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Abstract

We review game-theoretic models of prediction, in which the process generating the data is modelled as
an adversary with whom the prediction method competes. We present a formulation that encompasses a
wide variety of decision problems, and focus on the relationship between prediction in this game-theoretic
setting and prediction in the more standard probabilistic setting. In particular, we present a view of
standard prediction strategies as Bayesian decision methods, and we show how the regret of optimal
strategies depends on complexity measures that are closely related to those that appear in probabilistic
settings.

1 Prediction as a Repeated Game

Consider a repeated game between a decision strategy (which we call the learner) and its environment
(the world): at round ¢ of the game, the learner plays an action a; from some set A of actions, and the
world subsequently reveals a loss ¢; : A — R from some set £. The learner’s choices over n rounds of the
game determine in, its cumulative loss,

Ln =Y ti(ar).
t=1

This is a zero-sum game: the learner’s aim is to minimize its regret, that is, to perform well compared to
Ly, the cumulative loss of the best single choice (in retrospect) from the action set .A:

regret = Z Li(ag) — Zréiﬂ Z Li(a) .
t=1 t=1

———
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On the other hand, the world is acting adversarially: it chooses each loss ¢; with full knowledge of the
learner, so as to maximize the learner’s regret. We would like to develop decision strategies for which,
for all sequences of losses, the regret is small. We can think of the learner as choosing the action a; as
some function of the sequence of losses ¢1,...,¢;—1 that it has seen so far. We define the minimax regret
as the value of the game,

Vn(A, L) = minmax - - - n;}zn max (Z Li(at) — géiﬂtEEt(a)) .
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There are several strong motivations for studying these adversarial formulations of prediction prob-
lems. First, in many cases, an adversarial model of the process generating the data in a prediction problem
is appropriate. For example, many prediction problems that arise in computer security or computational
finance should be viewed as adversarial.

Consider, for instance, the problem of detecting spam email. A decision method has access to features
of email messages (such as information about the header, words in the message, attachments), and its
action a; is a mapping from the space of these features to [0,1] (think of the value as an estimated
probability that the message is spam). The sender of a spam email can determine if it is delivered
(or detected as spam), and it could use that information to modify subsequent spam messages. In the
adversarial model, at each round the adversary chooses a feature vector z; € X and a label y; € {0, 1},
and the loss is defined as

C(ar) = (yr — ar(@))’



The regret is then the excess squared error, over the best achievable on the data sequence:

n

> tilar) — géi}“lzét(a) = (e —au(w)® - min > (g —alx)’.

t=1

Minimizing regret ensures that the spam detection accuracy is close to the best performance in retrospect
on the particular email sequence.

Consider the problem of choosing a portfolio, that is, a distribution of capital over a set of financial
instruments, so as to maximize utility. Other market players can profit from making our decisions bad
ones. For example, if trades have a market impact, making similar trades ahead of us can be profitable
at our expense. Here, the action a; is a distribution on m instruments

ar € A™ = {G,e [O,l]m : Zai = 1}

At each round, the adversary chooses a vector of returns r; € R; the ith component is the ratio of the
price of instrument i at time ¢ to its price at the previous time, and the loss is defined as

Et(at) = —IOg (at . Tt) .

The regret is then the log of the ratio of the maximum value the portfolio would have at the end (for the
best mixture choice) to the final portfolio value:

;Zt(at) — aréiB;&(a) = gleaj(;bg(a 7)) — glog(at 7).

Adversarial formulations of prediction problems are also appealing because they make only weak
assumptions about the process generating the data. It is often straightforward to convert a strategy for
an adversarial environment to a method for a probabilistic environment, and to convert a regret bound
to a bound on performance in an i.i.d. setting.

Finally, studying adversarial models can reveal the deterministic heart of a statistical problem, and
can give insight into the behavior of statistical methods designed for probabilistic settings. Indeed, as
we shall see, there are strong similarities between the performance guarantees in the two cases, and
there are significant overlaps in the design of methods for the two problems (for instance, regularization
plays a central role, and many online prediction strategies have a natural interpretation as a Bayesian
method). In fact, many statistical methods, based on probabilistic assumptions, turn out to be effective
in adversarial settings, and analyzing their performance in these settings provides perspective on their
robustness to the probabilistic assumptions.

These lecture notes provide an introduction to the analysis of strategies for adversarial prediction
problems. Section [2] gives an easy introduction to the case of a finite comparison class A. Section
compares the adversarial and the probabilistic formulation of prediction problems. Section [ considers
the value of the online prediction game, revealing in particular the close relationship between performance
bounds for adversarial and probabilistic problems. We save most bibliographic notes to Section

2 A Finite Comparison Class

2.1 Prediction with expert advice

In this section, we consider the case of a finite comparison class A = {1,2,...,m}.

Consider the problem of predicting whether it will rain tomorrow. Given access to a set of m experts,
who each make a forecast of 0 or 1, is it possible to predict almost as well as the best of these experts?
Suppose that the ith expert makes a sequence of predictions f{, fi,... from {0,1}. At round ¢, the
adversary chooses an outcome y; € {0,1}, and sets

a) =11 2wl ={ o Nl

otherwise.



2.2 With a perfect expert

Consider an easier version of this game: suppose that the adversary is constrained to choose the sequence
y¢ so that some expert incurs no loss that is, there is an ¢* € {1,...,m} such that for all ¢, y, = fti*, and
hence L}, = 0.

How should we predict?

Define C; as the set of experts who have been correct so far:

Ctz{i2€1(i) _ft 1()—0}

Define the halving strategy as one that chooses a: as an element of the set of experts 4 for which fi agrees
with the majority of elements of the set {f/ : j € C:} (whenever there is a clear majority).
Proposition 1. The halving strategy has regret no more than log, m.

Proof. If the strategy makes a mistake (that is, £;(a;) = 1), then the minority of {f} : j € C4} is correct,
so at least half of the experts are eliminated:

C
|Cera] < %

And otherwise |Ciy1| < |Ct| (because |Cy| never increases). Thus,

C1
L, = z& at) < log, \Cl’ | N = log, m — log, |Crt1] < log, m

t=1

O

It is a straightforward proof, but it follows a common pattern: it exploits a measure of progress (here,
|C¢|) that both changes monotonically when an excess loss is incurred (here, it halves), and is somehow
constrained (here, it cannot fall below 1, because there is an expert who predicts perfectly).

What if there is no perfect expert?

2.3 Without a perfect expert: mixed actions

Without constraints on the loss of the best expert, it turns out that the game of prediction with expert
advice is too difficult. To see this, consider a specific strategy for the adversary: choose the losses so
that £i(ar) = 1 but ¢(a) = 0 for a # a:. In that case, the learner incurs a total loss of n, whereas the
best expert in hindsight has a total loss of only

mmz atfz S%iila =
t=1 i=1 t=1

That is, the regret can be as bad as n(1 — 1/m); this game is too difficult.
Rather than requiring the learner to choose a single action, we allow the learner to play a mized

=IE

action: the action a; is chosen from the simplex A™—the set of distributions on {1,...,m},
Am:{ae[o 0 Za _1}
We can think of this as choosing an element of {1,...,m} randomly, according to a distribution a;.

