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Abstract

Recently, min-max optimization problems have received
increasing attention due to their wide range of applications
in machine learning (ML). However, most existing min-max
solution techniques are either single-machine or distributed
algorithms coordinated by a central server. In this paper,
we focus on the decentralized min-max optimization for
learning with domain constraints, where multiple agents
collectively solve a nonconvex-strongly-concave min-max
saddle point problem without coordination from any server.
Decentralized min-max optimization problems with domain
constraints underpins many important ML applications, in-
cluding multi-agent ML fairness assurance, and policy evalu-
ations in multi-agent reinforcement learning. We propose an
algorithm called PRECISION (proximal gradient-tracking
and stochastic recursive Varian@ reduction) that enjoys a
convergence rate of O(1/T), where T is the maximum
number of iterations. To further reduce sample complex-
ity, we propose PRECISION™ with an adaptive batch size
technique. We show that the fast O(1/T) convergence of
PRECISION and PRECISION™ to an e-stationary point im-
ply O(e~2) communication complexity and O(m/ne=?)
sample complexity, where m is the number of agents and n
is the size of dataset at each agent. To our knowledge, this is
the first work that achieves O(e~?2) in both sample and com-
munication complexities in decentralized min-max learning
with domain constraints. Our experiments also corroborate
the theoretical results.

1 Introduction

In recent years, machine learning (ML) has achieved a
great success in many areas, including roboticsSiau and
Wang [2018], image recognitionOzyurt [2020], natural lan-
guage processingNozaki and Nakamoto [2018], recom-
mender systemsDeldjoo et al. [2020], to name just a few.

Traditionally, the training of ML models is deployed in high-
performance computer clusters co-located at large-scale data
centers with easy access to big training datasets. However,
with more diverse ML applications emerging, the deploy-
ment of ML has also been migrating to the edge of com-
puting and communication networks due to the following
reasons: First, in many ML applications, data are gener-
ated and collected through diverse data sources that are ge-
ographically disperse (e.g., smart mobile devices, vehicles,
environmental sensors, satellite imagery). Second, because
of the limited communication capabilities of the devices
and data privacy concerns, it is expensive or even infeasi-
ble to send the data collected at the edge networks to the
cloud for centralized processing. These real-world limita-
tions have spawned the rapid development of decentralized
learning over edge networks in recent years, which can lever-
age highly flexible peer-to-peer edge computing networks
with arbitrary topologies Nedic and Ozdaglar [2009], Lian
et al. [2017]. Also, thanks to the resilience to single-point-
of-failure, data privacy, and simple implementations, decen-
tralized learning has attracted growing interest recently, and
has found various science and engineering applications, such
as distributedrobotics control Ren et al. [2007], Zhou and
Roumeliotis [2011] and network resource allocation Jiang
et al. [2018], Rhee et al. [2012], such as dictionary learning
Chen et al. [2014], multi-agent systems Cao et al. [2012],
Zhou and Roumeliotis [2011], multi-task learning Wang et al.
[2018], Zhang et al. [2019], and information retrieval Ali
and Van Stam [2004].

From a mathematical perspective, conducting decentral-
ized learning over a computing network amounts to solving
an optimization problem distributively and collaboratively
by a group of agents in the network. However, among the
existing literature of decentralized learning, most works are
focused on the standard loss minimization formulation, i.e.,
min,cga f(x), where f(-) denotes the loss objective func-
tion of learning and x denotes the global model parameters
to be learned, and d is the model dimension. While this stan-
dard loss minimization formulation is sufficiently general to



cover a wide range of ML applications (e.g., robotic network
Smart and Kaelbling [2002], Kober et al. [2013], Polydoros
and Nalpantidis [2017]), sensor network Cortes et al. [2004],
Ogren et al. [2004], Rabbat and Nowak [2004]), power net-
work Callaway and Hiskens [2010], Dall’ Anese et al. [2013],
Ernst et al. [2004], Glavic et al. [2017]), it has become in-
creasingly apparent that its mathematical structure is not
rich enough to capture new requirements of ever-emerging
ML applications. Notably, many sophisticated ML problems
nowadays necessitates the so-called “min-max” optimization
in the form of minye xy maxycy f(x,y), where x and y are
both parameters to be learned (may have different dimen-
sionality), and X’ and ) are some conforming real subspaces
for x and y, respectively. Although min-max optimization
also has a long history that dates back to 1945 Wald [1945],
research on decentralized min-max optimization remains in
its infancy so far and results in this area are surprisingly
limited.

In this paper, rather than studying the unstructured general
decentralized min-max problems as in Liu et al. [2019, 2020],
we focus on a subclass of interesting decentralized min-
max optimization, where multiple agents collectively solve
a domain-constrained nonconvex-strongly-concave (NCX-
SCV) min-max problem. The decentralized constrained
NCX-SCV min-max problem is important because it arises
naturally from many recently emerging multi-agent ML ap-
plications, such as multi-agent fairness constraints in adver-
sarial training Xu et al. [2021], policy evaluation in multi-
agent reinforcement learning (MARL) Qiu et al. [2020],
and multi-agent fairness assurance in ML Baharlouei et al.
[2019], Sattigeri et al. [2018] (see Section 2 for more in-
depth discussions).

However, designing effective and efficient algorithms for
solving decentralized constrained NCX-SCV min-max prob-
lems is highly non-trivial due to the following technical chal-
lenges: First, min-max optimization tackles a composition
of an inner maximization problem and an outer minimiza-
tion problem. This tightly coupled inner-outer mathematical
structure, together with the decentralized nature and the non-
convexity of the outer problem, render the design and theoret-
ical analysis of the algorithms rather difficult. Moreover, the
constrained structures in both the inner and outer problems
impose yet another layer of challenges in the algorithmic
design for decentralized constrained NCX-SCV min-max
problems. Second, the decentralization over edge computing
networks faces two fundamentally conflicting performance
metrics. On one hand, due to the high dimensionality of deep
learning models and large datasets, it is infeasible to exploit
information beyond first-order stochastic gradients to deter-
mine search directions in algorithm design. Although the
variance of stochastic gradients can be reduced by increasing
the number of training samples in mini-batches, doing so in-
curs higher computational costs for the stochastic gradients.

On the other hand, if one uses fewer training samples in each
iteration to trade for a lower computational cost, the larger
variance in the stochastic gradients inevitably leads to more
communication rounds to reach a certain training accuracy
(i.e., slower convergence). The high communication com-
plexity is particularly problematic in wireless edge networks,
where communication connections could be low-speed and
highly unreliable. Third, constrained decentralized min-max
optimization presents a significantly greater challenge than
its unconstrained counterpart. This is primarily due to the
non-smooth nature of the domain constraints and the intri-
cate coupling between these constraints and the min-max
problem structure.

The major contribution of this paper is that we propose
a series of new algorithmic techniques to address the chal-
lenges above and achieve low sample and communication
complexities in decentralized constrained NCX-SCV min-
max problems. Our main technical results and their signifi-
cance are summarized as follows:

* We propose a decentralized constrained min-max op-
timization algorithm called PRECISION (proximal
gradient-tracking and stochastic recursive variance
reduction) and show that, to achieve an e-stationary point,
PRECISION enjoys a convergence rate of O(1/T) (T is
the maximum number of iterations). This result further im-
plies an [O(m+/ne=2), O(e~?)] sample-communication
complexity scalings, where m is the number of agents,
and n is the size of the local dataset at each agent.

* To relax the full gradient evaluation requirement in
PRECISION, we propose an enhanced algorithm called
PRECISION™ , which is based on an adaptive batch
size technique. PRECISION™ further reduces the sam-
ple complexity of PRECISION, while retaining the
same [O(m+/ne=2), O(e~2)] sample-communication
complexity scaling laws as those of PRECISION. More-
over, a lower sample complexity can be obtained in
PRECISION by slightly trading off its communication
complexity (the trade-off is only reflected in the hidden
Big-O constants).

* We note that both PRECISION and PRECISION™ algo-
rithms integrate two proximal operators for both the inner
and outer constraints (on x and y), variance reduction
techniques for both inner and outer updates, and gradient-
tracking-based updates in both inner and outer variables.
In this sense, both PRECISION-based algorithms can be
viewed as a triple hybrid approach, which necessitates
new performance analysis and proof techniques. It is also
worth pointing out that the proposed algorithmic and proof
techniques in PRECISION could be of independent inter-
est in decentralized min-max learning theory in general.

The rest of the paper is organized as follows. In Sec-
tion 2, we first provide the preliminaries of the decentralized



min-max optimization problems and discuss related works.
In Section 3, we propose two stochastic variance reduced
algorithms, namely PRECISION and PRECISION™. The
convergence rate, communication complexity, and sample
complexity of PRECISION and PRECISION™ are also pro-
vided in Section 3. Section 4 provides numerical results to
verify our theoretical findings, and Section 5 concludes this

paper.
2 Preliminaries and related work

To facilitate subsequent technical discussions, in Sec-
tion 2.1, we first provide the basics of decentralized min-
max optimization and its consensus formulation. Then, we
formally define the notions of sample and communication
complexities of the consensus form of decentralized min-
max optimization problems. Next, in Section 2.2, we pro-
vide an overview of related work of existing optimization
algorithms for solving min-max learning problems and their
performance in terms of their sample and communication
complexities, thus putting our work in comparative perspec-
tives.

2.1 Preliminaries of Decentralized Min-Max Op-
timization

1) Network Consensus Formulation: Consider an undi-
rected connected network G = (N, L), where A/ and £
are the sets of nodes (agents) and edges, respectively, with
|NV| = m. Each agent has local computation capability and
is able to communicate with the set of its neighboring agents
defined as NV; = {i’ € N,: (i,4') € L}. For presentation
simplicity, we assume that each agent ¢ has n data samples
and thus there are mn data samples in total'. In decentralized
min-max optimization, the agents in the network distribu-
tively and collaboratively solve the following decentralized
min-max optimization problem:

m

. 1
min r;lg))}c {E ; Fi(x,y) + h(X)} ) (1

where x € X and y € ) are parameters to be trained
for the outer-min and inner-max problems, respectively, the
sets X C RP* and YV C RP2 are closed and convex sets,
Fi(x,y) &+ Y0, fij(xi,¥il&i;) denotes the local objec-
tive function, and h(x;) is a proper convex function (possibly
non-differentiable) that usually plays the role of regulariza-
tion. Here, F;(x,y) is only observable to node ¢ and is as-
sumed to be non-convex with respect to x for a fixed y, and
strongly concave with respect to y for a fixed x. To solve

'We note that with more complex notation, all our proofs and results
continue to hold in cases with unequal sized local datasets.

