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ABSTRACT

Quadratic programming is a ubiquitous prototype in convex programming. Many
machine learning problems can be formulated as quadratic programming, including
the famous Support Vector Machines (SVMs). Linear and kernel SVMs have been
among the most popular models in machine learning over the past three decades,
prior to the deep learning era.

Generally, a quadratic program has an input size of ©(n?), where n is the number of
variables. Assuming the Strong Exponential Time Hypothesis (SETH), it is known
that no O(n?>~°()) time algorithm exists when the quadratic objective matrix
is positive semidefinite (Backurs, Indyk, and Schmidt, NeurIPS’17). However,
problems such as SVMs usually admit much smaller input sizes: one is given n data
points, each of dimension d, and d is oftentimes much smaller than n. Furthermore,
the SVM program has only O(1) equality linear constraints. This suggests that
faster algorithms are feasible, provided the program exhibits certain structures.

In this work, we design the first nearly-linear time algorithm for solving quadratic
programs whenever the quadratic objective admits a low-rank factorization, and the
number of linear constraints is small. Consequently, we obtain results for SVMs:

* For linear SVM when the input data is d-dimensional, our algorithm runs in

time O(nd©+1)/210g(1/€)) where w ~ 2.37 is the fast matrix multiplication
exponent;

* For Gaussian kernel SVM, when the data dimension d = O(logn) and the
squared dataset radius is sub-logarithmic in n, our algorithm runs in time
O(n'*t°(M log(1/€)). We also prove that when the squared dataset radius is
at least Q(log? n), then Q(n2~°(1)) time is required. This improves upon the
prior best lower bound in both the dimension d and the squared dataset radius.

1 INTRODUCTION

Quadratic programming (QP) represents a class of convex optimization problems that optimize a
quadratic objective over the intersection of an affine subspace and the non-negative orthant'. QPs
naturally extend linear programming by incorporating a quadratic objective, and they find extensive
applications in operational research, theoretical computer science, and machine learning (Kozlov
et al., 1979; Wright, 1999; Gould & Toint, 2000; Gould et al., 2001; Propato & Uber, 2004; Cor-
nuejols & Tiitiincii, 2006). The quadratic objective introduces challenges: QPs with a general (not
necessarily positive semidefinite) symmetric quadratic objective matrix are NP-hard to solve (Sahni,
1974; Pardalos & Vavasis, 1991). When the quadratic objective matrix is positive semidefinite, the
problem becomes weakly polynomial-time solvable, as it can be reduced to convex empirical risk
minimization (Lee et al., 2019) (refer to Section C for further discussion).

Formally, the QP problem is defined as follows:

Definition 1.1 (Quadratic Programming). Given an n X n symmetric, positive semidefinite objective
matrix Q, a vector ¢ € R™, and a polytope described by a pair (A € R™*" b € R™), the linearly

!There are classes of QPs with quadratic constraints as well. However, in this paper, we focus on cases where
the constraints are linear.



constrained quadratic programming (LCQP) or simply quadratic programming (QP) problem seeks
to solve the following optimization problem:

1
grel]%}m §xTQx—|— ¢l )

st. Az =0
xz > 0.

A classic application of QP is the Support Vector Machine (SVM) problem (Boser et al., 1992;
Cortes & Vapnik, 1995). In SVMs, a dataset 1, . .., z,, € R? is provided, along with corresponding
labels 1, . .., y, € {1}. The objective is to identify a hyperplane that separates the two groups of
points with opposite labels, while maintaining a large margin from both. Remarkably, this popular
machine learning problem can be formulated as a QP and subsequently solved using specialized QP
solvers (Muller et al., 2001). Thus, advancements in QP algorithms could potentially lead to runtime
improvements for SVMs.

Despite its practical and theoretical significance, algorithmic quadratic programming has garnered
relatively less attention compared to its close relatives in convex programming, such as linear
programming (Cohen et al., 2019; Jiang et al., 2021; Brand, 2020; Song & Yu, 2021), convex
empirical risk minimization (Lee et al., 2019; Qin et al., 2023), and semidefinite programming (Jiang
et al., 2020; Huang et al., 2022; Gu & Song, 2022). In this work, we take a pioneering step in
developing fast and robust interior point-type algorithms for solving QPs. We particularly focus
on improving the runtime for high-precision hard- and soft-margin SVMs. For the purposes of
this discussion, we will concentrate on hard-margin SVMs, with the understanding that our results
naturally extend to soft-margin variants. We begin by introducing the hard-margin linear SVMs:

Definition 1.2 (Linear SVM). Given a dataset X € R™*? and a collection of labels v, . . . , y,, each
in £1, the linear SVM problem requires solving the following quadratic program:

1
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acR™ 2
st. a'y=0,
a > 0.

where o denotes the Hadamard product.

It should be noted that this formulation is actually the dual of the SVM optimization problem. The
primal program seeks a vector w € R¢ such that
1
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s.toyi(w 'z —b) > 1, Vi € [n],

where b € R is the bias term. Given the solution & € R"™, one can conveniently convert it to a primal
solution: w* = Y1 | afy;x;. At first glance, one might be inclined to solve the primal problem
directly, especially in cases where d < n, as it presents a lower-dimensional optimization problem
compared to the dual. The dual formulation becomes particularly advantageous when solving the
kernel SVM, which maps features to a high or potentially infinite-dimensional space.

Definition 1.3 (Kernel SVM). Given a dataset X € R"*? and a positive definite kernel function
K:R?x RY = R, let K € R " denote the kernel matrix, where K;; = K(z;,z;). Witha
collection of labels y1, . . ., yn, each in {£1}, the kernel SVM problem requires solving the following
quadratic program:

1
max 10— §aT(ny o K)a, 3)
s.t. aTy =0,
a > 0.

The positive definite kernel function K corresponds to a feature mapping, implying that K(z;, ;) =
é(z;) " ¢(x;) for some ¢ : R? — R®. Thus, solving the primal SVM can be viewed as solving the



optimization problem on the transformed dataset. However, the primal program’s dimension depends
on the (transformed) data’s dimension s, which can be infinite. Conversely, the dual program, with
dimension n, is typically easier to solve. Throughout this paper, when discussing the SVM program,
we implicitly refer to the dual quadratic program, not the primal.

One key aspect of the SVM program is its minimal equality constraints. Specifically, for both linear
and kernel SVMs, there is only a single equality constraint of the form o"y = 0. This constraint
arises naturally from the bias term in the primal SVM formulation and its Lagrangian. The limited
number of constraints enables us to design QP solvers with favorable dependence on the number of
data points n, albeit with a higher dependence on the number of constraints m, thus offering effective
end-to-end guarantees for SVMs.

Previous efforts to solve the SVM program typically involve breaking down the large QP into smaller,
constant-sized QPs. These algorithms, while easy to implement and well-suited to modern hardware
architectures, oftentimes lack tight theoretical analysis and the estimation of iteration count is usually
pessimistic (Chang & Lin, 2011). Theoretically, Joachims (2006) systematically analyzed this class
of algorithms, demonstrating that to achieve an e-approximation solution, O(e 2B - nnz(A)) time is
sufficient, where B is the squared-radius of the dataset and nnz(-) denotes the number of nonzero
entries. This is subsequently improved in Shalev-Shwartz et al. (2011) with a subgradient-based
method that runs in O(e~'d) time. Unfortunately, the polynomial dependence on the precision 1
makes them hard to be adapted for even moderately small e. For example, when e is set to be 1073 to
account for the usual machine precision errors, these algorithms would require at least 10° iterations
to converge.

To develop a high-precision algorithm with poly log(¢~!) dependence instead of poly(e~!), we
focus on second-order methods for QPs. A variety of approaches have been explored in previous
works, including the interior point method (Karmarkar, 1984), active set methods (Murty, 1988),
augmented Lagrangian techniques (Delbos & Gilbert, 2003), conjugate gradient, gradient projection,
and extensions of the simplex algorithm (Dantzig, 1955; Wolfe, 1959; Murty, 1988). Our interest is
particularly piqued by the interior point method (IPM). Recent advances in the robust IPM framework
have led to significant successes for convex programming problems (Cohen et al., 2019; Lee et al.,
2019; Brand, 2020; Jiang et al., 2020; Brand et al., 2020; Jiang et al., 2021; Song & Yu, 2021; Jiang
et al., 2022; Huang et al., 2022; Gu & Song, 2022; Qin et al., 2023). These successes are a result of
combining robust analysis of IPM with dedicated data structure design.

Applying IPM to solve QPs with a constant number of constraints is not entirely novel; existing
work (Ferris & Munson, 2002) has already adapted IPM to solve the linear SVM problem. However,
the runtime of their algorithm is sub-optimal. Each iteration of their algorithm requires multiplying a
d x n matrix with an n x d matrix in O(nd“ 1) time, where w ~ 2.37 is the fast matrix multiplication
exponent (Duan et al., 2023; Williams et al., 2024; Gall, 2024). Moreover, the IPM requires
O(y/nlog(1/e)) iterations to converge. This ends up with an overall runtime O (n!-d“~!log(1/e)),
which is super-linear in the dataset size even when the dimension d is small. In practical scenarios
where 7 is usually large, the n'-> dependence becomes prohibitive. Therefore, it is crucial to develop
an algorithm with almost- or nearly-linear dependence on n and logarithmic dependence on 1.

For linear SVM, we propose a nearly-linear time algorithm with high-precision guarantees, applicable
when the dimension of the dataset is smaller than the number of points:

Theorem 1.4 (Low-rank QP and Linear SVM, informal version of Theorem E.1). Given a quadratic
program as defined in Definition 1.1, and assuming a low-rank factorization of the quadratic objective
matrix Q = UV T, where U,V € R"*¥, there exists an algorithm that can solve the program (1) up

to e-error® in O(n(k + m)@+D/21og(n/e)) time.

Specifically, for linear SVM (as per Definition 1.2) with d < n, one can solve program (2) up to
e-error in O(nd“*V/21og(n/e)) time.

While a nearly-linear time algorithm for linear SVMs is appealing, most applications look at kernel
SVMs as they provide more expressive power to the linear classifier. This poses significant challenge
in algorithm design, as forming the kernel matrix exactly would require £2(n?) time. Moreover, the

>We say an algorithm that solves the program up to e-error if it returns an approximate solution vector &
whose objective value is at most e more than the optimal objective value.



kernel matrix could be full-rank without any structural assumptions, rendering our low-rank QP
solver inapplicable. In fact, it has been shown that for data dimension d = w(log n), no algorithm can
approximately solve kernel SVM within an error exp(—w(log® n)) in time O(n?~°(1)), assuming
the famous Strong Exponential Time Hypothesis (SETH)? (Backurs et al., 2017).

Conversely, a long line of works aim to speed up computation with the kernel matrix faster than
quadratic, especially when the kernel has certain smooth and Lipschitz properties (Alman et al.,
2020; Aggarwal & Alman, 2022; Bakshi et al., 2023; Charikar et al., 2024). For instance, when
kernel functions are sufficiently smooth, efficient approximation using low-degree polynomials is
feasible, leading to an approximate low-rank factorization. A prime example is the Gaussian RBF
kernel, where Aggarwal & Alman (2022) showed that for dimension d = O(logn) and squared
dataset radius (defined as max; jep,) [lzi — 2;[3) B = o(logn), there exists low-rank matrices

U,V € R uch that for any vector © € R™, ||(K — UV ")z||s < €||z||1. They subsequently
develop an algorithm to solve the Batch Gaussian KDE problem in O(nHo(l)) time.

Based on this dichotomy in fast kernel matrix algebra, we establish two results: 1) Solving Gaussian

kernel SVM in O(n'*+°() log(1/e)) time is feasible when B = o(bg)lgogn), and 2) Assuming SETH,

no sub-quadratic time algorithm exists for B = Q(log® n) in SVMs without bias and B = Q(log® n)
in SVMs with bias. This improves the lower bound established by Backurs et al. (2017) in terms of
dimension d.

Theorem 1.5 (Gaussian Kernel SVM, informal version of Theorem G.7 and G.12). Given a dataset

X € R™ 4 with dimension d and squared radius denoted by B, let K(z;,x;) = exp(—||z; — z;(3)
be the Gaussian kernel function. Then, for the kernel SVM problem defined in Definition 1.3,

e Ifd=0O(logn), B = o log’fo gn ), there exists an algorithm that solves the Gaussian kernel

SVM up to e-error in time O(n'T°() log(1/¢));

« If d=Q(logn), B = Q(log?n), then assuming SETH, any algorithm that solves the
Gaussian kernel SVM without a bias term up to exp(—w(log®n)) error would require
Q(n?>=°W) time;

« Ifd = Q(logn), B = Qlog® n), then assuming SETH, any algorithm that solves the Gaus-
sian kernel SVM with a bias term up to exp(—w(log? n)) error would require Q(n?=°M)
time.

To our knowledge, this is the first almost-linear time algorithm for Gaussian kernel SVM even when
d = log n and the radius is small. Our algorithm effectively utilizes the rank-n°(!) factorization of
the Gaussian kernel matrix alongside our low-rank QP solver.

1.1 RELATED WORK

Support Vector Machines. SVM, one of the most prominent machine learning models before
the rise of deep learning, has a rich literature dedicated to its algorithmic speedup. For linear
SVM, Joachims (2006) offers a first-order algorithm that solves its QP in nearly-linear time, but
with a runtime dependence of ¢ 2, limiting its use in high precision settings. This runtime is later
significantly improved by Shalev-Shwartz et al. (2011) to O(e~'d) via a stochastic subgradient
descent algorithm. For SVM classification, existing algorithms such as SVM-Light (Joachims, 1999),
SMO (Platt, 1998), LIBSVM (Chang & Lin, 2011), and SVM-Torch (Collobert & Bengio, 2001)
perform well in high-dimensional data settings. However, their runtime scales super-linearly with
n, making them less viable for large datasets. Previous investigations into solving linear SVM via
interior point methods (Ferris & Munson, 2002) have been somewhat basic, leading to an overall
runtime of O(n!-*d*~*log(1/¢)). For a more comprehensive survey on efficient algorithms for
SVM, refer to Cervantes et al. (2020). On the hardness side, Backurs et al. (2017) provides an
efficient reduction from the Bichromatic Closest Pair problem to Gaussian kernel SVM, establishing
an almost-quadratic lower bound assuming SETH.

3SETH is a standard complexity theoretical assumption (Impagliazzo et al., 1998; Impagliazzo & Paturi,
2001). Informally, it states that for a Conjunctive Normal Form (CNF) formula with m clauses and n variables,
there is no algorithm for checking its feasibility in time less than O(c"™ - poly(m)) for ¢ < 2.



Interior Point Method. The interior point method, a well-established approach for solving convex
programs under constraints, was first proposed by Karmarkar (1984) as a (weakly) polynomial-time
algorithm for linear programs, later improved by Vaidya (1989) in terms of runtime. Recent work
by Cohen et al. (2019) has shown how to solve linear programs with interior point methods in the
current matrix multiplication time, utilizing a robust IPM framework. Subsequent studies (Lee et al.,
2019; Brand, 2020; Jiang et al., 2021; Song & Yu, 2021; Huang et al., 2022; Jiang et al., 2022; Qin
et al., 2023) have further refined their algorithm or applied it to different optimization problems.

Kernel Matrix Algebra. Kernel methods, fundamental in machine learning, enable feature map-
pings to potentially infinite dimensions for n data points in d dimensions. The kernel matrix, a
crucial component of kernel methods, often has a prohibitive quadratic size for explicit formation.
Recent active research focuses on computing and approximating kernel matrices and related tasks in
sub-quadratic time, such as kernel matrix-vector multiplication, spectral sparsification, and Laplacian
system solving. The study by Alman et al. (2020) introduces a comprehensive toolkit for solving
these problems in almost-linear time for small dimensions, leveraging techniques like polynomial
methods and ultra Johnson-Lindenstrauss transforms. Alternatively, Backurs et al. (2021); Bakshi
et al. (2023) reduce various kernel matrix algebra tasks to kernel density estimation (KDE), which
recent advancements in KDE data structures (Charikar & Siminelakis, 2017; Backurs et al., 2018;
Charikar et al., 2020) have made more efficient. A recent contribution by Aggarwal & Alman (2022)
provides a tighter characterization of the low-degree polynomial approximation for the e~ function,
leading to more efficient algorithms for the Batch Gaussian KDE problem.

2 TECHNIQUE OVERVIEW

In this section, we provide an overview of the techniques employed in our development of two
nearly-linear time algorithms for structured QPs. In Section 2.1, we detail the robust IPM framework,
which forms the foundation of our algorithms. Subsequent section, namely Section 2.2 and 2.3,
delves into dedicated data structures designed for efficiently solving low-treewidth and low-rank QPs,
respectively. Finally, in Section 2.4, we discuss the adaptation of these advanced QP solvers for both
linear and kernel SVMs.

Due to the heavily-technical nature, we recommend that in the first read, the audience can skip
Section 2.2 and 2.3.

2.1 GENERAL STRATEGY

Our algorithm is built upon the robust IPM framework, an efficient variant of the primal-dual central
path method (Renegar, 1988). This framework maintains a primal-dual solution pair (x, s) € R™ x R™.
To understand the central path for QPs, we first consider the central path equations for linear
programming (see Cohen et al. (2019); Lee et al. (2019) for reference):

s/t+Vo(z) = p,
Ax = b,
ATy+s=c,

where z is the primal variable, s is the slack variable, y is the dual variable, ¢(z) is a self-concordant
barrier function, and  denotes the error. The central path is defined by the trajectory of (x, s) as ¢
approaches 0.

In quadratic programming, we modify these equations:
s/t +Vo(x) = p,
Ax =0,
—Qr+ATy+s=c,

where () is the positive semidefinite objective matrix. The key difference in the central path equations
for LP and QP is the inclusion of the —Qx term in the third equation, significantly affecting algorithm
design.



Fundamentally, IPM is a Newton’s method in which we update the variables x, y and s through the
second-order information from the self-concordant barrier function. We derive the update rules for
QP (detailed derivation in Section F.2):

8y =tM V(I — P)M /%6,
5y = —t(AM AT L AM S,
85 =10, — t*HM " Y/2(I — P)YM /%5,
where H = V?¢(z), M=Q+tH,
P=M"2AT(AM'AT)"TAM /2,
where 0, 0y, d5, and J,, are the incremental steps for x, y, s, and p, respectively.

The robust IPM approximates these updates rather than computing them exactly. It maintains
an approximate primal-dual solution pair (Z,5) € R™ x R™ and computes the steps using this
approximation. Provided the approximation is sufficiently accurate, it can be shown (see Section F
for more details) that the algorithm converges efficiently to the optimal solution along the robust
central path.

Therefore, the critical challenge lies in efficiently maintaining (%, 5), an approximation to (z, s),
when (z, s) evolves following the robust central path steps. The primary difficulty is that explicitly
managing the primal-dual solution pair (z, s) is inefficient due to potential dense changes. Such
changes can lead to dense updates in H, slowing down the computation of steps. The innovative
aspect of robust IPM is recognizing that (x, s) are only required at the algorithm’s conclusion,
not during its execution. Instead, we can identify entries with significant changes and update the
approximation (Z,s) correspondingly. With IPM’s lazy updates, only a nearly-linear number of
entries are adjusted throughout the algorithm:

T
S 7O — 26Dl + 5O — 50D g = O(nlog(1/e))
t=1

where T = O(y/nlog(1/€)) is the number of iterations for IPM convergence. This indicates that, on
average, each entry of T and § is updated log(1/€) times, facilitating rapid updates to these quantities
and, consequently, to H.

In the special case where (Q = 0, the path reverts to the LP case, with M/ = tH being a diagonal ma-
trix, allowing for efficient computation and updates of 1/ ~'. This simplifies maintaining AM ' AT,
as updates to M ~! correspond to row and column scaling of A. However, in the QP scenario, where
M is symmetric positive semidefinite, maintaining the term AN/ ~'AT becomes more complex.
Nevertheless, when the number of constraints is small, as in SVMs, this issue is less problematic.
Yet, even with this simplification, the challenge is far from trivial, given the presence of terms like
M~/ in the robust central path steps. While the matrix Woodbury identity could be considered, it
falls short when maintaining a square root term. Despite these hurdles, we construct efficient data
structures for 1/ ~'/? maintenance when @ possesses succinct representations, such as low-rank.

Before diving into the particular techniques for low-rank QPs, we start by exploring the low-treewidth
QPs, which could be viewed as a structured sparsity condition. It provides valuable insights for the
low-rank scenario.

2.2 LOW-TREEWIDTH SETTING: HOW TO LEVERAGE SPARSITY

Treewidth is parameter for graphs that captures the sparsity pattern. Given a graph G = (V, E') with
n vertices and m edges, a tree decomposition of G arranges its vertices into bags, which collectively
form a tree structure. For any two bags X;, X, if a vertex v is present in both, it must also be
included in all bags along the path between X; and X ;. Additionally, each pair of adjacent vertices
in the graph must be present together in at least one bag. The treewidth 7 is defined as the maximum
size of a bag minus one. Intuitively, a graph G with a small treewidth 7 implies a structure akin to
a tree. For a formal definition, see Definition A.1. When relating this combinatorial structure to
linear algebra, we could treat the quadratic objective matrix () as a generalized adjacency matrix,
where we put a vertex v; on i-th row of @, and put an edge {v;, v;} whenever the entry Q; ; is



nonzero. The low-treewidth structure of the graph corresponds to a sparsity pattern that allows one to
compute a column-sparse Cholesky factorization of ). Since M = @ + tH and H is diagonal, we
can decompose M = LL" into sparse Cholesky factors®.

