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Abstract. In this study, we address the intricate challenge of multi-
task dense prediction, encompassing tasks such as semantic segmenta-
tion, depth estimation, and surface normal estimation, particularly when
dealing with partially annotated data (MTPSL). The complexity arises
from the absence of complete task labels for each training image. Given
the inter-related nature of these pixel-wise dense tasks, our focus is on
mining and capturing cross-task relationships. Existing solutions typi-
cally rely on learning global image representations for global cross-task
image matching, imposing constraints that, unfortunately, sacrifice the
finer structures within the images. Attempting local matching as a rem-
edy faces hurdles due to the lack of precise region supervision, making
local alignment a challenging endeavor. The introduction of Segment
Anything Model (SAM) sheds light on addressing local alignment chal-
lenges by providing free and high-quality solutions for region detection.
Leveraging SAM-detected regions, the subsequent challenge lies in align-
ing the representations within these regions. Diverging from conventional
methods that directly learn a monolithic image representation, our pro-
posal involves modeling region-wise representations using Gaussian Dis-
tributions. Aligning these distributions between corresponding regions
from different tasks imparts higher flexibility and capacity to capture
intra-region structures, accommodating a broader range of tasks. This
innovative approach significantly enhances our ability to effectively cap-
ture cross-task relationships, resulting in improved overall performance
in partially supervised multi-task dense prediction scenarios. Extensive
experiments conducted on two widely used benchmarks underscore the
superior effectiveness of our proposed method, showcasing state-of-the-
art performance even when compared to fully supervised methods.
https://github.com/HereNowL/Region-aware-Distribution-Contrast
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zi
2<latexit sha1_base64="guyt78QnHSsnalutsxfj0JjsQ4w=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsboRa+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0M/Nbj6g0T+S9GacYxHQgecQZNVbynx54r9YrV9yqOwdZJV5OKpCj0St/dfsJy2KUhgmqdcdzUxNMqDKcCZyWupnGlLIRHWDHUklj1MFkfuyUnFmlT6JE2ZKGzNXfExMaaz2OQ9sZUzPUy95M/M/rZCa6CiZcpplByRaLokwQk5DZ56TPFTIjxpZQpri9lbAhVZQZm0/JhuAtv7xKmrWq51a9u4tK/TqPowgncArn4MEl1OEWGuADAw7P8ApvjnRenHfnY9FacPKZY/gD5/MHip2Ofg==</latexit><latexit sha1_base64="guyt78QnHSsnalutsxfj0JjsQ4w=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsboRa+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0M/Nbj6g0T+S9GacYxHQgecQZNVbynx54r9YrV9yqOwdZJV5OKpCj0St/dfsJy2KUhgmqdcdzUxNMqDKcCZyWupnGlLIRHWDHUklj1MFkfuyUnFmlT6JE2ZKGzNXfExMaaz2OQ9sZUzPUy95M/M/rZCa6CiZcpplByRaLokwQk5DZ56TPFTIjxpZQpri9lbAhVZQZm0/JhuAtv7xKmrWq51a9u4tK/TqPowgncArn4MEl1OEWGuADAw7P8ApvjnRenHfnY9FacPKZY/gD5/MHip2Ofg==</latexit><latexit sha1_base64="guyt78QnHSsnalutsxfj0JjsQ4w=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsboRa+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0M/Nbj6g0T+S9GacYxHQgecQZNVbynx54r9YrV9yqOwdZJV5OKpCj0St/dfsJy2KUhgmqdcdzUxNMqDKcCZyWupnGlLIRHWDHUklj1MFkfuyUnFmlT6JE2ZKGzNXfExMaaz2OQ9sZUzPUy95M/M/rZCa6CiZcpplByRaLokwQk5DZ56TPFTIjxpZQpri9lbAhVZQZm0/JhuAtv7xKmrWq51a9u4tK/TqPowgncArn4MEl1OEWGuADAw7P8ApvjnRenHfnY9FacPKZY/gD5/MHip2Ofg==</latexit><latexit sha1_base64="guyt78QnHSsnalutsxfj0JjsQ4w=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48VTFtoY9lsJ+3SzSbsboRa+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0M/Nbj6g0T+S9GacYxHQgecQZNVbynx54r9YrV9yqOwdZJV5OKpCj0St/dfsJy2KUhgmqdcdzUxNMqDKcCZyWupnGlLIRHWDHUklj1MFkfuyUnFmlT6JE2ZKGzNXfExMaaz2OQ9sZUzPUy95M/M/rZCa6CiZcpplByRaLokwQk5DZ56TPFTIjxpZQpri9lbAhVZQZm0/JhuAtv7xKmrWq51a9u4tK/TqPowgncArn4MEl1OEWGuADAw7P8ApvjnRenHfnY9FacPKZY/gD5/MHip2Ofg==</latexit>

{

<latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit><latexit sha1_base64="q4WCp+vNSk6GA1s6N0x45fCcZO8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy203TpZhN2N0IJ/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAqujet+O6WNza3tnfJuZW//4PCoenzS0UmmGLZZIhLVC6lGwSW2DTcCe6lCGocCu+Hkbu53n1BpnshHM00xiGkk+YgzaqzU9Zs8ivx8UK25dXcBsk68gtSgQGtQ/fKHCctilIYJqnXfc1MT5FQZzgTOKn6mMaVsQiPsWyppjDrIF+fOyIVVhmSUKFvSkIX6eyKnsdbTOLSdMTVjverNxf+8fmZGt0HOZZoZlGy5aJQJYhIy/50MuUJmxNQSyhS3txI2pooyYxOq2BC81ZfXSeeq7rl17+G61mgWcZThDM7hEjy4gQbcQwvawGACz/AKb07qvDjvzseyteQUM6fwB87nDyI/j2w=</latexit>

}

<latexit sha1_base64="l9ZhmQEFCunp9RwAEQItJ26mlG8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy2k3TpZhN2N0Ip/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAmujet+O6WNza3tnfJuZW//4PCoenzS0WmuGLZZKlLVC6lGwSW2DTcCe5lCmoQCu+H4bu53n1BpnspHM8kwSGgsecQZNVbq+k0ex/5sUK25dXcBsk68gtSgQGtQ/fKHKcsTlIYJqnXfczMTTKkynAmcVfxcY0bZmMbYt1TSBHUwXZw7IxdWGZIoVbakIQv198SUJlpPktB2JtSM9Ko3F//z+rmJboMpl1luULLloigXxKRk/jsZcoXMiIkllClubyVsRBVlxiZUsSF4qy+vk85V3XPr3sN1rdEs4ijDGZzDJXhwAw24hxa0gcEYnuEV3pzMeXHenY9la8kpZk7hD5zPHyVHj24=</latexit><latexit sha1_base64="l9ZhmQEFCunp9RwAEQItJ26mlG8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy2k3TpZhN2N0Ip/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAmujet+O6WNza3tnfJuZW//4PCoenzS0WmuGLZZKlLVC6lGwSW2DTcCe5lCmoQCu+H4bu53n1BpnspHM8kwSGgsecQZNVbq+k0ex/5sUK25dXcBsk68gtSgQGtQ/fKHKcsTlIYJqnXfczMTTKkynAmcVfxcY0bZmMbYt1TSBHUwXZw7IxdWGZIoVbakIQv198SUJlpPktB2JtSM9Ko3F//z+rmJboMpl1luULLloigXxKRk/jsZcoXMiIkllClubyVsRBVlxiZUsSF4qy+vk85V3XPr3sN1rdEs4ijDGZzDJXhwAw24hxa0gcEYnuEV3pzMeXHenY9la8kpZk7hD5zPHyVHj24=</latexit><latexit sha1_base64="l9ZhmQEFCunp9RwAEQItJ26mlG8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy2k3TpZhN2N0Ip/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAmujet+O6WNza3tnfJuZW//4PCoenzS0WmuGLZZKlLVC6lGwSW2DTcCe5lCmoQCu+H4bu53n1BpnspHM8kwSGgsecQZNVbq+k0ex/5sUK25dXcBsk68gtSgQGtQ/fKHKcsTlIYJqnXfczMTTKkynAmcVfxcY0bZmMbYt1TSBHUwXZw7IxdWGZIoVbakIQv198SUJlpPktB2JtSM9Ko3F//z+rmJboMpl1luULLloigXxKRk/jsZcoXMiIkllClubyVsRBVlxiZUsSF4qy+vk85V3XPr3sN1rdEs4ijDGZzDJXhwAw24hxa0gcEYnuEV3pzMeXHenY9la8kpZk7hD5zPHyVHj24=</latexit><latexit sha1_base64="l9ZhmQEFCunp9RwAEQItJ26mlG8=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GOpF48V7Ac0oWy2k3TpZhN2N0Ip/RFePCji1d/jzX/jts1BWx8MPN6bYWZemAmujet+O6WNza3tnfJuZW//4PCoenzS0WmuGLZZKlLVC6lGwSW2DTcCe5lCmoQCu+H4bu53n1BpnspHM8kwSGgsecQZNVbq+k0ex/5sUK25dXcBsk68gtSgQGtQ/fKHKcsTlIYJqnXfczMTTKkynAmcVfxcY0bZmMbYt1TSBHUwXZw7IxdWGZIoVbakIQv198SUJlpPktB2JtSM9Ko3F//z+rmJboMpl1luULLloigXxKRk/jsZcoXMiIkllClubyVsRBVlxiZUsSF4qy+vk85V3XPr3sN1rdEs4ijDGZzDJXhwAw24hxa0gcEYnuEV3pzMeXHenY9la8kpZk7hD5zPHyVHj24=</latexit>

,
<latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit><latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit><latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit><latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit>

,
<latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit><latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit><latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit><latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit>

