
Lecture 7: Digital Imaging Pipeline, Template Matching

CPSC 425: Computer Vision 

( unless otherwise stated slides are taken or adopted from Bob Woodham, Jim Little and Fred Tung )

Image Credit: https://docs.adaptive-vision.com/4.7/studio/machine_vision_guide/TemplateMatching.html

https://docs.adaptive-vision.com/4.7/studio/machine_vision_guide/TemplateMatching.html


Menu for Today
Topics: 

— Digital Imaging Pipeline 
— Scaled Representations  

Readings: 

— Today’s Lecture:  Szeliski 2.3, 3.5, Forsyth & Ponce (2nd ed.) 4.5 - 4.7

Reminders: 

— Assignment 1 is due today 
— Assignment 2: Scaled Representations, Face Detection and Image Blending 
— Lecture notes for last week will be available soon (running a bit late)

— Template Matching 
— Normalised Correlation 



Assignment 2: Preview — Part 1: Face Detection



Assignment 2: Preview — Part 2: Image Blending
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Lecture 6: Re-cap 

In the continuous case, images are functions of two spatial variables, x and y.  

The discrete case is obtained from the continuous case via sampling (i.e. 
spatial tessellation, grayscale quantization).  

If a signal is bandlimited then it is possible to design a sampling strategy such 
that the sampled signal captures the underlying continuous signal exactly.  

If we know what we imaging (position and texture of objects, etc.) and how (distance of those 
object to the camera, lens parameters of the camera, etc.) then we can calculate what 
resolution sensor we may need to “trust” our imaging 



Lecture 6: Re-cap 

“Color” is not an objective physical property of light (electromagnetic radiation). 
Instead, light is characterized by its wavelength. 

Color Filter Arrays (CFAs) allow capturing of mosaiced color information; the 
layout of the mosaic is called Bayer pattern. 

Demosaicing is the process of taking the RAW image and interpolating 
missing color pixels per channel  
 



Template Matching

 
How can we find a part of one image that matches another?  

or, 

How can we find instances of a pattern in an image?  



Template Matching

 
How can we find a part of one image that matches another?  

or, 

How can we find instances of a pattern in an image?  

Key Idea: Use the pattern as a template  
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We can think of convolution/correlation as comparing a template (the filter) 
with each local image patch.  
— Consider the filter and image patch as vectors.  
— Applying a filter at an image location can be interpreted as computing the 
dot product between the filter and the local image patch.  
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We can think of convolution/correlation as comparing a template (the filter) 
with each local image patch.  
— Consider the filter and image patch as vectors.  
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dot product between the filter and the local image patch.  
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We can think of convolution/correlation as comparing a template (the filter) 
with each local image patch.  
— Consider the filter and image patch as vectors.  
— Applying a filter at an image location can be interpreted as computing the 
dot product between the filter and the local image patch.  
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We can think of convolution/correlation as comparing a template (the filter) 
with each local image patch.  
— Consider the filter and image patch as vectors.  
— Applying a filter at an image location can be interpreted as computing the 
dot product between the filter and the local image patch.  
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The dot product may be large simply because the image region is bright.  
We need to normalize the result in some way. 



Similarity measures between a filter      local image region   

Correlation, CORR =   

Normalised Correlation,  NCORR =

Template Matching

Sum Squared Difference,  SSD =  

Normalized correlation varies between −1 and 1, attains the value 1 when the 
filter and image region are identical (up to a scale factor)  

Minimising SSD and maximizing Normalized Correlation  
are equivalent if 
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Template Matching

Slide Credit: Kristen Grauman

Assuming template is all positive, what does this tell us about correlation map? 
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Detection can be done by comparing correlation map score to a threshold

What happens if the threshold is relatively low? 
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Slide Credit: Kristen Grauman

Detection can be done by comparing correlation map score to a threshold

What happens if the threshold is very high (e.g., 0.99)? 
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Detection can be done by comparing correlation map score to a threshold

What happens if the threshold is very high (e.g., 0.99)? 



