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Food distribution placement

2 [https://commons.wikimedia.org/wiki/File:Food_Truck_-_The_Noun_Project.svg; 
https://www.feedingamerica.org/; https://www.mealsonwheelsamerica.org/]

Yes Free Lunch



3

• Where should I have 
my k food trucks park? 

• Want to minimize the 
loss of people we serve 

• Person i location 
• Food truck j location  
• Index of truck where 

person i walks: 
• Loss if i walks to truck j: 

• Loss across all people: 

[https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]

x1: longitude

x 2
: l

at
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de
Food distribution placement

• a.k.a. k-means objective



k-means algorithm

4

k-means(k, )<latexit sha1_base64="XnYwJp1FpdaFNvdWnkiIjOe1mVI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbt0swm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKOZSH2k6qNbcujsHWSVeQWpQoDmofvWHMUsjrpBJakzPcxP0M6pRMMlnlX5qeELZhI54z1JFI278bH7rjJxZZUjCWNtSSObq74mMRsZMo8B2RhTHZtnLxf+8XorhjZ8JlaTIFVssClNJMCb542QoNGcop5ZQpoW9lbAx1ZShjadiQ/CWX14l7Yu6d1V3Hy5rjdsijjKcwCmcgwfX0IB7aEILGIzhGV7hzYmcF+fd+Vi0lpxi5hj+wPn8ASJ/jkw=</latexit>⌧

x1: longitude

x 2
: l

at
itu

de

Data here is n 

feature vectors; 

no labels



k-means algorithm

4

k-means(k, ) 
Init 

<latexit sha1_base64="XnYwJp1FpdaFNvdWnkiIjOe1mVI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbt0swm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKOZSH2k6qNbcujsHWSVeQWpQoDmofvWHMUsjrpBJakzPcxP0M6pRMMlnlX5qeELZhI54z1JFI278bH7rjJxZZUjCWNtSSObq74mMRsZMo8B2RhTHZtnLxf+8XorhjZ8JlaTIFVssClNJMCb542QoNGcop5ZQpoW9lbAx1ZShjadiQ/CWX14l7Yu6d1V3Hy5rjdsijjKcwCmcgwfX0IB7aEILGIzhGV7hzYmcF+fd+Vi0lpxi5hj+wPn8ASJ/jkw=</latexit>⌧

x1: longitude

x 2
: l

at
itu

de

Some options: 

1. Choose k data points 

uniformly at random, 

without replacement 

2. Choose uniformly at 

random within the span 

of the data



k-means algorithm

4

k-means(k, ) 
Init 
for t = 1 to 

for i = 1 to n 

for j = 1 to k

<latexit sha1_base64="XnYwJp1FpdaFNvdWnkiIjOe1mVI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbt0swm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKOZSH2k6qNbcujsHWSVeQWpQoDmofvWHMUsjrpBJakzPcxP0M6pRMMlnlX5qeELZhI54z1JFI278bH7rjJxZZUjCWNtSSObq74mMRsZMo8B2RhTHZtnLxf+8XorhjZ8JlaTIFVssClNJMCb542QoNGcop5ZQpoW9lbAx1ZShjadiQ/CWX14l7Yu6d1V3Hy5rjdsijjKcwCmcgwfX0IB7aEILGIzhGV7hzYmcF+fd+Vi0lpxi5hj+wPn8ASJ/jkw=</latexit>⌧

x1: longitude

x 2
: l

at
itu

de

<latexit sha1_base64="XnYwJp1FpdaFNvdWnkiIjOe1mVI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbt0swm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKOZSH2k6qNbcujsHWSVeQWpQoDmofvWHMUsjrpBJakzPcxP0M6pRMMlnlX5qeELZhI54z1JFI278bH7rjJxZZUjCWNtSSObq74mMRsZMo8B2RhTHZtnLxf+8XorhjZ8JlaTIFVssClNJMCb542QoNGcop5ZQpoW9lbAx1ZShjadiQ/CWX14l7Yu6d1V3Hy5rjdsijjKcwCmcgwfX0IB7aEILGIzhGV7hzYmcF+fd+Vi0lpxi5hj+wPn8ASJ/jkw=</latexit>⌧

