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Abstract

Modeling data with linear combination of a few elements from a learned dictionary has been the focus
of recent research in machine learning and signal processing. In this final project, we present the statistical
guarantee and the state-of-the-art optimization algorithms of reconstructive dictionary learning (RDL)
for restoration task and predictive dictionary learning (PDL) for classification/regression task. Besides,
we introduce sparse coding algorithm which plays an important role in dictionary learning. In addition
to organize the materials from the reference papers, we interpret in our own words and compare different
works at the end of each section, such as generalization bound and optimization efficiency.

Index Terms — dictionary learning, sparse coding, generalization bound, stability, optimization efficiency

1 Introduction

1.1 Sparse Linear Model

Concretely, consider a signal x € R”. We say that it admits a sparse approximation over a dictionary
D = [d; -+ dg] € R™? with d columns refered as atoms, when one can find a linear combination of a
“few” atoms from D that is “close” to the signal x, as shown in 1. For a simple explanation of sparse linear
model, the signal and images in Fig. 2(a) can be seemed as x and they can be composed by the different
frequency signals and many small blocks in Fig. 2(b) which are seemed as D.
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Figure 1: Signal x can be represented with a “few” atoms from dictionary D
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(a) Signal x (b) Dictionary D

Figure 2: Examples of sparse linear model

1.2 Notations

Vectors are denoted by boldface lower case letters and matrices by boldface upper case. For ¢ > 1, the
£,—norm of vector x € R™ is defined as [|x|, £ (327, |2i|?)'/%, where z; is the i’ entry of x. The £y—norm
of vector x is defined as the number of nonzero elements in x. The inner product of vectors is denoted by
(x,y) =xTy. Let [d] := {1,--- ,d} for d € N and supp(ex) := {j € [d] : aj # 0} for & € R%. X is a matrix
in R"™ and A C [m], X, is the matrix in R"*/A whose columns are those of X indexed by A. Similarly,
x, is the sub-vector with elements indexed by A. We also denote & (X) as the k" eigenvalue of X.

Throughout this paper, suppose that the sample x € R™ and assume training data set is of m samples

concatenated to form a matrix, denoted as X = [x; -+ X, € R™. In addition, the dictionary is of
dimension D = [d; --- dg] € R™9 and the sparse coding vector of x depending on D is denoted by
ap(x) € R4

The rest of this paper is organized as follows: Section 2 illustrates the reconstructive dictionary learning
framework with applications, generalization bound and optimization algorithm. Section 3 demonstrates
the predictive dictionary learning framework with applications, generalization guarantee and optimization
algorithm. Section 4 compares several algorithm to solve ¢1-regularization of sparse coding. Finally, section
5 draws our conclusion. Appendix A summarizes the glossary used in the whole work, while the Appendix
B describes the work division of out team.

2 Reconstructive Dictionary Learning

2.1 Problem Formulation and Applications
Learning the dictionary instead of using off-the-shelf (predefined) bases has been shown to dramatically
improve the performance. Although some of the learned dictionary elements may sometimes “look like”

wavelets (or Gabor filters), they can further tuned to the input signals, leading to much better results in
practice. The goal of dictionary learning can be formulated as the following optimization problem below:

IﬁlijngX —DA|%, A =lap(x1) ap(x2) ... ap(xy)], s.t. |allo <k, Vi € [m] (1)

The most common approach for (1) is to optimize between A (sparse coding) and D (dictionary update)



alternatively. The learning of compact representations adapted to restoration tasks has a variety of appli-
cations in image and medical signal processing, such as denoising, inpainting and compression as shown in
Fig. 3.
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Figure 3: Dictionary learning has a variety of applications

2.2 Generalization Bound

In [1, 2, 3], they provide sample complexity estimations to uniformly control how much the empirical average
deviates from the best function. [1] presents a general coding method where data drawn from a distribution
IT on the unit ball of a Hilbert space and are represented by finite dimensional coding vectors as shown in
Fig. 4. The reconstruction error is defined as below:

£u(x) = min ||x — Dap(x)|3, s.t. |1 <A1
acRd
which means the deviation between original and the decoding vector and A is the sparse constraints. When-
ever the codebook is compact and D is bounded, this approach is justified by the following high-probability,
uniform bound on the expected reconstruction error.
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Figure 4: Data x € R" in Hilbert space are represented via linear map (D € R™*9) of prescribed set of
code a € R?

