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Predictable Sequences and Competing with Strategies

Abstract

First, we study online learning with an extended notion of regret, which is defined with respect to a set of
strategies. We develop tools for analyzing the minimax rates and deriving efficient learning algorithms in this
scenario. While the standard methods for minimizing the usual notion of regret fail, through our analysis we
demonstrate the existence of regret-minimization methods that compete with such sets of strategies as:
autoregressive algorithms, strategies based on statistical models, regularized least squares, and follow-the-
regularized-leader strategies. In several cases, we also derive efficient learning algorithms.

Then we study how online linear optimization competes with strategies while benefiting from the predictable
sequence. We analyze the minimax value of the online linear optimization problem and develop algorithms
that take advantage of the predictable sequence and that guarantee performance compared to fixed actions.
Later, we extend the story to a model selection problem on multiple predictable sequences. At the end, we re-
analyze the problem from the perspective of dynamic regret.

Last, we study the relationship between Approximate Entropy and Shannon Entropy, and propose the
adaptive Shannon Entropy approximation methods (e.g., Lempel-Ziv sliding window method) as an
alternative approach to quantify the regularity of data. The new approach has the advantage of adaptively
choosing the order of regularity.
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ABSTRACT

PREDICTABLE SEQUENCES AND COMPETING WITH STRATEGIES

Wei Han
Alexander Rakhlin

Abraham J. Wyner

First, we study online learning with an extended notion of regret, which is defined
with respect to a set of strategies. We develop tools for analyzing the minimax
rates and deriving efficient learning algorithms in this scenario. While the stan-
dard methods for minimizing the usual notion of regret fail, through our analysis
we demonstrate the existence of regret-minimization methods that compete with
such sets of strategies as: autoregressive algorithms, strategies based on statistical
models, regularized least squares, and follow-the-regularized-leader strategies. In
several cases, we also derive efficient learning algorithms.

Then we study how online linear optimization competes with strategies while
benefiting from the predictable sequence. We analyze the minimax value of the
online linear optimization problem and develop algorithms that take advantage of
the predictable sequence and that guarantee performance compared to fixed actions.
Later, we extend the story to a model selection problem on multiple predictable
sequences. At the end, we re-analyze the problem from the perspective of dynamic
regret.

Last, we study the relationship between Approximate Entropy and Shannon
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Entropy, and propose the adaptive Shannon Entropy approximation methods (e.g.,
Lempel-Ziv sliding window method) as an alternative approach to quantify the
regularity of data. The new approach has the advantage of adaptively choosing the

order of regularity.
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Chapter 1

Introduction

Online learning is a subfield of machine learning. There are two key points to dis-
tinguish online learning from traditional machine learning algorithms and classical
statistical methods. First, traditional machine learning algorithms and classical sta-
tistical methods usually have strong assumptions about the data generating mecha-
nism. For example, data come in the independent and identically distributed (i.i.d.)
fashion, or data are generated from fixed distributions. However, these assumptions
are not true in many environments. Online learning aims to avoid these strong as-
sumptions, and to make sure that the algorithm works well, regardless of the data
generating mechanism. Second, online learning focuses on the environment where
new data constantly arrive over time, and real-time decisions are made at every
step. Therefore, online learning algorithms emphasize computational efficiency.

Let us illustrate these ideas by a stock trading example. There are many stocks
in the stock market. In each period, we only have enough resources to purchase a
subset of these stocks. To keep the illustration simple, let us assume that we only
have limited money and can only buy one single stock every day. The potential
profit to be made from each stock varies on each day. At the end of each day, we
observe profits of all the stocks in the stock market. The process of buying stocks
and observing profit is repeated day after day. Before buying stocks, we have
collected the profit information from previous days. We are interested in designing
a trading strategy that maximizes our profit from buying stocks.

How would classic statistical methods deal with this problem? A statistician
might assume that there is a model for the profit to be gained from each stock, and
previous observations are realizations from these distributions. Then, the statisti-
cian estimates the expectation of the profit of buying each stock on each day, and
chooses the stock with the highest average of profit according to the history. If the
data are indeed generated according to the assumed model, this algorithm will work
well in the long run. But what if the assumption is inaccurate and the data do not
follow this underlying structure? This strategy can perform badly in some scenar-
ios. For example, suppose the profit of buying Stock A is alternatively 2 or 0, and



the profit of buying Stock B is consistently 1. According to the previous model, we
will randomly choose Stock A or Stock B on the odd days, and consistently choose
Stock A on the even days. However, it is wiser to choose Stock B on all even days.

In the stock scenario, it is unreasonable to assume that the profits come from
fixed distribution, and that the data generating process is highly non-stationary.
Many factors influence the stock market. Also, other traders are constantly adjust-
ing their trading strategies. This also affects stocks’ profit.

Therefore, what if we know little about the data generating process? What
if it is unreasonable to make too many assumptions about the data generating
process? Online learning aims to solve such a problem. The key philosophy of
online learning is to remain agnostic about how data are generated. Algorithms
in online learning guarantee the performance even in the worst situation, and the
performance measure does not depend on specific data structures.

Since we make no assumption about how the data are generated, then there can
always be one situation that we make very little profit regardless of the algorithm.
If we just keep our eyes on the profit, there is no hope to make any progress. So, it
is critical to define the performance measure for online learning algorithms.

There is an algorithm that make is as much profit as that made from constantly
choosing the best stock over time. In the long run, the difference between the
average profit of this algorithm and the average profit of the best stock, which is
defined as regret, goes to zero. Furthermore, the regret vanishes at the rate of
\V1og N /T, where N is the size of the stock market. Or, if we collect the opinions
from N stock market experts, there exists an algorithm that earns almost the same
profit as the best expert among these N experts. It is interesting to notice that the
rate of convergence depends on the size of the stock set or the size of the expert set.

Regret is the key performance measure in online learning. Why should we
only compete against fixed stocks / fixed experts? It only guarantees that the
performance is as good as the best single stock / expert. If there is one stock /
expert that performs well over this period of time, we are happy. But, what if none
of these fixed stocks / expers performs well enough? If there is a strategy that
can choose different stocks at different time based on revealed information, can we
design an algorithm that performs as well as the best strategy?

Our research extends significantly the definition of regret, which is the most
widely accepted performance measure in online leaning algorithms. Instead of com-
peting with fixed actions, we are competing with strategies, which is defined as a
set of functions that map from history to actions. As strategy is history-based,
the regret competing with strategies provides a higher standard for performance
measure of online learning algorithms.

The difficulty of competing with strategies is dealing with the exponentially
growing size of the strategy set. Supposing that there are only finite stocks /
experts, the number of strategies can increase exponentially as the duration of the
period increases. If the number of stocks / experts is small, the regret competing



with fixed actions / finite experts quickly converges to zero. However, if history-
based strategies are considered, the size of the expert set N increases exponentially.
For example, if we use history in the previous k steps, then there are 3% strategies.
The longer the history is, the larger the strategy set is. It is interesting to note
that many strategies are similar to each other, although the number of potential
strategies is quite large. It is beneficial to group strategies according to the similarity
of strategies. If we can group strategies according to their similarities, then the
regret reduces even more quickly.

In Chapter 3, we define several complexity measures of strategies that dramat-
ically reduce the number of “effective strategies”. Also, while earlier algorithms
are only able to produce as much profit as fixed actions / finite experts, we de-
rive novel algorithms that make as much profit as the best history-based strategy.
Furthermore, we provide theoretical support for our algorithms.

Beyond our contribution to regret, we consider how to integrate outside infor-
mation with the learning process. For example, there are seasonal factors that affect
the stock market, and abnormal behaviors that occur around earnings announce-
ments. In Chapter 4, the problem is formulated and efficient algorithms are derived
to incorporate outside information.

Chapter 5 is about entropy estimation. Approximate Entropy, as an approxi-
mation of Kolmogrov-Sinai Entropy, is the widely accepted method to quantify the
regularity in data, especially medical data. However, it quantifies the regularity
only up to a predetermined order, while real data demand a much higher order. We
demonstrate the connection between Approximate Entropy and Shannon Entropy.
Based on that connection, we propose the adaptive Shannon Entropy approximation
methods (e.g., Lempel-Ziv sliding window method) as an alternative approach to
quantify the regularity of data. The new approach has the advantage of adaptively
choosing the order of regularity to analyze based on the data. Later, we compare
the results of the Lempel-Ziv sliding window method with Approximation Entropy
on the electroencephalography (EEG) data to measure the depth of anesthesia. The
Lempel-Ziv sliding window method yields more accurate results, especially for low
entropy data.



Chapter 2

Online Learning

This chapter briefly describes the framework of online learning and related results
in online learning. It follows closely to Alexander Rakhlin and Karthik Sridharan’s
lecture notes of STAT928: Statistical Learning Theory and Sequential Prediction
[16].

2.1 Framework of Online Learning

Suppose both the set of the learner’s choices F and the set of the adversary’s choices
Z are closed compact sets. The loss function ¢: F x Z — R measures the quality of
the learner’s choice. The learning framework is shown in the following table

Algorithm 1 Learning Framework

fort=1to T do
We (The learner) pick(s) fi € F
The adversary picks z; € Z
We suffer loss €( ft, ;)

end for

Z can be also a set of experts. We, as the learner, choose to follow one expert’s
choice at each step, according to experts’ historical performance. We can switch
between experts, but can not mix experts’ choice at one single step. After the whole
learning process, we may regret and say “I should follow the best expert if I know
the sequence in advance”.

The difference between our cumulative loss and the cumulative loss of the best
expert is used to evaluate the algorithm. The difference is defined as Regret and
is formalized as

nf sze(f, %),

1
feFt=1

Reg, (F) - t_i/(fhzt) :



For the given pair (F, Z), the problem is called online learnable if there exists
an algorithm that achieves sub-linear regret. One main problem in online learning
is to analyze the learnability. Another problem is the construction of low-regret
algorithms.

2.2 The Minimax Analysis

The minimax value of the online learning problem is defined as

Vr(F)= inf sup E ... inf sup E (iﬁ(ft,zt)—infiaf,zt)),
f

p1eA(F) z1€2 f1~p1 preA(F) zreZ fr~pr \t=1 eF t=1

where A(F) includes all distributions over the set F. It is a powerful way to
compress the process of online learning in one single formula.

The upper bound of Vr(F) guarantees the existence of learning algorithms that
perform as well as the best one in the comparator set . The lower bound indicates
that the adversary can cause that much damage regardless of learning algorithms.
Also, the minimax regret gives us the access to analyze the learnability of more
general online learning problem and to design learning algorithms.

Let us prepare several notations for further analysis. First, Rademacher random
variables € represents a fair coin flip, and it equals to 1 or —1 with probability 0.5. Se-
quences of Rademacher random variables are embedded in Sequential Rademacher
Complexity [I§] to capture the sequential nature of the online learning problem.
Before we jump into the definition of Sequential Rademacher complexity, we first
introduce the tree structure. A (complete binary) Z-valued tree z of depth T is
a collection of functions z,...,zr such that z; : {x1}"! - Z and z; is a constant
function. A sequence of i.i.d. Rademacher random variables (e1,...,er) defines a
path in on the tree z:

Z1,Z2(€1),Z3(€17€2), e 7ZT(€17 . 7€T—1)-

Definition 2.2.1. The Sequential Rademacher Complexity of a function class F is
defined as

feF t=1

T
R7YF) =supE, lsup Z el (f,ze(€1,. .. 61)) ],
where the outer supremum is taken over all Z-valued trees of depth T'.

Furthermore, the value of the game Vr(F) is upper bounded by twice Sequential
Rademacher Complexity R7:4(F).

Theorem 2.2.2. [18] The minimaz value of the online learning problem is bounded

by
Vr(F) <2R7(F)



2.3 Algorithms in Online Learning

There are many interesting algorithms in online learning setting. I show two algo-
rithms in this subsection, one is the Exponential Weights Algorithm and another is
the Mirror Decent Algorithm.

2.3.1 Exponential Weights Algorithm

The Exponential Weights Algorithm focuses on the finite experts setting. For
t =1,...,T, the learner observes N difference choices f},..., fN € F, chooses a
distribution p; in a N -1 simplex, picks one choice fi* from these N choices accord-
ing to the distribution p;, observe z and suffers loss £(f!*,2/). The loss function
(:F xZ —Ris convex in its first argument and takes value in [0,1]. The goal is

to minimize the regret defined as

T T
ZA]E E(fft,zt)— inf Zé(ff,zt).

t=11%~qt 1e{l,....,N} t=1

The Exponential Weights Algorithm randomly chooses one expert according
to the historical performance. The probability of choosing one expert reduces if
its historical performance is worse than other experts, otherwise, the probability
increases. The Exponential Weights Algorithm achieves the optimal convergence
rate of regret O(v/T'In N), where N is the size of the expert set.

Algorithm 2 Exponential Weights Algorithm

Initialize: ¢; = (%,m,%)’n: /81;1\[

fort=1to T do
Sample i; ~ ¢;, and predict fi € F
Observe z; and update

Qa1 (3) o< qu()e U2 for all i e {1,..., N}

end for

2.3.2 Mirror Descent Algorithm

Suppose both the set the learner’s choices F and the outcome set Z are convex. At
t=1,...,T, the learner chooses f; € F, observes z; € Z and suffers loss (f, z;). The
goal is to minimize the regret defined as

i(ftazt) — inf i(f, 2).

=1 feF t=1

~+

6



Let us prepare several definitions for the algorithm. First, a function R is o-
strongly convex over F with respect to | - | if

R(a) > R(B) + (VR(b),a - b) + S a-b|*

for all a,b e F. VR(b) can be replaced by any subgradient in OR(b) if R is non-
differentiable. Then, the Bregman divergence D(a, b) with respect to the o-strongly
convex function R is defined as

Dr(a,b) =R(a) - R(b) - (AR(b),a - b)
and the convex conjugate of function R is defined as

R*(u) = sgp(u, a) - R(a).

Algorithm 3 Mirror Descent Algorithm

Input: R is o-strongly convex with respect to |- ||, learning rate n > 0
fort=1to T do

fra1 = argrﬁifn(f, z)+ 0 'Dr(f, fr)

or, equivalently,
fra = VR (VR(f)) ~n2) and fu = argmin Dr(f, fier)

end for

Mirror Descent, as a general version of Gradient Descent, focuses on online
convex optimization and is computational efficient. Figure illustrates three
steps of the Mirror Descent Algorithm. First, the input f; in the primal space D is
mapped to the dual space by VR. Then, the gradient descent step —nz; is done in
the dual space D*. At the end, the gradient descent update VR( f;) —nz; is mapped
back to the primal space D* by VR*.

2.4 The Algorithm Framework

Several learning algorithms developed in the later chapters are based on a principled
way of deriving online learning algorithms from the minimax analysis. The local
sequential Rademacher complexities and relaxation help us to obtain faster rates in
online learning. Details about the algorithm framework are introduced in [15].



Primal Space D Dual Space D*

Figure 2.1: Mirror Descent



Chapter 3

Competing with Strategies

In this chapter, we study the problem of online learning with a notion of regret de-
fined with respect to a set of strategies. We develop tools for analyzing the minimax
rates and for deriving regret-minimization algorithms in this scenario. While the
standard methods for minimizing the usual notion of regret fail, through our anal-
ysis we demonstrate existence of regret-minimization methods that compete with
such sets of strategies as: autoregressive algorithms, strategies based on statistical
models, regularized least squares, and follow the regularized leader strategies. In
several cases we also derive efficient learning algorithms.

3.1 Introduction

The common criterion for evaluating an online learning algorithm is regret, that is
the difference between the cumulative loss of the algorithm and the cumulative loss
of the best fixed decision, chosen in hindsight. While much work has been done
on understanding no-regret algorithms, such a definition of regret against a fixed
decision often draws criticism: even if regret is small, the cumulative loss of a best
fizxed action can be large, thus rendering the result uninteresting. To address this
problem, various generalizations of the regret notion have been proposed, including
regret with respect to the cost of a “slowly changing” compound decision. While
being a step in the right direction, such definitions are still “static” in the sense
that the decision of each compound comparator per step does not depend on the
sequence of realized outcomes.

Arguably, a more interesting (and more difficult to deal with) notion is that of
performing as well as a set of strategies (or, algorithms). A strategy  is a sequence
of functions 7, for each time period ¢, mapping the observed outcomes to the next
action. Of course, if the collection of such strategies is finite, we may disregard their
dependence on the actual sequence and treat each strategy as a black box expert.
This is precisely the reason the Multiplicative Weights and other expert algorithms
gained such popularity. However, this “black box” approach is not always desirable



since some measure of the “effective number” of experts must play a role in the
complexity of the problem: experts that predict similarly should not count as two
independent ones. But what is a notion of closeness of two strategies? Imagine that
we would like to develop an algorithm that incurs loss comparable to that of the
best of an infinite family of strategies. To obtain such a statement, one may try to
discretize the space of strategies and invoke the black-box experts method. As we
show in this chapter, such an approach will not always work. Instead, we present
a theoretical framework for the analysis of “competing against strategies” and for
algorithmic development, based on the ideas in |18, [15].

The strategies considered in this chapter are termed “simulatable experts” in [3].
The authors also distinguish static and non-static experts. In particular, for static
experts and absolute loss, [2] were able to show that problem complexity is governed
by the geometry of the class of static experts as captured by its i.i.d. Rademacher
averages. For nonstatic experts, however, the authors note that “unfortunately we
do not have a characterization of the minimax regret by an empirical process”, due
to the fact that the sequential nature of the online problems is at odds with the
i.i.d.-based notions of classical empirical process theory. In recent years, however, a
martingale generalization of empirical process theory has emerged, and these tools
were shown to characterize learnability of online supervised learning, online convex
optimization, and other scenarios [I8, 1]. Yet, the machinery developed so far is not
directly applicable to the case of general simulatable experts which can be viewed as
mappings from an ever-growing set of histories to the space of actions. The goal of
this chapter is precisely this: to extend the non-constructive as well as constructive
techniques of [I8], [I5] to simulatable experts. We analyze a number of examples
with the developed techniques, but we must admit that our work only scratches
the surface. We can imagine further research developing methods that compete
with interesting gradient descent methods (parametrized by step size choices), with
Bayesian procedures (parametrized by choices of priors), and so on. We also note
the connection to online algorithms, where one typically aims to prove a bound on
the competitive ratio. Our results can be seen in that light as implying a competitive
ratio of one.

We close the introduction with a high-level outlook, which builds on the ideas
of [13]. Imagine we are faced with a sequence of data from a probabilistic source,
such as a k-Markov model with unknown transition probabilities. A well developed
statistical theory tells us how to estimate the parameter under the assumption that
the model is correct. We may view an estimator as a strategy for predicting the next
outcome. Suppose we have a set of possible models, with a good prediction strategy
for each model. Now, let us lift the assumption that the sequence is generated by
one of these models, and set the goal as that of performing as well as the best
prediction strategy. In this case, if the observed sequence is indeed given by one of
the models, our loss will be small because one of the strategies will perform well. If
not, we still have a valid statement that does not rely on the fact that the model is

10



“well specified”. To illustrate the point, we will exhibit an example where we can
compete with the set of all Bayesian strategies (parametrized by priors). We then
obtain a statement that we perform as well as the best of them without assuming
that the model is correct.

