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Abstract

We present a uniform analysis of biased stochastic gradient methods for minimizing convex, strongly
convex, and non-convex composite objectives, and identify settings where bias is useful in stochastic
gradient estimation. The framework we present allows us to extend proximal support to biased algo-
rithms, including SAG and SARAH, for the first time in the convex setting. We also use our framework
to develop a new algorithm, Stochastic Average Recursive GradiEnt (SARGE), that achieves the ora-
cle complexity lower-bound for non-convex, finite-sum objectives and requires strictly fewer calls to a
stochastic gradient oracle per iteration than SVRG and SARAH. We support our theoretical results with
numerical experiments that demonstrate the benefits of certain biased gradient estimators.

1 Introduction

In this paper, we focus on the following composite minimisation problem:

min {F(z) < f(z) + g(x)}. (1)

TERP

Throughout, we assume:
e ¢ is proper and closed such that its proximity operator (see in Section [2f) is well posed,
e f admits finite-sum structure f(x) def %Z?zl fi(z), and for all ¢ € {1,2,--- ,n}, Vf; is L-Lipschitz
continuous for some L > 0.
We place no further restrictions on f; or g unless stated otherwise.

Problems of this form arise frequently in many areas of science and engineering, such as machine learning,
statistics, operations research, and imaging. For instance, in machine learning, these problems often arise
as empirical risk minimisation problems from classification and regression tasks. Examples include ridge
regression, logistic regression, Lasso, and ¢;-regularized logistic regression [§]. Principal component analysis
(PCA) can also be formulated as a problem with this structure, where the functions f; are non-convex [6l, [16].
In imaging, ¢, or total variation regularization is often combined with differentiable data discrepancy terms
that appear in both convex and non-convex instances [10].

1.1 Stochastic gradient methods

Two classical approaches to solve (1)) are the proximal gradient descent method (PGD) [21] and its accelerated
variants, including inertial PGD [20] and FISTA [7]. For these deterministic approaches, the full gradient of
f must be evaluated at each iteration, which often requires huge computational resources when n is large.
Such a drawback makes these schemes unsuitable for large-scale machine learning tasks.
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By exploiting the finite sum structure of f, stochastic gradient methods enjoy low per-iteration com-
plexity while achieving comparable convergence rates. These qualities make stochastic gradient methods the
standard approach to solving many problems in machine learning, and are gaining popularity in other areas
such as image processing [I1]. Stochastic gradient descent (SGD) was first proposed in the 1950’s [28] and
has experienced a renaissance in the past decade, with numerous variants of SGD proposed in the literature
(see, for instance, [I3] [I8] [30] and references therein). Most of these algorithms can be summarised into one
general form, which is described below in Algorithm

Algorithm 1 Stochastic gradient descent framework

Input: starting point xy € RP, gradient estimator V.
1: for k=0,1,--- , T —1do _
2: Compute stochastic gradient Vj at current iteration k.
3: Choose step size/learning rate nj.
4: Update xg11:
Tpy1 = prox,  (rvx —nxVi). (2)

5. end for

Below we summarize several popular stochastic gradient estimators Vy:

» SGD Classic stochastic gradient descent [28] uses the following gradient estimator at iteration k:

sample jj uniformly at random from {1,...,n},

Vit = V), (xh).
At each step, SGD uses the gradient of the sampled function Vfj, (x)) as a stochastic approximation of
the full gradient V f(z). It is an unbiased estimate as Ex[V f;, (z1)] = V f(zy). It is also memoryless:
every update of zj41 depends only upon zj and the random variable ji. The variance of SGD is does
not vanish as zj converges.

» SAG To deal with the non-vanishing variance of SGD, in [29,[30] the authors introduce the SAG gradient

estimator, which uses the gradient history to decrease its variance. With Vf;(¢}) = 0,i = 1,...,n, the
SAG gradient estimator is computed using the following procedure:

sample jj uniformly at random from {1,...,n},

Vire = LV (aw) = Vi (el) + & 200, VHileh),

Vii(zg) if i = jk,

Vii(pl) ow.

Here, for each i € {1,...,n}, Vfi(pL) is a stored gradient of Vf; from a previous iteration. With the
help of memory, the variance of the SAG gradient estimator diminishes as zj approaches the solution;

estimators that satisfy this property are known as variance-reduced estimators. In contrast to the SGD
estimator, V3A¢ is a biased estimate of V f(xy).

» SAGA Based on [29,[30], [I3] propose the unbiased gradient estimator SAGA, which is computed using
the procedure below.

update the gradient history: ‘Pﬁu = x5, and V fi(h 1) = {

Sample j uniformly at random from {1,...,n},

VA = Vi (@) = Vi (o) + % 2oy Vileh),

Vfilzg) if i = jg,

Vii(pl) ow.

Compared to %SAG, the SAGA estimator gives less weight to stored gradients. With this adjustment,

VSAGA i unbiased while maintaining the variance reduction property. Similar gradient estimators can
be found in Point-SAGA [12], Finito [14], MISO [22], SDCA [31], and those in [I7].

update the gradient history: 90?:—1 =z and Vfi(cp};H) = {



» SVRG Another popular variance-reduced estimator is SVRG [I8]. The SVRG gradient estimator is
computed as follows:

For s=0,---,5
vf(@S) = %2?21 vfi(@ﬁ)a
Fork=1,---,m

Sample ji uniformly at random from {1,--- ,n},

VYRS = Vi, (21) — V£, (0s) + V f(s),

where ¢, is a “snapshot” point updated every m steps. The algorithms prox-SVRG [34], Katyusha
[2], KatyushaX [3], Natasha [I], Natasha2 [4], MiG [35], ASVRG [32], and VARAG [19] use the SVRG
gradient estimator.

» SARAH In [24] the authors proposed a recursive modification to SVRG.

For s=0,---,8

VA = I Viles),

Fork=1,--- 'm
Sample jj uniformly at random from {1,--- ,n},
VM =V f, () = V fi, (2r-1) + VAT,

Like SAG, SARAH is a biased gradient estimator. It is also used in prox-SARAH [25], SPIDER [I5],
SPIDERBoost [33] and SPIDER-M [36].

We refer to algorithms employing (un)biased gradient estimators as (un)biased stochastic algorithms, respec-
tively. The body of work on biased algorithms is stunted compared to the enormous literature on unbiased
algorithms, leading to several gaps in the development of biased stochastic gradient methods. We list a few
below.

e Complex convergence proofs. It is commonly believed that the relationship Ek[ﬁk] = Vf(xg) is
essential for a simple convergence analysis (see, for example, the discussion in [I3]). The convergence
proof of the biased algorithm SAG is especially complex, requiring computational verification [29] [30].

e Sub-optimal convergence rates. In the convex setting with ¢ = 0, SARAH achieves a complexity
bound of O(M) [24] for finding a point Zj such that E[F(Zx) — F(2*)] < e. In comparison, SAGA
and SVRG achieve a complexity bound of O(1/¢) which is the same as deterministic proximal gradient
descent.

e Lack of proximal support. Bias also makes it difficult to handle non-smooth functions. To the best
of our knowledge, there are no theoretical guarantees for biased algorithms to solve with g # 0 that
take advantage of convexity when it is present.

Despite the above shortcomings, there are notable exceptions that suggest biased algorithms are worth
further consideration. Recently, [I5] 25l [33] [36] proved that algorithms using the SARAH gradient estimator
require O(y/n/€?) stochastic gradient evaluations to find an e-first order stationary point. This matches the
complexity lower-bound for non-convex, finite-sum optimisation for smooth functions f; and n < O(e™*)
[15]. For comparison, the best complexity bound obtained for SAGA and SVRG in this setting is O(n?/3/¢?)
[5, 26]. A detailed summary of existing complexity bounds for the variance-reduced gradient estimators
mentioned above is provided in Table [I] for convex, strongly convex and non-convex settings.

1.2 Contributions

This work provides three main contributions:

1. We introduce a framework for the systematic analysis of a large class of stochastic gradient methods
and investigate a bias-variance tradeoff arising from our analysis. Our analysis provides proximal
support to biased algorithms for the first time in the convex setting.



Convex Strongly Convex Non-Convex | Proximal Support?

SAGA O(nE) O((n+ k) log(1/¢)) O(2E)° Yes

SVRG oL | o((n+r)log(1/e) | O(2E)| Yes

SAG O(2E) O((n+ k)log(1/€)) | Unknown No
SARAH O(Ll%(l/e)) O((n + k) log(1/e)) O(@) Non-Convex Only

“The algorithm SVRG++ reduces this rate to O(nlog(1/€) + L/e) using an epoch-doubling procedure [@].
YMini-batching reduces the dependence on n to n2/3 |5, 26], and these rates are proven only in the case g is convex.

Table 1: Existing complexity bounds for stochastic gradient estimators under different settings. These
complexities represent the number of stochastic gradient oracle calls required to find a point satisfying
E[F(z)) — F(2*)] < € for the convex case, E[||z;, — 2*||?] < € for the strongly convex case, and an -
approximate stationary point (as in Definition [1)) in the non-convex case. In the strongly convex case, u is
the strong convexity constant, and x = L/u is the condition number.

2. We apply our framework to derive convergence rates for SARAH and biased versions of SAGA and
SVRG on convex, strongly convex, and non-convex problems.

3. We design a new recursive gradient estimator, Stochastic Average Recursive GradiEnt (SARGE), that
achieves the same convergence rates as SARAH but never computes a full gradient, giving it a strictly
smaller per-iteration complexity than SARAH. In particular, we show that SARGE achieves the oracle
complexity lower bound for non-convex finite-sum optimisation.

To study the effects of bias on the SAGA and SVRG estimators, we introduce Biased SAGA (B-SAGA) and
Biased SVRG (B-SVRG). For 6 > 0 the B-SAGA and B-SVRG gradient estimators are

e B-SAGA: - def j n i
Vo-saca 4 %(vf]k (zx) — Vi, (@i")) + % Zi:l Vii(er),

e B-SVRG: ~ def
VE,SVRG lef %(Vf]k (xg) — V fi (ps)) + V f(ps).

In both B-SAGA and B-SVRG, the bias parameter ¢ adjusts how much weight is given to stored gradient
information. When 6 = n, V544 recovers the SAG gradient estimator.

Motivated by the desirable properties of SARAH, we propose a new gradient estimator, Stochastic Average
Recursive GradiEnt (SARGE), which is defined below

= g def 1 n i = o)
ViR SV, () — 0 + 2 D 0 bk — (1= D)V, (zk-1) — VIEE®),

where the variables 1} follow the update rule z/},i’ll = V. (zr) — (1 = L)V f; (zr-1). Similar to SAGA,
SARGE uses stored gradient information to avoid having to compute the full gradient, a computational
burden that SVRG and SARAH require for variance reduction.

