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Dictionary Learning Optimization Problem Pairwise Approximate K-SVD Pairwise Approximate K-SVD algorithm
Sparse representation of vectorized signal y € RM Goal: Minimize the error Fix everything in (1) except for either atom 7 of D Require: initial dictionaries Dy € R, Dy € R™M*"
signals set Y, e R™"M k=1: N
- Dml;nx Z | Yk — D1XkD H,: min Z ”R1k — d; ,XEI;)I(D || s.t. [[d4jllo =1  (6) number of iterations | € N
. " .2’ 0 dii 4= Ensure: learned dictionaries Dy and D>
_ K subject to XKHO <Ss k=1:N or atomj of D5 1: fort=1to T do
0 d1jll2 = 1, ’ =1:m N 2. Sparse coding: keeping D¢ and D> fixed, compute
g dojllo=1, j=1:no rgin Z Hng - Dqg, X (k) d || s.t. ||daj|lo = 1 sparse representations X using 2D OMP
y D X Problem (1) is DL with dictionary D> ® Dj: k=1 Dictionary update:
1Y x—D; XkD HF = [|vec Y x—(D>® D, )VechH2 2) When representing Y, | 3. fori=1tonydo
> D € RM™MM2 ig the dictionary For the Teft and rieht at dices T = {1 i) > Py are the atoms in D> pairing with atom / in D 4. Compute the new atom d+; using (9)
> X € R™M"™ ig the s-sparse representation ar(l)(ri je_e ( A rlg} ?h(:;l mroliierilati;n o1f, Y ,iss > Ok are the atoms in D4 pairing with dy; 5. Update X(; using (10), k =1: N
» dictionary columns are called atoms = bt PP g 6: forj=1to n>do
S The k-th term of the sum from (6) becomes ,
IEXOIF = | Yk - xFd d H p 7. Compute the new atom dp; using (11)
KIIF k X Ao llF IR|12 — 2tr(R{, d x\ D, p )t (k)
~ -1 TkllF IPk (7) ® Update X, using (12), k =1: N
S (3) n X(k) D o ( X(k) )T ko
v = [lvec Y, — ) (dz; @ dy)x 7| WPk TP .
) WG Minimized when the trace is max1m1zed Complexity:
— : =1 [ N \ > 2D OMP is O(mnyn»), 1/m that of standard OMP
Separable Dictionary Learning TKSVD Dictionary Update max Z xf’gk D diist|ldyjllo=1  (8) » dictionary update is O(sm?N), same as AK-SVD
11 .« . .
Sparse representation of a 2D signal Y € R/ _ | \k=1 | | ) > faste%‘ than CP—decomposmor.l based algorithms
Simultaneously updates each (j, /) atoms pair Maximum when dy; is colhnear to the sum vector > considerably faster than SeDiL

_ K of .y T
= Ry = E(Xk) + x;;7d1idy; (4) di: = i t = E : R Dop (x\))7T O References
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(5)

For atom d2 j we update followmg

> Dy € R™"M Dy € RM"2 ]eft and right dictionaries

> X € R™M*"™2 ig the s-sparse representation
F

= RMSE

> PTOCESS iterated by TKSVD for all atom pairs [4] S. Hawe, M. Seibert, and M. Kleinsteuber. Separable dictionary learning. In Pro-

> diverges when two d 2] and d 2 pair with d 1 (k) _ ( D D : Qk)T D1 O, R2 dej (12) ceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
pages 438-445, 2013.
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mEEE” s 1D(n = 256) | lena barbara boat peppers house
cSpieEd 65 | om e | - Tnoise / PSNR — Method 5oy ™ SsIM PSNR - SSIM PSNR SSIM PSNR~ SSIM PSNR  SSIM
. 2D = 2 = 129) ID 3846 0942 3794 0962 3698 0935 37.60 0.925 3927 0.953
y D, X D} ; : 5/34.15

oD 3822 0940 37.69 0961 36.63 0929 37.34 0920 3871  0.948
First algorithm SeDiL: highly complex algorithm o 10/98.13 ID 3530 0907 3421 0931 3347 0878 3463 0876 3562 0.901
based on manifold gradient search. Alternatives: 7 oD 3521 0905 3410 0930 3342 0875 3456 0873 3543  0.897
< z 50 /92 11 ID 3202 0857 3021 0867 29.89 0.789 31.88 0.833 3247  0.857
> rank-1 CP decomposition based (2DS), closer to 15 ' oD 3194 0855 30.08 0863 29.88 0.787 31.88 0.831 3225 0.854
K-SVD 1 30 /18 58 ID 2996 0817 2775 0803 2790 0.727 30.12 0.804 30.44 0.828
> tensor orientated, using t-SVD (K-TSVD, TKSVD) 2D 2991 0.815 27.65 0799 2791 0.725 30.10 0.802 30.18 0.824
. ble 1 on the Kroneck ¥ 5] : 50 /1415 ID 2737 0754 2466 0685 2547 0.642 27.66 0.755 2747 0.762
HONSEPALADIL TOCUSEE O ThE AIONCCRET OpETation | | | | | | oD 2732 0752 2457  0.681 2541 0.638 2772 0754 27.35  0.758
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