This chapter is organized as follows. In Section [3.2] we extend the minimax
analysis of online learning problems to the case of competing with a set of strategies.
In Section [3.3] we show that it is possible to compete with a set of autoregressive
strategies, and that the usual online linear optimization algorithms do not attain the
optimal bounds. We then derive an optimal and computationally efficient algorithm
for one of the proposed regimes. In Section we describe the general idea of
competing with statistical models that use sufficient statistics, and demonstrate
an example of competing with a set of strategies parametrized by priors. For this
example, we derive an optimal and efficient randomized algorithm. In Section [3.5]
we turn to the question of competing with regularized least squares algorithms
indexed by the choice of a shift and a regularization parameter. In Section [3.6| we
consider online linear optimization and show that it is possible to compete with
Follow the Regularized Leader methods parametrized by a shift and by a step size
schedule.

3.2 Minimax Regret and Sequential Rademacher
Complexity

We consider the problem of online learning, or sequential prediction, that consists
of T'rounds. At each timet={1,...,T} = [T], the learner makes a prediction f; € F
and observes an outcome z; € Z, where F and Z are abstract sets of decisions and
outcomes. Let us fix a loss function ¢ : F x Z ~ R that measures the quality of
prediction. A strategy 7 = (m;)L, is a sequence of functions m; : Zt~1 — F mapping
history of outcomes to a decision. Let II denote a set of strategies. The regret with
respect to II is the difference between the cumulative loss of the player and the
cumulative loss of the best strategy

T T
Reg, = Zé(ft, 2t) — inlﬁ Zg(ﬂ't(zlzt—l)7 2t).
t=1 mell ¢=1

where we use the notation zy; = {21,...,2r}. We now define the value of the game
against a set II of strategies as

Vr(II) 2 inf sup E ... inf sup E [Reg;]

q1€Q z1€Z fi~q1 qreQ z7€Z fr~qr

where Q and P are the sets of probability distributions on F and Z, correspondingly.
It was shown in [I§] that one can derive non-constructive upper bounds on the value
through a process of sequential symmetrization, and in [15] it was shown that these
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non-constructive bounds can be used as relaxations to derive an algorithm. This is
the path we take in this chapter.

Let us describe an important variant of the above problem — that of supervised
learning. Here, before making a real-valued prediction g, on round ¢, the learner
observes side information x; € X. Simultaneously, the actual outcome gy, € ) is
chosen by Nature. A strategy can therefore depend on the history x4 1,%;-1 and
the current x;, and we write such strategies as my (1, Y14-1), with m : Xtx Y-l » Y.
Fix some loss function £(g,y). The value V3 (II) is then defined as

T T
sup inf sup E ...sup inf sup E Zf(g)t,yt)—infZﬁ(ﬂt(xl;t,ylzt_l),yt)
1 q1eA(Y) y1€Y Gi~q1 zr qreA(Y) yreY gr~qr | t=1 mell ¢=1

To proceed, we need to define a notion of a tree. A Z-valued tree z is a sequence
of mappings {zi,...,zr} with z, : {£1}"! » Z. Throughout this chapter, ¢, € {1}
are i.i.d. Rademacher variables, and a realization of € = (ey,...,er) defines a path
on the tree, given by z1,(€) = (z1(€),...,2z:(€)) for any ¢ € [T']. We write z,(€) for
zi(€14-1). By convention, a sum ZZ =0 for a > b and for simplicity assume that no
loss is suffered on the first round.

Definition 3.2.1. Sequential Rademacher complexity of the set II of strategies is
defined as

R((IT) 2supEesup | Y el(m(wi(e), ..., wi1(€)),z(€)) (3.2.1)

W,Z mell | ¢=1
where the supremum is over two Z-valued trees z and w of depth 7.

The w tree can be thought of as providing “history” while z providing “out-
comes”. We shall use these names throughout this chapter. The reader might notice
that in the above definition, the outcomes and history are decoupled. We now state
the main result:

Theorem 3.2.2. The value of prediction problem with a set I of strategies is upper
bounded as

V(1) < 293(¢,11)

While the statement is visually similar to those in [I8| 19], it does not follow
from these works. Indeed, the proof needs to deal with the additional complications
stemming from the dependence of strategies on the history. Further, we provide the
proof for a more general case when sequences zy, ..., 2y are not arbitrary but need
to satisfy constraints.

Proof. Let us prove a more general version of Theorem The extra twist
is that we allow constraints on the sequences z,..., 27 played by the adversary.
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Specifically, the adversary at round ¢ can only play z; that satisfy constraint
Cy(z1,...,2) = 1 where (C1,...,Cr) is a predetermined sequence of constraints
with C; : Zt — {0,1}. When each C; is the function that is always 1 then we are in
the setting of the theorem statement where we play an unconstrained/worst case
adversary. However the proof here allows us to even analyze constrained adversaries
which come in handy in many cases. Following [19], a restriction Py.r on the ad-
versary is a sequence Py, ..., Pr of mappings P; : Z-1 = 2P such that Py(214-1) is a
convez subset of P for any z1.,_1 € Zt71. In the present proof we will only consider
constrained adversaries, where Py = A(Cy(z14-1)) is the set of all distributions on
the constrained subset

Ct(zlzt—l) = {Z €eZ: Ct(Zl, . 7Zt_17z) = 1}

defined at time ¢ via a binary constraint C; : Z¢ — {0,1}. Notice that the set
Ci(21:4-1) is the subset of Z from which the adversary is allowed to pick instance z;
from given the history so far. It was shown in [19] that such constraints can model
sequences with certain properties, such as slowly changing sequences, low-variance
sequences, and so on. Let C be the set of Z-valued trees z such that for every
ee{x1}T and t € [T],

Ci(z1(€),...,z:(€)) =1,

that is, the set of trees such that the constraint is satisfied along any path. The
statement we now prove is that the value of the prediction problem with respect to
a set II of strategies and against constrained adversaries (denoted by Vy(I1,Cy.r))
is upper bounded by twice the sequential complexity

sup Ecsup Y el(mi(wi(e), ..., wi_1(€))),z(€)) (3.2.2)

weC,z mell ¢=1

where it is crucial that the w tree ranges over trees that respect the constraints
along all paths, while z is allowed to be an arbitrary Z-valued tree. This fact
that w respects the constraints is the only difference with the original statement of

Theorem [3.2.2]

For ease of notation we use ( ))thl to denote repeated application of operators

. . ) T
such has sup or inf. For instance, <<supat€A inf, .5 ]Ewp»t:1 [F(ai,b1,71,..c;ap,br,r7)]
denotes sup,, .4 infy g E,p...sup, 4inf, .5 E, .p[F(a1,b1,71,...;ar,br,r7)].

The value of a prediction problem with respect to a set of strategies and against
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constrained adversaries can be written as :

Vr(I1,Cy.r) = << inf  sup E >> Li (fe,20) - ireléé(m(zlzt_l), zt):|

qt€Q pt€Pi(21:4-1) Jt~qt,zt~pt -1

= << sup E >> sup [Z inf ., (( f, 21) —E(wt(zlzt_l),zt)]

prePy(2z1:4-1) “t"P 1=1 eIl Lt=1 freF

< << sup E >> sup [i B l(m(21:0-1), 2¢) = é(wt(zlzt_l),zt)]

pe€Py(z1:4-1) 7Pt 41 eIl | t=1

S<< sup E >> sup[zT:K(m(zlzt1),2{)—€(m(zlzt1),zt)]

ptE'Pt(let—l)zt’ZéNpt t=1 mell | ¢=1
Let us now define the “selector function” y: Z x Z x {1} » Z by

, 2 ife=-1
x(z,7,€) = z ife=1

In other words, x; selects between z; and z{ depending on the sign of e. We will use

the shorthand x:(e;) = x (21, 21, €;) and x14(€1) = (x (21,27, €1), ..., X (21, 21, €)). We
can then re-write the last statement as

(oo B E) st )

Pt€Pe(X1:t-1(€1:0-1)) 2¢,2,~Dt €t =1 mell = ¢=1

—é(ﬂt(Xlzt—l(ELt—l)),Zt))] (3.2.3)

After z;, z] and ¢, are revealed, y;(¢;) is fixed and can only be either z; or z;. We
can remove the dependency of x;(€) on €, and replace x;(¢) by y;, which is either
z; or z;. Therefore, the last statement is upper bounded

sup E [E sup sup E E sup - sup sup E E

P1€P1 21,21 ~p1 €1 y1€{21,2] } p2€P2(y1) 22,25~p2 €2 yae{22,25}  yr-1€{zr-1,2_1} Pr€PT(Y1:7-1) 27,2 ~PT €T

sup [i et (U(me(yre-1)s 20) = L(me (Y1), Zt))]

mell | ¢=1
= sup E sup sup E sup - sup sup E

21,21€C1 €1 y1€{z1,2] } 22,25€Ca(y1) €2 yae{22,25}  yr_1€{zr_1,2%p_1} 27,250€Cr (y1.7-1) €T

sup [Z e (C(me(yra-1), 2) = LT (Yrie-1), Zt))]

mell | ¢=1

Furthermore, as {z;, 2/} € Ci(y14-1) and y; € {2, 2/}, we can conclude that y, €
Ci(y1:4-1). If we drop the constraint on z; and z;, and loosen the constraint on y; to
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be y; € Ci(y1:4-1), the last statement is upper bounded by

sup Esup sup E sup - sup sup E

z1,21€Z €1 Y1€C1 z2,25eZ €2 y2eCa(y1)  yr-1€Cr-1(y1:7-2) 27,20 Z €T

sup i et (U(me(yre-1) 2¢) = L(me (Y1), Zt))]

mell | ¢=1
T
=2supE sup supE sup - sup sup [E sup [Z el (me(Yr4-1), zt):|
z1€Z €1 y1€Cy 22€Z €2 yoeCa(y1)  yr-1€CT-1(y1i7-2) 2reZ €T mell [ ¢=1

(3.2.4)

since the two terms obtaining by splitting the supremum are the same. Next, we
replace y; by wy,; and add supremum over w; at the beginning. Since w; does not
appear in the loss function, the last statement can be rewritten as

T
2 sup supE sup supE--- sup sup [E sup [Z el(mi(way ), zt)]

w1€Z z1€Z €1 woeCy z0€Z €2 wreCr(wy.r—1) 272 €T well | t=1

Now, we exchange the order of suprema and expectation and also maintain the
constrains,

weC’ z € gell | ¢t=1

QSupsupEsup[Zetﬁ(m(wzt(E)) Zt(E))] ()

In this step, we passed to the tree notation. Importantly, tree w does not range
over all trees, but can only be a join of two trees in set C, i.e.

C' = {W Ve, w(e) € C}

Define w* = w(-1) and w** = w(+1), we can expend the expectation in (*) with
respect to €; of the above expression by

sup sup E Sup[ U(mi(),z1(+)) +t222€t£ Wt(W;:t—l(E))azt(e))]

w*eC 2z e mell

+ sup sup E sup [am() () Zetam(wu_l(e»,zt(e))].

w**eC 2z €o. mell

With the assumption that we do not suffer lose at the first round, which means
0(m1(-),21()) = 0, we can see that both terms achieve the suprema with the same
w* = w**. Therefore, the above expression can be rewrite as

supsup E sup [Z el (mi(wWiy_1(€)), zt(e))]
weC z  ex mell | t=1
which is precisely (3.2.2). This concludes the proof of Theorem [3.2.2] O
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As we show below, the sequential Rademacher complexity on the right-hand side
allows us to analyze general non-static experts, thus addressing the question raised
in [2]. As the first step, we can “erase” a Lipschitz loss function, leading to the
sequential Rademacher complexity of Il without the loss and without the z tree:

R(I) & SupR(IL w) & sup E sp [;em(wlt 1(e>)]

For example, suppose Z = {0, 1}, the loss function is the indicator loss, and strategies
have potentially dependence on the full history. Then one can verify that

sup E, sup [i €1 {7Tt(W1:t—1(€)) # Zt(e)}]

= sup E, sup [i et(m(wlzt_l(e))(l - 2zt(e)) + zt(e))] =R(I) (3.2.5)

The same result holds when F = [0,1] and ¢ is the absolute loss. The process of
“erasing the loss” (or, contraction) extends quite nicely to problems of supervised
learning. Let us state the second main result:

Theorem 3.2.3. Suppose the loss function £:) xY — R is convex and L-Lipschitz
in the first argument, and let )) =[-1,1]. Then

x,y € mell | ¢=1

V2 (1) < 2Lsup Esup [Z €y (X1:4(€), Y1— 1(6))]

where (x1.4(€),y1:-1(€)) naturally takes place of wiy_1(€) in Theorem . Fur-
ther, if ¥ = [-1,1] and £(g,y) =19 - yl,

V2 (10) >supEsup [Zetm x1.4(€), €1:4- 1):|

€ mell

Proof. By convexity of the loss,

<<sup inf sup E >> [iﬁ(@t,yt lnfzé(ﬂt(wuyylt 1) yt):|

w1eX e A(V) yred Ge~ar[[ (g Lt=1 mell =1

S<<sup inf sup E >> sup[iﬁ'(gjt,yt)(gjt—Wt(x1:t7y1:t_1))]

TteX qre A(Y) ytey Je~qr =1 mell | ¢=1

T T
S<<sup inf sup E sup ]>> suplZst(g)t—ﬂt(xu,ylzt1))]
1

w1 €X qreA(Y) yt€Y Je~qr see[~L,L][[ g mell | t=1

where in the last step we passed to an upper bound by allowing for the worst-case
choice s; of the derivative. We will often omit the range of the variables in our
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notation, and it is understood that s;’s range over [-L, L], while y;, 3; over ) and
x.’s over X. Now, by Jensen’s inequality, we pass to an upper bound by exchanging
E; and sup,,.y:

T T
O r—

rt qeAV) Gevar Yt st [[ g mell | ¢=1

= <<sup inf sup>> sup [ET: se(9e — 7Tt(I1:t,?/1:t—1))]

Tt Yre) Yt St t=1 mell | ¢=1

Consider the last step, assuming all the other variables fixed:

T
supinf sup sup [Z s¢(e — (21, yl:t—l)):|

xr  Gp yr,sT well | ¢=1
T
= supinf sup E sup [Z Se(9¢ — mi (w1, ylztl))‘l
xr  gr preA(¥Yx[-L,L]) (yr,s7)~pr 7€l | t=1

where the distribution py ranges over all distributions on Y x [-L, L]. Now observe
that the function inside the infimum is convex in yr, and the function inside sup,,.
is linear in the distribution pr. Hence, we can appeal to the minimax theorem,
obtaining equality of the last expression to

T T
sup sup inf E [Z 54y — inf Z 57y (21, yl:t—l)):|

7 preA(Yx[-L,L]) 91 (yr,sT)~pT Lt=1 mell $=1

T-1 T
= Z st +supsupinf K lsT@T — inf Z Sy (X1, yl:t—l))]

t=1 rr  Pr Yr (yr,ST)~PT mell ¢=1
T-1 T

= Z $¢1; +supsup | inf E srlygr—- [E  inf Z $eme (14, Y1:-1) )
t=1 zr  pr [ gr \(yr.s7)~pr (yr,s7)~pr mell t=1
7-1 T

=Y s +supsup E inf E sy )gr—inf Y sim( @i, yie-1))
t=1 zr  pr (yr,st)~pr L 97 \(yr,sT7)~PT mell ¢=1

We can now upper bound the choice of yr by that given by 7, yielding an upper
bound

T-1 T
Z S¢¢ + sup E  sup linf ( E ST) Ur — Z S (X1, ylzt_l))]

t=1 z7r.PT (yr,s7)~pr Tl | 97 \(yT,57)~pT t=1
T-1 T-1
~ /
= sty + sup  E  sup E  sp-sp 7TT($1:T, 3/1:T71) - Z Stﬂt(l'm, y1:t71))
t=1 *r,pr (yr,s7) T |\ (y7p,s7) t=1
~pPr ~pr

It is not difficult to verify that this process can be repeated for T'— 1 and so on.
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The resulting upper bound is therefore

V%(H)S«sup E >> sup[

TtsPt (ye,St)~pt =1 mell

M=

( E Sg—st)m(xm,yu—l)]

t (y3,51)~pt

T
<<SUP >> sup lz (8; = 5¢) (214, yl:t—l)]
Zt,Pt (yYt,5¢)~pt mell | ¢=1

(yy,53)~pt =1

T
sup > sup [Z € (s = s¢) T (w14, yl:t—l)]

Tt,Pt (yt,st)~pt €t ell | ¢=1

(y}.s1)~pt

T
L [ .
Tt (yt St) €t mell t=1
(y§,53) -1

< <<sup sup IE>> sup [ET: € (87 — s¢) (e, yl:tl)]

Tt,Yt s},5¢ €t =1 mell | ¢=1

T T
§2<<sup sup ]E>> sup [Zetstﬂt(x1:t,y1:t-1)]

Tt,Yt sge[-L,L] €t =1 mell | ¢=1

Since the expression is convex in each s;, we can replace the range of s; by {-L, L},
or, equivalently,

V() < 2L <<sup sup E» sup li GtStWt($1:t7y1:t—1)] (3.2.6)

Tt,Yt spe{-1,1} €t =1 mell | ¢=1

Now consider any arbitrary function ¢ : {1} » R, we have that

sup Ec[¢(s-€)] = sup —(¢(+S)+¢( 5)) =%(¢(+1)+¢(—1)) =Ec[v(e)]

se{£1} se{+1}

Since in Equation ({3.2.6]), for each t, s; and €; appear together as ¢ - s; using the
above equation repeatedly, we conclude that

T T
V() < 2L <<sup E>> sup [Z ey (1., y1;t—1)]
Tt Yt €t 1 mell [ t=1
T
= 2L sup Esup [Z (X1 (€), Y1:t—1(€))]

X,y € mell | ¢=1

The lower bound is obtained by the same argument as in [18].

Let us present a few simple examples as a warm-up.

18



Example 3.2.4 (History—independent strategies). Let w/ € IT be constant history-
independent strategies 71‘{ =...= 7TT f eF. Then (3.2.1)) recovers the definition of
sequential Rademacher complex1ty in [18].

Ezample 3.2.5 (Static experts). For static experts, each strategy 7 is a predeter-
mined sequence of outcomes, and we may therefore associate each 7 with a vector
in Z7. A direct consequence of Theorem for any convex L-Lipschitz loss is
that

T
V(IT) < 2LE, sup [Z etﬁtl
mell | ¢=1
which is simply the classical i.i.d. Rademacher averages. For the case of F = [0, 1],
Z ={0,1}, and the absolute loss, this is the result of [2].

