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<latexit sha1_base64="DtKltdBJSNrjjgkk6/Bp7Iy+Kqk=">AAACAHicbZDLSsNAFIZPvNZ6i7pwoYvBIrgqiQi6LLgRdFHBXqANZTKdtENnkjAzEUrIxldx40IRtz6GO9/GSZqFtv4w8PGfc5hzfj/mTGnH+baWlldW19YrG9XNre2dXXtvv62iRBLaIhGPZNfHinIW0pZmmtNuLCkWPqcdf3Kd1zuPVCoWhQ96GlNP4FHIAkawNtbAPuwLrMcE8/QuGxQsRXpr2K45dacQWgS3hBqUag7sr/4wIomgoSYcK9VznVh7KZaaEU6zaj9RNMZkgke0ZzDEgiovLQ7I0KlxhiiIpHmhRoX7eyLFQqmp8E1nvqKar+Xmf7VeooMrL2VhnGgaktlHQcKRjlCeBhoySYnmUwOYSGZ2RWSMJSbaZFY1IbjzJy9C+7zuOnX3/qLWOC7jqMARnMAZuHAJDbiBJrSAQAbP8Apv1pP1Yr1bH7PWJaucOYA/sj5/AErplrg=</latexit><latexit sha1_base64="DtKltdBJSNrjjgkk6/Bp7Iy+Kqk=">AAACAHicbZDLSsNAFIZPvNZ6i7pwoYvBIrgqiQi6LLgRdFHBXqANZTKdtENnkjAzEUrIxldx40IRtz6GO9/GSZqFtv4w8PGfc5hzfj/mTGnH+baWlldW19YrG9XNre2dXXtvv62iRBLaIhGPZNfHinIW0pZmmtNuLCkWPqcdf3Kd1zuPVCoWhQ96GlNP4FHIAkawNtbAPuwLrMcE8/QuGxQsRXpr2K45dacQWgS3hBqUag7sr/4wIomgoSYcK9VznVh7KZaaEU6zaj9RNMZkgke0ZzDEgiovLQ7I0KlxhiiIpHmhRoX7eyLFQqmp8E1nvqKar+Xmf7VeooMrL2VhnGgaktlHQcKRjlCeBhoySYnmUwOYSGZ2RWSMJSbaZFY1IbjzJy9C+7zuOnX3/qLWOC7jqMARnMAZuHAJDbiBJrSAQAbP8Apv1pP1Yr1bH7PWJaucOYA/sj5/AErplrg=</latexit><latexit sha1_base64="DtKltdBJSNrjjgkk6/Bp7Iy+Kqk=">AAACAHicbZDLSsNAFIZPvNZ6i7pwoYvBIrgqiQi6LLgRdFHBXqANZTKdtENnkjAzEUrIxldx40IRtz6GO9/GSZqFtv4w8PGfc5hzfj/mTGnH+baWlldW19YrG9XNre2dXXtvv62iRBLaIhGPZNfHinIW0pZmmtNuLCkWPqcdf3Kd1zuPVCoWhQ96GlNP4FHIAkawNtbAPuwLrMcE8/QuGxQsRXpr2K45dacQWgS3hBqUag7sr/4wIomgoSYcK9VznVh7KZaaEU6zaj9RNMZkgke0ZzDEgiovLQ7I0KlxhiiIpHmhRoX7eyLFQqmp8E1nvqKar+Xmf7VeooMrL2VhnGgaktlHQcKRjlCeBhoySYnmUwOYSGZ2RWSMJSbaZFY1IbjzJy9C+7zuOnX3/qLWOC7jqMARnMAZuHAJDbiBJrSAQAbP8Apv1pP1Yr1bH7PWJaucOYA/sj5/AErplrg=</latexit><latexit sha1_base64="DtKltdBJSNrjjgkk6/Bp7Iy+Kqk=">AAACAHicbZDLSsNAFIZPvNZ6i7pwoYvBIrgqiQi6LLgRdFHBXqANZTKdtENnkjAzEUrIxldx40IRtz6GO9/GSZqFtv4w8PGfc5hzfj/mTGnH+baWlldW19YrG9XNre2dXXtvv62iRBLaIhGPZNfHinIW0pZmmtNuLCkWPqcdf3Kd1zuPVCoWhQ96GlNP4FHIAkawNtbAPuwLrMcE8/QuGxQsRXpr2K45dacQWgS3hBqUag7sr/4wIomgoSYcK9VznVh7KZaaEU6zaj9RNMZkgke0ZzDEgiovLQ7I0KlxhiiIpHmhRoX7eyLFQqmp8E1nvqKar+Xmf7VeooMrL2VhnGgaktlHQcKRjlCeBhoySYnmUwOYSGZ2RWSMJSbaZFY1IbjzJy9C+7zuOnX3/qLWOC7jqMARnMAZuHAJDbiBJrSAQAbP8Apv1pP1Yr1bH7PWJaucOYA/sj5/AErplrg=</latexit>

