
On Linear Embeddings and Unsupervised Feature Learning

Ryan Kiros rkiros@ualberta.ca
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Abstract

The ability to train deep architectures has
led to many developments in parametric,
non-linear dimensionality reduction but with
little attention given to algorithms based
on convolutional feature extraction without
backpropagation training. This paper aims
to fill this gap in the context of supervised
Mahalanobis metric learning. Modifying two
existing approaches to model latent space
similarities with a Student’s t-distribution,
we obtain competitive classification perfor-
mance on CIFAR-10 and STL-10 with k-NN
in a 50-dimensional space compared with a
linear SVM with significantly more features.
Using simple modifications to existing feature
extraction pipelines, we obtain an error of
0.40% on MNIST, the best reported result
without appending distortions for training.

1. Introduction

The shift towards learning feature hierarchies from
sensory input can largely be attributed to the discov-
ery of successful approaches to training deep, multi-
layer architectures such as the deep belief network
(Hinton et al., 2006), stacked auto-associator (Bengio
et al., 2007) and energy based models
(Ranzato et al., 2006). With respect to dimen-
sionality reduction, these models have allowed for a
new approach to learning highly non-linear, para-
metric embeddings. Weston et al. (2008) considered
deep, semi-supervised models of manifold learning al-
gorithms such as Isomap and Laplacian eigenmaps,
while Salakhutdinov & Hinton (2007) adapted their
neighbourhood components analysis (NCA)
(Goldberger et al., 2004) objective to be used with
a deep pre-trained network. Other approaches that

were adapted to these architectures include paramet-
ric t-SNE (van der Maaten, 2009), large-margin k-NN
(Min et al., 2009) and variations of NCA and maxi-
mally collapsing metric learning (MCML) (Min et al.,
2010) that followed van der Maaten (2009) using heavy
tailed distributions for modelling latent similarities.
All of these algorithms led to embeddings of far su-
perior quality then that of their linear counterparts.

Although much of the motivation for learning use-
ful feature representations were based on construct-
ing deep architectures, Coates et al. (2011) showed
that single layer networks can perform surprisingly
well in object classification tasks. This was followed
with Coates & Ng (2011a) who argued that encod-
ings are far more important than training dictionaries
and attributed the encoder for much of the success of
sparse coding. Simple models that required no tuning,
such as Ngiam et al. (2011), could be competitive with
models such as RBMs that were much more difficult to
train. Since then, hierarchical methods have been pro-
posed using much simpler feature learning approaches
such as K-SVD (Bo et al., 2011b) and stacked ISA (Le
et al., 2011).

The aim of this paper is to consider dimensional-
ity reduction in architectures with convolutional fea-
ture extraction and no backpropagation, showing that
simple linear embeddings can be successfully learned
on top of these extracted representations. We uti-
lize two existing Mahalanobis metric learners, correl-
ative matrix mapping (Strickert et al., 2010) (CMM)
and maximally collapsing metric learning (Globerson
& Roweis, 2006) (MCML) and introduce mini batch
training where latent representations are modelled us-
ing a Student’s t-distribution. To further motivate this
setting, we describe a generalized two-step procedure
for performing non-linear dimensionality reduction, for
which spectral methods fall under. We experiment on
three datasets, MNIST, CIFAR-10 and STL-10 learn-
ing 50-dimensional embeddings on each using both
fully supervised and semi-supervised settings. Using
a k-NN classifier in the latent space, we obtain com-
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petitive classification performance on CIFAR-10 and
STL-10 as well as the best classification performance
reported on MNIST when no distortions are appended
for training.

