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Abstract

We introduce novel convergence results for asynchronous iterations that appear in the
analysis of parallel and distributed optimization algorithms. The results are simple to ap-
ply and give explicit estimates for how the degree of asynchrony impacts the convergence
rates of the iterates. Our results shorten, streamline and strengthen existing convergence
proofs for several asynchronous optimization methods and allow us to establish convergence
guarantees for popular algorithms that were thus far lacking a complete theoretical under-
standing. Specifically, we use our results to derive better iteration complexity bounds for
proximal incremental aggregated gradient methods, to obtain tighter guarantees depending
on the average rather than maximum delay for the asynchronous stochastic gradient descent
method, to provide less conservative analyses of the speedup conditions for asynchronous
block-coordinate implementations of Krasnosel’skii-Mann iterations, and to quantify the
convergence rates for totally asynchronous iterations under various assumptions on com-
munication delays and update rates.

Keywords: asynchronous algorithms, parallel methods, incremental methods, coordinate
descent, stochastic gradient descent

1. Introduction

With the ubiquitous digitalization of the society, decision problems are rapidly expanding
in size and scope. Increasingly often, we face problems where data, computations, and
decisions need to be distributed on multiple nodes. These nodes may be individual cores
in a CPU, different processors in a multi-CPU platform, or servers in a geographically
dispersed cluster. Representative examples include machine learning on data sets that are
too large to conveniently store in a single computer, real-time decision-making based on
high-velocity data streams, and control and coordination of infrastructure-scale systems.
Insisting that such multi-node systems operate synchronously limits their scalability,
since the performance is then dictated by the slowest node, and the system becomes fragile
to node failures. Hence, there is a strong current interest in developing asynchronous algo-
rithms for optimal decision-making (see, e.g., Niu et al. 2011; Liu et al. 2014; Peng et al. 2016;
Leblond et al. 2017; Mishchenko et al. 2020 and references therein). Well-established mod-
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els for parallel computations, such as bulk synchronous parallel (Valiant, 1990) or MapRe-
duce (Dean and Ghemawat, 2008), are now being complemented by stale-synchronous paral-
lel models (Ho et al., 2013) and fully asynchronous processing paradigms (Han and Daudjee,
2015). In many of these frameworks, the amount of asynchrony is a design parameter: in
some systems, the delay is proportional to the number of parallel workers deployed (Niu
et al., 2011); while other systems use communication primitives which enforce a hard limit
on the maximum information delay (Ho et al., 2013). It is therefore useful to have theo-
retical results which characterize the level of asynchrony that can be tolerated by a given
algorithm. To this end, this paper develops several theoretical tools for studying the con-
vergence of asynchronous iterations.

The dynamics of asynchronous iterations are much richer than their synchronous coun-
terparts, and quantifying the impact of asynchrony on the convergence rate is mathemat-
ically challenging. Some of the first results on the convergence of asynchronous iterations
were derived by Chazan and Miranker (1969) for solving linear equations. This work was
later extended to nonlinear iterations involving maximum norm contractions (Baudet, 1978)
and monotone mappings (Bertsekas and Baz, 1987). Powerful convergence results for broad
classes of asynchronous iterations under different assumptions on communication delays
and update rates were presented by Bertsekas (1983), Tsitsiklis et al. (1986), and in the
celebrated book of Bertsekas and Tsitsiklis (2015). Although the framework for modeling
asynchronous iterations in Bertsekas and Tsitsiklis (2015) is both powerful and elegant,
the most concrete results only guarantee asymptotic convergence and do not give explicit
bounds on convergence times. Execution time guarantees are essential when iterative algo-
rithms are used to find a decision under stringent real-time constraints. In this paper, we
derive a number of convergence results for asynchronous iterations which explicitly quantify
the impact of asynchrony on the convergence times of the iterates.

The convergence guarantees for influential asynchronous optimization algorithms such
as HoawiLD! (Niu et al., 2011), Delayed SGD (Agarwal and Duchi, 2011), AsySCD (Liu
et al., 2014), ARock (Peng et al., 2016) and ASAcGA (Leblond et al., 2017) have been es-
tablished on a per-algorithm basis, and are often based on intricate induction proofs. Such
proofs tend to be long, and sources of conservatism are hard to isolate. A closer analysis of
these proofs reveals that they rely on a few common principles. In this paper, we attempt
to unify these ideas, derive general convergence results for the associated sequences, and
use these results to systematically provide stronger guarantees for several popular asyn-
chronous algorithms. In contrast to the recent analysis framework proposed in Mania et al.
(2017), which models the effect of asynchrony as noise, our results attempt to capture the
inherent structure in the asynchronous iterations. This allows us to derive convergence re-
sults for complex optimization algorithms in a systematic and transparent manner, without
introducing unnecessary conservatism. We make the following specific contributions:

e We identify two important families of sequences, characterized by certain inequalities,
that appear naturally when analyzing the convergence of asynchronous optimization
algorithms. For each family, we derive convergence results that allow to quantify
how the degree of asynchrony affects the convergence rate guarantees. We use these
sequence results to analyze several popular asynchronous optimization algorithms.
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e First, we derive stronger convergence guarantees for the proximal incremental gradient
method and provide a larger range of admissible step-sizes. Specifically, for L-smooth
and convex objective functions, we prove an iteration complexity of (’)(LT/ e), which
improves upon the previously known rate O(L2T3 / e) given in Sun et al. (2019). We
also show that for objective functions that satisfy a quadratic functional growth con-
dition, the iteration complexity is O (QT log(1/ e)), where @ = L/ is the condition
number. In this case, our result allows the algorithm to use larger step-sizes than
those provided in Vanli et al. (2018), leading to a tighter convergence rate guarantee.

e Second, we analyze the asynchronous stochastic gradient descent method with delay-
dependent step-sizes and extend the results of Koloskova et al. (2022) from non-convex
to convex and strongly convex problems. We show that our sequence results are not
limited to providing step-size rules and convergence rates that depend on the maximal
delay. In particular, for convex problems, we derive an iteration complexity of

O<L7_ave _'_0'22)’
€ €

where T,y is the average delay, and o denotes the variance of stochastic gradients.
For strongly convex problems, we obtain the iteration complexity

0 ((@rme+ ":) g (1))

Our guarantees improve the previously best known bounds given in Arjevani et al.
(2020) and Stich and Karimireddy (2020), which are based on the maximal delay that
can be significantly larger than the average delay. Similar to Mishchenko et al. (2022),
we also provide convergence guarantees and admissible step-sizes which depend only
on the number of parallel workers deployed, rather than on the gradient delays.

e Third, we give an improved analysis of the ARock framework for asynchronous block-
coordinate updates of Krasnosel’skii-Mann iterations. For pseudo-contractive oper-
ators, we show that ARock achieves near-linear speedup as long as the number of
parallel computing elements is o(m), where m is the number of decision variables.
Compared to the results presented in Hannah and Yin (2017), we improve the re-
quirement for the linear speedup property from O (y/m) to o(m).

e Finally, we present a uniform treatment of asynchronous iterations involving block-
maximum norm contractions under partial and total asynchronism. Contrary to the
results in Bertsekas and Tsitsiklis (2015) which only established asymptotic conver-
gence, we give explicit estimates of the convergence rate for various classes of bounded
and unbounded communication delays and update intervals.

This paper generalizes and streamlines our earlier work (Feyzmahdavian and Johans-
son, 2014; Feyzmahdavian et al., 2014; Aytekin et al., 2016). Specifically, we extend the
sequence result in Feyzmahdavian et al. (2014) to a family of unbounded delays, which
allows us to deal with totally asynchronous iterations. Compared to Feyzmahdavian et al.
(2014), we present two new Lemmas 2 and 3 in Section 3. The analysis in Feyzmahdavian
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and Johansson (2014) is limited to contraction mappings in the maximum-norm, and does
not provide any sequence results for analyzing asynchronous algorithms. However, Lemma 3
in Section 3 recovers the results in Feyzmahdavian and Johansson (2014) as a special case.
The sequence result presented in Aytekin et al. (2016) is only applicable for deriving linear
convergence rates, and is restricted to deliver step-size rules and convergence rates that
depend on the maximum delay. To overcome these limitations, we introduce a novel se-
quence result in Lemma 5 that guarantees both linear and sublinear rates of convergence
and can provide convergence bounds that depend on the average delay. In Aytekin et al.
(2016), the analysis of the proximal incremental gradient method has a drawback that the
guaranteed bound grows quadratically with the maximum delay 7. In our work, we improve
the dependence on 7 from quadratic to linear.

1.1 Notation and Preliminaries

Here, we introduce the notation and review the key definitions that will be used throughout
the paper. We let R, N, and Ny denote the set of real numbers, natural numbers, and the
set of natural numbers including zero, respectively. For any n € N,

n] :={1,...,n}.
For a real number a, we denote the largest integer less than or equal to a by |a| and define
(a)+ := max{a, 0}.

We use || - || to represent the standard Euclidean norm on R? and (z, y) to denote the
Euclidean (dot) inner product of two vectors x,y € R?. We say that a function f : R? — R
is L-smooth if it is differentiable and

IVf(y) = V@)l < Llly — |, Va,yeR?
We say a convex function f : R* — R is p-strongly convex if

) = @)+ (Vf(@)y =) + Slly — |’ Yo,y R

The notation g(t) = O(h(t)) means that there exist positive constants M and ¢y such
that g(t) < MAh(t) for all ¢ > to, while g(t) = o(h(t)) means that lim; o g(t)/h(t) = 0.
Following standard convention, we use tilde O-notation to hide poly-logarithmic factors in
the problem parameters.

2. Lyapunov Analysis for Optimization Algorithms

Convergence proofs for optimization algorithms are usually based on induction and often
presented without invoking any general theorems. For more complex algorithms, this leads
to lengthy derivations where it is difficult to distinguish mathematical innovations. The
need to systemize convergence proofs for optimization algorithms was recognized in Polyak’s
insightful textbook (Polyak, 1987). Polyak argued that most results concerning convergence
and rate of convergence of optimization algorithms can be derived using Lyapunonv’s second
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method, with typical Lyapunov functions being the objective function value, the norm of
its gradient, or the squared distance between the current iterate and the optimal set. In
addition, he derived and collected a number of useful sequence results which allowed to
shorten, unify and clarify many convergence proofs (Polyak, 1987, Chapter 2).

To make these ideas more concrete, consider the simple gradient descent method:

Tpe1 = 2x — YV f(2r), k€ No.

Assume that f : R? — R is p-strongly convex and L-smooth. If z* is the minimizer of f
on RY, the standard convergence proof (e.g., Theorem 2.1.15 in Nesterov 2013) establishes
that the iterates satisfy

2y L 2
v o2 < (1= 200 Y o =712 5 (2 =) IV A0

In terms of Vi = |lzx — 2*||? and W}, = ||V f(x1)||?, the inequality reads

Vil < (1l—-—— | Ve—y|———7 | Wk
k+1_< s k=" 7 7)) Wk

For step-sizes v € (O, 2/(p+ L)], the second term on the right-hand side can be dropped
and, hence, Vj is guaranteed to decay by at least a factor ¢ = 1 — 2yuL/(p + L). That is,

Vir1 < qVi, k€ No. (1)
This implies linear convergence of the iterates, i.e.,
Vi <d*Vo, k€N

When f is convex, but not necessarily strongly convex, and L-smooth, the iterates satisfy

2 () = £a) + low = "I < o =21 = (L =) IV 5@l

Let Vi and Wy, be as before, while X = 2v(f(zx) — f(2*)). Then, the inequality above can
be rewritten as

1
X+ Vi1 SVk—’y<L—’y> Wry.. (2)
If v € (0,1/L], the second term on the right-hand side is non-positive and can be dropped.

Summing both sides of (2) over k and using telescoping cancellation then gives

K
D X+ Vi < Vo, K €N
k=0

The well-known O(1/k) convergence rate of f(xy) to f(z*) follows from the fact that Vj is
non-negative and that Xy, is non-increasing (Beck, 2017, Theorem 10.21).
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In the analysis of gradient descent above, it is natural to view the iteration index k
as a surrogate for the accumulated execution time. This interpretation is valid when the
computations are done on a single computer and the time required to perform gradient
computations and iterate updates are constant across iterations. In distributed and asyn-
chronous systems, on the other hand, computations are performed in parallel on nodes with
different computational capabilities and workloads, without any global synchronization to
a common clock. In these systems, the iteration index is simply an ordering of events, typ-
ically associated with reading or writing the iterate vector from memory. Since the global
memory may have been updated from the time that it was read by a node until the time
that the node returns its result, xx41 may not depend on z; but rather on some earlier
iterate xy_,, , where 7, € {0,...,k — 1}. More generally, many asynchronous optimization
algorithms result in iterations of the form

Tpy1 = M(Tp, Th—1, -+, Th—ry,)-

We call these asynchronous iterations. The information delay 7 represents the age (in terms
of event count) of the oldest information that the method uses in the current update, and can
be seen as a measure of the amount of asynchrony in the system. When we analyze the con-
vergence of asynchronous iterations, ||z —2*||? will not only depend on ||z}, —2*||?, but also
on ||lzg—1—2*|%,. .., || Tk—r, —2*]|, and sometimes also on ||V f(zx_1)|%, ..., |V f(zr—r)|>
Hence, it will not be enough to consider simple sequence relationships such as (1) or (2).
Because of asynchrony, the right-hand side of the inequalities will involve delayed versions
of Vi, and W}, that perturb the convergence of the synchronous iteration.

To fix ideas, consider the gradient descent method with a constant delay of 7 in the
gradient computation:

Try1 = T — YV I (2h—7). (3)

To analyze its convergence when f is p-strongly convex and L-smooth, we add and subtract
vV f(xy) to the right-hand side of (3) and study the distance of the iterates to the optimum.
By applying the same analysis as for the gradient descent method with v € (0,2/(u + L)],
we obtain

2yuL
lopss — 22 < <1 _ M) ek — 212 + wi, )

where the perturbation term wy, accounts for the impact of the delay in gradient computation
and is given by

wi = 20V [ (@) = V[ (@r-r), 2 =7V (@r) =) + IV (@) = V(@) |2 (5)
According to Lemma 27 in Appendix A, we can bound wy by

< 4L4 2 ) 2L2 k12 ) 6
wp < (VI + 29°L0) e Al — 27} (6)

Substituting (6) into (4), we conclude that

- 2y L

* 12
— < 1
|2p1 — 27 < < Lt L

* (12 4742 2712 * (12
— + (v L*7m° 4+ 2v°L*7 max — .
) ka v H ( 7 )(kaT)+<€<k{Hw€ o ” }
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In terms of Vi = |lzx — 2*||?, the iterates therefore satisfy
Vier < (11— 2l Vi + (74L47'2 + 272L27) max V. (7)
- w+L (k—27) 4 <0<k

We see that the inequality (7) includes delayed versions of Vi on the right-hand side and
reduces to (1) when 7 = 0.
When f is L-smooth and convex, but not strongly convex, we first note that

[zpgr — ¥ = |log — 2*|° = 29(V f (@p—r), 2 — =) + V||V f(28—r) > (8)

By Lemma 28 in Appendix A, the inner product is lower bounded by

k-1
Fa) = £+ s T @l = T S0 [ € (V f@er) g — ).
t=(k—7)4
Substituting this bound into (8) yields
k—1
29(f () = F5) + @i — 2P < llag =22 +9°Le Y0 [V f(@enl?
t=(k—7)+

~7(3 =) 195G

With X = 2v(f(zx) — %), Vi = |l — 2*||?, and Wy, = |V f(zr_,)||?, the iterates hence
satisfy a relationship on the form

k—1
1
X+ Vi1 < Vi +~3Lr § W, —~ (L — 7> Wi (9)
l=(k=7) 4

Comparing with (2), the right-hand side involves delayed versions of Wj.
In the next section, we study the convergence of sequences which include (7) and (9) as
special cases. Our first set of results considers sequence relationships on the form

Virr < ¢V +p(k—rr£i};l§k Ve, k€ Np. (10)
Here, the perturbation caused by asynchrony at iteration k is modeled as a function on the
order of V; scaled by a factor p, where ¢ € [k — 74, k| and 7 is the age of the outdated
information. Such sequences have appeared, for example, in the analysis of incremental
aggregated gradient methods (Giirbiizbalaban et al., 2017), accelerated incremental ag-
gregated gradient methods with curvature information (Wai et al., 2020), asynchronous
quasi-Newton methods (Eisen et al., 2017), and asynchronous forward—backward methods
for solving monotone inclusion problems (Stathopoulos and Jones, 2019).

The second set of our results considers iterate relationships on the form

k
X+ Vi1 < Vi + pie Z We—rpiWi +er, k€ Np. (11)
b=(k—7p)+
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Here, the perturbation due to asynchrony does not introduce delayed Vj-terms, but man-
ifests itself through the presence of delayed Wi-terms instead. As we will show in this
paper, these relationships appear naturally in the analysis of the proximal incremental
aggregated gradient method (Aytekin et al., 2016), the asynchronous stochastic gradient
descent method (Agarwal and Duchi, 2011), and the asynchronous Krasnosel’skii-Mann
method for pseudo-contractive operators (Peng et al., 2016).

3. Novel Sequence Results for Asynchronous Iterations

In this section, we develop specific convergence results for iterations on the form (10) and
(11). Our results attempt to balance simplicity, applicability and power, and provide explicit
bounds on how the amount of asynchrony affects the guaranteed convergence rates. As we
will demonstrate later, the results allow for a simplified and uniform treatment of several
asynchronous optimization algorithms.

3.1 Results for Iterations on the form (10)

Our first result, introduced in Feyzmahdavian et al. (2014), establishes convergence prop-
erties of iterations of the form (10) when delays are bounded.

Lemma 1 Let {V}} be a non-negative sequence satisfying

Vi1 < qVi Vi, k€N, 12
k+1 = ¢ k+p(k7$?_);€§k ¢ 0 (12)

for non-negative constants q and p. Suppose there is a non-negative integer T such that
0<7m <7, keN.
If g+ p <1, then

Vi <p"Vo, k€N,

where p = (q—i—p)l%.

