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A new tool for History / Archeology

[Russell, Sivic, Ponce, Dessales, 2011]
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Example: evolution of a particular place over time



Reasoning about non realistic images



From the beginning of computer vision

First PhD in computer vision, MIT 1963
Lawrence G. Roberts
Machine perception of three-dimensional solids

Photograph 3D model



Figure 13: The three-dimensional wire-frame model of the razor shown from a single

viewpoint.

Figure 14: Successful matches between sets of image segments and particular view-

points of the model.
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Figure 13: The three-dimensional wire-frame model of the razor shown from a single

viewpoint.

Figure 14: Successful matches between sets of image segments and particular view-

points of the model.

31

Figure 9: The original image of a bin of disposable razors, taken at a resolution of

512 512 pixels.

Figure 10: The zero-crossings of a convolution. Grey levels are proportional to

gradient magnitude at the zero-crossing.
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(a) (b) (c)

Figure 2.2: Object recognit ion example from the work of Lowe (1987) [88]. (a) 3D wire-frame

object model. (b) Successful matches between the model in (a) and image shown in (c). Object

instances are recognized despite severe part ial occlusion.

wire-frame model) and detected image primit ives (e.g. points and line segments), which gives an

object pose hypothesis. In the verificat ion step, the model is projected into the image and the ent ire

projected object contour is compared to the evidence coming from the measured image edges.

Two examples of the alignment approach are the works of Lowe [88] and Ullman and Hutten-

locher [67]. In [67], a minimal number of corresponding primit ives is used to determine a hypothesis

of the object pose. A ‘weak perspect ive’ camera model is assumed and therefore only three model

to image correspondences are required. Lowe [88] used the idea of perceptual grouping to reduce

the correspondence search. Groupings of edge segments are formed based on proximity, collinearity

and parallelism. An edge grouping (e.g. a pair of parallel edge segments of similar length) creates a

correspondence hypothesis with only a small number of similar model edge groups. A recognit ion

example is shown in figure 2.2.

Due to use of the full 3D object model, alignment approaches could deal with significant part ial

occlusion. Some amount of background clut ter could be also handled. The challenge is the corre-

spondence search. Three approaches (interpretat ion t rees, pose clustering and RANSAC), which

address the difficult correspondence search, are reviewed next .

I nt erpr et at ion t rees: The interpretation tree [54, 58] approach searches the space of all possible

correspondences. Imagine there are N image primit ives and M model primit ives. Each image

primit ive can be assigned to (or labelled as) any of the model primit ives, thus, without using any

constraints, we have N M possible labellings or assignments. The interpretat ion t ree t ries to search

this space. The idea is to apply constraints and heurist ics to heavily prune the tree. For example,
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1980s: 2D-3D Alignment

[Lowe AI 1987]

[Huttenlocher and Ullman IJCV 1990]

[Faugeras&Hebert’86], [Grimson&Lozano-Perez’86], … 



Modern 2D-3D alignment

[Philbin et al. CVPR 2007]

See also [Rothganger et al. CVPR 2003] ,[Arandjelovic ́and Zisserman ICCV 2011],
[Li et al. ECCV 2012], [Snavely et al. SIGGRAPH 2006] …

[Sattler et al. ICCV 2011]

[Baatz et al. ECCV 2012] [Lim et al. ICCV 2013]



Limits of local feature matching using SIFT:

Limits of contours extraction

Difficulty

Figure from [Shrivastava et all SIGGRAPH2011]

See also:  [Chum & Matas CVPR 2006], [Schechtman & Irani, CVPR 2007], 

[Russell, Sivic, Ponce, Dessalles 2011], [Hauagge & Snavely CVPR 2012]



Retrieval using a global descriptor

[Russell, Sivic, Ponce, Dessales, 2011] used GIST [Oliva and Torralba 2001]

[Shrivastava, Malisiewicz, Gupta, Efros, 2011]

Problem : very large space of possible viewpoints



Approach
Inputs Output

3D model

Camera parameters

Painting

Visual 

elements



Synthesize representative views

See also: [Irschara et al. CVPR 2009], [Baatz et al. ECCV 2012]

Synthesize ~10,000 viewpoints for an architectural site



Synthesize representative views

See also: [Irschara et al. CVPR 2009], [Baatz et al. ECCV 2012]

Synthesize ~10,000 viewpoints for an architectural site

We will have views with orientations similar to the 

paintings, that makes the problem easier!