A summary of the complexity results obtained from our analysis for SAG/B-SAGA, B-SVRG, SARAH,
and SARGE are provided in Table 2] Note that the result for SAG is included in B-SAGA.

Paper organization Preliminary results and notations are provided in Section A discussion on the
tradeoff between bias and variance in stochastic optimisation is included in Section 3] Our main convergence
results are presented in Section In Section [5] we substantiate our theoretical results using numerical
experiments involving several classic regression tasks arising from machine learning. All the proofs of the
main results are collected in the appendix.



Convex Strongly Convex Non-Convex | Proximal Support?
B-SAGAl | o(2f) O(nklog(1/e)) O(nk) Yes
B-SVRG® | O(2L) O(nrlog(1/e)) Oo(2E) Yes
SARAH | O(¥2E) | O(max{v/mk,n}log(1/e)) |  O(¥2E) Yes
SARGE | O(¥2L) | O(max{/nk,n}log(1/e)) | O(¥E) Yes

“Mini-batching reduces the dependence on n to n2/3 as in [5,[26] giving these algorithms a lower complexity than full-gradient

methods, but we do not consider mini-batching in this work.

Table 2: Complexity bounds obtained from our analysis framework. These complexities represent the number
of stochastic gradient oracle calls required to find a point Zj satisfying E[F(Z) — F(«*)] < € for the convex
case, E[||zx —2*||?] < € for the strongly convex case, and an e-approximate stationary point in the non-convex
case.

2 Preliminaries and notations

Throughout the paper, R? is a p-dimensional Euclidean space equipped with scalar inner product (-, -) and
associated norm | - |. The sub-differential of a proper closed convex function g is the set-valued operator

defined by dg def {veR"g(a’) > g(z) + (v, 2’ — x),Va' € R"}, the proximal map of g is defined as

def . 2
prox,,(y) = argmingeg. n9(2) + 3lz — (3)

where 7 > 0 and y € RP. With y* = prox_,(y), is equivalent to y — y* € ndg(y™).
Below we summarize some useful results in convex analysis.

Lemma 1 (|23 Thm 2.1.5]) Suppose f is convex with an L-Lipschitz continuous gradient. We have for
every x,u € RP,
IVf(z) = VF@)|? < 2L(f(z) = f(u) = (Vf(u), 2 — u)).
When f is a finite sum as in , Lemma [1|is equivalent to the following result.

Lemma 2 Let f(z) = Soi fi(z), where each f; is convex with an L-Lipschitz gradient. Then for every

~n
z,u € RP,

st it IV fil@) = VE@)|? < fz) = f(u) = (Vf(u),x —u).
Lemma [2] is obtained by applying Lemma [I] to each f; and averaging.

Lemma 3 Suppose g is p-strongly convex with p > 0, and let z = prox, (r —nd) for some z,d € R and
n > 0. Then, for any y € RP,

n(d,z = y) < 3llv =yl = 222yl = 3llz = 2] = ng(z) + ng(y).
Proof. By the strong convexity of g,
9(2) —g(y) < (&2 —y) = Gllz—yl? Ve € dg(2).
From the definition of the proximal operator, we have that %(x — z) —d € 0g(z). Therefore,
9(2) = g(y) < (&2 —y) = §llz —yl
=z —z—ndz—y) = 52—yl
=—(d, z—y) +{z—2 22—y - §lz—yl?
2 2 2
—d, 2= )= o — 2P = 2 — gl e -yl — £z -yl

Multiplying by n and rearranging yields the assertion. O



The next lemma is an analogue of the descent lemma for gradient descent when the gradient is replaced
with an arbitrary vector d.

Lemma 4 Suppose g is p-strongly convez for u > 0, and let z = prox
holds for any A > 0.

ng(® —nd). The following inequality

0 < n(F(z) — F(2) + 5 ld — Vf(@)[|2 + (EEF — 2y )2,

Proof. This follows immediately from Lemma

0=n{d,x—2)+n{d z—x)

@

<nld,x — 2) — 2z — | + n(g(z) — g(2))
=n(Vf(x),z—z)+n{d—Vf(x),z—2) — Zz — || + n(g(z) — g(2))
)

2 0(F(@) - FE) +nld - V() — )+ (2 - 25— o

©) 1 2

< n(F(z) — F(2)) + g5lld — VF(2)]|? + (PG 2hmy) )2,

Inequality @ is due to Lemmal[3 with y = z, @ is due to the Lipschitz continuity of V f;, and @ is Young’s. O
The previous two lemmas require g to be convex. Similar results hold in the non-convex case as well.

Lemma 5 Let z = prox, (v — nd) for some x,d € R and n > 0. Then, for any y € R?,

n(d, z —y) < 5llw —ylI* = 5llz — =[* = ng(2) + ng(y).
Proof. By the Lipschitz continuity of V f, we have the inequalities
fl@) = fly) < (Vf(@),z —y) + Fllz —yl
f(z2) = fz) < (Vf(x),2 —x) + 5]z — |

Furthermore, by the definition of z,

1
z € argmin{(d,v—x) + 2n||v—x|2—|—g(v)}.

Taking v = y, we obtain
9(2) = g(y) < (d,y — 2) + 55 (lo =yl = |z — 2]?) .
Adding these three inequalities and multiplying by 1 completes the proof. O

Lemma 6 Let z = prox, (z —nd). Then

F(z) S F(y) + (V@) —d,z—y) + (5 — 5l — 2> + (5 + 5p)lle —u>.

Proof. By the Lipschitz continuity of V f, we have the inequalities

fl@) = fly) < (Vf(@),z —y) + Fllz -yl
f(2) = fz) < (Vf(z), 2 —2) + 5]z — 2|
Furthermore, by Lemma
9(2) = g(y) < (d,y — 2) + 55 (llz =yl = |z — 2[]?).
Adding these inequalities together completes the proof. O

In the non-convex setting, to measure convergence of the sequence to a first-order stationary point, we
use the notion of a generalized gradient [23].



Definition 1 (Generalized gradient map) The generalized gradient map is defined as

G (1) & L (g, — prox,, o (@ — mVF(x1)))-

When g = 0, we have G,, (z;) = Vf(zr) — 0 if the sequence {x}} converges to some z* € R such
that Vf(2*) = 0. For nontrivial g, suppose infyn; > 0 and zj converges to some z* such that z* =
prox, (z* —nV f(z*)), then G,, (¥) — 0. Such a point z* is called first-order stationary point of (1) and an
e-first-order stationary point is a point satisfying ||G,(z)|| < € for some 7 > 0.

3 A bias-variance tradeoff in stochastic gradient methods

In this section, we discuss the effect of the bias and variance of a stochastic gradient estimator on the
performance of Algorithm (I} It is elementary that the mean-squared error (MSE) of a stochastic estimator
can be decomposed into the sum of its variance and squared bias. In our setting,

ElllVi = VF@i)2] = IEVi] = V(@) + Bl Vi — Ex[Vi]l?].

This decomposition shows that a biased estimator might have a smaller MSE than an unbiased estimator
as long as the bias sufficiently diminishes the variance. This is the bias-variance tradeoff. As we see below,
a bias-variance tradeoff exists in our analysis of stochastic gradient methods, but with a slightly different
form.

In what follows, we first discuss the bias-variance tradeoff in the convex settings and then the non-convex
setting.

3.1 Convex case

Let z* be a global minimizer of problem . From the update , let wgy1 € Og(xgy1). We have the
following bound on the suboptimality at xxi1:

Ex[F(z)41) — F(a")]
= Bx[f(@ri1) = flan) + f(2n) = f(27) + g(2h41) — 9(27)]

@
< SEifllzps — 2 lI°] + Ex[(V f (2r), 21 — z)] + (Vf(2n), 2 — 2%) + Ex[g(zre1) — g(27)]
= LEi[|lzes1 — 2] + Ex[(V f(zk) — Vi Tht1 — )]
+ER[(VF(@r) = Vi ze — 2)] + B [(Vi, 2ra1 — 2°)] + Ex[g(zh41) — g(a*))] (4)
@ ~
< SEL[IV S (2x) = Vil + (5 + 52)Bxlllzrrs — 2]
+ER[(VF(@r) = Vi, ze — 2)] + B [(Vi + whp1, Trgr — 2%) — |zpgr — 27|
@ ~
< SER[IVF(xr) = Vill’] + (5 + 5 — 55 Exlllzesr — zx]?)

+EL[(Vf(2n) = Vi zp — @) = BB [[lr — 2] + o5l — 27

Inequality @ follows from the convexity of f and Lipschitz continuity of Vf, @ follows from the (strong)
convexity of g, and @ comes from the implicit definition of the proximal operator . For the last line of
the inequality, we observe that the inner product term Ej[(V f(xy) — %k, x — x*)] vanishes when V} is an
unbiased estimate of V f(zy). When the estimator is biased, we must develop a new way to control this
term, together with Ex[|V f(zx) — V|-

Hence, the following terms arise in our convergence analysis from the bias and the variance of the gradient

estimator: N _
Bias : Ex[(Vf(zx) — Vi, 21 — 2*)] and ||Ex[Vi] — Vf(zx)]?,

Variance : Ek[”%k - Ek[ﬁk] ||2]



Remark 1 (Non-composite case g = 0) When g =0, for gradient descent, the descent property of f yields
fl@prn) = f(@*) < (5 = Pllzrer —zul® + flzx) — fl2),
where n < 2/L. For stochastic gradient descent, we obtain the following relationship:
Exlf(2re1) — f(27)]
Ex[f(zrs1) — flow) + flar) — f(z7)]
< Ex[{Vf(@r) = Vi, zrar = 2)] + (5 = DExllzrer — 2l + flzx) = f2¥)

n
< SELIVF (i) = VilP] + (5 + 50 = DExlllzasr — axll*] + f(zx) — f(2*).

(5)

Compared to , there is no inner product term in , which makes the analysis of the non-composite case
much simpler. This is one reason why biased algorithms have been successfully studied in mnon-composite
setting, but not in the composite setting.

