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Row-Stochastic Matrices Can Provably Outperform Doubly Stochastic Matrices
in Decentralized Learning

Bing Liu' Boao Kong? Limin Lu' Kun Yuan® Chengcheng Zhao '

Abstract

Decentralized learning often involves a weighted
global loss with heterogeneous node weights \.
We revisit two natural strategies for incorporat-
ing these weights: (i) embedding them into the
local losses to retain a uniform weight (and thus
a doubly stochastic matrix), and (ii) keeping the
original losses while employing a A-induced row-
stochastic matrix. Although prior work shows that
both strategies target the same A-weighted global
loss, it remains unclear whether the Euclidean-
space guarantees are tight and what fundamen-
tally differentiates their behaviors. To clarify
this, we develop a weighted Hilbert-space frame-
work L2?(\;R?) and obtain convergence rates
that are strictly tighter than those from standard
Euclidean analysis. In this geometry, the row-
stochastic matrix becomes self-adjoint whereas
the doubly stochastic one does not, creating addi-
tional penalty terms that amplify consensus error,
thereby slowing convergence. Consequently, the
difference in convergence arises not only from
spectral gaps but also from these penalty terms.
We then derive sufficient conditions under which
the row-stochastic design converges faster even
with a smaller spectral gap. Finally, by using a
Rayleigh-quotient and Loewner-order eigenvalue
comparison, we further obtain topology condi-
tions that guarantee this advantage and yield prac-
tical topology-design guidelines.

1. Introduction

The ever-increasing scale of data and models has made
distributed learning a central paradigm for large-scale op-
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timization. Among its variants, decentralized learning has
attracted growing attention for its robustness to single-point
failures, low communication overhead, and strong scalabil-
ity. Most existing analyses, however, assume uniform node
weights and symmetric, doubly stochastic mixing (Lian
et al., 2017; Koloskova et al., 2020). In practical systems,
differences in data volumes and distributions often lead to
heterogeneous node weights. Therefore, following (McMa-
han et al., 2017; Yuan et al., 2018a; Zhu et al., 2025), we
study decentralized learning over a network of n nodes
with prescribed heterogeneous weights A = [Ay, ..., A\] T,
which are fixed throughout optimization. Each node 7 ac-
cesses its local data distribution D; and collaboratively
solves the weighted optimization problem

1 n
guin F0) = 03 N [F0) 1= B, 160,601
(D

where A; > O and Y. | \; =n, and f;(6,&; ;) denotes the
instantaneous loss of sample &; ; evaluated at 6.

Two natural decentralized designs arise to solve problem (1).

» Strategy I absorbs the weights into the local losses,
i.e., each Fj is replaced by \; F;. This transformation
recovers uniform node weights (1/n) and leads to the
standard framework with a doubly stochastic mixing.

 Strategy II, in contrast, keeps the original losses and
incorporates A into a row-stochastic mixing matrix
whose stationary distribution equals A/n.

Existing analyses (Sayed, 2014; Ying & Sayed, 2016) show
that both strategies converge to stationary points of the same
weighted optimization problem in (1). However, several
fundamental questions remain open:

(Q1) Does the convergence rate obtained under the stan-
dard Euclidean framework remain tight under hetero-
geneous node weights?

(Q2) Do the differences between the two strategies arise
solely from the spectral gaps of their mixing matrices,
or also from other key factors?
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(Q3) Given a weight vector )\, under what conditions should
we prefer one strategy over the other?

Main contributions. This work advances the understanding
of decentralized learning with heterogeneous weights by ad-
dressing the open questions above. Our main contributions
are summarized as follows:

(C1) We develop a new analytical framework built upon a
weighted Hilbert space L2(\; R?). Because of the het-
erogeneous node weights, the error recursions of both
strategies naturally reside in this weighted space rather
than in the standard Euclidean one (Appendix C.2).
Within this framework, we derive tight convergence
rates for decentralized stochastic gradient tracking un-
der both strategies and show that the Euclidean analysis
leads to strictly looser bounds.

(C2) Within the L?()\;R9) space, the A-induced row-
stochastic matrix becomes self-adjoint, whereas the
doubly stochastic matrix does not. This lack of self-
adjointness generates additional penalty terms in the
convergence rates, increasing the consensus error and
tightening the admissible step-size range of Strategy 1.
Consequently, the difference between the two strate-
gies is determined not only by their spectral gaps but
also by these penalty terms. Hence, Strategy II can
converge faster even when its spectral gap is smaller.

(C3) From the derived convergence rates, we first obtain
spectral-gap conditions under which Strategy II con-
verges strictly faster than Strategy I. We then use
Rayleigh-quotient and Loewner-order arguments to
express these conditions as degree—weight constraints
on the topology. These constraints further yield simple
topology-design guidelines: node degrees should scale
proportionally with their associated weights.

2. Related Works

Decentralized learning with uniform weights. Early
works in optimization studied decentralized gradient de-
scent with diminishing step sizes, time-varying directed
graphs, and later fixed-step convergence guarantees (Nedic
& Ozdaglar, 2009; Nedi¢ & Olshevsky, 2014; Yuan et al.,
2016). In machine learning, Lian et al. (2017) initiated the
study of decentralized stochastic gradient descent (SGD),
showing linear speedup comparable to centralized SGD
while substantially reducing communication. Subsequent
research improves robustness to data heterogeneity via gra-
dient tracking and related techniques (Pu & Nedié, 2021;
Yuan et al., 2023), reduces communication through efficient
protocols (Tang et al., 2018; Koloskova et al., 2019), and
extends decentralized learning to broader settings, including
bilevel optimization (Zhu et al., 2024; Kong et al., 2025) and

Markovian sampling settings (Johansson et al., 2010; Sun
et al., 2023). Nevertheless, most existing analyses assume
uniform node weights and thus rely on doubly stochastic
mixing matrices, leaving the heterogeneous-weight setting
relatively less understood.

Decentralized learning with heterogeneous weights.
In federated learning, heterogeneous weights are stan-
dard (McMahan et al., 2017; Li et al., 2020) because a
server can directly implement weighted aggregation. In
decentralized settings, however, the lack of a global server
makes weighting more challenging, and only a few works
treat it directly (Chen & Sayed, 2013; Yuan et al., 2018b;c;
Cyffers et al., 2024; Zhu et al., 2025). From them, Cyffers
et al. (2024) encode weights via the stationary distribution of
random walks to strengthen differential privacy, but the con-
vergence analysis remains in a standard (uniform-weight)
framework. Zhu et al. (2025) introduce a Data Influence
Cascade metric to quantify node impact, without rate analy-
sis. The diffusion framework (Sayed, 2014; Chen & Sayed,
2013; 2015) handles heterogeneous node weights either via
row-stochastic mixing or by folding the weights into the
local losses, reducing the problem to uniform weights. Ex-
act diffusion (Yuan et al., 2018b;c) further removes the bias
introduced by left-stochastic mixing and constant step sizes
through additional communication and computation. Both
diffusion and exact diffusion are developed for strongly
convex losses. In contrast, we study when row-stochastic
mixing with heterogeneous weights can outperform doubly
stochastic mixing without extra steps, and we introduce a
new framework for comparing their convergence rates.

Column-/row-stochastic mixing under uniform weights.
On directed graphs, nodes may only know in-/out-degrees,
enabling only column-/row-stochastic matrices and introduc-
ing bias. For column-stochastic mixing, the bias and rates
have been extensively characterized (Nedi¢ & Olshevsky,
2014; Xi & Khan, 2017; Assran et al., 2019; Liang et al.,
2025b), with Liang et al. (2025b) giving effective metrics,
tight bounds, and showing that multiple communication
rounds can mitigate asymmetry and recover optimal rates.
For row-stochastic mixing, most prior results focus on deter-
ministic, strongly convex problems (Mai & Abed, 2016; Xin
et al., 2019a;b; Ghaderyan et al., 2023). In the stochastic,
non-convex setting, Liang et al. (2025a) propose effective
metrics, establish a lower bound, and show with multiple
communication rounds the upper bound matches the lower
bound up to logarithmic factors, yielding near-optimal rates.

