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ABSTRACT

We address the problem of selecting, from a given dictionary,
a subset of predictors whose linear combination provides the
best description for the vector of measurements. To this end,
we apply the well-known matching pursuit algorithm (MPA).
Even if there are theoretical results on the performance of
MPA, there is no widely accepted rule for stopping the al-
gorithm. In this work, we focus on stopping rules based on
information theoretic criteria (ITC). The key point is to evalu-
ate the degrees of freedom (df) for the model produced at each
iteration. This is traditionally done by computing the trace of
the hat matrix which maps the data vector to its estimate. We
prove some theoretical results concerning the hat matrix. One
of them provides an upper bound on the increase of df from
the m-th to the (m + 1)-th iteration. Based on the proper-
ties of the hat matrix, we propose novel ITC for selecting the
number of iterations. All of them are obtained by modifying
criteria designed for variable selection in the classical linear
model. For assessing the performance of the novel criteria,
we conduct a simulation study.

Index Terms— Matching pursuit algorithm, hat matrix,
projector, information theoretic criteria, number of iterations

1. INTRODUCTION

The matching pursuit algorithm (MPA) is well-known in the
signal processing community mainly due to [1]; it is also
applied in statistics and in approximation theory where it is
known as Ly-boosting [2] and as the pure greedy algorithm
[3], respectively. When MPA is used for high-dimensional
linear models, existing theoretical results do not provide a
stopping rule for the algorithm (see, for example, [4]). In
practical applications the number of iterations is selected ei-
ther by using cross-validation (CV) or an information theo-
retic (IT) criterion [2]. The major disadvantage of CV is its
computational burden. The IT criteria provide a promising
alternative, but until now their use was restricted only to vari-
ants of the Akaike Information Criterion [5].
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Note that the definition of any information criterion in-
volves the degrees of freedom (df) of the models which com-
pete for the description of the data vector y. For a model that
produces an estimate y of y, df is traditionally taken to be
the trace of the hat matrix, i.e. the trace of the linear opera-
tor which maps y to ¥ [6]. However, empirical studies have
demonstrated that the trace-based evaluation may underesti-
mate the value of df [7].

We prove theoretical results concerning the properties of
the hat matrix generated at each iteration of MPA. To this end,
we review MPA in Sec. 2, then present in Sec. 3 the outcome
of our theoretical analysis. One important result is an upper
bound on the increase of df from the m-th to the (m + 1)-th
iteration (m > 1). As part of the analysis we show that, in
general, the hat matrix is not idempotent, which means that it
is not a projector. Based on the properties of the hat matrix,
we propose in Sec. 4 novel IT criteria for selecting the number
of iterations. All of them are obtained by modifying criteria
designed for variable selection in the classical linear model.
We conduct a simulation study for assessing the performance
of the novel criteria, and the results are reported in Sec. 5.
Sec. 6 concludes the paper.

2. MATCHING PURSUIT ALGORITHM

Notation: We employ bold letters to denote both vectors and
matrices; upper case letters are used only for matrices. I de-
notes the identity matrix of appropriate size, while O denotes
the vector/matrix for which all the entries are equal to zero.
The Euclidean norm of a vector v is ||v||. For an arbitrary
matrix M, M" is the transpose matrix and Sp(M) denotes
the linear subspace spanned by the columns of M.

Algorithm: Assume that the response vectory = [y1, ..., ¥n] "
is given, as well as the matrix X = [x; --- X, | of potential
predictors for y. The number of predictors, p,, can grow
very fast when n increases (see the discussion in [8, Sec. 3]).
MPA can be useful for selecting the most significant predic-
tors which should be included in the linear model for y. If
XB is the fitted linear model, then all non-zero entries of B
correspond to the selected predictors. The residuals are given
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bye=y— X,@]. In the initialization phase of the algorithm,
[3 is set to 0. At each iteration, MPA selects the column of X
leading to the largest reduction of the residual sum of squares.
Assume that, at the j-th step of the algorithm, the column of
X indexed by s(j) is selected, where 1 < s(j) < p,. Then,
only the s(j)-th entry of (3 is updated by using the formula
Bsty  Bsiy + V(x5 %s() T x5 -

The parameter v € (0, 1] is the step size, also known as
the shrinkage parameter. Note that all other entries of [3 re-
main unchanged. This is a major difference from Orthogonal
Matching Pursuit (OMP) as OMP re-estimates all the entries
of the vector of linear parameters at each step of the algo-
rithm. The two algorithms have been already compared in [2,
Sec. 12.7.1.1].

