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Abstract

We develop universal gradient methods for
Stochastic Convex Optimization (SCO). Our al-
gorithms automatically adapt not only to the ora-
cle’s noise but also to the Holder smoothness of
the objective function without a priori knowledge
of the particular setting. The key ingredient is a
novel strategy for adjusting step-size coefficients
in the Stochastic Gradient Method (SGD). Un-
like AdaGrad, which accumulates gradient norms,
our Universal Gradient Method accumulates ap-
propriate combinations of gradient- and iterate
differences. The resulting algorithm has state-of-
the-art worst-case convergence rate guarantees
for the entire Holder class including, in particular,
both nonsmooth functions and those with Lips-
chitz continuous gradient. We also present the
Universal Fast Gradient Method for SCO enjoy-
ing optimal efficiency estimates.

1. Introduction

Motivation. The complexity of modern machine learning
problems makes it difficult to estimate their mathematical
properties, let alone characterize them accurately. The prob-
lems thus demand sophisticated solutions which are robust
to possible variations in the parameters. One therefore needs
algorithms that can work simultaneously under multiple as-
sumptions while implicitly adapting to the parameters of the
problem. The sheer scale of modern problems also raises
efficiency concerns, which paves the way for the stochastic
methods leveraging randomized computations.

In this paper, we study the convex optimization problem

min [F(z) = f(z) + ¢(z)], (1
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where f is the main (difficult) part of the problem, and v is
a simple convex function (e.g., indicator of a set). Further-
more, we assume that f can be queried only via an unbiased
stochastic gradient oracle with (unknown) variance o2.

Optimization algorithms are typically designed for a par-
ticular problem class and tailored to its properties. Two
standard classes are nonsmooth (f is Lipschitz continuous)
and smooth (f has Lipschitz gradient). It is common for
the problem class to dictate the selection of algorithm’s
parameters to ensure the optimal convergence.

However, in practice, every specific problem typically be-
longs to multiple problem classes at the same time, and it is
usually very difficult (if not impossible) to say in advance
which particular class better fits our problem. To address
this issue, we need universal methods that can automati-
cally adjust to the “correct” problem class when applied to
a concrete problem instance given to them.

The important example of such algorithms is given by
Universal Gradient Methods (UGMs) of (Nesterov, 2015).
These methods are capable of solving the more general class
of Holder-smooth problems:

IVf(z) =Vl < Lollz —yl”, Vo,y € domy,

which continuously connects nonsmooth problems (v = 0)
with the smooth ones (v = 1). To achieve universality,
UGMs use a special line-search procedure which automati-
cally selects an appropriate step size for any possible Holder
exponent and the corresponding Holder constant, without
knowing these parameters. As a result, the methods automat-
ically adjust to the best possible problem class. However,
UGMs require exact computations of gradients (o = 0).

The extension of UGMs to stochastic optimization has been
a challenging open problem. The desired algorithms should
automatically adjust not only to the Holder smoothness of
the objective function, but also to the oracle’s noise.

In this paper, we address this open problem and provide
a solution to it. We design line-search-free variants of
UGMs which automatically adapt to: (i) Holder exponent v,
(ii) Holder constant L,,, (iii) variance of the stochastic or-
acle o, without having the prior knowledge of neither the
problem class nor the nature of the gradient information.
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Contributions. We develop new Universal Gradient Meth-
ods (UGMs) for problem (1), which are robust to the stochas-
tic noise in gradient computations. To achieve that, we
assume the knowledge of a certain upper bound D on the
diameter of the feasible set dom v (or, somewhat equiva-
lently, the distance from the initial point to the solution),
which is a common assumption in a variety of other adaptive
algorithms for Stochastic Convex Optimization (SCO).

Our main contributions can be summarized as follows:

1. We first rethink (in Section 3) the theoretical analysis
of the line-search-based UGM for deterministic opti-
mization, and identify a simple mechanism to remove
the line search from this algorithm while retaining the
same worst-case efficiency estimates. The key element
is a novel strategy for adjusting step-size coefficients
based on the idea of balancing the two error terms
appearing in the convergence analysis.

2. We then show (in Section 4) that our techniques can
easily be extended to stochastic optimization problems.
The only essential change that we need to make is to
replace the Bregman distance for the objective func-
tion, appearing in the formula for the step-size, with
the stochastic version of the symmetrized Bregman
distance involving gradient- and iterate differences.
The resulting Universal Stochastic Gradient Method
requires at most O (inf, c[o 1 [£2]% 1+ D? + g)
stochastic oracle calls to reach e-accuracy in terms of
the expected function residual (Theorem 4.2).

3. Finally, we present (in Section 5) the Universal Stochas-

tic Fast Gradient Method enjoying the worst-case
1+v

optimal efficiency of O(infye[()’l] [%]z/(lﬁ”) +

o2D?
= ) oracle calls (Theorem 5.1).

Note that all our methods are agnostic to the smoothness
exponent v, smoothness constant L,, and the noise level o.
To our knowledge, this is the first work proposing algorithms
with such characteristics.

Related work. Pioneered by the AdaGrad algo-
rithm Duchi et al. (2011); McMahan & Streeter (2010),
adaptive methods have been at the forefront of training
machine learning models. AdaGrad accumulates the
sequence of observed gradient norms to construct a de-
creasing step size. This construction enables data-adaptive
regret bounds and has many useful properties. Following
the success of the AdaGrad, several methods have been
proposed (Kingma & Ba, 2015; Tieleman & Hinton, 2012;
Rakhlin & Sridharan, 2013; Reddi et al., 2018). Levy
et al. (2018) proposed the first accelerated algorithm with
data-adaptive step-size without the knowledge of Lipschitz
constant and the variance bound. They prove convergence

results for nonsmooth and smooth objectives in the presence
of stochastic noise. These results are further refined and
extended by Kavis et al. (2019); Joulani et al. (2020);
Ene et al. (2021). Despite the significant interest in the
adaptation to smoothness and noise, existing methods are
not known to handle Holder-smooth objectives.

Another popular type of adaptive methods is known as
parameter-free. This direction is very interesting but some-
what orthogonal to ours. Parameter-free algorithms have
been studied for over a decade in online learning (McMa-
han & Streeter, 2012; Orabona, 2014; Cutkosky & Boahen,
2017; Cutkosky & Orabona, 2018; Jacobsen & Cutkosky,
2023; Mhammedi & Koolen, 2020). They are usually en-
dowed with appropriate mechanisms to achieve efficiency
bounds that are almost insensitive (typically, with logarith-
mic dependency) to the error of estimating certain problem
parameters, such as the diameter of the feasible set (Carmon
& Hinder, 2022; Ivgi et al., 2023; Defazio & Mishchenko,
2023; Khaled et al., 2023; Mishchenko & Defazio, 2023).
However, these methods typically consider the extreme
cases of the Holder class.

Within the context of online learning, there exists an in-
dependent notion of universality such that the algorithms
adapt unknowingly to the degrees and types of convexity.
The goal is designing algorithms that achieve, up to loga-
rithmic factors, optimal regret bounds simultaneously for
convex, strongly convex and exponentially concave func-
tions (Van Erven & Koolen, 2016; Wang et al., 2020; Zhang
et al., 2022; Yan et al., 2023). The associated design and
proof techniques are not transferable to our setup as we fo-
cus on the degree of smoothness while the aforementioned
works study degrees of convexity.

The first UGM for deterministic optimization, including the
Fast UGM with optimal worst-case oracle complexity, was
proposed in (Nesterov, 2015). The corresponding methods
achieve the adaptation to Holder smoothness by the means
of line search but must set the target accuracy a priori. A
possible extension of these algorithms to stochastic opti-
mization was considered in (Gasnikov & Nesterov, 2018).
They proposed an accelerated gradient method for stochastic
optimization problems, which adapts to the Holder charac-
teristics of the objective using line search combined with
mini-batching. However, this method additionally relies on
the knowledge of the oracle’s variance to correctly set up
the size of the mini-batch at each iteration, and therefore
cannot be considered adaptable to the noise level.

More recently, Li & Lan (2023) studied the same problem
but with the deterministic oracle, and designed a line-search-
free universal method that estimates local smoothness in
the sense of Malitsky & Mishchenko (2020; 2023). Their
step-size formula shares some similarities to ours, and does
not require any (artificial) bounds on the diameter of the
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feasible set. However, they only consider exact gradient
computations, and it is unknown whether their construction
can be extended to stochastic problems. On a related note,
Orabona (2023) showed that, in the deterministic case, both
AdaGrad and the normalized gradient method (Nesterov,
2018, Section 3.2.3) automatically adapt to Holder smooth-
ness. Although the corresponding proof for AdaGrad could
be extended to the stochastic setting at the expense of ad-
ditional assumptions, the same type of argument cannot be
trivially applied to the accelerated method.

2. Preliminaries
2.1. Notation

In this text, we work in the space R" equipped with the
standard inner product (-, -) and the certain Euclidean norm:

|z|| = (Bx,z)'/?,  zeR", )

where B € S , is a sufficiently simple symmetric positive
definite matrix (e.g., the identity or a diagonal one). The
corresponding dual norm is defined in the standard way:
lsll = max (s,2) = (s B~9)/2, seR". ()
z||=1
Thus, for any s,z € R"™, we have the Cauchy—Schwarz
inequality |(s, 2)| < [s]]. 2].

For a convex function f: R™ — R U {+oc}, by dom f :=
{x € R : f(z) < +o0}, we denote its effective domain.
The subdifferential of f at a point x € dom f is denoted
by df(x). For any two points z,y € dom f and any g €
Of (x), we define the Bregman distance generated by f as

B5(,y) = fly) = fx) = {gy—=) (20), &

In the case when there is no ambiguity with the subgradi-
ent g, we use a simpler notation 5¢(x,y).

For any t € R, by [t]+ := max{t, 0}, we denote its positive
part. For random variables X and £, by E¢[X] and E[X],
we denote the expectation of X w.r.t. to £, and the full
expectation of X, respectively.

2.2. Problem Setting

In this paper, we study the following optimization problem:

F*:= min [F(z):= f(z)+ ¢(z)], %)
redom
where ¢: R” — R U {400} is a sufficiently simple proper
closed convex function, and f: R” — R U {+oc0} is a
closed convex function which is finite and subdifferentiable
over an open set containing dom .