Theorem 1 (Generalization Error, Theorem 1.2 in [1]). With probability at least 1 — ¢ in the observed data



(X1, ey X)) ~ 1™, we have for every D € D that

m
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The upper bound of estimation error in Theorem 1 is mainly via two approaches in terms of the sample
size m, the properties of the sets of codebook, and linear map D € D. The first approach is based on a
direct bound for the Rademacher average of the loss class induced by the reconstruction error. The second
approach is to approximate the union with a finite union via covering numbers.

In [2], they develop generalization bounds on the quality of the learned dictionary for the constraints on
the coefficient selection, as measured by the expected ¢ error. For {1 regularized coefficient selection, they

ndlog(mk)
m

provide a generalization error bounds of order: O , which uses the covering number bound

and a bounded differences concentration inequality. k is the £y sparse constraint.

Theorem 2 (Generalization Error, Theorem 7 in [2]). Let A\ > e/4, with I a distribution on S*~1. Then
with probability at least 1 —e™* over the m samples drawn according to 11, for all D with unit length columns:

1 & ndlog(4+/mk) X 4
EXNHlu,min(X) — E Zlu,mzn(xz) < \/T+ % + E

=1

The spirit of [3] is similar to [1, 2], and it focuses on the relation between the sample complexity and
the empirical risk. The contribution of [3] is to generalize the penalty functions and data distributions. The
class of penalty functions only need to be non-negative, lower semi-continuous, and coercive which is more
generalized. Besides, they also relax the assumption of the training data beyond unit ball in [1] ,[2]. They
also derive Lipschitz constant p from penalty function g for sharper bound.

Theorem 3 (Generalization Error, Theorem 1 in [3]). Consider p > pri(g) and define

£ h-max <log 2pC 1> )

)
C

1
Bound,,(g, D, B) £ 3¢y / flogm +cy/ ﬁ—i—x‘
m m

Then, given 0 < x < mT? — Blogm, we have: except with probability at most A, (L) + 2e7,

sup |Lx (D) — Exlx(D)| < Bound,,(g, D, B)
DeD

Note that Ay, (L) is primarily characterized by the penalty function g and the class of probability distributions
II, while the constants C,h > 1 depend on the class of dictionaries D, and ¢ > 0,0 < T < oo depend on the
class of probability distributions B.

From Theorem 3, we can find out the order of estimation error is almost the same as [1, 2], which is

proportional to O <\/ bfjﬁf”) For better understanding of [1, 2, 3], we compare this three works in Table 1.



Table 1: The comparison between different works of generalization bound

Work A. Maurer & M. Pontil [1] | D. Vainsencher [2] R. Gribonval [3]

Bound 0 (ay/"0) | o) | Bound, (0.0.8) = 0 (/o5

indicator function
Sparse Constraints Extend to other penalty function

lodfly < A7 lallo < &

Extend to more complex model
Data Distribution Unit Ball

(sub-Gaussian)

Approach Uniform Convergence Extend to consider Lipschitzness

2.3 Optimization Algorithm
2.3.1 Method of Optimal Directions (MOD)

MOD is one of the first methods introduced to tackle the sparse dictionary learning problem. The core idea
of this algorithm is to solve the minimization problem as depict in (1). This method follows closely to the
K-means algorithm, with a sparse coding stage that uses either orthogonal matching pursuit (OMP) or focal
underdetermined system solver (FOCUSS) followed by an update of the dictionary. The main contribution
of MOD is the simple way of updating the dictionary which gives the optimal adjustment of the atoms in
each iteration and provides better convergence properties than the old method. The process is shown below:

e Sparse Coding ({y-based method)
The first step finds the coefficients given the dictionary referred to as sparse coding.

ap, (x;) £ argmin ||x; — Dyal|3, s.t. ||allo <k, Vi € [m]
acR?

e Update Dictionary (whole dictionary)
With the assumption that A; is fixed, they seek an update of D, such that error || X — DA¢||% is
minimized. By taking the derivative of error with respect to D, the derived update approach is shown
below:

Dyy1 = XAT (AA]) ™, Ay = [ap, (x1) ap,(x2) -+ ap,(Xm)]

The above process is iteratively repeated until convergence. MOD has been proved to be a very efficient
method for low-dimensional input data x. However, due to the high complexity of the matrix-inversion
operation, this shortcoming has inspired the development of other dictionary learning methods.