In general, the value of the shrinkage parameter in MPA is
taken to be small, for example, v = 0.1. This is justified in [2,
Sec. 12.6.2.1] by emphasizing the relationship between MPA
and the well-known Lasso algorithm [9]. Another peculiarity
of MPA is that the same predictor can be selected not only
once, but multiple times during the iterations of the algorithm
even when v = 1. This makes it difficult to evaluate the
complexity of the linear model produced at each step of MPA.
We discuss this aspect below.

Hat matrix: Lety,, = XBm be the estimate of y obtained
after the m-th step of the algorithm. We denote by B,, the
linear operator, equivalently the hat-matrix, which maps y to
Ym: ¥Ym = Byny. Recalling that x,(;) denotes the predictor
selected at the j-th iteration of MPA, B,, is expressed as [8]:

B,, = I-A,, where €))]
Ay = (I-vPyu) - (I-vPyy), (@)

— %, .=T = _ ;
Py(j) = X)X, and Xy(j) = Xy(5)/[[x5(p)| for 1 < j <
m. It can be shown by mathematical induction that

Ay = ) S whereS,,0 =1 3)
k=0

and we have for 1 < k < m:

Sma=(-)f Y PooPsiro) - Psgr): @)

m2jg>jr—1>>j12>1

The matrix B,, is important in evaluating the complexity
of the linear model produced at the m-th step. More precisely,
the degrees of freedom for the fitted model are estimated by
df,, = tr(B,,). This formula has been used, for example, in
[6]. It follows from Stein’s theory on unbiased risk estimation
[10] that for the case when the design matrix is fixed and the
residuals are i.i.d. normal, with zero-mean and known vari-
ance 0%, df = 377, Cov(g;,y;)/0” [11, 12]. It is a simple
exercise to demonstrate that this expression equals the trace
of the hat matrix (see [2, Eq. (2.34)]).

In practice, the user chooses an upper bound, m,,, for the
number of iterations. It is often recommended to use an IT

criterion for selecting the best model from the m,;, different
models which were produced during these iterations. Because
of the particularities of MPA, the IT criteria which have been
previously derived for the classical linear model cannot be ap-
plied in their original form [8]. The modifications of the cri-
teria are discussed in Sec. 4. They are based on the properties
of the hat matrix outlined in the next section.

3. SOME PROPERTIES OF THE HAT MATRIX

We give some theoretical results whose proofs are detailed in
the supplemental material [13]. Firstly we show that, at each
step of the MPA, the increase of df is at most v. This can be
recast as a property of the hat matrix:

Proposition 3.1. For m > 1, we have

tr(Byg1) — tr(Bp) < v 5)
The equality holds if and only i]‘i;r(m+l)is(j) = 0 for all
je{l,...,m}.
Remark 1. For all m > 1, one can show that tr(B,,+1) —
tr(B,,) > —v by using Result 3 and inequality (3) from [13].
In practice, it is observed that tr(B,,+1) — tr(B,,) can be

negative, hence is not guaranteed that df increases at each
iteration of MPA.

B,, is not, in general, a projection matrix. As a square
matrix is a projector if and only if it is idempotent (see, for
example, [14, Th. 2.1]), we check when Bfn =B,..

Proposition 3.2. (i) If v € (0,1), then B,, is not idempotent
forallm > 1.

(ii) Consider the following conditions: (c1) m > 2; (cg)
v =1; (c3) X;i)is(j) = 0foralli,j € {1,...,m} with
property © > j. If all these conditions are satisfied, then B,
is idempotent and symmetric.

Remark 2. The second part of the proposition above can
be understood in connection with the result from [14, p. 44]
which says that a sufficient condition for (see (1)-(2))

m

B, =) (-t Y PPy Psin)
k=1 m>ji>jp—1>-->j1>1
to be the orthogonal projector onto Sp (25(1)7 . ,)‘cs(m)) is:

Ps(i)Ps(j) = Ps(])Ps(z) foralli,j € {1, ceey m} (6)

Remark 3. In order for (c3) to be fulfilled, we need to have
m < n.