Alternatively, we can think of it as playing an element a: of A™, and incurring the expected loss,

at) = Z aiét(ei)v
i=1

where ¢;(e;) € [0,1] is the loss incurred by expert 4 (here, e; € R™ denotes the vector with a single 1 in
the ith coordinate, and the rest zeros.)



2.4 Exponential weights

The exponential weights strategy is a simple and effective approach to this problem. It proceeds as
follows:

e Maintain a set of (unnormalized) weights over experts:
wi =1,
w1 = wy exp (—nti(e:))
where 1 > 0 is a parameter of the strategy.

e Choose a; as the normalized vector,
1

at = =m 7
i=1 Wt

We.

Theorem 2. The exponential weights strategy with parameter

has regret satisfying

(Here and throughout, log denotes the natural logarithm.)

Proof. We use a measure of progress:
m
Wt = E wz,
1=1

and show that W, shrinks no faster than exp(—nL;,), but shrinks at least as fast as exp(—nLy). Com-
paring these bounds gives the result.
To see that W, does not shrink too quickly when some expert has small loss, notice that

Wn+1 u 7
log 2ntt — L .
og W, og (;w +1> ogm
= log (Z exp (—772&(@))) —logm
i=1 t=1
> log (max exp (—nz&(ei)>> —logm
t=1
= —pmin (Z Zt(e¢)> —logm
t=1

= —nL; — logm.

On the other hand,

log Wiy log (2211 eXP(*Ufy(ei))wi)

Wy 27;1 wy
™ 0 (e;)wd 2
< —niz“lmt(e i)wt + 1
Zizl Wy 8
2
= —nby(a) +

where we have used Hoeffding’s inequality:

Lemma 3. For a random variable X € [a,b] and X € R,

200 N2
log (Ee’\x) <AEx 4+ 20—



Proof. Define

A\ = log (IE e”‘) — log </ e dP(x)) ,

where X ~ P. Then for any A € R, we can define a new random variable X ~ P\ where

dPy

ﬁ(aj) =exp (Ax — A(N)).

(This is known as an exponential family: A is called the log normalization, X the natural parameter,
and we say that the family has reference measure P and sufficient statistic x.) Since P has bounded
support, A(A) < oo for all A, and it is easy to check that

A'(\) =E X,
A"(\) = Var X,.

Thus, we can write a Taylor expansion of A about A = 0 (notice that Xo ~ P):
)\2
AN =AEX + ?Vang

for some ¢ € [0, A]. Since P has support in [a, b], so does X¢, and hence Var X¢ < (b—a)?/4. This
implies the result. O

Now, comparing the bounds on W,,, we have

* Wn+1 z nn
—nL,, —1 <log ——= < —nL, + —.
Ntn ogm = log W, = NLln + 3
Thus,
Bupp < lBm
n 8
Choosing the optimal 7 gives the result. O

With a perfect expert

We have seen that when there is an expert who incurs zero cumulative loss, there is a strategy (the
halving algorithm) with per round regret of order 1/n, whereas the exponential weights strategy gives a
per round regret of order 1/4/n. It is natural to ask whether the exponential weights strategy gives the
faster rate when L™ = 0.
In the proof, we can replace Hoeffding’s inequality:
A2

logEe*™ < AEX + T
with:

logEe™ < (e —1)EX.

(for X € [0,1], this is a linear upper bound on e*¥). This gives
o Wizt g (S oxpttlede
W > W
S (e_" — 1) Et(at).

Thus

- n " logm

Ln<s oL+ 205 (1)

For example, if Ly, = 0 and 7 is large, we again obtain a regret bound that is a constant times log m.

Notice that n large is rather similar to the halving algorithm (it puts equal weight on all experts that
have zero loss so far, and roughly zero weight on the others).



With an unknown time horizon

One undesirable property of the exponential weights strategy is the fact that it uses n, the length of the
game, to set an appropriate value for the gain constant 7 (in the proof above, we used the optimal setting
n = y/8logm/n). It is natural to ask if it is necessary to know n in advance. It turns out that using
a time-varying value, such as n; = /8logm/t gives the same regret rate, but with worse constants. In
fact, it is also possible to set 7 as a function of L}, the best cumulative loss so far, to give the improved
bound for small losses uniformly across time, again with worse constants. (See [3].)

With convex loss functions

We defined the loss for a point in the interior of the simplex by linearly extending its value at the vertices:
l(a) =) a'li(e).

It’s easy to see that we could replace this definition with any bounded convex function on A™ and retain
the same regret bound; an equality becomes an inequality:

Zi L’t(ei)wi

== < —nli(ar).

2o Wi
But note that the exponential weights strategy only competes with the corners of the simplex:

Theorem 4. For convez functions £y : A™ — [0, 1], the exponential weights strategy withn = 1/8logm/n

satisfies
S R i nlogm
< —_—
;:1 li(ar) < min ;zl Li(e') + 4/ 5

2.5 Exponential weights as Bayesian prediction

It turns out that we can interpret the exponential weights strategy as Bayesian prediction, and then the
regret bound arises as a consequence of a straightforward regret bound for Bayesian prediction.

Recall that Bayesian prediction assumes a joint distribution over parameters § € © and outcomes
y € Y. We can factor that distribution into a prior distribution 7 on © and a model, or conditional
distribution of y given 6. (We use notation that suggests © and ) are subsets of Euclidean space and the
prior and likelihood are densities with respect to Lebesgue measure, but they can be defined as densities
with respect to some other measure.) Given some data y1,...,y: € ), a Bayesian strategy computes the
predictive distribution

Pev1(y) = pylyr, - -, ye)
= [ p010) 0l .. ) o,
Pe+1(0)
The posterior distribution pe+1(0) = p(0|y1, - . .,y:) can be sequentially updated:
p1(0) = 7(0)

_ __ pe(0)p(y:]0)
N P AT

To see the relationship between exponential weights and a Bayesian strategy, set © = {1,...,m} and
define the prior as m(j) = 1/m. Set Y = [0,1]™ and define the model as

— e M

p(ylj) = Te exp(—ny’) (2)

forj=1,...,mand y = (y*,...,y™) € [0,1]™. (In fact, we can replace the constant h, := (1 —e™7)/n
with h(y) where h : [0,1]™ — R is any function that ensures that p(y|j) is a conditional probability
density.) Then the Bayesian update to the distribution over © is

1 -
pei1(5) = —pe(5) exp(=nyy),



where Z is a normalization factor. If y/ is £;(e;), the loss of expert j, this posterior distribution calculation
is precisely the exponential weights update for the distribution over the set {1,...,m}.

The regret bound for the exponential weights algorithm is a consequence of the following regret
bound for a Bayesian strategy. Here, we consider another loss function: we define the loss incurred by a
predictive distribution p; with outcome y; as the negative log of the predicted probability density,

0% (e, ye) = —log pe(ye).

The theorem shows that the regret for a parameter 6 is small as long as the prior probability of the set
of parameters that predict better (that is, parameters that incur a smaller cumulative loss) is large.

