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Abstract—In recent years, dictionary learning (DL) has shown
significant potential in various classification tasks. However, most
of previous works aim to learn a synthesis dictionary. The other
major category of DL-analysis dictionary learning has not been
fully exploited yet. This paper proposes a novel DL method,
named Topology Preserving Dictionary Learning (TPDL). First,
we propose a triplet-constraint-based topology preserving loss
function to capture the underlying local topological structures of
data in a supervised manner. Second, a sparse-label-matrix-based
function is integrated into the basic analysis model to improve
discriminative ability. Third, Huber M-estimator is employed as
a robust metric to handle the errors (e.g., outliers and noise)
that possibly exist in data. Then, an alternating optimization
algorithm is developed based on half-quadratic minimization
and alternate search strategy. Closed-form solutions in each
alternating optimization stage speed up the minimization process.
Experiments on four commonly used datasets show that our
proposed TPDL achieves competitive performance in contrast
to state-of-the-art DL methods.

I. INTRODUCTION

Sparse representation (SR) has shown significant potential
in computer vision [!]. The success of SR pushes forward the
research of dictionary learning (DL). In sparse representation,
a dictionary learned from data is often better than a set of pre-
defined bases (e.g., wavelets) for many pattern classification
tasks. In DL, one popular line of research aims to learn a
synthesis dictionary with some specific regularizations, such as
transform-invariance of dictionary [2], structured incoherence
of dictionary [3], joint dictionary learning and subspace clus-
tering [4], Fisher discrimination on both dictionary and codes
[5], discriminative locality of codes [6], label consistency
of sparse codes [7]. Synthesis dictionary learning is widely
used but it is very time-consuming. Hence, as its dual model,
analysis dictionary learning has drawn much attention [8].

Analysis model aims to learn a proper transformation in-
stead of employing off-the-shelf transformations like DWT, D-
CT, etc. In this model, the presentation of signal is also sparse
[©]. In recent years, some analysis dictionary learning (ADL)
methods have been developed. Ravishankar and Bresler [10]
proposed well-conditioned square transforms and applied this
concept to image denoising. Shekhar et al. [9] enhanced the
method in [10] by imposing a full-rank constraint. Rubinstein
and Elad [ ! 1] utilized hard thresholding for the analysis codes’
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sparsity, meanwhile, they employed synthesis dictionary for
sparse construction. Gu et al. [12] learned analysis and syn-
thesis class-specific dictionary pairs for pattern classification
tasks.

These previous works in analysis dictionary learning benefit
from the simpler optimization in training stage and the higher
speed in testing stage. However, analysis dictionary learning
has not been fully exploited yet for pattern classification tasks.
Inspired by the previous significant works in synthesis dictio-
nary learning, we further integrate discriminative and structure
preserving characters into analysis dictionary learning scheme,
which is effective for classification.

Main contributions are in the following aspects:

o To capture the underlying discriminative topological
structures of data, we employ triplet constraints rather
than conventional pairwise/doublet constraints, resulting
in a novel topology preserving loss function. This topo-
logical loss function can preserve not only the similarity
relationship, but also the neighborhood ranking informa-
tion in a supervised manner.

o To learn discriminative sparse codes instead of merely
reconstructing data, we explicitly introduce discrimina-
tion into analysis dictionary learning by utilizing a sparse
label matrix. Then, the learned analysis dictionary could
exploit the discriminability of data.

« We utilize Huber M-estimator as a robust metric to handle
the errors (e.g., outliers and noise) that possibly exist in
data. Consequently, we develop an alternating optimiza-
tion algorithm based on half-quadratic minimization and
alternate search strategy. Experiments on four databases
show that our proposed method outperforms state-of-the-
art DL methods.

The rest of this paper is organized as follows. Section II
provides a compact review of synthesis dictionary learning
and analysis dictionary learning. In Section III, the proposed
Topology Preserving Dictionary Learning (TPDL) method is
introduced. Section IV is the optimization and classification
procedure. Extensive experiments are described in Section V.
In Section VI, we conclude this paper as well as discuss future
works.
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II. BASICS OF DICTIONARY LEARNING

Let Y = [y1,---,yn] € R™*YN be the original data set.
The core idea of dictionary learning is to obtain an optimized
dictionary that provides an effective representation for each
sample y; € R™. X = [x,---,xx] € R™*Y denotes
Y’s corresponding coding coefficient matrix over the learned
dictionary.