2. Methods

We split our discussion into three sections: the pipeline
for unsupervised feature learning, descriptions of the
embedding procedure and finally motivation for our 2-
step approach. We chose to largely follow the pipeline
of Coates & Ng (2011a) due to its simplicity and previ-
ous success in object recognition. Next, motivated by
the supervised t-distributed embeddings of Min et al.
(2010), we modify CMM and MCML and model latent
distributions with a Student’s t-distribution. Finally,
we discuss the similarities of our approach to spec-
tral dimensionality reduction and describe a general-
ized strategy for non-linear dimensionality reduction.
Our goal is then to show that under this setting, k-NN
classification performance in a low-dimensional space
can be competitive with a linear SVM with thousands
more features.

2.1. Unsupervised Feature Learning

Our pipeline for representation learning mostly follows
Coates & Ng (2011a) (contrast normalization, whiten-
ing and convolutional feature extraction) along some
modifications based on Jarrett et al. (2009) (tanh acti-
vation and contrast normalization) as well as the use of
a 2-layer average pooling. We assume that we are given
a set of image patches P = {p(1), . . . , p(m)} of size r×c
where r× c is the receptive field size. The patches are
extracted randomly across all images and will be used
for performing dictionary learning. Each patch p(i)

is then collapsed into a single vector of size 3rc (for
color images) and rc for grayscale images. For color
patches each component is left unnormalized while for
grayscale patches we divide by 255 to map the data
into [0,1].

We perform an additional pre-processing step for color
patches by subtracting the mean and dividing by the
standard deviation across patches. These operations
correspond to brightness and contrast normalization.

2.1.1. Whitening

Whitening is an operation that is used to decrease in-
tensity correlation between neighbouring pixels. More
specifically, after whitening, patches have zero mean,∑m
i=1 p

(i) = 0, and identity covariance,
1
m

∑m
i=1 p

(i)(p(i))T = I. We make use of zero-phase
(ZCA) whitening which is performed by first sub-

tracting the mean, performing an eigendecomposition
C = V DV T on the covariance matrix C = C(P ) then
computing the whitening matrix W = V (∆(δ(D) +

ε))−
1
2V T where ε is a small positive number applied

to the diagonal of D. The use of ε has the effect of
low-pass filtering the data if set sufficiently high. For
all of our experiments we set ε = 0.1 as is done in
Coates & Ng (2011a).

2.1.2. Dictionary Learning

After performing whitening, the patches are now ready
to be used for constructing a dictionary. We follow
Coates & Ng (2011a) and use orthogonal matching
persuit (OMP). OMP aims to solve the following op-
timization problem:

minimize
D,p̂(i)

m∑
i=1

||Dp̂(i) − p(i)||22

subject to ||D(j)||22 = 1,∀j
||p̂(i)||0 ≤ q,∀i

(1)

where D ∈ Rn×k and D(j) is the j-th column of D.
The objective is minimized using alternation with q =
1.

Recently, Coates & Ng (2011a) showed that using ran-
domly chosen patches as a dictionary can be surpris-
ingly effective. Thus, we also consider constructing
a dictionary by simply choosing a random subset of
P = {p(1), . . . , p(m)} to be the columns of D, fol-
lowed by normalization with ||D(j)||22 = 1. Zhang
et al. (2011) showed that under a convex relaxation
of sparse coding, global solutions can be obtained sim-
ply from normalizing over examples. This observation
might help explain why such bases often perform well
in practice.

2.1.3. Convolutional Feature Extraction

Let {I(1), . . . , I(m)} ∈ RnV ×nH represent a set of
input images of dimensions nV × nH for which we
would like to map to a new feature representation
using the learned bases D. Suppose that the re-
ceptive field size is r × c and that the j-th subre-

gion (patch) of I(i) is s
(i)
j collapsed into a column

vector. Then the feature encoding f
(i)
j is given by

f
(i)
j = max{tanh(DT s

(i)
j )− α, 0} where α is a param-

eter to be set by the user. When the stride between
image subregions is one, the result is equivalent to a
valid convolution with the dictionary. In particular,
the resulting encodings f (i) for image I(i) will be of
size (nV − r + 1) × (nH − c + 1) × k, where k is the
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size of the dictionary D. Given the encodings f (i), we
perform one additional step of contrast normalization
of the form f̂ (i) = (f (i) − µ(f (i)))/max{µ(σ), σ(i)},
where µ, σ denotes vectors of means and standard de-
viations across patches. The use of the tanh activation
and contrast normalization deviates from the pipeline
of Coates & Ng (2011a) but was shown to be useful
operations by Jarrett et al. (2009) when analyzing dif-
ferent pipelines for object recognition tasks.

