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12. Representation Learning I

• Nets learn representations 

• Why learn representations? 

• Autoencoders 

• Clustering and VQ 

• Self-supervised learning by reconstruction
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• Deep nets transform datapoints, layer by layer

• Each layer is a different representation of the data

• In the forward direction, the mapping goes from
observed data to latent embeddings — this direction is
called representation learning

• In the reverse direction, the mapping goes from latent
embeddings to observed data — this direction is called
generative modeling
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layer 3 representation of image

layer 1 representation of image

Represent data as a neural embedding — a vector/tensor of neural activations
(perhaps representing a vector of detected texture patterns or object parts)
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Two different ways to represent a function

Chapter 10

Deep nets as data transformers

In the last chapter, we saw that deep nets are stacks of simple functions, which compose to
achieve interesting mappings from inputs to outputs. This chapter will introduce a slightly
di↵erent way of thinking about deep nets. The idea is think of each layer as a geometric
transformation of a data distribution.

10.1 Representations in deep nets

Each layer in a deep net is a mapping from one representation of the data to another:
f : xin ! xout. If xin and xout are both 1-dimensional, then we can plot the mapping as a
function with xin on the x-axis and xout on the y-axis:

0.5 1

0.5

1

xin

xout

In this chapter, we will instead consider a di↵erent way of plotting the mapping, where
we simply rotate the y-axis to be horizontal rather than vertical:
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The depiction to the right makes it obvious that the plot xout = xin is the identity
mapping: datapoints get mapped to unchanged positions. Here are a few more mappings
plotted in this way:

9

y
<latexit sha1_base64="w2SeowxjSmKQZ+WPP4dmP+ztLQA=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhNp0NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wf+vpEd</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit>

6



Chapter 10

Deep nets as data transformers

In the last chapter, we saw that deep nets are stacks of simple functions, which compose to
achieve interesting mappings from inputs to outputs. This chapter will introduce a slightly
di↵erent way of thinking about deep nets. The idea is think of each layer as a geometric
transformation of a data distribution.

10.1 Representations in deep nets

Each layer in a deep net is a mapping from one representation of the data to another:
f : xin ! xout. If xin and xout are both 1-dimensional, then we can plot the mapping as a
function with xin on the x-axis and xout on the y-axis:

0.5 1

0.5

1

xin

xout

In this chapter, we will instead consider a di↵erent way of plotting the mapping, where
we simply rotate the y-axis to be horizontal rather than vertical:

0.5 1

0.5

1

xin

xout

0 0.5 1
xin

0 0.5 1

xout

The depiction to the right makes it obvious that the plot xout = xin is the identity
mapping: datapoints get mapped to unchanged positions. Here are a few more mappings
plotted in this way:

9

Two different ways to represent a function

Chapter 10

Deep nets as data transformers

In the last chapter, we saw that deep nets are stacks of simple functions, which compose to
achieve interesting mappings from inputs to outputs. This chapter will introduce a slightly
di↵erent way of thinking about deep nets. The idea is think of each layer as a geometric
transformation of a data distribution.

10.1 Representations in deep nets

Each layer in a deep net is a mapping from one representation of the data to another:
f : xin ! xout. If xin and xout are both 1-dimensional, then we can plot the mapping as a
function with xin on the x-axis and xout on the y-axis:

0.5 1

0.5

1

xin

xout

In this chapter, we will instead consider a di↵erent way of plotting the mapping, where
we simply rotate the y-axis to be horizontal rather than vertical:

0.5 1

0.5

1

xin

xout

0 0.5 1
xin

0 0.5 1

xout

The depiction to the right makes it obvious that the plot xout = xin is the identity
mapping: datapoints get mapped to unchanged positions. Here are a few more mappings
plotted in this way:

9

7



10 CHAPTER 10. DEEP NETS AS DATA TRANSFORMERS

�1 �0.5 0 0.5 1
xin

xout = 2xin

�1 �0.5 0 0.5 1

xout

�1 �0.5 0 0.5 1
xin

xout = xin+1
2

�1 �0.5 0 0.5 1

xout

�1 �0.5 0 0.5 1
xin

xout = relu(xin)

�1 �0.5 0 0.5 1

xout

�5 �2.5 0 2.5 5
xin

xout = sigmoid(xin)

�1 �0.5 0 0.5 1

xout

Each of the above are layers that could be found in a deep net. Linear layers, like those
in the top row above, stretch and squash the data distribution. The relu nonlinearity maps
all negative data to 0, and applies an identity map to all non-negative data. The sigmoid
function pulls negative data to 0 and positive data to 1.

In this way, an incoming data distribution can be reshaped layer by layer into a desired
configuration. The goal a binary classifier, for example, is to move the datapoints around
until all the class 0 points end up moved to 0 on the output layer and all the class 1 end up
moved to 1.

A deep net stacks these operations, like so:

�1 �0.5 0 0.5 1

x(0)

x(1) = 2 ⇤ x(0)

�1 �0.5 0 0.5 1
x(2)

x(2) = relu(x(1))

Data transformations for a variety of neural net layers
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<latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit>

Equation

xout = Wxin + b
<latexit sha1_base64="NbDqvRkUnP4cpXtPbsjt+y6wrW8="></latexit><latexit sha1_base64="NbDqvRkUnP4cpXtPbsjt+y6wrW8="></latexit><latexit sha1_base64="NbDqvRkUnP4cpXtPbsjt+y6wrW8="></latexit><latexit sha1_base64="NbDqvRkUnP4cpXtPbsjt+y6wrW8="></latexit>
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<latexit sha1_base64="kiPtex37uM5DN7V2DtVcGsKzqwo=">AAAB+XicbVA9SwNBEN2LXzF+nVraLAbBxnAXBC2DNhYWEcwHJEfY2+wlS3b3jt25YDjyT2wsFLH1n9j5b9wkV2jig4HHezPMzAsTwQ143rdTWFvf2Nwqbpd2dvf2D9zDo6aJU01Zg8Yi1u2QGCa4Yg3gIFg70YzIULBWOLqd+a0x04bH6hEmCQskGSgecUrASj3X7QJ7AoDsvnqhYi2nPbfsVbw58Crxc1JGOeo996vbj2kqmQIqiDEd30sgyIgGTgWblrqpYQmhIzJgHUsVkcwE2fzyKT6zSh9HsbalAM/V3xMZkcZMZGg7JYGhWfZm4n9eJ4XoOsi4SlJgii4WRanAEONZDLjPNaMgJpYQqrm9FdMh0YSCDatkQ/CXX14lzWrF9yr+w2W5dpPHUUQn6BSdIx9doRq6Q3XUQBSN0TN6RW9O5rw4787HorXg5DPH6A+czx+5E5Oz</latexit><latexit sha1_base64="A433Ug3b9FEZtUOVEVtlSbOZrJY=">AAACHnicjVBNSwMxFMzWr1q/Vj16CRbBi2W3CHosevHgQcG2QruUbJptQ7PJkrwtlqX/xIMX/4oXEcGT/hvTdg/aenAgMMzM4+VNmAhuwPO+nMLS8srqWnG9tLG5tb3j7u41jEo1ZXWqhNL3ITFMcMnqwEGw+0QzEoeCNcPB5cRvDpk2XMk7GCUsiElP8ohTAlbquG4b2AMAZNfVE6l0PO64Za/iTYEXiZ+TMsrxv3jH/Wh3FU1jJoEKYkzL9xIIMqKBU8HGpXZqWELogPRYy1JJYmaCbHreGB9ZpYsjpe2TgKfqz4mMxMaM4tAmYwJ9M+9NxL+8VgrReZBxmaTAJJ0tilKBQeFJV7jLNaMgRpYQqrn9K6Z9ogkF22jJnu7PH7pIGtWK71X829Ny7SLvrIgO0CE6Rj46QzV0hW5QHVE0RI/oGb06T86L8+a8z6IFJ5/ZR7/gfH4DAkSbLA==</latexit><latexit sha1_base64="A433Ug3b9FEZtUOVEVtlSbOZrJY=">AAACHnicjVBNSwMxFMzWr1q/Vj16CRbBi2W3CHosevHgQcG2QruUbJptQ7PJkrwtlqX/xIMX/4oXEcGT/hvTdg/aenAgMMzM4+VNmAhuwPO+nMLS8srqWnG9tLG5tb3j7u41jEo1ZXWqhNL3ITFMcMnqwEGw+0QzEoeCNcPB5cRvDpk2XMk7GCUsiElP8ohTAlbquG4b2AMAZNfVE6l0PO64Za/iTYEXiZ+TMsrxv3jH/Wh3FU1jJoEKYkzL9xIIMqKBU8HGpXZqWELogPRYy1JJYmaCbHreGB9ZpYsjpe2TgKfqz4mMxMaM4tAmYwJ9M+9NxL+8VgrReZBxmaTAJJ0tilKBQeFJV7jLNaMgRpYQqrn9K6Z9ogkF22jJnu7PH7pIGtWK71X829Ny7SLvrIgO0CE6Rj46QzV0hW5QHVE0RI/oGb06T86L8+a8z6IFJ5/ZR7/gfH4DAkSbLA==</latexit><latexit sha1_base64="A433Ug3b9FEZtUOVEVtlSbOZrJY=">AAACHnicjVBNSwMxFMzWr1q/Vj16CRbBi2W3CHosevHgQcG2QruUbJptQ7PJkrwtlqX/xIMX/4oXEcGT/hvTdg/aenAgMMzM4+VNmAhuwPO+nMLS8srqWnG9tLG5tb3j7u41jEo1ZXWqhNL3ITFMcMnqwEGw+0QzEoeCNcPB5cRvDpk2XMk7GCUsiElP8ohTAlbquG4b2AMAZNfVE6l0PO64Za/iTYEXiZ+TMsrxv3jH/Wh3FU1jJoEKYkzL9xIIMqKBU8HGpXZqWELogPRYy1JJYmaCbHreGB9ZpYsjpe2TgKfqz4mMxMaM4tAmYwJ9M+9NxL+8VgrReZBxmaTAJJ0tilKBQeFJV7jLNaMgRpYQqrn9K6Z9ogkF22jJnu7PH7pIGtWK71X829Ny7SLvrIgO0CE6Rj46QzV0hW5QHVE0RI/oGb06T86L8+a8z6IFJ5/ZR7/gfH4DAkSbLA==</latexit>
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<latexit sha1_base64="WnOnaBzzbWUXS7TmqCDEq5b+9nQ=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAbBU9gVQY9BLx4jmAckIcxOZpMh81hmekPCkj/x4kERr/6JN//GSbIHTSxoKKq66e6KEsEtBMG3V9jY3NreKe6W9vYPDo/845OG1amhrE610KYVEcsEV6wOHARrJYYRGQnWjEb3c785ZsZyrZ5gmrCuJAPFY04JOKnn+x1gEwDIrI5Bksms55eDSrAAXidhTsooR63nf3X6mqaSKaCCWNsOgwS6GTHAqWCzUie1LCF0RAas7agiktlutrh8hi+c0sexNq4U4IX6eyIj0tqpjFynJDC0q95c/M9rpxDfdjOukhSYostFcSowaDyPAfe5YRTE1BFCDXe3YjokhlBwYZVcCOHqy+ukcVUJg0r4eF2u3uVxFNEZOkeXKEQ3qIoeUA3VEUVj9Ixe0ZuXeS/eu/exbC14+cwp+gPv8wenpZRO</latexit><latexit sha1_base64="E3Cd7FVuC2O2lbMSHDuUD7kC73I=">AAACHnicjVC7SgNBFJ31GeNr1dJmMAhWYVcELYM2lgrmAUkIs5PZZMg8lpm7IWHJn1jY+Cs2IoKV/o2TZAtNLDwwcDjnXO7cEyWCWwiCL29ldW19Y7OwVdze2d3b9w8Oa1anhrIq1UKbRkQsE1yxKnAQrJEYRmQkWD0a3Ez9+pAZy7V6gHHC2pL0FI85JeCkju+3gI0AILM6BklGk45fCsrBDHiZhDkpoRz/i3f8j1ZX01QyBVQQa5thkEA7IwY4FWxSbKWWJYQOSI81HVVEMtvOZudN8KlTujjWxj0FeKb+nMiItHYsI5eUBPp20ZuKf3nNFOKrdsZVkgJTdL4oTgUGjadd4S43jIIYO0Ko4e6vmPaJIRRco0V3erh46DKpnZfDoBzeX5Qq13lnBXSMTtAZCtElqqBbdIeqiKIhekTP6NV78l68N+99Hl3x8pkj9Ave5zcHPZvH</latexit><latexit sha1_base64="E3Cd7FVuC2O2lbMSHDuUD7kC73I=">AAACHnicjVC7SgNBFJ31GeNr1dJmMAhWYVcELYM2lgrmAUkIs5PZZMg8lpm7IWHJn1jY+Cs2IoKV/o2TZAtNLDwwcDjnXO7cEyWCWwiCL29ldW19Y7OwVdze2d3b9w8Oa1anhrIq1UKbRkQsE1yxKnAQrJEYRmQkWD0a3Ez9+pAZy7V6gHHC2pL0FI85JeCkju+3gI0AILM6BklGk45fCsrBDHiZhDkpoRz/i3f8j1ZX01QyBVQQa5thkEA7IwY4FWxSbKWWJYQOSI81HVVEMtvOZudN8KlTujjWxj0FeKb+nMiItHYsI5eUBPp20ZuKf3nNFOKrdsZVkgJTdL4oTgUGjadd4S43jIIYO0Ko4e6vmPaJIRRco0V3erh46DKpnZfDoBzeX5Qq13lnBXSMTtAZCtElqqBbdIeqiKIhekTP6NV78l68N+99Hl3x8pkj9Ave5zcHPZvH</latexit><latexit sha1_base64="E3Cd7FVuC2O2lbMSHDuUD7kC73I=">AAACHnicjVC7SgNBFJ31GeNr1dJmMAhWYVcELYM2lgrmAUkIs5PZZMg8lpm7IWHJn1jY+Cs2IoKV/o2TZAtNLDwwcDjnXO7cEyWCWwiCL29ldW19Y7OwVdze2d3b9w8Oa1anhrIq1UKbRkQsE1yxKnAQrJEYRmQkWD0a3Ez9+pAZy7V6gHHC2pL0FI85JeCkju+3gI0AILM6BklGk45fCsrBDHiZhDkpoRz/i3f8j1ZX01QyBVQQa5thkEA7IwY4FWxSbKWWJYQOSI81HVVEMtvOZudN8KlTujjWxj0FeKb+nMiItHYsI5eUBPp20ZuKf3nNFOKrdsZVkgJTdL4oTgUGjadd4S43jIIYO0Ko4e6vmPaJIRRco0V3erh46DKpnZfDoBzeX5Qq13lnBXSMTtAZCtElqqBbdIeqiKIhekTP6NV78l68N+99Hl3x8pkj9Ave5zcHPZvH</latexit>

xout
<latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit>

xin
<latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit>

xout
<latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit>

xin
<latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit>
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xout
<latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit>
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<latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit>
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<latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit>
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<latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit>
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<latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit>
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<latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit>
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<latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit>
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<latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit>
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<latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit><latexit sha1_base64="eES+Vi0sww7AnQN0PS8y6igtbzs="></latexit>
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<latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit><latexit sha1_base64="9K3Ew7dD+gQeAR+TZQGbd0zJLLQ="></latexit>
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Draft chapter from Foundations of Computer Vision by Torralba, Isola, Freeman 13 See Figure 2 of [14] for
further normalization
schemes visualized this
way.One issue with batchnorm is that it requires processing a batch of datapoints all at once,

and introduces a dependency between each datapoint in the batch. This violates the prin-
ciple that datapoints should be processed independently and identically (iid), and this can
lead to bugs if your method relies on the iid assumption. Layernorm does not have this
problem and does indeed process each datapoint in an iid fashion.

1.7.4 Output layers
The last piece we need is an output layer that maps a neural representation—a high-
dimensional array of floating point numbers—to a desired output representation. In
classification problems, the desired output is a class label, and the most common output
operation is the softmax function, which we have already encountered in previous chapters.
In image synthesis problems, the desired output is typically a 3D array with dimensions
N ⇥ M ⇥ 3, and values in the range [0, 255]. A sigmoid multiplied by 255 is a typical output
transformation for this setting. The equations for these two layers are:

xout[i] =
e–⌧xin[i]

PK
k=1 e–⌧xin[k]

/ softmax

(1.28)

xout[i] = 255 ⇤ sigmoid(xin[i]) / common layer for image output problems
(1.29)

In the softmax definition we have added a temperature parameter ⌧ , which is commonly
used to scale how peaky, or confident, the predictions are.

The output layer is the input to the loss function, thus completing our specification of the
deep learning problem. However, to use the outputs in practice requires translating them
into actual pictures, or actions, or decisions. For a classification problem, this might mean
taking the argmax of the softmax distribution, so that we can report a single class. For
image prediction problems, it might mean rounding each output to an integral value since
common image formats represent red-green-blue values as integers.

There are of course many other output transformations you can try. Often, they will
be very problem specific since they depend on the structure of the output space you are
targeting.

1.8 Why Are Neural Networks a Good Architecture?
As you will soon learn, almost all modern computer vision algorithms involve neural nets in
one way or another. So you may be wondering: why are deep nets such a good architecture?
We will highlight here five reasons:

1. They are high capacity (big enough nets are universal approximators).
2. They are differentiable (the parameters can be optimized via gradient descent).
3. They have good inductive biases (neural architectures reflect real structure in the

world).
4. They run efficiently on parallel hardware.
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collective behavior of a set of neurons. Let’s start with the example of batch normalization
(batchnorm) [5].

Batchnorm standardizes each neural activation with respect to its mean and variance
over a batch of datapoints. Mathematically,

Recall from statistics that
the standard score of a

draw of a random variable
is how many standard

deviations it differs from
the mean: z = x–µ .

xout[i] = �
xin[i] –E[xin[i]]
p

Var[xin[i]]
+ � / batchnorm (1.23)

where � and � are learned parameters of this layer that maintain expressivity so that the
layer can output values with non-zero mean and non-unit variance. Most commonly batch-
norm is applied using training batch statistics to compute the mean and variance, which
change batch to batch. At test time, aggregate statistics from the training data are used.
However, using test batch statistics can be useful for achieving invariance to changes in the
statistics from training data to test data [13].

There are numerous other normalization layers that have been defined over the
years. Two more that we will highlight are L2 normalization and layer normalization
(layernorm) [1]. L2 normalization projects the inputs onto the unit hypersphere, which
useful for bounding the activations to unit vectors:

xout[i] =
xin[i]
kxink2

/ L2-norm (1.24)

Layernorm is similar except that it standardizes the vector of input activations:

µ =
1
N

NX

i=1

xin[i] (1.25)

�2 =
1
N

NX

i=1

(xin[i] – µ)2 (1.26)

xout[i] = �
xin[i] – µ

�
+ � / layernorm (1.27)

Notice that layernorm,
like L2-normalization,

maps the activation vector
to the surface of a

hypersphere, but it also
centers the activations to

have zero mean, and then
scales and shifts the

activations via � and �.
As an exercise, see if you

can write layernorm using
L2-normalization as one

step.

Notice that layernorm also looks quite similar to batchnorm. Both standardize activations
but do so with respect to different statistics. Layernorm computes a mean and variance over
elements of a datapoint xin, and will do so separately for each such datapoint in a batch.
Batchnorm computes the mean and variance per channel over datapoints in a batch. If we
have a batch stored in the tensor X2RNbatch⇥C, then what layernorm does looks just like
a “transpose” of what batchnorm does. Batchnorm standardizes each element of the tensor
by the mean and variance of its column. Layernorm standardizes each element by the mean
and variance of its row:

Figure 1.17: Batch-
norm vs layernorm.

Gray indicates the region
over which mean and

variance are computed.
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Figure 1.16: Common
pointwise nonlinearities.

This is closer to the actual ND tensors vision systems work with, and many concepts can
be adequately captured just by thinking in 3D. We will see some examples in later chapters.

1.7 Catalog of Layers
Below, we use the color blue to denote parameters and the color red to denote
data/activations (inputs and outputs to each layer).

1.7.1 Linear layers
Linear layers are the workhorses of deep nets. Almost all parameters of the network are
contained in these layers; we call these parameters the weights and biases. We have already
introduced linear layers previously. They look like this:

xout = Wxin + b / linear (1.17)

1.7.2 Activation layers
If a net only contained linear layers then it could only compute linear functions. This is
because the composition of N linear functions is a linear function. Activation layers add
nonlinearity. Activation layers are typically pointwise functions, applying a scalar to scalar
mapping on each dimension of the input vector. Typically parameters of these layers, if any,
are not learned (but they can be). Some common activation layers are defined below and
are plotted in figure 1.16:

xout[i] =

(
1, if xin[i] > 0
0, otherwise

/ threshold (1.18)

xout[i] =
1

1 + e–xin[i] / sigmoid (1.19)

xout[i] = 2 ⇤ sigmoid(2 ⇤ xin[i]) – 1 / tanh (1.20)

xout[i] = max(xin[i], 0) / relu (1.21)

xout[i] =

(
max(xin[i], 0), if xin[i] � 0
a min(xin[i], 0), otherwise

/ leaky-relu (1.22)

1.7.3 Normalization layers
Normalization layers add another kind of nonlinearity. Instead of being a pointwise nonlin-
earity, like in activation layers, they are nonlinearities that perturbs each neuron based on the

Activations

Parameters
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Training iteration ……

softmax
<latexit sha1_base64="WnOnaBzzbWUXS7TmqCDEq5b+9nQ=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAbBU9gVQY9BLx4jmAckIcxOZpMh81hmekPCkj/x4kERr/6JN//GSbIHTSxoKKq66e6KEsEtBMG3V9jY3NreKe6W9vYPDo/845OG1amhrE610KYVEcsEV6wOHARrJYYRGQnWjEb3c785ZsZyrZ5gmrCuJAPFY04JOKnn+x1gEwDIrI5Bksms55eDSrAAXidhTsooR63nf3X6mqaSKaCCWNsOgwS6GTHAqWCzUie1LCF0RAas7agiktlutrh8hi+c0sexNq4U4IX6eyIj0tqpjFynJDC0q95c/M9rpxDfdjOukhSYostFcSowaDyPAfe5YRTE1BFCDXe3YjokhlBwYZVcCOHqy+ukcVUJg0r4eF2u3uVxFNEZOkeXKEQ3qIoeUA3VEUVj9Ixe0ZuXeS/eu/exbC14+cwp+gPv8wenpZRO</latexit><latexit sha1_base64="WnOnaBzzbWUXS7TmqCDEq5b+9nQ=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAbBU9gVQY9BLx4jmAckIcxOZpMh81hmekPCkj/x4kERr/6JN//GSbIHTSxoKKq66e6KEsEtBMG3V9jY3NreKe6W9vYPDo/845OG1amhrE610KYVEcsEV6wOHARrJYYRGQnWjEb3c785ZsZyrZ5gmrCuJAPFY04JOKnn+x1gEwDIrI5Bksms55eDSrAAXidhTsooR63nf3X6mqaSKaCCWNsOgwS6GTHAqWCzUie1LCF0RAas7agiktlutrh8hi+c0sexNq4U4IX6eyIj0tqpjFynJDC0q95c/M9rpxDfdjOukhSYostFcSowaDyPAfe5YRTE1BFCDXe3YjokhlBwYZVcCOHqy+ukcVUJg0r4eF2u3uVxFNEZOkeXKEQ3qIoeUA3VEUVj9Ixe0ZuXeS/eu/exbC14+cwp+gPv8wenpZRO</latexit><latexit sha1_base64="WnOnaBzzbWUXS7TmqCDEq5b+9nQ=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAbBU9gVQY9BLx4jmAckIcxOZpMh81hmekPCkj/x4kERr/6JN//GSbIHTSxoKKq66e6KEsEtBMG3V9jY3NreKe6W9vYPDo/845OG1amhrE610KYVEcsEV6wOHARrJYYRGQnWjEb3c785ZsZyrZ5gmrCuJAPFY04JOKnn+x1gEwDIrI5Bksms55eDSrAAXidhTsooR63nf3X6mqaSKaCCWNsOgwS6GTHAqWCzUie1LCF0RAas7agiktlutrh8hi+c0sexNq4U4IX6eyIj0tqpjFynJDC0q95c/M9rpxDfdjOukhSYostFcSowaDyPAfe5YRTE1BFCDXe3YjokhlBwYZVcCOHqy+ukcVUJg0r4eF2u3uVxFNEZOkeXKEQ3qIoeUA3VEUVj9Ixe0ZuXeS/eu/exbC14+cwp+gPv8wenpZRO</latexit><latexit sha1_base64="WnOnaBzzbWUXS7TmqCDEq5b+9nQ=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAbBU9gVQY9BLx4jmAckIcxOZpMh81hmekPCkj/x4kERr/6JN//GSbIHTSxoKKq66e6KEsEtBMG3V9jY3NreKe6W9vYPDo/845OG1amhrE610KYVEcsEV6wOHARrJYYRGQnWjEb3c785ZsZyrZ5gmrCuJAPFY04JOKnn+x1gEwDIrI5Bksms55eDSrAAXidhTsooR63nf3X6mqaSKaCCWNsOgwS6GTHAqWCzUie1LCF0RAas7agiktlutrh8hi+c0sexNq4U4IX6eyIj0tqpjFynJDC0q95c/M9rpxDfdjOukhSYostFcSowaDyPAfe5YRTE1BFCDXe3YjokhlBwYZVcCOHqy+ukcVUJg0r4eF2u3uVxFNEZOkeXKEQ3qIoeUA3VEUVj9Ixe0ZuXeS/eu/exbC14+cwp+gPv8wenpZRO</latexit>

relu
<latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit>

linear
<latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit>

relu
<latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit>

linear
<latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit>

relu
<latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit><latexit sha1_base64="+4Vp5mtvlyjumddJNu7x315JsmA=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBbBU0lE0GPRi8cK9gPaUDbbSbt0s4m7k2IJ/R1ePCji1R/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmjjVHBo8lrFuB8yAFAoaKFBCO9HAokBCKxjdzvzWGLQRsXrASQJ+xAZKhIIztJLfRXhCxEyDTKe9csWtunPQVeLlpEJy1Hvlr24/5mkECrlkxnQ8N0E/YxoFlzAtdVMDCeMjNoCOpYpFYPxsfvSUnlmlT8NY21JI5+rviYxFxkyiwHZGDIdm2ZuJ/3mdFMNrPxMqSREUXywKU0kxprMEaF9o4CgnljCuhb2V8iHTjKPNqWRD8JZfXiXNi6rnVr37y0rtJo+jSE7IKTknHrkiNXJH6qRBOHkkz+SVvDlj58V5dz4WrQUnnzkmf+B8/gC6LJK1</latexit>

linear
<latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit>

linear
<latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit><latexit sha1_base64="SKkyYWy5RP84r74IVixQmnzm3WA=">AAAB+HicbVBNS8NAEJ3Ur1o/GvXoJVgETyURQY9FLx4r2A9oQ9lsN+3SzSbsTsQa+ku8eFDEqz/Fm//GTZuDtj4YeLw3szvzgkRwja77bZXW1jc2t8rblZ3dvf2qfXDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBNMbnK/88CU5rG8x2nC/IiMJA85JWikgV3tI3tExCx/gKjZwK65dXcOZ5V4BalBgebA/uoPY5pGTCIVROue5yboZ0Qhp4LNKv1Us4TQCRmxnqGSREz72XzxmXNqlKETxsqURGeu/p7ISKT1NApMZ0RwrJe9XPzP66UYXvkZl0mKTNLFR2EqHIydPAVnyBWjKKaGEKq42dWhY6IIRZNVxYTgLZ+8Strndc+te3cXtcZ1EUcZjuEEzsCDS2jALTShBRRSeIZXeLOerBfr3fpYtJasYuYI/sD6/AGu+ZO9</latexit>

MLP
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MLP
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SGD 
(lr=0.01)

Steepest descent 
in spectral norm 
(see pset 2) 
(lr=0.002)

Code to make these: https://colab.research.google.com/drive/1VBw_HOQg6J2HCgozEO-ktUM_KSFaYVUD?usp=sharing12



ViT block x3
<latexit sha1_base64="TBUT24mV6wg2W2Yy6r+XvuiFzZM="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit>

ViT block x3
<latexit sha1_base64="TBUT24mV6wg2W2Yy6r+XvuiFzZM="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit>

ViT block x3
<latexit sha1_base64="TBUT24mV6wg2W2Yy6r+XvuiFzZM="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit>

ViT block x3
<latexit sha1_base64="TBUT24mV6wg2W2Yy6r+XvuiFzZM="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit><latexit sha1_base64="70pgJtpvoi0Y7bO9TdJBOISuVzE="></latexit>

CLIP

maps from complex 
data space to simple 

embedding space

[Radford*, Kim* et al., ICML 2021]

13



[Serre, 2014]
© Springer Science+Business Media, LLC, part of Springer Nature. All 
rights reserved. This content is excluded from our Creative Commons 
license. For more information, see https://ocw.mit.edu/help/faq-fair-use/
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What do deep nets internally learn?

… Car

Image

X

© source unknown. All rights reserved. This content is excluded 
from our Creative Commons license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/
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Deep Net “Electrophysiology”

[Zhou, Khosla, Lapedriza, Oliva, Torralba., ICLR 2015]
[Zeiler & Fergus, ECCV 2014]

… Car

© source unknown. All rights reserved. This content is excluded 
from our Creative Commons license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/
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[https://arxiv.org/pdf/1311.2901]

Visualizing and Understanding CNNs

Image patches that 
activate several of the 
layer 1 neurons most

strongly

© Zeiler and Fergus. All rights reserved. This content is 
excluded from our Creative Commons license. For more 
information, see https://ocw.mit.edu/help/faq-fair-use/
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[Zeiler and Fergus, 2014]

Image patches that 
activate several of the 
layer 2 neurons most

strongly

© Zeiler and Fergus. All rights reserved. This content is 
excluded from our Creative Commons license. For more 
information, see https://ocw.mit.edu/help/faq-fair-use/
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[Zeiler and Fergus, 2014]

Image patches that 
activate several of the 
layer 3 neurons most

strongly

© Zeiler and Fergus. All rights reserved. This content is 
excluded from our Creative Commons license. For more 
information, see https://ocw.mit.edu/help/faq-fair-use/
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[Zeiler and Fergus, 2014]

Image patches that 
activate several of the 
layer 5 neurons most

strongly

© Zeiler and Fergus. All rights reserved. This content is 
excluded from our Creative Commons license. For more 
information, see https://ocw.mit.edu/help/faq-fair-use/
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[Serre, 2014] [Zeiler & Fergus, ECCV 2014]
Left © Springer Science+Business Media, LLC, part of 
Springer Nature. Right © Zeiler and Fergus. All rights 
reserved. This content is excluded from our Creative 
Commons license. For more information, see 
https://ocw.mit.edu/help/faq-fair-use/21



Mainly, we will restrict our attention to vector embeddings

What is a representation?

