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<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>

...
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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 1. 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).

due to its high training complexity [1]. Our proposed CORAL
framework does neither require a cost matrix with convex-
row conditions nor explicit weighting terms that depend on
each training example to obtain a rank-monotonic threshold
model and to produce consistent predictions for each binary
task. Moreover, CORAL allows for an optional task impor-
tance weighting. The optional assignment of non-uniform task
importance weights, for example, may be used to address
label imbalances (Section III-E), which makes the CORAL
framework more applicable to real-world datasets.

B. Ordinal Regression with a Consistent Rank Logits Model

We propose the Consistent Rank Logits (CORAL) model for
multi-label CNNs with ordinal responses. Within this frame-
work, the binary tasks produce consistently ranked predictions.
The following two subsections describe the label extension
into binary tasks performed during training as well as the
loss function for parameterizing the neural network to predict
ordinal labels.

a) Label Extension and Rank Prediction.: Given the
training dataset D = {xi, yi}N

i=1, we first extend a rank
label yi into K � 1 binary labels y(1)

i , . . . , y(K�1)
i such that

y(k)
i 2 {0, 1} indicates whether yi exceeds rank rk, i.e.,

y(k)
i = {yi > rk}. The indicator function {·} is 1 if

the inner condition is true, and 0 otherwise. Providing the
extended binary labels as model inputs, we train a single
CNN with K � 1 binary classifiers in the output layer. Here,
the K � 1 binary tasks share the same weight parameter but
have independent bias units, which solves the inconsistency
problem among the predicted binary responses and reduces
the model complexity (Figure 1).

Based on the binary task responses, the predicted rank for

an input xi is then obtained via

h(xi) = rq, (1)

q = 1 +
K�1X

k=1

fk(xi), (2)

where fk(xi) 2 {0, 1} is the prediction of the kth binary
classifier in the output layer. We require that {fk}K�1

k=1 reflect
the ordinal information and are rank-monotonic,

f1(xi) � f2(xi) � . . . , fK�1(xi),

which guarantees that the predictions are consistent.
b) Loss Function.: Let W denote the weight parameters

of the neural network excluding the bias units of the final
layer. The penultimate layer, whose output is denoted as
g(xi,W), shares a single weight with all nodes in the final
output layer. K � 1 independent bias units are then added
to g(xi,W) such that {g(xi,W) + bk}K�1

k=1 are the inputs
to the corresponding binary classifiers in the final layer. Let
s(z) = 1/(1+exp(�z)) be the logistic sigmoid function. The
predicted empirical probability for task k is defined as

(3)bP (y(k)
i = 1) = s(g(xi,W) + bk).

For model training, we minimize the loss function

(4)

L(W,b) =

�
NX

i=1

K�1X

k=1

�(k)[ log(s(g(xi,W) + bk))y(k)
i

+ log(1 � s(g(xi,W) + bk))(1 � y(k)
i )],

which is the weighted cross-entropy of K�1 binary classifiers.
For rank prediction (Eq. 1), the binary labels are obtained via

(5)fk(xi) = { bP (y(k)
i = 1) > 0.5}.
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TABLE 1. Overview of existing methods for imparting soft-biometric privacy and their comparison based on three criteria: Transferability, generalizability,
and retention of matching performance; transferability refers to the ability to generate perturbations that can successfully confound a different gender
classifier, whereas generalizability is a stronger criterion for the ability to confound any arbitrary unseen gender classifier.

human interpretability, and 2) the potential lack of compat-
ibility with newer face matchers in the future. Hence, it is
desirable to modify the gender information in the original
face images directly, which is also the goal of the method
presented in this paper, as opposed to modifying face rep-
resentation vectors. An overview of existing techniques and
their properties (transferability, generalization to arbitrary
attribute classifiers, and retaining matching utility) is shown
in Table 1.

In [45], we investigated how well the SAN model gen-
eralizes to multiple unseen gender classifiers and unseen
face matchers. To improve the generalizability of the SAN
model, we proposed an ensemble scheme based on multiple
SAN models trained on different training subsets. However,
we observed that even though the generalizability could be
improved, the SANmodel was still not able to generalize well
to all unseen face matchers and gender classifiers tested in
this study. In this work, we address the generalization issue
of the SAN method using a novel stacking paradigm that
will successively enhance the perturbations for confounding
an arbitrary unseen gender classifier as illustrated in Fig. 1.
We refer to this method as FlowSAN. The primary contribu-
tions of this work are as follows:

• Designing the FlowSAN model that can successively
degrade the performance of arbitrary unseen gender
classifiers;

• Generalizing the FlowSAN model to multiple arbitrary
gender classifiers;

• Demonstrating the practicality and efficacy of the pro-
posed approach in confounding the gender information
for real-world privacy applications via extensive experi-
ments involving broad and diverse sets of datasets.