2.3.2 K-SVD

Most works of dictionary learning are mainly focus on finding the best sparse signals respect to a given
dictionary. However, in this paper they want to adapt dictionaries to achieve better sparse signal represen-
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Figure 5: The comparison between K-means and K-SVD

tations. Therefore, they propose the K-SVD algorithm which generalizes the K-means clustering process. In
K-means algorithm, each sample is only represented by one of the learned vectors (d;, Vi € [d]). However, in
sparse representations, each sample is represented as a linear combination of the learned vectors. Therefore,
sparse representations can be seemed as a generalization of the clustering problem. The comparison between
K-means and K-SVD is shown in Fig. 5.

K-SVD is also an iterative method alternates between sparse coding of the samples based on the current
dictionary and a process of updating the dictionary atoms to better fit the data. The detail of K-SVD is
described below:

e Sparse Coding ({y-based method)
The first step finds the coeflicients given the dictionary which is the same as MOD.

ap, (x;) £ argmin |x; — D3, s.t. ||allo < k, Vi € [m]
acRd?

e Update Dictionary (column-by-column update with active data)
The biggest difference between MOD and K-SVD is the method of dictionary update. In MOD,
the whole dictionary is updated simultaneously. However, in K-SVD, they update the dictionary
column-by-column by SVD computation which has smaller overhead than MOD. Besides, the update
of the dictionary atoms is combined with an update of the sparse representation which accelerates
the convergence rate. The update equation is described below and the schematic graph of dictionary
update is shown in Fig. 6:
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Figure 6: The schematic graph of K-SVD for dictionary update




This algorithm has been considered to be standard for dictionary learning and used in a variety of applica-
tions.

2.3.3 Online Dictionary Learning (ODL)

Unlike iterative batch based algorithm accessing the whole training dataset at each iteration in order to
achieve empirical risk minimization, online dictionary learning (ODL) optimizes empirical risk with stochas-
tic approximation, and thus ODL has low memory consumption, lower computational cost and scales up
gracefully to large-scale data sets with millions of training samples

The algorithm is summarized in Algorithm 1. To prevent D from being arbitrarily large (which would
lead to arbitrary small values of «), it is common to constrain its columns dy,--- ,dg to have fo-norm less
than or equal to one. We will call D the convex set of matrices satisfying this constraints:

DA D eR™ gt.j € [d], [|d;]2 < 1} 2)

Algorithm 1 Online Dictionary Learning
Input:
o x € R" ~II (a way to draw i.i.d samples from II)

e )\ € R (regularization parameters)
e D € D (initial dictionary)

e T (number of iterations)
Initialization: Ay € R? < 0, By € R"*¢ < 0 (reset the “past” information)
fort=1to T do
Step 0: Draw x; from II

Step 1: Sparse Coding: compute ap using ¢;-norm minimization (e.g. ISTA, FISTA).

1
a; + argmin < [|x; — D103 + A1
acRd

Step 2: Update Ay, By

Ay At—1+ataf,
B, « Bt_1—|-xtaf.

Step 3: Update Dy using Algorithm 2, with D;_; as warm restart, so that

t
1 1
D, <« argmm; ; (§HXZ — DaiH% + )\HaiHl),

DeD
L1 T T
— argm1n7<fTr(D DA,;) — Tr(D Bt)>,
Dep ©\2

where the expected loss is substituted by the surrogate loss.
end for
Return D7 (learned dictionary)




Algorithm 2 Dictionary Update
Input: D;_| = [dl s dd] S RnXd,At,1 = [a1 s ad] € RdXd,Bt,1 = [bl e bd] € R7*d
for j =1toddo

Update the j-th column to optimize for the surrogate loss:

1
d; + Ip | ———(b; — Daj) + d,
J A[],j]( J ]) J
end for
repeat until convergence

Return D (updated dictionary)

2.3.4 Comparison

The comparison between different dictionary learning algorithms is shown in Table 2. To reduce computation
overhead, K-SVD utilize atom-by-atom dictionary update, and ODL further achieve expected minimization
with stochastic gradient descent.

Table 2: The comparison between different dictionary learning algorithms

Algorithm MOD [4] K — SVD [5] ODL 0]

lp-based method {;-based method
Sparse Coding

(Matching Pursuit, Basis Pursuit) | (ISTA, FISTA)

Update Dictionary | whole dictionary atom-by-atom

Data Amount whole dataset active data only | single data only

3 Predictive Dictionary Learning

3.1 Problem Formulation and Applications

Unsupervised (Reconstructive) dictionary learning has also been used for other purposes than pure signal
reconstruction, such as classification, but recent works have shown that better results can be obtained when
the dictionary is tuned to the specific task (and not just data) it is intended for. A general efficient framework
has been proposed [7, 8], and it is based on two-layer model (hypothesis). Compared with reconstructive
dictionary learning, the generalization guarantee and the optimization have been proven much difficult.