<latexit sha1_base64="wNuQrY/jeeIQ1a9ZD5CouJcnTMM=">AAAB8XicbVBNSwMxEJ31s9avqkcvwSLUS9kVRS9C0YvHCvYD27Vk02wbmk2WJCssS/+FFw+KePXfePPfmLZ70NYHA4/3ZpiZF8ScaeO6387S8srq2npho7i5tb2zW9rbb2qZKEIbRHKp2gHWlDNBG4YZTtuxojgKOG0Fo5uJ33qiSjMp7k0aUz/CA8FCRrCx0kP6mFXYyRhdoV6p7FbdKdAi8XJShhz1Xumr25ckiagwhGOtO54bGz/DyjDC6bjYTTSNMRnhAe1YKnBEtZ9NLx6jY6v0USiVLWHQVP09keFI6zQKbGeEzVDPexPxP6+TmPDSz5iIE0MFmS0KE46MRJP3UZ8pSgxPLcFEMXsrIkOsMDE2pKINwZt/eZE0T6veedW9OyvXrvM4CnAIR1ABDy6gBrdQhwYQEPAMr/DmaOfFeXc+Zq1LTj5zAH/gfP4AI4yP6A==</latexit>

y(i) =



k-means algorithm

4

k-means(k, ) 
Init 
for t = 1 to 

for i = 1 to n 

for j = 1 to k

<latexit sha1_base64="XnYwJp1FpdaFNvdWnkiIjOe1mVI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbt0swm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKOZSH2k6qNbcujsHWSVeQWpQoDmofvWHMUsjrpBJakzPcxP0M6pRMMlnlX5qeELZhI54z1JFI278bH7rjJxZZUjCWNtSSObq74mMRsZMo8B2RhTHZtnLxf+8XorhjZ8JlaTIFVssClNJMCb542QoNGcop5ZQpoW9lbAx1ZShjadiQ/CWX14l7Yu6d1V3Hy5rjdsijjKcwCmcgwfX0IB7aEILGIzhGV7hzYmcF+fd+Vi0lpxi5hj+wPn8ASJ/jkw=</latexit>⌧

x1: longitude

x 2
: l

at
itu

de

<latexit sha1_base64="XnYwJp1FpdaFNvdWnkiIjOe1mVI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbt0swm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKOZSH2k6qNbcujsHWSVeQWpQoDmofvWHMUsjrpBJakzPcxP0M6pRMMlnlX5qeELZhI54z1JFI278bH7rjJxZZUjCWNtSSObq74mMRsZMo8B2RhTHZtnLxf+8XorhjZ8JlaTIFVssClNJMCb542QoNGcop5ZQpoW9lbAx1ZShjadiQ/CWX14l7Yu6d1V3Hy5rjdsijjKcwCmcgwfX0IB7aEILGIzhGV7hzYmcF+fd+Vi0lpxi5hj+wPn8ASJ/jkw=</latexit>⌧

<latexit sha1_base64="wNuQrY/jeeIQ1a9ZD5CouJcnTMM=">AAAB8XicbVBNSwMxEJ31s9avqkcvwSLUS9kVRS9C0YvHCvYD27Vk02wbmk2WJCssS/+FFw+KePXfePPfmLZ70NYHA4/3ZpiZF8ScaeO6387S8srq2npho7i5tb2zW9rbb2qZKEIbRHKp2gHWlDNBG4YZTtuxojgKOG0Fo5uJ33qiSjMp7k0aUz/CA8FCRrCx0kP6mFXYyRhdoV6p7FbdKdAi8XJShhz1Xumr25ckiagwhGOtO54bGz/DyjDC6bjYTTSNMRnhAe1YKnBEtZ9NLx6jY6v0USiVLWHQVP09keFI6zQKbGeEzVDPexPxP6+TmPDSz5iIE0MFmS0KE46MRJP3UZ8pSgxPLcFEMXsrIkOsMDE2pKINwZt/eZE0T6veedW9OyvXrvM4CnAIR1ABDy6gBrdQhwYQEPAMr/DmaOfFeXc+Zq1LTj5zAH/gfP4AI4yP6A==</latexit>

y(i) =• i for loop: update 

the assignments 

• j for loop: update 

the cluster centers 

Observe: these two 

loops are not nested



k-means algorithm

4

k-means(k, ) 
Init 
for t = 1 to 

for i = 1 to n 

for j = 1 to k 

if  
break 

return 

<latexit sha1_base64="XnYwJp1FpdaFNvdWnkiIjOe1mVI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbt0swm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKOZSH2k6qNbcujsHWSVeQWpQoDmofvWHMUsjrpBJakzPcxP0M6pRMMlnlX5qeELZhI54z1JFI278bH7rjJxZZUjCWNtSSObq74mMRsZMo8B2RhTHZtnLxf+8XorhjZ8JlaTIFVssClNJMCb542QoNGcop5ZQpoW9lbAx1ZShjadiQ/CWX14l7Yu6d1V3Hy5rjdsijjKcwCmcgwfX0IB7aEILGIzhGV7hzYmcF+fd+Vi0lpxi5hj+wPn8ASJ/jkw=</latexit>⌧

