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In this paper we consider large-scale smooth optimization problems with multiple linear coupled con-
straints. Due to the non-separability of the constraints, arbitrary random sketching would not be guar-
anteed to work. Thus, we first investigate necessary and sufficient conditions for the sketch sampling
to have well-defined algorithms. Based on these sampling conditions we develop new sketch descent
methods for solving general smooth linearly constrained problems, in particular, random sketch descent
and accelerated random sketch descent methods. From our knowledge, this is the first convergence anal-
ysis of random sketch descent algorithms for optimization problems with multiple non-separable linear
constraints. For the general case, when the objective function is smooth and non-convex, we prove for
the non-accelerated variant sublinear rate in expectation for an appropriate optimality measure. In the
smooth convex case, we derive for both algorithms, non-accelerated and accelerated random sketch de-
scent, sublinear convergence rates in the expected values of the objective function. Additionally, if the
objective function satisfies a strong convexity type condition, both algorithms converge linearly in expec-
tation. In special cases, where complexity bounds are known for some particular sketching algorithms,
such as coordinate descent methods for optimization problems with a single linear coupled constraint,
our theory recovers the best known bounds. Finally, we present several numerical examples to illustrate
the performances of our new algorithms.

Keywords: smooth optimization problems, linear coupled constraints, random sketch descent methods,
convergence rates.

1. Introduction

During the last decade first order methods, that eventually utilize also some curvature information, have
become the methods of choice for solving optimization problems of large sizes arising in all areas of hu-
man endeavor where data is available, including machine learning Necoara & Patrascu (2014); Richtérik
& Takac (2014); Shalev-Shwartz & Zhang (2013), portfolio optimization Markowitz (1952); Frongillo &
Reid (2015), internet and multi-agent systems Ishii et al. (2012), resource allocation Necoara (2013); Xiao
& Boyd (2006) and image processing Wright (2012). These large-scale problems are often highly struc-
tured (e.g., we encounter sparsity in data, separability in objective function, convexity) and it is important
for any optimization method to take advantage of the underlying structure. It turns out that gradient-based
algorithms can really benefit from the structure of the optimization models arising in these recent applica-
tions Fercoq & Richtérik (2015); Nesterov (2012).
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Why random sketch descent methods? The optimization problem we consider in this paper has the
following features: the size of data is very large so that usual methods based on whole gradient/Hessian
computations are prohibitive; moreover the constraints are coupled linear equalities. In this case, an
appropriate way to approach these problems is through sketch descent methods due to their low memory
requirements and low per-iteration computational cost. Sketching is a very general framework that covers
as a particular case the (block) coordinate descent methods Luo & Tseng (1993) when the sketch matrix
is defined by sampling columns of the identity matrix. Sketching was used, with a big success, to either
decrease the computation burden when evaluating the gradient in first order methods Nesterov (2012) or
to avoid solving the full Newton direction in second order methods Pilanci & Wainwright (2017). Another
crucial advantage of sketching is that for structured problems it keeps the computation cost low, while
preserving the amount of data brought from RAM to CPU as for full gradient or Newton methods, and
consequently allows for better CPUs utilization on modern multi-core machines. Moreover, in many
situations general sketching keeps the per-iteration running-time almost unchanged when compared to the
particular sketching of the identity matrix (i.e. comparable to coordinate descent). This, however, leads to
a smaller number of iterations needed to achieve the desired quality of the solution, as observed e.g., in
Qu et al. (2016).

In second order methods sketching was used to decrease the computation cost when evaluating the full
Hessian or to avoid solving the full Newton direction. In Pilanci & Wainwright (2017); Berahas et al.
(2017) a Newton sketch algorithm was proposed for unconstrained self-concordant minimization, which
performs an approximate Newton step, wherein each iteration only a sub-sampled Hessian is used. This
procedure significantly reduces the computation cost, and still guarantees superlinear convergence for
self-concordant functions. In Qu et al. (2016), a random sketch method was used to minimize a smooth
function which admits a non-separable quadratic upper-bound. In each iteration a block of coordinates
was chosen and a subproblem involving a random principal submatrix of the Hessian of the quadratic
approximation was solved to obtain an improving direction.

In first order methods particular sketching was used, by choosing as sketch matrix (block) columns of
the identity matrix, in order to avoid computation of the full gradient, leading to coordinate descent frame-
work. The main differences in all variants of coordinate descent methods consist in the criterion of choos-
ing at each iteration the coordinate over which we minimize the objective function and the complexity of
this choice. Two classical criteria are the cyclic and the greedy coordinate search, which significantly dif-
fers by the amount of computations required to choose the appropriate index. For cyclic coordinate search
estimates on the rate of convergence were given recently in Beck & Tetruashvili (2013); Gurbuzbalaban
et al. (2017); Sun & Ye (2016), while for the greedy coordinate search (e.g. Gauss-Southwell rule) the
convergence rates were given in Tseng & Yun (2009); Luo & Tseng (1993). Another approach is based
on random choice rule, where the coordinate search is random. Complexity results on random coordi-
nate descent methods for smooth convex objective functions were obtained in Nesterov (2012); Necoara
(2013). The extension to composite convex objective functions was given e.g. in Richtdrik & Takac
(2014); Necoara & Clipici (2016); Lu & Xiao (2015); Necoara & Patrascu (2014). Recently, accelerated
Fercoq & Richtarik (2015), parallel Necoara & Clipici (2016); Richtarik & Takac (2016), asynchronous
Liu & Wright (2015) and distributed implementations Takac et al. (2019) of coordinate descent methods
were also analyzed. Let us note that the idea of sketching was also successfully applied in various other
settings, including Wang et al. (2017); Richtarik & Takac (2020).

Related work. However, most of the aforementioned sketch descent methods assume essentially un-
constrained problems, which at best allow separable constraints. In contrast, in this paper we consider
sketch descent methods for general smooth problems with linear coupled constraints. Particular sketching-
based algorithms, such as greedy coordinate descent, for solving linearly constrained optimization prob-
lems were investigated in Tseng & Yun (2009); Luo & Tseng (1993), while more recently in Beck (2014) a
greedy coordinate descent method is developed for minimizing a smooth function subject to a single linear
equality and additional bound constraints on variables. Random coordinate descent methods that choose
at least 2 coordinates at each iteration have been also proposed recently for solving convex problems with
a single linear coupled constraint in Necoara (2013); Necoara & Patrascu (2014); Necoara et al. (2017).

_I_
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In all these papers, detailed convergence analysis is provided for both, convex and non-convex settings.
Motivated by the work in Necoara et al. (2017) several recent papers have tried to extended the random
coordinate descent settings to multiple linear coupled constraints Frongillo & Reid (2015); Necoara &
Patrascu (2014); Reddi et al. (2015). In particular, in Reddi ef al. (2015) an extension of the 2-random
coordinate descent method from Necoara et al. (2017) has been analyzed, however under conservative as-
sumptions, such as full rank condition on each block of the matrix describing the constraints. In Frongillo
& Reid (2015) a particular sketch descent method is proposed, where the sketch matrices specify arbitrary
subspaces that need to generate the kernel of the matrix describing the coupled constraints. However,
in the large-scale context and for general linear constraints it is difficult to generate such sketch matri-
ces. Other primal methods for solving linearly constrained convex problems are e.g., center-free gradient
methods Xiao & Boyd (2006) or Newton-based methods Wei et al. (2013). Another strand of the literature
on (linearly) constrained problems develops dual methods, such as augmented Lagrangian method (ALM)
Nedelcu et al. (2014) or alternating direction method of multipliers (ADMM) Hong & Luo (2017), which
embeds a coordinate descent strategy (Gaussian-Seidel decomposition) into each iteration of the ALM.
ADMM was originally proposed for problems with a two-block structure and recently extended to the
multi-block case, e.g. in Deng et al. (2017); Lin et al. (2016). Although, in general, ADMM is able to
solve more general structured problems, sketch descent methods have the advantage of keeping feasibility
throughout the iterations, while ADMM achieves feasibility only at the solution.

Our approach and contribution. Our approach introduces general sketch descent algorithms for
solving large-scale smooth optimization problems with multiple linear coupled constraints. Since we have
non-separable constraints in the problem formulation, a random sketch descent scheme needs to consider
new sampling rules for choosing the coordinates. We first investigate conditions on the sketching of the
coordinates over which we minimize at each iteration in order to have well-defined algorithms. Based on
these conditions we develop new random sketch descent methods for solving our linearly constrained opti-
mization problem, in particular, random sketch descent and accelerated random sketch descent algorithms.
Both methods start from a feasible initial point. However, unlike existing methods, such as coordinate de-
scent, our algorithms are capable of utilizing curvature information, which leads to striking improvements
in both theory and practice.

Our contribution. To this end, our main contribution can be summarized as follows:

(i) Since we deal with optimization problems having non-separable constraints we need to design
sketch descent schemes based on new sampling rules for choosing the sketch matrix. We derive necessary
and sufficient conditions on the sketching of the coordinates over which we minimize at each iteration
in order to have well-defined algorithms. To our knowledge, the algebraic conditions on the probability
distribution defining the sketch matrices from Section 2.3 are new for this class of optimization problems.

(ii) Furthermore, from our best knowledge, this paper is the first complete work on the convergence
analysis of random sketch descent type algorithms for problems with more than one linear constraint. Our
theoretical results consist of new optimization algorithms, accompanied with global convergence guaran-
tees to solve a wide class of non-separable optimization problems.

(iii) In particular, we propose a random sketch descent (RSD) algorithm for solving such general op-
timization problems with multiple coupling constraints. For the general case, when the objective function
is smooth and non-convex, we prove sublinear rate in expectation for an appropriate optimality measure.
In the smooth convex case we obtain in expectation an €-accurate solution in at most &'(1/€) iterations,
while for strongly convex functions the method converges linearly.

(iv) We also propose an accelerated random sketch descent (A-RSD) algorithm. From our knowledge,
this is the first convergence analysis of an accelerated variant for optimization problems with non-separable
linear constraints. In the smooth convex case we obtain in expectation an €-accurate solution in at most
0'(1/+/€) iterations. For strongly convex functions the new accelerated random sketch descent method
converges linearly.