Linear filtering the entire image computes the entire set of dot products, one 
for each possible alignment of filter and image  

Important Insight: 
— filters look like the pattern they are intended to find  
— filters find patterns they look like  

Linear filtering is sometimes referred to as template matching  

Template Matching



Template Matching
Let    and    be vectors. Let    be the angle between them. We know  

where · is dot product and | | is vector magnitude  
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1. Normalize the template / filter (  ) in the beginning  
2. Compute norm of |  | by convolving squared image with a filter of all 1’s of 

equal size to the the template and square-rooting the response 
3. We can compute the dot product by correlation of image (  ) with normalized 

filter (  ) 
4. We can finally compute the normalized correlation by dividing element-wise 

result in Step 3 by result in Step 2
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Example 1:

Credit: W. Freeman et al., “Computer Vision for Interactive Computer Graphics,” 
IEEE Computer Graphics and Applications, 1998 
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Credit: W. Freeman et al., “Computer Vision for Interactive Computer Graphics,” 
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Example 1:

Credit: W. Freeman et al., “Computer Vision for Interactive Computer Graphics,” 
IEEE Computer Graphics and Applications, 1998 

Template (left), image (middle), 
normalized correlation (right)  

Note peak value at the true 
position of the hand
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When might template matching fail? 

— Different scales

— Different orientation

— Lighting conditions

— Left vs. Right hand

— Partial Occlusions

— Different Perspective

— Motion / blur

Template Matching



Good News:  
— works well in presence of noise  
— relatively easy to compute  

Bad News:  
— sensitive to (spatial) scale change 
— sensitive to 2D rotation  

More Bad News:  
     When imaging 3D worlds: 
     — sensitive to viewing direction and pose  
     — sensitive to conditions of illumination 

Template Matching Summary



When might template matching fail? 

— Different scales

Template Matching



Scaled Representations
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Scaled Representations
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<latexit sha1_base64="saKR3KZm3Z+8M4kdEpacviwrh4k=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCpJEXUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehVi65p6WTO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDeG+QUw==</latexit>

2M

<latexit sha1_base64="RVL3pQMUVbL+LsQwd0ZamVwGz0c=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJFHUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehdlJyT0vlO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDe3mQVQ==</latexit>

4M

<latexit sha1_base64="ycyYCYNNi3LA5/C/3pChRSwm/TE=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJiHYjFt24EarYC7ShTKaTduhkEmYmQgl9AzcuFHHbh3HvRnwbp00X2vrDwMf/n8Occ/yYM6Ud59vKLS2vrK7l1+2Nza3tncLuXl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB6kjceqVQsEg96GFMvxD3BAkawNtZ9+bZTKDolZyq0CO4Mipcf9kU8/rKrncJnuxuRJKRCE46VarlOrL0US80IpyO7nSgaYzLAPdoyKHBIlZdOJx2hI+N0URBJ84RGU/d3R4pDpYahbypDrPtqPpuY/2WtRAdlL2UiTjQVJPsoSDjSEZqsjbpMUqL50AAmkplZEeljiYk2x7HNEdz5lRehflJyz0qnd06xcgWZ8nAAh3AMLpxDBW6gCjUgEMATvMCrNbCerTfrPSvNWbOeffgja/wDgY2QWQ==</latexit>

8M

<latexit sha1_base64="ycyYCYNNi3LA5/C/3pChRSwm/TE=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJiHYjFt24EarYC7ShTKaTduhkEmYmQgl9AzcuFHHbh3HvRnwbp00X2vrDwMf/n8Occ/yYM6Ud59vKLS2vrK7l1+2Nza3tncLuXl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB6kjceqVQsEg96GFMvxD3BAkawNtZ9+bZTKDolZyq0CO4Mipcf9kU8/rKrncJnuxuRJKRCE46VarlOrL0US80IpyO7nSgaYzLAPdoyKHBIlZdOJx2hI+N0URBJ84RGU/d3R4pDpYahbypDrPtqPpuY/2WtRAdlL2UiTjQVJPsoSDjSEZqsjbpMUqL50AAmkplZEeljiYk2x7HNEdz5lRehflJyz0qnd06xcgWZ8nAAh3AMLpxDBW6gCjUgEMATvMCrNbCerTfrPSvNWbOeffgja/wDgY2QWQ==</latexit>

8M

<latexit sha1_base64="RVL3pQMUVbL+LsQwd0ZamVwGz0c=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJFHUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehdlJyT0vlO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDe3mQVQ==</latexit>

4M

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N



= Template
Scaled Representations

<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M
<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M

<latexit sha1_base64="saKR3KZm3Z+8M4kdEpacviwrh4k=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCpJEXUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehVi65p6WTO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDeG+QUw==</latexit>

