Discrete Denoising with Shifts *

Taesup Moon Tsachy Weissman

April 19, 2009

Abstract

We introduce S-DUDE;, a new algorithm for denoising Discrete Memoryless Channel (DMC)-corrupted
data. The algorithm, which generalizes the recently introduced DUDE (Discrete Universal DEnoiser),
aims to compete with a genie that has access, in addition to the noisy data, also to the underlying clean
data, and that can choose to switch, up to m times, between sliding window denoisers in a way that
minimizes the overall loss. When the underlying data form an individual sequence, we show that the
S-DUDE performs essentially as well as this genie, provided that m is sub-linear in the size of the data.
When the clean data are emitted by a piecewise stationary process, we show that the S-DUDE achieves
the optimum distribution-dependent performance, provided that the same sub-linearity condition is im-
posed on the number of switches. To further substantiate the universal optimality of the S-DUDE,
we show that when the number of switches is allowed to grow linearly with the size of the data, any
(sequence of) scheme(s) fails to compete in the above senses. Using dynamic programming, we derive
an efficient implementation of the S-DUDE, which has complexity (time and memory) growing linearly
with the data size and the number of switches m. Preliminary experimental results are presented, sug-
gesting that S-DUDE has the capacity to improve on the performance attained by the original DUDE
in applications where the nature of the data abruptly changes in time (or space), as is often the case in
practice.

Index Terms- Discrete denoising, competitive analysis, individual sequence, universal algorithms,
piecewise stationary processes, dynamic programming, discrete memoryless channel (DMC), switching
experts, forward-backward recursions.

1 Introduction

Discrete denoising is the problem of reconstructing the components of a finite-alphabet sequence based on
the entire observation of its Discrete Memoryless Channel (DMC)-corrupted version. The quality of the
reconstruction is evaluated via a user-specified (single-letter) loss function. Universal discrete denoising,
in which no statistical or other properties are known a priori about the underlying clean data and the goal
is to attain optimum performance, was considered and solved in [1] with the assumption of known DMC.
The main problem setting there is the “semi-stochastic” one, in which the underlying signal is assumed
to be an “individual sequence,” and the randomness is due solely to the channel noise. In this setting, it
is unreasonable to expect to attain the best performance among all the denoisers in the world, since for
every given sequence, there exists a denoiser that recovers all the sequence components perfectly. Thus, [1]

*T. Moon is with Yahoo! Labs, 701 First Avenue, Sunnyvale, CA 95054, USA. He was with the Department of Electrical
Engineering, Stanford University, Stanford, CA 94305, USA. T. Weissman is with both the Department of Electrical Engi-
neering, Stanford University, Stanford, CA 94305, USA and the Department of Electrical Engineering, Technion, Haifa 32000,
Israel. E-mails: tsmoon@ymail.com, tsachy@stanford.edu. This work was partially supported by NSF awards 0512140 and
0546535, and by the Samsung scholarship. The material in this paper was presented in part at the 45th Annual Allerton
Conference on Communication, Control, and Computation, Monticello, Illinois, September 2007.



limits the comparison class, a.k.a. expert class, and uses the competitive analysis approach. Specifically,
it is shown that regardless of what the underlying individual sequence may be, the Discrete Universal
DEnoiser (DUDE) essentially attains the performance of the best sliding window denoiser that would be
chosen by a genie with access to the underlying clean sequence, in addition to the observed noisy sequence.
This semi-stochastic setting result is shown in [1] to imply the stochastic setting result, i.e., that for any
underlying stationary signal, the DUDE attains the optimal distribution-dependent performance.

The setting of an arbitrary individual sequence, combined with competitive analysis, has been very
popular in many other research areas, especially for problems of sequential decision-making. Examples
include universal compression [2], universal prediction [3], universal filtering [4, 5], repeated game playing
[6, 7, 8], universal portfolios [9], online learning [10, 11], zero-delay coding [12, 13], and much more. A
comprehensive account of this line of research can be found in [14]. The beauty of this approach is the
fact that it leads to the construction of schemes that perform, on every individual sequence, essentially as
well as the best in a class of experts, which is the performance of a genie that had hindsight on the entire
sequence before selecting its actions. Moreover, if the expert class is judiciously chosen, the relative sense
of such a performance results can, in many cases, imply optimum performances in absolute senses as well.

One extension to this approach is competition with an expert class and a genie that has the freedom to
form a compound action, which breaks the sequence into a certain (limited) number of segments, applies
different experts in each segment, and achieves an even better performance overall. Note that the optimal
segmentation of the sequence and the choice of the best expert in each segment is also determined by hind-
sight. Clearly, competing with the best compound action is more challenging, since the number of possible
compound actions is exponential in the sequence length n, and the brute-force vanilla implementation of
the ordinary universal scheme requires prohibitive complexity. However, clever schemes with linear com-
plexity that successfully track the best segments and experts have been devised in many different areas,
such as online learning, universal prediction [15, 16], universal compression [17, 18], online linear regression
[19], universal portfolios [20], and zero-delay lossy source coding [21].

In this paper, we expand the idea of compound actions and apply it to the discrete denoising problem.
The motivation of this expansion is natural: the characteristics of the underlying data in the denoising
problem often tend to be time- or space-varying. In this case, determining the best segmentation and the
best expert for each segment requires complete knowledge of both clean and noisy sequences. Therefore,
whereas the challenge in sequential decision-making problems is to track the shift of the best expert based
on the past, true observation, the challenge in the denoising problem is to learn the shift based on the
entire, but noisy, observation. We extend DUDE to meet this challenge and provide results that parallel
and strengthen those of [1].

Specifically, we introduce the S-DUDE and show first that, for every underlying noiseless sequence,
it attains the performance of the best compound finite-order sliding window denoiser (concretely defined
later), both in expectation and in a high probability sense. We develop our scheme in the semi-stochastic
setting as in [1]. The toolbox for the construction and analysis of our scheme draws on ideas developed
in [4]. We circumvent the difficulty of not knowing the exact true loss by using an observable unbiased
estimate of it. This kind of an estimate has proved to be very useful in [4] and [22] to devise schemes
for filtering and for denoising with dynamic contexts. Building on this semi-stochastic setting result, we
also establish a stochastic setting result, which can be thought of as a generalization and strengthening of
the stochastic setting results of [1], from the world of stationary processes to that of piecewise stationary
processes.

Our stochastic setting has connections to other areas, such as change-point detection problems in
statistics [23, 24] and switching linear dynamical systems in machine learning and signal processing [25, 26].
Both of these lines of research share a common approach with S-DUDE, in that they try to learn the change
of the underlying time-varying parameter or state of stochastic models, based on noisy observations of the
parameter or state. One difference is that, whereas our goal is the noncausal estimation, i.e., denoising,



of the general underlying piecewise stationary process, the change-point detection problems mainly focus
on sequentially detecting the time point where the change of model happened. Another difference is in
that the switching linear dynamical systems focus on a special class of underlying processes, the linear
dynamical system. In addition, they deal with continuous-valued signals, whereas our focus is the discrete
case, with finite-alphabet signals.

As we explain in detail, the S-DUDE can be practically implemented using a two-pass algorithm with
complexity (both space and time) linear in the sequence length and the number of switches. We also
present initial experimental results that demonstrate the S-DUDE’s potential to outperform the DUDE on
both simulated and real data.

The remainder of the paper is organized as follows. Section 2 provides the notation, preliminaries and
motivation for the paper; in Section 3 we present our scheme and establish its strong universality properties
via an analysis of its performance in the semi-stochastic setting. Section 4 establishes the universality of
our scheme in a fully stochastic setting, where the underlying noiseless sequence is emitted by a piecewise
stationary process. Algorithmic aspects and complexity of the actual implementation of the scheme is
considered in Section 5, and some experimental results are displayed in Section 6. In Section 7 we conclude
with a summary of our findings and some possible future research directions.

2 Notation, Preliminaries, and Motivation

2-A Notation

We use a combination of notation of [1] and [4]. Let X . Z,X denote, respectively, the alphabet of the
clean, noisy, and reconstructed sources, which are assumed finite'. As in [1] and [4], the noisy sequence
is a DMC-corrupted version of the clean one, where the channel matrix IT = {II(z, 2) }sex zez, II(z, 2)
denoting the probability of a noisy symbol z when the underlying clean symbol is x, is assumed to be
known and fizxed throughout the paper, and of full row rank. The z-th column of IT will be denoted as 7.
Upper case letters will denote random variables as usual; lower case letters will denote either individual
deterministic quantities or specific realizations of random variables.

Without loss of generality, the elements of any finite set V will be identified with {0,1,...,|V|—1}. We
let V°° denote the set of one-sided infinite sequences with V-valued components, i.e., v. € V™ is of the form
v = (v1,v9,...),v; € V,i > 1. For v.€ YV let v" = (v1,...,v,) and v, = (U, ..., vy,). Furthermore, we

let v™\! denote the sequence oo RVl is a space of [V|-dimensional column vectors with real-valued

components indexed by the elements of V. The a-th component of ¢ € RVl will be denoted by either g,
or g[a]. Subscripting a vector or a matrix by “max” will represent the difference between the maximum
and minimum of all its components. Thus, for example, if " is a |Z| x |X| matrix, then 'y stands
for max,cz zex I'(2, ) — min ez zex I'(z,2) (in particular, if the components of I' are nonnegative and
[(z,2z) = 0 for some 2 and z, then I'yax = max,ez .ex ['(2,2).) In addition, 1y, denotes an indicator of
the event inside {-}.