Let us emphasize the following points of our contribution. First, our sampling strategies are for multiple
linear constraints and thus very different from the existing methods designed only for one linear constraint
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(see Section 2.3). Second, we provide new convergence proofs for the random sketch descent method
(RSD) that differ from those given already for random coordinate descent (see Theorem 3.2 and Remark
3.1). Third, our accelerated random sketch descent method (A-RSD) is the first designed for this class
of problems and requires new proof techniques for deriving the convergence rates compared to standard
convergence proofs for accelerated gradient methods (see Theorems 4.2, 4.3, and Remark 4.1). Fourth,
our non-accelerated sketch descent algorithm covers as special cases some methods designed for problems
with a single linear constraint and coordinate sketch. In these special cases, where convergence bounds
are known, our theory recovers the best known bounds or leads to better bounds (see Remark 3.2). We
also illustrate, that for some problems, random sketching of the coordinates produces better results than
deterministic selection of them. Finally, our framework can be extend to other types of constraints, not
necessarily linear, as long as we are able to find an initial feasible point and to solve efficiently the corre-
sponding subproblem from each iteration (which, usually, it will not have a closed form solution as it is
the case for the linear constraints) or used to further develop other methods such as Newton-type schemes.

Content. The paper is organized as follows. Section 2 presents necessary and sufficient conditions for
the sampling of the sketch matrix. Sections 3 provides a full convergence analysis of the random sketch
descent method, while Section 4 derives the convergence analysis for an accelerated variant. Finally, in
Section 5 we present some numerical examples to illustrate the performances of our new algorithms.

1.1 Problem formulation

We consider the following general smooth optimization problem with multiple linear coupled constraints:

f =min f(x) st Ax=b, (1.1
xeR"?
where f: R" — R is a general differentiable function and A € R™*", with m < n, is such that the feasible
set is nonempty. The last condition is satisfied if e.g. A has full row rank. Note that large n and small m
are the typical settings for sketching (coordinate descent) methods, see e.g. Beck (2014); Necoara et al.
(2017); Nesterov (2012). The simplest case is when n is large and m = 1, that is we have a single linear
constraint a’ x = b, as considered in Beck (2014); Necoara (2013); Necoara & Patrascu (2014); Necoara
et al. (2017). Note that we do not necessarily impose f to be a convex function. From the optimality
conditions for our optimization problem (1.1) we have that x* € R" is a stationary point if there exists
some A* € R™ such that:
VF(x")+ATA* =0 and Ax*=b.

However, if f is convex, then any x* satisfying the previous optimality conditions is a global optimum for
optimization problem (1.1). Let us define X* the set of these points. Therefore, x* € X* is a stationary
(optimal) point if it is feasible and satisfies the condition:

Vf(x*) € range(AT).

1.2 Motivation

We present below several important applications from which the interest for problems of type (1.1) stems.

1.2.1 Page ranking. This problem has many applications in Google ranking, network control, data
analysis Ishii ef al. (2012); Nesterov (2012); Necoara (2013). For a given graph ¢ let £ ¢ R™*" be its
incidence matrix, which is sparse. Define E = E diag(ETe)™!, where e € R” denotes the vector with all
entries equal to 1. Since E Te = ¢, i.e. the matrix E is column stochastic, the goal is to determine a vector
x* > 0 such that: Ex* = x* and e’ x* = 1. This problem can be written directly in optimization form:

xeR?

1
min f(x) (::2||Ex—x||2> st. elx=1,

which is a particular case of our optimization problem (1.1) with m = 1 and E sparse matrix.
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1.2.2  Machine learning. Consider the optimization problem associated with the loss minimization of
linear predictors without regularization for a training data set containing n observations a; € R™ Shalev-
Shwartz & Zhang (2013):

Here ¢; is some loss function, e.g. SVM ¢;(z) = max{0, 1 — y;z}, logistic regression ¢;(z) = log(1 +
exp(—yiz)), ridge regression ¢;(z) = (z—y;)?, regression with the absolute value ¢;(z) = |z—y;| and support
vector regression ¢;(z) = max{0, |z—y;| — v} for some predefined insensitivity parameter v > 0. Moreover,
in classification the labels y; € {—1,1}, while in regression y; € R. Further, let ¢; denote the Fenchel
conjugate of ¢;. Then the dual of this problem becomes:

1 n
gﬁ%f(x) <ni§i¢i*(xi)> s.t. Ax=0,

where A = [a; ---a,] € R™*". Clearly, this problem fits into our model (1.1), with m representing the
number of features, n the number of training data, and the objective function f is separable.

1.2.3  Portfolio optimization. In the basic Markowitz portfolio selection model Markowitz (1952), see
also Frongillo & Reid (2015) for related formulations, one assumes a set of n assets, each with expected
returns U;, and a covariance matrix X € R"*", where 2@’ 7) is the covariance between returns of assets i
and j. The goal is to allocate a portion of the budget into different assets, i.e. x; € R represents a portion
of the wealth to be invested into asset i, leading to the first constraint: }';'  x; = 1. Then, the expected
return (profit) is r = Y| p;x; and the variance of the portfolio can be computed as Y; ; x;x iZ,j)- The
investor seeks to minimize risk (variance) and maximize the expected return, which is usually formulates
as maximizing profit while limiting the risk or minimizing risk while requiring given expected return. The
later formulation can be written as:

n n
. T
minx Xx s.t. iXi =T, x; =1
XGRH l:ZII.Ll l 7 1=ZI l ’

which clearly fits again into our optimization model (1.1) with m = 2. We can further assume that each
asset belongs exactly to one class ¢ € [C], e.g. financials, health care, industrials, etc. The investor would
like to diversify its portfolio in such a way that the net allocation in class ¢ is a.: Y.° | x;1.(i) = a, for all
¢ € [C], where 1.(i) = 1 if asset i is in class ¢ and 1.(i) = 0 otherwise. One can observer that in this case
we get a similar problem as above, but with C additional linear constraints (m = C + 2).

2. Random sketching

It is important to note that stochasticity enters in our algorithmic framework through a user-defined distri-
bution .¥ describing an ensemble of random matrices S € R"*? (also called sketch matrices). We assume
that p < n, in fact we usually require p ~ &'(m) and note that p can also be random (i.e. the . can
return matrices with different p). Our schemes and the underlying convergence theory support virtually
all thinkable distributions. The choice of the distribution should ideally depend on the problem itself, as it
will affect the convergence speed. However, for now we leave such considerations aside. The basic idea
of our algorithmic framework consists of a given feasible x, a sample sketch matrix S ~ . and a basic
update of the form:

xT =x+8d suchthat ASd =0, 2.1

where the requirement ASd = 0 ensures that the new point x™ will remain feasible. Clearly, one can choose
a distribution .’ which will not guarantee convergence to stationary/optimal point. Therefore, we need to
impose some minimal necessary conditions for such a scheme to be well-defined. In particular, in order to
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avoid trivial updates, we need to choose S ~ .& such that the homogeneous linear system ASd = 0 admits
also nontrivial solutions, that is we require:

range(S) Nker(A) # 0. (2.2)

Moreover, since for any feasible x” an optimal solution satisfies x* € x” +ker(A), it is necessary to require
that with our distribution . we can generate ker(A):

ker(A) = Span (Ug..« (range(S) Nker(A))). (2.3)

Note that the geometric conditions (2.2)-(2.3) are only necessary for a sketch descent type scheme to be
well-defined. However, for a discrete probability distribution, having e.g. the property that P(S) > 0 for
all S ~ ., condition (2.3) is also sufficient. In Section 2.3 (see Assumption 2.2) we will provide sufficient
conditions for a general probability distribution . in order to obtain well-defined algorithms based on
such sketching. Below we provide several examples of probability distributions satisfying our geometric
conditions (2.2)-(2.3).

2.1  Example 1 (finite case)

Let us consider a finite (or even countable) probability distribution .. Further, let x be a particular
solution of the linear system Ax = b. For example, if AT denotes the pseudo-inverse of the matrix A, then
we can take x = ATh. Moreover, by the properties of the pseudo-inverse, I, — A'A is a projection matrix
onto ker(A), that is range(I, — ATA) = ker(A). Therefore, any solution of the linear system Ax = b is:

x=A"b+ (I, —ATA)y,

for any y € R". Thus, we may consider a finite (the extension to countable case is straightforward) set
of matrices Q = {S; € R"™*”: i=1: N} endowed with a probability distribution P, = P(S = S;) for all
i € [N] and condition (2.3) requires that the span of the image spaces of {S;}? | contains or is equal to
range(l, — ATA):

ker(A) = range(I, — ATA) = Span (U;.p~o(range(S;) Nker(A))). (2.4)

In particular, we have several choices for the sampling for a finite distribution:

Kernel sketching: If one can compute a basis for ker(A), then we can take as random sketch matrix
S; € R™P any block of p elements of this basis endowed with some probability P, = P(S = S;) > 0 (for the
case p = 1 the matrix S; represents a single element of this basis generating ker(A)). This sampling was
also considered in Frongillo & Reid (2015). Clearly, in this particular case condition (2.2) and condition
(2.3) or equivalently (2.4) hold since ker(A) = Span (Ufi | range(S,-)).

Coordinate sketching: However, for a general matrix A it is difficult to compute a basis of ker(A). A
simple alternative is to consider then any p-tuple A" = (i1---i,) € 211 with p > m, and the corresponding
random sketch matrix S 4y = [e,-l ---eip], where e; denotes the ith column of the identity matrix I, with
some probability distribution P 4 over the set of p-tuples in 2[1 Tt is clear that for this choice condition
(2.2) and condition (2.3) or equivalently (2.4) also hold. For the particular case when we have a single
linear coupled constraint, i.e. a’ x = b, we can take random matrices Sij = [e; e] also considered e.g. in
Necoara (2013). This particular sketch matrix based on sampling columns of the identity matrix leads to
coordinate descent framework. However, the other examples (including those from Section 2.2) show that
our sketching framework is more general than coordinate descent.

General sketching: Instead of working with the matrix I,,, as considered previously, we can take any
orthogonal or full rank matrix .# € R having the columns .#; and thus forming a basis of R". Then, we
can consider p tuples A" = (i1,---,i,) € 21" with p > m, and the corresponding random sketch matrix
Sy =[S -+ H,], with some probability distribution P 4 over the set of p-tuples in 21", Clearly, for this
choice of the random sketch matrices S the conditions (2.2) and (2.3) or equivalently (2.4) still hold.