Synthesis dictionary learning: Most existing dictionary
learning methods aim to learn a synthesis dictionary D =
[dq,---,d,,] € R"*"2 by solving

min [Y — DX |7 + M X[, + A2p (Y, D, X, H) (1)

where \; and )\, are regularization parameters, H is the label
matrix of Y. The term |[Y — DX||3 is the reconstruction
error. ||X[|,, is the I,-norm regularizer on X. p (Y, D, X, H)
stands for some specific functions, which can propagate the ge-
ometrical structures of Y to X or promote the discriminability
of D and X.

Analysis dictionary learning: As a dual analysis viewpoint
of the commonly used synthesis dictionary learning, analysis
dictionary learning gives an intuitive explanation like feature
transformation (e.g., FFT). It aims to learn an analysis dictio-
nary 2 € R™*" by solving

. 2
min [|X - 82Y|z

st X, < To, )
HUJ'LHQ = 17 1= 17 ;T2

where 7| is a sparsity constraint factor and w; is the ith row
of . Here, the row-wise norm of the analysis dictionary is
constrained to be unity for a stable solution.

III. THE PROPOSED METHOD
A. Motivation

The kNN classifier is a classical classification method,
which can perform exceptionally well without training effort.
However, it critically relies on the topology property [13]
as well as the discriminability of data. In many cases, high-
dimensional data points from the same category often exhibit
degenerate structures [14] and lie on low-dimensional sub-
spaces or manifolds. Hence, it is significant to simultaneously
exploit the underlying local topological structures and discrim-
inability of data when applying £NN classifier to dictionary-
learning-based classification tasks. Consequently, we propose
a Topology Preserving Dictionary Learning (TPDL) method,
which combines both local topological structures and discrim-
inative information of the original data. The learned analysis
dictionary can map the original samples into a new space
where the same-category neighbors are orderly preserved and
neighbors with different labels are repelled.

B. Topology Preserving Loss Function

Topology property is a description for the local topological
structures of data. It emphasizes not only the neighborhood
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relationship between data points but also the ranking informa-
tion of each sample’s neighbors. The relative neighborhood
proximities play an important role in kNN classification [13].

The effectiveness of triplet constraints [15] has been verified
in hashing [16], metric learning [17], and deep learning based
computer vision (CV) applications [18], [19]. Inspired by these
recent advances, we propose a novel topology preserving loss
function, which is different from similarity preserving loss
function via pairwise/doublet constraints.

Definition 1. Given a triplet (y;, yu,y») comprised of sample
y; and its neighbors y, and y,, their corresponding coding
vectors also form a triplet (x;, Xy, Xy ). Let g;. and h;. denote
the pairwise distance of (y;,y.) and (X;,X.), respectively.
Subscript * presents a placeholder for v or v. Then, the coding
process is called topology preserving when the condition
holds: if g;,, < giv, then hj, < hjy. ]

Based on Definition 1 and Rearrangement Inequality', de-
termining appropriate coding vectors is identical to optimize
the following topology preserving loss function

N N N

maxy Y > (gi — giw) (hiw = hiv)- 3)

i=1 u=1lv=1

Let G; be an antisymmetric matrix with the (u, )" element
equals (giy — giv). The commonly used Euclidean distance is
employed to compute each pairwise distance. Then (3) takes
the following form:

N N N

max 3373 G ) (e~ xall2 e~ xll2).

i=1 u=1lv=1
4)

However, (4) is an unsupervised type. In consideration of
each sample’s label, we further propose a supervised-type loss
function by replacing G; with G'; in (4). The (u, v)th element
of G'; is defined as

-G, (u,v) sgn [G; (u,v)] , (4, u,v) € O
G'; (u,v) 2 G (u,v) sgn [G; (u,v)] ,(4,v,u) € O
G; (u,v) , otherwise
)
-1 ,2<0
where sgn (z) = 0 ,z=0 is the sign function and
+1 ,2>0

O = {(a,b,c)} is a set of descriptions. If (a,b,c) € O, it
means that the two samples y, and y; share the same label
which is quite different from sample y.’s. It is obvious that
G/, is also an antisymmetric matrix. We obtain the supervised
topology preserving loss function

N N N

m)%xz Z ZGQ— (u,v) (||x, — xu||§ —||x; = XvH;)

i=1 u=1v=1
(6)

Proposition 1. Let W € RY*N be g weighting matrix with
the (i,j)th element equals ny: G’; (u, j). Objective func-
tion (6) is equivalent to minx » ;" , Zjvzl Wi ||Ixi — xjH;.

