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Abstract

Recently Mishchenko et al. [11] proposed and analyzed ProxSkip, a provably efficient method for
minimizing the sum of a smooth (f) and an expensive nonsmooth proximable (R) function (i.e.
min,ege f(z) + R(z)). The main advantage of ProxSkip, is that in the federated learning (FL)
setting, offers provably an effective acceleration of communication complexity.

This work extends this approach to the more general regularized variational inequality problems
(VIP). In particular, we propose ProxSkip-VIP algorithm, which generalizes the original ProxSkip
framework of [11] to VIP, and we provide convergence guarantees for a class of structured non-
monotone problems. In the federated learning setting, we explain how our approach achieves
acceleration in terms of the communication complexity over existing state-of-the-art FL algorithms.

1. Introduction

Minimax optimization and, more generally, variational inequality problems (VIPs) appear in a wide
range of applications in machine learning including Generative Adversarial Networks (GANSs) [6],
adversarial training of neural networks [9, 15] and distributionally robust learning [17]. Motivated by
these applications, in this work, we consider the following regularized variational inequality problem
(VIP): find z* € R%, such that

(F(x*),z —z*) + R(z) — R(z*) >0, VzeRY, (1)

where F': R — R% and R : R¢ — R is the regularizer (a proper lower semicontinuous convex
function). This problem is quite general and covers a wide range of possible problem formulations.
For example, special cases of (1) are the regularized minimization problems [10] and minimax
problems [12]:
min f(z)+ R(z) and min max f(z1,22) + R(z1,22). ()
zcRd 21 €ER¥ zocR92
In this work, we are interested in the situations when operator F' is accessible through the calls
of unbiased stochastic oracle. This is natural when F" has an expectation form F'(z) = E¢up[F¢ ()]
or a finite-sum form F'(z) = 2 37 | F;(x). In this scenario, one of the most popular algorithms for
solving (1) is the stochastic proximal method[13]

Tt+1 = PI‘OX»YR(% —YGt),

where prox, p() £ argmin, cpa {R(z) + %Hz - x\|2}, g+ is an unbiased estimator of F'(x¢) (i.e.
Elg:] = F(x)) and v > 0 is the step-size of the method.

© S.Zhang & N. Loizou.
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Typically computing the proximal operator is easy and cheap. However, in our work, following
the approach of Mishchenko et al. [11], we are interested in the situation when the evaluation of
the proximity operator is expensive. That is, we assume that the computation of prox., p is costly
relative to the evaluation of the unbiased estimator g;. It is in this scenario that ProxSkip-VIP (Alg. 1)
thrives, as it skips the evaluation of the proximity operator and it requires its computation only once
every few iterations.

In the federated learning setting (see Sec. 4 for more details) ProxSkip-VIP can be interpreted as a
new distributed method performing local steps. In that scenario, ProxSkip-VIP becomes equivalent to
the update rule of Algorithm (2) (ProxSkip-VIP-FL) where the computation of the proximity operator
becomes equivalent to communications between workers. Thus, skipping proximity operator’s
computation means that the algorithm performs local updates (it skips communication). See [11] for
the full exposition of this connection.

Main Contributions Our main contributions are summarized below:

* We generalize the ProxSkip framework proposed in [11] for minimization problems into the
VIP regime, and proposed the ProxSkip-VIP algorithm.

* We prove that ProxSkip-VIP converges linearly to a neighborhood of the optimal set when
problem (1), has p-quasi-strongly monotone and L-star-cocoercive operator F'. This is a class
of structure non-monotone problems. As a corollary of our results, for the deterministic regime
where g, = F'(x;), ProxSkip-VIP converges linearly to the exact solution.

* We extend the ProxSkip-VIP method into the federated learning setting, and propose ProxSkip-
VIP-FL; we show that the algorithm enjoys an improved communication complexity over
existing literature of local Stochastic Methods for solving VIPs. Numerical experiment results
shows that our proposed algorithm outperforms over existing algorithms.