Under any coordinate update to @, M is updated on only one diagonal entry, enabling efficient updates
to L. The remaining task is to use this Cholesky decomposition to maintain the central path step.
By expanding the central path equations and substituting M/ = LL T, we derive
0, = tM~'2(1 — P)M /%5,
=tM 1S, —tM AT (AMTTATY TP AM S,
=tL L7, —tLT LT AT (AL TLTP AT TP AL T LY,
0 =16, — t2?HM /(I — PYM /2§,
=16, —t*L L7, +t*L "L AT (AL TLTP AT TP AL T LTS,
Updates to the diagonal of M do not change L’s nonzero pattern, allowing for efficient utiliza-

tion of the sparse factor and maintenance of L™'AT € R"*™ and L=15, € R™. Terms like
(AL=TL7'AT)"YAL=TL715, € R™ can also be explicitly maintained.

With this approach, we propose the following implicit representation for maintaining (x, s):
=7+ H VW (hB, — 1B, + €), @
s =35+ HY?c,Be, — H*WT (1B, — hfs + €4), ()
where 7,5 € R", W = L—NlHi/Q eRV™ h=L"1, €R" c,=H Y25, € R", B, Bs, Be, €
R, h=L"TAT ¢ R™"™ B, B, € R™, e,,es € R All quantities except for W can be explicitly
maintained. For linear programming, the implicit representation is as follows:
r=7+H ?B.c, — H_l/QWT(BIh + €2)
s=5+ HYWT(Bsh +¢,),
with W = L~' AH~'/? maintained implicitly and the other terms explicitly.

The representation in (4) and (5) enables us to maintain the central path step using a combination of
“coefficients” h—i—ﬁ,@w and “basis” W . We need to detect entries of Z that deviate significantly from
and capture these changes with || F/'/2(Z — x)||. We maintain this vector using o + W7 (h + hBa).
Here, W' acts as a wavelet basis and the vector h + ?Lgm as its multiscale coefficients. While
computing and maintaining W' h seems challenging, leveraging column-sparsity of L' is possible
through contraction with a vector v:
vTWT = (Wo)T
— (Llel/Q,U)T.

By applying the Johnson-Lindenstrauss transform (JL) in place of v, we can quickly approximate
[WTh||; by maintaining VT for a JL matrix ®. Similarly, we handle WT hj3, by explicitly
computing AT Bx and using the sparsity of L~! for Eﬁz

We focus on entries significantly deviating from x, the heavy entries of W (h + }iB’m) Here, the
treewidth-T decomposition enables quick computation of an elimination tree based on L~1’s sparsity,

facilitating efficient estimation of ||(W T (h +EBI))X(U) ||2 for any subtree x (v)>. With an elimination

tree of height 5(7), we can employ heavy-light decomposition (Sleator & Tarjan, 1981) for an
O(log n)-height tree.

Using these data structures, convergence is established using the robust IPM framework (Ye, 2020;
Lee & Vempala, 2021). While the framework is generally applicable to QPs, computing an initial
point remains a challenge. We propose a simpler objective zy = arg mingegn y ;- ; ¢;(2;) with ¢;
as the log-barrier function, resembling the initial point reduction in Lee et al. (2019). This initial
point enables us to solve an augmented quadratic program that increases dimension by 1.

“Note that adding a non-negative diagonal matrix to @) does not change its sparsity pattern, hence M also
retains the treewidth 7.
>Given any tree node v, we use x(v) to denote the subtree rooted at v.



2.3 LoOWwW-RANK SETTING: HOW TO UTILIZE SMALL FACTORIZATION

The low-treewidth structure can be considered a form of sparsity, allowing for a sparse factorization
M = LLT. Another significant structure arises when the matrix ) admits a low-rank factorization.
LetQ =UV T where U,V € R"** and k < n,then M = Q +tH = UV " + tH. Although Q
has a low-rank structure, M/ may not be low-rank due to the diagonal matrix being dense. However,
in the central path equations, we need only handle M/ ~!, which can be efficiently maintained using
the matrix Woodbury identity:

Mt =t7tg Tt P PH U VT ET )TV T ETY,

Given that H is diagonal, the complex term (I +¢~*V' T H=1U)~! can be quickly updated under
sparse changes to H~! by simply scaling rows of U and V. With only a nearly-linear number of
updates to H !, the total update time across O(/n log(1/e)) iterations is bounded by O(nk* =t +
k). We modify the (x, s) implicit representation as follows:

v =7+ H 2hp, + H 203, + H/?1hp,, 6)
s =5+ HY2hB, + HY?hB, + HY?1hp,, 7)

where 7,5 € R", h = H~1/25, e R", h = H~'/2U € R™*, and h = H-1/2AT € R"™™, with
Bm Es € R™ and f3,, Bs € R. The nontrivial terms to maintain are h and h, but both can be managed
straightforwardly: updates to H /2 correspond to scaling rows of U and AT, and can be performed
in total 5(nk) and 5(nm) time, respectively. The key observation is that we never explicitly form
M~—'/2 hence matrix Woodbury identity suffices for fast updates.

The remaining task is to design a data structure for detecting heavy entries. Instead of starting with an
elimination tree and re-balancing it through heavy-light decomposition, we construct a balanced tree
on n nodes, hierarchically dividing length-n vectors by their indices. Sampling is then performed by
traversing down to the tree’s leaves. While a heavy-hitter data structure could lead to improvements
in poly-logarithmic and sub-logarithmic factors, we primarily focus on polynomial dependencies on
various parameters and leave this enhancement for future exploration.

2.4 GAUSSIAN KERNEL SVM: ALGORITHM AND HARDNESS

Our specialized QP solvers provide fast implementations for linear SVMs when the data dimension
d is much smaller than n. However, for kernel SVM, forming the kernel matrix exactly would
take ©(n?) time. Fortunately, advancements in kernel matrix algebra (Alman et al., 2020; Backurs
etal.,, 2021; Aggarwal & Alman, 2022; Bakshi et al., 2023) have enabled sub-quadratic algorithms
when the data dimension d is small or the kernel matrix has a relatively large minimum entry.
Both Alman et al. (2020) and Bakshi et al. (2023) introduce algorithms for spectral sparsification,
generating an approximate matrix K € R"*" such that (1 —¢) - K < K < (1+¢) - K, with K
having only O(e~2nlogn) nonzero entries. Alman et al. (2020) achieves this in O(n'+°(1)) time
for multiplicatively Lipschitz kernels when d = O(log n), while Bakshi et al. (2023) overcomes
limitations for Gaussian kernels by basing their algorithm on KDE and the magnitude of the minimum
entry of the kernel matrix, parameterized by 7. Their algorithm for Gaussian kernels runs in time
O(nd/73173+°(1)) Unfortunately, spectral sparsifiers do not aid our primitives since a sparsifier
only reduces the number of nonzero entries, but not the rank of the kernel matrix.

Besides spectral sparsification, Alman et al. (2020); Aggarwal & Alman (2022) also demonstrate that
with d = d = O(log n) and suitable kernels, there exists an O(n'+t°(!)) time algorithm to multiply
the kernel matrix with an arbitrary vector v € R™. This operation is crucial in Batch KDE as shown
in Aggarwal & Alman (2022). Moreover, Aggarwal & Alman (2022) establishes an almost-quadratic
lower bound for this operation when the squared dataset radius B = w(logn), assuming SETH.
These results rely on computing a rank-n°(!) factorization for the Gaussian kernel matrix. The
function e~* can be approximated by a low-degree polynomial of degree

©(max{+/Blog(1/e) M})

"log(log(1/€)/B)



for x € [0, B]. Using this polynomial, one can create matrices U, V' with rank (Zd;'q 2‘1) =n°M in
time O(n'+°(). Given this factorization, multiplying it with a vector v as U (V T v) takes O(n'+°(1))
time. Let K = UV T where K, ; = f(||x; — x;||3), we have for any (i, j) € [n] x [n],

[f (i = ;13) — exp(=llz; — 2;]3)] <e,

and for any row i € [n],
|(Kv)i = (Kv)il = v (f (i = 25113) — exp(=lz; — 2;]3))]
j=1

VIS
< elvll,

< (m% [f(llzi = 2;5113) = exp(=llzs = 2;[3))[[vllx

using Holder’s inequality. This provides an ¢..-guarantee of the error vector (I? — K)v, useful for
Batch Gaussian KDE. Transforming this ¢.,-guarantee into a spectral approximator yields

(1—en) - K<K=(1+en)-K.

Setting € = 1/n?, the low-rank factorization offers an adequate spectral approximation to the exact
kernel matrix K.

Given K = UV T for UV e R”X"Om, we can solve program (3) with K using our low-rank QP
algorithm in time O(n'*°() log(1/¢)).° This is the first almost-linear time algorithm for Gaussian
kernel SVM, even in low-precision settings, as prior works either lack machinery to approximately
form the kernel matrix efficiently, or do not possess faster convex optimization solvers for solving a
structured quadratic program associated with a kernel SVM.

The requirements d = O(logn) and B = o lolgolgo Zn) may seem restrictive, but they are necessary, as

no sub-quadratic time algorithm exists for Gaussian kernel SVM without bias when d = Q(log ) and
B = Q(log? n), and with bias when B = Q(log® n), assuming SETH. This is based on a reduction
from Bichromatic Closet Pair to Gaussian kernel SVM, as established by Backurs et al. (2017). Our
assumptions on d and B are therefore justified for seeking almost-linear time algorithms.

3 CONCLUSION

On the algorithmic front, we introduce the first nearly-linear time algorithms for low-rank convex
quadratic programming, leading to nearly-linear time algorithms for linear SVMs. For Gaussian kernel
SVMs, we utilize a low-rank approximation from Aggarwal & Alman (2022) when d = O(log n) and
the squared dataset radius is small, enabling an almost-linear time algorithm. On the hardness aspect,
we establish that when d = Q(log n), if the squared dataset radius is sufficiently large (Q(log? n)
without bias and Q(log® n) with bias), then assuming SETH, no sub-quadratic algorithm exists. As
our work is theoretical in nature, we do not foresee any potential negative societal impact. Several
open problems arise from our work:

Better dependence on k for low-rank QPs. Our low-rank QP solver exhibits a dependence of
E(“+1)/2 on the rank k. Given the precomputed factorization, can we improve the exponents on k?
Ideally, an algorithm with nearly-linear dependence on k& would align more closely with input size.

Better dependence on m for general QPs. Focusing on SVMs with a few equality constraints,
our QP solvers do not exhibit strong dependence on the number of equality constraints m. Without
structural assumptions on the constraint matrix A, this is expected. However, many QPs, particularly
in graph contexts, involve large m. Is there a pathway to an algorithm with better dependence on m?
More broadly, can we achieve a result akin to that of Lee & Sidford (2019), where the number of
iterations depends on the square root of the rank of A, with minimal per iteration cost?

logn

5Additional requirement: B = o( Tog Tog 70

). See Section G for further discussion.



Stronger lower bound in terms of B for Gaussian kernel SVMs. We establish hardness results
for Gaussian kernel SVM when B = Q(log® n) without bias and B = Q(log® n) with bias. This
contrasts with our algorithm, which requires B to have sub-logarithmic dependence on n. For
Batch Gaussian KDE, Aggarwal & Alman (2022) demonstrated that fast algorithms are feasible for
B = o(log n), with no sub-quadratic time algorithms for B = w(logn) assuming SETH. Can a
stronger lower bound be shown for SVM programs with a bias term, reflecting a more natural setting?
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Roadmap. In Section A, we present some basic definitions and tools that will be used in the
reminder of the paper. In Section B, we introduce a few more SVM formulations, including classi-
fication and distribution estimation. In Section C, we show convex quadratic programming can be
reduced to convex empirical risk minimization, and therefore can be solved in the current matrix
multiplication time owing to Lee et al. (2019). In Section D and E, we prove results on low-treewidth
and low-rank QPs, respectively. In Section F, we present a robust IPM framework for QPs, generalize
beyond LPs and convex ERMs with linear objective. In Section G, we present our algorithms for
Gaussian kernel SVMs, with complementary lower bound.

A PRELIMINARY

A.1 NOTATIONS

For a positive integer n, we use [n] to denote the set {1,2,--- ,n}. For a matrix A, we use AT to
denote its transpose. For a matrix A, we define || A|,—4 := sup, ||Az||,/||x]/,. When p = g = 2,
we recover the spectral norm.

We define the entrywise £,-norm of a matrix A as [|A[|, := (3, ; [Ai; |PyL/p,

For any function f : N — Nand n € N, we use O(f(n)) to denote O(f(n) poly log f(n)). We use
1{E} to denote the indicator for event E, i.e., if E happens, 1{ E'} = 1 and otherwise it’s 0.

A.2 TREEWIDTH

Treewidth captures the sparsity and tree-like structures of a graph.

Definition A.1 (Tree Decomposition and Treewidth). Let G = (V, E) be a graph, a tree decomposi-
tion of G is a tree T with b vertices, and b sets J1, ..., Jy CV (called bags), satisfying the following
properties:

* For every edge (u,v) € E, there exists j € [b] such that u,v € Jj;
* Foreveryvertexv € V, {j € [b] : v € J;} is a non-empty subtree of T.

The treewidth of G is defined as the minimum value of max{|J;| : j € [b]} — 1 over all tree
decompositions.

A near-optimal tree decomposition of a graph can be computed in almost linear time.

Theorem A.2 (Bernstein et al. (2022)). Given a graph G, there is an O(m*+t°(1)) time algorithm

that produces a tree decomposition of G of maximum bag size O(t log3 n), where T is the actual
(unknown) treewidth of G.

Therefore, when 7 = m®(), we can compute an 5(7’)—size tree decomposition in time O(m7°1),
which is negligible in the final running time of Theorem D.1.

A.3 SPARSE CHOLESKY DECOMPOSITION

In this section we state a few results on sparse Cholesky decomposition. Fast sparse Cholesky
decomposition algorithms are based on the concept of elimination tree, introduced in Schreiber
(1982).

Definition A.3 (Elimination tree). Let G be an undirected graph on n vertices. An elimination tree T
is a rooted tree on 'V (G) together with an ordering 7 of V(G) such that for any vertex v, its parent is
the smallest (under ) element u such that there exists a path P from v to u, such that m(w) < 7(v)
forallw € P — u.

The following lemma relates the elimination tree and the structure of Cholesky factors.

Lemma A.4 (Schreiber (1982)). Let M be a PSD matrix and T be an elimination tree of the
adjacency graph of M (i.e., (i,7) € E(G) iff M; ; # 0) together with an elimination ordering .
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Let P be the permutation matrix P; , = 1{v = 7 (i)}. Then the Cholesky factor L of PM P (i.e.,
PMPT = LL") satisfies L; j # 0 only if 7 (i) is an ancestor of 7(j).

The following result is the current best result for computing a sparse Cholesky decomposition.
Lemma A.5 ((Gu & Song, 2022, Lemma 8.4)). Let M € R™*™ be a PSD matrix whose adjacency

graph has treewidth 1. Then we can compute the Cholesky factorization M = LL" in 5(717“’71)
time.

The following result is the current best result for updating a sparse Cholesky decomposition.

Lemma A.6 (Davis & Hager (1999)). Let M € R™*"™ be a PSD matrix whose adjacency graph
has treewidth T. Assume that we are given the Cholseky factorization M = LL". Let w € R" be a

vector such that M + ww " has the same adjacency graph as M. Then we can compute Ay, € R™*"
such that L + Ay is the Cholesky factor of M + ww " in O(72) time.

Throughout our algorithm, we need to compute matrix-vector multiplications involving Cholesky
factors. We use the following results from Gu & Song (2022).

Lemma A.7 ((Gu & Song, 2022, Lemma 4.7)). Let M € R"*™ be a PSD matrix whose adjacency
graph has treewidth T. Assume that we are given the Cholseky factorization M = LL". Then we
have the following running time for matrix-vector multiplications.

(i) Forv € R", computing Lv, L"v, LY, L~ T takes O(nr) time.
(ii) Forv € R", computing Lv takes O(||v|loT) time.
(iii) Forv € R", computing L™ v takes O(||L™v||o7) time.

(iv) Forv € R™, if v is supported on a path in the elimination tree, then computing L™'v takes

O(72) time.

(v) Forv € R™, computing W v takes O(nt) time, where W = L~ YHY2 with H € R" " is
a non-negative diagonal matrix.

Lemma A.8 ((Gu & Song, 2022, Lemma 4.8)). Let M € R™*™ be a PSD matrix whose adjacency
graph has treewidth T. Assume that we are given the Cholseky factorization M = LLT. Then we
have the following running time for matrix-vector multiplications, when we only need result for a
subset of coordinates.

(i) Let S be a path in the elimination tree whose one endpoint is the root. For v € R",
computing (L™ "v)g takes O(12) time.

(ii) Forv € R™, fori € [n), computing W v); takes O(1?) time, where W = L~ H'/? with
H € R™ ™ be a non-negative diagonal matrix.

A.4 JOHNSON-LINDENTRAUSS LEMMA

We recall the Johnson-Lindenstrauss lemma, a powerful algorithmic primitive that reduces dimension
while preserving {5 norms.

Lemma A.9 (Johnson & Lindenstrauss (1984)). Ler ¢ € (0,1) be the precision parameter. Let
§ € (0,1) be the failure probability. Let A € R™*" be a real matrix. Let r = e~ 2log(mn/3). For
R € R"™*™ whose entries are i.i.d N'(0, %) the following holds with probability at least 1 — §:

(1= o)llaills < [[Raill2 < (1 + €)lasll2, Vi € [m],

where for a matrix A, a denotes the i-th row of matrix A € R™*™,

A.5 HEAVY-LIGHT DECOMPOSITION

Heavy-light decomposition is useful when one wants to re-balance a binary tree with height O(logn).
Lemma A.10 (Sleator & Tarjan (1981)). Given a rooted tree T with n vertices, we can construct
in O(n) time an ordering  of the vertices such that (1) every path in T can be decomposed into
O(logn) contiguous subseqeuences under 7, and (2) every subtree in T is a single contiguous
subsequence under T.
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B SVM FORMULATIONS

In this section, we review a list of formulations of SVM. These formulations have been implemented
in the LIBSVM library Chang & Lin (2011).

Throughout this section, we use ¢ : R? — R® to denote the feature mapping, K to denote the
associated kernel function and K € R™*" to denote the kernel matrix. For linear SVM, ¢ is just
the identity mapping. We will focus on the dual quadratic program formulation as usual. We will
also assume for each problem, a dataset X € R™*? is given together with binary labels 3y € R™. Let

Q:=(yy")oK.
B.1 (C-SUPPORT VECTOR CLASSIFICATION

This formulation is also referred as the soft-margin SVM. It can be viewed as imposing a regularization
on the primal program to allow mis-classification.

Definition B.1 (C-Support Vector Classification). Given a parameter C > 0, the C-support vector
classification (C-SVC) is defined as

1
1T — =aT
mas Tno e’ Q
st. 'y =0,
0<a<(C-1,.

B.2 v-SUPPORT VECTOR CLASSIFICATION

The C-SVC (Definition B.1) penalizes large values of « by limiting the magnitude of it. The v-SVC
(Definition B.2) turns ll « from an objective into a constraint on /1 norm.

Definition B.2 (v-Support Vector Classification). Given a parameter v > 0, the v-support vector
classification (v-SVC) is defined as

a€eR?
st. o y=0,

One can interpret this formulation as to find a vector that lives in the orthogonal complement of y
that is non-negative, each entry is at most % and its ¢ norm is v. Clearly, we must have v € (0, 1].
More specifically, let k£, be the number of positive labels and k£_ be the number of negative labels. It
is shown by Chang & Lin (2001) that the above problem is feasible if and only if

V< 2min{k_, kur}.
n

B.3 DISTRIBUTION ESTIMATION

SVM is widely-used for predicting binary labels. It can also be used to estimate the support of a
high-dimensional distribution. The formulation is similar to v-SVC, except the PSD matrix @ is
label-less.

Definition B.3 (Distribution Estimation). Given a parameter v > 0, the v-distribution estimation
problem is defined as



B.4 ¢-SUPPORT VECTOR REGRESSION

In addition to classification, support vector framework can also be adapted for regression.

Definition B.4 (e-Support Vector Regression). Given parameters €,C > 0, the e-support vector
regression (e-SVR) is defined as

1
min]R 5(& —a) Ka—a*)+el)(a+a*)+y (a—a*)
a,a*eR”
st. 1) (a—a*) =0,
0<a<C-1,,
0<a"<C-1,.

B.5 v-SUPPORT VECTOR REGRESSION

One can similar adapt the parameter v to control the #; norm of the regression.
Definition B.5 (v-Support Vector Regression). Given parameters v,C' > 0, the v-support vector
regression (v-SVR) is defined as
. 1 T T
- _ * K _ * _ *
a’glan 2(a o) Kla—a*) 4y (a—a”)
s.t. 1) (a —a*) =0,

1) (a+a*) =0y,

Q

Ogagf'lna

0<a"<—-1,.

s’

B.6 ONE EQUALITY CONSTRAINT

We classify C'-SVC (Definition B.1), e-SVR (Definition B.4) and v-distribution estimation (Defini-
tion B.3) into the following generic form:

. T
M g Qatre

st.a'ly=A
0<a<(C-1,.

Note that C-SVC (Definition B.1) and distribution estimation (Definition B.3) are readily in this form.
For ¢-SVR (Definition B.4), we need to perform a simple transformation:

R a : i
Seta = {O‘*] € R?™, then it can be written as

.
min ;aT[Q ‘QQ}M[GI”W} &

AacRr2n Eln )

0<a<C-1y,.