3. Preliminaries

3.1. Notations

Let R? denote the d-dimensional Euclidean space and
R™* the set of real m x d matrices. For a vector z, |||
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and (z,y) denote its Euclidean norm and standard inner
product, respectively. Let 1 denote the all-ones vector and
I denote the identity matrix. For a matrix M, let M, ;,
M7, ||M]||2, and || M|| r denote its (4, j)-th entry, transpose,
spectral norm, and Frobenius norm. A matrix M is row-
stochastic if M; ; > 0 and Zj M; ; = 1 for all 7; if both
M and M" are row-stochastic, it is doubly stochastic. For
a square matrix W € R™ ", let c(W) = {o;(W)}",
denote its eigenvalues in non-increasing order, and define
the spectral radius as p(W) = max; |o;(W)|. When W is
row-stochastic, p(W') = 1, and its spectral gap is defined as
1 — max{|o2(W)], |0, (W)|}. We define the filtration F(*)
as the filtration before the stochastic gradient evaluation in
the t-th step. We use a <g4 b to indicate that there exists a
C > 0 that is independent with d such that a < Cb.

3.2. Markov Chains

Consider a finite Markov chain with row-stochastic transi-
tion matrix P.

Irreducibility. The chain is irreducible if any two states
communicate, i.e., there exists ¢ > 0 such that Pr{X; = j |
Xo = Z} > 0.

Aperiodicity. The period of a state ¢ is the largest common
divisor of {t : Pr{X; = i | Xo = i} > 0}. A chainis
aperiodic if all states have period one.

Stationary distribution. If the chain is irreducible and
aperiodic, there exists a unique stochastic row vector 7 such
that 71 = 1 7P = 7. The equality m; = }_7_, 7; P;;
expresses the balance of probability flows, and the stronger
detailed balance condition requires m; P; ; = 7; P; ;, V1, j.
Moreover, Pt — 17 ast — oo, and the convergence rate is
governed by the spectral gap of P.

4. Algorithm Overview

We consider the decentralized optimization problem in (1)
and employ decentralized stochastic gradient tracking (GT)
to mitigate data heterogeneity. Our framework follows the
standard GT structure (Xu et al., 2017), with two lightweight
extensions to incorporate heterogeneous node weights. We
consider learning over an undirected network G = (V, &),
where V = {1,...,n} and £ denotes the edge set; each
node ¢ communicates only with its neighbors N, =1{j:
(i,7) € £}. For brevity, we denote g =V (O(t), f(t))
The overall procedure is summarized in Algorlthm 1.

Let 00 = [0, ... 60T, v® = [y\V ... 4T, and

VF Qe [g§t)7 A ,gv(zt)] . The algorithm iterates as
e+l _ W)\[@(t) _ Y(t)]
(2)
Y(t-‘rl) W)\Y(t) 4 G [VF (t+1) VFE(t)L

Algorithm 1 Weighted Decentralized Gradient Tracking

1: Input: step size «, batch sizes {b; }, total iterations T,
and system matrices Wy, G.
2: Initialize: initial states ©(0); yi(o) = gz(o) for Strategy II,
or yz(o) = )\iggo) for Strategy 1.
fort=0toT — 1do
for each node i € V do
Receive {Oj(-t), yj(.t) }jen;, from neighbors.
Model update:
t+1 n t t
J:
7: Tracker update'
t+1 t+1 t
gD = S Wl + [GalialgD — o).

Jj=1

AN AN

8: end for
9: end for

where (W), G,) encode different weighting mechanisms:
Strategy I (Weighted loss, uniform mixing):

(W, Gy) =
bly stochastic, and Dy = diag(Aq, . ..

(Wds_ D), where W9 is symmetric and dou-
s An)-

Strategy II (Uniform loss, weighted mixing):

. AT
(W, Gy) = (W, I), where W is row-stochastic with 2~
o . T T T
being its stationary distribution, i.e., /\TW = %

4.1. Aggregate Dynamics under the Weighted Loss

Under the initialization in Algorithrn 1, the gradient-tracking
property ensures that %Y(t) Z i 91 ) for Strategy
II, and %Y(t) =15, Nig!! J for Strategy I. Therefore,

although the two strategies encode the weights differently,
both induce aggregate recursion dynamics that are aligned
with the same weighted loss in (1). We present the details

for both strategies below.
Strategy I: Weighted local losses.

Each node scales its loss as F/(0) = \;F;(0), and uses a

doubly stochastic matrix W95, The global average g(t) =
L5 0" evolves as

(t+1 _ 17

9 WM —qy®] =g —
n

ZAZ v,

which matches the weighting structure of the optimization
problem in (1).

Strategy II: Weighted mixing matrix.

Instead of modifying the local losses, we embed \; in a row-

stochastic W such that %W = % Defining the weighted
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average 95\” = 157 2,6, we have

—(t+1) . )\T (t) (t) 77(t) « ~ (t)
9)\ —IW[@ —aY ]—9>\ 75;)\7.91 )

which also matches the weighting structure of the optimiza-
tion problem in (1).

We are interested in whether the two strategies, despite shar-
ing the same weighting structure, exhibit the same error re-
cursion and convergence behavior, and what fundamentally
distinguishes them. We address this question by introducing
a new analytical framework and deriving the corresponding
convergence rates for both strategies.

5. The L?(\; RY)-Hilbert Space

This section gives a decentralized construction of a row-
stochastic matrix W whose stationary distribution equals
A/n. We then develop the A-weighted geometry that under-
lies our analysis and the spectral identities used later.

5.1. Constructing W from A\

The weighting vector is naturally encoded by the stationary
distribution. Our goal is thus a decentralized row-stochastic
W whose stationary distribution matches A/n.

We adopt a modified Metropolis—Hastings (MH) rule (Chib
& Greenberg, 1995) to construct a transition matrix P with
stationary distribution \/n:

L min (1, iﬂj) ifi # jand j € N,

= wen;, Piks

Pij=9q1
0, otherwise.

)

ifi =7,

To preclude oscillations and ensure aperiodicity, we intro-
duce a laziness parameter € € (0, 1):

W« (1—e)P +el. 3)

The resulting entries are

L2 min (1, jj]) , ifi#jandj €N,
L= gen, Wik, ifi =4, 4)
0, otherwise.

Wi =

Implementation overhead. The construction in (4) is
fully distributed on undirected graphs: each node only ex-
changes its prescribed weight \; and degree d; with its
neighbors. The positive diagonal prevents periodicity, and
setting A = 1 recovers the standard doubly stochastic matrix
Wds. Compared with the standard MH construction for dou-
bly stochastic matrices, it requires only one additional scalar

weight per neighbor and a constant number of extra scalar
computation/communication per edge. Thus, the A-induced
row-stochastic construction has nearly the same practical
feasibility as the doubly stochastic one.

5.2. L?()\; RY)-Hilbert Space

Heterogeneous node weights induce a weighted Euclidean
geometry (cf. Appendix C.2). We therefore introduce the
vector-valued Hilbert space L?(\; R?) endowed with the
inner product

n

(X,Y)ra= ZAi<xivyi>7 XY € RH™

=1

The induced weighted Frobenius norm is | X|[xr =
(32, Aillzi]|#)1/2, and for the matrix (linear map) W, we
use the corresponding weighted spectral norm ||W]| 5
max x|, p=1 [WX|xr. Equivalently, L*(X;R?)
LQ()\) & R?, Under the construction (4), W is self-adjoint
in this space, admits an orthogonal eigen-decomposition,
and allows for standard spectral analysis.

I

Spectral relationships. For the symmetric, doubly stochas-
. T . . .
tic case W9, let J = 11— denote the projection onto its

stationary distribution. Then

W = T2 = p(W = J) = p(Wy) = py,

where p is the second-largest eigenvalue magnitude of the
matrix W9,

For the A-induced row-stochastic matrix W, its A-weighted
spectral norm satisfies

1/2 —1/2 1
IW — Al = [Wallx = [IDY*WaD} 2|12 = [[Wall2,

- —~
where A = % and Wy is a symmetric similarity transform
of W that preserves its eigenvalues. The detailed balance
condition ensures W = W, (Lemma C.4), implying

[W — Allx = p(Wa) = p(Wa) = pa.

Hence, the A\-weighted spectral norm coincides with py, i.e.,
the second-largest eigenvalue magnitude of W. We also
consider the A-weighted spectral norm of W9 — J:

>\max
PJ = KxPJ-

IWall = 1Dy Wy D3 2o < /522

Here, k) > 1 quantifies the metric distortion induced by
the heterogeneous weights. Since a doubly stochastic ma-
trix is generally non-self-adjoint in L2(\; R?), the resulting
non-normality introduces a multiplicative penalty greater
than one. Further details on the weighted Hilbert space are
provided in Appendix B.
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6. Convergence Rate for Algorithm 1

In this section, we present our convergence rate for Algo-
rithm 1 with different communication strategies.

