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A simple goal
To recover the 3D structure of the world

We want to recover X(x,y), Y(x,y), Z(x,y) using as input I(x,y)



A tour of “core problems” in high-level computer vision



Image classification
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“Birds”



Semantic segmentation
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<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

What’s the object class of the center pixel?

Training data

n o
,

n o
,

n o
,

…

x

“Bird”

“Bird”

“Sky”

y
<latexit sha1_base64="vxBEnhzMsLfh3VlVCSTOZDBJ93o="></latexit><latexit sha1_base64="vxBEnhzMsLfh3VlVCSTOZDBJ93o="></latexit><latexit sha1_base64="vxBEnhzMsLfh3VlVCSTOZDBJ93o="></latexit><latexit sha1_base64="vxBEnhzMsLfh3VlVCSTOZDBJ93o="></latexit>

K-way classification problem

f✓ : X ! RK
<latexit sha1_base64="aXRnSzaH0yrffa8PB+EpVUBSRKQ="></latexit><latexit sha1_base64="aXRnSzaH0yrffa8PB+EpVUBSRKQ="></latexit><latexit sha1_base64="aXRnSzaH0yrffa8PB+EpVUBSRKQ="></latexit><latexit sha1_base64="aXRnSzaH0yrffa8PB+EpVUBSRKQ="></latexit>

Solve with K-dimensional softmax regression:



Semantic segmentation

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>



Semantic segmentation

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>



Instance segmentation

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

Challenge: unbounded number of output instances  
(can’t just do K-way classification)



Object detection

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

Bird

Bird
Bird

Challenge: unbounded number of detections, possibly multiple detections per pixel 



Attribute prediction

f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit> “Serene”

“Nature”
“Daytime”

…

Instead of one K-way classification problem,  
K binary classification problems
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“A flock of birds against 
a gray sky”

We will study this next lecture 
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layer world representation
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[Kanazawa, Tulsiani, et al., ECCV 2018]



Intuitive physics

[“Learning to See Physics via Visual De-animation”, Wu et al., NIPS 2017]



Intuitive physics

[“Learning to See Physics via Visual De-animation”, Wu et al., NIPS 2017]
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Complete object/scene understanding?



Slide credit: Ross Girshick



Why do we care about recognition?
Perception of function: We can perceive the 3D 

shape, texture, material properties, without 
knowing about objects. But, the concept of 
category encapsulates also information about 
what can we do with those objects. 

“We therefore include the perception of function as a proper –indeed, crucial- subject 
for vision science”, from Vision Science, chapter 9, Palmer.



The perception of function
• Direct perception (affordances): Gibson

Flat surface  
Horizontal 
Knee-high 
…

Sittable  
upon

Chair Chair

Chair?

Flat surface  
Horizontal 
Knee-high 
…

Sittable  
upon

Chair

• Mediated perception (Categorization)



Direct perception
Some aspects of an object function can be 

perceived directly 
• Functional form: Some forms clearly 

indicate to a function (“sittable-upon”, 
container,  cutting device, …)

Sittable-upon Sittable-upon

Sittable-upon

It does not seem easy 
to  sit-upon this…



Object recognition 
Is it really so hard?

This is a chair

Find the chair in this image Output of normalized correlation



Object recognition 
Is it really so hard?

My biggest concern while making this slide was: 
how do I justify 50 years of research, and this course, if this experiment did work?

Find the chair in this image 

Pretty much garbage 
Simple template matching is not going to make it



Object detection via selective search

Input image Candidate bounding boxes Detected objects 
(by applying classifier on  
candidate bounding boxes)

[Uijlings et al. 2013]



CVPR 2014



















https://arxiv.org/pdf/1406.4729.pdf





















surface

light ray 

Camera Camera

3D scene understanding 
in the deep net era



Single-view 3D Prediction

3D
Representation

Learned
Predictor

• Step 1: Collect training data.
• Step 2: Learn a predictor.
• Step 2a: Wait for a few days.

• Step 3: Use the predictor!

[Slide credit: Shubham Tulsiani]



Depth from a Single Image

Collecting Training Data
[Slide credit: Shubham Tulsiani]



(a) (b) (c) (d)

Figure 2. Example depth results. (a) RGB input; (b) result of [8];
(c) our result; (d) ground truth. Note the color range of each image
is individually scaled.

Depth Prediction
Ladicky[20]Karsch[18] Baig [1] Liu [23] Eigen[8] Ours(A) Ours(VGG)

� < 1.25 0.542 – 0.597 0.614 0.614 0.697 0.769
� < 1.252 0.829 – – 0.883 0.888 0.912 0.950
� < 1.253 0.940 – – 0.971 0.972 0.977 0.988
abs rel – 0.350 0.259 0.230 0.214 0.198 0.158
sqr rel – – – – 0.204 0.180 0.121
RMS(lin) – 1.2 0.839 0.824 0.877 0.753 0.641
RMS(log) – – – – 0.283 0.255 0.214
sc-inv. – – 0.242 – 0.219 0.202 0.171
Table 1. Depth estimation measurements. Note higher is better for
top rows of the table, while lower is better for the bottom section.

Karsh et al. [18], Baig et al. [1], Liu et al. [23] and Eigen
et al. [8].

