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Abstract

Distributed empirical risk minimization (ERM) is often studied through two influential yet
seemingly separate families of methods: CoCoA-type algorithms, derived from distributed
dual coordinate ascent, and ADMM-type algorithms, derived from consensus and proximal
splitting. In this paper, we investigate the connection of the two types of algorithms from
a unified primal-dual perspective. We show that consensus ADMM, linearized consensus
ADMM, two distributed proximal ADMM variants, and ridge-regularized CoCoA can all
be written in a common update form involving a global primal variable and block dual
variables. This reformulation makes several previously hidden connections explicit: For
ridge-regularized ERM, CoCoA coincides with a particular proximal ADMM scheme at the
level of the dual update. Moreover, consensus ADMM on the primal problem is equivalent
to proximal ADMM on the dual problem under an explicit parameter mapping together
with a sign reversal of the saddle objective; similar correspondences also hold for the lin-
earized variants. These results indicates that the ADMM-type algorithms, when fine tuned,
performs at least as good as CoCoA, under ridge regularized ERM problems. The unified
view also yields a natural primal-dual gap stopping criterion for consensus ADMM and a
unified O(1/T) ergodic convergence analysis for the ADMM-type methods. Experiments on
synthetic regression problems and real SVM datasets support the predicted relationships,
clarify the role of tuning parameters, and show that suitably tuned ADMM variants can
outperform CoCoA in the ridge-regularized setting.

1 Introduction

Distributed empirical risk minimization (ERM) is a central problem in modern machine learning. In this
setting, K machines collaboratively solve a regularized learning problem using n samples {z;}; C R? that
are partitioned across the machines. We consider the primal problem

K
min P(w) == 30 3 t(wT ) +glw), ()

k=1i€Py

where {Pk}le denotes a partition of the dataset, w € R? is the global model, each ¢; is a convex loss
function, and g is a convex regularizer. Its Fenchel dual is

max D)= 1 303 20— g (-3x0). D)

k=1i€Py,

where v € R" is the dual variable, and ¢; and g* denote the Fenchel conjugates of ¢; and g, respectively. The
class of problems represented by equation [P] and equation [D] forms a foundational framework in statistical
machine learning . Common choices for loss function ¢;(-) include the squared loss, least
absolute deviation, quantile loss (Koenker & Bassett Jrl [1978)), Huber loss (Huber] [1992), and hinge loss for
SVMs [1995), while popular regularizers g(-) include the ¢; norm (Tibshirani, [1996)), 5 norm, and
elastic net (Zou & Hastie] [2005)).
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A large literature has developed distributed methods for solving (equationE[) and (equation@[). One approach
is the communication-efficient distributed dual coordinate ascent (CoCoA) family and its variants
2013} [Jaggi et all, 2014} [Ma et al] 2015} [Smith et all 2015} 2018} [Ma et all 2021} [Diinner et all, [2018}
Lee & Changl [2020f [He et all] [2018). These methods construct local dual subproblems that can be solved
in parallel across machines using coordinate ascent algorithm. Another approach is the ADMM family,
including consensus ADMM, proximal ADMM, linearized ADMM, and more recent ADMM-based methods
for federated learning (Boyd et all [2011; [Lin et al. 2011} [Deng & Yinl 2016} Deng et al.l [2017; [Zhou &
2023)). We also refer to (Glowinskil [2014} [Han| [2022} [Yang et al 2022} [Maneesha & Swarup) [2021)) for
broader reviews of ADMM variants and applications.

In this paper, we will show an interesting con-

nection between CoCoA with ridge regulariza- CoCoA-PD

tion, consensus ADMM, and distributed proxi- r=1L0=K)

mal ADMM through a primal-dual reformulation. =11

This connection is not obvious, because these al-

gorithms are based on distinct paradigms of par- Consensus-PD | fK=p" FIOnSehEn || o
allization: CoCoA on separable dual coordinate @) (m =m.p) |7~ ~'2 | Proximal
ascent, consensus ADMM on a constrained pri- Uneaﬁzaﬁml U“eamaﬁml g Ealils
mal reformulation with duplicated variables, and LinConsensusPD | AK=p" [ proximat-2PD ,’IQZ
proximal ADMM originated in a penalized two- Br=7) (n, = 2,p)

block ADMM format. Besides, the discovery is ) o )
original from the extensive existing studies on the Figure 1: Conn.ectlons among dlst‘rlbute’d algorithms:
unification between primal-dual algorithms under {y-regularized ERM, CoCoA is equivalent to first

fet al] 2010} [Shefi & Teboulle, [2014} [Beck, [2017) Proximal ADMM with p = A~" on the dual variables up-
in the past few decades, which focused on associ- date, and (Linearized) Consensus ADMM is equivalent

L . _ -1
ating two-block ADMM and its proximal variant ©© (Linearized) first Proximal ADMM when SK = p™.

with other algorithms such as Primal-Dual Hybrid Gradient (PDHG), Proximal Gradient Descent, Alter-
nating Minimization, and Douglas-Rachford Splitting.

Our main result on the relationship is summarized in Figure[l} Specifically, the consensus ADMM, linearized
consensus ADMM, two distributed proximal ADMM variants, and ridge-regularized CoCoA are all rewritten
in a common update form involving only a global primal variable w and block dual variables {U[k]}szl-
This reformulation reveals the following relations: (1) For /5-regularized ERM, the dual update of CoCoA
coincides with that of a proximal ADMM method under the parameter choice p = A~!. (2) The consensus
ADMM applied to the primal ERM problem is equivalent to the proximal ADMM applied to the dual
problem under the parameter mapping 3K = p~'. The same correspondence extends to the linearized
variants. Beside, the formulation enables a unified O(1/T') ergodic convergence analysis for the ADMM-type
methods, including inexact subproblem updates.

This connection also provides several practical consequences. First, it is more appropriate to use proxi-
mal/consensus ADMM method than CoCoA in convex federated learning problem with ridge penalty, be-
cause it allows for the choice of tuning parameters in a wider range. Second, the reformulation yields a natural
primal-dual gap, which enables developing stopping criterion for consensus ADMM. The equivalence of the
methods under corresponding tuning parameters, and the fact that well-tuned ADMM variants outperform
CoCoA in the ridge-regularized setting are validated by experiments on synthetic regression problems and a
real SVM tasks.