6.1. Assumptions and Descent Lemma

To begin with, we present the following assumptions, which
are commonly used in existing literature.

Assumption 6.1 (S-smoothness). Each local loss F;(0) is
differentiable and -smooth, i.e.,

||VFl(91) — VFZ(HQ)H < ﬁ”@l — 92”, V91,92 € Rd.

Assumption 6.2 (Gradient oracles). For each node ¢ € V
and all § € R, it holds that:

E[V fi(6;8)] = VF;(0), E[||Vfi(6;€) — VE(0)|*] < v?

Assumption 6.3 (Connected graph). The communication
graph G is connected. Hence, the matrices T and W9
constructed via (4) are irreducible and aperiodic, and thus
have positive spectral gaps: pp < 1l and py < 1.

We now explain why the subsequent analysis is naturally
carried out in the weighted Hilbert space L?(\; R?). Under
Assumptions 6.1-6.2 and a step size o < 1/, the descent
lemma for Algorithm 1 yields (See proof in Appendix C.2.):
S(t+1) 5(t) o 5(t)
E[F(@, )] <E[F(0,)] - SE[IVF(.")I]
(63 2 a”C U

+ SrE[ ~ M. 0] + eyt
where ¢y = n2) " A7 < 1, and @
(g(t)7 J) in Strategy T and (5(;), A) in Strategy I1.

, M,) equals

The key observation is that the consensus error enters
the inequality solely through the weighted term |[(I —
M,)e®) ||2F - This term is exactly the squared norm in
L?(\;R?), indicating that the geometry induced by the het-
erogeneous node weights is governed by this space. Conse-
quently, L2(\; R?) provides the appropriate functional set-
ting for analyzing consensus under heterogeneous weights.

6.2. Consensus Error

In this subsection, we analyze the parameter and tracker con-
sensus errors across all nodes and introduce the following
notation to jointly characterize them for both strategies:

g _ | U J)e® @ _ | =16
! ol —J)Yy® 1 ol =AY ®

Building on (Koloskova et al., 2021), we derive closed-form
spectral norms for the matrices in the recursion, enabling
direct computation of the consensus error at any iteration ¢
without the window-averaging technique used in (Koloskova
et al., 2021). This yields a simpler analysis and more trans-
parent accumulated-error bounds:

Proposition 6.4. Under Assumptions 6.1-6.3, the following
accumulated consensus error bounds hold (See proof in
Appendix C.3.):

(Strategy I). If o < 2>\mxﬂ’ /153;@‘1)’ then

T-1 ®
t
E [HEI
- (fﬂi) 6(4pyy —5p7 +3)
N (1-p3)?
A?nax — t)
+ <c> 2na’B Z IVF@)]
1
Ahax
—|—< CZ > 18na?v? (
2(1+3p%)

Jj=
143 =
where A(py) = m, B(ps) = T=p2)3(1-ps) X =
LS N < Land Cf = 1—6072,.0°52B(ps) > 0.

(Strategy I). If o < Qﬁ, / 153(p o then

2
} @)
FA

=00,

CAOZQﬂzB(pJ)>

T-1 2
S|z, ©
t=0 FA
<1 6(4p} — 503 +3) H H
- (1—p% )3 S (D25
1 . 7
C—12na B(p Z::o IVE®@, )]

1 3
+C—118na2v2 <A(pA) + 20>\a262B(pA)) T,
2 4

LY N <lLandCy=1- 60a2ﬂ2B(pA) > 0.

We observe that Strategy I introduces several multiplica-
tive constants exceeding unity, notably n/\ and )\max,
which are absent in Strategy II. The constant x3 origi-
nates from the non-self-adjoint property of W9, while
the A2, factor emerges from the combined effect of the
gradient-related matrix Dy and the non-self-adjoint na-
ture of W, collectively amplifying the consensus error.
For comparative analysis, we present the corresponding
spectral norms below (See proof in Proposition C.14):
45l = B gl ARl = 257l and

WL = T)DAIX < Maxpd,  IWI = AR < A3
Thus, under comparable spectral gaps (p; = pa), Strat-
egy II yields strictly smaller consensus error.

6.3. Convergence rate

With the consensus error analysis, we now derive the con-
vergence rates of Algorithm 1 under both strategies, sum-
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marized in the following theorem.

Theorem 6.5. Under Assumptions 6.1-6.3, the following
convergence rates hold (See proof in Appendix C.4.):

(Strategy I) IfOé < >\maxﬁ’/6237(/))’ then
—ZE[WF M (7)

t=0

(L) HEODE@ (1Y

(A 6(eh — 505 +3)5 HE(O)H2
C|ch (1—p%)3nT T ollpa

A?nax 3
" (Oic§> 806" <A<p") - 20*6“2523(’”)) ’

2 2
where Ch, =1 — P08 B(ps) ? Blos)
1

(Strategy Il). If o < %, /m, then
t
—ZE[WFH()H} ®)

—(0)
2[F(0)7) —F(")] | 1
- 02 oT + Oy acxBv®
1 6[4p3 — 5p3 + 3]5 HE(O)HQ
CiCy  (1—p3)*nT LN PP

18026 <A<pA> " ;CAQQBQB(/)A)> ,

+

1
toc,

where Cy = 1 —

Remark 6.6 (Interpretation, scope, and tightness of the
comparison). Both strategies achieve the same asymptotic
order O(1/T) in Theorem 6.5, but differ in their constants.
Within the standard single-loop GT framework considered in
this paper, this comparison is decisive in the following sense:
both strategies are designed to solve the same weighted
loss in (1), and their aggregate recursions share the same
weighted gradient structure. Therefore, within this frame-
work, the difference between the two bounds comes from
the consensus-error recursion.

2 02
2 BCJIB(PA) > 0.

Specifically, as suggested by the consensus-error analysis
in Section 6.2, Strategy I uses a doubly-stochastic matrix
WS, which is non- self—adjoint in the \-weighted space.
This leads to additional x3- and A2, -type factors in (7),
amplifying the consensus and stochastic-gradient terms. In
contrast, Strategy II encodes the weights through a row-
stochastic matrix that is self-adjoint in the weighted space,
thereby avoiding these multiplicative penalties in (8). Hence,
the rate gap identified in Theorem 6.5 is not merely an arti-
fact of a loose upper bound, but a structural consequence of

the mixing matrix geometry under the same single-loop GT
framework. In particular, even when W95 has a larger spec-
tral gap, Strategy II can still have a sharper non-asymptotic
bound due to its smaller constants.

Meanwhile, this result should not be interpreted as a univer-
sal minimax statement over all decentralized algorithms, nor
as a formal lower bound ruling out every doubly-stochastic
variant. Formal lower bounds and algorithmic optimality
guarantees in decentralized optimization typically depend
on the algorithmic class, communication model, topology,
and whether extra communication rounds or acceleration are
allowed. Such modifications may change the comparison,
but they belong to broader algorithmic classes beyond the
scope of this paper and are left for future work.

Recovery of linear-speedup under uniform weighting.
Our framework demonstrates consistency with established
results in the uniform-weight setting. When the optimization
problem (1) reduces to the uniform-weight scenario (i.e.,
A = 1), both Strategy I and Strategy II become equivalent,
corresponding to classical decentralized SGD with doubly-
stochastic mixing and Euclidean-space analysis. The asymp-
totic convergence rate is stated in the following corollary.

Corollary 6.7. Under uniform weighting (A = 1), Algo-
rithm I achieves the following asymptotic convergence rate:

LS B [19F @] Sor =
T T

This result precisely matches the asymptotic linear speedup
convergence established in prior work (Lian et al., 2017),
confirming the consistency of our generalized framework
with classical analysis in the uniform-weight setting.

6.4. Limitations of the Standard Euclidean Framework.

To ensure analytical rigor, the convergence rate for Strategy
I presented in our main results is derived within the Hilbert
space L%(\; R?%) framework. This approach reveals limita-
tions of conventional Euclidean-space analysis, which does
not fully capture the geometric structure of decentralized
learning with heterogeneous node weights.