Ladv
<latexit sha1_base64="3eLmqHL8M+RbMCMeTFhr3edrT58=">AAACAXicbZDLSsNAFIYn9VbrLepG0MVgEVyVRARdFty4cFHBXqANYTKZtENnJmFmUiihbnwVNy4UcetbuPNtnKRZaOsPAx//OYc55w8SRpV2nG+rsrK6tr5R3axtbe/s7tn7Bx0VpxKTNo5ZLHsBUoRRQdqaakZ6iSSIB4x0g/FNXu9OiFQ0Fg96mhCPo6GgEcVIG8u3jwYc6RFGLLub+QVLnqFwMvPtutNwCsFlcEuog1It3/4ahDFOOREaM6RU33US7WVIaooZmdUGqSIJwmM0JH2DAnGivKy4YAbPjBPCKJbmCQ0L9/dEhrhSUx6YznxHtVjLzf9q/VRH115GRZJqIvD8oyhlUMcwjwOGVBKs2dQAwpKaXSEeIYmwNqHVTAju4snL0LlouE7Dvb+sN0/KOKrgGJyCc+CCK9AEt6AF2gCDR/AMXsGb9WS9WO/Wx7y1YpUzh+CPrM8fcm+XZg==</latexit><latexit sha1_base64="3eLmqHL8M+RbMCMeTFhr3edrT58=">AAACAXicbZDLSsNAFIYn9VbrLepG0MVgEVyVRARdFty4cFHBXqANYTKZtENnJmFmUiihbnwVNy4UcetbuPNtnKRZaOsPAx//OYc55w8SRpV2nG+rsrK6tr5R3axtbe/s7tn7Bx0VpxKTNo5ZLHsBUoRRQdqaakZ6iSSIB4x0g/FNXu9OiFQ0Fg96mhCPo6GgEcVIG8u3jwYc6RFGLLub+QVLnqFwMvPtutNwCsFlcEuog1It3/4ahDFOOREaM6RU33US7WVIaooZmdUGqSIJwmM0JH2DAnGivKy4YAbPjBPCKJbmCQ0L9/dEhrhSUx6YznxHtVjLzf9q/VRH115GRZJqIvD8oyhlUMcwjwOGVBKs2dQAwpKaXSEeIYmwNqHVTAju4snL0LlouE7Dvb+sN0/KOKrgGJyCc+CCK9AEt6AF2gCDR/AMXsGb9WS9WO/Wx7y1YpUzh+CPrM8fcm+XZg==</latexit><latexit sha1_base64="3eLmqHL8M+RbMCMeTFhr3edrT58=">AAACAXicbZDLSsNAFIYn9VbrLepG0MVgEVyVRARdFty4cFHBXqANYTKZtENnJmFmUiihbnwVNy4UcetbuPNtnKRZaOsPAx//OYc55w8SRpV2nG+rsrK6tr5R3axtbe/s7tn7Bx0VpxKTNo5ZLHsBUoRRQdqaakZ6iSSIB4x0g/FNXu9OiFQ0Fg96mhCPo6GgEcVIG8u3jwYc6RFGLLub+QVLnqFwMvPtutNwCsFlcEuog1It3/4ahDFOOREaM6RU33US7WVIaooZmdUGqSIJwmM0JH2DAnGivKy4YAbPjBPCKJbmCQ0L9/dEhrhSUx6YznxHtVjLzf9q/VRH115GRZJqIvD8oyhlUMcwjwOGVBKs2dQAwpKaXSEeIYmwNqHVTAju4snL0LlouE7Dvb+sN0/KOKrgGJyCc+CCK9AEt6AF2gCDR/AMXsGb9WS9WO/Wx7y1YpUzh+CPrM8fcm+XZg==</latexit><latexit sha1_base64="3eLmqHL8M+RbMCMeTFhr3edrT58=">AAACAXicbZDLSsNAFIYn9VbrLepG0MVgEVyVRARdFty4cFHBXqANYTKZtENnJmFmUiihbnwVNy4UcetbuPNtnKRZaOsPAx//OYc55w8SRpV2nG+rsrK6tr5R3axtbe/s7tn7Bx0VpxKTNo5ZLHsBUoRRQdqaakZ6iSSIB4x0g/FNXu9OiFQ0Fg96mhCPo6GgEcVIG8u3jwYc6RFGLLub+QVLnqFwMvPtutNwCsFlcEuog1It3/4ahDFOOREaM6RU33US7WVIaooZmdUGqSIJwmM0JH2DAnGivKy4YAbPjBPCKJbmCQ0L9/dEhrhSUx6YznxHtVjLzf9q/VRH115GRZJqIvD8oyhlUMcwjwOGVBKs2dQAwpKaXSEeIYmwNqHVTAju4snL0LlouE7Dvb+sN0/KOKrgGJyCc+CCK9AEt6AF2gCDR/AMXsGb9WS9WO/Wx7y1YpUzh+CPrM8fcm+XZg==</latexit>