2.1.4. Pooling

The final procedure in our pipeline is performing pool-
ing over the extracted encodings. We utilize a 2 layer
pyramid consisting of an initial 4 × 4 average pooling
over the extracted encodings f̂ (i). This is followed by
splitting the output into quadrants and average pool-
ing over each quadrant. The final output is of size
2 × 2 × k for which features are then flattened into a
single feature vector of size 4k. To get the final fea-
ture vector x(i) for image I(i) to use as input for di-
mensionality reduction, we standardize the data using
mean centring and regularized variance normalization

x
(i)
j = (f̂

(i)
j − µj)/

√
σ2
j + ε for feature means µj and

standard deviations σj with ε = 0.01 for all experi-
ments.

2.1.5. The Role of Learning

Our pipeline may be summarized as follows: initial
contrast normalization, whitening, dictionary learn-
ing, convolutional feature extraction, additional con-
trast normalization and pooling. Under this setup, the
only learning that takes place is when OMP is used to
construct a dictionary. If we instead construct a dic-
tionary just from normalizing over randomly selected
patches, then no learning takes place at all. Thus in
the minimal setting, only the linear embedding of the
extracted features is learned, excluding the use of k-
NN for classification.

2.2. Dimensionality Reduction

2.2.1. Correlative Matrix Mapping

Correlative matrix mapping (CMM) (Strickert et al.,
2010) learns a Mahalanobis type metric such that la-
tent distances are in maximum correlation with label
distances. We modify this existing approach by mod-
elling the latent representations using a Student’s t-
distribution. Let X = {x(1) . . . x(m)} be a set of m
datapoints (in our case, the extracted features) and
let l(i) denote the associated label of x(i) which we
shall assume is a binary vector of length |c| where c
is the set of all single-label classes. The vector l(i)

has a 1 in the kth component if it belongs to class
k and 0 otherwise. Let f(x(i)|W ) = Wx(i) with
dij = ‖f(x(i)|W )− f(x(j)|W )‖2. Consider a joint dis-
tribution Q with entries qij representing the probabil-
ity that x(i) would have x(j) as a neighbour under a
Student’s t-distribution with α degrees of freedom:

qij =
(1 + d2

ij/α)
−α+1

2∑
k 6=l(1 + d2

kl/α)
−α+1

2

, qii = 0 (2)

Let DL denote a joint distribution of the label similar-
ities, where (DL)ij is the normalized cosine similarity
between l(i) and l(j) such that

∑
ij(DL)ij = 1. Our

objective can now be expressed as:

Ct−CMM = max
W

r(DL, Q)− β‖W‖2F (3)

where r denotes Pearson’s correlation. We follow
van der Maaten (2009) and learn the degrees of free-
dom by initializing it to α = d− 1 and computing ∂C

∂α
at each update. We will denote the modified version
of CMM by t-CMM.

2.2.2. Maximally Collapsing Metric Learning

Maximally collapsing metric learning (MCML)
(Globerson & Roweis, 2006) also aims to learn a Ma-
halanobis type metric, although the motivations are
different. MCML collapses classes with the intention
that all points in the same class should be mapped
to the same location. As with CMM, the objective
is modified to be applied for use with a Student’s
t-distribution. Let qij and dij be defined as in
Equation 2. Consider the following joint distribution
over the label space:

pij ∝

{
1 if y(i) = y(j)

0 if y(i) 6= y(j) (4)

the modified objective can now be expressed as:

Ct−MCML = min
W

∑
i

∑
j 6=i

pij log
pij
qij

+ β‖W‖2F (5)

We found that the use of regularization for both
t-CMM and t-MCML always improved performance
in our experiments. We also note that the non-
regularized MCML formulation can be seen as a special
case of Min et al. (2010) when only a single layer with
a linear activation is used for the embedding.



