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Abstract

Some Problems in Conic, Nonsmooth, and Online Optimization

Swati Padmanabhan

Chair of the Supervisory Committee:

Yin Tat Lee

Paul G. Allen School of Computer Science and Engineering

In this thesis, we study algorithms with provable guarantees for structured optimization problems

arising in machine learning and theoretical computer science.

One of the threads of this thesis is semidefinite programs (SDPs), a problem class with a variety
of uses in engineering, computational mathematics, and computer science. Concretely, we study
approximately solving the MaxCUT SDP. Aside from its significance as the SDP relaxation of an
NP-hard problem, it has found use in matrix completion algorithms. Our algorithm for this problem
combines ideas from the multiplicative weights framework and variance-reduced estimators. We
adopt this idea of robust updates to give a faster high-accuracy algorithm to solve general SDPs
via interior-point methods. Conceptually, our result for this general problem resolves the prior
paradox of cutting-plane methods being faster at solving SDPs than interior-point methods, despite

the former tracking far less structural information about the iterates.

A common structural assumption on real-world datasets is that of sparsity or low rank. This
structure is mathematically captured by convex non-smooth functions, thus making convex non-
smooth optimization a cornerstone of signal processing and machine learning (e.g., in compressed
sensing and low-rank matrix problems). Non-smooth optimization has risen in prominence on
the non-convex front as well in the context of deep learning (e.g., in deep neural networks). In

this thesis, we focus on two problems under the umbrella of nonsmooth optimization: In the



convex setting, we study minimizing finite sum problems with each function depending only on a
subset of the coordinates of the problem variable, and our proposed scheme develops a generalized
cutting-plane framework; in the nonconvex setting, we focus on the problem of finding a Goldstein
stationary point, and our solution combines randomization with geometric insights into prior work

along with a novel application of cutting-plane methods.

Optimization techniques have been used with great success to further progress in foundational
questions in applied linear algebra. We explore this interplay in two questions. We first study
least-squares regression with non-negative data and problem variables. This structure appears in
several real-world datasets (e.g., in astronomy, text mining, and image processing) but has generally
not been leveraged by standard least-squares algorithms (including ones in commercial software);
in contrast, we utilize this structure, yielding improvements in the runtime (in both theory and
experiments). We further study the computation of £, Lewis weights. These are generalized
importance scores of a given matrix used to sample a small number of key rows in tall data matrices
and thus a crucial primitive in modern machine learning pipelines. We offer a fresh perspective to

this problem, departing from the prior approach of using a fixed-point iteration.

We also apply optimization theory in the context of market economics. Specifically, we study
budget-constrained online advertising, an important problem for many technological companies,
and develop an optimal-regret bidding algorithm under the “return-on-spend” constraint. Our
main insight combines a novel white-box analysis of first-order methods for packing LPs with

problem-specific structure.
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Chapter 1

Introduction

Mathematical optimization is a key tool in engineering, operations research, computational
mathematics, and data science. Due to its ubiquity and centrality, it is now regarded as a mature field
of study with algorithms and associated theoretical guarantees well-understood in classical regimes.
However, the aforementioned fields are witnessing the rapid emergence of applications for which the
theoretical guarantees of existing optimization algorithms do not suffice. This is particularly acute
when pursuing the goal of scalability for problems with structures increasingly prevalent in practice.
This void necessitates novel algorithmic solutions beyond classical frameworks. In this thesis, we
address some of these needs by focusing on the theoretical aspects of designing fast optimization
algorithms for structured problems arising in modern data science applications, as we highlight next.

1.1 Semidefinite Programs

Semidefinite programs (SDPs) — a class of convex programs maximizing a linear function over
the intersection of a finite number of halfspaces and the positive semidefinite cone — constitute
a core optimization primitive generalizing linear and second-order cone programs.

The vastness of this problem class makes SDPs ubiquitous in approximation algorithms [GM12]
(e.g., in obtaining the best approximation ratios for multiple NP-Hard problems such as Max-
CUT [GW95], coloring 3-colorable graphs [KMS94], and sparsest cut [ARV09]), quantum complexity
theory [JJUW11], robust statistics [CG18, CDG19, CDGW19], algorithmic discrepancy and round-
ing [BDG16, BG17, Ban19]), control theory [BEGFB94], polynomial optimization [Par00, Hal18],
and machine learning (e.g., kernel learning [LCB*04], variational inference [Bac22], and robustness
certification for neural networks [RSL18]). We study fast algorithms for approximately solving SDPs.

SDPs with Diagonal Constraints. The first problem we study is the MaxCUT SDP, one of the
simplest and most well-studied SDPs. Given an n X n cost matrix C, this problem seeks a positive
definite matrix X > 0 that satisfies X;; < 1 for all i € [n].

The MaxCUT SDP [GW95] arises naturally as the SDP relaxation of the MaxCUT problem and
has seen widespread utility in circuit design [CKC83], statistical physics [BGJR88], phase recovery
[WdM15], rank minimization [Jagl1, SS05, FHB04], community detection [ABH15, GV16, MS16a],
the group synchronization problem [SS11, BCSZ14], and semi-supervised learning [W]C13].

Our goal is to solve this problem to e-accuracy. Specifically, given the 1 X n cost matrix C, we seek a
matrix X > 0 with X;; < 1foralli € [n],suchthat Ce X > OPT —¢ Zi,j |Cijl, where OPT is the optimal
value. We focus on first-order methods with a linear dependence on the number of non-zero entries
of C) and operating in the regime of moderate ¢. Prior work on this problem in this algorithm class in-
cludes saddle-point optimization [GH16a], mirror-prox combined with low-rank sketching [BBN13,
CDST19a], low-rank first-order methods [YTF"19a], and algorithms for “covering SDPs” [JLL*20a].



Our Contribution. In joint work [LP20] with Yin Tat Lee, we obtain for this problem a first-
order algorithm at a cost of O (;,”—5), where m is the number of non-zeroes in the cost matrix.

This improves upon the previously fastest solver of Arora-Kale[AK07]. We build upon Arora-Kale’s
multiplicative weights framework with the simple modification of making frequent low-accuracy
approximations (to reduce the cost) and infrequent exact computations (to “reset” the error resulting
from approximation). Our solver has found use in coding theory [JST21] and adversarial robustness
[AJRV20]. We detail our result in Chapter 2.

General SDPs. We adopt our above idea of robust updates in a general-purpose SDP solver as
well. We now, however, shift gears from the regime of moderate ¢ to low ¢, for which, broadly,
there exist two classes of iterative algorithms: cutting-plane methods and interior-point methods.

Cutting-plane methods iteratively search for a small ball containing the function optimum we seek.
They start with a large convex set guaranteed to contain the optimum and, in each iteration, query ata
pointin this set a separation oracle that tells them which half of the current search space the optimum
lies in. Using this information, they shrink this search set by a constant factor in each iteration and,
in a finite number of iterations, zero in on the optimum. Since Khachiyan proved [Kha80] that the
ellipsoid method solves linear programs in polynomial time, cutting plane methods have become
an active area of research in both discrete and continuous optimization [GLS81a, GV02]

In contrast, interior point methods turn the original constrained optimization problem into a
sequence of unconstrained optimization problems parametrized by a scaling factor that ascribes
relative weight to optimizing the objective versus enforcing feasibility. The solutions to these
successive problems form a well-defined central path through the original feasible set and converge
to the approximate optimum in a finite number of steps. Since Karmarkar’s proof [Kar84] that
interior point methods can solve linear programs in polynomial time, these methods have seen
tremendous progress [NN92, NN94, Ans00] and have been central to several recent breakthroughs
in algorithms for combinatorial optimization [Leel6, LS14, VDBLL"21, vdB21, KLS22].

Thus, the two algorithms greatly differ in terms of the amount of information known about the opti-
mum: For cutting plane methods, all one knows is that the solution lies inside an intersection of all
the halfspaces returned by the oracle so far; for interior point methods, we have a system of equations
(given by, for example, the KKT conditions) that precisely describe the optimum at each step. Since
cutting plane methods use less structural information than interior point methods, they are slower
at solving almost all problems where interior point methods are known to apply. However, prior to
our work, the fastest cutting-plane method[LSW15] was faster than interior-point methods for SDPs.

Our Contribution. In joint work [JKL"20] with Haotian Jiang, Tarun Kathuria, Yin Tat Lee,
and Zhao Song, our contribution is to resolve this paradox via a new interior point method

that solves an n X n variable SDP with m constraints at a cost of 5( Vi - (mn? + m® +n®)).

We obtain our result by a simple, intuitive modification to the IPM framework of Nesterov and
Nemirovskii [NN92] Instead of maintaining the true slack matrix, we maintain a spectral ap-
proximation to it that admits low-rank updates and introduce a novel potential function to show
the correctness of using this approximate matrix. Our technique has spurred further advances
in fast algorithms for specialized settings like tall dense SDPs [H]ST21] and robust correlation
clustering [CPRT22]. We detail our result in Chapter 3.



1.2 Nonsmooth Optimization

In the previous section, we described our modification of the classical interior point method for
solving SDPs. In this section, we turn our attention to another second order method, the cutting
plane method, and modify it to obtain improved rates in nonsmooth optimization.

This problem class spans a multitude of practical applications: In convex settings, nonsmooth func-
tions capture properties like sparsity and low rank, both pervasive structural assumptions imposed
on real-world datasets [UT19] and the backbone of compressed sensing [CRT06] and low-rank
matrix problems [RFP10]. Nonsmooth optimization has risen in prominence on the nonconvex front
as well in the context of deep learning, for example to train deep neural networks with non-linear
activations. We study two problems in nonsmooth optimization, one convex, and one nonconvex.

Nonsmooth Convex Optimization. We study finite-sum minimization of mingcga Y., fi(0) of
convex, non-smooth functions, where each function is supported on a subset of coordinates of the
problem variable. This problem is notably exemplified by decomposable submodular function
minimization (SFM), with applications in, e.g., determinantal point processes [KT10] and computer
vision [KLT09, VKR09, FJPZ13]. Our goal here is low subgradient oracle complexity.

The general “finite sum minimization” problem has been extensively studied in the setting with
smooth f;’s and has spurred the development of well-known variants of stochastic gradient methods
[RM51, BC03, Zha04, Bot12] such as [RSB12,55Z13b, ]Z13a, MZ]13, DBL]14b, Mail5, AZY16, HL16a,
SLRB17a], which in turn powered tremendous empirical success in machine learning through widely
used software packages such as 1ibSVM [CL11a]; almost universally, these algorithms leverage the
“sum structure” of the objective by sampling, in each iteration, one f; with which to make progress.

However, these prior algorithms chose such an f; arbitrarily, which fails to make sufficient progress
in our setting. In particular, all variants of gradient descent for this problem have a polynomial
dependence on the condition number. Existing cutting plane methods, on the other hand, trade off
dependence on condition number for a suboptimal dependence on the dimension. Additionally, the
work on non-smooth ERM crucially requires the objective function to be a sum of a smooth ERM
part and a non-smooth regularizer. These results do not apply to the many important problems
for which the objective function cannot be split in this way:.

Our Contribution. In joint work [DJL*22] with Sally Dong, Haotian Jiang, Yin Tat Lee, and
Guanghao Ye, we provide an algorithm that solves this problem in a nearly-linear (in total
effective dimension) number of queries to the subgradient oracle.

Our subgradient oracle complexity obtained here is nearly optimal. We obtain our result by
adaptively choosing the f; to make progress on in any given iteration; we operate in a conceptually
novel cutting-plane framework. This work also implies state-of-the-art theoretical results for
decomposable SFM. The detailed presentation is in Chapter 4.

Nonsmooth Nonconvex Optimization. Relative to its convex counterpart, e.g., described above,
scant research has investigated non-convexity in the non-smooth setting. However, with the advent
of deep learning, the question of studying convergence guarantees of algorithms for optimizing
non-smooth non-convex functions (of which modern neural networks are a classic example) has
come to be one of paramount importance. While there has been a growing body of research on
this topic [BHS05, Kiw07, MMM18, DDKL20, BP21], the question of non-asymptotic convergence
guarantees has seen relatively scant results.



To make progress towards this goal, the first difficulty one encounters with the class of non-smooth
non-convex problems is in defining “convergence”. For example, it is generally impossible to
obtain local minima or approximate-stationary points [NY83b, ZLSJ20], and it is even impossible
to get close to such points within any finite time independent of the dimension [KS21]. Thus,
in general, these problems are known to be impossible to solve at a dimension-free rate without
further assumptions such as convexity or smoothness.

[ZLS]20] showed that what is in fact tractable notion of convergence for this problem class is
(0, €)-stationarity, as pioneered by [Gol77]. Put simply, a point is (9, €)-stationary if within a 6-ball
around it one can find a convex combination of subgradients that have a total norm of at most €.
We remark that this is weaker than all the aforementioned notions of stationarity [ZLS]20, KS21].
[ZLS]20] presented an algorithm that, for an L-Lipschitz function, can achieve (6, €)-stationarity
inO (%TL;) calls to a specific type of first-order oracle. While a remarkable breakthrough in this field,
the oracle used in [ZLS]20] was quite non-standard.

Our Contribution. In joint work [DDL*22] with Damek Davis, Dmitriy Drusvyatskiy, Yin
Tat Lee, and Guanghao Ye, we strengthen this result by the use of a standard first-order
oracle. We also improve the complexity guarantee for low-dimensional settings.

We obtain our first result by applying simple ideas from randomization to our geometric insights into
the algorithm of [ZLS]20]. To achieve our second result, we use a novel cutting-plane technique.
We describe this work in Chapter 5.

1.3 Linear Algebraic Problems

Optimization techniques have been used with great success to further progress in the most founda-
tional questions in applied linear algebra. We study two questions at the interplay of these topics.

Non-Negative Least Squares Regression. Our first question under this umbrella concerns the
computational complexity of solving least squares regression when the problem data and variables
are both element-wise non-negative. Nonnegative least squares (NNLS) problems, defined as
minysq %”AX — b||2, where A € R™" and b € R™, have been studied for decades in optimization
and statistical learning [LH95, B]97, KSD13], with various off-the-shelf solvers available in many
standard programming languages. Within machine learning, NNLS problems arise whenever
having negative labels is not meaningful, for example, when representing prices, age, pixel
intensities, chemical concentrations, or frequency counts. NNLS is also widely used as a subroutine
in nonnegative matrix factorization [CZPAQ9, Gil14, KSK13] to extract sparse features in applications
like clustering, collaborative filtering, and community detection.

From an algorithmic standpoint, the nonnegativity constraint in NNLS problems is typically viewed
as an obstacle: most NNLS algorithms perform additional work to handle it, and the problem is con-
sidered harder than unconstrained least squares. However, in many important applications of NNLS,
such as text mining [BBL*07], functional MRI [AR04, JHD18], EEG data analysis [MMSBVS08],
pulse oximetry [JP87, WPTP88], statistical procedures in observational astronomy [I[FAB90], and
those traditionally addressed using nonnegative matrix factorization [CZPA09], the data is also
nonnegative. We study NNLS with nonnegative data and argue that in this setting it possible to
obtain stronger guarantees than for traditional least squares.



Our Contribution. In joint work [DLPS22] with Jelena Diakonikolas, Chenghui Li, and
Chaobing Song, we introduce a width-independent, accelerated algorithm for non-negative
least squares on non-negative data. We further improve this to a linear convergence rate and
supplement all our theoretical results with experiments on real datasets.

In our result, “width” is the maximum ratio between the non-negative elements of the matrix;
width-independence means the convergence depends at most poly-logarithmically on the width,
a feature highly desirable in many problems such as those in the literature on packing/covering
LPs [Wan17]. Without additional structure, width-dependent algorithms are often not polynomial-
time. We achieve our result by leveraging structural properties specific to this problem, a novel
acceleration technique, and by incorporating a restart strategy. We present this result in Chapter 6.

Computing Lewis Weights to High Precision. While the previous problem was concerned with £
regression, we now shift gears to ¢, regression. This problem has been a fixture of machine learning
and theoretical computer science, capturing fundamental problems like linear programming (p = 1),
least squares regression (p = 2), and max-flow (p = o). As a first step, we study the computation
of {,-Lewis weights. {,-Lewis weights are “generalized importance scores” one can compute for
each row of a matrix, generalizing leverage scores. An alternate geometric interpretation of Lewis
weights is as the solution to the problem of computing a minimum-volume ¢, ellipsoid.

These two meanings one can assign Lewis weights lends them ubiquity in a variety of fields. Their
property of assigning importance to each row of a matrix makes it possible to use them to sample a
small number of their key rows of an input matrix in a way that the £, norms of the product of the ma-
trix with vectors are preserved. This has wide-ranging applications, e.g., in row sampling algorithms
for data pre-processing [DMMO06, DMIMW12, LMP13, CLM*15a, CP15], for computing dimension-
free strong coresets for k-median and subspace approximation [SW18], for fast tensor factorization
in the streaming model [CCDS20], and for ¢; regression, a popular model in machine learning
used to capture robustness to outliers, in: [DLS18] for stochastic gradient descent pre-conditioning,
[LWYZ20] for quantile regression, and [BDM*20] to provide algorithms for linear algebraic problems
in the sliding window model. They are also used in statistics (e.g., in D-optimal design) and opti-
mization (e.g., in the construction of nearly-optimal self-concordance barriers for polytopes [LS13]).

Computing ¢,-Lewis weights, thus, is an essential algorithmic primitive, and faster £,-Lewis
weights computation can have wider ramifications for exciting runtime improvements in the
aforementioned areas. The previous known high-accuracy ¢,-Lewis weights solver [CP15] was
limited to the range p € (0,4), and there was no such result for the range p > 4.

Our Contribution. In joint work [FLPS22] with Maryam Fazel, Yin Tat Lee, and Aaron
Sidford, we give the first high-precision ¢,-Lewis weights solver for p > 4.

Our work thus completes the picture on efficient £,-Lewis weight computation for all p > 0. The
prior approach was limited by its use of fixed-point iterations, which, by design, do not converge
for p > 4. Departing from this technique, our new insight for p > 4 is to instead use the structural
properties of the convex program describing £,-Lewis weights. We present this result in Chapter 7.

1.4 Online Optimization

Outside of the theme of scalability as exemplified in the previous sections, we also study the
application of optimization theory to the design of low-regret algorithms in market economics. This



was work done as an intern at Google Research (Market Algorithms). Specifically, we study budget-
constrained online advertising, a problem of paramount importance to modern technological giants.
The broad goal of our problem is to determine bids for incoming queries to maximize advertisers’
targets subject to their specified constraints. We focus on a single value-maximizing advertiser
under an increasingly popular constraint: Return-on-Spend (RoS). We quantify efficiency in terms
of regret relative to the optimal algorithm, which knows all queries a priori.

Our Contribution. In joint work [FPW23] with Di Wang and Zhe Feng, we contribute
a simple online algorithm that achieves near-optimal regret in expectation while always
respecting the specified RoS constraint when the input sequence of queries are i.i.d. samples
from some distribution. Integrating this with the previous work of Balseiro, Lu, and Mirrokni,
we also achieve near-optimal regret while respecting both RoS and fixed budget constraints.

Our algorithm follows the primal-dual framework and uses online mirror descent (OMD) for the
dual updates. However, we need a non-canonical setup of OMD, and therefore the classic low-regret
guarantee of OMD, which is for the adversarial setting in online learning, no longer holds. This
necessitates a novel white-box analysis of first-order methods seen in the literature on packing
LPs [Wan17] in conjunction with problem-specific structure. This result is presented in Chapter 8.

1.5 Organization of the Thesis

The work presented in this thesis is the result of several research collaborations. Prior publications
of the work in this thesis are listed below. All publications follow the alphabetical ordering of
authors, per the convention in theoretical computer science.

e Chapter 2: An O(m/&39) Algorithm for Semidefinite Programs with Diagonal Constraints;
joint work with Yin Tat Lee; published in Conference on Learning Theory (COLT), 2020

e Chapter 3: A Faster Interior Point Method for Semidefinite Programming; joint work with
Haotian Jiang, Tarun Kathuria, Yin Tat Lee, and Zhao Song; published in Foundations of
Computer Science (FOCS) 2020

e Chapter 4 Decomposable Non-Smooth Convex Optimization with Nearly-Linear Gradient
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Chapter 2

An O(m/35) Cost Algorithm for Semidefinite Programs with
Diagonal Constraints

In this chapter, we study semidefinite programs with diagonal constraints. This problem class
appears in combinatorial optimization and has a wide range of engineering applications such
as in circuit design, channel assignment in wireless networks, phase recovery, covariance matrix
estimation, and low-order controller design. We give a first-order algorithm to solve this problem
to e-accuracy, with a run time of O(m/ €39), where m is the number of non-zero entries in the cost
matrix. We improve upon the previous best run time of O(1m/&*°) by Arora and Kale. As a corollary
of our result, given an instance of the Max-Cut problem with n vertices and m > n edges, our
algorithm when applied to the standard SDP relaxation of Max-Cut returns a (1 — ¢) — agw cutin
time 5(m /€32), where acw = 0.878567 is the Goemans-Williamson approximation ratio. We obtain
this run time via the stochastic variance reduction framework applied to the Arora-Kale algorithm,
by constructing a constant-accuracy estimator to maintain the primal iterates.

2.1 Introduction

Consider the SDP maximizing C e X f Tr(CX) over the set of n X n positive semidefinite matrices

with every diagonal entry bounded by a constant:

maximize C e X subject to X > 0, X;; <1 foralli € [n]. (2.1.1)

We seek a matrix X* > 0 with 5(;*1 < 1 for all indices i € [n], such that X* satisfies C e X* >
Cox = ex,lC

guarantee (C @ X* > C o X*(1 — ¢)), but a slightly weaker one, since! we have Zl-,]- ICijl = C e X*. We
remark that a multiplicative guarantee is not always easy to provide; indeed, even many classical
optimization algorithms provide a guarantee that is only additive in some quantity that bounds
from above the difference of the function values between the initial and optimal points. For example,
gradient descent on an L-smooth convex function f over a set with diameter D returns, after k
iterations, a point x; such that f(x;) — f(x*) < O(LD?*k™'), where f(xp) — f(x*) < O(LD?).

To solve (2.1.1) as per the above accuracy criterion, it suffices to solve (2.1.2):

, where X* is an optimal solution of (2.1.1). This is not an e-multiplicative

n
minimize f(X) % ~C o X + Y (Xii - pi)*, subject to X > 0. (2.1.2)
i=1

!Since X* > 0, we have X3 < Xii, which, by the SDP constraint, is upper bounded by 1. Then, applying Holder’s
inequality gives C @ X* <}, |C;jl max; IX;].I < X IGil.
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This problem is derived from (2.1.1) by promoting the diagonal constraints to the objective and

appropriately scaling C to cL diag(1/ /p)Cdiag(1/ /p), where p € R" such that p; = Y. e[, |Cij|.
By rescaling the entries of the matrix C as C;; = nC;;/ Zi,j ICijl, we assume };ep, pi = 1. Lemma 2.1.4
gives a solution of (2.1.1) from a solution of (2.1.2).

For (2.1.1), [AKO07] have the previous best run time linear in m def nnz(C), the size of the input.
Though there exist algorithms with better dependence on ¢, their dependence on 7 is superlinear, as
we describe in Section 2.1.1. In this chapter, we operate in the regime of moderate € and large n, focusing
on first-order methods with linear dependence on m.

To solve (2.1.1), [AKO07] use the algorithm “matrix multiplicative weights (MMW) update”, which,
in this setting, can be interpreted as mirror descent in the nuclear norm?, using the negative entropy
function, ®(X) = X e log X, over the scaled simplex, D = {X : X > 0, Tr X = n}, as the mirror map.
Their iterates at iteration t are given by

p(r) o_Y ©)
W, where YV = -nVA(X"), (2.1.3)

S

—_

X® =

Il
—_

with step size n = O(¢) and gradient V(M) = diag(1np>p) — C. Computing this gradient entails only
comparing the diagonal entries of the current iterate with a fixed vector. Therefore, in each iteration,
the naive computational cost of this method is dominated by Q(n®) for the matrix exponentiation
[PC99], prohibitively expensive for a large problem dimension. [AKO7] circumvent this by
approximating the diagonal entries of the matrix exponential. Therefore, their overall cost is composed
of the following three parts: (1) mirror descent requiring O(1/¢?) iterations to converge, (2) degree
O(1/¢) Taylor approximation of the matrix exponential, each matrix-vector product costing O(m),
and (3) O(1/¢&?) random projections [JL84] to estimate the diagonal entries of the matrix exponential;

combined, these give a run time of O(m/ &%), which, [AZL17a] observe, can be sped up to O(m/ e+9)
by using Chebyshev (instead of Taylor) approximation of matrix exponentials (see [SV*14]).

Our contribution. In this chapter (published, in joint work [LP20] with Yin Tat Lee, at the

Conference on Learning Theory, 2020), we solve (2.1.1) with a run time of O(m/ 39), thus speeding
up the previous best run time for this problem. Our result (formally stated in Theorem 2.2.1) is
effected by careful technical work that incorporates into the Arora-Kale framework of mirror descent
for SDPs, variance-reduced estimators and fast products of matrix exponentials with vectors.

We use the generalized negative entropy, ®(X) = X e log(X) — Tr X, as our mirror map, and our pri-
mary high-level idea is the following: instead of exactly computing the primal iterate in each iteration, we
frequently approximate it at a low accuracy (to reduce the cost) and infrequently at a high accuracy (to “reset”
the error resulting from approximation). This idea is inspired by recent variance-reduction methods
[SSZ13c, ]Z13b, DBL]14a, HL16b, SLRB17b]. The periodic high-accuracy computations and small
bias and variance of estimators in the low-accuracy computations ensure sufficient closeness, in the
appropriate norm, of the estimated iterates to the true ones, which, by the convergence guarantee
of approximate mirror descent, leads to an e-optimal solution. Making this variance-reduction
work in the MMW setting requires several technical ideas, as follows.

We introduce the technical idea of expanding the domain of our mirror map by a polylogarithmic
factor. Due to the expanded domain and our choice of the mirror map, the gradient step of mirror
descent falls in the interior of this domain. An upshot of these modifications to the domain and mirror

. . o def wmi
2The nuclear norm of a matrix X € R"" is the sum of its singular values: || X|lnuc = Zfln(’"’") 0i(X).



map is that the primal iterate is related to the dual via simply a matrix exponential, with no trace nor-
malization of the form seen in Equation (2.1.3). Thus, the quantity for which we require an estimator
is greatly simplified. Drawing on the observation of [AK(7] that the gradient uses only the diagonal
entries of the primal iterate, we build an estimator, with a small bias and variance, for the change in di-
agonal entries of the (dual) matrix exponential. We also prove the strong convexity parameter of our
mirror map on the expanded domain by confecting classical results from convex analysis in a novel
way. Due to the ubiquity of the MMW framework in optimization, efficient algorithms for SDPs,
balanced separators, Ramanujan sparsifiers, packing/covering, and machine learning, we anticipate
that our technical contributions will be useful for problems that hinge on the MMW foundation.

Applications. When C is a graph Laplacian, (2.1.1) is the SDP relaxation of the Max-Cut problem,
as was given by Goemans and Williamson [GW95]. An NP-complete problem [Kar72], Max-
Cut has seen widespread utility in circuit design [CKC83], statistical physics [BGJR88], semi-
supervised learning [W]C13], and phase recovery [WdM15]. Another instance of (2.1.1) is max-
norm regularization [Jagl1], a convex surrogate for rank minimization [SS05] enforcing simplicity
in modeling observations [FHB04]. SDPs of the form of (2.1.1) have also found applications
in community detection [ABH15, GV16, MS16a] and as relaxations to the maximum-likelihood
estimator in the group synchronization problem [SS11, BCSZ14]. We also highlight an interesting
recent application of (2.1.1) in the area of adversarial robustness [AJRV20].

Chapter outline. After surveying related work (Section 2.1.1), we lay out required background (
Section 2.1.2). Our algorithm is in Section 2.2, our estimator and proof sketch of the main result in
Section 2.2.1, and complete mathematical details in the Appendices.

2.1.1 Related work

We describe in this section previous work on (2.1.1) using first-order methods, other than that of
[AKO7]. Of note is that most papers below solve problems more general than (2.1.1), and the run
times we mention occur when specialized to (2.1.1). For the sake of completeness of exposition,
we explain some details of these results in Section A.1. Though our focus is restricted to first-order
methods, for completeness, we mention that the interior-point method by [HRVW96] applied to

(2.1.1) costs O(n“*1/2), and the current fastest cutting plane method [LSW15] costs O(n(n® + m)).

Saddle-point formulation. Since any SDP can be instantiated as an online convex optimization
problem we apply to our setting some notable results from online convex optimization. To do so,
we first reduce (2.1.1) to a feasibility problem following the approach of [AHKO5].

The first step in this reduction requires obtaining a range of values of the optimum solution, which is
what we derive in this paragraph. Recall our assumption that }; ;|C;j| = n. The facts X* > Oand Xj; <
1 for i € [n] together imply that IX;.*],I2 < XX <1, which in turn bounds the optimum from above
as OPT = }.; j Cin;]. <X j ICZ-]-IIX;.’].I < n. We can also bound the optimum from below by choosing X
to be the zero matrix, thus bounding OPT by some variable A that satisfies the inclusion A € [0, n].

Next, we use this range to construct appropriate feasibility problems, which when solved, reduce to
solutions to (2.1.1). Let Ag = %C, bp=1A;= —eiel.T, and b; = -1 for i € [n]. Therefore, solving (2.1.1)
requires, for each guess of A (obtained via a binary search over its range), solving the feasibility
problem:

Find Z € 7, subject to A; ¢ Z —b; 2 0, foralli € {0,n}, TrZ < n. (2.1.4)



To solve (2.1.4), we leverage the technique of [GH16a], in solving the saddle point problem

m

max min i(A; e X —b;). 2.1.5
Xesgo,Trlepe]RgU,npnl:l;pl( ! ) 2.15)

Notice that the inner (minimization) problem returns the j corresponding to the smallest value of
Aje X —bj,since p is a vector in the simplex, and we can choose it to be the vector of all zeroes
with one at the j-th index. Then, if the optimum of (2.1.5) is non-negative, solving (2.1.5) up to
an additive accuracy of ¢ is equivalent to finding a solution in the spectrahedron that satisfies all
A; X — b; > 0 upto an additive error of ¢. Solving (2.1.5) using the definitions of A;, b;, and C
from the problem (2.1.4), we get a solution X that satisfies X;; = 1/n + ¢. However, note that the
requirement of (2.1.1) is X;; ~ 1 + ¢, and therefore the accuracy parameter of (2.1.5) needs to be

scaled down to ¢/n. This causes the run time of [GH16a] for (2.1.1) to be 5(m(n /€)*2).

By the same reasoning, when solving (2.1.1) to e-multiplicative accuracy, the work of [BBN13], which
uses a randomized Mirror-Prox algorithm, incurs a cost of O(n°/3), and Follow the Compressed
Leader by [AZL17a] and rank-1 sketch by [CDST19a] incur a cost of O(m(n||C||e0/ €)%?).

Thus, all the above saddle-point algorithms, when specialized to (2.1.1) with our accuracy re-
quirements, have superlinear runtimes. We emphasize that [GH16a], [AZL17a], and [CDST19a]
provide algorithms satisfying e-additive accuracy. When we translate our accuracy results to their
language, the costs are not quite comparable. For instance, [CDST19a], for e-additive accuracy

for (2.1.1), incurs a cost of O(m(n||Cl|/€)*°). Our algorithm, using this accuracy criterion, incurs a

cost of O(m(zz-,]- ICijl/ €)>). Unless we assume additional structure on the matrix C, the comparison
between these two costs is inconclusive.

Low-rank updates. When C is the graph Laplacian in (2.1.1), it is known that there exists an
e-accurate solution of rank as low as O(1/¢) [RS09, MS16b, MMMO17]. Many researchers capitalize
on this fact and perform low-rank updates, which reduces cost per iteration.

For example, [KL96] base their algorithm on the framework of [PST91] in conjunction with the

power method to achieve a run time of 5(mn /€3). As another example, [Haz08] incorporates into
the Frank-Wolfe algorithm [FW56] fast computation of an approximate minimum eigenvector

and provides an O(mnd/ 83)—algorithm. Another noteworthy result [YTF"19a] returns a rank-R

approximation to an ¢-optimal solution at a cost O(Rn/&? + n/e%). Even though, as alluded to
earlier, there exists a rank-O(1/¢) solution to the MaxCut SDP, perturbing such a solution by an
appropriately small amount gives an e-optimal solution that is in fact full rank. Indeed, per Theorem
6.2 of [YTF*19a], for any r < R, the iterate Z returned by their algorithm in iteration ¢ satisfies
limsup,_, ]EQdist*(SEt, WV,) < (1+r/(R-r—-1)) maxxey, | X — [X]/|ls, where Q is the randomness in
their algorithm, W, is the solution set, R is the rank of the iterate returned, and [X], is an r-truncated
singular value decomposition of matrix X. The existence of full-rank matrices in the solution set
W* implies a possibly large bound on the right hand side above, thereby making it inconclusive
that [YTF"19a] is faster than our achieved run time. We do conjecture, though, that exploiting the
existence of a low-rank solution is a promising approach to speed up our run time even more.

Polynomial mirror map. An attempt we had previously made to improve the run time over that of
[AKO7] was to use a “polynomial-style” mirror map inspired by that in [AZL17a], in the hopes that
we can avoid matrix exponentiation. Specifically, we considered the map ®(X) = ﬁ Tr X1+1/2%0
One reason this mirror map fails to give us the desired speed-up is that the projection step with this



map is X = (Y*)?, where Y™ is the matrix obtained by zeroing out the negative eigenvalues of Y; note
that this step is as expensive as matrix exponentiation. We believe that the exploration of alternative
mirror maps with cheaper projection steps is an interesting (and fundamental) open problem.

Variance-reduction methods. Our main idea of low-accuracy estimation interspersed with pe-
riodic high-accuracy estimates may, at first glance, seem similar to that in variance reduction
algorithms such as SVRG [JZ13b]. We wish to highlight one key difference here: in [JZ13b], the
objective is a sum of functions ¢;, each usually representing the loss incurred by the use of a training
example and label, and the algorithm employs an unbiased estimator of the gradient. In our case,
neither is (2.1.2) a sum of such functions, nor is its gradient (diag(1x-=p) — E) cheap to estimate due
to X being a matrix exponential. In view of these obstacles, we use dimension-reduction techniques
to maintain an estimator of the slow-changing diag(X). Since this quantity is not the gradient itself,
its estimator need not be unbiased, a fact we use to our benefit in reducing the cost of estimation.

2.1.2 Preliminaries

Notation. We use R" to denote the subspace of n-dimensional real vectors, 1 for the vector
of all ones, and 1;g, for the all-zero vector with one at coordinates where & is true. We use x*
to denote the non-smooth function that equals x when x > 0 and truncated to zero otherwise.
Denote by 5" the subspace of n X n symmetric matrices and by I, the n X n identity matrix. For
u € R", diag(u) is the n X n diagonal matrix with diag(u); = u;. For A,B € §", the trace inner

product is A e B def Tr(AB) = Zi,]' AjjBjj. We define [A|| = ¥;|A;i|. Given a scalar function f and
a vector u, we use f(u) to mean that entrywise, and similarly, for a symmetric matrix A with
eigendecomposition A = UAUT, f(A) = Uf(A)UT. Given A € R™" and p € R", A > p means

Aii > piforalli € [n]. For u € R", N € IN, and vectors (j id. IN(0,I,,) for k € [N], the scalar

v = RandProj(u, N) f = Zi\lz (T C)%. This definition gives us the property Ev = |[ul|2, by using

linearity of expectation. We overload the definition of RandProj by applying it to symmetric
matrices: given A € §", we use RandProj(A, N) to denote the diagonal matrix obtained by applying
RandProj to each row of A. Then the diagonal matrix B = RandProj(A, N) satisfies the property
EB = diag(A)?. We use O to denote polylogarithmic factors. The superscript * denotes optimality
for variables and Fenchel conjugate for functions.

Fact 2.1.1 ([ALO16a]). Given A >0, B € §", and a € [0, 1], the inequality Tr(BA“BAl‘“) < A e B? holds.

Fact 2.1.2 ([Wil67]). For a symmetric matrix-valued function X(t) with arqument scalar t, we have
1
L exp(X(1) = [ _, exp(aX()£X() exp((1 - 0)X(t))da.

Setup. Our underlying algorithm to solve (2.1.2) is a slight variant of lazy mirror descent (also
called Nesterov’s Dual Averaging [Nes09]), which we term approximate lazy mirror descent. To solve
min,cx f(x) using this algorithm, select a mirror map ®@ : & — R and a norm; the associated Bregman
Divergence is Do (x, v) def D(x) — D(y) — (VO(y), x — y); set x e argmin . ,®(x) and z) e v-1(0).
We repeat, in succession, the gradient update, VO(z(+D) = Vd(z")) — nV f(x®)), and the approximate
projection, finding XV satisfying [E|[x**D —x**V|| < 5, where x'*1 € argmin, . »Do(x, z¢D). This
is displayed in the appendix in Algorithm A.2.1 with its convergence guarantee in Theorem 2.1.3.

Theorem 2.1.3 (Convergence of Lazy Mirror Descent). Fix a norm || - ||. Given an a-strongly convex
mirror map ®@ : O — R and a convex, G-Lipschitz objective f : X — R, run Algorithm A.2.1 with step

d
size ) and E|jx® —xO|| < 6. Let D = sup, cxnp @ () — infyexnp @ () and x* = argminy f(x). Then,



Algorithm A.2.1, after T iterations, returns X' , satisfying

2
Ef@) - f(x) < T% + an + 6G. (2.1.6)

Lemma 2.1.4. Given C € R"" and 0 < X, let p € R" with p; = Z;l:l |Ci]-
Sii = min(Y/ v, 1/v%;) for i € [n]; X = SXS; C = diag(!/y5)Cdiag(l/ys). Then, X > 0, X; < 1 for all
i€n,andCeX-Y" (Xi—p)" <CeX.

; diagonal matrix S with

2.2 Our Approach
We present below our main result.

Theorem 2.2.1 (Main Result). Given C € R™" with m > n non-zero entries and 0 < ¢ < %, we can find, in

time O(m/ &%) and with high probability, a matrix Y € §" with O (m) non-zero entries and a diagonal matrix
— d — — —

S € R™" so that® X* :efS ~exp Y - Ssatisfies X* = 0, X}, < 1fori€[n],and Ce X" > Ce X" —¢ Zz‘,j ICijl,

where X* is an optimal solution of (2.1.1).

Our algorithm achieving this result is presented in Algorithm 2.2.1, with parameters in Table 2.1.
As a corollary, for the Max-Cut problem on a graph with n nodes and m edges, our algorithm gives

a cut thatis (1 — &)agw optimal4, in time O(m/ &%), where acw ~ 0.878567.

Algorithm 2.2.1 Our Algorithm

Input: Cost matrix C € R™", accuracy ¢
Parameters: Displayed in Table 2.1

1: Initialize f « 0, YV « 0. Set C and p from Lemma 2.1.4 and Vf(X) = diag(1x>) — C
2: for Tyyter iterations do
3: te—t+1

4: %(%Y(t)) — ChebyExp(%Y(t), TCheby, OCheby) > Defined in Corollary A.4.17

5 X0« RandProj(é{E(%Y(t)), Tj) > High-accuracy projection

6: YD — YO v F(X®) > Gradient update

7 fort; =1 — Tipner do

8: te—t+1 _

9; 0" « UpdateEstimator(X(‘~D, ¢~ ¢ n) > See Algorithm 2.2.2
10: )?;? — (4 /)?;.;_1) +1+ é;ti))z —1for j € [n] > Constant-accuracy projection
11: YD — YO _ v £(X®) > Gradient update
12: end for
13: end for

14: For ¢+ "aF (1,2,..., Touter}, return Y&) and S, where S is from Lemma 2.1 .4.

Before proceeding to the proof sketch of Theorem 2.2.1, we call attention to a technical concept
crucial to our analysis: we add to (2.1.2) the constraint Tr X < K, where K = 40n(logn)'Y. The optimal
X* remains valid under this constraint because Tr X* = n < K. We show, in Lemma 2.2.8, that

3Since X* can be dense, we represent it implicitly by only returning the matrices Y and S.
*Assuming the Unique Games Conjecture, this is the best we can hope for Max-Cut [KKMOO07].



Parameter Value Proof

Diameter D KlogK Lemma A.4.1

Strong convexity a 1/ (4K) Lemma 2.2.9
Step size n W 2 Lemma A.4.24

Inner iteration count Tipner g2 Section A.4.4

Outer iteration count Toyter % -24 X 105(10g(n Je)1 logn Lemma 2.2.8
JL projection count Tj (2% 10°) - (logn)?! - £72 Lemma A.4.24
Chebyshev approximation degree Tcpepy 1501og(n/¢) - e1/2 Lemma A.4.19
Chebyshev approximation accuracy Ocheby (¢/n)*01 Lemma A.4.19

Table 2.1: All Algorithm 2.2.1 parameters and where their values are set. K = 40n(log n)'°.

throughout our algorithm, this inequality remains inactive. Coupled with the Legendre dual of
our mirror map P(X) = X e log X — Tr X, this fact results in X = exp(Y) ( Lemma A.4.25). Since
the gradient of our objective in (2.1.2) requires computing only the diagonal entries of the primal
iterate, approximate mirror descent requires estimators only for the diagonal entries of exp(Y).

Proof Sketch of Theorem 2.2.1. We now compute the run time of Algorithm 2.2.1, thus proving
Theorem 2.2.1. In doing so, we provide intuition for the parameters in Table 2.1. This sketch
assumes that we are in iteration t and drops all superscripts.

(1) To compute exp(Y);;, we first approximate exp(Y/2) to e-accuracy using Chebyshev polynomials.
We show in Lemma A.4.18 that the spectrum of Y lies in the range [-O(1/¢), 5(1)] which allows
for Chebyshev approximation with O(1/ ve) terms, thus giving the cost of each projection to be
O(m / Ve). The upper bound of O(l) on the spectrum is critical to getting this cost, because in
case of a symmetric range of [-O(1/¢),O(1/¢)], the number of terms required would be 0(1 /€).
The O(1/ V) terms is in contrast with the O(1/¢) required for Taylor approximation. Having
approximated exp(Y/2), we then estimate each exp(Y);; with 5(1 /%) projections via the JL sketch
in the high-accuracy steps and with 5(1) randomized projections in the Tinner low-accuracy steps.

Therefore the total cost of the algorithm over Toyter iterations is roughly Touter - 1/ Ve) - (1/ €2+ Tinner)-
From this expression, the optimal choice of Tinner (up to polylogarithmic factors) is Tinper = 1/ €2,

(2) Due to the small bias and variance of our estimator, after T, inner iterations, the estimated
iterate is roughly within ¢K distance of the true iterate. Thus, the condition in Theorem 2.1.3
is satisfied, and its error bound applies at the end of our algorithm: Ef (X*) - f(X*) < D/(Tn) +
ZT]GZ /a+ 6G. Using D, G, and a from Table 2.1 and Tinner from Step 1 and bounding by ¢K, this
inequality simplifies to &2/(NTouter) + 1 < €.

(3) The step size nis chosen by studying the error generated in each estimation step versus the error
our framework can tolerate. Estimating (exp(Y + A));; from (exp Y);; via a first-order approximation
accrues an error of Tr(Aexp Y). Applying Holder’s inequality, the value of G, and the trace bound
enforced by Lemma 2.2.8 yields Tr(Aexp Y) < nK. Therefore, after Tinner iterations, the variance
of the error is Tinnerr[ZKz. Equivalently, the overall error after Tinner iterations is vTinner7K. For this
to be bounded by ¢K, we must have 1 < ¢/ VTinner. Plugging in Tinner from Step 1 gives n = &2,

(4) The value of n from Step 3 and the inequality from Step 2 give Touter = 1/¢. Plugging this value

of Touter above gives the overall algorithm cost O(m/ £39). We show the cost breakdown comparing
our algorithm to Arora-Kale in Table 2.2.



We boost our result to the high probability statement of Theorem 2.2.1 over multiple runs of the

algorithm. We sidestep the issue of storage cost of X* and cost of matrix-matrix products by
dimension reduction techniques. This finishes the proof of our error guarantee. Lemma 2.1.4

implies that X > 0 and satisfies the diagonal constraints. Table 2.2 shows the steps in our algorithm
that help us improve upon the runtime of [AK07]. m]

Table 2.2: Comparing [AK07] to our algorithm.

[AKO07] Algorithm 2.2.1

(Previous best) Low-accuracy steps +  High-accuracy steps

Number of iterations 5(8_2) 5(8_3) + 5(8_1)
Number of projections per iteration 5(3‘2) 5(1) + 5(5‘2)
Cost per projection O(me™1) 5(1718_1/ 2) + 5(m€‘1/ 2)
Total Cost O(me=5) O(me=33) + O(me=3%)

2.2.1 Ouwur Estimator

In this section, we consider the ¢;"th iteration in the inner loop of Algorithm 2.2.1; suppose this is
the t'th overall iteration. For now, we drop all superscripts and fix the notation.

Definition 2.2.2. Let A = —Vf(X), Ys = Y+5Afors € [0,1], T = 17, Sexp = 055 07, = (exp(Y);; +

1)_1/2/ 621- = %(GXP(TYs)A eXP((T - 1/2)YS) exp((l/z)ys))ii/ bli = eli(26exp + \/5(1 + 26exp)(€/n)400)/ and
by; = 150expnK.

To construct an estimator for the update from exp(Y) to exp(Y + A), we estimate the update in
v(expY);; + 1 using the Fundamental Theorem of Calculus. The motivation for this choice of
function is two-fold: (1) because of the square root, the variance of error in update is controlled by
the trace of the matrix exponential, which in turn is bounded by Lemma 2.2.8; (2) the update term
has the derivative of the function at the current term in it, and since the derivative of the square
root is the inverse square root, we need to use /exp(Y);; + 1 instead of /exp(Y);; to prevent the
update term from becoming unbounded in case exp(Y);; is too small. By chain rule, Fact 2.1.2, and
the fundamental theorem of Calculus,

1 1
((exp Ys)j; + )72 L f exp(tYs)Aexp(TY;)dr)jids .
0 =0

\/(exp(Y +A)ji+1= \/(exp(Y))jj +1+ f

def . N~
= 0, ; estimated using 61, def ) L -~
/ / = 02].; estimated using 62].

def . L=
=0 j; estimated using 6;

(2.2.1)

As indicated in Equation (2.2.1), we split the quantity to be estimated into two parts, separately

estimating each. Estimating the first part, 61]., requires first estimating exp(Y) it 1 using a JL sketch

-1/2

and then passing through the following Taylor approximation for the function g(u) = u="/, where



¢®(x) is the k’th derivative of g at x,

Z

| —

k

-¢®(xo) H(xk,j — xp), where xp, xi,; <" X. (2.2.2)
0 j=1

Inqurt()?, N) def

»
I
=

Since /6\1], must be unbiased, it is essential to do the Taylor approximation instead of simply evaluating

g(u) = u~1/2 at the estimator of exp(Ys) jj+ 1. Indeed, for a general f and a random variable x that is
an unbiased estimator of x, Ef(x) = f(IEx) does not hold, as evidenced by Jensen’s inequality; on
the other hand, the intuition for the quantity from Equation (2.2.2) to be unbiased is that each term
in the sum is a product of independent, unbiased random variables. We estimate 05, by splitting it
into carefully chosen parts and applying the JL sketch. Algorithm 2.2.2 is the complete estimator.

Algorithm 2.2.2 UpdateEstimator(Primal X, dual Y, accuracy ¢, step size 1)

1: Parameters Test].l = 222104(10g(n/ €))? and Test,,, = 1600 log(n/¢) (set in Lemma 2.2.4)
2: Sample s and 7 uniformly from [0,1]. Compute A and Y, as per Definition 2.2.2. Let

X, = RandProj(exp(Ys/2), TQStjl)‘ Sample C ~ IN(0, I,,).
3: Compute 01, = InvSqrt(Xs,, + 1, Test,,,) for j € [n].
4: Compute 0, = 2(exp((T — 3)Ys)Aexp(TY5)0), (&f)(YS/Z)C)j for j € [n].

5. Return the overall estimator, ’9\] = 51]-52;/ for j € [n]. > Coordinate-wise product

Properties of ohe estimator. The bounds on bias and variance of the estimator, as required by

Theorem 2.2.1, are stated in Lemma 2.2.3. Since 0 is constructed from 51 and 52, we first state their
properties and use them to sketch a proof of Lemma 2.2.3.

Lemma 2.2.3. The estimator O®) has the following bounds on its first and second moments.

(1) [E6; — [, [, 61,02dsdt] < b6, + by, 61, + b1,y for i € [n].
2) EI0]12 < 19600 log(1/e)Ki? + 147000K215exp-

Lemma 2.2.4. Given Test,, = 160010g(1/¢), Tesyy = 2“T%, , Z € S, and ¢ € (0,1f2), let Z2 =

estisq’

RandProj(Z, Testjl) and /9\11, ~ Inqurt((FZE)ii +1, Testisq) for i € [n]. Then,

(1) The first moment satisfies IE51,. - \/(le)ﬁ+1 < ﬁ(ziz?iof

(2) The second moment satisfies ]EI/Q\L,I2 < ﬁ1630 log(n/e).

Lemma 2.2.5. Consider Z1,Z5,Z, and A all in §". Sample C ~ N(0,1,), and define 52 € R" as
— d
B>, = (Z1AZ20); (ZO);. Define 02 2 (Z1AZ>Z)s. Then for i € [n]:

(1) The first moment satisfies 1E52i = 0y,
(2) The second moment satisfies IEI(92,.|2 <3 (Z1AZ§A21)Z,Z, (Zz)ii.



Proof sketch for Lemma 2.2.3. By construction, IES/T,CLCZH/Q\”% = 1:0 I 1:0 Y |01, PEc,|0,,Pdsdr. Plug-

ging in the second moment bounds from Lemma 2.2.4 and Lemma 2.2.5 gives

1 1
Forc, 0,003 = 48901og(n/¢) f 0 f OTr(&fa(zfys)Aéq)((zT—1)YS)A)dsdT.
s= T=

This step is made possible by the careful choice of split in 0, that enable cancellations of m
and (expYs)ii. Applying Fact 2.1.1 and the fact that expY is close to the true exp Y, the above trace
term is bounded by Tr(exp(Y + SA)AZ) (plus a small error term). Applying Holder’s Inequality,

Lemma 2.2.8, and values of n and G completes the proof. m]

To provide proof sketches of Lemma 2.2.4 and Lemma 2.2.5, we need two technical lemmas (proved
in the Appendix) about RandProj and InvSqrt, the main workhorses for our estimators.

Lemma 2.2.6. Consider a positive random variable x sampled from a distribution X with mean p and variance
o?. For some integer k > 0, construct the distribution G(X) = InvSqrt (X, k) defined in Equation (2.2.2).
Then the random variable g ~ G(X) satisfies

_ 1k
(1) [Eg—u~'? <E ('—“',)
mm(y,x)

(ot ()
(2) ]E|g|2 < kZ’;:(ll IE((XQT)]

d
Lemma 2.2.7. Given u € R" such that p Y ||u||§ # 0, and positive integers k > 1 and N > 4k + 6, the
following are true for x sampled from X = RandProj (u, N).

1 Ex=u

(2) o? dzefIE(x—y)2 =5

N
3) E[(02+(x—y)2)"] g %(ZEN/Z N 213kk2k)

min(xp )2k+1 N-17k NG

Proof sketches of Lemma 2.2.4 and Lemma 2.2.5. Consider x ~ Z%;. By Lemma 2.2.7, Ex = lel This
satisfies the bias requirement of Lemma 2.2.6, and therefore by applying Lemma 2.2.6, Jensen’s
inequality, and a slight modification of (3) in Lemma 2.2.7, we obtain the following inequalities.

Test-
—~ 1 x — (Z2);| s
E0;, - : | <E | . )
V1 +(Zi min(x + 1, (Z2); + 1) =a*2
(x = (22"

E

IA
=

min (x + 1, (Z2);; + 1)> s ™!

13Test, 2Test

isq Tes tioq isq
+

1 eTsslN‘/z 2
\ (Zz)ii + ]_ 2Testj1_17Testisq TeStleeStiSq

IA




The values of Test, . and Testjl from Algorithm 2.2.2 give the final bias bound. The second moment

bound follows similarly, and the properties of 05 follow from those of the Gaussian distribution. O

2.2.2 Technical Concepts: Domain Expansion and Strong Convexity

In this section we state and sketch the proofs of two key technical concepts: (1) the addition of
the trace constraint as described before the proof of Theorem 2.2.1, and (2) the value of the strong
convexity parameter of our mirror map over this new domain.

Lemma 2.2.8. For any iteration t of Algorithm 2.2.1, X satisfies Tr X0 < K for K = 40n(log n)'°.

Proof sketch. We assume that for any iteration ¢, the primal iterate is close to the optimal point and
satisfies |||)~((t) — X' < 38n (log n)lo. In Algorithm 2.2.1, YD =0 implies XM = I. We also know that
the optimal point satisfies Tr X* = n. Therefore, in the base case, |||)~((1) - X'l < 2n < 38n(log n)lo.
Suppose that the hypothesis is true for some t = t'. We complete the proof by first proving a weak
bound for |||§Z(t) — X"|| using the triangle inequality of norms and then boosting our bound (thereby
obtaining the stronger guarantee of the induction hypothesis) by invoking the strong convexity of
the Bregman divergence. The full proof is presented in Section A.4.6. m]

We now sketch the proof of the strong convexity parameter of our mirror map, the generalized
negative entropy function, which has also been used in [AO15] and later in Chapter 8.

Lemma 2.2.9. The function ®(X) = X e log X — Tr X is ﬁ-strongly convex with respect to the nuclear
norm over the domain D ={X: X >0,Tr X < K}.

Proof sketch. We invoke the duality between strong convexity and smoothness by [KST09], the
characterization of matrix smooth functions by [JN08], and the generalization of convexity of a
permutation-invariant function on vectors to a spectral function on matrices by [Lew95]. Our proof
requires the following definition.

Definition 2.2.10. Define the vector functions Y1(y) = Y.I_; exp yi, P2(y) = 2Klog ¢1(y) — 2K 1og(2K) +
2K, P(y) = v1(y) if Y1(y) < 2K and a(y) otherwise; W(Y) = Wi(Y) if W1(Y) < 2K and Wa(Y)
otherwise; and ¢(x) = Y., x;log x; — Y.1; x;. Define the corresponding matrix functions W1(Y) = Trexp Y,
W, (Y) = 2Klog W1 (Y) — 2K1og(2K) + 2K, and O(X) = X elog X — Tr X.

Our first step is to show that W, the matrix version of ¢, satisfies the property W*(Y) = ®(Y) over
{Y:Y >0TrY < K}. To prove this, we first prove that 1 and its matrix version, ¥, are both
continuously differentiable at the boundary of definition of their respective two parts. We then
show that ¢; and 1), are convex; combining this with the claim about continuous differentiability
implies convexity of ¢, which immediately extends to W by a result of [Lew95]. We then show
that ¢ and ¢ satisfy ¥](x) = ¢(x) for x € R}, and given an input x € {x : x; > 0, X}, x; < K}, the
point y attaining the optimum in computing ¢](x) lies in the interior of the set {y : {1(y) < 2K}.
Therefore, given an input x € {x : x; > 0,).; x; < K}, we invoke the preceeding facts to conclude
that the point at which the value of 1*(x) is attained must be the same as that for ¢(x). This implies
Yr(x) = Yi(x) forx € {x : x; > 0,Y.7, x; < K}. By a result of [Lew95], this extends to ¥* = ® on
{(X:X>0,TrX <K}

We then use [JN08] and continuous differentiability at the boundary to show that W is 4K-smooth
in the operator norm which in turn implies, by [KST09], that W* is 1/(4K)-strongly convex in the
nuclear norm, finishing the proof. Our full proof is in Section A.4.1. m]



Chapter 3

A Faster Interior Point Method for Semidefinite Programs

In Chapter 2, we saw a faster first-order algorithm for a specific SDP (the MaxCUT SDP). In this
chapter, we expand our focus to the general class of SDPs. While the MaxCUT SDP studied in
Chapter 2 is in itself quite important, general SDPs constitute a fundamental class of optimization
problems with important applications running the gamut of approximation algorithms, polynomial
optimization, robust learning, algorithmic rounding, and adversarial deep learning. We present a
faster interior point method to solve generic SDPs with variable size n X n and m constraints in time
O(Vn(mn?+m® +n®)), where w is the exponent of matrix multiplication and ¢ is the relative accuracy.
Our algorithm’s runtime can be naturally interpreted as follows: O(+/nlog(1/¢)) is our algorithm's
iteration complexity, mn? is the input size, and m® +n® is the time to invert the Hessian and slack ma-
trix in each iteration. In contrast to the algorithm in Chapter 2, which was a first-order method (with
a polynomial dependence of the runtime on accuracy), our focus in this chapter is on second-order
methods that yield runtimes with polylogarithmic dependence on the accuracy parameter. Despite
this difference, the algorithms presented in these two chapters share the principle of "robust updates".

3.1 Introduction

Semidefinite programs (SDPs) constitute a class of convex optimization problems that optimize a
linear objective over the intersection of the cone of positive semidefinite matrices with an affine space.
SDPs generalize linear programs and have a plethora of applications in operations research, control
theory, and theoretical computer science [VB96]. Applications include improved approximation
algorithms for fundamental problems (e.g., Max-Cut [GW95], coloring 3-colorable graphs [KMS94],
and sparsest cut [ARV09]), quantum complexity theory [JJUW11], robust learning and estima-
tion [CG18, CDG19, CDGW19], algorithmic discrepancy and rounding [BDG16, BG17, Ban19], and
polynomial optimization [Par00]. We formally define SDPs with n X n variables and m constraints:

Definition 3.1.1 (Semidefinite program). Given symmetric1 matrices C, A1, - ,An € R™ and b; € R
forall i € [m], solve the convex optimization problem

maximize C @ X subject to X > 0,A; @ X = b; for all i € [m] (3.1.1)
where A @ B :=} ;i A; B ; is the trace product.

High-Accuracy Algorithms. Our goal is to solve SDPs to high accuracy (i.e., with runtimes
depending logarithmically on the accuracy parameter). We discuss below two prominent methods
that achieve this goal: cutting plane methods and interior point methods.

'We can assume that C, Ay, -, A, are symmetric, since given any M € {C, A, -+, Ay}, we have Zi/j M;;X;; =
Zi'j M;i X = Zi’j(MT)inij, and therefore we can replace M with (M + M")/2.
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The cutting plane method is an iterative algorithm for searching a convex set for the optimal point. It
starts with a large convex set guaranteed to contain this point and, in each iteration, queries a separa-
tion oracle within this set. Based on the output of the separation oracle, the convex set is updated to a
smaller one containing the subset with the optimal point. This process is repeated until the volume of
this set becomes small enough and a point sufficiently close to the optimal is found. Since Khachiyan
proved [Kha80] that the ellipsoid method solves linear programs in polynomial time, cutting plane
methods have played a crucial role in both discrete and continuous optimization [GLS81a, GV02].

In contrast, interior point methods turn the original constrained optimization problem into a
sequence of unconstrained optimization problems parametrized by a scaling factor that ascribes
relative weight to optimizing the objective versus enforcing feasibility. The solutions to these
successive problems form a well-defined central path. Since Karmarkar’s proof [Kar84] that interior
point methods can solve linear programs in polynomial time, these methods have become an active
research area. Their iteration complexity is proportional to the complexity parameter of the barrier
function used, which, for many commonly used barriers is the square root of the dimension, as
opposed to the linear dependence on the dimension in cutting plane methods.

Since cutting plane methods use less structural information than interior point methods, they are
slower at solving almost all problems where interior point methods are known to apply. However,
SDPs remain one of the most fundamental optimization problems where the state of the art is, in
fact, the opposite: the current fastest cutting plane method of [LSW15] solves a general SDP in time
O(m(mn? + m? + n®)), while the fastest SDP solvers based on interior point methods in the work
of [NN92] and [Ans00] achieve runtimes of O( Vn(m?n? + mn® + m®)) and O((mn)"/*(m*n* + m3n®)),
respectively, which are slower in the most common regime of m € [n,n?] (see Table 3.2). This
apparent paradox raises the following natural question:

How fast can SDPs be solved using interior point methods?

3.1.1 Ouwur Results

We present a faster interior point method for solving SDPs. Our main result is the following
theorem, the formal version of which is presented in Theorem B.3.1.

Theorem 3.1.2 (Main result, informal). There is an interior point method that solves a general SDP with
variable size n X n and m constraints in time*> O*(\n(mn® + m® + n®)).

Our runtime can be roughly interpreted as follows:

/n is the iteration complexity of the interior point method with the log barrier function.
mn? is the input size.

m® is the cost of inverting the Hessian of the log barrier.

n® is the cost of inverting the slack matrix.

Thus, the terms in the runtime of our algorithm arise as a natural barrier to further speeding up
SDP solvers. See Section 3.2.1, Section 3.3, and Section 3.3.1 for more detail.

Table 3.1 compares our result with previous SDP solvers. The first takeaway of this table and
Theorem 3.1.2 is that our interior point method always runs faster than that in [NN92] and faster
than that in [NN94] and [Ans00] when m > n1/13. A second consequence is that whenever m > /1,

2We use O to hide n°® and log®"(n/e) factors and O to hide log®®(n/e) factors, where € is the accuracy parameter.



our interior point method is faster than the current fastest cutting plane method [LSW15]. We note
thatn < m < n? is satisfied in most SDP applications known to us, such as classic graph optimization
problems, experiment design in statistics and machine learning, and sum-of-squares problems. An
explicit comparison to previous algorithms for m = n and m = n? is shown in Table 3.2.

Table 3.1: Summary of key high-accuracy SDP algorithms. CPM stands for cutting plane method, and IPM, interior point method. We
denote by n the size of the variable matrix and by m < n? the number of constraints. Our runtimes hide n°, m°® and poly log(1/e)
factors, where € is the accuracy parameter. [Ans00] simplifies the proofs in [NN94, Section 5.5]. Neither [Ans00] nor [NN94] explicitly
analyzed their runtimes, and their runtimes shown here are our best estimates.

Year Authors Method Iteration Complexity ~Cost Per Iteration
1976 [YN76,Sho77,Kha80] CPM m? mn?® + m? + n
1988 [KTE88, NN89] CPM m mn? + m>> + n®
1989 [Vai89a] CPM m mn® + m® + n®
1992 [NN92] IPM \n m?n? + mn® + m®
1994 [NN94, Ans00] IPM (mn)1/4 m*n? + m3n®
2003 [KMO3] CPM m mn® + m® + n®
2015 [LSW15, JLSW20] CPM m mn? + m? + n®
2020 Our result IPM Vn mn? + m® + n®

Table 3.2: Total runtimes for the algorithms in Table 3.1 for SDPs when m = n and m = n2, where n is the size of matrices, and m is the
number of constraints. The runtimes shown in the table hide n°", m°M® and poly log(1/e) factors, where € is the accuracy parameter and
assume w to equal its currently best known upper bound of 2.373.