At the end of this analysis, we prove the following result:

Proposition 3.3. (i) Ifv € (0,1), then A} A,,+B B, #1
forallm > 1.

(ii) If the conditions (c1) — (c3) from Prop. 3.2(ii) are satis-
fied, then A} A, + B} B,, =L

Remark 4. Ar the m-th step of MPA, we obtain the estimate
Ym = By and the error e, = y—y.,, = A,y. In general,
15ml1? + [leml1 # [ly]1*
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4. MODIFICATIONS OF IT CRITERIA

Model selection rules like the Akaike Information Criterion
(AIC) [15] or the Bayesian Information Criterion (BIC) [16]
depend on the norm of the vector of residuals and the number
of parameters. When they are used in conjunction with MPA,
the only alteration in their formula replaces the number of
parameters with df. It is more difficult to modify the criteria
in which ||y|| appears explicitly.

Consider the classical linear regression problem for which
the additive noise is i.i.d. zero-mean normal, with unknown
variance. Let Bv denote the estimated vector of linear param-
eters for a model whose set of regressor variables is 7. We de-
note the cardinality of + by ||, and assume that || > 0. This
means that we exclude the possibility that y is pure noise. The
definition of stochastic complexity (SC) is [17]:

2
SC(y;v) =nln 7||e;|\

el
(n— 1)

[19511/1]
lley[[2/(n = y1)

where 3., = XB,Y, e, = y — ¥, and In(-) is the natural
logarithm. The “best” model is the one which minimizes
SC(y;7)-

A similar criterion, called generalized Minimum Descrip-
tion Length (gMDL), was introduced in [18] :

+|v|In +Iln

0 (D

gMDL(y; ) =
o leall® 4 ol gy U917/ i L3l s ol

2 I + o ey s i 2 5 g
%lny—&—%lnn, otherwise

Reference [19] reports the results of an empirical study on
model selection for high-dimensional linear models, where
gMDL is used together with the forward selection algorithm
(FSA). A comparison of FSA and OMP can be found in [2,
Sec. 12.7.1.1]. It is mentioned in [20, Sec. 5.4] that gMDL
can be used for selecting the models produced at various steps
of MPA.

Before discussing the modification of the two criteria, we
mention that the superiority of SC and gMDL to other selec-
tion rules comes from the term || In F>, = |7|In Heu‘y‘gl/l%
[21, 22]. One remarkable property is that I, is ['-distributed.

For adapting SC and gMDL to the context of MPA, we

propose two different sets of modifications:

= dfns [les|? = [lewml 1, 155112 = [15ml?, )
V] = df, lles |1 = [lemll, 1941 = Iy 117 = [lem||*. (10)

The modifications presented in (10) are suggested by the
result of Prop. 3.3. Even if we apply the modifications in (9),

~ 2

the resulting F;,, = % is not F'-distributed be-
cause B,, is not idempotent. This can be seen from the con-
ditions of a well-known theorem, which can be found, for ex-

ample, in [22, Th. A1]. Use of an approximate F'-distribution
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for the terms of this type, when the hat matrix is not idem-
potent, is addressed in [5]. Their work is of special interest
because it is done in the context of modifying the AIC selec-
tion rule for the case when the hat matrix is neither idempo-
tent nor symmetric. The resulting criterion is dubbed AIC(, .
Interestingly enough, two other criteria are proposed in [5]:
AIC¢,, which is difficult to evaluate because it involves some
integrals and AIC¢, which is very popular in the statistical
literature:

llem]|? 1+ df,./n
n 1—(df, +2)/n

AICo(y;m) = In

AIC¢ is derived by simply replacing the number of linear pa-
rameters with df,,, in the formula of bias-corrected AIC from
[23]. This encourages us to apply the modifications in (9) and
(10) to both SC and gMDL.

Another criterion which has been modified by using df
instead of the number of linear parameters is BIC [2, Sec.
2.11]:

HemHz

BIC(y;m) = nln + df,, Inn.

(11
n

The expression above can be further modified by adding one

more term:

EBIC(y;m) = BIC(y;m)+2(1n<§”), (12)

m

where ¢ € (0,1] and s,,, is the number of non-zero entries of
ﬁm. This Extended Bayesian Information Criterion (EBIC)
is inspired by the work in [24]. The additional term repre-
sents the cost of listing the indexes of variables included in
the model. It can be neglected when p,, is small, but becomes
important when the original set of predictors is large. The
only difference between the formula in (12) and the one in
[24, p. 761] stems from the second term in (11): df,,Inn
instead of s,,, Inn.