While the standard Euclidean framework can be applied
to Strategy I through rescaling of smoothness and noise
constants, it produces much looser convergence bounds.
Specifically, in Strategy I, the rescaled loss F/ = \F;
has effective local smoothness \;(;, which is bounded by

Amax /3. Similarly, the gradient-noise variance is bounded
by A2, v2. This gives the conservative estimates

VF;(GQ)” < Amaxﬁ”el - 62”
VEO)°] <A

max

[VF;(6:) —
E[IVf(6;¢) -

Then, the convergence rate becomes:
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1 / 1
Ifa< m m,then

1 T-1 @
- ) 2
= S E(VEE))
t=0
S (N ARED) —FE (N e
—\C} oT nC} v
(X 6405 = 55 + 35 HE<0>H2
CCY (1—p%)3nT I llea
Afnax
+ (C{Cé) 1802 3%0? A(py)

)\6
+ (&Fg;) 24cra’ B2 B(py).
When compared with our refined result in Theorem 6.5, the
differences are highlighted in brackets. The standard analy-
sis introduces multiple \,.x factors (up to the sixth power)
that substantially inflate the error bounds, showing that the
weighted Hilbert-space framework gives a tighter character-
ization of the dependence on heterogeneous weights.
Remark 6.8. Our goal is not to design a fully 3;-aware vari-
ant, but to compare where a prescribed weight vector should
be placed under a standard shared-smoothness GT frame-
work. In addition, we do not report a standard Euclidean-
space convergence rate for Strategy II: in this geometry,
the row-stochastic matrix W is non-self-adjoint and incurs
additional penalty factors (Liang et al., 2025a). The analy-
sis in L2(\; R9)-Hilbert space therefore provides a sharper
characterization for Strategy II.

7. Head-to-Head Convergence: Spectral
Conditions, Topology Design, and Step Sizes

Theorem 6.5 provides convergence rates for both strate-
gies. A direct comparison at fixed o and 7' is obscured by
higher-order terms and constants. We therefore begin by de-
riving a sufficient spectral condition under which Strategy 11
achieves strictly faster convergence, then translate it into a
topological condition, highlight its step-size advantage, and
finally provide corresponding topology-design guidelines.

7.1. Spectral and Topological Conditions for Faster
Convergence and Step Size Advantage

Strategy II can outperform Strategy I even when pp > p,
due to the self-adjointness of the A-induced operator. This
phenomenon is formalized below.

Theorem 7.1. There exists a constant ) > 0 such that if the
spectral gaps satisfy

(1= pa) = min {(1+AM2 1} (1= py),

then Strategy II converges strictly faster.

We set R = min {(1 + 77)/\1;;1”/(2, 1} € (0,1]. Here, we
assume £ > 1/2 in (3) so that both mixing matrices have
nonnegative spectra under any connected graphs, aligning
their absolute spectral gaps with ordinary ones. To make the
condition in Theorem 7.1 more interpretable, we reformu-
late it into a direct relation between the network topology
and )\ using Rayleigh quotients (Golub & Van Loan, 2013),
as closed-form spectral gaps are generally intractable in
high dimensions (Horn & Johnson, 2012).

Theorem 7.2. The spectral-gap condition in Theorem 7.1
holds if and only if the weight vector \ satisfies

{i,j}€€
R inf 9)
2/ #0 [E4E;
(z',1)=0
NPT 2 Zj
Z 1 d:’ ds N N
. {i.jre€ v i g
< inf

2
o EE

To make condition (9) tractable, we present a simpler suffi-
cient condition and its implications for topology design.

Corollary 7.3. The spectral-gap condition in Theorem 7.1
holds if, for every {i,j} € &,

min {X;/d;, Aj/d;} > RAmaxmin {d; ', d; "} . (10)

In particular, under a fixed budget ), d; = D, setting
d; o \; equalizes \;/d; across nodes and maximizes the
minimum edge coefficient in the Dirichlet form appearing
in (9), thus improving the feasibility of condition (10). Un-
der this allocation, the condition simplifies to

max{di, d]} > Rdma)n V{ZM?} et

By eliminating conductance imbalances, degree—weight
matching guarantees Theorem 7.1 provided every edge con-
nects to at least one node with degree d > Rdax.

Step-size advantage of Strategy II. The step-size bounds
in Theorem 6.5 further imply that

aII > aI

max — max"*

L—pr > A2l —py) =

Thus, Strategy IT admits larger step sizes even with a smaller
1 — pa. This broader range enables larger learning rates for
faster convergence while improving noise robustness and
generalization (Ghadimi & Lan, 2013; Wu et al., 2022).

7.2. Design Principles and Degree Allocation

Corollary 7.3 motivates matching node degrees to weights:
uniform weights correspond to regular grpahs, whereas het-
erogeneous weights suggest heterogeneous degrees.
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Design intuition. Under a fixed degree budget, proportional
allocation d; o \; equalizes node ratios and maximizes
the minimum edge coefficient in the weighted Dirichlet
form. Motivated by this principle, Algorithm 2! constructs
a connected simple graph approximating d; o A;.

Algorithm 2 Build Graph From Weights

Require: Node weight vector ), target average degree d
Ensure: A connected simple graph G, whose degrees ap-
proximately match the target degrees from the weights.

1: d < SCALETODEGREES(\y, ..., Ay, d)

2: for trial = 1,2,..., K do

3: success, Gy « HAVELHAKIMICONSTRUCT(d)
4:  if not success then

5: continue {go to next trial}

6: endif

7: Gx + MAKECONNECTED(G))

8:  if Gy is connected and degg, (i) = d; for all i then
9: return G,
10:  endif
11: end for

12: G < FALLBACKCONNECTEDGRAPH(d)
13: return G,

Algorithm 2 first rescales A into an integer degree sequence
d with even total sum and bounded degrees d; € [1,n — 1]
using the subroutine SCALETODEGREES. It then repeat-
edly attempts to realize d as a simple graph via a Havel-
Hakimi procedure (HAVELHAKIMICONSTRUCT) (Hakimi,
1962), and applies a degree-preserving edge-swap routine
(MAKECONNECTED) to merge disconnected components
until a connected realization is obtained. If no connected
realization with degg, (i) = d; for all i is found in K trials,
the algorithm falls back to a simple scheme that first builds
aring and then greedily adds edges to match d as closely as
possible (FALLBACKCONNECTEDGRAPH). Detailed pseu-
docode for the subroutines is provided in Appendix E.

8. Experiments

We empirically validate the theoretical results on a synthetic
least-squares task and CIFAR-10 (Krizhevsky et al., 2009).
Experiments are conducted on 16-node networks with two
weights A4 and A\, and are further scaled to 32 nodes with
Ac¢ and 64 nodes with Ap when applicable, with increasing
weight imbalance. The least-squares experiments cover all
three scales, while the CIFAR-10 experiments are run up to
32 nodes. For each weight vector, we test standard topolo-
gies and the tailored topologies generated by Algorithm 2.
More details are provided in Appendix F.

'For n nodes, Algorithm 2 runs in O(n? log n) time in typical
cases and in O(n?) time in the worst case, and always returns a
connected simple graph due to the fallback construction.

8.1. Least-Squares Quadratic Experiment

Following the setup of Koloskova et al. (2020), we con-
duct decentralized least-squares experiments with minor
modifications, as detailed in Section F.3. Each local loss is
augmented with an /5 regularization term, and stochastic
gradients are simulated by injecting zero-mean Gaussian
noise into the true gradients. Figures 1 and 2 report the norm

of the weighted average gradient HZL %VFZ (9,@) H

Aa (Exp) Aa (G
—==- Strategy | ---- Strategy I
] |
g 10 Strategy II g 101l Strategy 11
z | Z |
s ||
2 2 ]
g 1) T |
& 1 = n
o T SR PP SN o R B R W R NEVL VALV
10 v 10
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Iteration Iteration
A (Exp) As (Grp)
—==-- Strategy I —==- Strategy I
g
§ o' Strategy 11 Ewll| Strategy 11
Z Zz |
= =1 |
3 g ||
b=l ] |
A AW S m SRR AN A AR Ly,
109 oo AR AR A A A= TN TSR B U N AN I -

0 50 100 150 200 250 300 0 50 100 150 200 250 300
Tteration Tteration

Figure 1. Weighted gradient norms for least-squares (16 nodes).
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Figure 2. Weighted gradient norms for least-squares (32/64 nodes).

Figures 1 and 2 show that Strategy II consistently converges
faster than Strategy I and reaches a tighter neighborhood
of the same optimum 6*, resulting in a smaller steady-state
gradient norm. This is consistent with the penalty terms in
Theorem 6.5. Additional plots in Appendix F.4 track the
distance to 6* and further confirm this observation.