,
<latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit><latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit><latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit><latexit sha1_base64="axFzcoBaHbWATKajATY6NWO1CV4=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBg5REBD0WvXhswX5AG8pmO2nXbjZhdyOU0F/gxYMiXv1J3vw3btsctPXBwOO9GWbmBYng2rjut1NYW9/Y3Cpul3Z29/YPyodHLR2nimGTxSJWnYBqFFxi03AjsJMopFEgsB2M72Z++wmV5rF8MJME/YgOJQ85o8ZKjYt+ueJW3TnIKvFyUoEc9X75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88TMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14lrcuq51a9xlWldpvHUYQTOIVz8OAaanAPdWgCA4RneIU359F5cd6dj0VrwclnjuEPnM8fcwmMsA==</latexit>

c cfθ3
<latexit sha1_base64="zQwMUXQQ2w367YTABSaCx2nivVQ=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lU0GPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJIf9XMfR4CsfzntV2tu3Z2DrhKvIDVSoNmvfvmDhGcxKOSSGdPz3BSDnGkUXMK04mcGUsbHbAg9SxWLwQT5/OYpPbPKgEaJtqWQztXfEzmLjZnEoe2MGY7MsjcT//N6GUY3QS5UmiEovlgUZZJiQmcB0IHQwFFOLGFcC3sr5SOmGUcbU8WG4C2/vEraF3XPrXsPV7XGbRFHmZyQU3JOPHJNGuSeNEmLcJKSZ/JK3pzMeXHenY9Fa8kpZo7JHzifPxZikbM=</latexit><latexit sha1_base64="zQwMUXQQ2w367YTABSaCx2nivVQ=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lU0GPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJIf9XMfR4CsfzntV2tu3Z2DrhKvIDVSoNmvfvmDhGcxKOSSGdPz3BSDnGkUXMK04mcGUsbHbAg9SxWLwQT5/OYpPbPKgEaJtqWQztXfEzmLjZnEoe2MGY7MsjcT//N6GUY3QS5UmiEovlgUZZJiQmcB0IHQwFFOLGFcC3sr5SOmGUcbU8WG4C2/vEraF3XPrXsPV7XGbRFHmZyQU3JOPHJNGuSeNEmLcJKSZ/JK3pzMeXHenY9Fa8kpZo7JHzifPxZikbM=</latexit><latexit sha1_base64="zQwMUXQQ2w367YTABSaCx2nivVQ=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lU0GPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJIf9XMfR4CsfzntV2tu3Z2DrhKvIDVSoNmvfvmDhGcxKOSSGdPz3BSDnGkUXMK04mcGUsbHbAg9SxWLwQT5/OYpPbPKgEaJtqWQztXfEzmLjZnEoe2MGY7MsjcT//N6GUY3QS5UmiEovlgUZZJiQmcB0IHQwFFOLGFcC3sr5SOmGUcbU8WG4C2/vEraF3XPrXsPV7XGbRFHmZyQU3JOPHJNGuSeNEmLcJKSZ/JK3pzMeXHenY9Fa8kpZo7JHzifPxZikbM=</latexit><latexit sha1_base64="zQwMUXQQ2w367YTABSaCx2nivVQ=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lU0GPRi8cK9gOaUDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61TZJpDi2eyER3Q2ZACgUtFCihm2pgcSihE47vZn7nCbQRiXrESQpBzIZKRIIztJIf9XMfR4CsfzntV2tu3Z2DrhKvIDVSoNmvfvmDhGcxKOSSGdPz3BSDnGkUXMK04mcGUsbHbAg9SxWLwQT5/OYpPbPKgEaJtqWQztXfEzmLjZnEoe2MGY7MsjcT//N6GUY3QS5UmiEovlgUZZJiQmcB0IHQwFFOLGFcC3sr5SOmGUcbU8WG4C2/vEraF3XPrXsPV7XGbRFHmZyQU3JOPHJNGuSeNEmLcJKSZ/JK3pzMeXHenY9Fa8kpZo7JHzifPxZikbM=</latexit>

fθ4<latexit sha1_base64="n2CaaxZoLkQxpfbeT53tx7kPMqU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Ac0oWy2m3bpZhN2J0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemEph0HW/ndLG5tb2Tnm3srd/cHhUPT7pmCTTjLdZIhPdC6nhUijeRoGS91LNaRxK3g0nd3O/+8S1EYl6xGnKg5iOlIgEo2glPxrkPo450kFjNqjW3Lq7AFknXkFqUKA1qH75w4RlMVfIJDWm77kpBjnVKJjks4qfGZ5SNqEj3rdU0ZibIF/cPCMXVhmSKNG2FJKF+nsip7Ex0zi0nTHFsVn15uJ/Xj/D6CbIhUoz5IotF0WZJJiQeQBkKDRnKKeWUKaFvZWwMdWUoY2pYkPwVl9eJ52ruufWvYdGrXlbxFGGMziHS/DgGppwDy1oA4MUnuEV3pzMeXHenY9la8kpZk7hD5zPHxfnkbQ=</latexit><latexit sha1_base64="n2CaaxZoLkQxpfbeT53tx7kPMqU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Ac0oWy2m3bpZhN2J0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemEph0HW/ndLG5tb2Tnm3srd/cHhUPT7pmCTTjLdZIhPdC6nhUijeRoGS91LNaRxK3g0nd3O/+8S1EYl6xGnKg5iOlIgEo2glPxrkPo450kFjNqjW3Lq7AFknXkFqUKA1qH75w4RlMVfIJDWm77kpBjnVKJjks4qfGZ5SNqEj3rdU0ZibIF/cPCMXVhmSKNG2FJKF+nsip7Ex0zi0nTHFsVn15uJ/Xj/D6CbIhUoz5IotF0WZJJiQeQBkKDRnKKeWUKaFvZWwMdWUoY2pYkPwVl9eJ52ruufWvYdGrXlbxFGGMziHS/DgGppwDy1oA4MUnuEV3pzMeXHenY9la8kpZk7hD5zPHxfnkbQ=</latexit><latexit sha1_base64="n2CaaxZoLkQxpfbeT53tx7kPMqU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Ac0oWy2m3bpZhN2J0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemEph0HW/ndLG5tb2Tnm3srd/cHhUPT7pmCTTjLdZIhPdC6nhUijeRoGS91LNaRxK3g0nd3O/+8S1EYl6xGnKg5iOlIgEo2glPxrkPo450kFjNqjW3Lq7AFknXkFqUKA1qH75w4RlMVfIJDWm77kpBjnVKJjks4qfGZ5SNqEj3rdU0ZibIF/cPCMXVhmSKNG2FJKF+nsip7Ex0zi0nTHFsVn15uJ/Xj/D6CbIhUoz5IotF0WZJJiQeQBkKDRnKKeWUKaFvZWwMdWUoY2pYkPwVl9eJ52ruufWvYdGrXlbxFGGMziHS/DgGppwDy1oA4MUnuEV3pzMeXHenY9la8kpZk7hD5zPHxfnkbQ=</latexit><latexit sha1_base64="n2CaaxZoLkQxpfbeT53tx7kPMqU=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Ac0oWy2m3bpZhN2J0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemEph0HW/ndLG5tb2Tnm3srd/cHhUPT7pmCTTjLdZIhPdC6nhUijeRoGS91LNaRxK3g0nd3O/+8S1EYl6xGnKg5iOlIgEo2glPxrkPo450kFjNqjW3Lq7AFknXkFqUKA1qH75w4RlMVfIJDWm77kpBjnVKJjks4qfGZ5SNqEj3rdU0ZibIF/cPCMXVhmSKNG2FJKF+nsip7Ex0zi0nTHFsVn15uJ/Xj/D6CbIhUoz5IotF0WZJJiQeQBkKDRnKKeWUKaFvZWwMdWUoY2pYkPwVl9eJ52ruufWvYdGrXlbxFGGMziHS/DgGppwDy1oA4MUnuEV3pzMeXHenY9la8kpZk7hD5zPHxfnkbQ=</latexit>

zi
3

<latexit sha1_base64="M7m4hocqbGeXGgakLxdWsFDBQ8A=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cK9gPaWDbbTbt0swm7E6GG/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFjd4zjhfkQHSoSCUbRS4+lB9M575YpbdWcgy8TLSQVy1Hvlr24/ZmnEFTJJjel4boJ+RjUKJvmk1E0NTygb0QHvWKpoxI2fzY6dkBOr9EkYa1sKyUz9PZHRyJhxFNjOiOLQLHpT8T+vk2J45WdCJSlyxeaLwlQSjMn0c9IXmjOUY0so08LeStiQasrQ5lOyIXiLLy+T5lnVc6ve3UWldp3HUYQjOIZT8OASanALdWgAAwHP8ApvjnJenHfnY95acPKZQ/gD5/MHjCGOfw==</latexit><latexit sha1_base64="M7m4hocqbGeXGgakLxdWsFDBQ8A=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cK9gPaWDbbTbt0swm7E6GG/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFjd4zjhfkQHSoSCUbRS4+lB9M575YpbdWcgy8TLSQVy1Hvlr24/ZmnEFTJJjel4boJ+RjUKJvmk1E0NTygb0QHvWKpoxI2fzY6dkBOr9EkYa1sKyUz9PZHRyJhxFNjOiOLQLHpT8T+vk2J45WdCJSlyxeaLwlQSjMn0c9IXmjOUY0so08LeStiQasrQ5lOyIXiLLy+T5lnVc6ve3UWldp3HUYQjOIZT8OASanALdWgAAwHP8ApvjnJenHfnY95acPKZQ/gD5/MHjCGOfw==</latexit><latexit sha1_base64="M7m4hocqbGeXGgakLxdWsFDBQ8A=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cK9gPaWDbbTbt0swm7E6GG/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFjd4zjhfkQHSoSCUbRS4+lB9M575YpbdWcgy8TLSQVy1Hvlr24/ZmnEFTJJjel4boJ+RjUKJvmk1E0NTygb0QHvWKpoxI2fzY6dkBOr9EkYa1sKyUz9PZHRyJhxFNjOiOLQLHpT8T+vk2J45WdCJSlyxeaLwlQSjMn0c9IXmjOUY0so08LeStiQasrQ5lOyIXiLLy+T5lnVc6ve3UWldp3HUYQjOIZT8OASanALdWgAAwHP8ApvjnJenHfnY95acPKZQ/gD5/MHjCGOfw==</latexit><latexit sha1_base64="M7m4hocqbGeXGgakLxdWsFDBQ8A=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lU0GPRi8cK9gPaWDbbTbt0swm7E6GG/gYvHhTx6g/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFjd4zjhfkQHSoSCUbRS4+lB9M575YpbdWcgy8TLSQVy1Hvlr24/ZmnEFTJJjel4boJ+RjUKJvmk1E0NTygb0QHvWKpoxI2fzY6dkBOr9EkYa1sKyUz9PZHRyJhxFNjOiOLQLHpT8T+vk2J45WdCJSlyxeaLwlQSjMn0c9IXmjOUY0so08LeStiQasrQ5lOyIXiLLy+T5lnVc6ve3UWldp3HUYQjOIZT8OASanALdWgAAwHP8ApvjnJenHfnY95acPKZQ/gD5/MHjCGOfw==</latexit>