A representation of a data domain  is a function  that 
assigns a feature vector to each input in that domain. This function is 
called an encoder.

𝒳 f : 𝒳 → ℝd

A representation of a datapoint  is a vector  with .x z ∈ ℝd z = f(x)

22



Why learn representations?

23



“Generally speaking, a good representation is one that makes a subsequent 
learning task easier.” — Deep Learning, Goodfellow et al. 2016

To do more learning! (aka Transfer learning)

© source unknown. All rights reserved. This content is 
excluded from our Creative Commons license. For more 
information, see https://ocw.mit.edu/help/faq-fair-use/
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cf
<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>

Encoder

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

Training
<latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit><latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit><latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit><latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit>

Genre recognition

Prediction 
Head

classical

hip hop

rock

metal

alternative

rap

Testing
<latexit sha1_base64="xu7yi64Jzp9qaGC2BEKYLlLVM18="></latexit><latexit sha1_base64="xu7yi64Jzp9qaGC2BEKYLlLVM18="></latexit><latexit sha1_base64="xu7yi64Jzp9qaGC2BEKYLlLVM18="></latexit><latexit sha1_base64="xu7yi64Jzp9qaGC2BEKYLlLVM18="></latexit>

Preference prediction

cf
<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>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

Like

Neural

Dislike

Often, what we will be “tested” on is not what we were trained on.
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cf
<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>

Encoder

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

Training
<latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit><latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit><latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit><latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit>

Genre recognition

Prediction 
Head

classical

hip hop

rock

metal

alternative

rap

Preference prediction

cf
<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>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

Like

Neural

Dislike

Linear adaptation: freeze f, train a new linear map to new target data

Adapting
<latexit sha1_base64="JySYyG3MbKaIVDrvBMx0n+QXIBY=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4Kkkveqx68VjBfkAbymazaZduNnF3IpTQP+HFgyJe/Tve/Ddu2xy09cHA470ZZuYFqRQGXffbWVvf2NzaLu2Ud/f2Dw4rR8dtk2Sa8RZLZKK7ATVcCsVbKFDybqo5jQPJO8H4duZ3nrg2IlEPOEm5H9OhEpFgFK3UvQ5pikINB5WqW3PnIKvEK0gVCjQHla9+mLAs5gqZpMb0PDdFP6caBZN8Wu5nhqeUjemQ9yxVNObGz+f3Tsm5VUISJdqWQjJXf0/kNDZmEge2M6Y4MsveTPzP62UYXfm5UGmGXLHFoiiTBBMye56EQnOGcmIJZVrYWwkbUU0Z2ojKNgRv+eVV0q7XPLfm3derjZsijhKcwhlcgAeX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5AwV5j/A=</latexit><latexit sha1_base64="wVVtBqrbxBfj/V0YzN1PAg9/2po=">AAACFHicjVC7TsMwFL3hWcqrwMhiUSExVUkXGAssjCDRh9RGleM4rVXHiewbpCrqTzCw8CssCLEysPE3uG0GaBk4kqWjc87V9T1BKoVB1/1yVlbX1jc2S1vl7Z3dvf3KwWHLJJlmvMkSmehOQA2XQvEmCpS8k2pO40DydjC6nvrtB66NSNQ9jlPux3SgRCQYRSt1LkOaolCDfqXq1twZyDLxClKFAv+L9yufvTBhWcwVMkmN6Xpuin5ONQom+aTcywxPKRvRAe9aqmjMjZ/PjpqQU6uEJEq0fQrJTP05kdPYmHEc2GRMcWgWvan4l9fNMLrwc6HSDLli80VRJgkmZNoQCYXmDOXYEsq0sH8lbEg1ZWh7LNvTvcVDl0mrXvPcmndXrzauis5KcAwncAYenEMDbuAWmsBAwiM8w6vz5Lw4b877PLriFDNH8AvOxzfQqZdp</latexit><latexit sha1_base64="wVVtBqrbxBfj/V0YzN1PAg9/2po=">AAACFHicjVC7TsMwFL3hWcqrwMhiUSExVUkXGAssjCDRh9RGleM4rVXHiewbpCrqTzCw8CssCLEysPE3uG0GaBk4kqWjc87V9T1BKoVB1/1yVlbX1jc2S1vl7Z3dvf3KwWHLJJlmvMkSmehOQA2XQvEmCpS8k2pO40DydjC6nvrtB66NSNQ9jlPux3SgRCQYRSt1LkOaolCDfqXq1twZyDLxClKFAv+L9yufvTBhWcwVMkmN6Xpuin5ONQom+aTcywxPKRvRAe9aqmjMjZ/PjpqQU6uEJEq0fQrJTP05kdPYmHEc2GRMcWgWvan4l9fNMLrwc6HSDLli80VRJgkmZNoQCYXmDOXYEsq0sH8lbEg1ZWh7LNvTvcVDl0mrXvPcmndXrzauis5KcAwncAYenEMDbuAWmsBAwiM8w6vz5Lw4b877PLriFDNH8AvOxzfQqZdp</latexit><latexit sha1_base64="wVVtBqrbxBfj/V0YzN1PAg9/2po=">AAACFHicjVC7TsMwFL3hWcqrwMhiUSExVUkXGAssjCDRh9RGleM4rVXHiewbpCrqTzCw8CssCLEysPE3uG0GaBk4kqWjc87V9T1BKoVB1/1yVlbX1jc2S1vl7Z3dvf3KwWHLJJlmvMkSmehOQA2XQvEmCpS8k2pO40DydjC6nvrtB66NSNQ9jlPux3SgRCQYRSt1LkOaolCDfqXq1twZyDLxClKFAv+L9yufvTBhWcwVMkmN6Xpuin5ONQom+aTcywxPKRvRAe9aqmjMjZ/PjpqQU6uEJEq0fQrJTP05kdPYmHEc2GRMcWgWvan4l9fNMLrwc6HSDLli80VRJgkmZNoQCYXmDOXYEsq0sH8lbEg1ZWh7LNvTvcVDl0mrXvPcmndXrzauis5KcAwncAYenEMDbuAWmsBAwiM8w6vz5Lw4b877PLriFDNH8AvOxzfQqZdp</latexit>
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cf
<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>

Encoder

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

Training
<latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit><latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit><latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit><latexit sha1_base64="btHp+XGA9KMZBtcLL1WFTP9DuJw="></latexit>

Genre recognition

Prediction 
Head

classical

hip hop

rock

metal

alternative

rap

Preference prediction

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

Like

Neural

Dislike

Finetuning: initialize f’ as f, then continue training on new target data

f 0
<latexit sha1_base64="ysT2jZsYdHHOd6zKvJy5rUTwvcg=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeWASw+ykNxkyM7vMzAphyV948aCIV//Gm3/jJNmDJhY0FFXddHeFieDG+v63t7K6tr6xWdgqbu/s7u2XDg4bJk41wzqLRaxbITUouMK65VZgK9FIZSiwGY5upn7zCbXhsbq34wS7kg4Ujzij1kkP0WPWSTSXOOmVyn7Fn4EskyAnZchR65W+Ov2YpRKVZYIa0w78xHYzqi1nAifFTmowoWxEB9h2VFGJppvNLp6QU6f0SRRrV8qSmfp7IqPSmLEMXaekdmgWvan4n9dObXTVzbhKUouKzRdFqSA2JtP3SZ9rZFaMHaFMc3crYUOqKbMupKILIVh8eZk0ziuBXwnuLsrV6zyOAhzDCZxBAJdQhVuoQR0YKHiGV3jzjPfivXsf89YVL585gj/wPn8A79+REw==</latexit><latexit sha1_base64="p11jeD7YyqvDUrrW9MzJ6vonMx8=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrsiaBm0sVQwD0zWMDu5mwyZmV1mZoWw5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCkvLK6trxfXSxubW9k55d6+h41RRrNOYx6oVEo2cSawbZji2EoVEhByb4fBy4jcfUGkWy1szSjAQpC9ZxCgxVrqL7rNOopjAcbdc8areFO4i8XNSgRz/i3fLn51eTFOB0lBOtG77XmKCjCjDKMdxqZNqTAgdkj62LZVEoA6y6Vlj98gqPTeKlX3SuFP150RGhNYjEdqkIGag572J+JfXTk10HmRMJqlBSWeLopS7JnYnHbk9ppAaPrKEUMXsX106IIpQY5ss2dP9+UMXSeOk6ntV/+a0UrvIOyvCARzCMfhwBjW4gmuoAwUJj/AMr86T8+K8Oe+zaMHJZ/bhF5yPb+JJmIw=</latexit><latexit sha1_base64="p11jeD7YyqvDUrrW9MzJ6vonMx8=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrsiaBm0sVQwD0zWMDu5mwyZmV1mZoWw5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCkvLK6trxfXSxubW9k55d6+h41RRrNOYx6oVEo2cSawbZji2EoVEhByb4fBy4jcfUGkWy1szSjAQpC9ZxCgxVrqL7rNOopjAcbdc8areFO4i8XNSgRz/i3fLn51eTFOB0lBOtG77XmKCjCjDKMdxqZNqTAgdkj62LZVEoA6y6Vlj98gqPTeKlX3SuFP150RGhNYjEdqkIGag572J+JfXTk10HmRMJqlBSWeLopS7JnYnHbk9ppAaPrKEUMXsX106IIpQY5ss2dP9+UMXSeOk6ntV/+a0UrvIOyvCARzCMfhwBjW4gmuoAwUJj/AMr86T8+K8Oe+zaMHJZ/bhF5yPb+JJmIw=</latexit><latexit sha1_base64="p11jeD7YyqvDUrrW9MzJ6vonMx8=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrsiaBm0sVQwD0zWMDu5mwyZmV1mZoWw5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCkvLK6trxfXSxubW9k55d6+h41RRrNOYx6oVEo2cSawbZji2EoVEhByb4fBy4jcfUGkWy1szSjAQpC9ZxCgxVrqL7rNOopjAcbdc8areFO4i8XNSgRz/i3fLn51eTFOB0lBOtG77XmKCjCjDKMdxqZNqTAgdkj62LZVEoA6y6Vlj98gqPTeKlX3SuFP150RGhNYjEdqkIGag572J+JfXTk10HmRMJqlBSWeLopS7JnYnHbk9ppAaPrKEUMXsX106IIpQY5ss2dP9+UMXSeOk6ntV/+a0UrvIOyvCARzCMfhwBjW4gmuoAwUJj/AMr86T8+K8Oe+zaMHJZ/bhF5yPb+JJmIw=</latexit>

Adapting
<latexit sha1_base64="JySYyG3MbKaIVDrvBMx0n+QXIBY=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4Kkkveqx68VjBfkAbymazaZduNnF3IpTQP+HFgyJe/Tve/Ddu2xy09cHA470ZZuYFqRQGXffbWVvf2NzaLu2Ud/f2Dw4rR8dtk2Sa8RZLZKK7ATVcCsVbKFDybqo5jQPJO8H4duZ3nrg2IlEPOEm5H9OhEpFgFK3UvQ5pikINB5WqW3PnIKvEK0gVCjQHla9+mLAs5gqZpMb0PDdFP6caBZN8Wu5nhqeUjemQ9yxVNObGz+f3Tsm5VUISJdqWQjJXf0/kNDZmEge2M6Y4MsveTPzP62UYXfm5UGmGXLHFoiiTBBMye56EQnOGcmIJZVrYWwkbUU0Z2ojKNgRv+eVV0q7XPLfm3derjZsijhKcwhlcgAeX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5AwV5j/A=</latexit><latexit sha1_base64="wVVtBqrbxBfj/V0YzN1PAg9/2po=">AAACFHicjVC7TsMwFL3hWcqrwMhiUSExVUkXGAssjCDRh9RGleM4rVXHiewbpCrqTzCw8CssCLEysPE3uG0GaBk4kqWjc87V9T1BKoVB1/1yVlbX1jc2S1vl7Z3dvf3KwWHLJJlmvMkSmehOQA2XQvEmCpS8k2pO40DydjC6nvrtB66NSNQ9jlPux3SgRCQYRSt1LkOaolCDfqXq1twZyDLxClKFAv+L9yufvTBhWcwVMkmN6Xpuin5ONQom+aTcywxPKRvRAe9aqmjMjZ/PjpqQU6uEJEq0fQrJTP05kdPYmHEc2GRMcWgWvan4l9fNMLrwc6HSDLli80VRJgkmZNoQCYXmDOXYEsq0sH8lbEg1ZWh7LNvTvcVDl0mrXvPcmndXrzauis5KcAwncAYenEMDbuAWmsBAwiM8w6vz5Lw4b877PLriFDNH8AvOxzfQqZdp</latexit><latexit sha1_base64="wVVtBqrbxBfj/V0YzN1PAg9/2po=">AAACFHicjVC7TsMwFL3hWcqrwMhiUSExVUkXGAssjCDRh9RGleM4rVXHiewbpCrqTzCw8CssCLEysPE3uG0GaBk4kqWjc87V9T1BKoVB1/1yVlbX1jc2S1vl7Z3dvf3KwWHLJJlmvMkSmehOQA2XQvEmCpS8k2pO40DydjC6nvrtB66NSNQ9jlPux3SgRCQYRSt1LkOaolCDfqXq1twZyDLxClKFAv+L9yufvTBhWcwVMkmN6Xpuin5ONQom+aTcywxPKRvRAe9aqmjMjZ/PjpqQU6uEJEq0fQrJTP05kdPYmHEc2GRMcWgWvan4l9fNMLrwc6HSDLli80VRJgkmZNoQCYXmDOXYEsq0sH8lbEg1ZWh7LNvTvcVDl0mrXvPcmndXrzauis5KcAwncAYenEMDbuAWmsBAwiM8w6vz5Lw4b877PLriFDNH8AvOxzfQqZdp</latexit><latexit sha1_base64="wVVtBqrbxBfj/V0YzN1PAg9/2po=">AAACFHicjVC7TsMwFL3hWcqrwMhiUSExVUkXGAssjCDRh9RGleM4rVXHiewbpCrqTzCw8CssCLEysPE3uG0GaBk4kqWjc87V9T1BKoVB1/1yVlbX1jc2S1vl7Z3dvf3KwWHLJJlmvMkSmehOQA2XQvEmCpS8k2pO40DydjC6nvrtB66NSNQ9jlPux3SgRCQYRSt1LkOaolCDfqXq1twZyDLxClKFAv+L9yufvTBhWcwVMkmN6Xpuin5ONQom+aTcywxPKRvRAe9aqmjMjZ/PjpqQU6uEJEq0fQrJTP05kdPYmHEc2GRMcWgWvan4l9fNMLrwc6HSDLli80VRJgkmZNoQCYXmDOXYEsq0sH8lbEg1ZWh7LNvTvcVDl0mrXvPcmndXrzauis5KcAwncAYenEMDbuAWmsBAwiM8w6vz5Lw4b877PLriFDNH8AvOxzfQqZdp</latexit>
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Testing
<latexit sha1_base64="xu7yi64Jzp9qaGC2BEKYLlLVM18="></latexit><latexit sha1_base64="xu7yi64Jzp9qaGC2BEKYLlLVM18="></latexit><latexit sha1_base64="xu7yi64Jzp9qaGC2BEKYLlLVM18="></latexit><latexit sha1_base64="xu7yi64Jzp9qaGC2BEKYLlLVM18="></latexit>

Preference predictionGenre recognition

Pretraining
<latexit sha1_base64="fGfmNDonZ3nAOpCknuX4QCQGRhc="></latexit><latexit sha1_base64="fGfmNDonZ3nAOpCknuX4QCQGRhc="></latexit><latexit sha1_base64="fGfmNDonZ3nAOpCknuX4QCQGRhc="></latexit><latexit sha1_base64="fGfmNDonZ3nAOpCknuX4QCQGRhc="></latexit>

A lot of data

Preference prediction

A little data

Adapting
<latexit sha1_base64="JySYyG3MbKaIVDrvBMx0n+QXIBY=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4Kkkveqx68VjBfkAbymazaZduNnF3IpTQP+HFgyJe/Tve/Ddu2xy09cHA470ZZuYFqRQGXffbWVvf2NzaLu2Ud/f2Dw4rR8dtk2Sa8RZLZKK7ATVcCsVbKFDybqo5jQPJO8H4duZ3nrg2IlEPOEm5H9OhEpFgFK3UvQ5pikINB5WqW3PnIKvEK0gVCjQHla9+mLAs5gqZpMb0PDdFP6caBZN8Wu5nhqeUjemQ9yxVNObGz+f3Tsm5VUISJdqWQjJXf0/kNDZmEge2M6Y4MsveTPzP62UYXfm5UGmGXLHFoiiTBBMye56EQnOGcmIJZVrYWwkbUU0Z2ojKNgRv+eVV0q7XPLfm3derjZsijhKcwhlcgAeX0IA7aEILGEh4hld4cx6dF+fd+Vi0rjnFzAn8gfP5AwV5j/A=</latexit><latexit sha1_base64="wVVtBqrbxBfj/V0YzN1PAg9/2po=">AAACFHicjVC7TsMwFL3hWcqrwMhiUSExVUkXGAssjCDRh9RGleM4rVXHiewbpCrqTzCw8CssCLEysPE3uG0GaBk4kqWjc87V9T1BKoVB1/1yVlbX1jc2S1vl7Z3dvf3KwWHLJJlmvMkSmehOQA2XQvEmCpS8k2pO40DydjC6nvrtB66NSNQ9jlPux3SgRCQYRSt1LkOaolCDfqXq1twZyDLxClKFAv+L9yufvTBhWcwVMkmN6Xpuin5ONQom+aTcywxPKRvRAe9aqmjMjZ/PjpqQU6uEJEq0fQrJTP05kdPYmHEc2GRMcWgWvan4l9fNMLrwc6HSDLli80VRJgkmZNoQCYXmDOXYEsq0sH8lbEg1ZWh7LNvTvcVDl0mrXvPcmndXrzauis5KcAwncAYenEMDbuAWmsBAwiM8w6vz5Lw4b877PLriFDNH8AvOxzfQqZdp</latexit><latexit sha1_base64="wVVtBqrbxBfj/V0YzN1PAg9/2po=">AAACFHicjVC7TsMwFL3hWcqrwMhiUSExVUkXGAssjCDRh9RGleM4rVXHiewbpCrqTzCw8CssCLEysPE3uG0GaBk4kqWjc87V9T1BKoVB1/1yVlbX1jc2S1vl7Z3dvf3KwWHLJJlmvMkSmehOQA2XQvEmCpS8k2pO40DydjC6nvrtB66NSNQ9jlPux3SgRCQYRSt1LkOaolCDfqXq1twZyDLxClKFAv+L9yufvTBhWcwVMkmN6Xpuin5ONQom+aTcywxPKRvRAe9aqmjMjZ/PjpqQU6uEJEq0fQrJTP05kdPYmHEc2GRMcWgWvan4l9fNMLrwc6HSDLli80VRJgkmZNoQCYXmDOXYEsq0sH8lbEg1ZWh7LNvTvcVDl0mrXvPcmndXrzauis5KcAwncAYenEMDbuAWmsBAwiM8w6vz5Lw4b877PLriFDNH8AvOxzfQqZdp</latexit><latexit sha1_base64="wVVtBqrbxBfj/V0YzN1PAg9/2po=">AAACFHicjVC7TsMwFL3hWcqrwMhiUSExVUkXGAssjCDRh9RGleM4rVXHiewbpCrqTzCw8CssCLEysPE3uG0GaBk4kqWjc87V9T1BKoVB1/1yVlbX1jc2S1vl7Z3dvf3KwWHLJJlmvMkSmehOQA2XQvEmCpS8k2pO40DydjC6nvrtB66NSNQ9jlPux3SgRCQYRSt1LkOaolCDfqXq1twZyDLxClKFAv+L9yufvTBhWcwVMkmN6Xpuin5ONQom+aTcywxPKRvRAe9aqmjMjZ/PjpqQU6uEJEq0fQrJTP05kdPYmHEc2GRMcWgWvan4l9fNMLrwc6HSDLli80VRJgkmZNoQCYXmDOXYEsq0sH8lbEg1ZWh7LNvTvcVDl0mrXvPcmndXrzauis5KcAwncAYenEMDbuAWmsBAwiM8w6vz5Lw4b877PLriFDNH8AvOxzfQqZdp</latexit>

cf
<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>

classical

hip hop

rock

metal

alternative

rap

c

Like

Neural

Dislike
f 0

<latexit sha1_base64="ysT2jZsYdHHOd6zKvJy5rUTwvcg=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeWASw+ykNxkyM7vMzAphyV948aCIV//Gm3/jJNmDJhY0FFXddHeFieDG+v63t7K6tr6xWdgqbu/s7u2XDg4bJk41wzqLRaxbITUouMK65VZgK9FIZSiwGY5upn7zCbXhsbq34wS7kg4Ujzij1kkP0WPWSTSXOOmVyn7Fn4EskyAnZchR65W+Ov2YpRKVZYIa0w78xHYzqi1nAifFTmowoWxEB9h2VFGJppvNLp6QU6f0SRRrV8qSmfp7IqPSmLEMXaekdmgWvan4n9dObXTVzbhKUouKzRdFqSA2JtP3SZ9rZFaMHaFMc3crYUOqKbMupKILIVh8eZk0ziuBXwnuLsrV6zyOAhzDCZxBAJdQhVuoQR0YKHiGV3jzjPfivXsf89YVL585gj/wPn8A79+REw==</latexit><latexit sha1_base64="p11jeD7YyqvDUrrW9MzJ6vonMx8=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrsiaBm0sVQwD0zWMDu5mwyZmV1mZoWw5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCkvLK6trxfXSxubW9k55d6+h41RRrNOYx6oVEo2cSawbZji2EoVEhByb4fBy4jcfUGkWy1szSjAQpC9ZxCgxVrqL7rNOopjAcbdc8areFO4i8XNSgRz/i3fLn51eTFOB0lBOtG77XmKCjCjDKMdxqZNqTAgdkj62LZVEoA6y6Vlj98gqPTeKlX3SuFP150RGhNYjEdqkIGag572J+JfXTk10HmRMJqlBSWeLopS7JnYnHbk9ppAaPrKEUMXsX106IIpQY5ss2dP9+UMXSeOk6ntV/+a0UrvIOyvCARzCMfhwBjW4gmuoAwUJj/AMr86T8+K8Oe+zaMHJZ/bhF5yPb+JJmIw=</latexit><latexit sha1_base64="p11jeD7YyqvDUrrW9MzJ6vonMx8=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrsiaBm0sVQwD0zWMDu5mwyZmV1mZoWw5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCkvLK6trxfXSxubW9k55d6+h41RRrNOYx6oVEo2cSawbZji2EoVEhByb4fBy4jcfUGkWy1szSjAQpC9ZxCgxVrqL7rNOopjAcbdc8areFO4i8XNSgRz/i3fLn51eTFOB0lBOtG77XmKCjCjDKMdxqZNqTAgdkj62LZVEoA6y6Vlj98gqPTeKlX3SuFP150RGhNYjEdqkIGag572J+JfXTk10HmRMJqlBSWeLopS7JnYnHbk9ppAaPrKEUMXsX106IIpQY5ss2dP9+UMXSeOk6ntV/+a0UrvIOyvCARzCMfhwBjW4gmuoAwUJj/AMr86T8+K8Oe+zaMHJZ/bhF5yPb+JJmIw=</latexit><latexit sha1_base64="p11jeD7YyqvDUrrW9MzJ6vonMx8=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrsiaBm0sVQwD0zWMDu5mwyZmV1mZoWw5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCkvLK6trxfXSxubW9k55d6+h41RRrNOYx6oVEo2cSawbZji2EoVEhByb4fBy4jcfUGkWy1szSjAQpC9ZxCgxVrqL7rNOopjAcbdc8areFO4i8XNSgRz/i3fLn51eTFOB0lBOtG77XmKCjCjDKMdxqZNqTAgdkj62LZVEoA6y6Vlj98gqPTeKlX3SuFP150RGhNYjEdqkIGag572J+JfXTk10HmRMJqlBSWeLopS7JnYnHbk9ppAaPrKEUMXsX106IIpQY5ss2dP9+UMXSeOk6ntV/+a0UrvIOyvCARzCMfhwBjW4gmuoAwUJj/AMr86T8+K8Oe+zaMHJZ/bhF5yPb+JJmIw=</latexit>

c

Like

Neural

Dislike
f 0

<latexit sha1_base64="ysT2jZsYdHHOd6zKvJy5rUTwvcg=">AAAB8XicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9Bj04jGCeWASw+ykNxkyM7vMzAphyV948aCIV//Gm3/jJNmDJhY0FFXddHeFieDG+v63t7K6tr6xWdgqbu/s7u2XDg4bJk41wzqLRaxbITUouMK65VZgK9FIZSiwGY5upn7zCbXhsbq34wS7kg4Ujzij1kkP0WPWSTSXOOmVyn7Fn4EskyAnZchR65W+Ov2YpRKVZYIa0w78xHYzqi1nAifFTmowoWxEB9h2VFGJppvNLp6QU6f0SRRrV8qSmfp7IqPSmLEMXaekdmgWvan4n9dObXTVzbhKUouKzRdFqSA2JtP3SZ9rZFaMHaFMc3crYUOqKbMupKILIVh8eZk0ziuBXwnuLsrV6zyOAhzDCZxBAJdQhVuoQR0YKHiGV3jzjPfivXsf89YVL585gj/wPn8A79+REw==</latexit><latexit sha1_base64="p11jeD7YyqvDUrrW9MzJ6vonMx8=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrsiaBm0sVQwD0zWMDu5mwyZmV1mZoWw5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCkvLK6trxfXSxubW9k55d6+h41RRrNOYx6oVEo2cSawbZji2EoVEhByb4fBy4jcfUGkWy1szSjAQpC9ZxCgxVrqL7rNOopjAcbdc8areFO4i8XNSgRz/i3fLn51eTFOB0lBOtG77XmKCjCjDKMdxqZNqTAgdkj62LZVEoA6y6Vlj98gqPTeKlX3SuFP150RGhNYjEdqkIGag572J+JfXTk10HmRMJqlBSWeLopS7JnYnHbk9ppAaPrKEUMXsX106IIpQY5ss2dP9+UMXSeOk6ntV/+a0UrvIOyvCARzCMfhwBjW4gmuoAwUJj/AMr86T8+K8Oe+zaMHJZ/bhF5yPb+JJmIw=</latexit><latexit sha1_base64="p11jeD7YyqvDUrrW9MzJ6vonMx8=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrsiaBm0sVQwD0zWMDu5mwyZmV1mZoWw5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCkvLK6trxfXSxubW9k55d6+h41RRrNOYx6oVEo2cSawbZji2EoVEhByb4fBy4jcfUGkWy1szSjAQpC9ZxCgxVrqL7rNOopjAcbdc8areFO4i8XNSgRz/i3fLn51eTFOB0lBOtG77XmKCjCjDKMdxqZNqTAgdkj62LZVEoA6y6Vlj98gqPTeKlX3SuFP150RGhNYjEdqkIGag572J+JfXTk10HmRMJqlBSWeLopS7JnYnHbk9ppAaPrKEUMXsX106IIpQY5ss2dP9+UMXSeOk6ntV/+a0UrvIOyvCARzCMfhwBjW4gmuoAwUJj/AMr86T8+K8Oe+zaMHJZ/bhF5yPb+JJmIw=</latexit><latexit sha1_base64="p11jeD7YyqvDUrrW9MzJ6vonMx8=">AAACFnicjVC7SgNBFL0bXzG+opY2i0GwCrsiaBm0sVQwD0zWMDu5mwyZmV1mZoWw5C8sbPwVGxFbsfNvnCRbaGLhgYHDOedy554w4Uwbz/tyCkvLK6trxfXSxubW9k55d6+h41RRrNOYx6oVEo2cSawbZji2EoVEhByb4fBy4jcfUGkWy1szSjAQpC9ZxCgxVrqL7rNOopjAcbdc8areFO4i8XNSgRz/i3fLn51eTFOB0lBOtG77XmKCjCjDKMdxqZNqTAgdkj62LZVEoA6y6Vlj98gqPTeKlX3SuFP150RGhNYjEdqkIGag572J+JfXTk10HmRMJqlBSWeLopS7JnYnHbk9ppAaPrKEUMXsX106IIpQY5ss2dP9+UMXSeOk6ntV/+a0UrvIOyvCARzCMfhwBjW4gmuoAwUJj/AMr86T8+K8Oe+zaMHJZ/bhF5yPb+JJmIw=</latexit>
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Finetuning

• Pretrain a network on task A, resulting in parameters W and b

• Initialize a second network with some or all of W and b

• Train the second network on task B, resulting in parameters W’ and b’
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How do you learn a good representation?
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Good representations are: 

1. Compact (minimal)

2. Explanatory (sufficient)

3. Disentangled (independent factors)

4. Interpretable

5. Make subsequent problem solving easy

6. …?
[See “Representation Learning”, Bengio 2013, for more commentary]