The results are shown in Table 1. Our model obtains best
performance in all metrics, due to our larger architecture
and improved training. In addition, the VGG version of our
model significantly outperforms the smaller AlexNet ver-
sion, reenforcing the importance of model size; this is the
case even though the depth task is seemingly far removed
from the classification task with which the initial coarse
weights were first trained. Qualitative results in Fig. 2 show
substantial improvement in detail sharpness over [8].

6.2. Surface Normals
Next we apply our method to surface normals predic-

tion. We compare against the 3D Primitives (3DP) and “In-
door Origami” works of Fouhey et al. [10, 11], Ladicky
et al. [21], and Wang et al. [38]. As with the depth network,
we used the full raw dataset for training, since ground-truth
normal maps can be generated for all images. Since differ-
ent systems have different ways of calculating ground truth
normal maps, we compare using both the ground truth as
constructed in [21] as well as the method used in [31]. The
differences between ground truths are due primarily to the
fact that [21] uses more aggressive smoothing; thus [21]
tends to present flatter areas, while [31] is noisier but keeps

Surface Normal Estimation (GT [21])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 35.3 31.2 16.4 36.6 48.2
Ladicky &al. [21] 33.5 23.1 27.5 49.0 58.7
Fouhey &al. [11] 35.2 17.9 40.5 54.1 58.9
Wang &al. [38] 26.9 14.8 42.0 61.2 68.2
Ours (AlexNet) 23.7 15.5 39.2 62.0 71.1
Ours (VGG) 20.9 13.2 44.4 67.2 75.9

Surface Normal Estimation (GT [31])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 37.7 34.1 14.0 32.7 44.1
Ladicky &al. [21] 35.5 25.5 24.0 45.6 55.9
Wang &al. [38] 28.8 17.9 35.2 57.1 65.5
Ours (AlexNet) 25.9 18.2 33.2 57.5 67.7
Ours (VGG) 22.2 15.3 38.6 64.0 73.9

Table 2. Surface normals prediction measured against the ground
truth constructed by [21] (top) and [31] (bottom).

more details present. We measure performance with the
same metrics as in [10]: The mean and median angle from
the ground truth across all unmasked pixels, as well as the
percent of vectors whose angle falls within three thresholds.

Results are shown in Table 2. The smaller version of
our model performs similarly or slightly better than Wang
et al., while the larger version substantially outperforms all
comparison methods. Figure 3 shows example predictions.
Note the details captured by our method, such as the curva-
ture of the blanket on the bed in the first row, sofas in the
second row, and objects in the last row.

6.3. Semantic Labels
6.3.1 NYU Depth

We finally apply our method to semantic segmentation, first
also on NYUDepth. Because this data provides a depth
channel, we use the ground-truth depth and normals as in-
put into the semantic segmentation network, as described
in Section 4.3. We evaluate our method on semantic class
sets with 4, 13 and 40 labels, described in [31], [6] and
[13], respectively. The 4-class segmentation task uses high-
level category labels “floor”, “structure”, “furniture” and
“props”, while the 13- and 40-class tasks use different sets
of more fine-grained categories. We compare with several
recent methods, using the metrics commonly used to eval-
uate each task: For the 4- and 13-class tasks we use pixel-
wise and per-class accuracy; for the 40-class task, we also
compare using the mean pixel-frequency weighted Jaccard
index of each class, and the flat mean Jaccard index.

Results are shown in Table 3. We decisively outperform
the comparison methods on the 4- and 14-class tasks. In
the 40-class task, our model outperforms Gupta et al. ’14
with both model sizes, and Long et al. with the larger size.
Qualitative results are shown in Fig. 4. Even though our
method does not use superpixels or any piecewise constant
assumptions, it nevertheless tends to produce large constant
regions most of the time.

(a) (b) (c) (d)

Figure 2. Example depth results. (a) RGB input; (b) result of [8];
(c) our result; (d) ground truth. Note the color range of each image
is individually scaled.

Depth Prediction
Ladicky[20]Karsch[18] Baig [1] Liu [23] Eigen[8] Ours(A) Ours(VGG)

� < 1.25 0.542 – 0.597 0.614 0.614 0.697 0.769
� < 1.252 0.829 – – 0.883 0.888 0.912 0.950
� < 1.253 0.940 – – 0.971 0.972 0.977 0.988
abs rel – 0.350 0.259 0.230 0.214 0.198 0.158
sqr rel – – – – 0.204 0.180 0.121
RMS(lin) – 1.2 0.839 0.824 0.877 0.753 0.641
RMS(log) – – – – 0.283 0.255 0.214
sc-inv. – – 0.242 – 0.219 0.202 0.171
Table 1. Depth estimation measurements. Note higher is better for
top rows of the table, while lower is better for the bottom section.

Karsh et al. [18], Baig et al. [1], Liu et al. [23] and Eigen
et al. [8].

The results are shown in Table 1. Our model obtains best
performance in all metrics, due to our larger architecture
and improved training. In addition, the VGG version of our
model significantly outperforms the smaller AlexNet ver-
sion, reenforcing the importance of model size; this is the
case even though the depth task is seemingly far removed
from the classification task with which the initial coarse
weights were first trained. Qualitative results in Fig. 2 show
substantial improvement in detail sharpness over [8].