Year References Method Runtime >
m=n m=n
1979 [Sho77, YN76,Kha80] CPM n° n8
1988 [KTE8S8, NN89] CPM n*> n’
1989 [Vai89a] CPM n* 16746
1992 [NN92] IPM n*> n®>
1994 [NN94, Ans00] IPM n®> nl10-75
2003 [KMO03] CPM n* 16746
2015 [LSW15, JLSW20] CPM n* n®
2020 Our result IPM n3> pno-246

In the more general case where the SDP might not be dense, where nnz(A) is the input size (i.e., the
total number of non-zeroes in all matrices A; for i € [m] and C), our interior point method runs faster

than the current fastest cutting plane method[LSW15], which runs in time 5(771 -(nnz(A) +m? +n®)).

Theorem 3.1.3 (Comparison with Cutting Plane Method). When m > n, there is an interior point
method that solves an SDP with n X n matrices, m constraints, and nnz(A) input size, faster than the current
best cutting plane method [LSW15], over all regimes of nnz(A).

3.1.2 Related Work

Linear Programming. Linear Programming is a class of fundamental problems in convex op-
timization. There is a long list of work focused on fast algorithms for linear programming
[Dan47, Kha80, Kar84, Vai87, Vai89b, LS14, LS15, Sid15, Leel6, CLS19, Bra20, BLSS20].



Cutting Plane Method. Cutting plane method is a class of optimization methods that iteratively
refine a convex set that contains the optimal solution by querying a separation oracle. Since its
introduction in the 1950s, there has been a long line of work on obtaining fast cutting plane methods
[Sho77, YN76, Kha80, KTE88, NN89, Vai89a, AV95, BV02, LSW15].

First-Order SDP Algorithms. As the focus of this chapter, cutting plane methods and interior
point methods solve SDPs in time that depends logarithmically on 1/e, where € is the accuracy
parameter. A third class of algorithms, the first-order methods, solve SDPs at runtimes that
depend polynomially on 1/e. While having worse dependence on 1/e compared to IPM and CPM,
these first-order algorithms usually have better dependence on the dimension. There is a long
list of work on first-order methods for general SDP or special classes of SDP (e.g. Max-Cut SDP
[AKO07, GH16b, AZL17b, CDST19b, LP20, YTF*19b], positive SDPs [JY11, PT12, ALO16b, JLL*20b].)

3.2 An Overview of Our Techniques

By removing redundant constraints, we can, without loss of generality, assume m < 12 in the primal
formulation of the SDP (3.1.1). Thereafter, instead of solving the primal SDP, which has variable
size n X n, we solve its dual formulation, which has dimension m < n?:

m
minimize b' y subject to S = Z yiAi—C, and S > 0. (3.2.1)
i=1

Interior point methods solve (3.2.1) by minimizing the penalized objective function:

minimize,ern f;,(y), where f,(y) :=1-b"y + ¢(y), (3.2.2)

where 1 > 0 is a parameter and ¢ : R” — R is a barrier function that approaches infinity as y
approaches the boundary of the feasible set {y € R" : Y., y;A; = C}. These methods first obtain an
approximate minimizer of f;, for some small 77 > 0, which they then use as an initial point to minimize
fa+o)y, for some constant ¢ > 0, via the Newton method. This process repeats until the parameter
1 in (3.2.2) becomes sufficiently large, at which point the minimizer of f; is provably close to the
optimal solution of (3.2.1). The iterates y generated by this method follow a central path. Different
choices of the barrier function ¢ yield different run times in solving (3.2.2), as we next describe.

The log barrier. Nesterov and Nemirovski [NN92] used the log barrier function,

8(y) := ~logdet [Z yili — C], (3.2.3)

i=1

in (3.2.2) and, in O(+/nlog(n/e)) iterations, obtain a feasible dual solution y that satisfies by <
bTy* + €, where y* € R™ is the optimal solution for (3.2.1). Within each iteration, the costliest step is
to compute the inverse of the Hessian of the log barrier function for the Newton step. For each
(j k) € [m] x [m], the (j, k)-th entry of H is given by

Hjy = tr[S_lAjS_lAk]. (3.2.4)

The analysis of [NN92] first computes S~124 ]-S‘l/ 2 for all j € [m], which takes time O*(mn®), and
then calculates the m? trace products tr[S -1A jS‘lAk] for all (j, k) € [m]x[m], each of which takes O(n?)
time. Inverting the Hessian costs O*(m), which results in a total runtime of O*( \n(m?n?+mn® +m®)).



The volumetric barrier. Vaidya [Vai89a] introduced the volumetric barrier for a polytope {x €
R" : Ax > ¢}, where A € R™" and ¢ € R™. Nesterov and Nemirovski [NN94] studied
V(y) = ilog det(VZg(y)), where g(y) is the log barrier from Equation (3.2.3). This is the ex-
tension of the volumetric barrier to the positive semidefinite cone {y € R" : Y.\, y;A; = C}. It
was shown in [NN94] that choosing ¢(y) = Vn - V(y) in (3.2.2) makes the interior point method

converge in 5( \/mn'/4) iterations, which is smaller than the O(+/n) iteration complexity of [NN92]
when m < v/n. They also studied the combined volumetric-logarithmic barrier V,(y) = V(y) + p - g(v)
and showed that taking ¢(y) = Vin/m- V,(y) for p = (m —1)/(n — 1) yields an iteration complexity of
5((mn)1/ %). When m < n, this iteration complexity is lower than 5( \/n) of [NN92]. We refer readers
to the much simpler proofs in [Ans00] for these results.

However, the volumetric barrier (and thus the combined volumetric-logarithmic barrier) leads to
complicated expressions for the gradient and Hessian that make each iteration costly. For instance,
the Hessian of the volumetric barrier is

V2V(y) = 2Q(y) + R(y) - 2T(y),

where Q(y), R(y), and T(y) are m X m matrices such that for each (j, k) € [m] X [m],

0 = e[ (5715 45 ) ),
R(y)j = tr[AH'AT ((S74;57)& (s As ™) (3.2.5)
T(y)j = tr [AHTAT (574,571 @57 ) AR AT (S As 1) &S ).

Here, A € R is the n2 x m matrix whose ith column is obtained by flattening A; into a vector
of length 12, and ® is the symmetric Kronecker product

1
ABB:= -(A®B+B®A),

where ® is the Kronecker product (see Section B.1 for a formal definition). Due to the complicated
formulas in Equation (3.2.5), efficient computation of Newton step in each iteration of the interior
point method is difficult; in fact, each iteration runs slower than the Nesterov-Nemirovski interior
point method by a factor of m2. Since most applications of SDPs known to us have the number
of constraints m be at least linear in 7, the total runtime of interior point methods based on the
volumetric barrier and the combined volumetric-logarithmic barrier is inevitably slow.

3.2.1 Our Techniques

Given the inefficiency of implementing the volumetric and volumetric-logarithmic barriers discussed
above, this chapter uses the log barrier in Equation (3.2.3). We now describe some of our key
techniques that improve the runtime of the Nesterov-Nemirovski interior point method [NN92].

Hessian computation via fast rectangular matrix multiplication. As noted earlier, the runtime
bottleneck in [NN92] is in computing Equation (3.2.4), the Hessian of the log barrier. In [NN92],
each of these m? entries is computed separately, resulting in a per iteration cost of O(m?n?).

We show below how to speed up this computation using fast rectangular matrix multiplication.



The expression from Equation (3.2.4) can be re-written as
Hjj = tr[S712A;871/2. 57124,67172]. (3.2.6)

We first compute the key quantity S71/24;571/2 € R™" for all j € [m] by stacking all matrices
Aj € R™ into a tall matrix of size mn x n, and then compute the product of 571/2 € R with this
tall matrix. This matrix product can be computed in time T mat(n, mn, n)3 using fast rectangular
matrix multiplication. We then flatten each S7/24;571/2 into a row vector of length 12, so that the
jthrow B, = vec(S71/2A ]'S‘l/ 2, and stack all m vectors to form a matrix B of size m x n?. It follows
that the Hessian can be computed as

H=88T, (3.2.7)

which costs Tmat(m, 1%, m) by applying fast rectangular matrix multiplication. Leveraging recent
developments in this area [GU18], this approach improves upon the runtime in [NN92].

So far, we have reduced the per iteration cost of O*(m?n? + mn®) for Hessian computation down to

Tmat(n/ mn, 1’1) + 7~mat(m/ n2, m)

Low rank update on the slack matrix The fast rectangular matrix multiplication approach noted
above, however, is still not very efficient, because the Hessian must be computed from scratch in
each iteration of the interior point method. If there are T iterations in total, it then takes time

T - (Tat(n, mn, n) + Tonar(m, n*, m)).

To further improve the runtime, we need to efficiently update the Hessian for the current iteration
from the Hessian computed in the previous one. Generally, this is not possible, as the slack matrix S €
R™" in Equation (3.2.6) might change arbitrarily in the Nesterov-Nemirovski interior point method.
To overcome this problem, we propose a new interior point method, Algorithm 3.2.1, that maintains,
via Algorithm 3.2.2, an approximate slack matrix S € R™", whichisa spectral approximation of the
true slack matrix S € R™" such that S admits a low-rank update in each iteration. Where needed, we
will now use the subscript ¢ to denote a matrix in the f-th iteration.

Our algorithm updates only the directions in which gt deviates too much from S;,1; the changes
to S; for the remaining directions are not propagated to S;.1. Such a selective update ensures a

low-rank change in S; even when S; suffers from a full-rank update; it also guarantees the proximity
of the algorithm’s iterates to the central path. Specifically, for each iteration t € [T], we define the
difference matrix

which captures how far the approximate slack matrix Sy is from the true slack matrix S;. We maintain
the invariant ||Z||op < ¢ for some sufficiently small constant ¢ > 0. In the (¢ + 1)-th iteration when

St gets updated to S;41, our construction of §t+1 involves a novel approach of zeroing out some
of the largest eigenvalues of |Z;| to bound the rank of the update on the approximate slack matrix.

We prove that with this approach, the updates on S € R™" over all T = O(v/n) iterations satisfy the

3See Section B.2 for the definition.



Algorithm 3.2.1 Main Algorithm (n,m, 6,en, C, A, b)

1:
2:

3:
4:

D A

10:
11:
12:

Modify the SDP and obtain an initial dual solution y according to Lemma B.8.1

Initialize the step size 1 < 1/(n + 2), total iteration count T « g \/ﬁlog(%), and true and
approximate slack matrices Se S« Yiefm] YiAi — C.

foriter=1 — T do

Update the central path parameter 1 as follows: fnew < 1) (1 + 25_N«/E)

Compute the gradient: gy, (); < Mnew " bj — ’cr[S‘1 -A]']
Compute the Hessian: H ik(y) tr[§‘1 “A; .Gl Ak]

Update the dual variable y as follows: 6, « —H(y) ' ¢y (1) , Ynew < Y + Oy
Compute the true slack matrix: Snew < Yiefm](Ynew)iAi — C

Compute the approximate slack matrix: Spew <~ APPROXSLACKUPDATE(Spew, S)
Y < Ynew, S« Snew, S« Snew

end for

Return an approximate solution to the original SDP according to Lemma B.8.1

Algorithm 3.2.2 Approximate Slack Update(Spew, S)

—
o

11:
12:
13:

Initialize €5 « 0.01, construct Z;q < s;elv/f-'s“-s;elv/f—l, and express Zig = U-A-UT = Y1) Auu]
Let 7 : [n] — [n] be a sorting permutation such that [Az;)| > [Aris1)]
if 1)l < €5 then > S and Spew are spectrally close
Snew < S
else
re1
while [Aop| > €5 o1 [A70n| > (1 = 1/logn)|Ay x| do
re—r+1
end while
0 ifi=1,2,---,2r;
A — otherwise.
Snew — S+ SM2 U - diag(Anew — A) - UT - SM2,
end if _
return S,y

(/\new)n(i) —

following rank inequality (see Theorem B.5.1 for the formal statement).

Theorem 3.2.1 (Rank inequality, informal version). Let gl,gz, e ,§T e R™" denote the sequence
of approximate slack matrices generated in our interior point method. For each t € [T — 1], denote by

1t = rank(Sy1 — S¢) the rank of the update on S;. Then, the sequence 11,1, -+ , T satisfies

Vri < O(T).

1=

t=1



The key component to proving Theorem 3.2.1 is our novel potential function @ : R™>" — Ry

= A(2)lg
oZ) .=y 244
L

where [A(Z)|jg is the ¢-th in the list of eigenvalues of Z € R sorted in decreasing order of their
absolute values. We show an upper bound on the increase in this potential when S is updated, a
lower bound on its decrease when S is updated, and combine the two with non-negativity of the
potential to obtain Theorem 3.2.1.

Specifically, first we prove that whenever S is updated in an iteration, the potential function

increases by at most O(1) (see Lemma B.5.2). The proof of this statement crucially uses the structural
property of interior point method that slack matrices in consecutive steps are sufficiently close to
each other. Formally, for any iteration ¢ € [T], we show in Theorem B.4.1 that the consecutive slack
matrices S; and Sy satisfy

17125118, 2 = Tlle = O(L). (3.2.8)

We then combine this bound with Fact B.1.2, which relates the ¢, distance between the spectrum

of two matrices with the Frobenius norm of their difference. Next, when S is updated, we prove
that our method of zeroing out the r; largest eigenvalues of |Z;|, thereby incurring a rank-r; update

to S;, decreases the potential by at least 5( \/t) (see Lemma B.5.3).

Maintaining rectangular matrix multiplication for Hessian computation. Given the low-rank
update on S described above, we show how to efficiently update the approximate Hessian H defined as

Hjj = tr[STA;ST A (3.2.9)

for each entry (j, k) € [m] x [m]. The approximate slack matrix gbeing a spectral approximation

of the true slack matrix S implies that the approximate Hessian H is also a spectral approximation
of the true Hessian H (see Lemma B.4.3). This approximate Hessian therefore suffices for our
algorithm to approximately follow the central path.

To efficiently update the approximate Hessian Hin Equation (3.2.9), we notice that a rank-r update

on S implies a rank-r update on S™! via the Woodbury matrix identity (see Fact B.1.4). The change
in S~! can be expressed as

AS Y=V, VI -V_VT, (3.2.10)

where V., V_ € R?. Plugging Equation (3.2.10) into Equation (3.2.9), we can express AH jk as
the sum of multiple terms, among the costliest of which are those of the form tr[g‘lA ]-VVTAk],
where V € R™ is either V, or V_. We compute tr[g_lAjVVTAk] for all (j, k) € [m] X [m] in time
T mat(r, n, mn) by first computing V' Ay for all k € [m] by horizontally concatenating all A;’s into a

wide matrix of size n X mn. We then compute the product of 5712 with A;V forall j € [m], which can
be done in time T (1, n, mr), which equals T mat(n, mr, n) (see Lemma B 2.3). Finally, by flattening

each 57/ 2A;V into a vector of length nr and stacking all these vectors to form a matrix B € R™<nr
with j-th row B] = VeC(S Y 2A]V), the task of computing tr[S 1A]VVTAk] for all (j, k) € [m] x [m]



reduces to computing EE%T, which costs Tat(m, nr, m).

Putting it all together. In this way, we reduce the runtime of T - (T mat(1, mn, n) + Tmat(m, n?,m))
for computing the Hessian using fast rectangular matrix multiplication down to

T
Y Tanatlrs, 1, 11) + Tonat (1, 1171, 1) + Tomatm, e, ), (32.11)
t=1

where r; is the rank of the update on Sy Applying Theorem 3.2.1 with several properties of fast
rectangular matrix multiplication that we prove in Section B.2 , we upper bound the runtime in
(3.2.11) by

O*(Vn(mn?* + m® + n®)),

which implies Theorem 3.1.2. In Section 3.3, we discuss bottlenecks to further improving our
runtime.

3.3 Bottlenecks to Improving Our Result

In most cases, the costliest term in our runtime is the per iteration cost of mn?, which corresponds
to reading the entire input in each iteration. Our subsequent discussions therefore focus on the
steps in our algorithm that require at least mn? time per iteration.

Slack matrix computation. When y is updated in each iteration of our interior point method, we
need to compute the true slack matrix S = }';cp, ¥iAi — C. Computing S is needed to update the

approximate slack matrix S so that S remains a spectral approximation to S. As S might suffer from
full-rank changes, it naturally requires mn? time to compute in each iteration.

Gradient computation. Recall from (3.2.2) that our interior point method follows the central path
defined via the penalized objective function minimizeer= f;(y) where f,(y) := nb"y + ¢(y) for a
parameter n > 0 and ¢(y) = —logdetS. In each iteration, to perform the Newton step, the gradient
of the penalized objective is computed, for each coordinate j € [m], as

g(y)j =n-bj—tr[S7A]. (3.3.1)

Even if we are given S7}, it still requires mn? time to compute Equation (3.3.1) for all j € [m].

Approximate Hessian computation. Recall from Section 3.2.1 that updating the approximate
slack matrix S by rank r means the time needed to update the approximate Hessian is dominated

by computing the term A, = tr[g‘l/ ZAV - VTAS™Y 2], where V € R™ is a tall, skinny matrix that

comes from the spectral decomposition of AS, Computing A for all (j, k) € [m] X [m] requires

reading at least A; for all j € [m], which takes time mn?.

3.3.1 LP Techniques Unlikely to Improve the SDP Runtime

The preceding discussion suggests that reading the entire input in each iteration, which costs mn?,

stands as a natural barrier to further improving the runtime of SDP solvers based on interior point
methods. Recent results [CLS19, BLSS20] from the context of linear programs (LPs) suggest two
potential techniques to bypass this cost: (1) showing that the Hessian (projection matrix) admits
low-rank updates, and (2) speeding computation of the Hessian via sampling. We now argue that



these techniques are unlikely to improve our runtimes for SDPs and, therefore, believe that any
improvements in the runtimes of general-purpose SDPs must require completely new ideas.

Showing that the Hessian admits low-rank updates. We saw in Section 3.2.1 that constructing
an approximate slack matrix S that admits low-rank updates in each iterations leveraged the fact
that the true slack matrix S changes slowly throughout our interior point method as described in
Equation (3.2.8). One natural question that follows is whether a similar upper bound can be obtained
for the Hessian. If such a result could be proved, one could maintain an approximate Hessian that
admitted low-rank updates, which would speed up the approximate Hessian computation. Indeed,
in the context of LPs, such a bound for the Hessian can be proved (e.g., [BLSS520, Lemma 47]).

Unfortunately, it is impossible to prove such a statement for the Hessian in the context of SDPs. To
show this, it is convenient to express the Hessian using the Kronecker product (Section B.1) as

H=A"-1'eshH. A,

where A € R is the n? X m matrix whose ith column is obtained by flattening A; into a vector of
length n2. By proper scaling, we can assume without loss of generality that the current slack matrix
is S = I, and the slack matrix in the next iteration is Snew = I + AS, which satisfies ||AS||r = ¢ for
some tiny constant ¢ > 0. For the simple example of A = I (we are assuming here that m = n% so

that A is a square matrix), the change in the Hessian can be approximately computed as

IH2AHH | ~ tr (I - AS) @ (I - AS) — I ® I)’]
~tr[I®AS+AS @)
> 2-tr[ 2] - tr [(AS?] = 2nl|AS|E > 1.

This large change indicates that we are unlikely to obtain an approximation to the Hessian that
admits low-rank updates, which is a key difference between LPs and SDPs.

Sampling for faster Hessian computation. Recall from Equation (3.2.7) that the Hessian can be
computed as H = 8- 87, where the jth row of B € R™" js Bj = vec(SH2A;571/2) for all j € [m].
We might attempt to approximately compute H faster by sampling a subset of columns of 8 indexed
by L C [1?] and compute the product for only the sampled columns. Indeed, sampling techniques
have been successfully used to obtain faster LP solvers [CLS19, BLSS20].

For SDPs, however, sampling is unlikely to speed up the Hessian computation. In general, we must
sample at least m columns (i.e. |L| > m) of B to spectrally approximate H or the computed matrix
will not be full rank. However, this requires computing the entries of 571/24;571/2 that correspond
to L C [n?] for all j € [m], which requires reading all A j’s and thus still takes O(mn?) time.



Chapter 4

Decomposable Non-Smooth Convex Optimization with Nearly-
Linear Gradient Oracle Complexity

Many fundamental problems in machine learning can be formulated by the convex program

min Zn: £i(0),
=1

OeR? ;

where each f; is a convex, Lipschitz function supported on a subset of d; coordinates of 6. One
common approach to this problem, exemplified by stochastic gradient descent, involves sampling
one f; at every iteration. This approach crucially relies on a notion of uniformity across the
fi’s, formally captured by their condition number. In this chapter, we present an algorithm that
minimizes the above convex formulation to e-accuracy in 5(2?:1 d;log(1/€)) gradient computations,
with no assumptions on the condition number. The previous best algorithm independent of the
condition number is the standard cutting plane method, which requires O(ndlog(1/€)) gradient
computations. As a corollary, we improve upon the evaluation oracle complexity for decomposable
submodular minimization by Axiotis, Karczmarz, Mukherjee, Sankowski and Vladu (ICML 2021).
Our main technical contribution is an adaptive procedure to select an f; term at every iteration via
a novel combination of cutting-plane and interior-point methods.

4.1 Introduction

Many fundamental problems in machine learning are abstractly captured by the convex optimization
formulation
minimizegepe  Y.iq fi(0), (4.1.1)

where each f; is a convex, Lipschitz function. For example, in empirical risk minimization, each f;
measures the loss incurred by the i-th data point from the training set. In generalized linear models,
each f; represents a link function applied to a linear predictor evaluated at the i-th data point.

The ubiquity of (4.1.1) in the setting with smooth f;’s has spurred the development of well-known
variants of stochastic gradient methods [RM51, BC03, Zha04, Bot12] such as [RSB12, S5Z13b, ] Z13a,
MZJ13, DBLJ14b, Mail5, AZY16, HL16a, SLRB17a]; almost universally, these algorithms leverage
the “sum structure” of (4.1.1) by sampling, in each iteration, one f; with which to make progress.
These theoretical developments have in turn powered tremendous empirical success in machine
learning through widely used software packages such as 1ibSVM [CL11a].

In many practical applications, (4.1.1) appears with non-smooth f;’s, as well as the additional
structure that each f; depends only on a subset of the problem parameters 6. One notable example
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is decomposable submodular function minimization' (SFM), which has proven to be expressive
in diverse contexts such as determinantal point processes [KT10], MAP inference in computer
vision [KLT09, VKR09, FJPZ13], hypergraph cuts [VBK20], and covering functions [SK10]. Another
application is found in generalized linear models when the data is high dimensional and sparse. In
this setting, f; depends on a restricted subset of the parameters 0 that correspond to the features of
the data point with non-zero value. Last but not least, the case with each f; depending on a small
subset of the parameters is also called sparse separable optimization and has applications in sparse
SVM and matrix completion [RRWN11].

In this work, we initiate a systematic study of algorithms for (4.1.1) without the smoothness
assumption®. Motivated by the aforementioned applications, we introduce the additional structure
that each f; depends on a subset of the coordinates of 6. As is standard in the black-box model for
studying first-order convex optimization methods, we allow sub-gradient oracle access to each f;.

Problem 1. Let f1, fo,..., fu: R? - R be convex, L-Lipschitz, and possibly non-smooth functions,

where each f; depends on d; coordinates of 0, and is accessible via a (sub-)gradient oracle. Define

m Y.L, d; to be the “total effective dimension” of the problem. Let 6* & arg mingers Yy fi(6)

be a minimizer of (4.1.1), and let 6© be an initial point such that 16© — 6*|, < R. We want to
compute a vector 0 € RY satisfying

Y f(0) <cLR+ Y £(0"). (4.12)
i=1 i=1

Prior works. To motivate a new algorithm to solve Problem 1, we first study how some well-known
algorithms (presented in Table 4.1) for the related problem (4.1.1) perform on Problem 1, with de-
tailed explanations in Section 4.1.2. We focus on the weakly-polynomial regime and therefore restrict
ourselves to algorithms with polylog(1/¢€) gradient oracle complexities. Table 4.1 summarizes the
performance of all well-known algorithms applied to Problem 1. Note that the variants of gradient
descent each require bounded condition number. The results of [Nes83b, AZ17] and cutting plane
methods are all complemented by matching lower bounds [WS16, Nes04]. Additionally, the work
on non-smooth ERM crucially requires the objective function to be a sum of a smooth ERM part
and a non-smooth regularizer. There are many important problems for which the objective function
cannot be split in this way, so for these problems, the techniques developed for non-smooth ERM
do not apply. In comparison, our work can be understood as dealing with a more general ERM
problem with fewer structural assumptions.

Even with smooth f;’s, first-order methods perform poorly when the condition number is large, or
when there is a long chain of variable dependencies. These instances commonly arise in applications;
an example from signal processing is

n—-1
minimizey {(x1 —-1)% + Z(xi —xi41)? + xfl} , (4.1.3)
i=2

whose variables form an O(n)-length chain of dependencies, and has condition number x = ©(1n?)
and & = ©(n®). Gradient descent algorithms such as [Nes83b] and [AZ17] therefore require (1)

In decomposable submodular minimization, each f; corresponds to the Lovész extension of the individual submodular
function and is therefore generally non-smooth.

2A function f is said to be B-smooth if f(y) < f(x) + (Vf(x),y — x) + B/2lly — x||? for all x, y and a-strongly-convex if
fy) = fx) +(Vflx),y—x)+a/2lly - x||§ for all x, y. The condition number of f is defined to be x = /a.



Table 4.1: Gradient oracle complexities for solving (4.1.1) to e-additive accuracy. k denotes the condition number of }; f;, and ¥ is a
variant of the condition number defined to be the sum of smoothness of the f;’s divided by the strong convexity of }; f;.

Authors Algorithm Type Gradient Queries Non-smooth OK?
[C*47] Gradient Descent (GD) O(nxlog(1/e))

[Nes83b] Accelerated (Acc.) GD O(n vxlog(1/€))

[RSB12, SSZ13b, JZ13a] Stochastic (Stoch.) Variance-Reduced GD O((n + %) log(1/e))

[SSZ13a, LMH15, FGKS15, ZL.15, AB15] Acc. Stoch. Variance-Reduced GD O((n + \/rﬁ) log(x) log(1/€))

[AZ17] Acc. Stoch. Variance-Reduced GD O((n+ W) log(1/e€))

[KTE88, NN89, Vai89a, BV02, LSW15] Cutting-Plane Method (CPM) O(ndlog(1/e)) v
[LV21, DLY21] Robust Interior-Point Method (IPM) o, d?'s log(1/e€)) v

gradient queries, despite the problem’s total effective dimension being only O(n).

On the other hand, cutting-plane methods (CPM) and robust interior-point methods (IPM) both
trade off the dependency on condition number for worse dependencies on the problem dimension.

These significant gaps in the existing body of work motivate the following question:

Can we solve Problem 1 using a nearly-linear (in total effective dimension) number of
sub-gradient oracle queries?

In this chapter, we give an affirmative answer to this question.
4.1.1 Our Results

We present an algorithm to solve Problem 1 with gradient oracle complexity nearly-linear in the
total effective dimension. Our main result is the following theorem.

Theorem 4.1.1 (Main Result). Consider Problem 1 and 0© such that ||0* — 0©Q||, < R. Assuming all
the f;'s are L-Lipschitz, then there is an algorithm that outputs a vector 6 € RY such that Y, fi(0) <
Y.L fi(0%) + € - LR, using O(mlog(m/e€)) gradient oracle calls, in time poly(mlog(1/e)).

Intuitively, the number of gradient queries for each f; should be thought of as O(d;) in our algorithm,
which nearly matches that of the standard cutting-plane method for minimizing the individual
function f;. The nearly-linear dependence on m overall is obtained by leveraging the additional
structure on the f;’s and stands in stark contrast to the O(nd) query complexity of CPM, which is
significantly worse in the case where each d; < d. Furthermore, we improve over the current best
gradient descent algorithms in the case where the fi’s have a large condition number.

Based on the query complexity of the standard cutting-plane method, we have the following lower
bound matching our algorithm’s query complexity up to a log m-factor:

Theorem 4.1.2. There exist functions fi,..., f, : R? — R for which a total of Q(mlog(1/e€)) gradient
queries are required to solve Problem 1.

An immediate application of Theorem 4.1.1 is to decomposable submodular function minimization:

Theorem 4.1.3 (Decomposable SEM). Let V = {1,2,...,n}, and F : 2V = [-1,1] be given by
F(S) = Y.I.1 Fi(S N V;), where each F; : 2Vi 5 R is a submodular function on V; C V with |V;| < k. We can
find an e-additive approximate minimizer of F in O(nk? log(nk/€)) evaluation oracle calls.

Theorem 4.1.3 improves upon the evaluation oracle complexity of O(nk® log(1/€)) givenin [AKM*21]
when the dimension k of each function F; is large. For non-decomposable SEM, i.e. n = 1and |V1| =k,



the current best weakly-polynomial time SFM algorithm® finds an e-approximate minimizer in time
O(k* log(k/€)) [LSW15]. Therefore, our result in Theorem 4.1.3 can be viewed as a generalization
of the evaluation oracle complexity for non-decomposable SEM in [LSW15], and the dependence
on k in Theorem 4.1.3 might be the best possible. We defer the details of decomposable SFM to
Section C.1.

Limitations

Some limitations of our algorithm are as follows: When each f; depends on the entire d-dimensional
vector 0, as opposed to a subset of the coordinates of size d; < d, our gradient complexity simply
matches that of CPM. We would like to highlight, though, that our focus is in fact the regime d; < d.
When the f;’s are strongly-convex and smooth, our gradient complexity improves over Table 4.1 only
when « is large compared to d;. Finally, note that we consider only the gradient oracle complexity in
our work; our algorithm’s implementation requires sampling a Hessian matrix and a gradient vector
at every iteration, which incur an additional poly(m, log(1/¢)) factor in the overall running time.

4.1.2 Technical Challenges in Prior Works

We now describe the key technical challenges that barred existing algorithms from solving Problem 1
in the desired nearly-linear gradient complexity.

Gradient descent and variants. As mentioned in Section 4.1, the family of gradient descent
algorithms presented in Table 4.1 are not applicable to Problem 1 without the smoothness assumption.
When the objective in Problem 1 is smooth but has a large condition number, even the optimal
deterministic algorithm, Accelerated Gradient Descent (AGD) [Nes83b] can perform poorly. For
example, when applied to (4.1.3), AGD updates only one coordinate in each step (thereby requiring
n steps), with each step performing n gradient queries (one on each term in the problem objective),
yielding a total gradient complexity of Q(n?) [Nes83b]. For a similar reason, the fastest randomized
algorithm, Katyusha [AZ17] also incurs a gradient complexity of Q(n?) [WS16].

Cutting-plane methods (CPM). Given a convex function f with its set S of minimizers, CPM
minimizes f by maintaining a convex search set &®¥ 2 S in the k™ iteration, and iteratively shrinking
EW using the sub-gradients of f. Specifically, this is achieved by noting that for any x*) chosen from
&M, if the gradient oracle indicates Vf(x®) # 0, (i.e. x¥ ¢ S), then the convexity of f guarantees

S cHO L {y (VB y —xB)y < 0}, and hence S € H® N EX. The algorithm continues by

choosing E&D 2 &0 N H®, and different choices of XX and E® yield different rates of shrinkage
of &® until a point in S is found.

Solving Problem 1 via the current fastest CPM [LSW15] takes O(d) iterations, each invoking the
gradient oracle on every f; to compute Vf (x®y = Vv f:(x®). This results in 5(nd) gradient
queries overall, which can be quadratic in n when d = O(n) even if each f; depends on only d; = O(1)
coordinates. Similar to gradient descent and its variants, the poor performance of CPM on Problem 1
may therefore be attributed to their inability to query the right f; required to make progress.

Interior-point methods (IPM). IPM solves the convex program min,¢s(c, u) by solving a sequence

of unconstrained problems min, W;(u) & {t-{c,u) + Ps(u)} parametrized by increasing ¢, where s
is a self-concordant barrier function that enforces feasibility by becoming unbounded as it approaches
the boundary of the feasible set S. The algorithm starts at ¢+ = 0, for which an approximate

®Here, we focus on the weakly-polynomial regime, where the runtime dependence on € is log(1/€).



minimizer x} of ¢s is known, and alternates between increasing f and updating to an approximate
minimizer x}* of the new W; via Newton’s method. For a sufficiently large ¢, the minimizer x;" also
approximately optimizes the original problem min,cs(c, u) with sub-optimality gap O(v/t), where
v is the self-concordance parameter of the barrier function used.

To apply IPM to Problem 1, we may first transform (4.1.1) to min, z)ex Y.; zi, where K = {(u, z) :
(u,2;) € K, Vi € [n]} and K; = {(u;, z)) : fi(w;) < z;} is the feasible set. Using the universal barrier ¢;

for each %; [NN94], the number of iterations of IPM is O( i, d;), each requiring the computation

of the Hessian and gradient of ¢; for all i € [n], leading to a total of O(n'9) sub-gradient queries to
fi’s even when all d; = O(1). Even when leveraging the recent framework of robust IPM for linear
programs [LV21], the computation of each Hessian (by sampling the corresponding %K; [JLLV21])

yields a total sub-gradient oracle complexity of 5(2?:1 d?‘S), far from the complexity we seek.
4.1.3 Our Algorithmic Framework

We now give an overview of the techniques developed in this work to overcome the above barriers.
First, by making identical copies of coordinates shared by different f; and using the convex sets K;
to make the objective function linear, we transform (4.1.1) into a convex program over structured

convex sets:
minimize {c,x),

subjectto x; € K; C R4 Vi € [n] (4.1.4)
Ax =b.

where x is the concatenation of the vectors x, . . ., x,;, the objective vector ¢ is 1 for the last coordinate
of each x; and 0 otherwise, and Ax = b enforces that different copies of the same coordinates should
be the same. Note that the sub-gradient oracle for f; can be transformed equivalently to a separation

oracle K;. We define K def KXo x ... xK,.

Main idea: combining CPM and IPM. Recall that CPM maintains a convex set which initially
contains the feasible region and gradually shrinks around the minimizer, while IPM maintains a
point inside the feasible region that moves toward the minimizer. Our novel idea is to combine
both methods and maintain an inner convex set K, ; as well as an outer convex set Koyt i for each i € [n],
such that K ; € K € Kouti- We define Ky, and Koyt analogously to K. When Inequality 4.3.4 and
Inequality 4.3.3 are satisfied for all i € [n], we make IPM-style updates without needing to make
any oracle calls. When Inequality 4.3.3 is violated for some i € [n], we query the separation oracle at
the point x(’;‘utli defined as the centroid of Koy (c.f. Proposition 9). Based on the oracle’s response,
we iteratively either grow Ki,; (and, thus, Ki,) outward or shrink Koy ; (and, thus, Koyut) inward,
until ultimately they approximate K around the optimum point.

First benefit: large change in volume. If the point x7 , ; violates Inequality 4.3.3 for some i € [n],
we query the separation oracle to see if x} . € K or not. If xJ . € Kj, then it is used to expand
Kin,i, yielding in a large volume increase for K, ;. On the other hand, if x:ut,l. ¢ XK, the fact that it
is the centroid of Koyt results in a large volume decrease for Kout; when it is intersected with a
halfspace through xgut,l.. Thus, our algorithm witnesses a large change in volume of one of Ky, ; and
Kouti, regardless of the answer from the oracle. Just like in standard CPM, this rapid change in

volume is crucial to achieving the algorithm’s oracle complexity.

Second benefit: making a smart choice about querying f;. Since the algorithm maintains
both an inner and outer set approximating K, by checking if K, ; and Koy differ significantly



(Inequality 4.3.3 essentially performs this function), we can determine if /K; is poorly approximated,
and if so, improve the inner and outer approximations of the true feasible set. Choosing the right
Ki translates to choosing the right f; to make progress with at an iteration; thus, we address the
central weakness of the gradient descent variants in solving (4.1.1).

4.2 Notation and Preliminaries

We lay out the notation used in this chapter as well as the definitions and prior known results that we
rely on. We use lowercase boldface letters to denote (column) vectors and uppercase boldface letters
to denote matrices. We use x; to denote the i block of coordinates in the vector x (the ordering of these
blocks is not important in our setup). We use > and < to denote the Loewner ordering of matrices.

We use (x,y) to mean the Euclidean inner product x"y. A subscript x in the inner product notation
means it is induced by the Hessian of some function (which is clear from context) at x; for example,
(u, v)x = uTV2ih(x)v with  inferred from context. We define the local norm of v at x analogously:

[IVlx = (v, V2¢(x) - v). We also define the norm |||l 1 def ?:1 [Vl -

We use 1 to represent barrier functions and @ to represent potential functions, with appropriate
subscripts and superscripts to qualify them as needed.

4.2.1 Facts from Convex Analysis

In this section, we present some definitions and properties from convex analysis that are useful in
our chapter. These results are standard and may be found in, for example, [Roc70, BBV04].

Definition 2. Let f : R” — IR. Then the function f* : R" — R defined as

fiy)= sup [(xy)—f(x)]

xedom(f)

is called the Fenchel conjugate of the function f. An immediate consequence of the definition (and
by applying the appropriate convexity-preserving property) is that f* is convex, regardless of the
convexity of f. We use the superscript * on functions to denote their conjugates.

Lemma 4.2.1 (Biconjugacy [Roc70]). For a closed, convex function f, we have f = f**.

Lemma4.2.2 ([Roc70]). Foraclosed, convex differentiable function f,we havey = Vf(x) & x = Vf*(y).

Proof. This is a fact proved in standard texts in convex analysis mentioned at the start of this section;
however, we present a brief proof for completeness. By definition of the gradient and Definition 2,
we have the following equation (Fenchel-Young equality)

fO)+ fy) =& y)

if and only if y = Vf(x). Since f is a closed, convex function, we have, by Lemma 4.2.1, that f = f*.
Applying this fact to the preceding equation then gives

F @)+ =xy),
which implies x = V f*(y). m]

Lemma 4.2.3 ([Roc70]). For a strictly convex, twice-differentiable function f, we have V2 f*(V f(x)) =
(V2F()L.



Proof. From Lemma 4.2.2, we have Vf*(Vf(x)) = x. Differentiating both sides and using the chain
rule of calculus, we obtain

V2F(VF(9) - V2 f(x) = L

Since V2 f(x) > 0,we may then infer the claimed equation. m|

Definition 3 (Polar of a Set [RW09]). Given a set S C R", its polar is defined as

S {ye R": (y,x) <1, ¥x € S}.

Lemma 4.2.4 ([Roc70]). Let S € R” be a closed, compact, convex set, and let y be a point. Then
(conv {S,y})° € S8° NH, where H is the halfspace defined by H = {z € R" : (z,y) < 1}.

4.2.2 Background on Interior-Point Methods

Our work draws heavily upon geometric properties of self-concordant functions, which underpin
the rich theory of interior-point methods. We list below the formal results needed for our analysis,
and refer the reader to [NN94, Ren(1a] for a detailed exposition of this function class. We begin
with the definitions of self-concordant functions and self-concordant barriers:

Definition 4 (Self-concordance [NN94]). A function F : Q — R is a self-concordant function on a
convex set Q if for any x € Q and any h,

ID3E(x)[h, h, h]| < 2(D?*F(x)[h, h])*/?,

where DXF(x)[hy, . .., hi] denotes the k-th derivative of F at x along the directions hy, ..., hy. We say
[ is a v-self-concordant barrier if F further satisfies VF(x) T (V2F(x))"'VF(x) < v for any x € Q.

Theorem 4.2.5 (Theorem 2.3.3 from [RenOlal]). If f is a self-concordant barrier, then for all x and
y € dom(f), we have {V f(x),y — x) < v, where v is the self-concordance of f.

Theorem 4.2.6 (Theorem 2.3.4 from [RenO1a]). If f is a v-self-concordant barrier such that x,y € dom(f)
satisfy (Vf(x),y —x) > 0, then 'y € Bx(x,4v + 1).

We now state the following result from self-concordance calculus.

Theorem 4.2.7 (Theorem 3.3.1 of [Ren01a]). If f is a (strongly nondegenerate) self-concordant function,
then so is its Fenchel conjugate f*.

The following result gives a bound on the quadratic approximation of a function, with the distance
between two points measured in the local norm. The convergence of Newton’s method can be
essentially explained by this result.

Theorem 4.2.8 (Theorem 2.2.2 of [RenOla]). If f is a self-concordant function, x € dom(f), and
y € Bx(x, 1), then

lly = xIIx

B TR 2.
fG) < 09+ (Vf6),y =%+ 5lly =Xl + 35— s

where lly - xI2 2 ¢y = x, V2F(x) - (y = x)).



Finally, we need the following definitions of entropic barrier and universal barrier.

Definition 5 ([BE15, Che21]). Given a convex body K € R" and some fixed 6 € R", define

the function f(0) = log [ fx s EXP(X, Q)dx]. Then the Fenchel conjugate f* : int(K) — R is a
self-concordant barrier termed the entropic barrier. The entropic barrier is n-self-concordant.

Definition 6 ([NN94, LY21]). Given a convex body K C IR", the universal barrier of K is defined as
Y : int(K) — R by

P(x) = log vol((K — x)°)
where (K -x)° = {y € R" : y'(z — x) < 1,Vz € K} is the polar set of K with respect to x. The
universal barrier is n-self-concordant.

4.2.3 Facts from Convex Geometry

Since our analysis is contingent on the change in the volume of convex bodies when points are
added to them or when they are intersected with halfspaces, we invoke the classical result by
Griinbaum several times. We, therefore, state its relevant variants next: Theorem 4.2.9 applies
to log-concave distributions, and Corollary 8 is its specific case, since the indicator function of a
convex set is a log-concave function [BBV04].

Theorem 4.2.9 ([Grii60, BKL*20]). Let f be a log-concave distribution on R* with centroid cs. Let
H = {u eR: (u,v) > q} be a halfspace defined by a normal vector v € RY. Then, ﬁH f(z)ydz > 1 -+,
g—{cs,v)

VEy-s(viy=ep)?

d
the normal vector v and t* = max{0, t}.

where t = is the distance of the centroid to the halfspace scaled by the standard deviation along

Remark 7. A crucial special case of Theorem 4.2.9 is that cutting a convex set through its centroid
yields two parts, the smaller of which has volume at least 1/e times the original volume and the
larger of which is at most 1 — 1/e times the original total volume.

Corollary 8 ([Grii60]). Let K be a convex set with centroid u and covariance matrix X. Then, for any point
x satisfying ||x — ully-1 < 1 and a halfspace H such that x € H, we have vol(K N H) > vol(K) - (1/e — ).

Finally, we need the following facts.

Fact 4.2.10 (Volumes of standard objects). The volume of a q-dimensional Euclidean ball is given by

vol(8,(0,R)) = F(%QZ/Z)R‘?, and the volume of a g-dimensional cone = q% - volume of base - height.

4.3 Our Algorithm

We begin by reducing Problem 1 to the following slightly stronger formulation (see Theorem 4.1.1
for the detailed reduction):

minimize {c,x),
subject to x; € K; € R%*! Vi € [n] (4.3.1)
Ax =b.

where x is a concatenation of vectors x;’s, and the K;’s are disjoint convex sets. This formulation
decouples the overlapping support of the original f;’s by introducing additional variables tied



together through the linear system Ax = b. Each K; is constructed by applying a standard epigraph
trick to the function f;.

Note that we do not have a closed-form expression for K;. Instead, the subgradient oracle for f;
translates to a separation oracle for K;: on a point z; queried by the oracle, the oracle either asserts
z; € K, or returns a separating hyperplane that separates z; from %;.

At the start of our algorithm, we have the following guarantee:

Lemma 4.3.1. At the start of our algorithm, we are guaranteed the existence of the following.

d d
1. Explicit convex sets Ky, ) King X King X -+« X Kipn and Kout X Kout1 X Kout2 X -+ + X Koyt n Such that
d
K CK LK X Ky € Ko,

2. An initial Xinitial € 7(1'” such that AXipitial = b.

We show how to construct such a set K, in Section 4.5.1 and how to find such a Koyt and Xjpjtja in
Section 4.5.2.

4.3.1 Details of Our Algorithm

In this section, we explain our main algorithm (Algorithm 4.3.1).

Algorithm 4.3.1 Minimizing Decomposable Convex Function > Solving Problem 4.3.1

1: Input. €, A, b, ¢, R, v, m , n, x, Kin, Kout, and O; for each i € [n].

2: Initialization. t = :7/1ﬁl|(|)j|:;% and fenq = 6”52%, n= %, and x* , (via Equation (4.3.2))

3: while true do

4: if (¢, x) < (¢, xX )+ 47’" then > Either update t or end the algorithm
5: if t > teng then
6: return arg miny..ex, Ax=b {t(c, x)+ Y Ipm,i(xi)}. > End the algorithm
7: end if
8: t<—t-[l+%] > Update ¢
9: Update x} , and jump to Line 3 > x5 computed as as per Equation (4.3.2)
10: end if
11: for alli € [n] do
12: if (Vihini(xi), xgut,l. —Xx;) + nllxgut,i — Xjllx, > 4d; then
13: if Xgut,i € K; then > Query O;
14: Kin,i = conv(Kin i, x(’)‘ut’i) > Update Kin i
15: else
16: Kouti = Kouti N Hi, where H; = Oi(x;ut,i) > Update Kout,i
17: end if
18: Update x} ,, and jump to Line 3 > x% . computed as per Equation (4.3.2)
19: end if
20: end for .
2 Setd, E I e where fully = L7 llully,
22: X — X + Ox " > Move x towards X},

23: end while

The inputs to Algorithm 4.3.1 are: initial sets Ki, and Koyt satisfying Kin € K € Kout, an initial



point x € Ky, satisfying Ax = b, a separation oracle O; for each K;, the objective vector ¢, and scalar
parameters m, n, R, r, and €. All the parameters are set in the proof of Theorem 4.4.10.

Throughout the algorithm, we maintain a central path parameter t for IPM-inspired updates, the
current solution x, and convex sets Kin ; and Kouti satisfying Kin ;i € Ki € Kout,i for each i € [n]. To
run IPM-style updates, we choose the entropic barrier on Kyt and the universal barrier on Kin.

Given the current set Koy, the current t, and the entropic barrier oyt defined on 7?01“ def
Kout N {u : Au = b}, we define the point
X;ut d:ef arg rnAin {t(C, X> + 1l’out(x)} . (4.3.2)

xe‘Kout

Per the IPM paradigm, for the current value of ¢, this point serves as a target to “chase” when

optimizing {c, x) over the set Kou:. Although our overall goal in Problem 4.3.1 is to optimize over
K N {u: Au = b}, we do not have an explicit closed-form expression for K and therefore must use
its known proxies, Kin or Kout, which we maintain throughout the algorithm; between these two
sets, we choose Kout because Kout 2 K ensures we do not miss a potential optimal point.

Having computed the current target x} ., we move the current solution x towards it by taking a

Newton step, provided certain conditions of feasibility and minimum progress are satisfied. If
either one of these conditions is violated, we update either Ki,, Kout, or the parameter ¢.

Updating x. In order to move x towards xgut,
(¢, x) 2 (¢, x},) + O(1/1).

out

we require two conditions to hold: x;‘ut € Kn, and

The first condition implies x}; , € K, which would in turn ensure feasibility of the resulting x after
a Newton step. To formally check this condition, we check if the following inequality is satisfied
for alli € [n] and for a fixed constant 7:

(Vin,i(%i), X5y ; = Xi) + 17+ Xy — Xillx, < 4d;. (4.3.3)

The intuition is that since any point within the domain of a self-concordant barrier satisfies the

inequalities in Theorem 4.2.5 and Theorem 4.2.6, violating Inequality 4.3.3 implies that x*_ , is far

*

from K, ;, and as a result, x}

is not a good candidate to move x towards.

The second condition we impose, one of “sufficient suboptimality”, ensures significant progress in
the objective value can be made when updating x. Formally, we check if

4
(¢, x*0) + T’” < (¢, x). (4.3.4)

If the inequality holds, then there is still “room for progress” to lower the value of (¢, x) by updating
x; if the inequality is violated, it means we’ve “maxed out” on progress attainable with the current
set of parameters and we update t instead. This inequality comes from the standard theory of
interior point methods (e.g., Section .2.4.1 of [Ren0O1a]), wherein iterates z(n) along the central path
parametrized by n satisty (¢, z) < OPT +v/n, where v is the self-concordance parameter of the barrier
function. In our case, the barrier function 1oyt has a total self-concordance parameter of Y7, d; = m.

Once the two conditions hold, we move x towards x*

>, in Line 22. The update step is normalized by
the distance between x and x* , measured in the local norm, which enforces x € K (since by the def-
inition of self-concordance, the unit radius Dikin ball lies inside the domain of the self-concordance

barrier), and also helps bound certain first-order error terms (Inequality 4.4.14 in Section 4.4.3). Our



update step (Line 22) thus plays a crucial role in both the algorithm and the analysis.

The rest of this section details the procedure for when either of these conditions is violated.

Updating the inner and outer convex sets. Suppose Inequality 4.3.3 is violated for some i € [n].
Then x:utl. ¢ Kin,i, which in turn means x} , might not be in the feasible set K. To reestablish

Inequality 4.3.3 for i, we can update one of Kiy ; or Kout,; and recompute x;uti by Equation (4.3.2).

To decide which option to take, we query O; at the point x:ut’i: if the oracle indicates that x;ut,i €Ki,
then we incorporate x(’)‘ut’i into Kin ; by redefining Ki, ; = conv(Kin i, x(’)‘ut’i) to be the convex hull of
the current K, ; and x;ut/i (Line 14). If, on the other hand, x;ut,l. ¢ XK, the oracle O; will return a
halfspace H; satisfying H; 2 K;. Then we redefine Kouti = Kouti N H; (Line 16). After processing
this update of the sets, the algorithm recomputes x* , and returns to the main loop since updating

the sets does not necessarily imply that the new x} , satisfies x} , € Kin.

This update rule for the sets is exactly where our novelty lies: we do not arbitrarily update sets, rather,
we update one only after checking the very specific condition X7, i & Kin,i- Since the separation oracle is
called only in this part of the algorithm, performing this check enables us to dramatically reduce
the number of calls we make to the separation oracle, thereby improving our oracle complexity.

Further, this update rule shows that even when we cannot update the current x, we make progress
by using all the information from the oracles. Over the course of the algorithm, we gradually
expand Ki, and shrink Koy, until they well-approximate K. To formally quantify the change in
volume due to the above operations, we consider the following alternative view of x* ..

Proposition 9 (Section 3 in [BE15]; Section 3 of [Kla06]). Let O € IR", and let pg be defined as
de de
po(x) Y exp({0,x) — f(0)), where f(O) Y log UW exp((0, u))du]. Then,

Ex~po[x] = argxamni(r;() {f"(x) —(6,x)}.

By this proposition, x} , defined in Equation (4.3.2) satisfies

* def

Xout = Ex~plx], where D o exp {—t(c, x) — log [j; exp(—t{c, u))du]}, (4.3.5)

out

that is, xgut is the centroid of some exponential distribution over Koyt As a result, if x’o*utz. ¢ K, the

hyperplane cutting 7?01” through x7 , will yield a large decrease in volume of 7?Out, per Remark 7.

Therefore, the query result in a large change in volume in either K, or Ky, allowing us to
approximate K with a bounded number of iterations.

Updating t. If Inequality 4.3.4 is violated, then the current x is “as optimal as one can get” for the
current parameter t. This could mean one of two things:

The first possibility is that we have already reached an approximate optimum, which we verify
by checking whether t > O(1/e) in Line 5: If true, this indicates that we have attained our desired
suboptimality, and the algorithm terminates by returning

xet = arg  min {t -{c,x) + Z l,bin,i(xi)}-
=1

x:XEKin,Ax=b



The point x™* is feasible because it is in K, by definition, and the suboptimality of O(1/teng) = O(€)
ensures it is an approximate optimum for the original problem.

The second possibility is that we need to increase f to set the next “target suboptimality”. The value
of t is increased by a scaling factor of 1 + O(1/m) in Line 8. This scaling factor ensures, like in the
standard IPM framework, that the next optimum is not too far from the current one. In particular,
our choice of O(1/m) comes from having to choose t = O(1/v), and in our case, the self-concordance
parameter is v = Yi_; d; = m. Following the update to t, we recompute x* , by Equation (4.3.2).
Since (¢, x) > (¢, x} ;) + O(1/t) is not guaranteed with the new t and x;ut, the algorithm jumps back

to the start of the main loop.
4.4 Our Analysis

To analyze Algorithm 4.3.1, we define the following potential function that captures the changes in
Kini, Kouti, t, and x in each iteration:

() def t(c,x) +log

fA exp(—Hc, u))du] + Z Yin i(Xi), (4.4.1)
(]<0ut ie[n]

~————

universal terms

entropic terms

where log [ f(;(out exp(—t{c, u))du] is related to the entropic barrier on Koyt (see Section 4.4.1) and ¢ ;
is the universal barrier on %K. In the subsequent sections, we study the changes in each of these
potential functions along with obtaining bounds on the initial and final potentials and combine
them to bound the algorithm’s separation oracle complexity.

4.4.1 Potential Change due to the Entropic Barrier

In this section, we study the changes in the entropic terms of Equation (4.4.1) upon updating the
outer convex set Kyy as well as t. These two changes are lumped together in this section because
both updates affect the term log [ ffl?out exp(—t - {c,x)) dx], albeit in different ways: the update in Kout
affects it via Griinbaum’s Theorem; the update in t affects it via the fact that, by duality with respect

to the entropic barrier (Definition 5), log [ fx % texp((x, 6))dx] is also self-concordant. We detail

these two potential changes below.

~ d
Lemma 4.4.1 (Potential analysis for outer set). Let Koy X {x:x; € Kouti N {y : Ay = b}}, and let
® = t{c,x) + log [ fq? texp(—t(c, u))du] + Yien] Yini(xi). Let H; be the halfspace generated by the
separation oracle O; queried at x’ . . as shown in Line 16 of Algorithm 4.3.1. Then the new potential
OMew) = K¢, x) + log [ f‘]’%m:t At exp(—t{c, u))du] + Yie[n] Yin,i(Xi) is bounded from above as follows.

@) < @ + log(1 - 1/e).
Proof. The change in potential is given by

.. gy XDt - (¢,0) dx

f(;(out exp(—t - {c,x)) dx

PreW) _ d = log

We now apply Theorem 4.2.9 to the right hand side, with the function f(x) = exp(~t - (¢, x) — A(tc)),



*
out,i’

where A(0) = log [ f(]A( t exp(—(0, x))dx]. Noting that each halfspace H; passes directly through x
where x* . is the centroid of Ky with respect to f (by the definition of x* . in Equation (4.3.5)),

out out
Remark 7 applies and gives the claimed volume change. m]

To capture the change in potential due to the update in ¢, we recall the alternative perspective to the
function log [ fq? t exp(—#c, x))dx] given by Definition 5 and derive the following technical result.

Lemma 4.4.2. Consider a v-self-concordant barrier 1\ : int(K) — R over the interior of a convex set
K C RY. Define

C;P o min [t - (¢, x) + Y(x)] and x; = argmin [t - {(c,x) + (x)]. (4.4.2)
Then for 0 < h < # we have

G +th- (x,0) 2 Tl 2 G+ B (e x) = 2.

4

4
fany Cr o and xe

Proof. The first inequality holds for any function ¢ by invoking the definitions of C
from Equation (4.4.2):

c;ﬁnh) = min[{(1+h) - (x, ) + Y] < K1 +h) - (xi, €) + Pxe) = ¢+ th- (x;, ).

We now prove the second inequality of the lemma. This one specifically uses the self-concordance
of 1. Observe first, by definition,

¢ =~ (~tc). (4.4.3)

Since v is a self-concordant barrier (and hence, a self-concordant function), Theorem 4.2.7 implies
that ¢* is a self-concordant function as well. Then, by applying Theorem 4.2.8 to ¢* under the
assumption || — the||-4 < 1 yields

| - thell®,
3(1 = Il = thell—) |

U (—te — the) < P*(—tc) + (V' (—tc), —the) + %u — the|, + (4.4.4)

By applying the first-order optimality condition to the definition of x; in Equation (4.4.2), we see
that
Vi(x¢) = —te. (4.4.5)

Next, evaluating a def || = thel|¢c to check the assumption || — thel|—¢. < 1, we get
@ = IP(—te, V2P (~tc) - (~t0)) = BA(V(xy), V2P (Vih(xe) - Vip(x)
= P (V(xe), (V2Pox)) ™ - Vip(xi)

<Ky

where we used Equation (4.4.5) and Lemma 4.2.3, in the first two equations and Definition 4 and
the complexity value of i in the last step. Our range of /1 proves that a < 1, which is what we need



for Inequality 4.4.4 to hold. We continue our computation to get

1 | - thel® 1 1 1 1
|| - the|? —< | < 1Py + B2 < iy + Sy < B 44.
2|| C”_tc+3(1_”_thcll—tc) <35 v+3 e < > v+3 v < h“v (4.4.6)
Applying Lemma 4.2.2 to Equation (4.4.5) gives
Vi (—tc) = x;. (4.4.7)

Plugging Equation (4.4.7) and Inequality 4.4.6 into the first and second-order terms, respectively, of
Inequality 4.4.4 gives
P (—te — the) < P (~te) + (¢, —thc) + h*v.

Plugging in Equation (4.4.3) gives the desired inequality and completes the proof. m]

To finally compute the potential change due to ¢, we need the following result about the self-
concordance parameter of the entropic barrier. While [BE15] prove that this barrier on a setin R? is (1+
€4)d-self-concordant, the recent work of [Che21] remarkably improves this complexity to exactly d.

Theorem 4.4.3 ([Che21]). The entropic barrier on any convex body K € R is a d-self-concordant barrier.

We may now compute the potential change due to change in ¢ in Line 8.

Lemma 4.4.4. When t is updated to t - [1 + &] in Line 8 of Algorithm 4.3.1, the potential ® Equation (4.4.1)

increases to @1 gs follows:
I < @ + 1 + 17

Proof. Recall that the barrier function we use for the set 7?01& is the entropic barrier out. By
Equation (4.4.2) and the definition of conjugate, we have

_C:bom = m‘?x [<—tC, V) — l,bout(V)] = l,bgut(—tC).

Applying Definition 5, taking the conjugate on both sides of the preceding equation, and using
Lemma 4.2.1 then gives

—¢/*" =log [ fA exp(—t-{c,u)) du] : (4.4.8)
7<Dut

From Equation (4.4.1), the change in potential by changing f to t - (1 + h) for some / > 0 may be
expressed as

oew) _ @ = log [‘ﬁ exp(—t(1 + h)c, v}dv] —log [ﬁ exp(-tc, v>dv] + {th - ¢,x).
7<011t

out

By applying i = 7 and v = m (via a direct application of Theorem 4.4.3), we have h = ;- < % = %,

and so we may now apply Equation (4.4.8) and Lemma 4.4.2 in the preceding equation to obtain

the following bound.
W) _ @ < th(c,x) — th{c, x;) + h*v.

From Equation (4.3.2) and Equation (4.4.2), we see that x; for the entropic barrier satisfies the



*

equation x; = x¥,,, and applying the guarantee (¢, x) < (¢, x¥,,» + % to this inequality, we obtain

4 2
®(“ew)—®sth-7m+h2v:q+(4%) v+t

4.4.2 Potential Change due to the Universal Barrier

We now study the change in volume on growing the inner convex set Kiy ; in Line 14. As mentioned
in Section 4.3, our barrier of choice on this set is the universal barrier introduced in [NN94] (see
also [Giil97]). This barrier was constructed to demonstrate that any convex body in IR” admits an
O(n)-self-concordant barrier, and its complexity parameter was improved to exactly 7 in [LY21].

Conceptually, we choose the universal barrier for the inner set because the operation we perform
on the inner set (i.e., generating its convex hull with an external point x%,) is dual to the operation
of intersecting the outer set with the separating halfspace containing x* , (see Lemma 4.2.4), which
suggests the use of a barrier dual to the entropic barrier used on the outer set. As explained in
[BE15], for the special case of convex cones, the universal barrier is precisely one such barrier.

We now state a technical property of the universal barrier, which we use in the potential argument.

Lemma 4.4.5 ([LY21, Lemma 1], [NN94, Giil97]). Given a convex set K € R and x € K, let Pgc(x) =
log vol(K —x)° be the universal barrier defined on K with respect to x. Let i € RY be the center of gravity and
T € R4 pe the covariance matrix of the body (K —x)°, where (K —x)° = {y e R" : yT(z—x) < 1,Y¥z € K}
is the polar set of K with respect to x. Then, we have that*

Vige(x) = (d + D, Vge(x) = (@d +1)(d +2)Z + (d + Nuu".

d
Lemma 4.4.6. Given a convex set K C R and a point x € K. Let g Y log vol(K — x)° be the universal
barrier defined on K with respect to x. Let 1 < 1/4 and'y ¢ K be a point satisfying the following condition

(Vg (x),y = x) +1lly — xllx = 4d, (4.4.9)

where the local norm is with respect to Ygc(x). Construct the new set conv {K,y}. Then, the value of the
universal barrier defined on this new set with respect to x satisfies the following inequality.

Y e (X) Y Veonv{t,y}(¥) = log vol(conv {K, y} = x)° < ¢hgc(x) +log(1 - 1/e +1).

Proof. Denote y — x = v. By Lemma 4.2.4, we have that
(conv{K,y} —x)° C(K-x)°NH,

where H = {z € R" : (z,v) < 1}. Therefore, our strategy to computing the deviation of Veonvit,y) (%) =
log vol(conv {K, y} — x)° from Yy (x) is to instead compute the change in vol [(K — x)° N H] from
vol(K — x)°, for which it is immediate that one may apply an appropriate form of Griitnbaum’s
Theorem.

*The expression for Vi« (x) in [NN94] has a typo in the sign.



Let u be the center of gravity of the body (K — x)°. If u € dH, then Corollary 8 (with n = 0) gives
vol [(K —x)° N H] < vol(K —x)° - (1 —1/e),

and taking the logarithm on both sides gives the claimed bound. We now consider the case in
which u € H, and the variance matrix of the body (K — x)° is . Consider the point

zZ=U+ Lv'zm - Xv

4V
Since we are assuming p € H, it means (v, u) < 1; using this, we can check that the point z defined
above satisfies (v, z) < 1, which implies z € H. We show that z is sufficiently close to u, so that
even though p € H, the subset of (K — x)° cut out by the halfspace H is sufficiently large. By
applying Lemma 4.4.5 to express ||v|[Z as [|v|[Z = (d + 1)(d + 2)[IV|[3 + (d + 1)(v, u)*, we may compute
the following quantity.