Online: http://en.wikipedia.org/wiki/Rearrangement_inequality.
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Proof. Recall that G’; is an antisymmetric matrix, so
G’; (u,v) = —G’; (v,u). Then (6) is equivalent to

N N N )
DD Z G'i (v,u) [[xi — xull;
max i= 1u lv , (7)
X
- Z Z Z G'; (u,v) [[xi — %u|l3
i=lv=1u=1
which can be reformulated as
Z Z Wiy [|x; — Xu”;
max i 1“— . (8)
Z Z Wiy [|xi — XvH;
1=1v=1
The ultimate form minx Zi:l ijl Wi lIxi — x; ||§ can be
easily derived from (8). ]

Let S denote a diagonal matrix with the (i,i)” ele-
ment equals Z;V 1 m We can define the Lapla-
a S _ wiw?
5

cian matrix L It can be derived

that minx Zi:l ijl W, |Ix; — xj||§ is equivalent to
minx T'r (XLXT). Considering the important role of the
analysis dictionary €2 in coding process, we substitute X in
the topology preserving loss function minx 7'r (XLX) with
QY so that € can be directly learned in an efficient way,
which is demonstrated to be effective in our experiments.

To simultaneously preserve neighborhood ranking as well as
similarity relationship with a supervised approach, we employ
(9) to calculate W;; for each y;

{ Z Gll(uv.]) 7YJ€M
Wij = Yu€EN: (9)
0 , otherwise
where N is a set consisting of the k nearest neighbors of
y:. In practice, we normalize each non-zero W;; to [0 1] by

row and utilize the normalized Laplacian matrix L = 21—
S—1/2WS~1/2 instead of L, where I is an identity matrix’

and W 2 W%WT
C. The Proposed TPDL Method

The analysis dictionary learning framework in (2) focuses
on well representing the original data, neglecting its appli-
cation to pattern classification tasks. To introduce discrim-
ination into analysis dictionary learning, we set 72 to the
total number of categories and employ a sufficiently sparse
label matrix H = [hy,hy,--- ,hy] € R™*N as target
codes. Each column of the sparse matrix H is a label
vector: h; = [0,0,...,1,...,0,0]7, whose non-zero position
indicates the category label of y;. For example, assuming
Y = [yi, - ,y6], where y; and y» are from class 1, y3
and y4 are from class 2, y5 and yg are from class 3, the label
matrix H can be defined as

110 0 0 O
001 100
0 00011

2In this paper, I, 0 and 1 denote the identity, all zeros and all ones matrix
with compatible sizes, respectively.
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For analysis dictionary learning, each sparse code often has
a larger length than the total number of classes. We skillfully
employ the Kronecker product’ to generate a high-dimensional
H. To put it simply, the Kronecker product of two matrices
A € R%*% and B € R"*%2 denoted by A ® B, is the
a1b; X asby block matrix:

A1B AxB A,,B

A | A2B  AxnB Ay, B
A®B= ) . . (10)

AallB Aa12B AalazB

There are various methods to obtain high-dimensional H.
In this paper, we only employ the Kronecker product for
simplicity. The original low-dimensional H is replaced by
the Kronecker product of itself and an all ones vector with
appropriate size. We further propose a novel discriminative
term || X — H||f, added to (2) to fully exploit the discrimina-
tion embedded in the training samples. According to [9], the
unit norm condition in (2) can be replaced by adding a small
penalty of HQH% to the cost term. The optimization problem
of our method now takes the following form:

2
1X — QY|
+aTr (QYLYTQT)
2 2
+0 X — Hl[ + 7127
s.t. ||X7«HO S To, Vi

min
Q,X

(In

where «, 8 and ~y are scalar constants that control the relative
importance of the corresponding terms.

D. Problem Reformulation for Robustness

M-estimators are widely used to improve robustness of
learning algorithms in computer vision [20]. Some popular M-
estimators include Welsch function, [, function, /;-l function
and Huber function. Welsch function has a close relationship
with Correntropy Induced Metric (CIM) [21]. The robustness
of CIM has been verified in principal component analysis [22
non-negative matrix factorization [23], synthesis dictionary
learning [24], low-rank representation [25], subspace cluster-
ing [26], [27] and other applications [28], [29], [30]. Besides,
[, function and [;-[5 function have been employed for various
algorithms, e.g., information theoretic subspace clustering [31]
and robust sparse representation [32]. In this paper, we utilize
Huber loss function Ly (z) to handle the errors (e.g., outliers
and noise) that possibly exist in data.