Our main assumption on problem (5) is the boundedness of
the feasible set dom 1.

Assumption 2.1. For problem (5), there is D > 0 such that
|z —y|| < D forall z,y € dom1p.

In what follows, we assume that the diameter D is known.
This will be the only parameter in our methods. Note that
Assumption 2.1 guarantees that the problem (5) has a solu-
tion (since the objective function F' is proper and closed).
An important example that satisfies this assumption is when
1) is the indicator function of a certain compact set Q C R™:
P(z) =0ifz € Q,and Y(x) = +xifz ¢ Q.

By calling v simple, we mean the following standard as-
sumption: for any ¢ € R", z € dom ), and H > 0, we can
efficiently compute a solution to the following subproblem:
mingedom y{{c, z) + Z |z — Z||* + ¢(z)}. For instance,
when 1 is the indicator function of a compact set @), it
corresponds to finding a Euclidean projection onto ) (or
minimizing a linear function over @) if H = 0; in this case,
we allow for an arbitrary solution of the subproblem).

To characterize the smoothness of f in problem (5), let us
introduce, for each v € [0, 1], the Holder constant:

lg(z) = 9y

6
eyl ©

L, = sup
z,ycdom ¢, z#y,
g(z)€df(x), g(y)€df(y)
Of course, for certain values of the exponent v € [0, 1], it
may happen that L,, = +00. However, we assume that there
exists (at least one) exponent for which the corresponding
Holder constant is finite.

Assumption 2.2. For problem (5) and L,, given by (6), there
exists v € [0, 1] such that L,, < +o0.

The case Ly < 400 corresponds to the situation when f has
bounded variation of subgradients: for all x,y € dom,
and all g(x) € 0f(z), g(y) € Of(y), it holds that ||g(x) —
9(y)||« < Lo. If f has bounded subgradients over dom ),
i.e., there exists L, > 0 such that |g(z)|. < L for all
x € domv and all g(z) € df(x), then Ly < 2L;. On
the other hand, if L, < +oo for some v € (0, 1], then f
is actually differentiable over dom v, and, for all x,y €
dom v, it holds |V f(z) — Vf(y)|l» < Ly|lz — y||. The
case Ly < +oo corresponds to the Lipschitz gradient.

One simple example of the convex function with Holder
(sub)gradients is the p-th power of the £,-norm of the
residual for the system of linear equations, f(z) =
LS as,z) — bi|P with a; € R, b; € R, p € [1,2],
which generalizes the classical least-squares loss (corre-
sponding to p = 2); this function is Holder smooth with
v = p — 1 but not Lipschitz smooth (unless p = 2). An-
other simple example is the similar residual but for linear
inequalities, f(z) = = > 7" [(a;,z) — b;]"}, which is the
smooth counterpart of the classical loss function used by the
Support Vector Machines (SVMs). More generally, there
is a duality relationship between Holder smoothness and



Universal Gradient Methods for Stochastic Convex Optimization

uniform convexity: if f, is a uniformly convex function!

of degree ¢ > 2 with parameter o, > 0, then its Fenchel
1

dual f is Holder smooth with v = q— and L, < (- )q 1

(see, e.g., Lemma 1 in (Nesterov, 2015)), and vice versa
in particular?, for any convex functlon f«, the function

f(@) = maxsedom 1. [(s,2) — fu(s) — *[|s]|%] is Holder
smooth with v = - and L, < (E)ﬁ
q oq

It is not difficult to see from (6) that, under Assumption 2.1,
for any 0 < 11 < vy < 1, we have the following monotonic-
ity relation: L,, D¥* < L,,D"?. (This is the consequence
of the fact that 7P is increasing in p > 0 for any fixed
T = ﬁ > 1.) In particular, if L, < +oo for some
v €[0,1], then L, < oo forall v € [0,].

One standard and important consequence of (6) is that, for
any v € [0, 1] (such that L,, < +00), and all 2,y € dom

and all g € 9f(x), we have the following upper bound on
the Bregman distance of the function f:

lz —y|" . 7

Bf( ay)— 1+

Our goal in this paper is to present numerical methods for
solving (5) that are universal: they can automatically adapt
to the actual level of smoothness of the function f without
knowing neither the Holder exponent v, nor the correspond-
ing Holder constant L,,.

3. Universal Line-Search-Free Gradient
Method

3.1. Main Idea

To explain the main idea behind our construction of adaptive
step-size coefficients, let us consider the usual (Composite)
Gradient Method for solving problem (5):

via = argmin{ (7' (), 2) 4 () 4 a2}, ®)
r€dom v

assuming we can compute the exact (sub)gradient f'(z) €
Of (zx) at each iteration k > 0 (i.e., the oracle is determin-
istic). The question is how to choose the step-size coef-
ficients H}, at each iteration to ensure that the algorithm
properly works for any possible Holder exponent v and the
corresponding coefficient L, without explicitly using these
constants in the method.

The standard convergence analysis of method (8) uses the
following central inequality (for 741 = ||xg4+1 — x| and

"This means that (f](z) — f.(y),x — y) > o4|lz — y||? for

all z,y and all fi(z) € Of«(z), fr(y ) Af«(y).
Here we use the standard fact that 1 H |4 is a uniformly convex

function of degree ¢ with parameter
in (Nesterov, 2008)).

2q ==, (see, e.g., Lemma 4

dy = ||z — «*|| with =* being a solution of (5)):
/ Hk
@)+ (' (wr), Tor1—2n) Y (Tps1)+— 3 Tk+1+ dk+1
H
< flaw) + (@), — o) + () +

which is a simple consequence of the strong convexity of
the objective function in the auxiliary subproblem (8) (c.f.
Lemma E.2). Rewriting now f(zx)+(f' (), Tx+1—Tk) =
f(xk+1) — By(xk, T41) using the Bregman distance, and
estimating f(zx) + (f'(zx), 2" — zx) + ¢ (%) < f(2") +

Y(a*) = F* using the convexity of f, we get
H H H
F(@pin)—F+ =2 dk+1 < Qk di+5k+1*7kri+1v 9
where By y1 = f(zry1) — f(2n) — (f'(2r), Ty — o).

3.1.1. LINE-SEARCH APPROACH

The standard approach to proceed, pioneered by (Nesterov,
2015), is to choose the coefficient H}, in such a way that the
error term 41 — %r,% 41 10 (9) is sufficiently small:
H €
Ag =B — 5ori < 5 (10)
2 2
(for a certain fixed € > 0), and then divide both sides of (9)
by Hj, to get a telescopic recurrence:

1

ZHk

Telescoping and dividing by Sy, = Zf 01 é , we get

D2 € HD2 €
< 20, - k - 11
_2Sk+2 2k +2’ an

* .

Fay) -

[x

and x}, is the “best” iterate:

):xe{xl,...,xk}}. (12)

(Alternatively, one could also define x}, as the average of x;
with weights H%) This gives us the convergence of the func-
tion residual to €, provided that H} is reasonably bounded
from above (e.g., by a constant).

), = argmin{ f(z

To ensure that (10) is satisfied for a sufficiently large Hj
and estimate the corresponding H;, we start with the obser-
vation that, by (7), Bg+1 < 1+Vr,1€i’f for any v € [0, 1], and
hence

He, __ (- v L2/
—7T S .
k+1 21+ V)H]gl-‘,-u)/(l—u)

(13)
(The final inequality follows by maximizing the expression
in r;4+1, see Lemma E.3; for v = 1, the right-hand side

LV 1+1/

Ak‘§1+ Th+1 — 2
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should be understood as 0 if H; > L, and +o0o otherwise )
Making the right-hand side of the above display < 5, we
see that (10) is satisfied whenever Hy, > H,,, where

bz :::L2A1+u)[ 1iilif}(1_VL“1+V%
Y v (1+v)e

Notice that v = 1 implies H, > L,,. Since we do not know
the best (= smallest) possible value of L, over all v, we
cannot simply set Hy, = H, := inf,co,1 H,. However, we
can let the line search estimate this Value for us: at each
iteration, we start with a certain initial guess H, ,’C for Hy,
and then repeatedly double this value until condition (10)
is satisfied (note that xj, depends on H} and thus needs
to be recomputed at every iteration of the line search pro-
cedure). Provided that the initial guess H|, at the very first
iteration is not sufficiently large, e.g., H}, < H, and that
Hj_ . is chosen appropriately (e.g, H_, = & Hj,), we then
have the guarantee that Hj, computed by the line search
does not significantly exceed the “right” value: Hy, < 2H,;
furthermore, the total number of line search iterations across
all iterations of the algorithm is reasonably bounded. Sub-
stituting now this bound on Hy, into (11) and looking at the

number of iterations k that one needs to make ’“ Dj <e,
we see that the outlined above line-search method needs

7 D2 2/(14v)
0( inf H”D0> _0< inf {L”] DS) (14)

velo,1] € velo,1]] €

iterations to reach F'(z}) — F™* < e.

3.1.2. OUR IDEA: HOW TO AvOID LINE SEARCH

The problem with the line-search approach, which makes
it difficult to extend the corresponding reasoning to the
stochastic case, is that it creates a dependency (correlation)
between x; and H;.. This does not allow us to use the un-
biasedness of the stochastic gradient oracle once we divide
(the stochastic counterpart of) (9) by Hy, (see Section 4.2).

However, we can follow a different approach to convert (9)
into a telescopic recurrence. Specifically, let us replace the
coefficient Hy, in the left-hand side of (9) with Hy1:

Hk+1 Hy o

Fpp) — F" + dk+1 B - dk
Hk. 1
< Br+1 — 77“12c+1 + §(Hk+1 — Hy)d} -

As we can see, such an operation may introduce an addi-
tional error term 3 (Hp41 — Hy)dz, ; if we plan to increase
our step-size coefﬁc1ent Hjy < Hp4y (which is a natural
thing to do if it is currently too small making the other er-
ror term Siy1 — ﬂr% 41 too large). Nevertheless, using

2
Assumption 2.1, we can easily control this additional error

term and make it telescopic:

. H
Fzpg) — F7 + k+1dk+1 2k dj,
15)
H, , 1 ,
< Bk—&-l - 77};_;,_1 + i(Hk—i-l — Hk)D .

