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Abstract

Game theory and statistics are two huge scientific disciplines that have
played a significant role in the development of a wide variety of fields, including
computer science, natural sciences, and social sciences. Traditionally, game the-
ory has been used for decision making in strategic environments where multiple
agents interact with each other. Statistics, on the other hand, is traditionally
used for reasoning in non-adversarial settings where the samples are assumed
to be generated by some stationary non-reactive source. Due to the contrasting
settings in which game theory and statistics are often studied, these two disci-
plines have traditionally been regarded as disparate research areas. However,
there is a great degree of commonality between the two fields. A surprisingly
wide range of problems in classical and modern statistics have a game theoretic
component to them. Classically, the mathematical philosophy of statistics, par-
ticularly frequentist statistics, posits that the source of samples is potentially
adversarial. This resulted in the rich theory of minimax statistical games and
estimation. Boosting algorithms, which are often regarded as best off-the-shelf
classifiers, can be viewed as playing a zero-sum game against a weak learner. To
allow for various departures of “test environment” from “train environments”,
the emerging field of robust machine learning allows for adversarial manipu-
lation of the train or test environments. Finally, an emerging class of density
estimators in modern machine learning use an adversarial “critic” of the density
estimator to improve the final density estimation. The common theme among
these classical and modern developments is an interplay between statistical
estimation and multiplayer games.

Statistical game theory is a unified analytical and algorithmic framework
underlying all these classical and modern developments. This thesis aims to lay
the foundations of statistical game theory to address the above-mentioned (and
many more) statistical problems. While our primary focus in this thesis is on
minimax statistical estimation and boosting, the tools and techniques developed
here are broadly applicable and are useful for studying other problems such as
robust learning, and adversarial density estimation.

Our work on minimax statistical estimation aims to provide efficient tech-
niques for algorithmically building minimax optimal estimators. These tech-
niques automate the process of designing minimax estimators and can aid statis-
ticians in building these estimators. For various fundamental problems such as
mean estimation, and entropy estimation, our algorithmic minimax estimators
match, if not beat, the performance of existing minimax estimators designed by
statisticians. Our work on boosting aims to improve its performance and bring
it closer to neural networks’ performance. To this end, we develop a generalized
boosting framework that combines weak classifiers using more complex forms
of aggregation than additive combinations considered in traditional boosting.
Our generalized boosting algorithms have better performance than traditional
boosting and have performance close to neural networks.
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Chapter

Introduction

Game theory and statistics are two huge scientific disciplines that have in turn played a
significant role in the development of a wide variety of fields, including computer science,
natural sciences, and social sciences. Traditionally, game theory has been used for decision-
making in strategic environments where multiple agents interact with each other. For
example, in economics, it is often used for designing auctions and for decision-making in
competitive markets. In computer science, it has found applications in numerous sub-fields
such as distributed computing, network security, robotics, self-driving cars, and in general
where multiple self-interested parties interact with each other.

Unlike game theory, statistics has traditionally been used for reasoning in non-strategic
and non-adversarial environments. In particular, statistics is concerned with the analysis
and interpretation of data generated by some stationary non-reactive source. For exam-
ple, in numerous fields such as astronomy, biostatistics, business analytics, epidemiology,
finance, statistical analysis, and estimation is often performed on data generated from non-
reactive sources. Due to the contrasting settings in which game theory and statistics are
often studied, these two disciplines have traditionally been regarded as disparate research
areas. However, there is a great degree of commonality between the two fields. A surprising
range of developments in classical and modern statistics have a game theoretic component
to them:
¢ Classical Developments. Classically, the mathematical philosophy of statistics, in

particular frequentist statistics, was concerned about strategic considerations. It posits
that the source of samples seen by the statistician is potentially adversarial. This re-
sulted in the rich theory of minimax statistical estimation and games [Wal49]|. In these
games, statistical estimation problems are framed as two-player games in which nature
adversarially selects a distribution that makes it difficult for a statistician to perform the
estimation. Boosting algorithms, which are often regarded as best off-the-shelf classifiers,
can be viewed as playing a zero-sum game against a weak learner [FS96].

® Modern Developments. Modern statistical and machine learning applications are
increasingly moving towards multi-agent learning as illustrated by the following exam-
ples. To allow for various departures of “test environment” from “train environments”, the
emerging field of robust machine learning allows for adversarial manipulation of the train



or test environments [Pra-+20; Sze-+13|. An emerging class of density estimators in mod-
ern machine learning use an adversarial “critic” of the density estimator to improve the
final density estimation [Goo+14]. Finally, approaches for algorithmic fairness [Has+18;
DN18], uncertainty quantification (e.g., calibration, prediction intervals) [Gup21], can
be framed as finding the equilibrium of two-player games.

The common theme among these classical and modern developments is an interplay be-
tween statistical estimation and two-player games. Moving beyond two-player games, sev-
eral emerging problems in statistics and machine learning naturally lead to multi-player
games. Due to various privacy concerns, data used in many modern statistical applications
in healthcare and advertising is often collected in a decentralized manner by multiple local
actors, each with their own self-interests. Statistical inference in such scenarios naturally
leads to an interplay with multi-player game theory. All these examples show that the
intersection of statistics and game theory is becoming an increasingly relevant sub-field.

In this thesis, we aim to bring together statistics and game theory and study the
interplay between the two fields. In particular, we are interested in studying statistical
problems from a game theoretic perspective and understand how game theory can advance
statistics. Despite the many commonalities between the two fields, the game theoretic
perspective of many statistical problems is often ignored due to various analytical and
computational reasons:

¢ Large Domains. One of the unpleasant facts about many games arising in statistics is
that they are generally much too big and too difficult to solve than those typically arising
in economics and computer science. For example, consider the problem of minimax
statistical estimation, which can be viewed as a game between statistician and nature.
The action space of the statistician in this game is the set of all functions, which is an
infinite-dimensional space. Existing algorithmic tools from game theory are inefficient
for solving this game. Consequently, statisticians have often ignored the game theoretic
viewpoint while designing minimax estimators.

¢ Nonconcave Utilities. Another unpleasant fact about games arising in statistics and
machine learning is that the utility functions of the players often turn out to be non-
concave. For example, this is the case in many modern statistical applications such as
robust machine learning, Generative Adversarial Networks (GANs) that rely on deep
neural networks. This is the case even in classical statistical problems such as minimax
statistical estimation. Existing analytical and algorithmic tools from game theory, which
primarily focus on concave utility functions, are inadequate for studying such games.

Setting aside these analytical and computational caveats, the game theoretic perspec-
tive provides tremendous value and comes with several benefits. It can help us reason about
and construct optimal solutions for the wide range of statistical problems described above.
As an example, consider again the problem of minimax statistical estimation. Existing
approaches for designing minimax estimators often rely on prior knowledge and require
a deeper understanding of the problem at hand. This process is very time-consuming,
and often requires decades of research on the problem; for example, designing the popu-
lar LASSO estimator required decades of research on sparse estimation. In contrast, the
game theoretic perspective can help us come up with algorithmic approaches that can au-



tomate the process of designing minimax estimators. Such algorithmic approaches can be
of tremendous value to statisticians, as they can aid them in building minimax estimators.
As another example, consider robust machine learning. Existing approaches for construct-
ing robust models often rely on heuristics and are not guaranteed to return an optimal
solution. In contrast, the game theoretic viewpoint of robust machine learning provides
us a wide array of tools for constructing robust models that can withstand adversarial
manipulations better than existing approaches.

The sub-field of statistical game theory provides an analytical and algorithmic frame-
work for addressing the above issues and helps us study statistical problems from a game
theoretic perspective. In this thesis, we aim to lay the foundations of statistical game
theory and study some of the above-described statistical applications. Our primary focus
in this thesis is on minimax statistical estimation and boosting. However, the tools and
techniques developed here are broadly applicable and are useful in other areas such as
contextual bandits, robust machine learning, and adversarial density estimation.

Here is the organization of the thesis. In Parts I and II, we develop necessary algorithmic
tools in online learning, game theory, and optimization that help us study several statistical
problems from a game theoretic perspective. In Part III of the thesis, we study the problem
of minimax statistical estimation. Here, we utilize the tools in Part I to develop efficient
techniques for algorithmically building minimax optimal estimators. In Part IV, we study
the problem of boosting. Here, we develop new techniques to improve the performance of
boosting and bring it closer to neural networks’ performance.

1.1 Part I: Online Learning with Full Information Feed-
back

As previously mentioned, a major challenge in studying games that arise in statistical
applications is that they come with nonconcave utility functions. For such games, there
need not exist a Nash equilibrium (NE)', that is, there need not exist situations where
all the players are satisfied with their actions. So, it is crucial to first understand the
type of solutions we should target when studying these games. Several works have studied
alternatives to Nash equilibrium in zero-sum games with nonconcave utilities. Two such
popular solution concepts are local Nash equilibrium [JNJ20; DSZ21] and mixed strategy
Nash equilibrium. Of these two concepts, mixed strategy NE is much more suitable for
statistical applications. This is because, for problems such as minimax statistical estima-
tion, local NE solutions can lead to highly sub-optimal estimators’. Consequently, in this
thesis, we primarily focus on studying mixed strategy NE of games with nonconcave utility
functions.

In Part I of the thesis, we present efficient algorithms for computing mixed strategy
NE of games with nonconcave utility functions. A popular and widely used approach for

INash equilibrium is a very popular notion that is often used to analyze games and multi-agent systems.
2In certain applications such as GANs, adversarial training, it could be possible that local NE solutions
might suffice.



computing NE of games is to rely on online learning algorithms [Haz16; CLO6G|. In this
thesis, we take this approach and develop efficient algorithms for online nonconvex learning
that achieve optimal regret. This in turn gives us efficient algorithms for solving games
with nonconcave utility functions.

In Chapter 2, we show that the classical Follow-the-Perturbed-Leader (FTPL) algo-
rithm is optimal for online learning with nonconvex losses, and is (oracle) efficient. In
particular, we show that it achieves the optimal O(T~1/2) regret even when the sequence
of loss functions chosen by the adversary is nonconvex. In each iteration, the FTPL algo-
rithm makes a single call to an offline optimization oracle to choose its next action. Given
that offline optimization is well understood for a number of problems of interest [HP13],
this entails an efficient algorithm for online nonconvex learning. We note that the result
in this chapter is of independent interest and has several consequences beyond the set-
ting of nonconvex-nonconcave games considered here. The most important of these is its
applications to online learning in bandit settings and contextual bandits.

While the O(T~'/?) regret guarantees achieved by FTPL is optimal, these guarantees
are derived under the assumption that the sequence of loss functions encountered by the
learner could be adversarial. However, when online learning is used in the context of two-
player games, this assumption becomes invalid. So a natural question in this context is
whether there exist algorithms that can achieve better regret guarantees when the sequence
of loss functions is benign and predictable. We answer this question in the affirmative. In
Chapter 3, we show that an optimistic variant of FTPL can achieve better regret guarantees
when the sequence of losses is predictable. In the context of two-player games, we show
that Optimistic FTPL (OFTPL) converges at a faster rate to a Nash equilibrium than
vanilla FTPL.

1.2 Part II. Bandit Optimization

Studying games with nonconcave utility functions invariably leads us to the question of
maximizing nonconcave functions. Unfortunately, this is a very hard problem (in fact,
it is known to be NP-hard). In addition, in many statistical applications of interest, we
are faced with two more challenges: (a) we only have zeroth-order access (a.k.a bandit
feedback) to the functions we want to maximize, and (b) evaluating the function at any
given point is computationally expensive (see Chapter 5 for details). So we ideally want
derivative-free optimization techniques that satisfy the following desiderata

1. handle nonconcave objectives
2. require as few function evaluations as possible

3. scale well to high dimensional problems
Unfortunately, none of the existing derivative-free optimization techniques satisfy all these
requirements. Gaussian Process Optimization [Sri-+09], perhaps the most popular derivative-
free optimization technique, doesn’t scale well to high dimensional problems. Random walk
based approaches such as simulated annealing [VA87| require too many function evalua-
tions, thus making them inefficient even for low dimensional problems. So, our aim is to
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develop derivative-free order optimization techniques that satisfy the above desiderata.

In Chapter 4, we take a small step towards this goal by studying the above ques-
tion for convex quadratic loss functions (albeit in the much harder adversarial setting).
Surprisingly, there are no efficient derivative-free optimization techniques known even in
this simple setting. In Chapter 4, we design a regularized bandit Newton method which
achieves the optimal O (T -V 2) regret guarantee in this setting and is computationally ef-
ficient. In ongoing work, we are relying on the insights gained from studying quadratic
losses to design efficient derivative-free optimization techniques for nonconvex losses.

1.3 Part III: Minimax Statistical Estimation

For decades, minimax statistical estimation has been crucial for the development of fre-
quentist statistics, as it aids statisticians in picking estimators that work well even under
the worst circumstances. Traditional approaches for solving this statistical game are usu-
ally problem-specific. In these approaches, an estimator is first proposed for a specific
problem, and then its optimality is certified by showing its worst-case risk matches the
known lower bounds for the minimax value of the game. However, such approaches can be
time-consuming, require a deeper understanding of the problem, and do not often provide
concrete guidelines for designing minimax optimal estimators for general problems. So
algorithmic approaches that automate this process can be of immense help to statisticians.

In Chapter 5, we aim to develop algorithmic techniques for solving minimax statistical
games. As previously described, a critical distinction of statistical games, in contrast to
the typical zero-sum games studied in economics and computer science, is that the set of all
possible moves of the statistician is extremely large, and importantly, the game need not
have concave utility functions. To handle these technical caveats, we rely on algorithmic
tools developed in Part I of the thesis.

Solving Minimax Statistical Games. A standard technique for computing a NE of
the game relies on online learning algorithms. Here, the minimization player and the max-
imization player play a repeated game against each other, with both relying on online
learning algorithms to choose their actions in each round of the game, and with the ob-
jective of minimizing their respective regret. Whenever the algorithms used by both the
players guarantee vanishing regret, it can be shown that the repeated game play converges
to a NE. Equipped with the FTPL, OFTPL algorithms developed in Chapters 2, 3, in
Chapter 5, we rely on this technique to solve the statistical game. The resulting algorithm
requires access to two subroutines: a Bayes estimator subroutine that outputs a Bayes es-
timator corresponding to any given prior, and a subroutine that computes the (perturbed)
worst-case risk of any given estimator. Given access to these two subroutines, we show that
our algorithm outputs both a minimax estimator and a least favorable prior (LFP). For
problems where the two subroutines are efficiently implementable, our algorithm provides
an efficient technique to construct minimax estimators. While implementing the subrou-
tines can be computationally hard in general, we show that the computational complexity



can be significantly reduced for a wide range of problems satisfying certain invariance
properties.

To demonstrate the power of this technique, we use it to construct provably minimax
estimators for the classical problems of finite-dimensional Gaussian sequence model and
linear regression. Furthermore, for the fundamental problems of covariance and entropy
estimation, we present empirical evidence showing that our algorithmically constructed
estimators match the performance of existing minimax estimators designed by statisticians.

1.4 Part IV: Boosting

In the final part of the thesis, we focus on boosting. Boosting is a widely used learning
technique in machine learning for solving classification problems. Over the years, boosting
based methods have shown tremendous success in many real-world applications. Moreover,
boosting based methods are easy to train and understand from a theoretical standpoint,
thus making it easier to adopt these methods in critical applications such as healthcare.
However, this success is mostly limited to classification tasks involving structured or tabular
data with hand-engineered features. On classification problems involving low-level features
and complex decision boundaries, boosting tends to perform poorly. One example where
this is evident is the image classification task, where the decision boundaries are often
complex and the features are low-level pixel intensities. This drawback stems from the
fact that boosting builds an additive model of weak classifiers, each of which has very
little predictive power. Since such additive models with any reasonable number of weak
classifiers are usually not powerful enough to approximate complex decision boundaries,
the models’ output by boosting tend to have poor performance. This then brings us to the
following question:
can we generalize boosting to allow for more complex forms of aggregation than linear
combinations of weak classifiers?

Such a generalized boosting algorithm can have several benefits. For example, if we can
develop boosting algorithms that combine weak classifiers through function compositions, it
entails a simple and easy-to-understand algorithm for learning neural networks. Moreover,
such an algorithm can make neural network training transparent and easy to adopt in
critical applications.

The above question can be studied from two different perspectives: one based on
the statistical view of boosting, where boosting is viewed as greedy stagewise optimiza-
tion [F'HT--00], and the other based on the game theoretic view, where boosting algorithms
are viewed as playing a game against a weak learner [F'S95]. In Chapter 6, we study the
above question from the statistical viewpoint. In particular, we develop greedy stagewise
optimization algorithms which allow for more complex forms of aggregation than additive
combinations that are considered by traditional stagewise optimization techniques. Our
algorithms improve upon traditional boosting and bridge the gap in performance between
traditional boosting and neural networks.

The algorithms we developed in Chapter 6 don’t yet match the performance of end-
to-end trained neural networks. To truly bridge the gap in performance between boosting



and neural networks, we hypothesize that one has to look at the game theoretic viewpoint
of boosting. Historically, the game theoretic perspective has been much more successful in
developing boosting algorithms with good generalization guarantees, than the statistical
perspective. For example, consider the problem of multiclass boosting. Numerous boosting
algorithms have been developed for this problem from the statistical perspective. However,
many of these algorithms often perform poorly in practice. When viewed from a game
theoretic perspective, many of these algorithms actually turn out to be sub-optimal [MS13].
Furthermore, the game theoretic viewpoint has played a crucial role in designing optimal
algorithms for multiclass boosting. Consequently, in future, we aim to develop generalized
boosting algorithms from a game theoretic perspective.
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Chapter

Following the Perturbed Leader for
Nonconvex Losses

In this chapter, we study the problem of online learning with non-convex losses, where, in
each iteration, the learner chooses an action and observes a loss which could potentially be
non-convex. The goal of the learner is to choose a sequence of actions which minimize the
cumulative loss suffered over the course of learning. The paradigm of online learning has
been studied in a number of fields, including game theory, machine learning, statistics and
has several practical applications. In recent years a number of efficient algorithms have
been developed for online learning. Convexity of the loss functions has played a central
role in the development of many of these techniques. In this chapter, we consider a more
general setting, where the sequence of loss functions encountered by the learner could be
non-convex. Such a setting has numerous applications in machine learning, especially in
adversarial training [Sze + 13], robust optimization and training of Generative Adversarial
Networks (GANs) [Goo +14].

As mentioned above, most of the existing works on online optimization have focused on
convex loss functions [Haz16]. A number of computationally efficient approaches have been
proposed for regret minimization in this setting. However, when the losses are non-convex,
minimizing the regret is computationally hard. Recent works on learning with non-convex
losses get over this computational barrier by either working with a restricted class of loss
functions such as approximately convex losses [GLZ18] or by optimizing a computationally
tractable notion of regret [HSZ17]. Consequently, the techniques studied in these papers do
not guarantee vanishing regret for general non-convex losses. Another class of approaches
consider general non-convex losses, but assume access to a sampling oracle [MM10; Kri+15]
or an offline optimization oracle [AGH19|. Of these, assuming access to an offline opti-
mization oracle is reasonable, given that in practice, simple heuristics such as stochastic
gradient descent seem to be able to find approximate global optima reasonably fast even
for complicated tasks such as training deep neural networks.

In a recent work Agarwal, Gonen, and Hazan |[AGH19| take this later approach, where
they assume access to an offline optimization oracle, and show that the classical Follow
the Perturbed Leader (FTPL) algorithm achieves O(T~'/?) regret for general non-convex
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losses which are Lipschitz continuous. In this chapter, we improve upon this result and
show that FTPL in fact achieves optimal O(T~'/2) regret.

2.1 Problem Setup and Main Results

Let X C R? denote the set of all possible moves of the learner. In the online learning
framework, on each round ¢, the learner makes a prediction x; € X and the nature/adver-
sary simultaneously chooses a loss function f;: X — R and observe each others actions.
The goal of the learner is to choose a sequence of actions {x;}’_, such that the following
notion of regret is small

_th X) — = mf th
We assume that X is bounded and has /., diameter of D, which is defined as

D = sup [[x =yl
x,yeX

Moreover, we assume that the sequence of loss functions f; chosen by the adversary are

L-Lipschitz with respect to 1 norm, that is, for all x,y € X, [f:(x) — fe(y)| < Ll|x =y |-

Approximate Optimization Oracle. Our results rely on an offline optimization oracle
which takes as input a function f: X — R and a d-dimensional vector ¢ and returns an
approximate minimizer of x — f(x) — (0,x). An optimization oracle is called “(«, §)-
approximate optimization oracle” if it returns x* € X such that

fx) = (o, x") < inf [f(x) = {o,x)] + (a + Bllol) ,

XEX
We denote such an optimization oracle with O, 5 (f — (o, -)).

FTPL. Given access to an («, 5)-approximate offline optimization oracle, we study the
FTPL algorithm which is described by the following prediction rule (see Algorithm 1).

Oap (Zf (o1, ) (2.1)

where o, € R? is a random perturbation such that o ;, the j coordiante of oy, is sampled
from Exp(n), the exponential distribution with parameter n'. We note that one can also
generate the perturbations from other probability distributions such as uniform distribution
and achieve similar regret bounds as presented in this chapter.

'Recall, Z is an exponential random variable with parameter 7 if P(Z > s) = exp(—7s)
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Algorithm 1 Follow the Perturbed Leader (FTPL)

1: Input: Parameter of exponential distribution 7, approximate optimization oracle O, g
2: fort=1...T do N

3: Generate random vector o such that {oy ; }?:1 il Exp(n)

4

Predict x; as
t—1
xt = Oap (Z fi — (o, >> :
i=1

ot

Observe loss function fy
end for

>

2.1.1 Main Result

We present our main result for an oblivious adversary who fixes the sequence of losses
{fi}E, ahead of the game. Following [CLO6|, one can show that any algorithm that is
guaranteed to work against an oblivious adversary also works for a non-oblivious adversary,
whose actions are allowed to depend on the past predictions of the algorithm. For the
sake of completeness, we present a proof of this reduction from non-oblivious to oblivious
adversary model in Appendix A.2.

Theorem 1 (Non-Convex FTPL). Let D be the {y, diameter of X. Suppose the losses en-
countered by the learner are L-Lipschitz w.r.t {1 norm. Moreover, suppose the optimization
oracle used by Algorithm 1 is a “(«, B)-approzimate” optimization oracle. For any fized n,
the predictions of Algorithm 1 satisfy the following regret bound

d(BT + D)
nl

T T
1 1
_ L. < 272 ‘
E ;:1 fe(x¢) ingv ;:1 fix)| <O (nd DL+ +a+ BdL)

The above result shows that for appropriate choice of , FTPL achieves O(d%T’% +a+p A>T %)
regret. This also shows that when o = O(T2), 3 = O(T1), FTPL achieves the optimal
O(T~2) regret. This improves upon the O(T~3) regret bound obtained by Agarwal, Go-
nen, and Hazan [AGH19]. We note that the above result can be generalized to infinite-
dimensional spaces such as ¢! space of sequences. To do this we assume that the domain
X is bounded and can be enclosed in a hyper-rectangle with edge length D; along the i
standard basis vector. Through a more careful analysis we can obtain regret bounds that

d p
depend on the effective dimension of X, which is defined as iz Di ngtead of d.

max; D; ’
Before we conclude the section we point out that as an immediate consequence of
the above regret bounds, we obtain algorithms for approximating the mixed strategy
Nash equilibria of general non-convex non-concave saddle point problems of the form

mi)rg rna;f F(x,y). This follows from the observation that saddle point problems can be
xc ye

solved by playing two online optimization algorithms against each other [CL06; Haz16].
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2.2 Background

In this section we briefly review the relevant literature on online learning in both convex
and non-convex settings.

Online Convex Optimization. When the domain X and the loss functions f; encoun-
tered by the learner are convex, a number of efficient algorithms for regret minimization
have been studied. Most of these algorithms fall into three broad categories, namely Follow
the Regularized Leader (FTRL), Online Mirror Descent (OMD) [Haz16] and Follow the
Perturbed Leader (FTPL) [KV16]. FTRL algorithms make a prediction in each iteration
by minimizing argmin, > ‘"7 fi(x) + R(x), where R is a strongly convex regularizer. The
regularization R plays a crucial role in the performance of the algorithm and helps avoid
overfitting to the observed loss functions. Similar to FTRL, OMD also relies on explicit
regularization to guarantee vanishing regret. In fact, under certain settings, both OMD and
FTRL algorithms are known to be equivalent [McM11]|. For a broad class of online convex
optimization problems, FTRL and OMD are known to achieve optimal regret guarantees.

FTPL algorithms rely on random perturbation of loss functions to guarantee vanishing
regret. This random perturbation can be viewed as having a similar role as the explicit
regularization used in FTRL and OMD. In a recent work Abernethy, Lee, and Tewari
|ALT16| use duality to connect FTPL and FTRL. They show that every instance of FTPL
is also an instance of FTRL.

Online Non-Convex Optimization. A natural question that arises in the context of
online non-convex learning is whether there exist counterparts of FTRL and OMD which
achieve vanishing regret. Unfortunately, the answer is no. As we show in the following
Proposition, there exists no deterministic algorithm that can achieve vanishing regret when
the losses are non-convex.

Proposition 1. No deterministic algorithm can achieve o(1) regret in the setting of online
non-convex learning.

The above Proposition shows that only randomized algorithms can achieve vanishing
regret. Recent works of Maillard and Munos [MM10| and Krichene, Balandat, Tomlin, and
Bayen |Kri+ 15| consider the natural extension of Exponential Weight Algorithm to contin-
uous domains and show that the resulting algorithm has vanishing regret in the setting of
online non-convex learning. The algorithms studied in these works rely on an offline sam-
pling oracle which can generate samples from any given probability distribution. In another
line of work, Agarwal, Gonen, and Hazan [AGH19| study the classical FTPL algorithm
with access to a certain offline optimization oracle and show that it achieves O(T~'/3)
regret. As an immediate consequence of this result, the authors show that both online
adversarial learning model and statistical learning model are computationally equivalent.
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2.3 Non-Convex FTPL

In this section, we present a proof of Theorem 1. Since we are in the oblivious adversary
setting, it suffices to work with a single random vector o, instead of generating a new
random vector in each iteration. The first step in the proof involves relating the expected
regret to the stability of prediction, which is a standard step in the analysis of many online
learning algorithms.

Lemma 2. The regret of Algorithm 1 can be upper bounded as

a d L < d(BT + D
> b - e YA < 53 Bl —xall] + U vas e
t=1 t=1 t=1 o~

Stability

In the rest of the proof we focus on bounding the stability term E [||x; — x¢41][1]. The
randomness used in the algorithm is crucial for bounding its stability. The more random-
ness we add, the more stable the algorithm is. However, there is a price we pay for adding
randomness. It causes the algorithm to make poor predictions, which leads to worse regret.
This is evident in the second term in the upper bound in Equation (2.2), which increases
as 7 decreases.

We first provide an brief sketch of the proof in the 1-dimensional case. Similar to
the proof of Agarwal, Gonen, and Hazan [AGH19|, our proof relies on showing certain
monotonicity properties of the predictions of the algorithm. Letting x;(c) be the prediction
in the ¢ iteration of FTPL with random perturbation o, we show that the predictions are
monotonic functions of o

Vt,c>0, Xt(O'+C) th(O').

Moreover, we show that
Ve> L, min{x;(c + ¢),Xer1(0 + ¢)} > max {x(0),x¢+1(0)}.

Since the domain is bounded, these two properties imply that the functions x;(0),x¢41(0)
should be close to each other for sufficiently large values of o (see Figure 2.1 for an illustra-
tion). The closeness of these two functions immediately implies the stability of the algo-
rithm. In what follows, we formalize this argument and extend it to the high-dimensional
case.

Lemma 3 (Monotonicity 1). Let x;(0) be the prediction of FTPL in iteration t, with
random perturbation o. Let e; denote the i'" standard basis vector and X denote the ith
coordinate of x;. Then the following monotonicity property holds for any ¢ > 0

2(a+ Bllol)

Xt i(0+ ce;) > xpi(0) — .

— 8.

Proof. Let fi.4(x) = Y_._, fi(x) and ¢’ = & + ce;. Moreover, let y(c) = a + §]|o||; be the
approximation error of the offline optimization oracle. From the approximate optimality
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Figure 2.1: Illustration of monotonicity properties of the predictions of FTPL on a 1-
dimensional example with D = 10, L = 2.

of x,(c) we have

Jri1(x4(0)) = (0, %4(0))

< i (4(0)) — {0 % (0)) + ex0s(”) + () +7(0)
(

= fra-1(xe(0)) = (0,x4(0)) + ¢ (x0.i(0") — x4

where (a) follows from the approximate optimality of x;(¢”). Combining the first and last

terms in the above expression, we get x;;(0") > x;,(0) — 27—3') - B. O

Lemma 4 (Monotonicity 2). Let x;(o) be the prediction of FTPL in iteration t, with
random perturbation o. Let e; denote the i'" standard basis vector and X¢; denote the ith
coordinate of x;. Suppose ||xi(0) — Xp11(0)||1 < 10d - |%¢(0) — X¢114(0)|. For o’ = o +
100Lde;, we have

1

min (X;;(0"), X¢41,(07)) > max (x,4(0), X¢414(0)) — TO!Xt,i(U) —X¢11,i(0)]
_ 3(a+ Bllal) 3
100Ld '

Proof. Let f1./(x) = S.1_, fi(x) and let y(c) = a + B||o||; be the approximation error of
the offline optimization oracle. From the approximate optimality of x;(c), we have

Jra-1(x¢(0)) — (o, %¢(0)) + fir(xe(0))

< fra1(xe41(0)) = (0, %141(0)) + fi(x:(0)) + ()

L Frrr (e (0)) — (03x041(0)) + Fo(141(0)) + Llxe(0) — %251 (0)]}1 +7(0)

C frr (041 (0)) — (0. %051(0) + fi(xean(0)) + 10Ldlxe 4(0) — xr51.4(0)| + (o),
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where (a) follows from the Lipschitz property of f;(-) and (b) follows from our assumption
on ||x¢(0) —x¢41(0)]]1. Next, from the optimality of x;,1(¢”), we have

fra—1(xe(0)) = (o,%¢(0)) + fi(x:(0))

= fr—1(xe(0)) = (0", x¢(0)) + fe(xe(0)) + (100Lde;, x: (o))

> fri—1(xe41(0") = (0", xe41(07)) + fe(xe41(0")) + 100Ldxy () — ~(0”)

= fru—1(Xe11(0") = (0, %e11(0")) + fe(xe41(0”)) + 100Ld(x4,i(0) — Xe41,:(0”)) — (")

> fr—1(xe41(0)) = (0, %¢11(0)) + fe(xe+1(0)) + 100Ld(x¢t,i(0) — Xt41,4(0”)) — 7(0”) — (o),

where the last inequality follows from the optimality of x;,1(c). Combining the above two
equations, we get

1 37(0)
Xe+1,i(0") — Xei(0) = —E|Xt,i(0) — X¢41,4(0)] — T00Ld B.
A similar argument shows that
3v(o
0a(0")  %4(0) 2 (o) (o) — 1) g
Finally, from the monotonicity property in Lemma 3 we know that
3v(o 3v(o
Xeir0') = xenilo) 2 — D5 o) xus(e) =~
Combining the above four inequalities gives us the required result. O

Proof of Theorem 1. We now proceed to the proof of Theorem 1. We use the same
notation as in Lemmas 3, 4. First note that E[||x;(c) — x¢+1(0)||1] can be written as

E[[[x(0) = xt41(0) 1] = ZE [Ixt.i(0) = Xer1i(o)]] (2.3)

To bound E [||x;(0) — X¢+1(0)||1] we derive an upper bound for E [|x;;(c) — x¢41.:(0)|], Vi € [d].
For any i € [d], define E_; [|x;(0) — X11,4(0)]] as
B [1%4(0) = xi41(0)) = E [Jx4(0) = %0410 [{o3 1]

where o, is the j coordinate of 0. Let Xz i(0) = max (x;(0), X;41.4(0)) and Xppin i(0) =
min (Xtﬂ'(O'), Xt—i—l,i(o-))' Then E—i th,i(o—) — Xt+17i(0)|] = ]E—i [Xma:mi(a)] — ]E—i [Xmmi(a) .
Define event £ as
E={o:[|xe(0) = x+1(0)[1 < 10d - |x4i(0) = Xe11,6(0)|} -
Consider the following
E_i [Xmini(0)] = P(o; < 100Ld)E_; [Xmini(0)]o; < 100Ld]
T

TV
T
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We now try to lower bound T}, T5 in the above equation. Since the domain of i*" coordinate
lies within some interval of length D and since 77 and E_; [X,,4,(0)] are points in this
interval, their difference is bounded by D. So T} is lower bounded by E_; [Xyaz.i(0)] — D.
We next rewrite T, as follows.

Ty = P(o; > 100LA)E_; [xonins(0)|0: > 100Ld] = / Sonins () P(0)dor

0;=100Ld

x
= / Xmini(0)ne” "7 do;
(op

1=100Ld

We now do a change of variables in the above integration. Let o; = o + 100Ld and
o' = [o1,...0i_1,00,0441,...] be the vector obtained by replacing the i coordinate of
with o]. Rewriting the RHS in terms of o, and o', we get

/ Xmini(0)ne” "ido; = / Xomin.i(0 + 100Ldei)7)67"(‘72+10%d)dag

1=100Ld 1=0

_ 1009 / Xonini (0" -+ 100Lde; e " do
0,=0

= 67100nLdE7i [Xmin,i<al + 100Ldez)] )

This shows that Ty = e 1 E_, [x,.:,:(c + 100Lde;)]. Substituting the lower bounds for
Ty, T in Equation (2.4), we get

E_i Xmini(0)] = (1 —exp(=100nLd)) (E—; [Xmaz,i(0)] — D)
+ exp(—100nLd)E_; [Xpmin.i(c + 100Lde;)] ,
We can further lower bound E_; [X,n.:(0)] as follows
E ()] > (1 exp(~1000Ld)) (E; [Xynars(0)] — D)
+exp(—100nLd)P_;(E)E_; [Xmini (0 + 100Lde;)|E]
+ exp(—100nLd)P_;(E)E_; [Xmin.i(o + 100Lde;)|E°] ,
where P_;(€) is defined as P_;(€) =P (5 ’{O’j }#i) . We now use the monotonicity prop-

erties proved in Lemmas 3, 4 to further lower bound E_; [X,nin.i(0)]. Let (o) = a4+ 5||o||:
be the approximation error of the offline optimization oracle. Then

E_i [Xmini(0)] > (1 —exp(—100nLd)) (E_; [Xmaz,i(0)] — D)

+ exp(— 1000 LA)Pi(E)E—; [Xmas.i (7) — F51x0i(0) = Xu11.:(0)| — 342 - Ble]

+ exp(—100nLd)P_;(E9)E_; [xmin7i(a) — fgo(zzl — ﬁ\é’c}

v

(1 - eXp<_100nLd>) (Efi [Xmaa:,i<a)] - D)

+ exp(~ 100 LA)P ()i [Xmas.i(7) — 15104 (0) = Xu11.:(0)| = 5 - Be]

+ exp(—L00nLA)P—(E)E; [Xmazi(0) = hgllxe(0) = xe1(0) |1 — 5 - 8

56] ,
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where the first inequality follows from Lemmas 3, 4, the second inequality follows from the
definition of £°. Rearranging the terms in the RHS and using P_;(€) < 1 gives us

E_i Xmini(0)] = (1 —exp(=100nLd)) (E—; [Xmaz,i(o)] — D)
+exp(—100nLd)E_, [Xmam,i(a) - f’ggﬁl - 5]
—exp(—100nLd)E_; [g]x¢.:(0) — Xt+1,4(0)] + 1gglI%e(0) — X1 () |11]

> E_; [Xmaxﬂ'(a)] —100nLdD — fgéZZl - p

—E_; [f51%1.i(0) = xi41,6(0)] + 15511xe(0) — xe41(0) 1] |

where the last inequality uses the the fact that exp(xz) > 1 + x. Rearranging the terms in
the last inequality gives us

LE L [Ix(0) = xen(0)]1]

< _
= 9d
1000 E_ [y(o)] 10
O LdD + == 9L Y g
g MdD+—ri T g

E_; [|x¢:(0) — X¢q1,i(0)]]
+

Since the above bound holds for any {o,},.;, we get the following bound on the uncondi-
tioned expectation

L [[1x(0) — %041 (o)1)

E [[xti(0) = xer14(0)l] <o
1000 E[y(o)] 10
——nLdD —0.
Ty APt g T
Plugging this in Equation (2.3) gives us the following bound on stability of predictions of
FTPL
E[||x(0) (@)I1] < 1250LPD + 2L {9504 © (2.5)
x¢(0) — x441(0 — —. :
' G/l = 240 201 L 207

Plugging the above bound in Equation (2.2) gives us the required bound on regret.

2.4 Discussion

In this chapter, we considered the problem of online learning with non-convex losses and
showed that the classical FTPL algorithm with access to an offline optimization oracle
achieves optimal regret rate of O(T~%/2). The problem of online non-convex learning has
several important applications in machine learning. In particular, the algorithms studied in
this chapter can lead to improved training procedures for adversarial training and training
of Generative Adversarial Networks, which currently rely on algorithms from online convex
learning to solve the non-convex non-concave games in their training objectives. Moreover,
we believe the algorithms in this chapter have applications to online learning in bandit
setting, and contextual bandits. Both these problems often involve computing an unbiased
estimate of the unknown loss function and reducing the problem to online learning in the
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full-information setting. Hedge is a popular algorithm that is typically used for the latter
step [AHK12]. However, Hedge can be computationally expensive when the action space of
the learner is huge. FTPL, on the other hand, can be efficiently implemented for a number
of problems of interest, even when the action space is huge.
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Chapter

Optimistic Follow the Perturbed Leader for
Convex & Nonconvex Losses

In this chapter, we study optimistic variants of FTPL, which can achieve better regret
guarantees than FTPL when the sequence of loss functions encountered by the learner
is not adversarial. While the primary focus of this thesis is on nonconvex losses, in this
chapter, we also study optimistic variants of FTPL for convex losses.

As mentioned in Chapter 2, the various algorithms that have been developed for online
learning can be classified into two broad categories, namely, Follow the Regularized Leader
(FTRL) [McM17] and FTPL [KV05] style algorithms. When the sequence of loss functions
encountered by the learner are convex, both these algorithms are known to achieve the op-
timal O (T""/?) worst case regret [CL06; Haz16]. While these algorithms have similar regret
guarantees, they differ in their computational aspects. Each iteration of FTRL involves
optimization of a non-linear convex function over the action space (also called the projec-
tion step). In contrast, each step of FTPL involves solving a linear optimization problem,
which can be implemented efficiently for many problems of interest [GH13; GJL16; HM20].
For example, if the action space is an £, ball for some p & {1,2, 0o}, then projecting onto
this set is much more computationally expensive than performing linear optimization over
this set. As another example, consider the scenario where the action space is the set of all
positive semidefinite matrices. Then projecting onto this set requires performing expensive
singular value decompositions. Whereas, linear optimization only requires computation of
the leading eigenvector. This crucial difference between FTRL and FTPL makes the lat-
ter algorithm more attractive in practice. Even in the more general nonconvex setting,
where the loss functions encountered by the learner can potentially be nonconvex, FTPL
algorithms are attractive. In this setting, FTPL requires access to an offline optimiza-
tion oracle which computes the perturbed best response, and achieves O (Tl/ 2) worst case
regret. Furthermore, these optimization oracles can be efficiently implemented for many
problems by leveraging the rich body of work on global optimization [HP13].

Despite the importance and popularity of FTPL, it has been mostly studied for the
worst case setting, where the loss functions are assumed to be adversarially chosen. In
a number of applications of online learning, the loss functions are actually benign and
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predictable [RS12|. In such scenarios, FTPL can not utilize the predictability of losses to
achieve tighter regret bounds. While Rakhlin and Sridharan [RS12| study variants of FTPL
which can make use of predictability, they consider restricted settings (see Section 3.1
for more details). This is unlike FTRL, where optimistic variants that can utilize the
predictability of loss functions have been well understood [RS12; RS13] and have been
shown to provide faster convergence rates in applications such as minimax games. In this
chapter, we aim to bridge this gap and study a variant of FTPL called Optimistic FTPL
(OFTPL), which can achieve better regret bounds, while retaining the optimal worst case
regret guarantee for unpredictable sequences. The main challenge in obtaining these tighter
regret bounds is handling the stochasticity and optimism in the algorithm, which requires
different analysis techniques to those commonly used in the analysis of FTPL. In this
chapter, we rely on the dual view of perturbation as regularization to derive regret bounds
of OFTPL.

To demonstrate the usefulness of OFTPL, we consider the problem of solving min-
imax games. A widely used approach for solving such games relies on online learning
algorithms [CLO6|. In this approach, both the minimization and the maximization play-
ers play a repeated game against each other and rely on online learning algorithms to
choose their actions in each round of the game. In our algorithm for solving games, we let
both the players use OFTPL to choose their actions. For solving smooth convex-concave
games, our algorithm only requires access to a linear optimization oracle. For Lipschitz
and smooth nonconvex-nonconcave games, our algorithm requires access to an optimization
oracle which computes the perturbed best response. In both these settings, our algorithm
solves the game up to an accuracy of O (T‘l/ 2) using T' calls to the optimization ora-
cle. While there are prior algorithms that achieve these convergence rates [HH15; SN20b],
an important feature of our algorithm is that it is highly parallelizable and requires only
O(T"/?) iterations, with each iteration making O (T'/?) parallel calls to the optimization
oracle. We note that such parallelizable algorithms are especially useful in large-scale ma-
chine learning applications such as training of GANs, adversarial training, which often
involve huge datasets such as ImageNet [Rus+15].

3.1 Preliminaries and Background Material

In this chapter, we use a similar notation as in Chapter 2. In round ¢ of online learning,
the learner makes a prediction x, € X C R? for some compact set X, and the adversary
simultaneously chooses a loss function f; : X — R and observe each others actions. The
goal of the learner is to choose a sequence of actions {x;}]_, so that the following notion

of regret is minimized: 3., fi(x;) — infyer S, fi(X).

Online Convex Learning. When the domain X and loss functions f; are convex, a
number of efficient algorithms for regret minimization have been studied. Some of these
include deterministic algorithms such as Online Mirror Descent, Follow the Regularized
Leader (FTRL) [Haz16; McM17], and stochastic algorithms such as Follow the Perturbed
Leader (FTPL) [KV05]. In FTRL, one predicts x; as argmin,_, S\_1(V;, x) + R(x), for
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some strongly convex regularizer R, where V; = V fi(x;). FTRL is known to achieve the
optimal O(T""/?) worst case regret in the convex setting [McM17]. In FTPL, one predicts
X, as m~* Z;n:l X ;, where x; ; is a minimizer of the following linear optimization problem:
argmin, X(Zf;i Vi—o0;,%). Here, {0y ;}7-, are independent random perturbations drawn
from some appropriate probability distribution such as exponential distribution or uniform
distribution in a hyper-cube. Various choices of perturbation distribution gives rise to
various FTPL algorithms. When the loss functions are linear, Kalai and Vempala [KKV05]
show that FTPL achieves O (Tl/ 2) expected regret, irrespective of the choice of m. When
the loss functions are convex, Hazan |Haz16| showed that the deterministic version of FTPL
(i.e., as m — o0) achieves O (Tl/ 2) regret. While projection free methods for online convex
learning have been studied since the early work of [HK12], surprisingly, regret bounds of
FTPL for finite m have only been recently studied [HM20]|. Hazan and Minasyan [HM20|
show that for Lipschitz and convex functions, FTPL achieves O (T"/? + m~'/?T) expected
regret, and for smooth convex functions, the algorithm achieves O (T 1/2 4 m‘lT) expected
regret.

Online Learning with Optimism. When the sequence of loss functions is convex and
predictable, Rakhlin and Sridharan [RS12] and Rakhlin and Sridharan [RS13| study op-
timistic variants of FTRL which can exploit the predictability to obtain better regret
bounds. Let g; be our guess of V f;(x;) at the beginning of round ¢. Given g¢;, we predict
x; in Optimistic FTRL (OFTRL) as argmin, (3 1" V fi(xi) + g;,x) + R(x). Note that
when g, = 0, OFTRL is equivalent to FTRL. [RS12; RS13] show that the regret bounds of
OFTRL only depend on (g; — V f;(x;)). Moreover, these works show that OFTRL provides
faster convergence rates for solving smooth convex-concave games. In contrast to FTRL,
the optimistic variants of FTPL have been less well understood. Rakhlin and Sridharan
|[RS12| studies OFTPL for linear loss functions. But they consider restrictive settings and
their algorithms require the knowledge of sizes of deviations (g; — V fi(x;)). When the
sequence of loss functions is nonconvex and predictable, there are no prior works which
study OFTPL.

Projection Free Learning. Projection free optimization algorithms are those algo-
rithms which only involve solving linear optimization problems in each iteration. They
are attractive because for many problem of interest linear optimization problems are very
easy to solve. Two broad classes of projection free techniques have been considered for
online convex learning and convex-concave minimax games, namely, Frank-Wolfe (FW)
methods and FTPL based methods. Garber and Hazan |GH13| consider the problem of
online learning when the action space X is a polytope. They provide a FW method which
achieves O (T 1/ 2) regret using 7' calls to the linear optimization oracle. Hazan and Kale
|HK 12| provide a FW technique which achieves O (T3/ 4) regret for general online convex
learning with Lipschitz losses and uses 1" calls to the linear optimization oracle. In a recent
work, Hazan and Minasyan [HM20| show that FTPL achieves O (T 2/ 3) regret for online
convex learning with smooth losses, using 7' calls to the linear optimization oracle. This
translates to O (Tﬁl/ 3) rate of convergence for solving smooth convex-concave games. Note
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that, in contrast, our algorithm achieves O (Tﬁl/ 2) convergence rate in the same setting.
Gidel, Jebara, and Lacoste-Julien |GJL16] study FW methods for solving convex-concave
games. When the constraint sets X', ) are strongly convex, the authors show geometric con-
vergence of their algorithms. In a recent work, He and Harchaoui [HH15| propose a FW
technique for solving smooth convex-concave games which converges at a rate of O (T‘l/ 2)
using 7' calls to the linear optimization oracle. We note that our simple OFTPL based
algorithm achieves these rates, with the added advantage of parallelizability. That being
said, He and Harchaoui [HH15| achieve dimension free convergence rates in the Euclidean
setting, where the smoothness is measured w.r.t || - |2 norm. In contrast, the rates of
convergence of our algorithm depend on the dimension.

Notation. || -] is a norm on some vector space, which is typically R? in our work. |- |,
is the dual norm of || - ||, which is defined as ||x||. = sup{{u,x) : u € R? |jul| < 1}. We
use Uy, ¥y to denote norm compatibility constants of || - ||, which are defined as ¥; =

suPszo X[ /1% 2, Wo = supse 1x[|2/]1x]]-

We use the notation fi.; to denote 22:1 fi and V; to denote Vf;(x;). In some cases,
when clear from context, we overload the notation fi.;, and use it to denote the set
{f1, fo... fi}. For any convex function f, 0f(x) is the set of all subgradients of f at x. For
any function f: X xY — R, f(-,y), f(x,-) denote the functions x — f(x,y),y — f(X,y).
For any function f : X — R and any probability distribution P, we let f(P) denote
Exwp [f(x)]. Similarly, for any function f : X x J — R and any two distributions P, @,
we let f(P,Q) denote Expy~q [f(x,y)]. For any set of distributions {P;}",, + Yo b
is the mixture distribution which gives equal weights to its components. We use Exp(n) to
denote the exponential distribution, whose CDF is given by P(Z < s) =1 — exp(—s/n).

3.2 Dual view of Perturbation as Regularization

In this section, we present a key result which shows that when the sequence of loss functions
is convex, every FTPL algorithm is an FTRL algorithm. Our analysis of OFTPL relies
on this dual view to obtain tight regret bounds. This duality between FTPL and FTRL
was originally studied by Hofbauer and Sandholm [HS02|, where the authors show that any
FTPL algorithm, with perturbation distribution admitting a strictly positive density on R¢,
is an FTRL algorithm w.r.t some convex regularizer. However, many popular perturbation
distributions such as exponential and uniform distributions don’t have a strictly positive
density. In a recent work, Abernethy, Lee, and Tewari [ALT16] point out that the duality
between FTPL and FTRL holds for very general perturbation distributions. However,
the authors do not provide a formal theorem showing this result. Here, we provide a
proposition formalizing the claim of [ALT16].

Proposition 2. Consider the problem of online convex learning, where the sequence of loss
functions { f;}_, encountered by the learner are convex. Consider the deterministic version
of FTPL algorithm, where the learner predicts x; as E, [argmin, . » (V141 — 0,%)]. Suppose
the perturbation distribution is absolutely continuous w.r.t the Lebesque measure. Then
there exists a convex reqularizer R : RY — R U {oo}, with domain dom(R) C X, such that
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Algorithm 2 Convex OFTPL

1: Input: Perturbation Distribution Pprrg, number of samples m, number of iterations
T
: Denote Vo =0
:fort=1...T do
Let g; be the guess for V,
for j=1...mdo
Sample O3 ™~ PPRTB
x;; € argmin,c v(Vou—1 + g — 015, X)
end for
Play x; = % 27:1 Xt,j
Observe loss function f;
: end for

© P g Wy

— =
— O

x; = argming . v (Vi 1,X)+ R(x). Moreover, =V 1,1 € OR(x;), and x, = OR™' (=V141),
where OR™! is the inverse of OR in the sense of multivalued mappings.

3.3 Online Learning with OFTPL

3.3.1 Online Convex Learning

In this section, we present the OFTPL algorithm for online convex learning and derive an
upper bound on its regret. The algorithm we consider is similar to the OFTRL algorithm
(see Algorithm 2). Let g[f1 ... fi_1] be our guess for V, at the beginning of round ¢, with
g1 = 0. To simplify the notation, in the sequel, we suppress the dependence of g; on {f;}.Z;.
Given gy, we predict x; in OFTPL as follows. We sample independent perturbations
{01 };”:1 from the perturbation distribution Ppgrrg and compute x; as m™* Z;”Zl Xy ;, where
X ; is a minimizer of the following linear optimization problem

x;; € argmin(Vyy_1 + ¢ — 01, X).
XEX

We now present our main theorem which bounds the regret of OFTPL. A key quantity
the regret depends on is the stability of predictions of the deterministic version of OFTPL.
Intuitively, an algorithm is stable if its predictions in two consecutive iterations differ by
a small quantity. To capture this notion, we first define function V& : R? — R? as:
Vo (g) = E, [argmin, .y (g — 0,%)] . Observe that V& (Vy.,—1 + g;) is the prediction of the
deterministic version of OFTPL. We say the predictions of OFTPL are stable, if V& is a
Lipschitz function.
Definition 3.3.1 (Stability). The predictions of OFTPL are said to be -stable w.r.t some
norm || - ||, if

Yg1,9: €R? VP (91) = VP (92) |+ < Bllgr — gll.

Theorem 5. Suppose the perturbation distribution Ppgrg is absolutely continuous w.r.t
Lebesque measure. Let D be the diameter of X w.r.t || - ||, which is defined as D =
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SUDy, xpex |[X1 — X2|. Let n = E, [[|o|.], and suppose the predictions of OFTPL are Cn~'-
stable w.r.t || - ||«, where C' is a constant that depends on the set X. Finally, suppose the
sequence of loss functions { fi}1_, are Holder smooth and satisfy

Vx, X € X [[Vfi(x1) = Vi(x2)ll« < Llxa — %%

for some constant « € [0,1]. Then the expected regret of Algorithm 2 satisfies

T T T
C " oo _ %
supE th(xt) — ft(x)] <nD + Z 2—E Ve = gll2] — Z °C [Ilx5 = %52, 1]
x€X = =1 <"l t=1
\Ifl\IIQD 14+a
LT — .

where x{° = E[X¢|gs, f1a-1, X1:0-1] and X°; = E[X;_1]f1.4-1,X14-1] and X1 denotes the
prediction in the t' iteration of Algorithm 2, if quess g, = 0 was used. Here, U1, Wy denote
the norm compatibility constants of || - ||.

Regret bounds that hold with high probability can be found in Appendix B.7. The
above Theorem shows that the regret of OFTPL only depends on ||V; — g¢||., which quanti-
fies the accuracy of our guess ¢;. In contrast, the regret of FTPL depends on || V||, [Haz16].
This shows that for predictable sequences, with an appropriate choice of g;, OFTPL can
achieve better regret guarantees than FTPL. As we demonstrate in Section 5.2, this helps
us design faster algorithms for solving minimax games.

Note that the above result is very general and holds for any absolutely continuous

perturbation distribution. The key challenge in instantiating this result for any particular
perturbation distribution is in showing the stability of predictions. Several past works
have studied the stability of FTPL for various perturbation distributions such as uniform,
exponential, Gumbel distributions [KV05; Haz16; HM20]. Consequently, the above result
can be used to derive tight regret bounds for all these perturbation distributions. As one
particular instantiation of Theorem 5, we consider the special case of g, = 0 and derive
regret bounds for FTPL, when the perturbation distribution is the uniform distribution
over a ball centered at the origin.
Corollary 1 (FTPL). Suppose the perturbation distribution is equal to the uniform dis-
tribution over {x : ||x||2 < (1 +d Y)n}. Let D be the diameter of X w.r.t | - ||2. Then
E, [||e|lz] = n, and the predictions of OFTPL are dDn'-stable w.r.t || - ||2. Suppose,
the sequence of loss functions {f;}I_, are G-Lipschitz and satisfy supycy ||V fi(x)]]2 < G.
Moreover, suppose f; satisfies the Holder smooth condition in Theorem 5 w.r.t || - ||2 norm.
Then the expected regret of Algorithm 2 with guess g, = 0, satisfies

T

dDG*T D\
;ft(xt)—fxx)] <op+ T ir ()

sup E
XEX

This recovers the regret bounds of FTPL for general convex loss functions derived
by Hazan and Minasyan [HM20].
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Algorithm 3 Nonconvex OFTPL
1: Input: Perturbation Distribution Pprrg, number of samples m, number of iterations
T
2: Denote fo =0
3: fort=1...T do

4: Let g; be the guess for f;

5 for j=1...mdo

6 Sample O3 ™~ PPRTB

7: Xy; € argmingc y fo.—1(x) + g:(x) — 0y ;(x)

8: end for

9: Let P; be the empirical distribution over {x:1,X¢2...X¢m}
10: Play x;, a random sample generated from P,

11: Observe loss function f;

12: end for

3.3.2 Online Nonconvex Learning

We now study OFTPL in the nonconvex setting. In this setting, we assume the sequence of
loss functions belong to some function class F containing real-valued measurable functions
on X. Some popular choices for F include the set of Lipschitz functions, the set of bounded
functions. The OFTPL algorithm in this setting is described in Algorithm 3. Similar
to the convex case, we first sample random perturbation functions {o;;}72, from some
distribution Pprrg. Some examples of perturbation functions that we have considered in
Chapter 2 include oy j(x) = (7; j, x), for some random vector 7, ; sampled from exponential
or uniform distributions. Another popular choice for o, ; is the Gumbel process, which
results in the continuous exponential weights algorithm [MTMI14]. Letting, g; be our
guess of loss function f; at the beginning of round ¢, the learner first computes x;; as
argmingy 1 fi(x) + g:(x) — 01;(x). We assume access to an optimization oracle which
computes a minimizer of this problem. We often refer to this oracle as the perturbed best
response oracle. Let P; denote the empirical distribution of {x;;}7.,. The learner then
plays an x; which is sampled from P;. Algorithm 3 describes this procedure. We note
that for the online learning problem, m = 1 suffices, as the expected loss suffered by the
learner in each round is independent of m; that is E[fi(x;)] = E[fi(x:1)]. However, the
choice of m affects the rate of convergence when Algorithm 3 is used for solving nonconvex
nonconcave minimax games.

Before we present the regret bounds, we introduce the dual space associated with F.
Let || - || be a seminorm associated with F. For example, when F is the set of Lipschitz
functions, || - |7 is the Lipschitz seminorm. Various choices of (F,|| - ||#) induce various
distance metrics on P, the set of all probability distributions on X. We let v+ denote the
Integral Probability Metric (IPM) induced by (F, || - || ), which is defined as

1F(P,Q) = sup  |Exop[f(%)] —Exwq [f(x)] |-
FeFIfllz<1

We often refer to (P,~vr) as the dual space of (F,| - |x). When F is the set of Lips-
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[ 17(P, Q) | /1l F |

Dudley Metric Lip(f) + [[fllc  {f : Lip(f) + [If]lc < o0}
Kantorovich Metric (or) : 1
Wasserstein-1 Metric Lip(f) {f  Lip(f) < oo}
Total Variation (TV) Distance 11 f || oo {f:Ifllec < o0}
Maximum Mean Discrepancy (MMD
ean Disercpancy (MDY 1 {F 1l < o0}

Table 3.1: Table showing some popular Integral Probability Metrics. Here Lip(f) is the
Lipschitz constant of f which is defined as sup, yey |f(x) — f(¥)|/[|x —y|| and || f||oc is the
supremum norm of f.

chitz functions and when || - || 7 is the Lipschitz seminorm, v is the Wasserstein distance.
Table 3.1 presents examples of v induced by some popular function spaces. Similar to
the convex case, the regret bounds in the nonconvex setting depend on the stability of
predictions of OFTPL.

Definition 3.3.2 (Stability). Suppose the perturbation function o(x) is sampled from
Pprrp. For any f € F, define random variable x (o) as argmin, .y f(x) —o(x). Let VO (f)
denote the distribution of x(¢). The predictions of OFTPL are said to be -stable w.r.t
|- 1|7 if

VigeF vx(Ve(f),Ve(g)) <BIIf - gllx

Theorem 6. Suppose the sequence of loss functions { f;}1_, belong to (F,|| - ||7). Suppose
the perturbation distribution Ppgrp is such that argmin,., f(x) — o(x) has a unique mini-
mazer with probability one, for any f € F. Let P be the set of probability distributions over
X. Define the diameter of P as D = supp, p,cp Vr(P1, P2). Let n = E[||o||z]. Suppose the
predictions of OFTPL are Cn~'-stable w.r.t || - |7, for some constant C' that depends on
X. Then the expected regret of Algorithm 3 satisfies

T T
C .
sup E E fe(x¢) _ft(X)] <nD+ E %E e — o] — § —Q%E [VF(PtOO7RtOf1)2 ;
t=1

xeX =1 t=1

where P = E[P|gt, fi.i-1, Prie—1] 15,500 =FE [pt,llflzt,l,Plzt,l] and P,_; is the empirical
distribution computed in the t'* iteration of Algorithm 53, if quess g, = 0 was used.

As in the convex case, the key challenge in instantiating the above result for any par-
ticular perturbation distribution is in showing the stability of predictions. In Chapter 2
we considered linear perturbation functions o(x) = (7, x), for & sampled from exponential
distribution, and showed stability of FTPL. We now instantiate the above theorem for this
setting.

Corollary 2. Consider the setting of Theorem 6. Let F be the set of Lipschitz functions
and || - ||7 be the Lipschitz seminorm, which is defined as ||f||7 = SuPxy i 2 |f(X) —
FI/IIx = ylli- Suppose the perturbation function is such that o(x) = (7,x), where
o € RY is a random vector whose entries are sampled independently from Exzp(n). Then
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E, [||e]lz] = nlogd, and the predictions of OFTPL are O (d*Dn~')-stable w.r.t || - || 7
Moreover, the expected regret of Algorithm 3 is upper bounded by

T
Ui 00 Poo
0<nDlogd+§j—E I1fe=ail3] = - 5B [1=(F ,Pt_ﬂ)-
t=1

t=1

We note that the above regret bounds are tighter than the regret bounds of FTPL
derived in Chapter 2, where we derived the following bound

0 (nDloch > TDE ||ft|!f]> -

t=1

These tigher bounds help us design faster algorithms for solving minimax games in the
nonconvex setting (see Section 3.4 for a more detailed discussion).

3.4 Minimax Games

We now consider the problem of solving minimax games of the following form

1
min max f(x,y). (3.1)

Nash equilibria of such games can be computed by playing two online learning algorithms
against each other [CLO6; Haz16]. In this chapter, we study the algorithm where both the
players employ OFTPL to decide their actions in each round.

Convex-Concave games. For convex-concave games, both the players use the OFTPL
algorithm described in Algorithm 2 (see Algorithm 13 in Appendix B.4). The following
theorem derives the rate of convergence of this algorithm to a Nash equilibirum (NE).
Theorem 7. Consider the minimaz game in Equation (3.1). Suppose both the domains
X, Y are compact subsets of R%, with diameter

D =max{ sup |[x; —=x2|l2, sup |y1—y2l2}

X1,X2€X Y1,y2€Y

Suppose f is convex in X, concave in'y and is smooth w.r.t || - ||2

IVief (%) = Vi f (X, ¥ )2 + IVy f (%) = Vy f(X,¥)ll2 < Lilx — X'[|2 + Ly — y'lf2-

Suppose Algorithm 15 is used to solve the minimax game. Suppose the perturbation dis-
tributions used by both the players are the same and equal to the uniform distribution
over {x : ||x|la < (1 +d1)n}. Suppose the guesses used by x,y players in the t' it-
eration are Vyf(Xi—1,¥1-1), Vyf(Xe—1,¥:-1), where X;_1,¥:—1 denote the predictions of
X,y players in the t'" iteration, if quess g, = 0 was used. If Algorithm 15 is run with
n=6dD(L+1),m =T, then the iterates {(x;,y:)}l_, satisfy

1 <& 1 <& dD*(L + 1
f(T;Xt;Y> _f<X,T;yt> O(¥>

E
sup T
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Table 3.2: Table comparing oracle complexities of various projection free techniques for
finding an e-approximate NE of smooth convex-concave games.