Problem (1) in a decentralized fashion, a common approach
is to rewrite it in the following equivalent form:

1 m n
min max | — 11 (X5, vil&i) + h(x) ],
{x€X Vi}{yi€y i} | mn ; Jz:; fis (i, yil&i) + hixi)

subjectto  x; = X,y = Y/, V(Z, Z/) eL, 2

where x; and y; are the local copies of the original parame-
ters x and y at agent 4, respectively. The equality constraints
in (2) ensure that the local copies at all agents are equal to
each other, hence the name “consensus form.” Clearly, Prob-
lems (1) and (2) share the same solution. In the rest of this
paper, we will focus on solving Problem (2), which will be
referred to as a decentralized non-convex-strongly-concave
(NCX-SCYV) consensus min-max optimization problem. The
goal of decentralized consensus min-max optimization is to
design an algorithm to attain a collective e-stationary point
{xi,yi,Vi} that satisfies the following condition:

m
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Outer consensus Inner consensus
error error
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HEIY -yl + = > Vi Fi(x,y)|* < €,
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Saddle point
error Global gradient magnitude

— A 1 m — A 1 m
where x = =3 " %,y = - > ",V and y* repre-

sents the maximizer point of F' over y, where y*(X) €
arg maxyey F(X,y),

As mentioned in Section 1, two of the most important per-
formance metrics in decentralized optimization are the sam-
ple and communication complexities. In this paper, we adopt
two definitions of sample and communication complexities
that are widely used in the decentralized optimization litera-
ture (e.g., Sun et al. [2020]) to measure the efficiency of our
algorithms:

Definition 1 (Sample Complexity). The sample complexity
is defined as the total number of incremental first-order ora-
cle (IFO) calls required across all nodes until an algorithm
converges to an e-stationary point, where one IFO call evalu-
ates a pair of gradients (V fi;(X,¥), Vy fi;(X,y)) at node
1.

Definition 2 (Communication Complexity). Let a round
of communications be a time window during which each
node sends a vector to its neighboring nodes while receiving
a set of vectors from all its neighboring nodes. Then, the
communication complexity is defined as the total number
of rounds of communications required until an algorithm
converges to an e-stationary point.



2) Motivating Application Examples: With the basics
of decentralized constrained NCX-SCV min-max optimiza-
tion, we provide two examples to further motivate its practi-
cal relevance:

* Multi-Agent Fair ML: Consider a machine learning task
with dataset {b;;, [£;, £;;"] T } over a multi-agent network,
where b;; is the observed label of the j-th sample at the
1-th agent, éij € R% denotes the corresponding non-
sensitive features and &;; € R? represents the sensi-
tive features. In the problem of Fair ML, fairness is im-
posed by adding a regularization term that penalizes the
statistical correlation between the learning model out-
put (;ij and the sensitive attributes £;;. In binary case,
one example is the Renyi correlation Baharlouei et al.
[2019] as a regularization to impose fairness, under which
the multi-agent fair ML problem can be written as a
decentralized NCX-SCV min-max problem Baharlouei
et al. [2019]: minkexy maxyey E; [L(F;(x,y|&), b;) —
Ny viifi (i, &) + N

. Z;:l yijgfij(x, Si)], where S =25 — 1, S = {0, 1},
denotes the sensitive attribute, IL is the loss function, )\;
is a positive scalar balancing fairness and goodness-of-fit,
c is the class label and f;;(x, &;) represents the vector-
valued output of a neural network after soft-max layer.

* Data Poisoning Attack: Consider a decentralized learning
problem with m agents trying to learn a common model.
An adversary has the ability to inject noise into the train-
ing samples of a subset of agents. Let y; denote the model
parameter and let x; denote the injected poisoned data
parameter. In this problem, the adversary tries to maxi-
mize the loss function while the other agents aim at mini-
mizing the loss function. Thus, the data poisoning attack
problem has the following NCX-SCV min-max problem:
mMaxXxey Millyey > oy ITll > ree, log (1 + exp(( —
vgyiT (wg + Xi))), where vy € R and wy € R? denote the
{-th data point’s label and the feature vector, respectively.

2.2 Related Work

1) Centralized NCX-SCV Min-Max Optimization: In
the literature, the state-of-the-art algorithms for solving
NCX-SCV optimization problems in the centralized set-
ting are GDA Lin et al. [2020a], min-max-PPA Lin et al.
[2020b], and SREDA Luo et al. [2020]. Specifically, Lin
et al. [2020a] proposed a gradient-based GDA method to
find a first-order Nash equilibrium point. In each iteration,
GDA performs gradient descent over the x-variable and
gradient ascent over the y-variable. GDA has an O(1/T)
convergence rate for NCX-SCV min-max optimization prob-
lems, where T is the maximum number of iterations. Also,
it requires a full gradient evaluation in each iteration, which

implies an O (ne~2) sample complexity to achieve an e con-
vergence error. The Minimax-PPA method is proposed in
Lin et al. [2020b] to solve NCX-NCYV problem and achieves
an O (ne”) sample complexity. These methods have a high
sample complexity in the big-data regime with a large n. To
overcome this issue, several variance reduction methods have
also been proposed. For example, in Luo et al. [2020], a vari-
ance reduction algorithm named SREDA is proposed, which
is further enhanced by Xu et al. [2020] to allow a larger
step-size. SREDA achieves an o (n + \/5672) sample com-
plexity for large n, thus having a lower sample complexity
than GDA and minimax-PPA. However, SREDA can only
handle min-max problems with constraints on x but not on
y. We summarize the above comparisons in Table 1. While
the above algorithms achieve varying degrees of success in
solving NCX-SCV min-max problems, they are developed
for the centralized setting, which is fundamentally different
from our work.

2) Decentralized Min-Max Optimization: As men-
tioned in Section 1, existing results on decentralized min-
max optimization are quite limited. The earliest attempt
is the CSPSG method Mateos-Ninez and Cortés [2015],
which considered the most ideal convex-concave (CX-CV)
setting. Due to its simplistic SGD-type updates, CSPSG has
high sample and communication complexities of O(e~%).
DPOSG Liu et al. [2020] considered unstructured nonconvex-
nonconave (NCX-NCYV) unconstrained decentralized min-
max problems in the context of large-scale GANs, and pro-
posed to leverage the classical DSGD Nedic and Ozdaglar
[2009] approach to decentralize the centralized counterpart
algorithm called OGDA Mokhtari et al. [2020]. Due to the
limitations inherent in DSGD, DPOSG suffers from a high
sample complexity of O(¢~12). In contrast, DPPSP Liu et al.
[2019] also studied unstructured NCX-NCV decentralized
min-max optimization problems with constraints. Due to the
use of basic proximal SGD-type updates, DPPSP also suffers
high sample and communication complexities of O(e~%).

Compared to the simplistic algorithmic techniques in Liu
et al. [2019, 2020], our PRECISION algorithms is a triple
hybrid algorithm that integrates proximal operators, variance
reductions, and gradient tracking, thus achieving much lower
sample and communication complexities. We note that al-
though our significantly lower sample and communication
complexities are achieved under the more structured NCX-
SCV setting, we believe our techniques can also be applied
to NCX-NCV to improve the sample and communication
complexities of existing works. This will be left in our future
work.

The most related work to ours is GT-GDA Tsaknakis et al.
[2020], which also studied constrained decentralized NCX-
SCV min-max optimization. The key difference between GT-
GDA and our work is that only one constraint set is imposed
on either x or y, but not on both. In contrast, we consider



Table 1: Comparisons among algorithms for NCX-SCV min-max problems (m is the number of agents, n is the size of dataset
for each agent, and e is the convergence error. Our proposed algorithms are marked in bold.

Algorithm® Proximal Sample Commun. De?en-

Operator Complex. Complex. tralized
GDA Lin et al. [2020a] y O (ne7?) - X
Minmax-PPA Lin et al. [2020b] x and y ) (neiQ) - X
SREDA Luo et al. [2020] x  O(n+yne?) - X
PIE{EIJE(EISSIIOO;I\L xandy  O(my/ne?) O(e™?) v

Table 2: Comparisons among algorithms for decentralized min-max problems.

Proximal

Sample Commun.

Algorithm® Operator Complex. Complex. Problem
DPOSG Liu et al. [2020] O(e™'?) O(log(1/¢)) NCX-NCV
CSPSG Mateos-Ntinez and Cortés [2015]  x and y O™ O(e™) CX-CV
DPPSP Liu et al. [2019] xand y O(e™™) O(e™*) NCX-NCV
GT-GDA Tsaknakis et al. [2020] xory O(mne™?) O(¢7?) NCX-SCV
;1%5(;18811(;);1\1* xandy  O(my/ne ?)  O(¢?) NCX-SCV

the more complex case where both x and y are constrained.
GT-GDA also requires several inner updates for y and then
performs one update for x, which is similar to alternating
direction method of multipliers Boyd et al. [2011] (ADMM)
update scheme. Also, our algorithms achieve a lower sam-
ple complexity O(m+/ne~?) than that of O(mne=?) in GT-
GDA. To conclude this section, we summarize the above
comparisons in Table 2. Another closely related work can be
found in Zhang et al. [2021], where the authors developed
a decentralized optimization method for a multi-agent rein-
forcement learning policy evaluation problem based on the
mean squared projected Bellman error (MSPBE), which can
be formulated as a finite-sum minimax problem. However,
our work differs from Zhang et al. [2021] in the following as-
pects: (i) Unlike Zhang et al. [2021], our method can handle
non-smooth objectives. However, the direct proximal exten-
sion of the algorithm in Zhang et al. [2021] may diverge in
solving the decentralized problem Hong et al. [2022]. To this
end, we propose a specialized proximal operator X; (x; ¢) to
address this challenge, see detailed discussions in our Re-
mark 1; (ii) Our approach addresses general decentralized
min-max optimization problems, while Zhang et al. [2021]
is limited to RL policy evaluation.