Generally, let the finite sets ), A be, respectively, a source alphabet and an action space. For a general
loss function I : Y x A — R, a Bayes response for ¢ € Rl under the loss function [ is given as

_ T
bz(C)—arggg;}C La, (1)

where L, denotes the column of the matrix of the loss function [ corresponding to the a-th action, and ties
are resolved lexicographically. The corresponding Bayes envelope is denoted as

U(¢) = {}gﬂ T L. (2)

To avoid trivialities, we assume the cardinalities of X, Z, X are all greater than 1.



Note that when ( is a probability, namely, it has non-negative components summing to one, U;(¢) is the
minimum achievable expected loss (as measured under the loss function /) in guessing the value of Y € Y
which is distributed according to ¢, with some action in A. The associated optimal action for the guess is
bi(¢)- R R R R

An n-block denoiser is a collection of n mappings X" = {X;}1<¢<pn, where X; : Z" — X. We assume
a given loss function A : X' x X — [0,00), where the maximum single-letter loss is denoted by Ap.x and
the minimum value of the loss is 0, and A; denotes the Z-th column of the loss matrix. The normalized
cumulative loss of the denoiser X™ on the individual sequence pair (z", z") is represented as

n .n 1 g % n
an(x ,2") = - E Az, X3 (27)).
t=1

In words, L, (z",2") is the normalized (per-symbol) loss, as measured under the loss function A, when

using the denoiser X" and when the observed noisy sequence is z" while the underlying clean one is z".
The notation Ly, is extended for 1 < < j <n,

; 1

J
Lgn(z],2") = i ;A(Uﬂt,Xt(Zn))

denoting the normalized (per-symbol) loss between (and including) locations ¢ and j.

Now, consider the set S = {s : Z — X}, which is the (finite) set of mappings that take Z into X.
We refer to elements of S as “single-symbol denoisers”, since each s € § can be thought of as a rule for
estimating X € X on the basis of Z € Z. Now, for any s € S, an unbiased estimator for A(z, s(Z)) (based
on Z only), where z is a deterministic symbol and Z is the output of the DMC when the input is z, can
be obtained as in [4]. First, pick a function h : Z — RI*| with the property that, for a,b € X,

E.h(Z) = ZH(a,z)hb(z)

zEZ

— 5(a,b)é{é: if a =b } )

otherwise

where E, denotes expectation over the channel output Z when the underlying channel input is a, and
hy(z) denotes the b-th component of h(z). Let H denote the |Z| x |X| matrix whose z-th row is k7 (2),
ie., H(z,b) = hy(z). To see that our assumption of a channel matrix with full row rank guarantees the
existence of such an h, note that (3) can equivalently be stated in matrix form as

IH = I, (4)

where I is the |X| x |X| identity matrix. Thus, e.g., any H of the form H = I'T(III7)~!, for any I' such
that III'T is invertible, satisfies (4). In particular, I' = II is a valid choice (IIII” is invertible, since IT is
of full row rank) corresponding to the Moore-Penrose generalized inverse [27]. Now, for any s € S, let
p(s) € RI* denote the column vector with z-th component

pr(s) = D Ti(w,2)A(z,5(2))
= E,A(z,s(2)). (5)

In words, p.(s) is the expected loss using the single-symbol denoiser s, while the underlying symbol is x.
Considering S as an action space alphabet, we define a loss function £: Z x § — R as

U(z,5) = h(z)" - p(s). (6)



We observe from (3) and (5) that ¢(Z, s) is an unbiased estimate of A(x, s(Z)) since

E0(Z,s) = E.h(Z ZE R ()= 6(z, 2" )pw(5) = pul(s) = Bx(x,5(2)) Ve e X. (7)

Note that ¢(Z, s) only depends on the noisy symbol Z and the single-symbol denoiser s, thus it is observable
by the denoiser. As mentioned in the Introduction, this unbiased estimate ¢(Z,s) is the key tool in
overcoming the difficulty of not knowing the true loss in devising our new denoiser.

For ¢ € RIZl let By (€,-) € S be defined by

(&, z) = argmin ¢’ H.- Az © 2], (8)

where, for vectors v; and v of equal dimensions, v; ® v9 denotes the vector obtained by component-wise
multiplication. Note that, similarly as in [4, (88),(89)],

. — 3 T . .
BH(£¢ ) arg Isrgg zz: g H [/\s(z) © 7Tz]
f— 3 T . .
= argminé - H - p(s)
— 1 . T .
= arg gggZéz (W7 (2) - p(s)]
= o 3 (e,5) = b Q
Thus, By(&,-) is a Bayes response for £ under the loss function ¢ defined in (6).

2-B Preliminaries

In this section, we summarize the results from [1] and motivate the approach underlying the construction of
our new class of denoisers. Analogously as in [4], the n-block denoiser X" = {X;}1<;<, can be associated
with F" = {F}}1<t<pn, where F} : ZM\t 8 is defined as follows: Ft(z"\t, -) is the single-symbol denoiser
in S satisfying

Xt(Zn) = Ft(Zn\t, Zt) VZt. (10)

Therefore, we can adopt the view that at each time ¢, an n-block denoiser is choosing a single-symbol
denoiser based on all the noisy sequence components but z;, and applying that single-symbol denoiser on
z¢ to yield the t-th reconstruction Z;. Conversely, any sequence of mappings into single-symbol denoisers
F" defines a denoiser X™, again via (10). We will adhere to this viewpoint in what follows.

One special class of widely used n-block denoisers is that of k-th order “sliding window” denoisers,
which we denote by X™S%. Such denoisers are of the form

Xf"(z )—Sk(zfr],z) t=k+1,---,n—k, (11)

where s, is an element of S, = {s;, : Z%**!1 — X}, the (finite) set of mappings from Z2*+! into X.2 We
also refer to s € S as a “k-th order denoiser”. Note that Sy = S. From the definition (11), it follows that

Xf’“(z") = X]s’“ (2") whenever z”’llj = ZJH; (12)

2The value of X:" (z") for t < k and t > n — k is defined, for concreteness and simplicity, as an arbitrary fixed symbol in
X.



Following the association in (10), we can adopt the alternative view that the k-th order sliding window

denoiser chooses a single-symbol denoiser sk(zf ,i, zfif ,-) € S at time t on the basis of the context, and

o 1 k
ka(z ) = Sk(zi kyzzipzt)
We denote ¢; = (zf ]i, zfif ) as a (two-sided) context for z;, and define the set of all possible k-th order

contexts, Cy, £ {(u_},uf) : (u”;,u}) € Z2F}. Then, for given 2" and for each ¢ € Cj, we define

T(e)&{tici=c, k+1<t<n—k}={t:(z}, 20 =c k+1<t<n-—k}, (13)

the set of indices where the context equals c¢. Now, an equivalent interpretation for (12) is that for each

¢ € Cy, the k-th order sliding window denoiser employs a time-invariant single-symbol denoiser, s(c, ),

at all points ¢ € 7(c). In other words, the sequence 2" is partitioned into the subsequences associated with

the various contexts, and on each such subsequence a time-invariant single-symbol scheme is employed.
In [1], for integers k > 0 and n > 2k, the k-th order minimum loss of (2", 2") is defined by

Dy(2",2") & min Ly, (277K, 2"
( ) X"EX”"Sk X ( k+1 )
1 n—k
- Al 14
skESk n — 2k tzk;q (1, sk(ct, 2t)).- (14)

The identity of the element s € Sy that achieves (14) depends not only on z", but also on z", since (14)
can be expressed as

1 .
w2 [ T Aensten)|
ceCy 7€T (c)

and at each time ¢, the best k-th order sliding window denoiser that achieves (14) will employ the single-
symbol denoiser

arg min Azr, s(27)), (15)
T€T (ct)
which is determined from the joint empirical distribution of pairs {(z;,2,) : 7 € T (c;)}.
It was shown in [1] that, despite the lack of knowledge of 2™, Dy(x", Z™) is achievable in a sense made
precise below, in the limit of growing n, by a scheme that only has access to Z". This scheme is dubbed
in [1] as the Discrete Universal DEnoiser (DUDE), X% = {XF . J1<t<n- The algorithm is defined by

univ

Xunlvt( ) = BH( (Z 72; ]i?zgif) Zt)? (16)

where m(z", ¢) is the vector of counts of the appearances of the various symbols within the context c along
the sequence z". That is, for all § € Z, m(z", E:Ii,if) is the |Z|-dimensional column vector whose (-th
component is

m(z", 27} 0B = [{t:k+1<t<n—k T} =287},

namely, the number of appearances of Z:Iiﬁélf along the sequence 2.
The main result of [1] is the following theorem, pertaining to the semi-stochastic setting of an individual
sequence x = (1, T2, ...) corrupted by a DMC that yields the stochastic noisy sequence Z = (Z1, Zs, .. .).

Theorem 1 ([1, Theorem 1]) Take k = k, satisfying kn|Z|**n = o(n/logn). Then, for all x € X, the
sequence of denoisers {X™5"V defined in (16) satisfies:

univ



b)

Theorem 1 was further shown in [1] to imply the universality of the DUDE in the fully stochastic setting
where the underlying sequence is emitted by a stationary source (and the goal is to attain the performance
of the optimal distribution-dependent denoiser).