B.7 Two0 EQUALITY CONSTRAINTS

Both v-SVC (Definition B.2) and v-SVR (Definition B.5) require one extra constraint. They can be
formulated as follows:

o1 T
iy 5o Qoo
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st. 1N a= Ay,
yTa = Ao,
0<a<(C-1,.
For v-SVR (Definition B.5), one can leverage a similar transformation as e-SVR (Definition B.4).

Remark B.6. All variants of SVM-related quadratic programs can all be solved using our QP solvers
for three cases:

e Linear SVM withn. > d, we can solve it in O(nd“+t1/21og(1/€)) time;

* Linear SVM with a small treewidth decomposition with width T on X X T, we can solve it in
O(nt@+1)/210g(1/e€)) time;

* Gaussian kernel SVM with d = O(logn) and B = o(lozr)ign), we can solve it in
O(n'*t°M log(1/e€)) time.

Even though our solvers have relatively bad dependence on the number of equality constraints, for
all these SVM formulations, at most 2 equality constraints are presented and thus can be solved very
fast.

C ALGORITHMS FOR GENERAL QP

In this section, we discuss algorithms for general (convex) quadratic programming. We show that
they can be solved in the current matrix multiplication time via reduction to linear programming with
convex constraints Lee et al. (2019).

C.1 LCQP IN THE CURRENT MATRIX MULTIPLICATION TIME

Proposition C.1. There is an algorithm that solves LCQP (Definition 1.1) up to € error in 5((n“’ +

n25-0/2 4 n2+1/6)1og(1/€)) time, where w < 2.373 is the matrix multiplication constant and
a > 0.32 is the dual matrix multiplication constant.

Proof. Let Q = PDPT be an eigen-decomposition of () where D is diagonal and P is orthogonal.
Let  := P~'x. Then it suffices to solve

| —
min ixTDx +c'P7
st. APz =10
Pz > 0.

By adding n non-negative variables and n constraints x = Pz we can make all constraints equality
constraints. There are n non-negative variables and n unconstrained variables. If we want to ensure
all variables are non-negative, we need to split every coordinate of = into two. In this way the
coefficient matrix () will be block diagonal with block size 2.

We perform the above reduction, and assume that we have a program of form (1) where () is diagonal.
Let ¢; := Q;,; be the i-th element on the diagonal. Then the QP is equivalent to the following
program

min ¢'x+ th

st. Az =b
1, ,
t; > 5% Vi € [n]
x>0
Note that the set {(z;,t;) € R? : ¢; > %xf} is a convex set. So we can apply Lee et al. (2019) here
with n variables, each in the convex set {(a,b) € R? : a > 0,b > $a%}. O
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C.2 ALGORITHM FOR QCQP

Our algorithm for LCQP in the previous section can be generalized to quadratically constrained
quadratic programs (QCQP). QCQP is defined as follows.

Definition C.2 (QCQP). Let Qo,...,Q.,, € R" "™ be PSD matrices. Let qq,...,q, € R". Let
r € R™. Let A € RY*™ b € R The quadratically constrained quadratic programming (QCQP)

problem asks the solve the following program.
N T
min oz Qo +qp @
1
s.t. ixTQix +q¢/z+r, <0 Vie[m]
Ax =10
x>0

Proposition C.3. There is an algorithm that solves QCQP (Definition C.2) up to € error in
O(((mn)® + (mn)>>=/2 4 (mn)?+t1/6) log(1/€)) time, where w < 2.373 is the matrix multi-
plication constant and o > 0.32 is the dual matrix multiplication constant.

Proof. We first rewrite the program as following.
min —1rg
1
s.t. §xTQix+q;x+ri§0 VO<i<m

Ax=1b
x>0

Write QQ; = PiDiPiT be an eigen-decomposition of ); where D; is diagonal and F; is orthogonal.
Let z; € R"™ be defined as z; := Pflx. Then we can rewrite the program as

min — g

1_ - ~ .
s.t. §xiTDixi + q;rPia:i +7r; <0 VO<i<m

Ax =D
51‘:Pi_1$
x>0

For 0 < ¢ < mand j € [n], define variable ¢; ; € R. Then we can rewrite the program as

min — 1y
st. > Digptij+a PEi+r; <0 Y0<i<m

J€[n]

We can consider (Z; ;, i j)Jo<i<m,je[n] a8 (m + 1)n variables in the convex set {(a,b) : b > 1a?}.
Then we can apply Lee et al. (2019).

D ALGORITHM FOR LOW-TREEWIDTH QP

In this section we present a nearly-linear time algorithm for solving low-treewidth QP with small
number of linear constraints. We briefly describe the outline of this section.
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* In Section D.1, we present the main statement of Section D.
* In Section D.2, we present the main data structure CENTRALPATHMAINTENANCE.

* In Section D.3, we present several data structures used in CENTRALPATHMAINTENANCE,
including EXACTDS (Section D.3.1), APPROXDS (Section D.3.2), BATCHSKETCH (Sec-
tion D.3.3), VECTORSKETCH (Section D.3.4), BALANCEDSKETCH (Section D.3.5).

* In Section D.4, we prove correctness and running time of CENTRALPATHMAINTENANCE
data structure.

* In Section D.5, we prove the main result (Theorem D.1).

D.1 MAIN STATEMENT

We consider programs of the form (16), i.e.,

R T
;Iel]kr}l 23: Qr+c' x
s.t. Az =b
r; € K; Vi € [n]
where Q) € S™tot, ¢ € R™et, A € R™*™et h € R™, K; C R™ is a convex set. For simplicity, we
assume that n; = O(1) for all i € [n].

Theorem D.1. Consider the convex program (16). Let ¢; : K; — R be a v;-self-concordant barrier
for alli € [n]. Suppose the program satisfies the following properties:

o Inner radius r: There exists z € R"™* such that Az = b and B(z,r) € K.
* Outer radius R: KK C B(0, R) where 0 € R™t°t.
o Lipschitz constant L: ||Q||a—2 < L, ||c|l2 < L.

*» Treewidth T: Treewidth (Definition A.1) of the adjacency graph of Q) is at most T.

Let (wi)iefn) € RE, and k = 3
solution x € I satisfiying

icn] Wili- Given any 0 < € < % we can find an approximate

L T T : L T T
- < i
5% Qr+c'z< apin_ <2x Qr+c'z)+eLR(R+1),
[Az — bll1 < 3e(R[|Allx + [[b]l1),
in expected time
O((vrn= 2 +1og(R/(r€))) - n(r?m + rm>) "2 (r“~ ' + 7m + m®~1)1/2).

When max;c,) v; = O(1), w; = 1, m = O(1%~2), the running time simplifies to

O(nr@tD/2m1/2 10g(R/(re))).

D.2 ALGORITHM STRUCTURE AND CENTRAL PATH MAINTENANCE

Our algorithm is based on the robust Interior Point Method (robust IPM). Details of the robust
IPM will be given in Section F. During the algorithm, we maintain a primal-dual solution pair
(x,8) € R™et x R™et on the robust central path. In addition, we maintain a sparsely-changing
approximation (T,3) € R™et x R™et to (z, s). In each iteration, we implicitly perform update

¢ x+1B, V21~ P, 7B, /25

,E,? w,T,t w,i,f ®
s s+10, — T HyzB Y2(1-P, B Y%,

w,T,t T w,T,t

where

Hyz = V20, () (see Eq. (24))
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B,z;=Q+tH,z (see Eq. (25))

P, fB_l/QAT(AB‘ AT lap~1/2 (see Eq. (26))

It T Tt w,T,t

and explicitly maintain (Z,S) such that they remain close to (x, s) in £, -distance.

This task is handled by the CENTRALPATHM AINTENANCE data structure, which is our main data
structure. The robust IPM algorithm (Algorithm 19, 20) directly calls it in every iteration.

The CENTRALPATHMAINTENANCE data structure (Algorithm 1) has two main sub data structures,
EXACTDS (Algorithm 2, 3) and APPROXDS (Algorithm 4, 5). EXACTDS is used to maintain (z, s),
and APPROXDS is used to maintain (Z, 3).

Algorithm 1 Our main data structure for low-treewidth QP solver.

1: data structure CENTRALPATHMAINTENANCE > Theorem D.2
2. private : member
3: EXACTDS exact > Algorithm 2, 3
4: APPROXDS approx > Algorithm 4
5: {eN
6: end members
7: procedure INITIALIZE(z, s € R™et t € Ry € € (0,1))
8: exact.INITIALIZE(z, s, x, S, t) > Algorithm 2
9: {+0
10: W 4 Vmax, nilt
11: q + n'/?(7? m—I—Tm) 1/2( w1 4 rm 4 me1)1/2
12: €apx,z < € Cp 4 20, Oapx N
13: €apx,s < €° t, (s < 3at
14:
5 1/24 77—1/24

approx. INITIALIZE(x, s, h, h, €, €5, ijmv ij 3, Csy Bay Bsy Be. s

Bma ﬂsa q, &exaCta eapx,za 6apx,sa §apx)
15: > Algorithm 4.Parameters from x to 3, come from exact. &exact is pointer to exact

16: end procedure

17: procedure MULTIPLYANDMOVE(t € R)
18: L+ /+1

19:  if|t—t| >t € orl > qthen

20: x,$ < exact.OUTPUT() > Algorithm 2
21: INITIALIZE(z, s, t, €)

22: end if o

23: Bz, Bs, Beos Bu, Bs < exact. MOVE() > Algorithm 2
24: 9z, 05 < approx. MOVEANDQUERY (8, Bs, Be. , Bz, Bs) > Algorithm 4
25: On, 5 561 s 5& R 6H1/2A, 6H71/2A, 505 — exact.UPDATE((Sy, 5;) > Algorithm 3
26: approx.UPDATE(ém7 On, 05, 5% ,0c., 0 HY25 Op-1/250c,) > Algorithm 4

27: end procedure

28: procedure OUTPUT()

29: return exact. OUTPUT() > Algorithm 2
30: end procedure

31: end data structure

Theorem D.2. Data structure CENTRALPATHMAINTENANCE (Algorithm 1) implicitly maintains
the central path primal-dual solution pair (x,s) € R™et x R™et and explicitly maintains its
approximation (T,5) € Rt x R™et ysing the following functions:

o INITIALIZE(z € R™et, s € R™et ¢ty € Rsg,e € (0,1)): Initializes the data structure
with initial primal-dual solution pair (x, s) € R™et x R™et initial central path timestamp

to € Rag in O(n(7“~! + 7m 4+ m®=1)) time.
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* MULTIPLYANDMOVE(t € R<q): It implicitly maintains
T+ th,f/i(I - P,z7)B,170,(Z,5,1)
)B~Y%5,(z,3,1)

w,z,t

S s+16, — E2Hw3B71/g(I - P

W, T, T w,T,t
where Hy, 7, B, 77 P,z7 are defined in Eq. (24)(25)(26) respectively, and t is some
timestamp satisfying |t — t| < e - L.

It also explicitly maintains (T,5) € R™et*"ov such that ||T; — x|z, < €and ||5; — s4]|%, <
tew; for all i € [n] with probability at least 0.9.

Assuming the function is called at most N times and t decreases from t,ax 10 tmin, the total
running time is

O((Nn™? £10g(tmax /tmin)) - n(T2m 4+ 7m2) 2 (1971 4 7m 4+ m@~1)1/2).
* OUTPUT: Computes (z,s) € R™et x R™ot exactly and outputs them in O(nm) time.

D.3 DATA STRUCTURES USED IN CENTRALPATHMAINTENANCE
In this section we present several data structures used in CENTRALPATHMAINTENANCE, including:

* EXACTDS (Section D.3.1): This data structure maintains an implicit representation of the
primal-dual solution pair (z, s). This is directly used by CENTRALPATHMAINTENANCE.

e APPROXDS (Section D.3.2): This data structure explicitly maintains an approximation
(Z,35) of (z, s). This data structure is directly used by CENTRALPATHMAINTENANCE.

* BATCHSKETCH (Section D.3.3): This data structure maintains a sketch of (z, s). This data
structure is used by APPROXDS.

* VECTORSKETCH (Section D.3.4): This data structure maintains a sketch of sparsely-
changing vectors. This data structure is used by BATCHSKETCH.

¢ BALANCEDSKETCH (Section D.3.5): This data structure maintains a sketch of vectors of
form W v, where v is sparsely-changing. This data structure is used by BATCHSKETCH.

Notation: In this section, for simplicity, we write Bz for B
Bj, i.e., Bf = LjL—jr

and Lz for the Cholesky factor of

w,T,t°

D.3.1 ExactDS

In this section we present the data structure EXACTDS. It maintains an implicit representation of the
primal-dual solution pair (z, s) by maintaining several sparsely-changing vectors (see Eq. (8)(9)).
This data structure has a similar spirit as EXACTDS in Gu & Song (2022), but we have a different
representation from the previous works because we are working with quadratic programming rather
than linear programming.

Theorem D.3. Data structure EXACTDS (Algorithm 2, 3) implicitly maintains the primal-dual pair
(z,8) € R™et x R™et, computable via the expression

w =3+ Hy PWT(h, — 1B, + €,), ®)
s=35+ Hi){;csﬂcs - Hij/;WT(hBS - EBS + 65)’ ©

where 7,5 € R™ot, W = LV HL/2 € Rrwoxmon jp — [215, € RMor, ¢ = H 1?5, € R

w,T

Bz Bs, Be, €ER, h = LglAT € Rt 3, Bs € R™, €5, €5 € Rt
The data structure supports the following functions:
* INITIALIZE(z, s,Z,5 € R™°t ¢ € Ry ): Initializes the data structure in 6(n7"”*1—|—n7m+

nm®~1) time, with initial value of the primal-dual pair (x, s), its initial approximation
(Z,5), and initial approximate timestamp t.
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* MOVE(): Performs robust central path step
x4+ x+1Bz'6, —IB-'AT(ABZ AT ' ABZ S, (10)
s s+10, —Bz'0, + T B-" AT (ABZ'AT) "' ABZ 5, (11)
in O(m¥) time by updating its implicit representation.
* UPDATE(07, 05 € R™=): Updates the approximation pair (Z,3) to (Z"™ = T + 07 €
R7tot 32W = 5 4 §5 € R™) in O((72m + 7m2)(||0zl0 + ||03l|0)) time, and output the

changes in variables 5H110/;£, On, 08, 57L, 5@, Oc,» 5H;’1E/2§, 08, 555, Oe. -

Furthermore, h,e,,es change in O(7(||6z]lo + ||85]l0)) coordinates, h changes in

O(rm(||6zllo + [|85]l0)) coordinates, and HX*%, H="/*3, ¢, change in O(||5zlo + ||65]]0)

coordinates.

OUTPUT(): Output x and s in O(nTm) time.
* QUERYz(i € [n]): Output x; in O(72m) time. This function is used by APPROXDS.

* QUERYs(i € [n]): Output s; in O(%m) time. This function is used by APPROXDS.

Proof of Theorem D.3. By combining Lemma D.4 and D.5. O
Lemma D.4. EXACTDS correctly maintains an implicit representation of (x, s), i.e., invariant

o =3+ H, W (0B, — hB. + &),

s =5+ Hy/2cofe, — Hy/2WT (hB — hBs + €2),

h=L1;'%,  c=H, /%,  h=L;'AT,

U=h"h, u=h"h,

a= w ! cosh? A i(T,35,t)),

2 v e (a5 )

5, =a/?5,(z,5,1)
always holds after every external call, and return values of the queries are correct.
Proof. INITIALIZE: By checking the definitions we see that all invariants are satisfied after INITIAL-
1ZE.

MOVE: By comparing the implicit representation (8)(9) and the robust central path step (10)(11), we
see that MOVE updates (z, s) correctly.

UPDATE: We would like to prove that UPDATE correctly updates the values of h, cg, 7L u, u, o, gu,
while preserving the values of (z, ).

First note that H,, z, Bz, Lz are updated correctly. The remaining updates are separated into two
steps: UPDATEh and UPDATEA.

Step UPDATEA: The first few lines of UPDATEA updates @ and d,, correctly.
We define HIY == Hyz + Agr, . BE i= By + Ap, LI = Ly + Ay, 50" =3, + 65
and so on. Immediately after Algorithm 3, Line 26, we have
ht0p =Lz 0y + L7105 — (Le + Ap,) A, (L7160, + L7 105))
=(L3' = (Lz + AL,) 'AL LZY)8,
= Loevs

co+ 00, = Hy V%0, + Apy-i2(8+ 05, + o,
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Algorithm 2 The EXACTDS data structure used in Algorithm 1.

1: data structure ExACTDS > Theorem D.3
2: members

3: Z,5€eR™ teRy, Hyz 2 Bz, Lz € RMtotX"tot

4: LL’ 3 h, ez, €5, € R0t h € RMotxm, 6&:7657505 c R, 62?768 e R™

5: ueRmxm,ueRm,aeR,zSMeR"

6: keN

7: end members

8: procedure INITIALIZE(x, s, T,5 € R™ot { € Ry)

9: T+ T,T+ 5,1+ 1 _ N

10: T 2,54 8,6, ¢ 0,65 0,8, 0,8, 0,8, < 0,85 0,5, <0
11: Hyz < V2¢u(T), Bz + Q +1Hy =

12: Compute lower Cholesky factor Lz where LEL—Tr = Bz
13: INITIALIZEMZ, 5, Hy 7, Lz)

14: end procedure
15: procedure INITIALIZEW(T, 5 € R™t, Hy, z, Lz € R™totX7or)
16: for i € [n] do

a sinh( U%’Y'i (Z,5,t))

17: On)i & ——.557 1i(7,5,)
18: @ < a+w; ' cosh?(27:(7,5,1))

19:  endfor ’ B
20: he L7, he L7'AT, ¢« H Y5,
210 W hThyu<h'h

22: end procedure

23: procedure MOVE()
24 o Bo+it- (@)

250 B Bott-@V2at
260 fe. < Bs +t (@)~1/?

27 B+ Bs +t (@)~1/?

28 By BT @ V2
29: return 3, 8, Bcs ) ﬁza ﬁ.s

30: end procedure
31: procedure OUTPUT()

322 returnZ+ Hy LW (W, — 1By + €2), 5+ Hyl2csBe, — HY2WT (hBs — hfs + €5)
33: end procedure

34: procedure QUERYz(i € [n])

5. veturn @, + H, 2 VT (B, — hBe + €))i

36: end procedure

37: procedure QUERYs(i € [n])

38: return 5; + Hw/r G, z)cs,iﬂcs + H;/i (i Z)(WT(hﬁs — hﬁs +€s))i

39: end procedure

40: end data structure

1/2

new\)—1/2¢0ewW
= (Hw,f) / 6/,1, ’
h+6; =L'AT — (Lz+ Ap,) 'ALAT
= (L;I - (Lf+ ALT)_lALTLgl)AT
= L2evAT,
So h, cs,ﬁ are updated correctly. Also
U+0g=h"h+6 (h+06;)+h' o5 = (h+0;)" (h+07),
w6, =h"h+08 (h+04)+hT6, = (h+0;)" (h+ ).
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Algorithm 3 Algorithm 2 continued.

28:
29:
30:

31:
32:
33:
34:

: procedure UPDATEA(Jz, 65 € R, Ay

: data structure EXACTDS > Theorem D.3

procedure UPDATE(dz, 05 € Rtot)
Ap, .+ V?¢u(T+6z) — Hyz > Agp, . isnon-zero only for diagonal blocks (i, i) for
Compute Ay where (Lz + A, )(Lz + Ar,)" = By +1Ap, .
UPDATEA(0z, 05, Am,, .. AL,)
UPDATEW(Apg, ., AL,)
T+ T+0z5+ 5+ 05
Hw,f — H’w,i + AH
return 6y, 07, O, , Oc

Bz + Bf"’%AH
0

w,F? W,z Lz < Lz + AL?

Oz Oy s O
end procedure ' ’
s AL; c Rntotxntot)
S« {i€n]|dz;#0ords; #0}
(53# ~—0
for i € Sdo
Let Vi = /Yi(fa Ea %)’ ,y;lew = ’Yz(f + 5?7 5+ 557 g): M?ew = ,u%(f + 6575 + 6?7 f)

o a —1 202 —1 2¢ X\ new

a <+ @ —w; - cosh (wf%) +w; ~ cosh (w—7'yl )
3 A . new 1 new <

(53“,1» — —a Smh(E% ) - S 1Y — 8,0

end for
Op L%163u — (Lf—’_ AL?)ilALE(h + L%ldgu)

e, = Aoy (8 +85,) + Hy %55,

8« —(Lz +Ar) 'Aph

05 4 =05, Be,

O, < —0nBa + 07 Bs

565 <~ 76hﬂs + &ﬁﬂs

0g (%TUL + (5‘};) +£1T5‘ﬂ

Ou 4= 6 (h+6n) + 1 0

O = O+ 05, h = ht On b= Bt 6y, €0 €+ 0, €5 4 €+ 0, U 4= T+ O,
U4 U+ Oy

end procedure
procedure UPDATEW(Ap,, ., AL, € R"r)

5€m — AI?LE_T(hﬂI - }VLEE + Ez)
O, = AT Lz T (hBs — hBs + €5)
6.’1; <_ 6:1,‘ +5€m’ es <_ 65 +653

end procedure

end data structure

So w and u are maintained correctly. Furthermore, immediately after Algorithm 3, Line 26, we have

@+ Lz T (0 By = W™ By + 2™)) — (@ + Lz T (M — Py + &)

= L7 (6hBs — 5: 5 + 0.
=0.

Therefore, after UPDATEM finishes, we have

=74 L7 (hfBs — hBa + €2).