Our main idea now is to choose the next coefficient Hy 1
so that the two error terms are balanced:

S =~ HOD? = [ = 5] (6)
where we additionally put the positive part [-] to respect
the monotonicity relation Hy < Hyyi. Recall that Sy
and 7,41 depend only on zj, and x4 (which themselves
depend on Hy_; and Hy, see (8)). Thus, (16) is a simple
linear equation for Hy; which does not require any line

search for solving it.

Substituting our choice (16) of Hy; into (15) (and using
the fact that 7 < [r]; for any 7 € R), we arrive at the
following simple telescopic inequality:

.y H,
F(aps)—F* + ’“+1dk+1 deﬁ—i—(HkH—Hk)Dz.
a7
Telescoping these inequalities, we get
1 H,.D?
Fa})—F* < %[—do (Hk—HO)DQ} < 22 18)

where x7; is the “best” iterate (see (12)). (Alternatively, one
could also define 2 = L S°F ;)

The main question is how fast the coefficient Hy grows.
Following exactly the same argument as in (13) (and using
the fact that ], is nondecreasing), we can estimate the
right-hand side of our balance equation (16) and conclude

1—v)L2/ =)
that (Hy41 — Hy)D? < (—'H,
( ) (1) H 7T

simplicity, that v < 1; to rigorously handle the case v =1
we need a more careful argument.) This is a certain recurrent
inequality that we can use to estimate the rate of growth

of Hy. This would be especially simple if we had, say,
2H(1+V)/(1—V) H(H‘V)/(l—”).
k+1 k :

. (Assume, for

instead of

(1 _ V) 2/(171/)

2(1+ vy H 0

(Hyy1 — Hy)D? < (19)

Then, a simple integration argument (see Lemma E.4 with
p =+~ for which p + 1 = ) would show that

LV 1-v)/2
H, < Dl—uk( )2,

(20)

provided that the initial step-size coefficient was chosen
appropriately: Hy = 0. (Note that this would not cause any
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Algorithm 1 Universal Line-Search-Free Gradient Method

Algorithm 2 Universal Stochastic Gradient Method

1: Initialize: o € dom v, diameter D > 0, Hy = 0.

2: fork=0,1,...do

3:  Compute g € Of (v).

4 wpp = argmin{(gy, z) + 9 (x) + Lz — 22}

zcdom
Bry1— S Herp 1]+
5: Hk+1 = Hk + #7 where
2Tk+1
. . A9k
i1 = |2k — Tl Bes1 = B7 (Th, Tat1).
6: end for

problems for the iteration (8) being well-defined since we
assume that dom ¢ is a bounded set.)

Of course, we cannot argue that that our “real” version of
(19) (the one with H' /0" instead of 2H/ ")/ 7))
implies the desired (19) (in fact, the relationship is exactly
the opposite since Hy < Hy1). However, we can slightly
modify the reasoning we used to pass from (15) to (18) and
the corresponding recurrent inequality for Hy. Specifically,

we can rewrite the — %r% .1 term in the right-hand side of

(15)as — 26142 4 L(Hyyy — Hy)r?, . and then upper

bound 7,11 < D. As aresult, we get Sx1 — H’;“ r,%H +

(Hypy1 — Hy)D? in the right-hand of (15), and can now
choose the coefficient Hy; using the following balance
equation instead of (16):

Hk+1 2

(Hps1 — Hy)D? = [5k+1 -] e

Although this is no longer a linear equation in Hyq, it
always has a unique solution Hy1 > Hj, which can be
easily computed: if ;11 < %T?H_l, then Hy 1 = Hy;
otherwise, Hy, is the solution of the linear equation
(Hyi1 — Hp)D? = By — H’”‘z“riﬂ (see Lemma E.1).
Proceeding exactly is the same way as before, we get (18)
but with 2D? instead of D?, and, most importantly, the

desired (19). As a result, (20) indeed holds and we get

2H, D? 2L, D'tV

Pl 8= = = iy oo

where the infimum is due to the fact that v € [0, 1] was
allowed to be arbitrary in our analysis.

3.2. The Method

Summarizing the outlined above considerations into a for-
mal algorithmic scheme, we arrive at Algorithm 1. This is
essentially the classical (Composite) Gradient Method (8)
but equipped with our novel step-size adjusting rule (21)
(the formula for Hj; at Line 5 is the explicitly written
solution of the balance equation (21)).

Theorem 3.1. Let Algorithm I be applied to problem (5)
under Assumptions 2.1 and 2.2, and let x}, be the “best”

1: Initialize: 2o € dom ), D > 0, Hy := 0, go ~ §(xo).

2: fork=0,1,...do

3: xpy1 = argmin{{gx, z) + ¥(z) + %Hx — zi]|?}
redom 1)

g1 ~ §(Thg1).

L Hyp = Hy 4 P ikl oy
5: k+1 = k + W’ whnere
2 k+1

»

1 = Tht1 — ks Brsr = (b1 — Gk Thop1 —Th)-
6: end for

iterate as defined in (12). Then, for all k > 1, we have

. N . 2L, D'tV
F(ay) - F* < yeu&)f:ﬂ E(+v)/2 "

To reach F(x}) — F* < € for any € > 0, it thus suffices to

make inf (o 1 [224]/ F¥) D2 iterations.

Comparing the efficiency bound from Theorem 3.1 with the
corresponding bound (14) for the line-search method, we
see that they are almost identical. The only difference is that
our method has the diameter of the feasible set D instead
of the initial distance Dy. However, as we show next, our
method can be easily extended to stochastic problems.

4. Universal Gradient Method for Stochastic
Optimization

Now we assume that f in problem (5) is accessible only
via the stochastic gradient oracle §. Formally, this is a
pair (g,&) consisting of a random variable £ and a map-
ping g: dom f x Im& — R™ (with Im £ being the image
of £). When queried at a point x € dom %), the oracle au-
tomatically generates an independent copy & of its random-
ness, and then returns s = g(z, §) (notation: s ~ §(z))—a
random estimate of a subgradient of f at x.

We make the following standard assumption on the oracle:

Assumption 4.1. The function f in problem (5) is accessible
only via an unbiased stochastic gradient oracle § = (g,§)
with bounded variance:

1'(@) = Eelg(x.€)) € 0f(a), 22)
7= s Eellg(r8) ~ /@2 < oo @3

4.1. The (Stochastic) Method

Our Universal Gradient Method for problem (5) with
stochastic gradient oracle is shown in Algorithm 2. As
we can see, this method is very similar to its determinis-
tic counterpart (Algorithm 1) with two fundamental differ-
ences to accommodate stochastic feedback. First, instead of
the exact subgradients f'(xy), we now use their stochastic
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estimates gi. Second, instead Of the exact Bregman dis-
tance (3¢ (Tk, Tpy1), we now use Sri1 = (Grt1 — gk, Th —
Zk+1), Which can be seen as the stochastic approximation
of the symmetrized Bregman distance Bf(xk,xk.+1) =
(f'(zr+1) — f'(zx),Tk41 — x). (Note that, for any
z,y € dom f, we have B¢ (z,y) = Bf(z,y) + Br(y, z).)

Next, we present the main result on the convergence of
Algorithm 2 (see Appendix B for the proof).

Theorem 4.2. Let Algorithm 2 be applied to problem (5) un-
der Assumptions 2.1, 2.2 and 4.1, and let Ty, == % Zle Z;
be the average iterate. Then, for all k > 1,

_ " . 8LyD1+V 40D
E[F(zg)] — F* < uér[tf,l] ()72 + T

F* < eforanye > O it then suffices
]2/(1+V)D2

To reach E[F (Zy)] —
to make O (inf, ¢, 1][

) oracle calls.

4.2. Main Idea and Outline of Analysis

Let us briefly explain the motivation behind the specific for-
mula for Bk+1 in Algorithm 2 and sketch the corresponding
convergence analysis. The formal proof with all the details
can be found in Appendix B.

From the definition of zj1, it follows that (Lemma E.2)

H H
J(@r)+(grs Tros1—an) +(Tpe1)+ rik+1+ kdk+1
< flak) + (gr, ™ — ap) +p(a”) + Tdi’

where 741 = ||zk+1 — zx|| and dy, = ||z — 2.

Observe that B¢, [f(zr) + (gk,2* — k)] = f(zx) +
(f'(xg),x*—x) < f(a*), where & is the oracle’s random-
ness defining g, = g(xg, & ). However, if we attempted to
follow the line-search idea from Section 3.1 by first dividing
both sides in the previous display by Hj, then we would
not be able to use the oracle’s unbiasedness as Hy, and x,
would depend on each other.

Nevertheless, our line-search-free idea still works. Specifi-
cally, passing to expectations in the above display and using
the lower bound on f(z*) from the previous paragraph, and
then rearranging, we obtain

H,
E [F(l”kﬂ) —F"+ kH dk+1 ; di}
H, (24)
< ]E[/Bk—i-l bl Thoy + (Hys1 — Hk)D2]7
where Bi11 = f(zry1) — f(2r) — (Gk> Thr1 — k), and

the (Hy,1 — Hy)D? term corresponds to the upper bound
n %(Hkﬂ - Hk)(dﬁﬂ + TI%H)-

The problem is that we cannot compute [Sj1 since it in-
volves the exact function values f(zy1) and f(z). How-

ever, we may replace it with an appropriate stochastic ap-
proximation. Indeed, for our goals it suffices to know some
Bk+1 which is an upper estimate for ;41 in expectation:
E Br4+1 < EB;CH. To get an appropriate Bkﬂ, we could,
in principle, ask the oracle to provide not only stochastic
gradients but also stochastic function values. However, this
would require imposing extra requirements for the oracle.

Instead, we take another, simpler, approach. By the convex-
ity of f, we can estimate

Brt1 < (f' (Tht1) — Gk, Thgp1 —T) = Egkﬂ[@kﬂ], (25)
where Bkﬂ = (gk+1 — gk, Tr+1 — T)) can be calculated
in the algorithm and &1 is the oracle’s randomness defin-
ing gx+1 = g(Tk41,&k+1). It is important for the final
identity that & is generated after x; and x4 1.

This leads us to the balance equation

(Hy1 — Hi)D? = [Brir — $Hiepriale, | (26)

whose solution is given at Line 5 in Algorithm 2.

