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Abstract

In this paper, we propose a novel accelerated gradient method called ANITA for solving the fun-
damental finite-sum optimization problems. Concretely, we consider both general convex and
strongly convex settings: i) For general convex finite-sum problems, ANITA improves previous
state-of-the-art result given by Varag [17]. In particular, for large-scale problems or the target
error is not very small, i.e., n > 6%, ANITA obtains the first optimal result O(n), matching the
lower bound ©(n) provided by Woodworth and Srebro [46], while previous results are O(nlog 1)
of Varag [17] and O(%) of Katyusha [1]. ii) For strongly convex finite-sum problems, we also

show that ANITA can achieve the optimal convergence rate O ((n + %) log 1) matching the

lower bound Q((n + %) log 1) provided by Lan and Zhou [15]. Besides, ANITA enjoys a sim-

pler loopless algorithmic structure unlike previous accelerated algorithms such as Varag [17] and
Katyusha [1] where they use an inconvenient double-loop structure. Moreover, we provide a new
dynamic multi-stage convergence analysis, which is the key technical part for improving previous
results to the optimal rates. Finally, the numerical experiments show that ANITA converges faster
than the previous state-of-the-art Varag [17], validating our theoretical results and confirming the
practical superiority of ANITA. We believe that our new theoretical rates and convergence analy-
sis for this fundamental finite-sum problem will directly lead to key improvements for many other
related problems, such as distributed/federated/decentralized optimization problems. For instance,
Li and Richtérik [26] obtain the first compressed and accelerated result, substantially improving
previous state-of-the-art results, by applying ANITA to the distributed optimization problems with
compressed communication.

1. Introduction

In this paper, we consider the fundamental finite-sum problems of the form

: 1
min f(x) = n;fz(x% (1
where f : R? — R is a smooth and convex function. We consider two settings in this paper, i)
general convex setting (4 = 0); ii) strongly convex setting (1 > 0), where p is the strongly convex
parameter for f(z), i.e., f(z) — f(y) — (Vf(y),z — y) > &|lz — y||*. Note that the case 1 = 0
reduces to the standard convexity. Also note that the strong convexity is only corresponding to the
average function f, is not needed for these component functions f;s.

Finite-sum problem (1) captures the standard empirical risk minimization (ERM) problems in
machine learning [42]. There are n data samples and f; denotes the loss associated with ¢-th data
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sample, and the goal is to minimize the loss over all data samples. This optimization problem has
found a wide range of applications in machine learning, statistical inference, and image processing.
In recent years, there has been extensive research in designing gradient-type methods for solving
this problem (1). To measure the efficiency of algorithms for solving (1), it is standard to bound the
number of stochastic gradient computations for finding a suitable solution. In particular, our goal
is to find a point 7 € R? such that E[f(Z) — f(2*)] < ¢, where the expectation is with respect
to the randomness inherent in the algorithm. We use the term e-approximate solution to refer to
such a point Z, and use the term stochastic gradient complexity to describe the convergence result
(convergence rate) of algorithms.

Two of the most classical gradient-type algorithms are gradient descent (GD) and stochastic
gradient descent (SGD) (e.g., 7, 10, 11, 14, 33, 34, 36). However, GD requires to compute the
full gradient over all n data samples for each iteration (2411 = z; — 17% oy Vfi(xe)) which
is inefficient especially for large-scale machine learning problems where n is very large. Al-
though SGD only needs to compute a single stochastic gradient (e.g., V f;(x)) for each iteration
(xt41 = x¢ — nV fi(z)), it requires an additional bounded variance assumption for the stochastic
gradients (i.e.,30 > 0, E;[||V fi(z) — Vf(2)||?] < 02) since it does not compute the full gradients
(Vf(z),ie., % Yoy Vfi(x)). More importantly, for strongly convex problems, SGD only obtains
a sublinear convergence rate O(Z—i) rather than a linear rate O(-log ) achieved by GD.

To remedy the variance term E[||V fi(x) — V f(z)||?] in SGD, the variance reduction technique
has been proposed and it has been widely-used in a lot of algorithms in recent years. In particular,
Le Roux et al. [18] (later version [41]) propose the first variance-reduced algorithm called SAG and
show that by incorporating new gradient estimators into SGD one can possibly achieve the linear
convergence rate for strongly convex problems. Then this variance reduction direction is followed
by many works such as [6, 12, 31, 32, 37, 43]. Particularly, SAG [18] uses a biased gradient esti-
mator while SAGA [6] modifies it to an unbiased estimator and provides better convergence results.
Johnson and Zhang [12] propose a novel unbiased stochastic variance reduced gradient (SVRG)
method which directly incorporates the full gradient term V f(z) into SGD. More specifically, each
epoch of SVRG starts with the computation of the full gradient V f(Z) at a snapshot point & € R™
and then runs SGD for a fixed number of steps using the modified stochastic gradient estimator

Vi = Vii(a) — Vi) + V() )

1., Typ1 = x4 — n%t, where 7 is randomly picked from {1,2,...,n}. In particular, if each full gra-
dient V f(Z) (which requires n stochastic gradient computations) at the snapshot point Z is reused
for n iterations (i.e., Z is changed after every n iterations), then the amortized stochastic gradient
computations for each iteration is the same as SGD. Note that E[V,] = Vf(z;) is an unbiased
estimator, and its variance E[||V; — V f(z)||2] < 4L (f(ze) = f(z*)+ f(Z) — f(2*)) is reduced as
the algorithm converges x;, £ — x*, while the variance term is uncontrollable for plain SGD where
6,5 = Vfi(x¢). Johnson and Zhang [12] also show that SVRG obtains the linear convergence
O((n + %) log 1) which can be better than the sublinear convergence rate O(Z—i) of plain SGD,
for strongly convex problems. The SVRG gradient estimator (2) is adopted in many algorithms
(e.g.,2,4,9, 13,19, 20, 23, 25, 39, 40, 47, 48) and also is used in our ANITA.

The aforementioned variance-reduced methods are not accelerated and hence they do not achieve
the optimal convergence rates for convex finite-sum problem (1). See the non-accelerated variance-
reduced algorithms listed in the first part of Table 1, i.e., SAG, SVRG, SAGA and SVRG**, they do
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not achieve the accelerated rates, i.e., % Vs. \/% (strongly convex case) and % Vvs. \/g (general con-

vex case). Note that we do not list the SCSG [19] and SARAH [37] in Table 1 since SCSG requires
an additional bounded variance assumption (without this assumption, its result is the same as SVRG
and SAGA) and SARAH uses E[||V £(Z)||?] < e as the convergence criterion which can not be di-
rectly converted to E[f(Z) — f(z*)] < e. SARAH is usually used for solving nonconvex problems
where the convergence criterion is typically the norm of gradient (e.g., 8, 21, 22, 27, 29, 38, 45).
Also both SCSG and SARAH are non-accelerated methods and thus do not achieve the optimal
convergence results. Therefore, much recent research effort has been devoted to the design of accel-
erated gradient methods (e.g., 1, 3, 14, 16, 17, 24, 28, 30, 36, 44). As can be seen from Table 1, for
strongly convex finite-sum problems, existing accelerated methods such as RPDG [15], Katyusha

[1], Varag [17] and our ANITA are optimal since their convergence results are O ( (n + %) log %)

matching the lower bound Q((n + 4/ %) log %) given by Lan and Zhou [15].