zi
4<latexit sha1_base64="OZSe5FjkW+cQ+ylxJrqrA7doVXU=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48VTFtoY9lsJ+3SzSbsboRa+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0M/Nbj6g0T+S9GacYxHQgecQZNVbynx54r9YrV9yqOwdZJV5OKpCj0St/dfsJy2KUhgmqdcdzUxNMqDKcCZyWupnGlLIRHWDHUklj1MFkfuyUnFmlT6JE2ZKGzNXfExMaaz2OQ9sZUzPUy95M/M/rZCa6CiZcpplByRaLokwQk5DZ56TPFTIjxpZQpri9lbAhVZQZm0/JhuAtv7xKmhdVz616d7VK/TqPowgncArn4MEl1OEWGuADAw7P8ApvjnRenHfnY9FacPKZY/gD5/MHjaWOgA==</latexit><latexit sha1_base64="OZSe5FjkW+cQ+ylxJrqrA7doVXU=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48VTFtoY9lsJ+3SzSbsboRa+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0M/Nbj6g0T+S9GacYxHQgecQZNVbynx54r9YrV9yqOwdZJV5OKpCj0St/dfsJy2KUhgmqdcdzUxNMqDKcCZyWupnGlLIRHWDHUklj1MFkfuyUnFmlT6JE2ZKGzNXfExMaaz2OQ9sZUzPUy95M/M/rZCa6CiZcpplByRaLokwQk5DZ56TPFTIjxpZQpri9lbAhVZQZm0/JhuAtv7xKmhdVz616d7VK/TqPowgncArn4MEl1OEWGuADAw7P8ApvjnRenHfnY9FacPKZY/gD5/MHjaWOgA==</latexit><latexit sha1_base64="OZSe5FjkW+cQ+ylxJrqrA7doVXU=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48VTFtoY9lsJ+3SzSbsboRa+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0M/Nbj6g0T+S9GacYxHQgecQZNVbynx54r9YrV9yqOwdZJV5OKpCj0St/dfsJy2KUhgmqdcdzUxNMqDKcCZyWupnGlLIRHWDHUklj1MFkfuyUnFmlT6JE2ZKGzNXfExMaaz2OQ9sZUzPUy95M/M/rZCa6CiZcpplByRaLokwQk5DZ56TPFTIjxpZQpri9lbAhVZQZm0/JhuAtv7xKmhdVz616d7VK/TqPowgncArn4MEl1OEWGuADAw7P8ApvjnRenHfnY9FacPKZY/gD5/MHjaWOgA==</latexit><latexit sha1_base64="OZSe5FjkW+cQ+ylxJrqrA7doVXU=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48VTFtoY9lsJ+3SzSbsboRa+hu8eFDEqz/Im//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCoqZNMMfRZIhLVDqlGwSX6hhuB7VQhjUOBrXB0M/Nbj6g0T+S9GacYxHQgecQZNVbynx54r9YrV9yqOwdZJV5OKpCj0St/dfsJy2KUhgmqdcdzUxNMqDKcCZyWupnGlLIRHWDHUklj1MFkfuyUnFmlT6JE2ZKGzNXfExMaaz2OQ9sZUzPUy95M/M/rZCa6CiZcpplByRaLokwQk5DZ56TPFTIjxpZQpri9lbAhVZQZm0/JhuAtv7xKmhdVz616d7VK/TqPowgncArn4MEl1OEWGuADAw7P8ApvjnRenHfnY9FacPKZY/gD5/MHjaWOgA==</latexit>

vi
3 ∈ V3

<latexit sha1_base64="uxZqoTOKoLsYr9ruMLIOiz8PdA8=">AAAB9HicbVBNSwMxEJ2tX7V+VT16CRbBU9m1gh6LXjxWsB/Qrks2zbah2WRNsoWy9Hd48aCIV3+MN/+NabsHbX0w8Hhvhpl5YcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tUEdokkkvVCbGmnAnaNMxw2kkUxXHIaTsc3c789pgqzaR4MJOE+jEeCBYxgo2V/PEjC2qoxwRqBbWgXHGr7hxolXg5qUCORlD+6vUlSWMqDOFY667nJsbPsDKMcDot9VJNE0xGeEC7lgocU+1n86On6MwqfRRJZUsYNFd/T2Q41noSh7Yzxmaol72Z+J/XTU107WdMJKmhgiwWRSlHRqJZAqjPFCWGTyzBRDF7KyJDrDAxNqeSDcFbfnmVtC6qnlv17i8r9Zs8jiKcwCmcgwdXUIc7aEATCDzBM7zCmzN2Xpx352PRWnDymWP4A+fzB1aAkSY=</latexit><latexit sha1_base64="uxZqoTOKoLsYr9ruMLIOiz8PdA8=">AAAB9HicbVBNSwMxEJ2tX7V+VT16CRbBU9m1gh6LXjxWsB/Qrks2zbah2WRNsoWy9Hd48aCIV3+MN/+NabsHbX0w8Hhvhpl5YcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tUEdokkkvVCbGmnAnaNMxw2kkUxXHIaTsc3c789pgqzaR4MJOE+jEeCBYxgo2V/PEjC2qoxwRqBbWgXHGr7hxolXg5qUCORlD+6vUlSWMqDOFY667nJsbPsDKMcDot9VJNE0xGeEC7lgocU+1n86On6MwqfRRJZUsYNFd/T2Q41noSh7Yzxmaol72Z+J/XTU107WdMJKmhgiwWRSlHRqJZAqjPFCWGTyzBRDF7KyJDrDAxNqeSDcFbfnmVtC6qnlv17i8r9Zs8jiKcwCmcgwdXUIc7aEATCDzBM7zCmzN2Xpx352PRWnDymWP4A+fzB1aAkSY=</latexit><latexit sha1_base64="uxZqoTOKoLsYr9ruMLIOiz8PdA8=">AAAB9HicbVBNSwMxEJ2tX7V+VT16CRbBU9m1gh6LXjxWsB/Qrks2zbah2WRNsoWy9Hd48aCIV3+MN/+NabsHbX0w8Hhvhpl5YcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tUEdokkkvVCbGmnAnaNMxw2kkUxXHIaTsc3c789pgqzaR4MJOE+jEeCBYxgo2V/PEjC2qoxwRqBbWgXHGr7hxolXg5qUCORlD+6vUlSWMqDOFY667nJsbPsDKMcDot9VJNE0xGeEC7lgocU+1n86On6MwqfRRJZUsYNFd/T2Q41noSh7Yzxmaol72Z+J/XTU107WdMJKmhgiwWRSlHRqJZAqjPFCWGTyzBRDF7KyJDrDAxNqeSDcFbfnmVtC6qnlv17i8r9Zs8jiKcwCmcgwdXUIc7aEATCDzBM7zCmzN2Xpx352PRWnDymWP4A+fzB1aAkSY=</latexit><latexit sha1_base64="uxZqoTOKoLsYr9ruMLIOiz8PdA8=">AAAB9HicbVBNSwMxEJ2tX7V+VT16CRbBU9m1gh6LXjxWsB/Qrks2zbah2WRNsoWy9Hd48aCIV3+MN/+NabsHbX0w8Hhvhpl5YcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tUEdokkkvVCbGmnAnaNMxw2kkUxXHIaTsc3c789pgqzaR4MJOE+jEeCBYxgo2V/PEjC2qoxwRqBbWgXHGr7hxolXg5qUCORlD+6vUlSWMqDOFY667nJsbPsDKMcDot9VJNE0xGeEC7lgocU+1n86On6MwqfRRJZUsYNFd/T2Q41noSh7Yzxmaol72Z+J/XTU107WdMJKmhgiwWRSlHRqJZAqjPFCWGTyzBRDF7KyJDrDAxNqeSDcFbfnmVtC6qnlv17i8r9Zs8jiKcwCmcgwdXUIc7aEATCDzBM7zCmzN2Xpx352PRWnDymWP4A+fzB1aAkSY=</latexit>

