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What is similarity?
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Who is most similar?
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Similar gender?
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Similar age?
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Similar hair cut?
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Similarity
depends on
the context!
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k-NN classification
Adapt metric to the data

Amplify informative directions

Squash non-informative 
directions

??
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k-NN classification
Adapt metric to the data

Amplify informative directions

Squash non-informative 
directions

?

RCA            Shental et al [eccv 2002] 

MPCK        Bilenko et al [icml 2004]

POLAR       Shalev-Shwartz et al [icml 2004]

NCA            Goldberger et al [nips 2005]

LMNN        Weinberger et al [nips 2006]

MLCC         Globerson and Roweis [nips 2006]

ITML          Davis et al [icml 2007]

mtLMNN   Parameswaran and Weinberger [nips 2010]
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How about SVMs?
• SVM with RBF Kernel is very similar 

to nearest neighbor classifier

k(�xi, �x) = e−
1

2σ2 (�xi−�x)�(�xi−�x)
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to nearest neighbor classifier
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First Idea
First Metric Learning, then SVM.

Baseline:
RBF Kernel with cross validation

(Features normalized)
Euc
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Naive Experiments
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ITML + SVM NCA + SVM LMNN + SVM

First Metric Learning, then SVM.

Goldberger et al [nips 2005],Weinberger et al [nips 2006],Davis et al [icml 2007]
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SVM
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Chapelle et al 2002, Kloft et al 2010
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Two side notes:

C M

1. We use the squared hinge-loss 

2. We learn     together with 
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Two side notes:

C M

1. We use the squared hinge-loss 

2. We learn     together with 

Removes slack variables.

Why not?

KM ← KM +
1
C

I
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Gradient Descent
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Chapelle et al [Machine Learning, 2002]
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Optimization
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Figure 2: An example of training, validation and test error on the Credit data set. As the loss LV

(left) decreases, the validation error EV (right) follows suit.

where K̄ij = yiyjK(xi, xj). Consequently, we can solve for α and b through left-multiplication
with H

−1. Further, the derivative with respect to L can be derived from the matrix inverse rule [19],
leading to

(α, b)�=H
−1(1 · · · 1, 0)� and

∂(α, b)
∂Lij

=−H
−1 ∂H

∂Lij
(α, b)�. (12)

Gradient Descent. Because the derivative ∂H

∂L
follows directly from the definition of K̄ and (7), this

completes the gradient ∂LV
∂L

. We can now use standard gradient descent, or second order methods to
minimize (8) up to a local minimum. It is important to point out that (12) requires the computation of
the optimal α, b, given the current matrix L. These can be obtained with any one of the many freely
available SVM packages [4] by solving the SVM optimization (3) for the kernel K that results from
L. In addition, we also learn the regularization constant C from eq. (4) with our gradient descent
optimization. For brevity we omit the exact derivation of ∂LV

∂C but point out that it is very similar to
the gradient with respect to L, except that it is computed only from the diagonal entries of K.

We refer to our algorithm as Support Vector Metric Learning (SVML). Algorithm 1 summarizes
SVML in pseudo-code. Figure 2 illustrates the value of the loss function LV during 150 gradi-
ent iterations. For visualization purposes, we did not use a second-order function minimizer (see
following paragraphs) but simple gradient descent with a fixed step-size.

Algorithm 1 SVML in pseudo-code.
1: Initialize L.
2: while termination criteria is NOT met. do

3: Compute kernel matrix K from L.
4: Call SVM with K to obtain α and b.
5: Compute gradient ∂LV

∂L
and perform update on L.

6: end while

Regularization. In total, we learn d×d parameters for the matrix L and n+1 parameters for α and
b. To avoid overfitting, we add a regularization term to the loss function, which restricts the matrix
L from deviating too much from its initial estimate L0:

LV (L) =
1
|V |

�

(x,y)∈V

sa(yh(x)) + λ�L− L0�2F (13)

Structural Variations. Another way to avoid overfitting is to impose structural restrictions on the
matrix L. If L is restricted to be spherical, L = 1

σ I
d×d, SVML reduces to kernel width estima-

tion. Alternatively, one can restrict L to be any diagonal matrix, essentially performing feature
re-weighing. This can also be useful as a method for feature selection in settings with noisy fea-
tures [?]. We refer to these two settings as SVML-Sphere and SVML-Diag. Both of these special

5

UCI credit card data set

validation test
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Speed?