We scale the least-squares experiment from 16 nodes to 32
and 64 nodes. Figure 2 shows that the convergence gap be-
comes wider with stronger weight heterogeneity. Even when
W has a smaller spectral gap than W9, Strategy II can still
converge faster, confirming that the gap is not determined
by spectral gaps alone, but also by the self-adjointness of
the mixing matrix.
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Figure 3. Interval losses for CIFAR-10 experiments. The first two rows report the 16-node results under A4 and A, and the third row

reports the 32-node result under A\c.

8.2. Training ResNet-18 on CIFAR-10

To further validate the results, we evaluate the strategies
on a deep learning task using the ResNet-18 model (He
et al., 2016) on the CIFAR-10 dataset. The performance of
Strategy I and Strategy II in Algorithm 1 is measured by the
weighted average instantaneous loss > .-, % fi(ﬂgt); SZ@)
across nodes. The loss curves are averaged over 6 random

seeds and smoothed with a 30-iteration moving average.

Figure 3 shows that Strategy II consistently achieves lower
interval loss than Strategy I across different weights and
topologies. The advantage expands in the 32—node setting
under \¢, implying that the performance gap is not limited
to the 16-node case. Moreover, Strategy II can remain faster
even when W9 has a larger spectral gap, supporting our
conclusion that convergence is affected not only by spectral
gaps, but also by the self-adjointness structure and the result-
ing multiplicative constants. Complete test accuracies and
additional topology results are provided in Appendix E.5.

8.3. Spectral Gaps of Tailored Topologies

Table 1 in Appendix F reports the spectral gaps of the mixing
matrices on both standard and tailored topologies. On the
standard topologies, W9 generally has a larger spectral
gap than W. In contrast, on every tailored topology G\
tested, I has a substantially larger spectral gap than the
corresponding W9, These results empirically support the
degree—weight matching principle underlying Algorithm 2.

9. Conclusions and Limitations

We revisit decentralized learning with heterogeneous node
weights and show that the standard Euclidean framework,
due to a coarse rescaling argument, leads to loose conver-
gence rates. In contrast, a proposed weighted Hilbert-space
analysis yields tighter convergence rates and reveals that
the row-stochastic matrix is self-adjoint while the doubly
stochastic one is not, introducing penalty terms that slow
convergence and tighten step sizes. These insights show that
performance gaps are not dictated by spectral gaps alone
and lead to degree—weight guidelines for topology design.
Extending the analysis to directed graphs and developing
lower-bound or optimality characterizations are important
directions for future work, as both require tools beyond the
self-adjoint weighted-space framework developed here.
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Appendix

A. Motivation for Heterogeneous Node Weights

In this paper, the weights A\ = [Ay,...,\,] T are prescribed by the target learning problem and remain fixed throughout the
optimization process. They are not tunable variables. Instead, they specify how much each local loss contributes to the
weighted global loss

F6) = % Z MNEL(D).

Heterogeneous weights arise naturally in decentralized learning. A common example is data-size weighting (McMahan
etal., 2017; Yuan et al., 2018a): if node ¢ owns m; samples and F}; denotes its empirical risk averaged over these samples,
then the empirical risk over all the data is

1 n
~n miFi(e)v
Zj:l m; ;

which corresponds to choosing \; oc m;. Thus, when local data volumes are unequal, the desired global loss is generally
weighted rather than uniformly averaged. Similar weighted losses also appear when nodes have different data distributions,
priorities, or influence scores (Zhu et al., 2025).

Since uniform weighting can be viewed as a special case of heterogeneous weighting, some distributed optimization studies
explicitly introduce node-specific weights in the problem formulation (Yuan et al., 2018b;c;a).

Heterogeneous weights can also be induced algorithmically. In decentralized methods with non-uniform mixing, the
stationary distribution of the mixing matrix determines the effective contribution of each node to the global loss (Sayed,
2014; Ying & Sayed, 2016; Cyffers et al., 2024). Therefore, even when an algorithm is not explicitly weighted, local
step-sizes or the stationary distribution of the mixing matrix may implicitly create a non-uniform weighting of local losses.

The role of this paper is not to design the weights, but to study how a prescribed weight vector should be incorporated into
a decentralized gradient-tracking method. We compare two standard realizations of the same weighted loss: Strategy I
absorbs \; into the local losses, while Strategy II encodes A through the stationary distribution of the mixing matrix. Both
strategies target the same loss above; they differ only in how the weights affect the consensus dynamics and, consequently,
the convergence rates.

B. More Details on the L?()\; R?)-Hilbert Space

B.1. Definition of L?()\) space

Let S denote the index set of nodes and let

A= (N)ies, Ai >0, ZAi =n>1,
ies

be the vector of heterogeneous node weights used in the decentralized optimization problem (1). Here A should be regarded
as a positive weight vector associated with the network nodes, rather than a probability distribution.

The weighted Hilbert space L?()\) is defined as
L2(\) == {¢ .S R‘ 31602 < oo},
€S

with inner product and induced norm

(b1, 020x = > Nid1(Dda(i),  ollx = ({6 o)n) ",

i€S
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If ) is replaced by cA for any constant ¢ > 0, then

(@1, 2)er = (@1, P2), l@llex = Vel @] a-

Hence the element set of L2()\) is unchanged, and the geometry of the Hilbert space is preserved up to a scaling factor.

In this paper, we focus on the matrix W introduced in (4), which is constructed to satisfy the detailed balance condition with
respect to \:
AW ;= NW;,:, Vi,jeS.

As aresult, W is self-adjoint with 1 respect to (-, ) x, and its spectral properties are invariant to rescaling of A. Equivalently,
under the \-similarity transform, W= Dl/ 2VVD 124 symmetric, which can be readily verified from its expression:

(1—¢) mln( ,//’\\;7d j> ifi# jand j € N;
Wii =Y 1= Soew Wi iti— j
0 otherwise.

Remark. It is worth emphasizing that A in our setting is not required to be the stationary distribution of a Markov chain.
Instead, it is a user-defined weight vector that induces the reversibility condition for W. While stationary distributions are a
special case where A is normalized to sum to one, our construction applies more generally and does not rely on probabilistic
normalization.

B.2. L?(\; R?)-Hilbert space.

In addition to the scalar-valued space L?()), it is often convenient to consider its vector-valued extension
L2\ RY) = {¢ LS Rd‘ S Nl < oo}.
€S

This space can be identified with the tensor product
L2\ RY) =~ L2(\) @R
This identification simply reflects that an element of L?()\; R?) consists of n vectors in R, with geometry determined
independently by the weighted node index (L?())) and the feature dimension (R%).
The inner product between ¢1, ¢ € L?(\; R?) is given by
(b1, d2)ra = Y_ Nilu(i), $2(i)),

€S

where (-, -) denotes the standard Euclidean inner product in R?. The induced norm reads

1913.a = D Aille@)1*.

€S

This vector-valued extension inherits all Hilbert space properties of L%(\) and is particularly useful when analyzing
multi-dimensional signals or operator dynamics with matrix-valued actions. Equivalently, if ¢ is arranged as a |\S| x d
matrix with ¢(i) as its i-th row, then ||¢||3 ; coincides with the A\-weighted Frobenius norm of this matrix, i.e., ||¢[|% .

B.3. Why introduce the L?(\; R?) space?

The motivation for introducing this space is twofold. First, under heterogeneous weights, the tightest result from the descent
lemma is naturally expressed in the L?(); R?) norm; using the standard Euclidean space instead would introduce looser
bounds. Second, the matrix W is generally not symmetric under the standard Euclidean inner product, so its eigenvectors

14
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are not orthogonal. Analyzing in the Euclidean space thus inevitably requires coarse bounding, leading to convergence
results that are not sufficiently tight.

By introducing the weighted Hilbert space L?()), endowed with the inner product
(f1,02)x = Y Nid(i)¢a(i),
i€s

we recover orthogonality of eigenvectors when W is reversible with respect to A, i.e., when the detailed balance condition
AW, ; = X\;jW;,; holds. In this case W is self-adjoint with respect to (-,-), and thus admits an orthogonal spectral
decomposition in L2()). This structure enables the use of Hilbert space techniques, such as Pythagorean identities and
spectral gap estimates, to quantify the rate at which the dynamics defined by W converge to equilibrium.