_I_
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2.2 Example 2 (infinite case)

Let us now consider a continuous (uncountable) probability distribution .. We can consider in this case
two simple sampling strategies:

Kernel sketching: If one can sample easily a random matrix B such that range(B) = ker(A), then choose
one or several columns from this matrix as a sketch matrix S. In this case p > 1.

General sketching: Alternatively, we can sample random full rank matrices in R"*" and then define S
to be random p > m columns. Furthermore, since it is known that random Gaussian matrices are full rank
almost surely, then we can define S ~ .4#"*? to be a random Gaussian matrix. Similarly, we can consider
random uniform matrices and define e.g. S ~ Unif(—1,1)"*?.

A sufficient condition for a well-defined sampling in the infinite case is to ensure that in expectation one
can move in any direction in ker(A). Considering the general update rule (2.1), we see that if we sample
S € R"*P, then our update can be only Sd for some d € RP. Now, we also have a condition, that we want
to stay in the ker(A), and therefore d cannot be anything, but has to be chosen such that Sd € ker(A). Now,
this restricts the set of possible d’s to be such that:

ASd=0 =  d=(I,—(AS)"(AS))

for some ¢t € R”. Recall, that we allow p to be also random, hence to derive the sufficient condition we
need to have some quantity with dimension independent on p. Note that each t € R” can be represented
ast = STt +1" for some t' € R" and t” € ker(S). Hence, we see that if S is a general matrix and ¢t € R”,
then we can move in the direction:

Sd = S(I — (AS)T(AS))r = S(I — (AS)"(AS)) (STt +1") = S(I — (AS)" (AS))ST ¢,

since St” = 0. Hence, we have the ability to move in range (S(I — (AS)*(AS))S”). Now, the condition to
be able to move in ker(A) can be expressed as requiring that on expectation we can move anywhere in
ker(A):

range (E [S(I — (AS)"(AS))ST]) = ker(A), (2.5)

provided that the expectation exists and is finite. Note, that this condition must hold also for a discrete
probability distribution, however the condition (2.3) is more intuitive in the discrete case. In the next
section we provide algebraic sufficient conditions on the sampling for a general probability distribution .
in order to obtain well-defined algorithms.

2.3 Sufficient conditions for sketching

It is well known that in order to derive any reasonable convergence guarantees for a minimization scheme
we need to impose some smoothness property on the objective function. Therefore, throughout the paper
we consider the following blanket assumption on the smoothness of f:

ASSUMPTION 2.1 For any feasible x° there exists a positive semidefinite matrix M such that M is
positive definite on ker(A) and the following inequality holds:

FO) < F@ Ty~ )+ 30— M), Yoy €+ ker(A). 6

Note that for a general (possibly non-convex) differentiable function f the smoothness inequality (2.6)
does not imply that the objective function f has Lipschitz continuous gradient, so our assumption is less
conservative than requiring Lipchitz gradient assumption. Note that when f is convex the condition (2.6) is
equivalent with Lipschitz continuity of the gradient of f on x° 4 ker(A), see Nesterov (2013). In particular,
if M = LI, for some Lipschitz constant L > 0 we recover the usual definition of Lipschitz continuity of
the gradient for the class of convex functions. However, (2.6) allows for our methods to take into account
more structure on the objective function, when this is available. For example, if the objective function



8 of 30 L. NECOARA AND M. TAKAC

is quadratic we can choose M as the Hessian, and our methods can be interpreted as novel extensions to
more general optimization models of the recently introduced iterative Hessian sketch method for minimiz-
ing self-concordant objective functions Pilanci & Wainwright (2017). If the objective function is separable,
ie. f(x) =Y, fi(x;) as in the dual SVM application from Section 1.2.2, and there exist constants M; > 0
such that f/(x;) < M;, we can choose M = diag(M;,i € [n]). Finally, there are many application having
the objective function of the form f(x) = g(Mx) for some appropriate matrix M and some smooth convex
function g, as in page ranking (see Section 1.2.1) or portfolio optimization (see Section 1.2.3). For this
case, if L, is an upper bound on the Hessian of g on the ker(A), then we can easily compute an M satisfying
Assumption 2.1 as M = L,M TM, whereas obtaining the classical bound LI, is a computationally more in-
tensive task and would lead to worse theoretical convergence speed. In conclusion, our sketching methods
derived below are based on (2.6) and therefore they have the capacity to utilize curvature information, this
leading usually to striking improvements in theory and practice.

The reader should also note that we can further relax the condition (2.6) and require smoothness of f with
respect to any image space generated by the random matrix S. More precisely, it is sufficient to assume
that for any sample S ~ . there exists a positive semidefinite matrix Ms such that Mg is positive definite
on ker(A) Nrange(S) and the following inequality holds:

1
FO) <T@ +(VF)y=x) + 5 (=2 Ms(y—x) ¥,y €x"+ker(A) A x—y € range(S).
Note that if Mg = M for all S we recover the relation (2.6). For simplicity of the exposition in the sequel
we assume (2.6) to be valid, although all our convergence results can be also extended under previous
smoothness condition given in terms of M.

From the above discussion it is clear that the direction d in our basic update (2.1) needs to be in the kernel
of matrix AS. However, it is well known that the projection onto ker(AS) is given by the projection matrix:

Ps=1,— (AS)"(AS).
Clearly, we have ker(AS) = range(Ps). Let us further define the symmetric matrix:
Zs = SPs(PL ST MSPs)TPLST € R, 2.7

The matrix Zg plays a key role in the accelerated and non-accelerated random sketch algorithms we propose
in the sequel. For example, both algorithms have an update step of the form x¥*! = xk — ZgV £ (x*) (see
Sections 3 and 4). Hence, we derive below some important properties for the matrix Zg, since they are
useful for algorithm development. First we observe that:

LEMMA 2.1 For any probability distribution .# the matrix Zg is symmetric (Zg = Zg), positive semidef-
inite (Zs = 0), and for any u € range(A”) we have Zsu = 0, that is range(AT) C ker(Zs). Moreover, the
following identity holds ZgMZg = Zs.

Proof. Tt is clear that Zg is positive semidefinite matrix since M is assumed positive semidefinite. It is
well-known that for any given matrix B its pseudo-inverse satisfies BB'B = B and B'BB" = B'. Now, for
the first statement given the expression of Zg it is sufficient to prove that PST STu = 0 for u € range(AT).
However, if u € range(A”) then there exists y such that u = ATy and consequently we have:

PLSTu=PISTATy = (I — (AS)T(AS))T (AS)Ty
= [(AS) (I~ (AS)"(AS))]Ty
= ((45) — (AS)(48)"(4S))Ty =0,
where in the last equality we used the first property of pseudo-inverse (AS)(AS)¥(AS) = AS. For the second
part of the lemma we use the expression of Zg and the second property of the pseudo-inverse applied to
the matrix (PYSTMSP;)", that is:

ZsMZs = [SPs(PI ST MSPs)' PESTIM[SPs(PL ST MSPs)TPIST| = Zg,

which concludes our statements. ([
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Now, since the random matrix Zg is positive semidefinite, then we can define its expected value, which is
also a symmetric positive semidefinite matrix:

Z = Es|Zs]. 2.8)

In the sequel we also consider the following assumption on the expectation matrix Z:

ASSUMPTION 2.2 We assume that the distribution .& is chosen such that Zg has a finite mean, that is
the matrix Z is well defined, and positive definite (notation Z > 0) on ker(A).

It is straightforward to see that this assumption holds automatically for all the examples from Section 2.1,
provided that M is positive definite matrix. As we will see below, Assumption 2.2 is a sufficient condition
on the probability distribution .# in order to ensure convergence of our algorithms that will be defined in
the sequel. To our knowledge our algebraic characterization of the probability distribution defining the
sketch matrices S for problems with multiple non-separable linear constraints seems to be new.

Note that the necessary condition (2.2) holds provided that Zg # 0. Indeed, from Lemma 2.1 we have
range(AT) C ker(Zs) for all S ~ .7 and ker(Zs) L range(Zs). Therefore, we get that range(A”) L range(Zs)
and we know that range(AT) | ker(A). Let z € range(Zs) C R", z # 0, then there exists unique z; €
range(A”) and z € ker(A) such that z = z; +z>. Moreover, we have z | range(A”), i.e. z L z;, which
implies that (z1 +22,21) = ||z1]|> +0 = 0. Thus, z; = 0 and z € ker(A). From the last relation, we get:

range(Zs) C ker(A).

Moreover, from the definition of the symmetric matrix Zg we have range(Zs) C range(S), which combined
with the previous relation leads to:

range(Zs) C ker(A) Nrange(S),

and consequently proving that the condition (2.2) holds provided that Zg # 0. Moreover, we can show that
the necessary condition (2.3) holds if Z satisfies Assumption 2.2.

LEMMA 2.2 If Assumption 2.2 holds, then the following identity takes place
range(A”) = ker(2)

and consequently Z'Z is a projection matrix onto ker(A), where Z' denotes the pseudo-inverse of the
matrix Z. Moreover, the necessary condition (2.3) is also valid.

Proof.  First we note that Z = 0 on ker(A), if and only if Z > 0 on R”"\ range(A”). Indeed, since
ker(A) C (R"\ range(A”)) U {0}, one direction of the equivalence is straightforward. In order to prove
the other direction of the equivalence, we first note from Lemma 2.1 that Zu = 0 for any u € range(A”).
Now, any x € R” \ range(AT) can be written as x = ATA +x, where A € R™ and x, € ker(A)\ {0}, and
consequently x” Zx = (ATA +x, )T Z(AT A +x, ) = xT Zx, > 0, which proves the equivalence.

Furthermore, for proving the first part of the lemma we use that range(A”) C ker(Zs) for all S ~ .&
(see Lemma 2.1). This means that range(A”) C Ny ker(Zs) C ker(Z). The other inclusion follows by
contradiction. Indeed, let us assume that there exists u ¢ range(A” ) such that Zu = 0, or equivalently Zu =
0 for some u € R"\ range(AT). However, note that Z = 0 on ker(A) if and only if Z = 0 on R" \ range(AT),
which contradicts our assumption. Moreover, it is well-known that Z7Z is an orthogonal projector onto
range(Z) and the rest follows from standard algebraic arguments. In conclusion, the first statement holds.