Taking into account our balance equation and (25), we ob-
tain exactly the same simple-to-telescope inequality as (17)
(valid in expectation) which then leads to

2E[H}| D>

E[F(zy)] — F* < ?

27

The rest of the analysis focuses on estimating the (expected)
rate of growth of H}. The key idea is that we can estimate

= (f'(@py1) — [ (zk) + Dpg1, Ty — k)
< Lyrptl 4 OkgaThet,

Br+1

where f(z1) = E¢, [gx] € Of (zr) and Ay = dgy1—0k
with & = gr — f'(zx) being the error of the stochastic
gradient (such that E||§;]|?> < 02), and 0j41 = || Ags1]|-
This gives

(Hy1—Hy)D? =

1 1 2
[Lori i) +orarii — 3 Hepa i)+

Eliminating g, from this inequality (by maximizing the
right-hand side in this variable), we get a certain recur-
rence for Hk+1, which is similar to (19) but with an ad-

ditional ’:rll term in the right-hand side; carefully ana-
lyzing the resultmg recurrence (see Lemma E.7), we get
Hy < O( s k(=/2 4 LS8 92)1/2). This gives us

E[H}) <0( 2 2 \F)

after taking expectations. Substituting this bound into (27),
we get the convergence result from Theorem 4.2.
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4.3. Comparison with AdaGrad-type Methods

Let us compare the step-size coefficient Hy from Algo-
rithm 2 with that of AdaGrad-type methods. Denote
«. From the definitions of (i1

Ve+1 lgk+1 — gkl ‘.
and 7, 1, it follows that 351 — H’“;l et < Ver1The1 —
Mesrp2 | < ;H’“k“l Substituting this into the balance
equation (26) (using the monotonicity of [-] ), we get
2
(Hyppq — Hy,)D? < k2L (28)
k+1

From this and Hy = 0, it follows that (see Lemma E.4)

11.)(2: 2)" 9)

Note that H), is the step-size coefficient used by a variety
of other AdaGrad-type algorithms® (see, e.g., (Kavis et al.,
2019; Ene & Lé Nguyen, 2022)). Thus, the “step size” H%c

in our algorithm is at least as large as ﬁ used by AdaGrad.
k

ch SH]; =

In fact, the theoretical reasoning we used in Section 4.2 to
arrive at our formula for the step-size coefficient, can be
seen as a more precise theoretical analysis of the Stochastic
Gradient Method with adaptive step sizes. Specifically,
coming back to our preliminary recurrence (24), we see that

. 5 Hyy Vi

AdaGrad first estimates 841 — —5 r,% 1 <3 Hk:::l and
only then attempts to balance the terms. This corresponds to
the idea of choosing the coefficient Hy; in such a way that
(28) becomes an identity (and then we not only have (29) but

also the similar lower bound H;, > %H ,’c (see Lemma E.5),

which means that Hy, = ©(H},)). In contrast, our reasoning
suggests that this extra estimation step is unnecessary.

5. Universal Fast Gradient Method for
Stochastic Optimization

We now present, in Algorithm 3, the accelerated version
of our universal stochastic method for solving problem (5).
This algorithm is essentially one of the standard variants of
the Fast Gradient Method known as the Method of Simi-
lar Triangles (see, e.g., Section 6.1.3 in (Nesterov, 2018)),
which uses stochastic gradients instead of the exact ones
and is equipped with our novel rule for adjusting the step-
size coefficient H. The algorithm enjoys the following
efficiency estimate (see Appendix C for the proof):

Theorem 5.1. Let Algorithm 3 be applied to problem (5)
under Assumptions 2.1, 2.2 and 4.1. Then, forallk > 1,

N 32L,D'*  8oD
E[F(xy)] — F* < N + o
3The classical AdaGrad uses «; = ||g||« but such a choice

does not work properly for smooth constrained optimization when

Vf(a*) #0.

Algorithm 3 Universal Stochastic Fast Gradient Method
1: Inmitialize: vy = vg € dom, D > 0, Hy := Ay = 0.
2: fork=0,1,...do
3 agy1=k+1,

Apt1 = Ak + ag1 (> 0).

4: Yi = Afilx + zi‘:ll Vk» gz ~ g(yk)
50 g1 =argmin{ay1[{g, o) (2) |2 —op | *}
redom
6: Th+1 = AI:+1 + Ai:ll Vk+1-
[Ak+1ﬂk+1_%HkTi+1]+

, where

7 Hipy = Het = e

Tk+1 = ||Uk+1_UkH7Bk+1 = <9kf+1—gzy$k+1—yk>

with giy ~ §(Tp41)-
8: end for

—>— AcceleGrad AdaGrad ~—#— SGD —— USFGM —— USGM —< UniXGrad

Error
Error
Error

Oracle calls Oracle calls

(b) Logistic regression, ala. (c) Logistic regression, ionosphere.

Oracle calls
(a) Least-square, diabetes.

Figure 1. Comparison of different stochastic algorithms on convex
optimization problems.

To reach E[F (x
make O(mfue[o yl

k)] —F* < eforanye > 0, it then suffices to
L, D1+”]2/(1+3u) + e D

) oracle calls.

In the deterministic case (o = 0), the efficiency bound from
Theorem 5.1 coincides with that of the Universal Fast Gra-
dient Method from (Nesterov, 2015). It is worth mentioning
that, in this case, instead of the symmetrized Bregman dis-

tance, we can use the standard one, ﬂk+1 = 5f (Yky Tht1),
in Algorithm 3, and get similar convergence estimates but
with slightly better absolute constants (see Theorem D.1).

6. Experiments

In this section, we present some preliminary computational
experiments for the proposed methods.

6.1. Convex optimization

Least-Squares. Let us consider the following problem:

. 1 2.
min {F(@) = Az 0 ol <1}, GO)

where A € R™*™ b € R™. We run the experiment on real-
world diabetes dataset from LIBSVM®*. In the stochastic

*nttps://www.csie.ntu.edu.tw/~cjlin/
libsvmtools/datasets/


https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/
https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/

Universal Gradient Methods for Stochastic Convex Optimization

A

os
] o)
£ © o9
o S
g g as
= ©
5 7
g g
o
—»— Adam
AdaGrad
—— USGM
o 0 om0 o ©
Stochastic oracle calls Epochs

Figure 2. Comparison between the proposed universal stochastic
gradient method, Adam, and AdaGrad in neural network training.

setting, we run the proposed USGM (Algorithm 2) and US-
FGM (Algorithm 3), and compare them against SGD, Ada-
Grad, UnixGrad (Kavis et al., 2019), and AcceleGrad (Levy
et al., 2018). The result in Figure 1.(a) shows that the pro-
posed method attains a convergence rate comparable to
AdaGrad and AcceleGrad.

Logistic regression. We also focus on the logistic loss:

min{F(x) = Zlog(l—kexp(—bi(ai,@)) Dl < 1}7

rER™
=1

where a; € R" is the feature vector and b; € {0, 1} is the
label. We run the experiment on the ala and ionosphere
datasets from LIBSVM. The remaining setup is the same
as in the case of Least-Squares. We present the result in
Figure 1.(b-c), where ASUGM and SUGM are slightly faster
than AdaGrad while performing similarly to UniXGrad.

6.2. Non-convex neural networks training

We now show that the proposed method can also be applied
to non-convex neural network training. Specifically, we
focus on classification tasks with the cross-entropy loss on
MNIST dataset. A three-layer fully connected networks
with layer dimensions [28 x 28,256,256, 10] and ReLU
activation function are selected. We compare the proposed
method against AdaGrad and Adam. We select the mini-
batch size as 256. Step-size of each method is tuned by
a parameter sweep over {10,1,0.1,0.01,0.001,0.0001}.
The diameter of the proposed method is tuned by sweeping
over {50, 35,20, 10,5}. We present the result in Figure 2,
where we can see the proposed stochastic universal gradient
method can solve non-convex problems as well.

7. Conclusion

We have proposed first universal gradient methods that are
provably adaptive simultaneously to the noise level in the
gradient feedback, the Holder exponent and the associated

Holder constant of the objective function, while achieving
optimal efficiency bounds. Unlike the majority of the works
on adaptive methods relying on AdaGrad step-size construc-
tions, our algorithm design is inspired by the line search
approach. We have proposed a nonlinear balance equation
for updating the step-size coefficient, which results in a
tighter analysis of adaptive stochastic gradient algorithms
compared to existing AdaGrad methods.

Note that our analysis exploits the fact that the feasible
set has the bounded diameter D, knowledge of which is
available to our algorithms. While this assumption may
seem rather restrictive, it is nevertheless quite similar to
the classical assumption on the knowledge of an upper
bound Ry on the distance ||xo — =*|| from the initial point
to the minimizer. Indeed, if we know R, we can easily
convert our original problem (5) into an equivalent one,
mingecdom vy, [f () + 1 p ()], where ¢p is the restriction
of ¢ onto the ball By := {x € R™ : ||z — z¢|| < Ro} or, in
other words, the sum of ¢ and the indicator function of By.
For this new problem, we can run our methods with diame-
ter D = 2Ry. The only detail that one needs to address is
how to compute the proximal-point step for the function ¢ p
via the corresponding operation for ). But this is usually
not difficult and requires solving a certain one-dimensional
nonlinear equation, which can be done very efficiently by
Newton’s method (at no extra queries to the stochastic gra-
dient oracle). In some special cases, this equation can even
be solved analytically, e.g., when the original problem is
unconstrained, one simply needs to perform the projection
on the By ball. Nonetheless, it is still an interesting open
question whether the same type of results can be obtained
without this (somewhat artificial) replacement of the orig-
inal problem. More importantly, it would be interesting
to obtain parameter-free versions of our algorithms similar
to (Carmon & Hinder, 2022; Ivgi et al., 2023), which could
work with a sufficiently loose approximation of Ry.