3 Solution Approach

In this section, we first present our PRECISION and
PRECISION™ algorithms in Sections 3.1 and 3.2, respec-
tively. Then, we provide the main theoretical results and
the key insights of the PRECISION and PRECISION™ algo-
rithms in Section 3.3. Due to space limitation and for better
readability, we relegate some proof details of the theoretical
results to our Appendix.

3.1 The PRECISION Algorithm

To solve the consensus form of decentralized min-max
problem in Problem (2), we adopt the network consensus
mixing approach in the literature Nedic and Ozdaglar [2009].
Toward this end, we let M € R"**™ denote the consensus
weight matrix and let [M];;» denote the element in the i-th
row and the i’-th column in M. M satisfies the following
properties Nedic and Ozdaglar [2009], Wai et al. [2018]:

(a) Doubly stochastic: >~ [M];ir = >0 [M]iir = 1;

(b) Symmetric: [M];;r = [M];r;, Vi, i’ € N;

(¢) Network-Defined Sparsity: [M];; > 0if (i,i') € L;
otherwise [M];;» = 0, Vi, i’ € N.



Note that the above properties imply that the eigenvalues
of M are real and can be sorted as —1 < \,,,(M) < --- <
A2(M) < A (M) = 1. For notational convenience, we
define the second-largest eigenvalue in magnitude of M
as A 2 max{|A\2(M)|, .., [\, (M)}, which will play an
important role in the step-size selection and analysis of the
algorithm’s convergence rate. With the above notation, we
are now in a position to describe our proposed algorithms.

As mentioned in Section 1, our PRECISION algorithm
can be viewed as a triple hybrid of proximal, gradient track-
ing, and variance reduction techniques. Next, we will see that
these techniques can be organized into three key algorithmic
steps:

e Step 1 (Local Proximal Operations): In each iteration t,
each agent ; first performs the following proximal oper-
ations to cope with the constraint sets X and ) for the
outer and inner variables, respectively:

X;(x;,t) =arg minxieﬁpi,u X; — Xit)
2 4 h(xy), 3)

2

NC)

.
+ §HX2 — Xt

Vi(yi)=arg minyieyHYi - (Yi,t + adi,t) ’
where p; ; and d; ; are two auxiliary vectors for gradient
tracking purposes and will be defined shortly, 7 > 0 is
a constant proximal control parameter, and o > 0 is a
constant parameter to control the magnitude of the updates
of y.

e Step 2 (Consensus Update): Next, each agent ¢ updates
the outer and inner model parameters X;, y;:

Xigp1= Y [MlisxXir s+ v (Xi(Xie) = Xiz),  (5)
., . %/_/
i'eN; (b)

(a)

Yit+1 = Z Miiryire +0¥i(yie) — Yie), (6)

(a)

where v and 7 are the step-sizes for updating x- and y-
variables, respectively. Note that in (5) and (6), component
(a) is a local weighted average at agent ¢, which is also
referred to as “consensus step,” and component (b) per-
forms a local update in the spirit of Frank-Wolfe given the
proximal points x and y, which is different from the con-
ventional decentralized stochastic gradient updates Nedic¢
et al. [2018].

o Step 3 (Local Gradient Estimate): In the next step, each
agent ¢ estimates its local gradients using the following

gradient estimators:

Vi Fi(Xit, ¥it), if mod(t,q) =0,
Vi1t s ges, (Vfis(Xie yie)  (T2)
—foij(xi,t—17Yi,t—1)), Oo.wW.
VyFi(Xit,¥Yit) if mod(t,q) =0,
u; s = ui,H+‘Sfﬁzjegiyt(vyﬁj(xi,t,Yi,t) (7b)
*Vyfij(xi,t—l»yZ‘,t—l)), o.w.

Vit =

Here, S; ; is the sample mini-batch in the ¢-th iteration,
and q is a pre-set inner loop iteration number.

o Step 4 (Gradient Tracking): Each agent © updates p; and
d; by averaging over its neighboring tracked gradients:

{pi,t = Zz"e/\a Ml Pirt—1 + Vig — Vig—1, ®)

d; ¢ :Zwem Misdir -1+ — 4 4—1.

Our PRECISION algorithm can be intuitively understood
as follows: In PRECISION, each agent conducts both de-
scent and ascent steps, since Problem (2) minimizes over x
and maximizes over y. Note that v; ; and u;; in (7) only
contain the gradient information of the local objective func-
tion F;(x,y). Merely updating with directions v; ; and u, ¢
cannot guarantee the convergence of the global objective
function F'(x,y). Therefore, we introduce two auxiliary
variables p; ; and d, ; for global gradient tracking purposes.
As each agent 7 updates these two variables by performing
the local weighted aggregation shown in (8), p; ; and d; ;
track the directions of the global gradients.

It is insightful to compare PRECISION with our most
related work, the GT-GDA method in Tsaknakis et al. [2020].
In GT-GDA, agent ¢ computes the local full gradients in the
t-th iteration as follows:

Vit = vxFi(xi,t>yi,t)7 Wit = VyFi(Xi,t7yi,t)~ )
Different from GT-GDA Tsaknakis et al. [2020],
PRECISION estimates the local gradients in Eq. (7)
at agent ¢. In Eq. (7), the algorithm evaluates a full
gradient VF;(x;4,y;:) only every ¢ steps. For other
iterations with mod(¢,q) # 0, PRECISION uses lo-
cal stochastic gradients estimated by a mini-batch
ﬁ > e vay fij(%it,¥:+) and a recursive correction

W{”Zjesiytvyfij(xi,tflayi,tfl)- Thanks
to the periodic full gradients and recursive correction
terms, PRECISION is able to achieve a convergence rate
of O(1/T). Moreover, due to the stochastic subsampling
of S; ;, PRECISION has a lower sample complexity than
GT-GDA Tsaknakis et al. [2020]. The full description of
PRECISION is shown in Algorithm 1.

term u; . —



Algorithm 1: PRECISION/PRECISION™ at Agent 3.

If PRECISION :|R; ;| =n;
If PRECISIONT :

IRl = Inin{c,ya2 (’yt)_l ,ceole n}.

1: Set prime-dual parameter pair (X; 0, y:0) = (x°,y).
2: Draw R,; o samples without replacement and calculate
local stochastic gradient estimators as

1
Pi0=Vio =1 > Vafii(xi0,yi0):
“HljERio
1
dio=u0=7=5— Zvyfij(xi,07}’i,0)§
IRiol &
JER 0

3: fort=1,---,T do
Update local parameters (x;,;+1,¥i,t+1) as in Eq. (3)-
(6);

5: Compute local estimators (v;;y1,U;¢+1) as in
Eq. (7);

6:  Track global gradients (p; ¢+1,d; ¢+1) as in Eq. (8);

7: end for

3.2 The PRECISION™ Algorithm

Note that in PRECISION, full gradients are required for
every q steps, which may still incur high computational
costs in some situations. Also, in the initialization phase of
PRECISION (before the main loop), agents need to evaluate
full gradients, which could be time-consuming. To address
these challenges, we enhance the PRECISION with an adap-
tive batch size technique, and this enhanced version is called
PRECISION . Specifically, we modify the gradient estima-
tors in (7a) and (7b) in iteration ¢ with mod(¢,q) = 0 as
follows :

1
Vie = e D Vakii(Xin yin), (10)
DHieR,.
1
Wy == Y Vy fii (i, ¥ie), an
Rl
JER¢

where R, ; is a subsample set (sampling without replace-
ment), whose size is chosen as

[Rie| = min{cﬂya2 (%)71 ,ceaze_l,n}. (12)

Here, ¢, and c. are problem-dependent constants to be
defined later, o2 is the variance bound of data hetero-
geneity across agents (also defined later), and ~,.; =
% Zf:(m_l)q |%; — 1 ® %||*, where ® represents the Kro-
necker product operator.

The selection of |R; ;| is motivated by the fact that the
periodic full gradient evaluation only plays an important role
in the later stage of the convergence process: in the later
stage of the convergence process, we need more accurate
update direction. Later, we will see that under some mild
assumptions and parameter settings, PRECISION™ has the
same convergence rate as that of PRECISION. The full de-
scription of the PRECISION™ algorithm is also illustrated
in Algorithm 1.

3.3 Theoretical Results of the PRECISION and
PRECISION™ Algorithms

Before presenting the theoretical results of our algorithms,
we first state the following assumptions:

Assumption 1 (Global Objective). The functions F(x,y) =

% S [Fi(xi,yi)] and J(x) = maxyey F(x,y) satisfy:

(a) (Boundness from Below): There exists a finite lower
bound Q* = Q(x*) = infx(J(x) + h(x)) > —o0;

(b) (Strong Concavity in y): Local objective function
Fi(x,-) is p-strongly concave for fixed x € RP1,
i.e., there exists a positive constant | such that
IVy Fi(x,y) =VyFi(x,y) | Zuly=y'l,V 2, y,y'€
RP2 € [m).

(c) (Bounded Gradient at Maximum): The partial gradi-
ent at every (X, VxF(x,y*(x))) pair is bounded, i.e.,
IV F(x,y*(x))|| < oo, Vx e RPL

Assumptions 1(a) and 1(b) are standard in the literature.
Assumption 1(c) guarantees that V.J(x) = Vi F(x, y*(x)).

Assumption 2 (Lipschitz Smoothness of Local Objec-
tives). The function f;;(x,-) is Lg-Lipschitz smooth, i.e.,
there exists a constant Ly > 0, such that V f;;(x,y) =
[vxfij (Xa y]Ta vyfij (Xa y)T)T Satisﬁes ||vf7] (X7 y) -
Vi y P < L2 Ix x|+ L2y — y' /
X,y,y € Y,i€[m],j€ n]

2V x,x €

Further, we have the following assumption only for the
algorithm PRECISION™:

Assumption 3 (Bounded Variance). There exists a constant
0% > 0, such that E||Vf;;(x,y) — VEi(x,y)|?> < 0%
Vx,y, € RP,i € [m],j € [n].