6.2. Surface Normals
Next we apply our method to surface normals predic-

tion. We compare against the 3D Primitives (3DP) and “In-
door Origami” works of Fouhey et al. [10, 11], Ladicky
et al. [21], and Wang et al. [38]. As with the depth network,
we used the full raw dataset for training, since ground-truth
normal maps can be generated for all images. Since differ-
ent systems have different ways of calculating ground truth
normal maps, we compare using both the ground truth as
constructed in [21] as well as the method used in [31]. The
differences between ground truths are due primarily to the
fact that [21] uses more aggressive smoothing; thus [21]
tends to present flatter areas, while [31] is noisier but keeps

Surface Normal Estimation (GT [21])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 35.3 31.2 16.4 36.6 48.2
Ladicky &al. [21] 33.5 23.1 27.5 49.0 58.7
Fouhey &al. [11] 35.2 17.9 40.5 54.1 58.9
Wang &al. [38] 26.9 14.8 42.0 61.2 68.2
Ours (AlexNet) 23.7 15.5 39.2 62.0 71.1
Ours (VGG) 20.9 13.2 44.4 67.2 75.9

Surface Normal Estimation (GT [31])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 37.7 34.1 14.0 32.7 44.1
Ladicky &al. [21] 35.5 25.5 24.0 45.6 55.9
Wang &al. [38] 28.8 17.9 35.2 57.1 65.5
Ours (AlexNet) 25.9 18.2 33.2 57.5 67.7
Ours (VGG) 22.2 15.3 38.6 64.0 73.9

Table 2. Surface normals prediction measured against the ground
truth constructed by [21] (top) and [31] (bottom).

more details present. We measure performance with the
same metrics as in [10]: The mean and median angle from
the ground truth across all unmasked pixels, as well as the
percent of vectors whose angle falls within three thresholds.

Results are shown in Table 2. The smaller version of
our model performs similarly or slightly better than Wang
et al., while the larger version substantially outperforms all
comparison methods. Figure 3 shows example predictions.
Note the details captured by our method, such as the curva-
ture of the blanket on the bed in the first row, sofas in the
second row, and objects in the last row.

6.3. Semantic Labels
6.3.1 NYU Depth

We finally apply our method to semantic segmentation, first
also on NYUDepth. Because this data provides a depth
channel, we use the ground-truth depth and normals as in-
put into the semantic segmentation network, as described
in Section 4.3. We evaluate our method on semantic class
sets with 4, 13 and 40 labels, described in [31], [6] and
[13], respectively. The 4-class segmentation task uses high-
level category labels “floor”, “structure”, “furniture” and
“props”, while the 13- and 40-class tasks use different sets
of more fine-grained categories. We compare with several
recent methods, using the metrics commonly used to eval-
uate each task: For the 4- and 13-class tasks we use pixel-
wise and per-class accuracy; for the 40-class task, we also
compare using the mean pixel-frequency weighted Jaccard
index of each class, and the flat mean Jaccard index.

Results are shown in Table 3. We decisively outperform
the comparison methods on the 4- and 14-class tasks. In
the 40-class task, our model outperforms Gupta et al. ’14
with both model sizes, and Long et al. with the larger size.
Qualitative results are shown in Fig. 4. Even though our
method does not use superpixels or any piecewise constant
assumptions, it nevertheless tends to produce large constant
regions most of the time.
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Input image Predicted depth map

[Result of Eigen et al., NIPS, 2014]
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f
<latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit><latexit sha1_base64="b4HLEbhr7TEtaehBb4ygFYyuiV8=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipGQ7KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGNn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1U9t+o1ryv12zyOIpzBOVyCBzWowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8AyvGM6g==</latexit>