Proof. See Lemma 3 in Feyzmahdavian et al. (2014). |
Consider the delay-free counterpart of (12):

Vir1 < (q —l—p)vk, k € Np.

Clearly, if ¢ + p < 1, the sequence {V}} converges linearly at a rate of p = ¢ + p. Lemma 1
shows that the convergence rate of {V4} is still linear in the presence of bounded delays.
Lemma 1 also gives an explicit bound on the impact that an increasing delay has on the
convergence rate. As can be expected, the guaranteed convergence rate deteriorates with
increasing 7. More precisely, p is monotonically increasing in 7, and approaches one as 7
tends to infinity.

The next result extends Lemma 1 to a family of unbounded delays, which allows us to
deal with totally asynchronous iterations (Bertsekas and Tsitsiklis, 2015, Chapter 6), and
shows that the sequence {V}} can still be guaranteed to converge.
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Lemma 2 Let {Vi} be a non-negative sequence such that

Vieer < qVi Ve, k€N, 13
k+1 = ¢ k+p(k_$i§£§k ¢ 0 (13)

for some non-negative scalars q and p. Suppose that the delay sequence {1y} satisfies

lim k— 7 = +00. (14)

k——+o0

If g+ p < 1, then {Vi} asymptotically converges to zero:

lim Vi =0.
k—+o0

Proof. See Appendix B.1. [ |

Lemma 2 provides a test for asymptotic convergence of asynchronous iterations with
delays satisfying (14). Assumption (14) holds for bounded delays, irrespectively of whether
they are constant or time-varying. Moreover, delays satisfying (14) can be unbounded, as
exemplified by 7, = |0.2k| and 7, = [Vk]. This constraint on delays guarantees that
as the iteration count k increases, the delay 7, grows at a slower rate than time itself,
thereby allowing outdated information about process updates to be eventually purged from
the computation. To see this, let us assume that the update step in the gradient descent
method is based on gradients computed at stale iterates rather than the current iterate, i.e.,

Tpy1 = T — YV [ (Tr—r,)-
If 73, satisfies (14), then given any time K; € N, there exists a time K3 € N such that
k—m > Ky, Vk2> K.

This means that given any time K, out-of-date information prior to K will not be used
in updates after a sufficiently long time Ky. Therefore, (14) is satisfied in asynchronous
algorithms as long as no processor ceases to update (Bertsekas and Tsitsiklis, 2015).

Although Lemma 2 establishes convergence guarantees for the sequence {Vj} also under
unbounded delays, it no longer provides any finite-time guarantee or rate of convergence.
The next result demonstrates that such guarantees can be obtained when we restrict how
the possibly unbounded delay sequence is allowed to evolve.

Lemma 3 Let {V}} be a non-negative sequence satisfying

Vi1 < qVi Vi, k€N, 15
w1 < q k+p(k_$§>;£§k 7 0 (15)

for some non-negative constants q and p such that ¢+p < 1. In addition, assume that there
exists a function A : R — R such that the following conditions hold:

(i) A0) =1.

(i) A is non-increasing.
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(713) limg—, o0 A(k) =0 and

(q —i—p)A(k — Tk) < A(k‘ + 1), k € Np. (16)

Then Vi, < A(k)Vy for all k € Np.

Proof. See Appendix B.2. |

According to Lemma 3, any function A satisfying conditions (i)—(ii7) can be used to
quantify how fast the sequence {V,} converges to zero. For example, if A(t) = p! with
p € (0,1), then {Vi} converges at a linear rate; and if A(t) = ¢t~" with n > 0, then {Vi}
is upper bounded by a polynomial function of time. Given ¢ and p, it is clear from (16)
that the admissible choices for A and, hence, the convergence bounds that we are able to
guarantee depend on the delay sequence {7;}. To clarify this statement, we will analyze
a special case of unbounded delays in detail. Assume that {73} can grow unbounded at a
linear rate, i.e.,

7 <ak+ B, keNy, (17)

where o € (0,1) and 5 > 0. The associated convergence result reads as follows.

Corollary 4 Let {Vi} be a non-negative sequence such that

Vig1 <qVie+p  max  V, ke N,
(k—7k)+ <t<k

for some non-negative scalars q and p. Suppose the delay sequence {1} satisfies (17). If
q+p<1, then

ak 1
Vi<|——=+1) W, keN
k_<1_a+6+> 05 € No,

where n = In(q + p)/In(1 — ).

Proof. Conditions (i)—(7i7) of Lemma 3 are satisfied by the function
at 1
Aty =——=+1 .
) <1 —a+p " >
|

Corollary 4 shows that for unbounded delays satisfying (17), the convergence rate of the
sequence {Vj} is O(k~"). Note that «, the rate at which the unbounded delays grow large,
affects n. Specifically, i is monotonically decreasing with o and approaches zero as « tends
to one. Hence, the guaranteed convergence rate slows down as the growth rate of the delays
increases.

10
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3.2 Results for Iterations on the form (11)

We will now shift our attention to the convergence result for iterations on the form (11). This
result adds a lot of flexibility in how we can model and account for different perturbations
that appear in the analysis of asynchronous optimization algorithms, and will be central to
the developments in Subsections 4.1, 4.2, and 4.3.

Lemma 5 Let {Vi}, {Wi}, and {X}} be non-negative sequences satisfying

k
Xip + Vi1 <@V +pre Z Wy —rWi + ek, k€N, (18)
l=(k—7k)+

where e, € R, g € [0,1], and pg,rr > 0 for all k. Suppose that there is a non-negative
integer T such that

0<7m <7, keN
For every K € Ny, the following statements hold:
1. Assume that q, = 1 for k € Ng. If

Zpkw < Tk (19)
=0

is satisfied for all k € Ny, then

K K
ZXk <V + Zek,
k=0 k=0

K

Vi1 < Vo + Z ek.
k=0

2. Assume that ppy =p >0 and rp, =r > 0 for k € Ng. Assume also that there exists a
constant q € (0,1) such that qx > q for k € Ng. If

. 1 r
27‘—{—1§m1n{,},
l—qp
then

K
(&
Vi1 < Qk+1 (VO + Q: 1> ;
+

k=0

where Qy, is defined as

with Q() =1.

11
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Proof. See Appendix B.3. |
Consider the non-delayed counterpart of (18) with e, =0, gx = ¢ € (0,1), pr =p >0
and r, =7 > 0:

X+ Vi1 <qVe+(p—7)Wg, k€ No.

Assume that ¢ € (0,1) and p < r, or equivalently,

1<— and 1< I.

l—gq p
In this case, the sequence {Vj} converges linearly to zero at a rate of ¢. In general, the exis-
tence of delays may impair performance, induce oscillations and even instability. However,
Lemma 5 shows that for the delayed iteration (18), the convergence rate of {V} is still ¢ if
the maximum delay bound 7 satisfies

1
27'+1§17 and 27 +1<
—dq

T3

This means that up to certain value of the delay, the iteration (18) and its delay-free
counterpart have the same guaranteed convergence rate.

4. Applications to Asynchronous Optimization Algorithms

Data-driven optimization problems can grow large both in the number of decision variables
and in the number of data points that are used to define the objective and constraints. It
may therefore make sense to parallelize the associated optimization algorithms over both
data and decision variables, see Figure 1. One popular framework for parallelizing algo-
rithms in the data dimension is the parameter server (Li et al., 2013b). Here, a master node
(the server) maintains the decision vector, while the data is divided between a number of
worker nodes. When a worker node is queried by the server, it computes and returns the
gradient of the part of the objective function defined by its own data. The master maintains
an estimate of the gradient of the full objective function, and executes a (proximal) gradient
update whenever it receives gradient information from one of the workers. As soon as the
master completes an update, it queries idle worker nodes with the updated decision vector.
If the asynchrony, measured in terms of the maximum number of iterations carried out by
the master between two consecutive gradient updates from any worker, is bounded, then
convergence can be guaranteed under mild assumptions on the objective function (Li et al.,
2013a; Aytekin et al., 2016).

A natural way to parallelize problems with high-dimensional decision vectors is to use
block-coordinate updates. In these methods, the decision vector is divided into sub-vectors,
and different processing elements update the sub-vectors in parallel. In the partially and
totally asynchronous models of Bertsekas and Tsitsiklis (2015), each processing element is
responsible for storing and updating one sub-vector, and it does so using delayed information
of the remaining decision variables retrieved from the other (remote) processors. Under
weak assumptions on the communications delays and update rates of individual processors,
convergence can be proven for contraction mappings with respect to the block-maximum

12
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D Memory O Computing O Data

Vi)l D1 fel: [hif< T2 ()| Dy
(2] —
z VOl P2 — [ |Ta() ||| D2
D L
V fa(?) D, ‘S;( i) [@m| | T ( ) D
(] o= —
Master Workers _’m ik =2
PIAG on a parameter-server architecture ARock on multi-core shared-memory Asynchronous iteration in distributed memory

Figure 1: Three different parallel architectures studied for various algorithms in Section 4. The PI1Ac
and SaD algorithms run on the parameter server (left) distribute data over multiple nodes that
are able to evaluate the corresponding loss function gradients, while the master maintains and
updates the decision vector. In the ARock framework (middle), multiple computing units access
shared memory and update (randomly selected) sub-vectors of the overall decision vector in
parallel. Finally, the totally asynchronous framework (right) allows us to model loosely coupled
distributed architectures where computing nodes retrieve parts of the global decision vector from
remote nodes, and evaluate components of an operator to update their local decisions.

norm (Bertsekas and Tsitsiklis, 2015, Section 6.3). However, only some special combinations
of algorithms and optimization problems result in iterations that are contractive with respect
to the block-maximum norm (Bertsekas and Tsitsiklis, 2015, Section 3.1). Another type
of block-coordinate updates are used in the ARock framework (Peng et al., 2016). Here,
the decision vector is stored in shared memory, and the parallel computing elements pick
sub-vectors uniformly at random to update whenever they terminate their previous work.
Under an assumption of bounded asynchrony, convergence of ARock can be established for
a wide range of objective functions (Peng et al., 2016).

In the remaining parts of this paper, we demonstrate how the sequence results intro-
duced in the previous section allows us to strengthen the existing convergence guarantees for
the algorithms discussed above. Specifically, we improve iteration complexity bounds for the
proximal incremental aggregated gradient (P1AG) method, which is suitable for implemen-
tation in the parameter server framework, with respect to both the amount of asynchrony
and the problem conditioning; we derive tighter guarantees for the asynchronous stochastic
gradient descent method, which depend on the average delay rather on maximal delay; we
prove the linear rate of convergence for ARock under larger step-sizes and provide better
scalability properties with respect to the number of parallel computing elements; and we de-
scribe a unified Lyapunov-based approach for analysis of totally and partially asynchronous
iterations involving maximum norm contractions, that allows to derive convergence rate
guarantees also outside the partially asynchronous regime.
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4.1 Proximal Incremental Aggregated Gradient Method

We begin by considering composite optimization problems of the form

miilei%}zize P(z) := F(z) + R(x). (20)

Here, x is the decision variable, I is the average of many component functions f;, i.e.,
1 n
F(z) = - zfi(x),
1=

and R is a proper closed convex function that may be non-differentiable and extended real-
valued. We use X'* to denote the set of optimal solutions of (20) and P* to denote the
corresponding optimal value. We impose the following assumptions on Problem (20).

Assumption 1 The optimal set X* is non-empty.
Assumption 2 Each function f; : R? = R, i € [n], is convex and L;-smooth.

Note that under Assumption 2, the average function F' is Lp-smooth (Xiao and Zhang,
2014), where

Lp<L:=-)Y L. (21)

In the optimization problem (20), the role of the regularization term R is to favor
solutions with certain structures. Common choices of R include: the ¢; norm, R(z) = A||z||1
with A > 0, used to promote sparsity in solutions; and the indicator function of a non-empty
closed convex set X C R%,

0 if rteX
Rz)=q =
400, otherwise,

used to force the admissible solutions to lie in X'. A comprehensive catalog of regularization
terms is given in Beck (2017).

Optimization problems on the form (20) are known as regularized empirical risk min-
imization problems and often arise in machine learning, signal processing, and statistical
estimation (see, e.g., Hastie et al. 2009). In such problems, we are given a collection of n
training samples {(a1,b1), ..., (an,by)}, where each a; € R? is a feature vector, and each
b; € R is the desired response. A classical example is the least-squares regression where the
component functions are given by

fi(z) = %(ah —b)2, ien),

and popular choices of the regularization terms include R(z) = \1||z||3 (ridge regression),
R(x) = Xo||lz||1 (Lasso), or R(z) = Ai]|z||3 + A2l|lz|1 (elastic net) for some non-negative
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parameters A; and Ao. Another example is logistic regression for binary classification prob-
lems, where each b; € {—1,1} is the desired class label and the component functions are

filw) =log (1 +exp(~bia] z)) . i€ [n].

A standard method for solving Problem (20) is the prozimal gradient (PG) method,
which consists of a gradient step followed by a proximal mapping. More precisely, the PG
method is described by Algorithm 1, where ~ is a positive step-size, and the prox-operator
(proximal mapping) is defined as

1
prox, p(r) = argmin {2Hu —z|? + ’yR(u)} .
u€Rd

Under Assumptions 1 and 2, the iterates generated by the PG method with v = % satisfy
Ll|zo — 2]?
2k

for all £ € N (Beck, 2017, Theorem 10.21). This means that Algorithm 1 achieves the
convergence rate O(1/k) in function values to the optimal value.

P(zy) — P* < (22)

Algorithm 1 Proximal Gradient (PG) Method

Input: zg € R? step-size v > 0, number of iterations K € N
: Initialize k£ < 0

2: while k£ < K do

3 Set g « %Z?:l Vf,(ack)

4: Set Tp41 = Prox, g (Tx — Ygk)
5
6

—_

Set k+k+1
. end while

Each iteration of the PG method requires computing the gradients for all n component
functions. When n is large, this per iteration cost is expensive, and hence often results
in slow convergence. An effective alternative is the proximal incremental aggregated gra-
dient (P1AG) method that exploits the additive structure of (20) and operates on a single
component function at a time, rather than on the entire cost function (Tseng and Yun,
2014). The P1AG method evaluates the gradient of only one component function per it-
eration, but keeps a memory of the most recent gradients of all component functions to
approximate the full gradient VF'. Specifically, at iteration k, the method will have stored
Vfi(xp)) for all i € [n], where ;) represents the latest iterate at which V f; was evaluated.
An integer j € [n] is then chosen, and the full gradient VF(xy) is approximated by

1

gk = —
n

(ij(%’k) = Vi) + Y Vi (W)) :
i=1
The aggregated gradient vector g is employed to update the current iterate x; via

Lh+1 = PI“OXWR(fL"k —YGk)-
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Thus, the P1IAG method uses outdated gradients from previous iterations for the components
fi, i # 7, and does not need to compute gradients of these components at iteration k.

A formal description of the P1IAG method is presented as Algorithm 2. Let us define
si 1 as the iteration number in which the gradient of the component function f; is updated
for the last time before the completion of the kth iteration. Then, we can rewrite the
aggregated gradient vector gj as

1 n

Note that s; 5, € {0,...,k} for each i € [n] and k € Ny. In a traditional (serial) implementa-
tion of PIAG, the selection of j on line 7 follows a deterministic rule (for example, the cyclic
rule) and the gradient of the component function f; is computed at the current iterate, i.e.,
sjk = k. In the parameter server implementation, the index j will not be chosen, but rather
assigned to the identity of the worker that returns its gradient to the master at iteration
k. Since workers can exchange information with the master independently of each other,
worker j may evaluate V f; at an outdated iterate s, ,, where s; ) < k, and send the result
to the server. We assume that each component function is sampled at least once in the past
T iterations of the PIAG method. In other words, there is a fixed non-negative integer 7
such that the indices s;j satisfy

(k—7)y <sip, <k, i€[n], keNp.

The value 7 can be viewed as an upper bound on the delay encountered by the gradients of
the component functions. For example, if the component functions are chosen one by one
using a deterministic cyclic order on the index set {1,...,n}, then 7 =n — 1.

Algorithm 2 Proximal Incremental Aggregated Gradient (P1aG) Method

Input: zo € R?, step-size v > 0, number of iterations K € N

1: fori=1ton do

2 Compute V f;(xo)
3 Store sz($[z]) «— Vfi(zo)
4: end for

5: Initialize k <+ 0
6: while k < K do
7 Choose j from {1,...,n}

8 Compute V f;(zy)

9. Set gy 1 (Vfjlar) = Vilzy) + sy Vii(ey))
10: Store V fj(z(;) < V fj(xk)

11: Set zpy1 < prox,p(Tr — Ygk)

12: Set k+— k+1

13: end while

The following result shows that in the analysis of the PIAG method, we can establish
iterate relationships on the form (11).
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Lemma 6 Let Assumptions 1 and 2 hold. Suppose that {cy} is a sequence defined by
ar =k+ay, k€ Np,
where g 1s a non-negative scalar. Let
Vi = QVak(P(xk) — P*) + ||z, — z¥|?,

and Wy, = ||xpy1 — 2| for k € No. Then, the iterates {x},} generated by Algorithm 2
satisfy

k
Vi1 < Vg —i—’yL(Ozk—‘rT—i-l) Z Wg—(2ak+1—'yLTak)Wk, k € Np.
=(k—71)

£ +

Proof. See Appendix C.1. |
Using this iterate relationship, the sequence result in Lemma 5 yields the following

convergence guarantee for the PIAG method.