For the second part of the lemma we observe that for any non-zero u € ker(A), we have Zu # 0, that is
u ¢ ker(Z). In conclusion, we get ker(A) C (R”\ ker(Z)) U{0}. But, range(Z) C Span(Ug. & range(Zs)),
from which we can conclude ker(A) C Span(Us.. »~ range(Zs)) and consequently condition (2.3) holds. [J

The primal-dual ”norms”. Since the matrix Zg is positive semidefinite, matrix Z is also positive semidef-
inite. Moreover, from Lemma 2.1 we conclude that range(A”) C ker(Z). In the sequel we assume that
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S ~ .7 such that Z is a positive definite matrix on ker(A) and consequently on R" \ range(A”) (see As-
sumption 2.2). Then, we can define a norm induced by the matrix Z on ker(A) or even R" \ range(A”).
This norm will be used subsequently for measuring distances in the subspace ker(A). More precisely, we
define the primal norm induced by the positive semidefinite matrix Z as:

llullz=vVuTZu YueR"

Note that ||ul|z = 0 for all u € range(AT) (see Lemma 2.1) and ||u|z > O for all u € R" \ range(A”). On
the subspace ker(A) we introduce the extended dual norm:

x|y = max (x,u) VxéEker(A).
ol = _max G )

Using the definition of conjugate norms, the Cauchy-Schwartz inequality holds:
(u,x) <|ullz- ||x|l5 Vx €ker(A), ucR". (2.9)
LEMMA 2.3 Under Assumption 2.2 the primal and dual norms have the following expressions:
lullz = VuTZu, x| =VxTZx YucR", Vxeker(A). (2.10)

Proof. Let us consider any 7 € range(A”). Then, the dual norm can be computed for any x € ker(A) as:

x|y = max X, u) = max X, u—0

I+llz ueRrn: <2u,u><1< ) u:(Z(ufl}),ule><1< ’ )

= max (x,u) = max (x,u)y = max (x,u)
u:(Zu,uy<1,ucker(A) u:{Zu,uy<1,Au=0 w:(Zuu) <1,uT AT Au<0

= min max[(x,u) + u(1 — (Zu,u)) — v(AT Au, u)]
V,u=0ucRk”

v,u=0 v=0 u>0

= min u+ ((uZ+vATA) x,x) :minmin[/.t—l—ﬁ((Z—ﬁ— EATA)_lx,xﬂ

= min\/((Z+GATA) 1x.x),

>0

We obtain an extended dual norm that is well defined on the subspace ker(A):

Hx||§:min\/<(Z+§ATA)‘1x,x> Vx € ker(A). 2.11)
{=0

The eigenvalue decomposition of the positive semidefinite matrix Z can be written in the following form
Z = Udiag(Ay,--- ,A,0,---,0)UT, where A; are its positive eigenvalues and the columns of orthogonal
matrix U = [Uger Urange] are the corresponding eigenvectors, Uy, generating ker(A) and Uyge generating
range(AT). Then, we have:

(Z+CATA)_1 = Udlag(ﬂ'la a/’{'raglﬂrla"' 7C/’Ln)_1UT7

where A,,1,---,A, are the nonzero eigenvalues of symmetric matrix A”A. From (2.11) it follows that our
newly defined dual norm has the following closed form:

Ixl = VxTZTx Vx € ker(A),

where Z' denotes the pseudoinverse of matrix Z. (]

The following example shows that the 2-coordinate sampling proposed in Necoara et al. (2017) (in the
presence of a single linear constraint m = 1) is just a special case of the sketching analyzed in this paper:

_I_
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EXAMPLE 2.3 Let us consider the following optimization problem:

n

flx)= Zﬁ(xi) subject to ix,- =b.

i=1 i=1

In this case, assuming that each scalar function f; has L; Lipschitz continuous gradient, then we consider
M = diag(Ly,---,L,). Moreover, we can take any random pair of coordinates (i, j) with i, j=1:n,i<j
and consider the particular sketch matrix S;;) = [ei e/]. Note that, for simplicity, we focus here on Lipschitz
dependent probabilities for choosing the pair (i, j), thatis P; ;) = (L;+L;)/((n—1)L) with L= Y| L;.
Following basic derivations we get:

N 1 1 -1 T 1 T
Zij = L7i+LjS(ij) [1 1 ]S(ij) “L+L (ei—ej)(ei—ej)",

n 1 n—1)L 1
2= () 2= (). @1

Clearly, Z = 0 on ker(A) and thus Assumption 2.2 holds. Similarly, we can compute explicitly Z and Z*
for the fixed selection of the pair of coordinates (i,i+ 1) withi=1:n—1.

3. Random Sketch Descent (RSD) algorithm

For the large-scale optimization problem (1.1) methods which scale cubically, or even quadratically, with
the problem size n is already out of the question; instead, linear scaling of the computational costs per-
iteration is desired. Clearly, optimization problem (1.1) can be solved using projected first order methods,
such as gradient or accelerated gradient, both algorithms having comparable cost per iteration Nesterov
(2013). In particular, both methods require the computation of the full gradient V f(x) and finding the
optimal solution of a subproblem with quadratic objective over the subspace ker(A) C R™:

: 1
Lmin FX)+(Vf(x),d)+ 3 d"Md. (3.1)

For example, for the projected gradient method since we assume M positive definite on ker(A) (see As-
sumption 2.1), then the previous subproblem has a unique solution leading to the following gradient itera-
tion:

G =x6 -2, V), (3.2)

where Z;, € R"™*" is obtained by replacing S = I, in the definition of the matrix Zs. However, for very
large n even the first iteration is not computable, since the cost of computing Z;, is cubic in the problem
dimension (i.e. of order &(n*) operations) for general matrix M. Moreover, since usually Z;, is a dense
matrix regardless of the matrix M being dense or sparse, the cost of the subsequent iterations is quadratic
in the problem size n (i.e. @ (n?)). Hence, full gradient type methods are prohibitive when 7 is large and
m is small. Therefore, the development of new optimization algorithms that target linear cost per iteration
and nearly dimension-independent convergence rate is needed. These properties can be achieved using
the sketch descent framework. In particular, let us assume that the initial iterate x° is a feasible point,
i.e. Ax =b. Then, the first algorithm we propose, Random Sketch Descent (RSD) algorithm, chooses
at each iteration a random sketch matrix § € R"*? according to the probability distribution . and find
a new direction solving a simple subproblem (see Algorithm 1 below). Let us explain the update rule of
our algorithm RSD. Note that the new direction in the update x**'! = x* + Sd* of RSD is computed from
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Algorithm 1 Algorithm RSD

1: choose x” € R such that Ax" = b

2: for k>0 do

3:  Sample S ~ .% and perform the update:
4 X =k - ZgVF(xb).

5: end for

a subproblem with quadratic objective over the subspace ker(AS) C R? that it is simpler than subproblem
(3.1) corresponding to the full gradient:

1
k : k T T
= +(V + MSd. .
d argde r’}}}‘rgd 0f(x) ( f(xk),Sd) d S"MSd (3.3)

We observe that from the feasibility condition ASd = 0 we can compute d as:
d=Pst (:=(I,—(AS)"(AS))1),

for some 7. Then, the constrains will not be violated. Now, let’s plug this into the objective function of the
subproblem, to obtain an unconstrained problem in #:

T

. 1
= argmin (V£(), S((1, = (48)"(AS))0)) + 5|11, = (AS)" (AS) ) -
Then, from the first order optimality conditions we obtain that:
PLSTMSPg* = —PISTV £(xb),

and hence we can define ¥ as
" = —(PLSTMSPs)TPI STV £(x5).

In conclusion we obtain the following update rule for our RSD algorithm:
K =3k — SPy(PI ST MSPs)TPEST V£ (xK) = xF — ZgV £ (35). (3.4)

=Zg

After k iterations of the RSD algorithm, we generate a random output (x*, f(x¥)), which depends on the
observed implementation of the random variable:

Tk = (S0, ,Sk-1)-
Let us define the expected value of the objective function w.r.t. .%:
o =E[1()].
Next, we compute the decrease of the objective function after one random step:
FETN) = (¢ 4 5P = £ = ZsV £ (x5)

)~ (9708, 25964 + 5 125V 1)
= F0) (V). ZsV 1) + 5 V4 Z5M 29 ()
= )~ (V). 2V 1) + 3 VA4 259 724

= f() = S(VF(5),ZsV (). (3.5)

| —
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Then, we obtain the following strict decrease for the objective function in the conditional expectation:
1
E[f (¢ DA < S0 = S IV )2, (3.6)

provided that x* is not optimal. This holds since we assume that Z = 0 on R" \ range(A”) and since any
feasible x satisfying V f(x) € range(AT) is optimal for the original problem. Therefore, RSD algorithm
belongs to the class of descent methods.

3.1 Computation cost per-iteration for RSD

It is easy to observe that if the cost of updating the gradient V f is negligible, then the cost per iteration in
RSD is given by the computational effort of finding the solution of the subproblem. The sketch sampling
. can be completely dense (e.g. Gaussian random matrix) or can be extremely sparse (e.g. a few columns
of the identity matrix).

Case 1: dense sketch matrix S. In this case, since we assume p < n (in fact we usually choose p of
order &'(m) or even smaller), then the computational cost per-iteration in the update (3.4) is linear in n
(more precisely of order ¢'(pmn)) plus the cost of computing the matrix ST MS € RP*P. Clearly, if M is
also a dense matrix, then the cost of computing the matrix S” MS is quadratic in n. However, it can be
reduced substantially, that is the cost of computing this matrix depends linearly on n, when e.g. we have
available a decomposition of the matrix M as M = MT M, with M € RP*" and p < n, or M is sparse.

Case 2: sparse sketch matrix S. For simplicity, we can assume that S is chosen as few columns of the
identity matrix and thus obtaining a coordinate descent type method. In this case, the cost per-iteration of
RSD is independent of the problem size n. For example, the cost of computing (AS)" is &'(m?p), while
the cost of computing (P STMSPs)" is 0(p?).

