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Outline
Clustering basics

K-means: basic algorithm & extensions

Cluster evaluation

Non-parametric mode finding: density estimation

Graph & spectral clustering

Hierarchical clustering

K-Nearest Neighbor



Will Alice like the movie?
Alice and James are similar
James likes the movie à
Alice must/might also like the movie

Represent data as vectors of feature 
values

Find closest (Euclidean norm) points

Nearest neighbor classifier



Nearest neighbor classifier

Training data is in the form of 
Fruit data:

label: {apples, oranges, lemons}
attributes: {width, height}

height

width



Nearest neighbor classifier

test data

(a, b) ?
lemon

(c, d) ?
apple



KTNearest&Neighbor&Methods&

•  To&classify&a&new&input&vector&x,&examine&the&kTclosest&training&data&points&to&x&
and&assign&the&object&to&the&most&frequently&occurring&class&

x 

k=1 

k=5 

common values for k: 3, 5 



k-Nearest neighbor classifier
Take majority vote among the k nearest neighbors

outlier



k-Nearest neighbor classifier
Take majority vote among the k nearest neighbors

outlier What is 
the 

effect 
of k?



Decision&Boundaries&

•  The&nearest&neighbor&algorithm&does&not&explicitly&compute&decision&
boundaries.&&However,&the&decision&boundaries&form&a&subset&of&the&Voronoi&
diagram&for&the&training&data.&

  The more examples that are stored, the more complex the decision boundaries 
can become 



Decision boundaries: 1NN



Example&results&for&kTNN&

13.3 k-Nearest-Neighbor Classifiers 467
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Training Error: 0.145
Test Error:       0.225
Bayes Error:    0.210

FIGURE 13.4. k-nearest-neighbors on the two-class mixture data. The upper
panel shows the misclassification errors as a function of neighborhood size. Stan-
dard error bars are included for 10-fold cross validation. The lower panel shows
the decision boundary for 7-nearest-neighbors, which appears to be optimal for
minimizing test error. The broken purple curve in the background is the Bayes
decision boundary.
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Training Error: 0.145
Test Error:       0.225
Bayes Error:    0.210

FIGURE 13.4. k-nearest-neighbors on the two-class mixture data. The upper
panel shows the misclassification errors as a function of neighborhood size. Stan-
dard error bars are included for 10-fold cross validation. The lower panel shows
the decision boundary for 7-nearest-neighbors, which appears to be optimal for
minimizing test error. The broken purple curve in the background is the Bayes
decision boundary.

[Figures&from&Has8e&and&Tibshirani,&Chapter&13]&



Choice of features
We are assuming that all features are equally important
What happens if we scale one of the features by a factor of 100?

Choice of distance function
Euclidean, cosine similarity (angle), Gaussian, etc …
Should the coordinates be independent? 

Choice of k

Inductive bias of the kNN classifier



Distance&
•  Notation: object with p measurements 

•  Most common distance metric is Euclidean distance: 

•  ED makes sense when different measurements are commensurate; each 
is variable measured in the same units.   

•  If the measurements are different, say length and weight, it is not clear. 



Standardiza8on&

When variables are not commensurate, we can standardize 
them by dividing by the sample standard deviation.  This 
makes them all equally important. 

The estimate for the standard deviation of xk : 

where xk is the sample mean: 



Weighted&Euclidean&distance&

Finally, if we have some idea of the relative importance of 
each variable, we can weight them: 



What is                                                                           ?
Find all the windows in the image that match the neighborhood
To synthesize x

pick one matching window at random
assign x to be the center pixel of that window

An exact match might not be present, so find the best matches using 
Euclidean distance and randomly choose between them, preferring better 
matches with higher probability

An example: Synthesizing one pixel

p
input image

synthesized image

Slide from Alyosha Efros, ICCV 1999



kNN: Scene Completion
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Figure 1: Given an input image with a missing region, we use matching scenes from a large collection of photographs to complete the image.