To address the challenges in characterizing the conver-
gence rate for NCX-SCV decentralized constrained min-max
problems, we propose the following new metric, which is

the key to the success of establishing all convergence results
in this paper:

My 2E[[[%; — 1@ %|° + [|Jx — 1 @ %)
Flye— 105 +llyi 54, (13)



where y; denotes y*(X;) = argmaxycrr F'(X¢,y). The
first two terms in (13) are inspired by the metric in SONATA
Scutari and Sun [2019], which measures the converging
progress of non-convex decentralized minimization problems
(not min-max). The third term in (13) measures the consen-
sus error of local copies on y. The fourth term in (13) quan-
tifies ;s convergence to the point y; for F(X¢, ). Thus,
as 91, — 0, we have that the algorithm reaches a consen-
sus on a first-order stationary point (FOSP) of the original
decentralized constrained min-max optimization problem.

With the metric in (13), the convergence rates of algo-
rithms PRECISION /PRECISION™ can be characterized as
follows:

Theorem 1 (Convergence of PRECISION). Under As-
sumption ] (a)-(d) and Assumption 2, suppose that <

min {

1273

a < m,q = |Sii| = [v/n] hold and

o 1=x2% ; P
let ¢ = {35z If the step-sizes satisfy: n <
2 2

i 1 _camp 15L; 3cim : campf
mln{8’3750¢L276ua201’10(1+c1);w¢ V< min 40L%>
2cymfB  2c18u’m 57 T 3unat

57 ' 375L% * Bmer? 6m(1+1/c1)’ 17L% ’3(Lf+L2/,L) J

then the followmg convergence result for the PRECISION al-
gorithm holds:

7ZE

where Q* = Q(x

Elpo — Q7]
mln{C’l, Cy, C3,vL> 2/2HT + 1)’

*) and py is a potential function defined

as:’
4vL>
A = f s *12
pr = Q(X¢) + B ly: —yil
1 — _ _
+ =D llxie =%l +llyie =5l (4

i=1

and C1,Cy, C3 > 0 are constants. Due to space limitation,
detailed definition of these constants are relegated to our
Appendix. Also, in (14), Q(x;) = maxy F(x;,y) + h(x:),
and y{ = arg maxy F(x¢,y).

Theorem 2 (Convergence of PRECISION™). Under As-
sumption 1 (a)-(d), Assumptions 2-3, and the same parame-
ter settings as in Theorem 1, with additional parameters c.,
and c. satisfying the conditions:

75 1
ey = ( -

8u m
and the potential function as stated in Theorem 1, the follow-
ing convergence result for PRECISION™ holds:

1 E[po — Q]
— <
T ; B[] < (T + 1) min{C},C}, Cs,vL?% /2}

Ki)ﬂ
Bm’ 12’

ce >0, (15)

T5na 2 v 2\ €
bna s v 2y 16
+(16ﬂ m+25m)ce7 (16)

where the constant C?y > and the definition of C} is relegated
to our Appendix.

Remark 1. Compared to existing works on decentralized
min-max optimizationTsaknakis et al. [2020], Zhang et al.
[2021], it is worth noting that the main difficulty in es-
tablishing convergence results in Theorem 1 and Theo-
rem 2 arises from the proximal operator in the outer-level
subproblem. This operator precludes the use of conven-
tional descent lemmas for convergence analysis, as out-
lined in Lemma 3 in the Appendix. Furthermore, unlike
in single-agent constrained bilevel optimization, the direct
proximal extension of the algorithm in Hong et al. [2022]
(Xir = argminge v ||x — (x;,; — 7Pi.¢)||?) will diverge for
the decentralized constrained min-max problem in this paper.
To address this challenge, we employ a special proximal
update rule in (3). The proximal operator X; ; in (3), consen-
sus updating (5), and the corresponding local update (5) are
the key in addressing the non-smooth objective challenge
encountered in decentralized learning.

Remark 2. In Theorems 1 and 2, the step-sizes and conver-
gence rates depend on the network topology. For a sparse
network, A is close to (but not exactly) one (recall that
A = max{|A2],|A\m|} < 1), the step-size needs to be
smaller as A gets close to one, which leads to a slower
convergence. Additionally, the convergence performance of
PRECISION™ is affected by constant (75”“ 24 %%)f,
which depends on the inexact gradient estlmatlon at the ¢-th
iteration with mod(¢, ¢) = 0. Intuitively, a larger value of ¢,
allows us to use a larger batch size as shwon in (12), which
in turn leads to faster convergence. Theoretically, we can
observe that a larger value of ¢, results in a smaller constant
(Tna2 4 v 2 )< in (16), thereby yielding a more accurate

16p m 28m
estimation.

Following from Theorems 1 and 2, we immediately have
the sample and communication complexity results for the
PRECISION and PRECISION™ algorithms:

Corollary 3. Under the conditions in Theorems I and 2,
and with ¢ = +/n, to achieve an e-stationary solution, the
following results for the PRECISION and PRECISION™ al-
gorithms hold:
o Communication Complexity: the numbers of total commu-
nication rounds are upper bounded by O(e~2)

e Sample Complexity: The total samples evaluated across
the network are upper bounded by O(m+/ne=?2)).

Remark 3. The PRECISION/PRECISION™ algorithms
have the same communication complexity as GT-GDA Tsak-
nakis et al. [2020], but the sample complexity is a /n-factor
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Figure 1: Comparisons of algorithms for decentralized NCX-SCV min-max optimization problems.

lower than that of GT-GDA Tsaknakis et al. [2020]. This is
particularly advantageous in “big data” scenarios, where n
is large (i.e., the size of local datasets is large). Although the
theoretical complexity bounds for PRECISION™ is the same
as PRECISION, the fact that PRECISION™ does not need
full gradient evaluations implies that PRECISION™ uses sig-
nificantly fewer samples than PRECISION in practice. Our
numerical results in the next section will also empirically
confirm this.

4 Experimental Results

In this section, we conduct numerical experiments
to demonstrate the performance of our proposed
PRECISION and PRECISIONT algorithms using a
decentralized NCX-SCV regression problem on “a9a"
dataset from LIBSVM repository, which is publicly available
in Chang and Lin [2011]. In the supplementary material, we
also provide additional experiments for environments of
AUC maximization problem on dataset “a9a"Chang and Lin
[2011] and ‘MNIST"LeCun et al. [1998]. Due to the lack
of existing algorithms for decentralized NCX-SCV with
simultaneous outer and inner constraint sets (cf. Section 2.2
for details), we compare our algorithms with two stochastic
algorithms as the baselines in our experiments. These
baselines can be viewed as “stripped-down” versions of
PRECISION /PRECISION™ by removing gradient tracking
or variance reduction techniques. Due to the space limitation,
detailed experimental settings are relegated to our Appendix.

1) Logistic Regression Model and Datasets: We use
the following decentralized NCX-SCV min-max regression
problem with datasets {(a;;, bij)}?:l’ where a;; € R? is
the feature of the j-th sample of agent ¢ and b;; € {1, —1} is
the associated label:

1 m
i =N Fi(x;,y; 1
Jnin, max - ; i (X4, ¥4), (17)

where F;(x;,y;) is defined as:

> (yisliy(xi) = Vyi) + g(x:)) . (18)

1
Fi(Xi»Yi) é;
j=1

In (18), the loss function is I;;(x;) £
log (14 exp (—bi;a;x;)) and g(x;) is a non-convex

2
AT,
2
1+aw1k

regularizer defined as: g(x;) £ Ao 22:1 where

V(y;) = iX\i|ny; — 1|3 and we set the constraints
X = [0,10%,Y = [0,10]". We choose constants
A1 = 1/n?%, Xy = 1073 and o = 10. We test the conver-
gence performance of our algorithms using the “a9a" dataset
from LIBSVM repository, which is publicly available at
Chang and Lin [2011].

2) Algorithms comparision: Due to the very limited re-
sults of decentralized constrained min-max optimization in
the literature, in our experiments, we adopt the following
algorithms as our baselines for performance comparisons:

* Prox-DSGDA  (proximal decentralized stochastic
gradient descent ascent): This algorithm is mo-
tivated by DSGD Nedic and Ozdaglar [2009],
Jiang et al. [2017]. Each agent updates its lo-
cal parameters as 61 = > ;cn,[M]ij05 —
Wﬁ >jes., Volij(Oip,wiz) and  wii =
> jen: Mlijwie =0z Yes,, Voo fii (03, wit).

* Prox-GT-SGDA  (proximal gradient-tracking-based
stochastic gradient descent ascent): This algorithm is
motivated by the GT-SGD algorithm Xin et al. [2020], Lu
et al. [2019]. GT-SGDA has the same structure as that of
GT-GDA, but it updates v; ; and u; ; using stochastic gra-
dients as follows: v; ;, = ‘Sz#fl Zjesi,t Vofij(0it,wit)

and u; ¢ = 7@7“ Zjesht vwfij(ei,t,wi,t)-

3) Results: From Fig. 1(a) and 1(b), we can see
that our proposed PRECISIONT algorithm converges
much faster than other algorithms (PRECISION, Prox-
GT-SGDA and Prox-DSGDA) in terms of the total num-
ber of first-order oracle evaluations. We can also ob-
serve that both PRECISION and PRECISION™ have lower



sample complexities than those of the other two algo-
rithms. As shown in Figs. 1(c) and 1(d), PRECISION and
PRECISION™ have much lower communication costs than
those of Prox-DSGDA and Prox-GT-SGDA. Our exper-
imental results thus verify our theoretical analysis that
PRECISION /PRECISION™ have both low sample and com-
munication complexities in decentralized constrained min-
max optimization problems.

