Metadata, citation and similar papers at core.ac.uk

Provided by Infoscience - Ecole polytechnique fédérale de Lausanne

Online Adaptive Methods, Universality and

Acceleration
Kfir Y. Levy Alp Yurtsever Volkan Cevher
ETH Zurich EPFL EPFL

yehuda.levy@inf.ethz.ch alp.yurtsever@epfl.ch volkan.cevher@epfl.ch

Abstract

We present a novel method for convex unconstrained optimization that, without
any modifications, ensures: (i) accelerated convergence rate for smooth objectives,
(ii) standard convergence rate in the general (non-smooth) setting, and (iii) stan-
dard convergence rate in the stochastic optimization setting. To the best of our
knowledge, this is the first method that simultaneously applies to all of the above
settings.

At the heart of our method is an adaptive learning rate rule that employs importance
weights, in the spirit of adaptive online learning algorithms 21, combined with
an update that linearly couples two sequences, in the spirit of [2]]. An empirical
examination of our method demonstrates its applicability to the above mentioned
scenarios and corroborates our theoretical findings.

1 Introduction

The accelerated gradient method of Nesterov [25] is one of the cornerstones of modern optimization.
Due to its appeal as a computationally efficient and fast method, it has found use in numerous
applications including: imaging [9]], compressed sensing [[13]], and deep learning [33]], amongst other.

Despite these merits, accelerated methods are less prevalent in Machine Learning due to two major
issues: (i) acceleration is inappropriate for handling noisy feedback, and (ii) acceleration requires
the knowledge of the objective’s smoothness. While each of these issues was separately resolved in
[35]], and respectively in [27]; it was unknown whether there exists an accelerated method
that addresses both issues. In this work we propose such a method.

Concretely, Nesterov [27] devises a method that obtains an accelerated convergence rate of O(1/7?)
for smooth convex objectives, and a standard rate of O(1/+/T") for non-smooth convex objectives,
over 7' iterations. This is done without any prior knowledge of the smoothness parameter, and is
therefore referred to as a universaﬂ method. Nonetheless, this method uses a line search technique in
every round, and is therefore inappropriate for handling noisy feedback. On the other hand, Lan [1§]],
Hu et al. [17]], and Xiao [33], devise accelerated methods that are able to handle noisy feedback and
obtain a convergence rate of O(1/72 4 /+/T), where o is the variance of the gradients. However,
these methods are not universal since they require the knowledge of both o and of the smoothness.

Conversely, adaptive first order methods are very popular in Machine Learning, with
AdaGrad, [13]], being the most prominent method among this class. AdaGrad is an online learning
algorithm which adapts its learning rate using the feedback (gradients) received through the opti-
mization process, and is known to successfully handle noisy feedback. This renders AdaGrad as

"Following Nesterov’s paper [27]], we say that an algorithm is universal if it does not require to know in
advance whether the objective is smooth or not. Note that universality does not mean a parameter free algorithm.
Specifically, Nesterov’s universal methods [27]] as well as ours are not parameter free.
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the method of choice in various learning applications. Note however, that AdaGrad (probably) can
not ensure acceleration. Moreover, it was so far unknown whether AdaGrad is at all able to exploit
smoothness in order to converge faster.

In this work we investigate unconstrained convex optimization. We suggest AcceleGrad (Alg. [2),
a novel universal method which employs an accelerated-gradient-like update rule together with an
adaptive learning rate a la AdaGrad. Our contributions,

e We show that AcceleGrad obtains an accelerated rate of O(1/72) in the smooth case and
O(1/+/T) in the general case, without any prior information of the objective’s smoothness.

e We show that without any modifications, AcceleGrad ensures a convergence rate of
O(1/+/T) in the general stochastic convex case.

e We also present a new result regarding the AdaGrad algorithm. We show that in the case of
stochastic optimization with a smooth expected loss, AdaGrad ensures an O(1/T 4 o //T)
convergence rate, where ¢ is the variance of the gradients. AdaGrad does not require a
knowledge of the smoothness, hence this result establishes the universality of AdaGrad
(though without acceleration).

On the technical side our algorithm emoploys three simultaneous mechanisms: learning rate adapta-
tion in conjunction with importance weighting, in the spirit of adaptive online learning algorithms
[13} 21], combined with an update rule that linearly couples two sequences, in the spirit of [2].

This paper is organized as follows. In Section 2] we present our setup and review relevant background.
Our results and analysis for the offline setting are presented in Section [3] and Section [4] presents
our results for the stochastic setting. In Section [5] we present our empirical study, and Section [6]
concludes.

Related Work: In his pioneering work, Nesterov [25]], establishes an accelerated rate for smooth
convex optimization. This was later generalized in, [26] 6], to allow for general metrics and line
search.

In recent years there has been a renewed interest in accelerated methods, with efforts being made to
understand acceleration as well as to extend it beyond the standard offline optimization setting.

An extension of acceleration to handle stochastic feedback was developed in, [18} [17, 35, [10].
Acceleration for modern variance reduction optimization methods is explored in, [31}[1], and generic
templates to accelerating variance reduction algorithms are developed in, [22| [16]. Scieur et al.
[30], derives a scheme that enables hindsight acceleration of non-accelerated methods. In [36]], the
authors devise a universal accelerated method for primal dual problems. And the connection between
acceleration and ODEs is investigated in, [32} 134, |14, 20} 5 4]]. Universal accelerated schemes are
explore in [27, |19 28]], yet these works do not apply to the stochastic setting. Alternative accelerated
methods and interpretations are explored in, [3} 7, [12].

Curiously, Allen-Zhu and Orecchia [2], interpret acceleration as a linear coupling between gradient
descent and mirror descent, our work builds on their ideas. Our method also relies on ideas from [21]],
where universal (non-accelerated) procedures are derived through a conversion scheme of online
learning algorithms.

2 Setting and Preliminaries

We discuss the optimization of a convex function f : R% — R. Our goal is to (approximately) solve
the following unconstrained optimization problem,

min f(x) .

reR4

We focus on first order methods, i.e., methods that only require gradient information, and consider
both smooth and non-smooth objectives. The former is defined below,

Definition 1 (3-smoothness). A function f : R* — R is B-smooth if.

F) < F@)+ VI@) - -2+ Slle—yl% ey e R



Algorithm 1 Adaptive Gradient Method (AdaGrad)

Input: #lterations 7', x1 € K, set
fort=1...T do

~1/2
Calculate: g = V f(z¢), and update, n; = D (2 St ||gT||2)
Update:

Tey1 = e (21 — 1e9¢)
end for
Output: Zp = #+ Zthl Tt

It is well known that with the knowledge of the smoothness parameter, 3, one may obtain fast
convergence rates by an appropriate adaptation of the update rule. In this work we do not assume any
such knowledge; instead we assume to be given a bound on the distance between some initial point,
x¢, and a global minimizer of the objective.

This is formalized as follows: we are given a compact convex set X that contains a global minimum
of f,i.e., 3z € K such that z € argmin, g« f(x). Thus, for any initial point, 2, € K, its distance
from the global optimum is bounded by the diameter of the set, D := max, yex ||z — y||. Note that
we allow to choose points outside K. We also assume that the objective f is G-Lipschitz, which
translates to a bound of G on the magnitudes of the (sub)-gradients.

