
f(p0)
<latexit sha1_base64="AXtBnDEc4okbKSZetfAeBJBsvV8=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBT0WvHisYD+gXUo2zbax2WRJskJZ+h+8eFDEq//Hm//GtN2Dtj4YeLw3w8y8MBHcWM/7RoW19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3QmKY4JI1LbeCdRLNSBwK1g7HtzO//cS04Uo+2EnCgpgMJY84JdZJraia9L3zfrni1bw58Crxc1KBHI1++as3UDSNmbRUEGO6vpfYICPacirYtNRLDUsIHZMh6zoqScxMkM2vneIzpwxwpLQrafFc/T2RkdiYSRy6zpjYkVn2ZuJ/Xje10U2QcZmklkm6WBSlAluFZ6/jAdeMWjFxhFDN3a2Yjogm1LqASi4Ef/nlVdK6qPmXNf/+qlKv5nEU4QROoQo+XEMd7qABTaDwCM/wCm9IoRf0jj4WrQWUzxzDH6DPH37sjlU=</latexit>

f(p1)
<latexit sha1_base64="vlvw15Ao0HphoVDEJZ8QGnKAFGw=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXspGBT0WvHisYD+gXUo2zbax2WRJskJZ+h+8eFDEq//Hm//GtN2Dtj4YeLw3w8y8MBHcWN//9gpr6xubW8Xt0s7u3v5B+fCoZVSqKWtSJZTuhMQwwSVrWm4F6ySakTgUrB2Ob2d++4lpw5V8sJOEBTEZSh5xSqyTWlE16ePzfrni1/w50CrBOalAjka//NUbKJrGTFoqiDFd7Cc2yIi2nAo2LfVSwxJCx2TIuo5KEjMTZPNrp+jMKQMUKe1KWjRXf09kJDZmEoeuMyZ2ZJa9mfif101tdBNkXCapZZIuFkWpQFah2etowDWjVkwcIVRzdyuiI6IJtS6gkgsBL7+8SloXNXxZw/dXlXo1j6MIJ3AKVcBwDXW4gwY0gcIjPMMrvHnKe/HevY9Fa8HLZ47hD7zPH4BxjlY=</latexit>

f(p2)
<latexit sha1_base64="ZtB7YV7I7VQc5FynbDYloDRkXvo=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSLUS9mtgh4LXjxWsB/QLiWbZtvYbBKSrFCW/gcvHhTx6v/x5r8xbfegrQ8GHu/NMDMvUpwZ6/vf3tr6xubWdmGnuLu3f3BYOjpuGZlqQptEcqk7ETaUM0GblllOO0pTnESctqPx7cxvP1FtmBQPdqJomOChYDEj2DqpFVdUv3bRL5X9qj8HWiVBTsqQo9EvffUGkqQJFZZwbEw38JUNM6wtI5xOi73UUIXJGA9p11GBE2rCbH7tFJ07ZYBiqV0Ji+bq74kMJ8ZMksh1JtiOzLI3E//zuqmNb8KMCZVaKshiUZxyZCWavY4GTFNi+cQRTDRztyIywhoT6wIquhCC5ZdXSatWDS6rwf1VuV7J4yjAKZxBBQK4hjrcQQOaQOARnuEV3jzpvXjv3seidc3LZ07gD7zPH4H2jlc=</latexit>

f(p3)
<latexit sha1_base64="bfKjmPskyuMwXI8e0pTrSn9cLt4=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXsquFfRY8OKxgq2FdinZNNvGZpOQZIWy9D948aCIV/+PN/+NabsHbX0w8Hhvhpl5keLMWN//9gpr6xubW8Xt0s7u3v5B+fCobWSqCW0RyaXuRNhQzgRtWWY57ShNcRJx+hCNb2b+wxPVhklxbyeKhgkeChYzgq2T2nFV9evn/XLFr/lzoFUS5KQCOZr98ldvIEmaUGEJx8Z0A1/ZMMPaMsLptNRLDVWYjPGQdh0VOKEmzObXTtGZUwYoltqVsGiu/p7IcGLMJIlcZ4LtyCx7M/E/r5va+DrMmFCppYIsFsUpR1ai2etowDQllk8cwUQzdysiI6wxsS6gkgshWH55lbQvakG9FtxdVhrVPI4inMApVCGAK2jALTShBQQe4Rle4c2T3ov37n0sWgtePnMMf+B9/gCDe45Y</latexit>

f(p5)
<latexit sha1_base64="MuP7htgsvXzyoD7+R8hRZ4lG3Dk=">AAAB7XicbVDLSgMxFL3js9ZX1aWbYBHqpsz4QJcFNy4r2Ae0Q8mkmTY2k4QkI5Sh/+DGhSJu/R93/o1pOwttPXDhcM693HtPpDgz1ve/vZXVtfWNzcJWcXtnd2+/dHDYNDLVhDaI5FK3I2woZ4I2LLOctpWmOIk4bUWj26nfeqLaMCke7FjRMMEDwWJGsHVSM66o3tVZr1T2q/4MaJkEOSlDjnqv9NXtS5ImVFjCsTGdwFc2zLC2jHA6KXZTQxUmIzygHUcFTqgJs9m1E3TqlD6KpXYlLJqpvycynBgzTiLXmWA7NIveVPzP66Q2vgkzJlRqqSDzRXHKkZVo+jrqM02J5WNHMNHM3YrIEGtMrAuo6EIIFl9eJs3zanBRDe4vy7VKHkcBjuEEKhDANdTgDurQAAKP8Ayv8OZJ78V79z7mrStePnMEf+B9/gCGhY5a</latexit>

f(p4)
<latexit sha1_base64="lYsvCd88z8Mmj3Zi9sgScReZzFI=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXsquFvRY8OKxgq2FdinZNNvGZpOQZIWy9D948aCIV/+PN/+NabsHbX0w8Hhvhpl5keLMWN//9gpr6xubW8Xt0s7u3v5B+fCobWSqCW0RyaXuRNhQzgRtWWY57ShNcRJx+hCNb2b+wxPVhklxbyeKhgkeChYzgq2T2nFV9evn/XLFr/lzoFUS5KQCOZr98ldvIEmaUGEJx8Z0A1/ZMMPaMsLptNRLDVWYjPGQdh0VOKEmzObXTtGZUwYoltqVsGiu/p7IcGLMJIlcZ4LtyCx7M/E/r5va+DrMmFCppYIsFsUpR1ai2etowDQllk8cwUQzdysiI6wxsS6gkgshWH55lbQvasFlLbirVxrVPI4inMApVCGAK2jALTShBQQe4Rle4c2T3ov37n0sWgtePnMMf+B9/gCFAI5Z</latexit>f(p6)