2M

<latexit sha1_base64="saKR3KZm3Z+8M4kdEpacviwrh4k=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCpJEXUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehVi65p6WTO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDeG+QUw==</latexit>

2M

<latexit sha1_base64="RVL3pQMUVbL+LsQwd0ZamVwGz0c=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJFHUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehdlJyT0vlO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDe3mQVQ==</latexit>

4M

<latexit sha1_base64="ycyYCYNNi3LA5/C/3pChRSwm/TE=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJiHYjFt24EarYC7ShTKaTduhkEmYmQgl9AzcuFHHbh3HvRnwbp00X2vrDwMf/n8Occ/yYM6Ud59vKLS2vrK7l1+2Nza3tncLuXl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB6kjceqVQsEg96GFMvxD3BAkawNtZ9+bZTKDolZyq0CO4Mipcf9kU8/rKrncJnuxuRJKRCE46VarlOrL0US80IpyO7nSgaYzLAPdoyKHBIlZdOJx2hI+N0URBJ84RGU/d3R4pDpYahbypDrPtqPpuY/2WtRAdlL2UiTjQVJPsoSDjSEZqsjbpMUqL50AAmkplZEeljiYk2x7HNEdz5lRehflJyz0qnd06xcgWZ8nAAh3AMLpxDBW6gCjUgEMATvMCrNbCerTfrPSvNWbOeffgja/wDgY2QWQ==</latexit>

8M

<latexit sha1_base64="ycyYCYNNi3LA5/C/3pChRSwm/TE=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJiHYjFt24EarYC7ShTKaTduhkEmYmQgl9AzcuFHHbh3HvRnwbp00X2vrDwMf/n8Occ/yYM6Ud59vKLS2vrK7l1+2Nza3tncLuXl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB6kjceqVQsEg96GFMvxD3BAkawNtZ9+bZTKDolZyq0CO4Mipcf9kU8/rKrncJnuxuRJKRCE46VarlOrL0US80IpyO7nSgaYzLAPdoyKHBIlZdOJx2hI+N0URBJ84RGU/d3R4pDpYahbypDrPtqPpuY/2WtRAdlL2UiTjQVJPsoSDjSEZqsjbpMUqL50AAmkplZEeljiYk2x7HNEdz5lRehflJyz0qnd06xcgWZ8nAAh3AMLpxDBW6gCjUgEMATvMCrNbCerTfrPSvNWbOeffgja/wDgY2QWQ==</latexit>

8M

<latexit sha1_base64="RVL3pQMUVbL+LsQwd0ZamVwGz0c=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJFHUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehdlJyT0vlO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDe3mQVQ==</latexit>

4M

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N



<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N

Scaled Representations

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N
<latexit sha1_base64="TmLF/BxksNd1hOAxTEu1/WW+tUg=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmKqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rlkntSOr4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHCWUHA==</latexit>

N

2

<latexit sha1_base64="TmLF/BxksNd1hOAxTEu1/WW+tUg=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmKqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rlkntSOr4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHCWUHA==</latexit>

N

2

<latexit sha1_base64="4zbmXBMFFmrIdYrHnYwskONBncs=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmkqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rHJfekVL4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHy+UHg==</latexit>

N

4
<latexit sha1_base64="4zbmXBMFFmrIdYrHnYwskONBncs=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmkqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rHJfekVL4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHy+UHg==</latexit>

N

4

<latexit sha1_base64="HZIkJ740LBLRQArMSh5H+yNoP/A=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUlEtMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgLPspE3ECVJDxojDhNkh7+L/dYYoS4ANDMFHM3GqTHjYpgEkpb0Jwp1+eJfXjkntaOrkzadygMXJoD+2jI+SiM1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAJUOUIg==</latexit>

N

8
<latexit sha1_base64="HZIkJ740LBLRQArMSh5H+yNoP/A=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUlEtMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgLPspE3ECVJDxojDhNkh7+L/dYYoS4ANDMFHM3GqTHjYpgEkpb0Jwp1+eJfXjkntaOrkzadygMXJoD+2jI+SiM1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAJUOUIg==</latexit>

N

8

= Template<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M
<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M



<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N

Scaled Representations

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N
<latexit sha1_base64="TmLF/BxksNd1hOAxTEu1/WW+tUg=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmKqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rlkntSOr4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHCWUHA==</latexit>