Representation learning

car

road

building
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!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Training data
<latexit sha1_base64="4gXZsPFg4PMoPOoO47pTNWzkob0=">AAAB9HicbVA9SwNBEN2LXzF+RS1tFoNgFe7SaBm0sYyQL0iOMLe3lyzZ2zt35wIh5HfYWChi64+x89+4Sa7QxAcDj/dmmJkXpFIYdN1vp7C1vbO7V9wvHRweHZ+UT8/aJsk04y2WyER3AzBcCsVbKFDybqo5xIHknWB8v/A7E66NSFQTpyn3YxgqEQkGaCW/qUEooYY0BIRBueJW3SXoJvFyUiE5GoPyVz9MWBZzhUyCMT3PTdGfgUbBJJ+X+pnhKbAxDHnPUgUxN/5sefScXlklpFGibSmkS/X3xAxiY6ZxYDtjwJFZ9xbif14vw+jWnwmVZsgVWy2KMkkxoYsEaCg0ZyinlgDTwt5K2Qg0MLQ5lWwI3vrLm6Rdq3pu1XusVep3eRxFckEuyTXxyA2pkwfSIC3CyBN5Jq/kzZk4L86787FqLTj5zDn5A+fzB45lkfA=</latexit><latexit sha1_base64="4gXZsPFg4PMoPOoO47pTNWzkob0=">AAAB9HicbVA9SwNBEN2LXzF+RS1tFoNgFe7SaBm0sYyQL0iOMLe3lyzZ2zt35wIh5HfYWChi64+x89+4Sa7QxAcDj/dmmJkXpFIYdN1vp7C1vbO7V9wvHRweHZ+UT8/aJsk04y2WyER3AzBcCsVbKFDybqo5xIHknWB8v/A7E66NSFQTpyn3YxgqEQkGaCW/qUEooYY0BIRBueJW3SXoJvFyUiE5GoPyVz9MWBZzhUyCMT3PTdGfgUbBJJ+X+pnhKbAxDHnPUgUxN/5sefScXlklpFGibSmkS/X3xAxiY6ZxYDtjwJFZ9xbif14vw+jWnwmVZsgVWy2KMkkxoYsEaCg0ZyinlgDTwt5K2Qg0MLQ5lWwI3vrLm6Rdq3pu1XusVep3eRxFckEuyTXxyA2pkwfSIC3CyBN5Jq/kzZk4L86787FqLTj5zDn5A+fzB45lkfA=</latexit><latexit sha1_base64="4gXZsPFg4PMoPOoO47pTNWzkob0=">AAAB9HicbVA9SwNBEN2LXzF+RS1tFoNgFe7SaBm0sYyQL0iOMLe3lyzZ2zt35wIh5HfYWChi64+x89+4Sa7QxAcDj/dmmJkXpFIYdN1vp7C1vbO7V9wvHRweHZ+UT8/aJsk04y2WyER3AzBcCsVbKFDybqo5xIHknWB8v/A7E66NSFQTpyn3YxgqEQkGaCW/qUEooYY0BIRBueJW3SXoJvFyUiE5GoPyVz9MWBZzhUyCMT3PTdGfgUbBJJ+X+pnhKbAxDHnPUgUxN/5sefScXlklpFGibSmkS/X3xAxiY6ZxYDtjwJFZ9xbif14vw+jWnwmVZsgVWy2KMkkxoYsEaCg0ZyinlgDTwt5K2Qg0MLQ5lWwI3vrLm6Rdq3pu1XusVep3eRxFckEuyTXxyA2pkwfSIC3CyBN5Jq/kzZk4L86787FqLTj5zDn5A+fzB45lkfA=</latexit><latexit sha1_base64="4gXZsPFg4PMoPOoO47pTNWzkob0=">AAAB9HicbVA9SwNBEN2LXzF+RS1tFoNgFe7SaBm0sYyQL0iOMLe3lyzZ2zt35wIh5HfYWChi64+x89+4Sa7QxAcDj/dmmJkXpFIYdN1vp7C1vbO7V9wvHRweHZ+UT8/aJsk04y2WyER3AzBcCsVbKFDybqo5xIHknWB8v/A7E66NSFQTpyn3YxgqEQkGaCW/qUEooYY0BIRBueJW3SXoJvFyUiE5GoPyVz9MWBZzhUyCMT3PTdGfgUbBJJ+X+pnhKbAxDHnPUgUxN/5sefScXlklpFGibSmkS/X3xAxiY6ZxYDtjwJFZ9xbif14vw+jWnwmVZsgVWy2KMkkxoYsEaCg0ZyinlgDTwt5K2Qg0MLQ5lWwI3vrLm6Rdq3pu1XusVep3eRxFckEuyTXxyA2pkwfSIC3CyBN5Jq/kzZk4L86787FqLTj5zDn5A+fzB45lkfA=</latexit>

Learning from examples 

· · ·<latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit><latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit><latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit><latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit>

{x(1), y(1)}
<latexit sha1_base64="t8+C2pPyvQHVqRFqJjc+I8oy0f0=">AAAB/XicbZDLSsNAFIZPvNZ6i5edm8EiVJCSiKDLohuXFewFmlgm00k7dHJhZiLGEHwVNy4Ucet7uPNtnLZZaOsPAx//OYdz5vdizqSyrG9jYXFpeWW1tFZe39jc2jZ3dlsySgShTRLxSHQ8LClnIW0qpjjtxILiwOO07Y2uxvX2PRWSReGtSmPqBngQMp8RrLTVM/ed7OEuq9rH+QlKp+DkPbNi1ayJ0DzYBVSgUKNnfjn9iCQBDRXhWMqubcXKzbBQjHCal51E0hiTER7QrsYQB1S62eT6HB1pp4/8SOgXKjRxf09kOJAyDTzdGWA1lLO1sflfrZso/8LNWBgnioZkushPOFIRGkeB+kxQoniqARPB9K2IDLHAROnAyjoEe/bL89A6rdlWzb45q9QvizhKcACHUAUbzqEO19CAJhB4hGd4hTfjyXgx3o2PaeuCUczswR8Znz+tkpQQ</latexit><latexit sha1_base64="t8+C2pPyvQHVqRFqJjc+I8oy0f0=">AAAB/XicbZDLSsNAFIZPvNZ6i5edm8EiVJCSiKDLohuXFewFmlgm00k7dHJhZiLGEHwVNy4Ucet7uPNtnLZZaOsPAx//OYdz5vdizqSyrG9jYXFpeWW1tFZe39jc2jZ3dlsySgShTRLxSHQ8LClnIW0qpjjtxILiwOO07Y2uxvX2PRWSReGtSmPqBngQMp8RrLTVM/ed7OEuq9rH+QlKp+DkPbNi1ayJ0DzYBVSgUKNnfjn9iCQBDRXhWMqubcXKzbBQjHCal51E0hiTER7QrsYQB1S62eT6HB1pp4/8SOgXKjRxf09kOJAyDTzdGWA1lLO1sflfrZso/8LNWBgnioZkushPOFIRGkeB+kxQoniqARPB9K2IDLHAROnAyjoEe/bL89A6rdlWzb45q9QvizhKcACHUAUbzqEO19CAJhB4hGd4hTfjyXgx3o2PaeuCUczswR8Znz+tkpQQ</latexit><latexit sha1_base64="t8+C2pPyvQHVqRFqJjc+I8oy0f0=">AAAB/XicbZDLSsNAFIZPvNZ6i5edm8EiVJCSiKDLohuXFewFmlgm00k7dHJhZiLGEHwVNy4Ucet7uPNtnLZZaOsPAx//OYdz5vdizqSyrG9jYXFpeWW1tFZe39jc2jZ3dlsySgShTRLxSHQ8LClnIW0qpjjtxILiwOO07Y2uxvX2PRWSReGtSmPqBngQMp8RrLTVM/ed7OEuq9rH+QlKp+DkPbNi1ayJ0DzYBVSgUKNnfjn9iCQBDRXhWMqubcXKzbBQjHCal51E0hiTER7QrsYQB1S62eT6HB1pp4/8SOgXKjRxf09kOJAyDTzdGWA1lLO1sflfrZso/8LNWBgnioZkushPOFIRGkeB+kxQoniqARPB9K2IDLHAROnAyjoEe/bL89A6rdlWzb45q9QvizhKcACHUAUbzqEO19CAJhB4hGd4hTfjyXgx3o2PaeuCUczswR8Znz+tkpQQ</latexit><latexit sha1_base64="t8+C2pPyvQHVqRFqJjc+I8oy0f0=">AAAB/XicbZDLSsNAFIZPvNZ6i5edm8EiVJCSiKDLohuXFewFmlgm00k7dHJhZiLGEHwVNy4Ucet7uPNtnLZZaOsPAx//OYdz5vdizqSyrG9jYXFpeWW1tFZe39jc2jZ3dlsySgShTRLxSHQ8LClnIW0qpjjtxILiwOO07Y2uxvX2PRWSReGtSmPqBngQMp8RrLTVM/ed7OEuq9rH+QlKp+DkPbNi1ayJ0DzYBVSgUKNnfjn9iCQBDRXhWMqubcXKzbBQjHCal51E0hiTER7QrsYQB1S62eT6HB1pp4/8SOgXKjRxf09kOJAyDTzdGWA1lLO1sflfrZso/8LNWBgnioZkushPOFIRGkeB+kxQoniqARPB9K2IDLHAROnAyjoEe/bL89A6rdlWzb45q9QvizhKcACHUAUbzqEO19CAJhB4hGd4hTfjyXgx3o2PaeuCUczswR8Znz+tkpQQ</latexit>

{x(2), y(2)}
<latexit sha1_base64="sSDo5/puO+OB63PaUuzqsxZLw+g=">AAAB/XicbZDLSsNAFIZP6q3WW7zs3AwWoYKUpAi6LLpxWcFeoIllMp20QycXZiZiDMFXceNCEbe+hzvfxulloa0/DHz85xzOmd+LOZPKsr6NwtLyyupacb20sbm1vWPu7rVklAhCmyTikeh4WFLOQtpUTHHaiQXFgcdp2xtdjevteyoki8JblcbUDfAgZD4jWGmrZx442cNdVqmd5KconYKT98yyVbUmQotgz6AMMzV65pfTj0gS0FARjqXs2las3AwLxQineclJJI0xGeEB7WoMcUClm02uz9GxdvrIj4R+oUIT9/dEhgMp08DTnQFWQzlfG5v/1bqJ8i/cjIVxomhIpov8hCMVoXEUqM8EJYqnGjARTN+KyBALTJQOrKRDsOe/vAitWtW2qvbNWbl+OYujCIdwBBWw4RzqcA0NaAKBR3iGV3gznowX4934mLYWjNnMPvyR8fkDsKuUEg==</latexit><latexit sha1_base64="sSDo5/puO+OB63PaUuzqsxZLw+g=">AAAB/XicbZDLSsNAFIZP6q3WW7zs3AwWoYKUpAi6LLpxWcFeoIllMp20QycXZiZiDMFXceNCEbe+hzvfxulloa0/DHz85xzOmd+LOZPKsr6NwtLyyupacb20sbm1vWPu7rVklAhCmyTikeh4WFLOQtpUTHHaiQXFgcdp2xtdjevteyoki8JblcbUDfAgZD4jWGmrZx442cNdVqmd5KconYKT98yyVbUmQotgz6AMMzV65pfTj0gS0FARjqXs2las3AwLxQineclJJI0xGeEB7WoMcUClm02uz9GxdvrIj4R+oUIT9/dEhgMp08DTnQFWQzlfG5v/1bqJ8i/cjIVxomhIpov8hCMVoXEUqM8EJYqnGjARTN+KyBALTJQOrKRDsOe/vAitWtW2qvbNWbl+OYujCIdwBBWw4RzqcA0NaAKBR3iGV3gznowX4934mLYWjNnMPvyR8fkDsKuUEg==</latexit><latexit sha1_base64="sSDo5/puO+OB63PaUuzqsxZLw+g=">AAAB/XicbZDLSsNAFIZP6q3WW7zs3AwWoYKUpAi6LLpxWcFeoIllMp20QycXZiZiDMFXceNCEbe+hzvfxulloa0/DHz85xzOmd+LOZPKsr6NwtLyyupacb20sbm1vWPu7rVklAhCmyTikeh4WFLOQtpUTHHaiQXFgcdp2xtdjevteyoki8JblcbUDfAgZD4jWGmrZx442cNdVqmd5KconYKT98yyVbUmQotgz6AMMzV65pfTj0gS0FARjqXs2las3AwLxQineclJJI0xGeEB7WoMcUClm02uz9GxdvrIj4R+oUIT9/dEhgMp08DTnQFWQzlfG5v/1bqJ8i/cjIVxomhIpov8hCMVoXEUqM8EJYqnGjARTN+KyBALTJQOrKRDsOe/vAitWtW2qvbNWbl+OYujCIdwBBWw4RzqcA0NaAKBR3iGV3gznowX4934mLYWjNnMPvyR8fkDsKuUEg==</latexit><latexit sha1_base64="sSDo5/puO+OB63PaUuzqsxZLw+g=">AAAB/XicbZDLSsNAFIZP6q3WW7zs3AwWoYKUpAi6LLpxWcFeoIllMp20QycXZiZiDMFXceNCEbe+hzvfxulloa0/DHz85xzOmd+LOZPKsr6NwtLyyupacb20sbm1vWPu7rVklAhCmyTikeh4WFLOQtpUTHHaiQXFgcdp2xtdjevteyoki8JblcbUDfAgZD4jWGmrZx442cNdVqmd5KconYKT98yyVbUmQotgz6AMMzV65pfTj0gS0FARjqXs2las3AwLxQineclJJI0xGeEB7WoMcUClm02uz9GxdvrIj4R+oUIT9/dEhgMp08DTnQFWQzlfG5v/1bqJ8i/cjIVxomhIpov8hCMVoXEUqM8EJYqnGjARTN+KyBALTJQOrKRDsOe/vAitWtW2qvbNWbl+OYujCIdwBBWw4RzqcA0NaAKBR3iGV3gznowX4934mLYWjNnMPvyR8fkDsKuUEg==</latexit>

{x(3), y(3)}
<latexit sha1_base64="/I7hcX6fqvW2XLxx2lLrYyaZY6w=">AAAB/XicbZDLSsNAFIZP6q3WW7zs3AwWoYKURAVdFt24rGAv0MQymU7aoZMLMxOxhuCruHGhiFvfw51v47TNQlt/GPj4zzmcM78XcyaVZX0bhYXFpeWV4mppbX1jc8vc3mnKKBGENkjEI9H2sKSchbShmOK0HQuKA4/Tlje8Gtdb91RIFoW3ahRTN8D9kPmMYKWtrrnnpA93aeX0KDtGoyk4WdcsW1VrIjQPdg5lyFXvml9OLyJJQENFOJayY1uxclMsFCOcZiUnkTTGZIj7tKMxxAGVbjq5PkOH2ukhPxL6hQpN3N8TKQ6kHAWe7gywGsjZ2tj8r9ZJlH/hpiyME0VDMl3kJxypCI2jQD0mKFF8pAETwfStiAywwETpwEo6BHv2y/PQPKnaVtW+OSvXLvM4irAPB1ABG86hBtdQhwYQeIRneIU348l4Md6Nj2lrwchnduGPjM8fs8SUFA==</latexit><latexit sha1_base64="/I7hcX6fqvW2XLxx2lLrYyaZY6w=">AAAB/XicbZDLSsNAFIZP6q3WW7zs3AwWoYKURAVdFt24rGAv0MQymU7aoZMLMxOxhuCruHGhiFvfw51v47TNQlt/GPj4zzmcM78XcyaVZX0bhYXFpeWV4mppbX1jc8vc3mnKKBGENkjEI9H2sKSchbShmOK0HQuKA4/Tlje8Gtdb91RIFoW3ahRTN8D9kPmMYKWtrrnnpA93aeX0KDtGoyk4WdcsW1VrIjQPdg5lyFXvml9OLyJJQENFOJayY1uxclMsFCOcZiUnkTTGZIj7tKMxxAGVbjq5PkOH2ukhPxL6hQpN3N8TKQ6kHAWe7gywGsjZ2tj8r9ZJlH/hpiyME0VDMl3kJxypCI2jQD0mKFF8pAETwfStiAywwETpwEo6BHv2y/PQPKnaVtW+OSvXLvM4irAPB1ABG86hBtdQhwYQeIRneIU348l4Md6Nj2lrwchnduGPjM8fs8SUFA==</latexit><latexit sha1_base64="/I7hcX6fqvW2XLxx2lLrYyaZY6w=">AAAB/XicbZDLSsNAFIZP6q3WW7zs3AwWoYKURAVdFt24rGAv0MQymU7aoZMLMxOxhuCruHGhiFvfw51v47TNQlt/GPj4zzmcM78XcyaVZX0bhYXFpeWV4mppbX1jc8vc3mnKKBGENkjEI9H2sKSchbShmOK0HQuKA4/Tlje8Gtdb91RIFoW3ahRTN8D9kPmMYKWtrrnnpA93aeX0KDtGoyk4WdcsW1VrIjQPdg5lyFXvml9OLyJJQENFOJayY1uxclMsFCOcZiUnkTTGZIj7tKMxxAGVbjq5PkOH2ukhPxL6hQpN3N8TKQ6kHAWe7gywGsjZ2tj8r9ZJlH/hpiyME0VDMl3kJxypCI2jQD0mKFF8pAETwfStiAywwETpwEo6BHv2y/PQPKnaVtW+OSvXLvM4irAPB1ABG86hBtdQhwYQeIRneIU348l4Md6Nj2lrwchnduGPjM8fs8SUFA==</latexit><latexit sha1_base64="/I7hcX6fqvW2XLxx2lLrYyaZY6w=">AAAB/XicbZDLSsNAFIZP6q3WW7zs3AwWoYKURAVdFt24rGAv0MQymU7aoZMLMxOxhuCruHGhiFvfw51v47TNQlt/GPj4zzmcM78XcyaVZX0bhYXFpeWV4mppbX1jc8vc3mnKKBGENkjEI9H2sKSchbShmOK0HQuKA4/Tlje8Gtdb91RIFoW3ahRTN8D9kPmMYKWtrrnnpA93aeX0KDtGoyk4WdcsW1VrIjQPdg5lyFXvml9OLyJJQENFOJayY1uxclMsFCOcZiUnkTTGZIj7tKMxxAGVbjq5PkOH2ukhPxL6hQpN3N8TKQ6kHAWe7gywGsjZ2tj8r9ZJlH/hpiyME0VDMl3kJxypCI2jQD0mKFF8pAETwfStiAywwETpwEo6BHv2y/PQPKnaVtW+OSvXLvM4irAPB1ABG86hBtdQhwYQeIRneIU348l4Md6Nj2lrwchnduGPjM8fs8SUFA==</latexit>

f : X ! Y
<latexit sha1_base64="HYPSq+DctLdg9hrnUlynFDqraoE="></latexit><latexit sha1_base64="HYPSq+DctLdg9hrnUlynFDqraoE="></latexit><latexit sha1_base64="HYPSq+DctLdg9hrnUlynFDqraoE="></latexit><latexit sha1_base64="HYPSq+DctLdg9hrnUlynFDqraoE="></latexit>

(aka supervised learning)

f⇤ = argmin
f2F

NX

i=1

L(f(x(i)),y(i))
<latexit sha1_base64="oV5vmbOt97l54yrootkln6fwJQ0="></latexit><latexit sha1_base64="oV5vmbOt97l54yrootkln6fwJQ0="></latexit><latexit sha1_base64="oV5vmbOt97l54yrootkln6fwJQ0="></latexit><latexit sha1_base64="oV5vmbOt97l54yrootkln6fwJQ0="></latexit>
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!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Learning without examples 

· · ·<latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit><latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit><latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit><latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit>

(includes unsupervised learning / self-supervised learning)

Data
<latexit sha1_base64="JBVYqSF/rw/LYNw7geXAXdbqckU=">AAACP3icfZDPSsNAEMY3/jf+q3r0EiyCiJSkFz0W9eBFVLBWaIpMttN2cbMJuxOxhL6CV30dH8Mn8CZevbmpFdSKAws/vvl2d+aLUikM+f6zMzE5NT0zOzfvLiwuLa+UVtcuTZJpjnWeyERfRWBQCoV1EiTxKtUIcSSxEd0cFv3GLWojEnVB/RRbMXSV6AgOVEhHQHBdKvsVf1jeOAQjKLNRnV2vOlthO+FZjIq4BGOagZ9SKwdNgkscuGFmMAV+A11sWlQQo2nlw2EH3pZV2l4n0fYo8obq9xs5xMb048g6Y6Ce+d0rxL96zYw6+61cqDQjVPzzo04mPUq8YnOvLTRykn0LwLWws3q8Bxo42XxcNzxCu4zGE/vwaYoaKNE7eQi6G8PdwC7XDXcL+s8o1JfRkmuDDX7HOA6X1UrgV4Lzarl2MIp4jm2wTbbNArbHauyYnbE646zH7tkDe3SenBfn1Xn7tE44ozvr7Ec57x+LjK7t</latexit><latexit sha1_base64="JBVYqSF/rw/LYNw7geXAXdbqckU=">AAACP3icfZDPSsNAEMY3/jf+q3r0EiyCiJSkFz0W9eBFVLBWaIpMttN2cbMJuxOxhL6CV30dH8Mn8CZevbmpFdSKAws/vvl2d+aLUikM+f6zMzE5NT0zOzfvLiwuLa+UVtcuTZJpjnWeyERfRWBQCoV1EiTxKtUIcSSxEd0cFv3GLWojEnVB/RRbMXSV6AgOVEhHQHBdKvsVf1jeOAQjKLNRnV2vOlthO+FZjIq4BGOagZ9SKwdNgkscuGFmMAV+A11sWlQQo2nlw2EH3pZV2l4n0fYo8obq9xs5xMb048g6Y6Ce+d0rxL96zYw6+61cqDQjVPzzo04mPUq8YnOvLTRykn0LwLWws3q8Bxo42XxcNzxCu4zGE/vwaYoaKNE7eQi6G8PdwC7XDXcL+s8o1JfRkmuDDX7HOA6X1UrgV4Lzarl2MIp4jm2wTbbNArbHauyYnbE646zH7tkDe3SenBfn1Xn7tE44ozvr7Ec57x+LjK7t</latexit><latexit sha1_base64="JBVYqSF/rw/LYNw7geXAXdbqckU=">AAACP3icfZDPSsNAEMY3/jf+q3r0EiyCiJSkFz0W9eBFVLBWaIpMttN2cbMJuxOxhL6CV30dH8Mn8CZevbmpFdSKAws/vvl2d+aLUikM+f6zMzE5NT0zOzfvLiwuLa+UVtcuTZJpjnWeyERfRWBQCoV1EiTxKtUIcSSxEd0cFv3GLWojEnVB/RRbMXSV6AgOVEhHQHBdKvsVf1jeOAQjKLNRnV2vOlthO+FZjIq4BGOagZ9SKwdNgkscuGFmMAV+A11sWlQQo2nlw2EH3pZV2l4n0fYo8obq9xs5xMb048g6Y6Ce+d0rxL96zYw6+61cqDQjVPzzo04mPUq8YnOvLTRykn0LwLWws3q8Bxo42XxcNzxCu4zGE/vwaYoaKNE7eQi6G8PdwC7XDXcL+s8o1JfRkmuDDX7HOA6X1UrgV4Lzarl2MIp4jm2wTbbNArbHauyYnbE646zH7tkDe3SenBfn1Xn7tE44ozvr7Ec57x+LjK7t</latexit><latexit sha1_base64="JBVYqSF/rw/LYNw7geXAXdbqckU=">AAACP3icfZDPSsNAEMY3/jf+q3r0EiyCiJSkFz0W9eBFVLBWaIpMttN2cbMJuxOxhL6CV30dH8Mn8CZevbmpFdSKAws/vvl2d+aLUikM+f6zMzE5NT0zOzfvLiwuLa+UVtcuTZJpjnWeyERfRWBQCoV1EiTxKtUIcSSxEd0cFv3GLWojEnVB/RRbMXSV6AgOVEhHQHBdKvsVf1jeOAQjKLNRnV2vOlthO+FZjIq4BGOagZ9SKwdNgkscuGFmMAV+A11sWlQQo2nlw2EH3pZV2l4n0fYo8obq9xs5xMb048g6Y6Ce+d0rxL96zYw6+61cqDQjVPzzo04mPUq8YnOvLTRykn0LwLWws3q8Bxo42XxcNzxCu4zGE/vwaYoaKNE7eQi6G8PdwC7XDXcL+s8o1JfRkmuDDX7HOA6X1UrgV4Lzarl2MIp4jm2wTbbNArbHauyYnbE646zH7tkDe3SenBfn1Xn7tE44ozvr7Ec57x+LjK7t</latexit>

?
{x(1)}
{x(2)}
{x(3)}

<latexit sha1_base64="HyuuSO7QrUV8HPq1tdDve+hsOWI=">AAACEHicbVC7TsMwFHV4lvAKMLJYVIiyVElBgrGChbFI9CE1oXJcp7XqOJHtIKoon8DCr7AwgBArIxt/g9NmoC1XsnQe9+r6Hj9mVCrb/jGWlldW19ZLG+bm1vbOrrW335JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7rO/fYDEZJG/E6NY+KFaMBpQDFSWupZJ276eJ9WnNPMzVzXnLLaDDvLWc8q21V7UnAROAUog6IaPevb7Uc4CQlXmCEpu44dKy9FQlHMSGa6iSQxwiM0IF0NOQqJ9NLJQRk81kofBpHQjys4Uf9OpCiUchz6ujNEaijnvVz8z+smKrj0UsrjRBGOp4uChEEVwTwd2KeCYMXGGiAsqP4rxEMkEFY6Q1OH4MyfvAhatapjV53b83L9qoijBA7BEagAB1yAOrgBDdAEGDyBF/AG3o1n49X4MD6nrUtGMXMAZsr4+gWve5u4</latexit><latexit sha1_base64="HyuuSO7QrUV8HPq1tdDve+hsOWI=">AAACEHicbVC7TsMwFHV4lvAKMLJYVIiyVElBgrGChbFI9CE1oXJcp7XqOJHtIKoon8DCr7AwgBArIxt/g9NmoC1XsnQe9+r6Hj9mVCrb/jGWlldW19ZLG+bm1vbOrrW335JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7rO/fYDEZJG/E6NY+KFaMBpQDFSWupZJ276eJ9WnNPMzVzXnLLaDDvLWc8q21V7UnAROAUog6IaPevb7Uc4CQlXmCEpu44dKy9FQlHMSGa6iSQxwiM0IF0NOQqJ9NLJQRk81kofBpHQjys4Uf9OpCiUchz6ujNEaijnvVz8z+smKrj0UsrjRBGOp4uChEEVwTwd2KeCYMXGGiAsqP4rxEMkEFY6Q1OH4MyfvAhatapjV53b83L9qoijBA7BEagAB1yAOrgBDdAEGDyBF/AG3o1n49X4MD6nrUtGMXMAZsr4+gWve5u4</latexit><latexit sha1_base64="HyuuSO7QrUV8HPq1tdDve+hsOWI=">AAACEHicbVC7TsMwFHV4lvAKMLJYVIiyVElBgrGChbFI9CE1oXJcp7XqOJHtIKoon8DCr7AwgBArIxt/g9NmoC1XsnQe9+r6Hj9mVCrb/jGWlldW19ZLG+bm1vbOrrW335JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7rO/fYDEZJG/E6NY+KFaMBpQDFSWupZJ276eJ9WnNPMzVzXnLLaDDvLWc8q21V7UnAROAUog6IaPevb7Uc4CQlXmCEpu44dKy9FQlHMSGa6iSQxwiM0IF0NOQqJ9NLJQRk81kofBpHQjys4Uf9OpCiUchz6ujNEaijnvVz8z+smKrj0UsrjRBGOp4uChEEVwTwd2KeCYMXGGiAsqP4rxEMkEFY6Q1OH4MyfvAhatapjV53b83L9qoijBA7BEagAB1yAOrgBDdAEGDyBF/AG3o1n49X4MD6nrUtGMXMAZsr4+gWve5u4</latexit><latexit sha1_base64="HyuuSO7QrUV8HPq1tdDve+hsOWI=">AAACEHicbVC7TsMwFHV4lvAKMLJYVIiyVElBgrGChbFI9CE1oXJcp7XqOJHtIKoon8DCr7AwgBArIxt/g9NmoC1XsnQe9+r6Hj9mVCrb/jGWlldW19ZLG+bm1vbOrrW335JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7rO/fYDEZJG/E6NY+KFaMBpQDFSWupZJ276eJ9WnNPMzVzXnLLaDDvLWc8q21V7UnAROAUog6IaPevb7Uc4CQlXmCEpu44dKy9FQlHMSGa6iSQxwiM0IF0NOQqJ9NLJQRk81kofBpHQjys4Uf9OpCiUchz6ujNEaijnvVz8z+smKrj0UsrjRBGOp4uChEEVwTwd2KeCYMXGGiAsqP4rxEMkEFY6Q1OH4MyfvAhatapjV53b83L9qoijBA7BEagAB1yAOrgBDdAEGDyBF/AG3o1n49X4MD6nrUtGMXMAZsr4+gWve5u4</latexit>
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!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Data
<latexit sha1_base64="JBVYqSF/rw/LYNw7geXAXdbqckU=">AAACP3icfZDPSsNAEMY3/jf+q3r0EiyCiJSkFz0W9eBFVLBWaIpMttN2cbMJuxOxhL6CV30dH8Mn8CZevbmpFdSKAws/vvl2d+aLUikM+f6zMzE5NT0zOzfvLiwuLa+UVtcuTZJpjnWeyERfRWBQCoV1EiTxKtUIcSSxEd0cFv3GLWojEnVB/RRbMXSV6AgOVEhHQHBdKvsVf1jeOAQjKLNRnV2vOlthO+FZjIq4BGOagZ9SKwdNgkscuGFmMAV+A11sWlQQo2nlw2EH3pZV2l4n0fYo8obq9xs5xMb048g6Y6Ce+d0rxL96zYw6+61cqDQjVPzzo04mPUq8YnOvLTRykn0LwLWws3q8Bxo42XxcNzxCu4zGE/vwaYoaKNE7eQi6G8PdwC7XDXcL+s8o1JfRkmuDDX7HOA6X1UrgV4Lzarl2MIp4jm2wTbbNArbHauyYnbE646zH7tkDe3SenBfn1Xn7tE44ozvr7Ec57x+LjK7t</latexit><latexit sha1_base64="JBVYqSF/rw/LYNw7geXAXdbqckU=">AAACP3icfZDPSsNAEMY3/jf+q3r0EiyCiJSkFz0W9eBFVLBWaIpMttN2cbMJuxOxhL6CV30dH8Mn8CZevbmpFdSKAws/vvl2d+aLUikM+f6zMzE5NT0zOzfvLiwuLa+UVtcuTZJpjnWeyERfRWBQCoV1EiTxKtUIcSSxEd0cFv3GLWojEnVB/RRbMXSV6AgOVEhHQHBdKvsVf1jeOAQjKLNRnV2vOlthO+FZjIq4BGOagZ9SKwdNgkscuGFmMAV+A11sWlQQo2nlw2EH3pZV2l4n0fYo8obq9xs5xMb048g6Y6Ce+d0rxL96zYw6+61cqDQjVPzzo04mPUq8YnOvLTRykn0LwLWws3q8Bxo42XxcNzxCu4zGE/vwaYoaKNE7eQi6G8PdwC7XDXcL+s8o1JfRkmuDDX7HOA6X1UrgV4Lzarl2MIp4jm2wTbbNArbHauyYnbE646zH7tkDe3SenBfn1Xn7tE44ozvr7Ec57x+LjK7t</latexit><latexit sha1_base64="JBVYqSF/rw/LYNw7geXAXdbqckU=">AAACP3icfZDPSsNAEMY3/jf+q3r0EiyCiJSkFz0W9eBFVLBWaIpMttN2cbMJuxOxhL6CV30dH8Mn8CZevbmpFdSKAws/vvl2d+aLUikM+f6zMzE5NT0zOzfvLiwuLa+UVtcuTZJpjnWeyERfRWBQCoV1EiTxKtUIcSSxEd0cFv3GLWojEnVB/RRbMXSV6AgOVEhHQHBdKvsVf1jeOAQjKLNRnV2vOlthO+FZjIq4BGOagZ9SKwdNgkscuGFmMAV+A11sWlQQo2nlw2EH3pZV2l4n0fYo8obq9xs5xMb048g6Y6Ce+d0rxL96zYw6+61cqDQjVPzzo04mPUq8YnOvLTRykn0LwLWws3q8Bxo42XxcNzxCu4zGE/vwaYoaKNE7eQi6G8PdwC7XDXcL+s8o1JfRkmuDDX7HOA6X1UrgV4Lzarl2MIp4jm2wTbbNArbHauyYnbE646zH7tkDe3SenBfn1Xn7tE44ozvr7Ec57x+LjK7t</latexit><latexit sha1_base64="JBVYqSF/rw/LYNw7geXAXdbqckU=">AAACP3icfZDPSsNAEMY3/jf+q3r0EiyCiJSkFz0W9eBFVLBWaIpMttN2cbMJuxOxhL6CV30dH8Mn8CZevbmpFdSKAws/vvl2d+aLUikM+f6zMzE5NT0zOzfvLiwuLa+UVtcuTZJpjnWeyERfRWBQCoV1EiTxKtUIcSSxEd0cFv3GLWojEnVB/RRbMXSV6AgOVEhHQHBdKvsVf1jeOAQjKLNRnV2vOlthO+FZjIq4BGOagZ9SKwdNgkscuGFmMAV+A11sWlQQo2nlw2EH3pZV2l4n0fYo8obq9xs5xMb048g6Y6Ce+d0rxL96zYw6+61cqDQjVPzzo04mPUq8YnOvLTRykn0LwLWws3q8Bxo42XxcNzxCu4zGE/vwaYoaKNE7eQi6G8PdwC7XDXcL+s8o1JfRkmuDDX7HOA6X1UrgV4Lzarl2MIp4jm2wTbbNArbHauyYnbE646zH7tkDe3SenBfn1Xn7tE44ozvr7Ec57x+LjK7t</latexit>

embeddings 
clusters 
metrics 

…

Representation Learning

· · ·<latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit><latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit><latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit><latexit sha1_base64="RfCl7LRjDTF2wV2QrwMv2geHxdE=">AAACQHicfZDLSgMxFIYzXmu969LNYBVEpMyIoEtRF27ECrYKnSJn0tMazSRDckYsQ9/BrT6Ob+EbuBO3rkxrBW94IPDxnz/JOX+cSmEpCJ68oeGR0bHxwkRxcmp6ZnZufqFmdWY4VrmW2pzHYFEKhVUSJPE8NQhJLPEsvt7v9c9u0Fih1Sl1Umwk0FaiJTiQk2oRb2qyF3OloBz0y/8N4QBKbFCVi3lvJWpqniWoiEuwth4GKTVyMCS4xG4xyiymwK+hjXWHChK0jbw/btdfdUrTb2njjiK/r369kUNibSeJnTMBurQ/ez3xr149o9ZOIxcqzQgV//iolUmftN/b3W8Kg5xkxwFwI9ysPr8EA5xcQsVidIBuGYNH7uHjFA2QNut5BKadwG3XLdeONnr0n1GoT6Mjl2v4M8XfUNssh0E5PNkq7e4NEi6wJbbM1ljIttkuO2QVVmWcXbE7ds8evEfv2XvxXj+sQ97gziL7Vt7bOwxmr/I=</latexit>