From (16), it is apparent that the DUDE ends up employing a k-th order sliding window denoiser
(where the sliding window scheme the DUDE chooses depends on 2™). Moreover, (9) implies that, at each
time ¢, DUDE is merely employing the single-symbol denoiser By (m(z", zf:,i, zﬁf ),+) € S, which can be

obtained by finding the Bayes response by (m(z", zf:,i, zfif )) or, equivalently, the mapping in S given by

argmin Uz, 5), (17)

7€T (ct)
where ((z, s) is the loss function defined in (6). By comparing (15) with (17), and from Theorem 1, we
observe that working with the estimated loss ¢(z:, s) in lieu of the genie-aided A(xr,s(z;)) allows us to

essentially achieve the genie-aided performance in (14).

2-C Motivation

Our motivation for this paper is based on the observation that the k-th order sliding window denoisers ignore
the time-varying nature of the underlying sequence z™. That is, as discussed above, for time instances with
the same contexts, the single-symbol denoiser employed along the associated subsequence is time-invariant.
In other words, for each t, only the empirical distribution of the sequence {(z,,z;) : 7 € T (c¢)} matters,
but its order of composition, i.e., its time-varying nature, is not considered. It is clear, however, that when
the characteristics of the underlying clean sequence z™ are changing, the (normalized) cumulative loss that
is achieved by sliding window denoisers that can shift from one rule to another along the sequence may
be strictly lower (better) than (14). We now devise and analyze our new scheme that achieves this more
ambitious target performance.

3 The Shifting Denoiser (S-DUDE)

In this section, we derive our new class of denoisers and analyze their performance. In Subsection 3-A,
we begin with the simplest case, competing with shifting symbol-by-symbol denoisers, or, in other words,
shifting 0-th order denoisers. The argument is generalized to shifting k-th order denoisers in Subsection
3-B, and the framework and results include Subsection 3-A as a special case. We will use the notation Sy,
instead of S, for consistency in denoting the class of single-symbol denoisers. Throughout this section, we
assume the semi-stochastic setting.

3-A Switching between symbol-by-symbol (0-th order) denoisers

Consider an n-tuple of single-symbol denoisers S = {s1,--- ,s,} € S. Then, as mentioned in Section 2-B,
for such S, we can define the associated n-block denoiser X™S = {X3(2")}1<;<p, as

XP(2") = se(z0). (18)



Note that in this case, the single-symbol denoiser applied at each time may depend on the time ¢ (but not
on 2"\, as would be the case for a general denoiser). We also denote the estimated normalized cumulative
loss as

() 2 3 tase) (19)
t=1

whose property is given in the following lemma, which parallels [4, Theorem 4].

Lemma 1 Fiz e > 0. For fired S € S, and all 2" € X",

P(anys(a:", Z") — Ls(Z™) > e) < exp ( — 73 > and (20)
P<is(Z") — Lgns(a™, Z") > e) < exp ( - nL2;2 ) (21)

where Lyax = Amax + Cmax-

In words, the lemma shows that for every S € §j, the estimated loss Ls(Z™) is concentrated around the
true loss Ly, s(2",Z™) with high probability, as n becomes large, regardless of the underlying sequence
x’ﬂ

Proof of Lemma 1: See Appendix 8-A. W

Now, let the integer 0 < m < |5 | denote the maximum number of shifts allowed along the sequence.
Then, define the set Sy, C Sj as

n
P = {s €85> 1y pen < m} (22)
t=2
namely, 5¢,, is the set of n-tuples of single-symbol denoisers with at most m shifts from one mapping to
another.? Analogously to (14), for the class of n-block denoisers XS with S € 80 m» We define

Dom(2",2") £ min Lg,s(z”,2")

= min lz:A/X(:ztt,st(zt)), (23)

which is the minimum normalized cumulative loss that can be achieved for (z",2") by the sequence of n
single-symbol denoisers that allow at most m shifts. Our goal in this section is to build a universal scheme
that only has access to Z", but still essentially achieves Dg (2", Z").

As hinted by the DUDE, we build our universal scheme by working with the estimated loss. That is,
define

wn
Il
>
—~
N
\j
Il

in Lg(2" 24
ey, P 0
and our (0,m)-Shifting Discrete Universal DEnoiser (S-DUDE), Xﬁ;ﬁ;m, is defined as X™S. Tt is clear
that, by definition, Ly, s(z",2") > Do m(z", 2") for all 2" and 2", but we can also show that, with high
probability, L¢, (2", Z") does not exceed Do, (2", Z") by much, as stated in the following theorem.

3Note that, when m = 0, Sp.o is the set of constant n-tuples consisting of the same single-symbol denoiser.



Theorem 2 Let X&?’Vm be defined as X”’S, where S is given in (24). Then, for all e > 0 and z™ € X",

2
€ m (m+1)InN

where h(z) = —zlnz— (1 —z)In(1—z) for 0 <z < 1, and N = |S| = |X|IZI. In particular, the right-hand
side of the inequality is exponentially small, provided m = o(n).

Remark: It is reasonable to expect this theorem to hold, given Lemma 1. That is, since, for fixed S € §p',,,

Ls(Z™) is concentrated on Lgns(x™,Z%), it is plausible that the S that achieves mingesy Ls(Z™) will

have a loss Ly, s(2", Z") close to mingesy, Lgns (™, Z™), i.e., Dom(z"™, Z™).
Proof of Theorem 2: See Appendix 8-B. W

3-B Switching between k-th order denoisers

Now, we extend the result from Subsection 3-A to the case of shifting between k-th order denoisers. The
argument parallels that of Subsection 3-A. Let {Sk,t}?:_kkﬂ be an arbitrary sequence of the k-th order
denoiser mappings, i.e., sp; € S for k+1 <t < n—k. Now, for given 2", define an (n — 2k)-tuple of (k-th
order denoiser induced) single-symbol denoisers

Sk(2") £ {skale, )} id, € S5, (25)

where, to recall, ¢; = (zf:,i, zfif ), and sy 4(cy, ) is the single-symbol denoiser induced from s;; € Sp and

c¢. For brevity of notation, we will suppress the dependence on 2" in Si(2") and denote it as Si. Then,
as in (18), we define the associated n-block denoiser XSk = {thk(z")}lgtgn as 4

X5 (z") = sk.t(Ct, 2t). (26)
In addition, extending (19), the estimated normalized cumulative loss is given as

1 n—k

f}sk(z") = — Z Uz, sk4(cy, ). (27)
t=k-+1

Then, we have the following lemma, which parallels Lemma 1.

Lemma 2 Fiz e > 0. For any fized sequence {Sk,t}?:_kkﬂ, and all " € X",

koo 7 . 2(n — 2k)e?
Pr(LXn,sk(szrf,Z)—Lsk(Z)>e> < (k—i—l)exp(—ﬁ) and (28)

~ n ek on 2(n — 2k)e?
Pr(Lsk(Z ) — L)A("vsk (xk+lf,Z ) > €> S (k + 1) exXp <— W), (29)

where Lyax = Amax + Cmax-

4Again, the value of th’“ (z") for t < k and t > n — k can be defined as an arbitrary fixed symbol, since it will be
inconsequential in subsequent development.



Remark: Note that when k = 0, this lemma coincides with Lemma 1. The proof of this lemma combines

Lemma 1 and the de-interleaving argument in the proof of [1, Theorem 2]. Namely, we de-interleave Z" into

(k + 1) subsequences consisting of symbols separated by blocks of k symbols, and exploit the conditional

independence of symbols in each subsequence, given all symbols not in that subsequence, to use Lemma 1.
Proof of Lemma 2: See Appendix 8-C. N

Now, for an integer 0 < m < L”_T%J and given 2", let n(c) £ |T(c)|, and m(c) = min{n(c),m} for
¢ € Cyi. Then, analogously as in (22), we define

S n(2") = {Sk(z") € S0 {spr(es Vhrerie) € Sty forall ce ck}. (30)

In words, Sy ,,(z") is the set of (n — 2k)-tuples of (k-th order denoiser induced) single-symbol denoisers
that allow at most m(c) shifts within the subsequence {t : t € T(c)} for each context ¢ € Cy.5 Again, for
brevity, the dependence on z" in S" ., (2") is suppressed, and we write simply S" . It is worth noting that
Sk is a larger class than the class of k-th order ‘sliding window’ denoisers that are allowed to shift at
most m times. The reason is that in S,? m the shift within each subsequence associated with each context
can occur at any time, regardless of the shifts in other subsequences, whereas in the latter class, the shifts
in each subsequence occur together with other shifts in other subsequences.

For integers k > 0 and n > 2k, we now define, for the class of n-block denoisers XS with S € Sﬁm,

A k
Din(@" ") £ i Ly s (. 2")
1 n—=k
= A( 1
SeS” n—29 kt%;rl (1, sk,e(ct, 2t)), (31)

the minimum normalized cumulative loss of (z™,2™) that can be achieved by the sequence of k-th order
denoisers that allow at most m shifts within each context. Now, to build a legitimate (non genie-aided)
universal scheme achieving (31) on the basis of Z™ only, we define

A

Skm =arg min Lg(z"), (32)

m Sesp .

and the (k, m)-S-DUDE, Xkm s defined as X™Skm . Note that when m = 0, X™ Sk coincides with the

univ

DUDE in [1]. The following theorem generalizes Theorem 2 to the case of general k > 0.

