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Abstract

This paper addresses the distributed stochastic min-
imax optimization problem subject to stochas-
tic constraints. We propose a novel first-order
Softmax-Weighted Switching Gradient method tai-
lored for federated learning. Under full client
participation, our algorithm achieves the standard
O(e™*) oracle complexity to satisfy a unified
bound e for both the optimality gap and feasibil-
ity tolerance. We extend our theoretical analysis to
the practical partial participation regime by quan-
tifying client sampling noise through a stochastic
superiority assumption. Furthermore, by relaxing
standard boundedness assumptions on the objec-
tive functions, we establish a strictly tighter lower
bound for the softmax hyperparameter. We pro-
vide a unified error decomposition and establish a
sharp O(log %) high-probability convergence guar-
antee. Ultimately, our framework demonstrates
that a single-loop primal-only switching mecha-
nism provides a stable alternative for optimizing
worst-case client performance, effectively bypass-
ing the hyperparameter sensitivity and convergence
oscillations often encountered in traditional primal-
dual or penalty-based approaches. We verify the
efficacy of our algorithm via experiment on the
Neyman-Pearson (NP) classification and fair clas-
sification tasks.

1 Introduction

Federated Learning (FL) aims to solve distributed optimiza-
tion problems of the form

min > pifi(w), ¢))
=1
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where © C R% is a compact convex set, n is the number
of clients, f;(w) := E¢up,[fi(w,()] denotes the local ex-
pected loss at client ¢ and p; denote the probability weight
of the client [McMahan et al., 2017, Kairouz and McMahan,
2021]. Under statistical heterogeneity, where local distribu-
tions {D; }_, are non-identical, this empirical risk minimiza-
tion (ERM) objective inherently prioritizes average perfor-
mance across clients [Li et al., 2020a, Mohri et al., 2019].
As a result, the learned model is biased toward dominant
client distributions and may exhibit severely degraded per-
formance on underrepresented or hard clients [Mohri et al.,
2019, Hashimoto et al., 2018, Li et al., 2019].

To guarantee uniformly good performance across all de-
vices, a powerful alternative is to frame the training pro-
cess as a distributionally robust (or agnostic) optimization
problem [Mohri et al., 2019, Deng et al., 2020, Duchi and
Namkoong, 2021]. Instead of minimizing the average loss,
the algorithm minimizes the maximum expected loss over a
global set of adversarial weights

min max Z/\ifi(w), 2)

where A := {A € R} : Y7 | \; = 1} represents the prob-
ability weight assigned to each local client 7. Intuitively,
the inner maximization concentrates probability mass on the
worst-performing clients. This recovers the equivalent mini-
max formulation with Z := {1,2,...,n}

min max fi(w), (3)

which directly enforces robustness to client heterogeneity.

Existing minimax formulations in federated settings typi-
cally optimize this worst-case loss in isolation. However,
in many practical deployments, models must simultaneously
satisfy strict client-wise operational requirements, such as
fairness mandates, safety limits, resource budgets, or regula-
tory thresholds [Islamov et al., 2025b, Upadhyay et al., 2026].
Tracking n distinct stochastic constraints, i.e., g;(w) =
Ecop,lgi(w, ()] <0, Vi € Z, which encode client-specific



operational constraints, is prohibitively expensive in feder-
ated environments, as it requires maintaining and synchro-
nizing n distinct dual variables across a network with inter-
mittent client availability. To circumvent this communication
and memory bottleneck, these considerations naturally lead to
a constrained worst-case formulation over the discrete maxi-
mum,

minmax fi(w) st maxgi(w) <0, 4)
This stochastic minimax problem with stochastic constraints
captures a strictly more challenging setting than the standard
agnostic setting, as it requires controlling both worst-case
performance and constraint violation across heterogeneous
distributions without explicitly relying on separate dual vari-
ables. Solving (4) in FL environments raises several nontriv-
ial theoretical and algorithmic challenges, including:

Non-smooth worst-case objective. The client-wise maxi-
mum max;c7 f;(w) and max;c7z g;(w) induces an inherently
non-smooth objective and constraint landscape. In particular,
when multiple clients attain similar worst-case losses or con-
straint violations, the subdifferential becomes highly sensi-
tive to stochastic perturbations. Under noisy local estimates,
the identity of the worst client may fluctuate across rounds,
causing standard gradient-based methods to exhibit oscilla-
tory behavior around the feasibility boundary.

Coupling of constraints with minimax optimization.
While unconstrained agnostic FL. [Mohri et al., 2019] can
relax the discrete client maximum into a smooth probabil-
ity simplex (as in (2)) to employ standard stochastic saddle-
point algorithms like SGDA, incorporating non-smooth con-
straints shatters this convenience. Standard constrained op-
timization relies on primal-dual or penalty-based approaches
(e.g., ADMM), which require maintaining, tuning, and com-
municating dual variables. In federated networks, primal-
dual methods suffer from severe “dual drift” and instability
under stochastic gradients and partial client participation, as
inactive clients cause their corresponding dual variables to
become stale [Wang et al., 2022, Sun et al., 2024]. More-
over, many existing constrained methods rely on determinis-
tic gradients, bounded losses, or inner optimization subrou-
tines, which are highly restrictive in large-scale stochastic
federated settings.

Consequently, naive saddle-point reformulations yield degen-
erate adversarial dynamics, unstable dual updates, and com-
munication overhead. This necessitates a new algorithmic
approach to constrained federated and distributed minimax
optimization that avoids the pitfalls of dual-variable synchro-
nization while guaranteeing strict worst-case constraint satis-
faction.

To address these issues, we propose a stochastic Softmax-
Weighted Switching Gradient method for distributed and

federated stochastic minimax problem with stochastic con-
straints. The key idea is to replace the non-smooth hard maxi-
mum with a smooth, temperature-controlled Softmax approx-
imation that generates smooth adversarial weights over par-
ticipating clients,

pr = softmax(af(wy)), ®)

where f(wy) = (fi(Wk),..., fu(wg)) and @ > 0 con-
trols the approximation tightness, similarly for g(wy) =
(91 (W), ..., gn(Wk)). This formulation stabilizes the gra-
dient landscape while preserving sensitivity to worst-case
clients. Crucially, we couple this smooth minimax approxi-
mation with a first-order switching mechanism [Polyak, 1967,
Upadhyay et al., 2025]: when the estimated global constraint
violation is within a prescribed tolerance, the algorithm prior-
itizes worst-case objective minimization; otherwise, it adap-
tively redirects updates toward reducing constraint violations.
This design eliminates the need for explicit dual variables, in-
ner optimization loops, or deterministic gradient access, mak-
ing the method fully compatible with stochastic first-order or-
acles, multiple local updates, and partial client participation.

From a theoretical perspective, our framework departs from
existing robust and meta-learning approaches in several im-
portant ways. Unlike downstream adaptation and constrained
meta-learning methods that rely on centralized optimization
or restrictive boundedness assumptions on the (loss) func-
tions [Wang et al., 2023], we analyze a fully stochastic fed-
erated setting with heterogeneous client distributions and
stochastic constraint evaluations. Furthermore, our method
operates as a single-loop first-order algorithm without requir-
ing the solution of auxiliary optimization problems at each
round, in sharp contrast to many primal-dual or ERM-oracle-
based minimax methods. These distinctions make our ap-
proach particularly suitable for large-scale, communication-
constrained federated systems where robustness, feasibility,
and scalability must be addressed simultaneously.

1.1 Contributions

In this paper, we present the Softmax-Weighted Switching
Gradient method to solve distributed stochastic optimiza-
tion problems with stochastic constraints (formally defined
in Eq. (1), Section 2). Our core contributions are summarized
as follows:

* Novel Constrained Minimax Framework: We propose
a single-loop, first-order algorithm that solves stochastic
constrained minimax problems in FL without explicit dual
variables (Section 3), achieving the canonical O(e~*) ora-
cle complexity for stochastic constrained setting [Lan and
Zhou, 2020b]. This fundamentally bypasses the “dual drift”
and instability issues prevalent in heterogeneous federated
networks.

* Relaxation of Boundedness Assumptions: Building upon
foundational softmax-based minimax approaches for de-
terministic, centralized, and unconstrained settings [Wang



et al., 2023], our theoretical analysis successfully relaxes
the requirement for strictly bounded objective functions.
This advancement allows us to establish a tighter, more
generalized lower bound for the softmax hyperparameter
a (Section 4), yielding improved theoretical guarantees
that apply broadly, including in purely centralized environ-
ments.

 Unified Error Decomposition for General FL Settings:
We establish rigorous high-probability convergence guar-
antees under practical federated constraints, explicitly ac-
commodating multiple local updates and partial client par-
ticipation. Our analysis cleanly decouples the optimality
gap and feasibility tolerance into three distinct sources: op-
timization error, stochastic estimation error, and client sam-
pling error (Section 4).

* Empirical Validation: Finally, we evaluate the robustness
of our approach through diverse empirical trials, including
the NP classification and fair classification tasks. By bench-
marking against traditional primal-dual and penalty-based
methods, we offer important practical observations regard-
ing the reliability of primal-only switching methods in the
face of client heterogeneity (Section 5).

2 Problem Setup

In this section, we formally state the setup of a distributed
stochastic minimax optimization problem with stochastic
constraints, and introduce notations for theoretical analysis.

Problem Formulation. Consider a set of n clients indexed
byi € T = {1,2,...,n}, where each client is associated
with a local data distribution D; on the sample space Z.
We define two vector-valued functions, f : © x Z2 — R"”
and g : © x Z2 — R”. Specifically, for each client 4,
let fz(WVC) = [f(W,C)]Z and gi(W7<) = [g(WaC)}l de-
note the local objective and constraint values for a sample
¢ ~ D;. The corresponding local expectations are given by
filw) = E¢up,[fi(w, Q)] and g;(w) = Ec¢op,[g:(w, ()]
The expectation-constrained minimax optimization problem
is then formulated as:

i FOv) = g el Ol = Sl g itw)

st G(w) = maxlg(w)) = maxg(w) <0

In the above problem, we minimize the maximum of the
objective functions F(w) := max;cz f;(w) while all the
constraints are less than or equal to 0, akin to G(w) :=
max;ez g;(w) < 0. We assume the optimal solution w* ex-
ists and the optimal value is F'(w*) with G(w*) < 0.

te in F L.
W’ € arg min (w) s

G(w) <0 (%)
Notations. For the brevity of notations, the Jacobian ma-
trices of the expectation functions f(w), g(w) can be writ-
ten as VE(wW) = (V/1(w), Vs(W),-- .,V fu(w))T and

Veg(w) = (Vg1(w), Vga(w),...,Vgn(w))T respectively,
where V f;(w) € 0f;(w) and Vg;(w) € dg;(w) are subgra-
dients of f;(w) and g;(w) under Assumption 4.1 on convex-
ity of f;(w) and g;(w).

To evaluate the function values of the objective and con-
straint functions f(w), g(w), we take batches of data sam-
ples £ = (di), . ,g}_;Z) Sy D;, drawn from the distribu-
tion D; to approximate the expectations [f(w)]; = f;(w) =
ECND«; [fz(WaC)] and [g(w)]l = gl(w) = ECND«L [gZ(W7C)]
for i € 7 using the batches of data samples &%) as follows:

B¢
. 1 .
filw €)= 5D filw. &),
s=1
. (©6)
i 1\ (i)

We write § = (£@)icz and £(w,&) = (fi(w,€"))iez,
g(w, &) = (g;(w,€®));ez to represent the batches of data
samples and the corresponding approximated function values
of the objective and constraint functions respectively. Simi-
larly, we can evaluate the gradients of the objective and con-
straint functions f(w), g(w) using batches of data samples

D =W ng) "X D; drawn from the distribution D;
as follows:

B
) 1 & )
Vhilw, (V)= 5 3 Vilw, (),
9 o
— (7)
; 1 & ,
Vi (w, ) 1= 5= 3 Vgilw, (1Y),
9 s=1

Correspondingly, we write ¢ = (¢));c7 and VE(w,¢) =
(VIi(w,¢D))icz, Va(w,¢) = (Vgi(w,¢?))iez to rep-
resent the batches of data samples used to evaluate the gra-
dients, and the approximated gradients of the objective and
constraint functions.

Regarding the minimization problem of the maximum func-
tion value F(w) := max;ez fi(w) under the constraint
G(w) = max;ez g;(w) < 0. We can approximate the
maximum function value F'(w) and the constraint G(w)
using the batches of data samples & such that F'(w, &) =
max;er f;(w,€?) and G(w, &) = max;er gs(w, €D).

3 Algorithm

In this section, we propose a Softmax-Weighted Switching
Gradient method for solving the constrained minimax opti-
mization problem in (f) (Algorithm 1).

Basic Switching Strategy. The switching strategy imple-
ments a simple mechanism [Polyak, 1967, Nesterov et al.,
2018] based on the maximum constraint violation at the k-th
iteration of global round over all clients ¢ € Z,

Glwi &) = maxgi(wi €1"). ®



Algorithm 1 (Softmax-Weighted Switching Gradient)
Federated Learning with Partial Participation (m < n)
(Local Update Steps £ > 1)

1: Input: Initial parameters wg, global/local step size
(n,7), tolerance e, softmax hyperparameter «, size of
subsets m(< n)

2: S« 0 //Initialize set of constraint-satisfied iterations

3: for global round k € [K| do

/I Sample subsets with cardinality m from Z uniformly
and independently
HNCn(Z)={ACT]||A| =m}
Ty ~ Umf(C (Z))
5:  broadcast w, to clients 7;,
for each client ¢ € 7, in parallel do
/l Samples for Funglion Value Evaluation

no &)= (6005 D

8: [f(wg, &)]i < fi(wg, Sk ) /I See Equation (6)

9: [g(wg, &k)]i < gi(Wg, ,(cl)) /I See Equation (6)

10:  end for

11:  collect [f(wy, &x):, [g(Wk, €k)]; from client i € T,

12:  pg < softmaxz, (af (wy, €;))  // Softmax weights

13:  qp < softmaxz, (ag(wg, fk)) // See Equation (10)

14: ifGr(wy, & Ty) = (ak, (W, £] ) < 6/2 then

15: S+ SuU{k} /I Add iteration to set

16:  end if

17 broadeast 1, = 1, (w, ¢,:7,)< 5 to clients 7y,

18:  for each client ¢ € 7}, in parallel do

/I Function 1 to compute the update direction

19: u,(;) + LocalSolver(wy, 1g, ;i)

20:  end for

21:  collect uff) from each client i € Z;

2 e Yier, (elpeli + (1= i) [ax]iuy

23: Wiyl & WE — NUg /' Update parameters
24: end for

25: Wi ﬁ Ekeswk

26: Output: Optimized parameters W i

/I Averaged solution

When constraints are satisfied such that G(wy, &) < € at
iteration k, the algorithm focuses on minimizing the objec-
tive function using approximated gradients Vf(wy, i) com-
puted over the data batches (. Otherwise, it prioritizes fea-
sibility by updating the constraint gradients Vg (wy, k).

In a federated setting, evaluating these updates requires local
client participation. We denote [K] := {0,1,...,K — 1} as
the index set for global rounds, and [E] := {0,1,...,E — 1}
for local update iterations. For each global round k& €
[K], clients ¢ € Z compute either the objective gradient
Vfi(wk,(',(jl) or the constraint gradient Vgl-(wk,c,(jl) in
parallel over F local steps using their respective batches.

Softmax-Weighted Constraint Evaluation. Building upon

the basic strategy, we introduce a softmax-weighted con-
straint evaluation. Rather than strictly tracking the single

Function 1 Local Solver to compute local update direction

1: function LocalSolver(wyg, 1y, v;1)
2: w,(;% — Wi // Initialize local parameters
3: for local update step 7 € [E] do

/I Samples for Local Gradient Evaluation

4 C](glﬂ— = ([Ck -,—] )Bg nd D,

// Local Gradient Evaluation
5. if1; =1 then '
6: V](C)T +— sz(wk )T, IEZ)T) // See Equation (7)
7. else } 4
8: v,(j)T +— Vg; (w,(CZ)T, C,(:)T) // See Equation (7)
9:  end if _
10: w,i )T—s-l — w,(f)T vv,(;)T // Update local parameters
11: end for

() _
12: return —0 &2
yE

13: end function

// Local update direction u;‘,')

worst-case client, this approach evaluates constraints through
a softmax-weighted combination of clients. This provides
an approximation of the maximum function, which stabi-
lizes the constraint evaluation against noisy local estimates
and smoothly distributes the weights across near-worst-case
clients. This evaluation is formulated as follows,

Gr(wy, &) = g(Wi, k)
Sz explagi(wi, €)gi(wi, €)
ez explags (wi, £))

Instead of checking the hard constraint violation G(wy) <
€, we check if Gi(wy,&r) < § is satisfied at iteration £.
This tightened tolerance accounts for the approximation gap
between the softmax mean and the true maximum. Instead
of relying on the gradient of a single worst-case V f;- (w) or
Vg« (w), we assign smooth weights to each client i using
softmax based on their approximated function values py =
softmax(af (wy, &), qr = softmax(ag(wg, &x)).

(softmax(ag(w, &k)),

Full Participation. We consider the full participation sce-
nario where all clients participate in the optimization process.
In this setting, the algorithm operates through a sequence of
broadcasting, local updating, and global aggregation at each
global round k € [K].

First, the server broadcasts the global parameters wy, to all
clients ¢+ € Z. The system evaluates the constraint violation
G (wy, &) to determine the global switching indicator 1, =
Lay (we.en)<s-

Next, clients perform E local update iterations in parallel by
initializing their local model as W,(C)0 = wy. If the con-
straint is satisfied (1 = 1), clients update their parame-
ters using the objective gradient V fl(w,(:’)T, ,(6)7) Otherwise
(1 = 0), they use the constraint gradient Vgi(w,(j,)T, ,(;)T)
Using a local step size 7, this process repeats for 7 € [E],
after which each client computes its normalized local updates

@ = (w,(C )0 W,(C )E) /(~vE) and returns it to the server.



Finally, the server aggregates these local updates to perform
the global update. It computes the softmax weights py or qx
based on the approximated function values, and updates the
global parameters with a global step size 7,

Wil = Wk — TIZ(]lk[pk]i + [ = T farlu)”. ©)
ieT

Partial Participation. In practical federated learning deploy-
ments, only a subset of clients participate in the optimization
process during each global round. We denote the selected set
of participating clients at iteration k£ as Z;, C Z, with a fixed
cardinality |Z| = m < n. We assume these subsets are sam-
pled uniformly and independently, such that (Zy)kez., ey
Unif(Cn(Z)), where C,,,(Z) = {AC T | |A| =m}.