However, for general (non-strongly) convex finite-sum problems, all previous accelerated meth-
ods do not achieve the optimal convergence result. In particular, Varag [17] obtains the current
best result O(n min{log %, logn} + 4/ %), while the lower bound in this general convex case is
Q (n + %) provided by Woodworth and Srebro [46]. More importantly, for large-scale problems
where the number of data samples n is very large, or the target error € is not very small, then the
convergence result of Varag is O(n log 1) which is not optimal since the lower bound is €2(n) (see
Table 2). Note that the case of large-scale problems or the case of moderate target error often exists
in machine learning applications. We show that our ANITA takes an important step towards the

ultimate limit of accelerated methods and it is the first algorithm to achieve the optimal convergence
rate O(n) in this case matching the lower bound 2(n). See Table 1 and Table 2 for more details.

2. Our Contributions

In this paper, we propose a novel simple accelerated variance-reduced gradient method, called
ANITA (Algorithm 1), for solving both general convex and strongly convex finite-sum problems
given in the form of (1). Table 1 and Table 2 summarize the convergence results of ANITA and
previous algorithms. The proposed ANITA takes an important step towards the ultimate limit of
accelerated methods and can achieve the optimal convergence rates.

As we mentioned before (see the last paragraph of Section 1), although accelerated methods
have been widely studied in the optimization and machine learning literature, the limit of accelerated
methods is still not be achieved for general convex finite-sum problems. Especially for the case of
large-scale finite-sum problems or moderate target error, they do not achieve the optimal result
O(n). Motivated by this, in this paper we mainly focus on further improving the convergence result
in order to close the gap between the upper bound and lower bound. Now, we highlight the following
results achieved by ANITA:

e For general convex problems, ANITA obtains the rate O (nmin {1 + log ﬁ, log v/n} +

W, %) for finding an e-approximate solution of problem (1), which improves previous best result

O(n min{log %, logn}+ %) given by Varag [17] (see the ‘general convex’ column of Table 1).
] U [-%, +00), or the number of data

Moreover, for a very wide range of ¢, i.e., € € (0 T

_ L
’ nlog? /n
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Table 1: Convergence rates for finding an e-approximate solution E[f(Z) — f(z*)] < e of (1)

. Loopless
Algorithms p-strongly convex General convex (Simple)
imple
GD O (%log%) O (%) Yes
Nesterov’s accelerated GD T 1 L
[35. 36] o (n\/:log E) O (n 6) Yes
SAG [18] O((n—i—nﬂn—ij) log %) — Yes
SVRG [12] O((n+L)10g?l) — No
SAGA [6] O((n+L)0g?t) o (=£) Yes
SVRG* [4] — o) <n log 1 + £> No
RPDG [15] O ((n+/2E)10g 1) o) ((n+ LY jog %) ! Yes
Catalyst [30] O ((n+/2E)log1) ! ) <(n + /L) log? %) | No
Katyusha [1] O((nJr,/%)log %) o (nlog%Jr %) 1 No
Katyusha™ [1] — O (% + %) No
Varag [17] O((n+ %)log %) O(nmin{log%, logn}+\/%> No
) O((n-‘,— nuL)log%) O(nmin{l—i—logﬁ7 log\/ﬁ}—&-\/%) Yes
ANITA (this paper)
O((n+ %)log%) O(n+@/%)2 Yes
QO nL) e L Q ( /ﬂ)
Lower bound ((n Vo ) 8 6) s € —
[15] [46]

! These gradient complexity bounds are obtained via indirect approaches, i.e., by adding strongly convex perturbation.
2 ANITA can achieve this optimal result for a very wide range of ¢, i.e., € € (0, m] U [ﬁ, +00) or the number

of data samples n. € (0, M} u [6%, —+00) (see Table 2 for more details). Note that the term min{log %, logn}

in Varag [17] cannot be removed regardless of the value of € or n. Thus ANITA is the first accelerated algorithm that
can exactly achieve the optimal convergence result.

Table 2: Direct accelerated stochastic algorithms for general convex setting wrt. €

The target error (E[f(Z) — f(z*)] < €): large e — small €
Algorithms (or the number of data samples: large n — small n)
1 1 1 1 L L
<z vm VT2 n 2 €2 Wit 7w nlos? /i €
rn>%) | rk>n>d) | r>n> o hon) | (o qpbos >n)
ns n n n_ n_ nL
Katyusha™ [1] O(ﬁ) O(ﬁ) O(\ﬁ) O(\/g—i- - )
Varag [17] O (nlog %) O (nlog %) O (nlogn) O(nlogn—f— %)
ANITA (this paper) O (n) O(n(l + log ﬁ)) O (nlogy/n) o <‘ /%)
Lower bound [46] Q(n) Q(n) Q(n, /i) Q (1 /%)

Remark: ANITA achieves the optimal result O(n) for large-scale problems (large n) or moderate target error (not too small €).
It should be pointed out that all parameter settings of ANITA (i.e., {p+ }, {0+ }, {m¢}, and {a } in Algorithm 1) do not require
the value of € in advance. The convergence rate of ANITA will automatically switch to different results listed in Table 2.
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L
? elog? \/n
O(n + \/@) matching the lower bound Q(n +
(see Table 1 and its Footnote 2).

e In particular, we would like to point out that none of previous algorithms with/without accel-
eration can obtain the optimal result O(n) for finite-sum problems (1) where the number of data
samples is very large or the target error is not very small, ANITA is the first algorithm that achieves
the optimal result O(n) for these typical machine learning problems (see the second column of
Table 2 and its Remark).

e We also note that ANITA is the first loopless direct accelerated stochastic algorithm for solving
general convex finite-sum problems, while previous accelerated stochastic algorithms use indirect
approaches (RPDG, Catalyst, Katyusha) and/or use inconvenient double-loop algorithmic structures
(Katyusha™, Varag) (see Table 1). Moreover, by exploiting the loopless structure of ANITA, we pro-
vide a new dynamic multi-stage convergence analysis which is the key technical part for improving
previous results to the optimal rates.

e For strongly convex finite-sum problems (i.e., under strong convexity Assumption 2), we also

samples n € (0 JuU [}2, +00), ANITA can exactly achieve the optimal convergence result

nl ) provided by Woodworth and Srebro [46]

€

prove that ANITA achieves the optimal convergence rate O ((n + 4/ %L) log %) matching the lower

bound Q((n + /™) log {) provided by Lan and Zhou [15] (see Table 1).

e Finally, the experiments show that ANITA converges faster than the previous state-of-the-art
Varag [17], validating our theoretical results and confirming the practical superiority of ANITA.