1—Av,
Iz = pllys = @+ D@ +2)- v . (4.4.10)

4 JHIVIE + 3IVIE - (@ + 1)V, 1y

Applying the expression for gradient from Lemma 4.4.5 in Equation (4.4.9), we have
Nivilx > 4d — (d + 1)(v, w). (4.4.11)

We observe that 4d > (d + 1)(v, u) (trivially true if (v, u) < 0 and otherwise, true because d > 1 and
(v, 4y < 1). Therefore, we can square both sides to see r]2||v||2 > 16d% —8d(d + 1)(v, wy+d+1)(v, y))z.
Using the facts that ) < 1/4 and that u € H implies (v, u) < 1, we can conclude from this inequality
that %||V||2 > (d+ 1)y, y)z. Plugging this in Equation (4.4.10) gives

1—<V,[.1> 1—<V,‘Ll> 1—<V,‘Ll>
—pllg1 £ V@ +1)d+2)- <d <d- <n,
||Z P”z < ( + )( + ) A %”VHQ < ”V”x < d(l _ <V, ‘Ll>)/17 < 17

where the final step is by Equation (4.4.11). At this point, Corollary 8 applies, giving us the claimed
potential change. m]

4.4.3 Potential Change for the Update of x

In this section, we quantify the amount of progress made in Line 21 of Algorithm 4.3.1 by computing
the change in the potential @ as defined in Equation (4.4.1).

x;‘m—x ] .
-2~ gsin Line 21.
[Ixx,,—xllx1

Assume the guarantees in Inequality 4.3.3 and Inequality 4.3.4. Then the potential @ incurs the following
minimum decrease.

Lemma 4.4.7. Consider the potential ® Equation (4.4.1) and the update step Ox = 3

2

ot < T
=07y

Proof. Taking the gradient of ® with respect to x and rearranging the terms gives

n
tc = V@ — Z Vihin i(X;), (4.4.12)
i=1



where we are overloading notation in Vi)i, /(x;) to mean the d-dimensional vector equalling the
appropriate entries at the d; coordinates corresponding to x; and zero elsewhere. By applying the
expression for tc from the preceding equation, we get

" n
q)(new) - = t(C,X + 6x> + Z d)in,i(xi + (3,(’1') - t<C, X> - Z I]Din,i(xi)
1'21 l:1

= (Va®, 00+ Y [tin i + 6x) = Pin i(x0) = (Vipin (1), 65,0 - (44.13)
i=1

q%n/ i (X,‘ )

Note that in substituting Equation (4.4.12) above, we crucially use that x; are all disjoint vectors
whose coordinates completely cover those of x. The term gy, .(x;) in Equation (4.4.13) the error
due to first-order approximation of ¢i,; around x;. Since each of the i, ;(X;) is a self-concordant
function and |0« llx; < lI0xllx,1 < 1 < 1/4, Theorem 4.2.8 applies and gives

Yini(Xi + Oxi) = Yin i(Xi) = (Vihin i(X3), 0xi) < 10x,ill%.- (4.4.14)

Plugging in Inequality 4.4.14 into Equation (4.4.13), we get

n
OO — D < (Vy®, 52 + ) 16x,1%. (44.15)
i=1

We now bound the two terms on the right hand side one at a time. Using the definition of 64 (as
given in the statement of the lemma) and of V,® from Equation (4.4.12) gives

1 *
Vi@, 65) = = V., B
< ) X> 2 ”X(tut - X”x,l< X Xout X)
Ui 1 [ n
I N S e R S
2 ”xgut - X”x,l »< € Xout X> ;< ll}m/l(xl) xout,l xl>]
Ui 1 [ n
< S [{te, X5y — X) + ad: — 1l — il
2|Ix* = Xllx1 ( ¢ Xgut = X) ;‘( i 77||X0ut,l x1||xl)}
Ui 1 ) .
—2 te, X3y — X) + dm — _
2 ”x:ut = X|lx1 [< C Xout = X) m = nlIx5y X”x,l]
Ui 1 )
=3 (=7 = Xl
2 [Ix* = Xl (=7l = Xl1)
s (4.4.16)

where the third step follows from Inequality 4.3.3, the fourth step follows from )., d; = m, and
the fifth step follows from Inequality 4.3.4. To bound the second term, we note from Line 21 that

6 .. Xout,i_xi
X,i

T2 xgyxlixa

, which implies
n
Y N6l < /4. (4.4.17)
i=1

Plugging in Inequality 4.4.16 and Equation (4.4.17) into Inequality 4.4.15 finishes the proof. m]



4.4.4 Total Oracle Complexity

Before we bound the total oracle complexity of the algorithm, we first bound the total potential
change throughout the algorithm.

Lemma 4.4.8. Consider the potential function ® = t(c,x) + log [ f;( t exp(—tc, u))du] + Yiefn] Yin,i(Xi)
as defined in Equation (4.4.1) associated with Algorithm 4.3.1. LetauCD,'nit be the potential at t = t;,; of
this algorithm, and let @,y be the potential at t = t,,q. Suppose at t = t;,; in Algorithm 4.3.1, we have
Bu(x,7) € Ky with 7 = r/ poly(m) and Koyt € Bm(0, R) with R = O(+/nR). Then we have, under the
assumptions of Theorem 4.4.10, that

mR
q)init — CDgnd <O (Wl log (?)) .

Proof. For this proof, we introduce the following notation: let vola(-) denote the volume restricted
to the subspace {x : Ax = b}. We also invoke Fact 4.2.10. We now bound the change in the potential
term by term, starting with the entropic terms

t{c,x) + log [ﬁ exp(—t{c, u))du] (4.4.18)
Wout

att = tinir and a lower bound on it at t = teng. We start with bounding Equation (4.4.18) evaluated
_ _ _8

att =teng = ellcszR'

Let x = arg minxeq? t(c, x) and a = {¢,x). By optimality of X, we know that x € 8‘]?out. Denote

Ba(z,7) to be B(z, 7) restricted to the subspace {x : Ax = b}. Note that 7?Out 2 Ba(z, 7). Consider the
cone C and halfspace H defined by

C=x+{Ay:A>0,y€Balz—x,7)} andﬂd:ef{x:(c,x>3a+t1 }
end

Then, by a similarity argument, we note that C N H contains a cone with height and base

1
_ tendllcll2
radius ==L

Rl which means

vola(CNH) >

1 1 7 m—rank(A)-1
( ) : VOl(Bm—rank(A)—l (0/ 1))

m — rank(A) tend”CHZ Rtend”CHZ



Then, we have

log [‘ﬁ exp(—tend{c, u))du | + tena{c,x) > log f; exp(—tend(c, u))du] + tend min (¢, x)

xeq{out

> log f exp(—tend({c, u))du] + tond
| JCNH

+ tend™

> log f exp(—tenga — 1)du
| JCNH

=log % -vola(C NH) exp(—tenda)] + fend @t

=log —VOIA(C NH) - %]
> —(m — rank(A) — 1) - log(Rtengllcll2/7))

+ 1Og(vOl(zgm—rank(A)—l (O/ 1)))
—log(m — rank(A)) — log(tendllcll2) — 1. (4.4.19)

Next, to bound Equation (4.4.18) at t = tjni;, we may express these terms as follows.

log [ fA exp(—tinit - (¢, u))du | + finit - (¢, x) < log [VolA(7A<out)] + finit - Max (¢, X —w)

ueXout

< log(VOI(Bm—rank(A)(O/ R))) + tinit - 2R||C”2

< log(VOI(Bm—rank(A)(Or 1)))
+ (m — rank(A)) log R + O(m logm), (4.4.20)

where the second step is by 7?011:( C Kout € BZ,-EM 4,0, R) (here, the second inclusion is by assumption),
def mlogm

and the third step is by vol(8,(0, R)) = r(%;z/z)l_{q and our choice of tinj; = NN

We now compute the change in the entropic barrier } ;e[ Yin,i(x;), where
Pini(x) = log voI(KZ, (x).

Define 8,;(0, ) to be the d-dimensional Euclidean ball centred at the origin and with radius . We note
by the radius assumption of Theorem 4.4.10 that K, ; € K; € B,,(0, R) throughout the algorithm.
By the assumption made in this lemma’s statement, we have that at the start of Algorithm 4.3.1,
Kin,i 2 By, (x, 7). These give us the following bounds.

P (x;) > log(vol(85,(0, R))) and if(x;) < log(vol(B, (xi, 7).

in,i in,i

Applying the fact that vol(8,(0, 7)) « 7 and summing over all i € [1] gives

init,, \ _ ,end(y. VOI(Bdi (xi, 1/?)))
iez‘[n] [lzbinli (xz) lzbin,i (Xz)] < le;] log (Vol(Bdi(O, 1/R))

= Y dilog(R/F) = mlog(R/7). (4.4.21)

ie[n]




Combining Inequality 4.4.20, Inequality 4.4.19, and Inequality 4.4.21, we have

Dipit — Peng < mlog(mR/r) + [log(vol(Bm_rank(A) O, 1))) + (m — rank(A)) log R + O(mlog m)]

+ (m — rank(A) - 1) - log(Rtenallcll2/7) — 10g(vol(By-rank(a)-1(0, 1)))
+ log(m — rank(A)) + log(tendllcll2) + 1

< mlog(mR/er) + O(mlogm) + O((m — rank(A)) log(mR/er))

< O(mlog(mR/er)).

Lemma 4.4.9. [Total oracle complexity] Suppose the inputs K, and Koy to Algorithm 4.3.1 satisfy
Fout € Bu(0,R) with R = O(+nR) and K, 2 B(z, 7) with ¥ = r/ poly(m). Then, when Algorithm 4.3.1
terminates at t > t,,g4, it outputs a solution x that satisfies

¢'x< min c¢'x+e€-|cl]pR
x€K,Ax=b

using at most Nsgp = O (m log (’Z—f)) separation oracle calls.

Proof. Let N; be the number of times f is updated; Nj, the number of times K, is updated; Nyt the
number of times Koy is updated; Ny the number of times x is updated, and Niota the total number
of iterations of the while loop before termination of Algorithm 4.3.1. Then, combining Lemma 4.4.1,
Lemma 4.4.4, Lemma 4.4.6, and Lemma 4.4.7 gives

2
Dend < Dinit + Nout - log(1 —1/e) + Ny - (n + 172) + Nin - log(1 —1/e+n) + Nx - (—%) (4.4.22)

The initialization step of Algorithm 4.3.1 chooses 1 = 1/100, teng = elﬁ%’ and tipie = %, and we

always update t by a multiplicative factor of 1 + 4& (see Line 8); therefore, we have
N; = O(mlog(mR/(er)).

From Algorithm 4.3.1, the only times the separation oracle is invoked is when updating K, or
Kout in Line 14 and Line 16, respectively. Therefore, the total separation oracle complexity is
Nsep = Nin + Nout- Therefore, we have

Nsep = Nin + Nout < O(1) - [@init — Pend + Ni] = O(m log(mR/(er))

This gives the claimed separation oracle complexity.

We now prove the guarantee on approximation. Let Xoutput be the output of Algorithm 4.3.1 and x be
the point which entered Line 4 right before termination. Note that the termination of Algorithm 4.3.1
implies, by Line 4, that

4n+m .
< xgu ¥< min ¢ 'x+e€e-|cx-R

CTXoutput <c'x+
tend fend xeK,Ax=b

where the first step is by the second inequality in Lemma 4.5.7 (using the universal barrier) and the
last step follows by our choice of teng and the definition of x} . and Koyt 2 K. O



Theorem 4.4.10 (Main theorem of Problem 4.3.1). Given the convex program

minimize {c,X),
subject to  x; € K; € R¥*1Vi € [n],
Ax =b.

Denote K = K1 X Kz X ... X K. Assuming we have

e outer radius R: For any x; € K, we have ||xi|l» < R, and

o inner radius r: There exists a z € R? such that Az = b and B(z,r) C K,
then, for any 0 < € < 1, we can find a point x € K satisfying Ax = b and

(¢, x) < min (¢, x)+¢€-|lc|2 - R,
X €K;CRY*Vie[n],
Ax=b

in O(poly(mlog(mR/er))) time and using O(mlog(mR/(er)) gradient oracle calls, where m = Y.}, d;.

Proof. We apply Theorem 4.5.1 for each K; separately to find a solution z;. Then z = (z4,...,z,) €
R"*" satisfies B,,1,(z,7) C K with 7 = 6m—r3_5. Then, we modified convex problem as in Definition 10

with s = 216@ and obtaining the following:
minimize (¢, X)
subjectto Ax=Db, (4.4.23)
x € K LI R 5 R+
with

llclls - llells

Nm+n  ANm+n

We solve the linear system Ay = b — Az for y. Then, we construct the initial x by set x =gz,

A:[AlAl_A]/B:b/a:(C/

. 1)T

g2 2y ityiz0 g ze oy ifyi<O
L 0 otherwise. L 0 otherwise.
Then, we run Algorithm 4.3.1 on the Problem 4.4.23, with initial x set above, 11 = 3(m + n), i1 =
n+2,&= 6%%,7@1 = {xD e B(z,7), (x?,x0) e IR;’(‘)} and Kout = B0, VnR).
By our choice of teng, we have
- 8m < 48m
47 iR ~ ellelR

First, we check the condition that s > 487f.,q Vi + nR72||c||2, we note that

5 25R

_ R2 25R )
487 g N + n—||c||, < 276487 = < o6 R _ o
r €r Te

_ 1 2 3 . 1
Let Xoutpur = (xgu)t ot x(() u)tp b xgu)tput) be the output of Algorithm 4.3.1. Then, let Xpuspur = xgu)tput +



@) x&

xoutput output

as defined in Theorem 4.5.5. By Lemma 4.4.9, we have

min &' x <minc x+)/
x€Pin xeP

where y = €-||c|l2 - R. Applying (3) of Theorem 4.5.5, we have
7+1

CTxoutput < = +y+ min ¢'x< min c¢'x+€-|cl]p-R
tond xeK,Ax=b xeK,Ax=b

The last inequality follows by our choice of € and fenq, we have y < §llc|l,R and % < £llc[l2R. Plug
this € in Lemma 4.4.9, it gives the claimed oracle complexity.

O

Theorem 4.1.1 (Main Result). Consider Problem 1 and 6©) such that ||0* — 69|, < R. Assuming all
the f;'s are L-Lipschitz, then there is an algorithm that outputs a vector 6 € RY such that Y, fi(0) <
i1 fi(0*) + € - LR, using O(mlog(m/e)) gradient oracle calls, in time poly(mlog(1/e)).

Proof. First, we reformulate (4.1.1) using a change of variables and the epigraph trick. Suppose

each f; depends on d; coordinates of O given by {iy,...,i;} C [d]. Then, symbolically define
=[x (.l) (l)] € R% for each i € [n]. Since each fi is convex and supported on d; variables, its

eplgraph is convex and d; + 1 dimensional. So we may define the convex set
Wunbounded {(Xz,Zz) e ]Rd +1 f,(xz,) < LZZ‘} .

Finally, we add linear constraints of the form x]({i) = x,((j  for all 4, J-k where f; and f; both depend on
Or. We denote these by the matrix constraint Ax = b. Then, Problem 1 is equivalent to

minimize Y7, Lz
subjectto Ax=Db (4.4.24)
(x;, zi) € (Ki‘mbo“nded for each i € [n].

Since we are given 00 satisfying 16 — 6*||], < R, we define x [6(0) ., 9?3)] and 250) = ﬁ(G(O)) /L.

Then, we can restrict the search space Kpnbounded to

K = ‘Kiunbounded N {(xi,zi) € R¥1 : |Ix; — Xl(.o)llz <Rand zz(.o) —2R <z < Zﬁo) + 2R}.

It’s easy to check that %; is contained in a ball of radius 5R centered at (xz(.o),zz(.o)), and contains a

ball of radius R centered at (xgo), zl(.o)). The subgradient oracle for f; translates to a separation oracle

for K;. Then, we apply Theorem 4.4.10 to (4.4.24) with K unbounded yep]aced by K; to get the error
guarantee and oracle complexity directly. ]

Finally, we have the matching lower bound.

Theorem 4.1.2. There exist functions fi,..., f, : R? — R for which a total of Q(mlog(1/e€)) gradient
queries are required to solve Problem 1.



Proof. [Nes04] shows that for any d;, there exists f; : R% — R for which Q(d; log(1/€)) total gradient
queries are required. We define fi, ..., f, to be such functions on disjoint coordinates of 0. It follows
that Q(Y.7, dilog(1/€)) = Q(mlog(1/e)) gradient queries are required in total. m]

4.5 Initialization

4.5.1 Constructing an initial Ky ;

In this section, we discuss how to construct an initial set Ky ; to serve as an input to Algorithm 4.3.1.
In particular, we will prove the following theorem.

Theorem 4.5.1. Suppose we are given separation oracle access to a convex set K that satisfies B(z,r) C
K < B(0,R) for some z € R?. Then, Algorithm 4.5.1, in O(d log(R/r)) separation oracle calls to K, outputs

a point x such that B (x, @:l%) cK.

Algorithm 4.5.1 Inner Ball Finding

1: Wout — B(O/ R)
2: while true do

3: Let v be the center of gravity of Kout
4: Sample u from B(v, r/(6d)) uniformly
5: if u € K then
6: LetS:{vi#ei:ie[d]}
7: if S C K then
8: return the inscribed ball of conv(S)
9: end if
10: end if

11: Let Kout «— Kout N H where H = O(u)
12: end while

Before we prove the preceding theorem, we need the following facts about the self-concordant
barrier and convex sets.

Theorem 4.5.2 ([Nes04, Theorem 4.2.6]). Let ¢ : int(K) — R be a v-self-concordant barrier with the
minimizer xz. Then, for any x € int(K) we have:

||x$ — Xl < V42
lf”’
On the other hand, for any x € R? such that ||x — xl’;llxu*/ <1, we have x € int(K).

Theorem 4.5.3 ([KLS95b, Theorem 4.1]). Let K C RY be a convex set with center of gravity u and
covariance matrix X.. Then,

x:lx=pllg1 £ V@ +2)/d} SK C{x:|Ix—pllga < d(d + 2)}.

Theorem 4.5.4 ([BGVV14, Section 1.4.2]). Let K be a convex set with K C B(u, R) for some R. Let
K_s = {x: B(x,06) C K}. Then, we have

volK_s > volK — (1 - (1 - %)d) - volB(u, R)



Proof of Theorem 4.5.1. We note that by the description of the Algorithm 4.5.1, the returned ball is
the inscribed ball of conv(S) and we have v € 7( for each v € S. Then, we must have conv(S) cK.
We note that conv(S) is a ¢1 ball with ¢, radius d3 , then the inscribed ball has ¢, radius d3 =.

First, we prove the sample complexity of the algorithm above. We use K; to denote the Ky at
the t-th iteration. We first observe that throughout the algorithm, %X; is obtained by intersection of
halfspaces and B(0, R). This implies

B(z,r) CKCK, Vi

Since K; contains a ball of radius r, let A; be the covariance matrix of ;. By Theorem 5.3.7, we have

72

At > m[

Let H; be the halfspace returned by the oracle at iteration . We note that u is sampled uniform
from B(v, r/(6d)), so we have

VAd+2) o«

V-ulg1 £ —— —
| lla p =

QJI)—\

Apply the inequality above to Corollary 8, we have
vol(%;) < (1 - 1/e + 1/3)'vol(Kp) < (1 - 1/30)'vol(B(0, R)).

Then, since B(z,r) C K; for all the ¢, this implies the algorithm at most takes O(d log(R/r)) many
iterations.

Now, we consider the number of oracle calls within each iterations. There are three possible cases
to consider:

1. u € K_s with 6 = z5 (see the definition of K_; in Theorem 4.5.4). In this case, we have S ¢ K
and this is the last iteration. We can pay this O(d) oracle calls for the last iteration.

2. u€ 7(\7(_5.
Since u is uniformly sampled from B(v, r/(6d)), Theorem 4.5.4 shows that u € K\K_s; with
probability at most
1-(1- 1<
0= s

Hence, this case only happens with probability only at most 1/d. Since the cost of checking
S € K takes O(d) oracle calls. The expected calls for this case is only O(1).

3. u ¢ K. The costis just 1 call.

Combining all the cases, the expected calls is O(1) per iteration.

4.5.2 Initial point reduction

In this section, we will show how to obtain an initial feasible point for the algorithm.



Definition 10. Given a convex program min,_p, \cxcrd €' X and some s > 0, we define ¢; = ¢, 2 =

3= S”\C/uz ‘land P = xV e K, (x@,x®)) € IR;% : A(xD 4+ x@ — x@)) = b}. We then define the modified
convex program by
min clTx(l) + c2T x@ + c3T x).
(x(l),x(z),x(3))ep
We denote (c1, c2, ¢3) by c.

Theorem 4.5.5. Given a convex program miny,_y, .cgcgre € X with outer radius R and some convex
set K, with Ky, C K and inner radius r. For any modified convex program as in Definition 10 with

s>48vtVd-R. licll2R. For an arbitrary t € Rso, we define the function
r Yy
A, XD, xO) = (cTx + I x? + eIx) + . (D, x®, x3)
where g, is some v self-concordant barrier for the set
Pin = (XU € K, (x@,x¥) e R : A +x? - x¥) = b}

Given Xt (xgl)' t ’Xt ) = arg mm(x 1 x@ x@)ep,, fH(X M, x®,x®), we denote xi, = X( )+ X(z) 53).

Suppose Mingep, €'X < Mingep & X+, we have the followmg

1. AXin = b,
2. Xin € 7(in/

3. ¢"xjy < Minyeg ax=p €' X + = V+1 +

V.

First, we show that X; M)

lemmas.

is not too close to the boundary. Before we proceed, we need the following

Lemma 4.5.6 (Theorem 4.2.5 [Nes04]). Let ¢ be a v-self-concordant barrier. Then, for any x € dom(i)
and y € dom(y) such that

W', y-x 20,

we have
lly = Xllx < v+2+v.

Lemma 4.5.7 (Theorem 2 of [ZLY22]). Given a convex set > Q with a v-self-concordant barrier g and
inner radius r. Let x; = argminy ¢ - ¢' x + Yq(x). Then, for any t > 0,

2t 4y + 4] Tt

Consider the optimization problem restricted in the subspace {(xM,x@ xO) : AxD +x@ —xO)) = b},
as a direct corollary of theorem above we have the following:

Corollary 11. Let X; be as the same as defined in Theorem 4.5.5. For t > -, we have dzst(x(l) (1)) 1

= 1lell” 2ilcll2*

Now, we are ready to show dist(xgl), d%n) is not too small.

5The original theorem is stated only for polytopes, but their proof works for general convex sets.



Theorem 4.5.8. Let X; be the same as defined in Theorem 4.5.5. For t > & e have dist(xgl), Kin) =

= 1llell2”
_r
T2vilcLR

Proof. We consider the domain restricted in the subspace { (xD,x@ x@)): AxD + x@ — xO) = b}.
By the optimality of X; and Lemma 4.5.6, we have

1
Ky € {x: ||X—X§ )||x51> <v+24),

where H = {x: CT(Xgl) —x) > 0} and Ky Crarn Kin-

Recall that K, contains a ball of radius r, we denote it by B. We note that conv(xg), B) is a union

of a ball and a convex cone C with diameter at most 2R. We observe that the set conv(xg), BynH
. . . . 1) 1

contains a ball of radius at least m since dist(xy, , dH) > el -

We note that

conv(xg),B) NHCKin C {x:|Ix— X§1)||x(1) <v+2},
t

this implies {x : [|x — xil)llxil) < v + 24V} contains a ball of radius at least m, and then by

)
Theorem 452, we have B(Xt , m) - (](in' O

Lemma 4.5.9. Let (xgl), xgz), xEB)) € R3 be the same as defined in Theorem 4.5.5. If t > TR, then we have
2 3
I = xllp < 2R,

Proof. Let x} = arg minyex, ax=bc' X and Xy = argminyep, ¢ X. Since x* € B(0,R), we have
¢"x* < [lc[2R. Note that (x,0,0) € Pi,, this means we have X < ¢"x* < |lc[l2R. Combining this
with the second inequality in Lemma 4.5.7, we get

—T— —T— v v
<X < chi’; + n <lc|R + n < 2|lcll2R.

We further note that

Ix? <Tx < 2l|c|IR.
This shows
max( Ik, [0} < 2R 2VdR
llcll2s s
Hence, we have the claimed bound. O

Now, we are ready to prove Theorem 4.5.5.

Proof of Theorem 4.5.5. We note that x;, satisfies (1), directly follows by definition of . By assump-
tion, we have s > 48vt Vd - 17{ “|lell2R; using this in Lemma 4.5.9, we have ||x§2) - X§3)|Iz < TmiaR- This
)
t

means Xj, = X

2 _ B i : 1) . r Ty i
+x,7 = %7 € Ky since dist(x;’, 0Kin) = ToildLR- Now, we show c¢'x;, is close to

c'x*.

Let x* = arg minyex ax=p €' x and Xt = arg minyep X By Lemma 4.5.7, we have

—T= V _ _T—x _ —T—x% Tox
cxt—?Sc Xpn <o x +y<cx +y.



This implies
¢V <R <X+ % +7.
We have
¢ Xy = CT(XED + x§2) - x§3)) <c'x*+ ; + §||C||2R <c'x* 4+ 1%1 +y.



Chapter 5

A Gradient Sampling Algorithm for Lipschitz Functions in
High and Low Dimensions

Zhang et al. introduced a novel modification of Goldstein’s classical subgradient method, with
an efficiency guarantee of O(¢~#) for minimizing Lipschitz functions. Their work, however, makes
use of a nonstandard subgradient oracle model and requires the function to be directionally
differentiable. In this chapter, we show that both of these assumptions can be dropped by simply
adding a small random perturbation in each step of their algorithm. The resulting method works on
any Lipschitz function whose value and gradient can be evaluated at points of differentiability. We
additionally present a new cutting plane algorithm that achieves better efficiency in low dimensions:
O(de™3) for Lipschitz functions and O(de~2) for those that are weakly convex.

5.1 Introduction

The subgradient method [SKR85] is a classical procedure for minimizing a nonsmooth Lipschitz
function f on RY. Starting from an initial iterate xo, the method computes

Xt41 = Xt — (40 where U € <9f(xt) (511)

Here, the positive sequence {a:}s>0 is user-specified, and the set df is the Clarke subdifferential [C1a90,
RW09],

If(x) = conv {hm V() : xi — x, x € dom(V f)}.

In classical circumstances, the subdifferential reduces to familiar objects: for example, when f is
Cl-smooth at x, the subdifferential df(x) comprises of only the gradient Vf(x), while for convex
functions, it reduces to the subdifferential in the sense of convex analysis.

The limit points ¥ of the subgradient method are known to be first-order critical, meaning 0 € Jf(X),
for functions f that are weakly convex — a broad class of functions first introduced in English
in [Nur73]: a function f is p-weakly convex if the quadratically perturbed function x - f(x) + &|lx]|?
is convex. In particular, convex and smooth functions are weakly convex [DD19]. Going beyond
asymptotic guarantees, finite-time complexity estimates are known for smooth, convex, or weakly
convex problems [GL13, RHS*16, JGN"17, AZ18, CDHS18, DDMP18, FLLZ18, ZXG18].

Modern machine learning, however, has witnessed the emergence of problems far beyond the
weakly convex problem class. Indeed, tremendous empirical success has been recently powered by
industry-backed solvers, such as Google’s TensorFlow and Facebook’s PyTorch, which routinely
train nonsmooth nonconvex deep networks via (stochastic) subgradient methods. Despite a vast
body of work on the asymptotic convergence of subgradient methods for nonsmooth nonconvex

61



problems [BHS05, Kiw07, MMM18, DDKL20, BP21], no finite-time nonasymptotic convergence
rates were known outside the weakly convex setting until recently, with Zhang, Lin, Jegelka, Sra,
and Jadbabaie [ZLS]20] making a big leap forward towards this goal.

In particular, restricting themselves to the class of Lipschitz and directionally differentiable functions,
[Z1.S]20] developed an efficient algorithm motivated by Goldstein’s conceptual subgradient method
[Gol77]. Moreover, this was recently complemented by [KS21] with lower bounds for finding
near-approximate-stationary points for nonconvex nonsmooth functions.

While a significant breakthrough in both result and technique, one limitation of [ZLS]20] is that
their complexity guarantees and algorithm use a nonstandard first-order oracle whose validity
is unclear in examples. To elaborate, their algorithm requires the following oracle access: given
x,u € R? solve the auxiliary convex feasibility problem:

find g € df(x) subject to (g, u) = f'(x, u). (5.1.2)

The first issue with this oracle is that no general recipe exists for representing the full subdifferential
df(x) analytically, and evaluating even an arbitrary element of the subdifferential can be highly
non-trivial [BLO02, KB13]. Moreover, df(x) could be a very complicated set, e.g., for a deep ReLU
neural network, the subdifferential is a polyhedron with a potentially huge number of facets,
making the complexity of (5.1.2) unclear.

Further, [ZLS]20] claim that for a composition of directionally differentiable functions with a
closed-form directional derivative for each function, we can find the desired g by the chain rule.
While the chain rule does compute the directional derivative f’(x, 1), to the best of our knowledge,
this does not translate to solving (5.1.2). This is owing to the crucial fact that the chain rule (and
sum rule) can easily fail for the computation of the subdifferential' (although these are indeed valid
for the directional derivative of a composition of directionally differentiable functions). We believe
that this could potentially render the oracle of [ZLS]20] computationally intractable.

Finally, we are unaware of other optimization algorithms imposing this oracle model. Therefore, at
face value, the convergence guarantees of [ZLS]20] are not comparable to those of others.

5.1.1 Our Results

Weakly convex optimization via a standard oracle. Our first contribution is to recover the
complexity result of [ZLS]20] under a much weaker assumption: specifically, we replace the non-
standard assumption in (5.1.2) with a standard first-order oracle model. We show (Section 5.2) that a simple,
yet critical, modification of the algorithm of [ZLS]20], wherein one simply adds a small random
perturbation in each iteration, works for any Lipschitz function assuming only an oracle that can
compute gradients and function values at almost every point of R in the sense of Lebesgue measure.
In particular, such oracles arise from automatic differentiation schemes routinely used in deep
learning [BP20, BP21]. Our end result is a randomized algorithm for minimizing any L-Lipschitz

function that outputs a (6, €)-stationary point (Definition 5.2.1) after using at most 0 (éTL; log(1/ 7/)) 2
gradient and function evaluations. Here A is the initial function gap and y is the failure probability.

'We provide a simple example to demonstrate this claim: Consider the function f(x,y) = fi(x,y) + f2(x,y) with
filx,y) = x| and fo(x,y) = —[|x|. Choose the direction u = (0,1), and let z = (0,0). Then, f/(z,u) = f,(z,u) = 0, and
df1(z) = df>2(z) = [-1, 1] X 0. Therefore, to satisfy the oracle (5.1.2), for f;, we may choose the subgradient v; = (-1, 0), and
for f,, we may choose the subgradient v, = (-1, 0) since (vq,u) = 0 = (v,, u). However, v; + v, = (-2,0), which is not a
subgradient of f = 0 at z.

2Throughout the chapter, we use O( - ) to hide poly-logarithmic factors in L, 6, A, and €.



In light of the above modifications, our algorithm is implementable in the many important settings
like deep neural networks that [ZLS]20] is not. Along the way, we also simplify their proof
techniques by providing a geometric viewpoint of the algorithm.

We would like to highlight the concurrent work of Tian, Zhou, and So [TZ522], which obtains this
part of our result with a very similar technique. Additionally, we mention that such perturbation
techniques have been widely used in the convex optimization literature, e.g., [Ber73, FKMO04,
DBW12].

Improved complexity in low dimensions. Having obtained the result of [Z1.5]20] within the
standard first-order oracle model, we then proceed to investigate the following question.

Can we improve the efficiency of the algorithm in low dimensions?

In addition to being natural from the viewpoint of complexity theory, this question is well-grounded
in applications. For instance, numerous problems in control theory involve minimization of highly
irregular functions of a small number of variables. We refer the reader to the survey [BCL*20, Section
6] for an extensive list of examples, including Chebyshev approximation by exponential sums,
spectral and pseudospectral abscissa minimization, maximization of the “distance to instability”,
and fixed-order controller design by static output feedback. We note that for many of these problems,
the gradient sampling method of [BCL*20] is often used. Despite its ubiquity in applications, the
gradient sampling method does not have finite-time efficiency guarantees. The algorithms we
present here offer an alternative approach with a complete complexity theory.

The second contribution of this chapter is an affirmative answer to the highlighted question. We present
ALd
€25
off the factor Le~! with d. Further, if the function is p-weakly convex, the complexity improves to

a novel algorithm that uses (~)( log(1/ )/)) calls to our (weaker) oracle. Thus we are able to trade

0 (é—g log(p)), which matches the complexity in 6 = € of gradient descent for smooth minimization.
Strikingly, the dependence on the weak convexity constant p is only logarithmic.

To put this contribution in perspective, assume for now 6 = e: then, our algorithm’s dependence
on € in the case of Lipschitz, weakly convex functions is likely optimal in low dimensions,
following a conjecture by Bubeck and Mikulincer [BM20] on the optimality of gradient descent for
smooth optimization in dimension d = log(%) (thus matching the lower bound by Carmon, Duchi,
Hinder, and Sidford [CDHS20]). Aside from possible optimality, the logarithmic dependence on
smoothness/weak convexity exhibited by our iteration complexity is a significant improvement
over the prior result of either O(1/e*) by [ZLS]20] or Nemirovski and Yudin’s rate of O(1/ €2) with
a polynomial dependence on smoothness. In the process, we also show that the minimal-norm
element of the Goldstein-subdifferential in low dimensions can be found in time O(log(1/¢)), thus
settling a question open since the 70s.

Techniques. The main idea for our improved dependence on € in low dimensions is outlined next.
The algorithm of [ZLS]20] comprises of an outer loop with O (%) iterations, each performing either a
decrease in the function value or an ingenious random sampling step to update the descent direction.
Our observation, central to improving the ¢ dependence, is that the violation of the descent condition
can be transformed into a gradient oracle for the problem of finding a minimal norm element of
the Goldstein subdifferential. This gradient oracle may then be used within a cutting plane method,
which achieves better ¢ dependence at the price of a dimension factor (Section 5.3).

Limitations. One limitation of our work is that our second contribution does not immediately
extend to the stochastic setting. We consider this to be an interesting open problem to resolve.



Notation. Throughout, we let R? denote a d-dimensional Euclidean space equipped with a dot
product (-, -) and the Euclidean norm ||x|l, = V(x, x). The symbol B,(x) denotes an open Euclidean
ball of radius 7 > 0 around a point x. Throughout, we fix a function f: R? — R that is L-Lipschitz,
and let dom(V f) denote the set of points where f is differentiable—a full Lebesgue measure set by

Rademacher’s theorem. The symbol f’(x, u) def lim, o 77(f(x + Tu) — f(x)) denotes the directional
derivative of f at x in direction u, whenever the limit exists.

5.2 Interpolated Normalized Gradient Descent (INGD)

In this section, we describe the results in [ZL.5]20] and our modified subgradient method that
achieves finite-time guarantees in obtaining (5, €)-stationarity for an L-Lipschitz function f : R — R.
The main construction we use is the Goldstein subdifferential [Gol77].

Definition 5.2.1 (Goldstein subdifferential). Consider a locally Lipschitz function f: R? — R, a point
x € R, and a parameter 5 > 0. The Goldstein subdifferential of f at x is the set

def
dsf(x) = conv( U 8f(y)).
yE]Bg,(X)
A point x is called (6, €)-stationary if dist(0, ds f (x)) < €.
Thus, the Goldstein subdifferential of f at x is the convex hull of all Clarke subgradients at points in
a 6-ball around x. Famously, [Gol77] showed that one can significantly decrease the value of f by

taking a step in the direction of the minimal norm element of ds f(x). Throughout the rest of the
section, we fix 6 € (0,1) and use the notation

§d=ef ¢/llgll> for any nonzero vector g € R?. (5.2.1)

Theorem 5.2.2 ([Gol77]). Fix a point x, and let g be a minimal norm element of ds f(x). Then as long as
¢ # 0, we have f (x — 6g) < f(x) — 6lIgll2-

Theorem 5.2.2 immediately motivates the following conceptual descent algorithm:

Xt+1 = Xt — 081, where g; € argmin,g, «|lgll2. (5.2.2)

In particular, Theorem 5.2.2 guarantees that, defining A & f(x0) — min f, the approximate stationarity
condition

A
tzrllinT llg¢ll2 < € holds after T = O(&) iterations of (5.2.2).

We display this algorithmic framework in Algorithm 5.2.1.

Algorithm 5.2.1 Interpolated Normalized Gradient Descent (INGD(xo, T))

Initial xy, counter T
fort=0,...,T-1do

g = MinNorm(x;) > Computational complexity (~)(L2 /€?)
Set x;41 = xt — 6 > We define ¢'in (5.2.1)
end for

Return x7




The difficulty one encounters in trying to analyze Algorithm 5.2.1 is in the step MinNorm(x;):
Evaluating the minimal norm element of ds f(x) is impossible in general, and therefore the descent
method described in (5.2.2) cannot be applied directly. Nonetheless it serves as a guiding principle
for implementable algorithms. Notably, the gradient sampling algorithm [BLOO05] in each iteration
forms polyhedral approximations K; of ds f(x¢) by sampling gradients in the ball Bs(x) and computes
search directions g; € argmingerH gll2. These gradient sampling algorithms, however, have only
asymptotic convergence guarantees [BCL*20].

The recent paper [ZLS]20], operating in the framework of the conceptual Goldstein descent
algorithm (Algorithm 5.2.1), remarkably shows that for any x € R? one can find an approximate
minimal norm element of ds f(x) using a number of subgradient computations that is independent
of the dimension. We display [ZLS]20]’s algorithm to find a minimal norm element of the Goldstein
subdifferential in Algorithm 5.2.2.

Algorithm 5.2.2 MinNorm(x, §, €) of [ZLS]20]

1: Input. x, 0 > 0, € > 0, and access to the oracle O(x, d) defined in Assumption 1 of [ZLS]20].
2: Letk =0, go = O(x,0).
3: while ||gill2 > € and §lIgill2 > f(x) — f (x — 6g) do N
4: Choose yj uniformly at random from the segment [x, x — 6gx].
5 ug = O(Yk, —gr)-
6: Qk+1 = argminze[gk,uk)]”Z”z'
7 k=k+1.
8: end while
9: Return gy.

The key idea underlying Algorithm 5.2.2 is as follows. Suppose that we have a trial vector g € ds f(x)
(not necessarily a minimal norm element) satisfying

fe- D2 £ - Sl 523

That is, the decrease in function value is not as large as guaranteed by Theorem 5.2.2 for the true
minimal norm subgradient. One would like to now find a vector u € d;f(x) so that the norm of
some convex combination (1 — A)g + Au is smaller than that of g. A short computation shows that
this is sure to be the case for all small A > 0 as long as (u, ) < || g||§. The task therefore reduces to:

find some u € dsf(x) satisfying (u,g) <|| gll%.

The ingenious idea of [ZL.S]20] is a randomized procedure for establishing exactly that in expectation.
Namely, suppose for the moment that f happens to be differentiable along the segment [x, x — 6g];
we will revisit this assumption shortly. Then the fundamental theorem of calculus, in conjunction
with (5.2.3), yields

fo) - f(x-63) _
0

1 1
Sl > 5 [ wre-@pa 624

Consequently, a point i chosen uniformly at random in the segment [x, x — 6g] satisfies

E(Vf(), ) < 5IglE 525)



Therefore the vector u = Vf(y) can act as the subgradient we seek. Indeed, the following lemma
shows that, in expectation, the minimal norm element of [g, u] is significantly shorter than g. The
proof is extracted from that of [ZLS]20, Theorem 8].

Lemma 5.2.3 ([Z1.5]20]). Fixavector g € RY, and let u € RY be a random vector satisfying E(u, g) < %II gll%.
Suppose moreover that the inequality ||gll2, |[u|l2 < L holds for some L < oo. Then the minimal-norm vector z
in the segment [g, u] satisfies:

lgll3

2 2 2

Ellzll; < lgll; - Telz"

Proof. Applying E(u, g) < %llgll% and [|gll2, llull, < L, we have, for any A € (0,1),

Ellzll < Ellg + A — I3 = ligll3 + 2ATE(g, u — g + A*Elju — gl13
< lIgli5 = Allgl5 + 4A%L>.

llgll3
Il

Plugging in the value A = 82

(0, 1) minimizes the right hand side and completes the proof. O
The last technical difficulty to overcome is the requirement that f be differentiable along the line
segment [g, u]. This assumption is crucially used to obtain (5.2.4) and (5.2.5). To cope with this
problem, [ZLS]20] introduce extra assumptions on the function f to be minimized and assume a
nonstandard oracle access to subgradients.

5.2.1 Our Algorithm for Computing the Minimal Norm Element.

Our first contribution is to show, using Lemma 5.2.4, that no extra assumptions are needed if one
slightly perturbs g.

Lemma 5.2.4. Let f: RY — R be a Lipschitz function, and fix a point x € R?. Then there exists a set
D c R? of full Lebesgue measure such that for every y € D, the line spanned by x and y intersects dom(V f)
in a full Lebesgue measure set in R. Then, for every y € D and all T € R, we have

f(x+T(y—x))—f(x):L(Vf(x+s(y—x)),y—x>ds.

Proof. Without loss of generality, we may assume x = 0 and f(x) = 0. Rademacher’s theorem
guarantees that dom(V f) has full Lebesgue measure in R?. Fubini’s theorem then directly implies
that there exists a set Q C $77! of full Lebesgue measure within the sphere $/~! such that for every
y € Q, the intersection R, {y} N (dom(V f))° is Lebesgue null in R. It follows immediately that the
set D = {1y : 7 > 0,y € Q} has full Lebesgue measure in R¥. Fix now a point y € D and any 7 € R,.
Since f is Lipschitz, it is absolutely continuous on any line segment and therefore

f(X+T(y—X))—f(X)=f0f’(x+S(y—x),3/—X)dS=L(Vf(xﬂ(y—x)),y—x}ds.
O

We now have all the ingredients to present a modification of the algorithm from [Z1.5]20], which,
under a standard first-order oracle model, either significantly decreases the objective value or finds
an approximate minimal norm element of dsf. As one can see comparing with Algorithm 5.2.2, the
difference is in how we compute y, and the associated assumptions [ZLS]20] needs to impose.



Algorithm 5.2.3 MinNorm(x, 6, €)
1: Input. x, 6 > 0,and € > 0.
2: Letk =0, go = Vf(Co) where Co ~ Bs(x).
3: while [|gxll> > € and %Hgkllz > f(x) — f (x — 6gx) do

2
Choose any r satisfying 0 < r < [|gxll2- 41— (1 — Eggzz)z'

Sample i uniformly from B,(gy).

Choose yj uniformly at random from the segment [x, x — 66;(].
Set u, = V£(yy).

8k+1 = argminze[gk,uk]”Z”Z-

9: k=k+1.

10: end while

11: Return g;.

The following theorem establishes the efficiency of Algorithm 5.2.3, and its proof is similar to that
of [ZLS]J20, Lemma 13]. For completeness, we include the full proof in Section D.1.

Theorem 5.2.5. Let {gx} be generated by MinNorm(x, 6, €). Fix an index k > 0, and define the stopping time
t % inf {k: f(x = 0gk) < f(x) = 6ligklla/4 or ligkll < €}. Then, we have

1612
16 +k

E (g1 e <

An immediate consequence of Theorem 5.2.5 is that MinNorm(x, 6, €) terminates with high-probability.

Corollary 12. MinNorm(x, 9, €) terminates in at most [%&2} -[21og(1/y)] iterations with probability at

least 1 — y, where we define the stopping time T Y inf {k: fx—6g1) < f(x) = Ollgkll2/4 or ||kl < €}

Incorporating Algorithm 5.2.3 in Algorithm 5.2.1 yields convergence guarantees summarized in
Theorem 5.2.6, whose proof is identical to that of [ZLS]20, Theorem 8].

Theorem 5.2.6. Fix an initial point xg € RY, and define A = f(xo) — inf, f(x). Set the number of iterations
T = 2. Then, with probability 1 — y, the point xr = INGD(xo, T) satisfies dist(0, dy f(x1)) < € in a total of
at most

4A7 [64L2 4A ‘ , .
[E-‘ . {?w . {2 log (ﬁﬂ function-value and gradient evaluations.

Discussion. In summary, the complexity of finding a point x satisfying dist(0, ds f(x)) < € is at
most O (%TL; log (%)) with probability 1 —y. Using the identity df(x) = limsup;_,,dsf(x), this
result also provides a strategy for finding a Clarke stationary point, albeit with no complexity
guarantee. It is thus natural to ask whether one may efficiently find some point x for which there
exists y € B;s(x) satisfying dist(0,df(y)) < e. This is exactly the guarantee of subgradient methods
on weakly convex functions in [DD19]. [Sha20] shows that for general Lipschitz functions, the
number of subgradient computations required to achieve this goal by any algorithm scales with
the dimension of the ambient space. The perturbation technique of this section similarly applies to
the stochastic algorithm of [ZLS]20, Algorithm 2], yielding a method that matches their complexity
estimate. This stochastic setting recently saw tremendous progress in the work of [CMO23], who



obtained the optimal rate of O(AL?/5€?) via a clever reduction to online learning. We also remark

that a simple, but clever, modification of Algorithm 5.2.3 combined with Algorithm D.2.1 was done

AL?log(Hb/€)
5

in [KS22] to obtain a matching complexity (O ( > )) for finding a (6, €)-stationary point of

an L-Lipschitz, H-smooth function via a deterministic algorithm (among several other results).
5.3 Faster INGD in Low Dimensions

In this section, we describe our modification of Algorithm 5.2.3 (“INGD”) for obtaining improved
runtimes in the low-dimensional setting. Our modified algorithm hinges on computations similar
to (5.2.3), (5.2.4), and (5.2.5) except for the constants involved, and hence we explicitly state this
setup. Given a vector g € dsf(x), we say it satisfies the descent condition at x if

flx=069) < f(x) - 63—6 (5.3.1)

Recall that Lemma 5.2.4 shows that for almost all g, we have

1
f(x) - f(x - 6@ = ‘[0 (Vf(x - té@'@ dt=06- IEz~Unif[x—6§,x]<vf(z)/ §>

Hence, when ¢ does not satisfy the descent condition (5.3.1), we can output a random vector
u € dys f(x) such that

Eu, g) < =ligll. (5.3.2)

Then, an arbitrary vector g either satisfies (5.3.1) or can be used to output a random vector u

satisfying (5.3.2). As described in Corollary 12, Algorithm 5.2.3 achieves this goal in (~)(L2 /€2)
iterations.

In this section, we improve upon this oracle complexity by applying cutting plane methods (which
we review shortly) to design Algorithm 5.3.1, which finds a better descent direction in O(Ld/e¢)
oracle calls for L-Lipschitz functions and O(d log(L/e) log(6p/€)) oracle calls for p-weakly convex
functions.

Brief overview of cutting-plane methods. We first provide a brief relevant overview of cutting-
plane methods here and refer the reader to standard textbooks in optimization for a more in-depth
exposition. Given a convex function f with its set S of minimizers, a cutting-plane method (CPM)
minimizes f by maintaining a convex search set &¥ 2 S in the k! iteration and iteratively shrinking
&P guided by the subgradients of f that act as “separation oracles” for the set S. Specifically, this
is achieved by noting that for any x® chosen from E®, if the gradient oracle indicates V f(x®) # 0,
(i.e. x® ¢ 8), then the convexity of f guarantees S € H® : {y (VF(®),y —x0) < 0}, and hence

S € H® N ED. The algorithm continues by choosing E¥V 2 E® N H®, and different choices of
x® and &P yield different rates of shrinkage of &® until a point in S is found.

In light of this description, the minimization of a convex function over a constrained convex set
via this cutting-plane method requires, at each iteration, merely a subgradient of the function. Our
novel insight is that a lack of function decrease implies we have roughly such a subgradient, which
we may then use in a cutting-plane method for computing the minimum norm element of the
subdifferential faster in low dimensions (with improved complexity for weakly convex functions).

Setting the stage for our algorithm. In Section D.2, we demonstrate how to remove the expectation
in (5.3.2) and turn the inequality into a high probability statement. For now, we assume the existence



of an oracle ¢ as in Definition 5.3.1.

Definition 5.3.1 (Inner Product Oracle). Given a vector § € dsf(x) that does not satisfy the descent
condition (5.3.1), the inner product oracle 0(g) outputs a vector u € ds f(x) such that

,g) < liglh.

We defer the proof of the lemma below to Section D.2.

Lemma 5.3.2. Fix x € R? and a unit vector § € RY such that f is differentiable almost everywhere on

the line segment [x, y], where y Y x — 6g. Suppose that z € RY sampled uniformly from [x, y] satisfies
E.(Vf(z),8) < §. Then we can find z € R? using at most O(L log(1/y)) gradient evaluations of f, such
that with probability at least 1 — y the estimate (V f(2), g) < § holds. Moreover, if f is p-weakly convex, we
can find z € RY such that (Vf(2),g) < § using only O(log(6p/€)) function evaluations of f.

Our key insight is that this oracle is almost identical to the gradient oracle of the minimal norm
element problem
min_||g{l>.
895 f(x) g
Therefore, we can use it in the cutting plane method to find an approximate minimal norm element
of ds f. When there is no element of ds f with norm less than €, our algorithm will instead find a
vector that satisfies the descent condition. The main result of this section is the following theorem.

Theorem 5.3.3. Let f : R? — R be an L-Lipschitz function. Fix an initial point xo € R?, and

let A Y f(xo) — infy f(x). Then, there exists an algorithm that outputs a point x € R? satisfying
dist(0, ds f(x)) < € and, with probability at least 1 — vy, uses at most

) (@TLZd -log(L/e) -log(1/ )/)) function value/gradient evaluations.
If f is p-weakly convex, the analogous statement holds with probability one and with the improved efficiency
estimate O(%—f log(L/e) - log(6p/ e)) of function value/gradient evaluations.

5.3.1 Finding a Minimal Norm Element

In this section, we show, via Algorithm 5.3.1, how to find an approximate minimal norm element
of ds f(x). Instead of directly working with the minimal norm problem, we note that, by Cauchy-
Schwarz inequality and the Minimax Theorem, for any closed convex set Q, we have

min = min [ max{g,v)| = max |min{g, v)| = max v), 5.3.3
g€Q gl 8€Q [Ilvllzﬂ(g >] ||U||2S1[86Q g >] lloll<1 Po®) ( )

where ¢ (v) def mingeo (g,v),and Lemma 5.3.4 formally connects the problem of finding the minimal
norm element with that of maximizing ¢q. The key observation in this section (Lemma 5.3.5) is
that the inner product oracle &' is a separation oracle for the (dual) problem max,<1 ¢o(v) with
Q = Jdsf(x) and hence can be used in cutting plane methods.

Lemma 5.3.4. Let Q € IR? be a closed convex set that does not contain the origin. Let 8¢ be a minimizer of



mingeq [Igll2. Then, the vector Up = g"Q/IIg*Qllz satisfies
(v, &) 2 1Igpllz forall g € Q.
and v, = arg maxjp|,<1 ¢Q(0).

Proof. We omit the subscript Q to simplify notation. Since, by definition, ¢* minimizes ||g||> over all
g € Q, we have

(¢, 9) 2 1Ig'll5 forall g € Q,
and the inequality is tight for ¢ = ¢*. Using this fact and ¢(v") = mingo(g, ﬁ) gives

@) =11g7ll2 = m1n|| [ = min max (g, v) = max min{g,v) = max ¢(v),
¢ § 8eQ § 8€Q villoll2<1 & llollo<1 geQ § vil[vll2<1 (P(

where we used Sion’s minimax theorem in the second to last step. This completes the proof. O

Using this lemma, we can show that & is a separation oracle.

Lemma 5.3.5. Consider a vector § € dfs(x) that does not satisfy the descent condition (5.3.1), and let the
output of querying the oracle at g be u € 0'(g). Suppose that dist(0, ds f(x)) > §. Let §* be the minimal-norm

d
element of ds f(x). Then the normalized vector v* Y S /NIg”l> satisfies the inclusion:
v € {w eR?: (u,g-w) < 0}.

Proof. SetQ = d;sf(x). By using (u &) < § (the guarantee of & per Definition 5.3.1) and (u, v*) > [Ig*[l2
(from Lemma 5.3.4), we have (u, g — v*) = (u, g) — (u,v*) < § - lIg"]l2 < 0. O

Thus Lemma 5.3.5 states that if x is not a (6, §)-stationary point of f, then the oracle & produces a
halfspace H, that separates g from v*. Since & is a separation oracle, we can combine it with any
cutting plane method to find v*. For concreteness, we use the center of gravity method and display
our algorithm in Algorithm 5.3.1. We note that () is an intersection of a ball and some half spaces,
hence we can compute its center of gravity in polynomial time by taking an average of the empirical
samples from this convex set. While we use a simple cutting-plane method, any algorithm in this
class may be used; our focus is merely on minimizing the oracle complexity. Further note that in
our algorithm, we use a point (i close to the true center of gravity of (), and therefore, we invoke a
result about the perturbed center of gravity method.

Theorem 5.3.6 (Theorem 3 of [BV04a]; see also [Grii60]). Let K be a convex set with center of gravity u
and covariance matrix A. For any halfspace H that contains some point x with ||x — pl||4-1 < t, we have

vol(KN H) < (1 —1/e + t)vol(K).
Theorem 5.3.7 (Theorem 4.1 of [KL.S95a]). Let K be a convex set in R* with center of gravity u and

covariance matrix A. Then,
K {x: = pllar < Vd@d+2)}.

We now have all the tools to show correctness and iteration complexity of Algorithm 5.3.1.



Algorithm 5.3.1 MinNormCG(x)

1: Initialize center point x.

2: Set k = 0, the search region Qg = B>(0), the set of gradients Qy = {Vf(x)}, and r satisfying
0<r<e/(32dL)

3: while mingc(, lIg]l2 > € do

Let vy be the center of gravity of Q.

if v, satisfies the descent condition (5.3.1) at x then

Return vy

end if

Sample Cx uniformly from 1B, (vy)

uy «— O(Cx)

10: Qi1 = Qe N {w = {uy, G — w) <0},

11: Q1 = conv(Qx U {ug})

12: k=k+1

13: end while

14: Return arg mingc(, I1gll2-

Theorem 5.3.8. Let f : R? — R be an L-Lipschitz function. Then Algorithm 5.3.1 returns a vector
v € ds f(x) that either satisfies the descent condition (5.3.1) at x or satisfies |[v]lp < € in

[8d1og(8L/€))] calls to .

Proof. By the description of Algorithm 5.3.1, it returns either a vector v satisfying the descent
condition or g € d; f(x) with ||g]l» < €. We now obtain the algorithm’s claimed iteration complexity.

Consider an iteration k such that () does contain a ball of radius ;7. Let Ay be the covariance matrix
of convex set (). By Theorem 5.3.7, we have

2
€
>(—) L
A = (SdL) !
Applying this result to the observation that in Algorithm 5.3.1 (x is sampled uniformly from B, (v)
gives
8dL 1
o — Ck”A}:l <r: = < T (5.3.4)
Recall from Algorithm 5.3.1 and the preceding notation that () has center of gravity vy and covariance
matrix Ax. Further, the halfspace {w : (uy, (x — w) < 0} in Algorithm 5.3.1 contains the point Cj
satisfying (5.3.4). Given these statements, since Algorithm 5.3.1 sets Q1 = Q N {w : (uy, G — w)},
we may invoke Theorem 5.3.6 to obtain

vol(Qy) < (1 = 1/e + 1/4)vol(Bx(0)) < (1 — 1/10)*vol(B(0)). (5.3.5)

We claim that Algorithm 5.3.1 takes at most T + 1 steps where T = d log(l_ 1 )(e/ (8L)). For the sake
of contradiction, suppose that this statement is false. Then, applying (5.3.5) with k = T + 1 gives

€ d
vol(Qrs1) < (E) vol(B(0)). (5.3.6)

On the other hand, Algorithm 5.3.1 generates points u; = €((;) in the i-th call to ¢ and the



set Q; = conv {uy,uy,--- ,u;}. Since we assume that the algorithm takes more than T + 1 steps,
we have mingco,,, lIgll2 > €. Using this and u; € Qry1, Lemma 5.3.5 lets us conclude that

U*Qm € {w eR?: (u;, ¢ —w) < O} for all i € [T +1]. Since Q74 is the intersection of the unit ball and

these halfspaces, we have

OQr,, € Qra1.

Per (5.3.6), Q7,1 does not contain a ball of radius ﬁ, and therefore we may conclude that
there exists a point v € IBze_L(UQm) such that v ¢ Qry1.

Since v € By(0), the fact v ¢ Qr,; must be true due to one of the halfspaces generated in
Algorithm 5.3.1. In other words, there must exist some i € [T + 1] with

(uj, G —vy > 0.
By the guarantee of &, we have (u;, (;) < 5, and hence

(ui, vy = (u;, v;) — (U, v; = V) < = (5.3.7)

By applying v € B (vg,,, ) i € ds f(x), L-Lipschitzness of f, and Lemma 5.3.4, we have

+ € . € . €
(i, v) = i, vy, ) = oplluill2 > Cui, v, ) = 5 218, k2 = 5- (5.3.8)

Combining (5.3.7) and (5.3.8) yields that mingeq,.,, lIgll2 = |l g"lelz < €. This contradicts the
assumption that the algorithm takes more than T + 1 steps and concludes the proof. m]

Now, we are ready to prove the main theorem.

Proof of Theorem 5.3.3. We note that the outer loop in Algorithm 5.2.1 runs at most O(£) times
because we decrease the objective by ()(6¢€) every step. Combining this with Theorem 5.3.8
and Lemma 5.3.2, we have that with probability 1 -y, the oracle complexity for L-Lipschitz function

is
[‘m} [8d log(8L/e))] - [3&} {21 g(;?e ﬂ o(gLf log(L/€) - log(l/)/))

and for L-Lipschitz and p-weakly convex function is O( log(L/e) -log(6p/ e)) ]



Chapter 6

A Fast Scale-Invariant Algorithm for Non-negative Least
Squares with Non-negative Data

Nonnegative (linear) least square problems are a fundamental class of problems that is well-studied
in statistical learning and for which solvers have been implemented in many of the standard
programming languages used within the machine learning community. The existing off-the-shelf
solvers view the non-negativity constraint in these problems as an obstacle and, compared to
unconstrained least squares, perform additional effort to address it. However, in many of the
typical applications, the data itself is nonnegative as well, and we show that the nonnegativity in
this case makes the problem easier. In particular, while the worst-case dimension-independent
oracle complexity for unconstrained least squares problems necessarily scales with one of the data
matrix constants (typically the spectral norm) and these problems are solved to additive error, we
show that nonnegative least squares problems with nonnegative data are solvable to multiplicative
error and with complexity independent of any matrix constants. The algorithm we introduce is
accelerated and based on a primal-dual perspective. We further show how to provably obtain linear
convergence using adaptive restart coupled with our method and demonstrate its effectiveness
on large-scale data via numerical experiments.

6.1 Introduction

Nonnegative least squares (NNLS) problems, defined by minys %HAx — b||?, where A € R™"
and b € R", are fundamental problems and have been studied for decades in optimization and
statistical learning [LLH95, B]97, KSD13], with various off-the-shelf solvers available in standard
packages of Python (as optimize.nnls in the SciPy package), Julia (as nnls. j1), and MATLAB
(as 1sgnonneg). Within machine learning, NNLS problems arise whenever having negative
labels is not meaningful, for example, when representing prices, age, pixel intensities, chemical
concentrations, or frequency counts. NNLS is also widely used as a subroutine in nonnegative
matrix factorization [CZPA09, Gil14, KSK13] to extract sparse features in applications like clustering,
collaborative filtering, and community detection.

From a statistical perspective, NNLS problems can be shown to possess a regularization property
that enforces sparsity similar to LASSO [Tib96], while being comparatively simpler, without the
need to tune a regularization parameter or perform cross-validation [SH14, BEZ08, FK14, KJ18,
WXT11, SJC19]. From an algorithmic standpoint, the nonnegativity constraint in NNLS problems
is typically viewed as an obstacle: most NNLS algorithms perform additional work to handle it,
and the problem is considered harder than unconstrained least squares.

However, in many important applications of NNLS, such as text mining [BBL"07], functional
MRI [AR04, JHD18], EEG data analysis [MMSBVS08], pulse oximetry [JP87, WPTP88], observa-

73



tional astronomy [IFAB90], and those traditionally addressed using nonnegative matrix factoriza-
tion [CZPAQ9], the data is also nonnegative. We argue in this chapter that when the data for NNLS
is nonnegative, it is in fact possible to obtain stronger guarantees than for traditional least squares.

Our Contributions. We study NNLS problems with (element-wise) nonnegative data matrix A,
to which we refer as the NNLS+ problems, through the lens of the (equivalent) quadratic problems:

(o def 1 s T
min {f(x) £ SlIAX; ~ <"}, (P)
where ¢ = ATb may be assumed element-wise positive. This assumption is without loss of generality
since if ¢j < 0 for some j, then V;f(x) > 0, implying that the j coordinate of the optimal solution is

zero'. Hence, we could fix x; = 0 and optimize over only the remaining coordinates.

We further assume that the matrix A is non-degenerate: none of its rows or columns has all of its
elements equal to zero. This assumption is without loss of generality because (1) if such a row exists,
we could remove it without affecting the objective, and (2) if the /" column had all elements equal
to zero, the optimal value of (P) would be —oo, obtained for x with x; — co. Having established our
assumptions and setup, we now proceed to state our contributions, which are three-fold.

(1) A scale-invariant, e-multiplicative algorithm. We design an algorithm based on coordinate
descent that, in total cost O(m

Ve

algorithm capitalizes on structural properties of (P) that arise as a result of the nonnegativity of A.