Select informative patches

Idea: match the views using informative patches.



Select informative patches

Idea: match the views using informative patches.

Problem: how to select the informative patches?

? ?
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisible arediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the

Fig. 3. Matching asclassification. Given aregion and itsHOG descriptor

q in a rendered view (top left) the aim is to find the corresponding region

in a painting (top right). This is achieved by training a linear HOG-based

sliding window classifier using q as a positive example and a large number

of negative data. The classifier weight vector w is visualized by separately

showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-

imum of theclassification score.

learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-

ACM Transactions on Graphics, Vol. 28, No. 4, Article 106, Publication date: August 2009.
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are discarded. This procedure results in about 45,000 valid views for this

3D model.
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angles) depending on the 3D model. Views where no significant
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sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
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Learning discriminative visual elements from rendered views is
described next.
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The aim is to find a set of mid-level visual elements that are dis-
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puted in a closed-form without computationally expensive itera-
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descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
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finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)
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scalar offset. Compared to theEuclidean distance, theclassification
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score indicates higher similarity between x and q. In addition, the
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learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form
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SVM cost (2) is convex and can be minimized using iterative algo-
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4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
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angles) depending on the 3D model. Views where no significant
portion of the3D model isvisiblearediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
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The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
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puted in a closed-form without computationally expensive itera-
tive training. In turn, this enables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
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approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].
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descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding the best match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as asingle positiveexample (with la-
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score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have the same weight. Note that asimilar idea was used in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tavaet al. 2011]. Here, we build on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1
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NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scaleof thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisible arediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form
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where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
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thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
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approach to other recent work on closed-form training of HOG-
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painting, as illustrated in figure3. Instead of finding the best match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as asingle positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamples x i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
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s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
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scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
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ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tavaet al. 2011]. Here, we build on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scaleof thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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ement q from the (fixed) negative examples { x i } and hence can
be used for measuring the degree of discriminability of q. How-
ever, when using a hinge-loss as in exemplar SVM, optimizing (2)
would beexpensiveto perform for thousandsof candidateelements
in each rendered view. Instead, similar to discriminative cluster-
ing [Bach and Harchaoui 2008], we take advantage of the fact that
in the case of square loss L (y, s(x)) = (y − s(x))2 the wL S and
bL S minimizing (2) and the optimal cost E⇤

L S can be obtained in
closed form as

wL S =
2

2 + kΦ(q)k2
⌃ − 1(q− µ), (3)

bL S = −
1

2
(q + µ)T wL S , (4)

E⇤
L S =

4

2 + kΦ(q)k2
, (5)

whereµ = 1
N

P N
i = 1 x i denotesthemean of thenegativeexamples,

⌃ = 1
N

P N
i = 1(x i − µ)(x i − µ)> their covariance and

kΦ(q)k2 = (q− µ)> ⌃ − 1(q− µ), (6)

thesquared norm of q after the “whitening” transformationΦ(q) =

⌃ − 1
2 (q− µ).

We can use the value of the optimal cost (5) as a measure of
the discriminability of a specific q. If the training cost (error) for a
specific candidate visual element q is small the element is discrim-
inative. If the training cost is large the candidate visual element q
isnot discriminative. Thisobservation can be translated into asim-
ple and efficient algorithm for ranking candidate element detectors
based on their discriminability. In practice, weevaluate thesquared
“whitened” norm kΦ(q)k2 of each candidate element q, which is
inversely proportional to the training cost. If the whitened norm is
high the candidate element is discriminative, if the whitened norm
is low the candidate element is not discriminative. Given a ren-
dered view, we consider as candidates visual element detectors of
all patches that are local maxima (in scale and space) of the norm
of their whitened HOG descriptor, kΦ(q)k2 . Non-maximum sup-
pression isperformed using a threshold of 0.1 on thestandard ratio
of area intersection over union between two neighboring patches.
After this non-maximum suppression, all remaining patchesacross
all views are ranked according to the same whitened norm criteria.
Illustration of multi-scale discriminative visual element selection
for an example rendered view isshown in figure4.