Abstract

What can you do with a million images? In this paper we present a
new image completion algorithm powered by a huge database of
photographs gathered from the Web. The algorithm patches up
holes in images by finding similar image regions in the database
that are not only seamless but also semantically valid. Our chief
insight is that while the space of images is effectively infinite, the
space of semantically differentiable scenes is actually not that large.
For many image completion tasks we are able to find similar scenes
which contain image fragments that will convincingly complete the
image. Our algorithm is entirely data-driven, requiring no anno-
tations or labelling by the user. Unlike existing image completion
methods, our algorithm can generate a diverse set of results for each
input image and we allow users to select among them. We demon-
strate the superiority of our algorithm over existing image comple-
tion approaches.
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1 Introduction

Every once in a while, we all wish we could erase something from
our old photographs. A garbage truck right in the middle of a
charming Italian piazza, an ex-boyfriend in a family photo, a politi-
cal ally in a group portrait who has fallen out of favor [King 1997].
Other times, there is simply missing data in some areas of the im-
age. An aged corner of an old photograph, a hole in an image-based
3D reconstruction due to occlusion, a dead bug on the camera lens.
Image completion (also called inpainting or hole-filling) is the task
of filling in or replacing an image region with new image data such
that the modification can not be detected.

Project Web Page: http://graphics.cs.cmu.edu/projects/scene-completion/

There are two fundamentally different strategies for image com-
pletion. The first aims to reconstruct, as accurately as possible,
the data that should have been there, but somehow got occluded
or corrupted. Methods attempting an accurate reconstruction have
to use some other source of data in addition to the input image,
such as video (using various background stabilization techniques,
e.g. [Irani et al. 1995]) or multiple photographs of the same physi-
cal scene [Agarwala et al. 2004; Snavely et al. 2006].

The alternative is to try finding a plausible way to fill in the miss-
ing pixels, hallucinating data that could have been there. This is a
much less easily quantifiable endeavor, relying instead on the stud-
ies of human visual perception. The most successful existing meth-
ods [Criminisi et al. 2003; Drori et al. 2003; Wexler et al. 2004;
Wilczkowiak et al. 2005; Komodakis 2006] operate by extending
adjacent textures and contours into the unknown region. This idea
is derived from example-based texture synthesis [Efros and Leung
1999; Efros and Freeman 2001; Kwatra et al. 2003; Kwatra et al.
2005], sometimes with additional constraints to explicitly preserve
Gestalt cues such as good continuation [Wertheimer 1938], either
automatically [Criminisi et al. 2003] or by hand [Sun et al. 2005].
Importantly, all of the existing image completion methods operate
by filling in the unknown region with content from the known parts
of the input source image.

Searching the source image for usable texture makes a lot of
sense. The source image often has textures at just the right scale,
orientation, and illumination as needed to seamlessly fill in the un-
known region. Some methods [Drori et al. 2003; Wilczkowiak et al.
2005] search additional scales and orientations to gain additional
source texture samples. However, viewing image completion as
constrained texture synthesis limits the type of completion tasks
that can be tackled. The assumption present in all of these meth-
ods is that all the necessary image data to fill in an unknown re-
gion is located somewhere else in that same image. We believe
this assumption is flawed and that the source image simply doesn’t
provide enough data except for trivial image completion tasks.

Typical demonstrations of previously published algorithms are
object removal tasks such as removing people, signs, horses, or cars
from relatively simple backgrounds. The results tend to be fairly
sterile images because the algorithms are only reusing visual con-
tent that appeared somewhere else in the same image. For situations
in which the incomplete region is not bounded by texture regions,
or when there is too little useful texture, existing algorithms have
trouble completing scenes (Figure 2).
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What can you do with a million images? In this paper we present a
new image completion algorithm powered by a huge database of
photographs gathered from the Web. The algorithm patches up
holes in images by finding similar image regions in the database
that are not only seamless but also semantically valid. Our chief
insight is that while the space of images is effectively infinite, the
space of semantically differentiable scenes is actually not that large.
For many image completion tasks we are able to find similar scenes
which contain image fragments that will convincingly complete the
image. Our algorithm is entirely data-driven, requiring no anno-
tations or labelling by the user. Unlike existing image completion
methods, our algorithm can generate a diverse set of results for each
input image and we allow users to select among them. We demon-
strate the superiority of our algorithm over existing image comple-
tion approaches.
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Every once in a while, we all wish we could erase something from
our old photographs. A garbage truck right in the middle of a
charming Italian piazza, an ex-boyfriend in a family photo, a politi-
cal ally in a group portrait who has fallen out of favor [King 1997].
Other times, there is simply missing data in some areas of the im-
age. An aged corner of an old photograph, a hole in an image-based
3D reconstruction due to occlusion, a dead bug on the camera lens.
Image completion (also called inpainting or hole-filling) is the task
of filling in or replacing an image region with new image data such
that the modification can not be detected.