On Linear Embeddings and Unsupervised Feature Learning

2.2.3. Optimization

Due to the quadratic complexity of our objectives, run-
ning the algorithms on more then 10000+ datapoints
becomes both memory and computationally inefficient.
We instead propose to use minibatch training, as has
been done by Salakhutdinov & Hinton (2007) among
others. Optimization is done by running L-BFGS for
10 iterations on each minibatch, with a full epoch rep-
resenting a full pass through the training set. Due to
the non-convexity of the objectives, we also briefly ex-
perimented with various number of iterations, batch
sizes as well as the use of applying conjugate gradi-
ents as opposed to L-BFGS. We found that the results
were indifferent so long as the number of iterations per
minibatch was sufficiently high.

2.3. Motivation: Spectral Dimensionality
Reduction

Our procedure of first performing representation learn-
ing followed by a linear embedding can be generalized
in the following setting:

1. Learn a non-linear representation defined by φ :
Rp → Rq which may or may not depend on the
desired dimension d

2. Construct a linear embedding γ : Rq → Rd of the
output representations.

We first observe that spectral methods for dimension-
ality reduction fall into this framework. Let X =
{x(1), . . . , x(m)} be a set of m datapoints with arbi-
trary centred kernel matrix K ∈ Rm×m. Consider the
following objective:

min
K̄=K̄T ,K̄�0

L(D(K̄);D(K)) +R(K̄) (6)

where D(K) is the distance matrix representation of
K, K̄ is a reconstruction of K and L,R are a spec-
ified loss and regularizer, respectively. Given an op-
timal solution, one can obtain a representation X̂ by
performing an eigendecomposition K̄ = QV QT and
truncating all but the top d eigenvalues, where d is
the desired dimensionality of the embedding.

Under this framework, set φ(K) =
argmin

K̄=K̄T ,K̄�0

L(D(K̄);D(K)) + R(K̄) and γ(K̄) = X̂

such that the desired embedding X̂ is given by
(γ ◦ φ)(K) with p = q = m × m and domain of φ
the set of valid kernels. Although the actual feature
representations might be of infinite size implicitly

represented by a choice of kernel, we distinguish this
by the explicit representation learned in terms of the
kernel.

2.3.1. Example: Kernel PCA

In the case of kernel PCA, we use L(D̄;D) = ‖H(D−
D̄)H‖ where H is a mean centering matrix and
R(K̄) = [[rank(K̄) ≤ d]]. In this example, the repre-
sentation learning phase depends on d to enforce low
rank in K̄.

2.3.2. Example: Maximum Variance Unfolding
(MVU)

For MVU (Weinberger & Saul, 2004), we set
L(D̄;D) =

∑
ij [[N(D)ij = 1 and D̄ij 6= Dij ]] where

N(Dij) = 1 if x(i) and x(j) are neighbours in D
and 0 otherwise. The regularizer used is of the form
R(K̄) = −tr(K̄).

2.3.3. Generalizations

Our proposed framework for embedding images we let
our mapping be defined independently of d to be that
of our feature extraction pipeline where the mapping
is parametrized by a constructed dictionary. The em-
bedding phase is then a straightforward rank d lin-
ear transformation of the output features. In this pa-
per, we restrict ourselves to learning supervised Ma-
halanobis metrics parametrized by the embedding ma-
trix. Observe that self-taught learning naturally falls
into this framework by setting φ to be the feature map
learned from an arbitrary image database, potentially
independent of the desired recognition task.