3.2 Non-convex case

The influence of bias is simpler in the non-convex setting and independent of g, which explains why biased

algorithms have recently found success for these problems. To begin, let £511 def Prox, /o0 (zr —n/2V f(z1)).
Applying Lemma [6] with z = 411, y = © = 2}, and d = V f(=}), we have

F(&k41) < Flag) + (5 = D@k — .
Again, applying Lemma |§| with 2 = 241, Yy = Tk+1, T =Tk, and d = %k, we obtain
F(r41) < Fir) + (VF(@r) = Vi, o — dxg) + (5 = ) [oxsr — 22
(& + B nss — anl?
Adding these two inequalities together gives
F(zp1) < Flan) + (L = 57) 1801 — 2xl® + (5 = 55)llonsr — 2l
+(Vf(zn) = Vi, Thsr — Es1)
@ ~
< Flax) + (L = g1k — 2ell® + (5 = 5) loerr — anll* + 20V f (21) — Vi (6)

b 2
— || — X

8’17 k+1 k+1
@ -
2 Flo) + (L= 2)lldrs1 — okl + (5 — ) lwnss — opl + 20lIV F(z) — Vil

Inequality @ is Young’s, and @ is the standard inequality ||a—c||? < 2|la—b||>+2(|b—c||>. In the non-convex
case, the inner-product bias term does not appear, so the bias-variance tradeoff is the classical one.

3.3 General bounds on bias and variance

To ensure convergence for a particular gradient estimator used in Algorithm [1} we must bound the inner-
product bias term Ex[(V f(z1) — Vi, 2, — 2*)] and the MSE Ei[||V f(21) — V||?]. Below we introduce general
bounds on these terms that allow us to establish convergence rates for a variety of gradient estimators. The
first of these is a bound on the MSE term.

Definition 2 (Bounded MSE) The stochastic gradient estimator V s said to satisfy the BMSE(My, Ma, par,
pr, m) property with parameters My, Ma > 0, par, pr € (0,1] and m > 1 if there exist sequences My, and Fy,

such that
m(s+1)—1

Y ElVi = Vi@n)’] < Mis,

k=ms



and the following bounds hold:

m(s+1)—1 n
Mms < (1 - pM)mMm(s—l) + fms + % Z ZE[val(xk+1) - sz(xk)”z]a
k=ms i=1
m(s+1)—1 n

Fms < Z o pF)M(S | Z ZE[”Vfi(ka) - Vfi(xk)||2}~

k=ms =1

The constant m is the epoch length of the gradient estimator, hence it is usually set to be O(n). The
BMSE property allows these bounds to hold only on average over an epoch. This property is useful in
convergence analyses because it bounds the MSE by a geometrically decaying sequence {Mx}reny and a
component that is proportional to the one-iteration progress of gradient descent (1/nY . |V fi(zkt1) —

V fi(@i)lI?)-

Remark 2

o Most variance-reduced stochastic gradient estimators satisfy the BMSE property, including SAG, SAGA,
SVRG, SARAH, and all the estimators in [I7]. SGD does not satisfy this property, as its variance
does not decay along the iterations.

e Most existing work on the analysis of general stochastic gradient algorithms enforce bounds of this form
on either the MSE or the moments of the stochastic estimator, with the crucial difference that existing
works require the bounds to (i.e., dependent on only the previous iteration) [9]. In contrast, the BMSE
property allows non-Markovian MSE bounds through the sequence Fy. This relaxation is crucial for
the analysis of our new gradient estimator, SARGE.

In order to bound the inner-product bias term, we require the gradient estimator to admit a certain
structure in its bias. In biased estimators such as SAG, the bias depends on the stored gradient values:

V() — Ex[V3A9) = (1 — L) (Vf(z) — L0, Vi)

We call estimators whose bias admits the above structure memory-biased gradient estimators. These include
SAG, and more generally B-SAGA and B-SVRG.

Definition 3 (Memory-biased gradient estimator) The stochastic gradient estimator V is memory-biased
with parameters 0 > 0, By >0, and m > 1 if

V() = BalVi) = (1= §) (VS @n) — 3 D VEA)).

for some {@i}7_; C {w}}=}, and for any s € Ny,

m(s+1)— m(s+1)71
Z ZE ok — @i ]1%] < > Elller — 2]’ (7)
k=ms k=ms

B-SAGA is clearly a memory-biased estimator, and so is B-SVRG where ¢} = ¢ = for all k in epoch s.
The parameter 6 controls the amount of bias in the estimator, and By, in a sense, measures how “stale” the
stored gradient information is. For memory-biased gradient estimators, the bias-term can be handled easily.

Lemma 7 Suppose V is memory-biased with parameter 6 > 1 and that F is p-strongly convex with p > 0.
For any A > 0, the following inequality holds:

ME[F(zia) = F(2")] < g Bk = V(@) 7] — BB i — 2% 4 &l — 2|

n

L(X+1 7
+ (PO — DEg[lersr — oel’] + 21— 3D law — will®.
1=1



The proof of Lemma[7] can be found in Appendix[A] The bound of Lemmal[7]is analogous to the bound in
(@), but the inner-product bias term is replaced with %( 1—5) 3" llwk — ¢L||*. This term is proportional
to the progress of gradient descent (by ), so this provides the necessary control over the inner-product
bias term.

For estimators such as SARAH, the bias depends on the error in the previous gradient estimate, rather
than previous stochastic gradients:

Vi (xx) = ER[ViA] = V f(wr-1) — V™.
We refer to estimators of this type as recursively biased.

Definition 4 (Recursively biased gradient estimator) For any sequence {xy}, let ﬁk be a stochastic gradient
estimator generated from the points {xg}fzo. This estimator is recursively biased with parameters pg € (0,1]
and v > 1 if

0 for k € vNy,

Vi(xg) —Ex[Vi] = {(1 —p5)(Vf(zp_1) — 6,671) 0.W.

The parameter v represents how many steps occur between full gradient evaluations. For SARGE, v = co
because the full gradient is never computed.

Lemma 8 Suppose Visa recursively biased gradient estimator with parameters v > 1 and pg € (0,1].
Then, for any e > 0,

v(s+1)—1
Y BV (@ra) = Vieor, o —a7)]
k=vs+1

v(s+1)—1
<min{v, L b N E[$IVA@) - Venal®+ & llowe - o],

k=vs

Lemmashows that, for recursively biased estimators, the inner-product bias term (V f (z_1)—Vi_1, Tp—
x*) is bounded from above by the MSE, implying that introducing bias to decrease the MSE is a reasonable
approach to design improved gradient estimators.

4 Convergence rates

In this section, we analyse the convergence rates for the stochastic gradient methods. We first provide
very general convergence rates based on the bounds from the last section. Then, we specify the result to
specific gradient estimators including memory-biased B-SAGA /B-SVRG, and recursively biased SARAH and
SARGE.

4.1 General convergence rates

For Algorithm [T} we consider a constant step size n = 1 > 0. Given T iterations of Algorithm [T} define the
. _def T

average iterate zp = 1/T Y, | x.

4.1.1 Convex and strongly convex cases

The following theorem establishes convergence rates for memory-biased estimators in the convex regime.

Theorem 9 (Memory-biased estimators) Let V be a memory-biased gradient estimator parameterized by
0 > 1 and B, > 0, which satisfies the BMSE(My, Ma, par, pp,m) property. Let © = Mprt2Mz g ) —

; PMPF
min{pas, pr}-
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e When F is convex, let n = then

1
L(1+3v20)’

- * 1 [ L(1+3v20)||zo—a*|? B (1-1/9) F(x0)—F(z*)
B[F(r) - F(a*)] < 4 (LOE20nomt i oy { PO o} Ell b))

o When F is p-strongly conver with p > 0, let n = min{gL(lJrl?’\/%), Bm@/‘g),z%}. The iterate xp

satisfies
Elllzr — 2*|) < (1+ pn) ™" ( (F(2o) — F(a*)) + [lzo — 2*[1?).

The proof of Theorem [J] is provided in Appendix [A] The next result establishes convergence rates for
recursively biased gradient estimators whose proof is in Appendix

Theorem 10 (Recursively biased estimators) Let V bea recursively biased gradient estimator parameterized

by pp € (0,1) and v > 1, which satisfies the BMSE(My, Ma, par, pr,m) property. Let By 4f 1nin {v,1/pB},

M pr 4211 -
© = ZLE=2 and p = min{par, pr}-

o When F is convex, let n = , then

1
L(4V26+1)

B[F(zr) — F(e")] < & (29320 gy — o2 4 max {(1 - pp) B, — 1,0} =R )
L(4v206+1)

e When F is p-strongly convex with p > 0, let n = min{ }, then

1 1 P
3L(4v26+1)° n(1—pp)B2’ 21
Elllor —a*|*] < (1+ pn) ™" (2 (F(x0) = F(a™) + [lzo — 2*]%).

Remark 3
e Both theorems hold true for smaller n; the choices in the theorems are the largest ones allowed by our
analysis.
e For B-SAGA and B-SVRG, © = O(n?), while for SARAH and SARGE, © = O(n). This gives these
recursive gradient estimators improved convergence rates and suggests that the bias in these estimators
is more effective than the bias in SAGA and SVRG.

4.1.2 Non-convex case

The analysis of biased gradient estimators is simpler for the non-convex setting than the convex ones due
to the absence of the inner-product bias term in @ Below we provide a uniform convergence guarantee
for all gradient estimators satisfying the BMSE property, regardless of their bias. This suggests that in the
non-convex setting, a large-bias, small-MSE gradient estimator is favourable over an estimator with small
bias and large MSE.

Theorem 11 Let V be a gradient estimator that satisfies the BMSE(My, Ms, par, pr,m) property, let © =

%, and let a be a chosen uniformly at random from the set {0,1,---,T — 1}. If F is non-conver,
setn = 7% mn Algom'thm and the point x,, satisfies the following bound on its generalized gradient:

E[l[Gs () |2] < WEGFE)

The proof of this result is provided in Appendix [C]

Remark 4 The convergence result of Theorem|[I]] does not depend on the bias except through the MSE of the
gradient estimator, which implies that incorporating arbitrary amounts of bias for a smaller MSE improves
the convergence rate. This fact is what allows the recursively biased estimators SARAH and SARGE to
achieve the oracle complezity lower bound for non-convex optimisation when they are used in Algorithm [}

4.2 Convergence rates for specific gradient estimators

In this section, we specialise the general convergence rates to analyse the performance of B-SAGA, B-SVRG,
SARAH, and SARGE.

11



4.2.1 Biased SAGA and SVRG
B-SAGA and B-SVRG are examples of memory-biased gradient estimators, as their biases take the form

V() ~ ExlVi] = (1= 3) (V@) Zwl eh)),

for some previous iterates ¢%. To establish convergence rates for B-SAGA and B-SVRG, we only need to
show these estimators satisfy the BMSE property with suitable constants.

Lemma 12 The B-SAGA gradient estimator is memory-biased with By = 2n(2n + 1), and it satisfies the

BMSE property with parameters pyy = %, =1, M =0, pp =1, and
My — = 6 € (0,2],
2n+1)(1—4)* 6>2.