2. Preliminaries
First, let us introduce the setting of this work.
Assumption 1 (Main Settings) We assume that problem (1) has a unique' solution x* and that:

1. The operator F is u-quasi-strongly monotone and (-star-cocoercive with u, L > 0, i.e.,
* * * * * 1 *
(F(z) = @),z — ") > pllz — a*||*, (F(x) = F(a"),x —a*) > 7NF (@) = F(z P @)

2. The function R is a proper lower semicontinuous convex function.

Note that given that an operator F' is L’-Lipschitz continuous and p’-strongly monotone, it can
be shown that the operator F is (xL’)-star-cocoercive with x = L'/p/ [8].

The convergence results in this paper will depend on the following operator noise at «* that is
finite for any reasonable sampling: o2 £ Var(g(z*; £)) < +o00. Regarding the inherent stochasticity,
we further use the following expected cocoercivity assumption [4, 8] to characterize the behavior of
the operator estimation

! This assumption can be relaxed; but for simplicity of exposition we enforce it.
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Assumption 2 (Expected Cocoercivity) We assume that stochastic operator g(x;§) is such that
forall x € R? there is L > 0:

Ellg(z:€) — g(2*;€)|* < L{F(z) - F(a*), — z*).

See [4, 8] for more details on this assumption and why is weaker among other bounds on the noise of
the stochastic operator.

3. Algorithm: ProxSkip-VIP

In this section, we incorporate the ProxSkip algorithm [11] into our problem (1), and propose the
following ProxSkip-VIP algorithm.

Algorithm 1 ProxSkip-VIP
Input: Initial point z(, parameters 1, 2, 7y3, p, initial control variate hg, number of iterations 7'
1: forallt=0,1,...,7T do

2 i1 =2 — y1(9(xe; &) — ha)

3 Flip a coin 64, 8; = 1 w.p. p, otherwise 0
4 if 6; = 1 then

5: Tiy1 = ProX., p(Zee1 — Y2hu)

6 else

7 Tpp1 = Tyl

8 end if

90 hpyr = hy +v3(Te41 — Tegr)

10: end for

Output: x7

Here the key step is the randomized prox-skipping and the control variate h;. The proximal
oracle is called very rarely if p is small, which helps to reduce the computational cost if the proximal
oracle is expensive; the introducing of h; helps to stabilize the iterations toward the optimal point.

3.1. Convergence Analysis
The main theorem of this work, on the convergence guarantees of ProxSkip-VIP is presented below.

Theorem 1 (Convergence of ProxSkip-VIP) Let Assumption 1 and 2 hold, and let v1 = v €

(0, min {i, i}) Y1 = Yop, V3 = 712 Then the iterates of ProxSkip-VIP (Alg. 1) satisfy
2,.}/202

E[Vr] < (1 - min {yu,p*})" Vo + min {yu, p2}’

4)
where V; 2 ||z — JUZ‘HQ +’Y%||ht - F($?)||2

We defer the proof of Theorem 1 to Appendix B. As a corollary of the above theorem, we can obtain
the following corresponding complexity results (proof is deferred to Appendix C).

Corollary 2 Let all assumptions of Theorem 1 be satisfied. If we further set v < 2‘% and p = /Y11,
we have E[Vp] < e with iteration complexity and the number of calls of the proximal oracle prox(-)

as
2
O(max{L,UQ}ln<1>> and (’)( maX{L,Uj}ln<1)>. 5)
pple € ppte €

3
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Deterministic ProxSkip: As a corollary of our results, for the deterministic regime where g; =
F(z;), ProxSkip-VIP converges linearly to the exact solution since o> = 0. In this scenario, under
the same assumptions with Theorem 1, the iterates of ProxSkip (Alg. 1) satisfy:

E[Vr] < (1 - min {yp,p*}) V.

In this setting, we get E[V| < e with iteration complexity and number of calls of the proximal oracle

prox(-) as
o(tn(2)) ma of/En(Y)) ©

4. Connection with Federated Learning

Let us now explain how ProxSkip-VIP works in the federated learning setting, i.e., find 2* € R?
such that

(F(a*),2 —2%) >0, VzeR (7
where F(z) £ 13" fi(z) and f;(z) £ Eg¢op,[fi(7;&)], the data & follows an unknown
distribution D; (z = 1,2, - - - ;n). We highlight that following a similar approach as in section 1, the

federated learning minimization and federated minimax problems [11, 14] can easily obtained as
special cases of (7). As mentioned in [13], the problem (7) can be recast into the problem (1) while

1 n
F = i\ Ly i L EBeop [fi(x: & 8
(z) n;f(:v), fi(x) & Eg,op, [ fi(2; &) @)
where z; € RY, & = (21,29, -+ ,,) € R, and
O .f — T e e e — n
R(m) :R((xl,x2,~-- ) N { if 1 .132 T .
+o00 otherwise.