III. PROPOSED METHOD
Original SAN Model [44]: The SAN model for imparting
gender privacy to face images was first proposed in [44],
and the overall architecture is shown in Fig. 2. The SAN
model leverages pre-computed face prototypes, which are
average face images for each gender. SAN consists of three
subnetworks: 1) a convolutional autoencoder that perturbs
an input face image via face prototypes, 2) an auxiliary face
matcher, which is a convolutional neural network (CNN),
and 3) a CNN-based auxiliary gender classifier. The input

FIGURE 2. Architecture of the original SAN model [44] composed of three
subnetworks: I: A convolutional autoencoder [50], II: An auxiliary face
matcher (M), and III: An auxiliary gender classifier (G). In addition,
the unit D computes the pixelwise dissimilarity between input and
perturbed images during model training.

to the convolutional autoencoder is a gray-scale2 face image
Iorig, of size 224⇥224⇥1, fused with a face prototype belong-
ing to the same gender (Psm). After the fused input image was
passed through the encoder and decoder networks, the face
prototypes (Psm prototype face image from the same gen-
der as input image, or Pop the prototype face image of the
opposite gender) are added as additional channels to the
resulting 128-channel feature-map representation. Finally,
a 1⇥1-convolutional operation is used to reduce the num-
ber of channels in the resulting feature-maps to a 224⇥
224⇥1-dimensional output image, which is denoted as
I 0sm or I 0op, depending on the type of prototype used by the
decoder:

I 0sm = SAN(Iorig;Psm), and
I 0op = SAN(Iorig;Pop). (1)

These output images, I 0sm and I 0op, are then passed to both the
auxiliary face matcher and the auxiliary gender classifier. The
auxiliary face matcher predicts whether the original and the
perturbed face images belong to the same individual via a
face match score. The gender classifier predicts the gender of
the input and output images via gender probabilities for male
and female.3 For the auxiliary face matcher, the pre-trained,

2Since most face matchers work with gray-scale face images, we used
gray-scale images in all experiments to allow for a fair comparison between
matchers based on the same input data.

3In this paper, we have assumed binary labels for gender; however, it must
be noted that societal and personal interpretation of genderwill result inmany
more classes.
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Machine learning is the field of study that gives computers the 
ability to learn without being explicitly programmed 

— Arthur Samuel (1959)

Inputs (observations)

ProgramProgrammer Computer Outputs

The Traditional Programming Paradigm 

Inputs

Outputs
Computer Program
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The Traditional Ligand Discovery Paradigm
Active molecules and/or 

receptor structure

Domain expert (user) 
+ programmer (developer)

Docking or 
similarity search 

software 
+ custom rules

Predicted bioactivity

Machine Learning-augmented Ligand Discovery Paradigm
Structures 

Pharmacophores 
Overlays 

...

Measured bioactivity

Machine learning/ 
deep learning 

algorithm

(Custom) 
Predictive model
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Machine Learning

AI
Deep  

Learning

The Connection Between Fields

= a non-biological 
system that is intelligent 
through rules

= algorithms that 
parameterize multi-layer 
neural networks that then 
learn representations of 
data with multiple layers of  
abstraction

= algorithms that learn 
models/representations/ 
rules automatically from 
data/examples
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https://doi.org/10.1016/j.sbi.2019.02.011

https://doi.org/10.1016/j.sbi.2019.02.011
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Experimental Activity 
Data (Test Set)

Test Set
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Validation 2

https://www.sciencedirect.com/science/article/abs/pii/S0959440X18301362

S. Raschka (2019) Automated discovery of GPCR bioactive 
ligands. Current Opinion in Structural Biology 2019, 55:17–
24 

https://www.sciencedirect.com/science/article/abs/pii/S0959440X18301362
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Iterative process

S. Raschka (2019) Automated discovery of GPCR bioactive 
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Molecule Library

Known Ligand Known 
Receptor Structure

Prioritization: 
Quantitative 

Ranking & Selection

Experimental 
Assays

Activity Data

Machine Learning

Predict 
binding mode

Predict active ligands from docking

Predict active ligands from
pharmacophores or 

known-ligand similarity

Use activity data as training set labels

Predict active ligands from 
docking and similarity scores

Predict active ligands by 
learning structure-activity relationships

https://www.sciencedirect.com/science/article/
abs/pii/S0959440X18301362

Sebastian Raschka (2019) Automated discovery of 
GPCR bioactive ligands. Current Opinion in Structural 
Biology 2019, 55:17–24 

• ML particularly attractive as activity 
data become available after initial 
rounds of screening and assaying


• Use ML to guide further rounds of 
screening and experimental testing 

https://www.sciencedirect.com/science/article/abs/pii/S0959440X18301362
https://www.sciencedirect.com/science/article/abs/pii/S0959440X18301362
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Case study 1 

GPCR inhibitor discovery for invasive species control  

Identifying a pheromone inhibitor in low nanomolar concentration



!12https://en.wikipedia.org/wiki/Sea_lamprey#/media/File:Sea_lamprey_on_brown_trout_flipped.jpg