Generated
heat maps

!(sl)
<latexit sha1_base64="Tr62qNITrqPcRcxpYk/TTk8wS6A=">AAAB/XicbVDLSsNAFL3xWesrPjbiJliEuimJCLosuHFZwT6giWUynbRDZzJhZiLUUPwOXblxoYhb/8Odf+Ok7UJbDwwczrmXe+aECaNKu+63tbC4tLyyWlgrrm9sbm3bO7sNJVKJSR0LJmQrRIowGpO6ppqRViIJ4iEjzXBwmfvNOyIVFfGNHiYk4KgX04hipI3Usfd9wUkPlX2OdD+MMjW6ZScdu+RW3DGceeJNSQmmqHXsL78rcMpJrDFDSrU9N9FBhqSmmJFR0U8VSRAeoB5pGxojTlSQjdOPnGOjdJ1ISPNi7YzV3xsZ4koNeWgm85Bq1svF/7x2qqOLIKNxkmoS48mhKGWOFk5ehdOlkmDNhoYgLKnJ6uA+kghrU1jRlODNfnmeNE4rnlvxrs9K1YPHHE9QgEM4gjJ4cA5VuIIa1AHDPTzDK7xZD9aL9W59TJpbsKYV7sEfWJ8/YVGYmg==</latexit><latexit sha1_base64="Tr62qNITrqPcRcxpYk/TTk8wS6A=">AAAB/XicbVDLSsNAFL3xWesrPjbiJliEuimJCLosuHFZwT6giWUynbRDZzJhZiLUUPwOXblxoYhb/8Odf+Ok7UJbDwwczrmXe+aECaNKu+63tbC4tLyyWlgrrm9sbm3bO7sNJVKJSR0LJmQrRIowGpO6ppqRViIJ4iEjzXBwmfvNOyIVFfGNHiYk4KgX04hipI3Usfd9wUkPlX2OdD+MMjW6ZScdu+RW3DGceeJNSQmmqHXsL78rcMpJrDFDSrU9N9FBhqSmmJFR0U8VSRAeoB5pGxojTlSQjdOPnGOjdJ1ISPNi7YzV3xsZ4koNeWgm85Bq1svF/7x2qqOLIKNxkmoS48mhKGWOFk5ehdOlkmDNhoYgLKnJ6uA+kghrU1jRlODNfnmeNE4rnlvxrs9K1YPHHE9QgEM4gjJ4cA5VuIIa1AHDPTzDK7xZD9aL9W59TJpbsKYV7sEfWJ8/YVGYmg==</latexit><latexit