Data
<latexit sha1_base64="P0EGFXOjMXAW98knwKSzO/IySeQ=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0l60WNRDx4rmLbQhrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5USaFQc/7dkobm1vbO+Vdd2//4PCocnzSMmmuGQ9YKlPdiajhUigeoEDJO5nmNIkkb0fj27nffuLaiFQ94iTjYUKHSsSCUbRS4N5RpP1K1at5C5B14hekCgWa/cpXb5CyPOEKmaTGdH0vw3BKNQom+czt5YZnlI3pkHctVTThJpwujp2RC6sMSJxqWwrJQv09MaWJMZMksp0JxZFZ9ebif143x/g6nAqV5cgVWy6Kc0kwJfPPyUBozlBOLKFMC3srYSOqKUObj2tD8FdfXietes33av5Dvdq4KeIowxmcwyX4cAUNuIcmBMBAwDO8wpujnBfn3flYtpacYuYU/sD5/AERvI4u</latexit><latexit sha1_base64="P0EGFXOjMXAW98knwKSzO/IySeQ=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0l60WNRDx4rmLbQhrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5USaFQc/7dkobm1vbO+Vdd2//4PCocnzSMmmuGQ9YKlPdiajhUigeoEDJO5nmNIkkb0fj27nffuLaiFQ94iTjYUKHSsSCUbRS4N5RpP1K1at5C5B14hekCgWa/cpXb5CyPOEKmaTGdH0vw3BKNQom+czt5YZnlI3pkHctVTThJpwujp2RC6sMSJxqWwrJQv09MaWJMZMksp0JxZFZ9ebif143x/g6nAqV5cgVWy6Kc0kwJfPPyUBozlBOLKFMC3srYSOqKUObj2tD8FdfXietes33av5Dvdq4KeIowxmcwyX4cAUNuIcmBMBAwDO8wpujnBfn3flYtpacYuYU/sD5/AERvI4u</latexit><latexit sha1_base64="P0EGFXOjMXAW98knwKSzO/IySeQ=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0l60WNRDx4rmLbQhrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5USaFQc/7dkobm1vbO+Vdd2//4PCocnzSMmmuGQ9YKlPdiajhUigeoEDJO5nmNIkkb0fj27nffuLaiFQ94iTjYUKHSsSCUbRS4N5RpP1K1at5C5B14hekCgWa/cpXb5CyPOEKmaTGdH0vw3BKNQom+czt5YZnlI3pkHctVTThJpwujp2RC6sMSJxqWwrJQv09MaWJMZMksp0JxZFZ9ebif143x/g6nAqV5cgVWy6Kc0kwJfPPyUBozlBOLKFMC3srYSOqKUObj2tD8FdfXietes33av5Dvdq4KeIowxmcwyX4cAUNuIcmBMBAwDO8wpujnBfn3flYtpacYuYU/sD5/AERvI4u</latexit><latexit sha1_base64="P0EGFXOjMXAW98knwKSzO/IySeQ=">AAAB7HicbVBNS8NAEJ3Urxq/qh69LBbBU0l60WNRDx4rmLbQhrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5USaFQc/7dkobm1vbO+Vdd2//4PCocnzSMmmuGQ9YKlPdiajhUigeoEDJO5nmNIkkb0fj27nffuLaiFQ94iTjYUKHSsSCUbRS4N5RpP1K1at5C5B14hekCgWa/cpXb5CyPOEKmaTGdH0vw3BKNQom+czt5YZnlI3pkHctVTThJpwujp2RC6sMSJxqWwrJQv09MaWJMZMksp0JxZFZ9ebif143x/g6nAqV5cgVWy6Kc0kwJfPPyUBozlBOLKFMC3srYSOqKUObj2tD8FdfXietes33av5Dvdq4KeIowxmcwyX4cAUNuIcmBMBAwDO8wpujnBfn3flYtpacYuYU/sD5/AERvI4u</latexit>

[Eigen, Puhrsch, and Fergus, NIPS 2014]

Optimizer
<latexit sha1_base64="/Q7rN/qnvHoGSnTYH75VuNiu5BA=">AAAB8XicbVA9SwNBEJ2LX/H8ilraHAbBKtyl0TJoY2cE84HJEfY2e8mS3b1jd06IIf/CxkIRW/+Nnf/GTXKFJj4YeLw3w8y8KBXcoO9/O4W19Y3NreK2u7O7t39QOjxqmiTTlDVoIhLdjohhgivWQI6CtVPNiIwEa0Wj65nfemTa8ETd4zhloSQDxWNOCVrpwb1NkUv+xHSvVPYr/hzeKglyUoYc9V7pq9tPaCaZQiqIMZ3ATzGcEI2cCjZ1u5lhKaEjMmAdSxWRzIST+cVT78wqfS9OtC2F3lz9PTEh0pixjGynJDg0y95M/M/rZBhfhhOu0gyZootFcSY8TLzZ+16fa0ZRjC0hVHN7q0eHRBOKNiTXhhAsv7xKmtVK4FeCu2q5dpXHUYQTOIVzCOACanADdWgABQXP8ApvjnFenHfnY9FacPKZY/gD5/MHThGQqQ==</latexit><latexit sha1_base64="/Q7rN/qnvHoGSnTYH75VuNiu5BA=">AAAB8XicbVA9SwNBEJ2LX/H8ilraHAbBKtyl0TJoY2cE84HJEfY2e8mS3b1jd06IIf/CxkIRW/+Nnf/GTXKFJj4YeLw3w8y8KBXcoO9/O4W19Y3NreK2u7O7t39QOjxqmiTTlDVoIhLdjohhgivWQI6CtVPNiIwEa0Wj65nfemTa8ETd4zhloSQDxWNOCVrpwb1NkUv+xHSvVPYr/hzeKglyUoYc9V7pq9tPaCaZQiqIMZ3ATzGcEI2cCjZ1u5lhKaEjMmAdSxWRzIST+cVT78wqfS9OtC2F3lz9PTEh0pixjGynJDg0y95M/M/rZBhfhhOu0gyZootFcSY8TLzZ+16fa0ZRjC0hVHN7q0eHRBOKNiTXhhAsv7xKmtVK4FeCu2q5dpXHUYQTOIVzCOACanADdWgABQXP8ApvjnFenHfnY9FacPKZY/gD5/MHThGQqQ==</latexit><latexit sha1_base64="/Q7rN/qnvHoGSnTYH75VuNiu5BA=">AAAB8XicbVA9SwNBEJ2LX/H8ilraHAbBKtyl0TJoY2cE84HJEfY2e8mS3b1jd06IIf/CxkIRW/+Nnf/GTXKFJj4YeLw3w8y8KBXcoO9/O4W19Y3NreK2u7O7t39QOjxqmiTTlDVoIhLdjohhgivWQI6CtVPNiIwEa0Wj65nfemTa8ETd4zhloSQDxWNOCVrpwb1NkUv+xHSvVPYr/hzeKglyUoYc9V7pq9tPaCaZQiqIMZ3ATzGcEI2cCjZ1u5lhKaEjMmAdSxWRzIST+cVT78wqfS9OtC2F3lz9PTEh0pixjGynJDg0y95M/M/rZBhfhhOu0gyZootFcSY8TLzZ+16fa0ZRjC0hVHN7q0eHRBOKNiTXhhAsv7xKmtVK4FeCu2q5dpXHUYQTOIVzCOACanADdWgABQXP8ApvjnFenHfnY9FacPKZY/gD5/MHThGQqQ==</latexit><latexit sha1_base64="/Q7rN/qnvHoGSnTYH75VuNiu5BA=">AAAB8XicbVA9SwNBEJ2LX/H8ilraHAbBKtyl0TJoY2cE84HJEfY2e8mS3b1jd06IIf/CxkIRW/+Nnf/GTXKFJj4YeLw3w8y8KBXcoO9/O4W19Y3NreK2u7O7t39QOjxqmiTTlDVoIhLdjohhgivWQI6CtVPNiIwEa0Wj65nfemTa8ETd4zhloSQDxWNOCVrpwb1NkUv+xHSvVPYr/hzeKglyUoYc9V7pq9tPaCaZQiqIMZ3ATzGcEI2cCjZ1u5lhKaEjMmAdSxWRzIST+cVT78wqfS9OtC2F3lz9PTEh0pixjGynJDg0y95M/M/rZBhfhhOu0gyZootFcSY8TLzZ+16fa0ZRjC0hVHN7q0eHRBOKNiTXhhAsv7xKmtVK4FeCu2q5dpXHUYQTOIVzCOACanADdWgABQXP8ApvjnFenHfnY9FacPKZY/gD5/MHThGQqQ==</latexit>

