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Abstract

In this paper, we consider the decentralized, stochastic nonconvex strongly-concave (NCSC)
minimax problem with nonsmooth regularization terms on both primal and dual variables,
wherein a network of m computing agents collaborate via peer-to-peer communications. We
consider when the coupling function is in expectation or finite-sum form and the double
regularizers are convex functions, applied separately to the primal and dual variables. Our
algorithmic framework introduces a Lagrangian multiplier to eliminate the consensus con-
straint on the dual variable. Coupling this with variance-reduction (VR) techniques, our
proposed method, entitled VRLM, by a single neighbor communication per iteration, is able
to achieve an O(k373) sample complexity under the general stochastic setting, with either
a big-batch or small-batch VR option, where & is the condition number of the problem and ¢
is the desired solution accuracy. With a big-batch VR, we can additionally achieve O(x%e~2)
communication complexity. Under the special finite-sum setting, our method with a big-
batch VR can achieve an O(n+ +/nk%e~2) sample complexity and O(k%¢~2) communication
complexity, where n is the number of components in the finite sum. All complexity results
match the best-known results achieved by a few existing methods for solving special cases
of the problem we consider. To the best of our knowledge, this is the first work which pro-
vides convergence guarantees for NCSC minimax problems with general convex nonsmooth
regularizers applied to both the primal and dual variables in the decentralized stochastic
setting. Numerical experiments are conducted on two machine learning problems.

1 Introduction

In this paper, we consider a multi-agent minimax-structured problem:

i max 3" ix,¥) +g(x) — Aly), with fi(x,) i= Beon, [i(x,v:)] 1)

x€RI1 yeRI2 M

which are solved by m computing agents collaboratively over a decentralized communication network. Here,
fi is an L-smooth, nonconvex (u-)strongly-concave (NCSC) function known only to agent i, and g, h are
closed, convex functions common to all agents, often serving as regularizers. We refer to as a double-
reqularized minimazx problem which has received a lot of research attention recently due to its application
in many machine learning settings such as adversarial training (Goodfellow et al., [2014; |Liu et al., [2020)),
distributionally robust optimization (Namkoong & Duchi, [2016; Xian et al., 2021)), and reinforcement learn-
ing (Zhang et all |2021). It has also been used to study fairness in machine learning (Nouiehed et al.| [2019)
and improving generalization error (Foret et al., |2021]).

We are interested in the case where each f; is governed by a privately owned dataset D; and its objective
and (potentially stochastic) gradient information is only accessible by the i-th agent for all ¢+ = 1,...,m.
The datasets {D;}™; may be finite or infinite, corresponding to offline or online scenarios, respectively. In
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the special case where D; is a discrete uniform distribution, we recover the finite-sum problem setting, and
without lose of generality, we can assume each D; involves the same number of scenarios, i.e.,

l Z X,Y; gz] (2)

:

The agents are connected over a communication network G = (V,€) where V = {1,...,m} denotes the set
of agents and £ C V x V denotes the set of feasible communication links between the agents. We assume
the network G is connected. Such a problem scenario is close to a real-world setting where agents may not
have access to a global communication protocol (either due to privacy restrictions (Verbraeken et al.| [2020)
or high communication overhead (Lian et al., [2017))), nor access to the entire local gradient (e.g., when data
arrives in a stream (Xu & Xul, [2023))).

For the m agents to collaboratively solve , each agent ¢ € V will maintain a local copy of the primal-dual
variable (x,y), denoted as (x;,y;). With the introduction of local variables {(x;, y;) }icy, we can reformulate
(1)) equivalently into the following decentralized consensus minimax problem

m

min  max e Z (filxi, ) + 9(xi) — h(yi)), st. (xi,yi) = (x5,¥5), Vi, j € V. (3)

X1y sXm ¥Y1y--3¥m m i1
To ensure that the consensus constraint (x;,y;) = (x;,y;) is satisfied for all 4, j € V, agents exchange their
information with their 1-hop neighbors via the communication links in £. Mathematically, this communica-
tion is represented as multiplication with a mizing matriz, W € R™*™_which serves as an inexact averaging
operation among the agents. More details on W are provided in Assumption

We are primarily interested in establishing the efficiency of a method to solve by measuring the number
of (stochastic) gradient calls and neighbor communications required to acheive e-stationarity based on the
primal function p(x) := maxy {3,y fi(x,y) — h(y)}. We refer to these quantities as sample and com-
munication complexities, respectively. In this work, we propose the Variance Reduced Lagrangian
Multiplier method, VRLM, which is a novel single-loop (i.e., no inner subroutine needed) frame-
work that leverages state-of-the-art variance-reduction (VR) techniques to achieve low sample
and communication complexities when solving . Our framework is based on a reformulation
of which allows agents to take an aggressive step-size in the primal variable x, matching that
of centralized methods. We acheive this by exploiting the strong-concavity of f;(x,-) to remove
the consensus constraint on the y-variable with the introduction of a per-agent Lagrangian
multiplier. We summarize our contributions below, followed by a brief literature review of relevant works.

1.1 Contributions

Our contributions are three-fold: the design of new algorithms, the establishment of improved complexity
results, and the demonstration of promising numerical performance.

o First, we leverage a reformulation of problem outlined in [Xu| (2024) to present the Variance
Reduced Lagrangian Multiplier based framework, VRLM. VRLM is a single-loop (i.e., no inner subrou-
tine needed) framework which allows for different VR gradient estimators to be “swapped” in for
the local gradient estimators. While we leverage the probelm reformulation presented in the decen-
tralized GDMax method from Xu/ (2024), we note that GDMax equipped with an optimal stochastic
subroutine, will have worse complexity than our results, highlighting the contribution of our ap-
proach. Additionally, our framework allows for regularizers on both the primal and dual variables,
enabling it to be applied to a broader class of problems than other methods which solve ; see the
related works in Section [[.2] for more details.

e Second, we provide rigorous convergence analysis of two VR options. One VR option uses large-
batch sampling, while the other needs only O(1) samples for each update per agent. We prove that
both versions of our method can achieve a sample complexity of O ( 3 _3) in the general stochastic



Under review as submission to TMLR

setting where & is the problem’s condition number. The small-batch version attains a communication
complexity of O (H3E_3), while the large-batch one only needs O (525_2) communication rounds. In
addition, for the finite-sum structured problem , our method with the large-batch VR option can
achieve a sample complexity of O(n + v/nk?c~?) and communication complexity of O(k?e~2) per
agent. These complexity results are optimal in terms of the dependence on ¢ (Arjevani et al.l 2023;
Lu & De Sal [2021)) and match the best-known results of decentralized methods for solving special

cases of .

e Third, we verify the performance of our proposed method on two machine learning problems in a
real decentralized computing environment using NVIDIA Telsa V100 GPUs.

1.2 Related work

A few decentralized methods have been proposed for solving minimax problems. However, most of them
focus on deterministic or finite-sum structured problems. We provide additional related work in Appendix [A]

The recent D-GDMax method (Xul, [2024) is very closely related to our proposed method, as both rely on a
reformulation of by the introduction of a Lagrangian multiplier to facilitate convergence. A key difference
is that D-GDMax requires exact gradients. Thus it is not applicable to the general stochastic problem setting
that we consider. While D-GDMax could be equipped with an optimal stochastic subroutine, it will have
higher complexity than our results. In the special finite-sum case, D-GDMax’ complexity will be significantly
higher than ours if n is big and the desired accuracy ¢ is small. GT-DA (Tsaknakis et al, |2020)) is also a
deterministic gradient method. It solves a variant of by only enforcing consensus on either the {x;};cy
or {y;}icy variables, but not both simultaneously.

The PRECISION method in |Liu et al.| (2023) is designed for solving under the finite-sum setting, and
in addition, it assumes h(-) = Iy(-) for some convex set ). Similar to one VR option of our method, it
utilizes the SPIDER-type (Fang et al.l [2018) variance reduction. In order to produce an e-stationary point,
it needs O(n + /ne~2) sample gradients and O(¢~2) communications rounds per agent without giving an
explicit dependence on the problem’s condition number k; the dependence on € and n is the best-known
for the finite-sum setting. A preceding method of PRECISION, called GT-SRVR in |Zhang et al.| (2021)),
considers a more special case of under the finite-sum setting. It assumes g = 0 and h = 0 and achieves
the same-order complexity results by the SPIDER-type variance reduction. DSGDA (Gaol [2022)) solves the
same-structured problem as GT-SRVR and also enjoys the same-order complexity results. Different from
GT-SRVR, DSGDA uses a SAGA-type acceleration technique (Defazio et all [2014). It does not need to
take large-batch samples for each update but requires a large memory to maintain n component gradients.

Like our method, DREAM (Chen et al.,2024) can be applied to both the stochastic and finite-sum settings
of . It employs a loopless version of the SPIDER-type VR method. However, it assumes g = 0 and h = Iy.
In addition, it performs multiple communications per update, and its convergence results rely on the multi-
communication trick. This is fundamentally different from our method. With a multi-communication trick,
our results can have a lower-order dependence on the spectral of the communication network; see Remark [4.1]
However, we can have guaranteed convergence with a single communication per update, while the analysis
of DREAM requires the multi-communication trick to prove convergence. The requirement of multiple
communications can be too restrictive and even impractical in a real computing setting, as it necessitates
more coordination between agents (Lian et al|2017). All the aforementioned methods require either large-
batch samplings or a large number of maintained component gradients. In contrast, DM-HSGD (Xian et al.,
2021)), by the STORM-type (Cutkosky & Orabonay [2019) VR technique, only needs O(1) samples per update
per agent, except for a possible large-batch sampling at the initial step. However, there is one critical error
with its convergence analysis. It turns out that Eqn. (28) in |Xian et al. (2021)) does not hold with the given
choice of #. In fact, § must be ©(1/L) instead of the given ©(1/x), where L is the smoothness constant of
{fi} and p the strong-concavity constant of {f;(x,-)}. With the correct 6, it is unclear if its final claimed
convergence results will holdﬂ

IWith @ = ©(1/L), the coefficient for E HﬂtH becomes positive but it is required to be negative in the analysis for the
DM-HSGD method.
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1.3 Notation

We denote [m] as the set {1,...,m}. We let z := [x;y] € R4%92 and Z = dom(g) x dom(h) be the joint

variable and domain. For each i € [m], let z, := [x;;¥;] be a local copy of z on agent i. Then we denote
T T T

X = [xlv"wxm} ) Y = [Y17"'aY'm] ) Z= [Zly"'aZTYL:I ) (43)

x=23" %, X; =X-L1x",
T

vx-F(Z) = [fol(zl)v RN vxfm(zm)] ) (4b)
T

VyF(Z) = [Vyfl (z1),---, Vyfm(zm)]

We use the superscript () for the ¢-th iteration. For a set X C R, we denote its 0-co indicator function by
Ix (o), ie, Ixy(x) = 0 if x € X and +oo otherwise. For a closed convex function r, we define its proximal
mapping as prox,.(x) := argmin {r(y) + 3 [ly — x||*}. Finally, given a set of random samples B, we denote
mini-batch gradient estimators as

Gi(B) = b Yoeen VIilxi,yi:6),  GU(B) = i Teen V", y"; ). (5)

1.4 Outline

The rest of this paper proceeds as follows. In Section |[2f we state the reformulation of problem and outline
our key assumptions. In Section [3] we introduce our proposed method, VRLM, for solving the reforumlated
problem. We provide convergence results in Section [ and numerical experiments in Section [5} In Section [6]
we make concluding remarks.

2 Assumptions and preliminaries

As stated in the introduction, our proposed method relies on a reformulation of presented in [Xul (2024])
which removes the consensus constraint on the y-variables by introducing a per-agent Langrangian multiplier,
A; for all i = 1,...,m. We define the following modified objective function

O(X,A,Y) =25 (filxi,yi) — hlys)) — ﬁ@X, (W-1)Y), (6)

where the i-th row of A is A,

; -
reformulated equivalently into

When dom(h) has nonempty relative interior, the problem can be

min max (X, A YY)+ 3" gi(xi), st x; =x;,Vi,5 € [m]. (7)

In Section |3 we present a novel single loop framework for solving . First, we state our key assumptions
and define a solution criteria for methods that solve . We define the following functions that will be used
throughout our analysis
P(x,A) := maxy ®(1x", Y, A), Q(X,A) :=maxy ®(X,Y,A), ®
Se(X,A) :=argmaxy (X, A,Y),
flxy) =5 X0 filxy),  p(x) = maxy f(x,y) = h(y), o(x,A):=P(x,A) + g(x). (9)

We make the following assumptions on the objective function and communication network, which are stan-
dard in the minimax and decentralized optimization literature (Zhang et al., [2021; |Shi et al., 2015]).