22
= <
Lo (2) = z, oPlsT (12)
el =% el > 7
Then, we obtain the final formulation of TPDL.:
in F=F+aF + BF. Q
1511)1(1 0+ ol + BF + (9% (13)
s.t. HXZHO < To, Vi
3Online: https://en.wikipedia.org/wiki/Kronecker_product.
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where
N
Fy = ;ﬂH (Ilx: — Qyill,)
F =1 ; 21 Ly (|1y: — Qy;ll,) (14)
N
Fy =3 La (Ixi —hilly)

Il
—

7

IV. OPTIMIZATION AND CLASSIFICATION

A. Half-quadratic Technique

Since problem (13) is not convex, it is difficult to directly
optimize. Fortunately, we can employ the half-quadratic (HQ)
technique to optimize it by alternately minimizing its augment-
ed function F. According to the HQ theory and the conjugate
function theory [33], we have

Lemma 1. Suppose that F (z) is a function which satisfies the
conditions listed in [33], there exists a dual potential function
@ (+), such that

F(z)= 7{161]% {r22 + (7")} (15)

where 1 is an auxiliary variable that is completely determined
by the minimizer function § (z) w.rt. F (z).

) 1 Lz <7
As indicated in [32], 6 (2) = { T when F(z
0-{ & s (2
z
£ <
= Ly(z) = 2 ol <7 . That is to say, the
Tzl = Lz >

2
infimum of F (z) for a fixed z could be reached at r = ¢ (z).

According to Lemma 1, the augmented function F of (13)
takes the following form

F=Fy+aF + 5F2 +v ||Q||i“

min
Q.XRP.Q (16)
s.t. HX7||0 < Ty, Vi
where

. N 2

Fy = 2 {RnHXz — Qyill3 + @i (R“)}

i 11_N N 2

=3 . _Zl {Wi Py — Qy;l; + Wijdis (Pij) }

1=1)=
R N
= Z {Qu”xl - thz + (Qu)}

i=1

an
The N x N matrices R, P and Q store the auxiliary variables.
Note that R and Q are diagonal. {@i}le, {wi}fil and
{@j}ﬁ\]j:l are conjugate functions.

B. Optimization Procedure

Based on the HQ optimization theory, F’ (2,X,R,P,Q)
can be alternately minimized as follows:
1) Update the analysis dictionary and sparse codes.

(ﬂ"“,Xt“) = argmin J=Jy+ a1 + 82 +7HQHQF
Q,X

st xilly < To, Vi
(18)
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where
Jo=Tr ((X ~QY)R{(X — QY)T)
Ji=Tr (QYL'YTQT)
Jo =Tr ((x “H) QX — H)T)

19)

The weighting matrix is updated by Witl = Pt © W? in
the (t+ 1) iteration. L'*! is its corresponding Laplacian
matrix. Alternate search strategy is employed to alternatively
minimize (18) with respect to one while fixing the other one
variable. To update 2 € R™*" with fixed X, we solve

—2XRYTQT + 1007 20
+QY (Rf + aLt+1) YTQT } 9 ( )
The analytical solution is obtained by setting its first deriva-
tive to 0: 2 = XRIYT[Y (R + oLt ) YT +41] 7. To
update X € R™*N with fixed €, we solve (21) for each
column.

minT'r {
Q

2
: L Rgri,ﬂyvi"l'ﬁQ:ihl
e ‘ i RLABQL ||, @1
st |xilly < To

The analytical solution is computed by hard thresholding:
setting the smallest (ro — Tp) elements (in magnitude) of
R,y +6Quh, h for X could be efficient]
~Ri1AQI to 0. The update for X could be efficiently
implemented in parallel.

2) Update auxiliary variables.

R =06 (|l - 27y, 22)
P =0 (o yi - 2y, (23)
Qi =0 (|l — ) @

As summarized in Algorithm 1, the two steps are alterna-
tively minimized until convergence. It is empirically found that
our method converges rapidly (please refer to Section IV-D for
theoretical analysis). In most of our experiments, TPDL will
converge in less than 15 iterations.