Objective
<latexit sha1_base64="c57iGHLvti0MXC7t5ZUgMsMgad8=">AAAB8XicbVA9TwJBFHyHX4hfqKXNRmJiRe5otCTa2ImJgBEuZG95Byt7e5fdPRJy4V/YWGiMrf/Gzn/jAlcoOMkmk5n3sm8mSATXxnW/ncLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrF6CKhGwSU2DTcCHxKFNAoEtoPR9cxvj1FpHst7M0nQj+hA8pAzaqz0WLoNnpAZPsZeueJW3TnIKvFyUoEcjV75q9uPWRqhNExQrTuemxg/o8pwJnBa6qYaE8pGdIAdSyWNUPvZ/OIpObNKn4Sxsk8aMld/b2Q00noSBXYyomaol72Z+J/XSU146WdcJqlByRYfhakgJiaz+KTPlc0rJpZQpri9lbAhVZQZW1LJluAtR14lrVrVc6veXa1Sv8rrKMIJnMI5eHABdbiBBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDEKeQgQ==</latexit><latexit sha1_base64="c57iGHLvti0MXC7t5ZUgMsMgad8=">AAAB8XicbVA9TwJBFHyHX4hfqKXNRmJiRe5otCTa2ImJgBEuZG95Byt7e5fdPRJy4V/YWGiMrf/Gzn/jAlcoOMkmk5n3sm8mSATXxnW/ncLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrF6CKhGwSU2DTcCHxKFNAoEtoPR9cxvj1FpHst7M0nQj+hA8pAzaqz0WLoNnpAZPsZeueJW3TnIKvFyUoEcjV75q9uPWRqhNExQrTuemxg/o8pwJnBa6qYaE8pGdIAdSyWNUPvZ/OIpObNKn4Sxsk8aMld/b2Q00noSBXYyomaol72Z+J/XSU146WdcJqlByRYfhakgJiaz+KTPlc0rJpZQpri9lbAhVZQZW1LJluAtR14lrVrVc6veXa1Sv8rrKMIJnMI5eHABdbiBBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDEKeQgQ==</latexit><latexit sha1_base64="c57iGHLvti0MXC7t5ZUgMsMgad8=">AAAB8XicbVA9TwJBFHyHX4hfqKXNRmJiRe5otCTa2ImJgBEuZG95Byt7e5fdPRJy4V/YWGiMrf/Gzn/jAlcoOMkmk5n3sm8mSATXxnW/ncLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrF6CKhGwSU2DTcCHxKFNAoEtoPR9cxvj1FpHst7M0nQj+hA8pAzaqz0WLoNnpAZPsZeueJW3TnIKvFyUoEcjV75q9uPWRqhNExQrTuemxg/o8pwJnBa6qYaE8pGdIAdSyWNUPvZ/OIpObNKn4Sxsk8aMld/b2Q00noSBXYyomaol72Z+J/XSU146WdcJqlByRYfhakgJiaz+KTPlc0rJpZQpri9lbAhVZQZW1LJluAtR14lrVrVc6veXa1Sv8rrKMIJnMI5eHABdbiBBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDEKeQgQ==</latexit><latexit sha1_base64="c57iGHLvti0MXC7t5ZUgMsMgad8=">AAAB8XicbVA9TwJBFHyHX4hfqKXNRmJiRe5otCTa2ImJgBEuZG95Byt7e5fdPRJy4V/YWGiMrf/Gzn/jAlcoOMkmk5n3sm8mSATXxnW/ncLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrF6CKhGwSU2DTcCHxKFNAoEtoPR9cxvj1FpHst7M0nQj+hA8pAzaqz0WLoNnpAZPsZeueJW3TnIKvFyUoEcjV75q9uPWRqhNExQrTuemxg/o8pwJnBa6qYaE8pGdIAdSyWNUPvZ/OIpObNKn4Sxsk8aMld/b2Q00noSBXYyomaol72Z+J/XSU146WdcJqlByRYfhakgJiaz+KTPlc0rJpZQpri9lbAhVZQZW1LJluAtR14lrVrVc6veXa1Sv8rrKMIJnMI5eHABdbiBBjSBgYRneIU3RzsvzrvzsRgtOPnOMfyB8/kDEKeQgQ==</latexit>