3. Experiments

For our experiments we use 3 datasets commonly
used in the deep learning/feature learning community:
MNIST 1, CIFAR-10 2 (Krizhevsky, 2010) and STL-10
3 (Coates et al., 2011).

MNIST is a collection of 70000 28 × 28 grayscale im-
ages of digits from 0-9. The dataset is partitioned into
60000 for training and 10000 for testing. CIFAR-10
is a collection of 60000 32 × 32 color images of ob-
jects from 10 classes, each which is evenly distributed
across the training and testing sets. The training set is
partitioned into 50000 images with the test set having
10000. STL-10 is a recent dataset used to motivate
further work in self-taught learning. STL-10 contains

1http://yann.lecun.com/exdb/mnist/
2http://www.cs.toronto.edu/~kriz/cifar.html
3http://cs.stanford.edu/~acoates/stl10

http://yann.lecun.com/exdb/mnist/
http://www.cs.toronto.edu/~kriz/cifar.html
http://cs.stanford.edu/~acoates/stl10
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10 folds of size 1000 each of 96 × 96 images from 10
classes. It also includes an addition unlabelled set of
100000 images that include images from distributions
other than the intended classification task. The proce-
dure to using the dataset is to first perform represen-
tation learning on the unlabelled dataset, then apply
the learned features to each of the 10 training folds,
reporting the average classification performance on a
test set of size 8000.

For all experiments, we use the described pipeline for
learning a feature representation from the input im-
ages, then utilize either t-CMM or t-MCML for per-
forming the supervised embeddings. We use a recep-
tive field size of 9 × 9, 4 × 4 + quadrant pooling and
4000 bases on all datasets. On MNIST, we consider
experiments with 2 bases: learned (P) and random
patches (RP). For the other 2 datasets, we use 3:
learned (P), random patches (RP) and learned with
both datasets (D). We also consider semi-supervised
experiments where 1%, 5% and 10% of the data is used
for each of the above combination of trials. This cor-
responds to using only those percentages of data for
the supervised embeddings, while all the data is still
used for unsupervised feature learning.

For performing the embeddings, we partition the train-
ing set for training and validation and run the em-
bedding algorithm until the objective value does not
improve on the validation set for 10 epochs. All ex-
periments are run with minibatches of size no larger
than 3000. A value of k from 1,3,5,10,15,20 and 25
is then chosen that maximizes the classification accu-
racy on the validation set. Once this is completed, the
algorithm is ran again using the full training set for
the indicated number of epochs. Classification is per-
formed using the chosen value of k from the validation
set. In all of our experiments, we fix the regularization
parameter to β = 0.01 and soft-activation parameter
α = 0.25.

In some of our experiments, we found the above pro-
cedure led to underfitting, in the sense that although
the validation objective was no longer improving, the
classification performance was still improving. In these
cases, we simply removed the early stopping criteria
and ran the algorithm for a total of 50 epochs. A value
of k is chosen as before, then the algorithm is applied
again for 50 epochs on the full training set. All exper-
iments on CIFAR-10, as well as the fully-supervised
MNIST experiments fell into this category. All STL-
10 experiments benefited from the early stopping.

For experimental control, we only compare our meth-
ods with similar non-backprop pipelines when no dis-
tortions are added for training. For additional compar-

Method (% of labels) P RP D
t-CMM (1%) 49.18 47.27 49.75
t-MCML 50.25 48.40 50.46
t-CMM (5%) 61.84 60.95 62.17
t-MCML 64.01 63.14 64.31
t-CMM (10%) 67.01 66.39 68.09
t-MCML 68.72 67.66 69.68
t-CMM (100%) 79.44 78.21 79.78
t-MCML 78.69 78.69 80.12

Table 1. k-NN classification accuracy of the learned 50 di-
mensional features on the CIFAR-10 dataset using various
dictionaries and label percentages.