x1: longitude

x 2
: l

at
itu

de

<latexit sha1_base64="XnYwJp1FpdaFNvdWnkiIjOe1mVI=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbt0swm7E6GE/gUvHhTx6h/y5r9x0+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu9zvPHFtRKwecZpwP6IjJULBKOZSH2k6qNbcujsHWSVeQWpQoDmofvWHMUsjrpBJakzPcxP0M6pRMMlnlX5qeELZhI54z1JFI278bH7rjJxZZUjCWNtSSObq74mMRsZMo8B2RhTHZtnLxf+8XorhjZ8JlaTIFVssClNJMCb542QoNGcop5ZQpoW9lbAx1ZShjadiQ/CWX14l7Yu6d1V3Hy5rjdsijjKcwCmcgwfX0IB7aEILGIzhGV7hzYmcF+fd+Vi0lpxi5hj+wPn8ASJ/jkw=</latexit>⌧

<latexit sha1_base64="wNuQrY/jeeIQ1a9ZD5CouJcnTMM=">AAAB8XicbVBNSwMxEJ31s9avqkcvwSLUS9kVRS9C0YvHCvYD27Vk02wbmk2WJCssS/+FFw+KePXfePPfmLZ70NYHA4/3ZpiZF8ScaeO6387S8srq2npho7i5tb2zW9rbb2qZKEIbRHKp2gHWlDNBG4YZTtuxojgKOG0Fo5uJ33qiSjMp7k0aUz/CA8FCRrCx0kP6mFXYyRhdoV6p7FbdKdAi8XJShhz1Xumr25ckiagwhGOtO54bGz/DyjDC6bjYTTSNMRnhAe1YKnBEtZ9NLx6jY6v0USiVLWHQVP09keFI6zQKbGeEzVDPexPxP6+TmPDSz5iIE0MFmS0KE46MRJP3UZ8pSgxPLcFEMXsrIkOsMDE2pKINwZt/eZE0T6veedW9OyvXrvM4CnAIR1ABDy6gBrdQhwYQEPAMr/DmaOfFeXc+Zq1LTj5zAH/gfP4AI4yP6A==</latexit>

y(i) =

No more changes 

from here

<latexit sha1_base64="eLlHpkLH1cVezJLUiuVRmE2W+r0=">AAAB/XicbVDLSsNAFJ34rPUVHzs3g0VwVRJRdCMU3bisYB/QhjCZTNqhkwczN2IMwV9x40IRt/6HO//GaZuFth64cDjnXu69x0sEV2BZ38bC4tLyymplrbq+sbm1be7stlWcSspaNBax7HpEMcEj1gIOgnUTyUjoCdbxRtdjv3PPpOJxdAdZwpyQDCIecEpAS665n7l5H9gDyDCPhV8U+BJnrlmz6tYEeJ7YJamhEk3X/Or7MU1DFgEVRKmebSXg5EQCp4IV1X6qWELoiAxYT9OIhEw5+eT6Ah9pxcdBLHVFgCfq74mchEploac7QwJDNeuNxf+8XgrBhZPzKEmBRXS6KEgFhhiPo8A+l4yCyDQhVHJ9K6ZDIgkFHVhVh2DPvjxP2id1+6xu3Z7WGldlHBV0gA7RMbLROWqgG9RELUTRI3pGr+jNeDJejHfjY9q6YJQze+gPjM8f1Z6VdA==</latexit>yold = y



Compare to classification

5

x1: longitude

x 2
: l

at
itu

de
• Did we just do k-class 

classification? 
• Looks like we assigned 

a label    , which takes 
k different values, to 
each feature vector 

• But we didn’t use any 
labeled data 

• The “labels” here don’t 
have meaning; I could 
permute them and 
have the same result



Compare to classification

5

x1: longitude

x 2
: l

at
itu

de
• Did we just do k-class 

classification? 
• Looks like we assigned 

a label    , which takes 
k different values, to 
each feature vector 

• But we didn’t use any 
labeled data 

• The “labels” here don’t 
have meaning; I could 
permute them and 
have the same result 