Discovery of a pheromone receptor inhibitor for invasive species control (sea lamprey) 
in the Great Lakes
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Virtual screening

Small molecule-based

Receptor structure-based

Assuming molecules similar to a 
known binder are also  
likely to bind the target receptor 
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Experimental 
assay Hypothesis

Machine learning
Millions of molecules

Small number of 
(potentially)  

active molecule

Hypothesis-based Filtering
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S. Raschka, N. Liu, S. Gunturu, A.M. Scott, M. Huertas, W. Li, and L.A. 
Kuhn (2018)  
Facilitating the hypothesis-driven prioritization of small molecules in large 
databases: Screenlamp and its application to GPCR inhibitor discovery. 
Journal of Computer-Aided Molecular Design, 32(3), 415-433.

https://psa-lab.github.io/screenlamp

https://psa-lab.github.io/screenlamp
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Sebastian Raschka (2017) BioPandas: Working with molecular structures in Pandas DataFrames.  
The Journal of Open Source Software 2.14.
http://rasbt.github.io/biopandas/

http://rasbt.github.io/biopandas/
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this turns out to be one of the most effective antagonists of 
3kPZS according to in vivo olfactory inhibition of 3kPZS 
response. Trisulfated PZS shows even greater promise in 
behavioral tests with sea lamprey in natural stream water 
(manuscript in preparation). The other hypotheses that were 
most effective, discovering moderate-activity compounds 
that blocked 40–65% of the olfactory response to 3kPZS, 
were hypothesis 1 (compounds matching the 3-keto and 
24-sulfate groups in 3kPZS) and hypothesis 6 (compounds 
containing a 5-β steroid ring and 24-sulfate group match).

Enrichment of active molecules 
through hypothesis-based filtering criteria

While shaped-based ranking methods for ligand-based vir-
tual screening such as ROCS yield favorable results when 
tested for the ability to identify active molecules among a 
large set of decoys [10], the development of Screenlamp 
was driven by the need to include domain-based knowledge, 
such as spatial relationships between a subset of functional 
groups observed in pheromones, to discover compounds 
highly enriched in activity. The benefits of incorporating 
system-specific criteria when screening is underscored by 
considering the results of using only shape and charge scor-
ing. Upon comparing the TanimotoCombo scores alone, 
based on shape and pharmacophore similarity to 3kPZS, 
with EOG assay values representing the percent inhibition 
of 3kPZS response for the 299 compounds (Supplementary 
Material 15, Table S3), the correlation between molecular 
similarity scores and percent inhibition of 3kPZS response 
values was low (Fig. 8), as indicated by a Pearson linear 
correlation coefficient value (R) of 0.07. On the other hand, 
the consistently accurate 3D overlays with 3kPZS provided 
by ROCS for the entire screening database were essential for 
prioritization of compounds prior to chemical group match-
ing, and the accurate ROCS overlays also enabled correct 
detection of chemical group matching in Screenlamp.

These results are consistent with a high degree of molecu-
lar similarity from overlay with a known ligand (or com-
plementarity with the protein) being a useful feature in 
molecules that compete with a known ligand for receptor 
binding. However, overall similarity with a known ligand 
is typically insufficient to ensure that the same biological 
response is generated (e.g., activation or inhibition). Bioac-
tive molecules form an exquisitely selective set of interac-
tions in order to exclude the possibility of potentially lethal 
binding by the wrong ligands. The key is to identify which 
groups are making those specificity-determining interac-
tions. Based on the experimental EOG data for 299 tested 
compounds, it is apparent that using hypothesis-driven func-
tional group matching criteria in addition to ROCS-based 
similarity scoring yields greater enrichment of activity 
(Fig. 9), while also allowing identification of those critical 

Fig. 7  a Heat map showing the functional group matches of the 15 
most active and 15 least active molecules when overlaid with 3kPZS. 
The percent inhibition was computed as the average inhibition over 
two or more independent electro-olfactogram assays. Heat map cells 
containing 1’s indicate the presence of a match and 0’s indicate the 
absence of a match. b 3D representation of an energetically favorable 
3kPZS conformer with functional group labels, to aid in interpreting 
the heat map x-axis labels. We have developed computational proto-
cols to identify activity discriminants from such data; see [65] and the 
example code on GitHub: https ://githu b.com/psa-lab/predi cting -activ 
ity-by-machi ne-learn ing
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Tabulating functional group matches (via screenlamp) from 
3D volumetric and electrostatic (via OpenEye ROCS) with a  

known bioactive molecule

Assay data

(3kPZS pheromone)
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Thresholding Assay Data

0% 100%

0-25% signal inhibition 50-100% signal inhibition
= active= non-active
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Thresholding Assay Data
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MLXTEND
Sebastian Raschka (2018) MLxtend: Providing machine 
learning and data science utilities and extensions to 
Python’s scientific computing stack.  
The Journal of Open Source Software 3.24.

scikit

http://rasbt.github.io/mlxtend/ https://scikit-learn.org

Pedregosa et al. (2011) Scikit-learn: Machine learning in 
Python.  
Journal of Machine learning Research 2825-2830.