<latexit sha1_base64="0gOZz1TgjX+Q7u3c0zftVYAFDQ8=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSLUS9lVUY8FLx4r2A9ol5JNs21sNglJVihL/4MXD4p49f9489+YtnvQ1gcDj/dmmJkXKc6M9f1vb2V1bX1js7BV3N7Z3dsvHRw2jUw1oQ0iudTtCBvKmaANyyynbaUpTiJOW9Hoduq3nqg2TIoHO1Y0TPBAsJgRbJ3UjCuqd3XWK5X9qj8DWiZBTsqQo94rfXX7kqQJFZZwbEwn8JUNM6wtI5xOit3UUIXJCA9ox1GBE2rCbHbtBJ06pY9iqV0Ji2bq74kMJ8aMk8h1JtgOzaI3Ff/zOqmNb8KMCZVaKsh8UZxyZCWavo76TFNi+dgRTDRztyIyxBoT6wIquhCCxZeXSfO8GlxUg/vLcq2Sx1GAYziBCgRwDTW4gzo0gMAjPMMrvHnSe/HevY9564qXzxzBH3ifP4gKjls=</latexit>

f(p0)
<latexit sha1_base64="AXtBnDEc4okbKSZetfAeBJBsvV8=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BItQL2VXBT0WvHisYD+gXUo2zbax2WRJskJZ+h+8eFDEq//Hm//GtN2Dtj4YeLw3w8y8MBHcWM/7RoW19Y3NreJ2aWd3b/+gfHjUMirVlDWpEkp3QmKY4JI1LbeCdRLNSBwK1g7HtzO//cS04Uo+2EnCgpgMJY84JdZJraia9L3zfrni1bw58Crxc1KBHI1++as3UDSNmbRUEGO6vpfYICPacirYtNRLDUsIHZMh6zoqScxMkM2vneIzpwxwpLQrafFc/T2RkdiYSRy6zpjYkVn2ZuJ/Xje10U2QcZmklkm6WBSlAluFZ6/jAdeMWjFxhFDN3a2Yjogm1LqASi4Ef/nlVdK6qPmXNf/+qlKv5nEU4QROoQo+XEMd7qABTaDwCM/wCm9IoRf0jj4WrQWUzxzDH6DPH37sjlU=</latexit>

f(p1)
<latexit sha1_base64="vlvw15Ao0HphoVDEJZ8QGnKAFGw=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXspGBT0WvHisYD+gXUo2zbax2WRJskJZ+h+8eFDEq//Hm//GtN2Dtj4YeLw3w8y8MBHcWN//9gpr6xubW8Xt0s7u3v5B+fCoZVSqKWtSJZTuhMQwwSVrWm4F6ySakTgUrB2Ob2d++4lpw5V8sJOEBTEZSh5xSqyTWlE16ePzfrni1/w50CrBOalAjka//NUbKJrGTFoqiDFd7Cc2yIi2nAo2LfVSwxJCx2TIuo5KEjMTZPNrp+jMKQMUKe1KWjRXf09kJDZmEoeuMyZ2ZJa9mfif101tdBNkXCapZZIuFkWpQFah2etowDWjVkwcIVRzdyuiI6IJtS6gkgsBL7+8SloXNXxZw/dXlXo1j6MIJ3AKVcBwDXW4gwY0gcIjPMMrvHnKe/HevY9Fa8HLZ47hD7zPH4BxjlY=</latexit>

f(p2)
<latexit sha1_base64="ZtB7YV7I7VQc5FynbDYloDRkXvo=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSLUS9mtgh4LXjxWsB/QLiWbZtvYbBKSrFCW/gcvHhTx6v/x5r8xbfegrQ8GHu/NMDMvUpwZ6/vf3tr6xubWdmGnuLu3f3BYOjpuGZlqQptEcqk7ETaUM0GblllOO0pTnESctqPx7cxvP1FtmBQPdqJomOChYDEj2DqpFVdUv3bRL5X9qj8HWiVBTsqQo9EvffUGkqQJFZZwbEw38JUNM6wtI5xOi73UUIXJGA9p11GBE2rCbH7tFJ07ZYBiqV0Ji+bq74kMJ8ZMksh1JtiOzLI3E//zuqmNb8KMCZVaKshiUZxyZCWavY4GTFNi+cQRTDRztyIywhoT6wIquhCC5ZdXSatWDS6rwf1VuV7J4yjAKZxBBQK4hjrcQQOaQOARnuEV3jzpvXjv3seidc3LZ07gD7zPH4H2jlc=</latexit>

f(p3)
<latexit sha1_base64="bfKjmPskyuMwXI8e0pTrSn9cLt4=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXsquFfRY8OKxgq2FdinZNNvGZpOQZIWy9D948aCIV/+PN/+NabsHbX0w8Hhvhpl5keLMWN//9gpr6xubW8Xt0s7u3v5B+fCobWSqCW0RyaXuRNhQzgRtWWY57ShNcRJx+hCNb2b+wxPVhklxbyeKhgkeChYzgq2T2nFV9evn/XLFr/lzoFUS5KQCOZr98ldvIEmaUGEJx8Z0A1/ZMMPaMsLptNRLDVWYjPGQdh0VOKEmzObXTtGZUwYoltqVsGiu/p7IcGLMJIlcZ4LtyCx7M/E/r5va+DrMmFCppYIsFsUpR1ai2etowDQllk8cwUQzdysiI6wxsS6gkgshWH55lbQvakG9FtxdVhrVPI4inMApVCGAK2jALTShBQQe4Rle4c2T3ov37n0sWgtePnMMf+B9/gCDe45Y</latexit>

f(p4)
<latexit sha1_base64="lYsvCd88z8Mmj3Zi9sgScReZzFI=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahXsquFvRY8OKxgq2FdinZNNvGZpOQZIWy9D948aCIV/+PN/+NabsHbX0w8Hhvhpl5keLMWN//9gpr6xubW8Xt0s7u3v5B+fCobWSqCW0RyaXuRNhQzgRtWWY57ShNcRJx+hCNb2b+wxPVhklxbyeKhgkeChYzgq2T2nFV9evn/XLFr/lzoFUS5KQCOZr98ldvIEmaUGEJx8Z0A1/ZMMPaMsLptNRLDVWYjPGQdh0VOKEmzObXTtGZUwYoltqVsGiu/p7IcGLMJIlcZ4LtyCx7M/E/r5va+DrMmFCppYIsFsUpR1ai2etowDQllk8cwUQzdysiI6wxsS6gkgshWH55lbQvasFlLbirVxrVPI4inMApVCGAK2jALTShBQQe4Rle4c2T3ov37n0sWgtePnMMf+B9/gCFAI5Z</latexit>