Assumption 1 For eachi € [m], f; is L-smooth. In addition, in the stochastic case, V fi(x,y;€) satisfies (i)
Eg[@fi(x,y;f)] = Vfi(x,y), (ii) there exists o > 0 such that E¢ H@fi(xy; &) — Vfi(x, y)Hz < 0?, and (iii)
for any (x,y), (<',y') € RO, it holds Be ||V fi(x, 7€) = VA, 5565 < L2 (I = XI5 + Iy = ¥'I13).
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Assumption 2 For each i € [m], fi(x,-) s p-strongly concave with u > 0; g and h are closed, convex
functions and dom(h) has a nonempty relative interior; there exists ¢* € R such that ¢(x,A) > ¢* for all
x, A where ¢ is defined in @

We denote the problem’s condition number by
K== (10)

As stated in the introduction, the communication network G is assumed to be connected; we enforce this by
making the following assumption on the mixing matrix W.

Assumption 3 The mizing matric W € R™*™ satisfies the conditions: (i) Null(lW —I) = Span{1} and
WT1=1;(ii) p:=|W— L1117 ||, < 1; (iii) [W —I||]z < 2.

To quantify the sample and communication complexities, we are interested in finding an e-stationary point
of for a given tolerance € > 0, defined below.

Definition 2.1 For any € > 0, a point (X, A) is called an e-stationary point in expectation of if there
is some 1)x > 0 such that for the primal function P(x,A) := maxy ®(1x',Y,A), we have

1 2

— ()‘( — prox
Mx

E x — nxVxP(X,A)))

L2
g ( + EIE IX 1[5 < e? and E|[VAP(x,A)||5 < &% (11)

2

Based on Definition we define the sample complexity and communication complexity respectively
as the number of sample gradients and the number of communication rounds required to produce
an e-stationary point in expectation. We make the following remark regarding the relationship between

e-stationarity for and .

Remark 2.1 Notice that P is the objective function of the primal problem of , The stationarity measure
n Deﬁm’tion is sometimes called optimization stationarity (Zheng et all |2022). Another related notion
is the so-called game stationarity (Li et al., |2025]), which also involves the dual variable y. In addition, Xu
(2024) shows that if (X, A) is an e-stationary point of , then X is an O(e)-stationary point of the original
decentralized formulation when h is smooth. This claim can actually be extended to the case where the
function P(x,-) defined in satisfies a quadratic-growth condition (Drusvyatskiy € Lewis, 2018) for all
x € dom(g). Hence, we adopt the notion in Definition .

3 Proposed method

It is not immedaiately obvious why stochastic objective functions would benefit from the problem reformu-
lation of . As stated in | Xu| (2024), problem allows agents to take an aggressive step-size in the primal
x-variables through local maximization of the y-variables. Even in the less general finite-sum setting ,
such an approach incurs an additional y/k gradient computations in the y-variables compared to the number
of required x-gradient computations (see Table 1 in[Xu| (2024) for more details). In this work, we address two
lingering questions from |Xu| (2024)). First, we remove the need for agents to perform local y-variable max-
imization, which reduces the overall algorithm complexity, while still maintaining the benefit of aggressive
x-variable step-sizes; in particular, we only require agents to compute a single (potentially stochastic) gradi-
ent during each algorithm iteration, which can significantly reduce algorithm run-time in practice. Second,
our algorithm and corresponding analysis is applicable to more general expectation structured problems. We
now state our proposed framework for solving @

We propose the Variance Reduced Lagrangian Multiplier method, VRLM, for decentralized double-regularized
minimax problems. VRLM makes use of four key algorithmic components to solve (7). First, we incorporate
variance-reduction (VR) techniques to facilitate a better estimate of the true local gradients; namely we
utilize either the SPIDER, (Fang et al., |2018; [Nguyen et al., |2017) or STORM-type (Cutkosky & Orabona),
2019; [Xu & Xu|, 2023) VR technique. Second, we leverage gradient tracking in the x-variable to make the
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least restrictive assumptions on the data distribution among the agents (Tang et all 2018]), namely, hetero-
geneous data is allowed. Third, we communicate the y-variables through Lagrangian multiplier updates,
relaxing the need for exact consensus on these variables and allowing for large x-variable step-sizes. Finally,
VRLM is a single loop (i.e., no subroutine needed), single communication per update algorithm
which requires less computation than double loop algorithms (Luo et al., [2020) and less communication than
multi-communication algorithms (Chen et al.| {2024).

The SPIDER and STORM-type VR gradient estimators represent large-batch and small-batch gradient
estimators, respectively. Fundamentally, VRLM is not limited to just these gradient estimators. Alternatives
such as ZeroSARAH (Li et al., 2021b)) or PAGE (Li et al.,[2021a)) could also be utilized as gradient estimators.
We limit formal analysis of VRLM to the SPIDER and STORM-type gradient estimators to demonstrate the
flexibility of our approach and leave analytical extensions to other gradient estimators to interested readers.
Using equation ({5), we denote the gradient estimator on the i-th agent as dz(-t) = [dg:)l, d;t)l], for the SPIDER-
type VR gradient estimator we have

o B, if mod(t, ¢) = 0, with |B{"| = 5, (12)
d,’ = 12
GE”(BZ@) - th_l)(BEt)) + dgt_l), otherwise, with \Bgt)| =Sy,
while for the STORM-type VR gradient estimator we have
d =c"(BY) + (1 - B) (dgt‘” - th‘”(zsg”)) , with |[BY| = S, for t > 1. (13)

The SPIDER-type VR technique requires large-batch sampling, meaning that the number of samples to
compute a local gradient estimator at each iteration depends on a desired solution accuracy . As shown
in the next section, the large batches can lead to an improved communication complexity result, but may
lead to poor generalization on some machine learning tasks (Keskar et all 2017). Furthermore, in scenarios
where the data arrives in a stream, it may be impractical to wait for enough samples to compute a large-
batch gradient estimator. Hence, we also analyze the STORM VR technique. By the STORM technique,
agents only need O (1) samples to compute a stochastic gradient estimator, except for a possible large-batch
sampling at the initial step. We find in practice (see Section [5) that the STORM estimator outperforms
the SPIDER estimator on more complex tasks. Nevertheless, we will provide convergence analysis for both
methods. Having presented and , we give the pseudocode of VRLM in Algorithm

Algorithm 1: Variance Reduced Lagrangian Multiplier (VRLM) method

1('0) =x € dom(g), y('O)

Input: x ) =y® € dom(h), )\EO) = 0 for all i € [m]; step-sizes 7x, Ny, na > 0;
VR-tag € {SPIDER, STORM}

Initial step: set VEO) = dl(.o) = GEO)(BS))) where |BEO)| =& for all i € [m]

fort=1,...,7 do

for agents i € [m] in parallel do

if VR-tag == SPIDER then
| Update d” by (@2).
if VR-tag == STORM then
| Update d” by (@3).
Update the gradient tracking variables by vt Z;n:l Wi (v(til) + dit)J — dgy;l)) and

G = j
t t L/m m t t
V( ) = dg,)-—72 (E . lez‘)\() )\E ))

Yyt X J J
Update the Lagrangian multiplier by )\Etﬂ) = /\Z(-t) + QL% (Z;”zl wijyg-t) - ygt))
Let XEHI) = prox,, , (ZTZl wijxgt) — nxv)(z)i) and y£t+1) = prox, ; (ygt) + nyvgz)i)




Under review as submission to TMLR

Algorithm [I] provides the VRLM updates from an agent point of view. To facilitate ease of expression and
readability, we form Dy, Dy and re-write the last three lines of Algorithm [I]in the following matrix form

DY =[dy,1,. .., dxm) T, DY =[dy,1,....dyml T, (14)
v —w (Vﬁf‘” +DY — D,(f‘”) , VP =D - Lmw )T A®), (15)
A = A0 Lon (W DY), (16)
XD = prox, | (i(t) _ nngct)) COXM —wxO, yt) = prox, (Y(t) n nyV;t)) , (17)

where the prox operator acts row-wisely on the input.

4 Convergence results

In this section, we give the convergence analysis of Algorithm [I|for both VR options. The primary challenges
with providing convergence guarantees are caused by the non-linearity of the proximal mapping associated
with the non-smooth terms g and h, the nonconvexity of {f;(-,y)}, and the stochasticity of gradient in-
formation. Our analysis carefully addresses each of these challenges. We defer details of the analysis to
Appendix [B] and present our main results and remarks below.

4.1 SPIDER variance reduction

Theorem 4.1 Under Assumptions E and@ let {(X®), AW, Y(t))}tzo be generated from Algom'thm with

VR-tag = SPIDER and q = Sa, ny = 17, and

f(L=p)? 1
x = Il ’ )
& 180Lp " 20(L + 1)(12x2 + 2k + 5)
Lp(1 - p)? 1
nA = min{ SLp( r) , } .

24L2(126%2 + K +1)" 2L p 4+ 128LK2 + (L+1)(20;2+n+1) v 4L2(132;L214:K+1)

For any integer T > 1, select T uniformly at random from {0,1,...,T —1}. Then

2

2
1 =(r (7 (T T L2 (1)
E L (x0 = prox,,, (x@ = nVxP(x™,AM)) )|+ L8 |X]

TIx

F

< L2(60543) H{((O) — Y(O)H2 + (80K2 + 10)Y + (8052+10) Ly
— mT F T

+(%+ (i + B4)T) - [10L2<150nxn2(20n2 +r4) 1e)
+ 167aK2(20K2 + K + 3)) +28y (3L2nx(3 +5K2) + nl) + SOOLP}
and
E[VaPxD, A < 2822 |F0 v O 4 go521 4 200
+ (% + (ﬁ + m + %) T) : [4L2 (150nxn2(20m2 +K+2) (19)

+ 16nAK2(20K2 + K + 1)) + ok + 6L7K |,

where T = g—j for the case of a general distribution and X = 0 for the finite-sum case in , Lp = Lv4k? +1,
and Cy is a constant dependent on the initial point, defined in Theorem [B.1}

By Theorem we give the total sample and communication complexity result of Algorithm [I] as follows
with VR-tag == SPIDER. The proof is given in Appendix [B.4}
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Corollary 4.1 Lete > 0 be given and assume L > 1. Under the assumptions in Theorem[{.1] suppose

2 7 2 . mKk m rk(1—p)2
VO =omLra—p), [[Y©-YO| =0 (min{zs, mtesGeert),

o2 max{n (1—p)~

Then Algorz'thm with VR-tag = SPIDER, So = &1 =0 ( =

4
}> for the general stochastic case

and Sg = &1 = n for the special finite-sum case, and S; = q = (\/51] can find an e-stationary point in
expectation of by Ts stochastic gradients and T, local neighbor communications, where

T.=0 Lr” Pp(x O, AQ) —¢* + i +1
¢ e2 - min{1, k(1 — p)?} ’ min{1, k(1 — p)2}

and Ty = n+ /nT, for the finite-sum case and Ty = < - max{x, (1 — p)~2}T, for the general stochastic case.

2 - 2
Remark 4.1 The assumption on HV(LO’)"HF and HY(O) -Y®© HF is mild and can easily hold if k(1 —p) is not

small. Otherwise, multiple communications can be performed at the initial step to satisfy the condition. In
addition, when k(1 — p)? > 1, the complexity results will be independent of the graph topology. In this case,
our stepsize Nx and na in are both in the order of ﬁ, matching to that used by a centralized method
for NCSC minimaz problems, e.g., the GDA in (Lin et al., |2020ad). This can be significantly larger than
the stepsize in the order of % taken by state-of-the-art decentralized methods for minimax problems, e.g.,
PRECISION (Liu et al., |2023) and DSGDA (Gaod, 2022). When k(1 —p)? < 1, then T, linearly depends on
(1—p)~*, which is worse than existing results with a dependence of (1—p)~2 for decentralized methods with a
single communication per iteration on solving composite nonconvex problems; see (Scutari € Sun, |2019) for
example. To improve the dependence, we can again perform multiple communications in the initial step to
have §y = O(k(1—p)?). Moreover, if the multi-communication trick, which needs more coordinations between
agents, is applied for every update, we can change the mizing matrix W in our analysis to a polynomial in
W, denoted by g(W). If W is symmetric, we can apply the Chebyshev polynomial (e.g., see (Mancino-Ball
et al., [2023h)) to have an accelerated averaging. This way, the sample complexity will be independent of p
and the communication complexity will linearly depend on (1 — p)*%.