We present in this section a formulation for learning a dictionary in a supervised way for classification
or regression tasks, which is also finding a good data representation. Given a dictionary D obtained using
reconstructive dictionary learning presented in previous section, a vector x € R" can be represented as a
sparse vector ap(x). We want to predict the variable y from x, assuming they are associated. We can now
use the sparse vector ap(x) as a feature representation of a signal x in a classical empirical risk minimization
formulation:

m

. , . Tiw] 2
3 (¢:(yi- W, an(x:))) + 2 W],



where W are model parameters which we want to learn, W is a convex set, 7 is a regularization parameter,
and 5 : Y x R +— [0,b], b > 0 is a convex loss function that measures how well one can predict y by
observing ap(x) given the model parameters W. For instance, it can be square, logistic, or hinge loss
from support vector machines. The subscript s of ¢, indicates here that the loss is adapted to a supervised
learning problem.

So far, the dictionary D is obtained in an unsupervised way. We now introduce the predictive (task-
driven) dictionary learning formulation, that consists of jointly learning W and D by solving

m
. g 2
petin S (v Wean(x) + 3 W,

1=

where D is a set of constraints defined in (2).

3.2 Generalization Guarantee

This subsection mainly utilizes the result in [7]. To provide generalization guarantee, we first define some
useful properties. If the dictionary and the data set are of these properties, we can induce some useful
lemmas and theorems to upper bound the estimation error.

3.2.1 Conditions

Definition 1 (Optimal Condition). Let A C [d] denote the active index set which the corresponding atoms
in dictionary are chosen, namely o; # 0 iff j € A. Then, we have the optimal condition for sparse coding as

{ <dj7r€8(X7D)> = sgn(aj))\, JEA
|(d;, res(x,D))| < A jE€A

Definition 2 (k-incoherence). For k € [d] and D € D, the k-incoherence up(D) is defined as the minimum
etgenvalue among k-atom sub-dictionaries of D. Formally,

pir(D) = min{oy(Dy) : A € [d], |A] =k},
where o1, (A) is the k' eigenvalue of A.

Definition 3 (k-sparsity). If every point x;, Vi € [m] of X satisfies ||ap(x;)|lo < k, then ap is k—sparse
on X.

Definition 4 (k-margin). Given a dictionary D and a data set X € R™™ with points x; € Brn, i € [m],
the k-margin of D on x; and data set X is

marging(D,x;) = lI}lgaf(}iﬁ Ijnel% {A—=1{d;, x; — Dap(x;))|},
|T|=d—k

marging(D,X) := rg[m] marging(D,x;).
mnecm

3.2.2 Main Results

Different from reconstructive dictionary learning, one only need to ensure the stability of res(x,D) to
dictionary perturbations. However, in the sense of predictive dictionary learning, the complexity hinges
upon the stability of sparse code, which needs extra properties to ensure generalization bound.

We first introduce Lemma 1 to shift the analysis of difference between empirical risk and statistical risk
to difference between two independent empirical risks.



Lemma 1 (Symmetrization by Ghost Sample, Lemma 1 in [7]). Let F(Zp,X!)) C F be a random subclass
which can depend on both a labeled m-point data set Z,, and an unlabeled m-point data set X/ . With

another labeled m-point data set Z!,, if m > (2)2, then

Pra,xq {35 € F(Zu, X1, Loz, () = Loz D) 2 €}
<2Prgz, 71 x {3f € F(Zm,X0), Loz, (f) = Loz, (f) > g} : (3)

With Lemma 1, we can provide Proposition 1 with X! chosen as an empty matrix and F(Z,,, X ) as

{f € F, : marging(D,X) > ¢ £ \/@}

Proposition 1 (Generalization Bound, Proposition 1 in [7]). If m > (2)2, then

Prg,. {Elf € F, - marging(D,X) > ¢ and Ly 7, (f) — Ls(z, f) > {}

<2Prz, 7 {E!f € F, : marging(D,X) > ¢ and L, z, (f) — IAL&Z;H(f) > g} . (4)
We express the RHS of (4) using event A
A= {Zm,Z;n :3f € Fu i marging(D,X) > ¢ and IA/&Zm(f) - IA/&Z;n(f) > g} (5)