Ezample 3.2.6 (Finite-order Markov strategies). Let II*¥ be a set of strategies that
only depend on the k most recent outcomes to determine the next move. Theo-
rem implies that the value of the game is upper bounded as

V(ITF) < 28upy, , Besup ey [Sicy el(m(wep(e), .., Wier (€)), 2 (e))

Now, suppose that Z is a finite set, of cardinality s. Then there are effectively s5*
strategies m. The bound on the sequential Rademacher complexity then scales as

\/2s*log(s)T, recovering the result of [7] (see [3, Cor. 8.2]).

In addition to providing an understanding of minimax regret against a set of
strategies, sequential Rademacher complexity can serve as a starting point for al-
gorithmic development. As shown in [15], any admissible relaxation can be used to
define a succinct algorithm with a regret guarantee. For the setting of this chapter,
this means the following. Let Rel: Zt » R, for each ¢, be a collection of functions
satisfying two conditions:

Vt, inf sup{ E (f,2) + Rel(zl;t)} <Rel(z14-1),

qreQ z1eZ \ fi~qe

T
and - inf Zg(ﬂ't(zl;t_l), Zt) < Rel(leT) .

mell ¢=1

Then we say that the relaxation is admaissible. It is then easy to show that regret
of any algorithm that ensures above inequalities is bounded by Rel({}).

Theorem 3.2.7. The conditional sequential Rademacher complexity with respect to
IT

%(g H|21,..., )

2sup E sup[Q Z esl(ms((214, Wis—t-1(€) ), 25— (€)) — ZE Ts(21:5-1), 2s)

zZ,W epr.r wEll | s=t+1

1s admissible.
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Proof. Denote Ly(7) = Y0, £(7s(21.6-1), 2s). The first step of the proof is an appli-
cation of the minimax theorem (we assume the necessary conditions hold):

inf sup{ E [0(fe )]

qeA(F) zeZ Jea

+sup E sup [2 i esf(ws((fqzt,W1:s—t—1(€)),Zs—t(ﬁ))—Lt(W)]}

Z,W €;41.7 eIl s=t+1

= sup inf{ E [4(fi,2)]

preA(Z2) freF \FtPt

+ E sup E sup [2 Z esf(ﬂs((zu,les—t—l(ﬁ)),Zs—t(ﬁ))—Lt(ﬂ)]}

#t~Pt z,W €17 mell s=t+1

For any p; € A(Z), the infimum over f; of the above expression is equal to

E sup E sup lQ Z €l(s (214, Wizs—t-1(€)), Zs-1(€)) = Ly—1 ()

zZt~pt Z,W €ry1:7 Tell s=t+1

+inf E [f(ft,zt)]—ﬁ(m(zm1);%)]

freF 2t~Pt

< E sup E sup[2 Z €l(Ts (21, Wiis—t-1(€) ), Zs—t(€)) = Le1 ()

z2t~pt Z,W €417 mell s=t+1

+ E [f(ﬁt(zlm),zt)]—5(7&(21:1%—1)7%)]

2t~Pt
T
< E Sup E Sup [2 Z Esg(ﬂ-s((zlita Wl:s—t—l(e)), Zs—t(ﬁ)) - Lt_1(7'(')
zt,2y~pt %W €417 mell s=t+1
+((21:0-1), 2¢) = (T (210-1) 20) ]

We now argue that the independent z; and z; have the same distribution p;, and
thus we can introduce a random sign ¢;. The above expression then equals to

E Esup E Sup[2 Z esl(ms((21:0-1, Xt (€), Wiis—-1(€) ), 254 (€))

z,2,~pt €t Z,W €1 mell s=t+1

—Lt—1(7T) + Et(f(ﬂt(zl:t—l)a Xt(—ﬁt))) - K(Wt(zl:t—l)a Xt(et)))]
T
< E sup Esup E SHIII) lQ Z esl(ms((21:-1, Xt (€t), Wis—t-1(€)), 25—+ (€))
zt,zy~py 27,21 €6 Z,W €T TE s=t+1

~Loa(7) + e(U(m(z121), ) = L(m(211), 2"))]
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Splitting the resulting expression into two parts, we arrive at the upper bound of

T
2 E sup]Esup E Supl Z 6sg(ﬂ-s((zlrtfluXt(Et)avvl:s—t—l(e))7Zsflf(e))

Zt,Z£~pt 2" €t 2,W €1 TEll | g=t+1

1
L)+ el(mCr), )|

T
< sup Esup E sup[ Z 2 0(ms((21:0-1, Xt (€1), Wiis—t-1(€) ), Z5—1 (€))

z,2",2" €t 2,W €17 mell | g=¢+1

~Ly 1 () + el(m(214-1), 21 )]
< ERT(H|21, ceey Zt—l)-

The first inequality is true as we upper bounded the expectation by the supremum.
The last inequality is easy to verify, as we are effectively filling in a root z; and z;
for the two subtrees, for ¢; = +1 and ¢; = -1, respectively, and jointing the two trees
with a @ root.

One can see that the proof of admissibility corresponds to one step minimax
swap and symmetrization in the proof of [I§]. In contrast, in the latter chapter, all
T minimax swaps are performed at once, followed by T symmetrization steps. [

Conditional sequential Rademacher complexity can therefore be used as a start-
ing point for possibly deriving computationally attractive algorithms, as shown
throughout this chapter.

We may now define covering numbers for the set II of strategies over the his-
tory trees. The development is a straightforward modification of the notions we
developed in [I8], where we replace “any tree x” with a tree of histories wy;_;.

Definition 3.2.8. A set V' of R-valued trees is an a-cover (with respect to ¢,) of
a set of strategies Il on an Z*-valued history tree w if

Vrell, Vee {x1}7, IveV st (%L |me(Wiai(e)) - Vt(e)|”)l/p <o
(3.2.7)

An a-covering number N,(II, w,«) is the size of the smallest a-cover.

For supervised learning, (x1.;(€),y14-1(€)) takes place of wi,_1(€). Now, for any
history tree w, sequential Rademacher averages of a class of [-1, 1]-valued strategies
IT satisfy

R(II,w) < inf {aT ++/2log N (11, w, a)T}

a0

and the Dudley entropy integral type bound also holds:

R(II,w) < inf {4aT+ 12ﬁ[1 Viog No(I1,w, 6) d5} (3.2.8)

a0
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In particular, this bound should be compared with Theorem 7 in [2], which employs
a covering number in terms of a pointwise metric between strategies that requires
closeness for all histories and all time steps. Second, the results of [2] for real-valued
prediction require strategies to be bounded away from 0 and 1 by 6 > 0 and this
restriction spoils the rates.

In the rest of this chapter, we show how the results of this section (a) yield proofs
of existence of regret-minimization strategies with certain rates and (b) guide in the
development of algorithms. For some of these examples, standard methods (such
as Exponential Weights) come close to providing an optimal rate, while for others
— fail miserably.

3.3 Competing with Autoregressive Strategies

In this section, we consider strategies that depend linearly on the past outcomes.
To this end, we fix a set © c R, for some k > 0, and parametrize the set of strategies
as

H@ = {7-[-9 : Wf(zla e '7Zt—1) = Zfz_ﬂl 9i+lzt—k’+i7 0= (917 s 7916) € @}

For consistency of notation, we assume that the sequence of outcomes is padded
with zeros for t < 0. First, as an example where known methods can recover the
correct rate, we consider the case of a constant look-back of size k. We then extend
the study to cases where neither the regret behavior nor the algorithm is known in
the literature, to the best of our knowledge.

3.3.1 Finite Look-Back
Suppose Z = F c R? are {5 unit balls, the loss is £(f,z) = (f, z), and © c R¥ is also a

unit £, ball. Denoting by W (;_g-1) = [Wi—i(€), ..., Wi_1(€)] a matrix with columns
in Z,
T
R, 1le) = sup E, seug [Z € (We(wt_k:t_l(e)), zt(e))] (3.3.1)
w,z € t=1

T
= sup [E, sup l EtZt(E)TW(t—k:t—l) : 9]
W,z 0eO | t=1

T
Z GtZt(ﬁ‘)TW(t—k:t—l)

t=1

=sup E. <VET (3.3.2)

W,z

In fact, this bound against all strategies parametrized by © is achieved by the gradi-
ent descent (GD) method with the simple update 0,1 = Projg (6;—1 [2i-k, - - -, 2e-1]" 2t)
where Projg is the Euclidean projection onto the set ©. This can be seen by writing
the loss as

([Zt—k) s 7Zt—1] : Qta Zt) = <9t) [Zt—kv SRR Zt—l]T Zt>'
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The regret of GD, Y5 (0, [zi—ks - - -, 2] 2) — infpeg Sy (0, [2eos - - 2e-1] " 22), 18
precisely regret against strategies in ©, and analysis of GD yields the rate in (3.3.1]).

3.3.2 Full Dependence on History

The situation becomes less obvious when k£ =T and strategies depend on the full
history. The regret bound in is vacuous, and the question is whether a better
bound can be proved, under some addltlonal assumptions on ©. Can such a bound
be achieved by GD?

For simplicity, consider the case of F = Z = [-1,1], and assume that © =
B,(1) c RT is a unit ¢, ball, for some p > 1. Since k = T it is easier to re-index the
coordinates so that

70 (21:4-1) = Y 0z

The sequential Rademacher complexity of the strategy class is

W,z 0O | ¢=1

=sup E sup lz (i Giwi(e)) etzt(e)] :

w,z €O | t=1 \i=1

R((,Ilg) = supEsup [Zetw (Wi-1(€)) - zt(e)]

Rearranging the terms, the last expression is equal to

T

> eizi(e)

i=t+1

T-1 T
sup E sup [ Z Oywy(€) - ( Z eizi(e))] <supE l”wl:Tl(E)Hq - max
t=1 W,Z

W,z 0e® i=t+1 1<t<T

|

where ¢ is the Holder conjugate of p. Observe that

t-1
supE sup Zelzl(e < supEl ZQZ@(E + sup Zezzz(e) ]
z 1<t<T | 4=t i=1 1<t<T |4=1
<2supE sup Zeizi(e)
z 1<t<T |i=1

Since {¢zi(¢) : t =1,...,T} is a bounded martingale difference sequence, the last
term is of the order of @(VT). Now, suppose there is some 3 > 0 such that
|[wir-1(e)|, < TP for all e. This assumption can be implemented if we consider
constrained adversaries, where such /,-bound is required to hold for any prefix
w1 (€) of history (In Appendix, we prove Theorem for the case of constrained
sequences). Then R(/,Tlg) < C - T#+1/2 for some constant C'. We now compare the
rate of convergence of sequential Rademacher and the rate of the mirror descent
algorithm for different settings of ¢ in Table B.1] If |6], <1 and |w], < T7 for
q > 2, the convergence rate of mirror descent with Legendre function F () = 30|2

is /q = 1TP12 (see [21]).
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© Wi sequential Radem. rate Mirror descent rate

Bi(1)  |wiri]e <1 VT VTlogT

(>2  By(1) |Wiral,<T? TB /2 Jq - 1772
Bo(1)  [Wiai|2 <17 T3 1/2 7B/
[<g<2 B,(1) [wisal, <17 TP (R
Boo(l) ||W1;T_1 ”1 < T+ TB+1/2 T

Table 3.1: Comparison of the rates of convergence (up to constant factors)

We observe that mirror descent, which is known to be optimal for online linear
optimization, and which gives the correct rate for the case of bounded look-back
strategies, in several regimes fails to yield the correct rate for more general linearly
parametrized strategies. Even in the most basic regime where © is a unit ¢; ball
and the sequence of data is not constrained (other than Z =[-1,1]), there is a gap
of \/logT between the Rademacher bound and the guarantee of mirror descent. Is
there an algorithm that removes this factor?

3.3.3 Algorithms for © = B;(1)

For the example considered in the previous section, with F = Z = [-1,1] and
© = By(1), the conditional sequential Rademacher complexity of Theorem [3.2.7]
becomes

Rr(Il]zy,...,2) =sup E Sup[Q Z €sTs (214, Wiis—1-1(€) ) - 25 (€) Z?TS(le 1) Zs]

Z,W €¢y1.T mell s=t+1

T

< sup ]E sup [2 Z ESWS(leta Wl:s—t—l(e)) - Z Zsﬂ-s(zlzs—l)]
W €py1:7 mell s=t+1 =

where the z tree is “erased”, as at the end of the proof of Theorem Define

as(€) = 2¢4 for s >t and -z, otherwise; b;(€) = w;(e) for i > ¢ and z; otherwise. We

can then simply write

sup E suplZas(e)ZHb 6)]

W €417 0O | s=1

=sup E sup[ZQb (¢) Z a; e)]

W €ti1:7 0O 7=s+1

Z ai(e)

< E max
erery 1855T |

which we may use as a relaxation:

Lemma 3.3.1. Define al(¢) = 2¢;5 for s >t, and —z, otherwise. Then,

Rel(zl t) E6t+1 o MaX1<s<T ‘ZZ s z(e)‘
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1s an admissible relaxation.

Proof. The first step of the proof is an application of the minimax theorem (we
assume the necessary conditions hold):
yeico|

o

For any p; € A(Z), the infimum over f; of the above expression is equal to

Yai(e) x|l }
|

Zat(e)+ E z
>, ai(e) + (2 - =)

sz
1>8,1#t

inf sup{ E fi-zz+ E max

GeA(F) zteZ \ fe~ar €ty 18T

= sup mf{ft E + E E max

pteA(Z) freF Zt~pt 2t~Pt ¢y, q.p 18T

Ezt

2t~Pt

max

+ E E max{max

#t~Pt ey1r
Za (e)],

T

> al(e). }

We now argue that the independent z; and z; have the same distribution p;, and
thus we can introduce a random sign ¢;. The above expression then equals to

< E E max{max max

Zt~Pt egy1r

maX
<t

< E E max{max

2t,2(~Pt €4y1.T

E [E max {max Z He)|,max| Y al(e) + ez - 2) }
Zt,Ztht €T 5 ’L’>S,i¢t
< E E max{max Za (e)],max| > al(e) +2ez }
#tPt epp s<t 1>8,1#t

Now, the supremum over p, is achieved at a delta distribution, yielding an upper
bound

Y al(e) + 262

1>8,5%#t

,Inax
<

sup [E max{max
zee[-1,1] €T s>t

Z at(e)
> al(e)

1=8

Z at(e€) + 2¢;

, ax
5SS |isg int

< E max{max
€LT s>t

Zat 1(6)

]E max
1<5<T

]

With this relaxation, the following method attains O(v/T') regret: prediction at
step t is

Zat(e

¢¢ = argmin  sup { E fi-zi+Ee, ., max
qe[-1,1] ze{x1} fi~q Lss<T’
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where the sup over z; € [-1, 1] is achieved at {1} due to convexity. Following [15],
we can also derive randomized algorithms, which can be viewed as “randomized
playout” generalizations of the Follow the Perturbed Leader algorithm.

Lemma 3.3.2. Consider the randomized strategy where at round t we first draw
€41, - - -, €7 uniformly at random and then further draw our mowve f; according to the
distribution

q:(€) = ar%ml? SUDe{-1,1} {Eft~q fe+ 2z + maxiceer |Zz s 1(5)‘}
1,1
_1 t-1 T T
=3 ( max {maXs=1,...7t |— it l+2% ei| , MaXgogi1 T ‘2 Yics ez|}
t-1 T
— max {maXs=1,...,t |_ Zz - 1 + 2 Zz =t+1 €z| ) rnaXs=t+1,...,T ‘2 Zi:s 61‘})

The expected regret of this randomized strateqy is upper bounded by sequential Rademacher
complezity: E[Regy] < 284(I1), which was shown to be O(NT) (see Table .

Proof. Let ¢; be the randomized strategy where we draw €;,1,...,er uniformly at
random and pick

Zat(E)

}

= sup {Emm E fi- zt+EEt+1TmaX

} (3.3.3)

q:(€) = argmin  sup {E fi 2+ max
qe[-1,1]  zie{-1,1} \ fi~q <

Then,

Zat(E)

sup { E f- zt+E€H1Tmax
ze{-1,1}  fe~qe

Zat(E)

i

where the last step is due to the way we pick our predictor f;(e) given random
draw of €’s in Equation (3.3.3). We now apply the minimax theorem, yielding the
following upper bound on the term above:

}

zte{-1,1} fr~qi(€)
< E€t+1:T [Sup{ E ft 2 + maX Z at(e) }]
2zt \ fi~ai(e) l<s<T

Z a;(€)

:IEEM:T[ inf sup{ E fi- 2z + max

weA(F) 2zt \fi~ar l<s<T

T
Eem:T[ sup inf{ E fi-zz+ E max Zaf(e)

pteA(Z) fr |zt~ zpopy 1<8<T |
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This expression can be re-written as

EEHLT[ sup [E inf{ E fi- zt+maX

pteA(Z) z2e~pt fr \z)~ps

>al(e }]
>al(e }]
Zat(e) + E 2

Zt ~Pt

+ max
1<s<T

Ezt

Zt ~pt

<E,,,| sup E {
| pteA(Z) 2t~Pt

,max

<E,.,| sup E max max
| pteA(Z) zt~pt

>ai(e }]
I H

We now argue that the independent z; and 2] have the same distribution p;, and
thus we can introduce a random sign ¢;. The above expression then equals to

T

>, ai(e) + (21— )

1>8,1#t

<E.,,,,| sup [E max {rrslgx
| pteA(Z) 2t,2;~pt

,Inax
s>t

T T
Eem:Tl sup E Emax{max > al(e) + ez - z)| ,max|> al(e) H
PeeA(Z) zt,20~py €t St |ivs it s>t |iss
A A
< E sup Emax a1(e)| = E max al™l(e
€t+1:T Zt€{ 1 1} €t 1<s<T Zs ! ( ) €T 1<s<T ; ‘ ( )

O

The time consuming parts of the above randomized method are to draw T —¢
random bits at round ¢ and to calculate the partial sums. However, we may replace
Rademacher random variables by Gaussian A/(0, 1) random variables and use known
results on the distributions of extrema of a Brownian motion. To this end, define a
Gaussian analogue of conditional sequential Rademacher complexity

gT(H|Zl,.. Zt)

=sup E suIIT) V2 Z ol (ms((21:4, Wis—t-1(€) ), Zs—1(€)) — Zﬁ(ws(zls 1)s2s)
Z,W Ot41:T TE s=t+1
where o, ~ N'(0,1), and ¢ = (sign(ay), ...,sign(or)). For our example the O(\/T)
bound can be shown for Gr(II) by calculating the expectation of the maximum
of Brownian motion. Proofs similar to Theorem and Theorem show

that the conditional Gaussian complexity Gr(Il|z1,...,2) is an upper bound on
Ry (1|2, ..., 2) and is admissible.