4.2 STORM variance reduction

Theorem 4.2 Under Assumptwns and@ let {(X®,A® YD)},50 be generated from Algomthml with

VR-tag = STORM and § € (0,1), ny and

- m;
i ol % Yi: }

e = A0L(24r2 + 8k +5) 48(L + 1)(24K2 + Tk + 4)
(1-p)* VB }

AL(20k +3)" ML+ 1)(52k2 + R+ 1) [

nA =min {
For any integer T > 1, select 7 uniformly at random from {0,...,T — 1}. Then it holds that

(T (7 (7 T 2 2 2
IE’ L (x( ) — prox,_, (x( ) —n VPR, Al ))))H2 + LHEHX&) -

Nx

C, 1+1/L) Tlel
S(79—’—<(1 p)nL+(\/>/L)52 TT)

20 4 G (2023 +542) + ) + 1909°L ¢ Tt 5(”’2]

n3

and

2
E HVAP(5<<T>,A<T))HF

c 1 (1+1/L) o~ T—1 Yo\ | 4 272 640K°L
S <TO + ((lp)an + VAL )B t=0 T ) [7,,\ + 24K7 L7y + /5

} (21)
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where T, := g—f for any t > 0, and Cy depends on the initial points, defined in .

Below, we give the sample and communication complexity result of Algorithm (1] with VR-tag == STORM.
The proof is given in Appendix [B]

Corollary 4.2 Let ¢ € |0,0(1 — p)ﬂ be given and assume L > 1. Under the same conditions as in

2 ~ 2
Theorem assume HV(LO’)"HF < 40m(1l — p)kL, HY(O) —Y(O)HF =0 (%), and IEHR(O)HjJ < ms—‘zz with

So = [( L il 4(1_[1))2,“:) 02“ and S = O (1) for allt > 1. Then, Algorithm with VR-tag = STORM and

NG

2’52

b= 144002(24K2 + Tr + 4)

(22)

can find an e-stationary point in expectation of by T, = © (""3L + %) stochastic gradients and T, =

e3

3 . . .
© (”'gf) local neighbor communications.

A few remarks are in order regarding the above corollary.

Remark 4.2 First, similar to other recent works (Xin et al., |2021b; |Mancino-Ball et all 2023a), our com-
plexity results are stated for the high-accuracy regime (i.e. small enough €). Technically, this accuracy
requirement removes the final dependence of VRLM-STORM on the spectrum of the graph. Second, the ini-
tialization requirements in Corollary are akin to those in (Mancino-Ball et all, |2023d). If necessary,

e.g., when 1 — p is much smaller than ﬁ, we can perform multiple communications at the initial step to

VS?) < 40m(1 — p)kL. Third, the recent Acc-MDA (Huang et al., |2022) method can attain a

X

have

convergence rate of @(/{4'5673), however, this is only in the single-agent setting where m = 1 and further,
this result only holds when g = h = 0. When m = 1, we have W = 1, which eliminates the variable A,
as well as the consensus constraint on {X;};cy. Hence, @ s actually identical to which indicates our
analysis provides a better dependence on K, as well proves convergence on a broader class of problems (i.e.,

g Z0 and/or h £0).

In addition, we make a remark regarding the dependence of our results on the number of agents, m.

Remark 4.3 Similar to existing works (Liu et all,|2025;|Zhang et al), |2021)), the complexity results presented
in Corollaries[.1] and[[.9 are sub-optimal in terms of the dependence on the number of agents, m. Specifi-
cally, for the finite-sum setting using the SPIDER-type variance reduction, we should expect Ts = n+ \/%Tc
as is found in (Chen et all |2024) and for the general stochastic setting using the STORM-type variance
reduction, we should expect to see a linear speed-up of Ts in m (Mancino-Ball et al., |2023a). This short-

coming is due to the coefficient on the stochastic gradient error term, ||R(t)||i,, in Lemma being m
times too large. While we acknolwedge this shortcoming, we stress that (Chen et al.,|2024) utilizes the multi-
communication trick in their analysis which pushes a method closer to its centralized counterpart. Without
using multi-communication, it is still an open question whether or not the optimal sample complexity can be
achieved for the decentralized minimax problem with or without a regularizer.

5 Numerical experiments

In this section, we empirically validate our proposed methods on two benchmark problems which fit .

We compare our methods to three methods: DPSOG (Liu et al.}|2020), DM-HSGD (Xian et al., 2021)), and

GT-SRVR (Zhang et al.l |2021)); since these methods are only presented for the case of with g = 0, we

simply wrap their x; updates with prox, g(~). For our experiments, we use m = 8 agents, where each agent

is an NVIDIA Tesla V100 GPU. The agents are connected via a ring structured graph, where self-weighting
1

and neighbor weighting are 3. This represents one of the worst-case connectivity patterns (in terms of p)
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which still fit Assumption [3|and hence serves as a good benchmark for comparing decentralized methods (Lu
& De Saj, 2021} [Singh et all |2021)). We show results in both epoch and iteration number. We define one
epoch as one pass of the global datasetﬂ and one iteration as one update step of a methocﬂ

5.1 Sparse distributionally robust optimization

We test our proposed method on the decentralized distributionally robust optimization problem (Xul, 2024}
using both the MNIST (Lecun et al., [1998]) and Fashion-MNIST (Xiao et al., [2017)) datasets. Each agent
maintains a local dataset, {a;j, b;;}7_;, where a;; € R?®*28 is the j-th image on the i-th agent and b;; €

j=1
{1,...,C} is the corresponding label among C classes. The total number of data points is given by N = mn
and we let J; C {1,..., N} be an index set which contains the indices of data points on agent i. The agents’

local objective functions are given by

filxisyi) =mY e 7 (yi )l (Z, (ai5), big) = 5 ||yi — %sz h(y:) =lay(yi), g(xi) =Mxill,. (23)

Here, y; ; denotes the j-th component of y;, £ is the cross-entropy loss function taken over each class, Zx,
is a neural network governed by the parameter x;, and p is a parameter controling the deviation from the
uniform distribution. The set Ay := {y : y'1 = 1,y > 0} is the standard probability simplex. The
regularizer g induces sparsity on the x variable. We choose Zx, to be a two-layer neural network with 200
hidden units and Tanh activation function. Further, we let u = 10.0 and A = 5 x 10~

The dataset is split uniformly at random among the agents, hence each agent receives n = 7,500 local
data points. We let the mini-batch size for all methods be 100 and tune 7, € {0.1,0.01,0.001,0.0001} and
”" € {1,0.1,0.01,0.001}. For DM-HSGD, we tune 8x = 3y = 0.01 following the paper guldehnes and set

the initial batch-size to 3000. For GT-SRVR, we tune q € {100,300} and the large mini-batch size from
{3000, 7500}. For VRLM-STORM we let 5 = 0.01, L = \/ﬁ7 and na = 0.001. For VRLM-SPIDER, we tune

g € {100,300} and the large mini-batch size from {3000, 7500} and let L = % and na = 0.001. We run all
methods to 50,000 iterations and compare the training loss value (as if performing centralized training; note
this is not the objective value), testing accuracy, average number of non-zeros, and stationarity violation,
where the stationarity violation is computed as

% — prox, (X — & 37 Vaefi(%,y)) s + IX L%+ 1Y L)% (24)

where y*) := arg max,, Ly fi(xy)—h(y) for x =L 3" x;. We run each experiment with 5 different
initial seeds and report the average results across both iterations and epochs.

From Figure (1} we can see that VRLM (both variants) outperform all competing methods in terms of training
loss and testing accuracy, while VRLM-STORM can additionally find sparser solutions. For this problem,
DM-HSGD is not competitive when A > 0. All methods appear to struggle with reducing for both
datasets, but we remark that this does not appear to affect each method’s ability to minimize the training
loss and obtain reasonable testing accuracy.

5.2 Fair Classification

We also test our method on the Fair Classification problem (Mohri et al., 2019) using the CIFAR-
10 (Krizhevsky, [2009) dataset. Each agent maintains a local dataset, {a;;,b;;}7_,, where a;; € R332
is the j-th image on the i-th agent and b;; € {1,...,C} is the corresponding label. The agents’ local

objective functions are given by

fi(xivyi) = Z§=1(Yi,c)£ (in({aij}bij:C)’ {bij}bijic) - % ||y2H§7 h(yl) = HAC (yi)7 g(xi) = 07 (25)

where y; . denotes the c-th component of y;, £ is the cross-entropy loss function which computes the average
loss over each class, Zx, is a neural network governed by the parameter x;, p is a parameter to tune, and

2In our experiments, the datasets are split evenly among the agents, hence one full local agent dataset pass will amount to
one full global dataset pass due to the synchronicity of the compared methods.

3Since each method may communicate a different number of variables at each iteration, we compare across iterations to keep
in line with the theory of each method.
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Figure 1: Experimental results for the sparse distributionally robust optimization problem using the
MNIST and Fashion-MNIST datasets. The top two row depict results for the MNIST dataset in terms of
iteration number and epochs, respectively. The bottom two rows depict the same results for the Fashion-
MNIST dataset. Shaded regions represent 95% confidence intervals computed over 5 trials.

Ac is the standard probability simplex. We choose Zyx, to be the AIl-CNN network (Springenberg et al.|

2015) and let p = 0.1.

The dataset is split uniformly at random among the agents, hence each agent receives n = 6,250 local
data points. We let the mini-batch size for all methods be 100 and tune 7, € {0.1,0.2,0.3,0.4,0.5} and
% € {1,0.1,0.01,0.001}. For DM-HSGD, we tune 8x = fy € {0.01,0.1,0.5,0.8,0.9,0.99} and set the initial
batch-size to 3000. For GT-SRVR, we tune ¢ € {100,300} and the large mini-batch size from {2000, 3000}.
For VRLM-STORM, we tune 8 € {0.01,0.1,0.5,0.8,0.9,0.99} and let L = \/Lm and na = 0.1. We found
VRLM-SPIDER noncompetitive on this instance, and the results are omitted. We run all methods to 20,000
iterations and compare the training loss value (as if performing centralized training; note this is not the
objective value), testing accuracy, and stationarity violation, where the stationarity violation is computed as

m - * 2 2 2
| S Vi v )|+ 1L+ Y L (26)
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i
constraint of our computing environment which prohibits us from putting all the data on one machine. Again,
we run each experiment with 5 different initial seeds and report the average results across both iterations

and epochs.

where y(*) i= argmax,, f;(X,y;) —h(y;) for x = Ly ;. We use instead of due to the memory
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Figure 2: Experimental results for the Fair Classification problem using the All-CNN network with the
CIFAR-10 dataset. The top row depicts results in terms of iteration number, while the bottom is in terms
of epochs. Shaded regions represent 95% confidence intervals computed over 5 trials.

From Figure[2] we can see that DM-HSGD and our proposed method perform similarly in terms of stationarity
violation. However, our method can achieve higher testing accuracy and lower training loss. DPOSG yields
higher testing accuracy, but its convergence for the double-regularized problem @) has not been studied.
The GT-SRVR method is not competitive on this problem, which could be due to the lack of theoretical
guarantees for the double-regularized problem @, or due to the periodic large-batch stochastic gradient
computation. Overall, we find our proposed method to be competitive against other state-of-the-art methods,
while providing improved theoretical guarantees.