• Each gradient step 
involves solving the 
SVM

• But with conjugate 
gradient, a few steps 
are enough

• On average 4x faster 
than CV. 
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Joint Metric and SVM Learning.

Goldberger et al [nips 2005],Weinberger et al [nips 2006],Davis et al [icml 2007]
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Chapelle et al [Machine Learning, 2002]
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Harder data sets

several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp

�
−�xi − xj�2

2

σ2

�
. (4)

The two SVM parameters, the global kernel-width σ
and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
�

1

σ2

l�

t=0

�ht
i − h

t
j�2

2

σ2
t

�
(5)

where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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(possibly designed to break SVMs)
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Harder data sets
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eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp

�
−�xi − xj�2

2

σ2

�
. (4)

The two SVM parameters, the global kernel-width σ
and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
�

1

σ2

l�

t=0

�ht
i − h

t
j�2

2

σ2
t

�
(5)

where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.
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the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically
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to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks
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3 Algorithmic Setup

In this section, we explain how we treat the unsuper-
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Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).

rectangles

rect-images

convex

[Vincent et al, 2008]

1200/50000

8000/50000

12000/50000

Train/Test

Deep Learning benchmarks! 
(possibly designed to break SVMs)

But we need good features!!

Saturday, December 11, 2010



Feature Generator: 
Denoising Autoencoder

several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp

�
−�xi − xj�2

2

σ2

�
. (4)

The two SVM parameters, the global kernel-width σ
and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
�

1

σ2

l�

t=0

�ht
i − h

t
j�2

2

σ2
t

�
(5)

where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp
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2
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The two SVM parameters, the global kernel-width σ
and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
�
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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Feature Generator: 
Denoising Autoencoder

several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp
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−�xi − xj�2

2

σ2
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. (4)

The two SVM parameters, the global kernel-width σ
and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
�

1

σ2

l�

t=0

�ht
i − h

t
j�2

2

σ2
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�
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp

�
−�xi − xj�2

2

σ2

�
. (4)

The two SVM parameters, the global kernel-width σ
and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
�
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σ2
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t=0
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp
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−�xi − xj�2
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. (4)

The two SVM parameters, the global kernel-width σ
and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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Features for SVMs

several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp
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2

σ2

�
. (4)

The two SVM parameters, the global kernel-width σ
and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-
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the most popular kernels that yields reliable good clas-
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and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-
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commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-
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and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp
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−
�xi − xj�22
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. (4)

The two SVM parameters, the global kernel-width σ

and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t

only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
�

1
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t=0
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t
j�2
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows
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(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:
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The two SVM parameters, the global kernel-width σ

and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize
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Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t

only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp

�
−
�xi − xj�22

σ2

�
. (4)

The two SVM parameters, the global kernel-width σ

and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−

�
1

σ2
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t=0

�ht
i − h

t
j�22

σ2
t
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(5)

where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t

only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
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3
i . To simplify notation we refer to the raw
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0
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The RBF kernel, described in (4), accesses individual
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tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize
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Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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In this section, we explain how we treat the unsuper-
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classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations
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1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize
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Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t

only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp

�
−
�xi − xj�22

σ2

�
. (4)

The two SVM parameters, the global kernel-width σ

and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−

�
1

σ2

l�

t=0

�ht
i − h

t
j�22

σ2
t

�
(5)

where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t

only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).
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3 Algorithmic Setup
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Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
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for the pre-training step.
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trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which
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ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations
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i . To simplify notation we refer to the raw
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inputs only through pairwise distances. However, in
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tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize
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Figure 1: The Rectangles dataset on the top, and the
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where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t
only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).