SequentialFeatureSelector KNeighborsClassifier

http://rasbt.github.io/mlxtend/
https://scikit-learn.org
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69% signal inhibition

62% signal inhibition

"Sulfate-tail"  
sufficient 

for bioactivity
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this project, non-actives were defined as molecules that block the
olfactory response by less than 40% in EOG assays, and molecules
that block the signaling response by at least 60% were defined as
actives.

The DKPES dataset for analysis by machine learning contains
the ROCS overlay scores from ligand-based screening (Fig. 3) as
well as the functional group matching information provided by
Screenlamp in tabular form [10] (https://github.com/psa-lab/
screenlamp).

Using the DKPES dataset as a case study, section 3 will explain
how to work with such tabular datasets consisting of samples and
molecular features using open source libraries for data parsing,

Fig. 4 2D structures of the four DKPES analogs (“ENE” compounds) [22]. ENE1: 7,24-dihydroxy-3,12-diketo-
1,4-choladiene-24-sulfate; ENE2: 7,24-dihydroxy-3,12-diketo-4-cholene-24-sulfate; ENE3: 7,12,24-trihy-
droxy-3-keto-4-cholene-24-sulfate; ENE4: 7,12,24-trihydroxy-3-keto-1-cholene-24-sulfate

Fig. 5 3D structures and percent DKPES olfactory inhibition of the two most active molecules (actives, top row)
and two low-activity molecules (non-actives, bottom row) from the screening set, shown in green as overlayed
with the best-matching DKPES 3D conformer (cyan)

Inferring Activity Discriminants 313

Sebastian Raschka, Leslie A. Kuhn, Anne M. Scott, and Weiming Li (2018) Computational Drug 
Discovery and Design: Automated Inference of Chemical Group Discriminants of Biological Activity 
from Virtual Screening Data. Springer. ISBN: 978-1-4939-7755-0

https://link.springer.com/protocol/10.1007/978-1-4939-7756-7_16

https://link.springer.com/protocol/10.1007/978-1-4939-7756-7_16
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Case study 2 

Predicting active state from structures with 
96.6% accuracy (LOOCV)

"Flexibility Signatures of Class A GPCR Activation" (2019) 
Joseph Bemister-Buffington, Alex J. Wolf, Sebastian Raschka, and Leslie A. Kuhn, 

manuscript in preparation 
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“bad” docking 

→ flexible binding pocket


near-native binding mode 

→ rigid binding pocket


ProF lex : D. J. Jacobs, A. J. Rader, L. A. Kuhn, and M. F. Thorpe (2001)
Protein Flexibility Predictions Using Graph Theory. Proteins: 44, 150-165

.

Chorismate mutase and prephenate (PDB code: 1com)


ProFlex: D. J. Jacobs, A. J. Rader, L. A. Kuhn, and M. F. Thorpe (2001) 
Protein Flexibility Predictions Using Graph Theory. Proteins: 44, 150-16
https://psa-lab.github.io/siteinterlock/

SiteInterlock: S. Raschka, J. Bemister-Buffington, L. A. Kuhn (2016) 
Detecting the native ligand orientation by interfacial rigidity: SiteInterlock. 
Proteins: Structure, Function and Bioinformatics 84.12: 1888-1901



!27

Virtual screening

Small molecule-based

Receptor structure-based

Assuming molecules similar to a 
known binder are also  
likely to bind the target receptor 
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Sheet1

Page 1

PDB ID Activity* Chain ID Structure Description Ligand Name Organisms
Resolution 

(Å) R(free) R(work)

2VT4 0 A Beta1 adrenergic receptor
4-{[(2s)-3-(Tert-butylamino)-2-hydroxypropyl]oxy}-3h-indole-2-
carbonitrile Meleagris gallopavo 2.7 0.268 0.212

3ODU 0 A CXCR4 chemokine receptor 
(6,6-Dimethyl-5,6-dihydroimidazo[2,1-b][1,3]thiazol-3-
yl)methyl n,n'-dicyclohexylimidothiocarbamate Homo sapiens 2.5 0.282 0.237

3V2Y 0 A Lyso-phospholipid sphingosine 1-phosphate receptor
{(3r)-3-Amino-4-[(3-hexylphenyl)amino]-4-
oxobutyl}phosphonic acid Homo sapiens 2.8 0.272 0.229

3VW7 0 A Human protease-activated receptor 1 (PAR1)

Ethyl [(1r,3ar,4ar,6r,8ar,9s,9as)-9-{(e)-2-[5-(3-
fluorophenyl)pyridin-2-yl]ethenyl}-1-methyl-3-
oxododecahydronaphtho[2,3-c]furan-6-yl]carbamate Homo sapiens 2.2 0.235 0.218

3EML 0 A A2A adenosine receptor
4-{2-[(7-Amino-2-furan-2-yl[1,2,4]triazolo[1,5-a][1,3,5]triazin-5-
yl)amino]ethyl}phenol Homo sapiens 2.6 0.231 0.196