An access to the exact gradients of the objective is not always possible. And in many scenarios we
may only access an oracle which provides noisy and unbiased gradient estimates. This Stochatic
Optimization setting is prevalent in Machine Learning, and we discuss it more formally in Section 4]

The AdaGrad Algorithm: The adaptive method presented in this paper is inspired by AdaGrad
(Alg.[T), a well known online optimization method which employs an adaptive learning rate. The
following theorem states AdaGrad’s guaranteeﬂ , [L3]],

Theorem 2.1. Let IC be a convex set with diameter D. Let f be a convex function. Then Algorithm
guarantees the following error;

f(Zr) —min f(z) <

e

T
202" [lgo|1?/T .
t=1

Notation: We denote the Euclidean norm by || - ||. Given a compact convex set K we denote by
Ik (-) the projection onto the K, i.e. Va € RY, Ik (z) = argmin,cx |ly — =2 .

3 Offline Setting

This section discusses the offline optimization setting where we have an access to the exact gradients
of the objective. We present our method in Algorithm [2] and substantiate its universality by providing
O(1/T?) rate in the smooth case (Thm. , and a rate of O(4/logT/T) in the general convex case
(Thm. [3.2). The analysis for the smooth case appears in Section [3.T]and we defer the proof of the
non-smooth case to the Appendix.

AcceleGrad is summarized in Algorithm |2 Inspired by, [2], our method linearly couples between
two sequences {z; }+, {yt }+ into a sequence {x;;};. Using the gradient , g; = V f(2¢41), these
sequences are then updated with the same learning rate, 7;, yet with different reference points and
gradient magnitudes. Concretely, y;11 takes a gradient step starting at ;1. Conversely, for z;; we
scale the gradient by a factor of a;; and then take a projected gradient step starting at z;. Our method
finally outputs a weighted average of the {y:41}+ sequence.

Our algorithm coincides with the method of [2] upon taking
n: = 1/8 and outputting the last iterate, yr, rather then a weighted average; yet this method is not

2 Actually AdaGrad is well known to ensure regret guarantees in the online setting. For concreteness, Thm.
provides error guarantees in the offline setting.



Algorithm 2 Accelerated Adaptive Gradient Method (AcceleGrad)
Input: #lterations T', 29 € K, diameter D, weights {ov },c[r), learning rate {n; },cm
Set: yo = 20 = xo
fort=0...T do

Setmy =1/cy
Update:
xer1 =12t + (1 — 7))y, and define g, := Vf(x411)
ze+1 = U (20 — cumige)
Yt+1 = Te+1 — TGt
end for

_ T-1
Output: g7 o< Y ;o Y1

universal. Below we present our 3-independent choice of learning rate and weights,
2D & {1 0<t<2
oy =
1/2 F(t+1 t>3
(62 + 5!y a2lo- ) ity 2

The learning rate that we suggest adapts similarly to AdaGrad. Differently from AdaGrad we consider
the importance weights, «, inside the learning rate rule; an idea that we borrow from [21]. The
weights that we employ are increasing with ¢, which in turn emphasizes recent queries.

N = (1

Next we state the guarantees of AcceleGrad for the smooth and non-smooth cases,

Theorem 3.1. Assume that f is convex and [3-smooth. Let IC be a convex set with bounded diameter
D, and assume there exists a global minimizer for f in K. Then Algorithm 2| with weights and
learning rate as in Equation (1)) ensures,

f(Gr) — min f(z) <O

zER4

<DG + ﬂD;og(ﬂp/G)>

Remark: Actually, in the smooth case we do not need a bound on the Lipschitz continuity, i.e., G is
only required in case that the objective is non-smooth. Concretely, if we know that f is smooth then

—1/2
we may use 7y = 2D (th:o a; ||gT||2) , which yields a rate of O (W).

Next we show that the exactly same algorithm provides guarantees in the general convex case,

Theorem 3.2. Assume that f is convex and G-Lipschitz. Let K be a convex set with bounded
diameter D, and assume there exists a global minimizer for f in K. Then Algorithm 2| with weights
and learning rate as in Equation (1) ensures,

f(gr) — min f(x) <O (GD\/log T/\/T)

Remark: For non-smooth objectives, we can modify AcceleGrad and provide guarantees for
the constrained setting. Concretely, using Alg. [2] with a projection step for the y;’s, i.e.,
yt+1 = Hi(zer1 — mgt), then we can bound its error by f(gr) — mingex f(z) <

(@] (GD\/ logT/NT ) This holds even in the case where minimizer over K is not a global one.

3.1 Analysis of the Smooth Case

Here we provide a proof sketch for Theorem For brevity, we will use z € K to denote a global
mimimizer of f which belongs to K.

Recall that Algorithm [2|outputs a weighted average of the queries. Consequently, we may employ
Jensen’s inequality to bound its error as follow,

o) = £:) < e S o (Flesn) — £(2)) - @



Combining this with ZtT;()l ay > Q(T?), implies that in order to substantiate the proof it is sufficient
to show that, ZtT;Ol at (f(yt+1) — f(2)), is bounded by a constant. This is the bulk of the analysis.

We start with the following lemma which provides us with a bound on «; (f(yi+1) — f(2)),

Lemma 3.1. Assume that f is convex and 3-smooth. Then for any sequence of non-negative weights
{at}1>0, and learning rates {n; }+>o, Algorithmensures the following to hold,

042
au(f o) ~ F2) < (@ = @) = Fen) + 5 (5= ) loor = P

1 2 2
+ — (llzt — 2||” — ||#t+1 — %
g (12 = 21 = Iz = 21P)
2
Interestingly, choosing 7; < 1//3, implies that the above term, %* (ﬂ - %) lyer1 — x441]|%, does
not contribute to the sum. We can show that this choice facilitates a concise analysis establishing an
error of O(BD?/T?) for g

Note however that our learning rate does not depend on 3, and therefore the mentioned term is not
necessarily negative. This issue is one of the main challenges in our analysis. Next we provide a
proof sketch of Theorem 3.1} The full proof is deferred to Appendix

Proof Sketch of Theorem[3.1] Lemmaenables to decompose ZtT:_Ol ar(f(yer1) — f(2)),
T-1 T—1

> ) = £ € X g (e = 21 = s = =1P)

t=0 t=0
(A)
T—1 T—1 C¥2 1
3000 = a0 = Fnen) + 3 G (8 ) o = v
t=0 t=0

(B) (©)
3)

Next we separately bound each of the above terms.

(a) Bounding (A) :  Using the fact that {1/7; },¢[7] is monotonically increasing allows to show,

T T-1
1 9 5 1 5 (1 1 ) |20 — 2]I? D?
— Izt — 2|7 — ||lzt+1 — = < = Zt— % — = + <
g =217 = leea =21) < 53 =P (5=

|
-

210 2071
4

t

Il
o

where we used ||z; — z|| < D.