Theorem 3 Let Xﬁn]fvm be given by X Skm, where Skm is defined in (32). Then, for all € > 0 and
" e X",

Pr (Lxﬁn,fvm (7%, Z7) = Dy (@™, Z27) > e) (33)
< 2(k+1)exp (- (n — 2Kk) - [ﬁ _ oz k. {h<n T%) + (ms_l);;N}]) (34)

where h(z) = —zlnz — (1 —z)In(l —z) for 0 <z <1, and N = |S| = | X|1Z].

Remark: Note that when k = 0, this theorem coincides with Theorem 2. Similarly to the way Theo-
rem 2 was plausible given Lemma 1, Theorem 3 can be expected given Lemma 2, since Sj ,, achieves

*When m = 0, Sio(2™) becomes the set of n-block k-th order ‘sliding window’ denoisers.
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mingesy ZS(Z”), and we expect an,gk . (mZ;f, Z"™) to be close to Dy (2", Z™) from the concentration
of Ls(Z") to Lgns (@} y,2Z") for all S € SP .
Proof of Theorem 3: See Appendix 8-D. N

From Theorem 3, we now easily obtain one of the main results of the paper, which extends Theorem
1 from the case m = 0 to the case of general 0 < m < L"_T%J That is, the following theorem asserts
that, for every underlying sequence x € X'*°, our (k, m)-S-DUDE performs essentially as well as the best
shifting k-th order denoiser that allows at most m shifts within each context, both in high probability and
expectation sense, provided a growth condition on k and m is satisfied.

Theorem 4 Suppose k = k, and m = m,, are such that the right-hand side of (34) is summable in n.
Then, for all x € X*°, the sequence of denoisers {X"’k’m} satisfies

univ
a)

lim [Lw,k,m(x",z") —Dk,m(a;",zn)} =0 as. (35)

n—oo Xuniv

b) For any 6 > 0,

univ

E[an,k,m(:nn, Z") — Djy (@™, Z”)] ~0 <\/kn|2|2kn (%)1_5> . (36)

Remark: Tt will be seen in Claim 1 below that the stipulation in the theorem implies lim,, o, ky| 2 |2k" ( =

0, which, when combined with (36), implies that the expected difference on the left hand side of (36) van-
ishes with increasing n. That in itself, however, can easily be deduced from (35) and bounded convergence.
The more significant value of (36) is in providing a rate of convergence result for the ‘redundancy’ in the
S-DUDE’s performance, as a function of both k£ and m. In particular, note that for any n > 0, O(n_l/ )
is achievable provided k, = clogn and m,, = n¢, for small enough positive constants ¢, €.

In what follows, we specify the maximal growth rates for k¥ = k, and m = m, under which the
summability condition stipulated in Theorem 4 holds.

Claim 1  a) Mazimal growth rate for k: The summability condition in Theorem 4 is satisfied provided

kyn = c1logn with ¢; < m and my, grows at any sub-polynomial rate. On the other hand, the
condition is not satisfied for k, = ¢y logn with any ¢ > m, even when m is fized (not growing

with n).

b) Mazimal growth rate for m: The summability condition in Theorem J is satisfied for any sub-linear
growth rate of my,, provided k, is taken to increase sufficiently slowly that ky|Z|**» = o((n/my)*~°)
for some 6 > 0. On the other hand, the condition is not satisfied whenever m,, grows linearly with
n, even when k is fixed.

Proof of Claim 1: See Appendix 8-E. N

Proof of Theorem 4: See Appendix 8-F. N

11
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3-C A “strong converse”

In Claim 1, we have shown the necessity of m,, = o(n) for the condition required in Theorem 4 to hold.
However, we can prove the necessity of m, = o(n) in a much stronger sense, described in the following
theorem.

Theorem 5 Suppose that X = X, that Az, &) > 0 for all x,z with equality if and only if v = &, and
that Il(x,z) > 0 for all z,z. If m = m, = O(n), then for any sequence of denoisers {X"}, there exists
X>* € X*° such that -

limsup £ [L

n—~0o0

50 (&, Z™) = Do (2™, Z™)] > 0. (37)

Remark: The theorem establishes the fact that when m,, = o(n) does not hold, namely, when m,, = ©(n),
not only does the almost sure convergence in Theorem 4 not hold but, in fact, even the much weaker
convergence in expectation would fail. Further, it shows that this would be the case for any sequence of
denoisers, not necessarily the S-DUDE. In addition, (37) features Dy (2", Z™), pertaining to competition
with a genie that shifts among single-symbol denoisers so, a fortiori, it implies that for any fixed £ > 0 or
k that grows with n,

limsup E [Lg, (2", Z") = Dpm (2", Z")] >0 (38)

n—oo

also holds since, by definition, Do (2", 2") > Dy m(2", 2") for all 2™, 2" and k > 0. Therefore, the
theorem asserts that for any sequence of denoisers to compete with Dy, (2", Z™), even in expectation
sense, m, = o(n) is necessary. Finally, we mention that the conditions stipulated in the statement of the
theorem regarding the loss function and the channel can be considerably relaxed without compromising the
validity of the theorem. These conditions are made to allow for the simple proof that we give in Appendix

8-G.

4 The Stochastic Setting

In [1], the semi-stochastic setting result, [1, Theorem 1], was shown to imply the result for the stochastic
setting as well. That is, when the underlying data form a stationary process, [1, Section VI| shows that
the DUDE attains optimum distribution-dependent performance. Analogously, we can now use the results
from the semi-stochastic setting of the previous section to generalize the results of [1, Section VI| and
show that our S-DUDE attains optimum distribution-dependent performance when the underlying data
form a piecewise stationary process. We first define the precise notion of the class of piecewise stationary
processes in Subsection 4-A, and discuss the richness of this class in Subsection 4-B. Subsection 4-C gives
the main result of this section: the stochastic setting optimality of the S-DUDE.

4-A  Definition of the class of processes P{m,}

Let P)((1 ), “ee ,P)((M) be a finite collection of M probability distributions of stationary processes, with com-
ponents taking the values in X. Let A be a process with components taking the values in {1,...,M}.

Then, a piecewise stationary process X is generated by shifting between the M processes in a way specified
by the “switching process” A, as we now describe.
First, denote r(A™) as the number of shifts that have occurred along the n-tuple A", i.e.,

n—1

r(A") £ a2,

j=1

12



Thus, there are (A™) + 1 “blocks” in A™, where each block is a tuple of constant values that are different
from the values of adjacent blocks. Now, for each 1 <i < r(A™) + 1, we define

: . o | )
Ti(A") £ nf{t = 351 Lay 24500y = 3} {f 1‘3 i <r(A")
! if i=r(A")+1

as the last time instance of the i-th block in A”. In addition, define 79(A") £ 0. Clearly, r(A") and 7;(A")
depend on A™ and, thus, are random variables. However, for brevity, we suppress the dependence on A"
when there is no confusion, and write simply r and 7;, respectively.

Using these definitions, and by denoting Pa» as the n-th order marginal distribution of A, we define a
piecewise stationary process X by characterizing its n-th order marginal distribution Px» as

Pxn(X" — xn) — ZPAn(a")P(X" _ ﬂjn|An _ an)

r—+1
= Y Pal@) [P 6T L), (39)
am i=1

for each n. The corresponding distribution of the process X is denoted as Px.% In words, X is constructed
by following one of the M probability distributions in each block, switching from one to another depending
on A. Furthermore, conditioned on the realization of A, each stationary block is independent of other
blocks, even if the distribution of distinct blocks is the same. This property of conditional independence is
reasonable for modeling many types of data arising in practice, since we can think of the M distributions
as different ‘modes’; if the process returns to the same mode, it is reasonable to model the new block as a
new independent realization of that same distribution. In other words, the ‘mode’ may represent the kind
of ‘texture’ in a certain region of the data, but two different regions with the same ‘texture’ should have
independent realizations from the texture-generating source. Our notion of a piecewise stationary process
almost coincides with that developed in [28]. The main difference is that we allow an arbitrary distribution
for the process A.

Now, we define P{m,,} to be the class of all process distributions that can be constructed as in (39)
for some M, some collection P)((1 ), e ,P)((M) of stationary processes, and some switching process A whose
number of shifts satisfies

r(A") <m, a.s. Vn. (40)

In words, a process X belongs to” P{m,} if and only if it can be formed by switching between a finite
collection of independent processes in which the number of switches by time n does not exceed m,.

4-B Richness of P{m,}

In this subsection, we examine how rich the class P{m,} is, in terms of the growth rate m, and the
existence of denoising schemes that are universal with respect to P{m,}. First, given any distribution on
a noiseless n-tuple, Pxn», we define

D(Pxn, ) 2 min ELg, (X", 2", (41)
XneDy,

where D, is the class of all n-block denoisers. The expectation on the right-hand side of (41) assumes
that X" is generated from Pxn» and that Z" is the output of the DMC, II, whose input is X™. Thus,

6{Pxn}n21 is readily verified to be a consistent family of distributions and, thus, by Kolmogorov’s extension theorem,
uniquely defines the distribution of the process X.
"The phrase “the process X belongs to P{m,}” is shorthand for “the distribution of the process X, Px, belongs to P{m.}”.

13



D(Pxn,II) is the optimum denoising performance (in the sense of expected per-symbol loss) attainable
when the source distribution Px» is known.
What happens when the source distribution is unknown? Theorem 3 of [1] established the fact that®

lim [ELXM,L (X", Z") — D(PXn,H):| =0 for all stationary Px. (42)
n—oo DUDE

Note that our newly-defined class of processes, P{m,,}, is simply the class of all stationary processes if one
takes the sequence m,, to be m,, =0 for all n. Thus, assuming m,, = 0, (42) is equivalent to

lim {

ElLgui (X", 2") — ]D(PXn,H)} =0 forall PxeP{my). (43)
DUDE

At the other extreme, when m,, = n, P{m,} consists of all possible (not necessarily stationary) processes.