Even when >, \; # 1, the space L?(\) remains well defined, since normalization of A only rescales the inner product
without altering the spectral properties of W or the convergence rate analysis.
B.4. A Simple Consensus Problem

This subsection uses a simple consensus problem to illustrate why the two weighting strategies lead to different contraction
factors in the A-weighted space. Consider the pure consensus dynamics without gradient updates:

ettt — pe®)

where ©(1) € R"xd collects the local variables of all nodes. Recall that

T 117
Ai=—) Ji=—
n n

Here, A is the projection induced by the stationary distribution A/n, while J is the standard averaging projection. We

compare the consensus contraction of the two strategies in the A-weighted Hilbert space.

Strategy II: row-stochastic mixing. For Strategy II, the consensus dynamics are
el — we®,
where W is row-stochastic and satisfies

AT AT
Zow="
n

n

Since W1 =1 and %W =l , we have

WA =A, AW = A.
Therefore,
(I - A)Wt = (W — A)t.

The consensus error satisfies

2 2

-,

-fo-amer <o -won;, <

@<0>H
FA’

F\
where
pa = [[W —Allx

denotes the contraction factor in the A\-weighted space. Since W is self-adjoint in L2(\; R?) under our construction, this
contraction is directly characterized in the weighted norm.
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Strategy I: doubly stochastic mixing. For Strategy I, the consensus dynamics are
QU+ — Jdsg®)
where W4 is doubly stochastic. The corresponding consensus projection is .J, and
W=, JWE =1
Thus,
(I — J) (W)t = (Wds — L.

Evaluating the consensus error in the A\-weighted norm gives

|z~ new|’

2 2
-y oo <

2
_ 0| .
F F

where p; denotes the standard consensus contraction factor associated with Wds — J and ky > 1 quantifies the metric
distortion induced by heterogeneous weights.

This additional factor appears because 19 is generally not self-adjoint in the A\-weighted space. As a result, its contraction
in the weighted norm is naturally bounded with the factor . In contrast, Strategy II directly aligns the stationary distribution
of the mixing matrix with the weighted geometry, avoiding this multiplicative penalty.

This simple consensus example shows that the gap between the two strategies already appears at the consensus level. The

additional A2 ,_-type penalty in Theorem 6.5 further arises from the gradient-tracking dynamics and the interaction with the

gradient-related scaling, rather than from the pure consensus step alone.

C. Proof for the Convergence Rate

In this section, we present the proof of convergence for the proposed algorithms.

C.1. Technical lemmas
To begin with, we introduce some technical lemmas.

The following lemma provides the eigenvalue of the row-stochastic matrix.

Lemma C.1. Suppose P € R™*" is a row-stochastic matrix and 7 is its stationary distribution, then the eigenvalues of the
matrix P — 1w can be given by:

o(P —17) = {0,04(P), ..., 0n(P)}.

Proof. As P is a row-stochastic matrix with stationary distribution 7, then it holds that P1 = 1, 7P = 7, and 71 = 1.
Denote IT = 17, then (P — II)1 = P1 — 1(w1) =1 — 1 = 0. Thus 0 is an eigenvalue of P — II with eigenvector 1.

Moreover, if o # 1 is an eigenvalue of P with respect to the vector v, it holds from 7P = 7 and Pv = owv that
mv = w(Pv) = omwv. Thus (0 — 1)mv = 0 and 7v = 0 holds. Consequently, it holds that ITv = 1mv = 0, and
(P —1I)v = Pv = ov.

Therefore, combining the two aspects yields o(P — 17) = {0, 02(P),...,0n.(P)}. O

Lemma C.2. Suppose w1, ...,wy > 0, and let x1, ..., 2, € R? be independent random vectors with zero expectation.
Then, we have

E

2 n n
=Y W [||xiu2} =3 wivar(z,).
=1 i=1

16
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Proof. By independence and the zero-mean property of z1, . .., z,, we can derive that:
n 2 n n n n
E Zwixi =K <Zwixi,2wjxj> =E ZZwiwj<xi,xj>
i=1 i=1 j=1 i=1j=1
=E [Z wf(gc“xﬂl = Zw?E [||xl||2} = Zw? var(z;).
i=1 i=1 i=1
Thus we finish the proof of this lemma. O

The following lemma can be obtained from Young’s inequality:
Lemma C.3. Given two matrices A, B € R™*, for any a > 0, the following inequality holds:

1
4+ Bl < (14 @A + (141 ) 1B

Lemma C.4. Let W be the matrix constructed in (4). Under the \-similarity transform W = Di/ QWD;U % the
transformed matrix W is symmetric.

Proof. From the definition in (4), the entries of W are given by

1-— Ajd; e .
dismin(l’/\Zd)’ ifi # jand j € N,
I_Zkej\/'i Wi,kta le:.]a

0, otherwise.

Wij=

Applying the similarity transformation W= D/l\/ QWD;U 2 yields

1 /N 1 /A
(1—¢)min | — [, —1/L |, ifi#jandj € N;,
_ a\' N 3V N

Wi = e
"I L= ken, Wik, if i = j,
0, otherwise.
By construction, [W]Z = [W} 4,4 for all 4, j. Therefore, W is symmetric under the A-similarity transform. O

Lemma C.5. Let Wy := W — J, J = %, and Dy = diag(A1,...,\,). Then the A\-weighted spectral norm of
(W)H(I — J)Dy satisfies that:
||W§(I - J)DXH)\ < )\maxpfh

where Amax = max; \; and py = |[W — J||a < 1 denotes the spectral radius of W — J.

Proof. Note that W is a doubly stochastic matrix, we have
WET = Jwe = J,

Hence,
(W) = J) = (WS =) = J) = [(WS)' = J](I = J) = (W*)" —J.

Thus we consider the A-weighted spectral norm of (I — J)Dy:
1/2 s —1/2
|(W)"(I = 7)Dxllx = [|D3* [(W*)" ~ J] D05
1/2 s 1/2
= [[DY* [y =)D,
1/2 s 1/2
<UDl W) = Tl - DYl

t
= )\maxpja

I,

where Amax = max; \; and p; = ||[W — J||5 < 1 denotes the spectral radius of W4 — J. O

17
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To facilitate the subsequent proofs, we now introduce the following lemmas concerning series summations.

Lemma C.6. Consider the sequence ta® fort = 0,1,...,n, where 0 < a < 1. The closed-form expression for its sum is
given by
E:t% (1= (n+1)a® +na*"tl)
“ (1—a2)2 ’
and the infinite sum is
ta? = ————. 11

2 = .

Proof. Letb= a2, the series can be rewritten as
n n
ta® = bt
t=0 t=0
We first consider the standard geometric series
n )
t=0

Differentiating both sides of the equation with respect to b yields

tht 1 (n+ 1)b" + nbntt
(1-1b)?

Multiplying both sides by b gives the desired sum:

n 2(1 — (n + 1)a2n 4 na2(n+1))
T o .
Z Z ;

(1—a2)2

Taking the limit as n — oo yields the infinite sum:

2

> a
ta* = ———.
2 = e

O
Lemma C.7. Consider the sequence t>a® fort = 0,1,...,n, where 0 < a < 1. The closed-form expression for its sum is
given by
ZtQ 2 _ 2(1+a?) — (n+1)2a20HD 4 (202 4 2n — 1)a2(M+2) — p2g2(n+3)
(1—a?)3 '

Taking the limit as n — oo yields the infinite sum:

0 2 2

1
e = L) 12
— (1—a?)

Proof. Letb = a2, the series can be rewritten as

th 2t Ztht

We also begin with the standard geometric series

- 1—pnt!
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Differentiating G (b) with respect to b yields

(n + 1)b" + nbontt
§ tot—t = i z ok . (13)
Differentiating once more, we obtain
~ B 2—(n+ nb" 1 4+2(n% - 1" — n(n — 1)p"t!
G'(b)=> tt—1)'"? = ( ) (1( ) ) ( e (14)

=2
Since t? = t(t — 1) + t, we can decompose the sum as
n
> = Z (t—1) bt—l—tht
t=0 t=0

= b2G" (b) + bG' (b ). (15)

Substituting (13) and (14) into (15) and replacing b with a2, we obtain

ZtQ 2 _ 1 +a ) (n + 1)2a2(n+1) + (2”2 + 2 — 1)a2(n+2) _ n2a2(n+3)
(- a2 '

Finally, since a?” — 0 as n — oo for 0 < a < 1, the infinite series converges to

th 2t _ @ +a)
17a2)3'

O
Lemma C.8. Consider the sequence t3a*! fort = 0,1, ..., where 0 < a < 1. The closed-form expression for its infinite
sum is given by
2(1 4 4a® + a*)
3.2t _
Zt 1_—a2)4 : (16)
Proof. Following Lemma C.7, which states that
Z 22 — *(1+a?)
1 —a?)3’
we differentiate both sides of the equation with respect to a? to obtain:
dz t2 2t i 3 Q(t—l) o a4+4a2+1
poard B (1 —a2)4
Therefore, we can get the final result
g 0 20,4 2
3 92t 2 3 o¢—1) _ a-(a’ +4a® +1)
Zta =a ;ta 7—(1_012)4 .
O
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C.2. Descent lemma

In this subsection, we present the proof of the descent lemma to obtain the convergence rate with the two strategies. To
begin with, we present the following descent lemma for the two strategies.