(b) Bounding (B) : We will require the following property of the weights that we choose (Eq. (1)),

(af =) = (af_y —ap-1) < a1/2 )
Now recall that z := argmin,cga f(x), and let us denote the sub-optimality of y; by d;, i.e.
d: = f(y¢) — f(z). Noting that 6; > 0 we may show the following,
T-1 T-1
> (af —ar) (fye) = flyern)) = Y (aF — ar) (8¢ — Se41)
t=0 t=0
T-1
< ((af — ar) = (af_1 — as-1))d,
t=1
=
< 3 > o (fyen) — £(2)) (6)

t=0
Where the last inequality uses Equation (3) (see full proof for the complete derivation).

3While we do not spell out this analysis, it is a simplified version of our proof for Thm.[3.1



(c) Bounding

—~

C): Letusdenote 7, := max{t€{0,...,T—1}:28>1/n} . We may now

split the term (C) according to T,
T 2 T-1 2
o} 1 o 1
©=35 (5= 2 )l —aealP+ X (5= 2l —enl?
im0 2 Mt W 2 Nt
T—1
B & 1 a?
<5 i |[yes1 — zepa | = 1 Z —lye1 — 2o |?
t=0 t=7,+1
B T 1 T-—1
=2 el — 1 Y medlal? g
t=0 =7, +1

where in the second line we use 23 < i which holds for ¢ > 7,, implying that 3 — i < —2—71%; in
the last line we use ||yz+1 — e11]] = el gt |-

Final Bound : Combining the bounds in Equations {@),(6).(7) into Eq. (3), and re-arranging gives,

—1 D2 1 T-1 /6 Tx
ar(f(yer1) = f(2)) < 5 ~1 > malgdll? + 52?7?%?“%”2 (3)
T-1 t=1,+1 t=0

S

N =
~+~
Il
=]

() (%)
We are now in the intricate part of the proof where we need to show that the above is bounded by
a constant. As we show next this crucially depends on our choice of the learning rate. To simplify

—1/2
the proof sketch we assume to be using , 7, = 2D (E::o a? HgT||2> ,i.e. taking G = 0 in the
learning rate. We will require the following lemma before we go on,

Lemma. For any non-negative numbers a1, . . ., a,, the following holds:

Equipped with the above lemma and using 7); explicitly enables to bound (x),

T-1 1/2 T-1
D D afllg|?
@ =B (Settar) -5 ¥ el

. 1/2
t=0 t=r,+1 (ET:O aEHgTHQ)
T-1 T-1
<D 3 ofllg:|? D ofllg:|?
- 4 ¢ ) ) 1/2 2 ¢ ) 9 1/2
= (2o a2ler?) e (g a2ler?)
AN o3 g:/1”
| ¢ ) ) 1/2
=0 (2o azllgr|?)
1/2
D [
<3 <Za3|gfll2>
7=0
D2
= — < 28D?
N,

where in the last inequality we have used the definition of 7, which implies that 1/7,, < 243.

Using similar argumentation allows to bound the term () by O(B8D?log (8D/| gol|)). Plugging
these bounds back into Eq. (8) we get,

T—1
S anl(f(gisr) — £(2)) < O(BD10g (BD/|lgo ) -
t=0
Combining this with Eq. (2)) and noting that Z?:_Ol ay > T? /32, concludes the proof. O



4 Stochastic Setting

This section discusses the stochastic optimization setup which is prevalent in Machine Learning
scenarios. We formally describe this setup and prove that Algorithm 2] without any modification, is
ensured to converge in this setting (Thm. [4.T)). Conversely, the universal gradient methods presented
in [27] rely on a line search procedure, which requires exact gradients and function values, and are
therefore inappropriate for stochastic optimization.

As arelated result we show that the AdaGrad algorithm (Alg.[I)) is universal and is able to exploit
small variance in order to ensure fast rates in the case of stochastic optimization with smooth expected
loss (Thm. [.2). We emphasize that AdaGrad does not require the smoothness nor a bound on the
variance. Conversely, previous works with this type of guarantees, [35] 18], require the knowledge of
both of these parameters.

Setup: We consider the problem of minimizing a convex function f : R? ~+ R. We assume that
optimization lasts for 7" rounds; on each round ¢ = 1,...,7, we may query a point z; € R, and
receive a feedback. After the last round, we choose T € R<, and our performance measure is the
expected excess loss, defined as,

E[f(Z7)] — min f(z) .

z€R
Here we assume that our feedback is a first order noisy oracle such that upon querying this oracle
with a point x, we receive a bounded and unbiased gradient estimate, g, such

Elgle] =Vf(z); & 9| <G 9)
We also assume that the internal coin tosses (randomizations) of the oracle are independent. It is well

known that variants of Stochastic Gradient Descent (SGD) are ensured to output an estimate Z7 such

that the excess loss is bounded by O(1/+/T') for the setups of stochastic convex optimization, [24].
Similarly to the offline setting we assume to be given a set K with bounded diameter D, such that
there exists a global optimum of f in K.

The next theorem substantiates the guarantees of Algorithm ]in the stochastic case,

Theorem 4.1. Assume that f is convex and G-Lipschitz. Let IC be a convex set with bounded diameter
D, and assume there exists a global minimizer for f in K. Assume that we invoke Algorithm 2| but
provide it with noisy gradient estimates (see Eq. (9)) rather then the exact ones. Then Algorithm|2]
with weights and learning rate as in Equation (1)) ensures,

E[f(7r)] - min f(x) < O (GD/105T/VT)

The analysis of Theorem[4.1] goes along similar lines to the proof of its offline counterpart (Thm. [3.2).

It is well known that AdaGrad (Alg. [1)) enjoys the standard rate of O(G'D/+/T) in the stochastic
setting. The next lemma demonstrates that: (i) AdaGrad is universal, and (ii) AdaGrad implicitly
make use of smoothness and small variance in the stochastic setting.

Theorem 4.2. Assume that f is convex and [3-smooth. Let IC be a convex set with bounded diameter
D, and assume there exists a global minimizer for f in K. Assume that we invoke AdaGrad (Alg.
but provide it with noisy gradient estimates (see Eq. Q) rather then the exact ones. Then,

wian) - pin 0 <0 (7 + 72)

where o is a bound on the variance of noisy gradients, i.e., Yz € R%; E [||g — V f(z)|?|z] < o?.

5 Experiments
In this section we compare AcceleGrad against AdaGrad (Alg.[T)) and universal gradient methods
[27], focusing on the effect of tuning parameters and the level of adaptivity.

We consider smooth (p = 2) and non-smooth (p = 1) regression problems of the form
: —— _ p
min, F(z) == [|Az —b[]}.
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Figure 1: Comparison of universal methods at a smooth (op) and a non-smooth (bottom) problem.

We synthetically generate matrix A € R™*¢ and a point of interest 2% € R? randomly, with entries
independently drawn from standard Gaussian distribution. Then, we generate b = Az 4 w, with
Gaussian noise, w ~ N(0,0?) and 02 = 1072, We fix n = 2000 and d = 500.

Figure[I] presents the results for the offline optimization setting, where we provide the exact gradients
of F'. All methods are initialized at the origin, and we choose K as the {5 norm ball of diameter D.

Universal gradient methods are based on an inexact line-search technique that requires an input
parameter €. Moreover, these methods have convergence guarantees only up to 5-suboptimality. For
smooth problems, these methods perform better with smaller €. In stark contrast, for the non-smooth
problems, small € causes late adaptation, and large € ends up with early saturation. Tuning is a major
problem for these methods, since it requires rough knowledge of the optimal value.