In the case of the classical linear model for which the
number of predictors (p,,) is large, the authors of [25] pro-
Pn

v
(7). This suggests that, in our case, the criteria in (7)-(8) can

be further modified as follows:

posed to add the term 21n to the expression of SC in

ESCai(y;m) = SCai(y;m) + 2¢1n <§”>, (13)

m

EgMDL,, (y;m) = gMDL,;,(y; m) + ¢ In <§"> (14)

m

where alt = 1,2. The notation SC;(+) is employed for the
criterion which results after applying the alteration in (9) to
the formula in (7). Similarly, SCs(+) is the criterion produced
by altering (7) with (10). The same notional conventions are
applied for gMDL,, (-).
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It is clear that a larger value for ¢ in (13)-(14) reduces the
probability of including spurious predictors in the model, but
at the same time might diminish the probability of selecting
the “true” predictors. As we know from Prop. 3.1 that df,,, <
mu, it is reasonable to impose the condition that ¢ € (0, v].
In our experiments, we take ( = v.

5. NUMERICAL RESULTS

The experimental settings are similar to those in [4, Sec. 3.3];
the sample size is n = 100, and the dictionary is complete
(pn, = 100). The entries of the n X p,, matrix which repre-
sents the dictionary are i.i.d. standard normal random vari-
ables. The response vector is given by y = X3 + &, where
the entries of 3 are chosen according to four different mod-
els: Model 1 (low-dimensional): 81 = B = 83 = 1/3
and 8, = 0 for 4 < g < pp; Model 2 (high-dimensional,
small equal coefficients): 3, = p;, Lforl < q < pp; Model
3 (high-dimensional, decaying coefficients): 3, = ¢~ for
1 <€ q < pn; Model 4 (high-dimensional, slowly decaying
coefficients): 3, = ¢~ /2 for 1 < q < p,,.

The e-vector is obtained by multiplying with /< a col-
umn vector € whose n entries are i.i.d. stanfd/aQrd normal ran-
dom variables. Note that K = {Var(XNﬁ)

Var(€)
rameter which controls the signal-to-noise ratio (SNR). Fol-
lowing [4, Sec. 3.3], we take ¢2 = 8 for high SNR and 2 =
0.2 for low SNR. For each model and for each value of ¢2, we
simulate N7 g = 100 data sets. In order to investigate how the
greediness of MPA impacts on the accuracy of the estimation,
we use for each data set a large and a small value for v (0.95
and 0.1). The vector y and the columns of X are centred. Ad-
ditionally, the columns of X are standardised such that all the
diagonal entries of (X T X)/n are equal to one.

In all cases, the upper bound on the number of iterations is
myb = 20000. Because of the way in which the expression of
AIC¢ depends on df, we end the iterations before df equals
n — 2. An additional rule is applied such that MPA is stopped
after the number of distinct selected predictors becomes equal
to pp.

For testing the predictive power of each IT criterion, we
use the same method as in [4, Sec. 3.3]: For each trial, the
same algorithm as the one used to generate the dictionary is
applied in order to produce a matrix X, Whose size is

and ¢ is a pa-

A1TC
(10n) x p,. If B, is the vector of linear parameters cor-
responding to the model selected by a particular IT criterion,
in trial 7, then we compute the mean integrated square error
as follows [4, Sec. 3.3]:
N
P

~ITC
)(out,r/6 - Xout,'r‘/Br

(lOn) X NTR

2
MISE = H , (15)

where 3 is defined for each model in the description above.
Note that, for all 1 < r < Npp, the columns of X, are
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centred. We show in Table 1 the values of MISE, computed
for the IT criteria which are evaluated in our study. We have
also conducted experiments for which n = 20 and all other
settings are the same as above. The full results of these exper-
iments are reported in [13, Table 1].

6. FINAL REMARKS

The empirical results confirm what has already been pointed
out previously: We recommend choosing a small value for
v, especially when SNR is low. We made efforts to follow
as accurately as possible the experimental settings from [4].
The major difference between it and our implementation is
the use of IT criteria instead of cross-validation. For Models
1-3, our results are better or comparable with those reported
in [4], but are worse in the case of the high-dimensional model
with slowly decaying coefficients. However, cross-validation
is much more computationally intensive than model selection
based on IT criteria.