), constructs an e-multiplicative approximate solution to (P). Our

Theorem 6.1.1 (Informal; see Theorem 6.3.5). Givenamatrix A € R>" and e > 0, define f(x) = %I|Ax||%—

c"xand x* € argmin, f(x). Then, there exists an algorithm that in K = O(nlogn + %) iterations and

O(nnz(A)( logn + %)) arithmetic operations returns xg € R’ such that E [(V f(xk), Xk — x*)] < e|f(x*)|.
The application of our structural observations on (P) to Theorem 4.6 of [DO19] enables the recovery
of our guarantee on the optimality gap; however, we provide a guarantee on the primal-dual gap,
and this is stronger than the one on the optimality gap stated in Theorem 6.1.1. What is significant
about Theorem 6.1.1 is the invariance of the computational complexity to the scale of A—it does not
depend on any matrix constants. This cost stands in stark contrast to that of traditional least squares,
where the dependence of (oracle) complexity on matrix constants (specifically, the spectral norm of
A in the Euclidean case) is unavoidable [Nem92, NY83a], and multiplicative approximation is not
possible in general.? In general, scale-invariance is a crucial feature in problems with data matrices,
since a dependence on the width implies that the algorithm is technically not polynomial-time.
This feature has, in fact, been an object of extensive study in the long line of works on packing
and covering linear programs [Wan17, AZO19] and its variants such as a fair packing [DFO20a].
Conceptually, our algorithm is a new acceleration technique inspired by VRPDA? [SWD21].

(2) Linear convergence with restart. By incorporating adaptive restart in (P), we improve the
guarantee of Theorem 6.1.1 to one with linear convergence (with log(1/€) complexity). Thus, we
establish the first theoretical guarantee for NNLS+ that simultaneously satisfies the properties of
being scale-invariant, accelerated, and linearly-convergent.

!To see this, note that by first-order optimality condition V f(x*)"(x — x*) > 0 for all x > 0. Choosing x with x; = x* for
alli # jand x; = 0 in the first-order optimality condition gives X7 =0.

To see why, consider a case in which the optimal objective value equals zero. Then any problem with a multiplicative
guarantee of the form in Theorem 6.1.1 would necessarily return an optimal solution.



Theorem 6.1.2 (Informal; see Theorem 6.4.1). Consider the setup of Theorem 6.1.1. Then, there is an
algorithm that in expected O(nnz(A)(logn + %)log(%)) arithmetic operations returns xx € R with
f(xk) — f(x*) < elf(x*)|, where p is the constant in a local error bound for (P).

Proving this bound requires bounding the expected number of iterations between restarts in
conjunction with careful technical work in identifying an appropriate local error bound for NNLS+.

(3) Numerical experiments. We consolidate our theoretical contributions with a demonstration of
the empirical advantage of our restarted method over state-of-the-art solvers via numerical experi-
ments on datasets from LibSVM with sizes up to 19996 x 1355191. Figure 6.1 shows that, when com-
bined with the restart strategy, our algorithm significantly outperforms the compared algorithms.

Related work. NNLS has seen a large body of work on the empirical front. The first method
that was widely adopted in practice (including in the 1sqnonneg implementation of MATLAB)
is due to the seminal work of [LH95] (originally published in 1974). This method, based on
active sets, solves NNLS via a sequence of (unconstrained) least squares problems and has been
followed up by [B]97, VBK04, MFLS17, DDM?21] with improved empirical performance. While
these variants are generally effective on small to mid-scale problem instances, they are not suitable
for extreme-scale problems ubiquitous in machine learning. For example, in the experiments
reported in [MFLS17], Fast NNLS [B]97] took 6.63 days to solve a problem of size 45000 x 45000,
while the TNT-NN algorithm [MFLS17] took 2.45 hours. However, the latter requires computing
the Cholesky decomposition of AT A at initialization, which can be prohibitively expensive both in
computation and in memory. Another prominent work on the empirical front is that of [KSD13],
which performs projected gradient descent with modified Barzilai-Borwein steps [BB88] and step
sizes a carefully designed sequence of diminishing scalars.

Another, separate, line of work concerns optimization algorithms with multiplicative error guaran-
tees. Of interest to us are standard first-order algorithms that run in time that is near-linear in the
input size and are thus applicable to large-scale setting (for multiplicative-error algorithms applica-
ble to broad classes of problems but that run in time that is superlinear in the input size, see [N"18,
Chapter 7]). Most of the existing literature in this domain concerns positive (packing and covering)
linear programs (e.g., [LN93, You0l, AZO19, MRWZ16]). Results also exist for positive semidefinite
programs [AZQRY16], (nonlinear) fair packing and covering problems [MSZ16, DFO20a], and fair
packing problems under Schatten norms for matrices [JLT20]. With the exception of [DFO20a]
(discussed below), none of these results are directly applicable to (P).

To the best of our knowledge, theoretical guarantees explicitly for (P) have been scarce. For
instance, [KSD13] mentioned in the preceding paragraph provides only asymptotic guarantees.
Orthogonally, the result on 1-fair covering by [DFO20a] solves the dual of NNLS+, which also gives

a multiplicative guarantee for NNLS+, but with overall complexity O(%@).
Since our algorithm is based on the coordinate descent algorithm, we highlight some results of other

coordinate descent algorithms when specialized to the closely related problem of unconstrained

linear regression. The pioneering work of [Nes12] proposed a coordinate descent method called
V_l_ A 2 _vx12
L Al JHEZHXO < ), where [|A,j||2 is the Euclidean

norm of the jth column of A. This was improved by [LS13], in an algorithm termed ACDMN,
by combining Nesterov’s estimation technique [Nes83a] and coordinate sampling, giving an

o , S E 1A Blxo—* | , o
iteration complexity of O( v ) for solving (P). The latest results in this line of work
by [AZQRY16, QR16, NS17] perform non-uniform sampling atop a framework of [Nes12] and

RCDM, which in our setting has an iteration cost O(




Y IA1Blxo—x*I
(=2 27), with [DO18]

maxi<j<y [|A;jll2. Additionally, the work of [LLX14] develops an accelerated randomized proximal
coordinate gradient (APCG) method to minimize composite convex functions.

achieve iteration complexity of O dropping the dependence on

As remarked earlier, [DO18], coupled with insights on NNLS+ problems provided in this work,
can recover our guarantee for the optimality gap from Theorem 6.3.5. However, our work is the
tirst to bring to the fore the properties of NNLS+ required to get such a guarantee, and our choice
of primal-dual perspective allows for a stronger guarantee in terms of an upper bound on the
primal-dual gap. Further, our algorithm is a novel type of acceleration, with our primal-dual
perspective transparently illustrating our use of the aforementioned properties. We believe that
these technical contributions, along with our techniques to obtain vastly improved theoretical
guarantees with the restart strategy applied to this problem, are valuable to the broader optimization
and machine learning communities.

6.2 Notation and Preliminaries

Throughout this chapter, we use bold lowercase letters to denote vectors and bold uppercase letters
for matrices. For vectors and matrices, the operator * >’ is applied element-wise, and R, is the
non-negative part of the real line. We use (a, b) to denote the inner product of vectors a and b and
V for gradient. Given a matrix A, we use A; for its jth column vector, and for a vector x, x; denotes
its jth coordinate. We use nnz(A) for the number of non-zero entries of A. We use x; for the vector
in the k" iteration and, to disambiguate indexing, use [x;]; to mean the jth coordinate of x;. The ith
standard basis vector is denoted by e;. For an n-dimensional vector x and A € R™", we define

A = diag([IA41B, ..., IALIRD and MR = T2, x2|AIR. Finally, [n] € (1,2,..., 7).

A differentiable function f : R"” — Ris convexif for any x,x € IR”, we have f(x) > f(x)+(Vf(x),Xx—x).
A differentiable function f : R" — Ris said to be u-strongly convex w.r.t. the {,-norm if for any
x, X € R", we have that f(x) > f(x) + (Vf(x),x — x) + %le —ﬂl%. We have analogous definitions for
concave and strongly concave functions, which flip the inequalities noted.

Given a convex program minyex f(x), where f : R" — R is differentiable and convex and X C R"
closed and convex, the first-order optimality condition of a solution x* € argmin__ f(x) is

(VxeX): (VF(x*),x—=x*)>0. (6.2.1)

Problem setup. As discussed in the introduction, our goal is to solve (P), with A € R’"*". For
notational convenience, we work with the problem in the following scaled form:

. def 1 2 4T
321%{? {f(x) = 2||Ax||2 1 x}, (6.2.2)
This assumption is w.l.o.g. since any (I’) can be brought to this form by a simple change of variable
X; = cjxj (see also e.g., [AZO19, DFO20a] for similar scaling ideas). The scaling need not be explicit
in the algorithm since the change of variable £; = c;x; is easily reversible.

Properties of the objective. To kick off our analysis, we highlight some properties inherent to the
objective defined in (6.2.2). These properies, which strongly need the non-negativity of A and x, are
central to obtain a scale-invariant algorithm for (P).

Proposition 6.2.1. Given f : R} — R as defined in (6.2.2) and x* € argmin, _g. f(x), the following
statements all hold. '



a) VF(x*)>0.
b) f(x*) = —3llAX* |5 = —317x*.

c) forall j € [n], we have x* € [0, %]
j A1

B -1yl s L
) 2 Z‘JE[”] ||A]||§ - f( ) 2Hunje[n] IIA]”§

The validity of division by [|A||z in the preceding proposition is by the non-degeneracy of A
discussed in the introduction. We prove this proposition in Section E.1.1.

An important consequence of Proposition 6.2.1 (c) is that (P) can be restricted to the hyperrectangle
X=xeR"':0<x; < m} without affecting its optimal solution, but effectively reducing the
12

search space. Thus, going forward, we replace the constraint x > 0 in (P) by x € X.

Primal-dual gap perspective. As alluded earlier, our algorithm is analyzed through a primal-dual
perspective. For this reason, it is useful to consider the Lagrangian

1
L(x,y) = (Ax,y) - Ellyllﬁ -17x (6.2.3)

from which we can derive our rescaled problem (6.2.2) as the primal problem min,ey P(x), where

P(x) = max Lx,y)=-1"x+ r?g;([ - %lly”% +(Ax,y)| = -17x + %lIAxHZ.
Thus, the Lagrangian is constructed in a way that one can derive the primal problem from it while
also localizing the matrix in the bilinear term and ensuring coordinate-wise separability of the
terms involving either only the dual or only the primal variable since this greatly simplifies our
analysis. Similar to [SWD21], we use Equation (6.2.3) to define the following relaxation of the
primal-dual gap, for arbitrary but fixed u € X, and v € R™:

Gap(x,y) ' Lx,v) - L(w, y). (62.4)

The significance of this relaxed gap function is that for a candidate solution X and an arbitrary
y € R, abound on Gap(Lu’V) (x,y) translates to one on the primal error, as follows. First select u = x*,
v = AX. Then, by observing that L(x, Ax) = f(x) and L(x*, Ax*) = f(x*), we have

f® - f(X*) = ~£&/ A’)‘(l) - L(X*/AX*)'

For a fixed x, L(x, ) is 1-strongly concave and minimized at Ax. Thus, L(x*, Ax) < L(x*, Ax*) —
%HA(; — x*)|”. Hence, we have the following primal bound:

fO) = f(x*) + %IIA& —xMIP < LK AR) - LK*,3) = Gap§ VR Y. (6.2.5)

In light of this connection, our algorithm for bounding the primal error is one that generates iterates
(u,v

y: )X,), as we detail next.

that can be used to construct bounds on Gap



6.3 Our Algorithm and Convergence Analysis

Our algorithm, Scale Invariant NNLS+ (SI-INNLS+), is an iterative algorithm using the estimate
sequences ¢ (x) and 1 (y) for k > 1 (see Section 6.3.1) giving the primal and dual updates

x; = argmin,_y¢r(x) and y; = argmax (y). (6.3.1)
y€RTH

We use our algorithm’s iterates from Equation (6.3.1) to construct G, an upper estimate of
Gap(Lu'V) (X, Yx), where X, yx are convex combinations of the iterates and u € X, v € R”, where u

is fixed and v is arbitrary. Our motivation for constructing Gg(u, v) > Gap )(~ Xk, Yk) is to obtain a

bound on the primal error, using Inequality 6.2.5. The main goal in the analysis is to show Gy < A%,
where Ay is a sequence of positive numbers and Q is bounded. To obtain the claimed multiplicative

approximation, we use Inequality 6.2.5 and argue that for u = x*, v = Ax;, we have Q < O(I f (x*)|).

Our algorithm may be interpreted as a variant of the VRPDA? algorithm [SWD21], with our analysis
inspired by the approximate duality gap technique [DO19]; however, unlike VRPDA?2, which
uses estimate sequences, our analysis directly bounds the primal-dual gap. Another difference
from VRPDA? is in our choice of primal regularizer (described shortly) and our lack of a dual
regularizer. A variant of SI-NNLS+ suitable for analysis is shown in Algorithm 6.3.1, with proofs in
Section E.1.2 and Section E.1.3. We give an equivalent implementation version (“Lazy SI-INNLS+”,
which updates as few coordinates as is possible to improve cost per iteration) in Algorithm E.2.1
and its analysis in Section E.2.

Algorithm 6.3.1 Scale Invariant Non-negative Least Squares with Non-negative Data (SI-NNLS+)

1: Input: Matrix A € R7>" withn > 4, accuracy g, initial point X0
2: Initialize: Xp = xo, ¥, = yo = Axp, K = 2nlogn + \/_, = ﬁ, ap = = 1,Ao =0,A =a,

Po(x) = 3lIx — xoll3-
3 fork=1,2,...,Kdo

4: Sample ji uniformly at random from {1, 2,...,n}

5: Xy < argmin,_y ¢x(x), for ¢i(x) defined by Equation (6.3.7) and Equation (6.3.10)
6: Vi < arg maxgcgn Yi(y), for Y (y) defined by Equation (6.3.4)

7: Xk = [Ak 1Xk 1+ ak(nxk —(n—1)x_ 1)]

8 Y Yk =Yk = Yi-1)

91 Agsy ¢ Ag + g1, Gpyp = min{i2et Vi
10: end for

11: Return xg

6.3.1 Gap Estimate Construction

The gap estimate Gy is constructed as the difference Gi(u, v) = Ug(v) — Ly(u),where Ui(v) > L(xk, v)
and Li(u) < L(u, yy) are, respectively, upper and lower bounds we construct on the Lagrangian. It

then follows by Equation (6.2.4) that G(u, v) is a valid upper estimate of Gap(z’v)(fk/—ik).
We first introduce a technical component our constructions Ly and Uy crucially hinge on: we define

two positive sequences of numbers {a;};>1 and {ai-(}lsisk/ with one of their properties being that both
sum up to Ay > 0 for k > 1. Specifically, we define Ag = 0 and {a;};>1 as a; = A; — A;_1. The sequence



{ai.‘ } changes with k and for k = 1 is defined by a} = a1, while fork > 2 :

a; — (n—1ay, ifi=1,
ai.‘ =3na;—(n—1Da;1, if2<i<k-1, (6.3.2)
nay, ifi=k

Summing over i € [k] verifies that Ay = Zle uf. For the sequence {ﬂ?hgisk to be non-negative, we
further require thata; — (n — 1)ax > 0 and Vi > 2, na; — (n — 1)a;q > 0.

The significance of these two sequences lies in defining the algorithm’s primal-dual output pair by

-~ 1 k - 1 .
= ka Z a;x; and yi= sz Z a;yi. (6.3.3)
ie[k] i€[k]

The intricate interdependence of {4;} and {af} enables expressing x; in terms of only {a;}. This
expression further simplifies to a cheaper recursive one, which is used in Algorithm 6.3.1.

With the sequences {a;};>1 and {ﬂf}lsisk in tow, we are now ready to show the construction of an
upper bound U(v) on L(xk, v) and a lower bound Li(u) on £L(u, y).

Upper bound. To construct an upper bound, first observe that by Equation (6.2.3) and Equa-
tion (6.3.3),

_ P | . 1
L v) = (AR v) = 5IVE ~ 1% = o i;[k]ai [¢Axi, v) = SIIvIE = 17x]

Consider the primal estimate sequence defined for k = 0 as ¢ = 0 and for k > 1 by

def 1
Vi) =Y al[(Axi, vy = SIvIE ~17x], (63.4)
ielk]

which ensures that L(x;, v) = Aikl,bk(v). A key upshot of constructing 1,(v) as in Equation (6.3.4) is
that the quadratic term implies Ai-strong concavity of i for k > 1, which in turn ensures that the
vector y; = arg maxyern Px(y) from Equation (6.3.1) is unique. This property, coupled with the first-
order optimality condition in Inequality 6.2.1, gives that for any y € R™, Y (y) < x(yx) — % lly — yxll3-
We are now ready to define the following upper bound by:

def

U & -0uty) = 51V -yl 635

The preceding discussion immediately implies that Uy is a valid upper bound for the Lagrangian.

Lemma 6.3.1. For Uy as defined in Equation (6.3.5), Lagrangian defined in Equation (6.2.3) and x; € R'L in
Equation (6.3.3), we have, for all y € R™, the upper bound Ui(y) > L(Xk, y).

Lower bound. Analogous to the preceding section, we now obtain a lower bound on the Lagrangian,
completing the bound on the gap estimate. However, the construction becomes more technical. We
start with the same approach as for the upper bound. Since L(u, yj) is concave in yj, by Jensen’s
inequality: L(u,yy) > Alk Zie[k] ai((Au, yiy—1Tu — %||yi||§).Were we to define the dual estimate
sequence ¢y in the same way as we did for the primal estimate sequence 1, we would now simply



define it as Ay times the right-hand side in the last inequality. However, doing so would make ¢
depend on yj, which is updated after xi, which in Equation (6.3.1) is defined as the minimizer of the

Pr-

To avoid such a circular dependency, we add and subtract a linear term Zie[k]<AT§i_1, u), where
y._;, defined later, are extrapolation points that depend only on yj, ...y;—1. We thus have

| _ -1, 1 1 _
L0502 5 i;maikAu, Vi) = 1Tu—slyilly] + ;{klaxAu,yi i)

If we now defined ¢, based on the first term in the above inequality, we run into another obstacle:
the linearity of the resulting estimate sequence is insufficient for cancelling all the error terms in
the analysis. Hence, as is common, we introduce strong convexity by adding and subtracting an
appropriate strongly convex function. Our chosen strongly convex function is motivated by the
box-constrained property of the optimum from Proposition 6.2.1 (c) and crucial in bounding the
initial gap estimate. It coincides with ¢g: for any x € R/}, define the function

1
Po(x) = §||X = xoll3.- (6.3.6)
This function is 1-strongly convex with respect to || - |4 and used in defining ¢; as:
$1(u) = a1(ATy0 — 1, u) + po(u). (6.3.7)

The definition of ¢ is driven by the purpose of cancelling initial error terms. Next, we choose ¢y so
that for any fixed u € X, we have

Elpe(w)] = E[ ) a(ATy,_; —1,u) + do(w), (63.8)

iek]

where the expectation is with respect to all the randomness in the algorithm. This construction is
used to reduce the per-iteration complexity, for which we employ a randomized coordinate update
on xi for k > 2. To support such updates, we relax the lower bound to hold only in expectation.

Concretely, let j; be the coordinate sampled uniformly at random from [#] in the it iteration of
SI-NNLS+, independent of history. Fix y; fori=1,...,k—1and for k > 2 and x € X, define

k
Pr(x) = P1(x) + Z na{A'y,_; —1,xje;). (6.3.9)
i=2

For k > 2, ¢ (u) can also be defined recursively via

Pr(X) = Pr_1(x) + na(ATy,_ — 1,xj.€5,). (6.3.10)

The function ¢y inherits the strong convexity of ¢g. This property, together with Equation (6.3.1)
and first-order optimality from Inequality 6.2.1, give

00 = Pulxe) + 3l =l 63.11)

Along with strong convexity, our choice of ¢ in Equation (6.3.10) leads to the following properties
essential to our analysis: (1) ¢ is separable in its coordinates; (2) the primal variable x is updated



only at its ]It(h coordinate; (3) Equation (6.3.8) is true. These are formally stated in Proposition E.1.2.

With the dual estimate sequence ¢ defined in Equation (6.3.10), we now define the sequence L; by

def Pr(xie) + 3Ix = XA — Po(x) + Liepg (A%, yi — ¥,_1) — 3llyill?)

Li(x) = A (6.3.12)

We conclude this section by justifying our choice of Ly as a valid expected lower bound on IEL(x, y).

Lemma 6.3.2. For Ly defined in Equation (6.3.12), for the Lagrangian in Equation (6.2.3) and yy in
Equation (6.3.3), we have, for a fixed u € X, the lower bound EL(u,yx) > ELi(u), where the expectation is
with respect to all the random choices of coordinates in Algorithm 6.3.1.

6.3.2 Bounding the Gap Estimate

With the gap estimate Gy constructed as in the preceding section and combining Equation (6.3.5)
and Equation (6.3.12), we now achieve our goal of bounding A;Gy (to obtain a convergence rate of
the order 1/Ax) by bounding the change in AxGy and the initial scaled gap A1G;.

Lemma 6.3.3. Consider the iterates {xi} and {y} evolving according to Algorithm 6.3.1. Let n > 2 and
assume that a; = \/_# and ay > (n — 1)ap, while for k > 3,

2n15
. (a1 VAg
< . 3.
ak_mm(n_l, o ) (6.3.13)

Then, for fixed u € X, any v € R™, and all k > 2, the gap estimate Gy = Uy, — Ly satisfies
E(ArGr(x, y) = Ak-1Gr-1(x, )
< -E (Sl - yil3 - 2y - yiall) - SEIx - sl + 5Flbx - 11
— (AKX = Xi), Yie = Yie-1) + G- ECAX = Xk-1), Yi-1 — Yi2)

1 1
- ZAk—llEHYk — Vill3 + ZAk—ZIE”Yk—l ~ Vil

Lemma 6.3.4. Given a fixed u € X, any v € R™, §o = yo, and x; and y; from Algorithm 6.3.1, we have
. 1 » A1 2
A1G1(u,v) = a1(A" (y1 — yo), x1 — u) + ¢po(u) — dpo(xq) — Ellu -xilly — 7||V - yill3-

Combining the two lemmas, we now bound Gk and deduce our final result on the primal error.

Theorem 6.3.5. [Main Result] Assume that n > 4. Given a matrix A € R>", € > 0, an arbitrary xo € X
and §o = yo = AXo, let x; and Ay evolve according to SIEINNLS+ (Algorithm 6.3.1) for k > 1. For f defined
in (6.2.2), define x* € argmin, f(x). Then, for all K > 2, we have

2¢o(x*)  Ilxo - x|
= .

IE[<Vf(>71<),71< - x*) + %”A&K _ x*)||2] < -+

_5 2
(K 232:;(%”) ) I_f(PO(x*) S |f(X*)|’ thenfor K Z %nlog]’l + 6_72, we have

E[f(Xk) — f(x*)] < e|f(x*)|. The total cost is O(nnZ(A)(log” + %))

When K > %nlog n, we have Ax >



The assumption ¢o(x*) < |f(x*)| above is satisfied by xo = 0 (c.f. Proposition 6.2.1 and Equa-
tion (6.3.6)). We reiterate that the reason ||A|| does not show up in the final bounds (thereby rendering
our algorithm “scale-invariant”) is because Proposition 6.2.1 allows bounding |[xo — x*llf\ by [f(x*)

where we crucially used the non-negativity of A and x; this does not seem possible for general A.

Remark 6.3.6. SI-NNLS+ (Algorithm 6.3.1) and Theorem 6.3.5 also generalize to a mini-batch version.
Increasing the batch size grows our bounds and number of data passes by a factor of at most square-root of the
batch size s, by relating the spectral norm of the s columns of A corresponding to a batch to the Euclidean
norms of individual columns of A from the same batch. However, due to efficient available implementations of
vector operations, mini-batch variants of our algorithm with small batch sizes can have lower total runtimes
on some datasets (see Section 6.5).

6.4 Adaptive Restart

We now describe how SI-NNLS+ can be combined with adaptive restart to obtain linear convergence
rate. To apply the restart strategy, we need suitable upper and lower bounds on the measure of
convergence rate. Our measure of optimality is the natural residual r(x) = ||[R(x)||a [MR94] for

R(x) = x — ITg: (x = AT'Vf(x)) = x = (x = AT'Vf(x))4, (6.4.1)

where IR is the projection operator onto R} and A is as defined in Section 6.2. For A = I, R(x) is
the natural map as defined in, e.g., [FP07]. Due to space constraints, we only state the main result
of this section in the following theorem, while full technical details are deferred to Section E.1.4.

Theorem 6.4.1. Given an error parameter ¢ > 0 and xo = 0, consider the following algorithm A :

A : SI-NNLS+ with Restarts

Initialize: k = 1.

Initialize Lazy SI-NNLS+ at xj_1.

Run Lazy SI-NNLS+ until the output X X satisfies r()?’l‘() < 2r(xg-1).
Restart Lazy SI-NNLS+ initializing at xj = ﬂ‘

Increment k.

Repeat until r(xt) < e.

Then, the expected number of arithmetic operations of A is O(nnz(A)( logn + ‘/_)log(r(’“’))). As a
consequence, given € > 0, the total expected number of arithmetic operations until a point with f(x)— f(x*) <
€| f(x*)| can be constructed by A is O(nnz(A)( logn + ‘/_) log (He ))

6.5 Numerical Experiments and Discussion

We conclude this chapter by presenting the numerical performance of SIEINNLS+ and its restart ver-
sions (see the efficient implementation version in Algorithm E.2.1) against FISTA with restart [BT09,
Nes13], a general-purpose large-scale optimization algorithm, OA+DS with restart designed
by [KSD13] specifically for large-scale NNLS problems, and lazy implemented APCG [FR15] with
restart. We use the same restart strategy for all the algorithms, proposed in Section 6.4.

As an accelerated algorithm, FISTA has the optimal 1/ k2 convergence rate; OA+DS, while often
efficient in practice, has only an asymptotic convergence guarantee. For FISTA, we compute the
tightest Lipschitz constant (i.e., the spectral norm [|Al|); for OA+DS, we follow the best practices
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Figure 6.1: NNLS+ algorithms with restart on real-sim, news20 and E2006train with spectral
norm 3-1073,1073,5 - 10° and condition number 6 - 10'8,5- 1010, 6 - 105, respectively.

laid out by [KSD13]. For our SI-NNLS+ algorithm and its restart version with batch size bs = 1, we
follow Algorithm E.2.1 and the restart strategy in Section 6.4.% For the restart version with batch size
larger than 1, we choose the best batch size in {10, 50, 300, 500} and compute the block coordinate
Lipschitz constants as the spectral norms of the corresponding block matrices. All algorithms were
implemented in Julia and run on a server with 32 Intel(R) Xeon(R) Silver 4110 32-Core Processors.

We evaluated the performance of the algorithms on the large-scale sparse datasets real-sim,
news20, and E2006train from the LibSVM library [CL11b]. Both real-sim and news20 datasets
have non-negative data matrices, but the labels may be negative. When there exist negative labels,
it is possible for the elements of ATb to be negative. In such cases, per the discussion from the
introduction, we can simply remove the corresponding columns of A and solve an equivalent
problem with smaller dimension. On the other hand, the data matrix in E2006train dataset is
not non-negative, which means that this dataset does not satisfy the assumption required for
the analysis of Algorithm 6.3.1. However, Algorithm 6.3.1 can still be run by keeping only the
non-negativity constraints for primal updates. This example is provided solely for illustration of
empirical performance.

Results. To compare all implemented algorithms, we plot the natural residual/objective value gap
versus number of data passes/time in Figure 6.1 for all algorithms implemented with restart and in
Figure 6.2 for all algorithms implemented without restart. As can be observed from the two figures,
our proposed restart speeds up all the algorithms.

3The algorithm is implemented for the non-scaled version of the problem, (P); see Section 6.2. An implementation is
in https://github.com/arcturus611/nnlr-2021.
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Figure 6.2: NNLS+ algorithms without restart on real-sim, news20 and E2006train with spectral
norm 3-1073,1073,5 - 10° and condition number 6 - 10'8,5- 1010, 6 - 105, respectively.

Figure 6.1(a)-(d) shows that SI-NNLS+ is better than FISTA and OA+DS in terms of number of
data passes on the real-sim dataset and better than APCG in terms of time. While the proposed
restart strategy speeds up all the algorithms to linear convergence, variants of SENNLS+ remain
competitive in all the settings. In terms of the performance of different variants of SI-NNLS+, with
bs = 1, we have a much better coordinate Lipschitz constant than for bs = 10 and thus the case of
bs = 1 dominates bs = 10 in terms of data passes. As FISTA and OA+DS take less time accessing
the full dataset once, they have lower runtimes than SI-NNLS+ but are beaten by SI-NNLS+ with
restart and bs = 1.

In Figure 6.1(e)-(h), on the news20 dataset, in terms of number of data passes, restarted APCG and
SI-NNLS+ with bs = 1 are dominant. However, as news20 is a very sparse dataset, letting bs = 1
significantly increases the total time to access the full data once due to the overhead per iteration.
As a result, single-coordinate methods have the worst runtimes, while restarted OA+DS is the
fastest but SI-NNLS+ with bs = 10 remains competitive.

Figure 6.1(i)-(1) shows the performance comparison on the E2006train dataset. On this dataset,
both restarted FISTA and restarted OA+DS ran for 4 hours without visibly reducing the function
value. SI-NNLS+ outperforms FISTA and OA+DS in both number of data passes and time, and
outperforms APCG in terms of time. Further experiments are left for future work.



Chapter 7

Computing Lewis Weights to High Precision

In Chapter 6, we saw an algorithm for structured ¢, regression. In this chapter, we expand our
focus from ¢; to the £, setting. Specifically, we present an algorithm for computing approximate
t, Lewis weights to high precision. Given a full-rank A € R™" with m > n and a scalar p > 2,

our algorithm computes e-approximate £, Lewis weights of A in O(plog(1/¢)) iterations; the cost
of each iteration is linear in the input size plus the cost of computing the leverage scores of DA
for diagonal D € R"™™. Prior to our work, such a computational complexity was known only for
p € (0,4) in the work of Cohen and Peng. Combined with this result, our work yields the first
polylogarithmic-depth polynomial-work algorithm for the problem of computing £, Lewis weights
to high precision for all constant p > 0. An important consequence of this result is also the first
polylogarithmic-depth polynomial-work algorithm for computing a nearly optimal self-concordant
barrier for a polytope.

7.1 Introduction to Lewis Weights

In this chapter, we study the problem of computing the ¢, Lewis weights' of a matrix.

Definition 7.1.1. [Lew78, CP15] Given a full-rank matrix A € R"™" with m > n and a scalar p € (0, 00),
the Lewis weights of A are the entries of the unique® vector w € R™ satisfying the equation

2/ -2/p

@ = aT(ATW' " AY\a; for all i € [m], (7.1.1)

where a; is the i'th row of matrix A and W is the diagonal matrix with vector W on the diagonal.

Motivation. We contextualize our problem with a simpler, geometric notion. Given a set of m
points {;} | € R" (the rows of the preceding matrix A € R™"), their John ellipsoid [Joh48] is the
minimum? volume ellipsoid enclosing them. This ellipsoid finds use across experiment design and
computational geometry [Tod16] and is central to certain cutting-plane methods [Vai89a, LS14],
an algorithm fundamental to mathematical optimization (Section 7.1.3). It turns out that the John
ellipsoid of a set of points {a;}!" | € R" is expressible [BV04b] as the solution to the following convex
program, with the objective being a stand-in for the volume of the ellipsoid and the constraints
encoding the requirement that each given point a; lie within the ellipsoid:

minimizemso det(M)~?, subject to al.TMai <1, forallie€ [m]. (7.1.2)

IFrom hereon, we refer to these simply as “Lewis weights” for brevity.

ZExistence and uniqueness was first proven by D.R.Lewis [Lew78], after whom the weights are named.

3The John ellipsoid may also refer to the maximal volume ellipsoid enclosed by the set {x : [x"4;| < 1}, but in this
chapter, we use the former definition.
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The problem (7.1.2) may be generalized by the following convex program [W0j96, CP15], the
generalization immediate from substituting p = co in (7.1.3):

m
minimizepso det(M) ™, subject to Z(aiTMai)p 2 <1. (7.1.3)
i=1

Geometrically, (7.1.3) seeks the minimum volume ellipsoid with a bound on the p/2-norm of the
distance of the points to the ellipsoid, and its solution M is the “Lewis ellipsoid” [CP15] of {a;}" .

The optimality condition of (7.1.3), written using w € R™ defined as w; def (az.TMai)P/ 2 is equivalent
to Equation (7.1.1), and this demonstrates that solving (7.1.3) is one approach to obtaining the Lewis
weights of A (see [CP15]). This equivalence also underscores the fact that the problem of computing
Lewis weights is a natural ¢, generalization of the problem of computing the John ellipsoid.

More broadly, Lewis weights are ubiquitous across statistics, machine learning, and mathematical
optimization in diverse applications, of which we presently highlight two (see Section 7.1.3 for
details). First, their interpretation as “importance scores” of rows of matrices makes them key to
shrinking the row dimension of input data [DMMO06]. Second, through their role in constructing
self-concordant barriers of polytopes [L.514], variants of Lewis weights have found prominence in
recent advances in the computational complexity of linear programming.

From a purely optimization perspective, Lewis weights may be viewed as the optimal solution to
the following convex optimization problem (which is in fact essentially dual to (7.1.3)):
w = arg min F(w) L log det(ATWA) + LlTw“a for a = =25 (7.1.4)
weRY, 1+a ’ p-2
Aselaborated in [CP15, LS14], the reason this problem yields the Lewis weights is that an appropriate
scaling of its solution @ transforms its optimality condition from w] = a](ATWA)™lg; to Equa-

tion (7.1.1). The problem (7.1.4) is a simple and natural one and, in the case of @ = 1 (corresponding
to the John ellipsoid), has been the subject of study for designing new optimization methods [Tod16].

In summary, Lewis weights naturally arise as generalizations of extensively studied problems in
convex geometry and optimization. This, coupled with their role in machine learning, makes under-
standing the complexity of computing Lewis weights, i.e., solving (7.1.4), a fundamental problem.

Our Goal. We aim to design high-precision algorithms for computing e-approximate Lewis weights,
i.e., a vector w € R" satisfying

w; ~¢ w;, for all i € [m], where w is defined in Equation (7.1.1) and (7.1.4). (7.1.5)

where a = bis used to denote (1 — €)a < b < (1 + €)a. To this end, we design algorithms to solve the
convex program (7.1.4) to e-additive accuracy for an appropriate € = poly(e, n), which we prove
suffices in Lemma 7.2.1.

By a “high-precision” algorithm, we mean one with a runtime polylogarithmic in e. We emphasize
that for several applications such as randomized sampling [CP15], approximate Lewis weights
suffice; however, we believe that high-precision methods such as ours enrich our understanding of
the structure of the optimization problem (7.1.4). Further, as stated in Theorem 7.1.5, such methods
yield new runtimes for directly computing a near-optimal self-concordant barrier for polytopes.

We use number of leverage score computations as the complexity measure of our algorithms. Our



choice is a result of the fact that leverage scores of appropriately scaled matrices appear in both
VF (w) (see Lemma 7.2.3) and in the verification of correctness of Lewis weights. This measure of
complexity stresses the number of iterations rather than the details of iteration costs (which depend
on exact techniques used for leverage core computation, e.g., fast matrix multiplication) and is
consistent with many prior algorithms (see Table 7.1).

Prior Results. The first polynomial-time algorithm for computing Lewis weights was presented

by [CP15] and performed only 5p(log(1/ €))* leverage score computations. However, their result
holds only for p € (0,4). We explain the source of this limited range in Section 7.1.2.

In comparison, for p > 4, existing algorlthms are slower: the algorithms by [CP15], [Leel6], and
[LS14] perform Q(n) O(1 /€), and O(+/n) leverage score computations, respectively. [CP15] also
gave an algorithm with total runtime O( ermzA + cpnO(P)) Of note is the fact that the algorithms
with runtimes polynomial in 1/e ([Leel6, CP15]) satisfy the weaker approximation condition

— —1-2

w?/ P - ( ATW Ip
We display these runtimes in Table 7.1, assuming that the cost of a leverage score computation is
O(mn?) (which, we reiterate, may be reduced through the use of fast matrix multiplication). In
terms of the number of leverage score computations, Table 7.1 highlights the contrast between the

polylogarithmic dependence on input size and accuracy for p € (0,4) and polynomial dependence on
these factors for p > 4. The motivation behind our chapter is to close this gap.

A)~'a;, which is in fact implied by our condition in Equation (7.1.5).

7.1.1 Our Contribution

We design an algorithm that computes Lewis weights to high precision for all p > 2 using only 5p(log(1 /€))
leverage score computations. Together with [CP15]’s result for p € (0,4), our result therefore completes
the picture on a near-optimal reduction from leverage scores to Lewis weights for all p > 0.

Theorem 7.1.2 (Main Theorem (Parallel)). Given a full-rank matrix A € R™" and p > 4, we can compute
(Algorithm 7.2.1 and Algorithm 7.2.2) its e-approximate Lewis weights Equation (7.1.5) in O(p® log(mp/€))
iterations®. Each iteration computes the leverage scores of a matrix DA for a diagonal matrix D. The total
runtime is O(p®>mn? log(mp/€)), with O(p® log(mp/e)log?(m)) depth.

Theorem 7.1.2 is attained by a parallel algorithm for computing Lewis weights that consists of
polylogarithmic rounds of leverage score computations and therefore has polylogarithmic-depth, a
result that was not known prior to this work.

Theorem 7.1.3 (Main Theorem (Sequential)). Given a full-rank matrix A € R™" and p > 4, we
can compute (Algorithm 7.2.1 and Algorithm 7.2.3) its e-approximate Lewis weights Equation (7.1.5) in
O(pmlog(mp/e€)) iterations. Each iteration computes the leverage score of one row of DA for a diagonal
matrix D. The total runtime is O(pmn? log(mp/€)).

Remark 7.1.4. The solution to (7.1.3) characterizes a “Lewis ellipsoid,” and the €., Lewis ellipsoid of A
is precisely its John ellipsoid. After symmetrization [Tod16], computing the John ellipsoid is equivalent to
solving a linear program (LP). Therefore, computing Lewis weights in O(log(mp/€)) iterations would imply
a polylogarithmic-depth algorithm for solving LPs, which, given the current O(«/n) depth [LS14], would
be a significant breakthrough in the field of optimization. We therefore believe that it would be difficult to
remove the polynomial dependence on p in our runtime.

*We use O, to hide a polynomial in p and O and Q to hide factors polylogarithmic in ,n, and m.
P poly: P polylog 2
Qur algorithms work for all p > 2, as can be seen in our proof in Section 7.3.1. However, for p € (2,4), the algorithm
of [CP15] is faster, and therefore, in our main theorems, we state runtimes only for p > 4.



Table 7.1: Runtime comparison for computing Lewis weights. Results with asterisks use a weaker notion of approximation than our
chapter Equation (7.1.1). All dependencies on 7 in the running times of these methods can be improved using fast matrix multiplication.

Number of
Authors Range of p Leverage Score Total Runtime
Computations/Depth

log(m) log(m)
[CP15] Pe©4) Oty 108(*57))  O(rprm -1 - log(=5+))
[CP15] p>4 Q(n) Q(mn® - log(2))
[CP15]* p>4 not applicable O (nnZ(A) +c no(”))
[Leel6]* p=>4 @) (% . log(m/n)) @) ((MZS(A) ) log(m/n))
[LS14] p>4 O(p? - n'’2 - log(1)) O(p? - mn?3 - poly log(2))
Theorem 7.1.2 p>4 O - log(g)) O?® - mn? - log(g))

7.1.2 Overview of Approach

Before presenting our algorithm, we describe obstacles to directly extending previous work on the
problem for p € (0,4) to the case p > 4. For p € (0,4), [CP15, LS14] design algorithms that, with a
single computation of leverage scores, make constant (dependent on p) multiplicative progress on
error (such as function error or distance to optimal point), thus attaining runtimes polylogarithmic in
€. However, these methods crucially rely on contractive properties that do not necessarily hold forp > 4.

For example, one of the algorithms in [CP15] starts with a vector v ~. w, where w is the vector of
true Lewis weights and ¢ some constant. Consequently, we have (a] (ATV!"2/PA)"1a;)P/2 x 0.y

(aiT(ATwl_z/pA)‘lai)”/ 2, Due to this map being a contraction for |[p/2 — 1| < 1, or equivalently, for
p € (0,4), O(log(log n)) recursive calls to it give Lewis weights for p < 4, but the contraction - and,
by extension, this method - does not immediately extend to the setting p > 4.

Prior algorithms for p > 4, therefore, resort to alternate optimization techniques. [CP15] frames
Lewis weights computation as determinant maximization (7.1.3) (see Section F.4) and applies cutting
plane methods [GLS81b, LSW15]. [Leel6] uses mirror descent, and [LS14] uses homotopy methods.
These approaches yield runtimes with poly(r) or poly(%) leverage score computations, and therefore,
attaining runtimes of polylog(1/e) leverage score computations requires rethinking the algorithm.

Our Approach. As stated in Section 7.1, to obtain e-approximate Lewis weights for p > 4, we
compute a w that satisfies ¥ (w) < F (w) < F (w) + €, where ¥ and w are as defined in (7.1.4) and
& = O(poly(n, €)). In light of the preceding bottlenecks in prior work, we circumvent techniques
that directly target constant multiplicative progress (on some potential) in each iteration.

Our main technical insight is that when the leverage scores for the current weight w € RZ, satisfy a
certain technical condition (Inequality 7.1.6), it is indeed possible to update w to get multiplicative
decrease in function error (¥ (w) — ¥ (w)), thus resulting in our target runtime. To turn this insight
into an algorithm, we design a corrective procedure that ensures that Inequality 7.1.6 is always
satisfied: in other words, whenever Inequality 7.1.6 is violated, this procedure updates w so that the
new w does satisfy Inequality 7.1.6, setting the stage for the aforementioned multiplicative progress.
An important additional property of this procedure is that it does not increase the objective function
and is therefore in keeping with our goal of minimizing (7.1.4).



Specifically, the technical condition that our geometric decrease in function error hinges on is

al (ATWA) g
max ————— < 1+a. (7.1.6)
i€[m] wi
This ratio follows naturally from the gradient and Hessian of the function objective (see Lemma 7.2.3).
Our algorithm’s update rule to solve (7.1.4) is obtained from minimizing a second-order approxi-
mation to the objective at the current point, and the condition specified in Inequality 7.1.6 allows us
to relate the progress of a type of quasi-Newton step to lower bounds on the progress there is to

make, which is critical to turning a runtime of poly(1/e) into polylog(1/e) (Lemma 7.2.5).

The process of updating w so that Inequality 7.1.6 goes from being violated to being satisfied
corresponds, geometrically, to sufficiently rounding the ellipsoid E(w) = {x : xTATWAx < 1};

specifically, the updated ellipsoid satisfies E(w) C {||Wﬁ Ax|lo £ V1 + a} (see Section E.3), and this

is the reason we use the term “rounding” to describe our corrective procedure to get w to satisfy
Inequality 7.1.6 and the term “rounding condition” to refer to Inequality 7.1.6.

We develop two versions of rounding: a parallel method and a sequential one that has an improved
dependence on p. Each version is based on the principles that (1) one can increase those entries
of w at which the rounding condition Inequality 7.1.6 does not hold while decreasing the objective
value, and (2) the vector w obtained after this update is closer to satisfying Inequality 7.1.6.

We believe that such a principle of identifying a technical condition needed for fast convergence
and the accompanying rounding procedures could be useful in other optimization problems. Addi-
tionally, we develop Algorithm 7.5.1, which, by varying the step sizes in the update rule, maintains
Inequality 7.1.6 as invariant, thereby eliminating the need for a separate rounding and progress steps.

7.1.3 Applications and Related Work

We elaborate here on the applications of Lewis weights we briefly alluded to in Section 7.1. While
for many applications (such as pre-processing in optimization [CP15]) approximate weights suffice,
solving regularized D-optimal and computing O(n) self-concordant barriers to high precision do
use high precision Lewis weights.

Pre-processing in optimization. Lewis weights are used as scores to sample rows of an input tall
data matrix so the £, norms of the product of the matrix with vectors are preserved. They have been
used in row sampling algorithms for data pre-processing [DMMO06, DMIMW12, LMP13, CLM*15b],
for computing dimension-free strong coresets for k-median and subspace approximation [SW18],
and for fast tensor factorization in the streaming model [CCDS20]. Lewis weights are also used
for ¢; regression, a popular model in machine learning used to capture robustness to outliers, in:
[DLS18] for stochastic gradient descent pre-conditioning, [LWYZ20] for quantile regression, and
[BDM*20] to provide algorithms for linear algebraic problems in the sliding window model. Our
results for efficient Lewis weight computation for p > 4 have also found use in the fast computation
of £, sensitivities [PWZ23].

John ellipsoid and D-optimal design. As noted in Remark 7.1.4, a fast algorithm for Lewis
weights could yield faster algorithms for computing John ellipsoid, a problem with a long history
of work [Kha96, SF04, KY05, DASTO08, CCLY19, ZF20]. It is known [Tod16] that the John ellipsoid
problem is dual to the (relaxed) D-optimal experiment design problem [Puk06]. D-optimal design
seeks to select a set of linear experiments with the largest confidence ellipsoid for its least-square
estimator [AZLSW17, MSTX19, SX20].



Our problem (7.1.4) is equivalent to p%z-regularized D-optimal design, which can be interpreted
as enforcing a polynomial experiment cost: viewing w; as the fraction of resources allocated to
P

experiment 7, each w; is penalized by wf’2. This regularization also appears in fair packing and fair
covering problems [MSZ16, DFO20b] from operations research.

Self-concordance. Self-concordant barriers are fundamental in convex optimization [NN94],
combinatorial optimization [LS14], sampling [KN09, LLV20], and online learning [AHRO08]. Al-
though there are (nearly) optimal self-concordant barriers for any convex set [NN94, BE15, LY18],
computing them involves sampling from log-concave distributions, itself an expensive process
with a poly(1/€) runtime. [LS14] shows how to construct nearly optimal barriers for polytopes
using Lewis weights. Unfortunately, doing so still requires polynomial-many steps to compute
these weights; [LS14] bypass this issue by showing it suffices to work with Lewis weights for
p = 1. In this chapter, we show how to compute Lewis weights by computing leverage scores
of polylogarithmic-many matrices. This gives the first nearly optimal self-concordant barrier for
polytopes that can be evaluated to high accuracy with depth polylogarithmic in the dimension.

Theorem 7.1.5 (Applying Theorem 7.1.2 to [LS14, Section 5]). Given a non-empty polytope P = {x €
R" | Ax > b} for full rank A € R™", there is a O(nlog’ m)-self concordant barrier { for P such that for
any € > 0and x € P, in O(mn®~! log3 mlog(m/e))-work and O(log3 mlog(m/e))-depth, we can compute
g € R" and H € R with ||g - VY @)llvzyy1 < € and V?(x) < H < O(logm)V?y(x). With an
additional O(m“+°W) work, H € R™" with (1 — €)V?1(x) < H < O(1 + €)V?(x) can be computed as well.

7.1.4 Notation and Preliminaries

We use A to denote our full-rank m X n (m > n) real-valued input matrix and w € R™ to denote
the vector of Lewis weights of A, as defined in Equation (7.1.1) and (7.1.4). All matrices appear
in boldface uppercase and vectors in lowercase. For any vector (say, o), we use its uppercase
boldfaced form (X) to denote the diagonal matrix X;; = o;. For a matrix M, the matrix M®@ is the
Schur product (entry-wise product) of M with itself. For matrices A and B, we use A > B to mean
A — B is positive-semidefinite. For vectors a and b, the inequality a < b applies entry-wise. We

use ¢; to denote the i'th standard basis vector. We define [n] def {1,2,...,n}. Asin (7.1.4), since we
defined a def ;7%2’ the ranges of p € (2,4) and p > 4 translate to @ > 1 and a € (0, 1], respectively.
From hereon, we work with a. We also define @ = max{1, a}. For a matrix A € R"™" and w € RZ),,
we define the projection matrix P(w) L wi/ ZA(ATWA)TATWI/2 € R™™_ The quantity P(w);; is

precisely the leverage score of the i’th row of W/2A:
oi(w) E w; - aT (ATWA) ;. (7.1.7)

Fact 7.1.6 ([LS14]). For all w € RY) we have that 0 < oi(w) < 1 for all i € [m], Yjcpy 0i(w) < n, and
0 < P(w)® < Z(w).

7.2  Our Algorithm

We present Algorithm 7.2.1 to compute an e-additive solution to (7.1.4). We first provide the
following definitions that we frequently refer to in our algorithm and analysis. Given @ > 0 and



w € RY, the i"th coordinate of p(w) € R™ is

def oi(w)
- w}+a :

pi(w) (7.2.1)

Based on this quantity, we define the following procedure, derived from approximating a quasi-
Newton update on the objective F from (7.1.4):

def

i(w) -1
[Descent(w,C,n)]; = w; [1 + - pi(w) —1

pi(w)+1] forallie CC{1,2,...,m} (7.2.2)

Using these definitions, we can now describe our algorithm. Depending on whether the following
condition (“rounding condition”) holds, we run either Descent( - ) or Round( - ) in each iteration:

Pmax(W) def m[a>]< pi(w) <1+ a. (7.2.3)
1€lm

Specifically, if Inequality 7.2.3 is not satisfied, we run Round( - ), which returns a vector that does
satisfy it without increasing the objective value. We design two versions of Round( - ), one parallel
(Algorithm 7.2.2) and one sequential (Algorithm 7.2.3), with the sequential algorithm having an
improved dependence on ¢, to update the coordinates violating Inequality 7.2.3. We apply one
extra step of rounding to the vector returned after 7ot iterations of Algorithm 7.2.1 and transform
it appropriately to obtain our final output. In the following lemma (proved in Section F.2), we
justify that this output is indeed the solution to Equation (7.1.5).

Lemma 7.2.1 (Lewis Weights from Optimization Solution). Let w € RY,, be a vector at which the objective

.o~ . . 'y ~_ adet . — — ~
(7.1.4) is e-suboptimal in the additive sense for € = Ve e Fw) <F E?iv) < F(w) j €.
Further assume that w satisfies the rounding condition: pmax(w) < 1+ a. Then, the vector w defined as w; =

(aiT(ATWA)‘lai)l/ ¥ satisfies w; ~¢ w; for all i € [m], thus achieving the goal spelt out in Equation (7.1.5).

Algorithm 7.2.1 Lewis Weight Computation Meta-Algorithm

Input: Matrix A € R™", parameter p > 2, accuracy €
Output: Vector w € RY|, that satisfies Equation (7.1.5)

For all i € [m], initialize wl(.o) =1,

Seta = p%z, a@ =max(a, 1), € = Tl \/ﬁf;e;(a+a_l))4’ and Tiota1 = O(max(a™, a) log(m/e)).
fork=1,2,3,...,7 ota1 dO

w® — Round(w*, A, o) > Invoke Algorithm 7.2.2 (parallel) or Algorithm 7.2.3
(sequential)

w® « Descent(@®, [m], 3=1) > See Equation (7.2.2) and Lemma 7.2.2
end for
Set wr < Round(w 7w, A, o)
Return w € R”, where w; = (a] (ATWRA)™'a;)!/e. > See Section F.2

7.2.1 Analysis of Descent( -)

We first analyze Descent( - ) since it is common to both the parallel and sequential algorithms.



Algorithm 7.2.2 RoundParallel(w, A, «)
Input: Vector w € RY, matrix A € R™", parameter « > 0 Output: Vector w € R, satisfying

Inequality 7.2.3
1: Define p(w) as in (7.2.1)
2: whileC = {i| pi(w) >1+a} #0 do
3: w « Descent(w, C, %1) > See Section 7.3
4: end while
5. Return w

Algorithm 7.2.3 RoundSequential(w, A,«)

Input: Vector w € R”}), matrix A € R™", parameter a > 0
Output: Vector w € RZ), satisfying Inequality 7.2.3

: Define p(w) as in (7.2.1) and o(w) as in (7.1.7)
: Define C = {i | p;(w) > 1}
: for ie Cdo
w; < w;i(1 + 0;), where 6; solves p;(w) = (1 + d;0:(w))(1 + 6;)* > see Section 7.4
end for
: Return w

Lemma 7.2.2 (Iteration Complexity of Descent( - )). Each iteration of Descent( - ) (described in
Equation (7.2.2)) decreases the value of ¥. Assuming that Round( -) does not increase the value of the
objective in (7.1.4), for any given accuracy parameter 0 < ¢ < 1, the number of Descent( - ) steps that
Algorithm 7.2.1 performs before achieving F (w) < F (w) + € is given by the following bound:

T total = O(max(a‘l, 0() log(m/g))

As is often the case to obtain such an iteration complexity, we prove Lemma 7.2.2 by incorporating the
maximum sub-optimality in function value (Lemma 7.2.5) and the initial error bound (Lemma 7.2.4)
into the inequality describing minimum function progress (Lemma 7.2.6). The assumption that
Round( - ) does not increase the value of the objective is justified in Lemma 7.3.1.

Since our algorithm leverages quasi-Newton steps, we begin our analysis by stating the gradient and
Hessian of the objective in (7.1.4) as well as the error at the initial vector w®, as measured against
the optimal function value. The Hessian below is positive semidefinite when a > 0 (equivalently,
when p > 2) and not necessarily so otherwise. Consequently, the objective is convex for a > 0, and
we therefore consider only this setting throughout.

Lemma7.2.3 (Gradientand Hessian). Foranyw € RY,), the objectivein (7.1.4), ¥ (w) = —log det(ATWA)+

T=1Tw'*?, has gradient and Hessian given by the following expressions.

[VF (w)]; = w; ' - (i ** = oi(w)) and V2F (w) = W P(w)PW™ + aW*1,

Lemma 7.2.4 (Initial Sub-Optimality). At the start of Algorithm 7.2.1, the value of the objective of (7.1.4)
differs from the optimum objective value as F (w¥) < F (W) + nlog(m/n).



Minimum Progress and Maximum Sub-optimality in Descent( - )

We first prove an upper bound on objective sub-optimality, necessary to obtain a runtime polylog-
arithmic in 1/e. Often, to obtain such a rate, the bound involving objective sub-optimality has a
quadratic term derived from the Hessian; our lemma is somewhat non-standard in that it uses only
the convexity of . Note that this lemma crucially uses Inequality 7.2.3.

Lemma 7.2.5 (Objective Sub-optimality). Suppose w € R and pmax(w) < 1+ a. Then the value of the
objective of (7.1.4) at w differs from the optimum objective value as follows.

1+a

(1 + pZSU)) (pi(w) = 1)* < 5max{L,a”™"} )" w] %

w;
1+« o)

Fw)-F@ < Y

i€[m]

Proof. Since g(w) def _ log det(ATWA) is convex and [Vg(w)]; = —wi‘lai(w), we have

§(@) > g(w) + Vg(w) @ —w) = g(w) + ) | (—% . m(w»),

ie[m] !

and therefore,

_ _ 1 _
F @) - F () = @) - g@) + —— Y (@l —w!™)
i€[m]
def  oi(w)w; 1 (=pta o d4a
> Zciwhereci = — 0; +ai(w)+m([w]i+ _wi+ )

ielm]

To prove the claim, it suffices to bound each c; from below. First, note that

> mi v Uz’(w) 1 1+a 1+a) _ a Gi(w) 1+% wlh—a
6z min——— = +oiw) + o (07 -t = - {TF) roi) - o
w1+a .
= o [~api@)"* 7 + (1 + a)piaw) ~ 1] (7.24)

where the first equality used that the minimization problem is convex and the solutions to
—o*z-(w)wl.‘1 + v* = 0 (i.e. where the gradient is 0) is a minimizer, and the second equality used
pi(w) = oi(w)/w}”‘. Applying pi(w) <1+a,1+x <expx,andexpx <1+x+ x*forx <1 yields

Pt = (1= (1= @) < exp(Hpi) = 1) £ 1+ (o) - D+ = (p@) -2 (725

Combining (7.2.5) with (7.2.4) yields that

1+a . _ . _ 2
6> [—api(w)[1+(pl(w; 1)+(pl(wi 1)}+(1+a)pi(w)—1]

1+«

1+a

=1 [—1 +2pi(w) = pi(w)” -

1+a

Mot | =g (14 202 -1

24

1+a

(+pi@)a)(A+pi@) . 1
1+a = l+a

The claim then follows from the fact that for p;(w) < 1+ a, we have + % +1+



1 -1
1+ 2 <5max{l,a™}. O

Lemma 7.2.6 (Function Decrease in Descent( - )). Let w,n € R, with n; € [0, l&] forall i € [m].
Further, let w* = Descent(w, [m], n), where Descent is defined in Equation (7.2.2). Then, w* € RY, with
the following decrease in function objective.

o (Pi() = 1

Flw™) < F(w) - Z %'wl piw)+1 °

i€[m]

The proof of this lemma resembles that of quasi-Newton method: first, we write a second-order
Taylor approximation of ¥ (w*) around w and apply Fact 7.1.6 to Lemma 7.2.3 to obtain the upper
bound on Hessian: V2F (@) = WIP@)@W! + aWe! < WIS (@)W~! + aW*~ 1. We further use
the expression for VF (w) in this second-order approximation and simplify to obtain the claim, as
detailed in Section F.1.

Iteration Complexity of Descent( -)

Proof of Lemma 7.2.2. Since Algorithm 7.2.1 calls Descent(-) after running Round(-), the requirement
Pmax(W) < 1+ a in Lemma 7.2.5 is met. Therefore, we may combine Lemma 7.2.5 alongwith
Lemma 7.2.6 and our choice of n; = 31—07 in Algorithm 7.2.1 to get a geometric decrease in function
error as follows.

m ; -1 2
F(w®) - F (W) < F(w) - F () - m Z‘ w}”%
4 =1 !

< (1 ! ) (F (w) - F(@)). (7.2.6)

~ 30max(1,a) - max(1,a1)

We apply this inequality recursively over all iterations of Algorithm 7.2.1, while also using the
assumption that Round( - ) does not increase the objective value. Setting the final value of (7.2.6)
to €, bounding the initial error as ¥ (w) — ¥ (w) < nlog(m/n) < m* by Lemma 7.2.4, observing
max(1,a) - max(1,a~!) = max(a, a™'), and taking logarithms on both sides of the inequality gives
the claimed iteration complexity of Descent( - ). m]

7.3 Analysis of Round( - ): The Parallel Algorithm

The main export of this section is the proof of our main theorem about the parallel algorithm
(Theorem 7.1.2). This proof combines the iteration count of Descent( - ) from the preceding section
with the analysis of Algorithm 7.2.2 (invoked by Round( - ) in the parallel setting), shown next. In
Lemma 7.3.1, we show that RoundParallel(-) decreases the function objective, thereby justifying the
key assumptionin Lemma 7.2.2. Lemma 7.3.1 also shows an upper bound on the new value of p after
one while loop of RoundParallel( - ), and by combining this with the maximum value of p for termi-
nation in Algorithm 7.2.2, we get the iteration complexity of RoundParallel( - ) in Corollary 7.3.2.

Lemma 7.3.1 (Outcome of RoundParallel(")). Let w™ € RY bethestateof w € R, at theend of one while
loop of RoundParallel(-) (Algorithm 7.2.2). Then, F (w*) < F(w) and pmax(w™) < (1+ m)‘“pmax(w).

Proof. Each iteration of the while loop in RoundParallel( - ) performs Descent(w, C, %1) over the
set of coordinates C = {i : pj(w) > 1 + a}. Lemma 7.2.6 then immediately proves ¥ (w") < ¥ (w),
which is our first claim.



To prove the second claim, note that in Algorithm 7.2.2, for every i € C

1 i 3

=]

. w;i | pi(w) —
w; =w; + [—pi(w)+1 >w

+ﬁ[L]—w1+L
""3a [1+1+al 3a(2+a))’

where the second step is by the monotonicity of x — %=1 for x > 1. Combining it with w; = w; for
all i ¢ C implies that w* > w. Therefore, for alli € C, we have

p(w*); = [w T [A(ATWTA) AT < [1+

m] W [AATWA) AT (73.)

O

Corollary 7.3.2. Let w be the input to RoundParallel( - ). Then, the number of iterations of the while
loop of RoundParallel( -) is at most O ((1 +a7?) log( pm“(w))).

1+a

Proof. Letw™ be the value of w at the start of the i"th execution of the while loop of RoundParallel(-).
Repeated application of Lemma 7.3.1 over k executions of the while loop gives pmax(w®) <

—ak —ak
Pmax (W )(1 + 0T a)) . We set Pmax(W) (1 + m) ¢ <1+ a in accordance with the termination
condition of RoundParallel( - ). Next, applying 1 + x < exp(x), and taking logarithms on both sides
yields the claimed limit on the number of iterations, k. m]

Lemma 7.3.3. Over the entire run of Algorithm 7.2.1, the while loop of RoundParallel( - ) runs for at
most O (‘Ttoml -a” log(n(1+a))) iterations if a € (0,1] and O(Ttoml a- log( 1+a))) iterations if a > 1.

Proof. Note that pmax(;;) < (%)“0‘; consequently, in the first iteration of Algorithm 7.2.1, there
are at most O((a + a=2)log(m/(n(1 + a)))) iterations of the while loop of RoundParallel( - ) by
Corollary 7.3.2. Note that between each call to RoundParallel( - ), for all i € [m],

i "3a |piw)+1|T T 3a [1+1+a ' Ba)R+a))’

where the first inequality is by using the fact that the output w of RoundParallel( - ) satisfies
Pmax(w) <1+ a. Therefore, applying the same logic as in (7.3.1), we get that between two calls to

-
RoundParallel( - ), the value of p;(w) increases by at most (1 - (30[_)(17&)) e _ OQ1) for all i € [m].
Combining this with Corollary 7.3.2 and the total initial iteration count and observing that Tt is

the total number of calls to RoundParallel( - ) finishes the proof. O

IS

7.3.1 Proof of Main Theorem (Parallel)

Proof. (Proof of Theorem 7.1.2) First, we show correctness. Note that, as a corollary of Lemma 7.2.2,
F(wTwea)) < F(w) + €. By the properties of Round as shown in Lemma 7.3.1, we also have that
F(wgr) < F (@) + € and pmax(wr) < 1+ & for wg = Round(w 7w, A, ). Therefore, Lemma 7.2.1
is applicable, and by the choice of ¢ = o \/ﬁf;)efa+a‘1))4’ we conclude that w € R™ defined as

= (aiT(ATWRA)‘lai)l/ * satisfies w; ~. w; for all i € [m]. Combining the iteration counts of
Descent( - ) from Lemma 7.2.2 and of RoundParallel( - ) from Lemma 7.3.3 yields the total iteration

count as O(a=3log(m/(ea))) if a < 1 and O(a? log(m/e€)) if & > 1. As stated in Section 7.1.4, & = ﬁ,




and so translating these rates in terms of p gives O(p® log(mp/€)) for p > 4 and O(p~2 log(mp/€)) for
p € (2,4), thereby proving the stated claim. The cost per iteration is O(mn?)° for multiplying two
m X n matrices. O

7.4 Analysis of Round( - ): Sequential Algorithm
We now analyze Algorithm 7.2.3. Note that these proofs work for all & > 0.

