac4XRXthOpvw0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjRfsBbSib7aZdutmE3YlSQn+CFw+KePUXefPfuG1z0NYXFh7emWFn3iCRwqDrfjuFtfWNza3idmlnd2//oHx41DJxqhlvsljGuhNQw6VQvIkCJe8kmtMokLwdjG9m9fYj10bE6gEnCfcjOlQiFIyite6f+l6/XHGr7lxkFbwcKpCr0S9/9QYxSyOukElqTNdzE/QzqlEwyaelXmp4QtmYDnnXoqIRN342X3VKzqwzIGGs7VNI5u7viYxGxkyiwHZGFEdmuTYz/6t1Uwyv/EyoJEWu2OKjMJUEYzK7mwyE5gzlxAJlWthdCRtRTRnadEo2BG/55FVoXVQ9y3eXlfp1HkcRTuAUzsGDGtThFhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzmfPwosjZ8=</latexit><latexit sha1_base64="ozSIzVA/SGXegmac4XRXthOpvw0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjRfsBbSib7aZdutmE3YlSQn+CFw+KePUXefPfuG1z0NYXFh7emWFn3iCRwqDrfjuFtfWNza3idmlnd2//oHx41DJxqhlvsljGuhNQw6VQvIkCJe8kmtMokLwdjG9m9fYj10bE6gEnCfcjOlQiFIyite6f+l6/XHGr7lxkFbwcKpCr0S9/9QYxSyOukElqTNdzE/QzqlEwyaelXmp4QtmYDnnXoqIRN342X3VKzqwzIGGs7VNI5u7viYxGxkyiwHZGFEdmuTYz/6t1Uwyv/EyoJEWu2OKjMJUEYzK7mwyE5gzlxAJlWthdCRtRTRnadEo2BG/55FVoXVQ9y3eXlfp1HkcRTuAUzsGDGtThFhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzmfPwosjZ8=</latexit><latexit sha1_base64="ozSIzVA/SGXegmac4XRXthOpvw0=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FQSEeqx6MVjRfsBbSib7aZdutmE3YlSQn+CFw+KePUXefPfuG1z0NYXFh7emWFn3iCRwqDrfjuFtfWNza3idmlnd2//oHx41DJxqhlvsljGuhNQw6VQvIkCJe8kmtMokLwdjG9m9fYj10bE6gEnCfcjOlQiFIyite6f+l6/XHGr7lxkFbwcKpCr0S9/9QYxSyOukElqTNdzE/QzqlEwyaelXmp4QtmYDnnXoqIRN342X3VKzqwzIGGs7VNI5u7viYxGxkyiwHZGFEdmuTYz/6t1Uwyv/EyoJEWu2OKjMJUEYzK7mwyE5gzlxAJlWthdCRtRTRnadEo2BG/55FVoXVQ9y3eXlfp1HkcRTuAUzsGDGtThFhrQBAZDeIZXeHOk8+K8Ox+L1oKTzxzDHzmfPwosjZ8=</latexit>

w2
<latexit sha1_base64="sAAe226MpFncoK5AcSpzzUnkA9I=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix6MVjRfsBbSib7aZdutmE3YlSQn+CFw+KePUXefPfuG1z0NYXFh7emWFn3iCRwqDrfjuFtfWNza3idmlnd2//oHx41DJxqhlvsljGuhNQw6VQvIkCJe8kmtMokLwdjG9m9fYj10bE6gEnCfcjOlQiFIyite6f+rV+ueJW3bnIKng5VCBXo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKuRUUjbvxsvuqUnFlnQMJY26eQzN3fExmNjJlEge2MKI7Mcm1m/lfrphhe+ZlQSYpcscVHYSoJxmR2NxkIzRnKiQXKtLC7EjaimjK06ZRsCN7yyavQqlU9y3cXlfp1HkcRTuAUzsGDS6jDLTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3I+fwALsI2g</latexit><latexit sha1_base64="sAAe226MpFncoK5AcSpzzUnkA9I=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix6MVjRfsBbSib7aZdutmE3YlSQn+CFw+KePUXefPfuG1z0NYXFh7emWFn3iCRwqDrfjuFtfWNza3idmlnd2//oHx41DJxqhlvsljGuhNQw6VQvIkCJe8kmtMokLwdjG9m9fYj10bE6gEnCfcjOlQiFIyite6f+rV+ueJW3bnIKng5VCBXo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKuRUUjbvxsvuqUnFlnQMJY26eQzN3fExmNjJlEge2MKI7Mcm1m/lfrphhe+ZlQSYpcscVHYSoJxmR2NxkIzRnKiQXKtLC7EjaimjK06ZRsCN7yyavQqlU9y3cXlfp1HkcRTuAUzsGDS6jDLTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3I+fwALsI2g</latexit><latexit sha1_base64="sAAe226MpFncoK5AcSpzzUnkA9I=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix6MVjRfsBbSib7aZdutmE3YlSQn+CFw+KePUXefPfuG1z0NYXFh7emWFn3iCRwqDrfjuFtfWNza3idmlnd2//oHx41DJxqhlvsljGuhNQw6VQvIkCJe8kmtMokLwdjG9m9fYj10bE6gEnCfcjOlQiFIyite6f+rV+ueJW3bnIKng5VCBXo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKuRUUjbvxsvuqUnFlnQMJY26eQzN3fExmNjJlEge2MKI7Mcm1m/lfrphhe+ZlQSYpcscVHYSoJxmR2NxkIzRnKiQXKtLC7EjaimjK06ZRsCN7yyavQqlU9y3cXlfp1HkcRTuAUzsGDS6jDLTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3I+fwALsI2g</latexit><latexit sha1_base64="sAAe226MpFncoK5AcSpzzUnkA9I=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSIuix6MVjRfsBbSib7aZdutmE3YlSQn+CFw+KePUXefPfuG1z0NYXFh7emWFn3iCRwqDrfjuFtfWNza3idmlnd2//oHx41DJxqhlvsljGuhNQw6VQvIkCJe8kmtMokLwdjG9m9fYj10bE6gEnCfcjOlQiFIyite6f+rV+ueJW3bnIKng5VCBXo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKuRUUjbvxsvuqUnFlnQMJY26eQzN3fExmNjJlEge2MKI7Mcm1m/lfrphhe+ZlQSYpcscVHYSoJxmR2NxkIzRnKiQXKtLC7EjaimjK06ZRsCN7yyavQqlU9y3cXlfp1HkcRTuAUzsGDS6jDLTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3I+fwALsI2g</latexit>

...

ResNet-34

7x7 AvgPool
stride=1

wm
<latexit sha1_base64="3SltFZgdSbEccduFdJMJ4sVJM+s=">AAAB6nicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHirYW2qVk07QNTbJLMquUpT/BiwdFvPqLvPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wsrq2vlHcLG1t7+zulfcPmjZODeMNFsvYtCJquRSaN1Cg5K3EcKoiyR+i0fW0/vDIjRWxvsdxwkNFB1r0BaPorLunruqWK37Vn4ksQ5BDBXLVu+WvTi9mqeIamaTWtgM/wTCjBgWTfFLqpJYnlI3ogLcdaqq4DbPZqhNy4pwe6cfGPY1k5v6eyKiydqwi16koDu1ibWr+V2un2L8MM6GTFLlm84/6qSQYk+ndpCcMZyjHDigzwu1K2JAaytClU3IhBIsnL0PzrBo4vj2v1K7yOIpwBMdwCgFcQA1uoA4NYDCAZ3iFN096L9679zFvLXj5zCH8kff5A2Ucjds=</latexit><latexit sha1_base64="3SltFZgdSbEccduFdJMJ4sVJM+s=">AAAB6nicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHirYW2qVk07QNTbJLMquUpT/BiwdFvPqLvPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wsrq2vlHcLG1t7+zulfcPmjZODeMNFsvYtCJquRSaN1Cg5K3EcKoiyR+i0fW0/vDIjRWxvsdxwkNFB1r0BaPorLunruqWK37Vn4ksQ5BDBXLVu+WvTi9mqeIamaTWtgM/wTCjBgWTfFLqpJYnlI3ogLcdaqq4DbPZqhNy4pwe6cfGPY1k5v6eyKiydqwi16koDu1ibWr+V2un2L8MM6GTFLlm84/6qSQYk+ndpCcMZyjHDigzwu1K2JAaytClU3IhBIsnL0PzrBo4vj2v1K7yOIpwBMdwCgFcQA1uoA4NYDCAZ3iFN096L9679zFvLXj5zCH8kff5A2Ucjds=</latexit><latexit sha1_base64="3SltFZgdSbEccduFdJMJ4sVJM+s=">AAAB6nicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHirYW2qVk07QNTbJLMquUpT/BiwdFvPqLvPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wsrq2vlHcLG1t7+zulfcPmjZODeMNFsvYtCJquRSaN1Cg5K3EcKoiyR+i0fW0/vDIjRWxvsdxwkNFB1r0BaPorLunruqWK37Vn4ksQ5BDBXLVu+WvTi9mqeIamaTWtgM/wTCjBgWTfFLqpJYnlI3ogLcdaqq4DbPZqhNy4pwe6cfGPY1k5v6eyKiydqwi16koDu1ibWr+V2un2L8MM6GTFLlm84/6qSQYk+ndpCcMZyjHDigzwu1K2JAaytClU3IhBIsnL0PzrBo4vj2v1K7yOIpwBMdwCgFcQA1uoA4NYDCAZ3iFN096L9679zFvLXj5zCH8kff5A2Ucjds=</latexit><latexit sha1_base64="3SltFZgdSbEccduFdJMJ4sVJM+s=">AAAB6nicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHirYW2qVk07QNTbJLMquUpT/BiwdFvPqLvPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wsrq2vlHcLG1t7+zulfcPmjZODeMNFsvYtCJquRSaN1Cg5K3EcKoiyR+i0fW0/vDIjRWxvsdxwkNFB1r0BaPorLunruqWK37Vn4ksQ5BDBXLVu+WvTi9mqeIamaTWtgM/wTCjBgWTfFLqpJYnlI3ogLcdaqq4DbPZqhNy4pwe6cfGPY1k5v6eyKiydqwi16koDu1ibWr+V2un2L8MM6GTFLlm84/6qSQYk+ndpCcMZyjHDigzwu1K2JAaytClU3IhBIsnL0PzrBo4vj2v1K7yOIpwBMdwCgFcQA1uoA4NYDCAZ3iFN096L9679zFvLXj5zCH8kff5A2Ucjds=</latexit>

{ <latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit><latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit><latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit><latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit>

K � 1
<latexit sha1_base64="r9EyNDc4ZkK0RbMq+OXc0Let6lU=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8GJJRNBj0YvgpaL9gDaUzXbSLt1swu5GKKE/wYsHRbz6i7z5b9y2OWjrCwsP78ywM2+QCK6N6347hZXVtfWN4mZpa3tnd6+8f9DUcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwehmWm89odI8lo9mnKAf0YHkIWfUWOvh7szrlStu1Z2JLIOXQwVy1Xvlr24/ZmmE0jBBte54bmL8jCrDmcBJqZtqTCgb0QF2LEoaofaz2aoTcmKdPgljZZ80ZOb+nshopPU4CmxnRM1QL9am5n+1TmrCKz/jMkkNSjb/KEwFMTGZ3k36XCEzYmyBMsXtroQNqaLM2HRKNgRv8eRlaJ5XPcv3F5XadR5HEY7gGE7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+5q0FJ585hD9yPn8AexuNQQ==</latexit><latexit sha1_base64="r9EyNDc4ZkK0RbMq+OXc0Let6lU=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8GJJRNBj0YvgpaL9gDaUzXbSLt1swu5GKKE/wYsHRbz6i7z5b9y2OWjrCwsP78ywM2+QCK6N6347hZXVtfWN4mZpa3tnd6+8f9DUcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwehmWm89odI8lo9mnKAf0YHkIWfUWOvh7szrlStu1Z2JLIOXQwVy1Xvlr24/ZmmE0jBBte54bmL8jCrDmcBJqZtqTCgb0QF2LEoaofaz2aoTcmKdPgljZZ80ZOb+nshopPU4CmxnRM1QL9am5n+1TmrCKz/jMkkNSjb/KEwFMTGZ3k36XCEzYmyBMsXtroQNqaLM2HRKNgRv8eRlaJ5XPcv3F5XadR5HEY7gGE7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+5q0FJ585hD9yPn8AexuNQQ==</latexit><latexit sha1_base64="r9EyNDc4ZkK0RbMq+OXc0Let6lU=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8GJJRNBj0YvgpaL9gDaUzXbSLt1swu5GKKE/wYsHRbz6i7z5b9y2OWjrCwsP78ywM2+QCK6N6347hZXVtfWN4mZpa3tnd6+8f9DUcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwehmWm89odI8lo9mnKAf0YHkIWfUWOvh7szrlStu1Z2JLIOXQwVy1Xvlr24/ZmmE0jBBte54bmL8jCrDmcBJqZtqTCgb0QF2LEoaofaz2aoTcmKdPgljZZ80ZOb+nshopPU4CmxnRM1QL9am5n+1TmrCKz/jMkkNSjb/KEwFMTGZ3k36XCEzYmyBMsXtroQNqaLM2HRKNgRv8eRlaJ5XPcv3F5XadR5HEY7gGE7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+5q0FJ585hD9yPn8AexuNQQ==</latexit><latexit sha1_base64="r9EyNDc4ZkK0RbMq+OXc0Let6lU=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8GJJRNBj0YvgpaL9gDaUzXbSLt1swu5GKKE/wYsHRbz6i7z5b9y2OWjrCwsP78ywM2+QCK6N6347hZXVtfWN4mZpa3tnd6+8f9DUcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwehmWm89odI8lo9mnKAf0YHkIWfUWOvh7szrlStu1Z2JLIOXQwVy1Xvlr24/ZmmE0jBBte54bmL8jCrDmcBJqZtqTCgb0QF2LEoaofaz2aoTcmKdPgljZZ80ZOb+nshopPU4CmxnRM1QL9am5n+1TmrCKz/jMkkNSjb/KEwFMTGZ3k36XCEzYmyBMsXtroQNqaLM2HRKNgRv8eRlaJ5XPcv3F5XadR5HEY7gGE7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+5q0FJ585hD9yPn8AexuNQQ==</latexit>