Theorem 3.3.3. The conditional sequential Rademacher complexity with respect to
I1

QT(f H|Zl, oy R )
2sup E suIII) V2 Z (s ((21:4, Wiis—t-1(€)), Zs-¢(€)) — ZE (m5(21:5-1), 2s)
Z,W Ot+1:T T€ s=t+1

1s admissible.
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Proof. Denote Ly(7) = ¥ 6(ms(216-1), 25). Let ¢ = E_|o| = \/2/m. The first step
of the proof is an application of the minimax theorem (we assume the necessary
conditions hold):

inf sup{ E [4(f:, )]

qeA(F) ze2 Jerar

+sup E sup|‘2 Z asf(ws((z1;t,W1:5_t—1(6)),Zs—t(ﬁ))—Lt(W)]}

z,w o1 mell | C 5531

= sup inf{ E [4(f:,2)]

preA(Z) freF \Ft~Pt

+E sup E sup [g Z O'Sg(ﬂs((zl;t,wl;st1(6)),Zst(€))—Lt(W)]}

2t~Pt 2w o1 well | C g=p41

For any p; € A(Z), the infimum over f; of the above expression is equal to

E sup E sup lg Z o l(ms((21:4, Wis—t-1(€)), 254 (€)) — Ly_1 ()

zt~pt 2,W o well | C g=pt1

freF #t~Pt

cinf E [f(ft,z»]—e<m<zlzt_1>,zt>]

< E sup E sup[g Y o l(ms (21, Wiis—t-1(€) ), Zs—¢(€) ) = Ly—1 ()

zt~pt 2,W oy mell | C gSpiq

. E [é(m(zl:t_1>,zt>]—e<7rt<z1:t_1>,zt>]

2t~Pt

2 T
< E swp E sup[— > 0l (1t Wr1(6)), 20-4(€)) - L ()
zt,75~pe BW Ot well | € g=g11
(e (21:0-1), 21) = (e (21:6-1), 20) ]

We now argue that the independent z; and z; have the same distribution p;, and thus
we can introduce a gaussian random variable o; and a random sign €; = sign(oy).
The above expression then equals to

E Esup E SUP[E Z o l(ms((zre-1, Xe(€r), Wis—t-1(€) ), Zs1(€)) = Le-1 ()

zt,2~pe 0t 2,W o well | C g3

+er(0(me(21:0-1), Xe (=€) = Ui (21:6-1), Xe(€2))) ]

< E Esup E SUP[g Z o l(ms((2re-1, Xe(€), Wis—t-1(€)), Zs-t(€)) = L1 ()

zt,24~pe Ot Z,W opprr well | C gyl

+€tE
gt

2| Umeri)ni-a) = ). @) |
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Put the expectation outside and use the fact ¢|o;| = oy, we get

E Esup E sup[g Z USE(WS((Zl:t—LXt(et)awl:s—t—l(E)),Zs—t(E))—Lt—l(ﬂ)

zt,25~pe 0t Z,W Oy mell | € g=p31

+%(€(7Tt(21:t—1)7 xe(=€t))) = U(m(z1e-1), Xt(Gt)))]

2 T
< E supEsup E sup[— > el (m((zre1, xi(€r), Wiai-1(€)), 21 (€))

zt,2~py 22" 0t 2,W o well | C g=py1
(02
~Ly1(m) + ?t(ﬁ(ﬂt(zl:t_l)7 2 ) = (i (214-1), Zé"))]

Splitting the resulting expression into two parts, we arrive at the upper bound of

1 T
2 E supEsup E supl— Z ol (ms((Z1:0-1, Xe(€1), Wiis—t-1(€) ), zs—¢(€))

2, 2~py 2 0t 2,W o well | C g5y

1
—§Lt—1(7T) + %g(ﬂ—t(zl:t—l)7 Z;/)]

< sup Esup E SUP[E Z o l(ms((2re-1, Xe(€t), Wist-1(€) ), Zs-t(€)) = L1 ()

2,20 2 oy ZW oy well | C o5
22 p(m(zra). ) |
<Gr(6,M|zy, ..., 21).
[l

Furthermore, the proof of Lemma[3.3.2] holds for Gaussian random variables, and
gives the randomized algorithm as in Lemma with € replaced by o;. It is not
difficult to see that we can keep track of the maximum and minimum of {— Yl zi}
between rounds in O(1) time. We can then draw three random variables from the
joint distribution of the maximum, the minimum and the endpoint of a Brownian
Motion and calculate the prediction in O(1) time per round of the game (the joint
distribution can be found in [I1]). In conclusion, we have derived an algorithm that
for the case of © = By(1), with time complexity of O(1) per round and the optimal
regret bound of O(\/T) We leave it as an open question to develop efficient and
optimal algorithms for the other settings in Table [3.1]

3.4 Competing with Statistical Models

In this section we consider competing with a set of strategies that arise from
statistical models. For example, for the case of Bayesian models, strategies are
parametrized by the choice of a prior. Regret bounds with respect to a set of such
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methods can be thought of as a robustness statement: we are aiming to perform
as well as the strategy with the best choice of a prior. We start this section with a
general setup that needs further investigation.

3.4.1 Compression and Sufficient Statistics

Assume that strategies in I have a particular form: they all work with a “sufficient
statistic”, or, more loosely, compression of the past data. Suppose “sufficient statis-
tics” can take values in some set I'. Fix a set I of mappings 7 : I' = F. We assume
that all the strategies in II are of the form m(21,...,2-1) = T(y(21,...,21)) for
some 7 € Il and 7 : Z* + I'. Such a bottleneck I' can arise due to a finite memory
or finite precision, but can also arise if the strategies in II are actually solutions to
a statistical problem. If we assume a certain stochastic source for the data, we may
estimate the parameters of the model, and there is often a natural set of sufficient
statistics associated with it. If we collect all such solutions to stochastic models in a
set II, we may compete with all these strategies as long as I' is not too large and the
dependence of estimators on these sufficient statistics is smooth. With the notation
introduced in this paper, we need to study the sequential Rademacher complexity
for strategies II, which can be upper bounded by the complexity of II on I'-valued
trees:
T
R(IT) < sup E, sup Z el (T(gi(€)), 2z (€)

g,z 7ell | t=1
This complexity corresponds to our intuition that with sufficient statistics the de-
pendence on the ever-growing history can be replaced with the dependence on a
summary of the data. Next, we consider one particular case of this general idea,
and refer to [§] for more details on these types of bounds.

3.4.2 Bernoulli Model with a Beta Prior

Suppose the data z; € {0, 1} is generated according to Bernoulli distribution with pa-
rameter p, and the prior on p € [0, 1] is p ~ Beta(a, 8). Given the data {z1,...,2;1},
the maximum a posteriori (MAP) estimator of pis p = (Xt zi+a-1)/(t-1+a+5-2).
We now consider the problem of competing with II = {7®# : a > 1,5 € (1,C3]} for
some C, where each 7®# predicts the corresponding MAP value for the next round:

W?’B(Zly---,zm)=(Zf;%zi+a—1)/(t—1+oz+ﬁ—2),

Let us consider the absolute loss, which is equivalent to probability of a mistake of
the randomized predictio with bias 7} # Thus, the loss of a strategy 7 on round

! Alternatively, we can consider strategies that predict according to 1{p > 1/2}, which better
matches the choice of an absolute loss. However, in this situation, an experts algorithm on an
appropriate discretization attains the bound.
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tis ‘Wf‘ P24 - zt‘ . Using Theorem and the argument in (3.2.5)) to erase the
outcome tree, we conclude that there exists a regret minimization algorithm against
the set II which attains regret of at most

T Tt wi(e)+a-1
2sup, Ecsup,, 4 [thl et%] .

To analyze the rate exhibited by this upper bound, construct a new tree with
Zf_ll wi(e)+a-1

gi(e) = 1 and gy(e) = ==l———=—— € [0,1] for ¢ > 2. With this notation, we can
simply re-write the last expression as twice

supg e sup,, g [Zthl €8t (€) tf;‘i’g%]
The supremum ranges over all [0, 1]-valued trees g, but we can pass to the supremum
over all [-1,1]-valued trees (thus making the value larger). We then observe that
the supremum is achieved at a {+1}-valued tree g, which can then be erased as in
the end of the proof of Theorem m (roughly speaking, it amounts to renaming
€ into €;8;(€14-1)). We obtain an upper bound

E[Y

t=1

Et t+O{ 2)
—_— E.
o 3 + sup

Oé,

R(I) < E, sug) Z

tZl—tf((ﬁ_ﬁl 3‘ (\/C5 + VT
(3.4.1)

where we used Cauchy-Schwartz inequality for the second term. We note that an
experts algorithm would require a discretization that depends on 7" and will yield a
regret bound of order O(y/T'logT). It is therefore interesting to find an algorithm
that avoids the discretization and obtains this regret. To this end, we take the
derived upper bound on the sequential Rademacher complexity and prove that it is
an admissible relaxation.

. ]

Lemma 3.4.1. The relaxation
! Yz

s+a+p-3

s+a-—2

S

T
Rel(z1¢) = E,,,.; sup [2 Y e

a,p s=t+1 Sta+ ﬁ -3 s=1

18 admissible.

Proof. Denote
itz

5+a 2

Lt(a7ﬁ) Z

- 2.

s+cx 2

The first step of the proof is an application of the minimax theorem:

inf sup{ E |fi-z|+ E sup[2 Z 65.1%—[4(05,5)]}

aeA(F) zeZ | frvar e+1:T af | s=t+1

. 1
= sup mf{ E |fi-z/+ E E Sup[2 > e 1W—Lt(oz,ﬁ)]}

pteA(Z) freF | *t~Pt Pleiir o | s=t+1

sta-2

s+a—2
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For any p; € A(Z), the infimum over f; of the above expression is equal to

itz
E E 2 L f E t+a—2
Zimpe erv1r SUP Z 5 1 t— 1(04 B)+ in |ft—2t|_ 1 B-1 —Zt
«, s=t+1 Sta—2 freF = t+a—2
] Stz »itz
s t+a—2 / t+a—2
SzEpEet L Sup 2 Z W_Lt 1(0& ﬂ)-l‘ ]E ﬁ—zt - 1 B-1 — Zt
t~Pt _p= ~
a,B s=t+1 Sta—2 Zt pt + t+a-2 + t+a—2
c. iz Tictzi
t+a—2 / tra=2
< E E.,  sup|2 Z 1——Lt71(0675)+ PR 14 81 A
2¢,20~
)21 ~Pt a,B s=t+1 sta-2 t+a—2 t fras

We now argue that the independent z; and z; have the same distribution p,, and
thus we can introduce a random sign ¢;. The above expression then equals to

T P Yz Yz
S t+a-2 / t+a-2
E Eet;T sup 2 Z -1 Lt—l(av B) + € B-1 2|~ B-1 2t
AP @ s=t+1 L+ s+a—2 t+o—2 L+ t+o—2
T c Ttz Tz
S t+o-2 / t+a-2
< sup Eet;T sup [ 2 Z 51 Lt—l(a7 ﬁ) + € 6-1 |~ B-1 2t
Zégz o st 1+ sta-2 1 t+a—2 1+ t+a—2

where we upper bounded the expectation by the supremum. Splitting the resulting
expression into two parts, we arrive at the upper bound of

T c 1 Ytz
—2
2supE,,,, sup Z ﬁ - §Lt71(04> B) +e tmﬁ_l —Z
2t€Z a,B | s=t+1 1+ Sta—2 t+a—2

T € 1 Z: 1131
=2supE,,. sup Z —;_1 - §Lt71(047ﬁ) tE - —Hag 1 (1-22) - ez
zeZ af | s=t+1 1+ s+a—2 + t+a—2

I € 1 L
:QEQ:TSHP Z % 2Lt 1(0[ B)+€ L/;El

a,f | s=t+1 1+ 2 1+

s+a— t+a—2

where the last step is due to the fact that for any z; € {0,1}, ¢;,(1-2z;) has the same
distribution as ¢;. We then proceed to upper bound

2supE,. K [ i € L (@ B) + a ]
sup a~plic,.. SUP — % — L1, €& (571
prer a,B [s=t+1 1+ sfai2 2 tfaig

L €s 1 a
<2 sup E,,sup Z T——Lt—1(a,5)+€t‘ﬁ
ae{+1} af Ls=tr1 1+ Sta—2 2 t+a—2

T € 1
<2E,., su[%) Z = éLt—l(Oéaﬁ)

sta—2
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The initial condition is trivially satisfied as

T Yotz
Rel(z.r) = —inf Z L{ﬁl — 2
of s=1 + s+a—2

]

Given that this relaxation is admissible, we have a guarantee that the following
algorithm attains the rate (1/Cs + 1)\/T given in (3.4.1)):

=arg min max {E;.|f -z
v gqe[oyl]zte{071}{ f Q|f t|

T t s—1
S+a—2 s—1
+E€t+1'T sup | 2 E €s - - 2ot % — Zg
T oaB | osstr sta+fB-3 Hlsta+pB-3

In fact, ¢; can be written as

1 I s+a-2 A Yol oz sl
= - 1K, 2 s — 5 1-2z2)- = + =1
a 2{ t+1.TS££)[ 8;16 sta+B-3 S;( 2s) sta+f-3 t+a+f-3

s T sta+B-3 o Vsva+B-3 t+a+p-3

For a given realization of random signs, the supremum is an optimization of a sum
of linear fractional functions of two variables. Such an optimization can be carried
out in time O(T'logT') (see [4]). To deal with the expectation over random signs,
one may either average over many realizations or use the random playout idea and
only draw one sequence. Such an algorithm is admissible for the above relaxation,
obtains the O(v/T) bound, and runs in O(T log T') time per step. We leave it as an
open problem whether a more efficient algorithm with O(v/T) regret exists.

3.5 Competing with Regularized Least Squares

Consider the supervised learning problem with ) = [-1, 1] and some set X'. Consider
the Regularized Least Squares (RLS) strategies, parametrized by a regularization
parameter A and a shift wg. That is, given data (z1,y1),..., (2 y:), the strategy
solves

argming, iy (y; = (4, w))? + AMw —w|? .

For a given pair A and wy, the solution is
Wit = wo + (XTX + M) XTY,

where X € R4 and Y € R**! are the usual matrix representations of the data
1.4, Y1.- We would like to compete against a set of such RLS strategies which make
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prediction (wt)‘ffo, :vt>, given side information z;. Since the outcomes are in [-1,1],
without loss of generality we clip the predictions of strategies to this interval, thus
making our regret minimization goal only harder. To this end, let c¢(a) = a if
a€[-1,1] and c(a) = sign(a) for |a| > 1. Thus, given side-information x; € X, the
prediction of strategies in II = {7M®0 : X\ > Ay > 0, |wol2 < 1} is simply the clipped
product

W?’wo (T, Y1:6-1) = C(<wt)\_’11007$t>) .
Let us take the squared loss function £(4,y) = (§ —y)°.
Lemma 3.5.1. For the set Il of strategies defined above, the minimaz regret of
competing against Reqularized Least Squares strategies is

Vr(IT) < ey /Tlog(TAL)

for an absolute constant c.

Proof. Given an X-valued tree x and a Y-valued tree y, let us write X;(€) for the
matrix consisting of (x;(€),...,x;-1(€)) and Y, for the vector (yi(€),...,y;1(€)).
By Theorem [3.2.3] the minimax regret is bounded by

T
4 sup Ee sup lz 61571-15)\’11}0 (Xlzt(E)a y1:t—1(6))]
X?y

ahwoell | t=1

X,y Awo | t=1

= 4sup E. sup [Z etc(((Xt(e)TXt(e) + A])‘lXt(e)TYt(e),xt(e)) + (wo,xt(e)))]

Since the output of the clipped strategies in II is between —1 and 1, the Dudley
integral gives an upper bound

R(II, (x,y)) < inf {4aT + 12\/7‘/061 Viog No(I1, (x,y),0) d6}

a0

Define the set of strategies before clipping:
I = {7 : w21, Yre—1) = (wo + (XTX + AI)'XTY, ), [wol <1, A> Apuin}

If V is a d-cover of IT' on (x,y), then V is also an d-cover of IT as |c(x)—c(z')| < |x—1y|.
Therefore, for any (x,y),

N2(H7 (X7y)7 5) < NQ(Hlv (X7Y)7 5)

and

R(IT, (x,y)) < g {4aT+ 12\/T/a1 Viog No(Il, (x,y),0) dé}.
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If W is a §/2-cover of the set of strategies I1,,, = {{wo,x:(€)) : ||wo| < 1} on a tree
x, and A is a §/2-cover of the set of strategies

I = {m: 7 (21, Yraer) = (XX + AD XY, 20) 0 A > Ayin |
then W x A is an d-cover of II'. Therefore,

No(Il', (x,y), 6) S Na(Ilyy, (x,),6/2) x No (I, (x,¥),0/2).
Hence,

R(IL (x,y))
<inf {4aT+ 12\/?/1\/10g No(Iy,, (X,¥),0/2) +log No(I1y, (x,y),0/2) d5}

a0

Sinf{4aT+12\/T/1\/log No(Iy,, (%,¥),0/2) dé}

a0

+12ﬁf01\/1og No(Ty, (%,y),0/2) d5

The first term is the Dudley integral of the set of static strategies IL,, given by
wp € By(1), and it is exactly the complexity studied in [I8] where it is shown to be
O(\/Tlog(T)). We now provide a bound on the covering number for the second
term. It is easy to verify that the following identity holds

(XTX + )\Qld)_l - (XTX + /\IId)_l = (/\1 - AQ)(XTX + Alld)_l(XTX + /\Qld)_l

by right- and left-multiplying both sides by (X7X + \yl;) and (XX + A\ Iy), re-
spectively. Let Aj, Ay > 0. Then, assuming that |z;]|2 <1 and y; € [-1,1] for all
t,

(XX + ML) ' XTY = (XX + M 1) ' XTY
= Ao = M| (XTX + ML) (XX + X 0) ' XTY
1

< |>\2—/\1|/\1>\2

[XTY ]y < ATt =25t

Hence, for [A\7' = A3 < §/T, we have | (XTX + Mo ly) P XTY — (XX + A\ 1)1 XY, <
d, and thus the discretization of A™' on (0, A} ] gives an (.-cover, and the size of
the cover at scale § is A T'0-1. The Dudley entropy integral yields the bound of,

min

min

R(IL, (x,y)) < 12VT [ ' flog@T AL )ds <12V (1+ 1og(2T/\m1m)).