4.2.3 Relation to linear discriminant analysis (LDA). Recent
works [Gharbi et al. 2012; Hariharan et al. 2012] have shown that
linear HOG-based object detectorscomputed analytically using lin-
ear discriminant analysis (LDA) can reach similar object detection
accuracy as detectors learnt by expensive iterative SVM training.
The distribution of positive and negative data points is assumed to
be Gaussian, with mean vectors µp and µn , respectively. The co-
variance matrix ⌃ p = ⌃ n = ⌃ is assumed to be the same for both
positive and negative data. Under these Gaussian assumptions, the
decision hyperplanecanbeobtained inaclosed form. Applying this
approach to our imagematching set-up, weestimateµn and⌃ from
a large set of HOG descriptors extracted from a set of (“negative”)
photographs independent from all sitesconsidered in thiswork. µp

isset to beaspecific singleHOG descriptor q of theparticular pos-
itive example patch in the given rendered view. Parameters wL D A

and bL D A of the linear classifier (1) are then obtained in closed
form as

wL D A = ⌃ − 1(q− µn ), (7)

Fig. 4. Selection of discr iminative visual elements. First row: the value

of discriminability shown as a heat-map for three different scales (left to

right). Red indicateshighdiscriminability. Blueindicateslow discriminabil-

ity. The discriminability is inversely proportional to the training cost of a

classifier learnt from a patch at the particular image location. Second row:

example visual elements at the local maxima of the discriminability score.

The corresponding local maxima are also indicated using “x” in the heat-

maps above.

bL D A = −
1

2
qT ⌃ − 1q + C, (8)

where C is a scalar constant independent of q. Parameters wL D A

and bL D A can be also obtained, without any explicit Gaussian ap-
proximations, by minimizing the following cost function

E (w, b) = L ↵ , wT q + b +
1

N

NX

i = 1

L − ↵ , wT x i + b , (9)

whereL is thesquare lossand ↵ = 1+ kΦ(q)k2 . Note that in con-
trast to the cost function (2), here the target labels depend on the
candidate visual element q and have values + ↵ and − ↵ for posi-
tive and negative data, respectively. This corresponds to increasing
the target values for visual elements q with large whitened norm
kΦ(q)k, i.e. thosethat aremorediscriminative. Under theGaussian
assumptions of LDA, the squared whitened norm kΦ(q)k2 can be
interpreted as the Bhattacharyya distance [Kailath 1967] measur-
ing the “overlap” between the Gaussian representing the negative
data and the Gaussian representing the positive example q. Dis-
criminative visual elements q with large kΦ(q)k (as described in
section 4.2.2) correspond to “unusual” examples far from the dis-
tribution of thenegativedata. This intuition isillustrated infigure5.

4.2.4 Discussion. Classifiersobtained by minimizing the least
squares (2) or LDA (9) cost functions can be used for matching
a candidate visual element q to a painting as described in equa-
tion (1). Note, however, that the decision hyperplanes obtained
from the least squares regression, wL S , and linear discriminant
analysis, wL D A , are collinear, i.e. they differ only by ascalar mul-
tiplicative factor, and only their offsets bL S and bL D A differ. As
a consequence, for a particular visual element q the ranking of
matchesaccording to thematching score (1) would be identical for
the two methods. In an object detection set-up [Dalal and Triggs
2005; Hariharan et al. 2012; Gharbi et al. 2012] the two methods
would produce identical precision-recall curves. In our matching
set-up, for a given q the best match in a particular painting would
be identical for both methods. The scalar offset, b, however, be-
comes important when comparing the value of the matching score
across different visual element detectors q. In object detection, the
score of the learnt classifiers isoften calibrated on aheld-out set of
labeled validation examples [Malisiewicz et al. 2011].
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Illustration of multi-scale discriminative visual element selection
for an example rendered view is shown in figure4.