To accommodate partial participation, we must restrict the
softmax probability mass strictly to the participating clients.
We achieve this by introducing a masked softmax operator
associated with the subset Zj,. Letting 17, denote the indica-
tor vector of Zj, (where [17, ]; = 1if i € Z; and 0 otherwise),
the masked softmax is defined as

17, ©®exp(v
softmaxz, (v) := ;ixrﬂ
Ty exp(v)

(10)
Because only clients in Z;, participate at round k, the server
only collects function values and gradients from this active
subset. For concise notation, we denote the localized func-
tion evaluations as f(wy,&x)z, = [fi(wk,ﬁl(:))]iezk and
g(wi, €k)z, = [9i(wy, éél))]iezk. Furthermore, the maxi-
mum function values over the participating subset are

F(w;Ii) = max[f(w)]; = max fi(w), .
G(w;1y) = ; = (w).
(w; i) := max[g(w)]; = maxg;(w)
Instead of evaluating the global constraint criteria over all
clients, we rely on the participating clients to determine feasi-
bility. We evaluate the subset constraint G (W, &x; Zx) < 5
and encode this strategy in the switching indicator 1; =
LGy (wi x:7)<5- This subset constraint is computed using
the masked softmax function:

Gi(Wk, &x; Iy) := (softmaxz, (ag(wyi, &k)), 8(Wk, &)
_ D i, exp(agi(wi, €))gs (Wi, )
Siver, explagy (wi, €))

(12)
Similarly, the server computes the client update weights
over the selected subset using the masked softmax, de-
fined as pr = softmaxz, (af(wy,&;)) and qr =
softmaxz, (ag(wg, €)). By restricting the evaluation to Zy,
the generalization of the global objective and constraint is fea-
sible only if the clients share certain structural proximity. As
we establish in Section 4, this approximation remains theo-
retically sound under some regularity assumption, provided

the participating subset adequately captures the information
fo the worst-case client.

4 Theoretical Analysis

In this section, we analyze our proposed Algorithm 1 and pro-
vide a comprehensive theoretical analysis. We detail the com-
putational complexity and provide guidance for the selection
of the softmax hyperparameter o.

First, we begin with the analysis of a simplified version of
the proposed algorithm under full participation (m = n) and
a single local update per global round (E = 1) (see Algo-
rithm 2 in Appendix A). Our analysis then proceeds to the
more general full participation case (m = n) with multiple
local updates (E' > 1) per global round (see Algorithm 3 in
Appendix A). Finally, we analyze the general scenario of Al-
gorithm 1 with partial participation (m < n) and multiple
local updates (E > 1). Before presenting our analysis, we
formally state our assumptions.

Assumption 4.1 (Convexity of functions). f;(w) and
gi(w) are convex with respect to w forall s € Z, w € ©.

Assumption 4.2 (Lipschitz Continuity). All components
of f and g are L-Lipschitz continuous, i.e., there exist con-
stants L > 0 such that

|fi(w1) — fi(wa)| < Lllwy — wa|,
lgi(w1) — gi(w2)| < Lf|wyi — wall,

for all wy,wy € © and i € 7.

Assumption 4.3 (Diameter of the parameter space). The
diameter of the parameter space © is bounded by D, i.e.,
|[w1 — ws|| < D for all wy,ws € ©.

In the following assumptions, we state the sub-guassianity
of noise for the approximation of function values and the
stochastic gradients, and thereby establish high probablity
ganrantees with these assumptions.

Assumption 4.4 (Sub-Gaussianity of Stochastic Es-
timates). All components of the stochastic estimates
f(w, (), g(w, () are sub-Gaussian with variance proxy (Tg

such that Ecop, [fi(w, ()] = fi(w),Ecop,[gi(w, ()] =
gi(w) and

E¢p, [exp([fi(w, () — fi(w)]*/o?)] < 2,
E¢p, [exp((gi(w, ) — g:(w)]*/0?)] < 2,

foralli € Z and w € O.



Assumption 4.5 (Sub-Gaussianity of Stochastic Gradi-
ents). The stochastic gradients are sub-Gaussian with
variance proxy o2 such that Ec.p,[Vfi(w,()] =
Vfi(w), Ecop, [Vgi(w, ()] = Vgi(w) and

Ec~o, [exp(|Vfi(w, () = V fi(w)|*/3)] <2
E¢p, [exp([|Vgi(w, () — Vgi(w)|*/o7)] <

for all i € Z and w € O, where Vf;(w) € 9f;(w),
Vgi(w) € 0g;(w) are subgradients of f;(w), g;(w).

Full participation and single local update. We begin by
analyzing a simplified case with full participation (m = n)
and a single local update (/ = 1). Here, the "effective vari-

"g2 . o2/By

ance" oy := —f5-,

representing the relative gradient estima-

tion error, simplifies to ~ / .

Main theorem 4.6 (Convergence Guarantee of Al-
gorithm 2 (special case of  Algorithm 1 with
m = n,FE = 1)). Consider the optimization func-
tion F' and the constraint function G as defined in
Eq. (1), and the optimal solution w* defined in Eq. (x).
Suppose Assumptions 4.1 to 4.5 hold. Consider run-
ning Algorithm 2, with step size n = v = ﬁ,

€ + 400/%5"/5) and € =
2\%’ [1+ 2<3+81n5>+5g\/8ln% and softmax

hyperparameter « satisfying o > 216/ , Where 62 :=

g
B, . A .
UgL/Q . Then, Algorithm 2 finds a solution Wy with

probability at least 1 — 0 for some 6 € (0, 1) such that:

tolerance ¢ =

F(Wg) - F(w*) <e, G(Wx)<e

Remark. The unified tolerance e comprises two primary er-
_2

ror sources: the optimization error O( 1\—;%) and the estima-

tion error O(—2=).
()

require iteration complexity K = O(e~?) and sample batch

size B¢ = O(e~2). Notably, our high-probability analysis es-

tablishes a K = O(e 2 log %) dependency, improving upon

the O(e~2 log? 1) rate in Lan and Zhou [2020b].

Remark. Unlike Wang et al. [2023], which considers a cen-

tralized, deterministic, and unconstrained problem and re-
quire the boundedness assumption 0 < f;(w) < B to estab-

To achieve an e-accurate solution, we

lish « 2 %, our analysis eliminates this requirement
and provides a tighter lower bound o 2> 1’;—,” that depends
only on optimization error ¢’, number of clients n.

Full participation and multiple local updates. We then
generalize our analysis to multiple local updates (£ > 1).

Main theorem 4.7 (Convergence Guarantee of Al-
gorithm 3 (special case of Algorithm 1 with
m = n,E > 1)). Consider the optimization func-
tion F and the constraint function G as defined

in Eq. (1), and the optimal solution w* defined
in Eq. (x). Suppose Assumptions 4.1 to 4.5 hold.
Consider running Algorithm 3 with m = n, global
: _ _D . _ D
step size n = e local step size v = N e

€ + 4do¢ W and €

w@fﬁ+2 23+ 25) 45, /8In ¢ G+J—ﬂ

and softmax hyperparameter « satisfying o > 21

6/’

tolerance ¢ =

where (72 = Lé Eg . Then, Algorithm 3 finds a solution
W i with probability at least 1 — ¢ for some 6 € (0,1)

such that:

F(WK) = G(WK) <e€

Remark. In the more general scenario where the number
of local updates F is greater than 1, we can still achieve
an optimization error of ¢ = W(l + &2) provided that

FE < +/K. In particular, when the number of global iter-
ations is K = O(e~2), we select the number of local up-
dates to be E = O(e~1). To ensure that our optimization
error maintains the classical O(DL /V'K) convergence rate,

the “effective variance” a / >~ must be relatively small
(02 < 1). This requlrement 1mpl1es that the total stochastic
gradlent complexity per global round, B, - E, must be larger
than the inverse square of the Signal—to-Noise Ratio (SNR),
namely B, - E > (L/o,) >

Partial participation and multiple local update. The goal
of parameter updates under partial participation is to gen-
eralize to unseen clients using information from a sampled
subset. This generalization is feasible only if the clients
share certain structural proximity. To formalize this, we as-
sume the function values from clients are concentrated near
their maximum. To quantify this concentration and establish
high-probability guarantees, we introduce a key concept from
probability theory.

Definition 4.8 (Stochastic Superiority via First-Order
Stochastic Dominance (FSD), see Shaked and Shanthiku-
mar [2007]). Let X and Y be two random variables. We
say X is stochastically superior to 'Y in the sense of First-
Order Stochastic Dominance (FSD), denoted by X =, Y
orY < X, if:

P(X >t)>P(Y >t) forallteR.

Remark. Consider a discrete random variable X taking val-
ues from the set x = (1, . .., ¥, ) with equal probability 1/n,
and let U ~ Unif|0, o] for some o > 0. We aim to stochasti-
cally upper bound the relative difference D := maxx— X by



U, such that D <, U, which is defined as, P(maxx — X >
t) <PU >1t), Vt eR.

This is equivalent to imposing the restriction on x € R",
%Ziezﬂ{maxi/ xy —x; >t} < (1— %)Jr, Vi € R.
Let z(1y < o) < -+ < z(y) denote the ordered ele-
ments of x. The condition above is equivalent to requir-
ing that o bounds the scaled gaps of the order statistics

T(n) —Z()
MaX;c7 i#n W S g.

Assumption 4.9 (Uniformly Bounded Relative Gap). Let
¢ be an index chosen uniformly at random from Z, and let
the relative differences Dy () := F(W) — fi(W), Dg(w) =
G(w) — g;(w). We assume that

Df(w) st Uu Dg(w) S U

for U ~ Unif[0, o] with some o > 0 and any w € O.

Remark. By applying the aforementioned assumptions to the
relative gaps Dg(w) and Dg(w), we establish that a uni-
form random variable U is stochastically superior to these
gaps. Consequently, Dg(w) and Dg(y, are uniformly upper-
bounded in a probabilistic sense. By leveraging this charac-
terization of stochastic superiority, we can extend our anal-
ysis from full participation to partial participation, thereby
establishing high-probability convergence guarantees for our
proposed Algorithm 1.

Main theorem 4.10 (Convergence Guarantee of Al-
gorithm 1). Consider the optimization function F
and the constraint function G as defined in Eq. (),
and the optimal solution w* defined in Egq. ().
Suppose Assumptions 4.1 to 4.5 and 4.9 hold. Con-
sider running Algorithm [ with global step size

_ _D . _ D
T = i local step size v = T tolerance

c=d + 4o, /21n(2g<(m/5) + |1n(ffr)|n ln% gl d =

DL _ sin$, | - 5
VeTe 142523+ 258) + 54 8l (1 + o)

. . 21
and softmax hyperparameter « satisfying a > =5,
2
=2 . Ug/B-‘? —m . 1Sl 9
where G} i= —opt,r = T and K = ‘B € (0,1] is

a constraint-satisfied ratio. Then, Algorithm 1 finds a
solution W i with probability at least 1 — § for some
0 € (0,1) such that:

40 ln L+
G(WK)<€+ UHQK

F(wg)— F(w"*) <g, < =)

Remark. Compared to full participation, partial participation
adds a sampling error of O(m) where r := m/n
is the participation ratio. As r — 1, [In(1 — r)| — oo,
causing this term to vanish and recovering full-participation
guarantees. For small r, then | In(1 —r)| ~ r implies | In(1 —
r)|n & m, yielding a sampling error of O(o/m).

Error Decomposition

The optimality gap / feasibility tolerance € is com-
posed of three distinct error terms:

a¢ g

+
/B¢ [In(1 —r)|n
—— ——

estimation error

optimization error €’ sampling error

where r := m/n is the participation ratio, and the re-
maining parameters are defined as:

2
_ o2 /B, . q q g .
. ag o= zé E" is effective variance in stochastic

gradient approximation during optimization process,
scaled by batch size B, number of local updates F,
and L-Lipschitz constant.

* o¢ is associated with the estimation of expectation
function values using a finite batch of B samples.

* ¢ quantifies the client sampling noise arising from
the heterogeneity of function values across the pop-
ulation of n clients.

This bound is achieved with a smaller softmax hyper-
parameter o > 1™ compared to 22 required in the

e €’

full participation case (m = n).

S Experiments

In this section, we evaluate our algorithm on classical
stochastic constrained optimization problems across three
datasets. We begin with the classical convex setting of
Neyman-Pearson (NP) classification on the breast cancer
dataset [Wolberg et al., 1993]. We then extend our numeri-
cal analysis to the non-convex setting of fair classification us-
ing deep neural networks. Detailed experimental setups and
hyperparameters are presented in Appendix F.

Neyman Pearson Classification NP Classification involves
a constrained optimization problem where the objective
is to minimize the empirical loss on the majority class
while bounding the minority class loss below a spe-
cific threshold. Translating this to the formulation in
Eq. (1), we define the objective and constraint for client

ias fi(w) = ﬁmzxepgm ¢(w; (2,0)) and gi(w) :=
L erpgl) ¢(w; (z,1)), respectively. Here, DEO) and

mi,1
Dgl) denote the local datasets for class-0 and class-1, with
respective sizes m; o and m; 1, and ¢ represents the binary
logistic loss. Across experiments, solid lines represent mean
results across five seeds; shaded regions indicate variance.

As demonstrated in Figure 1, our algorithm rapidly achieves
constraint feasibility (G(w) < ¢€) while consistently minimiz-
ing the worst-case objective F'(w) in both settings. Further-
more, compared to the penalty-based and primal-dual base-
lines, our approach secures a lower objective value for a com-
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Figure 1: NP classification. Objective F(wy) and con-
straint G(wy,) vs. gradient evaluations. Comparisons against
penalty and primal-dual baselines under full participation
(E = 1,m = n; top) and partial participation (£ = 5, > =
0.5; bottom). Red dashed line: tolerance (¢).
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Figure 2: a-sensitivity. Impact of temperature . High «
approximates the hard max operator, while low « smooths
the objective toward a simple average.

parable level of constraint satisfaction.

We further validate the theoretical efficacy of our approach by
varying the softmax parameter («), as illustrated in Figure 2.
As a — 0, the softmax approximation relaxes into an average
over the clients’ local values; conversely, as &« — oo, it recov-
ers the discrete maximum over clients. Consequently, with a
lower «, the algorithm assigns more uniform weights across
clients, easing the satisfaction of the smoothed constraint and
prioritizing objective minimization. However, this uniformity
inherently fails to enforce strict feasibility with respect to the
true worst-case constraint.

Fair Classification. We formulate the fair classifi-
cation task as the minimization of the binary cross-
entropy (BCE) loss subject to a demographic parity
constraint. ~ Mapping this to the constrained minimax
formulation in Eq. (f), each client evaluates the lo-
cal objective and constraint defined respectively as
filw) = -3 pep, Bee(n(z;w),y), gi(w) =

1 . 1 .
e Yaen,, (@5 W) = 5 Do, , mlaiw)|,

m(x; w) denotes the model’s positive prediction probability.
The sets D; ,, and D;, represent the protected and unpro-

where

a
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Figure 3: Fair classification. Comparisons against penalty
and primal-dual baselines. Top: full participation (£ =
1, m = n). Bottom: partial participation (£ = 2, = 0.5).

tected subgroups on client 4, with corresponding cardinalities
m;, and m;,. For this task, we employ a deep neural
network, which renders the optimization landscape highly
non-convex and non-smooth. We conduct experiments using
the Adult income dataset [Kohavi and Becker, 1996].

We compare our method against the penalty-based and
primal-dual baselines. As illustrated in Figure 3, our algo-
rithm demonstrates accelerated convergence with respect to
cumulative gradient evaluations. Furthermore, while penalty-
based and primal-dual methods require meticulous tuning of
the penalty parameter and dual step size to ensure stability
and feasibility, our approach achieves highly competitive per-
formance using a static, default value of o = 1.

6 Conclusion

In this paper, we introduce a novel primal-only first-order
algorithm for solving constrained stochastic minimax opti-
mization problems in federated environments. We theoret-
ically establish that our method achieves the standard con-
vergence rates without relying on explicit dual variables or
strict functional boundedness assumptions. Our unified error
decomposition successfully decouples optimization dynam-
ics, stochastic estimation variance, and client sampling noise,
offering guidelines for hyperparameter selection. Empirical
results across Neyman-Pearson and fair classification con-
firm the method’s stability and practical edge. Future work
may explore extending this work to decentralized topolo-
gies and incorporating momentum-based variance reduction
to further improve the oracle complexity. Additionally, ex-
tending this framework to weakly convex objectives [Huang
and Lin, 2023] to ensure e-stationary guarantees remains a
vital next step.
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Appendices

We organize the Appendices as follows:

* Appendix A: We provide foundational baseline algorithms that establish the core switching logic under full participation
(m = n), covering both the single local update (£ = 1) and multiple local update (£ > 1) regimes.

* Appendix B: We present the technical lemmas required to establish the convergence results for our proposed framework.

* Appendix D: We provide the proof of Main theorem 4.6, establishing the convergence guarantee for the foundational switch-
ing strategy (Algorithm 2) with £ = 1 and full participation.

* Appendix C: We provide the proof of Main theorem 4.7 for the convergence of Algorithm 3 under the federated setting with
multiple local updates (&£ > 1) and full participation (m = n).

* Appendix E: We provide the proof of Main theorem 4.10, which characterizes the convergence of our primary algorithm,
Algorithm 1, in the general case of partial participation (m < n).