We can observe this equivalence by having M = |X| processes each be a constant process at a different

symbol in X, and creating any process by switching to the appropriate symbol. In this case, not only does

(43) not hold for the DUDE, but clearly (43) cannot hold under any sequence of denoisers. In other words,

P{m,} is far too rich to allow for the existence of schemes that are universal with respect to it.

It is obvious then that P{m,} is significantly richer than the family of stationary processes whenever
my,, grows with n. It is of interest then to identify the maximal growth rate of m, that allows for the
existence of schemes that are universal with respect to P{m,}, and to find such a universal scheme. In
what follows, we offer a complete answer to these questions. Specifically, we show that if the growth rate
of m,, allows for the existence of any scheme which is universal with respect to P{m,}, the S-DUDE is
universal, too.

4-C Universality of S-DUDE

Here, we state our stochastic setting result, which establishes the universality of (k,m)-S-DUDE with
respect to the class P{m,}.

Theorem 6 Let k = k,, and m = m,, satisfy the growth rate condition stipulated in Theorem 4, in addition
to lim, oo k, = 00. Then, the sequence of denoisers {Xﬁ;ﬁ’vm} defined in Section 3 satisfy

lim | BLgosrn (X", 2") = D(Pxn, H)] =0 forall Px € P{my}. (44)
Remark 1: Recall that, as noted in Claim 1, m, = o(n) together with appropriately slowly growing
k =k, is sufficient to guarantee the growth rate condition stipulated in Theorem 4. Hence, by Theorem 6,
m = o(n) and the sufficiently slowly growing k = k,, suffices for (44) to hold. Therefore, Theorem 6 implies
the existence of schemes that are universal with respect to P{m,} whenever m,, increases sublinearly in
n. Since, as discussed in Subsection 4-B, no universal scheme exists for P{m,,} when m,, is linear in n, we
conclude that the sub-linearity of m,, is the necessary and sufficient condition for a universal scheme to exist
with respect to P{m,,}. Moreover, Theorem 6 establishes the strong sense of optimality of the S-DUDE,
as it shows that whenever P{m,,} is universally “competable”, the S-DUDE does the job. This fact is
somewhat analogous to the situation in [28], where the optimality of the universal lossless coding scheme
presented therein for piecewise stationary sources was established under the condition that m = o(n).
Remark 2: A pointwise result
lim [Lgnnm(X", Z") —D(Pxn, II)] =0 as.

n—oo univ

$When Px is stationary, the limit lim,_ oo D(Pxn, IT) = D(Px, IT) was shown to exist in [1]. Thus, (42) was equivalently
stated as limp—oo ELgn = D(Px,II) in [1, Theorem 3].
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for all Px € P{m,}, which is analogous to [1, Theorem 4], can also be derived. However, we omit such

a result here since the details required for stating it rigorously would be convoluted, and its added value

over the strong point-wise result we have already established in the semi-stochastic setting would be little.
Proof of Theorem 6: See Appendix 8-H. W

5 Algorithm and Complexity

5-A An Efficient Implementation of S-DUDE

In the preceding two sections, we gave strong asymptotic performance guarantees for the new class of
schemes, the S-DUDE. However, the question regarding the practical implementation of (32), i.e., obtaining

Sk,m = arg SH}S‘i}?m Lg(2"),
for fixed k, m and n remains and, at first glance, may seem to be a difficult combinatorial optimization
problem. In this section, we devise an efficient two-pass algorithm, which yields (32) and performs denoising
with linear complexity in the sequence length n. A recursion similar to that in the first pass of the algorithm
we present appears also in the study of tracking the best expert in on-line learning [15, 16].

From the definition of S, (30), we can see that obtaining (32) is equivalent to obtaining the best
combination of single-symbol denoisers with at most m(c) shifts that minimizes the cumulative estimated
loss along {t :t € 7T(c)}, for each ¢ € Ci. Thus, our problem breaks down to |Cy| independent problems,
each being a problem of competing with the best combination of single-symbol schemes allowing m switches.

To describe an algorithm that implements this parallelization efficiently, we first define variables. For
(k,m)-S-DUDE, let I = m +1,J = N, where N = |S| = |X|IZl. Then, a matrix LM; € R’/ is defined
for k+1 <t < n—k, where LM;(i,j) for 1 < i < I and 1 < j < J represents the minimum (un-
normalized) cumulative estimated loss of the sequence of single-symbol denoisers along the time index
{r:7 <t ,c;, =c}, allowing at most (i — 1) shifts between single-symbol denoisers and applying s; = j.
Moreover, a vector IM; € R! is defined for the same range of ¢, where IM;(i), for 1 < i < I, is the symbol-
by-symbol denoiser that attains the minimum value of the i-th row of LM, i.e., arg mini<j<j LM;(i, 7).
A time pointer T € R”, where D = |Cy| = |Z|?*, is defined to store the closest time index that has the
same context as current time, during the first and second pass. That is,

T(c,) 2 { max{7 : 7 < t,c; = ¢}, when first pass (45)

~ | min{7:7 >t,¢; =c¢;}, when second pass

We also define € RP and g € RP as variables for storing the pointer enabling our scheme to follow the best
combination of single-symbol denoisers during the second pass. Thus, the total memory size required is
O(mNn+|2|?*) = O(mNn) (assuming that k satisfies the growth rate stipulated in the previous sections,
which implies | Z|?* = o(n)).

Our two-pass algorithm has ingredients from both the DUDE and from the forward-backward recursions
of hidden Markov models [29] and, in fact, the algorithm becomes equivalent to DUDE when m = 0. The
first pass of the algorithm runs forward from ¢t = £+ 1 to t = n — k, and updates the elements of LM,
recursively. The recursions have a natural dynamic programming structure. For 2 < i < I, 1< j < J,
LM,(i,j) is determined by

LM, (i, §) = {(z,5) + min {LMT(Ct)(i,j), LMy (e,)(i — 1, IMyp(e, (i — 1))}, (46)

that is, adding the current loss to the best cumulative loss up to T'(c;) along {7 : 7 < t,c; = ¢;}. When i =
1, the second term in the minimum of (46) is not defined, and LM;(3, j) just becomes £(z;, j)+LMrpc,) (4, j)-
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The validity of (46) can be verified by observing that there are two possible cases in achieving LM (i, 7):
either the (i —1)-th shift to the single-symbol denoiser j occurred before ¢, or it occurred at time ¢t. We can
see that the first term in the minimum of (46) corresponds to the former case; the second term corresponds
to the latter. Obviously, the minimum of these two (where ties may be resolved arbitrarily), leads to
the value of LM;(i,7) as in (46). After updating all LM,’s during the first pass, the second pass runs

backwards from t =n — k to t = k 4+ 1, and extracts Skm from {LM, :‘:_,fﬂ by following the best shifting

between single-symbol denoisers. The actual denoising (i.e., assembling the reconstruction sequence X ™)
is also performed in that pass. The pointers r(c;) and ¢(c;) are updated recursively, and they track the
best shifting point and combination of single-symbol denoisers, respectively, for each of the subsequences
associated with the various contexts. A succinct description of the algorithm is provided in Algorithm 1.
The time complexity of the algorithm is readily seen to be O(mNn) as well.

Algorithm 1 The (k, m)-Shifting Discrete Denoising Algorithm
Require: LM;(i,j) € RI>*7 IM;(i) e RI, k+1<t<n—-k1<i<I,1<j<J,
TeRPreRP geRP, LeR

Ensure: S; = {sk(ct, )}?:_,ffl in (32) and the denoised output {jt}?:_kl:-l

7(c) <= ¢ for all c € Cy,

fort=k+4+1ton—kdo

if T'(c¢) = ¢ then
LMy(i,5) < €(z,5) for1<i<I, 1<j<J
r

IM,(i) < argmini<j<j LM;(i,j) for1<i<I
else o ‘ ‘
LM* LMT(C;:)(%]) fori=1, 1< 1<J

T(en (7)< i {LMrp(e)) (i, §), LMrpey) (i — 1, IMp(e (i — 1))} for2<i<I, 1<j<J
LMy(i,§) < LM (i,5) + 0(z1,j) for1<i<I, 1<j<.J
IM,(i) < argmini<j<j LM;(i,j) for 1 <i<IT

end if
T(Ct) =t

end for

T(c) < ¢ for all c € Cy,

fort=n—-—ktok+1do

if T'(c¢) = ¢ then
T‘(Ct) <~ I, q(Ct) <~ IMt(r(ct))

else
L <= LMrp(c,)(r(ce), a(cr)) — €(zt, q(c))
if L < LMy(r(ct),q(ct)) then

r(ct) <= r(cy) — 1, q(c) <= IM(r(ct))

end if

end if

T(ct) <=t spiler, ) < gqlcr)

i’t <~ Sk,t(ct7 Zt)

end for

5-B Extending the S-DUDE to Multi-Dimensional Data

As noted, our algorithm is essentially separately employing the same algorithm to compete with the best
shifting single-symbol denoisers, on each subsequence associated with each context. The overall algorithm

16



is the result of parallelizing the operations of the schemes for the different subsequences, which allows for
a more efficient implementation than if these schemes were to be run completely independently of one
another. This characteristic of running the same algorithm in parallel along each subsequence enables us
to extend S-DUDE to the case of multi-dimensional data: run the same algorithm along each subsequence
associated with each (this time multi-dimensional) context. It should be noted, however, that the extension
of the S-DUDE to the multidimensional case is not as straightforward as the extension of the DUDE was,
since, whereas the DUDE’s output is independent of the ordering of the data within each context, this
ordering may be very significant in its effect on the output and, hence, the performance of S-DUDE.
Therefore, the choice of a scheme for scanning the data and capturing its local spatial stationarity, e.g.,
Peano-Hilbert scanning [30], is an important ingredient in extending S-DUDE to the denoising of multi-
dimensional data. Findings from the recent study on universal scanning reported in [31, 32] can be brought
to bear on such an extension.