5 Conclusion

In this paper, we studied the decentralized con-
strained non-convex-strongly-concave (NCX-SCV) min-
max optimization and developed two algorithms called
PRECISION and PRECISIONT. We showed that, to
achieve an e-stationary point of a decentralized con-
strained NCX-SCV min-max problem, PRECISION and
PRECISION™ achieve the communication complexity of
O(e~?%) and sample complexity of O(m+/ne~2), where m
is the number of agents and n is the size of dataset for
each agent. Our numerical studies also verified the theo-
retical performance of our proposed algorithms. We note
that decentralized constrained min-max learning remains an
under-explored area, and our work opens up several interest-
ing directions for future research. For example, the agents
need to send outer and inner model parameter pairs to their
neighbors in our algorithm, both of which could be high
dimensional. In our future work, it would be interesting to
adopt communication-efficient mechanisms (e.g., compres-
sion techniques) to further reduce the communication cost,
especially for large-scale deep learning models.
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A Proof Sketch of Main Results

Due to space limitation, we outline the key steps of the
proofs of Theorems 1 and 2. The complete version of our
proofs is available in our Appendix. Before diving in our
theoretical analysis, we first provide the following notations:

T

X

= _ 1 ¢m T T
C Xt =7 21:1 X, and Xy = [Xl,t» Tt m,t] for any

vector x;
o Vili= [vxF(XLta Y1,t)T7 e ,VxF(Xm,u Ym,t)T]T;
° vat = [va(tha yl,t)Tu s 7va(xm,t7 ym,t)T]T;
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« E(x)=2

L5 Ixi,e — %¢||? for any vector x.
Also, the result below is useful for our subsequent analy-

S18.

Lemma 1. Under Assumption 1, the funciton J(x)
F(x,y*(x)) w.r.t x is Lipschitz smooth, ie., there exists
a positive constant L j, such that

IVI(x) = VI < Lylx - x|, ¥x,x' € R, (19)

where the Lipschitz constantis Ly = Ly + L?c/,ufor Algo-
rithm 1. This lemma follows immediately from Lemma 4.3 in
Lin et al. [2020a].

Lemma 2. Under Assumption 1, y*(x)
argmaxy F'(x,y) is Lipschitz continuous, i.e., there
exists a positive constant L., such that

Ily*(x) = y* ()| < Lyllx = x'[l, vx,x" € R, (20)

where the Lipschitz constant is L, = Ly /.

A.1 TImportant Lemmas for Proving Main Theo-

rems

We first show the following descent property of
PRECISION algorithm on the function Q(-), which is stated
in the following lemma:

Lemma 3 (Descent Inequality on Q(x)). Under Assump-
tion 1, the following descent inequality holds:

2
vL%

QXi41) — Q(x¢) < 25

v o _
+ 23 IV F(Xt,¥,) — PtH2 +

2
Iy =yl
vT

1o ]?
QﬁmHXt ® Xy |

) % — 1@%]|*. (21)
m

where Q(x;) = maxy F(x,y) + h(x¢) and y;
arg maxy F'(X;,y).
Proof Sketch of Lemma 3. Let J(x;) = maxy F(x,y).

According to the algorithm update, Lipschitz continuous
gradients of J and optimal conditions of h(x), we have:

J(Xer1) — J(Xe)
S%E:WJ@Q—mm&¢—&>

K2

vT L _ viLy . _

— (Xt — X¢, Xip — Xy) + th_1®xt||2

m 2m

VT | _ _ _
,Ew&f1®&wfhgﬂg+h@g. (22)

From triangle inequality and the definition of Q)(x), we have:
From triangle inequality and the definition of Q(x), we ar-
rive at the result stated in Lemma 3. O



Next, consider the error bound ||y, — y7||* in Lemma 3,

we have the following Lemma:

Lemma 4 (Error Bound on y*(x)). Under As-

sumption 1, the following inequality holds for
PRECISION/PRECISION™ :
- 2 pno *
I =yiall < (1507 ) I3 - yil?
3N~ _ 75 o
**77 I5: — 13 + 77 ||dt -V F(Xt>}’t)H
17L2 2
Hne

Proof Sketch of Lemma 4. Similar to Qiu et al. [2020],
Lemma B.2, B.3 and due to the optimality condition for
the constrained optimization on y and the u-strongly con-
cavity, we have

741 —yill* < 422 |VyF (x¢,9:) — at||2
+(1- L) I vt - L - 1wl oo
Furthermore, we have
H}_’tﬂ - Yf+1H2 < <1 + MZQ) 1Fe01 —vil?
N Lol I
(1 + l”]) Lyv ooy ;Xi,t — X (25)

From triangle inequality and the definition of Q(x), we
have:

v 1
Q) S Q)+ 730 55V (k) = Vx5, 901
v 8. 2 o _ 2
+— by %0 — X¢|” + VZ* |V« F (X:,¥:) — Pt
v vt 1
+* +7iz‘|xt Xlt“

1% LJ
m 2m

m
After some rearrangements of the above inequality, we arrive

at the result stated in Lemma 4.
O

By telescoping the combined results of previous lemmas
from 0 to T + 1 and after some rearrangements, we arrive at
the following results:

Lemma 5. Under Assumption 1 and condition
n < 1/2Ly, the following inequality holds for
PRECISION/PRECISION™ :

B _ avl2 . "
Qxrn)— Qo)+ —= ¥~y I°—

- 112
- Yo—Yo

>||5<t—1®x,52.

13

A2 171212
Sﬁlmg{ii”ytil(g)yt” JF . || % —10%° }
5nac 2 -
16” = |V F(xe,¥1) dtHQ
25 ||V F(x¢,yt) — pel?

25 % — 1 ® %¢||” —

v L2 41/L2 75 042L2
o O e B e

B m  Buna 16p m

: Z[H’_{t — x>+ 15t = veul?)
i=1
1/L2
DY E gy —yil?. (26)

Next, we bound the iterates contraction of ||x; — 1 ® %||?
and [ly, — 1®y:[|* in (26).

Lemma 6 (Iterates Contraction). The following contraction
properties of the iterates hold:

Ix¢ — 1@ % ||* < 1+01) ?llxe—1 — 1@ %1

%1 — x|

(

+(1+ )

lye — 1@y < (1+02))\ lyi-1 = 1® ye—1l®
+ 1+ )

n ||Yt 1~ Yt— 1” ) 27)

where ¢y and co are arbitrary positive constants. Addition-
ally, we have

;= x—1]|* < 8E(xp—1) + 202 ||%i—1 — %1%,

—yio1l]? < 8E(yim1) + 207|741 — v |®. (28)

v
Next, we bound the gradient tracking errors E?:o ld: —
Vsl |* and 3, [[Be — Vy E[|” in (26).

Lemma 7 (Error of Gradient Estimator). Under Assump-
tion 2, we have the following error bounds for the gradient
trackers:

T

> llde = Vs Fy|?
t=0
T
<) E

t=1

[ d(n,—1)g — VxF (X(n—1)g: ¥ (ne—1)) >

+ L} (”Xt —x1|? + [lye — }’t—1||2)7 (29)
T
> b= Vy R
t=0
T

<
t=

E”f’(nt—l)q - va(X(m—l)qvy(m—l)q)H2
1



+ L7 (e = xe—1l” + llye — ye-1l?), (30)

where n; is the largest positive integer satisfing (ny — 1)qg <
t.

Proof Sketch of Lemma 7. Define

Ai,t :ai,t —Vsz‘.,t; Bi,t

xfz t Xz tvyl t)

|S JGS

—Vxfit(Xia,¥ie1)+VuF 1 —VxFi. 31

Note that E,[B,; ;] = 0, where the expectation is taken over
the randomness of data sampling at the ¢-th iteration. Thus,

Eel|Aiil” = [ Aii—1ll® + Ee|| Bs o] (32)

Also, with |S; ;| = ¢, we have

LQ
]EtHBi,t||2 < ?f(HXi,t—Xi,t—lw + Hyi,t_yi,tle2)'

(33)
Taking full expectation and telescoping (33) over ¢ from
(ny —1)g+ 1tot, where t < ntq — 1, we have E||4;||? <

]E”A m—l)q||2+z —(nt—l)q-‘rl q (||XT Xy — 1|| +||y'f‘

yr—1|?). Thus, Zkzo EllAx]? < ZT:O [ A, —1)qll® +
S, L5 (I%r =xp—1[*+[lyr — yr—1[%). We have similar
result while A; ; = p; + —Vy F; +. This completes the proof
of of Lemma. 7. L]

A.2 Proof Sketch of Theorem 1

Proof. Following the defined potential function p and the
result of Lemma 3-7, we have

T
_ * 12
Epr41—Po guLﬁzZHyt ~yil

— Clzz ||Xt — X tHQ _CQZ”Xt —-1® XtH

t=0 i=1

- C3ZZ[||}_’t—Yi,t||2]—C4Z||§t —1e@yl®, (34
=0 i=1 =0
where
Thna 2 v 2 vT
Cy =[1-8L3 =
1=| (16 m+25m) 28m
L2 4vI? 2L>2
(e LI f@g},
B m  PBuna 16p m
oo 2 v 2 1
C: 20°L3 —(1+ =)
2T ( (16,um+26m) (+c1)y
WLy wr Ly v ’/75)
2umna - m 2m m  2m’’
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Tona 2 v 2

1-8L2 1 A2
C; =[1-8 (16 m+25m) (1+cz)
_Kﬁ_ 4VLf 7577@ 2Lf]
Bm  Buna 16p m
:4VL3,3ﬁ
Buna 4
1 na2 v o2
1 — 2naL? — ).
-+ )" (16 m 2Bm)

Suppose that 8 < min { 15 %}
a < g Lf hold and let ¢; = 1 T /\2, if step-sizes satisfy

Thm. 1 to ensure C, Cs, C3, C4 > 0. We can conclude that

T *
Z < Elpo — Q] (5
"~ min{Cy, 2, vL7/2}(T + 1)
This completes the proof Theorem 1. O
A.3 Proof Sketch of Theorem 2
Proof. For PRECISION™ , we have
Ellden,~1)g = VxFlne—1)qll”
_ Iiv.<m
= EllP(n.—1)g = VyFn,-1all* = %02- (36)
Recall that Ny = min{c,0?(y*)~! c.o2e7t, M}, we
have
(k) (k)
WNa<M) € Y €
< . (37
N max{c 02’ ceo?” T cy0? + c.o? (37
Since Ye 1 = 2 30 (n, _1)q [IRe — 1 ® %|*. Plugging (37)

to Lemma 5, we have the following result, with additional
parameter setting

7na 1
8u m

v 1 vr

Bm)12

For PRECISION™, following the defined potential function
p and the result of Lemma 3-7, with ppr41 > Q*, we reach
the conclusion:

ey > (

T
1 hna 2 v 2
- < 2 ANE
(TJrl);im (16u m—’—2ﬂm)c6
Elpo — pr41]

+

(T + 1) min{C,C%, v L2 /2} (38)

where Cy, C} > 0. This completes the proof Theorem 2.
O



B  Further experiments and additional results

In the followings, we provide the detailed settings for our experiments:
1) AUC Maximization Model and Datasets:
We apply the following AUC maximization problem with a given dataset {a;;, b;; };;1 where a;; denotes a feature vector

and b;; € {—1, 41} indicates the corresponding label. With function hy of a classification model parameterized by x; € X,
the AUC is defined as

1
XEX etem Z H{hw (@) 2hx, (a55) ) (39
bij :+1,b1j:71

where et (e7) indicates the number of positive (negative) samples and I denotes the indicator function. The above optimization
problem has the following equivalent minimax formulation:

m

1
min max — ZFi(X“ c1,¢2,\)

Xi,C1,C2  Yi TN <
=1

1

== {0 =) (o (@) = €0)* Tppymy = 7L =79 + 7 (i, (@55) = €2)* L=y
i=1

+2(1 4 yi)Thy, (ai) Iy, =13 — 21+ 4:) (1 — 7)h, (a5) Lo, =13 }

ij =

where 7 := e™/ (e + €7)is the ratio of positive data.