• Output is really a 
partition of the data
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• So what did we do? 
• We clustered the 

data: we grouped the 
data by similarity 
• Why not just plot 

the data? You 
should! But also: 
Precision, big data, 
high dimensions, 
high volume 

• An example of 
unsupervised 
learning: no labeled 
data, & we’re finding 
patterns



Clustering & related

k-means 
clustering

using k-means 
algorithm

clustering

unsupervised 
learning

• So what did we do? 
• We clustered the 

data: we grouped the 
data by similarity 
• Why not just plot 

the data? You 
should! But also: 
Precision, big data, 
high dimensions, 
high volume 

• An example of 
unsupervised 
learning: no labeled 
data, & we’re finding 
patterns

7



k-means algorithm: initialization

8

• Theorem. If run for 
enough outer iterations, 
the k-means algorithm 
will converge to a local 
minimum of the k-
means objective 

• That local minimum 
could be bad!

Is this clustering 

worse than the one 

we found before?

Why or why not?



k-means algorithm: initialization

8

• Theorem. If run for 
enough outer iterations, 
the k-means algorithm 
will converge to a local 
minimum of the k-
means objective 

• That local minimum 
could be bad! 

• The initialization can 
make a big difference 

• Some options: random 
restarts, k-means++

Suppose I run k-

means with 3 random 

restarts. What do I 

return?



k-means algorithm: effect of k

9 [https://stanford.edu/class/engr108/visualizations/kmeans/kmeans.html]

• Different k will give us different results 
• Larger k gets trucks closer to people

What is the optimal 

clustering if k = n?



[https://www.billboard.com/articles/columns/hip-hop/9490867/drake-son-adonis-photo-instagram; https://en.wikipedia.org/wiki/Francis_Drake#/media/
File:1590_or_later_Marcus_Gheeraerts,_Sir_Francis_Drake_Buckland_Abbey,_Devon.jpg; https://commons.wikimedia.org/wiki/File:Mandarin.duck.arp.jpg; https://en.wikipedia.org/wiki/Drake_University#/media/File:DrakeSeal.png]

k-means algorithm: choosing k

10

• Sometimes we know k

• Sometimes we’d like to choose/learn k 
• Can’t just minimize the k-means objective over k too

Why not?



[https://www.billboard.com/articles/columns/hip-hop/9490867/drake-son-adonis-photo-instagram; https://en.wikipedia.org/wiki/Francis_Drake#/media/
File:1590_or_later_Marcus_Gheeraerts,_Sir_Francis_Drake_Buckland_Abbey,_Devon.jpg; https://commons.wikimedia.org/wiki/File:Mandarin.duck.arp.jpg; https://en.wikipedia.org/wiki/Drake_University#/media/File:DrakeSeal.png]

k-means algorithm: choosing k

10

• Sometimes we know k

• Sometimes we’d like to choose/learn k 
• Can’t just minimize the k-means objective over k too

• How to choose k depends on what you’d like to do 
• E.g. cost-benefit trade-off 
• Often no single “right answer” 



Cluster shape

11

• k-means works well for 
well-separated circular 
clusters of the same 
size



Cluster shape

12

• k-means works well for 
well-separated circular 
clusters of the same 
size



Cluster shape
• k-means works well for 

well-separated circular 
clusters of the same 
size

13



Cluster shape
• k-means works well for 

well-separated circular 
clusters of the same 
size

14



Cluster shape
• k-means works well for 

well-separated circular 
clusters of the same 
size

15



Cluster shape
• k-means works well for 

well-separated circular 
clusters of the same 
size

15



• Regression: Learn a mapping 
to continuous values: 

• Binary/two-class classification: 
Learn a mapping:  
• Example: linear classification

Machine Learning Tasks

x1

<latexit sha1_base64="Zgso4r/5+qHuvA0cy8G5JHMuw8k=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbqZ+65FrI2L1gOOE+xEdKBEKRtFK9089r1euuFV3BrJMvJxUIEe9V/7q9mOWRlwhk9SYjucm6GdUo2CST0rd1PCEshEd8I6likbc+Nns1Ak5sUqfhLG2pZDM1N8TGY2MGUeB7YwoDs2iNxX/8zophpd+JlSSIldsvihMJcGYTP8mfaE5Qzm2hDIt7K2EDammDG06JRuCt/jyMmmeVb3z6tXdeaV2ncdRhCM4hlPw4AJqcAt1aACDATzDK7w50nlx3p2PeWvByWcO4Q+czx8PkI2s</latexit>