Theorem 5. Fiz a prior m on © and a model p(y|6). Write

Ly%(0) = = > logp(y:]6), L == " logpi(ys)
t=1 t=1

- ZIng(yt|y17 cee >yt71)-

t=1
For any sequence yi,...,Yn, and any 6 € O,
L= < L5(0) —logm ({0 L*(¢) < L*(0)}) -

Proof. Fix a sequence y1, ...,y and a g, and define the set of § that have smaller cumulative loss than
607
S={0€6: L¥0) < L*(0)}.
Then
1(y1) - Pnlyn)

y1)p(y2ly1) - p(Ynlyt, - - yn—1)
yla .. 7yn)

_ / p(11]0) -+ plyn|0) dr(0)
:/exp(*Llﬁjg(g)) d“(a)

> / exp(— LY%(0))dr(6)
> exp(—Li%(60))m(S).

1)

O

We can use Theorem 5] to rederive the regret bound of Theorem [2]for the exponential weights strategy,
by relating the log loss for the predicted distribution of y to the linear loss that we considered earlier:
for a mixed action a; € A™ with outcome y; € [0,1]™, we defined the loss as the linear function

0 (ae, ye) = ar -y = By, yi -
Corollary 6. The Bayesian strategy for the model and a uniform prior on {1,...,m} achieves

I
ogm_i_@

-Z/(ijOt _ . LiOt J .
min (e’) + o g

Proof. For the Bayesian strategy, the loss incurred by the predictive distribution p. of y can be expressed
in terms of a loss defined for the posterior distribution p; on {1,..., m}: Since

Pe(y) = Eymp, p(ylJ) = hy Ejp, eXp(—nyJ),

we can write

0% (pe, yr) = —log pe(y:) = —log hy — log (]EJ% exp(fnyJ)) = —log hy + 0" (pe, y1),



where we have defined the Bayes loss,
ayes 1
o (pesye) = —5 log (Ehm eXP(—WytJ)> .

Because constant terms in the loss do not affect the regret, Theorem [§] shows that, for any prior on
{17 M m}7

LB < min <L5aye5(ej) _log 71'(])) 7 3)
J n
where LB and LE»° are the cumulative Bayes losses of the Bayes strategy and the comparator,

respectively.
Comparing the Bayes loss to the linear loss, we see that they coincide at the vertices of the simplex,

e y) = 00 y) =y

The Bayes loss is convex, and Hoeffding’s inequality shows how far it can be from the linear loss, that
is, how much of a gap there is in Jensen’s inequality: for X € [a, b]:

2
—log (Eexp(~nX)) = nEX — (b - a)*

For X =y €[0,1] with J ~ p;, this is equivalent to the inequality

0 (pe, ye) < P (pe,ye) + g

Summing, applying the Bayes loss regret bound (3), and choosing the uniform prior 7(j) = 1/m gives

iITdLot S isayes + %

S — (LSayeS(ej) _ IOgW(])) + m
J n 8

:m_in <Li0t(€])— Ogﬂ'(])>+m
J n 8
logm  nn

3

— min L{*(¢) +
J

3 Online and adversarial versus batch and probabilistic

In this section, we consider a batch, probabilistic formulation of a prediction problem. We are interested
in how it compares to the online, game-theoretic formulation. We shall see that a successful method for
the online formulation can be used to construct a successful method for the batch formulation. Later,
we consider the relationship between regret bounds in the two formulations.

In the probabilistic formulation, a learning algorithm has access to a sample of size n,

(X171/i)7 ey (Xn7Yn)7

drawn ii.d. from an unknown probability distribution P on & x Y. The algorithm chooses a prediction
rule f: X — Y. It aims to minimize risk, or expected loss,

EL(f(X),Y),

and suffers excess risk of .
EAf(X),Y) — minEA(/(X),Y),

where £ : Y x Y — [0,1] is a loss function and F is a class of functions from X to ) (the comparison
class). This is how much additional risk the prediction rule incurs compared to the best prediction rule
in the comparison class F'. Think of F' as a finite class of experts, and we’d like to predict almost as well
as the best in this class. To highlight the similarities between the online adversarial problem and the



batch probabilistic problem, we shall write the instantaneous loss in terms of an i.i.d. random function
Le,
G(f) == L(f(Xe), Y2),

so that the excess risk is

E6(f) — minE£(f).

The halving strategy predicts according to the majority of experts that have incurred no loss. The
following theorem shows that in the probabilistic setting, it suffices to follow any prediction rule that
has incurred no loss so far. We use P to denote the distribution of ¢; and P, to denote the empirical
distribution that assigns mass 1/n at each ¢, and write

1 n
Pf=Euerlulf),  Puf=— 3 4(f)
t=1
for the risk and empirical risk, respectively.
Theorem 7. If some f* € F has Pf* =0, then choosing
feCo={feF:P,f=0}

leads to excess risk

E(f) - minE£(f) = O (M) .

n
Proof.
Pr(Pf>e)<Pr(3f € F: P.f =0, Pf >¢)
<[F|(1—¢)"
< |Fle™ ™.
Integrating the tail bound Pr(nPf > log |F| 4+ z) < e~ gives Pf < clog|F|/n. O

Notice the similarity to the regret rate for the halving strategy: there, if one of the m experts has
zero cumulative loss, the per-trial regret decreases as logm/n. Here, if some f in the comparison class
F' almost surely incurs zero loss, the excess risk decreases as log |F'|/n.

In the same way, the following theorem is analogous to the regret bound for the exponential weights
strategy (Theorem . In the probabilistic setting, it suffices to choose a prediction rule that minimizes
the empirical risk. In the online setting, an adversarial choice of data can easily make this simple approach
fail; the argument in Section [2.3] shows that a learner that makes deterministic choices in the experts
game will suffer linear regret.

Theorem 8. Choosing f to minimize the empirical risk, P, f, leads to excess risk

E4:(f) —minE 4 (f) = O ( log|F|> :

fer n

The key step in proving the theorem is to bound the excess risk in terms of the supremum of an
empirical process, the deviations between expectations and sample averages. Defining f* as a minimizer
in F of E£y(f), we can write E£;(f) —minger E4(f) = EPf — Pf™ as the expectation of

Pf—Pf*=Pf—P.,f+P.f— Pf*

< Pf—Pof +P.f* — Pf* (since P, f is minimal)
<2sup|Pf—P.f|.
feF

That is, the excess risk can be bounded in terms of worst case deviations between sample averages and
expectations. To prove the theorem, we shall take a short detour to investigate the behavior of the
empirical process f +— Pf — P, f and its largest values.



3.1 Analysis of probabilistic prediction: Rademacher averages

This section reviews the use of Rademacher averages to give excess risk bounds in probabilistic settings.
‘We shall see in Section@that similar quantities and techniques give regret bounds in adversarial settings.

We have just seen that an empirical risk minimizer f € argminger P, f has excess risk bounded by
the supremum of an empirical process,

[P = Pullp := sup [Pf — Pof|.
feF

The following theorem shows that this quantity is concentrated about its expectation, and that its
expectation is closely related to that of the Rademacher process indexed by F":

n

Ruf = ele(f),

=1
where the ¢; are i.i.d. and the ¢; are i.i.d. uniform on {—1,1}.

Theorem 9. Suppose the £, map to the interval [0,1]. Then

log 2

1 2
%EHRNHF_ SEHP_PHHFSEEHRTLHF7

n

and with probability at least 1 — 2 exp(—2€2n),
E|P = Puollp —e <[P = Pollp SE|P = Pullp +e

Thus, |P — Pallr B 0 if E||Ry|l7/n — 0.