Lemma 7.4.1 (Coordinate Step Progress). Given w € R, a coordinate i € [m], and 6; € R, we have

w1+a
F (w + d;wie;) = F (w) — log(1 + d;0:(w)) + 1 :_ a((l +6;)1 —1).
Proof. By definition of ¥, we have
ZU.H“
1y.p)) = — T 1y T I+a |, 1 A+a
F(w + d;wie;) = logdet(A WA + d;wia;a; ) + Toa Z w; ™+ o 01(1 +6;) .

Recall the matrix determinant lemma: det(A +uv") = (1 + vTA7lu)det(A). Applying it to
det(ATdiag(()w + d;wie;)A) in the preceding expression for F (w + d;w;e;) proves the lemma.

O

Lemma 7.4.2 (Coordinate Step Outcome). Givenw € R and C = {i : p;(w) > 1}, let wt = w+d;we; for
any i € C, where 6; = arg min; [— log(1 + 60i(w)) + Tz w! (1 + 6)1** — 1)]. Then, we have ¥ (w*) <
F (w) and pi(w*) < 1.

Proof. We note that min; [— log(1 + 60;(w)) + ﬁw}” (1+0)l+e — 1)] < 0. Then, Lemma 7.4.1
implies the first claim. Since the update rule optimizes over # coordinate-wise, at each step the
optimality condition given by p;(w*) = 1 is met for each i € C. The second claim is then proved by

noting that for j # i, w;r = wj and by the Sherman-Morrison-Woodbury identity, pj(w*) < p;(w):

(a] (ATWA) 1a;)?
aT(ATW*A) g = al (ATWA) g, — S0 ——— — <al (ATWA)a;.
J J 1+ 6iwial. (ATWA)_ a; /

O

Lemma 7.4.3 (Number of Coordinate Steps). Forany0 < ¢ < 1, over all T 1oy iterations of Algorithm 7.2.1,
there are at most O(m max(«, a~1) log(m/€)) coordinate steps (see Algorithm 7.2.3).

Proof. There are at most m coordinate steps in each call to Algorithm 7.2.3. Combining this with the
value of Tiota1 in Algorithm 7.2.1 gives the count of O(ma! log(m/¢)) coordinate steps. O

This can be improved to O(mn®™!) using fast matrix multiplication.



7.4.1 Proof of Main Theorem (Sequential)

We now combine the preceding results to prove the main theorem about the sequential algorithm
(Algorithm 7.2.1 with Algorithm 7.2.3).

Proof of Theorem 7.1.3. The proof of correctness is the same as that for Theorem 7.1.2 since the
parallel and sequential algorithms share the same meta-algorithm. Computing leverage scores in
the sequential version (Algorithm 7.2.1 with Algorithm 7.2.3) takes O(m max(a, a~!) log(m/(ae))) co-
ordinate steps. The costliest component of a coordinate step is computing a. (AT (W + 6iwieie;r)A)‘1ai.
By the Sherman-Morrison-Woodbury formula, computing this costs O(n?) for each coordinate. Since
the initial cost to compute (ATWA)~! is O(mn?), the total run time is O(max(a, a~!)ymn? log(m/e)).
In terms of p, this gives O(pmn? log(mp/e€)) for p > 4 and O(p~'mn?log(mp/e)) for p € (2, 4). O

7.5 A “One-Step” Parallel Algorithm

We conclude this chapter with an alternative algorithm (Algorithm 7.5.1) in which each iteration
avoids any rounding and performs only Descent( - ).

Algorithm 7.5.1 One-Step Algorithm

Input: Matrix A € R"™", parameter p > 2, accuracy €
Output: Vector w € R”, that satisfies Equation (7.1.5)

a4 4
@2m( \/ﬁ+a;:(a+a‘1))4 :
O(a=3log(mp/€)) ifa € (0,1]

O(a?log(mp/e)) a>1

1: For all i € [m], initialize w§0) =1.Seta = ﬁ. Set e =
2: Setp = ﬁ min(a?,1) and Tiotal = {
3: fork=0,1,2,3,...,Ttoral — 1 doO

4: Let n(k) € R™ where for all i € [m] we let n

* _ % If pl(w(k)) > 1
P L if piw®) <1

3a
5: w**D  Descent(w®, [m], n®) > See Equation (7.2.2) and Lemma 7.2.2
6: end for
7: Return w € R, where w; = (aiT(ATW(Ttotal)A)_lai)l/ a, > See Section F.2

Theorem 7.5.1 (Main Theorem (One-Step Parallel Algorithm)). Given a full rank matrix A € R™"
and p > 4, we can compute e-approximate Lewis weights Equation (7.1.5) in O(p® log(mp/€) iterations.
Each iteration computes the leverage score of one row of DA for some diagonal matrix D. The total runtime
is O(p*>mn?log(mp/e€)).

We first spell out the key idea of the proof of Theorem 7.5.1 in Lemma 7.5.2 next, which is that
Inequality 7.2.3 is maintained in every iteration through the use of varying step sizes, without
explicitly invoking rounding procedures. Since Inequality 7.2.3 always holds, we may use Lemma 7.2.5
in bounding the iteration complexity.

Lemma 7.5.2 (Rounding Condition Invariance). For any iteration k € [T o — 2] in Algorithm 7.5.1, if
pmax(w(k)) <1+ aq, then pmax(w(k+1)) <1l+a.

Proof. By the definition of Descent( - ) in Equation (7.2.2) and choice of ngk) in Algorithm 7.5.1, we



have,

(k)y —
k) () W [pi@™) =1
. =W, 1 _— 7.5.1
w; w; [ +1; (pl(w(k)) 1 ( )
> w1 - 2w (1 - %) (752)

Applying this inequality to the definition of p(w) in (7.2.1), for all i € [m], we have

(k+1)
ﬁ

w - 1 “1 D)
(7KDY — i Tyw(k+1) _
1

d o } pi(w®)., (7.5.3)
w.
1

Plugging Inequality 7.5.2 into Inequality 7.5.3 when p;(w®) < 1 and using the upper bound on 8
yields that

g \ =1+
piw® D) < (1 - ﬁ) <l+a.

If p;(w®) > 1, then Inequality 7.5.3, the equality in Inequality 7.5.2, the bound on 8, and p;(w®) < 1+«

imply that
-1 (w®y =1
Pi(w(k+1)) < (1 - %) [1 + 1 (pl(w—)l) Pi(w(k)) <1+a.

O

Proof of Theorem 7.5.1. By our choice of w§0) = 1for all i € [m], we have that p;(w©®) = ¢;(w®) < 1 by
Fact 7.1.6. Then applying Lemma 7.5.2 yields by induction that pmax(w®) < 1 + a at every iteration
k. We may now therefore upper bound the objective sub-optimality from Lemma 7.2.5; as before,

combining this with the lower bound on progress from Lemma 7.2.6 (noticing that 1; > 5= ) yields

- w W ﬁ . +a pl(w) - 1)2
Fw) - F@ S F@ - F® - ) ol ey
B _
U 30 max(1, a) max(1, a—l)) (F (w) — F (). (7.5.4)

Thus, Descent( - ) decreases ¥. Using ¥ (w) — ¥ (w) < nlog(m/n) < m? from Lemma 7.2.4 and
setting Inequality 7.5.4 to € gives an iteration complexity of O a~! log(m/€)) = O(a~2 log(m/¢))
if a € (0,1] and O(af ! log(m/<)) = O(alog(m /<)) otherwise. As in the proofs of Theorem 7.1.2 and
Theorem7.1.3, we theninvoke Lemma 7.2.1 to construct an e-approximation to the Lewis weights. O



Chapter 8

Online Bidding Algorithms for Return-on-Spend Constrained
Advertisers

Online advertising has recently grown into a highly competitive and complex multi-billion-dollar
industry, with advertisers bidding for ad slots at large scales and high frequencies. This has resulted
in a growing need for efficient "auto-bidding" algorithms that determine the bids for incoming
queries to maximize advertisers’ targets subject to their specified constraints. This work explores
efficient online algorithms for a single value-maximizing advertiser under an increasingly popular
constraint: Return-on-Spend (RoS). We quantify efficiency in terms of regret relative to the optimal
algorithm, which knows all queries a priori. We contribute a simple online algorithm that achieves
near-optimal regret in expectation while always respecting the specified RoS constraint when the
input sequence of queries are i.i.d. samples from some distribution. We also integrate our results
with the previous work of Balseiro, Lu, and Mirrokni [BLM20] to achieve near-optimal regret
while respecting both RoS and fixed budget constraints. Our algorithm follows the primal-dual
framework and uses online mirror descent (OMD) for the dual updates. However, we need to use
a non-canonical setup of OMD, and therefore the classic low-regret guarantee of OMD, which is
for the adversarial setting in online learning, no longer holds. Nonetheless, in our case and more
generally where low-regret dynamics are applied in algorithm design, the gradients encountered
by OMD can be far from adversarial but influenced by our algorithmic choices. We exploit this key
insight to show our OMD setup achieves low regret in the realm of our algorithm.

8.1 Introduction

With the explosive growth of online advertising into a billion-dollar industry, auto-bidding — the
practice of using optimization algorithms to generate bids for search queries on behalf of advertisers
— has emerged as a predominant tool in online advertising [ABM19, BG19, BCH"21, GJLM21,
DMMZ21, BDM*21a, BDM*21b, GYC*22]. Unlike manual cost-per-click bidding, which requires
advertisers to manually submit bids for new search queries, auto-bidding needs only high-level
goals and constraints from advertisers. The advertising platform then deploys its auto-bidding
agent, which, using its underlying optimization algorithms, transforms these inputs into fine-
grained bids. Hence, designing an efficient bidding algorithm for advertisers to meet their targets
while respecting their specified constraints constitutes a central problem in online advertising.

We study return-on-spend (RoS) constrained auto-bidding for a single bidder. The RoS constraint
requires the ratio of the bidder’s total value to its total payment to be at least some specified target
ratio. In practice, this captures popular constraints like target cost-per-acquisition (tCPA) and target
return-on-ad-spend (tROAS).! Our algorithm, though tailored to the RoS constraint, easily adapts

1See Google ads support page and Meta business help center for examples.
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to an additional budget constraint on the total payment.

Our setting is stochastic: In each round, a search query and auction are generated i.i.d. from
an unknown distribution, after which the bidder observes the value of the query and submits
a bid. The auction mechanism specifies if the bidder wins and the price. We aim to design an
online bidding algorithm for the bidder to maximize its total value respecting the RoS and budget
constraints.

8.1.1 Our Main Result

We evaluate our algorithm’s performance via regret ( Equation (8.2.8)), its expected loss over
instances in reference to the offline optimal solution. Our main result follows.

Theorem 8.1.1 (Informal; see Theorem 8.5.2). We give an algorithm (Algorithm 8.5.2) for value
maximization under RoS and budget constraints, which, for a T-length input i.i.d. sequence of search queries,
provably attains O(NT log T) regret while respecting both the budget and RoS constraints.

Our notion of regret differs from that in online learning, which compares the algorithm to the
optimal fixed strategy over all instances. Moreover, our guarantee on the constraints is for each
instance (i.e. worst-case) rather than in expectation. Our result holds for i.i.d. input sequences and
under an additional mild technical assumption on the input distribution (Assumption 8.4.1). To
the best of our knowledge, ours is the first algorithm attaining near-optimal regret satisfying both
budget and RoS constraints in any outcome. In doing so, we improve upon the work of [BLM20],
which obtains similar guarantees under only budget constraints.

8.1.2 Our Main Techniques

Underlying all our algorithms is a primal-dual framework similar to that used by [BLM20]. Such
a framework lets our algorithms adapt to the changing values and prices of input queries while
respecting the advertisers’ specified constraints and goals over the entire time horizon. Specifically,
the dual variable (which tracks the constraint violation) is updated via online mirror descent (OMD)
using the generalized cross-entropy function, which imposes a large (exponential) penalty on total
constraint violation.

An immediate technical challenge in attempting to use generalized cross-entropy as the mirror
map is its lack of strong convexity on the non-negative orthant. While this mirror map appears
in [BLM20] as well, here, the fixed budget constraint bounds the corresponding dual variable
by a constant, which in turn implies the desired strong convexity on the space over which their
algorithm operates. In our case (with the RoS constraint), there exist example inputs on which no such
bound exists, thus necessitating a novel analysis that circumvents the lack of strong convexity.

Our novel insight is as follows. While the low-regret guarantee of OMD with a strongly convex
mirror map holds even when the gradients seen by OMD are adversarial, OMD’s dual updates
in our algorithm produces gradients that are connected to our primal algorithmic decisions (i.e.,
bids); this connection suffices to give our algorithm the low-regret guarantee even without a strongly
convex mirror map. In a white-box adaptation of the OMD analysis tailored to our algorithm, we use
this connection along with properties of the generalized cross-entropy function from the (offline)
positive linear programming literature [AZO14].

Our Algorithmic Outline. To build up to our result, we first obtain a O( VT)-regret algorithm
(Algorithm 8.3.1) for value maximization under an approximate RoS constraint, which allows
up to O(VTlogT) constraint violation; Assumption 8.4.1 is not needed for this result. When



Assumption 8.4.1 holds, a simple modification to Algorithm 8.3.1 yields Algorithm 8.4.1, with a
O(VT log T) regret guarantee under a strict RoS constraint (Theorem 8.4.4). We then combine Algo-
rithm 8.3.1 with ideas from [BLM20] to design Algorithm 8.5.1, which attains O( T )-regret under
two constraints: strict budget and approximate RoS. Finally, unifying ideas from Algorithm 8.4.1
and Algorithm 8.5.1 yields our main result.

To turn an algorithm that only approximately satisfies a constraint into one that strictly satisfies it,
we employ a simple strategy: We first submit a sequence of bids that lets us accumulate a slack
on the RoS constraint (at the cost of bidding sub-optimally), followed by the existing algorithm,
which suffers some bounded constraint violation (see Section 8.4). The first phase compensates
for the constraint violation from the subsequent iterations. This allows trading off the violation
on the RoS constraint for the objective value.

8.1.3 Related Work

Our problem falls under the broader umbrella of online optimization under stochastic time-
varying constraints, and it has seen a long line of research by various research communities,
e.g. IMTY09, MJY12, MY]J13, AD14, YNW17, BKS18, ISS519, YN20, BLM20, CCM*22, GYC*22].

Most of these works study the budget constraint, e.g., [DJSW19] prove the optimal O( VT)-regret under
linear objective and constraints, [AD14] generalizes this beyond the linear objective, and [BLM20]
generalizes it to nonlinear budget constraints. The RoS constraint we study is fundamentally
different from these packing-type constraints studied in these works as well as in [BKS18, ISS519].
There also exist papers that study a variant of our problem with a constraint class more general
than ours (e.g. [AD14, CCM*22]); however, they do not provide guarantees as strong as ours, as
we elaborate next.

For example, [CCM*22] gives a primal-dual framework using regret minimization, which, when
adapted to our bidding problem under the RoS constraint, achieves O(T%*) regret with O(T%/4)
constraint violation (both with high probability). Both bounds are polynomially weaker than
our guarantees (that further hold deterministically). Their bounds improve to O(T'/?) under a
‘strictly feasible” assumption, which is essentially our Assumption 8.4.1; in contrast, under that
assumption, we guarantee strict constraint satisfaction (Theorem 8.4.4). Moreover, their algorithm
uses techniques from the multi-armed bandits literature, thus requiring values and bids to be
of finite size n,, n, respectively, and their regret bound scales with 7, /n,. Our algorithm works
directly with continuous values and bids.

Another example is [AD14], which considers general online optimization with convex constraints.
This work uses black-box low-regret methods that rely on a globally strongly convex regularizer
over the dual space, and a sub-linear regret bound is attainable only when the dual space is
well-bounded (e.g. a scaled simplex) or the dual variable can be projected onto such a space without
incurring too much additional regret. This canonical approach turns out to be difficult for the RoS
constraint, which can incur poor problem-specific parameters in generic guarantees. Hence, this
technique cannot give sub-linear regret for the RoS constraint. To circumvent this issue, we rely
on problem-specific structure rather than globally strongly convex regularization.

Another closely related work is [GJLM21] which investigates the same problem we do but with the
RoS and budget constraints holding only in expectation over the distribution; in contrast, our constraint
guarantees hold for any realization of samples. Though [G]JLM21] give an example where bidding
based on the optimal offline (fixed) dual variable cannot achieve sub-linear regret, it does not
contradict our results since our algorithm is adaptive rather than bidding based on fixed offline



optimal dual variables. Our algorithm updates our dual variables based on the previous outcomes,
which takes advantage of stochastic information to balance the objective and constraint violation.

The problem of learning to bid in repeated auctions has been widely studied in both academia and
industry, e.g. [BCI*07, WPR16, FPS18, HZF20, BFG21, NS21, NCKP22]. These papers mainly
abstract the problem of learning to bid as contextual bandits but do not incorporate constraints
into them. Beyond this, there has been some work on bidding under budget constraints, e.g.,
[BG19, AWL*22], however, these papers focus on utility-maximizing agents with at most one
constraint. [CCBKS22] also considers multiple different constraints in online bidding algorithms,
however, they directly add a regularizer of one non-packing constraint in the objective and apply the
standard dual mirror descent approach to design the algorithms. Their regret bound is measured
against this relaxed objective, whereas, our regret guarantee is relative to the adaptive optimal
benchmark.

Finally, loosely related work includes the AdWords problem [MSVV07, DH09], which manages
budgets for multiple bidders to maximize the seller’s revenue; in contrast, we focus on online
bidding algorithms for a single bidder with RoS and budget constraints.

As a final remark on the novelty of our work, we note that algorithms in this line of research are never
surprising: a gradient-based online optimization blackbox (e.g. OMD) to update dual variables,
with primal variables choosing the best responses. The progress lies largely in analysis techniques
showing if and why such simple methods achieve optimal guarantees in broader settings. For the
budget constraint, [DJSW19] prove the optimal O( VT)-regret under linear objective and constraints,
[AD14] generalizes this beyond the linear objective, and [BLM20] generalizes it to nonlinear budget
constraints. Our result is no exception to this trend in generalizing to RoS constraints, which are
fundamentally different from packing-type budget constraints.

Our result is surprising given prior results for the RoS constraint which either use more compli-
cated algorithms for suboptimal guarantees [CCM*22] or switch to an approach of learning the
distribution, which yields only a bound on the expectation of the constraint error [GJLM21]. It is a
bonus that our algorithm continues to remain simple and practical while achieving both optimal
regret and ex-post constraint error bound.

8.2 Preliminaries

We consider an online bidding model for a single learner (auto-bidder): At each time step t, nature
stochastically generates for the learner an ad query associated with a value v; € [0,1] and an
auction mechanism (x¢, p;), where x; : Rxg = [0, 1] is an allocation function and p; : R0 + [0, 1]
the expected payment rule.? We assume the following stochastic model: (v, x¢, p;) are drawn
independently and identically (i.i.d.) from an unknown distribution. At each time step ¢, the value
vy is known to the learner before making a bid, and the learner decides its bid b; given v; and
historical information. At the end of time step ¢, the learner observes the realized outcome of the
auction mechanism, i.e., x¢(b;) and p(b;).

We focus only on truthful auctions. This requires that the allocation function x(b) be non-decreasing
with the input bid b and the payment function p; be characterized by [Mye81] as

b

pi(b) = b-x:(b) - f (. 8.2.1)

z=0

2Qur algorithm’s regret guarantee depends linearly on the scales of the valuation and payment, and the assumed
bounds on these quantities are for theoretical simplicity.



For instance, the well-known second-price auction for a single item is truthful, and its payment
function satisfies Equation (8.2.1). Note the payment must be zero when the allocation is zero, and
the payment is also at most the bid. This work also assumes v; - x;(b;) to be the realized value of the
learner in each round.

We design online bidding algorithms to maximize the learner’s total realized value subject to an
RoS constraint. Formally, the optimization problem under RoS constraint we study is

maximize Zt 1 0t - x¢(by)
bt=1,-,T (8.2.2)
subjectto  RoS: Y., pi(br) < Y.L, 0t - x:(by),

where RoS > 0 is the target ratio of the RoS bidder. Throughout this chapter we assume without
loss of generality® that RoS = 1. As noted in Section 6.1, our results can be extended to handle
different learner objectives, e.g., a hybrid version between utility maximizing and value maximizing
Zthl vt - x¢(bt) — Tps(by) for some 7 € [0, 1].

To simplify notation, we denote the difference between value and price in iteration t as

g1(b) == vt - x¢(b) — pr(D), (8.2.3)

and now the RoS constraint in Problem 8.2.2 may be stated as

T
Z gt(by) > 0. (8.2.4)
t=1

Our algorithm also extends to the bidding problem subject to an additional budget constraint:

maximize v - xi(b
brtel - T Zt 1¢t" t( t)

subjectto Y., pr(br) < L.q 0t - xi(by), (8.2.5)
Y piby) < pT.

where pT is the budget and p > 0 (assumed a fixed constant) is the limit of the average expenditure
over T rounds (ad queries).

To collect notation, we denote the sample (ad query and auction) at time t as a tuple y; = (vy, pr, X¢)
and assume y; ~ P for all t € [T]. We denote the sequence of T samplesby ¥ := {y1,y2,...,y1} ~ P’
and sequences of length ¢ # T by ; where needed.

Analysis setup. We use the notions of regret and constraint violation to measure the performance
of our algorithms. To define the regret, we first define the reward of Alg for a sequence of requests
7 over a time horizon T as

T
Reward(Alg, 7/ Z o1 - x1(by). (8.2.6)
t=1

Next, we define the optimal value in the same setup as for Alg as

T
Reward(Opt, 7) := maximumy,cg Z v - x(by), (8.2.7)
t=1

For any RoS # 1, we can scale the values to be v; := RoS - v;.



where 8 is the exact set of constraints. These definitions lead to the definition of regret of Alg in this
setup as

Regret(Alg, P7) := B~ _pr [Reward(Opt,7) - Reward(AIg,?)] . (8.2.8)

We remark that we define Reward for some specific input sequence, whereas Regret is defined with
respect to a distribution.

Finally, we use online mirror descent as a technical component in our analysis. In this regard, we
use Vi (y,x) = h(y) — h(x) — I’ (x) - (y — x) to denote the Bregman divergence of y in reference to
x, measuring with the distance-generating function (“mirror map”) h. We review online mirror
descent in the supplemental material.

8.3 Approximate RoS Constraint

As noted in Section 8.1.2, we first design and analyze an algorithm for Problem 8.2.2 allowing
for sub-linear violation of the RoS constraint. The main export of this section is this algorithm
(Algorithm 8.3.1) and its guarantee (Theorem 8.3.1).

To explain Algorithm 8.3.1, we first rewrite Problem 8.2.2 as

T

T
maximize, {Z v; - xi(b;) + rgig\/\ . Z gi(bi)} , (8.3.1)
= i=1

i=1

in which ZiTzl gi(bi) > 0 is enforced using the minimization via the dual variable A that applies an
unbounded penalty for the constraint violation. We update, in each iteration ¢, the bid b; and the
current best penalizing (dual) variable dual variable A;, described next.

Updating the bid. Based on the formulation in Problem 8.3.1, our algorithm chooses the bid b; as
the maximizer of the penalty-adjusted reward of the current round, with the penalty applied by the
current dual variable A;:

v x(b) — pt(b)] — (8.3.2)

b; = arg max L+
L gsz At

At
where the final step is because of the auction being truthful.* The final expression for b; is consistent
with the setting that we first observe only the value v; before making the bid.

Updating the dual variable. To maintain a meaningful dual variable, we relax the penalty on
the constraint violation in Problem 8.3.1 by adding a scaled regularization function h(A). This
regularizer prevents A from getting too large:

3 h(A
A i) + 2
i=1

T
maxy,) {Z v; - xi(bj) + min } , (8.3.3)

i=1
where a > 0 is the scaling factor of the regularizer to be set later. At any iteration t, the value of

At41 is chosen to be the minimizer of the inner constrained minimization problem (until iteration
i = t). We choose the generalized negative entropy h(u) = ulogu — u, which gives the following

“Because it is a truthful auction, we have V,x,(b) > 0, which, when used in the definition of b;, gives the claimed final
step.



expression for As,;.

A1 :argrilzigl gt(br) - A+ Vi, t)] A1 -exp

t
Z a '(bi)] : (8.3.4)

i=

Through this rule, a net constraint violation (i.e., Zl 1 &i(bi) < 0) makes the next dual variable (A1)
exponential in the net violation, which in turn shrinks the next bid (in Equation (8.3.2)); on the other
hand, an accumulated buffer in the net constraint violation (i.e., Zle gi(bi) > 0) encourages A4 to
be small, allowing the next bid to grow. We formalize this notion in Lemma 13 and now display
Algorithm 8.3.1 and its guarantee, Theorem 8.3.1.

Algorithm 8.3.1 Bidding under an approximate RoS constraint in a truthful auction (i.i.d. inputs).

1: Input: Total time horizon T and requests 7 from the distribution $7.

2: Initialize: Initial dual variable A; = 1 and dual mirror descent step size a =

3 fort=1,2,--- ,Tdo

4 Observe the value v;, and set the bid b; = v; + %

5 Observe the price p; and allocation x; at b, and compute g;(b;) = vy - x¢(b) — pe(by).
6

7

8

<+

Update the dual variable as A¢1 = Arexp [—a - g(by)].
: end for
: return The sequence {bt}tT:1 of generated bids.

Theorem 8.3.1. With i.i.d. inputs from a distribution P over a time horizon T, Algorithm 8.3.1 guarantees,
for Problem 8.2.2, an RoS constraint violation of at most 2T N'T log T and a regret bound of

Regret(Algorithm 8.3.1,PT) < O(VT). (8.3.5)

The proof of the theorem is an application of our chief technical results Lemma 13 and Lemma 14,
which we sketch next.

8.3.1 Constraint Violation of Algorithm 8.3.1

To conclude that the constraint described by Inequality 8.2.4 is violated by only a small amount
in Algorithm 8.3.1, we observe that when the cumulative violation is (non- trivially) larger than
1/a, the exponential function quickly makes A huge; in turn, our bid b; = v; + < . prevents us from
over-bidding. Formally, we show the following result, later used in Theorem 8.3.1 to obtain the
stated constraint violation bound.

Lemma 13. Consider the sequence {/\t} starting at Ay = 1 and evolving as A1 = Apexp [—agi(by)]
where g(by) satisfies g(by) > — tmd o= \/T' Then,

T
=) gi(b) <2VTlogT.
t=1

Proof. Equation (8.3.4) implies A;41 = exp [—a Y18y (by)]. If — Zthl gi(br) < VTlog T, we are done.
If this is not the case, let T’ be the last time that — Zth/l gi(by) < \T log T, so we know for any t > T,



the dual variable A; must be larger than T since

Ay = Ay -exp

—azt: gt/(bt/)] > exp [a ﬁlog T] =T,

r=1
which suggests
1 1
- <—<= " 3.
gi(by) < LT Yt>T (8.3.6)

Finally, using Inequality 8.3.6 to bound the terms after iteration T” and the fact that there are at
most T such iterations gives

T T
=Y by ==Y gib) = Y gilbr) < VTlogT+1 <2VTlogT.
t=1 t=1

t>T'

8.3.2 Regret of Algorithm 8.3.1

As noted in Section 6.1, our RoS constraint differs fundamentally from the well-studied budget
constraint, which is why regret guarantees from the latter (e.g., [BLM20]) do not transfer to our
setting. In the primal-dual framework, the dual variables corresponding to the budget constraint
are naturally upper bounded by a constant, which is critical for sub-linear regret bounds with the
existing analysis framework. Such bounds do not exist in general, which is why efforts to extend
the approach beyond the budget constraint have used much more complicated algorithms (albeit
getting weaker regret guarantees, e.g., [CCM*22]).

Our key insight is to recognize the RoS constraint’s special structures that enable near-optimal
results even with unbounded dual variables in the basic primal-dual method (which has no reason
to perform well on arbitrary constraints). This is captured in Proposition 8.3.3 and Lemma 14.

We first state the following upper bound on the regret whose proof follows the primal-dual
framework of Theorem 1 in [BLM20]; our effort in the remaining section is towards bounding the
right-hand side of this result.

Proposition 8.3.2. With i.i.d. inputs from a distribution P over a time horizon T, the regret of Algorithm 8.3.1
on Problem 8.2.2 is bounded by

Regret(Algorithm 8.3.1,P") < B _pr

Y A -gt<bt>],

te[T]

where gy and Ay are as defined in Line 5 and Line 6 of Algorithm 8.3.1. We note that the bound on the
right-hand side can be negative since Algorithm 8.3.1 does not guarantee Zthl gt(b) = 0, but we do show a
bound on the worst-case constraint violation in Lemma 13.

Bounding the regret then requires bounding Zthl At - g1(br). We start with the following structural
lemma about the gradient.

Proposition 8.3.3. Let g; be as defined in Equation (8.2.3) and p; be as defined in Equation (8.2.1). Let

by < 1;—:\’ - vp. Then we have

max(—1/As, =1) < g1(br) < v - x4(by).



Proof. The non-negativity of v; and x; along with the bound p;(b) < 1 immediately give g;(b;) > —1.
Further, the non-negativity of p; from Equation (8.2.1) gives the upper bound g:(b;) < vy - x¢(by).

Using the expression for p; from Equation (8.2.1), we may write g4(b) = (vt — by) - x¢(by) + f ’ x(z)dz.

+At

The non-negativity of x; 1mphes f xt(z)dz > 0. Finally, applying the stated assumption by < —~-v;
and v, x; < 1 gives g¢(by) > ——t, as clalmed |

Proposition 8.3.3 gives us the following intuition for the main technical component (Lemma 14)
of the regret bound. When g;(b;) = —Alt, it means that the dual can grow at most linearly as seen
by A1 = Arexp [-agi(by)] = A+ + @. On the other hand, a large positive g:(b;) decreases the dual
multiplicatively. This suggests there cannot be too many iterations where both the dual and the
(positive) gradient are large, and Proposition 8.3.2 suggests these are exactly the iterations that
contribute a lot to the regret bound. We capture the above intuition in the following lemma.

Lemma 14. For any input sequencey of length T, running Algorithm 8.3.1 on Problem 8.2.2 generates
sequences {bt}thl, {gt}tT:1 and Mf}thl such that for any A > 0, we have

(/1)

thaat) (A = A) < =522 4 (1= Ap) + O(VT),

where V),(-, ) is the Bregman divergence with h(u) = ulogu — u.
Proof. We first split g(b;) - (At — A), for any A > 0, as:
age(by) - (At — A) = agi(by) - (At = A1) + age(br) - (Ars1 — A). (8.3.7)
The dual variable update in Algorithm 8.3.1 implies
gi(b) = a og(Ae/Ar). (83.8)
For the mirror map h(u) = ulogu —u, the Bregman divergence Vj,(y, x) = h(y) — h(x) —=h’(x) - (y — x) is
Vi(y, x) = ylog(y/x) -y +x. (8.3.9)
We may then bound Equation (8.3.7) as follows:

agi(by) - (Ar = A) = [Vi(A, Ap) = Vi(A, Ap)] = age(br) - (A = Aia) = Vi(Arer, Ar)

Ar = Apgr)?
< agi(by) - (Ar = A1) — Tma(l 1) r(n;x(/l:jt) "
7 +
1
< Eazgt(bt)z ~max(A¢, Aps1), (8.3.10)

where the first step is by applying Equation (8.3.9) and Equation (8.3.8) to Equation (8.3.7), the second
step is by the local strong convexity of V}, as shown in [AZO14] (see Lemma 15 for completeness),
and the final step is by Cauchy-Schwarz inequality. We now show that

zgt(bt) max(At, Apy1) < (A — App1) + 20 + — (8.3.11)

2a T
which when plugged into Inequality 8.3.10, summing over t = 1,2,...,T (and telescoping), and



using the values of A; and « from Algorithm 8.3.1 yields the claimed bound. We now prove
Inequality 8.3.11 in a case-wise manner.

C1

C2

Assume g¢(b;) > 0. Then, the inequality g¢(b¢) < 1 (from Proposition 8.3.3) and our choice of

a= % imply agi(bs) < %/—T, which in turn implies

a
Atr1 = Arexp [—agi(b)] < A - EAt - 8t(by), (8.3.12)
where we used exp(—x) <1 —x/2 for x € [0, 1.5]. Therefore, we have
a a
Egt(bt)z max(A, Aps1) =§gt(bt)2)\t < A= Apa, (8.3.13)

where the first step uses A; > A1 (since this case assumes g;(b;) > 0), and the second step
uses g¢(b) < 1 (from Proposition 8.3.3) and Inequality 8.3.12.

Assuming g:(b;) < 0 gives the following bound:
1
gi(by)* max(Ag, Arr1) = g1(br)* A < T A1, (8.3.14)

where the first step uses A;,1 > Ay (since this case assumes g;(b;) < 0), and the second uses
0 > gi(br) > max(-=1,-1/A¢) (in turn from Proposition 8.3.3).

1

Since g¢(b;) > -l and a = B

we have —ag;(by) < 1. This implies
Ate1 = Arexp [—agi(by)] < eAs. (8.3.15)
Plugging Inequality 8.3.15 back into Inequality 8.3.14 gives
L (b max(Ay, Apny) < == (8.3.16)
204gt t) MmaxX(At, A1) = ol 2.
Using —ag:(b;) < 1 again allows us to claim
Arr1 = Arexp [—agi(br)] < A1 = 2ag1(by)),
where we used exp(x) <1+ 2x for x € [0,1]. Again applying A:g:(b;) > —1 gives

Ate1 = Af < 2a. (8.3.17)

This proves Inequality 8.3.11 and finishes the proof of the lemma. m]

Lemma 15 ([AZO14]). The Bregman divergence of the generalized negative entropy satisfies “local strong
convexity”: forany x,y > 0,

— —1 . —_— 2
Vily,x) = ylogly/x) +x—y = 5oy - (v = %)
Proof. The claimed inequality is equivalent to
1 2



for t > 0. Suppose t > 1. Then, choosing u = 1 — 1/t, Inequality 8.3.18 is equivalent to —log(1 — u) >
u + 1u?, for u € [0,1), which holds by Taylor series. Suppose 0 < t < 1. Then Inequality 8.3.18 is

equivalent to log t — 1 (t - %) > 0, which may be checked by observing that the function is decreasing
and equals zero at t = 1. This completes the proof of the claim. m]

8.4 Strict RoS Constraint

Having started with an algorithm with non-zero (but bounded) violation of the RoS constraint,
we now describe one strictly obeying it. Our core idea (displayed in Algorithm 8.4.1) is as follows.

Suppose we have an algorithm (say, Alg), which can guarantee an at most vReg violation of the RoS
constraint on any sequence ) of input requests. We start by bidding the true value b; = v; in the
initial iterations t = 1,..., K(3’) for some K(3/) — we call this sequence of iterations the first phase.
In a truthful auction, this choice of bids guarantees g;(b;) = v; - x4(b) — ps(bs) > O for all t < K(7 ). In
other words, the bidder builds up a buffer on the RoS constraint. We continue until the cumulative

buffer Zfzq}) gt(by) increases to at least vRos. Starting at iteration K(7 ) + 1, we run Alg afresh (i.e.
without accounting for the first phase); recall, this violates the RoS constraint by at most vges over
the remaining iterations. We refer to this run of Alg as the second phase. Since the buffer from the
tirst phase is enough to offset Alg’s violation in the second phase, there is no violation of the RoS

constraint at the end.

Algorithm 8.4.1 Bidding under a strict RoS constraint in a truthful auction (i.i.d. inputs)

Input: Total time horizon T and requests 7 from the data distribution P7.

Initialize: Set vRog = 2 \/TlogT and t = 1.

while Zf;% Qi(bi) < VRos do > First phase
Observe the value v;, and set the bid b; = v;.
Observe the price p; and the allocation x; at by, and compute g(by) := vy - x¢(b) — pe(by).
Increment the iteration count t =t + 1.

end while

Run Algorithm 8.3.1 with time horizon T — t and the remaining T — t requests from 3/ as input.

> Second phase

9: return The sequence {bt}tT:1 of generated bids from both phases.

8.4.1 Analysis of Algorithm 8.4.1

The high-level idea to guarantee a low regret for Algorithm 8.4.1 is to start with the observation
that the reward collected by Algorithm 8.4.1 for any 7 in T steps is at least that collected by
Algorithm 8.3.1 in the second phase (i.e., the last T — K(7/) steps). The second phase suffers (in
expectation) a regret bounded by the guarantee of Theorem 8.3.1. We then use the i.i.d. assumption
on the input sequence to bound the gap between the expected reward collected by Opt in a sequence
of length T — K(7’) to that in a sequence of length T, which naturally depends on the expected
length of K(7); finally, we show this expected length is at most O( VT log T) under a mild technical
assumption on the input distribution; this bounds the additional regret accrued over the first phase
and thus completes the analysis.

To formally see this, we need two simple technical tools. First, we make the following assumption
on the distribution . Our f is similar to the “strictly feasible’ margin used in the broader literature
(e.g. dg, p in [CCM*22]).



Assumption 8.4.1. Define the parameter f of a distribution P as follows

B = Eypx-p [max(0,v - x(v) — p(v)] .

We assume in our problem f is an absolute constant bounded away from 0 and independent of T.

The parameter f is the expected amount of buffer we accrue per iteration during the first phase.
The assumption of  being a constant bounded away from 0 captures the more interesting scenarios
of bidding under RoS. For example, when the allocation and price functions of each query arise
from a single-item second-price auction, the essence of the problem becomes how best to spend the
extra slack vy — py(v;) gained from queries with v; > p(v;). If B is tiny, or in the extreme case of 5 = 0,
there is nothing to optimize for, and the optimal solution would simply be b; = v; all the time.

Since we need to accrue a buffer of size only O( VT log T), and the expected increment of the buffer
is a constant § per iteration, we can show the first phase has O( VT log T) iterations in expectation.

Proposition 8.4.2. Under Assumption 8.4.1 for the distribution P, let K(3) be the number of iterations in
the first phase of Algorithm 8.4.1 for some input sequence . Then, we have

E= _pr[K(7)] < O(VTlog T).

We also need the following technical statement on the difference in reward collected by Algo-
rithm 8.3.1 and Opt for various lengths of input sequences.

Proposition 8.4.3. Let 7, ~ Pl and 3, ~ P" be sequences of lengths € and r, respectively, with £ < r, of
i.i.d. requests each from a distribution . Then the following inequality holds.
E=, . [Reward(Algorithm 8.3.1,7)| 2 gnz%y,, [Reward(Opt, 7,)] - O(V¥).

The above two results help us bound the regret from the first phase, and we can use Theorem 8.3.1
to bound the regret due to the second phase. Altogether we get the main result below.

Theorem 8.4.4. With i.i.d. inputs from a distribution P over a time horizon T, the regret of Algorithm 8.4.1
on Problem 8.2.2 is, under Assumption 8.4.1, bounded by

Regret(Algorithm 8.4.1,PT) < O(NTlogT).
Further, there is no violation of the RoS constraint in Problem 8.2.2.

Proof. The claim on constraint violation follows by design of the algorithm: we collect a constraint
violation buffer of at least vreg before starting the second phase, in which we are guaranteed to
violate the constraint by an additive factor of at most vRes.

We now prove the claimed regret bound by combining a lower bound on the expected reward and
an upper bound on the expected optimum. To lower bound the algorithm’s reward, we note that it
is at least the reward from the second phase.

Let K(7/) be the random variable that represents the last iteration of the first phase, after which we
run Algorithm 8.3.1. In this proof, we use 7, to denote the sequence 7 from time steps a through
b; when these end points do not matter, we simply denote a length T sequence as /. With this



- -
notation, we have for any sequence y:

T
Reward(Algorithm 84.1,7) > Y v xi(by).
t=K(7)+1

Then taking expectations on both sides and using conditional expectations gives

E- _pr |Reward(Algorithm 8.41,7)| 2 Bx | E_pry)k

T
D o xlb) | KG) = k”

t=k+1
= ]Ek []E%H:TMPT—k [Reward(Algorlthm 8.3.1,7;(_'_1:]"):”
> Ex T_;k . ]E7~¢,T [Reward(Opt,?)]] - O( \/’T), (8.4.1)

where the third step is due to the requests all being i.i.d. and the fact that we run Algorithm 8.3.1 fresh
in the second phase, and the fourth step is by Proposition 8.4.3. Finally, plugging Inequality 8.4.1
into the definition of Regret from Equation (8.2.8) and simplifying:

B _pr [Reward(Opt,?)]
T
< B _pr [K(G)] + O(VT) = O(VTlog T),

Regret(Algorithm 8.4.1,PT) < B _pr [K7)]- +O(VT)

where the third step uses Reward(Opt,7) < T, and the last step uses Proposition 8.4.2 and that g is
a constant (Assumption 8.4.1). a

Despite the two-phased structure of the algorithm, the used vRos can be pessimistic and make us
run the first phase unnecessarily longer. A more practical implementation can break the first phase
into smaller chunks and intermingle them with the execution of Algorithm 8.3.1 on demand. That
is, whenever we are about to violate the RoS constraint in Algorithm 8.3.1, we put it on hold and bid
exactly v; for some iterations until we build up a certain amount of buffer and resume Algorithm 8.3.1,
where these special iterations are ignored (i.e., won't affect the dual variable updates). Intuitively
this can perform better than Algorithm 8.4.1, although without a rigorous regret guarantee.

8.5 RoS and Budget Constraints

In this section, we combine our techniques from Section 8.3 and Section 8.4 with those of [BLM20]
to obtain algorithms that satisfy both the RoS and budget constraints (i.e., Problem 8.2.5).

8.5.1 Approximate RoS and Strict Budget Constraints

We start with a bidding algorithm that satisfies the budget constraint exactly and the RoS constraint
up to some small violation in the worst case. Similar to the bidding rule in Equation (8.3.2), the
candidate bid for this algorithm is the one maximizing the price-adjusted reward, with one dual
variable for each constraint:

1+At
Ui + A

bt = arg Iil;a()X {'Ut . xt(b) + /\t . ('Ut . Xt(b) - pt(b)) — Ut pt(b)} = + O, (851)



where the final equation holds by the definition of a truthful auction. Since the budget constraint is
strict, the candidate bid given by Equation (8.5.1) is used as the final bid in this iteration only if we are
not close to exhausting the total budget, as formalized in Line 4 of Algorithm 8.5.1. Similar to Algo-
rithm 8.3.1, the Lagrange multipliers A; and p; enforce the RoS and budget constraints respectively.

Algorithm 8.5.1 Bidding under an approximate RoS and a strict budget constraint in a truthful
auction (i.i.d. inputs)

1: Input: Total time horizon T, requests J i.i.d. from the distribution $7, total budget pT.
2: Initialize: Initial dual variable A1 =1, y; = 0, total initial budget By := pT, dual mirror descent

. _ 1 _ 1
step size @ = —= and n = TV

3. fort=1,2,---,Tdo
4: Observe the value v;, and set the bid

144 .
bt: #;A‘t-vt lth21 .
0 otherwise

Compute gi(bt) = vt - x¢(br) — pr(by).

Update the dual variable of the RoS constraint A1 = Arexp [—a - g1 (br)] -

Compute g;(by) = p — pi(by).

Update the dual variable of the budget constraint as i1 := Proj,q (it = 1 - 8;(br)).
9: Update the leftover budget B:y1 = Bt — pi(by).

10: end for

11: return The sequence {bt}tT=1 of bids.

Algorithm 8.5.1 may be interpreted as combining our Algorithm 8.3.1 with Algorithm 1 of [BLM20].
The analysis of the regret bound also follows the outline of the main proof of [BLM20], integrating
it with our regret bound for Algorithm 8.3.1 from Theorem 8.3.1. Intuitively the integration is
straightforward since the analyses of both methods are linear in nature, allowing us to easily
decompose the intermediate regret bound from the primal-dual framework into two components
corresponding to the two constraints. We then bound them with the tools from earlier sections to
handle the RoS constraint and those from [BLM20] for the budget constraint.

As for the constraint violation guarantees, the budget constraint is always satisfied by design, and the
RoS violation bound follows from a simple corollary of Lemma 13, which applies here since the extra
budget constraint makes our bid only more conservative than that of Algorithm 8.3.1. We formally
collect and state these results in Theorem 8.5.1, deferring the proof to the supplemental material.

Theorem 8.5.1. With i.i.d. inputs from a distribution P over a time horizon T, the regret of Algorithm 8.5.1
on Problem 8.2.5 is bounded by

Regret(Algorithm 8.5.1,PT) < O(VT).

Further, Algorithm 8.5.1 incurs a violation of at most O( VT log T) of the RoS constraint and no violation of
the budget constraint.

8.5.2 Strict RoS and Strict Budget Constraints

In the case when we impose both strict RoS and strict budget constraints, we essentially combine the
key ideas from Algorithm 8.4.1 and Algorithm 8.5.1: We keep bidding the value until we accumulate



a sufficient buffer on the RoS constraint; following this phase, we run Algorithm 8.5.1, which, as
explained in the preceding section, imposes strict budget and approximate RoS constraints.

Algorithm 8.5.2 Bidding under a strict RoS and a strict budget constraint in a truthful auction (i.i.d.
inputs)

. Input: Total time horizon T, requests 7 i.i.d. from the distribution 7, total budget pT.
Initialize: Set the initial buffer go(bo) = 0, vros = 2 VT log T, initial total budget B; = pT, and
iteration t = 1.

N =

3: while Zf;é gi(bi) < VRos do > First phase
4: Observe the value v;, and set the bid b; = v;.
5 Observe the price p; and the allocation x; at by, and compute g;(by) := vy - x¢(by) — pe(by).
6: Update the total budget to By1 = B — pi(by).
7 Increment the iteration count t =t + 1.
8: if t > pT then
9: Exit algorithm.
10: end if

11: end while

12: Run Algorithm 8.5.1 with time horizon T — t and the remaining T — t requests from J as input
and initial total budget B;. > Second phase

13: return The sequence {bt}tT:1 of generated bids.

Similar to Algorithm 8.4.1, the RoS constraint is not violated; the budget constraint is also respected
via Line 8. The regret analysis follows a strategy similar to that of the proofs of Theorem 8.5.1 and
Theorem 8.4.4. Our main result of this section follows, with its proof in Section G.2.

Theorem 8.5.2. With i.i.d. inputs from a distribution P over a time horizon T, the regret of Algorithm 8.5.2
on Problem 8.2.5 is, under Assumption 8.4.1, bounded by

Regret(Algorithm 8.5.2,PT) < O(VTlogT).
Further, Algorithm 8.5.2 suffers no constraint violation of either the RoS or budget constraint.

8.6 Conclusion

We design algorithms for the online bidding problem under budget and Return-on-Spend constraints,
a problem of tremendous practical importance in online advertising. In particular, we achieve
O(VT) average regret compared to the offline optimal solution in the stochastic i.i.d. model and
up to O( \T log T) violation on the RoS constraint in any outcome; under a mild assumption on the
distribution, this result can be further improved to guarantee o constraint violation. Our algorithm
is simple and easily implementable using the existing pacing controller [CKP*22, CKSSM22].

Our key novelty lies in the insight that when a low-regret learning dynamic is employed in the setting
of designing primal-dual online algorithms, the gradients encountered during the dual updates
may depend on the choices of the primal side of the algorithm (rather than being fully adversarial
as in online learning). Our result is an example where one can exploit problem-specific structures
to come up with tailored low-regret methods and achieve qualitatively stronger guarantees than
those given by generic black-box methods. As low-regret methods have become workhorses in
designing online constrained optimization algorithms, we are optimistic that this high-level idea
may be broadly applicable.
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Appendix A

Appendix for Chapter 2

This chapter contains details and proofs from Chapter 2.
A.1 Previous Results

In this section, we show how to derive the runtimes we mentioned in Section 2.1.1, of some previous
works in solving (2.1.1).

A.1.1 Cutting plane and interior point methods

In this subsection, we derive the complexities we claimed are attained by some cutting plane and
interior point methods in solving (2.1.1).

Result of Helmberg, Rendl, Vanderbei, and Wolkowikz. The interior point method of [HRVW96]
first writes a dual of the problem and then runs an interior point method using log-barrier. The
purpose of running IPM on the dualized problem is to reduce the problem dimension from O(n?) to
n. The iteration complexity, by self concordance of log-barrier, is O( y/n). Each iteration performs
operations that have cost equal to that of a matrix multiplication of two 1 X n matrices; this gives a
per iteration cost of n%, thus giving us a total cost of O(n“*1/2), as we claimed in Section 2.1.1.

Result of Lee, Sidford, and Wong. The cutting plane method of [LSW15] solves an SDP of size
m X m with n constraints in time O(n(n? + m® + S)), where S is the number of nonzero entries in the
cost matrix. Translated to our setting (and being careful with the differences in definitions of n and
m), this implies a run time of O(n(n® + m)), since we denote m to be the number of nonzero entries
of the cost matrix, and the number of constraints equals the number of rows of our matrix variable.

A.1.2 Saddle point methods

Result of Garber and Hazan. Per Theorem 1 of [GH16a], their paper solves, up to additive ¢
accuracy, an instance of (2.1.5) in time at least O(Se~>°), where S is the number of nonzero entries
among all input matrices of the problem. Note that by scaling C by A = Zi,j |C1-]-|, we ensure, due to
the Gershgorin Circle Theorem, that the spectral norm of the scaled cost matrix is bounded by one,
as required by their theorem.

Result of Carmon, Duchi, Sidford, and Tian. Per Section 4 of [CDST19a], the cost of obtaining an
e-additive accurate solution to (2.1.5) is O(mv(A)w??¢ %), where they use mv(A) to denote the cost
of a matrix vector product using any of the input matrices and w to denote the maximum spectral
norm of the input matrices. Translating to our notation, this becomes O(me=2°).
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A.1.3 Low rank methods

Result of Klein and Lu. The result of [KL96] for solving (2.1.1) is stated in their Lemma 4. They
have O(ne~?) iterations from the framework of Plotkin, Shmoys, and Tardos, and each iteration
performs a power method that costs O(me™1).

Result of Yurtsever et al. Per Theorem 6.3 of [YTF*19a], the cost is at least O(¢72(d + Rn) + ¢ 3n),
where we omit polylogarithmic factors. The bound on distance of iterates of the algorithm from the
optimal set is given in Theorem 6.2.

A.2 Analysis Common to Both Algorithms

In this section we provide proofs for two results: the first is that a solution to the reformulated
problem (2.1.2) is indeed ¢ close to that of the original; the second is the convergence guarantee of
approximate lazy mirror descent, the framework for both the Arora-Kale algorithm as well as ours.

Algorithm A.2.1 Approximate lazy mirror descent

Input: Objective function f : X — IR, accuracy parameter ¢.
Parameters: Mirror map @ : © — R, norm || - ||, step size 7, iteration T, error bound 6.

1: Initialize: ¥ € argmin,_ y~»HP(x), 2 = xM and zM satisfying Vo(z(V) = 0.

2: fort=1—->Tdo

3: VO (D) Vi (z) — nV (D) > Lazy gradient update

4; Find x**V such that E|[x**D — x*+D|| < §, where x*+1 e argmin, v~ Do (X, Z(t+1)) >
Approximate projection

5: end for

For t* unif {1,2,...,T}, return ),

A

A.2.1 From the Reformulated to the Original SDP

Our claim of reformulating (2.1.1) as (2.1.2) works because once we have a solution X for the latter,

we can apply the following result to obtain a matrix X which satisfies all the required constraints of
(2.1.1), and at which the objective value in (2.1.1) is better than that at X in (2.1.2).

Lemma 2.1.4. Given C € R™" and 0 < X, let p € R" with p; = Z;’zl |Cij; diagonal matrix S with
Sii = min(1/yp, 1/v%;) for i € [n]; X = SXS; C = diag(1/;)Cdiag(l/ys). Then, X > 0, X;; < 1 for all

i€ [n], and CeX-— Y (Xi - pi)f <CeX.

Proof. We first prove the positive semidefiniteness. Observe that since X and X are similar matrices,

X > 0 implies X > 0 as well. Next, we define a matrix Y as Y;; = Without loss of generality,

g
assume Y11 > Y2 > ... > Y. We also define a diagonal matrix, D as D;; = min(1,1/ VYj;). If
Y; > 1, then X;; = piYi = 1; otherwise, X;; = Yj;. This proves that X;; < 1forall1 <i<n,

VpiYii \piYii

which is precisely the claim bounding every diagonal entry. We now prove the claim about the



objective value. By definition of 5, X and Y, we have X =D- Y- D. Therefore we get

n n
Co(X-Y)= Y Ca¥uD} 1) =) )" CyYy(DiDjj ~ 1)
i=1

i=1 j#i

=2 Zn: Z Cinij(Biiﬁjj - 1).

i=1 i<j

The definition of D and the ordermg assumption on {Y;;} imply 0 < 511 < 522 <...< 5nn <1,

which in turn means DZZD]] > D Further, since X > 0 and Y = diag(()!/vp) - X - dlag(()l/ Vp), we
have Y > 0. Therefore Y;;Y;; > Y ;Yji. By symmetry of Y and the assumed ordering of {Yii}], this
can be simplified to Y;; > |Y1]| for i < j. These two facts simplify the above to

Ce (X Y) Z szYu(Dn 1) = ZZ Z |CU||Y’]|(D

i=1 i<j

22) Y[

i=1 i<j
Finally, since D <1, we have 5121 —1 < 0. Rearranging the terms in the last inequality, we get

n n
Ce(X-Y)2 ) CaYuDi-1)+) YiDi-1D() |y + Y |Cii)
i=1 i=1

j>i j<i

n
= Z Yl‘,'(/D\iZi - 1) [Cii + Z |C1’j| + Z |Ci]‘|]
i=1

i>] i<j

< pi

> Z Y;ipi(D% - 1)
im1
n
= - Z pi (Yi—1)"
i=1

where we used Dj; = min(1,1/ VY3) in the last step. Rearranging the terms in the last inequality
gives

n n
CoX2CoY-) pi(¥i=1)"=CoX~} (Xi~p)",
i=1

i=1
where the last step is by definition of matrix Y. ]
A.2.2 Analysis of Approximate Lazy Mirror Descent

We now derive the convergence bound of approximate lazy mirror descent. The proof closely
follows that of Theorem 4.3 in Bubeck’s monograph [B*15].

Theorem 2.1.3 (Convergence of Lazy Mirror Descent). Fix a norm || - ||. Given an a-strongly convex



mirror map ®@ : O — R and a convex, G-Lipschitz objective f : X — R, run Algorithm A.2.1 with step

size ) and E|x® —x®|| < 6. Let D Y SUPyexnp P (%) — infrexnp @ (x) and x* = argminy f(x). Then,

Algorithm A.2.1, after T iterations, returns x* , satisfying

2

EfG®)) - f(x) < T% + 2’75 +0G. (2.1.6)

Proof. By convexity of f,

T T T T
Y@ = fa) < Y (VAED, T —x) = ) (VAT )+ ) (VAE), " ~x). (A2
t=1 t=1 t=1

®

The term can be bounded by Cauchy-Schwarz inequality and the invariant E||x® —x®|| < 6:
y y quality

@ < Z ||A(t)||||Vf | < OGT. (A.2.2)

Next, recall that Algorithm A.2.1 initializes xM e argmin . P(x) and z( satisfying Vo (izM) =0,
and repeats the following two steps:
V(z) = VD) — v £(x?)

X = argminsz)Dq)(x, z(t)).

Now consider the potential function W, (x) ef D(x) + 1 <x YV ﬁs))> Applying the recursive
definition of the gradient step, we can express x**!) = arg min W, (x). Since @ is a- strongly convex,

xeXND
so is the potential function W;. We can express these two statements as follows:

\I]t(x(t+1)) ( (t)) <V\T]t(x(t+l)), x(t+1) _ x(t)> _%”x(t+l) _ x(t)”2

< 0, by optimality of x(*+1)

< — LD — 202, (A.2.3)

We can also write a lower bound for the left hand side of Inequality A.2.3 by evaluating the potential
function W; at points x*1 and x®:

t
WD) - Wy (x) = @ (x4 +nZ (VFGE),xD) - () = 5 ) (VFE), )
s=1

= W) = Wiy (60 4 (VFED), 200 - 0)
> 0, since ¥ minimizes W;_; (x)

> n(VFE?), 2D - 20}, (A.2.4)

Reverse and chain Inequality A.2.3 and Inequality A.2.4, and apply Cauchy-Schwarz inequality to




get

%||x(t+l) _ x(t)HZ <7 <Vf(5c'(t))’ x(t) _ x(t+l)> < T]G”x(t) _ X(t+1)”. (A25)
This shows that oG
I = x| < TZT (A2.6)

and applying this to the second part of Inequality A.2.5 gives

2
(v FE), 20 - x<f+1>> < % (A.2.7)
We now claim
T T
Y (VAGE), 20 = x) < Y (VAGED), 0 = xED) 1 L(@(x) - D)), (A2.8)
t=1 t=1

Note that this claim immediately gives the desired error bound; this can be seen as follows: the
left-hand side is exactly the term (2) in Inequality A.2.1; the first term of the right-hand side
is bounded in Inequality A.2.7, and the second one is bounded by the definition of set size D.
Therefore Inequality A.2.8 simplifies to

20G2T
LA

< — ; (A.2.9)

Combine Inequality A.2.9 and Inequality A.2.2 with Inequality A.2.1, apply Jensen’s inequality, and
the fact that t* is picked uniformly at random from (1,2, ..., T}, to get the desired error bound. We
now prove Inequality A.2.8. First, we rewrite it as

T

T
Y (VG x0eh) + 2D < Y (o, ) + 20,

t=1 t=1

The claim is true for T = 0 for all x € X, by the choice of x!). Assume it holds for all x € X at time



T = #' — 1. Therefore in particular, it holds at the point x = x*'*1). This implies

4

Y {77, x60) + 2D () 4 3 oy en) o 2D

t=1 t=1 N

t—

Apply induction hypothesis at K@+
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I @ (xE+D
-F (e 20
= %fﬁt, (x<t’+1>)
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p
= Y () )+ 22,
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where the last inequality is by optimality of '+ in minimizing \T/t/. This completes the induction,
and therefore proves Inequality A.2.8, thus completing the proof of the error bound. m]

A.3 Analysis of the Arora-Kale Algorithm

In this section, we display Algorithm A.3.1 in the approximate mirror descent framework and
provide its analysis. In Section A.3.1, we derive the values of all parameters; in Section A.3.2, we
derive the computational costs of the main steps. We then conclude with the correctness and cost of
their algorithm. The main export of this section is the following theorem.

Theorem A.3.1 (Run Time [AKO07]). Given C € R™" with m > n non-zero entries and 0 < ¢ < %, we can
find, in time 0 (m / 85), a matrix Y € §" with O(m) non-zero entries and a diagonal matrix S € R™" such

that X* = S - gii};((?) - S satisfies X* >0, )?; <1forallie€ [n], and E(C e }?*) >CeX' —¢- Zi,j |Clij-

A.3.1 Parameters

As can be seen in Algorithm A.2.1, approximate lazy mirror descent requires five parameters: the
set diameter, Lipschitz constant of the objective, strong convexity of the mirror map, step size, and
number of iterations. The first three depend on our choice of mirror map @ and objective f. The
last two can be chosen based on these parameters and Inequality 2.1.6.

Lemma A.3.2 (Set Diameter). Given @ (X) = X o log X and the domain {X : X > 0, Tr X = n}, the set
diameter measured by @ is given by D = nlogn.

Lemma A.3.3 (Lipschitz constant). The problem objective ﬁX) =—CeX+ Yol (Xii — pi)T (recall that
pi = Z’;:l |Ci]~| ) is 2-Lipschitz in the nuclear norm. Recall that nuclear norm of a matrix is the sum of its
singular values.



Algorithm A.3.1 Reinterpreting [AK07]
Input: Cost matrix C € R, accuracy parameter .
Parameters: T = 256log n/e2, T = 10240 log nje2, T = (1/¢) - 64 logn, n = ¢/64. Set C and p as
defined in Lemma 2.1.4.
1: Initialize Y « 0.

2. Define V f(M) €' diag(1)as, - C.

3: fort=1—-Tdo

4 exp (%Y(t)) « TaylorExp (%Y(t), T ) > Approximate matrix exponential

5. expY? « RandProj (&f) (%Y(t)) , T’). > Approximate projection
—_~ ey AV (3]

6: X® nixg(\y (,)) > Scaling due to the trace constraint

rexpY _
7. YD YO v £(XO), > Gradient update.
8: end for

0

For ¢* 3¢ {1,2,...,T}, return Y®) and S, where S is from Lemma 2.1.4.

Proof. The gradient of the objective at point X is VﬁX) = diag(1x,,)) = C. By the Gershgorin Disk
Theorem, we have

Idiag(()) cnopm[a?[— ICiil + — ZlcqlJ max[ Zlcul}—l (A3.1)

ez i€[n]

where in the last equality we use the choice of p; = Z';:l |CZ-]-|. Since the matrices diag('/p) - C and

C= diag(!/yp) - C - diag(!/yp) are similar, they have the same set of eigenvalues (and therefore, the
same operator norm). Therefore

ldiag(1{xs,)) ~ Cllop < lldiag(1{ys)llop +IICllop = 1+1 =2.

When we have IIVj?ﬂ < G for some G, it implies f is G-Lipschitz in || - [|. (the dual norm). Therefore,
in our case, we have that f is 2-Lipschitz in the nuclear norm (dual of the operator norm). m]

Lemma A.3.4 (Strong Convexity). ([KST09]) The mirror map ®(X) = X e log X is 1/(2n)-strongly
convex with respect to the nuclear norm on the domain {X € §" : X > 0, Tr (X) = n}.

Lemma A.3.5. Choosing = ¢/64 and T = 256logn/e? in Algorithm A.3.1 gives an accuracy of en.

Proof. We show in Lemma A.3.11 that Algorithm A.3.1 maintains the invariant EJX® — X® I<é6=
en/4. Therefore we are in the framework of approximate lazy mirror descent and can use its error
bound from Inequality 2.1.6 and bound it by ¢K. We plug in the parameters from Lemma A.3.2,
Lemma A.3.3, and Lemma A.3.4 in the bound and get

Ef@") - f(x) <

nlogn 21n-2% [en
Tn 1/2n +(Z)'2'



We optimize for 1 by setting the first two terms equal, and get

logn
n=1 ? . (A32)

With this expression for 7, setting the bound for the right-hand side above to be en gives T >
256 log n/&?; plug this back in Equation (A.3.2) to get = ¢/64. m]

A.3.2 Computational Cost

From Algorithm A.3.1, we see that there are three main parts to be computed to get the overall cost
of the Arora-Kale algorithm: the number of iterations, the number of JL projections per iteration,
and the cost of approximating a matrix exponential and multiplying it with a vector. We derive
these values in this section.