Method Accuracy Features
Coates & Ng (2011a) 81.5% 48000
Jia et al. (2012) 83.1% 24000
Coates & Ng (2011b) 82.0% 22400
Coates et al. (2011) 79.6% 16000
Bo et al. (2011a) 80.0% 6000
SVM 80.0% 16000
t-MCML + k-NN 80.1% 50

Table 2. A selection of the best results obtained on CIFAR-
10 using non-backprop pipelines, sorted by number of fea-
tures used.

ison, we trained a linear L2-SVM on the fully super-
vised experiments with basis P in order to gauge the
modifications made to the feature extraction pipeline.
Model selection is performed with the same validation
sets as the embedding procedures. Code for reproduc-
ing our results will be made available online.

3.1. CIFAR-10

The results obtained on CIFAR-10 are in Table 1.
The best results are obtained with the inclusion of the
STL-10 unlabelled data for dictionary learning. Table
2 shows a selection of the best results obtained from
the literature using non-backprop pipelines, sorted by
the number of features used for classification. Our
best accuracy of 80.1% is competitive with all exist-
ing methods. Moreover, our results show that having
thousands of features is not a necessity for good classi-
fication performance. We note that other approaches
based on backpropagation convolutional networks ex-
ist (Krizhevsky, 2010; Cireşan et al., 2011; 2012), the
latter being the current state-of-the-art on this dataset
which appended added distortions for training. To fur-
ther test the quality of the learned embeddings, we ap-
plied t-SNE to a random subset of 2500 test datapoints
and visualized the two dimensional embeddings in Fig-
ure 1. Interestingly, all of the man-made objects (air-
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Figure 1. t-SNE embedding of the learned 50 dimensional
features on a random subset of 2500 CIFAR-10 test dat-
apoints. All the training data was used for learning both
the dictionary and embedding (best seen in color)

Method P RP D
t-CMM 53.77 ± 1.29 52.88 ± 1.15 54.23 ± 0.73
t-MCML 51.82 ± 3.45 44.84 ± 4.33 49.18 ± 3.54

Table 3. k-NN classification accuracy and standard devia-
tions of the learned 50 dimensional features on the STL-10
dataset using various dictionaries.

planes, automobiles, ships and trucks) are clustered
off on one side while living creatures (birds, cats, deer,
dogs, frogs and horses) are clustered on the other end.
The birds class is centred due to its similarity with
some of the airplanes.

3.2. STL-10

The results of our experiments on STL-10 are shown
in Table 3. As in the case of CIFAR-10, the best re-
sult is obtained by using both datasets for dictionary

Method Accuracy Features
Coates & Ng (2011b) 60.1% 22400
Coates & Ng (2011a) 54.9% 12800
Coates & Ng (2011a) 59.0% 12800
Coates et al. (2011) 51.5% 6400
Ngiam et al. (2011) 53.5% 6400
Zou et al. (2011) 61.0% -
SVM 58.0% 16000
t-MCML + k-NN 54.2% 50

Table 4. A selection of the best results obtained on STL-10
using non-backprop pipelines, sorted by number of features
used.

Method (% of labels) P RP
t-CMM (1%) 2.51 2.98
t-MCML 2.60 2.74
t-CMM (5%) 1.05 1.23
t-MCML 1.06 1.06
t-CMM (10%) 0.79 0.87
t-MCML 0.93 0.80
t-CMM (100%) 0.46 0.52
t-MCML 0.44 0.51

Table 5. k-NN classification errors of the learned 50 dimen-
sional features on the MNIST dataset using various dictio-
naries and label percentages.