2RH1 0 A Beta2-adrenergic receptor (2s)-1-(9h-Carbazol-4-yloxy)-3-(isopropylamino)propan-2-ol Homo sapiens 2.4 0.232 0.196
1GZM 0 A Bovine rhodopsin Retinal Bos taurus 2.65 0.235 0.201

4DKL 0 A Mu-opioid receptor 
Methyl 4-{[(5beta,6alpha)-17-(cyclopropylmethyl)-3,14-
dihydroxy-4,5-epoxymorphinan-6-yl]amino}-4-oxobutanoate Mus musculus 2.8 0.275 0.233

3PBL 0 A Dopamine D3 receptor Eticlopride Homo sapiens 2.89 0.272 0.243
4DJH 0 A Kappa opioid receptor JDTic Homo sapiens 2.9 0.265 0.227
4MBS 0 A CCR5 chemokine receptor Maraviroc Homo sapiens 2.71 0.263 0.216
4S0V 0 A OX2 orexin receptor Suvorexant Homo sapiens 2.5 0.242 0.197
4U15 0 A M3 muscarinic receptor Tiotropium Rattus norvegicus 2.8 0.261 0.23
4XNW 0 A Purinergic receptor P2Y1 MRS2500 Homo sapiens 2.7 0.267 0.218
4YAY 0 A Angiotensin receptor ZD7155 Homo sapiens 2.9 0.274 0.228
4Z35 0 A Lysophosphatidic acid receptor 1 ONO-9910539 Homo sapiens 2.9 0.265 0.279
5CXV 0 A M1 muscarinic acetylcholine receptor Tiotropium Homo sapiens 2.7 0.282 0.231
5T1A 0 A CC chemokine receptor 2 (CCR2) BMS-681 Homo sapiens 2.81 0.274 0.234

3QAK 1 A A2A adenosine receptor

6-(2,2-Diphenylethylamino)-9-[(2r,3r,4s,5s)-5-
(ethylcarbamoyl)-3,4-dihydroxy-oxolan-2-yl]-n-[2-[(1-pyridin-2-
ylpiperidin-4-yl)carbamoylamino]ethyl]purine-2-carboxamide Homo sapiens 2.71 0.273 0.217

4IAR 1 A 5-HT1b Ergotamine Homo sapiens 2.7 0.261 0.223
4PXZ 1 A Purinergic receptor P2Y12 receptor 2-(Methylsulfanyl)adenosine 5'-(trihydrogen diphosphate) Homo sapiens 2.5 0.23 0.2
2YDV 1 A A2A receptor n-Ethyl-5'-carboxamido adenosine Homo sapiens 2.6 0.258 0.233
3PQR 1 A Metarhodopsin II Retinal Bos taurus 2.85 0.25 0.217

5C1M 1 A Mu-opioid receptor

(2s,3s,3ar,5ar,6r,11br,11cs)-3a-Methoxy-3,14-dimethyl-2-
phenyl-2,3,3a,6,7,11c-hexahydro-1h-6,11b-(epiminoethano)-
3,5a-methanonaphtho[2,1-g]indol-10-ol Mus musculus 2.1 0.221 0.185

4XES 1 A Neurotensin receptor Neurotensin chain B Rattus norvegicus 2.6 0.28 0.23
5GLH 1 A Endothelin receptor type B Endothelin-1 peptide chain B Homo sapiens 2.8 0.277 0.234
5TVN 1 A 5-HT2b receptor LSD Homo sapiens 2.9 0.263 0.21

*1 = active; 0 = inactive
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5TVN 1 A 5-HT2b receptor LSD Homo sapiens 2.9 0.263 0.21

*1 = active; 0 = inactive

... ... ... ... ... ... ... ... ...

... ... ... ... ... ... ... ... ...

Dataset of Active and Inactive GPCRs (here: only Class A)
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Tyrosine toggle
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P

F

P

Transmission 
switch

Y
H5.2

H7.3
H3.3

E

Circles represent residue positions of well-conserved GPCR motifs. The residues shown are those found in human CXCR4
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Figure M2.

H1 H2 H3 H4 H5 H6 H7 H8

ProFlex analysis of GPCR X

Activity PDB H5.1l H2.2s H3.1f …

Inactive 2RH1 1 0 0 1

Inactive 3EML 1 0 0 0

Inactive 2V2Y 1 0 0 1

Active 5GLH 0 1 1 0

Active 3PQR 1 0 1 0

Active 2YDV 1 0 1 0

? GPCR X 0 0 1 0

B

C

H1
H2

H3

H4 H5

H6H7

H8

GPCR X is 

predicted to be 

active, based on 

the activity of its 

nearest neighbors

D

Active 5glh

H2.2s

H5.1l

y

x

z

H3
.1

f

1

1

Cluster of actives
3pqr, 2ydv

Cluster of 
inactives (2rh1, 
3eml, 2v2y)