Theorem 7 Let Assumptions 1 and 2 hold. Suppose that v € (0, Ymax] with
1

L(2r+1)

Ymax =

Then, for every k € N and any x* € X*, the iterates {x} generated by Algorithm 2 satisfy
%ng — 90*||2 + T(P(xg) — P*)
k+r1 )

Proof. See Appendix C.2. |

According to Theorem 7, the PIAG iterations converge at a rate of O(1/k) when the
constant step-size v is appropriately tuned. The convergence rate depends on the choice
of 7. For example, if we pick

P(x) — P* <

1

- 23
T L+ 1) (23)
then the corresponding {zj} converges in terms of function values with the rate
Ll|lzo — z*||* + 27 (L||mo — 2*||> + P(z) — P*
Plag) - P* < lzo — 2*||? + 27 (L]|zo — 2*| (o) ) keN. (24)

2(k+ 1) ’
One can verify that the right-hand side is monotonically increasing in 7. Hence, the guar-
anteed convergence rate slows down as the delays increase in magnitude. In the case that
7 = 0, the bound (24) reduces to (22), which is achieved by the PG method. From (24), we
can see that if

L||zg — x*||? + 27 (L||$0 —z*||2 + P(x0) — P*)

k>K.= 5 -,
€

then P1AG with the step-size choice (23) achieves an accuracy of P(zy)—P* < e. This shows
that the PIAG method has an iteration complexity of O(L(7 + 1)/¢) for convex problems.
Therefore, as 7 increases, the complexity bound deteriorates linearly with 7. Note that the
linear dependence on the maximum delay bound 7 is unavoidable and cannot further be
improved (Arjevani et al., 2020).
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Remark 8 Sun et al. (2019) analyzed convergence of the PIAG method under Assump-
tions 1 and 2 and proved O(C/k) convergence rate, where C is a positive constant. While
the constant C' is implicit in Sun et al. (2019), Huang et al. (2021) showed that the analysis
in Sun et al. (2019) guarantees an O(t3L?/€) iteration complexity for the PIAG method. In
comparison with this result, Theorem 7 gives a better dependence on the Lipschitz constant
(L vs. L?) and on the mazimum delay bound (T vs. 73) in the iteration complexity.

Next, we restrict our attention to composite optimization problems under the following
quadratic functional growth condition.

Assumption 3 There exists a constant p > 0 such that
P(z) = P* 2 &z = I ()", Var € dom R, (25)

where dom R, defined as dom R := {x € R? | R(x) < +o0}, is the effective domain of the
function R, and Iy« () denotes the FEuclidean-norm projection onto the set X*, i.e.,

Iy« (x) = argmin,c y«||u — z||.

Assumption 3 implies that the objective function grows faster than the squared distance
between any feasible point and the optimal set. While every strongly convex function
satisfies the quadratic functional growth condition (25), the converse is not true in gen-
eral (Necoara et al., 2019). For example, if A € R™*¢ is rank deficient and b € R™, the
function F(z) = ||Az — b||? is not strongly convex, but it satisfies Assumption 3. Other
examples of objective functions which satisfy the quadratic functional growth condition can
be found in Necoara et al. (2019). Let us define the condition number of the optimization
problem (20) as @ = L/u. The role of @ in determining the linear convergence rate of
(proximal) gradient methods is well-known (Nesterov, 2013).

We next show that under Assumption 3, an iterate relationship on the form (11) appears
in the analysis of the PIAG method.

Lemma 9 Suppose that Assumptions 1, 2 and 3 hold. Let
2

Vi = E(P(ﬂfk) — P*) + |Jag, — s (i) |12,

and Wy = ||xpy1 — x1]|? for k € No. Then, the iterates {x}} generated by Algorithm 2
satisfy

1—|—’yL(T—|—1) b %—1—1—7'
Vi g() i W W,
+ 1+ yud 1+ yub e(kz_:T” 1+ yub
- _Q
where 6 = ot
Proof. See Appendix C.3. |

We use Lemma 9 together with Lemma 5 to derive the convergence rate of the PiAG
method for optimization problems whose objective functions satisfy the quadratic functional
growth condition.
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Theorem 10 Let Assumptions 1, 2 and 3 hold. Suppose that the step-size v is set to

h

m, h € (0,1].

’y:

Then, for every k € N, the iterates {xy} generated by Algorithm 2 satisfy

k
i) (7070 =)+l T,
1
j

k
oo L 2
(@+1 (27+1)/h) (P(”’O)_P ) + S llzo = T (o) )

Proof. See Appendix C.4. |

Theorem 10 demonstrates that under Assumption 3, the PIAG method is linearly con-
vergent by taking a constant step-size inversely proportional to the maximum delay 7. The
best guaranteed convergence rate is obtained for the step-size

m—Hw@MPSG—

1+(Q+1
1+

P(zy) — P* < (1 -

1
T L)
With this choice of v, the iterates converge linearly in terms of function values with rate
1 k
Plxp) —P*<(1- €0,
() —< 1+(Q+1)(27+1)> 0

where €y = P(z9) — P* + % |lzo — L+ (z0)||2. Taking the logarithm of both sides yields

1
1+ (Q+ 121+ 1)

Since log(1 + z) < z for any > —1, it follows that

* k
log(Plex) = P < g i@+ 1)

Therefore, if the number of iterations satisfy

log(P(zy) — P*) < klog <1 > + log (o) -

+log (0)

k> K. =(1+(Q+1)(2r +1))log (%0) ,

then P(zy) — P* < e. We conclude that the PIAG method achieves an iteration complexity
of O(Q(7+1)log(1/e)) for optimization problems satisfying the quadratic functional growth
condition. Note that when 7 = 0, this bound becomes O(Qlog(1/e€)), which is the iteration
complexity for the PG method (Beck, 2017, Theorem 10.30).

As discussed before, if the component functions are selected in a fixed cyclic order, then
7 =n — 1. It follows from Theorem 7 and Theorem 10 that the iteration complexity of the
P1AG method with cyclic sampling is O(nL/e) for convex problems and O(nQ log(1/e)) for
problems whose objective functions satisfy the quadratic functional growth condition. Each
iteration of the PIAG method requires only one gradient evaluation, compared to n gradient
computations in the PG method. Therefore, in terms of the total number of component
gradients evaluated to find an e-optimal solution, the iteration complexity of PG and the
cyclic PIAG are the same.
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Remark 11 Schmidt et al. (2017) proposed a randomized variant of PIAG, called stochastic
average gradient (SAG), where the component functions are sampled uniformly at random.
The iteration complexity of the SAG method, in expectation, is (’)(max{n,Q}log(l/e)) for
strongly convez problems and O((n+ L)/e)) for convex problems. The mazimum allowable
step-size for the SAG method is larger than that of the PIAG method, which can lead to
improved empirical performance (Schmidt et al., 2017, Figure 1). Note, however, that in
some applications, the component functions must be processed in a particular deterministic
order and, hence, random sampling is not possible. For example, in source localization
or distributed parameter estimation over wireless networks, sensors may only communicate
with their neighbors subject to certain constraints in terms of geography and distance, which
can restrict the updates to follow a specific deterministic order (Blatt et al., 2007).

4.1.1 COMPARISON OF OUR ANALYSIS WITH PRIOR WORK

Blatt et al. (2007) proposed the incremental aggregated gradient (IAG) method for solving
unconstrained optimization problems. For a special case where each component function
is quadratic, they showed that the IAG method with a constant step-size achieves a linear
rate of convergence. The authors obtained these results using a perturbation analysis of the
eigenvalues of a periodic linear system. However, the analysis in Blatt et al. (2007) only
applies to quadratic objective functions and provides neither an explicit convergence rate
nor an explicit upper bound on the step-sizes that ensure linear convergence.

Tseng and Yun (2014) proved global convergence and local linear convergence for the
P1AG method in a more general setting where the gradients of the component functions are
Lipschitz continuous and each component function satisfies a local error bound assumption.
For a L-smooth and (possibly) non-convex function F', the proof of Theorem 4.1 in Tseng
and Yun (2014) shows that the iterates generated by PI1AG satisfy

2 k
v°L yLT
Plonss) = P < Pl = P+ TE ST adP =y (1= 257 ) P, (20
t=(k—7)4

where dj, is the search direction at iteration k£ and given by

1

dy, = argmin {(gk, dy + = ||d||* + Rz + d)} :
deRd 2

By defining Vi, = P(z) — P*, X}, = v(1 — h)||dx||? with h € (0,1), and Wy, = ||d||?, we can

rewrite (26) as

'yQL F ~yLT
Xk‘i‘VkJrlSVk"‘Tz (kz:) Wg—’}/<h—2>Wk
— —T)+

The iterates satisfy a relationship on the form (11). Thus, according to Lemma 5, if

2
v L(T+ 1) ~yLT
TETTY) - p— =T
9 =7 B )
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then Zszo X < Vp for every K € N. This, in turn, implies that

K
P(x) — P* 2h
kZ:oH Wl < va—n) 0 VT ILr+1)

which is the same result as in Tseng and Yun (2014) for non-convex objective functions.
While the analysis in Tseng and Yun (2014) is more general than that in Blatt et al. (2007),
as the authors did not limit the objective function to be strongly convex and quadratic,
explicit rate estimates and a characterization of the step-size needed for linear convergence
were still missing in Tseng and Yun (2014).

Giirbiizbalaban et al. (2017) provided the first explicit linear rate result for the IAG
method. According to the proof of Theorem 3.3 in Giirbilizbalaban et al. (2017), the iterates
generated by IAG satisfy a relationship of the form (10) given by

Vg1 < <1 - W) Vi + (9"}/4L4T2 + 672L27') max Vo,
w4+ L (k—27) 4+ <t<k
where Vj, = ||z, — 2*||?. As in Giirbiizbalaban et al. (2017), we can use Lemma 1 to obtain
an iteration complexity of O(Q?*7%log(1/€)) for the IAG method. However, this analysis
has a drawback that the guaranteed bound grows quadratically with both the condition
number ) and the maximum delay 7.

The quadratic dependence of the iteration complexity on ) was improved by Aytekin
et al. (2016) for strongly convex composite objectives and by Zhang et al. (2021) under
a quadratic functional growth condition. Specifically, the proof of Theorem 1 in Aytekin
et al. (2016) shows that for the iterates generated by P1AG, we have

k
1 7L(T+1)> ( 1 )
Vs < Vg (A7) W, — W,
k“_<1+w) ‘ < L+yu 2 W T+yu) "

l=(k—7)+

where Vi = ||z — 2*[|? and Wy, = ||zps1 — 2>, Since the iterates satisfy a relationship of

the form (11), it follows from Lemma 5 that

1 1
— 2|2 < —z*|?, f 0 :
|z — 2| _(1+w> |zo — 2|7, fory € et D)

The above convergence rate leads to an iteration complexity of (’)(QT2 log(1/ e)), which
matches the bound derived in Aytekin et al. (2016). However, this analysis has some
limitations. First, the number of iterations required to reach an e-optimal solution increases
quadratically with the maximal delay 7. Second, the constant step-size that guarantees
linear convergence is inversely proportional to the square of 7.

Vanli et al. (2018) improved the quadratic dependence on 7 to a linear one by showing
that the iteration complexity of the PTAG method is O(QT log(l/ﬁ)). According to the proof
of Theorem 3.9 in Vanli et al. (2018), the iterates generated by PIAG satisfy

1 3L — 1
Vie1 < | ——— | W, — = W, ———m—— | Wy,
’““—<1+w/16> ’“*<4<1+w/16>>zz(,€2ﬂ+ ‘ (47(1+w/16)> ’
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where V), = P(z;) — P* and Wy, = |75 1 — 2 ||?. Therefore, by Lemma 5, we have

1

k
1+’Y,U/16> (P(xzg) — P*), forvye <0

*
P(zy) — P §< ’3L(27‘—|—1)}’
which is the same bound as in Vanli et al. (2018). In comparison with this result, Theorem 10
allows PIAG to use larger step-sizes that leads to a tighter guaranteed convergence rate. This
improvement is achieved through our choice of the sequence Vj, which includes two terms:
P(x},) — P* and ||z — 2*||%. In addition, the analysis in Vanli et al. (2018) only applies to
strongly convex problems.

We have thus shown that our sequence results can be used to obtain the convergence
guarantees established in Tseng and Yun (2014); Giirbiizbalaban et al. (2017); Aytekin
et al. (2016); Vanli et al. (2018), as their analysis involves recurrences of the form (10)
or (11). Upon comparing our analysis with previous work, it becomes clear that for a
specific algorithm, such as PIAG, the range of step-sizes and convergence rates guaranteed
by Lemmas 1- 5 depend heavily on the choice of sequences Vi, Wy, and Xj. Selecting these
sequences involves considering the characteristics of the algorithm and properties of the
optimization problem that the algorithm aims to solve. For example, for the PIAG method,
we see that

Vk = P(wk) — P
for non-convex problems,
Vi = 29(k +7)(P(x) = P*) + [|lzg — 2*||?

for convex problems, and

Vk = Z(P(a;k) — P*) + ka — Iy (l'k)H2
for problems whose objective functions satisfy the quadratic functional growth condition
result in sharper theoretical bounds and larger step-sizes than the previous state-of-the-art.

4.2 Asynchronous SGD

To demonstrate the versatility of the sequence results, and that they are not limited to
deliver step-size rules and convergence rates that depend on the maximal delay, we now
consider stochastic optimization problems of the form

minimize F(z) := Eeop[f(2,€)]. (27)

x€R4

Here, x is the decision variable, £ is a random variable drawn from the probability distri-
bution D, and f(-,£) : R? — R is differentiable for each £. This objective captures, for
example, supervised learning where x represents parameters of a machine learning model
to be trained. In this case, D is an unknown distribution of labelled examples, £ is a data
point, f(x,§) is the loss of the model with parameters x on the data point &, and F is the

generalization error. We use X* to denote the set of optimal solutions of Problem (27) and
F* to denote the corresponding optimal value.
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In machine learning applications, the distribution D is often unknown, which makes
it challenging to solve Problem (27). To support these applications, we do not assume
knowledge of F', only access to a stochastic oracle. Each time the oracle is queried with an
r € RY, it generates an independent and identically distributed (i.i.d.) sample ¢ from D
and returns V f(x, ), which is an unbiased estimate of VF'(z), i.e.,

VF(z) =Eeup |V f(z,8)].

We then use the stochastic gradient V f(x,§), instead of VF(z), in the update rule of the
optimization algorithm that attempts to minimize F.

The classical stochastic gradient descent (SGD) method is among the first and the most
commonly used algorithms developed for solving Problem (27). Its popularity comes mainly
from the fact that it is easy to implement and has low computational cost per iteration.
The SGD method proceeds iteratively by drawing an i.i.d sample & from D, computing
V f(xk, &), and updating the current vector xj via

Tht1 = T — RV f(@k, &),

where vy is a step-size (or learning rate). For a L-smooth and convex function F, the
iteration complexity of the SGD method is

2
o(23)
€ €

which is O(0?/e?) asymptotically in e (Lan, 2012).

The SGD method is inherently serial in the sense that gradient computations take place
on a single processor which has access to the whole data set and updates iterations sequen-
tially, i.e., one after another. However, it is often infeasible for a single machine to store and
process the vast amounts of data that we encounter in practical problems. In these situa-
tions, it is common to implement the SGD method in a master-worker architecture in which
several worker processors compute stochastic gradients in parallel based on their portions
of the data set while a master processor stores the decision vector and updates the current
iterate. The master-worker implementation can be executed in two ways: synchronous and
asynchronous.

In the synchronous case, the master will perform an update and broadcast the new
decision vector to the workers when it has collected stochastic gradients from all the workers.
Given M workers, the master performs the following mini-batch SGD update

M
Thy1 = T — % > VI (@k k)
m=1

when stochastic gradients V f (l’k, f;ﬁl), cees Vf(xk, fk,M) are computed and communicated
back by workers. In terms of the total number of stochastic gradients evaluated to find an
e-optimal solution, the iteration complexity of the mini-batch SGD method is

o2, ”

€
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for L-smooth and convex objective functions (Dekel et al. 2012). This bound is asymptoti-
cally O(0?/€?), which is exactly the asymptotic iteration complexity achieved by the SGD
method. However, using M workers in parallel, the mini-batch SGD method can achieve
updates at a rate roughly M times faster. This means that mini-batch SGD is expected to
enjoy a near-linear speedup in the number of workers.

A main drawback of the mini-batch SGD method is that the workers need to synchronize
in each round and compute stochastic gradients at the same decision vector. Due to various
factors, such as differences in computational capabilities and communication bandwidth, or
interference from other running jobs, some workers may evaluate stochastic gradients slower
than others. This causes faster workers to be idle during each iteration and the algorithm
suffers from the straggler problem, in which the algorithm can only move forward at the
pace of the slowest worker. The asynchronous SGD method offers a solution to this issue
by allowing the workers to compute gradients at different rates without synchronization
and letting the master perform updates using outdated gradients. In other words, there is
no need for workers to wait for the others to finish their gradient computations, and the
master can update the decision vector every time it receives a stochastic gradient from some
worker. For this method, the master performs the update

Tp1 = T — WV (Thore, &) s (29)

where 7, is the delay of the gradient at iteration k. The value of 75, which is often much
greater than zero, captures the staleness of the information used to compute the stochastic
gradient involved in the update of zj. In (29), the index of stochastic noise & is equal to
the iteration number k to show that previous iterates z;, for & < k do not depend on this
stochastic noise (Agarwal and Duchi, 2011). Algorithm 3 describes the asynchronous SGD
method executed in a master-worker setting with one master and M workers.

Algorithm 3 Asynchronous SGD

Input: z( € R¢

1: Server sends xq to all workers
2: for k=0,1,... do

3: Workers compute stochastic gradients at the assigned points in parallel
4 Gradient Vf(ack,fk,fk) arrives from some worker my € {1,..., M}

5 Server updates xpy1 < 2 — VeV f (wk—rk,fk:)

6: Server sends xy11 to worker my,

7: end for

To characterize the iteration complexity and the convergence rate of Algorithm 3, we
make the following assumptions.

Assumption 4 The objective function F : R¢ — R is L-smooth.