Lemma C.9. Under Assumptions 6.1 and 6.2 and a constant step size «, it holds for Algorithm 1 with both Strategy I and Il

that:
23,2
Z(t+1) ®) (t) 60 o’ fu
< _ A
e [r ] <k [r (1)) - 3z |oret) H e[S vma] [+
a7
T:
o] |+
2
(1) A onll?l 20 =0 () 2(t)
where T3 = E HVF(H*) S = VF(0; )H ,0," =0 " inStrategyland 0," = 0" in Strategy II.
n
Proof. According to Assumption 6.1, we can derive
(t+1) A(t) )y ft+1) () (t+1) (0|2
< _ =z _
B [r@ )] <& [P ()] + [(vr@) o -0+ |5 o - |].
=T =T
Using éf“) = ?it) _ ¢ Dy Xig'?, we can derive:
n
Ty = —aE VF(g(t)) i ﬁg@
* ’2:1 n 1
_ () A (®
= i t
= —aE <VF(0* ),Z;VH(@- )>] (18)
L i=1
@ (t) i (t) (t) (t)
= SE |||VF@ )—;;vm(ai ) [HVF& H HZ 2 (6 ,
and
25 || || _ a8 a9\ i
o’ Al | _e?B i) 0) o)
T2 9 E ; ’I’ng 9 E Et p n( (01 )+VFZ(0'L ))
23 "y 2 "y 2
x P Ai (W) o p® Ao g®)
= |E ;n(gz VEOD)| | +E Z;nwa(az)
= = (19)
~ i 0 ~ i ()
+2E <;HVF1(61' ), Ee Zln(gz — VF;(6; ))
exa? Bu?

2 2
1 n n AZ n AZ
SO AMCHE D jzvm(@@) > :ZVFi(QZ@)
=1 =1 i=1

where we use the Assumption 6.2. Plugging (18) and (19) into (17) and using the definition of 75, we can prove that (17)
holds for both strategies. O

2

Here, we denote ¢\ = Z?Il )\12 / n? < 1. Then with Lemma C.9, we can present a further descent lemma for the both
communication strategies.

20
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Lemma C.10 (Descent lemma of Strategy I). Under Assumptions 6.1 and 6.2 and a constant step size o < 1/, it holds for
Algorithm 1 with Strategy I that:
aB? a?ey fu?

E[|(1 = NOW||EA] + —

EF@ )] <EF@EY)) - SENVFE)? + 20)

Proof. We consider the term 75 that has been definited in Lemma C.9. It holds under Assumption 6.1 that:

322 (vR@") - vr)

i=1

B2 & OOl
<L ME [H@ -] = Zea - nev |

where the last inequality follows from Jensen’s inequality. Substituting (21) into (17) and it holds that:

R [ M e

2

T =E @) Z 2D | =E

2n

n

2
Ai (®)
v )
) —VE(9;7)

i=1

- se[|vr@)|] + 2952

a<} af? 2 7 exa? fu?

s 2® |0 =200 | - 52 |[vr@ ]+ 2557

< E[FE")| + O E [H(I nev| vE@E)| | + 25
Then we finish the proof of Eq. (20). O

The following lemma is the descent lemma of strategy II.

Lemma C.11 (Descent lemma of Strategy II). Under Assumptions 6.1 and 6.2 and a constant step size o < 1/, it holds
for Algorithm I with Strategy II that:

S(t+1) () o ey fu?
E[F(0y ) <E[F(0))] - §E[IIVF(9 P+ [II(I )O3 ] + — (22)
Proof. We consider the term 75 that has been definited in Lemma C.9. It holds under Assumption 6.1 that:
_ (t) (t) _ (t) ()
Ts =E ||[vF@EY) ZZ —E ZH(VF(G/\) VE (6] ))
=t =t (23)
n 2 2
Z)\ E [He“) — " } _ g [H(I— M| } ,
n FA
Substituting (23) into (17) and it holds that:
2
(t+1) (t) alaf —1 LY
sfrot)] <s[rol] 5o o ]« 205 |[$wror
i=1
- se[jvra)|] + 252
2
T e[re) + L (e -weo| |- 2 [|vra)|] + L2
- 2n2 FA 2 ’
Then we finish the proof of Eq. (22). O

Remark C.12. We observe that, due to the heterogeneous node weights, the consensus error terms in the descent lemmas for
both strategies, (21) and (23), naturally take the form of norms in the Hilbert space L?(X; Rd). This serves as an important
motivation for introducing this weighted Hilbert space.
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C.3. Consensus error analysis

In this subsection, we present the consensus error analysis for Algorithm 1 with different communication strategies.

C.3.1. PARAMETER DEVIATIONS AND SPECTRAL NORMS

Firstly, we present the following lemma to characterize the parameter and tracker deviations:

Lemma C.13. The parameter and tracker deviations satisfy the following recursive relations:

El(tﬂ) = AIEI(t) + ozBI(t), (Strategy 1), 24)
EI(fH) = AHEI(P + aBI(It), (Strategy II),
where the matrices involved are defined as follows:
g0 _ | (- J)ew W _ | =16 W W WA W
! al —)y® | " g1 - AYy® |’ 0o Wy’ 0 Wy |’
B _ 0 B _ 0 _
! (I — J)D\[VF(0U+Y) — VE (0®)]]" 1 (I —A)[VF(0UHD)) — VE(0W)]
Proof. For Strategy I, we have the following update form:
ot+1) Wwds s om 0
+1) | = ds o | ta (t+1) ®y |- (25
a- YD) 0 W a-Y® D\[VF¢(© ) — VF:(0W)]

Then, we have the following equations:
(I-JP=I-2J+J*=1-2J+J=1-1],
ds_ dsq_
(I— 72w =" (1w — ) 2T T - WS - J) = W - ).

Multiplying both sides of (25) by (I — J)2, we obatin:

L e =1 W [ e e [ ot - wrieny |

B A E® B®

Similarly for Strategy II, we can give the following update from (2):

ety 1 [w —-Ww oW N 0 26)
a Y | T o W a-Y® | T VE(0H)) - VE.(0®) |

Then, we have the following equations:

(I—A)““':I—2A+A2:1—2/\+E 1A Nd=np
n

(=AW Y22 (1AW = A) VEL (- AW = A) = Wa(l - A).

Multiplying both sides of (26) by (I — A)? and substituting the two equations above, we arrive at the desired result:

(I-MNeW 1 [T Wy —Wy (I —A)OW ta 0
a-I-—ANYEHD |7 0 Wy a-(I-ANY® (I —A)[VF(0U)) — VF(0M)] |-
o An By By’
Thus Eq. (24) holds for both strategies. O
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From Lemma C.13, we obtain the following recursion:

t A .
EY = A4EY +a > AT BY ™Y, (Strategy 1),
j=1

t o
EI(t) _ AfEI(O) +aY AE*JBIU_D7 (Strategy I).
Jj=1

We next examine the spectral norms of Ay and A;. While both matrices have spectral radius strictly less than one, their
spectral norms do not necessarily satisfy this property. The following proposition makes this distinction precise.

Proposition C.14. Let Ay and A; be as defined in Lemma C.13. Then (i) p(An) < 1 and p(A1) < 1; (ii) for any integer
t > 1, the A\-weighted spectral norms satisfy

2+ 2+ V2 +4
2

1ALIR = PR IALIR <

242 +tVt2 +4
R @7)

Proof. We start with the traditional method for computing eigenvalues:

ol —Wx ol +Wy

det(ol — Aq) = det [ 0 ol — W

} = [det(a] — Wyp)]2.

Therefore, A has the same eigenvalues as Wy, each with algebraic multiplicity two, indicating that p(A) = pp < 1.