bK�1
<latexit sha1_base64="LwOEvZG6tsrLM9p/zFnxWW88ucU=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8GJJpKDHohfBSwX7AW0om+2mXbrZhN2JUEJ/hBcPinj193jz37htc9DWFxYe3plhZ94gkcKg6347hbX1jc2t4nZpZ3dv/6B8eNQycaoZb7JYxroTUMOlULyJAiXvJJrTKJC8HYxvZ/X2E9dGxOoRJwn3IzpUIhSMorXaQT+7v/Cm/XLFrbpzkVXwcqhArka//NUbxCyNuEImqTFdz03Qz6hGwSSflnqp4QllYzrkXYuKRtz42XzdKTmzzoCEsbZPIZm7vycyGhkziQLbGVEcmeXazPyv1k0xvPYzoZIUuWKLj8JUEozJ7HYyEJozlBMLlGlhdyVsRDVlaBMq2RC85ZNXoXVZ9Sw/1Cr1mzyOIpzAKZyDB1dQhztoQBMYjOEZXuHNSZwX5935WLQWnHzmGP7I+fwBshSPIg==</latexit><latexit sha1_base64="LwOEvZG6tsrLM9p/zFnxWW88ucU=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8GJJpKDHohfBSwX7AW0om+2mXbrZhN2JUEJ/hBcPinj193jz37htc9DWFxYe3plhZ94gkcKg6347hbX1jc2t4nZpZ3dv/6B8eNQycaoZb7JYxroTUMOlULyJAiXvJJrTKJC8HYxvZ/X2E9dGxOoRJwn3IzpUIhSMorXaQT+7v/Cm/XLFrbpzkVXwcqhArka//NUbxCyNuEImqTFdz03Qz6hGwSSflnqp4QllYzrkXYuKRtz42XzdKTmzzoCEsbZPIZm7vycyGhkziQLbGVEcmeXazPyv1k0xvPYzoZIUuWKLj8JUEozJ7HYyEJozlBMLlGlhdyVsRDVlaBMq2RC85ZNXoXVZ9Sw/1Cr1mzyOIpzAKZyDB1dQhztoQBMYjOEZXuHNSZwX5935WLQWnHzmGP7I+fwBshSPIg==</latexit><latexit sha1_base64="LwOEvZG6tsrLM9p/zFnxWW88ucU=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8GJJpKDHohfBSwX7AW0om+2mXbrZhN2JUEJ/hBcPinj193jz37htc9DWFxYe3plhZ94gkcKg6347hbX1jc2t4nZpZ3dv/6B8eNQycaoZb7JYxroTUMOlULyJAiXvJJrTKJC8HYxvZ/X2E9dGxOoRJwn3IzpUIhSMorXaQT+7v/Cm/XLFrbpzkVXwcqhArka//NUbxCyNuEImqTFdz03Qz6hGwSSflnqp4QllYzrkXYuKRtz42XzdKTmzzoCEsbZPIZm7vycyGhkziQLbGVEcmeXazPyv1k0xvPYzoZIUuWKLj8JUEozJ7HYyEJozlBMLlGlhdyVsRDVlaBMq2RC85ZNXoXVZ9Sw/1Cr1mzyOIpzAKZyDB1dQhztoQBMYjOEZXuHNSZwX5935WLQWnHzmGP7I+fwBshSPIg==</latexit><latexit sha1_base64="LwOEvZG6tsrLM9p/zFnxWW88ucU=">AAAB7nicbZBNS8NAEIYn9avWr6pHL4tF8GJJpKDHohfBSwX7AW0om+2mXbrZhN2JUEJ/hBcPinj193jz37htc9DWFxYe3plhZ94gkcKg6347hbX1jc2t4nZpZ3dv/6B8eNQycaoZb7JYxroTUMOlULyJAiXvJJrTKJC8HYxvZ/X2E9dGxOoRJwn3IzpUIhSMorXaQT+7v/Cm/XLFrbpzkVXwcqhArka//NUbxCyNuEImqTFdz03Qz6hGwSSflnqp4QllYzrkXYuKRtz42XzdKTmzzoCEsbZPIZm7vycyGhkziQLbGVEcmeXazPyv1k0xvPYzoZIUuWKLj8JUEozJ7HYyEJozlBMLlGlhdyVsRDVlaBMq2RC85ZNXoXVZ9Sw/1Cr1mzyOIpzAKZyDB1dQhztoQBMYjOEZXuHNSZwX5935WLQWnHzmGP7I+fwBshSPIg==</latexit>

bP (yi > r1)
<latexit sha1_base64="JEWZgW/c9FbzIeNeK3w5m6yuKL4=">AAAB/XicbZDLSsNAFIYn9VbrLV52boJFqJuSiKArKbpxWcFeoA1hMjlph04mYWaixFB8FTcuFHHre7jzbZy2WWjrDwMf/zmHc+b3E0alsu1vo7S0vLK6Vl6vbGxube+Yu3ttGaeCQIvELBZdH0tglENLUcWgmwjAkc+g44+uJ/XOPQhJY36nsgTcCA84DSnBSlueedB/oAEMscqb41rm0UvhOSeeWbXr9lTWIjgFVFGhpmd+9YOYpBFwRRiWsufYiXJzLBQlDMaVfiohwWSEB9DTyHEE0s2n14+tY+0EVhgL/biypu7viRxHUmaRrzsjrIZyvjYx/6v1UhVeuDnlSaqAk9miMGWWiq1JFFZABRDFMg2YCKpvtcgQC0yUDqyiQ3Dmv7wI7dO6o/n2rNq4KuIoo0N0hGrIQeeogW5QE7UQQY/oGb2iN+PJeDHejY9Za8koZvbRHxmfP9pzlM8=</latexit><latexit sha1_base64="JEWZgW/c9FbzIeNeK3w5m6yuKL4=">AAAB/XicbZDLSsNAFIYn9VbrLV52boJFqJuSiKArKbpxWcFeoA1hMjlph04mYWaixFB8FTcuFHHre7jzbZy2WWjrDwMf/zmHc+b3E0alsu1vo7S0vLK6Vl6vbGxube+Yu3ttGaeCQIvELBZdH0tglENLUcWgmwjAkc+g44+uJ/XOPQhJY36nsgTcCA84DSnBSlueedB/oAEMscqb41rm0UvhOSeeWbXr9lTWIjgFVFGhpmd+9YOYpBFwRRiWsufYiXJzLBQlDMaVfiohwWSEB9DTyHEE0s2n14+tY+0EVhgL/biypu7viRxHUmaRrzsjrIZyvjYx/6v1UhVeuDnlSaqAk9miMGWWiq1JFFZABRDFMg2YCKpvtcgQC0yUDqyiQ3Dmv7wI7dO6o/n2rNq4KuIoo0N0hGrIQeeogW5QE7UQQY/oGb2iN+PJeDHejY9Za8koZvbRHxmfP9pzlM8=</latexit><latexit sha1_base64="JEWZgW/c9FbzIeNeK3w5m6yuKL4=">AAAB/XicbZDLSsNAFIYn9VbrLV52boJFqJuSiKArKbpxWcFeoA1hMjlph04mYWaixFB8FTcuFHHre7jzbZy2WWjrDwMf/zmHc+b3E0alsu1vo7S0vLK6Vl6vbGxube+Yu3ttGaeCQIvELBZdH0tglENLUcWgmwjAkc+g44+uJ/XOPQhJY36nsgTcCA84DSnBSlueedB/oAEMscqb41rm0UvhOSeeWbXr9lTWIjgFVFGhpmd+9YOYpBFwRRiWsufYiXJzLBQlDMaVfiohwWSEB9DTyHEE0s2n14+tY+0EVhgL/biypu7viRxHUmaRrzsjrIZyvjYx/6v1UhVeuDnlSaqAk9miMGWWiq1JFFZABRDFMg2YCKpvtcgQC0yUDqyiQ3Dmv7wI7dO6o/n2rNq4KuIoo0N0hGrIQeeogW5QE7UQQY/oGb2iN+PJeDHejY9Za8koZvbRHxmfP9pzlM8=</latexit><latexit sha1_base64="JEWZgW/c9FbzIeNeK3w5m6yuKL4=">AAAB/XicbZDLSsNAFIYn9VbrLV52boJFqJuSiKArKbpxWcFeoA1hMjlph04mYWaixFB8FTcuFHHre7jzbZy2WWjrDwMf/zmHc+b3E0alsu1vo7S0vLK6Vl6vbGxube+Yu3ttGaeCQIvELBZdH0tglENLUcWgmwjAkc+g44+uJ/XOPQhJY36nsgTcCA84DSnBSlueedB/oAEMscqb41rm0UvhOSeeWbXr9lTWIjgFVFGhpmd+9YOYpBFwRRiWsufYiXJzLBQlDMaVfiohwWSEB9DTyHEE0s2n14+tY+0EVhgL/biypu7viRxHUmaRrzsjrIZyvjYx/6v1UhVeuDnlSaqAk9miMGWWiq1JFFZABRDFMg2YCKpvtcgQC0yUDqyiQ3Dmv7wI7dO6o/n2rNq4KuIoo0N0hGrIQeeogW5QE7UQQY/oGb2iN+PJeDHejY9Za8koZvbRHxmfP9pzlM8=</latexit>

bP (yi > r2)
<latexit sha1_base64="TTPnmRaLx/eL+eApEw1jpI9oVN4=">AAAB/XicbZDLSsNAFIZPvNZ6i5edm2AR6qYkRdCVFN24rGAv0IYwmUzaoZNJmJkoMRRfxY0LRdz6Hu58G6dtFtr6w8DHf87hnPn9hFGpbPvbWFpeWV1bL22UN7e2d3bNvf22jFOBSQvHLBZdH0nCKCctRRUj3UQQFPmMdPzR9aTeuSdC0pjfqSwhboQGnIYUI6UtzzzsP9CADJHKm+Nq5tFL4dVPPbNi1+yprEVwCqhAoaZnfvWDGKcR4QozJGXPsRPl5kgoihkZl/upJAnCIzQgPY0cRUS6+fT6sXWincAKY6EfV9bU/T2Ro0jKLPJ1Z4TUUM7XJuZ/tV6qwgs3pzxJFeF4tihMmaViaxKFFVBBsGKZBoQF1bdaeIgEwkoHVtYhOPNfXoR2veZovj2rNK6KOEpwBMdQBQfOoQE30IQWYHiEZ3iFN+PJeDHejY9Z65JRzBzAHxmfP9v4lNA=</latexit><latexit sha1_base64="TTPnmRaLx/eL+eApEw1jpI9oVN4=">AAAB/XicbZDLSsNAFIZPvNZ6i5edm2AR6qYkRdCVFN24rGAv0IYwmUzaoZNJmJkoMRRfxY0LRdz6Hu58G6dtFtr6w8DHf87hnPn9hFGpbPvbWFpeWV1bL22UN7e2d3bNvf22jFOBSQvHLBZdH0nCKCctRRUj3UQQFPmMdPzR9aTeuSdC0pjfqSwhboQGnIYUI6UtzzzsP9CADJHKm+Nq5tFL4dVPPbNi1+yprEVwCqhAoaZnfvWDGKcR4QozJGXPsRPl5kgoihkZl/upJAnCIzQgPY0cRUS6+fT6sXWincAKY6EfV9bU/T2Ro0jKLPJ1Z4TUUM7XJuZ/tV6qwgs3pzxJFeF4tihMmaViaxKFFVBBsGKZBoQF1bdaeIgEwkoHVtYhOPNfXoR2veZovj2rNK6KOEpwBMdQBQfOoQE30IQWYHiEZ3iFN+PJeDHejY9Z65JRzBzAHxmfP9v4lNA=</latexit><latexit sha1_base64="TTPnmRaLx/eL+eApEw1jpI9oVN4=">AAAB/XicbZDLSsNAFIZPvNZ6i5edm2AR6qYkRdCVFN24rGAv0IYwmUzaoZNJmJkoMRRfxY0LRdz6Hu58G6dtFtr6w8DHf87hnPn9hFGpbPvbWFpeWV1bL22UN7e2d3bNvf22jFOBSQvHLBZdH0nCKCctRRUj3UQQFPmMdPzR9aTeuSdC0pjfqSwhboQGnIYUI6UtzzzsP9CADJHKm+Nq5tFL4dVPPbNi1+yprEVwCqhAoaZnfvWDGKcR4QozJGXPsRPl5kgoihkZl/upJAnCIzQgPY0cRUS6+fT6sXWincAKY6EfV9bU/T2Ro0jKLPJ1Z4TUUM7XJuZ/tV6qwgs3pzxJFeF4tihMmaViaxKFFVBBsGKZBoQF1bdaeIgEwkoHVtYhOPNfXoR2veZovj2rNK6KOEpwBMdQBQfOoQE30IQWYHiEZ3iFN+PJeDHejY9Z65JRzBzAHxmfP9v4lNA=</latexit><latexit sha1_base64="TTPnmRaLx/eL+eApEw1jpI9oVN4=">AAAB/XicbZDLSsNAFIZPvNZ6i5edm2AR6qYkRdCVFN24rGAv0IYwmUzaoZNJmJkoMRRfxY0LRdz6Hu58G6dtFtr6w8DHf87hnPn9hFGpbPvbWFpeWV1bL22UN7e2d3bNvf22jFOBSQvHLBZdH0nCKCctRRUj3UQQFPmMdPzR9aTeuSdC0pjfqSwhboQGnIYUI6UtzzzsP9CADJHKm+Nq5tFL4dVPPbNi1+yprEVwCqhAoaZnfvWDGKcR4QozJGXPsRPl5kgoihkZl/upJAnCIzQgPY0cRUS6+fT6sXWincAKY6EfV9bU/T2Ro0jKLPJ1Z4TUUM7XJuZ/tV6qwgs3pzxJFeF4tihMmaViaxKFFVBBsGKZBoQF1bdaeIgEwkoHVtYhOPNfXoR2veZovj2rNK6KOEpwBMdQBQfOoQE30IQWYHiEZ3iFN+PJeDHejY9Z65JRzBzAHxmfP9v4lNA=</latexit>