vi
4 ∈ V4

<latexit sha1_base64="ThSQ3X4V8NFm1C31LnrV6TpJX+U=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48VbCu0MWy2k3bpZhN3N4VS+ju8eFDEqz/Gm//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCopZNMMWyyRCTqIaQaBZfYNNwIfEgV0jgU2A6HNzO/PUKleSLvzThFP6Z9ySPOqLGSP3rkQY10uSStoBaUK27VnYOsEi8nFcjRCMpf3V7CshilYYJq3fHc1PgTqgxnAqelbqYxpWxI+9ixVNIYtT+ZHz0lZ1bpkShRtqQhc/X3xITGWo/j0HbG1Az0sjcT//M6mYmu/AmXaWZQssWiKBPEJGSWAOlxhcyIsSWUKW5vJWxAFWXG5lSyIXjLL6+S1kXVc6veXa1Sv87jKMIJnMI5eHAJdbiFBjSBwRM8wyu8OSPnxXl3PhatBSefOYY/cD5/AFmQkSg=</latexit><latexit sha1_base64="ThSQ3X4V8NFm1C31LnrV6TpJX+U=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48VbCu0MWy2k3bpZhN3N4VS+ju8eFDEqz/Gm//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCopZNMMWyyRCTqIaQaBZfYNNwIfEgV0jgU2A6HNzO/PUKleSLvzThFP6Z9ySPOqLGSP3rkQY10uSStoBaUK27VnYOsEi8nFcjRCMpf3V7CshilYYJq3fHc1PgTqgxnAqelbqYxpWxI+9ixVNIYtT+ZHz0lZ1bpkShRtqQhc/X3xITGWo/j0HbG1Az0sjcT//M6mYmu/AmXaWZQssWiKBPEJGSWAOlxhcyIsSWUKW5vJWxAFWXG5lSyIXjLL6+S1kXVc6veXa1Sv87jKMIJnMI5eHAJdbiFBjSBwRM8wyu8OSPnxXl3PhatBSefOYY/cD5/AFmQkSg=</latexit><latexit sha1_base64="ThSQ3X4V8NFm1C31LnrV6TpJX+U=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48VbCu0MWy2k3bpZhN3N4VS+ju8eFDEqz/Gm//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCopZNMMWyyRCTqIaQaBZfYNNwIfEgV0jgU2A6HNzO/PUKleSLvzThFP6Z9ySPOqLGSP3rkQY10uSStoBaUK27VnYOsEi8nFcjRCMpf3V7CshilYYJq3fHc1PgTqgxnAqelbqYxpWxI+9ixVNIYtT+ZHz0lZ1bpkShRtqQhc/X3xITGWo/j0HbG1Az0sjcT//M6mYmu/AmXaWZQssWiKBPEJGSWAOlxhcyIsSWUKW5vJWxAFWXG5lSyIXjLL6+S1kXVc6veXa1Sv87jKMIJnMI5eHAJdbiFBjSBwRM8wyu8OSPnxXl3PhatBSefOYY/cD5/AFmQkSg=</latexit><latexit sha1_base64="ThSQ3X4V8NFm1C31LnrV6TpJX+U=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48VbCu0MWy2k3bpZhN3N4VS+ju8eFDEqz/Gm//GbZuDtj4YeLw3w8y8MBVcG9f9dgpr6xubW8Xt0s7u3v5B+fCopZNMMWyyRCTqIaQaBZfYNNwIfEgV0jgU2A6HNzO/PUKleSLvzThFP6Z9ySPOqLGSP3rkQY10uSStoBaUK27VnYOsEi8nFcjRCMpf3V7CshilYYJq3fHc1PgTqgxnAqelbqYxpWxI+9ixVNIYtT+ZHz0lZ1bpkShRtqQhc/X3xITGWo/j0HbG1Az0sjcT//M6mYmu/AmXaWZQssWiKBPEJGSWAOlxhcyIsSWUKW5vJWxAFWXG5lSyIXjLL6+S1kXVc6veXa1Sv87jKMIJnMI5eHAJdbiFBjSBwRM8wyu8OSPnxXl3PhatBSefOYY/cD5/AFmQkSg=</latexit>

fθ1<latexit sha1_base64="q/a21S0rSvzWx6csIj2G7GwCFa0=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cKthaaEDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvyqQw6LrfTmVtfWNzq7pd29nd2z+oHx51TZprDh2eylT3ImZACgUdFCihl2lgSSThMRrfzvzHJ9BGpOoBJxkECRsqEQvO0Ep+HBY+jgBZ6E3DesNtunPQVeKVpEFKtMP6lz9IeZ6AQi6ZMX3PzTAomEbBJUxrfm4gY3zMhtC3VLEETFDMb57SM6sMaJxqWwrpXP09UbDEmEkS2c6E4cgsezPxP6+fY3wdFEJlOYLii0VxLimmdBYAHQgNHOXEEsa1sLdSPmKacbQx1WwI3vLLq6R70fTcpnd/2WjdlHFUyQk5JefEI1ekRe5Im3QIJxl5Jq/kzcmdF+fd+Vi0Vpxy5pj8gfP5AxNYkbE=</latexit><latexit sha1_base64="q/a21S0rSvzWx6csIj2G7GwCFa0=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cKthaaEDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvyqQw6LrfTmVtfWNzq7pd29nd2z+oHx51TZprDh2eylT3ImZACgUdFCihl2lgSSThMRrfzvzHJ9BGpOoBJxkECRsqEQvO0Ep+HBY+jgBZ6E3DesNtunPQVeKVpEFKtMP6lz9IeZ6AQi6ZMX3PzTAomEbBJUxrfm4gY3zMhtC3VLEETFDMb57SM6sMaJxqWwrpXP09UbDEmEkS2c6E4cgsezPxP6+fY3wdFEJlOYLii0VxLimmdBYAHQgNHOXEEsa1sLdSPmKacbQx1WwI3vLLq6R70fTcpnd/2WjdlHFUyQk5JefEI1ekRe5Im3QIJxl5Jq/kzcmdF+fd+Vi0Vpxy5pj8gfP5AxNYkbE=</latexit><latexit sha1_base64="q/a21S0rSvzWx6csIj2G7GwCFa0=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cKthaaEDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvyqQw6LrfTmVtfWNzq7pd29nd2z+oHx51TZprDh2eylT3ImZACgUdFCihl2lgSSThMRrfzvzHJ9BGpOoBJxkECRsqEQvO0Ep+HBY+jgBZ6E3DesNtunPQVeKVpEFKtMP6lz9IeZ6AQi6ZMX3PzTAomEbBJUxrfm4gY3zMhtC3VLEETFDMb57SM6sMaJxqWwrpXP09UbDEmEkS2c6E4cgsezPxP6+fY3wdFEJlOYLii0VxLimmdBYAHQgNHOXEEsa1sLdSPmKacbQx1WwI3vLLq6R70fTcpnd/2WjdlHFUyQk5JefEI1ekRe5Im3QIJxl5Jq/kzcmdF+fd+Vi0Vpxy5pj8gfP5AxNYkbE=</latexit><latexit sha1_base64="q/a21S0rSvzWx6csIj2G7GwCFa0=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cKthaaEDbbSbt0swm7E6GE/g0vHhTx6p/x5r9x2+agrQ8GHu/NMDMvyqQw6LrfTmVtfWNzq7pd29nd2z+oHx51TZprDh2eylT3ImZACgUdFCihl2lgSSThMRrfzvzHJ9BGpOoBJxkECRsqEQvO0Ep+HBY+jgBZ6E3DesNtunPQVeKVpEFKtMP6lz9IeZ6AQi6ZMX3PzTAomEbBJUxrfm4gY3zMhtC3VLEETFDMb57SM6sMaJxqWwrpXP09UbDEmEkS2c6E4cgsezPxP6+fY3wdFEJlOYLii0VxLimmdBYAHQgNHOXEEsa1sLdSPmKacbQx1WwI3vLLq6R70fTcpnd/2WjdlHFUyQk5JefEI1ekRe5Im3QIJxl5Jq/kzcmdF+fd+Vi0Vpxy5pj8gfP5AxNYkbE=</latexit>

vj
1 ∈ V1

<latexit sha1_base64="aVeMGIr31EA8b+RIJUiMu4YPpfA=">AAAB9HicbVBNSwMxEJ2tX7V+VT16CRbBU9mIUI9FLx4r2A9o1yWbZtvYbHZNsoWy9Hd48aCIV3+MN/+NabsHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epoqxJYxGrTkA0E1yypuFGsE6iGIkCwdrB6Gbmt8dMaR7LezNJmBeRgeQhp8RYyRs/PPoY9bhELR/75YpbdedAqwTnpAI5Gn75q9ePaRoxaaggWnexmxgvI8pwKti01Es1SwgdkQHrWipJxLSXzY+eojOr9FEYK1vSoLn6eyIjkdaTKLCdETFDvezNxP+8bmrCKy/jMkkNk3SxKEwFMjGaJYD6XDFqxMQSQhW3tyI6JIpQY3Mq2RDw8surpHVRxW4V311W6td5HEU4gVM4Bww1qMMtNKAJFJ7gGV7hzRk7L86787FoLTj5zDH8gfP5A1HukSM=</latexit><latexit sha1_base64="aVeMGIr31EA8b+RIJUiMu4YPpfA=">AAAB9HicbVBNSwMxEJ2tX7V+VT16CRbBU9mIUI9FLx4r2A9o1yWbZtvYbHZNsoWy9Hd48aCIV3+MN/+NabsHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epoqxJYxGrTkA0E1yypuFGsE6iGIkCwdrB6Gbmt8dMaR7LezNJmBeRgeQhp8RYyRs/PPoY9bhELR/75YpbdedAqwTnpAI5Gn75q9ePaRoxaaggWnexmxgvI8pwKti01Es1SwgdkQHrWipJxLSXzY+eojOr9FEYK1vSoLn6eyIjkdaTKLCdETFDvezNxP+8bmrCKy/jMkkNk3SxKEwFMjGaJYD6XDFqxMQSQhW3tyI6JIpQY3Mq2RDw8surpHVRxW4V311W6td5HEU4gVM4Bww1qMMtNKAJFJ7gGV7hzRk7L86787FoLTj5zDH8gfP5A1HukSM=</latexit><latexit sha1_base64="aVeMGIr31EA8b+RIJUiMu4YPpfA=">AAAB9HicbVBNSwMxEJ2tX7V+VT16CRbBU9mIUI9FLx4r2A9o1yWbZtvYbHZNsoWy9Hd48aCIV3+MN/+NabsHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epoqxJYxGrTkA0E1yypuFGsE6iGIkCwdrB6Gbmt8dMaR7LezNJmBeRgeQhp8RYyRs/PPoY9bhELR/75YpbdedAqwTnpAI5Gn75q9ePaRoxaaggWnexmxgvI8pwKti01Es1SwgdkQHrWipJxLSXzY+eojOr9FEYK1vSoLn6eyIjkdaTKLCdETFDvezNxP+8bmrCKy/jMkkNk3SxKEwFMjGaJYD6XDFqxMQSQhW3tyI6JIpQY3Mq2RDw8surpHVRxW4V311W6td5HEU4gVM4Bww1qMMtNKAJFJ7gGV7hzRk7L86787FoLTj5zDH8gfP5A1HukSM=</latexit><latexit sha1_base64="aVeMGIr31EA8b+RIJUiMu4YPpfA=">AAAB9HicbVBNSwMxEJ2tX7V+VT16CRbBU9mIUI9FLx4r2A9o1yWbZtvYbHZNsoWy9Hd48aCIV3+MN/+NabsHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epoqxJYxGrTkA0E1yypuFGsE6iGIkCwdrB6Gbmt8dMaR7LezNJmBeRgeQhp8RYyRs/PPoY9bhELR/75YpbdedAqwTnpAI5Gn75q9ePaRoxaaggWnexmxgvI8pwKti01Es1SwgdkQHrWipJxLSXzY+eojOr9FEYK1vSoLn6eyIjkdaTKLCdETFDvezNxP+8bmrCKy/jMkkNk3SxKEwFMjGaJYD6XDFqxMQSQhW3tyI6JIpQY3Mq2RDw8surpHVRxW4V311W6td5HEU4gVM4Bww1qMMtNKAJFJ7gGV7hzRk7L86787FoLTj5zDH8gfP5A1HukSM=</latexit>