We can draw the following conclusions about the use of
various IT criteria: (a) Applying the alteration in (9) to SC
leads to similar results as in the case when SC is altered with
(10). The same is true for gMDL. In general, the variants
of gMDL behave similarly to the corresponding variants of
SC; (b) The most intriguing alteration is the one which adds
the weighted logarithm of the binomial coefficient to the ex-
pressions of BIC(y;m), SCuy(y;m) and gMDL_;, (y; m):
In some cases, it deteriorates the results because it does not
act as a penalty term when the number of selected predictors
is greater than p,,/2; (c) Some of the altered variants of SC
and gMDL are superior to AIC~ when n = 20 ( see Table 1
in the supplemental material).

All experiments can be reproduced by using the code from
https://www.stat.auckland.ac.nz/%$7Ecgiu2l6/.

7. REFERENCES

[1] S.G. Mallat and Z. Zhang, “Matching pursuits with time-
frequency dictionaries,” IEEE Transactions on Signal Process-
ing, vol. 41, pp. 3397-3415, 1993.

[2] P. Bithlmann and S. van de Geer, Statistics for high-
dimensional data. Methods, theory and applications, Springer-
Verlag, 2011.

[3] A.R. Barron, A. Cohen, W. Dahmen, and R.A. DeVore, “Ap-
proximation and learning by greedy algorithms,” Annals of
Statistics, vol. 36, pp. 64-94, 2008.

[4] A. Sancetta, “Greedy algorithms for prediction,” Bernoulli,
vol. 22, pp. 1227-1277, 2016.

[5] C.M. Hurvich and J.S. Simonoff, “Smoothing parameter se-
lection in nonparametric regression using an improved Akaike
information criterion,” Journal of the Royal Statistical Society:
Series B, vol. Part 2, pp. 271-293, 1998.

[6] T. Hastie, R. Tibshirani, and J. Friedman, The elements of
statistical learning. Data mining, inference, and prediction,
Springer Science+Business Media, 2 edition, 2008.



2017 25th European Signal Processing Conference (EUSIPCO)

S v SCy SCo ESC, ESC, ¢gMDL; gMDL,; EgMDL; EgMDL, BIC EBIC AlC¢o
Model 1
8.0 095 | 0.0139 0.0137 0.0063 0.0062 0.0146 0.0145 0.0063 0.0063 0.0509 0.0777  0.0254
8.0 0.10 | 0.0092 0.0091 0.0087 0.0087 0.0094 0.0092 0.0088 0.0087 0.0229 0.0282 0.0180
02 095 1.2932 1.2363 7.9890 7.9418 1.3030 1.2513 7.9890 8.0400 1.6981 2.7463  0.9629
0.2 0.10 | 09374 0.9539 1.0601 1.2734 0.9495 0.9634 1.0766 1.3040 0.6764 0.8658  0.6330
Model 2
8.0 095 | 0.0080 0.0080 0.0073 0.0073 0.0080 0.0080 0.0073 0.0073 0.0079 0.0079  0.0085
8.0 0.10 | 0.0062 0.0061 0.0061 0.0059 0.0062 0.0061 0.0061 0.0059 0.0065 0.0065  0.0062
0.2 095 | 0.0473 0.0468 0.2407 0.2433 0.0475 0.0477 0.2407 0.2420 0.0656 0.0795  0.0354
0.2 0.10 | 0.0314 0.0352 0.0384 0.0549 0.0317 0.0353 0.0389 0.0555 0.0274 0.0316  0.0230
Model 3
8.0 0.95 0.22 0.22 0.23 0.23 0.22 0.22 0.23 0.23 0.49 0.81 0.23
8.0 0.10 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.18 0.31 0.34 0.19
0.2 095 6.69 6.53 37.62 33.71 6.73 6.60 37.36 36.83 791 9.45 4.92
0.2 0.10 4.54 4.72 5.42 6.89 4.62 4.88 5.73 7.08 4.39 4.69 3.25
Model 4
8.0 0.95 2.79 2.78 2.89 2.89 2.78 2.77 2.89 2.89 3.25 3.35 2.79
8.0 0.10 1.98 1.97 1.96 1.94 1.98 1.96 1.96 1.94 2.42 2.51 1.94
02 095 22.47 22.89 118.13 119.63 22.92 22.57 118.13 118.47 26.04 29.26 18.81
0.2 0.10 16.04 16.85 17.12 19.27 16.18 16.99 17.34 20.27 10.65 12.41 12.50

Table 1. MISE computed for various IT criteria by applying the formula in (15) when n = 100. For each row of the table, we
show in bold the results which are within a range of 5% from the minimum value on that row.