Assumption 5 The stochastic gradients have bounded variance, i.e., there exists a constant
o > 0 such that

Ee [V f(2,8) = VF(2)|’] < o®.
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Assumption 6 There is a non-negative integer Tmax Such that
0< 7 < Tmax ke NO'

Most existing theoretical guarantees for the asynchronous SGD method show that the
number of iterations required to reach an e-optimal solution grows with the maximum
delay Tmax (see, e.g., Agarwal and Duchi 2011; Lian et al. 2015; Feyzmahdavian et al. 2016;
Mania et al. 2017; Arjevani et al. 2020; Stich and Karimireddy 2020). In particular, Arjevani
et al. (2020) analyzed positive semi-definite quadratic functions and Stich and Karimireddy
(2020) considered general L-smooth convex functions and proved that if the delays are
always constant (7 = Tmax for k € Np), the asynchronous SGD method attains an iteration
complexity bound of the form

O <L(Tmax + 1) + oj) . (30)

€ €
This bound is unable to exclude the possibility that the performance of asynchronous SGD
degrades proportionally to 7yn.x. In heterogeneous environments involving workers with
different computational speeds, Tmax is effectively determined by the slowest worker. This
suggests that similar to mini-batch SGD, the asynchronous SGD method may face the strag-
gler issue. Moreover, the step-size used to achieve the bound (30) is inversely proportional
t0 Tmax, and may hence be quite small, which degrades the performance of the algorithm
in practice.

To mitigate the impact of stragglers on asynchronous optimization, Aviv et al. (2021)
and Cohen et al. (2021) developed delay-adaptive SGD methods whose rates depend on the
average delay Taye rather than on 7,,x. Performance of these methods are more robust to
asynchrony since T,ye can be significantly smaller than 7,.«, especially when some workers
are much slower than others. For instance, consider the implementation of the asynchronous
SGD method using two workers, where one worker is 1000 times faster than the other in
computing gradients. When the master waits for the slower worker to finish computing a
gradient, it can use the faster worker’s gradients to produce 1000 updates. As a result, 7%
is equal to 0 for £ = 0,...,999, and 7990 = 1000. This indicates that the average delay Taye
would be approximately 1, while Tyax = 1000. Although this scenario is hypothetical and
constructed to make a point, actual delays tend to have T, > Tave. For example, the delay
measurements for a 40 worker implementation of asynchronous SGD reported in Figure 1
in Mishchenko et al. (2022) have Tax = 1200, while 7,y = 40.

Although the methods developed in Aviv et al. (2021) and Cohen et al. (2021) are more
robust to straggling workers, there are some limitations to their convergence guarantees.
Specifically, the rates in Aviv et al. (2021) were derived under the assumption that the
gradients are uniformly bounded, while the results in Cohen et al. (2021) only hold with
probability % Koloskova et al. (2022) and Mishchenko et al. (2022) have recently addressed
these limitations, and shown that asynchronous SGD is always faster than mini-batch SGD
regardless of the delay patterns. In particular, Koloskova et al. (2022) proposed a delay-
adaptive step-size rule, under which asynchronous SGD achieves an iteration complexity

N (L(Tave +1) 02)

€ €2
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for L-smooth non-convex functions. Mishchenko et al. (2022) provided convergence guar-
antees for L-smooth convex, strongly convex, and non-convex functions which depend only
on the number of workers used to implement the algorithm.

Similar to Koloskova et al. (2022), we investigate the convergence of the asynchronous
SGD method with delay-dependent step-sizes. We define the step-size sequence as

Y, Tk < Tth,
T = (31)
0, 7k > T,
where the threshold parameter 7y}, is a non-negative constant satisfying
min{27—ave> 7-max} < Tth-

The adaptive rule (31) sets the step-size to a constant value 4 when the delay of the kth
iteration is at most 7. Otherwise, it sets the step-size to zero, effectively dropping the
gradients with large delays. Note that (31) reduces to a constant step-size rule by setting
Tth = Tmax- In this case, the step-size remains fixed at « for all iterations, regardless of the
delay values. The main goal of this section is to use the sequence results from Section 3
to: (i) extend the results of Koloskova et al. (2022) to L-smooth convex and strongly con-
vex functions; (i) improve upon the previously best-known rate of the asynchronous SGD
method with constant step-sizes for strongly convex functions given in Stich and Karim-
ireddy (2020); and (iii) recover the convergence rates derived in Mishchenko et al. (2022).

Remark 12 To use the delay-dependent step-size rule (31), prior knowledge of Taye is Te-
quired. This is challenging since gradient delays are usually difficult to predict before im-
plementing the algorithm. However, Koloskova et al. (2022) and Mishchenko et al. (2022)
have shown that for the asynchronous SGD method running on M workers, it holds that

Tave < M — 1.
Therefore, Algorithm 3 can be implemented without prior knowledge of Tave by setting
Tth — 2(M - 1)

The following result shows that in the analysis of the asynchronous SGD method, we
can establish iterate relationships on the form (11).

Lemma 13 Suppose that Assumptions 4—6 hold. Let
Vi = E[|lax — 2*||?], Xi = 2vE[F(a) — F*], and Wy = 2E[||VF (25— ||'],

where the expectation is over all random variables &y, ...,&_1. For the iterates generated
by Algorithm 3, the following statements hold:

1. If F 1is convex, then
k-1 1 k-1
Xi+ Vi <Vt 2mml > Wi- (L — 1) Wi+ [ %+2uwl > 7] o°
e=(k—mx) Ve t=(k—mx)
k)+ k)+
for v >0, and Vi1 = Vi for v, = 0.
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2. If F is p-strongly convex, then

k—1 k—1
1
Virr < (1= vep) Vie + 27 7i L Z W, — (L - 1) Wy + (’7;% + 27 L Z ’Yz?) o”
t=(h—1i)+ Tk 0=(k—7i)+

for v >0, and Vi1 = Vi for v, = 0.

Proof. See Appendix D.1. |
Using this iterate relationship, Lemma 5 allows us to derive convergence guarantees for
the asynchronous SGD method. Our proof is based on the observation that, even if some
gradients with large delays are discarded, gradients with delays less than or equal to the
threshold parameter 7y, are sufficient to ensure the convergence of the algorithm.

Theorem 14 Suppose Assumptions 4—6 hold. Let 1y, be a non-negative constant such
that

min {27—ave7 Tmax} < Tth,

where Tave 1S the average delay, i.e.,

K

1
Tave = m kZ_OTk-

Using the delay-dependent step-size rule (31) in Algorithm 5 yields the following results:

1. For convex F' and any x* € X*, choosing

VE(O’MM]’

guarantees that

* |12
E[Fzg) - ] < 122" g 5 o2, K e Ny,
[ (K) ]— 7(K+1) ( )’7 0
where T is the weighted average of xy,...,xK defined as
, 1 <
Tk %4 VkTk
> ke Yk k=0

2. For strongly convex F, choosing

1
€ 077 )
7 < L(27n + 1)]

ensures that
2

K 2vo
Ellox — 17 < oxp (- 255 ) o - '+ 27, K
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Proof. See Appendix D.2. |

According to Theorem 14, the asynchronous SGD method converges to a ball around
the optimum at a rate of O(1/K) for convex functions and at a linear rate for strongly
convex functions. The choice of v in the delay-adaptive step-size rule (31) affects both
the convergence rate and the residual error: decreasing v reduces the residual error, but it
also results in a slower convergence. Next, we present a possible strategy for selecting v to
achieve an e-optimal solution.

Theorem 15 Suppose that Assumptions 4—6 hold. Given any € > 0, the following state-
ments hold:

1. For convex F, choosing

= min{ L € }
T LrnV2+1) 2(WV2+1)02 )’

implies E[F(Zg) — F*] < € after

iterations.

2. For strongly conver F, setting vy to

. 1 €L
=mny ——, —
i L2mn +1) 402"

guarantees that B|||lzg — o*||] < € after
L 1 2 1
(’)<< (Ten + )+02> log <>>
i € €

Proof. See Appendix D.3. |

According to Theorem 15, the value of 7 needed to achieve an e-optimal solution de-
pends on two terms. The role of the first term is to decrease the effects of asynchrony on
the convergence of the algorithm, while the second term aims to control the noise from
stochastic gradient information. The first term is monotonically decreasing in the threshold
parameter 7,. At the same time, the guaranteed bounds on the iteration complexity are
monotonically increasing in 7y,. Therefore, choosing a smaller value for 7y}, allows the algo-
rithm to use larger step-sizes by discarding more gradients with long delays, and results in
fewer iterations required to attain an e-optimal solution.

When the threshold parameter 7y, is set to 27ave, Theorem 15 shows that the asyn-
chronous SGD method with delay-adaptive step-sizes achieves an iteration complexity of

N (L(Tave +1) 02)

€ €2

iterations.
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for convex objective functions. The average delay Tave only appears in the first term and
its negative impact on the convergence rate is asymptotically negligible once

g

mes0(7). (52)

In this case, the asynchronous SGD method has the same asymptotic iteration complexity as
the serial SGD method. Our asymptotic rate O(o?/€?) for asynchronous SGD is consistent
with the results in Arjevani et al. (2020) and Stich and Karimireddy (2020). However, their
requirement to guarantee such rate is

2
Tmax < O <26> s

which is more conservative than (32) since necessarily Tave < Tmax-

According to Remark 12, we can select the threshold parameter as 7y, = 2(M — 1). By
doing so, it follows from Theorem 15 that for convex problems, we have

2
0 <LM + "2) .
€ €
By comparing this bound with (28), we can see that the asynchronous SGD method with
delay-adaptive step-sizes attains the same iteration complexity as the mini-batch SGD
method. Since each update of mini-batch SGD takes the time needed by the slowest worker,
its expected per-iteration time is slower than that of asynchronous SGD. This means that
asynchronous SGD outperforms mini-batch SGD regardless of the delays in the gradients, as
previously proved by Koloskova et al. (2022) and Mishchenko et al. (2022).
By setting 7y, = 27ave, the iteration complexity for strongly convex functions is

o((H50 )

In the case that T,y = 0, the preceding guaranteed bound reduces to the one obtained
in Gower et al. (2019) for the serial SGD method. We can see that the average delay Taye
can be as large as O (02 / (,uLe)) without affecting the asymptotic rate of Algorithm 3.

An alternative approach to tune the step-size in Algorithm 3 is to use v that depends
on a prior knowledge of the number of iterations to be performed (Lan, 2012; Mishchenko
et al., 2022). Assume that the number of iterations is fixed in advance, say equal to C. The
following result provides the convergence rate of Algorithm 3 in terms of K.

Theorem 16 Let Assumptions 4—6 hold. Given K € N, the following statements hold:

1. For convex F and

. 1 [0 — ||
/y = min ) )
{L(Tth\/ﬁ-i-l) oVV2+1VK +1
Algorithm 8 ensures

_ q L(mgn + 1) o
E[F(zxc) — F*] _O<}llc+\/1€>'

29



FEYZMAHDAVIAN AND JOHANSSON

2. For strongly conver F' and

. 1 2 p2Kzo — 2]
- S ST A
7 mm{L(QTth—i—l)’ UK Og( * 402 ’

Algorithm 3 guarantees that

E[|ex —2*|*] = O (exp (_L(Tﬁﬁl)) !

Proof. See Appendix D.4. [ ]
For strongly convex problems, the previously best known convergence rate under con-
stant step-sizes was given in Stich and Karimireddy (2020) and is expressed as

. e o?
0 (e (piin) )

However, when we set Tip, = Tmax, Theorem 16 tells us that the asynchronous SGD method
with a constant step-size converges at a rate of

ofon (i) %)

Therefore, we obtain a sharper guaranteed convergence rate than the one presented in Stich
and Karimireddy (2020). Note also that our theoretical guarantee matches with the bound
in Arjevani et al. (2020) derived for strongly convex quadratic functions.

By selecting the threshold parameter as 7y, = 2(M — 1), it follows from Theorem 16
that the asynchronous SGD method achieves a convergence rate of

=%

_l’_

E[F(zx) - F*] = O ( L

. K 2
@) <exp (_ll'f]\/[) + (ITC>

for strongly convex functions, which match the rates provided by Mishchenko et al. (2022).

LM a)

for convex functions and

4.2.1 COMPARISON OF OUR ANALYSIS WITH PRIOR WORK

Arjevani et al. (2020) analyzed the asynchronous SGD method for convex quadratic func-
tions and provided the first tight convergence rate. However, their proof technique is based
on the generating function method, which is only applicable to quadratic functions. To
extend these results to general smooth functions, Stich and Karimireddy (2020) employed
the perturbed iterate technique, which was originally developed by Mania et al. (2017) to
analyze asynchronous optimization algorithms. In Theorem 16, we establish a convergence
rate for convex problems that matches the one derived by Stich and Karimireddy (2020)
while also providing a tighter guarantee for strongly convex problems. Next, we show how
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to recover the convergence rate result for non-convex objective functions given in Stich and
Karimireddy (2020). For L-smooth (possibly non-convex) functions F', the proof of Theo-
rem 16 in Stich and Karimireddy (2020) shows that the iterates generated by asynchronous
SGD satisfy

k—1
E[F(ir41) — FY] <E[F(@) - F* 14+ 7 LTax > E[IVF(zo)|?]
b=(k—Tmax)+
v(1— Ly 373 L Tinax + 72 L)o?
A Gt 5 )E[HVF(%)Hz] +( 5 ) o (33)

where {Z} with £y = z¢ is a virtual sequence defined in the proof. Let
Vi =E[F(Z) — F*], Wi =E[|VF(zi)|?], X = %E[HVF(@)HQ},

and e = (373 L?Tmax + 7?L)0? /2. Then, we can rewrite (33) as

1-— 2L
Xy + Vk+1 < Vi + ’YSLQTmax Z Wy — ( 7) — Wi +e,

(k Tlnux)+

which is on the form (11). Thus, according to Lemma 5, if

ppe o 2(1-200)

max — 4 I

then Zf:o X < Vo+ (K +1)e for K € N. This implies that

K
4(F(z0) — F*) ) 1
E[|VF(z)|?] < +5vL(K +1)o?, forye (0, ———|.
kZ:O [V F ()] Y ( ) 3 (rome £ 1)
By setting

y=mind oL %MFWM—Fﬂ

2L(Tmax + 1) \| BL(K 4+ 1)o2 [’
which minimizes the right-hand side of the inequality above with respect to v, we obtain

L(Tmax + 1) (F (o) — F*) N U\/L(F(xo) — F¥)
K+1

o2 AB[IVF @)} =0 K1

This convergence guarantee matches the bound derived in Stich and Karimireddy (2020).

Also focusing on non-convex problems, Koloskova et al. (2022) proposed a delay-adaptive
step-size rule that eliminates the dependence of the convergence rate on Tyax. According
to the proof of Theorem 8 in Koloskova et al. (2022), the following inequality holds for the
sequence generated by asynchronous SGD:

k—1 k1
Xi+Virn S Vi +wmel? ). Wi- 7sz + | WL+wl® D Ao
l=(k—Tk)+ b=(k—7k)+
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where Vi, = E[F(zx)—F*], X = LE[||VF(z1)|?], and Wy, = 'ygE[HVF(:ck,Tk)HQ]. Similar
to the proof for Theorem 14, it follows from Lemma 11 that

1 & b A(F(w) — F*)

By setting T, = 27ave, the above convergence rate leads to an iteration complexity of

O<Tave+0'22)'
€ €

This bound is the same as the one provided in Koloskova et al. (2022). Alternatively,
choosing 7, = 2(M — 1) results in

1
+6yLo?, forye (0, ——|.
e H ( QL(Tth+1)]

which matches the iteration complexity derived in Mishchenko et al. (2022) using the
perturbed iterate technique. While we recover the convergence guarantees presented in
Mishchenko et al. (2022), recurrences of the form (10) and (11) did not appear in their
proofs. The reason is that the analysis in Mishchenko et al. (2022) relies on upper bounds
for the delayed terms that are expressed in terms of M, rather than on the delay values
themselves.

4.3 Asynchronous Coordinate Update Methods

Many popular optimization algorithms, such as gradient descent, projected gradient descent,
proximal-point, forward-backward splitting, Douglas-Rachford splitting, and the alternat-
ing direction method of multipliers (ADMM), can be viewed as special instances of the
Krasnosel’skii-Mann (KM) method for operators (Peng et al., 2016). The only way they
differ is in their choice of operator. The KM method has the form

Tpr1 = (1= y)ap +9T(2r), k€N, (34)
where v € (0,1) is the step-size, and T : R? — R? is a nonexpansive operator, i.e.,
IT() =Tl < llo—yll, Vz,yeR™

Any vector z* € RY satisfying T'(z*) = 2* is called a fized point of T and the KM method
can be viewed as an algorithm for finding such a fixed point. Let S = I; — T, where I is
the identity operator on R?. Then, (34) can be rewritten as

Thy1 =Tk — ’yS(xk), k € Np. (35)

This shows that the KM method can be interpreted as a taking a step of length + in the
opposite direction of S evaluated at the current iterate. For example, the gradient descent
method for minimization of a L-smooth convex function f : R — R can be formulated as
the KM method with

2 2
S = EVf, or equivalently, T =1;— EVf.
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We represent z as z = ([z],.. [ Jm), where [z]; € R% with di, ...,d, being positive
integer numbers satisfying d = d .+ dpn. We denote by S; : R? — R% the ith block of
S, s0 S(z) = (S1(2),...,m(x)). Thus we can rewrite (35) as

[Tkt1]; = [wk]; — vSi(wk), i € [m].

ARock is an algorithmic framework for parallelizing the KM method in an asynchronous
fashion (Peng et al., 2016). In ARock, multiple agents (machines, processors, or cores) have
access to a shared memory for storing the vector x, and are able to read and update
x simultaneously without using locks. Conceptually, ARock lets each agent repeat the
following steps:

e Read z from the shared memory without locks and save it in a local cache as T;
e Choose an index ¢ € [m] uniformly at random and use Z to compute S;(Z);

e Update component ¢ of the shared = via

Since the agents are being run independently without synchronization, while one agent is
busy reading x and evaluating S;(z), other agents may repeatedly update the value stored
in the shared memory. Therefore, the value Z read from the shared memory may differ from
the value of z to which the update is made later. In other words, each agent can update
the shared memory using possibly out-of-date information.