6 Experimentation

In this section, we report some preliminary experimental results obtained by applying S-DUDE to several
kinds of noise-corrupted data.

6-A Image denoising

In this subsection, we report some experimental results of denoising a binary image under the Hamming
loss function. The first and most simplistic experiment is with the 400 x 400 black-and-white binary
image shown in Figure 1. The first figure is the clean underlying image. The image is raster scanned
and passed through a binary symmetric channel (BSC) with crossover probability § = 0.1, to obtain
the noisy image in Figure 1(b). Note that in this case, there are only four symbol-by-symbol denoisers,
namely, S = {0, 1, z, z}, representing always-say-0, always-say-1, say-what-you-see, and flip-what-you-see,
respectively. Figure 1(c) is the DUDE output with & = 0, Figure 1(d) is the DUDE output with k& = 4,
and Figure 1(e) is the output of our S-DUDE with £ = 0,m = 1. The DUDE with & = 0 competes with

(a) Clean (b) Noisy (c) DUDE k=0 (d) DUDE k =4

(e) S-DUDE k=0,m =1
Figure 1: 400 x 400 binary images

the best time-invariant symbol-by-symbol denoiser which, in this case, is the say-what-you-see denoiser,
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since the empirical distribution of the clean image is (0.5,0.5) and § = 0.1. Given that the DUDE with
k = 0 turns out to be also the say-what-you-see denoiser, the DUDE output with k£ = 0 is the same as
the noisy image, and so no denoising is performed. The performance of DUDE with larger £ = 4 shows a
decent performance with the bit error rate (BER) 0.0019, but still shows errors. However, it is clear that,
for this image, the best compound action of the symbol-by-symbol denoisers is always-say-0 for the first
half and then a shift to always-say-1 for the remainder. We can see that our (0,1)-S-DUDE successfully
captures this shift from the noisy observations, and results in perfect denoising with zero bit errors.

Now, we move on to a more realistic example. Figure 2(a), a concatenation of a half-toned Einstein
image (300 x 300) and scanned Shannon’s 1948 paper (300 x 300), is the clean image. We raster scan the
image and pass it through a binary symmetric channel (BSC) with crossover probability § = 0.1, to obtain
the noisy image Figure 2(b), which we raster scan and employ the S-DUDE on the resulting one-dimensional
sequence. Since the two concatenated images are of a very different nature, we expect our S-DUDE to
perform better than the DUDE, because it is designed to adapt to the possibility of employing different
schemes in different regions of the data. The plot in Figure 2(c) shows the performance of our (k,m)-S-
DUDE with various values of k and m. The horizontal axis reflects k, and the vertical axis represents the
ratio of bit error per symbol (BER) to § = 0.1. Each curve represents the BER of schemes with different
m = 0,1,2,3. Note that m = 0 corresponds to the DUDE. We can see that S-DUDE with m > 0 mostly
dominates the DUDE, with an additional BER reduction of ~ 11%, including when k& = 6, the best k
value for the DUDE. The bottom three figures show the denoised images with (k,m) = (4,0), (4,2), (6,1),
achieving BERs of § x (0.744,0.6630,0.4991), respectively. Thus, in this example, (4,2)-S-DUDE achieves
an additional BER reduction of 11% over the DUDE with k& = 4, and the overall best performance is
achieved by (6,1)-S-DUDE. Given the nature of the image, which is a concatenation of two completely
different types of images, each reasonably uniform in texture, it is not surprising to find that the S-DUDE
with m = 1 performs the best.
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Bit error rate plot for (k,m) S-DUDE
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Figure 2: Clean and noisy images, the bit error rate plot for (k,m)-S-DUDE, and three denoised outputs
for (k,m) = (4,0),(4,2), (6,1), respectively.

6-B State estimation for a switching binary hidden Markov process

Here, we give a stochastic setting experiment. A switching binary hidden Markov process in this example
is defined as a binary symmetric Markov chain observed through a BSC, where the transition probabilities
of the Markov chain switches over time. The goal of a denoiser here is to estimate the underlying Markov
chain based on the noisy output.

In our example, we construct a simple switching binary hidden Markov process of length n = 106, in
which the transition probability of the underlying binary symmetric Markov source switches from p = 0.01
to p = 0.2 at the midpoint of the sequence, and the crossover probability of the BSC is 6 = 0.1. Then,
we estimate the state of the underlying Markov chain based on the BSC output. The goodness of the
estimation is again measured by the Hamming loss, i.e., the fraction of errors made. Slightly better than
the optimal Bayesian distribution-dependent performance for this case can be obtained by employing the
forward-backward recursion scheme, incorporating the varying transition probabilities with the help of a
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genie that knows the exact location of the change in the process distribution. Figure 3 plots the BER of
(k,m)-S-DUDE with various k& and m, compared to the genie-aided Bayes optimal BER. The horizontal

axis represents k, and the two curves refer to m = 0 (DUDE) and m = 1. The vertical axis is the ratio of
BER to § =0.1.

Bit error rate plot for (k,m)-S-DUDE

14 T T T T
—+— m=0 (DUDE)
—*— m=1
o9k Bayes
0.8}
w
IS
©
S 0.7r
)
=
0.6
0.5F
0.4 . . . . .

Figure 3: BER for switching binary hidden Markov process (§ = 0.1,n = 10°). The switch of the underlying
binary Markov chain occurs when ¢ = 5 x 10°, from the transition probability p = 0.01 to p = 0.2.

We can observe that the optimal Bayesian BER is (lower bounded by) 0.4865 x §. The best performance
of the DUDE was achieved when k& = 6 with a BER of 0.5738 x ¢, which is far above (18% more than) the
optimal BER. It is clear that, despite the size of the data, the DUDE fails to converge to the optimum, as
it is confined to be employing the same sliding-window scheme throughout the whole data. However, we
can see that the (4,1)-S-DUDE achieves a BER of .4979 x 4, which is within 2.3% of the optimal BER.
This example shows that our S-DUDE is competent in attaining the optimum performance for a class
richer than that of the stationary processes. Specifically, it attains the optimum performance for piecewise
stationary processes, on which the DUDE generally fails.

7 Conclusion and Some Future Directions

Inspired by the DUDE algorithm, we have developed a generalization that accommodates switching be-
tween sliding window rules. We have shown a strong semi-stochastic setting result for our new scheme
in competing with shifting k-th order denoisers. This result implies a stochastic setting result as well,
asserting that the S-DUDE asymptotically attains the optimal distribution-dependent performance for the
case in which the underlying data is piecewise stationary. We also described an efficient low-complexity
implementation of the algorithm, and presented some simple experiments that demonstrate the potential
benefits of employing S-DUDE in practice.

There are several future research directions related to this work. The S-DUDE can be thought of as
a generalization of the DUDE, with the introduction of a new component captured by the non-negative
integer parameter m. Many previous extensions of the DUDE, such as the settings of channel with memory
[33], channel uncertainty [34], applications to channel decoding [35], discrete-input, continuous-output data
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[36], denoising of analog data [37], and decoding in the Wyner-Ziv problem [38], may stand to benefit from
a revision that would incorporate the viewpoint of switching between time-invariant schemes. Particularly,
extending S-DUDE to the case where the data are analog as in [37] will be non-trivial and interesting from
both a theoretical and a practical viewpoint. In addition, as mentioned in Section 5, an extension of the
S-DUDE to the case of multi-dimensional data is not as straightforward as the extension of the DUDE
was. Such an extension should prove interesting and practically important. Finally, it would be useful to
devise guidelines for the choice of k and m. The heuristics suggested in [1, Section VII] would still be useful
in the choice of k, and techniques in [39][22] may also be helpful in choosing k and m. Further practical
guidelines could be developed via additional experimentation.
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8 Appendix
8-A Proof of Lemma 1

We first establish the fact that for all 2" € X", and for fixed S € S,

{nlLgns(@", 2" - Ls(2")] }

n>1

is a {Z,, }-martingale. This is not hard to see by the following argument:

E(niLgosta”, 27) - Ls(z")]|2)

= B(D Awnsi(Z) = Y Uz s0)| 2"
t=1 t=1
= (0= D)[Lguss(@™ L, 271 = Lg(2" )] + E(A(azn, $n(Z)) — U(Zn, Sn)|Z"_1>
= (n—D[Lgus@™ ", 2" ") = Lg(Z"71), (47)

where (47) follows from the fact that Z,, is independent of 7" and By, M2y, $0(Zn)) = Eu, l(Zn, 8n).
Therefore, L, s(z",2") — Ls(Z") is a normalized sum of bounded martingale differences; therefore the
inequalities (20) and (21) follow directly from the Hoeffding-Azuma inequality [14, Lemma A.7]. W
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8-B Proof of Theorem 2

First, recall (24) that the notation S stands for S(Z") which depends on the noisy sequence Z". Then,
consider the following chain of inequalities:?