Method Tottal .Calls. to linear Number of iterations Par.allel cal.ls to F)racle
optimization oracle in each iteration
FTPL O (e7?) O (e7?) O (eh)
He and Harchaoui [HH15] O (e7?) O (e7?) 1
OFTPL O (e72) O(eh) O (e

Rates of convergence which hold with high probability can be found in Appendix B.7.
We note that Theorem 7 can be extended to more general noise distributions and settings
where gradients of f are Holder smooth w.r.t non-Euclidean norms, and X', ) lie in spaces
of different dimensions (see Theorem 27 in Appendix). We now discuss the above result.
e Theorem 7 shows that for smooth convex-concave games, Algorithm 13 converges to a NE

at O (T™1) rate using 472 calls to the linear optimization oracle. Moreover, the algorithm
runs in 7' iterations, with each iteration making 47 parallel calls to the optimization
oracle. In contrast, FTPL makes 27° calls to the linear optimization oracle to achieve
O (T71) rates of convergence and runs for T2 iterations, with each iteration making 27
parallel calls to the optimization oracle. This can be obtained by setting m = VT, o = 1,

and n = O <ﬁ> in Corollary 1.

e The Frank-Wolfe technique of He and Harchaoui [HH15| achieves the same convergence
rates as our algorithm; that is, it achieves O (T!) rates using 7% calls to the linear
optimization oracle. However, unlike [HH15], our algorithm is parallelizable and can be
run in 7' iterations.

e He and Harchaoui [HH15| achieve dimension free convergence rates in the Euclidean
setting, where the smoothness is measured w.r.t || - |2 norm. In contrast, the rates
of convergence of our algorithm depend on the dimension. We believe the dimension
dependence in the rates can be removed by appropriately choosing the perturbation
distributions based on domains X', ) (see Appendix B.6).

e Note that OFTRL also achieves O (T~!) rates of convergence after T iterations. However,
each iteration of OFTRL involves optimization of a non-linear convex function over the
domains X', ), which can be quite expensive in practice.

Nonconvex-Nonconcave games. We now consider the more general nonconvex - non-
concave games. In this case, both the players use the nonconvex OFTPL algorithm de-
scribed in Algorithm 3 to choose their actions. Instead of generating a single sample from
the empirical distribution P, computed in #** iteration of Algorithm 3, the players now play
the entire distribution P, (see Algorithm 14 in Appendix B.5). Letting {P}L,, {Q:} 1,
be the sequence of iterates generated by the x and y players, the following theorem shows

that (% ZL P, 7 Zthl Qt> converges to a NE.

Theorem 8. Consider the minimax game in Equation (3.1). Suppose the domains X, are
compact subsets of R? with diameter D = max{sup, ,,cx [|X1—Xz[l1,suby, y,ey [ly1—y2l1}-
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Suppose f is Lipschitz w.r.t || - |1 and satisfies

max{ s [V 5 supyHVyf(XJ)Hoo}SG-

xeX,ye xeX,ye

Moreover, suppose f satisfies the following smoothness property

IVief (%,5) = Vae /(X ¥ )loo + [V f (%) = Vy f (X, ¥ ) [loe < Lllx =Xy + Ly = ¥'ll1-

Suppose both x and y players use Algorithm 1/ to solve the game with linear perturbation
functions o(z) = (7,z), where & € R is such that each of its entries is sampled inde-
pendently from Exp(n). Suppose the guesses used by x and y players in the t' iteration
are f(-,Qi_1), f(Pi_1,-), where P,_y,Q,_1 denote the predictions of X,y players in the t"
iteration, if quess g; = 0 was used. If Algorithm 1/ is run with n = 10d*D(L +1),m =T,
then the iterates {(P;, Q¢)}I_, satisfy

1 1 (DXL +1)logd
() o (v o ()

+0 (min {DQL W}) .

sup [E
XEX,yeY

LT

More general versions of the Theorem, which consider other function classes and general
perturbation distributions, can be found in Appendix B.5. The above result shows that
Algorithm 14 converges to a NE at O (T~') rate using 72 calls to the perturbed best
response oracle. This matches the rates of convergence of FTPL derived in Chapter 2.
However, the key advantage of our algorithm is that it is highly parallelizable and runs in
O (T) iterations, in contrast to FTPL, which runs in O (T%) iterations.

3.5 Discussion

We studied an optimistic variant of FTPL which achieves better regret guarantees when
the sequence of loss functions is predictable. As one specific application of our algorithm,
we considered the problem of solving minimax games. For solving convex-concave games,
our algorithm requires access to a linear optimization oracle and for nonconvex-nonconcave
games our algorithm requires access to a more powerful perturbed best response oracle. In
both these settings, our algorithm achieves O (Tﬁl/ 2) convergence rates using 7" calls to the
oracles. Moreover, our algorithm runs in O (T'/?) iterations, with each iteration making
@) (Tl/ 2) parallel calls to the optimization oracle. We believe our improved algorithms for
solving minimax games are useful in a number of modern machine learning applications
such as training of GANs, adversarial training, which involve solving nonconvex-nonconcave
minimax games and often deal with huge datasets.
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Part 11

Bandit Optimization
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Chapter

Efficient Bandit Optimization for Convex
Quadratic Losses

In this chapter, we study the problem of online learning with bandit feedback, which can
be viewed as a repeated game between a learner and an adversary. In round t of this
game, the learner chooses an action x; from a known domain X C R?. The adversary
simultaneously selects a loss function f; : X — and reveals the loss suffered by the learner
fe(x¢). The performance of the learner at the end of 7" rounds is measured using regret

Regy = ), filx) —miny _ fi(x).

For this problem, we would like to design an algorithm for choosing x; that satisfies the
following key criteria: (a) (optimal regret) achieves regret bounds which have optimal
dependence on 7', and which hold in high-probability against adaptive adversaries, and (b)
(computational efficiency) the run-time of each iteration of algorithm should have a
small dependence on dimension d, e.g., polynomial dependence with a small exponent, and
independent of the number of rounds 7' (ideally, we would like it to have similar run-time
as efficient algorithms for online learning in the full information setting).

The framework of bandit optimization is extremely general and has found numerous
practical applications in fields such as computer science, economics, game theory, and med-
ical decision making. Some of these applications include design of clinical trials, market
pricing, online ad placement, and recommender systems [Kle05; BC12; Haz16]. Owing to
its importance, there has been extensive work on designing low-regret algorithms for bandit
optimization. Early works on this problem have focused on finite action space X', in which
case the problem is called multi-armed bandit (MAB) problem. This problem has been
well studied and several efficient algorithms achieving the optimal high-probability regret
rate of O (T"/?) have been developed [Aue+02; AB10; Lee+20]. Later works on bandit
optimization have turned to continuous action spaces and convex loss functions. Seminal
works along this line have developed online gradient descent style algorithms for regret
minimization [FKMO04; Kle05]. When the loss functions f; are convex and bounded, these
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algorithms achieve O (T 5/ 6) regret in ezpectation. Improving upon these regret guarantees
has remained an open problem until the works of Hazan and Li [HL16| and Bubeck, Lee,
and Eldan [BLE17|. The algorithms developed in these latter works achieve the optimal
O (Tl/ 2) regret, albeit they are computationally expensive and are not efficiently imple-
mentable in practice. In particular, the run time of the algorithm of Hazan and Li [HL16|
depends exponentially on the dimension, and the algorithm of Bubeck, Lee, and Eldan
|BLE17| involves minimization of an approximately convex function over a nonconvex set,
which is non-trivial in practice’.

Despite years of research, designing efficient algorithms for bandit convex optimiza-
tion (BCO) has turned out to be challenging. This can be attributed to the extremely
limited information available to the learner about the loss functions chosen by the adver-
sary. Consequently, several works have focused on sub-cases of BCO. These works can
be classified into two broad categories. One category imposes parametric assumptions
such as linearity on the loss functions. The other category imposes structural assump-
tions such as strong convexity. The most popular parametric assumption that is studied
in the literature is the linearity assumption [AHR09]. Recent works have designed efficient
algorithms achieving optimal regret guarantees under this assumption [Lee+20]. How-
ever, apart from linearity, to the best of our knowledge, no other parametric assumption
has been considered in the literature. When it comes to structural assumptions, several
works have considered assumptions such as Lipschitzness [FIKXMO04], smoothness [ST11],
and strong convexity, smoothness [HL14; 1to20]. Perhaps surprisingly, among all these
assumptions, computationally efficient and optimal algorithms are only known for strongly
convex, smooth functions [HL14]. While these results are interesting, it should be noted
that strong convexity is a restrictive assumption which rarely holds in practice. Conse-
quently, it is important to relax this assumption. However, the oracle lower bounds of Hu,
Prashanth, Gyorgy, and Szepesvari [Hu 16| suggest that designing optimal algorithms
for non-strongly convex, smooth functions might require new and different algorithmic
techniques to those used in existing works. In particular, all existing works which design
computationally efficient algorithms first estimate the gradient of the loss function from
one-point feedback, and then use Online Mirror Descent (OMD) style updates to choose
the next action. The lower bounds of Hu, Prashanth, Gyorgy, and Szepesvari [Hu 16|
suggest that such techniques will not be able to achieve the optimal O (Tl/ 2) regret for
non-strongly convex, smooth functions. So, to make progress along this line, we need new
algorithmic techniques. Unfortunately, it is unclear how to come up with such techniques
for general convex functions.

This Chapter. In this chapter, we make progress on this problem by designing an effi-
cient algorithm for convex, quadratic loss functions that achieves optimal high-probability
regret guarantees against an adaptive adversary. To be precise, our algorithm achieves a

regret of O <d16\/T >, which is known to be optimal in T (see Dani, Hayes, and Kakade

! Although Bubeck, Lee, and Eldan [BLE17| present a modified algorithm for polytopes which can
be implemented in polynomial time, the per iteration runtime of this algorithm has a large polynomial
dependence on d and a linear dependence on 7.
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[DHKO7]| for lower bounds on the regret). In terms of computation, the key computational
bottleneck of our algorithm involves generating uniform samples from a convex set. This
is a well studied problem and several efficient MCMC algorithms such as Hit-and-run algo-
rithms have been developed for this problem [[.V03; Bel15; LLV20]. For action sets which
are polytopes with m constraints, the amortized time complexity of each iteration of our

algorithm is O (M + md* + m2d>. In comparison, the only existing computation-

ally efficient and optimal algorithm for this setting has a time complexity of O (poly(dm)T)
with a much larger exponent on d [BLE17]. Moreover, the runtime of each iteration of this
algorithm has a linear dependence on T', thus making it extremely inefficient for large T'.
Furthermore, our algorithm is robust to model mis-specification: if each loss function
fi is e-close to a convex, quadratic function in || - ||« norm, the regret of our algorithm

is bounded by O (eT + dlﬁ\/T). We believe robustness is necessary for algorithms which

focus on sub-cases of BCO, as the assumptions on loss functions do not typically hold
in practice. However, most existing works do not study this property. To the best of
our knowledge, ours is the first algorithm for BCO with quadratic functions, which is
computationally efficient, robust and achieves optimal regret guarantees.

Techniques. Our algorithm is a regularized Newton’s method with self concordant bar-
rier of A as the regularizer. It involves estimation of gradients and Hessians of the loss
functions from single point feedback. This is unlike most existing computationally efficient
algorithms which rely only on the gradient estimates to choose their actions [ST11; HLL14].
As previously mentioned, gradient information alone doesn’t suffice to design algorithms
achieving optimal regret for nonlinear losses (see Section 4.4.1 for empirical evidence). So,
in this chapter, we estimate both the gradient and Hessian of the unknown loss function
and use the estimates in a regularized Newton method. However, estimating the Hessian
comes with its own challenges. The variance of the Hessian estimates is typically very
large. Consequently, we need new techniques to cancel the effect of variance. In this chap-
ter, we crucially rely on “focus regions” to handle the variance. This technique is inspired
by Bubeck, Lee, and Eldan [BLEI17|, who use similar ideas to design an optimal, albeit
computationally inefficient, algorithm for general convex functions. At a high level, the
variance of the Hessian estimates can only be controlled in a small region, which we call
focus region. So, we restrict ourselves to this region and always choose actions within this
region. However, the resulting algorithm only ensures low regret with respect to (w.r.t)
points in the focus region. To ensure low regret even w.r.t points outside the focus region,
we perform a test every iteration called “restart condition”. Intuitively, this test checks
if the minimizer of the cumulative loss over the entire domain falls well within the focus
region. If yes, we continue the algorithm, as having a low regret w.r.t points in the focus
region ensures the overall regret is low. The test fails when the minimizer gets too close
to the boundary of the focus region. In this case, we show that the regret of our actions
until now is negative, and restart the algorithm.

While the ideas of focus region and restart condition appeared in Bubeck, Lee, and
Eldan [BLE17], we note that new techniques are needed to make this approach computa-

39



tionally efficient. Restricting to quadratics doesn’t automatically make Bubeck, Lee, and
Eldan |[BLE17|’s approach computationally efficient. To make our algorithm efficient, we
move away from the exponential weights update scheme used by Bubeck, Lee, and Eldan
IBLE17| and instead rely on Newton method and OMD framework. Moreover, we design
a new test for the restart condition that is much more computationaly efficient than the
test of Bubeck, Lee, and Eldan [BLE17]| (see Section 4.4 for more details).

Before we proceed, we note that our algorithm requires access to a self-concordant
barrier (SCB) of X which satisfies certain assumption on the behavior of its Hessian (see
Assumption 1). If X C R, then any SCB satisfies this property (see Proposition 4).
Moreover, we show that the log-barrier of any polyhedral set satisfies this property. We
conjecture that any SCB of any convex action set X C R? satisfies this property.

Paper Organization. Section 4.1 presents necessary background. Section 4.2 presents
our main results. Section 4.3 discusses some of the related works. Section 4.4 presents our
algorithm and Section 4.5 discusses the key ideas used in the algorithm. In Section 4.6 we
discuss the computational aspects of our algorithm. We conclude with Section 4.7. Due to
the lack of space, most proofs are presented in the appendix.

4.1 Problem Setting and Background

Notation. Throughout the paper, we denote vectors by bold-faced letters (x), and ma-
trices by capital letters (A). || - || is the Euclidean norm in R? and || - ||4 is the weighted
Euclidean norm, i.e., ||x||4 = (Ax,x)Y/2, where A is a positive definite matrix. We let
B,.(x) denote an ¢, ball of radius r centered at x, i.e., B, (x) = {y : ||y — x|| < r}. We let
B, a(x) ={y : [|x — y|la < r}. For any strictly convex twice differentiable function f, we
define the local norm at x as ||v|x.; = (v, V2f(x)v)¥/2. 9X denotes the boundary of a set
X.b=0 (a) implies b < Caloga for a large enough constant C' independent of a.

A function f: X — R is e-close to a function g : X — R if sup, | f(x) —g(x)| < €. A
function f is a quadratic function if it can be parameterized as f(x; A, b, ¢) = 3 (x, Ax) +
(b,x) + ¢, for some A € R4 b € R% ¢ € R. In addition, if (A + AT) is positive semi-
definite, then f is called a convex quadratic function. Note that the set of linear functions
is a subset of the set of convex quadratic functions. We let E; denote the conditional
expectation conditioned on all randomness in the first t — 1 rounds. We use B, S to
denote the d-dimensional unit ball and unit sphere w.r.t Euclidean norm. We let u ~
B? v ~ S?! denote the random variables chosen uniformly from these sets.

Problem Setting. In this chapter, we assume that the action space X is convex, compact
and has non-empty interior. Without loss of generality, we assume X’ contains an Euclidean
ball of radius 1, and has an f, diameter of D, i.e., sup, yey |[x — y|[| < D. We assume
that each loss function f; is e-close to a convex quadratic function ¢; which is bounded and
Lipschitz, i.e., supycy |@(x)| < B, and for all x,y € X, |¢:(x) — ¢ (y)| < L||x—y||. Finally,
we assume the adversary is adaptive, i.e., the decisions of the adversary can depend on
the learner’s previous actions.
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4.1.1 One-point Gradient and Hessian Estimates

A major component of our algorithm involves estimating the gradient and Hessian of the
unknown loss function from one-point feedback provided by the adversary. These estimates
are then used in OMD to pick the next move of the learner. In this chapter, we rely on
the following randomized sampling scheme to compute these estimates.

Proposition 3. Let f : R? — R be a quadratic function. Let C' € R™? be any symmetric
positive definite matriz. Then

Vf(x) =dEy, y,nga-1 [CT'Vif(x+ Cvi+ Cvy)],

d2
V2 f(x) = =Ey, yousiot [CTH(vivy +vav] )C7 f(x+ Cvy + Cvy)] .

2

To generate unbiased estimates of the gradient and Hessian of f at x, we first randomly
sample v; and v, from uniform distribution on S, and get the one-point feedback from
the adversary about f(x+Cv;+Cvy), and then rely on the above proposition. We note that
one can also rely on Gaussian smoothing to estimate this information (see Proposition 16
in Appendix). For the simplicity and clarity of analysis, in this chapter, we use the above
sampling scheme instead of Gaussian smoothing. However, our algorithm and its analysis
can be modified in a straightforward way to rely on Gaussian smoothing.

4.1.2 Self Concordant Barriers

Self Concordant Barriers (SCBs) play a crucial role in our algorithm and its analysis. So,
in this section, we define SCB and present some of its useful properties.

Definition 4.1.1. Let X C? be a closed convex set with non-empty interior. A function
R :int(X) — is called a v-self-concordant barrier of X', if

1. (Barrier Property) R is three times continuously differentiable with R(xj) — oo
along every sequence {x;, € int(X)} converging to a boundary point of X, as k — oo

2. R satisfies the following for all x € int(X), h €9,
[V2R(x)[h, h, h]| < 2IV2R(x)[h, A%, [(VR(x), h)| < VVIV2R(x)[h, h][*.

Without loss of generality, we assume minyey R(x) = 0. It is well known that R satisfies
the following properties (see Appendix C.7 for a more comprehensive review)
* (P1) Dikin Ellipsoid: For any x € int(X’), the Dikin ellipsoid centered at x, B; v2p(x)(X),
is entirely contained in X.

¢ (P2) For any x € int(X), and y € By v2gx)(X), we have

1
(1 =[x = yllvzre)?

(1= [x = yllvore)*VR(X) X V2R(y) < V2R(x). (4.1

In this chapter, we assume that X has an SCB which satisfies the following additional
property.
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Assumption 1. For any x,y € int(X) such that ||y — X||v2rx) < A

1
V2R(y) = mv%(@. (4.2)

The following propositions show that a wide range of action spaces have SCBs which
satisfy this property. We conjecture that any SCB satisfies this property.
Proposition 4. Suppose X C R. Then any SCB of X satisfies Assumption 1.
Proposition 5. Suppose X C R? is polyhedral, i.e., it is the intersection of a finite num-
ber of closed half spaces. Then the logarithmic barrier of X is an SCB which satisfies
Assumption 1.

4.2 Main Results

Theorem 9 (Approximately quadratic losses). Suppose f; is e-close to a convezx, quadratic
function q(x) = 1xTAx+ (b, x) + ¢, for e = O (dBT~/?). Let R be a v-self-concordant
barrier of X that satisfies Assumption 1. Suppose Algorithm J is run for T iterations with
appropriate choice of hyper-parameters. Suppose the diameter of X is bounded by T, and
the Lipschitz constants of {q;}1_, are bounded by T. Then with probability at least 1 — §,

the regret of the algorithm is upper bounded by O (d”(d + V)5ﬁ>.

Remarks. We now briefly discuss the above result. See Table 4.1 for a detailed
comparison of our algorithm with other related algorithms.
¢ Qur algorithm achieves the optimal regret guarantees in high probability, against adap-
tive adversaries. In comparison with Bubeck, Lee, and Eldan [BLE17|, our regret bound
has similar dependence on T" and slightly worse dependence on dimension d. We believe
the dimension dependence of our regret can be improved to d® using a tighter analysis.
Also note that the OMD based algorithm of Saha and Tewari [ST11], which only relies
on gradient estimates of loss functions, achieves a sub-optimal regret of O (T2/ 3).

e There are two key computational bottlenecks in our approach: (a) (uniform sampling)
on an average, each iteration of our algorithm involves generating O (%) samples from
uniform distribution over a convex set. This is a well studied problem and several
efficient algorithms are known for uniform sampling from various classes of convex sets.
To derive concrete runtime bounds, we consider the special case of the action set X
being a polytope with m constraints. By relying on the algorithm of Laddha, Lee,
and Vempala [LLV20|, we can generate a single sample in O (m2d? + (m + d)d*) time.
(b) (Newton update) The Newton update in our algorithm involves minimization of a
convex objective. This objective can be minimized using plethora of convex optimization
techniques that have been developed. For the special case of action set being a polytope
with m constraints, this objective can be minimized in O (m?d + (m + d)d®) time using
interior point methods (IPM).

e QOur algorithm is robust to model mis-specification. In particular, even if each loss
function f; is O (Tﬁl/ 2) away from a convex, quadratic function, our algorithm achieves
the optimal regret. This result can be improved in a straightforward fashion: suppose
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amortized time complexity

Paper Regret Adversary of each iteration
(dependence on d,T)
Hazan and Li [HL16] o} (2d4(10g T)2dT1/2) (h.p) | adaptive O ((log T)Pv(@))
Bubeck, Lee, and Eldan [BLE17| O (d>°T*?) (h.p) adaptive 0 (29)
Bubeck, Lee, and Eldan [BLE17| 3 y
(computationally O (d"**T'?) (h.p) adaptive O (poly(dm)T)
efficient variant)

involves minimization of

Saha and Tewari [ST D (d23T/3) (e ivious
Saha and Tewari [ST11] O (d**T?/3) (exp) oblivious a self concordant function

involves projecting a
point onto a convex set
B O m2d3+(m+d)d5)

O (d'T"?) (h.p) adaptive A T
+0 ((m + d)d® + m2d)

Flaxman, Kalai, and McMahan [FKMO04] 0 (dV2T3/%) (exp) oblivious

This chapter
(instantiation for polytopes)

Table 4.1: Comparison of various approaches for BCO with quadratic losses. “h.p”, “exp”
in the second column denote high probability and expected regret bounds respectively. m

in the last column denotes the number of constraints in the polytope.
each f; is ¢ close to a convex, quadratic function. Then our algorithm achieves the

optimal regret as long as 3, ¢, = O (T72).

4.3 Related Work

In this section, we present a review of bandit optimization that is necessarily incomplete
but is relevant to the current work. Multi-armed bandits is perhaps the simplest and most
well studied sub-case of bandit optimization. Several efficient and optimal algorithms have
been proposed for this problem [AB-09; AB10; ALT15; Lee+20]. These algorithms first
estimate the unknown loss function from one-point feedback, and then rely on Follow-the-
Regularized-Leader (FTRL) framework with appropriate regularizer to choose the next
action.

Moving beyond MAB, several recent works on bandit optimization have focused on
BCO. For bounded, convex functions, Flaxman, Kalai, and McMahan [FKMO04| and Klein-
berg [Kle05] developed online gradient descent style algorithms which achieve O (T°/6)
regret. Recent works of Bubeck, Lee, and Eldan [BLE17| and Hazan and Li [HL16| im-
proved upon this result and developed algorithms which achieve the optimal O (T 1/ 2) re-
gret (also see Lattimore |Lat20| for information-theoretic upper bounds). However, these
algorithms are computationally expensive. Moreover, the regret bounds of Hazan and Li
|HL.16| have exponential dependence on dimension. As previously mentioned, several works
have studied sub-cases of BCO. The most popular among these sub-cases is bandit linear
optimization. For this problem, Abernethy, Hazan, and Rakhlin [AHRO09| provided the
first efficient algorithm with optimal O (Tl/ 2) regret in expectation (see Dani, Hayes, and
Kakade [DHKO7]| for lower bounds on regret for linear losses). This algorithm uses one-point
estimate of the gradient and relies on OMD with SCB of X as the regularizer to choose
the next action. Subsequent works have attempted to develop algorithms which achieve
optimal regret in high-probability [Bar+08; AR09]. However, this turned out to be a dif-
ficult problem. It is only recently that an efficient and optimal algorithm for this problem

43



was designed [Lee+20]. A related line of work studied generalizations of linear bandits in
euclidean space to the framework of Reproducing Kernel Hilbert Spaces (RKHS) [CPB19;
TS20]. As an application of this general framework, Chatterji, Pacchiano, and Bartlett
|CPB19| study convex quadratic losses. However, their algorithm, which is based on expo-
nential weights update scheme, is computationally inefficient as it involves sampling from
non log-concave distributions, which is NP-hard in general. Moving beyond linear losses,
Flaxman, Kalai, and McMahan [FKMO04| provided an algorithm with O (T 3/ 4) regret for
convex, Lipschitz loss functions. Saha and Tewari [ST11| provided an algorithm for convex,
smooth loss functions with O (TQ/ 3) regret. For strongly convex, smooth functions, Hazan
and Levy [HL14] and Ito [Ito20] provide algorithms which achieve the optimal O (T'/?)
regret (see Shamir [Shal3| for lower bounds on regret for strongly convex losses).

Another active line of research on bandit optimization has focused on handling weaker
adversary models. One such popular model is the stochastic adversary model, where it
is assumed that the loss functions seen by the learner are independent samples generated
from an unknown but fixed distribution [LR85; AG12; Fil-+10; Kve+20; Aga-+11; Sri+09].
Recently, there has been a flurry of research on designing computationally efficient and
optimal regret algorithms for this setting. However, these algorithms usually have poor
performance in the stronger adversary model considered in this chapter. Yet another line
of research on bandit optimization has focused on multi-point feedback models where the
player can query each loss function at multiple points. Several recent works have designed
efficient algorithms for this setting [ADX10; Duc+15; Shal7]. These works show that it
is possible to achieve similar regret guarantees in this setting as in the full-information
setting.

4.4 Regularized Bandit Newton Algorithm

In this section we describe our algorithm for BCO (see Algorithm 4). At a high level, our
algorithm tries to estimate the missing information (i.e., gradient and Hessian) about the
unknown loss function and pass it to the OMD framework, which chooses the next action.

Gradient and Hessian estimation. To estimate the gradient and Hessian of f; at
x;, we rely on the following randomized sampling scheme. We first randomly sample a
point from the uniform distirbution on a ellipsoid with mean x; and whose covariance
matrix depends on the Hessian estimates of the past loss functions {f,}'=]. Next, we
get one-point feedback from the adversary about the loss value at the sampled point, and
use it to estimate the gradient and Hessian (see lines 6-13 of Algorithm 4). Our choice
of the covariance matrix ensures that the sampling scheme adapts to the geometry of the
cumulative loss 22;11 fs(x). In particular, it reduces exploration along directions which are
strongly convex, and increases exploration along directions which are linear. This choice of
exploration helps us achieve the right balance between exploration and exploitation, and

plays a crucial role in achieving optimal regret guarantees.

Focus Region. Once we have an estimate of the gradient and Hessian, we construct a
quadratic approximation of f; around x; (see line 14 of Algorithm 4). One caveat with this
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approximation, however, is that it is not guaranteed to have a low variance. To see this,
first note that the variance of our estimate f,(x) scales with ||x — x¢||»;, (look at line 6 for
definition of M;). If x; gets too close to the boundary of X, then |[VZR(x;)|]2 and ||M;]|2
become very large. This in turn increases the variance of f,(x), for x far away from x;.
Consequently, we can not directly plug in the estimate f,(x) into the OMD framework to
choose the next action. To handle this issue, we rely on focus regions. In each iteration
of the algorithm, we maintain a focus region F; which satisfies the following key property:
the variance of the quadratic approximation within Fy is small and bounded. To this end,
we choose an F; such that ||x — x;||5s, is bounded for any x € F;. When picking the next
action x;,; using OMD, we restrict ourselves to the focus region Fj.

At the beginning of the algorithm, we set F} to &g, a scaled version of &X', which is
defined as X; = &xy + (1 — €)X, where £ = T7* and x; is the minimizer of R(x) over
X. We use &; instead of X purely for theoretical reasons, as it simplifies our proofs. In
practice, one can set F; to X. To ensure F; satisfies the above mentioned property on low
variance, we perform a check in each iteration of the algorithm (see lines 20-25). Intuitively,
this checks if the current focus region has a large overlap with B, s, (x;), the region of low
variance of the quadratic approximation. If yes, we do not change the focus region. If not,
we shrink the focus region so that it overlaps with the low variance region. Moreover, we
simultaneously increase the learning rate (r,) of OMD. This learning rate change ensures
that the algorithm can quickly adapt to any changes of the adversary. If the adversary
attempts to move the minimizer of minyeyx, ZZ:O fs(x) outside of the focus region, then
increasing the learning rate helps us quickly detect this change. This plays a crucial role
in the restart condition, which we explain next. Several recent works have used the idea
of increasing learning schedule for various purposes [Aga |+ 17; BLEL7; Lee +20].

Restart Condition. By relying on focus regions, we can only guarantee low regret w.r.t

points within the focus region. To ensure low regret even w.r.t points outside the focus

region, we perform another test every iteration, which we call “restart condition” (see lines

15-18). Intuitively, this test checks if the minimizer of miny,cy S0_, fs(x) is well within

the focus region. If yes, we continue the algorithm, as having a low regret w.r.t points in

the focus region ensures the overall regret is low. If instead the test fails, then it usually
implies that the minimizer is too close to the boundary of the focus region 0F, N int(X).

In this case we show that the regret of our actions until now is negative. So, we can safely

restart the algorithm. That is, we act as if time step ¢ + 1 is time step 1 and run the

algorithm for 7" — ¢ steps.

We note that the ideas of focus region and restart condition appeared in the work of
Bubeck, Lee, and Eldan [BLE17|. However, their approach is computationally expensive,
even after restricting the loss functions to convex quadratics. There are two main reasons
for this:

1. the algorithm of Bubeck, Lee, and Eldan [BLE17| relies on exponential weights update
scheme. Each iteration of this algorithm involves generating O (d) samples from an
approximately log-concave distribution, which can be computationally expensive in high
dimensions. In contrast, we rely on OMD framework in our work, which doesn’t require
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access to an approximately log-concave sampler.

2. the restart condition of Bubeck, Lee, and Eldan [BLE17| involves optimization of an
approximately convex objective over a non-convex set. To be precise, the authors use
the following restart condition

min E fs mlng fs §
yEOFNint(X) yeF:

Implementing this can be NP-hard in general because the domain of the first optimiza-
tion is a nonconvex set. While the authors present a modified algorithm to handle this
issue, it is still computationally expensive (the runtime of each iteration is O (d*T") for
some large a). Moreover, the modified algorithm only works for constraint sets which are
polytopes and whose coefficients in the constraints are rational numbers with absolute
values of numerators and denominators bounded by poly(T). In contrast, the restart
condition we use only involves minimization of minker, Y o_, f+(x), which we show is
approximately convex and can be optimized efficiently (see Section 4.6).

4.4.1 Importance of Hessian Estimates

In this section we empirically demonstrate that existing OMD algorithms that only rely
on gradient information don’t achieve optimal regret bounds for quadratic losses [AHR09;
ST11; HL14].

Lets consider a simple example where the adversary always selects the following loss
function in each iteration: f;(x) = Zd/Q 2+ Z _1 ;. Here, we choose the domain X to be
B<. In this case, all the three algorithms mentloned above get sub-optimal regret of Q(7%/3)
(see image for empirical evidence). This is because M; (defined in line 6 of Algorithm 4),
which controls the exploration, is not chosen appropriately by these algorithms. Ideally, we
should explore the first d/2 directions less and the last d/2 directions more. This is because
the expected regret of these algorithms depends on the following term: E[f;(y;) — fi(x¢)]
= E[fy(x¢+ M, v — fu(x))] = 27/21 E[(M, "*v,)2]. So a good choice of M, should ensure
E[(M, ' v;)?] is low for the first d/2 coor-

—— Sahaetal. (2011)

dinates. We achieve this in our algorithm — **°|— Hezan &Lew o1
. . . . —— y=45723
by relying on Hessian estimates, which tell us 40009 __ 372

how much exploration to do in each direc-
tion. For the example considered here, M,
in our algorithm is approximately equal to
V2R(x) + 3121 21, V2 fo(x). For this choice of 1000
M,, E[(M, 12 v;)7] goes down with ¢ along the
first d/2 directions. As a result, our algorithm 0 5000 10000 15000 20000 25000 30000 35000 40000
performs less exploration along directions with umper ofiterations (D

large curvature, and more exploration along directions with small curvature, and achieves
the optimal trade-off between exploration and exploitation. If we do uniform exploration
in all directions (similar to existing algorithms), then we don’t achieve the optimal regret.

3000 1

Regret

2000 1
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4.5 Analysis

In this section we provide an outline of the proof of our main result stated in Theorem 9.
We prove the following Theorem from which Theorem 9 follows readily.

Theorem 10 (Regret). Consider the setting of Theorem 9. Suppose Algorithm J is run
for T aterations with the following hyper-parameters

)\:—’ o =C V+d dlo 2dT, =dlo dT7 = T = ’
1 v dydloghdT, = dlogdl, 7= Gr 7 = e T g T

for some universal constants ci,co,c3 > 0. Let T be the minimum between T and the first
time at which the algorithm restarts. Then with probability at least 1 — 0

ET: fuly+) — min ET: filx) < {O (' @+vVT) §T=T

0 otherwise

Proof. (Sketch) We first consider the case where the restart condition triggered for the first

time at iteration 7 < T. Then we show that the regret of the learner until 7 is negative.

There are several key steps involved in showing this result:

1. We first show that the minimizer of the cumulative loss Zslo fs(x) over the entire do-
main X lies in Fr; that is, minyey ZST:() fs(x) = mingep, ZZ:O fs(x). This immediately
entails that the regret after 7T iterations satisfies.

T T
Regr = Y fu(ys) — Inin > f(x).
s=0 5=0

2. Next, consider the following for any x € Fr

T

T T
> flye) Zﬁ = 3 1lye) = Fue) + D0 [£u) = £,09) = foloxs) + fu(x)]

s=0

i
+ 3 [Ax) = Aix)].

s=0

Recall y; — x; = )\Mtfl/ 2(V17t + va:). Relying on standard martingale concentration
inequalities, the first term in the RHS above can be bounded as O (dnf 1). To bound the
second term, we rely on a key property of our loss estimates { ft}tTZI: the cumulative loss
estimate concentrates well around the true cumulative loss (see Proposition 6). Using
this property, the second term can be bounded as O (771_ 1) . To bound the last term, we
rely on the definition of restart condition which says that ZST:O Fo(xs) — fo(x) < =B L.
Combining these bounds shows that the regret after 7 iterations is negative.

Next, consider the case where the restart condition never triggered. Here, we can again
show that the minimizer of the cumulative loss over the entire domain lies in the focus
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region Fp. So it suffices to bound ZZ:O fs(¥s) — mingep, Zf:o fs(x). Consider the same
decomposition of regret as above. We use the same arguments as above to bound the first
two terms in the decomposition. To bound the thrid term, we consider the following

3= (100 0] = - [0~ ] 3 [t - 1]

Ss=

The first term in the RHS can be upper bounded using stability of the iterates ||x;—X:11] s,
(in our proof we show that ||x; — X;41||az, is upper bounded by O (1;)). The second term is
the regret of Be-The-Regularized-Leader and can be upper bounded as O (771 ) Combining

these two bounds, we show that the regret is O (T1/2) : ]

The proof of Theorem 10 relies on several crucial properties of the iterates produced
by our algorithm. First, we need to ensure that the matrix M; is positive definite and the
iterates y; produced by our algorithm lie within the domain &X. Second, we need to show
that the algorithm is stable, i.e., ||x; — X;41]|as, is small. The following proposition plays a
crucial role in showing these properties. It is concerned about concentration of the Hessian
estimates {H,}L, and the loss estimates {f,}Z, computed by the Algorithm.
Proposition 6. Consider the setting of Theorem 10. Let T be the minimum between T
and the first time at which the algorithm restarts. Then for any t < T, the following
properties hold with probability at least 1 — T2
o Let Hy = (A, + AT') be the Hessian of q(x), and let M, = V2R(x,) + . nH,. Then

M, defined in line 6 of Algorithm / satisfies

M2 (N, — MMV, = O <a2771/\_2d5B Tlog(dT)> .

e The cumulative loss estimate > ._, fo(x) satisfies
¢

sup Z m(fo(x) = fo(xs) — gs(x) + qs(xs))] <0 <a2n1)\_2Bd4'5\/T log dT) .

XEFt s=1

4.6 Implementation

In this section, we discuss the implementation aspects of our algorithm.

. . . Vol(Fi:NB, X .
Focus region update. To estimate the ratio ol mVO’lI(Lg’j)l( Hl)), we generate sufficiently

many independent uniformly distributed samples in F; and count what fraction of them fall
in FiN Baa, - (x¢+1). By sampling just O(log T') points, we can show that with probability
at least 1 — T4, the focus region gets updated whenever the true ratio is less than }l and
doesn’t get updated whenever the true ratio is greater than %. The intermediate values don’t
effect our argument. Next, note that we need not generate the samples every iteration. It
suffices to generate them only when the focus region gets updated. We can reuse the old
samples in rest of the iterations. In Appendix C.5 we show that the focus region doesn’t
get updated more than O (dlog7') times (see Lemma 49). So, over T iterations of the
Algorithm, we only need to generate O (dlog2 T) samples.
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As previously mentioned, uniform sampling from a convex set is a well studied problem.
For the special case of the action set being a polytope with m constraints, we rely on the
recent work of Laddha, Lee, and Vempala [LLV20| which uses Dikin walk for sampling.
The authors show that the Dikin walk mixes in O (dv) steps, where v is the strong self
concordant parameter of the set. For our problem, 7 is O(m + O (dlogT)) (this follows
from the fact that each of our focus regions is an intersection of O (dlogT') elliposoids and
a polytope). Moreover, each iteration of Dikin walk takes O (d®logT + md + d?) time.
So generating a single sample from uniform distribution in F takes O (m2d? + (m + d)d*)
time.

OMD Update. Our results in Appendix C.5 entail that the objective in line 19 is strictly
convex (see Lemma 48). So we can use IPM to solve the objective. As a concrete exam-
ple, lets again consider the case of action set being a polytope with m constraints. Since
there are O (dlogT') elliposoidal constrains and m linear constraints, the self concordant
parameter of the entire objective is m+ O (dlog T'). So, the number of Newton updates we
perform is O (m + d). Moreoever, performing each newton update takes O (d*log T + md)
time. So, the overall compute time of IPM is O (m2d + (m + d)d®?).

Restart Condition. Checking the restart condition involves minimizing $°%_, fs(y) over
the focus region F;. We note that this need not be a convex function. However, it is point-
wise close to the following convex function: S>°_ fu(y) + (?a®n) " (y — %) T V2R(x,) (y —
x¢) (see Remark C.5.1 in Appendix for a discussion on the convexity of this objective).
To see why this objective is pointwise close to Y ._, f.(y), first note that our choice of F,
always ensures ||y — X¢||v2rx,) < O (da) for any y € F; (see Lemma 48). So the modified
objective is O (711_ 1) close to the original objective. So we can rely on IPM to solve the
modified objective and obtain O (771_ 1)—approximate solution to the original objective (note
that an approximate solution suffices for our argument). The computational complexity of
IPM in this case is same as the complexity of OMD update described above.

4.7 Discussion

In this chapter, we presented a new algorithm for bandit optimization with convex (approx-
imately) quadratic functions. Our algorithm achieves the optimal regret rate of O(ﬁ ) and
is computationally much more efficient than any other known algorithms for this problem.
To obtain these results, we (i) estimate the Hessian of the loss functions and use it in a
controlled fashion to minimize the effect of variance in this estimation and (ii) develop new
algorithmic ideas to implement this efficiently.

While our work focuses on the convex quadratic setting, we believe our ideas can be
extended to other convex, parameteric loss functions such as generalized linear models.
However, extending the idea of using Hessian (or more generally k" order derivatives for
k > 1) estimates to obtain efficient algorithms with optimal regret rates seems challenging,
even for highly smooth functions as the estimates of higher order derivatives come with
high variance and new ideas seem necessary to make effective use of them. This is an
interesting future direction to explore. Finally, we believe the dimension dependence in
our regret bound can improved to d® by tightening the Hessian concentration result in
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Proposition 6. We base this claim on the results in Appendix C.4, where we show that
Algorithm 4 achieves O (d“’\/f ) regret when the Hessian of f; is known to the learner
ahead of round ¢.
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Algorithm 4 Regularized Bandit Newton Algorithm

1:

H
<

11:
12:
13:
14:
15:
16:
17:
18:
19:

20:
21:
22:
23:
24:
25:
26:

Input: v-self-concordant barrier R, initial learning rate n;, number of iterations 7', radius of
initial focus region «, learning rate increment -y, exploration parameter A, [.
Denote jo = 0, Hy = 0,m=0,&=T"4
Let x; = argmin, .y R(x)
Focus Region F| = X, where Xy = &x; + (1 — )&
fort=1...T do

Let M, = (VZR(xt) 3! nH)

Sample vi 4, va, ~ S41 and compute y; = x; + )\Mt_l/Q(
if y; € A then

Play y; and observe fi(y:)

Estimate gradient and Hessian of f; at x; as

Vit + Vay)

R _ A AT
gt = A ldft(Yt)Mt1/2V1,t, H; = 7d2ft(yt)Mt1/2 (Vl,tV2T,t + V2,tVriF,t) Mt1/2

else
Play x; and set g, = 0, H; = 0.
end if

Let ft(x) = (g — Hyxy, x) + %foItx be the quadratic approximation of f; at x;
//restarAt condition R
if Zi:o fs(xs) — minyep, Zi:g fs(y) < _7% then
Restart
end if
Compute x;41 using OMD

X¢41 = argmin my(gy, X) + <I>Rt+1(x,xt).
x€EFy

t
Here ®g,, is Bregman divergence w.r.t R;1(x) o R(x) + > % (x — x5)THs(x — %)

//Update focus region
if Vol(F; N Ba,,,, (Xi4+1)) < 3Vol(F;) then
Fry1 = Fe 0 Bo g,y (Xe41) and 1 = (1 +)m
else
Ft—l—l = Ft and Ne+1 = Nt
end if
end for
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Part 111

Minimax Statistical Estimation
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Chapter

Learning Minimax Estimators via Online
Learning

Estimating the properties of a probability distribution is a fundamental problem in ma-
chine learning and statistics. In this problem, we are given observations generated from
an unknown probability distribution P belonging to a class of distributions P. Knowing
P, we are required to estimate certain properties of the unknown distribution P, based
on the observations. Designing good and “optimal” estimators for such problems has been
a fundamental subject of research in statistics. Over the years, statisticians have consid-
ered various notions of optimality to compare the performance of estimators and to aid
their search of good estimators. Some popular notions of optimality include admissibility,
minimax optimality, Bayesian optimality, asymptotic efficiency [Ferl4; LC0OG|. Of these,
minimax optimality is the most popular notion and has received wide attention in frequen-
tist statistics. This notion of optimality has led to the minimax estimation principle, where
the goal is to design estimators with the minimum worst-case risk. Let R(6, 0(P)) be the
risk of an estimator 6 for estimating the property 6(P) of a distribution P, where an esti-
mator is a function which maps observations to the set of possible values of the property.
Then the worst-case risk of 0 is defined as suppcp R(6, 0(P)). The goal in minimax estima-
tion principle is to design estimators with worst-case risk close to the best worst-case risk,
which is defined as R* = inf;suppcp R(A,0(P)), where the infimum is computed over the
set of all estimators. Such estimators are often referred to as minimax estimators [Tsy08].

Classical Estimators A rich body of work in statistics has focused on studying the
minimax optimality properties of classical estimators such as the maximum likelihood esti-
mator (MLE), Bayes estimators, and minimum contrast estimators (MCEs) [IH81; Le 12;
Vaa98; Bir83; BM93; YB99|. Early works in this line have considered parametric estima-
tion problems and focused on the asymptotic setting, where the number of observations
approaches infinity, for a fixed problem dimension. In a series of influential works, Hajek
and Le Cam showed that under certain regularity conditions on the parametric estimation
problem, MLE is asymptotically minimax whenever the risk is measured with respect to a
convex loss function |[Le 12; IH81]. Later works in this line have considered both paramet-
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ric and non-parametric estimation problems in the non-asymptotic setting and studied the
minimax rates of estimation. In a series of works, Birgé [Bir83; BM93]| showed that under
certain regularity conditions on the model class P and the estimation problem, MLE and
MCEs are approximately minimax w.r.t Hellinger distance.

While these results paint a compelling picture of classical estimators, we highlight two
key problem settings where they tend to be rate inefficient (that is, achieve sub-optimal
worst-case risk) [Wel15; BM93|. The first is the so-called high dimensional sampling setting,
where the number of observations is comparable to the problem dimension, and under
which, classical estimators can be highly sub-optimal. In some recent work, Jiao, Venkat,
Han, and Weissman [Jia| 15| considered the problem of entropy estimation in discrete
distributions and showed that the MLE (plug-in rule) is sub-optimal in the high dimensional
regime. Similarly, Cai and Low |[CL11| considered the problem of estimation of non-
smooth functional éZle |0;| from an observation Y ~ N(6,I;) and showed that the
MLE is sub-optimal. The second key setting where classical estimators tend to be sub-
optimal is when the risk R(0,0(P)) is measured w.r.t “non-standard” losses that have a very
different behavior compared to standard losses such as Kullback-Leibler (KL) divergence.
For example, consider the MLE, which can be viewed as a KL projection of the empirical
distribution of observations onto the class of distributions P. By its design, we expect it
to be minimax when the risk is measured w.r.t KL divergence and other related metrics
such as Hellinger distance [BM93]. However, for loss metrics which are not aligned with
KL, one can design estimators with better performance than MLE, by taking the loss
into consideration. This phenomenon is better illustrated with the following toy example.
Suppose P is the set of multivariate normal distributions in R? with identity covariance,
and suppose our goal is to estimate the mean of a distribution P € P, given n observations
drawn from it. If the risk of estimating 0 as 6 is measured w.r.t the following loss ||0—6—c]|2,
for some constant ¢, then it is easy to see that MLE has a worst-case risk greater than
l|lc||l?. Whereas, the minimax risk R* is equal to d/n, which is achieved by an estimator
obtained by shifting the MLE by c¢. While the above loss is unnatural, such a phenomenon
can be observed with natural losses such as ¢, norms for ¢ € (0,1) and asymmetric losses.

Bespoke Minimax Estimators For problems where classical estimators are not opti-
mal, designing a minimax estimator can be challenging. Numerous works in the literature
have attempted to design minimax estimators in such cases. However the focus of these
works is on specific problems [CL11; VV11; Jia+15; But-+18], and there is no single esti-
mator which is known to be optimal for a wide range of estimation problems. For example,
Jiao, Venkat, Han, and Weissman [Jia+15| and Wu and Yang [WY 16| considered the prob-
lem of entropy estimation for discrete distributions and provided a minimax estimator in
the high-dimensional setting. Cai and Low [CL11| considered the problem of estimating a
non-smooth functional in high dimensions and provided a minimax estimator. While these
results are impressive, the techniques used in these works are tailored towards specific
problems and do not extend to other problems. So, a natural question that arises in this
context is, how should one go about constructing minimax estimators for problems where
none of the classical estimators are optimal? Unfortunately, our current understanding of
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minimax estimators does not provide any concrete guidelines on designing such estimators.

Minimax Estimation via Solving Statistical Games In this chapter, we attempt
to tackle the problem of designing minimax estimators from a game-theoretic perspective.
Instead of the usual two-step approach of first designing an estimator and then certifying
its minimax optimality, we take a more direct approach and attempt to directly solve the
following min-max statistical game: inf; suppcp R(0,0(P)). Since the resulting estimators
are solutions to the min-max game, they are optimal by construction. Such a direct
approach for construction of minimax estimators has certain advantages over the classical
estimators. First, the technique itself is very general and can theoretically be used to
construct minimax estimators for any estimation problem. Second, a direct approach often
results in ezact minimax estimators with R* 4 o(1) worst-case risk. In contrast, classical
estimators typically achieve O(1)R* worst-case risk, which is constant factors worse than
the direct approach. Finally, a direct approach can make effective use of any available side
information about the problem, to construct estimators with better worst-case risk than
classical estimators. For example, consider the problem of mean estimation given samples
drawn from an unknown Gaussian distribution. If it is known a priori that the true mean
lies in a bounded set, then a direct approach for solving the min-max statistical game results
in estimators with better performance than classical estimators. Several past works have
attempted to directly solve the min-max game associated with the estimation problem [see
Ber85, and references therein|. We discuss these further in Section 5.1 after providing
some background, but in gist, existing approaches either focus on specific problems or are
applicable only to simple estimation problems.

This Chapter In this chapter, we rely on recent advances in online learning and game
theory to directly solve the min-max statistical game. Recently, online learning techniques
have been widely used for solving min-max games. For example, Freund and Schapire
[F'S96] relied on these techniques to find equilibria in min-max games that arise in the con-
text of boosting. Similar techniques have been explored for robust optimization by Chen,
Lucier, Singer, and Syrgkanis [Che+17| and Feige, Mansour, and Schapire [FMS15]. In
this chapter, we take a similar approach and provide an algorithm for solving statistical
games. A critical distinction of statistical games, in contrast to the typical min-max games
studied in the learning and games literature, is that the domain of all possible measur-
able estimators is extremely large, the set of possible parameters need not be convex, and
the loss function need not be convex-concave. We show that it is nonetheless possible to
finesse these technical caveats and solve the statistical game, provided we are given ac-
cess to two subroutines: a Bayes estimator subroutine which outputs a Bayes estimator
corresponding to any given prior, and a subroutine which computes the worst-case risk
of any given estimator. Given access to these two subroutines, we show that our algo-
rithm outputs both a minimax estimator and a least favorable prior (LFP). The minimax
estimator output by our algorithm is a randomized estimator which is an ensemble of mul-
tiple Bayes estimators. When the loss function is convex - which is the case for a number
of commonly used loss functions - the randomized estimator can be transformed into a
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deterministic minimax estimator. For problems where the two subroutines are efficiently
implementable, our algorithm provides an efficient technique to construct minimax esti-
mators. While implementing the subroutines can be computationally hard in general, we
show that the computational complexity can be significantly reduced for a wide range of
problems satisfying certain invariance properties.

To demonstrate the power of this technique, we use it to construct provably minimax es-
timators for the classical problems of finite dimensional Gaussian sequence model and linear
regression. In the problem of Gaussian sequence model, we are given a single sample drawn
from a normal distribution with mean # and identity covariance, where 6 € R<, ||0||» < B.
Our goal is to estimate 6 well under squared-error loss. This problem has received much
attention in statistics because of its simplicity and connections to non-parametric regres-
sion [Joh02]. Surprisingly, however, the exact minimax estimator is unknown for the case
when B > 1.16V/d [Bic81; Ber90; MP02]. In this chapter, we show that our technique
can be used to construct provably minimax estimators for this problem, for general B. To
further demonstrate that our technique is widely applicable, we present empirical evidence
showing that our algorithm can be used to construct estimators for covariance and entropy
estimation which match the performance of existing minimax estimators.

On Criticisms of Minimaxity Perhaps it is important to note that sometimes minimax
estimators are deemed to be unnecessarily pessimistic, as they are driven by the worst case
risk. Nonetheless they occupy a unique position in the statistical estimation literature.
They have undoubtedly been a major source of intellectual curiosity as exemplified by
many settings under which minimax estimators have already been constructed. In scenarios
where other notions of optimality might be desired, minimax estimators and LFPs can
still be used to validate the performance of the constructed estimators against worst case
scenario. We could also use model selection over minimax estimators for varying sub-
classes of models to mitigate some of their undesirable properties. This makes constructing
minimax estimators a worthy pursuit. Given the difficulty of constructing such estimators
in new scenarios, it is important to find methods to automate this process. While previous
work has tried to do this under very restricted assumptions [Nel66; Kem87], in this chapter
we show the feasibility of this approach in a fairly general context. We are able to achieve
this because of the recent advancements in online learning, as we highlight in later sections.

Outline We conclude this section with a brief outline of the rest of the paper. In
Section 5.1, we provide necessary background on online learning and minimax estima-
tion. In Section 5.2, we introduce our algorithm for solving statistical games. In Sec-
tions 5.3, 5.4, 5.5 we utilize our algorithm to construct provably minimax estimators for
finite dimensional Gaussian sequence model and linear regression. In Section 5.8 we study
the empirical performance of our algorithm on a variety of statistical estimation problems.
We defer technical details to the Appendix. Finally, we conclude in Section 5.9 with a
discussion of future directions and some open problems.
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5.1 Background and Problem Setup

In this section, we formally introduce the problem of minimax statistical estimation and
review the necessary background on online learning.

5.1.1 Minimax Estimation and Statistical Games

Let P = {Py: 0 € © C R4} be a parametric family of distributions. In this chapter, we
assume O is a compact set. Let X" = {X;,... X,,} € X" be n independent samples drawn
from some unknown distribution Py € P. Given X", our goal is to estimate the unknown
parameter f. A deterministic estimator 8 of 6 is any measurable function from X" to
O. We denote the set of deterministic estimators by D. A randomized estimator is given
by a probability measure on the set of deterministic estimators. Given X", the unknown
parameter 6 is estimated by first sampling a deterministic estimator according to this
probability measure and using the sampled estimator to predict §. Since any randomized
estimator can be identified by a probability measure on D, we denote the set of randomized
estimators by My, the set of all probability measures on D. Let M : © x © — R be a

measurable loss function such that M (#',6) measures the cost of an estimate ¢ when

the true parameter is 6. Define the risk of an estimator 0 for estimating 6 as R(é, 0) def

E [M (O(Xm), 9)] , where the expectation is taken with respect to randomness from X" and

the estimator 6. The worst-case risk of an estimator @ is defined as SUPgeo R(6,6) and the
minimax risk is defined as the best worst-case risk that can be achieved by any estimator

R “inf sup R(6, ). (5.1)
feMp 90

Any estimator whose worst case risk is equal to the minimax risk is called a minimax
estimator. We refer to the above min-max problem as a statistical game. Often, we are
also interested in deterministic minimax estimators, which are defined as estimators with
worst case risk equal to
inf sup R(6, 0). (5.2)
0eD €O
From the perspective of game theory, the optimality notion in Equation (5.1) is referred
to as the minmax value of the game. This is to be contrasted with the maxmin value of
the game supyeg infye oy, R(é, ). In general, these two quantities are not equal, but the
following relationship always holds:

sup inf R(6,0) < inf sup R(6,0). (5.3)
0e® e Mp 0eMp 6O
In statistical games, for typical choices of loss functions, supgeg infyc R(é ,0) = 0, whereas

infge g, SUPgeo R(é, ) > 0; that is, the minmax value is strictly greater than maxmin value
of the game. So we cannot in general reduce computing the minmax value to computing
the maxmin value.
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Linearized Statistical Games Without any additional structure such as convexity,
computing the values of min-max games is difficult in general. So it is common in game
theory to consider a linearized game in the space of probability measures, which is in general
better-behaved. To set up some notation, for any probability distribution P, define R(é, P)

as Eyg.p [R(é, 9)] . In the context of statistical games, a linearized game has the following

form: X
inf  sup R(6, P), (5.4)
0eMp PeMg
where Mg is the set of all probability measures on ©. The minmax and maxmin values
of the linearized game and the original game in Equation (5.1) are related as follows

sup inf R(é,@)g sup inf R(é,P)S inf sup R(é,P)(i inf supR(é,@),

[<C) éGM’D PeMg éEMD éGMD PeMg éGMD 0cO

=

where (a) holds because for any estimator 0, SUP pepte R(é, P) is equal to supyeg R(é, 0).
Thus, the minmax values of the original and linearized statistical games are equal. Any
estimator whose worst-case risk is equal to the minmax value of the linearized game is a
minimax estimator. The maxmin values of the original and linearized statistical games are
however in general different. In particular, as discussed above, the maxmin value of the
original statistical game is usually equal to zero. The maxmin value of the linearized game
however has a deep connection to Bayesian estimation.

Note that R(é,P) is simply the integrated risk of the estimator 6 under prior P €
Meg. Any estimator which minimizes R(é,P) is called the Bayes estimator for P, and
the corresponding minimum value is called Bayes risk. Though the set of all possible
measurable estimators is in general vast, in what might be surprising from an optimization
or game-theoretic viewpoint, the Bayes estimator can be characterized simply as follows.
Letting P(:|X") be the posterior distribution of 6 given the data X", a Bayes estimator of
P can be found by minimizing the posterior risk

Bp(X") € argmin Egop( ) [M(é, 0)} . (5.5)
0co

Certain mild technical conditions need to hold for ép to be measurable and for it to be a
Bayes estimator [Ber85]. We detail these conditions in Appendix D.1, which incidentally
are all satisfied for the problems considered in this chapter. A least favourable prior is de-
fined as any prior which maximizes the Bayes risk; that is, P is LFP if infsc g, R(é, P) =
SUP pe e Mgy, R(é, P). Thus, LFPs solve for the maxmin value of the linearized sta-
tistical game. Any prior whose Bayes risk is equal to the maxmin value of the linearized
game is an LFP.

Nash Equilibrium Directly solving for the minmax or maxmin values of the (linearized)
min-max games is in general computationally hard, in large part because: (a) these val-
ues need not be equal, which limits the set of possible optimization algorithms, and (b)
the optimal solutions need not be stable, which makes it difficult for simple optimization
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problems. It is thus preferable that the two values are equal', and the solutions be stable,
which is formalized by the game-theoretic notion of a Nash equilibrium (NE).

For the original statistical game in Equation (5.1), a pair (6*,0%) € Mp x © is called
a pure strategy NE, if the following holds

sup R(0*,0) < R(0*,6") < inf R(0,0") = inf R(0,0%),
0cO feMp 0D

where the equality follows since the optimum of a linear program over a convex hull can
always be attained at an extreme point. Intuitively, this says that there is no incentive
for any player to change their strategy while the other player keeps hers unchanged. Note
that whenever a pure strategy NE exists, the minmax and maxmin values of the game are
equal to each other:

inf sup R(A,6) < sup R(6*,0) < R(0*,6") < inf R(0,0%) <sup inf R(6,0).
feMp 0cO 00 feMp 6€6 beMp

Since the RHS is always upper bounded by the LHS from (5.3), the inequalities above are
all equalities.

As we discussed above, the maxmin and minmax values of the statistical game in Equa-
tion (5.1) are in general not equal to each other, so that a pure strategy NE will typically
not exist for the statistical game (5.1). Instead what often exists is a mixed strategy NE,
which is precisely a pure strategy NE of the linearized game. That is, (é*, P*) € MpxMeg
is called a mixed strategy NE of statistical game (5.1), if

sup R(6*,0) = sup R(6*,0) < R(6*,P*) < inf R(0,P*) = inf R(0, P*).
00 PeMe feMp 6eD

As with the original game, if (§*, P*) is a pure strategy NE of the linearized game of (5.1),
aka, a mixed strategy NE of (5.1), then the minmax and maxmin values of the linearized
game are equal to each other, and, moreover 0* is a minimax estimator and P* is an LFP.
Conversely, if 0* is a minimax estimator, and P* is an LFP, and the minmax and maxmin
values of (5.4) are equal to each other, then (0%, P*) is a mixed strategy NE of (5.1). These
just follow from similar sandwich arguments as with the original game, which we add for
completeness in Appendix D.2.

In gist, it might be computationally easier to recover the mixed strategy NE of the
statistical game, assuming they exist, and doing so, would recover minimax estimators and
LFPs. In this chapter, we are thus interested in imposing mild conditions on the statis-
tical game so that a mixed strategy NE exists, and under this setting, develop tractable
algorithms to estimate the mixed strategy NE.

Existence of NE We now briefly discuss sufficient conditions for the existence of NE.
As discussed earlier, a pure strategy NE does not exist for statistical games in general.
So, here we focus on existence of mixed strategy NE. In a seminal work, Wald [Wal49)|

1John Von Neumann, a founder of game theory, has said he could not foresee there even being a theory
of games without a theorem that equates these two values
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studied the conditions for existence of a mixed strategy NE, and showed that a broad
class of statistical games have mixed strategy NE. Suppose every distribution in the model
class P is absolutely continuous, © is compact, and the loss M is a bounded, non-negative
function. Then minmax and maxmin values of the linearized game are equal. Moreover, a
minimax estimator with worst-case risk equal to R* exists. Under the additional condition
of compactness of P, [Wal49| showed that an LFP exists as well. Thus, based on our
previous discussion, this implies the game has a mixed strategy NE. In this chapter, we
consider a different and simpler set of conditions on the statistical game. We assume
that © is compact and the risk R(é, 0) is Lipschitz in its second argument. Under these
assumptions, we show that the minmax and maxmin values of the linearized game in
Equation (5.4) are equal to each other. Such results are known as minimax theorems and
have been studied in the past [VMKO7; Yan74; Wal49|. However, unlike past works that
rely on fixed point theorems, we rely on a constructive learning-style proof to prove the
minimax theorem, where we present an algorithm which outputs an approximate NE of
the statistical game. Under the additional condition that the risk R(é, 0) is bounded, we
show that the statistical game has a minimax estimator and an LFP.

Computation of NE Next, we discuss previous numerical optimization techniques for
computing a mixed strategy NE of the statistical game. Note that this is a difficult compu-
tational problem: minimizing over the domain of all possible estimators, and maximizing
over the set of all probability measures on ©. Nonetheless, several works in statistics have
attempted to tackle this problem [Ber85]. One class of techniques involves reducing the
set of estimators D via admissibility considerations to a small enough set. Given this re-
stricted set of estimators, they can then directly calculate a minimax test for some testing
problems; see for instance Hald [Hal71|. A drawback of these approaches is that they are
restricted to simple estimation problems for which the set of admissible estimators are easy
to construct. Another class of techniques for constructing minimax estimators relies on the
properties of LEPs [CB94; Joh(02]. When the parameter set © is a compact subset of R,
and when certain regularity conditions hold, it is well known that LFPs are supported on
a finite set of points [Gho64; Ber85]. Based on this result, Nelson [Nel66| and Kempthorne
|Kem87| propose numerical approaches to determine the support points of LEPs and the
probability mass that needs to be placed on these points. However, these approaches are
restricted to 1-dimensional estimation problems and are not broadly applicable. In a re-
cent work, Luedtke, Carone, Simon, and Sofrygin |Lue 20| propose heuristic approaches
for solving statistical games using deep learning techniques. In particular, they use neural
networks to parameterize the statistical game and solve the resulting game using local
search techniques such as alternating gradient descent. However, these approaches are not
guaranteed to find minimax estimators and LFPs and can lead to undesirable equilibrium
points. They moreover parameterize estimators via neural networks whose inputs are a
simple concatenation of all the samples, which is not feasible for large n.

In our work, we develop numerical optimization techniques that rely on online learning
algorithms. Though the domains as well as the setting of the statistical game are far
more challenging than typically considered in learning and games literature, we reduce the
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problem of designing minimax estimators to a purely computational problem of efficient
implementation of certain optimization subroutines. For the wide range of problems where
these subroutines can be efficiently implemented, our algorithm provides an efficient and
scalable technique for constructing minimax estimators.

5.2 Minimax Estimation via Online Learning

In this section, we present our algorithm for computing a mixed strategy NE of the sta-
tistical game in Equation (5.1) (equivalently a pure strategy NE of the linearized game in
Equation (5.4)). A popular and widely used approach for solving min-max games is to rely
on online learning algorithms [Haz16; CLOG]. In this approach, the minimization player
and the maximization player play a repeated game against each other. Both the players
rely on online learning algorithms to choose their actions in each round of the game, with
the objective of minimizing their respective regret. The following proposition shows that
this repeated game play converges to a NE.