Algorithm 1 Topology Preserving Dictionary Learning (T-
PDL)
Input:
Training data Y and the corresponding matrix H;
Number of each data point’s nearest neighbors k;
Regularization parameters «, 5 and 7;
The threshold parameter for Huber M-estimator 7.
Output:
The analysis dictionary (2.
1 Set X =H, RO =1, P =1, Q© =1 for initial-
ization. Compute the weighting matrix W (%), ¢ = 0;
2: while not convergence do
t<=t+1;
Update the weighting matrix W) and compute its
Laplacian matrix L(*);
Update Q) by solving (20);
Update X*) by solving (21) in parallel;
Update R, P®) and Q® via (22), (23) and (24);
: end while

How

® W
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C. Classification

Given training data and the corresponding matrix H, an
optimized dictionary could be learned by Algorithm 1. Then,
we could code both training and testing samples by employing
hard thresholding to solve

. 2
min [x — ]2

(25)
lllo = To.

s.t.
Finally, these coding vectors are treated as new features and
we employ kNN classifier to perform classification.

D. Discussion

Sparsity constraint: Actually, the role of sparsity in pattern
classification is still an open problem. Some investigators
argued that sparsity may not be relevant for classification tasks
[12], [34], and our paper are supportive to this argument.
We have observed in the experiment that our TPDL has
very competitive classification performance when the sparsity
constraint is omitted. This kind of model has less complexity
than other sparsity-based DL methods.

Convergence analysis: According to Lemma 1, when fixing
Q2 and X, the following equation holds:

F@X) = inf F@XRP.Q. (0
It follows that
Iéll)I(lF (2,X) = Q,XI,nPltn QF (2,X,R,P,Q). 27)

Therefore, minimizing F (2, X) is equivalent to minimizing
its augmented function F(Q,X,R,P,Q) on the enlarged
domain. According to the properties of half-quadratic mini-
mization [33] and the commonly used alternate search strategy,
we have

F (Qt+17 Xt+17 Rt+1’ Pt+17 Qt+1)
< F(Qt“,XHl,Rt,Pt,Qt)
< F(Qt,Xt,Rt,Pt,Qt)
The objective function is non-increasing at each alternative
minimization step.

What’s more, according to [20], [35], the objective function
F (2,X) in (13) is bounded below, and thus by (27) we obtain
that F° (2,X,R, P, Q) is also bounded. Consequently, we can
conclude that F' (2!, X! R, P!, Q") decreases step by step
until Algorithm 1 converges.

(28)

V. EXPERIMENTS

We demonstrate the performance of our TPDL on four
typical visual classification databases: Two face datasets (AR
[36] and Extended YaleB [37]), and one object categorization
dataset (Caltech 101 [38]), and one action recognition dataset
(UCF 50 action [39]). These databases are widely used in pre-
vious works to evaluate dictionary learning based classification
methods.

We compare our TPDL with the following methods: the
baseline Support Vector Machine (SVM) and Nearest Sub-
space Classifier (NSC), Sparse-Representation-based Classifier
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Fig. 2. Some sample objects from the Extended YaleB database [37].

(SRC) [1] and Collaborative-Representation-based Classifier
(CRC) [34], and three state-of-the-art DL methods: Dictionary
Learning with Structured Incoherence (DLSI) [3], Fisher Dis-
crimination Dictionary Learning (FDDL) [5], Label Consistent
K-SVD (LC-KSVD) [7].

We follow the experimental settings in [7] for all the above
methods for fair comparison. We use the features of these
datasets provided by Jiang* and Corso’. We empirically set
B = 10 in this paper to force the discriminative codes X
to approximate the sparse H. The experimental results are
insensitive to 5 € [10, 15]. The Huber function’s threshold pa-
rameter is estimated according to [32], in which 7 is regarded
as a function of median. The sparsity level T;, depends on the
length of all ones vector employed in the Kronecker product.
For each database, we set T} to a proper positive integer so that
h;’s length is a little bigger than y;’s. The other parameters
of our TPDL are listed in Table I, which have been tuned on
each database by cross validation.

The AR face database [36] includes more than 4,000 color
face images from 126 persons. Each subject has 26 face
images taken during two sessions. The characteristic of the
AR face database is that it contains frontal views of faces
with different occlusion conditions (sunglasses and scarves),
facial expressions and lighting conditions. All the images are
cropped and scaled to 165x 120. Then, they are projected onto
540-dimensional vectors with a randomly generated matrix to
obtain random-face features. A subset of 2,600 images from
50 females and 50 males is obtained. We randomly select 20
images each person for training and the other 6 images for
testing. We report the average of 15 such random splits. As
shown in Table II, our TPDL method gives a better result.