sha1_base64="Tr62qNITrqPcRcxpYk/TTk8wS6A=">AAAB/XicbVDLSsNAFL3xWesrPjbiJliEuimJCLosuHFZwT6giWUynbRDZzJhZiLUUPwOXblxoYhb/8Odf+Ok7UJbDwwczrmXe+aECaNKu+63tbC4tLyyWlgrrm9sbm3bO7sNJVKJSR0LJmQrRIowGpO6ppqRViIJ4iEjzXBwmfvNOyIVFfGNHiYk4KgX04hipI3Usfd9wUkPlX2OdD+MMjW6ZScdu+RW3DGceeJNSQmmqHXsL78rcMpJrDFDSrU9N9FBhqSmmJFR0U8VSRAeoB5pGxojTlSQjdOPnGOjdJ1ISPNi7YzV3xsZ4koNeWgm85Bq1svF/7x2qqOLIKNxkmoS48mhKGWOFk5ehdOlkmDNhoYgLKnJ6uA+kghrU1jRlODNfnmeNE4rnlvxrs9K1YPHHE9QgEM4gjJ4cA5VuIIa1AHDPTzDK7xZD9aL9W59TJpbsKYV7sEfWJ8/YVGYmg==</latexit><latexit sha1_base64="Tr62qNITrqPcRcxpYk/TTk8wS6A=">AAAB/XicbVDLSsNAFL3xWesrPjbiJliEuimJCLosuHFZwT6giWUynbRDZzJhZiLUUPwOXblxoYhb/8Odf+Ok7UJbDwwczrmXe+aECaNKu+63tbC4tLyyWlgrrm9sbm3bO7sNJVKJSR0LJmQrRIowGpO6ppqRViIJ4iEjzXBwmfvNOyIVFfGNHiYk4KgX04hipI3Usfd9wUkPlX2OdD+MMjW6ZScdu+RW3DGceeJNSQmmqHXsL78rcMpJrDFDSrU9N9FBhqSmmJFR0U8VSRAeoB5pGxojTlSQjdOPnGOjdJ1ISPNi7YzV3xsZ4koNeWgm85Bq1svF/7x2qqOLIKNxkmoS48mhKGWOFk5ehdOlkmDNhoYgLKnJ6uA+kghrU1jRlODNfnmeNE4rnlvxrs9K1YPHHE9QgEM4gjJ4cA5VuIIa1AHDPTzDK7xZD9aL9W59TJpbsKYV7sEfWJ8/YVGYmg==</latexit>