Universal gradient method (also the fast version) provably requires two line-search iterations on
average at each outer iteration. Consequently, it performs two data pass at each iteration (four for the
fast version), while AdaGrad and AcceleGrad require only a single data pass.

The parameter p denotes the ratio between D /2 and the distance between initial point and the solution.
Parameter D plays a major role on the step-size of AdaGrad and AcceleGrad. Overestimating D
causes an overshoot in the first iterations. AcceleGrad consistently overperforms AdaGrad in the
deterministic setting. As a final note, it needs to be mentioned that the iterates y; of AcceleGrad
empirically converge faster than the averaged sequence 3. Note that for AcceleGrad we always take

, . ~1/2
G =0,ie,usen =2D (ZT:O oﬁHgTHQ)

We also study the stochastic setup (Appendix [E)), where we provide noisy gradients of F' based on
minibatches. As expected, universal line search methods fail in this case, while AcceleGrad converges
and performs similarly to AdaGrad.

Large batches: In the appendix we show results on a real dataset which demonstrate the appeal
of AcceleGrad in the large-minibatch regime. We show that with the increase of batch size the
performance of AcceleGrad verses the number of gradient calculations does not degrade and might
even improve. This is beneficial when we like to parallelize a stochastic optimization problem.
Conversely, for AdaGrad we see a clear degradation of the performance as we increase the batch size.

6 Conclusion and Future Work

We have presented a novel universal method that may exploit smoothness in order to accelerate
while still being able to successfully handle noisy feedback. Our current analysis only applies to
unconstrained optimization problems. Extending our work to the constrained setting is a natural
future direction. Another direction is to implicitly adapt the parameter D, this might be possible
using ideas in the spirit of scale-free online algorithms, [29,|11]].
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A Proofs for the Smooth Case (Thm.3.1)

Here we provide the complete proof of Theorem [3.1] and of the related lemmas. For brevity, we will
use z € K to denote a global mimimizer of f which belongs to K.

Recall that Algorithm [2|outputs a weighted average of the queries. Consequently, we may employ
Jensen’s inequality to bound its error as follow,

f(yr) — f(2) Zt To, & a (f(yev1) — f(2)) - (10

Combining this with ZtT:_Ol ay > Q(T?), implies that in order to substantiate the proof it is sufficient
to show that, ZtT:_Ol at (f(yt+1) — f(2)), is bounded by a constant. This is the bulk of the analysis.

We start by recalling Lemma[3.1] which provides us with abound on v (f(y:41) — f(2)),

Lemma (Lemma[3.1). Assume that f is convex and 3-smooth. Then for any sequence of non-negative
weights {c }¢>0, and learning rates {n;};>o, Algorithm[2|ensures the following to hold,

ul o) = £(2)) = (0F — ) (o) — Sl + 5 (8= 1) s =l
)

1
* 5 (llze = 21* = llze41 — 2|

The proof Lemma [3.1]is provided in Appendix[A.T] We are now ready to prove Theorem [3.1]
Proof of Theorem[3.1] According to Lemma[3.1}

Zat (Wer1) = f(2))

T-1 T-1

<Y 2% (2 = 217 = llzesr — 20%) + D> (0F — @) (f(ye) = f(yer1))

t=0 t=0

(A) (B)

71
of 1 2
+> 5 (A= P [ye+1 — @epa || (a1
¢

(©)

It is natural to separately bound each of the sums above.

(a) Bounding (A) :  Using the fact that {1/7; };c[7 is monotonically increasing we may bound (A)
as follows,

T-1 T-1
1 2 2 1 2 ( 1 1 ) llz0 — 22
— (2t = 2||" = lzt+1 — 2|I7) < = Zt— % — = +
> gy (o =2l =l =2l < 5 3l ==l (= 5 ) +
D2
< (12)
2071

where we used ||z; — z|| < D.

(b) Bounding (B) : 'We will require the next lemma regarding the specific choice of the weights,
Lemma A.1. The following holds for the cy’s which are described in Eq. (I)),

(af — o) — (0] — 1) <y /2

11



Its proof appears in Appendix [A.3]

We are now ready to bound (B). Recall that z := argmin, g« f(z), and let us denote the sub-
optimality of y; by &, i.e. 0; = f(y¢) — f(2). Noting that 6; > 0 we may show the following,

T-1
> (af = ar) (Fwe) = f(yesr))

t=0

= (Oé? —ay) (6 — O¢41)

=) ((0f = ap) = (f_1 — a—1))d¢ + (0f — )b — (a7 — ap—1)é7

IN

IA
I
8
=
_l’_
[\
Q
S
>
S

ot (f(yer1) — f(2)) (13)

where in the fourth line we use Lemma |A.1| we also use a—ap=0anda? | —ar_1 >0.

(c) Bounding (C) : Let us denote T, as follows,
7o =max{t €{0,..., T —1}:28>1/n:} .

We may now split the last term as follows,

T—1 2
« 1
E = <5 - > lyer1 — $t+1||2
-0 2 Tt

Tx

a? 1 , T-1 02 . 2
= ) > <ﬂ - 77t) Yer1 — e || + Z Y (5 - 77t> lyis1 — zesall

t= t=7,+1
T—1
B & 1 a?
<3 af [Yyesr — e [|* — I > Hlyerr — zeal?
t=0 t=r 41 1t
B =
D) 2041%||91t||2 1 Z 77t0<t2||9t|\2 (14)
t=0 t=To+1
where in the third line we use 23 < E which holds for ¢t > 7, implying that 3 — — g —5—; in the

fourth line we use ||y;+1 — Te1]| = nellge |-

Final Bound : Combining the bounds in Eq. (12)-(14) into Eq. (T1), we obtain,

T

1

ar(f(yr1) — f(2) <

277T 1+ Zat (ye+1) — f(2))

o~
Il
=)

HgtHQ—* Z nee||gel|®

t T+1

12



Re-arranging we get,

H
L

»JkH—‘

a(f(ye1) — f(2)) < 277T 1

N =

_ 5
Z ﬂtatHgtH2+5277?@?”%”2 5)
t=0

t=7,+1

~
I
o

(*) ()
This is the intricate part of the proof where we show that the above is bounded by a constant. This

—1/2
crucially depends on our choice of the learning rate, i.e., n; = 2D <G2 + Z::o a?||g- ||2) . We
require the following lemma (proof is found in Appendix [A.4) before we go on,

Lemma A.2. For any non-negative numbers a1, . . ., a,, the following holds:

Equipped with the above lemma and using 7); explicitly enables to bound (x),

T—1 1/2 T_1
D 2 2 2 D 0‘t2||9t||2
(*):4<G +Zat|gt”> -5 Z t 73
=0 = (G240 a2llg )
T-1 T—1
Sl o2 |lgel? D oFlge?
=7 (G2)1/2 ) ' ) ) 1/2 9 ) . ) ) 1/2
=0 (624 2ty 02-1?) e (62 4+ S a2l
. DG DY i llge|”
=1 T
= (024 Szl )
DG D e
ST T3 (ZaTgTHQ)
_pe_ p»°
4 Nz,
< DG/4+ 28D? (16)

where in the second line we use the left hand nequality of Lemma[A.2} in the fourth line we use the
right hand inequality of Lemma[A.2]; and in the last line we have used the definition of 7, which
implies that 1/n,, < 20.