zj
1

<latexit sha1_base64="duUJZRL7BAW9fYFkJEfi2hnUSE4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cKpi20tWy2m3btZhN2J0IN/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omDjVjPsslrFuBdRwKRT3UaDkrURzGgWSN4PR9dRvPnJtRKzucJzwbkQHSoSCUbSS/3T/0PN65YpbdWcgy8TLSQVy1Hvlr04/ZmnEFTJJjWl7boLdjGoUTPJJqZManlA2ogPetlTRiJtuNjt2Qk6s0idhrG0pJDP190RGI2PGUWA7I4pDs+hNxf+8dorhZTcTKkmRKzZfFKaSYEymn5O+0JyhHFtCmRb2VsKGVFOGNp+SDcFbfHmZNM6qnlv1bs8rtas8jiIcwTGcggcXUIMbqIMPDAQ8wyu8Ocp5cd6dj3lrwclnDuEPnM8fip+Ofg==</latexit><latexit sha1_base64="duUJZRL7BAW9fYFkJEfi2hnUSE4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cKpi20tWy2m3btZhN2J0IN/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omDjVjPsslrFuBdRwKRT3UaDkrURzGgWSN4PR9dRvPnJtRKzucJzwbkQHSoSCUbSS/3T/0PN65YpbdWcgy8TLSQVy1Hvlr04/ZmnEFTJJjWl7boLdjGoUTPJJqZManlA2ogPetlTRiJtuNjt2Qk6s0idhrG0pJDP190RGI2PGUWA7I4pDs+hNxf+8dorhZTcTKkmRKzZfFKaSYEymn5O+0JyhHFtCmRb2VsKGVFOGNp+SDcFbfHmZNM6qnlv1bs8rtas8jiIcwTGcggcXUIMbqIMPDAQ8wyu8Ocp5cd6dj3lrwclnDuEPnM8fip+Ofg==</latexit><latexit sha1_base64="duUJZRL7BAW9fYFkJEfi2hnUSE4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cKpi20tWy2m3btZhN2J0IN/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omDjVjPsslrFuBdRwKRT3UaDkrURzGgWSN4PR9dRvPnJtRKzucJzwbkQHSoSCUbSS/3T/0PN65YpbdWcgy8TLSQVy1Hvlr04/ZmnEFTJJjWl7boLdjGoUTPJJqZManlA2ogPetlTRiJtuNjt2Qk6s0idhrG0pJDP190RGI2PGUWA7I4pDs+hNxf+8dorhZTcTKkmRKzZfFKaSYEymn5O+0JyhHFtCmRb2VsKGVFOGNp+SDcFbfHmZNM6qnlv1bs8rtas8jiIcwTGcggcXUIMbqIMPDAQ8wyu8Ocp5cd6dj3lrwclnDuEPnM8fip+Ofg==</latexit><latexit sha1_base64="duUJZRL7BAW9fYFkJEfi2hnUSE4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cKpi20tWy2m3btZhN2J0IN/Q1ePCji1R/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLK6tr6RnGztLW9s7tX3j9omDjVjPsslrFuBdRwKRT3UaDkrURzGgWSN4PR9dRvPnJtRKzucJzwbkQHSoSCUbSS/3T/0PN65YpbdWcgy8TLSQVy1Hvlr04/ZmnEFTJJjWl7boLdjGoUTPJJqZManlA2ogPetlTRiJtuNjt2Qk6s0idhrG0pJDP190RGI2PGUWA7I4pDs+hNxf+8dorhZTcTKkmRKzZfFKaSYEymn5O+0JyhHFtCmRb2VsKGVFOGNp+SDcFbfHmZNM6qnlv1bs8rtas8jiIcwTGcggcXUIMbqIMPDAQ8wyu8Ocp5cd6dj3lrwclnDuEPnM8fip+Ofg==</latexit>

Matching views
<latexit sha1_base64="PqZpBI/5PUTD03tg2Et+F0fHoPs=">AAAB9XicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtbEwwkY8ETrK3DLBhb++yuwchF/6HjYXG2Ppf7Pw3LnCFgi+Z5OW9mczMC2LBtXHdbye3sbm1vZPfLeztHxweFY9PGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3c795hiV5pF8NNMY/ZAOJO9zRo2Vnu6pYUMuB2TMcaK7xZJbdhcg68TLSAky1LrFr04vYkmI0jBBtW57bmz8lCrDmcBZoZNojCkb0QG2LZU0RO2ni6tn5MIqPdKPlC1pyEL9PZHSUOtpGNjOkJqhXvXm4n9eOzH9az/lMk4MSrZc1E8EMRGZR0B6XCEzYmoJZYrbWwkbUkWZsUEVbAje6svrpFEpe27Ze6iUqjdZHHk4g3O4BA+uoAp3UIM6MFDwDK/w5kycF+fd+Vi25pxs5hT+wPn8AX6Ckn0=</latexit><latexit sha1_base64="PqZpBI/5PUTD03tg2Et+F0fHoPs=">AAAB9XicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtbEwwkY8ETrK3DLBhb++yuwchF/6HjYXG2Ppf7Pw3LnCFgi+Z5OW9mczMC2LBtXHdbye3sbm1vZPfLeztHxweFY9PGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3c795hiV5pF8NNMY/ZAOJO9zRo2Vnu6pYUMuB2TMcaK7xZJbdhcg68TLSAky1LrFr04vYkmI0jBBtW57bmz8lCrDmcBZoZNojCkb0QG2LZU0RO2ni6tn5MIqPdKPlC1pyEL9PZHSUOtpGNjOkJqhXvXm4n9eOzH9az/lMk4MSrZc1E8EMRGZR0B6XCEzYmoJZYrbWwkbUkWZsUEVbAje6svrpFEpe27Ze6iUqjdZHHk4g3O4BA+uoAp3UIM6MFDwDK/w5kycF+fd+Vi25pxs5hT+wPn8AX6Ckn0=</latexit><latexit sha1_base64="PqZpBI/5PUTD03tg2Et+F0fHoPs=">AAAB9XicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtbEwwkY8ETrK3DLBhb++yuwchF/6HjYXG2Ppf7Pw3LnCFgi+Z5OW9mczMC2LBtXHdbye3sbm1vZPfLeztHxweFY9PGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3c795hiV5pF8NNMY/ZAOJO9zRo2Vnu6pYUMuB2TMcaK7xZJbdhcg68TLSAky1LrFr04vYkmI0jBBtW57bmz8lCrDmcBZoZNojCkb0QG2LZU0RO2ni6tn5MIqPdKPlC1pyEL9PZHSUOtpGNjOkJqhXvXm4n9eOzH9az/lMk4MSrZc1E8EMRGZR0B6XCEzYmoJZYrbWwkbUkWZsUEVbAje6svrpFEpe27Ze6iUqjdZHHk4g3O4BA+uoAp3UIM6MFDwDK/w5kycF+fd+Vi25pxs5hT+wPn8AX6Ckn0=</latexit><latexit sha1_base64="PqZpBI/5PUTD03tg2Et+F0fHoPs=">AAAB9XicbVA9TwJBEJ3DL8Qv1NJmIzGxInc0WhJtbEwwkY8ETrK3DLBhb++yuwchF/6HjYXG2Ppf7Pw3LnCFgi+Z5OW9mczMC2LBtXHdbye3sbm1vZPfLeztHxweFY9PGjpKFMM6i0SkWgHVKLjEuuFGYCtWSMNAYDMY3c795hiV5pF8NNMY/ZAOJO9zRo2Vnu6pYUMuB2TMcaK7xZJbdhcg68TLSAky1LrFr04vYkmI0jBBtW57bmz8lCrDmcBZoZNojCkb0QG2LZU0RO2ni6tn5MIqPdKPlC1pyEL9PZHSUOtpGNjOkJqhXvXm4n9eOzH9az/lMk4MSrZc1E8EMRGZR0B6XCEzYmoJZYrbWwkbUkWZsUEVbAje6svrpFEpe27Ze6iUqjdZHHk4g3O4BA+uoAp3UIM6MFDwDK/w5kycF+fd+Vi25pxs5hT+wPn8AX6Ckn0=</latexit>

Unmatching view
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(a) Contrastive Multiview Coding (b) Region-wise Distribution Contrast
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Fig. 1: Multiview consistency and region consistency. (a) Illustration of contrastive
multiview consistency [38]. (b) Illustration of region consistency, where pi,s and pj,s
represent the region distribution of semantic segmentation, pi,d and pj,d denotes the
region distribution of depth estimation.

1 Introduction

With the rapid advancement of deep learning, dense prediction tasks, includ-
ing semantic segmentation, depth estimation, and surface normal estimation,
have witnessed remarkable progress [11, 16, 30, 34, 47]. Considering the inher-
ent interdependence among these dense prediction tasks [45,46], there has been
a growing interest in employing unified multi-task learning networks to jointly
tackle different dense prediction tasks [7,22,28,29,31,32,39,43,50]. In contrast to
inefficient single-task learning networks, multi-task learning networks effectively
acquire shared features, enabling them to capture more generalizable information
across various tasks while avoiding redundant training [39,43,50].