The proof of Lemma [12] uses a slight modification of existing variance bounds for the SAGA estimator,
appearing in [I3], for example. We include the proof in Appendix @ The B-SVRG gradient estimator
satisfies the BMSE property with similar constants.

Lemma 13 The B-SVRG gradient estimator is memory-biased with By = 3m(m + 1), and it satisfies the
BMSE property with parameters ppy =1, My =0, pp =1, and

a2 A 6 €(0.2],
P Bmm1)(1- )2 0>

With these constants established, Theorem |§| provides rates of convergenceﬂ

Corollary 14 (Convergence rates for B-SAGA) Algorithm achieves the following convergence guarantees
using the B-SAGA gradient estimator:

o If F is convex, depending on the choice of 0, set the step size to
1
— 0 €[1,2
def L(1+6\/n(2n+1) € 1,2,
n="mne =
10> 2

L(1+6(1—1) \/n(2n+1))

and T satisfies E[F () — F(z*)] = O(Ln/T).
e If F is p-strongly conver, set n = min {ng, 4,%”} Then zr satisfies E[||xr — z*||?] = O((1 + un)~T).

e If F' is non-convex, after T iterations, the generalized gradient at x. satisfies

Ln _ 0
O(7) 1= g7 me 6 € (0,2],

BllGyateal Pl = oy
(T(1*%)> = 2L(1——)\/n(2n+1

Corollary 15 (Convergence rates of B-SVRG) Algom'thm achieves the following convergence guarantees
using the B-SVRG gradient estimator:

o When I is convex, depending on the choice of 0, set the step size to

L(1+3 \/Gm(m-i-l ) €12,

L(1+3(1-% )\/Gm(m-i-l))

n="mne =

10> 2

After S epochs, the point Tms satisfies B[F (Zp,s) — F(z*)] = O(L/S).

1We state the convergence rates without constants for simplicity. The complete result with constants is included in Appendix

Ot
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e If, moreover, F is p-strongly convex, let n = min{ny, ﬁ} After S epochs, xp,s satisfies El||xms —
o*[?) = O((1 + pm)=™).
o [f F' is non-convex, after S epochs, the generalized gradient at x, satisfies

LmY) .,  _ V260
) O(F5) in= st 0€ (0,2,
E[[|Gy/2(za)lI”] =
O(Lim) ‘= V20 0> 2
T(1-1/6)/ * 2L(1—3)4/3m(m+1)’ '

Remark 5
e Our MSE bounds and convergence rates are optimised when 6 = 2. Numerical experiments (including

those in Section @ suggest that setting 6 in the range 1 < 6 < n gives the best performance, and
B-SAGA prefers larger values of 0 than B-SVRG.

e In the special case § = 1, Corollaries[I]] and[15 recover the state-of-the-art rates for SAGA and SVRG
in the convex and non-convex regimes. For strongly convex problems, these rates are worse than existing
convergence rates of O((1 + min {%, LW =TY proven for SAGA and SVRG [13, [37]. This difference

is due to the generality of Theorem @,nas some memory-biased estimators, including B-SVRG, exhibit
poor performance on strongly convex problems when the bias is large.

e Corollaries and [I] require step sizes that decrease with n, while existing results for SAG, SAGA,
and SVRG allow step sizes that are independent of n. This is also due to the generality of Theorem[9
For example, we find in practice that B-SAGA converges with step sizes that are independent of n, but
B-SVRG requires smaller step sizes when the epoch length is larger.

4.2.2 SARAH and SARGE
The SARAH and SARGE gradient estimators are recursively biased, with

V() — B[V = Vi (@) - VP

and

Vf(xr) = Eg[Vir el = (1 = DV (zp-1) = VX®).
As we shall see, these biased estimators admit smaller MSE bounds than unbiased and memory-biased
estimators, and this is reflected in their improved convergence rates. The following two lemmas establish

the constants appearing in Theorem [10] for these estimators.

Lemma 16 The SARAH gradient estimator is recursively biased with parameters pg =0 and v = m, and
it satisfies the BMSFE property with parameters My =m, pypr =1, prp =1, and My = 0.

Lemma 17 The SARGE gradient estimator is recursively biased with parameters pgp = 1/n and v = oo,
and it satisfies the BMSE property with My = 12, My = 39/n, py = ﬁ, PF = %, and m = 1.

Proofs of these results are included in Appendices [E] and [F] respectively. It is enlightening to compare these
BMSE constants to those of B-SVRG and B-SAGA. M; is a factor of n smaller for the SARAH and SARGE
estimators than for the B-SVRG and B-SAGA estimators (as long as m = O(n) in SARAH and B-SVRG).
This translates to an O(y/n) improvement in the convergence rates for SARAH and SARGE.

Corollary 18 (Convergence rates for SARAH) When using the SARAH gradient estimator in Algorz'thm
o If F is convez, setn = m, After T iterations, Tr satisfies E[F(Zr) — F(z*)] = O(Ly/m/T).

e If F is u-strongly convex, set n = min{m 2 then E[||ar — 2*||?] = O((1 + pn)~ 7).

’ pum

e If F is non-convex, setn = L\}%, then E[||G, /2(za)[|?] < O (Lym/T)

Corollary 19 (Convergence rates for SARGE) When using the SARGE gradient estimator in Algorithm
. _ 1 - _ *\] —
o If F is convex, setn = IRTNECTSErsTE then E[F (Z7) — F(x*)] = O(Ly/n/T).
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o If F is pu-strongly conver, setn = min{ma 4;%1}, then El||lzr — 2*||?] = O((1 + un)~7T).
. 1 2
e If F is non-convez, set n = TVETEEL then E[||G(z4) %] < O (Ly/n/T).

These convergence rates for convex objectives represent a significant improvement over the performance
of SAGA, SVRG, and full-gradient methods. Each of these algorithms require O(%) stochastic gradient

evaluations to find a point satisfying F(zr) — F(2*) < €, while SARAH and SARGE require only O(@)
These rates do not require the epoch-doubling procedure of [6], although epoch-doubling can potentially be
used to improve the performance of SARAH just as it improves the performance of SVRG on non-strongly
convex objectives.

This square-root dependence on n is present in the convergence rates for strongly convex and non-convex
objectives as well, which is a significant improvement over the dependence on n in the convergence rates of B-
SAGA and B-SVRG. This better dependence on n is most significant in the non-convex regime, where these
convergence rates imply that the SARAH and SARGE gradient estimators require only O(@) stochastic
gradient evaluations to find an e-approximate stationary point, which is the oracle-complexity lower bound
[15]. Similar results already exist for algorithms using the SARAH estimator [I5] 25, 33} B6]. Our results for
SARGE show that achieving this complexity is possible without ever computing the full gradient.

5 Numerical Experiments

In this section, we present numerical experiments testing B-SAGA, B-SVRG, SARAH, and SARGE for
minimizing convex, strongly convex, and non-convex objectives. We include one set of experiments comparing
different values of # in B-SAGA and B-SVRG with a fixed step size and one set comparing SARAH and
SARGE to B-SAGA and B-SVRG with the best values of 6.

5.1 Convex and strongly convex objectives

Let (h;,l;) € RP x {£1}, i = 1,--- ,n be the training set, where h; € R? is the feature vector of each data
sample, and [; is the binary label. Let S > 0 be a tuning parameter. The ridge regression problem takes the
form

n
zHeu]R% % Zizl (hsz - li)Q =+ ngH;
LASSO is similar, but with the regulariser ||z, replacing ||x||§ These problems are of the form (1]}, where
we set f; = (h]x —1;)? and g equal to the regulariser. In ridge regression, g is strongly convex, and in
LASSO, g is only convex.

We consider four binary classification data sets: australian, mushrooms, phishing, and ijcnnl from
LIBSVMEI We rescale the value of the data to [—1,1], set 8 = 1/n, and set the step size to n = é To
compare performance, we use the objective function value F(xy) — F(z*) is considered.

Comparison of B-SAGA We first compare the performance of B-SAGA under different choices of 6 for
solving ridge regression and LASSO problems. Four choices of 6 are considered: 6 € {1,10,100,n}, the
results are provided below in Figures [1] and [2] from which we observe that B-SAGA consistently performs
better with moderate amounts of bias (i.e. § € (1,n)). For the considered datasets, overall § = 10 provides
the best performance.

Comparison of B-SVRG We also consider four choices of 6 for B-SVRG, which are 6 € {0.5,0.8,1,1.5}.
The results are shown below in Figure [3]and [d] We observe that B-SVRG is more sensitive to the choice of
0; only small amounts of bias (i.e. 6 € [0.8,1.5]) can occasionally improve performance.

%https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/
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Figure 1: Performance comparison fitting a ridge regression model for different choices of § in B-SAGA. The
step size for each case is set to n = i
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Figure 2: Performance comparison fitting a LASSO model for different choices of 6 in B-SAGA. The step

size for each case is set to n =
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Figure 3: Performance comparison fitting a ridge regression model for different choices of § in B-SVRG. The

step size for each case is set to n =

1
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Figure 4: Performance comparison fitting a LASSO model for different choices of 6 in B-SVRG. The step

size for each case is set to n = 5%
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Comparison of different gradient estimators Finally, we provide comparison of SAGA, B-SAGA with
6 =10, SVRG, SARAH and SARGE, the results are provided below in Figure[5]and [6] from which we observe
that

e SARAH performs similarly to SVRG, but is occasionally slower in early epochs.

e SARGE consistently outperforms all other methods except for B-SAGA with 6 = 10.
The above observations indicate that, depending on the data, biased schemes can benefit from their biased

gradient estimates. The free parameter 6 reduces the MSE of the B-SAGA and B-SVRG gradient estimators
leading to better performance, and the bias in SARAH and SARGE has a similar effect.