Having that said, we would like to make a few remarks
regarding the technical challenges involved in the design
of optimal universal methods for stochastic optimization.
Note that the existing accelerated adaptive methods for min-
imizing smooth convex functions (Levy et al., 2018; Kavis
et al., 2019; Joulani et al., 2020), which assume bounded
domains and use AdaGrad-inspired step-sizes, do not triv-
ially extend to the Holder class of functions. Essentially,
they rely on the knowledge that the objective function is
either Lipschitz smooth (v = 1) or Lipschitz continuous
(v = 0), and the analysis is not directly compatible with
intermediate values of v € (0,1). Our approach is based
on different, more suitable, techniques and yields a new
adaptive step-size schedule that enables fast universal rates
in the noisy setting.
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A. Proof of Theorem 3.1

Theorem 3.1. Let Algorithm 1 be applied to problem (5) under Assumptions 2.1 and 2.2, and let x, be the “best” iterate as
defined in (12). Then, for all k > 1, we have

. " . 2L, DtV
Flh) - F < Wl S

To reach F(x}) — F* < € for any € > 0, it thus suffices to make inf,¢[o 1) [2L212/04v) D2 jterations.

€

Proof. i. We are going to prove that, for any k > 1,

k
N N N L 1 . _ 2H,D? . 2L, D'tV
F(ay) - F SF(xk)—‘l)kS%;F(xi)—@kS kS oy karaz (€29)
where
1 k—1
o= min {@u2) =1 D) + (g =) + ba)p (< F). (32)

(The inequality follows from the fact that g; € 0f(x;) for all ¢ > 0 and (5).)

Note that the function &y, defined in (32), is the sum of an affine function and 1. Since ¥ is simple by our assumptions,
we can easily compute its minimal value ®;. This value allows us to compute the quantities €; = F(x}) — ®; and

€ = % Zle F(x;) — @, appearing in (31), and thus equip Algorithm 1 with a reliable stopping criterion ¢}, < € (or
€; < €) which guarantees that F'(z}) — F™* < ¢ for some given ¢ > 0.

The first inequality in (31) follows from (32). The second one follows from the definition of x7; in (12).
ii. Let us prove the third inequality in (31).
Foreach k > 0, let (: R™ — R U {+00} be the function

() = fax) + (g, & — x1) + (). (33)

Let £k > 0 and « € dom ¢ be arbitrary. By the definition of = at Line 4 and Lemma E.2, we have
Ce(2) + 3 Hillz — 2 ||* > CGe(@rsr) + 2 Hillwwgr — zel® + 2 Hellz — 2| (34)
According to (33), (4) and (5),
Ce(@rt1) = fak) + (gr, Thoa1 — @) + U (@r41) = F(@pt1) — B (@, Tpg)-
Substituting this into (34) and taking into account the definitions of 71 and Sk 1, we get

(@) + §Hyllw — ax|? > Faga) = BF (wrs w1) + s Hillowsr — xl|* + JHille — ]
= F(@r1) = B + 5Hiris + 5 Hille — >

Consequently,

F(zp41) + $Hipllz — 2 ||® < Gol(@) + S Hillz — ol + [Brs1 — 3 His17s1)

(35)
+ 3(Hi1 — Hy) (|2 — @ || + r7gq)-

Note that, by construction, Hy, < Hy 1. Also, in view of Assumption 2.1 (and the fact that z; € dom ¥ for any ¢ > 0), we
have 7441 < D and ||z — zx41]| < D. Therefore,

3(Hirr — Hy) (|l — wps |* +7341) < (Hyn — Hy) D (36)

13
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At the same time, by the definition of Hj; at Line 5 and Lemma E.1, it satisfies the following equation:

(Hes1 — Hp)D? = [Brg1 — 5 Hegarig ]+ (37

Therefore,
Brr1 — sHes17 1 < [Bes1 — s Hppariy 1)+ = (Hia — Hi) D (38)

Substituting (36) and (38) into (35), we get

F(ap1) + sHprl|lz =z |” < (@) + §Hille — 2k + 2(Hi 1 — Hy) D?. (39)

Let k > 1 be arbitrary. Summing up (39) for all indices 0 < k' < k — 1 and using the fact that Hy = 0, we obtain

k k—1
> F(zi) <Y (@) + 2H,D? = k®g(x) + 2Hy D?,
1=1 1=0

where the final identity follows from (33) and (32) (and we have dropped the nonnegative term %H kl|x — 21|? from the
left-hand side). Since x € dom v was arbitrary, this proves the second inequality in (31).

iii. It remains to estimate the rate of growth of the coefficients Hy.

L 1+v

Let v € [0, 1] be arbitrary such that H,, < 4o00. From (7) and the definitions of 841 and ri41, we obtain Siy1 < 15 Tkt

]
for any k£ > 0. Hence, according to (37), for all £ > 0, we have the following bound:

L 1
Hyor — H D2<[ Yoplty g2 }
(Hg41 — Hy)D” < T w1~ g en T |

Applying Lemma E.6 (with Q := D?, M := L, v, = 1), we get, forall k > 1,

1 ](1*1/)/2

L
v (1-v)/2
He < [(1 T v)D? s pr” '

v =

Substituting this estimate into (31) and using the fact that v € [0, 1] was arbitrary, we obtain the final inequality in (31). O

B. Proof of Theorem 4.2

Theorem 4.2. Let Algorithm 2 be applied to problem (5) under Assumptions 2.1, 2.2 and 4.1, and let T, := % Zle x; be
the average iterate. Then, for all k > 1,

) 8L,D't” 4¢D
nf

E[F(Ty)] — F Syel[o,l] Y N

To reach E[F(z1,)] — F* < € for any € > 0, it then suffices to make O (inf, ¢ 1[2]?/ (1T D? + g) oracle calls.

Proof. 1. We will show that

_ . _ 2E[Hy|D? . 8L,D' 40D
ii. Let k > 0 be arbitrary. Let (. : R™ — R U {400} be the function
Ge() = fzk) + (g, x — z) + P (2). 41)

Note that, by definition, g, = g(z, {x), where & is independent of x. Therefore, in view of (22) and (5), in expectation,
(y, is a global lower bound on the objective function F: for all x € dom ¢, we have

Eg, [C(2)] = e, [f (wx) + (f'(xx), 2 — an)] + d(2) < f(2) + () = F(). (42)

14
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Let x € dom ) be arbitrary. By the definition of z1 (Line 3) and Lemma E.2,
Go(@) + S Hyllw — i |)® > Ce(irr) + 3 Hellzrrr — 2el® + 2 Hellz — 2 | (43)
According to (41) and (5), we have
Ce(rry1) = flon) + (ks Trrr — k) + V(Trr1) = F(2rp1) — Bry1s (44)
where Bi11 = f(xk+1) — f(zr) — {9k, Tkr1 — x). Using (22), we can estimate
Bra1 < (f' (k1) = Gh, Thtr — Tk) = (Gh+1 — Gh, Tha1 — T) + Dkt (45)

where Apt1 = (f'(k+1) — 9k+1, Tht1 — 2). Recall that gx11 = g(2k+1, Ekr1) With €41 being independent of xj, and
Z+1. Therefore, according to (22),
E§k+1 [Ak-l-l] =0. (46)

Substituting (44) and (45) into (43), we obtain

Ce(z) + 3 Hillz — 2l > F(2rq1) — (gra1 — gk Trrr — Th) — Dppa
+ s Hi |k — aill® + 3 Hillz — 2 |

= F(xr41) = Bre1 + s Hirigy + 3 Hillz — 2 ||* — Mg,
where the last identity is due to the definitions of ;1 and Sx41. Rearranging, we get

F(zr41) + $Hirallz — zes ] < Gol@) + SHillz — 2kl + [Bor1 — 2Hear74q]

1 2 2 (47)
+ 5(He1 — Hi) (|2 = Tgal|” + 7h41) + Dkgrs

By construction, Hy < Hy.1 (Line 5). Also, in view of Assumption 2.1 (and the fact that z; € dom for all ¢ > 0),
|z — 2g+1]] < D and ri41 < D. Therefore,
3(Hipr = Hy) (|2 =z |” +7740) < (Hea — Hi) D2, (48)
Further, by the definition of Hy_; at Line 5, it satisfies the following equation (see Lemma E.1):
(His1 — Hi)D? = [Bes1 — SHip1ri )+ (49)
Substituting (48) and (49) into (47), we obtain

F(xr11) + $Hipllz — appa || < G(@) + $Hello — o] + 2(Hgsr — Hi)D® + Ay (50)

Let & > 1 be arbitrary. Summing up (50) for all indices 0 < k' < k — 1 and using the fact that Hy = 0, we get

k k—1 k
S F(w:) < Gir) + 2HiD* + ) A,
=1 =0 =1

Hence, by the convexity of F' and the definition of Zy,

Passing to expectations and taking into account (42) and (46), we conclude that

2E[H,]D?

B[F(00)] < F(2) + —

This proves the first inequality in (40) since x € dom v was arbitrary.

iii. Let us estimate the rate of growth of the coefficients H.

15
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For each k£ > 0, denote
O = gr — f'(xr) = g(or, &) — f'(21). (51
Note that, according to (22) and (23), we have

Ee [0c] =0,  Ee, [[I6k]I2] < o™ (52)

Let v € [0,1] be arbitrary such that L,, < +oo. Let k > 0 be arbitrary. By the definitions of /Bk-Jrl and 741, and by (51),
we have

Brt1 = (g1 — g Trg1 — @) = (f (@rs1) — £ (@r), T — Tk) + (Oks1 — Oy Thpr — Th)

(53)
< (@rg1) = @) lsrosr + 10k+1 — Okllarirr < Lority + Oks1rist,

where 041 = |[0x+1 — k||« the first inequality is the Cauchy—Schwartz, and the final one is due to (6) and (22). Recall
that €41 is independent of x; and &;;. Hence, it is also independent of J; (see (51)). Therefore, according to (3) and (52),

we have ) ) ) )
Eﬁk;ﬁkﬂ [Uk+1} = Eﬁk,$k+1 [||61€+1 H* + H6k||* + <6k+17 B 67@)]

= Ee, [Ee, [10041112] + 10k]17] < Ee, [0 + 116513] < 20°.

In particular, the same inequality holds for the full expectation.