We will also require the following lemma (proof is found in Appendix [A.3)),

Lemma A.3. For any non-negative real numbers a1, . .., ay,

L=211+ZJ 1@

<1+log <1+Zai> .

i=1
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Equipped with the above lemma and using 7; explicitly enables to bound (xx),

B C 2 2 2 48D C O‘%HQtHQ
gznt()‘t”gtH = D) ZG2+Zt 2” 2
t=0 t=0 —0Zlg-|l

2 at HgtH/G)
- P ZHZT 0 2(llg-11/G)?

<28D? (1 + log ((G/G)2 + Z af(llng/G)2>>
7=0

= 28D? <1+1 g(4 ;/G2)>

< 2BD? (1 + 2log (48D/Q)) (7)

where in the third line we used Lemma[A.3] and in the last line we have used the definition of
7, which implies that 1/n,, < 23. Combining Equations (I6)), back into Eq. (T3) and using
Jensen’s inequality we are now ready to establish the final bound,

Fr) — £(z) < Dz @l @) = 1))
Zt 0 @t
_ DG/2+8BD* (1 +log (48D/G))
B T2/32

o (DGJrﬂDQ log(ﬂD/G)> |

T2

where we have used oy > (¢ + 1) and therefore E;f:_ol ay > T?/32.

O
A.1 Proof of Lemma[3.1]
Proof. Our starting point is bounding «:(f(x¢4+1) — f(z)) which can be decomposed as follows,
ai(f(eg1) — f(2) < arge - (T441 — 2)
=gt - (2t — 2) + uge - (Tes1 — 2t) (18)

where we use g; = V f(x441) in conjunction with the gradient inequality. Let us now bound the
terms in the above equation.

(a) Bounding a1 g; - (z: — z): The next lemma enables to bound this term,

Lemma A.4. The following holds,
1 2 1 2 2
arge - (20— 2) < | auge - (20 — ze41) — 5zt — 2417 ) + 5 (||2t —2|I* = lzt4+1 — 2| )
QT]t 27715

The proof of Lemma[A.4]is provided in Appendix
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We can now relate the first term in the above lemma to y;11. Define v = 7p2¢41 + (1 — 1)y € K,
and notice that ;41 — v = 7¢(2z: — z¢+1). Using this we may write,

1 2
oGy - (2 — 2e+1) — =— |2t — Ze+1
t9e - (2t — 2e41) 277t||t e+l
Qg 1 2
= —0g (T —v)— ——=||T —v
Ttgt (t+1 ) 277t7't2” t+1 ||
1
2 2
=« (i1 — V) = —||Ttp1 — v
t(gt (Tey ) 277t|| t+ |)

1
=alg Ty —F (gt v+ TthH - U||2>
Mt

2 2 1 2
S OpGt - Tepr — o | Gt - Y1 F Tm”xtJrl — Yeg1]|

2
Q.

5 |41 — Y | (19)
Ui

= Ozfgt A(Tip1 — Yeg1) —

where we use 7y = 1/y; also in the inequality we use the following equivalent form for the update
rule of 441,

. 1
Yep1 = argming; -« + — ||z — 2441 [?
reR4 27]15

this equivalence can be directly validated by finding the global optimum of the above objective and
showing that it is obtained by choosing y;11 = T¢+1 — 7:G¢-

Combining Eq. (I9) with Lemmal[A 4] gives,

2
.

1
5 |41 — e |I* + =— (||Zt —2|? = |lzt41 — Z||2)
Ui

arge - (2 — 2) < apge - (Teg1 — Yeg1) — o
t
(20)

(b) Bounding o g; - (1411 — 2¢): Notice that re-arranging the relation between x4 1, yt, 2¢ (recall
Ty = T2 + (1 — 7)ye) gives,

Ti41 — 2t = rt(yt - $t+1) 2D

where we denote r; = (1 — 7¢)/7;. Also note that the smoothness of f implies,

f(yt+1) - f($t+1) < Gt- (yt+1 - $t+1) + g“ytﬂ - $t+1H2 (22)

Combining Eq. (ZT) and (22) we get,

gt - ($t+1 - Zt)
=1V f(@es1) - (Y — Te41)
<7 (f(ye) — f(@e41))
=71 (f(ye) = f(yewr)) + (e + 1) (f (1) — f(xe41)) — (F@er1) — f(@e41))

< (o = 1) (f(ye) = f(Yes1)) + 1 <9t (Y1 — Teg1) + §||yt+1 - $t+1|2)
= (f(We+1) = f(@e41)) (23)

where second line uses the gradient inequality. We have also used 7 = (1 — 7¢) /7 = oy — 1 (see
Alg.2).
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(c) Bounding o - (f(y1+1) — f(2)): Combining Equations (I8), (20) and (23] we get,
ar(f(we1) — f(2))

<apgr - (20— 2) +uge - (T — 21)
2

« 1
O gl (= 2l = s — z||2)}

< 20, . _
_{atgt (It+1 yt+1) M P

+0F =a) (F) = Fen) + 0 (0 (o = 2e42) + G loos = al?)
—at (f(ye+1) — f(@e41))
2 aj 1 2
— (0} = a)(f() = Fsa)) + 5 (5 o) loews = vl

+ 2%% (Hzt - Z||2 — lzt41 — Z||2) —ay (f(yser) — f(mea1))

Re-arranging the above equation implies,

ar(f(yir1) — f(2))

0[2
< (@2 = a)(70) ~ ) + 5 (5= 2 s = vl

1
* 3 (llze = 2I* = llzt41 = 21I*)

which concludes the proof. O

A.2 Proof of LemmalA.4]

Proof. Writing the update of the z,’s explicitly we have,

Zt41 argrgin ||$ — (Zt — Wt@tgt) H2 .
x€
Simplifying the above implies the following equivalent form,

. 1
Zep1 - argminaygy - 7+ —R, (1)
zek "t
where R, (z) := ||z — 2> /2. Since 2;41 is a solution of the above minimization problem it satisfies
the first order optimality conditions, i.e. Vz € I,
1
arge - (2 — 241) + VR (241) - (2 = 2141) 2 0 (24)
t

which follows by the first order optimality conditions for 2,1 ;. We are now ready to complete the
proof,

arge - (2t — 2) = arge - (2t — 2e41) + uge - (2041 — 2)

1
< oG- (26 — 2e41) — ;Vth (zt41) - (Ze41 — 2)
t
= ougt - (ot — 741) — 2t — 2P+ o (2 — 2P — flzesn — 2[)
27]15 277t

where the second line follows due to Eq. (24), and the second line is due to following lemma (which
may be easily extended to general Bergman divergences),

2 then

Lemma A.5. Let u,v,z € RY, and let R, (z) := L[|z —v
1 1 1
VR (1= 2) = o= 2]~ L 2] Lo

Below we provide the proof of this lemma.
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A.2.1 Proof of LemmalA.3]

Proof. Noticing that —VR,,(u) = v — u the lemma may be validated by a direct calculation. Indeed,
—VRy(u) (u—2)=—v-z4+u-z+u-v—|ul? Also,

lo—z|? = [Ju—z|* = |[u—v|* = —2v-2+2u- 2+ 2u-v—2|ul?
O
A.3 Proof of LemmalA_T]
Proof. Fort < 3 we have a? — a; = 0 and the lemma immediately follows. For ¢ > 3 we have,
t+1)2—4(t+1) 2 -4t 2t—3
(@f =) = (af_y —ap1) = t+1) 16 G+ _ T < a-1/2
O

A.4 Proof of LemmalA.2

Proof. First direction: We will prove this part by induction. The base case, n = 1, immediately
holds. For the induction step assume that the lemma holds for n — 1 and let us show it holds for n.
By the induction assumption,

where we denote = := a,, and Z = Z?zl a; (note that x < 7). Thus, in order to prove the lemma it
is sufficient to show that,

\/ﬁ‘FﬁZﬁ,

which we do next. Multiplying both sides by v/Z we get that the above is equivalent to,

NIZ2 —xZ >7 —x
Taking the square of the above an re-ordering we get that the above is equivalent to,
< Z

Which holds in our case since z = a,, < Y., a; = Z. This concludes the first part of the proof.