Proposition 7. Consider a repeated game between the minimization and maximization
players in Equation (5.4). Let (ét, P,) be the actions chosen by the players in iteration t.
Suppose the actions are such that the regret of each player satisfies

T
> R(6;,P) — inf ZR 0,P) < ei(T),
t=1

BED

T
SupZR 01,0) = > " R(0,, Py) < ex(T).
0co P
Let O denote the randomized estimator obtained by uniformly sampling an estimator from
the iterates {0;}_,. Define the mixture distribution Py as %Z; P;. Then (Opnn, Pae)
is an approzimate mized strategy NE of Equation (5.1)

5 5 e1(T) + &(T)

R(QRND7 PAVG) < inf R(97 PAVG) +
beD T

o . T T
R(HRNDa PAVG) > sup R(QRND’ 0) _ M
6c6 T

Y

Note that the above proposition doesn’t specify an algorithm to generate the iterates
(ét, P,). All it shows is that as long as both the players rely on algorithms which guarantee
sub-linear regret, the iterates converge to a NE. There exist several algorithms such as
FTRL, FTPL, Best Response (BR), which guarantee sub-linear regret. It is important
to choose these algorithms appropriately as our choices impact the rate of convergence to
a NE and also the computational complexity of the resulting algorithm. First, consider
the minimization player, whose domain Mp is the set of all probability measures over D.
Note that D, the set of all deterministic estimators, is an infinite dimensional space. So,
algorithms such as FTRL, FTPL, whose regret bounds depend on the dimension of the
domain, can not guarantee sub-linear regret. So the minimization player is forced to rely
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on BR, which has 0 regret. Recall, in order to use BR, the minimization player requires the
knowledge of the future action of the opponent. This can be made possible in the context of
min-max games by letting the minimization player choose her action after the maximization
player reveals her action. Next, consider the maximization player. Since the minimization
player is relying on BR, the maximization player has to rely on either FTRL or FTPL to
choose her action?. In this chapter, we choose the FTPL and OFTPL algorithms studied in
Chapters 2, 3. Our choice is mainly driven by the computational aspects of the algorithm.
Each iteration of the FTRL algorithm of Krichene, Balandat, Tomlin, and Bayen [Kri+15]
involves sampling from a general probability distribution. Whereas, each iteration of the
FTPL algorithm requires minimization of a non-convex objective. While both sampling
and optimization are computationally hard in general, the folklore is that optimization is
relatively easier than sampling in many practical applications.

We now describe our algorithm for computing a pure strategy NE of Equation (5.4). In
iteration ¢, the maximization player chooses distribution P; using FTPL. P, is given by the
distribution of the random variable 6;(¢), which is generated by first sampling a random
vector o € R from exponential distribution and then computing an optimizer of

su R QZ,H (0,0). 5.6
3 / o0

The minimization player chooses 6, using BR, which involves computing a minimizer of
the integrated risk under prior P,
inf R(6, P,). (5.7)

0eD
Very often, computing exact optimizers of the above problems is infeasible. Instead, one
can only compute approximate optimizers. To capture the error from this approximation,
we introduce the notion of approximate optimization oracles/subroutines.
Definition 5.2.1 (Maximization Oracle). A function Og'%* (+) is called («, 8)-approximate
maximization oracle, if for any set of estimators {6;}7_, and perturbation o, it returns
0’ € © which satisfies the following inequality

ZR 0.,0) + (0,0) >supZRe,,9 +(0,0) — (a + Bl|o]]1) -

0cO

We denote the output 6’ by Opax ({9 VL >

Definition 5.2.2 (Mlmmlzatlon Oracle). A function O™ (-) is called a-approximate mini-
mization oracle, if for any probability measure P, it returns an approximate Bayes estimator
0" which satisfies the following inequality

R(#',P) < inf R, P) +a

feD
We denote the output 8 by O™ (P).

2If both the players use BR, then both will wait for the other player to pick an action first. As a result,
the algorithm will never proceed.
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Algorithm 5 FTPL for statistical games
1: Input: Parameter of exponential distribution 7, approximate optimization oracles
v OF Omn (.) for problems (5.6), (5.7) respectively
:fort=1...T do
3:  Let P, be the distribution of random variable 6,(o), which is generated as follows:

[\]

(i) Generate a random vector o such that {o; };l:l o Exp(n)
(ii) Compute 6:(0) as

0u(0) = O ({0:}12], o) -
4:  Compute 0, as ) .
0y = O™ (Py).

5: end for R )
: Output: {91,...9T},{P1,...PT}.

=)

Given access to subroutines Og'%* (+), Omin (+) for approximately solving the optimiza-
tion problems in Equations (5.6), (5.7), the algorithm alternates between the maximization
and minimization players who choose P, and 0, in each iteration. We summarize the overall
algorithm in Algorithm 5. The following theorem shows that Algorithm 5 converges to an
approximate NE of the statistical game.

Theorem 11 (Approximate NE). Consider the statistical game in Equation (5.1). Suppose
© C R? is compact with { diameter D, i.e., D = supy, g.co ||6h — 020 Suppose R(6,0)
is L-Lipschitz in its second argument w.r.t {1 norm:

V0,01,0, |R(6,0,) — R(6,0,)| < L||6y — 051

Suppose Algorithm 5 is run for T iterations with approximate optimization subroutines

g (), Om(-) for solving the mazimization and minimization problems. Let O b
the randomized estimator obtained by uniformly sampling an estimator from the iterates
{ét}thl. Define the mixture distribution Py as % ZL P;,. Then (éRND, Pyc) is an approz-
imate mized strategy NE of the statistical game in Equation (5.1)

Sup R(éRND, 9) — € S R<éRND7 PAVG) S lnf R(é7 PAVG) + €
0cO 0D

wheree=0<nd2+%+a+o/>.

As an immediate consequence of Theorem 11, we show that the minmax and maxmin
values of the statistical game in Equation (5.4) are equal to each other. Moreover, when
the risk is bounded, we show that the statistical game (5.1) has minimax estimators and
LFPs.

Corollary 3 (Minimax Theorem). Consider the setting of Theorem 11. Then

inf sup R(A,P)= sup inf R(0,P)=: R".

0eMp PEMg PeMg 0eEMp
Furthermore, suppose the risk R(é,@) 18 a bounded function and © is compact w.r.t the
following metric: Ap(01,02) = supgeg | M (61,6) — M(62,6)|. Then there exists a minimax
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estimator 6* € Mp whose worst-case risk satisfies

~

sup R(0",0) = R*,
0o

and there exists a least favorable prior P* € Mg whose Bayes risk satisfies
inf R(6, P*) = R".
feD
We note that the assumption on compactness of © w.r.t Ay, is mild and holds whenever
© is compact w.r.t £5 norm and M is a continuous function. As another consequence of
Theorem 11, we show that Algorithm 5 outputs approximate minimax estimators and
LEFPs.

Corollary 4. Consider the setting of Theorem 11. Suppose Algorithm 5 is run with

1

N =/ 77" Then the worst-case risk of éRND satisfies

sup R(Onnp, 0) < R+ O(d2LT "% + a + o + Bd2LT?).
0cO

Moreover, Py is approximately least favorable with the associated Bayes risk satisfying

inf R(0, Pye) > R*— O(d?LT % + oo+ o + Bd2 LT?).

6eD
In addition, suppose the loss M used in the computation of risk is convex in its first argu-
ment. Let 0, be the determjm’stz’c estimator which is equal to the mean of the probability
distribution associated with Oyyp. Then the worst-case risk of O satisfies

~

sup R(Oye, 0) < R+ O(d2 LT 2 + oo+ o + Bd? LT?),
6cO

and éAVG 15 an approximate Bayes estimator for prior Payg.

Remark 5.2.1 (Near Optimal Estimator). Corollary / shows that when the approzimation
error of the optimization oracles is sufficiently small and when T is large enough, Algo-
rithm 5 outputs a minimazx estimator with worst-case risk (1+o0(1))R*. This improves upon
the approximate minimax estimators that are usually designed in statistics, which have a
worst-case risk of O(1)R*.

Remark 5.2.2 (Deterministic Minimax Estimators). For general non-convex loss func-
tions, Algorithm 5 only provides a randomized minimax estimator. Given this, a natural
question that arises is whether there exist efficient algorithms for finding a deterministic
minimaz estimator. Unfortunately, even with access to the optimization subroutines used
by Algorithm 5, finding a deterministic minimax estimator can be NP-hard [see Theorem
9 of Che+17]

Remark 5.2.3 (Implementation Details). Note that the estimators {0;}7_, and distribu-
tions { P}, output by Algorithm 5 are infinite dimensional objects and can not in general
be stored using finitely many bits. However, in practice, we use independent samples gener-
ated from P; as its proxy and only work with these samples. Since 6; is a Bayes estimator
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for prior P;, it can be approximately computed using samples from P;. This process of
approzimating P; with its samples introduces some approrimation error and the number of
samples used in this approzimation need to be large enough to ensure Algorithm 5 returns a
minimaz estimator. For the problems of finite Gaussian sequence model and linear regres-
sion studied in Sections 5.4, 5.5, we show that poly(d) samples suffice to ensure a minimazx
estimator.

Remark 5.2.4 (Computation of the Oracles). We now consider the computational aspects
involved in the implementation of optimization oracles used by Algorithm 5. Recall that the
maximization oracle, given any estimator, computes its worst-case risk with some linear
perturbation. Since this objective could potentially be non-concave, mazximizing it can take
exponential time in the worst-case. And recall that the minimization oracle computes the
Bayes estimator given some prior distribution. Implementation of this minimization oracle
can also be computationally expensive in the worst case. While the worst case complexities
are prohibitive, for a number of problems, one can make use of the problem structure to
efficiently tmplement these oracles in polynomial time.

In particular, we leverage symmetry and invariance properties of the statistical games to
reduce the complexity of optimization oracles, while controlling their approximation errors;
see Section 5.3. We further consider the case where there is no structure in the prob-
lem, other than the existence of finite-dimensional sufficient statistics for the statistical
model. This allows one to reduce the computational complexity of the minimization oracle
by replacing the optimization over D in Equation (5.7) with universal function approzi-
mators such as neural networks. Moreover, one can use existing global search techniques
to implement the maximization oracle. While such a heuristic approach can reduce the
computational complexity of the oracles, bounding their approrimation errors can be hard
(recall, the worst-case risk of our estimator depends on the approximation error of the
optimization oracles). Nevertheless, in later sections, we empirically demonstrate that the
estimators from this approach have superior performance over many existing estimators
which are known to be approximately minimazx.

We briefly discuss some classical work that can be leveraged for efficient implementation
of optimization oracles, albeit for specific models or settings. For several problems, it can
be shown that there exists an approximate minimax estimator in some restricted space of
estimators such as linear or polynomial functions of the data [DLM90; CL11; PW19)].
Such results can be used to reduce the space of estimators in the statistical game (5.1). By
replacing Mp in Equation (5.1) with the restricted estimator space, one can greatly reduce
the computational complexity of the optimization oracles. Another class of results relies
on analyses of convergence of posterior distributions. As a key instance, when the number
of samples n is much larger than the dimension d, it is well known that the posterior
distribution behaves like a normal distribution, whenever the prior has sufficient mass
around the true parameter [Har83]. Such a property can be used to efficiently implement
the minimization oracle.
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5.3 Invariance of Minimax Estimators and LFPs

In this section, we show that whenever the statistical game satisfies certain invariance
properties, the computational complexity of the optimization oracles required by Algo-
rithm 5 can be greatly reduced. We first present a classical result from statistics about the
invariance properties of minimax estimators.When the statistical game in Equation (5.2) is
invariant to group transformations, the invariance theorem says that there exist minimax
estimators which are also invariant to these group transformations [Kie +57; Ber85|. Later,
we utilize this result to reduce the computational complexity of the oracles required by
Algorithm 5

We first introduce the necessary notation and terminology to formally state the invari-
ance theorem. We note that the theorem stated here is tailored for our setting and more
general versions of the theorem can be found in Kiefer et al. |Kie+57|. Let G be a compact
group of transformations on X x © which acts component wise; that is, for each g € G,
g(X,0) can be written as (g1 X, go0), where g1, ¢> are transformations on X, 0. With a
slight abuse of notation we write gX, g6 in place of ¢, X, gof. We assume that the group
action is continuous, so that the functions (g, X) — ¢X and (g,0) — ¢ are continuous.
Finally, let p be the unique left Haar measure on G' with p(G) = 1. We now formally define
“invariant statistical games”, “invariant estimators” and “invariant probability measures”.
Definition 5.3.1 (Invariant Game). A statistical game is invariant to group transforma-
tions G, if the following two conditions hold for each g € G

e for all § € ©, g6 € ©. Moreover, the probability distribution of gX is Py, whenever

the distribution of X is FPy.

L4 M(g@l,gé’g) = M(61,92>, for all 01,92 € 0.
Definition 5.3.2 (Invariant Estimator). A deterministic estimator 6 is invariant if for
cach g € G, 0(gX") = gf(X"), where X" = {gX1,...gX,}.
Definition 5.3.3 (Invariant Measure). Let B(O) be the Borel o-algebra corresponding to
the parameter space ©. A measure v on (O, B(0)) is invariant if for all ¢ € G and any
measurable set A € B(O), v(gA) = v(A).
Example 5.3.1. Consider the problem of estimating the mean of a Gaussian distribution.
Given n samples X1,...X,, drawn from N (0, I;x4), our goal is to estimate the unknown
parameter 6. Suppose the parameter space is given by © = {¢' : ||0’||s < B} and the risk of
any estimator is measured w.r.t squared L5 loss. Then it is easy to verify that the problem
is invariant to transformations of the orthogonal group O(d) = {U : UUT = U'U = TI}.

We now present the main result concerning the existence of invariant minimax estima-
tors.A more general version of the result can be found in [Kie+57].
Theorem 12 (Invariance). Consider the statistical game in Equation (5.1). Suppose the
game s invariant to group transformations G. Suppose the loss metric M is convex in its
first argument. Then for any deterministic estimator 9 there exists an estimator O which
is invariant to group transformations G, with worst-case risk no larger than the worst-case
risk of 0

sup R(é@, 0) < sup R(é, 9).
=) 90
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This shows that there exists a minimax estimator which is invariant to group transfor-
mations. We now utilize this invariance property to reduce the complexity of the optimiza-
tion oracles. Let © = 5 ©p be the partitioning of © into equivalence classes under the
equivalence 0, ~ 6, if #; = gfs for some g € G. The quotient space of © is defined as the set
of equivalence classes of the elements of © under the above defined equivalence and is given
by ©/G = {O3}5. For an invariant estimator 6, we define Rg(0,04) as R(6,05) for any
03 € ©4. Note that this is well defined because for invariant estimators R(6,6;) = R(6, 65)
whenever 0; ~ 0y (see Lemma 52). Our main result shows that Equation (5.1) can be
reduced to the following simpler objective

~

inf  sup Rg(6,05), (5.8)
0eEMp g ©3€0/G

where Mp ¢ represents the set of randomized estimators which are invariant to group
transformations G. This shows that the outer minimization over the set of all estimators
in Equation (5.1) can be replaced with a minimization over just the invariant estimators.
Moreover, the inner maximization over the entire parameter space © can be replaced with
a maximization over the smaller quotient space ©/G , which in many examples we study
here is a one or two-dimensional space, irrespective of the dimension of ©.

Theorem 13. Suppose the statistical game in Equation (5.1) is invariant to group trans-
formations G. Moreover, suppose the loss metric M s convex in its first argument. Then,

inf supR(A,0) = inf sup Rg(0,0).

0eMp 6O 0EMp,c ©3€0/G
Moreover, given any e-approzimate mized strateqy NE of the reduced statistical game (5.8),
one can reconstruct an e-approximate mized strategy NE of the original statistical game (5.1).

We now demonstrate how Theorem 13 can be used on a variety of fundamental statis-
tical estimation problems.

5.3.1 Finite Gaussian Sequence Model

In the finite Gaussian sequence model, we are given a single sample X € R? sampled from
a Gaussian distribution N(6, ). We assume the parameter 6 has a bounded Ly norm and
satisfies ||f||o < B. Our goal is to design an estimator for # which is minimax with respect
to squared-error loss. This results in the following min-max problem

inf sup R(0,0) = Exonn [Hé(X) —e||g} . (5.9)
0eMp |0]2<B

Theorem 14. Let O(d) = {U : UUT = UTU = I} be the group of dxd orthogonal matrices
with matriz multiplication as the group operation. The statistical game in Equation (5.9)
is invariant under the action of O(d), where the action of g € O(d) on (X,0) is defined
as 9(X,0) = (gX,g0). Moreover, the quotient space ©/O(d) is homeomorphic to the real
interval [0, B] and the reduced statistical game is given by

inf  sup R(6,bey), (5.10)

6eMp,c be[0,B]
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where ey is the first standard basis vector in R? and Mp ¢ represents the set of randomized
estimators which are invariant to the actions of orthogonal group.

The theorem shows that the supremum in the reduced statistical game (5.8) is over a
bounded interval on the real line. So the maximization oracle in this case can be efficiently
implemented using grid search over the interval [0, B]. In Section 5.4 we use this result to
obtain estimators for Gaussian sequence model which are provably minimax and can be
computed in polynomial time.

Estimating a few co-ordinates Here, we again consider with the Gaussian sequence
model described above, but we are now interested in the estimation of only a subset of the
co-ordinates of 6. Without loss of generality, we assume these are the first k£ coordinates.
The loss M is the squared Lo loss on the first k coordinates. The following Theorem
presents the invariance properties of this problem. It relies on the group O(k) x O(d — k),

which is defined as the set of orthogonal matrices of the form g = {%1 g()] where g; € O(k)
2
and g € O(d — k).

Theorem 15. The statistical game described above is invariant under the action of the
group O(k) x O(d — k). Moreover, the quotient space ©/Q(k) x O(d — k) is homeomorphic
to the ball of radius B centered at origin in R? and the reduced statistical game is given by

_inf sup R(0, [bie1k, brera—k)), (5.11)
0eMp c b3 +b2<B2
where ey . is the first standard basis vector in R¥ and Mp ¢ represents the set of randomized
estimators which are invariant to the actions of orthogonal group.

5.3.2 Linear Regression

In the problem of linear regression with random design we are given n independent samples
D, = {(X;,Y:)}, generated from a linear model Y; = X1 0* +¢;, where X; ~ N(0,I), and
e ~ N(0,1). We assume the true regression vector is bounded and satisfies ||6*[]2 < B.
Our goal is to design minimax estimator for estimating #* from D,,, w.r.t squared error
loss. This leads us to the following min-max problem

inf sup R(0,0)=Ep, |[|0(D,)—0]]3]. (5.12)

feMp ||6]|2<B

Theorem 16. The statistical game in Equation (5.12) is invariant under the action of
the orthogonal group O(d), where the action of g € O(d) on ((X,Y),0) is defined as
g((X,Y),0) = ((¢X,Y),g0). Moreover, the quotient space ©/Q(d) is homeomorphic to
the interval [0, B] and the reduced statistical game is given by

inf  sup R(6,bey), (5.13)

6eMop,c be[0,B]

where Mp ¢ represents the set of randomized estimators which are invariant to the actions
of orthogonal group.
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5.3.3 Normal Covariance Estimation

In the problem of normal covariance estimation we are given n independent samples X" =
{Xi}, drawn from N(0,X). Here, we assume that the true ¥ has a bounded operator
norm and satisfies || X||s < B. Our goal is to construct an estimator for ¥ which is minimax
w.r.t the entropy loss, which is defined as

M(21,5,) = tr (X7'5,) — log |[S7' 5] — d.
This leads us to the following min-max problem

inf sup R(S, %) = Exe [M(i(xn), z)] , (5.14)
SeMp ez
where Z = {X : ||X]|]» < B}.
Theorem 17. The statistical game defined by normal covariance estimation with entropy
loss is invariant under the action of the orthogonal group Q(d), where the action of g € O(d)
on (X,Y) is defined as g(X;,X) = (9X;,gXgT ). Moreover the quotient space =/Q(d) is
homeomorphic to 2 = {\ € RE:B>XAN >0 0 > 0} and the reduced statistical game is
given by
Cinf  sup R(3, Diag(\)), (5.15)
YeMp,g AeEq
where Diag(\) is the diagonal matriz whose diagonal entries are given by A and Mp
represents the set of randomized estimators which are invariant to the actions of orthogonal
group.
The theorem shows that the maximization problem over = can essentially be reduced
to an optimization problem over a d-dimensional space.

5.3.4 Entropy estimation

In the problem of entropy estimation, we are given n samples X" = {X;,... X,,} drawn
from a discrete distribution P = (pq,...pq). Here, the domain of each X; is given by
X ={1,2,...d}. Our goal is to estimate the entropy of P, which is defined as f(P) =
— Z?:l p;log, p;, under the squared error loss. This leads us to the following min-max
problem
it swp R P) = B | (70 - 1) (5.16)
feMp PeP
where P is the set of all probability distributions supported on d elements.
Theorem 18. The statistical game in Equation (5.16) is invariant to the action of the
permutation group Sy. The quotient space P/Sq is homeomorphic to Pg = {P € R : 1 >
p1> ... >pg >0, > .p; =1} and the reduced statistical game is given by

~inf  sup R(f, P), (5.17)
feMp g PeEPg

where Mp ¢ represents the set of randomized estimators which are invariant to the actions
of permutation group.
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5.4 Finite Gaussian Sequence Model

In this section we consider the finite Gaussian sequence model described in Section 5.3.1
and use Algorithm 5 to construct a provably minimax estimator, which can be computed
in polynomial time. This problem has received a lot of attention in statistics because of
its simplicity, relevance and its connections to non-parametric regression [see Chapter 1
of Johl1]. When the radius of the domain B is smaller than 1.15v/d, Marchand and
Perron [MP02| show that the Bayes estimator with uniform prior on the boundary is a
minimax estimator for the problem. For larger values of B, the exact minimax estimator
is unknown. Several works have attempted to understand the properties of LFP in such
settings [CS81] and constructed approximate minimax estimators [Bic81]. In this chapter,
we rely on Algorithm 5 to construct an exact minimax estimator and an LFP, for any value
of B,d.

Recall, in Theorem 14 we showed that the original min-max statistical game can be
reduced to the simpler problem in Equation (5.10) To use Algorithm 5 to find a Nash
equilibrium of the reduced game, we need efficient implementation of the required opti-
mization oracles and a bound on their approximation errors. The optimization problems
corresponding to the oracles in Equations (5.6), (5.7) are given as follows

t—1
0, < argmin Eyp, [R(é, bel)} , bi(o) argmaxz R(6;,bey) + ab,
éeDG be(0,B] i—1

where Dg is the set of deterministic invariant estimators and P, is the distribution of ran-
dom variable b;(c). We now present efficient techniques for implementing these oracles
(Algorithms 6, 7). Since the maximization problem is a 1 dimensional optimization prob-
lem, grid search can be used to compute an approximate maximizer. The approximation
error of the resulting oracle depends on the grid width and the number of samples used to
compute the expectation in the risk R(é, be;). Later, we show that poly(d, B) grid points
and samples suffice to have a small approximation error. The minimization problem, which
requires finding an invariant estimator minimizing the integrated risk under any prior P;,
can also be efficiently implemented. As shown in Proposition 8 below, the minimizer has
a closed-form expression which depends on P, and modified Bessel functions. To compute
an approximate minimizer of the problem, we approximate P, with its samples and rely on
the closed-form expression. The approximation error of this oracle depends on the number
of samples used to approximate P,. We again show that poly(d, B) samples suffice to have
a small approximation error.

Proposition 8. The optimizer 0, of the minimization problem defined above has the fol-
lowing closed-form expression

Evor, [P LX) ) x

0,(X) = - :
Eyp, {zﬂ—d/?e—b /21d/2_1(b|\X||2)} 1X 1)

where 1, is the modified Bessel function of first kind of order v.
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Algorithm 6 Maximization Oracle

1: Input: Estimators {0 i 1, perturbation o, grid width w, number of samples for computation
of expected risk R(6,0): N

2: Let {b1,b2...bp/,} be uniformly spaced points on [0, B]

3: for j=1...B/wdo

4: fort=1...t—1do

5: Generate N; independent samples {X k}iv:ll from the distribution N (bjeq, )
6: Estimate R(0;,bje1) as 5= Y py [10:(X5) — beq|f3.

T end for

8: Evaluate the objective at b; using the above estimates

9: end for
10: Output: b; which maximizes the objective

Algorithm 7 Minimization Oracle

1: Input: Samples {b; } 22, generated from distribution F;.
2: For any X, compute 0,(X) as

> wibiAGbil|X[2) | X
PORCRTY 1Xl2”

I

where A(y) = M, wi = b2 Y2 V2L, (bi]| X ||2), and I, is the modified Bessel
Tij2—1(7)

function of the first kind of order v.

We now show that using Algorithm 5 for solving objective (5.10) with Algorithms 6, 7 as
optimization oracles, gives us a provably minimax estimator and an LFP for finite Gaussian
sequence model.

Theorem 19. Suppose Algorithm 5 is run for T iterations with Algorithms 6, 7 as the
mazximization and mzmmzzatwn oracles. Suppose the hyper-parameters of these algorithms

1 T4
are set as n= W’ w = T5/27 Ny = (B+1)27N2 (B+1)

of probability distribution P, used in the t'" iteration of Algorithm 5. Moreover, let 0, be
the output of Algorithm 7 in the t' iteration of Algorithm 5

1. Then the averaged estimator 6 g,,(X) = %Z;‘F:l 0:(X) is approzimately minimaz and
satisfies the following worst-case risk bound with probability at least 1 — ¢

A BQ(B+1))
sup R0, 0) < R*+0 [ —=—"),
9;||9||2P;B ( ! ) ( VT

Let P, be the approximation

where O(.) hides log factors and R* is the minimaz risk.
2. Define the mixture distribution PAVG as = ZlT 1 ]5 Let pLFp be a probability distri-

bution over R with density function deﬁned as prrp(0) ||9||§_dPAVG(||9||2), where
Poc(||6]l2) is the probability mass placed by Pue at ||]|a. Then Pppp is approzimately
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least favorable and satisfies the following with probability at least 1 — ¢

. ~ BQ(B+1))
inf R(6, P >R —0(—= ),
feD ( brr) 2 ( VT

where the infimum is over the set of all estimators.

We believe the polynomial factors in the bounds can be improved with a tighter analysis
of the algorithm. The above Theorem shows that Algorithm 5 learns an approximate
minimax estimator in poly(d, B) time. To the best our knowledge, this is the first result
providing provable minimax estimators for finite Gaussian sequence model, for any value
of B.

5.5 Linear Regression

In this section we consider the linear regression problem described in Section 5.3.2 and
provide a provably minimax estimator. Recall, in Theorem 16 we showed that the original
min-max statistical game can be reduced to the simpler problem in Equation (5.13). We
now provide efficient implementations of the optimization oracles required by Algorithm 5
for finding a Nash equilibrium of this game. The optimization problems corresponding to
the two optimization oracles are as follows

t—1

0, argmin Ey p, [R(é, bel)} , b(o) argmaxz R(éi, be,) + ob,

feDe bel0,B] ;=4

where Dg is the set of deterministic invariant estimators and P, is the distribution of ran-
dom variable b;(c). Similar to the Gaussian sequence model, the maximization oracle can
be efficiently implemented via a grid search over [0, B] (Algorithm 8). The solution to the
minimization problem has a closed-form expression in terms of the mean and normalization
constant of Fisher-Bingham distribution, which is a distribution obtained by constraining
multivariate normal distributions to lie on the surface of unit sphere [KWO05]. Letting
S?! be the unit sphere in R?, the probability density of a random variable Z distributed
according to Fisher-Bingham distribution is given by

p(Z; A7) =C(A,y) exp (—ZTAZ + (v, Z)),

where Z € S9!, and v € RY, A € R%*? are the parameters of the distribution with A being
positive semi-definite and C(A,~) is the normalization constant. Note that the mean of
Fisher-Bingham distribution is givenA by C (A,y)_la%C (A,7). The following proposition
obtains a closed-form expression for #; in terms of C'(A4, ) and %C (A,7).

Proposition 9. The optimizer 6, of the minimization problem defined above has the fol-
lowing closed-form expression

0
E, p» |02-2C (27102XTX ‘
b~ P a,_}/ C ( ) 7) =bXTY

9 Dn — 9
D) Epp, [bC (27 10?XTX,0XTY)]
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Algorithm 8 Regression Maximization Oracle

1: Input: Estimators {0 i 1, perturbation o, grid width w, number of samples for computation
of expected risk R(6,0): N

2: Let {b1,b2...bp/,} be uniformly spaced points on [0, B]

3: for j=1...B/wdo

4: fori=1...t—1do

5: Generate N7 independent datasets {an}i\il from the linear model with true regres-
sion vector bje;

6: Estimate R(0;,bje1) as = Y py [10i(Dy ) — beq||3.

7 end for

8: Evaluate the objective at b; using the above estimates

9: end for

10: Output: b; which maximizes the objective

Algorithm 9 Regression Minimization Oracle

1: Input: Samples {bi}f-v:z’l generated from distribution P
2: For any D,,, compute 6,(D,,) as

Nz 32 9 —1p2xT
YN 2 2 C (27 62XTX, ) ‘W:biXTY

S b0 (27102 XTX, b XTY)

0:(Dy,) =

)

where X = [X1, Xo... X,,]T and Y = [¥1,Ya...Y,,].

where X = [X1, Xy... X,]T and Y = [Y1,Y;5...Y,].

We note that there exist a number of efficient techniques for computation of the mean

and normalization constant of Fisher-Bingham distribution [KW05; Imh61]. In our experi-
ments we rely on the technique of Kume and Wood [KWO05| (we relegate the details of this
technique to Appendix D.6.2). To compute an approximate optimizer of the minimization
problem, we approximate P, with its samples and rely on the above closed-form expres-
sion. Algorithm 9 describes the resulting minimization oracle. We now show that using
Algorithm 5 for solving objective (5.13) with Algorithms 8, 9 as optimization oracles, gives
us a provably minimax estimator and an LFP for linear regression.
Theorem 20. Suppose Algorithm 5 is run for T iterations with Algorithms 8, 9 as the
mazximization and mmzmzzatzon omcles Suppose the hyper- pammeters of these algorithms
are set asn = W w = T3/2, Ny = (Bfil)Q,NZ (Bf+1) Let P, be the approx-
imation of probability distribution P, used in the t™" iteration of Algorithm 5. Moreover,
let 6, be the output of Algorithm 9 in the t'" iteration of Algorithm 5.

1. Then the averaged estimator éavg(Dn) = %ZiTzl éZ(Dn) is approximately minimaz

and satisfies the following worst-case risk bound with probability at least 1 — 0

sup  R(Aang, ) < R* + O (BQ(B +1)4 /ﬁ> :
0:)10<B T
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2. Define the mizture distribution pAVG as %Z?ﬂ PA’Z Let pLFp be a probability distri-
bution over R? with density function defined as prrp(0) o ||0]|5"Pue(||0]]2), where
PAVG<||9||2> is the probability mass placed by Py at 10|l2- Then Prpp is approzimately
least favorable and satisfies the following with probability at least 1 — ¢

inf R(6, Prpp) > R — O (32(3 + 1)\/5) .
feD T

5.6 Normal Covariance Estimation

In this section, we consider the problem of normal covariance estimation. Recall, in Sec-
tion 5.3.3 we showed that the problem is invariant to the action of the orthogonal group
and can be reduced to the simpler problem in Equation (5.15). The optimization problems
corresponding to the oracles in Equations (5.6), (5.7) are as follows

t—1

S, argminE,_p, [R(f), Diag(\))|, M\(o) « argmaxz R(3;, Diag(\)) + (A, o),

$eDg A€Ee o

where Dg is the set of deterministic invariant estimators and P, is the distribution of ran-
dom variable A\;(c). Note that the maximization problem involves optimization of a non-
concave objective in d-dimensional space. So, implementing a maximization oracle with
low approximation error can be computationally expensive, especially in high dimensions.
Moreover, unlike finite Gaussian sequence model and linear regression, the minimization
problem doesn’t have a closed form expression, and it is not immediately clear how to effi-
ciently implement a minimization oracle with low approximation error. In such scenarios,
we show that one can rely on a combination of heuristics and problem structure to further
reduce the computational complexity of the optimization oracles. Although relying on
heuristics comes at the expense of theoretical guarantees, in later sections, we empirically
demonstrate that the resulting estimators have superior performance over classical estima-
tors. We begin by showing that the domain of the outer minimization in Equation (5.15)
can be reduced to a smaller set of estimators. Our reduction relies on Blackwell’s theorem,
which shows that for convex loss functions M, there exists a minimax estimator which is a
function of the sufficient statistic [[H81]. We note that Blackwell’s theorem is very general
and can be applied to a wide range of problems, to reduce the computational complexity
of the minimization oracle.

Proposition 10. Consider the problem of normal covariance estimation. Let S, be the

empirical covariance matriz which is defined as Z?%XXT and let UAUT be the eigen
decomposition of S,,. Then there exists a minimaz estimator which can be approzimated
arbitrarily well using estimators of the form X5 ,(X") = US;,(AYUT, where X5 4(A) is a
diagonal matriz whose 1" diagonal entry is given by

if,g,i(A) =f (Auzg(ﬁuﬁj)> ;
J#i
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for some functions f : R — R, g : R? — R Here, A; is the i'" diagonal entry of
A. Moreover, the optimization problem in Equation (5.15) can be reduced to the following
stmpler problem

Cinf  sup R(3, Diag(\)) = R*, (5.18)
YeMy g AeEq
where My 4 1s the set of probability distributions over estimators of the form f]f,g.

We now use Algorithm 5 to solve the statistical game in Equation (5.18). The opti-
mization problems corresponding to the two optimization oracles are given by

ft,gt «— argminEyp, [R(f]ﬁg,Diag(/\)) ,

f.g
t—1
A(0) argmaxz R(¥; ., Diag(A)) + (A, o).
AeEq T b

We rely on heuristics to efficiently implement these oracles. To implement the minimiza-
tion oracle, we use neural networks (which are universal function approximators) to pa-
rameterize functions f,g. Implementing the minimization oracle then boils down to the
finding the parameters of these networks which minimize the objective. To implement
the maximization oracle, we rely on global search techniques. In our experiments, we use
DragonFly [Kan-19], which is a zeroth order optimization technique, to implement this
oracle. Note that these heuristics do not come with any guarantees and as a result the or-
acles are not guaranteed to have a small approximation error. Despite this, we empirically
demonstrate that the estimators learned using this approach have good performance.

5.7 Entropy Estimation

In this section, we consider the problem of entropy estimation. Recall, in Section 5.3.4 we
showed that the problem is invariant to the action of permutation group and can be reduced
to the simpler problem in Equation (5.17). Similar to the problem of covariance estimation,
implementing the optimization oracles for this problem, with low approximation error, can
be computationally expensive. So we again rely on heuristics and problem structure to
reduce the computational complexity of optimization oracles.

Proposition 11. Consider the problem of entropy estimation. Let P, = (P1,...pa) be
the observed empirical probabilities. Then there exists a minimax estimator which can be
approximated arbitrarily well using estimators of the form fg,h(Pn) = g(Zle h(pi)), for
some functions g : R — R, h : R — R Moreover, the optimization problem in
Equation (5.17) can be reduced to the following problem

inf  sup R(f,P) = R*, (5.19)
fGMg,h PePg

where Mg, is the set of probability distributions over estimators of the form fgyh.
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The proof of this proposition is presented in Appendix D.8.1. We now use Algorithm 5
to solve the statistical game in Equation (5.19). The optimization problems corresponding
to the two optimization oracles are given by

t—1
1, hy < argminEp_p, [R(fg,h, P)} , Pi(o) + argmaxz R(fgi,iw P)+ (P, o),
g,h PePg i—1

where P, is the distribution of random variable P,(c). To implement the minimization ora-
cle, we use neural networks to parameterize functions g, h. To implement the maximization
oracle, we rely on DragonFly.

5.8 Experiments

In this section, we present experiments showing performance of the proposed technique
for constructing minimax estimators. While our primary focus is on the finite Gaussian
sequence model and linear regression for which we provided provably minimax estimators,
we also present experiments on other problems such as covariance and entropy estima-
tion. For each of these problems, we begin by describing the setup as well as the baseline
algorithms, before proceeding to a discussion of the experimental findings.

5.8.1 Finite Gaussian Sequence Model

In this section, we focus on experiments related to the finite Gaussian sequence model. We
first consider the case where the risk is measured with respect to squared error loss, i.e.,
M(01,05) = (|61 — 0a]]5.

Proposed Technique We use Algorithm 5 with optimization oracles described in Algo-
rithms 6, 7 to find minimax estimators for this problem. We set the hyper-parameters of
our algorithm as follows: number of iterations of FTPL T" = 500, grid width w = 0.05 x B,
number of samples for computation of R(é, ) in Algorithm 6 N; = 1000, number of sam-
ples generated from P; in Algorithm 7 Ny = 1000. We note that these are default values
and were not tuned. The randomness parameter 7 in Algorithm 5 was tuned using a coarse
grid search. We report the performance of the following two estimators constructed using
the iterates of Algorithm 5: (a) Averaged Estimator 6,¢(X) = %ZiTzl 0:(X), (b) Bayes
estimator for prior %ZL P, which we refer to as “Bayes estimator for avg. prior”. The
performance of the randomized estimator éRND is almost identical to the performance of
éAVG. So we do not report its performance.

Baselines We compare our estimators with various baselines: (a) standard estimator
0(X) = X, (b) James Stein estimator (X) = (1 - (d—3)/||X||2)" X, where ¢t =
max(0, ¢), (c) projection estimator (MLE) 0(X) = min(]| X ||z, B)ﬁ, (d) Bayes estimator

for uniform prior on the boundary; this estimator is known to be minimax for B < 1.15v/d.
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Table 5.1: Worst-case risk of various estimators for finite Gaussian sequence model. The
risk is measured with respect to squared error loss. The worst-case risk of the estimators
from Algorithm 5 (last two rows) is smaller than the worst-case risk of baselines. The
numbers in the brackets for Averaged Estimator represent the duality gap.

Worst-case Risk

B=+vd B=15Vd B =2vd
Estimator d=10 | d=20 | d=30 || d=10 | d=20 | d=30 || d=10 | d=20 | d=30
Standard 10 20 30 10 20 30 10 20 30
James Stein 6.0954 | 11.2427 | 16.073 7.9255 | 15.0530 | 21.3410 || 8.7317 | 16.6971 | 24.7261
Projection 8.3076 | 17.4783 | 26.7873 || 10.3308 | 20.3784 | 30.2464 || 10.1656 | 20.2360 | 30.3805

Bayes estimator
for uniform prior || 4.8559 | 9.9909 | 14.8690 || 11.7509 | 23.4726 | 35.2481 || 24.5361 | 49.0651 | 73.3158
on boundary
Averaged 4.7510 | 9.7299 | 14.8790 || 6.7990 | 13.8084 | 20.5704 || 7.8504 | 15.6686 | 23.8758
Estimator (0.1821) | (0.2973) | (0.0935) || (0.0733) | (0.2442) | ( 0.0087) || (0.3046) | (0.2878) | (0.6820)
Bayes estimator
for avg. prior

4.9763 | 10.1273 | 14.8128 | 6.7866 | 13.8200 | 20.3043 || 7.8772 | 15.6333 | 23.5954

Worst-case Risk We compare the performance of various estimators based on their
worst-case risk. The worst-case risk of the standard estimator is equal to d. The worst
case risk of all the other estimators is computed as follows. Since all these estimators
are invariant to orthogonal group transformations, the risk R(f,6) only depends on |||
and not its direction. So the worst-case risk can be obtained by solving the following
optimization problem: maxyc,p] R(é be;), where e; is the first standard basis vector. We
use grid search to solve this problem, with 0.05 x B grid width. We use 10* samples to
approximately compute R(@ be;) for any 6,b.

Duality Gap For estimators derived from our technique we also present the duality
gap, which is defined as supycg R(Oave, 0) — infspn R(0, Z " | P). Duality gap quantifies

the closeness of (éAVG, % ZiT:1 PZ) to a Nash equlhbrlum. Smaller the gap, closer we are to
an equilibrium.

Results Table 5.1 shows the performance of various estimators for various values of
d, B along with the duality gap for our estimator. For B = v/d, the estimators obtained
using Algorithm 5 have similar performance as the “Bayes estimator for uniform prior
on boundary”, which is known to be minimax. For B = 2v/d, 3v/d for which the exact
minimax estimator is unknown, we achieve better performance than baselines. Finally,
we note that the duality gap numbers presented in the table can be made smaller by
running our algorithm for more iterations. When the dimension d = 1, Donoho, Liu, and
MacGibbon |[DLM90| derived lower bounds for the minimax risk, for various values of B. In
Table 5.2, we compare the worst risk of our estimator with these established lower bounds.
It can be seen that the worst case risk of our estimator is close to the lower bounds.
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Table 5.2: Comparison of the worst case risk of éAVG with established lower bounds from
[DLMO90] for finite Gaussian sequence model with d = 1.

Worst case risk of
Averaged Estimator 0.456 | 0.688 | 0.799 | 0.869
Lower bound 0.449 | 0.644 | 0.750 | 0.814

Estimating a few coordinates

In this section we again consider the finite Gaussian sequence model, but with a different
risk. We now measure the risk on only the first k& coordinates: M(6;,6,) = S2F_ (61(i) —
02(i))%. We present experimental results for k = 1,d/2.

Proposed Technique Following Theorem 15, the original min-max objective can be
reduced to the simpler problem in Equation (5.11). We use similar optimization oracles
as in Algorithms 6, 7, to solve this problem. The maximization problem is now a 2D opti-
mization problem for which we use grid search. The minimization problem, which requires
computation of Bayes estimators, can be solved analytically and has similar expression as
the Bayes estimator in Algorithm 7 (see Appendix D.5.3 for details). We use a 2D grid of
0.05B width and length in the maximization oracle. We use the same hyper-parameters
as above and run FTPL for 10000 iterations for £ = 1 and 4000 iterations for k = d/2.

Worst-case Risk We compare our estimators with the same baselines described in the
previous section. For the case of K = 1, we also compare with the best linear estimator,
which is known to be approximately minimax with worst case risk smaller than 1.25 times
the minimax risk [Don94|. Since all these estimators, except the best linear estimator, are
invariant to the transformations of group O(k) x O(d — k), the max risk of these estimators
can be written as maxz ;2< > R(é, [b1€1 ., bae1 4—1]). We solve this problem using 2D grid
search. The worst case risk of best linear estimator has a closed form expression.

Results Table 5.3 shows the performance of various estimators for various values of
d, B. Tt can be seen that for B = v/d, our estimators have better performance than other
baselines. The performance difference goes down for large B, which is as expected. In
order to gain insights about the estimator learned by our algorithm, we plot the contours
of éAVG(X ) in Figure 5.1, for the & = 1 case, where the risk is measured on the first
coordinate. It can be seen that when X (1) is close to 0, irrespective of other coordinates,
the estimator just outputs X (1) as its estimate of #(1). When X (1) if far from 0, by looking
along the corresponding vertical line, the estimator can be seen as outputting a shrinked
version of X (1), where the amount of shrinkage increases with the norm of X (2 : d). Note
that this is unlike James Stein estimator which shrinks vectors with smaller norm more
than larger norm vectors.
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Table 5.3: Worst-case risk of various estimators for bounded normal mean estimation when
the risk is evaluated with respect to squared loss on the first &£ coordinates.

Worst-case Risk

k=1,B=+vd k=1B=2Vd k=1,B=3Vd

Estimator d=10 | d=20|d=30|d=10|d=20|{d=30|d=10|d=20|d=30

Standard Estimator 1 1 1 1 1 1 1 1

James-Stein Estimator || 2.3796 | 4.9005 | 7.3489 2.5087 | 4.9375 | 7.3760 || 2.4288 | 4.8951 | 7.3847
Projection Estimator 1.0055 | 1.4430 | 2.0424 1.0263 | 1.1051 | 1.5077 1.0288 | 1.0310 | 1.0202
Best Linear Estimator || 0.9091 | 0.9524 | 0.9677 || 0.9756 | 0.9877 | 0.9917 || 0.9890 | 0.9945 | 0.9963
Bayes Estimator for

—_

. 0.7955 | 0.8565 | 0.8996 || 0.9160 | 0.9496 | 0.9726 || 0.9611 | 1.0007 | 1.0172
average prior

Averaged Estimator || 0.7939 | 0.8579 | 0.8955 || 0.9104 | 0.9497 | 0.9724 || 0.9640 | 1.0003 | 1.0101
Worst-case Risk
k=d/2,B=+d k=d/2,B=2Vd k=d/2,B=3Vd

Estimator d=10|{d=20|d=30|d=10|d=20| d=30 || d=10| d=20 | d=30

Standard Estimator 5 10 15 5 10 15 5 10 15
James-Stein Estimator || 4.1167 | 7.9200 | 11.6892 || 5.0109 | 9.7551 | 14.6568 5.0281 | 10.0155 | 14.9390
Projection Estimator 7.1096 | 15.8166 | 24.8158 || 30.3166 | 66.1806 | 103.0456 || 73.4834 | 156.5076 | 241.1031
Bayes Estimator for

average prior
Averaged Estimator || 3.2008 | 6.4763 | 9.7763 || 4.2260 | 8.6421 | 13.0353 || 4.6413 | 9.2760 | 13.9446

3.2611 | 6.5834 | 9.8189 || 4.2477 | 8.6564 | 13.0606 || 4.6359 | 9.2773 | 13.9678

5.8.2 Linear Regression

In this section we present experimental results on linear regression. We use Algorithm 5
with optimization oracles described in Algorithms 8, 9 to find minimax estimators for
this problem. We use the same hyper-parameter settings as finite Gaussian sequence
model, and run Algorithm 5 for 7" = 500 iterations. We compare the worst-case risk
of minimax estimators obtained using our algorithm for various values of (n,d, B), with
ordinary least squares (OLS) and ridge regression estimators. Since all the estimators are
invariant to the transformations of orthogonal group O(d), the max risk can be written as
maxpe(o, B] R(é, be; ), which can be efficiently computed using grid search. Table 5.4 presents
the results from this experiment. It can be seen that we achieve better performance than
ridge regression for small values of n/d, B. For large values of n/d, B, the performance

Contours of Estimator d = 10, B = /10 Contours of Estimator d = 10, B = 2y/10 Contours of Estimator d = 10, B = 310
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6 04 12 24 12 24
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Figure 5.1: Contour plots of the estimator learned using Algorithm 5 when the risk is
evaluated on the first coordinate. = axis shows the first coordinate of X, which is the input
to the estimator. y axis shows the norm of the rest of the coordinates of X. The contour
bar shows é( 1), the first co-ordinate of the output of the estimator.
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of our estimator approaches ridge regression. The duality gap numbers presented in the
Table suggest that the performance of our estimator can be improved for larger values of
n/d, B, by choosing better hyper-parameters.

Table 5.4: Worst-case risk of various estimators for linear regression. The performance
of ridge is obtained by choosing the best regularization parameter. The numbers in the
brackets for Averaged Estimator represent the duality gap.

Worst-case Risk

n=15xd,B=0.5x+vd n=15xd,B=+vd
Estimator d=5 d=10 | d=15 | d=20 d=5 d=10 | d=15 | d=20
OLS 5.0000 2.5000 2.5000 2.2222 5.0000 2.5000 2.5000 2.2222
Ridge regression 0.6637 0.9048 1.1288 1.1926 1.3021 1.4837 1.6912 1.6704
Averaged 0.5827 | 0.8275 | 0.9839 | 1.0946 | 1.2030 | 1.4615 1.6178 1.6593
Estimator (0.0003) | (0.0052) | (0.0187) | (0.0404) || (0.0981) | (0.1145) | (0.1768) | (0.1863)

Bayes estimator

. 0.5827 | 0.8275 | 0.9844 | 1.0961 1.1750 | 1.4621 1.6265 1.6674
for avg. prior

Worst-case Risk

n=2xd,B=0.5x+d n=2xdB=+d
Estimator d=5 [d=10 [ d=15[d=20] d=5 [d=10] d=15 [ d=20
OLS 1.2500 | 1.1111 | 1.0714 1.053 1.2500 | 1.1111 | 1.0714 1.053
Ridge regression || 0.5225 | 0.6683 | 0.7594 | 0.8080 || 0.8166 | 0.8917 | 0.9305 | 0.9608
Averaged 0.4920 | 0.5991 | 0.6873 | 0.7339 || 0.8044 | 0.8615 | 0.9388 | 0.9621
Estimator (0.0038) | (0.0309) | (0.0485) | (0.0428) || (0.0647) | (0.0854) | (0.0996) | (0.1224)

Bayes estimator

. 0.4894 | 0.6004 | 0.6879 | 0.7320 0.8140 0.8618 0.9375 0.9656
for avg. prior

5.8.3 Normal Covariance Estimation

In this section we present experimental results on normal covariance estimation.

Minimization oracle In our experiments we use neural networks, which are universal
function approximators, to parameterize functions f, g in Equation (5.18). To be precise,
we use two layer neural networks to parameterize each of these functions. Implementing
the minimization oracle then boils down to finding the parameters of these networks which

minimize Eyp, [R(f) .9, Diag(A))|. In our experiments, we use stochastic gradient descent

to learn these parameters.

Baselines We compare the performance of the estimators returned by Algorithm 5 for
various values of (n,d, B), with empirical covariance S,, and the James Stein estima-
tor [JS92| which is defined as K, A ;sKT, where K, is a lower triangular matrix such that
S, = Kan and A g is a diagonal matrix with i** diagonal element equal to m.

Results We use worst-case risk to compare the performance of various estimators. To
compute the worst-case risk, we again rely on DragonFly. We note that the worst-case
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computed using this approach may be inaccurate as DragonFly is not guaranteed to return
a global optimum. So, we also compare the risk of various estimators at randomly generated
¥’s (see Appendix D.9). Table 5.5 presents the results from this experiment. It can be seen
that our estimators outperform empirical covariance for almost all the values of n, d, B and
outperform James Stein estimator for small values of n/d, B. For large values of n/d, B,
our estimator has similar performance as JS. In this setting, we believe the performance of
our estimators can be improved by running the algorithm with better hyper-parameters.

Table 5.5: Worst-case risk of various estimators for covariance estimation for various con-
figurations of (n,d, B). The worst-case risks are obtained by taking a max of the worst-case
risk estimate from DragonFly and the risks computed at randomly generated >’s.

Worst-case Risk
n=15xdB=1|n=15xdB=2|n=15xd,B=4| n=15xd,B=8
Estimator d=5 d=10 d=5 d=10 d=5 d=10 d=5 d=10
Empirical Covariance 2.5245 5.1095 2.5245 5.1095 2.5245 5.1095 2.5245 5.1095
James-Stein Estimator || 2.1637 4.1704 2.1637 4.1704 2.1637 4.1704 2.1637 4.1704
Averaged Estimator || 1.8686 3.1910 1.9371 3.7019 2.0827 4.2454 2.1416 3.9864
Worst-case Risk
n=2xd,B=1||n=2xd,B=2||n=2xd,B=4||n=2xd,B=8
Estimator d=5 |d=10| d=5| d=10 d=5| d=10 d=5| d=10
Empirical Covariance 1.8714 | 3.4550 || 1.8714 | 3.4550 1.8714 | 3.4550 1.8714 | 3.4550
James-Stein Estimator || 1.6686 | 2.9433 || 1.6686 | 2.9433 1.6686 | 2.9433 1.6686 | 2.9433
Averaged Estimator || 1.2330 | 2.1944 || 1.5237 | 2.6471 || 1.6050 | 3.0834 1.6500 | 2.9907
Worst-case Risk
n=3xd,B=1||n=3xd,B=2|n=3xd,B=4||n=3xd,B=8
Estimator d=5 |d=10|| d=5| d=10 d=5| d=10 d=5 |d=10
Empirical Covariance 1.1425 | 2.1224 || 1.1425 | 2.1224 1.1425 | 2.1224 1.1425 | 2.1224
James-Stein Estimator || 1.0487 | 1.9068 || 1.0487 | 1.9068 1.0487 | 1.9068 1.0487 | 1.9068
Averaged Estimator || 0.8579 | 1.3731 || 0.9557 | 1.7151 || 1.0879 | 1.9174 1.2266 | 2.0017

5.8.4 Entropy Estimation

In this section, we consider the problem of entropy estimation described in Section 5.3.4.
Similar to covariance estimation, we use two layer neural networks to parameterize func-
tions g, h in Equation (5.19). Implementing the minimization oracle then boils down
to finding the parameters of these networks which minimize Ep.p, [R( fgﬁ, P)] We use
stochastic gradient descent to solve this optimization problem.

Baselines We compare the performance of the estimators returned by Algorithm 5 for
various values of (n,d), with the plugin MLE estimator — Zle p; log p;, and the minimax
rate optimal estimator of Jiao, Venkat, Han, and Weissman [Jia-+ 15| (JVHW). The plugin
estimator is known to be sub-optimal in the high dimensional regime, where n < d [Jia | 15].

Results We compare the performance of various estimators based on their worst-case risk
computed using DragonFly. Since DragonFly is not guaranteed to compute the worst-case
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risk, we also compare the estimators based on their risk at randomly generated distributions
(see Appendix D.9). Table 5.6 presents the worst-case risk numbers. It can be seen that the
plugin MLE estimator has a poor performance compared to JVHW and our estimator. Our
estimator has similar performance as JVHW, which is the best known minimax estimator
for entropy estimation. We believe the performance of our estimator can be improved with
better hyper-parameters.

Table 5.6: Worst-case risk of various estimators for entropy estimation, for various values
of (n,d). The worst-case risks are obtained by taking a max of the worst-case risk estimate
from DragonFly and the risks computed at randomly generated distributions.

Worst-case Risk
d=10 d=20 d =40 d =80
Estimator n=10 n=20 || n=20 | n=40||n=10 | n=20 | n=40 || n=20 | n=40 | n=80
Plugin MLE 0.2895 | 0.1178 0.2512 | 0.0347 2.1613 | 0.8909 | 0.2710 2.2424 | 0.9142 | 0.2899
JVHW [Jia+15] || 0.3222 | 0.0797 || 0.1322 | 0.0489 0.6788 | 0.2699 | 0.0648 || 0.3751 | 0.1755 | 0.0974
Averaged
Estimator

0.1382 | 0.0723 || 0.1680 | 0.0439 | 0.5392 | 0.2320 | 0.0822 || 0.5084 | 0.2539 | 0.0672

5.9 Discussion

We introduced an algorithmic approach for constructing minimax estimators, where we
attempt to directly solve the min-max statistical game associated with the estimation
problem. This is unlike the traditional approach in statistics, where an estimator is first
proposed and then its minimax optimality is certified by showing its worst-case risk matches
the known lower bounds for the minimax risk. Our algorithm relies on techniques from
online non-convex learning for solving the statistical game and requires access to certain
optimization subroutines. Given access to these subroutines, our algorithm returns a mini-
max estimator and a least favorable prior. This reduces the problem of designing minimax
estimators to a purely computational question of efficient implementation of these subrou-
tines. While implementing these subroutines is computationally expensive in the worst
case, we showed that one can rely on the structure of the problem to reduce their com-
putational complexity. For the well studied problems of finite Gaussian sequence model
and linear regression, we showed that our approach can be used to learn provably minimax
estimators in poly(d) time. For problems where provable implementation of the optimiza-
tion subroutines is computationally expensive, we demonstrated that our framework can
still be used together with heuristics to obtain estimators with better performance than
existing (up to constant-factor) minimax estimators. We empirically demonstrated this on
classical problems such as covariance and entropy estimation. We believe our approach
could be especially useful in high-dimensional settings where classical estimators are sub-
optimal and not much is known about minimax estimators. In such settings, our approach
can provide insights into least favourable priors and aid statisticians in designing minimax
estimators.

There are several avenues for future work. The most salient is a more comprehensive un-
derstanding of settings where the optimization subroutines can be efficiently implemented.
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In this chapter, we have mostly relied on invariance properties of statistical games to im-
plement these subroutines. As described in Section 5.2, there are several other forms of
problem structure that can be exploited to implement these subroutines. Exploring these
directions can help us construct minimax estimators for several other estimation problems.
Another direction for future work would be to modify our algorithm to learn an approx-
imate minimax estimator (i.e., a rate optimal estimator), instead of an exact minimax
estimator. There are several reasons why switching to approximate rather than exact min-
imaxity can be advantageous. First, with respect to our risk tolerance, it may suffice to
construct an estimator whose worst-case risk is constant factors worse than the minimax
risk. Second, by switching to approximate minimaxity, we believe one can design algo-
rithms requiring significantly weaker optimization subroutines than those required by our
current algorithm. Third, the resulting algorithms might be less tailored or over-fit to the
specific statistical model assumptions, so that the resulting algorithms will be much more
broadly applicable. Towards the last point, we note that our minimax estimators could
always be embedded within a model selection sub-routine, so that for any given data-set,
one could select from a suite of minimax estimators using standard model selection criteria.
Finally, it would be of interest to modify our algorithm to output a single estimator which
is simultaneously minimax for various values of n, the number of observations.
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Boosting
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Chapter

Generalized Boosting

Boosting is a widely used learning technique in machine learning for solving classification
problems. Boosting aims to improve the performance of a weak learner by combining mul-
tiple weak classifiers to produce a strong classifier with good predictive performance. Since
the seminal works of Schapire [Sch90| and Freund [Fre95|, a number of practical algorithms
such as AdaBoost [FS 96|, gradient boosting [Mas 00|, XGBoost [CG16], have been pro-
posed for boosting. Over the years, boosting based methods such as XGBoost in particular,
have shown tremendous success in many real-world classification problems, as well as com-
petitive settings such as Kaggle competitions. However, this success is mostly limited
to classification tasks involving structured or tabular data with hand-engineered features.
On classification problems involving low-level features and complex decision boundaries,
boosting tends to perform poorly [BSW14; Pon-+17] (also see Section 6.4). One example
where this is evident is the image classification task, where the decision boundaries are
often complex and the features are low-level pixel intensities. This drawback stems from
the fact that boosting builds an additive model of weak classifiers, each of which has very
little predictive power. Since such additive models with any reasonable number of weak
classifiers are usually not powerful enough to approximate complex decision boundaries,
the models’ output by boosting tend to have poor performance.

In this chapter, we aim to overcome this drawback of traditional boosting by consid-
ering a generalization of boosting which allows for more complex forms of aggregation
than linear combinations of weak classifiers. To achieve this goal, we work in the feature
representation space and boost the performance of weak feature transformers. Working
in the representation space allows for more flexible combinations of weak feature trans-
formers. This is unlike traditional boosting which works in the label space and builds an
additive model on the predictions of the weak classifiers. The starting point for our ap-
proach is the greedy view of boosting, originally studied by Friedman, Hastie, Tibshirani,
et al. [FHT+00] and Mason, Baxter, Bartlett, and Frean [Mas+00]. Letting Rg(f) be the
risk of a classifier f on training samples S, boosting techniques aim to approximate the
minimizer of Rg in terms of linear combinations of elements from a set of weak classifiers
F. Many popular boosting algorithms including AdaBoost, XGBoost, rely on greedy tech-
niques to find such an approximation. In our generalized framework for boosting, we take
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this greedy view, but differ in how we aggregate the weak learners. We approximate the
minimizer of Rg using models of the form fr = W¢p, where ¢ = Zt o9t and {g:},
are feature transformations learned in each iteration of the greedy algorithm, and W is the
linear classifier on top of the feature transformation. Unlike additive boosting, where each
g comes from a fixed weak feature transformer class G, in our framework each g; comes
from a class G; which evolves over time ¢ and is allowed to depend on the past iterates
{¢;}!=. Some potential choices for G; that could be of interest are {go ¢, ; for g € G},
{go([¢o,..., 1)) for g € G}, where g o p(x) = g(¢(x)) denotes function composition of
g and ¢, and G is a weak feature transformer class. Note that the former choice of G, is
connected to layer-by-layer training of models with ResNet architecture [He | 16].

As one particular instantiation of our framework, we consider weak feature transform-
ers that are neural networks and use function compositions to combine them; that is, we
use G;’s constructed using function compositions. We show that for certain choices of
G;, our framework recovers the layer-by-layer training techniques developed in deep learn-
ing [Ben+07; Hua+17a]. Greedy layer-by-layer training techniques have seen a revival in
recent years [Che+18; Hua+17a; BEO18; NS18; LOV19]. One reason for this revival is
that greedy techniques consume less memory than end-to-end training of deep networks, as
they do not perform end-to-end back-propagation. Consequently, they can accommodate
much larger models in limited memory. As a primary contribution of the work, we identify
several drawbacks of existing layer-by-layer training techniques, and show that the choice
of G; used by these algorithms can lead to a drop in performance. We propose alternative
choices for G, which fix these issues and empirically demonstrate that the resulting algo-
rithms have superior performance over existing layer-by-layer training techniques, and in
some cases achieve performance close to that of end-to-end trained DNNs. Moreover, we
show that the proposed algorithms perform much better than traditional additive boosting
algorithms, on a variety of classification tasks.

As the second contribution of the work, we provide excess risk bounds for models
learned using our generalized boosting framework. Our results depend on a certain weak
learning condition on feature transformer classes {G;}]_,, which is a natural generalization
of the weak learning condition that is typically imposed in traditional boosting. The re-
sulting risk bounds are modular and depend on the generalization bounds of {G;}Z ;. An
advantage of such modular bounds is that one can rely on the best-known generalization
bounds for weak transformation classes {G;}/_, and obtain tight risk bounds for boost-
ing. As an immediate consequence of this result, we obtain excess risk bounds for existing
greedy layer-by-layer training techniques.

Related Work. Several works have proposed generalizations of traditional boosting [GB11;
CMS14; Cor+17; Hua+17a]. Cortes, Mohri, and Syed [CMS14| propose a boosting algo-
rithm where the hypothesis set of weak classifiers is chosen adaptively. However, the
resulting models are still additive models of weak classifiers and usually perform poorly
on hard classification problems. Several recent works have attempted to learn neural net-
works greedily based on boosting theory. Cortes, Gonzalvo, Kuznetsov, Mohri, and Yang
|Cor+ 17| propose a boosting-style algorithm to learn both the structure and weights of
neural networks in an adaptive way. However, the algorithms developed are restricted
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to feed forward neural networks and are mostly theoretical in nature. The experimental
evidence in the chapter is a proof-of-concept and only considers small scale binary classi-
fication tasks. Huang, Ash, Langford, and Schapire [Hua+17a] and Nitanda and Suzuki
INS18| use ideas from classical boosting to learn neural networks in a layer-by-layer fashion.
As we show later, these algorithms are specific instances of our generalized framework, and
have certain drawbacks arising from the choice of G; they use.