We test the convergence performance of our algorithms using the “a9a" dataset from LIBSVM repository, which is publicly
available at Chang and Lin [2011] and ‘MNIST"LeCun et al. [1998].

2) Decentralizednetworks: We use a five-node multi-agent system, with the communication graph G being generated
by the Erdos-Renyi graph, where the edge connectivity probability is p. = 0.6. The network consensus matrix is chosen as
W=1I- mlﬁ where L is the Laplacian matrix of G, and Ayax (L) denotes the largest eigenvalue of L. The generated
topology is shown in Figure 2.

Figure 2: Network topology

B.1 Algorithms comparison

In this subsection, we provide an additional experiment on the algorithms’ comparison. We run all algorithms for solving
optimization problem over AUC maximization problem under a9a dataset and mnist dataset. In this experiment, we initialized
the parameters from the normal distribution for all the algorithms and fixed learning rates as v = 1071, = 10~. From
Figure 3, we observe our proposed algorithms PRECISION/PRECISION™ enjoy low sample and communication complexities
on solving AUC maximization problem under both “a9a” dataset and “MNIST” dataset.

B.2 Learning rate setting

We use a 5-node multi-agent system with a generated topology as shown in Figure 2. In this experiment, we choose the
datasize n = 2000, mini-batch size ¢ = [y/n]. Figs. 4 illustrate the convergence metric 9% performance of PRECISION with
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(a) Algorithms comparison on “a9a” dataset. (b) Algorithms comparison on “MNIST” dataset.

Figure 3: Algorithms Comparision on AUC maximization problem .

different learning rates +y and 7. We fix a relatively small learning rate vy = 10~! while comparing 7; and set = 10~! while
comparing . In this experiment, we observe that methods with a smaller learning rate have a smaller slope in the figure, which
leads to a slower convergence.
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(a) Step-size comparison on Regression. (b) Step-size comparison on AUC maximization.

Figure 4: Algorithm(PRECISION ) performance with different step-size.

B.3 Topology setting

(a) Topology sparsity p. = 0.3. (b) Topology sparsity p. = 0.6. (c) Topology sparsity p. = 0.9. (d) Topology sparsity p. = 0.5 with 20 nodes.

Figure 5: Topology.

We use a 5-node multi-agent system and experiment on three different topologies. The generated topology with different
sparsity are shown in Fig. 5. The datasize for each agent is n = 100 and we set the constant learning rate v = 0.1, = 0.1
and mini-batch size ¢ = [1/n]. We observe that the convergence metric 91 is insensitive to the network topology. The subplot
in Fig. 6(a) and Fig. 6(b) show that 97 slightly increase as p. decreases.
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B.4 Node setting

We test the following experiments on different multi-agent systems. The generated topology with a 20-node system
are shown in Figs. 5(d). The constant learning rate v = 0.1, n = 0.1 and mini-batch size ¢ = [/n]|. We compare our
proposed algorithm PRECISION/PRECISION™ with two baseline algorithms Prox-GT-SGDA and Prox-DSGDA in terms of
the convergence metric in (13). We observe similar results as shown in Section 4. Thus, we can conclude that our proposed
algorithms PRECISION/PRECISION™ enjoy low sample and communication complexities in general.

lel le-2
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(a) Topology sparsity comparison on (b) Topology sparsity comparison on (c) Algorithms Comparision with 20nodes.
Regression AUC maximization

Figure 6: Algorithms Comparision.

C Proof of Lemmas

Before diving in our theoretical analysis, we first define the following notations:

— mo_ [T TT :
* Xy = ;> i Xigand Xy = [Xq 4, , X, 4] for any vector x;

s ViIy = [vxF(Xl,taYI,t)T7 T 7vxF(xm,t7Ym,t)T]T;
° vat = [VyF(Xl,tayl,t)Ta e 7va(Xm,taym,t)T]T;
1

© E(x¢) = = >0 [Ixi.¢ — X¢ | for any vector x.

C.1 Proof of Lemma 3:

Our first step is to show the descent property of PRECISION algorithm on the function Q(-) as shown in Lemma 3.

Proof. Let J(x;) = maxy F'(x;,y). According to the algorithm update, we have:

_ _ (@ L _ Ly, _ _
J(&egr) = I (%) < (VI (&), K = %) + =5 [Ken = %
2
B 1 . _ V2L 1 - _
<(VJ(x¢),v szi,t_xt 2J 2Kt — X
ieM i
1 . _ V2L 1 . _
SV;ZWJ(xt),xi,t—xtH 2J*||Xt—1xt||
1 B _ - _ v2Ly 1 . _
S (VT (Re) = P = 7 (R i) i — Ke) + 5 & — 1%

%

vT | . _ _ _
=l = 1% = B (Reg1) + 1 (%2)
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v _ . _ VT _. _
< m Z (VJ (Xt) = Pty Xijt — Xe) + oy Z (Xit — X¢,Xip — Xt)

A 7

V2 Ly . . _ vT | _ _ -
g IR = 1% P = % = 1% e (Ren) + (). (40)
where (a) is because of Lipschitz continuous gradients of .J.
O
Q (Xe41) < Q(it)‘FlZ(VJ(it) — Pits Xit — Xt) +EZ<XH — X¢, Xt — X¢)
— m - s s m - ’ ? s
V2L - vT _
+ e — 1% = — [[% — 1%
m
- v - o = -
<Q(x)+ oy Z (VJ (%¢) = VF (X1, ¥,), Xt — Xt)
v _ - _ o~ _
+ m Z (Vi F (X4, y;) — P, Xit — Xt)
vT . _ V2L . . _ vT | . _
FIDYT i = i~ ) o % 15 S 15
< Q)+ LY IV (k) = VeF Gyl + 2 3 D s —
> t m i Qﬁ t x ty Yt m 1- 9 it t
1 o _ v B~ _
V3 IV (5ey0) = pul® + 2250 5 e =
1 2L
+ E* Z % — x> + Z g %50 — %] — (ZnT — yng) % — 1%¢]|?
_ v _ _
<Q(x F ZHYt Yt||2+% IV F (%2, :) — el
vT _ ﬁu vTf3 B _ vr V2L R _
Ry e T e e It e e e I R et
28m 2m m m
— 12 v R _ 2
<Q(x )+7F||Yt vill +%Z||VXF(XtaYt)_ptH
2
VT 9 vt v:L; vB vrB\ . . _
-1 - —- _— - -1 41
g e = 13l = (2 - SR 22 T i, @)
C.2 Proof of Lemma 4
Note that in the RHS of Lemma 3, there is an error term ||y} — ¥||%. Here, Lemma 4 states the contraction property of this

error term.

Proof. Recall thaty; = y*(X;) = arg max, F'(X¢,y). We have:
_ 1 ~
vitn|— D Vi—yi|-vi

ieM
_ _ 1 ~
= IIyt—YZ‘|2+2n<yt —¥i e 2 Vi
€M

%Zii—}_’t

ieM

2

— 2
I¥err —yill” =

— * 112 — *
<|ly: — ¥l +277<Yt_3’t7
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From the projection operation, we have

Yi(yii)=argming, cy|lys — (yie + adiy) H2

Due to the optimality condition for the constrained convex optimization, we have

Thus, we have

(Vi — (yiie +adis),y—yi) =20, VyelVicM.

<7di,t+a71 (yz*}’z,t)a)’*yﬁ 207Vy€y7ZEM

Moreover, we have

_ _ _ _ 12 _
F (%¢,y) — F (%X¢,51) — (VyF (X¢,5¢),y — ¥1t) < —5 ly — 3./

Rearranging the terms in the above inequality, we have

~ m ~ L o ~
F(x4,y) + 5 ly = ¥l <F (%¢,5¢) + (Vo F (%4, 5¢) .y — ¥2)

o 1 /. _ 1 - o - 1 -
SF(Xt7Yt)+a<Yt1YtaymZYi>+<va(xtayt)dt7ymZYi

ie M

- _ 1. _q2 Lo 2
+(VyF' (X4, 5¢) , ¥ — 1y¢) — % lye — Lyell” + B ye — 1yell” -

Since F'(x,y) is gradient Lipschitz and due to the condition in this lemma

we have

1

< =
a_2LF

1
<77
_LF

1 . _ 9 Lp . 9
- —1 < - —1
% ¥y Yt|| > 9 HYt YtH
< F(x4,5¢) — F (X6, 5¢) = (Vy F' (X4, ¥t) , ¥t — 1¥4) -

_ w _ - 1, _ .
F(Xt,Y)+§||y—ytH2 SF(Xtayt)+E<Yt_1yt7y_yt>

o - - 1. _
+(VyF (X¢,¥¢) —de,y — ¥i) + % Iy: — 137

Note that in the last inequality, we have

which thus leads to

1

1 2
5 — 1Y,y — — |y — 1y
a<}’t ye,y Yt>+2a l¥: — 1yl

1 o 1. B B 1 _
= — (Y —156,5 — Fi) + — Fe — 150,y — F1) + — |[F¢ — 17
« o 2

1 1 2
¥y — 1V — )= — vy — 1%
o <Yt Y&,y Yt> 2% HYt )’t|| )