Recent advancements in multi-task dense prediction methods have primarily
focused on two crucial aspects. The first aspect is dedicated to designing intricate
network architectures to achieve effective multi-task learning [29, 32, 39, 43, 50],
while the second aspect is devoted to devising optimal balancing strategies for
loss functions in multi-task learning [7, 14, 22, 28, 29], aiming to mitigate the
negative transfer across tasks. These directions mainly focus on fully super-
vised multi-task learning, where complete task labels are available for all train-
ing samples. However, acquiring pixel-level labels for dense prediction tasks is
resource-intensive, particularly with multiple visual tasks. It is common to en-
counter scenarios where labels for certain tasks are missing or unreliable in some
training samples [25], leading to a new research direction known as multi-task
partially supervised learning (MTPSL).

Since not all task labels are available for each training image in MTPSL,
it is natural to formulate a multi-task learning framework which can leverage
the implicit relationship between tasks with and without explicit labels. Dense
prediction tasks, such as semantic segmentation, depth estimation, and normal
prediction, exhibit a complementary co-existence relationship [37,45,46], where
each task can serve as auxiliary information for others, offering valuable insights
reciprocally. While existing approaches map predictions into a joint vector-wise
semantic space for task alignment [25], we argue that this overlooks the un-
derlying structural information inherent in the original image. A global vector
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might be insufficient to characterize the information in the entire scene, limit-
ing its effectiveness in constraining cross-task relationships. Local matching, as
shown in Fig. 1, with its intrinsic local properties, serves as a potential remedy.
Nonetheless, the absence of precise region supervision presents a fundamental
obstacle, thereby intensifying the challenges associated with its implementation.

To tackle the outlined challenges, we introduce region-based cross-task align-
ment by leveraging the robust region segmentation capabilities inherent in Seg-
ment Anything Model (SAM) models. Utilizing well-segmented image regions
facilitates the abstraction of region-level information, enabling the addition of
cross-task consistency constraints. However, a subsequent crucial challenge arises
in effectively representing these regional features to ensure the consistency and
accuracy of cross-task alignment. In contrast to conventional methods that di-
rectly learn a unified image representation, we employ Gaussian distributions to
model region representations, enhancing flexibility and improving the ability to
capture intra-region structures. By adapting Gaussian distributions between cor-
responding regions from different tasks, our approach can be more broadly appli-
cable to diverse task types, such as pixel-level classification tasks (e.g., semantic
segmentation) and pixel-level regression tasks (e.g., depth estimation). Subse-
quently, we introduce distributional contrastive learning to explicitly perform
region-wise cross-task alignment. This approach serves as a robust constraint,
offering a meaningful way to mine relationships between tasks and enhance dense
prediction results, particularly for those tasks lacking pixel-wise labels.

In summary, our work masks the following contributions:

– We tackle the challenge of multi-task partially supervised (MTPSL) dense
prediction from a fresh perspective. Our approach involves extracting cross-
task local alignment through the utilization of SAM’s easily obtainable local
regions. This innovative strategy has demonstrated notable in alleviating
label shortages.

– We propose a novel region distribution contrast method for local alignment,
which offers increased flexibility, robustness, and wide applicability across
multiple tasks.

– We validate the effectiveness of our proposed method through extensive ex-
periments conducted on two widely used benchmark datasets. Notably, our
approach achieves state-of-the-art performance in partially supervised learn-
ing, while also showing great potential in fully supervised learning.

2 Related Work

Multi-task Supervised Learning. Multi-task learning utilizes a single
model to simultaneously handle multiple visual tasks, offering advantages such
as faster inference speed and more efficient utilization of input data. Some ap-
proaches [13,32,48] focus on designing the encoder of multi-task network, while
other approaches pay more attention to designing complex decoders to gen-
erate task-specific predictions by utilizing shared features [2, 39, 43, 50]. Uncer-
tainty [22] obtain task loss weights by considering the heteroscedastic uncertainty
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of each task, Grad-Norm [7] directly adjusts gradients to balance task losses, and
DWA [14] learns time-varying average task weights by considering the loss vari-
ation rate of each task. It is important to note that these methods operate under
a significant and strong assumption, namely that they are developed and studied
based on the availability of labels for all tasks across all images.

Multi-task Semi-supervised Learning and Partially-supervised Learn-
ing. Learning multi-task models on fully annotated data requires a large-scale
labeled dataset, and the cost of collecting sufficient labeled data can be high.
Therefore, two common scenarios are worthy of note in multi-task learning.
One is semi-supervised multi-task learning, where the dataset consists of lim-
ited annotation information for all tasks and a large amount of unlabeled data.
A bunch of methods have been proposed for semi-supervised multi-task learn-
ing [8,18,19,24,27]. In recent works [8,18,19,24], regularization terms are applied
to unlabeled samples from each task to encourage consistent predictions when
the input is perturbed. Another scenario involves partial-supervision multi-task
learning, where the dataset lacks sufficient labels for each task, and not all tasks
have labels for every image. Li et al . [25] maps tasks into high-dimensional vec-
tors for cross-task alignment. However, vector representations are insufficient and
do not capture local-level alignment. In this paper, we propose leveraging distri-
butions as a substitute for vector representations of task features and employing
contrastive learning to achieve region-level alignment across tasks.

Contrastive Learning for Vision. Recently, contrastive learning has made
significant advancements in unsupervised learning [5,6,15,33,42]. DenseCL [40]
and RegionContrast [17] have been utilized for semantic segmentation tasks using
contrastive learning at the pixel and region levels respectively, achieving excellent
results. For depth estimation, WCL [12] transformed depth from continuous
values to discrete values and constructed contrastive losses based on windows to
form positive and negative sample pairs. CMC [38] was the first to propose that
different viewpoints of the same image should be mapped to nearby positions
in a high-dimensional space, while different images should be mapped to distant
positions, thus ensuring multiview consistency. Inspired by CMC, we believe that
multiple viewpoints within the same local region should also exhibit consistency,
while differing from other regions. In this paper, we leverage this idea to achieve
region-level contrast for MTPSL.

Gaussian Distribution. Recently, Gaussian distribution has been widely
employed in computer vision to characterize the distribution of features [3, 4,
20,26,41,49]. GMMSeg [26] utilized the Expectation-Maximization algorithm to
construct Gaussian Mixture Models for each class in semantic segmentation, cap-
turing class-conditional densities. AGMM [41] constructed an adaptive Gaussian
Mixture Model for sparse annotation in semantic segmentation by incorporat-
ing labeled pixels and their similar unlabeled counterparts. DUL [3] employed
mean and variance to characterize the distribution of faces for face recognition.
Gaussian distributions have the capability to probabilistically describe the dis-
tribution characteristics of different visual tasks. However, to the best of our
knowledge, Gaussian distributions have not been applied in MTPSL.
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Fig. 2: Illustration of region-aware distribution contrast learning method for MTPSL.
During training, supervised constraints LSup are applied to the annotated task s. For
task s and unlabelled task t, the aθ map the true label ys and the prediction ŷt in the
high-dimensional space respectively and then model the region of task-specific features
extracted using SAM as a Gaussian distribution. Contrastive learning is then employed
to minimize the distance between distributions of the same region across different tasks
while maximizing the distance to distributions of other regions.

3 Method

3.1 Preliminaries

Problem Setup. Considering the problem of multi-task learning involving
K tasks, where K ≥ 2. A training dataset S = {xi}Ni=1 is given with N partially
labelled samples, indicating that for each training sample xi, only a subset of the
K tasks are provided true labels. Let Pi represents the number of labeled tasks
for xi and Qi represents the number of unlabeled tasks, such that Pi +Qi = K.
When Pi equals K for all xi ∈ S, it indicates fully supervised multi-task learning.
Conversely, when Qi equals K for all xi ∈ S, it implies that no task labels are
available, leading to unsupervised multi-task learning. In this paper, we focus on
addressing partially supervised multi-task learning, where each training image
xi can obtain labels for at least one task (Pi ≥ 1).

3.2 Overview of Our Method

As shown in Fig. 2, our method focuses on utilizing Gaussian distributions
to represent features in local regions for contrastive learning, achieving better
distribution consistency across tasks at the region-level for MTPSL. Assuming
that task s has label while task t does not, our objective is to achieve alignment
between the true label ys of task s and the prediction ŷt of task t at the region
level using contrastive learning.

In the training stage, to accurately and efficiently obtain region-level features
for prediction, we simultaneously feed the input image to both the multi-task
learning (MTL) network and the pre-trained SAM. Predictions are obtained
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Fig. 3: Illustration of region-level cross-task consistency. Initially, SAM predictions are
employed to extract regions from the features of the particular task. Following that,
these regions are modeled as Gaussian distributions. Finally, contrastive learning is
utilized to minimize the distance between regions of the same region across different
tasks and maximize the distance to regions of other regions.

from both MTL network and SAM. For tasks with labeled data, we apply fully-
supervised loss LSup as explicit training supervision. For tasks without label, an
auxiliary network aθ maps the unlabelled task prediction ŷt and the annotated
task label ys to the same high-dimensional feature map space, and use LRC to
achieve cross-task consistency at the region level. Specifically, We first extract
region-wise features in ŷt and ys based on the segmented regions identified by
SAM, then model them as Gaussian distributions. After acquiring the Gaussian
distributions for features in each region of each task, we utilize contrastive learn-
ing to minimize the distance between the Gaussian distributions of features in
the same region across different tasks and maximize the distance from the Gaus-
sian distributions of features from different regions. Finally, the optimization of
our method can be defined as:

Loss = LSup + LRC . (1)

In the inference stage, as illustrated in Fig. 2, the input image is fed only
into the MTL network to generate predictions for multiple tasks, notably, with
SAM no longer being utilized.

3.3 Region-aware Contrastive Learning

In this section, we explain the implementation details to achieve region-level
cross-task consistency.