Taylor Approximation for Matrix Exponential

In Algorithm A.3.1, before we do the randomized projection to get the diagonal entries, we
approximate the matrix exponential exp (Y(t) / 2) = TaylorExp (Y(t) /2, T”). Here we show a bound

ep(r?), _ &p(Y?), By
Trexp(Y1) ~ Trexp(v0) for any 1 <i < n. We do so by first proving a bound on |ﬂ — 15| fora
matrix B approximating the general matrix A; then we prove a general result on the number of

terms required to approximate a matrix exponential using Taylor series; finally, we combine these

results to get an appropriate choice of Tpoly for approximating exp (Y(t) / 2).

Lemma A.3.6. Given positive definite matrices A and B such that ||A — Bloy < &, where ¢ < % Tr A, we

_ Bi &(Tr A+nAy)
have |TrA TrB <2 (Tr A)?

Proof. We have the following chain of inequalities.

v

Aji+ ¢ _ Aji € (Tr A + nAy) @ e(Tr A +nAy)
TrA-ne TrA| (TrA)(TrA-en) — (Tr A)?

Bii  Aji
TrB TrA

where (1) is by the worst case values for Bj; from the operator norm bound, and (2) is by the bound
on . O

T .
Lemma A.3.7. For T > €2||Y||0p, we have || exp (Y) — Y, %Ilop <exp(-T).
j=0 "

Proof. We have the following chain:
llexp (V) - Z}.wnop =1l Z },wnop < Z Y lop = Z Vi, < Z VI, (A3.3)
j=T+1 j=T+1 j=T+1 j= T+1

where (1) is by the Taylor series expansion of the matrix exponential, (2) is by triangle inequality of
norms, and (3) is by Stirling’s approximation, j! > (j/e)’. Since the right hand side of the above



inequality is indexed over j > T > 62||Y||0p, we can bound it further to get

T . © . —1\T+1
llexpY Z llY]”op < Z el = (f )_1 <e T,
=0 j=T+1 —¢
O
Lemma A.3.8. In Algorithm A.3.1, for n > 2 and ¢ < %, set Tpoly = 6410g , and let exp (Y(”/Z)
0 (t)
TaylorExp (Y(t)/ 2, Tpoly). Then for each coordinate i, we have ?r:zg Y();')" - (TiX%Y()t;l < g
Proof. Let exp (Y(t)/Z) = exp (Y(t)/Z) + A, and [|Allop = €1. Then
lexp Y — &xpYlop = liexp(Y?/2))? = (exp(Y®/2))llop
=||A% + Aexp(Y(t)/Z) + exp(Y(t)/Z)Allop
< €2+ 2¢| exp(y(f> 12)llop- (A.3.4)

Observe that in each iteration of Algorithm A.3.1, we add -V f(X®) to the current Y® in the

gradient step; therefore at the end of all the T iterations, IIY(t)Hop |1]T| IIVf (X t))||0p From the values
of nand T as set in Algorithm A.3.1 (and explained in Section A.3), the worst-case value is

1 ¢ 256logn 4logn
D /2pp < = - — 2= .
YO/ 2lop < 5 o7 - = :

(A.3.5)

Next, from Lemma A.3.7, we require the first max {€2||Y(t) /2llop,1log (1/ 61)} terms of the Taylor series

of exp (Y(t)/ 2) to get an &7 accuracy in approximation. Since Tpoly = 64logn/e > e2lly®, 2|lop (from
Inequality A.3.5), this choice of number of Taylor series terms corresponds to an accuracy of
e1 = n~%¢, From Inequality A.3.5, we get that

lexp(Y/2)llop < 108" = u*/e. (A.3.6)
Then we have

s% +2&1]| exp(Y(t)/Z)IlOp < p128/e 4 o4 epdle

< 4p~00/¢
n—4/£

<
2

1
— ()
< o Tr exp(Y /2), (A.3.7)

where the last inequality is by Inequality A.3.6. Chaining Inequality A.3.4 and Inequality A.3.7, the



condition in Lemma A.3.6 is satisfied. Applying the result of Lemma A.3.6,

() x5 (YD
(eXp (Y ))ii _ (exﬁy ))ii < 2(&% +2¢1]|exp (Y) ”op) >
Trexp (Y(t)) Trexp (Y(t)) (Tr exp (Y(t)))
(s +2e1n? ) (2n1+8/‘)

(7Y

Trexp (Y(t)) + nexp (Y(t))ii

<2

IA
.

&2 €
10000n41/¢ 50n4/ €

IA

£
8n

Randomized Projections

Suppose we approximate each entry of a vector using randomized projections. Then we can state
the following result about the accuracy of the function g(x) = x;/||x|l;.

Lemma A.3.9. For 0 # X € §", let X = RandProj(X,10240log n/&?). Then | =% — 5| < &,

To prove this result, we need the Johnson-Lindenstrauss lemma.

Lemma A.3.10 ([JL84]). For any 0 < ¢ < 1, and any integer n, let k be a positive integer such that
k > 20logn/e®. Then for any set V of n points in R? and random matrix A € R4, with high probability,
forallx €V,

(1 - &)llxl? < 11/ Vi)AxIR < (1 + &)llxII2.

10240 log n

Proof of Lemma A.3.9. Applying Lemma A.3.10 to X = RandProj (X ) we have that with
high probability, ii | Therefore, Tr X2 (1 - —) <TrX? < Tr X2 (1 + 5 ) Therefore

X2(1-¢/32) X;; X2(1+e/32) Xi
TX2(11e/32) = Trx = TrX2(1-/32) Tr X2 (1-¢/16) < z S TrX2 (1+¢/8),

where the last simplification is by the inequalities %%" >1-2xand £ < 1 + 4x for x € (0, %)

which can be simplified to

Therefore we have that TX—’)L(

TrXZ < (5/8)

T O

Number of Iterations

From Lemma A.3.8 and Lemma A.3.9 proved above, we can infer that the choice of 7" and T’ in
Algorithm A.3.1 gives us the following overall error in approximating the true primal iterate.

Lemma A.3.11. In Algorithm A.3.1, we have that |||)?(t) -X0) < <.



nexp(Y®) o XW
Trexp(Y®)  TrX®

Proof. The quantity we want to bound is || Il. Each term is bounded as:

nexp(Y(t))ii B jzz(zt) < exp (Y(t))ii B %(Y(t))ii nexp (Y(t))ii B nexp (Y(t))ii
Trexp (Y(t)) TeX®O| ™ |Tr exp (Y(t)) Trexp (Y)| |Tr exp (Y(t)) Trexp (Y(t)) '

TaylorExp error RandProj error
Apply the results of Lemma A.3.8 and Lemma A.3.9 to the right hand side terms. m]

Corollary A.3.12. The number of iterations for convergence of the Arora-Kale algorithm is O(1/€?).

Proof. Since the Arora-Kale algorithm only depends on the diagonal entries of X, we can assume
that X and X match on the off-diagonal entries. Then, IX® - X0 < & is exactly equivalent to

IIX(t) = XO|pue < . Therefore the algorithm meets the conditions of Algorithm A.2.1 with 6 = .
Therefore by Theorem 2.1.3, the number of outer iterations required for convergence is O(1/¢%). O

Combining All the Costs

Recall from Algorithm A.3.1 that T/ = O(1/&2), T” = O(1/¢), and the number of iterations is O(1/&?).
The cost of a matrix-vector product is O(m). Therefore, multiplying these costs gives O(m/¢°), the
claimed cost of Arora-Kale algorithm. This completes the analysis.

A.4 Analysis of our Proposed Algorithm

We now analyze Algorithm 2.2.1, organizing this section as follows. In Section A.4.1 we derive the
values of parameters that appear in the error bounds. Next, in Section A.4.2, we show how we
construct a polynomial to approximate the matrix exponential. In Section A.4.3, we prove properties
of the constructed estimators. We derive the number of inner iterations we have in Section A.4.4.
In Section A.4.5, we establish the crucial distance invariance between true and estimated iterates,
which ensures that our error is always under control. We next show in Section A.4.6 why we do not
need to normalize our projection step, which enables us to have a simple projection. Finally, we
derive the error bound in Section A.4.7.

A4.1 Parameters of Mirror Map

As before, there are two parameters of the mirror map that we need to use in Theorem 2.1.3: the
diameter of the constraint set as measured by it, and its strong convexity parameter.

Lemma A.4.1 (Set Diameter). Given ®(X) = X elog X —Tr X and the domain D = {X : X > 0, Tr X < K},
where K > n, the set diameter measured by @ is given by D = Klog K.

Lemma 2.2.9. The function ®(X) = X elog X — Tr X is ﬁ-strongly convex with respect to the nuclear
norm over the domain D ={X: X >0,Tr X < K}.

To prove the claimed strong convexity, we need the following tools.

Definition A.4.2. A function f : R" — R is L-smooth in norm || - || if it is continuously differentiable and
satisfies ||V f(x) = Vf(y)ll. < Lllx — yll for all x and y in dom f.

For functions on symmetric matrices, we use the following equivalent definition of smoothness.



Definition A.4.3. A function f : §" — R is L-smooth in || - || if and only if for h : R — R defined as
h(t) = f(X + tH) for H € $" such that X + tH € dom(f), we have h"’ (0) < L||H|*.

Theorem A.4.4 ([KST09]). Assume that f is a closed and convex function. Then f is f-strongly convex

with respect to a norm || - || if and only if its Fenchel dual, f*, is %-smooth with respect to the dual norm || - ||..

Theorem A.4.5 ([JNO8]). Let A be an open interval on the real axis, and f be a twice differentiable function
on A satisfying, for a certain 6 € R, for all a < b, where a,b € A, f /(bg:af/(a) < oL ”(ﬂ);f "O) Lot Xu(A) be
the set of all n X n symmetric matrices with eigenvalues belonging to A. Then for X € X,(A), the function
F(X) = Tr f(X) is twice differentiable, and for every H € $", we have D*F(X)[H, H] < 0 Tr(H f”"(X)H).

Theorem A.4.6 ([Lew95]). Suppose that the function f : R" — R is symmetric (that is, f(ox) = f(x) for
all x € dom f and all permutations o). Then if f is convex and lower semicontinuous, the corresponding
unitarily invariant function f o A is convex and lower semicontinuous on R™"

For our proof, we use definitions from Definition 2.2.10 in the following way. We first show that W
satisfies
(YY) =d(Y),on{Y:Y>0,TrY <K}, (A4.1)

where ®(Y) = Y elog Y — Tr Y is the mirror map, as defined in the statement of the lemma. We then
prove that W is f-smooth with respect to the operator norm for a certain g > 0. Theorem A .4.4
then immediately implies 1/f-strong convexity of W* with respect to the nuclear norm. Then
Equation (A.4.1) implies that @ is 1/8-strongly convex with respect to the nuclear norm on the
domain {Y : Y > 0, Tr Y < K}, which is to be proved. We accomplish our first goal (Equation (A.4.1))
in the following sequence of steps.

Claim A.4.7 proves that the function ¢ and its matrix version, \V, are both continuously differentiable
at the boundary of definition of the two pieces. Claim A.4.8 then proves that 11 and 1, are convex;
in conjuncation with Claim A.4.7, this implies ¢ is convex. Applying Theorem A.4.6 extends the
property of convexity to W. Claim A.4.9 proves that the vector functions 1 and ¢ satisty ¢/](x) = ¢(x)
for x € R”. Claim A.4.10 proves that given an input point x € {x : x; > 0, Y., x; < K}, the point
y which attains the optimum in computing ¢} (x) lies in the interior of the set {y : P1(y) < 2K}.
Claim A.4.11 shows that 1" (x) = ¢} (x) for x € {x : ; > 0, Y.L x; < K}. This is obtained by combining
the results of Claim A.4.8 and Claim A.4.10.

We then use these results as follows: since on the set {x : x; >0, )", x; < K}, we have ¢* = ¢, this
implies W* = ® on the corresponding set, {X : X > 0, Tr X < K}. Next, to show smoothness of WV,
we use Theorem A.4.5 to compute the smoothness constants of each part of W (in Claim A.4.12
and Claim A.4.13), and then combine with continuous differentiability at the boundary (from
Claim A.4.7) to get the overall smoothness constant of W. By the argument at the start of this proof,
this immediately proves the desired strong convexity parameter. We now proceed to prove all the
claims aluded to above.

Claim A.4.7. The functions \V and 1 are both continuously differentiable at the boundary.

Proof of Claim. One can check that ¢1(y) = ¢2(y) at the boundary. This implies continuity of the

function ¢. The derivatives of the two functions are also the same at the boundary. The i-th

component of the gradient is given by Vi1 (y) = 2KZil(/)y1)(y ). At the boundary of the two parts of the

function, we have 11(y) = 2K. Substituting this into the above gradient gives Vin(y) = Vi1(y).
This shows that 1 is continuously differentiable at the boundary. We only used chain rule of
derivatives here, which applies to matrices as well, so the exactly same reasoning also gives that W
is continuously differentiable at the boundary. m]




Claim A.4.8. The functions  and \V are convex on their domains.

Proof. The function 1) is a piecewise function, each piece composed of a standard convex function
(see [BV04b]). Combine with continuous differentiability from Claim A.4.7 gives convexity of 1.
Applying Theorem A.4.6 implies convexity of V. m]

Claim A.4.9. For any input x € RY, we have (x) = ¢(x).

Proof of Claim. By definition, we have ¢(x) = supy(xT v — Y1 exp(yi)). Observe that the domain

of Y] is R (because if there exists an input with a negative coordinate, then the corresponding

coordinate of the maximizer y* can be made to go to —c0). Therefore, given an input x € R},

the supremum is attained at y* satisfying x; = exp(y;f). This means the maximizer is y; = log x;.
Therefore the conjugate is ] (x) = X1, x;logx; — i1 x; = ¢(x). m
Claim A.4.10. For any x in the set {x tx 20, Y0 % < K}, the point y* = argmax (xTy - ybl(y)) lies in
int{y : ¥1(y) < 2K}, where int denotes the interior of the set.

Proof of Claim. From the proof of Claim A.4.9, forany x € R}, we have that y* = argmax (xTy - #Jl(y))
satisfies y? = logx; for 1 <i < n. In addition to this, the statement of the lemma also requires the
input x to satisfy x; > 0, Y./, x; < K. Plug in the values of x in terms of y in the above inequality to
get Y1, exp y! < K, which is the same as saying ¢1(y*) < K < 2K. This shows that the optimum, v,
lies in int{y : 1(y) < 2K}. o

Claim A.4.11. We have *(x) = ¢j(x) on all x € {x x>0, Y0 x < K}.
Proof of Claim. By definition of conjugate and 1),
P*(x) = supx’y — P(y) (A42)
y

_ Pi(y) it a(y) <2K
B Sl;p Xy _{ l,bi(y) oth;rwise

From Claim A.4.8, ¢ is convex. Therefore the function to be maximized in Equation (A.4.2)
is concave. From Claim A.4.10, for input x in the set {x TX; > O,Z?zl x; < K}, we have that the
maximizer argmax, (xTy - 1p1(y)) lies in the interior of {y : ¢1(y) < 2K}. Therefore for input
xe {x (X 20,50 % < K}, the maximizer of Equation (A.4.2) is also the same as that of 1] (x). This
gives ¢ (x) = ¢ (x). ]
Claim A.4.12. The function W1(Y) defined over {Y : Trexp Y < 2K} is 4K-smooth.

Proof of Claim. Let g (u) def exp(#). The function g is convex and differentiable (any number of

times). In particular, ¢” is convex. For any 4, b, applying the Mean Value theorem to some point
C € (a,b), convexity of g”/, and g” > 0 (due to convexity of g) gives

SO g © s max(g @),8" ) < 250050



This satisfies the right-hand side condition for Theorem A.4.5 with 0 = 2; so Theorem A.4.5 implies

that on the domain {Y : Trexp Y < K}, for ki (¢) def ", 8 (i (Y +tH)) = Trexp(Y + tH), we have,

1’ (0) = D*W(Y)[H, H] < 2 Tr (Hg” (Y)H)
=2Tr (exp(Y)Hz)
<2Trexp(Y)- ||H||f,p
<2-2K-|HI?,

= 4K|IHIf5,, (A4.3)

where we used the domain constraint for W; in the last inequality, and the fact that matrix
exponential is positive semidefinite in the first (Holder’s) inequality. By Definition A.4.3 then, we
have the lemma. O

Claim A.4.13. The smoothness constant of Wo(Y) over the set {Y : Trexp Y > 2K} is 4K.

Proof. For ease of exposition, let a def 2K. Consider the same scalar function from Claim A.4.12,

h(t) = Trexp(Y + tH) and €(t) < alog (h (1) + 2K — 2K log(2K). Then ¢ (f) = o4& and ¢ (t) =

h(t)
W (t W(t 2 W (t .
a( i~ (7) ) < 'y In particular,

i h”(0)

We already showed in Inequality A.4.3 that h” (0) = D>W(Y)[H, H] < 4K||H ||(2)p. We also have that
h(0) = Trexp(Y) > 2K (by assumption of the lemma). Plugging these along with the value of a into
Equation (A.4.4) gives us ¢’ (0) < 2K‘21—11§ -|H ||(2)p = 4K||H||%p. This implies the claimed smoothness
constant. O

Proof of Lemma 2.2.9. For the functions defined in Definition 2.2.10, we can combine Claim A.4.9
and Claim A .4.11 to get that ¢*(x) = ¢(x) for x € {x : x; > 0, Y,"_; x; < K}. This implies the matrix
version of this statement, W*(X) = O(X) for X € {X : X > 0, Tr X < K}. Next, applying Claim A.4.7,
Claim A.4.12, and Claim A.4.13, we get that the function W is continuously differentiable with
smoothness constant 4K. Invoking Theorem A.4.4, we immediately obtain that W* is strongly
convex with parameter 7. This implies that @ is strongly convex with the same parameter over
theset {X: X >0,TrX < K}. |

A.4.2 Chebyshev Approximation of the Matrix Exponential

In this section, we show how to construct a polynomial approximation of our matrix exponential.
The standard technique to do so involves truncating the Taylor series of the matrix exponential;
however, a quadratically improved bound on the number of terms required for the computation
is provided by Sachdeva and Vishnoi [SV*14] using Chebyshev polynomials. We follow their
notation and summarize their main results below for the sake of completeness.



A Brief Summary of Chebyshev Approximation

For a non-negative integer d, we denote by T;(x) the Chebyshev polynomials of degree d, defined
recursively as follows:

To(x) =1,
Ty(x) = x,
Ta(x) = 2xT-1(x) — Tg—2(x).

Let Y; be i.i.d. variables taking values 1 and —1 each with probability 1/2. Let Ds = }.7_; Y;, Dy def 0,

and et
e
Psa(®) = Ey,v,..y, (TDS(x)llelgd)- (A.4.5)

We can use these to construct a polynomial with degree roughly +/s that can well approximate x°.
The formal statement follows.

Theorem A.4.14 (Theorem 3.3 in [SV*14]). For any positive integers s and d, the degree d polynomial p; 4
defined by Equation (A.4.5) satisfies

sup |psld(x) -x | < 2exp(—d2 / (25)).
xe[-1,1]

Using this result, define the polynomial:

A)Z (A.4.6)

t

ef
Apa(x) = exp(—=A) Z
i=0

Then we can use q to approximate an exponential with the following error guarantee.

Lemma A.4.15 (Lemma 4.2 of [SV*14]). For every A > 0 and 6 € (0,1/2], we can choose t =
max(A,log(1/0)) and d = /t1og(1/0) such that

sup |exp(—)\ - Ax) — q;\,t,d(x)| <.
x€[-1,1]

This is a quadratic improvement over the standard cost (degree) of approximating an exponential
using truncated Taylor series. Finally, this lemma can be used to generalize the approximation from
the [—1, 1] interval to the interval [0, b], as stated below.

Theorem A.4.16 (Theorem 4.1 of [SV*14]). For every b > 0, and 0 < 6 < 1, there exists a polynomial 1y, 5
that satisfies

sup |exp(—x) - rb,b(x)| <o
x€[0,b]

and has degree O(y/max(b,log(1/0)) - log(1/0)).

The proof of this theorem uses A & b/2, and t and d from Lemma A.4.15 and the polynomial

15 % (300 ) (A47)



Corollary A.4.17 (Our Chebyshev Approximation). For every b > 0, a < b, 0 < 6 < 1, and
d= \/max (%(b —a),log (%)) log (%), there exists a degree-d polynomial ChebyExp(u,d, 6) such that

sup |exp(u) — ChebyExp(u,d, 6)| < oexp(b). (A.4.8)

u€la,b]

Proof. Using a simple linear transformation, Theorem A.4.16 generalizes to:

t _lb_ i — (b
expl-sb-0) Y 2O E DR o)

2 a2 <o

sup
z€a,b]

By choosing A = %(b —a), and transforming —z +a = u — b, we get

—u+b+a)/2

L (6-a)td ( (b—a)/2 <o

sup
u€la,b]

) —exp(u —b)

Using Equation (A.4.7) above gives

sup |exp(b)rb_a,5(b —u)— exp(u)| < oexp(b).

u€la,b]

Therefore, let d = \/max (%(b —a),log (%)) log (%) and ChebyExp(u, d, 6) = exp(b)rp—, s(b — u). Sub-
stitute these into the last inequality to get the statement of the lemma. m|

Chebyshev Approximation in Our Algorithm

We can use the above results to approximate a matrix exponential as follows. Observe that

llexp(Y) — ChebyExp(Y,d, 6)llop = max lexp(A;) — ChebyExp(A;, d, 6)
1€|n

7

where A; are the eigenvalues of Y and ChebyExp is the subroutine described in Corollary A.4.17.
We only need the spectrum of Y in order to complete the approximation, and that is what we
proceed to derive below. Once we have the spectrum, we simply combine it with the above results
to get Lemma A.4.19.

Lemma A.4.18. The spectrum of Y lies in the range [—%60 logn,log K].

Proof. Recall that Y = —nVf(X). Since we start Algorithm 2.2.1 with Y1) = 0, at the ¢-th iteration,
we have Y®) = - ¥!_ nVf (X(t)). Plugging in the parameters displayed in Table 2.1, we get that

the total number of iterations of the algorithm is Tinner X Touter = %24 x 10° (log(n/ e))11 logn, the

&2

Lipschitz constant of the objective function is ||V fllop < 2, and the step size is § = ————.
8><104(10g(n/6))

Multiplying these gives

2 24 x 105 x (log(n/¢)) logn 1
T 3 = —60logn.
8 x 10* x (log(n/¢)) € €

IYOllop < 2-



[herefore, the spectrum of Y® lies in
) 1 1
AYY) e —260 logn, 260 logn|. (A49)

We now show a better upper bound on the spectrum. Since our algorithm maintains Tr X < K
(see Lemma 2.2.8), and X®) = exp(Y(t)), it implies Tr exp(Y(t)) < K. Since the matrix exponential is

positive definite, this implies || exp(Y(t))llOp < K, and therefore,

Amax(YD) < log K. (A.4.10)

Combining the inclusion Equation (A.4.9) and Equation (A.4.10) gives the claimed bound on the
spectrum. O

Lemma A.4.19. In Algorithm A.3.1, for n > 2 and ¢ < %, set Tcheby = %’ log(n/¢), dcheby = (e/m)*,

and let &Xp (W)/z) = ChebyExp(Y(t) /2, Tchebys 5Cheby). Then forall 1 <i<n,
‘exp (Y(t)) (eXpY(t)) ’ < 6u def 482250401.

Proof. We plug into Equation (A.4.8) the following bounds obtained from Lemma A.4.18:

g = -Llosn p, log K

&

9 1 _ logK | 30logn
M—/\—z(b—ﬂ)—T'F =

Applying Equation (A.4.8), we then get

sup

30 30logn 1
z 5 log K]

Krl Liogir 3010gn,6 (% logK - %A) —exp (%/\) < oK

&

We have K = 40n (log 1n)'"; therefore, if we want the error bound to be roughly £, then we need to
pick 6 = polylog(e, n). Because of technical details in Lemma A.4.24, we choose

401
8Cheby = (n) . (A4.11)

This gives us the following result.

5401
llexp(Y/2) ~ ChebyExp(Y® /2, Teneby, dchebyllop < 40—

From Lemma A .4.15, we get that the degree of polynomial required to achieve this guarantee is

x 107 \/9 log(n/e).

This is the value of Tcpepy that we choose. We now bound the quantity we actually care about. We

Required Degree = \/ 2 lognlog(n/e) <

can write exp (%Y(t)) = exp (%Y(t)) + A, where [|Allop = 40%, the error guarantee obtained above.



Simplifying with the application of || exp( )llop K obtained from Lemma 2.2.8 gives
llexp (Y) — & (YO) llp = Il (exp (2Y®))” — (&5 (2Y®)) lop
= ||A% + Aexp (%Y(t)) + exp (lY(t)) Allop

40
< (40 3%>2 2(40 3%>||exp(1Y“>)||op

01 401
< (40 396) + 2(40 3% )K
£401
< 3(40 3% )K
40 401
<3 -40n (log n)'°
48008401
17390
Substituting our assumption n > 4 above gives the claimed bound. m]

In conclusion, we showed that we can approximate our matrix exponential to e-accuracy using
O(1/ V/¢) terms in the polynomial approximation.

A.4.3 Properties of Estimators

Since we have an inner loop in Algorithm 2.2.1 with estimated quantities, it is crucial for the
convergence that these estimators have a small bias and variance. In this section we show that this
is indeed the case. We first prove two technical results about the functions InvSqrt and RandProj
which are “building blocks” of our estimators. We then apply these results in proving properties of

61 and 6,, and subsequently those of the overall estimator 0.
Two Technical Results about Estimators

Lemma 2.2.6. Consider a positive random variable x sampled from a distribution X with mean p and variance
2. For some integer k > 0, construct the distribution G(X) = InvSqrt (X, k) defined in Equation (2.2.2).
Then the random variable g ~ G(X) satisfies

_ 1k
(1) |Eg—pu Y2 <E ('—“'/)

min(y,x)

@) Elg? <kXi5 E[M]

x2j+1

Proof. Recall that given a distribution X with a positive support, and integer N > 0, we define
InvSqrt as the approximation for g (1) = u~" at xy sampled from X:

Nl

Inqurt(X N) = Z T g(k) (x0) H(xk — X0), where xo, Xy, ; tid X,
j=1

where g(k) (u) = u —j=' H] (2¢ — 1) denotes the k-th derivative of g evaluated at . Then the



expected value of g with respect to the distribution G(X) is

LS i
-3 100 [
k-1
- Z g(])(x)H Exj; - x)

k—
=E) % gDy (=) (A.4.12)
j=0

To see how the term on the right hand side of Equation (A.4.12) differs from the true quantity to be
estimated, we apply Taylor’s remainder theorem: for some point C lying between i and x, we have

k-1 k)
1 8% © K
Z =80 () (u—x) - p| < 0 v =y
=1 !
e
< —,
min (x, u)* "
where the second inequality follows from
(k)
8 k,(”) <utd, (A4.13)

and the fact that  lies between x and y. Combining this with Jensen’s inequality gives us the final
bound on the first moment,

e~

Eg -y | <Elg -y <E o

(A.4.14)
min (x, u)

To prove the bound on the second moment, we again start with the definition of InvSqrt,

2
E|g|2:]E(Z ],g]) x)H Xje =X ]
=1

@k]Ekil‘[g(] ﬁ x]f_ ]

@ ]' ) (? +(x—y)2)j]

(02 +(x - u)z)f]‘

B
'\.

kY E

—_
P
oq
—~~
~
~
—~~
=
~

—.
I}
o

IN@)
T

o (A.4.15)

\”..
o



Here (1) is by Cauchy-Schwarz inequality; ) is by using the fact that each x;, is sampled
independently and adding and subtracting u from the term inside the square and using the
definition of ¢%; (3) uses Inequality A.4.13. m]

d
Lemma 2.2.7. Given u € R" such that u = ||u||§ # 0, and positive integers k > 1 and N > 4k + 6, the
following are true for x sampled from X = RandProj (u, N).

() lEx = y
2) o ]E (x— ll) N

3) E [(U +(x #2)k+)1 ] % (ZNN/127k 213kk2k)

mm(x

Before diving into this proof, we state below a tool we need about logconcave distributions.

Theorem A.4.20 (Theorem 5.22 in [LVO07]). If X € R" is a random point sampled from a logconcave
distribution, then (E|X|[)' < 2kE|X].

Proof of Lemma 2.2.7. By linearity of the Gaussian distribution, given a C ~ N(0, I;) and for some
u € R", we have ('u ~ N (0,||M||§)- Therefore RandProj(u, N) gives us a scaled chi-squared
distribution, X = 1% )(%\]. For a point x ~ X, using the parameters of a standard chi-squared
distribution gives us the following properties.

2 2
£ N=y, and Varx = (%) N(N+2) -2 =25, (A.4.16)

Ex =
TN N

which proves (1) and (2). To prove (3), we first scale the random variable x by N/u to make it of a
standard chi-squared distribution; this makes our computations easier, since we later need to use
the closed-form expression of the probability density function of x. After the scaling, we have

E,p2x¥=N  Var=2N. (A.4.17)

2
XNXN

Therefore,

k
(02"‘(#_95)2) @® 0% 4+ (u—x)*
k = x)
Evx| = | = ZIE"NX(—ZkH)

min (x, 1) min (x, i)

@2&
1%

E ((21\])’c + (N —x)* )
X~Xy min (x, N)2k+1 ’

®

Here (1) follows from Jensen'’s inequality applied to the function g(x) = x* for k > 1 and x > 0;

(A.4.18)

the equation (2) follows from Equation (A.4.16). We now bound @ by considering the random



variable in two disjoint intervals as follows.

N + (N = 1) NI 4 (N — )%
@:]EXN)&](( )"+ (N —x) 1{x<§})+]Ex~x2N(( )"+ (N —2) 1{){2%})‘

min (x, N)**! min (x, N)**!
2NYE + (N = 0)* 1
< ]Ex~)(%\] (( ) :2£+1 X) 1{x<%}) +W IEXNXIZ\; ((ZN)k + (N - X)Zk) . (A.4.19)
©

To bound , we divide the region {x < N/4} into intervals of geometrically-varying lengths as
follows.

- N + (N - 0)*

- Z; E ( 2K+ 1{L<X<N}
]:
* N2k5k

< Z (N/2j+1)2k+1

=2

Prob (x < N/2/), (A.4.20)

®

where the inequality follows from the worst case upper bounds for the numerator and 1 +2* < 5* for
k > 1 and the worst case lower bounds for the denominator over each interval {N/2/*1 < x < N/2J}.
For a > 0 and a random variable x ~ )(12\], we have the following cumulative distribution function:

e—x/ZxN/Z—l
Prob (x <a)= — dx
(=0 f 26T (N/2)
f E—X/sz/Z—l
< dx
0 ZN/2(N/26)(N_1)/2
. 2aN/2-1,N/2
= NWN-D2 7

where we used the Sterling approximation of Gamma function in the second inequality. Substituting
a = 27/N above and simplifying gives the following bound on the quantity from Equation (A.4.20).

(D) <

2\;} (%ﬁ . (A.4.21)



Substitute into Equation (A.4.20) to get

H1\2HL 54 Nj»
® < Z N2k (2 2 2 (5)
VN \2

B 5k22k+28N/2 1
N°2 Z; 2j(N2=2k=2)
j=

25k+2 €N |2 2

N3/2 N —4k—4

N
e

< NNk (A4.22)

where we used the condition that N > 4k + 6 in the first two inequalities. Next, we bound @
2k
(©) = 2Ny [IE + 1)
@
2 N | 2% o (E ( lx— N |) ]

@ E|x — N|2

x—N

< NY 2% k)% | —— 1

< (2N) (2k) N +

= (2N)f (22’< (k)% + 1)

< 2N)F (32k2)k, (A4.23)

where (1) is by invoking Theorem A.4.20, which is valid by logconcavity of chi-squared distri-

bution, and (2) is by Jensen’s inequality. Plugging Inequality A.4.22 and Inequality A.4.23 into
Equation (A.4.18) gives:

(02 +(x— y)z)k N N2 42k+1 '
Erx el | = k_( oo+ nzert 2N (32k2 ) )
min (x, i) p N2 N#*
1 eN/z 213kk2k
<- + ,
u ( N-17k NFK )
which is what is to be proved. m]

Properties of 61

We prove the bounds on first and second moments of 61. Note that this is where we make our choice

Of Test, . and Testjl for the modules InvSqrt and RandProj used in estimating 01 in the subroutine
Estimatorl.
Lemma 2.2.4. Given Test,, = 1600 log(n/e), Testy = 214T§_St v Z €8, and ¢ € (0,1)), let ZE =

RandProj(Z, Testjl) and /9\11, ~ Inqurt((EE)ii +1, Test,,) for i € [n]. Then,



— 0f
(1) The first moment satisfies |[E6q, — \/(le)ii+1 < ‘\//5((;';:1;

(2) The second moment satisfies ]EI’G\L,I2 < (Z£)~ 16301og(n/¢).

Proof. Consider a random variable x sampled from the distribution (Zz)ii. Because of Lemma 2.2.7,
we have Ex = (Z?);;. Then x + 1 satisfies the required bias condition of Lemma 2.2.6 for constructing

a polynomial approximation for 1/ /1 + (Z2);;. Then 511. satisfies

Test,
— 1 |@© e — (22" =0
E0), - ——| < E|— —
V]‘ + (Zz)ii mll’l(x + ]., (Zz)ll + ]_) estisq
@ E (x = (Z2))"
S \ min (X +1, (Zz)ii + 1)2Testisq+1
3) 1 W 13Testg TestiSqZTe“isq
< N _
\ (Zz)ll + 1 ZTEStjl_lneStisq TeSthTeStiSq

where (1) is by Lemma 2.2.6, (2) is by Jensen’s inequality, and (3) is by a slight modification of
the proof of (3) in Lemma 2.2.7 (instead of scaling by N/u, we scale by Nu/(u + 1) in the proof).

Finally, set Test,, 0= 16001og (f) and Testjl = 214T§Sti5q to get the claimed bias. Next, we can bound the
variance as follows.

k

To -1 2 2 2)
D estis o° +|x = (£9)ii

E[01* < Test zq E ( ( ( )”)

i isq (x+1)2k+1

Testioq =1 (02 +(x- (Zz)ii)z)k

— min (x + 1, (Z2);; + 1)

Test- -1
@ Testisq i eTeStﬂ/z 213kk2k]

+
2). Test, ~17k k
(2% k=0 |2 est)
Testy, —1 D42
@ Testisq Zq‘ 17k (f) estisq N k2
T (72). k2k
2 = 2 ITE
where (1) is by (2) in Lemma 2.2.6, (2) is by (3) in Lemma 2.2.7, and (3) is by writing Test; in terms
. . . Testisq_l 17k \/E 214T§stisq 217T95t15q
Of Test,,- We have the simplications, }, ™ 2 (7) < L — and
TestiS -1 k TestiS /2 k k
5[ 1 4 s K2
Z > Sl —+ 0+ Z > + Z > .
k=0 2T95tisq 2T95tisq TeStisq k=3 2'TEStisq k>Test.. /2 estisq

isq



Finally, plug in the values of Tes,, to get the desired bound. m|

In Algorithm 2.2.1, we construct the matrix Z as an approximation to exp ( 1 (Y(t) + SA)) by the

subroutine ChebyExp (% (Y(t) + SA) » Tcheby, 6Cheby)/ with details as provided in Lemma A.4.19. With
this value of Z and the same rest of the notation as in the above lemma, we therefore wish to

compare IEIG\L. with 1 . Note that the above lemma only tells us that we are close to
\/exp(Y(f*1)+sA)il.+1
1

Nk but Z, as defined above in Lemma A .4.19, is only an approximation to exp (% (Y(t‘l) + SA)).

We therefore obtain the following corollary which gives us a precise bound on the bias we care
about.

Corollary A.4.21 (Bias of /6\1,.). The estimator 511. described in Algorithm 2.2.2 satisfies

1
\/exp (YED +5A); +1

<b def 1+ 26exp) \/E(%)‘LOO + 2éexp
vexp (YOD +sA),; + 1

E0;, -

where Sexp = 4800:;—2;.

Proof. From Lemma A.4.19, we know that Z = ChebyExp (% (Y(t‘l) + SA) s Tcheby, 6Cheby) satisfies

4800401
(t=1)+sA) _ 2 Folle™
|(exp (Y ’ ) Z )ii‘ < 11390
For ease of notation, let Oexp def 4828950401 . Givena—0 < b < a+6, we use the Taylor series approximation
to compute the error % - % We have:
R L‘ S
Vo bl V& V-5+a
L PO
\a V1-5/a
126 26
< ===,
Vaa ad?

where we used the Taylor approximation of ﬁ for small x. Thus, we have, from the above and
Lemma 2.2.4,

o~ 1

E0; — L M2Aemi® 20
Vexp (YD +sA),; + 1

- \/lel +1 Vexp (YED +5A); +1

o (1+29) V2(e/n)*0 + 26
— exp (YED +5A), + 1 '

1;

which proves the claim. m]



Properties of 0>

Lemma 2.2.5. Consider Z1,Z5,Z, and A all in §". Sample C ~ N(0,1,), and define 52 € R" as
— d
02, = (Z1AZ50); (ZO);. Define 02 2 (Z,AZ>Z)s. Then for i € [n]:

(1) The first moment satisfies IEIQ\ZI, = 0y,
(2) The second moment satisfies IEI@Z]-'Z <3 (ZlAZEAzl) ,(ZZ)

ii i
Proof. The bias is defined as

E0,, = 1] Z1AZ, (BLCT) 21
= (ZIAZZZ)Z‘{ = 921.,
where the second step is from the fact that C ~ N(0, I,) and linearity of expectation, and the last is

by definition of 0,. Next, from Lemma A.5.1, given a,b € R" and C ~ N(0,,), we conclude that
E((CTa)*(C"b)*) < 3|\all3Ibl|3. Therefore,

— 12
E[os| = B 21A7:0)(C 71,
< 3|Z,AZ1 1|21
= 3(Z1AZ5AZ1)il(Z7)ii.

This proves the bound on the second moment. m]

As before, we can obtain, as a corollary of this result, a comparison of the mean of our estimator
with the quantity we actually are trying to compute.

Corollary A.4.22 (Bias of 52,,). The estimator 521. described in Algorithm 2.2.2 satisfies
|1E§2i — (exp(z(Y*™ + sA))Aexp((r = HOA + sA)) exp(F (YD + sA)))ii| < 150expnK

_ 4800401
where dexp = = 5

Proof. This proof simply involves writing out some matrix products and bounds on the diagonal
entries of the products (using the operator norm of the individual matrices). We show this below. Let

Zy =exp ("c (Y(t‘l) + SA)) + Uy, Zy = exp ((T -1/2) (Y(t‘l) + sA)) + Uy, and Z = exp (% (Y(t‘l) + SA)) +

U. From Lemma 2.2.5, we have that EO;, = 0, We now express 0,, in terms of the matrix
exponentials we care about. For ease of notation, we use Y = YED 4 gA.

]E’G\L. - (exp (TYs)Aexp ((T - 1/2)Y;) exp (%Ys))ii = (exp (TYs) Aexp ((t = 1/2)Ys) U),:
+ (exp (TYs) AU, exp (%Ys))ii + (exp (TYs) AUU),
+ (ulA exp ((T —1/2)Ys) exp (%ys))
+ (U1Aexp (T - 1/2)Ys) U);

+ (AU exp (3Y5)). + (UL AULU);

ii



We can bound this by bounding the operator norm of each of the terms. Matrix norm is sub-
multiplicative, so this in turn is bounded by the operator norm of the individual terms in the
matrices. From Equation (A.4.10), we know that [|exp (aYs) [lop < K%, [|Allop < 1G, [[Uillop < Oexp,

IUzllop < bexp, and [|Ulop < Oexp, where Oexp = 4828#. Substituting these values here and bounding
each term by the largest of all terms gives us the bound to be proved. m|

—

Properties of the Overall Estimator, 0

Lemma 2.2.3. The estimator O®) has the following bounds on its first and second moments.

(1) [E6; — [, [, 61,02dsdt] < by,65, + by,01, + b1y, for i € [n].
2) ElI0]2 < 19600 log(1/e)Ki? + 147000K21Sexp-

Proof. We can get the bound on the bias by applying the results of Corollary A.4.21 and Corol-

lary A.4.22 in EQ; = lEé}JEé;r We need the following definition to concisely write out expressions
in this proof.

Definition A.4.23. Let 01, = W, O, = %(exp (TYs) Aexp ((T— %)Ys)exp (%Ys))ii, by, =

01,(20exp + (1 + 20exp) V2(£/1)*%0), and by, = 150expnK for Ys = YO 4 A,

TS S 1 1
f ]EGL,[ IEGzides—f Qlif 0,,dtds
5=0 =0 5=0 7=0

1 1
< f f [E61, 05, — 01,05 dvds
5=0 J1=0

< [E0, ED,, - 0,0, |

We have the following error bound.

1 1
‘IEQZ‘ - f 911. f indeS
s=0 =0

From Corollary A.4.21, we have ]E/G\L, € [0y, £ by,]. From Corollary A.4.22, we have ]E/Q\Z. € [0y, £ o]
Therefore, the right hand side above is bounded by:

1 1
|IEQZ' - f Qli f indsd’[
s=0 7=0

We now compute a quantity which will be useful later:

< bliezi + b2i91i + blibz,--

n

1 1 2 n n
Z (IEGi - f 01, f Qz[dsd’c) <p? Z 02 + (2b1,b,)(1 + by)) Z Oy, +nb2 (1+D1)%.  (A4.24)
s=0 =0 = i=1 l

i=1



Here we used the fact that 0, = ——L—= < 1. We compute each of these terms separately.

V exp(Ys)ii+1
n

Z 62 _ Z exp (TYs) Aexp ((T — 1/2)Ys) exp (% )) 1)2

i=1

< Z exp(’[Y)Aexp((T—l/Z)Y)exp(% )exp(TY)Aexp((T—l/Z)Y)exp(% ))
=1

= Tr(exp (TYs) Aexp (Ys) Aexp (1Y5))
= Tr (exp (Ys) Aexp (Ys) A)

< K*n*G. (A.4.25)

ii

Here, @ was because Y. (Ai#)?* < YI;(A%);;, which can be checked by a simple computation.
Similarly, the sum in the cross-term can be computed as follows.

Z@z —Z eXp(TY)AeXp((T—l/z)Y)eXP(% ))

i=1
=Tr (exp (TYs)Aexp ((T - 1/2)Y;) exp (%Ys))
= Tr(exp (TYs) Aexp (1Y5))

il

= Tr (exp (Ys) A)
< KnG. (A.4.26)
Substituting Equation (A.4.25) and Equation (A.4.26) into Equation (A.4.24), and using Vorto <
1 gives us:
noo 1 1 2
(1}391- - f a f azdsdT) < (28exp + (1 + 20exp) V2(e /1)) 2K G2
i=1 s=0 =0
+900n5° K>

+ 60n0K (28exp + (1 + 20exp) V2(e/1)* ) KnG
< 6K (V2(e/n)*% + 260xp)
< 400nK2n2(V2(e /1" + 28 exp).- (A.4.27)

We now prove the final variance bound.

n
Esrc,ollONF = Esog i, Y 10

1 1 o1 _ .
- f f Z Eq,|01,PEq, |02, Pdsdr.
s=0 =0 i=1



Combining Lemma 2.2.4 and Lemma 2.2.5, we get:

1
Fo oz, 0,100 = f f 1630;;%‘”/” 3(22AZ307,) (22). dsdr,
@© @
@ n 1 1
= Z f f 4890 log(n/€)(ZoAZ2AZy)iidsdT
s=0 J1=0

1 1
= 4890 1og(n/¢) f f Tr (Z3AZ3A) dsdr, (A.4.28)
s=0 J1=0

where Z; = exp ((T -1/2) (Y(t‘l) + SA)) + Uy and Zp = exp (T (Y(t‘l) + SA)) + U, as defined in
Corollary A.4.22. The term @ shows the significance of carefully choosing the split in the estimator
7 and (2%);;. We now bound Tr (Z3AZ2A). Tn Lemma A.4.19

we showed how to construct Z; and Z; as dexp = 4800401 /;13%0 approximations to the respective
matrix exponentials. Thus, writing ||Ui|lop = [|U2/lop = dexp and expanding out the product Z%AZ%A
in terms of the true matrix exponentials and the error matrices, we get the following:

62, which enabled the cancellation of

Tr(ngzfA) < Tr(exp(ZT(Y(t_l) + sA))A exp((ZT — 1) (YD 4 sA))A) + 30720 exp K2.

Choosing A = exp (Y(t_l) + SA) and B = A and combining with the fact that matrix exponential is
positive semidefinite, and A is a symmetric matrix since the gradient of the objective is symmetric,
invoking Fact 2.1.1 gives:

Tr (Z3AZ3A) < Tr(exp(YO™ + 5A)A?) + 307 6expK? < 4K + 307 0exp K2,

where the last inequality follows from applying Holder’s inequality with the nuclear norm and
operator norm. Plugging this back into Equation (A.4.28) and completing the integration gives

Esr,c, 101 < 48901og(n/e) (4Kn? + 30K2nPSexp) < 19600 log(n/e)Kn? + 147000K> 1.

A.4.4 Number of Inner Iterations

We can use the general expression for overall running time to choose a value for number of
‘low-accuracy’ iterations. The total computational cost of the algorithm is

10° (log n)*!

Touter X 2
&

114
Texp + Touter X Tinner X 230 (log (z)) Texp/ (A-4-29)
where the first term is the total cost of exact computations, and the second term is the total cost
of approximate computations (done inside the inner loop); Texp is the cost of approximating the
products of matrix exponentials with a vector. This is optimal (ignoring polylogarithmic terms)
when setting Tinner = O(1/ €2). We set Tipner = 1/€% due to technical reasons arising in Lemma A.4.24.



A.4.5 Distance Bound Between Estimated and True Iterates

Since the estimators in the inner loop iterations are constructed to have a low variance, the estimated
and true iterates aren’t far apart, as we show now. This is also where we choose the step size 7.

Lemma A.4.24. In Algorithm 2.2.1, after t < Ty, iterations, we have E[IX® — )?(t)||nuc < 1.132ne¢. Recall,
X® is the approximate primal iterate, while X®) is the exact iterate.

Proof. By the definition of || - || and some algebra, we have

n
) _ ety — ® _5®
EIX® - X0 =E " |x{ - X0

il
i=1
n 2 —
IEZ (\/Xjf’+1) —(JXE?H)
n ! | n
- 1E22\/Xg) +1‘\/ij) +1- \/)?f? +1’ +]EZ
i=1 i=1

i=1
Next, apply Cauchy-Schwarz inequality and Lemma 2.2.8 to get

2

\/X“) +1- \/55“) +1
i ii

]2

n 2 n 2
EIX® - XO) < 2EVTr X® +n J Z ( \/x;o +1- \/555? + 1) +E Z ( \/Xg) +1- \/Xf.j) + 1)
i=1 i=1
n — 2 n — 2
<2VK+nE Z(\/Xff> F1- X0+ 1) +1EZ(\/X§? +1- X0 +1) .
i=1 i=1

@

(A.4.30)

We first bound . We can write a recursive formulation for as follows.

t

\/}?ff) +1- \/Xij) +1= (\/55510) +1- \/Xff) + 1) +Y (é‘f’ - \/Xf.j) +1+ \/ng‘l) + 1).

s=1

© ®

We invoke Johnson-Lindenstrauss lemma (restated in Lemma A.3.10 for completeness) and choose

the accuracy parameter for it to be such that |Xf?) - }?f?)| < X0 = £ ©)

—= —X:”. Therefore
u 100(10gn)10 n !



g ,/ 5 A /X(O) + 1. Summing over all indices and taking expectations gives
200(logn)
; 2
€ PO ( N N )
(B) S 1+ X +1+ X5 +1
®<E [200 g e (A e

s=1

A@

82 S : S : S5—
< zmm XO + 1) + 2| ; (@ ) — \/dlag(()) X6 +1 + \/dlag(()) X6-1) 4 1) 12
@ Ke? . .
< o T2 2 f ( - [diag(0) X0 + 1+ \diag()) X +1) 13

®

where (1) is by Cauchy-Schwarz inequality, and (2) by Lemma 2.2.8. A subtle point here is
that even though the very first iterate in the algorithm satisfies a stronger inequality, namely,
Tr X© < n, we cannot use this stronger bound because we care about all iterations, and this

stronger bound doesn’t hold later on. We now bound @ below. Note that since the random

EO® and

variable 6© is not entirely unbiased, the term @ is not the variance. Let 0¢) <

d® = y/diag(()) X© +1 - /diag(()) X¢~D + 1. Then,

t
© =Y (6 ( Jaiog0)x0 41~ \atag(0) x0 1)1
s=1

t

= F| Z (’g?s) 09 490 _ d(s)) 2

s=1
t t
Y [Z(@i - 00) +Z —d) +2Y (6 - 69) (61 - df)))
i=1 \s=1 s=1 s#L
¢ ton
= E||6 0 _ 9(5)”2+ 6(5) (S) +0
®

<

-

(EI6¥I? + (@),

Il
—_

S

where the last step is by the bound on variance by its second moment. Recall that we already have
from Equation (A.4.27), @ < 400nK>n?( V2(e/n)*0 4+ 20exp)- Substitute this into the bound for @



and , and apply the result of Lemma 2.2.3 to bound IElI’G\(S)H2 ; we choose t = Tinner = 81—2 and get

Ke? 1
<——— 1+ —[196001og(n/e)Kn? + 147000K>1*dexp + 400nK2n? ( V2(e/n)*® + 26)|.
10000 (log n)® €2 8 1 T Oexp 7 )

second-moment bound from LemmalLemima 2.2.3 squared error in bias

©

(A.4.31)

Next, we bound @ using Jensen’s inequality, and use Inequality A.4.31 in Inequality A.4.30 to get

EIXY - X01 <2VK+1y©)+(©). (4.432)

Note that to bound @, we only need to take care of the second term in Inequality A.4.31, because
the first term is already fixed, and the remaining can be fixed by appropriate choices of dexp. We
choose the step size to be

1
2
= . A.4.33
= & g X 10%(log(n/e)11 (A4.33)
Substituting this in Inequality A.4.31 gives

Ke? Ke2 Ke218exp Ke?n? ( V2(e/n)*0 + Zéexp)

G) <

Plugging this back into Inequality A.4.32 with the value of dexp from Definition 2.2.2 gives:

104 (log )™ ’ 6 x 105 (log(n/¢))*! ’ 2500 (log(12/¢))"? ’ 4 % 105 x (log(n/¢e))"

Ke? Ke? 2Ke*® 3K
@ = 20 " T 12 + 12
10* (log n) 6 x 10° (log n) (log(n/e)) “n3 41 (log(n/e)) “ n38
1 1 26401 3¢402
< Ke? 20 " T 12 + 12
10* (log n) 6 x 10° (log(n/¢)) (log(n/e)) “n38 411388 (log(n/¢))
401
< Ke? 1 20+ N 20
5% 103 (logn) (log n)™ n380
Ke?
= 20
4999 (log n)

Plugging this back into Inequality A.4.32 and using K = 40n (log )t gives EJX® — X0 < 1.132n¢.
Since Algorithm 2.2.1 only uses the diagonal entries of X at any iteration ¢, we can assume the
off-diagonal entries exactly equal those in X®). Therefore X — X® is a diagonal matrix. For a
diagonal matrix A, we can see that [|A|| = ||Allnuc. Therefore, we have F||X® — XO|lhue < 113276, O

A.4.6 The Expanded Domain Trick for Projection

The goal of this section is two-fold: first, we show that if the trace constraint is inactive, the
projection step is simple and requires no trace normalization; second, we prove that the trace



constraint remains inactive throughout the run of our algorithm. We remark that this is also the
lemma where we choose the optimal number of iterations in the outer loop of Algorithm 2.2.1.

Lemma A.4.25. Consider the mirror map ®(X) = X e log X — Tr X over the domain {X : X > 0, Tr X < K}.
Assuming that the trace inequality is never active, we have that exp Y = argminy, ; , x  P(X) = Y ¢ X.

Proof. We wish to solve
min X elog X —TrX — X eY, subjectto X >0, Tr X < K. (A.4.34)

By diagonalizing X as X = UAU" and Y as Y = VZVT, we can rewrite this problem as

n n n n
min Y AjlogAi— Y Ai= ) Ay, subjectto 4;>0,) A <K, (A.4.35)
i=1 i=1 i=1 =1

where y; is the i’th diagonal entry of the matrix U' YU. The Lagrangian is given by L(A;,v) =
Y AilogAi — X A — YL Ay + V(Z?zl Ai — K). Setting the gradient to zero gives VoL =
1+log A" —1~-y+v1 =0, which gives A} = exp(y; — v) for all i. Since we assumed that the trace
constraint is not active, it means, by complementary slackness, v = 0 (note that this assumption
is justified because we prove it in Lemma 2.2.8). This gives A? = exp(y;) which translates to
X* = exp(Y), as claimed. |

Before we start the second proof, we need the following result.

Lemma A.4.26. Fix a norm ||-||. Given an a-strongly convex mirror map ® : O — R, a convex, G-Lipschitz

d
objective f : X — R, the diameter of X N D denoted by D Y sup.cvnp PX) — infrexnp @ (x), step size 1,
and parameter &' where Ellx® -x9) < &, running mirror descent for T iterations gives iterates {EE(t)}tT:
that satisfy the inequality

1

T-1 2

1 * G 1 * * /

f(—T_ - Z W) —fx) < nza T 1)(Dq>(x , 7Y = Do (x, ¥1)) + &'G.
t=1

This can be derived the same way as Theorem 4.2 in [B*15], by incorporating the error in iterate,
just as we did in the proof of Theorem 2.1.3.

Lemma 2.2.8. For any iteration t of Algorithm 2.2.1, X satisfies Tr X0 < K for K = 40n(log n)'.

Proof. We prove this by induction on the iteration count.

Induction Hypothesis. We assume that for any iteration ¢, the primal iterate is not too far from the
optimal point, satisfying [ X! — X*[| < 38n (log n)lo.

Base Case. Since Y() = 0, the primal iterate X = I. We also know that the optimal point satisfies
Tr X* = n. Therefore, XM — X*|| < 21 < 38n (log n)lo. The hypothesis is thus true for the base case,
t=1

Induction. Suppose that the hypothesis is true for some ¢ = t'. We prove that this would make it

true for t = ' + 1 as well. Our technique is to first prove a weak bound for |||)?(t) — X"|| using triangle
inequality of norms; then we boost our bound (and obtain the stronger guarantee of the induction



hypothesis) by invoking strong convexity of Bregman Divergence. We now show the details.

IXE+D — X < JXED - XOP 4+ X - x|

< IXEHD - XO e+ IXE) = X7
N——
Equation (A.2.6) induction hypothesis

2nG
< % +38n (log )"’ . (A.4.36)
~——

@

The first step here used the fact that M| < ||[M|lhuc(We can show this by Holder’s Inequality,
(X,Y) < [YlloplXllnue-  Select Y = diag(()) sgn (diag(X)), that is, Y is a diagonal matrix with
Y;i = sgn(Xj;)). We can plug in parameters of the mirror map and the step size, as displayed in
Table 2.1, to obtain:

&2

@=2 ' 80000(log(1/)11

‘2
-2 - 4(40n(log n)') < 1 o

Plugging this back into Inequality A.4.36 while using ¢ < 1/2 and K = 40n(logn)!? gives
IXE+D - X*| < 22 + 38n (log n)'®, which implies that Tr(X (t >) < (n(e2/125 + 38(log n)1%) + n) <
40n(logn)'® = K, which says that the trace constraint on the iterates is not active on the first #

iterations.

Since the trace constraint is not active on the first ¢’ iterations, the projection step does not require a
normalization. This implies that Algorithm A.2.1 now is identical to Approximate Mirror Descent
with this mirror map and objective. We now recall Lemma A.4.26 for T = t' + 1:

fii7)

Multiplying throughout by nt’ and rearranging the terms gives

GZ
FOXO) < ”— + —(D (X", XV) = Do(X", X D)) + /G

elear v
Do(X", Xty < T2 1 5 + Da(X', X0y — ' (f(tl—,ZX(f))— FX)|+nt's'G (A.4.37)
t=1
positive

Since @ is a-strongly convex in the nuclear norm, we have D¢(X", }?) > ZIX* - }—lefm. Since this is

at least 5|1 X* - }~{|||2. Chaining this with Inequality A.4.37 gives

— 2G3 2D X, XM
I - x < 12 o — ), nt &G, (A.4.38)
(04
—— \..\,_._/

© )

We now bound each of the terms on the right-hand side. We remark that this is actually where we



choose the appropriate value of Toyter.

_ rIZGZTirmerTouter
= 2
= 4= 224 x10° (log(n/¢)) " logn - 16 (40n (log n
64 x 108 (log(n/¢))* e € (log )" log ( (log ) )

< 40en? (log n)'°

To bound the second term @ = w, we need to compute Dq)()?(l), X*). Recall that X0 =1

—_— a —_—
by our algorithm. Therefore, O(XD) = —nn and VO(XD) = 0. Applying Holder’s inequality gives
O(X*) < Tr X" log|IX*[lop < 11logn. Therefore Do (X", XV) < nlogn. Now we go back to the quantity
we were trying to bound:

@ <2 -nlogn - 4(40n(logn)'%) < 32012 (log n)11 .
Finally, the last term is:

30logn

2
D) = = Tinner Touterd G < 2+ 4K - -1.132ne - 2 = 2173512 (log n)"!

Summing these terms and plugging back into Equation (A.4.38) gives

IXC+) — X1 < n?(40¢(log m)'° + 320(log )" + 21735(log 1n)'1).
< n%(0.77(log n)* + 17(log n)*® + 1150(log 1)*°)
< 11681 (log n)*° < 35n (logn)™,

which completes the induction. Therefore we have |||)?(t) - X'l < 38n(log n)10 for all t. Since
Tr X* = n, this proves Tr X*) < 401 (logn)'° = K. m

A.4.7 Error bound
Finally, we put together all the parameters derived above to obtain our claimed error bound.

Lemma A.4.27. Running Algorithm 2.2.1 gives an output for (2.1.2) that has an error bound of Ke.

Our algorithm is in the framework of approximate lazy mirror descent, with error bound given by
Theorem 2.1.3, restated below.

Theorem 2.1.3 (Convergence of Lazy Mirror Descent). Fix a norm || - ||. Given an a-strongly convex

mirror map ®@ : O — R and a convex, G-Lipschitz objective f : X — R, run Algorithm A.2.1 with step
d

size 1 and E|lx® - x®|| < 5. Let D - sup, . xnp @ (¥) — infrexnp @ (x) and x* = arg miny f(x). Then,

Algorithm A.2.1, after T iterations, returns x* , satisfying

2nG?

[04

Ef@) - f(x) < T% + +0G. (2.1.6)

Proof. Our proof involves plugging in the values of the parameters (from Table 2.1) in the above



bound. Since we assume 7 > 4, we use logn < /n in one of the calculations below.

log K log40 + 61
D _ Ke 0g < Ke 0g40 + 6logn
Tn 30logn 30logn
G 32¢2K B Ke <9 x 105K
a 4 1~ 1 = €
8 x 10% (log n) 2500 (log 1)

< 0.29Ke.

5G = 1.132n¢ < Llo <11 x107Ke
35 (log n)

Summing these quantities gives the upper bound on the error to be ¢K, as claimed. m]
A.5 General Technical Results
Lemma A.5.1. Given a,b € R" , we have that Ec.n,1 ((CTa)Z(CTb)Z) < 3|lal311b113.

Proof. By Cauchy-Schwarz inequality, the functions f; and f, satisfy Ec.no,n(f1(C) f2(0) <
VE:(f1 (0)*E¢(f2 (€))% Choose f1 (C) = (CTa)?> and f» (C) = (CTh)?. Since C ~ IN(0,I) and all the coor-
dinates of C are independent, Var(CTa) = Y| Var(Ca;) = Y1, al.z = ||a||§. Therefore (Ta ~ IN(O, ||a||§).
For X ~ IN(0, 02), we have EX* = 30*. Applying this to {'a and CTb proves the desired inequality. O




Appendix B

Appendix for Chapter 3

This chapter contains details and proofs from Chapter 3.
B.1 Notation and Preliminaries

For any integer d, we use [d] to denote the set {1,2,--- ,d}. We use $"*" to denote the set of symmetric
n X n matrices, S’g&” for the set of n X n positive semidefinite matrices, and S’;E” for the setof n x n
positive definite matrices. For two matrices A, B € $", the notation A < B means that B— A € S’ZZE”.
When clear from the context, we use 0 to denote the all-zeroes matrix (e.g. A > 0). Fora vectorv € R",
we use diag(v) to denote the diagonal n X n matrix with diag(v);; = v;. For A, B € §", we define
the inner product to be the trace product of A and B, defined as (A, B) := tr[ATB] = }; ic() Ai jBi j-
For two matrices A € R™" and B € R¥¢, the Kronecker product of A and B, denoted as A ® B, is
defined as the mk X n¢ block matrix whose (i, j) block is A; ;B, for all (i, j) € [m] X [n].

Throughout this chapter, unless otherwise specified, m denotes the number of constraints for the
primal SDP (3.1.1), and the variable matrix X is of size n X n. The number of non-zero entries in all
the A; and C of (3.1.1) is denoted by nnz(A).

B.1.1 Useful Facts

Linear algebra. Some matrix norms we frequently use in this chapter are the Frobenius and
operator norms, defined as follows. The Frobenius norm of a matrix A € R™" is defined to be
lAllr := Vtr[ATA]. The operator (or spectral) norm [|Allop of A € R™" is defined to be the largest
singular value of A. In the case of symmetric matrices (which is what we encounter in this chapter),
this can be shown to equal the largest absolute eigenvalue of the matrix. A property of trace we
frequently use is the following: given matrices A; € R™™, Ay e R"*™, .. Ay € R™1*"%, the trace
of their product is invariant under cyclic permutation tr[A1A; ... Ax] = tr[A2A3 ... AyAq] = -+ =
tr[AgAr ... Ak—2Ak-1]. A matrix A € R™" is called normal if A commutes with its transpose, i.e.
AAT = ATA. We note that all symmetric n X n matrices are normal. Two matrices A, B € R"™" are
said to be similar if there exists a nonsingular matrix S € R such that A = S™'BS. In particular, if
matrices A and B are similar, then they have the same set of eigenvalues. We use the following
simple fact involving Loewner ordering: given two positive definite matrices A and B satisfying
%B < A < aB for some a > 0, we have %B_l < A7 < aB7!. We further need the following facts.