Second direction: The second inequality in the lemma is due to Lemma 7 in [23]]. For completeness
we include their proof.

This part is also proved by induction. The base case, n = 1, immediately holds. For the induction step
assume that the lemma holds for n — 1 and let us show it holds for n. By the induction assumption,

where we denote  := a,, and Z = >, a; (note that < Z). The derivative of the right hand side

. . 1 1 . . . . .
with respect to x is — o + 77 which is negative for x > 0. Thus, subject to the constraint

x > 0, the right hand side is maximized at z = 0, and is therefore at most 2+/Z. This concludes the
second part of the proof. O
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A.5 Proof of Lemmal[A.3

Proof. We will prove the statement by induction over n. The base case n = 1 holds since,
ai
1+a;

For the induction step, let us assume that the guarantee holds for n — 1, which implies that for any
at,-..,0n 209

<1<1+4log(l+aq).

n—1

~ a; Qp
E 7¢§1+103(1+§ ai) + = -
vl S D DY = L+ i ai

The above suggests that establishing following inequality concludes the proof,

n—1 n
j : 2% Z
i=1 i=1" i=1

n—1

Using the notation « = a,, /(1 + Y., a;), Equation (23) is equivalent to the following,

lo 1) — >0

gletl)——— 2=

However, it is immediate to validate that the function M (z) = log(x + 1) — {77, is non-negative for
any x > 0, which establishes the lemma. O
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B Proofs for the General Convex Case (Thm. [3.2)

Here we provide the complete proof of Theorem [3.2] and of the related lemmas. For brevity, we will
use z € K to denote a global mimimizer of f which belongs to K.

Recall that Algorithm [2outputs a weighted average of the queries. Consequently, we may employ
Jensen’s inequality to bound its error as follow,

T—1
) = 1) € =i 3 a0 () - £(2) - 26)
Zt 0 @t ¢=0

Combining this with ZtT:_Ol a; > Q(T?), implies that in order to substantiate the proof it is sufficient
to show that, ZtT;()l o (f(yi11) — f(2)), is bounded by O(T3/2). This is the bulk of the analysis.

We start with the following lemma which provides us with a bound on «; (f(yi+1) — f(2)),

Lemma B.1. Assume that f is convex and G-Lipschitz. Then for any sequence of non-negative
weights {o }i>0, and learning rates {1 }v>o, Algorithm 2| ensures the following to hold,

ar(f(ye1) — f(2))

1
< neofllgell® + meai | gel| G + oo (Il — 2|1? = |lze41 — Z||2) + (of — ) (f(ye) = f(Wes1))

The proof of Lemma [B.1]is provided in Appendix [B.T] We are now ready to prove Theorem 3.2}

Proof of Theorem[3.2] According to Lemma|[B.1]

Zat (Ye4+1) — f(2))

T—1 T—1
1
<Y o (Ize = 207 = llzeer — 20%) + D> (0F — @) (f(ye) — f(yes))
t=0 t=0
(A) (B)

T—1
+> moflgl® + Z i |g:|G 27)

t=0 t=0

(©) (D)

It is natural to separately bound each of the sums above.

(a) Bounding (A) :  Similarly to part (a) in the proof of Theorem 3.1]we can show the following to
hold,

T-1
1 D?
Z o, (2t = 211 = llze41 = 2]|*) <

t=0

(28)
nr—1

(b) Bounding (B) :  Similarly to part (b) in the proof of Theorem 3.1] we can show the following to
hold for z = argmin, s f(x),

T-1

> (af =) (f(ye) = fyern)) < <35 Z o (f(yes1) — f(2)) (29)

t=0

(c) Bounding (C) : Note that by the definition of 7, we have

2D 2D
Ny = <

2 t 2 2 12 t 2 2 1/2
(42l l?) " (i azlleel?)
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Using the above ineuality we get,

S v otlel? S
t 2 2
moilg* <2D ) L <AD > o (30)
=0 = (Zisoazllgr 1) =5

where the second inequality uses Lemmal[A.2]

(d) Bounding (D) : Writing down 7; explicitly we get,

o3llgel
Z mo?llg:|G = 2DG Z 172
0 (G2 + g a2llg-]2)
= ol
<2DGT Z L 1/2
= (62 + 2!y a2llgr )
T-1
- ollol/S)
= (14 St 02(le-1/6)2)
glODG\/@'T?’ﬂ- 3D

where we used V¢ < T'; oy < T'. The last line uses the following lemma (see proof in Appendix [B.2)),

Lemma B.2. Consider the o’s used by our algorithm, i.e.,

1 0<t<2
oy =
TR+ >3

And assume a sequence of non-negative numbers, by, by, ..., br_1 € [0, 1]. Then the following holds,

Oétbt
) 72 < 5\/logT\/T
= (140 _ga282)

Final Bound : Combining the bounds on the different terms, Eq. 28)-(31)), together with Eq. (27)),
we have,

T-1

+4D Z o2||g¢||2 + 10DG/log T - T3/?
t=0

Re-arranging and using the explicit expression for nr_; we get,

5 Zat (Y1) — f(2))

T-1
<5D,| G2+ Y afllgel|? + 10DG/log T - T%/?
t=0

< 5DG1+4 T3 +10DG\/log T - T%/?

< 20DG\/log T - T3/ .
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where we have used ||g;|| < G, and also, a; < ¢ + 1 implying that >/ ' a? < T3.

Using Jensen’s inequality we are now ready to establish the final bound,

J(r) = £(2) < ;;ig%jijn

_ 40 DG/IogT - T3/?
= T2/32

= 0 (DGV/10g T/VT)

where we have used oy, > (¢ + 1) and therefore ZtT;Ol ay > T?/32.

O
B.1 Proof of Lemma[B.1l
Proof. Our starting point is bounding o (f (x¢41) — f(2)) which can be decomposed as follows,
ar(f(xe1) — f(2) < auge - (Teg1 — 2)
= g (20 — 2) + auge - (Be1 — 21) (32)

where we use g; = V f(x:11) in conjunction with the gradient inequality. Let us now bound the
terms in the above equation.