GPCR X

K-nearest neighbors classification of 

GPCR X activity based on known 

activity of 3 nearest neighbor GPCRs

Tabulation of key discriminatory 

flexible and rigid features of 

helices and loops in GPCR X and 

GPCRs of known activity

Structural view of flexible 

and rigid regions in GPCR X

A



H2.2 region (yellow) tends 
to be a separate, internally 
rigid helical region hinged 
to the end of the helix 
(H2.3) in active structures; it 
tends to be mutually rigid with 
the scaffold-like largest rigid 
region of the GPCR (red) in 
inactive structures

ECL1 region (yellow) 
tends to be part of the 
scaffold-like largest rigid 
region (red) in inactive 
structures and flexible in 
active structures

H3.1 (yellow) tends to be 
flexible in active 
structures and part of the 
scaffold-like largest rigid 
region (red) in inactive 
structures

H5.1 (yellow) tends to be 
part of the scaffold-like 
largest rigid region (red) 
in inactive structures, 
and separately rigid 
(hinging relative to the rest 
of H5) or flexible in active 
structures
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We anticipate that ProFlex-based classification of GPCRs into  
active vs. inactive  

will also be useful for ligand design:  agonists vs antagonists
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Current Trends and Outlook



!34

Ragoza, M., Hochuli, J., Idrobo, E., Sunseri, J., & Koes, D. R. (2017). 
Protein–ligand scoring with convolutional neural networks. Journal of 
chemical information and modeling, 57(4), 942-957.

Protein−Ligand Scoring with Convolutional Neural Networks
Matthew Ragoza,†,‡ Joshua Hochuli,‡,¶ Elisa Idrobo,§ Jocelyn Sunseri,∥ and David Ryan Koes*,∥

†Department of Neuroscience, ‡Department of Computer Science, ¶Department of Biological Sciences, and ∥Department of
Computational and Systems Biology, University of Pittsburgh, Pittsburgh, Pennsylvania 15260, United States
§Department of Computer Science, The College of New Jersey, Ewing, New Jersey 08628, United States

*S Supporting Information

ABSTRACT: Computational approaches to drug discovery
can reduce the time and cost associated with experimental
assays and enable the screening of novel chemotypes.
Structure-based drug design methods rely on scoring functions
to rank and predict binding affinities and poses. The ever-
expanding amount of protein−ligand binding and structural
data enables the use of deep machine learning techniques for
protein−ligand scoring. We describe convolutional neural
network (CNN) scoring functions that take as input a
comprehensive three-dimensional (3D) representation of a
protein−ligand interaction. A CNN scoring function automatically learns the key features of protein−ligand interactions that
correlate with binding. We train and optimize our CNN scoring functions to discriminate between correct and incorrect binding
poses and known binders and nonbinders. We find that our CNN scoring function outperforms the AutoDock Vina scoring
function when ranking poses both for pose prediction and virtual screening.

■ INTRODUCTION
Protein−ligand scoring is a keystone of structure-based drug
design. Scoring functions rank and score protein−ligand
structures with the intertwined goals of accurately predicting
the binding affinity of the complex, selecting the correct
binding mode (pose prediction), and distinguishing between
binders and nonbinders (virtual screening).
Existing empirical1−7 and knowledge-based8−13 scoring

functions parametrize a predetermined function, which is
usually physically inspired, to fit data, such as binding affinity
values. Scoring functions that use machine learning1,13−25

provide greater flexibility and expressiveness as they learn both
parameters and the model structure from data. However, the
resulting model often lacks interpretability, and the increased
expressiveness increases the probability of overfitting the model
to the data, in which case the scoring function will not
generalize to protein targets or ligand chemotypes not in the
training data. The risk of overfitting increases the importance of
rigorous validation,26,27 but the inherent increase in flexibility
allows machine learning methods to outperform more
constrained methods when trained on an identical input
set.28 The choice of input features can limit the expressiveness
of a machine learning method. Features such as atom
interaction counts,22 pairwise atom distance descriptors,13

interaction fingerprints,21 or “neural fingerprints” generated
by learned atom convolutions24 necessarily eliminate or
approximate the information inherent in a protein−ligand
structure, such as precise spatial relationships.
Neural networks29 are a neurologically inspired supervised

machine learning technique that is routinely and successfully
applied to problems such as speech recognition and image

recognition. A basic network consists of an input layer, one or
more hidden layers, and an output layer of interconnected
nodes. Each hidden node computes a feature that is a function
of the weighted input it receives from the nodes of the previous
layer. The outputs are propagated to each successive layer until
the output layer generates a classification. The network
architecture and choice of activation function for each layer
determine the design of the network. The weights that
parametrize the model are typically optimized to fit a given
training set of data to minimize the error of the network.
Deep learning30 refers to neural networks with many layers,