Notice that |Rn||7 captures how well the losses ¢¢(f) of functions in F' can be aligned with a random
vector (€1,...,€n). It is intuitive that if there is always a good alignment, then we should not expect
expectations and sample averages to be close. The theorem shows that the two phenomena are very
closely related.

Proof. To prove the upper bound on the expected supremum of P — P, define independent random
variables ¢;, with the same distribution as ¢;.

1 n
E|P — Pl = E?IEII; -~ ; (EL:(f) —ét(f))‘

1« , .,
=FE — E¢ -/ b A
sup | ;_1( +(f) t(f))' (because £; = (})
1, ,
< Esup |- V4 -/
<Eawp |3 (60) «f))‘
1 , .,
=FE —_ — =
?1611?; ” tgl €t (gt(f) Et(f))‘ (because £y = £;)
1 < . . .
< 2Esup |— E el:(f) (by the triangle inequality)
fer |3
2
= —E|Rn| -
2B Rull

10



The lower bound uses the assumption that the £, map to a bounded interval.

%]E |IR.||Fr <E %i e (L(f) —EL(f)| +E %Zn:et E4(f) (by the triangle inequality)
t=1 F t=1 F
<E|SSa (- 60)| +E|| S e
t=1 F t=1 F
SE|2Y e (706~ FXD)| +IPIE| S e
i=1 F i=1

1NN ) 1
<E - Zet (e(f) = 6(h)|| +E - Zet (because |4 < 1)
t=1 F t=1
<E 1 - Y / 210g2
<E\- ZEt (e:(f) = €.(f)) " (by Lemma [11| below)
t=1 =

2log 2
L, [2los2
n

F

_E %Z (ee(f) —EL(f) +EL(f) — €(f))

1
<OE||Py - Pl + 1/ 282,

To prove the concentration of the maximal deviations, we use the fact that the ¢; are independent and
uniformly bounded, and apply the bounded differences inequality (Lemma [10| below).
Finally, almost-sure convergence follows from the Borel-Cantelli lemma. O

The proof used two lemmas. The first is a consequence of Hoeffding’s inequality. See, for example, [22].

Lemma 10 (Bounded differences inequality). Suppose ¢ : X™ — R has the following bounded differences
property: for all i and x1,...,Tn,x; € X,

’d)(ml, .. .,xn) — d)(:vl, .. .,x¢71,l‘;,l‘¢+1, .. ,1771)’ S B;.
Then for independent X1, ..., X,,
2t°
Pr(|¢(X1,,Xn)fEd)(Xl,,Xnﬂzt)SQexp 7W .

To bound the supremum of the Rademacher process for a finite class, we can appeal to the following
lemma.

Lemma 11. For V CR",
n
< .
Erglea&(;etvt < \/210g|V|1316a&<||vH

Hence, if the loss functions €, map to the interval [0,1] and F is finite,

E[[Rnllp < +/2nlog(2|F|).

Proof.
exp ()\ E max Z etvt> < Eexp ()\ max Z etvt> (Jensen’s inequality)
t t

< IEZ exp <)\ Z etvt>
= Z H]Eexp()\etvt)

< Z Hexp(/\2v,52/2) (Hoeffding’s inequality, Lemma [3)
v t
= exp(\v]*/2)

< [V]exp ()\2 max ||v||2/2) .

11



The second part of the lemma follows: apply the inequality with v, = +£:(f), so that ||v|| < /n. O

Now the proof of Theorem [§]is a straightforward combination of these ingredients: the argument after
that theorem that excess risk is bounded by the supremum of |P — P,|, Theorem EI, showing that this is
bounded by the supremum of |R,|, and Lemma

E6(f) - minEl(f) < 2E|P = Pl

IN

4
—E||Rn
~E|Rall

321og(2|F)

n

Rademacher averages are an elegant approach to the analysis of many prediction methods. For ex-
ample, they can be bounded using covering numbers, or combinatorial dimensions, such as the Vapnik-
Chervonenkis dimension, Pollard’s pseudodimension, or the fat-shattering dimension (see, for exam-
ple, [23]). Notice that we can write

Zﬁtft(f)

We call sup,,  ,, E||Rxll; the mazimal Rademacher averages. In the case of finite F,

e(n) = sup [{(4(F)... 0alF) 2 S € FY < P,

< sup Esup

E||Rn||z = Esup .
feF L1yl fEF

Zetetm’: sup E||Rull, .

t=1 1reenrlt

so Lemma [11] also gives a bound on the maximal Rademacher averages. If {{{(f): £ € L} : f € F} is
a Vapnik-Chervonenkis class, then IIp(n) grows only polynomially with n, and this appears inside the
logarithm in Lemma giving a bound on the maximal Rademacher averages that is only a log factor
worse than the finite case.

In Section 4] we shall see quantities closely related to the maximal Rademacher averages arising in
the adversarial setting.

3.2 Online to Batch Conversion

We have seen similar regret bounds for probabilistic and adversarial prediction problems. In this section,
we see that we can use a strategy that performs well in the online, adversarial setting to obtain a strategy
that performs well in the batch, probabilistic setting. The regret per trial in the probabilistic setting is
bounded by the regret per trial in the adversarial setting.

Suppose that an online strategy, given observations ¢1,...,¢;—1, produces a; = S(¢1,...,4—1). To
convert this to a method that is suitable for a probabilistic setting, we wish to exploit S in a method
that uses i.i.d. observations ¢1, ..., ¢, to choose an @ € A so that

E/¢i(a) — %IJTAIEfl (a)

is small whenever S has a good regret bound. One issue is that having a good regret bound implies that
the predictions that S makes are accurate on average, but might not be uniformly accurate. We consider
the following simple randomized method, which we call the random tail method:

1. Pick T uniformly from {0, ...,n}.
2. Let a = S(£T+1, e ,fn)
It turns out that this approach gives small expected loss under a slightly milder assumption than i.i.d. ob-

servations: we only need that the process generating the loss sequence is stationary, that is, the joint
distribution of any contiguous subsequence is independent of the time index.

Theorem 12. If an online strategy S has a regret bound of Cn41 for sequences of length n + 1, then
for any stationary process generating the £1,...,4nt1, the random tail method returns a prediction & that
satisfies

N . Cn+1
n — n < —.
E/lni1(a) flrgEEé (a) < ]
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Proof.

Elnt1(a) = Elni1(A(lria, ..., Ln))

1 n
=E-— ZénH(A(&H, cln))

= n+1Z€" +1(Al1, . lat))

n+1

- n+1 Zzt (b1, b))

n+1
1
SEn—l—l <m1n2€t +C’n+1>

Cn+1
n+1"

< minE /4 (a) +

O

Notice that the random tail method is a randomized algorithm, and the expectation in the theorem
averages also over its randomness. Thus, the theorem only shows how the method performs on average.
If we wanted a method to have small excess risk with high probability (for instance, with independent,
identically distributed data), this method is not suitable, but there are several alternatives. For instance,
we could

1. Choose @ = £ 3" | a; (provided A is convex and the ¢; are all convex).

2. Choose @ to minimize a high probability upper bound on expected loss,

. . 1 = log(n/4)
afargniltn <n—t Z ls(ar) +c i |

s=t+1

In both cases, the analysis involves concentration of martingales. See, for example, [9].