Fact B.1.1 (Generalized Lieb-Thirring Inequality [Eld13, ALO16b, JLL*20b]). Given a symmetric
matrix B, a positive semi-definite matrix A and a € [0, 1], we have

tr[A*BA'B| < tr[ AB?]
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Fact B.1.2 (Hoffman-Wielandt Theorem, [AH53, HJ12]). Let A,E € IR”X” such that A and A + E are
both normal matrices. Let A1, Ay, ..., A, be the eigenvalues of A, and let Al, /\2, . A be the eigenvalues of
A + E in any order. There is a permutation o of the integers 1,...,n such that Zze[n] IAO(Z) A < IIEIIF

Fact B.1.3 (Corollary of Fact B.1.2, [H]12]). Let A,E € R™" such that A is Hermitian and A + E is
normal. Let A1, ..., Ay, be the eigenvalues of A arranged in increasing order Ay < ... < Ay. Let Al, e, /\
be the eigenvalues of A + E, ordered so that Re(Aq) < ... < Re(A,). Then, }iepn |/\,' - A < ||E||12;.

Fact B.1.4 (Woodbury matrix identity, [Woo049, Woo50]). Given matrices A € R™", U € R,
C e R* and Ve R™" such that A, C, and A + UCV are invertible, we have

A+UCV)y'=ATT-A'UuECct +valuylval.

B.2 Matrix Multiplication

The main goal of this section is to derive upper bounds on the time to perform the following two
rectangular matrix multiplication tasks (Lemma B.2.9, Lemma B.2.10, and Lemma B.2.11):

e Multiplying a matrix of dimensions m X n? with one of dimensions n% X m,
e Multiplying a matrix of dimensions n X mn with one of dimensions mn X n.

Besides being crucial to the runtime analysis of our interior point method in Section B.6, these
results (as well as several intermediate results) might be of independent interest.

B.2.1 Exponent of Matrix Multiplication
We need the following definitions.

Definition B.2.1. Define T mat(n,,m) to be the number of operations needed to compute the product of
matrices of dimensions n X r and r X m.

Definition B.2.2. We define the function w(k) to be the minimum value such that Tmar(n, n*, n) = n@®®+e),
We overload notation and use w to denote the cost of multiplying two n X n matrices. Thus, we have w(1) = w.

The following is a basic property of T mat that we frequently use.
Lemma B.2.3 ([BCS97, Bla13]). For any three positive integers n, m, r, we have

T mat(1n,7,m) = O(T mat(n, m, 1)) = O(T mat(m, n,1)).

We refer to Table 3 in [GU18] for the latest upper bounds on w(k) for different values of k. In
particular, we need the following upper bounds in our paper.

Lemma B.2.4 ([GU18]). We have w = w(1) < 2.372927, w(1.5) < 2.79654, w(1.75) < 3.02159, and
w(2) < 3.251640.

B.2.2 Technical Results for Matrix Multiplication
In this section, we derive some technical results on 7 mat and w that we extensively use.

Lemma B.2.5 (Sub-linearity). For any p > q > 1, we have

wp) <p-q+w(q).



Proof. We assume that n” and nf are integers for notational simplicity. Consider multiplying an
n X n” matrix with an n” X n matrix. One can cut the n X n” matrix into n”~7 rectangular blocks
of size n X n1 and the n” X n matrix into n”~1 rectangular blocks of size n7 X n, and compute the
multiplication of the corresponding blocks. This approach takes time n?~1*®@+() from which the
desired inequality immediately follows. m]

Key to our analysis is the following lemma, which establishes the convexity of w(k).

Lemma B.2.6 (Convexity). The fast rectangular matrix multiplication time exponent w(k) as defined in
Definition B.2.2 is convex in k.

Proof. Letk=a-p+(1—a)-qfora € (0,1). For notational simplicity, we assume that n”, n7 and n*
are all integers. Consider a rectangular matrix of dimensions 1 x n*. Since ap < k, we can tile this
rectangular matrix with matrices of dimensions n* x n*”. Then, the product of this tiled matrix with
another similarly tiled matrix of dimensions #* x 1 can be obtained by viewing it as a multiplication
of a matrix of dimensions /1% X n*/n®" with one of dimensions 1#*/n® x n/®, where each “element”
of these two matrices is itself a matrix of dimensions n% x n*?. With this recursion in tow, we obtain
the following upper bound.

Tmat(n, 1*, 1) <Tnae(n®, 07, 1%) - Tnar(n/n®, 0¥ [0, n/n)
= mat(”a/ nap, na) : Tmat(n(l_a), 7’1(1_0‘)‘1, Tl(l—a))

Snaw(p)w(l) X n(l—a)~a)(q)+o(1).

The final step above follows from denoting m = n* and observing that multiplying matrices of
dimensions n® x n%? costs, by Definition B.2.2, m*®+°(), which is exactly n*@®)+M)  Applying
Definition B.2.2 and comparing exponents, this implies that

w(k) < a-wp) + (1 - a)- o),
which proves the convexity of the function w(k). m]

Claim B.2.7. »(1.68568) < 2.96370.

Proof. We can upper bound w(1.68568) in the following sense

w(1.68568) = w(0.25728 - 1.5 + (1 — 0.25728) - 1.75)
<0.25728 - w(1.5) + (1 — 0.25728) - w(1.75)
<0.25728 - 2.79654 + (1 — 0.25728) - 3.02159
< 2.96370,

where the first step follows from convexity of w (Lemma B.2.6), the third step follows from
w(1.5) < 2.79654 and w(1.75) < 3.02159 (Lemma B.2.4). O

Lemma B.2.8. Let T mat be defined as in Definition B.2.1. Then for any positive integers h, £, and k, we have

Tmat (hl gkl h) < O(Tmat(hk/ f; hk))

Proof. Given any matrices A, BT € R"*, by Definition B.2.1, the cost of computing the matrix
product AB is Tmat(h, €k, ). We now show how to compute this product in time O(7 mat(hk, £, hk)).



We cut A and BT into k sub-matrices each of size h X {,i.e. A = (A1, -+ ,Ay)and BT = (B],---,B]),
where each A;, B € R™ for all i € [k]. By performing matrix multiplication blockwise, we can
write AB = Zle A;B;. Next, we stack the k matrices Ay, - - - , A vertically to form a matrix A’ € R
Similarly, we stack the k matrices By, - - - , By horizontally to form a matrix B" = (By,--- ,By) € REK,
By Definition B.2.1, we can compute A’B’ € R™H in time Tmat(fik, €, hk). To complete the proof, we
note that we can derive AB from A’B’ as follows: for each j € [k], the jth diagonal block of A’B’ of
size h X h is exactly A;Bj, and summing up the k diagonal & X h blocks of A’B’” gives AB. m|

B.2.3 General Upper Bound on 7 mat(1, mn, n) and 7T mat(1m, n?,m)

Lemma B.2.9. Let Tmat be defined as in Definition B.2.1. If m > n, then we have T mat(n, mn,n) <
O(T mat(m, n?,m)). If m < n, then we have T mar(m, n?, m) < O(T mat(n, mn, n)).

Proof. We only prove the case of m > n, as the proof of the other case is similar. This is an immediate
consequence of Lemma B.2.8 by taking h = n, £ = n?, and k = |m/n], where k is a positive integer
because m > n. m|

In the nextlemma, we derive upper bounds on the term 7 mat (1, n?,m)whenm > nand T mat(n, mn, n)
when m < n, which is crucial to our runtime analysis.

Lemma B.2.10. Let T mat be defined as in Definition B.2.1 and w be defined as in Definition B.2.2. Then we
have T at(n, mn, n) < O(mn®*°WY and Tiae(m, n?,m) < O ( Vi (mnz + m“’)).

Proof. Recall from Definition B.2.1 that T mat(n, mn, n) is the cost of multiplying a matrix of size
n X mn with one of size mn X n. We can cut each of the matrices into m sub-matrices of size n X n
each. The product in question then can be obtained by multiplying these sub-matrices. Since there
are m of them, and each product of an n X n submatrix with another n x n submatrix costs, by
definition, n“*°M, we get Tmat(n, mn, n) < O(mn®+°D), as claimed.

Let m = n®, where a € (0, ). By definition, 7 mat(1m, n?,m) is the cost of multiplying a matrix of size
m x n? with one of size n> X m. Expressing n* as m* then gives, by Definition B.2.2, that

Tmat(m, n2,m) = m@@0+00) = pro@/a+o) (B.2.1)
The claimed inequality follows immediately from the following, which we prove next:
w(2/a) < max(1 + 2.5/a, w(1) + 0.5/a) Va € (0, c0). (B.2.2)
Define b = 2/a € (0, o). Then the desired inequality in Equation (B.2.2) can be expressed as
w(b) < max(1 +5b/4, w(1) + b/4) Vb € (0, 00). (B.2.3)

Notice that the RHS of Inequality B.2.3 is a maximum of two linear functions of b and these
intersect at b* = w(1) — 1. By the convexity of w( - ) as proved in Lemma B.2.6, it suffices to verify
Inequality B.2.3 at the endpoints b — 0, b — oo and b = b". In the case where b = 0 for any 6 < 1,
Inequality B.2.3 follows immediately from the observation that w(6) < w(1). We next argue about the
case b — oco. By Lemma B.2.4 we have w(2) < 3.252. Using Lemma B.2.5, we have w(b) < b -2+ w(2).
Combining these two facts implies that for any b > 2, we have

w®) <b-2+w) <1+5b/4,



which again satisfies Inequality B.2.3. The final case is b = b* = w(1) — 1, for which Inequality B.2.3
is equivalent to

w(@(1) = 1) < 5w(1)/4 - 1/4. (B.2.4)

By Lemma B.2.4, we have that w(1) — 2 € [0,0.372927]. Then to prove Inequality B.2.4, it is sufficient
to show that

w(t+1)<5t/4+9/4  Vte[0,0.372927]. (B.2.5)

By the convexity of w( -) as proved in Lemma B.2.6, the upper bound of w(2) < 3.251640 in
Lemma B.2.4, and recalling that w(1) = t + 2 for t € [0,0.372927], we have for k € [1,2],

wk) <w@)+(k—-1)-(3.251640 — (t +2)) =t + 2 + (k— 1) - (1.251640 — ¢).
In particular, using this inequality for k = t + 1, we have
w(t+1)—5t/4—9/4 < (t+2) +t-(1.251640 — £) — 5t/4 — 9/4 = —+* + 1.00164t — 1/4,
which is negative on t € [0,0.372927]. This establishes Inequality B.2.5 and finishes the proof. O

B.2.4 Improved Upper Bound on 7 m,:(1m, n?, m)

Lemma B.2.11. For any two positive integers n and m, we have T mar(m, n?, m) = o(m> + mn>37).

Proof. Let m = n” where a € (0, o). Recall from Equation (B.2.1) that Tat(m, n?, m) = m@@/+o0) =
nt@@/a)+o1) "We consider the following two cases according to the range of a.

Case 1: g € [1.18647, ). In this case, we have w(2/a) < w(2/1.18647) < w(1.68568) < 3, where the
last inequality follows from Claim B.2.7. This implies that

Tmat(m, %, m) = o(n>") = o(m?). (B.2.6)

Case 2: a € (0,1.18647]. In this case, we have 2/a € [1.68567, o). Consider the linear function

y(t)y=1+237- é (B.2.7)
By Claim B.2.7, we have
@(1.68567) < 2.997 < y(1.68567). (B.2.8)
By Lemma B.2.4, we have
w(2) < 3.37 = y(2). (B.2.9)

An application of Lemma B.2.5 then gives, for any ¢ > 2, the inequality
w(t) <t-2+w2)<t-2+y(2) <yt), (B.2.10)

where the last inequality is by definition of y(t) from Equation (B.2.7). Therefore, combining
the convexity of w( -), as proved in Lemma B.2.6, with Inequality B.2.8, Inequality B.2.9, and



Inequality B.2.10, we conclude that for any t € [1.68567, c0), the function w is bounded from above
by the affine function y, expressed as follows.

t
wlt) <y =1+237- .
This implies that
Tmat(m/ 7’12, m) — na-a)(Z/a)+0(l) — O(na+2.37) — 0(mn3'27). (B211)

Combining Equation (B.2.6) and Equation (B.2.11) finishes the proof of the lemma. m|

B.3 Owur Main Theorem

In this section, we give the formal statement of our main result.

Theorem B.3.1 (Main Result). Consider a semidefinite program with variable size n X n and m constraints
(assume there are no redundant constraints):

max C e X subjectto X > 0,A; e X = b, foralli € [m]. (B.3.1)

Assume that any feasible solution X € SIi" satisfies || Xllop < R. Then for any error parameter 0 < 6 < 0.01,
there is an interior point method that outputs in time O*(\n(mn? + m® +n®) log(n/5)) a positive semidefinite

matrix X € ]R’;é” such that

CoX>CoX =5-[Cllop-R and Y Ao X =b|<4nd-(R Y IAilh +lblh),

i€[m] i€[m]

where w is the exponent of matrix multiplication, X" is any optimal solution to the semidefinite program in
Equation (B.3.1), and ||A;|ly is the Schatten 1-norm of matrix A;.

The proof of Theorem B.3.1 is given in the subsequent sections.
B.4 Approximate Central Path via Approximate Hessian

Our main result of this section is the following statement about the dual variable y following the
approximate central path (in the sense that the objective value is additively close to the optimal
values on the central path). We also show, importantly, that our step size is small enough that the
next slack matrix Spew is not too far (in Frobenius norm) from the current slack matrix S.

Theorem B.4.1 (Approximate Central Path). Consider a semidefinite program as in (3.1.1) with no

redundant constraints. Assume that any feasible solution X € S’;S” satisfies || X|lop < R. Then for any error

parameter 0 < & < 0.01 and Newton step size ey satisfying Vo < ex < 0.1, Algorithm 3.2.1 outputs, in

T = g \nlog(n/d) iterations, a positive semidefinite matrix X € RIF" that satisfies

CoX2CoX =0:|ICllop R and Y ‘Ai X bi’ <4nd-R Y Al +bl),  (BAD

ie[m] i€[m]

where X* is any optimal solution to the semidefinite program in (3.1.1), and ||A;llx is the Schatten 1-norm of
matrix A;. Further, in each iteration of Algorithm 3.2.1, the following invariant holds for ay = 1.03:

15728 hewS™ V2 — I||F < ay - en. (B.4.2)



Proof. At the start of Algorithm 3.2.1, Lemma B.8.1 is called to modify the semidefinite program
to obtain an initial dual solution y for the modified SDP that is close to the dual central path
at 7 = 1/(n + 2). This ensures that the invariant g,](y)TH(y)‘l S(y) < eil holds at the start of
the algorithm. Therefore, by Lemma B.4.4 and Lemma B.4.5, this invariant continues to hold
throughout the run of the algorithm. Therefore, after T = 2 \/_ log( ) iterations, the step size 1 in

ZSA\]/E)T [(n+2)>2n/6% It then follows from Lemma B.4.6 that

Algorithm 3.2.1 grows to 1) =

bTy<by' + % “(1+2eN) <Dy + 6%

Thus when the algorithm stops, the dual solution y has duality gap at most & for the modified SDP.
Lemma B.8.1 then shows how to obtain an approximate solution to the original SDP that satisfies
the guarantees in Equation (B.4.1).

To prove Inequality B.4.2, define Ag = Spew — S € R™" and 6y = ynew — ¥ € R™. For each i € [n], we
use O,,; to denote the i-th coordinate of vector 6,. Then Ag = Y2, 6, ;A; by definition. We rewrite
IS /2ShewS ™2 ~ 117 as

IS 2 Snew SV — 12 = tr [(ST3(A5)S V2] = Z(Sylé jr[STTASTIA = (8)TH(y)5,. (B43)
i,j=1

Now using 6, = Iili(y)‘1 gn(y) simplifies the above expression to g,,(y)Tﬁ(y)‘lH(y)ﬁ(y)‘1 Sn(y). It
then follows from Lemma B.4.4 and the invariant g,(y)"H (y)™! Sy < 612\, on the Newton decrement
that

S THY) T HWHY) gy (y) < aF - €3, (B.4.4)
where ay = 1.03. Combining Equation (B.4.3) with Inequality B.4.4 finishes the proof. m]

Table B.1: Summary of parameters in approximate central path.

Notation Choice Appearance Meaning

ag 1.03 Lemma B.4.4 Spectral approximation factor 0(1‘{1 -H < H <ayg-H
EN 0.1 Lemma B.4.5 Upper bound on the Newton step size (g, H™ lo)1/2
€s 0.01 Lemma B.4.2 Spectral approximation error (1 —€g) - S < S < (1+e€g)-S

B.4.1 Approximate Slack Update

In this section, we show that the approximate slack matrix S we maintain is in the operator norm
close enough to the true slack matrix S.

Lemma B.4.2. Given positive definite matrices Snew, S € SN and any pammeter 0 < es <0.01, there is an
algorithm that takes O(n®*°M) time to output a positive definite matrix Snew € SIL" such that

IS el SnewSnent = Illop < €s. (B.4.5)

Proof. The operator norm bound of Inequality B.4.5 is achieved by design in Algorithm 3.2.2.

Specifically, we notice that Anew are the eigenvalues of Sn;/f snewsgelv/f — I and by the algorithm



description (lines 6 - 13), the upper bound (Apew); < €5 holds for each i € [n]. The claimed runtime
of O(n“+°M) is by the spectral decomposition Z = U - A - U7, the costliest step in the algorithm. O

B.4.2 Tracking the True Slack Implies Tracking the True Hessian

In this section we show that the spectral closeness of the true and approximate slack matrices, as
shown in Section B.4.1, implies that the true and approximate Hessian matrices are also spectrally
close. We show this in Lemma B.4.3 and apply it in Lemma B.4.4.

Lemma B.4.3. Given symmetric matrices Ay, --- , Ay € ™", and positive definite matrices §, Se S%”,
define matrices H € R™™ and H € R"™™ as H;) = tr[S‘lAjS‘lAk] and Hjy = tr[S‘lAjS‘lAk]. Then H

and H are positive semidefinite. For accuracy parameter as > 1, if agl -S<S=<as-S, then

agz-Hﬁﬁﬁag-H

Proof. For any vector v € R", we define A(v) = Y., v;A;. We can rewrite v" Ho as follows.
m m m m
o"Ho = Z Z vo;H;; = Z Z v, tr[STLASTIA] = uSTV2A@)S T A®w)S 2. (B.4.6)
i=1 j=1 i=1 j=1

Similarly, we have
v"Ho = [ S'2A(0)S ' A@w)S]. (B.A4.7)

As the RHS of Equation (B.4.6) and Equation (B.4.7) are non-negative, both H and H are positive
semidefinite. Since S < a5 - S, we have S™! < a5 - S~! (see Section B.1.1), which gives the following
inequalities
tr[S2A@)S T A@)S ] < as - 1| STV2A@)S T A®)S T
<okt ST2A@)S T AW@)S A, (B.4.8)

where the first inequality follows from viewing tr[S‘l/ 2A(0)S1A(v)STY 2] as Y, uS™'u; for
u; = A(v)S™V/?¢; and the second inequality follows similarly, after using the cyclic permutation

property of trace. Similarly, using agl -5 <S5, wehave
tr[ST2A@)S T A)S T 2 ag? - tr[ST2A®)S T A)S 2. (B.4.9)

Combining Equation (B.4.8) and Equation (B.4.9) with Equation (B.4.6) and Equation (B.4.7) along
with the fact that v can be any arbitrary n-dimensional vector finishes the proof of the lemma. O

Lemma B.4.4. Throughout Algorithm 3.2.1, for ay = 1.03, the approximate Hessian H (y) satisfies
aﬁlH(y) < ﬁ(y) <ay-H(y).

Proof. By Lemma B.4.2, given as input two positive definite matrices Spew and g, Algorithm 3.2.2

outputs a matrix Spew such that IIS;elévz gneWS;elV/vz — Illop < €s, where €5 = 0.01. By definition of

operator norm, this implies that in each iteration of Algorithm 3.2.1, we have, for as = 1.011,



that —esI < S1/255°1/2 _ T < &I, and by pre-multiplying and post-multiplying throughout by
the positive definite matrix S, we get —esS < S — S < €55, and by rearranging the terms, we get
agl -5 < S < ag - S. The statement of this lemma then follows from Lemma B.4.3. O

B.4.3 Standard Results from Interior-Point Methods
The following results are standard in the theory of interior point methods (e.g. see [Ren01b]).

Lemma B.4.5 (Invariance of the Newton Decrement [Ren01b]). Given any parameters 1 < ay < 1.03
and 0 < ey < 1/10, suppose that go(y)"H(y) ™' g,(y) < €%, holds for some feasible dual solution y € R™

and parameter 1 > 0, and positive definite matrix H € S"3" satisfies o/ H(y) < H < agH(y). Then
EN

nnew = T](]‘ + 20 ‘/ﬁ) and ]/new = y - ﬁ_lgnnew (y) Satlsf]/

Ennew (ynew)TH(ynew)_lgnnew (Ynew) < 612\1-

Lemma B.4.6 (Approximate Optimality [Ren01b]). Suppose 0 < ex < 1/10, dual feasible solution
y € R™, and parameter 1 > 1 satisfy the following bound on the Newton decrement:

i) THO)  gy(v) < &,

Let y* be an optimal solution to the dual formulation (3.2.1). Then we have

bTy<b'y + % (1 + 2en).

B.5 Low-Rank Update

Crucial to being able to efficiently approximate the Hessian in each iteration is the condition that
the rank of the update be not too large. We formalize this idea in the following theorem, essential
to the runtime analysis in Section B.6.

Theorem B.5.1 (Rank inequality). Let ro = n and r; be the rank of the update to the approximate slack matrix

S when calling Lemma B.4.2 in iteration i of Algorithm 3.2.1. Then, over T iterations of Algorithm 3.2.1, the
ranks r; satisfy the inequality

T
Y VFi < O(Tlog!* n).
=0
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The rest of this section is devoted to proving Theorem B.5.1. To this end, we define the “error’
matrix Z € R™" as follows

7 =§125g712 _ (B.5.1)

and the potential function @ : R — R

"D
©2Z)=Y" % (B.5.2)
i=1

where |A1(Z)|[; denotes the i"th entry in the list of absolute eigenvalues of Z sorted in descending



order. We show a certain maximum limit in the change in the above potential when S is updated to

Snew and a certain minimum potential change when Sis changed to §new. We combine these two
bounds and sum over all iterations to claim the above bound on total rank change. The following
lemma give the potential change when S is updated to Spew.

Lemma B.5.2 (Potential change when S changes). Suppose matrices S, Spew and gsatisfy the inequalities
1SS0S ™2 = 1IlF <0.02  and  |IS72857V2 — ||, < 0.01. (B.5.3)
Define matrices Z = SY255712 _ [ and 7,4 = (Snew) ™ Y2S(Snew) Y2 — L. Then we have

D(Zmia) — P(Z) < 4/logn.

Proof. As an intermediate goal, we first prove

n

Y A@D) = M) <1072, (B.5.4)
i=1

We first show that the lemma statement is implied by Inequality B.5.4.

First, we arrange the eigenvalues of Z,ig and Z in descending order of value. Let A(Z;q); and A(Z);
be the ith largest eigenvalues of Z,,jq and Z, respectively. For eachi € [n], denote A; = MZiq)i—A(Z);.
Then Inequality B.5.4 is equivalent to A2 < 1073. Let 7 be the descending order of the magnitudes

of eigenvalues of Z 4, i.e. |A(Zmid)1(1)| > e > |/\(Zmid)1(n)|. Then the potential ®(Z,iq) can be
upper bounded as

O(Zmid) = Z ;IA(Zmid)r(z’>|
< Z( | A(Z) | + \/ZIAT(i)l)

" 172
®(2) + (Z %) [Z |A1-|2]
i=1 =1
< D(Z) + /logn,

where the third line follows from the “rearrangement inequality”,

n n

1 1
Y EIA(Z)TM <) i@l

i=1 i=1
and Cauchy-Schwarz inequality, and the final step uses Inequality B.5.4. This proves the lemma.

The remaining part of this proof is therefore devoted to proving Inequality B.5.4. Define W =



S;elv/vz S1/2. Then, we can express Zmiq in terms of Z and W in the following way.

Zig = (Snew)_1/2’§(Sne‘/\,)_1/2 -1
= (Snew) /2812571/255-1/261/2(5 )12 — ]
= WZWT + WwT I (B55)

Let A(M);; denote the i"th (ordered) eigenvalue of a matrix M. We then have

n
Y (AZamia)in — MWZWT ) < 1 Zawia = WZWTIE = [WTW = 11, (B5.6)
i=1

where the first inequality is by Fact B.1.3 (which is applicable here because Z,iq and WZWT are both
normal matrices) and the second step is by Equation (B.5.5). Denote the eigenvalues of S™1/25,,,,,S1/2
by {vi}! . Then the first assumption in Inequality B.5.3 implies that } e, (vi — 12 <4x107™% It
follows that

IWTW =11 = |IS"2S.0, 812 — 12 = ) (1/vi — 12 <5x 1074, (B.5.7)

new
ieln]

where the last inequality is because the first assumption from Inequality B.5.3 implies v; > 0.98 for
all i € [n]. Plugging Equation (B.5.7) into the right hand side of Inequality B.5.6, we have

n
Z(A(Zmid)[i] —AWZWT))? <5x 1074 (B.5.8)
i=1
Let W = ULV be the singular value decomposition of W, with U and V being n X n unitary matrices.

Because of the invariance of the Frobenius norm under unitary transformation, Equation (B.5.7) is
then equivalent to

n
IZ2 = 1|l = Z(af ~1)2<5x107% (B.5.9)
i=1
Since U and V are unitary, the matrix WZWT = UZVTZVXUT is similar to XV'ZVY, and the
matrix Z’ = VTZV is similar to Z. Therefore,

n n
Z(/\(WZWT)U] - M2))? = Z(A(ZZ'Z)U] - MZ)w)?
P P
<|ZZ’EZ-Z'|3, (B.5.10)

where the last inequality is by Fact B.1.3. We rewrite the Frobenius norm as

IZZ’E-Z'F=IZ-DZ'EZ-D+ X -DZ'+Z'(Z - Dl < I(E - DZ"(Z = Dllr + 2lI(Z = DZ'||F.
(B.5.11)



The first term can be bounded as:
IS = DZ'(Z - DI = te|(Z - DZ/(Z - ?Z'(Z - D)]
<t|(Z-D*- (2]
< 0.01% - tr(Z - D]

n
=Y (0i-1*<5x107%. (B.5.12)

The first inequality above uses Fact B.1.1, the second used the observation that ||Z’||op = ||Z]lop < 0.01,
and the last inequality follows from Inequality B.5.9 and the fact that Y.i_ (0; — 1)* < X1, (07 — 1)%.
Similarly, we can bound the second term as

IS = DZ/IE = te (S - D(Z)PE - D] < e (2 - DXZ'P?] <001 |2 - D?] < 107, (B5.13)
It follows from Inequality B.5.10, Inequality B.5.11 and Inequality B.5.13 that
n
Z(A(WZWT)U] ~ AZ))? < 107°C. (B.5.14)
=1

Combining Inequality B.5.8 and Inequality B.5.14, we get that Y,/ | (M(Z)] — A(Zmia)pi)* < 1072
which establishes Inequality B.5.4. This completes the proof of the lemma. m|

Lemma B.5.3 (Potential change when S changes). Given positive definite matrices Spew, Se 5L, let

Snew and r be generated during the run of Lemma B.4.2 when the inputs are Spew and S. Define the matrices
anud - (Snew) 1 ZS(SHEW) 1/2 I and Znew - (SHEW) 1 Snew( new) 1/ - I Then we huve

-4

\

q)(Zmid) - CI)(Znew) 2

Proof. The setup of the lemma considers the eigenvalues of Z when S changes. For the sake of
notational convenience, we define y = |A(Ziq)l, the vector of absolute values of eigenvalues of

Zmid = sngv/fss;elv/f I. Recall from Table B.1 that es = 0.01. We consider two cases below.

Case 1. There does not exist an i < 1n/2 that satisfies the two conditions yp;; < €5 and yp;) <
(1 -1/10logn)yy;;. In this case, we have r = n/2. We consider two sub-cases.

e Case (a). For all i € [n], we have yj;; > €s. In this case, we change all n coordinates of y, and
the change in each coordinate contributes to a potential decrease of at least €5/ v/n. Therefore,

we have (D(Zmid) - (D(Znew) 2 €5 \/_ 2 lloogn W

e Case (b). There exists a minimum index i < /2 such that y|»j < €5 holds for all j in the range
i < j < n/2. In this case, for all j in the above range, we have that yp;; > (1 —1/10logn)y;;;. In
particular, picking j =1,2i,--- gives

Y = i - (1 - 1/(101og n))1°8"1 > ¢5/10.



Recalling that our notation y[;; denotes the i’th absolute eigenvalue in decreasing order, we
use the above inequality and repeat the argument from the previous sub-case to conclude

that ©(Zuwig) ~ D(Znew) = €5/10 - Vi1 = 125 .

Case 2. There exists an index i for which both the conditions yy; < €5 and ypp; < (1 —1/101log n)yy;
are satisfied. By definition, r < n1/2 is the smallest such index. Consider the index j such that for all
J' < j, wehave yj;; > €s and for all j > j, we have yj;) < €s. By the same argument as in Case 1(b),
we can prove Y[, > €5/10. Moreover, y[5, < (1 —1/10logn)yj, by definition of r. Denote by y""
the vector of magnitudes of the eigenvalues of Zpe. Since yE.‘]”'W is set to 0 for each i € [2r], we have
yl[“l.?w = Yliv2r] < Yi]- Further, ypp,) < (1 —1/101og n)yy,) implies that for each i € [r], we have

1 107%es  107*

logn  logn’

new

Yl — VY 2 IﬁTSg7Z'yV]Z

where €5 = 0.01 by Table B.1. Therefore, we can bound, from below, the decrease in potential
function as

r new

Y — Y 10~
D(Zmid) — P(Znew) = 2
Z,Z:; \i logn

This finishes the proof of the lemma. O

Vr.

Proof of Theorem B.5.1. Recall the definition of the potential function in Equation (B.5.2) for an error
matrix Z € "

" AD
O(Z) = Z. | (\/;l[]_
p)

Let SO and SO be the true and approximate slack matrices in the ith iteration of Algorithm 3.2.1.
Define Z" = (S(i))_l/zg(i)(S(i))_l/2 — I and Zgid = (S(iH))_1/7":5‘#(1')(Si(i+1))_1/2 — I. First, throughout
Algorithm 3.2.1, we satisfy Inequality B.4.2 (as stated in Theorem B.4.1) and Inequality B.4.5 (as
stated in Lemma B.4.2). As a result, the assumptions in Lemma B.5.2 are satisfied, and we have that

(z? ) - ©(Z9) < \logn.
From Lemma B.5.3, we have the following potential decrease:

: : 1074
U2 - ) 2 [

These together imply that

-4
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logn \ri. (B.5.15)
We note that ®(Z©) = 0 as we initialized S = S in the beginning of the algorithm, and that
the potential function ®(Z) is always non-negative. The theorem then follows by summing up
Equation (B.5.15) over all T iterations. O



B.6 Runtime Analysis

Our main result of this section is the following bound on the runtime of Algorithm 3.2.1.

Theorem B.6.1 (Runtime bound). The total runtime of Algorithm 3.2.1 for solving an SDP with variable

size n X n and m constraints is at most O* ( \n (mnz + max(m, n)“’)), where w is the matrix multiplication
exponent as defined in Definition B.2.2.

To prove Theorem B.6.1, we first upper bound the runtime in terms of fast rectangular matrix
multiplication times. The iteration complexity of Algorithm 3.2.1is T = O(+/n).

Lemma B.6.2 (Total cost). The total runtime of Algorithm 3.2.1 over T iterations is upper bounded as

T
T Total < O | min (n -nnz(A), mn®> ) + Vnmax(m, n)® + Z (Tmat(n, mri, n) + Tmat(m, nr;, m)) |,
i=0
(B.6.1)

where nnz(A) is the total number of non-zero entries in all the constraint matrices, r;, as defined in

Theorem B.5.1, is the rank of the update to the approximation slack matrix S in iteration i, and w and T mat
are defined in Definition B.2.2 and Definition B.2.1, respectively.

Remark B.6.3. A more careful analysis can improve the first term in the RHS of Lemma B.6.2 to
Vi - nnz(A)Y - (mn?) fory = m For the purpose of this chapter, however, we will only need the
simpler bound given in Lemma B.6.2.

Proof. The total runtime of Algorithm 3.2.1 consists of two parts:

e Part 1. The time to compute the approximate Hessian H (y) (which we abbreviate as ﬁ) in
Line 6.

o Part 2. The total cost of operations other than computing the approximate Hessian.
Part 1.
We analyze the cost of computing the approximate Hessian H.
Part 1a. Initialization.

We start with computing H in the first iteration of the algorithm. Each entry of H involves the
computation

fis = 6 [G 2451 E A
It first costs O*(n®) to invert S. Then the cost of computing the key module of the approximate
Hessian, S71/2A;S71/2 for all j € [m], is obtained by stacking the matrices A; together:

T§—1/2Aj§—1/2 for all je[m] < O(Tmat(n/ mn, TZ)) (B62)
Vectorizing the matrices S~1/2A ]g‘l/ 2 into row vectors of length 72, for each j € [m], and stacking

these rows vertically to form a matrix B of dimensions m X n2, one observes that H = BBT. We
therefore have,

< O(Twmat(m, n?, m)). (B.6.3)

computing H from B



Combining Equation (B.6.2), Equation (B.6.3), and the initial cost of inverting ggives the following
cost for computing H for the first iteration:

7-part la < O*(Tmat(mr nZ’ m) + Tmat(n/ mn, 7’1) + nw). (B64)

Part 1b. Accumulating low-rank changes over all the iterations

Once the approximate Hessian in the first iteration has been computed, every next iteration has
the approximate Hessian computed using a rank r; update to the approximate slack matrix S (see
Line 11 of Lemma B.4.2). If the update from Sto gnew has rank r;, Fact B.1.4 implies that we can
compute, in time O(n®*°M), the n X r; matrices V. and V_ satisfying g;éw =51+ V.Vl -V_VI
The cost of updating H is then dominated by the computation of tr[g_l/ 2A ]-VVTAkE_l/ 2], where
V € R™ is either V, or V_. We note that

TAJV for all je[m] < O (min (1’1' -nnz(A), mnzr;u—2+o(1))) , (B.6.5)

where nnz(A) is the total number of non-zero entries in all the constraint matrices, and the second
term in the minimum is obtained by stacking the matrices A; together and splitting it and V into

matrices of dimensions r; X r;. Further, pre-multiplying S71/2 with A jV for all j € [m] essentially
involves computing the matrix product of an n X n matrix and an n X mr; matrix, which, by
Definition B.2.1, costs Tmat(n, mr;, n). This, together with Equation (B.6.5), gives

. . —2+0(1
T AV forall j [m] = @) (T mat(1, mri, 1) + min (r,- -nnz(A), mn’r;’ ol ))) (B.6.6)

The final step is to vectorize all the matrices 57124 ;jV, for each j € [m], and stack these vertically to
get an m X nr; matrix B, which gives the update to Hessian to be computed as BB'. This costs, by
definition, 7 mat(m, nr;, m). Combining this with Equation (B.6.6) gives the following run time for
one update to the approximate Hessian:

7 rank r; Hessian update < o) (Tmat(n/ mri, n) + min (ri -nnz(A), ngr;u—Z) + Tmat(m, nr, m) + n(u) .
(B.6.7)

Applying this overall T = O( /n) iterations and ZiT:o Vi < 5( v/n) from Theorem B.5.1, gives

T
Tpart1b < O° [min(n -nnz(A), mn*°) + Vn - n® + Z(Tmat(n, mri, 1) + T mat(m, nr;, m))]. (B.6.8)
i=1

Combining Part 1a and 1b.
Combining Equation (B.6.4) and Equation (B.6.8), we have

Tpart 1= Tpart lat Tpart 1b

<O

T
min(n - nnz(A), mn2‘5) + Vn-n® + Z(‘Tmat(n, mri, n) + T mat(m, nr;, m))), (B.6.9)
i=0

where we incorporated the bound from Equation (B.6.4) into the i = 0 case.
Part 2.



Observe that there are four operations performed in Algorithm 3.2.1 other than computing H:

e Part 2a. computing the gradient g, (v)
e Part 2b. inverting the approximate Hessian H
e Part 2c. updating the dual variables ynew and S(Ynew)

e Part 2d. computing the new approximate slack matrix g(ynew)

Part 2a. The ith coordinate of the gradient is expressed as g,(y); = nb; — tr[S‘lAi]. The cost per

w+o(1

iteration of computing this quantity equals O(nnz(A) + n®*°(), where the second term comes from

inverting the matrix S.

w+o(1))

Part 2b. The cost of inverting the approximate Hessian H is O(m per iteration.

Part 2c. The cost of updating the dual variable ynew = v — H! Sinew (V), given H'and Sitnew (W),
is O(m?) per iteration. The cost of computing the new slack matrix Spew = Zie[m](ynew)iA,- - Cis
O(nnz(A)) per iteration.

Part 2d. The per iteration cost of updating the approximate slack matrix §new is O(n“’+0(1)) by
Lemma B.4.2.

Combining Part 2a, 2b, 2c and 2d.

The total cost of operations other than computing the Hessian over the T = 5( y/n) iterations is
therefore bounded by

TpartZ < Tpart 2a t Tpart 2b + Tpart 2ct Tpart 2d < O*( \/E(IH’IZ(A) + max(m, n)w))' (B610)

Combining Part 1 and Part 2.
Combining Inequality B.6.9 and Inequality B.6.10 and using rp = n finishes the proof of the lemma.

T total < Tpart 1+ Tpart 2

T
< O*| min (n -nnz(A), mn*® ) + Vnmax(m,n)® + Z (Tmat(n, mri, 1) + Tmat(m, nr;, m))|.
i=0

O

Lemma B.6.4. Let Tat be as defined in Definition B.2.1. Let T = 5( \n) and {r1,--- ,rr} be a sequence
that satisfies

T
Y Vi < O(Tlog"* n)
i=1

Property I. We have

T
Z Tmat(m, nri, m) < O (Vnmax(m®, n®) + Tmar(m, n?, m)),
i1



Property I1. We have

T
Z T mat(n, mri,n) < O( Vn max(m®, n”) + Tmat(n, mn, n)).
i=1

Proof. We give only the proof of Property I, as the proof of Property Il is similar. Let m = n®. For
each i € [T], let r; = n%, where b; € [0,1]. Then

Tmat(m, nri, m) = Tonat(n®, n' 0 n?) = pr@@+b/a)+ol) (B.6.11)

For each number k € {0,1,--- ,log n}, define the set of iterations

L ={ie[T] : 28 <r < 2Ky,

Then our assumption on the sequence {r1,-- -, rr} can be expressed as Z}:):gon I - 2512 < O(Tlogl'5 n).
This implies that for each k{0,1,--- ,logn}, we have || < O(Tlogl'5 n/2k/2). Next, taking the

summation of Eq. Equation (B.6.11) over all i € [T], we have

T T
Z T mat(m, nr;, m) = Z o @((1+;)/a)
i=1 =

1
Z pr@((1+b)/a)

n
k=0 el

1

—

<

©)

Tlog"®n
(logn) - mkax max % . @ ((1+bi)/a)
1€l

(1) - max max ﬁ . prw((1+b;)/a)

k okpbi<oki1 2K/2
1/2-b;/2+a-0((1+b;)/a)
7

IA
o)

o)

<O(1)- max n

b;e[0,1]

where the fourth step follows from T = 5( y/n). To bound the exponent on n above, we define the
function g,

g(b) =1/2 = bi/2 +a- w((1 + b;)/a). (B.6.12)

This function is convex in b; due to the convexity of the function w (Lemma B.2.6). Therefore, over
the interval b; € [0, 1], the maximum of g is attained at one of the end points. We simply evaluate
this function at the end points.

Case 1. Consider the case b; = 0. In this case, we have g(0) = 1/2 + aw(1/a). We consider the
following two subcases.

Case 1a. If a > 1, then we have

g0)=1/2+a-w(l/a) £1/2+aw(l) =1/2 +aw

Case 1b. Ifa € (0,1), then we define k = 1/a > 1. It follows from Lemma Lemma B.2.5 and w > 1,



that
g0)=1/2+a-w@/a)=1/2+wk)/k<1/2+ (k-1+w)/k<1/2 + w.
Combining both Case 1a and Case 1b, we have that

ng(O) < max(n1/2+aa), n1/2+a)) < \/E R max(ma)/ na)).

Case 2 Consider the other case of b; = 1. In this case, g(1) = 1/2 = 1/2 + aw(2/a) = aw(2/a).

We now finish the proof by combining Case 1 and Case 2 as follows.

max nl/Z—bi+a~w((1+bi)/a) < \/ﬁmax(mw,nw) +na~w(2/a)‘
b;e[0,1]

O

Proof of Theorem B.6.1. In light of Lemma B.6.4, the upper bound on runtime given in Lemma B.6.2
can be written as

T Total < O (min {n -nnz(A), mn2'5} + Vnmax(m, n)® + Tmatr(n, mn, n) + Tiat(1m, n?, m)). (B.6.13)

Combining this with Lemma B.2.10, we have the following upper bound on the total runtime of
Algorithm 3.2.1:

T O (min A ) VR max(n, )+ Vi i+ )

<O ( Vn (mnz + max(m, n)‘“)) .

This finishes the proof of the theorem. O

B.7 Comparison with Cutting Plane Method
In this section, we prove Theorem 3.1.3, restated below.

Theorem 3.1.3 (Comparison with Cutting Plane Method). When m > n, there is an interior point
method that solves an SDP with n X n matrices, m constraints, and nnz(A) input size, faster than the current
best cutting plane method [LSW15], over all regimes of nnz(A).

Remark B.7.1. In the dense case with nnz(A) = @(mn?), Algorithm 3.2.1 is faster than the cutting plane
method whenever m > \/n.

Proof of Theorem 3.1.3. Recall that the current best runtime of the cutting plane method for solving
an SDP (3.1.1) is Tcp = O*(m - nnz(A) + mn>372%%7 + m3) [LSW15], where 2.372927 is the current best
upper bound on the exponent of matrix multiplication w. By Lemma B.6.2 and Lemma B.6.4, we
have the following upper bound on the total runtime of Algorithm 3.2.1:

T Total £ O (min {n -nnz(A), mn*® } + Vnmax(m, n)* + Tmat(1, mn, 1) + Tmat(m, n?, m))
Since m > n by assumption, Lemma B.2.9 and Lemma B.2.9 further simplify the runtime to

T Total < O° (min{n -nnz(A), mn*> } + Vnm® + Tnae(m, n?, m)) (B.7.1)



Note that min {n -nnz(A), mnz'S} < m-nnz(A) < O(Tcp) and that Vnm® = o(m3) < o(Tcp) since
m > n. Furthermore, Lemma B.2.11 states that 7 mat (11, n%, m) = o(m® + mn>3) < o(Tcp). Since each
term on the RHS of Equation (B.7.1) is upper bounded by 7 cp, we make the stated conclusion. O

B.8 Initialization
Lemma B.8.1 (Initialization). Consider a semidefinite program as in (3.1.1) of dimension n X n with m

constraints, and assume that it has the following properties.

1. Bounded diameter: for any X > 0 with (A;, X) = b; for all i € [m], we have ||X|lop < R.

2. Lipschitz objective: ||Cllop < L.
For any 0 < 6 < 1, the following modified semidefinite program

max (C,X)
X>0

st. (A, X) = b, Yie[m+1],

where
_ Al On On
A;=10; 0 0 , Vi€ [m],
0f 0 %—tlA]

B I Oy Ou] _ pipq _ [C 2 0w O
Aus1=10) 1 0 ,b:[nli_l],C: o 0 O0f,
0, 0 O 0, 0 -1
satisfies the following statements.
1. The following are feasible primal and dual solutions:

o] = [m-c2 0.0

X—In+2,y:[1m],5: 0, 1 0f.
oy 0 1

2. For any feasible primal and dual solutions (X,7,S) with duality gap at most 6%, the matrix X =
R- )_([n]x[n], where X[n]x[n] is the top-left n X n block submatrix of X, is an approximate solution to the
original semidefinite program in the following sense:

(C,X)2(CX)-LR-5
X >0,

Y i, X0~ b <4n- R Y 1Al +1ibih),

ie[m] i€[m]



where X* is any optimal solution to the original SDP and ||Ally denotes the Schatten 1-norm of a matrix
A

Proof. For the f1rst result, stralghtforward calculations show that (A;, X) = b foralli € [m+ 1], and
that }iem+1) yl -5 =C. Now we prove the second result. Denote OPT and OPT the optimal
values of the orlgmal and modified SDP respectively. Our first goal is to establish a lower bound for
OPT in terms of OPT. For any optimal solution X € $" of the original SDF, consider the following
matrix X € R(#+2x(1+2)

O xx On On
X=|07 n+l-%t[X] Of.
0F 0 0

Notice that X is a feasible primal solution to the modified SDP, and that

o 0
> = —- = —.
OPT = (C, X) IR (C, X) IR OPT,

where the first step follows because the modified SDP is a maximization problem, and the final step
is because X is an optimal solution to the original SDP.

Given a feasible primal solution X € R"*2*("+2) of the modified SDP with duality gap 6%, we could

_ )_([n]x[n] On On
assume X = | 0] T 0| without loss of generality, where 7,0 > 0. This is because if the
0y 0 0

entries of X other than the diagonal and the top-left n X n block are not 0, then we could zero these
entries out and the matrix remains feasible and positive semidefinite. We thus immediately have

X > 0. Notice that

%(C,}_([n]x[np— =(C,X) > OPT -6 > ﬁ OPT — &% (B.8.1)

Therefore, we can lower bound the objective value for }_([n]x[n] in the original SDP as
(C,X) = R-(C, Xppxjn)) = OPT — LR - 5,

where the last inequality follows from Equation (B.8.1). By matrix Holder inequality, we have

5 _
<C Xingxn)) < =+ I |ICllop - tr [X[n]x[n]]
(5
<7 ICllop * (A1, X)
< (n+1)o,

where in the last step follows from [|C||op < L and b;,1 = 1 + 1. We can thus upper bound 6 as

0 < % AC, X)) + 6% — % -OPT < (21 + 1)6 + 6% < 4no, (B.8.2)

where the first step follows from Equation (B.8.1), the second step follows from OPT > —||Cl|op -
[IX*|l1 > —nLR where || - [|; is the Schatten 1-norm, and the last step follows from 6 <1 < n. Notice



that by the feasiblity of X for the modified SDP, we have

- b;.

|

- 1
(Ai, Xpgxn]) + (ﬁ b — tr[A;])0 =

This implies that
(4, %)~ bi| = (6 ~ R- t{AD)O] < 415 - (RIA L + 1),

where the final step follows from the upper bound of 0 in Equation (B.8.2). Summing the above
inequality up over all i € [m] finishes the proof of the lemma. m]



Appendix C

Appendix for Chapter 4

This chapter contains the appendix of Chapter 4.
C.1 Decomposable submodular function minimization
C.1.1 Preliminaries

Throughout, V denotes the ground set of elements. A set function f : 2V — R is submodular if it
satisfies the following diminishing marginal differences property:

Definition C.1.1 (Submodularity). A function f : 2V — R is submodular if f(T U {i}) — f(T) <
f(SUli}) = f(S), for any subsets SCT C Vandie V\T.

We may assume without loss of generality that f(0) = 0 by replacing f(S) by f(S) — f(0). We assume
that f is accessed by an evaluation oracle and use EO to denote the time to compute f(S) for a subset
S. Our algorithm for decomposable SFM is based on the Lovasz extension [GLS88], a standard
convex extension of a submodular function.

Definition C.1.2 (Lovasz extension [GLS88]). The Lovdsz extension f :[0,1]V - R of a submodular
function f is defined as

~

f) =Erpulflie Vx> )],
where t ~ [0, 1] is drawn uniformly at random from [0, 1].
The Lovasz extension f of a submodular function f has many desirable properties. In particular, f
is a convex relaxation of f and it can be evaluated efficiently.

Theorem C.1.3 (Properties of Lovész extension [GLS88]). Let f : 2" — R be a submodular function
and f be its Lovdsz extension. Then,
(a) fis convex and min,gpg v f(x) = mingcy f(S);

(b) f(S) = f(s) for any subset S C V, where Is is the indicator vector for S;
(c) Suppose x € [0,1]" satisfies x1 > -++ > xyy, then f(x) = Y (F([il) — £(li — 1])x:.

Property (c) in Theorem C.1.3 allows us to implement a sub-gradient oracle for f by evaluating f.

Theorem C.1.4 (Sub-gradient oracle implemeAntation for Lovasz extension, Theorem 61 of [LSAW15]).
Let f : 2V — R be a submodular function and f be its Lovdsz extension. Then a sub-gradient for f can be
implemented in time O(|V|- EO + |V]?).
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C.1.2 Decomposable submodular function minimization proofs
In this subsection, we prove the following more general version of Theorem 4.1.3.

Theorem C.1.5 (Decomposable SEM). Let F : V — [-1,1] be given by F(S) = Y.\, Fi(SN'V;), where each
Fi:2Vi 5 Risa submodular function on V; C V with |Vy| = d;. Let m = Y.\ d; and dmax := maXiepy] d;.
Then we can find an e-approximate minimizer of f using at most O(dmaxtm log(m/€)) evaluation oracle calls.

Proof. Let f; be the Lovész extension of each f;, then f = Y| f;is the Lovész extension of f. Note that
f is 2-Lipschitz since the range of f is [-1,1]. Also, the diameter of the range [0, 1]V for each Lovész
extension ﬁ isat most V|Vi| < Vdmax. Thus using Theorem 4.1.1, we can find a vector x € [0, 1]V such
that f(x) < min,.cp1pv f(x*) + € in poly(mlog(1/e)) time and O(m log(m Vdmax /e)) = O(mlog(m/e))
subgradients of the fi’s. By Theorem C.1.4, each sub-gradient of f; can be computed by making
at most d; < dmax queries to the evaluation oracle for f;. Thus the total number of evaluation
oracle calls we make in finding an e-additive approximate minimizer x € [0,1]" of f is at most
O(dmaxm log(m/e)).

Next we turn the e-additive approximate minimizer x of f into an e-additive approximate minimizer
S C V for f. Without loss of generality, assume that x; > --- > xjy;. Then by property (c) in
Theorem C.1.3, we have

14 V-1

£ = Y (FD = fli = 1) = V) -xp + Y, FED - (xi = xisa),
i=1 i=1

Since x; — xi+1 > 0, the above implies that min;eq;, vy f([i]) < f (x). Thus we can find a subset S C V
among f([i]) foralli € {1,---,|V]} such that f(S) < f(x). Then by property (a) in Theorem C.1.3, the
set S is an e-additive approximate minimizer of f. This proves the theorem. m]



Appendix D

Appendix for Chapter 5

This chapter contains details and proofs from Chapter 5.

D.1 Missing Proofs

Theorem 5.2.5. Let {gx} be generated by MinNorm(x, 6, €). Fix an index k > 0, and define the stopping time
T Y inf {k: f(x—6gx) < f(x) = 0llgkll2/4 or |Igkll2 < €}. Then, we have

16L2
E[lglet] < 7o

Proof. Fix an index k, and let [E[-] denote the conditional expectation on g;. Suppose we are in the
event {1 > k}. Taking into account the Lipschitz continuity of f and Lemma 5.2.4, we deduce that
almost surely, conditioned on g, the following estimate holds:

£~ f (=080  f) = flx=5-8)
0 - 0

llgxll> > — LlIgk — Gl

1 .\ ,
=5 | 6= s, G s - Lige =

1 . ,
> 5 | C0rr=st, 00 ds = 2015~
= BV (), 86 = 2LIgk = Cill2

Rearranging yields Ex(Vf(yk), &) < 1llgxll2 + 2LIIgk — il Simple algebra shows [|g — {2 <
21— 1- r2/||gk||2) < ”62”22 Therefore, we infer that Ex(V f(yx), k) < %llgkllz. Lemma 5.2.3 then

guarantees that

llgxll3
Exlllgks1151e54] < (llgkllz 16L22 [

Define by := || gk”%lwk for all k > 0. Then the tower rule for expectations yields

Eb,

by
Ebiiq < ]E[”gkﬂ”%lwk] <E [(1 - _)b ] < (1 1612

1612 ) Eby,

by Jensen’s inequality applied to the concave function t + (1 — /16L?)t. Setting ax = ]Ebk / L this

. . 2 . . . 1
inequality becomes ay.; < ar — a;/16, which, upon rearranging, yields ;= > -a—"75 2 ak + 16.
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Iterating the recursion and taking into account ap < 1 completes the proof. m|

Corollary 12. MinNorm(x, 6, €) terminates in at most [%&2} -[21og(1/y)] iterations with probability at

d —
least 1 — y, where we define the stopping time T i inf{k: f(x—0gx) < f(x) — 0llgkll2/4 or ||gkll2 < €}.
Proof. Notice that when k > 6‘;—%2, we have, by Theorem 5.2.5, that

1612 1
Pr(t > k) <P lerzO< o pz <1
H(t>H) < Prlligdller = €) < s < 3

Similarly, for all i € IN, we have Pr(7 > ik | T > (i — 1)k) < 1/4. Therefore,

1

Pr(t > ik) =Pr(t > ik |7 > (i — Dk)Pr(t > (i — 1)k) < }lPr(T >(I—-1k) < g

Consequently, we have Pr(t > ik) < % <y whenever i > log(1/y)/log(4), as desired. m]

D.2 Implementation of The Oracles
In this section, we show how to convert (5.3.2) into a deterministic guarantee.
Lemma 16. Fix a unit vector § € R? and let z € RY be a random vector satisfying E(Vf(z),§) < §. Let

%W . Folig(g)w. Then with probability at least 1 — 7y, one of the

z1, ...,z be i.i.d realizations of z with k = [
samples z; satisfies (Vf(z;),§) < 5.

Proof. Define the random variable Y def (Vf(2),8), and use p def Pr[Y < %] We note that

]E[Y]:p-]E[Yle§]+(1—p)-]E[Y|Y>g].

Rearranging the terms and using E[Y] < €/3 gives
€ € €
AE[Y|Y>=Z]-E[Y|Y<=Z]]>-.
p-(EIY 1Y > 51— By v < 51) 2 £

Finally, taking into account that f is L-Lipschitz, we deduce |Y| < L, which further implies p > 75;.
The result follows immediately. m]

Lemma 17. Let f: R? — R be an L-Lipschitz continuous and p-weakly convex function. Fix a point x

and a unit vector § € R? such that f is differentiable almost everywhere on the line segment [x, y], where
y d:efx — 08. Suppose that a random vector z sampled uniformly from [x, y] satisfies E.(Vf(2), §) < 5. Then,

Algorithm D.2.1 finds z € R? such that (Vf(2), §) < § using 3log(126p/€) function evaluations of f.

Proof. Define the new function / : [0, 1] — R by h(t) = (Vf(x + t(y — x)), §). Clearly, we have

> E[h(t)] = %]E[h(t) |t <0.5] +% E[i(t) | t > 0.5].

QW m
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Algorithm D.2.1 Binary Search for z

Input. Line Segment [x, y = x — 6§]
Let [a,0] = [0,1]

whileb—a>ﬁdo

if f(x —adg) — f(x — BL68) < f(x — BL6Z) — f(x — b5g) then
Let [a,b] « [a, %]
else
Let [a,b] « [%52, 0]
end if
end while
Return x — adg

Therefore, it cannot be the case that both P< and P are larger than €/3, and at least one of them
must be at most €/3. The fundamental theorem of calculus directly implies that

2 — flx— 20
P< = E[h(t)It < 0.5] = Esjo12(Vf(x + Hy —x)), §) = Ve é(x 28)

and P, = w. Therefore, with three function evaluations we may determine which of
the two alternatives holds. Repeating this procedure log(120p/€) times, each time shrinking the
interval by half, we can find an interval [a, b] C [0,1] such thatb —a < ﬁ and By p1h(t) < 5. We
then have

1 _ f—t
h(t) — Eh(t) = SlEte[a,b](Vf(x +Hy—x) - Vfx+ty-x)x—y) < lEte[a,b]TP”y —x|? < g

where the first step is by plugging in the definition of 1 and g, the second step is by p-weak convexity
of f (which in turn implies p-weak monotonicity of Vf), and the final step is by plugging in the

bound b —a < 5-. We thus conclude h(f) < § + ¢ = § as claimed. O



Appendix E

Appendix for Chapter 6

E.1 Appendix: Omitted Technical Details

In this section, we provide proofs for all the claims made in the main body of the chapter, additional
supporting propositions and lemmas, and also omitted details of the implementation of our
algorithm. The proofs are provided in the order in which the corresponding statement appears in
the main body. In Section E.1.1, we prove the properties of our problem. We again emphasize that
these properties are crucial to achieving our goal of a scale-invariant algorithm for (P). Section E.1.2
contains the proofs of all our results pertaining to the convergence analysis of Algorithm 6.3.1, with
proofs of the growth rate of the scalar sequences {a;}, {aif}, and Ay grouped separately in Section E.1.3,
owing to their more technical nature.

E.1.1 Omitted Proof from Section 6.2: Properties of Our Objective

Proposition 6.2.1. Given f : R — R as defined in (6.2.2) and x* € argmin, g f(x), the following
statements all hold.

a) VF(x*)>0.
b) f(x*) = —3llAX* |l = —317x*.

c) forall j € [n], we have x* € [O, %]
] 1A115

1 1 * 1
1y 1 . <-——1_
d) 3 Ljefn) A8 = f6) < 2 minjep (14115

Proof. We recall the first-order optimality condition stated in Inequality 6.2.1: for all x > 0, we have
(Vf(x*),x —x*) > 0; we repeatedly invoke this inequality in the proof below.

1. Suppose there exists a coordinate j at which Proposition 6.2.1 (a) does not hold and instead,
we have V; f(x*) < 0. Consider x > 0 such that x; = x* for all i # jand let x; = x;‘ + € for some

€ > 0. Then, Inequality 6.2.1 becomes V;f(x*) - € > 0. Under the assumption V;f(x*) < 0, this
is an invalid inequality, thus contradicting our assumption.

2. From Proposition 6.2.1 (a), we know that Vf(x*) > 0. If V;f(x*) > 0, and if x* > 0, then by
picking a vector x such that x; = x;‘ for j # iand x; = x —y for any y € (0, x), we violate
Inequality 6.2.1. Therefore it must be the case that if V; f(x*) > 0, then x* = 0. Thus we have

0= (x*, VF(x*)) = (x*, ATAX* - 1).

Therefore, f(x*) = %(x*,ATAx*) -1"x* = —%(x*,ATAx*) = —%1Tx*.
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3. From the proof of Proposition 6.2.1 (b), we have (x*, Vf(x*)) = 0. We also have x* > 0 and,
from Proposition 6.2.1 (a), that Vf(x*) > 0. Therefore, if x* > 0 for some coordinate i then it
must be that V; f(x*) = 0. That is, 1 = (A.;, Ax*). Combining this equality with the fact that A
and x* are both coordinate-wise non-negative gives

1=(A,, AX*> > (A, A:ix;>/

for all coordinates i.

which implies x* < L
i = AR

4. The lower bound follows immediately by combining Proposition 6.2.1 (b) and Proposi-
tion 6.2.1 (c). For the upper bound, we need to find a feasible point x and compute the function
value atx, since f(x*) = minyxo f(y) < f(x). Letx = yey for some y > 0. Then,

1
fx) = EVZHA:k”% -y

Let y = ﬁ. Then, f(x) = —2Alﬁ. We pick k = argminjep, [|A;ll2, therefore f(x*) <
1ALII5 1ALII5
1

—————— as claimed.
2 minjegy A3

E.1.2 Omitted Proofs from Section 6.3: Analysis of Algorithm
Proofs from Section 6.3.1: Results on Upper and Lower Estimates

We first show the results stating Uy and Ly are indeed valid upper and lower (respectively) estimates
of the Lagrangian.

Lemma 6.3.1. For Uy as defined in Equation (6.3.5), Lagrangian defined in Equation (6.2.3) and x; € R'. in
Equation (6.3.3), we have, for all y € R™, the upper bound Ui(y) > L(Xk, y).

Proof. By evaluating the Lagrangian described by Equation (6.2.3) at x = Xi, and by definition of ¢
from Equation (6.3.4), we obtain the following upper bound on the Lagrangian at (xi, y).

— 1 .
LG y) = (AXe,y) = 5yl ~ 1%

1 k[ 1, 5 r ] 1
=— Y & [Ax,y) - Syl -1 | = —
y ig[k]al (Ax,y) = 5y = 17| = Z-9u(y)

1 1 ’
<— — Zly - -
<4 Yi(yr) = 51y = yillz = Uk(y),
where the final steps are by strong convexity of 1x and by Equation (6.3.5). m]

We emphasize that y here can be random since this is a deterministic statement.

Lemma 6.3.2. For Ly defined in Equation (6.3.12), for the Lagrangian in Equation (6.2.3) and yy in
Equation (6.3.3), we have, for a fixed u € X, the lower bound EL(u,yx) = ELy(u), where the expectation is
with respect to all the random choices of coordinates in Algorithm 6.3.1.



Proof. First, evaluating Equation (6.2.3) at yj gives

_ _ 1
L(u,y;) = (Au,y) —1"u - EWik”%-

Taking the expectation on both sides, applying the definition of yj, convexity of 3|| - |[>, and Jensen’s
inequality, and adding and subtracting Alk]E Zie[k] ai{Ax,y,_;) + Aik(joo(u) gives

— 1 - 1
EL@ 50 2 1 E| Y | (Auy) - 1T - Euyiné]]

iefi]
=B Y i Au g0 - 17w Syl |+ 5 E o] - 5 E[o0(w)]
A i€lk] l e 212 A
1 _
+ lTk]E ZIZl(Au,yl _yl'_1> .
i€[k]

We continue the analysis as

EL(,55) > 5 [</>k<u)] [qbo(u)] + ¥ Ay -5, - EZ aillyill

Ay = i€[k]

Z ai{Au,y; - yi—1>}

iclk]

2 E[oxw] + E [ZA%(”“ - Xk“i] - I%klE[cibo(u)] + I%kIE

- —IEZaZHyln2

i€[k]
= ]ELk(u) ,

the first step comes from Equation (6.3.8), the second step comes from Equation (6.3.11), and the
tinal step comes from Equation (6.3.12). O

Proofs from Section 6.3.2

We now describe three technical propositions that bound terms that show up in the proof of our
result on bounding the scaled gap estimate.