2.1. ANITA algorithm

In this section, we describe the simple novel ANITA method in Algorithm 1. Note that p is the
strongly convex parameter (see Assumption 2). We point out that Algorithm 1 can deal with both
general convex (¢ = 0) and strongly convex (11 > 0) problems.

In each iteration ¢, the stochastic gradient estimator V; of ANITA (Line 5 of Algorithm 1)
uses the gradient information of only one randomly sampled function f;. Note that for the last term
V f(wy), it reuses previous V f(wy—1 ) with probability 1 —p,_; or needs to compute the full gradient

Algorithm 1 ANITA

Input: initial point =g, parameters {p; }, {0:}, {n:}, {au}
I: wog =Tp =2y = X0
2: fort=20,1,2,...,T —1do
3: Ty = Orxy + (1 — Ht)wt

4. Randomly pick i € {1,2,...,n}
5. Ve=Vfi(z,) — Vii(w) + Vf(Nwt)
6:  Typ1 = ﬁw(:ﬂt + ) — Vi
7o T = O + (1 — 0wy
Zty1  with probability py
8: W1 = . .
Wy with probability 1 — p;
9: end for
Output: wr




ANITA: AN OPTIMAL LOOPLESS ACCELERATED VARIANCE-REDUCED GRADIENT METHOD

V f(z;) with probability p;_; (see Line 8). Thus we know that ANITA uses (n+2)p;—1+2(1—p;—1)
stochastic gradients in expectation for iteration ¢. In particular, if p, = %, then ANITA only uses
constant stochastic gradients for each iteration which maintains the same computational cost as
SGD. The snapshot point w; is updated in the last Line 8, it is a probabilistic step which is the key
part for removing double-loop structures to obtain a simple loopless algorithm, similar to [13, 29].

However, beyond the two interpolation steps (momentum) (see Line 3 and 7), we propose a new
dynamic multi-stage convergence analysis which uses a dynamic control of the probability {p;} in
Line 8, unlike directly fixing it to a constant p; = p as in [13, 29]. This is also the first time that a
loopless algorithm uses a dynamic control of {p; }. More importantly, our new convergence analysis
exploiting this dynamic multiple stages can lead to better convergence rates.

3. Convergence Results for ANITA

Here we state two Corollaries 1 and 2 (from Theorems 3 and 4) for solving finite-sum problems (1)
in the general convex and strongly convex settings, respectively. The main Theorems 3 and 4 and
all detailed proofs are deferred to the appendix.

Corollary 1 (General convex case) Suppose that Assumption 1 holds. Choose the parameters
{pt}, {0}, {m}, {au} as stated in Theorem 3. Then ANITA (Algorithm 1) can find an e-approximate
solution for problem (1) such that

Elf(wr) — f(z7)] < e

within T iterations, where

2n if e>0(%)
T< 24(n+3)L||zo—z*||? ’
n+ \/ — if e<O(2)

and the number of stochastic gradient computations can be bounded by

#gradzO(nmin{l—i—log v log\f} ”n6L>.

Remark: Note that all parameter settings {p:}, {6:}, {m:}, {a:} of ANITA in Corollary 1 (Theo-
rem 3) do not require the value of € in advance. The convergence rate of ANITA will automatically
switch to different results as stated in Table 2.

Corollary 2 (Strongly convex case) Suppose that Assumptions I and 2 hold. Choose the param-
eters {pi}, {0:}, {m}, {au} as stated in Theorem 4. Then ANITA (Algorithm 1) can find an e-
approximate solution for problem (1) such that E[f (wr) — f(z*)] < € within T iterations, where

5 @0
T< -2 log 2
< 1p9 108

Moreover, by choosing p = %, the number of stochastic gradient computations can be bounded by

#grad = O (max {n, \/ n,uL } log 1)

6
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4. Experiments

In the experiments, we consider the following logistic regression problem:

: RS T
;Ieli@% f(x) = - glog (1 + exp(—bia; z)), 3)
where {a;,b;}"_; € R? x {1} are data samples. All datasets used in our experiments are down-
loaded from LIBSVM [5].

We present the numerical experiments of ANITA (Algorithm 1) compared with previous state-
of-the-art Varag [17]. We also present the standard gradient descent (GD) as a benchmark. We
directly use the parameter settings according to the theoretical convergence theorems or corollaries
of these algorithms, i.e., we do not tune any hyperparameters. Note that for the logistic function in
(3), one can precompute the smoothness parameter L satisfying Assumption 1, i.e., L < 1/4 if the
data samples are normalized. Given the parameter L, we are ready to set all other hyperparameters
for GD (Corollary 2.1.2 in [36]), for Varag (Theorem 1 in [17]) and for ANITA (our Theorem 3).

In the following Figure 1, the x-axis and y-axis represent the number of data passes (i.e., we
compute n stochastic gradients for each data pass) and the training loss, respectively. The numerical
results presented in Figure 1 are conducted on different datasets. Each plot corresponds to one
dataset (six datasets in total). The experimental results show that ANITA indeed converges faster
than Varag [17] in the earlier stage (moderate target error), validating our theoretical results (see
the second column of Table 2 and its Remark). More importantly, ANITA is the first accelerated
algorithm which can obtain the optimal convergence result O(n) in this range. Besides, ANITA
also enjoys a simpler loopless algorithmic structure while Varag uses an inconvenient double-loop
structure.

a%a mushrooms ionosphere
18 —=— GD i, —=— GD —=— GD
16 Varag Varag 23 Varag
14 —— Anita 1o —— Anita —— Anita

Training loss
Training loss
Training loss

0.8 M 0.4 1.0
0.6
0.2
0.5
0.4
0.0
0 5 10 15 20 25 30 0 5 10 15 20 25 30 0 5 10 15 20 25 30 35
#grad/n #grad/n #grad/n
w8a svmguidel german_numer
175 & ““'“I‘mm;mm“m
35
10
1.50
30
1.25 25 8
—=— GD
1.00 20
Varag Varag

15 —— Anita

Training loss
Training loss
Training loss

0.50 10

0 5 10 15 20 25 30 35 0 5 10 20 25 30 0 10 20 30 a0 50

15
#grad/n #grad/n #grad/n

Figure 1: The convergence performance of GD, Varag and ANITA under different datasets.
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Appendix A. Main Convergence Theorems for ANITA

In this appendix, we present two main convergence theorems of ANITA (Algorithm 1) for solving
finite-sum problems (1), i.e., Theorem 3 under Assumption 1 (general convex setting in Appendix
A.1) and Theorem 4 under Assumptions 1-2 (strongly convex setting in Appendix A.2). We will
provide the proof sketches for Theorems 3 and 4 in the next Appendix B. The detailed proofs for
Theorems 3—4 and Corollaries 1-2 are deferred to Appendix C.