which are capable of learning highly complex functions and
have been made practical largely by the increase in computa-
tional power provided by modern graphics cards. The
expressiveness of a neural network model can be controlled
by the network architecture, which defines the number and type
of layers that process the input to ultimately yield a
classification. The network architecture can be manually or
automatically tuned with respect to validation sets to be as
expressive as needed to accurately model the data and reduce
overfitting.31,32 Structure-based scoring functions that use
neural networks20−25 were recently shown to be competitive
with empirical scoring in retrospective virtual screening
exercises while also being effective in a prospective screen of
estrogen receptor ligands.33 Neural networks have also been
successfully applied in the cheminformatics domain through
creative manipulations of 2D chemical structure and con-
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virtual screen. Researchers in industry have shown that expert-
engineered features and support vector machines can be used
to predict stability in human liver microsomes9,10 effectively,
among other end points. Multitask, fully connected neural
networks on these same inputs, has been shown to on average
outperform more traditional models,11,12 including XGBoost,13

with performance scaling monotonically with the number of tasks
into the thousands.14 Progress in learning from small amounts of
data has been achieved using variants of matching networks.15

More recently, use of 3D convolutional neural networks has
shown considerable promise in predicting protein−ligand
binding energy16 (drug potency), and ranking models have
made considerable progress is drug repurposing.17

More recently, progress has been made in generating novel
molecules in silico, unlocking the possibility of screening mole-
cules that have been designed by machines instead of humans.
This may allow exploration of far-reaching regions of chem-
ical space that are beyond those covered by existing human-
engineered screens in industry. Success with these approaches
was first demonstrated using Adversarial Autoencoders, which
were shown to be able to hallucinate (generate) chemical
fingerprints that matched with a variety of patented anticancer
assets.18 Variational Autoencoders have also been used in this
area19 and have been shown to be able to hallucinate molecules
that have exceptional solubility and low similarity to the training
set. Segler20 et al. relied on LSTMs trained on chemical language
representations to achieve a similar result for potency end points.
Recently, more progress has been made using Generative Adver-
sarial Neural Network models, first on 2D representations18 and
later on 3D representations.21

As these prediction systems improve, the average quality of
molecules selected for synthesis in drugs programs improves
significantly,22 resulting in programs that get to the clinic faster
and with lower capital requirements, which is significant in light
of pipeline attrition rates. For drugs in phase I, excluding port-
folio rebalancing, ∼40% fail due to toxicity and ∼15% fail due
to poor pharmacokinetics, both of which have the potential to
be captured by these prediction systems long before the clinic.23

In this work, the state of the art of drug discovery feature
engineering is compared against the state of the art of geomet-
ric deep learning in a rigorous manner. We will show that geo-
metric deep learning can autonomously learn representations
that outperform those designed by domain experts on four out
of five of the data sets tested.

■ CHEMICAL EMBEDDINGS
The first challenge in machine learning is selecting a numerical
representation that correctly captures the underlying dynamics
of the training data, also known as features or an embedding,
terms we will use interchangeably in this work. A fixed-shape
representation is typically required simply because the mathe-
matics of learning algorithms require that their inputs be the
same shape. Selecting an embedding that respects the under-
lying structure of the data cannot be overlooked because cer-
tain mathematical assumptions that apply to some data sets
need not apply to others, reversing an English sentence destroys
its meaning, whereas reversing an image generally would not.
In natural language processing, a pernicious problem is that
sentences need not be the same length and that locality must
be respected because words are highly related to their
neighbors. Bag of words embeddings resolves this by mapping
sentences into bit vectors that indicate the presence or absence
of adjacent words in the document [Figure 1]. This convenient,

fixed length bit vector can later be used to train a classifier for
any natural language processing task.
In molecular machine learning, engineering good embedding/

features is a considerable challenge because molecules are
unwieldy, undirected multigraphs with atoms being nodes
and bonds being edges. A good chemical embedding would
be able to model graphs with a differing number of nodes and
edge configurations while preserving locality because it is
understood that atoms that are close to each other generally
exhibit more pronounced interactions than atoms that are
distant.
More formally, for a molecule represented with an adjacency

matrix A ∈ {0, 1}n×n and atom-feature matrix ∈ ×5X n d, we
want to construct some function f with (optionally) learnable
parameters θ ∈ 5w s.t

θ →f A X x: ( , ; ) d

where x is a fixed-shape representation that captures the
essence of the underlying graph. This vector is then passed to a
learning algorithm of a scientist’s choice, such as random
forests or a fully connected neural network.

Naive Embeddings. A standard chemistry embedding
solution is the extended-connectivity fingerprints (ECFP4).24

These fingerprints generate features for every radius r ≤ 4,
which is the maximum distance explored on the graph from the
starting vertex. For a specific r and specific vertex in the graph,
ECFP4 takes the neighborhood features from the previous
radius, concatenates them, and applies a hash function, the
range of which corresponds to indices on a hash table. After
iterating over all vertices and radius values, this bag of fragments
approach to graph embedding results in task agnostic represen-
tation that can be easily passed onto a learning algorithm.