{x(1)}
{x(2)}
{x(3)}

<latexit sha1_base64="HyuuSO7QrUV8HPq1tdDve+hsOWI=">AAACEHicbVC7TsMwFHV4lvAKMLJYVIiyVElBgrGChbFI9CE1oXJcp7XqOJHtIKoon8DCr7AwgBArIxt/g9NmoC1XsnQe9+r6Hj9mVCrb/jGWlldW19ZLG+bm1vbOrrW335JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7rO/fYDEZJG/E6NY+KFaMBpQDFSWupZJ276eJ9WnNPMzVzXnLLaDDvLWc8q21V7UnAROAUog6IaPevb7Uc4CQlXmCEpu44dKy9FQlHMSGa6iSQxwiM0IF0NOQqJ9NLJQRk81kofBpHQjys4Uf9OpCiUchz6ujNEaijnvVz8z+smKrj0UsrjRBGOp4uChEEVwTwd2KeCYMXGGiAsqP4rxEMkEFY6Q1OH4MyfvAhatapjV53b83L9qoijBA7BEagAB1yAOrgBDdAEGDyBF/AG3o1n49X4MD6nrUtGMXMAZsr4+gWve5u4</latexit><latexit sha1_base64="HyuuSO7QrUV8HPq1tdDve+hsOWI=">AAACEHicbVC7TsMwFHV4lvAKMLJYVIiyVElBgrGChbFI9CE1oXJcp7XqOJHtIKoon8DCr7AwgBArIxt/g9NmoC1XsnQe9+r6Hj9mVCrb/jGWlldW19ZLG+bm1vbOrrW335JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7rO/fYDEZJG/E6NY+KFaMBpQDFSWupZJ276eJ9WnNPMzVzXnLLaDDvLWc8q21V7UnAROAUog6IaPevb7Uc4CQlXmCEpu44dKy9FQlHMSGa6iSQxwiM0IF0NOQqJ9NLJQRk81kofBpHQjys4Uf9OpCiUchz6ujNEaijnvVz8z+smKrj0UsrjRBGOp4uChEEVwTwd2KeCYMXGGiAsqP4rxEMkEFY6Q1OH4MyfvAhatapjV53b83L9qoijBA7BEagAB1yAOrgBDdAEGDyBF/AG3o1n49X4MD6nrUtGMXMAZsr4+gWve5u4</latexit><latexit sha1_base64="HyuuSO7QrUV8HPq1tdDve+hsOWI=">AAACEHicbVC7TsMwFHV4lvAKMLJYVIiyVElBgrGChbFI9CE1oXJcp7XqOJHtIKoon8DCr7AwgBArIxt/g9NmoC1XsnQe9+r6Hj9mVCrb/jGWlldW19ZLG+bm1vbOrrW335JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7rO/fYDEZJG/E6NY+KFaMBpQDFSWupZJ276eJ9WnNPMzVzXnLLaDDvLWc8q21V7UnAROAUog6IaPevb7Uc4CQlXmCEpu44dKy9FQlHMSGa6iSQxwiM0IF0NOQqJ9NLJQRk81kofBpHQjys4Uf9OpCiUchz6ujNEaijnvVz8z+smKrj0UsrjRBGOp4uChEEVwTwd2KeCYMXGGiAsqP4rxEMkEFY6Q1OH4MyfvAhatapjV53b83L9qoijBA7BEagAB1yAOrgBDdAEGDyBF/AG3o1n49X4MD6nrUtGMXMAZsr4+gWve5u4</latexit><latexit sha1_base64="HyuuSO7QrUV8HPq1tdDve+hsOWI=">AAACEHicbVC7TsMwFHV4lvAKMLJYVIiyVElBgrGChbFI9CE1oXJcp7XqOJHtIKoon8DCr7AwgBArIxt/g9NmoC1XsnQe9+r6Hj9mVCrb/jGWlldW19ZLG+bm1vbOrrW335JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7rO/fYDEZJG/E6NY+KFaMBpQDFSWupZJ276eJ9WnNPMzVzXnLLaDDvLWc8q21V7UnAROAUog6IaPevb7Uc4CQlXmCEpu44dKy9FQlHMSGa6iSQxwiM0IF0NOQqJ9NLJQRk81kofBpHQjys4Uf9OpCiUchz6ujNEaijnvVz8z+smKrj0UsrjRBGOp4uChEEVwTwd2KeCYMXGGiAsqP4rxEMkEFY6Q1OH4MyfvAhatapjV53b83L9qoijBA7BEagAB1yAOrgBDdAEGDyBF/AG3o1n49X4MD6nrUtGMXMAZsr4+gWve5u4</latexit>
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Two basic approaches: 1) compression, 2) prediction
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Representation Learning 443

Table 30.1: One way to
categorize different
representation learning
methods.

Learning Learning
Method Principle Short Summary

Autoencoding Compression Remove redundant information
Contrastive Compression Achieve invariance to viewing transformations
Clustering Compression Quantize continuous data into discrete categories

Future prediction Prediction Predict the future
Imputation Prediction Predict missing data

Pretext tasks Prediction Predict abstract properties of your data

30.3.2 Prediction
The whole purpose of having a visual system is to be able to take actions that achieve
desirable future outcomes. Predicting the future is therefore very important, and we often
want representations that act as a good substrate for prediction.

The idea of prediction can be generalized to involve more than just predicting the future.
Instead we may want to predict the past (i.e., given when I’m seeing today, what happened
yesterday?), or we may want to predict gaps in our measurements, a problem known as
imputation. Filling in missing pixels in a corrupted image is an example of imputation,
as is superresolving a movie to play at a higher framerate. We may even want to perform
more abstract kinds of predictions, like predicting what some other agent is thinking about
(a problem called theory of mind). In general, prediction can refer to the inference of any
arbitrary property of the world given observed data. Facilitating the prediction of important
world properties—the future, the past, mental states, cause and effect, and so on—is perhaps
the defining property of a good representation.

Most representation learning algorithms in vision are about learning compressed encod-
ings of the world that are also predictive of the future (and therefore a good substrate for
decision making). Beyond just compression and prediction, some works have explored
other goals, including that a representation be disentangled [43], interpretable [273],
and actionable [449] (you can use it as an effective substrate for control). All these
goals—compression, prediction, interpretability, and so on—are not in contrast to each
other but rather overlap; for example, more compressed representations may be simpler
and hence easier for a human to interpret.

30.3.3 Types of Representation Learners
Representation learning algorithms are mostly differentiated by the objective function they
optimize, as well as the constraints on their hypothesis space. We explore a variety of
common objectives in the following sections, and summarize how these relate to the core
principles of compression and prediction in table 30.1.

(Question: are these actually different?)
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Image

X
“Coral”

“Fish”

Compact mental 
representation

Learning via compression

© source unknown. All rights reserved. This content is 
excluded from our Creative Commons license. For more 
information, see https://ocw.mit.edu/help/faq-fair-use/
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Image

X

compressed image code 
(vector z)

Learning via compression

© source unknown. All rights reserved. This content is 
excluded from our Creative Commons license. For more 
information, see https://ocw.mit.edu/help/faq-fair-use/
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Reconstructed 
image

X̂

Image

X

compressed image code 
(vector z)

“Autoencoder”
[e.g., Hinton & Salakhutdinov, Science 2006]

Learning via compression

© source unknown. All rights reserved. This content is 
excluded from our Creative Commons license. For more 
information, see https://ocw.mit.edu/help/faq-fair-use/
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Data space

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>

Data space Representation space

cf
<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>

Encoder

c

Decoder

g
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>
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Reconstruction 
error

Autoencoder

1.3. AUTOENCODERS 3

Learning Learning

Method Principle Short Summary

Autoencoding Compression Remove redundant information
Contrastive Compression Achieve invariance to viewing transformations
Clustering Compression Quantize continuous data into discrete categories

“Prediction” Prediction Predict the future
Imputation Prediction Predict missing data

Pretext tasks Prediction Predict abstract properties of your data

Table 1.1: One way to categorize di↵erent representation learning methods.

substrate for control). All these goals – compression, prediction, interpretability, etc – are not
in contrast to each other but rather overlap; for example, more compressed representations
may be simpler and hence easier for a human to interpret.

Types of representation learners Representation learning algorithms are mostly di↵er-
entiated by the objective function they optimize, as well as the constraints on their hypothesis
space. We explore a variety of common objectives in the following sections, and summarize
how these relate to the core principles of compression and prediction in Table 1.1.

1.3 Autoencoders

Autoencoders are one of the oldest and most common kind of representation learners [Rumel-
hart et al. 1985, Ballard 1987]. An autoencoder is a function that maps data back to itself
(hence the “auto”):

Data space
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Encoder

c

Decoder

g
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit> c

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit>

x̂
<latexit sha1_base64="KgiSwXGkVcPbkiL3wocyH5M9oWw=">AAAB+XicbVDLSsNAFL3xWesr6tLNYBFclUQEXRbduKxgH9CEMplO2qGTBzM3xRL6J25cKOLWP3Hn3zhps9DWAwOHc+7lnjlBKoVGx/m21tY3Nre2KzvV3b39g0P76Litk0wx3mKJTFQ3oJpLEfMWCpS8mypOo0DyTjC+K/zOhCstkvgRpyn3IzqMRSgYRSP1bdsbUcy9iOIoCPOn2axv15y6MwdZJW5JalCi2be/vEHCsojHyCTVuuc6Kfo5VSiY5LOql2meUjamQ94zNKYR134+Tz4j50YZkDBR5sVI5urvjZxGWk+jwEwWEfWyV4j/eb0Mwxs/F3GaIY/Z4lCYSYIJKWogA6E4Qzk1hDIlTFbCRlRRhqasqinBXf7yKmlf1l2n7j5c1Rq3ZR0VOIUzuAAXrqEB99CEFjCYwDO8wpuVWy/Wu/WxGF2zyp0T+APr8wdWBZQa</latexit><latexit sha1_base64="jaEVlR97XRH/bgn5qqoD74gu0y4=">AAACHnicjVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxqWCfUATymQ6aYdOJmFmUiwhf+LCjb/iRkRwpX/jpM1CWxceGDiccy93zgkSzpR2nC+rsrK6tr5R3axtbe/s7tn7B20Vp5LQFol5LLsBVpQzQVuaaU67iaQ4CjjtBOPrwu9MqFQsFvd6mlA/wkPBQkawNlLftr0R1pkXYT0Kwuwhz/t23Wk4M6Bl4pakDiX+N963P7xBTNKICk04VqrnOon2Myw1I5zmNS9VNMFkjIe0Z6jAEVV+NouXoxOjDFAYS/OERjP150aGI6WmUWAmixxq0SvEv7xeqsNLP2MiSTUVZH4oTDnSMSq6QgMmKdF8aggmkpm/IjLCEhNtGq2Z6O5i0GXSPmu4TsO9O683r8rOqnAEx3AKLlxAE27gFlpAYAKP8Ayv1pP1Yr1Z7/PRilXuHMIvWJ/frgqbkw==</latexit><latexit sha1_base64="jaEVlR97XRH/bgn5qqoD74gu0y4=">AAACHnicjVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxqWCfUATymQ6aYdOJmFmUiwhf+LCjb/iRkRwpX/jpM1CWxceGDiccy93zgkSzpR2nC+rsrK6tr5R3axtbe/s7tn7B20Vp5LQFol5LLsBVpQzQVuaaU67iaQ4CjjtBOPrwu9MqFQsFvd6mlA/wkPBQkawNlLftr0R1pkXYT0Kwuwhz/t23Wk4M6Bl4pakDiX+N963P7xBTNKICk04VqrnOon2Myw1I5zmNS9VNMFkjIe0Z6jAEVV+NouXoxOjDFAYS/OERjP150aGI6WmUWAmixxq0SvEv7xeqsNLP2MiSTUVZH4oTDnSMSq6QgMmKdF8aggmkpm/IjLCEhNtGq2Z6O5i0GXSPmu4TsO9O683r8rOqnAEx3AKLlxAE27gFlpAYAKP8Ayv1pP1Yr1Z7/PRilXuHMIvWJ/frgqbkw==</latexit><latexit sha1_base64="jaEVlR97XRH/bgn5qqoD74gu0y4=">AAACHnicjVDLSsNAFL2pr1pfUZduBovgqiQi6LLoxqWCfUATymQ6aYdOJmFmUiwhf+LCjb/iRkRwpX/jpM1CWxceGDiccy93zgkSzpR2nC+rsrK6tr5R3axtbe/s7tn7B20Vp5LQFol5LLsBVpQzQVuaaU67iaQ4CjjtBOPrwu9MqFQsFvd6mlA/wkPBQkawNlLftr0R1pkXYT0Kwuwhz/t23Wk4M6Bl4pakDiX+N963P7xBTNKICk04VqrnOon2Myw1I5zmNS9VNMFkjIe0Z6jAEVV+NouXoxOjDFAYS/OERjP150aGI6WmUWAmixxq0SvEv7xeqsNLP2MiSTUVZH4oTDnSMSq6QgMmKdF8aggmkpm/IjLCEhNtGq2Z6O5i0GXSPmu4TsO9O683r8rOqnAEx3AKLlxAE27gFlpAYAKP8Ayv1pP1Yr1Z7/PRilXuHMIvWJ/frgqbkw==</latexit>

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>

g
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Reconstruction
error

Figure 1.2: Autoencoder.

On the right is an example of an autoencoder applied to an image. At first glance
this might not seem very useful: the output is the same as the input! The key trick is to
impose constraints on the intermediate representation z, so that it becomes useful. The most
common constraint is compression: z is a low-dimensional, compressed representation of x.

To be precise, an autoencoder F consists of two parts, an encoder f and a decoder g,
with F = f �g. The encoder, f : RN ! RM , maps high-dimensional data x 2 RN to a vector
embedding z 2 RM . Typically, the key property is that M < N , that is we have performed
dimensionality reduction (although autoencoders can also be constructed without this
property, in which case they are not doing dimensionality reduction but instead may place
other explicit or implicit constraints on z). The decoder, g : RM ! RN performs the inverse
mapping to f , and ideally g is exactly the inverse function f�1. Because it may be impossible
to perfectly invert f , we use a loss function to penalize how far we are from perfect inversion,
and a typical choice is the squared error “reconstruction loss”, Lrecon(x, x̂) = kx � x̂k2

2. Then
the learning problem is:

f⇤, g⇤ = arg min
f,g

Ex kx � g(f(x))k2
2 (1.1)
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The idea is to find a lower dimensional representation of the data from which we are able
to reconstruct the data. An autoencoder is fine with throwing away any redundant features
of the raw data but is not happy with actually losing information. The particular loss
function determines what kind of information is preferred when the bottleneck cannot support
preserving all the information and a hard choice has to be made. The L2 loss decomposes as
kx � g(f(x))k2

2 =
pP

i(xi � g(f(x))i)2, i.e. a sum over individual pixel errors. This means
that it only cares about matching each individual pixel intensity f(x)i to the ground truth
xi and does not directly penalize patch-level statistics of x (i.e. statistics �(x) that do not
factorize as a product

Q
i  i(xi) over per-pixel functions  i for any possible set of functions

{ i}). Autoencoders can also be constructed using loss functions that penalize higher-order
statistics of x, and this allows, for example, penalizing errors in the reconstruction of edges,
textures, and other perceptual structures beyond just pixels [Snell et al. 2017].

The learning diagram for the basic L2 autoencoder looks like this:

Autoencoders are one of
our favorite algorithms.
They may not seem like
much at first glance, but
they actually appear all

over the place, and many
methods in this book can

be considered to be
special kinds of

autoencoders, if you
squint. Two examples:
the steerable pyramid
from Chapter ?? is an
autoencoder, and the
CycleGAN algorithm

from Chapter ?? is also
an autoencoder. See if

you can find more
examples.

L2 autoencoder

Objective

L(F (x),x) = kF (x) � xk2
2

Hypothesis space

F = g � f : RN ! RM ! RN

Data

{x(i)}n
i=1 ! f!

The optimizer is arbitrary but a typical choice would be gradient descent. The functional
form of f and g are typically deep neural nets. The output is a learned data encoder f . We
also get a learned decoder g as a byproduct, which has its own uses, but, for the purpose of
representation learning, is usually discarded and only used as sca↵olding for training what
we really care about: f .

Closely related to autoencoders are other dimensionality reduction algorithms like Prin-
ciple Components Ananlysis (PCA). In fact, an L2 autoencoder, for which both f and g
are linear functions, learns an M -dimensional embedding that spans the same subspace as a
PCA projection to M -dimensions [Bourlard and Kamp 1988].

1.3.1 Experiment: Do autoencoders learn useful representations?

It is clear from the above that autoencoders will learn a compressed representation of the
data, but do they learn a useful representation? Of course the answer to this question will
depend on what we will use the representation for. Let’s explore how autoencoders work
on a simple data domain, consisting just of colored circles, triangles, and squares. The
data consists of 64k images that look like this: Each shape has a randomized size, position,

rotation. Each shape’s color is sampled from one of eight color classes (orange, green, purple,
etc) plus a small random perturbation.

For the autoencoder architecture we use a convolutional encoder and decoder, each with
6 convolutional layers interspersed with relu nonlinearities and a 128-dimensional bottleneck

c

c
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4 CHAPTER 1. REPRESENTATION LEARNING

The idea is to find a lower dimensional representation of the data from which we are able
to reconstruct the data. An autoencoder is fine with throwing away any redundant features
of the raw data but is not happy with actually losing information. The particular loss
function determines what kind of information is preferred when the bottleneck cannot support
preserving all the information and a hard choice has to be made. The L2 loss decomposes as
kx � g(f(x))k2

2 =
pP

i(xi � g(f(x))i)2, i.e. a sum over individual pixel errors. This means
that it only cares about matching each individual pixel intensity f(x)i to the ground truth
xi and does not directly penalize patch-level statistics of x (i.e. statistics �(x) that do not
factorize as a product

Q
i  i(xi) over per-pixel functions  i for any possible set of functions

{ i}). Autoencoders can also be constructed using loss functions that penalize higher-order
statistics of x, and this allows, for example, penalizing errors in the reconstruction of edges,
textures, and other perceptual structures beyond just pixels [Snell et al. 2017].

The learning diagram for the basic L2 autoencoder looks like this:

Autoencoders are one of
our favorite algorithms.
They may not seem like
much at first glance, but
they actually appear all

over the place, and many
methods in this book can

be considered to be
special kinds of

autoencoders, if you
squint. Two examples:
the steerable pyramid
from Chapter ?? is an
autoencoder, and the
CycleGAN algorithm

from Chapter ?? is also
an autoencoder. See if

you can find more
examples.

L2 autoencoder

Objective

L(F (x),x) = kF (x) � xk2
2

Hypothesis space

F = g � f : RN ! RM ! RN

Data

{x(i)}n
i=1 ! f!

The optimizer is arbitrary but a typical choice would be gradient descent. The functional
form of f and g are typically deep neural nets. The output is a learned data encoder f . We
also get a learned decoder g as a byproduct, which has its own uses, but, for the purpose of
representation learning, is usually discarded and only used as sca↵olding for training what
we really care about: f .

Closely related to autoencoders are other dimensionality reduction algorithms like Prin-
ciple Components Ananlysis (PCA). In fact, an L2 autoencoder, for which both f and g
are linear functions, learns an M -dimensional embedding that spans the same subspace as a
PCA projection to M -dimensions [Bourlard and Kamp 1988].

1.3.1 Experiment: Do autoencoders learn useful representations?

It is clear from the above that autoencoders will learn a compressed representation of the
data, but do they learn a useful representation? Of course the answer to this question will
depend on what we will use the representation for. Let’s explore how autoencoders work
on a simple data domain, consisting just of colored circles, triangles, and squares. The
data consists of 64k images that look like this: Each shape has a randomized size, position,

rotation. Each shape’s color is sampled from one of eight color classes (orange, green, purple,
etc) plus a small random perturbation.

For the autoencoder architecture we use a convolutional encoder and decoder, each with
6 convolutional layers interspersed with relu nonlinearities and a 128-dimensional bottleneck

c

c
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What if f and g are both linear? 
Then the embedding spans the same M-dimensional subspace as PCA
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4 CHAPTER 1. REPRESENTATION LEARNING

The idea is to find a lower dimensional representation of the data from which we are able
to reconstruct the data. An autoencoder is fine with throwing away any redundant features
of the raw data but is not happy with actually losing information. The particular loss
function determines what kind of information is preferred when the bottleneck cannot support
preserving all the information and a hard choice has to be made. The L2 loss decomposes as
kx � g(f(x))k2

2 =
pP

i(xi � g(f(x))i)2, i.e. a sum over individual pixel errors. This means
that it only cares about matching each individual pixel intensity f(x)i to the ground truth
xi and does not directly penalize patch-level statistics of x (i.e. statistics �(x) that do not
factorize as a product

Q
i  i(xi) over per-pixel functions  i for any possible set of functions

{ i}). Autoencoders can also be constructed using loss functions that penalize higher-order
statistics of x, and this allows, for example, penalizing errors in the reconstruction of edges,
textures, and other perceptual structures beyond just pixels [Snell et al. 2017].

The learning diagram for the basic L2 autoencoder looks like this:

Autoencoders are one of
our favorite algorithms.
They may not seem like
much at first glance, but
they actually appear all

over the place, and many
methods in this book can

be considered to be
special kinds of

autoencoders, if you
squint. Two examples:
the steerable pyramid
from Chapter ?? is an
autoencoder, and the
CycleGAN algorithm

from Chapter ?? is also
an autoencoder. See if

you can find more
examples.

L2 autoencoder

Objective

L(F (x),x) = kF (x) � xk2
2

Hypothesis space

F = g � f : RN ! RM ! RN

Data

{x(i)}n
i=1 ! f!

The optimizer is arbitrary but a typical choice would be gradient descent. The functional
form of f and g are typically deep neural nets. The output is a learned data encoder f . We
also get a learned decoder g as a byproduct, which has its own uses, but, for the purpose of
representation learning, is usually discarded and only used as sca↵olding for training what
we really care about: f .

Closely related to autoencoders are other dimensionality reduction algorithms like Prin-
ciple Components Ananlysis (PCA). In fact, an L2 autoencoder, for which both f and g
are linear functions, learns an M -dimensional embedding that spans the same subspace as a
PCA projection to M -dimensions [Bourlard and Kamp 1988].

1.3.1 Experiment: Do autoencoders learn useful representations?

It is clear from the above that autoencoders will learn a compressed representation of the
data, but do they learn a useful representation? Of course the answer to this question will
depend on what we will use the representation for. Let’s explore how autoencoders work
on a simple data domain, consisting just of colored circles, triangles, and squares. The
data consists of 64k images that look like this: Each shape has a randomized size, position,

rotation. Each shape’s color is sampled from one of eight color classes (orange, green, purple,
etc) plus a small random perturbation.

For the autoencoder architecture we use a convolutional encoder and decoder, each with
6 convolutional layers interspersed with relu nonlinearities and a 128-dimensional bottleneck

Data

Quick experiment
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<latexit sha1_base64="iWwbvAgKTBT2K/4VwpqAdnSE6J4=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRmLiibRc5Ej04hETCyTQkO0yhQ3bbbO7NSENv8GLB43x6g/y5r9xgR4UfMkkL+/NZGZemAqujet+O6Wt7Z3dvfJ+5eDw6PikenrW0UmmGPosEYnqhVSj4BJ9w43AXqqQxqHAbji9W/jdJ1SaJ/LRzFIMYjqWPOKMGiv5ekJTHFZrbt1dgmwSryA1KNAeVr8Go4RlMUrDBNW677mpCXKqDGcC55VBpjGlbErH2LdU0hh1kC+PnZMrq4xIlChb0pCl+nsip7HWszi0nTE1E73uLcT/vH5momaQc5lmBiVbLYoyQUxCFp+TEVfIjJhZQpni9lbCJlRRZmw+FRuCt/7yJuk06p5b9x4atdZtEUcZLuASrsGDG2jBPbTBBwYcnuEV3hzpvDjvzseqteQUM+fwB87nD+l8jrs=</latexit><latexit sha1_base64="ghQwblYgRkhpmGdswjPfQNkBFwE=">AAACEXicjVA9SwNBFHwXv2L8ilraLAbBKtyl0TJoY6ngJYHkCHubd8mSvb1jd08IR36DhY1/xUbE1s7Of+MmuUITCwcWhpl5vH0TpoJr47pfTmltfWNzq7xd2dnd2z+oHh61dJIphj5LRKI6IdUouETfcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkq+HtEU+9WaW3fnIKvEK0gNCvwv3q9+9gYJy2KUhgmqdddzUxPkVBnOBE4rvUxjStmYDrFrqaQx6iCfXzQlZ1YZkChR9klD5urPiZzGWk/i0CZjakZ62ZuJf3ndzESXQc5lmhmUbLEoygQxCZnVQwZcITNiYgllitu/EjaiijJjS6zY073lQ1dJq1H33Lp316g1r4rOynACp3AOHlxAE27gFnxgwOERnuHVeXJenDfnfREtOcXMMfyC8/ENi/mWNA==</latexit><latexit sha1_base64="ghQwblYgRkhpmGdswjPfQNkBFwE=">AAACEXicjVA9SwNBFHwXv2L8ilraLAbBKtyl0TJoY6ngJYHkCHubd8mSvb1jd08IR36DhY1/xUbE1s7Of+MmuUITCwcWhpl5vH0TpoJr47pfTmltfWNzq7xd2dnd2z+oHh61dJIphj5LRKI6IdUouETfcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkq+HtEU+9WaW3fnIKvEK0gNCvwv3q9+9gYJy2KUhgmqdddzUxPkVBnOBE4rvUxjStmYDrFrqaQx6iCfXzQlZ1YZkChR9klD5urPiZzGWk/i0CZjakZ62ZuJf3ndzESXQc5lmhmUbLEoygQxCZnVQwZcITNiYgllitu/EjaiijJjS6zY073lQ1dJq1H33Lp316g1r4rOynACp3AOHlxAE27gFnxgwOERnuHVeXJenDfnfREtOcXMMfyC8/ENi/mWNA==</latexit><latexit sha1_base64="ghQwblYgRkhpmGdswjPfQNkBFwE=">AAACEXicjVA9SwNBFHwXv2L8ilraLAbBKtyl0TJoY6ngJYHkCHubd8mSvb1jd08IR36DhY1/xUbE1s7Of+MmuUITCwcWhpl5vH0TpoJr47pfTmltfWNzq7xd2dnd2z+oHh61dJIphj5LRKI6IdUouETfcCOwkyqkcSiwHY6vZ377AZXmibw3kxSDmA4ljzijxkq+HtEU+9WaW3fnIKvEK0gNCvwv3q9+9gYJy2KUhgmqdddzUxPkVBnOBE4rvUxjStmYDrFrqaQx6iCfXzQlZ1YZkChR9klD5urPiZzGWk/i0CZjakZ62ZuJf3ndzESXQc5lmhmUbLEoygQxCZnVQwZcITNiYgllitu/EjaiijJjS6zY073lQ1dJq1H33Lp316g1r4rOynACp3AOHlxAE27gFnxgwOERnuHVeXJenDfnfREtOcXMMfyC8/ENi/mWNA==</latexit>

layer
<latexit sha1_base64="LutJNaiAUmN5LBeat8TZI1UMbNI=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4Kkkveix68VjBtIU2lM120i7dbMLuRgihv8GLB0W8+oO8+W/ctjlo64OBx3szzMwLU8G1cd1vZ2Nza3tnt7JX3T84PDqunZx2dJIphj5LRKJ6IdUouETfcCOwlyqkcSiwG07v5n73CZXmiXw0eYpBTMeSR5xRYyVf0BzVsFZ3G+4CZJ14JalDifaw9jUYJSyLURomqNZ9z01NUFBlOBM4qw4yjSllUzrGvqWSxqiDYnHsjFxaZUSiRNmShizU3xMFjbXO49B2xtRM9Ko3F//z+pmJboKCyzQzKNlyUZQJYhIy/5yMuEJmRG4JZYrbWwmbUEWZsflUbQje6svrpNNseG7De2jWW7dlHBU4hwu4Ag+uoQX30AYfGHB4hld4c6Tz4rw7H8vWDaecOYM/cD5/APugjsc=</latexit><latexit sha1_base64="WZYUdorjI8hq/VT38w6w/IkmAx4=">AAACEXicjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCq4SSBZwuzkbjJkdnaZmRWWJd9gYeOv2IjY2tn5N04ehSYWHhg4nHMud+4JU8G1cd0vp7S2vrG5Vd6u7Ozu7R9UD49aOskUQ58lIlGdkGoUXKJvuBHYSRXSOBTYDsfXU7/9gErzRN6bPMUgpkPJI86osZIvaI6qX625dXcGskq8BanBAv+L96ufvUHCshilYYJq3fXc1AQFVYYzgZNKL9OYUjamQ+xaKmmMOihmF03ImVUGJEqUfdKQmfpzoqCx1nkc2mRMzUgve1PxL6+bmegyKLhMM4OSzRdFmSAmIdN6yIArZEbkllCmuP0rYSOqKDO2xIo93Vs+dJW0GnXPrXt3jVrzatFZGU7gFM7Bgwtowg3cgg8MODzCM7w6T86L8+a8z6MlZzFzDL/gfHwDn9mWQA==</latexit><latexit sha1_base64="WZYUdorjI8hq/VT38w6w/IkmAx4=">AAACEXicjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCq4SSBZwuzkbjJkdnaZmRWWJd9gYeOv2IjY2tn5N04ehSYWHhg4nHMud+4JU8G1cd0vp7S2vrG5Vd6u7Ozu7R9UD49aOskUQ58lIlGdkGoUXKJvuBHYSRXSOBTYDsfXU7/9gErzRN6bPMUgpkPJI86osZIvaI6qX625dXcGskq8BanBAv+L96ufvUHCshilYYJq3fXc1AQFVYYzgZNKL9OYUjamQ+xaKmmMOihmF03ImVUGJEqUfdKQmfpzoqCx1nkc2mRMzUgve1PxL6+bmegyKLhMM4OSzRdFmSAmIdN6yIArZEbkllCmuP0rYSOqKDO2xIo93Vs+dJW0GnXPrXt3jVrzatFZGU7gFM7Bgwtowg3cgg8MODzCM7w6T86L8+a8z6MlZzFzDL/gfHwDn9mWQA==</latexit><latexit sha1_base64="WZYUdorjI8hq/VT38w6w/IkmAx4=">AAACEXicjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWCq4SSBZwuzkbjJkdnaZmRWWJd9gYeOv2IjY2tn5N04ehSYWHhg4nHMud+4JU8G1cd0vp7S2vrG5Vd6u7Ozu7R9UD49aOskUQ58lIlGdkGoUXKJvuBHYSRXSOBTYDsfXU7/9gErzRN6bPMUgpkPJI86osZIvaI6qX625dXcGskq8BanBAv+L96ufvUHCshilYYJq3fXc1AQFVYYzgZNKL9OYUjamQ+xaKmmMOihmF03ImVUGJEqUfdKQmfpzoqCx1nkc2mRMzUgve1PxL6+bmegyKLhMM4OSzRdFmSAmIdN6yIArZEbkllCmuP0rYSOqKDO2xIo93Vs+dJW0GnXPrXt3jVrzatFZGU7gFM7Bgwtowg3cgg8MODzCM7w6T86L8+a8z6MlZzFzDL/gfHwDn9mWQA==</latexit>
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cu
ra
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)