6.1 Preliminaries

In this section, we set up the notation and review the necessary background on additive
boosting. A consolidated list of notation can be found in Appendix F.1.

Notation. Let (X,Y) € X x ) denote a feature-label pair following a probability dis-
tribution P. Let P, P¥ denote the marginal distributions of X and Y. In this chapter,
we consider the multi-class classification problem where Y = {0,... K — 1}, and assume
X CRY Let S = {(xi,y:)}~, be n ii.d samples drawn from P. Let P, be the empirical
distribution of S and P:X, PY be the marginal distributions of {x;}™,, {y;}1";.

In classification, our goal is to find a predictor that can well predict the label of any feature
from just the samples S. Let f : X — R¥ denote a score-based classifier which assigns X to
class argmax; f;(X). The expected classification risk of f is defined as Ex y [€o—1(f(X),Y)],
where o_1(f(X),Y) = 0 if argmax; f;(X) =Y, and 1 otherwise. Since optimizing 0/1 risk
is computationally intractable, we consider convex surrogates of ¢y_1(f(X),Y’), which we
denote by £(f(X),Y); typical choices for ¢ include the logistic loss and the exponential
loss. The population risk of f is then defined as R(f) = Exy [¢(f(X),Y)]. Since directly
optimizing the population risk is impossible, we approximate it with the empirical risk
Rs(f) =237 £(f(x:),y:) and try to find its minimizer.

We consider classifiers of the form f(X)=Wa(X), where ¢ : X — RP is the fea-
ture transformer and W € RE*P is the linear classifier on top. A popular choice for
¢ is a neural network. We denote the population and empirical risks of such an f as
R(W, ), Rs(W,¢). We usually work in the space of feature transforms. Let Lo(P) de-
note the space of square integrable functions w.r.t P, and define the inner product be-
tween ¢1, o € Lo(P) as (¢1, P2)p = Exp [(¢1(X), p2(X))]. We denote with V4R(W, ¢)
the functional gradient of R(W,¢) w.r.t ¢ in the Ly(P¥) space, which is defined as
VsR(W,9)(x) = Eyix [WTVUW$(x),Y)], where V/(W¢(x),y) denotes the gradient of
¢ w.r.t its first argument, evaluated at We(x). Similarly, we let V¢§S(VV, ¢) denote the
functional gradient of Rg(W, ¢) in the Ly(PX) space

WTVK(W¢(X2)7 yl)? if x = Xis
0 otherwise

Vo Rs(W,6)(x) = {

Additive Boosting. In this chapter, we refer to traditional boosting as additive boost-
ing, as it constructs additive models of weak classifiers. Let F be a hypothesis class of
weak classifiers, a typical example being decision trees of bounded depth. Additive boost-
ing aims to find an element in the linear span of F which minimizes the empirical risk
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ﬁg( f). As previously mentioned, there exists a duality between boosting and greedy algo-
rithms [FHT +00; Fri01; Mas+00]. Many popular boosting algorithms use a greedy forward
stagewise approach to find a minimizer of Rg(f), and solve the following in each iteration:

i ~ t—1
T, fr = argmin, g e R (Zi:1 nifi + Uf) 5

where 7 is the learning rate. Various algorithms differ in how they solve this optimization
problem. In gradient boosting, one uses a linear approximation of Rg around Zf;i i fi
[Mas+00]. In this chapter, we take this greedy view of boosting to design the generalized
boosting framework.

Additive Representation Boosting. In this chapter, we perform boosting in the rep-
resentation space, contrasting with traditional boosting which works in the output space.
Let G be a hypothesis class of weak feature transformers, whose examples include the set
of one layer neural networks of bounded width and a set of vector-valued polynomials of
bounded degree. More generally, G can be any set of non-linear transformations. In ad-
ditive representation boosting, we aim to find a strong feature transform ¢ in the linear
span of G, and a linear predictor W € W C RE*P that minimizes Rg(W, ¢). To this end,
we consider greedy algorithms that solve the following problem each iteration:

Wi, gt = argminyy ey geg ES (W, 1 +m:9) , (6.1)

where ¢, = ¢ + >.r_, 7:g; With ¢y being the initial feature transformation, and {n;}3, is
a predefined learning rate schedule.

6.2 Generalized Boosting

The starting point for our generalized boosting framework is the additive representation
boosting described in Section 6.1. Typically, linear combinations of weak feature trans-
formations are not powerful enough to model complex decision boundaries. Consequently,
the minimizer of Rg(W, ®) over the linear span of G tends to have a high risk. A simple
workaround for this issue would be to perform additive boosting with a complex hypoth-
esis class G. For example, if the weak feature transformers are one layer neural networks,
then one could increase the complexity of G by using deeper networks. However, such an
alternative has several drawbacks both from an optimization and generalization perspec-
tive and defeats the purpose of boosting, which aims to convert weak learners into strong
learners. From an optimization perspective, moving to complex G makes each greedy step
harder to optimize. For example, compared to deep neural networks, shallow networks are
easier to optimize, require fewer resources, and are easier to analyze or interpret [BEO18|.
From a generalization perspective, since the generalization bounds of boosting depend on
the complexity of G, larger hypothesis classes can lead to overfitting and poor performance
on unseen data.

In this chapter, we are interested in other approaches for increasing the complexity
of models produced by boosting, while ensuring the boosting/greedy steps are easy to
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implement. One way to achieve this is by considering more complex combinations of weak
feature transformers than the linear combinations considered in additive representation
boosting. Formally, let G; denote the hypothesis class of feature transformations used in
the t*" iteration of boosting. In additive boosting, G, = G for all t. In our generalized
boosting framework, we increase the complexity of G; by letting it depend on the past
iterates {gbz}f;é Here are some potential choices for G;, other than the ones stated in the
introduction: {g o (Zz;(l) a;;), for g € G,a; € R}, {go 1004 o0 ¢y, for g € G}.
Depending on the problem domain, one could consider several other ways of constructing
G; using the past iterates. Note that even with these complex choices of G;, the greedy
steps are easy to implement and only need a weak learner which can identify an element
in G that best fits the data. As a result, this remains in the spirit of boosting and at the
same time ensures the models learned are complex enough for real world problems.

We now present our algorithm for generalized boosting (see Algorithm 10). Similar to
additive representation boosting, our algorithm proceeds in a greedy fashion. In the ¢
iteration of the algorithm, we aim to solve the following optimization problem:

Wi, 9 = argmin ES (W, 1 + m9) . (6.2)
Wew,geg:

We provide two approaches for solving this problem. One is the ezact greedy approach,
which directly solves the optimization problem (Algorithm 11). For problems where direct
optimization of Equation (6.2) is difficult’, we provide an approximate technique which
performs functional gradient descent on the objective. In this approach, which we call
gradient greedy approach, we approximate the objective with the linear approximation of
Rg around ¢, (Algorithm 12):

ES (W, ¢r—1 +mig) = ]5:5 (W, ¢pp—1) + 77t<v¢§S(W7 Gi-1),9) px-

To optimize the linear approximation, we first fix W to W;_; and find a minimizing g, € G;.
Intuitively, this step can be seen as finding a g which best aligns with the negative functional
gradient of empirical risk at the current iterate. For appropriate choice of learning rate
7, moving along g; results in reduction of Rs. Next, we fix g; and find a linear predictor
W which minimizes the empirical risk Rg(W, ¢;). This alternating optimization of g and
W makes the algorithm easy to implement in practice. Moreover, this algorithm is more
stable than joint optimization of g and W. We note that such gradient greedy approaches
have been developed for traditional boosting [Mas+00].

6.2.1 Compositional Boosting

As one particular instantiation of our framework, we consider G;’s constructed by com-
posing elements from a weak feature transformer class G with the past iterates {¢;}/_}
and study the resulting boosting algorithms. We refer to such boosting algorithms as
compositional boosting algorithms since the strong feature transformer is constructed from
weak feature transformer via function composition. When G, = {g o ¢y for g € G}, the

1Such scenarios can potentially arise if the feature transformations are non-differentiable functions.
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models in our framework have the ResNet architecture and can be defined recurrently
as ¢y = ¢y_1 + Mgy © ¢y_1. Moreover, Algorithm 10 with this choice of G, and Algo-
rithm 11 as update routine give us the greedy layer-wise supervised training technique
proposed by Bengio, Lamblin, Popovici, and Larochelle [Ben+07| and recently revisited by
Belilovsky, Eickenberg, and Oyallon [BEO18|. In another recent work, Huang, Ash, Lang-
ford, and Schapire [Hua | 17a|] propose a boosting-based algorithm for learning ResNets
(see Algorithm 17 in Appendix). We now show that their approach is equivalent to the
greedy technique of Bengio, Lamblin, Popovici, and Larochelle [Ben+07|, and thus can
be seen as an instance of our general framework. We note that such a connection is not
known previously.

Proposition 12. Suppose the classification loss ¢ is the exponential loss. Then the greedy
technique of Huang, Ash, Langford, and Schapire [Hua+17a/ for learning ResNets is equiv-
alent to the greedy layer-wise supervised training technique of Bengio, Lamblin, Popouvici,
and Larochelle [Ben+07].

In another recent work, Nitanda and Suzuki [NS18| propose a gradient boosting tech-
nique to greedily learn a ResNet. This algorithm is closely related to the gradient greedy
approach described in Algorithm 12, with G, = {g o ¢;_; for g € G}.

Algorithm 10 Generalized Boosting

1: Input: Training data S = {(x;,y;) }I", iterations T, initial linear predictor Wy, initial feature
transformer ¢g, learning rates {m}iT:l, Update-routine: UPDATE

2: t+ 1

3: while ¢t <7T do

4: Construct feature transformer class G; based on past iterates {(W;, ¢;) }1Z5

5: W4, ¢t, gr < UPDATE (S, Wi—1, dr—1, ¢, Gt)

6: t—t+1

7: end while

8

: Return: Wy, ¢r

Algorithm 11 Exact Greedy Up- Algorithm 12 Gradient Greedy Update

date 1: Input: Training data S, previous iterate (W, ¢), learn-
1: Input: Training data S, previous ing rate 7, feature transformer class G
iterate (W, ¢), learning rate 7, fea-

ture transformer class G

// Pick a descent direction
9" < argmingeg(VyRs(W, 8),9) px
¢ p+ng”

// Update the linear predictor
W+« argming;_,,, Rs(W, ¢%)
Return: W+, o™, g"

Wt gt « argmin Rg(W, ¢+13)
Wew,geg

IR A e

3: o7 ¢ +ngt
4: Return: W, ¢T, g"

We now highlight certain drawbacks of the existing greedy layer-wise training tech-
niques, which arise from the particular choice of G; used by these algorithms. Since
{g o ¢y_1 for g € G} is constructed solely based on the past iterate ¢, i, any mistake
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in ¢;_, is propagated to all the future iterates. As a result, these algorithms can not re-
cover from their past mistakes. As an example, consider the following scenario where two
points x;, xs belonging to two different classes are placed close to each other in the feature
space, after 1°* iteration of greedy; that is ¢1(x1) & ¢1(x2). In such a scenario, the future
iterates {¢;}:2, generated by existing greedy algorithms will always place x1,xs close to
each other in the representation space. As a result, the algorithm will always misclassify
at least one of x1,x5. Another issue with existing greedy techniques is that they do not
guarantee that the complexity of G; increases with time ¢. In such scenarios, Algorithm 10
doesn’t make much progress in each iteration and can result in poor models. As an exam-
ple, consider the setting where G is the set of all linear transformations. Suppose ¢ is the
identity transform and ¢ is such that its range lies in a low dimensional subspace. Then,
it is evident that G; D G, for all t > 2.

To fix these issues, we propose two new compositional boosting algorithms obtained
with a more careful choice of G;. In our first algorithm, which we call DenseCompBoost,
we choose G, as follows

G = {g o (Id + Z:;; aigbi) , forge G, a; € ]R} , (6.3)

where Id(-) is the identify function. Such a choice of G; helps us recover from the past
mistakes. For example, if ¢; is a constant function, then the algorithm can still learn a
good feature transformer by relying on the input x and the initial feature transform ¢.
Moreover, our choice of G; ensures its complexity grows with ¢ and satisfies: G, 1 C G,
for all . We call our algorithm DenseCompBoost, since the resulting model for this choice
of G, resembles a DenseNet [Hua +17b], where each layer is allowed to be connected to all
the previous layers. That being said, the models output by DenseCompBoost differ from
DenseNet in how they aggregate the previous layers. DenseNet concatenates the features
from previous layers, whereas DenseCompBoost adds the features. Our second algorithm,
which we call CmplxCompBoost, tries to increase the complexity of G; in each iteration as
follows

G = {g o ¢, for g € gt} ; (6.4)

where @ is a weak feature transformer class and satisfies @_1 C @ for all t. In the case of
one layer neural networks, such G;’s can be constructed by increasing the layer width with
t. We note that the G; in this algorithm is independent of the past iterates. By increasing
the complexity of G; with t, we expect the complexity of G, to increase and Algorithm 10
to make more progress in each iteration. While not immediately evident, we note that this
technique can also fix the mistakes made by past iterates. For example, suppose ¢, is such
that it places two points x1,x, from different classes, close to each other in the feature
space. Then having a more complex G, can help recover from this mistake, as one can
potentially find a g € G, which can separate these two points. In Section 6.4, we present
empirical evidence showing that our new boosting algorithms have superior performance
over existing additive and compositional boosting algorithms. Further empirical evidence
corroborating the issues we identified with existing layer-wise training techniques can be
found in Appendix E.10.1.
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6.3 Excess Risk Bounds

In this section, we provide excess risk bounds for the models’ output by the generalized
boosting framework. Our results depend on a weak learning condition on the hypothesis
class G, used in the ' iteration of Algorithm 10. This condition is a way to quantify the
relative strength of G; and roughly says that there always exists an element in G, which
has an acute angle with the negative functional gradient at the current iterate. Such a
condition ensures progress in each iteration of boosting.

Definition 6.3.1. Let 5 € (0,1],e > 0 be constants. G, is said to satisfy the (3, €)-weak
learning condition for a dataset .S, if there exists a g € G;,;1 such that

(9, —VoRs(Wi, &) px > BB(Gri1) ||V Rs (Wi, &)l px — e,

where B(Gi11) = supyeg,,, ||l9llpx, and P, is the empirical distribution of S.

In traditional boosting, such conditions are typically referred to as the edge of a weak
learner and play a crucial role in the convergence analysis. For example, Freund and
Schapire [F595] assume that for any set of weights over the training set S, there exists a
classifier in the hypothesis class of weak classifiers which has better than random accuracy
on the weighted samples. The following proposition shows that their condition is closely
related to Definition 6.3.1.

Proposition 13. For binary classification, the weak learning condition of Freund and
Schapire [FS95] satisfies the empirical weak learning condition in Definition 6.3.1, albeit
wn the label space.

For binary classification problems, it is well known that the weak learning condition
of [FS95] is the weakest condition under which boosting is possible [F'S96; RW05]. This,
together with the above proposition, suggests that our weak learning condition in Defini-
tion 6.3.1 cannot be weakened for binary classification problems.

To begin with, we derive excess risk bounds for the gradient greedy approach. Our
analysis crucially relies on the observation that it can be viewed as performing inexact
gradient descent on the population risk R. Several recent works have analyzed inexact
gradient descent on convex objectives [SRB11; Teml14; DGN14; BWY -+ 17]. However, the
condition on the inexact gradient imposed by these works is different from ours and in
many cases is stronger than our condition. For example, the condition of Balakrishnan,
Wainwright, Yu, et al. [BWY+17| translates to ||g + V4R(W, ¢)||px < € in our setting,
which is stronger than our weak learning condition. So the core of our analysis focuses
on understanding inexact gradient descent with descent steps satisfying the weak learning
condition in Definition 6.3.1. In our analysis, we consider a sample-splitting variant of the
algorithm, where in each iteration we use a fresh batch of samples. This is mainly done
to simplify the analysis by avoiding complex statistical dependencies between the iterates
of the algorithm. Let n = |%], we split the training dataset S into T' subsets {S;}/_;
of size f, where S; = {(X:4, i) },. We work with the subset S; in the ' iteration of
Algorithm 10. We are now ready to state our main result on the excess risk bounds of the
iterates of Algorithm 12. Our results depend on the Rademacher complexity terms related
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to the hypothesis sets W, G,

R(W,G) =E | sup = Zszk Wg(x,)] R(G:) =E |sup = ZZPU (x1,i)]5] 5

n
m;ggv i=1 k=1 9€6: =T A

where [u]; denotes the k' entry of a vector u, and the expectation is taken w.r.t the
randomness from S; and the Rademacher random variables p;;’s

Theorem 21 (Gradient Greedy). Suppose the classification loss € is L-Lipschitz and M -
smooth w.r.t the first argument. Let the hypothesis set of linear predictors W be s.t. any
W € W satisfies \pin, (WWT) > o2, >0 and \pas (WWT) < 02,,.- Moreover, suppose
for all t, G, satisfies the (3, €;)-weak learning condition of Definition 6.3.1 for any dataset
Sy Finally, suppose any g € Gy is bounded with supy ||g(X)||2 < B. Let the learning

B+1
B+27 1

Algorithm 10 is run for T iterations with Algorithm 12 as update routine, then (Wr, ¢r),
the T™ iterate output by the algorithm, satisfies the following risk bound for any W*, ¢*
and a € (0,5(1 — s)), with probability at least 1 — § over datasets of size n

rates {m}:2, be chosen as n, = ct=°, for some s € and positive constant c. If

1 log L T
R(Wr,61) € ROV',6") +0 | o + T[22 | 423 (LR (W, G) + LR (G) + 1)
=1

Proof Sketch. We first show that Algorithm 12 can be viewed as performing inexact
gradient descent on the population risk R. Specifically, we show that with high probability,
the ¢! iterate ¢, satisfies

(96, =V R(Wi_1,¢1-1)) p = BB||VeR(Wi_1, d—1)||p — € — G,

for some (; > 0. This follows from the weak learning condition satisfied by G;. Ignoring
€, (¢, the above equation shows that g, makes acute angle with the population functional
gradient at ¢;_;. Consequently, we would expect the population risk to decrease, if we
move along ¢;. This is indeed the case, and the final step in the proof formalizes this
intuition. 0

Remarks: We now briefly discuss the above result. See Appendix E.4 for more dis-
cussion.

e The reference classifier (W*, ¢*) in the above bound can be any classifier, as long as
IW*|la < oo, ||[¢*]|px < oo. In particular, if there exists a Bayes optimal classifier
satisfying this condition, then the above Theorem provides an excess risk bound w.r.t
the Bayes optimal classifier.

® The T™* term in the bound corresponds to the optimization error. The ne; term corre-
sponds to the approrimation error and the rest of the terms correspond to the general-
ization error. As T increases, the optimization error goes down, and as n increases, the
generalization error goes down. If there is no approximation error, that is ¢, = 0 for all
t, then the excess risk goes down to 0 as n,T" — oo at appropriate rate.
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e If 5 = 1, then for appropriate choice of step size the optimization error goes down as
O (T*1/3+V), for some arbitrarily small v > 0. This rate is slower than the O(T™!)
rates for inexact gradient descent obtained by Schmidt, Roux, and Bach [SRB11| and
Devolder, Glineur, and Nesterov [DGN14|. However, we note that unlike our work, these
works assume that the level sets of the objective are bounded. Under the assumption
that the level sets of population risk are bounded, the optimization error in Theorem 21
can be improved to O(T~'). However, such a condition need not hold in the our setting.

¢ Note that the risk bounds are modular and only depend on the Rademacher complexity
terms R(W, G;), R(G;) which capture the complexity of G;. To instantiate Theorem 21
for specific choices of G;, we need to bound these two complexity terms.
We now extend the analysis of Theorem 21 to the exact greedy approach.
Corollary 5 (Exact Greedy). Consider the setting of Theorem 21. Suppose Algorithm 10
is run with Algorithm 11 as update routine. Then (Wr, ¢r), the T™ iterate output by the
algorithm, satisfies the same risk bounds as gradient greedy algorithm in Theorem 21.
In the rest of the section, we instantiate Theorem 21 for specific choices of G;. We first
consider the additive representation boosting algorithm.
Corollary 6. Consider the setting of Theorem 21 and consider the additive representation
boosting algorithm, where G, = G for all t. Suppose G is the set of one layer neural
networks with sigmoid activation functions: G = {o(Cx), for C € RP* ||C;. ||y < A, Vi}.
Moreover, suppose the feature domain X is a subset of [0,1]%. Then the T*" iterate output
by Algorithm 10, with Algorithm 11 or 12 as update routine, satisfies the following risk
bound for any (W*, ¢*), with probability at least 1 —
T

log =

KDAT'*log D iy 5

N i

T
* k 1
ROY6r) < ROV67) 40 () 423+ 0

Next, we consider the layer-by-layer fitting technique of Bengio, Lamblin, Popovici,
and Larochelle [Ben-+07].
Corollary 7. Consider the setting of Corollary 6 and consider the layer-by-layer train-
ing technique of Bengio, Lamblin, Popovici, and Larochelle [Ben+07], where G, = {g o
¢1—1 for g € G}. Suppose G is the set of one layer neural networks with sigmoid activation
functions: G = {o(Cx), for C € RP*P ||Ci, |y < A, Vi}. Then the T™ iterate output by
Algorithm 10, with Algorithm 11 or 12 as update routine, satisfies the following risk bound
for any (W*, ¢*) with probability at least 1 — 9
T

log =

KDAT?*2%1og D iy 5

N i

T
* 1k 1
R<WT7¢T)§R(W7¢)+O(ﬁ>+2;nt€t+0

Note that the generalization and optimization errors for both additive feature boosting
and layer-by-layer fitting have similar dependence on 7T, n. However, the latter tends to
have a smaller approximation error (¢;) as it is able to build complex G,’s over time. So one
would expect layer-by-layer fitting to output models with a better population risk, which
our empirical results in fact verify.
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6.4 Experiments

In this section, we present experiments comparing the performance of various boosting
techniques on both simulated and benchmark datasets.

Baselines. We compare our proposed boosting techniques with XGBoost, AdaBoost,
additive representation boosting (discussed in Corollary 6) and greedy layer-by-layer train-
ing technique of Bengio, Lamblin, Popovici, and Larochelle |[Ben-+07| (Corollary 7). XG-
Boost uses decision trees as weak classifiers. For AdaBoost, we use 1 hidden layer neural
networks as weak classifiers. We use two kinds of neural networks, based on the dataset.
For tabular datasets, we use fully connected networks and for image datasets, we use
convolutional networks (CNN) with the convolution block made up of Convolution, Batch-
Norm, ReLU layers arranged sequentially. For additive representation boosting (Additive
Feature Boost from now on) and layer-by-layer fitting (StdCompBoost from now on), the
weak feature transformer class G consists of one layer neural network transformations. Sim-
ilar to AdaBoost, we use two kinds of transformations: a) fully connected transformations
of the form g(x) = ReLU(Cx + d), and b) convolutional transformations with Convolu-
tion, BatchNorm, ReLU blocks arranged sequentially. Finally, we also compare against
end-to-end training of ResNets.

Proposed Techniques. For DenseCompBoost, we use a slight variant of G; defined
in Equation (6.3) : Go={h+go (Zf;é a;p;), for h € H,g € G,a; € R}, where H,G are
weak feature transformer classes. We use this variant because the dimensions of the input
feature space and the representation space need not be the same, and as a consequence G; in
Equation (6.3) can not always be used. Similar to StdCompBoost, we consider two choices
for H,G: one based on fully connected blocks and the other based on convolution blocks.
For CmplxCompBoost, we again consider two choices for the weak transformer class G, in
Equation (6.4): a) ReLU(Cx + d) with C € RP>*Pi-1 where D; = D;_; + A for some
positive constant A, and b) convolution blocks with number of output channels equal to the
number of input channels plus a constant A. This choice of feature transformers ensures the
complexity of G, increases with ¢. We use exact greedy updates (Algorithm 11) for both of
our proposed methods and set learning rate 7; to 1. We do not present experimental results
for Algorithm 12, which we noticed has marginally worse performance than Algorithm 11.

6.4.1 Simulated Datasets

Datasets. In this section we compare the techniques described above on simulated
datasets. We generated 3 synthetic binary classification datasets in R32. Simulation 1
is a concentric ellipsoids dataset, where a point x is classified based on x’ Ax, for some
randomly generated positive semidefinite matrix A. Simulations 2, 3 are datasets whose
classification boundaries are polynomials of degrees 8 and 9 respectively. For each of these
datasets, we generated 10° samples for training and testing.

Hyper-parameters. We used hold-out set validation to pick the best hyper-parameters
for all the methods. We used 20% of the training data as validation data and picked the
best parameters using grid search, based on validation accuracy. After picking the best
parameters, we train on the entire training data and report performance on the test data.
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For all the greedy techniques based on neural networks, we used fully connected blocks
and tuned the following parameters: weight decay, width of weak feature transformers,
number of boosting iterations 7', which we upper bound by 15. For CmplxCompBoost, we
set A = Dy/5. For end-to-end training, we tuned weight decay, width of layers, depth. We
used SGD for optimization of all these techniques. The number of epochs and step size
schedule of SGD are chosen to ensure convergence. For XGBoost, we tuned the number
of trees, depth of each tree, learning rate. The exact values of hyper-parameters tuned for
each of the methods can be found in Appendix E.10.

Results. Table 6.1 presents the results from our experiments. Both CmplxCompBoost and
StdCompBoost largely outperform the additive boosting methods, with CmplxCompBoost
being slightly better due to the increasing complexity in G,. Notably, DenseCompBoost
performs significantly better than the rest and is able to bridge the gap between Std-
CompBoost and End-to-End. We attribute its success to its ability to recover from earlier
mistakes: while StdCompBoost or CmplxCompBoost necessarily accumulate errors at each
layer, DenseCompBoost is further connected to earlier layers, allowing it to undo its past
mistakes.

6.4.2 Benchmark Datasets

Datasets. In this section, we compare various techniques on the following image datasets:
CIFAR10, MNIST, FashionMNIST [XRV17], MNIST-rot-back-image [Lar-+07], convex [XRV17],
SVHN [Net-+11], and the following tabular datasets from UCI repository [BMIS]: letter
recognition [FS91|, forest cover type (covtype), connectd. The convex dataset involves
classifying shapes in images as either convex or non-convex.

Hyper-parameters. For covtype dataset, which doesn’t come with a test set, we ran-
domly sample 20% of the original data and use it as the test set. We use a similar hyper-
parameter selection technique as above and tune the same set of hyper-parameters as
described above. We use convolution blocks for CIFAR10, SVHN, FashionMNIST, convex,
MNIST-rot-back-image and fully connected blocks for the rest. We limit the width of fully
connected blocks to 4096, and the number of output channels in convolution blocks to 128
while tuning the hyper-parameters for the composition boosting techniques and end-to-end
training. For AdaBoost and additive representation boosting, we set these limits to 16000
and 350 respectively. For CmplxCompBoost with convolution blocks, we set A = D;/8.
We do not use data augmentation in our experiments.

Results. Table 6.2 presents the results from our experiments. It can be seen that on image
classification tasks, additive boosting techniques have poor performance. Among compo-
sitional boosting methods, StdCompBoost performs the worst. While DenseCompBoost
performs comparably to CmplxCompBoost on image datasets, it is better on tabular data.
We believe a hybrid of DenseCompBoost and CmplxCompBoost algorithms can achieve
better performance than either of the algorithms.
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Table 6.1: Test accuracy of various boosting techniques on synthetic datasets. Numbers
in bold indicate the best performance among various greedy techniques.

Technique Simulation 1 | Simulation 2 | Simulation 3
XGBoost (Trees) 84.40 97.59 50.10
AdaBoost (1 NN) 67.90 93.73 72.64

Additive Feature Boost 88.49 93.91 73.13
StdCompBoost 91.53 96.95 82.49
DenseCompBoost 93.55 98.35 95.70
CmplxCompBoost 91.97 97.22 82.52

| End-to-End [ 9388 [ 9835 | 99.09 |

Table 6.2: Test accuracy of various boosting techniques on benchmark datasets. We use
convolution blocks for the first 5 datasets and fully connected blocks for the other datasets.

Technique SVHN | FashionMNIST | CIFAR10 | Convex Eﬁffn;‘; MNIST | Letter | CovType | Connect4
XGBoost (Trees) || 77.72 90.34 58.34 | 82.29 53.89 97.96 | 96.16 | 97.46 86.63
AdaBoost (1 NN) || 82.88 83 7278 | 86.17 50.02 98.27 | 92.08 | 90.95 86.39

Additive 83.36 89.95 7433 | 89.30 54.31 098.27 | 90.86 | 93.12 86.58
Feature Boost
StdCompBoost || 90.81 92.77 81.93 | 98.19 73.17 98.37 | 96.43 | 95.61 86.33
DenseCompBoost || 91.03 93.17 82.31 98.6 73.1 98.34 | 96.96 | 96.28 86.85
CmplxCompBoost || 91.25 93.18 82.43 98.52 74.32 98.34 | 96.66 95.92 86.49
| End-to-End [ 94.82 | 93.49 | 86.88 [ 9881 8269 || 9895 [ 97.67 [ 96.86 87.37

6.5 Discussion

We proposed a generalized framework for boosting, which allows for more complex forms of
aggregation of weak learners than traditional boosting. Our generalized framework allows
to derive learning algorithms that (a) have performance close to that of end-to-end trained
DNNs, and (b) come with strong theoretical guarantees. Additive boosting algorithms do
not satisfy property (a), while DNNs do not satisfy property (b). In particular, additive
boosting algorithms, even with small neural networks as their weak classifiers, do not have
the strong performance of end-to-end trained DNNs. Improving their performance requires
the hypothesis space to increase in complexity while not increasing sample complexity
of each boosting step too greatly, which can be achieved by our generalized boosting
framework. Ome particular instantiation of our framework is aggregation using function
compositions. A number of existing greedy techniques for learning neural networks fall
into our framework, and our analysis allowed us to delineate some of their key flaws,
then consequently, propose new techniques which improve upon them. We believe our
work opens up a new line of inquiry for greedy learning of highly flexible models with
rigorous theoretical guarantees, by leveraging the theory of boosting and generalized greedy
algorithms in function spaces. We moreover believe our work has the potential to bridge
the gap in performance between existing greedy layer-by-layer training techniques and
end-to-end training of deep networks.
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Chapter

Conclusion and Future Work

Statistical Game Theory. This thesis aims to lay the foundations of statistical game
theory to study several classical and modern statistical problems. Our algorithmic contri-
butions to statistical game theory are primarily driven by two challenges that often arise
while studying statistical games: (a) large domains, and (b) nonconcave utility functions.
To this end, in Chapters 2, 3, we designed computationally efficient algorithms for finding
mixed strategy Nash equilibrium of games with nonconcave utilities. A number of open
questions need to be solved to adequately address the above two challenges. The most im-
portant of these is the need for efficient derivative-free optimization techniques that scale
well to high dimensional problems, and require very few function evaluations. Existing
techniques for derivative-free optimization do not satisfy these desiderata: random walk
based approaches such as Simulated Annealing require too many function evaluations and
model-based approaches such as Gaussian Process optimization don’t scale well to high
dimensional problems. In Chapter 4, we took a step towards this goal by designing effi-
cient derivative-free optimization techniques for convex quadratic loss functions. However,
this is a very restrictive setting and a lot of work remains to be done to derive efficient
derivative-free optimization techniques for nonconvex losses. To this end, in an ongoing
work, we are relying on the insights gained from studying quadratic losses to develop bandit
Newton methods for nonconvex losses.

There are several other avenues for future research in statistical game theory. Depend-
ing on the specific statistical application that is being studied, one might face various
algorithmic and analytic challenges. It is important to identify these challenges and come
up with appropriate tools to handle them. For example, for the problem of minimax sta-
tistical estimation, it often suffices to learn approximate minimax estimators (i.e., rate
optimal estimators), instead of exact minimax estimators. To construct such approximate
minimax estimators, we need new game-theoretic tools that help us find an approximate
NE whose value is constant factors away from the minimax value of the game. As another
example, consider the problem of robust machine learning. Machine learning practitioners
often prefer deterministic classifiers over randomized classifiers. In such cases, pure strat-
egy equilibrium turns out to be a more appropriate solution concept to study than mixed
strategy NE considered in this thesis. Studying this solution concept would require new
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game-theoretic tools that can compute pure strategy equilibria in games with nonconcave
utility functions.

Statistical Applications. In this thesis, we mainly focused on the following two clas-
sical statistical applications: minimax statistical estimation and boosting. In minimax
statistical estimation, we utilized our game-theoretic tools to construct minimax estima-
tors for various problems such as mean estimation, regression, and entropy estimation. We
believe our algorithmic tools (in combination with problem structure) can help construct
minimax estimators for numerous other problems. In an ongoing work, we are designing
algorithmic minimax estimators for fundamental problems such as sparse mean estima-
tion, sparse linear regression. For the problem of boosting, the algorithms we developed
in Chapter 6 don’t yet match the performance of end-to-end trained neural networks. To
truly bridge the gap in performance between boosting and neural networks, we hypothe-
size that one has to look at the game-theoretic viewpoint of boosting. Consequently, in
an ongoing work, we are developing generalized boosting algorithms from a game-theoretic
perspective.

There are several other emerging problems in modern machine learning that can be
studied from a game-theoretic perspective. Some of these include robustness, GANs, and
algorithmic fairness. Many existing algorithms for these problems rely on heuristics to
solve the associated games. These heuristic approaches are not always guaranteed to find
an optimal solution. So it is important to understand the drawbacks of these heuristics
and come up with algorithms that improve upon them.
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|Appendix A

Supplementary Material for Chapter 2

A.1 Proof of Proposition 1

For any deterministic algorithm, we show that there exists a sequence of loss functions over
which the algorithm has Q(T") regret. We work in the 1-dimensional setting and assume
that the domain X is equal to [—D, D]. Suppose the adversary chooses the loss functions
from the following class of 1-Lipschitz functions F = {g,(x) : a € [-D, D]}, where g, is
given by

D
() = max {0, 5~ x—al |

We now describe our construction of the sequence of losses that cause the deterministic
algorithm to fail. Let fo, = {fi,... fi_1} be the sequence of loss functions chosen until
iteration t — 1. Let x; be the prediction of the deterministic learner at iteration ¢. Then
we choose the loss at iteration t as f;(x) = gx,(X). It is easy to see that, after T iterations,
the loss suffered by the learner is equal to %. Whereas, the loss of the best action in
hindsight can be upper bounded as

DT
f ) < —.
xe[mD D]Zf - 4

This shows that the regret of any deterministic algorithm is Q(1).

A.2 Non-oblivious to Oblivious Adversary Model

In the oblivious adversary model, the actions {f;}_, of the adversary are assumed to be
independent of the predictions {x;}{_; of the FTPL/OFTPL algorithm. In this model,
we assume that the sequence of losses {f;}_, is fixed ahead of time. Whereas in the
non-oblivious adversary model, the actions of the adversary are allowed to depend on the
past predictions of the algorithm, i.e., each f; is given by f; = Fi[x] for some function
F, : Xt7! — F, where F is the set of all possible actions of the adversary and x_; is a
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shorthand for {x;...x; 1} and F} is a constant function. Note that the functions Fy ... Fr
uniquely determine a non-oblivious adversary.

Let P, be the conditional distribution of the prediction x; of the FTPL/OFTPL algo-
rithm, conditioned on the past predictions x.;. Note that when the adversary is oblivious,
P, is independent of x.;. Moreover, in both oblivious and non-oblivious models, P, is fully
determined by the past actions f; of the adversary. Let f;(P;) denote the expected loss

Exvp, [fe(x)[x<t]-

The following Theorem shows that any algorithm which is guaranteed to work against
an oblivious adversary also works against a non-oblivious adversary. This is an adaptation
of Lemma 4.1 of [CLO6| to the setting studied in this paper.

Theorem 22. Let B be a positive constant. Suppose the FTPL, OF TPL algorithms satisfy
the following regret bound against an oblivious adversary

T T
E th(xt)_ig(th(X) <B, Vh..[reF. (A1)
t=1 t=1

Then these algorithms satisfy the following regret bound against a non-oblivious adversary

T T
th(Pt) - ;gith(X) <B
t=1 t=1

Proof. Consider the non-oblivious adversary model. For any x € X we have

T T
me—me
t=1
:ZFtX<t Pt ZFt X<t
T
SUP (ZFt X<t Pt Z X<t )

|/\§

—
=
=~

sup (gm) — () + sup (gm) — ga(3%) + sup ( 4 sup gr(Pr) — gT<x>))) |

g1EF go€F gs€F greF

where the supremum in (a) is over all possible non-oblivious adversaries. To see why (b)
holds, consider T = 2. Then

sup (Fi[x<1](P1) — Fi[x<i](x) + Fa[x<o](P2) — Fa[x<2](X))

72 , SellePF (91(P1) = g1(x) + Fh[xco](P2) — Fh[x<o)(x))
—sup (g1<a> ~ )+ sup () - gQ<x>) |

This shows that a good strategy for the adversary is to set Fy[xs] to be a maximizer of
g2(Py) — g2(x). Using a similar argument we can show that (b) holds for 7" > 2.
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Next, we show that

sup (91(P1) — g1(x) + sup (92(]32) — g2(%) + sup ( -t swp gr(Pr) - gT(X)>))

g1EF goEF g3eF greF

Moreover, we show that the maximizers of the RHS objective are independent of the
predictions {x;}~_, of the algorithm. This would then imply that the RHS is exactly equal
to the regret of the algorithm under the oblivious adversary model, which is upper bounded
by B. To see why the above statements are true, again consider the case of T = 2. First
note that g;(Py) — g1(x) is independent of go. So ¢1(P1) — ¢1(x) can be pushed inside the
inner supermum. So we have

sup (91<P1> () + sup (galP) — gz<x>>)

= sup (g1(P1) — g1(x) + g2(P) — g2(x))

91,92€F

To see why the maximizers of the RHS are independent of x;, x5, note that P; is indepen-
dent of x1,x5. Moreover, P; is fully determinimed by ¢;. So the objective is independent
of x1,x5. This shows that the maximizers are independent of x;,X5. Using a similar argu-
ment we can show that the above claim holds for 7" > 2. Finally, from the regret bound
against an oblivious adversary in Equation (A.1), we have

T T
sup (th (P) — gu(x ) = sup E th(xt) - th(x) <B.
g1..9g7EF g1.--grE€F i—1 —1
This shows that for any x € X, 3.1, fi(P) — S, fi(x) < B. O

A.3 Proof of Lemma 2

Let v(0) = a + Bl|o]|1. For any x* € X we have

> i) x)]

t=1

Z [fe(xe) = fe(xeq1)] + Z [fe(xe41) = fi(x7)]

| A

> Ll =l + S [~ )

t=1

We now use induction to show that Zthl [fi(x¢41) — fir(x9)] < A(0)T + (0,%x2 — x*).
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Base Case (T'=1). Since xy is an approximate minimizer of fi(x) — (o, %), we have
fi(xz) = (0.%2) < min fi(x) = {0,%) +7(0) < fi(x") = (0,x") + (),
where the last inequality holds for any x* € X. This shows that fi(x2) — f1(x*) < v(0) + (0, %3 — x*).

Induction Step. Suppose the claim holds for all 7" < Ty — 1. We now show that it also
holds for Tj.

To
> i)
t=1

To—1
(S) [Z fe(xmya1) + {0, %2 = xpy41) +7(0)(To = )| + S (x7p41)

= [Z fi(Xnys1) — (o, xX1y41) | + {0,%x2) +v(0)(Th — 1)

(b)
< th(x*) + (0,%x9 — X*) + v(0)Ty, Vx* € X,

where (a) follows since the claim holds for any 7' < Ty — 1, and (b) follows from the

approximate optimality of Xz, 1.
Using this result, we get the following upper bound on the expected regret of FTPL

|3t - 34| <2

<L

Elllx: = xialli] + E[y(0)T + (0, %2 — x)]

(M- 11

E[||x; — x¢11|1] + (BT + D) (ZE o—l) +aT

The proof of the Lemma now follows from the following property of exponential distribution
1
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|Appendix B

Supplementary Material for Chapter 3

B.1 Dual view of Perturbations as Regularization

B.1.1 Proof of Theorem 2

We first define a convex function ¥ : R — R as

B() =B, supls +0.30| =, [suptf + )]

XEX XEX

where perturbation o follows probability distribution Ppgrrg which is absolutely continuous
w.r.t the Lebesgue measure. For our choice of Pprrg, we now show that W is differentiable.
Consider the function 1(g) = supycy(g,%). Since 1(g) is a proper convex function, we
know that it is differentiable almost everywhere, except on a set of Lebesgue measure 0 [see
Theorem 25.5 of Roc70]. Moreover, it is easy to verify that argmax, 1 (g, x) € 0¢(g). These
two observations, together with the fact that Pprrp is absolutely continuous, show that
the sup expression inside the expectation of ¥ has a unique maximizer with probability
one.

Since the sup expression inside the expectation has a unique maximizer with probability
1, we can swap the expectation and gradient to obtain [see Proposition 2.2 of Ber73|

VU(f) =E, |argmax(f + o,x) | . (B.1)

xXEX
Note that VW is related to the prediction of deterministic version of FTPL. Specifically,
VU (—Vi, 1) is the prediction of deterministic FTPL in the t'* iteration. We now show
that VU(f) = argmin ., (—f,x) + R(x), for some convex function R.

Since all differentiable functions are closed, W(f) is a proper, closed and differentiable
convex function over R Let R(x) denote the Fenchel conjugate of W(f)

R(x) = sup (x,f)—¥(f),

fedom(P)
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where dom(¥) denotes the domain of W. Following Theorem 32 (see Appendix B.8), W(f)
is the Fenchel conjugate of R(x)

U(f) = sup (f,x)—R(x).

x€dom(R)

Furthermore, from Theorem 33 we have

VV¥(f) = argmax(f,x) — R(x).

x€dom(R)

We now show that the domain of R is a subset of X'. This, together with the previous two
equations, would then immediately imply

W (f) = sup{f,x) = R(x), (B.2)
VY¥(f) = ar}g{;gvax(f, x) — R(x). (B.3)

From Theorem 35, we know that the domain of R satisfies
ri(dom(R)) C rangeVV¥ C dom(R),

where ri(A) denotes the relative interior of a set A. Moreover, from the definition of VW ( f)
in Equation (B.1), we have rangeVW¥ C X'. Combining these two properties, we can show
that one of the following statements is true

ri(dom(R)) C rangeVV¥ C X C dom(R),
ri(dom(R)) C rangeVV¥ C dom(R) C X.

Suppose the first statement is true. Since X is a compact set, it is easy to see that
X =dom(R). If the second statement is true, then dom(R) C X. Together, these two
statements imply dom(R) C X.

Connecting back to FTPL. We now connect the above results to FTPL. From Equa-
tion (B.1), we know that the prediction at iteration ¢ of deterministic FTPL is equal to
VU (—Vi4_1). From Equation (B.3), VU(—Vy,_1) is defined as

x; = VU(=Viy 1) = argrr;{ax(—vlzt_l,@ — R(x).
Xe
This shows that

x; = argmin(Vy_1,x) + R(x).
xeX

So the prediction of FTPL can also be obtained using FTRL for some convex regularizer
R(x). Finally, to show that -V, 1 € dR(x;),x; = OR™' (=V14_1), we rely on Theo-
rem 34. Since x; = VU (—=Vy,_1), from Theorem 34, we have

—Viio1 € OR(xt), x¢=VV¥(=Vi4 1) = OR™! (=Vit-1),

where OR™! is the inverse of OR in the sense of multivalued mappings. Note that, even
though OR can be a multivalued mapping, its inverse R~ = VU is a singlevalued mapping
(this follows form differentiability of ). This finishes the proof of the Theorem.
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B.2 Online Convex Learning

B.2.1 Proof of Theorem 5

Before presenting the proof of the Theorem, we introduce some notation.

Notation
We define functions ® : R - R, R : R? — R as follows

B() =B, [ WL~ o) R = sup (%) + B ).

fER

Note that ® is related to the function ¥ defined in the proof of Proposition 2. To be
precise, U(f) = —®(—f). Moreover, R(x) is the Fenchel conjugate of ¥. For our choice of
perturbation distribution, W is differentiable (see proof of Proposition 2). This implies ®
is also differentiable with gradient V& defined as

Vo (f)=E, {argg{in(f — 0, X>} :

Note that V& is the prediction of deterministic version of FTPL. In Proposition 2 we
showed that
Vo (f) = argmin(f,x) + R(x).

xeX

Main Argument

Since x7° is the prediction of deterministic version of FTPL, following FTPL-FTRL duality
proved in Proposition 2, x2° can equivalently be written as

X7 =VO (Vi1 +g:) = argg(in<vl:t—1 + g1, x) + R(x).

Similarly, x2° can be written as

X =V (Vi) = argmin(Vyy, X) + R(x).

xeX

We use the notation Vi, = 0. So x{°,x{° are equal to argmin, ., R(x). From the first
order optimality conditions, we have

_Vlzt—l — g € OR (Xtoo) ) _V1;t € OoR (f(?o) .
Define functions B(-,x{°), B(-, %) for any ¢ € [T] as

B(x,x77)
B(x, %)

R(x) — R(x{°) + (Vii-1 + g1, X — X;°),
R(x) — R(X®) + (Vig,x — X2).
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V@ (g1) — V@ (g2) ||

From the stability of predictions of OFTPL we know that: <
<

Cn7Y|g1 — g2]|+- Following our connection between W, @, this implies ||V¥(g1) — V¥ (gs)|| <
Cn~Y|g1 — g2||+- This implies the following smoothness condition on ¥ [see Lemma 15 of
Sha07]

W(g2) < W(g1) + (V¥(91), 92 — 1) — g7
Since ¥ is Cn~t-smooth w.r.t || - ||+, following duality between strong convexity and strong

smoothness properties (see Theorem 36), we can infer that R is C~!n- strongly convex
w.r.t || - || norm and satisfies

2

n ~
Solx ==

n 2
L B >
|x — x°|%, (x,X°) 50

) >
B(X7Xt ) —_— 20

We now go ahead and bound the regret of the learner. For any x € X', we have

(@)

fe(xe) = fo(x) < (e — %, Vi) = (x¢ — %7, Vi) + (X7 — %, Vy)
= (% —x°, Vi) + (%7 = %7, Ve — i) + (x° — X7, 91)
+ (x° —x, V)
< (xe — %7, Vi) + %7 = X7 Ve = gl + (%7 = %7, 91)
+ (X —x,V,),

where (a) follows from convexity of f. Next, a simple calculation shows that

B(igo7i§il) -
B<X7>~(?o) -

B(i?ouxgo)_B(Xfoui?il)

B(x7,%%1)-

<X?o_)~(§oagt> -

(%7 —x, Vi) = B(x, %) —
Substituting this in the previous inequality gives us

(x¢ = x7%, Vi) + 177 = <[ Ve — gell«
+B(Xz?ov}~c?ol> B<5{?07X?O>_B(X?O7i§o1>
+B(X> Xt—l) o B(X’ ifo) - B(S{t ’Xt—l)
= (% =7, Vi) + [ = [ Ve = gell«
+B(X7ii1) _B(Xai;t)o) _B(igovxgo) o

ft(Xt) - ft(X) <

B, %%)
(a)

< (0 = x7%, Vo) + IxE =21V = gl

nlIxE — x> nllx — %217

Bx,%) = 2C 20 ’

+ B(x,X%;°) —
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where (a) follows from strongly convexity of R. Summing over ¢t = 1,...T, gives us

Mq

—x7°, V) —i—B(X,f(SO)—B(X,S(%O)

t=1 o

S1

Y filx) — f

T
+ > Ix =% MVe = gell.

t=1

T
Ui < -
— 50 2 (IR = x| o+ [l = %32, -

t=1

Bounding S;. We now bound B(x,%X{°) — B(x,%3). From the definition of B, we have
B(x,557) — B(x,56) = REF) — (Vi x — K5) — REE) + (Vi x — ).
Note that V.9 = 0. This gives us
B(x, %) — B(x,X%) = R&F) — (Vi x — %) — R(ZY).

We now use duality to convert the RHS of the above equation, which is currently in terms
of R, into a quantity which depends on ®. From Proposition 2 we have

©(g) = —¥(~g) = inf (g.x) + R(x).

Since X3 is the minimizer of (Vi.7,x) + R(x), we have ®(Vi7) = (Vi.r, X)) + R(XF).
Similarly, ®(0) = R(XJ°). Substituting these in the previous equation gives us

B(X, }~(80> — B(X, }NC%O) = @(V1;T> — <V1;T,X> — @(O)

=E, {ing (Vir —o, X,>:| —(Vir,x) — E, {mf (—0, X/>}
x'e

x'eX

<E,[(Vir—o,x)] = (Vir,x) —E, [mf (—o0, x’)]

—F, Lug( (o, x’>} — E; [(0,%)] -

< DE, [|lo|l.] = nD
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Bounding Regret. Substituting this in our regret bound and taking expectation on
both sides gives us

T T T
B fibx) - ft<x>] < 3 Bl — x5, V) + 0D + Y Bl - %7019 — il
t=1 t=1 t=1
T
— o5 20 (IR = X712 +E [Ix7 - %22, 01))
t=1

<

[~ &

T
C
E[(x; —x{°, V)] + 1D + Z %E [IVe — g:1Z]
t=1

t

T
/’7 [ee] 500
- %;E[th _thlHQ}

1

To finish the proof, we make use of the Holder’s smoothness assumption on f; to bound
the first term in the RHS above. From Holder’s smoothness assumption, we have

(x; = x{°, Vi = Vi(x7°)) < Lljx; — x|+
Using this, we get
E[(x¢ — x;°, Vi) |ge, X141, f1e] < E [(Xt — %%, Vfi(x7°)) + Lllxi — x| ge, %141, fl:t}
“ IR (1% = %5211 g, X1-1, fr:e]

(6)
< ‘IJFQL]E [th - X?OH§+Q|Qt,X1:t—1, fl:t]

(¢) a 00 14+a)/2

< ‘I/%Jr LE [”Xt — X ”§|9t,X1:t—1,f1:t]( e/

J— \/ﬁ
where (a) follows from the fact that E [(x; — x5°, V f1(x5°)) |91, X141, f1.1] = 0, (b) follows
from the definition of norm compatibility constant Wy, (¢) follows from Holders inequality
and (d) uses the fact that conditioned on {g;, X141, f1.4}, X¢ — X7° is the average of m i.i.d

bounded mean 0 random variables, the variance of which scales as O(D?/m). Substituting
this in the above regret bound gives us the required result.

B.2.2 Proof of Corollary 1

We first bound E, [||o||2]. Relying on spherical symmetry of the perturbation distribution
and the fact that the density of Pprrg on the spherical shell of radius r is proportional to

ri=1 we get
o LIali2) = fr(i;rd‘l)n rd=1gy 1
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We now bound the stability of predictions of OFTPL. Our technique for bounding the sta-
bility uses similar arguments as Hazan and Minasyan [HM20] (see Lemma 4.2 of [HM20]).
Recall, to bound stability, we need to show that ®(g) = E, [infxcx (¢ — 0,x)] is smooth.
Let ¢o(g) = infxex (g, X — Xgo), where Xqp is an arbitrary point in X. We can rewrite ®(g)
as

®(g) = E; [po(g — )] + (g, %00)-

Since the second term in the RHS above is linear in g, any upper bound on the smoothness
of E, [po(g — 0)] is also a bound on the smoothness of ®(g). So we focus on bounding the
smoothness of E, [¢po(g — o).
First note that ¢y(g) is D Lipschitz and satisfies the following for any gy, go € R?
P0(91) — dolg2) = )ilel/fv<—92,x — Xq0) — i2£<—91, X — Xqp)

< sup(g1 — g2, X — Xoo)
xeX

< D|lg1 — g2l|2-

Letting ®¢(g) = E, [¢po(g — 0)], Lemma 4.2 of Hazan and Minasyan [HM20| shows that
®(g) is smooth and satisfies

[V®o(g1) — V®o(g2)|l2 < dDn~ g1 — gallo-

This shows that the predictions of OFTPL are dDn~! stable. The rest of the proof involves
substituting C' = dD in the regret bound of Theorem 5 and setting g, = 0 and using the
fact that ||V.]l2 < G.

B.3 Online Nonconvex Learning

B.3.1 Proof of Theorem 6

Before we present the proof of the Theorem, we introduce some notation and present some
useful intermediate results. We note that unlike the convex case, there are no know Fenchel
duality theorems for infinite dimensional setting. So more careful arguments are need to
obtain tight regret bounds. Our proof mimics the proof of Theorem 5.

Notation

Let P be the set of all probability measures on X. We define functions ® : F — R,
R :P — R as follows

CI)(f) =E, Iyelg Ex~p [f(X) - U(X)] )

R(P) = Sup —Esep [f(X)] + ().
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Also, note that the function V& : F — P defined in Section 3.3.2 can be written as

Vo (f)=E, |argminExp [f(x) — 0(x)]
PeP
Note that, V& (f) is well defined because from our assumption on the perturbation dis-
tribution, the minimization problem inside the expectation has a unique minimizer with
probability one. To simplify the notation, in the sequel, we use the shorthand notation
(P, f) to denote Ex.p [f(x)], for any P € P and f € F. Similarly, for any P, P, € P and
f € F, we use the notation (P, — Ps, f) to denote Exp, [f(X)] — Exp, [f(X)].

Intermediate Results
Lemma 23. For any g € F, R(V® (9)) = —(V®(g9),9) + P(g).

Proof. Define P, , as

P, , = argminE, p [g(x) — 0(x)].
PecP

Note that V@ (¢g) = E, [P,,]. For any g,h € F, we have

o(h) =E, LygD(P h— a>}

< E; [(Pyorh = 0)]
= Eo [(Pyo,9 — )] + Eo [(Pyos h — g)]
= ®(g9) + (VO (g).h—g).
This shows that for any g,h € F
D(h) — (V@ (9),h) < (g) — (V2 (g),9)- (B-4)

Taking supremum over h of the LHS quantity gives us
R(Ve(g)) = sup @) = (Ve (g), h) = B(g) = (VL (), 9)-
€

O

Lemma 24 (Strong Smoothness). The function —® is convex and strongly smooth and
satisfies the following inequality for any g1, g2 € F

C
—®(g2) < —@(g1) — (VP (91),92 — 1) + %Ilgm —aill%

Proof. Let g1,9, € F and « € [0, 1]. Then
lagi + (1 —a)g) = E, [;g%(R agr+ (1 —a)g — 0)}

. . B B . B
> o, {gg)(P; 9 0)] + (1 - a)E, Ll}é%(f’, 92 0)]

=a®(g1) + (1 — a)®(g2).
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This shows that —® is convex. To show smoothness, we rely on the following stability
property
C
Vwmef/wW¢@%VﬂwD§#m—mh-

Let T be an arbitrary positive integer and for ¢ € {0,1,...7T}, define oy = t/T. Let
h = go — g1. We have

P(g1) — P(g2) = (g1 + agh) — (g1 + arh)
-1

(®(g1 + ath) — ®(g1 + azy1h))

I
N

~
o

Since —® is convex and satisfies Equation (B.4), we have

-1
®(g1) — (g2) = Z (@(g91 + ath) — ®(g1 + 41h))
=0
-1,
< - T<V(I) (91 + au1h) )
t=0

Using stability, we get

=
L

(V@ (g1 + ay1h) , h)

el

®(g1) — P(g2) < —

t=
T-1

= o

(VR (00) ~ V(g1 + ceah) B) — (VO (91). B)
< (VP () )+

—_

S (VD (g1) . h) +

Cuo
= (VO (g1) 1)+ 3 T
n
= —(V®(g1),h) + g—thlf,

where (a) follows from the definition of vz and (b) follows from the stability assumption.
Taking T" — oo, we get

C
—®(g2) < —®(g1) — (VP (91), 92 — 1) + %Ilm — aill%
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Lemma 25 (Strong Convexity). For any P € P and g € F, R satisfies the following
inequality

R(P) 2 R(V® (9)) + (Y (9) = P.g) + 557#(P. V& (9))”
Proof. From Lemma 24 we know that the following holds for any g, h € F

B(g) 2 D)+ (VO ()9~ )~ 5 llg = h3-

(&

-~

Q1,,1(9)

Define Ry, ,(P) as

Ri,(P) = sup —(P, g) + P, 1(9)-
geF

Since ®(g) > P u(g) forall g € F, R(P) > Ry, 1(P) for all P. We now derive an expression
for Ry, »(P). Note that from Lemma 23 we have R(V® (h)) = —(V® (h), h) +P(h). Using
this, we get
Ripn(P) = sup —(P, g) + P1.n(9)
geEF
(@)

® gup (—<P, )+ B0 + (Ve ()9 — 1) — £ g - hn%)

geEF

0 C ,
©) R(VS (1) + sup (<v<1> )= P.g)~ ol - hnf) |

geEF

where (a) follows from the definition of ®y,,(g) and (b) follows from Lemma 23. We now
do a change of variables in the supremum of the above expression. Substituting ¢’ = g — h,
we get

/ C /
Fus(P) = ROT® (10) + (Ve (1) = P} + sup (90 (1) = ) = 31013 )
g'e
We now show that
C U
Vo (h)— P, ¢y — —|d %) > —=~£(P,V® (h))>.
sup (V0 (0) = P.g'h = 1915 ) > grr(P VO (1)

To this end, we choose a ¢"” € F such that

9"l = Zar(P.VB (W), (VB(R) = P.g") = Zar(P,VD (1) (BS)

If such a ¢” can be found, we have
(I)h_P/_£/2 > (I)h_P//_g 1”112
sup ( (V@ (h) = P,g') lg'1l7 | = (V& (h) = P, g") 19"l
g eF 277 277
Ui 2
= —vr(P,V®(h))".
This would then imply the main claim of the Lemma.

R(P) > Ripn(P) 2 R(V® (1)) + (V& () = P.}) + S=5(P,V (1)
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Finding ¢”. We now construct a ¢” which satisfies Equation (B.5). From the definition
of vr we know that
W (PVB() = sup |(VO(h)— P.g)

lg'll 7<1

Suppose the supremum is achieved at g*. Define ¢" as Lyz(P,V® (h))g*, where s =
sign((V® (h) — P, g*)). It can be easily verified that ¢” satifies Equation (B.5).

If the supremum is never achieved, the same argument as above can still be made using
a sequence of functions {g,}°°, such that

laallr <1 lim [{V (k) — P.gu)| = (P, V® (1))

Define g, as %2ty (P, V® (h))gn, where s, = sign((V® (h)— P, g,)). Since lim, o ||gnll7 =
1, we have hm,HOO lgnll7 = &v7(P,V®(h)). Moreover,

lim (V4 (k) — P.gf}) = lim Lx(P, VD (0)[{V (k) = P.go)| = Far(P. V()"

n—oo

This shows that

C )
sup (V0 (0) = Pog'y = 113 ) 2 limn (V0 (8) = P} = o1
g/€]: 77 n—oo
= 351 (P.V (1)
This finishes the proof of the Lemma. O

Main Argument

We are now ready to prove Theorem 6. Our proof relies on Lemma 25 and uses similar
arguments as used in the proof of Theorem 5. We first rewrite P, P, as

Z argminEy . p i fi(x) + gi(x) — 04 (X)] )

=1 pPepP | i=1

Z argmin E,p Z fi(x) — a;j(x)] .

o pep

Note that

P® =E[Plg:, fi-1, Prt1] = VO (fru1 + g:)
P =FE [lf)t|f1:t—1a Pl:t—l] =V (fi),

with P = P° = V® (0). Define functions B(-, P®°), B(-, P°) as

(- P
B(P, P*) = R(P) — R(P;)
)

(P — P, fii—1+ i),
B(P,P°) = R(P) — R(P°) + (P

+
+ })t 7f1t>
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From Lemma 25, we have

B(P,P®) > Lyr(P,P®)2, B(P,P®) > L ~z(P, P2

20 - 20C
For any P € P, we have
E [fi(x) = fi(P)] = E[fi(P3) = f(P)]
=E[(P. - P, f)]
=E[(P, — P, f)] + E[(P° = P, f1)]
—E[(P, - P f)] + E [(F= = P, f - a1
HE[(P® = P, g0] + B[P - P,

CE [ (B B~ all ] +E (5~ B 0]
+E (B - P.f)],

where (a) follows from the fact that E [(P, — P>, fi)lgs, fi1-1, Pri—1] = 0 and as a result
E[(P, — P, fi)] = 0. Next, a simple calculation shows that

(P — ]5too7gt> = B(Ptooa Ptofl) - B(Ptoov P) — B(FP, Ptojl)
(B =P, fi) = B(P, X)) — B(P, P°) = B(P*, ).
Substituting this in the previous regret bound gives us
E(fi(x) = fi(P)] <E |v=(P2, B\ = gll=| + B [ BB, X)) = BIB®, B*) = BP, P
+E[B(P,P) - B(P,B*) — BIF®, )|
=E [P, P Ife - gl
) —

+E | B(P, P2) = BP, ) = B(P®, ) = B(PE, P2y)|

=2

(a) ~
< B[y (P P = gl

[ Do) OO Ui 0O 0
+E |B(P, %) = B(P,PX)| —E [5has (P, )’

Ui 00 Poo
+ S (P P

< CE[If - all3] + B [B Pz - B P)] ~ B [ (Lo (P, 2]

2C

where (a) follows from Lemma 25, and (b) uses the fact that |zy| < &|z|> + £|y|?, for any
x,y, ¢ > 0. Summing over t = 1,...7T gives us

S Elfilx) - £(P) < B [BPAR) — BRER)] + 3 S B[l - il
=1 A 31; - t=1
Z %E [’Yf P, ﬁ)t 1)2}

t=1
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To finish the proof of the Theorem, we need to bound S;.

Bounding S;. From the definition of B, we have
B<p713000)_B(P5P790> :R(Pf?“o)_ <P_p;‘oaflT> _R(igo)a

where we used the fact that fi.0 = 0. We now rely on Lemma 23 to convert the above
equation, which is currently in terms of R, into a quantity which depends on ®. Using
Lemma 23, we get

B(P, P§®) = B(P, P°) = &(fir) — (P, fir) — ©(0).
From the definition of ® we have
B(Papooo) - B(P, ]5%)0) = (I)(fl:T> - <P7f1:T> - (I)<O>

= ]Eo' |:P1,rg7l)<Pla fl:T - U>:| - <P7 fl:T> - Eo’ |:P1,Iéf7)<Pl, _O.>:|

< EG [<P7 fl:T - U>] - <P> f1:T> - EG |:Pl,réfp<P/’ _U>]

=E, Lﬁ}g})(}j’, a>] —E, [(P,0)]
< DE, [||o]|7] = nD,

where the last inequality follows from our bound on the diameter of P. Substituting this
in the above regret bound gives us the required result.