Labelled

(dl, sl)
<latexit sha1_base64="nLvPqyWPe+B/B4mrjYOTrLm3y1I=">AAACBXicbVDLSgMxFL1TX7W+Rl2JLoJFqCBlRgRdFty4rGAf0NaSyWTaYCYzJBmhDN248Rv0C9y4UMSt/+DOvzHTVtDWAxfOPeeG3Hu8mDOlHefLys3NLywu5ZcLK6tr6xv25lZdRYkktEYiHsmmhxXlTNCaZprTZiwpDj1OG97NeeY3bqlULBJXehDTToh7ggWMYG2krr1XaodY970g9YfX/Aj9dMp0h1276JSdEdAscSekCBNUu/Zn249IElKhCcdKtVwn1p0US80Ip8NCO1E0xuQG92jLUIFDqjrp6IohOjCKj4JImhIajdTfL1IcKjUIPTOZLammvUz8z2slOjjrpEzEiaaCjD8KEo50hLJIkM8kJZoPDMFEMrMrIn0sMdEmuIIJwZ0+eZbUj8uuU3YvT4qVnYcMj5CHXdiHErhwChW4gCrUgMAdPMELvFr31rP1Zr2Pk8tZkwi34Q+sj28i5pvF</latexit><latexit sha1_base64="nLvPqyWPe+B/B4mrjYOTrLm3y1I=">AAACBXicbVDLSgMxFL1TX7W+Rl2JLoJFqCBlRgRdFty4rGAf0NaSyWTaYCYzJBmhDN248Rv0C9y4UMSt/+DOvzHTVtDWAxfOPeeG3Hu8mDOlHefLys3NLywu5ZcLK6tr6xv25lZdRYkktEYiHsmmhxXlTNCaZprTZiwpDj1OG97NeeY3bqlULBJXehDTToh7ggWMYG2krr1XaodY970g9YfX/Aj9dMp0h1276JSdEdAscSekCBNUu/Zn249IElKhCcdKtVwn1p0US80Ip8NCO1E0xuQG92jLUIFDqjrp6IohOjCKj4JImhIajdTfL1IcKjUIPTOZLammvUz8z2slOjjrpEzEiaaCjD8KEo50hLJIkM8kJZoPDMFEMrMrIn0sMdEmuIIJwZ0+eZbUj8uuU3YvT4qVnYcMj5CHXdiHErhwChW4gCrUgMAdPMELvFr31rP1Zr2Pk8tZkwi34Q+sj28i5pvF</latexit><latexit sha1_base64="nLvPqyWPe+B/B4mrjYOTrLm3y1I=">AAACBXicbVDLSgMxFL1TX7W+Rl2JLoJFqCBlRgRdFty4rGAf0NaSyWTaYCYzJBmhDN248Rv0C9y4UMSt/+DOvzHTVtDWAxfOPeeG3Hu8mDOlHefLys3NLywu5ZcLK6tr6xv25lZdRYkktEYiHsmmhxXlTNCaZprTZiwpDj1OG97NeeY3bqlULBJXehDTToh7ggWMYG2krr1XaodY970g9YfX/Aj9dMp0h1276JSdEdAscSekCBNUu/Zn249IElKhCcdKtVwn1p0US80Ip8NCO1E0xuQG92jLUIFDqjrp6IohOjCKj4JImhIajdTfL1IcKjUIPTOZLammvUz8z2slOjjrpEzEiaaCjD8KEo50hLJIkM8kJZoPDMFEMrMrIn0sMdEmuIIJwZ0+eZbUj8uuU3YvT4qVnYcMj5CHXdiHErhwChW4gCrUgMAdPMELvFr31rP1Zr2Pk8tZkwi34Q+sj28i5pvF</latexit><latexit sha1_base64="nLvPqyWPe+B/B4mrjYOTrLm3y1I=">AAACBXicbVDLSgMxFL1TX7W+Rl2JLoJFqCBlRgRdFty4rGAf0NaSyWTaYCYzJBmhDN248Rv0C9y4UMSt/+DOvzHTVtDWAxfOPeeG3Hu8mDOlHefLys3NLywu5ZcLK6tr6xv25lZdRYkktEYiHsmmhxXlTNCaZprTZiwpDj1OG97NeeY3bqlULBJXehDTToh7ggWMYG2krr1XaodY970g9YfX/Aj9dMp0h1276JSdEdAscSekCBNUu/Zn249IElKhCcdKtVwn1p0US80Ip8NCO1E0xuQG92jLUIFDqjrp6IohOjCKj4JImhIajdTfL1IcKjUIPTOZLammvUz8z2slOjjrpEzEiaaCjD8KEo50hLJIkM8kJZoPDMFEMrMrIn0sMdEmuIIJwZ0+eZbUj8uuU3YvT4qVnYcMj5CHXdiHErhwChW4gCrUgMAdPMELvFr31rP1Zr2Pk8tZkwi34Q+sj28i5pvF</latexit>