4.2.3 Relation to linear discriminant analysis (LDA). Recent
works [Gharbi et al. 2012; Hariharan et al. 2012] have shown that
linear HOG-based object detectorscomputed analytically using lin-
ear discriminant analysis (LDA) can reach similar object detection
accuracy as detectors learnt by expensive iterative SVM training.
The distribution of positive and negative data points is assumed to
be Gaussian, with mean vectors µp and µn , respectively. The co-
variance matrix ⌃ p = ⌃ n = ⌃ is assumed to be the same for both
positive and negative data. Under these Gaussian assumptions, the
decision hyperplanecanbeobtained inaclosed form. Applying this
approach to our imagematching set-up, weestimateµn and⌃ from
a large set of HOG descriptors extracted from a set of (“negative”)
photographs independent from all sitesconsidered in this work. µp
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where L is thesquare loss and ↵ = 1+ kΦ(q)k2 . Note that in con-
trast to the cost function (2), here the target labels depend on the
candidate visual element q and have values + ↵ and − ↵ for posi-
tiveand negative data, respectively. This corresponds to increasing
the target values for visual elements q with large whitened norm
kΦ(q)k, i.e. those that aremorediscriminative. Under theGaussian
assumptions of LDA, the squared whitened norm kΦ(q)k2 can be
interpreted as the Bhattacharyya distance [Kailath 1967] measur-
ing the “overlap” between the Gaussian representing the negative
data and the Gaussian representing the positive example q. Dis-
criminative visual elements q with large kΦ(q)k (as described in
section 4.2.2) correspond to “unusual” examples far from the dis-
tribution of thenegativedata. This intuition isillustrated infigure5.

4.2.4 Discussion. Classifiersobtained by minimizing the least
squares (2) or LDA (9) cost functions can be used for matching
a candidate visual element q to a painting as described in equa-
tion (1). Note, however, that the decision hyperplanes obtained
from the least squares regression, wL S , and linear discriminant
analysis, wL D A , are collinear, i.e. they differ only by a scalar mul-
tiplicative factor, and only their offsets bL S and bL D A differ. As
a consequence, for a particular visual element q the ranking of
matchesaccording to thematching score (1) would be identical for
the two methods. In an object detection set-up [Dalal and Triggs
2005; Hariharan et al. 2012; Gharbi et al. 2012] the two methods
would produce identical precision-recall curves. In our matching
set-up, for a given q the best match in a particular painting would
be identical for both methods. The scalar offset, b, however, be-
comes important when comparing the value of the matching score
across different visual element detectors q. In object detection, the
score of the learnt classifiers isoften calibrated on aheld-out set of
labeled validation examples [Malisiewicz et al. 2011].
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisible arediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the

Fig. 3. Matching asclassification. Given aregion and itsHOG descriptor

q in a rendered view (top left) the aim is to find the corresponding region

in a painting (top right). This is achieved by training a linear HOG-based

sliding window classifier using q as a positive example and a large number

of negative data. The classifier weight vector w is visualized by separately

showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-

imum of theclassification score.

learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.
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elements arematched to the input painting, and relate theproposed
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4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1
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L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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and spatial locations. The best match x in the painting is found as the max-

imum of theclassification score.

learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisible arediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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q in a rendered view (top left) the aim is to find the corresponding region

in a painting (top right). This is achieved by training a linear HOG-based

sliding window classifier using q as a positive example and a large number

of negative data. The classifier weight vector w is visualized by separately

showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-

imum of theclassification score.

learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisiblearediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, this enables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate the proposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding the best match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as asingle positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamples x i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-
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learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have the same weight. Note that asimilar idea was used in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tavaet al. 2011]. Here, we build on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scaleof thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisiblearediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such asshadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q asa single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamples x i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine(SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterativealgo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisible arediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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in a painting (top right). This is achieved by training a linear HOG-based
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of negative data. The classifier weight vector w is visualized by separately

showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-

imum of theclassification score.

learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisible arediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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q in a rendered view (top left) the aim is to find the corresponding region

in a painting (top right). This is achieved by training a linear HOG-based
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and spatial locations. The best match x in the painting is found as the max-
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learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1
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NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisiblearediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, this enables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate the proposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding the best match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as asingle positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamples x i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the

Fig. 3. Matching asclassification. Given aregion and itsHOG descriptor

q in a rendered view (top left) the aim is to find the corresponding region

in a painting (top right). This is achieved by training a linear HOG-based

sliding window classifier using q as a positive example and a large number

of negative data. The classifier weight vector w is visualized by separately

showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-

imum of the classification score.

learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have the same weight. Note that asimilar idea was used in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tavaet al. 2011]. Here, we build on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scaleof thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisiblearediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such asshadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q asa single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamples x i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-
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learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine(SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterativealgo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisible arediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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of negative data. The classifier weight vector w is visualized by separately

showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-

imum of theclassification score.

learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisible arediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the

Fig. 3. Matching asclassification. Given aregion and itsHOG descriptor

q in a rendered view (top left) the aim is to find the corresponding region

in a painting (top right). This is achieved by training a linear HOG-based

sliding window classifier using q as a positive example and a large number

of negative data. The classifier weight vector w is visualized by separately

showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-

imum of theclassification score.

learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity we ignore in (2) theregularization term ||w||2 . A
particular caseof thisapproach is the exemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisiblearediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, this enables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate the proposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding the best match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as asingle positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamples x i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have the same weight. Note that asimilar idea was used in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tavaet al. 2011]. Here, we build on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scaleof thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisiblearediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such asshadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q asa single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamples x i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the
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learnt w weights different components of x differently. This is in
contrast to thestandard Euclidean distancewhereall componentsof
x have thesame weight. Note that asimilar idea wasused in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine(SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.

Parameters w and b are obtained by minimizing a cost function
of the following form

E (w, b) = L 1, wT q + b +
1

N

NX

i = 1

L − 1, wT x i + b , (2)

where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterativealgo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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Fig. 2. Example of sampled viewpoints. Camera positions are sampled

on the ground plane on a regular 100⇥100 grid. 24 camera orientations are

used for each viewpoint. Cameras not viewing any portion of the 3D model

are discarded. This procedure results in about 45,000 valid views for this

3D model.

tal camera rotations assuming no in-plane rotation of the camera.
For each horizontal rotation wesample 2-3 vertical rotations (pitch
angles) depending on the 3D model. Views where no significant
portion of the3D model isvisible arediscarded. Thisprocedure re-
sults in between 7,000 and 45,000 views depending on the size of
the 3D site. An example of the sampled camera positions is shown
in figure2. Note that the rendered views form only an intermediate
representation and can be discarded after element detectors are ex-
tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
to produce illumination effects such as shadows or specularities.

Learning discriminative visual elements from rendered views is
described next.

4.2 Finding discriminative candidate elements

The aim is to find a set of mid-level visual elements that are dis-
criminative for the given 3D site. In the following, we formulate
image matching as a discriminative classification task and show
that for aspecific choice of loss function theclassifier can be com-
puted in a closed-form without computationally expensive itera-
tive training. In turn, thisenables efficient training of classifiers for
thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate theproposed
approach to other recent work on closed-form training of HOG-
based linear classifiers [Gharbi et al. 2012; Hariharan et al. 2012].