* Appendix F: We provide the details of experimental settings and additional empirical results.
* Appendix G: We discuss related work on the problems we are studying in this work.
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A Algorithms

Algorithm 2 (Softmax-Weighted Switching Gradient)
Full Participation (m = n), (Local Update Steps £ = 1)

1: Input: Initial parameters wy, step size 7, tolerance e,
softmax hyperparameter o
2: S« 0 //Initialize set of constraint-satisfied iterations
3: for k € [K] do
/I Samples for Function Value Evaluation
4 & =& )ier & = (&))5 N D vieT
// Samples for Gradient Evaluation

50 6= (G en G = (G100 H D vie T

6:  pi < softmax(af(wyg,&x)) /I Softmax weights
7. qg  softmax(ag(wyg, &x)) /I See Equation (6)
8: if Gp(wy, &) = (q;‘,. g(wg, é;‘)> < 6/2 then

9: S+ SU{k} // Add iteration to set
10: uy — (VE(wr, Cr)) " pr // Update direction
11:  else

12: ug — (Vgwr, C)) Tar /I See Equation (7)
13:  end if

14:  Wpgy1 < Wi — Nug /' Update parameters
15: end for

16: WK < 1g] > kes Wk /I Compute averaged solution

17: Output: Optimized parameters W

Algorithm 3 (Softmax-Weighted Switching Gradient)
Federated Learning with Full Participation (m = n)
(Local Update Steps £ > 1)

1: Input: Initial parameters wy, global/local step size
(n,7), tolerance e, softmax hyperparameter «
2: S« B //Initialize set of constraint-satisfied iterations
3. for global round k € [K] do
4:  broadcast wy, to all clients 7
5:  for each client ¢ € 7 in parallel do
/I Samples for Function Value Evaluation

o &) =(g)5 % D

7: [f(Wg, &)]i < fi(wg, ](;)) // See Equation (6)
8: g(wg, &k))i < gi(wg, 5,(:)) // See Equation (6)
9:  end for

10:  collect f(wy, &), g(Wg, &) from all clients

11:  pg < softmax(af(wg, &))

12: qi < softmax(ag(wg, &)) // Softmax weights
132 WGy (wy. &) = (an, g(wy, &) < ¢/2 then

14: S+ Su{k} // Add iteration to set
15:  endif

16:  broadcast 1), = 1¢, (w, ¢,)<s to all clients 7

17:  for each client ¢ € 7 in parallel do

// Function 1 to compute the update direction

18: ug) + LocalSolver(wy, Lk, v;1)

19:  endfor
20:  collect u,(;) from each client i € T
2w Yer(Lelpili + (1 - 1) [l )uy”
22: Wiyl < Wi — NUg /I Update parameters

23: end for
= 1
24: Wg <— =i Zkes Wi
25: Output: Optimized parameters W

/I Averaged solution

To provide a rigorous foundation for our proposed framework, we first analyze two baseline variants in the Appendix: Al-
gorithm 2, which establishes the core switching logic with single local update £ = 1 under full participation m = n, and
Algorithm 3, which extends this logic to multiple local steps £ > 1 with full participation m = n. These baseline analyses
serve as the theoretical stepping stones for our primary theoretical contribution presented in the main text for Algorithm 1,
which addresses the more general scenario of partial participation m < n with multiple local updates £ > 1.
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B Lemmas Used in Proofs

Lemma B.1 (Three-point Bregman Divergence Identity, see equation (4.1) on page 297 of [Bubeck et al., 2015]). Let 1) be a
convex function, then for Bregman divergence Dy [x||x] := ¢(x) — ¥(x) — (V¥(x'),x — x’) > 0 with any x,x’ in the
domain of 1, the following identity holds for any three points x, x’, X in the domain of 1):

(Vip(x) = Vi (%), % = x') = Dy [X'[[x] = Dy [x'||%] — Dy [X[[x]

Lemma B.2 (Polarization Identity). The update direction uy and the parameters wy, w1 in the update rule wi 1 = wr—nuy
with step size 7 > 0 satisfies the following identity:

* 1 * *
(e, wi, = w™) = o (Il + lwie = w72 = [ wirr —w?)

Lemma B.3 (Properties of Weighted Functions). F'(w), G(w) and F(w;Zy), G(w,Z},) are:
* Convex on ©, if all components of f(w) and g(w) are convex on ©.

* L-Lipschitz continuous on O, if all components of f(w) and g(w) are L-Lipschitz continuous on ©.

Lemma B.4 (Properties of Softmax Mean). Let the softmax mean be defined as

x " exp(ax)

m(x, ) := (softmax(ax), x)

T 1T exp(ax)
where x = ([x];)icz = (z1,...,2,) € R” and o > 0. The softmax mean m(x, o) with hyperparameter « satisfies:
m(x+Cl,a) = m(x,a)+C, VCEeER

m(Cx, a) C-m(x,Ca), VC eRxg

m(x,a’) > m(x,a), fora’ >«
Moreover, the following inequality holds:

1
0< maIx[x}i —m(x,a) = lim m(x,a) —m(x,a) <k, fora>aq:= %, k>0
1€ a—00

Lemma B.5 (Properties of Masked Softmax Mean). Let the masked softmax mean with a nonempty subset Z' C 7 be

x' (1z ®exp(ax))  xg, exp(axz)

7 = ft ’ = =
mz (%, @) := (softmaxz (ax), x) 17, exp(ax) 1T exploxz)

= (softmax(axz/),xz/) = m(xz/, @)

where x = ([x];)icz = (21,...,2n) € R, xz = ([X|i)icr = (2i)ierr € R™, & > 0 and the masked softmax operator
softmaxz is defined in Eq. (10). The masked softmax mean mz (x, o) with hyperparameter « satisfies:

mz(x+Cl,a) = mp(x,a)+C, VCeR
mz (Cx,a) = C-mp(x,Ca), VC eRxg

mz(x,0/) > mzp(x,a), fora >a

Moreover, the following inequality holds:

1
0 < max[x]; — mz (x, ) = lim mgz (x,a) — mp(x,a) <k, fora>a:= M,k >0
i€z’ a—00 k

Lemma B.6 (Deviation Bound of Softmax Mean). Let x = ([x];)icz = (Z1,...,2n) € R",8 = ([0];)icz = (61,...,0n) €
R™ and v > 0, then the deviation bound of max;cz[x]; — (softmax(a[x + §]),x) satisfies:

mazx[x}i — (softmax(a[x + 68]),x) < 2||0]|co + k, fora>a:= lnTn,k >0
1€

m(x + 8, a) — (softmax(a[x + d]),x) < ||0]|ec-

14



Proof for lemma B.4. The first two properties are straightforward to verify by the definition of softmax mean. For the third non-
decreasing property, it is due to the non-negativity of the partial derivative with respect to «.. By letting p(«) := softmax(ax),
then:

om(x, o)

Oa
The left hand side of thelast inequality follows from the definition of softmax mean.

= x' (diag(p(e)) — p(a)p(a) " )x = Varp()[x] > 0

i = s ; I > N = s
LCt’S fOCHS on the right hand Side Of the laSt inequality.

Since the inequality holds when n = 1, we only need to prove the inequality for n > 1. Letting p(«) := softmax(ax), then
by applying Jensen’s inequality to the concave function In(-), we derive the upper bound of the entropy of p(«a):

1 1 1
Ent[p(a)] := ) [p(a)];In =EpyIn —— <InE,y—— =Inn
P Z P (o) P pla) ) p(a)

By the definition of softmax mean m(x, &) = Ep(q)[x], then for the case n > 1, we have:

Ent[p(a)] = —Ep(a)[ax] + lnz exp(alx];) > —a-m(x,a) + Ozrir_leazx[x]i
i€L

Combining these two inequalities, when o > “’T" > 0 for some &k > 0,n > 1, we have:

1
max[x]; — m(x, o) < 2 <k
i€l a

[
Proof for lemma B.6. Let p(a) := softmax(a(x + §)) and z := x + §, by using the last inequality in lemma B.4, we have:

m(z,0) = (p(0),2) > maxlal; — 0.

Substituting z = x + §, and using max;cz[z]; — min;ez[d]; > max;ccr[x]; gives

Inn
> . i R
(pa),x +0) 2 maxlx): +miplds = =3

Rearranging and using (p(a), 8) — min;ez[6] < max;ez[6]; — min;ez[8]; < 2(|6]|s and a > B2 &k > 0 yields

Inn
max(x]; — (p(a). ) < 28 + "2 < 28] +

This completes the proof of the first inequality. Regarding the second inequality, we again apply the definition of softmax mean
and the inequality (p(a), 8) < max;ez[d]; < [|6]| and o > B2k > 0 to get:

m(x+6,a) — (p(a),x) = (p(a), 6) < [[6]|oc-

This completes the proof of the second inequality. O
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Lemma B.7 (Subgaussianity). Suppose a random variable X such that E[X] = 0 and E[exp(X?)] < 2, then Z is 1-subgaussian,
ie., 2
InElexp(AX)] < 5 VA eR

Remark. Suppose a random vector z such that E[z | F] = 0 and E[exp(||z||2/0?) | F] < 2, then z is o%-subgaussian, i.e.,

2 .2
A0 eestlvaeR

InElexp(A(e,z)) | F] <

since by letting X = ||z|| /o and using the above lemma, we have:

A2o?

InE[exp(A(e,z)) | F] < InElexp(A||z]|) | F] = InElexp(Ac||z||/o) | F] = nElexp((Ao)X) | F] < 5

Lemma B.8 (Average of Subgaussian Random Vectors). Suppose random vectors (2, ) ¢z and a filtration () ¢z, are such

that z, is F,1-measurable and E[z, | F,] = 0, E[exp(||z-||?) | F,] < 2 forall 7 € [E], then the average of the random
vectors z := ﬁ >_re(p) Z- satisfies E[z | Fo] = 0 and the following subgaussian tail bound:

2

1
Elexp(||z|2) | Fo] = E |exp iE ;E]zT | Fo| <2

Remark (Remark 1 for lemma B.8). Let (F,)Z ; be a filtration, and D be a distribution on a measurable space Z. Let a

sequence ((s)2_; "% D be drawn from D independently and identically, and is independent of Fy, i.e., ((s)2 ; 1l Fo. The
filtration is generated sequentially such that s = o(Fs_1,(s), and wg € O is Fy-measurable. Then for a measurable function
h: O x Z — RY assume that for any deterministic w € ©, we have E¢.p[h(w, ()] = 0 and E¢plexp([|[h(w,()[?)] < 2.

Then for z := ﬁ S22 h(wo, ), it satisfies E[z | o] = 0 and a subgaussian bound:

Elexp(|lz]|*) | Fo] <2

Remark (Remark 2 for lemma B.8). Let (F;)¢[pg) be a filtration, and D' = D®B be a distribution on a measurable space
Z' = ZB. Let a sequence ({r)re[p] "% D’ be drawn from D’ independently and identically, and is independent of Fy, i.e.,
(¢7)reE) 1L Fo. The filtration is generated sequentially such that 7 = o(F;_1,¢,—1), and w, € © is F,_;-measurable.
Then for a measurable function h’ : © x Z/ — R? assume that for any deterministic w € O, E¢op [ (w, Q)] = 0 and

E¢p lexp(||b’/(w,¢)[|?)] < 2. Then z := ﬁ > relE) h'(w., ¢, ), satisfies E[z | Fy] = 0 and a subgaussian bound:
Elexp(|l2]|*) | Fo] <2

Proof for lemma B.7. We show these elementary inqualities (exp(|u|/v/2) — 1)? > exp |u| — |u| — 1 > exp(u) — u — 1 hold
for any u € R, since

o~ (28/2 4 1)(20/2 — 2)
(expful/V2) — 1)? — (explu] — ol 1) = 3 ET

k=2

u* >0

exp |u| — Ju] — 1 = exp(u) —u — 1 + 2(sinh Ju| — |u|)Ly<o > exp(u) —u —1
Then by Cauchy-Schwarz inequality, we have:

2

2 2 _ A/ V2] X2 (AX1/ V2R 2
(exp(¥/2) = Dlexp(X) = 1) = [ EEZ— [ 32— 2 [ | = (em(hx]/vD) - 1)
k>1 k>1 k>1
> exp(AX) —AX -1
By taking the expectation on both sides, and using E[X] = 0 and E[exp(X?)] < 2, we have:

Elexp(AX)] < (exp(A2/2) — 1) (Efexp(X?)] — 1) + AE[X] + 1 < exp(A/2)
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Proof for lemma B.S. We introduce the partial sum of random vectors S; = > .,z forall 7 € [E' + 1] , which is F-

measurable, then Sg = O and S = >_re[p) Zr- By using Elexp(||z||?) | -] < 2 and applying lemma B.7, for F,-measurable
S;andany A € R:

Elexp(A(S,.2,)) | Fr] < exp (A”j”)

Consider such a quantity exp(\, ||S,||?) with a sequence (\,)E_; of positive numbers, we will select \, wisely to establish a
recursive relationship between exp(\, ||S-||?) and exp(Ar41]|Sr+1]%)-

From the defintion of S, and using S is F,-measurable, we have:
E[eXp(/\T+1||ST+1”2) | ]:T] < eXp(/\T_H||S.,-||2)E[exp()\-,-+1||Z.,-||2 +2XA 41 <S‘r7 ZT>) | ]:'r}

Then applying Holder’s inequality E[| XY'| | F] < E[|X|P | ]-']%IEHYP | .7-']% withp = 1/A;41and ¢ = 1/(1 — A\r4q), to

upper bound the conditional expectation by relating it to E[exp(||z,||?)] < 2 and E[exp(\(S;,z,)) | Fr] < exp(w).

E[exp(AT+1||zT\\2 +2Ar41(S7,27)) | 7]

IN

2A; 41 1=Arn
Elep(le) | 7.1+ [o (2522680 ) 1 7

1/ 2\ 2
2 exp (“ e g (75) ”ST”2>

By selecting the sequence (\,)E_; such that the final value A\g = ﬁ and satisfies the recursive relationship:

IN

1/ 2241 \° 1+ Arpq
= 1 — p— - = o _—
A‘r' AT-i-l + ( A7'-‘,—1) 2 <1 — )\7—+1) )\T+1 1— )\7-+1

then we can establish the recursive relationship for M, := exp(A-||S-||* — >°7,_, A) with My = exp(0) = 1:

T+1 T+1 T
Elexp(Ar41/Sri1l> = D Ar) | Fr] < exp(A-[S- %) - 227+ exp(— Z Ar) < expOALISHP = > Ar)

From the above recursive relationship, we show that M. is a supermartingale, namely E[M, 1 | F] < M. Then by the tower
property of conditional expectation (Theorem 4.2.4 on page 189 of Durrett [2019]) and the fact that My = 1, we have:

E
1 1
< Fol = = = 2 <
E[Mg | Fo] <E[My | Fol =My =1, Ag= 15 = E {exp <4E”SE ) .7:0] exp (}_1 /\T>

To upperbound Zle Ar, we introduce a, := Ag41—, with initial value a1 = A\g = & and use the recursive relation:

1 1 7—1 1 1 T—1
afali,z_l( aff)‘”‘ET,Z_ll

>4E - 2(1 — 1)
a/T/+1 ’

Therefore, we have:
E

E E 1 E

1

/E dr  In2
0 T + E o 2
By selecting z := ﬁSE = ﬁ > (g Zrs We have:

E [exp(21) | 7] = |exp (18l ) 1 7| < oxp (152 = vE <2
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Lemma B.9 (Freezing Lemma: Conditional Expectation with Independent Random Variable). Let X and Z be random vari-
ables on a probability space (2, F,P). Assume: X is G-measurable, where G is a sub-o-algebra of F. Z is independent of G.
For any measurable function h satisfying E[|h(X, Z)|] < oo, then it holds almost surely that for fixed value x:

E[h(X’ Z) | g] = E[h(ﬂ% Z)]x:X

Remark. This lemma is known as the “Freezing Lemma”, and can be extended from random variables X and Z to random
vectors x and z with a measurable function h satisfies E[|h(x, z)|] < oo such that

]E[h(X,Z) ‘ g] = ]E[h('vz)]':x

Proof of lemma B.9. We first establish the theorem for the case of indicator function, from which the general result follows
by using the monotone class argument (see example of “Standard Machine” procedure in proof of Theorem 4.1.14 on page
184 of Durrett [2019]). Let’s begin with h(x,z) = La(z) - 1o(2), where A and C are Borel sets on the real line. Then
E[h(z, Z)]z=x = 1 4(X)-E[1c(Z)] is G-measurable, since X is G-measurable and 1 4(X) is also G-measurable, therefore it is
G-measurable as a constant multiple of a G-measurable variable. For any set of outcomes B € G, suppose that E[h(X, Z)- 1] =
E[E[h(z, Z)]s=x - 1 5] holds, then it implies E[h(X, Z) | G] = E[h(x, Z)].=x by the definition of conditional expectation on
page 178 of Durrett [2019]. The two sides are identical for any B € G as shown below by using that Z is independent of G and
X is G-measurable (see also pages 38-39 and page 184 of Durrett [2019]).