The remainder of the paper is organized as follows. Section [2] reviews preliminaries on distributed primal-
dual optimization. Section [3]introduces the five algorithms and casts them into the unified primal-dual form.
Section [4] presents the structural connections among the methods. Section [5] gives the unified convergence
analysis. Section [0] reports numerical experiments. Section [7] concludes the paper. Technical proofs are
deferred to the appendix.
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2 Preliminaries

Notations. Let X = [z1,...,2,] € R?" denote the full training data matrix, where each column z; € R?
is a feature vector. The corresponding dual variable is represented by a vector v = [vy,...,v,]’ € R™. In
a distributed setting with K machines, we denote by vy € R™ and X € R?*™k the local dual variable
block and local data matrix stored on the k-th machine, respectively. The global data and dual variable can
be expressed as block concatenations:

T
X = [X[l],...,X[K]],’U = [U[—g],...,v[TK]} .

iep,, Ui (vi), where Py, is the index set of samples on
machine k. For a symmetric positive semidefinite matrix S, the weighted norm is denoted by ||z||s := VT Sz,
and Apax(M) represents the largest eigenvalue of matrix M.

We define the local Fenchel conjugate loss as £ (vjx]) := >

Proximal Operator and Moreau Identity. For a convex function f : R™ — R and a scalar A > 0, the
proximal operator is defined as:

. 1 2
ro v) 1= arg min )+ —|lz—v .
proxs (0 = ang iy, (£(0) + o = o)
An important identity that we use throughout the paper is the Moreau decomposition:

prox, s (v) + Aproxs. ,\ (v/A) = v,

where f* is the Fenchel conjugate of f. This identity implies that if the proximal operator of f* is compu-
tationally tractable, then the proximal operator of f can be efficiently computed as well.

Saddle-Point Reformulation. The general ERM problem can be equivalently expressed as a saddle-point
problem:

min max {L(w; v) = f% Zé:(vl) + %(w,Xv) + g(w)} . (SP)

weR vER™
Note that D(v) := min,, L(w;v) and P(w) := max, L(w;v), we have the standard primal-dual property:
D(v) < L(w;v) < P(w), and D(v*) = L(w*;v*) = P(w").

This relation ensures that the saddle-point value characterizes both the optimal primal and dual solutions.
We use the primal-dual certificate to monitor convergence:

Gap = P(w®) — D(®),

which measures the optimality gap between the primal and dual iterates w® and v at round ¢. A smaller
gap indicates that the iterates are closer to saddle-point optimality.

3 Distributed Algorithms via Primal and Dual Updates

In this section, we demonstrate that a variety of distributed algorithms—including the CoCoA algorithm
with ridge regularization (Jaggi et al., [2014; Ma et al., [2015} 2021; [Smith et al., 2018)), the global consensus
ADMM algorithm (Boyd et al., |2011)) and its linearized variant (Lin et al. [2011)), as well as two proximal
ADMM methods (Deng & Yin, |2016))—can all be cast into a unified update framework involving only the
primal and dual variables. As we will show in the following section, this unified formulation reveals important
structural connections among these different techniques.
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3.1 Global Consensus ADMM with Regularization

Consensus ADMM with regularization reformulates the original problem into the equivalent form:

min fZZK wl ;) 4+ g(w) st. w, =w, Vk € [K],
k=1i€Py

and solves it in a distributed fashion using the standard ADMM scheme (see Section 7.1.1 of Boyd et al.
(2011)):

wf ™ =arg min zp: Ci(wf w5) = (uf) we — w®) + §||wk —w®|?, Vk e [K],
(t+1) (t) ﬁ(wl(ct+l) _ w(t))7 vk € [K]
K

(t+1) _ (t+1) (t+1 t+1) 2
w =arg min U , W + .
s i, 9() =3 §: ]

Here, 8 > 0 denotes the augmented Lagrangian parameter. This algorithm can be cast into an iterative
update rule Consensus-PD of the primal variable w and the dual variable v, summarized in Proposition

Proposition 1 The consensus ADMM with regularization for solving the primal problem (@ is equivalent
to the following update rule:

1
t t—1 X t t—1
’UJ( ) = prOX(ﬁK)*lg <1.U( ) — W (2’11( ) — ’U( ))) , (1)
(t4+1) _ 1 * 1 (@ 2 _ l T,
U = 3[1;]ger£71i1 o g 5 (v;) 2n25 Hv[k] U] HX[I]X[,C] - <X[k]w ,v[k]> , ke[K].

To simplify the updates in v-steps, the linearized ADMM approach (Lin et al. |2011) can be employed,
resulting in LinConsensus-PD update rule:

_ 1 _
w® = proxgp)-1, (w(t U WK (%m —v¢ 1))> ’

npB
oy = ProX (s e, ( o+ *Xﬁ;]w(t) , kelK],
where 7 is chosen such that 7I, > X[E]X[k] for all ¥k € [K]. The selection 7 = 7% :=
max {)\max (X [I]X [1]) sy Amax (X J{]X [ K]) } thereby achieves nearly optimal convergence speed.

3.2 Distributed Proximal ADMM

The work (Deng & Yin| [2016]) introduces an additional proximal term into the standard ADMM algorithm
for solving ming , f(z) + g(y) subject to Az + By = b , which is referred to as generalized ADMM or
proximal ADMM. Applying Algorithm 2 of the work (Deng & Yin| |2016)), the proximal ADMM solving the
dual problem @ updates as follows:

) —argmlnfz Z 5 (v;) Xv—i—u(t)) 2H Xv—f—u(t)H f||v—v(t)||g2’
veRr M k=1i€Py

1 1 2
uY = argmin g* (u) — (w®, = XY £ u) + BH*XU(HU + UH ;
weRd n 2lin

wtt) = ™ _ (1Xv(t+1) n u(t+1)> 7
n

where p > 0 is the tuning parameter and @ is a positive semi-definite matrix. To enable parallel updates of
v across K machines, the following proposition gives two positive semi-definite matrices @) choices.
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Proposition 2 After eliminating the auziliary variable u, the proximal ADMM updates can be simplified by
choosing appropriate prorimal matrices. In particular:
1. when Q1 = £ (m diag(XH}X[l], ... ,X[}}X[K]) — X TX), the prozimal ADMM simplifies to

w® =prox (wufl) _r Xv@) 7 3)
LD 1 f(y) 4 P H H l< T ( () (t—l)) >

=ar mln E ox( — v — —( X (20" —w Uk ), k€ K],
Clk []gER"k n Tl MO XXy (k] (k] K]

2. when Q2 = 55 (7’2[ — XTX), the proximal ADMM simplifies to:

w® = Prox,, (w(t_l) - BXv(t)) ,
n

(4)
(t4+1) _ 0 "™ T 1
Uy " = PIOX(n/pom) ey, (v[k] o X (2w(“ —w >)) k€ [K].