Hypothesis space
<latexit sha1_base64="eatzax9Lxw9aIubBm3H5Hpcs6SA=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4Kkkveix66bGC/YA2lM122i7dbMLupBBC/4kXD4p49Z9489+4bXPQ1gcDj/dmdmdemEhh0PO+na3tnd29/dJB+fDo+OTUPTtvmzjVHFo8lrHuhsyAFApaKFBCN9HAolBCJ5w+LPzODLQRsXrCLIEgYmMlRoIztNLAdRtZEuMEjDDUJIzDwK14VW8Jukn8glRIgebA/eoPY55GoJBLZkzP9xIMcqZRcAnzcj81YB+esjH0LFUsAhPky83n9NoqQzqKtS2FdKn+nshZZEwWhbYzYjgx695C/M/rpTi6C3KhkhRB8dVHo1RSjOkiBjoUGjjKzBLGtbC7Uj5hmnG0YZVtCP76yZukXav6XtV/rFXq90UcJXJJrsgN8cktqZMGaZIW4WRGnskreXNy58V5dz5WrVtOMXNB/sD5/AGmPJOl</latexit><latexit sha1_base64="eatzax9Lxw9aIubBm3H5Hpcs6SA=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4Kkkveix66bGC/YA2lM122i7dbMLupBBC/4kXD4p49Z9489+4bXPQ1gcDj/dmdmdemEhh0PO+na3tnd29/dJB+fDo+OTUPTtvmzjVHFo8lrHuhsyAFApaKFBCN9HAolBCJ5w+LPzODLQRsXrCLIEgYmMlRoIztNLAdRtZEuMEjDDUJIzDwK14VW8Jukn8glRIgebA/eoPY55GoJBLZkzP9xIMcqZRcAnzcj81YB+esjH0LFUsAhPky83n9NoqQzqKtS2FdKn+nshZZEwWhbYzYjgx695C/M/rpTi6C3KhkhRB8dVHo1RSjOkiBjoUGjjKzBLGtbC7Uj5hmnG0YZVtCP76yZukXav6XtV/rFXq90UcJXJJrsgN8cktqZMGaZIW4WRGnskreXNy58V5dz5WrVtOMXNB/sD5/AGmPJOl</latexit><latexit sha1_base64="eatzax9Lxw9aIubBm3H5Hpcs6SA=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4Kkkveix66bGC/YA2lM122i7dbMLupBBC/4kXD4p49Z9489+4bXPQ1gcDj/dmdmdemEhh0PO+na3tnd29/dJB+fDo+OTUPTtvmzjVHFo8lrHuhsyAFApaKFBCN9HAolBCJ5w+LPzODLQRsXrCLIEgYmMlRoIztNLAdRtZEuMEjDDUJIzDwK14VW8Jukn8glRIgebA/eoPY55GoJBLZkzP9xIMcqZRcAnzcj81YB+esjH0LFUsAhPky83n9NoqQzqKtS2FdKn+nshZZEwWhbYzYjgx695C/M/rpTi6C3KhkhRB8dVHo1RSjOkiBjoUGjjKzBLGtbC7Uj5hmnG0YZVtCP76yZukXav6XtV/rFXq90UcJXJJrsgN8cktqZMGaZIW4WRGnskreXNy58V5dz5WrVtOMXNB/sD5/AGmPJOl</latexit><latexit sha1_base64="eatzax9Lxw9aIubBm3H5Hpcs6SA=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4Kkkveix66bGC/YA2lM122i7dbMLupBBC/4kXD4p49Z9489+4bXPQ1gcDj/dmdmdemEhh0PO+na3tnd29/dJB+fDo+OTUPTtvmzjVHFo8lrHuhsyAFApaKFBCN9HAolBCJ5w+LPzODLQRsXrCLIEgYmMlRoIztNLAdRtZEuMEjDDUJIzDwK14VW8Jukn8glRIgebA/eoPY55GoJBLZkzP9xIMcqZRcAnzcj81YB+esjH0LFUsAhPky83n9NoqQzqKtS2FdKn+nshZZEwWhbYzYjgx695C/M/rpTi6C3KhkhRB8dVHo1RSjOkiBjoUGjjKzBLGtbC7Uj5hmnG0YZVtCP76yZukXav6XtV/rFXq90UcJXJJrsgN8cktqZMGaZIW4WRGnskreXNy58V5dz5WrVtOMXNB/sD5/AGmPJOl</latexit>

Multiscale CNN

SGD

{xi, yi}Ni=1
<latexit sha1_base64="DGN65pWIkpgFKkIGV/9ZMnPUgqg="></latexit><latexit sha1_base64="DGN65pWIkpgFKkIGV/9ZMnPUgqg="></latexit><latexit sha1_base64="DGN65pWIkpgFKkIGV/9ZMnPUgqg="></latexit><latexit sha1_base64="DGN65pWIkpgFKkIGV/9ZMnPUgqg="></latexit>
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Depth from a Single Image

Figure credits: 
David Eigen (a) (b) (c) (d)

Figure 2. Example depth results. (a) RGB input; (b) result of [8];
(c) our result; (d) ground truth. Note the color range of each image
is individually scaled.