E[h(X,Z) - 15] = E[L4(X) - 1c(Z) - 15] = E[14(X) - 15] - E[Lo(2)] = E[E[h(z, Z)]ox - 15]

Using monotone class argument, the above result is extended to all general measurable functions h with E[|h(X, Z)|] <
oo. This monotone class argument involves three steps: (1) the linearity of conditional expectation generalizes the property
from indicator functions to all simple functions (finite linear combinations of indicators); (2) the Monotone Convergence
Theorem (Theorem 1.5.7 on page 23 of Durrett [2019]) then extends it to all non-negative measurable functions; (3) the
decomposition of measurable function into its positive and negative parts (h = h™ — h™) covers all measurable functions
satisfying E[|h(X, Z)|] < oo. O

Proof of Remark 1 for lemma B.8. As wog € O is Fp-measurable, and F; = o(Fs_1,(s), then we have F,_; C Fg and
therefore wy is Fg-measurable forall s = 1,2,--- , B. As Fs = o(Fs-1,(s), then (s is Fs-measurable, and therfore z, :=
h(wyg, (s) is Fs-measurable. Since (; is independent of Fy and all prior (i, ...,(s—1, then (s is independent of Fs_1 =
o(Fo,C1, .-y Cs—1). Therefore, by applying the Freezing Lemma lemma B.9, we have:

E[Zs ‘ -7:571} = E[h(W07 Cs) ‘ -7:571} = E[h(W7 Cs)]w:wo = ECND[h(Wv C)]w:wo = 6

Elexp(||zs %) | Fs-1] = Elexp(|lh(wo, ()II*) | Fo-1] = Elexp(|h(w, C)[I)w=wy = Ec~plexp(|h(w, )[*)lw=w, < 2

Given E[z, | Fs_1] = 0 and E[exp(||zs]|?) | Fs—1] < 2. then by applying the subgaussian tail bound lemma B.8 to z :=
595 Y1 % = 5o 2oy h(wo, ), we have E[z | Fo] = 0 and Elexp(||z]|) | Fo] < 2. O

Proof of Remark 2 for lemma B.8. Since w, is F,-measurable, and {, is F,11-measurable since 7,11 = o(F-, ;). There-
fore, z, := h'(w,, {;) is F,11-measurable. Since ¢ is independent of Fy and all prior (o, ..., {+—1, then {, is independent of
Fr = o(Fo,€o, -, r—1). Therefore, by applying the Freezing Lemma lemma B.9, we have:

E[ZT | ‘F‘F} = E[h/(wfa CT) | f‘r] = ]E[h/(w, C‘r)]w:wT = ECND’ [hl(wa C)]w:w, = 6

Elexp(||z-[|*) | F+] = Elexp(|b'(wr, ¢-)II*) | Fr] = Elexp([h' (W, ) 1*)lw=w, = E¢~prlexp(|b’'(w, ) [*)w-w, <2

Given E[z, | F,] = 0 and E[exp(||z||?) | F,] < 2, then by applying the subgaussian tail bound lemma B.8 to z :=
3= Y70 7 = 5o sy 0wy, &), we have E[z | Fo] = 0 and Elexp(|lz]?) | Fo] < 2. O
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Lemma B.10 (Maximal Inequality for Conditionally Sub-Gaussian Martingale Differences). Let a sequence of random vec-
tors (zx)kezs, in R™ and a sequence of indicator random variables (1)xez., with 1 € {0,1} be adapted to a filtration
(Frt1)rezs, With Fo = {0, 2}, namely z, 1), are Fj41-measurable. Assume that the sequence satisfies the martingale dif-

ference property E[zy, | Fi] = 0 and possesses a sub-Gaussian tail bound such that forany A € Randany: € Z = {1,--- ,n}:

InE fexp(Nzil) | Fel < -

Then for any 0 € (0, 1), the following inequality holds with probability at least 1 — §:

> sl < /2w 250 S 1,

ke[K] ke[K]

Proof. The above inequality holds if 3, ¢ ;) 1x = 0, otherwise, we have } ;¢ ;) 1x > 0. Noting that the maximum is not
less than the average of {||zx || | 1x = 1, k € [K]}, and the maximum whose index is in the subset {k | 1 = 1,k € [K]} is
less than the maximum of the entire trajectory [K]:

Z |z |loo L1 Z 1, < max ||zk||OO < max ||zg||co = max max |[zg]]
ke [K] ke[K] =1,k€[K k€E[K] ke[K] i€Z

The probability of maxe(x] ||Zx |l > ¢ for some ¢ > 0 is bounded by the probability of all |[z];| > ¢ for any i € Z and
k € [K], then taking the union bound over all i € 7 and k € [K].

<
P(}g%%azx|[zk]|>t>_]P’(|[zk]|>tVz€Ik€ kez{;q;ﬂ» zi)i| > )

For any ¢ > 0, by the Law of Total Expectation and the conditional Chernoff bound using the sub-Gaussian tail bound
InE [exp(Alzs)s) | Fi] < 25

P([zr]; > t) = E[P([zk]; >t | Fix)] <E Li\r;foexp( At + InE [exp(A[zr]:) | fk])] < exp ()1\1;% -\t + >\2) = exp (_t2> .

Similary, for any ¢ > 0, we have P([z]; < —t) < exp ( ) and therefore, the probability of |[zx];| > t is bounded by
2exp (—%) Setting the failure probability 2/Kn exp(—t2/2) = § and solving for ¢ yields the high-probability threshold
t = +/2In(2Kn/§). Since the ratio is bounded by max¢x ||z || o, it is bounded by ¢ with probability at least 1 — 4.

> Nzklloo Tk

kK] 2Kn 2Kn 21n 250
P| ——— 2In— | <P 2In—— | < 2K )=
S 1, >/ 5| = <£%||Zk”oo>\/ n—— | < 2Knexp 5 =4

ke[K]

O

Lemma B.11 (Upper Bound for Binomial Coefficient). Let n € Z and n’, m € Zx¢ such that n > n’ > m, then the following
inequality holds:

n

(-

n

Proof. Rewriting the ratio of two binomial coefficients as a product, applying the elementary inequality 1 4 ¢ < exp(t) for any
t € R, and lowerbounding a summation with a integral such that  _, L dm' = —1In(1 - 7).

m/€[m] n—m’ = fO n— m’

E%g: H (1—::;//)Sexp —(’n—n/) Z n_lm, §<1_rs)n(1n)

m’€[m]
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Lemma B.12 (Conditional Exponential Tail Bound for Maximum of a Subset with a Uniform CDF Bound).Let x =
(1,...,2y) € R™, which satisfies the following condition (Uniform CDF Bound) with some ¢ > 0 and any ¢ € R:

T Tttt - w20 < (1-7),

A subset 7’ with fixed cardinality |Z'| = m € Z is selected from Z uniformly at random, which is independent of x, namely
7' ~ Unif(C,,(2)) with C,,(Z) :== {A C Z : |A| = m}, and

—_

P(I'=A)=P(T' =A|x) = |cml(z)\ = VA € Cn(T)

Then the difference between the maximum max;cz[x]; over the entire set Z, and the maximum max; ¢z [X]; over the subset Z,
is bounded as follows when r := =* # 1:

P (max[x}i — max[x]; > 1| x) < exp (_[—1n(1(7—r)]nt)

i€l €T’
o o o
{I?ezgi[x] ?éaz}’([x] | X} T [-In(l-r)n rm m

Otherwise, if r := ™ = 1, then Z = 7’ and max;c 7 [X]; = max;ez [X];.

Proof. Let’s define the following set Z; for some ¢ > 0, then the condition can be rewritten as:

Ti(x) = {i € 7' | max{ly - [x); = 1), 'L®”<@‘t)
€z n o).
Noting that the event maxzez[ ]i — max;ez[x]; > tis equivalent to max; ¢z [x|s — [x]; > t,Vi € Z, namely Z C Z;(x). Using
P(IT =A%) =z (I)| P(ACZi(x) | T = A;x) = 1{A C Zy(x)}, letting C,, (Zi(x)) := {A C Zy(x) | |A] = m}.
- ;> = C C = A; =
P <szneal>_<[x]z I?EaIX[XL >t X) P(Z CZi(x Z PACTi(x) | ZT=A4A;x)P(ZT=A|x)

A€EC, ()

m

ICon ()] B Con(T)] @ (") Ln<iz,x0))

m

Yaceam MACTX)}  [{ACT() [ Al =m}| _ [Cu(@(x)| _ (55

Noting |Z’| = m, applying lemma B.11 to upperbound the ratio of two binomial coefficients by substituting n’ + |Z;(x)|, and
using the condition such that w <(1-14) N

(Fh) =02 (1 .
¥ (I?ea:rx[x]i — maxx); > ¢ | X) = Wﬂmgmx)\ < (1 I|> 1 {III < (1 - 0>+}

Therefore, by letting 7 := ™, we have P (max;ez[x]; — max;ez[x]; > ¢ | x) = 0 when ¢ > o. For any ¢ > 0, we have:

P (Tg[x}i — max([x]; > 1| x> <A =r)"s1{t< (1-r)o}

When r := 7 = 1, then P (max;ez(x]; — max;er[x]; >t | x) = 1{t = 0} for t > 0, and max;ecz[x]; = max;ez [x];. If
r:= % # 1, then the upperbound of expectation is established as follows.

P (max[x}i — max[x]; >t | x> < exp ([—ln(l—r)]nt)

i€l i€’ a

g g g

2 [maptnl — e ] = [ P (et > 1)t < o < =
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Lemma B.13 (Conditional Exponential Tail Bound with Assumption of Uniformly Bounded Relative Gap). Let a filtration
(Gk)kez-, be defined with Gy = {0,Q} and G, = 0(Gr—1,Zk—1,Br_1), where a sequence of subsets (Zy)rez., i
Unif(Cp, (Z)) with C,,(Z) = {A C Z | |A] = m} forsome 0 < m <nandZ = {1,--- ,n}, are independently and identically
sampled from C,,,(Z), and are independent of the collection of random sample batches By, at any time k. Let wi, € © be
Gr-measurable, and f,g : © — R"™ be two measurable functions, and assume that Assumption 4.9 of Uniformly Bounded
Relative Gap holds for f(w), g(w) and their maximum values F(w) = max;ez[f(w)];, G(W) = max;ez[g(w)];. Then for
F(wi;Z) = max;ez, [f(wg)]; and G(wy; Z) = max;er, [8(Wk)]s, there exist exponential tail bounds for the conditional
probabilities of F'(wy) — F(wy;Zy) and G(wy) — G(wy; Zy) as follows for any k € Z>o,t € R>o:

P(F(wi) — F(wisZi) >t | Ge) < exp <_ [—In(1 ;m/n)]nt> |

g

P(G(wg) — G(wi; Ti) >t | Ge) < exp <_ [ In(1 — m/n)]nt> '

Proof. Applying Assumption 4.9, for any fixed value v € ©, ¢t € R>¢, k € Z>( and subsets Z;; C 7 and substituting fixed
values x < f(v),g(v) and Z’ < 7}, in lemma B.12, respectively.

ag

E[{F(v) - F(viTs) > t}] = B(F(v) - F(v;Ti) > 1) < exp (— = in(l = m/ ”””t)

g

—In(1 —
E[{G(v) - G(v;Ty) > t}] = B(G(v) — G(v; Te) > 1) < exp ([ ol — m/ ”””t)
Ty is independent of Gy, = o(Zy, By, ..., Zx—1,Br—_1), since Z, is indepedndent of prior Zy, By, . . . , Zx—1, Bx—1. Since wy
is Gi-measurable, then we show the following identities by substituting fixed value z < v, G < Gi, X < wy, Z

I h(X, Z) < U{F(wy) — F(wg; i) > t}, 1{G(wy) — G(wWy;Zy) > t} in lemma B.9, respectively.

E[M{F(wy) — F(wg;Zy) > t} | Gy] = E[L{F(v) = F(v;Zy) > t}v=w,
E[I{G(wi) — G(wi;Z) > t} | Gx] = E[I{G(v) = G(v; L) > t}v=w,

Combining the above identities, and the exponential bounds for any fixed value v.

P(F(wy) — F(wisTy) >t Gr) = E[L{F(wy) — F(wie:Zp) >t} | Gi] < exp (— [-In(1 - W”””t) ,

P(G(wr) — G(wisTy) >t | Ge) = E[L{G(wr) — G(wi; i) >t} | Gu] < exp ( [-In(1 - m/”)]”t) .

O

Lemma B.14 (Upper Bound for Sum of Random Variables with Conditional Exponential Tail). Let nonnegative random vari-
ables (Yj)kez., and a sequence of indicator random variables (1j)xez., be adapted to a fitlaration (Gyy1)kez._, With
Go = {(Z), 0}, ﬁamely Yk, 1 are Gi1-measurable, and have the followingione sided conditional tail bound with some C' > 0
forany t > O and any k € Z>q:

t
]P)(Yk 2 t | Qk) § exp (—C>
Then for [K] = {0,1,2,..., K — 1}, with probability at least 1 — ¢ for some § € (0, 1):
K
Z Yk]lk S C’lng Z ]lk
ke[K] ke[K]

For § = {k € [K] | 1x = 1}, hence |S| = > )¢k Lk, With a ratio & := |S|/K € [0,1] and such a convention of
=Lng- > kepr) 1k = 0 when [S| = 0, the following inequalities hold:

ST Loketr) L g
2/k 1 16
Z Yk]lk§20hl7 Z 1, Z Y 1, <2C lng +ln; Z 15
ke[K] kE[K] ke[K] ke[K]
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Remark (Remark for lemma B.14). By using the 2nd inequality and distributing the constant in logarithm, we have:

> Vil <201n7 > ]lk+2Cln— > 1,

ke[K] ke[K ke[K

By using the 3rd inequality, we have the following bound (see its derivation after the proof of the 3rd inequality):

4 4
D Vil <2CIm< 3 1y +20I < K
ke[K] kE[K]

Proof of lemma B.14. By letting Zj, := Y3, /C, we have P(Z, > t | Gy—1) < exp(—t) for any ¢ > 0 and any k € Z>o. We
give the proofs for these three inequalities separately for Zj, then we have these inequalities for Y, = C'Z automatically.

Proof of 1st inequality (using maximal inequality and union bound) The first inequliaty holds trivially if ), c[K] 1, =0,
otherwise, we have ), K] 1 > 0, then we have the following maximal inequality for nonnegative random variables Zj:

E Zp 1y E 1, < < max 7y, < max Zy
K] 1p=1 kE[K)
ke[K] ke[K]

By using P(Z, > t) = E[E[Llz,>: | Gk]] = E[P(Zy > t | Gk)] < exp(—t),Vt > 0, for some fixed t = lng > 0, the
probability of maxye[x] Zx > t is bounded by § by taking the union bound over all & € [K].

P Z Zipl >t Z 1 <P<I£I€1%Zk2t):P(Zkzt,VkE[KDS Z IP(Zth):KeXp(—t)zé
ke[K] ke[K]

By substituting ¢t = In %, we complete the proof of the first inequality for Zj, with probability at least 1 — §

Proof of 2nd inequality (using AM-GM inequality and Markov’s inequality) The second inequality holds trivially if |S| =
>_re(k] Lk = 0 under the convention of [S]- 3, ¢ () 1k = 1,1In ﬁ - ker] Le = 0, otherwise, we have [S| = 3 ¢ g Li >
0, then by applying the AM-GM inequality for some A > 0, we have:

exp Z Zplp | < | | Z exp(AZ)1y < | Z exp(AZy)
ke (K] kelK] ke[K]
Noting that for any nonnegative random variable X, E[X | F] = j;)l + [[°P(X > u | F)du. Since Z, = Y;/C is

nonnegative, we have P(exp(AZy) > u | Gy—1) = 1 forany u € [0,1], A > 0, and letting u = exp(At) in the second integral
and using the fact that P(Zy, >t | Gr—1) < exp(—t), we have the following inequality for any k € Z>o, A € (0, 1):

Elexp(AZk) | Gk] = /0 1du + /1Oo P(exp(AZk) > exp(At) | G )d(exp(At)) < 1+ )\/OOO exp(—[1 — Ajt)dt = ——

By tower property of conditional expectation, Elexp(AZy)] = E[E[exp(AZy) | Gx]] < 1. then by applying Markov’s
inequality for § € (0,1),¢:= ﬁ we have the following bound:
Pl Y w0z >t| <E| S ep(0z)| <~ =5
= = 1— Mt

ke[K] ke[K]

Therefore, we have the following inequality with probability at least 1 — § by substituting ¢ := ﬁ, k:=|S|/K:

1 In(t/|S|) In 2% —1n (
S Zp 1, < A = Y exp(AZ) | < — 1Sl = Z 1y

ke[K] |S| ke[K] ke[K]

By selecting A = %, we complete the proof of the second inequality for Z;, with probability at least 1 — 6.
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Proof of 3rd inequality (using supermartingale and combinatorics) The third inequality holds trivially if |S|
>_rex] Lk = 0 under the convention of [S] -3y ¢ () 1 = 1,In ﬁ " 2repr] Le = 0, otherwise, we have [S| = 3, ¢ g L
0, then for non-empty outcomes .A; of the random set S C [K] such that |S| = j forj € {1,2,..., K},

A= (A IR A #0014, =5}, 1Al = @ - (f) - (j " /eK)

For any deterministic set A; € .A;, we introduce the corresponding (M} (A;))kre(o,1,....x} With Mo(A4;) = exp(0) =
1, M(A;) = Mg(A;) and My (A;) := exp ()\ Zk,e[k] Zplpea; +In(1 = X) Zk,e[k] 11k'eAj), we have M}, (A;) is a super-
martingale because for any k € [K], (see Theorem 4.2.4 on page 189 of Durrett [2019]):

E[My+1(4;) | Gul = [(1 = NE[exp(AZy) | Gl - My(4;) < Mi(4;)

\%

By using the tower property of conditional expectation, we have the following inequality for any k € [K]:
E[M(A;j)] = E[Mg(A;)] < ... <E[Mg41(4;)] < B[My(A7)] < E[Mo(A;)] = Mo(4;) =1
By applying the Markov’s inequality for M(A;) = exp(A}_yc 4, Zk + [A;[In(1 — X)) with some §; € (0,1),4; := In +
P XY Ze+]A4;In(1 = A) > t; | <exp(—t;)E[M(A))] < exp(—t;) =06;, VA; € A;
kEA;

Therefore, by selecting ¢; such that §/(j(j + 1)) = |A;|9; = (?)@,Vj € {1,2,..., K} and taking the union bound over all
possible outcomes A; € A;, then for any fixed A € (0, 1):

]P’()\ZZk+|Sln(1—/\)>t|5,S|—j>—IP’ U XD Ze+14;n(1 = X) > t; 0 N {S = 4;}

keS AjEA; keA;
< S P(AY Zi+14m( N > ¢ <45 = =2 :5(1,—.1)
- - JG+1) joJ+1

AGEA; keA;

Therefore, for any fixed A € (0,1):

K
P(AZZk+|S|ln(l— >t5> ZP(AZZk-i-SHDl—)>t|s|»|8|:j> Z (.—JH)<5

keS keS

= ‘%l, noting that ¢ g = In 5— 55 =1In3 + In(|S|(1 + [S])) + In|A;g| < In} + |S|+ |S|In< and

S| = >jex) Lk we have the following inequality w1th probability at least 1 — § for any fixed A € (0, 1):

By definitions of S, x

1 1 1
Z Z;g]lkgx t|3‘—|—1n Z 1 SX lng—i-l Z 1
kE[K] ke[K] ke[K]

By selecting \ = %, then e?/(1 — \) = 2e? < 16, we complete the proof for Z;, with probability at least 1 — 4. O

Proof of Remark for lemma B.14. The latter bound in the remark holds trivially if Zke[ K] 1, = 0, otherwise, we have
> oreir) Le > 0, and noting that 3, xq Ly + K = (1 + k)K, 3 ;) I = wK from the definition of , the third in-
equality in lemma B.14 becomes:

1 K 16
S vite<20 (mtwld S, _20((1“)[{ 5+Mmﬁ) S n+ K

ke[K] ke[K] kE[K]
By using rrrye < 1and £ In 3% < maxeeo) 745 In 42 = In4, and noting In § + In4 = In §, we establish the latter
bound in the remark: Zke[K Yk]lk g 20§ Y perry Lk +2CI 3 - K. O
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C Proof for Result of Federated Learning with Full Participation

Proof for Main theorem 4.7 of Algorithm 3. By applying lemma B.2 to the update rule w1 = wj —nuy with step size n > 0,
we have

* ]' * *
(g, wi = W) = o= ([[wi, = W) = [y — wH[?) + gllllk\l2

2n
For brevity, we write 1 := Lg, (w, &)< With Gr(wi, &) = m(g(wg, &), ). The local direction uy is given by the
following equation and local updates are given by w,(C )r+1 = w,(C . [Vﬁ(w,C - ,i )T)]lk + Vgl(w,c - ,i)T)[ — 1|
s Wy ‘ | -
ul® = Tho _TRE _ Z Viiw, k7)1k+5 3 VWi ¢ — 1]
/y Te[E TE[E]

where C " is the sample at the 7-th local update step of the k-th epoch for the i-th client, and W,E)O = Wy is the initial

local parameters for the ¢-th client. The direction uy, is given by the following equation with the brev1ty notations py :=
softmax(af (wy, &)) and qi, := softmax(ag(wy, &)), and we introduce rj, := pipl; + qi[l — 1]

we = (Ipelile + [alill — Lehu = [r]iul”

i€ i€l

To help the analaysis, we introduce the following notations:

i) = Z Vi(wi 11k+— > Vaiwi )L - 1), Ty = Vii(wi) 1k + Vai(wi)[1— 1]
TE[E] TE[E]

Step 1: Upperbound 7 > ||u.|? and Lowerbound > (uj, w; — w*)
ke[K] ke[K]

(@) _ (@) ((i) ~(i))

Then we can decompose the direction as u,’ = @1, + (u,” — @, @ _ (ﬁg) — ﬁ,(f)) - (ﬁff) - u](f)).