In conclusion, in all situations the iteration (3.4) of RSD is much computationally cheaper (at least one
order of magnitude) than the iteration (3.2) corresponding to the full gradient. Based on the decrease of
the objective function (3.6) we can derive different convergence rates for our algorithm RSD depending
on the assumptions imposed on the objective function f.

3.2 Convergence rate: smooth case

We derive in this section the convergence rate of the sequence generated by the RSD algorithm when the
objective function is only smooth (Assumption 2.1). Recall that in the non-convex settings a feasible x*
is a stationary point for optimization problem (1.1) if Vf(x*) € range(AT). On the other hand, for any
feasible x we have the unique decomposition of Vf(x) € R™:

Vi(x)=ATA+Vf(x),, where A€R" Vf(x), €ker(A).

It is clear that if a feasible x satisfies Vf(x), = 0, then such an x is a stationary point for (1.1). In
conclusion, a good measure of optimality for a feasible x is described in terms of ||V f(x) ||. The theorem
below provides a convergence rate for the sequence generated by RSD in terms of this optimality measure:

THEOREM 3.1 Let f be bounded from below, i.e. there exists f > —oo such that min,,0 ker(a) S (X) 2 f
and Assumptions 2.1 and 2.2 hold. Then, the iterates of RSD have the following sublinear convergence
rate in expectation:

min E[|V() 3 < 260

3.7
0<I<k—1 k (3.7

Proof. Taking expectation over the entire history .%, in (3.6) we get:

1
Prr < o — S E[| VA2 (38)
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Summing the previous relation and using that f is bounded from below we further get:

ZEHVf 2] < 2(90 — ) < 2(¢0 — /)

Using the unique decomposition Vf(x') = ATA! +V £(x'), for all / and since ker(Z) = range(AT), then
we obtain ||Vf(x')||2 = [[Vf(x))L||5. Therefore, taking the limit as k — o we obtain the asymptotic
convergence limy_,. E[||V.f(x*) . ||3] = 0. Moreover, since Z = 0 on ker(A) and V£(x')| € ker(A) we also
get:

E[|V < L
o Jnin E[IVF(x)]IZ] P

which concludes our statement. |

3.3 Convergence rate: smooth convex case

In the next theorem we prove sublinear convergence for RSD in expected value of the objective function
in the smooth convex case:

THEOREM 3.2 Let the objective function f be convex and Assumptions 2.1 and 2.2 hold. Let also de-
fine ¢ = Amax(M~"/2ZTM~1/2) < co. Then, the iterates generated by RSD have the following sublinear
convergence rate in the expected value of the objective function:

1 1
01 < e (5 min 10— I 400 - ) 6.9)

Proof. Recall that all our iterates are feasible, i.e. x* € x" +ker(4). Let us define 7 = (||x¥ —x*||3)? =
[k — x* ||§1 Then, we have:
Fen = W =X |2 = | = ZgV £ (R) — x|
=t =20 )T ZIZV () 125V O - (3.10)

=T =1

In the following we find the appropriate bounds for the two terms 7} and T3, respectively. For the term T}
by taking conditional expectation with respect to .%; we obtain:

E[Ti| 7] = E[(¥ —x")TZ'ZsV f (") 7] = (F =) Z'Z V().

Moreover, we have that x* — x* € ker(A), or equivalently by Lemma 2.2, x* — x* € range(Z”) = range(Z),
since Z is symmetric matrix. Therefore, there exists some u* such that x* — x* = Zu*, and by utilizing the
fact that Z = ZZ'Z, we can continue the above equality as:

E[T\|Z] = (zz*ZMk)TV 1) = 2TV R = (& — )TV 5. (3.11)

Now, we also derive a bound for the second term 75. From the definition of ¢ = Apax (M~'/2ZTM~1/2), it
follows that ZT < ¢cM. Then, we get:

Ty = |ZsVF(&)| 5 = VN Z§ 2T 25V £ ()
SVIENTZE (eM)ZsV £ (x*) = eV £ ZsV (),

where the last relation follows from Lemma 2.1. By taking now expectation with respect to .%#; we obtain:

E[D| 7] < V(T Z V() = | VI3 (3.12)
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In conclusion, taking expectation with respect to .7 in (3.10) we have:

B.1D+(3.12)
E[ri | 7] =R —2E[N| A+ ELIA] < -2 —x) V) +| VA3

< 2e () - B - 206 - 1),

where in the last inequality we also used convexity of f. Taking now expectation over the entire history,
we have:

cE[f() - f] < E% b (/T = )] < E[é ERGCORFRIES IHCIRTS

k
< el ~ )~ LR - 1.

By utilizing the monotonic decrease of the expected objective values, see (3.6), we get:

CEIF(H) = ] < 33+l 60) — 1)~ (k4 DELFGH ) = £

which leads to our convergence estimate (3.9). g

REMARK 3.1 Note that for coordinate descent methods the convergence proofs in the smooth convex case
are usually given in terms of a constant 2(x") = max {rex0+ker(A):f(x)<f(0)} Ml ex+ [lx — x*||%, which it
is assumed to be bounded. For example, in Nesterov (2012); Necoara & Patrascu (2014) convergence
rates of order &'(%2(x") /k) are derived. However, the new proof of Theorem 3.2 does not depend on such
Z(x"), which can be arbitrarily large, but it is given in terms of the parameter ¢, which basically depends

on the properties of the objective function (M) and probability distribution on the sketching matrix (Z).

3.4 Convergence rate: smooth strongly convex case

In addition to the smoothness assumption, we now assume that the function f is strongly convex with
respect to the extended norm || - || with strong convexity parameter 67 > 0 on the subspace x” + ker(A):

ASSUMPTION 3.3 We assume that the objective function f is strongly convex on the subspace x° +
ker(A), that is there exists a parameter o > 0 satisfying the following inequality:

F0) 2 FO0)+ (V) x=3) + F (e =l2) ¥y €x+ker(d). G.13)

Note that if f is strongly convex function everywhere in R”, that is there exists a positive definite matrix
G such that:

£ > F0) IO x =) + 30— Gl—x) Yy R, (.14

then using the definition of the dual norm (||x||%)? = x” Z*x (see Lemma 2.3) we have that (3.13) also holds
for some o7 satisfying:

G>07Z" on ker(A) (orequivalently on R"\ range(AT)).

Since x”Zx = 0 for all x € range(A”) (see Lemma 2.1), then also x” Z'x = 0 for all x € range(A”). In
conclusion, the matrix inequality G = 67Z" holds automatically on range(A”) for any constant ¢, and
consequently we can define 6 as the largest positive constant satisfying everywhere on R” the matrix
inequality:

G t GZzT.

This shows that Assumption 3.3 is less restrictive than requiring strong convexity for f everywhere in R”
as in (3.14). Next, we prove that the strong convexity parameter 67 is bounded from above:
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LEMMA 3.1 Under Assumptions 2.1, 2.2 and 3.3 the strong convexity parameter o7 defined in (3.13) is
bounded above by:
07 < Amax(M'?ZM'/?) < 1. (3.15)

Proof. By the Lipschitz continuous gradient inequality (see Assumption 2.1) and the strong convexity
inequality (see Assumptions 3.3) we have that 6,Z" < M on ker(A) (or equivalently on R" \ range(A”)).
Since x”Zx = 0 for all x € range(A”) (see Lemma 2.1), then also x” Z*x = 0 for all x € range(A”). In
conclusion, the matrix inequality 6;Z" < M holds automatically on range(A”). Therefore, we get the
following matrix inequality valid on R":

0,2 <M.

Pre- and post-multiplying the previous matrix inequality with ZM 1/2 Jeads to:
oM 277 7ZM"* < M2 zZMzM 2,
or equivalently
Gle/z(ZZ+Z)M1/2 < MI/ZZ(MI/ZMI/Z)ZMI/Z'
Using the basic properties of the pseudo-inverse we obtain:
oy M\ 2ZM'? < (M'/ZZM'/Z)(MI/ZZMI/Z).

Therefore, if we denote by Y’ = M'/2ZM"'/? - 0, then we get that T2 — 6,1 = 0 and thus for any eigenvalue
A of T it holds that % — 674 > 0 or equivalently 67 < A. It remains to show that Apax (1) < 1. For this,
we recall that according to Lemma 2.1 we know that Zg = ZgMZg. By utilizing the fact that M is symmetric
and positive-definite, we can notice that

Therefore, all the eigenvalues of M 1V2z.m1'/2 belongs to the set {0, 1}. Further, by the definition of Z in
(2.8) and using the convexity of the function A, on the set of positive semidefinite matrices, we have:

Amax (M2 ZM'/?) = Dy (Bs[M'2ZsM " 2]) < Es[Anax (M'2ZsM' /)] < 1,

which completes our proof. (]
We now derive a linear convergence estimate for our algorithm RSD under this additional strong convexity
assumption on the subspace x” +ker(A):

THEOREM 3.4 Under Assumptions 2.1, 2.2 and 3.3 the sequence generated by RSD satisfies the following
linear convergence rate for the expected value of the objective function:

O—f*<(1—0)* (f(°) = f7). (3.16)

Proof. Given x¥, taking the conditional expectation in (3.6) over the random matrix S leads to the following
inequality:

2(f6 = E [f N [4]) 2 1976 2. (3.17)

On the other hand, consider the minimization of the right hand side in (3.13) over x € O+ ker(A), and
denote x(y) its optimal solution. Using the definition of the dual norm | - || in the subspace ker(A), one
can see that x(y) satisfies the following optimality conditions:

3u st.: V) +0zZ" (x(y) —y)+ATu =0 and x(y) € x° +ker(A).

Combining these optimality conditions with the well-known property of the pseudo-inverse, thatis Z'ZZ" =
Z", we get that the optimal value of this minimization problem has the following expression:

10)= 5 IVF0)13
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Therefore, minimizing both sides of inequality (3.13) over x € x° +ker(A), we have:

IVFO)Z = 202(f() — f*) ¥y €x"+ker(A) (3.18)

and fory = x* we get:
IV > 202 ()~ 1)

Combining the inequality (3.17) with the previous one, and taking expectation in .%;_; on both sides, we
arrive at the statement of the theorem. g

From the proof of Theorem 3.4 it follows that we can further relax the strong convexity assumption, that
is instead of (3.13) it is sufficient to require (3.18) to hold on x° + ker(A). The reader should note that
an inequality of the form (3.18) is known in the optimization literature as the Polyak-Lojasiewicz (PL)
condition (see e.g. Karimi et al. (2016) for a recent exposition), and the proof above shows that algorithm
RSD converges linearly for smooth convex functions satisfying only the PL condition. Since functions
satisfying the PL inequality need not be convex, linear convergence of RSD method to the global optimum
extends beyond the realm of convex functions. More precisely, is is easy to see that the convergence result
of Theorem 3.1 can be strengthen, that is we can prove linear convergence in the expected values of the
objective function for the iterates of algorithm RSD provided that additionally the PL type condition (3.18)
holds (we just need to combine the inequalities (3.8) and (3.18)).