4 Optimal Regret

In this section, we consider the minimax regret, that is the regret incurred by a strategy that plays
optimally against an optimal adversary:

Va(A L) := 1nf sup -+ inf sup <Z le(ar) — mf Zét > . (4)

an g,

Here, the player chooses an action a; at each step from the set A and the adversary chooses a loss
l: : A — R at each step from the set L.

We saw in the previous section (in proving Theorem [8) that we can relate the performance of an
empirical risk minimization algorithm on a probabilistic prediction problem to uniform bounds on the
deviation between sample averages and expectations. The following theorem shows that the minimax
regret in the adversarial setting is equal to a similar quantity: a deviation between expectations and
averages.

Theorem 13. If A is compact and all ¢ € L are convez, lower semi-continuous functions, then

n

Va(A, L) = Sl}ipE <tzzl aitlé&E[ét(at)Ml, coy la] — aiIél/fé\é&(a)) ,

where the supremum is over joint distributions P over sequences £1,...,4n in L™.

We can view the expression for the minimax regret as the value of a dual game, in which the adversary
plays first by choosing the joint distribution P. The value of the game is the difference between the
minimal conditional expected loss and the minimal empirical loss. If P were i.i.d., this would again be
the difference between an expectation and a sample average.

13



Instead of constraining the ¢; uniformly, so that they are all chosen from a fixed set £, we could
replace the set L™ by a set of length n sequences of loss functions, and obtain a similar result.

The assumption of convexity of the ¢; is easily satisfied by allowing mixed strategies: if we replace
A by the set P(A) of probability distributions on A and replace a — £(a) by the linear, hence convex,
P +— Eq.op{(a), then we can replace convexity with a milder condition on the loss, as the following
theorem shows.
Theorem 14. Suppose A is a compact, separable metric space. Let P(A) denote the set of Borel
probability measures on A. Suppose all £ € L are lower semi-continuous and bounded from below. Then
the value of the game with mized strategies ar ~ P; € P(A) is

Vi(P(A), L) = iglfs?p -inf Sl}lpIE <Z li(ar) — inf Z&(a))
1 " t=1 et
= Sl]lng <tz_; aitIé&E [ét(at)lfl, e ,étfl] — ;2&;&(&)) s

where the supremum is over joint distributions P on sequences {1,. .., 4, in L.

4.1 Dual Game: Proof Idea

The central ingredient in the proof is Sion’s generalization [27] of von Neumann’s minimax theorem.

Lemma 15. If X is compact and for every y € Y, f(-,y) is a conver, lower semi-continuous function,
and for every x € X, f(x,-) is concave, then

inf sup f(z,y) = sup mf f(z,y).
TEX yey yey €

To apply the lemma to prove Theorem we define X' as A, ) as the set of probability distributions
on £, and f(a,Q) = ¢+ Eiugll(a) + ¢(£)] for some ¢ and ¢.
Then, because allowing mixed strategies does not help the adversary, we have

Vi(A, L) = infsup - - - inf sup (Z Li(ay) — ig&ZEda))
“ t=1 ==

£ An Ly
=infsup---infsupE L —inf » ¢
sy atgr e (S ie0 - )
= infsup--- inf inf E L — inf 1 by L 15
e et g P e (Z o) =t > t<a>) (b Lemnma [5)
n—1
= infsup--- inf su Li(at) +sup | iInf E [€n(an)|li,. .., 0o fmf £ (
g ot o (2t (2l b= 00 )
=infsup--- inf sup Ee, .,
ail gy an—1 P,

=infsup--- sup inf E, _

a1l gy P, _19%n—-1 =1

1
Li(at) +sup (ianE[Kn(an)Ml,... n—1] — mfZét >>

ot (St
{

n—1
Zét at) +sup (ianE[En(an)Ml,... — mf Zﬂt >
:i(?lfsup~~~ inf sup (Z& (a¢) + sup IE( Z icrlltflE[Zt(at)Ml,...,&fﬂ —32&2&(@)))

[1 a”Vl 2 e"‘ 2 !L 1 t:n*l

P

=supE (Z i(gfIE [le(as)|lay ... le—1] — aing“Z@t(a)) .
t=1 t=1

To prove Theorem we apply Lemma defining X" as P(A), ) as the set of probability distribu-
tions on £, and f(P, Q) = c+Eiug[Ea~p £(a) + ¢(€)] for some c and ¢. Then the following lemma shows
that the conditions of the theorem ensure that A is compact and P — Eq~p £(a) is lower semi-continuous,
as required. (The result follows from properties of Borel measures and the portmanteau theorem. See,
for example, [13].)
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Lemma 16. Suppose A is a compact, separable metric space. Let P(A) denote the set of Borel probability
measures on A. Then

1. P(A) is metrizable (by the Lévy-Prokhorov metric), separable, and compact, and

2. For any £ : A — R that is lower semi-continuous and bounded from below, the function E; : P(A) —
R defined by E¢(P) = Eq~p £(a) is lower semi-continuous.

The rest of the proof proceeds as before.

4.2 Optimal Regret and Sequential Rademacher Averages

We can obtain an upper bound on the optimal regret in terms of a quantity that is closely related to
the maximal Rademacher averages that we encountered in Section [3-I] Recall that deviations between
sample averages and expectations in the probabilistic setting was bounded above and below by the
expected supremum of the Rademacher process R,, = 23:1 et+ly, where the /; are i.i.d. and the €; are
independent, uniform, {—1,1}-valued. In the adversarial setting, the upper bound depends on a similar
stochastic process, but with dependent ¢; and e;.

Definition 17. Define the sequential Rademacher averages of action set A and loss set L as

Sn(A, L) = sup E, --- sup E, sup Z eli(a
el 2 aG.A

where the e are i.i.d. uniform {—1,1}-valued random variables.
In what follows, when we write V,,(A, £), we assume either

1. that A and L satisfy the conditions of Theorem (that is, A is compact, all £ € £ are convex and
Ls.c.), in which case V;,(A, £) is the value of the game, defined in (4):

V(A L) = 1nfsup -inf sup (Z li(ar) — mf Z& ) ,

an 17"

or

2. that A and L satisfy the conditions of Theorem (that is, A is a compact, separable metric
space, all £ € £ are l.s.c. and bounded from below), in which case we can replace V, (A, £) with
Vn(P(A), L), where P(A) is the set of Borel probability measures on A.

Theorem 18. V, (A, L) <25,(A,L).

Compare this result to the Rademacher bounds on excess risk in the probabilistic setting:

Zﬁft(f)

t=1

<4 sup

£y,

n(IEZt(f) mmmt(f)> <AE| Ry, = 4E sup
fer

In the probabilistic setting, the ¢; that appear in the definition of the Rademacher process R,, arei.i.d., but
we can obtain an upper bound by a deterministic choice of values that maximize the expected supremum
over F'. In the adversarial setting, the choice of the ¢; that appear in the definition of the Rademacher
process is deterministic, but crucially it can depend on the preceding €;,...,€,—1. We can also think of
the alternating supremum-expectation operation as a supremum over mappings L : U?z_ol{fl, 1}t — L:

Sn(A, L) =supE supZet (e1,...,€—1)(a).

L aE.A

Of course, requiring that L only depend on the length of its input (so that the ¢; form a fixed sequence,
independent of the €;) gives a smaller quantity:

sup Esup Z etli(a) < Sp(A, L).