f(p5)
<latexit sha1_base64="MuP7htgsvXzyoD7+R8hRZ4lG3Dk=">AAAB7XicbVDLSgMxFL3js9ZX1aWbYBHqpsz4QJcFNy4r2Ae0Q8mkmTY2k4QkI5Sh/+DGhSJu/R93/o1pOwttPXDhcM693HtPpDgz1ve/vZXVtfWNzcJWcXtnd2+/dHDYNDLVhDaI5FK3I2woZ4I2LLOctpWmOIk4bUWj26nfeqLaMCke7FjRMMEDwWJGsHVSM66o3tVZr1T2q/4MaJkEOSlDjnqv9NXtS5ImVFjCsTGdwFc2zLC2jHA6KXZTQxUmIzygHUcFTqgJs9m1E3TqlD6KpXYlLJqpvycynBgzTiLXmWA7NIveVPzP66Q2vgkzJlRqqSDzRXHKkZVo+jrqM02J5WNHMNHM3YrIEGtMrAuo6EIIFl9eJs3zanBRDe4vy7VKHkcBjuEEKhDANdTgDurQAAKP8Ayv8OZJ78V79z7mrStePnMEf+B9/gCGhY5a</latexit>

f(p6)
<latexit sha1_base64="0gOZz1TgjX+Q7u3c0zftVYAFDQ8=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSLUS9lVUY8FLx4r2A9ol5JNs21sNglJVihL/4MXD4p49f9489+YtnvQ1gcDj/dmmJkXKc6M9f1vb2V1bX1js7BV3N7Z3dsvHRw2jUw1oQ0iudTtCBvKmaANyyynbaUpTiJOW9Hoduq3nqg2TIoHO1Y0TPBAsJgRbJ3UjCuqd3XWK5X9qj8DWiZBTsqQo94rfXX7kqQJFZZwbEwn8JUNM6wtI5xOit3UUIXJCA9ox1GBE2rCbHbtBJ06pY9iqV0Ji2bq74kMJ8aMk8h1JtgOzaI3Ff/zOqmNb8KMCZVaKsh8UZxyZCWavo76TFNi+dgRTDRztyIyxBoT6wIquhCCxZeXSfO8GlxUg/vLcq2Sx1GAYziBCgRwDTW4gzo0gMAjPMMrvHnSe/HevY9564qXzxzBH3ifP4gKjls=</latexit>

||p0 � p1||
<latexit sha1_base64="Bj3ThJeIjKL0W0oacKblXAvf97I=">AAAB9HicbVBNSwMxEJ31s9avqkcvwSL0YtlVQY8FLx4r2A9olyWbZtvQbDYm2ULZ9nd48aCIV3+MN/+NabsHbX0w8Hhvhpl5oeRMG9f9dtbWNza3tgs7xd29/YPD0tFxUyepIrRBEp6odog15UzQhmGG07ZUFMchp61weDfzWyOqNEvEoxlL6se4L1jECDZW8icTGbjoAsnAm0yCUtmtunOgVeLlpAw56kHpq9tLSBpTYQjHWnc8Vxo/w8owwum02E01lZgMcZ92LBU4ptrP5kdP0blVeihKlC1h0Fz9PZHhWOtxHNrOGJuBXvZm4n9eJzXRrZ8xIVNDBVksilKOTIJmCaAeU5QYPrYEE8XsrYgMsMLE2JyKNgRv+eVV0ryseldV7+G6XKvkcRTgFM6gAh7cQA3uoQ4NIPAEz/AKb87IeXHenY9F65qTz5zAHzifP5tDkUE=</latexit>

||p0 � p2||
<latexit sha1_base64="FIKpYM6z/4AdyzTj30++Rg2qcB0=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahF0tSBT0WvHisYD+gDWGz3bRLN5u4uymUpL/DiwdFvPpjvPlv3LY5aOuDgcd7M8zM82POlLbtb6uwsbm1vVPcLe3tHxwelY9P2ipKJKEtEvFIdn2sKGeCtjTTnHZjSXHoc9rxx3dzvzOhUrFIPOppTN0QDwULGMHaSG6WxZ6NLlHs1bPMK1fsmr0AWidOTiqQo+mVv/qDiCQhFZpwrFTPsWPtplhqRjidlfqJojEmYzykPUMFDqly08XRM3RhlAEKImlKaLRQf0+kOFRqGvqmM8R6pFa9ufif10t0cOumTMSJpoIsFwUJRzpC8wTQgElKNJ8agolk5lZERlhiok1OJROCs/ryOmnXa85VzXm4rjSqeRxFOINzqIIDN9CAe2hCCwg8wTO8wps1sV6sd+tj2Vqw8plT+APr8wecyZFC</latexit>

||p0 � p3||
<latexit sha1_base64="bxdY3eS/S136m3LV2DcCQpE+Kp0=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahF0tiBT0WvHisYD+gDWGz3bRLN5u4uymUpL/DiwdFvPpjvPlv3LY5aOuDgcd7M8zM82POlLbtb6uwsbm1vVPcLe3tHxwelY9P2ipKJKEtEvFIdn2sKGeCtjTTnHZjSXHoc9rxx3dzvzOhUrFIPOppTN0QDwULGMHaSG6WxZ6NLlHs1bPMK1fsmr0AWidOTiqQo+mVv/qDiCQhFZpwrFTPsWPtplhqRjidlfqJojEmYzykPUMFDqly08XRM3RhlAEKImlKaLRQf0+kOFRqGvqmM8R6pFa9ufif10t0cOumTMSJpoIsFwUJRzpC8wTQgElKNJ8agolk5lZERlhiok1OJROCs/ryOmlf1Zx6zXm4rjSqeRxFOINzqIIDN9CAe2hCCwg8wTO8wps1sV6sd+tj2Vqw8plT+APr8weeT5FD</latexit>

||p0 � p4||
<latexit sha1_base64="9cGCLUVk7qj7rc0QT0CEa+R6BEs=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahF0uiBT0WvHisYD+gDWGz3bRLN5u4uymUpL/DiwdFvPpjvPlv3LY5aOuDgcd7M8zM82POlLbtb6uwsbm1vVPcLe3tHxwelY9P2ipKJKEtEvFIdn2sKGeCtjTTnHZjSXHoc9rxx3dzvzOhUrFIPOppTN0QDwULGMHaSG6WxZ6NLlHs1bPMK1fsmr0AWidOTiqQo+mVv/qDiCQhFZpwrFTPsWPtplhqRjidlfqJojEmYzykPUMFDqly08XRM3RhlAEKImlKaLRQf0+kOFRqGvqmM8R6pFa9ufif10t0cOumTMSJpoIsFwUJRzpC8wTQgElKNJ8agolk5lZERlhiok1OJROCs/ryOmlf1ZzrmvNQrzSqeRxFOINzqIIDN9CAe2hCCwg8wTO8wps1sV6sd+tj2Vqw8plT+APr8wef1ZFE</latexit>