bP (yi > rK�1)
<latexit sha1_base64="EsrSGPlu5mWGfLIJjs5E47reN0Y=">AAACAXicbZDLSsNAFIYn9VbrLepGcDNYhLqwJCLoSopuBDcV7AXaECaTSTt0MgkzEyWEuPFV3LhQxK1v4c63cdpmoa0/DHz85xzOnN+LGZXKsr6N0sLi0vJKebWytr6xuWVu77RllAhMWjhikeh6SBJGOWkpqhjpxoKg0GOk442uxvXOPRGSRvxOpTFxQjTgNKAYKW255l7/gfpkiFTWzGupSy+Em90c2/mRa1atujURnAe7gCoo1HTNr74f4SQkXGGGpOzZVqycDAlFMSN5pZ9IEiM8QgPS08hRSKSTTS7I4aF2fBhEQj+u4MT9PZGhUMo09HRniNRQztbG5n+1XqKCcyejPE4U4Xi6KEgYVBEcxwF9KghWLNWAsKD6rxAPkUBY6dAqOgR79uR5aJ/Ubc23p9XGZRFHGeyDA1ADNjgDDXANmqAFMHgEz+AVvBlPxovxbnxMW0tGMbML/sj4/AG94JZn</latexit><latexit sha1_base64="EsrSGPlu5mWGfLIJjs5E47reN0Y=">AAACAXicbZDLSsNAFIYn9VbrLepGcDNYhLqwJCLoSopuBDcV7AXaECaTSTt0MgkzEyWEuPFV3LhQxK1v4c63cdpmoa0/DHz85xzOnN+LGZXKsr6N0sLi0vJKebWytr6xuWVu77RllAhMWjhikeh6SBJGOWkpqhjpxoKg0GOk442uxvXOPRGSRvxOpTFxQjTgNKAYKW255l7/gfpkiFTWzGupSy+Em90c2/mRa1atujURnAe7gCoo1HTNr74f4SQkXGGGpOzZVqycDAlFMSN5pZ9IEiM8QgPS08hRSKSTTS7I4aF2fBhEQj+u4MT9PZGhUMo09HRniNRQztbG5n+1XqKCcyejPE4U4Xi6KEgYVBEcxwF9KghWLNWAsKD6rxAPkUBY6dAqOgR79uR5aJ/Ubc23p9XGZRFHGeyDA1ADNjgDDXANmqAFMHgEz+AVvBlPxovxbnxMW0tGMbML/sj4/AG94JZn</latexit><latexit sha1_base64="EsrSGPlu5mWGfLIJjs5E47reN0Y=">AAACAXicbZDLSsNAFIYn9VbrLepGcDNYhLqwJCLoSopuBDcV7AXaECaTSTt0MgkzEyWEuPFV3LhQxK1v4c63cdpmoa0/DHz85xzOnN+LGZXKsr6N0sLi0vJKebWytr6xuWVu77RllAhMWjhikeh6SBJGOWkpqhjpxoKg0GOk442uxvXOPRGSRvxOpTFxQjTgNKAYKW255l7/gfpkiFTWzGupSy+Em90c2/mRa1atujURnAe7gCoo1HTNr74f4SQkXGGGpOzZVqycDAlFMSN5pZ9IEiM8QgPS08hRSKSTTS7I4aF2fBhEQj+u4MT9PZGhUMo09HRniNRQztbG5n+1XqKCcyejPE4U4Xi6KEgYVBEcxwF9KghWLNWAsKD6rxAPkUBY6dAqOgR79uR5aJ/Ubc23p9XGZRFHGeyDA1ADNjgDDXANmqAFMHgEz+AVvBlPxovxbnxMW0tGMbML/sj4/AG94JZn</latexit><latexit sha1_base64="EsrSGPlu5mWGfLIJjs5E47reN0Y=">AAACAXicbZDLSsNAFIYn9VbrLepGcDNYhLqwJCLoSopuBDcV7AXaECaTSTt0MgkzEyWEuPFV3LhQxK1v4c63cdpmoa0/DHz85xzOnN+LGZXKsr6N0sLi0vJKebWytr6xuWVu77RllAhMWjhikeh6SBJGOWkpqhjpxoKg0GOk442uxvXOPRGSRvxOpTFxQjTgNKAYKW255l7/gfpkiFTWzGupSy+Em90c2/mRa1atujURnAe7gCoo1HTNr74f4SQkXGGGpOzZVqycDAlFMSN5pZ9IEiM8QgPS08hRSKSTTS7I4aF2fBhEQj+u4MT9PZGhUMo09HRniNRQztbG5n+1XqKCcyejPE4U4Xi6KEgYVBEcxwF9KghWLNWAsKD6rxAPkUBY6dAqOgR79uR5aJ/Ubc23p9XGZRFHGeyDA1ADNjgDDXANmqAFMHgEz+AVvBlPxovxbnxMW0tGMbML/sj4/AG94JZn</latexit>

{ <latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit><latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit><latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit><latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit>

Tasks

{
<latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit><latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit><latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit><latexit sha1_base64="tFROaEGhmnnMpUlcEPFjR2z/BNI=">AAAB6XicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxiv2ANpTNdtIu3WzC7kYoof/AiwdFvPqPvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkUwybLBGJ6oRUo+ASm4YbgZ1UIY1Dge1wfDurt59QaZ7IRzNJMYjpUPKIM2qs9dDL+27Vq3lzkVXwC6hCoUbf/eoNEpbFKA0TVOuu76UmyKkynAmcVnqZxpSyMR1i16KkMeogn286JWfWGZAoUfZJQ+bu74mcxlpP4tB2xtSM9HJtZv5X62Ymug5yLtPMoGSLj6JMEJOQ2dlkwBUyIyYWKFPc7krYiCrKjA2nYkPwl09ehdZFzbd8f1mt3xRxlOEETuEcfLiCOtxBA5rAIIJneIU3Z+y8OO/Ox6K15BQzx/BHzucPm4aNZQ==</latexit>

a1
<latexit sha1_base64="i5nKWL2osYHJ2SU7NvALg/zpMfE=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTJdtMu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkU5Q1aSIS1QlRM8ElaxpuBOukimEcCtYOx7ezevuJKc0T+WgmKQtiHEoecYrGWg/Y9/tu1at5c5FV8AuoQqFG3/3qDRKaxUwaKlDrru+lJshRGU4Fm1Z6mWYp0jEOWdeixJjpIJ+vOiVn1hmQKFH2SUPm7u+JHGOtJ3FoO2M0I71cm5n/1bqZia6DnMs0M0zSxUdRJohJyOxuMuCKUSMmFpAqbncldIQKqbHpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATKAzhGV7hzRHOi/PufCxaS04xcwx/5Hz+AOiZjYk=</latexit><latexit sha1_base64="i5nKWL2osYHJ2SU7NvALg/zpMfE=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTJdtMu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkU5Q1aSIS1QlRM8ElaxpuBOukimEcCtYOx7ezevuJKc0T+WgmKQtiHEoecYrGWg/Y9/tu1at5c5FV8AuoQqFG3/3qDRKaxUwaKlDrru+lJshRGU4Fm1Z6mWYp0jEOWdeixJjpIJ+vOiVn1hmQKFH2SUPm7u+JHGOtJ3FoO2M0I71cm5n/1bqZia6DnMs0M0zSxUdRJohJyOxuMuCKUSMmFpAqbncldIQKqbHpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATKAzhGV7hzRHOi/PufCxaS04xcwx/5Hz+AOiZjYk=</latexit><latexit sha1_base64="i5nKWL2osYHJ2SU7NvALg/zpMfE=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTJdtMu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkU5Q1aSIS1QlRM8ElaxpuBOukimEcCtYOx7ezevuJKc0T+WgmKQtiHEoecYrGWg/Y9/tu1at5c5FV8AuoQqFG3/3qDRKaxUwaKlDrru+lJshRGU4Fm1Z6mWYp0jEOWdeixJjpIJ+vOiVn1hmQKFH2SUPm7u+JHGOtJ3FoO2M0I71cm5n/1bqZia6DnMs0M0zSxUdRJohJyOxuMuCKUSMmFpAqbncldIQKqbHpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATKAzhGV7hzRHOi/PufCxaS04xcwx/5Hz+AOiZjYk=</latexit><latexit sha1_base64="i5nKWL2osYHJ2SU7NvALg/zpMfE=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FQSEfRY9OKxov2ANpTJdtMu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5gKro3nfTultfWNza3ydmVnd2//wD08aukkU5Q1aSIS1QlRM8ElaxpuBOukimEcCtYOx7ezevuJKc0T+WgmKQtiHEoecYrGWg/Y9/tu1at5c5FV8AuoQqFG3/3qDRKaxUwaKlDrru+lJshRGU4Fm1Z6mWYp0jEOWdeixJjpIJ+vOiVn1hmQKFH2SUPm7u+JHGOtJ3FoO2M0I71cm5n/1bqZia6DnMs0M0zSxUdRJohJyOxuMuCKUSMmFpAqbncldIQKqbHpVGwI/vLJq9C6qPmW7y+r9ZsijjKcwCmcgw9XUIc7aEATKAzhGV7hzRHOi/PufCxaS04xcwx/5Hz+AOiZjYk=</latexit>