— SAGA
B-SAGA, 6 =10
—— SVRG

—— SARAH
SARGE

—SAGA
B-SAGA, 0 =10
—— SVRG

—— SARAH
SARGE

—SAGA
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—— SARAH
SARGE
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——— SVRG

——— SARAH
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Figure 5: Performance comparison for solving ridge regression among different algorithms. Step sizes are
tuned automatically to minimize the number of iterations required to reach a tolerance of 1071%.
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Figure 6: Performance comparison for solving LASSO regression among different algorithms. Step sizes are
tuned automatically to minimize the number of iterations required to reach a suboptimality of 10715,

5.2 Non-convex objectives

To test the effect of bias in the non-convex setting, we consider the non-negative principal component analysis
(NN-PCA) problems, which can be formulated as [27]:

; 1 n T..)2
agreller%’ n 22:1 (hi ‘T) + LC(‘T)’

where C & {z € RP:||z|| <1, z >0} is a convex set and

0:xeC
Lc(x):{+oo:x¢0

is the indicator function of C'. Letting g = ¢¢, the operator prox,, is the projection onto C, which can be
computed efficiently.
As the problem is non-convex, we cannot measure convergence with respect to the global optimum x*,

so we use many iterations of proximal gradient descent with a small step size (n = ﬁ) to find a reference
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point z*. Every test is initialized using a random vector with normally distributed i.i.d. entries, and the same
starting point is used for testing each value of . We found that small step sizes generally lead to stationary
points with smaller objective values, so we set = z- for all our experiments. We report F(xy) — F(z*)
averaged over every n iterations. These experiments show that the performance of B-SAGA and B-SVRG
varies significantly with 6, with smaller values leading to better performance. SARAH and SARGE perform
similarly to SAGA and SVRG in these experiments, see Figure [7] and
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——— B-SAGA, 0 =05 ——— B-SAGA, § =05 100 ——— B-SAGA, 6 =0.5 ——— B-SAGA, § =0.5
10° B-SAGA, # =10 10° ——B-SAGA, =10 B-SAGA, 6 = 10 10° B-SAGA, 0 =10
2 X Lot L
= = = =
| | | I 101
= £ S 10? 3
= = = =
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Figure 7: Performance comparison for solving NN-PCA with different choices of 6 in B-SAGA. The step
size for each case is set to n = 5[%1 The point z* is found by solving the problem using proximal gradient
descent to high accuracy.
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Figure 8: Performance comparison for solving NN-PCA with different choices of # in B-SVRG. The step
size for each case is set to n = ﬁ The point z* is found by solving the problem using proximal gradient

descent.

For the comparison of all algorithms, B-SAGA and B-SVRG provides the best performance with B-SVRG
being slightly faster.
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Figure 9: Performance comparison for solving NN-PCA among different algorithms. All step sizes are set to

ﬁ. Objective values are averaged over each epoch (n steps).
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6 Conclusion

The complicated convergence proofs of biased stochastic gradient methods have restricted researchers to
studying unbiased estimators almost exclusively. Our simple framework for proving convergence rates for
biased algorithms overcomes this limitation. Our analysis allows for the study of biased algorithms with
proximal support for minimizing convex, strongly convex, and non-convex objectives for the first time.

We also show that biased gradient estimators can offer improvements over unbiased estimators in theory
and in practice. The B-SAGA and B-SVRG gradient estimators incorporate bias to reduce their mean
squared errors and improve their performance in many settings. The bias in recursive gradient estimators,
such as SARAH and SARGE, lead to much smaller bounds on their MSE’s and faster convergence rates than
B-SAGA and B-SVRG.
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Appendix

The organization of the appendix is as follows: we prove Theorems [9] and in Appendices [A] and [B]
respectively, and we prove Theorem [11] in Appendix [C] We provide convergence rates for B-SAGA and B-
SVRG as special cases of Theorem [J] in Appendix and we provide convergence rates for SARAH and
SARGE as special cases of Theorem [I0]in Appendices [E] and [F] respectively.

A Proof of Theorem

To prove Theorem @ we begin by showing that the BMSE property (Definition [2)) implies that the MSE of
the gradient estimator over T iterations is proportional to Zf;ol El|lxk1 — x>

Lemma 20 (MSE bound) Suppose that the stochastic gradient estimator v satisfies the BMSE(My, Ma, par, pr,m)
property, let p = min{par, pr}, and let oy be any sequence satisfying o,(1 — p)™* < o,_1(1 — §)™*. For
convenience, define © = Meet2My e NISE of the gradient estimator is bounded as

PMPF
m(s+1)—1 S m(s+1)—1

Zas > E[VA@R) - Vel <2002 o > Elfarss — ]’
k=ms s=0 k=ms

Proof. First, we derive a bound on the sequence F,,, arising in the BMSE property. Summing this sequence
from s =0to s =G,

m(s+1)—1 n

Zosfms <ZZMM“ ee"E0 N S BV (o) = Vian)lP)

s=0 =0 k=ms =1
D Moo (1 LEym(s—£) mlet)=1 »
2 ZZ% Z ZE IV filzrsr) — Vfilzn)|?]
s=0 £=0 k=ms =1 (8)

IN

Mm i Mm

- m(s+1)—1 n
Z ) S SCENV i) - Vi)

k=ms =1

m(s+1)—1 n

S Z ZEHVLMH — Vfi(z)|?].

k=ms i=1

Il
o

s

Inequality @ uses the fact that os(1 — pr)™® < os_1(1 — £5)™*. With this bound on F,,s, we proceed to
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bound M., similarly.

S
E OsMms
s=0

m(s+1)—1 n

S
+2 N S ENVAGk) - @) + (= )" Y oMoy

IN©

Mm

Os

s=0

k=ms i=1

m(s+1)—1 n

IN®

Mm

0

s

k=ms i=1

m(s+1)—1 n

M=y ZE[”vfi(le)—Vfi(wk)HQ])

k=ms =1

\\F‘lﬂm

ms—1

+<1-%”Zas,l(“f”’fp:w2 > SCEIVAek) - Vi) +

k=m(s—1) i=1

oo S m(s+1)—1 n
g(Zu_wf)zas(””w:;% > YR - A

£=0 s=0 k=ms 1=1
® m(s+1)—1 n
<Z%°’ > D EIVi@i) = Vi)l
k=ms =1
m(s+1)—1

@
< 20172 Zas Z El||lxk+1 — $k|| ]

k=ms

S
Js(Mw;pra 3 ZE[HWZ-(MH)—Vfi(xk)lﬁ)+(1—%M>"‘sz—1Mm<s—1>
s=1

Inequality @ follows uses the fact that M., < (1 — pa)" Mopy(s—1). Inequality @ uses o,(1 — ppr)™* <

os—1(1—235)™°, @ uses the same estimate we applied in , and @ uses the Lipschitz continuity of V f;.

Proof of Lemma |7| By assumption, 1 — % > 0, so we can apply convexity to obtain
B an) = 1) + 2= ) (D01, filek) — fila")
< HVF(@r),an — ) + 2(1L— 5) Y (VFilek), ok — 27)

=1
= H(Vf(me) o —a") + 21— )Y (Vileh),aon —a") + 21— §) Y _(Vfileh), 9k — ze)-
i=1 i=1

Because Vi, is memory-biased,

V@) + 21— 5D Viileh) = ExlVil.

Therefore,

HVf @) on =) + 21— §) D (Vilpi),ax — )

= Bk [n(Vi, 21 — 27)]
=Ex [n<%k7 Tk — $k+1> + n(%lm Trt+1 — $*>]

< Ex [0(Vi, 2 — zi11) — $llones — 2kl + e — 277 = 22 |zkn — 27 |° = ng(@rs1) + ng(a”)].

O

The inequality is due to Lemma [3| with z = 211, z = 2%, d = 6;6, and y = z*. Combining these two
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inequalities, we have shown

B(fn) = f@) + 20 =5 (filgk) - fi="))

< Eg [U(§k7$k — Tpy1) — %||$k+1 - $k||2 —ng(xr+1) +ng(z”) (9)

n

+ ek — 2 = HE2 g — 2P+ 21— 5) Y (VSileh), ok — @)

i=1

We bound the first three terms on the right further.

Vi, 2k — zig) — 3z — zull]” — ng(zas)

= n((Vf(zr), zk — Trr1) — g(zra1)) + (Vi — VF(zr), 2 — Trsr) — 3 enpr — el

S

<n(f(zn) = Fzi)) + 0(Vi = Vf(@r), 26 — 2ra1) + (2 — D)@ — x|

IN®

n(f(@r) = F(ari) + 5511V = VA@R)IP + (G = Dllares — 2.

Inequality @ is due to the Lipschitz continuity of V f, and inequality @ is Young’s. Combining this bound
with (9) and rearranging terms, we have shown that

0 < —nBx[F(2rs1) = F(2)] + 75 Exl| Vi — V£ (21)]1%]

— BB (i — 2" P14 Fllar — 2| + (PG — DE[llzii — ]

(1 - (-’vk**Zﬂwk Z<Vfl<sak> — ).

We use Lemma [I| to bound the final term, yielding the desired inequality. |

Proof of Theorem |§| (Convex Case) We begin with the inequality of Lemmal 7| with ;1 = 0. Multiplying
the inequality of Lemma {4 with z = z;41, * = x, and d = Vk by a non-negative constant § and adding it
to the inequality of Lemma [7} we obtain

NE&[F(z41) — F(z") + 6(F (k1) — F(x))]
< WAIE(IVe — VF(@)I°] = $Exllwrss — 2 [17] + Sl — 27|17

n

L(148)(A+1 2 i2
+ (PO — LR, [|laps — ae’] + 22 (1= 3) Y llaw — ok]1*
i=1

Applying the full expectation operator and summing from k=0 to k =T — 1, we have
T—-1
03 ElF (i) — F(a)] + n(E[F (@1)] - F(x0))
=0

< —1E[ler — 2" + Sllwo — 2" |* + D E[E2 Vi - V(@)

L(14+6)(N+1 2 n 7
+ (PROEDOAD 120y ) — g |P 22 (1= 5) D ek — k]

We use Lemma [20| with 0, = 1 to bound the MSE, and we use the fact that the gradient estimator is

memory-biased to bound the term 1/n Y ;| ||z — ¢L|/?. This leaves

T—-1

Y E[F(zin) = F(2")] < —3E[lzr —2"|%] + $llzo — 2*|* + nd(F (z0) — E[F (27)))
k=0

(10)

N

-1

Elller+1 — zk]|”].
0

L(148)(A+1 OnL(145
Jr(n (+2)(+)+ WE\+)+B1271L(17%)7#)

£
I
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Setting A = v/20 minimizes the coefficient of the term on the final line. With

<

1
(1+2\/%+7Bl(1 1/0)y’

the final term in is non-positive, so we can drop it from the inequality along with the term —1/2E||xr —
x*||?. Using the fact that —F(x7) < —F(x*), this leaves

ZE (2h41) — F(a*)] < o |lzo — 2|2 + nd(F (o) — F(a*)).

We use the convexity of F' to rewrite this inequality as a bound on the suboptimality of the average iterate

T-1

E[F(@r) - F(e*)] < & 3 ElF(era) — Fa*)] < gazlleo — | + B(F(ao) — F(a*),
Ui
k=0

Setting 6 = max{B;(1—1/60)/v/20 — 1,0} approximately minimizes the right side, proving the assertion. W

Proof of Theorem (9| (Strongly Convex Case) As in the proof of the convex case, we begin with the
inequality of Lemma |7, multiply the inequality of Lemma [ with z = xy11, * = x, and d = Vi by a
non-negative constant §, and add the two inequalities.

