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Overview Dictionary Learning with FSA Comparison with Other Methods
Task: find a dictionary and sparse representation for pictures 1. Unlike using L;-penalized loss function, we use FSA to  We use the mean square error to compare the results for
desired: direct control of the sparsity level. directly control the sparsity level. different sparsity methods.
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2. Using FSA, we have three hyper-parameters:
n. learning rate
u. the speed of removing the variables
N: number of iterations
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Left: original picture Middle: picture reconstructed using FSA . L e =
Right: picture reconstructed using LARS 3. Weusea stralghtforwgrd_ qpproach that minimizes t.he L o
cost by alternately minimizing over one variable while
keeping the other one fixed.
Dictionary Digit recognition application
T Full Algorithm « MNIST handwritten digit database
ol S N -  Three sparse dictionary methods: LARS, IRLS, FSA (ours)
LAl !' INEN B s Algorithm 1 Dictionary learning with FSA  Evaluate the classification accuracy on the sparse feature vectors
Input: Data matrix X ¢ RIXn with 1 observations using three multi-class classification methods.
X1, ..., X, as columns, sparsity level £. Table 1. Test misclassification errors on MNIST data.
Output: Trained dictionary D. Method Sparsity| SVM |[KNN(K=3)| RF
1: Initialize Do with p random observations from X. FSA o 10.0362] 0.0915 10.0915
2. for t=1 to T do FSA 10 10.0257] 0.0682 0.0394
3 for i=1 ton do FSA 20 0.0223( 0.0561 0.0331
4- Use Algori[hm 2 t0 compute FSA 50 0.0239| 0.0364 [0.0270
Left: dlctlonary obtained using the |, penalty. Right: dlctlonary Q; = argmin sz — Dt—1a\ \% LARS : 0.03721  0.1062 10.0564
obtained using FSA ||ex|lo<k LARS 10 10.0323] 0.1312 ]0.0463
5:  end for LARS 20 10.0300f 0.1012 ]0.0397
6:  SetA = (ay,..,«a,) € R LARS 50 [0.0330] 0.0802 [0.0357
Classical Dictionary Learning 7. Compute D; by Algorithm 3, with (X, A,D;_;) as IRLS 5 1008481 0.1585 10.1030
input *
1. Suppose we have input data X, find a dictionary D and P IRLS 10 100759 0. j“ >0 10.0904
sparse coding A: Dt — argmm . Z HX& Dt 10{6“2 (5) IRLS 20 00527 O 465 00582
X ~ DA IRLS 50  10.0503] 0.0955 10.0539
N 8: end for Original data| -  [0.0562| 0.0619 [0.0352
2. Minimize the cost function to learn the dictionary and 9: Return D = D7
sparse representation: Conclusion
R Experiments ONCsio
fn(D,A) = — Z [(x;, D, ;) . Tune FSA hvber-barameters by combaring the mean sauare arror » Anew method to solve the sparse coding problem in dictionary
== yPErp y paring . ' learning that replaces the L, penalty in the loss function with a
3. L;-penalized square loss function (indirect sparsity sparsity constraint ||a|,=k.
control through A) N —woon — o0 e e The method relies on a recent feature selection method called
1 _ L 00| . e Feature Selection with Annealing (FSA).

e Using FSA we can directly specify the number of non-zero

variables we want in the sparse representation, unlike the L,
_ penalized methods where the sparsity is controlled indirectly
through the regularization parameter.
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