REMARK 3.2 Note that in special cases, where complexity bounds are known for particular RSD, such as
2-coordinate descent for optimization problems with a single linear coupled constraint, our theory recovers
the best known bounds or leads to better bounds (see e.g. the convergence analysis in Frongillo & Reid
(2015); Necoara & Patrascu (2014); Necoara et al. (2017)). Note that the convergence rates of coordinate
descent methods for the smooth convex case are usually given in terms of a constant defined as Z(x°) =
MAX (e 0 ker(4):f(x) <f(x0)} Milxeex [|x —x*[|7, which is assumed to be bounded. For example, in Frongillo
& Reid (2015); Nesterov (2012); Necoara & Patrascu (2014); Necoara et al. (2017) convergence rates of
order 0 (%*(x")/k) are derived for coordinate descent type methods. Similarly, for the strongly convex
case, choosing for the sketch matrix S any 2 columns of the identity matrix, then combining (2.12) with
Theorem 3.4 we recover the convergence rate of 2-coordinate descent algorithm from (Necoara et al.,
2017, Theorem 4.2) for the problem with a separable objective function and a single linear constraint.
In conclusion, to our knowledge, this is the first complete convergence analysis of a general random
sketch descent (RSD) algorithm, for which coordinate descent method is a particular case, for solving
optimization problems with multiple linear coupled constraints.

4. Accelerated random sketch descent algorithm

For the accelerated variant of Algorithm RSD let us first define the following constant:

E[(|Zsul2)*] _ E[]|Zsul}:]

Vinax = — = 2
ucker(A),u#0 HM”Z ucker(A),u#0 HMHZ

A.1)

Let us now consider any constant parameter V > Viax. The Accelerated Random Sketch Descent (A-RSD)
scheme is depicted in Algorithm 2:

4.1 Computation cost per-iteration for A-RSD

It is easy to observe that the computational cost for updating the sequence x* is comparable to the one

corresponding to RSD algorithm. Therefore, the conclusions regarding the cost per-iteration from Section
3.1 corresponding to RSD are also valid here. Note that the accelerated variant also requires updating
two additional sequences y* and vk, which requires computations with full vectors in R”. However, for
structured optimization problems we can avoid the addition of full vectors in R" and still keep the cost per-
iteration of A-RSD comparable to that of RSD. More precisely, we can efficiently implement the updates
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Algorithm 2 Algorithm A-RSD

1: Input: Positive sequences { o }7 . { B} i { % }rso
2: Choose x” € R” such that Ax° = b and set v = x°

3: for k> 0do

4:  sample S ~ .¥ and perform the following updates:
s: Y= ogvF (1 — oy )x*
6 X =y —ZV ()
7
8

VL = Bk + (1 = Be)y* — nZsV £ (OF)
: end for

of A-RSD algorithm without full-dimensional vector operations when the sketch matrix § is sparse and
when we can efficiently compute:

Vi(ov+ Bu) Vo,B €R and v,u € R".

Note that gradient evaluation in such points is computationally easy when f has a special structure, e.g. of
the form f(x) = g(Ex), where E is a sparse matrix Fercoq & Richtarik (2015). Objective functions of this
form includes many generalized linear models, such as logistic regression, least squares, etc. In Appendix
we provide efficient implementations of the updates of A-RSD for these settings.

4.2 Basic properties of A-RSD

Before deriving convergence rates for A-RSD we analyze some basic properties of this algorithm. First,
we prove that the newly introduced constant Vp,.x is bounded, thus finite:

LEMMA 4.1 Under Assumptions 2.1, 2.2 and 3.3 we have:

. 1
Oz g Vmax < /»Lmax(Mil/zz‘Mil/z) < ;
7
Proof. Tf we denote ¢ = Amax (M~'/2ZTM~1/2), then it follows that Z' < cM. Using this matrix inequality
in the definition of vy« we have:

E[|Zsuly] _ Elu'ZsZ'Zsu] _ Ele-u’ ZsMZsu]

lulZ ul Zu b ul Zu
E[u’Z
zc%zc Yu € ker(A),u # 0.

This proves that Vip,x < ¢ < oo provided that Assumptions 2.1 and 2.2 hold (there is no need to impose
strong convexity for this upper bound). Now, we will show that 67 < Vi, if additionally strong convexity
(Assumption 3.3) holds. Indeed, from Jensen inequality we have:

E Zsu2 EZSMZ

R IR
ucker(A),u#0 ||MHZ ucker(A),u#0 ||MHZ

1 2ellz: _ Jully _ | G19

= ma - -
ueker(A),u0 ||u||% u€ker(A),uz0 ||u||% -

proving the left-hand side inequality. Moreover, by the Lipschitz continuous gradient inequality and
the strong convexity inequality we have 6,Z" < M and consequently M 12zt 12 < Gizln. Hence,

Amax (M~Y2ZFM~1/2) < L which concludes the proof. O

1
Oz
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EXAMPLE 4.1 (Cont. of example 2.3.) For the optimization problem considered in Example 2.3 we can
easily compute a good upper approximation for Vi,y:

2(n—1)L ul
E[u'Z )72 jyu] E w4t 2(n—1)L
Vmax =  Max = max <max ————, “4.2)
ueker(A),u£0 ul Zu ueker(A),u£0 ul Zu i<j n(Li+Lj)
where we used (e; —e;)7 (I, — 1/n ee” )(e; — e;) = 2. This shows that Viay < n%}‘fi (:= n) and conse-

quently it is related to the dimension of the optimization problem (see also Nesterov (201 2)).

For simplicity of the exposition let us also denote:
¢ =—2ZsVi¥) (= —SP(PISTMSP) P STV ().

From the updates of A-RSD we can also show a descent property for the conditional expectation E[f (x**1)|.%].
Indeed, from our updates and Assumption 2.1 we have:

SO = FOF 80 < FON) + (V70880 + 5 el

Taking now the conditional expectation with respect to random choice S and using that ZgMZs = Zg (see
Lemma 2.1) we obtain:

E[f()7] < Fw) + <Vf(yk)»E[gk|yk]>+%E[||ng12v1\3Zk}
= F0)+ (V) B2 FOR 7))+ 5 EIZ5V 70l 74
= 00~ V00 B 4 IV 7GO3 = £0w) — 5 IV 70013 @3)

Moreover, the sequences x¥, ¥ and v satisfies x* —x* € ker(A), y* —x* € ker(A) and v — x* € ker(A), and
consequently also x* — y* € ker(A). Moreover, since range(A”) = ker(Z) (see Lemma 2.2), then Z'Z is a
projection matrix onto ker(A), that is Z"Zu = u for all u € ker(A), and thus the following holds:

Z'Z(x* =y ) =x*—y* and ZTZ(x* —yF) =2 -y~ 4.4
For any optimal point x* let us also define the sequence: r7 = |[V* —x* ||§_ Based on the previous discus-

sion, we can show the following descent property for the sequence r; generated by Algorithm A-RSD that
holds also for the case 6z = 0:

LEMMA 4.2 Under Assumptions 2.1, 2.2 and 3.3, for any choices of the sequences {0y} € (0, 1],
{Be}rp € (0, 1] and {yi}7 € (0, e0), and any v > Vpax the Algorithm A-RSD produces a sequence of
points (x, vk, V) such that the following descent inequality holds:

(Xk

E[Z,, 12704 — fL 7 < e (rk g (e - f*)) 45)

+ (1= Be— o) | —x* |5 + (2713" — 2% — 2% Bk - ak) (FOM) = ).

Proof. Using the definition of 7| we have:
2
T = v

T .
= 1B+ (1= By = 2 + e B + 23 (B + (1 = By —x°) Zigy

T
< BV ="+ (1= BOI* = x' 112+ R el +2m (Bok +(1 - By ) Z'au,

x| = 1B + (1= By = + sl
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where in the last inequality we used the convexity of the norm and the fact that f§; € [0, 1]. Taking now
the conditional expectation with respect to .7 we get:

Bl 73] < BV~ + (1= Bl —x I+ Bl ~ 259704 |7
2y (Bok+ (1=t ) Z1(~29 1)
it (- BOly e 1+ RVIVAOAB 23 (Bt — (1 pyt) 229
= B+ (1= Bl B+ RVIVAON) I3
vap (¢ = 1) 22908 2 (F ) 229 0
= B+ (1= Bl — 3 + RVIVA O

+2% <X* - yk> Z'zvi(h) - 2Ykﬁkl;7kak (yk - xk) ' Z'zv (")
4.3)
< B+ (1= B =2 +212v (F05) — ELF (5 )

* + -« T +
+2% (x —yk)Z‘ZVf(yk)—Zykﬁk “ k (yk—xk) Z ZVf(yk).

Rearranging the terms, we get:
E[ri + 2R v(F () — ) 1)
< Beri + (1= By = >[I +207v(fOF) — 1)

T 1— T .
van (v ) 2290 w2 () 229

(4.4)
< Bt (L= Bolly* =[5 + 270 v(FOF) = )

+2% (X* - yk) ! VIR + 2B : ;kak (Xk - yk) ' VY

(3.13)
< Bt + (1= By — x5 + 27 v(F (") — )

1— T
P20 (=0 = G 2 ) 2mbi g (4 ) Vr0Y).