6 Conclusions

In this work, we have presented the Variance Reduced Lagrangian Multiplier (VRLM) based method for solving
the decentralized, double-regularized, stochastic nonconvex strongly-concave minimax problem. We analyzed
VRLM with both big-batch and small-batch variance-reduction techniques. Under mild assumptions, both
versions are able to achieve the best-known complexity results that are achieved by existing methods for
solving special cases of the problem we consider. Finally, we demonstrated the effectiveness of our proposed
methods in a real decentralized computing environment on two benchmark machine learning problems.
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A Additional related work

All the methods we mentioned in Section assume strong concavity about the dual variable y and also
convexity of the regularization terms or constraint sets, if there are any. A few existing decentralized methods
for minimax problems make weaker or different assumptions. For example, DPOSG (Liu et al., |2020)) is
designed to solve smooth stochastic nonconvex nonconcave decentralized minimax problems. Instead of
concavity structure, the Minty VI condition is assumed by DPOSG in order to have guaranteed convergence.
However, its complexity has a high-order dependence on a given accuracy, reaching O(¢~12) to produce an
e-stationary solution. In addition, it cannot handle problems with nonsmooth regularization terms or a hard
constraint. This is another fundamental difference from our method.

Though our focus is on decentralized computation, our method is also applicable in the single-agent (or
non-distributed) setting, i.e., the problem with m = 1. In this case, many methods have been proposed
under various settings of f. The GDA (Lin et al. [2020a) method can be applied to dual-constrained
smooth deterministic NCSC minimax problems, i.e., g = 0 and h = Iy in . To achieve an e-accurate
solution, it requires O(x%e~2) gradient evaluations, which was later reduced to O(y/me~2) by the Minimax-
PPA (Lin et al., 2020b) method. When ¢g # 0 or h # 0, proximal-AltGDAm (Chen et al. 2021)) can achieve
a complexity result of 0(5%5_2). In the stochastic setting, GDA utilizes large-batch sampling and can
achieve a sample complexity of O(k3c~4). SREDA (Luo et al., 2020) considers both stochastic and finite-
sum structured minimax problems. Similar to one choice of our method in the single-agent setting, it adopts
the SPIDER-type VR. However, different from our method, SREDA needs an inner loop to approximately
solve the dual maximization problem, and thus it is a double-loop method. It achieves a sample complexity
of O(n + \/nk?c=2) for the finite-sum case and O(k%c~3) for the stochastic case. All aforementioned single-
agent methods require a large batch-size: either all samples in a deterministic/finite-sum setting or as many
as O(e72) in a stochastic setting where SPIDER-type VR is used. In contrast, Acc-MDA (Huang et al.l
2022) can achieve a complexity of @(535*3) by O(1) samples per update through the STORM-type variance
reduction. SAPD+ (Zhang et al.l 2022)) can also have convergence guarantees by small-batch sampling and
achieves a complexity of O(ke~*). When big-batch sampling is performed, SAPD+ can have a complexity of
O(r%e~3) by variance reduction. However, different from Acc-MDA and our method in a single-agent setting,
SAPD+ is a double-loop method. A comprehensive literature review for single-agent methods designed for
solving is out of the scope of this work. The interested readers can refer to the references therein of
previously mentioned works for a more thorough treatment of this subject, including whether or not each
method can handle g # 0 or h # 0. For readers interested in works that handle the nonconvex concave or
nonconvex nonconcave settings, see e.g., (Ostrovskii et al., 2021} |Thekumparampil et al., 2019; Zhang et al.,
2022; Jin et al., [2020; Lin et al.l |2020a} [Yang et al., |2022; Xu et al., 2023} |Li et al. |2025; [Khan & Xul |2026])
and the references therein.
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B Convergence analysis

We adhere to the following logical exposition of our theoretical analysis; some longer proofs are deferred to

additional Appendix sections.

1. In Section [BI] we present necessary preparatory results which build key inequalities around the

functions defined in and @

2. In Section we build a one-iteration progress of the VRLM method without specifying the VR

gradient estimator.

3. In Section [B:3] we present bounds on consensus errors and local gradient estimator errors.

4. In Section [B:4] we analyze Algorithm [I] with VR-tag == SPIDER, demonstrating the convergence

of the VRLM method in both the finite-sum and expectation structured cases.

5. In Section [B.5] we analyze Algorithm [T with VR-tag == STORM, demonstrating the convergence of

the VRLM method in the expectation structured case.

The following definitions are used throughout our analysis with ® given in (@

Y .= = arg max <I>(1x(t) A(t),Y), Y® = arg max @(X(t),A(t),Y),
Y Y
R,(f) =D (t) v/ F(Z(t)) R(t) — Dg,t) _ va(Z(t))’ R® .— p® _ vp(z(t))’
Ft( ) =1 Zz 1 fz( i ayz) - T< (W— I)Y,A(t)>
By Danskin’s theorem (Danskin, [1966), with Y = Sg(1x', A), we have
VP(x,A) = (% S Vafi(%, i), 5= (W - I)Y) .

B.1 Preparatory results

Under Assumption [3|and by the notation in (L7)), since W —I = (W —I)(I — %IIT)7 it holds
S| wonx®|

p v -nxt,

2 2
s[x¢
F + L F

[X(E+D - X0 ||i <9 Hx<t+1> )

<9 Hx<t+1> _X®

We now present some preparatory propositions. The first one is directly from (Xul [2024).

Proposition B.1 Let P and Sg be defined in , Then with Lp = L/4k2 + 1, it holds
IVP(x,A) = VP(X, A)[IF < L3 (x = %|* + [|A = A[|F) . ¥x, % € dom(g); VA, A,
1S9 (X, A) = Sa(X, A% < £ X = X[|%, Vi, %; € dom(g), ¥i; VA,
1Se(X, A) — So(X, A

Based on Proposition and , we have

~ ~ 2 _ 9 2
Hy(t) —YO < w2 |[XO - XO[ = k2 HX(I) .

Proposition B.2 Let Q be defined in . Then with Lo = Lv/4k? + 1, it holds
~ - 9 S a2
<3 (LIX = X|3 + A = Al3) Vi, % € dom(g), i ¥ A, A.

17

)||% < 2r%|IX — XH% + QmKQHA — [XHQF,in,ii € dom(g),Vi; VA,A.

(31)

(32a)
(32b)
(32¢)

(34)
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Proof. By the notation in (4), let Y = Sg(X, A) and Y = S5(X,A). We have

VQ(X,A) = (%VF(Z)T, fﬁ(WfI)Y) , VQ(X,A) = (%VF(Z)T, fﬁ(wfm?) .
Hence, by the L-smoothness of each f;, it follows
m||va (X,A) - vaoiA)Hi + IIVAQ(X, A) = VAQX A,

L? S 112
HVF - VF(Z HF + m” o o HF
2 2
S%(IIX—XII%+ Y -Y[3) + & ||Y Y||2
Now use (32c]) in the inequality above to obtain the desired result. |

The inequality in indicates the smoothness of @ under a weighted norm. By (Nesterov} 2013, Eqn. 2.12),
we have that for any X X with x;,%; € dom(g),Vi € [m] and any A, A,

QX

A) = QX,A) — (VQIX,A), (X, A) = (X, A)) < 52 (RIX - X2 + A~ AJ3).  (35)

The lemma below relates the stationarity violation of to terms that appear in our analysis. This lemma
will be utilized to provide our final convergence rate results. Its proof is given in Appendix [C}

Lemma B.1 Let {(X® A® Y} be generated from Algorithm . For any t > 0, it holds that

2 2
512 (4 - ro 0 e )+ ]

(t+1) _5(<t>”2 n (M+ )]EHXw MEH{M vl (36)
m F
5 2
+ 2 RO+ SE||VE,|
Nk t+1 ol L2k2 Ol L? v 2
o T P NS o [ EAS S
A

where P and R are defined in @D and .

B.2 One-iteration progress inequality

Our analysis relies on establishing a one-iteration progress inequality about ¢ based on the updates in
lines 8-10 in Algorithm [I] Its proof is deferred to Appendix

Lemma B.2 Let {(X® A® YD) be generated from Algorithm . For all t > 0, it holds that
R, ALY — (=1, A1)

<-4 (ix —L(k+1+c1)—Lp(l+ecs ) ))[|XE — X<t)||i
2
I S (t+1) (t) 1 t+1) _ < (¢
(s~ — Le) A A H g | X~ XO (38)
~ 2
e B (o Do

b

@y _ O
+2mLp63 1= 1Hm2] 1vaJ( g ’yj ) Vx,i 9

where c1,ca,c3 > 0 are arbitrary constants, and ¢,X(t) and Y® are defined in @, , and .
From Lemma m we see that the change in ¢(x, A) is increasing in

t
ool s A S v )

Hence we need to ensure these terms can be well controlled to establish convergence. The next subsection is
devoted to providing upper bounds on each term in ([39).

<2,

- (39)

18
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B.3 Consensus and dual error bounds.
The proof of the following lemma can be found in Lemma C.7 of (Mancino-Ball et al., |2023a)).

Lemma B.3 Let {(X®), V®)} be generated from Algorithm , For all't > 0, it holds that
2

el <ol - <4o>
where p is defined in Assumption |3
Next, we provide an upper bound on the last term in . Its proof is given in Appendix
Lemma B.4 Let {(X®, Y® V) be generated from Algorz'thm and R® defined in (28). Then
® Ol 012 o |?
SR Hm S Vafi( v ) = vl | < 2B [RO} + 2E v, vt (41)

Finally, we provide upper bounds to the dual errors. The proofs are given in Appendix [E]

it holds that

Lemma B.5 Let {(X®, A® Y} be generated from Algorithm . Then provided 1y < -,

for any cq,c5 > 0,

HY<t+1> vyl L L ) Hy<t+1> Y+ H2

< g (8 = duer) + 402 [RO| + 4ny (£

2(‘4

(42)

2
+dny ( £ ) XD = XOIL +any (732 + —csLﬁ) At —a@]

where Y®) s defined in @7, R® s defined in (28), Lo = LvV/4k2 + 1, and
b= QXD A0) — (Tu(Y®) = L5 h(y!?)), (43)
with Q(X, A) and T'¢(-) defined in and (29).

Lemma B.6 Let {(X(t),A(t),Y(t))} be generated from Algorithm |1| and R® defined in . Suppose
Ny < ﬁ. Then it holds that

HWH) _ oyt H2
F

(44)

X(t+1) _ x®)[|% 4 4x’m

~ 2 2
< (1= ) [ YO - YO+ 220 [ROJ + 4 [} + 4 || Al - A

» .

|

B.4 Convergence results by SPIDER-type variance reduction

In this subsection, we set VR-tag = SPIDER in Algorithm [I] and we consider both the general stochastic case
and the special finite-sum setting. The proofs of all the lemmas are given in Appendix [F] We first bound
the consensus error of the tracked gradient and the error of the gradient estimator.

Lemma B.7 Let {(X®,Y®, V)} be generated from Algorithm |1 and R defined in ([28). When
holds, we set S = S1 = n and take all data samples. Define ny € Zy as the unique integer such that
ng <t < (nyg+1)q for allt > 0. Then it holds that

2 2 emY
sVl < v + 22T e
3L° (t+1) _ 7 (®) (r+1) _ z(r)
i ([ -2+ 5 3 -z
E|r0| <L S E||z0) — 20| +my 46
<7 T _ T
ot <2 5 o

19
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where Z®) = (X®, Y1) by the notation in [{a]), and
T:= g—j, for general distributions {D;}; T =0, for the special finite-sum setting in . (47)
Remark B.1 Notice that for any t > 0, we have nyqg <t < (n; + 1)g — 1. Therefore

i EHZ (r+1) (r

T=ntq

!

—1 2 T—1 2
<g Y B[zt -0
<
t=0

. (48)

t

Il
o

The relation in is standard in the analysis of SPIDER-type methods; e.g., see (Xin et al., |2021a,
Eqgn. (85)).

In the rest of this subsection, we set

q =382, c1 =ca =32k2, ¢c3 =60, ¢y = 16K%L, c5 = 32y/mr?, ny = ﬁ. (49)

Lemma B.8 Let {(X®,AY YD)} be generated from Algorithm Y® defined in 7). and 5 be defined
in . Then for any mteger T > 1, it holds that

IE[wern - ye HZF < 16622062 + £+ 2) Y1 R (Hx<t+1> ~ X0

L x| 50
LX) o

~ 2 2 A _ 2
+(6n— )| Y@ - Y<0>HF 8y 4 ST (206 + 6+ 1) L1 B||ACTD - AW .

and

TR YD) - YO < 2(24r2 + 26 + 3) (th+1 —-X®

+4HX(“H ) (51)

2
mTT

~ 2
+ 4 HY(O) - Y(O)HF (1262 4+ + 1) E HA““) — Al

” .