Assumption 1 (L-smoothness) Functions f; : R? — R are convex and L-smooth such that

IV fi(z) = Vfi(y)l| < Lllz -y ©)
for some L > 0 and all i € [n).

Assumption 2 (u-strong convexity) A function f : R4 — R is p-strongly convex such that

J(@) = 1) = (V)2 —y) = Sl ] 5)
Jfor some i > 0.

Note that the case ;» = 0 reduces to the standard convexity. We will denote i = 0 as the general
convex setting and i > 0 as the strongly convex setting in this paper. Also note that the strong
convexity is only corresponding to the average function f in (1), is not needed for the component
functions f;s.

A.1l. General convex setting

Now, we provide the main convergence theorem of ANITA for general convex problems and then
obtain a corollary for providing the detailed convergence result. Before presenting the theorem, we
first recall some basics for the geometric distribution. For a geometric distribution with parameter
p > 0, denoted as N ~ Geom(p), i.e., N = k with probability (1 — p)¥p for k = 0,1,2,...
(after k failures until the first success). We know that E[N]| = 1%. It is not hard to see that if
we fix the probability p; in Line 8 of Algorithm 1 to a constant p, then the update of w; follows
from a geometric distribution Geom(p). For instance, if we choose p; = p = %H in Algorithm 1,

then we know that E[N] = 1%’ = n and wy41 will maintain the same as previous values and only
change to Z; 1 after n iterations in expectation. In the first stage of ANITA, we indeed uses constant
probability p, = p = n%rl Let ¢; be the first time such that w changes to Z, i.e., W, +1 = T¢,+1
and wy, = wy,—1 = --- = wp. Thus t; ~ Geom(p) and E[t;] = n, where p = n%rl Note that this
first stage where we fix p; = p is similar to loopless SVRG [13], SCSG [19] and PAGE [29]. One
can also derandomize the special case of constant probability p in this first stage to a deterministic
double-loop with loop length 1].%” algorithms like the original SVRG [12] and SARAH [37]. The
difference is that our ANITA will use a dynamic change of p; after this first stage, while previous

algorithms always keep fixing the probability p; = p.

Theorem 3 (General convex case) Suppose that Assumption 1 holds. For 0 < t < ty, let py =
1 - 1 1 _ _ 4 4
w00 =1 = 505 e < prryaayy and ov = O Fort > ty, let pr = max{ ;=505 25 )

13
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0, = m, N < ?%L and oy = 6;. Then the following equation holds for ANITA (Algo-
rithm 1) for any iterationt >t + 1:

. 32|z — z*||?
B =1 =t + v

Remark: From the choice of probability {p;} in Theorem 3, we know that there are three stages

of ANITA: i) the first stage p; = %H for 0 < t < ty; ii) the second stage p; = ﬁ for

t1 <t <ty +n+3—3yn;iii) the third stage p; = %Hfort > t1 +n + 3 — 3y/n. This
multi-stage convergence analysis is key part for the improvement of ANITA. Roughly speaking, the
number of stochastic gradient computations in the first stage is #grad = O(n), in the second stage
is #grad = O(nmin { log ﬁ, log \/n}), and in the third stage is #grad = O(\/@) We will
provide a proof sketch of Theorem 3 in the next Appendix B.1. The detailed proofs of Theorem 3
and its Corollary 1 (in Section 3) are deferred to Appendix C.1. Also note that all parameter settings

{pt}. {0+}, {m}, {4} of ANITA in Theorem 3 do not require the value of ¢ in advance. The
convergence rate of ANITA will automatically switch to different results as stated in Table 2.

A.2. Strongly convex setting

In this section, we provide the main convergence theorem of ANITA for strongly convex problems
(1 > 01in Assumption 2) and then obtain a corollary for providing the detailed convergence result.

Theorem 4 (Strongly convex case) Suppose that Assumptions 1 and 2 hold. For any t > 0, let
p=p 6 =0= %min{l, \ /ﬁ}, ne < m and oy = 1 4 pne. Then the following
equation holds for ANITA (Algorithm 1) for any iteration t > 0:

E[®,] < (1 - %)t%, (6)

where &, := f(wy) — f(z*) + %th —z*|%

Remark: In this strongly convex case, the parameter setting of ANITA in Theorem 4 is simpler
than the general convex case in Theorem 3. Here, the choice of probability {p;} can be fixed to a
constant p and {6, } also can be chosen as a constant §. Then according to Theorem 4, we know
that {7;} and {a;} also reduce to constant values. Thus there is only one stage in this strongly
convex case rather than three stages in previous general convex case. Also here the function value
decreases in an exponential rate, i.e., E[®;] < (1 — %)tfbo (see (6) in Theorem 4). It is easy
to see that the number of iterations 7" can be bounded by O(-log %) for finding an e-approximate
solution E[f(wr) — f(z*)] < e. Then, by choosing p = L (thus each iteration only computes
constant stochastic gradients in expectation), the number of total stochastic gradient computations

can be bounded by #grad = O(max {n, /%L} log %) This convergence result of ANITA is

optimal which matches the lower bound Q((n + \/%) log %) given by Lan and Zhou [15] (see
Table 1). Similarly, we will provide a proof sketch of Theorem 4 in the next Appendix B. The
detailed proofs of Theorem 4 and its Corollary 2 (in Section 3) are deferred to Appendix C.2. Note
that all parameter settings {p;}, {6:}, {m:}, {ax} of ANITA in Theorem 4 also do not require the
value of e in advance.
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Appendix B. Proof Sketches for Main Theorems of ANITA

In this appendix, we provide the proof sketches for the two main convergence theorems of ANITA
for general convex and strongly convex cases, i.e., for Theorem 3 (in Section B.1) and Theorem 4
(in Section B.2).

B.1. Proof sketch for general convex case (Theorem 3)

Now, we provide the proof sketch of Theorem 3. As we discussed at the end Remark of Section
A.1, we know that there are three stages of ANITA. First, we provide a key lemma for the first stage.

Lemma 5 Suppose Assumption 1 holds. For 0 < t < ty, letp, =p, 0 =0, < A4 L

1+1/(1—6:))
and oy = 6. Then the following equation holds for ANITA (Algorithm 1):
2

E[f (i e1) — F@)] < B[ 0)(F(o) — 1a") + (2 + (1= p)L1 — 0)6) o — 2|

2n
6%p X
(5 ~ =22 =08 ) fon 1 — o] )
Particularly, we choose py = p = n%rl in the first stage of ANITA in Theorem 3. As we discussed
before Theorem 3, we know that E[t;] = 1;% = n. One can also derandomize this first stage by

running Line 3-7 of Algorithm 1 for n iterations and then letting wy,+1 = Zp11.