NE&[F(z41) — F(z") + 6(F (k1) — F(1))]

<~ (o - 2]+ ok — 2| + B | 22V, - VA (@)

L(1+6)(N+1 1+6(2 2 n 72
+ (EOEDOEY 10y g2 2 (1 1) D" e — bl }

Applying the full expectation operator, multiplying by (1 + un)*, and summing over the epoch k = ms to
k=m(s+ 1) — 1 for some s € Ny, we have

m(s+1)—1
n Y (4 ) E[F(ae) — F(z*) + 8(F(x41) — Flax)]

k=ms

1+ m(s+1) 2 14+ ms 2

< OB or) — 27 + S|z, — 27|
m(s+1)—1

n(1+46 — 2 nL(1+48)(A+1 14+6(2 7 2

+ ) A+ ['g;>|\vk—Vf<wk>u + (REAPOHD _ THOCH0) ) Iy — |

k=ms

n i (12
FEEA- DL ek - whl?].

Using the fact that n < ﬁ
(L pm)* < (U )™ D < (L )™ i (1 0)™ = e(1+ um)™ < 3(1+um)™, (1)

where e is Euler’s number. Therefore,

m(s+1)—1
n Y (4 ) E[F(zei1) = F(@*) + 8(F(x41) — Flax)]

(tpm)™CHD (tum)™
S — T

* (12 2
Elllzm(s+1) — 27[7] [€ms — ]|

m(s+1)—1
F b)Y B[ DT - V()| + (REEPOD LG g — g

k=ms

: n i2
L= 5 ek — b
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Summing the inequality from epoch s =0to s =5 —1,

mS—1
n > (L4 pn) E[F (1) — F(a") + 0(F(wr41) = F(xw)]
k=0
S— m(s+1)—1
ms 8) 11— 5 5
Z ()™ 3 B[P Te = T (a)|]P o (PECPOED L) gy — g |
s=0 k=ms

. mS
+ﬁ%$@u—a§jgwm—¢wﬂ—ﬂﬂg—ﬁmm—mw%+ﬁm—xw%

We use Lemma [20] with o = (1 + pn)™* to bound the MSE. Recall p = min{py, pr} and n < ;. This

choice for o satisfies the conditions of Lemma [20| because (14 un)™* (1 —p)™ < (1+ un)™E=D (1 — p/2)™s.
We use the fact that the gradient estimator is memory-biased to bound the term 1/n > ;| ||z — ¢§||?. This
leaves

mS—1
n Y (L4 ) Bl (wks1) = F(@") + 6(F(ax41) — Fax))]
k=0
s S—1 m(s+1)—1 (12)
< - OB Rz — 27 + 2w — 2 1P+ CY A+ )™ Y Elllze — 2],
s=0 k=ms

where C' = 3”L(1+25)(’\+1) + 39"L/\(1+6) +3Bmkq 1y w We must choose 7, A, and § so that

C < 0. Setting A = v/20 minimizes C over A. Using the approximation §(2 + pn) > §, we see that C is
non-positive if

1
ns 3L(1+2v20+ 210 1/9)"
Setting 6 = max{B;1(1 —1/6)/v20 — 1,0}, we are guaranteed that

1 1
<
3L(1+3v20) — 3L(14+2V20+ 31(11;51/9))7

so the step size in the theorem statement ensures C' < 0, and the final term in is non-positive. Dropping
this non-positive term from the inequality, we have

mS—1 mS—1
n(1+3) Y (14 ) E[F (wr1) — F(a™)] + 5 Z + ) "E[F (w1) — F(z")] (1)

Atpm™S
S5

Elllems — 2|*] + 3llzo — «*||*.

We would like to show that 14 ¢ > (1 4 pn)d so that the terms on the first line telescope.
We use the fact that n < % to say

1 < Bi(1-1/9)
unz 1\/% 20

Hence,
B0 > 1+,

so inequality simplifies to
(14 pn) ™ End(F(2ms) — F(2*)) + llwms — 2] < nd(F(z0) — F(2*)) + 3llwo — 2|7,

which implies the result. |
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B Proof of Theorem [10

The following two lemmas establish an analogue of Lemma [7] for recursively biased estimators.

Lemma 21 Suppose Vv is recursively biased with parameters pg and v. Suppose g is p-strongly convexr with
>0, and let X > 0 be a constant whose value we determine later. The following inequality holds:

0 < —nEx[F(2rs1) = F(2")] + 5Bl Vi = V£ (2i)]%]
— SB[l zrsr — 2 |*] + g llon — 2|
+ (PG — DEg[loxsr — 2]’ + 0(1 = pp)(VF(@5-1) = Vo1, 25 — 7).
Proof. Applying the convexity of f yields

n(f(zx) — f(="))
<(Vf(zk), zr — ")

= 0(Vf(zr) — (1= pp)(VF(xe-1) = Vio1),zx — 2*) +0(1 — pp)(Vf(@r—1) — Vo1, 20 — ¥).

Because the estimator is recursively biased,

Er[Vi] = Vf(zr) = (1= pp)(Vf(25-1) — Vie1).

Therefore,

0V (@) — (1= p)(V (1) — V1), 2k — z*)

(
= Ex[n(Vi, 2k — 27)]
= Ex[n(Ve, ok — zrt1) +1(Vi, 21 — 7))
< Ex[n(Vi,@r — wier1) = $llznen —el® + Slow — 27 1? = o — 271 + ng(zer1) — ng(z*)],
The inequality is due to Lemma [3] The rest of the proof follows the proof of Lemma [7} O

Proof of Lemma |8 Because x;_; is independent of j;_1, we can use the BMSE property

E(V f(k-1) — Vi1, 2, — *)

D B[V f(@r1) = Vieots 2h — Tht) + (VF(@h1) — o1 Vi, @ot — )]
C%)]E[§||Vf(xk,1) Vi l” + & llzn — zpoal” + (VF(zp-1) — Exm1 Vo1, zx-1 — 2]
@E[%HVJE(QCH) Vit + &llze — ze1]® + (1 — p)(Vf(zh—2) — %kfzywkfl—l‘*)].

We can pass the conditional expectation Ex_; into the second inner-product in @ because x_; is independent
of jx—1. Inequality @ is Young’s, and @ uses the definition of a recursively biased gradient estimator.
This is a recursive inequality, and expanding the recursion gives

E(Vf(zp_1) — Vi1, @) — x*)

k—1

< Y =pn) T TE[SIVA@e) = Vel + gelleers = well® + (1= pp)(V S (2vs) = Vus, 2vssr — )]
l=vs+1

D k—1

= > (=) TE[EIV(@) = Vel + = llwess — 2]

l=vs+1

Equality @ is due to the fact that 6,,5 = Vf(x,s). Taking the absolute value and summing this from
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k=vs+ltok=v(s+1)—1,
v(s+1)—1
Z [E(V f(xx-1) — Vi1, 21 — 27)]
k=vs+1
v(s+1)—1 k-1
S Z Z 1 - k . 1 [ ||Vf($g) vl” + ||J3z+1 — .%‘g“ ]
k=vs+1 fl=vs+1
[eS] v(s+1)—1

<min{n, Y1 =pe)'} D E[5IVF (@) — Vul®+ & llowss - )]
£=0 k=vs+1
v(s+1)—1
<min{u, b S E[5IV @) - Vall® + & llewss - ],
k=vs+1
Summing this inequality from s = 0 to s = S completes the proof. |

Proof of Theorem |1 . 10| (Convex Case) To begin, we sum the inequality of Lemma [21| and the inequality
of Lemmascaled by 6 > 0 with z =z 1, x =z}, and d = Vk

NEx[F(zk41) — F(27) + 0(F(z41) — F(x1))]
< —3EBilllzesr — 2*11%] + ok — 2| + Ba ["(2155) Vi = V f(z)]|? (14)
+ (140G — Dz — al” + 01 — pB)(VF(@r-1) — Vo1, z — ).

Applying the full expectation operator, setting p = 0, and summing from k =0 to k =T — 1 where T = mS
for some S € N, we have

N E[F(zki1) — F(z")] + ndE[F (21) — F(xo)]

—3E[|lzr — 2" %] + w0 — 2" + ZE[”‘;TK‘”IIW = V(@)

+ (1 +0) (G — Dyflagsr — al® + (1 — pp)(VF (@r-1) — Vi1, 26 — ¥ |.

We use Lemma [8] to bound the inner-product bias term.

N> E[F(zii1) = F(a")] + ndE[F (e1) — F(x0)]

T—
S —%E[”SCT _ iE*”Q] ‘xO —r H Z |: 7](21;-)\5) + Ban(1— PB)e)Hvk _ vf(mk)Hz
k=0

L)\ 1 B 1 2
(14 6)(2EGED o B2 Dyl — o).

To bound the MSE, we use Lemma [20| with o5 = 1. This leaves
T—-1

1Y E[F(zis1) — F(z")] + ndE[F(wr) — F(0)]

k=0 (15)

T-1
—1E[ler — 2] + §llzo — &** + w D Ell|zasr — o),
k=0
where w = "L()‘+;)(1+5) + an(zlng) + enLg\Hé) + BonL?(1 — pp)e® — 2. To minimize the coefficient of
the final term, we set A = /20 and e = (2L?0)~1/2. This coefficient is then equal to

V2OIL(1 +6) + G 4 V(1 — pp)nLBaVE - 52,
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which is non-positive when n <

1 . . . s
. Th that the final t 15 -posit
Q@L(lJr(l_ff;Bz Tz 1S ensures tha € IInal term 1n 1S non-positive,

so we can drop it from the inequality along with the term —1/2E||z7 — 2*||?. This leaves
T-1
Y ElF(ar41) = F(a")] < g5llzo — || + SnE[F (z0) — F(ar)].
k=0

By the convexity of F and the fact that —F(z7) < —F(a*)

T-1
E[F(zr) — F(e*)] < 7 ) E[F(2rr1) — F(2")] < giplleo — 2| + F(F(z0) — F(z¥)).
k=0

S

Choosing 6 = max{(1 — pp)Bs — 1,0} approximately minimizes the right side of this inequality, completing
the proof. ]

Proof of Theorem (Strongly Convex Case) We begin with inequality , but without setting
n=0.
N+ O)E[F(wrs1) — F(a*)] + 2B, s — 2

< 03(F(@x) = F(@") + Slox — 2" I + Ex | 2521190 = V(@)
(148G — Dl = @l + (1 = pu)(Vf@nr) = Vior,a - 7).