We then divide A into there are at least or at most ¥ points of ghost sample without guarantee of stable
sparse code and define event C as

- - 1
C= {Zm,Z{n : 3f € Fy : marging(D,X) > v and #X Cyy X' : marging (D, X) > 3margink(D,X)} (6)
where X Cy X' stands for X is a subset of X' with at most v points removed. We now only need to bound
Pr{C} + Pr{ANC} with a simple fact:
Pr{A} = Pr{ANC} + Pr{ANC} < Pr{C} + Pr{ANC}. (7)
To upper bound the RHS of (7), we now present Theorem 4: the stability result of LASSO, which is the
fundamental theorem of Lemma 2 and 3.

Theorem 4 (Sparse Coding Stability, Theorem 1 in [7]). Let dictionaries D, D € D satisfy px(D), up(D) >
p>0,||D—Dl2<e and x € Brn. Suppose that there exists an index set T C [d], |Z| =d — k such that

|(dj, x —Dap(x))| <A—71, Vj eI, (8)
for
2\
< —.
< T )
The following stability bound holds:
3ey/s
lap (x) — ap (x)ll2 < - (10)
I
In addition, if € = % for T <7, thenVj € L:
(dj, x — Dagp(x))| <X —(r—7). (11)

10



Condition (8) suggests we ensure the optimal condition (Definition 1) with a margin 7 > 0, and condition
(9) suggests that permissible radius of perturbation (PRP). Therefore, (10) indicates the perturbation of
sparse coding is controlled by a constant factor times the dictionary perturbation, where the constant factor
relies on k-sparsity, k-incoherence and /1-regularization coefficient. In addition, (11) maintains under small
perturbation of dictionary will not change that a certain set of d — k samples will remain inactive in the new
sparse coding. In summary, some stability and margin are sustained after perturbation of dictionary, and
thus same active set is guaranteed.

For imminent propositions, we first provide the covering number of D, £ {D € D : y(D) > u} and
Fu={f=D,W)ec F:DeD,}.

Proposition 2 (Proposition 3 in [7]). The proper e-covering number of D,, is bounded by (8/¢)™

Proposition 3 (Proposition 4 in [7]). The product of proper e-covering number of D,, and W is bounded by

r\Nk (8 (nt1)k —mw?
5 () e (F)
Lemma 2 (Good Ghost, Lemma 5 in [7]). Fiz u, A > 0 and k € [d]. With probability at least 1 —§ over two
m-sample data set X, X, ~1m, for any D € Dy, for which k-sparse(ap(X)) is satisfied, at least m — 1)
points X C X' satisfy marging(D,X) > %margink(D,X) for
3096

1
2 ndlo — +log(2m + 1) + log =. 12
v & margini(D,X))\ &l ) & o (12)

Lemma 2 can be derived from Theorem 4 and Proposition 3. If we denote Pr{C} = ¢’, Lemma 2 suggests
the number of bad points in the ghost sample, which can then be used in following Lemma 3.

Lemma 3 (Large Deviation on Good Ghost, Lemma 6 in [7]). Define o = %— (2,09—!—%) and 0 = f(l—l—%—ﬁ)
Then,

Pr{AncC} < (g)k (f)mmk exp <_;T;LEQ> (13)

Proof: We first construct a event G 2 ANC as

f € F, : marging(D,X) >+ and
G=S Zm, Z),: 3X Cy X' : marging (D,
Lz, (f) = L.z, (f) = §

It is equivalent bound the large deviation under the random sub-hypothesis class

~ . ; >
FX, X)) 2 { f € F,u : marging(D,X) > ¢ and } '

X Cy X' marging (D, X) > %margink(D, X)

_ Let Fe = De x We, where De is the e-cover of D and We is the e-cover of W. Consider f = (D,W) ¢
F(X,X') and f" = (D', W’) € F; be the closest cover function of f. If € is small enough to satisfy Theorem
/4, it 18 guaranteed that with at least m — 1) points of X' and all points of X

(W, ap(x)) — (W, ap/(x))| < (W - W', ap(x))| + (W', ap(x;) — ap/(x))]
Bevk _ (1 + 3“/E> 29, (14)

< -+

>| o
> o

Ap Jz

11



Therefore,
% Z Vs(yia <W7 aD(Xi»)gs(yia <Wl7 ap/ (Xl»)‘ < pt
i=1

S i (W e (36))) i, (W, vy (x0)]| < 0+
=1

bip

—. 15

i (15)
the difference between the losses of f and f' on the double sample will be at most 2p0 + b%. If we denote v
as the absolute deviation between the loss of f on original sample and ghost sample, then the loss of f' on
original sample and ghost sample will be at least v — (2p0 + %) Consider v > %, then the target we want to
bound turns to