For s, we have

(gnew + (H’E)(?%V)l/chleWﬁcs _ L%T(hnewﬁs _ }Nlnewgs + 62ew))
— G+ HylgesPe, = Lz (B, = 1, +€.))

x
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= 05 + 0580, — L " (0n8s — 6785 + 4c.)
=0.

Therefore, after UPDATER finishes, we have

s =5+ (HE)Y2¢, ., — LT (hfBs — hBs + €).

So x and s are both updated correctly. This proves the correctness of UPDATEA.

Step UPDATEW: Define €2°% := €, + 6, , €5°V := €5+ 6,,. Immediately after Algorithm 3, Line 31,

we have

T4 (L2 T (hfBy — hBy + %)) — (T + L7 T (hfBs — hBs + €4))
(L2 =T — LZT)(hBe — Wy + €5) + (L2) T4,

(54 (HE2) 2, Be, — (L2Y) T (B — hB, + €2°%))
(5 + (HX2) 2, e, — Lz T (hBs — hfs + ¢4))

= (—(LF™") T+ L%T)(hﬁs - TLES +e) — (L) 1o,

= 0.

Therefore, after UPDATE) finishes, we have

w =3+ (L2) T (hBy — 1By + €2),
s =8+ (H) e, — (L) T (hB, — B, +€,)-

So z and s are both updated correctly. This proves the correctness of UPDATEW. O

Lemma D.5. We bound the running time of EXACTDS as following.

(i)
(ii)
(iii)
(iv)

(v)

Proof.

(ii)
(iii)
(iv)

v)

EXACTDS.INITIALIZE (Algorithm 2) runs in 6(717"“_1 +ntm + nm<1) time.
EXACTDS.MOVE (Algorithm 2) runs in O(m®) time.
EXACTDS.OUTPUT (Algorithm 2) runs in O(ntm) time and correctly outputs (z, s).

EXACTDS.QUERYz and EXACTDS.QUERYs (Algorithm 2) runs in 6(72m) time and
returns the correct answer.
EXACTDS.UPDATE (Algorithm 2) runs in O((2m +7m2)(||6z]|o + ||05/l0)) time. Further-
more, h, €, €5 change in O(7(||0z]lo + ||105ll0)) coordinates, h changes in O(Tm(||0z|lo +
l65ll0)) coordinates, and H%/zi‘\, Hf_l/2§, ¢s change in O(||0z||o + ||0s]l0) coordinates.
(i) Computing Lz takes 5(717“’*1) time by Lemma A.5. Computing h and 1 takes
O(ntm) by Lemma A.7(i).” Computing % and u takes Tpat(m, n,m) = O(nm“~1) time.
All other operations are cheap.

Computing %~ * takes O(m®) time. All other operations take O(m?) time.
Running time is by Lemma A.7(v). Correctness is by Lemma D.4.

Running time is by Lemma A.8(ii). Correctness is by Lemma D.4.

Computing Ay _ takes 6(72 ||0z]|0) time by Lemma A.6. It is easy to see that nnz(Ap,, ) =

O(||6z]lo) and nnz(A 1) = O(72||65]|o). It remains to analyze UPDATER and UPDATEW.
For simplicity, we write k = dz||o + ||d5]|o in this proof only.

"Here we compute h by computing E“ = L_"(A;.) " fori € [m] independently. Using fast rectangular
matrix multiplication is possible to improve this running time and other similar places. We keep the current
bounds for simplicity.
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» UPDATEA: Updating & and computing (53“ takes O(k) time. Also, 5& llo = O(k).

Computing §;, takes 6(7%) time by Lemma A.7(i). Also, dy, is supported on O(k)

paths in the elimination tree, so ||04]|o = O(7k). Similarly we see that computing 45,

take O(72mk) time and nnz(35 ) = O(Tmk).
Computing §... and &5 takes O(72k) time and ||d.._||o, ||5]|0 = O(k).
Computing ., and d, takes O(7mk) time after computing &y, and &;. Furthermore,

s

18e,llo. 13, lls = O(7E). ) )
Computing 7 takes Tmat(m, 7k, m) = O(rm?k) time. Computing §,, takes O(rmk)
time.

* UPDATEW: To compute J., and J._, we first compute L%T(hﬁz - EBI + €,) and
L%T(hﬁs — ?LES + €5), where S C [ngo) is the row support of Ay,_, which can
be decomposed into at most O(||0z]|o) paths. This takes O(72m/|0zo) time by
Lemma A.8(i) (the extra m factor is due to E).

Combining everything we finish the proof of running time of EXACTDS.UPDATE. O

D.3.2 APPROXDS

In this section we present the data structure APPROXDS. Given BATCHSKETCH, a data structure
maintaining a sketch of the primal-dual pair (x, s) € R™tot x R™t°t APPROXDS maintains a sparsely-
changing /. -approximation of (x, s). This data structure is a slight variation of APPROXDS in Gu &
Song (2022).

Algorithm 4 The APPROXDS data structure used in Algorithm 1.

1: data structure APPROXDS > Theorem D.6
2: private : members

3: €apx,x; €apx,s S R

4: {eN

S: BATCHSKETCH bs > This maintains a sketch of H;/gx and H 15/25. See Algorithm 6, 7, 8.

6: EXACTDS* exact > This is a pointer to the EXACTDS (Afgorithm 2, 3) we maintain in parallel to
APPROXDS.

7: Z,5 € R"°t > (Z,3) is a sparsely-changing approximation of (x, s). They have the same value as

(Z,3), but for these local variables we use (Z, 5) to avoid confusion.
8: end members ~
9: procedure INITIALIZE(z,s € R™*t h € R™ot [ € R™eX™ ¢ e HY2% H-Y%5 ¢, €

w,T w,T

ant ) ﬂza /357 /Bcs € ]R3 ng gs S Rma q S N? EXACTDS* exaCt3 fapx,z, Gapx,s, 63PX € R)
10: {+ 0,94+ ¢q

11: €apx,x — €apx,z, €apx,s — €apx,s
T 1/2~ —1/2~ 5 5 .
12: bs.INITIALIZE(z, h, h, €z, €5, Hw/ja;, Hwi/ S, Csy By Bsy Beos Bzy Bsy Oapx/q) > Algorithm 6
13: T+ T,5+ 8
14: exact < exact

15: end procedure
16: procedure UPDATE(Jz € R, §;, € R™°t, §7 € R™otX™ 5, Oees0p1/2,0,—1/2.,0c, € R™Y)
17: bs.UPDATE(8x, n, 07, 0, , 8,10 ,1/2 10, 172, 0c,) ' ' > Algorithm 7

18: L+—10+1
19: end procedure

20: procedure MOVEANDQUERY(NBQC, Bs, Bes €R, Bx, ES cR™)

21: bs.MOVE(Bxz, Bs, Be. s Bz, Bs) > Algorithm 7. Do not update ¢ yet
22: 0z < QUERYZ(€apx,z/(2logq + 1)) > Algorithm 5
23: 03 < QUERYS(€apx,s/(2logq + 1)) > Algorithm 5

24: T+ T+03 5+ 5+ 03
25: return (03, d3)

26: end procedure

27: end data structure

Theorem D.6. Given parameters €apx 5, €apx,s € (0,1), dapx € (0,1), (y, (s € R such that
1/2 1/2 ~1/2 ~1/2
1202 — HY2 a0y < Gy | HYE SO — HUE sEHD ), < ¢

w,z(®) w, T w,z( w, T
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Algorithm S APPROXDS Algorithm 4 continued.

1: data structure APPROXDS > Theorem D.6
2. private:
3. procedure QUERYz(ec € R)

&

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

T+0
for j =0 — |log, ¢| do
if ¢ mod 2/ = 0 then
T <+ T Ubs.QUERYZ({ — 27 + 1,¢) > Algorithm 8
end if
end for
(55 +~0
foralli € Z do
Z; < exact. QUERYm( i) > Algorithm 2
if | z; 7, > € then
55 A xz
end if
end for
return 0z

18: end procedure
19: procedure QUERYs(e € R)

20:

in Line 13 with

’

Same as QUERY:v except for replacing x, T, - - - with 5,5, - - -, and replacing “||Z; — x; ||z,
Sq,H* ER)

21: end procedure
22: end data structure

forall £ € {0,...,q— 1}, data structure APPROXDS (Algorithm 4 and Algorithm 5) supports the
following operations:

7 1/2~ —1/2~
INITIALIZE(xz,s € R™et h € RM™et h € R"mtxm,emeS,Hw/’f@Hwi/ 5,¢cs €

R™t ) B2, Bss ﬂcs € R, By, Bs E R™, q € N,EXACTDS* exact, €apx,x ) €apx,s, 6apx € R)
Initialize the data structure in O(nT*~1 + nTm) time.

MOVEANDQUERY (85, B, Bc. € R, By, Bs € R™): Update values of By, Bs, Be.» Ba» Bs
by calling BATCHSKETCH.MOVE. This effectively moves (29, s()) to (x(¢+1) s(¢+1))

while keeping T unchanged.

Then return two sets LY | L") ¢ C [n] where
/2 (¢ /2 (441
L 2 {ie ) |H, 2oz — H) 20w Vll2 2 e,
1/2 (¢ —1/2 _(e+1
L 2 {i € nl < 1H U s = H G s e = eapes),
satisfying
> O] =0leatia),
0<e<q—1
Y O = Ol )
0<e<q—1

For every query, with probability at least 1 — 8apx/q, the return values are correct.

Furthermore, total time cost over all queries is at most
= 2 2
O (( apx zC +e apx SC )q T m) .

UPDATE(0z € R™wt, 5, € RMet §7 € RMotxm 661,565,6}11/%,6[{ Vg de, € RMot):

Update sketches oiju/;(e) =Y and H;lf/(f) s by calling BATCHSKETCH.UPDATE.
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This effectively moves T to T+ while keeping (x(”l), s(f“)) unchanged. Then ad-
vance timestamp {.

Each update costs

O(>(II8zllo + l18nllo + 185 1o + 1dc. llo + 110,

0)

) 18531722 ll0 + 18,5-172llo + 13,

time.

Proof. The proof is essentially the same as proof of (Gu & Song, 2022, Theorem 4.18). For the
running time claims, we plug in Theorem D.8 when necessary. O

D.3.3 BATCHSKETCH

/2

In this section we present the data structure BATCHSKETCH. It maintains a sketch of H% x and

H%I/QS. It is a variation of BATCHSKETCH in Gu & Song (2022).
We recall the following definition from Gu & Song (2022).

Definition D.7 (Partition tree). A partition tree (S,x) of R™ is a constant degree rooted tree
S = (V, E) and a labeling of the vertices x : V — 2", such that

* x(root) = [n);
* ifvisaleaf of S, then |x(v)| =1;

* for any non-leaf node v € V, the set {x(c) : cis a child of v} is a partition of x(v).

Algorithm 6 The BATCHSKETCH data structure used by Algorithm 4 and 5.

1: data structure BATCHSKETCH > Theorem D.8
2: members
3: O € R "ot > All sketches need to share the same sketching matrix
4 S, x partition tree
5 ¢eN > Current timestamp
6: BALANCEDSKETCH sketchW T h, sketchW T h, sketchW e, sketchW e, b Algorithm 10
7 VECTORSKETCH sketchHi{ 2’z sketchH;}fm?, sketche; > Algorithm 9
8 BB fe, €R, By, Bs €R™
9: (history[t])i>0 > Snapshot of data at timestamp ¢. See Remark D.9.
10: end members ~ s s
11: procedure INITIALIZE(Z € R™et h € RM™et h € RMetX™ ¢ e, Hw%%, H;E/ S,cs €
R™, B, Bs, Be, € R, By, By € R™, Supx € R)
12: Construct partition tree (S, ) as in Definition D.11
13: 7 < O(log® (1401 ) 10g(1/5apx))
14:  Initialize ® € R™™w with iid (0, 1)
15: B;E <_6Zs BS <_ﬁs’ ﬁcs <_Bcsy ﬁ(lt <_6(l?, BS <_68
16:  sketchW T h.INITIALIZE(S, x, ®, Z, h) > Algorithm 10
17: sketchW T h.INITIALIZE(S, x, ®, Z, h) > Algorithm 10
18:  sketchWTe, . INITIALIZE(S, x, ®, T, €,) > Algorithm 10
19: sketchW T e, INITIALIZE(S, x, @, 7, €,) > Algorithm 10
20: sketchH;{ 22 INITIALIZE(S, X, @, Hllu/ 2%) > Algorithm 9
21: sketchH;}E/%.INITIALIZE(8, X, @, H;’lf/%) > Algorithm 9
22: sketche INITIALIZE(S, x, @, ¢) > Algorithm 9
23: £ + 0. Make snapshot history|[/] > Remark D.9

24: end procedure
25: end data structure

Theorem D.8. Data structure BATCHSKETCH (Algorithm 6, 8) supports the following operations:
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Algorithm 7 BATCHSKETCH Algorithm 6 continued.

1: data structure BATCHSKETCH > Theorem D.8
2: procedure MOVE(f,, B, Bc. € R, ﬂx,ﬁs €R™)

3 Ba = Bar B < B Be, < Beus Ba < Bon Bs < B > Do not update ¢ yet
4: end procedure

5: procedure UPDATE(0z € R™wt,§; € R™et g7 € R™et™™ § 6, §H1/2§, 01724 0c, €

Rntot) '

6:  sketchW T h.UPDATE(Sz, 1) > Algorithm 11
7. sketchW T h.UPDATE(d7, 67) > Algorithm 11
8: sketchW "¢, .UPDATE(67, 6, ) > Algorithm 11
9:  sketchWTe,.UPDATE(d7, d, ) > Algorithm 11
10: sketchH Lx UPDATE( 1/255) > Algorithm 9
11: sketchH 15/23 UPDATE(S ;- 1/2) > Algorithm 9
12: sketchc;. UPDATE(,, ) , > Algorithm 9
13: (041
14: Make snapshot history|[/] > Remark D.9

15: end procedure
16: end data structure

o INITIALIZE(T € Rm™et h € Rworh, € Rmoxm ¢ e Y25 H 1%

o w,z Ttw,T 5,Cs €
R™et By, By Bes € R, B, Bs € R™, Japx € R): Initialize the data structure in
O(nt*~t + ntm) time.

* MOVE(By, Bs, Bc, € R, gxa Es € R™): Update values of B, Bs, Be., B:Ca Es in O(m) time.
This effectively moves (9, s to (x+1 | s+ while keeping T unchanged.
* UPDATE(dz € R"et ), € R™ot, 5 € R™MoX™ 5 e, ,0 Jrars 5H71/2A, de, € RMot):

Update sketches of H | / 2D and H_l/2 (+1) | This effectively moves T to Z+D

while keeping (x (1) (e+1)) unchanged. Then advance timestamp (.

Each update costs

O(T2(|I8zllo + 18nllo + 1165 lo + [10e, llo + 16,

)+ 1852l + 118,512 10 + 10c, o)
time.

* QUERYz({ € N, e € R): Given timestamp {', return a set S C [n] where

. 1/2 VA 1/2 (e+1
S2{ieml:IIH 2l = H 2 a2 = e,
and
— 1/2 1/2 _
|S]=0O(e 2(6 — ' +1) Z HHw/w(f) ®— Hw/@(wx t+) ||2 Z ||$(t) z(+Y l[2,0)
o<t<e 0 <t<b—1

where { is the current timestamp.

For every query, with probability at least 1 — 0, the return values are correct, and costs at
most

~ _ 1/2 1/2 _ _
O(r? (e2(t—0'+1) > IIHf{nx(t) —H_ </o GO+ >0 170 =z p0))
r<t<e 0<t<e—1

running time.

* QUERYs({ € N,e € R): Given timestamp (', return a set S C [n] where

) ) /2 (¢ —1/2 (£+1)
$o{ien: |0, —H o > €}

x(zl) 7 w, x(f) i
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Algorithm 8 BATCHSKETCH Algorithm 6, 7 continued.

1: data structure BATCHSKETCH > Theorem D.8

2. private:

3: procedure QUERYZSKETCH(v € S) > Return the value of @, (,, (Hi{;m)x(,,)

4 return sketchH;{;’x\.QUERY(v) + sketchWW T h.QUERY(v) - 3, — sketchWW T h.QUERY (v) -
B, + sketchW T e,.QUERY (v) > Algorithm 9, 10

5: end procedure

6: procedure QUERYSSKETCH(v € S) > Return the value of @, () (H;}fms)x(v)

7: return sketchH;}im?.QUERY(v) + sketchc,.QUERY (v) - 3., — sketchWW T h.QUERY (v) -
B, + sketchWW T h.QUERY(v) - B, — sketchWW T e,.QUERY (v) > Algorithm 9, 10

8: end procedure

9: public:

10: procedure QUERYz({' € N, e € R)
11: Lo = {root(S)}

12: S «—

13: ford=0— ocodo

14: if L; = () then

15: return S

16: end if

17: Ly < 0

18: forv e Ly do

19: if v is a leaf node then

20: S+ Su{v}

21: else

22: for wu child of v do

23: if || QUERYZSKETCH(u) — history[¢/]. QUERYZSKETCH (u)||2 > 0.9¢ then
24: Lgy1 < Lg1 U {u}
25: end if

26: end for

27: end if

28: end for

29: end for

30: end procedure

31: procedure QUERYs(!' € N,e € R)

32: Same as QUERYz, except for replacing QUERYxXSKETCH in Line 23 with QUERYSSKETCH.
33: end procedure

34: end structure

and
S| =020~ +1) > IH L8 —H LD+ Y [ED — 2|y

w,z®) w,z(t
<<t v<t<t—1

where £ is the current timestamp.

For every query, with probability at least 1 — 0, the return values are correct, and costs at
most

~ - 2 1/2 _ _
O (2(U =0 +1) > IHUsW = HLZa D3+ 3 70 =7 |50)

z(t)
<ttt 0<t<t—1

running time.
Proof. The proof is essentially the same as proof of (Gu & Song, 2022, Theorem 4.21). For the
running time claims, we plug in Lemma D.10 and D.12 when necessary. O

Remark D.9 (Snapshot). As in previous works, we use persistent data structures (e.g., Driscoll et al.
(1989)) to keep a snapshot of the data structure after every update. This allows us to support query to
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historical data. This incurs an O(log nyet) = O(1) multiplicative factor in all running times, which
we ignore in our analysis.

D.3.4 VECTORSKETCH

VECTORSKETCH is a data structure used to maintain sketches of sparsely-changing vectors. It is a
direct application of segment trees. For completeness, we include code (Algorithm 9) from (Gu &
Song, 2022, Algorithm 10).

Algorithm 9 (Gu & Song, 2022, Algorithm 10). Used in Algorithm 6, 7, 8.

1: data structure VECTORSKETCH > Lemma D.10

2: private: members

3 ® ¢ R"X "ot

4 Partition tree (S, x)

5 x € RMet

6:  Segment tree 7 on [n] with values in R"

7: end members

8: procedure INITIALIZE(S, x : partition tree, & € R"*"tot g € Rtot)

9 (S,x) < (S,x). 2@

0 T4

1 Order leaves of S (variable blocks) such that every node x(v) corresponds to a contiguous

interval C [n].

12: Build a segment tree 7 on [n] such that each segment tree interval I C [n] maintains
P e R".

13: end procedure

14: procedure UPDATE(d, € R"™tot)

15: for all ¢ € [noy) such that 6, ; # 0 do

10:
11:

16: Let j € [n] be such that 7 is in j-th block

17: Update 7 at j-th coordinate ®;z; <— ®;z; + P; - 0 ;.
18: XTi < T; + 5r,i

19: end for

20: end procedure

21: procedure QUERY(v € V(S))

22: Find interval I corresponding to x(v)
23: return range sum of 7 on interval 1
24: end procedure

25: end data structure

Lemma D.10 ((Gu & Song, 2022, Lemma 4.23)). Given a partition tree (S,x) of R", and a
JL sketching matrix ® € R"*"™et  the data structure VECTORSKETCH (Algorithm 9) maintains
D, (1) Ty (v) Jor all nodes v in the partition tree implicitly through the following functions:

* INITIALIZE(S, X, ®): Initializes the data structure in O(rnyot ) time.

* UPDATE(d, € R™et): Maintains the data structure for x < x + 6, in O(r||0z|/o logn)
time.

* QUERY (v € V(S)): Outputs )2y (v in O(rlogn) time.

D.3.5 BALANCEDSKETCH

In this section, we present data structure BALANCEDSKETCH. It is a data structure for maintaining a

sketch of a vector of form W' h, where W = Lz 'H 1{ 2and h € R™et isa sparsely-changing vector.

w,x

This is a variation of BLOCKBALANCEDSKETCH in Gu & Song (2022).

We use the following construction of a partition tree.

Definition D.11 (Construction of Partition Tree). We fix an ordering w of [n] using the heavy-light
decomposition (Lemma A.10). Let S be a complete binary tree with leaf set [n)] and ordering . Let X
map a node to the set of leaves in its subtree. Then (S, x) is a valid partition tree.
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Algorithm 10 The BALANCEDSKETCH data structure is used in Algorithm 6, 7, 8.