This concludes the proof. O
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Observe that A L enters only logarithmically, which allows us to set, for instance,
Amin = 1/T. Finally, we mention that the set of strategies includes A = oo. This
setting corresponds to a static strategy 7rt)‘ (214, y14-1) = (wo, 2¢) and regret against
such a static family parametrized by wg € By(1) is exactly the objective of online
linear regression [22]. Lemma thus shows that it is possible to have vanishing
regret with respect to a much larger set of strategies. It is an interesting open
question of whether one can develop an efficient algorithm with the above regret
guarantee.

3.6 Competing with Follow the Regularized Leader
Strategies

Consider the problem of online linear optimization with the loss function ¢( f;, z;) =
(fi,2¢) for fy € F, z, € Z. For simplicity, assume that F = Z = By(1). An algorithm
commonly used for online linear and online convex optimization problems is the
Follow the Regularized Leader (FTRL) algorithm. We now consider competing
with a family of FTRL algorithms 7oA indexed by wg € {w : |w| <1} and A € A
where A is a family of functions A : R* x [T'] » R* specifying a schedule for the
choice of regularization parameters. Specifically we consider strategies w*o* such
that 7°°*(z, ..., z-1) = w, where

D’} (361

. -1 1 -1
wy = wp + argmin {Zi:l (w,z;) + 5\ (szel 2
wilwls1

This can be written in closed form as

wt:wg—(t;zi)/max{)\( 221 ,t), 22@ }

Lemma 3.6.1. For a given class A of functions indicating choices of the reqular-
ization parameters, define a class I' of functions on [0,1] x [1/T,1] specified by

['= {V:Vbe [1/T,1],a€[0,1],7(a,b) :min{)\(a;L(/b(li—l)l)l/b)’1}’)\EA}

Then the value of the online learning game competing against FTRL strategies given
by Equation 15 bounded as

Vr(ITy) <4 VT +2 Rp(T)

where Rr(I") is the sequential Rademacher complexity [18] of T
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Proof. Using Theorem [3.2.2

VT(HA) < 2%(@, HA)

2 supE sup I:ie (W Tii zi(c) z'(e))]
= € t 0~ )
z,2"  wo:|wo[<1,AeA Lt=1 maX{)\ (H Zf Zz(e)H t) HZ: 1Z2( } '

which we can upper bound by splitting the supremum into two:

2 supE. sup [Z (WOaZ;ﬁ(e))]

z’ wo:||wo <1

L Zf;%zz(e) ’ >]
+2 2= S sl o oD 4

The first term is simply

<.

2 sup E,

The second term can be written as

Lo ziim(e) > EEAG]
2 supE, i‘if[;“(uz” 2Ol O s N[ 2] 0, [22 2 O]
[T |2 2i(e)]

; eisi(e max{)‘ (HZH ZZ(E)” ’t) ’ Hzg ZZ(E)H}]

and the tree s can be erased (see end of the proof of Theorem [3.2.3)), yielding an
upper bound

<2 sup supE sup
AeA

4 @ || 251 7€)
2 E.
SUP e Sup [; max {A (|Zi5 zi(6)| . 1), [ 25 zi()] }

[ T eraz(€)
<2 supEcsup ; max {\ (ay(e), 1) ,at(e)}]

T
<2 supE,sup Z {)\(Z(E)’t) 1}]

a AeA | t=1 max 2 ()

=2 supE.sup ietmin{ (at(e) ,1}:|

a AeA at(e)at)

=1
r T

=2 supEcsup | Y ey (bi(e), 1/t)]
=

b vyel

<2 Rp(I)
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where in the above a is a R*-valued tree such that a; : {1}"! » [0, - 1], b is a
[1/T,1]-value tree and

r- {7 Vb [1/T,1],a € [0,1],7(a,b) = mm{A(a;l(/b(li_l)l)yb)’l}’)\ ¢ A}.

[
Notice that if |A| < oo then the second term is bounded as Rp(T") < /T log|A|.

However, we may compete with an infinite set of step-size rules. Indeed, each
v € I' is a function [0,1]? ~ [0,1]. Hence, even if one considers I' to be the set
of all 1-Lipschitz functions (Lipschitz w.r.t., say, fo norm), it holds that Ry (T") <
2/TlogT . We conclude that it is possible to compete with set of FTRL strategies
that pick any wp in unit ball as starting point and further use for regularization

parameter schedule any A : R?2 = R that is such that % is a 1-Lipchitz

function for every a,be [1/T,1].
Beyond the finite and Lipschitz cases shown above, it would be interesting to an-
alyze richer families of step size schedules, and possibly derive efficient algorithms.
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Chapter 4

Predictable Sequences and
Competing with Strategies

In this chapter, we study how online linear optimization competes with strategies,
while benefiting from the predictable sequence. We analyze the minimax value of
the online learning optimization problem and develop an algorithm that minimizes
the regret. Then, we extend the online optimization problem to one with mul-
tiple predictable sequences. We derive efficient regret-minimizing algorithms for
two cases: (a) finite number of predictable processes, and (b) infinite predictable
processes with only one optimal strategy. Last, we re-analyze the online linear
optimization problem using dynamic regret.

4.1 Introduction

Let us first restate the notations for the online learning problem that consists of T’
rounds. At each time t € {1,...,T} £ [T], the learner predicts f; € F and observes
an outcome z; € Z, where F and Z are sets of decisions and outcomes. The learner
suffers a loss of ¢( f;, z;) at the t-th round, where ¢ : F x Z - R measures the quality
of prediction. A strategy 7 = (m;)Z, is a sequence of functions 7 : 21 - F, and II
is a set of strategies. The regret competing with the strategy set II is defined as

Reg,(IT) = t;f(ft, z) — inf Zf(ﬂt(zuq), 2t),

mell =1
where 214 = (21, .., 2) and the minimax value of this prediction problem is defined
as
Vr(I)2 inf sup E ... inf sup E Reg;(II),

p1eA(F) z1€Z f1~p1 preA(F) 272 fr~pr

where A(F) is the set of all probability distributions on F.
During the learning process, the learner may receive outside information. For
example, it is reasonable to expect high revenue during Thanksgiving season, or
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to expect stock market fluctuations on an earning announcement day. The out-
side information can also be history-based. We embed the outside information as
the predictable sequence, and the true outcome is separated from the predictable
sequence by adversarial noise. It can also be roughly described as in [17]:

outcome = predictable sequence + adversarial noise.

A predictable sequence M = (M;)L, is a sequence of functions M, : Zt=1 - Z. If the
outcome is guaranteed to be the same as the predictable process, then the optimal
strategy 7 = (7M)L, is a sequence of functions m : Zt-1 - Z, which satisfies

i (21:-1) = arg min ((f, Mi(214-1)).

[T7] presents methods for online optimization problem that take advantage of
the predictable process. However, the regret analysis in [17] is competing with fixed
actions. The learner benefits from the predictable process, and it puts fixed actions
at a disadvantage. In this chapter, we restudy the predictable process discussed in
[17], but use the regret competing with strategies.

We define

H%Z{Hé\/{fz(Oéf—l—(l—Oé)ﬂ'iw)z;l,OéE[0,1],f€f}

as the strategy set. The strategy set II}¥ contains all fixed actions {Hjl‘?f} feF =
{(f)£1} jer and also the optimal strategy T13", = (7))L, Fixed actions {(f)[;} er
are included to prevent from getting hurt by unreliable/unstable predictable se-
quence. It is usually more difficult to compete with I, than to compete with the
union of fixed actions {(f)L,}ser and the optimal strategy (7M)L,.

If the loss function ¢ : F x Z — R is linear as ¢(f,z) = (f, z), competing with
T is equivalent to competing with the union of fixed actions {(f)];}ser and the
optimal strategy (7M)Z,. The equivalence of the infima of the cumulative losses
leads to the equivalence of the regrets over two different strategy sets. We compare
the infima of the cumulative losses over two different strategy sets in the following
equations:

T
inf Y (af+(1- )M (214-1), 21)
feF,ae[0,1] t=1

= inf inf lai(f,zt)Jr(l—a) i(WtM(zu—l),Zt)]
ael0,1] feF t=1 t=1

= inf [a inf Z(f, zi)+ (1 -a) i(ﬁi\/[(zu—l), Zt)]
ael0,1] feF t=1 t=1

T T
:min{ (7 (214-1), 2¢), inf Y (f, zt)}
-1 feF =1

t
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The first equality holds because of the linearity of the loss function ¢ with re-
spect to the first argument. The second equality holds because f only appears
in the term Y7 (f,%). And, the last equality holds because « inf feF YT (f, z) +
(1-a) Xt (mM(214.1), ) is linear with respect to a, and the infimum of a linear
function over a convex set [0, 1] is always at the boundary {0,1}.

The regret competing with the strategy set II} is defined as

T T

RegT(Hé\g) = Zﬁ(ft,zt)— inf laf +(1-a)mM(z214-1), 20),
t=1 feF,ae[0,1] t=1

and the minimax value of the online linear optimization problem competing with

the strategy set II} is

Vr(IT¥)= inf sup E ... inf sup E
P1eA(F) z1€21 fi~pr preA(F) zreZr(21r-1) fr~pr

T T
Y l(fr,z) - inf o > l(af + (1= )T (z14-1), 1)
=1 feF,ael0,1] t=1

This chapter is organized as follows. In Section 4.2, we analyze the minimax
value of online optimization that takes advantage of the predictable process M
and competes with the strategy set II%. Then, we apply the minimax analysis on
the online linear optimization problem. In Section 4.3, we show one online linear
optimization algorithm that achieves the minimax value. The algorithm benefits
from the given predictable sequence M;, and also avoids being hurt if the outcome
deviates from the predictable sequence. In Section 4.4, we consider the environment
with multiple predictable processes. Specifically, we derive algorithms on two cases,
(a) finite number of predictable processes and (b) infinite number of predictable
sequences and only one optimal strategy. In Section 4.5, we view the whole problem
from the viewpoint of dynamic regret [9].

4.2 Minimax Regret

In this chapter, we focus on linear loss ¢(f,z) = (f,z), where F is a unit ball with
respect to |- and Z is a unit ball with respect to the dual norm ||-| .. If the learner
receives the information that the coming outcome z; is guaranteed to be M;(z1.4-1),
the optimal strategy is to predict

Wiw(zlzt—l) = }ng__(ft)Mt(zl:t—l))-

If |- is a Euclidean norm, the optimal strategy is to predict
M (21—
M (21a) = _ﬂ_
| Mi(21:0-1) |
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If the learner receives the information that the coming outcome z; is close to
M;(z14-1), it is still wise to adjust the prediction according to the predictable se-
quence M;(z1.4-1).

Since the learner has the extra information M;, it is a significant advantage
compared to fixed actions. Therefore, instead of competing with fixed actions, we

use regret competing with strategies. The regret competing with the strategy set
T} is defined as

!

T
Regr(I1F) = Y (froz) = inf  Y{af +(1-a)m (zu-1), ),
t=1 feF,ae[0,1] ¢t=1

where the comparator term is the smaller one between the cumulative loss of the
best fixed action inf; z YL (f,z) and the cumulative loss of the optimal strat-

egy YL (7M(214-1), ). Further, we define the minimax value of the online linear
optimization problem competing with the strategy set I}/ as

VE(MY)= inf sup E ... inf sup E
P1eA(F) z1€21 firpt preA(F) zpeZr(z1r-1) fr~pr

YAfe,z)—  inf Z(Oéf+(1—04)WtM(Zl:t1)aZt)]

t=1 feF,ael0,1] t=1
Theorem 4.2.1. Suppose F is a unit ball with respect to the norm |- |, Z is
unat balls with respect to the dual norm | - |. and the loss function ((f,z) is linear

U f,2z) =(f,z). If the outcome z; € Z is always o4-close to the predictable sequence
My, i.e.

|z = Mi(z14-1) [« < 0u,
fort=1,....T, then the outcome set at time t can be defined as Zi(z14-1) ={z € Z:
|z = Mi(z14-1) |« < 01}. Therefore, the minimaz value of the online linear optimiza-
tion problem with respect to the strategy set IIY is upper bounded by

T
V(1) < Co‘\| >0}
t=1

where the constant ¢y depends on the smoothness of the norm ||-|. If the norm | - |

is Ly,-norm (p>2) in Euclidean space, the constant cq is 2 + ﬁ.

Before we prove Theorem [4.2.1] let us first prove a more general version of
Theorem with general loss functions.

Lemma 4.2.2. Suppose the prediction set F is a unit ball with respect to the norm
|- |, the outcome set Z is a unit ball with respect to the dual norm | - |, and the
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loss function is € : F x Z - R. If the outcome 2z, € Z is o4-close to the predictable
sequence My, i.e.
|20 = My(214-1) ||+ < 04,

fort =1,...,T, then the outcome set at time t is defined as Z(z14-1) = {z € Z :
|z = Mi(z14-1)|l« < ov}. Therefore, the minimaz value of the prediction problem
competing with the strategy set I1 and constrained adversaries is upper bounded by

Vr(IT)
T T
2 inf sup E ... inf sup E Zf(ft,zt)—il’lfzg(ﬂt(zu1),%)]
p1eA(F) z1€21 firpr preA(F) zreZr(zir-1) frpr Lt=1 mell ¢=1

T

<2 sug SUP]ESUE Z e (L(mi(Wii-1(€)), ze(€)) = L(m(Wiie-1(€)), Mt(WLt—l(E))))]
we Z € 7€ t=1

where w and z are Z-valued trees. C 1s the set of Z-valued trees z such that all

paths are oy-close to the predictable sequence M, i.e., for everye € {+1}T andt e [T],

|z:(€) = Mi(z1:4-1(€)) |« < 0.

Proof. According to (3.2.3]) in Theorem [3.2.2) the minimax value of the online linear
optimization problem with respect to the strategy set II and constrained adversaries
is upper bounded by

Vr(I) < sup E E-- sup E E

p1€P1(:) z1,21~p1 €1 prePr(x1r-1(€1:7-1)) 21,25~ €T

sup li e (U(me(Xre-1(€re-1)), 21) = L(me(Xe-1(€1:e-1)), 2)) | 5

mell | ¢=1

where Py(x14-1(€1:4-1)) is a simplex on the set Z;(x14-1(€1:1-1)). The “selector func-
tion” x : Z x Z x {£1} - Z is defined as x(z: 2/, +1) = 2z and x(z,2/,-1) = 2.
The selector function selects between z; and z; depending on the third argument.
When the context is clear, we use x:(€) to represent x(z, 2}, €) for simplicity. Next,
we add and subtract corresponding loss terms with M, to the last statement. The
minimax value of the prediction problem is upper bounded by

Vr(Il)<sup E E  sup E E-- sup E E

P1€P1 21,27 ~p1 €1 p2ePa(x1(€e1)) 22,25~p2 €2 prePr(xur-1(enT-1)) 21,20~PT €T

sup [Z €0 (0(me(Xa-1(€re-1)), 2) = L(me(xe-1(€1-1) ), My(X1:-1(€14-1))))

mell | ¢=1

+ t; €t (g('ﬁt(Xlzt—l (€1zt—1)), Mt(Xlzt—l (€1zt—1))) - g('ﬁt(Xl:t—l (61:t—1)), Zt))
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After z;, z{ and ¢ are revealed, x:(¢;) is fixed and can only be either z; or z;. We
remove the dependency of y;(¢;) on ¢, and replace x;(¢;) by y;, which is either z
or z;. Therefore, the minimax value of the prediction problem is upper bounded by

Vr(Il)<sup E E sup sup E E.- sup sup E E

P1€P1 21,21 ~p1 €1 y1€{21,2] } p2€Pa(y1) 22,25~p2 €2 yr-1€{2r-1,2%_1 } PTEPT(Y1:7-1) 21,2 ~PT €T

sup[zet (i), 2) — Emayras), i)

mell | ¢=1

+ t; er (U(me(Yr-1))s Me(y:e-1)) = U(7e(Yre-1), Zt))]

< sup E sup sup E sup - sup sup E

21,21€21 €1 y1€{z1,2]} z2,25€Z2(y1) €2 yae{z2,25}  yro1e{zr_1,2h_ } 21,200 € 21 (yr17o1) €T

sup [Z e (U(me(yre-1), 2¢) = L(me(Yre-1), Me(Y1:e-1)))

mell | ¢=1

+ t; e (U(me(yr:e-1)), My (y1:-1)) = £(me(Y1:-1), Zt))]

Furthermore, as z;,2{ € Z;(y14-1) and y; € {2, 21}, then y; € Zi(y1.4-1) is true. If we
drop the constraints on z; and z/, and loosen the constraint on y; to be y; € Z;(y14-1),
the minimax value is upper bounded by

Vr(IT) < sup Esup sup E sup - sup sup E

21,21€Z €1 Y1621 29,20€Z €2 ygeZa(y1)  yr-1€27-1(Y1:7-2) 27,2 €Z €T

sup lz er (U(me(Yre-1), 20) = U(me(Yrie-1), Mi(Y1:-1)))

mell | ¢=1
T
+ Z & (U(me(yre-1)), Mi(yre-1)) = €(me(Yre-1), Zt))]
t=1
<2supE sup supE sup - sup sup E
zn€eZ €1 y1€2y 29€Z €2 yseZa(y1)  yr-1€27-1(yrr-2) 2T7EZ €T

sup [Z e (U(me(Yrie-1), 2t) = U(me(Yre-1), Mt(yl:t—l)))] (4.2.1)

mell | ¢=1

since the two terms obtaining by splitting the supremum are the same. If we define
a new strategy 7’ and a new loss function L as

L(7i(y1:-1), 2¢) 2 U(me(y1:-1), 2¢) = O(me(Yr-1) s Mi(Y1:-1) )

then (4.2.1) matches the format of ([3.2.4). Therefore, steps of Theorem [3.2.2] af-
ter (3.2.4) go through and the minimax value of the prediction problem is upper
bounded by
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Vr (1)

<2supsupEsup | Y & (U(my(Wi-1(€)), 2:(€)) = U(mp(Wr-1(€)), My(wi-1(€)))) |,

weC 2z € qell | ¢=1

where w and z are Z-valued trees. C is a set of Z-valued trees and all paths are
os-close to the predictable sequence. O

Now, let us prove three propositions to prepare for the proof of Theorem [4.2.1]

Proposition 4.2.3 (a simplified version of Example 13 in Section 12.1 of [16]). If
X is a R-valued tree, then
(E

Proof. 1f x is a R-valued tree, then

2
(E | <E

where the first inequality holds because of Jensen’s inequality f(E X) < E(fX),
which holds for R-valued random variable X and convex function f(-), and the
second equality holds by expanding the squared term, and the third equality holds
as the E_ e e,x,(€)x4(€) =0 when s # ¢. O

> exq(e) ) < IeE;|Xs(€)|2

t=1

“E Y aexu()xi(e) =E Y [x,(e)

€ s,t=1 € t=1

Zetxt(e)

t=1

Z erxy(€)

t=1

Let us fill in some background on convex duality. A differentiable function
U : F - R is o-strongly convex with respect to | - ||, that is

o
Vi f2e FoU(f) = V() 2 (fi = f2, VE(f2)) + §Hf1 - fol%
Define U* : Z - R as the Fenchel conjugate of ¥, that is

U (z) = sup(f, z) - W(/f).
feF

Then, the definition of the Fenchel conjugate shows the Fenchel-Young inequality,
ie.,

VfeF VzeZ (f.2) <U(f)+ V" (2),
and Lemma 15 in Appendix A.4 of [20] shows that

1
Vzl, Z9 € Z,\I]*(Zl) - ‘I/*(ZQ) < <V\I’*(Zz)721 - ZQ) + %Hzl - ZQHE. (422)
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Proposition 4.2.4 (a modification of Lemma 2 in [10]). Let Z; € Z be mean zero
independent random vectors, then

T T 2
E[\P* (ZZt)] < Zt=1E||ZtH*‘
t=1 20

Proof. shows
t+1 t t 1
\I]* (Z ZS) — \Ij* (Z Zs) < <V\Ij* (ZZS) JZt+1> + %HZt‘FIHE
s=1 s=1 s=1

Taking expectation with respect to Z1,...,7Z;, Z;,1 and noting E Z; 1 = 0, then

t+1 t ‘ ) ,
EW*(ZZS) B (zzs) c (m* (ZZS),EZM>+ E\Zl? Bl
s=1 s=1 o

s=1 o
Summing the last statement from ¢ =0 to t =T -1, we have

T T 2
" E|Z
E@*(}jzt)g—Zt-l H t”*.
P 20

[]

Proposition 4.2.5 (a modification of Proposition 12 in [19]). If F is a unit ball
with respect to | - |, then

‘ T
Esup{f > exy( e)) <[ DoE[xi(e)]3,
€ feF t=1 t=1 €

where the constant ¢ depends on the smoothness of the norm | -|. If the norm | - ||

is Lp,-norm (p>2) in Euclidean space, the constant ¢ is ﬁ.