Algorithm 4 ARock
Input: zo € R?, step-size v > 0, number of iterations K € N

1: Initialize global counter k& < 0

2: while k£ < K do

3: Read each position of shared memory denoted by Zj
4 Sample iy from {1,...,m} with equal probability %
5 Set [Trt1liy < [xli — 7Si (Tk)

6: Set k+—k+1

7: end while

Algorithm 4 describes ARock. We assume that the write operation on line 5 is atomic,
in the sense that the updated result will successfully appear in the shared memory by the
end of the execution. In practice, this assumption can be enforced through compare-and-
swap operations (Niu et al., 2011). Updating a scalar is a single atomic instruction on most
modern hardware. Thus, the atomic write assumption in Algorithm 4 naturally holds when
each block is a single scalar, i.e., m = d and d; = 1 for all i € [m].

We define one iteration of ARock as a modification on any block of x in the shared
memory. A global counter & is introduced to track the total number of iterations so that x
is the value of z in the shared memory after k iterations. We use i to denote the component
that is updated at iteration k, and zj, for the value of x that is used in the calculation of
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S;. (). Since every iteration changes one block of the shared memory and all writes are
required to be atomic, we have

T =Tk + Z (Tj41 — x5), (36)
Jj€Jk

where J;, C {0,...,k—1}. The set Jj contains the indices of the iterations during which a
block of shared memory is updated between the time when & is read and the time when
x is written. Thus, the sum in (36) represents all updates of the shared vector that have
occurred from the time that the agent i;, begins reading 7; from memory until it finishes
evaluating S;, () and writes the result to memory (see Peng et al. 2016 for a more detailed
discussion). Note that individual blocks of the shared vector may be updated by multiple
agents while it is in the process of being read by another agent. Therefore, the components
of T), may have different ages and the vector Zj may never actually exist in the shared
memory during the execution of Algorithm 4. This phenomenon is known as inconsistent
read (Liu and Wright, 2015).

To analyze the convergence of ARock, we need to make a few assumptions similar
to Peng et al. (2016).

Assumption 7 For Algorithm /4, the following properties hold:

1. (Pseudo-contractivity) The operator T = I; — S has a fixed point and is pseudo-
contractive with respect to the Fuclidean norm with contraction modulus c. That is,
there exists ¢ € (0,1) such that

IT(x) — || < cllz —2*]|, Vxe R,

2. (Bounded delay) There is a non-negative integer T such that

(k—7)y <min{j|j € Ji}, VkeN.

3. (Independence) Random variables iy fork =0, ..., K are independent of each other.

Under Assumption 7.1, the serial KM iteration (35) with v € (0, 1] converges to the fixed
point z* at a linear rate (Bertsekas and Tsitsiklis, 2015, Chapter 3). Assumption 7.2
guarantees that during any update cycle of an agent, the vector z in the shared memory is
updated at most 7 times by other agents. Therefore, no component of Zj, is older than 7 for
all £ € Ng. The value of 7 is an indicator of the degree of asynchrony in ARock. In practice,
7 will depend on the number of agents involved in the computation. If all agents are working
at the same rate, we would expect 7 to be a multiple of the number of agents (Wright, 2015).
Similar to Peng et al. (2016) and most results on asynchronous stochastic optimization for
shared memory architecture (e.g., Niu et al. 2011; Liu et al. 2014; Liu and Wright 2015), we
assume that the age of the components of Z. is independent of the block iy being updated
at iteration k. However, this may not hold in practice if, for example, some blocks are more
expensive to update than others (Leblond et al., 2018). This independence assumption can
be relaxed using several techniques such as before read labeling (Mania et al., 2017), after
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read labeling (Leblond et al., 2018), single coordinate consistent ordering (Cheung et al.,
2020), and probabilistic models of asynchrony (Sun et al., 2017; Cannelli et al., 2020).

The following result shows that in the analysis of ARock, we can establish iterate rela-
tionships on the form (11).

Lemma 17 Suppose Assumption 7 holds. Let Vi, = E[||zy, — 2*||*] and Wy, = E[||S(@k)]?]
for k € Ny, where the expectation is over all choices of index i up to step k. Then, the
iterates generated by Algorithm 4 satisfy

Ve < [1- v(1 - c?) ‘/+2ﬂ<r_% T) Sf W,
E T Gy ) e e ) e

(o (e )

Proof. See Appendix E.2. [ ]
Using this iterate relationship, the sequence result in Lemma 5 allows us to derive new
convergence guarantees for ARock.

Theorem 18 Suppose that Assumption 7 holds and that the step-size 7y is set to
B h
T VR

with h € (0,1]. Then, the iterates generated by Algorithm 4 satisfy

h(1 —c?)

E[H%k—f*ﬂz] < (1_ m(l—i—ﬁ(%—i—\/g

Moreover, the algorithm reaches an accuracy ofIE[Hazk — x*||2} < € after

m L T p—L

k
))> lzo — z*||?, k€ N. (37)

iterations.

Proof. See Appendix E.3. [ ]
Theorem 18 shows that for pseudo-contractive operators, ARock converges in expecta-
tion at a linear rate. To quantify how 7 can affect the convergence of ARock, we define

I=_+,/=.

m m
Clearly, I' is monotonically increasing in 7 and is equal to zero for 7 = 0. The maximum
allowable step-size and the linear rate of ARock depend on I'. As I" tends to infinity, the
maximum allowable step-size decreases and approaches zero, while the convergence factor
increases and approaches one. Therefore, ARock should take a smaller step-size for a larger
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I", which will lead to a slower convergence rate. Note that if I' & 0, or equivalently, 7 < m,
then ARock with step-size v =~ 1 has the linear rate

1_2
10:1_ Ca
m

which is precisely the rate for the serial stochastic KM method (Hannah and Yin, 2017). As
discussed before, 7 is related to the number of agents used in the algorithm. Therefore, the
number of agents can be of the order of o(m) without appreciably degrading the convergence
rate of ARock.

The serial KM method (35) with constant step-size yxy = h € (0, 1] needs

1 2o — a*|]?
k> |
) Og( ¢

iterations to satisfy ||z —2*||* < e (Hannah and Yin, 2017). Each iteration of (35) requires
computing all m blocks of S and updating the whole vector . Thus, the overall complexity
of the serial KM method, in terms of the total number of blocks updated to find an e-optimal

solution, is
m 2o — a*|?
Ky = 1 .
KM h(l — 62) og ( c
On the other hand, by Theorem 18, ARock with step-size yarock = h/(1 + 5I') performs

m (14 6I") |zo — z*||?
KaRock = 77— 1 —_—
ARock h(1— c2) og< c

component updates to return an e-optimal solution in average. In the case that I' &~ 0, we
have YaARrock ~ Ykm and Karock ~ Kky. Hence, as long as 7 is bounded by o(m), ARock
can use the same step-size as the serial KM method and achieve the same iteration bound.
Furthermore, since ARock runs on p agents in parallel, updates can occur roughly p times
more frequently, leading to a near-linear speedup in the number of agents.

4.3.1 COMPARISON OF OUR ANALYSIS WITH PRIOR WORK

Peng et al. (2016) proposed ARock for finding fixed points of nonexpansive operators in an
asynchronous parallel fashion. They proved that if T' is nonexpansive and S = I — T is
quasi-p-strongly monotone, then ARock with step-size

1
o)

converges linearly to a fixed point and achieves a linear speedup for 7 < O (ml/ 4).1 How-
ever, we will show that using Lemma 5 in their proof allows us to improve the linear speed

1. The operator S : RY — R? is quasi-y-strongly monotone if it satisfies (z —y, Sz) > pllz — y||? for all
re€Rand y € {z € R? | Sz = 0}.
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condition from 7 < O (m1/4) torT <O (ml/z). According to the proof of Theorem 4 in
Peng et al. (2016), the iterates generated by ARock satisfy

2 k-1 2
Y Y — (1 T
— —T)+

where Vj, = E[[|z; — 2*||* and W), = E[||S(Zk)|?] for k € Ny. Since this inequality is on the
form (11), it follows from Lemma 5 that if

~2 v 1 T
mg(’ﬂﬂ"i‘\/%)(%)Sm(%—l—\/m)a

then Vi converges at a linear rate. This implies that

* k * ]'
Bl — | < (1= 35 ) flg —a”|%, forve 072<1+W+3)>
NG

Therefore, 7 can be as large as O (ml/ 2) without affecting the maximum allowable step-size.
Hence, using Lemma 5 in the proof of Theorem 4 in Peng et al. (2016) improves the upper
bound on 7 by a factor of m!/4.

Hannah and Yin (2017) improved the results in Peng et al. (2016) by showing that for
pseudo-contractive operators,

_ 1
o)

guarantees the linear convergence of ARock and 7 < O (ml/ 2) ensures a linear speedup.
Compared to the result presented in Hannah and Yin (2017), not only can Theorem 18 pro-
vide a larger value for the maximal allowable step-size, but it also improves the requirement
for the linear speedup property from 7 < O (ml/ 2) to 7 < o(m). The analysis in Hannah
and Yin (2017) involves a recurrence of the form

k
Vier <qVi+p Y. Wi—rWi, keN,,
b=(k—7k)+
with the same quantities for V3 and W} as our analysis. However, our coefficients for g, p,
and r are different, since we employ tighter upper bounds on the delayed terms. It is, in
this case, the use of Lemmas 32 and 33 to bound Ej[||z; — Zy||?] and By, [(Z), — zk, S(Zk))],
respectively, that are the keys to our improved results.

4.3.2 A SPEcIAL CASE: ASYNCHRONOUS COORDINATE DESCENT METHOD

We now present a special case of ARock, namely the asynchronous coordinate descent
algorithm for minimizing a class of composite objective functions. Specifically, we consider
the problem

miileiﬁ}zize P(z) := F(z) + R(x), (39)

37



FEYZMAHDAVIAN AND JOHANSSON

where F : R? — R is p-strongly convex and L-smooth, and R : R — R is separable in all
coordinates, i.e.,

m

R(z) =Y ri([z]:).

i=1

Here, each 7; : R% — R U {400}, i € [m], is a closed, convex, and extended real-valued
function. The best known examples of separable regularizers include ¢; norm, f5 norm
square, and the indicator function of box constraints (Fercoq and Richtarik, 2015). The
minimizer of Problem (39) is the unique fixed point of T},ox defined as

Torox(T) = Prox_2_p (m - MiLVF(:U)) :
The operator Tprox is contractive with contraction modulus
Q-1
Q+1’

where @@ = L/p (Bertsekas, 2015). To solve (39), we apply ARock to S = Ig — Tjrox. Then,
the update rule of Algorithm 4 at the kth iteration becomes

~ ~ 2 ~
[wriiy = [wali, — ([xk]ik —Prox_z .. ([fﬂkhk - MvikF(l’k)» :

where V;F(x) denotes the partial gradient of F' with respect to [z];. According to Theo-
rem 18, the iterates generated by ARock with step-size v = 1/(1 + 5I") satisfy

IE[Hx —a;*HQ] <(1- 1Q k”a? —x*H2 keN
F = m (1+60) (Q + 1) 0 ’ 0

If I' = 0, or equivalently, 7 < m, then ARock using v = 1 converges linearly at a rate of

@
PARock = m(Q T 1)2

Note that when m = 1, the preceding linear rate reduces to
-(671)
PGD = Q +1 )

which is the best convergence rate for the gradient descent method applied to strongly
convex optimization.

(40)

Remark 19 Liu and Wright (2015) proposed an asynchronous coordinate descent algorithm
for solving optimization problems of the form (39). They proved that the linear speedup is
achievable if 7 < O (m1/4). For a special case of Problem (39) where R(x) =0, Liu et al.
(2014) showed that the asynchronous coordinate descent method can enjoy the linear speedup
ifr <O (m1/2). In comparison with Liu and Wright (2015) and Liu et al. (2014), our
requirement for the linear speedup property is T < o(m) and, hence, allows a larger value
for 7. Recently, Cheung et al. (2020) analyzed convergence of the asynchronous coordinate
descent method for composite objective functions without assuming independence between iy
and Tj. Their analysis guarantees the linear speedup for T < O (ml/ 2).
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Remark 20 In Theorem 18, the linear convergence of ARock is given in terms of the ex-
pected quadratic distance from the iterates to the fized point. Note however that the literature
on coordinate descent algorithms usually establishes convergence results using coordinate-
wise Lipschitz constants of the function F (see, e.g., Liu and Wright 2015; Liu et al. 2014;
Nesterov 2012). This allows to provide larger step-sizes, which can lead to potentially better
convergence bounds, especially in terms of the function values P(xy) — P*.

4.4 A Lyapunov Approach to Analysis of Totally Asynchronous Iterations

Finally, we study iterations involving maximum norm pseudo-contractions under the general
asynchronous model introduced by Bertsekas and Tsitsiklis (2015), which allows for hetero-
geneous and time-varying communication delays and update rates. Such iterations arise, for
example, in algorithms for the solution of certain classes of linear equations, optimization
problems and variational inequalities (Bertsekas and Tsitsiklis, 2015; Moallemi and Roy,
2010; Hale et al., 2017), distributed algorithms for averaging (Mehyar et al., 2007), power
control algorithms for wireless networks (Feyzmahdavian et al., 2012), and reinforcement
algorithms for solving discounted Markov decision processes (Zeng et al., 2020). We will
demonstrate how the convergence results in Bertsekas and Tsitsiklis (2015) for maximum
norm contractions can be derived and extended using Lemmas 1—3. This allows to unify
and expand the existing results for partially and totally asynchronous iterations.
We consider iterative algorithms on the form

wpe1 = T(xr), k€N, (41)

where T': R? — R? is a continuous mapping. This iteration aims to find a fixed point of T,
that is, a vector x* € R? satisfying =* = T'(z*). Similar to Subsection 4.3, we decompose
the space R? as a Cartesian product of m subspaces:

m
RY =R x .- xR, d=>d,
i=1
Accordingly, we can partition any vector z € R? as @ = ([z]1,...,[z],) with [z]; € R%,

i € [m]. We denote by T; : R? — R% the ith component of T, so T'(z) = (T1(x), ..., Tn(z)).
Then, we rewrite (41) as

[wk_i'_l]i =T;([zkl1, .- - [Tk]m), i€ [m]. (42)

This iteration can be viewed as a network of m agents, each responsible for updating one
of the m blocks of x so as to find a global fixed point of the operator T

Let us fix some norms || - ||; for the spaces R%. The block-mazimum norm || - ||*_ on R?
is defined as 7

]l o0 = max i

i€[m] ¢

where w; are positive constants. Note that when d; = 1 for each ¢ € [m], the block-maximum
norm reduces to the maximum norm

%, = mas o
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The following definition introduces pseudo-contractive mappings with respect to the block-
maximum norm.

Definition 21 A mapping T : R4 — R% is called a pseudo-contraction with respect to the
block-maximum norm if it has a fized-point x* and the property

IT(z) — 2" ¥ < cllz — 2*||fs, VaeR™
Here, ¢, called the contraction modulus of T, is a constant belonging to (0,1).

Pseudo-contractions have at most one fixed point (Bertsekas and Tsitsiklis, 2015, Propo-
sition 3.1.2). Note that we follow Bertsekas and Tsitsiklis (2015) and include the exis-
tence of a fixed point in the definition of pseudo-contractions. Examples of iterative algo-
rithms that involve pseudo-contractions with respect to the block-maximum norm can be
found in (Bertsekas and Tsitsiklis, 2015, Chapter 3). An important property of pseudo-
contractions is that the iterates produced by (42) converge at a linear rate to the fixed
point (Bertsekas and Tsitsiklis, 2015, Proposition 3.1.2). More precisely, using the Lya-
punov function Vi, = ||z — 2*||}’,,, one can show that the sequence {xx} generated by (42)
with initial vector zo € R? satisfies Vi+1 < ¢V, for all k € Ny. This implies that

ok = 2™ 3o < llzo — 2 llpoe, & € No.

The algorithm described by (42) is synchronous in the sense that all agents update
their states at the same time and have instantaneous access to the states of all other agents.
Synchronous execution is possible if there are no communication failures in the network and
if all agents operate in sync with a global clock. In practice, these requirements are hard to
satisfy: local clocks in different agents tend to drift, global synchronization mechanisms are
complex to implement and carry substantial execution overhead, and the communication
latency between agents can be significant and unpredictable. Insisting on synchronous
operation in an inherently asynchronous environment forces agents to spend a significant
time idle, waiting for the slowest agents (perhaps due to lower processing power or higher
workload per iteration) to complete its work.

In an asynchronous implementation of the iteration (42), each agent can update its state
at its own pace, using possibly outdated information from the other agents. This leads to
iterations on the form

o n([‘rsil,k]l’ SRR [xsim,k]M)a ke K,

Here, K; is the set of times when agent ¢ executes an update, and s;;; is the time at which
the most recent version of [z]; available to agent i at the time k was computed. The sets
IC; need not be known to all the agents. Thus, there is no requirement for a shared global
clock. Since the agents use only values computed in the previous iterations, s;;; < k for all
k € Nyg. We can view the value

Tijk =k — Sijk,
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as the communication delay from agent j to agent i at time k. Clearly, the synchronous
iteration (42) is a special case of (43) where K; = Ny and 755, = 0 for all 4,5 € [m] and all
k € Np.

Based on the assumptions on communication delays and update rates, Bertsekas and
Tsitsiklis (2015) introduced a classification of asynchronous algorithms as either totally
asynchronous or partially asynchronous. The totally asynchronous model is characterized
by the following assumption.

Assumption 8 (Total Asynchronism) For the asynchronous iteration (43), the follow-
ing properties hold:

1. The sets K; are infinite subsets of No for each i € [m].
2. limy_so0 Sijk = +00 for all i, j € [m].

Assumption 8.1 guarantees that no agent ceases to execute its update, while Assump-
tion 8.2 guarantees that outdated information about the agent updates is eventually purged
from the computation (compare the discussion after Lemma 2). Under total asynchronism,
the communication delays 7;; can become unbounded as k increases. This is the main
difference with partially asynchronous iterations, where delays are bounded; in particular,
the following assumption holds.

Assumption 9 (Partial Asynchronism) For the asynchronous iteration (43), there ex-
st non-negative integers B and D such that the following conditions hold:

1. At least one of the elements of the set {k,k + 1,...,k + B} belongs to K; for each
i € [m] and all k € Ny.

2. k—D <55, <k foralli,je[m] and all k € K;.
3. siik =k for alli e [m] and k € K;.