a2
<latexit sha1_base64="fHY8L0Lq6jayN2ybi5nRkuRgM8k=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lAm2027dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqaKsRWMRq26AmgkuWctwI1g3UQyjQLBOMLmd1ztPTGkey0czTZgf4UjykFM01nrAQW1QrrhVdyGyDl4OFcjVHJS/+sOYphGThgrUuue5ifEzVIZTwWalfqpZgnSCI9azKDFi2s8Wq87IhXWGJIyVfdKQhft7IsNI62kU2M4IzViv1ubmf7VeasJrP+MySQ2TdPlRmApiYjK/mwy5YtSIqQWkittdCR2jQmpsOiUbgrd68jq0a1XP8v1VpXGTx1GEMziHS/CgDg24gya0gMIInuEV3hzhvDjvzseyteDkM6fwR87nD+odjYo=</latexit><latexit sha1_base64="fHY8L0Lq6jayN2ybi5nRkuRgM8k=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lAm2027dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqaKsRWMRq26AmgkuWctwI1g3UQyjQLBOMLmd1ztPTGkey0czTZgf4UjykFM01nrAQW1QrrhVdyGyDl4OFcjVHJS/+sOYphGThgrUuue5ifEzVIZTwWalfqpZgnSCI9azKDFi2s8Wq87IhXWGJIyVfdKQhft7IsNI62kU2M4IzViv1ubmf7VeasJrP+MySQ2TdPlRmApiYjK/mwy5YtSIqQWkittdCR2jQmpsOiUbgrd68jq0a1XP8v1VpXGTx1GEMziHS/CgDg24gya0gMIInuEV3hzhvDjvzseyteDkM6fwR87nD+odjYo=</latexit><latexit sha1_base64="fHY8L0Lq6jayN2ybi5nRkuRgM8k=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lAm2027dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqaKsRWMRq26AmgkuWctwI1g3UQyjQLBOMLmd1ztPTGkey0czTZgf4UjykFM01nrAQW1QrrhVdyGyDl4OFcjVHJS/+sOYphGThgrUuue5ifEzVIZTwWalfqpZgnSCI9azKDFi2s8Wq87IhXWGJIyVfdKQhft7IsNI62kU2M4IzViv1ubmf7VeasJrP+MySQ2TdPlRmApiYjK/mwy5YtSIqQWkittdCR2jQmpsOiUbgrd68jq0a1XP8v1VpXGTx1GEMziHS/CgDg24gya0gMIInuEV3hzhvDjvzseyteDkM6fwR87nD+odjYo=</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="5EnDFfMDBOio/2eay9En10Yo+dY=">AAAB33icbZBLSwMxFIXv+Ky1anXrJlgEV2WmG10KblxWtA9oh5JJ77ShmcyQ3BHK0J/gxoUi/it3/hvTx0JbDwQ+zknIvSfKlLTk+9/e1vbO7t5+6aB8WDk6PqmeVto2zY3AlkhVaroRt6ikxhZJUtjNDPIkUtiJJnfzvPOMxspUP9E0wzDhIy1jKTg565EPGoNqza/7C7FNCFZQg5Wag+pXf5iKPEFNQnFre4GfUVhwQ1IonJX7ucWMiwkfYc+h5gnasFiMOmOXzhmyODXuaGIL9/eLgifWTpPI3Uw4je16Njf/y3o5xTdhIXWWE2qx/CjOFaOUzfdmQ2lQkJo64MJINysTY264INdO2ZUQrK+8Ce1GPXD84EMJzuECriCAa7iFe2hCCwSM4AXe4N1T3qv3saxry1v1dgZ/5H3+AM+5jDU=</latexit><latexit sha1_base64="5EnDFfMDBOio/2eay9En10Yo+dY=">AAAB33icbZBLSwMxFIXv+Ky1anXrJlgEV2WmG10KblxWtA9oh5JJ77ShmcyQ3BHK0J/gxoUi/it3/hvTx0JbDwQ+zknIvSfKlLTk+9/e1vbO7t5+6aB8WDk6PqmeVto2zY3AlkhVaroRt6ikxhZJUtjNDPIkUtiJJnfzvPOMxspUP9E0wzDhIy1jKTg565EPGoNqza/7C7FNCFZQg5Wag+pXf5iKPEFNQnFre4GfUVhwQ1IonJX7ucWMiwkfYc+h5gnasFiMOmOXzhmyODXuaGIL9/eLgifWTpPI3Uw4je16Njf/y3o5xTdhIXWWE2qx/CjOFaOUzfdmQ2lQkJo64MJINysTY264INdO2ZUQrK+8Ce1GPXD84EMJzuECriCAa7iFe2hCCwSM4AXe4N1T3qv3saxry1v1dgZ/5H3+AM+5jDU=</latexit><latexit sha1_base64="p8tLOQbHVpAOVm/uqaDbqhYE8i4=">AAAB6nicbZBNS8NAEIYn9avWr6hHL4tF8FSSXvRY9OKxov2ANpTJdtMu3WzC7kYooT/BiwdFvPqLvPlv3LY5aOsLCw/vzLAzb5gKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskU5S1aCIS1Q1RM8ElaxluBOumimEcCtYJJ7fzeueJKc0T+WimKQtiHEkecYrGWg84qA/cqlfzFiLr4BdQhULNgfvVHyY0i5k0VKDWPd9LTZCjMpwKNqv0M81SpBMcsZ5FiTHTQb5YdUYurDMkUaLsk4Ys3N8TOcZaT+PQdsZoxnq1Njf/q/UyE10HOZdpZpiky4+iTBCTkPndZMgVo0ZMLSBV3O5K6BgVUmPTqdgQ/NWT16Fdr/mW771q46aIowxncA6X4MMVNOAOmtACCiN4hld4c4Tz4rw7H8vWklPMnMIfOZ8/6N2Nhg==</latexit><latexit sha1_base64="fHY8L0Lq6jayN2ybi5nRkuRgM8k=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lAm2027dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqaKsRWMRq26AmgkuWctwI1g3UQyjQLBOMLmd1ztPTGkey0czTZgf4UjykFM01nrAQW1QrrhVdyGyDl4OFcjVHJS/+sOYphGThgrUuue5ifEzVIZTwWalfqpZgnSCI9azKDFi2s8Wq87IhXWGJIyVfdKQhft7IsNI62kU2M4IzViv1ubmf7VeasJrP+MySQ2TdPlRmApiYjK/mwy5YtSIqQWkittdCR2jQmpsOiUbgrd68jq0a1XP8v1VpXGTx1GEMziHS/CgDg24gya0gMIInuEV3hzhvDjvzseyteDkM6fwR87nD+odjYo=</latexit><latexit sha1_base64="fHY8L0Lq6jayN2ybi5nRkuRgM8k=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lAm2027dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqaKsRWMRq26AmgkuWctwI1g3UQyjQLBOMLmd1ztPTGkey0czTZgf4UjykFM01nrAQW1QrrhVdyGyDl4OFcjVHJS/+sOYphGThgrUuue5ifEzVIZTwWalfqpZgnSCI9azKDFi2s8Wq87IhXWGJIyVfdKQhft7IsNI62kU2M4IzViv1ubmf7VeasJrP+MySQ2TdPlRmApiYjK/mwy5YtSIqQWkittdCR2jQmpsOiUbgrd68jq0a1XP8v1VpXGTx1GEMziHS/CgDg24gya0gMIInuEV3hzhvDjvzseyteDkM6fwR87nD+odjYo=</latexit><latexit sha1_base64="fHY8L0Lq6jayN2ybi5nRkuRgM8k=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lAm2027dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqaKsRWMRq26AmgkuWctwI1g3UQyjQLBOMLmd1ztPTGkey0czTZgf4UjykFM01nrAQW1QrrhVdyGyDl4OFcjVHJS/+sOYphGThgrUuue5ifEzVIZTwWalfqpZgnSCI9azKDFi2s8Wq87IhXWGJIyVfdKQhft7IsNI62kU2M4IzViv1ubmf7VeasJrP+MySQ2TdPlRmApiYjK/mwy5YtSIqQWkittdCR2jQmpsOiUbgrd68jq0a1XP8v1VpXGTx1GEMziHS/CgDg24gya0gMIInuEV3hzhvDjvzseyteDkM6fwR87nD+odjYo=</latexit><latexit sha1_base64="fHY8L0Lq6jayN2ybi5nRkuRgM8k=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lAm2027dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqaKsRWMRq26AmgkuWctwI1g3UQyjQLBOMLmd1ztPTGkey0czTZgf4UjykFM01nrAQW1QrrhVdyGyDl4OFcjVHJS/+sOYphGThgrUuue5ifEzVIZTwWalfqpZgnSCI9azKDFi2s8Wq87IhXWGJIyVfdKQhft7IsNI62kU2M4IzViv1ubmf7VeasJrP+MySQ2TdPlRmApiYjK/mwy5YtSIqQWkittdCR2jQmpsOiUbgrd68jq0a1XP8v1VpXGTx1GEMziHS/CgDg24gya0gMIInuEV3hzhvDjvzseyteDkM6fwR87nD+odjYo=</latexit><latexit sha1_base64="fHY8L0Lq6jayN2ybi5nRkuRgM8k=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lAm2027dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqaKsRWMRq26AmgkuWctwI1g3UQyjQLBOMLmd1ztPTGkey0czTZgf4UjykFM01nrAQW1QrrhVdyGyDl4OFcjVHJS/+sOYphGThgrUuue5ifEzVIZTwWalfqpZgnSCI9azKDFi2s8Wq87IhXWGJIyVfdKQhft7IsNI62kU2M4IzViv1ubmf7VeasJrP+MySQ2TdPlRmApiYjK/mwy5YtSIqQWkittdCR2jQmpsOiUbgrd68jq0a1XP8v1VpXGTx1GEMziHS/CgDg24gya0gMIInuEV3hzhvDjvzseyteDkM6fwR87nD+odjYo=</latexit><latexit sha1_base64="fHY8L0Lq6jayN2ybi5nRkuRgM8k=">AAAB6nicbZBNS8NAEIYn9avWr6pHL4tF8FSSItRj0YvHivYD2lAm2027dLMJuxuhhP4ELx4U8eov8ua/cdvmoK0vLDy8M8POvEEiuDau++0UNja3tneKu6W9/YPDo/LxSVvHqaKsRWMRq26AmgkuWctwI1g3UQyjQLBOMLmd1ztPTGkey0czTZgf4UjykFM01nrAQW1QrrhVdyGyDl4OFcjVHJS/+sOYphGThgrUuue5ifEzVIZTwWalfqpZgnSCI9azKDFi2s8Wq87IhXWGJIyVfdKQhft7IsNI62kU2M4IzViv1ubmf7VeasJrP+MySQ2TdPlRmApiYjK/mwy5YtSIqQWkittdCR2jQmpsOiUbgrd68jq0a1XP8v1VpXGTx1GEMziHS/CgDg24gya0gMIInuEV3hzhvDjvzseyteDkM6fwR87nD+odjYo=</latexit>
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Label extension 
during training

Figure 2. Illustration of the Consistent Rank Logits CNN (CORAL-CNN) used for age prediction. From the estimated probability values,
the binary labels are obtained via Eq. (5) and converted to the age label via Eq. (1).

Table 1. Age prediction errors on the test sets without task importance weighting.

Method Random
Seed

MORPH-2 AFAD UTKFace CACD
MAE RMSE MAE RMSE MAE RMSE MAE RMSE

CE-CNN

0 3.40 4.88 3.98 5.55 6.57 9.16 6.18 8.86
1 3.39 4.87 4.00 5.57 6.24 8.69 6.10 8.79
2 3.37 4.87 3.96 5.50 6.29 8.78 6.13 8.87

AVG ± SD 3.39 ± 0.02 4.89 ± 0.01 3.98 ± 0.02 5.54 ± 0.04 6.37 ± 0.18 8.88 ± 0.25 6.14 ± 0.04 8.84 ± 0.04

OR-CNN
(Niu et al., 2016)

0 2.98 4.26 3.66 5.10 5.71 8.11 5.53 7.91
1 2.98 4.26 3.69 5.13 5.80 8.12 5.53 7.98
2 2.96 4.20 3.68 5.14 5.71 8.11 5.49 7.89

AVG ± SD 2.97 ± 0.01 4.24 ± 0.03 3.68 ± 0.02 5.13 ± 0.02 5.74 ± 0.05 8.08 ± 0.06 5.52 ± 0.02 7.93 ± 0.05

CORAL-CNN
(ours)

0 2.68 3.75 3.49 4.82 5.46 7.61 5.56 7.80
1 2.63 3.66 3.46 4.83 5.46 7.63 5.37 7.64
2 2.61 3.64 3.52 4.91 5.48 7.63 5.25 7.53

AVG ± SD 2.64 ± 0.04 3.68 ± 0.06 3.49 ± 0.03 4.85 ± 0.05 5.47 ± 0.01 7.62 ± 0.01 5.39 ± 0.16 7.66 ± 0.14

Table 2. Performance comparison after training with and without
task importance weighting (Eq. 7). The performance values are
reported as average MAE ± SD from 3 independent runs each.
Method Weight MORPH-2 AFAD UTKFace CACD

OR-CNN
(Niu et al., 2016) NO 2.97 ± 0.01 3.68 ± 0.02 5.74 ± 0.05 5.52 ± 0.02

OR-CNN
(Niu et al., 2016) YES 2.91 ± 0.02 3.65 ± 0.03 5.76 ± 0.19 5.49 ± 0.02

CORAL-CNN
(ours) NO 2.64 ± 0.04 3.49 ± 0.03 5.47 ± 0.01 5.39 ± 0.16

CORAL-CNN
(ours) YES 2.59 ± 0.03 3.48 ± 0.03 5.39 ± 0.07 5.35 ± 0.09

pare our CORAL approach (CORAL-CNN) with the ordinal
regression approach described in (Niu et al., 2016), denoted
as OR-CNN. All implementations were based on the ResNet-
34 architecture as described in Section 4.2, including the
standard ResNet-34 with cross-entropy loss (CE-CNN) as
performance baseline.

5.1. Estimating the Apparent Age from Face Images

First, we note that for all methods, the overall predictive per-
formance on the different datasets appears in the following
order: MORPH-2 > AFAD > CACD > UTKFace (Table 1
and Figure 3). Possible reasons why all approaches perform
best on MORPH-2 are that MORPH-2 has the best overall
image quality and relatively consistent lighting conditions
and viewing angles. For instance, we found that AFAD
includes some images of particularly low resolution (e.g.,
20x20). While UTKFace and CACD also contain some
lower-quality images, a possible reason why the methods
perform worse on UTKFace compared to AFAD is that
UTKFace is about ten times smaller than AFAD. While
CACD has approximately the same size as AFAD, the lower
performance can be explained by the wider age range that
needs to be considered (14-62 in CACD compared to 15-40
in AFAD).

Across all datasets (Table 1 and Figure 3), we found that
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works (Fig. 1): (a) a trainable generative component in form
of a convolutional autoencoder (subnetwork I) for adversar-
ial learning; (b) an auxiliary CNN-based gender classifier
(subnetwork II); (c) an auxiliary CNN-based face matcher
(subnetwork III).

The auxiliary gender classifier as well as the auxiliary
matcher1 are detachable parts in this network architecture
used only during the training phase. In contrast to GANs,
the generative component of this proposed network archi-
tecture is a convolutional autoencoder (section 2.2.1), which
is initially pre-trained to produce an image that closely re-
sembles an image from the training set after incorporat-
ing gender prototype information (section 2.2.2). Then,
during further training, feedback from both an auxiliary
CNN-based gender classifier and an auxiliary CNN-based
face matcher are incorporated into the loss function (see
Eqn. (1)) to perturb the regenerated images such that the
error rate of the auxiliary gender classifier increases while
that of the auxiliary face matcher is not unduly affected.

An overview of this semi-adversarial architecture is
shown in Fig. 1, and the details are further described in the
following subsections.

Figure 1. Schematic representation of the semi-adversarial neu-
ral network architecture designed to derive perturbations that are
able to confound gender classifiers while still allowing biomet-
ric matchers to perform well. The overall network consists of
three sub-components: a convolutional autoencoder (subnetwork
I), an auxiliary gender classifier (subnetwork II), and an auxiliary
matcher (subnetwork III).

2.2.1 Convolutional autoencoder

The architecture of the convolutional autoencoder sub-
network that modifies and reconstructs the input image in
three different ways is shown in Fig. 2. The input to this
sub-network is a gray-scale face image of size 224 × 224
concatenated with a same-gender prototype, PSM (Fig. 3).
The input is then processed through the encoder part con-
sisting of two convolutional layers; each layer is followed

1The term “auxiliary” is used to indicate that these subnetworks do not
correspond to pre-trained gender classifiers or face matchers, but rather
classifiers that are generated from the training data. Note that such a for-
mulation makes the semi-adversarial network generalizable.

by a leaky ReLU activation function and an average pooling
layer, resulting in feature maps of size 56 × 56 × 12. Next,
the outputs of the encoder are passed through a decoder with
two convolutional layers each, followed by a leaky ReLU
activation and an upsampling layer using two-dimensional
nearest neighbor interpolation. The output of the decoder is
a 224 × 224 × 128 dimensional feature map.