P(an,s(x", Z") — Do (2™, Z") > e)

_ P(s?ﬁf {Lgns(@", Z") = Lg,s(2", 2")} > e>

< Y P(Lgus(™ 27 — Lygas(a",2") > ¢ (48)
SESO m

< Y P(Lges(a™ 2M — Lg(2") > ¢f2) + Y P(Ls(2") ~ Lyus(@". 27) > ¢/2),  (49)
SESO m SES(’im

©) (ii)

where (48) follows from the union bound, and (49) follows from adding and subtracting ES(Z"), and the
union bound. For term (i) in (49),

() < S; P(Srggic (Lo (@27 ~ LS/(Zn)}>€/2) (50)

0,m

2

PN eXp( "or2 ) (51)

max
Seso,m s’ ESn’m

IN

where (50) follows from Ly, s(2", Z") — f/s(Z") < maxgesp {Lgns(a™, Zm) — f/s(Z")}, and (51) follows
from the union bound and (20). Similarly, for term (ii) in (49),

@ < > P(is(zn)—an,s(x",Z")>e/2> (52)
SGS&LW
62
< > exp(-n Ny ) (53)
SES max

0,m

where (52) follows from I:S(Z") < Lg(Z™), and (53) follows from (21). Therefore, continuing (49), we
obtain

(49) < 2 > e (- ng)
SE€SGm S €S, e
= o2 (7)o (< n) o0
1=0 max
< 2om (algrg () - ). &

where (54) follows from N = |S| = | Z|l¥] and Sl = 2iso (”fl)N(N —1)%, and (55) follows from the

7

assumption m < | %] and |8, | < N™exp (nh(%)). Hence, the theorem is proved. M

9All inequalities between random variables in this proof are in almost sure sense.
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8-C Proof of Lemma 2
We will prove (28) since the proof of (29) is essentially identical. As in [1], define
Tp2{t:k+1<t<n—kt=d mod (k+1)},

whose cardinality is denoted ng = |(n — d — k)/(k + 1)]. Then, by denoting C; = (Z!~, Zfif), we start
the chain of inequalities,

Pr(LXn so(@p Tk, 7 — L, (27) > e)

- Pr<z 3y {A(xT,skJ(CT,ZT)) - K(ZT,SM(CT,-))} > (n— 2l<;)e>

d=0 T€1y,
k

< ZPr( > {A(xT,skJ(CT, 7)) = (Zr, 51,+(Cr, -))} > (n— 2/<:)’yde>, (56)

d=0 TEL,

where (56) follows from the union bound, and {74} is a set of nonnegative constants (to be specified later)
satisfying >, 74 = 1. In the sequel, for simplicity, we will denote A(a:T, sk, (Cr, ZT)) and K(ZT, sk (Cr, ))
in (48) as A; and /., respectively. Now, the collection of random variables Z(d) is defined to be

Z(d) 2 {Z 1 <t<n,t¢ Iy},
and z(d) € Z" " denotes a particular realization of Z(d). Then, by conditioning, we have

Ek: Z Pr(Z(d) = ( Z {Ar — L} > (n— 2k)vae

d=0 z(d)eZn—"d TEL,

Z(d) = Z(d)> , (60

and let P; denote the conditional probability of (57). Now, since {Z; }rcz, are all conditionally independent
given Z(d) = z(d), the summation in P; beomes

> { A shrler, Z0) = £(Zrskrler,)) |
TELY

given {Z; };¢c7,, which is the sum of the differences of the true and estimated losses of the symbol-by-symbol
denoisers sy, -(cr,-) over 7 € Zyg. Thus, we can apply (20), and obtain

Fa = Pr(Z{AT—fT}>nd.w

n
TELY d

Z(d) = z(d))

2(n — 2k)2 €
"B )

max

< exp ( (58)

Following [1], we choose 74 = Zmnj
J

, and from the Cauchy-Schwarz inequality and ) ,ng = n — 2k, we

arrive at
k

3 < (k+1)> ng=(k+1)(n— 2k),
Td d=0
and, hence,

2(n — 2k)e?
(k+1)L2 )

max

Py <exp <
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Therefore, plugging (59) into (57), we finally have

n— 2
(57) < (k:—l—l)exp( (k‘(—l—li)zl{;))’

max

which proves the lemma. W

8-D Proof of Theorem 3

The proof resembles that of Theorem 2. Consider
Pr (L v (@78, Z") = Dyn(a, 27) > e>

= P< max {L ”Skm($k+l’2n) ans(aij,Z” }>e>

SES”
< > P(Lges,,, @552 — Lgas(@iih, 27) > ) (60)
SES;,L’UL
n T n € T n n
< SGSZL {P(Lgnse, @it 20— Lg, (27 > 5) + P(Lg,  (2") = Lygas(ai}. 2") > 5 ) J61)
n — 2k)e

< - ="
<) 35 ew( - gie) o2

SES) n 8'esy

m(c) 2|Cy| 2

n(c) —1 i n — 2k)e
— 2(1<;+1)[Z< ()Z, )N(N—l)] exp< ((k‘—i-ng> (63)
=0 max

where (60)-(61) follow similarly as in (48)-(49); (62) follows from arguments similar to (50), (52), and
Lemma 2 (which plays the role that Lemma 1 played there); and (63) follows from |S}!, | = [(Zn;(g ) (”(CZ.) _1)N (N—

(2

1) Gl Now, for all ¢ € Cy, clearly,

m(c)

n(c) —1 Y " n—2k—1 v
;( Z. >N(N ) < ;( Z, >N(N ) o)
e

where (64) follows from m(c) < m and n(c) < n — 2k , and (65) follows similarly as the reason for (55).
Therefore, together with |Cy| = |Z|?*, we have

2

(63) < 2(k+1)exp < — (n—2k)- m —2z - {n(—50) + (m;_l);;N}D (66)

which proves the theorem. B

8-E Proof of Claim 1

2k log | Z|
For part a), to show the necessity first, suppose ¢; > m. Then, from |Z|?* = n T&n | we have

2k m (m+1)In N 2k log | Z | m n . . . .
20212 {h(2) + 2= = Q(n ke - Zlog ) which will grow to infinity as n grows, even when
m is fixed. Therefore, the right-hand side of (34) is not summable. On the other hand, k = ¢ logn
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with ¢ < m is readily verified to suffice for the summability, provided that m = m,, grows at any
sub-polynomial rate, i.e., grows more slowly than n® for any a > 0 (e.g., c2logn).

For part b), to show the necessity, suppose m = O(n). Then, h(-"%;) + (mzl);,?N ©(1), and, thus,

for sufficiently small e, W 21 Z2% - {h(2) + (mJ;Ll ;Zg N} < 0 even for k fixed. Therefore, the

right-hand side of (34) is not summable. Hence, m = o(n) is necessary for the summability. For sufficiency,
suppose m = my, is any rate, such that lim, .., “* = 0. Then,

€2 2 _2|Z|2k-{h< m )+(m—|—1)logN}
L

2(k+1)L2 n — 2k n — 2k
- 1 €2 2%k Mp\1-6
_ E{—a ST o((=m)} (67)

for some ¢ > 0. Thus, if k grows sufficiently slowly that k|Z|* = o((:Z )1 %), then (67) becomes positive
for sufficiently large n, and the right-hand side of (34) becomes summable. M

8-F Proof of Theorem 4

First, denote the random variable A} = LXn,I?,m(ka_,’_l ,Z") = D (2™, Z™). Then, for part a), we have

2k Amax

n

ankm((ﬂ ZTL) Dk’m(w‘n7zn) S k,m a.s.

univ

2knA

Since the maximal rate for k is c¢1 log n as specified in Claim 1, lim,, ., =272 = 0. Furthermore, from the

summability condition on k and m, Theorem 3, and the Borel-Cantelli lemma, we get lim,, Aﬁmmn =0
with probability 1, which proves part a). To prove part b), note that, for any € > 0,
E[ankm(iﬂ Zn) Dk,m(xnvzn)]
2kA
< % + E( Z,m)
_ 2kAmaX n n n n
- n + E( k‘,m’A < G)PI'( S 6) + E( k,m’Ak,m > 6)Pr(‘Ak,m > 6)
2kA
< nmax + €+ Amax - Pr(Ag,, > €)
2kAmaX . .
< ——= + €+ Apax - (right-hand side of (34)). (68)
n

From the proof of Claim 1, the condition of Theorem 4 requires k = k, and m = m,, to satisfy
lim k| 2|2 (Zy1=6 —
n—oo n

for some § > 0. Therefore, if we set €2 = O(k,|Z ]2’“”(%)1_5 ) with sufficiently large constant then, from
(67), we can see that the right-hand side of (34) will decay almost exponentially, which is much faster than

e =0 (\/kn\Z\kal(":l")l_‘S). Hence, from (68), we conclude that E(A}, ) = O (\/kn]Z]an(%)l_‘S),
which results in part b). W

8-G Proof of Theorem 5

The fact that m = ©(n) implies the existence of « > 0, such that m > na for all sufficiently large n. Let
X be the process formed by concatenating i.i.d. blocks of length [1/a], each block consisting of the same
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repeated symbol chosen uniformly from X. The first observation to note is that, for all n large enough
that m > na,
Dom(X™,Z2") =0 a.s. (69)