(54)

Substituting (53) into (49) (using the monotonicity of [-] ), we get, for any k& > 0,
(Hpt1 — Hy)D* < [Lyr T + oparier — 3 Hiamh ]+
Applying Lemma E.7 (with  := D?, L := L,,, o}, := 1, y = 0},), we obtain, for all k > 1,
L 2 & 1/2
Hy, < [2(1+ 1/)](1+”)/2D17i”k(1_”)/2 + (ﬁ ;01-2> .
By Jensen’s inequality E[X /2] < (E[X])'/? and (54), for all k£ > 1, it holds

(53 = o)< =k

i=1

Thus, forall £ > 1,

E[H,] < [2(1 + V)]<1+v>/2%k(1—v>/z 2"[ e 2;\@.
Substituting this estimate into (40) and taking into account the fact that v € [0, 1] was arbitrary, we obtain the final inequality
in (40). O
C. Proof of Theorem 5.1

Theorem 5.1. Let Algorithm 3 be applied to problem (5) under Assumptions 2.1, 2.2 and 4.1. Then, for all k > 1,

. 32L,D'*t" 80D
n + .
velo,1] k(1+3v)/2 V3k

E[F (k)] - F* <

To reach E[F (x1,)] — F* < € for any € > 0, it then suffices to make O (inf [ 1) [ﬂ]Z/(HP’V) + = D ) oracle calls.

Proof. 1. We will show that

2E[H,]D? 4E[H,D*> . 32L,D'*" 80D
E[F(z))] — F* < < < .
()] S T4 S TR D St kG T AR

(55)

16
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ii. For each k£ > 0, denote
o) =gp — f'(ur) = 9(yr, &0) — [ (k). (56)
Opr1 = Grp1 — F(@rs1) = 9(xrg1, §1) — f(rsn), (57
where 5}5, & 1 k =0,1,... are independent copies of the oracle’s randomness.
Note that §Z (resp., 5,2 +1) is generated after (and independently) of yy, (resp., x+1). Therefore, according to (22) and (23),
Ee[67] =0,  Ee[ll6p[7] < o2, (58)
Eer (074 =0,  Ee, [l1674]2] <o (59)

iii. Let & > 0 be arbitrary. Let (. : R” — R U {+00} be the global lower bound on the objective function F' obtained by
linearizing f at yy:

@) = fyr) + (f' () z — ye) +¥(2) (< F(2)), (60)
andlet (,: R" - RU {+0o0} be its stochastic approximation:
Ce(@) 1= Flyr) + (g — y) +9(2) = G(x) + Af (), (61)
where
A (z) = (07, x — yg)- (62)

Recall that £} is independent of yy,. Therefore, for any (possibly random variable) 2 € R™ that is also independent of £}/, we
have
Eey [Af(z)] = 0. (63)

Let x € dom ¢ be an arbitrary (deterministic) point. Applying Lemma E.2 to the definition of vy at Line 5 and taking
into account (61), we obtain

416k (7) + S Hillw — vi|? > ars1Gr(vir1) + 5 Hellvisr — vel|® + 3 Hillw — v |12

R (64)
= aps1Cr(Vki1) + s Hellw — vpga||* + $Hirig s
where the last identity follows from the definition of 74 ;.
In view of (60) and (61), we have
ARF (2x) + ap 1 (vrsn) = ArGi(@r) + arprG(vrs) 65)

= ApGil(@r) + ars1Ge(vrs) — ARAL(r) > ApprCe(zre1) — ARAY (zx),

where the last inequality follows from the convexity of é i and the definitions of ;1 and A1 at Lines 6 and 3, respectively.
According to (61) and (5),

Cre(@ry1) = flyr) + (90, Tha1 — Yk) + V(@hs1) = F(Trg1) — Brt1s (66)

where fj41 = f(zr+1) — f(ye) — (9%, Tk+1 — yi). Using (22) and the definition of B;Hl, we can estimate

Bra1 < (f' (@rs1) — 97 Try1 — Yk) = Bry1 + AVER (67)

where Af 11 = (0% 1Yk — Tp+1) (see (57)). Note that &7 1 is generated after (and independently) of 1 and y. Hence,
in view of (59),
B¢z [AF 4] =0. (68)
Putting together (65)—(67) we obtain
ARF(xk) + 431G (0k11) > Aps1 [F(@r1) — Brepa] — ApAY(a)

> Aps1[F(@p41) = Br1] — ApAf(zr) — Ak Af .

17
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Combining the above inequality with (64), we get

ApF(z1) 4 apiCrl(e) + 1 Hyllz — vg?
> Akt [F(wri1) = Bra] + SHerd oy + SHillw — vpin||? — AeAY(z) — Apr1Af 4.

After rearranging, we can write

A1 F(xri1) + 3 Hipa llz — vpga |12
< ApF(zy) + 2 Hyllz — vg||> + ars1Ce(x) + [Apy1Brir — LH 7]
+ 3 (Hir — He)[l|lz — ve |* + 7] + ARAL (k) + Ap1 AT

Note that, by construction, Hy, < Hy (Line 7). Further, in view of Assumption 2.1 (and the fact that v; € dom 1) for all
i > 0), we have || — vg41|| < D and ri41 < D. Hence,

$(Hi1 — Hy)llo — v + vy ] < (Hpqa — Hy) D

On the other hand, from the definition of Hj, 1 at Line 7 and Lemma E.1 (with 8 := Aj11S41, p == 312, Q= D?),it
follows that )
(Hps1 — Hi)D? = [Api1 81 — 3 Hpg1rh )+ (69)

Combining the above three displays, we obtain

A1 F(zp1) + 5 Hip |z — v |12

. (70)
< ApF(xi) + $Hyllz — Vll? + ak1Ce () + 2(Hy 1 — Hi)D? + ApAY (vr) + App1 A5,

Note that this inequality is valid for any k& > 0.

Let k > 1 be arbitrary. Summing up (70) for all indices 0 < k¥’ < k — 1 and taking into account that Hy = Ay = 0 (by
definition), we get

k—1 k-1
AF(zr) <Y aipai(e) + 2HeD? + Y (AiAY (2;) + A AT,),
=0 =0

where we have additionally dropped the nonnegative term 3 Hy||z — vy||? from the left-hand side. Combining this with (61)
and (60), we obtain

N

—1 k—1
ApF () €3 aiaGile) + AV (@)] + 2HpD® + ) (Al () + A AT y)
i 1=0

s
Il
=)

k—1
< ApF(x) +2H, D + ) (aip1 AY () + AAY (2:) + A AL,
i=0
where we have used the fact that A, = Zle a; (see Line 3).

Observe that, by definitions at Line 3, the coefficients a; and A; are deterministic for each i > 0. Also, recall that x is
assumed to be deterministic as well. Therefore, passing to expectations in the above inequality, we get

k—1
=0

Note that, for any ¢ > 0, the random variable &/ is generated after z;, and hence they are independent. Therefore, according
to (62) and (68), for each i > 0, we have E[AY (2)] = E[AY(z;)] = E[A?,,] = 0. Thus, the above display reads

AR E[F(zy)] < ARF(z) + 2E[H,])D?.
This proves the first inequality in (55) since x € dom v was arbitrary.

18
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iv. From the definitions at Line 3 and the fact that Aq = 0, it follows that

k
Ap =) a;i= sz% (k+1) (> 3k (71)
=1

for any & > 1. This proves the second inequality in (55).
v. To prove the final inequality in (55), it remains to estimate the expected growth rate of regularization parameters Hy,.

Let v € [0, 1] be arbitrary such that L, < +o0o. Let k > 0 be arbitrary. According to the definition of Bk:+1 and (56)
and (57), we have
Brsr = (951 — 98 Trs1r — Y) = (F (@rs1) — F' (), Tesr — Yn) + Ofy — 08, i1 — Uk
< (@rgr) = F W) lallwrsr — vell + onrallersr — vell < Lollzesr — el + orgal2rer — el

(72)

where oj11 = |07 b1 51% ||, the first inequality is the Cauchy—Schwarz inequality, and the final one is due to (6) and (22).
Recall that 7 is a function of y, and &} (see (56)), and &§° 1 18 generated after y and &.. Therefore, & 1 is independent
of 52. Hence, according to (3), (58) and (59),

Eeyer, [0741] = Eeyer, 05,1 117+ 163112 + 2(65, 1, B~167)]

(73)
=E¢y [Eep (1% lI2] + 107112] < Beylo® + [I62112] < 20°.

Further, by the definitions of y; and ;1 at Lines 4 and 6, 11 —yx = A’;:l (vk+1 — vk ), which means that ||zg+1 —yi|| =

A’;fl Tk+1. Substituting this into (72) and using the definition of ay4; at Line 3 together with (71), we obtain

1+V
5 Ak+1 I+v ag+1 i1 14
Apt1Br+1 < Ak {Lu (Tﬁcﬂ) + Okt ATk = A” Tht1 T Okt 10k 41Tk 41
1 k+1 a1

(k+ D)™ 1
R C TSI Tl
Combining the above inequality with (69) (using the monotonicity of [-];), we come to the following recurrence relation:
(Hesr — He)D? < [2YLy (k+ 1)"r + (k + D)owg1resr — SHiari ]+,
which is valid for any & > 0.

+ (k4 Dokparesr = 2" Ly(k + 1)Vt + (k+ Dogyarega.