B.3.2 Proof of Corollary 2

To prove the corollary we first show that for our choice of perturbation distribution,
argmin, ., f(x) — o(x) has a unique minimizer with probability one, for any f € F. Next,
we show that the predictions of OFTPL are stable.

Intermediate Results

Lemma 26 (Unique Minimizer). Suppose the perturbation function is such that o(x) =
(7,%x), where & € RY is a random vector whose entries are sampled independently from
Exp(n). Then, for any f € F, argmin ., f(x) — o(x) has a unique minimizer with proba-
bility one.

Proof. Define x(o) as
x¢(0) € argmin f(x) — (7, X).
xXEX

For any o1, 02 we now show that x(o) satisfies the following monotonicity property
(xp(01) = x4(02),01 — 72) > 0.
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From the optimality of x¢(&1),x/(d2) we have

F(x4(01)) = (91, %4(01)) < f(x4(52)) = (01, %4(02))
= [(x4(02)) = (92, %£(52)) + (72 — 71, %(02))
< f(x1(01)) = (02,%4(01)) + (2 — 01, %4(72))-
This shows that (o2 — 71,%7(d2) — x¢(d1)) > 0. To finish the proof of Lemma, we rely
on Theorem 1 of Zarantonello |Zar73|, which shows that the set of points for which a
monotone operator is not single-valued has Lebesgue measure zero. Since the distribution

of & is absolutely continuous w.r.t Lebesgue measure, this shows that argmin, ., f(x)—0o(x)
has a unique minimizer with probability one. O

Main Argument

For our choice of perturbation distribution, E, [||o||z] = E5[||0]le] = nlogd. We now
bound the stability of predictions of OF TPL. First note that for our choice of primal space
(F, |l - ll7), 77 is the Wasserstein-1 metric, which is defined as

P, BR) = su Ey X)| — Ex~ x) | = inf Exx)~ollxi—x ,
AP = sip [Ban 60 ~Baen F60] | = _inf | Eoe Il

where I'( Py, P,) is the set of all probability measures on X x X with marginals P;, P, on
the first and second factors respectively. Define x;(o) as

x¢(0) € argmin f(x) — (7, %).
XEX
Note that V@ (f) is the distribution of random variable x;(7). In Chapter 2 we showed
that for any f,g € F
125d*D
; If = gll7

Since v#(V® (f), VP (9)) < E; [||xs(5) — x,(7)]1], this shows that OFTPL is O (d*Dn™')
stable w.r.t ||-]|#. Substituting the stability bound in the regret bound of Theorem 6 shows
that

Ez [lIx£(5) = x4(@)[11] <

T

> filxi) = fi(P)

t=1

sup E =nDlogd

pPeP

L 2D - )
t=1

t=1

B.4 Convex-Concave Games

Our algorithm for convex-concave games is presented in Algorithm 13. Before presenting
the proof of Theorem 7, we first present a more general result in Section B.4.1. Theo-
rem 7 immediately follows from our general result by instantiating it for the uniform noise
distribution.
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Algorithm 13 OFTPL for convex-concave games

1: Input: Perturbation Distributions Pl—_l,RTB, P%RTB of x,y players, number of samples m, iter-

ations T'
2: fort=1...T do
3: if t =1 then
4: Sample {Uij}?’:p {Uij}}”:l from Pogprg, Pirrs
5: x; = L Py argminx€X<—aij,x)] y1=1 [Zzzl argmaxyey@ij,y}
6: continue
7 end if
8: //Compute guesses
9: forj=1...mdo
10: Sample O'tlJ ~ Plerg, O'Zj ~ P%RTB
11: Xi—1j = arxgerflvin<zz;} Vif(Xi,yi) — at{j,x>
12: Yi-1j = argﬂjlbe(Zf;% Vyf(xi,yi) +02,¥)
13: end for ve
14: X1 =+ Do X1, Vi1 = 1 D V-1,
15: //Use the guesses to compute the next action
16: for j=1...mdo
17: Sample O'tl’j ~ Plpre: O’Zj ~ Piarg
18: Xt = ar}(gg?n(Zf;} Vi f(%i,¥i) + Ve f(Xe—1,¥e-1) — atlJ, X)
19: yij = argg}aﬂzf;% Vyf(xi,yi) + Vy f(Xe—1,¥i-1) + UtQ,ja y)
y

20: end for

2l: Xt = o Do X Vi = m Do Yt
22: end for

23: return {(x;,y:)},

B.4.1 General Result

Theorem 27. Consider the minimaz game in Equation (5.1). Suppose f is convex in X,
concave in'y and is Holder smooth w.r.t some norm || - ||

IVief (x,y) = Vief (X, y)lls < Lallx = x[[* + Lally = ¥'[I%
IVyf(x,y) = Vy f(x y)lls < Lafx = X||* + Lafly = y'II*

Define diameter of sets X,Y as D = max{sup,, ,cx X1 — X2, supy, y,ey [|y1 — yal|}. Let
L ={Ly, Ly}. Suppose both x and 'y players use Algorithm 2 to solve the minimaz game.
Suppose the perturbation distributions Ppprg, Phrrp, used by x, y players are absolutely
continuous and satisfy Bypy  [llolls] = Eqgupz llloll.] = n. Suppose the predictions of
both the players are Cn~'-stable w.r.t || -||.. Suppose the guesses used by x,y players in the
' iteration are Vi f(Xi—1,¥i-1), Vy f(Xi—1,¥t-1), where X;_1,y;—1 denote the predictions
of X,y players in the t'* iteration, if guess g, = 0 was used in that iteration. Then the
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iterates {(x;,y:)}—, generated by the OFTPL based algorithm satisfy

T T 1+a
1 1 U W, D 2nD
/ (fzxt,y) s <x,fzyt>] cor, (1LY 200
t=1 t=1

20C L2 <\I!1\I/2D) <5CL)3
+ +10L
n Vvm n

Proof. Since both the players are responding to each others actions using OFTPL, using
Theorem 5, we get the following regret bounds for the players

sup [E
xeX,yey

T \Ifl\Ing 1+«
E — < LT D
B |3 S0 f(x,yt)]_ 7 (TER)
o7
2—2 Vs (%6, ¥8) = Ve (Re1, 51-1) 7]
-1
n &
__C'Z ||Xt — x| }
T 1+a
\111\112D>
sup E X, y) — f(Xe, < LT +nD
B |3 ) f(tyt)] 7 (T22)

T

Z Hvyf Xt,yt) — Vyf(Xio1, S’tfl)l‘z]

T
— ISR [y - vl
C — t t—

First, consider the regret of the x player. Since ||a; + - - -+ as||* < 5(||a1||*- - - + ||as||?), we
have

IVsf (%, 1) = Ve (Kee1, Vi) 17 <5V (%6, ¥0) — Vi f (x5, y0) |12
+ 5]V f (%%, y1) — Vi f (x52%, )1
+ 5[V f (37, ¥77) — V[ (X221, ¥12 1)“2
5[ Vaf (X221, 5521) = Vaf (X221, 5012
5V f (X521, ¥i1) = VS (RKio1, Vi) |12

(a)

< 5L7||x — x{°|]** 4 5L || %o — X524 [|*
+ 5Ly — yi°lI?* + 5L3||yi—1 — ¥ I
+ 5[V f(x2°,¥7°) — Vi f (X221, ¥20) |12

138



where (a) follows from the Holder’s smoothness of f. Using a similar technique as in the
proof of Theorem 5, relying on Holders inequality, we get

E [||Xt - X?O||2a|)~(t—17}~’t—1aXl:t—17y1:t—1] <E [th - X§o||2|)~(t—1aS’t—laxl:t—laYI:t—l}a

< UE [th — x5 %1, 5’t—1>X1:t—17Y1:t—1]a

«2 U, U, D\ 2
—_ \/E )

where (a) follows from the fact that conditioned on past randomness, x; —x7° is the average
of m i.i.d bounded mean 0 random variables, the variance of which scales as O(D?/m). A
similar bound holds for the expectation of other quantities appearing in the RHS of the
above equation. Using this, the regret of x player can be upper bounded as

U, U,D\ 10CL2T (U, ¥,D\**
12) —|—77D+ (12)

sup £ ;f(xtayt) - f(x, yt)] < LT < vm

xeX

5C o oo oo oo
+%ZE[||fo(xt Y = VS (&2 321
t=1

T
77 o0 500
Ysl ;E [th - Xt71||2] .

Similarly, the regret of y player can be bounded as

U, U,D\ 10CL2T (U, U,D\*
12) —|—T]D—|— (12)

sup E ;JC(XmY) - f(Xth)] < LT ( Jm vm

Yey

5C o o oo oo
+ o ZE IV f(x2,y5°) = Vy f(X2 L, 52012
t=1

T
n o =~
- % ;E [HYt - Yt—l‘ﬂ .

Summing the above two inequalities, we get

sup K Zf(XuY)—f(X,ylt)

XEXy€EY —1

U, U,D\ 20CL2T (W, UyD\ >
12)+277D+OC (12)

Sz“T< v N

5C o oo
t o D E IV (x5, 57°) = Vi (X2, 7)) 112]
t=1

5C oo oo
t=1

T
— 56 2 (E Iy =527 + E [ — %2, )

t=1
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From Holder’s smoothness assumption on f, we have

E [[[Vaf (x5°,¥5°) = Vi /(X2 1, 52 )IZ] < 2B [V f (x5°,57°) = Vaf (x2°, 720 17]
+ 2E [||fo(x§°,§f§°1) fo(i?ilaf’fiﬂ“ﬂ
(a) ~ 00 Jo%
< 2L°E [th — X |2a} +2L°E [Hyw?o — Y1 |2 } )
Using a similar argument, we get

E [ Vyf(x2%,55%) = Vo f&21 320 I1] < 2L°E (|7 — %22, ]1*] + 2L°E [|ly° — 375, 1] -

Plugging this in the previous bound, we get

T 1+« 2 2a
U, Uy D 20CL*T (W, ¥,D
sup E E (x¢,y xyt)] §2L1T( 12 ) +2nD + ( 12 )
n
=1

XEXYEY vm N

10CL2 <&
+

(B [l =% %] + E [llye* = 572 0%])
t=1

T
- 56 2 Ely® = 3257 +E I - %2,07])

t=1

Case a = 1. We first consider the case of a = 1. In this case, choosing n > +/20C'L, we

get
T 1+« 2 2a
v\ WyD 20CL*T (Vv UyD
o) = Ty | <2t (BEE) o+ (M=)
; ¢ ! vm n vm

sup E
xeXye)y

General a. The more general case relies on AM-GM inequality. Consider the following

10CL2, o o o _1ia RNt Y
Tl -2 = ((2ac) ey Fr ooy e ) T (1 25

(a) 14+ ~
< (1—a) ((2a0) ey HE(100LY) 77 ) + x5, |

14+a
V20CL "
:\/%L< p +20||xt — %5 )7

where (a) follows from AM-GM inequality. Plugging this in the previous bound, we get

T 14+«
sup E Zf(xt,y) — f(x, yt)] <2I4T (\D\jj_ﬂ)> +2nD

14+a
2OC’L2T 20CL\ " °
( ) +4\/3LT<\/_ ) .

n
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The claim of the theorem then follows from the observation that

1 — 1 — 1
E f sztay _f Xafzyt STE
t=1 t=1

> fxy) = f(xy0)

B.4.2 Proof of Theorem 7

To prove the Theorem, we instantiate Theorem 27 for the uniform noise distribution. As
shown in Corollary 1, the predictions of OFTPL are dDn~!-stable in this case. Plugging
this in the bound of Theorem 27 and using the fact that 1 = ¥y =1 and o = 1 gives us

RN 1 < D\> 2D
f<TtZ:;X“y> —f<X,TtZ:1:yt>] <2L (ﬁ) _|_77T
20dDL? [ D \* 5dDL\ >
= (ﬁ) +10L<—77 ) |

Plugging in n = 6dD(L + 1), m = T in the above bound gives us
T T
| 1 dD*(L + 1)
f (T ;Xh}’) —f (XaftZ;Yt) <0 (—) :

T
B.5 Nonconvex-Nonconcave Games

sup [E
XEX,yeY

sup E
xeX,ye)y

Our algorithm for nonconvex-nonconcave games is presented in Algorithm 14. Note that in
each iteration of this game, both the players play empirical distributions (FP;, Q). Before
presenting the proof of Theorem 8, we first present a more general result in Section B.5.1.
Theorem 8 immediately follows from our general result by instantiating it for exponential
noise distribution.

B.5.1 General Result

Theorem 28. Consider the minimazx game in Equation (5.1). Suppose the domains X,
are compact subsets of R%. Let F,F' be the set of Lipschitz functions over X,)Y, and
lgill=, llg2ll= be the Lipschitz constants of functions g1 : X — R, g2 : Y — R w.r.t some
norm || - ||. Suppose f is such that max{sup,cy || f(-,¥)|7 supyey || f(x,-)|l7} < G and
satisfies the following smoothness property

IVaf(x,y) = Vi f(x', )|« < Lljx =x'|| + Llly = ¥'ll,
IVyf(x,y) = Vy (X, ¥ < Llx =X + Llly — ¥'||.

Let P, Q be the set of probability distributions over X,Y. Define diameter of P, Q as D =

max{supp, p,ep V7 (P1, P2),sUpg, g,c0 V7 (Q1,Q2)}. Suppose both x,y players use Algo-
rithm 3 to solve the game. Suppose the perturbation distributions Ppppp, Peprg, used by X,
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Algorithm 14 OFTPL for nonconvex-nonconcave games

1: Input: Perturbation Distributions Pl—_l,RTB, P%RTB of x,y players, number of samples m, iter-

ations T

2: fort=1...T do

3: if t =1 then

4: for j=1...mdo

5: Sample atl’ ;™ P%’RTB» Jt% i~ PPQ’RTB
6: X1 = argmingcy —aij (x)

7: Y1,j = argmaxycy U%j (y)

8: end for

9: Let P, Q1 be the empirical distributions over {xl,j};”:l, {ij}}-n:l
10: continue
11: end if

12: //Compute guesses
13: for j=1...mdo

14: Sample atlJ ~ PI%RTB7 at2,j ~ PéRTB
- . =1

15: i1, = argmingey Yoy f(%, Q) — 0} ;(x)
_ 1

16: Vi1, = argmaxycy S f(PLy) + UtZ,j (y)

17: end for
18: Let P,_1, Q¢_1 be the empirical distributions over {)th_u};-”:l, {S’t—l,j};'n:l

19: //Use the guesses to compute the next action

20: for j=1...mdo

21: Sample Utl, i~ PI%RTB> O’tz,j ~ P}gRTB

22: Xt,j = argmingey >y (%, Qi) + f(x, Qu-1) — 07 5(x)
23: Yi,j = argmaxycy ZE;% (P, y) + f(P_1,y) + Uij(Y)

24: end for

25. Let P, Q; be the empirical distributions over {x; ; };nzp {yei} g'n:l
26: end for

27: return {(P;, Q:)}L,

y players are such that argmin, .y f(x)—0(x), argmax,cy, f(y)+o(y) have unique optimiz-

ers with probability one, for any f in F,F' respectively. Moreover, suppose Eonr,s lloll=] =
Eswpz,. . lloll=] = n and predictions of both the players are Cn~'-stable w.r.t norms || -

|7, || 7. Suppose the guesses used by x,y players in the t iteration are (-, Qu—1), f(Pi1, -),
where P,_1,Q;_1 denote the predictions of x,y players in the t* iteration, if quess g, = 0
was used. Then the iterates {(P;, Q:)}Y_, generated by the Algorithm 13 satisfy the follow-

ing, for n > v/3CL

T T
1 1 nD CD2L2)
sup E = E P, —flx = E =0 |+
XGX’E’)G); ! (T t=1 t y) g ( IS Qt) ( T nm
222 272
L0 (min{dC\pl\%G log(Zm)7 CD*L }) |
nm n

Proof. The proof of this Theorem uses similar arguments as Theorem 27. Since both the
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players are responding to each others actions using OFTPL, using Theorem 6, we get the
following regret bounds for the players

T T

SUEE Z [P, Q) — [(x, Qt)] <nD+ Z %E [Hf(7 Q) — f(, Qt—l)H?F}
xe t=1 t=1
T

- %;E [7-7"<Ptoo7f)t 1)2] )
T T
C .

B | f(Py) = F(PLQ)| <00+ 3 5 B [I1(Pe) = S(Pi l3

ye =1 t=1

_ 1 3g Q. @)

where P, P, Q% Q°, are as defined in Theorem 6. First, consider the regret of the x

player. We upper bound |[f(-,Q;) = f(-, Qe-1)[|3 as
Hf(?Qt) - f('7@t—1)||3—' < 3||f<7Qt) - f(7Q;€)O)~||3-'
350, QF) = (. QIR
+3[[f( Q1) — f(, Qz%l)”%—"

We now show that E ||| f(-, Q) — f(-, Q)% Pr—1, Qi—1, Prs—1, Qr:e—1| is O(1/m). To sim-

plify the notation, we let (; = {f)t_l,Qt_l, Pii 1,Q14 1}. Let N, be the enet of X w.r.t
| - |]. Then

17(,Q0) = £, Q)1 < sup [V f (x, Q1) = Vi (6, @)1l

(b)
é Suj\};; Hvxf(X7 Qt) - fo(X, Q?o)H* + 2L67
xeNe

where (a) follows from the definition of Lipschitz constant and () follows from our smooth-
ness assumption on f. Using this, we get

E [||f(7Qt) - f(a Q?O)HQ_FKIS} < 2KE sup ||vxf(X7Qt) - vxf(xv Qfo)“z

XEN&

Ct} + 8L2€2,

Since f is Lipschitz, |Vxf(x,¥)|l« is bounded by G. So ||Vxf(x,Q:) — Vxf(x, Q)|
is bounded by 2G and ||Vif(x,Q:) — Vxf(x,Q)|]2 is bounded by 2¥;G. Moreover,
conditioned on past randomness ((;), Vi f (X, Q) — Vi f(x, Q¢°) is a sub-Gaussian random
vector and satisfies the following bound

E [(u, Vi f (%, Qr) — Vi f (x, Q)| ¢] < exp (2U3G?|ul|3/m) .
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From tail bounds of sub-Gaussian random vectors [HKZ 12|, we have
4UIG?
1 <t> S e*S’

for any s > 0. Using union bound, and the fact that log|N;| is upper bounded by
dlog (1 +2D/e), we get

(d+ 2V ds + 2s)

P (Hvxf(x, Q1) — VS (x, Q)2 >

2,2
(sup [V f(x, Q1) — Vi f(x, Q)5 > ”;f (d+2Vds + 25)|G

XEe

) < e—s+dlog(1+2D/e)

Let Z = supyep: | VxS (%, Q1) — Vi f(x,Q5°)||3. The expectation of Z can be bounded as
follows
E[Z|G] =P(Z < a|lG)E[Z|G, Z < a] + P(Z > a|G)E [Z[¢, Z > d
<a+4VIiG*P(Z > a|().

44dW3G? log(1+2m1/2)
m

Choosing ¢ = Dm~™'/2 s = 3dlog(1 + 2m'/?), and a = , we get

48dW2G? log(1 + 2m!/?)
- :

This shows that E[|| f(-, Q:) — f(+, Q)| %|¢] < %dlp%\p%GQ;:g(lwml/Q) + D:ZL Note that
another trivial upper bound for || f(-, Q¢) — f(+, @¢°)|| 7 is DL, which can obtained as follows

Hf(aQt) - f(7 Qtoo)H]: = }Sclelg Hvxf(xa Qt) - fo(x, Q?O)”*

= ||Ey1~Qt,y2~Q?° [fo(x, YI) - fo(X, y2)] H*

(a)
< LD,

E[Z]¢G] <

where (a) follows from the smoothness assumption on f and the fact that the diameter of
X is D. When L is close to 0, this bound can be much better than the above bound. So
we have

E 1/ Q0) — £ Q)|%I¢] < min (

Using this, the regret of the x player can be bounded as follows

96dW2W2G2log(1 + 2m'/?) N 8D?L? | LQDQ) |
m

24CD?L*T
nm

sup E Zf P Q) f(X7Qt)] <D+

xeX

i (288d0\11§q;§G2T10g(1+2m1/2) 3CD2L2T>
min ,
nm U
T

> 208 [0 - £ QI

t=1

_%ZT:]E [7}‘ (£, ~t 1)2}-

t=1
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A similar analysis shows that the regret of y player can be bounded as

T

sup E Zf(Pt7Y> — f(P, Q1)

ey o =1

24CD?L*T

<nD +
nm

?

+ min (288d0\1/§\1/gG2T10g(1 + 2m1/?) 3CD2L2T>
nm 1

T

w3 Lk e, ) - 1B

- %ZE RN

Summing the above two inequalities, we get

T
48CD?L*T
sup K Zf(Pt,y) —f(PQ)| <2nD+ ————
xEX,yeY —1 nm
: (576d0\1;§\113G2T10g(1 + 2m1/?) 6CD2L2T>
+ min ,
nm n

+ +
NERNGE
M= 2|8 ¥[8

E{I£(.Q) = FQE0I3

il
!

E [P, ) = (B2l

w
Il
—

E

( [t 2]+ 1@ 07

b
Q

o~
Il

1

From our assumption on smoothness of f, we have

1F(, Q) = (- Q) F < Lym (@, Qy),  IF(P°, ) = F(BX, 7 < Lys(Pe, Prey).
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To see this, consider the following
Hf(? ng) - f(7 Qil)”f = )S:elzl\),’ Hvxf(x7 Q:‘,)o) - fo(X, Qtoil)H*
= sup (u, Vif(x,Q77) — Vif(x, Qil»

x€X,||u||<1

= Sup EyNQ?O [<u7 fo(X, Y»] - EyNQgil [<u> fo(X, Y)>]

xEX,||ul|<1

<e(Q, Q1) sup  [[{w, Vi f (x| &

x€X,||ul|<1
S are u7vxf X,y — 4, vxf X,y
=m(QF Q%) sup ( sup ! oy 2l
x€X [|u]| <1 \y1#y2€Y ||Y1 - Y2||
0 Ao Vif(x,¥1) = Vi f(X,52) I«
< (@ Qi sup s ITBex) = W]
x€X \y1#£y2€) ||Y1_YQ||

(a) ~
< LPVF’(Q?? Qtoil)7

where (a) follows from smoothness of f. Substituting this in the previous equation, and
choosing n > v/3C'L, we get

T

48C D LT
sip E|S f(Poy) — f(P.Q)| <2mp+ 02T
xeX,ye)y —1 nm
: (576d0\112{\113G2T10g(1 + 2m1/?) 6CD2L2T>
+ min ,
nm Ui
This finishes the proof of the Theorem. O

Remark B.5.1. We note that a similar result can be obtained for other choice of function
classes such as the set of all bounded and Lipschitz functions. The only difference between
proving such a result vs. proving Theorem 28 is in bounding || f(-, Q¢) — f(-, Q)| =

B.5.2 Proof of Theorem 8

To prove the Theorem, we instantiate Theorem 28 for exponential noise distribution. Re-
call, in Corollary 2, we showed that E, [||o||7] = nlogd and OFTPL is O (d*Dn~!) stable
w.r.t || || 7, for this choice of perturbation distribution (similar results hold for (F', ||-||#)).
Substituting this in the bounds of Theorem 28 and using the fact that U; = /d, ¥y = 1,
we get

T T
1 1 nDlogd d2D3L2>
su E T PJ - X, = =0 +
S E S (T; t y) f ( T;@) < - s
. [d*DG?*log(2m) d2D3L2}>
+0 (mln { ) :
nm n
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Choosing n = 10d*D(L + 1),m = T, we get

1 & 1 (DXL +1)logd
() (s he)| o ()

2,72
+0 <min {%;gm’ DQL}) .

sup [E
xXEX,yeY

B.6 Choice of Perturbation Distributions

Regularization of some Perturbation Distributions. We first study the regular-
ization effect of various perturbation distributions. Table B.1 presents the regularizer R
corresponding to some commonly used perturbation distributions, when the action space
X is l, ball of radius 1 centered at origin.

H Perturbation Distribution Pprry ‘ Regularizer H

Uniform over [0, 7]? nllx— 1|3
Exponential P(o > t) = exp(—t/n) Z n(x; + 1) [log(x; + 1) — (1 +log2)]

Gaussian P(0 = t) oc e /27" Z supu [x; — 1+ 2F(—u/n)]

Table B.1: Regularizers corresponding to various perturbation distributions used in FTPL
when the action space X is /., ball of radius 1 centered at origin. Here, F' is the CDF of
a standard normal random variable.

Dimension independent rates. Recall, the OFTPL algorithm described in Algorithm 13
converges at O (d/T) rate to a Nash equilibrium of smooth convex-concave games (see The-
orem 7). We now show that for certain constraint sets X', ), by choosing the perturbation
distributions appropriately, the dimension dependence in the rates can potentially be re-
moved.

Suppose the action set is X = {x : ||x]| < 1}. Suppose the perturbation distribution
Pprrg is the multivariate Gaussian distribution with mean 0 and covariance 1n%1;.4, where
I q s the identity matrix. We now try to explicitly compute the reguralizer corresponding
to this perturbation distribution and action set. Define function ¥ as

V(1) = B [+, = a1 + ol

As shown in Proposition 2, the regularizer R corresponding to any perturbation distribution
is given by the Fenchel conjugate of ¥

R(x) = Sgp<f, x) — V(f).
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Since getting an exact expression for R is a non-trivial task, we only compute an approzi-
mate expression for R. Consider the high dimensional setting (i.e., very large d). In this
setting, ||f + ol|2, for o drawn from N(0,7%I4x4), can be approximated as follows

1 +olle = JIFI3+ ol + 27, 0)
21713 + v+ 2(f.0)

b)
2113+

where (a) follows from the fact that ||o||3 is highly concentrated around n?d [HKZ+12]. To
be precise

—

P(||o||2 > n?(d + 2Vdt + 2t)) < e

A similar bound holds for the lower tail. Approximation (b) follows from the fact that (f, o)
is a Gaussian random variable with mean 0 and variance n?|| f||5, and with high probability
its magnitude is upper bounded by O(n]||f|l2). Since n||flls < Vdn|lfllz < |fI2 + n*d,
approximation (b) holds. This shows that W(f) can be approximated as

() = AJIFI5 + .

Using this approximation, we now compute the reguralizer corresponding to the perturba-
tion distribution

R(x) = Sl}p<f, x) — U(f) ~ Sl}p<f, x) — A/ IfI3 + n?d = —nVdy /1 — |3

This shows that R is nv/d-strongly convex w.r.t || - || norm. Following duality between
strong convexity and strong smoothness, W(f) is (n?d)~'/? strongly smooth w.r.t || - ||
norm and satisfies

IVU(fr) = VE(£)ll2 < (d) 2] fi = felle.

This shows that the predictions of OFTPL are (n%d)~'/2 stable w.r.t || - [|» norm. We now
instantiate Theorem 27 for this perturbation distribution and for constraint sets which are
unit balls centered at origin, and use the above stability bound, together with the fact that
B [|loll2] = nv/d. Suppose f is smooth w.r.t || - || norm and satisfies

Vi f(x,y) = Vi f (X, ¥ )2 + IVy f(x,5) = Vy f(X,¥)]l2 < Li|x = x'||2 + L]y — ¥

Then Theorem 27 gives us the following rates of convergence to a NE
1 T
(%) s (15| <5
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Choosing n = 6L/\/E, m =T, we get O (%) rate of convergence. Although, these rates are
dimension independent, we note that our stability bound is only approximate. More accu-
rate analysis is needed to actually claim that Algorithm 13 achieves dimension independent
rates in this setting. That being said, for general constraints sets, we believe one can get
dimension independent rates by choosing the perturbation distribution appropriately.

B.7 High Probability Bounds

In this section, we provide high probability bounds for Theorems 5, 7. Our results rely on
the following concentration inequalities.

Proposition 14 (Jin, Netrapalli, Ge, Kakade, and Jordan [Jin+19]). Let Xi,... X be K
independent mean 0 vector-valued random variables such that || X;||2 < B;. Then

K
t2
Pl Xil2> t> < 2exp (—c—) :
(1> S5 5

where ¢ > 0 1s a universal constant.
We also need the following concentration inequality for martingales.
Proposition 15 (Wainwright [Wail9|). Let Xi,...Xgx € R be a martingale difference
sequence, where E[X;|F;_1] = 0. Assume that X; satisfy the following tail condition, for
some scalar B; > 0
Xi
v (\E

K
iy (‘ZX
=1

where ¢ > 0 is a universal constant.

> z\f,-_l) < 2exp(—27).

22
>z <2exp| —Cc———],
Y A S S

Then

B.7.1 Online Convex Learning

In this section, we present a high probability version of Theorem 5.

Theorem 29. Suppose the perturbation distribution Pprrp ts absolutely continuous w.r.t
Lebesgue measure. Let D be the diameter of X w.r.t || - ||, which is defined as D =
SUPy, xpen |[X1 — Xa|. Let n = E, [||o]|.], and suppose the predictions of OFTPL are Cn™'-
stable w.r.t || - ||«, where C is a constant that depends on the set X. Suppose, the sequence
of loss functions {f;}1_, are G-Lipschitz w.r.t || - | and satisfy supecy ||V fi(x)]l. < G.
Moreover, suppose { fi}I_, are Holder smooth and satisfy

Vx1,x0 € X [|[Vfi(x1) — Vfi(x2)|l« < Lijx1 — x2||%,
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for some constant « € [0,1]. Then the regret of Algorithm 2 satisfies the following with
probability at least 1 — o

T

supzftxt <nD+Z—||vt gl - Zwuxt - x|

xeX
[Tlog 2 V2022 og AT/5\ =
+¢GD M%—cLT( Vo D7 log /5) ’
m m

where ¢ is a universal constant, X7° = E [x¢|gt, f1.i—1, X1.0-1] and X2, = E [Xy—1| fr.e-1, X1:4-1]
and %X,_, denotes the prediction in the t' iteration of Algorithm 2, if guess g, = 0 was used.
Here, Uy, Wy denote the norm compatibility constants of || - ||.

Proof. Our proof uses the same notation and similar arguments as in the proof Theorem 5.
Recall, in Theorem 5 we showed that the regret of OFTPL is upper bounded by

T T
D i) = filx) Y00 =X, V) +nD+ZHXt = %IV = gell«
t=1

t=1 t=1

T
/r] indle o} (o] o0 500
__CZ(HXt — Xy H2+HXt _Xt71H2)
t=1
T C T n
(Xt—Xfo»VO+77D+Z%\Wt—9t|\z—2%“xfo—it—1\|2-

1 t=1 t=1

<

7~

t

From Holder’s smoothness assumption, we have
(xi = X%, Vi = Vfi(x%)) < Llx — 7|+

Substituting this in the previous bound gives us

T
Z ft(Xt -
t=1

INA
Mq

—x°, Vi(x7) +ZLHX1€_Xt [ +nD
—_——

t=1 Sy

;

-~

S1
T C T n
— V . 2 o © 3 2.
+ 3 5V al = 3 g -5

We now provide high probability bounds for S; and S5.

Bounding S;. Let & = {gi11, fir1, %:} and let &y, denote the union of sets &, &1, ..., &.
Let ¢ = (x; — x°, Vf,(x°)) with ¢, = 0. Note that {¢;}7, is a martingale difference
sequence w.r.t &.r. This is because E [x¢|&p.¢—1] = x° and V f;(x§°) is a deterministic
quantity conditioned on &p;—1. As a result E[(;|&..—1] = 0. Moreover, conditioned on
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€o:t—1, (; is the average of m independent mean O random variables, each of which is
bounded by GD. Using Proposition 14, we get

P (lol 2 ofeus-r) < 2o (s )

Using Proposition 42 on the martingale difference sequence {(;}7_,, we get

T ms?
P (‘ ;Q > s) < 2exp (_C—GQDQT) ,
where ¢ > 0 is a universal constant. This shows that with probability at least 1 — 4/2, S}

is upper bounded by O (\/ %ﬂog‘%) .

Bounding S;. Conditioned on {g;, f1.+—1, X1.4-1}, X; —X7° is the average of m independent
mean 0 random variables which are bounded by D in || - || norm. From our definition of
norm compatibility constant W5, this implies the random variables are bounded by W,D
in || - ||2. Using Proposition 14, we get

clogdT/é
PO&—XﬂMZWﬂMF—%;L

Since the above bound holds for any set of {g;, f1.1, X141}, the same tail bound also holds
without the conditioning. This shows that

1+«
cU2W2D?%logdT/6\ 2 )
PO&—ﬁW”z( D o) ><

)
< —.
- 2T

gtaflzt—laxlzt—1>

m =27
where we converted back to || - || by introducing the norm compatibility constant ;.

Bounding the regret. Plugging the above high probability bounds for S, Sy in the
previous regret bound and using union bound, we get the following regret bound which
holds with probability at least 1 — 9

ET: Tlog2/6 W2U2D2log AT /6 &
ft(Xt>_ft(X> SCGD\/$+CLT< 1*2 — > —|—T]D
t=1

T o T 0
2 0 ~00 2
+) %Hvt —al?=)" %th = %27,
t=1 t=1
where ¢ > 0 is a universal constant. ]
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B.7.2 Convex-Concave Games

In this section, we present a high probability version of Theorem 7.

Theorem 30. Consider the minimaz game in Equation (5.1). Suppose both the domains
X, Y are compact subsets of R?, with diameter D = max{sup, y,cx [[X1 — Xa|2, 5upy, yoey [[y1 — yall2}-
Suppose f is convex in X, concave in'y and is Lipschitz w.r.t || - |2 and satisfies

mox{ s |9 0y)len_swp [/ y)ll) <G

x€X,yc) xEX,y€

Moreover, suppose [ is smooth w.r.t || - ||2

VS (,y) = Vi f (< ¥) 2 + [[Vy f(,¥) = Vy (X, y)ll2 < Llix = X'[l2 + Llly = y'll2-

Suppose Algorithm 15 is used to solve the minimax game. Suppose the perturbation dis-
tributions used by both the players are the same and equal to the uniform distribution
over {x : ||x]la < (1 + d Y)n}. Suppose the guesses used by x,y players in the t'" it-
eration are Vyxf(Xe—1,¥1-1), Vy f(Xi—1,¥t-1), where X;—1,¥:—1 denote the predictions of
x,y players in the t'" iteration, if quess gz = 0 was used. If Algorithm 13 is run with
n = 6dD(L + 1),m = T, then the iterates {(x;,y:)}_, satisfy the following bound with
probability at least 1 — 9

GDylog 5 DAL+ 1) (d + log 1)

=0 T T

sup
xeX,yc)y

1 < 1 <
f(ftzlxb}I) _f(X’TtZIYt)

Proof. We use the same notation and proof technique as Theorems 27, 7. From Theorem 1
we know that the predictions of OFTPL are dDn~! stable w.r.t || - ||o, for the particular
perturbation distribution we consider here. We use this stability bound in our proof. From
Theorem 29, we have the following regret bound for both the players, which holds with

probability at least 1 — /2
T
T'log8/9 D?log 16T/6
sup | Y f(xe,ye) = fxy1) | < CGD\/EJFCLT <L/) oD
1 m m

xeEX —
dD <
+ g 2 Vst 31) = Vaf (%1, 5o 3]
t=1
n T
~ 24D tz:; (x5 — %324 [13] -
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T

sup Z f(xey) = f(xe,5)
YEY [i=1

Tlog8/6 D?loc 16T/6
<oy T1o88/0 | pp (g—/) 0D
m m

dD <& e
2—2 IV f (%0, ¥1) = Vy f(Rer, Fe1)I3]
t=

T
= 3 [y - )

t=1

First, consider the regret of the x player. From the proof of Theorem 27, we have

IV f (%6, ¥¢) = VS (Xe—1, Yeo1) |5 < L% — x5°(|5 + 5L || %1 — X724 |13
+ 5L lyr — yi°ll3 + 5L |[ye—1 — ¥4 ll3
+ 5| Va f (x°,75°) — Vi f (%21, 720) 13-

Moreover, from the proof of Theorem 29, we know that ||x, — x{°||3 satisfies the following
tail bound

- cD?log 16T'/4 )
P(lx—xCl; > —————) <
m 8T
Similar bounds hold for the quantities appearing in the regret bound of y player. Plugging
this in the previous regret bounds, we get the following which hold with probability at

least 1 — ¢
2 2
< c¢GD Tlog8/o <L+ 10dDL ) (cD 10g16T/5> -
m n m

T

F0D 57D [V 0%, y7) = Vol (321, 320 ]

T
— o= 3 [l =18

t=1

xeX

sup [Z f&e i) = f(x,3)

T
T1og8/5 10dDIL2\ { ¢D?log 16T/5
sup |3 Fxey) — Fxinye)| < ey 1882 +(L+ )( : /)T
MASZ P m n m
5dD e
0D+ > IVy (x5, y7°) = Vy F(&E L 720 113]

t=1

T
— S v - 9]

t=1

[\
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Summing these two regret bounds, we get

t=1

T
Tlog8/0 10dDL?\ (2¢D?log 16T/6
sup Zf(xt,y)—f(x,yt)] < 2cGD\/L/+ (L+ > ( cD”log 167/ >T+2nD
xeX,ye)y m n m

10dD < o R
+ o Z [HVXﬂXt Vi )_VXf(Xt717Yt—1)H§}
t=1
10dD &
+ =5 2 IV O, 37) = Wy f (5220, 7220 ]
t=1
T
= 55 2 L =% B+ v - v )
2dD t t—1112 t t—1112

t=1

From Holder’s smoothness assumption on f, we have

Vs f (x2°,55%) = Vi f (X1, 52015 < 20 Ve f (x5°,¥5°) — Vi f (x5°, 72015
+2||vxf(xfo>5’fol) xf(Xt—DYt—l)”g
§2L2||Xt _it71|’2+2L2”y1?0_5’§31”§7

Using a similar argument, we get

||vyf(xfoay;>o) - Vyf(fi?il,iffl)lli < 2L2||X§O - >~%—1”3 + QLQHY;,X) - 5’t—1||§-

Plugging this in the previous bound, and setting n = 6dD(L + 1),m = T, we get the
following bound which holds with probability at least 1 — ¢

<0 (GDqllog§+D2(L+ )(d—l—logg)) :

sup Zf (xt,y) = f(x.¥1)

xeX,ye)y

B.7.3 Nonconvex-Nonconcave Games

In this section, we present a high probability version of Theorem 8.

Theorem 31. Consider the minimaz game in Equation (5.1). Suppose the domains X,)
are compact subsets of R with diameter D = max{sup,, ,,cx [|x1 — Xa||1,supy, y,cy [[y1 —
vall1}. Suppose f is Lipschitz w.r.t || - |1 and satisfies

mm{ p Va6, ¥) o prVJ&JNm}SG

xeX,ye)y xeX,ye)y

Moreover, suppose f satisfies the following smoothness property

IVief (x,y) = Vief (X ¥ )loe + IVy /(%) = Vy (X, ¥) oo < Lllx = X[l + Llly — y'[1.
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Suppose both x and y players use Algorithm 1/ to solve the game with linear perturbation
functions o(z) = (,z), where 6 € R? is such that each of its entries is sampled inde-
pendently from Exp(n). Suppose the guesses used by x and y players in the t™ iteration
are f(-,Qi_1), f(Pi_1,-), where P_y,Q,_, denote the predictions of X,y players in the t™
iteration, if quess g; = 0 was used. If Algorithm 1/ is run with n = 10d*D(L +1),m =T,
then the iterates {(P;, Q:)}L_, satisfy the following with probability at least 1 — &

T
sup Zf(Phy)_f(XaQt):O

1 —

xexyey o T TV
PG log T + dG? log $

LT '

(d?D?(LH)logd GD 8)

+ O (min {DQL,

Proof. We use the same notation used in the proofs of Theorems 6, 28. Let F, F’ be the set
of Lipschitz functions over X', Y, and ||g1|| 7, ||g2]| 7 be the Lipschitz constants of functions
g1: X =R, gp: Y > Rwurt| |1 Recall, in Corollary 2 we showed that for our choice of
perturbation distribution, E, [||c||#] = nlogd and OFTPL is O (d>Dn~') stable. We use
this in our proof.

From Theorem 6, we know that the regret of x,y players satisfy

r T
Zf(Pt, Qi) — f(x,Q) <nDlogd + Z<Pt ~ P f(0)
=1 t=1
~ _
d>D ~
#3590 — Gl
=1 ~
X ~s
o Z %W(thv Pry)?
=1
r T
Zf(Pth) — f(P, Q) <nDlogd+ Z<Qt — Q¥ f(P.,-))
=1 t=1
L cd?D i
+3 G IR = F(Brer,
=1

T
. Ui (O® O®.)2
; 2Cd2_ny]: (Qt 7Qt—1> Y
where ¢ > 0 is a positive constant. We now provide high probability bounds for 57, Ss.

Bounding S;. Let & = {PZ, Q.. P, Qir1} with & = {Q1} and let &y, denote the union of
sets &, ..., & Let ¢ = (P — P, f(+,Q:)) with ¢y = 0. Note that {¢;}, is a martingale
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difference sequence w.r.t .. This is because E [P|&o,—1] = P and f(-,Q;) is a deter-
ministic quantity conditioned on &p.;—1. As a result E [(;|€0+—1] = 0. Moreover, conditioned
on &1, ( is the average of m independent mean 0 random variables, each of which is
bounded by 2G'D. Using Proposition 14, we get

P (|Ct| > 5‘50:t—1) < 2exp (—%) )

Using Proposition 42 on the martingale difference sequence {(;}L,, we get

a ms?
P (‘ ;Q > s) < 2exp <_C—G2D2T> ,
where ¢ > 0 is a universal constant. This shows that with probability at least 1 — §/8, S}

is upper bounded by O (\/ %ﬁmgg) .

Bounding S;. We upper bound 55 as

315 QF) 100 I
+ 3”]6(7 Qz?il) - f('?Qt—l)H.%:‘

We first provide a high probability bound for ||f(-,Q:) — f(-, @)% A trivial bound for
this quantity is L?D?, which can be obtained as follows

Hf(v@t) - f(7 QtOO)H]'— = )S:EJE Hvxf<xv Qt) - fo<X, Q?O)Hoo

= ||Ey1~Qt,y2~Qt°° [fo(X, }’1) - VXf(Xa }’2)] ||Oo
(a)
< LD,

where (a) follows from the smoothness assumption on f and the fact that the diameter
of X is D. A better bound for this quantity can be obtained as follows. From proof of
Theorem 28, we have

1/ (. Qe) = (- QF)IF < 2 sup [ Vief (x,Qr) — Vi f (x, Q7) 15 + 8L¢".

xcNe

where N, be the e-net of X w.r.t || - ||. Recall, in the proof of Theorem 28, we showed the
following high probability bound for the RHS quantity

4dG?
P (sup Vs (%, Q1) = Ve f (%, Q)13 > 7G<d +2Vds + 2s>) < emetdlosaEb/a),
XEN&
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Choosing € = Dm~Y/? s = log% + dlog(1 + 2m'/?), we get the following bound for
Vif(x,Q;) — Vi f(x,Q5°)]|3 which holds with probability at least 1 — §/8

d 2
sup |[Vaf(x, Q1) — Vi f (x, Q)2 < 229¢

XEN&

(log? + dlog(1 + 2m1/2)) :

Together with our trivial bound of D?L?) this gives us the following bound for || f(-, Q;) —
f(-,Q:°)||%, which holds with probability at least 1 — /8

8D*L?
p—

20dG* ( 8
log 3

£ Q1) — £(, Q)% < min ( 8 dlog(l + 2m1/2>) ,DW) N

Next, we bound || f(-, @) — f(-, @°,)||%. From our smoothness assumption on f, we have

Hf(?Q?o) - f(,Q?Sl)H]-‘ < L’Yf’(@;?o7@?il)'

Combining the previous two results, we get the following upper bound for S5 which holds
with probability at least 1 — §/8

~ - 212
1F2 Q) — Qe < BL2m (22, 02 )2 + ot

120dG?
+ min ( 0dG <log§ + dlog(1 + 2m1/2)) ,6D2L2) :
m

Regret bound. Substituting the above bounds for Sy, S in the regret bound for x player
gives us the following bound, which holds with probability at least 1 — §/2

- 8
Tlog < d2D3L2T
> J(PuQd) = f(x,Q)) < nDlogd + O GD\/?+ -~

=1
d*DG?T d>D3L2T
+0 (min (—G (log§ + dlog(Qm)) ,—))
mmn 0 U

T T
3cd? D12 " N
+ E 277 ’y}—l(Qt 7Qt 1) - ;_1: 26d2D7f<Pt 7Pt—1>

t=1

Using a similar analysis, we get the following regret bound for the y player

d 8
[Tlog  @DI2T
Zf(Pt’Qt)_f(Xth)ST/DlOgd—i—O GD mg5_|_ o

=1
3D 2T 2D3L2T
+ 0 (min (u (10g§ + dlog(Qm)) , d—))
nm 4 n

T

3ed®DL? |, ~_
+Z—n F (P, Pry)? Z 2e2D " (@, Q)
t=1 =
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Choosing, n = 10d*D(L + 1),m = T, and adding the above two regret bounds, we get

T
sup > f(Puy) = f(x,Q) = O (dZD%L +1)logd + GDy [log %)

xeX,ye) i—1

2 8
+0 (min {D2LT, FGlog T | dG log }) .

L L

B.8 Background on Convex Analysis

Fenchel Conjugate. The Fenchel conjugate of a function f is defined as

fr(@*) = sup(z, 2") — f(x).

xT

We now state some useful properties of Fenchel conjugates. These properties can be found
in Rockafellar [Roc70].
Theorem 32. Let f be a proper convex function. The conjugate function f* is then a
closed and proper convex function. Moreover, if f is lower semi-continuous then f** = f.
Theorem 33. For any proper convex function f and any vector x, the following conditions
on a vector x* are equivalent to each other

e " € 0f(x)

* (z,x*) — f(2) achieves ils supremum in z at z = x

o flo)+ fr(a") = (z,27)
If (clf)(x) = f(x), the following condition can be added to the list

e xcdf*(z")
Theorem 34. If f is a closed proper convex function, Of* is the inverse of Of in the sense
of multivalued mappings, i.e., v € Of*(x*) iff x* € Of (x).
Theorem 35. Let f be a closed proper convex function. Let Of be the subdifferential
mapping. The effective domain of Of, which is the set dom(0f) = {x|0f # 0}, satisfies

ri(dom(f)) C dom(0f) C dom(f).
The range of Of is defined as rangedf = U{0f(z)|xz € R}. The range of Of is the effective

domain of f*, so

ri(dom(f*)) C rangedf C dom(f™).
Strong Convexity and Smoothness. We now define strong convexity and strong
smoothness and show that these two properties are duals of each other.

Definition B.8.1 (Strong Convexity). A function f: X — RU{oo} is S-strongly convex
w.r.t a norm | - || if for all z,y € ri(dom(f)) and a € (0, 1) we have

flaz+ (1= a)y) < af(@) + (1 - a)f(y) — 5Pa(l - o)z — y|"
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This definition of strong convexity is equivalent to the following condition on f [see
Lemma 13 of Sha(7]

fly) > f(z)+ {9,y —x) + %5Hy —a|?, for any z,y € ri(dom(f)),g € df(x)

Definition B.8.2 (Strong Smoothness). A function f : X — RU{oo} is S-strongly smooth
w.r.t anorm || - || if f is everywhere differentiable and if for all x,y we have

£9) < £() + (VS ()oy = )+ 55l — 2

Theorem 36 (Kakade, Shalev-Shwartz, and Tewari [KST09|). Assume that f is a proper
closed and convex function. Suppose f is [3-strongly smooth w.r.t a norm || -||. Then its
conjugate f* satisfies the following for all a,x with u = V f(x)

1

frlatu) = f(u) + (2,a) + %HaHf-
Theorem 37 (Kakade, Shalev-Shwartz, and Tewari [KST09|). Assume that f is a closed
and convez function. Then [ is B-strongly conver w.r.t a norm || - || iff f* is %—strongly

smooth w.r.t the dual norm || - ||«.
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|Appendix C

Supplementary Material for Chapter 4

C.1 Proof of Proposition 3

Let f(x) = 3(x, Ax) + (b,x) + ¢, for some A € R™? b € R% ¢ € R. The gradient and
Hessian of f at x are given by

1 1
Vfx) = 5(A+AT):)<+b, Vif(x) = §(A+AT).
Gradient. From the definition of f, we have

1
Ey, vonsi-1 [C’_lvlf(x +Cvy + CVQ)} = -~ Ey, vyusi-t [C_lvl(x + Cvy + Ovy)TA(x + Cvy + CVQ)}

2 ~ TV
T
+ Ey, vongdt [C‘lv1<b, X+ Cvy + CV2>:| i

J/

Ty
First consider 7T}
Ey, vongi-t [CTVi(x+ Cvy + Cva)"A(x 4+ Cvy + Cvy)]

=E,, vyusa1 [CTvi] XxTAx + By, y,g0-1 [CT'vi(vi + va) "'CAC(vi + v2)]
+ Ey, voosi-t [C’lleTAC(vl +vo) + O vy (v + V2)TCAX] )

Since vy, vy are independent random variables whose distributions are symmetric around
origin, it is easy to see that the first two terms in the RHS are 0. So we get

Ey, vomsit [CT'Vi(x + Cvi 4 Cva)"A(x + Cvy + Cvy)]
- ]E’Vl,VQNS"l*1 [CilVlXTAC(Vl + V2) + Cilvl (Vl + V2>TCAX}
= Evl,VQNSd*1 [CilV1XTACV1 + C’flvlv?CAx}

= C'Ey,ga1 [viv] | C(Ax + ATx) = é(A + AT)x,
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where we used the fact that E,, . gi—1 [VIVIT} = é_fdxd. Now consider 715

1
Ey, vonsi-1 [C'_lvl(b,x + Cvy + CV2>} =E,, [C’_lvl<b, CV1>} = C—lb.
Substituting the above expressions for 77,75 in the first display gives us

1
EVl,VQNSd71 [Cilvlf(:x + CVl + CVQ):| == EVf(X)

Hessian. From the definition of f, we have

Ey, vonsi-t [CTH(Vive 4+ vov] )C T f(x+ Cvi + Ovy)]

1
= EEVLVQNSd—l [C7 (vivy +vav] )C 7 (x4 Cvi 4+ Cva) " A(x + Cvy + Cv)]

+ EVl,VQNSd_l [C_l(VlVg + V2V{)0_1<b, X + CVl + CVQ)]

Since vq, vy are independent random variables whose distributions are symmetric around
origin, it is easy to see that the second term in the RHS above is 0. So, consider the first
term

EVl,VQNSd_l [C_l(leg + V2V:1T)C—1<X + OVl + CVQ)TA(X + CVl + OVQ)]
=Eq, vonsir [CTHVIVE +vov] ) CTH (v + v2) TCAC(vy + v2))]
=2E,, y,gi-1 [CT (viv])CAC (vovy )C™ + C 7 (vivy )CAC (vivy )C7

where we relied on the fact that odd moments of vy, vy are zero. Continuing, we get

Ey, vynsi-1 [C_l(vlvg + nglT)C’_l(x +Cvy + OVQ)TA(X + Cv; + CVQ)}

2
= ﬁ(A + AT)>
where we used the fact that E,, g1 [viv]] = 11 and E, y, i1 [(viv])W(viv])] =

+WT. Substituting this in the first display gives us

2
Ey, vonsit [CTH(Vive 4+ vav] )C 7 f(x 4+ Cvy + Cvy)] = Ev? f(x).

C.2 Proof of Proposition 4

This proposition was proved in Nemirovski [Nem04|. For the sake of completeness, we
reproduce the proof here. Let h = y —x and r = ||h|v2px). Let ¢(t) = V2R(x +th)[h, h].
The function ¢ satisfies the following properties

0<¢(t), 1* = ¢(0), [¢/(t)] = |V*R(x + th)[h, h, h]| < 2¢°7(t).
So, for all positive €, we have

0 < oc(t) = e+ (1), |6(t)] < 202°(2).
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Continuing,
1/2(15)‘ <1

e
It follows that

o 2(t) < ¢ (0) + 1.
This gives us

¢:(0)

(1+tge?(0))?
The above inequality holds for any ¢ € [0,1] and any ¢ > 0. Passing to limit as e — 0+,
we get

< @(t).

7,.2

(1+7t)2
Setting t = 1, we get V2R(y) >
required result.

5 < 6(t) = V'R(x + th)[h, h]

1+T 1 V?R(x). Using the fact that » < \ gives us the

C.3 Proof of Proposition 5

Let X = {x: (a;,x) > b;, fori=1,...m}. Consider the logarithmic barrier for X
= =) log({a;, x) — by).

It is well know that R(x) is a m-self concordant barrier for X [Nem04]. The Hessian of R
is given by
aiaT

2 _ 7
VRGO = ) B
Since ||y — X[|v2rx) < A, we have
<ai7y _X>2 2
S T o
2 o) b =2
<ai7y - X>2 < )\2

" ((ai, x) — b;)? T
— Vi, (a;,y — x) < A\({a;,x) — b;),

= Vi

where we used the fact that x € X and hence (a;,x) — b; > 0 in the last step. This then
implies that

(a,y) — b < (1+ N ((a;,x) —b;).
Since y € X and hence (a;,y) —b; > 0, we have ((a;,y) —b;)* < (14 \)?({a;, x) — b;)?. So,
we have

) _ a;al’ 1 a;al 1 )
VW) = D any) S0P = 007 2 o) B~ (T P

This finishes the proof of the Proposition.
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C.4 Warm up: Hypothetical case of known Hessians

In this section, we consider a hypothetical scenario where we are given access to the Hessian
H, of loss function f; at the beginning of iteration ¢. In such a scenario, instead of estimating
the Hessian from single point feedback (as done in Algorithm 4), one can rely on H;. In
this section, we study such an algorithm; that is, we study a variant of Algorithm 4 where
we replace the Hessian estimate FIt with H;.

Studying this hypothetical scenario helps the readers understand the intuition behind
Algorithm 4. Moreover, it greatly simplifies our proofs and makes it easier to understand
the key ideas in the proof of Theorem 9. Finally, this hypothetical scenario encompasses
the important special case of linear loss functions (i.e., H; = 0) that is often studied in the
literature of bandit optimization [AHR09].

The following Theorem bounds the regret of this hypothetical algorithm. To further
simplify the analysis, we assume the loss functions are exactly quadratic (i.e., € = 0).
Theorem 38 (Approximately quadratic losses). Suppose f; is a convez, quadratic function
fi(x) = $xTAx + (by,x) + ¢;. Let R be a v-self-concordant barrier of X that satisfies
Assumption 1. Suppose the diameter of X is bounded by T, and the Lipschitz constants of
{f}, are bounded by T. Suppose Algorithm J is run, for T iterations with H, = S(A+AT)
and the following hyper-parameters

Co . C3
dlogT’ n 25Bay/Tlog T’

for some universal constants cq,ce,c3 > 0. Let T be the minimum between T and the first
time at which the algorithm restarts. Then with probability at least 1 — o

1
A= T o = ci(v+d)dlog*dTl’, = 4dlogdl, v =

XT: fulye) = mi}gi fi(x) < {O <d3'5<d * V)Q\/T> fT=T

0 otherwise

Remark C.4.1 (Linear losses). The above regret bound can be improved to O (d3'5V2\/T>

for linear loss functions. This is because for linear losses, we can obtain a tighter bound
for Zstl fs(ys) — fs(xs) than the one we obtained for general quadratic functions in the

proof of Theorem 38 (see Equation C.J below).
Remark C.4.2 (Convex losses). The above Theorem can be generalized in a straightfor-
ward way to general convex loss functions. Suppose fi’s are general convex loss functions
and suppose we have access to a lower bound for of V2f,’s. In particular, suppose at the
beginning iteration t, we have access to H; which satisfies: Vx € X, Hy < V2 f,(x). Sup-
pose we run Algorithm /J with H, = H,. Then we can use similar proof techniques as in
Theorem 38 to obtain regret bounds. There are two special cases of particular interest here.
1. (Strongly convexr and smooth) Suppose f;’s are strongly convex and smooth and
we have access to the strong convex parameter of f, (say ki) at each iteration t.

Suppose Algorithm / is run with H, = r,I. Then its regret is O (d3'5y2\/7>.

2. (Smooth) Suppose fi’s are smooth and we run Algorithm /4 with H, = 0. Then its
regret can be bounded by O (d7/3T2/3).
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Before we present a proof of this Theorem, we present some useful intermediate results.

C.4.1 Intermediate Results

Lemma 39 (Initial focus region). For any o > v + 24/v,
Fl C X C Ba,VQR(xl)(Xl)-

Proof. Consider property (P4) of self-concordant barriers stated in Equation (C.19) of
Appendix C.7. It says that for any x € int(X)

XN{y : (VR(x),y —x) >0} C Bu+2ﬁ,v2R(x) (x).

Since x; is the minimizer of R(x) over X, and since it is in the interior of X', we have
VR(x1) = 0. So, from property (P4) we have X C B,y s v2r(x,)(X1). The lemma then
immediately follows from the definition of F (recall [} = X C X). O

Lemma 40 (Lemma 5 of Bubeck, Lee, and Eldan [BLE17]). Let IC be a convex body and &€
be an ellipsoid centered at the origin. Suppose that Vol(lKNE) > %VOZ(’C). Then IC C 4dE.
Lemma 41 (Lemma 4.6 of Hazan [Haz16|). Let By be a symmetric positive definite matriz
and let {B;}]_, be symmetric positive semi-definite matrices. Let Ay = > ._, Bs. Then

detAT
detA() ’

T
> tr(A(A - Ay)) < log,
t=1

Lemma 42 (Wainwright [Wail9]). Let X3,... Xk € R be a martingale difference sequence,
where B [X;|F;_1] = 0. Assume that X; satisfy the following tail condition, for some scalar

B, >0
X, 9
P ‘E > Z‘E—l < 2exp(—z7).
K .2
P ‘ Xi| >z] <2exp (—CK—> ,
( zzl ) >ie1 B?
where ¢ > 0 1s a universal constant.

Lemma 43 (Matrix Azuma; Tropp [Trol2|). Consider a finite adapted sequence {X;} of
symmetric matrices in dimension d, and fized sequence {A;} of symmetric matrices that
satisfy

Then

E; [X;] =0 and X} < A? almost surely.

Compute the variance parameter o == || Y, A?||o. Then, for all t > 0,

P <Amam (Z Xi) > t> < de t/8°,
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C.4.2 Proof of Theorem 38

To prove Theorem 38, we work with a slightly modified algorithm and show that with high
probability, the iterates of the modified algorithm are exactly same as the actual algorithm.
Consequently, proving the proposition for the modified algorithm entails that the Theorem
also holds for the actual algorithm. In the modified algorithm, we slightly change g, H,
and work with the following sequence of random variables

) _ . L
e = A ldbtft(Yt)Mtl/2V1,t7 H, = §t (At + AtT) .

where ¢; is an indicator random variable which is equal to 1 if and only if the following
event happen

sup | ST 0) = Fxo) = 000 + L)) <

This event happens when the cumulative loss estimate ZS 1 fs( ) is close to the true
cumulative loss 327"} f,(x) over the focus region F,. We assume the algorithm is run with
these modified estimates of gradients and Hessians. The main benefit of working with the
modified gradient and Hessian estimates is that they are more amenable to analysis. Our
proof shows that with high probability, the modified random variables g;, H, are exactly
equal to the original definitions of g, H, In particular, we show that in every iteration
before the algorithm restarts, ; = 1 with high probability. This entails that the actions
output by the modified algorithm are exactly same as the actual algorithm, with high
probability. As a result, it suffices to prove Theorem 38 for the modified algorithm.

We now derive some useful properties of the iterates produced by the modified algo-
rithm. Some of these properties are very basic and pertain to the well-behavedness of the
iterates of the algorithm. For example, the first property ensures that y; always lies in X
Lemma 44 (Properties of iterates). Consider the setting of Theorem 38. Let T be the
mintmum between T and the first iteration at which the modified algorithm restarts. For
any t < T such that n, < 10ny, the iterates of the algorithm satisfy the following stability
properties

1. M, is positive definite and y; € X.

2. Ri(x) is a strictly convex function over F.

3. For all x € Fy, ||x — x¢||a, < 4da and VR(x) = (1+4da)2V R(x;).

4o |%esr — Xellar, < 22" YdBn, and || — M; My M;7Y? |, < 1207242 Bn,.
S.ufu=0,then iy =11 = =17, Xt =Xpy1 - =Xy and F;, = Fyy--- = Fr.

Proof. We use induction to prove the lemma.

Base Case (t=1).

1. First note that M; = V2R(x;). From property P3 of SCB stated in Appendix C.7, we
know that R(x) is strictly convex over int(X). So M, is positive definite and invertible.
Moreover, from the Dikin ellipsoid property (P1) of SCB stated in Section 4.1, and from
our choice of A, it is easy to see that y; € X.

166



2.

3.

The strict convexity property of R(x) over F} follows from property P3 of SCB stated

in Appendix C.7.

To show that for all x € Fy, V2R(x) = WVQR(XQ, we rely on Assumption | and

Lemma 39. In particular, from Assumption 1 we know that if |x —x;[|v2x,) < A, then

V2R(x) = ﬁVQR(Xl). Moreover, from Lemma 39 we know that any x € X satisfies
|x = X1]|v2re) < v+ 2V < a.

Combining these two facts gives us the required result.

We now show that x, and x; are close to each other. Note that x5 is the minimizer of

the following objective

Xy € argmin 1, (g1, %) + Pp, (X, X1). (C.1)
x€EF]

From first order optimality conditions we have
Vx € Fi, (VRa(x3) — VRa(x1) +mG1,x — x2) > 0.
Substituting x; in the above equation gives us
(VRy(x2) = VRy(x1) + g1, x1 — x2) 2 0.
This can equivalently be written as
(VR(x3) — VR(x1) + mir + mHi(x2 — x1), %3 — %) < 0. (C.2)
Now suppose ||x2 — X1 ||ar, > 2A7'dBn;. Then we have
(VR(x2) — VR(x1) +mgr + mIi(x2 — X1), X2 — Xy)
@ lx2 — x1f3y,
T LA [xe = xaflag

O lx2 —x4l3y,

>
1+ [Jx2 — x1 [y

=||xQ—xl||M( s = Xallsn o s )
P+ Ixe = xa|an A

+ (mag1 + mffl(x2 —X1),Xg — X1)

= Mull g3, 12 = xa[as,

where (a) follows from property P7 of SCBs stated in Appendix C.7 and (b) follows
from the fact that H; is a positive semi-definite matrix. Next, consider the following

(191113,)* = 91 M7 "1 = A& fE(y 1 )vivin < A72d* B2

Substituting this in the previous inequality and using the fact that ||xo — x3[as, >
2\"1dBn, gives us

(VR(x2) — VR(x1) +mg1 + mﬁl(X2 —X1), Xy — X1)

] 2
> A"Nd B |x2 — il (m . 1>

(a)
> 0,
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where (a) follows from the fact that A™'dBmn; < 1/2. This contradicts the first order
optimality condition in Equation (C.2). This shows that ||xo — x|, < 2A"'dBn;.
Next, we show that ]\4171/2M2]\/[171/2 is close to identity. From the definitions of M;, M,
we have

MYV M MTY? — T = MTY(V2R(x) — V2R(x1)) My Y2 + e My 2 Hy M2

Since ||xo —x1||ar, < 2A71dBn,;, we can rely on property P2 of SCB stated in Section 4.1
to infer that

1

VIRGe) 2 G5 amn)

V2R(x1) = (1 +6\"'dBn)V2R(x,),

where the last inequality follows since A™'dBn; < 1/10. Next, note that H, can be
written as

. A2
Hl =E |:Td2f1(y1)M11/2 (V1,1V2T71 + V271V£1) M11/2:| .