Region-level Features Extraction. To realize the region-level cross-task
consistency, it is essential to informatively choose regions for feature extraction.
Considering the robust capabilities of SAM for image segmentation [23], we
employ it to generate the regions for each training sample, leveraging its ability
to provide valuable prior knowledge. As shown in Fig. 2, to obtain fine-grained
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semantics and fine-grained edges of regions, we fed the image into MTL network
and pre-trained SAM simultaneously. SAM performs fine-grained segmentation
of each object in the image, and its output masks contain the ID of each area and
its corresponding position in the image. Inspired by [21], for convenient region-
wise feature extraction in task-specific feature maps, we compute the predicted
masks of SAM as a grayscale image, where each pixel value corresponds to the
area ID returned by SAM, indicating its category. Leveraging the grayscale masks
of SAM, we split the image into different regions and extract region-wise features
within feature maps of different tasks.

Gaussian Distribution Modeling. After obtaining the region-wise fea-
tures for each task, we consider modeling the region-wise features as Gaussian
distributions. The utilization of Gaussian distributions represents the features
of a region in a probabilistic manner, which provides a more comprehensive de-
piction of the region’s variations and compensates for the shortcomings of pixel-
level hard alignment. Specifically, we model each region ri from the task-specific
feature map ft as a Gaussian distribution:

pi,t = p(ri|ft) = N (ri;µi,t,Σi,t), (2)

where µi,t and Σi,t represent mean and covariance matrix respectively, calcu-
lated from the region ri in the feature map ft, as shown in Fig. 3.

Region Distribution Contrast. Once we have obtained the Gaussian dis-
tributions for each region, our objective is to utilize contrastive learning to min-
imize the distance between Gaussian distributions of the same region across
different tasks and maximize the distance between Gaussian distributions of dif-
ferent regions. Hence, the region-wise Gaussian distribution contrastive loss for
the region distribution pi,t can be defined as follows:

LNCE
i,t = −∑

k+
log

sim (pi,t, k+)

sim (pi,t, k+) +
∑

k−
sim (pi,t, k−)

, (3)

sim(pi,t, k) = exp(−Wdistance(pi,t, k)/τ), (4)

where k+ ∈ {pi,s}s̸=t, k− ∈ {pj,∗}j ̸=i, ∗ denotes any task, sim denotes the
exponential equation of the Wasserstein distance, and τ is the temperature pa-
rameter. Wasserstein distance [35] is a metric used to quantify the dissimilarity
between two probability distributions and well-suited for accurately measuring
the distance between discrete and continuous distributions, as it accounts for
the underlying structure and geometry of the data. It measures the minimum
amount of work required to transform one distribution into another and can be
calculated as follows:

Wdistance(pi,t, k) =
∥∥µi,t − µk

∥∥2 +Tr (Σi,t)

+ Tr (Σk)− 2Tr
(
(Σi,tΣk)

1/2
), (5)

where Tr represents the trace of the matrix, µk and Σk represent the mean and
covariance matrix of sample k. Based on LNCE , the region-wise contrastive loss
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LRC can be defined as follows:

LRC =
1

KM

K∑

t

M∑

i

LNCE
i,t , (6)

where M is the number of regions in the feature map t.
By minimizing LRC , the network learns to contrast the distributions from the

same region with those from different regions, thereby enabling better cross-task
consistency at the region level.

Alternative Local Extraction Strategy. Here we explore an alternative
local extraction strategy to investigate local cross-task consistency. To extract
local information from the feature map, the simplest approach is to divide the
map into patches, where patches at the same position serve as positive samples,
and their distances are minimized. Conversely, patches from other positions act
as negative samples, and their distances are maximized. We refer to this lo-
cal extraction strategy as patch-aware contrast, which will be compared to the
region-aware contrast method in Sec. 4.

Alternative Local Contrast Strategy. Alternatively, the method of mod-
eling regions as Gaussian distributions and performing contrastive learning can
be replaced with other contrastive strategies. One strategy is pixel-to-pixel level
region contrast, where each pixel within the region is pulled closer to the cor-
responding pixel in the positive sample region and pushed far apart from each
pixel in the negative sample region. We refer to this as pixel contrast. Another
strategy is to map the region to a vector and bring it closer to the vector of
the positive sample region while pushing it away from the vector of the negative
sample region. This strategy is referred to as vector contrast. We compare these
alternative methods in Sec. 4.

4 Experiments

Datasets. We evaluated our method on two standard dense prediction multi-
task datasets: NYU-V2 [36] and Cityscapes [9]. NYU-V2 is an indoor dataset of
natural scenes, including three dense prediction tasks: semantic segmentation,
depth estimation, and surface normal estimation. The semantic segmentation
task in NYU-V2 contains 13 categories, depth estimation is provided by Mi-
crosoft Kinect, and surface normal estimation is provided by [10]. As [25,29], all
images were resized to 288x384 for training and evaluation purposes. Cityscapes
is a well-known dataset for autonomous driving, consisting of outdoor street
scenes with two tasks: semantic segmentation and depth estimation. Follow-
ing [25, 29], we used 7-class semantic segmentation annotations for evaluation
and resized all images to 128x256 to improve training speed.

Experimental Setting. Following [25], we evaluated our method in two
partially supervised multi-task settings: the one label setting and the random
label setting. In the one label setting, each image is assigned a random task with
a label. In the random label setting, each image is assigned random labels for
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Table 1: Quantitative comparison on the NYU-V2 dataset. ↑ (↓) denotes
that, larger (smaller) values lead to better quality. ∗ represents the available partially
supervised SOTA. ∗ represents the available fully supervised SOTA. + denotes the
percentage improvement over the SOTA performance, corresponding to ↑ (↓). The
bold denotes the best.

Extraction strategy Tasks
Label setting Method Backbone Patch Region Semantic(mIoU)↑ Depth(aErr) ↓ Normals(mErr)↓

full TaskExpert∗ [44] ViT-Large 57.58 0.3730 5.90

onelabel Li et al . [25] SegNet 30.36 0.6088 32.08
onelabel DejaVu∗ [1] SegNet 31.02 0.5959 32.15
onelabel Gaussian Contrast(Ours) SegNet ✓ 31.79 (+2.48) 0.5835 (+2.25) 30.38 (+5.51)

onelabel Li et al . ∗ [25] HRNet18 39.42 0.5071 14.79
onelabel DejaVu [1] HRNet18 — — —
onelabel Gaussian Contrast HRNet18 ✓ 41.56 (+5.43) 0.4884 (+3.69) 7.71 (+47.87)
onelabel Gaussian Contrast(Ours) HRNet18 ✓ 42.28 (+7.26) 0.4641 (+8.48) 4.86 (+67.14)

onelabel TaskExpert∗ [44] ViT-Large 49.53 0.4305 11.12
onelabel TaskExpert [44]+Ours ViT-Large ✓ 55.81 (+12.68) 0.4092 (+4.95) 8.46 (+23.92)

random label Li et al . [25] SegNet 34.26 0.5787 31.06
random label DejaVu∗ [1] SegNet 35.72 0.5665 29.82
random label Gaussian Contrast(Ours) SegNet ✓ 37.40 (+4.70) 0.5428 (+4.18) 28.97 (+2.85)

random label Li et al . ∗ [25] HRNet18 41.35 0.4845 14.34
random label DejaVu [1] HRNet18 — — —
random label Gaussian Contrast HRNet18 ✓ 45.79 (+10.74) 0.4619 (+4.66) 7.37 (+48.61)
random label Gaussian Contrast(Ours) HRNet18 ✓ 46.21 (+11.75) 0.4482 (+7.49) 4.49 (+68.69)

random label TaskExpert∗ [44] ViT-Large 56.32 0.4282 6.47
random label TaskExpert [44]+Ours ViT-Large ✓ 57.14 (+1.46) 0.3977 (+7.12) 4.78 (+26.12)

multiple tasks, with at least one task having a label and at most K − 1 tasks
having labels, where K represents the total number of tasks in the multi-task
setup.

Implementation Details and Evaluation Metrics. All our experiments
were conducted on the NVIDIA A100 GPU. For NYU-V2, we trained the mod-
els for 20 epochs, while for Cityscapes, we trained them for 100 epochs. Fol-
lowing [25, 29], we employed cross-entropy loss for semantic segmentation, L1
loss for depth estimation, and cosine similarity loss for surface normal estima-
tion. We utilized the exact same evaluation metrics as mentioned in [25, 29].
For the semantic segmentation task, we employed the mean intersection over
union (mIoU) metric. The absolute error (aErr) was used to evaluate the depth
estimation task, and the mean error (mErr) was employed for surface normal
estimation.

4.1 Quantitative Evaluation

Quantitative Results on NYU-V2 Dataset. The evaluation results are
shown in Tab. 1. Due to the absence of pre-trained parameters in Li et al . [25],
the training process exhibits slower convergence. To expedite the convergence
speed, we replaced the backbone of Li et al . [25] with HRNet18, which possesses
a smaller training parameter size but utilizes pre-trained weights. The compar-
isons between Li et al . [25] with SegNet as the backbone and Li et al . [25] with
HRNet18 as the backbone are presented in the first row and the fourth row,
respectively, for each label setting. Since the source code of DejaVu [1] is not
publicly available, we are unable to replace its backbone with HRNet18 for a fair
comparison. To resolve this issue, we provide the results of our method based
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Table 2: Quantitative comparison on the Cityscapes dataset. ↑ (↓) denotes
that, larger (smaller) values lead to better quality. ∗ represents the available SOTA. +
denotes the percentage improvement over the SOTA performance, corresponding to ↑
(↓). The bold denotes the best.

Contrast strategy Tasks
Label setting Method Backbone Vector Pixel Gaussian Semantic(mIoU)↑ Depth(aErr) ↓

onelabel Li et al . [25] SegNet 74.90 0.0161
onelabel Li et al . ∗ [25] HRNet18 81.73 0.0157

onelabel Region-aware Contrast HRNet18 ✓ 82.76 (+1.26) 0.0145 (+7.64)
onelabel Region-aware Contrast HRNet18 ✓ 83.20 (+1.80) 0.0141 (+10.19)
onelabel Region-aware Contrast (Ours) HRNet18 ✓ 83.92 (+2.68) 0.0121 (+22.73)

Table 3: Ablation study on the NYU-V2 dataset to explore the performance of different
local extraction strategies and different local contrast strategies.