Assumptions 9.1 and 9.2 ensure that the time interval between updates executed by
each agent and the communication delays are bounded by B and D, respectively. This
means that no agent waits an arbitrarily long time to compute or to receive a message from
another agent. Assumption 9.3 states that agent ¢ always uses the latest version of its own
component [z];. Note that when B = D = 0, the asynchronous iteration (43) under partial
asynchronism reduces to the synchronous iteration (42).

We will now present a uniform analysis of the iteration (43) involving block-maximum
norm pseudo-contractions under both partial and total asynchronism, and study its conver-
gence rate under different assumptions on the communication delays and update rates. To
this end, we introduce 7 to represent the maximum age of the outdated information being
used to update blocks at global time k& € Ny. Specifically, we define 7 as

T := k — min min s;, ;. (1), 44
¥ icim] jeim] 1) (44)

where t;(k) is the most recent update time of agent i at k € Ny, i.e.,

ti(k) =max{r |k <k N k€K;}.
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In this way, if k¥ € K; then t;(k) = k, and if k € (k~, k™) for two consecutive elements k™
and kT of K;, then t;(k) = k~. For simplicity, we assume that 0 € K; for each 7, so that
t;(k) is well-defined for all k& € Ny.

The next result shows that for the asynchronous iteration (43), if Vi = |jzx — 2™}’
is used as a candidate Lyapunov function (similarly to the convergence analysis for the
synchronous case), we can establish iterate relationships on the form (10).

Lemma 22 Suppose that T is pseudo-contractive with respect to the block-maximum norm
with contraction modulus c. Let Vi, = ||z — 2*|y’,. Then, the iterates {zy} generated by
the asynchronous iteration (43) satisfy

Vigr <c¢  max Vy, k€N,
(k=) + <C<k

where 1y is defined in (44).

Proof. See Appendix F.1. |

We apply Lemma 2 to show that for pseudo-contractions with respect to the block-
maximum norm, the asynchronous iteration (43) converges asymptotically to the fixed point
under total asynchronism.

Theorem 23 Let Assumption 8 hold. Suppose that T is pseudo-contractive with respect to
the block-maximum norm. Then, the sequence {xy} generated by the asynchronous itera-
tion (43) converges asymptotically to the unique fized point of T .

Proof. See Appendix F.2. [ ]

While convergent synchronous algorithms may diverge in the face of asynchronism, The-
orem 23 shows that pseudo-contractive mappings in the block-maximum norm can tolerate
arbitrarily large communication delays and update intervals satisfying Assumption 8. In
addition, as the next result shows, these iterations admit an explicit convergence rate bound
when they are executed in a partially asynchronous fashion.

Theorem 24 Let Assumption 9 hold. Suppose that T is pseudo-contractive with respect to
the block-mazimum norm with contraction modulus c. Then, the sequence {xy} generated
by the asynchronous iteration (43) satisfies

|k — a* [P < cTFOR g — 2% ||,k € No.

Proof. See Appendix F.3. |

According to Theorem 24, the asynchronous iteration (43) involving block-maximum
norm pseudo-contractions remains linearly convergent for bounded communication delays
and update rates. Note that cﬁ is monotonically increasing with B and D, and ap-
proaches one as either B or D tends to infinity. Hence, the guaranteed convergence rate
of (43) slows down as either the delays increase in magnitude or agents execute less fre-
quently. The convergence rate is directly related to the number of iterations required for
the algorithm to converge. According to Theorem 24, the asynchronous iteration (43) needs

B+D+1 [0 — 2*[[fo0
log(1/c) €
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iterations to satisfy |z — 2*||}’,, < e. We can see that the time to reach a fixed target
accuracy deteriorates linearly with both B and D.

We now use Lemma 3 to develop a result that provides guaranteed convergence rates
for the asynchronous algorithm (43) under a rather broad family of communication delays
and update rates, in between the partially and totally asynchronous models.

Theorem 25 Suppose thatT' is pseudo-contractive with respect to the block-maximum norm
with contraction modulus c. Suppose also that there exists a function A : R — R such that
the following conditions hold:

(i) A(0) =1.
(i) A is non-increasing.
(1) limg_y 400 A(k) =0 and
cA(k—1;) <A(k+1), keNo,
where 1y, is defined in (44).
Then, the iterates {x1} generated by the asynchronous iteration (43) satisfy

[k — 27 [[oe < A(R)[[20 — 27}, k€N
Proof. See Appendix F.4. |

According to Theorem 25, any function A satisfying conditions (i)—(iii) can be used
to estimate the convergence rate of the asynchronous iteration (43). Condition (4i7) implies
that the admissible choices for A depend on 7. This means that the rate at which the nodes
execute their updates as well as the way communication delays tend to large both affect
the guaranteed convergence rate of (43). For example, one can verify that under partial
asynchronism, the function

A(t) = cBFD71

satisfies conditions (7)—(#i7). In the following example, we use Theorem 25 and Corollary 4
to establish convergence rates for a particular class of totally asynchronous iterations, where
the communication delays can grow unbounded at a linear rate.

Example 1 For the asynchronous iteration (43), suppose that IC; = Ny for each i € [m].
Suppose also that there exist scalars o € (0,1) and > 0 such that

(1—-a)k—B< sk, 1,j€m], kelk. (45)

Note that (45) implies that the communication delays 7;j ) belong to the interval [0, ak + 3]
and may therefore grow unbounded. In this example, as t;(k) = k, we have

(I-a)k—p< Zfél[%nn] j%l[i?fll] Sijiti(k)-
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Thus, by Lemma 22, the iterates generated by the asynchronous iteration (43) satisfy

Vig1 <qVie+p  max  V,, k€N,
(k—7g)+ <tk

with Vi, = |log — 2"V, ¢ =0, p=c¢, and 7, < ak+ . Since ¢+p = ¢ < 1, it follows from
Corollary 4 that the function
at -1
Aty=(———+1 ,
©) <1 —a+p " )

with n =1n(c)/In(1 — «) satisfies conditions (i)—(iit) of Theorem 25. Therefore,

* | |w ak 777 * || W
2k — 2 |[hoo < T—ath +1 |20 — 2%y, Kk € No.

We can see that under unbounded communication delays satisfying (45), the convergence
rate of the asynchronous iteration (43) is of order O(1/k").

Although pseudo-contractions in the block-maximum norm converge when executed in
a totally asynchronous manner, we note that in many applications, it is rare that the
associated fixed-point iterations are maximum norm contractions. For instance, the gradient
descent iterations for unconstrained optimization problems are maximum norm contractions
if the Hessian matrix of the cost function is diagonally dominant (Bertsekas and Tsitsiklis,
2015, Section 3.1.3). The diagonal dominance assumption is quite strong and violated
even by some strongly convex quadratic objective functions (Bertsekas and Tsitsiklis, 2015,
Example 6.3.1).

Remark 26 Bertsekas and Tsitsiklis (2015) proved that contractions in the block-maximum
norm converge when executed in a totally asynchronous manner. However, they did not
quantify how bounds on the communication delays and update rates of agents affect the con-
vergence rate of the iterates. There are very few results in the literature on convergence rates
of asynchronous iterations involving block-mazximum norm contractions. Notable exceptions
are the works of Bertsekas and Tsitsiklis (1989) and Zeng et al. (2020), where the conver-
gence rate of iterates was estimated under partial asynchronism. Theorems 25, 24 and 25
demonstrate that not only do we recover the asymptotic convergence results in Bertsekas
and Tsitsiklis (2015) for mazimum norm pseudo-contractions, but we also provide explicit
bounds on the convergence rate of asynchronous iterations for various classes of bounded
and unbounded communication delays and update rates.

5. Conclusions

We introduced a number of novel sequence results for asynchronous iterations that appear
in the analysis of parallel and asynchronous algorithms. In contrast to previous analysis
frameworks, which have used conservative bounds for the effects of asynchrony, our results
attempt to capture the inherent structure in the asynchronous iterations. The results bal-
ance simplicity, applicability and power, and provide explicit bounds on how the amount
of asynchrony affects the guaranteed convergence rates. To demonstrate the potential of

44



ASYNCHRONOUS ITERATIONS IN OPTIMIZATION

the sequence results, we illustrated how they can be used to improve our theoretical under-
standing of several important classes of asynchronous optimization algorithms. First, we
derived better iteration complexity bounds for the proximal incremental aggregated gradi-
ent method, reducing the dependence of the convergence times on the maximum delay and
problem condition number. Second, we provided tighter guarantees for the asynchronous
stochastic gradient descent method that depend on the average delay rather on the maxi-
mal delay. Third, we gave an improved analysis of the ARock framework for asynchronous
block-coordinate updates of Krasnosel’skii-Mann iterations, proving a larger range of ad-
missible step-sizes, faster convergence rates and better scaling properties with respect to
the number of parallel computing elements. Finally, we gave a uniform treatment of asyn-
chronous iterations involving block-norm contractions under partial and (several versions
of) total asynchronism.

Appendix A. Proofs for Section 2
Lemma 27 Suppose f is L-smooth and p-strongly convex. Consider the delayed gradient

method (3) with v € (0, #J%L} and let wy, be the perturbation term defined in (5). Then,

< (ALA2 4 9a2] 2 _12)
wi < (’y T+ 2y T) (kfzrgi};egk{”w x| }

Proof. Applying the Cauchy-Schwarz inequality, we obtain

we < 29|V f(ax) = VF(@p—r)ller — 1V (@) — | + 21V f(@r) = VF@r-r) 12
We use L-smoothness of f to bound ||V f(z) — Vf(zr—;)|. Specifically,

k—1
(3)
IV f (k) = VI (@rr)|l < Lllwg —2rl| = L|| > AV f(zer)
éz(kf”l')_F
k—1

<L Y V(e

l=(k—7)+

where the last inequality follows from the triangle inequality. Since V f(z*) = 0, we have

k—1
IV Fa) = Vi) €922 30 e o Sy max (e - 7).
éz(k—T)+

From (1), ||z — YV f(zr) — 2*|| < ||xx — 2*|| holds for the proposed range of . Thus,

< V2L ||z — 2* ma — ||} + LA Jna Ty —
on <0 Lr =t o {llee— I} 4 T {le - o)
< (74L472+2’V2L2 ) ma}ikk{Hw—x 1 }.
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Lemma 28 Suppose f is L-smooth and convex. Then, the iterates generated by (3) satisfy

k-1

> IV @enl? < (VF(@er), zp — 2).

l=(k—7)4+

2 T
Flaw) = 1+ 5 IV a2 = T

Proof. According to Theorem 2.1.5 in Nesterov (2013), we have
L 2
f@r) < flan—r) + (Vf(@h—r), Tp — Thr) + E”wk — Tp—r ||

L
< P (V). m— 2 — o V@) Sl -l (46)

We can bound the final term by

2

k—1 k—1
(3)
ok —zer > = || D AV @es)|| <P >0 VeI, (47)
t=(k—7)+ t=(k—7)4

where the inequality follows from the convexity of || - ||?. Substituting (47) into (46), and
rearranging the terms conclude the proof. |

Appendix B. Proofs for Section 3

This section provides the proofs for the results presented in Section 3.

B.1 Proof of Lemma 2

The proof idea is inspired by the convergence theorem for totally asynchronous itera-
tions (Bertsekas and Tsitsiklis, 2015, Proposition 6.2.1). We first use perfect induction
to prove that

Since Vj satisfies (48), the induction hypothesis is true for £ = 0. Now, assume that (48)
holds for all k£ up to some K € Ny. This means that Vx < Vj and

max Ve < V.
(K—7K)+<t<K

Thus, from (13), we have

Vsl < (¢+p)W
<V,

where the second inequality follows from the fact that ¢+ p € (0,1). Therefore, Vi1 < Vp
and, hence, the induction proof is complete. Next, we prove that Vi converges to zero as
k — 4+oco. To this end, we use induction to show that for each m € Ny, there exists K,,, € Ny
such that

Vi <(qg+p)" Vo, VEk>K,. (49)
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From (48), Vi < (¢ +p)°Vy for all k > 0. Thus, the induction hypothesis holds for m = 0
(with Ko = 0). Assuming (49) is true for a given m, we will show that there exists
Kmi1 € Ny such that Vi, < (q + p)™ 1V for all & > Kp,.1. From (14), one can find a
sufficiently large K,, > K,, such that £k — 7, > K,, for k > K,,. Since (49) holds by
induction, we have

max  Vy<(q¢+p)"Vo, Vk>Kpn.
(k—7k)+ <t<k

It follows from (13) that

Vier < (¢ +p)(g+p)"Vo
= (q+p)" Vo, Vk>EK,u,

which implies that
Vi <(q¢+p)™ "V, VE>K, +1.

Set K,,+1 = K,, + 1. The induction proof is complete. In summary, we conclude that for
each m, there exists K, such that Vi < (¢+p)™Vp for all k > K,,. Since ¢+p < 1, (¢+p)™
approaches zero as m — +o0o0. Hence, the sequence V asymptotically converges to zero.

B.2 Proof of Lemma 3
We will show by induction that

Vi <A(k)Vo, k€ No. (50)

Since A(0) = 1, the induction hypothesis is true for k¥ = 0. Assume for induction that (50)
holds for all k£ up to some K. From (15), we have

Vi < gA(K)V, AV
K+1 < gA(K) 0+p(K7TI;l)é}rX§KK )V

< MEWo+p  max  ADV.

Since A is non-increasing on R, we obtain V11 < (¢ + p) A(K —7x)Vp. It follows from (16)
that Vi1 < A(K + 1)Vy. Therefore, (50) holds for & = K + 1. The induction proof is
complete.

B.3 Proof of Lemma 5

Let us define Wy =0 for k € {...,—2,—1}. Dividing both sides of (18) by Qx.+1, summing
from k = 0 to K, and then using telescoping cancellation, we have

Z VK+1 < V4 ZK: zk: W Z W Z
Qk+1 QK+1 = o P Qrt1 ¢ Qr1 Qk+1
Kk K
_ Wi T Wi ex
=Vt Z Z Qr+1 Z ¢ Qr1 Z Qrt1

k=0 {=k—Ty
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Since 1, < 7 for all £ € Ng, we obtain

VK+1 K peWoe T W
Z Qk+1 S Z Z _Qrn Z ¢ Qk1 Z QkJrl

QK“ k=0 (=k—

: Pre+eWi o reWe ek
_%+ZZ X_:Qk+1+z_:Qk+1

==, Qrren

Pr4+eWi We e~ en
+
=Yo ;:% kz_o Qrrev1 Z ¢ Qky1 ZZI Qk+1

K K
_ _ 2 : Z Pk+r e
= <Qk+1 ) Wit 2 Qk+1’ 5D

Qk+€+1

where the second inequality comes from our assumption that Wi > 0 for k > 0 and Wy, =0
for k < 0. We are now ready to prove Lemma 5.
1. In this case, g = 1 and, hence, Q; = 1 for each k. Thus, (51) simplifies to

K K

T K
> X+ Ve Vo> (Tk - ZkarZ) Wi+ ep
=0 k=0

k=0 k=0

The assumption that

,
Zpkw < Tk
=0

holds for every k € Ny implies that

K K

D Xt Vi Vot e
k=0 k=0

Since {Xj} and {V}} are non-negative sequences, it follows that

K K K

ZXk < Vo-l-zek: and Vi1 < V0+Z€k
k=0 k=0 k=0

hold for K € N.
2. In this case, py = p and r; = r. Thus, (51) simplifies to

VK+1 B &
Z Qk+1 =W Z (Qk+1 Z

QK+1 Qk+e+1

) Wit Z QkJrl (52)

For each k € Ny and ¢ € [0, 7], we have

-1
Qrierr = Qi [ arron

s=0
l
Z Qk-‘rlq )
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where the inequality uses g > ¢ for k € Ny. Since q € (0, 1], we have ¢* > ¢” for £ € [0, 7],
implying that Qgir4+1 > Qk+1¢”. Combining this inequality with (52) yields

Xi |, Vka _
Z Qk+1 * <Vo—(r- Z Qk+1 Z Qk—H (53)

Qr+1

By Bernoulli’s inequality, i.e., (1 4+ x)" > 1 + nx for any n € Ny and any > —1, we have

=(1-01-9)"
>1—(1—-q). (54)

The assumption that 27 +1 < 1/(1 — ¢) implies that (1 —¢) < 1/(27 + 1) and thereby

T4+1
1—-(1- > .
U=ar=z57
By (54), it therefore holds that
> T+1 7
2r+1

or equivalently, ¢~ (7 + 1) < (27 4+ 1). From (53), we then have

LV — Wi - e
K+1 k k
E <W—-(r—Q@2r+1)p g + E
Qk+1 QK+1 o= {r = 2 — Qr = Qe

The assumption that 27 + 1 < r/p allows us to drop the second term on the right-hand
side. Thus,

K V K e
K+1 k
<Vp+ . KeN,
kg Qk41 QK+1 ’ ,;::0 Qr+1

which concludes the proof.

Appendix C. Proofs for Subsection 4.1

This section provides the proofs for the results presented in Subsection 4.1. We first state
two key lemmas which establish important recursions for the iterates generated by PI1aAa.