1: data structure BALANCEDSKETCH > Lemma D.12
2: private: members

3 D e R Mot

4:  Partition tree (S, x) with balanced binary tree B

5: teN

6: h e Rntot, T e Rntot, Hw,i € R"™tot XMtot

7 {L[t] € R™tot XMtot }tzO

8: {J, € R"*Met} o

9: {Z, e Rr*met}

10: {y) € R"}ven

11:  {t, € N}yen

12: end members

13: procedure INITIALIZE(S,  : partition tree, & € R" X"t T € R™ot h € R0t Xk)
14: (S, x) < (5,x), P« @

15: t<0,h<h

16: H’w,i — V2¢(E), Bz + Q + EHw,T

17: Compute lower Cholesky factor Lz|t] of Bz

18: for allv € S do

19: Jy — (I)X(U)Hzlu{;

20: end for

21: for allv € Bdo

22: Zy 4 JoLz[t] T

23: yg — ZU(I — IA(U))h
24: ty <t

25: end for

26: end procedure

27: procedure QUERY(v € S)

28: if v € S\ then

29: return J, - Lz[t]” " h

30: end if

31: ALE — (Lf[t] — Lf[tv}) . IA(U)
32: (52“ — 7(L§[t]71 . AL? . ZJ)T
33: Ly Ly + 5Zv

34: 6y§ — oz, (I— IA(U))h

35: oy Yy 40y

36: ty <t

37: ys — Zy - IA(v) -h

38: return v’ + y,

39: end procedure

40: end data structure

Lemma D.12. Given an elimination tree ‘T with height n, a JL matrix ® € R"*™°t and a partition

tree (S, x) constructed as in Definition D.11 with height 5(1) the data structure BALANCEDSKETCH
(Algorithm 10, 11, 12), maintains ®,(,)(W "' h)y(v) for each v € V(S) through the following
operations

o INITIALIZE((S, X) : partition tree,® € R™et T € R™ot b € R™eXF): Initializes the
data structure in O(r(nt* =t + ntk)) time.

» UPDATE(8z € R™et §;, € R™etX¥): Updates all sketches in S implicitly to reflect (W, h)
updating to (W™ h2eV) in O(r72k) time.

* QUERY (v € 8): Outputs ®,(,y W Th) (o) in O(r72k) time.

Proof. The proof is almost same as the proof of (Gu & Song, 2022, Lemma 4.24). (In fact, our W is
simpler than the one used in Gu & Song (2022).)
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Algorithm 11 BALANCEDSKETCH Algorithm 10 continued. This is used in Algorithm 6, 7, 8.

1: data structure BALANCEDSKETCH
2: procedure UPDATE(Jz € Rt §p, € R7tot Xk

3: for i € [n] where 0z ; # 0 do

4: UPDATEZ(0z,;)

5: end for

6: for all 65, ; # 0 do

7 v A°(i)

8: for all u € PB(v) do

9: Yo < Yo + Zu Iy - On

10: end for

11: end for

12: h <+ h+ 6

13: end procedure

14: procedure UPDATEZ(Jz,; € R™)

15: t+—t+1

16: T; < T; + 6571'

17: A, - i) < V20i(Ti) — Hyz (i)

18: Compute Ay_ such that Lz[t] < Lz[t — 1] + A is the lower Cholesky factor of A(H,, z +
AHwi)flAT

19: 8« PB(A°(low” (1))

20: UPDATEL(S, A1)

21: UPDATEH (i, Ag, . (i.i))

22: end procedure

23: end data structure

For INITIALIZE running time, we note that computing Z,, for all v € B takes 5(7%7'“”1) time by
(Gu & Song, 2022, Lemma 8.3). Because Z,, is supported on the path from v to the root in 7, we

know that nnz(Z) = O(rnr). Therefore computing 37 for all v € B takes O(rn7k) time.

Remaining claims follow from combining proof of (Gu & Song, 2022, Lemma 4.24) and (Gu & Song,
2022, Lemma 8.3). O

D.4 ANALYSIS OF CENTRALPATHMAINTENANCE

Lemma D.13 (Correctness of CENTRALPATHMAINTENANCE). Algorithm I implicitly maintains
the primal-dual solution pair (x, s) via representation Eq. (8)(9). It also explicitly maintains (T,3) €
R™or x Rt such that ||T; — x;|z, < €and ||5; — si||3, < téw; for all i € [n] with probability at
least 0.9. /

Proof. We correctly maintain the implicit representation because of correctness of exact. UPDATE
(Theorem D.3).

We show that ||7; — z;||z, < €and [[5; — s;(|3, < tew; for alli € [n] (c.f. Algorithm 20, Line 16).

approx maintains an /., approximation of H 1/2

w,T

x. For ¢ < ¢, we have

1H Y260 — H 26Oy = |6,

| ©

w,ig OéSCz

where the first step from definition of || - ||, z, the second step follows from Lemma F.11, the third
step follows from definition of (.

1/2_

By Theorem D.6, with probability at least 1 — d,px, approx correctly maintains T such that | H,/~% —

w7
1/2 _
Hw,ExHOO S 6apx,m § €. Then

= Sw; PIH T - H2allo < wj e <

|7 — @
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Algorithm 12 BALANCEDSKETCH Algorithm 10, 11 continued. This is used in Algorithm 6, 7, 8.

1: data structure BALANCEDSKETCH > Lemma D.12
2: private:
3: procedure UPDATEL(S C B, A, € RMtotXMtot)
4: for allv € S do
5: 6z, + —(Lz[t — 1] (Lt — 1] — Lalto]) - Inqy - 24 )T
6: Oy —(Lz[t]7 Y A - (Zy+62,) )T
7: Zy < Zy+ 0z, + 6’ZU
8: 63}3 — (521, + (;IZU)(I — IA(U))h
9: Yo < Yy T Oyy
10: ty <t
11: end for
12: end procedure
13: private:
14: procedure UPDATEH (i € [n], Ap, _ (i) € R"*™)
15:  Find w such that x(u) = {i}
60 Ao (Hugn T Bmz60)? = H2 o)
17: (SJu — (I)i . AHi,/;y(’Lﬂ)
18:  forallv € PS(u) do
19: Jy — Jy + 5Ju
20: if v € B then
21: 8z, « 67, - L[ty "
22: Zy 4 Zy+ 6z,
23: 51/3 0z, - (I—- IA(’U)) -h
24: Yo < Yy +0yy
25: end if
26: end for

27: Hw,f < H’w,i —+ AHw’E,(i,i)
28: end procedure
29: end data structure

Note that the last step is loose by a factor of w} /2 When w;s are large, we could improve running
time by using a tighter choice of €,y 4, as did in Gu & Song (2022). Here we use a loose bound for
simplicity of presentation. Same remark applies to s.

The proof for s is similar. We have

—1/2 17
|Ho 20l = 18l < ot <G
and
15: = sills, < w1 Hy %5 = Hy Yl < w0} eapes <7 wi. O

Lemma D.14. We bound the running time of CENTRALPATHMAINTENANCE as following.

* CENTRALPATHMAINTENANCE.INITIALIZE fakes O(nt* =1 + nrm + nm®=1) time.

* If CENTRALPATHMAINTENANCE.MULTIPLYANDMOVE is called N times, then it has
total running time

O((Nn™? +10g(tmax /tmin)) - n(T2m 4+ 7m?) 2 (791 4 7m 4+ m@~1)1/2).
« CENTRALPATHMAINTENANCE.OUTPUT fakes O(nm) time.

Proof. INITIALIZE part: By Theorem D.3 and D.6.
OUTPUT part: By Theorem D.3.
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MULTIPLYANDMOVE part: Between two restarts, the total size of | L, | returned by approx.QUERY
is bounded by O(¢*¢2/€2 . ,) by Theorem D.6. By plugging in (, = 2a, €upx.c = € we have

apx,T

> elq ILY| = O(g?). Similarly, for s we have > telq 1LY = O(g?).
[a] [a]

Update time: By Theorem D.3 and D.6, in a sequence of g updates, total cost for update is

O(q2(7*m + 7m?2)). So the amortized update cost per iteration is O(q(72m + 7m?)). The total
update cost is

number of iterations - time per iteration = O(N¢q(72m + rm?)).
Init/restart time: We restart the data structure whenever k > ¢ or [t — t| > %€, so there are

O(N/q 4 10g(tmax/tmin)€; ) testarts in total. By Theorem D.3 and D.6, time cost per restart is
O(n(t¥~1 4+ 7m 4+ m*~1)). So the total initialization time is

number of restarts - time per restart = O((N/q + 10g(tmax/tmin )1 1) - (797 + 7m 4+ m®~1)).

Combine everything: Overall running time is
5(Nq(7'2m +7m?) + (N/q + 10g(tmaX/tmin)€t_l) (T rm 4+ meTh).

Taking ¢; = 5¥€, the optimal choice for ¢ is

1
2

q= n1/2(7_2m + Tm2)71/2(7w71 +71m 4+ mw71)1/2’
achieving overall running time

6((Nn_1/2 +10g(tmax/tmin)) - n(T*m + 7'7112)1/2(7""_1 +7m + m“_l)l/Q). O
Proof of Theorem D.2. Combining Lemma D.13 and D.14. O

D.5 PROOF OF MAIN STATEMENT

Proof of Theorem D.1. Use CENTRALPATHMAINTENANCE (Algorithm 1) as the maintenance data
structure in Algorithm 20. Combining Theorem D.2 and Theorem F.1 finishes the proof. O

E ALGORITHM FOR LOW-RANK QP

In this section we present a nearly-linear time algorithm for solving low-rank QP with small number
of linear constraints. We briefly describe the outline of this section.

* In Section E.1, we present the main statement of Section E.

* In Section E.2, we present the main data structure CENTRALPATHMAINTENANCE.

* In Section E.3, we present several data structures used in CENTRALPATHM AINTENANCE,
including EXACTDS (Section E.3.1), APPROXDS (Section E.3.2), BATCHSKETCH (Sec-
tion E.3.3).

* In Section E.4, we prove correctness and running time of CENTRALPATHMAINTENANCE
data structure.

* In Section E.5, we prove the main result (Theorem E.1).

E.1 MAIN STATEMENT

We consider programs of the form (16), i.e.,

.1
min -z Qr+c'x
z€R? 2
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st. Ax =b
x; € K; Vi € [77,]

where () € S™et, ¢ € Rtot, A € R™*™et h € R™, KC; C R™ is a convex set. For simplicity, we
assume that n; = O(1) for all ¢ € [n].

Theorem E.1. Consider the convex program (16). Let ¢; : K; — R be a v;-self-concordant barrier
for all i € [n]. Suppose the program satisfies the following properties:

o Inner radius r: There exists z € Rt such that Az = b and B(z,r) € K.

* Outer radius R: K C B(0, R) where 0 € R™tot,

e Lipschitz constant L: ||Ql|a—2 < L, ||c|l2 < L.

s Low rank: We are given a factorization Q = UV " where U,V & Rt <k,

Let (w;)icn) € R, and k = Zie[n] w;v;. Givenany 0 < € < 3, we can find an approximate
solution x € IC satisfiying

1 T T . 1 T T
! < = L 1
27 Qutews Axrzl};l,fclelc <2m Qe w)+elRE+1),
[Az —blly < 3e(R[|Allx + [[b]l1),
in expected time
O((Vrn ™2 4 log(R/(re))) - n(k +m)=+1)/2).

When max;cn) v; = 6(1) w; = 1, the running time simplifies to

O(n(k +m)“+tD/2)1og(R/(re))).

E.2 ALGORITHM STRUCTURE AND CENTRAL PATH MAINTENANCE

Similar to the low-treewidth case, our algorithm is based on the robust IPM. Details of the robust
IPM will be given in Section F. During the algorithm, we maintain a primal-dual solution pair
(z,s) € R™et x R™et on the robust central path. In addition, we maintain a sparsely-changing
approximation (Z,5) € R™et x R™et to (z, s). In each iteration, we implicitly perform update
v x+iB Y2(I-P,.7)B 2
w

,x,t w,T,t w,x,t H

s s+16, —HyzB Y2(I-P,.7)B %

w,T,t w,T,t w,T,t P
where
Hyz = V?¢,(T) (see Eq. (24))
B,zi=Q+tHyz (see Eq. (25))
P,gi=B,2AT(AB, ;AT AB /2 (see Eq. (26))

and explicitly maintain (Z,s) such that they remain close to (x, s) in £ -distance.

This task is handled by the CENTRALPATHM AINTENANCE data structure, which is our main data
structure. The robust IPM algorithm (Algorithm 19, 20) directly calls it in every iteration.

The CENTRALPATHMAINTENANCE data structure (Algorithm 13) has two main sub data structures,
EXACTDS (Algorithm 14, 15) and APPROXDS (Algorithm 16). EXACTDS is used to maintain (z, s),
and APPROXDS is used to maintain (Z, 3).

Theorem E.2. Data structure CENTRALPATHMAINTENANCE (Algorithm 13) implicitly maintains
the central path primal-dual solution pair (x,s) € R™et x R™et and explicitly maintains its
approximation (T,3) € R™et x R™et ysing the following functions:

o INITIALIZE(z € R™et, s € R™et ¢ty € Rsg,e € (0,1)): Initializes the data structure
with initial primal-dual solution pair (x, s) € R™et x R™et initial central path timestamp

to € Rug in O(n(k“~! +m*~1)) time.
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Algorithm 13 Main algorithm for low-rank QP.

9:
10:
11:
12:
13:
14:

15:
16:
17:
18:
19:
20:
21:
22:
23:

24:
25:

26:

27:
28:
29:
30:
31:

1:
2:
3
4
5:
6
7:
8:

data structure CENTRALPATHMAINTENANCE > Theorem E.2
private : members
EXACTDS exact > Algorithm 14, 15
APPROXDS approx > Algorithm 16

teN

: end members

procedure INITIALIZE(z, s € R™et ¢ € Ry, € € (0,1))
exact.INITIALIZE(z, s, x, S, t)
£+ 0
W 4= Vmax» N < /klognlog "t nlt
q & nV2(k2 £ m2)"1/2(gw1 +mw—1)1/2
€apx,e ¢ € Co 4 200, Gapx — o

€apx,s < € t, (s < 3at

> Algorithm 14

approx.INITIALIZE(z, s, h, h h HY 2% H_1/2A, m,ﬁs,ﬁm,ﬂs,Bm,ﬁs,q,&exact

wz’ w,T

€apx,z 5 €apx,ss 6apx)

> Algorithm 16.Parameters from x to ES come from exact. &exact is pointer to exact

end procedure
procedure MULTIPLYANDMOVE(t € R )
L+—10+1
if |t —t| >1t-¢ orl > gthen
x,$ < exact.OUTPUT()
INITIALIZE(z, , t, €)
end if
Bz Bss /Baca /Bav /va Bs < exact. MOVE()

3z, 05 < approx. MOVEANDQUERY (8., s, Bz, Bs, B, Bs)
On, 5?”(5%, 6 1/2”’6H 1/2. <= exact. UPDATE (7, d3)

approx.UPDATE(ém7 Sny 0550550 4p1/25, 0y —1/2)
end procedure Y
procedure OUTPUT()

return exact. OUTPUT()
end procedure
end data structure

> Algorithm 15

> Algorithm 14

> Algorithm 16
> Algorithm 15

> Algorithm 16

> Algorithm 15

* MULTIPLYANDMOVE(t € Rxg): It implicitly maintains

v w18, 21 - P, 57)B, 25,(%,5,7)

w,T,t Tt
DB Y25, (Z,5,T)

w,T,t

s s+10, — 1 HyzB, /21— P

w,T,t

where H,, z, Bw’f’g, ij’; are defined in Eq. (24)(25)(26) respectively,

timestamp satisfying [t — t| < e; - 1.

and t is some

It also explicitly maintains (T,3) € R™t*"et sych that |Z; — x|z, < €and [|3; — si]3, <

tew; for all i € [n] with probability at least 0.9.

Assuming the function is called at most N times and t decreases from tax 10 tmin, the total

running time is

O((Nn~2 4108 (tmax/tmin)) - n(k@TD/2 4 p(et1)/2)),

* OUTPUT: Computes (x,s) € R™et x Rt exactly and outputs them in O(n
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E.3 DATA STRUCTURES USED IN CENTRALPATHMAINTENANCE
In this section we present several data structures used in CENTRALPATHMAINTENANCE, including:

* EXACTDS (Section E.3.1): This data structure maintains an implicit representation of the
primal-dual solution pair (z, s). This is directly used by CENTRALPATHMAINTENANCE.

» APPROXDS (Section E.3.2): This data structure explicitly maintains an approximation (Z, 5)
of (x, s). This data structure is directly used by CENTRALPATHMAINTENANCE.

* BATCHSKETCH (Section E.3.3): This data structure maintains a sketch of (x, s). This data
structure is used by APPROXDS.

E.3.1 EXxactDS

In this section we present the data structure EXACTDS. It maintains an implicit representation of the
primal-dual solution pair (z, s) by maintaining several sparsely-changing vectors (see Eq. (12)(13)).

Theorem E.3. Data structure EXACTDS (Algorithm 14, 15) implicitly maintains the primal-dual
pair (x,8) € R™et x R™et computable via the expression

z=7+Hy,L2hB, + Hy 1B, + Hy L hB,, (12)
s =5+ Hy2np, + H)/2hB, + H,/2hp., (13)

where 7,5 € R™er, h = H,/*5, € R, h = H /2UT e Rk = H, /P AT € Rrexm,
B, Bs €R, By, By €RE, By, B € R™

The data structure supports the following functions:

* INITIALIZE(Z, 5, T, 5 € R™et t € Ryq): Initializes the data structure in O(n(k* + m*))
time, with initial value of the primal-dual pair (x, s), its initial approximation (T,s), and
initial approximate timestamp t.

* MOVE(): Performs robust central path step
x4 x+iB'S, —tBPAT(ABZTAT) T ABC S, (14)
s s+10, — B0, + ' B="AT(ABZ'AT) ' ABZ 15, (15)
in O(k¥ + m¥) time by updating its implicit representation.

* UPDATE(dz, 05 € R™et): Updates the approximation pair (T,3) to (" = T + 0z €
R™ot 3% = 5 + 65 € R™et) in O((k* + m?)(||0z]lo + ||0s]|0)) time, and output the
changes in variables h, h, h, gY2%z g%

w, T TTw,T

Furthermore, h, H-2%, H />3 changes in O(||8zlo + ||85]l0) coordinates, h changes in

w, T W, T

O(k(||6z]lo + ||85]l0)) coordinates, h changes in O(m(||6z|lo + ||05]l0)) coordinates.
« OUTPUT(): Output x and s in O(n(k + m)) time.
* QUERYZ(i € [n]): Output z; in O(k + m) time. This function is used by APPROXDS.

* QUERYs(i € [n]): Qutput s; in O(k + m) time. This function is used by APPROXDS.

Proof of Theorem E.3. By combining Lemma E.4 and E.5. O
Lemma E.4. EXACTDS correctly maintains an implicit representation of (x, s), i.e., invariant

v =%+ H, hB, + Hy 0B, + Hy P hB,,

s =35+ Hy/2hBs + Hy2hBs + HY/2hB,,

h=H,%5, e R h=H,’UT e R = H, /PAT € Rrorxm,
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Algorithm 14 This is used in Algorithm 13.

34:

35
36

data structure EXACTDS > Theorem E.3
members

Z,5 € R™et, t € Ry, Hyz € RMotXMtot

7,5, € Rt h € Rk J ¢ Rmoxm 3. 8 R, By, B, € RY, By, By € R™

ug, ug € REX™ g3 € RM*™ 4y € R™ us € RY, ug € REXF

aeR, ), R

K eN

end members ~
procedure INITIALIZE(z, 5,Z,5 € R™t, 1 € Ry)
T 2T, TS, t+t
T 2,8 8B, 0,8, 0,8, 0,8, 0,8, 0,8, +0
Hyz + V3¢, (T)
INITIALIZEK(Z, S, H\y 7)
: end procedure
: procedure INITIALIZER(T, S € R™ot, H,, z € R™totX"tor)
for i € [n] do
— ozsinh(iv'yi (z,5,t)) R
(0p)i  ———HA—=— - 1i(7,5,1)
7i(Z,5,t) >
a+—atw! coshz(w%’yi(f, 5,1))
end for_l/r . /T “12 T
h< H,z0u,h« H,2"U" ,h« H, 2 A
uy ~ UH LA  Jug < VH LAT ug « AHLAT
g AH L6, us < VH 26, u6 < VH, LU
: end procedure
: procedure MOVE()
Vo I—|—f71u6 S RFxE
V] — f_1U3 — f_2u1TUO_1uQ S
Vg — fflu4 — ¥72UIU071U5 € R™
B < B+ (@) 712
éﬂ: — éﬂ: - (a)_l/Q '%7111}()71“5 + (a)_l/z 'Eilvoiluﬂjlilv2
Be  Br — (@) Y2 v oy
Bs < Bs
Bs = B+ (@71 g tus — (@) 712 - v tuger oy
Bs < Bs + (@)~1/? -tvflvg

return ﬁz, ﬁsv Bma 557 ﬁza ﬂs

: end procedure
: end data structure

Rm)(m

ug =UH LAT e R>*™ 4o = VH LAT e R>*™ g = AH LAT € R™*™,

w,T w,T w,T
uy = AH, 5, € R™ us = VH, 5, € R ug = VH, LU € R,
A _
_ —1 2, A
a= Z w,; ~ cosh (wi'yz(x,s,t)),
i€[n]
5, =a'%6,(z,5,%)

always holds after every external call, and return values of the queries are correct.

Proof. INITIALIZE: By checking the definitions we see that all invariants are satisfied after INITIAL-
IZE.