Project Web Page: http://graphics.cs.cmu.edu/projects/scene-completion/

There are two fundamentally different strategies for image com-
pletion. The first aims to reconstruct, as accurately as possible,
the data that should have been there, but somehow got occluded
or corrupted. Methods attempting an accurate reconstruction have
to use some other source of data in addition to the input image,
such as video (using various background stabilization techniques,
e.g. [Irani et al. 1995]) or multiple photographs of the same physi-
cal scene [Agarwala et al. 2004; Snavely et al. 2006].

The alternative is to try finding a plausible way to fill in the miss-
ing pixels, hallucinating data that could have been there. This is a
much less easily quantifiable endeavor, relying instead on the stud-
ies of human visual perception. The most successful existing meth-
ods [Criminisi et al. 2003; Drori et al. 2003; Wexler et al. 2004;
Wilczkowiak et al. 2005; Komodakis 2006] operate by extending
adjacent textures and contours into the unknown region. This idea
is derived from example-based texture synthesis [Efros and Leung
1999; Efros and Freeman 2001; Kwatra et al. 2003; Kwatra et al.
2005], sometimes with additional constraints to explicitly preserve
Gestalt cues such as good continuation [Wertheimer 1938], either
automatically [Criminisi et al. 2003] or by hand [Sun et al. 2005].
Importantly, all of the existing image completion methods operate
by filling in the unknown region with content from the known parts
of the input source image.

Searching the source image for usable texture makes a lot of
sense. The source image often has textures at just the right scale,
orientation, and illumination as needed to seamlessly fill in the un-
known region. Some methods [Drori et al. 2003; Wilczkowiak et al.
2005] search additional scales and orientations to gain additional
source texture samples. However, viewing image completion as
constrained texture synthesis limits the type of completion tasks
that can be tackled. The assumption present in all of these meth-
ods is that all the necessary image data to fill in an unknown re-
gion is located somewhere else in that same image. We believe
this assumption is flawed and that the source image simply doesn’t
provide enough data except for trivial image completion tasks.

Typical demonstrations of previously published algorithms are
object removal tasks such as removing people, signs, horses, or cars
from relatively simple backgrounds. The results tend to be fairly
sterile images because the algorithms are only reusing visual con-
tent that appeared somewhere else in the same image. For situations
in which the incomplete region is not bounded by texture regions,
or when there is too little useful texture, existing algorithms have
trouble completing scenes (Figure 2).
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insight is that while the space of images is effectively infinite, the
space of semantically differentiable scenes is actually not that large.
For many image completion tasks we are able to find similar scenes
which contain image fragments that will convincingly complete the
image. Our algorithm is entirely data-driven, requiring no anno-
tations or labelling by the user. Unlike existing image completion
methods, our algorithm can generate a diverse set of results for each
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charming Italian piazza, an ex-boyfriend in a family photo, a politi-
cal ally in a group portrait who has fallen out of favor [King 1997].
Other times, there is simply missing data in some areas of the im-
age. An aged corner of an old photograph, a hole in an image-based
3D reconstruction due to occlusion, a dead bug on the camera lens.
Image completion (also called inpainting or hole-filling) is the task
of filling in or replacing an image region with new image data such
that the modification can not be detected.

Project Web Page: http://graphics.cs.cmu.edu/projects/scene-completion/

There are two fundamentally different strategies for image com-
pletion. The first aims to reconstruct, as accurately as possible,
the data that should have been there, but somehow got occluded
or corrupted. Methods attempting an accurate reconstruction have
to use some other source of data in addition to the input image,
such as video (using various background stabilization techniques,
e.g. [Irani et al. 1995]) or multiple photographs of the same physi-
cal scene [Agarwala et al. 2004; Snavely et al. 2006].