Pro, 2 {Hf' € Foo Loz ()~ Ly (1) 2§ - (2p9 ¥ ljjf) B w} . (16)

We then apply Hoeffding’s Inequality under the case of a single f’ based on the fact that ls(y;, f'(x;)) —
Cs(yl, f(x})) € [=b,b] and thus we have

2

~ A —mw
Pra 2, { Loz ()~ Lz (1) 2 @} < eon (5. (17)

With Proposition 3 and union bound, we have

. . ryk /8 (PR o>
Pra,z, {3 € P L) - Lz (2w < (5) (3) e (Thi ). )
Therefore, we complete the proof by

B ) ) k (n+1)k . 2
Pr{ANC} < Pry,z,{3f € Fo Loz, (f) = Loz, (f) 2w} < (5) <8> exp (ng) . (19)

€

Theorem 5 (Overcomplete Learning Bound, Theorem 3 in [7]). With probability at least 1 — 6 over a
Zm, ~ P™, for any k € [d] and any f = (D, W) € F satisfying k-sparse(ap (X)) and

387
> 20
i margini (D, X)\’ (20)
the generalization error Ly 7z, (D, W) — Ly(z,D, W) is
ndlogm + log% b 1 p ™k
Ofb —ndlog — 21
\/ m + m 08 margini (D, X)X~ m Aui(D) (21)

Proof: With Proposition 1, Lemma 2 and 3, if we choose Pr{C} =d' = (%)k (%)(nﬂ)k exp (7;7;2”2)

and € = %, yielding

Pry,, {Elf € F, :marging(D,X) > ¢ and lAL&Zm(f) — Ls(z, f) >2 <w + 2p0 + W)} <9, (22)

m

12



with

)

b\/2((n + 1)dlog 8m + dlog § +logg)
o =

m
2
p9:7p <1+3r\/%>,

mA I
b b 3096 5
— = — [ ndl log(2 1) +log— |. 23
m m (n o8 margini (D, X)A +log(2m +1) + log 4) (23)

We now discuss the upper bound of estimation error derived in Theorem 5. The blue term represents the
difference between loss of f' € F. on original sample and ghost sample, which somehow reflects the general-
ization error based on the e-cover function. In addition, this term matches the same order of reconstructive
dictionary learning [2] and in Table 1. The purple term demonstrates the good ghost sample points, which
we can use p-Lipschitz to bound the /5 function. However, the green term is used to bound those bad ghost
sample points, where the number of such points is directly from Lemma 2. Both purple and green terms
represent the estimation error via e-cover of the space of dictionary and hypothesis class, mainly relying on
the stability of sparse coding under some dictionary and classifier perturbations as quantified by Theorem

4. We finally make a remark that the sample requirement in (20) is from we set the e-cover to be € = %

1 ; 2
and € = (3mmgzZ§(D’X) A to satisfy PRP condition in (9). Therefore, for the sample lower bound and purple

and green term are determined primarily by Theorem 4.

3.3 Optimization Algorithm

This subsection focuses on the optimization of task-driven dictionary learning (TDDL). The method is a
projected first-order stochastic gradient descent algorithm (summarized in Algorithm 3). Instead of empirical
risk minimization, TDDL adopts expected risk minimization (Ey x[¢s(y, W, ap(x))]), and the expectation
is taken with respect to the unknown probability distribution P(x,y) of the data. Hence, stochastic gradient
descent algorithms are used by cycling over a random permuted training set in practice. Even though the
sparse coefficient ap(x) are obtained by solving a non-differentiable optimization problem, /; is differentiable
on W x D (uniformly Lipschitz continuous, optimality conditions of the elastic-net), and one can compute its
gradient because it has been shown that the loss function admits a first-order Taylor expansion. Furthermore,
the algorithm has been shown to converge to stationary points with satisfied assumptions.

13



Algorithm 3 Stochastic Gradient Descent Algorithm for Task-Driven Dictionary Learning
Input:
e (x,y) ~ P (a way to draw i.i.d samples of P)

e )\, v € R (regularization parameters)
e Dy € D,Wj € W (initial dictionary and weights)

e T (number of iterations), n (learning rate parameter)
fort=1to T do
Step 0: Draw (x¢,y:) from P.