Note that the previous derivations also hold without Assumption 3.3, that is we use the strong convexity
inequality (3.13) with oz = 0. Using now the convexity of function f and that oy € (0, 1], we further get:

Elrgpy + 27 v(f @) — )l

< B (1 o= mon)ot I+ 22~ 2W0N) — )+ 2 = ()~ 165
=i (2 0 - 1) + 0 e mon) -,
+(2v-mm-2B ) (0 - 1)
which concludes our statement. (]

Based on the previous descent property we can derive different convergence rates for our algorithm A-RSD
depending on the assumptions imposed on the objective function f.
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4.3 Convergence rate: smooth convex case

In this section we prove the sublinear convergence rate for A-RSD (Algorithm 2) for some choices of the
sequences {0}, {Br}r o and {Y}r_o- In particular, the next lemma shows the behavior of {y%}7,
defined as follows:

LEMMA 4.3 Let {%};_, be a sequence defined recursively as y) = % and Y+ be the largest solution of
the second order equation:

Tt — et = - 4.6)
Then, ¥, satisfies the following inequality:
k+2
> . 4.7
%z oo 4.7

Proof. First, we observe that {¥}7"_, is a non-decreasing sequence. Indeed, the largest root of (4.6) is:

1 1 2 2
. 5 > = (4.8)

Yet1 =
Next, we have:
(4.6) (4.8)
1 = Vet =% = et = %) Fert + %) < 2%t (1 — 1) (4.9)
which implies that
2+k
A< = k— =—.
Yot 2y S Ve Ye 2 Y+ v v
This concludes our proof. O

From (4.7) it follows y.v > 1,Vk > 0. Now, we are ready to prove the sublinear convergence of A-RSD:

THEOREM 4.2 Under Assumptions 2.1 and 2.2 the sequences generated by Algorithm A-RSD with oy =
ka e, 1,B=Ln==+ and Y be the largest solution defined by recursion (4.6), satisfy the following
sublinear convergence rate in expectation:

2v

(k+1) x*eX*”x —X HZT Vk

E[/09) 5] <

Proof. In the smooth convex case we can use Lemma 4.2 (i.e. descent relation (4.5)) by setting 6z = O:

El7., 23V — )7 S (,% Loyl

LA f*)>

+ <2ﬁv—2n;k> (FOM) = £9). (4.10)

Note that oy, = W and hence the last term in (4.10) vanishes. Thus, we further obtain:
* @.10) 11— O *
Blrie +20v (/D = A < 42— = (FE) = ). (@.11)
Moreover, since oy = m V, then:

1—o LI RPN
2% - _27/,§v<1 9/kv>_2y,§v 2%. (4.12)
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Plugging (4.12) into (4.11) and dividing both sides by 2v we obtain:

Bl + RO = LA < (F7+ (R =30 - ). (4.13)

Now, it reminds to note that Y, satisfy (4.6) and consequently:

Elsb it + (0 = 2 ) ) = P17 < (R + R = 2w ) - 1)

Taking now the expectation over the entire history in the previous recursion and unrolling it, we get:

E[(% — 3% () = O <Elgpri + (% — ) (F6F) = )]

<75+ (0 = 50 (F(6°) = ).
: : 2_ 1 @D 4q1y2

Since the second order equation ¥; — v =Y 2 (W) for all k > 1, we get our statement. O
4.4  Convergence rate: smooth strongly convex case
We are now ready to state the linear convergence rate for A-RSD (Algorithm 2).
THEOREM 4.3 Under Assumptions 2.1, 2.2 and 3.3 the sequences generated by Algorithm A-RSD with

o = 11@%2 €(0, 1], Bx=1—p07€0, 1] and 3 = \/% < Giz satisfy the following linear convergence

rate in expectation:

B[+ 20 -r)] < (1—\/?)k (4 2009-17).

Proof. Note that the choices of oy, B and ¥, from the theorem guarantee that:

1—¢ 1-«
272V =2y akk’ 1—Be— %0z <0, 297V —2% — 2B akk

=0.

Using these relations in Lemma 4.2 (i.e. descent relation (4.5)), we get:

" “3) -« "
E[r,%+1 +2y,§v(f(xk+1) —fIN%] < B (r,%+2yk o k(f(xk) —f )> .
After plugging oy = 1_’&;: 2 and y = \/% we further obtain:

Bl +2/02(f () = )| < B (1R +2/02(5) = ).

and taking now the expectation over the entire history we get:

k—1
E[rg +2/02(f(*) = f)] < (-H,ﬁ") (5 +2/02(f(°) = 1)),
=

which leads to the statement of our theorem. O

REMARK 4.1 Note that the presence of coupling constraints requires new proof techniques for A-RSD
algorithm, different from the standard convergence proofs of accelerated coordinate descent methods from
the literature, e.g. the parameters o, B and 7, are defined differently from those in Nesterov (2012). Con-
sequently the recurrence relation from Lemma 4.2. is also different from the one in Nesterov (2012). It is
also important to note that in this work we designed for the first time an accelerated random sketch descent
algorithm (A-RSD) for optimization problems with multiple non-separable linear constraints accompanied
by a full convergence analysis.
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Table 1: Comparison of convergence rates for RSD and A-RSD algorithms.

RSD A-RSD
[0 =112 Va0,
smooth convex Z — -
k
k Oz
smooth strong convex (1-0y) (1 - 7)

Table 1 summarizes the convergence rates in E[f(x*)] — f* of RSD and A-RSD algorithms for smooth
(strongly) convex objective functions (we assume, for simplicity, [|x° —x* ||§T we(f(x%) = £*)). We observe
from this table that we have obtained the typical convergence rates for these two methods, in particular,
A-RSD achieves accelerated converges rates, see Nesterov (2012). Let us write the convergence rates of
the algorithms RSD and A-RSD for the particular choice of sketching matrix S(; ;) = [e; ej] for solving the
optimization problem with a single linear constraint from Example 2.3. In this case, according to (4.2), we

have v < mzlfl,LIL, Hence, we get:
k
120 =12 YL X0 —x k min; L;
—= VIS - . and 1-o0 VIS 1—4/07- .
k min; L; k2 ( 2) 2N

Clearly, in the smooth convex case A-RSD is superior to RSD provided that the number of iterations & is

larger than myTﬁLi Similarly, in the strongly convex case A-RSD is superior to RSD for o7 < mZm’LL’ .

it

5. Illustrative numerical experiments

In this section we provide several numerical examples showing the benefits of random sketching and the
performances of our new algorithms.

Experiment #1: A pre-fixed coordinate sampling can be very slow. Recently, in Tu et al. (2017)
it has been shown for linear systems that Gauss-Seidel algorithm with randomly sampled coordinates
substantially outperforms Gauss-Seidel with any fixed partitioning of the coordinates that are chosen ahead
of time. Motivated by this finding, we also analyze the behavior of RSD and A-RSD algorithms for three
different choices for S € R"*2, fixed coordinates sketch, random coordinates sketch and Gaussian sketch:

fixed partition of coordinates : S(;;;1) = [eieir1] Vi=1:n—1
random partition of coordinates : S(; j) = [eie;] Vi<
Gaussian sketch : § = [.#(0,1)]"*2,
where we recall that e; denotes the ith column of the identity matrix 7, and .#"(0, 1) is normally distributed
random variable with mean 0 and variance 1. Here, p = 2 and note that the index i is chosen random when

using the fixed partition of coordinates matrix S(; ;). We build three challenging problems. The first
problem is to minimize the following convex optimization problem parameterized by & € [0, 1]:

minx’ (I, + (1 —8)(ere) +ene]))x st. elx=0. 5.1

xeR”
The initial iterate in this case was set xX’ = [I —1---]7. For the second problem we consider:

minx’ Mx s.t. Ax=0,
xeR?

where M = My + 81, and My > 0 is a rank deficient random matrix. In this case we denote {v¢}}_ to
be a set of orthogonal eigenvectors of M, such that v corresponds to the largest eigenvalue and v, is the
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eigenvector which corresponds to the smallest eigenvalue. We have chosen x* = v; and A = vg . The third
problem is as follows:

. 1
)EIGIJ%&I’II(XI fxz)z + (x2 fx3)2 + o4 (o fxn)z s.t. Z i—zxi =0.
7

The initial iterate in this case was set x” = ¢,. The optimal solution for all three problems is x* = 0
with f(x*) = 0. In Figure 1 we show the results for the three problems (each column corresponds to one

Problem #1 Problem #2 Problem #3

107

- »~

-
100 § 4 ’/‘-o- Fixed 102 | @~ Fixed

oy or \/({77/1/)
\
n
\
L
\
¥
\
[ )
\
1
oz 0r/(oz/v)

-
B * o @ ioq-accelerated > 4 - =@~ Fired-accelerated =@~ Fixed-accelerated o - -
10 -, - g o e m ~® - Random CD M- Random CD o
X PR s o~ -l Random CD-accelerated <l Random CD-accelerated S
* & o~ =K~ Gaussian k- Gaussian ~
o 10 g - Gaussian-accelorated 1071 o Gaussian-acoslerated -~
a 4 -
10°* 10°° 10 107 10" 1079 10+ 10-? 107 3 1 5 6 7 9 10
& 5 n
Problem with § = 10~* Problem with n = 10
10" o
10
o w0
o 10
10 S~
-~ |10
10 ‘:s - N w0
- ~—
=~
10~
10-7 ed \
= Random CD-accelerated | 1 10
mm—Gaussian-accelerated
. 100 3\
10 10! 10 10° 10! 10° 100 10! 10% 10° 10* 107 10° 10” 10" 10% 10 10 10
Iteration Iteration Iteration

F1G. 1: Behavior of RSD and A-RSD for 3 problems and 3 different random sketch samplings.

problem). The first row shows the important quantities 6 or 1/ 6/v which characterize the convergence
rates of the two algorithms in the strongly convex case (see Table 1). In the bottom row we show the typical
evolution of f(x*) — f*. One can observe that for the first problem, the random coordinate sampling is the
best, whereas the other two samplings are suffering. The main reason is that for this problem, the most
important sketch matrix S is S = [e; ;] which is selected more often by the random coordinate sketching
than the other two sketching strategies. For the second test problem the best results were obtained for
random coordinate and Gaussian sketch. For the third problem, we can see that the Gaussian sketching
is the best choice leading to the smallest number of iterations. Therefore, empirically these experiments
show that both algorithms, RSD and A-RSD, based on random sketching provides speedups compared to
the fixed partitioning of the coordinates.