Unlabelled
(du)

<latexit sha1_base64="sghyYu5d7xh0yE2Lng6Dgnh1qxA=">AAAB9XicbVDLSsNAFL2pr1pfUVfiZrAIdVMSEXRZcOOygn1Am5bJZNIOnUzCzEQpof+hggtF3Pov7vwbJ20X2npg4HDOvdwzx084U9pxvq3Cyura+kZxs7S1vbO7Z+8fNFWcSkIbJOaxbPtYUc4EbWimOW0nkuLI57Tlj65zv3VPpWKxuNPjhHoRHggWMoK1kXqVboT10A+zYNJLz/p22ak6U6Bl4s5JGeao9+2vbhCTNKJCE46V6rhOor0MS80Ip5NSN1U0wWSEB7RjqMARVV42TT1Bp0YJUBhL84RGU/X3RoYjpcaRbybzkGrRy8X/vE6qwysvYyJJNRVkdihMOdIxyitAAZOUaD42BBPJTFZEhlhiok1RJVOCu/jlZdI8r7pO1b29KNeOnnI8QxGO4QQq4MIl1OAG6tAAAhIe4RXerAfrxXq3PmbNFax5hYfwB9bnDzi/lcI=</latexit><latexit sha1_base64="sghyYu5d7xh0yE2Lng6Dgnh1qxA=">AAAB9XicbVDLSsNAFL2pr1pfUVfiZrAIdVMSEXRZcOOygn1Am5bJZNIOnUzCzEQpof+hggtF3Pov7vwbJ20X2npg4HDOvdwzx084U9pxvq3Cyura+kZxs7S1vbO7Z+8fNFWcSkIbJOaxbPtYUc4EbWimOW0nkuLI57Tlj65zv3VPpWKxuNPjhHoRHggWMoK1kXqVboT10A+zYNJLz/p22ak6U6Bl4s5JGeao9+2vbhCTNKJCE46V6rhOor0MS80Ip5NSN1U0wWSEB7RjqMARVV42TT1Bp0YJUBhL84RGU/X3RoYjpcaRbybzkGrRy8X/vE6qwysvYyJJNRVkdihMOdIxyitAAZOUaD42BBPJTFZEhlhiok1RJVOCu/jlZdI8r7pO1b29KNeOnnI8QxGO4QQq4MIl1OAG6tAAAhIe4RXerAfrxXq3PmbNFax5hYfwB9bnDzi/lcI=</latexit><latexit sha1_base64="sghyYu5d7xh0yE2Lng6Dgnh1qxA=">AAAB9XicbVDLSsNAFL2pr1pfUVfiZrAIdVMSEXRZcOOygn1Am5bJZNIOnUzCzEQpof+hggtF3Pov7vwbJ20X2npg4HDOvdwzx084U9pxvq3Cyura+kZxs7S1vbO7Z+8fNFWcSkIbJOaxbPtYUc4EbWimOW0nkuLI57Tlj65zv3VPpWKxuNPjhHoRHggWMoK1kXqVboT10A+zYNJLz/p22ak6U6Bl4s5JGeao9+2vbhCTNKJCE46V6rhOor0MS80Ip5NSN1U0wWSEB7RjqMARVV42TT1Bp0YJUBhL84RGU/X3RoYjpcaRbybzkGrRy8X/vE6qwysvYyJJNRVkdihMOdIxyitAAZOUaD42BBPJTFZEhlhiok1RJVOCu/jlZdI8r7pO1b29KNeOnnI8QxGO4QQq4MIl1OAG6tAAAhIe4RXerAfrxXq3PmbNFax5hYfwB9bnDzi/lcI=</latexit><latexit sha1_base64="sghyYu5d7xh0yE2Lng6Dgnh1qxA=">AAAB9XicbVDLSsNAFL2pr1pfUVfiZrAIdVMSEXRZcOOygn1Am5bJZNIOnUzCzEQpof+hggtF3Pov7vwbJ20X2npg4HDOvdwzx084U9pxvq3Cyura+kZxs7S1vbO7Z+8fNFWcSkIbJOaxbPtYUc4EbWimOW0nkuLI57Tlj65zv3VPpWKxuNPjhHoRHggWMoK1kXqVboT10A+zYNJLz/p22ak6U6Bl4s5JGeao9+2vbhCTNKJCE46V6rhOor0MS80Ip5NSN1U0wWSEB7RjqMARVV42TT1Bp0YJUBhL84RGU/X3RoYjpcaRbybzkGrRy8X/vE6qwysvYyJJNRVkdihMOdIxyitAAZOUaD42BBPJTFZEhlhiok1RJVOCu/jlZdI8r7pO1b29KNeOnnI8QxGO4QQq4MIl1OAG6tAAAhIe4RXerAfrxXq3PmbNFax5hYfwB9bnDzi/lcI=</latexit>