4.2.1 Matching as classification. The aim is to match a given
rectangular patch q (represented by aHOG [Dalal and Triggs2005]
descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q as a single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamplesx i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
score

s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the

Fig. 3. Matching asclassification. Given aregion and itsHOG descriptor

q in a rendered view (top left) the aim is to find the corresponding region

in a painting (top right). This is achieved by training a linear HOG-based

sliding window classifier using q as a positive example and a large number

of negative data. The classifier weight vector w is visualized by separately

showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-

imum of theclassification score.
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ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
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L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view is given. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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tracted. Notealso that asweaim to use3D modelsof different type
and quality, wedid not useany advanced rendering techniques, e.g.
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thousands of candidate visual elements densely sampled in each
rendered view. The quality of the trained classifier (measured by
the training error) is then used to select only the few candidate vi-
sual elements that are the most discriminative in each view (have
the lowest training error). Finally, we show how the learnt visual
elements arematched to the input painting, and relate the proposed
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descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding the best match
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x have the same weight. Note that asimilar idea was used in learn-
ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine (SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tavaet al. 2011]. Here, we build on this work and apply it to image
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of the following form
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where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterative algo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scaleof thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
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descriptor) in a rendered view to its corresponding patch in the
painting, as illustrated in figure3. Instead of finding thebest match
measured by the Euclidean distance between the descriptors, we
train a linear classifier with q asa single positiveexample (with la-
bel yq = + 1) and a largenumber of negativeexamples x i for i = 1
to N (with labels yi = − 1). The matching is then performed by
finding the patch x⇤ in the painting with the highest classification
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s(x) = w> x + b, (1)

where w and b are the parameters of the linear classifier. Note that
w denotes the normal vector to the decision hyper-plane and b is a
scalar offset. Compared to theEuclidean distance, theclassification
score (1) measures a form or similarity, i.e. a higher classification
score indicates higher similarity between x and q. In addition, the

Fig. 3. Matching asclassification. Given aregion and itsHOG descriptor

q in a rendered view (top left) the aim is to find the corresponding region

in a painting (top right). This is achieved by training a linear HOG-based

sliding window classifier using q as a positive example and a large number

of negative data. The classifier weight vector w is visualized by separately

showing the positive (+) and negative (-) weights at different orientations

and spatial locations. The best match x in the painting is found as the max-

imum of the classification score.

learnt w weights different components of x differently. This is in
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ing per-exemplar distances [Frome et al. 2007] or per-exemplar
support vector machine(SVM) classifiers [Malisiewicz et al. 2011]
for object recognition and cross-domain image retrieval [Shrivas-
tava et al. 2011]. Here, webuild on this work and apply it to image
matching using local mid-level image structures.
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of the following form
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where the first term measures the loss L on the positive example q
and the second term measures the loss on the negative data. Note
that for simplicity weignore in (2) theregularization term ||w||2 . A
particular case of thisapproach is theexemplar-SVM [Malisiewicz
et al. 2011; Shrivastava et al. 2011], where the loss L (y, s(x))
between the label y and predicted score s(x) is the hinge-loss
L (y, s(x)) = max{ 0, 1 − ys(x)} [Bishop 2006]. For exemplar
SVM cost (2) is convex and can be minimized using iterativealgo-
rithms [Fan et al. 2008; Shalev-Shwartz et al. 2011].

4.2.2 Selection of discriminative visual elements via least
squares regression. So far we have assumed that the position and
scale of thevisual element q in the rendered view isgiven. Asstor-
ing and matching all possible visual elements from all rendered
views would be computationally prohibitive, the aim here is to au-
tomatically select a subset of the visual elements that are the most
discriminative. First, we note that the optimal value of the cost (2)
characterizes the separability of a particular candidate visual el-
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-> We need to compare the detector scores. This can be 

seen as a calibration problem. We use an affine calibration.

Recover viewpoint

Results on [Huagge and Snavely 2012] dataset
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On a database of 337 depictions with 4 3D models:
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Discriminability and cross-validation:
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CVPR 2014 work

Seeing 3D chairs

CVPR 2014 (oral)

Seeing 3D chairs: exemplar part-based 2D-3D alignment using a large dataset of 

CAD models M. Aubry, B. Russell, A Efros and J. Sivic
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• Recognize from large (1300) database of 3D.
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Mid-level visual elements 2D-3D alignment can help:

Conclusion

Understanding non-photographic depictions Representing object categories
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Questions ?