Experiment #2: The effect of a quadratic upper-bound in convergence speed. In this experiment,
we investigate the benefit of using the full matrix M in (2.6) as compared to just using a scaled diagonal
upper-bound as considered e.g. in Frongillo & Reid (2015); Necoara (2013). Consider the following
convex optimization problem parameterized by 6 € [0, 1]:

minx? (81, + (1—38)ee’)x st. elx=0. (5.2)

xeR”

B>0

We compare in Figure 2 the speed of Algorithm RSD when the random matrix S is chosen uniformly
at random as p columns of the identity matrix and consider three choices for the matrix M: M = B,
M = Amax (B)I, and Ms = Amax (ST BS)SST. We also implement RSD for the Gaussian sketch and M = B.
From Figure 2 one can observe that if we set M = B, then increasing p will decrease the number of
iterations needed to achieve the desired accuracy with the best rate. We can also observe that in this
scenario the Gaussian sketch and random coordinate sketch have a similar behavior for M = B.
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Case p=2

M=B

M = Auax(B)T

Ms = Ayax(STBS)SST
Gaussian

L}
100 10° 102 108 10

iteration

S~
|

Case p=10

M=B

= = Gaussian

M = Aas
Ms = A

(B)I
«(STBS)SST

\)
\
[
10° 10 10° 100

iteration

Case p=40
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M=B

M = Anax(B)T
Mg = Anax(STBS)SST
= Gaussian

10°

iteration

F1G. 2: Comparison of speed of Algorithm RSD for various choices of M and p.

Experiment #3: Portfolio optimization with specified industry allocation. In Section 1.2.3 we have
described the basic Markowitz portfolio selection model Markowitz (1952). We have also described a
variant of the basic model which assumes that investor also decide how much net wealth would be allocated
in different asset classes (e.g. Financials, Health Care, Industrials, etc). When we have C asset classes,
then the problem of minimizing the risk with all the desired constraints will lead to C + 2 linear equality
constraints. In Figure 3 we compare the performance of the RSD algorithm with the sketch matrix S
chosen random Gaussian with the coordinate descent sketch. We consider real data from the index S&P500
which contains 500 assets split across C = 11 asset classes. The u;s and X were estimated from the
historical data. In the left plot we show the evolution of error f(x*) — f* for various sizes of block size p
as a function of iterations and in the middle plot the total computational time in seconds. We can observe
that increasing p leads to a significant decrease of the number of iterations and also a faster convergence in
terms of wall-clock time for the RSD with Gaussian sketch than for the coordinate descent variant. For the
coordinate descent algorithm increasing p has a very slight benefit for decreasing the number of iterations,
and, in terms of time, after p = 50 one observe a slow-down. Note also that as p is becoming larger, the
per-iteration computational cost increases moderately (see the right plot in Figure 3) for both RSD with
Gaussian sketch and for coordinate descent. Note that for coordinate descent implementation, for small
p, each iteration is faster than the Gaussian sketching counterpart because it can benefit from the sparsity
of sketch matrix S and thus many steps can be implemented efficiently. But as p is becoming larger,
the computation of pseudoinverse becomes the dominant cost for both implementations and consequently
the per-iteration cost is identical for the two schemes. However, the RSD with Gaussian sketch requires
significantly less number of iterations.

The cost of single iteration
—8— Gauss sketch
—< Coordinate Descent

Effect of the p on the convergence speed

100

— p=14 7
— p=20
— p=50
— p=100 1010
— p=200
—— p=d00 1012

— p-14
— p20

— p=50 2

— p=100 - .

— p=200 -

—— p=d00 -

flah) = f*

2000 107 10 10 10°

Time [sec] p

0 250 500 70 1000

Iteration

250 1500 1750

F1G. 3: Algorithm RSD on Markovitz portfolio optimization problem with 13 linear constraints: solid line

is for RSD with Gaussian sketch and dashed line is for coordinate descent variant.

Experiment #4: Very large- and small-scale page-rank problem. In this experiment we consider page
rank problem (see Section 1.2.1) with dimensions ranging from n = 10° to n = 10°.

Page rank on random networks. In Figure 4 we compare the speed of Algorithm RSD using a random
coordinate sketch for various values of sketching size p. We build random graphs with dimensions ranging
from n = 103 to n = 10° such that each column has on average 10 or 40 non-zero elements arranged on
random places. One can observe that the algorithm has no problem to achieve a very high accuracy in
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FIG. 4: Performance of Algorithm RSD on randomly generated networks.

relatively short time. Moreover, choosing around p = 32 coordinates leads to the fastest convergence (in

terms of running time).
Page rank on Wikipedia network. Computation of page-rank on a random network is relatively easy, as the
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FIG. 5: Performance of Algorithm RSD on a subset of Wikipedia network.

Hessian is well-conditioned. This motivated us to also test RSD on a real network data. In this experiment
we consider the Wikipedia dump and extract a link structure between pages. We have restricted ourselves
on a subset of pages written in English language. We have chosen the top 10° or 10* pages (top in a
sense of number of outgoing links from given page). In Figure 5 we compare the Algorithm RSD with a
random coordinate sketch for different values of sampling size p and the Power method. Observe, that this
problem is much harder when compared to random networks. Moreover, for all sketching sizes p chosen,
our algorithm RSD is performing better than Power method in terms of number of full iterations (epochs).
Also, more coordinates we sample, less epochs are needed to achieve given accuracy to solution.

Conclusions. In this paper we have designed novel sketch descent methods (random sketch descent and
accelerated random sketch descent) for solving general smooth linearly constrained problems. From our
knowledge, this is the first complete convergence analysis of random sketch descent algorithms for op-
timization problems with multiple non-separable linear constraints. In special cases, where complexity
bounds are known for some particular sketching algorithms, such as coordinate descent methods for opti-
mization problems with a single linear coupled constraint, our convergence rates recover the best known
bounds. The numerical examples also illustrate the performances of our new algorithms.
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Appendix. Efficient implementation of A-RSD

Algorithm 3 Efficient implementation of A-RSD for sparse sketching: strongly convex case

1: Input: Positive sequences { ot }7 . { B} ro { % }rso

2: choose 2% € R” such that Ax® = b and set u¥ = w9 = 10, By=1L
3: for k> 0do
4 sampl _ 11k 12, k

: ple S ~.% and compute g =ZsVf | B, u" + B, w

—_————
yk

5: update By = AxBy
6 W\ (U e (= (1-m))8

- Wkl Wk k+1 Vg

7: end for
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In this appendix we discuss how to implement the A-RSD updates without full-dimensional vector oper-
ations. Recall that we assume the following settings: the sketch matrix S is sparse and we can efficiently
evaluate Vf(av+ Bu). First we derive an efficient implementation of A-RSD iterations for strongly con-
vex objective functions and then a simplified implementation for the convex case. Following a similar
approach as in the coordinate descent work proposed in Lee & Sidford (2013) for solving linear systems
and further extended in Fercoq & Richtarik (2015) for accelerated coordinate descent method with sepa-
rable composite problems we note that:

yk+1 _ ak+1vk+1 + (1 _ Otk+1)?3(+1
= (1= o1 B)Y + @1 Bv* — (1= ey 1 (1= 1)) Zs V£ ().

Hence, we obtain the following recursion:
k+1 k
y _ Yoy _
<vk+l> = Ay <vk) Sks (A.1)

_ (V=% 1B B _ (= (1= %)) ZsVf ()
e (T ) e ()

with

k k
Now, our goal is to maintain two sequences {u*};, {wk}; such that: <‘y/ k) = By ( k). Therefore, it has

u
w
to hold that
K+ K+ k
u y (A u
By <Wk+l> = (vk+l> = ABi (Wk> — Sk,

k+1 k
u _ p—1 u —1
<wk+1> = By AiBy <Wk> = B8k

In order to make this computationally efficient, it is sufficient to define By recursively as: By = I, By =
AiBy, u® =y and w® =19, to obtain the following update rule

Y] B uk ol
wht " k+15ks

which is a sparse update provided that sy is a sparse vector. However, when the sketch matrix S is sparse
the vector ZgV f (yk ) is sparse as well and consequently sy is also a sparse vector (see Example 2.3 where
for S(; ;) = [ei e)] the corresponding vector Z(; ;) V f(y) has only two non-zero entries). The final algorithm
is depicted in Algorithm 3.

and therefore we require

Simplified Convex Case.
In the case of non-strongly convex objective function, the implementation can be significantly simplified
using the fact that f; = 1 for all k. Then, we have:

VL =~ ZeV (05 (A2)
and
yk+] VS O‘k+]vk+] +(1 _O‘kﬂ)xkﬂ _ ket

= (1= 04s1) 0F = ZsV £ () =V + 0ZsV (1))
= (1= 0o 1) 0F =) = (1= 1) (1 = W) ZsVF ().
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Algorithm 4 Efficient implementation of A-RSD for sparse sketching: convex case

1: Input: Positive sequences {04} o, { %} 1o
2: choose x° € R” such that Ax° = b

3 set W0 =29 w0 =0and by =1

4: for k> 0do

s sample S ~ .7 and compute g = ZsV f | V¢ + bu*
———

yk

6:  update VT =F —yg
. k+1 _ ok 1-%

7 Wt =t - Sl

8 b1 =(1—04r1)br

9: end for

Therefore, we obtain the following recursion:

k+1 _  k+1 B k Kk
(y il >:Ak (y Vkv)—fk, (A3)
with
A (1—%1 0) i = <<1—ak+1><1—n>zsw<yk>)
0 1)’ %ZsVf(y) '

Now, we see that the update of v given by (A.2) is sparse if ZgV f (yk) is sparse. Further, we want to
express YT — VA1 = p k1 Then, from (A.3) we have:

b =y VT = (1= o) 0F =) = (1= ageq) (1 — %) Zs V£ ()
= (1 — (Xk+1)bkuk— (1 - ak+l)(1 - Yk)ZSVf(yk)-

Therefore, if we define by = (1 — 041 )by, this will simplify to:

1—agy)(1— 1-
St = gk (L= G Yk)ZSVf(yk) — b= — %714,
i+ bi

It follows that the update of u* is also sparse if ZgV f(y¥) is sparse. Next, we can easily compute y* =
VK 4 byuk (however, this shouldn’t be formed during the run of the algorithm). Finally, it is sufficient to
note that v* = x%, 4% = 0 and we can choose by = 1. The final algorithm is given in Algorithm 4.