Fig 2 Semi-supervised framework for landmarks localization. Given input image, G makes K heatmaps, 1 per
landmark. Labels generate real heatmaps ω(sl). G produces fake samples from unlabeled data. Source images
are concatenated on heatmaps and passed to D.
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(du)
<latexit sha1_base64="yEW/Q0BuhqcRYmJXOr8AHHNwtvc="></latexit>

(dl, sl)
<latexit sha1_base64="YJ6N8KKY4mewdGqSzSl8VVyzyKs="></latexit> !(sl)

<latexit sha1_base64="tj/9NbIWfqD8o7PUMmdEzcbAxrI="></latexit>

LKL
<latexit sha1_base64="zprTPgJ3O8HuPm5HiLOP8Q7Y/Sg="></latexit>

Ladv
<latexit sha1_base64="aqbduhT+j/fhB7xx+SUmpcoM9aU="></latexit>

Table 1 NMSE on AFLW & 300W normalized by BB &
interocular, respectfully.

AFLW 300W
Common Challenge Full

SDM [Xiong et al] 5.43 5.57 15.40 7.52
CFSS [Lv et al] 2.17 4.36 7.56 4.99
RCSR [Wang et al] - 4.01 8.58 4.90
RCN + (L+ELT) [Honari 
et al] 1.59 4.20 7.78 4.90
CPM+SBR [Dong et al] 2.14 3.28 7.58 4.10
SAM 2.26 3.48 7.39 4.25
SAM+D(10K) - 3.34 7.90 4.23
SAM+D(30K) - 3.41 7.99 4.31
SAM+D(50K) - 3.41 8.06 4.32
SAM+D(70K) - 3.34 8.17 4.29
LaplaceKL 1.97 3.28 7.01 4.01
LaplaceKL+D(10K) - 3.26 6.96 3.99
LaplaceKL+D(30K) - 3.29 6.74 3.96
LaplaceKL+D(50K) - 3.26 6.71 3.94
LaplaceKL+D(70K) - 3.19 6.87 3.91 Fig. 4 Ablation study on LaplaceKL.

Fig 3 Heatmaps predicted by our LaplaceKL+D(70K)
(middle), SAM+D(70K) (right), and faces with ground-truth
sketched in green (left). Colors set by value for heatmaps
generated. Note our loss predicts with greater confidence,
producing separated landmarks as seen in heatmap space–
proposed minimizes spread; SAM-based landmarks smudge.