Depth Prediction
Ladicky[20]Karsch[18] Baig [1] Liu [23] Eigen[8] Ours(A) Ours(VGG)

� < 1.25 0.542 – 0.597 0.614 0.614 0.697 0.769
� < 1.252 0.829 – – 0.883 0.888 0.912 0.950
� < 1.253 0.940 – – 0.971 0.972 0.977 0.988
abs rel – 0.350 0.259 0.230 0.214 0.198 0.158
sqr rel – – – – 0.204 0.180 0.121
RMS(lin) – 1.2 0.839 0.824 0.877 0.753 0.641
RMS(log) – – – – 0.283 0.255 0.214
sc-inv. – – 0.242 – 0.219 0.202 0.171
Table 1. Depth estimation measurements. Note higher is better for
top rows of the table, while lower is better for the bottom section.

Karsh et al. [18], Baig et al. [1], Liu et al. [23] and Eigen
et al. [8].

The results are shown in Table 1. Our model obtains best
performance in all metrics, due to our larger architecture
and improved training. In addition, the VGG version of our
model significantly outperforms the smaller AlexNet ver-
sion, reenforcing the importance of model size; this is the
case even though the depth task is seemingly far removed
from the classification task with which the initial coarse
weights were first trained. Qualitative results in Fig. 2 show
substantial improvement in detail sharpness over [8].

6.2. Surface Normals
Next we apply our method to surface normals predic-

tion. We compare against the 3D Primitives (3DP) and “In-
door Origami” works of Fouhey et al. [10, 11], Ladicky
et al. [21], and Wang et al. [38]. As with the depth network,
we used the full raw dataset for training, since ground-truth
normal maps can be generated for all images. Since differ-
ent systems have different ways of calculating ground truth
normal maps, we compare using both the ground truth as
constructed in [21] as well as the method used in [31]. The
differences between ground truths are due primarily to the
fact that [21] uses more aggressive smoothing; thus [21]
tends to present flatter areas, while [31] is noisier but keeps

Surface Normal Estimation (GT [21])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 35.3 31.2 16.4 36.6 48.2
Ladicky &al. [21] 33.5 23.1 27.5 49.0 58.7
Fouhey &al. [11] 35.2 17.9 40.5 54.1 58.9
Wang &al. [38] 26.9 14.8 42.0 61.2 68.2
Ours (AlexNet) 23.7 15.5 39.2 62.0 71.1
Ours (VGG) 20.9 13.2 44.4 67.2 75.9

Surface Normal Estimation (GT [31])
Angle Distance Within t� Deg.

Mean Median 11.25� 22.5� 30�

3DP [10] 37.7 34.1 14.0 32.7 44.1
Ladicky &al. [21] 35.5 25.5 24.0 45.6 55.9
Wang &al. [38] 28.8 17.9 35.2 57.1 65.5
Ours (AlexNet) 25.9 18.2 33.2 57.5 67.7
Ours (VGG) 22.2 15.3 38.6 64.0 73.9

Table 2. Surface normals prediction measured against the ground
truth constructed by [21] (top) and [31] (bottom).

more details present. We measure performance with the
same metrics as in [10]: The mean and median angle from
the ground truth across all unmasked pixels, as well as the
percent of vectors whose angle falls within three thresholds.

Results are shown in Table 2. The smaller version of
our model performs similarly or slightly better than Wang
et al., while the larger version substantially outperforms all
comparison methods. Figure 3 shows example predictions.
Note the details captured by our method, such as the curva-
ture of the blanket on the bed in the first row, sofas in the
second row, and objects in the last row.

6.3. Semantic Labels
6.3.1 NYU Depth

We finally apply our method to semantic segmentation, first
also on NYUDepth. Because this data provides a depth
channel, we use the ground-truth depth and normals as in-
put into the semantic segmentation network, as described
in Section 4.3. We evaluate our method on semantic class
sets with 4, 13 and 40 labels, described in [31], [6] and
[13], respectively. The 4-class segmentation task uses high-
level category labels “floor”, “structure”, “furniture” and
“props”, while the 13- and 40-class tasks use different sets
of more fine-grained categories. We compare with several
recent methods, using the metrics commonly used to eval-
uate each task: For the 4- and 13-class tasks we use pixel-
wise and per-class accuracy; for the 40-class task, we also
compare using the mean pixel-frequency weighted Jaccard
index of each class, and the flat mean Jaccard index.

Results are shown in Table 3. We decisively outperform
the comparison methods on the 4- and 14-class tasks. In
the 40-class task, our model outperforms Gupta et al. ’14
with both model sizes, and Long et al. with the larger size.
Qualitative results are shown in Fig. 4. Even though our
method does not use superpixels or any piecewise constant
assumptions, it nevertheless tends to produce large constant
regions most of the time.