N

2

<latexit sha1_base64="TmLF/BxksNd1hOAxTEu1/WW+tUg=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmKqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rlkntSOr4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHCWUHA==</latexit>

N

2

<latexit sha1_base64="4zbmXBMFFmrIdYrHnYwskONBncs=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmkqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rHJfekVL4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHy+UHg==</latexit>

N

4
<latexit sha1_base64="4zbmXBMFFmrIdYrHnYwskONBncs=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmkqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rHJfekVL4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHy+UHg==</latexit>

N

4

<latexit sha1_base64="HZIkJ740LBLRQArMSh5H+yNoP/A=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUlEtMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgLPspE3ECVJDxojDhNkh7+L/dYYoS4ANDMFHM3GqTHjYpgEkpb0Jwp1+eJfXjkntaOrkzadygMXJoD+2jI+SiM1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAJUOUIg==</latexit>

N

8
<latexit sha1_base64="HZIkJ740LBLRQArMSh5H+yNoP/A=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUlEtMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgLPspE3ECVJDxojDhNkh7+L/dYYoS4ANDMFHM3GqTHjYpgEkpb0Jwp1+eJfXjkntaOrkzadygMXJoD+2jI+SiM1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAJUOUIg==</latexit>

N

8

= Template<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M
<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M



<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N

Scaled Representations

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N
<latexit sha1_base64="TmLF/BxksNd1hOAxTEu1/WW+tUg=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmKqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rlkntSOr4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHCWUHA==</latexit>

N

2

<latexit sha1_base64="TmLF/BxksNd1hOAxTEu1/WW+tUg=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmKqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rlkntSOr4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHCWUHA==</latexit>

N

2

<latexit sha1_base64="4zbmXBMFFmrIdYrHnYwskONBncs=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmkqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rHJfekVL4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHy+UHg==</latexit>

N

4
<latexit sha1_base64="4zbmXBMFFmrIdYrHnYwskONBncs=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmkqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rHJfekVL4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHy+UHg==</latexit>

N

4

<latexit sha1_base64="HZIkJ740LBLRQArMSh5H+yNoP/A=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUlEtMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgLPspE3ECVJDxojDhNkh7+L/dYYoS4ANDMFHM3GqTHjYpgEkpb0Jwp1+eJfXjkntaOrkzadygMXJoD+2jI+SiM1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAJUOUIg==</latexit>

N

8
<latexit sha1_base64="HZIkJ740LBLRQArMSh5H+yNoP/A=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUlEtMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgLPspE3ECVJDxojDhNkh7+L/dYYoS4ANDMFHM3GqTHjYpgEkpb0Jwp1+eJfXjkntaOrkzadygMXJoD+2jI+SiM1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAJUOUIg==</latexit>

N

8

= Template<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M
<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M



Scaled Representations

Why build a scaled representation of 
the image instead of scaled 

representation of the template? 



<latexit sha1_base64="7IrGRKpM+Nkrs8SuoG2j8Dq2fFU="></latexit>

M2N2 + 4M2N2 + 16M2N2 +
+ 64M2N2 = 85M2N2

Scaled Representations
= Template<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M
<latexit sha1_base64="XV/4gTiqb9Hq1k39JFYybYt43GU=">AAAB6HicbZC7SgNBFIbPxltcb1FLm8UgWIVdEbURgzY2QgLmAskSZidnkzGzs8vMrBBCnsDGQhFbfRh7G/FtnFwKTfxh4OP/z2HOOUHCmdKu+21lFhaXlleyq/ba+sbmVm57p6riVFKs0JjHsh4QhZwJrGimOdYTiSQKONaC3tUor92jVCwWt7qfoB+RjmAho0Qbq3zTyuXdgjuWMw/eFPIXH/Z58v5ll1q5z2Y7pmmEQlNOlGp4bqL9AZGaUY5Du5kqTAjtkQ42DAoSofIH40GHzoFx2k4YS/OEdsbu744BiZTqR4GpjIjuqtlsZP6XNVIdnvkDJpJUo6CTj8KUOzp2Rls7bSaRat43QKhkZlaHdokkVJvb2OYI3uzK81A9KngnheOymy9ewkRZ2IN9OAQPTqEI11CCClBAeIAneLburEfrxXqdlGasac8u/JH19gMHkZAX</latexit>