So we have Mfl/zlfllel/z =FE [%d2f1(y1) (V171V%:1 + V2,1V1T:1)} which is a bounded

quantity. Substituting the previous two bounds in our expression for M, Y > My M 1 V21
we get

MMM = 1|y < 6A " d By + A\~ 2d2 By

Note that ¢; is always equal to 1. So the last property trivially holds. This finishes the
proof of the base case.

Induction Step. Suppose the proposition holds for the first ¢ — 1 iterations. We now
show that it also holds for the ¢ iteration.

1.

The first part on positive definiteness of M; and y; € X follows from the same arguments
as in the base case.

. Note that R,(x) = R(x)+ 3"} % (x—x,)T H,(x—x,). Since H, is positive semi-definite,

s=0 2
we have V2R;(x) = V2R(x). The strict convexity of R;(x) then follows from the fact

that R(x) is strictly convex over int(X).
The focus region update condition of our algorithm (lines 21-25 of Algorithm 4) always
ensures that

1
VOI(Ft N Ba,Mt (Xt)) 2 §VOI(F;5)

So, from Lemma 40 we know that for any x € F}, ||x — X¢||n, < 4da. By relying on
Assumption 1 on SCB, we then get

1
Vx € F}, V’R(x) =

= WVQR(X,Q.
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4. We now prove stability of the iterates. In particular, we show that ||x:11 — X¢|[a, <
2A"YdBn;. If 1,1 = 0, then this trivially holds (because x;41 = x;). So lets consider the
case where 1;_1 = 1. From the first order optimality conditions, we have

Vx € Ft, <VRt+1 (Xt+1) - vRt+1(Xt> + nt.@ta X — Xt+1> Z 0. (C?))

Note that from our definition of F}, F;_; we always have F;, C F, ; and x; € F}. So
substituting x; in the above equation and rearranging terms gives us

t
(VR(x441) — VR(x;) + 1:G: + Z Usﬁs(xtﬂ —X¢), X1 — X)) < 0.

s=1

Now suppose ||x;+1 — X¢||ar, > 2A"'dBn;. Then we have

t
(VR(xt41) = VR() + e + Y neHo(X41 — Xe), Xe 1 — Xy)
s=1
(a) HXt+1 - Xtugsz(Xt) 5
nlztﬁl:t

+ [|xp41 — X¢| + (Nege, Xe41 — Xe)

T 14 %1 — Xl v R

® %1 — XtH2V2R(xt)

> 2

X =%l g — el X — el

L+ [[xe1 — Xe|lv2 i)

where (a) follows from property P7 of SCBs stated in Appendix C.7 and (b) follows
from the fact that H; is a positive semi-definite matrix. Here n..Hy.; = Zizl NsHs.
Continuing

t
(VR(Xt41) = VR(%:) + e + Y neHo(Xep1 — Xe), Xe1 — Xi)

s=1
O [lxep1 —xl3y,

T X — X

= ell Gell 3, 11 — %l aae,
Next, consider the following
(19:1130,)7 = 6f M Ge = A2 fR(yo)vivie < A72d° B2

Substituting this in the previous inequality and using the fact that ||x;11 — X¢||ar, >
2\"1dBn, gives us

t
(VR(x¢11) = VR(x¢) + nege + Z ﬁsﬁs(xtﬂ — X¢), Xp41 — Xy)
s=1

2
> AN dBn||xe1 — xil|a, (HTldBm ) 1>

(a)
> 0,

169



where (a) follows from the fact that A\~'dBn, < 1/2. This contradicts the first order
optimality condition in Equation (C.3). This shows that ||x;11 — x¢|[r, < 2A"'dBn;.
Next, we show that Mt_l/ 2Mt+1Mt_1/ ? is close to identity. From the definitions of
My, M1, we have

MM MY — T = MTYA(VPR(xps) — V2R(x)) M, 4 MR H MY

Using similar arguments as in the base case, we get

e 22
V2R(x¢11) < (1 + 6A"'dBn,)V2R(x;), M, ?H,M, " = E, 7d2f1t(yt) (Vieva, + vauvi,)

Substituting these quantities in our expression for M[l/ M, M, ;1/ 2_ T we get
1M, 2 My MYy < 1207202 By,

5. The last property that remains to be shown is that if (; = 0, then ¢; = ;41 = - = 7,
X; = Xyp1--- =Xy and Fy = Fyyq--- = Fr. We assume ¢,y = 1, since otherwise the
property is trivially true. Also note that R;(x) is strictly convex over F; and so the
OMD update in line 19 of Algorithm 4 has a unique minimizer.

When ¢, = 0, we have g, = 0, ﬁt = 0. So the OMD update in line 19 of Algorithm 4 is
given by x;11 = argmin, ., ®p,,, (X, %;). Since Riq(x) = Ry(x) and x; € F}, it is easy
to see that x;,; = x;. So the algorithm wouldn’t make any progress in further rounds.

This finishes the proof of the lemma. O

We now show that the focus region doesn’t get updated more than 12dlogT" times.
This helps us show that the learning 7, doesn’t gets too large.
Lemma 45 (Focus region updates). Consider the setting of Theorem 38. Let T be the
mainimum between T and the first time at which the modified algorithm restarts. Then the
focus region gets updated no more than 12dlogT times before T . Moreover, ny < 10m; for
any s < T.

Proof. We prove the proposition using contradiction. Assume that the focus region gets
updated more than 12dlogT times before the algorithm restarts. Let 7 < 7T be the
iteration where the focus region update happens for 12dlog %" time. We now show that
the restart condition should have triggered in iteration 7.

We have the following upper bound on the volume of F;,; :

1
Vol(F,41) < Vol(F;) < WVOI(Xg).

This follows from the fact that the volume of the focus region reduces by a factor of 1/2
whenever the focus region update condition triggers. In the rest of the proof, we show that
if the volume of focus region is less than ﬁVol(Xg), then the restart condition should have
triggered.
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Step 1. First of all, for our choice of 7y, we have (1 + v)!?¢°eT < 10. Consequently,
1, < 107m;. So the properties of the iterates we proved in Lemma 44 apply to our setting
here. From this Lemma, we can infer that ., = 1. Otherwise, we know that the focus
region shouldn’t have changed in the 7" iteration (recall, in Lemma 44 we showed that if
tr =0, then F, = F, ;). Moreoever, from this Lemma we can infer that V¢ < 7,1, = 1. So
the cumulative loss estimate is close to the true cumulative loss and satisfies

sup\z ) = Fux0) = 1) + fulxs))] <

xeF, — T

Step 2. Let u,4; be the minimizer of )"_, fs(x) over F,. Suppose B (117+1, 7%)02\?5 C F;,.
Then

1
Vol(F,) > Vol (B <u7+1, T > N Xg)

Next, from our assumption that X contains a euclidean ball of radius 1, we can infer that
Xe = €x; + (1 — €)X contains a ball of radius (1 — €) in it. Let B be the ball of radius
(1 —¢) that lies in X,. By convexity of X and the fact that the diameter of X is less than
or equal to T, we have

1 1 1
(1 — ﬁ) Urpg + ﬁB cB <u7'+1> T2 ) N Xe.
This shows that Vol(F,) > T~ %4w,, where wy is the volume of unit sphere in R?. Combining
this with the previous upper bound on Vol(F}), we get

(a)
T4y, < VOl(F,) < T75Vol(X) < T 5w,

where (a) follows from the fact that the diameter of X" is upper bounded by 7. We arrived
at a contradiction. This shows that B (uT+1, %) NXe ¢ F..

Step 3. Since B (117+1, 7%) NAX: ¢ F., the following holds: Ix € JF; Nint(X,) such that
|x = ur41l2 < 75. Now, consider the following for such an x

Zfs( fs uT+1 Zfs fs uT+1)
s=1

+Zfs fs u‘r+1) fs(x)+fs(u7+l)'

Since each f, is T-Lipschitz, the first term in the RHS above is upper bounded by 1. Since
the cumulative loss estimate is close to the true cumulative loss, the second term can be
bounded as

Zfs fs uT+1) fS(X)+fS(uT+1) S i—i_.ﬁ'(x) _fT(uT+1) _fT(X)+fT(uT+1)

m

@1 R

= —+ <gT - IE‘r [gT] , X — uT+l>7
T
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where (a) follows from the definitions of f, fT. Next, from Lemma 44 we know that for any
x € I, ||x —x.||p, < 4da. Since x,u,41 are points in F,, we have [|x — u,41]|a, < 8da.
Using, this we get

(Gr = Er (9], x = urpr) < |9 — B [97] ([, (1% — g [,
< 16A"'d*aB,

where the last inequality follows from the fact that |[g,||3, is a bounded random variable
which satisfies ||g-||3;, < A7'dB. Since 16A~'d*Bn; < 1, we have

Z fs U—7—+1) fs(x) + fs(ur—i-l) S %

This shows that S.7_, fo(x) — fo(u,1) < %. We now show that this implies the restart
condition should have triggered. Consider the following

Zlfs(XS) - ;%%11 Zlfs(Y) = Zfs(XS) - Zfs(uT-i-l)
< _+Zfs Xs s

s=1
1 N
- _+Z Jsy Xs §(x Xs)" Hy(x — X,)
s=1

- + Z Js, Xs — Xs+1 =+ <§3,Xs+1 - X>
s=1

1 ~
— E(X — XS)THS(X — Xg)

(a) 4
< — +2\7 2d2822ns+2 957Xs+1 _X>

m s=1 s=1

—Z x —x,) Hy(x — x,),

where (a) follows from the stability of the iterates we proved in Lemma 44. Since x4;1 is
the minimizer of minycp, 75(gs,y) +Pr.,, (¥, X;), we have the following from the first order
optimality conditions
(I)Rs+1 (X7 XS) - (I)Rs+1 (Xa X8+1) - (I)Rs+1 (XS+17 XS)

s

@s, Xs+1 — X> S

Using this in the previous display, we get

T . o S o S
Zfs(xs) - manfs < i +2)\ 2d2BQZnS+Z RS+1(X X ) RS+1(X X +1)
s=1

yeFr T s

s=1 s=1
T 1 . R
- Z §(x — X)) Hg(x — ).

s=1
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Rearranging the terms in the RHS above, we get

L. ) Pp(x,x1)  Pr,,, (X, %41)
Zfs(xs) — min Zfs < —_ + 2\ 2d2B2 Zns - &
s=1

yqu— — s—1 771 777—

/1 1
(— — ) Dp.(x,Xs).
s—9 773 77571

Recall, x € OF; Nint(X¢). Let 7’ be such that x € 0B, , (X). Then

T

. o (b q) / g X!
Zfs(xs)—mians <—+2>\ 2By, + r(x) Py (6Xr)
s=1

yeF, pary m U

Since ||x — x||ar, = a, we have the following lower bound on ®g, (x,x,/) which follows
from property (P6) of SCB stated in Appendix C.7

Dr, (%,%,) = a—log (1 +0).

For our choice of a, ®r ,(x,%x,) can be lower bounded by /2. We now upper bound
®p(x,x1). Since x € A, using property P8 of SCB stated in Appendix C.7, we can upper
bound ®r(x,x;) as

Qp(x,x1) = R(x) < 4vlogT.
Substituting the above two bounds in the previous display and using the fact that n, <
107, we get
vlogT  ay < _ﬁ'
Ui 20m — m

> fu(x.) — min Zfs < = + 20\ 2?B*m T +
s=1

YEF,

This implies, the restart condltlon should have triggered. This shows that the focus region
doesn’t get updated more than 12dlog 7" times. O]

Lemma 46. Consider the setting of Theorem 38. Let T be the minimum between T and
the first time at which the modified algorithm restarts. Then for anyt < T,

My 2 T%(v + 2vv)*(V2R(x1) + I).

Proof. First note that the iterates generated by the algorithm lie in X, where £ = T—*.
So using property P8 of SCB stated in Appendix C.7, we have

Vt<T, V’R(x) = (%My V2R(x) = T (v + 2/V)*V2R(x,).

Next, since f; is T' Lipschitz and since X contains a euclidean ball of radius 1 in it, we
have V2 f;(x) < T1. We now use the above two inequalities to bound M,

= V2R(x,) +Zn8[—[ < T3(v + 2v/v)*V?R(x +ZnST]

s=1

(a)
2T+ 2V0)(VER(x)) + 1),
where (a) relied on the fact that n, < 10m, for any s < T which we proved in Lemma 45. [
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The following Lemma is concerned about concentration of loss estimates { ft}thl com-
puted by the modified algorithm. This Lemma helps us show that with high probability,
the iterates of the modified and the original algorithms are exactly the same. Before we
proceed, note that the focus region gets updated at most 12dlogT times before the al-
gorithm restarts. So, for our choice of y, we have (1 + «)12?°¢T < 10. Consequently, for
all t < T, n < 10m;. So the results of Lemma 44 apply to all the iterates in the first T
iterations of the modified algorithm.

Lemma 47 (Concentration of loss estimates). Let T be the minimum between T' and the
first time at which the modified algorithm restarts. Then for any t < T, the following
statement holds with probability at least 1 — T2

sup
xEF}:

im(ﬂ(x) — fo(xs) — 1o fs(X) + Lsfs(xs))‘ <0 (A_ldB/gaBnl\/T) '

Proof. First, note that

fs(x) - fs(xs) = %(X - XS>THS(X - Xs) + <QS,X - Xs>

~

a0) = () = 5 06— X HL(x = %) 1 (V)X x0)

S0 fo(x) — fo(xs) = tsfs(X) + tsfs(xs) = (s — sV fo(x,),x — X,). For any x € F}, define

random variables Zx s as

ZXS

)

{m< = LV, X — X)) ifs<T

0 otherwise

Since E [gs] = 15V fs(xs), it is easy to see that {Zy s}1_; is a martingale difference sequence.
Moreover, Zy s is a bounded random variable. This follows from the fact that | g3, is
bounded and satisfies ||g;||3,, < A7'dB. Moreover, for any x € Fj, [|x — X,|[a, < 4do (see
Lemma 44). So we have

|ZX7S| < 771|<gs - stfs(xs)ax - Xs>| < 8/\_1d2OéB771.

By relying on standard concentration bounds for martingale difference sequences (see
Lemma 42), we get that with probability at least 1 — 9,

sup|Zsz = ( “'d*aBmn, TlogT/5).

t<T

Next, we bound sup,¢ y, sup;<r | ST 7, | using e-net arguments. Let A, be an e-net over
F; which satisfies the following: for every x, there exists a x. € N, such that ||x—x.||5;, < €.
Then

t—1 t—1 t—1
sup sup | E Zyxs| < supsup | E Zx. s| + sup sup | E Zxos —
xeF t<T s=1 xeF t<T s=0 xeF t<T s=0
N ~~ 4 N -~ s’

Ty T
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Using a simple union bound, 77 can be bounded as

@ dT
T,<0 (A‘lanBm\/T log TI\] /5) <0 (A‘ld5/2aBn1 Tlog O‘—5>

where the bound holds with probability at least 1 —6 and (a) holds since Vx € F}, ||x—x¢|| <
4da and as a result |N| < (%)d. T can be bounded as follows

t—1 t—1

sup sup ’ ZZXE s xs| = Sup sup | an - stfs(xs)ax - Xe>|

xeFy t<T a—0 xeF; t<T s—0
(a) t—1
< 29 \"'dB sup sup an v
x€Fy t<T

(b) t—1
< 2(1 + 4da)*m A~ dB sup sup (Z |x — XEHMt) = O (A 'dPa®BiyeT)

xeFy t<T

where (a) follows from the fact that [|g,||5,, < A~'dB and (b) follows from Lemma 44

where we showed that M, < (1 + 4da)?M,. Choosing € = %, and plugging the above

bounds for 771,75 in the upper bound for sup,.p sup,<r | Zt Lz s| gives us the required
result. O]

Proof of Theorem 38. From Lemma 47, we know that with high probability, the
iterates of the modified algorithm which relies on indicator variables ¢; are exactly same as
the original algorithm. So it suffices to prove the regret bound for the modified algorithm.
In the sequel, we work with the modified algorithm. Throughout the proof, we let 7 be
the minimum between T and the first time step at which the algorithm restarts. Let 7 be
the minimum between 7 and the last time step where ¢, = 1. Our goal is to bound the
following quantity

T

ZLsfs YS HllIlZLSfS ZfS(YS) _Elelgylz.fs(x)
s=1 s=1

s=1

Case 1 (7 =T). We first consider the case where the restart condition didn’t trigger in
the first T iterations (i.e., 7 = T). In this case, we show that the regret is O (T""/?). Since
the restart condition hasn’t triggered, we know that

Zfs Xs manJEs(y) Z_é

Zfs ngﬁy) >4



For the sake of clarity, we reproduce the argument we used in Lemma 45. To show this,
we prove the contrapositive statement. Suppose Y., fs(x) —mingep > ., fs(y) < % for
some x € OF, Nint(X¢). We now show that this implies the restart condition should have
triggered. Consider the following

Zfsxs £g2ﬁ<y>s%+2fs<xs> fo(x)
— _+Z Gs, X5 — X) — %(x—xs)Tﬁs(x—xs)

= — + Z Js, X5 — Xs+1 + <§3,X5+1 - X>
s=1
1 T
- E(X — X)) Hg(x — x4)

(a) 4
< — +2\7 2d282zns+z 957Xs+1 _X>

s=1 s=1

— §(X—XS)TI:IS(X — X),

s=1

where (a) follows from the stability of the iterates we proved in Lemma 44. Since x4;1 is
the minimizer of minycp, 75(gs,y) +Pr.,, (¥, X;), we have the following from the first order
optimality conditions

Op

s+1 (x,%,) — CDRSH(Xv Xop1) — (I)Rs+1<xs+la X,)

<gsa Xs+1 — X> S
Ms

Using this in the previous display, we get

T o o
Z fs(Xs) — min Z fs < i +2\7 24’ B? 2778 + Z Rsia (X XS) Rsy1 (X Xs-i—l)
s=1

yekr s=1 ™ s=1 s=1 Ms

— Z §(X — Xs)Tﬁs(X — X;).

Rearranging the terms in the RHS above, we get

Wi o
Zfs(xs) — min Z fs < — —l— 2\ 2d* B? Zns Cr(x,x1) _ Roit (X, Xr41)
s=1

el;
Y s=1 m e

/1 1
(— — ) D (x,Xg).
s=2 T]S 775—1

Recall, x € OF; Nint(X). Let 7" be such that x € 0B, , (x;+). Then

o P o ’ y A/
Zfs(xs)—miHZfs <—+2>\ 222y,  2RX) Py (0 X7)
s=1

yqu— — s=1 ,r]l nT/
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Since ||x — x||ar, = a, we have the following lower bound on ®p ,(x,x,) which follows
from property (P6) of SCB stated in Appendix C.7

D, (x,%7) = o —log (1+a).

For our choice of a, ®r ,(x,%x,) can be lower bounded by «/2. We now upper bound
O p(x,x1). Since x € X, using property P8 of SCB stated in Appendix C.7, we can upper
bound ®Pr(x,x;) as

Pp(x,x1) = R(x) < 4vlogT.

Substituting the above two bounds in the previous display and using the fact that n, <
10m;, we get
dvlogT  avy < Ié]

M 20m —

Zfs(xs) — min Zfs < — —|— 20\ 2d*B*m T +
s=1

YEF,
This implies, the restart condition should have triggered. But since the restart condition

hasn’t triggered, this result shows that Vx € F Nint(Xe), > ., fs(x)—minyeFT D et fly) >

T;il. Next, since our cumulative loss estimate concentrates well around the true cumulative

loss (i.e., t; = 1), this implies
Vx € 0F; Nint(X), Zfs mmes(y) > —.

Since fy’s are convex, this implies the minimizer of minye x, ZST:O fs(x) is in F;. So, the
regret of the algorithm can be bounded as follows

Regy = E;fs(ys mmes )< +Zfs ye) ggg;fs(x)
=1+ ZfS(YS) - ){21}12]05()()
s=1 T s=1

where (a) follows from the definition of Xy = (1 — {)X + £x; and the fact that the loss
functions are Lipschitz and the diameter of X is bounded. Next, consider the following for
any x € F,

Zfs(yS) - Zfs(x) - Z [fs(yS) - fs(Xs)] +Z [fs(xs) - fs(x) - fS(XS) + f5<x)

+3 [fix) - £i)]
o=t -~ y
T3
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Bounding 77. We first bound 77. Since f; is a quadratic function with Hessian H,, we
have
)\2

)\ 1/2
;fs(ys fs Xs Z vfs Xs (Vl,s + V2,s)> + 2

Let Zy = MV fs(xs), M. M2 (Vis+ Vo)) if s < 7 and 0 if s > 7. Note that {Z,}1_, is a
martingale difference sequence with each Z; being bounded: |Z4| < 2dB. This follows from

the observation that V fs(x,) = E,[gs] and the fact that M, Y 293 is a bounded random
variable. By relying on standard concentration bounds for martingale difference sequences

(see Lemma 42), we get that with probability at least 1—4, Zzzl Zy=0 <dB\ /T log 1/(5) )
We now bound the last term in the RHS above. Consider the following
(Vl,s + ngs)TMsil/z[:[sMsil/2(VLS + V2,s) S 4HM71/2H M71/2H2

< A MM o My Y2 M M2

From Lemma 44 we know that ||M§1/2M5+1M;1/2H2 <1+ 12X\2d?Bn, < 2. So we have
(Vi + Vo) "M H M (vig + Vo) < 8| M HME? 12 = 8 HY? ML HY) .

Define N; = (14 4da)"2V2R(x;) + S'2} 7 H,. From Lemma 44 we know that V2R(x;) >
(1 + 4da)™2V?R(x1). So N; < M; for all t. Using this in the previous inequality we get
(Vis+ VQ,S)TM;UZFISM;UQ(VLS + Vo) < 8"H;/2Ns+-11H1/2|‘
< 8tr (NsHH )
8
= n—tr (NS+1(N5+1 — NS))
By relying on Lemma 41 we can upper bound )| _, 8 —tr (N4 (Nys1 — Ny)) as

T

8 _1 8 detNT
; Etr (NS+1 (NS+1 < E ; tr S+1 5+1 N )) < _ 1 detN]_ <C4)
From Lemma 46 we know that Ny < poly(dT'). Assuming V2R(x) = poly oy the RHS

above can be upper bounded as O (%) . To summarize, we have the following upper

bound T: O (dB Tlog1/6 + 0“°ng>

Bounding 75. Since ¢, = 1, T5 can be upper bounded as

T2 S %—i_ [fT(XT) - fT(X) - fT(XT) +fT(X)
1 . . 2
:E+<97_ET[gT]7X_XT> SE?

where the last inequality follows from the fact that ||x—x.|/s;, < 4da and [|g-[3, < A7'dB.
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Bounding 73. To bound T3, we consider the following

Z [fs(xs) - fs(x)} = Z<g57xs - X> - %(X - Xs)Tﬁs(X - Xs)

) . 1
= Z<937Xs - Xs+1> + <987XS+1 - X) - §<X - XS)THS(X - XS)

Using similar arguments as at the beginning of Case 1, this can be bounded as

T

~ N T P
> i) = fux)] <202B Y e+ Pr(x,x1)
s=1 o—1 771
Since x € A, using property P8 of SCB stated in Appendix C.7, we can upper bound
Dr(x,x) as

Or(x,x1) = R(x) < 4vlogT.
Combining the bounds for T}, Ts, T3 shows that with probability at least 1 — 72 the regret
is upper bounded by

O (dB\/T + (”nLd) + A—2d232n1T) =0 (d3~5(d + w?ﬁ) .

Case 2 (7 <T). We now consider the case where the restart condition triggered at some
iteration 7 < T. Using the fact that the restart condition hasn’t triggered in iteration
T — 1 and using similar arguments as in the beginning of Case 1, we can again show that
the minimizer of the cumulative loss over the entire domain lies in the focus region Fr,
and 7 = 1. So regret until 7 is given by

T T

Regr =) fu(y.) — min Z 0 S+ Z folys) = min > ()
s=1 s=1
-

=1+ Zfs ¥s) — min > f),

where (a) follows from the definition of &X;. Using the same regret decomposition as in Case
1, for any x € FT

5 P
+ 2 A = )]
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We use the same arguments as in Case 1 to bound 77,75 as

dlog dT 2
T1:0<dB Tlog1/s + 1% ) T

_H,

Since the restart condition triggered in round 7, T3 is bounded by —nﬁl. Combining all
these bounds, we get the following bound on regret

dlogdT 2
0g ) N 5
T

RegTSO(dB Tlogl/§ + .
m h

For our choice of hyper-parameters, the above bound is less than 0.

C.5 Proof of Theorem 10

The proof of this Theorem uses similar arguments as the proof of “known Hessian” case
in Appendix C.4. The additional complexity in proving Theorem 10 comes from dealing
with Hessian estimates instead of exact Hessians used in Appendix C.4. In particular,
in Theorem 10, we need to prove one additional result regarding the concentration of
cumulative Hessian estimates.

We first introduce some notation we use in the proof. We let r(x) = fi(x) — ¢:(x),
where ¢,(x) = 3x7 A;x + (by, x) + ¢;. Recall, supycy [1(x)] < e. We let H, = (A, + A7)
denote the Hessian of ¢,(x). Define random variable Z; as

2= 2N () (Vi +vanvt)

Since f; is bounded, it is easy to see that Z; is a bounded random variable (assuming M,
is positive definite and y; € X'). In particular, Z; can be bounded as

1Z:]la < A72d*(B + ). (C.5)
Another important thing to note here is that
E; [27]A 2 Pq(ys) (viave, +vavT,)] = M, H MY,

Consequently, || Z, — M, 2 H,M;?||5 < 2A~2d*(B + ¢).

Similar to Appendix C.4, to prove Theorem 10, we work with a slightly modified al-
gorithm and show that with high probability, the iterates of the modified algorithm are
exactly same as the original algorithm. Consequently, proving the Theorem for the modi-
fied algorithm entails that the Theorem also holds for the actual algorithm. In the modified
algorithm, we slightly change the random variables g, H, and work with the following se-
quence of random variables

)\—2

gt = )\_ldbtft(Yt)Mtl/2V1,t, H = TdZLtft(yt)Mtl/z (Vl,tV2T,t + V2,tv{,t) Mt1/2'
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where (; is an indicator random variable which is equal to 1 if and only if the following two
events happen

1

I— M—1/2M —1/2
| Myl < 10(1 + 8da)?’

t—1 1

(Xs) — £sGs(X) + 15qs(x4))| < =

sup
xeFy

s=1

Here, we define M, as M, = V2R<Xt) + ZS OUSLSHS Intuitively, the first event happens
when M; is spectrally close to M;, and the second event happens when the cumulative
loss estimate S0} f+(x) is close to the true cumulative loss S ge(x). We assume the
algorithm is run with these modified estimates of gradients and Hessians'. The main benefit
of working with the modified gradient and Hessian estimates is that they are bounded and
are more amenable to analysis. Our proof shows that with high probability, the modified
random variables g, H, are exactly equal to the original random variables. As a result, it
suffices to prove Theorem 10 for the hypothetical algorithm.

We now derive some useful properties of the iterates produced by the modified algo-
rithm.
Lemma 48 (Properties of iterates). Consider the setting of Theorem 10. Let T be the
manimum between T and the first iteration at which the modified algorithm restarts. For
any t < T such that n, < 10my, the iterates of the algorithm satisfy the following stability
properties

1. My s positive definite and y, € X.

2. Ri(x) is a strictly convex function over Fj.

3. For allx € Fy, |[x = x[[s, < 4da and V2R(x) = s Traanyr Vo RU(xe).

o e =%l < ene and |[T=M; 7 My My |l < deny. Here e = 10(B + €)(A'd + A\ 2d%a).
S.ufuu=0,then i,y =141 = =17, Xt =Xpy1 - =Xy and Fy, = Fyq--- = Fr.

Proof. The proof uses similar arguments as in the proof of Lemma 44. So to avoid redun-
dancy, we often directly rely on some of the results proved in Lemma 44. We use induction
to prove the lemma.

Base Case (t=1).

1. First note that M; = M; = V2R(x;). So the proof follows from the proof of corre-
sponding part in Lemma 44.
2. The proof of this part follows from the proof of corresponding part in Lemma 44.

w

The proof of this part follows from the proof of corresponding part in Lemma 44.
4. We now show that x5 and x; are close to each other. Note that x5 is the minimizer of
the following objective

X9 € argmin (g1, X) + Pp, (X, X1). (C.6)
xEF]

Tt should be noted that this is a hypothetical algorithm. We can not actually run this algorithm in
practice as we can not compute ¢,
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From first order optimality conditions we have
Vx € F1, (VRa(x3) — VRa(x1) +mG1,x — x2) > 0.
Substituting x; in the above equation gives us
(VRy(x2) — VRa(xX1) + mgi, X1 — X2) > 0.
This can equivalently be written as
(VR(x3) — VR(x1) + mir +mHi(x2 — x1), %3 — %) < 0. (C.7)
Now suppose ||x2 — X1|[ar, > cn1, where ¢ = 10(B + €)(A"'d + A72d3«). Then we have

(VR(x2) — VR(x1) +mg1 + 7711{[1(39 —X1), Xy — X1)

@ [|x2 —x1][3,,

+ (mdn + mHi(xe — X1), X2 — X1)

L+ [[x2 = x1/an
||X2 —X1||?w1
T 14 % = X1l

%2 — x1[[ar - 2
= [Ix2 — x1|las, (1 T e — XlHIM - 771”91”7\41 — ml[Hi(x2 — X1)||}k\41 )
1

— (”ng}kwl + || Hy (%2 — Xl)H*M1> [x2 — %12,

where (a) follows from property P7 of SCBs stated in Appendix C.7. Next, consider
the following

Ngrllhe)? = 61 My g1 = A2 A2 1 (y)vivin S A2dP (B +€)”.

(1 H: (32 — x1)[[34,)* = (%2 — x0) " Hi M Hy (%0 — 1)
2
>) oo — 3l Ivarvds + varvEy 2

(a)
< 16A"*d%(B + €)%a?,

where (a) follows from the fact that ||xa—x; ||, < 4da proved in point (3). Substituting
this in the previous inequality and using the fact that ||xo — x|, > cm1 gives us

(VR(x2) — VR(x1) +mg1 + 771[:]1(7(2 —X1), X3 — X1)

c 2 (a)
> — - —1) >0
> S =il (1 —1) £,

where (a) follows from the fact that ¢n; < 1/2. This contradicts the first order optimality
condition in Equation (C.7). This shows that ||xs — x1||a, < en1.

Next, we show that Mf Y 2]\7[ng 2 is close to identity. From the definitions of M, M,
we have

N NN — 1= N (VR R(x0) = VER(x) M g by,
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Since ||x2 — X1 7, < em < 1, we can rely on property P2 of SCB stated in Section 4.1
to infer that

1
V’R(x2) X ———=V°R(x1) < (14 3em)V°R(x1),
(1 —cm)?

where the last inequality follows since ¢n; < 1/10. Next, note that H; can be written as
A2 ~ ~
Hl =K |:Td2f1(y1)M11/2 (Vl,lvgjl + V271V{1) M11/2:| .

So we have Mfl/zHlel/z =FE [%d2f1(y1) (V171V%:1 + V2,1V1T:1)} which is a bounded

quantity. Substituting the previous two bounds in our expression for M 1 Y > My M 1 V2 ,
we get

MMM = 1|y < deny.

5. Since M; = M, 1 is always equal to 1. So the last property trivially holds. This
finishes the proof of the base case.

Induction Step. Suppose the Lemma holds for the first ¢t — 1 iterations. We now show
that it also holds for the ¢ iteration.

1. Invertibility. We first show that M, is positive definite. If 1;_; = 0, then it is easy to
see that M; is equal to M;_;, which we know is positive definite. So lets consider the
where ;1 = 1. We know that ¢; = 19 = -+ = 1,1 and [|x; — X1y, , < 1. Now,
consider the following

t—1
Mt = VQR(Xt) + Znsﬁs

s=1

=M1 + ntflﬁtfl + VQR(Xt) — V2R(Xt71)

(a) N
= My + o Heo = 2|x0 — X1l v2reeg ) VR(Xi-1),

where (a) follows from the property of self-concordant functions stated in Equation (4.1).
From stability, we have

My = My g +ne 1 Hy o — 2cm 1 V2R(x,1)
— M [1 e Zor — 26 MY P2 R(x, ) MY 2] M2
We now show that [[ + 1L — QCnt,lM[_llﬂVQR(xt,l)M[_llﬂ] > 0. To show this,
we rely on the following argument
1Zi-1 = 2eM V2 R(xi-) M|

<N\ Zoallo + 2¢l| M2 My Mo | M2V R(x00) Mo
<A 2d*(B +¢€) + 3¢ < A4,
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where the last inequality follows from the fact that Z; is a bounded random variable,

and ||I — 1/2Mt 1Mt_11/2||2 < <& (consequently, ||Mt:11/2Mt_1Mt:11/2||2 < 3). This

shows that for our choice of hyper-parameters, M, is invertible.
Valid Iterates. Next, we show that y; € X. If 1, ; = 0, then it is easy to see that this
is the case (because M; = M, 1). So we assume ;1 = 1. In this case, we first bound

I — M_l/QMtM 1/2H2 (i.e., we show that M, and M, are spectrally close). Consider
the following

T — MM 2| = (VY2 (Vg — My + s (Hoy — He))M Y25 (C8)
< || M2 (M- 1—Mt DN (C.9)
+ 77t—1||Mt (Ht—l - Ht—1>M_1/2||2 (C.10)

Consider the first term in the RHS above

|V (Mg = M) M o < IV (Mo = Moo M| V6 M
< 1
= 5(1 + 8da)?’

where the last inequality follows from the fact that || 1 —M:l/ 2Mt_1Mt:11/ o < m

and the fact that Mt,l is spectrally close to Mt. Now consider the second term in the
RHS of Equation (C.8). Since H;_; = Mtl_/th_lMtl_/f, we have

N2 (H oy — Hyoy )M
1/2 1/2 1 2 1/2 1/2 —1/2
= MV (Z — M H M MY
< ||M_1/2M1/2(Zt 1— M_I/QHt 1Mt_11/2)MtlﬁM_l/2||2
(a) _ _
< 2| Ziy — M H MY

(b)

<2(B+e)d®\ %
where (a) follows from the fact that || — Mt_ll/QMt M- 1/2H2 m and (b) follows
from Equation (C.5). Comblmng the previous two displays shows that for our choice of

m, ||I— ]\th_l/2MtMt_1/2H2 < HT This shows that M, is spectrally close to M, and

ye = %ellwg, < 20y — Xellar, < 4N <1

Since |ly; — ¢l 5z, > Iyt — X¢l[v2R(x,), using the Dikin Ellipsoid property of SCB stated
in Section 4.1, we have y, € X.
2. The focus region update condition of our algorithm always ensures that

1
VOI(Ft N Ba,Mt (Xt)) Z §V01(E)

184



So, from Lemma 40 we know that for any x € F}, ||x —x¢|[a, < 4da. Using this, together
with the fact that ||I — Mt_l/ZMtMt_l/QHQ < m,
relying on Assumption 1 on SCB R, we then get

we get [|[x — x4||;, < 8da. By

1
F, 2 - V? :
Vx € I}, V°R(x) = a +8da)2v R(x;)

. We now show that R;(x) is strictly convex over interior of F;. Consider the following
for any x € int(F})

N (a) 1 A
VQR(X) + Mg Hye = WVQR(XQ + M1 Higy
1 ~
= Trsdap V. RE) e Hym o+ (M — M)
® 1 . 1 i
N v A S
~ (1 + 8da)? t 4(1 + 8da)? t
> 0,

where (a) follows from the previous property and (b) follows from the fact that || —

~1/2 8 2 —1/2
M, / M; M, / [ < 4(1+§da)2

. We now prove stability of the iterates. In particular, we show that [[x;1 — x|y, < cn.
If 1;_1 = 0, then this trivially holds. So lets consider the case where t;_; = 1. From the
first order optimality conditions, we have

. This shows that R, is strictly convex over Fj.

Vx € Fy, (VR (Xe41) — VRip1(Xe) + 0eGe, X — X1) > 0.

Note that from our definition of F}, F;_; we always have F; C F,_; and x; € F;. So
substituting x; in the first equation gives us

¢
(VR(x41) — VR(xt) + mgs + Z ﬂsﬁs(xtﬂ — X¢), X¢ — Xpy1) > 0.
s=1

To prove the required result, we show that for any x such that [|x — x[|;, > cny, the
following holds

(VR(x) — VR(x;) + Ul:t—lﬁl:t—l(x —Xy), X — Xy)

> el el 7, 13 = el sz, + 1ell H (o6 = ) 17, [l = el 3z -

This would then imply that the above optimality condition doesn’t hold. We first lower
bound the LHS of the above equation. Consider the following for any x € F; such that
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I — Xt”Mt > crp

X) VR(x:) + M- Hiye (X —X¢), X — X¢)

(x — x¢) VZR(xt +s(x—x¢)) + mzt,lfflzt,l] (x — xy)ds

/|x xtH]\/It

—

a)

> —x)7 [VzR(xt +s(x—x)) + 771:t_1]‘:71;t_1] (x —xy)ds

V=

(X - )T [(1 - C77t)2VQR(Xt) + 771:t—1ﬁ1:t—1] (X - Xt),

HX_XtHMt

where (a) uses the fact that VZR(x) + M—1Hi4_1 is a PSD matrix for any x € F, and
(b) relies on property P1 of SCB stated in Equation (4.1). We further lower bound the
RHS of the above equation as follows

(1= em)>V?R(x;) + 771:t—11q1;t—1
= (1 — em)*V?R(x¢) + Ni—1 Hizmr + My — M,
= (1= en) 20, — 08 |1 = 32t ) o
_ N [(1 — )2l — (I - M;l/ZMtM;Wﬂ YAl
Substituting this in the previous equation gives us
(VR(x) — VR(x;) + nlst—lﬁlzt—l(x —X¢),X — %)
> empllx =l g, A (1= )1 = (1= 1, 20000, )
> — % = x|y,

where the last inequality follows from the fact that ||(1 — M; AV VAl I, <

1+8da)
and our choice of hyper-parameters. Next, consider the following

(19ell37,)% = af M, g,
= A2 fA(y, )] tMl/zM lMtl/vat
<2\ 2d*(B + €)%
(I He(x — x)|5,)* = (x = xe)" H M Hy(x — xq)"

d2
< (RO e 0208 051,

< 2
@ oy—a 6 2 2
< 22 (B +e)a

where (a) follows from the fact that for any x € F}, ||x — x¢||a, < 4da. This shows that

cn

nell gelly, + el | Hy (x — xe) |, < 5
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This shows that x;;, should satisfy [x;1 — x|, < cne.

To shows that M, and Mtﬂ are spectrally close to each other, we rely on the closeness
of x;,1 and x; and use the same arguments as in the base case.

5. The last property that remains to be shown is that if 1, = 0, then ¢, = 1,47 = -+ = 7,
Xy = Xpy1-- = X7 and F; = Fy 1 --- = Fr. We assume ;1 = 1, since otherwise the
property is trivially true. In this case, we know that R;(x) is strictly convex over F;
and so the Newton update in line 19 of Algorithm 4 has a unique minimizer.

When «; = 0, we have g, = 0, ﬁt = 0. So the OMD update in line 19 of Algorithm 4 is
given by X, = argmin,.p Pp,., (x,%x;). Since Ryy1(x) = Ry(x) and x;, € [}, it is easy
to see that x;,1 = x;. So the algorithm wouldn’t make any progress in further rounds.

This finishes the proof of the lemma. O]

We now show that the focus region doesn’t get updated more than 12dlog 7" times.

Lemma 49 (Focus region updates). Consider the setting of Theorem 10. Let T be the
mintmum between T' and the first time at which the modified algorithm restarts. Then the
focus region gets updated no more than 12dlogT times before T .

Proof. The proof uses similar arguments as in Lemma 45. We prove the Lemma using
contradiction. Assume that the focus region gets updated more than 12dlog T times before
the algorithm restarts. Let 7 < T be the iteration where the focus region update happens
for 12dlog T time. We now show that the restart condition should have triggered in
iteration 7.

We have the following upper bound on the volume of F;,; :

1
Vol(Fy41) < Vol(Fy) < Vol ().

This follows from the fact that the volume of the focus region reduces by a factor of 1/2
whenever the focus region update condition triggers. In the rest of the proof, we show that
if the volume of focus region is less than —; Vol(Xe), then the restart condition should have
triggered.

Step 1. First of all, for our choice of v, we have (1 + v)'24°8T < 10. Consequently,
1, < 10m;. So the properties of the iterates we proved in Lemma 48 apply to our setting
here. From this Lemma, we can infer that ., = 1. Otherwise, we know that the focus
region shouldn’t have changed in the 7" iteration (recall, in Lemma 48 we showed that if
1 =0, then F, = F, ;). Moreoever, from this Lemma we can infer that V¢ < 7,1, = 1. So
the cumulative loss estimate is close to the true cumulative loss and satisfies

aup | 0709~ o — )+ | <
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Step 2. Let u,4; be the minimizer of )"_, fs(x) over F,. Suppose B (117+1, 7%)02\.’5 C F;,.

Then .
Vol(F,) > Vol (B <u7+1, T > N Xg)

Next, from our assumption that X contains a euclidean ball of radius 1, we can infer that
Xe = €x; + (1 — €)X contains a ball of radius (1 — &) in it. Let B be the ball of radius
(1 —¢) that lies in &X;. By convexity of X and the fact that the diameter of X is less than
or equal to T', we have

1 1 1
(1 — ﬁ) Uryg + ﬁB cB <u7'+1> T2 ) N Xe.
This shows that Vol(F,) > T~%w,, where wq is the volume of unit sphere in R¢. Combining
this with the previous upper bound on Vol(F}), we get

(a)
T4y, < VOl(F,) < T~%Wol(X) < T 5w,

where (a) follows from the fact that the diameter of X" is upper bounded by T". We arrived
at a contradiction. This shows that B (uT+1, %) NXe ¢ F..

Step 3. Since B (uTH, 7%2) NAX: ¢ F,, the following holds: Ix € JF; Nint(X) such that
|x — w412 < 75. Now, consider the following for such an x

Z fS uT+1 Z q$ u7—+1>

+ Zfs fs uT+1> ds (X) + QS<u‘r+l)‘

Since each ¢, is T-Lipschitz, the first term in the RHS above is upper bounded by 1. Since
the cumulative loss estimate is close to the true cumulative loss, the second term can be
bounded as

Z fs u7'+1) s <X> + QS(uT-H) < % + fT(X) - fT(uT-I—l) - QT<X> + QT(uT-‘rl)

(a)

2 A R
§ 77_ + 2B + fT(X) - fT(uT+1)7
1

where (a) follows from the fact that ¢, is a bounded function. fT(x) — fT(uTH) can be
bounded as follows

~

R 1 . R
fT(X) - fT(uT—H) = §(X - XT)THT(X - X’T‘) + <g7'7 X = XT>
1 - .
- §<u‘r+1 - XT>THT(uT+1 - XT) - <gT7 Ury1 — XT>
L _
<A B+ (lx =%l + [[uris = xc[l3,)
+ A7 (B + o)(lx = % llar, + e — %7 |lar, )-
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From Lemma 48, we know that for any x € F,, ||x — x,||a, < 4da. Substituting this in
the previous equation we get

. . 1

fT(X) - fT(uTJrl) < 16(3 + 6) ()\*2d4042 + )\71(12@) < —

m

This shows that Y |, fo(x) = fo(urgy) < %. We now show that this implies the restart
condition should have triggered. Consider the following

Zfs(xs) - }I,rell}g_ ZfS(y) = Zfs(xs) - ZfS(uT-H)
s=1 s=1 s=1

< 30 f) — £

~

4 & 1 -
= — + Js,Xs — X) — = (X — X4)" Ho(x — x4
TROSCEEEEE TR SRS

4 R ~
=—7 Z<gsaxs - Xs+1> + <g5’X3+1 B X>

~

— %(X —x)THy(x — x,)

(a)

4
< — + 102 Pad* (B + ¢€)? Z%+Z Jss Xs+1 — X)

m s=1 s=1

—Z x —x,) Hy(x — x,),

where (a) follows from the stability of the iterates we proved in Lemma 48. Since x4 is
the minimizer of minycp, 75(gs,y) +Pr.,, (¥, X;), we have the following from the first order
optimality conditions

(I)Rs+1 (X7 XS) - (I)Rs+1 (Xv XS+1) - (I)Rs+1 (XS+1, XS)

Ms

<g87 Xs+1 — X> S

Using this in the previous display, we get

T R o s o s
Zfs(xs)—mians ) < = 4 10ASad!(B + o) Zns+z Roar (% Xs) = PRy (%, Xs41)
s=1

yeky T s=1 s=1 Ns

— Z §(X — XS)TﬁS(x — Xg).

Rearranging the terms in the RHS above, we get

T . (b )
Zfs(xs) — min Zfs < — + 10~ ad4(B —+ e 2773 CDR(X’ Xl) _ Rr+1(X7X +1)

eF;
Y s=1 m Nr

/1 1
(— — ) Dr (x,Xy).
5—2 T]s 778—1




Recall, x € OF; Nint(X;). Let 7’ be such that x € 0By, , (X). Then

~ , . QR(X Xl) q)R /(Xa X’T’)
.(xs) — min s <—+10)\ Sad* (B + ¢€)? < d — T )
;:1 fs(%s) — min E foly ( E 3 et — L
Since M., M, are spectrally close to each other and since ||x — x./|| M, = a, we have

|x — x| y;, > @/2. Using this, we now lower bound ®g, (x,X.)

7'—1
1
(I)RT,(X,XT/):(DR(X,XT/)—F X — X,/) (Zns S) (x — %)

1
+ é(X — XT/)T <MT/ — MT/> (X — XT/)

1 5

> > log (1 + g) + —(x —x)" (]\/[T/ — MT/) (x —xXp)
2 2 2

Qo (1 + O‘) a

=2 U T 9) T 2001 + 8da)?

where (a) follows from property (P6) of SCB stated in Equation (C.20) and (b) follows from
the fact that M,., M,  are spectrally close to each other. For our choice of a, ®r_, (x, %)
can be lower bounded by a/4. We now upper bound ®p(x,x;). Since x € X, using
property P8 of SCB stated in Appendix C.7, we can upper bound ®g(x,x;) as

Op(x,x1) = R(x) < 4vlogT.

Substituting the above two bounds in the previous display and using the fact that 7, <
107, we get

4vlogT ay 15}
Uit 20m =

Z fs(xs) — min Z fS < — —|— 100A*ad*(B + ¢)*m T +

yel:

This implies, the restart condition should have triggered. This shows that the focus region
doesn’t get updated more than 12d logT" times.
O

C.5.1 Proof of Proposition 6

In this section, we first show that the cumulative Hessian estimates and cumulative loss
function estimates generated by the modified algorithm concentrate well around their ex-
pected values. In particular, Lemma 50 is concerned about concentration of the Hessian
estimates {H,}Z_,, and Lemma 51 is concerned about loss estimates {f,}Z_, of the mod-
ifed algorithm. These two Lemmas immediately imply that ¢, = 1 for any ¢ < T w.h.p,
where 7 is the minimum between T and the first time at which the modified algorithm
restarts. Consequently, with high probability, the iterates of the modified and the original
algorithms are exactly the same. These two Lemmas together prove Proposition 6.
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Before we proceed, note that the focus region gets updated at most 12dlogT times
before the algorithm restarts. So, for our choice of v, we have (1 + v)2¢sT < 10. Conse-
quently, for all £ < 7T, n, < 10n;. So the results of Lemma 48 apply to all the iterates in
the first T iterations of the modified algorithm.

Lemma 50 (Concentration of Hessian estimates). Let T be the minimum between T and
the first time at which the modified algorithm restarts. Then for any t < T, the following
statement holds with probability at least 1 — T2

17— 82 M, vt :O<a2mx2d53 Tlog(dT)).

Proof. We first try to derive upper and lower bounds for M,. From Lemma 48, we know
that for all s < T, and for all x € F}, [|x — X[/, < 8da. So, from Assumption 1 we have

M, = (1+8d —L__ M, for all s < ¢. This implies
- 1 ~ 1
M = ———-V*R .
'S (1+48da)? T (14 8da)? (1)

Moreover, from Lemma 46 we have M, < T8(v 4 2\/v)? (VQR(xl) + I). Since V2R(xy) is
a fixed quantity, for large enough 7" we have —; (T)I =< V2R(x;) = poly(T)I. This then

shows that there exist positive constants ¢, ¢, such that T4 < Mt <T[ forany t < T.
Next consider the following

t—1
T— MM =Y M1/2(LSH H)M‘”2

s=1

So we have

|7 = MM

< sup LAHZT]A 1/2( s — Ls 5>A 1/2]I(A WM)HQ’

Tl [<A<Tcu]

where 7,4 is an indicator random variable which is equal to 1 if and only if

1 ~

< —, )/
S<T. AZ Ay

We now focus on bounding the RHS of the above equation. We write H, as

)\ 2
Ht Ht 1+ Ht 2 = —d u(re(ye) + Qt(}’t))Mt/ (Vl,thjt + V2,tV{,t) Mt1/2
N~ =

Hy Hi o
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Now consider the RHS in the second-to-last display

R R 1 -
TV (Hoy + Hep — o H ) A7V A= ———— M,
( s,1+ S,2 ls s> (1+8d0é)

t—1
~ 1 -
< ATVRPE AT (A — H
_HZU : ~ (14 8dw)? 2

‘Z”s (e S>A_1/2H(A (1+;doz)M>

First consider the first term in the RHS above. We have
1 .
H Zn A~ 1/2]-] AT A = —M
~ (14 8da)? 2

. 1 .
< ATV AT (A — T ‘
= ;H” 1 ( = (1 +8da)? )

If ts = 0, then the st" term in the RHs above is 0. On the other hand if ¢, = 1, then we
know that M, M, are spectrally close to each other. In this case, the s term above is
upper bounded by 20e A2, d?(1 4 8da)?. This follows from the fact that r;(y;) is bounded

by € and A > 1+8da) —L__M,. So the RHS above is upper bounded by 20e\~ 2 d? (14 8da)?T.
Now consider the second term

ZAH 2775/1_1/2 (ﬁs,ﬂ - LSH8> AT (A = ([ + 8da)? (1+8da)? 8d > H

t—1
= /TAH ZnsAfl/Q <ﬁ5,2 — [/SHs) A*1/2¢ <(1 + 8da)2)\m1n(M;1/2AM;1/2)>
s=1

2

+LA

2

2

Y

2

where ¢ : R, — R, is defined as

1 ifz>1
o(r) =< 2x—1 ifl>z>1/2.
0 if1>2>0

Continuing, we get

t—1
. 1 .
I LA (HS _ SHS) AV (A — L
LAH;” 2 = (1 + 8da)?

t—1
< H > n AT (ﬁs,g - LSHS> A2 ((1 + 8da)2,\mm(Ms—1/2AMs_1/g))
s=1

2

‘ 2
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So we have

1T — M2 My v (C.11)
t—1
< sup ‘ > n AT (H2 - LSHS) A2 ((1 + 8da)2Amm(M;1/2AM;1/2))
T=I<A=Teu] '] 9
(C.12)
+ 20eA "2 1d% (1 + 8da)T. (C.13)

We now bound the first term in the RHS above using standard concentration results for
matrix-valued martingales (see Lemma 43). Define random variable Z, ; as follows

, s A1/ <H2 - LSHS) A2 ((1 + 8doz)2/\mm(M§1/2AM§1/2)> . ifs<T,
As — .
0 7T <s<T

Note that {Z4 ¢ }1_, is a matrix-valued martingale difference sequence and satisfies E, [Z4,] =

0. Moreover, Z, ; is a bounded random Var1able which satisfies || Z44]|2 = O (mA™2d?(1 + 8ad)? B).
This is easy to see when ts = 0. When LS = 1, it follows from the facts that M,, MS are
spectrally close to each other and A = 775 o )2M and ¢,(x) is bounded by B. By relying

on standard concentration results for matrlx martingale sequences, we get with probability

at least 1 — ¢

t
vi<T, |3 Zadz<0 (ainA‘2d4B Tlog(QT/a)) . (C.14)
s=1

We now do a union bound over all A such that 7791 < A < T%]. We first construct an
A-net so that the following holds: for every A, there exists a A in the A-net such that
(1+ (Td)™")Ax = A = (1 — (Td)"')Aa. We can show that the size of such an A-net is

0, (Td)CdQ), for some positive constant c. Moreover, we can show that for every A, there
exists an A in the A-net such that

t—1
1Y Zay— Zasslla< O <a2n1x2d43ﬁ) .

s=1

This follows from the fact that ¢ is bounded and Lipschitz. Now consider the following

sup ||ZZA5||2 _SUPHZZAASH2+SUPHZZAAS Zasll2

T I<A=Teul g
< sup | E Zay sz + O (ain)\’zBd‘l\/T) ,
AAa in A-net —0

where Ap is the point in A-net which is closest to A. Finally, by relying on the bound in
Equation (C 14) and performing a union bound over all the elements in the A-net gives us

sup || 2020 Zaslla = O (a MmA™ 2d"’B\/_) Plugging this bound in Equation (C.11) and
using the fact that e = O (dBT 1/ 2) gives us the required result. ]
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Remark C.5.1 (Convexifying the restart condition). We note that a similar argument as
above can be used to show that the following two matrices are spectrally close to each other

—

t—1 t—

= V2R(x)) + m(da)?y  H,, N, =V2R(x,) +m(de)®>  H,.

1 s=1

S

In particular, we can show that ||[I — N, YVEN, N, 1/2||2 < i, This would entail that Ny is

wvertible and positive definite. This in turn implies that the following objective is convex

J(y) + (d*e? —x,)'V?R —x).
;neg:Zf o)~y —x) " VER(x)(y — x1)

Now consider the restart condition stated in line 16 of Algorithm j. It involves solving
mingep, S, fs(y). Note that this objective itself may not be convex. However, it is
pointwise close to the above objective, which is convex. To see this, note that in Lemma /8
we showed that Vx € F, ||x — x|y, < 8da. As a result, Vx € Fy, (d*o®m) ' (y —

x1)'V2R(x;)(y —x¢) = O (171_1). Consequently, the two objectives are O (%) close to each
other. So, one can efficiently check for an “approximate” restart condition by minimizing
the above convex objective.

Lemma 51 (Concentration of loss estimates). Let T be the minimum between T and the
first time at which the modified algorithm restarts. Then for any t < T, the following
statement holds with probability at least 1 — T2

Z (.00 = fo) = 10s(3) + 105(x2))| < O (@PmA—2BaVT) .

s=1

Proof. First note that

sup
xEF}:

~

fs(x)_fs(xs): ! f

§(X — XS)THS(X — Xg) + (g5, X — Xg).

We split H,, Js into two components, one corresponding to r; and the other corresponding
to g¢s

. \2
Hy = TdQLt(Tt(Yt) + Qt(Yt))Mt1/2 (Vl tV2t + V2 tV1Tt) M1/2
——

I:It,l I:It,Q
= X du(q(ye) + Tt(Yt))Mtl/QVLt-
—~
gt,2 gt,1
Similarly, we define 7,(x) and ¢,(x) as follows. These are obtained by splitting f,(x) into

two components based on 7 and g

. . 1 - )
Ts(X) — Ts(x5) = 5(x — xS)THS’l(x — X5) + (gs1, X — Xs)

. . 1 - .
QS(X) - QS(XS) = §(X - XS)THS,Q(X - Xs) + <gs,27 X — Xs)-
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We first upper bound | 307} #,(x) — #4(x,)|. First note that from Lemma 48 we know that
for any x € I}, ||x — x¢||p, < 4da. Using this, we have the following for any x € Fj.

t—1
1> Ra(x) = Folxa)] < Z\rs (x,)]| (C.15)

s=1
< 16eT()\ 2d*a® + N dPa) (C.16)

< 3202\ 2d'T. (C.17)

Next, we upper bound | 32571 G(x) — Gs(Xs) — 5qs(X) + ts¢s(x,)|. Define random variables
Zx.s as

7 _ m (és(x) - (:?S(XS) - LSQS(X) + Lst<Xs)) if s < T
o 0 otherwise

It is easy to see that {Zy,}’_, is a martingale difference sequence. Moreover, Z , is a
bounded random variable which satisfies

| Zy.s| < 3202m A2 Bd*.
This again follows from the fact that x € Fi, ||x — x¢||p, < 4da which we proved in

Lemma 48. By relying on standard concentration bounds for martingale difference se-
quences (see Lemma 42), we get that with probability at least 1 — ¢,

sup | Zsz] = < “2d*a*Bn, TlogT/é) :

t<T

Next, we bound sup,cp, sup;<r | 22;11 Zx.s| using A-net arguments. Let Na be an A-
net over F; which satisfies the following: for every x, there exists a xpo € Na such that
llIx —xalla, < A. Then

t—1 t—1 t—1

sup su Zy | < supsu Z + sup su Z — Zysl. C.18
SUPPID Dol € D | D Braal + PRI B = Bl (18
Ty T

Using a simple union bound, 77 can be bounded as

(a) / dT
T, <O <>\ 2d* 2Bn1\/TlogT|NA\/5) <0 <A2d9/2a2Bm T log O‘M>

where the bound holds with probability at least 1 — ¢ and (a) holds since Vx € Fj, ||x —
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X¢ ||y, < 4da and as a result |[Na| < (%)d. T, can be bounded as follows

t—1

sup sup | ZZXA s — Zxs)

x€F; t<T s=0

(a) t—1

< sup sup | Z m gs 2 LSVQS(XS) XA>|
xely t<T s=0

t—1
sup sup | 37 (s — 0 Hay (x— )~ )7 — (ks — x.) (ks — %))
xeFy t<T

where (a) follows from the definitions of Zy s and ¢s(x), ¢s(x) and (-, -)p is the frobenius
inner product. The first term in the RHS above can be bounded as

t—1

sup sup|z771 Js2 — tsVqs(Xs), X — xa)]|
xeFy t<T s—0

(@ t—1
< 2mAT LdB sup sup <Z |x — XAHMs)

xeF; t<T

xeFy t<T

(b) t—1
< 2(1 + 8da)*m A~ 'dB sup sup (Z |x — XAHMt> =0 (A 'd®a’ByAT)

where (a) follows from the facts that ||gs23,, < A7'dB, Es[gs2] = tsVgs(xs), and (b)
follows from Lemma 48 where we showed that M, < (1 + 8d«a)?M;.

Using similar arguments and the fact that Vx € F}, ||x — x¢||a, < 4da, the second term
in the RHS of the second-to-last display can be bounded as

=0 ()\ 2d5a3Bn1AT).

Choosing A = dT, and plugging the above bounds for 77, T, in Equation (C.18) gives us

SUPy e, SUPy<7 | Zt V s| = (a MmA~ 2Bd9/2\/_> Finally, combining Equation (C.15)
and Equation (C.18), and using the fact that e = O (dBT 1/ 2) gives us the requires result.
[

Remark C.5.2. For our choice of hyper-parameters, the concentration bounds in Lem-
mas 50, 51 show that the indicator random variables {1,}]_, are equal to 1 with high prob-
ability. This entails that the iterates produced by the modified algorithm are exactly equal
to the iterates produced by the actual algorithm with high probability. As a result all the
properties we showed for the modified algorithm in Lemmas 48, /9, 50, 51 also hold for the
original algorithm with high probability.
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C.5.2 Main argument for Theorem 10

We are now ready to prove Theorem 10. Since we know that with high probability, the
iterates of the modified algorithm which relies on indicator variables ¢; are exactly same
as the original algorithm, it suffices to prove the regret bound for the modified algorithm.
In the sequel, we work with the modified algorithm. Throughout the proof, we let T be
the minimum between 7" and the first time step at which the algorithm restarts. Let 7 be
the minimum between 7 and the last time step where ¢+, = 1. Our goal is to bound the
following quantity

T

> efu(ys) mmzbsfs = fulye) mmes
s=1

s=1

Case 1 (T =T). We first consider the case where the restart condition didn’t trigger in
the first 7 iterations (i.e., 7 = T'). In this case, we show that the regret is O (T'"/?). Since
the restart condition hasn’t triggered, we know that

Zfs(xs)_;reli}iz.fs Z__
s=1

From the proof of Lemma 49, this implies Vx € 0F; N int(X)
ifs(x)—minifs( > i
s=1 yer ™

(In Lemma 49, we proved a contrapositive statement We showed that if 3x € 0Fp ﬂlnt(Xg)
such that 370 fo(x) —minyer, 3o fo(y) < o, then 320 fi () —minger, Y200 foly) <

—77—1) Since our cumulative loss estimate concentrates well around the true cumulative loss
(i.e., t; = 1), this implies

g 2
Vx € OF; Nint(X), E qs(x ming qs(y) > —.
m
1

YEF:
s=

Since ¢,’s are convex, this implies the minimizer of minyex, > 7_; ¢s(x) is in F. So, the
regret of the algorithm can be bounded as follows

Regp = z; fslys) — 32}32 fox) < €T+ ailys) — I)}éigz qs(x)

s=1
(a)

< 1+€T+iqs(ys mquS

s=1

=1+€el'+ ZQS<y5) - ,I}él}«!l ZQS(X)7
T s=1

s=1
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where (a) follows from the definition of Xy = (1 — )X + £x; and the fact that the loss
functions are Lipschitz and the diameter of X is bounded. Next, consider the following for
any x € F,

K
3

S aly.) qu [9:(v5) = @s(x0)]+ D [as (%) = 05(%) = folx) + f(3)]

Bounding 77. Consider the following

T T
Z qs ( - Z VQS Xs 1/2(V1,S + V2,s)>
s=0 s=0
51
+ A2 §(V13 + vo s)TM 120, M, 1/2(V15 + Vo).