This is because, by construction, X" is, with probability 1, piecewise constant with constancy sub-blocks
of length, at least, [1/a]. Thus, a genie with access to X™ can choose a sequence of symbol-by-symbol
schemes (in fact, ignoring the noisy sequence), with less than na (and, therefore, less than m) switches,
that perfectly recover X™ (and, therefore, by our assumption on the loss function, suffers zero loss). On
the other hand, the assumptions on the loss function and the channel imply that, for the process X just

constructed,
limsup min EL, (X", Z") > 0, (70)

n—oo X"

since even the Bayes-optimal scheme for this process incurs a positive loss, with a positive probability, on
each [1/a] super-symbol. Thus, we get

E{ limsup B [Lg,. (X", Z") — Dom(X", Z2™)| X" } (71)
> limsup E [Lg, (X", Z") — Dom(X", Z")] (72)
= limsup ELg, (X", 2") (73)

> limsupmin EFLg, (X", Z")

n—oo Xn

> 0, (74)

where (72) follows from Fatou’s lemma'® and Ly, (X", 2") — Dom(X™, Z") < Amax; (73) follows from
(69); and (74) follows from (70). In particular, there must be one particular individual sequence x € X'
for which the expression inside the curled brackets of (71) is positive, i.e.,

limsup B [Lg, (X", Z") — Dom (X", Z™)| X" = 2"] >0, (75)

n—oo

which is equivalent to (37). W

8-H Proof of Theorem 6

First, by adding and subtracting the same terms, we obtain

= BLgnin(X",2") - E[Sg;?m E [an,s(X", M)

ol

A”H — D(Pxx,I0) . (76)

(i)

(ii)

OFatou’s Lemma [40, Section 1.3] : If X,, > 0, then liminf,—o EX, > E(liminf,— Xn). We apply Fatou’s lemma to
Amax — Lgn (X", Z™) — Dom(X™, Z™) to get (72) .
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We will consider term (i) and term (ii) separately. For term (i),

i) = ELXn,k,m(X",Z”)—E[ min E[an,s(xn,zn)

N n
univ SGSk’m

]

2kA — 2k
Tlmax + i n ’ [ELXnJ?,m (XI?-;{C7 Zn) - B [ Sg}sl}ll E {LX”’S (Xl?-ljlk’ Z") An}] (77)
univ k,m
2kA b'e — 2k B i n
nma i n - . E |:LX7L,,1?,m (X]?_i_f; ZTL) _ SIGI}S\I’,I} LXn,S (X]?‘f‘f’ ZTL)] (78)
univ k,m
2kA
< Ty B[ L (X155, 27) = Dum(X",27)], i

where (77) follows from upper bounding and omitting the losses for time instances ¢t < k and ¢t > n — k
in the first and second terms of (i), respectively; (78) follows from exchanging the minimum with the
expectation and the definition of iterated expectation, i.e.,

)]

al

Bl gnin BLgs (X 27)

k,m

i . .
E|E [ sIeI}Slé}m Lgns(Xgi1:2")

v

= Blgmin Lyns (57,27,
and (79) follows from the definition (31) and "_T% <1
For term (ii), we bound the first term in (ii) as

&l

E[ min E[LX,LS(X”‘]“ Zm

sesy,, k+1?
Ti—k
2k(m + D Amax | 1 . 2T -
< “E B| AX, sp1(Z] ‘An] | 0
B n T sg,’?m Z Z (X5 88,4(Z5 %)) (80)

i=1 j=1;_1+k+1

by upper bounding the losses with Ay . on the boundary of the shifting points. Now, let P X;|ztAn € RIX

denote the |X|-dimensional probability vector whose z-th component is Pr(X; = x|Z!, A"). Then, we can
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bound the second term in (80) by the following chain of inequalities:

r+1 Ti—

.
~E| min E[Z Z A(X;, 564(Z (A”H (81)
" -Sesk’m i=1 j=7;_1+k+1

rr+1 Ti—

- —E|} Z min E[A(Xj,sk(zgfjg))‘m]] (82)
-i=1 j=7;_ 1+k Sk k
rr+1 Ti—

= lEZ Z Yo Pzt = kyA")mmE[A( )]Z”k_zk,A"H (83)

Si=1 j=rio1tht1 2k e z2k41 S

rr+1 Ti—

i+k k n
= -E > Z Y P2 =44 )UA(PXJ_‘Z;M_Z kvAn)] (84)

-i=1 j=r_1+k+1 ii cZ2k+1

rr+1 Ti—

1
- EE Z Z E[UA(PXj\ZJJIj’,j,An)

-i=1 j=7;_ 1+k+1

a1

-r+1 Ti—

Ar) n
B S b (P I ]] (85)
-i=1 j=7;_1+k+1
rr+1 Ti

< Bl S Emel ), 0

-i=1 j=71;_1+1

where (82) follows from the stationarity of the distribution in each block as well as the fact that the

combination of the best k-th order sliding window denoiser for each block is in &7, and achieves the

minimum in (81); (83) follows from conditioning; (84) follows from the definition (2); (785) follows from the

stationarity of the distribution in each i-th block; and (86) follows from adding more nonnegative terms.
For the second term in (ii), we first define

ni(A") £ 7;(A") — 11 (A™)

as the length of the i-th block, for 1 < i < r(A™) + 1. Obviously, n;(A™) also depends on A", and, thus,
is a random variable, but we again suppress A" for brevity and denote it as n;. Then, similar to the first
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term in (ii), we obtain

D(Px»,II) = min ELg, (X", Z")
XneD,

. S .
- E[E[Z > A<XJ=XJ'<Z">)‘A”H

n
X"€Dn i=1 j=r;_1+1

rr+1 T;

> %E > min E[ (Xj,X(Z"))(A"H (87)
-i=1j=1;—1+1
rr+1 Ti

- %E > X;I}ZEILXE[A(XJ-,X(ZZZ 1) (A"H (88)
-i=1j=1;—1+1

1 rr+1 T .
- 2B[Y Y BBy, A7)

-i=1j=1;—1+1
1 rr+1 T )
= B Y BEMPU, >\A"]] (89)
“i=1 j=7;_1+1 Ti—1—i+1
1 rr+1 Ti

> —B[Y > B[P !A"]] (90)

-i=1j=1;—1+1

where (87) follows from exchanging the minimum with expectation; (88) follows from the conditional
independence between different blocks, given A™; (89) follows from the stationarity of the distribution in
each block, and (90) follows from [1, Lemma 4(1)]'!. Therefore, from (80),(86), and (90), we obtain

() = gmin Ply,s(X",2") = D(Py., )
Zk(m+1 max U & n ( n
< * E[Z Z X \Zk )|A"] = E[UA(P Xo |Z°° |A ]}
i=1j=m_1+1
2k +1 Amax - % n T n
_ 2k(m n) +E[Z%.{E[UA(P§?” )A"] = E[UAPT) )|A ]}] (91)
=1

Now, observe that, regardless of A", the sequence of numbers {7 TH forms a probability distribution,

since ZT’H ™ =1and 7t > 0 for all ¢, with probability 1. Then, based on the fact that the average is less
than the maximum, we obtain the further upper bound

2k(m + 1)A

< 2t Dhom s gl max {E[OLPY .0 - BT} o2

1
(91) ie{l, .M

The remaining argument to prove the theorem is to show that the upper bounds (79) and (92) converge
to 0 as n tends to infinity. First, from the given condition on k = k,, and m = m,,, the maximal allowable
growth rate for k is kK = ¢; logn, which leads to lim, zkA“‘ax = 0. In addition, the condition requires
m = o(n), and k to be sufficiently slow, such that k| Z|?* = 0(( )1=%), which implies k = o(Z). Therefore,

2k(m~+1)Amax

lim,,— o -

= 0. Furthermore, from conditioning on X", bounded convergence theorem, and part

YFor k,1 > 0, E[U(PXo\ZLk] is decreasing in both k and I.
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b) of Theorem 4, we obtain limy, oo E[Lgn.k.m (X;:lk, Z™) = Dy (X™, Z™)] = 0. Thus, we have

univ

lim sup [ELXn,k,m(Xn, Z") — D(Pxn, H)}

n—oo univ

< 1imsupE[ max {E[UA(P(Z') )]—E[UA(P(i) )]}}

n—o0 ie{l,- ,M} Xo|Zk, Xo|Z>,
< F|limsup max {E[UA(P(i) R )] —E[UA(P(i) . )]} (93)
- n—oo i€{l,~ ,M} Xol|Z*, XolZ>=,
-0 (94)

where (93) follows from the Fatou’s lemma, and (94) follows from [1, Lemma 4(2)] and M being finite.
Since it is clear that liminf,, oo [E Lgnkm (X", Z") — D(Pxn,II)] > 0 by definition of D(Pxn,II), the the-

orem is proved. W

Remark: As in [1, Theorem 3|, the convergence rate in (44) may depend on Px, and there is no vanishing
upper bound on this rate that holds for all Px € P{m,}. However, we can glean some insight into the
convergence rate from (i) and (ii): whereas the term (i) is uniformly upper bounded for all Px € P{m,},'?
the rate at which term (ii) vanishes depends on Px. In general, we observe that the slower the rate of
increase of k = ky,, the faster the convergence in (i), but the convergence in (ii) is slower. With respect
to the rate of increase of m,,, the slower it is, the faster the convergence in (i), but whether or not the
convergence in (ii) is accelerated by a slower rate of increase of m,, may depend on the underlying process
distribution Px.
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