Let k > 1 be arbitrary. Applying Lemma E.7 (with Q := D? L = 2L, a;, := k and vy, := koy,), we conclude that

H, < [2(1 + U)](1+V)/22VLZ,(% ZZQ>(1 )/2 n (% Z(igi)z)l/Z
(1+3v)/2 (1+4v)/2 i 2 2 k 2 o 1/2
—9 (1+v) e V(Zz) (ﬁZwi) _

i=1 i=1

Note that, by Jensen’s inequality E[X /2] < (E[X])'/? and (73),

(G ed) ] < () < 3 (o)
i=1 i=1 i

Thus,

(143v)/2 (14v)/2 & (1-v)/2 20 k 9 1/2
B <20 () (5

1 1-v)/2 20 /1 1/2
< 9(1+3v)/2 <1+u>/27V - 29 (= 2
<2 (1+v) (3k(k 1) ) + (3k(k+1) )

2(1+3u)/2(1 _|_l/)(1+l/)/2 L

v (1-v)/2 1—v e v
ST Dk (k+1)"7" + fo(IH—l)
8L 2 o
Ohv pa-y2 1w 49
< Sk (k+1)'" + \/gD\/E(k+1),
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2

where we have used the fact that Zle i = Lk(k +1)(2k + 1) < $k(k + 1). Consequently,

4 2 (1-v)/2 1)1-v 1
E[H}]D §32LVD1+V1€ (k+1) +8aD\/%(k+ )
E(k+1) k(k+1) V3 k(k+1)
320D 8D _32L,D’ 80D
- k(1+u)/2(k 4 l)u + \/?E - EQQ+3v)/2 + \/37:
This proves the final inequality in (55) since v € [0, 1] was arbitrary. O

D. Universal Line-Search-Free Fast Gradient Method

Theorem D.1. Let Algorithm 3 be applied for solving problem (5) under Assumptions 2.1 and 2.2 with the deterministic
gradient oracle g(x,€) = V f(z) and with B, = ﬂf (Yk, xgp+1) (Line 7) at each iteration k > 0. Then, for all k > 1, it
holds that
4H, D? 8L, DTV
F(ag) — F* < —* i

k= Sl 74
Sk 1) = el kAH80/2 (74)

Proof. We proceed exactly in the same way as in the proof of Theorem 5.1 (Appendix C) but do not upper bound
Br+1 = Bf(Yr, Tr41) With i1 in (67). We then arrive, exactly as before, at the following inequality that holds for any
k> 1.

4H, D?
Flag) — F* < —F

SRED) )

To upper bound Hy,, we use, as before, the following equation:
(Hi1 — Hi)D? = [Agg1 i1 — 5Heprri )+
that holds for any & > 0, but now we can upper bound

L,
714 _ 1+1/.
Brt1 < T+ et llre1 — yill

This is essentially the same bound that we had in (72) with the formal change of L, to L/, := 16:}/
before, we then obtain

2L, )
Aps1Bi41 < T “(k+1) VTIiL

for any & > 0 and arbitrary v € [0, 1], which gives us

2VL 1—v, 1+4+v Hk+1 2
1+y(k+1) 1;1* 5 Tkt

(Hyi1 — Hy)D? < R

Instead of Lemma E.7, we can now apply a slightly more precise result (in terms of absolute constants)—Lemma E.6 (with
Q= D? M :=2"L,, v, = k)—to conclude that, for all & > 1,

1 (1-v)/2 1 (1-v)/2 T, 2L,
Hy < [y 317 2L, < 2| ———k(k + 1) Y < SRR (g g 1yt
b= (1+V)D2;Z = 131 +v) (k+1) Di-v = Di-v (k+1)

where the second inequality is due to >3 i% = Lk(k +1)(2k + 1) < 1k(k + 1)2, and the final inequality follows from
the fact that 2* /[3(1 + v/)](*~*)/2 monotonically increases in v € [0, 1]. Substituting the above bound into (75), we get

k(l—u)/Q(k+ 1)1—1/ 2LVD1+1/ 2LVD1+1/

I nt 1+v —
F(zp) - F* <2L,D k(k+ 1) R L 1) = KO -
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E. Auxiliary Results
Lemma E.1. Let H,3,p > 0 and Q2 > 0. Then, the equation
(Hy —H)Q = [8— Hipl+ (76)
has a unique solution given by
(8 —Hpl+
H . =H+———. 77
+ Ot (17

Proof. Denote the left- and right-hand sides in (76) (as functions of H,) by ¢; (H) and (3(H ), respectively, and let
C(Hy) = ¢1(H4) — (2(HL). Note that both ¢; and ¢, are continuous functions, ¢; is strictly increasing, while (5 is
decreasing, hence ( is a continuous strictly increasing function. When H, = H, we have (; (H) = 0, while (;(H) > 0,
hence ((H) < 0. When H; — +o00, (1(H ) tends to +o00, while (2(H) tends to a finite number (either 0 if p > 0, or
B if p = 0), hence ((H ) tends to +o00. Thus, there exists a unique point H; > H such that ((H;) = 0. This point is
exactly the unique solution of equation (76).

It remains to show that (77) is indeed a solution to (76). But this is simple. Indeed, if 5 < Hp, then, according to (77),
Hy=H+ (8- Hp)/(Q2 + p), and hence

B—Hp
Q+p P~ +p

which means that H satisfies (76). If 8 > Hp, then, by (77), H; = H, and hence
[6—Hiply =[8—Hply =0=(Hy — H)Q,

which also means that H satisfies (76). O]

B—Hip=p—Hp— (B—Hp)=(Hy —H)Q (=0),

LemmaE.2. Let (: R" — RU{+o00} be a convex function, T € dom ¢, H > 0. Then, for any x* € Argmin, ¢ o, {¢(2)+
1H||z — Z||?} and any x € dom ¢, we have

C(x) + g H |z — 2> = ¢(a*) + 3 H 2" — z||* + 3H |z — ™|

Proof. This is a standard result that can be seen as a consequence of the fact that (y () == ((z) + & ||z — z||? is a strongly
convex function with constant H, and hence ((z) > (g (2*) + Z||z — 2*||? for any z € dom (. O

LemmaE.3. Lerv € [0,1), M > 0 and H > 0. Then,

(78)

max

{M " HQ}_ 1—v  M¥0=v)
>0 ECEEEE

1+v 2(1 + v) HAT1/(a=0)"

Proof. After the change of variables t = r!*V, the objective function inside the max becomes concave in t (since
r? = ¢2/04) with 14% > 1). Computing its derivative and setting to zero, we see that the maximum is attained at the point
re = (M/H)Y(=") Thus,

{ M ., H 2} M MN\OE/Q=v) H M N\2/(-w)
A 2" _1+y(ﬁ) E(ﬁ)
1 M2/(1—1/) 1 1— M2/(1—y)
= (1-50+0) = == . O
1+ v HA+v)/(1-v) 2 2(1 +v) HA+v)/(A=v)

Lemma E.4. Let (Hy)2 ) be a nonnegative nondecreasing sequence of reals such that, for any k > 0,
(p+1)H (Hppr — Hy) < agy1,

where p > 0 is real and (o), is a nonnegative sequence of reals. Then, for any k > 1, it holds that

k 1/(p+1)
Hk S (Hg+1 + Zaz) .
=1
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Proof. Since Hy, < Hy41 forany k > 0 and p > 0, we can estimate
Hir +1 1
Qg1 > (p+ 1)H]€+1(H}€+1 — Hk) > (p+ 1)/ tPdt = Hllc)—&-l H]Z; .
Hy,

Telescoping these inequalities, we obtain, for any k£ > 1,
k
HY™ = HP <Y
i=1
and the claim follows. O

Lemma E.5. Let (H},)72 ) be a nonnegative nondecreasing sequence of reals such that, for any k > 0,
Hyy1(Hyy1 — Hy) > gy,

where ()52, is a nonnegative sequence of reals. Then, for any k > 0, it holds that

k 1/2
Hy > (H§ + Zai) .
i=1

Proof. Indeed, for any k£ > 0, we can estimate
a1 < Hypr(Hn — Hy) < (Hygr + Hi)(Hy — Hy,) = Hi oy — Hi.
Summing up these inequalities and rearranging, we obtain the claim. O

Lemma E.6. Let (H},)72 , be a nondecreasing sequence such that Hy = 0 and, for all k > 0, it holds

(Hewr — H)R < [ Maltrbt = St 9)

1+v

where Q > 0, M > 0, v € [0, 1] are certain constants, and ()72, and (ry)72, are certain positive and nonnegative
sequences, respectively. Then, for all k > 1, we have

k

1 (1-v)/2
H, < [m ;ﬂ M. (80)

Proof. Suppose v = 1. Then, according to (79), for all k£ > 0, we have

(Hy1 — Ho)Q < [§Mrioy — §Heprigals = [M = Hi] 4 37740 81)
Since Hy = 0 < M, this implies that H; < M for all £ > 0 (which is exactly (80) for v = 1). Indeed, if Hy, < M < Hy14
for some k > 0, then the left-hand side in (81) is strictly positive, while the right-hand side is zero, which is a contradiction.

From now on, suppose v < 1. Without loss of generality, we can assume that Hyq > 0 forall £ > 0. Let £k > 0 be
arbitrary. Applying Lemma E.3 to bound the right-hand side in (79) (and using the monotonicity of [-].), we obtain

1—v (M’yl I/)2/(1 v) 1—v M2/(1—V)
(Hp41 — Hp)2 < +0)/(1—) T4y /(1—p) Tk+1:
2(1+v) H,5+1 )/ (1-v) 2(1+v) ng+1 )/ (1—v)

Applying Lemma E.4 (with p = 1% for which p + 1 = 2-) and using the fact that H, = 0, we conclude that

B A :
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Lemma E.7. Let (Hy)?2 , be a nondecreasing sequence such that Hy = 0 and, for all k > 0, it holds
(Hir1 — He)Q < [Lag 2 ri ) 4 Yeearir — 3 Hiamiaa |+ (82)

where Q > 0, M > 0, v € [0, 1] are certain constants, (a,)52, is a certain positive sequence, and (11)5, and ()5,
are certain nonnegative sequences. Then, for all k > 1,

k . k
Hy < [2(1+V)](1+u)/2L(éZa$)(1 )/2+ (%273)1/2 3)
i=1 =1

Remark E.8. Setting v, = 0 in Lemma E.7, we recover Lemma E.6.

Proof. i. Without loss of generality, we can assume that Hy; > 0 for all £ > 0. Indeed, otherwise, either H; = 0 for
all k > 0, and (83) is trivial, or we can work with the subsequence (H, k)?;ko’ where ko > 0 is the first integer such that
HkoJrl > 0.

ii. Suppose’ v = 1. In this case, (82) reads
(Hpg1 — Hi)Q < [(L— $Hpg1)Thyy + Vo1 Ths1 )+ (84)

for all k£ > 0, and we need to prove that, for all £ > 1,

k
Hy, <AL + (% Z%‘Z)m. (85)

(This is exactly (83) for v = 1.)
Since Hy = 0, we can assume that there exists an index kg > 0 such that
Hko <4L < Hk0+1. (86)

(Otherwise, Hy, < 4L for all k > 0, and (85) is trivial.) As (Hy)?2, is nondecreasing, (85) is clearly valid for all indices
0 < k < kg. Let us prove that it is also valid for all k > kg + 1.