The feature maps from the decoder output are then con-
catenated with either same-gender (PSM ), neutral-gender
(PNT ), or opposite-gender (POP ) prototypes in the proto-
combiner module (see Fig. 2 and Fig. 3). The proto-
combiner module is followed by a final convolutional layer
and a sigmoid activation function yielding a reconstructed
image X ′

SM , X ′
NT , or X ′

OP , depending on the gender-
prototype used. The autoencoder described in this section
contains five trainable layers. Those layers are pre-trained
using an information bottleneck approach [8] to retain the
relevant information from both the original image and the
same-gender prototype. This is sufficient to reconstruct re-
alistic looking images by minimizing JD(X,X ′), which
measures the dissimilarity between the gray-scale input im-
ages and the perturbed images by computing the sum of the
element-wise cross entropy between input and output (per-
turbed) images. After pre-training, this subnetwork is fur-
ther trained by passing its reconstructed images to two other
sub-networks: the auxiliary gender predictor and the auxil-
iary face matcher (Fig. 1). The gender prototypes, as well
as the two subnetworks, are described in the following sub-
sections.

Figure 2. Architecture of the autoencoder augmented with gender-
prototype images. The encoder receives a one-channel gray-scale
image as input, which is concatenated with the RGB channels of
the same-gender prototype image. After the compressed represen-
tation is passed through the decoder part of the autoencoder for
reconstruction (128 channels), the proto-combiner concatenates it
with the RGB channels of a same-, neutral-, or opposite-gender
prototype resulting in 131 channels that are then passed to a final
convolutional layer.
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Some Applications of CNNs

Esteva, Andre, Brett Kuprel, Roberto A. Novoa, Justin Ko, Susan M. Swetter, Helen M. Blau, and Sebastian Thrun. 
"Dermatologist-level classification of skin cancer with deep neural networks." Nature 542, no. 7639 (2017): 115.
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Object Detection

Redmon, J., Divvala, S., Girshick, R., & Farhadi, A. (2016). You only look once: Unified, real-time object detection. In 
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (pp. 779-788).
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Object Segmentation

He, Kaiming, Georgia Gkioxari, Piotr Dollár, and Ross Girshick. "Mask R-CNN." In Proceedings of the IEEE International 
Conference on Computer Vision, pp. 2961-2969. 2017.
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Figure 2. Mask R-CNN results on the COCO test set. These results are based on ResNet-101 [15], achieving a mask AP of 35.7 and

running at 5 fps. Masks are shown in color, and bounding box, category, and confidences are also shown.

ingly minor change, RoIAlign has a large impact: it im-
proves mask accuracy by relative 10% to 50%, showing
bigger gains under stricter localization metrics. Second, we
found it essential to decouple mask and class prediction: we
predict a binary mask for each class independently, without
competition among classes, and rely on the network’s RoI
classification branch to predict the category. In contrast,
FCNs usually perform per-pixel multi-class categorization,
which couples segmentation and classification, and based
on our experiments works poorly for instance segmentation.

Without bells and whistles, Mask R-CNN surpasses all
previous state-of-the-art single-model results on the COCO
instance segmentation task [23], including the heavily-
engineered entries from the 2016 competition winner. As
a by-product, our method also excels on the COCO object
detection task. In ablation experiments, we evaluate multi-
ple basic instantiations, which allows us to demonstrate its
robustness and analyze the effects of core factors.

Our models can run at about 200ms per frame on a GPU,
and training on COCO takes one to two days on a single
8-GPU machine. We believe the fast train and test speeds,
together with the framework’s flexibility and accuracy, will
benefit and ease future research on instance segmentation.

Finally, we showcase the generality of our framework
via the task of human pose estimation on the COCO key-
point dataset [23]. By viewing each keypoint as a one-hot
binary mask, with minimal modification Mask R-CNN can
be applied to detect instance-specific poses. Without tricks,
Mask R-CNN surpasses the winner of the 2016 COCO key-
point competition, and at the same time runs at 5 fps. Mask
R-CNN, therefore, can be seen more broadly as a flexible
framework for instance-level recognition and can be readily
extended to more complex tasks.

We will release code to facilitate future research.

2. Related Work

R-CNN: The Region-based CNN (R-CNN) approach [10]
to bounding-box object detection is to attend to a manage-
able number of candidate object regions [33, 16] and evalu-
ate convolutional networks [20, 19] independently on each
RoI. R-CNN was extended [14, 9] to allow attending to RoIs
on feature maps using RoIPool, leading to fast speed and
better accuracy. Faster R-CNN [29] advanced this stream
by learning the attention mechanism with a Region Pro-
posal Network (RPN). Faster R-CNN is flexible and robust
to many follow-up improvements (e.g., [30, 22, 17]), and is
the current leading framework in several benchmarks.

Instance Segmentation: Driven by the effectiveness of R-
CNN, many approaches to instance segmentation are based
on segment proposals. Earlier methods [10, 12, 13, 6] re-
sorted to bottom-up segments [33, 2]. DeepMask [27] and
following works [28, 5] learn to propose segment candi-
dates, which are then classified by Fast R-CNN. In these
methods, segmentation precedes recognition, which is slow
and less accurate. Likewise, Dai et al. [7] proposed a com-
plex multiple-stage cascade that predicts segment propos-
als from bounding-box proposals, followed by classifica-
tion. Instead, our method is based on parallel prediction of
masks and class labels, which is simpler and more flexible.

Most recently, Li et al. [21] combined the segment pro-
posal system in [5] and object detection system in [8] for
“fully convolutional instance segmentation” (FCIS). The
common idea in [5, 8, 21] is to predict a set of position-
sensitive output channels fully convolutionally. These
channels simultaneously address object classes, boxes, and
masks, making the system fast. But FCIS exhibits system-
atic errors on overlapping instances and creates spurious
edges (Figure 5), showing that it is challenged by the fun-
damental difficulties of segmenting instances.

22962
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Image Source: 
twitter.com%2Fcats&psig=AOvVaw30_o-PCM-
K21DiMAJQimQ4&ust=1553887775741551

Why Image Classification is Hard

Image Source: https://www.123rf.com/
photo_76714328_side-view-of-tabby-cat-face-over-
white.html

Different lighting, contrast, viewpoints, etc.

Or even simple translation This is hard for traditional 
methods like multi-layer 
perceptrons, because  
the prediction is 
basically based on a sum 
of pixel intensities
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Traditional Approaches

a) Use hand-engineered features
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Traditional Approaches

a) Use hand-engineered features

Sasaki, K., Hashimoto, M., & Nagata, N. (2016). Person Invariant Classification of Subtle Facial Expressions Using Coded Movement Direction of 
Keypoints. In Video Analytics. Face and Facial Expression Recognition and Audience Measurement (pp. 61-72). Springer, Cham.
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Traditional Approaches

b) Preprocess images (centering, cropping, etc.)

Image Source: https://www.tokkoro.com/2827328-cat-animals-nature-feline-park-green-trees-grass.html

https://www.tokkoro.com/2827328-cat-animals-nature-feline-park-green-trees-grass.html
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Main Concepts Behind  
Convolutional Neural Networks

Image Source: https://www.tokkoro.com/2827328-cat-animals-nature-feline-park-green-trees-grass.html

• Sparse-connectivity: A single element in the feature map is 
connected to only a small patch of pixels. (This is very different 
from connecting to the whole input image, in the case of multi-
layer perceptrons.)  

• Parameter-sharing: The same weights are used for different 
patches of the input image.  

https://www.tokkoro.com/2827328-cat-animals-nature-feline-park-green-trees-grass.html
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Convolutional Neural Networks

Y. LeCun, B. Boser, J. S. Denker, D. Henderson, R. E. Howard, W. Hubbard and L. D. Jackel: Backpropagation Applied to 
Handwritten Zip Code Recognition, Neural Computation, 1(4):541-551, Winter 1989.

http://www.ics.uci.edu/~welling/teaching/273ASpring09/lecun-89e.pdf
http://www.ics.uci.edu/~welling/teaching/273ASpring09/lecun-89e.pdf
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Convolutional Neural Networks

INPUT 
32x32

Convolutions SubsamplingConvolutions

C1: feature maps 
6@28x28

Subsampling

S2: f. maps
6@14x14

S4: f. maps 16@5x5
C5: layer
120

C3: f. maps 16@10x10

F6: layer
 84

Full connection
Full connection

Gaussian connections

OUTPUT
 10

Yann LeCun, Léon Bottou, Yoshua Bengio and Patrick Haffner: Gradient Based Learning Applied to Document Recognition, 
Proceedings of IEEE, 86(11):2278–2324, 1998.

http://www.dengfanxin.cn/wp-content/uploads/2016/03/1998Lecun.pdf
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Convolutional Neural Networks

INPUT 
32x32

Convolutions SubsamplingConvolutions

C1: feature maps 
6@28x28

Subsampling

S2: f. maps
6@14x14

S4: f. maps 16@5x5
C5: layer
120

C3: f. maps 16@10x10

F6: layer
 84

Full connection
Full connection

Gaussian connections

OUTPUT
 10

Yann LeCun, Léon Bottou, Yoshua Bengio and Patrick Haffner: Gradient Based Learning Applied to Document Recognition, 
Proceedings of IEEE, 86(11):2278–2324, 1998.

nowadays called "pooling" basically a fully-connected 
 layer + MSE loss 
(nowadays better to use 
fc-layer + softmax 
+ cross entropy

"Feature detectors" (weight matrices) 
that are being reused ("weight sharing") 
=> also called "kernel" or "filter"

Size of the resulting layersNumber of feature detectors
Multi-layer perceptron

http://www.dengfanxin.cn/wp-content/uploads/2016/03/1998Lecun.pdf
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Weight Sharing
A "feature detector" (kernel) slides over the inputs to generate 
a feature map

Rationale: A feature detector that works well in one region  
may also work well in another region 

Plus, it is a nice reduction in parameters to fit

The pixels are 
referred to 
as "receptive field"

"feature map"
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A "feature detector" (kernel) slides over the inputs to generate 
a feature map

Weight Sharing
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A "feature detector" (kernel) slides over the inputs to generate 
a feature map

Weight Sharing
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Feature map size:

O =
W �K + 2P

S
+ 1
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INPUT 
32x32

Convolutions SubsamplingConvolutions

C1: feature maps 
6@28x28

Subsampling

S2: f. maps
6@14x14

S4: f. maps 16@5x5
C5: layer
120

C3: f. maps 16@10x10

F6: layer
 84

Full connection
Full connection

Gaussian connections

OUTPUT
 10

Each "bunch" of feature maps represents one 
hidden layer in the neural network.  

Counting the FC layers, this network has 5 layers

Hidden Layers
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INPUT 
32x32

Convolutions SubsamplingConvolutions

C1: feature maps 
6@28x28

Subsampling

S2: f. maps
6@14x14

S4: f. maps 16@5x5
C5: layer
120

C3: f. maps 16@10x10

F6: layer
 84

Full connection
Full connection

Gaussian connections

OUTPUT
 10

Hidden Layers

"Automatic feature extractor" "Regular classifier"
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Kernel Dimensions

For a grayscale image with a  
5x5 feature detector (kernel), 
we have the following dimensions 
(number of parameters to learn)

What do you think is the output size 
for this 28x28 image?
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Backpropagation in CNNs

Same overall concept as before: Multivariable chain rule, 
but now with an additional weight sharing constraint
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a1
<latexit sha1_base64="BOU8IhEf1nCpOTJ2JoJhJKmU0Z0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oUy2m3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5aCYJ8yMcSh5yisZKD9j3+uWKW3XnIKvEy0kFcjT65a/eIKZpxKShArXuem5i/AyV4VSwaamXapYgHeOQdS2VGDHtZ/NTp+TMKgMSxsqWNGSu/p7IMNJ6EgW2M0Iz0sveTPzP66YmvPYzLpPUMEkXi8JUEBOT2d9kwBWjRkwsQaq4vZXQESqkxqZTsiF4yy+vktZF1busuve1Sv0mj6MIJ3AK5+DBFdThDhrQBApDeIZXeHOE8+K8Ox+L1oKTzxzDHzifP+lBjYs=</latexit>

a2
<latexit sha1_base64="i3V+Hv5zU7q3mZ39kUdT/gvBnUk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPu1frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa1a1buouveXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDqxY2M</latexit>

o
<latexit sha1_base64="zmvhV5w6wvufBjgJnplzs3qmpp8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQq6LHoxWML9gPaUDbbSbt2sxt2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZemHCmjed9O4W19Y3NreJ2aWd3b/+gfHjU0jJVFJtUcqk6IdHImcCmYYZjJ1FI4pBjOxzfzfz2EyrNpHgwkwSDmAwFixglxkoN2S9XvKo3h7tK/JxUIEe9X/7qDSRNYxSGcqJ11/cSE2REGUY5Tku9VGNC6JgMsWupIDHqIJsfOnXPrDJwI6lsCePO1d8TGYm1nsSh7YyJGellbyb+53VTE90EGRNJalDQxaIo5a6R7uxrd8AUUsMnlhCqmL3VpSOiCDU2m5INwV9+eZW0Lqr+ZdVrXFVqt3kcRTiBUzgHH66hBvdQhyZQQHiGV3hzHp0X5935WLQWnHzmGP7A+fwB2T+M9Q==</latexit>

y
<latexit sha1_base64="cs1Q9fet/6GNtc+Tzw/y6WCTX8Y=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0Io/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHkyXoR3QoecgZNVZqZP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03Mf6EKsOZwGmpl2pMKBvTIXYtlTRC7U/mh07JmVUGJIyVLWnIXP09MaGR1lkU2M6ImpFe9mbif143NeGNP+EySQ1KtlgUpoKYmMy+JgOukBmRWUKZ4vZWwkZUUWZsNiUbgrf88ippXVS9y6rbuKrUbvM4inACp3AOHlxDDe6hDk1ggPAMr/DmPDovzrvzsWgtOPnMMfyB8/kD6GeM/w==</latexit>

l
<latexit sha1_base64="E5Kc1ZKr520j8ga7QDzfGA0mefk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUEP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvsuo2riq12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A1LOM8g==</latexit>