After the first stage, for iterations ¢ > ¢, we will use a dynamic change of p;. We first provide
the following technical lemma which describes the change of function value between two adjacent
iterations.

Lemma 6 Suppose Assumption 1 holds. Choose stepsize 1, < m and oy = 04 for any
t > 0. Then the following equation holds for ANITA (Algorithm 1) for any iteration t > 0:

B[ (Flwn) = )| < B[ U200 (1) - 10) + 5 (o = 1P = s = 1) .

ptef ptetZ 2
3)
According to (8), in order to get a recursion formula, we need to show that
1—p0 _
(A =pb)me _ M ©)

pb7 T peaff
by further choosing appropriate parameters {p;}, {6;} and {n;}. In particular, choosing p, =
max{ﬁ, %ﬁ} 0, = m andn, =1 < 3% for t > t1 (as chosen in Theorem 3)
can satisfy (9) for any ¢t > ¢; + 1. Combining this choice of {p;}, {6;} and {n,} with Lemma 6 and
summing up from iteration ¢; + 1 to ¢, we obtain the following Lemma 7.

Lemma 7 Suppose Assumption 1 holds. For t > ti, let p; = max{ﬁ, %JFS} 0y =
m, n < 3% and oy = 0;. Then the following equation holds for ANITA (Algorithm 1)
for any iterationt >t + 1:

— 1— 0
E ptni@%_l(f(wt) - f(a:*))} < E[( Zztl:letéfl)mlﬂ (Fwn 1) — F(a™))

1 " *
+ 5l - = Lo - 7) ] ao)
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Also note that we can bound the term f(zo) — f(z*) in (7) as f(zo) — f(z*) < &|lzo — z*|?
according to the L-smoothness of f (Assumption 1). Now, we combine Lemma 5 and Lemma 7 to
prove the main Theorem 3, i.e., by plugging (7) into (10) and plugging in the value of parameters,
we can obtain, for any iteration t > t; + 1,

s 32|z — z*||?
E[f(w) = f(=7)] < Me—1pt—1(t — t1 + 3y/n)?’

The proof sketch of Theorem 3 is finished.

B.2. Proof sketch for strongly convex case (Theorem 4)

Now, we provide the proof sketch of Theorem 4. As we discussed at the end Remark of Section A.2,
the parameter setting of ANITA in this strongly convex case is simpler than the general convex case
in Theorem 3. As a result, we only need one technical Lemma 8 in this proof sketch of Theorem 4
rather than three Lemmas 5-7 in previous general convex case.

Lemma 8 Suppose that Assumptions 1 and 2 hold. Choose stepsize n; < m and
ar = 1+ pmy for any t > 0. Then the following equation holds for ANITA (Algorithm 1) for any
iteration t > 0:

* 1+ une)pi6y
E| ) - fa) + LT 2P0,
nt

Then, if we further choosing the probability {p;} as a constant p and {6;} as a constant 6, we
know that the parameters 7; and oy will also be fixed to the constant 77 and « (see Lemma 8). Now,

if we further define % 1ph
+ %
2/'“7 y4 th — ||27
n

then Lemma 8 can be changed to, for any iteration ¢ > 0,

Oy = flwi) — f(27) +

1
E[®41] §E[max{1—p0, 1+/m}q>t]' (11)

Now if we further let 6; = 6 = 3 min{1, , /ﬁ}, we have

! Sl—ﬁ. (12)
1+ pun )

By plugging (12) into (11), we finish the proof sketch of Theorem 4:

E[®,1] < E[(l - 415)9)@} < (1 - 4%9)”1%.

16
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Appendix C. Missing Detailed Proofs

Now, we provide the detailed proofs of main convergence theorems and corollaries of ANITA for
both general convex case (Theorem 3 and Corollary 1) and strongly convex case (Theorem 4 and
Corollary 2).

Before proving these theorems and corollaries, we first recall some basic properties for smooth
convex functions and some basic facts for the geometric distribution, then we provide some impor-
tant technical lemmas.

Lemma 9 (Lemma 1in [17]) If f : X — R has L-Lipschitz continuous gradients (L-smooth),
then we have

%HVf(x)—Vf(z)W < fle) = f(2) =(Vf(z),x—2), VrzeX. (13)

We also recall the proof in Lan et al. [17] for completeness.

Proof of Lemma 9. Denote ¢(z) = f(x) — f(z) — (Vf(2),x — z). Clearly ¢ also has L-Lipschitz
continuous gradients. It is easy to check that V¢(z) = 0, and hence that min, ¢(z) = ¢(z) = 0,
which implies

8(2) < 6(x — 1Vo())
— é() + /01 (Vo (2~ T96(x)) , ~ 7 Vo(a) )dr
= 0(0) + (Vo(a), 1 ¥0(@)) + [ (V6 (v~ TVo)) - Vole), ~1 Vo) ir
< o(a) = VoI + [ 1 790w |1votw|or

= 6(2) — 5 IO

Therefore, we have 5-[|Vé(z)[|? < ¢(x) — ¢(z) = ¢(z), and the result follows immediately from
this relation. U

For a geometric distribution with parameter p > 0, denoted as N ~ Geom(p), i.e., N = k
with probability (1 — p)kp for k =0,1,2,... (after k failures until the first success). We know the
following facts hold (see, e.g., [20]).

Fact 1 Let N ~ Geom(p). Then for any sequence Dy, D1, ... with E|Dy| < oo, we have

EN] =2, (14)
p

E[Dy — Dy+1] = %(DO—E[DN]), (15)

E[Dn] = pDo + (1 — p)E[Dn+1]. (16)

Now, we provide some important technical lemmas which are useful for proving the main con-
vergence theorems of ANITA. Concretely, Lemma 10 provides some ways to upper bound the vari-
ance of the gradient estimator in ANITA. Lemma 11 describes the change of function value after a
gradient update step in ANITA.