Below we show the square summability of the generated sequence, which is crucial to obtain our convergence
and complexity results.

Theorem B.1 Under Assumptzonsl and@ let {(X®,X® AD YO VOYY,oo be generated from Algo-

mthml wzth VR-tag == SPIDER, q = S2, 1y = 41L, and 1x and na set to
[(1—p)? 1
x = ; 5 52
e = TR { 180Lp * 20(L + 1)(1262 + 2k + 5) (52a)
. 5Lp(1—p)* 1
7a =min , . (52)
{24L2(12I€2 +r+1)" 20p + 128LK2 + (L+1)(202K2+K,+1) N 4L2(132HL‘2:,@+1)
where Lp = Lv/4k2 + 1 is given in Proposition , Then it holds for any T > 1,
T-1 < ()2 T-1 2
477'}77x t=0 B HX(tH) o X(t)HF + 27%\ t=0 & HA(HU —AY P
2 2
1 T—1 < 3 (t)
+ Amnx t=0 E HX(t+1) - X(t) F + 4dmnx E HX H GOmLp E HV
1 1 L+1
<Co+T (30Lp trae T ﬁ) T, (53)

where Y is defined in , and

2
= 0) * 0)
Co '—¢(X(O)7A( ) d) (20mLp + 15mL£(1—p)) E HVS_7X

2
_ 1+1/L L 6L 5
’Y(O) - Y(O)HF + ( s tmrs T 5LP(1—P)2> -

(L+1) L? 3L2
+ ( 64mk + 120mLpk + 10mLpr(l—p)?

20
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Proof. We first take the expectation of 7 apply , and plug in the values of ¢1, ¢y and c3 to have

B Hx<t+1> _xol?

_ _ S 2
E [¢(x0, ACTD) - g(x®, A©)| < — LB X~ XO] - o v
2 2
~ (& -4 -s20e)E HA t+1) _ A(t)H + ok (L4 D)+ 5+ 2)E HX(E)HF (54)

).

E (RO + VO],

s 9+
F

64m/{2 60m Lp

where the coefficient of E || X(*+1) — X® ||i is obtained by the arguments

Lk+1+4c1)+ Lp(l+cs)
:L(I€+ 1 +32I€2) +61L /4}{/2 ¥ 1 S L(K+1)+1+20(€+1)(5+K+12K2) S 277

v E HV to both sides of and use the

Next, for any 713 > 0 and v, > 0, we add v E HX(tﬂ H
results of Lemmas [B:3] and [B.7 to obtain

2
E [p(x*D, AC) - 60, AD)] 4+ 1E |[XE|| B [VED| (55)
2
< = g B[XED - XOJ - 5L HX(”” xo|* B
- (& - & - 3202 E HA““ A(t)H
+ b (L4 )+ 5+ 2)E Hx(ﬁ + LR HY@) - Y<t>H +mp Hx“
L2 r r 17 (t) 2
+60;LPE<SQ S B2+ = 202 + [V, ) +3 v |
t 2 m 2 2 t r I
*”@WWA-ﬂJ+% |2 — 2O+ & 50, 20 - 20|
Sum up over t =0 to T — 1, utilize , and recall S = ¢ to have
T I (Y N e
F
T—l
§ Zt:O [ 4man HX(t+1) - (t) HF man HX(H—I) - (t) H (56)

- (-t~ ) a0, o v

nn

4L (L(n+1)+ S+ +2m'ylp> ST EHX“)H

2m
2 9ys L
+(601§1LP + 1”3,,) o E||Z0+Y — <t)H
’ ® 6m
- (60mLP * W] +72p> E HV +T (60LP + 1—12) T.
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Now plug and into and also bound ||X®*1 — X®)|12, by to have
E [o(x™), AT) = 6(x0, A)]

T—1
2 o112
+ 38 (o x4 [V e - X0 (57
t=0
T—-1 R ~ 2
<-STE| g (& - NS 5042 4 24 4) (GhE + 129l ) ) R Hx<t+1> -x0|
t=0

+ (L _ LTP —39LK2 — w (12,€ +r+1) (30Lp 4 %)) E HA(tJrl) _ A(t)HZ

+2}ﬂ<L(m+1)+312+i+2mv1p+2(L+1)(20H2+%+2)

2 m 2 T-1 t
+ 8(24k% + 26 + 4) 5y + 1pat) ) o E XY

2
15 L+1
+T(30LP + R+ 8L2>T.

+ (60mLp + 7177x +’YQP) Zt =0 E HV

(L+1) L? 9v2 L 0 0 L+1 L? 18+, L2 ?
+ ( 64mr + 120mLpk + QH’Zi—p)) HY( ) 7Y( )HF + (87m + 30mLp + 1’Y—2p ) %60

Set v1 and y2 to

71:m(L(wr1)+$+i+2(L+1)(2052+m+2)

2 (58)
18247 + 26 +4) (ks + s ) ),
1 = 25 (s + 1) (59)
By nx < (180 and Lp = L\/4/<a27 it is straightforward to have 144""L?§245)23+2H+4) < 122 Then we have
from and ) that
. (L(H—F1)+3—12+Zé+2(L+1)(20/€2+/~@+2)+8(24n2+2/s+4) (stry + 22t}
< <L(I€ +1)+ 55 + nix +2(L + 1)(20K% + K + 2) + 8(24K% + 2k + 4) (30Lp + 10L§€127p)2)
+ 8(24K2% + 2 + 4) 367(71“/1;1; ) < U= p)vl 4+ (= p)vl — (1—5)71. (60)
In addition, by the choice of 7, in , it follows
Y2 — (6077in + ’me +72 p) 2 % (61)
By the choice of v; and 7, < (11862);, it follows that
ml”_lgi < ot (L(ﬁ +1) + 55+ oo+ 2(L+1) (2087 + K+ 2)
+8(24K2 + 26 + 4) ( o + s ) ) (02

Also, Nx-8(24k%+2k+4)-3L> 8(24k>+2k44)-3L% _ 8(24x>42xk+4)-3L2 <

5Lp(1—p) < 5 I80LZ = TS 1S0L2(dr21T) and by Lp > 2Lk, it holds

1
57

2 2
L(fH-l)+$+2(L+1)(2052+,€+2)+8(24“;6+4)L

2 2
< L(k+ 1) + 1+ 2(L + 1)(2082 + k + 2) + S LIHTNLT < 46(7, 4 1)(1262 + 25 + 5).
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Hence from (62)), we have 711_77;2‘ < m. Thus my, < m follows from (59), and we have

1 w _ 2(24/&2 + 2% + 4) ( L? 18m’YzL2>

Mx 30Lp 1—p
1 (L+1) (2052 +K+2)  2L2(24k*+2k44) 36 1
Z i T 2 - 30Lp L+ a2 ) 2 3 (63)

where the last inequality can be verified by plugging the value of 7y given in (52a)). Similarly, by the choice
of na in (52b)), it is straightforward to have

L L+1) (206> +5+1 2 18mys L2
o= 3L - (R (122 4w 1) (7 ) > (64)
MOreOVer, by mys2 S m, it holds
L+1 L2 1872 L? 2 1+1/L L 6L S
( Sm T 30mLp T 17—2p ) 700 = ( 5§ T3, T 5Lp(1—p)2) d0- (65)

Therefore, we obtain from by using (60)-(65), the lower bounds (1_5)"“ > 3 - and (1_2”)72 >

= Imy =

1 and ¢(x(D), AD)) > ¢*. O

2
1% 1
1=p = Gomiy and 7y <

the upper bounds

_1 1
60mLp’ 15mLp(1—p)’

By Theorem [BI] we first show a last-iterate convergence in probability for the finite-sum case.

Theorem B.2 (Convergence in probability for finite-sum case) Under Assumptions and @ let
{(X(t),A(t),Y(t))}tzo be generated from Algorithm with VR-tag = SPIDER and nx,na,7ny chosen as in
and . If holds and Sg = 81 =n in Algorithm then for any e > 0,

2 2
. _ _ - t L? (t) _
Jlim Prob { HWL (Xm — prox,_, (x0) — 1, VyP(x®, A >))) H2 +4 x| = 5} =0, (66a)
2
lim Prob { HVAP(i@),A(t))HF > g} —0. (66b)

Proof.Recall that T = 0 when holds and Sy = S; = n. Hence, Theorem indicates

2 2
F

2
+[ve.
v

< 00,

S E |:Hx(t+1) _ X(t)HQF +]latn A(t)H?F + Hx(t+1) _x® '

- 2
which together with further implies >°,° E HY(HI) - Y(t+1)HF < 0o. Therefore, each of the terms

||X(t+l) _X(t)||2’ AFD _ A®) 27 X+ _ X 2’ x® 2, v® 2’ and [[Y+D _ y+D) 2 ap-
F F F L llr Lx|l g F

proaches 0 in expectation as t — oo. Now the desired results follow immediately from Lemma [B1] and the
Markov inequality. O

Remark B.2 In order to show the last-iterate convergence in probability for the gemeral stochastic case,
we need to increase S1 periodically such that the cumulated variance is finite. This requires us to make
S1 dependent on the number of periods, which will cause confusion on the notation. We do mot extend
the analysis here. In addition, Theorem |B.4 together with Remark implies that {XM},>q satisfies the
convergence in probability for when (2) holds and So = S1 =n in Algorithm i.e.,

t—o00

2
lim Prob {Hnlx (x® — prox, ,(x") — nxVp(x1))) H2 + %

x® ? > —
+ HF - 5} =0
where p(-) is defined in (9).

Moreover, by Theorem[B.1] we are ready to prove the expected convergence rate result, stated in Theorem[4.1]
and furthermore the complexity result, stated in Corollary [£.1]

23



Under review as submission to TMLR

- 2
Proof of Theorem By the selection of 7, we have E HY(T) ~YD| =Ly E HY(” - (t)H

F

(50) and that
EH?M vl
F

Hence, it follows from

< o Y 7Y(0)Hi 8mT 8mr280 (67)

+ (% + (—30le + e %) T) - (150mmxk? (2062 + K + 2) + 16mnar?(205% + £ + 1)) .
Similarly, we have from and that

B[Y0 - YO = § ST BV - YOI, < B+ gt [T0 - YO+ 52
(68)
+ (% + (505 + ooy + 5) T) - (20mna(246 + 264 3) + dmna (126 + 5+ 1))
In addition, summing up overt =0,...,7 — 1 and using gives
T— 2 T— 2 2
SEIRO|Z < 2SI (EXED - XOL +E[YE - YO2) 4 Tmr. (69
Hence, by the choice of 7 and , we obtain
E|[RO|%L < ZYI'E 2HX@+1> _x0 +8HX(t) ‘L YD —YO2 ) +m
F t=0 F 1 F F
(153),(68) ~ ~ 2
B8 mLf, 4 Lo HY<0> — YO HF +omY (70)

+ 12 (D + (30 + iy + 58) 1) - (20mi(246% + 26+ 4) + dmna (1262 + 5+ 1)
Therefore, plugging and into and with ¢ = 7, we obtain the desired results from and
by combining like terms. O

Proof of Corollary By the choice of initialization and the definition of Cj from Theorem we have

L2 (65+3) ||~ 2 L2 _ - 0 * LS
Li(ort3) HY(O) —Y(0>HF - O( % ) Co=0 <¢(X(O),A( ) ="+ s +1)

Additionally by and Lp = Lv4k?% + 1, the stepsizes in are Ny = © (%}W) and np =
€] (%W) Thus we have from that

1 2o 2
. et
Nx 2 m F

Lx?§ < 0) * K2
=0 (I{2T + T ¢+ (% (¢(X(O)’A( ) o + Lp(l p)2 + 1) + L-min{1, K,(l p)2}> ’ min{l,[)/-c(l—p)z})

_ L0 Ay P 88 ' Li2
_O(<T(¢’(XO A = 6"+ e +1) L {1 e(1— p)2} ) min{L (1= p)7}

and similarly

()E(T) — prox,_, (5(( 7 — e Vi P(x(™ A(T)))>

2
sfoarte A

() 0) % 50 T ) LK}Q
‘O(<T(¢(XO AT) ot miﬂ{wPV}“>+L-min{1,n<1—p>2}> min{l,nu—p)?})'

Thus for the finite-sum setting, since T = 0, we can produce an e-stationary point as defined in Definition [2:1]
by T iterations, with

_ Lk? 2 A0y _ o+ do
T®<82~min{1,f€(1—p)2} <¢( A = e Y ) (71)
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For the general case, T = g—j, and an e-stationary point can be produced with & =
© (g—j -max{x?, (1 — p)_4}) and T in the same order as that in (7I). For both general case and finite-

sum case, we set Sp = q = [\/81]. Noticing the total number of communication is 7, = T and the total
number of sample gradients Ty = (T — L%J)Sg + [%181, we complete the proof. O

B.5 Convergence results by STORM-type variance reduction

In this subsection, we analyze Algorithm [[| with VR-tag = STORM . The general proof structure mimics that
of Section [B4] The proofs of all lemmas are given in Appendix [G]

Lemma B.9 Let {(X(t) Y® vt )} be generated from Algorzthml and R® defined in (28). Then

2
+ <3L2E |Z(+D — Z®

I} + 38RO} + 3mB 0 ), (72)

E HR t+1>H <2(1-B) L2E Hz““) - z<f>H2
<

L+a —6)2]E”R(t)

2
p +2mB2Yis1, (73)

where ZW = (X® Y1) by the notation in and Ty := g—? for any t > 0.