Label setting Extraction strategy Contrast strategy Tasks

Patch Region Vector Pixel Gaussian Semantic(mIoU)↑ Depth(aErr)↓ Normals(mErr)↓

onelabel ✓ ✓ 40.24 0.4998 7.9518
onelabel ✓ ✓ 41.50 0.4934 8.3648
onelabel ✓ ✓ 41.56 0.4884 7.7141

onelabel ✓ ✓ 41.84 0.4727 5.8098
onelabel ✓ ✓ 42.05 0.4663 4.9150
onelabel ✓ ✓ 42.28 0.4641 4.8613

random label ✓ ✓ 43.98 0.4795 7.4464
random label ✓ ✓ 44.62 0.4777 7.8873
random label ✓ ✓ 45.79 0.4619 7.3747

random label ✓ ✓ 45.83 0.4630 4.8393
random label ✓ ✓ 46.41 0.4518 4.8442
random label ✓ ✓ 46.21 0.4482 4.4907

Ground-truth Li et al. [25] OursGround-truth Li et al. [25] Ours

Fig. 4: Qualitative results of onelabel setting on NYU-V2. The first row shows
the input image, the second row represents the ground-truth or predictions of semantic
segmentation, the third row plots the ground-truth or predictions of depth estimation,
and the final row presents the ground-truth or predictions of surface normal estimation.

on SegNet, which utilizes the same backbone. In all the methods compared us-
ing the same backbone, our approach demonstrates significant advantages. In
the one label setting, the patch-aware Gaussian contrast method demonstrates
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Ground-truth Li et al. [25] OursGround-truth Li et al. [25] Ours

Fig. 5: Qualitative results of random label setting on NYU-V2. The first row
shows the input image, the second row represents the ground-truth or predictions of
semantic segmentation, the third row plots the ground-truth or predictions of depth
estimation, and the final row presents the ground-truth or predictions of surface normal
estimation.

significant improvements across all three tasks compared to Li et al . [25] across
all three tasks, as it achieves a certain degree of local-level cross-task alignment.
Furthermore, the region-aware Gaussian contrast method further enhances per-
formance, achieving improvements of 2.48%, 2.25% and 5.51% over the SOTA [1]
across the three tasks, owing to the achievement of cross-task consistency at the
object level. In the random label setting, the superiority of the region-aware
Gaussian contrast method can be observed, as it outperforms other methods
significantly across all three tasks, yielding improvements of 4.70%, 4.18% and
2.85%, respectively, over the SOTA [1].

Furthermore, we provide a comparison with the state-of-the-art fully super-
vised method, TaskExpert [44]. Tab. 1 clearly shows that our method signifi-
cantly improves the performance of TaskExpert in partially supervised scenarios.
Particularly in the random setting, when combined with our method, TaskEx-
pert achieves even better performance than the fully supervised TaskExpert in
the surface normal task. This once again demonstrates the effectiveness and wide
applicability of our approach.

Quantitative Results on Cityscapes Dataset. The evaluation results
are describe in Tab. 2. Similar to NYU-V2, we first compared Li et al . [25]
with HRNet18 as the backbone. Subsequently, we discussed the results of the
region-aware contrast method under different contrast strategies. It is observed
that Gaussian contrast demonstrates improvements in semantic segmentation
and depth estimation compared to vector-based methods, indicating that repre-
senting regions using Gaussian distributions provides a more comprehensive and
accurate representation than using vectors. In terms of computational speed, the
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Table 4: Ablation study on the NYU-V2 dataset to investigate the contribution of
SAM in the fully supervised setting.

Method Vector Gaussian Semantic(mIoU)↑ Depth(aErr)↓ Normals(mErr)↓

Region-aware Contrast ✓ 49.00 0.4206 8.1878
Region-aware Contrast (Ours) ✓ 51.14 0.3982 4.8108

Gaussian contrast method is faster and more efficient, while still performing on
par with pixel-based contrast methods.

4.2 Qualitative Evaluation

The qualitative evaluation of onelabel setting, random label setting on the
NYU-V2 dataset, and onelabel setting on the Cityscapes dataset are shown
in Fig. 4, Fig. 5 and Fig. 6, respectively. We present a comparative analysis of
the results from two sets of images for each setting of each dataset. As indicated
by Fig. 4 and Fig. 5, it can be observed that our method exhibits superior ac-
curacy and smoothness in semantic segmentation, which is particularly evident
in Fig. 5. Regarding depth estimation, our method, which is based on region-
aware Gaussian distribution contrast, achieves more accurate predictions when
objects undergo changes compared to Li et al . [25]. The latter fails to capture
such variations effectively. As for surface normal estimation, our method out-
performs Li et al . [25] overall and demonstrates finer contour handling. These
observations highlight the advantages of our approach over Li et al . [25] in terms
of classification accuracy, smoothness in semantic segmentation, accurate depth
estimation in the presence of object changes, and finer handling of surface nor-
mals.

We further exhibit the multi-task prediction results on the Cityscapes dataset
in Fig. 6. Benefited from our proposed region-aware distribution contrast learn-
ing method, both the semantic segmentation and depth estimation tasks exhibit
improved capability in capturing object edges and fine-grained details compared
to Li et al . [25]. Additionally, there are significant overall performance improve-
ment at a global level.

4.3 Ablation Study

We conduct ablation study on NYU-V2 dataset to prove the effectiveness of
our method from various aspects.

Local Extraction Strategy. Tab. 3 provides a comparison between differ-
ent local extraction strategies. All methods are compared based on HRNet18 as
the backbone. It can be observed that in both the onelabel setting and random
label setting, regardless of the contrast strategy employed, the region-aware con-
trast method significantly outperforms the patch-aware contrast method. This
is because the region-aware method takes into account the objects present in the
image and performs contrast based on objects, rather than simply comparing
patches that may contain multiple objects.
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Fig. 6: Qualitative results of onelabel setting on Cityscapes. The first row
shows the input image, the second row represents the ground-truth or predictions of
semantic segmentation, and the final row plots the ground-truth or predictions of depth
estimation.

Table 5: Ablation study on the NYU-V2 dataset to investigate the performance of
various distance measurements.

Tasks
Label setting Method Semantic(mIoU)↑ Depth(aErr)↓ Normals(mErr)↓

onelabel KL divergence 41.15 0.4739 4.94
onelabel Wasserstein distance (Ours) 42.28 0.4641 4.86

random label KL divergence 45.53 0.4539 5.04
random label Wasserstein distance (Ours) 46.21 0.4482 4.49

Local Contrast Strategy. Tab. 3 also provides a comparison between dif-
ferent local contrast strategies. All methods are similarly compared based on
HRNet18. It can be observed that regardless of the label setting and the local
extraction strategy employed, the Gaussian distribution contrast consistently
outperforms the vector contrast and approaches or even surpasses the pixel con-
trast. This is because multi-task learning scenarios involve discrete and con-
tinuous dense predictions, utilizing Gaussian distributions to represent regions
for contrast allows for better cross-task alignment in the overall distribution. In
contrast, the hard alignment strategy of pixel contrast may lead to inaccuracies.

Contribution of SAM. As shown in Tab. 2, Tab. 3, and Tab. 6 in our
article, although the vector contrast approach also incorporates SAM, it fails
to yield satisfactory results. In contrast, the adoption of distribution contrast
exhibits a significant improvement over the vector contrast approach. To further
demonstrate this point, we provide a comparison of results using semantic seg-
mentation labels instead of SAM in fully supervised setting, as shown in Tab. 4.
This further emphasizes that solely introducing fine-grained segmentation results
is insufficient, highlighting the importance of the distribution contrast method.
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Table 6: Ablation study on the NYU-V2 dataset to investigate the performance of
various methods in the fully supervised setting.

Contrast strategy Tasks
Method Vector Pixel Gaussian Semantic(mIoU)↑ Depth(aErr)↓ Normals(mErr)↓

MTL 46.38 0.4660 6.7298
Li et al . [25] 47.20 0.4477 5.1192

Region-aware Contrast ✓ 47.64 0.4231 5.1072
Region-aware Contrast ✓ 50.06 0.4168 4.5318

Region-aware Contrast (Ours) ✓ 50.83 0.4051 3.2878

Distance Measurement for Distributions. Tab. 5 presents a comparison
of different distance measurements. While KL divergence is commonly used to
calculate the distance between Gaussian distributions, it fails to accurately re-
flect the distance between discrete and continuous distributions, which is crucial
in the context of multi-task alignment. On the other hand, Wasserstein dis-
tance has the advantage of measuring the distance between two non-overlapping
distributions. The experimental results in Tab. 5 demonstrate that Wasserstein
distance is better suited for evaluating the distance between different task distri-
butions. More detailed information can be found in the supplementary materials.

Fully Supervised Setting. Tab. 6 presents the comparison of our method
in the fully supervised setting. All methods are based on HRNet18. Compared
to other methods, the region-aware distribution contrast method once again
demonstrates superiority, outperforming significantly in all three tasks. This is
because Gaussian distributions can characterize the distribution characteristics
of different tasks and facilitate accurate and efficient alignment with both vector
and pixel-based approaches.

5 Conclusion

In this paper, we propose a novel region-aware distribution contrast learn-
ing method for MTPSL. To facilitate cross-task alignment at the region level,
predictions from different tasks are initially mapped into a joint feature map
space. Simultaneously, SAM is employed to generate regions for each training
sample, leveraging its ability to provide valuable prior knowledge. Subsequently,
region-wise features are modeled by fitting a Gaussian distribution. The align-
ment among regions is achieved by minimizing the disparity among distributions
from different tasks within the same region and maximizing the distance between
distributions from different regions. The effectiveness of our method is demon-
strated on two standard multi-task datasets through extensive experiments, out-
performing the state-of-the-art by a significant margin. Although our method is
designed for MTPSL, it can be applied to general multi-task learning problems
to leverage the intrinsic relationships across different tasks, as demonstrated in
the fully supervised experiments in Sec. 4.3. Moreover, we believe that the pro-
posed region-aware distribution contrast learning method provides a promising
way for solving more general multi-modal problems, and we will investigate this
in our future work.
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