ANITA: AN OPTIMAL LOOPLESS ACCELERATED VARIANCE-REDUCED GRADIENT METHOD

Lemma 10 Suppose that Assumption 1 holds. The gradient estimator
Vi = Vfi(z,) = Vfilw) + Vf(w) (17

is defined in Line 5 of Algorithm 1, then conditional on the past, we have

E[Vi] = Vf(z,), (18)
E[||Ve — V£(z,)?] < L?|lz, — wil, (19
E[||Ve = Vf(z,)|%] < 2L(f(we) — flzy) — (VF(z,), we — z4)). (20)

Proof of Lemma 10. For (18), it is easy to see that (note that the expectation is taken over the
random choice of ¢ in iteration ¢ (see Line 4 of Algorithm 1))

EV] Y EVfi(z,) - Vfi(w) + Vf(w,)]

= Vf(zy) = VI(we) + Vf(wr) = Vf(zy)

Then, for (19), we obtain it from Assumption 1 as follows:

& 17)
E[||Ve = Vf(z,)IIP] = ElIVfi(z,) = V filwe) + Vfwe) — V()]

< E[|[V fi(z;) = Vfi(we)]?] @D
< Lz — wil?, (22)

where (21) follows from the fact that E[||z — Ez||?] < E[||z||?] for any random variable z, and

(22) follows from Assumption 1, i.e., the L-Lipschitz continuous gradients ||V f;(z) — V fi(y)| <

Lijz —yll.

Now, for the last one (20), we obtain it from (21) and Assumption 1 as follows:

B[ - V)2 'S ElIVAle) - V)|
< E[2L(fi(wi) — filz,) = (Vfi(zy), we — 2,))] (23)
= 2L(f(wt) — f(&t) - <vf(§t)a wt — £t>)’

where (23) uses Lemma 9 with z and z replaced by w; and z,, and f replaced by f; since f; has
L-Lipschitz continuous gradients according to Assumption 1. (|

Q.

Lemma 11 Suppose that Assumptions 1 and 2 hold. Let stepsize 1y < L) 0t(1t FT=6))
the following equation holds for ANITA (Algorithm 1) for any iteration t > 0:

, then

E[f(wis1) = f(2")] S E|(1 = peby) (f (we) — f(27))

M(l”xt _ x*”2 . L+ pny [ 517*H2)
(1 + pumge)e \ 2 2
p(L1 + pne — o) peby "
- 0, 2] 24
2(1 + pne)
Note that for the case of i = 0 (general (non-strongly) convex setting), only the smoothness As-
sumption 1 is required, i.e., the strong convexity Assumption 2 is not needed for obtaining (24) with

uw=0.

18
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Proof of Lemma 11. First, in view of L-smoothness of f (Assumption 1), we have

E[f(i“_tﬂ)]

L
<EB|f(a) + (V@) T — 2 + 5 v - P
- 2
— B[ f(a) + (V22 Oavss = ) + 55 o = ] es)

_ _ _ 2
=E|f(z;) + (Vf(zy) = Vi, 01 — 1)) + Vi, (2041 — 740)) + %”xﬂrl - $t|2]

LO? Lo?
2
(26)

2 ~
WH%H — @||? + (Vi 0y (a” — xy))

= E[flz)+ SLIVI ) — Tl +

+ (Vi Oy (2441 — x*))]

L(1+1/8,)07
2

(13)

8| fle) + VA - TP + a1 = 2l + (V). 0 — 20)

+ (Vi, 0 (11 — x*)>] 27)

L(1+1/B,)6?

20)
5 Ll — oel?

< E[f(a:t) B (f(wn) — Flz)) — (V) — ) +
(V@) Bu(a® — 2) + (T O (s — w*>>]

=K [(1 = 00) f(we) + 0cf () = (Vi (24), (1= ) (wi — ) + (Vf (), 00 (2" — 1))

N L(1+ 1/(21 —6,))0?

loess — 2ol + (Vs O (esr — x*)>] 28)

~ B[ (1= 00 + 0 (1) + (VS ) — )

n L(1+ 1/(21 —6))

62 _
v — 2l + (Vo b e — x*>>], (29)

where (25) holds since ;1 —x; = 6;(z44+1 — ) according to the two interpolation steps of ANITA
(see Line 3 and Line 7 of Algorithm 1), (26) uses Young’s inequality with 5, > 0, (28) holds by
further choosing 8; = 1—6;, (29) removes w; and z; via the interpolation step z; = 6,2+ (1—6;)w;
(see Line 3 of Algorithm 1).

Now, we use the (strong) convexity of f (see Assumption 2) in (29) to obtain

ELf (er1)] < B| (1= 0)f(wo) + 04 (f(2) = S llay — ")

L(1+1/(1—6,))6? < *
+ ( /(2 t)) t”:ﬂt+1 —UCtHQ-i- <Vt79t($t+1 -z >> - (30)

19

<E|f(z) + %va@t) — Vil? + T [z — @l + (Vi e(wegr — 20)) + TtHa?tJrl - xtHQ]
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Then, we deduce the last inner product term in (30) as follows:

E[(%t, O (zie1 — x*)>]

o0
=B o g (e (L ), e = 1’*>] 31)
- [ a0y N .
I A (Tt = Ter1, Tean — %) + Ly — Teg1, Teg1 — )
[ atﬁt 1 " .
=B o (g (e =712 = e = el = g — 2 JP)

o0y 1 o L+ pm 2 Mt 2 1 2
<E[ (L e T T T |
< B[ it (G = 1P = M s P4 A= I = Sl

(32)

where (31) follows from the gradient update step of ANITA (see Line 6 of Algorithm 1).
Now we plug (32) into (30) to get

E[f(Z¢41)]

< E[(l — 00 f(wy) + 0 f () — M(lilﬂit%jt)et Iz, — 2*|)% + L(1+ 1/(21 —0,))07 [
T (Gl =1~ P s — 1) = 32y —

< |1 - () + 0uf (") - PSS g e
T (Gl = "I = - a7 ) | &

where the last inequality (33) holds by letting n; < LT et‘("f F=0))
Finally, according to the probabilistic update of w1 in Line 8 of Algorithm 1, we have

Elf (wit1)] = E[pef (Zeg1) + (1 — pe) f(wy)] (34)
The proof is finished by combining (33) with (34), i.e., (24) is obtained by adding p; x (33) and
(34). O

C.1. Proofs for general convex case

In Appendix C.1.1, we provide the proof for the main convergence Theorem 3 in the general convex
case (i.e., 4 = 0). Note that the strong convexity Assumption 2 is not needed in this case. Then we
provide the proof for a following Corollary 1 with detailed convergence result in Appendix C.1.2.
C.1.1. PROOF OF THEOREM 3

First, according to the probabilistic update of w;; in Line 8 of Algorithm 1, i.e.,

(35

ZTy4+1 with probability p;
W41 = . .
Wy with probability 1 — p;

20
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Let p = pfor 0 < ¢ < ¢, where ¢; denotes the first time such that wy, 11 = Ty, 41, 1.6, Wy, =
wy, 1 = --- = wp. It is easy to see that t; ~ Geom(p), i.e., t; = k with probability (1 — p)*p for
k=0,1,2,...t; (after k failures until the first success). Also we know that E[¢;] = 1%3’ according
to Fact 1 (see (14)). Now, we restate the technical Lemma 5 which shows the decrease of function
value in iterations 0 < ¢ < ¢4, and then provide its proof.