In the rest of this subsection, we set

2 2 ﬁ
01202:3\2/'%703:%, Cq = SO\GSL,C5:60\;%“{ 7'[7},:4%2711, (74)

With Lemma we can use to show a result similar to Theorem

Lemma B.10 Under Assumptwnsl 1| and @ let {(X®, X0 A YO VO, oo be generated from Algo-
rzthml with VR-tag = STORM, § € (0,1), ny = Vi and nx and np set to

4V2L’
. k(1 —p)? VB
Ny = min , , (75a)
A0L(24K2 + 8k +5) 48(L + 1)(24K% + Tk + 4)
: (1-p)? VB
= . 75b
i mm{4L(20f<+3)’ AL+ 1)(52-2 + 1 + 1) (75b)
Then it holds for any integer T > 1,
T-1 < (t) t+1 t
417”}7],( t=0 E HX(t+1) - X(t)HF + Gmnx E HX + 277A E HA( ) A( P
B(L+1) —~T—1 .
PP SR O _yo| e YR Hv . % JE[ROIL (76)
(14+1/L T—1
<Co+ <(1—;)1)2~L + \/L )> CRDI7En o AR
where R is defined in , T; is defined in Lemma and
(% * (0) 1+1/L 2
o =020, ) = 8"+ gy [V, + (452 + sptrre ) IR .
7

L+1 V/BL v (1+1/L)
+ <5m+n + W(l_p)z> HY(O) O)H <<1 DI >5

By Lemma m we are ready to prove the convergence rate and complexity results in Theorem [£.2] and

Corollary [4.2)

Proof of Theorem 2| The results in Theorem . 2| follow directly from takmg times of ( and
utilizing (36)) and ( Wlth t=r.
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Proof of Corollary By the choice of g in and the upper bound of ¢ < o(1 — p)?, it holds that
VB < (1 — p)2. Thus a straight-forward comparison of the two fractions in (75a)) and (75b) yields

w0 () =0(5) m0 (k)

Next we upper bound the right-hand side of . First, by the initialization assumption and /5 < (1 —p)?,
we have

B[V,

40m(1 p)RL 5mk k2 (1—p)

2 \fL
<1, (L+1 + o ) HY(0> Y(O)H o(1)
and
1 1 2 1 1 mo?
E HR(O)H < <1,
(\/BmL + dm(1 — p)%;L) F = \/BmL + dm(1 —p)?kL) Sy ~

where we have used the definition of Sy. Second, by /B < % and L > 1, it holds that Cy =
C) ((b()_c(o), Ay — g — 5y + 1). Also by the choice of Sy = O (1) for all ¢ > 1, it holds that T; = O (0?) for

all £ > 1. Hence by , we have

1 22 2
IE‘ — (i(T) — prox, , (5{(7 N VP(x(™) A(T)))) +—E HX(I)
I ) 2 ! (78)
. 3
_ (DA —¢" —bo+1 1 o o OK'L
o ] ).
and similarly
E HVAP(X(T) A(T))H2 -0 ¢(§((0)7A(0))—¢*+50+1 + 1 520.2 . UHSL ) (79)
' F T V/BL €
2 2,2 8 . Sy
Now by g = © (ﬁ), we have f/EL . EL = O(£?), and the right-hand sides in and become
O(T e tor3L +£2). Hence (X, A7) is an e-stationary point when T = © (““ L) This completes the
proof by noticing T, = T and Ts = ©(T + Sp). O

C Proof of Lemma B.1l
By the definition of Y® in and (30), we have
E [x® - prox, _, (xm — VPR, AD) ) H

‘2 +E ch R ijl Vi (80, 917) = (i(t) nfo{)z)
z® _ x® H

X () (t)
<E[|x® - prox,_ g( —nxvxz)
<E||x® _x(”l)H
™ ZJ 1vaJ( 3 aYE ) — EJ 1foj(x(t) A(t))H
Ty Vafi(x Et),y?’) NxV S)l ,
<E Hg(t) _ X(t+1)H
B ST Vi (60 3 = B ST V(50,90 |

m Z] lvxf]( J ayit)) agf)Hz‘Fan\_/( — NxV S)’L

.

+E‘

N 2

x(® — %)

) (80)

+E‘

dE

)

2
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where the first inequality follows from the triangle inequality and the nonexpansiveness of prox,__, the second

Nxg
inequality uses the update of x( 1 and the triangle inequality, and the last inequality holds by a,(f ) = V,(f )

for all £ > 0. Squaring both 51des of (80| , using Young’s inequality, and summing over ¢ = 1,...,m with the
definition of Ry in yields

2
mi Hi(t) — ProX,.4 (i(t) — xVx P(x, A(t))) H2

5B HX<t+1> _x0|® £ 58 HX(I‘J 0 R Hfgm _y®
- F F

? 272 ()
AL (E %

)

2
+ 52 L OIE Hv(j) (81)
@E3) 2
Do HX““) _X® H + (5n2L% + 5+ 102L%2) E HX(t +1072L%E HY<t> YWH
F
2
+ 502 ||RY F+577§EHVL’X ,
where we have used W — 1117 = (W — L117)(I - L117) to have HX“) X(t) HX(t)HF. By
, adding %E HXY) , and using HR(t) HR(t) H we obtain
1 (%(@) < (t) S(t) A (D) 2 OllE
B |5 (% - prox,, (x9 - m9xP&0.4M) )|+ ZE X0
<5 X D) — XmHQ + (M + L) E HXu) 2 410y H?(t) _y® 2 (82)
—mn2 m mn2 1 F m F

+ 2RO+ ZE[VE,

This completes the proof of . Again, by the definition of Y® in , in conjunction with and
Young’s inequality, we have

~ 2
]EHVAP( ()A(t))H <2IEH - W)Y<t> L+ EHI— )(Y(t)fY(t))H

F

<%E HA t+1) A(t
=2

C g Hw) _y

i i (83)
<2E HA<t+1> _ A<t>H2 1AL HX@ L4’ H{g(t) _yol?
KN F m m F

where we have used (16]), || — W||§ < 4 by Assumption [3| and (33). This completes the proof.

D Proof of Lemma

To prove Lemma [B:2] we first state a few supporting lemmas. The following lemma can be proved in the
same way as the proof of (Mancino-Ball et al., 2023al, Lemma C.3).

Lemma D.1 For allt >0 and for alli=1,...,m,

gy — g(x®)
(84)
<-z- (‘ x
Tx

2
U M0
2

~ =X} - (- x0,90).

27



Under review as submission to TMLR

Lemma D.2 For allt > 0 and arbitrary constants c1,ce > 0, the following inequality holds

¢(—(t+1) A(t+1)) _¢(—(t) A(t))

1 ¢ *) 1~ /o (t41) ®)
72 )y g(t+1) _ —<t>>_7z< (t+1) _ 2(t) t‘>
m <V ft z ’yz ) m Pt X, X ’VX,Z

(HX H1) _ x(0) + HX(t+1 x0|* _ Hi(t) _x® 2>
2mnx F F
L(EstD) H <t>H k+1l+e)+Lp H)—{(tﬂ) _z0|? (85)
2m 2m02 2 2
+ ( Ly ) | - _yo|’
2mer 2mes F
4 Le H (A<t+1> A(t))H (L _Lr HA(t+1) _A<t>H2
F NA 2 F

Proof. By the Lp-smoothness of P defined in , it holds that

¢(5<(t+1)’ A(t+1)) _ gb(i(t),A(t))

<2 (Hx(t+1) - x(t)‘r + HA(t+1) - A(t)H2> <vP( ) AW, (x (1) _ @ A+ A(t))>
=< , i
+ g(g(t+1)) _ g()—((t))

SL—QP (Hx(t+1) _,—(<t>H2 i HA(t+1) _A(t>H2> (86)
2

+ <vp()—((t)7A(t))’ ()—((tJrl) _ )—((t),A(tJrl) (t) > %i< (t+1) —(t (t’)i>

=1
2
)
F

<HX(t+1 _xX®

+ HX t+1) X(t
2m77x

HX(t _xX®

where the second inequality uses the convexity of g to have g(x (t“)) Ly 9(x; (1)) and ( (84). By the
definition of VP(x®, A®) in and the definition of Y® in , we have

<VP(§<(“,A(”), (}—((t+1) _ i(t)yA(t-&-l) . A(t))>

L3 (wugts st 50 -0 L (w oo oy
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By the L-smoothness of {f;} and the Peter-Paul inequality, we further have

*Z<V Fi(x®, 510,z _ 7(t)>

1 ((Tahx® 3 ), 50D -0 4 (Vo 50,50 = T fs(x, 30), x40 — x0))

m

1 (t) A(t ®) My 2(t+1) _ £(t)
+E (< xfz( ,L 9 1 ) xf’L( z 7y1 ) X >

i=1

(Vi 31) = T i (e y), %00 - =) )

1 m i ) I " ) , ) _ )
SE 2 <foz.( Et)7 Z(t))7x(t+1) _ X(t)> i = Z (Hx(t) _ XZ(}:&)H2 I Hx(t+1) _x® 2)
L &/1
o — ~(f) H (t+1) _ £(t)
+ om Zzzl (Ii + K X 2)
L & 2 )
il t) _ (t)H Hf(t+1) . 4,5)”
+ 2m ; < Hy Y ) +cr||x b ,
Ly ) y®) gt+D) _ 50 L(k+1) [|«@]?
<— Vxfi Y ) B > " om HX H
m ;< fi(x ;)X X + o Ol
+ Lik+1+c) HX(tJrl) ) 2 C HY Y(t)H2
2m 2mcl Jo

where the last inequality uses (32b)). Addltlonally, by the Peter-Paul inequality,

L <(W_ HY®, A _ A<t>>

C2ym
__ % (W =DEF® = Y) 4 (W= DY A = A0
(IS} L /o ®) TOAGHD) _ A () LA+ _ A®)2
D - (YO YO (WD A - A0)) - [[A) A
2ﬁ< 77 F
L St ol Lcs T t+1 tA 2 1 t+1 (12
§4m02 Y() Y() F+TH(W_I) (A(+)_A())||F_n7||A(+)_A()||F
Sz (HY(t _ 3ol + HY<t> v® )
mca F
L 2
- ow (A““’ AO) [ 777 [[ACF — A
<! 2 v® 2 Les W) (AGHD _ A®Y |2
—2mecs & - P +T||( -1 ( - )HF

1 2
IR INGEING!
L) 2
where the last inequality uses (32b)). Plugging (88]) and into (87)) results in

<vp(5<(t)7 A®), <i(t+1) _ g0 AGHD _ A(t))>
2

1 & _ _ Lk+1 K 2
<2 3 (st -5 (R 2 [

. 2m 2meo
=1

+MHX(H1),X@) P L HY Y<t>H2
2m F 2mcl 2mcz F

+ T Jow -7 (a0 - aO) [ - - a]]
A

” .