||p0 � p5||
<latexit sha1_base64="MDBAk5vzJuA9Lcb6MUvcyg5Jig8=">AAAB9HicbVDLSsNAFL2pr1pfVZduBovQjSXxgS4LblxWsA9oQ5hMJ+3QSTLOTAol6Xe4caGIWz/GnX/jtM1CWw9cOJxzL/fe4wvOlLbtb6uwtr6xuVXcLu3s7u0flA+PWipOJKFNEvNYdnysKGcRbWqmOe0ISXHoc9r2R3czvz2mUrE4etQTQd0QDyIWMIK1kdwsE56NzpHwrrPMK1fsmj0HWiVOTiqQo+GVv3r9mCQhjTThWKmuYwvtplhqRjidlnqJogKTER7QrqERDqly0/nRU3RmlD4KYmkq0miu/p5IcajUJPRNZ4j1UC17M/E/r5vo4NZNWSQSTSOyWBQkHOkYzRJAfSYp0XxiCCaSmVsRGWKJiTY5lUwIzvLLq6R1UXMua87DVaVezeMowgmcQhUcuIE63EMDmkDgCZ7hFd6ssfVivVsfi9aClc8cwx9Ynz+hW5FF</latexit>

||p0 � p6||
<latexit sha1_base64="/CNzifYNiKFwdAZ3fxrqYMDtua0=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahF0uioh4LXjxWsB/QhrDZbtqlm2Td3RRK0t/hxYMiXv0x3vw3btsctPXBwOO9GWbm+YIzpW372yqsrW9sbhW3Szu7e/sH5cOjlooTSWiTxDyWHR8ryllEm5ppTjtCUhz6nLb90d3Mb4+pVCyOHvVEUDfEg4gFjGBtJDfLhGejcyS86yzzyhW7Zs+BVomTkwrkaHjlr14/JklII004Vqrr2EK7KZaaEU6npV6iqMBkhAe0a2iEQ6rcdH70FJ0ZpY+CWJqKNJqrvydSHCo1CX3TGWI9VMveTPzP6yY6uHVTFolE04gsFgUJRzpGswRQn0lKNJ8Ygolk5lZEhlhiok1OJROCs/zyKmld1JzLmvNwValX8ziKcAKnUAUHbqAO99CAJhB4gmd4hTdrbL1Y79bHorVg5TPH8AfW5w+i4ZFG</latexit>

||p0 � p1||
<latexit sha1_base64="Bj3ThJeIjKL0W0oacKblXAvf97I=">AAAB9HicbVBNSwMxEJ31s9avqkcvwSL0YtlVQY8FLx4r2A9olyWbZtvQbDYm2ULZ9nd48aCIV3+MN/+NabsHbX0w8Hhvhpl5oeRMG9f9dtbWNza3tgs7xd29/YPD0tFxUyepIrRBEp6odog15UzQhmGG07ZUFMchp61weDfzWyOqNEvEoxlL6se4L1jECDZW8icTGbjoAsnAm0yCUtmtunOgVeLlpAw56kHpq9tLSBpTYQjHWnc8Vxo/w8owwum02E01lZgMcZ92LBU4ptrP5kdP0blVeihKlC1h0Fz9PZHhWOtxHNrOGJuBXvZm4n9eJzXRrZ8xIVNDBVksilKOTIJmCaAeU5QYPrYEE8XsrYgMsMLE2JyKNgRv+eVV0ryseldV7+G6XKvkcRTgFM6gAh7cQA3uoQ4NIPAEz/AKb87IeXHenY9F65qTz5zAHzifP5tDkUE=</latexit>

||p0 � p2||
<latexit sha1_base64="FIKpYM6z/4AdyzTj30++Rg2qcB0=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahF0tSBT0WvHisYD+gDWGz3bRLN5u4uymUpL/DiwdFvPpjvPlv3LY5aOuDgcd7M8zM82POlLbtb6uwsbm1vVPcLe3tHxwelY9P2ipKJKEtEvFIdn2sKGeCtjTTnHZjSXHoc9rxx3dzvzOhUrFIPOppTN0QDwULGMHaSG6WxZ6NLlHs1bPMK1fsmr0AWidOTiqQo+mVv/qDiCQhFZpwrFTPsWPtplhqRjidlfqJojEmYzykPUMFDqly08XRM3RhlAEKImlKaLRQf0+kOFRqGvqmM8R6pFa9ufif10t0cOumTMSJpoIsFwUJRzpC8wTQgElKNJ8agolk5lZERlhiok1OJROCs/ryOmnXa85VzXm4rjSqeRxFOINzqIIDN9CAe2hCCwg8wTO8wps1sV6sd+tj2Vqw8plT+APr8wecyZFC</latexit>

||p0 � p3||
<latexit sha1_base64="bxdY3eS/S136m3LV2DcCQpE+Kp0=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahF0tiBT0WvHisYD+gDWGz3bRLN5u4uymUpL/DiwdFvPpjvPlv3LY5aOuDgcd7M8zM82POlLbtb6uwsbm1vVPcLe3tHxwelY9P2ipKJKEtEvFIdn2sKGeCtjTTnHZjSXHoc9rxx3dzvzOhUrFIPOppTN0QDwULGMHaSG6WxZ6NLlHs1bPMK1fsmr0AWidOTiqQo+mVv/qDiCQhFZpwrFTPsWPtplhqRjidlfqJojEmYzykPUMFDqly08XRM3RhlAEKImlKaLRQf0+kOFRqGvqmM8R6pFa9ufif10t0cOumTMSJpoIsFwUJRzpC8wTQgElKNJ8agolk5lZERlhiok1OJROCs/ryOmlf1Zx6zXm4rjSqeRxFOINzqIIDN9CAe2hCCwg8wTO8wps1sV6sd+tj2Vqw8plT+APr8weeT5FD</latexit>

||p0 � p4||
<latexit sha1_base64="9cGCLUVk7qj7rc0QT0CEa+R6BEs=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahF0uiBT0WvHisYD+gDWGz3bRLN5u4uymUpL/DiwdFvPpjvPlv3LY5aOuDgcd7M8zM82POlLbtb6uwsbm1vVPcLe3tHxwelY9P2ipKJKEtEvFIdn2sKGeCtjTTnHZjSXHoc9rxx3dzvzOhUrFIPOppTN0QDwULGMHaSG6WxZ6NLlHs1bPMK1fsmr0AWidOTiqQo+mVv/qDiCQhFZpwrFTPsWPtplhqRjidlfqJojEmYzykPUMFDqly08XRM3RhlAEKImlKaLRQf0+kOFRqGvqmM8R6pFa9ufif10t0cOumTMSJpoIsFwUJRzpC8wTQgElKNJ8agolk5lZERlhiok1OJROCs/ryOmlf1ZzrmvNQrzSqeRxFOINzqIIDN9CAe2hCCwg8wTO8wps1sV6sd+tj2Vqw8plT+APr8wef1ZFE</latexit>