Let Zs = MV fs(xs), M. M2 (Vis + Vo)) if s < 7 and 0 if s > 7. Note that {Z,}7_, is a
martingale difference sequence with each Z, being bounded: |Z,| < 2dB. This follows from

the observation that Vg,(xs) = E,[gs] and the fact that M;Wgs is a bounded random
variable. By relying on standard concentration bounds for martingale difference sequences

(see Lemma 42), we get that with probability at least 1—4, Zstl Zy=0 <dB\/T log 1/5) )
Next, consider the last term in the RHS

(Vis+ Vo) "M P H M (v + o) < A|MY2H M|
< AN H N | M2 M M2
< AN HON P ol | M2 VLMY o | VY2 M M2

Since M,, M,, M., are spectrally close to each other, we can show that ||J\48_1/2.7\~4S]\45_1/2 |2,
\|M§1/2MS+1M§1/2H2 are close to 1. So we have
(Vi + Vo) TMIPH M (v Vo) < S|V HM o

Using similar arguments as in the proof of Theorem 38 (see Equation (C.4)), we get the
following upper bound for T: O (dB Tlog1/d + dl(;%dT).
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Bounding 75. Since ¢, = 1, T5 can be upper bounded as

~ ~

T<+ 1 o) - ar(x) — fo(x) + fo(x)

T
1 X L, -
< oG = Varbe), x - X:) + 5 (Hr = He, (x = %) (x = %))
1
)
S ]
T

where the last inequality follows from the facts that || x—x,|[a;, < 4da, ||g-[13, < A d(B+
e), | M7 P H, M|y < A2d2%(B + ).

Bounding 73. To bound T3, we consider the following

T T
R R R 1 X
> [k = )] = D G0xs = %) = 50— x)THyx — x,)
s=0 s=1
a 1
= > (X = X1} + (G X1 = X) = 5 = %) THy(x = x,)
s=1
(a) T T
< 102 2ad*(B + ¢€)? Z ns + Z(QS, Xgi] — X)
s=1 s=1
1
— Z §(x —x )T Hy(x — x,),
s=1

where (a) follows from the stability of the iterates we proved in Lemma 48. Since x4;1 is
the minimizer of minyep, 75(Gs, y) + Pr.., (¥, Xs), we have

CI)Rs+1 (X7 XS) - CDRSH (X, Xs+1) - (I)Rs+1 <X8+17 XS)
Ns

<gsu Xs+1 — X> S

Using this in the previous display, we get

T A T L Dp.,, (%,X,) — Pr,, (X, Xer1)
Z [fs(xs) - fs(X)] S 10)\_304d4(B ~|» 6)2 ZT/S + Z Rs+1 ) “*S RS+1 5 As+1

s=0 s=1 s=1 Ms
1
— Z Q(X — X)) Hy(x — xg).
s=1
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Rearranging the terms in the RHS above, we get

> [fs(xs) - fs(x)} < 10A3ad (B +€)2 > n + Pr(x,x1)  Pry, (X, X741)

Ui nr
T
11
(— _ ) o

s—9 ns 775—1
(@) a dr(x,x1)
< 10A2ad (B + )2 n, + BB

(B+e)*> 1 "

s=1

where (a) follows from the facts that R is convex, and ns > n,_; for all s. Hence the
last two terms are negatives and can be ignored. Since x € X, using property P8 of SCB
stated in Appendix C.7, we can upper bound ®Pr(x,x;) as

Pp(x,x1) = R(x) < 4vlogT.

Combining the bounds for T}, T, T5 shows that with probability at least 1 —7~2 the regret
is upper bounded by

(v+d)

O (eT +dBVT + ~~——
m

+ A 3ad!(B + e)inT) =0 (du(d + 1/)5\/T> .

Case 2 (7 <T). We now consider the case where the restart condition triggered at some
iteration 7 < T. Using the fact that the restart condition hasn’t triggered in iteration
7T — 1 and using similar arguments as in the beginning of Case 1, we can again show that
the minimizer of the cumulative loss over the entire domain lies in the focus region Fr,
and 7 = 1. So regret until 7 is given by

.
Regr = Y fu(ys) mmes < 1+Zfs (ys) mmes
s=1
=1+ ZfS(YS) - ){2}%2#(7()
s=1 s=1

where (a) follows from the definition of &X;. Using the same regret decomposition as in Case
1, for any x € Fr

T T T T . R
Zfs(ys)_Zfs(X) —= Z QS ys - +Z |:qs XS _qS ) fS(XS>+fS(X>
s=1 s=1 s=1 s=1

. A TlA Ts
+ 3 [Aix) = £
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We use the same arguments as in Case 1 to bound 77,75 as

dlogdT 2
leO(dB Tlogl/s + 2 ) T,

Since the restart condition triggered in round 7, T3 is bounded by —7% Combining all
these bounds, we get the following bound on regret

Regr < eT'+ O (dB Tlogl/§ +
m

dlogdT 2
g ) N B
Ui

For our choice of hyper-parameters, the above bound is less than 0.

C.6 Additional Results

Proposition 16 (Gaussian Smoothmg) Let f : R — R be a potentially non-smooth func-
tion. Define the smoothed function f as f( ) = Euwono,n) [f(x + Cu)], for some symmetric

positive definite matriz C. Then f s twice differentiable with the following gradient and
Hessian

~

Vf(x) =Euwnon [Cuf(x+ Cu)l, V2 f(x) = Ewnvon [CTH(uu" — )7 f(x+ Cu)] .

Proof. Gradient. Using the expression for probability density function of a multivariate
Gaussian, we get

5 0 1 _ (@) 0 1 2
S [lul?/2 - ly—=xllg,—2/2
Vi) = 5 [ Gyl Qo a2 [ o e y

0 1 llyv—x]|2 C_Qy—X v —x]|2
-/ o o e iy = [ (27T|<C'\_2)_d/2) fly)e el dy

-1
© / &T%f(x + Cu)e MIF2qy,

where we used change of variables in (a) and (b). This shows that

N

Vf(X) = EUNN(OJ) [O_IUf(X + Cll)] .

Hessian. We use a similar argument as above to compute the Hessian. From the first
display above, we have

. C3(y —x T
vieo = | (2w\g|2_)_d/2) fy)er v ey,
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Using the definition of Hessian, we get

V300 = 5 vi00 = o fﬂ(}\ syars /() 1y
C?y—x%) ) fly
8x (2 (2n|C|?)é?
C2y—x)(y-x)c?-C?
- / (27| C[2)4/
@ [Ctun’C!—-(C—2
°f (2r[C)"
where we used change of variables in (a). This shows that

Eu~nro,1) [C Yau” — DO f(x + Cu)}

oIy xlEa/2 gy

f(y>€*||yfxllzc_2/2dy

Fx+ Cu)e 1MIP2qq

C.7 Review of Self Concordant Barriers

This section reviews some useful properties of Self Concordant (SC) functions and Self Con-

cordant Barriers (SCBs). Most of the content in this section is from Nemirovski [Nem04|

and Nesterov [Nes18|.

® (P3) Non-degeneracy: If X doesn’t contain straight lines, then the Hessian V*R(x) is
nondegenerate (i.e., V2R(x) = 0) at all points x € int(X).

e (P4) For any x € int(X), we have
X N {y :(VR(x),y —x) >0} C B, 155 v2Rr(x) (X)- (C.19)
e (P5) Semiboundedness: For any x € int(X),y € X, (VR(x),y —x) <v
e (P6) For any x,y € int(X),
R(y) — R(x) = (VR(x),y = x) = ||y — X[[vz2re) —log(1 + [[y — x[|v2re).  (C.20)
e (P7) For any x,y € int(X), we have

1y — %132 rex)

VR(y) — VR(X),y — x) > C.21
VA = VRY =20 2 1 e .

e (P8) Define the Minkowsky function of X with the pole at x as

Te(y) = inf{t > 0]x +t'(y — x) € X}.

Then for any x,y € int(X)
R(y) < R(x) + vlog ————— C.22
(¥) < AR+ vlog T (©.22)
+2vv\?

V2R ( ’ > V2R(x). C.23
) = ({2205) vRe) (©.23)
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|Appendix D

Supplementary Material for Chapter 5

D.1 Measurability of Bayes Estimators

For any prior II, define pr(X™) as

[ o opanco).
0 i=1
For any prior II, define estimator O as follows

éH(X”) € argmin E@NH(.|X7L) [M(é, 9)] .
0cO

Certain regularity conditions need to hold for this to be a Bayes estimator of II. 8y defined
this way need not be a measurable function of X”. We now provide sufficient conditions
on the statistical problem which guarantee measurability of fr. These conditions are
from Brown and Purves [BP73].
Assumption 2. The sample space X™ and the parameter set © are non-empty Borel sets.
Assumption 3. Let B(X"™) be the Borel o-algebra corresponding to the sample space X™
and B(©) be the Borel o-algebra corresponding to parameter space ©. Let 11 be a prior
probability measure on ©. Suppose, for each 6 € O, Py is such that, for each B € B(X™"),
the function @ — Py(B) is measurable w.r.t B(O).
Assumption 4. The loss function M defined on © X © and taking non-negative real values,
is measurable w.r.t B(0©) x B(©). Moreover, M(-,0) is lower semi-continuous on ©, for
each 6 € ©.

Under these assumptions, when © is compact, Brown and Purves |BP73| show that
there exists a Borel measurable function én such that

éH(X") € argmin Ee~n(.|xn) [M(é, 9)] .
0cO

Moreover, Oy is the Bayes estimator for II.
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D.2 Minimax Estimators, LFPs and Nash Equilibirium

Proposition 17. Consider the statistical game in Equation (5.1). If (é* P*) is a mized
strategy NE of (5.1), then the minmax and mazmin values of the linearized game are equal
to each other. Moreover, 0% is a minimaz estimator and P* is an LFP. Conversely, zf@

1s a minimax estimator, and P* is an LFP, and the minmax and maxmin values of the
linearized game (5.4) are equal to each other, then (é*, P*) is a mized strateqgy NE of (5.1).
Moreover, 0* is a Bayes estimator for P*.

Proof. Suppose (6%, P*) is a mixed strategy NE. Then, from the definition of mixed strategy
NE, we have

sup R(0*, P) < R(6*, P*) < inf R(0, P*).
PeMg feMp

This further implies

(a) N R
inf sup R(0,P) < sup R(0*,P)< R(0*, P

QGMD PeMg PeMg

() ()
< inf R(9,P*)< sup inf R(4,P).
OGM'D PeMg QEMD

Since infgc . SUPpe g R(é,P) > SUPpe e e, R(é, P), the above set of inequali-
ties all hold with an equality and imply that the minmax and maxmin values of the
linearized game are equal to each other. Moreover, from (a), we have suppc , R(60%, P) =

infyc e, SUPpes R(0,P). This implies 6* is a minimax estimator. From (c), we have
infsc g, R(é, P*) = suppe g infgep, R(é, P). This implies P* is an LFP. Finally, from
(b), we have R(6*, P*) = infe v, R(0, P*). This implies 6* is a Bayes estimator for P*.

We now prove the converse. Since #* is a minimax estimator and P* is an LFP, we
have

sup R(A*,P)= inf sup R(9,P), inf R(O,P*)= sup inf R(6,P).
PeMeg QEM'D PeMe e Mp PeMeo QEM’D

Moreover, since minmax and maxmin values of the linearized game are equal to each other,
all the above 4 quantities are equal to each other. Since R(6*, P*) < suppe,y, R(0%, P)

and R(0*, P*) > infsc e, R(6, P*), we have

sup R(0*, P) = R(6*, P*) = inf R(0, P*).
PeMg feMp

This shows that (é*, P*) is a mixed strategy NE of the linear game in Equation (5.4). [
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D.3 Minimax Estimation via Online Learning

D.3.1 Proof of Proposition 7

We have the following bounds on the regret of the minimization and maximization players

T T
> R(6;,P)—inf Y R(0,P) < e(T),
=1 beD i

T
sup RQ, RQ,P < &(T
> R0.,0) - 3 R0 P) < o),

f RQP
;EDTZ 2
T
1 ) T
ZfZRquf:)—el( ) (D.1)
t=1
T
1 N 61(T)—|—62(T)
>sup— Y R(0,,0) — LT
2 s 2 R00) T

where the first and the second inequalities follow from the regret bounds of the minimization
and maximization players. We further bound the LHS and RHS of the above inequality as

follows
inf R@ P) <— RG/ P) = QRND,PAVG ,
B3 < 3R = e e
L I
sup — R(0 R( 6, P) = Oy Prvc).
7 2 R0 > 7 Z Z 2 F2) = Flfuso: Prve)
Combining the previous two sets of inequalities gives us
. . T T
RBusos Pave) = 5up RO 8) — LT
0c6 T
- . T T
Rlfusos Pasc) < inf (B, Prg) + L0
deD T

D.3.2 Proof of Theorem 11

To prove the Theorem we first bound the regret of each player and then rely on Propo-
sition 7 to show that the iterates converge to a NE. Since the maximization player is
responding using FTPL to the actions of minimization player, we rely on Theorem 1 to
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bound her regret. First note that the sequence of reward functions seen by the maximiza-
tion player R(0;,-) are L-Lipschitz. Moreover, the domain © has ¢, diameter of D. So
applying Theorem 1 gives us the following regret bound

T T
E, Sup o 2 (6,,0) %; R(0,,0,(c))| <O (ndQDLQ + W +a+ BdL) .
Taking the expectation inside, we get the following
RS RS 22, AT+ D)
%T;R@, ;Ret,ﬂ <O(ndDL n—T+a+BdL>. (D.2)

Since the minimization player is using BR, her regret is upper bounded by 0. Plugging in
these two regret bounds in Proposition 7 gives us the required result.

D.3.3 Proof of Corollary 3

Note that this corollary is only concerned about existence of minimax estimators and LFPs,
and showing that minmax and maxmin values of Equation (5.4) are equal to each other. So
we can ignore the approximation errors introduced by the oracles and set « = f =o' =0
in the results of Theorem 11 (that is, we assume access to exact optimization oracles, as
we are only concerned with existence of NE and not about computational tractability of
the algorithm).

Minimax Theorem To prove the first part of the corollary, we set n = ,/ﬁ in
Theorem 11 and let 7" — oco. We get

sup R(0uno, 0) = inf R(0, Py

fcO 0eD

—  sup R(0uo, P) = inf R(6, Pye)
PeMeg feMp

— inf sup R(A,P)< sup inf R(A,P).
GEMD PeMeg PeMe QEMD

Since minmax value of any game is always greater than or equal to maxmin value of the
game, we get

inf sup R(0,P)= sup inf R(A,P)R*.
GGMD PeMeg PeMeg GGMD

Existence of LFP We now show that the statistical game has an LFP. To prove this
result, we make use of the following result on the compactness of probability spaces. If ©
is a compact space, then Mg is sequentially compact; that is, any sequence P, € Mg has
a convergent subsequence converging to a point in Mg (the notion of convergence here is
weak convergence). Let Py = %Z;l P; be the mixture distribution obtained from the

first ¢ iterates of Algorithm 5 when run with n = 4/ dL2T and exact optimization oracles.
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Consider the sequence of probability measures { Py +}i2;. Since the parameter space O is
compact, we know that there exists a converging subsequence { Py, }i2;. Let P* € Mg
be the limit of this sequence. In the rest of the proof, we show that P* is an LFP; that is,
inf; R(é, P*) = R*. Since R(é, 0) is bounded, and Lipschitz in its second argument, we
have

V0 € Mp lim R(0, Pyey) = R(6, P*). (D.3)

This follows from the equivalent formulations of weak convergence of measures. We now
make use of the following result from Corollary 4 (which we prove later in Appendix D.3.4)

inf R(6, Pyey) > R — O(t2).

0eD
Combining this with the fact that suppc,, infy.p R(é, P) = R*, we get

lim inf R(0, Pyey,) = R*. (D.4)

1—00 9€D
Equations (D.3), (D.4) show that infj_, R(é, Pyeti)s R(é, P,+;) are converging sequences
as 1 — 00. Since infy_p R(é, Pyey;) < R(é, Pyey,) for all i,0 € D, we have

lim inf R(@ Pyey,) < lim R(H Pyati)s vl € D.

1—00 D 1—00

From Equations (D.3), (D.4), we then have

R* < R(0,P*), Y0eD
— R* < inf R(0, P*),
6eD

A

Combining this with the fact that suppcp, infsep, R(0, P) = R, we get

inf R(, P*) = R*.

6eD

This shows that P* is an LFP.

Existence of Minimax Estimator To show the existence of a minimax estimator,
we make use of the following result from Wald [Wal49|, which is concerned about the
“compactness” of the space of estimators Mop.

Proposition 18. Suppose © is compact w.r.t Ap(61,62) = suppee |M(91, 0) — M(0,,0)|.
Moreover, suppose the risk R is bounded. Then for any sequence of {9} © . of estimators
there exists a subsequence {9 } ., such that lim;_, ., (91 90 and for any 0 € ©

lim inf R(Qz ,0) > R(6,,0).

1—00
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Let QARND’t be the randomized estimator obtained by uniformly sampling an estimator
from {6;}!_,. Consider the sequence of estimators {fpyp};°;. From the above proposi-
tion, we know that there exists a subsequence {QRNDt st o1 and an estimator §* such that

liminf; R(QRNDt ,0) > R(@* 0). We now show that 6* is a minimax estimator; that is,
we show that supyeg R(6*,0) = R*. We make use of the following result from Corollary 4

sup R(fpun,0) < R* + O(t77).
0cO

Combining this with the fact that infs_,, suppepq, R(é, P) = R*, we get
lim sup R(QRND’tj, 0) = R". (D.5)

J= gco
Since supycg R(éRND,tj, 0) > R(éRND,t]., é) for any j,é € O, we have

lim inf sup R(QRNDt ,0) > lim inf R(QARNDJJ.,@) > R(6*,0), V6 eo.

Jj—00 pcO J—00
Since { R(Oxxp,t;,0)}52, is a converging sequence, we have

lim inf sup R(HRNDt 0) = lim sup R(@RND’tj, 0) = R".

J—0 gco J—00 gco

~

This together with the previous inequality gives us supjcg R(0rno,; 5) < R*. This shows
that 6* is a minimax estimator.

D.3.4 Proof of Corollary 4

Minimax Estimator From Theorem 11 we have

sup R(éRND, 0) = sup — T Z R( 9“ 0)

0cO 0cO
T+ D

< inf — ZRHP )+ O (nd>DL* + M+a+a’+6c@

gep T nT
T+ D

= inf —ZRHP +O<nd2DL2 M—i—a—i—o/—l—ﬁdL)
bermp T = nT

(a) T+ D

< inf sup R(A,P)+O (ndQDLQ M +a+a + BdL) :
feMp PeEMe nT

where (a) follows from the fact that sup,ce R(6,6) > %Zszl R(0, P). Substituting n =

,/ﬁ in the above equation shows that the randomized estimator is approximately min-

imax. This completes the first part of the proof. If the metric M is convex in its first
argument, then from Jensen’s inequality we have

V0, R(fre0) < R(byn, 0).
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This shows that the worst-case risk of éAVG is upper bounded as

d(BT + D)

sup R(éAVG,é’) < inf sup R(é,@) +0 (ndzDL2 + T
n

) +a+a + BdL) :
6co feMp PeMe

(D.6)

Substituting n = @/dL%T in Equation (D.6) gives us the required bound on the worst-case

risk of éAVG.

LFP We now prove the results pertaining to LFP. From Theorem 11, we have

T
) 1 )
inf R(0, Pwe) = inf — R(0, P,
éEMD ( G) éEMD T ; ( )
T
1 . d(fT + D)
> sup = > R(0;,P)—O (nd*DL*> + ~"—— +a+d + dL)
2 s 13RO (n " 8
R d(BT + D
> inf sup R(#,P)—0O (T}dQDLQ + d(ST + D) +a+a + ﬁdL) :
deMp PeEMe nT

Substituting n = in the above equation shows that P, is approximately least

1
dL>T
favourable. Now consider the case where M is convex in its first argument. To show that

0. is an approximate Bayes estimator for P, we again rely on Theorem 11 where we
showed that

d(BT + D)

T T
1 A 1 .
SUp E R(0;, P) < inf T E R(0, P,)+0O (77d2DL2+ T
t=1

) +a+a + BdL) .
PeMeo i—1 e Mp

Since %2 Zle ZtT/Zl R(ét/, P) < SUP pe pe % ZL R(éi, P), we have

T T T
1 . 1 - ., d(BT + D)
=S NS R, P) < mf 2 jR(e,PtHO(nd DL+ =— 7

=1 t—1 0eMp £ 34

—l—a—iroz’—l—BdL).

Since M is convex in its first argument, we have
T T T

% > ) R0y, P) > % > R(Owe, P).

t=1 t'=1 i=1

Combining the above two equations shows that éAVG is an approximate Bayes estimator for
PAVG'
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D.4 Invariance of Minimax Estimators

D.4.1 Proof of Theorem 12

In our proof, we rely on the following property of left Haar measure p of a compact group
G. For any real valued integrable function f on G and any g € G [see Chapter 7 of Wij90]

/G F(g )dpu(h) = /G F(R)du(). (D7)

We now proceed to the proof of the Theorem. For any estimator 0:x" — O, define the
following estimator 0

(X" = /G 989~ X" du(g),

where g is the left Haar measure on G and ¢X" = {gXi,...¢9X,}. The above integral
is well defined because 6 is measurable, G is compact and the action of the group G is
continuous. We first show that ¢ is invariant under group transformations G. For any
h € G, consider the following

b (hX") = /G gb((g™" W)X du(g)
:/Gh(h_lg)é((h_lg)_lxn)dﬂ(g)
=h { /G (h‘lg)é((h_lg)_lxn)d#(g)]

0] [ aita 5 uto]
= hfg(X"),

—~

where (a) follows from Equation (D.7). This shows that 0 is an invariant estimator. We
now show that the worst case risk of fg is less than or equal to the worst case risk of 6.
Consider the following upper bound on the risk of 65 at any 6 € ©

R(6c,0) = Exnpp | M(Ba(X), 9)]
< Exnopp /M g X" H)du(g)} (convexity of M)

:EX"~P” g~u[ ( (*1X"),9H

)
@ Egp [Exn,\,Pn [ g@ (X™) ,0)” (change of variables)
)

© Eyp [EX?LNPW [ "),9 0 H (invariance of M)
=By [R(é’g_le)}
< sup R(6,0'),

0'ce
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where (a) follows from Fubini’s theorem and change of variables X’ = ¢~'X and the fact
that if X ~ Py, then g~'X ~ P,-15. (b) follows from the invariance property of the metric

M. This shows that supycg R(0g,0) < SUPgco R(A,0). This shows that we can always
improve a given estimator by averaging over the group G and hence there should be a
minimax estimator which is invariant under the action of G.

D.4.2 Proof of Theorem 13

We first prove some intermediate results which we require in the proof of the Theorem.

Intermediate Results
Lemma 52. Suppose 0 is a deterministic estimator that is invariant to group transforma-

tions G. Then R(6,60,) = R(0,0,), whenever 6, ~ 0.

Proof. Suppose 05 = gy for some g € G. From the definition of R(6, g6;) we have

~

R(0,0,) = R(éag(gl) = EXnNngl M(é(X”),gel)}

= Exnepn, M (g71O(X™), 91)} (invariance of loss metric)

= Exnepn, _M(é(g_IX”), 91)} (invariance of estimator)
D By | MBD), 91)}
= R(0,6,),

where (a) follows from the fact that gX ~ P, whenever X ~ Fj. This shows that
R(6,601) = R(6,0). O

Lemma 53. Suppose 11 is a probability distribution which is invariant to group transfor-
mations G. For any deterministic estimator 0, there exists an invariant estimator 0 such
that the Bayes risk of O is no larger than the Bayes risk of 0

Proof. Define estimator ¢ as follows

A~

() = /G 989~ X" du(g),

where p is the left Haar measure on G. Note that, in the proof of Theorem 12 we showed
that this estimator is invariance to the action of group G. We now show that the Bayes
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risk of 0 is less than equal to the Bayes risk of f. Consider the following

~

R(0¢,11) = Egni[R(0c, )]

— Epun []EXMP; [M (/G gé(g_lxn)dﬂ(g)ﬁﬂ}

(%) Eon [EXn~P£ [ng :M gé(g—lxn),eﬂﬂ

= By |Eount |Exnpy | M |
b I 5 leny -
(:) ngu |:E€~H |:]E'X”~Pé1 M ( (g 1X )7 g 19):”]

)

O Bont [R(0,6)]

where (a) uses convexity of M and follows from Jensen’s inequality, (b) follows from the
invariance of M and (c) follows from the invariance of distribution II to actions of group

G. ]

Main Argument

We now proceed to the proof of Theorem 13. We first prove the second part of the
Theorem. The first part immediately follows from the proof of second part. Suppose
(ég, P}) is an e-approximate mixed strategy Nash equilibirium of the reduced statistical
game in Equation (5.8). Our goal is to construct an approximate Nash equilibrium of the
original statistical game in Equation (5.1), using (ég, P).

Note that ég is a randomized estimator over the set of deterministic invariant estimators
D¢ and P is a distribution on the quotient space ©/G. To construct an approximate Nash
equilibrium of the original statistical game (5.1), we extend P to the entire parameter
space ©. We rely on Bourbaki’s approach to measure theory, which is equivalent to classical
measure theory in the setting of locally compact spaces we consider in this work [Wij90]. In
Bourbaki’s approach, any measure v on a set © is defined as a linear functional on the set
of integrable functions (that is, a measure is defined by its action on integrable functions)

:Aﬂmww

We define P*, the extension of P to the entire parameter space ©, as follows
Prlf] = f'(©5)dPg(0p),
e/G

where f': ©/G — R is a function that depends on f, and is deﬁned as follows. First
define f; : © — R, an invariant function constructed using f, as f;(6 f@ (90)du(g
where p is the left invariant Haar measure of G. From Equation (D. 7) it is easy to see
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that f;(hf) = f1(0), for all h € G. So fr is constant on the equivalence classes of ©. So f;
can be written in terms of a function f’': ©/G — R, as follows

fI = f, °7,

where v : © — ©/@ is the orbit projection function which projects # € © onto the quotient
space. We first show that P* defined this way is an invariant measure. To this end, we use
the following equivalent definition of an invariant measure.
Proposition 19. A probability measure v on © is invariant to transformations of group
G iff for any v-integrable function f and for any h € G, [ f(0)dv(0) = [ f(h8)dv ().

Since fr is an invariant function, relying on the above proposition, it is easy to see that
P~ is an invariant measure. We now show that (ég, P*) is an e-approximate mixed strategy
Nash equilibrium of Equation (5.1). Since (éé, P}) is an e-approximate Nash equilibrium
of Equation (5.8), we have

sup Rg(ég, @5) — € S E@ﬁNpC*; [Rc(ég, @5)] S Ainf E@ﬁNpé [R(;(é, @5)] + €, <D8)
GBEQ/G 0€Dg

where Dy is the set of deterministic invariant estimators. Now consider the following
Egp-[R(05,0)] 2 Bo,r: [Ra(05, ©5)]  (Lemma 52)
< inf E@BNpé[Rg(é, ©5)] + € (Equation (D.8))

0cDg

— inf Eyp-[R(0,0)] +¢ (definition of P*)
0D

© inf Eg_p<[R(,0)] + ¢ (Lemma 53),
9eD

where (a) follows from the definition of P* and Lemma 52. (b) follows from the fact
that for any invariant prior, there exists a Bayes estimator which is invariant to group
transformations (Lemma 53). Next, we provide a lower bound for Egp«[R(6f,0)]

Egop-[R(0,0)] = Eo,ps[Re (05, )]

> sup Ro(05,05) — e
0,€0/G

—sup R(0,0) —e (Lemma 52)
00

The upper and lower bounds for Eg.p- [R(ég,@)] derived in the previous two equations
shows that (6, P*) is an e-approximate mixed strategy Nash equilibrium of the original
statistical game in Equation 5.1. The above inequalites also show that

sup R(05,0) — € < Ee,ops [Ra(0f, ©5)] < inf Egop: [R(0,0)] + .
0O 0eD

This, together with Equation (D.8), shows that

inf supR(A,0) = inf sup Rg(6,0p).
feMp 0c6 0eMp ¢ ©5€0/G
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D.4.3 Applications of Invariance Theorem

In our proofs, we establish homeomorphisms between the quotient spaces and another
natural space over which we run our algorithm. Note that establishing a homeomorphism is
sufficient since we are only dealing with Borel o-algebras on our spaces and homeomorphism
would imply that there is an isomorphism between the Borel o-algebras of the two spaces.
Hence, measures learnt on one space can be transferred to another.

Proof of Theorem 14

First note that for any g € O(d) and 6§ € ©, we have gf € © and the distribution of gX
is P,y. Moreover, for any orthogonal matrix g € O(d) we have ||gf — ¢X||* = || — X%,
which implies the statistical game is invariant to group transformations G.

For the second part, note that for any 60,6, € © such that ||01]|2 = ||02]]2, g € O(d)
s.t. gf; = 0. Mapping all elements to their norm gives us a bijection between the quotient
space and the interval [0, B]. The continuity of this bijection and it’s inverse can easily be
checked using the standard basis for both the topologies.

Proof of Theorem 15

Note that for any § € O, gf = [g10%F, g.08"1Y] € O. Since g, is orthogonal, for any
01,0, € © we have ||g,01% — g103%|| = ||0}F — 03*||. Hence the invariance of the statistical
game follows.

Now, for any 6,6, € © such that ||| = ||91k|| and ||9’f+1d|| = ||6575Y|, 39, € O(k)
and g, € O(d—k) such that g;01*% = 63% and g,07 "¢ = 95+1¢ Hence 3g € O(k) x O(d—k)
such that gf; = 6,. This means that in each equlvalence class the parameters B; = ||01*]|?
and By = [|0%T1)|? are constant. Since ||0]|> < B we have B, + B, < B, this gives us a
bijection. The continuity of this bijection and it’s inverse can easily be checked using the
standard basis for both the topologies.

Proof of Theorem 16
We define the action of any g € O(d) on the samples {(X;,Y;)}", as transforming them
o {(gX;, Y}, Since Y; = X0+ ¢, = XTgT g0 + ¢; = (9X;)T g9 + ¢ and ||gf; — gbs|| =

|01 — 05| for any 6,605 € © we have the invariance of the statistical game. The rest of the
proof uses similar arguments as in Theorem 14.

Proof of Theorem 17

First note that for any 3 such that ||| < B, and any g € O(d), we have ||¢gX¢7]| < B.
If X ~ N(0,%) then for any g € O(d)

ElgXXTg"] = gE[XXT]g" = g%g".
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Hence gX ~ N(0, gXg"). Moreover, we have

M(g%1g", g%2g")

= tr ((9219") 'g%2g") —log |(9%19") 929" | — d
= tr (957" 925 "g") —loglgX g gxy g — d

= tr(g3] ' Eag”) — log [g¥; ' Sag"| — d

= M(X,, %),

where the last equality follows from the invariance of trace to multiplication with orthogonal
matrices and the property of the determinant to split over the multiplication of matrices.
This shows the desired invariance of the statistical game.

Now, consider two covariance matrices 1, ¥ with singular value decompositions (SVD)
Y1 = UlAlUlT and Yy = UQAQUQT respectively. Here all matrices are square and of full
rank. In particular, A; and A, are diagonal matrices with decreasing entries from left to
right and, U; and U, are orthogonal matrices. Since the orthogonal group is transitive
Jg € O(d) such that gU; = Uy. If A} = Ay we have g¥¢g7 = ¥5. Hence under the action
of O(d), all covariance matrices with the same singular values fall in the same equivalence
class. It is easy to see that this is also a necessary condition. These equivalence classes
naturally form a bijection with a sequence of d decreasing positive real numbers bounded
above by B. The continuity of this bijection and it’s inverse can easily be checked using
the standard basis for both the topologies.

Proof of Theorem 18

Let P, @ be any two distributions on d elements {1,...d} such that 3g € Sy s.t. gP = Q.
They are indistinguishable from the samples they generate. Since the entropy is defined as

f(P)=— Zpi log(p:)

it doesn’t depend upon the ordering of the individual probabilites. Hence the statistical
game is invariant under the action of Sy.

Since using a permutation we can always order a given set of probabilities in decreasing
order, there is a natural bijection between the quotient space and the given space. The
continuity of this map and it’s inverse can easily be checked using the standard basis for
both the topologies.

Mixture of Gaussians

In the problem of mixture of Gaussians we are given n samples X;,..., X, € R? which
come from a mixture distribution of £ Gaussians with different means

k
Py = Zpi/\/(ei,zi)-
=1
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We assume that all £ Gaussians have the same covariance, let’s say identity, and we also
assume that we know the mixture probabilities. Finally, we assume that the mean vectors
0; are such that ||6;]] < B. Under this setting we want to estimate the k different means
while minimizing the sum of the L2 losses of all the estimates of the mean parameters.

We will show the invariance of this statistical game under the action of the group
G=0(d)x0(d—-1) x...x0O(d—k+1). But first we describe an element in the group
and it’s operation on the parameter and sample space.

An element of g € G is made up of a sequence of k orthonormal matrices (g1, ..., gx)
such that for a given set of parameters § = (6;,...,0;) € R>* (where each 6; € R?) the
matrix g; leaves the first (¢ — 1) parameters unchanged, i.e. for j =1,...,i —1 g6, = 6;.

Hence the ith orthonormal matrix has (d —i+ 1) degrees of freedom and can be viewed as
an element in O(d — i+ 1).
The action of g on 6 is defined as

g0 =g(01,...,0n)
= (gb1,...,90%)
= (k- 9101, ..., Gk ... 161)
= (101, -, Gi---G10i, ..., G- . g10k)

where the last equality follows from the definition of our group. The group acts in a
similar manner on the sample space, i.e., foran X € X gX = g ... 1 X.
Theorem 54. The statistical game defined by mixture of k-Gaussians with identity covari-
ance and known mixture probabilities under L% loss is invariant under the action of the
group O(d) x O(d—1) x ... x O(d — k+1). Moreover, the quotient space is homeomorphic

to (0, B]* x [0,7)(2).

Proof. First we show the invariance of the mixture distribution Py = . pN (6, 1), i.e.,
it X ~ Py then gX ~ Py. Note that from the proof of Theorem 14 it follows that for
a given normal distribution N (6, 1) and an orthonormal matrix h € O(d) s.t. hf = 6 if
X ~ N(é, I) then hX ~ N(hé, I = N(6,I). The invariance of P follows directly from this
by substituting each || X — 6;]|? in the pdf with ||gx ... 1 X — gk - .. g10:||* and the definition
of the group. The L3 loss is trivially invariant and hence we establish the invariance of the
statistical game.

Now, notice that for any two given parameters 6 = (0y,...,0;), ¢ = (¢1,...,¢r) € R¥

if we have the property that Vi ||6;]] = ||¢:]| and Vi,j 676, = ¢I¢; then we can find
orthonormal matrices gi,...,gx s.t. Vi g;...g10; = ¢;. This follows from the following
inductive argument: Assume we have g1, ..., g;_1 which satisfy the given constraints. Con-

sider 0/ = g;_1...q10;. We have Vj = 1,...,i—107¢; = 01'0; = ¢T ¢; because g = g .
Now if ¢; lies in the span of ¢q,...,¢;_; then 8’ = ¢; and we can pick ¢; to be any or-
thonormal matrix which doesn’t transform this spanned space. Otherwise, we can pick an
orthonormal matrix which rotates the axis orthogonal to the spanned subspace and in the
direction of the high component of #" to the corresponding axis for ¢;. This completes the
desired construction.
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It is easy to see that given 6, ¢, g which satisfy g6 = ¢, we have Vi ||6;]] = ||¢:| and
Vi, j 0760, = ¢F'¢;. Hence the equivalence classes are defined uniquely by the norms of the
individual gaussians and the angles between them, since there are k different norms and (];)
many angles we can establish a bijection between the quotient space and (0, B]* x [0, 7] ().
The continuity of this map and it’s inverse can easily be checked using the standard basis

for both the topologies. m

D.5 Finite Gaussian Sequence Model

D.5.1 Proof of Proposition 8

In this section we derive a closed-form expression for the minimizer 6, of the following
objective
argmin £, p, [R(é,bel)] ,
0D
where D is the set of deterministic estimators which are invariant to transformations of
orthogonal group O(d). From Lemma 52, we know that for any invariant estimator 6 € D¢
and any g € O(d), R(0, be;) = R(0,bge;). So the above problem can be rewritten as follows

argmin [y p, []E(;NUb [R(é,e)ﬂ )

éG'DG

where Uy is the uniform distribution over spherical shell of radius b, centered at origin; that
is, its density u,(0) is defined as

w(6) o {0, it |0 # b

b=+t otherwise

The above optimization problem can be further rewritten as

argmin R(0, I,),
éG'DG

where R(é, I1;) def Eg1, [R(é, 9)] , and II; is the distribution of a random variable # which

is generated by first sampling b from P, and then generating a sample from U,. Note that I1;
is a spherically symmetric distribution. From Lemma 53, we know that the Bayes estimator
corresponding to any invariant prior is an invariant estimator. So the minimization over
D¢ in the above optimization problem can be replaced with minimization over the set of
all estimators D. This leads us to the following equivalent optimization problem

argmin R(0, IL,).
6eD

Let 6, be the minimizer of this equivalent problem. We now obtain an expression for ét(X )
in terms of modified Bessel functions. Let I1;(-|X) be the posterior distribution of 6 given
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the data X and let p(X;#) be the probability density function for distribution Fy. Since
the risk is measured with respect to £3 metric, the Bayes estimator 6;(X) is given by the
posterior mean

01(X) = Egorr,(1x) [6]
]EgNHt [Hp(X 6)]
Egm, [p(X )]
]Eprt U Qub )p(X; 9)d9]
Epp, U uy(0)p(X; 0)d6]
Eyp, [p=+! f||9H2=b Qp(X;H)dH}

— S (since U, is uniform on sphere)
Eyp, [b*d+1 Siopas P e)de}

Epp, |b-tHie /2 [ gelX0) d&]

(definition of II;)

101l2=b

Ev-p, [b_d+1e_b2/2 i1

Ge“x"”dﬂ

e(X0) d@]

I 2
]Ewat b2€_b /2

Epep, [be=/2 [y, €X0)d0]

10]2=1

(change of variables).

We now obtain a closed-form expression for the terms f” Ollo= 9 X0 dh and f 1olla= (X0 4
appearing in the RHS of the above equation. We do this by relatmg them to the mean
and normalization constant of Von Mises-Fisher (vMF) distribution, which is a probability
distribution on the unit sphere centered at origin in R?. This distribution is usually studied
in directional statistics [MJ09]. The probability density function of a random unit vector
7 € R? distributed according to vMF distribution is given by

(/21

(25, k) = (27T)d/2[d/2—1</€)

exp(r{p, Z)),

where £ > 0, ||p|l2 = 1, I, is the modified Bessel function of the first kind of order v. Using
the fact that a probability density function integrates to 1, we get the following closed-form
expression for [, X0 4

/ X0 g (2m) 42 Iq/5_1 (]| X |2) (DY)
16]2=1 (DI X [|2)4/2—1

To get a closed-form expression for fIIGII 0040, we relate it to mean of vMF distri-
bution. We have the following expressmn for the mean of a random vector distributed
according to vMF distribution [Ban +05]

Lij2 (k)
—M'

Zp(Z; py k)dZ =
/HZII—l ( ) Laja-1(r)

218



e X0 do

Using the above equality, we get the following expression for f” Ollo=1

/ er<X’0>d6 _ (27T>d/2]d/2(b||X||2) X (D 10)
l10]]2=1

BIX )42 (1 Xl

Substituting Equations (D.9), (D.10) in the expression for §,(X) obtained above, we get
an expression for ét(X ) which involves the modified Bessel function I, and integrals over
variable b. We note that I,, can be computed to very high accuracy and there exist accurate
implementations of [, in a number of programming languages. So in our analysis of the
approximation error of Algorithm 7, we assume the error from the computation of I, is 0.

D.5.2 Proof of Theorem 19

Before we present the proof of the Theorem we present useful intermediate results which
we require in our proof.

Intermediate Results

Lemma 55 (Lipschitz Continuity). Consider the problem of finite Gaussian sequence
model. Let © = {0 :0 € RY ||0]|, < B} be the ball of radius B centered at origin in RY. Let

0 be any estimator which maps X to an element in ©. Then the risk R(6,0) = Ex~no,1) [||6’( ) — 9||§]
1s Lipschitz continuous in its second argument w.r.t {5 norm over the domain ©, with Lips-

chitz constant 4(B++/dB?). Moreover, R(0,be;) = Ex.no.n) [HQ( ) — be1||§} is Lipschitz
continuous in b over the domain [0, B], with Lipschitz constant 4(B + B?).

Proof. Let Ry(0) = R(6,6). The gradient of R,(0) with respect to 6§ is given by
VoRy(0) = Ex-xion) |20 — 0(X)) + (X = 0)]0(X) - 0]}3].
The norm of VyR,(6) can be upper bounded as follows

IV6B5(0)l2 < |[Exexion 200~ 6(X))]

o |(xX=0)l600) - 01

.

(@)
< 4B+ Exnion | IX = 0la10(X) — 013

(0)

< 4B+ 4B*Exno.n [|IX — 0]|2]

< 4B+ 4VdB?,
where the first term in (a) follows from the fact that #,6(X) € © and the second term
follows from Jensen’s inequality. This shows that R;() is Lipschitz continuous over ©.

This finishes the first part of the proof. To show that R(é, be;) is Lipschitz continuous in
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b, we use similar arguments. Let R;(b) = R(6,bey). Then

7| = |{envomio),_, )|

(a)
<

Bty [200 = O] |+ | [Exc-nion [0 = )10 = beal] ||
< 4B+ Bxonn) |11 BII6(X) — be 1]

< 4B + 4B*Exnpern [| X1 — b]]
< 4B+ 4B?,

where (a) follows from the expression for VyR;(6) obtained above. O

Lemma 56 (Approximation of risk). Consider the setting of Lemma 55. Let 0 be any
estimator which maps X to an element in ©. Let {X;}Y, be N i.i.d samples from N'(0,1).
Then with probability at least 1 — 0

1 & log %
- (X)) — P2 — R- < 2y =28
7 219060 — 01 = Ry(0)] < 45 =5

Proof. The proof of the Lemma relies on concentration properties of sub-Gaussian random
variables. Let Z(X) = [|0(X) — 0||*>. Note that R4(0) = Ex.no,n) [Z(X)]. Since Z(X) is
bounded by 4582, it is a sub-Gaussian random variable. Using Hoeffding bound we get

N 1
1 2
]% S 7(x) ~E[Z(X)] | <4855 wp1-4
=1

Main Argument

The proof relies on Corollary 4 to show that the averaged estimator O is approximately
minimax and P pp is approximately least favorable. Here is a rough sketch of the proof.
We first apply the corollaries on the following reduced statistical game that we are aiming
to solve

inf sup R(6,be,).

0€Dg be(0,B]

To apply these corollaries, we need the risk R(é,bel) to be Lipscthiz continuous in b.
This holds for us because of Lemma 55. Next, we convert the guarantees for the reduced
statistical game to the orginial statistical game to show that we learn a minimax estimator
and LFP for finite Gaussian sequence model.

To use Corollary 4, we first need to bound «, 3, </, the approximation errors of the
optimization subroutines described in Algorithms 6, 7. A major part of the proof involves
bounding these quantities.
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Approximation error of Algorithm 6 There are two causes for error in the optimiza-
tion oracle described in Algorithm 6: (a) grid search and (b) approximate computation of
risk R(0,be;). We now bound the error due to both (a) and (b). From Lemma 56 we know
that for any estimator 6; and grid point b;, the following holds with probability at least

1—90
log 4
<4B*\ | —=2.
< N,

Taking a union bound over all estimators {6;}”, and grid points {b; }] 1, we can show
that with probability at least 1 — 9, the following holds for all i € [T],j € [B/w]

Ny
1 . .
\E D050 = biells = (B )

log %

1

<4B? (D.11)

Ny
1 . .
5 2 10:0X0) — b3~ RO bjer)
k=1

Let f;+(b) be the actual objective we would like to optimize in iteration ¢ of Algorithm 5,

which is given by
t—1

fro(b) = Z R(éi, bei) + ob.

=1

Let fw(b) be the approximate objective we are optimizing by replacing R(éi, be,) with its
approximate estimate. Let by be a maximizer of f;,(b) and b;, .. be the maximizer of

fio(b) (which is also the output of Algorithm 6). Finally, let b xn be the point on the grid
which is closest to b;. Using Lemma 55 we first show that f; ,(b) is Lipschitz continuous
in b. The derivative of f;,(b) with respect to b is given by

t—1
fi,(b) = ; <e1, VoR(6;, 9>‘9:be1> +o

Using Lemma 55, the magnitude of f/ ,(b) can be upper bounded as
/i, (0)] <At —1)(B+ B*) +o0.

This shows that f; ,(b) is Lipschitz continuous in b. We now bound f; ,(b}) — f1.6 (b} approx)s
the approximation error of the optimization oracle

a

fro(b)) < ft,a(b;NN) + (475(3 + BQ) +

—
=

) w

+ (4(B+ B*) 4 o) w

Q

|Un
St

—_

08
N 1

INS

f o (binn) + 4t B?

®
IS

. log =
2
f ( t approx) + 4tB N

IA

+ (4(B+ B*) +0)w

=

(d) log

< fr.o (0 approx) + 8B + (4t(B + B?*) + o) w,

) SlS
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where (a) follows from Lipschitz property of the loss function and (b),(d) follow from
Equation (D.11) and hold with probability at least 1 —4§ and (c) follows from the optimality

of b} This shows that Algorithm 6 is a <O (T32 % +TB(1+ B)w) ,w)—

t,approx-

approximate maximization oracle; that is

BT

1 Dl
a=0|TB %JFTB(HBW . B=uw.
1

Approximation error of Algorithm 7 There are two sources of approximation error
in Algorithm 7: (a) computation of modified Bessel functions I,, and (b) approximation
of P, with its samples. In this analysis we assume that I, can be computed to very high
accuracy. This is a reasonable assumption because many programming languages have
accurate and efficient implementations of I,. So the main focus here is on bounding the
error from approximation of P;.

First, note that since we are using grid search to optimize the maximization problem,
the true distribution P, for which we are supposed to compute the Bayes estimator is a
discrete distribution supported on grid points {b1,...bp/y}. Algorithm 7 does not compute
the Bayes estimator for P,. Instead, we generate samples from P, and use them as a proxy
for P,. Let P, be the empirical distribution obtained by sampling Ny points from P;. Let
pr,; be the probability mass on grid point b;. Using Bernstein inequality we can show that
the following holds with probability at least 1 — §

log %
Ny

Vije [B/w] [P —pejl < A\lDej (D.12)

Define estimators 6}, 6, as

0, « argmin E,p, [R(é,bel)} , 0, < argmin E, 5, [R(é, bel)] .
éG'DG éEDG

ég is what we ideally want to compute. 0, is what we end up computing using Algorithm 7.
We now show that 6, is an approximate minimizer of the left hand side optimization
problem above. To this end, we try to bound the following quantity

Eyop, [R(ét, ber) — R(6, bel)] .

Let f,(6) = Eyop, [R(é, bel)] and f,(0) = E, [R(é, bel)] We would like to bound the
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quantity f,(6;) — f,(6}). Consider the following

. (@) .. 4B3 |log B
L) < () + 22y [ 2w

w NQ
® . . 4B% [log Z
< 6/ wd
= ft< t)+ w N2
© . 8B% [logZ
< 0/ wd
= ft( t>+ w N2 )

where (a) follows from Equation (D.12) and the fact that the risk R(6,6) of any esti-
mator is bounded by 4B2, (b) follows since 6; is a minimizer of f; and (c) follows from
Equation (D.12). This shows that with probability at least 1 — §, Algorithm 7 is an

B
@) (%3\/ 10;gv—;’“‘)—approximate optimization oracle; that is,

B [log Z

/
=0
@ w N2

Minimax Estimator We are now ready to show that éAVG is an approximate minimax
estimator. Instantiating Corollary 4 for the reduced statistical game gives us the following
bound, which holds with probability at least 1 — ¢

(BQ(B +1)
VT
where we used the fact that the risk R(6,be;) is 4B(B + 1)-Lipschitz continuous w.r.t b.

The O notation in the above inequality hides logarithmic factors. Plugging in the values
of a, o/, B in the above equation gives us

sup R(éAVG,bel) < inf sup R(é,bel) +0

be(0,B] 0€Dg be|0,B]

—|—04+0/+ﬁB(B+1)ﬁ),

A - - (B*B+1
sup R(One,ber) < inf sup R(0,be;) + O <g> '
be[0,B] 6eDg be(0,B] VT

We now convert this bound to a bound on the original statistical game. From Theo-
rem 13 WeAknow that infg_p,  supyep ) 10, be1) = infsep supyeg R(6,0) = R*. ASince the
estimator 6, is invariant to transformations of orthogonal group, we have R(0.¢,0) =
R(O e, ||0]]2€1) for any 6 € ©. Using these two results in the above inequality, we get

. . - (B*(B+1)
sup R(Oye,0) = sup RO, be §R*—|—O(— )
9eo Orcc:9) be[0,B] Orve, ber) VT

This shows that the worst-case risk of éAVG is close to the minimax risk R*. This finishes
the first part of the proof.

223



LFP To prove the second part, we rely on Corollary 4. Instantiating it for the reduced
statistical game gives us

inf —ZEprt [ R(0 bel)] 2R*—O<%+a+a'+ﬁ3(3+l)ﬁ>.

GE'DG

Plugging in the values of a, o/, # in the above equation gives us

ot o ZEbNPt [ R(0 bel)} >R~ 0 (%) .

From Equation (D.12) we know that P is close to P, with high probability. Using this, we
can replace P, in the above bound with P, and obtain the following bound, which holds
with probability at least 1 — d

inf o ZT:JEM [R(e bel)} >R 0 (%) . (D.13)

In the rest of the proof, we show that inf;p, 7 ST E,.p, [R(é, bel)] — inf, R(, Prep).

Recall, the density function of Prpp is given by: prep(f) o< [|0]|37%Pue(]|6]l2), where
Pyo(]|0]l2) is the probability mass placed by Py at ||f]]2. This distribution is equiva-
lent to the distribution of a random variable which is generated by first sampling b from P,
and then sampling # from the uniform distribution on (d — 1) dimensional sphere of radius
b, centered at origin in R¢. Using this equivalence, we can equivalently rewrite R(é, pLFp)
for any estimator 6 as

T

RO, Pure) = 7= S By, [Eowr [R(O.06)] ]

t=1

where U is the uniform distribution on the (d — 1) dimensional unit sphere centered at
origin, in R?. Next, from Lemma 53, we know that the Bayes estimator corresponding to
any invariant prior is an invariant estimator. Since Pppp is an invariant distribution, we
have

inf R(G PLFP) = inf R(H PLFP = inf — ZEbNPt |:E.9NU [R(é,b@)i” .

GE'D QEDG GE'DG

From Lemma 52 we know that for any invariant estimator 8, we have R(6,6,) = R(6,0,),
whenever 6; ~ 5. Using this result in the above equation gives us

inf R(0, Pupp) = inf —ZE,,NP R0, bey)|

9€D OEDG

Combining the above result with Equation (D.13) shows that Prpp is approximately least
favorable.
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D.5.3 Loss on few co-ordinates

In this section, we present the optimization oracles for the problem of finite Gaussian
sequence model, when the loss is evaluated on a few co-ordinates. Recall, in Theorem 15
we showed that the original min-max statistical game can be reduced to the following
simpler problem

inf sup  R(6, [b[1]err, b[2lerq_r]), (D.14)
0eMp ¢ b:b[1]2+b[2]2< B2

where b[j] represents the j* co-ordinate of b. We now provide efficient implementations
of the optimization oracles required by Algorithm 5 for finding a Nash equilibrium of this
game. The optimization problems corresponding to the two optimization oracles are as
follows

0, argmin [, p, [R(é, [b[1]e1k, b2]e1d—k])|
0eDa
t—1

bi(o) <  argmax Z R(6;, [b[1]e1 , b[2)e1.a—r]) + (0, b),
bib[12+b[22<B2 {5

where D¢ is the set of deterministic invariant estimators and P, is the distribution of
random variable b;(0). The maximization oracle can be efficiently implemented via a grid
search over {b : b[1]? + b[2]*> < B?} (see Algorithm 15). The minimization oracle can also
be efficiently implemented. The minimizer has a closed form expression which depends on
P, and modified Bessel functions (see Algorithm 16).

Algorithm 15 Maximization Oracle

t—1
=1

width w, number of samples for computation of expected risk R(é, 0): Ny
2: Let {b1,ba... by} be the w-covering of {b : b[1]* + b[2]*> < B?}
3: for j=1...N(w) do
4: fort=1...t—1do
5: Generate N; independent samples {Xl}fill from the following distribution

1: Input: Number of coordinates to evaluate loss on k, estimators {éz perturbation o, grid

N([bj[1]e1, bj[2]er,a—x]. I)

6: Estimate R(0;, [bj[1]e1 x,b;[2]e1,4—k]) as

Ny
1 R
N D 16:(X)[1: K] = bj[1]er 3.
=1

7 end for
8: Evaluate the objective at b; using the above estimates
9: end for

10: Output: b; which maximizes the objective
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Algorithm 16 Minimization Oracle

1: Input: Samples {b; } 22, generated from distribution F;, number of coordinates to evaluate
loss on k.
2: For any X, compute 0;(X) as

SN2 wibi[1] A (bi[1]]| X1 - k]||2)> X[1: k]

XL Al

Ny
i=1 Wi

()

where Ax(7) = Irj2-1(7)’

2
g_dzk I

wi = i[12 2 (2P e Loy (Ba[UIIX [ K2) gy 2 (2] | X T+ 1+ ),

and I, is the modified Bessel function of the first kind of order v.

D.6 Linear Regression

D.6.1 Proof of Proposition 9

In this section we derive a closed-form expression for the minimizer 6, of the following
objective

argmin Ey p, [R(é, bel)] )

éE'DG

Using the same arguments as in proof of Proposition 8, we can show that the above
optimization problem can be rewritten as the following equivalent optimization problem
over the set of all deterministic estimators

argmin g, [R(é,@)} )

6eD
where II; is the distribution of a random variable 6 which is generated by first sampling

a b from P, and then drawing a random sample from U,, the uniform distribution on a
spherical shell of radius b. The density function of U, is given by

w(6) o {o, i 0]l £ 0

aany otherwise
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Since the risk is measured with respect to £3 metric, the minimizer ét(Dn) is given by the
posterior mean

ét(Dn) = Egr,(1D) 6]
_ Eour, [Bp(Dn; 0)]
 Epenr, [p(Dn; 0)]
_ Eyep, [ 0us(0)p(D,; 6)db]
 Eyep, [ un(8)p(Dy; 0)do)]

Eyp, _b—d+1f‘ b&p(Dn;Q)dG}

|0]l2=

Epry |04 [,y P(Dn; 6

Ewat b_d+1 L/‘||9H2=b 0€|Y2X92d0:|

gl Iy -x0)13
Byp |07 Jjgppmp ™2 dO

b2HX9H%—2b<9,XTY>
Eyp, {b2 f”9”2:1 fe~ 2 d@}

— T 0} (change of variables).

Eyp [b Jjopa=r € g

We now relate the terms appearing in the above expression to the mean and normalization
constant of Fisher-Bingham (FB) distribution. As stated in Section 5.5, the probability
density function of a random unit vector Z € R? distributed according to FB distribution
is given by

P(Z; Ay) = C(A) " exp (=27 AZ + (7, Z)) ,
where Z € S9!, and v € RY, A € R%*? are the parameters of the distribution with A being
positive semi-definite and C'(A,~y) is the normalization constant which is given by

C(A,7) = / exp (—ZTAZ + (v, Z)) dZ.
1Z]2=1
The mean of Z is given by

/ Zp(Z; A, y)dZ = C’(A,y)l/ Zexp (—Z"AZ + (v, Z)) dZ
1Z]l2=1

1Z]|2=1
L0
dy

Using these in the previously derived expression for é(Dn) gives us the required result.

= C(A,7) 5-C(A,).

D.6.2 Mean and normalization constant of Fisher-Bingham dis-
tribution

In this section, we present our technique for computation of C'(A,~v). Once we have an
accurate technique for its computation, computing a%C’ (A, ) should be straight forward as
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one can rely on efficient numerical differentiation techniques for its computation. Recall, to
implement Algorithm 9 we need to compute C (2*1b2XTX, bXTY). Let & = %XTX and
let UAU™ be its eigen decomposition. Then it is easy to see that C' (27102X" X, bX"Y)
can be rewritten as

C (27" X"X,bX"Y) = C(27'nb?A, 0UTXTY).

So it suffices to compute C'(A,~) for some positive semi-definite, diagonal matrix A and
vector 7. Let a; be the i*" diagonal entry of A and let ~; be the " element of . Kume
and Wood [KWO05]| derive the following expression for C'(A4, )

C(A,y) = (2m)"* <H aZm) exp (i > Z—2> fan(1),

=1

where f, - is the probability density of a non-central chi-squared random variable Zd |22

1= (2

with 2; ~ N (5, %) There are number of efficient techniques for computation of f4 (1) [Imh61;

KWO05]. We first present the technique of Imhof [Imh61| for exact computation of f4 - (1).
Imhof [Imh61] showed that fa,(1) can be written as the following integral

fan(l) =771 / T Ip(w)] ™ cos C(u)du,

where p: R — R and ( : R — R are defined as

1 L u V2 w2\ 1
C<“>=§Z<ta“ (zai)%aa <1+4—az u) =g

i=1 v t

d 2\ 1/4 2\2
U 1 (uy;/a3)

=TI (1+ = AV
plu) ( * 4a3> P (32 1+ 2

=1

One can rely on numerical integration techniques to compute the above integral to desired
accuracy. In our analysis of the approximation error of Algorithm 9, we assume the error
from the computation of fa.(1) is negligible.

Before we conclude this subsection, we present another technique for computation of
fa~(1), which is typically faster than the above approach. This approach was proposed by
Kume and Wood [KWO05| and relies on the saddle point density approximation technique.
While this approach is faster, the downside of it is that it only provides an approximate
estimate of f4.(1). To explain this method, we first present some facts about non-central
chi-squared random variables. The cumulant generating function of a non-central chi-
squared random variable with density fa, is given by

1 t\ 1 9 A :
K(t) = Z (—glog (1 — a—> + Zm — E (t < Hliln&i).

=1
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The first derivative of K (t) is given by

zd:(Qaz—t 1( z‘v—?t?)?

=1

and higher derivatives are given by

drG-10 1 Gl 2 .
0= (" e ) =2

=1

Let £ be the unique solution in (—oo, min; a;) to the saddle point equation KM (#) = 1.
Kume and Wood [KWO05| show that ¢ has finite upper and lower bounds

‘ d 1/d , 1/2 R ‘ 1 1 /1 , 1/2
mina; — — — = [ — 4+ dmax~; <t<mma; ——~— - | -+ Yin )

where Ymin is equal to ;- for i* = argmin, a;. So, to find #, one can perform grid search in
the above range. Given ¢, the first-order saddle point density approximation of f a~(1) is
given by

- A\ —1/2 N
fara(l) = (27TK(2) (1)) exp(K (t) —t).
The second-order saddle point density approximation of Z, (1) is given by
fAm2(1) = fA,%l(l)(l + T)7
where T' = £p4 — 5503, where p; = KO)(t) /(K (£))/2.

D.6.3 Proof of Theorem 20

Before we present the proof of the Theorem we present useful intermediate results which
we require in our proof.

Intermediate Results

Lemma 57 (Lipschitz Continuity). Consider the problem of linear regression described in
Section 5.3.2. Let © = {0 : 0 € R ||0||o < B} and let 0 be any estimator which maps the

data D,, = {(X;,Y;)}, to an element in ©. Then the risk R(0,0) = Ep, [||é(Dn) - HH%}
is Lipschitz continuous in its second argument w.r.t {y norm over the domain O, with
Lipschitz constant 4(B + B*/nd). Moreover, the risk R(0,be;) = Ep, [Hé(Dn) - be1||§} is
Lipschitz continuous in b over the domain [0, B], with Lipschitz constant 4(B + B*\/n).

Proof. Let Ry(f) = R(0,6). The gradient of Ry(A) with respect to 6 is given by
VoR;(6) = Ep, [2(0 — 0(D,))] +Ep, [16(D.) - 013XT (Y - X6)] |
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where X = [X1, Xo,... X,,]7,Y = [V1,...Y,]. The norm of VyR;(6) can be upper bounded
as follows

19630l < |[En, [20 - D) ||, + |[En. [18(D.) - 013X (Y — X8)

2

(a) R
< 4B+ Ep, |IX"(Y = X0)al10(Dy) - 0]13]

(b)
< 4B +4B°Ep, [[|X*(Y — X0)||2]
< 4B+ 4B*V/nd,

where the first term in (a) follows from the fact that 6,6(X) € © and the second term
follows from Jensen’s inequality. This shows that R;(#) is Lipschitz continuous over ©.