The update rule of equation [3] and equation [f] are named Proximal-1-PD and Proximal-2-PD, respec-
tively. The distributed proximal ADMM algorithms of either @) are guaranteed to converge for any p > 0.
The following lemma provides a reliable choice for selecting the tuning parameters n; and 72 that ensures
@1 and Q2 to be positive semidefinite, satisfying the requirement of |Deng & Yin| (2016).

Lemma 1 For any data matriz X,
Kdlag( X ,X[}]X[KO - XTX,
and thus when n1 =0} = K,na = n3 := K7%, Q1 and Q2 are positive semi-definite.

The minimal 75 to let Q2 = 0 is Apax (X X ) However, this choice is practically infeasible in a distributed
learning setup, as it requires the aggregation of samples from all machines.

3.3 CoCoA with Ridge Penalty

Unlike the aforementioned methods, which are applicable to general regularized ERM problems, the CoCoA
framework was originally proposed to solve the dual of the ¢s-regularized problem. Specifically, when the
regularization term is the ridge penalty g(w) = 3||w||3, CoCoA performs the following updates:

K
1 " T
7 = arg min — DIRACH +7/\ <X Xv®, > QAZH YUlk) k]HxTX
k=1i€Py .
1« (t+1)
1 : ~ 1 t+1
pEFD — 4O 4 (vm - v“)) . wtt) = Y E_ Xy s

where the w-step recovers the primal variable from the dual via the KKT conditions, and the v-step aims
to reduce the dual objective D(v). The parameters o and 7 control the approximation quality of the dual
subproblem and the update aggressiveness, respectively. It has been shown in|Smith et al.| (2018) that setting
v =1 and o = K yields the fastest guaranteed convergence.

Under these parameter choices, CoCoA simplifies to the following updates involving iterative primal and
dual variables w and v, which we refer to as CoCoA-PD:

K
1
(t) — _75 : (t)
w = n)\ 2 X[k]v[k], (5)

(t+1) . 1 % 1 < T, .(8) K H (t)
=arg min — 0 (v;) — = ( Xjw', v 4+ —— ||l ,
Vlk) min, ;Pk (03) = — (X, vy ) + 55 [[ow = ofy XT X0

k € [K].
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3.4 Summary

The five algorithms—Consensus-PD, LinConsensus-PD, Proximal-1-PD, Proximal-2-PD, and CoCoA-PD
(Equations —Can all be cast into a unified primal-dual update framework. This unified view allows us
to analyze the structural connections among the algorithms and to develop a common convergence analysis,
as presented in Section [5}

In all algorithms, the update of the dual block v involves applying the proximal operator ProXg. () or

solving a regularized quadratic problem on a linear combination of the current primal variable w® and the

previous dual variable v[(t]). Similarly, the update of the primal variable w involves a linear combination of

+1)

the current iterate w®, the current messages X [k]v[(]z] received from individual machines, and the previous

messages Xy v[(,i]) .

An immediate advantage of using the unified primal-dual update formulation, rather than the original
algorithm-specific forms, is that it enables efficient evaluation of the duality gap, which provides a bound

on the objective error. The duality gap can be computed by substituting the current iterates {v[(,z])}szl and

w® into the primal objective equation |E| and the dual objective equation |§|, respectively.

Effects of Tuning Parameters. We summarize the selection of tuning parameters in the five algorithms
mentioned above. With fixed optimal parameters ¢ = K and v = 1 in the CoCoA algorithm (Smith
et al., 2018), CoCoA-PD does not have tuning parameters. The optimal selection of parameters 7,7, in
Proximal-1-PD, Proximal-2-PD, and 7 in LinConsensus-PD are given in this article and confirmed by the
experiments. The step sizes  of Consensus-PD and LinConsensus-PD, and the step size p of the Proximal-
1-PD and Proximal-2-PD significantly affect the convergence speed (Boyd et al., 2011)) and should be tuned
in a case-specific manner, as validated in our experiments (See Section @

4 Connections Among Existing Algorithms

We now present the relationship between the algorithms from their update forms, which is described in
Figure [I}

CoCoA-PD and Proximal-1-PD. Through the updating formula, we identified an interesting connection
between CoCoA-PD and Proximal-1-PD when g(w) = 3|lw||*: the following corollary shows when the tuning
parameters satisfies p = A™!,n; = o, and when the CoCoA-PD selects the recommended parameter v = 1,
Proximal-1-PD and the CoCoA-PD will have identical values of dual variable updates. The result is obtained
by noting that plugging the update of the primal variable w into the update formula of the dual variable vy
will result in the same update formula for vy

Corollary 1 (Equivalence of CoCoA-PD and Proximal-1-PD) For {3-regularized ERM problems
with g(w) = M|w||%, the update rules in equation @ and equation @ produce identical dual iterates v9) when
p = A"1 and the algorithms are initialized identically.

It is worth noting that the w-steps of CoCoA-PD and that of Proximal-1-PD with g = A ||w\|§ /2 are different.
The w-update for Proximal-1-PD can be represented by

(D) %(wm By,

where {@(t)} is the w-updates of CoCoA-PD. It indicates that the w-update of Proximal-1-PD is an expo-
nentially weighted average of the w-updates of CoCoA-PD.

It is also interesting to see if the connection between CoCoA-PD and Prixmal-1-PD can be extended to other
CoCoA variants with general penalty g (Smith et al., |2018). To this question, we give a negative answer,
because the connection in Corollary [1] relies on the same quadratic structure of the ridge penalty in CoCoA
and the augmented Lagrangian in the Proximal ADMM algorithm.
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The important insight from the comparison between CoCoA-PD and Proximal-1-PD is that the CoCoA-PD
with the optimal selection of v and o has the same convergence rate as Proximal-1-PD, if a specific step size
p = A1 is selected. However, such selection may not necessarily be the optimal one that ensures fastest
convergence of Proximal-1-PD. By tuning p of Proximal-1-PD on a case-specific basis, Proximal-1-PD is able
to achieve a higher convergence rate than the CoCoA-PD, as validated in our experiments.