||p0 � p5||
<latexit sha1_base64="MDBAk5vzJuA9Lcb6MUvcyg5Jig8=">AAAB9HicbVDLSsNAFL2pr1pfVZduBovQjSXxgS4LblxWsA9oQ5hMJ+3QSTLOTAol6Xe4caGIWz/GnX/jtM1CWw9cOJxzL/fe4wvOlLbtb6uwtr6xuVXcLu3s7u0flA+PWipOJKFNEvNYdnysKGcRbWqmOe0ISXHoc9r2R3czvz2mUrE4etQTQd0QDyIWMIK1kdwsE56NzpHwrrPMK1fsmj0HWiVOTiqQo+GVv3r9mCQhjTThWKmuYwvtplhqRjidlnqJogKTER7QrqERDqly0/nRU3RmlD4KYmkq0miu/p5IcajUJPRNZ4j1UC17M/E/r5vo4NZNWSQSTSOyWBQkHOkYzRJAfSYp0XxiCCaSmVsRGWKJiTY5lUwIzvLLq6R1UXMua87DVaVezeMowgmcQhUcuIE63EMDmkDgCZ7hFd6ssfVivVsfi9aClc8cwx9Ynz+hW5FF</latexit>

||p0 � p6||
<latexit sha1_base64="/CNzifYNiKFwdAZ3fxrqYMDtua0=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBahF0uioh4LXjxWsB/QhrDZbtqlm2Td3RRK0t/hxYMiXv0x3vw3btsctPXBwOO9GWbm+YIzpW372yqsrW9sbhW3Szu7e/sH5cOjlooTSWiTxDyWHR8ryllEm5ppTjtCUhz6nLb90d3Mb4+pVCyOHvVEUDfEg4gFjGBtJDfLhGejcyS86yzzyhW7Zs+BVomTkwrkaHjlr14/JklII004Vqrr2EK7KZaaEU6npV6iqMBkhAe0a2iEQ6rcdH70FJ0ZpY+CWJqKNJqrvydSHCo1CX3TGWI9VMveTPzP6yY6uHVTFolE04gsFgUJRzpGswRQn0lKNJ8Ygolk5lZEhlhiok1OJROCs/zyKmld1JzLmvNwValX8ziKcAKnUAUHbqAO99CAJhB4gmd4hTdrbL1Y79bHorVg5TPH8AfW5w+i4ZFG</latexit>

g(p0 � p1)
<latexit sha1_base64="rze0vI+18cVQBFNBKauaNmL9U+4=">AAAB83icbVBNSwMxEJ2tX7V+VT16CVahHiy7VdBjwYvHCvYD2mXJptk2NJsNSVYoS/+GFw+KePXPePPfmLZ70NYHA4/3ZpiZF0rOtHHdb6ewtr6xuVXcLu3s7u0flA+P2jpJFaEtkvBEdUOsKWeCtgwznHalojgOOe2E47uZ33miSrNEPJqJpH6Mh4JFjGBjpf6wKgMXXSIZeBdBueLW3DnQKvFyUoEczaD81R8kJI2pMIRjrXueK42fYWUY4XRa6qeaSkzGeEh7lgocU+1n85un6NwqAxQlypYwaK7+nshwrPUkDm1njM1IL3sz8T+vl5ro1s+YkKmhgiwWRSlHJkGzANCAKUoMn1iCiWL2VkRGWGFibEwlG4K3/PIqaddr3lXNe7iuNM7yOIpwAqdQBQ9uoAH30IQWEJDwDK/w5qTOi/PufCxaC04+cwx/4Hz+AJQIj/s=</latexit>

g(p0 � p2)
<latexit sha1_base64="LBh1ef3FiKr4LcHozYj2IZ8H8ss=">AAAB83icbVBNSwMxEJ2tX7V+VT16CVahHiy7VdBjwYvHCvYD2mXJptk2NJsNSVYoS/+GFw+KePXPePPfmLZ70NYHA4/3ZpiZF0rOtHHdb6ewtr6xuVXcLu3s7u0flA+P2jpJFaEtkvBEdUOsKWeCtgwznHalojgOOe2E47uZ33miSrNEPJqJpH6Mh4JFjGBjpf6wKgMXXSIZ1C+CcsWtuXOgVeLlpAI5mkH5qz9ISBpTYQjHWvc8Vxo/w8owwum01E81lZiM8ZD2LBU4ptrP5jdP0blVBihKlC1h0Fz9PZHhWOtJHNrOGJuRXvZm4n9eLzXRrZ8xIVNDBVksilKOTIJmAaABU5QYPrEEE8XsrYiMsMLE2JhKNgRv+eVV0q7XvKua93BdaZzlcRThBE6hCh7cQAPuoQktICDhGV7hzUmdF+fd+Vi0Fpx85hj+wPn8AZWNj/w=</latexit>

g(p0 � p3)
<latexit sha1_base64="sQ1qjFS1wsKQmEKQNbQKhKWWpOo=">AAAB83icbVBNSwMxEJ2tX7V+VT16CVahHiy7VtBjwYvHCvYD2mXJptk2NJsNSVYoS/+GFw+KePXPePPfmLZ70NYHA4/3ZpiZF0rOtHHdb6ewtr6xuVXcLu3s7u0flA+P2jpJFaEtkvBEdUOsKWeCtgwznHalojgOOe2E47uZ33miSrNEPJqJpH6Mh4JFjGBjpf6wKgMXXSIZ1C+CcsWtuXOgVeLlpAI5mkH5qz9ISBpTYQjHWvc8Vxo/w8owwum01E81lZiM8ZD2LBU4ptrP5jdP0blVBihKlC1h0Fz9PZHhWOtJHNrOGJuRXvZm4n9eLzXRrZ8xIVNDBVksilKOTIJmAaABU5QYPrEEE8XsrYiMsMLE2JhKNgRv+eVV0r6qefWa93BdaZzlcRThBE6hCh7cQAPuoQktICDhGV7hzUmdF+fd+Vi0Fpx85hj+wPn8AZcSj/0=</latexit>