several reasons why SVMs [18] are particularly popular

choices. First, they are linear classifiers that involve a

quadratic minimization problem, which is convex and

is not plagued by local optima. Secondly, the maxi-

mum margin separation promotes reliably good gen-

eralization [19]. Finally, the kernel-trick [18] allows

SVMs to generate highly non-linear decisions bound-

aries with low computational overhead. The kernel-

trick maps the input vectors xi implicitly into a higher

(possibly infinite) dimensional feature space using the

kernel function k(xi,xj). Among various kernel func-

tions, the Radial Basis Function (RBF)-Kernel (also

commonly referred as the Gaussian kernel), is one of

the most popular kernels that yields reliable good clas-

sification results. It is defined as follows:

k(xi,xj) = exp

�
−
�xi − xj�22

σ2

�
. (4)

The two SVM parameters, the global kernel-width σ

and the regularization constant C (for more details

see [6]), are usually picked by cross-validation on a

validation split.

3 Algorithmic Setup

In this section, we explain how we treat the unsuper-

vised pre-training as a feature generator for supervised

classifiers.

Methodology. We first pre-train a stacked denois-

ing autoencoder, then we use all the values of its hid-

den nodes (and sometimes, the original data) as input

features for a SVM classifier. In semi-supervised set-

tings we utilize additional unlabeled data for the pre-

training. We use the open-source Theano v0.1 deep

learning software
1

for the pre-training step.

Hidden Layers. After all the layers of the DA are

trained, we feed the values of the hidden layers into

a SVM with an RBF kernel. To investigate which

hidden layers result in the best features, we experi-

ment with the raw data, each individual hidden layer

and combinations thereof. In our networks, we have 3

autoencoders stacked together, and thus for each in-

put xi we obtain 3 hidden layers of representations

h
1
i , . . . ,h

3
i . To simplify notation we refer to the raw

input has h
0
i = xi.

The RBF kernel, described in (4), accesses individual

inputs only through pairwise distances. However, in

each hidden representation, the average distance be-

tween data points may vary significantly. Concate-

nating all the hidden layers and using a single kernel

width σ across all input features would over-emphasize

1http://deeplearning.net/software/theano/

Figure 1: The Rectangles dataset on the top, and the

Rectangle-images dataset on the bottom. The task is

to determine whether the rectangle has larger width

or length.

Figure 2: The Convex dataset. Each image contains

only binary pixels (0=black and 1=white). The task is

to determine whether an image contains a single white

convex region.

the impact of some hidden layers over others. We over-

come this problem by introducing several kernel widths

σ0, . . . ,σ3 > 0. The kernel function, for the case where

the first l hidden layers (and the raw input data) are

used, then becomes

k(xi,xj) = exp−

�
1

σ2

l�

t=0

�ht
i − h

t
j�22

σ2
t

�
(5)

where h
t
i are the features from the tth layer generated

by input xi, and σt is the scaling factor for layer t

only. For our setup we fix σt to the median distance

within the tth layer and choose the global σ by cross

validation, or set σ = 1 and learn the individual σt

with the method described in the following subsection.

Kernel Parameters Learning. The features from

the different layers h
0, . . . ,ht

might be of varying util-

ity [15] for the final discrimination task. Also, as we

show in the result section 5, on some data sets it is

beneficial to include the original raw data h
0
, whereas

in others it might actually decrease performance. We

suspect that the exact values of σt might have a no-

ticeable influence on the classification accuracy.

The most common approach to SVM parameter set-

ting is grid-search based on cross-validation. How-

ever, as we have more parameters than usual, the grid-

search becomes impractical. As an alternative, we in-

vestigate the benefits of learning them automatically

from data. Chapelle et al. [3] proposed an algorithm

to learn multiple kernel parameters for support vector

machines with gradient descent. With a slight modifi-

cation, we convert the algorithm to learn σt for blocks

of features, as in (5).

50,000 test images
Saturday, December 11, 2010