Lemma 5 Suppose Assumption 1 holds. For0 <t <ty letp, =p, 0, =0, n < m and
oy = 6. Then the following equation holds for ANITA (Algorithm 1):

2

B{f(wry41) — £()] < B[(1 = 0)(aw) — £(a") + (G2 + (1 = L1 = 0 ) o

92
(5 ~ =22 =08 ) o1 — o] (36)

Proof of Lemma 5. First, in view of L-smoothness of f (Assumption 1), we recall (27) (where
VG > 0):

E[f(Z¢41)]

- 2
<EB[f(a) + gl V() - T+ A,

5 11— zel? + (V (), (2" — 1))
+ <%t; O (i1 — ﬂf*)>

r _ 2
—E[ )+ v s - G+ HEE e

| 2
+ (V). b = 2) + (L= 0)(wi = 2) ) + (Vo bhwes =) | BD)
- _ 2
<E[(1— 007w + 05 + D9 s - T+ P
+ (Ve O(ze1 — 93*)>} (38)

(19) LB:

2
<01 - 00 (w0 + 0051 + L =t + L0

. 2
B t+1 xtH

+ (Vi Ou(T441 — fL‘*)ﬂ

= B[00 00 ) + 00 + EE a2+ KL
+ (Vi O - x*>>} (39)
e R R B R L=
+ (Vi O - x*)ﬂ, (40)

21
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where (37) and (39) use the interpolation step z, = 6,2 + (1 — 0;)w; (see Line 3 of Algorithm 1),
(38) uses the convexity of f, and (40) holds by choosing 8; = 1 — 6;.
For the last inner product term in (40), we recall (32) here:
E[(Ve, O(ze01 — 2%))]
by 1 « L+ pune « i . 1
< E{(nxt ol e = I + Sz, — 22 = S llz = @)
( e \2 2

1+ pme 2 2
0 (1 1 1
= E[O‘;tt(ﬂxt — P = Sl — P = Sl - me?)} “D

where the last equality (41) holds due to ¢+ = 0 in this general non-strongly convex case.
Now, we plug (41) into (40) to get

B/ @] < E| (1= 00 f(wr) + 0uf () + 22 (Gl =o' = Ghavss = o°)

L(l - et)et2 ||xt . thZ N b, — L(l + 1/(1 - 9,5))9?7775
2 2m

|z — 33t+1”2]-

(42)

According to the parameter setting in Lemma 5, we know thatp; = p, 0; = 0, 1y < m =
m and oy = 0y = 0 for iterations 0 < ¢ < t; in the first stage. By plugging these param-
eters into (42), we obtain

E[f(thrl)}
= E[f(ftﬁ-lﬂ
2  M\p2
<[ = ) (un) +05") + 5 (o =12 = o = a"I) + O oy, — o]
(1_5) * 92]? * * L(l - 9)02
28 [(1— 0) o) + 05a") + 52 (o = 271 = oy = 2*12) + LS o, — o]
2
@ E[(l —0)f(wo) + 0f () + %gﬁp)(nxo — |2 = (1 = p)llry 1 — 22 = pllzo - 271?)
_ 2 _ 2
+ 0= 2 o — ol 5P g — ]
<E[(L - 0)7(w0) + 05" + 02— (oo — 2* = (1~ Pleier — | ~ pllzo - a*|?)
< 0 a1 —p) \I7 P)l|Tey 41 plizo
(= DL = 062 (s = 0P + o = 27 )| @)

where (43) uses Cauchy-Schwarz inequality and wg = xg. Now, the proof of Lemma 5 is finished

since (36) directly follows from (43). ]
Now, for iterations ¢ > t;. We restate the key Lemma 7 which shows the decrease of function

value in iterations ¢ > t1, and then provide its proof.
Lemma 7 Suppose Assumption 1 holds. For t > ty, let p; = max{ﬁ, ni+3} 0, =
m, n < i and oy = 0y. Then the following equation holds for ANITA (Algorithm 1)
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for any iterationt > t; + 1:

I Lt S _ * (1 = pey 4108, 41)08 41 B .
& pt—19t2—1 (f(wt) f(x ))} = E[ pt1+19t21+1 (f(thH) f= ))

1
(R e R )

Proof of Lemma 7. For proving this lemma, we will use our technical Lemma 11 with y = 0

(general convex case). In particular, by choosing oy = 6; and multiplying p?éQ for both sides in (24)
t

with u = 0, we obtain the Lemma 6 and here we restate it:
Lemma 6 Suppose Assumption I holds. Choose stepsize 1, < m and oy = 0y for any
t > 0. Then the following equation holds for ANITA (Algorithm 1) for any iteration t > 0:

B o) = 16 | < B S (w0 = 1) 4 (a1~ s =271

Then, we are going to sum up (45) from iteration ¢; + 1 to ¢ for obtaining (44). In order to get a
recursion formula for (45), we further choose appropriate parameters {p; }, {6;} and {#,} to obtain

(1—pt9t)77t< Me—1

< - (46)
pib; pe-167_,
It is not hard to verify that (46) can be satisfied for any ¢t > ¢; + 1 by choosing
4 4
= 47
P maX{t—t1+3\/ﬁ’n+3}’ “7
2
0, = , 48
" op(t -t + 3v/) @9
1

=p< — 49
ui n= 3La ( )

for any ¢ > t;. The proof of Lemma 7 is finished by summing up (45) from iteration £; + 1 to ¢ and
noting that (46) holds for any ¢ > ¢; + 1. O
Now, we are ready to prove Theorem 3 by combining Lemma 5 (iterations 0 < ¢ < ¢;) and

Lemma 7 (iterations ¢t > t1).

Proof of Theorem 3. First, we note that Pti+1 = ﬁ, 9t1+]_ = % and Mty +1 < m =
1

?%L. Then, by plugging (36) into (44) and noting that

2 1
(1= ponb)ne U~ i) _3n-1 _4/n

Pti+1607 — 3L — L~

(50)

we have

E|—=L_(f(w) — f(z*))

pi—10% |
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< &[22 (1= 0)(ste0) - 50 + (5L + 0= 9L = 008 -

- (52 - 0 =PL =08 llrsr = 2I7) + 5 (e =1 = =1
< &[22 (1= 0) (7o) - ) + (52 + (- pIL = 08 - )

- (52 - a-pz-0) 28 - D o1
<e[Y2(a-0f+ 52+ 0-pLa- 08 ) - o

- (82 - a-nea-08) = D -2 61)
< 8| — 2*|)?, (52)

where (51) holds due to the L-smoothness of f, (52) follows from the constant parameters i.e.,

— 0 1 —n _ 1 1 — 1
pt:p—m,etze—l—mandntg L+1/(1-6,)) = (t2vn)L fortgtl.