L(y, o) = l
<latexit sha1_base64="xkDVhV2R7yGjiI8Bkoa6EodHAlw=">AAAB/nicbVDLSsNAFL2pr1pfUXHlZrAIFaQkKuhGKLpx4aKCfUAbymQ6aYdOJmFmIpRQ8FfcuFDErd/hzr9x0mah1QMDh3Pu5Z45fsyZ0o7zZRUWFpeWV4qrpbX1jc0te3unqaJEEtogEY9k28eKciZoQzPNaTuWFIc+py1/dJ35rQcqFYvEvR7H1AvxQLCAEayN1LP3uiHWQ4J5ejupjI9RdIQuEe/ZZafqTIH+EjcnZchR79mf3X5EkpAKTThWquM6sfZSLDUjnE5K3UTRGJMRHtCOoQKHVHnpNP4EHRqlj4JImic0mqo/N1IcKjUOfTOZhVXzXib+53USHVx4KRNxoqkgs0NBwpGOUNYF6jNJieZjQzCRzGRFZIglJto0VjIluPNf/kuaJ1X3tOrcnZVrV3kdRdiHA6iAC+dQgxuoQwMIpPAEL/BqPVrP1pv1PhstWPnOLvyC9fENUuuUZw==</latexit>

w1 · x1 = z1
<latexit sha1_base64="+e1bOL2+yE8wQHw7R7Wi1lbuH7o=">AAAB/HicbZDLSsNAFIYn9VbrLdqlm8EiuCqJCroRim5cVrAXaEOYTCbt0MlMmJmoMdRXceNCEbc+iDvfxmmbhbb+MPDxn3M4Z/4gYVRpx/m2SkvLK6tr5fXKxubW9o69u9dWIpWYtLBgQnYDpAijnLQ01Yx0E0lQHDDSCUZXk3rnjkhFBb/VWUK8GA04jShG2li+Xb33XdjHodDwwdAFfPRd3645dWcquAhuATVQqOnbX/1Q4DQmXGOGlOq5TqK9HElNMSPjSj9VJEF4hAakZ5CjmCgvnx4/hofGCWEkpHlcw6n7eyJHsVJZHJjOGOmhmq9NzP9qvVRH515OeZJqwvFsUZQyqAWcJAFDKgnWLDOAsKTmVoiHSCKsTV4VE4I7/+VFaB/X3ZO6c3Naa1wWcZTBPjgAR8AFZ6ABrkETtAAGGXgGr+DNerJerHfrY9ZasoqZKvgj6/MHXCGTRw==</latexit>

�1(z1) = a1
<latexit sha1_base64="Kk055JsIihKrUR2Qz/L8arieVek=">AAAB/HicbZDLSsNAFIZP6q3WW7RLN4NFqJuSqKAboejGZQV7gTaEyXTSDp1MwsxEiKW+ihsXirj1Qdz5Nk7bLLT1h4GP/5zDOfMHCWdKO863VVhZXVvfKG6WtrZ3dvfs/YOWilNJaJPEPJadACvKmaBNzTSnnURSHAWctoPRzbTefqBSsVjc6yyhXoQHgoWMYG0s3y73FBtE2Herj757gq6QQd+uODVnJrQMbg4VyNXw7a9ePyZpRIUmHCvVdZ1Ee2MsNSOcTkq9VNEEkxEe0K5BgSOqvPHs+Ak6Nk4fhbE0T2g0c39PjHGkVBYFpjPCeqgWa1Pzv1o31eGlN2YiSTUVZL4oTDnSMZomgfpMUqJ5ZgATycytiAyxxESbvEomBHfxy8vQOq25ZzXn7rxSv87jKMIhHEEVXLiAOtxCA5pAIINneIU368l6sd6tj3lrwcpnyvBH1ucPPZSTMQ==</latexit>

�2(z1) = a2
<latexit sha1_base64="UHK8Rq4ihGcm4gMByPiIvg3wEO0=">AAAB/HicbZDLSsNAFIZPvNZ6i3bpZrAIdVOSKuhGKLpxWcFeoA1hMp20Q2eSMDMRYqmv4saFIm59EHe+jdM2C239YeDjP+dwzvxBwpnSjvNtrayurW9sFraK2zu7e/v2wWFLxakktEliHstOgBXlLKJNzTSnnURSLAJO28HoZlpvP1CpWBzd6yyhnsCDiIWMYG0s3y71FBsI7Ncqj757iq6QQd8uO1VnJrQMbg5lyNXw7a9ePyapoJEmHCvVdZ1Ee2MsNSOcToq9VNEEkxEe0K7BCAuqvPHs+Ak6MU4fhbE0L9Jo5v6eGGOhVCYC0ymwHqrF2tT8r9ZNdXjpjVmUpJpGZL4oTDnSMZomgfpMUqJ5ZgATycytiAyxxESbvIomBHfxy8vQqlXds6pzd16uX+dxFOAIjqECLlxAHW6hAU0gkMEzvMKb9WS9WO/Wx7x1xcpnSvBH1ucPQKeTMw==</latexit>

@l

@o
<latexit sha1_base64="EBSdFgeDtyPz9IVeKoGbRsZIvwA=">AAACB3icbZDLSsNAFIZP6q3WW9SlIINFcFUSFXRZdOOygr1AG8pkOmmHTiZhZiKUkJ0bX8WNC0Xc+grufBsnbUBt/WHg4z/nzMz5/ZgzpR3nyyotLa+srpXXKxubW9s79u5eS0WJJLRJIh7Jjo8V5UzQpmaa004sKQ59Ttv++Dqvt++pVCwSd3oSUy/EQ8ECRrA2Vt8+7AUSk7QXY6kZ5ohnPxxlqG9XnZozFVoEt4AqFGr07c/eICJJSIUmHCvVdZ1Ye2l+I+E0q/QSRWNMxnhIuwYFDqny0ukeGTo2zgAFkTRHaDR1f0+kOFRqEvqmM8R6pOZruflfrZvo4NJLmYgTTQWZPRQkHOkI5aGgAZOUaD4xgIlk5q+IjLAJRpvoKiYEd37lRWid1tyzmnN7Xq1fFXGU4QCO4ARcuIA63EADmkDgAZ7gBV6tR+vZerPeZ60lq5jZhz+yPr4BSfGZjg==</latexit>

@o

@a1
<latexit sha1_base64="A5BNLDamJxmqDahJkf2wo8PNgJk=">AAACCXicbZBPS8MwGMbT+W/Of1WPXoJD8DRaFfQ49OJxgtuErZS3WbqFpWlJUmGUXr34Vbx4UMSr38Cb38Z0K6ibDwR+PO/7JnmfIOFMacf5sipLyyura9X12sbm1vaOvbvXUXEqCW2TmMfyLgBFORO0rZnm9C6RFKKA024wvirq3XsqFYvFrZ4k1ItgKFjICGhj+TbuhxJI1k9AagYcx/kPg+/m2LfrTsOZCi+CW0IdlWr59md/EJM0okITDkr1XCfRXlbcSTjNa/1U0QTIGIa0Z1BARJWXTTfJ8ZFxBjiMpTlC46n7eyKDSKlJFJjOCPRIzdcK879aL9XhhZcxkaSaCjJ7KEw51jEuYsEDJinRfGIAiGTmr5iMwESjTXg1E4I7v/IidE4a7mnDuTmrNy/LOKroAB2iY+Sic9RE16iF2oigB/SEXtCr9Wg9W2/W+6y1YpUz++iPrI9vdbeaJw==</latexit>

@a1
@w1

<latexit sha1_base64="4Z/KrxxA+GlxhVaTOyJaNHrf4VU=">AAACC3icbVC7TsMwFHV4lvIKMLJYrZCYqgSQYKxgYSwSfUhtFN24TmvVcSLbAVVRdxZ+hYUBhFj5ATb+BqeNBLQcydK559xr+54g4Uxpx/mylpZXVtfWSxvlza3tnV17b7+l4lQS2iQxj2UnAEU5E7Spmea0k0gKUcBpOxhd5X77jkrFYnGrxwn1IhgIFjIC2ki+XemFEkjWS0BqBhyD705+qntTYd+uOjVnCrxI3IJUUYGGb3/2+jFJIyo04aBU13US7WX5nYTTSbmXKpoAGcGAdg0VEFHlZdNdJvjIKH0cxtIcofFU/T2RQaTUOApMZwR6qOa9XPzP66Y6vPAyJpJUU0FmD4UpxzrGeTC4zyQlmo8NASKZ+SsmQzDhaBNf2YTgzq+8SFonNfe05tycVeuXRRwldIgq6Bi56BzV0TVqoCYi6AE9oRf0aj1az9ab9T5rXbKKmQP0B9bHN7v7mtM=</latexit>

w1
<latexit sha1_base64="ELWCbynYAUOpCjzaHAkeFZeonCw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+86t5dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEK1I2h</latexit>

w1
<latexit sha1_base64="ELWCbynYAUOpCjzaHAkeFZeonCw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8eK9gPaUDbbSbt0swm7G6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+86t5dVGrXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnBfn3fmYtxacfOYQ/sD5/AEK1I2h</latexit>

@a2
@w1

<latexit sha1_base64="UfwdaiaQv7vCe0d17Hqvq1wxekM=">AAACC3icbVDLSgMxFM3UV62vUZduQovgqsxUQZdFNy4r2Ad0huFOmmlDMw+SjFKG7t34K25cKOLWH3Dn35hpB9TWA4GTc+69yT1+wplUlvVllFZW19Y3ypuVre2d3T1z/6Aj41QQ2iYxj0XPB0k5i2hbMcVpLxEUQp/Trj++yv3uHRWSxdGtmiTUDWEYsYARUFryzKoTCCCZk4BQDDgGrzH9ud179hR7Zs2qWzPgZWIXpIYKtDzz0xnEJA1ppAgHKfu2lSg3y2cSTqcVJ5U0ATKGIe1rGkFIpZvNdpniY60McBALfSKFZ+rvjgxCKSehrytDUCO56OXif14/VcGFm7EoSRWNyPyhIOVYxTgPBg+YoETxiSZABNN/xWQEOhyl46voEOzFlZdJp1G3T+vWzVmteVnEUUZHqIpOkI3OURNdoxZqI4Ie0BN6Qa/Go/FsvBnv89KSUfQcoj8wPr4BvY+a1A==</latexit>

�3(a1, a2) = o
<latexit sha1_base64="MADeaGuZ5x0zDKtg8jYEX763ets=">AAAB/3icbVBNS8NAEN3Ur1q/ooIXL4tFqCAlaQW9CEUvHivYD2hDmGy37dJNNuxuhBJ78K948aCIV/+GN/+N2zYHrT4YeLw3w8y8IOZMacf5snJLyyura/n1wsbm1vaOvbvXVCKRhDaI4EK2A1CUs4g2NNOctmNJIQw4bQWj66nfuqdSMRHd6XFMvRAGEeszAtpIvn3QVWwQgl8tge+eYvArJ/gSC98uOmVnBvyXuBkpogx13/7s9gRJQhppwkGpjuvE2ktBakY4nRS6iaIxkBEMaMfQCEKqvHR2/wQfG6WH+0KaijSeqT8nUgiVGoeB6QxBD9WiNxX/8zqJ7l94KYviRNOIzBf1E461wNMwcI9JSjQfGwJEMnMrJkOQQLSJrGBCcBdf/kualbJbLTu3Z8XaVRZHHh2iI1RCLjpHNXSD6qiBCHpAT+gFvVqP1rP1Zr3PW3NWNrOPfsH6+Aa4qZP0</latexit>

@l

@w1
=

@l

@o
· @o

@a1
· @a1
@w1

+
@l

@o
· @o

@a2
· @a2
@w1

<latexit sha1_base64="TYYPnCIxpTv7H9H6wB8RxqOKTTU="></latexit>

Upper path

Lower path

(multivariable chain rule)

Remember Lecture 6? Graph with Weight Sharing
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Backpropagation in CNNs
Same overall concept as before: Multivariable chain rule, 
but now with an additional weight sharing constraint

w1
<latexit sha1_base64="BGIvv1Que1aISVw+1pGEuT4uC1M=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLuRCmhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp/qnn9Uplt+LOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOiGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8MrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2naEPwFl9eJs1qxTuvVO8uyrXrPI4CHMMJnIEHl1CDW6hDAxgM4Ble4c2Rzovz7nzMW1ecfOYI/sD5/AELeI2j</latexit>

w2
<latexit sha1_base64="k9TH6JRVGzznxlg0BHK2AhK6Dh8=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLuRCmhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp/qlX7ZXKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dUJOrdInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJrVindeqd5dlGvXeRwFOIYTOAMPLqEGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QMM/I2k</latexit>

w1 = w2
<latexit sha1_base64="FKGwU2qvUIEYUjcCdiIWnsvCgXU=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSJ4KrtV0ItQ9OKxgv2QdlmyabYNTbJLkrWUpb/CiwdFvPpzvPlvTNs9aOuDgcd7M8zMCxPOtHHdb2dldW19Y7OwVdze2d3bLx0cNnWcKkIbJOaxaodYU84kbRhmOG0nimIRctoKh7dTv/VElWaxfDDjhPoC9yWLGMHGSo+jwEPXaBRUg1LZrbgzoGXi5aQMOepB6avbi0kqqDSEY607npsYP8PKMMLppNhNNU0wGeI+7VgqsaDaz2YHT9CpVXooipUtadBM/T2RYaH1WIS2U2Az0IveVPzP66QmuvIzJpPUUEnmi6KUIxOj6feoxxQlho8twUQxeysiA6wwMTajog3BW3x5mTSrFe+8Ur2/KNdu8jgKcAwncAYeXEIN7qAODSAg4Ble4c1Rzovz7nzMW1ecfOYI/sD5/AFAMo9k</latexit>

Due to weight sharing:

w1 := w2 := w1 � ⌘ · 1
2

✓
@L
@w1

+
@L
@w2

◆

<latexit sha1_base64="MYHrCBQOQYN/sQ1qQKoAWS1dkO0="></latexit>

weight update:
Optional averaging
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CNNs and Translation/Rotation/Scale Invariance
Note that CNNs are not really invariant to scale, rotation,  
translation, etc. 