g(p0 � p2)
<latexit sha1_base64="LBh1ef3FiKr4LcHozYj2IZ8H8ss=">AAAB83icbVBNSwMxEJ2tX7V+VT16CVahHiy7VdBjwYvHCvYD2mXJptk2NJsNSVYoS/+GFw+KePXPePPfmLZ70NYHA4/3ZpiZF0rOtHHdb6ewtr6xuVXcLu3s7u0flA+P2jpJFaEtkvBEdUOsKWeCtgwznHalojgOOe2E47uZ33miSrNEPJqJpH6Mh4JFjGBjpf6wKgMXXSIZ1C+CcsWtuXOgVeLlpAI5mkH5qz9ISBpTYQjHWvc8Vxo/w8owwum01E81lZiM8ZD2LBU4ptrP5jdP0blVBihKlC1h0Fz9PZHhWOtJHNrOGJuRXvZm4n9eLzXRrZ8xIVNDBVksilKOTIJmAaABU5QYPrEEE8XsrYiMsMLE2JhKNgRv+eVV0q7XvKua93BdaZzlcRThBE6hCh7cQAPuoQktICDhGV7hzUmdF+fd+Vi0Fpx85hj+wPn8AZWNj/w=</latexit>

g(p0 � p4)
<latexit sha1_base64="4mNca0k8UJsueLD9IecMjq3MFtY=">AAAB83icbVBNSwMxEJ2tX7V+VT16CVahHiy7WtBjwYvHCvYD2mXJptk2NJsNSVYoS/+GFw+KePXPePPfmLZ70NYHA4/3ZpiZF0rOtHHdb6ewtr6xuVXcLu3s7u0flA+P2jpJFaEtkvBEdUOsKWeCtgwznHalojgOOe2E47uZ33miSrNEPJqJpH6Mh4JFjGBjpf6wKgMXXSIZ1C+CcsWtuXOgVeLlpAI5mkH5qz9ISBpTYQjHWvc8Vxo/w8owwum01E81lZiM8ZD2LBU4ptrP5jdP0blVBihKlC1h0Fz9PZHhWOtJHNrOGJuRXvZm4n9eLzXRrZ8xIVNDBVksilKOTIJmAaABU5QYPrEEE8XsrYiMsMLE2JhKNgRv+eVV0r6qedc176FeaZzlcRThBE6hCh7cQAPuoQktICDhGV7hzUmdF+fd+Vi0Fpx85hj+wPn8AZiXj/4=</latexit>g(p0 � p6)

<latexit sha1_base64="jHlzoPruqUAxhqzq8K5mHMfzwXY=">AAAB83icbVBNSwMxEJ2tX7V+VT16CVahHiy7Kuqx4MVjBfsB7bJk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYWV1b3yhulra2d3b3yvsHLZ2kitAmSXiiOiHWlDNBm4YZTjtSURyHnLbD0d3Ubz9RpVkiHs1YUj/GA8EiRrCxUm9QlYGLzpEMrs+CcsWtuTOgZeLlpAI5GkH5q9dPSBpTYQjHWnc9Vxo/w8owwumk1Es1lZiM8IB2LRU4ptrPZjdP0KlV+ihKlC1h0Ez9PZHhWOtxHNrOGJuhXvSm4n9eNzXRrZ8xIVNDBZkvilKOTIKmAaA+U5QYPrYEE8XsrYgMscLE2JhKNgRv8eVl0rqoeZc17+GqUj/J4yjCERxDFTy4gTrcQwOaQEDCM7zCm5M6L8678zFvLTj5zCH8gfP5A5uhkAA=</latexit>

k = 3
<latexit sha1_base64="oE4NxUhQy2UCBJ/eXErmAVq6ZmE=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBahp5JYQS9CwYvHCqYttKFstpN26WYTdjdCKf0NXjwo4tUf5M1/47bNQVsfDDzem2FmXpgKro3rfjuFjc2t7Z3ibmlv/+DwqHx80tJJphj6LBGJ6oRUo+ASfcONwE6qkMahwHY4vpv77SdUmify0UxSDGI6lDzijBor+WNyS+r9csWtuQuQdeLlpAI5mv3yV2+QsCxGaZigWnc9NzXBlCrDmcBZqZdpTCkb0yF2LZU0Rh1MF8fOyIVVBiRKlC1pyEL9PTGlsdaTOLSdMTUjverNxf+8bmaim2DKZZoZlGy5KMoEMQmZf04GXCEzYmIJZYrbWwkbUUWZsfmUbAje6svrpHVZ8+o17+Gq0qjmcRThDM6hCh5cQwPuoQk+MODwDK/w5kjnxXl3PpatBSefOYU/cD5/AGzPjbA=</latexit>

k0 = 3 · d with d = 2
<latexit sha1_base64="0vXX1SBkhAclY51edfOfFf9Ojak=">AAACC3icbVC7TgJBFJ3FF+ILtbSZQIxUZBdMtCEhsbHERB4JbMjs7AATZmc3M3dVsqG38VdsLDTG1h+w82+cBQoFT3KTM+fcm7n3eJHgGmz728qsrW9sbmW3czu7e/sH+cOjlg5jRVmThiJUHY9oJrhkTeAgWCdSjASeYG1vfJX67TumNA/lLUwi5gZkKPmAUwJG6ucL4zNcw9Ue9UPAPu4Be4AE33MY4al513Al188X7bI9A14lzoIU0QKNfv6r54c0DpgEKojWXceOwE2IAk4Fm+Z6sWYRoWMyZF1DJQmYdpPZLVN8ahQfD0JlSgKeqb8nEhJoPQk80xkQGOllLxX/87oxDC7dhMsoBibp/KNBLDCEOA0G+1wxCmJiCKGKm10xHRFFKJj40hCc5ZNXSatSdqpl5+a8WC8t4siiE1RAJeSgC1RH16iBmoiiR/SMXtGb9WS9WO/Wx7w1Yy1mjtEfWJ8/nlWYJg==</latexit>

d
is
ta
n
ce

to
p 0

<latexit sha1_base64="DPiCvLcIJ31XUhpWuj99lDPPh/U=">AAAB/3icbVA9SwNBEN2LXzF+nQo2NotBSBXuVNAyYGMZwXxAEsLeZpIs2ds7dufEcKbwr9hYKGLr37Dz37iXpNDEBwOP92aYmRfEUhj0vG8nt7K6tr6R3yxsbe/s7rn7B3UTJZpDjUcy0s2AGZBCQQ0FSmjGGlgYSGgEo+vMb9yDNiJSdziOoROygRJ9wRlaqesetREeMO3ZTUxxoBjRSdz1um7RK3tT0GXiz0mRzFHtul/tXsSTEBRyyYxp+V6MnZRpFFzCpNBODMSMj9gAWpYqFoLppNP7J/TUKj3aj7QthXSq/p5IWWjMOAxsZ8hwaBa9TPzPayXYv+qkQsUJguKzRf1EZl9mYdCe0MBRji1hXAt7K+VDphlHG1nBhuAvvrxM6mdl/7zs314UK6V5HHlyTE5IifjkklTIDamSGuHkkTyTV/LmPDkvzrvzMWvNOfOZQ/IHzucP9VSV9g==</latexit> d
is
ta
n
ce