29



Under review as submission to TMLR

Utilizing (0) in (86) and noting L || X+ — XO||2 = ||xt+1) — x| completes the proof. O

Lemma D.3 For allt > 0, it holds that

_ 1 _
— Z < xfz (t)v y1(t)) (1) — > % Z < Z(H—l) - X(t)v Vg(t,)i>

m m 2 (91)
1 (1) £(0) 1 MO ONENO)
—mz ng ’ — X LPCS Ezvxfj( i ay7 ) x,i ’
1=1 ]:1 9
where c3 > 0 is an arbitrary constant.
Proof. Notice
1 & _
< zvxfl (0 y(0) 2D _ 500 > 1§ () _50,40)
i=1
1 CENONINCS T AN I o WA TSR SRty
—mz< 3o ) LS 00
i=1 =1
IS N (D) S0 )
:m2;< vafj X; ,yj ) = Veir X —X .
Then the desired result follows from the Peter-Paul inequality. O

Proof. (Of Lemma [B.2]) The proof follows from applying to to have
¢(}2(t+1), A(t+1)) _ d)(f((t), A(t))

1 m
<5 z_: Lpcs

__ 1! <HX<t+1> x| +Hx<t+1> zml?

2
(t+1) _x®

t t t
e ) L

LP(33

wa <®

2
2mmnx F) (92)
L(k+1) H ()
+ < 2m + 2m02>

L(k+1+c)+Lp _ _(2 L
L )+ Lp SR _me n ( n ) HYu) vol?
2 2 2mey 2mces

F

Ley T AGHD _ A D)2 1 _Lp (t+1) _ A (D)
# 2w -7 (a0 - A0 - (- B acr - a0

and using the inequalities Hf((t) -

_ 1117y x| 2 |2 2
= [ow -2 xO| < 2 |xOf W -1 < 4, and
gt+) _ x| < Lx ) — X® 2 , to further upper bound the right-hand side of ([92]). O
f 2 S ¥
E Proofs of Lemmas in Section [B.3
Proof of Lemma By Young’s inequality, it holds that
s o

<257 (|4 S Vasty! >—a£:>

H

)

)

gQHVxF(X(t),Y(t)) 7D§3>H < QHVF X®,y®) 7D<f>H
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where the second inequality follows from Jensen’s inequality and a( ) = vgf ),Vt > 0. Taking the expectation

yields .
Proof of Lemma By the Y update defined in , it holds for all 4 = 1,...,m that

0c 8h(y§t+l)) n ni (y§t+1) _ ( (t) + v ;)))
Yy

and hence for some Vh(y H'l)) € Oh(y t+1)) and any y; € dom(h), it holds that

~ 1
0= (3 — 3 T + (5 = 6 4] ).
y

By the convexity of h, we further have
hyi) Zh(y{" ) + (yi =y V) )
= )+ (I g (7 = 6 )
Summing (95]) over i = 1,...,m and taking y; = ygt) foralli=1,...,m gives

LY YO - (v -0, V) < 5 (n(r) - )

Now by the definition of I';(Y) from and the update for Vy from (15)), it holds that
mVT(Y?) - VP = v r(X® v®) — D,
By Assumption [1, —I'y(-) is £-smooth for all ¢ > 0 and hence
_ <Y<t+1> —Y®, V<y’f>>
——m <Y<t+1> —Y®, vpt(Y(t))> _ <Y<t+1> Y® DO — v (X, Y<t))>
>m (Ft(Y(t)) _ I‘t(Y(t-H))) _ % Hy<t+1> _ Y(t)HF _ <Y<t+1) _ Y<t>,R§t>> 7

where we have used the definition of Ry from . Next, we compute

—Ft(Y(Hl))—i—FHl(Y(Hl))
1 (x(®) (t+1) (t41) 4 ()
— 2 hy 2\F< DY, A0)

fz (t+1) (t+1 ) — L <(W71)Y(t+1)7A(t+l)>

H
P%E

D Y3 2/m
>iZ <V A,y ) D 0 - Lo 0
_m XJ1 1 7 3 7 2 7 i )
=1
- (W -1y A0 — ALFD)

R

e

)

S\H
hgE

i=1
i<v FXED, y )y - g, px¢D, yey x e+ _X<t>>
m
L ~
— (WD) YD A® A<t“>> —<W—I YUy oyt A(t)—A<t+1>>
g (W=D + g (W =1 ) ,
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where the inequality uses Assumption (1| and Y is defined in for all t > 0. By
VXD, A = (LVF(X(H-I)??(H-I))T’ _2\LF(W _ I)§(t+1)) 7

we obtain from that

= (t+1) ~(7:-4-1) (t+1) _ (@) L _T\V(E+D) A () A1)
Z< il bR ) s (W DY, A0 - A oo

Lo HA<t+1) A0
Fo2 F

> QXM AW £ Q(x ) Aty _ L HX<t+1> _x®
b ) 2m
Applying (100]) to and rearranging results in
=T (YD) 4+ QXY AY) 4 Ty (YY) — (XD, ATHD)
w1 <Vx PXD D)y -y, p(x 0+ gDy x+1) _ X(t>>
_m ) )

I N (101)
- _ (t+1) _ y(t+1) () _ AG@+D
+2\ﬁ<(w 1)(Y YD) AG A >
LQ+L HX<t+1> x0l|* _ Lo HA<t+1> AP
F 2 F
Adding m times of (101)) to results in
_ <Y(t+1) —_v® V(t)> +m (Ft+1(Y(t+1)) _ Q(X(t+1), A(t+1)) _ Pt(Y(t)) + Q(X<t), A(t)))
> 3 |‘Y(t+1) v® H <Y(t+1) _ Y'(t)7 Ry)>
<V FXED Yy D) _ g p(x ) D) g+ X(t)> (102)
+ i <(W — I)(Y(“’l) _ ?(t+1)) A® _ A(t+1)> _Le+L Hx(t+1) o X(t)H2
2 ’ 2 F
_mlLg ¢+ _A<t)H2
2 F
Applying (102)) to , using the definition of §, from , and rearranging terms results in
(3~ i) (103)
2 ()
> (- £) e YOI - (xe) 0. RY)
+ <VXF(X(H'1), YD) — v, F(X D, YD) X+ X(t)>
I Lym <(W _ I)(Y(t+1) _ {{(t+1)) A® _ A(t+1)> LQ + L HX(t+1 X 2
2 ’ F
_mlLq HA<t+1> A0
2 F
By the Peter-Paul inequality, we have that for any ¢y, c5 > 0,
<Y(t) _ Y(t+1)’R§,t)> < % ||Y(t+1) Y(t) HR 28 (104)
<vx1_71(:x(t~‘r1)7 Y(t+1)) \v4 F(x(t+1) (t+1)) ( ) _ X(t+1)> (105)
2 c 2
R S
L\z/m <(W —T)(YOHD YDy A A(t)> (106)

SL? H?(t+1) _ Y(t+1)H2 I

csLy/m 1
. %HAaH_A(t

)
F
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where we have used Assumptionin and Assumptlonlln . Applying (104 - ) to (L03]) results

in
(% =52 YO =yO;
<on(fe— i)+ R[]+ (o + B [ -y
. (L@2+L n 74) X+ = X012+ (mTLQ n %ﬁ) HA<t+1> _ A(t)Hi
By ny < 4L7 it holds that ;- = nly — % — H and hence

[y =y O

I ¢ L? L 2
<dmny (0; — 0141) + 47732, HR& + < f) HY(t+1 (t+1)H

F

2
sny (B2 1) X0 - XOY2 1 (252 4 <iym) A6 40"

2
Applying HRg,t)HF < ||R(t)||i completes the proof.
Proof of Lemma By the definition of Y® in , it holds that

L

1 B B T
0 — [Vy il 71") = OnE), o, Vy fn (50,940 — (3] 5w (W17 A,

m

Defining A® = (W — I)T A we have for all i = 1,...,m,

g\ = arg max {<y Vyfi(x", 3" - L\Z/m&‘-”> — 2 i - -5 ‘2 h(Yi)}
where (th))‘r denotes the i-th row of A, Hence,
59 o (57 1 (St 5) - BTR0))
By the non-expansiveness of the proximal operator,
)
ooy (5571 (2,58 - BLRO) ) o (547 )|
<[5 (B, 51) - BLER0) 0 -l
2

Utilizing the Vy-update in (112) and the Peter-Paul inequality we obtain

[t

0 <) [59 90 oy (9 . 90) = T <)

(U P [Ty iy ) -

Yit||o
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where b > 0 is an arbitrary constant. By the L-smoothness and u-strong convexity of — f;(x, ), it holds for
all ¢ € [m] that
[t

=

12 [Ty fi” 7)Yy fi x5O
< S’i)_ygt)

z“ +2ny< O =y Yy filx Y%~$U Vyﬁ(f”7YY5>
2+( Ny — Ny ) vi yz ) yfl( a ) fl( i ’Yz )

2 1 7
< - —
2 ( 477y,u)

where the second to last inequality uses the strong concavity of f;(x,-) and the last uses n, < to have
1—2nyu+ ng,uL <1- %nyu. Hence, by the Peter-Paul inequality and utilizing (114]) within (113]), we have

) (®)

- i 7O —yO|”

. (114)

< (1 —2nyp +ngul) ‘

frews - e
F

<(1+a) H{((t) _ Y(t+1)H2 Y14 H{{(Hl) _yol?
F a F

<1+ a)(1+8) (1= Jayn) [YO -y

+(1+a)(1+ Hn ||RY

++ 1) EEREE

F

132¢]

32¢) 2
-(1 +a)(1+b) (1 Inyp) HY H _y ()

2
+(1+a)(t+ 2[R (115)

P
#2142 (K - XO 4 m 400 - A0
F F

s . . _ Ny 1 _ l-nyp _ 4nyll _ 1—%"73,/1, _
where a > 0 is an arb1trary constant. Setting a = PR il v rgy 1and b = T = T tnun 1
in (T15) and utilizing 7, < -, it holds that
7
A+a)d+b) (1= nyu) =1—nyp, (116)
1 1—nyp \ (1= 3nyp dny —4Anip  4n
(1+a)(1+b)n§<1 7 )( Y )y = ——- <X, (117)
— 3Nyl 477yM M 2
1 2(1 — 2
oo 2 (118)
a Ny NyH
Applying the bounds in . to and utilizing HR(t)H |R(t)” completes the proof. O

F Proofs of Lemmas in Section B.4

Proof of Lemma We first prove , for which we break the proof into two cases. For the first case,
we assume t = n.q, i.e., t is divisible by ¢. Then for all ¢ € [m], we have by the definition of T that

2 ?

2
=V v ) - |

E l:]E ®

2 ‘Vf% x. i) - GE—”(@”)HE] <, (119)
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where the second equality uses the law of total expectation and the inequality uses Assumption ii) and
|B§t)| = &1. Next, we assume n.q < t < (n; + 1)g and compute

2 2 2
B[], =B [vAex? ) - a2 B [[vaed®. ) - 60BY) + 600 - |

L? —n? -
£ )

where the inequality comes from Eqn. (A.4) in [Fang et al|(2018). Recursively utilizing (120)) for nyq < t <
(nt + 1)q and using (L19)) with ¢ = n.q yields

(120)

2 2
X’('t) _X’(t_l)HQ—HE‘ 2’

0

3

E yg'f—&-l)

2
2+E‘ fylm

r

2 _I? (1) (")
<5 3 (e -

=ntq

2) + . (121)

Summing up (121]) over i = 1,...,m proves .
For ([45)), we utilize the technique from Lemma C.7 in Mancino-Ball et al| (2023a)) to have

2 1 2
e HD§3+1) —D§5>HF. (122)

2
[V = oV

2

2
By ‘ dgf;rl) — dg)i < Hdgtﬂ) — dgt) ,Vi € [m], we use Young’s inequality to have
: *ll2 2

2

HD(t+1> _po|? < HD<t+1> _Dp®
X X F —

F
2 2 2
<3 HD““) - VF(Z(“””)H +3 HVF(z““)) - VF(Z(t))HF +3 HVF(Z(t)) —pW
F

F

<3 HR(M)Hi +3L2 Hz@“) —zZ® i +3 HR“) : (123)

2
F

where the last inequality further uses Assumption [I] Take the expectation of (123]) and utilize to have

“fo o]
X X Ia

2 32 ¢ 2
<3L°E Hz““) _z® 2 EHZ<’”+1> — 70| 4 3my
=3 PR 2 pTom (124)
T:(nt+1)q
3L (rt1) _ ?
sl E Hz r+1) _g(r 3mY.
+ S ; h + 3m