The alternative is to try finding a plausible way to fill in the miss-
ing pixels, hallucinating data that could have been there. This is a
much less easily quantifiable endeavor, relying instead on the stud-
ies of human visual perception. The most successful existing meth-
ods [Criminisi et al. 2003; Drori et al. 2003; Wexler et al. 2004;
Wilczkowiak et al. 2005; Komodakis 2006] operate by extending
adjacent textures and contours into the unknown region. This idea
is derived from example-based texture synthesis [Efros and Leung
1999; Efros and Freeman 2001; Kwatra et al. 2003; Kwatra et al.
2005], sometimes with additional constraints to explicitly preserve
Gestalt cues such as good continuation [Wertheimer 1938], either
automatically [Criminisi et al. 2003] or by hand [Sun et al. 2005].
Importantly, all of the existing image completion methods operate
by filling in the unknown region with content from the known parts
of the input source image.

Searching the source image for usable texture makes a lot of
sense. The source image often has textures at just the right scale,
orientation, and illumination as needed to seamlessly fill in the un-
known region. Some methods [Drori et al. 2003; Wilczkowiak et al.
2005] search additional scales and orientations to gain additional
source texture samples. However, viewing image completion as
constrained texture synthesis limits the type of completion tasks
that can be tackled. The assumption present in all of these meth-
ods is that all the necessary image data to fill in an unknown re-
gion is located somewhere else in that same image. We believe
this assumption is flawed and that the source image simply doesn’t
provide enough data except for trivial image completion tasks.

Typical demonstrations of previously published algorithms are
object removal tasks such as removing people, signs, horses, or cars
from relatively simple backgrounds. The results tend to be fairly
sterile images because the algorithms are only reusing visual con-
tent that appeared somewhere else in the same image. For situations
in which the incomplete region is not bounded by texture regions,
or when there is too little useful texture, existing algorithms have
trouble completing scenes (Figure 2).
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For many image completion tasks we are able to find similar scenes
which contain image fragments that will convincingly complete the
image. Our algorithm is entirely data-driven, requiring no anno-
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charming Italian piazza, an ex-boyfriend in a family photo, a politi-
cal ally in a group portrait who has fallen out of favor [King 1997].
Other times, there is simply missing data in some areas of the im-
age. An aged corner of an old photograph, a hole in an image-based
3D reconstruction due to occlusion, a dead bug on the camera lens.
Image completion (also called inpainting or hole-filling) is the task
of filling in or replacing an image region with new image data such
that the modification can not be detected.

Project Web Page: http://graphics.cs.cmu.edu/projects/scene-completion/

There are two fundamentally different strategies for image com-
pletion. The first aims to reconstruct, as accurately as possible,
the data that should have been there, but somehow got occluded
or corrupted. Methods attempting an accurate reconstruction have
to use some other source of data in addition to the input image,
such as video (using various background stabilization techniques,
e.g. [Irani et al. 1995]) or multiple photographs of the same physi-
cal scene [Agarwala et al. 2004; Snavely et al. 2006].

The alternative is to try finding a plausible way to fill in the miss-
ing pixels, hallucinating data that could have been there. This is a
much less easily quantifiable endeavor, relying instead on the stud-
ies of human visual perception. The most successful existing meth-
ods [Criminisi et al. 2003; Drori et al. 2003; Wexler et al. 2004;
Wilczkowiak et al. 2005; Komodakis 2006] operate by extending
adjacent textures and contours into the unknown region. This idea
is derived from example-based texture synthesis [Efros and Leung
1999; Efros and Freeman 2001; Kwatra et al. 2003; Kwatra et al.
2005], sometimes with additional constraints to explicitly preserve
Gestalt cues such as good continuation [Wertheimer 1938], either
automatically [Criminisi et al. 2003] or by hand [Sun et al. 2005].
Importantly, all of the existing image completion methods operate
by filling in the unknown region with content from the known parts
of the input source image.

Searching the source image for usable texture makes a lot of
sense. The source image often has textures at just the right scale,
orientation, and illumination as needed to seamlessly fill in the un-
known region. Some methods [Drori et al. 2003; Wilczkowiak et al.
2005] search additional scales and orientations to gain additional
source texture samples. However, viewing image completion as
constrained texture synthesis limits the type of completion tasks
that can be tackled. The assumption present in all of these meth-
ods is that all the necessary image data to fill in an unknown re-
gion is located somewhere else in that same image. We believe
this assumption is flawed and that the source image simply doesn’t
provide enough data except for trivial image completion tasks.