M

OVE: By the invariants, we have

vw=I+1 VH LU,
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Algorithm 15 Algorithm 14 continued.

data structure ExACTDS > Theorem E.3
procedure OUTPUT()

return Z + H,, 2B, + H, Y*hB, + H, Y*hB,, 5+ HY2hg, + HY2hB, + HY/2h B,
end procedure ’ ’ ’ ’ '
procedure QUERYz(: € [n])

~ ~1/2 ~1/25 % —1/257 %

return x; + ij hi,*ﬂm + Hw = h?,*ﬂx + Hw T hz*ﬂx
end procedure ' ’ ’
procedure QUERYSs(i € [n])

return :9\1 + Hi;/;hi,*ﬁs + Hi,/;/};i,*gs + Hi,(gﬁi,*gs
end procedure 7 '
: procedure UPDATE(dz, 05 € R™tot)

Ay, . < V20, (T+6z) — Hyz > Ap, . is non-zero only for diagonal blocks (4, ) for
which 0z ; # 0
13: S« {i€n]|dz;#0ords; #0}
14: 63# +~0
15: fori € Sdo

A O o T

P
M=oY

16: Letv; = 7(T,5,t), 7'V = %i(T + 07,5 + 05, ), p*V = pi(T + 67,5 + 05, 1)
17: @ < @ —w; ' cosh?(2-v;) + w; ! cosh?(2Anev)

18: (%N — —« Sinh(w%’y{‘ew) . ,Y?lcw Y — g#,i

19: end for

200 Op e Ayora (8, + 05 ) + H, Y205
210 6+ AHT’;UT

2 5 A, AT

23 65 —(0nfBa + 63@. + 63,8:)

24: 05 +— —(5}155/:5- %Aﬂs + 5ﬁ~ﬁs) -

25: h<h+0d0phh+6,h h+05,7 2T+ 0z 85 5+ 05
260 up < ur+UAL1 AT

27: Uy — U + VAHULY;AT

28: Uz — U + AAHZQAT

290wy & ug + A(AH;;%(SM +85 )+ Hy 205 )

300w us + V(AH_}?(S# +05,) + Hy 255,)

31 ug < ug + VAH;ZIUT

33: Hw7§ — Hw7§ + AHw,E
34: return 0y, 0, 07,0, 1/22, 0, —1/22

35: end procedure
36: end data structure

v =1 "AH VAT i AH L UT (I VH LU ) W H, 5 AT
= ABZ'AT

vy =1 AH, LS, — T "AH LU (I + 7 'VHLLUT) "WV H, 50,
= AB-'S,,.

By implicit representation (12),

0o = Hy L *hés, + H, Y/ *hos + H, Y *hos

w,T

= H;,ligu ) (5)71/2
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+ H;}EUT . (6)71/25_11;0*1(—% + ugvy tug)
— H, AT - (@) v
= Hq;,lifsﬂ
+H L UTT (LT WVH LU (~VH, L6, + VH, L AT (ABZYAT) TABS10,)
— H L AT(AB;'AT) "1 ABZ 'S,

w,T

=7 (FH L T PH LU+ T VHLUT) TV H L),
1@ H L T T H LU (I + T VHLUT) WV H D) AT(ABSTAT) P ABS Y,
=1B-'5, —tB_'AT(ABZ'AT)"'ABZ 15,
Comparing with the robust central path step (14), we see that x is updated correctly.
For s, from implicit representation 13 we have
1/2 1/23 1/27
0y = H,/2hés, + Hy/2ho5 + H,/2ho
=-U'". (6)71/2 . v()_l(—U5 +u2v1_11)2) +AT. (5)71/2 'fvl_lvz
— 16, —TB;'0, + T B; AT (ABZ'AT) ' ABZ16,,.
Comparing with robust central path step (15), we see that s is updated correctly.

UPDATE: We would like to prove that UPDATE correctly updates the values of z,5, h,iAL,E,
u1, U, Us, Us, Us, Ug, @, 0, while preserving the values of (z,s). In fact, by checking the defi-

nitions, it is easy to see that h, h, h, u1, uz, us, ug, us, us, @, J,, are updated correctly. Furthermore
63 = 5? + §h/Bs + 5}:5@ + 5%5‘; =0.
So values of (z, s) are preserved. O

Lemma E.5. We bound the running time of EXACTDS as following.
(i) EXACTDS.INITIALIZE (Algorithm 14) runs in O(n(k*~" + m*=1)) time.
(ii) EXACTDS.MOVE (Algorithm 14) runs in 6(k‘*’ + m¥) time.
(iii) EXACTDS.OUTPUT (Algorithm 15) runs in O(n(k + m)) time and correctly outputs (z, s).

(iv) EXACTDS.QUERYx and EXACTDS.QUERYs (Algorithm 15) runs in 6(14; + m) time and
returns the correct answer.

(v) EXACTDS.UPDATE (Algorithm 15) runs in O((k2 + m2)(||6zllo + |0s]l0)) time. Fur-
thermore, ||0x 0, 10z l0, 1050 = O(llozllo + [165]l0). nz(h) = O(d(l|6z[lo + l|95]lo)).
nnz(h) = O(m([|dzllo + [|d5l0))-

Proof. (i) EXACTDS.INITIALIZE: Computing u; and us takes Tmat(k, 7, m) = O(n(k~! +
m*~1)) time. Computing u3 takes Tmat(m,n,m) = O(nm“~!) time. Computing u4
takes O(nm) time. Computing u; takes O(nk) time. Computing ug takes Tmat(k, 1, k) =

O(nk“~1) time. All other computations are cheaper.

(ii) EXACTDS.MOVE: Computing v, * takes O(k*) time. Computing vyt takes O(m*) time.
All other computations are cheaper.

(iii) EXACTDS.OUTPUT: Takes O(n(k 4+ m)) time.

(iv) EXACTDS.QUERYz and EXACTDS.QUERYs: Takes 5(k + m) time.
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(v) EXACTDS.UPDATE: For simplicity, write ¢ = ||6z||o + ||0z/|o. Computing &), takes O(t)
time. Computing o7 takes 5(tk) time. Computing &; takes 5(tm) time. Computing 6z and
05 takes O( (k 4+ m)) time. The sparsity statements follow directly. Computlng w1 and ug
takes O(tkm) time. Computing ug takes O(tm?) time. Computing w4 takes O(tm) time.
Computing u; takes O(tk) time. Computing ug takes O(tk?2) time. O

E.3.2 APPROXDS

In this section we present the data structure APPROXDS. Given BATCHSKETCH, a data structure
maintaining a sketch of the primal-dual pair (z,s) € R™et x R™e°t APPROXDS maintains a
sparsely-changing ¢..-approximation of (z, s).

Algorithm 16 This is used in Algorithm 13.

1:
2:

A

data structure APPROXDS > Theorem E.6
private : members

€apx,z; €apx,s S R

teN

BATCHSKETCH bs > This maintains a sketch of H /2x and H 17/28 See Algorithm 17 and 18.

EXACTDS* exact » This is a pointer to the EXACTDS (Algorlthm 14 15) we maintain in parallel to
APPROXDS.

Z,5 € R™"°t 1 (Z,3) is a sparsely-changing approximation of (x, s). They have the same value as
(Z,3), but for these local variables we use (Z, 5) to avoid confusion.
end members
procedure INITIALIZE(z,s € R™°t,h € R™ot h € RUotxk j g Ruoxm [l2g [ 1% ¢
R™°' B, Bs € R, B, Bs € R%, By, Bs € R™, q € N, EXACTDS* exact, €apx,z s €apx,s; Oapx € R)

<+ 0,94 q

€apx,r ¥ €apx,z; E"pr s € €apx,s

bs. INITIALIZE(z, h, hoh, HY2%, Hy, /%3, Bo, Bss Bo, Bs, Ba, B, Sapx /) > Algorithm 17

Tz, 54 s

exact < exact

: end procedure
: procedure UPDATE(6z € R™°*, §;, € R™et, 5, € R™o*F g g Rt X™ § 1/2A,6 —1/2 € R"tor)

bs.UPDATE(0z, 6n, 07, 67,, 0 y1/2 -, 6, —1/2) 1>Algor1thm 17
(e t+1 - -

: end procedure
: procedure MOVEANDQUERY(BI,QS eR ﬁm,ﬁs e RY 51,65 e R™)

bs.MOVE(Bs, Bs, ,Bx, ﬂs, Bgc, Bs) > Algorithm 17. Do not update £ yet
0z < QUERYZ(€apx,z/(21logq + 1)) > Algorithm 16
05 < QUERYS(€apx,s/(2logq + 1)) > Algorithm 16

T4 T+03 5+ s+ 05
return (0z, 03)

: end procedure
: procedure QUERYz(e € R)

Same as Algorithm 5, QUERYx.

: end procedure
: procedure QUERYs(e € R)

Same as Algorithm 5, QUERYSs.

: end procedure
33:

end data structure

Theorem E.6. Given parameters €apx z, €apx,s € (0,1),0apx € (0,1), (s, (s € R such that

20w — Y26 s < G, [ HYE O — B | < ¢

7(1/) w z( w, m(‘{)s

forall ¢ € {0,...,q — 1}, data structure APPROXDS (Algorithm 16) supports the following

operations:
s INITIALIZE(z, s € R™ot b € Rt ]y € Rt Xk p €
1/2~ —1/2~ = 5 > 3
R e HY25 HOU?8 € R™, 8,8, € R, B € R, BB, € R™q ¢
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N, EXACTDS* exact, €apx,z; €apx,s; 0apx € R): Initialize the data structure in
O(n(k 4+ m)) time.

» MOVEANDQUERY(f,, 8, € R, Ba.Bs € R, B, B, € R™): Update values of
Bz Bs, ﬂ@, Bg, BT, 59 by calling BATCHSKETCH.MOVE. This effectively moves (z(*), s(©)
to (x| 5D while keeping T) unchanged.

O 1O ¢

Then return two sets Ly C [n] where

LD fien): |HY2,al — HY2 2l > el

. 2 2 Z
L2 fien): |H YD s = H VS sV s > eaps},
satisfying
Z |L(zé)| = ( apx x<2q2)
0<4<g—1
> ILO = Ol 207
0<4<q—1

For every query, with probability at least 1 — 8apx/q, the return values are correct.

Furthermore, total time cost over all queries is at most

5(( apx JL‘C +6apx SCS)q2(k+m>) N

. UPDATE((S; € RMtot , 6h € RMtot , 63 c R7Ltot><d7 6}—; € R"tot ><7”’ (SHI/EE’ 6H,71,/2§ c Rntot):
Update sketches of H"'?, 2+Y) and H */? s+1 by calling BATCHSKETCH. UPDATE.
Wz O wFO

This effectively moves T to T+ while keeping (x(”l), s(f“)) unchanged. Then ad-
vance timestamp (.

Each update costs
O(||6nlo + nnz(6;) + nnz(d;) + ||H1/3x||o + ||H_1/2A|| )
time.

Proof. The proof is essentially the same as proof of (Gu & Song, 2022, Theorem 4.18). For the
running time claims, we plug in Theorem E.7 when necessary. O

E.3.3 BATCHSKETCH

In this section we present the data structure BATCHSKETCH. It maintains a sketch of H%/ *z and
H='/?s. Itis a variation of BATCHSKETCH in Gu & Song (2022).
Theorem E.7. Data structure BATCHSKETCH (Algorithm 17, 18) supports the following operations:

* INITIALIZE(T € R™ot h € R™er h € Rmexk g Riwoxm H;/iA,H ’15/25 €

R™et 3. Bs € R, ﬁw,ﬁs € Rk,ﬂm,ﬂs € R™,dapx € R): Initialize the data structure
in O(n(k +m)) time.

* MOVE(fs, s € R, 5. Bs € R, B, B, € R™): Update values of By, Bs, Bz Bs, Bo, B in
O(k 4 m) time. This effectively moves (), s to (x*+1), s(+1)) while keeping T
unchanged.

. UPDATE((S* € Rt §;, € RMtot, 5A S Rn“’th (5~ € RMtotxm 4 1/2A75H71/2A S Rn“’t)'

Update sketches of H | /2 2D and H 1/2 s This effectively moves T to z¢+1)

while keeping (z(“+1), (“'1)) unchanged. Then advance timestamp (.
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Algorithm 17 This is used by Algorithm 16.

data structure BATCHSKETCH > Theorem E.7
members
P e R Mot > All sketches need to share the same sketching matrix
S, x partition tree
feN > Current timestamp

VECTORSKETCH sketchH /355 sketchH 1/2A , sketchh, sketchh, sketchh > Algorithm 9

B, Bs €R, B, B, € R 7B$7Bs eR™
(history[t])¢>0 > Snapshot of data at timestamp ¢. See Remark D.9.

end members R _ s s
procedure INITIALIZE(Z € R™ot, b € R0t h € RMot Xk | R7torXm Hw/ 7, wa/ Se
R™, B, 85 € R, Bs, Bs € RY, Bz, B € R™, 8apx € R)

Construct any valid partition tree (S, x)

,_
A e A U o

—_ =
[N

- @(log (Not) log(1/0apx))

13: Initialize ® € R"*"tet with iid N(0, )

14 Bo 4 B, Bs < Bss Bo < Bay Bs < Bs, B ¢ By Bs 4 Bs

15: sketchHl/fx INITIALIZE(S, x, @ H1/2A) > Algorithm 9
16: sketchH 1/23 INITIALIZE(S, x, ®, H,, ;/2A) > Algorithm 9
17: sketchh. INITIALIZE(S, X, P, h) > Algorithm 9
18: sketchh.INITIALIZE(S, x, ®,h) > Algorithm 9. Here we construct one sketch for A, ; for

every i € [k].

19: sketchh. INITIALIZE(S, x, ®, h) > Algorithm 9. Here we construct one sketch for b, ; for
every i € [m].

20: £+ 0

21: Make snapshot history|[/] > Remark D.9

22: end procedure R

23: procedure MOVE(B,, Bs € R, B, Bs € RE, B,., B, € R™)

24: B < By Bs = Bs; Bo < Bay Bs < Bs, Ba = P, Bs < PBs > Do not update £ yet

25: end procedure

26: procedure UPDATE(Jz € R™t, §;, € R™et 67 € R ot Xk Op € Rt 5 1y 0,172, €

Rntot)

27:  sketchH,,/22.UPDATE( 1/>.) > Algorithm 9
28: sketchH 11/23 UPDATE(d ;—1/2,) > Algorithm 9
29: sketchh. UPDATE(J),) > Algorithm 9
30: sketchh.UPDATE(d7;) > Algorithm 9
31: sketchh.UPDATE(d7,) > Algorithm 9
32: l—0+1

33: Make snapshot history|[/] > Remark D.9

34: end procedure
35: end data structure

Each update costs

O(||nllo + nnz(d;) + nnz(d;) + HHl/QSUHo + ||H—1/2AH ).

w

* QUERYz(! € N,e € R): Given timestamp ', return a set S C [n] where

. 1/2 0 1/2 (e+1
S2{ieml:I1H 2l = H 2 a2 = e,
and
S| =0 (=0 +1) Y 1H 202D —HZ 205+ 3 70 -2t |50)
o<t<e 0 <t<e—1
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Algorithm 18 BATCHSKETCH Algorithm 17 continued. This is used by Algorithm 16.

1: data structure BATCHSKETCH > Theorem E.7

2. private:

3: procedure QUERYZSKETCH(v € S) > Return the value of @, (,, (Hi{;m)x(,,)

4 return sketchH, /7:13 QUERY(v) + sketchh.QUERY(v) - B, + sketchiAz.QUERY(v) By +
sketchh.QUERY (v) - »3:1: > Algorithm 9

5: end procedure

6: procedure QUERYSSKETCH(v € S) > Return the value of @, () (H;}fms)x(v)

7: return sketchH_ 136/25 QUERY(v) + sketchh.QUERY (v) - 85 + sketch?z.QUERY(v) By +
sketchh.QUERY (v) - B, > Algorithm 9

8: end procedure

9: public:

10: procedure QUERYz({' € N, e € R)

11: Same as Algorithm 7, QUERYz, using QUERYZSKETCH defined here instead of the one in
Algorithm 7.

12: end procedure

13: procedure QUERYs(!' € N, e € R)

14: Same as Algorithm 7, QUERYSs, using QUERYSSKETCH defined here instead of the one in
Algorithm 7.

15: end procedure

16: end structure

where £ is the current timestamp.

For every query, with probability at least 1 — 0§, the return values are correct, and costs at
most

O((k+m)- (e2(0—¢+1) Y [HY2® — B2 3+ N [lz® -zt 50))

o<t<e 0<t<t—1

running time.

* QUERYs(Y' € N, e € R): Given timestamp U', return a set S C [n] where

. 1/2 0 1/2 (¢+1
S2o{iem: |H, Vs —H VSV > 6
and
S| =0( (=0 +1) Y |H Y3 —H U2 sSTDE+ S @0 =z )50)
o<t<e 0<t<e—1

where { is the current timestamp.

For every query, with probability at least 1 — 6, the return values are correct, and costs at

most
O((k+m) (20— +1) 37 SO = HS D54+ 37 [z =3 0)
o<t<e <t<e-1
running time.
Proof. The proof is essentially the same as proof of (Gu & Song, 2022, Theorem 4.21). O

E.4 ANALYSIS OF CENTRALPATHMAINTENANCE

Lemma E.8 (Correctness of CENTRALPATHMAINTENANCE). Algorithm 13 implicitly maintains
the primal-dual solution pair (x, s) via representation Eq. (12)(13). It also explicitly maintains
(7,5) € RMet x R™et such that |T; — x|z, < €and [[5; — sil|5, < tew; for all i € [n] with
probability at least 0.9.
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Proof. Same as proof of Lemma D.13. O

Lemma E.9. We bound the running time of CENTRALPATHMAINTENANCE as following.

 CENTRALPATHMAINTENANCE.INITIALIZE fakes O(n(k*~ + m*~=1)) time.

* If CENTRALPATHMAINTENANCE.MULTIPLYANDMOVE is called N times, then it has
total running time

O((Nn™Y2 4 log(tmax/tmin)) - n(k +m)@T1/2),
« CENTRALPATHMAINTENANCE.OUTPUT takes O(n(k + m)) time.

Proof. INITIALIZE part: By Theorem E.3 and E.6.
OUTPUT part: By Theorem E.3.

MULTIPLYANDMOVE part: Between two restarts, the total size of |L,| returned by approx.QUERY
is bounded by O~(q24w2/e§px7$) by Theorem E.6. By plugging iE (o = 20, €apxw = € we have
2 relq] |L:(f)\ = O(q?). Similarly, for s we have > relq] \Lff)| = 0(¢?).

Update time: By Theorem E.3 and E.6, in a sequence of ¢ updates, total cost for update is 6((]2 (k2 +
m?)). So the amortized update cost per iteration is O(q(k? + m?)). The total update cost is

number of iterations - time per iteration = O(Nq(k? + m?)).

Init/restart time: We restart the data structure whenever K > ¢ or |t — t| > te, so there are
O(N/q + 10g(tmax/tmin)€; ) restarts in total. By Theorem E.3 and E.6, time cost per restart is
O(n(k¥~1 4+ m®~1)). So the total initialization time is

number of restarts - time per restart = O((N/q + 10g(tmax/tmin )€ 1) - n(E“~" +m®~1)).

Combine everything: Overall running time is
O(Nq(k? +m?) + (N/q +10g(tmax /tmin)€; ) - n(k* ™1 +m=™1)).
Taking €; = %E, the optimal choice for ¢ is
g = n2(k2 + m?) V2 (k1 4 mw—l)l/Q,

achieving overall running time

6((]\/'77,71/2 + log(tmax/tmin)) TL(k’2 + m2)1/2(kw71 + mw71)1/2)
= O((Nn™ 2 4 10g(tmax/tmin)) - n(k +m)@+D/2), O

Proof of Theorem E.2. Combining Lemma E.§ and E.9. O

E.5 PROOF OF MAIN STATEMENT

Proof of Theorem E.I. Use CENTRALPATHMAINTENANCE (Algorithm 13) as the maintenance data
structure in Algorithm 20. Combining Theorem E.2 and Theorem F.1 finishes the proof. O
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F RoOBUST IPM ANALYSIS

In this section we present a robust IPM algorithm for quadratic programming. The algorithm is a
modification of previous robust IPM algorithms for linear programming Lee et al. (2019); Lee &
Vempala (2021).

Convention: Variables are in 7 blocks of dimension n; (i € [n]). Total dimension is ¢t = >, €ln] M-
We write © = (z1,...,x,) € R™e°t where x; € R™. We consider programs of the following form:
1
min -z Qr+c'x (16)
z€R™ 2
st. Ax =b

x; € K; Vi € [n]
where Q € S™et, ¢ € R™t, A € RM*"™tet ) ¢ R™, IC; C R™ is a convex set. Let = Hie[n] K;.

Theorem F.1. Consider the convex program (16). Let ¢; : K; — R be a v;-self-concordant barrier
for all i € [n]. Suppose the program satisfies the following properties:

o Inner radius r: There exists z € R™** such that Az = b and B(z,r) € K.
* Outer radius R: K C B(0, R) where 0 € R™tot,

e Lipschitz constant L: ||Q||a—2 < L,

CHQ S L.

Let (w;)icn) € RY, and k = Zie[n] w;v;. Forany 0 < e < %, Algorithm 19 outputs an approximate
nERY steps, satisfying

ET

solution x in O(y/k lognlog
[ T : Lt T
— < —
5% Qr+c'z< amin_ <2:17 Qr+c'z)+eLR(R+1),
[Az —blly < 3e(R[|Allx + [[]]1),
zek.