(a) Bounding o g; - (z; — z): Similarly to the proof of Lemma we can show the following to
hold (see Eq. (Z0) in Lemma [31)),
2

1
aige - (2t — 2) < Oéfgt (T — Y1) — *t||17t+1 - yt+1||2 + = (||Zt - ZH2 = |lzt+1 — Z||2)

2y 2,
Combining the above with ||xs11 — y1]| = nt||g:|| implies,
1
arge - (20 — 2) <ma|lgel” + 5= (20 = 201> = 241 = 211°) (33)

27715
(b) Bounding a1 g; - (1411 — 2¢): Notice that re-arranging the relation between x4 1, yt, 2¢ (recall
Tep1 = Teze + (1 — 7)ye) gives,
Ti41 — 2t = Tt(yt - $t+1)
where we denote 7, = (1 — 7¢)/7;. Using the above we get,
gt - (l't+1 - Zt)
=1V (1) - (g — Te41)
< (ar = 1) (f(yt) = f(@141))

<oy (f(yer1) = f(@e41)) = (FWer1) = flzer1)) + (ae = 1) (f(ye) — f(yes1))
< aGnellgell = (f (yer1) = f(@es1)) + (0 = 1) (f(ye) — f(ye+1)) (34)

where second line uses the gradient inequality, in the third line we used r = (1 — ) /7t = oz — 1
(see Alg.[2); and in the last line we used | f(yi+1) — f(@141)| < Gllyes1 — zes1 || < Gmellge ||, which
follows by the G-Lipschitzness of f.

(c) Bounding o - (f(yt+1) — f(2)): Combining Equations (32), (33), (34) we get,
ar(f(ze41) — f(2))

< ougr - (20— 2) + g (Tep1 — 2t)
< {adlo? + 5 (o=l = zess =4I

+(oF = ar) (f() = fes1)) + me0f 96| G — o (f (Yes1) — f(@41))
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Re-arranging the above equation and we get,
ar(f (1) — f(2))

1
< neofllgel® + meai gl G to- (HZt = zl|* = lzesr — 2l1°) + (0F — ) (f(e) — f(Wes1))

which concludes the proof. O

B.2 Proof of Lemmal[B.2]

Proof. Let us define the following time variables,

Tomax{te{(),.. —1}: Za2b2§1}

and forany k > 1

Tk:max{te{o,.. T —1} : 45 1<Za b2g4k}

By the definition of T, the following applies,

1/2
ZaTb <VTo+1 (Za > <VT. (35)

7=0

where in the first inequality we use ||u|l1 < +/n|ju||2, Yu € R™, in the second inequality we use the
definition of Ty together with Ty < T — 1.

For the other time variables we can similarly show the following bounds, i.e., Vk > 1,

1/2
Tk Tlc
Y ab <VTi-Tea | Y b <VTi-Tio2 (36)
T=T_1+1 T=Tr_1+1

where in the first inequality we use ||u|l1 < +/n|jul|2, Yu € R™, in the second inequality we use the
definition of T}.

Using the definition of the time variables together with Equations (33)),(36) we get,

T-1
ayby

= (1+ 5t ,a262) "
Lo b b
= Z = il Z Z =

1/2
t=0 (1+Zt¢ 0a2b2) E>1t=T)_1+1 (1+ZT Oagbg)

<zatbt+z y ook

172
ko1 t=Ty g41 (1+4F 1)/

T

S\FT-FZ%% Z aiby

k>1 t=Tr_1+1

S\/TJFQZ\/Tk*Tk—l

k>1

where in the third line we use Zi:o a2b? > 4¥=1 which by definition holds for any Ty, _; < t < T,.
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Thus, we are left to show that 2@1 VT —Tr—1 < 24/log T+/T. To do so, first notice that the

maximal value of & is bounded as follows,

S
L

AFmax—1

INA IA
Ty
- O

Q

N

(t+1)2

~
I
=)

3

IN
~

Thus, assuming 7' > 2 we have kyax < 3log, T, and therefore,

kmax

Z VIk =Tk 1= Z VT — Tk 1
k=1

E>1

o 1/2
S kmax (Z (Tk - Tkl))

k=1

< \/3log T (T — Ty)"?
< /3logTVT .

where we used ||u||; < v/n|lull2, Vu € R™" and also T, .. = T'—1. This established the lemma.

max
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C Proof of Theorem 4.1

Proof. For brevity we will not rehearse all of the details which are similar to the proof of the offline
setting, but rather only emphasize the differences compared to the analysis of Theorem[3.2] First note
the following which is analogous to Lemma[B.1]

Lemma C.1. Assume that f is convex and G-Lipschitz. Assume that we invoke Algorithm 2] but
provide it with noisy gradient estimates (see Eq. Q) rather then the exact ones. Then for any sequence
of non-negative weights {c } >0, and learning rates {n, }¢>o, the following holds,

it (f(yer1) — f(2))
1
< neodl|gell® + mecd 131G + n (llze = 21> = lzesr — 211?) + (af — o) (F(ye) — f(yes1))
+ Oét(gt - §t) : (Zt - Z)

We prove this lemma in Appendix [C.T]

Now, focusing on the term o (g: — §¢) - (2t — 2), the unbaisdness of §; immediately implies,

Elai(g: — Gt) - (2 —2)] = 0.

Ignoring this term and comparing the bound in the above lemma to Lemma[B.1] one can see that the
expression are identical up to replacing, g; <+ g;. This identity in the expressions applies also to the
learning rate, 7, (again up to replacing, g¢ <> g;). Thus, the exact same analysis as of Lemma [B.T]
shows that w.p. 1 we have,

T-1

!

ar(f(yerr) — f(2) = ) aulge — Ge) - (2 — 2) < O(GD/log T - T*/?) .

t=0 t

i
=

Taking expectations and using the above in conjunction with the definition of yr and Jensen’s
inequality concludes the proof. O

C.1 Proof of Lemmal[C.1]

Proof. The proof follows similar lines to the proof of Lemmas [B-T]and [3.1] Here we will highlight
the changes due to the stochastic setting.
Our starting point is bounding o (f(z¢+1) — f(z)) which can be decomposed as follows,
ar(f(ze1) = f(2) < g - (2441 — 2)
= age - (2t — 2) + e - (Ter1 — 2¢) + i(ge — Ge) - (20 — 2) (37)

Due to the unbiasedness of §; then the expectation of the last term o (g; — §¢) - (z¢ — 2) is zero. Let
us now bound the remaining two terms in the above equation.