Let k > ko be arbitrary. By monotonicity of (H;)$°,, from (86), it follows that Hy1 > H,4+1 > 4L. Therefore,

1 2 2 Vet
(L - *Hk+1)7“k+1 F Yr 1Tk < Yha1The1 — = Higamig < oo,
2 4 Hi

where the final inequality follows from Lemma E.3 (with v := 0 and H = %H k+1)- Combining this with (84) (using the
monotonicity of [-]}), we get

(Hp41 — Hp)Q2 < Vit
Hyq

Thus, for all £ > kg, we have
(Hpyy — H)Q < 2Hp gy (Hpga — H)Q < 2974, (87)

(Recall that Hy, < Hyy1.)

Let k > ko + 1 be arbitrary. Summing up (87) for all indices kg < k¥’ < k — 1 and rearranging, we get

R

where the last inequality is due to (86) (and the fact that ko > 0). Using the fact that v/a + b < \/a + v/b for any a, b > 0,
we obtain (85).

{O\w

k
2
ngnggoJ’_ﬁ Z 77;2,
i=ko+1

>In principle, we can cover the case v = 1 by only considering the values of v € [0, 1) and then passing to the limit as v — 1.
However, we prefer to present a more explicit proof without using the limiting argument.
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iii. Now suppose v < 1. Let £ > 0 be arbitrary. Applying Lemma E.3 twice, we obtain

Loy Y + Akgaresr — sHiarigy = (Lo 5m Y — $Hipari ) + Dearesr — $Hrgamig]
1—v [(1 —|—l/)LOtl u}2/(1 V) N 1 Pyk—ﬁ—l (1 ) M2/(1—y) ) N 7£+1
= — (1), Tkl
= 2(1 T 1/) (§Hk+1)(1+”)/( —v) 2 %Hk+1 H](::iu)/u_u) k+1 Hk+1,

where .y
20H1)/2(1 4 v)
M= V7 r_9vn A+v)/21, 88
21 + )| 0172 (1+v) 88)

Combining this with (82) (using the monotonicity of [-] 1), we get

M2/(1-v) Y24
Hi1 —H)Q< (1 —v)————a?, | + 4L
( k+1 k) ( )H’S:V)/(l vy k41 Hk+1
Since Hy, < Hjy, it follows that
1 M2/(1-v)
§(H13+1 — H{)QY < Hyyy (Hiyr — H)Q < (1 — V)Wai+l + Vg1
k41

Note that this inequality is valid for all £ > 0.
Applying Lemma E.9 (with C, == H?, o}, == g and ), = Q*yk) we conclude that, for all £ > 1,

R

k ks
HZ < M? (Z 0?)  + Sogr=
=1

[l g2 1o = 2 2
= [2(1+v)] +L( Za) 52%

where the second identity follows from (88). Using the fact that v/a + b < \/a + Vb for any a,b > 0, we obtain (83). [
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Lemma E.9. Let (Cy)32 | be a positive sequence satisfying, for all k > 0,

MQ/(l—l/)
Cr1 = Cr < (1 = ¥)— =y @1 + Vet (89)
Cr

where Cy :== 0, and M > 0, v € [0, 1) are certain constants, and (cu,)52 | and ()52, are certain nonnegative sequences.
Then, for all k > 1, we have

Cr < M2 (ij o) ijw (90)

i=1 i=1

Proof. Foreach k > 0, let C’k be the right-hand side of (90):

k k
Cr = M?A;7" + Z%, A = Z i, 91

i=1

with the convention that C’O = Ay = 0. Note that Cr > 0 for all k > 1. Indeed, if C, = 0 for some k > 1, then C; = 0
(by the monotonicity of (Ck) ° 1), which means that y; = 0 and either M = 0 or a; = 0; but then, according to (89),
C1 — Cp < 05 since Cy = 0, this implies C; < 0, which contradicts our assumption about the positivity of (C)72 ;.

Let us prove by induction that Cy, < Cj, for all k& > 0. Clearly, this inequality is satisfied for & = 0 since Cp = Co=0.
Now suppose that C, < C}, for some k > 0, and let us prove that C11 < Ck;+1
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Let xx+1: (0, +00) — R be the function

M2/ (1-v)
Xe+1(C) =C = (1 - V)m%w» 92)
According to (89) and the inductive hypothesis, we have
Xi+1(Crr1) < Cr +t1 < Cr + Vg1 (93)

Since the function yj1 is strictly increasing, to prove that Cy4q1 < é‘k+1, it suffices to show that xx11(Crt1) <
Xk+1(Ck+1). According to (93), for this, it suffices to show that

Cr + V1 < Xk+1(ék+1)~

Substituting (92) and rearranging, we see that we need to prove that (C;)$2, satisfies (90) with the reversed sign:

. . Ag2/(1-v)
Crpr = Ok 2 (1 = v)— a5 k1 + Va1
Cir

In view of (91), we have R R
Crs1 — C = M? [AIIC:{ — A7+ Vet

Thus, we need to check if
MQ/(l—y)
1—v 1—v
MPATY — AT > (1 - V)makﬂa
k+1
or, equivalently, if

YA = AT = (1= )M Oy,

From (91), it follows that C'kﬂ > MQA};’I. Hence,

Av/(1—v —v —v v/(1—v) pqv —v —v
Ck—{-(l )[Allc+1 - Allc ] > M2 /a )Ak+1[Allc+1 - Ai }

Thus, it suffices to show that
AL AT = AT 2 (1= v)agga.

But this is indeed true, as for any 0 < ¢; < t,, by the concavity of ¢ — ¢! =", we have tg(t%f” — t}*”) >(1—v)(ta —t1),
while A1 — Ax = ag41 according to (91). O]

F. Additional Related Work

Within the context of Problem (5), we most commonly consider that f and 1) are both convex and ) is a simple, non-smooth
function, such that we could solve (5) efficiently by means of a proximity function.

Classical methods: Focusing on the setting where 1 is the indicator function of a compact set (), we can solve the problem
at a rate of O(1/v/k) when f is non-smooth while we can accelerate the convergence to O(1/k?) when f has Lipschitz
continous gradients, i.e., f is smooth. These rates are shown to be tight when the gradient feedback is noiseless (Nemirovsky
& Yudin, 1983). When the first-order oracle is stochastic with variance o2, the lower bounds imply a convergence rate
of O(c/v/k) (Nemirovski et al., 2009; Lan, 2012).

The simple (sub-)gradient descent (GD) (Cauchy, 1847), i.e., zx+1 = xr — Yg(2k), with a sufficiently small 7 that
decays as O(1/+/k) achieves O(1/v/k) rate for non-smooth minimization. Although this rate matches the information
theoretic lower bounds, the same method converges at an O(1/k) rate under smoothness, which is suboptimal. Nesterov
(1983) introduced the idea of “momentum” and proposed the first order-optimal algorithm, accelerated gradient descent
(AGD), which manages to decrease the error at a rate of O(1/k?). Since then, various different interpretations of Nesterov’s
acceleration has been proposed. For a broad review of acceleration mechanisms, we refer the reader to Nesterov (2005);
Xiao (2010); Tseng (2008); Beck & Teboulle (2009); Diakonikolas & Orecchia (2018); Wang & Abernethy (2018) and
references therein.
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Figure 3. Comparison of different deterministic algorithms on convex optimization problems.
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Figure 4. Comparison of different stochastic algorithms on non-convex optimization problems.

An integral components of the classical methods, such as GD, AGD and its variants, is the dependence on the knowledge
of problem parameters, specifically the Lipschitz constant of the problem. When the step-size is not selected sufficiently
small with respect to the Lipschitz constant, then these methods are destined to diverge. Similar arguments hold for
stochastic methods such that the initial step-size needs to be sufficiently small to guarantee convergence for smooth
problems (Nemirovsky & Yudin, 1983). Additionally, the step-size must decay optimally at the rate of O(1/ \/E), irrespective
of the smoothness of the problem, to control the effect of noise and ensure convergence to the set of solutions (Robbins &
Monro, 1951).

Line-search methods: A fundamental technique to overcome the dependence on problem parameters is the line-search
machinery (Armijo, 1966; Wolfe, 1969; Nocedal & Wright, 2006), which dynamically selects step-size every iteration by
using local information. There are several strategies such as exact line-search and backtracking line-research, which could
be implemented with appropriate “sufficient decrease” and curvature conditions. Essentially, line-search helps estimate a
locally-valid step-size, enabling larger step-sizes than using the globally worst-case Lipschitz constant. When equipped with
an appropriate line-search mechanism, GD and AGD could achieve the same convergence rates without the need to know
the Lipschitz parameter. However, this comes at the expense of an iterative search procedure which demands function value
evaluations per iteration of the line-search subroutine. Similarly, stochastic variants of line-search are available, nonetheless,
they enforce extra assumptions on the objective and gradient information (Paquette & Scheinberg, 2020).

G. Additional Experiments

In this section, we first elaborate on our experiments in the deterministic setting. We focus on the least-square problem
in (30). We first run the experiment on real-world diabetes dataset from LIBSVM. Next, we consider a synthetic dataset,
where we randomly generate an optimal solution x* in the surface of a unit ball. Next, we sample each element of A from a
uniform distribution over [0, 1] and set b = Ax*. We test the proposed Algorithm 1, denoted by UGM, and its accelerated
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version (AUGM). The baselines include GD, Nesterov’s GM (Nesterov, 2015), AdaGrad, UnixGrad (Kavis et al., 2019),
AcceleGrad (Levy et al., 2018) and AC-FGM (Li & Lan, 2023). In GD, we set the step size as 1/L while other methods
are tuned via grid search. The result is presented in Figure 3, where we observe that the proposed UGM shows better
performance than UniXGrad and AcceleGrad.

Next, we include additional experiments on the stochastic setting. To be specific, we train a ResNet18 (He et al., 2016) on
CIFAR-10 (Krizhevsky & Hinton, 2009). We select the mini-batch size as 512. The step size of each method is tuned by a
parameter sweep over {10, 1,0.1,0.01,0.001,0.0001}. The diameter of the proposed method is tuned by sweeping over
{50, 35,20, 10, 5}. We show the result in Figure 4, where we can observe that the proposed stochastic universal gradient
method can be applied on non-convex problems as well.
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