Algorithm 19 Our main algorithm

1: procedure ROBUSTQPIPM(Q € 8™t ¢ € Rt 4 € RM*™et h € R™ (¢ : K; —
R)iem),w € R™)
: /* Initial point reduction */
3: p+ LR(R+1), 2 + argmin, Dicn) Widi(zi), 50« ep(c+ Qz(®)

(0) O] — _
oz [V]se [V [0 0 A oo a0

5: W hj} L& = ¢:Vi € [n), dpyq(x) := —logz —log(2 — )

6 (.17, S) — CENTERING(@v Za (ai)ie[n+1]7wa jv §> tstart = 17 tend = %)
7: return (1., S1.n)

8: end procedure

F.1 PRELIMINARIES

Previous works on linear programming (e.g. Lee et al. (2019), Lee & Vempala (2021)) use the
following path:

s/t +Vou(x) = p,
Axr =0,

ATy+s=c
where ¢, (2) 1= 31| wigy ().
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Algorithm 20 Subroutine used by Algorithm 19

1: procedure CENTERING(Q) € S™et, A € R™ Mot (¢; : K = R)igpw € R" 2 €

anta s € anta tstart € R>0, tend S R>O)

2: /* Parameters */ ~

3 A= 641og(256n Y,y wi), €= A a = §

4: €t — i(mlme[n] wz‘jﬁyi ), h = 64%

5: /* Definitions */

6: Pw () 1= Zie[n] w;¢i(w;)

7: wi(x, s,t) == s/t +w;V;(x;), Vi € [n] > Eq. (17)
8 il s,t) « |, )3, Vi € [n] > Eq. (18)

sinh( 2 (2,5,1)) ‘
9: (x,5,1) = v Vi € > Eq. (22
ci(z,s,t) o Sy 0 T (s ) i € [n] q- (22)

10: Hy o = V3¢y(x) > Eq. (24)
1. By i=Q+tHy, > Eq. (25)
120 Pyasi= B, TAT(AB,Y ,AT) 1AB, /2 > Eq. (26)
13: /* Main loop */

14: T4t tsgart, T4 T, 854 8

15: while ¢ > t¢,q4 do ~ ~

16: Maintain 7,3, t such that [|7; — z;[|z, <& [|5; — 53, < tew; and [t —t] < et

17: Opi — —a-¢(T,5,1) - 13(T,5,t), Vi € [n] >Eq. (21)
18: Pick &, and 6, such that AJ, = 0, 6, — QJ, € Range(A") and

Tp—1/2 —1/2 _
16, — B, Y21 = Pz 7) B, Y20,z < 7,
1 - —1/2 —1/25¢ \1* _
[T 65 — (6, — tHw,waj/j(I - RU,E,E)BM,%#SM)HME < €.

19: t + max{(1 —h)t,tena}, & < T + 0z, s < $+ Js
20: end while
21: return (z, s)

22: end procedure

For quadratic programming, we modify the above central path as following:

s/t + Vou(x) = u,
Ax =0,

—Qr+ATy+s=c

We make the following definitions.

Definition F.2. For each i € [n], we define the i-th coordinate error

wi(zx,s,t) == % + w;Voi(z;)

We define pi;’s norm as
’Yi(l.a Sat) = Hﬂz(x, Svt)H;,

We define the soft-max function by

m 7"1
U = sh(A—
A7) ;COb (/\wi)

a7

(18)

19)

Sfor some \ > 0 and the potential function is the soft-max of the norm of the error of each coordinate

O(x,s,t) = Uy(y(x,s,t))
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We choose the step direction 6,, as
Opi = —a-ci(x,s,t) - pi(z,s,t) (21
where

smh( vi(z, s,t))
(z,8,1) \/de w; coshQ(w%fyj(a:,s,t))

ci(z,s,t) = (22)

We define induced norms as following. Note that we include the weight vector w in the subscript to
avoid confusion.

Definition F.3. For each block K;, we define

lv

v = [0ll920; ()
[vllz, = l[vll(v2g:(2:)) -

forv e R™.

For the whole domain K = [];_, K;, we define

n
1olluw.e = [0llv26, @) = O willvill2,) 2,

i=1

)

o115 o == V]l (w26 @)1 = Zw
=1

for v € RMot,

The Hessian matrices of the barrier functions appear a lot in the computation.
Definition F.4. We define matrices H, ; € R™*™ and H,, 5 € R™tet>* Mot gg

H, ;= V?¢;(z;), (23)
Hyp i= Vihy (). (24)

From the definition, we see that

Hw,x,(i,i) = wiHr,i

The following equations are immediate from definition.
Claim F5. Let Hy, ,, € R™wt*"t be defined as Definition F.4. For v € R™°t, we have

olluwe = [1Ho Zoll2,
oll% = = 1y Y 2oll2.

Claim F.6. For each i € [n), let H, ; be defined as Definition F4. For v € R", i € [n], we have

1/2
olle; = I1HLvll2,
1/2
oz, = I|H, m/ V).

We define matrices B and P used in the algorithm.

Definition F.7. Ler A, Q) denote two fixed matrices. Let H,, , € R™*™t be defined as Defini-
tion F.4. We define matrix By, ; € R™wt*"tot gg

Bw,m,t = Q +t- Hw,z (25)
We define projection matrix P, ;+ € R™totX™tot gg
Pyauy + By i AT(AB,L ,AT) Y AB, Y. (26)
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F.2 DERIVING THE CENTRAL PATH STEP

In this section we explain how to derive the central path step.
We follow the central path

5/t +Vou(r)=p
Ax =0»

—Qr+ATy+s=c
Yy

We perform gradient descent on 4 with step d,,. Then Newton step gives

1
258 + V3¢ (2)d, =3, (27)
Ad, =0 (28)

~Q6, +ATS, +5,=0 (29)

where d,, (resp. dy, d,) is the step taken by x (resp. y, s).
For simplicity, we define H € R™totX"ot to represent V2, ().8

From Eq. (27) we get

0s =16, — tHO,. (30)
Plug the above equation into Eq. (29) we get
~Qb, + A6, + 5, —tHS, = 0. (31)

Let B = Q + tH, multiply by AB~! we get
—Ab, + AB'A"6, +tAB™'5, = 0.
Using Eq. (28) we get
AB™'ATS, +tAB™YS, = 0.
Solve for ,, (assuming that AB —1 A is invertible), we get
6y = —t(AB"*AT)"AB™14,.

Plug into Eq. (31) we get

~BS, —tAT(ABT'AT)"'AB715, + t5, = 0.
Solve for §,, we get

6y =tB7'6, —tB*AT(AB™'AT)"*AB™ 1,

=tB~Y%(1 - P)B~/?%,

where P = B~Y/2AT(AB~'AT)~' AB~'/2 is the projection matrix. Solve for J, in Eq. (30) we
get

s =13, — t*HB~Y2(I — P)B~%/?5,,.

In summary, we have
6, =tB~Y*(I - P)B~Y?5,,
6y =—t(AB"'AT)'AB™ s,
0s =t6, —t>)HB~Y*(I — P)B~/%,,
P=B"Y2AT(AB7'AT)'ABY/2

These equations will guide the design of our actual algorithm.

81n this section, and in this section only, we omit the subscript in H, B, P for simplicity.
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F.3 BOUNDING MOVEMENT OF POTENTIAL FUNCTION

The goal of this section is to bound the movement of potential function during the robust IPM
algorithm.

In robust IPM, we do not need to follow the ideal central path exactly over the entire algorithm.
Instead, we only use an approximate version. For convenience of analysis we state two assumptions
(see Algorithm 20, Line 18).

Assumption F.8. We make the following assumptions on 6, € Rt and §; € R"™tot.

16, — B Y21 — Py 27)B- 26, |lws < ea,

w,T,t w,T,t
-——1 - —1/2 —1 2 —
IE718s — (6, — EHw B, 2 (1 — Pw,f,z)ng 26|15 5 <

The following lemma bounds the movement of potential function ¥ assuming bound on 6.,.
Lemma F.9 ((Ye, 2020, Lemma A.5)). For any r € R™°t, and w € Rg‘f“. Let o and ) denote the
parameters that are satisfying 0 < o < %

Let €, € R™°t denote a vector satisfying
Zw efz 12 < /8.

Suppose that vector 7 € R"™°t is satisfying the following property

_m < Wi :
|7 r1|_8)\ Vi € [n]

We define vector 6, € R™t as follows:

Then, we have that

n n

Va4 6,) < () — 2> wi? cosPAL))2 + o wy )

i=1 4 i=1

The following lemma bounds the norm of J,,.

Lemma F.10 (Bounding norm of §,,).

Proof.

(16,5, D)II% 2) Zw_l 16,01z, 5, B)|I5,)?

_ a2 Z w3 (z,5,7) - (@, 5,012,
1€[n]
_a2 Zw 1 225 ) H 1/2 (f,g,f)“%
1€[n]
=a® ) uld@50 @50
i€[n]
1 2/ A — 7
w; - sinh”(2~; (7,35, t -
S S it LT EPHEEY)
icn @ 51) - X jepm g cosh™(5,7;(T,5,7))



7))
1))

S

5

o2 Zje[n] w;l sinhZ(wijfyj(
Zje[n] wj_1 coshz(w%’yj(
< a?.

&
2l

i

where the first step follows from Definition F.3, the second step follows from 4, ;(Z,3,t) = —a -

¢i(T,3,t) 1; (T, 5, ), the third step follows from norm of Z; (see Definition F.3), the forth step follows

from ;(%,3,t) = ||H, 1/2,ui (7,5,1)||2 (see Eq. (18)), the fifth step follows from c¢;(Z,3,%)% =
sinhz(ﬂ’yl(r s t))

V@05 e ) L cosh? (27, (@5.0))

v2(Z,, 1), and the last step follows from cosh?(z) > sinh?(z) for all . O

(see Eq. (22)), the sixth step follows from canceling the term

The following lemma bounds the norm of d,, and J,.

Lemma F.11. For eachi € [n], we define o; := ||0,,4||z,. Then, we have
9
[Ballwz = (D wiod)'/? < co. (32)
1€[n]
In particular, we have o; < Qa. Similarly, for 65, we have
_ 17
|6 ||wz_ Zw ! ||6S’L —7 a-t. (33)

i€[n]

Proof. For d,,, we have

162wz < I[EH 2B, 21 = P 2) B, V20,2 + 70

w,T,t w,T,t
< |[F2(1 = Py z7)B, 20,12 + 20
< ||t1/2 ;i/fé |2 + €
< | H, Y62 + 7
< o+ ex
< ga.
=38

First step follows from Assumption F.8. Second step is because tH,,z =< B,, 7. Third step is
because P, ;7 is a projection matrix. Fourth step is because ¢H, z =< B,, ;3. Fifth step is by
Lemma F.10. Sixth step is because € < &

For §,, we have

* - * —1/2 —12
186115 5 < 1T, 5 + T Huz B YV2(I = Py 2 2) B Y28,||% 5 + ead

w,T,t w,T,t
< at + ot +eat
< E04 - t.
- 8
First step is by triangle inequality and the assumption that

EZ)B_lf/g‘sw

s Ly w,T,t

- -2 —1/2
05~ 16, — 1" HyzB, /2(1 - P,
Second step is by same analysis as the analysis for d,. Third step is by £ < 33 stand € < ?% O

The following lemma shows that "V is close to v + J,, under an approximate step.
Lemma F.12 (Variation of (Ye, 2020, Lemma A.9)). For each i € [n], we define

Bi :=
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For each i € [n), let
i (2, sV ) = pi(@, s, t) + 0 + €

Then, we have
n

O w;'BH)Y? < 15¢a.
i=1
Proof. The proof is similar as (Ye, 2020, Lemma A.9), except for changing the definitions of ¢; and
€9:
e = HY2, —T-HY2B Y21~ P, .5)B_ /%5

w,T,t w, Tt T Tt

e =1 "Hy, %0, — H, (8, — tHyzB, (1 = P, 25) B, /35,).

I w,T,t) Py T T
One key step in the proof of Ye (2020) is the following property:
Spi =1+ 0si+ Hoz0pi — Hyl2(e1 + €).

Under our new definition of €; and €3, the above property still holds. Remaining parts of the proof
are similar and we omit the details here. O

The following lemma shows that error 14(T, 5, ) on the robust central path is close to error ju(z, s, 1)
on the ideal central path. Furthermore, norms of errors ~;(z, s, t) and ~; (T, 3, ) are also close to
each other.

Lemma F.13 ((Ye, 2020, Lemma A.10)). Assume that v;(x, s,t) < w; for all i. For all i € [n), we
have

[pi(z, s,t) — pi(@, 3, D)|I3, < 3ew.
Furthermore, we have that

h/Z(xv S,t) - ’Vi(f7§vi)| < 5?[02'.
Proof. Same as proof of (Ye, 2020, Lemma A.10). O

The following lemma bounds the change of + under one robust IPM step.

Lemma F.14 ((Ye, 2020, Lemma A.12)). Assume ®(x,s,t) < cosh(X). For all i € [n], we define
€ri =Y (2", ") — (2, 8,t) + - (T, 5, 1) - (T, S, 1.

Then, we have

n

(wa& )2 <90-€- A + 4 - max(w; iz, 5,1)) - a.

0 :
P i€[n]

Proof. The proof is similar to the proof of (Ye, 2020, Lemma A.12). By replacing corresponding
references in Ye (2020) by our versions (Lemma F.11, F.12, F.13) we get proof of this lemma. [

Finally, the following theorem bounds the movement of potential function ® under one robust IPM
step.

Theorem F.15 (Variation of (Ye, 2020, Theorem A.15)). Assume ®(z, s,t) < cosh(A\/64). Then for
any)0 < h< ——%— we have
yh=n= 64y/2icn) wivi

A
B (W, SV {PeV) < (1 — ai) - P(z,s,t) + ar Z U)Zl-
i) Wi i€ln]

In particular, for any cosh(\/128) < ®(x, s,t) < cosh(\/64), we have that
@(ajncw7sncw’tncw) < ‘I)(J?,S,t)

Proof. Similar to the proof of (Ye, 2020, Theorem A.15), but replacing lemmas with the correspond-
ing QP versions. O
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F.4 INITIAL POINT REDUCTION

In this section, we propose an initial point reduction scheme for quadratic programming. Our scheme
is closer to Lee et al. (2019) rather than Ye (2020); Lee & Vempala (2021). The reason is that Lee
& Vempala (2021)’s initial point reduction requires an efficient algorithm for finding the optimal
solution to an unconstrained program, which may be difficult in quadratic programming.

Lemma F.16 ((Nesterov, 1998, Theorem 4.1.7 and Lemma 4.2.4)). Let ¢ be a v-self-concordant
barrier. Then for any x,y € dom(¢), we have
<V¢(:E),y - ‘T> < v,
ly — =l
Vo(y) = Vo(x),y —x) > — .
W) = VO = 2 T
Let z* = argmin, ¢(x). For any x € R"™ such that ||z — x*||;« < 1, we have that x € dom(¢).

Lemma F.17 (QP version of (Lee et al., 2019, Lemma D.2)). Work under the setting of Theorem F.1.
Let 2(9) = arg min, Zie[n] w;d;(x;). Let p = m. For any 0 < € < L, the modified program

1
min <21:TQ$ + cTz>

Az=b,T7ELxR5¢

with

epc

ol
Il
| ——|
—_
—_

o= 4. A-up-mon -,

satisfies the following:

1
5+ Vo, @)|5 < e where 6,,(T) = 327, wii(Ti) — log(Tnt1)-

» ForanyT € K x R satisfying AZ =band
1

_ 1 _
—T'Qz4+c'T < min (:ﬂ@x + ch> + €2, (34)
2 Az=b,7€L xR0

(0) (0)
« T = [m ] y=0€R™ands = [ep(c —|—1Qm )} are feasible primal dual vectors with

the vector T1.,, ( T1.n, 1S the first n coordinates of T ) is an approximate solution to the
original convex program in the following sense:

2 Az=b,xeK
[AZ1.0 — blly < 3¢ - (R[[Allx + [[bll1),
T1. € K.

1 1
7TInQT1n + CTTl;n § miIl (21'TQ$ + CTZ') + Epfl’

Proof. First bullet point: Direct computation shows that (T, ¥, 5) is feasible.

Let us compute ||5 + V,,(Z)||% We have

5+ V6, @12 = llep(c + Q) gz, (a0

Lemma F.16 says that for all z € R" with ||z — 2|, .00 < 1, we have z € K, because
2(©) = arg min, ¢, (z). Therefore for any v such that v V2¢,, (z(?)v < 1, we have (0 + v € K
and hence ||z(®) + v|, < R. This implies ||[v]s < R for any v V¢, (z(D)v < 1. Hence
(V20 ()=t < R% - I. So we have
5+ Vo, @15 = llep(c + Q2 )24, (a001)-1
< epRllc+ Qx|
< epR(llec]lz + Q22 1=V 12)
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< epR(L+ LR)
<e.
Second bullet point: We define
o . L T T

OPT := Amg}){gelc (21 Qr+c m> , (35)

_ 1 ——

OPT:= _ min <xTQx + cTa:) : (36)

Az=b,TELXR>

For any feasible z in the original problem (35), T = [g} is feasible in the modified problem (36).

Therefore we have

— 1
OPT < ep(§xTQx +c¢'z)=¢p-OPT.
Given a feasible ¥ satisfying (34), we write T = [x;"] for some 7 > 0. Then we have

1 I
Ep(ﬁfInQEIn + CTEI:H) +7< OPT + 62 < €p - OPT +€2'

Therefore
1
inr:anl:n + CTEl:n < OPT +€p_1.

We have
1
T< —EP(§EInQELn + CTEI:n) +ep- OPT +62 < 3e

because |32 Qx +¢'z| < LR(R+ 1) forall z € K.
Note that T satisfies A% 1., + (b — Az(9)7 = b. So
| AT 10 — bl < 16— Az@), 7.
This finishes the proof. O

The following lemma is a generalization of (Lee et al., 2019, Lemma D.3) to quadratic program, and
with weight vector w.

Lemma F.18 (QP version of (Lee et al., 2019, Lemma D.3)). Work under the setting of Theorem F.1.
Suppose we have % + w;V¢;(x;) = p; forall i € [n], —Qz + ATy +s = cand Az = b. If
lwilly, < w; foralli € [n], then we have

1 1
§xTQx +elz < §m*TQx* +ela* + 4tk

where £* = arg minaz—p zek (%xTQx + ch).

*

Proof. Letz, = (1—a)z+azx* for some « to be chosen. By Lemma F.16, we have (V¢,, (2 ), 2* —
Zo) < K. (Note that ¢,, is a k-self-concordant barrier for K.) Therefore we have

RO

> <v¢w(5€o¢)7 Lo — x>

= <v¢w(xa) - V(bw(x)wra - 1‘> + <M - ;,l’a - $>

11—«

|70 — il 1 T
> g ; ’ d —z)—={(c—A Q —
> w; T Fp—— + (u, o — ) , (c y+ Qr, x4 — )
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* *
2 T —

2 * 2
a?llzf — x|z,
> Ww; i .
DI e P P
i€[n) i€[n]

@ — %(c—i—Qx,x* —z).

First step is because (V¢ (o), 7* — o) < v. Second step is because 1 = 3 4 Ve, (). Third step
is by Lemma F.16 and ¢ = —Qx + ATy + s. Fourth step is by Cauchy-Schwarz and Az, = Ax.

So we get

1
;(xTQm +c'z)

P . o al|lzr — z;|2,

< Z _ il i — Lillz; — % T

< 3@TQutkeTa) g D il et =il = 3w A
i€[n] i€[n]

1.1 T 1 *T * T % K * O[Hx;kix?‘lﬁ
_l1 1 Kk g — ol — : i
,t(QCU Q$+2x Qz* +c x)“!‘l_a“rlzwznxz Li||x; _Zwl—FOéHCC?—Q?ini

i€[n] i€[n]
_ 11 T 1 * T * T % K ||$:<—$z||ac1
=3 gr Quagrt Qo +cm)+10‘+-ez[:}wzl+al|xf% zs

1.1 1 i
Sg(ixTQx+§x*TQ$*+CT«x*)+ 1’ja | E

i€[n]

1 1 T 1 * T * T % K
< Z(Z — —_—.
Sqlgr Quibgr QUi et o

First step is by rearranging terms in the previous inequality. Second step is by AM-GM inequality
and |||}, < w;. Third step is by merging the last two terms. Fourth step is by bounding the last

term. Fifth step is by >,y wi < e, Wit = K-
Finally,
%xTQx +c'x < %x*TQz* +cla + a(lliifa)
< %x*TQx* +c'a* + 4nt.
First step is by rearranging terms in the previous inequality. Second step is by taking o = % This
finishes the proof. O

F.5 PROOF OF THEOREM F.1

In this section we combine everything and prove Theorem F.1.

Proof of Theorem F.1. Lemma F.17 shows that the initial = and s satisfies
leell,e < e
This implies wi_1||ui||;i < ¢ because w; > 1.
Because € < %, we have
O(z,8,t) = Z cosh(Aw; | ]|%,) < mcosh(1) < cosh(A/64)
i€[n]
for the initial  and s, by the choice of A.
Using Theorem F.15, we see that
®(x,s,t) < cosh(A/64)
during the entire algorithm.

So at the end of the algorithm, we have w; || ;[|%, < & forall i € [n]. In particular, | u;]|%. < w;
forall i € [n].
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Therefore, applying Lemma F.18 we get

1
“2 Qe+ < Za*TQat + e at + Atk

2

N = N

S J)*TQ.’IT*-FCT.’II*—FGQ

where we used the stop condition for ¢ at the end.

So Lemma F.17 shows how to get an approximate solution for the original quadratic program with
error eLR(R + 1).

The number of iterations is because we decrease ¢ by a factor of 1 — h every iteration, and the choice

h= g O

G GAUSSIAN KERNEL SVM: ALMOST-LINEAR TIME ALGORITHM AND
HARDNESS

In this section, we provide both algorithm and hardness for Gaussian kernel SVM problem. For the
algorithm, we utilize a result due to Aggarwal & Alman (2022) in conjunction with our low-rank
QP solver to obtain an O(n'*+°() log(1/¢)) time algorithm. For the hardness, we build upon the
framework outlined in Backurs et al. (2017) and improve their results in terms of dependence on
dimension d.