(71

(8]

(9]

(10]

(1]

[12]

[13]

[14]

[15]

[16]

(17]

T. Hastie, “Comment: Boosting algorithms: Regularization,
prediction and model fitting,” Statistical Science, vol. 22, pp.
513-515, 2007.

P. Bithlmann, “Boosting for high-dimensional linear models,”
The Annals of Statistics, pp. 559-583, 2006.

R. Tibshirani, “Regression analysis and selection via the
Lasso,” Journal of the Royal Statistical Society Series B, vol.
58, pp. 267-288, 1996.

C. Stein, “Estimation of the mean of a multivariate normal
distribution,” The Annals of Statistics, pp. 1135-1151, 1981.

J. Ye, “On measuring and correcting the effects of data min-
ing and model selection,” Journal of the American Statistical
Association, pp. 120-131, 1998.

B. Efron, “The estimation of prediction error: covariance
penalties and crossvalidation,” Journal of the American Sta-
tistical Association, pp. 619—632, 2004.

F. Li, C.M. Triggs, B. Dumitrescu, and C.D. Giurcdneanu,
“Supplemental material to: “On the number of itera-
tions for the matching pursuit algorithm,” https:
//www.stat.auckland.ac.nz/%$7Ecgiu2l16/
PUBLICATIONS.htm, 2017.

H. Yanai, K. Takeuchi, and Y. Takane, Projection matrices,
generalized inverse matrices, and singular value decomposi-
tion, Springer Science+Business Media, 2011.

H. Akaike, “A new look at the statistical model identifica-
tion,” IEEE Transactions on Automatic Control, vol. AC-19,
pp. 716-723, 1974.

G. Schwarz, “Estimating the dimension of a model,” Annals
of Statistics, vol. 6, pp. 461-464, 1978.

J. Rissanen, Information and complexity in statistical model-
ing, Springer Verlag, 2007.

ISBN 978-0-9928626-7-1 © EURASIP 2017

195

[18]

[19]

[20]

(21]

(22]

(23]

[24]

[25]

M Hansen and B. Yu, “Model selection and the principle of
minimum description length,” Journal of the American Statis-
tical Association, vol. 96, pp. 746774, 2001.

G.V. Rocha and B. Yu, “Greedy and relaxed approximations
to model selection: A simulation study,” in Festschrift in
Honor of Jorma Rissanen on the occasion of his 75th birth-
day, P. Griinwald, P. Myllymiki, I. Tabus, M. Weinberger, and
B. Yu, Eds., vol. TICSP series #38, pp. 63—80. Tampere Inter-
national Center for Signal Processing, 2008.

P. Biihlmann and T. Hothorn, “Boosting algorithms: Regular-
ization, prediction and model fitting,” Statistical Science, vol.
22, pp. 477-505, 2007.

M Hansen and B. Yu, “Minimum description length model
selection criteria for generalized linear models,” in Science
and statistics: A festchrift for Terry Speed, D. Goldstein, Ed.,
vol. 40, pp. 145-164. Institute of Mathematical Statistics Lec-
ture Notes-Monograph Series, 2002.

C.D. Giurcdneanu and S.A. Razavi, “New insights on stochas-
tic complexity,” in Proc. 17th European Signal Processing
Conference (Eusipco 2009), Glasgow, Scotland, 2009, pp.
2475-2479.

C.M. Hurvich and C.-L. Tsai, “Regression and time series
model selection in small samples,” Biometrika, vol. 76, pp.
297-307, 1989.

J. Chen and Z. Chen, “Extended Bayesian information criteria
for model with large model spaces,” Biometrika, vol. 95, pp.
759-771, 2008.

T. Roos, P. Myllymaiki, and J. Rissanen, “MDL denoising re-
visited,” IEEE Transactions on Signal Processing, vol. 57, pp.
3347-3360, 2009.