Typical demonstrations of previously published algorithms are
object removal tasks such as removing people, signs, horses, or cars
from relatively simple backgrounds. The results tend to be fairly
sterile images because the algorithms are only reusing visual con-
tent that appeared somewhere else in the same image. For situations
in which the incomplete region is not bounded by texture regions,
or when there is too little useful texture, existing algorithms have
trouble completing scenes (Figure 2).
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the data that should have been there, but somehow got occluded
or corrupted. Methods attempting an accurate reconstruction have
to use some other source of data in addition to the input image,
such as video (using various background stabilization techniques,
e.g. [Irani et al. 1995]) or multiple photographs of the same physi-
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ing pixels, hallucinating data that could have been there. This is a
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ies of human visual perception. The most successful existing meth-
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Wilczkowiak et al. 2005; Komodakis 2006] operate by extending
adjacent textures and contours into the unknown region. This idea
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1999; Efros and Freeman 2001; Kwatra et al. 2003; Kwatra et al.
2005], sometimes with additional constraints to explicitly preserve
Gestalt cues such as good continuation [Wertheimer 1938], either
automatically [Criminisi et al. 2003] or by hand [Sun et al. 2005].
Importantly, all of the existing image completion methods operate
by filling in the unknown region with content from the known parts
of the input source image.

Searching the source image for usable texture makes a lot of
sense. The source image often has textures at just the right scale,
orientation, and illumination as needed to seamlessly fill in the un-
known region. Some methods [Drori et al. 2003; Wilczkowiak et al.
2005] search additional scales and orientations to gain additional
source texture samples. However, viewing image completion as
constrained texture synthesis limits the type of completion tasks
that can be tackled. The assumption present in all of these meth-
ods is that all the necessary image data to fill in an unknown re-
gion is located somewhere else in that same image. We believe
this assumption is flawed and that the source image simply doesn’t
provide enough data except for trivial image completion tasks.

Typical demonstrations of previously published algorithms are
object removal tasks such as removing people, signs, horses, or cars
from relatively simple backgrounds. The results tend to be fairly
sterile images because the algorithms are only reusing visual con-
tent that appeared somewhere else in the same image. For situations
in which the incomplete region is not bounded by texture regions,
or when there is too little useful texture, existing algorithms have
trouble completing scenes (Figure 2).
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space of semantically differentiable scenes is actually not that large.
For many image completion tasks we are able to find similar scenes
which contain image fragments that will convincingly complete the
image. Our algorithm is entirely data-driven, requiring no anno-
tations or labelling by the user. Unlike existing image completion
methods, our algorithm can generate a diverse set of results for each
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strate the superiority of our algorithm over existing image comple-
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1 Introduction

Every once in a while, we all wish we could erase something from
our old photographs. A garbage truck right in the middle of a
charming Italian piazza, an ex-boyfriend in a family photo, a politi-
cal ally in a group portrait who has fallen out of favor [King 1997].
Other times, there is simply missing data in some areas of the im-
age. An aged corner of an old photograph, a hole in an image-based
3D reconstruction due to occlusion, a dead bug on the camera lens.
Image completion (also called inpainting or hole-filling) is the task
of filling in or replacing an image region with new image data such
that the modification can not be detected.

Project Web Page: http://graphics.cs.cmu.edu/projects/scene-completion/

There are two fundamentally different strategies for image com-
pletion. The first aims to reconstruct, as accurately as possible,
the data that should have been there, but somehow got occluded
or corrupted. Methods attempting an accurate reconstruction have
to use some other source of data in addition to the input image,
such as video (using various background stabilization techniques,
e.g. [Irani et al. 1995]) or multiple photographs of the same physi-
cal scene [Agarwala et al. 2004; Snavely et al. 2006].