£, Ln€L a€AY
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Proof. We start with the dual form of the optimal regret.

n

VA, L) = sng (Z} R N e aig;zt(a)>

= supEsupZ ( mf E [li(a)|ly,. .., L—1] —ét(a)>

aGA
<supEsupZ ()|, ..., l—1] — t(a)). (5)
ae.A
Now define a tangent sequence, £, that is conditionally independent of 4, ..., £, given £1,...,¢;_1, and

has the same conditional distribution as #;.

Va(A, L) < supEsuBZ a)lli, ..., li—1] — L(a))
ac
= supIE sup Z a)lly, ..., ln] —li(a)) (¢; has the same conditional)
ac Ay
< supE sup Z (€i(a) — Li(a)) (moving the sup inside the E)

P acAi T

P ac€A \ |

= supE sup (Z (Ci(a) = Li(a)) + en (£n(a) — ln (a))) . (same conditional)

At this point, we cannot use the same argument to split off a term of the form €,_1(¢,_,(a) — €n_1(a)).
The reason is that the supremum does not have the same distribution if we interchange £,,_; and £, _1.
For instance, given /1, ...,#n_a, £, is conditionally independent of £,,_; but not of ¢,_1. For this reason,
we replace the expectation over £, and ¢, with a supremum:

acA

Va(A, L) <supEe,, . e,_; Be, o Ec, sup (Z —li(a ) + €n (E/n(a) — En(a))>
P

< supBe e, sup Ee, sup (i (Ci(a) = £e(a)) + €n (£n(a) én(a))>

L0, acA \ ;T

= st;p Eey,....e,_1 Ee,_, sup E, sup (i (Z;(a) - Et(a)) + Z €t (Eg(a) - Et(a))>

£n,\ L7, a€A \ o5y t=n—1

n—2
<supE, . ¢, , sup E. , sup E., sup (Z (€i(a) — Le(a)) + Z e (Ci(a) — li(a ))>
P

Lp_1,2] Zn»er/,,, a€A

n—1

< sup E, --- sup E, sup (Z e (C(a) — Kt(a))>

01,8} £5,80, acA \ i
< 2supkE, - sup E, sup eli(a
121 ! acA Z
<2S,(A,L).

4.2.1 Sequential versus maximal Rademacher averages: an example
Consider step functions defined on the real line:
fa iz — 1z > al,
define A = R, and define losses £, , € £ C {0,1}* in terms of z € R and y € {0,1} via
lay(a) = 1[fa(z) # yl.
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The following proposition shows that, for this example, the maximal and sequential Rademacher averages
are very different: rescaled so that they are comparable, the maximal Rademacher averages are a factor
of roughly 1/ smaller than the sequential Rademacher averages.

Proposition 19. For the step functions, the Rademacher averages and the sequential Rademacher av-
erages satisfy

2log(n +1)

1
B |Ralla = Esup < ,

n

1 n
E Z et&g(a)
t=1

1 ~ 1
—supE,, ---supE., sup etli(a) = =.
n g £y a = 2

Proof. First, we calculate an upper bound on the maximal Rademacher averages.

E||Rnlla < sup E||Rx|l.a
(21,¥1)--,(Zn,Yn)

= sup E sup

(z1,91)5--,(Tn,yn) a€R

EtETt:yt (a’) .
t=1

Consider the set of loss vectors

Vo= {(ley (@), -y lay (@) s a €R} L

The cardinality of this set is not affected if we set y1 = --- = y, = 0 and reorder the xz:s so that
z1 < -+- < z,. But then V is a set of monotone sequences of binary vectors, so |[V| < n+ 1. Lemma
shows that

E||Rnlla < v/2nlog(n+1).

(Tt turns out that the log factor is unnecessary in this bound, but this needs a more refined argument.)
Second, for the sequential Rademacher averages, we have

sup E, --- sup E, sup Z €tla, y, (@)

Z1,Y1 Tn,Yn a1

n
> supE, - --supE,, sup etl[zs < al.
z] Tn [ a—

To maximize this quantity, we should aim to choose a so that x; < a when ¢, = 1 and z; > a when

e: = —1. To ensure that this is possible, we can choose
X1 = 0,
To = 61/2,
xr3 = 61/2 +€2/4,

t—1
Tt = Z 27i6i.
i=1
Then if we set a = x, + 27 "€, it is easy to see that, for all ¢,

[z < d] 1 ife =1,
elfzy < a] =
e 0 otherwise,

which is maximal. So the sequential Rademacher averages are

supE, ---supE,, sup etli(a) = IEZ 1[e: = 1] = g
& £n t=1

a
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4.3 Martingales and Sequential Rademacher Averages

In this section, we see that there is a close relationship between sequential Rademacher averages of £
and the size of martingales with differences in £. In particular, if £ € £ implies —¢ € L, this result shows
that the value of the game is within a factor of 2 of the sequential Rademacher averages.

An R*-valued martingale is a sequence Zi1, Zs, ... of stochastic processes, each indexed by A, for
which

EsuB\Zt(a)\ < 00 and E[Zt‘Zh...,Zt_l]:Zt_L
ac

The sequence 71,22 — Z1, ..., Zn — Zn—1 of increments is called the difference sequence.

Theorem 20. Let M, be the set of R -valued martingales with difference sequences in £ U —L, where
—L={-4:0eL}.
Then

{Z:}eM,y  acA

supE, ---supEc, sup Z eli(a) <  sup Esup Z:(a).
£1 L [ ——

If L is symmetric, that is, —L = L, then

sup  Esup Z;(a) < Vo (A, L) < 2supE, ---supE,, sup » eli(a) <2 sup Esup Zi(a).
{Zi}eM,p a€cA £y £y [ — {Zi}eMp acA

Proof. Fix a strategy L : U;’Z_OI{—L 1} — L. Define ¢, = L(e1,...,e—1) and Z; = >i_, €;¢;. Then the
sequential Rademacher averages can be written

supE, ---supE, sup €tli(a) =supEsup Zi(a) < sup Esup Z:i(a),
1 Ln A — L acA {Z:YeM,y acA

because {Z;} is an R*-valued martingale with difference sequence in £ U —L.
For the lower bound, consider the duality result:

n

Va(A L) = 51113pIE <tz_; aitIéfAIE[Et(at)Ml, coy b — (}gﬁ\;fda)) ,

where the supremum is over joint distributions of sequences ¢1, . .., ¢,. When L is symmetric, a martingale
{Z:} in M has a difference sequence {{;} in L". If we restrict P to the subset of joint distributions on
L™ corresponding to difference sequences of martingales {Z;} in M, then

E[t|t,. .. 01] =0

and .
t=1

and so we have

Va(A,L)> sup E—inf Z,(a)= sup Esup Zn(a).
{Z yeM, a€A (Zi}eMy aEA

O
Although the symmetry condition in this theorem seems to require that we allow losses to be negative,
it is clear that an offset does not change the value of the game or the sequential Rademacher averages.
Theorem 21. For an action set A, loss class £ C R™, and constants b,c € R, define
bL={ar— bl(a): L €L},
L4+c={a—{l(a)+c:LeL}.