Step 1: Sparse Coding: compute a; using ¢1-norm minimization (e.g. ISTA, FISTA).

1
Qay + argmin §th — D3+ Mo
acRd

Step 2: Compute the active set:
A {jeld: aj] #0}.
Step 3: Compute 3;: Set B1. = 0 and
Bi = (DKDA)_1VC¥A€S(yt7Wt—17 o).
Step 4: Update the parameters by a projected gradient step

D; « Ip [Di_1 — n(-De1Bfai + (x¢ — Dim1aw)Bi7)]
Wi Ty [Wi1 = n(Vwls(ye, W1, 1) +YWi1)],
where Iy and IIp are respectively orthogonal projections on the sets W and D.

end for
return D7, Wy (learned dictionary and weights)

4 Sparse Coding Optimization Algorithm

In section 2, we introduce how to co-optimize D and A, while in section 3, we further co-optimize W.
However, there is a crucial step in reconstructive or predictive dictionary learning: how to attain sparse
coding. In this section, we will introduce proximal gradient descent in ¢i-norm regularization and its
extension with Nesterov-like acceleration. We also will compare the convergence rate of proximal gradient
descent and sub-gradient descent.

4.1 Proximal Gradient Descent
We first formulate the ¢1-norm regularization (a.k.a. LASSO expression) as
1
hier) £ 2 [x = Da|lj + Mell £ f(a) + g(a). (24)
Since g(a) is not differential everywhere, it’s very intuitive we can solve LASSO using sub-gradient descent

(Sub-GD). However, Sub-GD suffers from slow convergence rate of order O(T~1/2), which is mentioned in
Lecture 4 class note [9].

14



One way to avoid slow convergence rate is using proximal gradient descent, which utilizes the proximal
operator to iteratively solve the sub-problem, so it is much more computationally efficient than the original
problem. The proximal gradient descent of LASSO use second-order approximation upon f(a) and replace
V2 f with il, which in iteration ¢ can be formulated as below:

Q41 = argiin {f(at) + (@ —ap, V(o)) + ;ntlla — a3 + g(a)} : (25)

where 7y can be viewed as step size. After neglecting constant terms, we rewrite (25) as

e = argin {2}7 o — (e — eV F(@n))|l2 + g<a>} | (26)

4.2 TIterative Shrinkage-Thresholding Algorithm

We now begin to introduce Iterative Shrinkage-Thresholding Algorithm (ISTA), which provides a shrinkage
solution to (26) as

a1 = Sxy, (e — eV f () (27)
where shrinkage operator is
Ss(a); = (Joyj| — s)+sgn(ay), Vi € [d], (28)
and
z, >0

Fig. 7 shows the such shrinkage operation of one entry in o, which somehow reflects the influence of ¢;-norm
regularization, suppressing the small value of «o; to zero.

Original

s s
/ / Shrinkage

Figure 7: Shrinkage operation of one entry in a (28)

The ISTA algorithm can now be summarized in Algorithm 4, mainly relying on (27) with a constant step
size n; = %, Vt, where (3 is the smoothness of f(a). ISTA increase the convergence rate from O(T~'/2) —

o(T—1) [11].
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Algorithm 4 Iterative Shrinkage-Thresholding Algorithm (ISTA) with constant step size
Input:
e Step size: n = %

e Threshold: ¢

e Dictionary: D

e Encoded Signal: x
Output:
e Sparse encoding signal: ap(x)
Algorithm:
Step 0: Pick a; € R? randomly.

Step 1: At iteration ¢ (¢ > 1), compute

a1 = Sy (at — ;Vf (%)) :

If |h(as1) — h(ay)| < ¢, return ay; else, repeat Step 1 and ¢ < ¢ + 1.

4.3 Fast Iterative Shrinkage-Thresholding Algorithm

Just like Nesterov accelerates GD with well-structure point, which extend the concept of momentum, similar
idea can be adopted to ISTA, resulting in Fast Iterative Shrinkage-Thresholding Algorithm (FISTA). The
FISTA algorithm is summarized in Algorithm 5, which consists of mainly three operations in each iteration:
shrinkage operation, coefficient update and new well-structure point. FISTA increase the convergence rate
from O(T~1) — O(T~2) [11].

Algorithm 5 Fast Iterative Shrinkage-Thresholding Algorithm (FISTA) with constant step size
Input:
e Step size: n =

e Threshold: ¢

|

e Dictionary: D

e Encoded Signal: x
Output:
e Sparse encoding signal: ap(x)
Algorithm:
Step 0: Pick v = a; € R? randomly, x; = 1.