M

<latexit sha1_base64="saKR3KZm3Z+8M4kdEpacviwrh4k=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCpJEXUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehVi65p6WTO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDeG+QUw==</latexit>

2M

<latexit sha1_base64="saKR3KZm3Z+8M4kdEpacviwrh4k=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCpJEXUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehVi65p6WTO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDeG+QUw==</latexit>

2M

<latexit sha1_base64="RVL3pQMUVbL+LsQwd0ZamVwGz0c=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJFHUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehdlJyT0vlO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDe3mQVQ==</latexit>

4M

<latexit sha1_base64="ycyYCYNNi3LA5/C/3pChRSwm/TE=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJiHYjFt24EarYC7ShTKaTduhkEmYmQgl9AzcuFHHbh3HvRnwbp00X2vrDwMf/n8Occ/yYM6Ud59vKLS2vrK7l1+2Nza3tncLuXl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB6kjceqVQsEg96GFMvxD3BAkawNtZ9+bZTKDolZyq0CO4Mipcf9kU8/rKrncJnuxuRJKRCE46VarlOrL0US80IpyO7nSgaYzLAPdoyKHBIlZdOJx2hI+N0URBJ84RGU/d3R4pDpYahbypDrPtqPpuY/2WtRAdlL2UiTjQVJPsoSDjSEZqsjbpMUqL50AAmkplZEeljiYk2x7HNEdz5lRehflJyz0qnd06xcgWZ8nAAh3AMLpxDBW6gCjUgEMATvMCrNbCerTfrPSvNWbOeffgja/wDgY2QWQ==</latexit>

8M

<latexit sha1_base64="ycyYCYNNi3LA5/C/3pChRSwm/TE=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJiHYjFt24EarYC7ShTKaTduhkEmYmQgl9AzcuFHHbh3HvRnwbp00X2vrDwMf/n8Occ/yYM6Ud59vKLS2vrK7l1+2Nza3tncLuXl1FiSS0RiIeyaaPFeVM0JpmmtNmLCkOfU4b/uB6kjceqVQsEg96GFMvxD3BAkawNtZ9+bZTKDolZyq0CO4Mipcf9kU8/rKrncJnuxuRJKRCE46VarlOrL0US80IpyO7nSgaYzLAPdoyKHBIlZdOJx2hI+N0URBJ84RGU/d3R4pDpYahbypDrPtqPpuY/2WtRAdlL2UiTjQVJPsoSDjSEZqsjbpMUqL50AAmkplZEeljiYk2x7HNEdz5lRehflJyz0qnd06xcgWZ8nAAh3AMLpxDBW6gCjUgEMATvMCrNbCerTfrPSvNWbOeffgja/wDgY2QWQ==</latexit>

8M

<latexit sha1_base64="RVL3pQMUVbL+LsQwd0ZamVwGz0c=">AAAB6XicbZDLSsNAFIZP6q3GW9Wlm8EiuCqJFHUjFt24EaqYttCGMplO2qGTSZiZCCX0Ddy4UMRtH8a9G/FtnF4W2vrDwMf/n8Occ4KEM6Ud59vKLS2vrK7l1+2Nza3tncLuXk3FqSTUIzGPZSPAinImqKeZ5rSRSIqjgNN60L8e5/VHKhWLxYMeJNSPcFewkBGsjXVfvm0Xik7JmQgtgjuD4uWHfZGMvuxqu/DZ6sQkjajQhGOlmq6TaD/DUjPC6dBupYommPRxlzYNChxR5WeTSYfoyDgdFMbSPKHRxP3dkeFIqUEUmMoI656az8bmf1kz1eG5nzGRpJoKMv0oTDnSMRqvjTpMUqL5wAAmkplZEelhiYk2x7HNEdz5lRehdlJyT0vlO6dYuYKp8nAAh3AMLpxBBW6gCh4QCOEJXuDV6lvP1pv1Pi3NWbOeffgja/QDe3mQVQ==</latexit>