(a) (b) (c) (d)

Figure 2. Example depth results. (a) RGB input; (b) result of [8];
(c) our result; (d) ground truth. Note the color range of each image
is individually scaled.
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RMS(lin) – 1.2 0.839 0.824 0.877 0.753 0.641
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Table 1. Depth estimation measurements. Note higher is better for
top rows of the table, while lower is better for the bottom section.

Karsh et al. [18], Baig et al. [1], Liu et al. [23] and Eigen
et al. [8].

The results are shown in Table 1. Our model obtains best
performance in all metrics, due to our larger architecture
and improved training. In addition, the VGG version of our
model significantly outperforms the smaller AlexNet ver-
sion, reenforcing the importance of model size; this is the
case even though the depth task is seemingly far removed
from the classification task with which the initial coarse
weights were first trained. Qualitative results in Fig. 2 show
substantial improvement in detail sharpness over [8].

6.2. Surface Normals
Next we apply our method to surface normals predic-

tion. We compare against the 3D Primitives (3DP) and “In-
door Origami” works of Fouhey et al. [10, 11], Ladicky
et al. [21], and Wang et al. [38]. As with the depth network,
we used the full raw dataset for training, since ground-truth
normal maps can be generated for all images. Since differ-
ent systems have different ways of calculating ground truth
normal maps, we compare using both the ground truth as
constructed in [21] as well as the method used in [31]. The
differences between ground truths are due primarily to the
fact that [21] uses more aggressive smoothing; thus [21]
tends to present flatter areas, while [31] is noisier but keeps

Surface Normal Estimation (GT [21])
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3DP [10] 35.3 31.2 16.4 36.6 48.2
Ladicky &al. [21] 33.5 23.1 27.5 49.0 58.7
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Wang &al. [38] 26.9 14.8 42.0 61.2 68.2
Ours (AlexNet) 23.7 15.5 39.2 62.0 71.1
Ours (VGG) 20.9 13.2 44.4 67.2 75.9

Surface Normal Estimation (GT [31])
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3DP [10] 37.7 34.1 14.0 32.7 44.1
Ladicky &al. [21] 35.5 25.5 24.0 45.6 55.9
Wang &al. [38] 28.8 17.9 35.2 57.1 65.5
Ours (AlexNet) 25.9 18.2 33.2 57.5 67.7
Ours (VGG) 22.2 15.3 38.6 64.0 73.9

Table 2. Surface normals prediction measured against the ground
truth constructed by [21] (top) and [31] (bottom).

more details present. We measure performance with the
same metrics as in [10]: The mean and median angle from
the ground truth across all unmasked pixels, as well as the
percent of vectors whose angle falls within three thresholds.

Results are shown in Table 2. The smaller version of
our model performs similarly or slightly better than Wang
et al., while the larger version substantially outperforms all
comparison methods. Figure 3 shows example predictions.
Note the details captured by our method, such as the curva-
ture of the blanket on the bed in the first row, sofas in the
second row, and objects in the last row.

6.3. Semantic Labels
6.3.1 NYU Depth

We finally apply our method to semantic segmentation, first
also on NYUDepth. Because this data provides a depth
channel, we use the ground-truth depth and normals as in-
put into the semantic segmentation network, as described
in Section 4.3. We evaluate our method on semantic class
sets with 4, 13 and 40 labels, described in [31], [6] and
[13], respectively. The 4-class segmentation task uses high-
level category labels “floor”, “structure”, “furniture” and
“props”, while the 13- and 40-class tasks use different sets
of more fine-grained categories. We compare with several
recent methods, using the metrics commonly used to eval-
uate each task: For the 4- and 13-class tasks we use pixel-
wise and per-class accuracy; for the 40-class task, we also
compare using the mean pixel-frequency weighted Jaccard
index of each class, and the flat mean Jaccard index.

Results are shown in Table 3. We decisively outperform
the comparison methods on the 4- and 14-class tasks. In
the 40-class task, our model outperforms Gupta et al. ’14
with both model sizes, and Long et al. with the larger size.
Qualitative results are shown in Fig. 4. Even though our
method does not use superpixels or any piecewise constant
assumptions, it nevertheless tends to produce large constant
regions most of the time.
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Unsupervised Learning of Depth 
and Ego-motion from Video
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[Slides credit: Tinghui Zhou]



Learning 3D from 2D Views

Training Multi-views

Testing Single-view
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Datasets

KITTI Cityscapes

“Are we ready for Autonomous Driving? The KITTI Vision Benchmark Suite”, Geiger et al., CVPR’12
"The Cityscapes Dataset for Semantic Urban Scene Understanding”, Cordts et al., CVPR’16 
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Learning Category-Specific Mesh 
Reconstruction from Image Collections 
Angjoo Kanazawa*, Shubham Tulsiani* , Alyosha Efros, Jitendra Malik 

ECCV 2018

* Equal contribution

[Slides credit: Angjoo Kanazawa]



Goal:  
Learn 3D only from image-based annotations



Analysis by synthesis
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Find a [shape, camera, texture] combination (analysis) that renders to the 
image (synthesis).



Funny looking autoencoder
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Find a [shape, camera, texture] combination that renders to the image.

non-learned renderer
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Shape Representation
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Texture as UV Image Prediction
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