Method Error
Ranzato et al. (2007) 0.62%
Ranzato et al. (2006) 0.60%
Labusch et al. (2008) 0.59%
Keysers et al. (2007) 0.54%
Jarrett et al. (2009) 0.53%
Keysers et al. (2007) 0.52%
t-CMM + k-NN 0.46%
t-MCML + k-NN 0.44%
SVM 0.40%

Table 6. A selection of the best results obtained on MNIST
when no distortions are added to the training set.

learning. Surprisingly, we found that t-MCML often
gave very poor results from many of the folds. This
behaviour was not observed with t-CMM and is con-
sistent across all dictionaries. Table 4 shows how our
performance compares with existing methods in the
literature. Our best result is roughly on par with that
of Coates & Ng (2011a) when a soft activation is used
for encoding. Improved performance was also obtained
by replacing the soft-activation with the sparse cod-
ing encoder, explaining that on smaller labelled sets
the use of the SC encoder is preferable. The best ap-
proaches on this dataset are obtained using features
learned through temporal coherence and a 3 layer net-
work with receptive field learning in the higher layers.
As with the CIFAR-10 results, the number of features
used is significantly less than that of existing methods.

3.3. MNIST

Finally, we performed experiments on the MNIST
dataset for which the classification errors of are shown
in Table 5. For additional comparison of our semi-
supervised results, Lee et al. (2009) obtain a result of
1.91% error with a convolutional deep belief network
and Weston et al. (2008) a result of 1.83% using 5%
of labelled data, where our best result of 1.05% sig-
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Figure 2. t-SNE embedding of the learned 50 dimensional
features on a random subset of 2500 MNIST test data-
points, when only 1% of labelled training data was used
to learn the t-CMM embedding. All the training data was
used for unsupervised learning of the dictionary (best seen
in color)

nificantly outperforms these methods. Table 6 shows
a comparison of the best results obtained on MNIST
when no distortions are added to the training set. For
additional comparison, we trained a linear L2-SVM on
the high dimensional features which is the best result
obtained on this dataset 4. As with CIFAR-10, we test
how well our learned embeddings can be visualized in
a 2 dimensional space. We selected a random subset
of 2500 test datapoints and ran t-SNE on the learned
50 dimensional embeddings. t-SNE is able to natu-
rally separate clusters when only 1% of labelled data
is used to perform the embedding on the training data
(Figure 2).

4. Conclusion

In this paper we show that, parallel to the success of
linear classifiers, simple linear embeddings can be suc-
cessfully used to reduce the dimension of features con-
volutionally extracted from images. Our partitioned
approach is motivated by the same two-step approach
used in spectral dimensionality reduction. Using small
modifications to correlative matrix mapping and max-
imally collapsing metric learning, we obtain classifi-
cation results in 50 dimensions that are competitive
with state-of-the-art approaches that uses thousands
of features. In the case of MNIST, we improve on the
current state-of-the-art when no distortions are added
to the training set. Moreover, in a minimalist setting,
the only learning necessary is the embedding excluding
the k-NN classifier.

4Based on results posted on http://yann.lecun.com/
exdb/mnist/

Although throughout our experiments we use OMP for
dictionary learning and a soft-threshold for activation,
one could replace these with any other training and
encoding procedure. In particular, it is conceivable
that the use of the sparse coding encoder on STL-10,
as was done in Coates & Ng (2011a), could further im-
prove the embedding performance. Furthermore, the
same could hold true when more layers are added with
a receptive field learning procedure of Coates & Ng
(2011b) and Jia et al. (2012). The use of scalable algo-
rithms that can learn representations at the pixel level
for full sized images, such as hierarchical sparse coding
(Yu et al., 2011) and hierarchical matching pursuit (Bo
et al., 2011b) could be applied in combination with our
linear embeddings for learning low dimensional repre-
sentations of full sized images.

Future work in this direction would focus more on un-
supervised embeddings. As an example, one could test
the ability to learn binary codes on full sized images for
semantic hashing (Hinton & Salakhutdinov, 2011) but
replacing a deep autoencoder with one that has only
a single hidden layer. Finally, one could extend the
use of self-taught learning to both the representation
learning phase and embedding phase.
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