Lemma 29 Suppose Assumptions 1 and 2 hold. Let {xy} be the sequence generated by
Algorithm 2. Then, for any x* € X* and every k € Ny, we have

k
1 1 L(t+1
Pa) = P+ - llon = o < 5 flow =" + (2) S e —
t=(k—1)4
L 2 (55)
— — || — X .
2,7 k+1 k
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Proof. At iteration k € Ny, the update rule in Algorithm 2 is of the form

1 n
9k = ﬁ Zlvfz (1’5i7k),

Lh+1 = prOXyR(ﬂfk = YGk)-
We write the proximal mapping more explicitly as
.1 2
Tpy1 = argmin {Hu — (@ —ya)||” + fyR(u)} . (56)
u€Rd 2

From the first-order optimality condition for the point « in the minimization problem (56),
there is a sub-gradient {11 € OR(zk1) such that

<95k+1 —xp + Y9k + Erg1), 7 — xk+1> > 0. (57)
Since R is convex, we have

R(wg41) < R(x™) + <§k+1, Th41 — 96‘*>

(57)

< R(a*) 4 (TR Tk

*
— 09k, Tk+1 — T >

= R + 5= (o =1 = lowr = aul® = s = o) = (g s —a”).
(58)
where the last equality follows from the fact
2a—bb—c)=lla—c|>=|la=b|>—||b—¢|?, a,b,cecRL

By Assumption 2, each component function f; is L;-smooth. Thus, from Lemma 1.2.3
in Nesterov (2013), we have

| 2

L;
fi(xk’-i-l) < fl(xszk) + <vfi(x8¢,k)v Th+1 — xsi,k> + ?ka’-i-l — Tsi g

2

)

L.
< fila®) + (Vi ), Tppr — %) + j”ﬂﬁkﬂ — T, |

where the second inequality follows from the convexity of f;. Dividing both sides of the
above inequality by n and then summing from ¢ = 1 to n, we obtain

2

n
L.
F(zp41) < F(@*) + (grs @1 —2%) + ) Q*;HMH S [ (59)
i=1

By adding inequalities (58) and (59), rearranging the terms, and recalling that P(z) =
F(z) + R(z), we have

1 1 "L 2
P _P* _ o x 2<7 o x 2 774 _ )
(wr1) = P* o+ - flawss —2*|* < oo = o7 +;1 o [lok1 = s

H

1
~ o Tk = x| (60)
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Next, we find an upper bound on the term H. We expand H as follows:

2

2
n k n 2 k
B L; B L; (k} — Sik+ 1) Loyl — Xy
H=D g | 2w =2 on [E—

Z:si,k éZSiJc

The squared Euclidean norm (|| - ||?) is convex. Thus,

" Li(k—sip+1) &
ey BTt S

=1 Ezsi’k

Since (k — 1)+ < ;% < k for all i € [n] and k € Ny, we have

" Lz‘ (T+ 1) k 2
ey BT S
i=1 b=(k—T7)4+
k
1) L(T+1
D LD $ g - el (61)
£:(k—7—)+
Substituting (61) into the bound (60) concludes the proof. |

Lemma 30 Suppose Assumptions 1 and 2 hold. Let {ay} be a sequence of non-negative
numbers. Then, for every k € Ny, the sequence {xy} generated by Algorithm 2 satisfies

k
La
ap (P(xpq1) — P*) < o (P(a) — P*) + Tk Z o1 — ml|
L=(k—7)+
1 L
o (D) bl (6

Proof. According to Assumption 2, each component function f;, i € [n], is L;-smooth. Tt
follows from the second inequality of (3.5) in Lemma 3.4 in Vanli et al. (2018) that

k—1

L 1 L(r+1
Plor) P < Pla) = P+ 5 3 e —ad? = (2 = HE0 ) oy - P
l=(k—7)4+ v
k
L 1 Lt
P =Pty > N al? = (3= 5 ) o -l
l=(k—1)+

Multiplying both sides of the above inequality by the non-negative number aj proves the
lemma. |
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C.1 Proof of Lemma 6

Since ay, = k+ap with ap > 0, the sequence {ay} is non-negative and satisfies ag1 = ap+1
for every k € Ny. Adding inequalities (55) and (62), and rearranging the terms, we have

1 1
a1 (P(xpg1) — P*) + ﬂ”ffk—l—l —2*|* < o (P(ax) — P*) + Z”xk —z*|?

k
L o+ 7+ 1
G HOETED S g - o
l=(k—7)4+
1 /2 +1
-1 ( - akm) ks — zil?. (63)

Multiplying both sides by 2y and then letting Vi, = 2yay, (P(z)) — P*) + ||z — 2*||* and
Wi = |2kt — 2x]|?, we can rewrite (63) as

k
Vi1 < Vi + 'yL(ozk + 7+ 1) Z W, — (2ak +1-— *yoszT)Wk, k € Ny.
l=(k—7)+

The proof is complete.

C.2 Proof of Theorem 7
According to Lemma 6, the iterates generated by Algorithm 2 satisfy

k
Vit <Vetpe >, Wi—mWi, keN,
l=(k—7)4+
where p, = 'yL(ozk + 7+ 1), r, = 2a + 1 — yL71ay, and ap = k + ag. To apply Lemma 5,
we need to enforce that the convergence condition
Z'yL(ag+k + 7+ 1) <2ap+1—~vLtoyg
=0

is satisfied for every k € Ng. This inequality is equivalent to

VL < 20 + 1

< — ) (64)
To+ > (Oé£+k + 7+ 1)

We will prove that if ag = 7 and yL(27 + 1) < 1, then (64) holds for all k£ € Ny. Replacing
ap =k + 7 in (64), we have

20y + 1 B % +2r + 1
Tap+ Yol +7+1)  QCr+Dk+ 22+ Ir+1
1 27+ Dk + %7’(7’ +1)

T2+l 2+ D) (@r+ k4 I+ 1)
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The second term on the right-hand side is non-negative for any 7 € Ny and k£ € Ng. Thus,

1 20y + 1

< , keN.
2141 Tak+2;:0(ag+k+7'+1) 0

This shows that if

L<_——
=5 T

then (64) holds for & € Ny, and hence the convergence condition (19) in Lemma 5 is
satisfied. It follows from part 1 of Lemma 5 that Vi < Vj for & € N. Recalling that
Vi, = 2yay (P(zp) — P*) + |lax, — 2*||?, we obtain

2v(k + 1) (P(xg) — P*) + ||z — 2*||* < 297 (P(z0) — P*) + ||lzo — 2*||?, keN.

By dropping the second term on the left-hand side and dividing both sides by 2v(k + ),
we finish the proof.

C.3 Proof of Lemma 9

According to Lemma 29 in Appendix C, the relation (55) holds for every x* € X*. Taking
x* =y« (x) in (55), we get

1 1
P(xp41) — P* + ﬂ”xlc—f—l — Ty ()] < %H% — TLys () ||

k

1
> llwepr —wl* - oo llzeen —zel®. (65)
=(h=r)+ 7

L(T+ 1)
2

By the projection property, we have ||zg11 — s (xg41)]] < ||xgp+1 — = (xg)]]. Combining
this inequality with (65) yields
* 1 2 1 2
Plagp) = Pt o flen = Hae (@) < o flae = T (@)

k

1
>0 leers = el = 5ok — el (66)
t=(k—)4

L(T+ 1)

Adding inequalities (62) and (66), and setting oy = « for some o > 0, we have

1 1
(1+ @) (P(zp41) — P*) + %kaﬂ — s (zp41)]]* < a(P(xk) — P*) + %Hmk — M (212

+L(a—|—7’+1) Z’“:

_ 2
5 [2e41 — 2|

Zz(k77)+

— aLr) lzprr — xxl|®. (67)

2

1 <QO<+1
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Let 6 = % Note that 6 € (0,1). It follows from Assumption 3 that

(14 a)(P(zps1) = P*) = 0(P(zp41) — P*) + (1 — 0 + o) (P(wg41) — P*)

0 *
> B llakes — Mo (@) 4 (1= 0+ ) (Plagsr) = P¥).
Combining the above inequality with (67) and then multiplying both sides by 2+, we obtain

21— 0+ ) (Plisn) — P*) + (14 78)laer — e (i)
< 2a’y(P(xk) — P*) + ||lxg — s (a:k)|]2
k

HyL(a+r+1) Y [z —
l=(k=7)+

— (20 + 1 — yaL7) ||[zri1 — = (68)
By letting o = %L, Vi = 2 (P(zy) — P*) + ||z — s (1) ||? and Wy, = ||zp41 — 2|, the
inequality (68) can be rewritten as
y 2
L+ vu0)Virs S Vie+ (L+L(T+1)) > Wi— (fyL 41— T) W,.
fz(k’—T)+

Dividing both sides by 1 4+ yuf completes the proof.

C.4 Proof of Theorem 10

According to Lemma 9, the iterates generated by Algorithm 2 satisfy

k
Vier SqVi+p Y Wi—rWy

l=(k—7)4+
for every k € Ny, where
1 1—}—’7[/(7'—{—1) 7lL—f—l—T
q= , p=———~+* and r=-"-——+—
1+ yub 1+ yub 14+ ypb

To apply Lemma 5, we need to ensure that

2
1 = 4+1-7
27+1§min{ +1, 2k }

o 1+ yL(T +1)

This convergence condition is equivalent to

2yub <1

VL2221 + 1) (T +1) + 3yLT <2
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Define h = vL(27 + 1). The inequalities (69) can be rewritten in terms of h, Q) (recall that
0 = %), and 7T as

2ht < (Q@+1)(21+1), (70)
R3(1+1) +3hr < 2(27+1).

For any fixed 7, the left-hand side of inequalities (70) is non-decreasing in h > 0 and smaller
than the right-hand side for h = 1. Thus, the inequalities (70) hold for any h € [0,1]. This
shows that if v is set to

h

m7 h € (0,1],

")/:

then the convergence condition (69) is satisfied. Therefore, by part 2 of Lemma 5, V}, < ¢*Vj
for k € N. Since Vi, = 2 (P(zy) — P*) + ||z — I« (25)[|%, it follows that

(P(xx) = P*) + [lag — T () |

< (1r5) (2P0~ P) o M)

v

1 e N
<1_1+(Q+1)(27+1)/h> <L(P(x°)_P)+‘xO_HX*(xO)’P)'

Appendix D. Proofs for Subsection 4.2

In this section, we provide the proofs for the results presented in Subsection 4.2. We
denote by E the expectation with respect to the underlying probability space and by Ej the
conditional expectation with respect to the past, that is, with respect to {&o,...,&k—1}-

We first state a useful lemma which helps us to determine admissible step-sizes for the
asynchronous SGD method.

Lemma 31 Assume that o and 8 are non-negative real numbers. If a5+ 1) <1, then
224+ a <.

Proof. If a(8 + 1) < 1 holds, then a < 1/(8+ 1) and o < 1/(8 + 1)2. Thus,

2 22 B 1
R LR
P+ B+1

ICEREN

Since 3 > 0, one can verify that 5% + 8+ 1 < (8 + 1)2, implying that the right-hand side
of the above inequality is less than or equal to 1. Therefore, o?4% + o < 1. |
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D.1 Proof of Lemma 13
When v, = 0, 241 = o This implies that ||z, 1 —2*]|? = ||zp—2*]?
Below, we assume ~; > 0.

By subtracting x* from both sides of (29) and then taking norm squares, we have

, and hence Vi1 = V.

2k — 2¥)|? = ok — 2*)* = 29k (2% — %, VF (@hory, &) + V2V @y, &)1 (71)

Taking conditional expectation on both sides of (71) with respect to {&o,...,&—1} leads to

Ex[|lzr1 — 2*11%] = llzw — 2*|1* — 2v(ar — 2, VE(2h—r,)) + ViEe [[|V f (@h—ry» &)%)
= ||zg — x*H2 — 2’yk<xk — ", VF(a:k,Tk)>
+7]§Ek[”vf(xkfﬂc>£k> - VF(mk*Tk)Hz] +'7]3HVF(‘$IC*TIC)H2>

where the second equality uses the fact that E[||xH2] = E[||lz — E[z]||?] + ||E[z]||? for any

random vector z € R% According to Assumption 5, stochastic gradients have bounded
variance. Thus,

Ep[lorrr = 2] < lloe — 2" = 2van — 2, VF (@r-r,)) +720° + IV F (@r-n) 2. (72)

1. Convex case
Since F' is convex and L-smooth, it follows from Theorem 2.1.5 in Nesterov (2013) that

1
Fl@kr,) + {2 = 2k rpy VF(orn)) + 57 IVF ()P < F* (73)

Moreover, from Lemma 1.2.3 in Nesterov (2013), we have

L
F(xy) < F(xg—,) + (2k = Tp—r,, VF(T 7)) + §H$k — i, |” (74)

By adding inequalities (73) and (74) and then rearranging the terms, we get

L 1
F(xk) —F* < <:pk — gp*’ VF(xk—Tk)> + §H:Ek — xk—TkHQ _ ﬁHvF(xk_Tk)HQ

Combining this inequality with (72) and taking the full expectation on both sides, we obtain

2B [F(ax) — F*] + E[|lzgsr — 2*|2] < E[|ax — 2*|%] + wLE[|zx — 25ry|*]
H

(% ) R[] e (7

Next, we find an upper bound on the term H. From the first inequality in the proof of
Lemma 15 in Koloskova et al. (2022), we have

k—1 k-1
Elloe —ann?] <27 Y #E[IVF(z )] +20° Y A2
t=(h—m)+ =th=m)+
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Substituting the above inequality into (75) yields

2%E[F(zy) — F*] + E[||lze41 — 2*)?] < E[|lzk — 2*||°]
k—1
+ouml Y GR[IVF (s,
t=(k—11)+

N (% ,,y,g) E[|[VF(ze—r)|*]

k-1
+{m+2nl > 7| (76)
l=(k—7)+

By letting X = 2v,E [F(:L'k) — F*], Vi = E[ka — J:*H2], and W, = fy,?IE[HVF(xk,Tk)HZ],
we can rewrite (76) as

k-1 k—1
1
X+ Vi1 S Vi + 2y L E Wy — (L —1) Wi + ’y,%—l—Q’ykL E 7@2 o2.
(=(k—r)+ T (=(k—m)+

2. Strongly convex case

If Fis ,u—strongly convex, then
H * (|2 < F F*

which implies that vpuV; < Xj. Therefore,

k—1 k—1
1
Vierr < (1 — yep)Vie + 27 L Z W, — (L — 1) Wi + ’7]3 + 2y, L Z %? o2,
Z:(ktf‘l'k)+ ’Yk Z:(kf'rk)+

This completes the proof.

D.2 Proof of Theorem 14

For any K € Ny, define the sets Tx = {k < K | 7, < 7n} and T = {k < K | 7% > Tin}-
Since v = v for 7, < 1y, and vy, = 0 for 7, > 7y, we have

) k€Tk,
=0 keTx

1. Convex case
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For any k € Tk, according to Lemma 13, the iterates generated by Algorithm 3 satisfy

k—1
1
Xi+ Vi1 SVi+2ynl > Wi— <7L - 1) Wi + (14 2y7.L) 7o
l=(k=T1)+

k—1
1
< Vi + 2ymn L Z Wy — <7L - 1) Wi + (1 4 2yr, L) 20
f_(k—T h)+

= Vi + 2y71nL Z Wy — < + 2y1in L — 1) Wi+ (14 2y L) 720'
b=(k—7¢n)+
(77)

where the second inequality uses 7, < 7 for k € Ti. For k € Tg, v = 0 and, hence,
X = 0. Thus, by Lemma 13, we have

Xk + Vi1 = Vi, keTg.

Next, note that this implies that (77) also holds for k € T i since W, is non-negative for
all £ € Ng, W, =0 for k € T, and (1 + 2y7, L) v20? > 0. Therefore,

k
Xp+Vipr <Vetp Y. We—rWite
L=(k—Ttn)+

with p = 2vr, L, r = ,%L + 2y, L —1, and e = (1 + 2y7, L) y20? is satisfied by the iterates
for every k. To apply Lemma 5, we need to ensure that

1
277'thL(7'th + 1) < (’)/L + 2y1in L — 1> .
This convergence condition is equivalent to
2v273 L 4+ yL < 1. (78)

Using Lemma 31 in Appendix D with o = vL and 8 = 7;nv/2, we choose the step-size v as

7e <0’L<nhl¢m}

to guarantee the convergence condition (78). It follows from part 1 of Lemma 5 that

K
Y Xk <Vo+ (K +1)e, KeN.
k=0

Since Vp = [|wg — 2*||?, Xi, = 29E[F(zx) — F*| and e = (1 + 2y7nL) %02, we obtain
2 nykIE — F*] < ||wo — *||2 + (K + 1) (1 + 2y7,L) 70

< |lzo — 2*|* + (K + 1)(1 + V2)y%0?
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where the second inequality follows since « is selected to make ’;/L(Tth\/i +1) < 1. By the
convexity of F' and definition of Zx, we have

1 & 1 &
F(zg) - F*=F <K 7k$k> —F* < Y w(Flay) — FY),
k=0 Tk p—0
which implies that
lwo — 2*|* + (K + 1) (1 + v2) 7%0?
222{:0 Tk

Next, we will find a lower bound on Z,I::O Vi Asyp =~ fork € T and vy, =0 for k € Tk,
we have

E[F(zx) — F*] < , K eN. (79)

K
> =Tkl (80)

k=0
We consider two cases:
1. If 27ave < Tmax, then 27, < 7tp. As observed by Koloskova et al. (2022), since

K

ZTk = (K + 1)7—avea

k=0

at most | (K + 1)/2] of the terms on the left-hand side of the above equality can be
larger than 27,y.. Thus, there are at least half of the iterations with the delay smaller
than 27,y. and, hence, 7y,. This implies that (K +1)/2 < |Tg|.

2. If Tmax < 2Tave, then Tax < 7in. In this case, we have 7, < 7y, for all k =0,..., K
since 7 < Tmax for k € Ny. This shows that |Tx| = K + 1.

Therefore, (K +1)/2 < |Tk|. From (80), we then have
K+1
Yoz WD,

Combining this inequality with (79) leads to
2o — z*]?

E[F(jK)_F*] < m

+(1+V2)y0?, K eN,.