Consensus ADMM and Proximal ADMM. For Consensus-PD and Proximal-1-PD, observe that the
saddle-point formulation satisfies

min max L(w;v) = max min (—L(w;v)).

weRd vER™ w€ERL vER™
Hence, Proximal-1-PD can be interpreted as applying Consensus-PD to the equivalent saddle-point problem
with negated objective —L(wj;v). This equivalence is formalized in the following corollary.

Corollary 2 (Equivalence of Consensus ADMM and Proximal ADMM) Assume identical initial-
ization and augmented Lagrangian parameters satisfying BK = p~' in Consensus ADMM and Proxzimal
ADMM. Then, we have (1) Consensus-PD is equivalent to Prozimal-1-PD when ny = K, (2) LinConsensus-
PD is equivalent to Proximal-2-PD when ny = K.

Combining Corollaries [I] and [2, we observe that CoCoA variants arise as special cases of consensus ADMM
under specific parameter settings, challenging the conclusion in [Smith et al. (2018)) that CoCoA is funda-
mentally distinct.

5 Theoretical Analysis

Representing the four ADMM-based primal-dual update forms [IH4] into the generic update rules also pro-
vides a unified and straightforward approach of their convergence analysis. Using the convergence analysis
framework of (He & Yuan|, |2012;|[Lu & Yang} 2023)), we establish an O(1/T') ergodic rates of these algorithms.
To proceed, we first show that each algorithm can be viewed as|Lu & Yang) (2023) applied to the Lagrangian
saddle-point problem, as formalized below.

Lemma 2 Let z = (w,v) denote the concatenated primal and dual variables, and define the monotone

operator
_ ( OwL(w,v)
F2) = (—aUL(w,v)> ;
where L(w,v) is the Lagrangian of the saddle-point problem. Then, the update rules of the algorithms ,
@), (@), and can all be written in the generic proximal form:

p(z(t) _ Z(t+1)) c ]-'(z(t“)),

with the corresponding matriz P specified as follows:

BKT 1A BKI LA Y S
Pl:(lAT Sp)=\tar )=l wgp) Pi= (Lo el

where A= X, and B = diag (XT Xq, - ,X[}]X[KQ.

(1]
As the algorithm-specific matrices Py, ..., P, are positive semidefinite, the convergence analysis can be con-
ducted within the standard framework of generalized PPMs (Lu & Yang}, [2023; Lu et al., 2017)). Specifically,
Theorem [I] characterizes the convergence behavior of the general distributed primal-dual algorithmic frame-
work.

Theorem 1 Let {z(t) = (w(t),v(t))}zo be the sequence generated by the generic update rule in Lemma
with a positive definite matriz P and the initial point 2®) = (w® v(©)). For any z = (w,v), the following
inequality holds:

=20

L(@™);0) = L(w; o)) A
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where Z(T) = (QI}(T)’/E(T)) = % ZtT:1 Z(t)

By selecting z = (w*,v*), the optimal solutions to equation [P| and equation [D| Theorem [1] indicates that
L(w™);v*) — L(w*;9T)) converges to zero. Under the assumption that objective being strongly convex-
concave or that the saddle point being unique, Z(7) converges to the optimal solution at a rate of o/T).

In practice, all v-steps of the updates[I}[4]solve a minimization problem which would rely on an inner loop, in
case no closed-form solution is available. We present a unified proof of convergence for which addresses
the inexact updates, based on the technique of Lu & Yang| (2023)).

Theorem 2 Let P be positive definite, and z* = (w*,v*) be the optimal solution of the saddle point problem
. If the sequence {0} satisfies P(2() — z(HD) 4 (D ¢ FHD) with 3% [|e®]]y < oo, then there
exists a constant D < 0o such that sup, ||2* — 2| < Dand

002 Dy T (le®
L(@(T);U*)_L(w*;E(T))SHZ 2; ||P+ Zt:%IIE l2

In this theorem, {z(t)} is the sequence generated by the inexact algorithm subject to inner-loop computational
errors, ) represents the computational error incurred due to the inexact update of iteration ¢t. Under the
assumption that the total error over all iterations is bounded, an O(1/T') convergence rate can be achieved.

One approach of specifying the number of iterations is to ensure ||e®) || is below a limit, for example 1/t2. If
a standard inner solver such as Gradient Descent exhibits linear convergence: |[e®7) |, < C'- p/, the number
of inner iterations j must be increased logarithmically. However, for some losses such as logistic loss, the
conjugate is not globally smooth, higher number of inner iterations may be needed. In practice, however,
it is unnecessary to increase the number of inner iterations indefinitely, as the sub-gradient error eventually
reaches the machine precision. At this stage, further inner iterations do not yield meaningful improvements.

Remark 1 Theorem [1] and Theorem [4 require the stronger assumption P - 0. For the four matrices con-
sidered above, strict positive definiteness is guaranteed under the following sufficient and necessary conditions
specified by the Schur Complement Theorem:

Py: B3>0, each Xy has full column rank, and K 'B» AT A,
Py: >0, K71 = AT A,

P3: p>0, each Xy has full column rank, and m B ~ AT A,
Py: p>0, no = AT A

In particular, for sufficiently large K7 or suffciently large no, P> and Py are positive definite, respectively.
If some block X is rank deficient, then B = diag(XH}X[l], e ,X[}]X[K]) is singular, so Py and P3 are
not strictly positive definite, thus the convergence resulls have to be established in alternative approaches.
Alternatively, as long as all blocks Xy are not rank deficient, for sufficiently small K or sufficiently large
m, P1 and P are positive definite.

6 Experiments

In this section, we perform experiments to test the performance of the primal-dual update rules under differ-
ent parameter settings. Specifically, we first studying how the the tuning parameters affect each algorithm,
to verify our suggestions on tuning parameter selection. Then, we evaluate the performance of the five
update rules using synthetic data for Lasso and Ridge regression tasks, which also verify the equivalency
results in Section 4. Additional evaluations on the performance of the five update rules on three real-world
binary classification tasks employing SVM are included in Appendix [D:2} All experiments are conducted
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on the Dell Latitude 7450 Laptop, and each can be finished within 6 hours. The codes are available in
supplementary material.