<latexit sha1_base64="7PSJn5OiK34zjmLyPNe5x5NayTY=">AAAB9HicbVA9TwJBEJ3FL8Qv1NJmIyHBhtzRaEm0scREPhK4kL1lDzbs7Z27eySXC7/DxkJjbP0xdv4bF7hCwZdM8vLeTGbm+bHg2jjONypsbe/s7hX3SweHR8cn5dOzjo4SRVmbRiJSPZ9oJrhkbcONYL1YMRL6gnX96d3C786Y0jySjyaNmReSseQBp8RYySOUJorQFNcG1athueLUnSXwJnFzUoEcrWH5azCKaBIyaaggWvddJzZeRpThVLB5aZBoFhM6JWPWt1SSkGkvWx49x1WrjHAQKVvS4KX6eyIjodZp6NvOkJiJXvcW4n9ePzHBjZdxGSeGSbpaFCQCmwgvEsAjrhg1IrWEUMXtrZhOiE3B2JxKNgR3/eVN0mnUXafuPjQqzds8jiJcwCXUwIVraMI9tKANFJ7gGV7hDc3QC3pHH6vWAspnzuEP0OcPdVyRNw==</latexit><latexit sha1_base64="NOZLxTZkU1X7YNKETf9rybAe3cs=">AAACGXicjVC7TsMwFL0pr1JeBUYWi6pSWaqkC4wVLIwg0YfURpXjOq1V2wm2gxRF/Q4GFn6FBSFGmPgb3DYDtAwcydLROefq+p4g5kwb1/1yCmvrG5tbxe3Szu7e/kH58Kito0QR2iIRj1Q3wJpyJmnLMMNpN1YUi4DTTjC5mvmdB6o0i+SdSWPqCzySLGQEGyv5mJBEYZKiWr96NihX3Lo7B1olXk4qkON/8UH5oz+MSCKoNIRjrXueGxs/w8owwum01E80jTGZ4BHtWSqxoNrP5pdNUdUqQxRGyj5p0Fz9OZFhoXUqApsU2Iz1sjcT//J6iQkv/IzJODFUksWiMOHIRGhWExoyRYnhqSWYKGb/isgY26qMLbNkT/eWD10l7Ubdc+vebaPSvMw7K8IJnEINPDiHJlzDDbSAwD08wjO8Ok/Oi/PmvC+iBSefOYZfcD6/AWldmLA=</latexit><latexit sha1_base64="NOZLxTZkU1X7YNKETf9rybAe3cs=">AAACGXicjVC7TsMwFL0pr1JeBUYWi6pSWaqkC4wVLIwg0YfURpXjOq1V2wm2gxRF/Q4GFn6FBSFGmPgb3DYDtAwcydLROefq+p4g5kwb1/1yCmvrG5tbxe3Szu7e/kH58Kito0QR2iIRj1Q3wJpyJmnLMMNpN1YUi4DTTjC5mvmdB6o0i+SdSWPqCzySLGQEGyv5mJBEYZKiWr96NihX3Lo7B1olXk4qkON/8UH5oz+MSCKoNIRjrXueGxs/w8owwum01E80jTGZ4BHtWSqxoNrP5pdNUdUqQxRGyj5p0Fz9OZFhoXUqApsU2Iz1sjcT//J6iQkv/IzJODFUksWiMOHIRGhWExoyRYnhqSWYKGb/isgY26qMLbNkT/eWD10l7Ubdc+vebaPSvMw7K8IJnEINPDiHJlzDDbSAwD08wjO8Ok/Oi/PmvC+iBSefOYZfcD6/AWldmLA=</latexit><latexit sha1_base64="NOZLxTZkU1X7YNKETf9rybAe3cs=">AAACGXicjVC7TsMwFL0pr1JeBUYWi6pSWaqkC4wVLIwg0YfURpXjOq1V2wm2gxRF/Q4GFn6FBSFGmPgb3DYDtAwcydLROefq+p4g5kwb1/1yCmvrG5tbxe3Szu7e/kH58Kito0QR2iIRj1Q3wJpyJmnLMMNpN1YUi4DTTjC5mvmdB6o0i+SdSWPqCzySLGQEGyv5mJBEYZKiWr96NihX3Lo7B1olXk4qkON/8UH5oz+MSCKoNIRjrXueGxs/w8owwum01E80jTGZ4BHtWSqxoNrP5pdNUdUqQxRGyj5p0Fz9OZFhoXUqApsU2Iz1sjcT//J6iQkv/IzJODFUksWiMOHIRGhWExoyRYnhqSWYKGb/isgY26qMLbNkT/eWD10l7Ubdc+vebaPSvMw7K8IJnEINPDiHJlzDDbSAwD08wjO8Ok/Oi/PmvC+iBSefOYZfcD6/AWldmLA=</latexit>

cf
<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>

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit>

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit>

cf
<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>

query nearest-neighbors in z-space
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Clustering

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

Learner
<latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit><latexit sha1_base64="EHTz7C4fqz2wFVyEFTn6ZACLM4k=">AAAB7nicbVA9SwNBEJ2LXzF+nVraLAbBKtyl0TJoY2ERwXxAcoS9zVyyZG/v2N0TwpEfYWOhiK2/x85/4ya5QhMfDDzem2FmXpgKro3nfTuljc2t7Z3ybmVv/+DwyD0+aeskUwxbLBGJ6oZUo+ASW4Ybgd1UIY1DgZ1wcjv3O0+oNE/ko5mmGMR0JHnEGTVW6twjVRLVwK16NW8Bsk78glShQHPgfvWHCctilIYJqnXP91IT5FQZzgTOKv1MY0rZhI6wZ6mkMeogX5w7IxdWGZIoUbakIQv190ROY62ncWg7Y2rGetWbi/95vcxE10HOZZoZlGy5KMoEMQmZ/06GXCEzYmoJZYrbWwkbU0WZsQlVbAj+6svrpF2v+V7Nf6hXGzdFHGU4g3O4BB+uoAF30IQWMJjAM7zCm5M6L86787FsLTnFzCn8gfP5A036j4c=</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>

f : X ! {1, . . . , k}
<latexit sha1_base64="NIJHT6misZuBMpTRiQ9MXXNiiYw=">AAACEnicbVBNS8NAEN3Ur1q/qh69LBZBoZREBMVT0YvHCvYDmlA22027dJMNuxOlhP4GL/4VLx4U8erJm//GTZuDtj4YeLw3w8w8PxZcg21/W4Wl5ZXVteJ6aWNza3unvLvX0jJRlDWpFFJ1fKKZ4BFrAgfBOrFiJPQFa/uj68xv3zOluYzuYBwzLySDiAecEjBSr3wSXGI3JDCkRKSdCXYVHwyBKCUfsJs6VVf0JejqyJ30yhW7Zk+BF4mTkwrK0eiVv9y+pEnIIqCCaN117Bi8lCjgVLBJyU00iwkdkQHrGhqRkGkvnb40wUdG6eNAKlMR4Kn6eyIlodbj0Ded2fV63svE/7xuAsGFl/IoToBFdLYoSAQGibN8cJ8rRkGMDSFUcXMrpkOiCAWTYsmE4My/vEhapzXHrjm3Z5X6VR5HER2gQ3SMHHSO6ugGNVATUfSIntErerOerBfr3fqYtRasfGYf/YH1+QPcap2W</latexit><latexit sha1_base64="NIJHT6misZuBMpTRiQ9MXXNiiYw=">AAACEnicbVBNS8NAEN3Ur1q/qh69LBZBoZREBMVT0YvHCvYDmlA22027dJMNuxOlhP4GL/4VLx4U8erJm//GTZuDtj4YeLw3w8w8PxZcg21/W4Wl5ZXVteJ6aWNza3unvLvX0jJRlDWpFFJ1fKKZ4BFrAgfBOrFiJPQFa/uj68xv3zOluYzuYBwzLySDiAecEjBSr3wSXGI3JDCkRKSdCXYVHwyBKCUfsJs6VVf0JejqyJ30yhW7Zk+BF4mTkwrK0eiVv9y+pEnIIqCCaN117Bi8lCjgVLBJyU00iwkdkQHrGhqRkGkvnb40wUdG6eNAKlMR4Kn6eyIlodbj0Ded2fV63svE/7xuAsGFl/IoToBFdLYoSAQGibN8cJ8rRkGMDSFUcXMrpkOiCAWTYsmE4My/vEhapzXHrjm3Z5X6VR5HER2gQ3SMHHSO6ugGNVATUfSIntErerOerBfr3fqYtRasfGYf/YH1+QPcap2W</latexit><latexit sha1_base64="NIJHT6misZuBMpTRiQ9MXXNiiYw=">AAACEnicbVBNS8NAEN3Ur1q/qh69LBZBoZREBMVT0YvHCvYDmlA22027dJMNuxOlhP4GL/4VLx4U8erJm//GTZuDtj4YeLw3w8w8PxZcg21/W4Wl5ZXVteJ6aWNza3unvLvX0jJRlDWpFFJ1fKKZ4BFrAgfBOrFiJPQFa/uj68xv3zOluYzuYBwzLySDiAecEjBSr3wSXGI3JDCkRKSdCXYVHwyBKCUfsJs6VVf0JejqyJ30yhW7Zk+BF4mTkwrK0eiVv9y+pEnIIqCCaN117Bi8lCjgVLBJyU00iwkdkQHrGhqRkGkvnb40wUdG6eNAKlMR4Kn6eyIlodbj0Ded2fV63svE/7xuAsGFl/IoToBFdLYoSAQGibN8cJ8rRkGMDSFUcXMrpkOiCAWTYsmE4My/vEhapzXHrjm3Z5X6VR5HER2gQ3SMHHSO6ugGNVATUfSIntErerOerBfr3fqYtRasfGYf/YH1+QPcap2W</latexit><latexit sha1_base64="NIJHT6misZuBMpTRiQ9MXXNiiYw=">AAACEnicbVBNS8NAEN3Ur1q/qh69LBZBoZREBMVT0YvHCvYDmlA22027dJMNuxOlhP4GL/4VLx4U8erJm//GTZuDtj4YeLw3w8w8PxZcg21/W4Wl5ZXVteJ6aWNza3unvLvX0jJRlDWpFFJ1fKKZ4BFrAgfBOrFiJPQFa/uj68xv3zOluYzuYBwzLySDiAecEjBSr3wSXGI3JDCkRKSdCXYVHwyBKCUfsJs6VVf0JejqyJ30yhW7Zk+BF4mTkwrK0eiVv9y+pEnIIqCCaN117Bi8lCjgVLBJyU00iwkdkQHrGhqRkGkvnb40wUdG6eNAKlMR4Kn6eyIlodbj0Ded2fV63svE/7xuAsGFl/IoToBFdLYoSAQGibN8cJ8rRkGMDSFUcXMrpkOiCAWTYsmE4My/vEhapzXHrjm3Z5X6VR5HER2gQ3SMHHSO6ugGNVATUfSIntErerOerBfr3fqYtRasfGYf/YH1+QPcap2W</latexit>
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f : X ! {1, . . . , k}
<latexit sha1_base64="NIJHT6misZuBMpTRiQ9MXXNiiYw=">AAACEnicbVBNS8NAEN3Ur1q/qh69LBZBoZREBMVT0YvHCvYDmlA22027dJMNuxOlhP4GL/4VLx4U8erJm//GTZuDtj4YeLw3w8w8PxZcg21/W4Wl5ZXVteJ6aWNza3unvLvX0jJRlDWpFFJ1fKKZ4BFrAgfBOrFiJPQFa/uj68xv3zOluYzuYBwzLySDiAecEjBSr3wSXGI3JDCkRKSdCXYVHwyBKCUfsJs6VVf0JejqyJ30yhW7Zk+BF4mTkwrK0eiVv9y+pEnIIqCCaN117Bi8lCjgVLBJyU00iwkdkQHrGhqRkGkvnb40wUdG6eNAKlMR4Kn6eyIlodbj0Ded2fV63svE/7xuAsGFl/IoToBFdLYoSAQGibN8cJ8rRkGMDSFUcXMrpkOiCAWTYsmE4My/vEhapzXHrjm3Z5X6VR5HER2gQ3SMHHSO6ugGNVATUfSIntErerOerBfr3fqYtRasfGYf/YH1+QPcap2W</latexit><latexit sha1_base64="NIJHT6misZuBMpTRiQ9MXXNiiYw=">AAACEnicbVBNS8NAEN3Ur1q/qh69LBZBoZREBMVT0YvHCvYDmlA22027dJMNuxOlhP4GL/4VLx4U8erJm//GTZuDtj4YeLw3w8w8PxZcg21/W4Wl5ZXVteJ6aWNza3unvLvX0jJRlDWpFFJ1fKKZ4BFrAgfBOrFiJPQFa/uj68xv3zOluYzuYBwzLySDiAecEjBSr3wSXGI3JDCkRKSdCXYVHwyBKCUfsJs6VVf0JejqyJ30yhW7Zk+BF4mTkwrK0eiVv9y+pEnIIqCCaN117Bi8lCjgVLBJyU00iwkdkQHrGhqRkGkvnb40wUdG6eNAKlMR4Kn6eyIlodbj0Ded2fV63svE/7xuAsGFl/IoToBFdLYoSAQGibN8cJ8rRkGMDSFUcXMrpkOiCAWTYsmE4My/vEhapzXHrjm3Z5X6VR5HER2gQ3SMHHSO6ugGNVATUfSIntErerOerBfr3fqYtRasfGYf/YH1+QPcap2W</latexit><latexit sha1_base64="NIJHT6misZuBMpTRiQ9MXXNiiYw=">AAACEnicbVBNS8NAEN3Ur1q/qh69LBZBoZREBMVT0YvHCvYDmlA22027dJMNuxOlhP4GL/4VLx4U8erJm//GTZuDtj4YeLw3w8w8PxZcg21/W4Wl5ZXVteJ6aWNza3unvLvX0jJRlDWpFFJ1fKKZ4BFrAgfBOrFiJPQFa/uj68xv3zOluYzuYBwzLySDiAecEjBSr3wSXGI3JDCkRKSdCXYVHwyBKCUfsJs6VVf0JejqyJ30yhW7Zk+BF4mTkwrK0eiVv9y+pEnIIqCCaN117Bi8lCjgVLBJyU00iwkdkQHrGhqRkGkvnb40wUdG6eNAKlMR4Kn6eyIlodbj0Ded2fV63svE/7xuAsGFl/IoToBFdLYoSAQGibN8cJ8rRkGMDSFUcXMrpkOiCAWTYsmE4My/vEhapzXHrjm3Z5X6VR5HER2gQ3SMHHSO6ugGNVATUfSIntErerOerBfr3fqYtRasfGYf/YH1+QPcap2W</latexit><latexit sha1_base64="NIJHT6misZuBMpTRiQ9MXXNiiYw=">AAACEnicbVBNS8NAEN3Ur1q/qh69LBZBoZREBMVT0YvHCvYDmlA22027dJMNuxOlhP4GL/4VLx4U8erJm//GTZuDtj4YeLw3w8w8PxZcg21/W4Wl5ZXVteJ6aWNza3unvLvX0jJRlDWpFFJ1fKKZ4BFrAgfBOrFiJPQFa/uj68xv3zOluYzuYBwzLySDiAecEjBSr3wSXGI3JDCkRKSdCXYVHwyBKCUfsJs6VVf0JejqyJ30yhW7Zk+BF4mTkwrK0eiVv9y+pEnIIqCCaN117Bi8lCjgVLBJyU00iwkdkQHrGhqRkGkvnb40wUdG6eNAKlMR4Kn6eyIlodbj0Ded2fV63svE/7xuAsGFl/IoToBFdLYoSAQGibN8cJ8rRkGMDSFUcXMrpkOiCAWTYsmE4My/vEhapzXHrjm3Z5X6VR5HER2gQ3SMHHSO6ugGNVATUfSIntErerOerBfr3fqYtRasfGYf/YH1+QPcap2W</latexit>

!
<latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit><latexit sha1_base64="sVBkjs/c+hJlwPgmxP0/MoyXMvk=">AAAB8nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0GPRi8cK9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x2+agrQ8GHu/NMDMvTKUw6LrfTmltfWNzq7xd2dnd2z+oHh61jco04y2mpNLdkBouRcJbKFDybqo5jUPJO+H4duZ3Hrk2QiUPOEl5ENNhIiLBKFrJ72kxHCHVWj31qzW37s5BVolXkBoUaParX72BYlnME2SSGuN7bopBTjUKJvm00ssMTykb0yH3LU1ozE2Qz0+ekjOrDEiktK0EyVz9PZHT2JhJHNrOmOLILHsz8T/PzzC6DnKRpBnyhC0WRZkkqMjsfzIQmjOUE0so08LeStiIasrQplSxIXjLL6+S9kXdc+ve/WWtcVPEUYYTOIVz8OAKGnAHTWgBAwXP8ApvDjovzrvzsWgtOcXMMfyB8/kDwruRjQ==</latexit>
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Clustering — a rep learning perspective

1.7. ABSTRACT PRETEXT TASKS 9

1.7 Abstract pretext tasks

Other varieties of self-supervised learning set up more abstract prediction problems, rather
than just aiming to predict missing data. For example, we may try to predict if an image has
been rotated 90 degrees [Komodakis and Gidaris 2018], or we may aim to predict the relative
position of two image patches given their appearance [Doersch et al. 2015]. These pretext
tasks can induce e↵ective visual representations because solving them requires learning about
semantic and geometric regularities in the world, such as that clouds tend to appear near
the top of an image.

1.8 Clustering

One way to compress a signal is dimensionality reduction, of which we saw an example of
above with the autoencoder. Another way is to quantize the signal into discrete categories, an
operation known also as clustering. Another name for

clustering, which appears
here and there in the
representation learning
literature, is vector

quantization.

Mathematically, clustering is a function f : {x}N
i=1 !

{1, . . . , k}, i.e. a mapping from the members of a dataset {x}N
i=1 to k integer classes (k can

potentially be unbounded). Representing integers with one-hot codes, clustering looks like
this:

c
c

cf
<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>

x1
<latexit sha1_base64="2HhTHyaEJkkJenBTAOB/h38YNco=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+4CmlMl00g6dTMLMjVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHJtRKwecJrwfkRHSoSCUbSS70cUx0GYPc0G3qBac+vuHGSVeAWpQYHmoPrlD2OWRlwhk9SYnucm2M+oRsEkn1X81PCEsgkd8Z6likbc9LN55hk5s8qQhLG2TyGZq783MhoZM40CO5lnNMteLv7n9VIMr/uZUEmKXLHFoTCVBGOSF0CGQnOGcmoJZVrYrISNqaYMbU0VW4K3/OVV0r6oe27du7+sNW6KOspwAqdwDh5cQQPuoAktYJDAM7zCm5M6L86787EYLTnFzjH8gfP5AypgkcA=</latexit><latexit sha1_base64="DNzm+3uX+oa/mxIb6MPERNNh620=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N2IJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMzMZk5</latexit><latexit sha1_base64="DNzm+3uX+oa/mxIb6MPERNNh620=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N2IJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMzMZk5</latexit><latexit sha1_base64="DNzm+3uX+oa/mxIb6MPERNNh620=">AAACGHicjVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48KthXaUDbbl3bpZhN2N2IJ/RsevPhXvIh47c1/46bNQVsPDiwMM+/xdiZIBNfGdb+c0srq2vpGebOytb2zu1fdP2jpOFUMmywWsXoIqEbBJTYNNwIfEoU0CgS2g9F17rcfUWkey3szTtCP6EDykDNqrNTtRtQMgzB7mvS8XrXm1t0ZyDLxClKDAv8b71Wn3X7M0gilYYJq3fHcxPgZVYYzgZNKN9WYUDaiA+xYKmmE2s9mwSbkxCp9EsbKPmnITP25kdFI63EU2Mk8iF70cvEvr5Oa8NLPuExSg5LND4WpICYmeUukzxUyI8aWUKa4/SthQ6ooM7bLio3uLQZdJq2zuufWvbvzWuOq6KwMR3AMp+DBBTTgBm6hCQwSeIZXeHdenDfnw/mcj5acYucQfsGZfgMzMZk5</latexit>

x2
<latexit sha1_base64="/xhoKoWR751dxO/nYLz15N6jlLs=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclaQIuiy6cVnBPqApZTK9aYdOJmFmIpbQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJEsG1cd1vZ219Y3Nru7RT3t3bPzisHB23dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjC5zf3OIyrNY/lgpgn2IzqSPOSMGiv5fkTNOAizp9mgPqhU3Zo7B1klXkGqUKA5qHz5w5ilEUrDBNW657mJ6WdUGc4Ezsp+qjGhbEJH2LNU0gh1P5tnnpFzqwxJGCv7pCFz9fdGRiOtp1FgJ/OMetnLxf+8XmrC637GZZIalGxxKEwFMTHJCyBDrpAZMbWEMsVtVsLGVFFmbE1lW4K3/OVV0q7XPLfm3V9WGzdFHSU4hTO4AA+uoAF30IQWMEjgGV7hzUmdF+fd+ViMrjnFzgn8gfP5AyvkkcE=</latexit><latexit sha1_base64="WvL5JoQ3Ri5qNyMwddDx0ju1xu4=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRixDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g002pk6</latexit><latexit sha1_base64="WvL5JoQ3Ri5qNyMwddDx0ju1xu4=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRixDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g002pk6</latexit><latexit sha1_base64="WvL5JoQ3Ri5qNyMwddDx0ju1xu4=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqswUQZdFNy4V7AM6Q8mkmTY0kwxJRixDf8OFG3/FjYjb7vwbM+0stHXhgcDhnHu5OSdMONPGdb+c0tr6xuZWebuys7u3f1A9PGprmSpCW0Ryqboh1pQzQVuGGU67iaI4DjnthOOb3O88UqWZFA9mktAgxkPBIkawsZLvx9iMwih7mvYb/WrNrbtzoFXiFaQGBf433q/O/IEkaUyFIRxr3fPcxAQZVoYRTqcVP9U0wWSMh7RnqcAx1UE2DzZFZ1YZoEgq+4RBc/XnRoZjrSdxaCfzIHrZy8W/vF5qoqsgYyJJDRVkcShKOTIS5S2hAVOUGD6xBBPF7F8RGWGFibFdVmx0bznoKmk36p5b9+4vas3rorMynMApnIMHl9CEW7iDFhBI4Ble4d15cd6cD+dzMVpyip1j+AVn9g002pk6</latexit>

x3
<latexit sha1_base64="7sikxe2TJ1ePgYWw26lqNsE8Uck=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KooMeiF48VbC00pWy2L+3SzSbsbsQS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4JvcfHlFpHst7M0mwF9Gh5CFn1FjJ9yNqRkGYPU375/1qza27M5Bl4hWkBgWa/eqXP4hZGqE0TFCtu56bmF5GleFM4LTipxoTysZ0iF1LJY1Q97JZ5ik5scqAhLGyTxoyU39vZDTSehIFdjLPqBe9XPzP66YmvOplXCapQcnmh8JUEBOTvAAy4AqZERNLKFPcZiVsRBVlxtZUsSV4i19eJu2zuufWvbuLWuO6qKMMR3AMp+DBJTTgFprQAgYJPMMrvDmp8+K8Ox/z0ZJT7BzCHzifPy1okcI=</latexit><latexit sha1_base64="kbrQm0WoBeJ9Kcd3V6hAdxWELcw=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQkI5ahv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs2g5k7</latexit><latexit sha1_base64="kbrQm0WoBeJ9Kcd3V6hAdxWELcw=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQkI5ahv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs2g5k7</latexit><latexit sha1_base64="kbrQm0WoBeJ9Kcd3V6hAdxWELcw=">AAACGHicjVDLSgMxFL1TX7W+qi7dBIvgqsyooMuiG5cK9gGdoWTSTBuayYQkI5ahv+HCjb/iRsRtd/6NmXYW2rrwQOBwzr3cnBNKzrRx3S+ntLK6tr5R3qxsbe/s7lX3D1o6SRWhTZLwRHVCrClngjYNM5x2pKI4Djlth6Ob3G8/UqVZIh7MWNIgxgPBIkawsZLvx9gMwyh7mvTOe9WaW3dnQMvEK0gNCvxvvFed+v2EpDEVhnCsdddzpQkyrAwjnE4qfqqpxGSEB7RrqcAx1UE2CzZBJ1bpoyhR9gmDZurPjQzHWo/j0E7mQfSil4t/ed3URFdBxoRMDRVkfihKOTIJyltCfaYoMXxsCSaK2b8iMsQKE2O7rNjo3mLQZdI6q3tu3bu/qDWui87KcATHcAoeXEIDbuEOmkBAwjO8wrvz4rw5H87nfLTkFDuH8AvO9Bs2g5k7</latexit>

“bird”

“bird”