2. Strongly convex case
Similar to the proof for the convex case,

k
1
Vier <A —yp)Vi+2yml Y Wi— (WL +2y7enL — 1) Wi + (14 2y7eL)7%0”  (81)
Z:(k*Tﬂ,)*,
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is satisfied for k € Tx. For k € Tg, v = 0. Thus, according to Lemma 13, we have
Vir1 = Vi for k € T k. This implies that

Vi1 < Vi + 291 L Z Wy — ( + 2yl — 1> Wy (82)
f (kl Tth

holds for k € T i since W, is non-negative for £ € Ny and W), = 0 for k € T . It follows
from (81) and (82) that the iterates generated by Algorithm 3 satisfy

Vi1 < qeVi + Q'VTthL Z Wi — < + 2yl — 1) Wi + ek,

=(k—Tn)+

where ¢ = 1 and e = 0 for k € Tk, and ¢ = 1 —yp and e, = (1 + 2y L) y20? for
k € Ti. Let g =1 — ~yu. It is clear that g > q for every k. Thus, to apply Lemma 5, we
need to enforce that

1
1 + 2y L — 1
21th +1 < mln{ oL ’ .

ol 2y7en L
This convergence condition is equivalent to

{7#(27111 +1) <1, (83)

4272 L2 +4L <1

If vL(27¢, + 1) < 1, the first inequality in (83) holds since y < L. Using Lemma 31 in
Appendix D with a = vL and 8 = 27y, we can see that if yL(27, + 1) < 1, the second
inequality in (83) also holds. Thus, the convergence condition (83) is satisfied for

1
e(0,——|.
7 < L(QTth+1)]

Therefore, by part 2 of Lemma 5, we have

K
Vik+1 < Qr+1Vo + Qr+1 Z

% KeN, (84)
= Qi1

where Q) = le:—& q. Since gy =1 for £ € T and qp = 1 — yu for £ € T, we have

K
Q1= [Jae= [] - =1 -y

/=0 LeTK

As discussed in the proof for the convex case, (K + 1)/2 < |Tk|. Thus,

K41
Qi1 < (1 —p) 2

< exp (—W) : (85)
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where the second inequality follows from the fact that 1 — o < exp(—«) for @ > 0. Next,
we bound Qr 11 Z,[::O ex/Qry1. Since ep = 0 for k € T and ej, = (1 + 2yrL) y20? for
k € Tk, we have

K
(1+2 L)~y
Qun 3 gt = (=)™ y L2
k= keTk He 04e

[Tk |—1

= (1 +2ymnL) 770 Y (1—p)*
k=0
o0
2 2

< (14 2ymnl)y%0” > (1 —u)”
k=0
(14 291 L) yo?

I

(86)

Substituting (85) and (86) into (84) yields

K+1 1+ 2y1nL) yo?
Viar < exp (_w( 2+ ))VOJF( + 2yrinL) o

K+1 2~vo2
< exp <_W<2+>> AL
7]

)

where the second inequality is due to that yL(27g, + 1) < 1. Since Vi, = E[||ax — 2*||?], it
follows that

K 2v02
E[[lex — %] < exp <—W> lwo — 2% + ”T K €N,
This completes the proof.

D.3 Proof of Theorem 15

1. Convex case
According to Theorem 14, the iterates generated by the asynchronous SGD method with

f)/ < % 1 jr
L(T¢n \/5-}—1) satisf
* ||2

E[F(zg) — F*] < o —

< m + (14 V2)y0?, K eNy. (87)

We will find the total number of iterations K. necessary to achieve e-optimal solution, i.e.,
E[F(zg) — F*] <e¢, for K > K..

By selecting v so that (v/2 + 1)yo? < ¢/2, the second term on the right-hand side of (87)
is less than €/2. Set v to

—min{ 1 € }
T L2 1) 2V a2 S

(83)
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We now choose K so that the first term on the right-hand side of (87) is less than €/2, i.e.,

o — 2*[|> _ €
YK +1) — 2
This implies that
9 _ x||2
K>k, = Aot
ve
L 2+1) 2(v2+1)0?
) 2max{ (Tth\[—i_ ), (\[—g Jo } |zo —ZC*HQ -1

€ €

2. Strongly convex case
It follows from Theorem 14 that the iterates generated by the asynchronous SGD method

with v < m satisfy
]E[HxK—:r*Hz] < exp <—fW2K> ]xo—m*\|2—|—2102 K eN. (89)
With the choice of

the second term on the right-hand side of (89) is less than €/2. Next we choose K so that
YK €

exp (_,u) |zo — z*||? < 7

Taking logarithm of both sides and rearranging the terms gives

2 9 _x||2
K>K, =~ log <Hx0 2l )
Vi €

(90) {L(th +1) 402 } (2”350 — g;*H?)

=" 2max{ ———%, — log| — | .
ju pe €

D.4 Proof of Theorem 16

1. Convex case
According to Theorem 14, we have

lzo — a*|)?
(K +1)

By minimizing the right-hand side of the above inequality with respect to y over the interval

E[F(zx) — F*] < + (14 V2)y0?.

<°’ L(mlﬂm] /
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we obtain

DU S o — 2]
L(tnv2 + 1) ovVV2+1VK +1
The rest of the proof is similar to the one for the serial SGD method derived in Lan (2012)
and thus omitted.

2. Strongly convex case
By Theorem 14, we have

K 2 02
Ef|lzx — 2*|*] < exp <_W;) |z — 2*||* + WT

The result follows from Lemma 1 in Karimireddy et al. (2020).

Appendix E. Proofs for Subsection 4.3

In this section, we provide the proofs for the results presented in Subsection 4.3.

E.1 Preliminaries

Let I € R™? be the identity matrix. We define the matrices U; € R4 € [m], for which
I =[Uy,...,Uy). Then, any vector z = ([z]1, ..., [z];) € R? can be represented as

x = ZUZ[x]Z, [z]; € R%, i e [m].

Since [zg41]; = [zx); — 7S (Zg) for j =iy and [xp41]; = [x4]; for j # i, the update formula
of Algorithm 4 can be written as

Tht1 = Tk — ’inkSik (EU\k), ke Np. (91)

Note that xj depends on the random variable &1 := {io,...,ix—1} but not on i; for any

j > k. For convenience, we define £ 1 = (). We use E to denote the expectation over all

random variables, and E; to denote the conditional expectation in terms of i; given &;_1.
For any random vector z € R?, the variance can be decomposed as

2 2 2

E||lo - Ela]*] =E|[l«]*] - [EL]]* (92)
For any vectors a,b € R? and any constant 1 > 0, the inequalities
nllal® 16l
b) < — 93
O TR (93)
1
o 817 < (1 ol + (1) 101, (o)
b||? a—b|?
1+n Ui

hold by the Cauchy-Schwarz inequality.
We need the following two lemmas in the convergence analysis of ARock. The first one
provides an upper bound on the expectation of ||z — Z4|2.
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Lemma 32 Let {x(k)} be the sequence generated by Algorithm 4. Then, it holds that

k—1

2 m 7'2
Eflar - 242 < TV SS mlis@)e], ke

m2
l=(k—7)+

Proof. Let n be a positive constant. From (36), we have

mek — £k||2} =FE

2
> (@i — )
JEJk
2
(91) ~
= 'yQE Z UijSij (.%j)
J€Jk
2
~ 1. ~

=K || D (03,8, (@) = —5@) + — ) 5(@@))

JE€Jk JEJk

2
(94) N N
< ’72(1+77)E Z(Uzjszj(xj) - S(%))
JjeJk
Hi
2
2
Y 1 .
+ = (1+)E > os@y| |- (96)
m " JE€Jk
Ho

We will find upper bounds on the quantities H; and Hs. We expand H; as follows

H1:ZE

JE€Jk

:ZE

J€Jk

DY

Uij Sij (fj) - ES(‘%J)

2

jvjle‘]kvj>j/

Ui, Si; (%) — ES(@)

1

1
E KUijsij (%) — %S(@-), Ui, S, (Ty) — ;S(@IN

]

1

where the second equality uses the fact that

2.

jvj/eJk7j>j/

E KUijsij (&) —

- ¥

j’jlejk’j>j,

]7]’6Jk7]>.7/

=0.

E

E

%s@j), U, Si, (@) — ;S(@')ﬂ
[Ej [<Uz']-5z'j(55j) - %5(@)7 Uiy iy (Tyr) = rlns(@’)>”

[<Ej [Uz‘jSij (7)) — ;5(@)} » Uiy, Siy, (T0) = ;5(@')»

64



ASYNCHRONOUS ITERATIONS IN OPTIMIZATION

We then bound H; by

- 1. P
Hi = Z E |E; ‘ Ui, Si; (Z5) — %S(xj) ”

JE€Jk
(92) 1 . 1 N
2 15 s [is@] - & T[]

JE€Jk JE€Jk

1 .

< Y E[IS@E)IP). (97)
JE€Jk

Next, we turn to Hs. We rewrite Hs as

2

S(Z;
Ho = |J[’E Z ‘f]y)
jed, K

By convexity of the squared Euclidean norm || - [|?, we get

Ha < |l Y E[IS@E)IP] (98)
J€Jk
Substituting (97) and (98) into (96) yields

Elle - aul?] < 25 (@ mm+ (14 1) 101) T £ [is@R).

m? .
JEJk
From Assumption 7.2, (k —7)y < j <k —1 for any j € J; and |Ji| < 7 for all k € Ny.
Thus,

Eflox— 5117 < 25 (@4 mm+ (1+3) ) > E[ise].

J=(k—7)+

It is easy to verify that the optimal choice of 1, which minimizes the right-hand-side of the
above inequality, is n = /7/m. Using this choice of n and the change of variable ¢ = j
completes the proof. [ |

As a consequence of this lemma, we derive a bound on the expectation of (Zy—xx, S(Zk) ).

Lemma 33 The iterates {z(k)} generated by Algorithm 4 satisfy

vy (T T 1 =
Bl(e - o@D < 3 (24 2) (3 X Els@IF] +E(Is@)IP

m m
t=(k—7)+

Proof. Let n be a positive constant. From (93), we have

E[(Tr — ok, S(@k))] < gE[

N 1 ~
|z — Z))?] + %E[Hsmﬂlz]-
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It follows from Lemma 32 that

2(/m 7?2 A=
E[(@ — o4, 5@))] < TV E[HS@)HQ}+2177E[us<fk>rr?].

2m? t=(k—1)4
Substituting
B m
T VA V)
into the above inequality proves the statement of the lemma. |

E.2 Proof of Lemma 17

We reuse the proof technique from Hannah and Yin (2017). Our point of departure
with Hannah and Yin (2017) is to use Lemmas 32 and 33 to bound Ej[||z; — Zx[|?] and
E [(fk — 23, S(Z;))|. Let 2* be a fixed point of the operator T. By subtracting «* from
both sides of (91) and then taking norm squares, we have

k1 — 21 = |l — 2*|* = 2y {ox — 2%, Ui, Sip (@) + 77 Ui Sip @7 (99)

By taking conditional expectation on both sides of (99) with respect to only the random
variable i, we obtain

2
By [fanet = o*17] = llax — 2| = 2. (e — 2%, S@0) + L IS@)IP

2
:anﬂﬂﬁ—2%¢@—xts@wym%¢@—ﬁbs@w>+%ﬂ5@ww.(mm
H

We will use H to generate a ||z — z*||? term to help prove linear convergence. Since T
is pseudo-contractive with contraction modulus ¢ and S(z*) = 0, it follows from Lemma 8
in Hannah and Yin (2017) that

1—¢c?), . 1ian
<D a2 s @l (101)
We then use (95) to convert ||z}, — 2*||? to ||z — 2*||? as follows
1 1
[ S 1+n”k | n”k kll

where 7 is a positive constant. Combining this inequality and (101), we have

(1—02) %12 (1—02) ~2 1 ~ (12
“H < o — 27|+ |z — Tk||* — S [|S(
< —gig o = @I g e = @l - IS @
(1—¢2) o 1 S TR
< —— o — 27 + — ok — Zell” — SIS (@R)]|°
< —or gyl = oI+ g lloe = Bl - SIS @
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Substituting the above inequality into (100) yields

1—¢2 . .
g ~n2 ~ 12
VM ar =zl =LA =9 .
+ L=l - (1= ) [5(3)]

After taking the full expectation on both sides, it follows from Lemmas 32 and 33 that

—c?
Ellore - o1 < (1- 25 Bl - o7

S GE) (GR)Y) E s

é:(k—7)+

-2 1=y (14 4 /2 Bl @) (102)

Let Vi, = E[||lz, — 2*|%, Wi = E[||S(@x)|], and

T T
n=v(—+4/—]-
m m

Then, the inequality (102) can be rewritten as
k—1
(1 - ?) 22 T
Vkﬂé(l— k‘i‘i LT e Z Wi
(7 G+ V) m\m/,

(o (e )

This completes the proof.

E.3 Proof of Theorem 18
According to Lemma 17, the iterates generated by Algorithm 4 satisfy

k

Viri SqVe+p Y. We—riy
Z:(k—’r)+

for every k € Ny, where

P (¢ k) (T [T
e P )

() GR)
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To apply Lemma 5, we need to enforce that
. 1 T
2r+1<minq ——,— .
IL—qp
This convergence condition is equivalent to

Y1-A@Er+1) <m(1+v(EZ+VE)), (103)
YA+5(5+VE) <L

Using the change of variable

= (s (Gea))

the inequalities (103) can be rewritten as

{h(1c2)(27+1) <m(G+h) (5 +Vm) +1), (104)
h <1

Since m > 1 and ¢ € (0,1), we have

1-cA2r+1) < GB+h)T+m

o oen () )
m<(5+h) <;+\/Z>+1).

Thus, the inequalities (104) hold for any h € [0,1]. This shows that if the step-size - is set
to

h
v = , he(0,1],

5 Gt /7
then the convergence condition (103) is satisfied. Therefore, by part 2 of Lemma 5, Vj, <
¢"Vp for all k € No. Since Vi = E[||ax, — 2*[|?], it follows that

|12 A=) k
E[||lzg — 2*|) §<1_ (1+G+h)(Z \/>)))

k
h(1l—c?) ) )
<({1- 7 = 2o — 2|7,
( m(L+6 (5 +v7))
where the second inequality is due to that h < 1. This matches the upper bound (37) on
the convergence rate.

Finally, we derive the iteration complexity bound (38). Taking the logarithm of both
sides of (37) yields

lzo — =*|*

h(1 —c?)

log (E[[lag — 2*[%]) < klog (1 Y Cpy \/Z))) +log (J|lzo — 2*[|*) .
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Since log(1 + z) < z for any > —1, it follows that

h(1—c?)

log (E[ ey — 2*|12]) < - (m (T ﬁ))> b+ log (|loo — 2* )

Therefore, for any k satisfying

h(1 —c?) o
- (m(l—i—ﬁ(,;—i—\/:))) k + log (||lwo — 2*[|) < log(e), (105)

we have log (E[||zx, — 2*[?]) < log(e), implying that E ||z, — 2*||?] < e. Rearranging terms
in (105) completes the proof.
Appendix F. Proofs for Subsection 4.4

This section provides the proofs for the results presented in Subsection 4.4.

F.1 Proof of Lemma 22

For each i € [m], let k; and &} be two arbitrary consecutive elements of ;. From (43), we
have

[mlﬁ‘l]i =T; ([xsil,nl} AR [xsims“i]m> , ke [HZ, Z)
As t;(k) = k; for k € [k, K}), we obtain

[$k+1]i = E ([msil,ti(k)} 1 ) |:x8im,ti(k):| m) ) ke [’117 7,)

Since k; and k] are two arbitrary consecutive elements of IC; and 0 € K; for each i, we can
rewrite the asynchronous iteration (43) as

wrsal; =T (200 | e [xsim,w}m) , keN,. (106)

Let Vi, = ||z — 2¥||})’ - From the definition of || - ||}’ , we have

Vi1 = icml wil|[zrali — [

(106) N
= g% wj ||'T; (|:$Si1,ti(k):| A [xsim,ti(k)}m) — [z ;
" w
< max HT <|:.CCS“ . “”]1 ey [wsim’ti(m}m) - boo”

where the inequality follows from the fact that wZH[x],Hl < HxHZJOO for any z € R? and

i € [m]. Since T is pseudo-contractive with respective to the block-maximum norm with
contraction modulus ¢, we obtain

Vier1 < cmax H (|:{L‘s” . (k)] . [xsim,t-(k):| ) — "
B m

i€[m)]
*
[ uxti(k)L = [=7];

w

b,00

= cmax max wj

i€[m] je[m] ’

J
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where the equality follows from the definition of || - [|},, . Since w; ||[#] jHj < || for any

[y

r € R? and j € [m], we have

w

*
Lsijzy — L

Vi+1 < cmax max ‘

i€[m] j€[m] b,00

= c¢max max V. . .
icm] je[m] @t®)

(107)

From (44), k — 7 < 5454, for all 4,5 € [m] and k € No. Thus, 554 1) € {k — 7k, ..., Kk},
and hence

- < max V.
Siitit) = g 2 ekt

This together with (107) implies that

Vii1 <c¢c max V,
kel = k—7y, <0<k b

which is the desired result.

F.2 Proof of Theorem 23
According to Lemma 22, the iterates generated by (43) satisfy

Vk+1 S qVk +P max ‘/Z7 ke N07
(k=) + <0<k

with ¢ =0, p = ¢, and

T, = k — min min s;; ¢ (k)-
ielm] jepm] )

Ast;(k) € K, fori € [m] and k € Ny, it follows from Assumption 8.1 that limy_,~ t;(k) = oo.
Thus, by Assumption 8.2, s;;4,(x) — 00 as k — oo for all 4,j € [m]. This implies that

lim k& — 7, = oo.
k—o00

Therefore, since ¢ < 1, using Lemma 2 with ¢ = 0 and p = ¢ completes the proof.

F.3 Proof of Theorem 24

From Assumption 9.2, k — D < s;;, for all 4,5 € [m] and k € K;. Since t;(k) € K; for
k € Ny, we have

tz(k) - D S Sij,ti(k)'

By Assumption 9.1, k — B < t;(k) for each i and all k € Ng. Thus, k — B — D < i1, (k)5
implying that

=k — min min S;; ;. < B+ D.
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It follows from Lemma 22 that the iterates generated by (43) satisfy

Vier <c¢  max Vp, k€N,
(k—mp) 4 <t<k

with Vi, = ||z — 2"}, and 7, < B+ D. As ¢ < 1, using Lemma (1) with ¢ =0, p = c and
7= DB+ D leads to

k
Vi < B0V, k€ Ng.
The proof is complete.

F.4 Proof of Theorem 25

According to Lemma 22, the iterates generated by (43) satisfy (15) with Vi = [l — 2™}
g =0, p=c, and 7 defined in (44). Since ¢ + p = ¢ < 1, it follows from Lemma 3 that
Vi < A(k)Vp. This completes the proof.
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