Note that prox. z(z) = (Z,Z,-- ,&) and Z = + > x;, which is easy to compute [13].

4.1. Algorithm: ProxSkip-VIP-FL
With the above reformulation (8), we propose the following ProxSkip-VIP-FL algorithm based on

Algorithm 1 for the federated learning problem 7, which is presented below.

Different from the centralized setting we discussed in Section 3, the federated learning framework
(8) often characterized by a heterogeneous environment, i.e., the distributions {D; }; are not identical.
4.2. Convergence Analysis

Let us now present the convergence guarantees of ProxSkip-VIP-FL (Alg. 2).

Theorem 3 (Complexity of ProxSkip-VIP-FL) Lets assume the same setting as in Corollary 2.
Then ProxSkip-VIP-FL achieves E[Vp| < e (where Vp is defined in Theorem 1),

o)1 (1)

4

* with iteration complexity
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Algorithm 2 ProxSkip-VIP-FL

Input: Initial point 219 = 209 = -+ = Tp0 € R?, parameters 1, v2,73,p € R, initial control
variate for each client hy g, 20, -+ , hno € R? , number of iterations T
1: forallt=0,1,...,7T do

2 Server: Flip a coin 6, 8; = 1 w.p. p, otherwise 0. Send 6, to all workers

3:  for each workers i € [n] in parallel do

4 Tipp1 = T — 1(9i(Tig; &) — hit) /1 Local update with control variate
5 if 0, = 1 then

6: Worker: @7 ;1 = i ¢+1 — y2hi, sends xj , ,; to the server

7 Server: computes x; 441 = % Z?Zl mé}t 1 and send to workers // Communication
8 else

9: T4l = i¢7t+1 /I Otherwise skip the communication step
10: end if
11: Ritv1 = hig +73(Tip41 — Tijpr1)

12:  end for
13: end for

Output: x7

* and communication complexity as

o oo {2 210 (1)

Comparison with Existing Literature The above theorem provides the complexity results of
Algorithm 2 in the federated learning setting. We note that our approach is quite general as we do
not make strong assumptions on the choice of the unbiased estimator g;(x;;; &;¢). For example, in
federated minimax problems, a recently proposed method is the Local SGDA algorithm [5]. With
our framework, one is able to use the same (mini-batch) gradient estimator g;(x;+; & ¢) from [5] in
our Algorithm 2. The benefit of this is that our result will avoid the dependence on the condition
number x (when ¢ is small enough), and we can attain an improved communication and iteration
complexity for solving (7) (see comparison in Table 1).

In Table 1 we provide a more detailed comparison of our theoretical convergence guarantees of
Algorithm 2 (Theorem 3) with existing literature in federated learning. It is clear that the proposed
approach outperforms the other algorithms (Local SGDA, Local SEG, FedAvg-S) in terms of iteration
and communication complexities (when € is small enough). Finally let us highlight that in our analysis
of ProxSkip algorithm we do not require an assumption on bounded heterogeneity.

5. Numerical Experiment

In this section we conduct a numerical experiment on a toy example to test the efficiency of our
proposed algorithm. Following the setting in [16], we consider the problem (7) with x = (z1, z2) €
R&*d2 and

1 A
fi(z) = — §||9«“2H2 — bl o + 2y Ay | + §H9€1H2, (10)
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Algorithm Setting' # Communication’ # Iteration
1 2 £ /PKo 1 o2 3 o
Local SEG [2, 3] SM, LS O(max (ﬁ In 2, 5;7”6, ;ﬁ’ G )) O(max (% In ¢, 25, p:ﬁ’ uf/ﬁ))
Local SGDA [5] | SM, LS O< W) o(=et))
- A( po? V/PrT K€ Al o> KO KE
FedAvg-S [7] SM, LS O (2o, + 22 + 1) O35 + 2% + )
Ours (Theorem 3) | SM, LS? @( max {;«ﬂ, o }) o (Inax {n2, ,7226 })