The alternative is to try finding a plausible way to fill in the miss-
ing pixels, hallucinating data that could have been there. This is a
much less easily quantifiable endeavor, relying instead on the stud-
ies of human visual perception. The most successful existing meth-
ods [Criminisi et al. 2003; Drori et al. 2003; Wexler et al. 2004;
Wilczkowiak et al. 2005; Komodakis 2006] operate by extending
adjacent textures and contours into the unknown region. This idea
is derived from example-based texture synthesis [Efros and Leung
1999; Efros and Freeman 2001; Kwatra et al. 2003; Kwatra et al.
2005], sometimes with additional constraints to explicitly preserve
Gestalt cues such as good continuation [Wertheimer 1938], either
automatically [Criminisi et al. 2003] or by hand [Sun et al. 2005].
Importantly, all of the existing image completion methods operate
by filling in the unknown region with content from the known parts
of the input source image.

Searching the source image for usable texture makes a lot of
sense. The source image often has textures at just the right scale,
orientation, and illumination as needed to seamlessly fill in the un-
known region. Some methods [Drori et al. 2003; Wilczkowiak et al.
2005] search additional scales and orientations to gain additional
source texture samples. However, viewing image completion as
constrained texture synthesis limits the type of completion tasks
that can be tackled. The assumption present in all of these meth-
ods is that all the necessary image data to fill in an unknown re-
gion is located somewhere else in that same image. We believe
this assumption is flawed and that the source image simply doesn’t
provide enough data except for trivial image completion tasks.

Typical demonstrations of previously published algorithms are
object removal tasks such as removing people, signs, horses, or cars
from relatively simple backgrounds. The results tend to be fairly
sterile images because the algorithms are only reusing visual con-
tent that appeared somewhere else in the same image. For situations
in which the incomplete region is not bounded by texture regions,
or when there is too little useful texture, existing algorithms have
trouble completing scenes (Figure 2).
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that are not only seamless but also semantically valid. Our chief
insight is that while the space of images is effectively infinite, the
space of semantically differentiable scenes is actually not that large.
For many image completion tasks we are able to find similar scenes
which contain image fragments that will convincingly complete the
image. Our algorithm is entirely data-driven, requiring no anno-
tations or labelling by the user. Unlike existing image completion
methods, our algorithm can generate a diverse set of results for each
input image and we allow users to select among them. We demon-
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such as video (using various background stabilization techniques,
e.g. [Irani et al. 1995]) or multiple photographs of the same physi-
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The alternative is to try finding a plausible way to fill in the miss-
ing pixels, hallucinating data that could have been there. This is a
much less easily quantifiable endeavor, relying instead on the stud-
ies of human visual perception. The most successful existing meth-
ods [Criminisi et al. 2003; Drori et al. 2003; Wexler et al. 2004;
Wilczkowiak et al. 2005; Komodakis 2006] operate by extending
adjacent textures and contours into the unknown region. This idea
is derived from example-based texture synthesis [Efros and Leung
1999; Efros and Freeman 2001; Kwatra et al. 2003; Kwatra et al.
2005], sometimes with additional constraints to explicitly preserve
Gestalt cues such as good continuation [Wertheimer 1938], either
automatically [Criminisi et al. 2003] or by hand [Sun et al. 2005].
Importantly, all of the existing image completion methods operate
by filling in the unknown region with content from the known parts
of the input source image.

Searching the source image for usable texture makes a lot of
sense. The source image often has textures at just the right scale,
orientation, and illumination as needed to seamlessly fill in the un-
known region. Some methods [Drori et al. 2003; Wilczkowiak et al.
2005] search additional scales and orientations to gain additional
source texture samples. However, viewing image completion as
constrained texture synthesis limits the type of completion tasks
that can be tackled. The assumption present in all of these meth-
ods is that all the necessary image data to fill in an unknown re-
gion is located somewhere else in that same image. We believe
this assumption is flawed and that the source image simply doesn’t
provide enough data except for trivial image completion tasks.

Typical demonstrations of previously published algorithms are
object removal tasks such as removing people, signs, horses, or cars
from relatively simple backgrounds. The results tend to be fairly
sterile images because the algorithms are only reusing visual con-
tent that appeared somewhere else in the same image. For situations
in which the incomplete region is not bounded by texture regions,
or when there is too little useful texture, existing algorithms have
trouble completing scenes (Figure 2).
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such as video (using various background stabilization techniques,
e.g. [Irani et al. 1995]) or multiple photographs of the same physi-
cal scene [Agarwala et al. 2004; Snavely et al. 2006].