4M

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N



<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N

<latexit sha1_base64="5tNwLIeDnhfxycQsRFaHQF0JMA0="></latexit>

M2N2 +M2

✓
N

2

◆2

+M2

✓
N

4

◆2

+M2

✓
N

8

◆2

⇡ 1
1

2
M2N2

Scaled Representations

<latexit sha1_base64="Vq5YdFGe6eFTM7gL6pOXWqTywtM=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV0R9WbAi14kAfOAZAmzk95kzOzsMjMrhJAv8OJBEa9+kXjzb5xsctDEgoaiqpvuriARXBvX/XaWlldW19ZzG/nNre2d3cLefl3HqWJYY7GIVTOgGgWXWDPcCGwmCmkUCGwEg+uJ33hEpXks780wQT+iPclDzqixUvWuUyi6JTcDWSTejBSvPiFDpVP4andjlkYoDRNU65bnJsYfUWU4EzjOt1ONCWUD2sOWpZJGqP1RduiYHFulS8JY2ZKGZOrviRGNtB5Gge2MqOnreW8i/ue1UhNe+iMuk9SgZNNFYSqIicnka9LlCpkRQ0soU9zeSlifKsqMzSZvQ/DmX14k9dOSd146q7rF8u00DcjBIRzBCXhwAWW4gQrUgAHCE7zAq/PgPDtvzvu0dcmZzRzAHzgfPxoMje0=</latexit>

N
<latexit sha1_base64="TmLF/BxksNd1hOAxTEu1/WW+tUg=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmKqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rlkntSOr4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHCWUHA==</latexit>

N

2

<latexit sha1_base64="TmLF/BxksNd1hOAxTEu1/WW+tUg=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmKqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rlkntSOr4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHCWUHA==</latexit>

N

2

<latexit sha1_base64="4zbmXBMFFmrIdYrHnYwskONBncs=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmkqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rHJfekVL4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHy+UHg==</latexit>

N

4
<latexit sha1_base64="4zbmXBMFFmrIdYrHnYwskONBncs=">AAAB8nicbVDLSsNAFJ34rPVVFdy4CVbBVUmkqMuKIrqRCvYBaSiT6aQdOpkJMzdCCdn4D25cKOLWr3Hnp7hz+lho64ELh3Pu5d57gpgzDY7zZc3NLywuLedW8qtr6xubha3tupaJIrRGJJeqGWBNORO0Bgw4bcaK4ijgtBH0L4Z+44EqzaS4h0FM/Qh3BQsZwWAkrxUqTNLbLC1n7ULRKTkj2LPEnZBi5fxq9/H78qDaLny2OpIkERVAONbac50Y/BQrYITTLN9KNI0x6eMu9QwVOKLaT0cnZ/ahUTp2KJUpAfZI/T2R4kjrQRSYzghDT097Q/E/z0sgPPNTJuIEqCDjRWHCbZD28H+7wxQlwAeGYKKYudUmPWxSAJNS3oTgTr88S+rHJfekVL4zadygMXJoD+2jI+SiU1RB16iKaoggiZ7QC3q1wHq23qz3ceucNZnZQX9gffwAHy+UHg==</latexit>

N

4
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Scaled Representations: Goals

to find template matches at all scales  
— template size constant, image scale varies 
— finding hands or faces when we don’t know what size they are in the image  

efficient search for image–to–image correspondences  
— look first at coarse scales, refine at finer scales  
— much less cost (but may miss best match)  

to examine all levels of detail  
—  find edges with different amounts of blur  
—  find textures with different spatial frequencies (i.e., different levels of detail)  
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We can’t shrink an image simply by taking every second pixel  

Why? 
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Any signal can be written as a sum of sinusoidal functions

? ?

Recall: Fourier Representation

= +

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Recall: Aliasing

Signal has been sampled too infrequently — result = Aliasing

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



To avoid aliasing a signal must be sampled at twice the maximum frequency:

Nyquist Sampling

fs > 2⇥ fmax

1

For Images: We need to sample the underlying continuous signal at least once 
per pixel to avoid aliasing (assuming a correctly sampled image)

undersampling = aliasing



Template Matching: Sub-sample with Gaussian Pre-filtering

Gaussian filter 
delete even rows 

delete even 
columns

1/2

1/4

1/8

Apply a smoothing filter first, then throw away half the 
rows and columns

Gaussian filter 
delete even rows 

delete even 
columns

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



1/2 1/4 (2x zoom) 1/8 (4x zoom)

Template Matching: Sub-sample with Gaussian Pre-filtering

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Template Matching: Sub-sample with NO Pre-filtering

1/2 1/4 (2x zoom) 1/8 (4x zoom)

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Gaussian Pre-filtering 

Question: How much smoothing is needed to avoid aliasing?