L.1: upperbound of 1 3~ 4] |l
Then by using 1[x — y[? < [x[|* + [ly[|>, E[X]?> < E[X?] and the assumption of Lipschitz continuity assumption 4.2
IV f£i(w)|| < L, |V gi(w)|| < L, therefore ||a\”|| < L, iez[rk]iﬁ,(j)H < Lusing Y,c7[rxl; = 1and all [ry]; > 0):

2
<LK 4+ > Y [eeifluy) - a2

ke[K] i€

Zrk Zuk)+2 i 1))

€L €T

Z e |* = Z

ke[K ke[K]

1.2: decomposition of inner product 3, 1 (uy, w, — w*)

We decompose the inner product by introducing the Bregman divergence Dy, [w'||w] := f;(w')— fi(w)—(V fi(w), w' —w) >
0, Dy, [W'||w] := gi(W') — g;(w) — (Vgi(w),w' — w) > 0 for convex functions f; and g; from assumption 4.1, therefore
(ug, wp —w") = (filwi) = fi(w") + Dy [w||Wi]) g + (9i(Wi) = gi(W") + Dy, [w*[[w])[1 — 11]:

Z (ug, wi — w™)

ke[K]
— erk uk 7wk— ZZrk i —u,g),wk— erk i —u,g),wk— w*)
ke[K] i€ ke[K] i€ ke[K] i€
= > > [pklilfilwe) Nk + Y larli(gi(wi) — gi(w*)[1 = 1]
ke[K] i€l ke[K] €T
= Sl 3 [Pl + (Vi) — Vi), wi - w1
ke[K] i€ TG[E]
=Y iy 3 [P Il + (Vi) Torwi ) we - w)] 11~ 1]
ke[K] i€l TE[E]
= D > ekl ay) —u?, wy, — w*)
ke[K] i€
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1.3: lowerbound of 1st and 2nd terms in the decomposition of inner product >, €[K] (ug, wi, — w*)

Regarding the first and second terms in the above equation for the inner product, using the definition of ' = max;c7 f; and
G = max;e7 ¢;, from the definition of w* such that G(w*) < 0in Eq. ().

D o Iplifiw) < F(w), Y larligi(w*) < G(w*) <0

i€Z €T
Applying the deviation bound of softmax mean lemma B.6 with o > 21{# and substituting x + f(wy),d « f(wy, &) —

f(wy) and x + g(wy), 8 < g(wy, &) — g(wy), then we have

!

S Ipelifi(wr) > F(wy) = 20[f(wi, &) — f(wi)]loc = 5

4 2
€T
€
> ladigi (W[t = 1] = [Grwa,€0) = 5] 11— 1] + (5 — lg(wi. &) — g(wi)llo ) [1 — 1]
i€Z
Combining the above, we have the following lower bound for the first and second terms in the equation for the inner product:

> Ipkli(filwi) NI+ D Y larli(gi(wi) — gi(w™))[1 — 1]

ke[K] i€ ke[K]i€L
> 3 Fw) - FoOlr Y [Guiwing) - S0 -ml+ RO,
ke[K] kE[K] kE[K]
2> (E(Wk, &) = E(Wi)lloo Tk — Y &8(Wk, &) — 8(Wi) o[l — 4]
k€[K] ke[K]

1.4: upperbound of 3rd and 4th terms in the decomposition of inner product } _, - (K] (ug, wg — w™*)
Regarding the third term and fourth term in the equation for the inner product, we noting the three-point Bregman divergence

identity lemma B.1 by substituting ¢ < f;, g;, X < Wy, X' <~ W*, X w,g) , and using the fact that Dy, [-||-] > 0, Dy, [-||-] >
0 from the definition of Bregman divergence for convex functions fl and g; from assumption 4.1.

~Dy,[w*|lwi] + (Vfi(wi) = VEi(wi ), wi) — w*) = Dy [w[wi)] — Dy, [wi) [|wi] <0
— Dy, [w*|lwi] + (Vgi(wi) — Vai(wid ), wi) —w*) = —Dy, [w*|[wi) ] — Dy, [w) [|wi] < 0

Using (Wi — Wi )1k =7 Y ey VAW L, Gk and (wi—wio )1 —1k] =73 ey Vai(wih, ¢4 )1 — 1] from
the update rule, and applying Abel’s summation formula ZTE[E] (a;,B;)=(Ag,Bg_1)— ZTE[E 1] (Ar41,b;) withag =

0,A, := Y orrer] @rs Br =30 [, by and substituting @ < V f;(wy) — sz(wk T) b, — sz(wkz)r, sz) Vfl(wk T)
then again applying Cauchy-Schwarz inequality and Lipschitz continuity assumption 4.2:

o) Z (Vfi(wi) = Vfi(wi), wi — wi )L,

TE[E

1 Vfilwi) = Vfiwih) Vfiwi)
= L= ) Z]< s )

TG[E]T €l

e [ 1= Vi) = V) VhweL ¢) -V, <w§:l>>
’ T\E TEZ[;?] TE[ZE: 1] 2‘79/\/]5T

2L
1 Viiwe) = V(wi) Vw0 — Vii(wy >>
—4vL(o,/+/B T( — , 1
! ( 9/ g)re[g—l} <TT’G[ZT+1] 2L 209/V 9 ’

e (B) i (i)
o -Vt Lo, By | Y TG VA

Ty
TE[E-1] 209/+/By

7_< /(i) vfz(wk7-7 k-‘r) sz(wk7)>]lk
204/\/Bs

IA

+4’YL(09/\/379) Z

TE[E-1]
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. . : Vfilwi) =V fi(wi )
where the intermediate vector eng) =—1 Do rrefr1 ke

continuity assumption 4.2 and hence ||V f;(wy) — V f; (w,(j)T)H < 2L. Similarly, by introducing the intermediate vector

e//(z) 1 3, Vgi(wk)_VQi(w](C’i)T/)
ko T 1 Lerle[T+]] 2L

hence || Vg;(wy) — ng(wk )|| < 2L, then:

satisfies He;(ZT) || < 1 by the assumption of Lipschitz

satisfies ||ez(:) || < 1 by the assumption of Lipschitz continuity assumption 4.2 and

1 i i
7 2 (Vailwi) = Vas(wil). wi = wil )1~ 1]
TE[E]

5 Yo (Wi, ¢) — Vgi(wi)

< 29L*(E - 1)1~ 1] + 4yL(0g/\/By) o [1— 1]
TE[E-1] 204/+/By
o~ o Vw60 — Vaiwil))
+4vL(og/\/ By) Z T< Z(T)v = : (1 — 1]
TE[E-1] 209/ Bg
, . w (@
We introduce the following notations, e,(;?)T = ()11 + e"(z)[l — 1] and z,(;)T = YH ’”2: /\};f’( ’”)ﬂk +

Vyg; (WA 7Sk .,-) v.‘]z(wk 7—)[1 _

204/4/B

upperbound of the 3rd and 4th terms in the decomposition of inner product ) -, c[K] (ug, wi — w*) is given by:

1%]. Summing over 7 € [E] and i € Z and noting ), [px); = 1 and ), [qr]; = 1, the

S S 3 [Daw Wl + (T fiwi) — Vi) wi - w1

ke[K] i€ TE[E]
1 . i .
+ > Z[%]ig > [—Dgl [w[wi] + (Vgi(wi) — Vgi(wiL), wi — w >} [1— 1]
ke[K] i€ TE[E]
4 Lo i 4vLo i i
< HLAE-DE+ 222 ST STi|| Y 2|+ Wﬁg o>l Y <e§€)‘r EC)T>
\ By ke[K] i€T TE[E-1] By ke[K] i€T TE[E-1]

1.5: rewriting the 5th term in the decomposition of inner product 3,  x(u, wj, — w*)

We introduce the the direction vector dj, := % which satisfies ||dg|| < 1 by the assumption of finite diameter D of the

parameter space © assumption 4.3. From the definition of z,(:) and u,i ), u,E ), we have:

S0 g _ 29
W — Wk B, Z
TG[E]
Therefore, the 5th term in the decomposition of inner product » c[K] (ug, wp — w*) can be rewritten as:

NI S v 2D D DLUD DECHELY

ke[K] i€ ke[K] i€l TE[E]

1.6: rewriting ||u,(f) - ﬁ,(f) || in the upper bound of 7 3=, _ ;, [[ux||> By using the above equation with z,(j)T and ﬁ,(f), u,(;),
the term in the upper bound of 2 >, ek e | can be rewritten as:
2

n22mm<W—ﬁ%zz S )
K €T

i€z By T€[E)
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Step 2: Upperbound > [F(wy)— F(w*)|1yand Y G(wg)1
ke[K] ke[K]

We introduce a filtration (]:t)tezz,l to track the information up to time ¢ := ind(k,4,7) = k-nE +1i- E 4+ 7 and F; :=
O'((C](J,z./)ind(k’,i',rl)<t, (&r' )ina(k ,0,0<¢) With F_1 = {0, Q}. These introduced notations satisfy the following:
1. the indicator 1, = 1, (w))<s is Fr-measurable; (from the definition of Gr(wg, &) = m(g(wg, &), @)

2. the softmax weights ry such that ), _;[rx]; = 1 and [ry]; > 0 and is F;-measurable; (from the defintion of ry)

ri = prly + qr[l — 1x] = softmax(af (wy, &))1x + softmax(ag(w, &x))[1 — 1]

3. the direction vectors dj and e,(f) such that ||dg|| < 1 (from the definition of dj, and the assumption of finite diameter of the

parameter space © assumption 4.3) and ||e,(€i) || <1 (from the definition of e,(j) and the assumption of Lipschitz continuity as-

sumption 4.2) and are F;-measurable; (from the definition of dj and e,(j))

- (i) T (%)
W —w o 1 VSilwy ) = Vii(we) 1~ Voi(wy, ) — Vgi(wy)
dszk, e,(ﬁ)EfE k, 5T 1, + — E k, 5L [1— 1]

T
T'=1 T/=1

4. the condtional 1-subgaussian random variable z,(f) such that E[zk | Ft] = 0and ]E[exp(HZkl 1?) | F¢] < 2 and therefore

InE[exp(\(e, zfﬂ)) | ] < ln]E[exp()\Hz(Z) ||) | Fi) <A ® Ve € S%-1 VA € R, and is F;1-measurable. (from the definition

of z,i )T, independence of all C and &, = (5 h )iez and the assumption of sub-Gaussianity of stochastic gradients assump-

tion 4.4, and lemma B.7 for subgauss1an1ty of random variables, lemma B.8 for subgaussianity of the average of subgaussian
random vectors)

L0 = VIO G0) VA Ve G - Vaiwil)
kT: k

20,/ /B, " 20,/ /By

2.1: terms in the upperbound of >, ;o [F'(wy) — F(w")]1k

By using the polarization identity lemma B.2 and the established lower bound of 73", ¢ |luk||? and the lowerbound of

— *112 . . . .
>k €[K] (ug, wi, —w™) in the previous step, dropping the nonnegative term M, noting the assumption of finite diameter

of the parameter space © assumption 4.3 then ||wo — w*|| < D, we rearrange the terms and obtain the following upperbound
of > ey [F'(Wr) — F(w™)] 1y

. € +e € eK D2
S Fwi) = Fw)le £ 5 3 o= Y [Gulwin ) — 5| 1= 1] = 5+ - + LK + 20 L (B - DK
k(K] ke(K] ke[K] 7
+ 2 ) (Wi &) — F(Wi)llo i+ D l18(We &) — 8(Wi)|loo[1 — 14]
ke[K] ke[K]
2
4no? i 4vLo i
P Dy 1 D oprel (20 YD w et D o
9 ke[K] i€T T€[E) By ke[K] i€T re[B-1]
2Da, (i) 47Lag (i) ()
S S 3 () ¢ S S S (o)
9 ke[K] i€l TE[E] 9 ke[K] i€l TE[E—1]

By choosing the local step size 7 = 4, and applying triangle inequality ||x — y|| < [|x|| 4 ||y, then:

4vL i anL ; anL
;%ZZM Zzgﬁgggﬁ. S S| 3 0|+ 31 ZZ% 2

ke[K] i€ TEE—1] ke[K] i€l TE[E] K] i€
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Noting E[X]? < E[X?] and 2,/7y < x + y for any z,y > 0, then we have:

4no? i
B S S zz,ga:zwx%-;m > o)

ke[K] i€l TE[E—1] ke[K] i€l TE[E-1]
2 2
dno2 1 i
< Sz R LS| S A <ok LS S| S )
g

ke[K] i€l relE—1] By ke[K] i€T re[B-1]

Hence, we can upperbound } -, ¢ [F' (W) — F'(W™)]1j, as:

> [F(wi) — F(w*)]1

ke[K]

€ +e eK D? 1
Z 1y — Z {Gk (Wi, &) — 5} [1— 1] — 7+7+477L2K (1_2E)
kE[K] keE[K] N

SEDILENARLIATR IS o EUACARFORINIESEERCCH LS 3p »tl Dokt
€[K]

IN

2

ke[K] kE[K] By T€[E]
4 L ;

N 2Dag ' frls dk,z Ui Ug ) [r1); - e(z) (4)

k,7 k,7 k T
ke[K] ieT r€[E] ke[K] ieT re[E-1]
47]L0’
+ \/J Z Zrk |zkE 1l
By Iee (K] i€eZ

2.2: terms in the upperbound of 3, ., G(wy)1x
Noting G (w, &)1k = Gk(Wk,Ek)ﬂGk(wk,gk)g; < §1y, applying lemma B.4 of softmax mean m(x,a) with softmax
hyperparameter o > 2122 then G/(wy, &) — Gr(Wi, &) = maxiez[g(wr, &)]; — m(g(wi, &), @) < 5, using G(w) —

G (Wi, &) = maxiez[g(W)]i — maxier[g(W, §k)]i < maxiez[g(Wi) — 8(Wk, &r)]i < l8(Wk, &k) — 8(Wi)[|oo:
Z G(wp)l, = Z (Gr(Wi, &) + [G (Wi, &k) — G (Wi, &r)] + [G(Wi) — G(W, &x)]] 1
ke[K] ke[K]
< O Z lg(wr, &) — g(wi) oL
ke[K]

2.3: upperbounds of >, o [1f(Wk, &) — £(Wi)lloc L and 3= 1) l8(Wi, €k) — 8(Wi)[|oo L, [1 — 1]

By applying the established lemmas B.7 and B.8 for subgaussianity of random variables and subgaussianity of the average of

subgaussian random vectors with assumption 4.4, and lemma B.10 of maximal inequality of subgaussian random variables with

Zj f(wg’“;f’;)\/%w’“), gk(w;gf;i/%’;(wk) T « 1k, [1 —1g) and 6 < g, the following upperbounds hold with probability at
s

5.
least1—3><g—1—§.

21 12Kn
3 (I (wr &) — £(Wi) oo 1k < 20 Z L
ke[K]

211,1 12Kn
> llg(wi. &) — g(wi)llooLi < 20¢ > L
ke[K) ke[K]

21 12Kn

3 llg(wi, &) — g(wi) o[l — 4] < 207 D -1
ke[K] ke[K]

(1)
r€[E] Zkl,T

2.4: upper bound of >, 1) >~ c7[rkls
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For brevity, with the correspondence ¢ := ind(k,i,7) = k- nE +i- E + 7, we define such a filtration (Gi)rez._, by
G_1={0,Q} and G), = Fp( 21 and z,(:) = ﬁ > orelB) ZS)T Then from the definition and properties of z](;)T listed at the
beginning of the Step 2, we have:

i - i )\2
Elz{) |G, =0, WmEfexp(\|z]) | Gi]] < 5, VA €R,

and z,(;) is Gi41-measurable. Morevover, ry, is Gi-measurable from definitions of r and Gi. We rewrite the summation as:

SN i | Y 22 —4EZZrk lillzl 12 =48 Y X,

ke[K] i€ TE[E] ke[K] €T ke[K]

where X3, := ), /[ri]i sz 2. Then using Jensen’s inequality with Y, _7[rx]; = 1, [rz]; > 0 and ry, is G,-measurable, and
the tower property of conditional expectation, we have the following inequality when A € (0,1):

Elexp(AX/2) | Gi] < > [rliElexp(M|z(”|?/2) | G] < maxﬁ[eXP(AIIZ;f)H /2)| Gl < (L=N)712
i€l

since by introducing an independent standard Gaussian z ~ A(0, 1), using E_[exp(A\z2/2)] = (1 — \)~¥/2 for A € (0,1):
Elexp(\2”]12/2) | G4] = E[E.[exp(VAl|zy"[|2) | Gr]] = E. [Elexp(VAz|z]]) | Gk, 2]] < E-[exp(Az?/2)] = (1 - )~/

Therefore, noting X}, is G 1-measurable, for any A € (0, 1), we have:

A K A K
—K§—|—lnE exp Z Xk z—)\?—&- Z InE {exp (2Xk) |Qk] S;[ A—In(1-X)] <
ke[K ke[K]

By using the Chernoff bound, and introducing ¥ (u) := sup,¢g,1) uA — we have:

/\2
a-x-
P > Xp>K(1+u/2)| < inf—5(2+u))\+lnﬂi exp Z Xe ]| < —Ew*(u)

kE[K] B Too 4 ke [K] - 4

By the characterization of sub-gamma random variables, see also equation (2.5) in section 2.4 sub-gamma random variables,
on page 29 of Boucheron et al. [2013]. we have ¢*(u) = (v/1 + u — 1)? with its inverse function ¢*~1(v) = 2\/v + v:

Pl S x> KO+o )2 | =k 3 x> K0+ Vit gexp(—fv>

ke[K] ke(K]

By selecting v = il 5 and noting 1 + /v +v/2 < 2 5 + v, with probability at least 1 — ¢, we have:

2

SO il Y z2)) || =4E > Xk§4E~K(1+ﬁ+v/2)§4E-K<2+v) :2E(3K+8ln§>

ke[K] €T TE[E] k€E[K]
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2.5: upper bound of 3=, 1) >z [Tr]i 2o <dk, szl>

With the correspondence ¢ := ind(k,i,7) = k- nE + i - E + 7, we define such intermediate quantities, T = K -n - E,
vy = [rglidg, z¢ = zé)T, and S; = Zt,e[t] (vp,zp), Vi = Zt'e[t] |v¢]|2. Then, since z; is F;,1-measurable and vy is
JFi-measurable, then S; is F;-measurable, V; 1s F;_1-measurable.