Proof. By linearity and Fenchel-Young inequality,

ESUP<f7 ietxt(€)> - %IEESUP (f A ZEtXt(€)> < l [SUP‘I’(JC) + U ()‘Zetxt(e))]

€ feF t=1

Using Proposition 4.2.4] we have

€ feF t=1

Esup(f,Zetxt(e))<lsup\lf(f)+— l *(Aietxt(e))]

1 1 E, 2
- up\I/(f) Zt 1 H)‘Etxt(e)H
/\ 20
T 2
_ lsup\lf(f) + Aztzl Ee ”€txt(€)||*
A fe_’]: 20-
T 2
1 SU.p\I/(f) + )‘thl Ee ”Xt(e)”*
A fe_’]: 20’
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_ 20supser ¥(f)
A=/ E mop then
T sup rer V(f) I
Esup<f,zetxt<e>) RV LUCALERRN b TR
€ feF t=1 20 t=1 €

If the norm | -| is L,-norm (p > 2) in Euclidean space, then the function ¥(-) = ] -[?
is (p — 1)-strongly convex. Therefore,
suprer U(f)  1/2 1
20 2(p-1) 4(p-1)

and

T 1 T
Esup(f,) ex e>£ . E ||x;(€)]2.
ssap 13 x()) < 5 A | TEIx(O)

O

Now, let us apply Lemma |4.2.2| and the last three propositions to prove Theorem

421

Proof. of Theorem [4.2.1} Suppose the loss function is linear ¢( f, z) = (f, z) and the
strategy set is II}Y. Using Lemma [4.2.2) we conclude that

VL) < 2supsupE sup [Z e{m(wis-1(€)),2(€) - Mt(wlzt_l(e)))] .

weC z eweﬂé‘__/l t=1

Then,

T
V%(H%) < 28118 supE iuj}g [Z e{af+(1- )M (wiy-1(€)), z(€) - Mt(wl;tl(e)))]
we z € € t=1
ae[0,1]

according to the definition of the strategy set II}. By the linearity of the loss
function, we have
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T
VE(ITY) <2supsupE sup sup [oz Y el f,ze(€) = My(wii-1(€)))
weC z € qe[0,1] feF t=1

M=

+(1= ) Y em! (wiei(€)), ze(e) - Mt(Wl:t-l(E)))]

o~
Il
—_

=2supsupE sup [asupZet frzi(€) = My(wii-1(€)))

weC z € ae[0,1] feF t=1
T

(1= ) St (w1a1(). () - Mt<wl=t_1<e>>>]

t=

!

~2sup supEmax{su > el () = Mu(w121(9)).

weC 2z €

Mw

s (w101 (6)), 24() - Mt<wm_1<e>>>}

I
—_

t

The last equality holds because of the definition of dual norm. Then, the minimax
value of the prediction problem is upper bounded by

T
Vi(IT}) < 2sup supEiu]g > el foze(€) = My(Wi-1(€)))
we z € feF ¢=1

T

S e (waaa (), 2:(6) - Mt<wlzt_1<e>>>‘ .

t=1

+2supsup £

weC 2z €

According to Proposition we have

supsup E

weC z €

iEt Wlt 1 E)) Zt(G) Mt(wlztl(e))>|

t=1

0=
Q
o

1/2
< supsup (EZ|et M (wis1(€)), z:(e) - Mt(wl;t_l(e)))‘z) <

weC z € =1

~+
1}
—_

According to Proposition we have

supsupEsupZet frzi(€) = My(wi4-1(€)))
weC z € feF =1

weC z t=1 € t=1

T T
< sup sup c\l Y E|zi(e) - My(wiea(€)) |2 <en| D, o}
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where the constant ¢ depends on the smoothness of the norm | - |. Therefore,

VE(IY) <2(1 + )y ‘ iaf.

If the norm | - | is L,-norm (p > 2) in Euclidean space, then the constant c is —

2y/p-1

and
Y4 M 1 =
VT(H}') < (2 + \/pj) Zatz

t=1

4.3 Algorithm

Theorem indicates the existence of better online optimization methods if the
predictable sequence is available. In this section, we present an algorithm that
obtains an upper bound that matches the minimax value in Theorem [£.2.1 Our
algorithm mainly combines the Exponential Weights Algorithm and the Optimistic
Mirror Descent Algorithm. The Optimistic Mirror Descent Algorithm is introduced
in [I7], and we show the Optimistic Mirror Descent Algorithm and several related
results in Subsection 4.3.1.

4.3.1 Optimistic Mirror Descent Algorithm

Algorithm 4 Optimistic Mirror Descent Algorithm

Input: R is a 1- strongly convex function with respect to |- |, learning rate n > 0
Initialize: f; = g1 = argminR(g)
geF

fort=1to T do
predict f; and update

® gy =argmin 1(g, %) + Dr(g. 9¢)
geF

o fia= arg rjrtlin n{f, M) + Dr(f, gis1)

end for

Lemma 4.3.1 (the same as Lemma 2 in [I7]). Let F be a convex set in a Banach
space B and X be a convex set in the dual space B*. Let R : B — R be a 1-strongly
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convez function on F with respect to ||-|. For any strategy of Nature, the Optimistic
Mirror Descent Algorithm yields, for any f* € F,

T T n &
Z(ftyzt Z [y < R+ —ZHZt_MtHE
t=1 t=1 24
where R2, =maxs.rR(f) - minger R(f).
Suppose F € R¢ is the probability simplex and Z is /., ball. If
d
R(w) =Y w(i)logw(i) -1
t=1

for w € F, then the Optimistic Mirror Descent Algorithm (Algorithm [4)) is simplify
to the Optimistic Exponential Weights Algorithm (Algorithm [5).

Algorithm 5 Optimistic Exponential Weights Algorithm

Input: learning rate n >0
Initialize: wy = vy = (3,..., %)
fort=1to T do

predict w; and update

o (i) < exp{-n XL 2(i)}
o wya(i) o< exp{-nXi z (i) - My (i)}

end for

Lemma 3 in [I7] shows that the Optimistic Mirror Descent achieves a regret
bound in terms of local norms

|v]w = \/m, forveF

and
2] = V2TV*R(w) 2, for z € Z,

where the Hessian V2R (w) is diag(w(1)7!,...,w(d)™).

Lemma 4.3.2 (the same as Lemma 3 in [I7]). The Optimistic Mirror Descent on
the probability simplex enjoys, for any w* € F,

T T log d
S (wy —w*, 2) <20 (2 = My 5,)2 + —==
) =1 n

as long as n|z — My|e < 1/4 at each step.

50



Algorithm 6 Main Algorithm
Input: R is a 1- strongly convex function with respect to ||, learning rate r; > 0
and 7, € (0, }1]
Initialize: fi = g1 = argminR(f) and a; = 1
feF

fort=1to T do

predict hy = ag fy + (1 - ap)mM

observe z;, suffer loss (hy, z;), update

® g =arg gnnmg, z) + Dr(g,9t)
gE

° fre1= ar%rjrrlinm(f, Mt+1> + DR(ﬂ gt+1)

exp (—m2 XL_1{fs,zs)-n2{ fee1,Mis1))

o (.=
1™ oxp (—m2 S8y (Fs2s)—m2( fra1,Mis1 ) )+exp (—m2 4 (7M 25 ) =2 (72D Mis1))

end for

4.3.2 Main Algorithm

Algorithm [6] combines the Exponential Weights Algorithm and the Optimistic Mir-
ror Descent Algorithm [17]. The update step in the Optimistic Mirror Descent is
exactly the f; update in Algorithm [6] According to Lemma the cumulative
loss of the Optimistic Mirror Descent Algorithm is upper bounded by the cumula-
tive loss of the best fixed action plus a measure of closeness between the outcome
and the predictable sequence. It guarantees the low regret competing with fixed
actions {f € F}.

As we are competing with both fixed actions {f € F} and the optimal strategy
M the Optimistic Exponential Weights Algorithm balances between fixed actions
and the optimal strategy. The optimal strategy 7™ and the Optimistic Mirror
Descent Algorithm (f;)L, are viewed as two experts. The parameter «, the update
of the Optimistic Exponential Weights Algorithm, tunes the weights on two experts
based on the historical performance and also the estimated further performance
according to the predictable sequence M,.

At step t, we assign weight oy to f;, and weight 1—a; to 7. Then the weighted
loss of (f;, 2:) and (7, z;) is

ar(fe, ze) + (1= )(m 2).

This process can also be viewed as an online linear optimization problem, the pro-
tocol is equivalent to (a) predict a vector (ay, 1 - ay) in a simplex, (b) receive the

predictable vector ({f, M;), (mM, M,)), (c) observe the loss
((atv 1- O‘t)’ ((fh Zt)> <7TiM’ Zt)))
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This loss equals to the weighted loss of (f;, z;) and (7}, z;). This change of viewpoint
helps us use the result in Lemma [5]

Algorithm [6] mainly follows the setting of the Optimistic Mirror Descent Algo-
rithm in Algorithm [5] R is a 1-strongly convex function with respect to a norm |- |,
and Dg(-,-) denotes the Bregman divergence with respect to R. |-|. is dual to |- .
Also, for all algorithms presented in this section, M; is assumed to be 0 without
loss of generality. With the assumption that we receive the predictable sequence
{M,}, from outside, we do not write the dependence of { M}, on the past explicitly.

Theorem 4.3.3. Let F be a unit ball with respect to | - |, Z be a unit ball with
respect to the dual norm |- |, and R : F - R be a 1-strongly convex function on
F with respect to | -|. For any sequence zy,...,zr € Z, a* € [0,1] and f* € F,
Algorithm [0 yields

T T

1
Sl = oo+ (1=t ) < (20 L) 3 o= I+ LR
t=1 2

=1
where R2,,. = maxser R(f) —mingerR(f), m >0 and ny € (0,1/4].

Proof. If the Optimistic Mirror Descent Algorithm (f;)Z, and the optimal strategy
[IM are viewed as two experts, (fi, z:) and (7, z;) are the corresponding losses at
step t. Then, there are three equivalent ways to represent the regret,

T
(he, ) — Z a fr+(1-a)mM z)

t=1

M’ﬂ

~+
I
—_

o feoze) + (1 - ) (w2 204 (froz) + (L =ar ) (mM, 2)

~
Il
—

M=

<(at71 at) ((ftazt 7Tt ) 2 ; Q 71_05*)7((ft72t>7<7ri\/[72t>)>

~
[y

The first equality holds by replacing hy by oy f; +(1-a; )7}, and the second equality
holds by reorganizing the inner product. The last formula matches the format in
Lemma 4.3.2

At time ¢, we predict w; = (o, 1 — ), and suffer loss

((atv 1- at)a ((ft7 Zt>7 <7T1£V[7 Zt)))'

According to Lemma [4.3.2] (the dimension of the simplex d = 1), the Optimistic
Exponential Weights Algorithm with learning rate 7 enjoys, for any a* € [0, 1],
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;((O‘tvl at) ((ft)zt 7Tt y & ; (()1*,1—04*),(<ft,2t> (7Tt 7Zt>))
<2 Zl[mfhz» <7r£%zt>>—(<ft,Mt>,<7rtM,Mt>)>||zat,1at)]2+n—12
= 2 3 [z~ M, (251 M) ] ¢ - o= Al

as long as no||({fi, 2e — My), (mM, 2, = M;)) |0 < 1/4 at each step. This constraint is
always true as long as 7o < 1/4. As hy = oy fy + (1 — )M, the inequation above is
equivalent to

T T T
Z(ht,zt):z arfi + (1 - a2 Sa*z fo,ze)+ (1 -« )Z M z) + A(n).
t=1 =1 =1

(4.3.1)

On the other hand, f; is the update of the Optimistic Mirror Descent Algorithm
with learning rate 7;. According to Lemma [4.3.2] for any f* ¢ F

T T T
Do forzi) =SS 2) < R+ 5 (2= Mi)? = B(m). (4.32)
t=1 t=1 t=1

If inequalities (4 and (4.3.1)) are combined, for any f* e F and o* € [0,1],

Sz <o [z I +B<m>]+<1—a*>t_21<7r%zt>+A<n2>

Mﬂ

(a" f+ (1 =a")mM, z) + A(np) + o” B(m)

~
Il
—

Mﬂ

(" fr+ (1 —-a")m, z) + A(nz) + B(m)

~+
1}
[y

Then,

Z;(ht,zt) - t;(a*f* + (-, z) < A(mp) + B(m)

= A(n2) + 7711R2

max

1
5 (||Zt Mt||*)2
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As local norm ||z|;, is defined as /2TV2R(w) 'z and the Hessian V2R(w) is
diag(w(1)71,...,w(d)™'), then

A(m) =20 Y [ ({fir 2 = M), (w24 - Mt)))|zat71at)]2+%

T
1
=21 )" [0 (fir 2= M) + (1= ) (20— M) ] + —
t=1 T2
I 1
<2m ) [l fill2lz = M2 + (1= @)l |2z = Mif2]+ —
t=1
I 1
S27] Z”Zt Mt”z'i'_
t=1 12

Therefore,

T T
Z(ht, Z) = Z(Oﬁ*f* +(1-a”)m!, z)
t=1 t=1

T
< 21y Z |2e = My|)? + 77_ + = Z |2e = M|)? + —R2
=1 2

[]

If we know Y7, | z,—M,||? ahead of time, the regret bound O(v/X1 | |z — M;|?) is

. ) -1/2 ~1/2
achieved by choosing n; = (Zthl | ze — My ||Z/2Rmax) and 7y = (2 YLz - Mt||§)
Moreover, the standard doubling trick helps us to obtain the convergence rate even
YLy |z = M,||? is unknown in advance.

Lemma 4.3.4. Divide the learning problem into phases, with a constant learning
rate \; = \o27" throughout the i-th phase, for some g > 0. Define fori>1

5N
Sit1 = mm{T — Z l2e = My)|? > —(1 +Rmax)}

t=s;

to be the start of the phase 1+ 1, and s; = 1. Let N be the last phase and let
Sn+1 =T+ 1. Then, Algorithm [ with time-varying learning parameters n; and s

yields
T T
YAhe,z) =D (" fr+ (T-a")m, z) < Cn Z”Zt M2,
=1 =1

where the constant Cy is problem dependent.
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Proof. Let 1 =mn; =, then Theorem [4.3.3] shows that Algorithm [6] yields

T T 59 L 1
Yhhe,z) =D A" fr+ (L-a)m ) < =) |z — My + =(1+ R,,).
t=1 t=1 2 4 n

Without loss of generality, assume N > 1. Then,

t=1 t=1
N [sps1-1 Sg41-1
SZ[ (hy, ) — Z (" f*+(1-a")m ,zt)]
k=1L t=si t=sy
N 5)\ Sk+1—1
> [7 5 - MR -1+ B2
k=1 t=sy,
<2 Z _(1 + Rmax)

where the last inequality holds because of the definition of s;. Also observe that

SAn-1 I
]2\[ - Z H’Zt—MtHE > r2nax)7
t=sN-1

which implies

10X, 2= M2 | 108E, (2 - M2
19N _ -1 _ -1 t=s * t=1 t tl *
A;2N = A = 227, S\J e < o

max max

Hence, the regret is upper bounded by

N N T
2(1 + Rr2nax) Z )\121 = 2(1 + RIQnaX))\(_)lzN Z Qk_N < 4\] 10(1 + Rmax Z Hzt - Mt”%
k=1 k=1 t=1

For general version of the Doubling Trick, details are shown in Appendix B of

7.

4.4 Learning the Predictable Processes

Algorithm@yields regret of O(\/ L, |z — M,|2) if we have access to the predictable
sequence (M;)1. It shows that we can benefit from the predictable sequence.
Sometimes, there are multiple predictable sequences M = {(M,)1}, instead of one
single predictable sequence. We know that the outcome is close to one sequence in

the set M = {(M;)s»1}, but have no idea which one it is. This idea is formalized as:
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IM* € M, such that |z, — M} (z14-1) |+ < 0y, Vte[T].

It is interesting to consider the problem of choosing the best predictable sequence
from the predictable sequence set M = {(M;)1}. In the online learning language, it
can be expressed as competing with all of the optimal strategies 7™ for all M € M,
and also all of the fixed actions { f € F}. To formalize the idea, we want to compete
with

min{infi(f,zt), inf ET:(WI{M,ZQ}’

feF t=1 MeM t=1

which is equivalent to

T
inf Z(af +(1-a)mM, 2),
feF t=1
MeM
a€[0,1]

and the new format makes it easier to apply the result in Lemma 4.3.4!

In this section, we explore the model selection problem in two cases. The first
case is when the size of the predictable processes is finite, and we handle this case by
adding one more layer of the Exponential Weights Algorithm on top of Algorithm
[6l In each step, we first apply Algorithm [f] to each predictable sequence M € M,
and then aggregate the output by the Exponential Weights Algorithm.