“temple”

a1
<latexit sha1_base64="wsT5Nu7IRtGXr4hz2Mhzs1hh/ig=">AAAB6nicbVBNS8NAEJ3Ur1q/oh69LBbBU0lE0GPRi8eK9gPaUCbbTbt0swm7G6GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvTAXXxvO+ndLa+sbmVnm7srO7t3/gHh61dJIpypo0EYnqhKiZ4JI1DTeCdVLFMA4Fa4fj25nffmJK80Q+mknKghiHkkecorHSA/b9vlv1at4cZJX4BalCgUbf/eoNEprFTBoqUOuu76UmyFEZTgWbVnqZZinSMQ5Z11KJMdNBPj91Ss6sMiBRomxJQ+bq74kcY60ncWg7YzQjvezNxP+8bmai6yDnMs0Mk3SxKMoEMQmZ/U0GXDFqxMQSpIrbWwkdoUJqbDoVG4K//PIqaV3UfK/m319W6zdFHGU4gVM4Bx+uoA530IAmUBjCM7zCmyOcF+fd+Vi0lpxi5hj+wPn8AeiXjYk=</latexit><latexit sha1_base64="vV5tselLx9SW+GiYC94QyLrN4yc=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY6loHpAsYXZyNxkyO7vMzAphySdY2PgrNiK2tnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mvqtB1Sax/LejBP0IzqQPOSMGivd0Z7XK1fcqjsDWSZeTiqQ43/xXvmz249ZGqE0TFCtO56bGD+jynAmcFLqphoTykZ0gB1LJY1Q+9nsngk5sUqfhLGyTxoyU39OZDTSehwFNhlRM9SL3lT8y+ukJrzwMy6T1KBk80VhKoiJybQc0ucKmRFjSyhT3P6VsCFVlBlbYcme7i0eukyaZ1XPrXq355X6Zd5ZEY7gGE7BgxrU4RpuoAEMBvAIz/DqPDkvzpvzPo8WnHzmEH7B+fgGYSqVAg==</latexit><latexit sha1_base64="vV5tselLx9SW+GiYC94QyLrN4yc=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY6loHpAsYXZyNxkyO7vMzAphySdY2PgrNiK2tnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mvqtB1Sax/LejBP0IzqQPOSMGivd0Z7XK1fcqjsDWSZeTiqQ43/xXvmz249ZGqE0TFCtO56bGD+jynAmcFLqphoTykZ0gB1LJY1Q+9nsngk5sUqfhLGyTxoyU39OZDTSehwFNhlRM9SL3lT8y+ukJrzwMy6T1KBk80VhKoiJybQc0ucKmRFjSyhT3P6VsCFVlBlbYcme7i0eukyaZ1XPrXq355X6Zd5ZEY7gGE7BgxrU4RpuoAEMBvAIz/DqPDkvzpvzPo8WnHzmEH7B+fgGYSqVAg==</latexit><latexit sha1_base64="vV5tselLx9SW+GiYC94QyLrN4yc=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY6loHpAsYXZyNxkyO7vMzAphySdY2PgrNiK2tnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mvqtB1Sax/LejBP0IzqQPOSMGivd0Z7XK1fcqjsDWSZeTiqQ43/xXvmz249ZGqE0TFCtO56bGD+jynAmcFLqphoTykZ0gB1LJY1Q+9nsngk5sUqfhLGyTxoyU39OZDTSehwFNhlRM9SL3lT8y+ukJrzwMy6T1KBk80VhKoiJybQc0ucKmRFjSyhT3P6VsCFVlBlbYcme7i0eukyaZ1XPrXq355X6Zd5ZEY7gGE7BgxrU4RpuoAEMBvAIz/DqPDkvzpvzPo8WnHzmEH7B+fgGYSqVAg==</latexit>

a2
<latexit sha1_base64="m2Y6p5cPedPUatzCzwWRbdkujXw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKUI9FLx4r2g9oQ5lsN+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUUdaisYhVN0DNBJesZbgRrJsohlEgWCeY3M79zhNTmsfy0UwT5kc4kjzkFI2VHnBQG5QrbtVdgKwTLycVyNEclL/6w5imEZOGCtS657mJ8TNUhlPBZqV+qlmCdIIj1rNUYsS0ny1OnZELqwxJGCtb0pCF+nsiw0jraRTYzgjNWK96c/E/r5ea8NrPuExSwyRdLgpTQUxM5n+TIVeMGjG1BKni9lZCx6iQGptOyYbgrb68Ttq1qudWvfurSuMmj6MIZ3AOl+BBHRpwB01oAYURPMMrvDnCeXHenY9la8HJZ07hD5zPH+objYo=</latexit><latexit sha1_base64="bUIG5P80OlhsypsTTXZlwoAT4mE=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrtB0DJoY6loHpAs4e5kNhkyO7vMzAphySdY2PgrNiK2tnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqyho0FrFqB6iZ4JI1DDeCtRPFMAoEawWjq6nfemBK81jem3HC/AgHkoecorHSHfZqvXLFrbozkGXi5aQCOf4X75U/u/2YphGThgrUuuO5ifEzVIZTwSalbqpZgnSEA9axVGLEtJ/N7pmQE6v0SRgr+6QhM/XnRIaR1uMosMkIzVAvelPxL6+TmvDCz7hMUsMknS8KU0FMTKblkD5XjBoxtgSp4vavhA5RITW2wpI93Vs8dJk0a1XPrXq3Z5X6Zd5ZEY7gGE7Bg3OowzXcQAMoDOARnuHVeXJenDfnfR4tOPnMIfyC8/ENYtOVAw==</latexit><latexit sha1_base64="bUIG5P80OlhsypsTTXZlwoAT4mE=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrtB0DJoY6loHpAs4e5kNhkyO7vMzAphySdY2PgrNiK2tnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqyho0FrFqB6iZ4JI1DDeCtRPFMAoEawWjq6nfemBK81jem3HC/AgHkoecorHSHfZqvXLFrbozkGXi5aQCOf4X75U/u/2YphGThgrUuuO5ifEzVIZTwSalbqpZgnSEA9axVGLEtJ/N7pmQE6v0SRgr+6QhM/XnRIaR1uMosMkIzVAvelPxL6+TmvDCz7hMUsMknS8KU0FMTKblkD5XjBoxtgSp4vavhA5RITW2wpI93Vs8dJk0a1XPrXq3Z5X6Zd5ZEY7gGE7Bg3OowzXcQAMoDOARnuHVeXJenDfnfR4tOPnMIfyC8/ENYtOVAw==</latexit><latexit sha1_base64="bUIG5P80OlhsypsTTXZlwoAT4mE=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrtB0DJoY6loHpAs4e5kNhkyO7vMzAphySdY2PgrNiK2tnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFldW19o7hZ2tre2d0r7x80dZwqyho0FrFqB6iZ4JI1DDeCtRPFMAoEawWjq6nfemBK81jem3HC/AgHkoecorHSHfZqvXLFrbozkGXi5aQCOf4X75U/u/2YphGThgrUuuO5ifEzVIZTwSalbqpZgnSEA9axVGLEtJ/N7pmQE6v0SRgr+6QhM/XnRIaR1uMosMkIzVAvelPxL6+TmvDCz7hMUsMknS8KU0FMTKblkD5XjBoxtgSp4vavhA5RITW2wpI93Vs8dJk0a1XPrXq3Z5X6Zd5ZEY7gGE7Bg3OowzXcQAMoDOARnuHVeXJenDfnfR4tOPnMIfyC8/ENYtOVAw==</latexit>

a3
<latexit sha1_base64="WVlocJNRIb0SmhNVTQu9mqfyyt4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oUy2m3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5aCYJ8yMcSh5yisZKD9i/7JcrbtWdg6wSLycVyNHol796g5imEZOGCtS667mJ8TNUhlPBpqVeqlmCdIxD1rVUYsS0n81PnZIzqwxIGCtb0pC5+nsiw0jrSRTYzgjNSC97M/E/r5ua8NrPuExSwyRdLApTQUxMZn+TAVeMGjGxBKni9lZCR6iQGptOyYbgLb+8SloXVc+teve1Sv0mj6MIJ3AK5+DBFdThDhrQBApDeIZXeHOE8+K8Ox+L1oKTzxzDHzifP+ufjYs=</latexit><latexit sha1_base64="7Ucr9dIAv9T5cBqXDxnW1xb4YRU=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrsqaBm0sVQ0D0iWMDu5mwyZnV1mZoWw5BMsbPwVGxFbWzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C0vLK6VlwvbWxube+Ud/caOk4VwzqLRaxaAdUouMS64UZgK1FIo0BgMxheTfzmAyrNY3lvRgn6Ee1LHnJGjZXuaPe0W664VXcKski8nFQgx//i3fJnpxezNEJpmKBatz03MX5GleFM4LjUSTUmlA1pH9uWShqh9rPpPWNyZJUeCWNlnzRkqv6cyGik9SgKbDKiZqDnvYn4l9dOTXjhZ1wmqUHJZovCVBATk0k5pMcVMiNGllCmuP0rYQOqKDO2wpI93Zs/dJE0TqqeW/Vuzyq1y7yzIhzAIRyDB+dQg2u4gTow6MMjPMOr8+S8OG/O+yxacPKZffgF5+MbZHyVBA==</latexit><latexit sha1_base64="7Ucr9dIAv9T5cBqXDxnW1xb4YRU=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrsqaBm0sVQ0D0iWMDu5mwyZnV1mZoWw5BMsbPwVGxFbWzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C0vLK6VlwvbWxube+Ud/caOk4VwzqLRaxaAdUouMS64UZgK1FIo0BgMxheTfzmAyrNY3lvRgn6Ee1LHnJGjZXuaPe0W664VXcKski8nFQgx//i3fJnpxezNEJpmKBatz03MX5GleFM4LjUSTUmlA1pH9uWShqh9rPpPWNyZJUeCWNlnzRkqv6cyGik9SgKbDKiZqDnvYn4l9dOTXjhZ1wmqUHJZovCVBATk0k5pMcVMiNGllCmuP0rYQOqKDO2wpI93Zs/dJE0TqqeW/Vuzyq1y7yzIhzAIRyDB+dQg2u4gTow6MMjPMOr8+S8OG/O+yxacPKZffgF5+MbZHyVBA==</latexit><latexit sha1_base64="7Ucr9dIAv9T5cBqXDxnW1xb4YRU=">AAACD3icjVC7SgNBFL0bXzG+opY2g0GwCrsqaBm0sVQ0D0iWMDu5mwyZnV1mZoWw5BMsbPwVGxFbWzv/xkmyhSYWHhg4nHMud+4JEsG1cd0vp7C0vLK6VlwvbWxube+Ud/caOk4VwzqLRaxaAdUouMS64UZgK1FIo0BgMxheTfzmAyrNY3lvRgn6Ee1LHnJGjZXuaPe0W664VXcKski8nFQgx//i3fJnpxezNEJpmKBatz03MX5GleFM4LjUSTUmlA1pH9uWShqh9rPpPWNyZJUeCWNlnzRkqv6cyGik9SgKbDKiZqDnvYn4l9dOTXjhZ1wmqUHJZovCVBATk0k5pMcVMiNGllCmuP0rYQOqKDO2wpI93Zs/dJE0TqqeW/Vuzyq1y7yzIhzAIRyDB+dQg2u4gTow6MMjPMOr8+S8OG/O+yxacPKZffgF5+MbZHyVBA==</latexit>

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>

f
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Figure 1.4: You can think of clustering as being just like image labeling, except that that
labels are self-discovered rather than being predefined.

Clustering follows from the principle of compression: if we can well summarize a signal
with just a discrete category label, then this summary can serve as a lighter weight and more
abstracted substrate for further reasoning. If this idea seems abstract just consider the words
“antelope”, “gira↵e”, and “zebra”. Those words are discrete category labels (i.e. integers)
which summarize huge conceptual sets (just think of all the individual lives and richly diverse
personalities you are lumping together with the simple word “antelope”). Words, then, are
clusters! – they are mappings from data to integers – clustering is the problem of making up
new words for things. Words, of course, are

given additional structure
when used in a language
– grammar, connotations,
etc – beyond just being a
set of clusters. The same
kind of structure can be
added on top of visual
clusters.

Many clustering algorithms not only partition the data but also compute a representation
of the data within each cluster; this representation is sometimes called a code vector. The
most common code vector is the cluster center, µ, i.e. the mean value of all datapoints
assigned to the cluster. Clusters can also be represented by other statistics of the data
assigned to them, such as the variance of this data or some arbitrary embedding vector,
but this is less common. The set of cluster centers, {µi}k

i=1, is a representation of a whole
dataset. They summarize the main modes of behavior in the dataset.

• What’s the best representation
that humans have come up with so
far?

• Language!

• Words are the atoms of language

• Clustering is the problem of
making up new words for things
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k-means
• Map datapoints to integers (i.e. cluster)

• In such a way that each datapoint is as close as possible to the mean of
the cluster it is assigned to
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k-means
• Map datapoints to integers (i.e. cluster)

• In such a way that each datapoint is as close as possible to its cluster’s
code mean
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1.8.1 K-means

There are many types of clustering algorithm but we will illustrate the basic principles just
with one example, perhaps the most popular clustering algorithm of them all, k-means. K-
means is a clustering algorithm that partitions the data into k clusters. Each cluster is also
represented with a code vector z 2 RM . The k-means objective is to minimize the distance
between each datapoint and the code vector of the cluster it is assigned to. This way, the
code vector assigned to each datapoint will be a good approximation to the value of that
datapoint, and we will have a faithful, but compressed, representation of the dataset.

There are two free parameter sets to optimize over: the code vectors and the cluster
assignments. The cluster assignments can be represented with our clustering function f , and
we will represent the code vectors for each cluster with a function g : {1, . . . , k} ! RM ,
where the data dimensionality is M . Both f and g can be implemented as lookup tables,
since for both the input is a countable set. The k-means algorithm amounts to just filling in
the ranges of these two lookup tables.

Now we are ready to present the full k-means algorithm, viewed as a learning algorithm.
As you will see below, the learning diagram looks almost the same as for an autoencoder!
The key di↵erences are 1) the bottleneck is discrete integers rather than continuous vectors,
and 2) the optimizer is slightly di↵erent (we will delve into it below).

k-means (L2)

Objective

L(F (x),x) = kF (x)� xk22
Hypothesis space

F = g � f : {x}N
i=1 ! {1, . . . , k}! RM

Optimizer

Block coordinate descent

Data

{x(i)}n
i=1! f!

There are two functions we are optimizing over: the encoder f and the decoder g. f
can be parameterized by a set of integers {ai}N

i=1, ai 2 {1, . . . , k} which specify the cluster
assignment for each datapoint, that is, f(x(i)) = ai. g can be parameterized by a set of k code
vectors {zj}k

j=1, zj 2 RM , one for each cluster, so we have F (x(i)) = zai . g is di↵erentiable
w.r.t. to its parameters but f is not, because the parameters of f are discrete variables. This
means that gradient descent will not be a suitable optimization algorithm (the gradient @f

@ai

is undefined). Instead we will use the optimization strategy described next.

Optimizing k-means k-means uses an optimization algorithm called block coordinate

descent. This algorithm splits up the optimization parameters into multiple “blocks”. Then
it alternates between fully minimizing the objective w.r.t. each block of parameters. In k-
means there are two parameter blocks: {ai}N

i=1 and {zj}k
j=1. So, we need to derive update

rules that find the minimizer of the k-means objective w.r.t. each block. It turns out there
are simple solutions for both:

ai  arg min
j2{1,...,k}

���zj � x
(i)

���
2

2
/ Assign datapoint to nearest cluster (1.2)

zj  
1

N

NX

i=1

1(ai = j)x(i) / Set code vector to cluster center (1.3)

These steps are repeated until a fixed point is reached, which occurs when all datapoints
assigned to each cluster are closest to that cluster’s code vector.

f and g are both lookup tables
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VQ nets

What if f and g are both deep nets?

Then we call this a “Vector Quantized” Autoencoder 
(e.g., VQVAE, VQGAN)
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1.8.1 K-means

There are many types of clustering algorithm but we will illustrate the basic principles just
with one example, perhaps the most popular clustering algorithm of them all, k-means. K-
means is a clustering algorithm that partitions the data into k clusters. Each cluster is also
represented with a code vector z 2 RM . The k-means objective is to minimize the distance
between each datapoint and the code vector of the cluster it is assigned to. This way, the
code vector assigned to each datapoint will be a good approximation to the value of that
datapoint, and we will have a faithful, but compressed, representation of the dataset.

There are two free parameter sets to optimize over: the code vectors and the cluster
assignments. The cluster assignments can be represented with our clustering function f , and
we will represent the code vectors for each cluster with a function g : {1, . . . , k} ! RM ,
where the data dimensionality is M . Both f and g can be implemented as lookup tables,
since for both the input is a countable set. The k-means algorithm amounts to just filling in
the ranges of these two lookup tables.

Now we are ready to present the full k-means algorithm, viewed as a learning algorithm.
As you will see below, the learning diagram looks almost the same as for an autoencoder!
The key di↵erences are 1) the bottleneck is discrete integers rather than continuous vectors,
and 2) the optimizer is slightly di↵erent (we will delve into it below).

k-means (L2)

Objective

L(F (x),x) = kF (x)� xk22
Hypothesis space

F = g � f : {x}N
i=1 ! {1, . . . , k}! RM

Optimizer

Block coordinate descent

Data

{x(i)}n
i=1! f!

There are two functions we are optimizing over: the encoder f and the decoder g. f
can be parameterized by a set of integers {ai}N

i=1, ai 2 {1, . . . , k} which specify the cluster
assignment for each datapoint, that is, f(x(i)) = ai. g can be parameterized by a set of k code
vectors {zj}k

j=1, zj 2 RM , one for each cluster, so we have F (x(i)) = zai . g is di↵erentiable
w.r.t. to its parameters but f is not, because the parameters of f are discrete variables. This
means that gradient descent will not be a suitable optimization algorithm (the gradient @f

@ai

is undefined). Instead we will use the optimization strategy described next.

Optimizing k-means k-means uses an optimization algorithm called block coordinate

descent. This algorithm splits up the optimization parameters into multiple “blocks”. Then
it alternates between fully minimizing the objective w.r.t. each block of parameters. In k-
means there are two parameter blocks: {ai}N

i=1 and {zj}k
j=1. So, we need to derive update

rules that find the minimizer of the k-means objective w.r.t. each block. It turns out there
are simple solutions for both:

ai arg min
j2{1,...,k}

���zj � x
(i)

���
2

2
/ Assign datapoint to nearest cluster (1.2)

zj  
1

N

NX

i=1

1(ai = j)x(i) / Set code vector to cluster center (1.3)

These steps are repeated until a fixed point is reached, which occurs when all datapoints
assigned to each cluster are closest to that cluster’s code vector.

VQ Autoencoder (L2)
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+ . . .
<latexit sha1_base64="V3dpmsjym6N4Cz0NrbLPH8Ss6EQ=">AAAB8HicbVDLSgNBEOyNr7i+oh69DAZBEMKuCHoMevEYwcRIsoTZ2dlkyDyWmVkhhHyFFw+KePVzvPk3TpI9aGJBQ1HVTXdXnHFmbBB8e6WV1bX1jfKmv7W9s7tX2T9oGZVrQptEcaXbMTaUM0mblllO25mmWMScPsTDm6n/8ES1YUre21FGI4H7kqWMYOukR/8MdXmirOlVqkEtmAEtk7AgVSjQ6FW+uokiuaDSEo6N6YRBZqMx1pYRTid+Nzc0w2SI+7TjqMSCmmg8O3iCTpySoFRpV9Kimfp7YoyFMSMRu06B7cAselPxP6+T2/QqGjOZ5ZZKMl+U5hxZhabfo4RpSiwfOYKJZu5WRAZYY2JdRr4LIVx8eZm0zmthUAvvLqr16yKOMhzBMZxCCJdQh1toQBMICHiGV3jztPfivXsf89aSV8wcwh94nz+uD4+r</latexit><latexit sha1_base64="tA4ewyzcom40pagM35boKkp89qE=">AAACFXicjVDLSgMxFM3UVx1fVZdugkUQhDIjgi6Lblwq2Ie0Q8lkMm1oMhmSO0IZ+hUu3PgrbkTcCu78G9N2Ftq68EDgcM653NwTpoIb8Lwvp7S0vLK6Vl53Nza3tncqu3tNozJNWYMqoXQ7JIYJnrAGcBCsnWpGZChYKxxeTfzWA9OGq+QORikLJOknPOaUgJXu3RPcFZEC06tUvZo3BV4kfkGqqMD/4r3KZzdSNJMsASqIMR3fSyHIiQZOBRu73cywlNAh6bOOpQmRzAT59KoxPrJKhGOl7UsAT9WfEzmRxoxkaJOSwMDMexPxL6+TQXwR5DxJM2AJnS2KM4FB4UlFOOKaURAjSwjV3P4V0wHRhIIt0rWn+/OHLpLmac33av7tWbV+WXRWRgfoEB0jH52jOrpGN6iBKJLoET2jV+fJeXHenPdZtOQUM/voF5yPb22+lyQ=</latexit><latexit sha1_base64="tA4ewyzcom40pagM35boKkp89qE=">AAACFXicjVDLSgMxFM3UVx1fVZdugkUQhDIjgi6Lblwq2Ie0Q8lkMm1oMhmSO0IZ+hUu3PgrbkTcCu78G9N2Ftq68EDgcM653NwTpoIb8Lwvp7S0vLK6Vl53Nza3tncqu3tNozJNWYMqoXQ7JIYJnrAGcBCsnWpGZChYKxxeTfzWA9OGq+QORikLJOknPOaUgJXu3RPcFZEC06tUvZo3BV4kfkGqqMD/4r3KZzdSNJMsASqIMR3fSyHIiQZOBRu73cywlNAh6bOOpQmRzAT59KoxPrJKhGOl7UsAT9WfEzmRxoxkaJOSwMDMexPxL6+TQXwR5DxJM2AJnS2KM4FB4UlFOOKaURAjSwjV3P4V0wHRhIIt0rWn+/OHLpLmac33av7tWbV+WXRWRgfoEB0jH52jOrpGN6iBKJLoET2jV+fJeXHenPdZtOQUM/voF5yPb22+lyQ=</latexit><latexit sha1_base64="tA4ewyzcom40pagM35boKkp89qE=">AAACFXicjVDLSgMxFM3UVx1fVZdugkUQhDIjgi6Lblwq2Ie0Q8lkMm1oMhmSO0IZ+hUu3PgrbkTcCu78G9N2Ftq68EDgcM653NwTpoIb8Lwvp7S0vLK6Vl53Nza3tncqu3tNozJNWYMqoXQ7JIYJnrAGcBCsnWpGZChYKxxeTfzWA9OGq+QORikLJOknPOaUgJXu3RPcFZEC06tUvZo3BV4kfkGqqMD/4r3KZzdSNJMsASqIMR3fSyHIiQZOBRu73cywlNAh6bOOpQmRzAT59KoxPrJKhGOl7UsAT9WfEzmRxoxkaJOSwMDMexPxL6+TQXwR5DxJM2AJnS2KM4FB4UlFOOKaURAjSwjV3P4V0wHRhIIt0rWn+/OHLpLmac33av7tWbV+WXRWRgfoEB0jH52jOrpGN6iBKJLoET2jV+fJeXHenPdZtOQUM/voF5yPb22+lyQ=</latexit>

Backprop w/ approximations
<latexit sha1_base64="ymDoARWM5bZ9Dfgq4lXRh/fFqeA=">AAACBHicbVC7TsMwFHXKq4RXgLGLRYXEVJIuMFZlYSwSfUhtVDmu01p1bMt2gKrqwMKvsDCAECsfwcbf4KYZoOVIVzo6517de08kGdXG97+dwtr6xuZWcdvd2d3bP/AOj1papAqTJhZMqE6ENGGUk6ahhpGOVAQlESPtaHw199t3RGkq+K2ZSBImaMhpTDEyVup7JbeO8FgqIeH9OUTSsgeaZKbue2W/4meAqyTISRnkaPS9r95A4DQh3GCGtO4GvjThFClDMSMzt5dqIu06NCRdSzlKiA6n2RMzeGqVAYyFssUNzNTfE1OUaD1JIttp7xvpZW8u/ud1UxNfhlPKZWoIx4tFccqgEXCeCBxQRbBhE0sQVtTeCvEIKYSNzc21IQTLL6+SVrUS+JXgplqu1fM4iqAETsAZCMAFqIFr0ABNgMEjeAav4M15cl6cd+dj0Vpw8plj8AfO5w897JfX</latexit><latexit sha1_base64="n9lhBnY4EsEyBtwZN3SYnoWy7cc=">AAACKXicjVC7TsMwFHXKq4RXgLGLRYXEVJIuMFZlYQSJPqQ2qhzXaa06tmU7QFV14GsYWPgVGBCw8iO4aQZoGTiSpaNz7pXvOZFkVBvf/3AKK6tr6xvFTXdre2d3z9s/aGqRKkwaWDCh2hHShFFOGoYaRtpSEZREjLSi0cXMb90SpangN2YsSZigAacxxchYqeeV3DrCI6mEhHenEEnL7mmSmbrnlf2KnwEukyAnZZDjf+M977XbFzhNCDeYIa07gS9NOEHKUMzI1O2mmkh7ExqQjqUcJUSHkyzpFB5bpQ9joezjBmbqz40JSrQeJ5GdtCGGetGbiX95ndTE5+GEcpkawvH8ozhl0Ag4qw32qSLYsLElCCtqb4V4iBTCxpbr2ujBYtBl0qxWAr8SXFfLtXreWRGUwBE4AQE4AzVwCa5AA2DwAB7BM3hznpwX5935nI8WnHznEPyC8/UNEkyfUA==</latexit><latexit sha1_base64="n9lhBnY4EsEyBtwZN3SYnoWy7cc=">AAACKXicjVC7TsMwFHXKq4RXgLGLRYXEVJIuMFZlYQSJPqQ2qhzXaa06tmU7QFV14GsYWPgVGBCw8iO4aQZoGTiSpaNz7pXvOZFkVBvf/3AKK6tr6xvFTXdre2d3z9s/aGqRKkwaWDCh2hHShFFOGoYaRtpSEZREjLSi0cXMb90SpangN2YsSZigAacxxchYqeeV3DrCI6mEhHenEEnL7mmSmbrnlf2KnwEukyAnZZDjf+M977XbFzhNCDeYIa07gS9NOEHKUMzI1O2mmkh7ExqQjqUcJUSHkyzpFB5bpQ9joezjBmbqz40JSrQeJ5GdtCGGetGbiX95ndTE5+GEcpkawvH8ozhl0Ag4qw32qSLYsLElCCtqb4V4iBTCxpbr2ujBYtBl0qxWAr8SXFfLtXreWRGUwBE4AQE4AzVwCa5AA2DwAB7BM3hznpwX5935nI8WnHznEPyC8/UNEkyfUA==</latexit><latexit sha1_base64="n9lhBnY4EsEyBtwZN3SYnoWy7cc=">AAACKXicjVC7TsMwFHXKq4RXgLGLRYXEVJIuMFZlYQSJPqQ2qhzXaa06tmU7QFV14GsYWPgVGBCw8iO4aQZoGTiSpaNz7pXvOZFkVBvf/3AKK6tr6xvFTXdre2d3z9s/aGqRKkwaWDCh2hHShFFOGoYaRtpSEZREjLSi0cXMb90SpangN2YsSZigAacxxchYqeeV3DrCI6mEhHenEEnL7mmSmbrnlf2KnwEukyAnZZDjf+M977XbFzhNCDeYIa07gS9NOEHKUMzI1O2mmkh7ExqQjqUcJUSHkyzpFB5bpQ9joezjBmbqz40JSrQeJ5GdtCGGetGbiX95ndTE5+GEcpkawvH8ozhl0Ag4qw32qSLYsLElCCtqb4V4iBTCxpbr2ujBYtBl0qxWAr8SXFfLtXreWRGUwBE4AQE4AzVwCa5AA2DwAB7BM3hznpwX5935nI8WnHznEPyC8/UNEkyfUA==</latexit>

[see e.g., Oord, Vinyals, Kavukcuoglu, 2017]
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Data compression

Data Data

X̂X
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Label prediction

Data

X
Label

y
<latexit sha1_base64="5NwURhlTSBMby31l7GHRGjtN8Hk="></latexit><latexit sha1_base64="5NwURhlTSBMby31l7GHRGjtN8Hk="></latexit><latexit sha1_base64="5NwURhlTSBMby31l7GHRGjtN8Hk="></latexit><latexit sha1_base64="5NwURhlTSBMby31l7GHRGjtN8Hk="></latexit>
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Data prediction 
aka “self-supervised learning”

Some data Other data

X1

X̂2
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Color information: ab channelsGrayscale image: L channel

abL
[Zhang, Isola, Efros, ECCV 2016]

© source unknown. All rights reserved. This content is 
excluded from our Creative Commons license. For more 
information, see https://ocw.mit.edu/help/faq-fair-use/
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Deep Net “Electrophysiology”

[Zhou, Khosla, Lapedriza, Oliva, Torralba., ICLR 2015]
[Zeiler & Fergus, ECCV 2014]

© source unknown. All rights reserved. 
This content is excluded from our Creative 
Commons license. For more information, 
see https://ocw.mit.edu/help/faq-fair-use/
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dog 
faces

faces

flowers

Stimuli that drive selected neurons (conv5 layer)

© source unknown. All rights 
reserved. This content is excluded 
from our Creative Commons license. 
For more information, see 
https://ocw.mit.edu/help/faq-fair-use/
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Self-supervised learning

Common trick:  

• Convert “unsupervised” problem
into “supervised” empirical risk
minimization

• Do so by cooking up “labels”
(prediction targets) from the raw
data itself — called pretext task
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c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit>

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>

g
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

y
<latexit sha1_base64="w2SeowxjSmKQZ+WPP4dmP+ztLQA=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhNp0NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wf+vpEd</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit>

Bird

c

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit>

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>

g
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit><latexit sha1_base64="tzs9AXFSRySi39T27O1IL8rVYnw=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs2JY8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvDwmJU=</latexit>

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>

y
<latexit sha1_base64="w2SeowxjSmKQZ+WPP4dmP+ztLQA=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhNp0NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wf+vpEd</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit>

y
<latexit sha1_base64="w2SeowxjSmKQZ+WPP4dmP+ztLQA=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhNp0NqjW37s5BVolXkBoUaA6qX/1hzNKIK2SSGtPz3AT9jGoUTPJZpZ8anlA2oSPes1TRiBs/myeekTOrDEkYa/sUkrn6eyOjkTHTKLCTeUKz7OXif14vxfDaz4RKUuSKLT4KU0kwJvn5ZCg0ZyinllCmhc1K2JhqytCWVLEleMsnr5L2Rd1z6979Za1xU9RRhhM4hXPw4AoacAdNaAEDBc/wCm+OcV6cd+djMVpyip1j+APn8wf+vpEd</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit><latexit sha1_base64="02ggfyILRRLkqGm5VO3XB99zGJA=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYVcELYM2lgrmgckSZid3kyGzs8vMrBCW/IWFjb9iI2Irdv6Ns8kWmlh4YOBwzr3cOSdIBNfGdb+cpeWV1bX10kZ5c2t7Z7eyt9/UcaoYNlgsYtUOqEbBJTYMNwLbiUIaBQJbwegq91sPqDSP5Z0ZJ+hHdCB5yBk1VrrvRtQMgzAbT3qVqltzpyCLxCtIFQr8b7xX+ez2Y5ZGKA0TVOuO5ybGz6gynAmclLupxoSyER1gx1JJI9R+No01IcdW6ZMwVvZJQ6bqz42MRlqPo8BO5jH0vJeLf3md1IQXfsZlkhqUbHYoTAUxMck7In2ukBkxtoQyxe1fCRtSRZmxTZZtdG8+6CJpntY8t+bdnlXrl0VnJTiEIzgBD86hDtdwAw1gIOERnuHVeXJenDfnfTa65BQ7B/ALzsc38pqYlg==</latexit>

g
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

Pretext task:
<latexit sha1_base64="VMeuvc2vfyA+AHAzkYocCSFdoSw=">AAAB/HicbVDLSgNBEJz1GeNrNUcvg0HwFHZzUTwFvXiMYB6QLGF20psMmX0w0ysuS/wVLx4U8eqHePNvnCR70MSChqKqm+4uP5FCo+N8W2vrG5tb26Wd8u7e/sGhfXTc1nGqOLR4LGPV9ZkGKSJooUAJ3UQBC30JHX9yM/M7D6C0iKN7zBLwQjaKRCA4QyMN7Ere9wPaVIDwiBSZnkyvBnbVqTlz0FXiFqRKCjQH9ld/GPM0hAi5ZFr3XCdBL2cKBZcwLfdTDQnjEzaCnqERC0F7+fz4KT0zypAGsTIVIZ2rvydyFmqdhb7pDBmO9bI3E//zeikGl14uoiRFiPhiUZBKijGdJUGHQgFHmRnCuBLmVsrHTDGOJq+yCcFdfnmVtOs116m5d/Vq47qIo0ROyCk5Jy65IA1yS5qkRTjJyDN5JW/Wk/VivVsfi9Y1q5ipkD+wPn8AbtqUnA==</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit>