2
Finally, the proof of Theorem 3 is finished by multiplying % for both sides of (52), i.e.,
we have for any iteration t > t; + 1
. 8pt_192_ lxo — x*H2 (48) 32|z — z*|?
BI(f(w) — ()] < e
-1 Ne—1pe—1(t —t1 + 3y/n)

(53)
O

C.1.2. PROOF OF COROLLARY 1

Now, we provide the proof for Corollary 1 with detailed convergence result of ANITA in the general
convex case (i.e., 4 = 0).

Proof of Corollary 1. Note that the output of ANITA (Algorithm 1) is wr after T iterations. To
show that wr is an e-approximate solution, we recall (53) with iteration t = T" > t; + 1 here:

. 32||wg — z*||?
Bl ftur) - fat) < —— 22l

(54)

According to (47), we know p; = max {ﬁ, ni%} for any ¢ > t;. Thus we divide (54) into

two cases, i) p; = ﬁ fort; <t <t1+n+3—3/n;ii)p = %Hfort > t1+n+3-3y/n.

Now, we know that for Case i) t < t; +n+3 —3+/n, then p; = t—tljlr:%\/ﬁ’ 0; = pt(t—t12+3\/ﬁ) =
%, N < 3% and (54) turns to
24L||wg — z*|?
E _ N < T T 1 e 55

The last inequality of (55) holds by choosing T = t; — 3y/n + w. In particular, if
€ > O(L), then (recall that E[t;] = n and also it can be derandomized to n iterations)

96L||xo — z*|)?
€

T =t —3v/n+ < 2n. (56)
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For the other case € < O(%) (small target error), it corresponds to Case ii) t > t;1 +n+3—3y/n

: : : _ 4 _ 2 _ n+3 1 1
(i.e., more iterations are needed), then p; = 3 0, = D —h T3V — 20—t 137 <3< 3
and (54) turns to

24(n + 3)L||zo — z*||?
€
(T —t1+3n)2

E[(f(wr) = f(z")] < (57)

The last inequality of (57) holds by choosing

24 L — |2 24 L — x*||?
€ €

Now, the remaining thing is to bound the number of stochastic gradient computations of ANITA
for achieving the e-approximate solution wy. As we discussed in Section 2.1, we know that ANITA
(Algorithm 1) uses (n + 2)p; + 2(1 — p;) = np; + 2 stochastic gradients in expectation for iteration
t. According to the choice of probability {p;} in Corollary 1 (Theorem 3), we know that there are
three stages. 1) The first stage p; = n%rl for 0 <t < t1; 2) the second stage p; = r

t1 <t <t;+n+3—3y/n;3) the third stage p; = n%rgfort >t +n+3—3yn.
First, let us consider the case of large € (i.e., € > O(%)). Then we know that only the first two

stages of ANITA is enough for finding an e-approximate solution in this case. According to (55),
the total number of stochastic gradient computations is

_ 4
—t13vn ©

T-1 t1 T-1
#grad:Z(npt—i—Q):n(Zpt—i— Z pt>+2T
t=0 t=0 t=t1+1
t1 1 T-—1 4
D SIS o R S i
—n+l St +3y/n
1
<0 (1 1 —) , 59
< (n + log o/ > (39)

where the last inequality (59) follows from (56).

Then, for the other case € < O(%) (small target error), we know that more iterations are needed
for finding an e-approximate solution. According to (57), the total number of stochastic gradient
computations is

T—1
#grad = > (np; +2)
t=0
t1 1 t1+n+3—3\/ﬁ 4 T—1 4
I . R A
O inm fTht 3V bty A3y +3
L
g()(nlog\/ﬁﬂ/”), (60)
€
where the last inequality (60) follows from (58). O
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C.2. Proofs for strongly convex case

Similar to Appendix C.1, we first provide the proof of the main convergence Theorem 4 for the
strongly convex case (i.e., i+ > 0) in Appendix C.2.1. Then we provide the proof for its Corollary 2
with detailed convergence result in Appendix C.2.2.

C.2.1. PROOF OF THEOREM 4

In this strongly convex case, the parameter setting of ANITA in Theorem 4 is simpler than the
general convex case in Theorem 3. Here, the choice of probability {p;} can be fixed to a constant
p and {60;} also can be chosen as a constant §. Then according to Theorem 4, we know that {7, }
and {a;} also reduce to constant values. Thus there is only one stage in this strongly convex case
rather than three stages in previous general convex case. Also here the function value decreases in
an exponential rate, i.e., ANITA obtains a linear convergence rate.

Proof of Theorem 4. First, we restate the key Lemma 8 for this strong convex setting, which
describes the change of function value after a gradient update step in ANITA. Note that Lemma 8
directly follows from our technical Lemma 11 with oy = 1 4 pn.

Lemma 8 Suppose that Assumptions 1 and 2 hold. Choose stepsize 1 < m and
ar = 1+ pmy for any t > 0. Then the following equation holds for ANITA (Algorithm 1) for any
iteration t > 0:

piby

(L + pme)peby H it
2m

l’ —
2my H !

(61)

EPWHD—ﬂﬁ%F mﬂ—xw1SEkrﬁwauwo—ﬂf»+

Then, according to the parameter settings chosen in Theorem 4, we know that p; = p and 6; =
_ 1. / : 1 — 1
0 = 5 mln{l, ﬁ} for any t Z 0, and the StepSIZG Nt S m =1 = m

Now, we further define

1+ pd .
%H% — 2|2,

@y = fw) = f(a7) + (©)
n
then (61) in Lemma 8 can be changed to, for any iteration ¢ > 0,
E[® ]<IE[ {1 6, — }@]
max 1 — pl,
t+1] = p 1+ i t
4pb
< E[(l - 7;)@] (63)
ApfN t+1
< (1 — %) . (64)
where (63) uses ﬁ <1-— % since the choice of parameters ¢ = % min{1, , /ﬁ} and n =
m, and the last inequality (64) holds by telescoping (63) from iteration ¢ to 0. ([l
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C.2.2. PROOF OF COROLLARY 2
Now, we provide the proof for Corollary 2 with detailed convergence result of ANITA in the strongly
convex case (i.e., u > 0).

Proof of Corollary 2. Note that the output of ANITA (Algorithm 1) is wp after T iterations. To
show that wr is an e-approximate solution, we recall (64) with iteration t =T — 1:

El(f(wr) — f()] <Elor] < (1- ) @y < e (65)

where the first inequality is due to the definition of &7 (see (62)), and the last inequality holds by

letting the number of iterations
5 b

T=-—1log—.
4pd ©8 €

Moreover, by choosing p = % and recalling that 6 = %min{l, \ /p%}, then the total number of

stochastic gradient computations of ANITA for achieving the e-approximate solution wy is

T-1
1 1 P L 1
#erad = g (npy +2) = (n— + 2>T - log 9 = 0 max{n, ne log— | .
pard n 4pb € 7 €
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