0.8

0.6

0.4

0.2

0.0

No. of parameters, millions
0.0389 0.1281 0.4781 1.8724

SAM 6.86 4.83 4.35 4.25
+D(70K) 6.84 4.85 4.38 4.29
LaplaceKL 5.09 4.39 4.04 4.01
+D(70K) 4.85 4.30 3.98 3.91

Size (MB) 0.162 0.507 1.919 7.496
Speed (fps) 21.38 16.77 11.92 4.92

Table 2 NMSE for nets 1/8, 1/4, 1/2, 1 the
size (left-to-right). 2.8GHz Intel Core i7 CPU.

• Proposed loss function to minimize distribution of landmarks.
o 1st to consider the “spread” of predicted heatmaps.
• Novel semi-supervised framework to leverage unlabeled data

(i.e., face imagery) that is abundantly accessible.
• SOA on renown 300W dataset and 2nd to best on AFLW.
• Comparable performance in real-time with <400KB storage.

Summary
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Conducted ablation studies on proposed loss:
• Reduced size by removing channels by factors of 2 (Table 2).
• Swept values of key parameters (Fig 4).

3. Practical Considerations

• Implemented semi-supervised adversarial framework (Fig 2)

• Used unlabeled Megaface (fake) to boost performance Eq (2, 4):

• More unlabeled data the better the performance (Table 1)
• More confident heatmaps (Fig 3); improved localization (Fig 5)

2. Semi-supervised Framework

min
G

⇣
max
D

�
� · Ladv(G,D)

�
+ LKL(G)

⌘
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Ladv = logD([Dl
t,Hreal]) + log(1�D([Du

t ,Hfake])
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(4)

(5)

Landmark localization (i.e. key-point detection) & alignment
• Essential for many vision tasks: Face recognition, pose estimation,

expression analysis, much more
• Lots attention over years: revamped interest; DNNs push SOTA
Contribution 1
• Current SOTA landmark detectors have low confident mappings
Novel loss with high-order stats for increase in confidence (Fig 1).
Contribution 2
• Labeling is expensive, prone to human errors, and tedious; while

an abundance of faces are available for free online.
Mitigate label costs with a semi-supervised framework.
Contribution 3
• Practical aspects: storage costs and speed on mobile device.
Minimize storage costs, while maximizing performance on CPU.

Problem Statement

Fig 1 Heatmaps: SAM-based models (right) & our LaplaceKL
(middle). Heatmaps are confidence scores that a pixel is a
landmark. SAM-based are highly scattered (low in certainty),
while our loss is concentrated (i.e. high in certainty). Importance
of minimizing scatter shown experimentally (Table 1).

Honari et al. 2018Our methodInput

GT Ours Honari et al. [1]

Softargmax [1] (SAM), expected value over 2D normalized heatmap
1. LaplaceKL Loss

where K heatmaps (i.e., per landmark,                        ).
Use higher-order statistics to learn heatmaps with greater confidence:
Set                       , then                                    Assume Laplacian (i.e., 
⍺=1). Thus,                                       for 
Conveniently, KL has close-form solution for Laplacian [2]:

defies the proposed LaplaceKL loss (Labelled branch in Fig. 2).

softargmax(�h) =
X

x

softargmax(�hx) · x

=
X

x

e�hx

P
j e

�hj
· x

=
X

x

p(x) · x = Eh[x]
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(1)

LKL = E(d,s)⇠p(d,s)

h
DKL(q(s|d)||p(s|d))

i
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s̃ = Eh[x]
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⌧(h̃) =
X

p(x)||x� s̃||↵↵
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(2)

b = Eh[|x� Eh[x]|]
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Laplace(µ, b = 1)
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h 2 RK⇥h⇥w
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