Applying the full expectation operator, multiplying by (1 + un)*, and summing over the epoch k = ms to
k=m(s+1) —1 for some s € Ny, we have

m(s+1)—1
. m(s+1) .
n(1+8) > (4 m) 'ElF(zs1) — Fa*)] + S0 B o 1) — 27]]
k=ms
m(s+1)—1
<nd > (L4 pn)E[F(zx) — F(2")] + SR | — 277

k=ms
m(s+1)—1
+ Y (1+m)’“E["‘;TK‘”Hvk—Vf<mk>||2+<1+6><w—%)kaﬂ—mﬁ

k=ms

(1= pa) (Vf (or-1) = Via,an - )]

We would like to bound the inner-product bias term using Lemma [8] and we can do this after some manip-
ulation. Because n < ﬁw we have (1 + un)* < 3(1 + un)™*). Using the same estimate as in equation ,
we can say

m(s+1)—1 _
Y (L) B[V (@r-1) = Vi1, @0 —2*)]
k=ms
m(s+1)—1 _
<3(L+pn)™ Y [E[Vf(zr1) = Vier, 2k — 29,
k=ms

We can also choose 0 so that 1+ 6 > (1 + un)d. These simplifications lead to the inequality

1+ pn)"CTVEN(F (@m(s+1) — F(@) + §1@msy — 27|
< on(1+ pn) " E[F (wms) — F(z")] + SRy, — 27
m(s+1)—1

+(1+m7)m5< > E[ZER Tk - V@)l + (14 )G — Doy - a?]

k=ms

+30(1 — pB)[E(Vf(zk-1) — Vi1, 2% — 37*)) :
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Summing this inequality from s =0to s=5—1,

(1 + un) " E5n(F (@ms) — F(2")) + 3llzms — «*|%]
< n(F (o) = F(a")) + llzo — 2*||*

S—1 m(s+1)—1
+Z(1+un)ms< > E[EEL Tk - V@) + (14 (LG - Dy - a?]
s=0 k=ms

+30(1 = pB) [E(V f (1) — Vi1, 2% — 1’*>> -

We use Lemma 20| with o5 = (1 4 un)™* to bound the MSE and Lemma [§ to bound the inner-product bias
term.
(1 + un) " Eln(F(2ms) = F(2*)) + 3llzms — 2*|1%]
S—1m(s+1)—1 (16)
<on(F(wo) = F(@)) + 3llwo — ™| +wd > (14 pn)™ Ellzesr — 2%,

s=0 k=ms

where w = S"L()‘H)(Hé) 4 3Ban(l- £5) 367’L(1+5) +3BonL?(1 — pp)e® — 2. To minimize the coefficient

of the final term, we set A = v/2 @ and € = (2L2®) 1/2 This coefficient is then equal to
3V20nL(1 + 6) + MELH 4 3v2(1 — pp)nLByVE — L.

With

n < &—p yBo
6vV20L(1+—E=2)+L

this term is non-positive. Setting § = max{(1 — pg)B2 — 1,0}, we are assured that

s 3L(1+14\/%) = 6\/%L(1+&’{)%)+L’
so the final term in is non-positive, and we can drop it from the inequality. The resulting inequality is
(1+ pn) "E[on(F(zr) — F(z*) + 3llor — 2"|°] < on(F(w0) = F(z")) + ]z — 2"||*.
All that remains is to show that our choice for ¢ satisfies (14 6) > (1 + un)d. Using the fact that

1
RS (1—pB)Bap’

we can say

ﬁ"l = (1—pB)B2 >5

This ensures that (1 4+ §) > (1 4+ un)d and concludes the proof. [ |

C Proof of Theorem [11]

Theorem [11] follows immediately from inequality @ and the MSE bound of Lemma
Proof of Theorem [11]
Summing inequality @ from k=0 to k=T — 1 and applying the full expectation operator, we obtain

T—-1
0 < ~E[F(ar)] + F(x0) + (L = 35) D Elllans1 — al]
k=0
-1 T—1
+ (5= 2)) Ellers —zell’] +20 Y B[V F (@) — Vall).
k=0 k=0
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We bound the MSE using Lemma [20] with o, = 1.
T-1
0 < ~E[F(ar)] + F(wo) + (L = 5;) D Elldns — anl* + (5 +400L" — ZE\|$k+1 —axl”.
k=0

With n < ¥ 1??;@ L the final term is non-positive, so we can drop it from the inequality. Using the fact

that —F(xr) < —F ( *), our inequality simplifies to

T—1
Elll#5+1 — 24l < Flao) — F(a*).
k=0

Writing the left side in terms of the generalized gradient, we have the bound

ZE[HQW‘Z z)f) < GO,

With z, chosen uniformly at random from the set {xk}fgol, this is equivalent to

EGya(wa) 7] < 22— R,

This completes the proof. |

D Proofs of convergence rates for B-SAGA and B-SVRG

The following lemma establishes an MSE bound on the B-SAGA and B-SVRG gradient estimators. For the
unbiased case § = 1, this result was essentially first proved in [I3], but the authors ultimately use a looser
variance bound.

Lemma 22 The MSE’s of the B-SAGA and B-SVRG gradient estimators satisfy
BV~ VA@IE] < 25 ST IV ilan) - VAR + (- DIVA) — 2 0 VAR (17)
=1
Proof. Let %k = ﬁﬁ'SAGA or %E‘SVRG. The proof amounts to computing the expectation of the estimator

and applying the Lipschitz continuity of V f;.

ElllVe = VF(@e) 7] = Ball 3 (Vi (@0) = Vi (614)) = VF(x) - & Z? L Vil %0@“21
= LBV (0) — VA P+ IV 5 w) — 2 300, Vil

= 2BV fiu (@0) = V5 (01, V ) Zz 1 VSilek))
= 2 D IVAG@) = VA + 1= DIV - 2 30, VA,
i=1

which is the desired result. O

The following two lemmas establish the constants in the BMSE property for the B-SAGA and B-SVRG
estimators.
Proof of Lemma We begin with the inequality of Lemma 22 and consider two cases.
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Case 1. Suppose 0 € [1,2]. In this case the second term in is non-positive, so we drop it from the
inequality. For the remaining term, we use the following bound.

LN TEIV i) — Vi) ]

@ - -~ .
< 2N CR[|V fi(we) = Vi) ]+ 20+ ) ZE[nwi(xkfl) — Vfilen)lI?]

- (18)
D va2n S B[V fi @) - Vhilaro )P+ L0+ )0 ZEHW w-1) = VAilgh)I]

5 |

2 12 S BV (o) - Vhilweon)|P) + 2 ZEHW (e-1) = Vfilh-) )

i=1

Inequality @ is the standard inequality [la —c[|* < (1+8)[la—b[]* + (1 +07")[[b—¢[|* (where we let § = 5.

2n
Inequality @ follows from the definition of ¢}, and computing the expectation over j,_1, and @ uses the fact

that (1+ 5-)(1— 1) < (1— 5). Altogether, this gives
B[V = V(o))

gﬁ%E:EMVﬁ@m%—VﬂW@m
< %IZE[HW @) = Viles-)|*] + ZE[IIVﬁ @i-1) = Vilph-1)|.

With M, = 2 ZZ 1E[||sz( ) V
property with M1 2 ov = 55, Mo

fi(@8)1?], it is clear that the SAGA estimator satisfies the BMSE
=0,pr=1,and m = 1.

Case 2. Suppose 0 > 2, so that the second term in is non-negative. Jensen’s inequality gives

n

Exl|Vi = V(@) ? < 21— 52 Vi) — Vilei)]*

i=1

Following the argument of Case 1, it is easy to see that the B-SAGA gradient estimator satisfies the BMSE
property with My, = (1 — )23, [V fi(zx) = Vil@p)II?, My = 2n+1)(1 = §)% pu = 55, M2 = 0,
pr =1,and m = 1.

To prove that the B-SAGA estimator is memory-biased, we must only compute its expectation.

V(@) — Ex [V = V(@) = FERV £, (20) = fil@l)] = 2 VFileh)

== H)(VH) - iznjwi(soz)).

To compute a value for By, we follow to obtain

n

L Eller - ekl < @n+ Dllzx — 2o+ 20— £) ) Elllex-1 — i ]

i=1

k
@n+1)> (1= £ e =z .
=1
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Summing this inequality from & =0 to k =T — 1, we obtain

T—1 n T—1 k
CY S Elllee - wklf < @)Y “lae = e
k=0 i=1 k=0 £=1
T—-1
o0 ¢
<@+ 1), (1= 2)) Y ks — al?
k=0
T—1
=2n(2n+1) Z |zk+1 — l’kHQa
k=0
which completes the proof. |

Proof of Lemma Suppose k € {ms,ms + 1,---m(s + 1) — 1} for some s € Ny. As in the proof of
Lemma [T2] we begin with the inequality of Lemma [22] and consider two cases.

Case 1. Suppose 6 € [1,2], so that we may drop the second term in (17). We can bound the remaining
term as follows.

n n

@
sz ) IV filer) = VEileo)I* < 38 Y IV filae) = Vi(er-)* + TGQ”ZHW @r-1) = Vil

i=1 i=1

)
< 1+m Z 1+ k ZZ”VfZ ZL‘[+1 VfZ(IZ)HQ

L=ms

Inequality @ uses the inequality ||u — w]||? < (1 + 1/m)||u —v||? + (1 +m)||v — wl||?, and @ follows from the
fact that z,,s = ¢s. Summing this inequality from k& = ms to k = m(s+ 1) — 1 gives us

m(s+1)—1 n m(5+1) 1k
Yo DIV - VeI < B > > an zep1) = V filwo)|®
k=ms =1 k=ms {=ms i=1
m(s+1) 1 n
<MD+ 3 SV - Vil
k=ms i=1
3m(m +1) R 5
< TEET= Y Vi) = Vi)
k=ms

The final inequality uses the fact that (14 -1)™ < limp, ,o0(1+ =)™ = e < 3. From this inequality, it is clear
that the B-SVRG gradient estimator satisfies the BMSE property with M; = w, pm =1, My =0,

and pp = 1.
Case 2. If § > 2, then applying Jensen’s inequality to produces

Ei[| VRSV = V()P < £ (1 - 5)° Z IV fi(wr) = Vi(os)|.