_ n _ . 1, _ _
F(XtaY)+§||Y*ytH2SF(Xt,Yt)JFa@’t*l}’t,Y*YQ

_ - N 1. _
+ <VyF (Xe,¥t) *dt7Y*Yt> T 9% lly: — 1}’t||2~
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We let y = y{ and obtain
S * H * — 112 s < 1, - * —
F(Xt,}’t) + 9 ||Yt - Yt|| <F (Xt,Yt) + . <}’t =1y, y; *Yt>
_ = . - 1 . _
+ (VyF (X¢,5¢) —di, y; — i) — oy [ A (52)

which further yields

1% * = |2 1 S < 12
Bllyx — Ny =1
2Hyt Vi l||” + 2aHyt yill

< (g 130 yi ¥+ (T F (%0 y0) — duyi — 31). (53
F (%¢,y;) = F (X¢,¥+) is due to strong concavity and y; = argmaxycy, F' (X;,y) . In addition, for the last term of the
above inequality, we further bound it as follows
<VyF (Xe,¥¢) —de,yr — 5’t>
< 29 ) — )+ 5 Iyt -9l 4 19— 150l 54
Then, we have

20 (¥t — 134, ¥t — ¥yi)
200 — nap

2
5 ) (55)

157 — 1311 + HV F (%¢,¥:) — dy

nop 12
< 5 v: —yill” =
which gives the upper bound of the second term on the right-hand side of 42. Then, we have

21 — o — 21

2 o 2—nap
- 2

S * - * =~ = 47’]0{ = = I 2
1¥er1 —yill 5 IIve =i I - 157 — 1y:]1” + e |VyF (%e,5:) — e (56)

Thus, according to the condition of this lemma that ) < 1/8 and o < (4LF)71 < (4p)~* by the fact Lr > p > 0, we have

_ 2 —mop =20 _ 3

5 SR (57)

which eventually leads to
— * 77 /1‘ * I 2
1¥ir1 —yi ||2 < (1 - 7) ly: —v; ||2 ||Yt - 1YtH + ||V F(X¢,¥t) dtH . (58)

Denoting y* (x;) and y* (x¢+1) as y; and yj,, for abbreviation, we start the proof by decomposing the term

|¥e41 — ¥ia H2 as follows
19601 = yiall” = 9001 — i + 55 —yial
4
< (1 22y il + (14 ) i =il
un

_ . 4 _ _
@+Ziwwﬂ—wW+(H1W)meﬂ—&W' &9

Next, plugging the updating rule X;41 = X, + v (& }_, X; — X;) into the above inequality, we obtain

E th—Xt

2

_ ) unoy | _ N 4
17001 —yia || < (1 + T) 7041 — yil + (1 + o ) L2 (60)
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Furthermore, we have
_ %112
[¥e+1 —yill
) = 2
< (1= 1Y 192 = vilP = 150 = 13920° + 2 [ P () — (61)

According to the conditions 0 < o < (4LF)71 ,0<n<1/8anddueto Ly > p > 0, we have

1 1 1
al —< —, and na< —, (62)
which yield
2,2 2

W?Oé) ( 1“7@> pnapna o penTo puna
1+—)(l—"—)=1— —/ — <1-— 63
( + 4 2 2 + 4 4 - 4 63)

,una) 3n 3n dna ( ;moz) 477(1 242 < 7577a
1l+— ) =< -—=— — (14— 64
( + 4 4 — 4 + 4 i 16u (64)

4 129 L2y 171212
and (1+— ) L3v° < 129 Lyv < — (65)

uno 32 una 2una

We eventually obtain

3 - _
e = vial® < (1= 255) 19— wil = L 19 - 150
4

75 [0 _ _ 2 17L2V2 - _
I 777 |d: = VyF (%, 30)||” + 1%, — 1%4]%. (66)

which completes the proof. O
C.3  Proof of Lemma 5

Next, by combining the results from Lemmas 3-4, we have the descent result shown in Lemma 5.

Proof. From Lemmas 3-4, we have

_ _ 41/L N .
Qxey1) = QXe) + L [IFe41 — il = llyi — vill]
Bune:
4vL? e w2 3M o 757704 2
<G L5 ) Iy = yi P = S5 = 15l o G e = 9y F (x50
17L2V2 v
Yy Id -1 F * (12 v VXF = -\ _ = 2
2y % — 1% }_’_7“3% yill 55 Vi F(%¢,¥;) — Dl
vT vT I/QLJ vB vrp 2
T e A N T S |
+ g = 1l = (4 - 2 g ax)
4vL2 3n 7577a
—mmg[—ZHYt 1y + —— Hdt VyF (6,54
17L2 12 yL v
Y ~—1-2—F NP+ o IV F (%, ¥2) — bl
2 1%t~ 1% ] 190 = ¥i I+ 55 V< F (% ¥:) — il
2
VT 9 vr v°L; wvB vrB - 2
DT iy — 1z = (L -2 B2 _PTE ERT S
+ g = 1l = (4 2 1z (67)

Note that

|V F(X¢,¥t) — I_)tH2
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o 1 & 1 o
=||VxF(X¢,¥t) — ooy ;vxFi(Xi,hyi,t) + m ;vxFi(xi,t7Yi,t) — el
<2V F(%e,¥¢) — ZV F; Xltvylt)||2+2” ZV Fi(Xi,¥izt) = Pil®

i=1 ’Ll
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= Z IVxF(%t,51) = VaFi(xi0,yi0) I + 2”% Z VuFi(Xit,¥ii) = Pell”

=1 =1
202 N - ) 1 1
<7 Dl = xitll® + 190 — yiel ]+2|‘EzvxFi(Xi,t,yZ‘,t)_pt” : (68)
=1 =1
Similarly, we have:
97,2 m
IVy F(%4,5:) — de|* < JZ 1% = i |+ [15: = yiell*]
=1
1 & -
+2||%;vai(xi,t,yi,t) —dil*. (69)
Thus, we have
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vT vT V2L] 1/5 vTf3 5 vI? 9
-1 - J T %, — 1% _ F *
+ ol = 17 = (2= 20 s 1 - S (g - v
(@) 4y L2 3 75na 2L =
<mmg —ﬁl\yt— 1y.]* + g FZ 1% — a6l + |57¢ — yiel®) + —||VyF(Xt,yt)—dt||2]
17L2 12 212
y %, — 1% 2 “HF i 2 i = VxF =112
2umna % x| } Qﬂ ZHXt Xitl|" +[ye — v t||] || (x¢,y¢) — pell }
2
VT _ 9 vt  veLy Vﬁ vt - _ 9 l/F_ w2
—1 == _ 7 _ZF -1 _ZF _
+ g = 13l = (4 - - 28 1 - O g i)
2 3n 5112+ T5na 2 ~ 12
— 1 VyF(xy, d
5!“704 HYt yell” + 1641 || (Xt,y¢) — di]
170202
—1 — = ||VxF p:||°
%= 1% } + 5 = VP (xiy0) —
vT VQLJ vB vrp 9
g2 (T _vEy VB 2 _ 1%
+ g = 1l = (- T 28 g 1z
I/L2 4vI? 7Hna 202 e _ vI?% .
G+ G g ) SR =il + e = yidl?) = 5 e = wil, (70)

B m  Buna 16p m

where (a) due to [|-L 37 x; 0 — 2|2 < LY lxie — 2%

Telescoping the above inequality, we have the stated result.
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C.4 Proof of Lemma 6

Next, we prove the contraction of iterations in the following lemma, which is useful in analyzing the decentralized gradient
tracking algorithms.

Proof. First for the iterates x;, we have the following contraction:
[Mx; — 1%||* = [[M(x; — 1%4)||* < N2 ||x; — 1%4]|°. (71)

This is because x; — 1x; is orthogonal to 1, which is the eigenvector corresponding to the largest eigenvalue of M, and
A = max{|\z|, |\n|}- Hence,

||xt—1xt|| —HMxt 1+ v(Xem1 —x¢—1) — 1[Xee1 +v(— in—xt 1)
_ 1 -
< (T e)MNxeq — 1% ]2+ (1 + c—)l/Qth_l — x4 % (72)
1
For y;, we have
2 o 2 2 1
lye = 1y:ll” < (T + )M |lye—1 — 1y " + (1 + )77 1¥e-1 — Fe-1]* (73)

According to the update, we have

x: — % ])? = [IMx; 1 + v(Xe1 —x-1) — x4
=[(M — Dxe—1 + v(Zim1 — x-1)[? < 2(M = Dxp [ + 202 %i—1 — %01 |12
=2[(M — I)(x¢—1 — 1%—1)[|? + 207 |[%em1 — x40

<8 (-1 — 1% 1)||1* + 207 || %1 — x4

<8E(x¢-1) + 202X 1 — %412 (74)

and also
Iyt —ye1ll? < 8E(yi-1) + 20711 — yeal? (75)
O

Lemma 8 (Differential Bound on Estimator). Under Assumption 1, the following inequalities hold:

T T

Z]EHVt —via|? < Z3L%E||Xt—1 = x¢||* + 3LEEllys-1 — vl (76)
T

> Efu - w4 < Z3L2 Eljx;—1 — x¢||* + 3LEElly:—1 — y¢||*. (77)
t=1 =

Proof. For ||v; —v;_1||%, we have

Ellve — vi_1|? = E|lvi — VxFy + ViFy — ViFi1 + ViFyg — v |
<3E|[v; — Vi Fy||? + 3E||VyFy — Vi Fy_1||? + 3E(| Vo Fio1 — v |
<BLpE|xi—1 — x¢||* + 3LEE|yi—1 — yi* (78)

Thus, we have: 31 E|lv; — vi1|? < S0/, 3L2E|x;—1 — x/|> + 3LAE|y;—1 — y:||% and similarly, 31 E[u; —
w12 < iy BLEE[xi-1 — xil|2 + 3LFEllys-1 — ye]|?, O
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C.5 Proof of Lemma 7

Next, we bound the error of the gradient estimators as the follows:

