
Last block:

Classify an image into one of two classes by
 Stack some pooling, FC layers on an encoder
 Adjust result into a vector
 Pass to linear classifier
Learn all parameters with SGD and various losses 
 get training examples right
  
Idea:
 exploit this machinery to improve training
 exploit this machinery to segment image
 



Multi-class classification

Example:
 Attach a label to each pixel in the image
 Label is chosen from k alternatives
  eg:  road, car, sky, lamppost, tree, sidewalk, pedestrian, 
   unknown



Multiclass classification
Attach a one-hot vector to each example
 k dimensional, all entries zero except one which is one
 corresponding to true class

Produce one score per class 
 per location .
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Multi-class classification



Loss for multi-class classification



This is also a cross-entropy



Some more detail...
Achieve this by constructing decoder to have k-dim vector at 

each location
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Interest points:  Finding interest points

Superpoint:
 Break 8M X 8N image into 8x8 windows
 Classify each window into 65 classes:
  64 locations and one “no-interest point in this window”
  so decoder produces 65 X M X N block
 [This can be refined...]

Training:
 First, make a lot of synthetic images with known corner locations
  then train purely discriminatively (you know where the corners are!)



Yields MagicPoint

But you can do better...



Heatmaps

Take the 65 x M x N block, compute the probabilities, 
 drop the “no interest point” score to get a 64 x M x N block of scores
 These don’t sum to one, cause one option is missing.

Turn this into a 1 x (8 M) x (8 N) “image” – each pixel has a value that 
indicates the ”probability” of an interest point at that location

 
 



Using MagicPoint heatmaps to train ....
Now take a natural image     , form a heatmap
 Apply an affine transform A, to get A(I) and H(A(I))

    should be the same as              where they overlap!

Idea:
 get a collection of random affine transformations A_n
 Now compute an average of 

Second, use this as a target distribution for training
  

<latexit sha1_base64="OCbPmyY9OSChLkpugJ/D2vvZ2Ac=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBA8hV3xdfAQ8KK3COYByRJmJ7PJkNnZdaZXCEt+wosHRbz6O978GyfJHjSxoKGo6qa7K0ikMOi6387S8srq2npho7i5tb2zW9rbb5g41YzXWSxj3Qqo4VIoXkeBkrcSzWkUSN4MhjcTv/nEtRGxesBRwv2I9pUIBaNopVbWYVSSu3G3VHYr7hRkkXg5KUOOWrf01enFLI24QiapMW3PTdDPqEbBJB8XO6nhCWVD2udtSxWNuPGz6b1jcmyVHgljbUshmaq/JzIaGTOKAtsZURyYeW8i/ue1Uwyv/EyoJEWu2GxRmEqCMZk8T3pCc4ZyZAllWthbCRtQTRnaiIo2BG/+5UXSOK14F5Xz+7Ny9TqPowCHcAQn4MElVOEWalAHBhKe4RXenEfnxXl3PmatS04+cwB/4Hz+AK51j7s=</latexit>

I
<latexit sha1_base64="x0ENZSjubtpp/4fhOLyvI1DL0dw=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgqiTia+Gi4KbuKtgHJKFMppN26OTBzI1QQlZu/BU3LhRx6ze482+ctllo64ELZ865l7n3+IngCizr2ygtLa+srpXXKxubW9s75u5eW8WppKxFYxHLrk8UEzxiLeAgWDeRjIS+YB1/dDPxOw9MKh5H9zBOmBeSQcQDTgloqWceZi4lAjdyV7AAnNnrNnclHwzB65lVq2ZNgReJXZAqKtDsmV9uP6ZpyCKggijl2FYCXkYkcCpYXnFTxRJCR2TAHE0jEjLlZdMzcnyslT4OYqkrAjxVf09kJFRqHPq6MyQwVPPeRPzPc1IIrryMR0kKLKKzj4JUYIjxJBPc55JREGNNCJVc74rpkEhCQSdX0SHY8ycvkvZpzb6ond+dVevXRRxldICO0Amy0SWqowZqohai6BE9o1f0ZjwZL8a78TFrLRnFzD76A+PzBxkwmOM=</latexit>

H [I]

<latexit sha1_base64="x0ENZSjubtpp/4fhOLyvI1DL0dw=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgqiTia+Gi4KbuKtgHJKFMppN26OTBzI1QQlZu/BU3LhRx6ze482+ctllo64ELZ865l7n3+IngCizr2ygtLa+srpXXKxubW9s75u5eW8WppKxFYxHLrk8UEzxiLeAgWDeRjIS+YB1/dDPxOw9MKh5H9zBOmBeSQcQDTgloqWceZi4lAjdyV7AAnNnrNnclHwzB65lVq2ZNgReJXZAqKtDsmV9uP6ZpyCKggijl2FYCXkYkcCpYXnFTxRJCR2TAHE0jEjLlZdMzcnyslT4OYqkrAjxVf09kJFRqHPq6MyQwVPPeRPzPc1IIrryMR0kKLKKzj4JUYIjxJBPc55JREGNNCJVc74rpkEhCQSdX0SHY8ycvkvZpzb6ond+dVevXRRxldICO0Amy0SWqowZqohai6BE9o1f0ZjwZL8a78TFrLRnFzD76A+PzBxkwmOM=</latexit>

H [I]
<latexit sha1_base64="z0h+sJFG+sJsaZ2ZRWqiFd6rHGo=">AAACNXicbVDLSgMxFM34rPU16tJNsAhuLDPia+GixU0FFxXsAzpjyaSZNjTzILkjlGF+yo3/4UoXLhRx6y+YPha29UDIuefcS3KPFwuuwLLejIXFpeWV1dxafn1jc2vb3NmtqyiRlNVoJCLZ9IhigoesBhwEa8aSkcATrOH1r4d+45FJxaPwHgYxcwPSDbnPKQEttc3b1KFE4HL2kB7bmSOYD62xVJmqylPVTeZI3u2BO321zYJVtEbA88SekAKaoNo2X5xORJOAhUAFUaplWzG4KZHAqWBZ3kkUiwntky5raRqSgCk3HW2d4UOtdLAfSX1CwCP170RKAqUGgac7AwI9NesNxf+8VgL+pZvyME6AhXT8kJ8IDBEeRog7XDIKYqAJoZLrv2LaI5JQ0EHndQj27MrzpH5StM+LZ3enhdLVJI4c2kcH6AjZ6AKVUAVVUQ1R9IRe0Qf6NJ6Nd+PL+B63LhiTmT00BePnF7qgrKk=</latexit>

A
→1 [H [A [I]]]

<latexit sha1_base64="CsHjsXAiM+AnST+wytvMMgclIsI="></latexit>

1

N

∑

i

A
→1 [H [A [I]]]



SuperPoint

Target heatmap



Locating the interest points

Take the scores from the trained decoder, threshold
 interest points at locations where the score>threshold

These are on 8M x 8N grid



Real improvements from heatmap



Learning to describe the interest point
Add a second decoder.
 This decodes to a d x M x N block of descriptors
  (but the interest point locations are on (8M x8N) 
  grid – upsample and interpolate) 

Now use a version of the affine trick
 For image I and image A(I) you know which pairs of tiles 

correspond



Tiles



Descriptors are unit vectors



Tile correspondences