to
p 0

<latexit sha1_base64="DPiCvLcIJ31XUhpWuj99lDPPh/U=">AAAB/3icbVA9SwNBEN2LXzF+nQo2NotBSBXuVNAyYGMZwXxAEsLeZpIs2ds7dufEcKbwr9hYKGLr37Dz37iXpNDEBwOP92aYmRfEUhj0vG8nt7K6tr6R3yxsbe/s7rn7B3UTJZpDjUcy0s2AGZBCQQ0FSmjGGlgYSGgEo+vMb9yDNiJSdziOoROygRJ9wRlaqesetREeMO3ZTUxxoBjRSdz1um7RK3tT0GXiz0mRzFHtul/tXsSTEBRyyYxp+V6MnZRpFFzCpNBODMSMj9gAWpYqFoLppNP7J/TUKj3aj7QthXSq/p5IWWjMOAxsZ8hwaBa9TPzPayXYv+qkQsUJguKzRf1EZl9mYdCe0MBRji1hXAt7K+VDphlHG1nBhuAvvrxM6mdl/7zs314UK6V5HHlyTE5IifjkklTIDamSGuHkkTyTV/LmPDkvzrvzMWvNOfOZQ/IHzucP9VSV9g==</latexit>

k Nearest Neighbors
<latexit sha1_base64="z6JT5C5mYtEdf1GhgytjZD493SY=">AAACBHicbVC7SgNBFJ31GeNr1TLNYBBShV0VtAzYWEkE84BkCbOTu8mQ2Qczd8WwpLDxV2wsFLH1I+z8GyfJFpp44HIP59zLzD1+IoVGx/m2VlbX1jc2C1vF7Z3dvX374LCp41RxaPBYxqrtMw1SRNBAgRLaiQIW+hJa/uhq6rfuQWkRR3c4TsAL2SASgeAMjdSzSyPaRXjAjN4AU6DRdDEY+rHSk55ddqrODHSZuDkpkxz1nv3V7cc8DSFCLpnWHddJ0MuYQsElTIrdVEPC+IgNoGNoxELQXjY7YkJPjNKnQaxMRUhn6u+NjIVaj0PfTIYMh3rRm4r/eZ0Ug0svE1GSIkR8/lCQSooxnSZC+0IBRzk2hHElzF8pHzLFOJrciiYEd/HkZdI8rbpnVff2vFyr5HEUSIkckwpxyQWpkWtSJw3CySN5Jq/kzXqyXqx362M+umLlO0fkD6zPH5L0l/k=</latexit>

Dilated
<latexit sha1_base64="wDe2CBMivorrMoy3NJ5ce7lZFHY=">AAAB9XicbVDLSgNBEJyNrxhfUY9eBoOQU9hVQY8BPXiMYB6QrGF2tjcZMvtgplcNS/7DiwdFvPov3vwbJ8keNLGgoajqprvLS6TQaNvfVmFldW19o7hZ2tre2d0r7x+0dJwqDk0ey1h1PKZBigiaKFBCJ1HAQk9C2xtdTf32Aygt4ugOxwm4IRtEIhCcoZHuewhPmF0LyRD8Sb9csWv2DHSZODmpkByNfvmr58c8DSFCLpnWXcdO0M2YQsElTEq9VEPC+IgNoGtoxELQbja7ekJPjOLTIFamIqQz9fdExkKtx6FnOkOGQ73oTcX/vG6KwaWbiShJESI+XxSkkmJMpxFQXyjgKMeGMK6EuZXyIVOMowmqZEJwFl9eJq3TmnNWc27PK/VqHkeRHJFjUiUOuSB1ckMapEk4UeSZvJI369F6sd6tj3lrwcpnDskfWJ8//xSSvw==</latexit>

k Nearest Neighbors
<latexit sha1_base64="z6JT5C5mYtEdf1GhgytjZD493SY=">AAACBHicbVC7SgNBFJ31GeNr1TLNYBBShV0VtAzYWEkE84BkCbOTu8mQ2Qczd8WwpLDxV2wsFLH1I+z8GyfJFpp44HIP59zLzD1+IoVGx/m2VlbX1jc2C1vF7Z3dvX374LCp41RxaPBYxqrtMw1SRNBAgRLaiQIW+hJa/uhq6rfuQWkRR3c4TsAL2SASgeAMjdSzSyPaRXjAjN4AU6DRdDEY+rHSk55ddqrODHSZuDkpkxz1nv3V7cc8DSFCLpnWHddJ0MuYQsElTIrdVEPC+IgNoGNoxELQXjY7YkJPjNKnQaxMRUhn6u+NjIVaj0PfTIYMh3rRm4r/eZ0Ug0svE1GSIkR8/lCQSooxnSZC+0IBRzk2hHElzF8pHzLFOJrciiYEd/HkZdI8rbpnVff2vFyr5HEUSIkckwpxyQWpkWtSJw3CySN5Jq/kzXqyXqx362M+umLlO0fkD6zPH5L0l/k=</latexit>

Point Convolutions
<latexit sha1_base64="aG/UUAsIwt3jZ+yfuk3J/2Lf5yg=">AAACAnicbVBNS8NAEN3Ur1q/op7ES7AInkqigj0WevFYwX5AG8pmu2mXbnbD7qRYQvHiX/HiQRGv/gpv/hs3bQ7a+mDg8d4MM/OCmDMNrvttFdbWNza3itulnd29/QP78KilZaIIbRLJpeoEWFPOBG0CA047saI4CjhtB+N65rcnVGkmxT1MY+pHeChYyAgGI/Xtkx7QB0gbkglw6lJMJE8yR8/6dtmtuHM4q8TLSRnlaPTtr95AkiSiAgjHWnc9NwY/xQoY4XRW6iWaxpiM8ZB2DRU4otpP5y/MnHOjDJxQKlPmkrn6eyLFkdbTKDCdEYaRXvYy8T+vm0BY9VMm4gSoIItFYcIdkE6WhzNgihLgU0MwUczc6pARVpiASa1kQvCWX14lrcuKd1Xx7q7LtWoeRxGdojN0gTx0g2roFjVQExH0iJ7RK3qznqwX6936WLQWrHzmGP2B9fkDRA+X9A==</latexit>