Experiment 1. We aim to verify the effect of 1,72, 7 for the Proximal-1-PD, Proximal-2-PD, and
LinConsensus-PD update rules, and compare them with the effect of the step sizes p and . We used
ala dataset in the LibSVM library (Chang & Lin| [2011): ala, w8a, and real-sim. Details of this dataset,
including the number of samples, features, and clients, are included in Table [I] In the problem, we evenly
distribute the data into K = 10 machines. We train the model using /s-regularized SVM model with reg-
ularization parameter of A = 1/n. We tested the performance of three algorithms, where Proximal-1-PD is
subject to the tuning parameters 77 and p, Proximal-2-PD is subject to the tuning parameters 7, and p,
and LinConsensus-PD is subject to 7 and 5. In the experiments, we test each method through fixing one
tuning parameter and setting multiple values for the other tuning parameter. We record the trajectory of
the relative gap difference in 500 communication rounds.

Table 1: Description of the datasets.

Dataset n d K
ala 1605 119 10
w8a 49749 300 60

real-sim 72309 20958 100

Results. The trajectory of the gap are shown in Figure [2l The first row demonstrated the validity of the
selection of 71, 7m2 and 7 for the three methods. The recommended values, denoted by light blue lines, ensure
the convergence of the algorithm. When these values become smaller, the convergence speed increases only
slightly (e.g., the green and purple line). When these values become too small, however, the algorithms may
fail to converge. Second, we can see from the three figures in second row that the ADMM step size parameter
p and B has significantly impacts the algorithms’ performance.

10° ¢ 10° 10°
—— = —— =6 \
—_—=2 m=8 N
102 m=4 m = 10(K) 1072 ~ 1072
=3 =3 —p = ngt/5 —~— g =
o O] m=15"/4 \i\\. U \\
10 10 k. "i*g 104 [T =7 /6 =7 /3
772:”2‘ 1 T=1"/5 T=7"/2
T/z*ﬂz/ T=7"/4 T=71"/1
. . = n; .
10 10 10
0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500
Rounds Rounds Rounds
(a) Proximal-1-PD, fixed p (b) Proximal-2-PD, fixed p (c) LinConsensus-PD, fixed
10° 10° 10°
) p—y \
p=10 p=100 g
2 p=30 p =200 2 e 2
10 —~—J1 10 10
©
p=01 =10 o
p=05 p=50 107 b [ = 0.000] = 5 = 0.1
p=1 p =100 3 =10.001 B=1
p=5 8=0.01 6=10
10
0 100 200 300 400 500 0 100 200 300 400 500 0 100 200 300 400 500
Rounds Rounds Rounds
(d) Proximal-1-PD, fixed m; (e) Proximal-2-PD, fixed 72 (f) LinConsensus-PD, fixed 7

Figure 2: Effect of tuning parameters on various distributed algorithms in Experiment 1.

Experiment 2. We test five the update rules on Ridge Regression problem and LASSO problem, where
each ¢; = %(yl — a:ZT w)?, using synthetic data. The data generation mechanism is detailed in Appendix
We run the five update rules to solve the Ridge Regression problem on IID and non-IID dataset, and run the
four ADMM algorithms to solve the LASSO problem. In these update rules, we select the suggested value
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of v,0,n1,1m2, and 7, and select the optimal S or p to achieve optimal performance. Notably, it has been
observed that the optimal 8 and p in Consensus-PD and Proximal-1-PD satisfies 5K = p~—', and so are the
optimal 8 and p in LinConsensus-PD and Proximal-2-PD, indicating their connection.

Results. We present the simulation results in Figure 3] We observe that the performance of Consensus-PD
and Proximal-1-PD are almost identical, while the performance of LinConsensus-PD and Proximal-2-PD are
almost identical. These simulation results further confirm the strong connection between these two pairs. All
four ADMM variants, with the optimized tuning parameters, significantly outperform the CoCoA framework.
This is because of CoCoA is the Proximal-1-PD with a specific step size p = A~!. The figure also shows that
Consensus-PD and Proximal-1-PD achieve smaller relative gap difference compared with LinConsensus-PD
and Proximal-2-PD in the same amount of rounds, though the computation for the latter two variants are
significantly simpler.

10° 10° 10° 10°
) ) \\\r_\ o v
§ 107 CoCoAPD §107° S §10°
LinConsensus-PD
Proximal-2-PD
Consensus-PD
Proximal-1-PD
102 10 102 10%
0 200 400 600 800 1000 0 50 100 150 200 0 200 400 600 800 1000 0 50 100 150 200
Rounds Rounds Rounds Rounds
(a) Ridge with IID (b) Ridge with Non-IID (c) Lasso with IID (d) Lasso with Non-IID

Figure 3: Relative gap difference versus the number of communication rounds for various synthetic datasets
when using different update rules in Experiment 2.

7 Conclusion

In this article, we unified distributed primal-dual algorithms, including CoCoA, two proximal ADMM algo-
rithms, consensus ADMM, and linearized ADMM into updates rule that only involve the primal and dual
variable updates. Among them, the two proximal ADMM algorithms are new, obtained from choosing two
positive definite matrices to enable the proximal ADMM algorithm to solve distributed, regularized federated
learning problem. The unified update rules reveal that the CoCoA algorithm can be interpreted as a special
case of proximal ADMM with a specific tuning parameter, and proximal ADMM and consensus ADMM are
equivalent. The findings in the paper also indicated rich expressiveness of distributed learning that involves
global primal updates and local dual updates. This framework enables the use of the gap between the primal
and dual objectives as a stopping criterion for the consensus ADMM algorithm, and also enables us to use a
simple and unified ergodic convergence analysis for ADMM variants. By thoroughly investigating the influ-
ence of tuning parameters on convergence speed, we found that all ADMM variants consistently outperform
the CoCoA-PD with properly selected tuning parameters, as validated by the experiments with synthetic
and real-world datasets.
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A Derivation of the Dual Problem

Let w'x; = u; for any i = 1,...,n, we can equivalently transform the original problem equation [P|as the
following form:

min = — Ci(u; w st.ow'a;=u;, i=1,...,n. 6
i S ) st 0

T

By introducing the Lagrangian multiplier v = [v1,...,v,] ", we can write the Lagrangian function as

L(w,u;v) Z£ u;) + g(w Zvlw Ti —w;).

Note that we incorporate the fraction constant + into the Lagrange multiplier to ensure alignment with the
loss function when minimizing the Lagrangian functlon for the primal variables. Thus, the dual problem
could be obtained by taking the infimum to both w and wu:

- ) = mfd LS (0w — v, 1
llur}quL(w,u,v) = 12f{n2(&(u2) vlul)}—}—lnf{ (w, Zlel}

i=1
1 n . § 1 n
_E;Ei (Uz) —4g (—nz;vzxz> .

