Large-scale Dictionary Learning for Local Coordinate Coding
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Dictionary learning is a method to learn dictionary items adapted to data
of a given distribution. It is shown that dictionary learned from data is
more suited for vision task than universal dictionaries [4]. Traditionally,
Vector Quantization (VQ), or using k-means to learn data cluster cen-
troids, is a simple and popular method in the bag-of-features framework
[5]. Recently, sparse coding is used in visual dictionary learning and
achieves lower reconstruction error [6]. To capture manifold geometry of
the data distribution, local coordinate coding (LCC) [7] is proposed and it
achieves state-of-the-arts performance on PASCAL VOC 2009 challenge.

One problem with the original LCC for learning a visual dictionary
is that the time complexity grows linearly with the number of samples.
For large-scale datasets of millions of samples, the computational cost
becomes unacceptable. In this paper, we propose an online LCC dictio-
nary learning algorithm that only processes one or a small mini-batch of
random samples at every iteration round based on [3]. This stochastic ap-
proach converges almost surely and can scales up gracefully to large-scale
datasets.

To learn a visual dictionary D from data samples x;, LCC optimizes
the following objective function [7]
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where d; is the j-th dictionary item and ¢; is the coding coefficient for
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Xj. Ocl-j is the j-th component of ¢ and p is the regularization coefficient.
The objective function consists of two parts: The first term of the objec-
tive function measures reconstruction error and the second term preserves
locality in coding.

The optimization is solved by alternating between D and ¢;. Since
at every iteration all ¢; need to be updated given the current D, the com-
plexity is linear with the number of samples. Our approach minimizes
an upper bound of the original objective function which only requires a
random sample per iteration.

Suppose at iteration ¢, we randomly draw a sample x; from the distri-
bution p(x) and now have a sequence of random samples xi,...,x;. The
objective function at iteration 7 is defined as
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where (D;_1); denotes the j-th dictionary item from D;_;. Note that o
is computed from D;_; and x; and thus decouples from future dictionary
values Dy, (k >1).

Optimizing over D given fixed ¢; is a quadratic programming prob-
lem, which can be solved efficiently by block-coordinate descent [3]:
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Figure 1: Objective value v.s. time (a) VOC dataset; (b) Caltech 256
dataset.

where ¢; is component-wise absolute value of ¢, i.e. écl:’ = a;’ and

Y; is a diagonal matrix constructed from ;. The history informaiton is
accumulated in matrices A and B.

The upper bound converges to the desired objective function almost
surely at infinity. Thus, by minimizing the upper bound, we approxi-
mately learn a visual dictionary by LCC, with much less computational
cost.

We evaluated our method by object recognition task in VOC 2007
[1] and Caltech 256 [2] datasets. Fig. 1 illustrates how objective values
descend over time in batch and online versions. Our conclusion is that the
proposed online learning method can scale up to large-scale datasets with
comparable performance with batch LCC dictionary learning algorithm.
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