! SM: strongly monotone, LS: (Lipschitz) smooth. x £ L/u, L and p are the modulus of SM and LS. o2
Var(g(z*;€)) < +o0o (or uniform bound on Var(g(+; £))). £ represents the bounded heterogeneity, i.e., g;(z; &;) is
an unbiased estimator of f;(x) forany i € {1,2,--- ,n}, and £2(z) £ sup,cga || fi(z) — F(z)|? < € < +oc.

2 p is the probability of synchronization, by setting € is small enough, we can take p = O(4/€), which recovers
O(1//€) communication complexity dependence on € in our result. O(-) hides the logarithmic terms.

3 Our algorithm works for quasi-strongly monotone and star-cocoercive, which is more general than the SM and LS
setting, note that an L-LS and ©-SM operator can be shown to be (xL)-star-cocoercive [8].

Table 1: Comparison of federated learning algorithms for solving VIPs with strongly monotone and
Lipscitz operator. Comparison is in terms of both iteration and communication complexities.

here we set the number of clients n = 100, and d; = ds = 20, A = 0.1, b; ~ N/(0, S%Idz) where
s; ~ Unif(0, 20), A; = t;14, x4, and t; ~ Unif(0, 1). It is easy to show that the quadratic objective
function satisfies Assumption 1. Our goal is to have a fair comparison between the Local SGDA
[5] and the proposed ProxSkip-VIP-FL (Alg. 2). We fine-tuned the stepsizes for both algorithms
using grid-search in [0.1, 0.5], and plot the comparison in terms of communication rounds of the two
methods in Fig. 1. As it shows in Fig. 1, ProxSkip has better performance in terms of communication
rounds compared to Local SGDA [5].
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Supplementary Material

Appendix A. Useful Lemmas

Lemma 4 For any optimal solution x* € X* of (1), we have
r* = prox,, p(" — 12 F(z%)). (11)

Proof Note that
(F(z*),z — 2*) + R(x) — R(z™) > 0, (12)

next for any = € RY,
* 1 * * *\ (12 1 * *\ (12
R(z™) + s —[|z" — 2" + %l (2")|” < R(z) + 5|z — 2" + 7 F(z")]
272 272
1 2 1 2 1 2
— R@*)+ —|wF @) < Rx)+ —|z — 2*|" + =—||F @)+ (F(z"),z — z*
@)+ gl F @) < Rla) + ol = 2P+ 5 eF (@) + (Fa), %)
1
= R(:U*)§R(x)+W||x—:c*||2+<F(x*),x—x*>
2
<~ R(z") < R(z) + (F(z"),x — z¥),
which concludes the proof, note that this conclusion indicates that the two parameters in the RHS

above should be identical. [ |

Lemma 5 (Firm Nonexpansivity of the Proximal Operator [1]) Let f be a proper closed and
convex function, then for any x,y € R% we have

2 (13)

(z —y,prox;(z) — prox;(y)) > Hproxf(x) - proxf(y)‘
or equivalently,
|(z — prox;(x)) — (y — prox;(y))||* + ||[prox,(z) — prox;(1)|° < = — . (14)
The following result is helpful in the proof.

Lemma 6 With Assumption I and 2, we have

Ellg(x;€) — F(a)||* < 2L({F(x) = F(z*), @ — 2*) 4 20°. (15)
Proof
Ellg(x;€) — F(z)[|* < 2E[H9(fv; &) = 9@ I + llg(a*;€) — Fa*)|? (16)
<2L(F(x) — F(z*),z — z*) + 202,
which concludes the proof. |
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Appendix B. Proof of Theorem 1