Gaussian Pre-filtering 

Question: How much smoothing is needed to avoid aliasing?

Answer: Smoothing should be sufficient to ensure that the resulting image 
is band limited “enough” to ensure we can sample every other pixel.

Practically: For every image reduction of 0.5, smooth by � = 1



Image Pyramid

An image pyramid is an efficient way to represent an image at multiple scales 

In a Gaussian pyramid, each layer is smoothed by a Gaussian filter and 
resampled to get the next layer, taking advantage of the fact that 

G�1(x)⌦G�2(x) = Gp
�2
1+�2

2
(x)
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An image pyramid is an efficient way to represent an image at multiple scales 
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Example 2: Gaussian Pyramid 

Forsyth & Ponce (2nd ed.) Figure 4.17
Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)
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Forsyth & Ponce (2nd ed.) Figure 4.17

What happens to the details? 
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     to higher levels

What is preserved at the higher levels? 
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     original image
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Gaussian vs Laplacian Pyramid
Shown in opposite 

order for space

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)
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blur

blur

G3

÷2

blur

G4

÷2

÷2

G2

Blur with a Gaussian 
kernel, then select 

every 2nd pixel

Is(x, y) = I(x, y) ⇤ g�(x, y)

Gaussian Pyramid



G1

G2

G3

G4

blur

÷2

blur

÷2

blur

÷2

Blur with a Gaussian 
kernel, then select 

every 2nd pixel

Is(x, y) = I(x, y) ⇤ g�(x, y)

Gaussian Pyramid
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Gaussian Pyramid
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Gaussian Pyramid
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Laplacian Pyramid

Building a Laplacian pyramid:  
— Create a Gaussian pyramid 
— Take the difference between one Gaussian pyramid level and the next  

Properties  
— Computes a Laplacian / Difference-of-Gaussian (DoG) function of the image 
at multiple scales 
— It is a band pass filter – each level represents a different band of spatial 
frequencies  



89

Laplacian Pyramid
At each level, retain the residuals 
instead of the blurred images 
themselves.

Why is it called Laplacian Pyramid?

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Why Laplacian Pyramid? 
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unit Gaussian Laplacian

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Why Laplacian Pyramid? 
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unit Gaussian Laplacian

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)
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Laplacian Pyramid
At each level, retain the residuals 
instead of the blurred images 
themselves.

Can we reconstruct the original image 
using the pyramid? 
— Yes we can!

Why is it called Laplacian Pyramid?

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)
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Laplacian Pyramid
At each level, retain the residuals 
instead of the blurred images 
themselves.

Can we reconstruct the original image 
using the pyramid? 
— Yes we can!

What do we need to store to be able 
to reconstruct the original image?

Why is it called Laplacian Pyramid?

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Let’s start by just looking at one level 

94

= +

level 0 residual

Does this mean we need to store both residuals and the blurred copies of the 
original?

level 1 (upsampled)

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Constructing a Laplacian Pyramid 
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repeat:
filter

subsample
until min resolution reached

Algorithm

compute residual

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Constructing a Laplacian Pyramid 

96

repeat:
filter

subsample
until min resolution reached

Algorithm

compute residual

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)

Loss-lessLossy Lossy Loss-less



Constructing a Laplacian Pyramid 

97

repeat:
filter

subsample
until min resolution reached

Algorithm

compute residual

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)

Loss-lessLossy



Constructing a Laplacian Pyramid 

98

repeat:
filter

subsample
until min resolution reached

Algorithm

compute residual

What is this part?

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Constructing a Laplacian Pyramid 

99

repeat:
filter

subsample
until min resolution reached

Algorithm

compute residual

It’s a Gaussian 
Pyramid

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Constructing a Laplacian Pyramid 

100

repeat:
filter

subsample
until min resolution reached

Algorithm

compute residual

It’s a Gaussian 
Pyramid

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)

This is a Laplacian 
Pyramid



Reconstructing the Original Image 
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repeat:

upsample

until orig resolution reached

Algorithm

sum with residual

Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)



Gaussian vs Laplacian Pyramid

102

Shown in opposite 
order for space

Which one takes  
more space to 

store?
Slide Credit: Ioannis (Yannis) Gkioulekas (CMU)