The second case is when there is only one optimal strategy, even though there
are infinite predictable sequences. One example is the online linear optimization.
If these infinite predictable sequences have the same direction, the optimal strat-
egy is the same even through the magnitude of these predictable sequences may
vary widely. We solve this case by combining the Exponential Weights Algorithm,
Optimistic Mirror Descent and Gradient Descent algorithm.

4.4.1 Finite Predictable Processes

Let F be a unit ball with respect to |- |, and Z be a unit ball with respect to the
dual norm | - |.. Suppose M is a set of predictable processes, and the outcome
21,...,2 € Z is close to one of the learning process {(M;);»1}, i.e., there exists
M e M such that |z; — Mi(z1:4-1) |« <oy for all te {1,...,T}.

Algorithm [7] chooses the optimal predictable sequence adaptively with three lay-
ers. On the bottom layer, the Optimistic Mirror Descent Algorithm updates fM for
every predictable sequence M. It guarantees the low-regret performance competing
with fixed actions. On the second layer, the Exponential Weights Algorithm up-
dates hM for every M. This step balances the fixed actions and the optimal strategy
with respect to M. According to Algorithm [6]in Section 3, these two layers produce
updates that have regret bound O(v/Y7 | |z — M;|2) when competing with optimal
strategies 7 and fixed actions.
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Algorithm 7 Finite Predictable Processes

Input: R 1-strongly convex with respect to | - ||, learning rate n > 0

Initialize: for every M € M, q(M) = ﬁ, learning rate n > 0 and n}! > 0,

M =g =argminR(f) and o = 1
feF

fort=1to T do

predict g; = ¥ renq (M)
Observe z; and for every M € M

o W=allfM+(1-ai)m!

o g = argr;lin m (g, 2) + Dr(9, g:)
gE

g ft% = ar%rjr__lin m{f, M) + Dr(f, grs1)

M eXP(*WéM i:l( é‘ﬁ%)*ﬁé”( %pMHl))

[ ] (8% =
417 exp (-0 XU (FM zs) -0 (FM My ))vexp (-0 S8 (aM z6)-nd(m M| Myi1))

Qo1 (M) oc g, (M)e~ (" z)+z].)/2
end for

The top layer g, is the update of the Exponential Weights Algorithm that adap-
tively chooses the optimal predictable sequence. The multiple factor for weights
update in this step is

exp {~((h{", ) + [ 2].)/2},

instead of the exponential of the loss directly. It is because the particular regret
bound for the Exponential Weights Algorithm ([3], Theorem 2.4, Corollary 2.4) is
needed for the top layer, and it requires the loss per step to be a number between
0 and 1. The update g; adaptively adjusts the weights on the middle layer updates
{hM} vream, and the optimal predictable sequence is adaptively selected.

Theorem 4.4.1. Let F be a unit ball with respect to | - |, and Z be a unit ball
with respect to the dual norm |-|.. Suppose M is a set of predictable processes, the
cumulative loss of Algorithm[7 satisfies

T 7 T
(gt,2t> < LT +\I (LT + Z ‘ZtH*)h’lyM‘ +1H|M|,
=1 t=1

t

where
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T
_
b ® i 2 =)

T
< min inf  Y(af+(Q-a)rM, z)+Cuy Z“Zt M|% .
MeM feF,ae[0,1] t=1

To interpret the result, we need to understand Lt and L+ Y 2] First, the
range of Ly is [~ Vit 26l Tizy 1241, s0 the range of Ly+3 2] is [0,2 X5 2.]-
If L7+ Y7, | z|. goes sub-linearly, we can benefit from the predictable sequence.

Also, according to the definition of L, Ly is upper bounded by

T ‘
L7 <min A%% ;wa, 1)+ O | D 1z — My|2 ¢,

T
inf ) (f,2)+ mln Cur |2 = My |2
fe]-'tZ; MeM \ 1;

The first term captures the performances of predictable sequences and corre-
sponding strategies {m™},enq, and the second term captures the performance of
fixed actions {f € F}. The result shows the regret continuously depends on the
distance between the optimal predictable sequence and the outcome, i.e.,

T
3 _ 2
min 4 Cy ; |2 = Mr|?

We prov1de three corollaries to better understand Theorem [7] espemally the
Lr+ YL |z]. term and L* term. The first corollary interprets the Ly + ¥L, |z
term when both F and Z are unit balls with respect to | - ||2. The other two
corollaries focus on two extreme cases. In the optimal case, the algorithm picks
the optimal predictable sequence automatically without extra price, and it recovers
the Halving algorithm. At the same time, the algorithm guarantees that we still
perform as well as the best fixed action in term of 7" in any situation.

Proof. of Theorem [4.4.1, According to Lemma [4.3.4) the cumulative loss of hM
satisfies

T |
Z M 2) inf  Y(af+(1- a)mM z)+ Cy > Nz — M2
t=1 fe}‘,ae[o,l] t=1
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Then, {hM}repm are treated as | M| experts, and corresponding losses are ((hM, z;) +
Iz¢l+)/2. The Exponential Weights Algorithm (Theorem 2.4, [3]) with parameter n
yields

N Lr+3T .
i (g5, 2:) + | 2] nmlnMEMZt1M+IH|M|:U%IH%”+IH|M|.
t=1 2 1_677 1_6_77

The last equality holds as L7 is defined as min e pm Zt (M, z). According to Corol-
lary 2.4 of [3], we set the parameter n to be ln(1+\/4ln|M]/(fT+ZZ:1 Hzt]*)).

Then, we have

i (g1, 2e) + [ 2]« B E’ + Zthl |2 « < \/ZE + Zthl [EAR In| M|+ In | M|
2 2 R 2 |
t=1

By canceling the common term Y7, |z]|,/2 and moving Ly to the right-hand side,
the last statement is equivalent to

T T
oz < Ty (LT+z|zt||*)1n|M|+1n|M|.
t=1 t=1

Corollary 4.4.2. If both F and Z are unit balls with respect to |- |2, we have

LT+Z HZt||2 < ml/\r}t 22 ”Zt Mt|2+CM\| Z ”Zt Mt||2 .

If there exists one M € M such that |z — M;|2 < oy, then

o T T
L+ |z <2) oe+ Cy| Dot
t=1 t=1 =1

Proof. According to the definition of L, we have

T
L7 < min inf D (af+(1-a)mM, z)+Cu Z |z — M¢||?
MeM feF,ae0,1] t=1

T T
. M _ 2
< ]I\/Ijlgl./\l}[ ; Ty % + OM ; Hzt MtH*
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the last inequality holds by setting a to be 0. Now, let us focus on the Zthl(wa ,2t)
term. If both F and Z are unit balls with respect to | - ||z, we have

M, Mt Zt )

aM N szl = —(—— 2N + 20 = |2 (1_—
( righ t) H t||2 <HMtH27 t) || tH2 H t||2 <HMt”27 HZtHQ

Define the inner product between the normalized z; and M; as «, we have

(mit,2) + |2tz < 2]z = My

as
o if (Mt,Zt> > O, i.e., Q€ [O, 1:|
l25(1 = a®) = ||z = M3
= 2531 = a®) = (|25 = 2l ze |l M 20 + || M]3)
= (230 = 2] 2] 2| Mifl 200 + || M ]3)
= (220 = |M]2)* <O
So,
(m ) + 1zl = |2l 2(1 = @) <z 2V1 = a? < |2 = My 2
o if <Mtuzt) < 0, i.e., o€ [ 1 0)
(m, z) + [zl = (1= @) zell2 < 2] 2]
and
|2e3 < 122]5 = 20| 2|2 My ll2 + | M]3 = || 2 = M3
So,
T T T
YAm oz + D lzlla <27 |z = My
=1 =1 =1
and

T T T
LT+ZHZ,5||2S min QZ”Zt_Mt”Q—'—CM Z”Zt_MtH% .
=1 MeM\ 5 t=1

Corollary 4.4.3. Suppose F and Z are in Euclidean space, then

T
> g1, ) <m1n{1nfz f,z), 1nf Zwt , 2 }+ln|/\/l|
i=1

feF t=1

if there exists one M* € M such that z, = M} Vt.
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It recovers the result of the Halving algorithm. We make at most In | M| mistakes,
and suffer at most loss 1 for each mistake.

Proof. If there exists one M* € M such that z, = M V¢, then the optimal strategy
with respect to M* is

oM = argmin(f, M,) = _ A
feF | 2]
and
(m, My) = =] 2]

If we pick a =0 and M = M*,

T
Ly < min inf Y (af+(1-a)rM, %)+ Cy ZHZt M, |)?
MeM feF,ae[0,1] t=1

T

<SS 2+ Cor zuzt MR = S ) == 3 Ll

t=1 t=1 t=1

Apply Ly < X7 (#M* 2,) and Ly + $L, || %), = 0 to Theorem [4.4.1] we have

T T T
Z(gt,zt) < Z(ﬂiw*,zt) +In|M|=inf Z(ﬂtM,zt) +1In|M|.
=1 =1 MeM {1

It shows that the optimal predictable sequence is automatically picked, and the
extra cumulative loss compared to follow the best predictable sequence is at most
In|M|. At the same time, as

T

Z Gts 2t) Z”Zt” +In|M| < -
=1

ZZt

this algorithm also guarantees that the cumulative loss is upper bounded by the
cumulative loss of the best fixed action plus logarithm of the size of the predictable
sequence set. ]

Corollary 4.4.4. If F and Z are unit balls with respect to ly-norm | - |2, then the
cumulative loss of Algom'thm@ competing with fixed actions {f € F} satisfies

+ln|M|—1an f,z) +In|M|,

feF t=1

T
Z Gt, 2t) mfz fsz)
=1

feFt=1

MeM

T T
+ Jﬁﬂl‘/\l}l 22||Zt_MtH2+CM ZHZt—Mt”% 1n|M|+1n|M|
¢ t=1 Jt:l
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Proof. If F and Z are unit balls with respect to fo-norm | - |2, we have

T T T
LT+ZHZt||2S min 2Z||Zt_Mt||2+CM Z”Zt—MtH% .
t=1 MeM\ i3 t=1

If we only consider the regret competing with fixed action {f € F} and pick a =1,
we have

T
L7 < min inf D (af+(1-a)mM, z)+Cy Z”Zt My||?
MeM | reF aef0,1] =1
T
< inf Z frz)+ mln Cun| Y. 1z — M2
feF t=1 =1

Applying previous two inequalities to Theorem [4.4.1] we have

T T
Z gtazt —inf Z(ﬁ Zt)
t=1

feFt=1

T
< min CM\ Z H,Zt - Mt”%
t=1

MeM
T T

+ ]I\}ll/\r}( 22’|Z7§_MtH2+CM ZHZt—Mt”% ln|M|+ln|M|
€ t=1 t=1

If we put no constraint on the outcome, the regret competing with fixed actions
is ¢y/T In| M| +1In|M|. Compared to the O(\/T) regret, we perform much better in
the optimal case, and in the worst case, we do not suffer more in term of 7.

]

4.4.2 Infinite Predictable Sequences, Only One Optimal Strat-
egy

Let us consider another special case, where there are infinite predictable sequences
with only one optimal strategy. Suppose F is a unit ball with respect to | - |, and
Z is a unit ball with respect to the dual norm | - |, and the loss function is linear
((f,z) =(f,2)

If we know the direction of the next move, but are not sure about the magnitude.
There are potentially infinite predictable sequences based on different magnitudes.
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However, there is only one optimal strategy as the loss function is linear. The
optimal strategy is to choose the opposite direction with maximum magnitude.
Mathematically, the sets of predictable sequence is {AM }e,1, Where M is one
predictable sequence based on history and |M]||, =1 and the optimal strategy is to
predict 7™ = —M, /| M| at time t.

In this section, we show an algorithm such that we benefit from these infinite
predictable sequences and it also guarantees our performance even if the outcome
is away from predictable sequences.

Algorithm 8 Infinite Predictable Sequences, Only One Optimal Strategy

Input: learning rate 79 > 0, 71 > 0 and 7, > 0, R self-concordant barrier
Initialize \; =0, f; = argminR(f) and oy = 3
feF

fort=1to T do
predict h; = a; fi + (1 — oy )™M, observe z;, suffer loss (hy, 2;), update

o M=o (A =m0 %|A=At |2e = AM¢|?)
o ]T]Hl = A1 Mi

® G = argr;lin m{g,z) + Dr(9, g:)
ge

o fre1 :ar§1;1in 771<f7 E+1)+Dn(f,gt+1)

_ exp (—n2 281 {fsr2s)—n2{ fre1,Mrs1))
Qi1 = — 7 ~ =7 _ T M L\ M AT
eXp( 72 Zs=1<f37zs) 7]2(ft+1:Mt+l))+eXp( 2 Zs=1(ﬂs 725) 772(7rt+17Mt+1))

end for

It is also a three-layer algorithm. We first update the magnitude \; by gradient
descent to get the optimal predictable precess M, = \M,. Then, we update f; by
the Optimistic Mirror Descent Algorithm with M,. Finally, we use the Exponential
Weights Algorithm to balance between the optimal strategy 7™ and fixed actions

{feF}.
Theorem 4.4.5. For any o* € (0,1] and f* € F, Algorithm [§ satisfies

T T T
Z(ht,zt) — Z(Oé*f* + (1 — OK*)T('i\/[, Zt) < Cl\‘ inf Z HZt - )\Mt”z + CQﬁ

t=1 t=1 Ae(0,1] ¢=1

Proof. ™M is the optimal strategy no matter how X is chosen. According to Lemma
[4.3.4) we have

T T T ~
(huy2e) = D " [+ (L-a”)m z) < 01\‘ > Iz = M2
=1 t=1 t=1
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As \; is the update of gradient descent with the goal of minimizing the regret

T T
ZHZt_)\tMtHE_ 1nf Z”Zt—AMtHE,
Ae(0,1] ¢=

t=1
then
ant M,|? < inf ant AM, |2 + CoNT

Ae(0,1] ¢=1
due to the optimality of gradient descent and the convexity of the function |z, —
AM,|? with respect to A. O

Furthermore, we can build history dependent structure on the magnitude, in-
stead of fixed magnitude A € (0,1]. Then, we apply techniques from “Competing
with Strategies”, and get more interesting results.

Also, we improve the result by taking the advantage of the convexity of the
special loss function £(\, (M, 2)) = |z = AM 2.

If |- |. is /2 norm

Theorem 4.4.6. If \' = (X' (M,, 2,))/t and A\, = \}_,, then

Z”Zt AtMt”Q_ l(nf Z”Zt )\MtH2<Z—<8(1+lnT)
Ae(0,1] ¢=1
Proof. This proof is similar to the proof of Theorem 3.1 in the Section 3.2 of [3].
Define loss function as £(\, (M, z;)), it is easy to verify that
t-1

A\ = arg min Zf()\, (My, z5))
)\6(0,1] s=1

and
-1

Af =argmin Y (A, (M, z)).

)\6(0,1] s=1
Then, for any (M,2) e Zx Z

(i, (M, 2)) = €N (M, 2)) = |2 = MM [* = 2 = X M <403 = Af] = 4A = A

-4 Z <M5,Zs> _ zzzl(M&Zs) _ 4‘1 . Z;i(MsaZJ (Mt72t> < 8

t-1 t / -1t |t

Both inequalities hold because the set Z is bounded. Therefore,

ZHZt )\tMtHQ— inf ZHZt )\MtH2<Z—<8(1+lnT)

Ae(0,1] ¢=1
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This theorem leads to the much lower regret of Algorithm [§ as

T T
Y(he,z) =Y (" +(1-a” 7T£M,zt)<0\l inf ZHzt AM |2+ 8(1+1InT).
= =1

Ae(0,1] ¢=1

If |-||. is {,-norm in RY space, where p e (1,2)
Define (A, (M, z)) = [z - AM]|2, it is easy to verify that
o Moy (AM) — 2))

0
— 0\, (M =2|AM - x|*P -2,2
O\ ( 7( 75(3)) H | Z |)\M(z)—Z(l)|p2 E[ ’ ]
and
o2
U (M)

2
_ 22-p) [N MoAMe) - 2m)
[AM =z, |5 [AM@) = 2>

(2')
2(p- 1AM —z|* P}j : >0
+ (p )” {L‘” ‘)\M(z)_z(z ’2p
Theorem 4.4.7. If 8)\26()\ (M, z)) is bounded from below by a constant C' > 0, then

the regret of the-best-expert algorithm, i.e. A, = argmin Y o) |2, — AM, |2, satisfies
Ae(0,1]

z 2= AME— inf 3 20— A2 < —6(1 +InT)
Ae(0,1] 421

Proof. Tt is a special case of Theorem 3.1 in [3]. To prove, let us check these
assumptions one by one.

1. 4(-,(M,z)) is convex in A and bounded (the original assumption is “¢ takes
values in [0,1]”, while boundedness condition is enough for the proof.).

2 0(-, (M, x)) is Lipschitz in its first argument, with constant B = 2.

(-, (M, z)) is twice differentiable and 25¢(\, (M, z)) is bounded from below

by a constant C>0.

4. define \; as the solution of VW¥;()) =0, where W;(\) = 1 Y01 (N, (M, 2,)).

After all these assumptions are checked, we have

N2

ZHZt )\tMth— inf ZH’Zt )\Mth<—(l+lnT)

Ae(0,1] ¢=1

if we choose \; = argmin Z;l lzs — )\MsH%- =
Ae(0,1]

This theorem also leads to the much lower regret of Algorithm [§] as

Ae(0,1] ¢=1

T T
Y(he,z) =Y (ot + (1 —a)m! ,zt)<0\l inf Z”Zt /\Mt|\2+—(1+lnT)
=1 t=1
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4.5 Dynamic Regret

If the optimal strategy evolutes close to a dynamic process ®, : F — F, [9] presents
Dynamic Mirror Descent which combines online optimization with the dynamic pro-
cess. The cumulative loss of Dynamic Mirror Descent comparing to the cumulative
loss of any (61,05, ...,07) € FT is upper bounded by

O (\ﬁll + i H9t+1 - ¢t+1(9t)|]) )

where Y2, |01 — ®ri1(6;)| measures how the competitor (61,6s,...,607) is away
from the dynamic process (®1(-), Po(0;), -, Pr(6r-1)).

We improve the results by adding the predictable sequence. For a given loss
function, the predictable sequence and the optimal strategy appear as pairs. We
view the dynamic process (®1(-), ®2(61), -, Pr(07-1)) as the optimal strategy, and
define the paired predictable sequence as (M;(-), M2(21), ..., Mr(z1.7-1)). Our goal
is to benefit from both the optimal strategy and the predictable sequence, and to
produce low regret online learning algorithm.