Proof Note that

a7

prox.,p(#¢+1 — y2ht)  with probability p
€T =
T e with probability 1 — p,

and

he + 73 (proxw r(Zt41 — y2he) — it+1) with probability p
hy with probability 1 — p.
(18)

hiv1 = he+y3 (1 —Te41) = {

For simplicity, we denote P(z;) = prox., p(&t+1 — y2ht), so we have

Ee, [Vis1]
:p(HP(l“t) = af||” 4+ 3]+ As(P) — degr) F(@H)W)
+ 0= p) (e = il +3lh - FEiDI) o)
= (P = i+ P00 — (s =) — )
+ =) (Jauss — st + 3l — Pt lP)

next note that zj = prox., p(z; — v2F(z})), we have

72R

| P(zt) = (Beg1 — v2he) — WzF(JCIH)HQ

(20)
= HP(xt) — (&1 — 2hy) — (prox'yzR(xij - 'YZF(er)) - (33:‘;1 - ’YZF(x;tk+1))) H

2

so by Lemma 5, we have

Eg, [Vis]
< pl|&es1 — y2he — 2y + e F ()| + (1 - p) <H50t+1 —zi || 3| he — F(wa)HQ)

= ||&411 — 37:+1H2 + 73| he — F(ﬁﬂ)HQ — 2yop(&uq1 — @iy, e — Ff14)),
(21)

let
Wy £ Tt — ’Ylg(wt;ft)a wZ‘ £ 33: - 71F($I)a (22)

recall that v = v, = ~9p, so we have

Hjjt—l-l — .I';:k+1H2 - 272p<:i't+1 - x;fk-‘,-lv ht - F(x;fk+1)>

= Hwt - wf+1 + ’Y(ht - F(Jffﬂ)) H2 - 2’7<wt - w?ﬂ + ’Y(ht - F(ﬁﬂ))vht - F(CUI+1)> (23)
}2

= |Jwe — wip ||* = 72| e — Flae)

)

so we have
2

e, [Vit1] < |Jws — wip || + (1 = p2) 73| he — F(ay) ||, (24)

10
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so we also have w} = 2* — yF(z*) £ w*.
Then by the standard analysis on GDA, we have
% 2 _ k|2 ok . — F(z* 2
Jwe — wi |7 = llwe = w*[I° = o — 2" = v(g(xe: &) — F (")) (25)
= e —2|* = 29(g(2e: &) — Fa"), 20 — 2*) +97llg(we: &) — F(a)|,

take the expectation, we have

Eg, lhwe —w*|*] = lloe = 2*|” = 29(F () — F(a*), 2 — 2) + 7B, |lg(wis &) — F(a")|P
< lloe — 2" > = 29(1 = YD) {F () = F(a*), 0 — 2%) + 29%0%,
(26)

so we have

Eg,[Visi]
< B [llwe — w|* + (1= p2)33 b — F(a")?]

< Ee, [oe — 2% = 29(1 = yL)(F (@) = F(2*), 2 — 2%) + 29%0° + (1 = p*) 3 |[he — F(a")|”

< Eg, | (1= 2yu(1 — yL))|Jae — 2% | + (1 = p*) 3| he — F(z*)|]” + 27202] :

(27)
recall that v < i, we have
BelVis] < Be (L= p)lloe =o'l + (1 =) Bl — F@OIP + 277
< Eg,[(1 - min {71, p2}) V] +24%0%,
by taking the full expectation, we have
E[Vr] < (1 — min {yu, p*})E[Vr_1] + 2907
T-1
. T . ‘
< (1 —min{yu,p’}) Vo +29%0* Y (1 — min {yp,p*})’ (29)
i=0
) T 2720_2
< (1 —min {ypu,p*}) Vo + —1——,
( { ) min {~yu, p*}
which concludes the proof. |
Appendix C. Proof of Corollary 2
Proof With the above setting, we know that
min {yu,p*} = V4, (30)

11

—_
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and )
2vo
E[Vr] < (1= Vo + = = (31)
so it is easy to see that by setting
1 2
7> L (20 <k (32)
o € 402
we have
E[Vz] < e, (33)
which induces the iteration complexity to be
2L 40? 2V
TZmaX{,Z}ln <°> (34)
popce €

and the corresponding number of calls to the proximal oracle is

oL 4o? P
T > \/max{,g}ln <VO> (35)
p'opPe €

which concludes the proof. |

12
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