(a) Bounding a;§; - (z; — z): Similarly to the proof of Lemma|3.1| we can show the following to
hold (see Eq. (20) in Lemma [3-1)),

2

- - a 1
arge - (2 — 2) G- (w1 — Yeg1) — 5l — v ® + 5= (20 — 211> = llze41 — 21%)
2n 2n
Combining the above with ||x¢+1 — y41]| = 1¢||G¢|| implies,
- - 1
g - (2 — 2) < |gel* + 5 (20 = 2l1* = [lze41 — 2]1%) (38)

27715

(b) Bounding o g; - (111 — 2¢): Similarly to the proof of Lemmawe can show the following
to hold (see Eq. (34) therein),

9t (o1 — 20) < aGnel|gell — (f (Yes1) — F(@eg1)) + (o = 1) (f(ve) — f(yes1))  (39)
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(c) Bounding o - (f(y1+1) — f(2)): Combining Equations (38), (39) and (37) we get,
ay(f(ze41) — f(2))
< {ﬁtafgtHQ + QLTH (lze = 211> = ll2e41 — Z||2)} + ai(ge — g¢) - (20 — 2)
+(af = ) (F(ye) = FWer1)) + maf |G| G = s (f(yerr) = f@e41))
Re-arranging the above equation and we get,
ar(f(yer1) — f(2))
< 0o 191 + necf |6 |G + 2%% (ze = 201 = lzt1 = 201%) + (@f — ) (f (ye) = f(yes1))

+ai(ge — g¢) - (2t — 2)

which concludes the proof.
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D Proof of Theorem 4.2]

Proof of Theorem Lets us denote by g; the noisy gradients received by AdaGrad upon querying
x;. In this case, by applying the regret guarantees of AdaGrad, [13]], in conjunction to standard online
to batch conversion technique, [8]], implies,

T T
ZE( — min f(x )) <E,[2D%) 3> (40)

t=1

Now decomposing, ||g:|| < [|g:]l + |G+ — g¢|, gives,

T T T T T
ZH@t”Z < QZHgtHZJF?ZHQt*QtHQ < QZHgtHZJF QZHﬁt*gtHQ :
t=1 t=1 t=1 t=1 t=1

1/2 <

where the first inequality uses (a + b)? < 2a? + 2b%, and the second inequality uses (a + b)
a'/? + b'/2 for non-negative a,b € R. Combining the above with Eq. (@0) and applying Jensen’s
inequality with respect to the function H (u) = /u, gives,

T

T T
ZE( i f(r )) <2, D2 S Bl + 2, D2 S Ellgi — gl

t=1 t=1

<2 2ﬁD2ZE< — min f( )) +2Vo2D2T  (41)

the last line uses the lemma below, which holds since we assume K contains a global minimum.

LemmaD.1. Let F : R? — R be a (3-smooth function, and let z* = arg min,cpa F (), then,

IVF(z)||? <28 (F(z) — F(z*)), VxeR?.

Eq. (@0) enables to show, S, E (f(x;) — mingex f(x)) < 48D? + 20D+/T. Combining this
together with the definition of 7 and Jensen’s inequality concludes the proof. O

D.1 Proof of Lemma[D.1]

Proof. The 3 smoothness of F' means the following to hold Vz,u € R,

F(z4u) < F(z) + VF(x) u+ §||u||2 .
Taking v = —%VF(x) we get,
1
F(z+u) < F(z) - BHVF(SE)H2 +53 HVF( )l

Thus:

IVF(@)] < /28(F(z) ~ Flz +u))
< \28(F(x) ~ F(av)) .

where in the last inequality we used F'(z*) < F'(x + u) which holds since z* is the global minimum.
O
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E Additional Numerical Experiments

Here, we present numerical experiments on the stochastic setting, and on a practical variant that
neglects the projection steps.

E.1 Numerical Experiments on the Stochastic Setting

We consider the same problem setup as in Section [5] Rather than using the exact gradients, we
compute the unbiased estimates evaluated by a single data point (i.e. minibatch of size 1) The results
are shown in Figure [2]
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Figure 2: Comparison of AdaGrad and AcceleGrad in stochastic setting for smooth (fop) and
non-smooth (bottom) problems. Epoch denotes one full data pass, hence 500 iterations.

AdaGrad and AcceleGrad perform similar empirically for most of the parameter choices. AdaGrad
overperforms AcceleGrad only for the smooth problem with p = 1. This bahavior is caused by the
projection step, and slightly increasing D cures the problem for AcceleGrad.

Universal gradient methods [27] are based on a line-search technique that relies on the exact first order
oracle information. Thus, it is not so surprising that in practice these methods fail upon receiving
stochastic feedback, and we therefore do not present their performance.

E.2 Numerical Experiments Neglecting the Projections

We observed that the methods work well in practice even if we ignore the projection step in the
unconstrained setting. In some cases, this simple tweak may even improve the performance. We used
the same test setup as in Section 5] and the results are shown in Figures [3|and [ for the deterministic
and stochastic settings respectively. Note that the method works also when we underestimate D.
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Figure 3: Comparison of universal methods at a smooth (fop) and a non-smooth (bottom) problem.
Adaptive methods are tweaked to ignore the projection.
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Figure 4: Comparison of AdaGrad and AcceleGrad in stochastic setting for smooth (fop) and non-
smooth (bottom) problems. Methods are tweaked to ignore the projection. Epoch denotes one full
data pass, hence 500 iterations.

E.3 Experiments with Large Minibatch

In this section we apply AcceleGrad to a real world stochastic optimization problem and compare
its performance with AdaGrad. We examine the effect of minibatch size verses performance. The
large minibatch regime is important when one likes to apply SGD using several machines in parallel.
This is done by dividing the minibatch computation between the machines. Unfortunately, it is well
known that the performance of SGD degrades with the increase of minibatch size b. Here, we show
that AcceleGrad might be more appropriate in this case.

Concretely we consider the RCV1E| dataset which is a binary labeled set with 20424 datapoints
samples and 47366 features. We train a classifier for this dataset using logistic loss (smooth case)
as well as using the hinge loss (SVM). We compare the performance of AcceleGrad with AdaGrad.

*available in the UCI repository website (https: //archive.ics.uci.edu/ml/)
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Figure 5: Comparison of AdaGrad and AcceleGrad for logistic regression task using different
minibatch sizes. We display the averaged iterates, yr (fop), as well as the non-averaged iterates, y;
(bottom). Both methods use the same parameter D = 10%,

For each method we examine several minibatch sizes, and observe the performance of each method
verses the number of epochs (total number of gradients that we have computed).

The results for logistic regression appear in Figure [§] For AdaGrad we see that the performance
degrades as we increase the minibatch size beyond b = 1000. This actually agrees with theory that
predicts a degradation with the increase of b.

For AcceleGrad we observe an interesting phenomenon: if we aim for a very small error (in this
case smaller than 10~2) then as we increase the minibatch size the performance actually improves.
The intuition behind this is the following: upon using small b the gradients are noisy and both
AcceleGrad and AdaGrad will obtain the slow O(1/+/T) rate, where T is the number of iterations.
However, as b increases the gradients are becoming more accurate and AcceleGrad with obtain a
rate approaching O(1/T?) while AdaGrad will approach O(1/T) rate. Now note that the number of
gradient calculations S, depends on b and T as follows, T' = S/b .

Thus, for small minibatch, both methods will ensure a rate of O(\/l; / NG ), which clearly degrades
with b. As b increases AcceleGrad will obtain a rate approaching O(b?/5?) while AdaGrad will
approach O(b/S) rate.

We have observed similar behaviour when train an SVM (i.e., using hinge loss). This can be seen in
Figure[3]

Note that we have performed several other experiments with different D parameters, and also different
{3 regularization parameters. In all experiments we have seen the same qualitative behaviour that we
describe above.
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Figure 6: Comparison of AdaGrad and AcceleGrad for training SVM using different minibatch sizes.
We display the averaged iterates, yr (fop), as well as the non-averaged iterates, y; (bottom). Both
methods use the same parameter D = 10%.
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