After changing the sign to make the maximization of the dual problem into the minimization, we have the
following dual formulation:

: AN o ot (LS v
min {D(v) = n;&-(vzHg < n;vx>}

12
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For the distributed problem form equation [D] the corresponding distributed dual problem form is thus
1 1<
ur[(:}]%&r'lb {D(’U) = ﬁ Z Z Ki (1}7,) + g <—n Z Z Ui.l‘i) } .
k=1iCPy k=1icPy

Furthermore, the KKT conditions are listed as follows:

T, % % .
r,w =u;, t=1,...,n,

v € 0i(uy), i=1,...,n,
1 - * *

— vaZ-xi € 0g(w*).
[

After simplification, we have

T T )
z] w* =Proxy, (z; w*+v}), foranyi=1,...,n,
1 n
w* = Prox, w*—fE viw; | .
n
i=

B Proofs for the Results in Section 3]

B.1 Proof of Proposition [1]

To better understand the procedure of consensus ADMM, we focus on the dual form of the wg-update
problem for the k-th agent. Let w] z; = @; for any i € Pj. Using this substitution, we can equivalently
rewrite the original problem in the following form:

wner it ern 1 Z () + Do — 0 — 0 st wlw =1, i€ P (7)
k sU[K)

By introducing the Lagrange multiplier o) € R™*, the Lagrangian function becomes:
_ 1 - N
L(wg, @ k]a”[k] Z 4;( *||wk —w® — 3 1u}(€t)||2 + - Z Uz(w];rmz —a@).
zePk 1€P

Taking the infimum of the Lagrangian with respect to wy and i), we derive the dual form of this subproblem:
 min Z (@ (v =) " xTx (o0 - 744

(8)
1 T(ow, Lo Ly o) - o
— E<X[k] <w + Euk — ﬁX[klv[k] ,’U[k] — U[k] >

Let © ~(t+ ) denote the optimal solution of the above dual problem. Since w(**1 is the optimal primal solution,
the KKT conditions between the primal and dual solutions imply:

(t+1) _ L @ 5D
wy, w® + ﬁuk - ?X[k] e

1) update formula, we obtain:

Substituting the above relationship into the ué

(t+1) *X[k] ~[(;;]+1)

13
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(t+1)

We can further simplify the w;, update as:

41 t _(t+1
o -0+ L (5054

Representing w,(C ) and u(

updates:

) in terms of w® and ~[(k]) in the consensus ADMM updates, we derive the following

For the dual variable j;:

~(t+ ) " 1 (~ ~(t)>T - ( e ))
~ argmin — £ T — xT X iy
Ik B ER™E T 1627; 2n2ﬁ (K] (k] (k]2 [K] \ VIK] k]

1 N .
—g<X[—,Z}w(t),v[k]>, k € [K] (in parallel).

For the primal variable w*t1):

WD = prox g1, (w<t> _ WX (2000 - ~<t>)> ,

To prove that the dual iterate o*) converges to the optimal dual solution v*, we invoke Lemma 2, which
shows that the above iteration can be equivalently expressed as

KI 1x w(® _ D)
P ) _ (+1)) ﬁ . n cF (t+1)
(Y ==) = 1T L ding( X[ X1 - X X)) Lo® — o4 (1),

n

where z = (w,v). It then follows from Theorems 1 and 2 that #(*) converges to v* and w® converges to
the optimal primal solution w*. Hence, the proof is complete. Note that the proofs of Theorems 1 and 2,
presented in Appendix C.2 and C.3, do not rely on this Proposition. By further linearizing the local data
matrix X [E]X (] in the dual variable v update, we derive the corresponding update formula for the consensus
ADMM incorporating linearization techniques.

B.2 Proof of Proposition 2]

For the first matrix choice of @ = % (mdiag (X[ Xp,. ., XX ) = XTX), the proximal ADMM
updates can be equivalently written as:

K
D) ~ arg min — Z Z é* (vi) Z ( Uik — U;;]))T X[;]X[k] <v[k] — v[(,i]))

vk ER™E n k—1icPy 1
—|—<BXT <Xv(t) +u® — plw(t)) , U — v(t)>,

n n

U(t+1) = PI‘Oprlg* <p_1w(t) _ 1X’U(t+1)) ,

n
WD =y, (1Xv(t+1) +u(t+1)) _
n
For the v-update, note that the update formula for the primal variable w satisfies:

Lo Ly Lo 21 (wu—l) _ 2w(t)) ,
n p p

Substituting this relationship into the dual variable v-update formula and simplifying in parallel, we im-
mediately obtain the corresponding update formula for v. For the w-update, using the Moreau identity

14
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prox, s (v) + Aprox ;.5 (v/A) = v, we have:

WD =, (plwm BRI u<t+1>)
n

1 1
p (p_lw(t) — EXU(H'D — Prox,—14- (p‘lw(t) — an(tH)))

= Prox (w(t) — BXU(HI)) .
pg n

Thus, we can equivalently transform the proximal ADMM with the first matrix choice of @) as the corre-
sponding update formula. Further linearizing the local data matrix X [—',;]X (], We can obtain the corresponding
update formula for the proximal ADMM with the second matrix choice of Q.

B.3 Proof of Lemmalll

For any vector u = [ufj, ... ,u[K]]T € R” with each up,) € R, we have:
1 & 2
TyT 2
u X Xu = K HK;X[k]u[k]H s

IN

1w 2
12 [
k=1
K 2
K> HX[k]“[k]‘
k=1

= o K diag (X[ X, X[ X)) w

The second inequality holds due to the convexity property of the squared norm, || -
that:

b

|2. Thus, we conclude

K diag (X[ Xp, - X[ X)) = XX,

Based on the above relationship, it is straightforward to verify that these tuning parameters
m = K and 72 = K max {)\max (X[I]X[l]) Sy Amax (X[}]X[K])}

ensure that the matrix @ is positive semi-definite.

B.4 Proof of Corollary[1]

Substituting g(w) = %|w|* into the updates of equation [3| we immediately simplifies the updates of
Proximal-1-PD as fOHOWS'

D B 1 . ,07)1 H (t)H2 l< T ( () (tq)) >
= argmin 2 ( — —( X (20" —w Uk ), k€ [K
Ylk] geuw n Z Ylk] X7 x  n A\ [k] (K]
wtt) = ! (w(t) — BXU(HD) .
Ap+1 n

Considering p = %, we have by the w-update

wttD) — 1 w® — LXU(HU , for any t.
2 nA

Substituting the above relationship with timestep ¢ into the v-update gives us

1
[(erl) = arg mmf Z F(v;)

Ui H _ tH 7<XTX(t) >k€K
o erm 1 £ 2 ||k V] X[-,Z]X[k]—'_’nz)\ X0 v )5 k€ [K].