The alternative is to try finding a plausible way to fill in the miss-
ing pixels, hallucinating data that could have been there. This is a
much less easily quantifiable endeavor, relying instead on the stud-
ies of human visual perception. The most successful existing meth-
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2005], sometimes with additional constraints to explicitly preserve
Gestalt cues such as good continuation [Wertheimer 1938], either
automatically [Criminisi et al. 2003] or by hand [Sun et al. 2005].
Importantly, all of the existing image completion methods operate
by filling in the unknown region with content from the known parts
of the input source image.

Searching the source image for usable texture makes a lot of
sense. The source image often has textures at just the right scale,
orientation, and illumination as needed to seamlessly fill in the un-
known region. Some methods [Drori et al. 2003; Wilczkowiak et al.
2005] search additional scales and orientations to gain additional
source texture samples. However, viewing image completion as
constrained texture synthesis limits the type of completion tasks
that can be tackled. The assumption present in all of these meth-
ods is that all the necessary image data to fill in an unknown re-
gion is located somewhere else in that same image. We believe
this assumption is flawed and that the source image simply doesn’t
provide enough data except for trivial image completion tasks.

Typical demonstrations of previously published algorithms are
object removal tasks such as removing people, signs, horses, or cars
from relatively simple backgrounds. The results tend to be fairly
sterile images because the algorithms are only reusing visual con-
tent that appeared somewhere else in the same image. For situations
in which the incomplete region is not bounded by texture regions,
or when there is too little useful texture, existing algorithms have
trouble completing scenes (Figure 2).
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automatically [Criminisi et al. 2003] or by hand [Sun et al. 2005].
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Searching the source image for usable texture makes a lot of
sense. The source image often has textures at just the right scale,
orientation, and illumination as needed to seamlessly fill in the un-
known region. Some methods [Drori et al. 2003; Wilczkowiak et al.
2005] search additional scales and orientations to gain additional
source texture samples. However, viewing image completion as
constrained texture synthesis limits the type of completion tasks
that can be tackled. The assumption present in all of these meth-
ods is that all the necessary image data to fill in an unknown re-
gion is located somewhere else in that same image. We believe
this assumption is flawed and that the source image simply doesn’t
provide enough data except for trivial image completion tasks.
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object removal tasks such as removing people, signs, horses, or cars
from relatively simple backgrounds. The results tend to be fairly
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tent that appeared somewhere else in the same image. For situations
in which the incomplete region is not bounded by texture regions,
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Time taken by kNN for N points of D dimensions 
time to compute distances: O(ND)
time to find the k nearest neighbor

O(k N) : repeated minima
O(N log N) : sorting 
O(N + k log N) : min heap
O(N + k log k) : fast median

Total time is dominated by distance computation
We can be faster if we are willing to sacrifice exactness

Practical issue when using kNN: speed



Practical issue when using kNN: Curse of 
dimensionality

10x10#bins =

10ᵈ
d = 1000

#bins =

Atoms in the universe: 
~10⁸⁰

How many neighborhoods are there?

d = 2
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Nearest&Neighbor&

When'to'Consider&&
–  Instance&map&to&points&in&Rn&
–  Less&than&20&aQributes&per&instance&
–  Lots&of&training&data&

Advantages'
–  Training&is&very&fast&
–  Learn&complex&target&func8ons&
–  Do&not&lose&informa8on&

Disadvantages'
–  Slow&at&query&8me&
–  Easily&fooled&by&irrelevant&aQributes&



KNN&Advantages&

•  Easy&to&program&
•  No&op8miza8on&or&training&required&

•  Classifica8on&accuracy&can&be&very&good;&can&
outperform&more&complex&models&



Slides are closely following and adapted from Hal Daume’s book and 
Subranshu Maji’s course.
The fruit classification dataset is from Iain Murray at University of 
Edinburgh 

http://homepages.inf.ed.ac.uk/imurray2/teaching/oranges_and_lemons/.

The slides on texture synthesis are from Efros and Leung’s ICCV 2009 
presentation.

Many images are from the Berkeley segmentation benchmark
http://www.eecs.berkeley.edu/Research/Projects/CS/vision/bsds

Normalized cuts image segmentation:
http://www.timotheecour.com/research.html
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