Future frame
<latexit sha1_base64="fwCVkbDOd4eb7TW7bJhBu/TSUS8=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKezmosegIB4jmAckS5id9CZDZmeXeQgh5De8eFDEqz/jzb9xkuxBEwsaiqpuuruiTHBtfP/bK2xsbm3vFHdLe/sHh0fl45OWTq1i2GSpSFUnohoFl9g03AjsZAppEglsR+Pbud9+QqV5Kh/NJMMwoUPJY86ocVLvzhqrkMSKJtgvV/yqvwBZJ0FOKpCj0S9/9QYpswlKwwTVuhv4mQmnVBnOBM5KPasxo2xMh9h1VLodOpwubp6RC6cMSJwqV9KQhfp7YkoTrSdJ5DoTakZ61ZuL/3lda+LrcMplZg1KtlwUW0FMSuYBkAFXyIyYOEKZ4u5WwkZUUWZcTCUXQrD68jpp1aqBXw0eapX6TR5HEc7gHC4hgCuowz00oAkMMniGV3jzrPfivXsfy9aCl8+cwh94nz/rjJGW</latexit><latexit sha1_base64="oK+cz4ytpMg0p7jFtqm+JIKUyZI=">AAACGHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkFBLBXMA5IlzE7uJkNmZ5d5CGHJb1jY+Cs2Irbp/Bsnj0ITCy8MHM45l7nnRJng2vj+l7e2vrG5tV3YKe7u7R8clo6OGzq1imGdpSJVrYhqFFxi3XAjsJUppEkksBkNb6Z68wmV5ql8NKMMw4T2JY85o8ZRnVtrrEISK5pgt1T2K/5syCoIFqAMi/mfvVuadHopswlKwwTVuh34mQlzqgxnAsfFjtWYUTakfWw7KN0hOsxnwcbk3DE9EqfKPWnIjP25kdNE61ESOWdCzUAva1PyL61tTXwV5lxm1qBk849iK4hJybQl0uMKmREjByhT3N1K2IAqyozrsuiiB8tBV0GjWgn8SvBQLdeuF50V4BTO4AICuIQa3ME91IFBBs/wCu/ei/fmfXifc+uat9g5gV/jTb4B7pWZDw==</latexit><latexit sha1_base64="oK+cz4ytpMg0p7jFtqm+JIKUyZI=">AAACGHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkFBLBXMA5IlzE7uJkNmZ5d5CGHJb1jY+Cs2Irbp/Bsnj0ITCy8MHM45l7nnRJng2vj+l7e2vrG5tV3YKe7u7R8clo6OGzq1imGdpSJVrYhqFFxi3XAjsJUppEkksBkNb6Z68wmV5ql8NKMMw4T2JY85o8ZRnVtrrEISK5pgt1T2K/5syCoIFqAMi/mfvVuadHopswlKwwTVuh34mQlzqgxnAsfFjtWYUTakfWw7KN0hOsxnwcbk3DE9EqfKPWnIjP25kdNE61ESOWdCzUAva1PyL61tTXwV5lxm1qBk849iK4hJybQl0uMKmREjByhT3N1K2IAqyozrsuiiB8tBV0GjWgn8SvBQLdeuF50V4BTO4AICuIQa3ME91IFBBs/wCu/ei/fmfXifc+uat9g5gV/jTb4B7pWZDw==</latexit><latexit sha1_base64="oK+cz4ytpMg0p7jFtqm+JIKUyZI=">AAACGHicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkFBLBXMA5IlzE7uJkNmZ5d5CGHJb1jY+Cs2Irbp/Bsnj0ITCy8MHM45l7nnRJng2vj+l7e2vrG5tV3YKe7u7R8clo6OGzq1imGdpSJVrYhqFFxi3XAjsJUppEkksBkNb6Z68wmV5ql8NKMMw4T2JY85o8ZRnVtrrEISK5pgt1T2K/5syCoIFqAMi/mfvVuadHopswlKwwTVuh34mQlzqgxnAsfFjtWYUTakfWw7KN0hOsxnwcbk3DE9EqfKPWnIjP25kdNE61ESOWdCzUAva1PyL61tTXwV5lxm1qBk849iK4hJybQl0uMKmREjByhT3N1K2IAqyozrsuiiB8tBV0GjWgn8SvBQLdeuF50V4BTO4AICuIQa3ME91IFBBs/wCu/ei/fmfXifc+uat9g5gV/jTb4B7pWZDw==</latexit>

prediction
<latexit sha1_base64="aSn6biRqV0UjC3EIVIsCQDJxChI=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiTd6LLoxmUF+8A2lMnkth06mYSZiVBC/8KNC0Xc+jfu/BsnbRbaemDgcM65zL0nSATXxnW/ndLG5tb2Tnm3srd/cHhUPT7p6DhVDNssFrHqBVSj4BLbhhuBvUQhjQKB3WB6m/vdJ1Sax/LBzBL0IzqWfMQZNVZ6tNmQs5wOqzW37i5A1olXkBoUaA2rX4MwZmmE0jBBte57bmL8jCrDmcB5ZZBqTCib0jH2LZU0Qu1ni43n5MIqIRnFyj5pyEL9PZHRSOtZFNhkRM1Er3q5+J/XT83o2s+4TFKDki0/GqWCmJjk55OQK2RGzCyhTHG7K2ETqigztqSKLcFbPXmddBp1z617941a86aoowxncA6X4MEVNOEOWtAGBhKe4RXeHO28OO/OxzJacoqZU/gD5/MH6YORDQ==</latexit><latexit sha1_base64="R8nPMwea0PhgtZqsKUVXRWQ7oiQ=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzwGQJs7M3yZDZ2WVmVghL/sLCxl+xEbEVO//G2WQLTSw8MHA451zu3BMkgmvjul/Oyura+sZmaau8vbO7t185OGzpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHyV++0HVJrH8s5MEvQjOpR8wBk1Vrq32ZCznPYrVbfmzkCWiVeQKhT4X7xf+eyFMUsjlIYJqnXXcxPjZ1QZzgROy71UY0LZmA6xa6mkEWo/m501JadWCckgVvZJQ2bqz4mMRlpPosAmI2pGetHLxb+8bmoGF37GZZIalGy+aJAKYmKSd0RCrpAZMbGEMsXtXwkbUUWZsU2W7ene4qHLpFWveW7Nu61XG5dFZyU4hhM4Aw/OoQHXcANNYCDhEZ7h1XlyXpw3530eXXGKmSP4BefjG9tZmIY=</latexit><latexit sha1_base64="R8nPMwea0PhgtZqsKUVXRWQ7oiQ=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzwGQJs7M3yZDZ2WVmVghL/sLCxl+xEbEVO//G2WQLTSw8MHA451zu3BMkgmvjul/Oyura+sZmaau8vbO7t185OGzpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHyV++0HVJrH8s5MEvQjOpR8wBk1Vrq32ZCznPYrVbfmzkCWiVeQKhT4X7xf+eyFMUsjlIYJqnXXcxPjZ1QZzgROy71UY0LZmA6xa6mkEWo/m501JadWCckgVvZJQ2bqz4mMRlpPosAmI2pGetHLxb+8bmoGF37GZZIalGy+aJAKYmKSd0RCrpAZMbGEMsXtXwkbUUWZsU2W7ene4qHLpFWveW7Nu61XG5dFZyU4hhM4Aw/OoQHXcANNYCDhEZ7h1XlyXpw3530eXXGKmSP4BefjG9tZmIY=</latexit><latexit sha1_base64="R8nPMwea0PhgtZqsKUVXRWQ7oiQ=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzwGQJs7M3yZDZ2WVmVghL/sLCxl+xEbEVO//G2WQLTSw8MHA451zu3BMkgmvjul/Oyura+sZmaau8vbO7t185OGzpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHyV++0HVJrH8s5MEvQjOpR8wBk1Vrq32ZCznPYrVbfmzkCWiVeQKhT4X7xf+eyFMUsjlIYJqnXXcxPjZ1QZzgROy71UY0LZmA6xa6mkEWo/m501JadWCckgVvZJQ2bqz4mMRlpPosAmI2pGetHLxb+8bmoGF37GZZIalGy+aJAKYmKSd0RCrpAZMbGEMsXtXwkbUUWZsU2W7ene4qHLpFWveW7Nu61XG5dFZyU4hhM4Aw/OoQHXcANNYCDhEZ7h1XlyXpw3530eXXGKmSP4BefjG9tZmIY=</latexit>

Next pixel
<latexit sha1_base64="pT/VeCct1v3OFUoHiASX8DTx3Do=">AAAB8XicbVA9SwNBEJ3zM8avqKXNYhCswl0aLYM2VhLBfGByhL3NXLJkb+/Y3ZOEI//CxkIRW/+Nnf/GTXKFJj4YeLw3w8y8IBFcG9f9dtbWNza3tgs7xd29/YPD0tFxU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWjm5nfekKleSwfzCRBP6IDyUPOqLHS4x2ODUn4GEWvVHYr7hxklXg5KUOOeq/01e3HLI1QGiao1h3PTYyfUWU4EzgtdlONCWUjOsCOpZJGqP1sfvGUnFulT8JY2ZKGzNXfExmNtJ5Ege2MqBnqZW8m/ud1UhNe+RmXSWpQssWiMBXExGT2PulzhcyIiSWUKW5vJWxIFWXGhlS0IXjLL6+SZrXiuRXvvlquXedxFOAUzuACPLiEGtxCHRrAQMIzvMKbo50X5935WLSuOfnMCfyB8/kDbkiQvQ==</latexit><latexit sha1_base64="WRE7mRP6qbqF747hCsVQFUZhhmY=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWImCeWCyhNnJ3WTI7OwyMysJIX9hYeOv2IjYip1/4yTZQhMLDwwczjmXO/cEieDauO6Xk1tZXVvfyG8WtrZ3dveK+wd1HaeKYY3FIlbNgGoUXGLNcCOwmSikUSCwEQwup37jAZXmsbwzowT9iPYkDzmjxkr31zg0JOFDFJ1iyS27M5Bl4mWkBBn+F+8UP9vdmKURSsME1brluYnxx1QZzgROCu1UY0LZgPawZamkEWp/PDtrQk6s0iVhrOyThszUnxNjGmk9igKbjKjp60VvKv7ltVITnvtjLpPUoGTzRWEqiInJtCPS5QqZESNLKFPc/pWwPlWUGdtkwZ7uLR66TOqVsueWvdtKqXqRdZaHIziGU/DgDKpwBTdQAwYSHuEZXp0n58V5c97n0ZyTzRzCLzgf31SOmDY=</latexit><latexit sha1_base64="WRE7mRP6qbqF747hCsVQFUZhhmY=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWImCeWCyhNnJ3WTI7OwyMysJIX9hYeOv2IjYip1/4yTZQhMLDwwczjmXO/cEieDauO6Xk1tZXVvfyG8WtrZ3dveK+wd1HaeKYY3FIlbNgGoUXGLNcCOwmSikUSCwEQwup37jAZXmsbwzowT9iPYkDzmjxkr31zg0JOFDFJ1iyS27M5Bl4mWkBBn+F+8UP9vdmKURSsME1brluYnxx1QZzgROCu1UY0LZgPawZamkEWp/PDtrQk6s0iVhrOyThszUnxNjGmk9igKbjKjp60VvKv7ltVITnvtjLpPUoGTzRWEqiInJtCPS5QqZESNLKFPc/pWwPlWUGdtkwZ7uLR66TOqVsueWvdtKqXqRdZaHIziGU/DgDKpwBTdQAwYSHuEZXp0n58V5c97n0ZyTzRzCLzgf31SOmDY=</latexit><latexit sha1_base64="WRE7mRP6qbqF747hCsVQFUZhhmY=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrtptAzaWImCeWCyhNnJ3WTI7OwyMysJIX9hYeOv2IjYip1/4yTZQhMLDwwczjmXO/cEieDauO6Xk1tZXVvfyG8WtrZ3dveK+wd1HaeKYY3FIlbNgGoUXGLNcCOwmSikUSCwEQwup37jAZXmsbwzowT9iPYkDzmjxkr31zg0JOFDFJ1iyS27M5Bl4mWkBBn+F+8UP9vdmKURSsME1brluYnxx1QZzgROCu1UY0LZgPawZamkEWp/PDtrQk6s0iVhrOyThszUnxNjGmk9igKbjKjp60VvKv7ltVITnvtjLpPUoGTzRWEqiInJtCPS5QqZESNLKFPc/pWwPlWUGdtkwZ7uLR66TOqVsueWvdtKqXqRdZaHIziGU/DgDKpwBTdQAwYSHuEZXp0n58V5c97n0ZyTzRzCLzgf31SOmDY=</latexit>

prediction
<latexit sha1_base64="aSn6biRqV0UjC3EIVIsCQDJxChI=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiTd6LLoxmUF+8A2lMnkth06mYSZiVBC/8KNC0Xc+jfu/BsnbRbaemDgcM65zL0nSATXxnW/ndLG5tb2Tnm3srd/cHhUPT7p6DhVDNssFrHqBVSj4BLbhhuBvUQhjQKB3WB6m/vdJ1Sax/LBzBL0IzqWfMQZNVZ6tNmQs5wOqzW37i5A1olXkBoUaA2rX4MwZmmE0jBBte57bmL8jCrDmcB5ZZBqTCib0jH2LZU0Qu1ni43n5MIqIRnFyj5pyEL9PZHRSOtZFNhkRM1Er3q5+J/XT83o2s+4TFKDki0/GqWCmJjk55OQK2RGzCyhTHG7K2ETqigztqSKLcFbPXmddBp1z617941a86aoowxncA6X4MEVNOEOWtAGBhKe4RXeHO28OO/OxzJacoqZU/gD5/MH6YORDQ==</latexit><latexit sha1_base64="R8nPMwea0PhgtZqsKUVXRWQ7oiQ=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzwGQJs7M3yZDZ2WVmVghL/sLCxl+xEbEVO//G2WQLTSw8MHA451zu3BMkgmvjul/Oyura+sZmaau8vbO7t185OGzpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHyV++0HVJrH8s5MEvQjOpR8wBk1Vrq32ZCznPYrVbfmzkCWiVeQKhT4X7xf+eyFMUsjlIYJqnXXcxPjZ1QZzgROy71UY0LZmA6xa6mkEWo/m501JadWCckgVvZJQ2bqz4mMRlpPosAmI2pGetHLxb+8bmoGF37GZZIalGy+aJAKYmKSd0RCrpAZMbGEMsXtXwkbUUWZsU2W7ene4qHLpFWveW7Nu61XG5dFZyU4hhM4Aw/OoQHXcANNYCDhEZ7h1XlyXpw3530eXXGKmSP4BefjG9tZmIY=</latexit><latexit sha1_base64="R8nPMwea0PhgtZqsKUVXRWQ7oiQ=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzwGQJs7M3yZDZ2WVmVghL/sLCxl+xEbEVO//G2WQLTSw8MHA451zu3BMkgmvjul/Oyura+sZmaau8vbO7t185OGzpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHyV++0HVJrH8s5MEvQjOpR8wBk1Vrq32ZCznPYrVbfmzkCWiVeQKhT4X7xf+eyFMUsjlIYJqnXXcxPjZ1QZzgROy71UY0LZmA6xa6mkEWo/m501JadWCckgVvZJQ2bqz4mMRlpPosAmI2pGetHLxb+8bmoGF37GZZIalGy+aJAKYmKSd0RCrpAZMbGEMsXtXwkbUUWZsU2W7ene4qHLpFWveW7Nu61XG5dFZyU4hhM4Aw/OoQHXcANNYCDhEZ7h1XlyXpw3530eXXGKmSP4BefjG9tZmIY=</latexit><latexit sha1_base64="R8nPMwea0PhgtZqsKUVXRWQ7oiQ=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzwGQJs7M3yZDZ2WVmVghL/sLCxl+xEbEVO//G2WQLTSw8MHA451zu3BMkgmvjul/Oyura+sZmaau8vbO7t185OGzpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHyV++0HVJrH8s5MEvQjOpR8wBk1Vrq32ZCznPYrVbfmzkCWiVeQKhT4X7xf+eyFMUsjlIYJqnXXcxPjZ1QZzgROy71UY0LZmA6xa6mkEWo/m501JadWCckgVvZJQ2bqz4mMRlpPosAmI2pGetHLxb+8bmoGF37GZZIalGy+aJAKYmKSd0RCrpAZMbGEMsXtXwkbUUWZsU2W7ene4qHLpFWveW7Nu61XG5dFZyU4hhM4Aw/OoQHXcANNYCDhEZ7h1XlyXpw3530eXXGKmSP4BefjG9tZmIY=</latexit>

Class
<latexit sha1_base64="6yuzvSKP6aWjwwcXuyW+Xsj8OV8=">AAAB7HicbVBNT8JAEJ3iF+IX6tHLRmLiibRc9Ejk4hETCyTQkO0yhQ3bbbO7NSGE3+DFg8Z49Qd589+4hR4UfMkmL+/NzM68MBVcG9f9dkpb2zu7e+X9ysHh0fFJ9fSso5NMMfRZIhLVC6lGwSX6hhuBvVQhjUOB3XDayv3uEyrNE/loZikGMR1LHnFGjZX8lqBaD6s1t+4uQTaJV5AaFGgPq1+DUcKyGKVh+YC+56YmmFNlOBO4qAwyjSllUzrGvqWSxqiD+XLZBbmyyohEibJPGrJUf3fMaaz1LA5tZUzNRK97ufif189MdBvMuUwzg5KtPooyQUxC8svJiCtkRswsoUxxuythE6ooMzafig3BWz95k3Qadc+tew+NWvOuiKMMF3AJ1+DBDTThHtrgAwMOz/AKb450Xpx352NVWnKKnnP4A+fzB7/fjqA=</latexit><latexit sha1_base64="AME1wh4GpqMNfX+27TMWDz2X0vE=">AAACEXicjVA9SwNBFHznZ4xfUUubxSBYhbs0WgbTWCp4SSA5wt7mXbJkb+/Y3RNCyG+wsPGv2IjY2tn5b9xLrtDEwoGFYeY93s6EqeDauO6Xs7a+sbm1Xdop7+7tHxxWjo5bOskUQ58lIlGdkGoUXKJvuBHYSRXSOBTYDsfN3G8/oNI8kfdmkmIQ06HkEWfUWMlvCqp1v1J1a+4cZJV4BalCgf+N9yufvUHCshilYfmVruemJphSZTgTOCv3Mo0pZWM6xK6lksaog+k80YycW2VAokTZJw2Zqz83pjTWehKHdjKmZqSXvVz8y+tmJroKplymmUHJFoeiTBCTkLweMuAKmRETSyhT3P6VsBFVlBlbYtlG95aDrpJWvea5Ne+uXm1cF52V4BTO4AI8uIQG3MAt+MCAwyM8w6vz5Lw4b877YnTNKXZO4Becj29edZYZ</latexit><latexit sha1_base64="AME1wh4GpqMNfX+27TMWDz2X0vE=">AAACEXicjVA9SwNBFHznZ4xfUUubxSBYhbs0WgbTWCp4SSA5wt7mXbJkb+/Y3RNCyG+wsPGv2IjY2tn5b9xLrtDEwoGFYeY93s6EqeDauO6Xs7a+sbm1Xdop7+7tHxxWjo5bOskUQ58lIlGdkGoUXKJvuBHYSRXSOBTYDsfN3G8/oNI8kfdmkmIQ06HkEWfUWMlvCqp1v1J1a+4cZJV4BalCgf+N9yufvUHCshilYfmVruemJphSZTgTOCv3Mo0pZWM6xK6lksaog+k80YycW2VAokTZJw2Zqz83pjTWehKHdjKmZqSXvVz8y+tmJroKplymmUHJFoeiTBCTkLweMuAKmRETSyhT3P6VsBFVlBlbYtlG95aDrpJWvea5Ne+uXm1cF52V4BTO4AI8uIQG3MAt+MCAwyM8w6vz5Lw4b877YnTNKXZO4Becj29edZYZ</latexit><latexit sha1_base64="AME1wh4GpqMNfX+27TMWDz2X0vE=">AAACEXicjVA9SwNBFHznZ4xfUUubxSBYhbs0WgbTWCp4SSA5wt7mXbJkb+/Y3RNCyG+wsPGv2IjY2tn5b9xLrtDEwoGFYeY93s6EqeDauO6Xs7a+sbm1Xdop7+7tHxxWjo5bOskUQ58lIlGdkGoUXKJvuBHYSRXSOBTYDsfN3G8/oNI8kfdmkmIQ06HkEWfUWMlvCqp1v1J1a+4cZJV4BalCgf+N9yufvUHCshilYfmVruemJphSZTgTOCv3Mo0pZWM6xK6lksaog+k80YycW2VAokTZJw2Zqz83pjTWehKHdjKmZqSXvVz8y+tmJroKplymmUHJFoeiTBCTkLweMuAKmRETSyhT3P6VsBFVlBlbYtlG95aDrpJWvea5Ne+uXm1cF52V4BTO4AI8uIQG3MAt+MCAwyM8w6vz5Lw4b877YnTNKXZO4Becj29edZYZ</latexit>

prediction
<latexit sha1_base64="aSn6biRqV0UjC3EIVIsCQDJxChI=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiTd6LLoxmUF+8A2lMnkth06mYSZiVBC/8KNC0Xc+jfu/BsnbRbaemDgcM65zL0nSATXxnW/ndLG5tb2Tnm3srd/cHhUPT7p6DhVDNssFrHqBVSj4BLbhhuBvUQhjQKB3WB6m/vdJ1Sax/LBzBL0IzqWfMQZNVZ6tNmQs5wOqzW37i5A1olXkBoUaA2rX4MwZmmE0jBBte57bmL8jCrDmcB5ZZBqTCib0jH2LZU0Qu1ni43n5MIqIRnFyj5pyEL9PZHRSOtZFNhkRM1Er3q5+J/XT83o2s+4TFKDki0/GqWCmJjk55OQK2RGzCyhTHG7K2ETqigztqSKLcFbPXmddBp1z617941a86aoowxncA6X4MEVNOEOWtAGBhKe4RXeHO28OO/OxzJacoqZU/gD5/MH6YORDQ==</latexit><latexit sha1_base64="R8nPMwea0PhgtZqsKUVXRWQ7oiQ=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzwGQJs7M3yZDZ2WVmVghL/sLCxl+xEbEVO//G2WQLTSw8MHA451zu3BMkgmvjul/Oyura+sZmaau8vbO7t185OGzpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHyV++0HVJrH8s5MEvQjOpR8wBk1Vrq32ZCznPYrVbfmzkCWiVeQKhT4X7xf+eyFMUsjlIYJqnXXcxPjZ1QZzgROy71UY0LZmA6xa6mkEWo/m501JadWCckgVvZJQ2bqz4mMRlpPosAmI2pGetHLxb+8bmoGF37GZZIalGy+aJAKYmKSd0RCrpAZMbGEMsXtXwkbUUWZsU2W7ene4qHLpFWveW7Nu61XG5dFZyU4hhM4Aw/OoQHXcANNYCDhEZ7h1XlyXpw3530eXXGKmSP4BefjG9tZmIY=</latexit><latexit sha1_base64="R8nPMwea0PhgtZqsKUVXRWQ7oiQ=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzwGQJs7M3yZDZ2WVmVghL/sLCxl+xEbEVO//G2WQLTSw8MHA451zu3BMkgmvjul/Oyura+sZmaau8vbO7t185OGzpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHyV++0HVJrH8s5MEvQjOpR8wBk1Vrq32ZCznPYrVbfmzkCWiVeQKhT4X7xf+eyFMUsjlIYJqnXXcxPjZ1QZzgROy71UY0LZmA6xa6mkEWo/m501JadWCckgVvZJQ2bqz4mMRlpPosAmI2pGetHLxb+8bmoGF37GZZIalGy+aJAKYmKSd0RCrpAZMbGEMsXtXwkbUUWZsU2W7ene4qHLpFWveW7Nu61XG5dFZyU4hhM4Aw/OoQHXcANNYCDhEZ7h1XlyXpw3530eXXGKmSP4BefjG9tZmIY=</latexit><latexit sha1_base64="R8nPMwea0PhgtZqsKUVXRWQ7oiQ=">AAACFnicjVC7SgNBFL3rM8ZX1NJmMAhWYTeNlkEbSwXzwGQJs7M3yZDZ2WVmVghL/sLCxl+xEbEVO//G2WQLTSw8MHA451zu3BMkgmvjul/Oyura+sZmaau8vbO7t185OGzpOFUMmywWseoEVKPgEpuGG4GdRCGNAoHtYHyV++0HVJrH8s5MEvQjOpR8wBk1Vrq32ZCznPYrVbfmzkCWiVeQKhT4X7xf+eyFMUsjlIYJqnXXcxPjZ1QZzgROy71UY0LZmA6xa6mkEWo/m501JadWCckgVvZJQ2bqz4mMRlpPosAmI2pGetHLxb+8bmoGF37GZZIalGy+aJAKYmKSd0RCrpAZMbGEMsXtXwkbUUWZsU2W7ene4qHLpFWveW7Nu61XG5dFZyU4hhM4Aw/OoQHXcANNYCDhEZ7h1XlyXpw3530eXXGKmSP4BefjG9tZmIY=</latexit>

Model
<latexit sha1_base64="+SaVgX3eFnsMCZb8X4f56/F1Dwo=">AAAB9XicbVA9SwNBEN3zM8avqKXNYhCswl0aLYM2NkIE8wFJDHt7c8mSvb1jd04NR/6HjYUitv4XO/+Nm+QKTXww8Hhvhpl5fiKFQdf9dlZW19Y3Ngtbxe2d3b390sFh08Sp5tDgsYx122cGpFDQQIES2okGFvkSWv7oauq3HkAbEas7HCfQi9hAiVBwhla67yI8oR9mN3EActIvld2KOwNdJl5OyiRHvV/66gYxTyNQyCUzpuO5CfYyplFwCZNiNzWQMD5iA+hYqlgEppfNrp7QU6sENIy1LYV0pv6eyFhkzDjybWfEcGgWvan4n9dJMbzoZUIlKYLi80VhKinGdBoBDYQGjnJsCeNa2FspHzLNONqgijYEb/HlZdKsVjy34t1Wy7XLPI4COSYn5Ix45JzUyDWpkwbhRJNn8krenEfnxXl3PuatK04+c0T+wPn8AQhoktY=</latexit><latexit sha1_base64="Vgd8Z62m1MuJeUWmdtpbF+YPPsY=">AAACGnicjVC7SgNBFJ31GeMramkzGASrsJtGy6CNjaBgHpDEMDt7NxkyO7vM3BXDkv+wsPFXbETsxMa/cZJsoYmFBwYO55zLnXv8RAqDrvvlLC2vrK6tFzaKm1vbO7ulvf2GiVPNoc5jGeuWzwxIoaCOAiW0Eg0s8iU0/eHFxG/egzYiVrc4SqAbsb4SoeAMrXTXQXhAP8yu4gDkuFcquxV3CrpIvJyUSY7/xXulj04Q8zQChVwyY9qem2A3YxoFlzAudlIDCeND1oe2pYpFYLrZ9LQxPbZKQMNY26eQTtWfExmLjBlFvk1GDAdm3puIf3ntFMOzbiZUkiIoPlsUppJiTCc90UBo4ChHljCuhf0r5QOmGUfbZtGe7s0fukga1YrnVrybarl2nndWIIfkiJwQj5ySGrkk16ROONHkkTyTV+fJeXHenPdZdMnJZw7ILzif3zcXmk8=</latexit><latexit sha1_base64="Vgd8Z62m1MuJeUWmdtpbF+YPPsY=">AAACGnicjVC7SgNBFJ31GeMramkzGASrsJtGy6CNjaBgHpDEMDt7NxkyO7vM3BXDkv+wsPFXbETsxMa/cZJsoYmFBwYO55zLnXv8RAqDrvvlLC2vrK6tFzaKm1vbO7ulvf2GiVPNoc5jGeuWzwxIoaCOAiW0Eg0s8iU0/eHFxG/egzYiVrc4SqAbsb4SoeAMrXTXQXhAP8yu4gDkuFcquxV3CrpIvJyUSY7/xXulj04Q8zQChVwyY9qem2A3YxoFlzAudlIDCeND1oe2pYpFYLrZ9LQxPbZKQMNY26eQTtWfExmLjBlFvk1GDAdm3puIf3ntFMOzbiZUkiIoPlsUppJiTCc90UBo4ChHljCuhf0r5QOmGUfbZtGe7s0fukga1YrnVrybarl2nndWIIfkiJwQj5ySGrkk16ROONHkkTyTV+fJeXHenPdZdMnJZw7ILzif3zcXmk8=</latexit><latexit sha1_base64="Vgd8Z62m1MuJeUWmdtpbF+YPPsY=">AAACGnicjVC7SgNBFJ31GeMramkzGASrsJtGy6CNjaBgHpDEMDt7NxkyO7vM3BXDkv+wsPFXbETsxMa/cZJsoYmFBwYO55zLnXv8RAqDrvvlLC2vrK6tFzaKm1vbO7ulvf2GiVPNoc5jGeuWzwxIoaCOAiW0Eg0s8iU0/eHFxG/egzYiVrc4SqAbsb4SoeAMrXTXQXhAP8yu4gDkuFcquxV3CrpIvJyUSY7/xXulj04Q8zQChVwyY9qem2A3YxoFlzAudlIDCeND1oe2pYpFYLrZ9LQxPbZKQMNY26eQTtWfExmLjBlFvk1GDAdm3puIf3ntFMOzbiZUkiIoPlsUppJiTCc90UBo4ChHljCuhf0r5QOmGUfbZtGe7s0fukga1YrnVrybarl2nndWIIfkiJwQj5ySGrkk16ROONHkkTyTV+fJeXHenPdZdMnJZw7ILzif3zcXmk8=</latexit>

schematic:
<latexit sha1_base64="PG201bI2ZQH8VzuO/oTeums+Nnc=">AAAB/HicbVC7TsMwFL3hWcor0JElokJiqpIuIKYKFsYi0YfURpXj3rRWHSeyHUQUlV9hYQAhVj6Ejb/BbTNAy5EsHZ1zr318goQzpV3321pb39jc2i7tlHf39g8O7aPjtopTSbFFYx7LbkAUciawpZnm2E0kkijg2AkmNzO/84BSsVjc6yxBPyIjwUJGiTbSwK70NT7qIMwVHWNkRDq9GthVt+bO4awSryBVKNAc2F/9YUzTCIWmnCjV89xE+zmR5jqO03I/VZgQOiEj7BkqSITKz+fhp86ZUYZOGEtzhHbm6u+NnERKZVFgJk2+sVr2ZuJ/Xi/V4aWfM5GkGgVdPBSm3NGxM2vCGTKJVPPMEEIlM1kdOiaSUG36KpsSvOUvr5J2vea5Ne+uXm1cF3WU4ARO4Rw8uIAG3EITWkAhg2d4hTfryXqx3q2PxeiaVexU4A+szx9a2ZUz</latexit><latexit sha1_base64="6/G0Va76J+KyjTGkSgyBNkJ/Pdc=">AAACIXicjVDLSsNAFL3xWesr2qWbYBFclaQbxVXRjUsF+4A2lMn0ph06mYSZiRhCv8WFG3/FjUh34s84bbPQ1oUHBg7n3Mudc4KEM6Vd99NaW9/Y3Nou7ZR39/YPDu2j45aKU0mxSWMey05AFHImsKmZ5thJJJIo4NgOxjczv/2IUrFYPOgsQT8iQ8FCRok2Ut+u9DQ+6SDMFR1hZEQ6uerbVbfmzuGsEq8gVSjwv/G+Pe0NYppGKDTlRKmu5ybaz4k0NzlOyr1UYULomAyxa6ggESo/nyecOGdGGThhLM0T2pmrPzdyEimVRYGZNCFGatmbiX953VSHl37ORJJqFHRxKEy5o2NnVpczYBKp5pkhhEpm/urQEZGEalNq2UT3loOukla95rk1775ebVwXnZXgBE7hHDy4gAbcwh00gUIGz/AK79aL9WZ9WNPF6JpV7FTgF6yvb9fenKw=</latexit><latexit sha1_base64="6/G0Va76J+KyjTGkSgyBNkJ/Pdc=">AAACIXicjVDLSsNAFL3xWesr2qWbYBFclaQbxVXRjUsF+4A2lMn0ph06mYSZiRhCv8WFG3/FjUh34s84bbPQ1oUHBg7n3Mudc4KEM6Vd99NaW9/Y3Nou7ZR39/YPDu2j45aKU0mxSWMey05AFHImsKmZ5thJJJIo4NgOxjczv/2IUrFYPOgsQT8iQ8FCRok2Ut+u9DQ+6SDMFR1hZEQ6uerbVbfmzuGsEq8gVSjwv/G+Pe0NYppGKDTlRKmu5ybaz4k0NzlOyr1UYULomAyxa6ggESo/nyecOGdGGThhLM0T2pmrPzdyEimVRYGZNCFGatmbiX953VSHl37ORJJqFHRxKEy5o2NnVpczYBKp5pkhhEpm/urQEZGEalNq2UT3loOukla95rk1775ebVwXnZXgBE7hHDy4gAbcwh00gUIGz/AK79aL9WZ9WNPF6JpV7FTgF6yvb9fenKw=</latexit><latexit sha1_base64="6/G0Va76J+KyjTGkSgyBNkJ/Pdc=">AAACIXicjVDLSsNAFL3xWesr2qWbYBFclaQbxVXRjUsF+4A2lMn0ph06mYSZiRhCv8WFG3/FjUh34s84bbPQ1oUHBg7n3Mudc4KEM6Vd99NaW9/Y3Nou7ZR39/YPDu2j45aKU0mxSWMey05AFHImsKmZ5thJJJIo4NgOxjczv/2IUrFYPOgsQT8iQ8FCRok2Ut+u9DQ+6SDMFR1hZEQ6uerbVbfmzuGsEq8gVSjwv/G+Pe0NYppGKDTlRKmu5ybaz4k0NzlOyr1UYULomAyxa6ggESo/nyecOGdGGThhLM0T2pmrPzdyEimVRYGZNCFGatmbiX953VSHl37ORJJqFHRxKEy5o2NnVpczYBKp5pkhhEpm/urQEZGEalNq2UT3loOukla95rk1775ebVwXnZXgBE7hHDy4gAbcwh00gUIGz/AK79aL9WZ9WNPF6JpV7FTgF6yvb9fenKw=</latexit>
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Imputation: one pretext task to rule them all?