–+ +–+ + +–+ – +–
x1

<latexit sha1_base64="Zgso4r/5+qHuvA0cy8G5JHMuw8k=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbqZ+65FrI2L1gOOE+xEdKBEKRtFK9089r1euuFV3BrJMvJxUIEe9V/7q9mOWRlwhk9SYjucm6GdUo2CST0rd1PCEshEd8I6likbc+Nns1Ak5sUqfhLG2pZDM1N8TGY2MGUeB7YwoDs2iNxX/8zophpd+JlSSIldsvihMJcGYTP8mfaE5Qzm2hDIt7K2EDammDG06JRuCt/jyMmmeVb3z6tXdeaV2ncdRhCM4hlPw4AJqcAt1aACDATzDK7w50nlx3p2PeWvByWcO4Q+czx8PkI2s</latexit>

–+ o–+ o o–+ – o–

x1

<latexit sha1_base64="Zgso4r/5+qHuvA0cy8G5JHMuw8k=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbqZ+65FrI2L1gOOE+xEdKBEKRtFK9089r1euuFV3BrJMvJxUIEe9V/7q9mOWRlwhk9SYjucm6GdUo2CST0rd1PCEshEd8I6likbc+Nns1Ak5sUqfhLG2pZDM1N8TGY2MGUeB7YwoDs2iNxX/8zophpd+JlSSIldsvihMJcGYTP8mfaE5Qzm2hDIt7K2EDammDG06JRuCt/jyMmmeVb3z6tXdeaV2ncdRhCM4hlPw4AJqcAt1aACDATzDK7w50nlx3p2PeWvByWcO4Q+czx8PkI2s</latexit>

• Classification: 
Learn a mapping to 
a discrete set

• Supervised learning: Learn a 
mapping from features to 
labels

• Unsupervised 
learning: No labels; 
find patterns

Rd ! {�1,+1}

<latexit sha1_base64="oLHxEcZfR/aSCqt4K9AA10Bh2rM=">AAACBXicbVDLSsNAFJ3UV62vqEtdDBZBUEsiBXVXdOOyin1AE8tkMqlDJ5MwMxFKyMaNv+LGhSJu/Qd3/o2TNgttPTBwOOde5p7jxYxKZVnfRmlufmFxqbxcWVldW98wN7faMkoEJi0csUh0PSQJo5y0FFWMdGNBUOgx0vGGl7nfeSBC0ojfqlFM3BANOA0oRkpLfXPXCZG697z0JrtL/Qw6KoJOemwfHdpO1jerVs0aA84SuyBVUKDZN78cP8JJSLjCDEnZs61YuSkSimJGsoqTSBIjPEQD0tOUo5BINx2nyOC+VnwYREI/ruBY/b2RolDKUejpyfxmOe3l4n9eL1HBmZtSHieKcDz5KEgY1FHzSqBPBcGKjTRBWFB9K8T3SCCsdHEVXYI9HXmWtE9qdr12fl2vNi6KOspgB+yBA2CDU9AAV6AJWgCDR/AMXsGb8WS8GO/Gx2S0ZBQ72+APjM8fIh2Xsg==</latexit>

Rd ! Rk

<latexit sha1_base64="njjY+l1zLj5QWtzCt7weVudfz1w=">AAACCnicbVDLSsNAFL3xWesr6tLNaBFclUQK6q7oxmUV+4Amlslk0g6dPJiZCCVk7cZfceNCEbd+gTv/xknbRW09MHA4517mnuMlnEllWT/G0vLK6tp6aaO8ubW9s2vu7bdknApCmyTmseh4WFLOItpUTHHaSQTFocdp2xteF377kQrJ4uhejRLqhrgfsYARrLTUM4+cEKuB52V3+UPm58hRMZqVhnnPrFhVawy0SOwpqcAUjZ757fgxSUMaKcKxlF3bSpSbYaEY4TQvO6mkCSZD3KddTSMcUulm4yg5OtGKj4JY6BcpNFZnNzIcSjkKPT1ZXCnnvUL8z+umKrhwMxYlqaIRmXwUpBzpvEUvyGeCEsVHmmAimL4VkQEWmCjdXlmXYM9HXiSts6pdq17e1ir1q2kdJTiEYzgFG86hDjfQgCYQeIIXeIN349l4NT6Mz8nokjHdOYA/ML5+AQdCmyM=</latexit>

• Multi-class 
classification:  
> 2 label values
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