Then
Vi (A, [B|£ +¢) = |b]Va (A, L), S (A, bL +¢) = |b]Sn (A4, L) .
Furthermore, if A C A, and L£1,Ls C L,
Sp (A1, L) < Sn (A, L), S (A, L1) < Sn(AL).
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Proof. The equality for V, (A, |b|£ + ¢) is immediate from the definition of V,. For the sequential
Rademacher averages, we have

Sn (A,bL 4 ¢) = sup E, - -- sup Ec, sup Z e (bl(a) + ¢)
n€L

L1eL L —
=1b| sup E, --- sup Ec, sup » sign(b)e:l:(a) + CEZ €
el Ln€L a 3 =1
=1b|Sn (A, L).
The other two inequalities are immediate from the definition. O

4.4 Linear Games

As an application of the martingale characterization of the previous section, consider prediction games
with linear losses,

Le(a) = (c,a).
Define the loss class
L={l.:ceC},
where C C R?%. Let A be a compact subset of R%.
Example 22 (Prediction with expert advice). Define C = [—1,1]™ and

A=A" ::{(w1,...,wm):wi>0,zwi:1}_

i=1
This is the game of prediction with expert advice: at each round, the strategy must choose a probability
distribution a € A over the m experts, and it subsequently sees the vector ¢ € C of experts’ losses and
itself incurs a loss {c, a).
Example 23 (Online shortest path). Let G = (V, E) be a graph. Define A C {0,1}F so that for each
path p between a source s and a sink t in G, there is an a in A with a. = 1[p contains €] for alle € E.
Fach element of the set C C RE corresponds to a vector of delays on the edges. The aim of the prediction
strategy is to choose a path, that is, a vector a € A, at each time t, so that the total delay incurred over
n rounds is not much worse than the best single path.
Theorem 24. For the linear loss class £ = {f.(a) = (c,a) : ¢ € C}, with C a symmetric subset of R
and A a compact subset of RY, the regret satisfies

sup Esup(Zn,a) <Vo(A, L) <2 sup Esup(Z,,a),
{Zi}eMe acA {Z}eMe acA

where Mc is the set of martingales with differences in C.

It is natural that the supremum of these linear functions should depend on the sizes of elements of C
and A. Suppose that we have a norm || - || defined on C, and we measure the size of elements of C using
this norm. Then we can view A as a subset of the dual space of linear functions on C, equipped with the
dual norm

llall« = sup {{c,a) : c €C, |lc|]| < 1}.

To allow a little more flexibility, rather than measuring the size of elements of A using this dual norm,
we will use a strongly convex function defined on A. Think of this as a generalization of the squared
dual norm.

Definition 25. We say that ® : A — R is o-strongly convex wrt || - || if for all a,b € A and « € [0,1],
P(aa+ (1 — a)b) < a®(a)+ (1 — a)®(b) — %a(l — a)|ja —b|2.

Example 26. Consider the p-norm

1/p
lell o= (ZIc#’) ,

A
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for 1 < p < oo, with dual

1/q
llallq == (ZI@I") ;

where 1/p+1/q = 1. Then ®(a) := ||a||? is 2(q — 1)-strongly convez wrt || - ||
Theorem 27. Consider the class of linear losses {£(a) = {(c,a) : ¢ € C} defined on A. Fix a norm || - ||

on C and its dual norm || - ||« on A. Suppose ® : A — R is o-strongly conver wrt || - ||«. Define
C :=sup]||, A® = sup ®(a) — inf ®(a).
cel acA acA

Then the optimal regret satisfies
2n
Va(A L) <2 sup E sup(Zn,a) < 2AC/ —.
{ZtYeMeyu_c a€A g
Example 28. IfC is the p-norm ball and A is the g-norm ball,
C=By:={a:|all, <1},
A=Bg:={a:|al, <1}

forl<p<ooand1l/p+1/q=1, then

V(A L) <2, /qfn1 =2v/n(p—1).

Notice that we cannot apply this result to bound the optimal regret for the game of prediction with
expert advice, where C is an co-ball and A is contained in a 1-ball. Instead, we will use a suitable strongly
convex function ®.

Example 29. Suppose C is the oo-norm ball and A is the simplez,

C = Boo :=[—1,1]%,
d
A=A = {ae [O,l]d:Zaizl}.

The infinity-norm || - ||so,
lelloo := max|ci,

has the 1-norm,

d
lally :=_ leil,
i=1

as its dual. If we define
d

®(a) :=logd + Z a;loga;

i=1
(where we set 01log0 = 0), then it is easy to see that 0 < ®(a) < logd for a € A, and straightforward to
show that ® is 1-strongly convezx wrt || - ||1. Thus,

Va(A, L) < +/2nlogd.

4.4.1 Proof of Theorem [27]

The proof uses ideas from convex analysis. The convex conjugate of ® is

@ (c) = sup ((e.a) ~ P(a).

Without loss of generality, assume that inf,c.4 ®(a) = 0, so that sup,c 4 ®(a) = A%. Then ®*(0) = 0.
The Fenchel-Young inequality follows from the definition of the convex conjugate: for any a € A,

D" (c) + ®(a) > (c,a).
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Thus, for any A > 0,

2 *
Esup(a, Zn) < Esup = ((a) + 9*(\Z)) < & + 22 An), (6)
ac€A acA A A

Consider the evolution of ®*(\Z;). It is straightforward to show that when ® is o-strongly convex
wrt || - ||«, then @ is differentiable and o-smooth wrt || - ||, that is, for all ¢,d € C,

O (c+d) < D*(c) + (VO™ (c),d) + %Hd”?.

Because of this,

E[®*(AZ)|Z1, ..., Zi1] < ®*(AZi1) + E[(VO* (NZy 1), Z — Zo1) |21y, Zir]
1

—E [N Z — Zea || 21, ..., 2o
t 5, NN Ze = Zeall| 21, -y Zea]
)\202
< P (AZ— .
<O (AZ-1) + Gy
Since ®*(0) = 0, we have ®*(\Z,) < nA\*C?/(20).
Substituting into Equation @7
A% nAC?
Es Zn) < —
suplenZa) S 5+ g,

for A = \/2A2%0/(nC?).

5 Bibliographic notes

Prediction in adversarial settings has a long history across many communities, including game theory [15],
information theory [I1}[29], computer science |21}, 28], and statistics [14]. The classic text of Cesa-Bianchi
and Lugosi [10] gives an excellent coverage of much of the material in Section [2| as well as many other
aspects of prediction in game-theoretic settings. Lemma [3|is due to Hoeffding [I6]; the elegant proof in
terms of properties of exponential families was communicated by David Pollard. Inequality , which
improves on Theorem [2| when L;, is small, is from [2]].

The analysis techniques for probabilistic settings are classical. For text-book treatments in terms of
combinatorial dimensions and covering numbers, see, for example, [12) 2]. The treatment given here,
working with Rademacher averages and bounds in terms of other complexity parameters, follows the
approach in [4]. Rademacher averages were introduced as complexity parameters in [I8] and [5] indepen-
dently; see also [§]. Theorem [12| uses the same ideas as a corresponding result (for the case of L, = 0)
from [6]. For more refined conversions from online to batch problems, see, for example, [9].