A similar argument to the one in Case 1 shows that M; = 3m(m+1)(1 — %)2, pym =1, My =0, and pp =1.
All that is left is to prove the stated value for B;. Following the proof in Case 1,

m(s+1)—1 m(s+1)—1 m(s+1)—1
Sl el > Z (T4m)(1+ D) lepr — 2el” <3mlm+1) Y [lzwss — all
k=ms k=ms {f=ms k=ms
Summing over the epochs s =0 to s = S shows B; = 3m(m + 1). ]

Combining Lemmas [12] and [13] with Theorems [0] and [I1] proves convergence rates for B-SAGA and B-
SVRG.
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E Proof of convergence rates for SARAH

Lemma [16]| establishes the BMSE constants for the SARAH estimator. The convergence rates of Corollary
then follow immediately from Theorem

Proof of Lemma Let k€ {ms+1,ms+2,--- ;m(s+1)—1}. The claim follows immediately from the
well-known bound on the MSE of the SARAH gradient estimator

k n
[V — Vi) 2 < 2 S0 ST IV ee) - Ve %

l=ms i=1

We refer to [15], for example, for a proof of this inequality. Summing over an epoch and applying the estimate

m(s+1)— m(s+1)—1 n
1
L S S V) - V@ < S STV ) — VAP
k=ms [{f=msi=1 k=ms =1
complete the proof. [ ]

F Proof of convergence rates for SARGE

For our analysis, we write the SARGE gradient estimator in terms of the SAGA estimator. Define the
estimator

= ¢.saca def -
Vit LV (k1) = Vi %Z

where the variables {¢}}7 ; follow the update rules §k+1 = xp—1 and f;i+1 = ¢! for all i # ji. The SARGE
estimator is equal to _ _ _ _
vs};ARGE — VZAGA _ (1 _ %)(vi-SAGA _ VZARGE).

Before we prove Lemma we require a bound on the MSE of the &-SAGA gradient estimator that follows
immediately from Lemma [22]

Lemma 23 The MSE of the (-SAGA gradient estimator satisfies the following bound:

N

—1

E[|[VE5" = V() P] <3 (1= 5)" 1 D ElIVilwe) = V iz

1 i=1

~
I

Proof. Following the proof of Lemma [22]
Ex[|VE*49 — Y f(aro1)|?] = BullV fj, (@r1) — Vi (60) = Vi@no) + 2 30 VAED]

®1Z|sz (21-1) = VAEDI? = [V f(aner) = 2 S0 V(DI

i=1

< =3 IV filmn) - VAEDIR
i=1
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Equality @ is the standard variance decomposition. To continue, we follow the proof of Lemma

E[IVi™ = Vi (@r-1)]]

IN

INCEVfilaro1) - V(ED))

A

< LN RV fi(ae) = Vilae2) 171+ 200+ ) Y BV Filmr—2) — VEED]]

=1

D 120 S RV £ we1) - Voo + 21+ £)(1— 1) ZEmvmk_z) — Vi)

i=1

B < .
<3) E[IVfi(we-) = Vilwr—2)l’] + ZE[HW wr-2) = V(& )]

=1 =1
k—1 n

<3 (1= ) RV @) - Vi(we)|).
=1 =1

. . . . 1 1 1
Equality @ follows from computing expectations, and @ uses the estimate (1 — 2)(1 +5-) < (1 —5-). O

Due to the recursive nature of the SARGE gradient estimator, its MSE depends on the difference between
the current estimate and the estimate from the previous iteration. The next lemma provides a bound on
H%zARGE _ %EAPXGEHQ.

Lemma 24 The SARGE gradient estimator satisfies the following bound:

E[J| VAR — VRACR|P] < 12 ZE[HW ax) = Vfilwe-1)|’] + 522 EIV f (ze-1) = VEROP)®

k n
+25Y (1= )Y BV = Vi)
=1 i=1

Proof. To begin, we use the standard inequality ||a — ¢||> < (1+6)||a —b||> + (1 +351)||b — ¢||? for any 6 > 0
=./3/2 — 1 L
twice. For simplicity, we set 6 = 1/3/2 — 1 and use the fact that 1 4+ Jaa < 6 for both applications of

this inequality.
E[HeiARGE ARGEH}
= B[V — (1 - 1)(TFn - T - Ty

< GE[”%zAGA _ 6%SAGA”2] + TE-SAGA viil}GEHQ}

(19)

< G]E[”%zAGA _ %i»SAGAHZ] + 63
\%\/32 < % to simplify the coefficient of the second term. We now bound the first two of these three
terms separately. Consider the first term.

6E[”%2AGA _ %&-SAGAHQ]
= 6E[|IV fi,. (1) = Vir (00) + £ D0 VEilok) = Vi (@no1) = VI (EF) = 2 D00 VAEDI]
S 12E[IV i, (zx) = V s, (ﬂﬂk—l)\l ]
+12E(|V S5, (03) = Vi (€)= 2 D0 Vileh) + 2 Y0 VEIP]
@
= 12E[[|V f5, (zk) = V £y (mk,l)\ﬂ
+ 12E[[V 5, (o) = VEHEIP] = 12B(I1% D27, Viilew) = & Do, VAEDI]

= Vf(@r-1)?] + = El|V f (k1) — VEROR)°].

We use

IN

2 NVEV i) — Vilano) 2]+ 12B]V F, (01) — V£, (60)]1)

IN

LN EIVfilwn) = Vilze-)IIP] + 12E[V £, (93F) = V3, (€2)I°).
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Equality @ is the standard variance decomposition, which states that for any random variable X, E[|| X —
EX||?] = E[||X||?] — ||[E[X]||>. The second term can be reduced further by computing the expectation. The
probability that V f;, (¢7") = Vfj,_,(xk_1) is equal to the probability that ji = ji_1, which is 1/n. The
probability that ijk(api’“) = Vfj._,(xr—2) is equal to the probability that ji # jr—1 and ji = jr—2, which
is (1 —1). Continuing in this way,

E[IV fi,. (23) = V£ (€15)117]
= 2BV fi (@n-1) = Vi (@) IP] + £ (L= DEIV fi s (zh-2) = Vi (@2)|*] + -

k—1
Z VLIV £, () = Vi (e-1)|]

3\'—‘

This implies that

k

(1= 2" IV fi(we) = VHilwe)|]

i=1

12E[||V £, (03F) — V 5, (€9)]1%] < 13

)

< BN -5 BV - Viilze )]

=

S |=
NS
— _

We include the second inequality to simplify later arguments. This completes our bound for the first term

of .

For the second term of (19)), we recall Lemma

E

—1

E[|[VE™* = V(o) P] <3 (1= 50)" 1 D ElIVilwe) = V iz

1 i=1

~
Il

Combining all of these bounds, we obtain

E[H%iARGE _ VSARGE < 12 Z]E |sz l’k) vfi(mk—l)‘|2] + %E[HV}C(I/&?Q _ %2@1}(}13”2]
i=1

k—1

4 L yE=t= 1ZEHVﬁ z0) = Vii(ze—1)|?],

=1 i=1

:m‘ @

which completes the proof. O

Lemma allows us to take advantage of the recursive structure of our gradient estimate. With this
lemma established, we can prove a bound on the MSE.

Lemma 25 The SARGE gradient estimator satisfies the following recursive bound:

E[IVE" = V@)l < (1 4 + )BT - Vo)) + 2 ZE 194 @1) = ¥ filar-)IP)
k—1 n
£ 2_(1= )" Y _ElIVAilan) - Vii(ze-) )
=1 i=1

Proof. The beginning of our proof is similar to the proof of the variance bound for the SARAH gradient
estimator in [24, Lem. 2].
Ex[|[VRAO® = Vf (@) = Bell| VIAT®® — Vi (zh-1) + Vi (zh-1) — V. (zk) + VAP — VM7
= DR — V(I + IV f(eeo) = V@RI + E[[F30% — T2810% )
+2(Vf(zr-1) — VzARGE V(@) = Vf(zr-1))
(VS (zrr) — TSARCE [, [TARGE _ AR,
— 2V f(wx) — VS (wr-1), B [VEAO® — VIR,
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We consider each inner product separately. The first inner product is equal to
2V f(wr-1) — VRAI®, Vi (2x) = Vf (@r-1))
=~V (@) = VSRR I® — [V (@x) = Vf (@m0 P + 1V £ (@) = VE2SOF|P2.
For the next two inner products, we use the fact that
E, [TSARCE _ $SARGE) _ |, [%iAGA - %)%i-SAGA +(1— %)%iﬁ@] TeancE
= Vf(wx) = (1= 1)V f(wr1) — 2V
= Vf(2k) = Vf(@e-1) + 2(VF(@ro1) — VRAE®).
With this equality established, we see that the second inner product is equal to
= 2V f(wr-1) = VMR ER[VEMOR - VAT
= —2Vf(wr-1) — VtE®, V(@) = VF(@r-1)) = 2(Vf(wr-1) — VIREC®, Vf(w-1) — VIRESP)
= |V f(@r1) = VERTEP? + [V f (k) = V()]
— V£ (@x) = VEESZ|® = 211V F (k) = VERF))®
= (1= 2)|Vf(ze1) = ViSSP + IV F(2x) = V(@) = [V F(@e) — VERTOP|2.
The third inner product can be bounded using a similar procedure.
= 2V f(wr) = VF(zn-1), Ex[VRA = VIR
= —2Vf(w) = VF(zr-1), Vi@r) = V(@r-1)) = 2(V (@) = VF(zr-1), Vfme) — VIAIP)
=2V (@) = VF@r-1)|* + 2IVF(z) = V(@) + 2V f(@r-1) — VAT
—(2 = HIVF(@r) = Vi@r-1)|* + IV f@r-1) = VAT,
where the inequality is Young’s. Altogether and after applying the full expectation operator, we have
E[[| VA" — V() ?] < (1= DE[|VEAES® = Vi (z-1)|I7)
— (1= HE[IVF(zr) = V(ze-) ] + B[ VA - VEATER)?]
< (1= DE[|VIASS® = Vf(ze-1)|P) + E[|VEAT® — VA7),
Finally, we bound the last term on the right using Lemma [24]

B[V — V(@) * < (1= 2 + Z0)E[| VA — V()] 122E\|sz<xk> Vfi(wr-1)]%]

k— n
+ 3 Z — 2SRV i) — Vfieen)]?)

and complete the proof. O

Proof of Lemma It is easy to see that pp = 1/n by computing the expectation of the SARGE gradient
estimator. ~ _ _
Vf(zx) — E [VZARGE] = V (k) — Ek[VSAGA —1- l)(vi-SAGA VSARGE)]
= (1 - 2)(Vf(wr-) — VRIS

The result of Lemma, [25| . makes it clear that M; = 12. To determine pj;, we must first choose a suitable
sequence My. Let My, = E[||[V5ARer — Vf(xk)H ] If n =1, then My, = 0 for all k, so it holds trivially that
M < (1 —ppy)Mg—1. If n > 2 then 1 — = + 2n2 <1- ﬁ, SO Lemmaensures that with pp; = 4%,
My < (1= pa)Mp—1.

Finally, we must compute M, and pp with respect to some sequence Fj. Lemma [25] motivates the choice

k—1 n
Fie = (1= 3" E[[Vfilwe) = Vilze) ),
=1 i=1
and the choices My = and PR = i are clear. |
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