Project Proposal
Parallel Algorithm for Sparse Coding and Dictionary Learning on
GPUs
Manh Huynh
Parallel Distributed System - Fall 2016
Department of Computer Science and Engineering
University of Colorado Denver
November 15, 2016

1

Introduction

While the goal of sparse coding is to find the sparse representation of a set of input signals by
given a learned dictionary, the goal of K-SVD for dictionary learning is to create a set of compact
and meaningful atoms that is better fit the data. These two algorithms often closely work together
to create the best sparse coding and dictionary. Then, a given input signal can be described
as the linear combination of the learned atoms. Since a high dimensional signal now can be
represented as a very sparse signal, the dictionary learning method becomes very useful in a wide
range of applications including image compression, image denoising, and recently be adapted to
face recognition and human tracking.
The aim of dictionary learning is to learn an dictionary D ∈ RnxK , where K is the number of
atoms and n is the dimension of each signal. Given the input signal x, we want to find the sparse
vector α such that x ≈ Dα, or ||x − Dα||p ≤  for some small value  and Lp norm. The sparse
vector α contains the representation coefficient of atoms in D, or we can think of each of element in
sparse representation α is the contribution of each of atoms to construct x. Normally, the norm Lp
is L1 ,L2 , or L∞ . In this project, the L2 is used for its simplicity. The table 1 shows the notation
we use in this project.
In this project, we aim to exploit fully parallel algorithm for sparse coding and dictionary
learning for the purpose of multi-target tracking application. Specifically, dictionary is learned to
classify the target’s appearance, which is an important component and also highly computational in
tracking. Since real-time tracking requires the processing time within the frame speed, we expect
to speed-up the current serial algorithm to match this requirement. We note that the tracking
algorithms may consist of many other components such as human detection, moition prediction,
Hungarian algorithm, which also consume lots of computation. However, in the scope of this
project, we mainly focus on dictionary learning and leave the other parts as future works. In the
next section, we will discuss more about the algorithm for sparse coding and dictionary learning.
We will also point out the some challenges for each algorithm that we may encounter when designing
parallel algorithms.
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Table 1: Table of Notation

n
K
N
x
α
D[n × K]
X[n × N ]
A[K × N ]
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Dimensions of input signal
Size of Dictionary, the number of atoms
The number of input signals
Single input signal
Sparse representation of x
Dictionary of size n × K
Set of input signals of size n × N
Sparse representation of matrix X

Sparse Coding Algorithm

The objective function of sparse representation is:
min||α||0
α

subject to ||Dα − x||p < 

(1)

The ||α||0 is the L0 norm, which denotes the number of zero element in sparse vector. In overall,
the goal of sparse coding algorithm is to find the sparsest vector α that satisfy the condition Dα is
close to x. Solving the equation 1 is an NP-hard problem. There is several research try to relaxed
the constraint by using L1 norm instead of L0 . Others using greedy matching algorithm (algorithm
1), and that is the algorithm of our focus in this proposal. The idea of gready matching algorithm
is searching through all atoms in dictionary to find the best match in the input x, calculating the
error, and continue to find another atom in dictionary to fit the error. The process is recursive
until there is smaller the error threshold (). From my perspective, we can totally do calculation
for each of input x individually, but it is still difficult to exploit fully parallel within the process
of one vector x. This is because there is data dependency, that is we have to wait until the first
best match atom is found, to find the second best to match the error. The second thing which is
challenging is different input vector x may be processed in different time. If we allocate some of
PEs unit dedicated to that processing of x, all these PEs may finish sooner that other. That is
what we want to improve to increase the load balance and then efficiency.
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Dictionary Learning Algorithm

The dictionary learning stage refines the dictionary, D, after the sparse representation matrix has
been calculated. Note that sparse representation matrix A consist of the sparse vector for each
input vector x in matrix X. The algorithm of K-SVD for dictionary learning is shown in algorithm
2. The idea of K-SVD algorithm for dictionary learning is that, we will update each of atoms.
Because each atom represent a basis of data representation in high dimensional space, it means
that we want to find set of basis that better fit the data. The procedure to do that is we want to
remove each of atom one at time, finding the errors of data without that atom. Then using SVD
to find the largest eigen vector for that data error. Finally, we replace the chosen atom with that
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Algorithm 1 Greedy Matching Pursuit Algorithm
Input: Dictionary D, input signal x
Output: Sparse presentation vector α
Initialization:
R←x
n←1
while Rn+1 > threshold do
Find atom gj with maximum inner product | < Rn , gj > |
αi ←< Rn , gj > /||gj ||2
Rn+1 ← Rn − αi gj
n←n+1
end while
end

Algorithm 2 Orthogonal Matching Pursuit Algorithm
Input: Orthogonal dictionary D, input signal x
Output: Sparse presentation vector α
Initialization:
R←x
n←1
while  ≤ threshold do
Find atom gj with maximum inner product | < Rn , gj > |
αi ←< Rn , gj > /||gj ||2
Find orthogonal projection operator P of previous selected atoms (Gram-Schmidt algorithm)
Apply the orthogonal projection operator to the residual R
Rn+1 ← Rn − αi gj
n←n+1
end while
end
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eigen vector, because eigen vector help better represent the data.
We note that K-SVD algorithm include the greedy algorithm to calculate the sparse representation
for input signals in X and the K-SVD to find the better atom. The process is repeated in the number
of defined iterations. The complexity of this serial algorithm is O(n4 ), which is unacceptable for
real-time multitarget tracking. However, this algorithm turns out to be difficult to parallelize since
each of atom has to be updated sequentially. The paper[1] consider batching method for similar
and different patterns in sparse representation matrix to speed-up. In detail, set of atoms that
distribute on the same set of representation vectors can be grouped together for processing. The
result shows that it produces a considerable speed-up. However, this paper uses image denoising for
the test, in which we believe we may encounter another problem when using this batching method
for human tracking.
Algorithm 3 K-SVD Algorithm
Input: D,X
Output: Learned D, A
for t = 1 to iterations do
A ← greedymatchingpursuit(D, X)
//Dictionary Update Stage
for i=1 to K do do
L = indices of non-zero element in A(i, :)
X̂ = XL ; Â = AL
E = X̂ − Σk6=i dk ∗ αkT
U ∗ Σ ∗ V T ≈ svd(E)
di = U (:, 1)
end for
end for
end
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Conclusion

We have briefly introduced the goal and scope of this project. Also, some part of detail about
sequential algorithm on sparse coding and dictionary learning are presented. More importantly,
fully exploiting to adapt these algorithm into multi-target tracking is a challenging task. We has
pointed out some of difficulties of the project. However, we expect that the more challenges will
be appeared on the way studying on this topic.
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