T=ntq

Applying (124]) to the expectation of (122)) and further using the non-negativity of the 2-norm completes
the proof. 0O
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Proof of Lemma With constants in and Lg = LV4k%2 +1 < L(2k + 1), implies
T-1 )
S E Hy(t-l-l) _y® H
F
t=0

2
[ (60—5T} 1 Z]EHR H 16 _ ZEHY(tH) Y(t+1)HF

2 -1 2
8 2 1 EHA(t+1) *A(t)H
LT m(EE )Z

+(8K%+ K+ 1) Z E HX““) —xX®
t=0

F
@S, @8y 1 -1 ~
_ - (t+1) _ ~(t+1) 1) (D)
< L50+1652;EHY Y H + (8k2+K+1) Z]EHX X .
T-1 s 1T- , o
m(8k% + Kk + 1) Z E HA(t+1) _ Al i 4 1 Z E Hz(t+1) _z® i ﬂzLQ 7
=0 t=0

where we have used the fact o7 > 0. Since Z(*) = (X®) ' Y®), the inequality above clearly indicates

T-1 T—1
t+1) @02 < (4,2 1 (t+1) _ 5 ()2
;EHY —Y ||F§(§(8f<c +n+1)+§>ZEHX - X0 (125)
T—1 T—1 4 T
+ 5 EHY(M) v |? L+ m(gﬁ Fr41) ZEHA(H-U A“)H +ﬂgo+ ";LQ )
t=0 t=0
On the other hand, summing up and using and , we have
1 T—
E HY(t+1) v (t+1) H
4/<;
~ 2 TmY
< (1 . > HY<0> —Y(O)H + =0 (126)
Ly

2
16 E[x@+ - x® H 16mi 3B [ACHD - A0
+ (165> 4 k) tz; + 16mk Z .

e Z E HY(t“) —Y® i .
t=0

Utilize (125]) within (126)), solve it for Z:ol E[[Y®HD — YED |2 and bound ||X(*+D) — X®)||2, by 31).
We obtain . Now substitute into ([125]), use again, and combine like terms to have and
complete the proof. |

G Proofs of Lemmas in Section

Proof of Lemma For (72), we use (122). When VR-tag == STORM in Algorithm [} it holds

—||le B ) + (- 8y (@ - ¢ B )) ~ a H2 (127)

—_da®

X,%

< -ap;

) - GBI 5 (O E) 60 ) 15 (A3 )

2
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Using Young’s inequality and taking the expectation with respect to the samples Bgtﬂ) and then the full
expectation yields

2 2
Bllasr” - a5, 437 [y 0|+ 88° 0k 4 30%E 10

X,

< 3L°E HX(-tJrl) — x(-t)

2, (128)

where (rgt))—r is defined as the i-th row of R(® for all ¢ > 0 and we have used Assumption |I[ii). Taking the
.i

full expectation of (122)) and applying (127) with (128]) summed over i = 1,...,m yields (72). The proof
of follows from the same arguments of the proof of (Mancino-Ball et al.l 2023al, Lemma C.9). O

Proof of Lemma We first take the expectation of , apply , and plug in the values of cq, co,
and c3 specified in ([74]) to have

_ 2
E [¢(i(t+1)7A(t+1)) _ ¢(5<(t)7 A(t))} < 7]E HX(tH) _xX®

_~ E HX t+1) X(t)

F 2m77x F
1 Lp 32x°L (t4+1) ® VB (t)
(77A2 5 )EHA —A H L(n+1)+3—2+ ]EHX H (129)
VB(L+1) 5 VB (t)
Vi B[ - yO L HR“H [V
T Gdme? F 60mLp HVix

where the coefficient of E || X(*+1) — X(®) ||? is obtained by using Lp = Lv/4k? +1 < L(2k + 1) and /B < 1
to have

<

1
VB 2

2K2 2%2L + 123k L 2L
L(m—|—1+3ﬁ>+LP(+60>§3H + 123xL + 6

VB VB

2 2
Next, for any positive v1,72,73, and 74, we add ’leEHX(fH)H , ’)/Q]EH , fygEHR(tH)Hi, and
F F

2
Y (t+1) HF to both sides of (129)) and upper bound the right-hand side using Lemmas
and to obtain

E [gz)(i(t“),A(t“)) —¢(>‘<(t),A(”)} +71EHX(f“ H + IEHV“+1

i

+ ,YS]E HR(t+1)H2 + "}/4]E H?(FFI) o Y(t+1) H2
(t+1) olI? t41) oll? 32 2
<- EHX +) X EHX( ) _XO|” 4 + 293 ) mB2 Yy (130)
Amnyx F 2m77x F 1—p
— (1 _Lp _ 32r°L — 16v/2r? mm) E HA(t+1) —A® 2
na 2 VB VB F
1 VB p? Mz VB v®
~ (L) + Y242y EHX H x IEH
+3 ( (k+ )4—324—77 + mpv) + p72+1_ +60mLp J"XF

16+/2x3 Y4
\f

VB +f(L+1
4f,‘< 64mk?

L 2
(3 72 + 2L2 11— ﬁ) 73) E Hz(t-i-l) (t)HF

3/3 $E VB \F’M)]EHR“)
1 —p 60mLp 2Lpu

Yl -y e - xo

73
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We apply [|Z(HD) — ZO |2 = [ XD - XO|2 4 [[YH+D — YO || and @) to ([30) to have

B [o(x(+), A1) — p(x(0, A)] + 4, 1EHX“+”H +3E | VL

F

+ 3B [|RHD H n (74 - (3L 2 4 2r2(1 - ) 73)) E Hy(t+1 Y(t+1)HF

<

® HF Zmn T E HX(tH) X(t)HF + (% + 273) mpB2Y 41 (131)

| 1L _Le _ 326*L _ 16v2k%mys
o2 VB NG

2
—m (ﬂx/w F1+ 30n2> (322 +202(1 - B)s) )IE |aten A(t)HF

B 2 2 2 3 2
+ 5 (L(n+1)+‘£+Zx+2mml>1EHx<j>H n (9724"{“7; +60\m[Lp)EHVSf?x '

(1 - VB ) + VB(L+1) )EH{(&) (t)H n m\f (% +or(1 —5)273> E [& _ 3t+1]

64m K2

+ (W + (2@(\/%2 +1+1)+ 1567 + 1) (—%fjf‘ +2L2(1 - 5)%)) E || X+ — X<t>||;

2 2
To(L— B + 32 + gl + VEI o+ oy (M 4 27(1 - )P )) E[RO[,
2

)

2
Next, we utilize to bound E || X+ —X(t)Hi. Then we subtract ’leEHXf)HF, ’YQ]EHVS?X B

~v3E HR(“ ||2F from both sides of with

Cx = 16\/52374 ( (VAr2 +1+1) 4 1562 + 1) <31L 7; +2L°(1 - /6’)273) (132)

to have

2 2
E {g{)()’((twtl)’A(tJrl)) _ ¢(i(t)’A(t))} +E HX(IH)HF CE HX(I)HF

2

2 2 2
] M I L I e
+ 72 1,x F 72 1.,x F + 73 P V3 P

~ 2
+ (74 - 60i2 (31Li7p2 +2L%(1 — 5)2’73» E HY(tH) - Y(t+1)H

s- HF o (an -2 ) E HX(tJ’_l) X(t)H (% + 273) mﬂQTHl
[ 1 Lp  3262L _ 16V2k*mya
mT TR TG
2 2
-3 (ﬁMJF 3052) (731{7; +20%(1 5)2%) )E HA<t+1> _ A(t)HF (133)

2 2

4 (2m<1 R I ALK

7177x _ VB E HV(I)
—p 60mLp *|lF
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+ (74 4fn + \/6;55:21 ) E HY( Y(t) s \[\{ (35_22 +2L%(1 - ﬁ)Q’Y?,) E [57: - 6t+1}
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Set
2 16(L + 1) 8L VB 1
= — =  _((24K*+T7k+4 ( + )+L/~;+1++ , 134a
=g NTVE Tea—p) TR s (1342)
_ 2 VB Y113
2= 1—p<60mLP+1—p ’ (134b)
2 3 1/8
— VB " VB4 n Y2B(B +1/8) 7 (134c)
B \60mLp  /2Lu 1-p
V2L +1) 4AL:2/B [ 97 1273 1
= . 134d
m 8mr * 15v2k (2(1 —p) + 1—p + 15\/BmLp> ( )
By the definition of 7 and 3 < 1, we can easily have (24x?+T7r+4) (16%1) + a0 p)2>+L(n+l) # < nix

and thus v < . Then by the choice of vo, Lp > 2kL, and 5 < 1, it follows that

4
m(1—p)nx

1 81x 1
< <
2= 60m(1 — p)kL * m(1l—p)3 = 40m(1 — p)xL’

(135)

where the last inequality uses nx < (QIGOZ)L Hence by the choice of 74, Lp > 2kL, § < 1, and (135)), we
additionally have
L+1 VBL
M= e T Tome2(1 =)

Moreover, applying § < 1, Lp > 2xL, (135)), and (136)) to (134c|) yields 5 < Q%T/nLL + 5an%1—p)2' Thus by
the upper bounds of 75 and 73 together with 1 — 5 < 1 yields

(136)

L n L+1
m(d— s | om’
Hence, from the definition of ¢y in and ( . ., it follows

312
’f +2L2(1 - B)2ys <

(137)

16v2k% [ L41 VAL VB L L+1
o < 102 <5ml+1omu_p)) + <2\/§(\/4f127+1+1)+15/12+1) (m(l_p) \/im>

< WL:/% (wm 152 41 4+ m\?l) + mrk (16{3’» + 1567 + 1+ ”}1) < S (138)

where the last inequality follows from the definition of 7x. In addition, by 8 < 1, v4x? + 1 < 2k + 1, (136]),

a1 d 13‘ ’ < }la‘ e
6vV2K" My, m ﬁ /1 2 ] 3() 2 L Y2 j! l 2 ] 67 2
f ) ( \5; L K ) (3 —p ( ) 73)

VB
16v2k2(L+1) 82k L L L+1 (L+1)(20k*+k+1) | L(18k+2)
N Al R ((1—/3)% + \/E> = VB T
By the above equation and the choice of 14, we have
1 Lp 326°L  16V2k*mya VB 3L Y2 2 1
—_— - — — - — 4k2 4+ 1+ 30k 212 > —. 139
2 VB VB 2 V2 S T " (=8 T 2na (139)
On the other hand, from (138]) and the definition of 71, it follows
2
— (2m(l —p)yn — L(k+1) — VB _ 16mex
2m 32 oy (140)
> 1 2m(1 — p) _ml=pm 2, ]
=2 pm 2 ) = Gmis
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Additionally, by the definition of 75 and 8 < 1, holds, and thus

A=p)r2 o N2 o s

2 “1-p " m(l-p? (141)

Also, by the choice of v3 and 4 and (1 — 3)? < 1, it holds that
B (3L%y ) ) VB VB(L+1)
9L%(1 — B)23 ) — (1 — -
Gz \ 1=, T =AM 1( 4\/%) 64mn?

. VB _25L22( VB | VBu +372ﬁ(5+1/8)) 3L  VB(L+1)
=02 1T 60s2 B \60mLp | VaLu 1—,

Y4 —

~60k2(1— p) 64mrk?
_11VB (\/E(LJr 1) N 4L2\/B ( 9% 1298 1 ))
60v/2k 8mk 15v2k \2(1—p) 1—p 15/BmLp
_2BL*2 ( VB N 390+1/8)\  38L%  VB(LA+1)
60x2 8 \ 60mLp 1—p 60x2(1 — p) 64mk?
VBT
~ 160mk2 -

(142)

Furthermore, from 1 — (1 — 3)? > 3 and the formula of 73, it holds that

2 38772 VB VBu B (3L
(1= =8))s - 1—p _GomLp_\/iLM_w(1—p
VB N VB L 02BB+1/8)  Brs _ 310B(B+1/8)
~60mLp \/éLlu 1—p 4 1—p
_Bys o VBu  VBULAD VB
4 T 2y2Lp T 16mkLp ~ 16mL°

.

(143)

Applying (139)-(143) to (133]), summing over ¢ = 0 to T'— 1, and finally using 67 > 0 and the upper bounds
on vz, 73, v4 completes the proof. O
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