Proposition E.1.1. For y defined in Equation (6.3.4), with {a deﬁned in Equation (6.3.2), we have for all
k>1,

1
Yy — i (i) < a5 { (v A = Sl — 17} + Z(a - 7)<y Ax) = el = 17

5 lyk = yeall-
Proof. Evaluating 1x and 1;_; as defined in Equation (6.3.4) at y; and subtracting, we have

Pry) = Y1 (5 = ATy = L = (= Dxec) = Syl (EL1)



Next, applying strong convexity of 1,_; at y; and y;_; while using the fact that y;,_; minimizes 1;_;
gives

1
Yr-1(yx) — Yr-1(yr-1) < _EAk—lu}’k ~ Ye1ll3- (E.1.2)

To complete the proof, it remains to add Equation (E.1.1) and Inequality E.1.2. m]

Proposition E.1.2. The random function ¢y : X — R, k > 2, defined in Equation (6.3.10) satisfies the
following properties, with X, yx, and y,. evolving as per Algorithm 6.3.1.
a) It is separable in its coordinates: Pp(X) = Y jepn) Pr,j(x;), where, for each j € [n], we define P, j(x;) =
llA113 —
52 (xj = [x0lj)% ¢1,j(x)) = ax(ATy, — 1)j + ¢ j(x;), and for k > 2,

brj(x)) = Pro,j(x)) + nalj=j (AT — 1, x5e5,). (E.1.3)

b) The primal variable x; is updated only on the j]tch coordinate in each iteration: x; = X1 + yej,_ for
some y, and [x]; = [xk_1]; for j # ji.
c) Fora fixed x € X and for k > 1, we have, over all the randomness in the algorithm,

E [¢r(0)] = E[po(x)] + Z GE[(ATF,_, - 1,%)]. (E.1.4)

ielk]

Proof. In the statement of Proposition E.1.2 (a), the claim about separability of ¢o and ¢ can be
checked just from the definitions of ¢ ; and ¢1,;. We prove the claim of coordinate-wise separability
for k > 2 by summing over j € [n] both sides of Equation (E.1.3). We can compute this sum via
following observation, which concludes the proof of Proposition E.1.2 (a).

Z aklj:jk<AT?k_1 -1, xjke]-k) = ak(AT?k_l -1, X]'ke]'k>.
jeln]

From Proposition E.1.2 (a), we may therefore define, for j # ji,
[x:]; = arg min ¢ j(u) = arg min Pr-1,j(u) = [xx-1];-

Therefore, [x¢]; = [xx-1]; for all j # ji, thus proving Proposition E.1.2 (b). To prove Proposi-
tion E.1.2 (c), we use induction on k. The base case holds for k = 1 by the definition of ¢¢(x). Let
Proposition E.1.2 (c) hold for k > 1. Then, by the definition of ¢ as in Equation (6.3.10), we have

Pr(x) = Pr_1(x) + na(ATy,_; — 1,xj.e;,), forallk > 2.

Let Fi_; be the natural filtration, containing all the randomness in the algorithm up to and including
iteration k — 1. Taking expectations with respect to all the randomness until iteration k and invoking
linearity of expectation, the inductive hypothesis, and the tower rule IE[ - | = [E[[E[ - [F}_1]], we have

El¢r(x)] = Elx-1(9] + naclE | [ECATY,_; = 1,x;,.;)1Fi1 |

=E[po]+ ) aE[ATY,; - 1,%9]+ %EATF, ;- 1,%)
ie[k-1]

= E[po0] + Y aE[(ATF, , - 1,%)],

iek]



which finishes the proof of Proposition E.1.2 (c). m]

Proposition E.1.3. For all k > 2, the random function ¢ : X — R, k > 2, defined in Equation (6.3.10)
satisfies the following inequality, where x; and y, evolve according to Algorithm 6.3.1.

Oulx8) ~ Dt i) = 5 (mCATFyy 1, Dslies) + ol = xecally
Proof. We have, using x = x; in Equation (6.3.10), that
Pr(%k) = Pr-1(xx) = na(ATy,_y = 1, [xicj e,
Applying Equation (6.3.11) to ¢_1 at x; gives
Pr—1(Xk) = Pr_1(Xk—1) = %lek — x-1/3.-
Adding these inequalities completes the proof of the claim. m]

We now use the preceding technical results to bound the change in scaled gap.

Lemma 6.3.3. Consider the iterates {xi} and {y} evolving according to Algorithm 6.3.1. Let n > 2 and

assume that a; = ﬁ and ay > (n — 1)ap, while for k > 3,
. nay_q \/Ak—l
< . 3.
ak_mln(n_l, o ) (6.3.13)

Then, for fixed u € X, any v € R", and all k > 2, the gap estimate Gy = Uy — Ly satisfies
E(AcGi(x, y) — Ak-1Gr-1(x, y))
< B (el - yul3 - 2y - yicalR) - Sl -l + 2l - il
— aECA(X = Xi), Yk — Yk-1) + A1 BCA(X = Xg—1), Yk-1 — Yk-2)
~ 1A Bl - yiall + {AC By - vl
Proof. Using G = Uy — Ly, Uy from Equation (6.3.5), and Ly from Equation (6.3.12), we have
AxGr(w, v) = Pr(yr) — Px(xi) + po(w)

A 1 — a;
= SV =yl = Sl =iy — ) adAw,yi =)+ ) il
ie[k] i€[k]

Therefore, the difference in scaled gap between successive iterations is
ArGi(u, v) = Ae1Groa(w,v) = [9(yi) = Peo1(7i-1)] = [ i) = o1 (ke |
A Ap-
= SV = yelly + =5 v =yl
(E.1.5)

1 2 1 2
= Sl =il + 5l = xa 1

— a
- a(Aw, Y = Fi ) + S iyl



Based on the above expression, to prove the lemma, it suffices to bound the expectation of

Te(w) € [Ye(yi) = Yot (Ve)] - | bk0x0) = i1 (1) | - ar(Aw, yi — 3 D+ ||Yk||2 (E.1.6)

First, we take expectations on both sides of the inequality in Proposition E.1.3 by invoking
E[ - | = E[E[ - [Fx-1]] as before, where F}_; denotes the natural filtration. By using the fact that x;_;
is updated only at coordinate ji (as stated in Proposition E.1.2 (b)), we observe the following for the
term from the right hand side of Proposition E.1.3.

E[(ATy,_; - 1 [xdjei)] =E[(ATY,; - 1,x¢ — x-0)| + E[E[(ATY,_; — 1, [xic1]j,5)1F 5 |
=E[(ATY,_; - 1,x — x-1)| + %IE [(AT§, ., - 1,%0)]
=E[(AT§,, —1,xc— (1 - 1/n)x1)]. (E.1.7)

Therefore, we have from Proposition E.1.3 and scaling Equation (E.1.7) by —nay that

~E [ i(x) = Pra(x61)| < - %JE [l = i 113
—aE [(ATyk_1 —1,nx, — (n — 1)xk_1>] : (E.1.8)

We now bound the expectation of the term involving differences of ¢ by taking expectations of
both sides of Proposition E.1.1.

E [¢x(y) = Yi1(ye1)] < —‘%E [y = yi-al3] - S [1yelg]

(E.1.9)
+a E [(ATyk —1,nx — (n = 1)xp_q )] )

By taking expectations on both sides of Equation (E.1.6), we have

EITi(w)] = E[Yi(y0) ~ ¥e1(7e-0)] = E[9100) = dr1061)] = B [(Aw yi = Fi)] + FE [lyal].
(E.1.10)

Combining Inequality E.1.8, Inequality E.1.9, and Equation (E.1.10) then gives

A 1 —
ElTi(w)] < ~ =E[llye = yetlly] = SE I = xealiz | + 3 [(AT (5 = Ty, mxe = (1= Dxer = w)].
(E.1.11)
Recall that by the assumption in the statement of the lemma,

— A—
Vi1 = Yko1 + ——(Ve-1 — Yi2).
Ak
Plugging into Equation (E.1.11) and rearranging, we have
A 1
ElTi(w)] < ~ = E[llye = yetlly] = SE [l = xiall3

+ (n = DaE [(AT (v = Y1), X — Xi1)] = a1 B [(AT (y6o1 = yee), X = xi1)] E112)
+ aE [(AT (v = Y1), X6 — W] = a1 B [(AT (g1 = Yre2), X1 — W]



To complete the proof, we need to bound the terms from the first two lines on the right-hand side of
Equation (E.1.12). First, observe that, by the coordinate update of x; and Young’s inequality, ¥ > 0,

(AT(yk = Y1), Xk = Xk=1) = Yk — V-1, A(Xk — Xk_1))
=¥k — V-1, Asj (D] — D110

1
< Ell}’k — yelly + ﬁ”A:jk”a[xk]jk — [xk11;,
= Ly = gl + ol — xR (E1.13)
2 228 A
By the same token, Yy > 0,
(AT (g - —xit) < Lllyict — yicalB + amlh — Xl E114
V-1 = Yk=2), Xk — Xk—1) < S ¥k-1 = ye-ally 2 X — Xg—1l3 - (E.1.14)

Recalling that, by the choice of step sizes, (n — 1)a; < nax_; and a; < “241’1“1 , we can verify that for

B = 2(n — 1)ax and y = 2nay_;, the following inequalities hold:

A
(n = Dag = Agy < ===,

E.1.15)
_1 ] (
(n—Dag  nag <1
p Y
Combining Equations (E.1.12)—-(E.1.15),
E[Ti(w)] < — 22 Elly, - yial] + na12Ellyics - yicalR]
4 (E.1.16)
+aE [(AT(Yk = Yik=1), Xk = u)] — a1 [(AT(Yk—l = Vk-2), X1 — u)] :

It remains to combine Equation (E.1.5), Equation (E.1.6), and Equation (E.1.16). O

Lemma 6.3.4. Given a fixed u € X, any v € R™, o = yo, and x; and y; from Algorithm 6.3.1, we have

1 A
A1G1(u,v) = a1{AT(y1 — yo), X1 — u) + ¢po(u) — Po(x1) — Ellu -xil3 - 71||V ~yalls.

Proof. Evaluating Equation (6.3.5) and Equation (6.3.12) at k = 1 gives

A

A1) = i(y) = S Iv = yill, (B.1.17)
1 _ a

ALy (u) = ¢1(xq) + §||u —x1lA = po(u) +a1{Au, y1 — y,) — 31||y1||§. (E.1.18)

By definition of ¢; from Equation (6.3.4), ¢1 from Equation (6.3.7), and the assignment a] = a1, we
have

a _
P1(y1) — ¢1(x1) = —51||Y1||§ +a1(y1, Ax1) — 117 x1 — Po(x1) — a1{A Ty, — 1,x1)

a
=~ lly1ll3 + ar(Aly1 ~ yo), x1) = po(xa),



where we have used that §o = yo, which holds by assumption. To complete the proof, it remains to
subtract Equation (E.1.18) from Equation (E.1.17) and combine with the last equality. O

Theorem 6.3.5. [Main Result] Assume that n > 4. Given a matrix A € R>", € > 0, an arbitrary xo € X
and §o = yo = AXo, let x; and Ay evolve according to SIEINNLS+ (Algorithm 6.3.1) for k > 1. For f defined
in (6.2.2), define x* € argmin, ., f(x). Then, for all K > 2, we have

2¢o(x*)  Ilxo - xR
=—

(V). ~ x*) + SIAGk ~ x*IP] <

(K—%nlog n)?
36n2

E[f(xk) — f(x*)] < €| f(x*)|. The total cost is O(nnz(A)(logn + $))

When K > 2nlogn, we have Ax > If po(x*) < |f(x*)|, then for K > 3nlogn + we have

\/—/

Proof. Observe that, by the choice of step sizes, n%a i 1 < 752, Yk = 3. Thus, telescoping the bound

in Lemma 6.3.3 and combining with Lemma 6.3.4, we have

E[AxGk(u, v)] <¢o(u) — IBIE[HV -yl - 1]E[llll - xkl3] — akE[(A(u — xk), yk — Yx-1)]

E.1.19
AK - ( )

Elllyx — yx-1l3] + n*a1?Ellly1 — yoll3] — Elpo(x1)].

We first show how to cancel out the inner product term with the negative quadratic terms. Observe
that, Vg > 0,

n

—ag(A(u — xg), yx — yk-1) = — ax Z(YK yr-1)' A;j(uj = [xx]))

j=1
np 2 2
<ax( Iy = yxilly + ﬁnu xklf3 ),
where the last line is by Young’s inequality. In particular, choosing f = 2ak, we have 1axnp = naz,

which is at most AK L, by the choice of step sizes in SI-NNLS+. Thus, since ¢o(x1) = %lel —xol%,

Equation (E.1.19) s1mplifies to

BlAKGx(u, )] <go(w) - S Ellly - yilB] - 7Ell — xl}] + ray’Elllys = yolll - Eloxo)]
(E.1.20)
Since —3E[llu — xkl4] < 0, we can ignore it. Let us now bound 1%a12||y1 — yoll2 — ¢o(x1). By definition
of x; and ¢1, we have x; = xg — alA_l(ATyo —1). Further, from Equation (6.3.4) and Equation (6.3.1),
as we have y; = Axy and yp = Axg, we can simplify the terms to bound as follows.

nally1 - ol — po(x1) =m?(n?ar*|AAT (ATyo - DI} - —||A {ATyo - 1)I})
<o (| ATPAT AN lIAT2 ATy - DI - §||A—%<ATyo - DIB)
2UA-S(AT 1
<a’ A2 (ATyo - DIR(’ar® - 5),

where the reasoning behind the first inequality follows from the definition of spectral norm and



that [[AAV/ 2||§ = Amax(A2ATAA71/2); the last inequality follows as the matrix A~1/2ATAA~1/2

has all ones on the main diagonal, and thus its trace is at most 7, and since it is positive semidefinite,

its spectral norm is at most its trace. Asa; = —L— we conclude that n2a12||y1 - y0||2 - ¢o(x1) < 0.
\V2nls 2

Thus, Equation (E.1.20) simplifies to

BLAKGK(w, V)] < Elgo()] - ZEEllv - yclB] (E1.21)

By construction, Gaplzv(fK,?K) < Gk(u, v). Further, by Inequality 6.2.5, f(xk) — f(x*) + %HA(YK -
x| < Gapi,’z’v(fK,?K). Hence, we can conclude from Equation (E.1.21) that

do(x*) _ IIxo = x*II3

B[R0 - £ + SlIAG - x| < P =

(E.1.22)
On the other hand, for u = x* and v = y* = Ax*, Gap}’v()?K,SI'K) > 0, and, recalling from
Equation (6.3.1), Equation (6.3.3), and Equation (6.3.4) that yx = AXg, we can also conclude from
Equation (E.1.21) that

Po(x*) _ lIxo — x*|3
Ak a 2Ax

By Proposition 6.2.1 (b), f(x*) = —%lTx* = —%IIAx*II%. Using this identity, one can verify that, Vx,

IE[%HA()ZK - x| < (E.1.23)

F(X) = f(x*) + %HA(X — x5 = (ATAx —1,x - x*) = (Vf(x),x — x*).

Hence, summing Equation (E.1.22) and Equation (E.1.23), we also have

2¢0(x*) lIxo — X*||i
Ax '

E[(V i), Xk~ x*) + IAGK ~ x*IP] < =

Finally, the bound on the rate of growth of Ay is provided in Section E.1.3. m]

The reason A does not show up in the final bounds (thereby rendering our algorithm “scale-
invariant”) is because Proposition 6.2.1 allows bounding ||xo — x*lli by |f(x*)| where we crucially
use the non-negativity of A and x. This does not seem possible for general A. However, an additive
(as opposed to multiplicative) error bound can be obtained even with the more general A with only
small updates to the analysis. This bound would necessarily depend on the scale of A. The choice
of the regularizer %ll . —xollfX is also crucial here.

E.1.3 Omitted Proofs from Section 6.3: Growth of Scalar Sequences

In this section, we use the properties of {1;} and {aé‘ } to obtain our claimed rate of growth of A;. Note
that in any iteration k > 2 of Algorithm 6.3.1, there are two possible updates to a;, which we name
as follows.

nay
n-—1

Type Il update: a1 = % (E.1.25)

Type I update: ayq1 = (E.1.24)



Obtaining a handle on the growth rate of Ay requires controlling the number of updates of both
types specified above. At a high level, the idea behind obtaining such a bound is that if the algorithm

had only Type II updates, we would have Ay > Q(%) ; we then go on to show that we cannot have

more than 21 log n Type I updates since those make a; grow too fast. We formalize this intuition in
the following lemmas.

Lemma E.1.4. In Algorithm 6.3.1, we have, for k > 2, that ay.1 > a and Ayxy1 > Ax.

Proof. Notice that for all k, we have ay > 0, which implies that Ax41 def Ay +ay,q satisfies A1 > Ag. To

check the non- decreasmg nature of a;, we recall thata;,; = min (: a"l , ‘én_) In the case that = ‘/_ > r’f ”"1 ,

we have ay,1 = ;=5 > gy, as claimed. Consider the other case with ay,1 = g, and suppose, for the
sake of contradlctlon that ax.1 < a;. Chaining this inequality with the assumed expression for a1,
scaling appropriately, and squaring both sides gives Ay < 4n2u,%. Plugging this into Ay = Aj_1 + ay
and solving for a; from this quadratic inequality (and further invoking the nonnegativity of ay),

1+ \/1+161’12Ak_1 Nag_q VAk—l) < VAr 1 O
8n2 ’

yields aj >

VA . . .
> ==, However, this contradicts a4y = min| -5, 5= ) < 51

@
P,

A
Lemma E.1.5. Consider the iterations {si} in which Algorithm 6.3.1 performs a Type Il update as 41 = —5—
2 —
Then we have Ay, > 61‘7 and ag, > Zf/_ﬁ for c1 = 36.

Proof. We prove this claim by induction. First, notice that sy > k+1 for any k. Recall our initialization
ap = A1 = By combining this with the monotonicity property stated in Lemma E.1.4, we

\/_ 15°
have a;, > ap = \51112'5 > 0. By using Lemma E.1.4 again, we have, in a similar fashion, that
As, = Ay = ﬁ + \/'1;11 = = CI#’ which proves the base case for induction. Assume that for

some k > 1, we have the induction hypothesis A;, > fnZ and a5, > 5 \/_nz Then, combining the
monotonicity of Ay from Lemma E.1.4 with the fact that the algorithm performs a Type II update
\IASk+1’1 \/_

2n = 2n 2 2 \/_ n?*

on a5, we have g, , = By again applying monotonicity of Ay and the

262+ etk (k+1)2

induction hypothesis about ar, we have A, = As, -1 + a5, 2 As, + a5, 2 =55 el m]
Lemma E.1.6. If at some kgh iteration of Algorithm 6.3.1, we have that
n-1 1
Ay > ——; A, > — E.1.26
h> o mm g ( )
then for all k > ko, we have that
k—1-ko+ k — ko + n)?
ag > —On; Ax > kot ny (E.1.27)
2 \/clnz Cln2

for ¢y = 36.

Proof. We prove the claim by induction. First, the base case is true for k = kg by our assumption on

_ 2
ax, and Ay,. Assume the induction hypothesis a; > kzlv_ko;” and Ay > (kckl+§n) for k > ko. We now

discuss how g, changes with the two types of updates.



If the algorithm performs a Type I update on 4y, then, by definition, a;.1 = -—. Now applying the
assumed lower bound on g, we have, when k > ko, that

nak k 1- k0+n>k—k0+n

App1 = :
kel 2 Vein(n—1) — 2+/cin?
Similarly, given that Ay > (kck+";n) we have,

(k—k0+n)2+k—k0+n . (k+1—ko+n)2‘

A1 = Ag + g1 2 >
c1n? 2 \fcin? c1n?

If, on the other hand, the algorithm performs a Type II update on ax, then we have

4 _ \/1Tk>k—k0+1’l
1T o T ayan?

This completes the induction. m]

As we saw in Lemma E.1.6, after the kgh iteration - starting at which Inequality E.1.26 holds - A
grows fast. We therefore need to estimate the number of Type I updates before the k;‘)h iteration.

Lemma E.1.7. There are at most 3nlogn Type I updates (Equation (E.1.24)) performed before the kgh
iteration (the first iteration at which Inequality E.1.26 holds).

Proof. Suppose there are n; Type I updates performed by Algorithm 6.3.1 before the th iteration,
when Inequality E.1.26 starts to hold. Further, by Lemma E.1.4, a; is monotonically increasing
(for both types of updates). Then, when considering Type I updates (Equation (E.1.24)), we have

A, = (nnTl)m a = (m)”l ) W In order for ag, > {5 1=l we only need to have n; > lognn1 ( ‘/z(igl)).

In a similar fashion, combining the monotonicity of Ay from Lemma E.1.4 with the Type I update
rule, we have
n no\? noym\ o GE™M
> - . .
Ao a2(1+ —1+( 1)+ +(n—1) )>\/§n2~5

So, in order to have Ay, > 5 per Inequality E.1.26, we only need to have 17 > log o \/_) By using

n

the approximation 1 + x < ¢* and combining the above two bounds, we get as soon as 17 > 2n logn,
the inequality (E.1.26) holds. O

(k— g nlogn)?

Proposition E.1.8. [Rate of change of Ax] When k > %n log n, we have Ay > —%5-5

Proof. Let there be t; Type I updates and t, Type II updates before the first iteration at which
Inequality E.1.26 holds, and let us call this iteration k. By the result of Lemma E 1 7, we have
< 211 logn. By the result of Lemma E.1.5, we must have Ay, > clth and ag, > 5 \/_ 5=z To meet
the requirement in Inequality E.1.26 then, we can see that t, < n. Therefore, ko = t; + tp <
2n logn+n < 2n log n. Having reached the kg‘ iteration, the result of Lemma E.1.6 applies, and we

have Ay > (ko) . O

Tan?



E.1.4 Omitted Proofs from Section 6.4: Restart Strategy

To establish local error bounds, we start with the observation that (P) is equivalent to a linear
complementarity problem.

Proposition E.1.9. Problem (P) is equivalent to the following linear complementarity problem, denoted by
LCP(M, q).
Mx+q>0, x>0, (x Mx+q) =0, (E.1.28)

where A"'M = ATAand q = -A7'1.

Proof. Observe first that, as A™! is a diagonal matrix with positive elements on the diagonal, the
stated linear complementarity problem is equivalent to

VF(x) >0, x>0, (VF(x),x) = 0. (E.1.29)

By Proposition 6.2.1, these conditions hold for any solution of (P). In the opposite direction, suppose
that the conditions from Equation (E.1.29) hold for some x. Then applying these conditions for any
u > 0 gives

<Vf(X), u-— X) = <Vf(X), 1.1) > 0.
But (Vf(x),u — x) > 0 is the first-order optimality condition for (P), and so x solves (P). m|

For r(x) = [[R(X)l|a, a quantity termed natural residual [MR94], local error bound is obtained as a
corollary of the following theorem.

Theorem E.1.10 ([MR94], Theorem 2.1). Let M € R™" be such that LCP(M, 0) has 0 as its unique
solution. Then there exists u > 0 such that for each x € R", we have r(x) > ullx — x*||, where x* is a solution
to LCP(M, q) that is closest to x under the norm || - ||.

Theorem E.1.10 applies to our problem due to the nonnegativity (and nondegeneracy) of A and
choosing ||-|| = [|-||a. By arguing that Theorem 6.3.5 provides an upper bound on r(xk), in expectation,
we then obtain our final result below.

Proposition E.1.11. For any x € R}, r(x) < \/Zn( f(x) = f(x*)), where x* € argminuem f(u).

Proof. Given x € R}, consider X defined as £j» = xjx — Rj»(x), where j* = argmax, <j<n IR; 00| - 1| All2,
and %; = x; for j # j*. Then observing that

) ) A2 ,
f&) = f(x) = Vs f([K]j = [x]j) + I[X]j> — [x] =
2
1 1
< — 5IR:0OPIA 1 <~ IR,
and combining with f(X) > f(x*), r(x) = [[R(X)|la, the claimed bound follows after a simple
rearrangement. i

Theorem 6.4.1. Given an error parameter € > 0 and xo = 0, consider the following algorithm A :



A : SI-NNLS+ with Restarts

Initialize: k = 1.

Initialize Lazy SI-NNLS+ at Xj_;.

Run Lazy SI-NNLS+ until the output X X, satisfies r(i}(() < Lr(x1).
Restart Lazy SI-NNLS+ initializing at xj = ~k

Increment k.

Repeat until r(xt) < e.

Then, the expected number of arithmetic operations of A is O(nnz(A)( logn + ‘/_)log(r(x(’))). As a
consequence, given € > 0, the total expected number of arithmetic operations until a point with f(x)— f(x*) <
E|f (x*)| can be constructed by A is O(nnz(A)( logn + i) log (“e ))

Proof. Because each restart halves the natural residual r(x), it is immediate that the total number

of restarts until r(‘j‘) < € is bounded by log( r(XO)) Thus, to prove the first (and main) part of the
theorem, we only need to bound the number of iterations (and the overall number of arithmetic
operations) of (Lazy) SI-NNLS+ in expectation. Hence, in the following, we only consider one run
of SI-INNLS+ until the natural residual is halved. To keep the notation simple, we let xg denote the
initial point of SI-ENNLS+ and x; denote the output of SI-NNLS+ at iteration k. If 7(xp) = 0, A halts
immediately and the bound on the number of iterations holds trivially, so assume r(xp) > 0. Using
Theorem 6.3.5, we have that Vk > 2,

E[A O] < nllxo = x*I < —57(x0). (E.1.30)
U

As 7%(-) is nonnegative, we can use Markov’s inequality to bound the total number of iterations
K until r(xk) < @ In particular, using Equation (E.1.30), we get by Markov’s inequality that

Pr[K > k] < Pr[r2 xp) >~ (XU)] < #4”

As K is nonnegative, we can estimate its expectation using

E[K] = i Pr[K > i] < i min {1
i=0 i=0

[12n vin/u+3nlogn] 0o 4
n
< ) 1+ ) or
— = ‘LLZAZ'
i=0 [12nvn/u+3nlognl+1

< 24n+n/u+ gnlogn+2,

where in the last inequality we use the rate of Ay from Proposition E.1.8.

In the lazy implementation of SI-NNLS+, as argued in Section E.2, the expected cost of an iteration

is nnz(A)

, which leads to the claimed bound on the number of arithmetic operations until 7(x) < e.

By using that r(xo) < /2n(f(x0) — f(x*)) = \/2n|f(x*)|,f(§K1 - R&Kl))—f(x*) < ((n—1)+”7+1)r2(3(1<1)




(argued below), the bound on the number of iterations until f (}'Kl - R&Kl)) — f(x*) < élf(x*)| have

R - RE) - 100 < (0= 1) + TR

<(m-1+22 1)%#@0)
<(m-p+25 1)%2n|f(x*)|

2n((n—1)+”yi)
and by setting K; = } log, ————~, we have this bound.

€
Finally, it remains to argue that f (’)?Kl - R()?Kl)) - f(x*) < ((n -1+ ”T“)rz(le). Observe that the
definition of R(x) is equivalent to x — X, where

] 1
X = argmmuem{(Vf(x), u-—-x)+ §||11 - X||3\}-

By the first-order optimality of x based on the equivalent definition of R(x) above, we have
(Vf(x) + A(X — x),x* = X) > 0. Rearranging, and using the definition of convexity of f, we have

fR) = f() <(VF(R),x—x")
< (VF() = VFR) + AR = x), x* — %)
— (ATA — A)(x — %), x* — %)
= ((ATA — A)R(X), R()) + (ATA — AYR(X), x* — X)
= ((ATA - AR(X),R(x)) + (ATAR(x), x* — x) — (AR(x), x* — x)
< (n = DIRMIG + (2 + DIRE)llallx — x*[|a

n+1 )TZ(X),

S((n—1)+

where in the last inequality we have used the error bound from Theorem E.1.10. m]

E.2 Implementation Version of SI-NNLS+

Since Algorithm 6.3.1 explicitly updates x; and yy (of lengths n and m respectively), the per iteration
cost is O(m + n), which is unnecessarily high when the matrix A is sparse. In this section, we show
that by using a lazy update strategy, we can efficiently implement Algorithm 6.3.1 with overall
complexity independent of the ambient dimension. To attain this result, we maintain implicit
representations for Xi, yi, and yi by introducing two auxiliary variables that are amenable to
efficient updates.

Efficiently Updating the Primal Variable. In Lemma E.2.1, we show that we can work with an
implicit representation of x; by introducing ry.

Lemma E.2.1. For {x} defined in Equation (6.3.3) (and simplified in Algorithm 6.3.1), we have, for k > 1,

- 1
=X+ —T1y, E.2.1
Xk = X A Iy ( )

where xi. evolves as per Algorithm 6.3.1, r1 = 0 and, when k > 1, 1y = 131 + (n — D)ag — Ag—1)(Xx — Xp—1)-



Proof. We prove the lemma by induction. Using the facts that xo = 0, x; = x3, 81 = 0,41 = Ay, and
Ap =0, we have

— 1

X1 (AO;('O + a1 (nx1 - (TZ - 1)X0))

T A
- Ail (arxa + (1 = s (x1 = x0)
=x1 + ((n = Day — Ag)(x1 — Xp). (E.2.2)

Assume for certain k > 2, that Eq. (E.2.1) holds for k — 1. Then, using the recursion of X; in
Algorithm 6.3.1, we have that for k > 3,

Arxi = Ap_1X-1 + @ + (1 = Dag(xx — Xe-1)
= Ap-1Xk-1 + Teo1 + @y + (1 — Dag(xe — Xg—1)
= Apo1(Xp-1 — Xp + X5) + 151 + @ + (1 — Dag(xe — X-1)
= Ap1(X-1 — %) + Ap1Xp + 11 + aexg + (1 — Dag(xg — Xg—1)
= Apxg + 151 + (1 — Dag — Ag-1) (% — Xx-1)
= Apxy + Iy,

as required. m]

The expression for ry in Lemma E.2.1 shows that it can be updated at cost O(1) as xx differs from
xx—1 only at one coordinate. Therefore, by Equation (E.2.1) we need not compute X in all iterations
and can instead maintain r;. Along the same lines, we give an efficient implementation strategy for
yi and ¥y in the following discussion.

Efficiently Updating the Dual Variable. We now show how to update the dual variable efficiently.

Lemma E.2.2. Consider {yy} and {x} evolving as per Algorithm 6.3.1. Then, for k = 1, we have y; = Axy;
for k > 2, we have

_ Ak g (n = 1)ay
Y= g Ve + A Axi + A A(Xk — Xk-1), (E.2.3)
Proof. The proof is directly from the definition of y, in Algorithm 6.3.1. m]

Lemma E.2.3. Consider {yi} and {xi} evolving as per Algorithm 6.3.1. Then for all k > 1, we have

Vi = Axg + (E.2.4)

Iq_ksk/
where s1 = 0.and s = sp_1 + (1 — Dag — Ap_1)A(Xx — Xy_1) when k > 2.

Proof. We prove the lemma by induction. For the base case of k = 1, we have, by the choice of s; = 0,



thaty; = Axg = Axq + Allsl. Then for some k > 2, assume Eq. (E.2.4) holds for k — 1, then we have,

Akyk = Ak-1Yik-1 + BAX + (1 = DaeA(xe = Xp-1)
= Ap-1AXp-1 + Sg-1 + @A + (1 — DagA(xg — Xi-1)
= Ap-1AXk-1 — Xg + Xg) + Sp—1 + A AXg + (1 — D)agA(x — Xe—1)
= ArAxy + 8k + (1 — D)ag — Ag-1)A(xx — Xg-1)
= ArAxy + sy, (E25)
where the first step is by Lemma E.2.2, second by the induction hypothesis, third by adding and

subtracting Ay_; Axy, fourth by rearranging terms appropriately, and the final step uses the recursive
definition of s stated in the lemma. Dividing throughout by Ay then finishes the proof. m]

Algorithm E.2.1 SI-NNLS+ (Implementation)

1: Input: Matrix A € R7>*" with n > 4, accuracy €

2: Output: Vector xg € R” such that f(xx) < (1 —€)f(x*).

3: Initialize: a; = ﬁ, ap = ﬁ, A1 =a, Po(x) = %Hx - xollf\, Yo = Yo = Axo, po = 0,qo = Axp, to =
0,s1=0,r =0.

4: fork=1,2,...,Kdo

5: Sample ji uniformly at random from {1, 2,...,n}
6: if k=1 then
7 Yo = qo
8: else if k = 2 then
9 Vi=qi+ 3t
10: else if k > 3 then , ,
_ a_ (n-1)a;._
1: Yi-1 = Q-1 t(l B ﬂka\kl—z )Sk—l + ﬂkAk—kzltk_l
12: end if
Pk-1,is i # jk
13: Pki = _ , ,
D\ nak(A?;Yk—l - 1), L= Jk-
Xk—1,is %]
14: X = k—1,i ]'k

max {O'mir‘ {XOJ - ||A1:,-||2 “Phir ||A1:,-||2}}' 1= Jk
15: t = A(Xe — Xp—1)
16: if k > 2 then

17: re = 131 + ((n — Dag — A1) (X — Xk—1)
18: sk = sk-1 + ((n — Dag — A1)t
19: end if

20: qr = qk-1 + t

21 Agy1 = Ag + g

Mgy VAke )
2n

n-1"

22: Ap4o = min{
23: end for

) 1
24: return xg + A TK

Lemma E.2.4. Consider {x}, {yx}, and {y,} evolving as per Algorithm 6.3.1. Then we have that §1 =



Ax] + Z—;A(xl - xo) and

2 2
1 @ (n—1)a;
Vi = A —(1- A(Xg — Xg_1)- E.2.
Yk Xy + k( tei A )Sk + At (Xk X 1) ( 6)

Proof. From the definition of ¥, the initializations for xo, yo, and y,, and Lemma E.2.2, we have
yi=y1+ Z—;(yl -Yy0) = Ax + Z—;A(x1 —Xp). For k > 2, by Lemma E.2.2, we have Ayyx — A_1Yk-1 =
aAx; + (n — DapA(x — Xi_1). As a result,

A1k — Yr-1) = axAX + (n — Dag A(Xg — Xg—1) — kY- (E.2.7)

So for k > 2, it follows that

_ a ar (A (n = 1)ay ay
= Vi + ——(Vk — V1) = Vi + —AX + —— A — X)) — ——
Ye=yet o (¥k = Yk-1) = V& ak+1( A At (X = Xk-1) A )
a? a2 (n —1)a?
=(1- + K Axp + —EA(x — xe
( Ag+1Ak-1 )yk G Ak AgAg 06 = Xe-1)
2 2
1 a; (n—1a;
=Axg + —(1- Sk + A(xg — Xk21),
Ay ( Apr1Ax-1 ) Agr1Ax-1 1)

where the first step is by the definition of y;, in Algorithm 6.3.1, the second step is by Equation (E.2.7),
the third step is by rearranging, and the final step is by Lemma E.2.3. m|

Based on the above lemmas, we give our efficient lazy implementation version of Algorithm 6.3.1 in
Algorithm E.2.1. In Algorithm E.2.1, we also introduce other auxiliary variables py, qx and t;. Based
on Lemma E.2.1-Lemma E.2 4, it is easy to verify the equivalence between Algorithm 6.3.1 and
Algorithm E.2.1. With this implementation, by updating only the dual coordinates corresponding
to the nonzero coordinates of the selected column of A, the per-iteration cost is proportional to the
number of nonzero elements of the selected row in the iteration. As a result, the overall complexity
result will depend only on the number of nonzero elements of A.



Appendix F

Appendix for Chapter 7

This chapter contains details and proofs from Chapter 7.

We start with a piece of notation we frequently use in the appendix. For a given vector x € R", we
use Diag(x) to describe the diagonal matrix with x on its diagonal. For a matrix X, we use diag(X)
to denote the vector made up of the diagonal entries of X. Further, recall as stated in Section 7.1.4,

that given any vector x, we use its uppercase boldface name X def Diag(x).
F1 Technical Proofs: Gradient, Hessian, Initial Error, Minimum Progress

Lemma?7.2.3 (Gradientand Hessian). Foranyw € RZ,,, the objectivein (7.1.4), ¥ (w) = —log det(ATWA)+

T=1Tw'*%, has gradient and Hessian given by the following expressions.

[VF (w)]; = wz._l . (w}“" — gi(w)) and V*F (w) = WIPw)PW™ + aWo 1,

Proof. The proof essentially follows by combining Lemmas 48 and 49 of [LS14]. For completeness,
we provide the full proof here. Applying chain rule to the log det function and then the definition
of p(w) from (7.2.1) gives the claim that

—oi(w
i(w) +wf‘.
wi

ViF (w) = —~(AATWA)'AT); + wf = —a] (ATWA) g, + wf =

We now set some notation to compute the Hessian: let M L A(ATWA)'AT, let h € R™ be any

arbitrary vector, and let H def Diag(h). For f : R" — R and for x, h € R" we let D, f(x)[}1] denote the
directional derivative of f at x in the direction , i.e., Dy f(x)[] = lim;—o(f(x + th) — f(x))/t. Then
we have,

Dy(h, — Diag(A(ATWA) TAT))[K] = (h, — Diag(AD,(ATWA) I [1]AT))
= (h, Diag(A(ATWA) 1D, (ATWA)[1]ATWA)1AT))
= (h, Diag(MHM))

=Y hiMM;; = Y hiliM?,
ij 0]
where the last step follows by symmetry of M. This implies

) _ [ @] (ATWA) 1g;)? ifi#j
Vi (w) = { (ai.T(ATWA)‘laj)2 +aw®  otherwise ’
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which, in shorthand, is V2F (w) = Mo M + aW* 1. We may express this Hessian as in the statement
of the lemma by writing M in terms of P(w). O

Lemma 7.2.4 (Initial Sub-Optimality). At the start of Algorithm 7.2.1, the value of the objective of (7.1.4)
differs from the optimum objective value as F (w®) < F (W) + nlog(m/n).

Proof. We study the two terms constituting the objective in (7.1.4). First, by choice of w©® = 21, we
have
—log det( ATWO'A) = —log det((n/m)ATA). (E1.1)

Next, since leverage scores always lie between zero and one, the optimality condition for (7.1.4),
o(w) = (w)'**, implies w < 1, which in turn gives W < I. This implies ATWA < ATA. Therefore,

—logdet(ATA) < —log det(ATWA). (F.1.2)
Combining (F.1.1) and (F.1.2) gives
—log det(ATW(O)A) <-log det(ATWA) + nlog(m/n). (F.1.3)

Next, observe that 17 (w @)™ = m - (n/m)'*%, and 17 (w)'** = Y1, 0;(w) = n, where we invoked
Fact7.1.6. By now applying m > n, we get

1T (@) < 17 (w) 1+, (F.1.4)
Combining (F.1.3), (F.1.4), and the definition of the objective (7.1.4) finishes the claim. O

Lemma 7.2.6 (Function Decrease in Descent( - )). Let w,n € R, with n; € [0, i@.{] forall i € [m].
Further, let w* = Descent(w, [m],n), where Descent is defined in Equation (7.2.2). Then, w* € RY{ with
the following decrease in function objective.

o (i) = 12

Fh) < F@w) - Z %'wl pi(w) +1 °

ie[m]

Proof. By the remainder form of Taylor’s theorem, for some ¢ € [0,1] and w = tw + (1 — Hw™*
F(w*) = F (w) + (VF (w), w" —w) + %(uﬁ —w)TV2F () (w* - w). (F.1.5)

We prove the result by bounding the quadratic form of V2# (w) from above and leveraging the
structure of w* and V¥ (w). Lemma 7.2.3 and Fact 7.1.6 imply that

V2F (@) = WIP@)PW™! + aW* ! < WIZ@W ! + aW* 1. (E1.6)

Further, the positivity of w; and o;(w) and the non-negativity of nn and p imply that (1 — |[nl|e)w; <
w} < (1 + |Inlleo)w; for all i € [m]. Since ||nlle < %, this implies that

(1= 5p)wi <W; < (1+ 35)w; forall i€ [m].



Consequently, for all i € [m], we bound the first term of (F.1.6) as

[WZ@W™| = e W2 AATWA) TATW 2, = w%aiT(AT\TVA)_1ai
<(1- i)_lwlia;(ATWA)_lai <(1-4)2— L al (ATWA) g
=(1- &) 2 [Wit@w] <3[w 1Z(w)W . (E.1.7)
Further, when a € (0, 1], we bound the second term of (F.1.6) as
WOl < (1 - L) twel < (1 - )y Twet <swe (F.1.8)
and when a > 1, we have
Wl < (1+ Lye-twel < exp( - 1)wa 1o exp( — 1)W“ 1< awel, (F.1.9)
Using (F.1.7), (F.1.8), and (F.1.9) in (F.1.6), we have that in all cases
VAF (@) < 3[WIE(@)W ! + oW | < 3aW ! [Z(w) + W W

Applying to the above Loewner inequality the definition of w™* gives

+ TA2F (T (1 F = 1+a _ ) pi(w) — 1 2
(W™ —w)' V-F (w)(w™ —w) < i;‘] 3a - (w;™ + oi(w)) - (Th . W)
_ (pi(w) — 1)
= 3 - qf . w}m P (F.1.10)
z;;] pilw) +1
Next, recall that by Lemma 7.2.3, [VF (w)]; = ‘1 (w“”‘ - 0i(w)) for all i € [m]. Consequently,
+ _ 1+a ' pl(w) 1+ (pi(w) — 1)2

i€[m] i€[m]

Combining (F.1.5), (F.1.10), and (F.1.11) yields that

_ 9 ‘ a2
Fw") < F@)+ Y (—m » 20 ) v P

2 ! pi(w) +1

i€[m]
The result follows by plugging in 1; € [0, (3&@)~!], as assumed. m]

F2 From Optimization Problem to Lewis Weights

The goal of this section is to prove how to obtain e-approximate Lewis weights from an e-approximate
solution to the problem in (7.1.4). Our proof strategy is to first utilize the fact that the vector wr
obtained after the rounding step following the for loop of Algorithm 7.2.1 satisfies the properties
of being e-suboptimal (additively) and also the rounding condition (7.2.3). In Lemma 7.2.1, the
e-suboptimality is used to show a bound on [|o(wg) — w%{”‘llw. Coupled with the rounding condition,
we then show in Lemma F.2.1 that wg constructed as per the last line of Algorithm 7.2.1 then satisfies



approximate optimality, o(w) ~s w'™¥, for some small § > 0. In Lemma F.2.3, we finally relate this
approximate optimality to coordinate-wise multiplicative closeness between w and the vector of
true Lewis weights. Finally, in Lemma 7.2.1, we pick the appropriate approximation factors for
each of the lemmas invoked and prove the desired approximation. Since the vector w”«w! obtained
at the end of the for loop of Algorithm 7.5.1 also satisfies the aforementioned properties of wg, the
same set of lemmas apply to Algorithm 7.5.1 as well. We begin with some technical lemmas.

F2.1 From Approximate Closeness to Approximate Optimality

Lemma F2.1. Let w € RY} such that |lo(w) — w9 < € for some parameter 0 < € s and

1
< 100m2(a+a1)
also let pmax(w) < 1+ a. Define w; = (al.T(ATWA)‘lai)l/ a_Then, for the parameter & = 20 Vem(a + a™1),

we have that o(w)~sw'+*.

Proof. Our strategy to prove o(w) ~s w'™ involves first noting that this is the same as proving

w! - o(w) ~5 w* and, from the definition of w in the statement of the lemma, to instead prove
ATWA ~5 ATWA.

To this end, we split W into two matrices based on the size of its coordinates, setting the following
notation. Define Wy« to be the diagonal matrix W with zeroes at indices corresponding to w > 7,
and vAvws,, to be the diagonal matrix W with zeroes at indices corresponding to w > . We first

show that ATWWS,]A and ATWWS,]A are small compared to ATWA and can therefore be ignored in
the preceding desired approximation. We then prove that for w > 17, we have w ~s w. This proof
technique is inspired by Lemma 4 of [Vai89a].

First, we prove that ATwwqu is small as compared to ATWw>,,A. Since (7.2.3) is satisfied, it means
al (ATWA)a; = oi(w) - w; < (1+ a)u?.

Combining this with the definition of w; as in the statement of the lemma, we may use non-negativity
of a to derive
w; < (1+ a)V*w; < 3w;. (F.2.1)

We apply this inequality in the following expression to obtain
Tr((ATWo<y AYATWA) ) = ) @i(a] (ATWA)a;)
wi<n
= ) @ (ATWA) )t
w;i<n

< (1 + a)1+1/a Z wl'1+01

w;i<n

< 3(1 + aymn'*e, (F2.2)

This implies that'
ATWygA < 3(1 + aymn' " ATWA. (F2.3)

Our next goal is to bound ATww>nA in terms of ATWA, which we do by first bounding it in terms

1Given X, Y > 0, we have Y'/2XY'2 > 0. Then, if Tr(XY) < 1, we have Tr(Yl/zXYl/z) <1, and combining these with
the previous matrix inequality, we conclude that Y2XY'/? < I, which implies that X < Y~1.



of ATWy,A and then bounding ATWy.,A in terms of ATWA. By definition, Z’Ef‘ = o;(w) - wz.‘l.
Further, by assumption, ||o(w) — w'**|| < €. Therefore, for any w; > 1

—

1 = -1 =/l 1 -1 _ =/l
W < (W +e)-w <A +E/n N w = 1 +E/nT N,

and
Wt > Wt =) wt > (1 -2/t w = 1=/ )w?.

By our choice of ¢, for w; > n, we have

2E _ 2F
(1 - = )wi <Wi < (1 P )wi. (F2.4)
a»’/] +a

Further, we have the following inequality:
ATWw>,]A <ATWA. (E2.5)
Hence, we can combine Inequality F.2.5, Inequality F.2.4, and Inequality F.2.3 to see that

ATWA = ATW, A + ATW,, A

2¢e

< (1 + )ATWMA +3(1 + a)ymn' TP ATWA

an1+a
218 +3(1+ a)mn““) .
0(17 +a

<ATWA (1 +

T+a

Setn Ve for the upper bound.

For the lower bound, we bound ATWWS,?A and, therefore, also ATWw>,7A. Observe that

Tr((ATWo<, A)ATWA) ) = Z wial (ATWA) g, = Z ai(w)

w;i<n w;i<n
< Z (wl.““ +¢) < m(n“"‘ + %),
w;i<n

where the second step is by |lo(w) — W < E, as assumed in the lemma. This implies that
ATWyeA <m(n'** + )ATWA,

and therefore that
ATWyspA = (1 —m(n'*™ + €))ATWA.

Repeating the method for the upper bound then finishes the proof. m]

F2.2 From Approximate Optimality to Approximate Lewis Weights

In this section, we go from the previous notion of approximation to the one we finally seek in
Equation (7.1.5). Specifically, we show that if o(w) ~4 w!*?, then w Xo(p/a) iy ©- To prove this, we
first give a technical result. We recall notation stated in Section 7.1.4: for any projection matrix
P(w) € R™™, we have the vector of leverage scores o(w) = diag(P(w)).



Claim F.2.2. For any projection matrix P(w) € R™", a > 0, and vector x € R™, we have that

M) el

-1 1 1
I[P@)® +aZ@)] " E@)lle < lalleo + ¥z < ( -
P def @ - i @
roof. Let y = [P(w) +a2(w)] Y(w)x. Since 0 < P(w)'¥ < X(w) (Fact 7.1.6), we have that
X(w) < % [P(w)(z) + aZ(w)] and (Pw)® + aX(w))™! < a 1Z(w)™. Consequently, taking norms in

terms of these matrices gives

Iyllzo = I1[P@)? +aZ@)] " Z@)xlzq < Lz (E2.6)
T Va

1
[Pa)@+ar(@)] " = g KIIE@)
Next, since by Lemma 47 of [LS14], |1Z(w) ' P(w) Pzl < llzllg@w) for all z € R™, we see that
[[P(@)@yl| < 0i(@)llyllge) for all i € [m], and since by definition of y, we have [(P(w)® + aZ(w))y]; =
oi(w)x; for all i € [m], we have that

1
—x; +
ocxl aoi(w)

1 1
o = | = P(w)® ’<— o+ = . E2.7
Iyl = maxlyi| = max [P@)®y] | < ~lidleo + ~Ilyllzca (F2.7)

ie[m)
Combining Inequality F.2.6 and Inequality F.2.7 and using that )., 0i(w) < n yields the claim. O

Lemma F.2.3. Let w € R, be a vector that satisfies approximate optimality of (7.1.4) in the following sense:

o() = Wi*ap, for exp(—u)1 < v < exp(u)l.

Then, w is also coordinate-wise multiplicatively close to w, the true vector of Lewis weights, as formalized
below.

exp (—i(l + \/ﬁ/a)y)% <w<exp (i(l + \/ﬁ/a)y)ﬁ.

Proof. For allt € [0,1], let [vy]; = [vlt.] so that v; = v and vy = 1. Further, for all t € [0, 1], let w; be the
unique solution to

1
wy = argrninwelR,:0 fe(w) def _ log det (ATWA) *1a Z [vt]iwil“’. (E2.8)
ie[m)

Then we have the following gradients.

Vo fr(w) = -Wlo(w) + W,

Vw(%ft)(w) = W“%vt = W% In(v) (F2.9)
Vaufi@) = W [P@)® + aW V| W (F2.10)

Consequently, by optimality of w; as defined in (F.2.8), we have 0 = V,, fy(w;) = —Wt‘lo(wt) + Wioy.
Rearranging the terms of this equation yields that

o(w;) = Wi, (F2.11)



and therefore w; = w and wy = w. To prove the lemma, it therefore suffices to bound

1 1
In(w/w) = In(w, /wp) = f [i ln(wt)] dt = f w;! [iwt] dt. (F2.12)
To bound Equation (F.2.12), it remains to compute %wt and apply Claim F.2.2. To do this, note that
0= SV [fi@)] = Va5 ) + Vi fitw) - o
—dtwtt—wdttt wwttdtt-

Using that P(w;)® + W[V, > 0, we have, by rearranging the above equation and applying
Equation (F.2.9) and Equation (F.2.10) that

%wt = - [ng ft(wt)]_l : [vw(% ft)(wt)] = -W, [P(wt)(z) + awgmvt]‘1 Wi, In(0).  (F2.13)

Applying Equation (F.2.11) to Equation (F.2.13), we have that

w;! [%wt] - [P(wt)(z) + aZ(wt)]_l Z(w;) In(v) .
Applying Claim F.2.2 to the above equality, substituting in Equation (F.2.12) and [|In(v)[|cc < p
therefore yields

—y— 1 d 1 1
0@ /@)l = 1 2(w1 00)oo < f ||W[1[%wt]|loodts f (*TW“)W.
t

t=0 =0

F2.3 From Optimization Problem to Approximate Lewis Weights

Lemma 7.2.1 (Lewis Weights from Optimization Solution). Let w € RY,, be a vector at which the objective

(7.1.4) is e-suboptimal in the additive sense for € = Tl \/ﬁiie)él(am*l))‘“ ie, F(w) < F(w) < F(w)+e.

Further assume that w satisfies the rounding condition: pmax(w) < 1+ a. Then, the vector w defined as w; =
(al.T(ATWA)‘lai)l/ ¥ satisfies w; ~ w; for all i € [m], thus achieving the goal spelt out in Equation (7.1.5).

Proof. We are given a vector w € R" satisfying F (w) < ¥ (w) < F (w) + ¢. Then by Lemma 7.2.5,
(0i(w)-w]**)?
U,v(w)+w}+“
not, then because of o;(w) € [0,1] and the decreasing nature of (x — 2)?/(x + a) over x € [0,1] for a
(U,-(w)—wl“‘")2 (1—zt;l.1+‘")2
oiw)+w!** T 1wl
Coupled with the provided guarantee pmax(w) < 1 + a, we see that the requirements of Lemma F.2.1

1= = ~d_ef &
are met with e =2 \/E, fore = e a

o(w) ~¢ w'**. Therefore, we can now apply Lemma F.2.3 with y =€, and choosing € =

we have that < ¢ for each i € [m]. This bound implies that w; < 3 for all i because, if

fixed a > 3, we obtain > 1, a contradiction. Therefore ||o(w) — w'*¥||e < 2 Ve.

and Algorithm 7.2.1 therefore guarantees a w satisfying

o?
a+n

us conclude that w; ~. w;, as claimed. m]

€ lets




E3 A Geometric View of Rounding

At the end of Algorithm 7.2.2 and Algorithm 7.2.3, the iterate w satisfies the condition pmax(w) < 1+a.
We now show the geometry implied by the preceding condition, thereby provide the reason behind
the terminology “rounding.”

Lemma E3.1. Given w € R, such that pmax(w) < 1+ a. Define the ellipsoid E(w) := {x : xTATWAx < 1}.
Then, we have that
E(w) C {x e R" | [W*?Ax|| < V1 +a}.

Proof. Consider any point x € Ew). Then, by Cauchy-Schwarz inequality and pmax(w) <1+ «,

W2 Ax]|o, = max el W2 Ax = maxe] W2 A(ATWA) 7 (ATWA)Zx
€e|\m

ie[m]

< max \/eiTW—“/ZA(ATWA)—lATW—”‘/Zei VXTATWAX

ie[m]
TW-/2A (AT SIATW-a/2p, — oi(w)
< max /e W22 A(ATWA)"TATW~%/2¢; = max < Vli+a
i€[m] ! ie[m] w}+a

F4 Explanations of Runtimes in Prior Work

The convex program (7.1.3) formulated by [CP15] has a variable size of n2. Therefore, by [LSW15],
the number of iterations to solve it using the cutting plane method is O(n? log(ne‘l), each iteration
computing al.TMai for i € [m]. This can be computed by multiplying an n X n matrix with an n X m
matrix, which costs between O(mn) (at least the size of the larger input matrix) and O(mn?) (each
entry of the resulting m X n matrix obtained by an inner product of length n vectors). Further, there
is at least a total of O(n°) additional work done by the cutting plane method. This gives us a cost of
at least n?(mn + n*). The runtime of [Lee16] follows from Theorem 5.3.4.



Appendix G

Appendix for Chapter 8

This chapter contains details and proofs from Chapter 8.
G.1 Proofs: Strict RoS Constraint

The goal of this section is to prove Proposition 8.4.2 and Proposition 8.4.3, for which we need the
following definition and results.

Definition G.1.1. We define the following dual variables.
o Let fi(b) := vy - x¢(b), recall g from Equation (8.2.3), and for some fixed A > 0, define

frros() = max [fi(h) + A gi(B)]. (G.1.1)

o Let f* be defined as in Equation (G.1.1). Then we define the following dual variable parametrized by the
input distribution P.

Dros(MIP) = Biop)-p [ fios V)] (G12)

Proposition G.1.2. Recall Dros(AIP) as defined in Equation (G.1.2). Then the optimum value Reward(Opt, 3)
for Problem 8.2.2 defined for a sequence Y ~ P of € requests satisfies the inequality

E=, . [Reward(Opt, 7,)| < ¢- min Dros(AIP).

Proposition G.1.3. For some fixed number r, let Ay o= %Z{zl Ai, where A; are the dual iterates in
Algorithm 8.3.1. Then, the reward (see Equation (8.2.6)) of Algorithm 8.3.1 is lower bounded as

Z Ap- gt(bt)} .
=1

Proposition 8.4.2. Under Assumption 8.4.1 for the distribution P, let K(3) be the number of iterations in
the first phase of Algorithm 8.4.1 for some input sequence . Then, we have

Reward(Algorithm 8.3.1,7,) > Ey _pr [r . EROS(XrlP)] ~E, p

E=_pr[K(7)] < O(VTlog T).

Proof. Let z; = max(0, v - x¢(by) — p:(bt)) be the reward collected at iteration ¢ (in the first phase).
Letz; := glztzﬁ /2. By construction, z; < z; for all t. For any given sequence 7, let K(/) and K'(7),

respectively, be the first time such that Zf:(?) z; > Rand Zi? ) z; 2 R for some reward R. Then, for

225



every 7, we have K(7 ) < K'(7). By the boundedness assumption on z;, we have
Prob(z; = $/2) = Prob(z; > $/2) > E [z;] — Prob(z; < f/2) - E [z:|z; < B/2] > B/2.
Then, by Hoeffding bound,
Prob(K(7) > q) < Prob(K'(3) > q) < e 9", (G.1.3)
Picking g = O(R/ ﬁz) for R = 2T log T finishes the claim. O

Proposition 8.4.3. Let Y, ~ P and 3, ~ P be sequences of lengths € and r, respectively, with € < r, of
i.i.d. requests each from a distribution . Then the following inequality holds.

Es, pr [Reward(Algorzthm 8.3.1, yg)] > g]E—> P [Reward(Opt yr)] O(r).

Proof. By Proposition G.1.2, Proposition G.1.3, and Theorem 8.3.1,

Reward(Algorithm 8.3.1,7) > E=, pt [5 : EROS(X{’W))] —E3, p

l
Z At ‘gt(bt)]

t=1

¢
> (- rgngRos(AlP) - ]E%sz [; At - gt bt)]

> g Es g [Reward(Opt,?r)] — O(Vh).
o
G.2 Proofs: Both Strict Constraints
The goal of this section is proving Theorem 8.5.2.
Definition G.2.1. We need the following definitions of dual variables.
e Forsome A > 0and u >0, let f(b) := vy - x4(b), define g; as in Equation (8.2.3), and define
Ficombinea(tts A) 1= max [fib) + A - gi(b)) = - pu(b)] . (G21)

o The following dual variable parametrized by p and P; the quantity f* is defined in the same way as in
Equation (G.2.1).

Z_)combined(llr AMP,p):=p-p+Egp-p [fg:)mbined(y’ /\)] . (G.2.2)

Proposition G.2.2. For some p’ > 0, let Deombined (i, AIP, p’) be as defined in Equation (G.2.2). Then
the optimum value Reward(Opt, 75, p) for Problem 8.2.5 with a total initial budget of p{ over a sequence
o V4 . e . .

Ve ~ P* of € requests satisfies the inequality

E,p | Reward(Opt, 7, p)] < ¢ Jin | Deombinea(is, AP, p) + (p = p) - 1]



Definition G.2.3. The stopping time T of Algorithm 8.5.1, with a total initial budget of B is the first time
T at which }Y,;_; pe(by) + 1 > B. Intuitively, this is the first time step at which the total price paid almost
exceeds the total budget.

Proposition G.2.4. Let T be a stopping time as in Definition G.2.3 for some initial budget p'k. Let
=2 Y0  wiand A = % 4 Ai. Then the expected reward (see Equation (8.2.6)) of Algorithm 8.5.1 over
a sequence of length k with i.i.d. input requests from distribution P~ is lower bounded as

=, . [Reward(Algorithm 8.5.1,7, p')] 2 Es, _pt [T - Deombined(f, A<lP, p')]
- IE?kNng Z Ut (P’ — pe(by)) — Z At - &by |-
t=1 t=1

Proposition G.2.5. Consider a run of Algorithm 8.5.1 with initial total budget p{ and the total time
horizon €. We define the corresponding stopping time (as defined in Definition G.2.3) as the time T at which
Y.i1 pe(by) = p€ — 1. Then, the dual variable {y,} that evolves as per Line 8 in Algorithm 8.5.1 satisfies the

inequality Y.i_y e - (p — pe(by)) < (1 =€) +1/p + O( Vo).

Theorem 8.5.2. With i.i.d. inputs from a distribution P over a time horizon T, the regret of Algorithm 8.5.2
on Problem 8.2.5 is, under Assumption 8.4.1, bounded by

Regret(Algorithm 8.5.2,PT) < O( \/Tlog T).
Further, Algorithm 8.5.2 suffers no constraint violation of either the RoS or budget constraint.

Proof. The RoS constraint is not violated because the first phase accumulates the buffer that is the
guaranteed cap on violation in the second phase. The budget constraint is respected by design:
the first phase pays at most pT, and the second phase strictly respects the budget, as guaranteed
by Algorithm 8.5.1. Next, we note that the total expected reward is at least that in the second phase

E=_pr |Reward(Algorithm 852,77, p)| 2 Ex [, _pr (Reward(Algorithm 8 5.1, Vi1, p)]
(G.2.3)

pT-K()
T-K(7)
initial budget pT — K(3) for Algorithm 8.5.1. Conditioning on the high-probability event that
k < pT (by Inequality G.1.3 coupled with the assumption that p is a fixed constant) and letting
R = Reward(Algorithm 8.5.1, Vi 1.7, P):

where p = and the right-hand side captures the reduced time horizon T — K(7’) and reduced

Yk+1:T Yk+1:T

i [E, o (R)] 2 (1 — e OD)E [Es, _prt (R) |k < pT]. (G.2.4)
Applying Proposition G.2.4 with the reduced budget and time horizon:

T

Z Ut (5— p(bt))

t=1

]E7k+1:T~¢>T—k [R] 2 ]E7k+1:T~gDT—k [T : 5combined (ﬁT/ XT|P/ 5)] - ]E7k+”~¢>r—k

—E- .
Yk+1:TNPT k

Z Ar gt(bt)] : (G.2.5)
t=1



Next, by Proposition G.2.2, we have:
— _ = _ 1
Deombined [, 1<IP,P) + (0 = D) - T, = By _pn |Reward(Opt, 77, p)|. (G.2.6)
We can now repeat the trick in the proof of Theorem 8.5.1:
T
Es _pr [Reward(Opt,7, p)] < T “Es pr [Reward(Opt,?, p)] + (T - 1), (G.2.7)
Then, Inequality G.2.3, Inequality G.2.4, Inequality G.2.5, Inequality G.2.6, and Inequality G.2.7 give

E~ _pr |Regret(Algorithm 8.52,7)| < Bz _pr(T - 1) + =5

+ By | B, popr Z e (p— pt(bt))] |k<pT
L | =1

By | By ppre Z At gt(bt)] lk<pT
L | t=1
+ Be[Eg,,,,prs [tH (0 = P)] 1 K < pT]. (G2.8)

By applying Proposition G.2.5 and Proposition 8.4.2, we have

E; | E < Bz _pr [(r = T) + K| + O(VT)

Z e (p— pt(bt))] |k <pT
=1

— —
VierT~PTk

+ By [y, (/D) [k < pT]
< E5_pr(t = T) + O(VTlogT). (G.2.9)

We invoke Lemma 14 to conclude Z{il Argr < O( VR) for all R < T, which lets us conclude

T
Es_pr [Z Aigt| < O(NT). (G.2.10)
t=1
To bound the final term in Inequality G.2.8, we observe that p — p = % by definition of p.

Combining this with t < T, thebound on };_; p; from Algorithm 8.5.1, the result of Proposition 8.4.2,
and the conditional expectation, we get

Et[Es,., o [tH,(0 = P)] I k < pT] < O(VT). (G.2.11)

Combining Inequality G.2.8, Inequality G.2.9, Inequality G.2.10, and Inequality G.2.11 finishes the
proof. m]
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