Dilated Point Convolutions
<latexit sha1_base64="Vo1JLdM28XZfI23TDzqwmmWtYCY=">AAACCnicbVA9SwNBFNzz2/h1ammzGgSrcKeCKQOxsIxgVEhC2Nu8xMW93WP3XTAcqW38KzYWitj6C+z8N+7FKzQ6sDDMzGPfmyiRwmIQfHozs3PzC4tLy6WV1bX1DX9z69Lq1HBoci21uY6YBSkUNFGghOvEAIsjCVfRbT33r4ZgrNDqAkcJdGI2UKIvOEMndf3dNsIdZqdCMoQebWihkNa1GmqZ5gk77vrloBJMQP+SsCBlUqDR9T/aPc3TGBRyyaxthUGCnYwZFFzCuNROLSSM37IBtBxVLAbbySanjOm+U3q0r417bpOJ+nMiY7G1ozhyyZjhjZ32cvE/r5Viv9rJhEpSBMW/P+qnkqKmeS+0JwxwlCNHGDfC7Ur5DTOMo2uv5EoIp0/+Sy4PK+FRJTw/LteqRR1LZIfskQMSkhNSI2ekQZqEk3vySJ7Ji/fgPXmv3tt3dMYrZrbJL3jvXxFmmxs=</latexit>

Dilated Point Convolutions
Francis Engelmann*      Theodora Kontogianni*      Bastian Leibe 
Computer Vision Group, Visual Computing Institute, RWTH Aachen University, Germany

In this work, we propose Dilated Point Convolutions (DPC) to drastically increase the receptive field of convolutions on 3D point clouds. In 
particular, we highlight the importance of the receptive field size and propose multiple strategies to increase the receptive field of point 
convolutions. We compare different network architectures and propose a straightforward network architecture of stacked DPCs.
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segmentation over the past few years. However, most current approaches operate in 
the 2D image space. Direct semantic segmentation of unstructured 3D point clouds 
is still an open research problem. The recently proposed PointNet architecture pres-
ents an interesting step ahead in that it can operate on unstructured point clouds, 
achieving decent segmentation results. However, it subdivides the input points into a 
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the question how such an architecture can be extended to incorporate larger-scale 
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Number of Number of Time per Number of

Point Convs Neighbors k Forward-Pass Parameters mIoU mAcc oAcc

3 5 12.10 ms 402 ·103 50.04 57.42 85.01

3 10 13.64 ms 402 ·103 50.98 58.16 84.74
3 20 17.65 ms 402 ·103

52.25 60.83 84.69
5 5 14.53 ms 625 ·103 52.69 58.87 85.33

5 10 17.12 ms 625 ·103 52.91 59.57 85.27
5 20 23.35 ms 625 ·103

53.27 60.15 85.15
7 5 16.99 ms 880 ·103 52.93 59.87 85.62

7 10 20.68 ms 880 ·103 53.57 60.92 85.59
7 20 29.38 ms 880 ·103

53.93 61.73 85.58

Table 1: Ablation Study - Point Convolutions. (Test Dataset: S3DIS - A5) Comparing
number of convolutions, neighbors, forward-pass time, parameters and semantic segmenta-
tion scores. Deeper networks with more neighbors work better. However, they need more
memory and processing time. Note that the overall accuracy (oAcc) is of limited usefulness
as semantic classes with numerous points (floor, wall) are favored of smaller objects.

it harder for the network to learn high-frequency or local features. In future work, it could
be interesting to investigate deep convolutional networks using Dilated Point Convolutions
with a dilation rate d that increases with the depth of the network. Intuitively, such a network
could learn localized signals in the earlier stages and higher level information at later stages.

Model Size. Note that, since the kernel function g(p) is defined over relative positions p,
the number of trainable parameters is independent of the number of neighbors k (and the
dilation factor d). As such, increasing the number of neighbors k (or the dilation factor d)
increases the receptive field without additional memory requirements.

Competing Approaches. We report scores of our best performing model on S3DIS [1] and
are able to outperform other recent methods by a significant margin, see Table 3. We also
evaluated the model on ScanNet v2 [4]. We obtain 59,45 mIoU on the validation set. We will
also publish our latest results on the ScanNet Benchmark under the name DPC as soon as the
online benchmark restrictions allow us to do so. (Uploads are limited to one every 2 weeks.)

Quantitative Results. In Figure 4, we show qualitative results. Additional qualitative re-
sults on the S3DIS and the ScanNet dataset are in the supplementary material.

Number of Number of Time per Number of Dilation

Point Convs Neighbors k Forward-Pass Parameters d mIoU mAcc oAcc

7 20 29.38 ms 880 ·103 1 53.93 61.73 85.58
7 20 31.57 ms 880 ·103 2 55.83 61.76 85.68
7 20 35.36 ms 880 ·103 8 61.28 68.38 86.78

7 20 51.65 ms 880 ·103 16 58.79 65.84 86.41

Table 2: Ablation Study - Dilated Point Convolutions (Test Dataset: S3DIS - A5) Com-
paring different dilation factors d. Using dilation, the receptive field can be increased sig-
nificantly (Figure 3) at constant memory requirements and marginal increment in processing
time. Initially, the segmentation performance increases with the dilation factor d. However,
it decreases after a certain point, see Section 4.1 for a discussion.
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8 AUTHOR(S): DILATED POINT CONVOLUTIONS

Method mIoU mAcc oAcc

PointNet [17] 41.1 49.0 -
Engelmann et al. [6] 52.2 59.1 84.2

PointCNN [12] 57.3 63.9 85.9
SPG [13] 58.0 66.5 86.4

PCNN [21] 58.3 67.0 -
DPC (Ours) 61.28 68.38 86.78

Table 3: Semantic Segmentation Results on S3DIS (Area 5).

5 Conclusion

In this work, we presented simple mechanisms to increase the receptive field size of 3D
point convolutions. Specifically, we have proposed Dilated Point Convolutions as a simple
yet effective technique to increase the receptive field of continuous convolutions at com-
parable computational cost. As a result, we were able to report remarkable improvements
over well-known baseline methods. More importantly, this mechanism is straightforward to
incorporate into existing point convolutional networks based on KNN. We hope the commu-
nity and fellow researchers can train better performing algorithms using the insights from
this work.
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Point Cloud Ground Truth Prediction Error

 Wall  Floor  Cabinet  Chair  Sofa  Table  Door  Bookshelf  Picture
 Counter  Desk  Refrigerator  Sink  Otherfurn.

Figure 4: Results of our method on ScanNet v2 dataset [4] validation. Left to right: Input
RGB point cloud, semantic segmentation ground truth, semantic segmentation prediction
and the error where green are correctly predicted labels, red are wrongly predicted labels and
white are unannotated which we do not predict. More examples are in the supplementary.
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Figure 3: Receptive field visualized in blue for different network architectures using an
increasing number of Point Convolutions (columns) and increasing kernel sizes (rows) based
on the number of nearest neighbors k and Dilated Point Convolutions with dilation factor d.
The receptive fields of point convolutions without dilation (d = 1) are substantially smaller
than convolutions with dilation. However, for large dilations, e.g. d = 16 the receptive field
is sparse in early stages of the deep network (bottom left).
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