This finishes the first part of the proof. To show that R(é, be;) is Lipschitz continuous in
b, we use similar arguments. Let R;(b) = R(f,bey). Then

1%@1:\<ebw@<e>\gzbm>\

< [Eo, 20— 000)] |+ |[Ep, [eXT (Y~ X0)0(D) — beu ]
< 4B+ 4B°Ep, [lef X" (Y — X6)|]
< 4B +4B*\/n,

‘ 2

where (a) follows from our bound for |[VyR4(8)|]2 obtained above. O

Lemma 58 (Approximation of risk). Consider the setting of Lemma 57. Let 6 be any
estimator which maps D,, to an element in ©. Let {D, x}~_, be N independent datasets
generated from the linear regression model with true parameter . Then with probability at
least 1 — 0

N
1 i
‘N > 10(Dns) —0lI3 — R@(G)\ < 4B
=1

Proof. The proof of the Lemma relies on concentration properties of sub-Gaussian random
variables. Let Z(D,) = ||0(D,) — 0||>. Note that R;(d) = Ep, [Z(D,)]. Since Z(D,) is
bounded by 4B2, it is a sub-Gaussian random variable. Using Hoeffding bound we get

N 1

| log L
‘N N Z(Das) —E[Z(Dy)] ’ < 4B? O]%fé, wp>1-4.
=1

Main Argument

The proof uses exactly the same arguments as in the proof of Theorem 19. The only
difference between the two proofs are the Lipschitz constants derived in Lemmas 55, 57.
The Lipschitz constant in the case of regression is O(B + B?/n), whereas in the case of
finite Gaussian sequence model it is O(B + B?).
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Approximation Error of Algorithm 8 There are two causes for error in the optimiza-
tion oracle described in Algorithm &8: (a) grid search and (b) approximate computation of
risk R(0, be;). We now bound the error due to both (a) and (b). From Lemma 58 we know
that for any estimator 6; and grid point b;, the following holds with probability at least

1—90
log &
<4B*\ [ —=2.
< N,

Taking a union bound over all estimators {6;}7_, and grid points {bj}f:/f, we can show

that with probability at least 1 — 9, the following holds for all i € [T],j € [B/w]

Ny
1 R R
5 2 10:(Das) ~ byl — R(G.bjen)
k=1

BT
< 4B 10g_w5'

(D.15)

1

Ny
1 R R
5 2 :(Das) — byl — R(G byen)
k=1

Let fi,(b) be the actual objective we would like to optimize in iteration ¢ of Algorithm 5,

which is given by
t—1

fro(b) = R(6;,be;) + ob.
i=1
Let ft,g(b) be the approximate objective we are optimizing by replacing R(6;, be;) with its
approximate estimate. Let by be a maximizer of f;,(b) and b;, ., be the maximizer of
fio(b) (which is also the output of Algorithm 8). Finally, let b yn be the point on the grid
which is closest to b;. Using Lemma 57 we first show that f;,(b) is Lipschitz continuous

in b. The derivative of f;,(b) with respect to b is given by

t—1

flab) =" <e1, Vo R(6;, 9)(Hel> +o

i=1
Using Lemma 57, the magnitude of f/  (b) can be upper bounded as
[fio(B)] <4t = 1)(B+ B*Vn) +o.

This shows that f; ,(b) is Lipschitz continuous in b. We now bound f; ;(b}) — f1.6 (b} approx)s
the approximation error of the optimization oracle

—

a

Fro (b)) < fro(binn) + (4B + B*v/n) + o) w

=

() . . 9 logB_z; )
< fro(biny) + 418 A (4¢(B + B*v/n) + o) w
1

() . N 9 logB_z; )

< ft’o(bt,approx) +4tB Nw + (4t(B + B \/ﬁ) + G) w
1

(d) . , |log B_z; )

S ft:U(bt,appr0x> + 8tB — + (4t(B + B \/ﬁ) + 0') w,
1
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where (a) follows from Lipschitz property of the loss function and (b),(d) follow from
Equation (D.15) and hold with probability at least 1 —4§ and (c) follows from the optimality

of b} This shows that Algorithm 8 is a (O <T32 % +TB(1+ B\/ﬁ)w) ,w)—

t,approx-
approximate maximization oracle; that is

_ 2 |log 2% _
a=0|TB T+TB(1+B\/ﬁ)w . B=w.
1

Approximation Error of Algorithm 9 There are two sources of approximation error
in Algorithm 9: (a) computation of mean and normalization constant of FB distribution,
and (b) approximation of P, with its samples. In this analysis we assume that mean and
normalization constant of FB distribution can be computed to very high accuracy. So the
main focus here is on bounding the error from approximation of P;.

First, note that since we are using grid search to optimize the maximization problem,
the true distribution P, for which we are supposed to compute the Bayes estimator is a
discrete distribution supported on grid points {b1,...bp/,}. Algorithm 9 does not compute
the Bayes estimator for P,. Instead, we generate samples from P, and use them as a proxy
for P,. Let P, be the empirical distribution obtained by sampling N, points from P,. Let
pr,; be the probability mass on grid point b;. Using Bernstein inequality we can show that
the following holds with probability at least 1 — 9

log %
Ny

Vj e [B/w] [P — pijl < AlDej (D.16)

Define estimators 6;, 6, as

0, « argmin E,p, [R(é,bel)} , 0, < argmin E,. 5, [R(é, bel)] :

feDg feDg

él’t is what we ideally want to compute. 0, is what we end up computing using Algorithm 9.
We now show that 6, is an approximate minimizer of the left hand side optimization
problem above. To this end, we try to bound the following quantity

Eyp, [R(ét, be,) — R(0, bel)] .

Let f,(0) = Eyop, [R(é, bel)] and f,(0) = E, [R(é, bel)] We would like to bound the
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quantity f,(6;) — f,(6}). Consider the following

. (a) .. 4B3 |log B
L) < i) + 22y [ 2w

w N2
® . . 4B3 [logZ
< 0/ wé
= ft< t) + w N2
© . 8B3 [logZ
< 9/ wo
= ft( t) + w N2 ’

where (a) follows from Equation (D.16) and the fact that the risk R(0,0) of any esti-
mator is bounded by 4B2, (b) follows since ; is a minimizer of f; and (c) follows from
Equation (D.16). This shows that with probability at least 1 — 4, Algorithm 9 is an

: A
O <%3\/ bi—;”“)—approximate optimization oracle; that is,

B
;L B? [log -%
o =0 — —*
w N2
The rest of the proof is same as the proof of Theorem 19 and involves substituting the
approximation errors computed above in Corollary 4.

Minimax Estimator We now show that 6, is an approximate minimax estimator.
Instantiating Corollary 4 for the reduced statistical game gives us the following bound,
which holds with probability at least 1 — ¢
sup R(éAVG,bel) < inf sup R(é,bel)
bel0,B] 0€D¢ be(0,B]
~ (B*B 1
L0 (M
VT
where we used the fact that the risk R(6,be;) is 4B(By/n + 1)-Lipschitz continuous w.r.t

b. The O notation in the above inequality hides logarithmic factors. Plugging in the values
of a, @/, B in the above equation gives us

+a+ o + BB(Byn+ 1)\/T) ,

R N - (B*(B 1
sup R(Oue,ber) < inf sup R(6,be;) + O (M> :
be[0,B] deDe be0,B) VT

We now convert this bound to a bound on the original statistical game. From Theo-
rem 13 weAknow that infy_p,  supyep p) 1(0,be1) = infsop supgee R(6,0) = R*. ASince the
estimator 0, is invariant to transformations of orthogonal group, we have RO, 0) =
R(Ouc, ||0]|2€1) for any 8 € O©. Using these two results in the above inequality, we get

A A - ([ B*(B 1
sup R(Oae,0) = sup R(One,ber1) < R*+ O (M) .
9eo be[0,B] VT
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This shows that the worst-case risk of éAVG is close to the minimax risk R*. This finishes
the first part of the proof.

LFP To prove the second part, we rely on Corollary 4. Instantiating it for the reduced
statistical game gives us

eng _ZEbNPt [ R(0 bel)} >R -0 (%jtwrawﬁm&/@r 1)\/T) .

Plugging in the values of a, &/, 8 in the above equation gives us

BBy + 1))
)

T

1 . o
it o ;Ebwﬂ [R(Q, bel)} >R -0 (

From Equation (D.12) we know that P, is close to P, with high probability. Using this, we
can replace P, in the above bound with P, and obtain the following bound, which holds
with probability at least 1 — 9

nf o, ZIEbNPt [ R(d bel)} >R~ 0 (%) . (D.17)

In the rest of the proof, we show that inf;_p,_ % Zthl E,.p, [R(é, bel)] = inf} R(é, PLFP).
From the definition of Jf’LFp, we can equivalently rewrite R(é, pLFp) for any estimator 6 as

T

RO, Pure) = 7 S By, [Bonwr [R0O.06)] ]

t=1

where U is the uniform distribution on the (d — 1) dimensional unit sphere centered at
origin, in R?. Next, from Lemma 53, we know that the Bayes estimator corresponding to
any invariant prior is an invariant estimator. Since Pppp is an invariant distribution, we
have

inf R(0, Bpp) = inf R(0, Bipp) = inf —ZEbNPt [EQNU [R(é,b&)“.

9€D HEDG HEDG =1

From Lemma 52 we know that for any invariant estimator 6, we have R(6,6,) = R(0,0,),
whenever 6; ~ 6. Using this result in the above equation gives us

1nf R(Q PLFP) = inf — ZEbNP [R(é,bel)] .

feD beps T

Combining the above result with Equation (D.17) shows that Prpp is approximately least
favorable.
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D.7 Covariance Estimation

D.7.1 Proof of Proposition 10

In this proof, we rely on permutation invariant functions and a representer theorem for such
functions. A function f : R? — R is called permutation invariant, if for any permutation
7 and any X € R?

f(m(X)) = f(X).
The following proposition provides a representer theorem for such functions.
Proposition 20 (Zaheer, Kottur, Ravanbakhsh, Poczos, Salakhutdinov, and Smola |[Zah-+17]).
A function f(X) from R? to R is permutation invariant and continuous iff it can be de-
composed in the form ,0(2?:1 #(X5)), for some suitable transformations ¢ : R — R and
p: R 5 R,

We now prove Proposition 10. First note that from Blackwell’s theorem we know that
there exists a minimax estimator which is just a function of the sufficient statistic, which
in this case is the empirical covariance S, = 3" | X; X [see Theorem 2.1 of IH81]. So
we restrict ourselves to estimators which are functions of S,,. This, together with Theorem
12, shows that there is a minimax estimator which is a function S,, and which is invariant
under the action of the orthogonal group O(d). Let 52 be such an estimator. Since ¥ is an
invariant estimator, it satisfies the following equality for any orthogonal matrix V'

S(VS, VT = ve(s,) VT

Setting V = U in the above equation, we get 3(S,) = US(A)UT. Hence, 3 is completely
determined by it’s action on diagonal matrices. So, in the rest of the proof we try to
understand f](A) Again relying on invariance of ¥ and setting V = A'U7 for some
diagonal matrix A’ with diagonal elements £1, we get

S(A'AAN) = AUTS(S,)UA 2 AS(A)A,

where (a) follows from the fact that 3(S,) = US(A)UT. Since A’AA’ = A, the above
equation shows that A’Y(A)A’" = %(A) for any diagonal matrix A’ with diagonal elements
+1. This shows that 3(A) is a diagonal matrix. Next, we set V = P,UT, where P, is the

permutation matrix corresponding to some permutation 7. This gives us
S(P,APT) = P2 (A)PT.

This shows that for any permutation 7, 2(7(A)) = 7(3(A)), where (A) represents per-
mutation of the diagonal elements of A. In the rest of the proof, we use the notation A;
to denote the " diagonal entry of A and 3;(A) to denote the i diagonal entry of $(A).
The above property of 3 shows that XAL(A) doesn’t depend on the ordering of the elements
in {A;},:. This follows by choosing any permutation 7 which keeps the i*" element fixed.
Next, by considering the permutation which only exchanges positions 1 and i, we get

~

S A A A =504, AL A).
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Thus 3; can be expressed in terms of ;. Represent 3 by So. Combining the above two
properties, we have

Si(A) = Bo(As, {2} 1),

where {A;};.; represents the independence of 3y on the ordering of elements {A;};;.
Now, consider the function 3o(Ay, {A;}_,). For any fixed a, and Ay = a, Yo(a, {A;}9_,)
is a permutation invariant function. Using Proposition 20, $(a, {A;}1_,) can be written
as

Ba(a {8 Y=) = 1, (Zgaw) ,

for some functions f,, g.. We overload the notation and define f,(z) = f(a,z) and g.(z) =
g(a,x). Using this, we can represent %;(A) as

Si(A) = f (Ai,Zg@i,Aj)) :
J#i
for some functions f, g. There is a small technicality which we ignored while using Propo-
sition 20 on Xy. Proposition 20 only holds for continuous functions. Since ¥, is not
guaranteed to be continuous, the proposition can’t be used on this function. However,
this is not an issue because any measurable function is a limit of continuous functions.
Since Y is a measurable function, it can be approximated arbitrarily close in the form of
d
fa <Zj:2 ga(Aj)> .

To conclude the proof of the proposition, we note that

inf  sup R(3,Diag(\)) = inf sup R(3,Diag(\)).

f]GMfD,G AEEG 2€Mf7g AEEq

This is because the minimax estimator can be approximated arbitrarily well using estima-
tors of the form ¥;(A) = f (Ai, Z#ig(Ai,Aj)> and the fact that the model class has

absolutely continuous distributions.

D.8 Entropy Estimation

D.8.1 Proof of Proposition 11

First note that any estimator of entropy is a function of P,, which is a sufficient statistic
for the problem. This, together with Theorem 12, shows that there is a minimax estimator
which is a function of P, and which is invariant under the action of permutation group. Let
f : R? — R be such an estimator. Since f is invariant, it satisfies the following property
for any permutation 7



If f(P,) is continuous, then Proposition 20 shows that it can written as g <Z?:1 h(ﬁj)),
for some functions h : R — R4! g : R — R. Even if it is not continuous, since it is
a measurable function, it is a limit of continuous functions. So f can be approximated
arbitrarily close in the form of g (Z;l:l h(f)j)>. This also implies the statistical game in
Equation (5.17) can reduced to the following problem

~

Cinf  sup R(f, P)= inf sup R(f,P).
fEMD7G PePg fEngh PePg

D.9 Experiments

D.9.1 Covariance Estimation

In this section, we compare the performance of various estimators at randomly generated
>’s. We use beta distribution to randomly generate >’s with varying spectral decays and
compute the average risks of all the estimators at these ¥’s. Figure D.1 presents the
results from this experiment. It can be seen that our estimator has better average case
performance than empirical and James Stein estimators.

d=5 d=10
3 T T 6 T T T
2r 1 4r
l/l/n;/—. n=16
1 . . . . 2 . .
2 T T T T 4 T T T T
| /—— —— Empirical | | L —
1 —Jarr?escgtein 2
n=10 —— Avg. Estimator n=20
0 . . 0 .
1.5 3
1r //.’——l 2
n=15 e
0.5 - . t - 1 t +
0 2 4 6 8 10 0 2 4 6 8 10
B B

Figure D.1: Risk of various estimators for covariance estimation evaluated at randomly generated
>’s. We generated multiple 3’s whose eigenvalues are randomly sampled from a Beta distribution
with various parameters and averaged the risks of estimators at these X’s. Plots on the left
correspond to d = 5 and the plots on the right correspond to d = 10.

D.9.2 Entropy Estimation

In this section, we compare the performance of various estimators at randomly generated
P’s. We use beta distribution to randomly generate P’s and compute the average risks of
all the estimators at these P’s. Figure D.2 presents the results from this experiment.
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Figure D.2: Risk of various estimators for entropy estimation evaluated at randomly generated
distributions. We generated multiple P’s with p;’s sampled from a Beta distribution and averaged

Beta parameters (a, 5)

the risks of estimators at these P’s.
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Appendix E

Supplementary Material for Chapter 6

E.1 Notation and Terminology

Notation
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Symbol Description

X feature vector

Y label

X domain of feature vector

Yy domain of the label

K number of classes in multi-class classification problem

S data set

P true data distribution

PX. pPY marginal distributions of X, Y

P, empirical distribution

PX, PY empirical marginal distributions of X,Y in data set S

f: X —RE | score based classifier

[0) feature transformer

w linear classifier on top of feature transformer

oy 0/1 classification loss

14 convex surrogate of fy_;

R(f) population risk of classifier f, measured w.r.t ¢

és( f) empirical risk of classifier f, measured w.r.t ¢

R(W, ¢) population risk of classifier f = W ¢, measured w.r.t ¢

ﬁS(W, ®) empirical risk of classifier f = W¢, measured w.r.t ¢

Ly(P) set of square integrable functions w.r.t P

fog(x) denotes function composition f(g(x))

[0o, - ., ¢ (x) | denotes concatenation of vectors ¢ (x) ... ¢y (x)

F hypothesis class of weak classifiers

g hypothesis class of weak feature transformers

G, hypothesis class of weak feature transformers used in the ¢ iteration of greedy

)4% hypothesis class of linear classifiers on top of feature transformers
Terminology

Term Description

Classical boosting framework which constructs a strong classifier
using additive combinations of weak classifiers

Feature boosting framework which constructs a strong classifier
Additive Feature Boosting | using additive combinations of weak feature transformers with a
linear classifier on top of the feature transformer

Any classifier which by itself doesn’t achieve good performance on

a given classification task and whose performance we wish to boost
Any feature transformation which by itself doesn’t provide good
Weak feature transformer | performance on a given classification task and whose performance we
wish to boost

Additive Boosting

Weak classifier
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E.2 Proof of Proposition 12

Notation. We use the notation of Huang, Ash, Langford, and Schapire [Hua+17a| in
this proof. We note that this notation will only be used in this section. Later sections use
the notation introduced in Section 6.1. We let g;(x) be the output of the #** residual block,
which is given by the following recursion

t—1

Ge(x) = fi—1 0 ge—1(X) + ge—1(x) = Z fi o gi(x),

=0

with go, fo equal to identity functions. The final output of a depth-T" ResNet, given input
x, is rendered after a linear classifier W € R¥*P on representation gr,(x). Let W; be the
auxiliary linear classifier on top of the residual block g;. Define o,(x) as

“W,g.(x).

0¢(x)
Note that o;(x) = S_i_, Wi fi0 gi(x). Define hy(x) as hy(x) wf Qi 410¢41(X) — 004 (x), where
oy is a scalar. Huang, Ash, Langford, and Schapire [Hua+17a| consider exponential loss in
their work, which is defined as

(o(x),y) = Y exp ([o(x)]x = [o(x)],) -

k#y

Algorithm of Bengio, Lamblin, Popovici, and Larochelle [Ben+07|. Using this
notation, the greedy layer-by-layer training technique of Bengio, Lamblin, Popovici, and
Larochelle |[Ben+ 07| for learning ResNets is given by the following update rule

Wi, fi < argvr?in % D LW [foglx)+ (%)), i) - (E.1)
’ =1

Algorithm of Huang, Ash, Langford, and Schapire [Hua+17a]. The algorithm
of Huang, Ash, Langford, and Schapire [Hua+17a| for greedy learning of ResNets is given
in Algorithm 17, which is a reproduction of Algorithm 3 of Huang, Ash, Langford, and
Schapire [Hua+ 17a|. Note that the key update step is given in step 2 of Algorithm 18

ft g1, Wig < argmin Z Z(aW[f © gt(xi) + gt(xi>]7 yi)- (EQ)

fra,W i=1
Since « is a scalar, it can be consumed into the linear classifier W. This shows that the
update step of Huang, Ash, Langford, and Schapire [Hua ' 17a| is equivalent to Equa-

tion (E.1).
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Algorithm 17 Greedy algorithm of Huang, Ash, Langford, and Schapire [Hua +17a] for
learning ResNets

1: Input: Training data S = {(x;,y;)}I_;, iterations T', threshold ~
2: Initialize t < 0,79 < 0,9 < 0,00 < 0 € RE 54(x;) = 0 € RE Vi € [n]

) Vi € [n],k € [K]
1-K 1fk::y,~

3: Initialize cost function [Cy(7)]

4: while v > v do
5: [ty 1, Wig1, 0441 <— Algorithm 18(g¢)

~2 X2 n T
. Vg1 o =21 Ce(9)” org1 (%)
6: Compute vy < =57 where J;11 = 2im1 2ty (Ot (D]

7: Update s¢41(x;) < s¢(xi) + he(x;), where hy(x;) = ay10041(X;) — cpor(X;)
exp ([s¢41(Xi)]k — [se41(Xi0)]y;) if k vy,

! Vi
=D kg XD ([se1 (%) — [se1(xi)]y,) ik =y

8: Update cost function [Cy41 (7)) <
[n], k € [K]
9: t—t+1
10: end while
11: T+t-1
12: Return: Wy, {f:(-),Vt}

Algorithm 18 Training a ResNet module

: Input: g

o (fes Qg1 W) <= argming oy 330 L(aW[f 0 gi(x3) + ge(xi)], 3)
041(x) = Wipa[fi 0 g1(x) + g:(x)]

: Return: ft, Qg4 1, Wt+1, Ot+1

=W N =

E.3 Proof of Proposition 13

Freund and Schapire |[FS95| consider the problem of binary classification with ) = {—1,+1}.
Let F be a hypothesis space of weak classifiers mapping X to Y. Freund and Schapire
[F'S95]| consider the following weak learning condition. For any set of non-negative weights
{w;}?_, over points {(x;,v;)}7_, such that > .w; = 1, there is a classifier f € F which
achieves an error at most % — g, for some [ > 0. That is, there exists f € F such that

N | —
N

> wil(y: # f(xi)) <
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This can equivalently be written as

Dl Wit f (Xi) = Dligm i) Willi () = Dy ey Withi S (K6) + 22 2 () Wil ()
>
=B (2 wi)
(E.3)

We now show that this condition implies Definition 6.3.1 in the label space. We first
introduce the notion of inner product between functions mapping X to R. For any f,g
mapping X to R, we define (f, g),, as

(F.9) =5 D Fxi)glx).

Let the classification loss ¢ be such that ¢(f(x),y) = c(yf(x)) for some decreasing function
c: R — R. All the popular classification losses such as logistic, exponential, hinge losses
satisfy this assumption. The functional gradient of Rg w.r.t f in the above inner product
space is defined as

=~ yZC,<ny(XZ)), if x= X
ViRs(f)(x) = .
0, otherwise
where /(z) is the derivative of ¢ at z. Note that since ¢ is a decreasing function, ’(z) < 0
for any z. Using this notation, it is easy to see that any hypothesis class F satisfying
Equation (E.3) satisfies the following condition for any function h: X — R

b
Jn

where ||Vf§5(h)||1 =nty ", |Vf}§5(h)(xi)|. This can be shown by substituting w; in
Equation (E.3) with —¢/(y;h(x;)). This shows that the weak learning condition of Freund
and Schapire [FS95| satisfies the weak learning condition in Definition 6.3.1, albeit in the
label space.

Af € F, (f,—ViRs(h))n > BV Rs(R)|1 > —=||VRs(h)|n,

E.4 Discussion of Theorem 21

In this section, we discuss the results of Theorem 21.

Remark E.4.1 (Reference Classifier). The reference classifier (W*, ¢*) in the bound in
Theorem 21 can be any classifier, as long as ||W*||2 < oo, ||¢*||px < oco. In particular,
iof there exists a Bayes optimal classifier satisfying this condition, then the above Theorem
provides an excess risk bound w.r.t the Bayes optimal classifier.
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Remark E.4.2 (Breakdown of Rates). The T~% term in the bound corresponds to the
optimization error. The n.e; term corresponds to the approximation error and the rest of the
terms correspond to the generalization error. As T increases, the optimization error goes
down, and as n increases, the generalization error goes down. If there is no approximation
error, that is €, = 0 for allt, then the excess risk goes down to 0 asn,T — oo at appropriate
rate.

Remark E.4.3 (Optimization Error). If § = 1, then for appropriate choice of step size the
optimization error goes down as O (T‘l/?’ﬂ), for some arbitrarily small v > 0. This rate
is slower than the O(T~Y) rates for inexact gradient descent obtained by Schmidl, Roux,
and Bach [SRB11] and Devolder, Glineur, and Nesterov [DGN14]. However, we note that
unlike our work, these works assume that the level sets of the objective are bounded. Under
the assumption that the level sets of population risk are bounded, the optimization error in
Theorem 21 can be improved to O(T~'). However, such a condition need not hold in the
our setting.

Remark E.4.4 (Lipschitzness of loss). The assumptions of smoothness and Lipschitzness
on ¢ are satisfied by popular loss functions such as logistic loss, softmax + cross entropy
loss. Consider logistic loss for binary classification ((z,y) = log(1 + e~¥*). It is easy to
verify that €(z,y) is 1-Lipschitz and 1-smooth w.r.t. z. Similarly, the softmaxr + cross

entropy loss, which is given by, {(z,y) = —zly] + log (Zszl ez[k]> is 1-Lipschitz and 1-
smooth w.r.t. z.

Remark E.4.5 (Bounded Feature Transformers). The boundedness assumption on the
functions in G, is satisfied by neural networks made up of bounded activation functions
such as sigmoid, tanh.

Remark E.4.6 (Modular Bounds). Note that the risk bounds are modular and only depend
on the Rademacher complexity terms R(OW,G;), R(G:) which capture the complexity of G;.
To instantiate Theorem 21 for specific choices of G;, we need to bound these two complexity
terms.

Remark E.4.7 (Bounds on 0/1 risk). Since 0/1 loss is upper bounded by surrogate losses
such as exponential, logistic loss, our Theorem also provides generalization bounds for 0/1
loss.

Remark E.4.8 (Sample Splitting). A natural question that might arise regarding sample
splitting is: “does this make our approach similar to bagging and random forests (RF's)?”.
We would like to note that even with sample splitting, our approach is not similar to bagging
and RFs. Bagging and RFs create ensembles by independently training each base learner.
Whereas, in boosting, the base learners are fit greedily and are not independent of each
other. Another tmportant distinction between RFs and boosting is that RFs work with
complex base classifiers with good predictive power and aim to reduce the variance of these
classifiers by averaging the predictions of multiple independently trained base classifiers.
Whereas in boosting, one works with base classifiers with very little predictive power (i.e.,
high bias) and combines multiple such base classifiers to create a strong classifier with good
predictive power (i.e., low bias). Viewed this way, our approach is very similar to boosting

than RFs.
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E.5 Proof of Theorem 21

E.5.1 Intermediate Results

In this section we present some intermediate results which we use in the proof of Theo-
rem 21. The proof of the Theorem can be found in Section E.5.2.

Lemma 59. Consider the setting of Theorem 21. Let (Wy, ¢;) be the t'" iterate generated
by Algorithm 10 with Algorithm 12 as update routine. Then for any t, the following holds
with probability at least 1 — & over datasets of size n

AcomaeBLE * log2/6 K
RWy, ¢1) < R(Wi—1, ¢¢) + 20, LR(W, Gy) + - (\/ gﬁ/ +4/ %) :

where R(W, G;) is the Rademacher complexity term, which is defined as

n K

1
ROW,G) =E | sup TZZPz’k[WQ(Xt,z’)]k 5
ngv [
g t

and the expectation is over the randomness from Sy, p’s.

Proof. Throughout the proof, we condition on the past datasets Sy, ....S;_1 and show that
the Lemma holds for any choice of Si,...S5;_ 1. Consider the following upper bound for

R<Wt7 ¢t)
R(Wy, ¢p) < ﬁst(Wm ¢)+ sup  |R(W, @1+ mg) — ﬁst(vva Gr—1 +m9)]|

WeW,geg:

(@) ~ ~
< Rg,(Wi—1,¢00) +  sup  |R(W, -1 + mig) — Rs,(W, dr—1 + m19)|
Wew,geg,

< R(Wia,¢¢) +2  sup  |[R(W,¢r1 +ng) — Rs, (W, ¢r1 +n:9)|,
Wew,geg:
where (a) follows from the definition of W;. We now rely on Rademacher complexity
bounds in Theorem 62 to bound the supremum in the RHS. To apply the bound, we
first need to ensure £(W¢,_1(x) + n:W g(x),y) is bounded. Since supy ||g(X)||2 < B and
Amax (WWT) <02, it is easy to see that

max’

! COmax Bt ™*
sup HW¢t71(X> + ﬁth(X)Hz S O—maszni S mlaX—’
X i=1 -5
where the last inequality follows from the definition of 7. Since ¢ is L-Lipschitz in its
first argument, we can show that ¢(W¢,_1(x) + 7,Wg(x),y) lies in an interval of width
%ﬂ”l_s. Applying Theorem 62, we get with probability at least 1 — 9

R(Wy, ) <R(Wi_q, ¢r) +2E

L&
sup  — Z pil(W 1 (xei) + mWg(Xe,i), Y1)
1

WeWw,geGy T im

4O max BLY ™% [log2/6
+ —.
1—s n
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We now focus on bounding the Rademacher complexity term appearing above. To this end,
we rely on the composition property of Rademacher complexity. Since ¢ is L-Lipscthiz in
the first argument, applying Theorem 63 we get

R(Wy, 1) <R(Wi_1,¢1) +2LE

n
Wew.geb: ' 21 k1

40 max BLY ™% [log2/§
+ =
1—s n

SR(Wtfl, th) + 277tL72(W, gt> + 2L E

4eomax BLE' % [log2/6
+ =
1—s n

T, can be bounded as follows. Let p € RE*® be the matrix whose (k, )" entry is given by
pir and ¢;_1(S;) € RP*™ be the matrix whose (j,7)" entry is given by [¢;_1(x;;)];. T1 can
be rewritten in terms of p, ¢;_1(S;) as

WK
sup i Z Z pir[W dr—1(x1:) + Wth(Xt,i)]k]

AK
sup izzpzk (Wi th)]k]

7
Wwew It 2 k=1

N J/

Ty =E L?/lélgv% (pde-1(SH)", W>F}
< [ sup 1971:] & [Hpocs(s7i
Wew n
< OpaxlE |:%||p¢t—1(5t)T||F:|
< 2% JE (g (50715

O-max K

= 72 JRE (1611513 < Gmf S [s0p 604l
COmax Bt ™ | K

< Zma?? L2

- 1—-s5 n

where the last inequality follows from our choice of step size 7, and our assumption on the
boundedness of the outputs of functions in G;. Substituting this upper bound on 7} in the
previous inequality gives us the required bound on R(W;, ¢;). O]

Lemma 60. Consider the setting of Theorem 21. Let (Wy, ¢;) be the t'" iterate generated
by Algorithm 10 with Algorithm 12 as update routine. Then for any t, the following holds
with probability at least 1 — 20 over datasets of size n

[log2/6
<gt7 _V(bR(Wtfl, ¢t71)>P 2 5BHV¢R(Wt71, ¢t71) HP_Et_ZUmarLR(gt)_4UmaxBL gT/
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Proof. Let pﬁ,t be the empirical distribution of dataset S;. Since G; satisfies the (5, €;)-weak
learning condition w.r.t dataset S;, we have

(91, =V Rs. (Wit 611)) px, > BB|VoRs,(Wiir, 611)l|px, — €
Consider the following lower bound for (g;, =V ,R(W;_1, ¢1—1))p

(g1, —VeRWi_1,¢1-1))p > (g1, —quﬁbst(Wt—h G1-1)) px

At
7

Y
— (9 =V Rs,(Wi1, 60-1)) px, = (9, =VoR(Wii1, 60 1)) p
}g S

We now lower bound each of the terms appearing the RHS of the above inequality. Sim-
ilar to the proof of Lemma 59, throughout the proof we condition on the past datasets
S1,...5;_1 and show that the Lemma holds for any choice of Si,...S5;_1.

Bounding 7;. Using the weak learning condition, 7} can be lower bounded as
Ty > BB|VRs, (Wi, é1)llpx, —
Using triangle inequality, this can be further lower bounded as
Ty 2 BBV R(Wir, 611l — BB|IVsRWir, bl — VB, (Wit 61—l px| — et

We now bound the middle term in the RHS using standard concentration inequalities.
Define random variable Z as

Z = Wtjllvg(vvt—lqﬁt—l(X)a Y)a
for (X,Y) ~ P and define z;; as
Zy; = Wti1V€<Wt71¢t71(Xt,i)a yt,i)a

where V/(u,y) denotes the gradient of ¢ w.r.t its first argument. Then from the definition
of functional gradients V,Rg, (Wi—1, ¢1—1), Vo R(Wi_1, ¢r—1), we have

N 1"
|\V¢Rst(Wt71,¢t71)H?>5{t = %Z lzeill®,  IVoR(Wier, d-1) |17 = E [ Z]]7] -
=1

Since ¢ is L-Lipschitz, it is easy to see that || Z|| is a bounded random variable and always
lies in the interval [0, oax L]. So using Chernoff bounds in Theorem 61, we can show that
the following holds with probability at least 1 — ¢

2
< ety WIS 15
n

n

1
> =zl —E[112]*]

i=1
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Now, consider the following

1224l = VE[[Z]]%]

AM:I
3|~

IVaROWerr, d)ll = VR (Wiot, 60-1) | =

=1

IS0 Al — E 1217
EliZ]

where the last inequality follows from the fact that |/a — Vb bl = |a b < o
that, with probability at least 1 — ¢, T} can be lower bounded as

[3log1/6
Tl Z 5BHV¢R<W1§717 (btfl)HP - ﬁamaxBL gT/ — €. <E4)

Bounding 75. Using the definition of functional gradients, 7, can be rewritten as follows

Ty = |Ex [(gt(X)7V¢R(Wt—17¢t—1)(X)>] - %Z(gt(xtz) V¢R5t(m 1, Gr— 1)(th)>‘
= [Exy [(9:(X), WL, VEW, 141 (X), V)] — %Z@t(xm)a W NEOWy 11 (%), i)

=1

1 A
< sup
g€Gy

Exy [{9(X), WL VUW,_161(X),Y))] — = > {g(x0) W VW1 (500), y1.0)) |-

i=1

We now rely on uniform convergence bounds and bound the RHS in terms of the Rademacher
complexity term R(G;). First note that the random variable (g(X), W, V{(W;_1¢;_1(X),Y))
is bounded and lies in the interval [—oyaxBL, omaxBL]. This follows from the Lipschitz
property of the loss ¢ and the boundedness of the functions in G;. Using Theorem 62, we
get the following upper bound for 75, which holds with probability at least 1 — ¢

log 2
+ 20max BLA | M.
n

We now focus on bounding the Rademacher complexity term in the above inequality. Define
function h; : R? — R as follows

hi(u) = (u, WL VW, 10 1(Xes), Yei))-

Ty < 2E |sup — sz th) M/tT_1v£(Wt—1¢t—1(Xt,i)7yt;i))

geG: M i1

Note that, h;(u) is opaxL-Lipschitz in u. The Rademacher complexity can be written in
terms of h;’s as follows

n

1
E | sup — Z pi{9(Xt), Wtilvg(Wt71¢t71<Xt,i)> Y.i))

n
S

= Eg, |E

p

Sup = l Z pihi(g<xt,i)) St] ] .

geG: T i—1
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Using the composition property of Rademacher complexities stated in Theorem 63, we get

n

1
E |sup - Z pilg(Xeq), W VW, 11 (Xt.), ym)>] < Omax LEg,

n
geg 'V

E,

n
9€Gt " i1 j=

sup % Z Z Pij [Q(Xt,i)]j]

n
9€6t " =1 j=1

= UmaxLR<gt) .

= Opax LE

So we have the following bound for 75 which holds with probability at least 1 — ¢

log 2/0
Ty < 20max LR(G,) + 2amaXBL\/%. (E.5)

Combining Equations (E.4), (E.5) gives us the required bound. O

E.5.2 Main Argument

Our analysis of inexact gradient descent uses similar arguments as in Temlyakov [Tem14].
Let ¢y = ¢—1 +n.g; be the ' iterate generated by the algorithm. We first derive an upper
bound for the reduction in population risk in the t* iteration of the algorithm. From
Lemma 59 we know that with probability at least 1 — /3T

R(Wy, ¢1) < R(Wi_1, ¢¢) + Ci(2), (E.6)

where Cy(t) = 2 LR(W, G;) + 4“’"“31"2111”173 (\/ loggT/é + \/%> Since ¢ is M smooth, the

following holds for any two vectors u,v € R¥ and y € Y

Mlvf3
o

Using this smoothness property, R(W;_1,¢:) = E[((Wi_1¢—1(x) + m:Wi_19:,y)] can be
upper bounded as

l(a+v,y) <l(u,y)+ (v, Vl(u,y)) +

771§2M0r2nax|’gt|’2P‘
5 .

Combining Equations (E.6), (E.7), we get the following bound on R(W;, ¢;) which holds
with probability at least 1 — /3T

R(Wi_1,¢1) < RWiy, r—1) + (g, VoRWi_1, 1)) p + (E.7)

2M02 B2
R(Wi, é1) € R(Wit, 61-1) + 1elges VaR(Wio, @11)) p + T2 1 O ().

Next, from Lemma 60 we know that the g, chosen by the algorithm satisfies the following
with probability at least 1 — 2§/3T

<gt7 _V¢R(m—17 ¢t—1)>P Z BBHV(ﬁR(Wt—l? ¢t—1)||P — € — OQ(t)a
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where Co(t) = 20max LR(G;) + 40max BLA/ %. Substituting this in the previous equa-
tion, we get the following bound on R(W, ¢¢) which holds with probability at least 1 —6/T

2M32 2
R(Wy, ¢¢) SR(Wi-1,¢1-1) — BBV R(Wi—1, 1) |lp + Tma"t 2 (E.8)

-+ M€t + Cl(t) + ntC2(t) (Eg)

Let 1y = R(Wi, ¢y) — ROW*, ¢*) — Sor_ (mie; + C1(t) + m:Ca(t)). Then the above equation

implies the following recurrence on 7,

2MB2 2
ry <1y + . maxt—QS (ElO)

We now try to tighten this recurrence. Let Wj_1 be the pseudoinverse of W;_;. From the
convexity of ¢ we have

R(Wt,1,¢t,1) (W*7¢) (Wt 17¢t 1) (Wt*bWtTle*(b*)
(b)
2 _<WtT71W*¢* - ¢t717v¢R(Wt 17¢t 1)>

< IVoR(Wi1, ¢r-1) [P (0min W [l2|0 (1 + | ¢t-1llp)

where (a) follows from the definition of psuedoinverse and (b) follows from the convexity
of £. Letting A, = 3!, miB, we can lower bound ||V4R(W;_1, ¢1)|| as

R(Wi—1, ¢—1) — R(W™, ¢7)

IV R(Wi—1, 1) =
Foninl Wl |67l P + Ay

Substituting this in Equation (E.8), we get

(VVt 17¢t 1) (W*7¢*)> 2MB2 1211axt—2s
Trainl W12 ll% [ o + Aps 2

R(Wy, o) <R(Wy_1, ¢p1) — BB (
+ M€y + Cl(t) + ntCZ(t)-

Rewriting the above equation in terms of r;, we get

_ 2MB2O.2 _9
r < Tt—1 — B — Tt—1 ¢ maxt S
t ST (om;llW*Hauwnpmt_l T2 )
— (1 _ n:8B ) —— M B2 Umaxt_gs '
o W ol lp+Ac—r ) 7L T T2

In the rest of the proof, we try to solve the above recurrence relation on r; to obtain the
required excess risk bound. First note that there exists ¢, such that for all t > ¢, !

BB L@ +36(1 — s)
W ll2ll¢*llp 4+ Air — 4t

(E.12)

mm

—1
Qi W ll2 9"l p

'To be precise, t, is such that t;~* = <3
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This follows from the observation that n, = ¢t™° and A;_; < %. We now make use of
Theorem 65 for solving the recurrence in Equation (E.11). We first show that r; satisfies
the conditions for Theorem 65 with a = o,b = (v + (1 — 5))/2 and D = t, and for some
A which we specify later. From Equation (E.10) we have

M B?c?

Tepr <+ 5 max =25 <y, 4 At —1)7,

where the last inequality holds for any A > % and for our choice of «, s specified

in the theorem statement. This shows that the first condition of Theorem 65 is satisfied
by r,. Next, suppose r; > At~?, for some t > ty. Then using Equations (E.11) and (E.12),
r¢+1 can be bounded as follows

a+36(1—s) AMB%*2, .,
< 1 _ maxt S
Tt4+1 ( —4t Tt + —2
a+B(1—s) B(l—s)—a AMB%*62, .,
=(1-—= — =7 - Z 7T Tmaxgy—2s
( 2t ) " ( At e 2
Ty

Following our choices for «a, s and using the fact that r, > At~ it is easy to verify that
T < 0 for sufficiently large A. This shows that for appropriately chosen A, we have

a+p(1—s
T < (1 — —2<t )) T.
Since the conditions for Theorem 65 are satisfied, using it to solve our recurrence gives us
the following bound on 7; which holds with probability at least 1 — §

1
w=0(z)

This finishes the proof of the Theorem.

E.6 Proof of Corollary 5

A simple intuition for why the exact greedy approach satisfies similar risk bounds as gra-
dient greedy approach is that in exact greedy approach one solves the greedy step in Equa-
tion (6.2) exactly. Whereas, in gradient greedy approach, the greedy step is only solved
approximately and so one would expect the objective value of exact greedy approach to
be smaller than gradient greedy approach. We formalize this intuition in the proof. Let
(W, ¢¢), where ¢y = ¢y_1 +n:g:, be the t' iterate generated by the exact greedy algorithm.
And let (VT/, gzNSt), where ¢, = ¢r_1 +n:Gt, be the iterate obtained by running gradient greedy
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update in the ¢ iteration of the algorithm. We now bound R(W;, ¢;) in terms of R(W, ¢;)

R(Wy, ¢r) < ﬁst(Wu ¢) +  sup  |R(W, 1 +mig) — ESt(V[/? Gi—1 + m9)|
WeW,geg

(@) ~ -~ ~
< Rs,(Wy,¢) +  sup  |R(W, ¢r—1 +1:9) — Rs,(W, pr—1 + 1m:9)|
WeWw,geg:

< R((Wta Qgt)) +2 sup |R(W,¢—1 +mg) — ﬁst(Wy b1+ m9)|,
Wew,geg:

where (a) follows from the definition of W;, ¢; which are obtained by minimizing Equa-
tion (6.2). Note that the supremum in the RHS above can be bounded using Lemma 59.

From the proof of Theorem 21, we know that R((Wt,ggt)) can be upper bounded in
terms of R((W;_1,¢:—1)). To be precise, from Equation (E.8) in the proof of Theorem 21,
we know that with probability at least 1 — 26/T

<~ M B?g?
R(Wy, ¢¢) SR(Wy1, dp—1) — WtﬁBHanR(Wtfl, be-1)|lp + mef%

+ e + C1(t) 4+ 0. Ca(t).

This shows that

MBS o,
2

R(Wy, ¢¢) SR(Wi—q, pp—1) — BBV R(Wi—1, 1) |lp +
=+ M€t + Ol (t) + ntCQ(t>.

Using the exact same techniques as in the proof of Theorem 21, we get the required risk

bound on R(Wr, ¢r).
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E.7 Proof of Corollary 6

The major part of the proof involves bounding the Rademacher complexity terms appearing
in the risk bound of Theorem 21. We first bound R(G).

R(g):E sup — ZZpl] (xt.4) ]

geglljl

C max; [|Cy |1 <A T

A D
1
=K sup - Z pijo-(<0j7*7 Xt,i>>]
=1

=13

E

o

1 n
sup  — Z pijo ((Cj, Xt,z’>)]

IC«llisa T

_szj ]*7th]

1

J

—
s}
~

'M@

j=1 ||CJ *||1<A n
D
< Z 1§ Xt
j=1 o0
D
—FE Z Pi1Xe s
n
(b) logd
< 2DAy B2

n

where (a) follows from the Lipschitzness of sigmoid activation function and composition
property of Rademacher complexities(see Theorem 63) and (b) follows from the following
well known property of sub-Gaussian random variables. Let Z;,...Z, be n random vari-
ables, not necessarily independent Moreover, lets suppose each Z; is sub-Gaussian with
parameter 0. Then E[max; Z;] < /202logn. Since X C [0,1]¢, it is easy to see that
conditioned on data S, each co- ordlnate of Zi:l pi1X:; is a sub-Gaussian random variable
with parameter v/71. So using the above stated property of sub-Gaussian random variables,
we get

=E,

Ifé?g](max {Z Pil th szl th }]
< v/2nlog2d.
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Next, we bound R(W, G)

mg?gf i=1 k=1
K 1 n
< Z]E sup szz‘k (Wi 9(X1,4))
= wew, v —
9€g
(a) D 1< o K\/ElogD
< 20max K Y E| sup = pi(Cix) | +0 | =02
; 1CalnsA ™ ; j -
(b) log d max X V' D log D
< dopa KDA 222 L0 [ 2 \/_ w
n Vi

Omax K DA log (dD))
<0 .
so(==

where (a) follows from the property of Rademacher complexity stated in Theorem 64 and
(b) uses the arguments used to bound R(G) above. Substituting the above bounds for
R(G) and R(W,G) in Theorem 21 and using the fact that supy [|g(X)|l2 < v/D, for all

g € G, we get the required risk bound.

E.8 Proof of Corollary 7

Similar to the proof of Corollary 6, we focus on bounding the Radmacher complexity terms

R(G;) and R(W, G;). To bound R(G;), we use the same argument we used to bound R(G)
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in Corollary 6.

R(G)=E sup~ZZpU (x¢.4) ]

gegi =1 j5=1

sup = Z Z 0 ((Cjss Cbt—l(xt,i)))]

Cmax] 1C;«lli<A T =1 j—1

I
&=

E| sup Z pii0((C} ., ¢t_1(Xt,i)>)]

Mb

| [1C),« [l <A n

<.
I
—

IA
Mc
=

sup szg j*7¢t 1 Xt l)>]

| [1C),« 11 <A n
oo]

<.
Il
—

n

Z Pij®r—1(Xe.i)

i

where (a) uses snmlar arguments as in the proof of Corollary 6 and relies on the fact that
fr—1(%)[loe < Soi=i i <9 <’ Next, we bound R(W, G,)

AE

M-

1

J

:z\U

—1 th

(@) cDAt1 s logd
<

1—s n o’

n K

ROV.G) =E | sup =33 pulWglx,,)]

n
Vgeeg" i=1 k=1
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where (a) follows from the property of Rademacher complexity stated in Theorem 64 and
(b) relies on arguments used to bound R(G;). Substituting the above bounds for R(G;)
and R(W, G,;) in Theorem 21, we get the required risk bound.
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E.9 Some Useful Results

Theorem 61 (Chernoff Bounds). Let X = > " | X;, where X;’s are independently dis-
tributed in [0,1]. Then, for e € (0,1)
2

P(X > (1+¢)E[X]) < exp (—%E [X]) , P(X < (1-oE[X]) < exp (—?E [X]) .

Theorem 62 (Bartlett and Mendelson [BMO02|). Let F be a class of functions mapping X
to [a,b] and let {X;}1, be independently selected according to the probability measure P.
Then for any integer n and any 0 < 6 < 1, with probability at least 1 — § over samples of
length n, every f in F satisfies

)%Zf“@ ~E[f(X)]] < 2R(F) + (b—a)\/@7

where R(F) is the Rademacher complexity of F which is defined as

R(F)=E

where the expectation is taken w.r.t the Rademacher random variables p’s and data {X;}7,.
We next present an important result on the composition property of Rademacher com-
plexities.

Theorem 63 (Maurer [Maul6|). Let F be a class of functions mapping X to RY and let
{h;}", be L-Lipschitz functions from R% to R. Then

1 n d
P IPIL [f(Xi)]j] -

i=1 j=1

< LE,

Theorem 64 (Proposition A.12 of Allen-Zhu, Li, and Liang [ALL19|). Let u : R — R be
a fized 1-Lipschitz function. Given Fi...JF,, classes of functions X — R and suppose for
each j € [m] there exists a function f]@) € F; satisfying supPyc y |u(fj(0) (x))] < A, then

F = {x — Zvju(fj(x))

fi € FiNvly < BA vl < D}

satisfies
"1 o« - "1 ABlogm
E|{sup » —pi Yy vju(fi(x;))| <2D» E|sup —pif(x;) —1—0(—).

Theorem 65 (Temlyakov [Teml4|). Let four positive numbers a < b < 1,A,D € N be
given and let a sequence {r;}2, have the following properties: ry < A and for any t > 2

T¢ S Te—1 + A(t — 1)—(1‘

Moreover, suppose the sequence is such that if ry > At™® for some t > D, then ry 1 <
ri(1 = b/t). Then there exists a constant C' such that for all t € N we have

Tt S ct™.
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E.10 Experiments

This section provides experimental details, including the datasets, hyperparameter settings,
and additional experimental evidence not presented in the main paper.

We first note that in our experiments for DenseCompBoost, we use a slight variant of
G; defined in Equation (6.3)

t—1
Qt: {h+go (ZO&ZQSZ), forhG'H,gGQ,OQER},

=0

where H, G are weak feature transformer classes. We use this variant because the dimen-
sions of the input feature space and the representation space need not be the same, and as
a consequence G; in Equation (6.3) can not always be used. Similar to StdCompBoost, we
consider two choices for H,G: one based on fully connected blocks and the other based on
convolution blocks.

E.10.1 Drawbacks of Layer-by-Layer fitting

In this section, we provide empirical evidence highlighting drawbacks of layer-by-layer
fitting and how our proposed techniques address these drawbacks. Similar to Section 6.4,
we use StdCompBoost to denote standard layer-by-layer fitting.

DenseCompBoost can recover from mistakes. We mentioned earlier that compared
to StdCompBoost, one advantage of DenseCompBoost is that the dense connections allow
it to more easily recover from mistakes made in earlier layers. We now provide empirical
evidence to support this claim. We introduce mistakes in the weights of the first layers
learned using StdCompBoost and DenseCompBoost. To be precise, we fix the weights
of the first layer of both StdCompBoost and DenseCompBoost to (a) the same random
matrix, (b) an all-0 matrix, and then continue the training of the later layers. Table
E.1 shows the results: while StdCompBoost suffers a significant performance drop (from
82.49% when every layer is greedily trained, to 72.99% with a random first layer), the
performance of dense greedy is barely affected (from 95.70% when every layer is trained,
to 95.0% with a random first layer). Similar trend occurs when setting the first layer to
0: dense greedy still achieves a 93.69% test accuracy, while standard greedy would fail to
train at all since any signal in the data has been cut off.

Narrow-to-Wide architecture of CmplxCompBoost. Note that in CmplxComp-
Boost, we increase the widths of layers over iterations. We now justify this choice of
architecture. There are two possible ways to vary the complexity of the G;, increasing or
decreasing. We tested both approaches on one tabular dataset CovType, and one image
dataset SVHN. On CovType, we started with a layer width of 4096, then increase or de-
crease the width of subsequent layers by 512 at each layer. On SVHN, the starting layer
width is 128, followed by 4 additional layers, each increasing or decreasing the width by
16. As can be seen in table E.2; increasing complexity gives slightly better results for both
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layer 1 | layer 2 | layer 3 | layer 4 | layer 5
StdCompBoost Random | 49.71 | 50.25 | 52.51 | 69.70 | 72.99
Random | 49.71 | 50.86 | 70.07 | 92.31 | 95.00

Zero 50.06 | 61.76 | 89.19 | 93.17 | 93.69

DenseCompBoost

Table E.1: Test accuracy at each layer, with the first layer being set to a random value or the
all-0 matrix. Compared to the performance without corrupted first layer, StdCompBoost
suffers a performance drop, while DenseCompBoost is almost unaffected, demonstrating
its ability to recover from mistakes made in early layers.

the datasets, therefore we choose to increase the width for CmplxCompBoost in all other
experiments.

Decreasing width | Increasing width
CovType 95.58 £+ 0.04 95.64 + 0.16
SVHN 88.30 £+ 0.28 89.05 £ 0.01

Table E.2: Test accuracy using CmplxCompBoost with decreasing or increasing layer
widths.

E.10.2 Datasets and Hyperparameters

In this section, we present the details of datasets used in our experiments and describe our
process for hyperparameter selection.

Simulated Datasets. We generated 3 synthetic binary classification datasets in R32.
Simulation 1 is a concentric ellipsoids dataset, where a point x is classified based on x7 Ax,
for some randomly generated positive semi-definite matrix A. Simulations 2 and 3 are
datasets whose classification boundaries are polynomials of degrees 8 and 9 respectively.
For each of these datasets, we generated 10° samples for training and testing.

Hyper-parameters. We used hold-out set validation to pick the best hyper-parameters
for all the methods. We used 20% of the training data as validation data and picked the
best parameters using grid search, based on validation accuracy. After picking the best
parameters, we train on the entire training data and report performance on the test data.
For all the greedy techniques based on neural networks, we used fully connected blocks and
tuned the following parameters: weight decay, width of weak feature transformers, number
of iterations 7. For CmplxCompBoost, we set A = Dy/5. For end-to-end training, we
tuned weight decay, width of layers, depth. We used SGD for optimization of all these
techniques. The number of epochs and step size schedule of SGD are chosen to ensure
convergence. For XGBoost, we tuned the number of trees, depth of each tree, learning
rate.

258



Benchmark Datasets. We consider the following image datasets: CIFAR10, MNIST,
FashionMNIST [XRV17], MNIST-rot-back-image [Lar+07], convex [XRV17], SVHN [Net--11],
and the following tabular datasets from UCI repository [BM9S]|: letter recognition [F'S91],
forest cover type (covtype), connectd. The convex dataset involves classifying shapes in
images as either convex or non-convex. MNIST-rot-back-image is generated from MNIST
by rotating the images and adding random images in the background.

Hyper-parameters. For covtype dataset, which doesn’t come with a test set, we ran-
domly sample 20% of the original data and use it as the test set. We use a similar hyper-
parameter selection technique as above and tune the same set of hyper-parameters as
described above. We use convolution blocks for CIFAR10, SVHN, FashionMNIST, convex,
MNIST-rot-back-image and fully connected blocks for the rest. We limit the width of fully
connected blocks to 4096, and the number of output channels in convolution blocks to 128
while tuning the hyper-parameters for the composition boosting techniques and end-to-end
training. For AdaBoost and additive representation boosting, we set these limits to 16000
and 350 respectively. For CmplxCompBoost with convolution blocks, we set A = D;/8.
We do not use data augmentation in our experiments.

E.10.3 Further Experimental Details

Tables E.3, E.4 list the statistics of datasets used in our experiments. We now list the hyper-
parameters tuned for each dataset and learning algorithm. Table E.5 presents the list of
hyper-parameters tuned for XGBoost. All the other techniques we use in our experiments
rely on neural networks. We use SGD with momentum to learn these models. In all our
experiments, we set the initial learning rate of SGD to 0.01, momentum to 0.9, batch
size to 64 and tune the following weight decay values: {0.0001,0.0005,0.001,0.005,0.01}.
The number of epochs we used for SGD varied with the dataset and is chosen to be large
enough to ensure convergence. Over the course of the SGD optimization, we reduce the
learning rate by a factor of 0.5, if the training loss doesn’t decrease for certain number
of SGD iterations (we rely on scheduler-tolerance option in PyTorch to implement this).
We run all the greedy techniques (AdaBoost, additive feature boosting, StdCompBoost,
DenseCompBoost, CmplzCompBoost) for 10 iterations and use validation dataset to decide
the best early stopping rule. For End-2-End training, we tune two values of depth: 5, 10.
Tables .6, E.7 presents the list of all the other hyper-parameters tuned.

Table E.3: Details of simulated datasets used in our experiments. We use 20% of the
training data as validation set for picking the best hyper-parameter

Dataset Simulation 1 | Simulation 2 | Simulation 3
# Train samples 1000000 1000000 1000000
| # Test samples || 500000 | 500000 [ 500000 |
’ # Classes H 2 ‘ 2 ‘ 2 ‘
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Table E.4: Details of benchmark datasets used in our experiments. We use 20% of the
training data as validation set for picking the best hyper-parameter

Image Datasets

Details SVHN | FashionMNIST | CIFAR10 | Convex | MNIST-rot-back-image
# Train samples || 73257 60000 50000 8000 12000
| # Test samples || 26032 | 10000 | 10000 | 50000 | 50000
| #Classes || 10 | 10 10 | 2 ] 10
Tabular Datasets
Details MNIST | Letter | CovType | Connect4
# Train samples || 60000 | 15000 | 464809 | 54045
| # Test samples || 10000 | 5000 | 116203 | 13512
’ # Classes H 10 ‘ 26 ‘ 7 ‘ 3 ‘

Table E.5: List of hyper-parameters tuned for XGBoost, on all the datasets used in our

experiments.

Parameter Values Tuned
Tree Depth {10, 15,20}
Learning Rate {0.1,0.2}

Number of Trees

{400,800, 1600}

Table E.6: List of hyper-parameters tuned for various compositional boosting techniques
and end-2-end training.

Dataset

Hyper-parameters tuned

Simulation-1

width: {32, 64, 128}

Simulation-2

width:{64, 128,256}

Simulation-3

width:{256, 512, 1024}

SVHN output channels:{32, 64, 128}
FashionMNIST output channels:{32, 64, 128}
Convex output channels:{32, 64, 128}
MNIST-rot-back-image output channels:{32, 64, 128}
CIFAR10 output channels:{32, 64, 128}
MNIST width: {256, 512, 1024}
LETTER width: {256,512, 1024}
Covtype width: {1024, 2048, 4096 }
Connect4 width: {256, 512,1024}
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Table E.7: List of hyper-parameters tuned for AdaBoost and additive feature boosting. To
be fair for additive boosting techniques, we considered wider weak learners than the ones
used for compositional boosting and end-2-end training.

Dataset Hyper-parameters tuned
Simulation-1 width:{256, 512, 1024}
Simulation-2 width:{256, 512, 1024}
Simulation-3 width: {4096, 8192, 16384}

SVHN output channels:{128, 256, 350,512}
FashionMNIST output channels:{128, 256, 350,512}
Convex output channels:{128, 256, 350,512}
MNIST-rot-back-image output channels:{128, 256, 350,512}
CIFAR10 output channels:{128, 256,350,512}

MNIST width:{256, 512, 1024}

LETTER width:{256, 512, 1024}
Coviype width: {4096, 8192, 16384}
Connect4 width:{256,512, 1024}

261



	1 Introduction
	1.1 Part I: Online Learning with Full Information Feedback
	1.2 Part II. Bandit Optimization
	1.3 Part III: Minimax Statistical Estimation
	1.4 Part IV: Boosting
	1.5 Summary of publications

	I Online Learning with Full Information Feedback
	2 Following the Perturbed Leader for Nonconvex Losses
	2.1 Problem Setup and Main Results
	2.1.1 Main Result

	2.2 Background
	2.3 Non-Convex FTPL
	2.4 Discussion

	3 Optimistic Follow the Perturbed Leader for Convex & Nonconvex Losses
	3.1 Preliminaries and Background Material
	3.2 Dual view of Perturbation as Regularization
	3.3 Online Learning with OFTPL
	3.3.1 Online Convex Learning
	3.3.2 Online Nonconvex Learning

	3.4 Minimax Games
	3.5 Discussion


	II Bandit Optimization
	4 Efficient Bandit Optimization for Convex Quadratic Losses
	4.1 Problem Setting and Background
	4.1.1 One-point Gradient and Hessian Estimates
	4.1.2 Self Concordant Barriers

	4.2 Main Results
	4.3 Related Work
	4.4 Regularized Bandit Newton Algorithm
	4.4.1 Importance of Hessian Estimates

	4.5 Analysis
	4.6 Implementation
	4.7 Discussion


	III Minimax Statistical Estimation
	5 Learning Minimax Estimators via Online Learning
	5.1 Background and Problem Setup
	5.1.1 Minimax Estimation and Statistical Games

	5.2 Minimax Estimation via Online Learning
	5.3 Invariance of Minimax Estimators and LFPs
	5.3.1 Finite Gaussian Sequence Model
	5.3.2 Linear Regression
	5.3.3 Normal Covariance Estimation
	5.3.4 Entropy estimation

	5.4 Finite Gaussian Sequence Model
	5.5 Linear Regression
	5.6 Normal Covariance Estimation
	5.7 Entropy Estimation
	5.8 Experiments
	5.8.1 Finite Gaussian Sequence Model
	5.8.2 Linear Regression
	5.8.3 Normal Covariance Estimation
	5.8.4 Entropy Estimation

	5.9 Discussion


	IV Boosting
	6 Generalized Boosting
	6.1 Preliminaries
	6.2 Generalized Boosting
	6.2.1 Compositional Boosting

	6.3 Excess Risk Bounds
	6.4 Experiments
	6.4.1 Simulated Datasets
	6.4.2 Benchmark Datasets

	6.5 Discussion

	7 Conclusion and Future Work
	Bibliography

	V Appendix
	A Supplementary Material for Chapter 2
	A.1 Proof of Proposition 1
	A.2 Non-oblivious to Oblivious Adversary Model
	A.3 Proof of Lemma 2

	B Supplementary Material for Chapter 3
	B.1 Dual view of Perturbations as Regularization
	B.1.1 Proof of Theorem 2

	B.2 Online Convex Learning
	B.2.1 Proof of Theorem 5
	B.2.2 Proof of Corollary 1

	B.3 Online Nonconvex Learning
	B.3.1 Proof of Theorem 6
	B.3.2 Proof of Corollary 2

	B.4 Convex-Concave Games
	B.4.1 General Result
	B.4.2 Proof of Theorem 7

	B.5 Nonconvex-Nonconcave Games
	B.5.1 General Result
	B.5.2 Proof of Theorem 8

	B.6 Choice of Perturbation Distributions
	B.7 High Probability Bounds
	B.7.1 Online Convex Learning
	B.7.2 Convex-Concave Games
	B.7.3 Nonconvex-Nonconcave Games

	B.8 Background on Convex Analysis

	C Supplementary Material for Chapter 4
	C.1 Proof of Proposition 3
	C.2 Proof of Proposition 4
	C.3 Proof of Proposition 5
	C.4 Warm up: Hypothetical case of known Hessians
	C.4.1 Intermediate Results
	C.4.2 Proof of Theorem 38

	C.5 Proof of Theorem 10
	C.5.1 Proof of Proposition 6
	C.5.2 Main argument for Theorem 10

	C.6 Additional Results
	C.7 Review of Self Concordant Barriers

	D Supplementary Material for Chapter 5
	D.1 Measurability of Bayes Estimators
	D.2 Minimax Estimators, LFPs and Nash Equilibirium
	D.3 Minimax Estimation via Online Learning
	D.3.1 Proof of Proposition 7
	D.3.2 Proof of Theorem 11
	D.3.3 Proof of Corollary 3
	D.3.4 Proof of Corollary 4

	D.4 Invariance of Minimax Estimators
	D.4.1 Proof of Theorem 12
	D.4.2 Proof of Theorem 13
	D.4.3 Applications of Invariance Theorem

	D.5 Finite Gaussian Sequence Model
	D.5.1 Proof of Proposition 8
	D.5.2 Proof of Theorem 19
	D.5.3 Loss on few co-ordinates

	D.6 Linear Regression
	D.6.1 Proof of Proposition 9
	D.6.2 Mean and normalization constant of Fisher-Bingham distribution
	D.6.3 Proof of Theorem 20

	D.7 Covariance Estimation
	D.7.1 Proof of Proposition 10

	D.8 Entropy Estimation
	D.8.1 Proof of Proposition 11

	D.9 Experiments
	D.9.1 Covariance Estimation
	D.9.2 Entropy Estimation


	E Supplementary Material for Chapter 6
	E.1 Notation and Terminology
	E.2 Proof of Proposition 12
	E.3 Proof of Proposition 13
	E.4 Discussion of Theorem 21
	E.5 Proof of Theorem 21
	E.5.1 Intermediate Results
	E.5.2 Main Argument

	E.6 Proof of Corollary 5
	E.7 Proof of Corollary 6
	E.8 Proof of Corollary 7
	E.9 Some Useful Results
	E.10 Experiments
	E.10.1 Drawbacks of Layer-by-Layer fitting
	E.10.2 Datasets and Hyperparameters
	E.10.3 Further Experimental Details