The activations are still 
dependent on the location, etc.
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Pooling Layers Can Help With Local Invariance

Downside: Information is lost.  
May not matter for classification, but applications where relative position is 
important (like face recognition)

In practice for CNNs: some image preprocessing still recommended
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Pooling Layers Can Help With Local Invariance

Downside: Information is lost.  
May not matter for classification, but applications where relative position is 
important (like face recognition)

In practice for CNNs: some image preprocessing still recommended

Note that typical pooling layers do not have any learnable parameters
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Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5⇥ 5⇥ 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 ⇥ 3 ⇥ 192 , and the fifth convolutional layer has 256
kernels of size 3⇥ 3⇥ 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224⇥ 224 patches (and their horizontal reflections) from the
256⇥256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 ⇥ 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224⇥ 224⇥ 3-dimensional.
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with magnitudes proportional to the corresponding eigenvalues times a random variable drawn from
a Gaussian with mean zero and standard deviation 0.1. Therefore to each RGB image pixel Ixy =
[IRxy, I

G
xy, I

B
xy]

T we add the following quantity:

[p1,p2,p3][↵1�1,↵2�2,↵3�3]
T

where pi and �i are ith eigenvector and eigenvalue of the 3 ⇥ 3 covariance matrix of RGB pixel
values, respectively, and ↵i is the aforementioned random variable. Each ↵i is drawn only once
for all the pixels of a particular training image until that image is used for training again, at which
point it is re-drawn. This scheme approximately captures an important property of natural images,
namely, that object identity is invariant to changes in the intensity and color of the illumination. This
scheme reduces the top-1 error rate by over 1%.

4.2 Dropout

Combining the predictions of many different models is a very successful way to reduce test errors
[1, 3], but it appears to be too expensive for big neural networks that already take several days
to train. There is, however, a very efficient version of model combination that only costs about a
factor of two during training. The recently-introduced technique, called “dropout” [10], consists
of setting to zero the output of each hidden neuron with probability 0.5. The neurons which are
“dropped out” in this way do not contribute to the forward pass and do not participate in back-
propagation. So every time an input is presented, the neural network samples a different architecture,
but all these architectures share weights. This technique reduces complex co-adaptations of neurons,
since a neuron cannot rely on the presence of particular other neurons. It is, therefore, forced to
learn more robust features that are useful in conjunction with many different random subsets of the
other neurons. At test time, we use all the neurons but multiply their outputs by 0.5, which is a
reasonable approximation to taking the geometric mean of the predictive distributions produced by
the exponentially-many dropout networks.

We use dropout in the first two fully-connected layers of Figure 2. Without dropout, our network ex-
hibits substantial overfitting. Dropout roughly doubles the number of iterations required to converge.

Figure 3: 96 convolutional kernels of size
11⇥11⇥3 learned by the first convolutional
layer on the 224⇥224⇥3 input images. The
top 48 kernels were learned on GPU 1 while
the bottom 48 kernels were learned on GPU
2. See Section 6.1 for details.

5 Details of learning

We trained our models using stochastic gradient descent
with a batch size of 128 examples, momentum of 0.9, and
weight decay of 0.0005. We found that this small amount
of weight decay was important for the model to learn. In
other words, weight decay here is not merely a regularizer:
it reduces the model’s training error. The update rule for
weight w was

vi+1 := 0.9 · vi � 0.0005 · ✏ · wi � ✏ ·
⌧
@L

@w

��
wi

�

Di

wi+1 := wi + vi+1

where i is the iteration index, v is the momentum variable, ✏ is the learning rate, and
D

@L
@w

��
wi

E

Di

is
the average over the ith batch Di of the derivative of the objective with respect to w, evaluated at
wi.

We initialized the weights in each layer from a zero-mean Gaussian distribution with standard de-
viation 0.01. We initialized the neuron biases in the second, fourth, and fifth convolutional layers,
as well as in the fully-connected hidden layers, with the constant 1. This initialization accelerates
the early stages of learning by providing the ReLUs with positive inputs. We initialized the neuron
biases in the remaining layers with the constant 0.

We used an equal learning rate for all layers, which we adjusted manually throughout training.
The heuristic which we followed was to divide the learning rate by 10 when the validation error
rate stopped improving with the current learning rate. The learning rate was initialized at 0.01 and

6

Figure 4: (Left) Eight ILSVRC-2010 test images and the five labels considered most probable by our model.
The correct label is written under each image, and the probability assigned to the correct label is also shown
with a red bar (if it happens to be in the top 5). (Right) Five ILSVRC-2010 test images in the first column. The
remaining columns show the six training images that produce feature vectors in the last hidden layer with the
smallest Euclidean distance from the feature vector for the test image.

In the left panel of Figure 4 we qualitatively assess what the network has learned by computing its
top-5 predictions on eight test images. Notice that even off-center objects, such as the mite in the
top-left, can be recognized by the net. Most of the top-5 labels appear reasonable. For example,
only other types of cat are considered plausible labels for the leopard. In some cases (grille, cherry)
there is genuine ambiguity about the intended focus of the photograph.

Another way to probe the network’s visual knowledge is to consider the feature activations induced
by an image at the last, 4096-dimensional hidden layer. If two images produce feature activation
vectors with a small Euclidean separation, we can say that the higher levels of the neural network
consider them to be similar. Figure 4 shows five images from the test set and the six images from
the training set that are most similar to each of them according to this measure. Notice that at the
pixel level, the retrieved training images are generally not close in L2 to the query images in the first
column. For example, the retrieved dogs and elephants appear in a variety of poses. We present the
results for many more test images in the supplementary material.

Computing similarity by using Euclidean distance between two 4096-dimensional, real-valued vec-
tors is inefficient, but it could be made efficient by training an auto-encoder to compress these vectors
to short binary codes. This should produce a much better image retrieval method than applying auto-
encoders to the raw pixels [14], which does not make use of image labels and hence has a tendency
to retrieve images with similar patterns of edges, whether or not they are semantically similar.

7 Discussion

Our results show that a large, deep convolutional neural network is capable of achieving record-
breaking results on a highly challenging dataset using purely supervised learning. It is notable
that our network’s performance degrades if a single convolutional layer is removed. For example,
removing any of the middle layers results in a loss of about 2% for the top-1 performance of the
network. So the depth really is important for achieving our results.

To simplify our experiments, we did not use any unsupervised pre-training even though we expect
that it will help, especially if we obtain enough computational power to significantly increase the
size of the network without obtaining a corresponding increase in the amount of labeled data. Thus
far, our results have improved as we have made our network larger and trained it longer but we still
have many orders of magnitude to go in order to match the infero-temporal pathway of the human
visual system. Ultimately we would like to use very large and deep convolutional nets on video
sequences where the temporal structure provides very helpful information that is missing or far less
obvious in static images.
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The correct label is written under each image, and the probability assigned to the correct label is also shown
with a red bar (if it happens to be in the top 5). (Right) Five ILSVRC-2010 test images in the first column. The
remaining columns show the six training images that produce feature vectors in the last hidden layer with the
smallest Euclidean distance from the feature vector for the test image.

In the left panel of Figure 4 we qualitatively assess what the network has learned by computing its
top-5 predictions on eight test images. Notice that even off-center objects, such as the mite in the
top-left, can be recognized by the net. Most of the top-5 labels appear reasonable. For example,
only other types of cat are considered plausible labels for the leopard. In some cases (grille, cherry)
there is genuine ambiguity about the intended focus of the photograph.

Another way to probe the network’s visual knowledge is to consider the feature activations induced
by an image at the last, 4096-dimensional hidden layer. If two images produce feature activation
vectors with a small Euclidean separation, we can say that the higher levels of the neural network
consider them to be similar. Figure 4 shows five images from the test set and the six images from
the training set that are most similar to each of them according to this measure. Notice that at the
pixel level, the retrieved training images are generally not close in L2 to the query images in the first
column. For example, the retrieved dogs and elephants appear in a variety of poses. We present the
results for many more test images in the supplementary material.

Computing similarity by using Euclidean distance between two 4096-dimensional, real-valued vec-
tors is inefficient, but it could be made efficient by training an auto-encoder to compress these vectors
to short binary codes. This should produce a much better image retrieval method than applying auto-
encoders to the raw pixels [14], which does not make use of image labels and hence has a tendency
to retrieve images with similar patterns of edges, whether or not they are semantically similar.

7 Discussion

Our results show that a large, deep convolutional neural network is capable of achieving record-
breaking results on a highly challenging dataset using purely supervised learning. It is notable
that our network’s performance degrades if a single convolutional layer is removed. For example,
removing any of the middle layers results in a loss of about 2% for the top-1 performance of the
network. So the depth really is important for achieving our results.

To simplify our experiments, we did not use any unsupervised pre-training even though we expect
that it will help, especially if we obtain enough computational power to significantly increase the
size of the network without obtaining a corresponding increase in the amount of labeled data. Thus
far, our results have improved as we have made our network larger and trained it longer but we still
have many orders of magnitude to go in order to match the infero-temporal pathway of the human
visual system. Ultimately we would like to use very large and deep convolutional nets on video
sequences where the temporal structure provides very helpful information that is missing or far less
obvious in static images.
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The ImageNet set that was used  
has ~1.2 million  
images and 1000 classes

Accuracy is measured as top-5 
performance:  
Correct prediction if the true 
label matches one of the top 5 
predictions of the model
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Figure 4: (Left) Eight ILSVRC-2010 test images and the five labels considered most probable by our model.
The correct label is written under each image, and the probability assigned to the correct label is also shown
with a red bar (if it happens to be in the top 5). (Right) Five ILSVRC-2010 test images in the first column. The
remaining columns show the six training images that produce feature vectors in the last hidden layer with the
smallest Euclidean distance from the feature vector for the test image.

In the left panel of Figure 4 we qualitatively assess what the network has learned by computing its
top-5 predictions on eight test images. Notice that even off-center objects, such as the mite in the
top-left, can be recognized by the net. Most of the top-5 labels appear reasonable. For example,
only other types of cat are considered plausible labels for the leopard. In some cases (grille, cherry)
there is genuine ambiguity about the intended focus of the photograph.

Another way to probe the network’s visual knowledge is to consider the feature activations induced
by an image at the last, 4096-dimensional hidden layer. If two images produce feature activation
vectors with a small Euclidean separation, we can say that the higher levels of the neural network
consider them to be similar. Figure 4 shows five images from the test set and the six images from
the training set that are most similar to each of them according to this measure. Notice that at the
pixel level, the retrieved training images are generally not close in L2 to the query images in the first
column. For example, the retrieved dogs and elephants appear in a variety of poses. We present the
results for many more test images in the supplementary material.

Computing similarity by using Euclidean distance between two 4096-dimensional, real-valued vec-
tors is inefficient, but it could be made efficient by training an auto-encoder to compress these vectors
to short binary codes. This should produce a much better image retrieval method than applying auto-
encoders to the raw pixels [14], which does not make use of image labels and hence has a tendency
to retrieve images with similar patterns of edges, whether or not they are semantically similar.

7 Discussion

Our results show that a large, deep convolutional neural network is capable of achieving record-
breaking results on a highly challenging dataset using purely supervised learning. It is notable
that our network’s performance degrades if a single convolutional layer is removed. For example,
removing any of the middle layers results in a loss of about 2% for the top-1 performance of the
network. So the depth really is important for achieving our results.

To simplify our experiments, we did not use any unsupervised pre-training even though we expect
that it will help, especially if we obtain enough computational power to significantly increase the
size of the network without obtaining a corresponding increase in the amount of labeled data. Thus
far, our results have improved as we have made our network larger and trained it longer but we still
have many orders of magnitude to go in order to match the infero-temporal pathway of the human
visual system. Ultimately we would like to use very large and deep convolutional nets on video
sequences where the temporal structure provides very helpful information that is missing or far less
obvious in static images.
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Note that the actual network 
inputs were still 224x224 images 
(random crops from 
downsampled 256x256 images)

224x224 is still a good/
reasonable size today 
(224*224*3 = 150,528 features)
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Common CNN Architectures

Figure 1: Top1 vs. network. Single-crop top-1 vali-
dation accuracies for top scoring single-model archi-
tectures. We introduce with this chart our choice of
colour scheme, which will be used throughout this
publication to distinguish effectively different archi-
tectures and their correspondent authors. Notice that
networks of the same group share the same hue, for
example ResNet are all variations of pink.

Figure 2: Top1 vs. operations, size / parameters.

Top-1 one-crop accuracy versus amount of operations
required for a single forward pass. The size of the
blobs is proportional to the number of network pa-
rameters; a legend is reported in the bottom right cor-
ner, spanning from 5⇥10

6 to 155⇥10
6 params. Both

these figures share the same y-axis, and the grey dots
highlight the centre of the blobs.

single run of VGG-161 (Simonyan & Zisserman, 2014) and GoogLeNet (Szegedy et al., 2014) are
8.70% and 10.07% respectively, revealing that VGG-16 performs better than GoogLeNet. When
models are run with 10-crop sampling,2 then the errors become 9.33% and 9.15% respectively, and
therefore VGG-16 will perform worse than GoogLeNet, using a single central-crop. For this reason,
we decided to base our analysis on re-evaluations of top-1 accuracies3 for all networks with a single
central-crop sampling technique (Zagoruyko, 2016).

For inference time and memory usage measurements we have used Torch7 (Collobert et al., 2011)
with cuDNN-v5 (Chetlur et al., 2014) and CUDA-v8 back-end. All experiments were conducted on
a JetPack-2.3 NVIDIA Jetson TX1 board (nVIDIA): an embedded visual computing system with
a 64-bit ARM R� A57 CPU, a 1 T-Flop/s 256-core NVIDIA Maxwell GPU and 4 GB LPDDR4
of shared RAM. We use this resource-limited device to better underline the differences between
network architecture, but similar results can be obtained on most recent GPUs, such as the NVIDIA
K40 or Titan X, to name a few. Operation counts were obtained using an open-source tool that we
developed (Paszke, 2016). For measuring the power consumption, a Keysight 1146B Hall effect
current probe has been used with a Keysight MSO-X 2024A 200MHz digital oscilloscope with a
sampling period of 2 s and 50 kSa/s sample rate. The system was powered by a Keysight E3645A
GPIB controlled DC power supply.