We start by proving a simple lemma that shows that if K = UV T for low-rank U, V, then the
quadratic objective K o (yy ') also admits such a factorization via a simple scaling.

Lemma G.1. Let U,V € R™* and y € R™. Then, there exists a pair of matrices (7, V € Rvxk
such that

OV =UvToe(yy")
moreover, U,V can be computed in time O(nk).

Proof. The proof relies on the following identity for Hadamard product: for any matrix A and
conforming vectors z, y (all real), one has

Ao (yz")=D,AD,
where D, D,, € R™*" are diagonal matrices that put y, = on their diagonals. Thus, we can simply
compute U, V as follows:

consequently,
Uv' =D,Uv'D,
=(yy")o(UVT)
=(UVT)o(yy")
as desired. Moreover, the diagonal scaling of U, V' can be indeed performed in O(nk) time, as
advertised. O

Throughout this section, we will let B denote the squared radius of the dataset.

G.1 ALMOST-LINEAR TIME ALGORITHM FOR GAUSSIAN KERNEL SVM

We state a result due to Aggarwal & Alman (2022), in which they present an optimal-degree polyno-
mial approximation to the function e~* and consequentially, this produces an efficient approximate
scheme to the Batch Gaussian Kernel Density Estimation problem.

We start by introducing a notion that captures the minimum degree polynomial that well-approximates
e "
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Definition G.2. Let f : [0, B] — R, we let qp..(f) € N denote the minimum degree of a non-constant
polynomial p(x) such that

sup |[p(z) — fz)[ <€
z€][0,B]

Utilizing the Chebyshev polynomial machinery together with the orthgonal polynomial families, Ag-
garwal & Alman (2022) provides the following characterization on gp..(f):

Theorem G.3 (Theorem 1.2 of Aggarwal & Alman (2022)). Let B > 1 and € € (0,1). Then

qBie(€) = @(max{\/m7 10g(3}0_g1(110/g6()1/6)) 2

Theorem G.4 (Corollary 1.7 of Aggarwal & Alman (2022)). Let x1, ..., x, € R? be a dataset with
squared radius B and € € (0,1). Let ¢ = qp.c(e™*). Let K € R™*™ be the Gaussian kernel matrix

formed by x1, ... ,x,. Finally, let k = (2‘1;;2'1). Then, there exists a deterministic algorithm that

computes a pair of matrices U,V € R"*F such that for any vector v € R",
|Kv— UV 0o <e€vl1.
Moreover, matrices U,V can be computed in time O(nkd).
Even though ¢, error in terms of /; norm of vector v seems quite weak, it can be conveniently
translated into more standard guarantees, e.g., spectral norm error. The following lemma provides

a conversion of errors that come in handy later when integrating the kernel approximation to our
low-rank QP solver.

Lemma G.5. Let K € R"*™ be a PSD kernel matrix and € € (0,1) be a parameter. Let K € R™ "
be an approximation to K with the guarantee that for any v € R",

IKv — Kvllso < €l|v]s,
then

T Kv — v Kol < ellol? < eno]3.

Proof. The proof is a simple application of Holder’s inequality:
v (Kv — Kv)| = |(v, Kv — Kv)|
< [[ola | K v = Kollo
< eflvll3
< enlllf3,

where the second step is by Holder’s inequality, and the last step is by Cauchy-Schwarz. This
completes the proof. O

We can now combine the Gaussian kernel low-rank decomposition with our low-rank QP solver
to provide an almost-linear time algorithm for Gaussian kernel SVM. We restate the kernel SVM
formulation here.

Definition G.6 (Restatement of Definition 1.3). Given a data matrix X € R"*¢ and labels y € R".
Let Q € R™"*™ denote a matrix where Q; j = K(z;, ;) - y;iy; for i, j € [n]. The hard-mragin kernel
SVM problem with bias asks to solve the following program.

max 1 a— %O&TQQ
st.a'ly=0
a > 0.
Theorem G.7. Let Gaussian kernel SVM training problem be defined as above with kernel function

K(zi, ;) = exp(—||z; — x;||3). Suppose the dataset has squared radius B > 1, and let € € (0, 1)
be the precision parameter. Suppose the program satisfies the following:

59



o There exists a point z € R™ such that there is an Euclidean ball with radius r centered at z
that is contained in the constraint set.

* The constraint set is enclosed by an Euclidean ball of radius R, centered at the origin.

Then, there exists a randomized algorithm that outputs an approximate solution & € R"™ such that
a > 0, moreover,

1.
50
1@ ylls < 3,

1/a—-a"Qa>O0PT —¢,

where OPT denote the optimal cost of the objective function. Let q = qB;@(e/nRQ)(efx) and

k= (de'z 2‘1). Then, the vector a can be computed in expected time

O(nk“ /2 1og(nR/(er))).

Proof. Throughout the proof, we set ; = O(¢/(nR?)). We will craft an algorithm that first computes
an approximate Gaussian kernel together with a proper low-rank factorization, then use this proxy
kernel matrix to solve the quadratic program. We will use K to denote the exact Gaussian kernel
matrix, ) to denote the exact quadratic matrix.

Approximate the Gaussian kernel matrix with finer granularity. We start by invoking The-
orem G.4 using data matrix X with accuracy parameter €;. We let K = U VT to denote this

approximate kernel matrix, and we let () = D, U VTDy to denote the approximate quadratic matrix.
Owing to Lemma G.5, we know that for any vector z € R",

27(Q — Q)z| = |(Dyz) " (K — K)(Dya)|
< Eln”Dny%
= ernl|z|3,

where we use the fact that y € {£1}". This also implies that

IQ —Qll < exn (37)
this simple bound will come in handy later.

Solving the approximate program to high precision. Given @, we solve the following program:
1 -~
1T — ~aT
S n g Qe
s.t. aTy =0
a>0
by invoking Theorem E.1. To do so, we need a bound on the Lipschitz constant of the program, i.e.,

the spectral norm of @ and ¢ norm of 1. The latter is clearly y/n, we shall show the first term is at
most (1 +€;) - n.

Note that
QI = 1Dy KDy |
< tr[Dy KD,
= tr[K]
<n,
where we use K is PSD. Combining with Eq. (37) and triangle inequality, we have

IRl <l +1Q-Ql
<(1+e€)-n.
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With these Lipschitz constants, we examine the error guarantee provided by Theorem E.1: it produces
a vector & € R™ such that

1 1+~
La-5a7Qa> max (1la-5aTQa) = Olank?),

@ ylly < O(einR),

we mainly focus on the first error bound, as we need to understand the quality of T when plug into
the program with Q.

We will follow a chain of triangle inequalities, so we first bound

a7 (Q — Q)al < enllall3

< enR?.
Next, let
o :=arg max 1'la—-a'Qa,
aTy=0,a>0
o := arg max 1104— —a' Qa,
aly=0,a>0

then we have the following
1 ~ ~
12 I io/TQo/ > lla* _ *(OZ*)TQOL*

>1)a* — 5(01*)TQ01* — O(e1nR?)

= OPT — O(e1nR?),
where the second step is by applying Lemma G.5 to a*. Now we are ready to bound the final error:

1 1
1)a— iaTQa >1'a— §aTQa — O(e1nR?)
>10 o — 50[%50/ — O(e1nR?)
> OPT — O(e;nR?).

The final error guarantee follows by the choice of €1, and we indeed design an algorithm that outputs
a vector a with

1
17a - 5aTQa > OPT — ¢,
&yl <e.

Runtime analysis. It remains to analyze the runtime of our proposed algorithm. We first compute an
approximate kernel K with parameter €;, owing to Theorem G.4, we have

050 (e) = Omax{ BToglnF /), oo B )

then by setting k£ = (QdJ;Qq) the matrix K can be computed in time O(nkd). Given this rank-k
factorization, the program can then be solved with precision €; in time

5(nk(“+1)/2 log(nR/(er))),
as desired. O
Remark G.8. 7o understand the value range of k, let us consider the set of parameters:

d = O(logn),e =1/ polyn, R = polyn, B=0(1),
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under this setting, O(log(nR/€)) = O(logn) and the degree q is

g =0O(+/logn)

b= <2d + Qq)
2q
< O((logn)VIE™)
@(2@(log log n\/@))

the rank k is then

= n°M),
consequentially, our algorithm runs in almost-linear time in n:
O(n'*+°MW logn).

It is worth noting to achieve the almost-linear runtime, the data radius B can be further relaxed. In

fact, as long as
B_o logn 7
loglogn

we can ensure that k = n°Y) and subsequently the almost-linear runtime.

The runtime we obtain can be viewed as a consequence of the “phase transition” phenomenon
observed in Aggarwal & Alman (2022), in which they prove that if B = w(logn), then quadratic
time in n is essentially needed to approximate the Gaussian kernel assuming SETH.

G.2 HARDNESS OF GAUSSIAN KERNEL SVM WITH LARGE RADIUS

In this section, we show that for d = O(log n), any algorithm that solves the program associated to
hard-margin Gaussian kernel SVM would require (n>~°(1)) time for B = w(logn). This justifies
the choice of B in Remark G.8. To prove the hardness result, we need to introduce the approximate
Hamming nearest neighbor problem.

Definition G.9. For § > 0 and n,d € N, let {ay,...,a,},{b1,...,b,} C {0,1}¢ be two sets
of vectors, and let t € {0,1,...,d} be a threshold. The (1 + 0)-Approximate Hamming Nearest
Neighbor problem asks to distinguish the following two cases:

* If there exists some a; and bj such that ||a; — bj||1 < t, output “Yes”;
» Ifforanyi,j € [n], we have |la; — b;||1 > (14 0) - ¢, output “No”.

Note that the algorithm can output any value if the datasets fall in neither of these two cases. We will
utilize the following hardness result due to Rubinstein.

Theorem G.10 (Rubinstein (2018)). Assuming SETH, for every q > 0, there exists 6 > 0 and C > 0
such that (1 + 0)-Approximate Hamming Nearest Neighbor in dimension d = C'logn requires time
Q(n?79).

A final ingredient is a rewriting of the dual SVM into its primal form, without resorting to optimize
over an infinite-dimensional hyperplane.

Lemma G.11. Consider the dual hard-margin kernel SVM defined as
1
max 1Ta— 3 Z a0y K(w;, wy),
i, €[n]x[n]
st.a'y=0,
a > 0.

The primal program can be written as

o1
5161%1}15 Z aiajyiyjK(wiawj)a



s.toyif(wg) > 1,
a>0,

where f : R — R is defined as
flw) = ZajyjK(wj,w) —b.
=1

Moreover, the primal and dual program has no duality gap and the optimal solution « to both
programs are the same.

Proof. Recall that the primal hard-margin SVM is the following program:
1
min o3,
s.toyi(v o(wy) —b) > 1,
where b € R is the bias term and ¢ : R? — R is the feature mapping corresponding to the kernel in

the sense that K(w;, w;) = ¢(w;) " ¢(w;). The optimal weight v = Y | a;y;¢(w;) where o € R"
is the optimal solution to the dual program. Consequently,

Jo]|5 = (Z aiyip(w;))?
= Z o yy;o(w;) " d(w;)

i,j€[n]x[n]

= Y aiayiyK(wi,w))

i,5€[n]x[n]
=a'Qa,
where the matrix () is the usual
Q=(yy")oK,

the constraint can be rewritten as

yi(v p(w;) — b) = yz((z aiyid(w;)) " d(w;) — b)

i=1

= Z/z‘(z ajy;0(w;) T d(w;)) — yib

= i) oy K(wi, wy)) — yid
j=1
=y f(w;),
where f : R¢ — R is defined as
Flw) =" ojy;K(w;, w) —b.
j=1
Thus, we can alternatively write the primal as
17
min —a ' Qa,

a€R” 2
s.toyif(wy) > 1.

For the strong duality and optimal solution, see, e.g., Muller et al. (2001). [
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We will now prove the almost-quadratic lower bound for Guassian kernel SVM. Our proof strategy is
similar to that of Backurs et al. (2017) with different set of parameters. It is also worth noting that
the Backurs et al. (2017) construction

* Requires the dimension d = O(log® n);
« Requires the squared dataset radius B = O(log” n).

We will improve both of these results.

Theorem G.12. Assuming SETH, for every q > 0, there exists a hard-margin Gaussian kernel SVM
without the bias term as defined in Definition 1.3 with d = ©(log n) and error € = exp(—0(log® n))
for inputs whose squared radius is at most B = @(log2 n) requiring time Q(n*>~9) to solve.

Proof. Letl = 1/2(c/6)~'logn. We will provide a reduction from (1 4 ¢)-Approximate Hamming
Nearest Neighbor to Gaussian kernel SVM. Let A := {ay,...,a,}, B := {by,...,b,} C {0,1}% be
the datasets, we assign label 1 to all vectors a; and label —1 to all vectors b;, moreover, we scale both

A and B by [, this results in two datasets with points in {0,/}%. The squared radius of this dataset is
then

B = max{max ||la; — la;|3, max |[Ib; — 1b; |3, max[|la; — 1b; 13}
] ,] %,7
<1*d
= 0(6 ' og?n).
To simplify the notation, we will implictly assume A and B are scaled by ! without explicitly writing
out la;, Ibj. Now consider the following three programs:
* Classifying A:
1
min 5 Z aiajK(ai7aj),

a€eR?
=0 T i jem]x[n]

s.t. ZajK(ai,aj) >1, Vi € [n] (38)

* Classifying B:
.1
min — Z ﬂzﬁ] K(bl, bj),

pERL, 2 i,5€[n]x [n]
st =Y BiK(bi,b) < -1, Vi€ [n] (39)
j=1
* Classifying both A and B:
| 1
a,?élﬁ};oi,z aiajK(ai,amiuz mjK(bi,bj)—“Z aifiK(a;, b)),
=7 4,j€n]x[n] 4,j€[n]x[n] i,j€[n]x[n]
s.t. Za] (@i, a;) Z,Bj a;, b;) > 1, Vi € [n],
Jj=1
Za] (b, a;) Z K(bi,b;) < =1, Vi€ n] (40)
j=1 j=1

We will prove that the optimal solution «’s and 3;’s are both lower and upper bounded. Use
Val(A), Val(B) and Val(A, B) to denote the value of program (38), (39) and (40) respectively, then
note that

7’L2

1(A) < —
Val(4) < 5
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by plugging in o = 1 and setting all vectors to be the same. On the other hand,

Combining these two, we can conclude that for any o, it must be of < n. For the lower bound,
consider the inequality constraint for the ¢-th point:

o + Za;K(ai,aj) >1,
J#i
to estimate K(a;, a;), note that ||a; — a;||3 = ||a; — a;||; > 1 for j #i,” and
K(ai, a;) = exp(=1?[|la; — a;|3)
= exp(—2(c'8) " lognfla; — ajh)
< exp(—2(¢'5) " tlogn)
<n~'0/100,
combining with a;‘ < n, we have
af >1— ZajK(ai,aj)
J#i
>1 —n-n-n_10/100
>1/2.
This lower bound on o} is helpful when we attempt to lower bound Val(A, B) with Val(A) + Val(B).

Following the outline of Backurs et al. (2017), we consider the three dual programs:

* Dual of classifying A:

n 1
max Zai — = ZaiajK(ai,aj) 41)
aeRgo P 2 0ng
* Dual of classifying B:
n
max Y B — Zb’ﬂ] (bi, bs) (42)
PERY,

e Dual of classifying A and B:
K3 ) b 7b 77
agle% : Q; + Zﬂz Zazaj [¢73 aj Zﬂzﬂ] i + Zalﬁj Q;

(43)

as the SVM program exhibits strong duality, we know that the optimal value of the primal equals
to the dual, so we can alternatively bound Val(A, B) using the dual program. Plug in o*, 8* to
program (43), we have

Val(A, B) Za +ZB fonzozKa,,a] ZB B3K(bs, b)) +Zaﬁ*Ka7, i)

= Val(A) + Val(B Zaﬂ (as, b

“We without loss of generality that during preprocess, we have remove duplicates in A and B.
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to bound the third term, we consider the pair (a;, , bj, ) such that ||a;, — bj,||1 <t — 1, and note that

Za 5 al7 >O[ 5]0 (ai07bjo)

> —exp(—2(<8) " tlogn - (t —1)).

»-lk\'—‘

To wrap up, we have
1
Val(A, B) > Val(A) + Val(B) + 1 exp(—2(c'0)tlogn - (t — 1))
We now prove the “No” case, where for any a;, b;, ||a; — bj|[1 > t. We have

K(ai, bj) = exp(~1%||ai — b;|3)
< exp(=2(c6) " logn - t),

N

we let m := exp(—2(c/d)"tlogn - t), set &/ = a* + 10n?*m and B/ = B* + 10n>*m, we let V to
denote the value when evaluating program (40) with o, 8’. We will essentially show that

Val(A,B) <V
and
V < Val(A) + Val(B) + 400n°m

chaining these two gives us a certificate for the “No” case. To prove the first assertion, we show that
o/, B are feasible solution to program (40) since

n

Z o K(ai, a;) = Z(a}fK(ai, a;) + 10n*mK(a;, a;))
j=1 j=1
=af +10n*m + Z(a"; + 10n*m)K(a;, a;)
J#i
>al + Za}fK(ai, a;) + 10n*m
i

= 10n%m + Z ajK(ai, a;)
j=1
> 10n%2m + 1

where we use o satisfy the inequality constraint of program (38). We compute an upper bound on

Z] 151 (aib )
iﬁ; K(a;, b Z?nm
j=1

:2n m,

where we use the fact that m = exp(—2(c’§) "t logn - t) < n=10/10 therefore 8* + 10n?m < 2n.
Thus, it must be the case that

Za;K(ai,a] ZB (a;,bj) > 8n*m + 1
j=1

=1,

as desired. The other linear constraint follows by a symmetric argument. This indeed shows that
o/, 3’ are feasible solutions to program (40) and Val(A4, B) < V.

To prove an upper bound on V', we note that

V= 5 elafK(aes) + 5 S AISK(bs) — T ol K(ont

4,3
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IN

1 1

5 z OZ;OZ;K(CM, aj) + 5 Z ﬁiﬂsK(bz, bj),
(2% 0,J

we bound the first quantity, as the second follows similarly:

1 1
3 Z oaiK(ag,a5) = 3 Z(afa; + 10n°m(a; + o) 4+ 100n*m*)K (as, a;)
»J 3
< Val(A) + Z 10n*mK (a;, a;) + Z 100n*m?K(a;, a;)
i.j %]

< Val(A) + 10n°m + 100n%m?

< Val(A) + 200n°m,
we can thus conclude

V < Val(A) + Val(B) + 400n°m.
Chaining these two, we obtain the following threshold for the “No” case:
Val(A, B) < Val(A) + Val(B) + 400n°m.

Finally, we observe that
1
400n° exp(—2(¢'6) "t logn - t) < I exp(—2(c8) tlogn - (t — 1)),

we can therefore distinguish these two cases.

Note that when one considers solving the program with additive error, we need to make sure that the
error is smaller than the distinguishing threshold, i.e.,

€< iexp(fQ(c'é)*1 logn - (t —1))

1
<7 exp(—2(c8) " dlogn)
= exp(~O(1og’ ),
where we use t < d and d = ©(logn). This concludes the proof. O

Remark G.13. Our proof can be interpreted as using a stronger complexity theoretical tool in place
of the one used by Backurs et al. (2017), to obtain a better dependence on dimension d and B. We
also note that the construction due to Backurs et al. (2017) has the relation that B = ©(dlogn),
this is because in order to lower bound Val(A, B), one has to lower bound the optimal values of
a;’s and B}’s. To do so, one needs to further scale up a;’s and b;’s so that within datasets A and B,
the radius is at least ©(log n). This is in contrast to the Batch Gaussian KDE studied in Aggarwal
& Alman (2022), where they show the almost-quadratic lower bound can be achieved for both
d, B = ©(logn).

Similar to Backurs et al. (2017), we obtain hardness results for hard-margin kernel SVM with bias,
and soft-margin kernel SVM with bias.

Corollary G.14. Assuming SETH, for every q > 0, there exists a hard-margin Gaussian kernel SVM
with the bias term with d = ©(logn) and error ¢ = exp(—O(log® n)) for inputs whose squared
radius is at most B = ©(log® n) requiring time Q(n?>~%) to solve.

Proof. The proof is similar to Backurs et al. (2017). Given a hard instance of Theorem G.12, except
we append ©(logn) entries with magnitude ©(log® n) instead of distributing the values across
O(log® n) entries. Rest of the proof follows exactly the same as Backurs et al. (2017). O

Corollary G.15. Assuming SETH, for every q > 0, there exists a soft-margin Gaussian kernel SVM
with the bias term with d = ©(logn) and error ¢ = exp(—O(log? n)) for inputs whose squared
radius is at most B = ©(log® n) requiring time Q(n?1) to solve.
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Remark G.16. Compared to the construction of Backurs et al. (2017) in which they distribute a
total mass of ©(log® n) across ©(log® n) entries so that they ensure after the reduction, the vectors
take values in {—1,0, 1}, we instead distribute the mass across ©(logn) entries so that each entry

has magnitude © (log® n). To make the reduction work, the total mass of ©(log® n) is needed, and
for Backurs et al. (2017), it is fine to append an extra @(10g3 n) entries as their hardness result for
hard-margin SVM without bias does require d = ©(log® n). For us, we need to restrict d = ©(logn)
at the price of each entry has a larger magnitude of @(log2 n). This blows up the squared radius
from log? n to log® n. We note that the Backurs et al. (2017) construction has squared radius log4 n.
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