Then for M; := exp ()\St — )‘721/}), which is F;-measurable, we show it is a supermartingale by using Theorem 4.2.4 on page
189 of Durrett [2019] ans showing that the following inequality holds:

)\2
E[Myt1 | Fe] = M -E [GXP ()‘<Vt7zt> - 2||Vt||2> | ft} < M;

Therefore, we have E[M7] < My = 1 by the tower property of conditional expectation, which implies:

)\2
E fexp | A Z (vi,2z¢) | | <E |exp Z [vel? | | <exp (2KE>

te[T] te[T
since we have the following fact using [|dy|| < 1and >, 7 [rr]? <3 ierlre]i =1
DAVl = D0 Yl D lldel* < KE
te[T] ke[K] i€ TE[E]

By using the Chernoff bound, then for any v > 0, we have:

. A2 u?
P t§]<vt,zt> >u | <exp (}1\1;% —Au+ 2KE) < exp <_2KE)

By selecting u = /2K E In &, with probability at least 1 — 3, we have:

Z Zrk Z <dk,sz> = Z<Vtazt> < m

ke[K] i€ TE[E] te(T)

2.6: upper bound of > ) > iz [t1li Xm0 T <el(cl,)'r7 ZI(CZ)T>
With the correspondence ¢ := ind(k,i,7) = k- nE + i - E + 7, we define such intermediate quantities, T’ = K -n - E,

V= [I‘k]iTe,(jz_]lTE[ E—1]» Zt = zé) , then by the same procedure of showing supermartingale, we also have
£ lexp (A S iz | [ <B e (2 30 vl )| <exn (255 -nw -3 -2
te[T] 7 - te[T] a 23

since we have the following fact using [lex || < 1,3 ¢y 2 =1(E-1)(E-3/2)(E—2)and >ielm [rp)? < 3iezlrli =

1:
> vl = ZZrk S Plelll < (B - 1)@ -3/2)(E - 2)

te[T) K] i€l TE[E-1]

By the same procudure of taking Chernoff bound, with probability at least 1 — %, we have:

S 3 > r(efnl) = 3 vz < \/2§((E—1)(E—3/2)(E—2)1n§

ke[K] €T TE[E—-1] te([T]

30



2.7: upper bound of 3, ZieI[rk]inx)E—l || With the correspondence ¢ := ind(k,i,7) = k- nE + i - E + 7, we define

such intermediate quantities, T = K -n - E, a; := [rp)il—p_1, 2t := ||z,(;)T||, then by the same procedure of showing
supermartingale, we also have

A2 A2
exp Z as2¢ <E |exp - Z af < exp (2K>

te(T) te[T]
Since >, 7 [ri]? < >,z [rkli = 1, we have:
D ai= Z DInE D Wip= D D i<
te[T) K] i€l TE[E] ke[K] €T

By the same procedure of taking Chernoff bound, with probability at least 1 — g, we have:

Z Zrk HZkE = Zatzt \/m

ke[K]i€L te[T)

Step 3. Establish Final Bounds
3.1: rearranging terms in final bounds

21n 12Kn

By selecting €’ = € — 4o¢ , and rearranging the terms with the established bounds in Step 2, we have:

Y [Flwy) = F(w")]L

N
oM
(]
=
ol
|

Z [Gk(wm&)—f} [1_]1k]_d(+D+477L2K<1_1>

2 2 2n 2F
ke[K] ke[K] ke[K]
21n 12En 1602 8ln 8
2 * K 9 ) K
TR TR " B,E < K
2In 8 2F 1 3 2 8
2D oK +4nL -=]{1-==)(1-% |- K
o\ g RE T “g\/ngK E> ( 2E) ( E> "
I L
1% B\ B,k
Z Gwp)ly < € Z 1
ke[K] ke[K]
with probability at least 1 — ¢ with step sizes 7,y such that v = 2, and softmax hyperparameter o > 2 1“ 28R
3.2: selecting step sizes 7, 7, tolerance ¢ and softmax hyperparameter «
By balancing the terms 12)—;, 4nL? K, we selecting step sizes as:
D B D
"TIvsE T LEVBE
By upper bounding 1 — 53 <1 \/ - D1-32)1-3)<1- 31_42, ans substituting the global step size 1), we have:

. ¢ ¢k DL 21n 12Kn
> [Fwi) = F(w")]lp < ezi(]lkk%][Gk(Wk,Ek)Q}[l]lk]2+ K/80K+20< TC'K

N Do} (3+81 8) K 49D 2In 3 <1+ E (1 9/4 >+ 1 > K
O’ .
LBE+\/K/32 K ’V BKE V6K E+2 2KE

Noting that for E = 1, we can show that the above bound still holds without —( 2) 2; —
9 /4

terms with Zre[Eq] are 0 when F = 1. For £ > 2, we note that W( E+2) + \/7 < \/t is valid. Combining these

in the last term since
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‘752;/39

45> We have:

two cases, and introducing the “effective” gradient variance 6’3 =

Z [F(Wk) — F(W*)]]lk S € Z ]1;9 — Z [Gk(wk,ﬁk) — %} [1 — ]lk]

k€[K] ke[K] ke[K]

P 1+22<3+8m§>+ 1 8(1+ b ) oy [P

— | e+ ——= o Og1/1n — — oA ——="—

2 JE/32 g K g\ s VoK ‘' B
By letting the sum of constant terms to be 0, noting €’ = ¢ — 4o¢ 2 m;zf" , we obtain the following tolerance:

DL 8In 8 E
== 1+2&2<3+ 5>+& 1n<1+)
VK32 g K Voo V6K
DL 8ln & 8 E 21n 12En
= — 1+2a2<3+ 5)+a ln(1+) + 40 .
VEK/32 g K IV VoK ‘\'" B

Then, we obtain the following inequality with probability at least 1 — 4:

3 [Gk(Wk,ék) - %} L-1]+ > [Flwe) — F(w)] 1y < e Z] 1

kE[K] kE[K] ke[K

We show > kelK] 1, # 0, otherwise, from the above inequlaity, and using the definition of 15 = ]le(Wk,ﬁk)ng we have
Gr(Wk, &) — 5 > 0,[1 = 1] = 1,1 = O for all k € [K], which leads to a contradiction as follows:

0< Y [Gk(wk7£k)—a 1-1]+0<e-0=0
ke[K]

Noting that 0 < [G (W, &) — §][1 — 1], we have the following inequality with 3, o ) 1s; # 0:
> [F(wi) = F(w)] 1 <€ Y 1y
ke[K] ke[K]

By introducing a probability measure P on the set of iterations [K7] such that P (k) = 11/ >y (x) Lk, Yk € [K], and using
the convexity of F, G (assumption 4.1 and lemma B.3) and defining Wg := Epp, [Wi] = Zke[K] wily/ Zke[K] 1}, then:

F(Wk) = F(W") < Eppy [F(wi) — F(W)] <€

G(Wg) < Epopy [G(wy)] < €

when the softmax hyperparameter o > # is large enough. O
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D Proof for Result of Switching Strategy with Full Participation

Proof for Main theorem 4.6 of Algorithm 2. When the number of local updates £/ = 1 of full participation case of Algorithm 3,
it becomes the simple version Algorithm 2. The Step 1 and Step 2 in the proof for Algorithm 2 are the same as the Step 1 and
Step 2 in the proof of Algorithm 3, except replacing g with % in steps 2.4-2.5 since the terms in 2.6-2.7 of ZT:[ g1 are 0in
the upper bound of oz [F'(Wy,) — F'(w”)]1 is O when £ = 1, noting that in step 2.4 Hz](f) || is §-subgaussian when E = 1
(tighter than 1-subgaussian in general proof) therefore i x “original upper bound” is still a valid upper bound.

Step 3. Establish Final Bounds

3.1: rearranging terms in final bounds

By selecting ¢’ = ¢ — 4o 20 ;2“ and rearranging the terms with the established bounds in Step 2 and letting £/ = 1:
* eK D?
Z [F(Wk)—F(W )}]lk < € Z 1, — Z {Gk(wk,ﬁk)—§} [1—ﬂk]—7+7+2nL2K
kE[K] ke[K] ke[K] "
0y, 21D 12kn K 2no] 5, 8 8 K 49D 2In § X
aoc BC T, 07 e TP\ B K

Z G(wi)ly < Z 1y
ke[K] ke[K]
with probability at least 1 — ¢ and softmax hyperparameter o > 216#
3.2: selecting step sizes 77 v, tolerance ¢ and softmax hyperparameter «

By balancing the terms = 277L2K we selecting step sizes as: = oL \/?. Substituting the global step size 7, and introducing

2
the “effective” gradient variance ag = ”LQ/ XB > we have:
> [F(wg) — F(w")] Z I [Gk Wi, &) — } [1— 1]
ke[K] K] ke[K]
LK L 2DL 1452 3+81n§ v fsm8l 14 2In 12K
5 € i I o n o¢ Be
By letting the sum of constant terms to be 0, we obtain the following tolerance:
2DL 5 8ln¥\ 8 2In 12K
Ezﬁ 1+O'g(3+ K +Ug 81115 +40’C TC

2In2En  9opp, In & 8
¢ =e—4do¢ Bf =% 1+ <3+ e >+og 8In

Then, we obtain the following inequality with probability at least 1 — 4:

> [Gewig) =511+ Y [Fw) - Fw)Le<e Y 1

kelK] ke[K] ke[K]

We show Zke[ K] 1 # 0, otherwise, from the above inequlaity, and using the definition of 1; = LGy (wi gr)<s> we have
Gr(Wk, &) — 5 > 0,[1 = 1] = 1,1, = O for all k € [K], which leads to a contradiction as follows:

0< > [Gk(wk,ék)—a 1-1]+0<e-0=0
ke [K]

Noting that 0 < [Gy(wy, &) — §][1 — L&), we have the following inequality with 3, .z 1x # 0:

> [F(wi) = F(w*)] 1 <€ Y 1y

ke[K] ke(K]
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By introducing a probability measure P on the set of iterations [K] such that P (k) = 11,/ 3"y (5 Lk, ¥k € [K], and using
the convexity of F, G (assumption 4.1 and lemma B.3) and defining Wg := Epp, [Wi] = Zke[m wily/ Eke[K] 1;, then:
F(WK) — F(W*) < Expy [F(Wk) — F(W*)] <e€

G(Wi) < Epnpyc [G(Wr)] <€

2Inn ;
when the softmax hyperparameter o > =7 is large enough.
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E Proof for Result of Federated Learning with Partial Participation

Proof for Main theorem 4.10 of Algorithm 1. By applying lemma B.2 to the update rule wi; = Wy — nuy with step size
n > 0, we have

(up, wip —w") = o (hw = w1* = [[wipr = w7l?) + 3 [

For brevity, we write 1, := Lg, (w, &)< With Gr(wi, &) = m(g(wg, &), ). The local direction uy is given by the

following equation and local updates are given by w,(C )r+1 = w,(C . {Vf (w,C - ,i )T)]lk + ng(w,c - ,i)T)[ — 1]

(@ (2)

)
ul(c):M_ E Vfl k‘r’ kr)ﬂ +7 § :ng Wk:T’ (3')[ _]lk]
/y TE[E TE[E]

where ( ) is the sample at the 7-th local update step of the k-th epoch for the i-th client, and W]i)o = Wy is the initial

local parameters for the ¢-th client. The direction uy, is given by the following equation with the brev1ty notations py, :=
softmax(af (wy, &)) and qi, := softmax(ag(wy, &)), and we introduce rj, := pipl; + qi[l — 1]

uy = Z ([Pr)ile + [akli[1 — Tx])uy, @) — Z[rk]iu,(f)

To help the analysis, we introduce the following notations:

Z Vi Wk O+ — Z Va(wi )L —1i), @) = Vfi(wi) L + Vai(wi)[1 - 1]
TE[E] re [E]

Step 1: Upperbound > ||ux||? and Lowerbound > (u;,wj — w*)
ke[K] ke[K]

Then we can decompose the direction as ug) = ﬁg) + (ug) - ﬁ,(f)) = 1‘1,(;) - (ﬁg) - ﬁ,(f)) — @ (i)).

(o), —
L.1: upperbound of 1 3=, ] [l
Then by using 1[x — y[? < [x[|> + |ly||>, E[X]?> < E[X?] and the assumption of Lipschitz continuity assumption 4.2

(IVfi(w)|| < L, ||Vgi(w)]|| < L, therefore Hﬁ](;)H <L, |[Yiez, [rkliﬁg)H < Lusing )7, 7 [rg]i = Land all [rg]; > 0):

<77L2K—l—77 Z S freillug? - ag?)?

lGIk

Zrkzuk "l‘zrk _uk:))

€Ly, €Ly

Z e |* = Z

ke K] kelKl

1.2: decomposition of inner product 3, 1 (uy, w, — w*)

We decompose the inner product by introducing the Bregman divergence Dy, [w'||w] := f;(w')— fi(w)—(V fi(w), w'—w) >
0, Dy, [W'||w] := gi(W') — g;(w) — (Vgi(w),w' — w) > 0 for convex functions f; and g; from assumption 4.1, therefore
(ug, wp —w*) = (filwi) = fi(w") + Dy [w||Wi]) g + (9i(Wi) = gi(W") + Dy, [w*[[W])[1 — 11]:

Z (ug, W — w™)

ke[K]
= Z Zrk uk ,wk— Z Zrk —uk),wk— Z Zrk —uki),wk—w*>
kE[K] i€y kE[K] i€ ke[K]i€Ly
= Z Z Pili(fi(Wk) N1y + Z Z arli(gi(wi) — gi(w))[1 — 1]
ke[K] i€y ke[K]i€Ty
= ey 3 [F0n Il + (Viwi) - Vi), wi - w)] 1
ke[K] €Ty, Te[E]
=Y Sladig S0 [0l + (Vai(wi) — Vailwi), wi - w11 - 1]
ke[K]i€Zy -re[E]
=30 Y i@ - u wi - W)
ke[K] i€y
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1.3: lowerbound of 1st and 2nd terms in the decomposition of inner product >, €[K] (ug, wi, — w*)

Regarding the first and second terms in the above equation for the inner product, using the definition of F(w;Zy) =
max;ez, fi(w;Zy) and G(w; Zy) = max;ez, ¢:(W;Zy), from the definition of w* such that G(w*) < 0in Eq. (x).

Yo pulifilw") S F(W5Z) < F(w'), Y larligi(w) < G(w*Zy) < G(w") = —[G(w™)| <0

1€Ly 1€Ly

Applying the deviation bound of softmax mean lemma B.6 with o > 216# and substituting x + f(wy)z,, 0 < f(wg, &)z, —
f(wy)z, and x « g(wy)z,,0 < g(Wk, &)z, — &(Wk)7,, then we have

Sopilifiwe) = FwisT) = 2]f(we &)z — W)zl — 5
1€y
6/

= F(wg) = [F(wi) = F(wi; Zi)] = 2[[f (Wi, &)z, — (W) 7, [l — 5

Z [arligi(We)z, [L = 1x] > [Ge(Wk, &k L) — 8(Wr, &) T — 8(WE)Z lloo] Loy (wi th:Zi) >
1€Ly

[Grwi €570 = 5| 11 = 1l + (5 — (Wi €)5, — 8(Wa)zi 1 ) [1— 1]

Combining the above, we have the following lower bound for the first and second terms in the equation for the inner product:

Z Z prli(fi(wi) Ny + Z Z arli(9i(wWe) — gi(w*))[1 — 1]

ke[K]i€Ty ke[K]i€Ty
+
> 3P = PO+ Y |Gr(wis €6 Ti) = 5] [1 = 1 + 1GOw)] D2 11— 14 + 7—6 3

ke[K] ke[K] ke[K] ke[K]
=2 3 f(wr, &) = EWR)lloo Tk = Y l&(wi, €x) — 8(Wi)loo[1 — 1]

ke[K] ke[K]
- Z kazk)]ﬂ

ke[K]

1.4: upperbound of 3rd and 4th terms in the decomposition of inner product } _, - (K] (ug, wr — w™*)

Regarding the third term and fourth term in the equation for the inner product, we noting the three-point Bregman divergence

identity lemma B.1 by substituting ¢ < f;, g;, X Wi, X' < W*, X w,(g) , and using the fact that Dy, [-||-] > 0, Dy, [-||-] >

0 from the definition of Bregman divergence for convex functions fl and g; from assumption 4.1.