Proof. From the algorithm update, we have:

i —VaFi || =|di— ] |Zsz”wmyn) Vafij(@ii-1,¥it-1)—VaFisl
N———’
ne ]ES

= dit-1—VeFii 1+| |ZV e fit( @it Vit)—Vafit( @i, Yie1)+VaFi1—VaFi|?
%,—/ Zt

Ait-1 JESin
B;
=[|Aie1 1 + I1Bie* + 2(Ai -1, Biy)- (79)
Note that E; [Bi,t] = 0, where the expectation is taken over the randomness in tth iteration. Thus
Eil|Aiel” = [|Aip—1[I” + Eel| Bicl|*. (80)
Also, with |S; ;| = ¢, we have
E¢|| Biel|” =E | | 7 Z Vafij( @it ¥it) = Valij(®it—1,¥it-1)—VeFii+VaFi 1|
Lt jes, .,
<| e Z]EtHszu(l'm,th) Valij(@it—1,Yit—1)—VaFii+ VaF i 1|?
JESit
2
S?f(HCBn — @i |+ lyie — yie—1l?)- (81)
Taking full expectation and telescoping (81) over ¢ from (n; — 1)q + 1 to ¢, where ¢ < n.q — 1, we have
2
|| A < E[lA;-1]* + #E(Ilwt — x|+ llye —yial?)
t 2
SIE”A(W—l)q”2 Z JE(”wr*mr—leJr Hyr*yr—lnz)- (82)
=(n;—1)g+1

Thus, we have:

t g—1 t
D EllA]? = z:]EIIAchI2 +oo4 D E4)?
k=0 k=0

k=(n:—1)q
qg—1 k 2
<q|lAoll* + ZZ (lzr — 2zl + llyr — yrall?)
=1r=1
IR
t k L2
+ (¢ = (1 = Da) [ A, -nal* + Y > e =@l + e = yr-al?)
k=(n;—1)g+1r=(n,—1)q+1
q—1q— IL?
<qlAol> + D> Ll — el + lyr — yral?)
r=1k=r q
4.

+ (t - (nt —1)q )HA (ne— l)q” + Z Z ||wr - iBT—lHQ + ||yr - yr—1||2)

r=(ny—1)g+1 k=r
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qg—1
<qllAoll* + Y L3 (llzr — &1l + lyr = yr—all?)
r=1

t
+(t= (e = D) [Aw—val*+ D Ll — @ |® + llyr = yral?)

r=(n{—1)q+1
t t
= A —nal® + Y L (e — 21> + llyr — yoall®)- (83)
r=0 r=1
Thus, we have:
T T B T
D olde=Va PP <> Elld(n,1)q— Vo P 1% > L (l@e =@ |+ lye—yea ) (84)
=0 =0 =1
Similarly, we have:
ZHPt—V Ft||2<ZEHP (ne1)g~ VyFln1)q) ||+Z:L2 & =@ >+ lye—yeal?). (85)
=1
This completes the proof. O

D Proof for Theorem 1 and Theorem 2

With Lemmas 1-8 and the defined potential function, we have:

4 L
Q(Xr11) — Q(Ro) + ”ﬁ 9741 = 51l = llys — olI?]

75na 2 - VLF
< mva Plxi,yi) - dt||2+ff2||v Flxye) = bl - Znyt yill?
Ry
4L Tona 2L2 &
-1 F —x; 2 i — Vi 2
x¢” "‘[ ﬁ/ma 165 m ;; 1% = xie|I” + 1¥¢ — ¥iell”]
17L2 v i our 2L vp m'ﬂ 41/L 3
y J 77 — 112
— | - _————— = -1 1 86
( e R Zuxf % - I3 — 141, (36
With the defined potential function p, we have
Thna 2 - _ vLy 2
Epri1 —po < 7*ZHV F(xy,y:) — do? +——Z||V F(x4,y:) — pel|” — ZH}’t il
Ry
ny 4I/L?c 7577a 2L2 T m
-1 T Vi — Vil
R T ;wat 19— yial)
=1
17L21/2 vt V2L v m'ﬁ
y J
— | - _———— = -1 87
( - BC)) WSS 20 o AT

For the term R;, we have

Toma 2

2
160 m ZEHV Fy—d| +——Z]E||V Fy —pi?
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T

y :
26 m t=0 t=1

9 T
=Li (g0t 55) DBl — el + lye =y )

(88)

T
7hna 2 - 5
—_— E 1y — F, _ — = E|[P(n VyFin
+ 16“ m; ||d(nt 1)gq vac (e 1)¢1|| +2ﬁ Z Hp +—1)g — (ny—1)q

Plugging the above results, we have

vT T

> e - 1z,
28m yars
T m

L2 4vI? 75pa 2L3
v na sy ~ 2
_hh-n R N f o
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=0

4I/L2 317 1 T _ _ 2
~ L2 (1 D 1541 — 3l
€2 =0

T
2
+ L (e o) DBl — @ P+ llye — yiea )
t=1
T v 2 T
+ m ;E”d(nt—l)q - Vﬂ’:F(nt—l)q”2 + %E ;E“p(nt—l)q - va(n,,—l)qH2

T
vL 2 B 9
== llye -yl
=0

T5na 2 v 2 vT v L2 4vL? 7500 2L2
no ) ( ))\2 f fona =y ZZ ||wt_mzt||

1—8L2 =
—[1-8 (16 m+26m Bm  Bun? 16p m

T
T5na 2 v 2 1 17L20v%  wr VPL;  vB vrp N 2
— | —2212 D S I S A e? A A Nk &, — 1F
(-t 22y s >l ~ 12

T m
757]0( 2 v 2 1% L? 41/Lfc 7577a QL?
1- L2 Y- A2 2 y

C3

AvLj 3n 1 T5na 2 v 2
—[BWZ;Z—(Nr —)n* = 2na L2(16 m T om ZHYt vl (89)

Cy

For PRECISION , the outer loop calculates the full gradients. Thus, we have E||d(,,, 1)y = V& F(n,—1)¢l|* = E[|P(n,—1)q —
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VyFn-1qll* = 0.

. )2
Choosing ¢; = ¢co = ﬁ, we have

2 2 2
c =1 _8L2(7577a 2 v 2 2y vT (et - Kﬁ B vy 757704&]
16 m 28m 26m Bm  Puna 16p m
Tona 2 v 2 VT v L3 4L 750 2L3
> [1-83 (e 2 Z 2y L T (1) - 2L L DT
16p m  26m 28m B m  Buna 16p m
c1 Cc1 C1 C1 C1
> — =221 )
=475 "5 5 5 5
2 2 1 1703 0° 2L
Cy=(—22pz(Pm2 v 2y g 1y 1T vr _viL; vB_viB
16p m  26m c1 2umna - m 2m m 2m
w_oym oy v My
- 6m 6m 6m m 6m 12m 6m
T5na 2. 2 L% 4vL? 75pq 2L
Oy =[1-8L (2 4 2y (14— 2L LD
160 m ' 28m g m  Buna 16p m
T5na 2 2 L% 4vL? 75pa 2L3
> osp (P2 L2y gy v A T 2Ly
160 m  28m Bm  Buna 16p m
C2 C2 C2 C2  C2
>0 — — — - - - = —_— =
e T

4vL} 3 1 Bna 2 v 2 wL? 3y 4vL%3y 4vL? 3
04 f 77 (1_’_7)772_2 L2( n Z 4 7)]7 fﬂ_ fﬂ_ fﬂ—
Buna 4 Ca 16p m ~ 26m Buna 4 PBuna 8  Buna 8
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1512 2
7 < min{ clmu2 ; L Jam
375aLs Buae;” 10(1 + ¢1)pa
2
v < mln{ 01m257 201m5; 2015’“ 4mv o ’ u ) 3:“’770;7—’ u 1.2 }
40L% " 57 375L% " 3mey 6m(l+1/c1)’ 17L% 3(Ls + 7,«)
<
§ < min{L, ),
we have the stated result for PRECISION :
T
- _ _ . = Elpg —
S (Bl — 121 + flo — 124[) + Elly; - 5?) < —00 —Pred
t=0

For PRECISION™, we have that

~ min{Cy, Ca,vL%/2}

-~ _ Iinv,<m
Elldin,~1)g = VaFn-1ll* = BlIPm,-1)g = Vy Fin,-1)all” = %"2
Recall that N5 = min{c, 0> (y*))=1 c.o%e=t, M}. Then we have
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(k) (k)
:max{’y 5 62 Sfy 5 62.
cy02’ ceo 02 co
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Thus, we have
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Choosing ¢; = ¢y = M, we have
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Thus, for PRECISION™, we have the following convergence results:
1 T
~ _ 2 - 12 * =
T 2 (Blle = 1@ + e — 12 + Ely; — 5.
t=0
Elpo — pr1] ona 2 v 2. €
— 4+ —=—)—. 105
ST Dmin(Cr, 4% T Top m T 25m)e, (105)

With ppy1 > Q*, we reach the conclusion.
E Supporting lemmas

Lemma 9. Under Assumption 1, y*(x) = arg max, F(x,y) is Lipschitz continuous, i.e., there exists a positive constant L,,
such that

ly* (@) — y* (@) < Lyllz — 2|, ¥z,2’ € R, (106)
where the Lipschitz constant is Ly = Ly / .

Proof. See Lemma 4.3 in Lin et al. [2020a]. O

Lemma 10. Under Assumption 1, the function J(x) = F(x,y*(x)) satisfies that V J(x) = V4 F(x,y*(x)).
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Proof. Since J(x) = F(x,y*(x)), by chain rule, we have

dJ(x) = OF(x,y) dx + OF(x, y) 0w (z)

oxr  ly=y* (=) 0y  ly=y*(x) Oz

- de, (107)

where 0F (x,vy)/0x and OF (x,y)/0y are respectively the partial differential of F' w.r.t the first variate & and the sec-
ond variate y. Note that y*(x) is the unique optimal point such that F'(x, y) reaches the maximums. So, it follows that
%Z’y) ly=y* (@) = 0 for all 2. Also, from Lemma 9, we have dw* () /0 is bounded. Thus, it follows that
_ 9F(z,y)

oz y=y*(z)

dJ(x) dz, (108)

which is VJ(z) = Vo F(x, y*(x)).
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