Expert Embeddings. Cheminformatics experts in drug
discovery have, over decades, engineered numerous domain-
specific, physiologically relevant features, also known as
descriptors. For example, polar surface area (PSA) is a feature
that is calculated as the sum of the surface area contributions of
the polar atoms in a molecule, a feature well-known in industry
to negatively correlate with membrane permeability. There are
101 of these publicly available, expert-engineered features
[Table 3] that are easily available in the open-source RDKit
package.

Learnable Embeddings. One criticism of the naive
embeddings is that they are not optimized for the task at
hand. The ideal features to predict drug solubility are likely to
be considerably different than the features used to predict
photovoltaic efficiency. The solution is to allow the model to
engineer its own problem specific, optimized embedding for
the problem at hand, in essence by combining the learner with
the embedding. This is achieved by allowing gradients to flow
back from the learner into the embedding function, allowing
the embedding to be optimized in tandem with the learner.

Figure 1. Bag of fragments (left); bag of words (right).
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in the target sequence given tokens for the previous steps 
(Fig. 1). At every step the model will produce a probabil-
ity distribution over what the next character is likely to 
be, and the aim is to maximize the likelihood assigned to 
the correct token:

The cost function J (!), often applied to a subset of all 
training examples known as a batch, is minimized with 
respect to the network parameters !. Given a predicted 
log likelihood log P of the target at step t, the gradient 
of the prediction with respect to ! is used to make an 
update of !. This method of fitting a neural network is 
called back-propagation. Due to the architecture of the 
RNN, changing the network parameters will not only 
affect the direct output at time t, but also affect the flow 
of information from the previous cell into the current 
one iteratively. This domino-like effect that the recur-
rence has on back-propagation gives rise to some par-
ticular problems, and back-propagation applied to RNNs 
is referred to as back-propagation through time (BPTT).

BPTT is dealing with gradients that through the chain-
rule contains terms which are multiplied by themselves 
many times, and this can lead to a phenomenon known 
as exploding and vanishing gradients. If these terms are 
not unity, the gradients quickly become either very large 
or very small. In order to combat this issue, Hochreiter 
et al. introduced the Long-Short-Term Memory cell [23], 
which through a more controlled flow of information can 
decide what information to keep and what to discard. The 
Gated Recurrent Unit is a simplified implementation of 
the Long-Short-Term Memory architecture that achieves 
much of the same effect at a reduced computational cost 
[24].

Generating new samples
Once an RNN has been trained on target sequences, it 
can then be used to generate new sequences that follow 
the conditional probability distributions learned from 
the training set. The first input—the GO token—is given 
and at every timestep after we sample an output token xt 
from the predicted probability distribution P(Xt) over 
our vocabulary X and use xt as our next input. Once the 
EOS token is sampled, the sequence is considered fin-
ished (Fig. 2).

Tokenizing and one-hot encoding SMILES
A SMILES [25] represents a molecule as a sequence 
of characters corresponding to atoms as well as spe-
cial characters denoting opening and closure of rings 
and branches. The SMILES is, in most cases, tokenized 

J (!) = −

T
∑

t=1

log P(xt | xt−1 , . . . , x1 )

based on a single character, except for atom types which 
comprise two characters such as “Cl” and “Br” and spe-
cial environments denoted by square brackets (e.g [nH]), 
where they are considered as one token. This method of 
tokenization resulted in 86 tokens present in the train-
ing data. Figure  3 exemplifies how a chemical structure 
is translated to both the SMILES and one-hot encoded 
representations.

There are many different ways to represent a single 
molecule using SMILES. Algorithms that always rep-
resent a certain molecule with the same SMILES are 
referred to as canonicalization algorithms [26]. However, 
different implementations of the algorithms can still pro-
duce different SMILES.

Reinforcement learning
Consider an Agent, that given a certain state s ∈ S has to 
choose which action a ∈ A(s) to take, where S is the set 
of possible states and A(s) is the set of possible actions 
for that state. The policy π(a | s) of an Agent maps a 
state to the probability of each action taken therein. 
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Fig. 2 Generating sequences. Sequence generation by a trained 
RNN. Every timestep t we sample the next token of the sequence xt 
from the probability distribution given by the RNN, which is then fed 
in as the next input
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Fig. 3 Three representations of 4-(chloromethyl)-1H-imidazole. 
Depiction of a one-hot representation derived from the SMILES of a 
molecule. Here a reduced vocabulary is shown, while in practice a 
much larger vocabulary that covers all tokens present in the training 
data is used
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representations.

There are many different ways to represent a single 
molecule using SMILES. Algorithms that always rep-
resent a certain molecule with the same SMILES are 
referred to as canonicalization algorithms [26]. However, 
different implementations of the algorithms can still pro-
duce different SMILES.
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Consider an Agent, that given a certain state s ∈ S has to 
choose which action a ∈ A(s) to take, where S is the set 
of possible states and A(s) is the set of possible actions 
for that state. The policy π(a | s) of an Agent maps a 
state to the probability of each action taken therein. 
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My current research related to deep learning for 
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