— Dy, [w*[[wi] + (V fi(wi) = Vfi(wil), wi) —w*) = =Dy, [w*[[wi)] — Dy, [wi |lwi] <0

—Dg,[w*|lwi] + (Vgi(wi) — Vai(wi ), wi — w*) = =Dy, [w*[[wi] — Dy, [wi) |lwi] <0

Using (wy, —w,(C Le =73 Vfl(wk‘T,, ,(;;)T,)]lk and (wy, —w,(:;)T)[l — L] =72 e Vgi(wl(;)T,, ,iz)T,)[l — 1] from

the update rule, and applying Abel s summation formula ETE[E] (a;,B;)=(Ag,Bg_1)— ZTE[EA] (Ar41,b;) withag =

0.A; =Y 1cpy @r By i= Y () b and substituting @ < V fi(wi) = V(W) by  Vfi(wi, () =V fi(wi),
then again applying Cauchy-Schwarz inequality and Lipschitz continuity assumption 4.2:
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il Z (Vfi(wg) Vfi(wgl),wk —W,il}]lk

TE[E

-2 Y Y

TG[E]T elr

Viiwe) = VEi(wil) Vii(wi)) .
| 2L L b

+4fyL(gg/\/Big)<1 Z vfz( k) sz( k,r)7 Z sz( kT; k.,.) sz( T)>]lk

ETG[E] 2L TE[E-1] 209/V
1 VSilwi) = VW) Viwi) ¢ =V fi(wi)
—4vL(og/\/By) Z T< Z —, B 1
TE[E—-1] T T'e[T+1] 2L 209/ g

IN

+AvL(og/\/By) Y

where the intermediate vector e,

continuity assumption 4.
Vgi(wr)—Vgi (WS,L/)

UGB

2yL*(E — 1)1 + 4y L(0gy//By)

S VHiwy ¢y — Viwi))
TE[E-1] 209/ \% Bg
g GG~ VAWED
Cr.7 204/+/ By k

1 Vfi(wi)=Vfi(wi" )
=7 2rrefr] Cym—

2 and hence |V f;(wy) — Vf; (Wk T)|| < 2L. Similarly, by introducing the intermediate vector

1y

TE[E—1]

(@) . _ satisfies He;yT)H < 1 by the assumption of Lipschitz

satisfies ||e;, T) | < 1 by the assumption of Lipschitz continuity assumption 4.2 and

1
Crr T 77 ZT’E[T+1]

hence ||Vg;(wi) — Vgi(w

oL
,(;)T)H < 2L, then:

1 i i
5 2 (Voilwe) = Vai(wi), wi = wil )1~ 14

TE[E)]
Vgi(wi Gi) — Vai(wi))
< 29L*(E —1)[1 — 4] + 4vL(a4//By) T T\ L= 1y
! ’ re%‘: 1] 209// By
) Vaiwi 6i) = Vai(wi)
+4yL(og/\/By) > T<e;g<;>, T kT T2V (1= 1)
TE[E-1] ’ 209/ \ Bg
: : : () &) ) 9l VWi G~V fi(wi)
We introduce the following notations, e := A + e[l — 1) and z, = 720 /T\/> =1 +

th(Wk 8k 1—) Vgl(wk -,—)

20.(7/\/7.

[1 — 1)]. Summing over 7 € [E] and i € Zj and noting > ;.7 [Px]i = 1 and > ;7 [ax)i = 1,

the upperbound of the 3rd and 4th terms in the decomposition of inner product ), €[K] (ug, wi, — w*) is given by:

S Sl X0 [Dnw llwal + (Vitw) - Vawi), wi - w)] 1

ke[K]i€Ty

TE[E]

Y Sy X [0l + (Vaitwi) — Tai(wih), we —wh)] 1 - 1]

ke[K]i€Lk

< 2yL*(E —

TE[E)]
4vyLo, (i) 4'7-[/09 @ )
DE+—22 >0 > mdi|| Do 7 = > 2l Y ™ (el z)
By ke[K] €Ty TE[E-1] By ke[K]i€Ty TE[E-1]
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1.5: rewriting the 5th term in the decomposition of inner product 3 - (uy, wj, — w*)

We introduce the the direction vector dj, := % which satisfies ||dx|| < 1 by the assumption of finite diameter D of the

parameter space © assumption 4.3. From the definition of z,(j and u,(;), u,(;), we have:

OO 209
A ) = -2 S g
TG[E]
Therefore, the 5th term in the decomposition of inner product >, €K (ug, wi, — w*) can be rewritten as:

S S i@ — ul, w — w) = 2’% > Sk Y (gl

ke[K]i€T ke [K] €Ly TE[E]

1.6: rewriting |u!” — @{” |2 in the upper bound of 3 >kepx) lur]|* By using the above equation with z,(j)T and @” ul”,

the term in the upper bound of § >, ¢ [l |? can be rewritten as:

1S Y el — e = 1% I N DI

ke[K]i€Ty ke[K]i€Zy TE[E]

Step 2: Upperbound > [F(wy)— F(w*)|1yand Y G(wg)1,
ke[K] ke[K]

We introduce a filtration (F)tez. _, to track the information up to time ¢ := ind(k,i,7) = k- nE +i- E + 7 and

Fui= o((C ) ety imaow vy <s (€4 Ve, inatrr 0.0)<es (Ti Jna(rr 0.0)<e) With Fy = {0,9}. These introduced nota-
tions satisfy the following:

1. the indicator 1, = 1, (w,)<s is Fi-measurable; (from the definition of Gr (Wi, &) = m(g(wg, &), @)

2. the softmax weights rj, such that >, _- [ri]; = 1 and [rg]; > 0 and is F;-measurable; (from the defintion of ry)

1€y
ri = prly + qr[l — 1x] = softmax(af (wy, & ))1x + softmax(ag(wy, &))[1 — 1]

3. the direction vectors d;, and e,(f) such that ||dg|| < 1 (from the definition of dj, and the assumption of finite diameter of the

parameter space © assumption 4.3) and ||e§j) || <1 (from the definition of e,(j) and the assumption of Lipschitz continuity as-

sumption 4.2) and are F;-measurable; (from the definition of dj, and eg))
oY w1 Z VW) = Vfilwi) ! Z Vgi(w;)) = Vgi(wi)
F=TTp o TR T 2L i 2L

T'=1 T/=1

4. the conditional l-subgaussian random variable z,(;)T such that ]E[z,(:)T | Ft] = 0 and E[exp(”z,(j)THZ) | Ft] < 2 and
therefore In Efexp(A(e, z. T}) | Fi] < lnI[-E[exp()\szZ | F] < ’\;Ne € S1, VA € R, and is F;11-measurable. (from
the definition of Z;CV)T, independence of all Ck’T and & = (5;(:)>iezk and the assumption of sub-Gaussianity of stochastic
gradients assumption 4.4, and lemma B.7 for subgaussianity of random variables, lemma B.8 for subgaussianity of the average

of subgaussian random vectors)

(1 — 1]

o VEWO G = VHwY)  Vawil ) - Vgilwi)

Z = 1 +
. 204//B, ' 204/ /By
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2.1: terms in the upperbound of } -, 1 [F'(wy) — F(W™)]1x

By using the polarization identity lemma B.2 and the established lower bound of 73", ¢ |lug||? and the lowerbound of

* 12
u, Wi —w™) in the previous step, dropping the nonnegative term ‘—=-5—"—, noting the assumption of finite diameter
perr) (Whs *) in the p tep, dropping th gative term AW poting th ption of finite diamet

of the parameter space © assumption 4.3 then ||wo — w*|| < D, we rearrange the terms and obtain the following upperbound
of X e [F'(Wi) — F(w™)]Li:

. € +e
Z[F(Wk)_F(W e < 5 Z Iy — Z {Gk (W, &ks Zi) — ][1—]1k w)| Z 1 — 1]
ke[K] ke[K] ke[K] ke[K]
K D?
~ S T LK £ 29 LYE - DK
2 2n
+ 2 (IF Wk &) — E(Wh) oo Tk + D [|&(Wks €k) — &(Wi)[|oo[1 — 1]
ke[K] ke[K]
) 2
dnog 1 4’yLa
+ Bg'ﬁZZ[rk]i Z EC)T gzzrk Z ch)f
9 ke[K] €Ty T€[E] g ke[K] €Ty re[E-1]
2Do ; 4vLo W) (@
+ ﬁ EDID RIS SECHEAFEC=CH SIS BTN DI IC RN
k‘G[K]’LGIk TE[E] By k€[K] i€y TE[E-1]
+ Z F(wy; Ti) [ 1k
€[K]

By choosing the local step size v = 4, and applying triangle inequality ||x — y|| < ||x|| + ||y||, then:

4L o || 4nL i || 4 L
L2209 3t DOl FEEUZAED o Y DRI FECEARD ol o AR

ke[K] €Ty TE[E—1] ke[K]i€Ty TE[E] ke[K]i€Ty

Noting E[X]? < E[X?] and 2,/7y < x + y for any z,y > 0, then we have:

2
@Lﬁ-Ezzrk > el = 3 oy ; | Y 2l

ke[K] i€y TE[E-1] 1€Ly TE[E-1]

2 2

4no? .
S I ISl IEPETSEC D 35 3 [ Sl

k€[K] i€Ty re[B-1] By ke[K] i€T re[E-1]

Hence, we can upperbound } -, ¢ [F'(Wy) — F'(W™)]1j, as:

> [F(wi) = F(w*)]1y

ke[K]
e +e

IN

oY [G (wi, € z)ff]ufn] G(w")] 2[171]—§+D—2+4nL2K - L
k k ks SkiLk k k 9 277 °F
kE[K] kE[K] ke[K]

2

=DID L DI

+ 2> Wk k) — F(Wi) oLk + D 8wk, &k) — 8(Wi)l|oo[1 — 1] +

kE[K] ke[K] ke[K]i€Lk TE[E]
2Dog 1 i dnLo @) (4
+ 9. [rs]i mzl ) g . r (e 2,
7, 8 B B ) B R EM X, <’“ )

dnLo
T ﬁq Z Zrk |ZkE -+ E [F(wy) — F(wg; Zy,) | 15,
By kG [K] i€y kE[K]

2.2: terms in the upperbound of 3, ., G(wy)1x
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Noting Gy (W, Ex; T )1y, = Gk(wk,Sk;Ik)]le(kaEk;Ik)S% < 514, applying lemma B.4 of softmax mean m(x,a) with

softmax hyperparameter o > 21;# then G(Wy, &x; Zx) — Gr(Wi, €x; Tn) = maxier, [8(W, &x)]i — m(g(Wk, &k)z,, ) <
. using G(w;Tp,) — G(wi, & Th) = maxicr, [g(wh)]; — maxier, [g8(w, &)l < maxier, [g(wi) — (Wi, &)]i <
lg(Wk, &)z — 8(Wk)z, [loo:

Y Gwp)ly, = ) [Gk(Wm«Ek;Ik) +[G(Wi, &k Tie) — Gr(Wi, §k; L )]

ke[K] ke[K]

HG(Wi ) = Gwi, €3] + [G(we) - G(wk;m]}nk

e+e
< S+ > lewr )z, — Wiz lleeli + Y [G — G(Wi; L)Lk

ke[K] ke[K] ke[K)

2.3: upperbounds of >, - ;) (Wi, &)z, — £(Wi)z, [loo i and 3 1) [I8(Wi, &)z — 8(Wik)Z, [loo L, [1 — 1]
By applying the established lemmas B.7 and B.8 for subgaussianity of random variables and subgaussianity of the average
of subgaussian random vectors with assumption 4.4, and lemma B.10 of maximal inequality of subgaussian random variables

with 7, ¢ TOVeE)z, IOz, geWe Sz, g (WTe g g (1~ 1] and 6 < 2, the following upperbounds hold with

20¢/+/ B¢ 20¢/+/ B¢

probability at least 1 — 3 X % =1- g:

24Km

21In

> (Wi, )z, — E(Wa)z, [l Li < 20¢( | —5"— > 1i

¢
ke[K] ke[K]

1 24Km

> le(wi &)z, — 8(Wi)z, ek < 20¢ > L
k€[K] kE[K]

21n 24?"7‘
Z lg(Wk, &)z — 8(Wk)z, [|oo[1 — 1i] < 20¢ BT Z (1 — 1]

¢

k€e[K] k€E[K]

. 2
TE[E] Zl(c,)'r

2.4: upper bound of Eke[K] > i, [Tk
For brevity, with the correspondence ¢ := ind(k,i,7) = k- nE +i - E + 7, we define such a filtration (Gy)rez. , by
G-1=1{0,Q} and Gy = F, g+ 1, and z,(c) = ﬁ > relE] ZECZ)T Then from the definition and properties of z,(;)T listed at the
beginning of the Step 2, we have

7 =g i )\2
Elzy” | G =0, WlElexp(Alz’l) | Gull < 5 VA€ R,

(@ -

and z,,’ is Gy 1-measurable. Moreover, ry, is Gi-measurable from definitions of ry and Gj,. We rewrite the summation as:

YD DR IR pib pMAFICRNTED gp?
kE K] 1€Ly TE[E kE K] 1€Ly kG[K]
where Xy := > 7, [rk]in,j) [|*. Then using Jensen’s inequality with 3, [rx]; = 1,[rx]; > 0 and ry, is Gy-measurable,
and the tower property of conditional expectation, we have the following inequality when A € (0, 1):

Elexp(\Xy/2) | G < D [relElexp(N|z}|17/2) | Gi] < maxE[eXp(AHZk 12/2) 1G] < (1= N)7/2

€Ly,
since by introducing an independent standard Gaussian z ~ A(0, 1), using E.[exp(\22/2)] = (1 — A)~'/2 for A € (0,1):
Elexp(Alz1*/2) | Gi] = E[E-[exp(VA[lz,”|2) | Ga]] = E-[Elexp(vVAz |12} | G, 2]] < Exfexp(A2/2)] = (1-3) 72

Therefore, noting X}, is G 1-measurable, for any A € (0, 1), we have:

A )\ K
—K§+lnE exp E X :—)\5—&— E InE [exp( ) |Qk] SE[ A—In(1-X)] <
ke[K ke[K]
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By using the Chernoff bound, and introducing 1" (u) := sup,¢o,1) uA — (1%2/\), we have:
WP [ S Xe> K +u/2)| <inf ~S@+uwr+nE e (23 x| | < -Eorw)
k= =320 14 Pz o B

ke[K] ke[K]

By the characterization of sub-gamma random variables, see also equation (2.5) in section 2.4 sub-gamma random variables,
on page 29 of Boucheron et al. [2013]. we have ©*(u) = (v/1 + u — 1)? with its inverse function ¥*~*(v) = 2y/v + v:

Bl Y Xz Ku+w(0)/2) | =P 3 Xe > K(1+Vo+v/2) <eXp(—I4<U>

ke[K] ke[K]

8 .
By selecting v = 41;5 and noting 1 + /v + v/2 < % + v, with probability at least 1 — %, we have:

2

) _ 3 _ 8
SO ki || D 7k —4EZXk<4E-K(1+ﬁ+v/2)<4E-K<2+v)—2E<3K+81n6>

ke[K]i€Ty TE[E] ke[K]

2.5: upper bound of 3=, ;1 > ,cr, [Pli o c <dk, zg)7>

With the correspondence ¢ := ind(k,i,7) = k- nE + i - E + 7, we define such intermediate quantities, 7' = K -n - E,
vy = [rg]idg, ze = Z;C)T, and S; = Zt'e[t] (vp,zp), Vi = Zt'e[t} |vi/||?. Then, since z; is F;41-measurable and v, is
JFi-measurable, then S; is F;-measurable, V; is F;_;-measurable.

Then for M; := exp (AS} — ’\;Vt>, which is F;-measurable, we show it is a supermartingale by using Theorem 4.2.4 on page
189 of Durrett [2019] and showing that the following inequality holds:

/\2
E[Miy1 | Ft] = M; - E {eXp (A(vt,zt> — 2||Vt||2> | ft} < M,

Therefore, we have E[M7] < M, = 1 by the tower property of conditional expectation, which implies:
)\2
E |exp | A Z (v, 24) <E |exp Z [l ve|? < exp (QKE>
te[T] te[T

since we have the following fact using [|dy|| < 1and 3,7, [r ki < iz, vl = 1:

SvelP= 3" Y2 Y ldl® < KE

te[T] ke[K]i€Ty TE[E]

By using the Chernoff bound, then for any v > 0, we have:

/\2 2
P t;;](vt,zQZu §exp(1nf —Au+ 2KE) exp( 2?(E)

By selecting u = /2K F In &, with probability at least 1 — 2, we have:

Z Z rgl; Z <dk7z,(f7)7> = Z (Vi ze) < \/m

ke[K] i€y TE[E] te[T]
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2.6: upper bound of 3=, ;) > ic 7, [P]i X cpoy T <e,(;)7, z,(;)7>

With the correspondence ¢ := ind(k,i,7) = k- nE + i - E + 7, we define such intermediate quantities, ' = K - n - E,

\Z [rk]ﬂe,(c )Tllre[ E—1]» Zt = zé )T, then by the same procedure of showing supermartingale, we also have

B e (A3 i) || <2 e (3 3 v?) | <o (G5 E-1E-32E-2)

te(T] te[T] 23
since we have the following fact using [lex|| < 1,3° c(5_y 72 = L(E-1)(E-3/2)(E—-2)and D icizylr k)2 < > ier, [Tkl =
1:
2 2 () 2 o K
Dolvell= 30 D ld Y Pllel < S (E-1)(E-3/2)(E-2)
te[T) ke[K]i€Tk TE[E—-1]

By the same procedure of taking Chernoff bound, with probability at least 1 — g, we have:

S 3wk Y rlelhal) = > v < \/Qf(E— )(E —3/2)(E - 2) ln§

ke[K] i€y TE[E—1] te[T)

2.7: upper bound of 3, ;> c7, [rk]i||z,(f)E_1|| With the correspondence ¢ := ind(k,i,7) = k-nE +i-FE+ 1, we

define such intermediate quantities, T’ = K - n - E, a; := [rg)il=p—1, 2t := ||z§;)T ,
supermartingale, we also have

)\2
exp Z at2t <E |exp Z af < exp <2K>

te(T) te[T

Since Zzezk[ k)7 < ZieIk [rx]i = 1, we have:

Z%—ZZ% D Lepa= D D i<

te[T] K] i€l TE[E] ke[K]i€L

By the same procedure of taking Chernoff bound, with probability at least 1 — g, we have:

Z Zrk ‘ZkE 1||— Zatzt_m

ke[K] i€l te[T]

2.8: upper bounds of >, ;¢ [F'(wy) — F(wi; Zp) |1y and 35, (5 [G(wWi) — G(Wis )| Ly

With the abuse of notation, we redefine a filtration (Gr.)rez., by Go = {0,Q} and Gy, = 0(Gr—1,Zk—1,Br—1), where a

sequence of subsets (Zy)kez-, - Unif(C,,(Z)) with Cp,(Z) = {A C Z | |A] = m} forsome 0 < m < nandZ =

{1,---,n}, are independently and identically sampled from C,,(Z), and are independent of the collection of random sample
batches B, = (( ;(:))iezk.’ (C,(ﬁ,)iezk,Te[E]) at any time k. Since wgis Gi-measurable, 7, &y are Gj.1-measurable, we

show that F'(wy) — F(wi; Zx), G(wi) — G(wi; Zi), 1 = L, (wi.trizi)<s are G 1-measurable, and satisfy the following
exponential tail bounds with C' := o /([— In(1 — m/n)]n) for any ¢ > 0 by using lemma B.13 under assumption 4.9.

