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Unsupervised Dictionary Learning
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Unsupervised Dictionary Learning
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x; € R™ image patch, D € R™*? dictionary
¢, loss function -LASSO (basis pursuit)
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Unsupervised Dictionary Learning
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x; € R™ image patch, D € R™*? dictionary
¢, loss function - elastic net
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: A
Elastic Net min —||x Do2 + M|, + 2

o CRP 2 2 |Ia||2

Authors choose for stability reasons

e Strongly convex when X3 >0
e Critical for some tasks beyond reconstruction

Limitations of LASSO [1]

e High-dimensional data with few examples (p>n)
e Highly correlated variables: LASSO tends to select
one variable from a group and ignore others

[1] Zou, Hui, and Trevor Hastie. "Regularization and variable selection via the elastic net." Journal of the Royal Statistical Society:
Series B (Statistical Methodology) 67.2 (2005): 301-320.



Unsupervised Dictionary Learning

Classification learning
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y class labels or regression target
¢, convex loss function - square, logistic, hinge...
a*(x, D) optimal sparse codes given the dictionary



Supervised Dictionary Learning

Basic formulation

. 2 2
Lmin_ f(D,W) + Z[W]3

f(D,W) £ E, [¢;(y, W,a*(x,D))]

y class labels or regression target
¢, convex loss function - square, logistic, hinge...
a*(x, D) optimal sparse codes given the dictionary



Supervised Dictionary Learning

Extensions
1. Learning a linear transform of the input data

f(D,W,Z) £ Eyx[l:(y, W, a*(Zx, D))]
2. Semi-supervised learning

Lomin (1= p)Ey.lt(y, W, o’ (x, D))]

1 4
+ HESJL,(x,D)] + 2 [ W



Applications

1. Regression
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2. Classification
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3. Compressed Sensing
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Optimization

, 1
o(x, D) £ arg mingege 5 [Ix — Derll; + Arllexlly + As [lee]lz

va(D,W) — Ey,x[vwgs(Y; Wa a*)]
Vb f(D, W) = Ey .[-DB"a* (x,D)" + (x — Da*(x, D))"}

Bic =0 Bir=(DiDs+XI) ' Varls(y, W,a*)



Results - Handwritten Digit Classification

Dictionary Size

D unsupervised supervised
p 50 100 | 200 | 300 50 100 | 200 | 300
MNIST || 527 | 392 | 295 | 2.36 96 73 57 54
USPS 802 | 6.03 | 513 | 458 || 3.64 | 3.09 | 288 | 2.84

MNIST: 28x28 images; 60K train; 10K test

USPS: 16x16 images; 7,291 train; 2,007 test




Results - Handwritten Digit Classification
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Results - Nonlinear Image Mapping

Validation set Test set
Image 1 2 3 4 5 6 7 8 9 10 11 12
FIHT2 30.8 | 253 | 258 | 314 | 245 | 28.6 | 295 | 282 | 293 | 260 | 252 | 24.7
WInHD | 31.2 | 269 | 26.8 | 319 | 25.7 | 292 | 294 | 28.7 | 294 | 28.1 | 25.6 | 264
LPA-ICI | 314 | 27.7 | 265 | 325 | 256 | 29.7 | 30.0 | 29.2 | 30.1 | 283 | 26.0 | 27.2
SA-DCT | 324 | 28,6 | 278 | 33.0 | 27.0 | 30.1 | 30.2 | 29.8 | 303 | 285 | 26.2 | 27.6
Ours 33.0 | 29.6 | 28.1 | 33.0 | 26.6 | 30.2 | 30.5 | 299 | 304 | 29.0 | 26.2 | 28.0

Formulated as a regular regression problem, no prior on task.




Results - Nonlinear Image Mapping
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Results - Nonlinear Image Mapping
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Results - Compressed Sensing

Z RANDOM SLA1 PCA SL2

D DCT UL SL SL DCT UL SL SL
r=>5 77.3+4.0 | 76.9+4.0 | 76.7£4.0 | 54.1£1.3 499+0.0 | 476 £0.0 | 475£0.1 | 47.3£0.3
r=10| 57.84+ 1.5 | 56.5+ 1.5 | 55.7+ 1.4 | 36.5 £ 0.7 33.7+£0.0 | 32.3+£0.0 | 323£0.1 | 31.9£0.2
r=20| 37.14+1.2 | 3544+1.0 | 345+0.9 | 21.4+0.1 204+£0.0 | 197+£0.0 | 196+£0.1 | 194+£0.2
r=401| 19.3+0.8 | 185+0.7 | 180+ 0.6 | 10.0£0.3 9.2+0.0 9.1+0.0 9.0£0.0 9.0+ 0.0




Thanks!