Compared to the CoCoA-PD update, this update formula matches it when n; = o, but differs in the w-
update.

15
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B.5 Proof of Corollary 2]

To see the equivalence between Consensus-PD and Proximal-1-PD algorithms, let’s consider both algorithms
applied to the following saddle-point formulation of the general empirical risk minimization problem:

3\H

minmax L(w,v)
w v

n

= > (vifw, @) — £ (00) + g(w),

i=1

where the loss function /;(w'xz;) is represented in its convex conjugate form as f(i(w'z;) =

sup {v;(w, z;) — £;(v;)}. The Consensus-PD update (see Propositionof our paper) is
v; ER

LD _ 1 ) — T p® O
= arg min 0 (v;) X[ U Hv H , kelK
MO n;;k < k)W [k> 26 W70 | (K]

1
(t+ ) = prOX(,BK) 1 (w(t) — WX (2U(t+1) — ’U(t)>) .

It can be equivalently written as

v = arg max L(w®, v) — *H VO3,

wtY = arg min L(w, 200+ —»®) 4 %Hw —w®|3,

where s, = sp = BK, M, = diag (XH]X[l], ... ,X[}]X[K]), and M, = I are the algorithm dependent

1
n2 6 ’
parameters.

Now, consider instead solving the problem maxmin L(w,v), which is equivalent with solving minmax —
v w v w

L(w,v). The same algorithm Consensus-PD (arg max first and then arg min) can be applied on this problem,
leading to:

w) = argmax — L(w,v®) — %Hw - w(t)H?wQ,

S

v = argmin — L2w®™Y —w® v) + EIHU —v®|3, .
v

Note that the maximization step uses the previous dual iterate v*), whereas the minimization step is eval-

uated at the extrapolated primal point 2wt — w® . To facilitate comparison with the Proximal-1-PD

algorithm, we introduce the shifted primal sequence w® = w1 We have

2wt — () = 25" — 1),
Dropping the tilde for notational simplicity, the above iteration is equivalent with

o) = argmin {—L(2w® — w1V v) + %1 l|lv— ’U(t)H?\Jl},

v

w1 = arg max {—L(w, v+ — %Hu - w(t)||?\,[2}.

Substituting s; = ﬁ so = K, M; = diag (X[I] Xppy - X[T] (K }> , M5 = I into the above iteration yields

LD ; “DY L,
V= alg min — Z ex( <X[k](2w( ) — 1)), b[k]> + m Ulk] —

n N
ER™E 1€EPy

1
’w(Hl) - PI‘OX(ﬁK)—lg (’w(t) - n/)’KX/U(tJrl)) .

/U g
k H ’
[K] X1y Xk
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which is the same as the Proximal-1-PD update form (see Equation equation [3[ of Proposition [2|) under the
parameter setting 1 = n* = K and p = ﬁ%{
Because of the convex-concave structure of the saddle-point function L(w,v), we know that minmax L(w, v)
w v
and maxmin L(w, v) have the same solution. Therefore, in summary, Proximal-1-PD is just to use Consensus-
v w

PD to solve the max-min problem. A similar derivation holds for LinConsensus-PD and Proximal-2-PD.
Thus, we verify the Corollary

C Proofs for the Results in Section

C.1 Proof of Lemma

LX) 4 dg(w(tD)
%ag* (U(t+1)) _ %XTw(tJrl
in Section 5. Next, we would derive the corresponding semi-positive matrix P individually according to the
different algorithm updates.

Notice that we have F(z({+1)) = ( )) for the min-max objective function defined

Distributed proximal ADMM. For the distributed proximal ADMM with the first matrix choice, we
consider the update rules by updating the primal variable w first and then the dual variable v as follows:

w1 = prox,, (wm _r va) ’
n

(t4+1) 1 " pm ®Y T (t)
R ZP: )+ g (v =) XX (v =)
d 1€P

1
— E<X[—|’;] (Qw(tﬂ) - w(t)> ,v[k]>, k € [K] (in parallel).
By utilizing the first-order optimality conditions, we can equivalently transform the above update rules as
follows:
0 € dg(wtD) 4 p~1 (w<t+1> —w® 4 EXvu)) :
n

Lo g, (41 P . T T t+1 t Lo t+1 t
OEZBE (v ))+Fdlag(X[l]X[1]7...,X[K]X[K]>(v( )—v())—gX (2w( )—w()).

By rearranging the above update terms, we have

-1 1
ptI ~1x w® — g+
(8) _ L0410y = n (t+1)
Pz =) <—;XT £ diag (X[I]X[l],...,X[}]X[K])> (vm _v<t+1>> € 7).

Similarly, the updates of the distributed proximal ADMM with the second matrix choice can be equivalently
written as follows:

wt D = prox,, (w“) _ va(t)) 7
n

t+1 ¢ n .
’U[(]i]"'_ ) = pI’OX(n/pnz)ZE«k] <’U[(;;]) + %X[—IZ] (2w(t+1) — w(t))> s k (S [K] (11’1 parallel).
Using the first-order optimality conditions and rearranging terms, we have:
17 L XN\ ) gD
P (Z(t) B Z(t+1)) B (—ple ”’ZZI> (v(t) s ) EFETY),.
Thus, in the distributed proximal ADMM, the corresponding matrices are given by:
-1 1
P I _EX p_l,[ _ lX
P = . and P, = n .
! <iXT 21y diag (X} X, ,X[}]X[K])> 2 <—}1XT f;j;f)
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Consensus ADMM. For the standard consensus ADMM, we could equivalently write the updates in the
Proposition [I] by utilizing the first-order optimality conditions as follows:

1
(t+1) (t+1) _y® o = (t+1) _ (@)
0 € 9Jg(w )—I—ﬁK(w w +nﬂKX(2U v )),

1 * 1 1 : T T 1 1 T
0 S 565 (U(t+ )) + @dlag (X[I]X{1]7 e 7X[K]X[K]) (’U(t+ ) — ’U(t)) — EX w(t)

By rearranging the above update terms, we have

BKT 1y w® — D)
P (>0 _ 1)y = _ n ( ) € F(zHHD),
1 ( ) 1T Ldiag (X[I}X[l]v N "X[}]X[KO o® — pt+D) ( )
Similarly using the first-order optimality conditions and rearranging terms, we have for the updates of the

consensus ADMM with the linearization technology:
X w®) — 1)
I) <v(t) ) EFETD).