At time t, we predict f; € F, observe outcome z; € Z and suffer loss (f;, z).
Algorithm [9] incorporates a dynamical model, denoted by ®; : F — F, and the
paired predictable sequence (Mi(-), Ma(21),..., Mr(z1.7-1)). For regret, we define
the comparator sequence in term of (6y,...,07) € FT, and Algorithm [J] admits a
regret bound of the form

‘ T T
O Z|Zt_Mt||z[1+Z||9t+l_®t+1(9t)||] .
t=1 t=1

4.5.1 Dynamic Model with Predictable Sequence

Algorithm [9] combines the Optimistic Mirror Descent [17] and the Dynamic Mir-
ror Descent [9]. The update of Dynamic Mirror Descent g; reduces the regret by
embedding the dynamic model / the optimal strategy. At the same time, the up-
date of Optimistic Mirror Descent f; takes advantage of the predictable sequence.
Algorithm [9 and Algorithm [6] yield similar results, but from different viewpoints.
Algorithm [J starts from the optimal strategy ®;(-), and finds the paired predictable
sequence M, (-). However, Algorithm @ is in the opposite direction. It starts from
the predictable sequence M,(-), and finds the optimal strategy m(-).

Theorem 4.5.1. Let F be a convex set in a Banach space B and X be convex
sets in the dual space B*. Let R : B - R be a o-strongly convezr function on
F with respect to | -|. Let ® : F - F be a dynamical model such that Ag, =
max; r Dr(Pi(f), ®i(f)) -Dr(f, f') <0 fort=1,2,.... For any strateqy of Nature
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Algorithm 9 Dynamic Model with Predictable Sequence

fort=1to T do
predict f;, observe z;, suffer loss (f;, z;), update

®  Gii= argr}lin {9, 2) + Dr(g, P1(g:))
ge

d ft+1 = ar§ I]I:Iin 77<f7 Mt+1) + DR(fa (I)t+1(gt+1))

end for

and any (01,...,07) € FT, Algorithm 9 yields

T

T 1 T
Z fe, ) < Z (0, 2) +_Z||Zt M|? + - 7 Dmax+4MZH9t+1_(I)t+1(9t)H
t=1 0 i1 t=1

t=

—

where Dyax = maxy prer Dr(f, f') and M = max;er [VR(f)].

Proof. For any 6, € F,

<ft;zt> - (8t,Zt) = <ft —Ot+1, %t — Mt> + (ft —9t+1,Mt) + (gt+1 - 9t72t>

~

At Bt Ct

First, according to Holder’s inequality,

g
A< o= geerlllze = Ml € 5= geon | + 55 2= M
i 20

Proposition 18 in [5] shows that

(f = f1,2) <Dr(f1, fo) = Dr(f1. f) = Dr([. fo).
ifzeZ, f= argmin((f,z) +Dxr(f, fo)) and f; € F. We apply this proposition to
term B; and Ct Due to the optimality of f; = arg mln n{(f, M) + Dr(f, ®:(g:)), we

have

B, < % [Dr(G1+1,Pe(9:)) = Dr(Gus1, f1) = Dr(fi, Pi(g:))].

Due to the optimality of g;,; = argmin 7(g, 2;) + Dr (g, ®:(g:)), we have
geF

C; < % [DR(Qt, CDt(gt)) - DR(etang) - DR(9t+1, (I)t(gt))] .

Use the previous three inequalities about A;, B; and C}, we conclude
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(ft,Zt) - <‘9t72t>

4 n
%Hft _gt+1H2 + %Hzt - Mtlli

+ % [DR(em ®,(9¢)) — Dr(ge+1, fr) = Dr(fi, Pe(ge)) - DR(Qt,QtH)]

<

o 1
< %Hft - gt+1H2 + %Hzt - Mt||3 + ; [DR(Ht, q>t(9t)) - DR(Qm,ft) - DR(0t79t+1)] )

where the first inequality holds by canceling the Dg(gi1, P¢(g;)) term, and the
second inequality holds by removing the negative term —Dgx(f;, ®(g;)). By the
strong convexity of R, Dr(gisn, ) > Sgess — ful2. Then, the term £ | f,— g |? and
the term —%DR(gtH,ft) are canceled. Thus,

1
(fir2e) = (Fos00) < 5ol = M| 2+ PR (0 @1(90)) - Dr(0r, g1-1)]
E
E; can be decomposed into sum of three parts
E, =DR(9t; q)t(gt)) - DR(0t+17 (I)t+1(gt+1))
Eio
+ D’R(etﬂy (I)t+1(gt+1)) - DR((I)tJrI(Ht)y Dy (9t+1))
By
+ DR(CDt+1((9t)a (I)t+1(gt+1)) - DR(eta 9t+1),
Ei 2
where
Eis<Ag,,, <0.
As
DR(a7 b) - DR(C7 b)
=R(a)-R(b) - (VR(b),a-b) - R(c) + R(b) + (VR(b),c - b)
=R(a) -R(c) - (VR(b),a-c) < (VR(a) - VR(b),a-c),
we have

Ei1 <(VR(Op1) = VR(Pt11(g141))s Ors1 — Pri1(0)) < AM||0p1 — Dri1 (61) -

Therefore,
E; < Dy = Dyy +4M |01 — D (64) |,
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where D; = Dr(6;, ®:(g;)) and
1
(ftu Zt) - <9t, Zt) < %Hzt - Mt||3 + 5 [Dt =Dy + 4M‘|6t+1 - (I)t+1(9t)“] .

Summing over t =1,...,7T, we have

T T n T 1 T
Z(ft; Zt) - Z(ebzt) < % Z HZt - MtHE + 5 Diyax + 4MZ H9t+1 - q)t+1(9t)H .
t=1 t=1

t=1 t=1

4.5.2 Kalman Filter

(I)t+1(')

Sy

Y

St+1

Y
Y

Ht Ht+1

Y

Zt+1

Figure 4.1: Kalman Filter Scheme

To demonstrate the Dynamic Mirror Descent with predictable sequence method,
we consider the dynamic system with assumptions that (a) the underlying states
S1, S, ... evolves as Sy = ®,(S;-1) + wy, where ®,(5) = F;.S;1 + Byu, and process
noise w; ~ N'(0,Q;), and (b) the observation z; depends on the current state S; as
2; = Hy Sy + v, where noise vy ~ N (0, Ry).

If the model is accurate, the Kalman filter [23], which predicts

gt|t—1 = Cbt(é’t—ﬂt—l), Pyt = Ftpt—l\t—lFtT +Qy
and updates
Ky = Py HI (H Py HE+R) ™, Syi = Sypa+ Ky (20~ HiSy1), Py = (1=K Hy) Py,

acts as an efficient and statistically optimal estimator of underlying states.

If these assumptions of underlying states and observations do not hold, we com-
bine the Kalman filter with our framework. We choose the linear loss function
(fi,2¢) on our prediction of the underlying states f; and the true observation z;. As
the optimal estimation of the coming observation z;,; is Ht+1§t+1|t after observing
z1,..., 2, it leads to the update equations

Giv1 = arg r;lin (g, 2) + Dr(g, P:i(g:))
g€
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and

fra1 = ar% Tﬁin 77<fa Ht+1gt+1|t> + D'R(fa <I>t+1(9t+1))-

According to Theorem [£.5.1 Algorithm [J] yields
T T 1 T
Z(ft; Zt Z 0y, Zt + - Z HZt HtSt|t 1” + - " Diyax +4M Z HHHI - (I)t+1(9t)H
=1 t=1 =1

where Dy = maxy per Dr(f, f') and M = fmaxjer [VR(f)[. If the model is
accurate, the expected value of the square of the magnitude of the vector,

E [HZt - HtSﬂt—l HQ] )

is the trace of the covariance matrix HtPt|t_1HtT + Ry, i.e. the sum of the trace of
matrix HyPy,_1H] and the trace of matrix R,.
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Chapter 5

Shannon Entropy Over
Approximate Entropy: an
adaptive regularity measure

Approximate Entropy, as an approximation of Kolmogrov-Sinai Entropy, is the
widely accepted method to quantify the regularity in data, especially medical data.
However, it quantifies the regularity only up to predetermined order, while real
data demand a much higher order. In this chapter, we demonstrate the connection
between Approximate Entropy and Shannon Entropy. Based on that, we propose
the adaptive Shannon Entropy approximation methods (e.g., Lempel-Ziv sliding
window method) as an alternative approach to quantify the regularity of data.
The new approach has the advantage of adaptively choosing the order of regularity
to analyze based on the data. Later, we compare the results of Lempel-Ziv sliding
window method with Approximation Entropy on the electroencephalography (EEG)
data to measure the depth of anesthesia. The Lempel-Ziv sliding window method
yields more accurate results, especially for low entropy data.

5.1 Introduction

Processed electroencephalographic (EEG) data is commonly used to quantify the
depth of anesthetic hypnosis both clinically and in a laboratory setting, collapsing
the complex patterns of the raw EEG signal into one (or a few) useful score(s).
These scores help to achieve clinical goals of adequate hypnosis as well as to eval-
uate the results of experimental intervention on depth of anesthesia. Especially,
Approximate Entropy [14] is a widely accepted method to quantify the regularity
in EEG data.

Approximate Entropy arises as an approximation of Kolmogrov-Sinai Entropy;,
and [14] shows that the limit of Approximate Entropy is Kolmogrov-Sinai Entropy
on the condition that (a) we have enough data, (b) the order of the regularity m
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goes to infinity and (c) threshold r goes to zero. However, we never have the chance
to have enough data and only compute one combination of parameters m and r on
real data. It is an interesting problem to choose the order of the regularity m.

Instead of deriving the adaptive entropy estimation algorithm directly, we make
connection between Approximate Entropy and Shannon Entropy. Then, we borrow
the adaptive Shannon Entropy estimator and show the advantage comparing to
Approximate Entropy.

5.2 Approximate Entropy

We start by defining Approximate Entropy.

Definition 5.2.1. Given a time series uq, us, ..., uy, fix the order of the regularity
m € N* and threshold r > 0, and form a sequence of vectors x; € R™, defined by

T;= (ui,uz‘+17 e 7ui+m—1)'
For each i, 1 <4< N —m+ 1 define

#{j: d(zi,z;) <r}
N-m+1 ’

We define d(x;,x;), the distance between two vectors x; and z; as

cit(r) =

d(%,%‘) = k:IlTlQaXm |Uz’+k—1 - uj+k—1|-

1Ly

Define
> log O (r)

N-m+1 ’

" (r) =
then the Approximate Entropy is
ApEn(m,r, N) = ®™(r) - d™*(r).

Heuristically, ApEn quantifies the (logarithmic) likelihood that runs of patterns
that are close remain close on next incremental comparisons.
Ezample 5.2.2. Suppose the time series is a repeat of sequence (1,2,3), i.e. u =
(1,2,3,1,2,3,1,2,3,...), we first form a sequence of vectors

1 =(1,2,3),29=(2,3,1),23=(3,1,2),... when m =3
and
1 =(1,2),29=(2,3),23 = (3,1),... when m =2,

Then, for threshold r = 0, define the percentage of the each vector happens in the

sequence of vectors as

CP-3,C8=5.C1-

P

Wl
Wl

1
37
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and ) . .
012:5,022:5,033:5,....
Furthermore, define the ® function, which has a
2(0) = log %, P3(0) = log%
Finally, we get

ApEn(2,0,N)=0

5.3 Shannon Entropy and Entropy Rate

Here, we present several useful definitions related to entropy [6].

Definition 5.3.1. The Shannon Entropy of a random variable X with a probability
mass function p(x) is defined by

H(X) == p(x)log, p(z)
we use logarithms to base 2 and without specific note, log in this article is to base
2.

The entropy of X can be interpreted as the expected value of the random variable
log ﬁ’ where X is drawn according to probability mass function p(x). Thus,

H(X)=Elogp(X)

Definition 5.3.2. The entropy rate of a stochastic process {X;,i = 1,2,...} is
defined by

1
H(X)=1lim —H (X1, Xa,...,X,)

n—-oo n

where the limit exists.

If we have a sequence of n random variables, entropy rate measures how the
entropy of the sequence grows with n. For example,
Ezxample 5.3.3. X1, X, ... are i.i.d. random variables, then

H(X,X,,..., X, ) H(X
H(X) = tim A& X X)) (XL

n—oo n n—>oo

= H(X3)

which is what one will expect for the entropy rate per symbol.
Ezample 5.3.4. The entropy rate of a m'h order Markov Chain is H (X1 X[™).
we can also define a related quantity for entropy rate

H'(X) = lim H(Xp| X0 1,...,X1)

when the limit exists. This is the conditional entropy of the last random vari-
able given the past. The previous one is the per symbol entropy of the n random
variables.
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5.4 Approximate Entropy is equvilent to Condi-
tional Entropy

In this section, we make the connection between Approximate Entropy and Shannon
Entropy. First, we consider the case when the date are discrete.

5.4.1 For Discrete Data

Let us assume that the data are discrete, u; € X = {1,2,...,|X|}. There are maxi-
mum |X|™ different possible sequences with the length m, and we compact them in
a set X™. If we define the frequency function p(X7") on the set of X7*, then

Ci(r) = p(X7" = z;).
Therefore,
N+ log Cm(r)
~ N‘zm:” log p(XT* = x;)
= Exp log p(XT") = —H(X}")

" (r) =

Finally, we get
ApEn(m,r, N) = &™(r) = " (r) = H(X™") - H(X{") = H(Xpa XT)

It is the conditional entropy of one variable given the previous m variables. It
tells us how well we can predict one variable given m preceding variables. Let us
present two examples to illustrate it.

Ezxample 5.4.1. Consider the case that elements in the sequence are independent
and identical distributed. Then,

lim ApEn(m,r,N)= lim H(Xna|X") = H(X)
N —>+o00 N—+o0

i.e. the limit of ApEn as N goes to infinity is the Shannon Entropy of the sequence.
At the same time, it can also be interpreted as the entropy rate of the sequence.

Example 5.4.2. Consider the case that the sequence is a m' order Markov chain.
The limit of Approximate Entropy is indeed the entropy rate of the sequence. It is
also true for lower order Markov Chain.
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5.4.2 For Continuous Data

Theorem 5.4.3. For an i.i.d. process with the density function f(x), for any m,
y+

ApEn(m,) =~ [ fog( [

Proof. Given a time-series u(1),u(2),...,u(N), fix m (positive integer) and r (pos-
itive real), and form a sequence of vectors (i) in R™, define by x(7) = [u(7),u(i +
1),...,u(i+m=-1)]. Foreach i, 1 <i<N-m+1,

Ci"(r) =Pr(x(j) : dz(i),z(j)] <7)

=Pr(u(y) : [u(@), w(7)| <) - Pr(u(g) : fu(i+1),u(G + 1) <7)
< Pr(u(y) s ju(i+m-1),u(j+m-1)|<r)

:fuu(i)wf(z)dz.Lu(z’+1)+rf(z)dzmfuu(i+m—1)+rf(z)dz

(2)-r (i+1)-r (t+m-1)-r

Then, get the limit of ®™(r)

' f(z)dz) dy

y-r

N-m+1

lim " (r) =lim (N -m+1)"" > logC/"(r)

n—o00 n
=1

N-m+1 m u(i+k—1)+r
=lim(N-m+1)"" Zlogf f(2)dz

n—o00 i=1 k=1 (i+l€—1)—7"

:ZEu*logfu " f(2)dz
k=1 u*-r

- [ ftos( 77 1)) dy

Finally, the Approximation Entropy is

ApEn(m,r, N) = ®™(r) - ®™*(r) = - f f(y)log ([yy:r f(z)dz) dy.

By the mean value theorem,
ApEn(m, 1) == [ J(y)log (2rf(y")) dy
for y —r <y* <y+r for all y. Therefore,
ApEn(m. 1) +log(2r) ~ = [ f(y)log f(y)dy.

For a general case, we can find that sequences with length m follows a probability
density function p,, and sequences with length m + 1 follows a probability density
function py,.1.
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Theorem 5.4.4.
ApEn(m,r,N) = ®"(r) - ®™*(r) » H(X,n:1|X7") - log(2r)

Proof. We assume the joint distribution of length m sequence is p,,, first,

w(i)+r w(i+1)+r u(i+m—1)+r
Cit(r) = / [ P (Yis Yis1s - - s Yirm—1)AWism-1 - - - AYir1dy;

(i)-r w(i+l)-r (i+m-1)-r
= (QT)mpm(y;7y;+17 cee in*+m—1)
N (QT)mpm(y“ Yivly- - - 7yi+m—1)

Then,
O™ (r) = E;logC"(r)
= / f /pm(ylﬁ Y2, 7ym) 1Og [(QT)mpm(ylv Yit1y - - - 7yi+m—1)] dyldy2 s dym

=ff---fpm(yl,yw-,ym)[m10g2'r’+logpm(yi,yz-+1,---,ymmfl)]dyldyz--.dym
=mlog2r — H(X")

Finally, we get that Approximation Entropy is

ApEn(m,r, N) = ®™(r) - d™*(r)
~ [mlog2r — H(XT)] - [(m + 1) log(2r) - H(XT*)]
= H(XTY) - H(XT) - log 2r
= H (Xt X") ~ log 2

O

For Markov Chain with less than or equal to m*™ order, Approximate Entropy
is the entropy rate minus a constant and acts perfect as a measure for regularity.
However, Approximate Entropy can not capture the regularity of higher order. We
will show it by the following examples and set parameter m = 2. Figure shows
the second order Markov model where X,,,; = X,,® X,,_; ® e and the noise e = 1 w.p.
pand e=0w.p. 1-p. We can get the entropy rate H(X,,1|X,, Xn-1) = H(e) = H(p)
and the Approximate Entropy captures the regularity precisely. However, Figure
shows the third order Markov model where X, = X, ® X,.1 ® X, 2@ ¢
and the noise e = 1 w.p. pand e =0 w.p. 1-p. We can get the entropy rate
H(X,:1|X1:) = H(p) and the Approximate Entropy can not capture the regularity.

So far, we demonstrate the connection between Approximate Entropy and Shan-
non Entropy. Approximate Entropy quantifies the regularity only up to the pre-
fixed order, while real data may carry much more. Shannon Entropy approximation
methods (e.g., Lempel-Ziv sliding window method [12]) is an alternative approach
to quantify the regularity of data.
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(a) Second Order Markov Model (b) Third Order Markov Model

Figure 5.1: Approximate Entropy of Markov Model

5.5 Adaptive Entropy Estimation

We take Lempel-Ziv sliding window method as an example. Define L; as the length
of the shortest substring X;,;,x_1 starting at position ¢ that does not appear as a
contiguous substring of the previous string. Use the follow term to quantify the
regularity

13 L\

2

n i logt

It adaptively chooses the order of regularity to analyze based on the data, and we
show the comparison in Figure [5.2]

Lempel-ZivSiiding
Window Method

T T T T T T T T T 1
11 115 12 125 13 135 14 145 15 155 16 165

Approximate Entropy
LeftScale: ) Approximate Entropy

Rignhtscale.  + Lempel-ZivSliding Window Method

Figure 5.2: Approximate Entropy v.s. Lempel Ziv
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