4Online: http://www.umiacs.umd.edu/~zhuolin/projectlcksvd.html.
S5Online: http://www.cse.buffalo.edu/~jcorso/r/actionbank.
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Fig. 4. Some sample objects from the UCF 50 database [39].

The Extended YaleB database [37] contains 2,414 face
images of 38 people under 64 illumination conditions. This
database is challenging for plentiful expressions and varying
illumination conditions. All the original images are cropped to
192x 168 pixels. Similar to AR’s features, the features used
here are 504-dimensional random-face features. We randomly
select 32 images each human subject for training and the
remaining images for testing. We repeated 15 times such a
sampling process and calculated their average as the final
classification accuracy. It can be seen from Table II that our
proposed TPDL method obtains an improvement over other
algorithms.

The Caltech 101 database [38] is comprised of 9,144 images
from a background class and 101 common object classes. The
number of samples in each class ranges from 31 to 800. We use
the standard Bag-of-Visual-Words (BoVW) + Spatial Pyramid
Matching (SPM) framework [40] for feature extraction. First,
we extract dense SIFT descriptors from patches of size 16x16
which are sampled using a grid with a 6-pixel step size.
Then, we compute the SPM features with 1x1, 2x2, and 4x4
subregions. To build fair comparison, the Vector Quantization
(VQ) based coding method is employed to extract the mid-
level features and the high-dimensional pooled features are
obtained by utilizing the standard max pooling approach.
Finally, the 21,504 dimensional features are reduced to 3,000
dimensions via Principal Component Analysis (PCA). For
each category, 30 images are randomly selected for training
and the rest for testing. Experimental results are summarized
in Table II, which is the average of 15 random splits. Our
TPDL approach achieves obviously higher accuracy than its
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TABLE I
MAJOR PARAMETERS, DETERMINED BY CROSS-VALIDATION.

Extended Caltech
AR Yale B 101 UCF 50
k 5 5 9 7
« 0.001 0.001 0.010 0.010
o 0.1 0.1 3.0 0.1
TABLE II

CLASSIFICATION ACCURACIES (%) ON FOUR DATASETS.

Extended Caltech

AR Yale B 101 UCE 50

SVM 96.5 95.6 64.6 72.3

NSC 92.0 94.7 70.1 67.5

SRC 97.5 96.5 70.7 75.0

CRC 98.0 97.0 68.2 75.6

DLSI 97.5 97.0 73.1 75.4

FDDL 97.5 96.7 73.2 76.5

LC-KSVD 97.8 96.7 73.6 70.1
[ TPDL | 981 | 972 | 739 | 768 |

competitors.

The UCF 50 [39] is an action recognition dataset with
50 action categories, containing 6,680 realistic human action
videos from YouTube. For all the categories, the videos are
divided into 25 groups and each group contains over four
action clips. The action clips within the same group share some
common characteristics, such as similar background, similar
viewpoint, the same person, and so on. We utilize the action
bank features [41] and five-fold data splitting for evaluation,
where four folds are selected for training and the remaining
one fold for testing. We also utilize PCA to reduce the high-
dimensional features to 5,000 dimensions. The experiments
are repeated 15 times with different random splits of training
and testing images. Reliable results of different methods are
reported in Table II. As expected, our proposed TPDL method
achieves the best performance.

VI. CONCLUSION

In this paper, we proposed a novel analysis dictionary
learning method by fully exploiting the topology property and
discriminability of data. Based on triplet constraints, a novel
topology preserving loss function has been developed, which
simultaneously preserves neighborhood ranking as well as
similarity relationship in a supervised manner. To make ADL
suitable for pattern classification tasks, a sparse label matrix
has been introduced for discrimination and Huber M-estimator
has been employed as a robust metric. Based on half-quadratic
minimization and alternate search strategy, we developed an
iterative algorithm to speed up the analysis dictionary learning
process. Experimental results on four pattern classification
databases show the effectiveness of our proposed method.
Future researches will focus on exploiting new topological
criterions of similarity to measure the topology property of
data.

2016 International Joint Conference on Neural Networks (IJCNN)
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