The ideas and results of Section [4] are from [I], including the application (Theorems [13] and of
the minmax theorem to express the value of the game in terms of the difference between conditional
risk minimizers and empirical risk minimizers. The proof of Theorem was also in [I] (although
the conference version contained a mistake: Rademacher averages in place of sequential Rademacher
averages). The name “sequential Rademacher averages” was introduced in [25]. The example of linear
games in Section uses ideas due to Kakade et. al. [17], together with the observation that their
elegant analysis of Rademacher averages of linear classes extends immediately to the case of sequential
Rademacher averages. Since these lectures were given, there have been several advances. The supremum
of the martingale process [5| that is central to the proof of Theorem [18| has been further studied in [26],
and its uniform convergence related to sequential versions of combinatorial dimensions and covering
numbers. All of these results give information about the value of the game, but do not immediately
lead to algorithms. However, by decomposing this value into the current contribution and the value-
to-go, dynamic programming immediately gives a strategy, albeit one that is typically computationally
intractable. By considering bounds on the value-to-go, [24] show how to derive many algorithms for
regret minimization. In some cases, the value-to-go can be calculated efficiently as a function of a
succinct summary of the history; examples include prediction in a Euclidean space [20], fixed design
linear regression [7], and online time series prediction [19].

21



References

(1]

2]
(3]
(4]
(5]
(6]

(7]

(8]
(9]
[10]

(11]

(12]
(13]
(14]
(15]

[16]

(17]

18]
(19]

20]

21]
22]

23]

J. ABERNETHY, A. AGARWAL, P. L. BARTLETT, AND A. RAKHLIN, A stochastic view of optimal
regret through minimazx duality, in Proceedings of the 22nd Annual Conference on Learning Theory
— COLT 2009, June 2009, pp. 257-266.

M. ANTHONY AND P. L. BARTLETT, Neural Network Learning: Theoretical Foundations, Cambridge
University Press, 1999.

P. AUEr, N. CEsA-BianNcHI, AND C. GENTILE, Adaptive and self-confident on-line learning algo-
rithms, Journal of Computer and System Sciences, 64 (2002), pp. 48-75.

P. L. BARTLETT, CS281B/Stat241B:  Statistical  learning  theory lectures, 2003.
http://www.cs.berkeley.edu/~bartlett/281B.

P. L. BARTLETT, S. BOUCHERON, AND G. LUGOSI, Model selection and error estimation, in Proceed-
ings of the Thirteenth Annual Conference on Computational Learning Theory, 2000, pp. 286—297.

P. L. BARTLETT, P. FISCHER, AND K.-U. HOFFGEN, FEzploiting random walks for learning, in
Proceedings of the Seventh Annual ACM Conference on Computational Learning Theory, ACM
Press, 1994, pp. 318-327.

P. L. BARTLETT, W. KOOLEN, A. MALEK, E. TAKIMOTO, AND M. WARMUTH, Minimaz fized-
design linear regression, in Proceedings of the Conference on Learning Theory (COLT2015), vol. 40,
June 2015.

P. L. BARTLETT AND S. MENDELSON, Rademacher and Gaussian complezities: Risk bounds and
structural results, Journal of Machine Learning Research, 3 (2002), pp. 463-482.

N. CesA-BiancHI, A. CONCONI, AND C. GENTILE, On the generalization ability of on-line learning
algorithms, IEEE Transactions on Information Theory, 50 (2004), pp. 2050-2057.

N. CesA-BIANCHI AND G. LuGosl, Prediction, Learning, and Games, Cambridge University Press,
2006.

T. COVER, Behavior of sequential predictors of binary sequences, in Proceedings of the 4th Prague
Conference on Information Theory, Statistical Decision Functions and Random Processes, 1965,
pp. 263-272.

L. DEVROYE, L. GYORFI, AND G. LuGosl, A probabilistic theory of pattern recognition, Applications
of Mathematics: Stochastic Modelling and Applied Probability (31), Springer, 1996.

R. M. DUDLEY, Real Analysis and Probability, Wadsworth & Brooks/Cole, California, 1989.
D. P. FOSTER, Prediction in the worst case, Annals of Statistics, 19 (1991), pp. 1084-1090.

J. HANNAN, Approzimation to Bayes risk in repeated play, Contributions to the Theory of Games,
3 (1957), pp. 97-139.

W. HOEFFDING, Probability inequalities for sums of bounded random variables, Journal of the Amer-
ican Statistical Association, 58 (1963), pp. 13-30.

S. M. KAKADE, K. SRIDHARAN, AND A. TEWARI, On the complexity of linear prediction: Risk
bounds, margin bounds, and regularization, in Advances in Neural Information Processing Systems
21, MIT Press, 2009, pp. 793-800.

V. KOLTCHINSKII, Rademacher penalties and structural risk minimization, IEEE Transactions on
Information Theory, 47 (2001), pp. 1902-1914.

W. KOOLEN, A. MALEK, P. L. BARTLETT, AND Y. ABBASI-YADKORI, Minimaz time series predic-
tion, in Advances in Neural Information Processing Systems 28, 2015. To appear.

W. M. KOOLEN, A. MALEK, AND P. L. BARTLETT, Efficient minimax strategies for square loss
games, in Advances in Neural Information Processing Systems 27, Z. Ghahramani, M. Welling,
C. Cortes, N. Lawrence, and K. Weinberger, eds., 2014, pp. 3230-3238.

N. LITTLESTONE AND M. WARMUTH, Weighted majority algorithm, in IEEE Symposium on Foun-
dations of Computer Science, 1989, pp. 256—261.

C. McDIARMID, On the method of bounded differences, in Surveys in Combinatorics 1989, Cambridge
University Press, 1989, pp. 148-188.

S. MENDELSON, A few notes on statistical learning theory, in Advanced Lectures in Machine Learn-
ing, S. Mendelson and A. J. Smola, eds., vol. 2600 of Lecture Notes in Computer Science, Springer,
2003, pp. 1-40.

22



[24] A. RAKHLIN, O. SHAMIR, AND K. SRIDHARAN, Relaz and randomize : From value to algorithms, in
Advances in Neural Information Processing Systems 25, P. Bartlett, F. Pereira, C. Burges, L. Bottou,
and K. Weinberger, eds., 2012, pp. 2141-2149.

[25] A. RAKHLIN, K. SRIDHARAN, AND A. TEWARI, Online learning: Random averages, combinatorial
parameters, and learnability, in Advances in Neural Information Processing Systems 23, 2010.

[26] ——, Sequential complexities and uniform martingale laws of large numbers, Probability Theory
and Related Fields, 161 (2015), pp. 111-153.

[27] M. SION, On general minimaz theorems., Pacific Journal of Mathematics, 8 (1958), pp. 171-176.

[28] V. VOVK, Aggregating strategies, in Proceedings of the Third Annual Workshop on Computational
Learning Theory, Morgan Kaufmann, 1990, pp. 372—-383.

[29] J. Z1v, Coding theorems for individual sequences, IEEE Transactions on Information Theory, 24
(1978), pp. 405-412.

23



	Prediction as a Repeated Game
	A Finite Comparison Class
	Prediction with expert advice
	With a perfect expert
	Without a perfect expert: mixed actions
	Exponential weights
	Exponential weights as Bayesian prediction

	Online and adversarial versus batch and probabilistic
	Analysis of probabilistic prediction: Rademacher averages
	Online to Batch Conversion

	Optimal Regret
	Dual Game: Proof Idea
	Optimal Regret and Sequential Rademacher Averages
	Sequential versus maximal Rademacher averages: an example

	Martingales and Sequential Rademacher Averages
	Linear Games
	Proof of Theorem 27


	Bibliographic notes