c

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

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>

g
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

V1(X)
<latexit sha1_base64="IC47gc+4tmdoBrstOPcaSJ59t5s=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu75bH0ZYT4Iw688vfLvmNJwF0DpxC1KDAm3f/hqOYpJGVGjCsVID10m0l2GpGeF0XhmmiiaYTPGYDgwVOKLKyxbB5+jcKCMUxtI8odFC/b2R4UipWRSYyTyiWvVy8T9vkOrw2suYSFJNBVkeClOOdIzyFtCISUo0nxmCiWQmKyITLDHRpquKKcFd/fI66V42XKfh3jdrrZuijjKcwhnUwYUraMEdtKEDBFJ4hld4s56sF+vd+liOlqxi5wT+wPr8AeZikpY=</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit>

V2(X)
<latexit sha1_base64="PDdTb7dqqBFzOLXOz8sXt9g5eOw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu36zPoywngRh1p9f+HbNaTgLoHXiFqQGBdq+/TUcxSSNqNCEY6UGrpNoL8NSM8LpvDJMFU0wmeIxHRgqcESVly2Cz9G5UUYojKV5QqOF+nsjw5FSsygwk3lEterl4n/eINXhtZcxkaSaCrI8FKYc6RjlLaARk5RoPjMEE8lMVkQmWGKiTVcVU4K7+uV10m02XKfh3l/WWjdFHWU4hTOogwtX0II7aEMHCKTwDK/wZj1ZL9a79bEcLVnFzgn8gfX5A+fykpc=</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit>

N

M C

N

M C

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

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>

cg
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

V1(X)
<latexit sha1_base64="IC47gc+4tmdoBrstOPcaSJ59t5s=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu75bH0ZYT4Iw688vfLvmNJwF0DpxC1KDAm3f/hqOYpJGVGjCsVID10m0l2GpGeF0XhmmiiaYTPGYDgwVOKLKyxbB5+jcKCMUxtI8odFC/b2R4UipWRSYyTyiWvVy8T9vkOrw2suYSFJNBVkeClOOdIzyFtCISUo0nxmCiWQmKyITLDHRpquKKcFd/fI66V42XKfh3jdrrZuijjKcwhnUwYUraMEdtKEDBFJ4hld4s56sF+vd+liOlqxi5wT+wPr8AeZikpY=</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit>

V2(X)
<latexit sha1_base64="PDdTb7dqqBFzOLXOz8sXt9g5eOw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu36zPoywngRh1p9f+HbNaTgLoHXiFqQGBdq+/TUcxSSNqNCEY6UGrpNoL8NSM8LpvDJMFU0wmeIxHRgqcESVly2Cz9G5UUYojKV5QqOF+nsjw5FSsygwk3lEterl4n/eINXhtZcxkaSaCrI8FKYc6RjlLaARk5RoPjMEE8lMVkQmWGKiTVcVU4K7+uV10m02XKfh3l/WWjdFHWU4hTOogwtX0II7aEMHCKTwDK/wZj1ZL9a79bEcLVnFzgn8gfX5A+fykpc=</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit>

N

M C

Observed
Masked

Spatial
<latexit sha1_base64="G3X6Iki72j+IdsVVSoEmaYR2O7g=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmLiiexy0SPRi0eM8pHAhsyWAg3dbtN2TciGH+HFg8Z49fd4899YYA8KvqTpy3szmZkXKcGN9f1vr7CxubW9U9wt7e0fHB6Vj09aJkk1ZU2aiER3IjRMcMmallvBOkozjCPB2tHkdu63n5g2PJGPdqpYGONI8iGnaJ3UflDuR9EvV/yqvwBZJ0FOKpCj0S9/9QYJTWMmLRVoTDfwlQ0z1JZTwWalXmqYQjrBEes6KjFmJswW687IhVMGZJho96QlC/V3R4axMdM4cpUx2rFZ9ebif143tcPrMONSpZZJuhw0TAWxCZnfTgZcM2rF1BGkmrtdCR2jRmpdQiUXQrB68jpp1aqBXw3ua5X6TR5HEc7gHC4hgCuowx00oAkUJvAMr/DmKe/Fe/c+lqUFL+85hT/wPn8AVeePjA==</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit>

imputation
<latexit sha1_base64="zxxsTS8ou5dm4po10KdmFcERQEY=">AAAB8XicbVDLSgMxFL2pr1pfVZdugkVwVWa60WXRjcsK9oHtUDJppg1NMkOSEcrQv3DjQhG3/o07/8Z0OgttPRA4nHMvueeEieDGet43Km1sbm3vlHcre/sHh0fV45OOiVNNWZvGIta9kBgmuGJty61gvUQzIkPBuuH0duF3n5g2PFYPdpawQJKx4hGnxDrpkcsktTkdVmte3cuB14lfkBoUaA2rX4NRTFPJlKWCGNP3vcQGGdGWU8HmlUFqWELolIxZ31FFJDNBll88xxdOGeEo1u4pi3P190ZGpDEzGbpJSezErHoL8T+vn9roOsi4crGYosuPolRgG+NFfDzimlErZo4Qqrm7FdMJ0YRaV1LFleCvRl4nnUbd9+r+faPWvCnqKMMZnMMl+HAFTbiDFrSBgoJneIU3ZNALekcfy9ESKnZO4Q/Q5w8P8ZEm</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit>

Channel
<latexit sha1_base64="tWIWHHin/ON2tWQ3QgbQzxkkg0s=">AAAB7nicbVBNT8JAEJ3iF+IX6tHLRmLiibRc9Ejk4hETCyTQkO0yhQ3bbbO7NSENP8KLB43x6u/x5r9xgR4UfMkkL+/NZGZemAqujet+O6Wt7Z3dvfJ+5eDw6PikenrW0UmmGPosEYnqhVSj4BJ9w43AXqqQxqHAbjhtLfzuEyrNE/loZikGMR1LHnFGjZW6rQmVEsWwWnPr7hJkk3gFqUGB9rD6NRglLItRGiao1n3PTU2QU2U4EzivDDKNKWVTOsa+pZLGqIN8ee6cXFllRKJE2ZKGLNXfEzmNtZ7Foe2MqZnodW8h/uf1MxPdBjmXaWZQstWiKBPEJGTxOxlxhcyImSWUKW5vJWxCFWXGJlSxIXjrL2+STqPuuXXvoVFr3hVxlOECLuEaPLiBJtxDG3xgMIVneIU3J3VenHfnY9VacoqZc/gD5/MHNYePdw==</latexit><latexit sha1_base64="x96/qkGRnDxFdaiK2ITVoMxN0Hc=">AAACE3icjVC7SgNBFL0bXzG+opY2g0GwCrtpTBlMY6lgHpAsYXZyNxkyO7vMzAphyUdY2PgrNiK2Nnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjBpzv3OAyrNY3lvpgn6ER1JHnJGjZU6zTGVEsWgXHGr7gJknXg5qUCO/8UH5c/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4ubZuTCKkMSxso+achC/TmR0UjraRTYZETNWK96c/Evr5easO5nXCapQcmWi8JUEBOTeUFkyBUyI6aWUKa4/SthY6ooM7bGkj3dWz10nbRrVc+tene1SuM676wIZ3AOl+DBFTTgBm6hBQwm8AjP8Oo8OS/Om/O+jBacfOYUfsH5+Abwh5bw</latexit><latexit sha1_base64="x96/qkGRnDxFdaiK2ITVoMxN0Hc=">AAACE3icjVC7SgNBFL0bXzG+opY2g0GwCrtpTBlMY6lgHpAsYXZyNxkyO7vMzAphyUdY2PgrNiK2Nnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjBpzv3OAyrNY3lvpgn6ER1JHnJGjZU6zTGVEsWgXHGr7gJknXg5qUCO/8UH5c/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4ubZuTCKkMSxso+achC/TmR0UjraRTYZETNWK96c/Evr5easO5nXCapQcmWi8JUEBOTeUFkyBUyI6aWUKa4/SthY6ooM7bGkj3dWz10nbRrVc+tene1SuM676wIZ3AOl+DBFTTgBm6hBQwm8AjP8Oo8OS/Om/O+jBacfOYUfsH5+Abwh5bw</latexit><latexit sha1_base64="x96/qkGRnDxFdaiK2ITVoMxN0Hc=">AAACE3icjVC7SgNBFL0bXzG+opY2g0GwCrtpTBlMY6lgHpAsYXZyNxkyO7vMzAphyUdY2PgrNiK2Nnb+jZNkC00sPDBwOOdc7twTJIJr47pfTmFjc2t7p7hb2ts/ODwqH5+0dZwqhi0Wi1h1A6pRcIktw43AbqKQRoHATjBpzv3OAyrNY3lvpgn6ER1JHnJGjZU6zTGVEsWgXHGr7gJknXg5qUCO/8UH5c/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4ubZuTCKkMSxso+achC/TmR0UjraRTYZETNWK96c/Evr5easO5nXCapQcmWi8JUEBOTeUFkyBUyI6aWUKa4/SthY6ooM7bGkj3dWz10nbRrVc+tene1SuM676wIZ3AOl+DBFTTgBm6hBQwm8AjP8Oo8OS/Om/O+jBacfOYUfsH5+Abwh5bw</latexit>

imputation
<latexit sha1_base64="zxxsTS8ou5dm4po10KdmFcERQEY=">AAAB8XicbVDLSgMxFL2pr1pfVZdugkVwVWa60WXRjcsK9oHtUDJppg1NMkOSEcrQv3DjQhG3/o07/8Z0OgttPRA4nHMvueeEieDGet43Km1sbm3vlHcre/sHh0fV45OOiVNNWZvGIta9kBgmuGJty61gvUQzIkPBuuH0duF3n5g2PFYPdpawQJKx4hGnxDrpkcsktTkdVmte3cuB14lfkBoUaA2rX4NRTFPJlKWCGNP3vcQGGdGWU8HmlUFqWELolIxZ31FFJDNBll88xxdOGeEo1u4pi3P190ZGpDEzGbpJSezErHoL8T+vn9roOsi4crGYosuPolRgG+NFfDzimlErZo4Qqrm7FdMJ0YRaV1LFleCvRl4nnUbd9+r+faPWvCnqKMMZnMMl+HAFTbiDFrSBgoJneIU3ZNALekcfy9ESKnZO4Q/Q5w8P8ZEm</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit>

Spatial
<latexit sha1_base64="G3X6Iki72j+IdsVVSoEmaYR2O7g=">AAAB7nicbVBNTwIxEJ3FL8Qv1KOXRmLiiexy0SPRi0eM8pHAhsyWAg3dbtN2TciGH+HFg8Z49fd4899YYA8KvqTpy3szmZkXKcGN9f1vr7CxubW9U9wt7e0fHB6Vj09aJkk1ZU2aiER3IjRMcMmallvBOkozjCPB2tHkdu63n5g2PJGPdqpYGONI8iGnaJ3UflDuR9EvV/yqvwBZJ0FOKpCj0S9/9QYJTWMmLRVoTDfwlQ0z1JZTwWalXmqYQjrBEes6KjFmJswW687IhVMGZJho96QlC/V3R4axMdM4cpUx2rFZ9ebif143tcPrMONSpZZJuhw0TAWxCZnfTgZcM2rF1BGkmrtdCR2jRmpdQiUXQrB68jpp1aqBXw3ua5X6TR5HEc7gHC4hgCuowx00oAkUJvAMr/DmKe/Fe/c+lqUFL+85hT/wPn8AVeePjA==</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit><latexit sha1_base64="hTIJTVhsVYvURMjyS09gwa/lZu4=">AAACE3icjVC7TsMwFL0pr1JeBUYWiwqJqUq60LGChREEfUhtVDnuTWvVcSLbQaqifgQDC7/CghArCxt/g9tmgJaBK1k+Oudc2ecEieDauO6XU1hb39jcKm6Xdnb39g/Kh0ctHaeKYZPFIladgGoUXGLTcCOwkyikUSCwHYyvZnr7AZXmsbw3kwT9iA4lDzmjxlLtu8TeVPTLFbfqzoesAi8HFcjnf/Z++bM3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXQsljVD72TzTlJxZZkDCWNkjDZmzPzcyGmk9iQLrjKgZ6WVtRv6ldVMT1v2MyyQ1KNnioTAVxMRkVhAZcIXMiIkFlClu/0rYiCrKjK2xZKN7y0FXQatW9dyqd1urNC7zzopwAqdwDh5cQAOu4QaawGAMj/AMr86T8+K8Oe8La8HJd47h1zgf3xP/lwU=</latexit>

imputation
<latexit sha1_base64="zxxsTS8ou5dm4po10KdmFcERQEY=">AAAB8XicbVDLSgMxFL2pr1pfVZdugkVwVWa60WXRjcsK9oHtUDJppg1NMkOSEcrQv3DjQhG3/o07/8Z0OgttPRA4nHMvueeEieDGet43Km1sbm3vlHcre/sHh0fV45OOiVNNWZvGIta9kBgmuGJty61gvUQzIkPBuuH0duF3n5g2PFYPdpawQJKx4hGnxDrpkcsktTkdVmte3cuB14lfkBoUaA2rX4NRTFPJlKWCGNP3vcQGGdGWU8HmlUFqWELolIxZ31FFJDNBll88xxdOGeEo1u4pi3P190ZGpDEzGbpJSezErHoL8T+vn9roOsi4crGYosuPolRgG+NFfDzimlErZo4Qqrm7FdMJ0YRaV1LFleCvRl4nnUbd9+r+faPWvCnqKMMZnMMl+HAFTbiDFrSBgoJneIU3ZNALekcfy9ESKnZO4Q/Q5w8P8ZEm</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit><latexit sha1_base64="nh5Q2O2JN0XJD8GVGEmZ2c0UVQo=">AAACFnicjVDLSgMxFL3xWeur6tJNsAiuykw3uiy6calgH9gOJZNm2tAkMyQZoQz9Cxdu/BU3Im7FnX9jOp2Fti48EDiccy8354SJ4MZ63hdaWV1b39gsbZW3d3b39isHhy0Tp5qyJo1FrDshMUxwxZqWW8E6iWZEhoK1w/HVzG8/MG14rO7sJGGBJEPFI06JddI9l0lqc9qvVL2alwMvE78gVSjwv/F+5bM3iGkqmbJUEGO6vpfYICPacirYtNxLDUsIHZMh6zqqiGQmyPJYU3zqlAGOYu2esjhXf25kRBozkaGblMSOzKI3E//yuqmNLoKMK5edKTo/FKUC2xjPOsIDrhm1YuIIoZq7v2I6IppQ65osu+j+YtBl0qrXfK/m39arjcuisxIcwwmcgQ/n0IBruIEmUFDwCM/wip7QC3pD7/PRFVTsHMEvoI9vBWSYnw==</latexit>

c

z
<latexit sha1_base64="Gu1NCMCzoTTCsy+PqCg18gApkoI=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X4Qa+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz8AUpEe</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit><latexit sha1_base64="yhdDcMRDr6cShZArX9tRe3viC8A=">AAACFnicjVC7SgNBFL0bXzG+opY2g0GwCrsiaBm0sVQwD0xCmJ3cTYbMzi4zs0Jc8hcWNv6KjYit2Pk3ziZbaGLhgYHDOfdy5xw/Flwb1/1yCkvLK6trxfXSxubW9k55d6+ho0QxrLNIRKrlU42CS6wbbgS2YoU09AU2/dFl5jfvUWkeyVszjrEb0oHkAWfUWOmuE1Iz9IP0YdIrV9yqOwVZJF5OKpDjf+O98menH7EkRGmYoFq3PTc23ZQqw5nASamTaIwpG9EBti2VNETdTaexJuTIKn0SRMo+achU/bmR0lDrcejbySyGnvcy8S+vnZjgvJtyGScGJZsdChJBTESyjkifK2RGjC2hTHH7V8KGVFFmbJMlG92bD7pIGidVz616N6eV2kXeWREO4BCOwYMzqMEVXEMdGEh4hGd4dZ6cF+fNeZ+NFpx8Zx9+wfn4BvREmJc=</latexit>

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>

cg
<latexit sha1_base64="EiJK/E3trRLz9TAmnUyajZ6CuPw=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipORqUK27VXYCsEy8nFcjRGJS/+sOYpRFKwwTVuue5ifEzqgxnAmelfqoxoWxCR9izVNIItZ8tDp2RC6sMSRgrW9KQhfp7IqOR1tMosJ0RNWO96s3F/7xeasIbP+MySQ1KtlwUpoKYmMy/JkOukBkxtYQyxe2thI2poszYbEo2BG/15XXSvqp6btVrXlfqt3kcRTiDc7gED2pQh3toQAsYIDzDK7w5j86L8+58LFsLTj5zCn/gfP4AzHWM6w==</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit><latexit sha1_base64="h+gMwNGZpoFBJZsuaxyztCcYiPM=">AAACDXicjVC7SgNBFL0bXzG+opY2g0GwCrsixDJoY2nAPCBZwuzkbjJkdnaZmRXCki+wsPFXbERs7e38GyfJFppYeGDgcM653LknSATXxnW/nMLa+sbmVnG7tLO7t39QPjxq6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8M/PbD6g0j+W9mSToR3QoecgZNVZqDPvlilt15yCrxMtJBXL8L94vf/YGMUsjlIYJqnXXcxPjZ1QZzgROS71UY0LZmA6xa6mkEWo/m18zJWdWGZAwVvZJQ+bqz4mMRlpPosAmI2pGetmbiX953dSEV37GZZIalGyxKEwFMTGZVUMGXCEzYmIJZYrbvxI2oooyYwss2dO95UNXSeui6rlVr3FZqV/nnRXhBE7hHDyoQR1u4Q6awADhEZ7h1XlyXpw3530RLTj5zDH8gvPxDTDMlGQ=</latexit>

V1(X)
<latexit sha1_base64="IC47gc+4tmdoBrstOPcaSJ59t5s=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu75bH0ZYT4Iw688vfLvmNJwF0DpxC1KDAm3f/hqOYpJGVGjCsVID10m0l2GpGeF0XhmmiiaYTPGYDgwVOKLKyxbB5+jcKCMUxtI8odFC/b2R4UipWRSYyTyiWvVy8T9vkOrw2suYSFJNBVkeClOOdIzyFtCISUo0nxmCiWQmKyITLDHRpquKKcFd/fI66V42XKfh3jdrrZuijjKcwhnUwYUraMEdtKEDBFJ4hld4s56sF+vd+liOlqxi5wT+wPr8AeZikpY=</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit><latexit sha1_base64="GBZZvIJwtmemLWvN+CbWnfTyZos=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuimJFHRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8d36IMJ6HIRZb3bm2zWn4cyBVolbkBoU+N+4b38MhjFJIyo04Vipvusk2suw1IxwOqsMUkUTTCZ4RPuGChxR5WXzdDN0apQhCmNpntBorv7cyHCk1DQKzGSeQy17ufiX1091eOllTCSppoIsDoUpRzpGeVVoyCQlmk8NwUQy81dExlhiok2hFRPdXQ66SjrnDddpuHfNWuuq6KwMx3ACdXDhAlpwA7fQBgIpPMIzvFpP1ov1Zr0vRktWsXMEv2B9fgMHr5oP</latexit>

V2(X)
<latexit sha1_base64="PDdTb7dqqBFzOLXOz8sXt9g5eOw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdOOygn1AG8JkOmmHTiZhZiLU0C9x40IRt36KO//GSZuFth4YOJxzL/fMCRLOlHacb6u0sbm1vVPereztHxxW7aPjropTSWiHxDyW/QArypmgHc00p/1EUhwFnPaC6W3u9x6pVCwWD3qWUC/CY8FCRrA2km9Xu36zPoywngRh1p9f+HbNaTgLoHXiFqQGBdq+/TUcxSSNqNCEY6UGrpNoL8NSM8LpvDJMFU0wmeIxHRgqcESVly2Cz9G5UUYojKV5QqOF+nsjw5FSsygwk3lEterl4n/eINXhtZcxkaSaCrI8FKYc6RjlLaARk5RoPjMEE8lMVkQmWGKiTVcVU4K7+uV10m02XKfh3l/WWjdFHWU4hTOogwtX0II7aEMHCKTwDK/wZj1ZL9a79bEcLVnFzgn8gfX5A+fykpc=</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit><latexit sha1_base64="7JRX0Et5aQq/zEpCWNKt/rUATaM=">AAACHXicjVDLSsNAFL2pr1ofjbp0M1iEuilJEXRZdONSwT6gDWEynbRDJ5MwMxFK6Je4cOOvuBFx4Ub8GydtFtq68MDA4Zx7uXNOkHCmtON8WaW19Y3NrfJ2ZWd3b79qHxx2VJxKQtsk5rHsBVhRzgRta6Y57SWS4ijgtBtMrnO/+0ClYrG419OEehEeCRYygrWRfLva8Zv1QYT1OAiz3uzMt2tOw5kDrRK3IDUo8L9x3/4YDGOSRlRowrFSfddJtJdhqRnhdFYZpIommEzwiPYNFTiiysvm6Wbo1ChDFMbSPKHRXP25keFIqWkUmMk8h1r2cvEvr5/q8NLLmEhSTQVZHApTjnSM8qrQkElKNJ8agolk5q+IjLHERJtCKya6uxx0lXSaDddpuHfntdZV0VkZjuEE6uDCBbTgBm6hDQRSeIRneLWerBfrzXpfjJasYucIfsH6/AYJZJoQ</latexit>

N

M C

N

M C

N
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Pretext task:
<latexit sha1_base64="VMeuvc2vfyA+AHAzkYocCSFdoSw=">AAAB/HicbVDLSgNBEJz1GeNrNUcvg0HwFHZzUTwFvXiMYB6QLGF20psMmX0w0ysuS/wVLx4U8eqHePNvnCR70MSChqKqm+4uP5FCo+N8W2vrG5tb26Wd8u7e/sGhfXTc1nGqOLR4LGPV9ZkGKSJooUAJ3UQBC30JHX9yM/M7D6C0iKN7zBLwQjaKRCA4QyMN7Ere9wPaVIDwiBSZnkyvBnbVqTlz0FXiFqRKCjQH9ld/GPM0hAi5ZFr3XCdBL2cKBZcwLfdTDQnjEzaCnqERC0F7+fz4KT0zypAGsTIVIZ2rvydyFmqdhb7pDBmO9bI3E//zeikGl14uoiRFiPhiUZBKijGdJUGHQgFHmRnCuBLmVsrHTDGOJq+yCcFdfnmVtOs116m5d/Vq47qIo0ROyCk5Jy65IA1yS5qkRTjJyDN5JW/Wk/VivVsfi9Y1q5ipkD+wPn8AbtqUnA==</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit><latexit sha1_base64="fnleugXJCTQ80HYdhUMPkE4rjgg=">AAACIXicjVC7SgNBFJ2NrxhfqyltBoNgFXbTKFZBG8sI5gHJEmYnd5Mhsw9m7orLkm+xsPFXbETSiT/j5FFoYuGBgcM553LnHj+RQqPjfFqFjc2t7Z3ibmlv/+DwyD4+aek4VRyaPJax6vhMgxQRNFGghE6igIW+hLY/vp357UdQWsTRA2YJeCEbRiIQnKGR+nY57/kBbShAeEKKTI8n13274lSdOeg6cZekQpb4X7xvT3uDmKchRMgl07rrOgl6OVMouIRJqZdqSBgfsyF0DY1YCNrL5xdO6LlRBjSIlXkR0rn6cyJnodZZ6JtkyHCkV72Z+JfXTTG48nIRJSlCxBeLglRSjOmsLjoQCjjKzBDGlTB/pXzEFONoSi2Z093VQ9dJq1Z1nap7X6vUb5adFckpOSMXxCWXpE7uSIM0CScZeSav5N16sd6sD2u6iBas5UyZ/IL19Q3WDJwV</latexit>
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Masked Autoencoder (MAE)

[He, Chen, Xie, et al. 2021]

Courtesy of He, et al. Used under CC BY.
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Bidirectional Transformers (BERT)

[He, Chen, Xie, et al. 2021]
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2 CHAPTER 1. TRANSFORMERS

should direct their attention to the neurons on the layer before that represent the color of
the car. We will soon see how this is done, in full detail, but first we need to introduce a
new data structure and a new way of thinking about neural processing.

1.3 A new data type: tokens

We discussed that the main data structures in deep learning are di↵erent kinds of groups of
neurons – channels, tensors, batches, etc. Now we will introduce another fundamental data
structure, tokens. A “token” is another kind of group of neurons, but there are particular
ways we will operate over tokens that are di↵erent from how we operated over channels,
batches, and the other groupings we saw before. Specifically, we will think of tokens as
encapsulated groups of information; we will define operators over tokens, and these operators
will be our only interface for accessing and modifying the internal contents of tokens. From
a programming languages perspective, you can think of tokens as a new data type.

In this chapter we will only consider token whose internal content is a vector of neurons.
We will call this vector the token’s code vector; the code for a token t will be labeled as t.z.

Although we are only
considering vector-valued

tokens in this chapter, it’s
easy to imagine tokens

that are any kind of
structured group. We

just need to define how
basic operators, like

summation, operate over
these groups (and,

ideally, in a di↵erentiable
manner).

Transformers consist of two main operations over tokens: 1) mixing tokens via a weighted
sum, and 2) modifying each individual token via a nonlinear transformation. These opera-
tions are analogous to the two workhorses of regular neural nets: the linear layer and the
pointwise nonlinearity. Before we get to that, though, how do we turn data into tokens in
the first place?

1.3.1 Tokenizing data

The first step to working with tokens is to tokenize the raw input data. Once we have done
this, all subsequent layers will operate over tokens, until the output layer, which will make
some decision or prediction as a function of the final set of tokens. How can we tokenize an
input image? Well, how did we “neuronize” an image for processing in a vanilla neural net?
We simply represented each pixel in the image with a neuron (or three neurons, if it’s a color
image). To tokenize an image, we may simply represent each patch of pixels in the image
with a token. The token vector is the vectorized patch (stacking the three color channels one
after the other). With each patch represented by a token, the full image corresponds to an
array of tokens. Here’s what it looks like to tokenize an image of guineafowl in this way:

…

…

tokens

…

tokens

patches

input

1.3.2 Mixing tokens

Once we have converted our data to tokens, we now need to define operations for transforming
these tokens and eventually making decisions based on them. The first key operation we will
define is how to take linear combinations of tokens.
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Masked prediction often works better than autoencoding
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Masked prediction often works better than autoencoding

Why? 

• Hypothesis 1: It’s hard to control compression via a dimensional bottleneck. 
Requires fiddling with the architecture. Low-dimensional embeddings have bad 
properties in terms of optimization, etc. 

• Hypothesis 2: Autoencoders have shortcuts where they can copy part of the input 
and get a decent loss. They fall into these traps (local minima) even if global 
minimizer is in fact good. 

• Hypothesis 3: Masked prediction is closer to the downstream problems we care 
about, which are mainly about prediction. 

• Still an open question!

Ongoing science!
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1. Deep nets learn representations, just like our brains do

2. This is useful because representations transfer — they act as prior
knowledge that enables quick learning on new tasks

3. Representations can also be learned without labels, which is great since
labels are expensive and limiting

4. Without labels there are many ways to learn representations. We saw:

1. representations as compressed codes

2. representations as predictions of missing data

Summary
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