KI
- (8%
n n2pg

431

Thus, in the consensus ADMM, the corresponding matrices are given by:

BKI %X BKI L1x
P = . Py = ).
! <}1XT A diag (X[I]Xm, .. ,X[}]X[K]) and P (}LXT MI)

C.2 Proof of Theorem 1]

Let uD) = P(z(®) — (1) ¢ F(2(+1)). From the convexity-concavity property of the objective function
L(w;v), we have that

L(w®™V;v) — L(w; v®Y)
=L(wY;0) — L(w ;oD LD DY ;0 EHD)
<(utHD 0D gy = (z(t) - z(t“))T P (z(““l) - z)

1 1 1
R I

1 1
<5120 = 23 = 2D — 23,

where the last inequality follows from the fact that || - || p is a semi-norm. Thus, we have
1 — 1
L5 v) — L(w; 5D < T {L(w(t+1);v) - L(w;v(t+1))} < ﬁﬂz(o) —2||%,
=0

where the first inequality comes from the convexity-concavity of L(w;v) and the second inequality comes
from the above relation.

C.3 Proof of Theorem

We first show that {2z} is bounded. Let z* = (w*,v*) denote the optimal solution of the saddle point
problem equation Firstly, from the convexity-concavity property of the objective function L(w;v), we
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have that
L(w(t'H); v) — L(w; U(H_l))

= L(w®; ) — Lw®; 00D 4 L(w®D; DY = L(w; o)
(utD 0D ) = (z(t) - z(t“))T P (z(tH) - z) + (D 0D — 2)

= 2120 = 2l = Sl = o = e — R 4 (LD, £ o) ©)

IN

< S0 = 2l = S — sl (D, 2040
< 3120 = 2l = S — 2l + I 0D
Choosing z = z* and using L(w**;v*) — L(w*;v*+t1)) > 0, we have
B B e [ I
< 212 = 2 [ + DD — 2,

where C' is a constant satisfying ||z|| < C||z|/p, which exists since P is positive definite. Therefore,
(1Y = 2]l p = CettD)? < 200 — 27|+ (4F1)2,

Taking square root of both sides yields that

||Z(t+1) —2|p— Cet+D) < \/”Z(t) — 2¥|| (D)2
< ||Z(t) o Z*HP +€(t+1).

Simple induction gives that

T
12D — 2 lp < |20 =2 p + (C+ 1)) e®

t=1

As a result, we have

sup[0) = || < Csup [T = [l < €2 = ="l + C(C+ 1) Y ¥
t=1

which gives the boundedness of {z(®}.
Let v+t ¢ F(z(#+1). From equation @ we have that

1 1
L 050%) = L 0™0) < 2o = 273 = 2l 27+ €] D - 2

b —

1
< Sl =2 = Sl = 2R + DYV

1
2
where the last-second inequality follows from Cauchy-Schwarz inequality and the last inequality from the
definition of D. Thus, we have

!

1
L@ T;v") = L{w*;5D) < 7 {L(w<t+1>;v*) — L(w*; v(t+1))}
t

Il
=

T
D> He(t) |
T )
where the first inequality comes from the convexity-concavity of L(w;v) and the second inequality comes
from the above relation.

1 *
< oIl - 23 + (10)

19



Under review as submission to TMLR

D Experimental Details

D.1 Experiment 2 data generation details

We generate n = 3000 training examples {z;,y;}?; according to the model y; = (x;, w*) + €;,¢; ~ N(0,1),
where z; € R? with d = 500. The samples are distributed uniformly on K = 30 machines. We set w* as
the vector of all ones, whereas for the ¢; penalty, we let the first 100 elements of w* be ones and the rest
be zeros. For the generation of z;’s, we designed two cases: IID data and non-IID data. (1) Under the IID
setting, we generate each z; ~ N(0,%) where the covariance matrix ¥ is diagonal with ¥; ; = j~2. This
covariance setting renders an ill-conditioned dataset, making it a challenging situation of solving distributed
and large-scale optimization problem. (2) To generate the non-IID case, we follow a setup similar to the
one in [Zhou & Li| (2023). Specifically, we generate [n/3] samples z; from the standard normal distribution,
[n/3] samples from the Student’s t-distribution with 5 degrees of freedom, and the rest samples are from the
uniform distribution on [—5,5]. After generating all the samples, we shuffle them and randomly distribute
them across K machines.

D.2 Experiment 3: Binary Classification with Real Data

Finally, we test the performance of the five update rules on regularized SVM classification problem using
real datasets.

Datasets. The real datasets from the LibSVM library |Chang & Lin| (2011]) used in the study are ala, w8a,
and real-sim. Details of each dataset, including the number of samples and features are summarized in
Table |1} In our experiments, all samples in each dataset are evenly distributed on the machines. We select
different numbers of machines for each dataset to evaluate the performance of the proposed approach, where
the number of machines is also given in Table[I]

Method. We use the update rules to solve two regularized SVM classification problems:

K

min — Z Z max (O, 1-— yﬂUTl’z‘) + g(w),

k=11€Py

where the penalty function g(w) are selected as either (1) ¢, penalty Al|w|; and (2) the ¢, penalty %w|?.
We use three real datasets in LibSVM package for each problem. We choose the regularization parameter
A= % in all experiments conducted in this subsection. Like Experiment 2, we select the optimal parameters
for 5 and p and prescribe the values for all other tuning parameters.

Results. The results are shown in Figure[dl They again validated that the performance of Consensus-PD
and Proximal-1-PD are almost overlapping, and LinConsensus-PD and Proximal-2-PD are almost over-
lapping. All ADMM variants consistently outperform the CoCoA method across all experiments. Fi-
nally, Consensus-PD and Proximal-1-PD achieve the better performance compared with LinConsensus-PD
and Proximal-2-PD. These results confirms with the study in Experiment 2. However, in the SVM with
lasso penalty scenarios, LinConsensus-PD and Proximal-2-PD exhibit slightly less stability compared to
Consensus-PD and Proximal-1-PD.
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Figure 4: Relative gap differences versus the number of communication rounds for various real datasets
across different models. The first row of plots illustrates the results for SVM with a ridge penalty across
different datasets, while the second row shows the results for SVM with a lasso penalty across the same
datasets.
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