Step 1: At iteration ¢ (¢ > 1), compute

1
a1 = Sy (Vt - BVf (Vt)> ,
1+ /1+4k?
2 )
Rt — 1
Rt+1

Rt+1 =

Vitl = Oyl + (o1 — o).

If |h(es1) — h(oy)| < ¢, return ay; else, repeat Step 1 and t < ¢ + 1.
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4.4 Optimization Efficiency

Table 3 summarizes the difference between Sub-GD, ISTA and FISTA.

Table 3: Comparison between Sub-GD, ISTA and FISTA.

Algorithm Sub-GD [9] [ ISTA [10] [ FISTA [11]
Approach GD Proximal GD
Acceleration X X Nesterov-like
Convergence Rate | O(T1/2) o(r-1) O(T2)

Fig. 8 shows the convergence rate of Sub-GD, ISTA and FISTA, demonstrating the influence of proximal
gradient descent over Sub-GD and the effect of Nesterov-like acceleration.
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Figure 8: Convergence rate of Sub-GD, ISTA and FISTA (Figure 8.2 in [12])

5 Conclusions

In this work, we introduce the statistical guarantee and optimization of reconstructive and predictive dictio-
nary learning respectively and analyze the converge rate of different algorithms for LASSO optimization of
sparse coding. In Section 2, several generalization bounds of reconstructive dictionary learning are compared
for 1) less parameter dependency thus sharper bound and 2) more general sparse constraint/data distribu-
tion cases. Furthermore, different optimization algorithms such as MOD, K-SVD, ODL are discussed in
reducing computation overhead by 1) atom-by-atom dictionary update and 2) stochastic process. In Section
3, we further discuss predictive dictionary learning which utilizes back-propagation to consider the influence
of labels. Stability of sparse coefficient under perturbed dictionary is discussed and the upper bound of
estimation error is further derived. Moreover, TDDL algorithm is introduced to efficiently co-optimize the
dictionary and classifier under supervised loss. In Section 4, proximal gradient descent on LASSO problem
is introduced and the shrinkage operator and Nesterov-like acceleration are further discussed in ISTA and
FISTA algorithm. The convergence rate of different algorithms are also analyzed.
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Appendices

A Glossary
Notation Description
[m] {1727""m}
II Marginal Probability measured over space Bgn
P Joint Probability measured over Bgrr x )
X Unlabeled m-sample training data set
Ly Unsupervised loss function
L Supervised loss function
Zm Labeled m-sample training data set
X" Unlabeled m-sample ghost data set
zl Labeled m-sample ghost data set
rBgn The ball in R? with radius r
D The space of dictionaries (Bgn)®
w The space of linear hypothesis class equal to rBgrn
d; The j** atom of dictionary D
ap(x) Sparse coding vector of x depending on D
res(x, D) Residual error of original and reconstructive signal: x — Dap(x)
ui (D) k-incoherence: the minimum eigenvalue among k-atom sub-dictionaries of D
k-sparse(ap (X)) | k-sparsity: it’s true if ||ap(x;)|lo < k, Vi € [m]
margink(D, Xi) maX|II‘§([1d}k minjez {)\ - ‘(Dj, X; — DaD<X2)>‘}
marging(D, X) | mingp, marging(D,x;)
D, [DeD: (D) > )
F {f2x— (W,ap(x)):DeD, WeW}
Fu {f=MD,W)eF:DeD,}
P The maximum number of bad samples in ghost data set
X Cy X X is a subset of X’ with at most 1 points removed
A {Zm,Z;n :3f € Fu : marging(D,X) > ¢ and IA/&Z"L(f) - ﬁs,Z{n(f) > %}
C {Zm, Z!, :3f € F, : marging(D,X) > ¢ and 3X Cy, X' : marging, (D, X) > %’“(D’X)}
D, The e-cover of D
W, The e-cover of W
Fe D, x W,
Ss(a); Shrinkage operator of «; with threshold s: (Joj| — s)4sgn(a;)

B Work Division

Name Student ID Work Assignment
Kai-Chieh Hsu | B03901026 Section 1.2, Section 3.2 and Section 4
Ching-Yao Chou | F03943134 | Section 1.1, Section 2.3, Section 3.1 and Section 3.3
Chieh-Fang Teng | D06943020 Section 2.1, Section 2.2 and Section 2.3.2
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