3 RESULTS

In this section we report our results and comparisons. We analysed the following DDNs: AlexNet
(Krizhevsky et al., 2012), batch normalised AlexNet (Zagoruyko, 2016), batch normalised Network
In Network (NIN) (Lin et al., 2013), ENet (Paszke et al., 2016) for ImageNet (Culurciello, 2016),
GoogLeNet (Szegedy et al., 2014), VGG-16 and -19 (Simonyan & Zisserman, 2014), ResNet-18,
-34, -50, -101 and -152 (He et al., 2015), Inception-v3 (Szegedy et al., 2015) and Inception-v4
(Szegedy et al., 2016) since they obtained the highest performance, in these four years, on the
ImageNet (Russakovsky et al., 2015) challenge.

1 In the original paper this network is called VGG-D, which is the best performing network. Here we prefer
to highlight the number of layer utilised, so we will call it VGG-16 in this publication.

2 From a given image multiple patches are extracted: four corners plus central crop and their horizontal
mirrored twins.

3 Accuracy and error rate always sum to 100, therefore in this paper they are used interchangeably.
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Image dimension: in NWHC format,  
CUDA & PyTorch use NCWH

X 2 Rn1⇥n2⇥cin
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Convolutions with Color Channels

Image dimensions: X 2 Rn1⇥n2⇥cin
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Convolutions with Color Channels

m1 ⇥m2 ⇥ 3⇥ 5 + 5
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Number of parameters: Assume 5x5 kernel:
5⇥ 5⇥ 3⇥ 5 + 5 = 380
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Convolutions with Color Channels

m1 ⇥m2 ⇥ 3⇥ 5 + 5
<latexit sha1_base64="XJaZ/Fgetsx+Nf9YxxeG271IZlg=">AAACD3icbVDLSgMxFM3UV62vUZdugkURhDLTWnRZdOOygn1AOwyZNNOGJpkhyQhl6B+48VfcuFDErVt3/o1pO4q2Hgice8693NwTxIwq7TifVm5peWV1Lb9e2Njc2t6xd/eaKkokJg0csUi2A6QIo4I0NNWMtGNJEA8YaQXDq4nfuiNS0Ujc6lFMPI76goYUI20k3z7mfuqOYVdTThQ0RfmnqHyT6mnVt4tOyZkCLhI3I0WQoe7bH91ehBNOhMYMKdVxnVh7KZKaYkbGhW6iSIzwEPVJx1CBzCIvnd4zhkdG6cEwkuYJDafq74kUcaVGPDCdHOmBmvcm4n9eJ9HhhZdSESeaCDxbFCYM6ghOwoE9KgnWbGQIwpKav0I8QBJhbSIsmBDc+ZMXSbNcciul8s1ZsXaZxZEHB+AQnAAXnIMauAZ10AAY3INH8AxerAfryXq13matOSub2Qd/YL1/AZuXmxg=</latexit>

Number of parameters:
Assume 128x128 images and  
5x5 kernel:
5⇥ 5⇥ 3⇥ 5 + 5 = 380

<latexit sha1_base64="1+9KXn8XXCsNXzo+aNHFiFwRvn4=">AAACDXicbZDLSgMxFIbP1Futt1GXboJVEIQy01rsRii6cVnBXqAdSibNtKGZC0lGKENfwI2v4saFIm7du/NtTNuhaOsPgY//nMPJ+d2IM6ks69vIrKyurW9kN3Nb2zu7e+b+QUOGsSC0TkIeipaLJeUsoHXFFKetSFDsu5w23eHNpN58oEKyMLhXo4g6Pu4HzGMEK211zZMy6ijmU4nmUJo752V0hUoVq2vmrYI1FVoGO4U8pKp1za9OLySxTwNFOJaybVuRchIsFCOcjnOdWNIIkyHu07bGAOt1TjK9ZoxOtdNDXij0CxSaur8nEuxLOfJd3eljNZCLtYn5X60dK6/iJCyIYkUDMlvkxRypEE2iQT0mKFF8pAETwfRfERlggYnSAeZ0CPbiycvQKBbsUqF4d5GvXqdxZOEIjuEMbLiEKtxCDepA4BGe4RXejCfjxXg3PmatGSOdOYQ/Mj5/AHQsmJs=</latexit>

If we use a fully connected layer:

Assume "same" padding 
(more on padding later), 
such that the hidden layer has 
the same height and width as  
the original images

If we use a CNN:

Number of parameters:
(n1 ⇥ n2 ⇥ 3)⇥ (n1 ⇥ n2 ⇥ 5) + (n1 ⇥ n2 ⇥ 5)

<latexit sha1_base64="f7M2IyCCbGKSszwpEzA7touvXj8=">AAACbnicjVFdS8MwFE3r9/yqCj4oYnAIE2G0U9FH0RcfFdwmrGWkWbqFpWlJboVR9ugf9M3f4Is/wWzrxC/QC4Fzzj2Xm5yEqeAaXPfFsmdm5+YXFpdKyyura+vOxmZDJ5mirE4TkaiHkGgmuGR14CDYQ6oYiUPBmmH/etRvPjKleSLvYZCyICZdySNOCRip7Tz5gkVQke3cG2IfeMw0NqT2QU58xbs9OJryv/xnU/8x/r+37ZTdqjsu/BN4BSijom7bzrPfSWgWMwlUEK1bnptCkBMFnAo2LPmZZimhfdJlLQMlMeuCfBzXEB8apYOjRJkjAY/VzxM5ibUexKFxxgR6+ntvJP7Wa2UQXQQ5l2kGTNLJoigTGBI8yh53uGIUxMAAQhU3d8W0RxShYH6oZELwvj/5J2jUqt5JtXZ3Wr68KuJYRLvoAFWQh87RJbpBt6iOKHq1Nqwda9d6s7ftPXt/YrWtYmYLfSm78g4gJbmf</latexit>

(n1 ⇥ n2)
2 ⇥ 3⇥ 5 + n1 ⇥ n2 ⇥ 5

<latexit sha1_base64="vlqnhc3fU6Lx/Z6pl7BYCAsxuqw=">AAACJ3icbVDLSgMxFM3UV62vUZdugkWoCGVmquhKim5cVrAPaMchk6ZtaCYzJBmhDP0bN/6KG0FFdOmfmLZTsa0HAueecy839/gRo1JZ1peRWVpeWV3Lruc2Nre2d8zdvZoMY4FJFYcsFA0fScIoJ1VFFSONSBAU+IzU/f71yK8/ECFpyO/UICJugLqcdihGSkueeVngng1bigZEQu45x/fOtCpNyRk8gbNdv45n5q2iNQZcJHZK8iBFxTNfW+0QxwHhCjMkZdO2IuUmSCiKGRnmWrEkEcJ91CVNTTnSa9xkfOcQHmmlDTuh0I8rOFb/TiQokHIQ+LozQKon572R+J/XjFXnwk0oj2JFOJ4s6sQMqhCOQoNtKghWbKAJwoLqv0LcQwJhpaPN6RDs+ZMXSc0p2qWic3uaL1+lcWTBATgEBWCDc1AGN6ACqgCDR/AM3sC78WS8GB/G56Q1Y6Qz+2AGxvcPkT+itA==</latexit>

(128⇥ 128)2 ⇥ 3⇥ 5 + 128⇥ 128⇥ 5
<latexit sha1_base64="wIDK3OHyeChGXEtGziPkfE8+FMc=">AAACJ3icbZDLSgMxFIYzXmu9jbp0EyxCRSgzU8WupOjGZQV7gXYsmTTThmYyQ5IRytC3ceOruBFURJe+iWk7Fdt6IPDl/8/hJL8XMSqVZX0ZS8srq2vrmY3s5tb2zq65t1+TYSwwqeKQhaLhIUkY5aSqqGKkEQmCAo+Rute/Hvn1ByIkDfmdGkTEDVCXU59ipLTUNi/ztlOCLUUDIqHGk3tneitO4RyewtmuX6dt5qyCNS64CHYKOZBWpW2+tjohjgPCFWZIyqZtRcpNkFAUMzLMtmJJIoT7qEuaGjnSa9xk/M8hPNZKB/qh0IcrOFb/TiQokHIQeLozQKon572R+J/XjJVfchPKo1gRjieL/JhBFcJRaLBDBcGKDTQgLKh+K8Q9JBBWOtqsDsGe//Ii1JyCXSw4t2e58lUaRwYcgiOQBza4AGVwAyqgCjB4BM/gDbwbT8aL8WF8TlqXjHTmAMyU8f0D/zShJg==</latexit>

= 4, 026, 613, 760
<latexit sha1_base64="dyvKIXAMxG8wYcxK1SqLIk2XpJQ=">AAAB9XicbVBNS8NAEJ34WetX1aOXxSJ4KCVpS+tFKHrxWMF+QBvLZrtpl242YXejlND/4cWDIl79L978N27bHLT1wcDjvRlm5nkRZ0rb9re1tr6xubWd2cnu7u0fHOaOjlsqjCWhTRLyUHY8rChngjY105x2Iklx4HHa9sY3M7/9SKViobjXk4i6AR4K5jOCtZEerioFu1QtVJ1yoVa1+7m8XbTnQKvESUkeUjT6ua/eICRxQIUmHCvVdexIuwmWmhFOp9lerGiEyRgPaddQgQOq3GR+9RSdG2WA/FCaEhrN1d8TCQ6UmgSe6QywHqllbyb+53Vj7V+6CRNRrKkgi0V+zJEO0SwCNGCSEs0nhmAimbkVkRGWmGgTVNaE4Cy/vEpapaJTLpbuKvn6dRpHBk7hDC7AgRrU4RYa0AQCEp7hFd6sJ+vFerc+Fq1rVjpzAn9gff4AVWGPzg==</latexit>
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What a CNN Can See
Simple example: vertical edge detector

(From classical computer vision research)
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What a CNN Can See
Simple example: vertical edge detector
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What a CNN Can See
Simple example: horizontal edge detector

A CNN can learn whatever it finds  
best based on optimizing the objective 
(e.g., minimizing a particular loss  
to achieve good classification accuracy)
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Which patterns from the training set activate the feature map? 

What a CNN Can See

Zeiler, M. D., & Fergus, R. (2014, September). Visualizing and understanding convolutional 
networks. In European conference on computer vision (pp. 818-833). Springer, Cham.

Method: backpropagate strong activation signals in hidden layers to the input images, 
then apply "unpooling" to map the values to the original pixel space for 
visualization

Visualizing and Understanding Convolutional Networks 825
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Fig. 3. Architecture of our 8 layer convnet model. A 224 by 224 crop of an image (with
3 color planes) is presented as the input. This is convolved with 96 different 1st layer
filters (red), each of size 7 by 7, using a stride of 2 in both x and y. The resulting
feature maps are then: (i) passed through a rectified linear function (not shown), (ii)
pooled (max within 3x3 regions, using stride 2) and (iii) contrast normalized across
feature maps to give 96 different 55 by 55 element feature maps. Similar operations are
repeated in layers 2,3,4,5. The last two layers are fully connected, taking features from
the top convolutional layer as input in vector form (6 · 6 · 256 = 9216 dimensions).
The final layer is a C-way softmax function, C being the number of classes. All filters
and feature maps are square in shape.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

Fig. 4. Evolution of a randomly chosen subset of model features through training.
Each layer’s features are displayed in a different block. Within each block, we show
a randomly chosen subset of features at epochs [1,2,5,10,20,30,40,64]. The visualiza-
tion shows the strongest activation (across all training examples) for a given feature
map, projected down to pixel space using our deconvnet approach. Color contrast is
artificially enhanced and the figure is best viewed in electronic form.

occluder covers the image region that appears in the visualization, we see a
strong drop in activity in the feature map. This shows that the visualization
genuinely corresponds to the image structure that stimulates that feature map,
hence validating the other visualizations shown in Fig. 4 and Fig. 2.

5 Experiments

5.1 ImageNet 2012

This dataset consists of 1.3M/50k/100k training/validation/test examples,
spread over 1000 categories. Table 1 shows our results on this dataset.

Using the exact architecture specified in Krizhevsky et al. [18], we attempt to
replicate their result on the validation set. We achieve an error rate within 0.1%
of their reported value on the ImageNet 2012 validation set.

Next we analyze the performance of our model with the architectural changes
outlined in Section 4.1 (7× 7 filters in layer 1 and stride 2 convolutions in layers
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Which patterns from the training set activate the feature map? 

What a CNN Can See
Zeiler, M. D., & Fergus, R. (2014, September). Visualizing and understanding convolutional 
networks. In European conference on computer vision (pp. 818-833). Springer, Cham.824 M.D. Zeiler and R. Fergus

Layer 2

Layer 1

Layer 3

Layer 4 Layer 5

Fig. 2. Visualization of features in a fully trained model. For layers 2-5 we show the top
9 activations in a random subset of feature maps across the validation data, projected
down to pixel space using our deconvolutional network approach. Our reconstructions
are not samples from the model: they are reconstructed patterns from the validation set
that cause high activations in a given feature map. For each feature map we also show
the corresponding image patches. Note: (i) the the strong grouping within each feature
map, (ii) greater invariance at higher layers and (iii) exaggeration of discriminative
parts of the image, e.g. eyes and noses of dogs (layer 4, row 1, cols 1). Best viewed in
electronic form. The compression artifacts are a consequence of the 30Mb submission
limit, not the reconstruction algorithm itself.
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End of part 1