B(F(wy) = F(wisTe) > ¢ Gp) < exp (—é) | B(G(wi) — G(wisTe) > £ Gr) < exp (_g)

Keeping G, 1, unchanged, and substituting Y}, < F(wy) — F(wy; Zy,), G(wy,) — G(wy; Zi,) and 6 + 2,C « o/([—In(1 —
m/n)]n) in the remark for lemma B.14, we have:

32
— . < — —
E [F(wg) — F(wg; Zi)] 1 < T = Zjn ln(l— ln E ]lkJr )] ln6 - K
ke[K] kE[K]
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Z [G(wWi) — G(Wi; L) 1y, < Cin(i= 2 ln( ln— Z ]lk+ 2 Y 1112i Z 1,

ke[K] ke[K n ke[K]

where k1= ‘%l € [0,1] is the constraint-satisfied ratio and with such a convention of In ﬁ “2reix) L = 0 when & = 0.
Step 3. Establish Final Bounds

3.1: rearranging terms in final bounds

By selecting €/ = ¢ — 4o¢y/ 2In zi?m “m (ffm)]r ln 2 and rearranging the terms with the established bounds in Step 2:
SoIF(we) - F(w)le < ey Tp— Yy [Gk(wk,fmzk) - *} [1—1k] = D14
ke[K] ke[K] ke[K] ke[K]
eK D? 1
-+ 4+ 4K (1 - —
g oy T ( QE)
21p 24Km 16nc? 8ln 8
2 * K 23 ) K
o\ T, " B,E < K
2In & E 1 3 2 8
2D oK +4nL - —)(1-==)(1-% |- K
T\ B, KE +7709\/3BK< E)( QE)( E)nd
1 [2In8 20 32
+4nLoy - — 0K+ 1 K
77 B\ BK EEEER
2
> cwte < (4 )z L
ke[K) [7 n( n )] ke[K)
with probability at least 1 — & with step sizes 7,y such that v = 2, and softmax hyperparameter o > 21n.m 1“ m
3.2: selecting step sizes 77 v, tolerance ¢ and softmax hyperparameter «
By balancing the terms 417L2K we selecting step sizes as:
D D

"=IRE T LEVRK

By upper bounding 1 — 55 < 1, \/(1 -5l -5)1-%)<1- }%42, ans substituting the global step size 7, we have:

Z [F(Wk)—F( * S € Z ]lk— Z |:Gk<wka£k§zk) 2:| [1—ﬂk | Z [1_]1k

ke[K] ke[K] ke[K] ke[K]
K DL 2In 24Km
_en + - K +20¢ sM T K
2 K/8 B¢
Do? 8In 8 2In 8 E 9/4 1
+ g 3+ 5>-K+2Da\/ 5<1+ (1 )+ >~K
LBE+\/K/32 ( K ’V BKE V6K E+2 2KE
20 lng K

BT T P

in the last term since

Noting that for £ = 1, we can show that the above bound still holds without —( 2) 2; —
9 /4

terms with Zre[Eq] are 0 when F = 1. For £ > 2, we note that W( E+2) + \/7 < \/t is valid. Combining these
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Ug/Bg

two cases, and introducing the “effective” gradient variance 6’3 = —¥35-, we have:
€ *
ES € k= Wk &kiLe) — 5| 1L — Lg) — [G(W — 1
[F(wk) — )L < 1 Gr(Wi, &3 Tk) = 5| [1 = L] = [G(w™)] D [1— 1]
ke[K] ke[K] ke[K] ke[K]
K DL In % 8 E 21In 24Km
+ —{—e+ 1+252(3+ )+c‘m/ln(1+> + 4o 0
2 VE/32 g K N7\ VK Vo oBe
L+ 4o | 32}
T 2
[— In (1 — %)] n 0
By letting the sum of constant terms to be 0, noting ¢/ = € — 4o/ 2 ;i?m ~Cm (?iﬂ)]n In 22, we obtain the following
tolerance: '
DL 8In 8 8 E
f= ———— |1+ 252 <3+ 5>+o— 1n(1+)
VK /32 K Vo V6K
DL 21n 2Em 4o 32

Bf B E D

+40C

81n 8 8 E
== 1+202<3+ 6>+U\/1n<1+)
VK /32 g K Vo V6K

Then, we obtain the following inequality with probability at least 1 — §:

Z [Gk(wk,ﬁk;zk) }[17]1]{ +‘G | Z 17]1]@ Jr Z Wk)]]lk <e€ Z 1,
]

ke[K] ke[K] ke[K

We show > ke[K] ]l;€ # 0, otherwise, from the above inequlaity, and using the definition of 1 = 1, (w, ¢,:7,)<5. We have
Gr(Wi, &k i) — § > 0,[1 = 1] = 1,1 = O for all k € [K], which leads to a contradiction as follows:

€ *
0< > {Gk(wkvékQIk) - 5} 1= 1]+ [Gw )| D [1—1k]+0<e-0=0
ke[K] ke[K]

Noting that 0 < [Gy (W, &k; Zi) — 5][1 — L&), we have the following inequality with ;¢ i # O:

D IF(we) = F(Wi)l 1 < [G(w)| D0 [L=1x]+ Y [F(wy) = F(wi)lTp < e Y 1y

ke[K] ke[K] ke[K] kE[K]
By introducing a probability measure P on the set of iterations [K] such that P (k) = 11/ >y (x) 1k, Yk € [K], and using
the convexity of F, G (assumption 4.1 and lemma B.3) and defining Wg := Epp, [Wi] = Zke[K] wily/ Zke[K] 1, then:

1<

F(WK) — F(W*) < EkNPK [F(Wk) — F(W*) <e
G(WK) < Egopg [G(Wk)] <e+ [—lrl(f%)]n In i

when the softmax hyperparameter o > 2 lﬁ,m is large enough.
3.3: analyzing the constraint-satisfied ratio ~

Since |S| = }_;c(r) Lk > 0 has been shown, we have the constraint-satisfied ratio = ‘ | € (0,1] and therefore > + inthe
analysis of the worst case. By rearranging the terms, and noting that 3 7, e 1y = # - K and >y il — L) = (1 — m) K:

|IGWH)|(1 - k) < (F(W") — F(Wk) +€)k
Therefore, we can establish the upper bound of - when —G(w*) = |G(w*)| > 0:
F(w*)— F(Wgk) +¢
Glw")]
Suppose that Slater’s condition holds, i.e., there exists w* € © and some v > 0 such that G(w*) < —v < 0, then:

K 1 F(w*)—-F(Wgk)+e K 1 DL+e
=2 <
22" 2G(w")] tmin {55+,

IN

1+

1
K

In i < Inmin (
2K
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F Experimental Details

F.1 Neyman Pearson Classification

We consider the constrained minimax optimization problem fomulated in (}), where the objective is to minimize the empirical
loss on the majority class while ensuring the minority class loss remains below a prescribed tolerance. For each client 4, the
local objective and constraint are defined as

filw) == ! Z o(w; (x,0)), gi(w) ==

mi,0

3 olwi (D),

zeD” zep®

where Dgo) and Dgl) denote the local datasets for class-0 and class-1, respectively, and m; o and m; ; are their corresponding
cardinalities. The function ¢ represents the binary logistic loss:

o(w;(z,y) = —yw' z+ log(l + ewTr) , y € {0,1}.

This formulation captures the NP paradigm: f(w) drives performance on the majority class, while the constraint g(w) < e
ensures that the minority class loss does not exceed the predefined tolerance.

We evaluate our approach using the Breast Cancer dataset [Wolberg et al., 1993], which contains 569 samples with 30 features.
We allocate 80% of the data for training and reserve the remaining 20% for testing. The training data is distributed in an
independent and identically distributed (IID) manner across n = 20 clients, ensuring each client receives an equal number of
samples and an identical class distribution.

Algorithm performance is measured by tracking the majority-class objective loss f(w), the minority-class constraint loss
g(w), and the number of rounds where the feasibility condition g(w) < € is violated. As illustrated in Figure 1, our algorithm
successfully achieves convergence of the objective while satisfying the constraint.

Table 1: Detailed setting of NP classification experiment

Hyperparameter Value | Hyperparameter Value
Number of runs 5 Global rounds (K) 1000
Step size (1, Softmax SGM) 0.5 Softmax temperature (o) 6400
Local epochs (E) 5 Batch size 32
Total number of clients (1) 20 Participation rate (m/n) 0.5
Step size (7, Baseline) 0.1 Penalty parameter (p) 2.5
Dual parameter (\g) 2.5 Dual step size (14) 0.01
Tolerance (¢) 0.1 Switching criteria e/1.1

Detailed hyperparameters are provided in Table 1. Global step sizes were selected from the set {0.1,0.2,0.3,0.5,1.0, 1.5}.

With regards to the softmax parameter «, the For centralized training, all training data is aggregated locally and trained for K
rounds, which is equivalent to the federated setting with a single local epoch (F = 1) and full client participation.

In Algorithm 1, the switching criterion is introduced as G (wg, &x;Z) < €/2. The €/2 threshold was primarily selected
for analytical convenience to strictly bound the estimation error along with the tolerance term. In practice, however, using
a denominator of 2 was found to be overly conservative, hindering overall performance. Because any denominator greater
than 1 preserves the theoretical scaling of the estimation error bounded by ¢, we relaxed the threshold to ¢/1.1.This empirical
adjustment prevents overly pessimistic switching while ensuring robust constraint satisfaction.

F.2 Additional NP Classification Result

As shown in Figure 4 (top row), the algorithm demonstrates strong robustness to the number of local epochs E. This stability
arises because the method effectively controls the scale of the update vector by averaging over the local steps. Moreover, higher
client participation rates consistently accelerate convergence, while lower participation rates hinder strict constraint satisfaction.
Because the softmax operation on a randomly sampled subset effectively evaluates an expectation, diluting the true worst-case
value. This dilution biases the switching mechanism heavily toward objective minimization, which corroborates the behavior
observed with smaller « values in Figure 2.
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Figure 4: Federated learning settings. Impact of the number of local epochs E (top row) and the client participation ratio

m/n (bottom row).

F.3 Fair Classification

Table 2: Detailed setting of fair classification experiment on Adult dataset

Hyperparameter Value | Hyperparameter Value
Number of runs 5 Global rounds (K) 500
Local epochs (E) 2 Step size () 0.001
Tolerance (¢) 0.05 | Neural network dimension (d) 6,529
Total number of clients (n) 10 Participation rate 0.5
Batch size per client 128 | Softmax parameter (c) 1.0
Penalty paramter (p) 10 Dual parameter (\g) 10
Dual step size (n4) 0.01

Fair classification task is formulated by the local objective of binary cross entropy loss and constraint of demographic parity:

1

' (z,y)€D;

Y Iylog(m(z; w) + (1 - y)log(1 — m(x; w))]
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where the subscript p and u represent protected and unprotected groups respectively. Since the demographic parity is defined
as the absolute difference between the average logits of protected and unprotected groups, the aggregation at the server is
treated with extra care. At the server, the average logits were aggregated instead of the final constraint value to recalculated the
weighted average of logits for the global constraint calculation:

g(w) := . > wlaw) - ! > ww)l,

m m
Sp z€Ds p Syu 2€Ds u

where the subscript S denote all sampled clients. Here, we explore the setting of stochastic data sampling and deep neural net-
work, making the problem highly non-convex, stochastic, and non-smooth. The experiments were conducted on Adult dataset
[Kohavi and Becker, 1996]. For the penalty-based methods, the penalty parameter was chosen from p € [0.1, 1.0, 10.0, 100.0]
and only the best results are presented. The detailed hyperparameters are found in Table 2.
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G Related Work

Federated Learning.

Since the introduction of decentralized learning by McMahan et al. [2017], Federated Learning (FL) has emerged as a corner-
stone of privacy-preserving Al. Its impact spans high-stakes sectors, from healthcare diagnostics [Rieke et al., 2020, Peng et al.,
2024] and financial modeling [Wen et al., 2023, Chatterjee et al., 2023] to battery management systems [Wang et al., 2024,
Zhu et al., 2024]. While most FL research targets unconstrained objectives, real-world deployments must often satisfy fairness
requirements, safety protocols, or resource budgets [Du et al., 2021, Huang et al., 2024, Yang et al., 2022]. This drives the
development of constrained FL frameworks that integrate these requirements directly into the training loop to ensure reliable
and compliant learning.

There have been many variants of FedAvg [McMahan et al., 2017] to tackle different aspects of FL, such as data heterogene-
ity [Karimireddy et al., 2020, Seo et al., 2024, Morafah et al., 2024], system heterogeneity [Gong et al., 2022, Li et al., 2020a,
Wau et al., 2024], and fairness [Li et al., 2021a, Badar et al., 2024]. Beyond FedAvg, ADMM-based FL algorithms have been
explored to tackle heterogeneity in FL [Acar et al., 2021, Gong et al., 2022, Zhou and Li, 2023]. Despite this extensive body of
research, the literature is heavily skewed toward unconstrained scenarios. This leaves a significant gap in our understanding of
how to effectively integrate rigorous functional constraints into the federated training process.

A common way to handle this setting is to cast the problem as a saddle-point formulation and apply primal-dual optimization
methods [Nemirovski, 2004, Chambolle and Pock, 2011, Bertsekas, 2014, Hamedani and Aybat, 2021, Zhang and Lan, 2022,
Hounie et al., 2023, Boob and Khalafi, 2024]. Although these techniques are well-supported by theory, they often depend
heavily on careful tuning of the dual variables and, in many cases, assume access to a known upper bound on the optimal dual
multiplier. In addition, such methods frequently require projecting both the primal and dual iterates onto bounded domains,
which are rarely known a priori in practical applications and can complicate their implementation.

An alternative primal-only line of work is the switching (sub-)gradient method (SGM), originally introduced by Polyak [1967],
which has since been explored in a variety of optimization settings. Subsequent studies, such as Titov et al. [2018], Stonyakin
et al. [2019], Alkousa [2020], have combined SGM with mirror descent to improve its flexibility and performance. Later, Lan
and Zhou [2020a,b] extended SGM to stochastic settings and established iteration complexity guarantees under both convex
and strongly convex assumptions. More recently, the theoretical analysis has been pushed further to cover weakly convex
objectives, as shown in works like Huang and Lin [2023], Liu and Xu [2025], Ma et al. [2020], Jia and Grimmer [2025]. In
the federated learning literature, Islamov et al. [2025a], Upadhyay et al. [2026] developed an important variant of SGM that
accounts for communication compression.

Handling statistical heterogeneity across local clients is a foundational challenge in distributed optimization. From a statis-
tical perspective, this non-IID landscape closely resembles learning from complex mixture distributions. While prior works
have extensively studied the theoretical dynamics and non-asymptotic guarantees of iterative weighting algorithms (such as
Expectation-Maximization) in mixed linear regression [Luo and Hashemi, 2024, 2025, 2026], our framework shifts the focus.
Rather than aiming for maximum likelihood estimation, we utilize smoothing techniques [Beck and Teboulle, 2012] such as dy-
namic softmax weighting [Wang et al., 2023] to enforce worst-case distributionally robust optimization under strict operational
constraints.

Minimax Optimization.

The mathematical foundations of minimax optimization were established by the seminal work of Von Neumann [1928], which
proved the existence of saddle-point equilibria in zero-sum games. Early first-order approaches, such as the primal-dual meth-
ods of Arrow and Hurwicz, laid the groundwork for Gradient Descent-Ascent (GDA). However, GDA often fails to converge
even in simple bilinear settings, a challenge that was later addressed by Korpelevich [1976] through the introduction of the
Extragradient Method, which remains the gold standard for smooth saddle-point problems.

In the era of large-scale machine learning, research has shifted toward stochastic regimes. Nemirovski et al. [2009] and Juditsky
et al. [2011] established the optimal O(e~2) stochastic oracle complexity for convex-concave problems, which characterizes
the fundamental limits of first-order stochastic optimization. Recently, this framework has been adapted to decentralized en-
vironments through Agnostic Federated Learning [Mohri et al., 2019], which employs a minimax objective to ensure model
robustness across heterogeneous clients. Similarly, Li et al. [2020b] proposed the ¢g-FFL framework to achieve fair resource
allocation using weighted optimization objectives.

Our formulation is closely related to Group Distributionally Robust Optimization (Group-DRO), where the objective is to
minimize the loss under the worst-case distribution among a set of pre-defined groups. While traditional DRO solvers often
rely on dual reformulations that can be sensitive to noise in federated settings, our switching mechanism provides a robust,
primal-only alternative that maintains stability even under heavy client heterogeneity and partial participation.
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To contextualize our work within the broader optimization literature, we observe that our problem formulation is fundamentally
a specialized instance of Group Distributionally Robust Optimization (Group-DRO), similar to the frameworks discussed by
Sagawa et al. [2020], where the uncertainty set is defined over the convex hull of discrete client distributions. Our objective
is further aligned with the Agnostic Federated Learning (AFL) paradigm introduced by Mohri et al. [2019], which seeks to
minimize the loss of the worst-performing client distribution to ensure global model robustness. However, while AFL and
traditional DRO solvers often rely on primal-dual updates [Li et al., 2021b, Huang et al., 2025] that can become unstable under
the “dual drift” inherent in partial participation, our approach adopts the logic-based Switching Gradient mechanism established
by Lan and Zhou [2020a,b].

The current state-of-the-art for handling expectation-constrained stochastic problems is the Switching Gradient mechanism
developed by Lan and Zhou [2020a,b]. This approach avoids the inherent instability of dual-variable drift by alternating
updates between the objective and the constraint based on a feasibility trigger. Our work represents the latest advancement
in this lineage; by integrating a softmax-weighted smoothing technique, we extend the switching framework to the partial
participation regime. Notably, we improve the high-probability complexity from the (’)(log2 %) found in existing literature to a
sharper O(log %) guarantee, providing the most robust theoretical bound for constrained federated minimax problems to date.
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