As for the matrix Ay, similarly, we can obtain:

ol —Wj; ol +W;

det(cl — Ay) = det [ 0 ol — W,

] = [det(a] — W))]%.
Hence, A; shares the same spectrum as W, and each eigenvalue of W appears twice in A;. This implies that the spectral
radius of Aj satisfies p(A1) = py < 1.

Proof of | A%||3. Recall that the A-weighted spectral norm is defined as
|0l = 1DY*M D2 2.

Consequently, in order to evaluate ||Af;| s, it suffices to compute the spectral radius of the right normal matrix of its
A-similarity transform:
1AL = 11 AT sieal13 = £((Algim) " Al sirn)-

II,sim II,sim

We start by calculating the power of A, by simple recursion, one obtains

At _ W/t\ _tW/t&
II 0 W/t\ )

where ¢ is a positive integer. To compute the A-weighted spectral norm, we need to obtain the \-similarity transform of A’:

_1 —~ —~
L o[ m)

0 D;

0 D)

II,sim —

. _[p: o
o Wt

~ 1 _1
where Wi = DZ W} D, . The right normal matrix associated with A}, ; is

WHTW Wt TWt
(Afl,sim)TAﬁ,sim = [ ( A> A ( A) A ] .

—HW)TWE (L4 #)(WH) WY
We denote W = (W£)TWY for simplicity. This matrix admits a Kronecker factorization

1 —t
(Afl,sim)TAfI,sim = |:_t 1+ t2:| ® w.
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By the spectral property of Kronecker products (Horn & Johnson, 2012), the eigenvalues of A ® B are given by the pairwise
products of the eigenvalues of A and B.

1 t

We first compute the eigenvalues of the 2 x 2 coefficient matrix M; = [_ ¢ 1 1 /2

} . Its characteristic polynomial is

L—p —t —(1_ 2\ 42
det 4 1_i_tz_lj(l w1+t —p)—t-=0,

which yields

P +24+tV/12+4
5 )

Hi2 =

For the matrix W = (W[{)TWK, the spectral mapping theorem together with the invariance of eigenvalues under similarity
transformations implies

Uz(W) = (O’i(WA))Qt, 1= 1,...,n.

Therefore, the eigenvalues of (Af; ;) T A} ., are given by
t 2t .
(Al i) = {,uk(Mt) (W) =1,2,i=1,... n}

In particular, the spectral radius is

2+2+t/t2+4 ,,
= D) PA -

P((Aftsim) " Al san) = max{pua], [z} - max (o:(Wa)) ™

Consequently, the A\-weighted spectral norm of A? satisfies

t2+24+tV/t2+4
IALIR = 1AL gim13 = P((Af1 gim) T A1 i) = 5 o,

II,sim II,sim

and we obtain || Arf]|3 = 355! ~ 2.62p3’, which can be greater than 1 when the network connectivity is poor.

Proof of | AY||3. Since the matrix W is self-adjoint in the standard Euclidean space, we can similarly obtain:

2+24+t/t2+4

|Af]I5 = 5 -
Therefore, the A-weighted norm of Af satisfies:
oo o o] W[t o 1 o o]l wellos? o 1
ALllx = 1| A _1 < 1 A7l _1
0 Di 0 DA ’ 2 A2 2 0 D/\ : 2
242 +tV/12 4+ 4
P Lk +2\/ T
Thus Eq. (27) holds. 0

C.3.2. CONSENSUS ERROR FOR A SINGLE STEP

Then we can present the consensus error for the ¢-th step for both cases. Firstly, the following lemma gives the consensus
error of Strategy II.

Lemma C.15 (Consensus error for Strategy II). Suppose that Assumptions 6.1, 6.3, and 6.2 hold, and the step size « satisfies

1 1-—
thatozg— M

. Then for any t > 0, the following bounds on E [HEI(It) 1% )\} are satisfied:
98\ (2—pa) ’
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t—1
[||E Hm} < (2+t2+t\/t2 ) ( HF +27a2B%E Z(H(“ + H(t’“l)H (I A@(J)H
A par

t
+ 18na’v? (h(t’J ¢ OzQﬁQH ’J)> i
1

j=

2
1 210K ZH ) HVF gy H

(28)
. t— i t—J ) iy
where H{") = ((t = j? + 1)p3" ) + <pA( : “) PA—and " = ((t = )2 + p3 .
1—pa 1—pa
Proof. From (24), it can be obtained that:
t .
By = ALEy + o) A Bu(j - 1).
j=1
Then we obtain
. 2
Im.C.3 0 2 1 . )
E [HEI(? } <A+l |ED| @+ 5)a%E | |3 AL BuG - 1)
7 7 J=1 FA
_apat 2 lp@lF L3 2 it = HWLTIA[VF(8D)) — VF(0UD)]
= 3[| Ar[Ix ‘ By + 5K oyt @) (G-1)
X 2 Zj:l WA IA[VFg(@J )—VF;E(GJ )] Fx
2
E 3 A , ,
<3|} B +5a%E || > Wi VE(OY) - VF (001
" i=1 F,\
Th
2
3 t
2 j—1
+50”E thj IVF(0Y) - VE@©UT) |,
g=1 FA
T
(29)

where we use Wi /Iy = I\W, 7 and ||Ip||» < 1. From Spectral Mapping Theorem, we have p(W} ?) = p\ . For
matrix Wy, the A-weighted spectral norm coincides with the spectral radius, implying ||Wx 7 ||x = p’ 7. Therefore, we
obtain

2 2
T, < 3E ZW [VE©UY) - VE(0U~)] +3E || Y Wi [VF(OY) — VF(0W)]
F J=1 F
. 2
+3E Z W [VF(OW) - VF(@©U-D)
J=1 FA

T3
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Then from Lemma C.2 and the unbiasedness of the stochastic gradient, it comes that:

n 3 |wi e eree ) - vree ) |

+ 3]2:1 HWi*jHj E MVF(@(J’)) _ VFg(G(j))H;J - 3E[Ty] 0

t t

t

<3 Z pi(t_J)nUQ +3 Z pi(t_])mJQ +3E[T5] =6 Z pi(t_J)nUQ + 3E[T3],
Jj=1 j=1 j=1
As for the term T3, it holds that:

2
t
T3 =E || Y Wi [VF(©W) - VF©U)

j=1 F

I
Mﬁ

+ . 2
> |[wivE©Y) - vEEUD)|

<.
Il
-

(€2
+E|Y <Wf\’j [VF(OU)) — VF(©U=D)], Wi [VF(©W) - VF(G(“”)DA )
i# ’
Ty
We bound T:
t
T =Y (Wi7IVF(©OY) = VRO V), Wi [VE©OW) - vEE! D))
J# ’
t
<3 |wi, [vre) - vreuD|wi, [vee) - veet |
i# ’
VF(OW) - VF@U-D)|2, ¢ IVF®©©) —vF@et-)|
2t—(j+1) H P 2t—(j+1) F
< Z ’ 5 20 5 (32)
i# #e
t t ot 2
2t—(j+¢ i L i—
=3y ‘vp(@m)_v (©U-D) H ZZ —(+0) ’vp (©W) — VF(@OU 1>)HFA
i# =L ’
(49) (3-1)
©W) -~ vF(© )H”
Combing (31) and (32), we can get the upper bound for E[T3):
2(t—4) Lo () (G-1)
< .
Tg_;(m bl ) [HVFG )~ VF(© )Hm (33)
Similarly, we can bound 75 as:
. 2
T < 62 2022 4 3R Z HWLIVE@OW) -~ VF(OU-)] (34)
J=1 F\
T/
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As for T}, we have

. 2
‘VF @)y — VF(@O*”)H
FA

vEEew) - VF(G“"”)H;A (35)

- Z t—)Y (t—u)py U

i( G Ty )HVF ey - VF(©U- 1>)H

(1—pa)? P

Therefore, it holds from (30), (33), (34), and (35) that

T+ T <62 2 1)p2(t Ny
j=1

—J

32[(@—]’)2 + 1o} ”+('°A(t_j)+1) 2

HVF(@U)) _ VF(@U—U)H2 (36)

1—pa 1—pa F\

Ts

<3ZH(“)]E ]+ GZh“’J)

j=1

t—j

A

and b\ = ((t — )2 + 1)),
L —pa

A » £
where we denote H[(\t’J) = ((t—j4)%+ 1)pi(t 2 (pjl\(pj) + 1)
— PA

As for the term 75, we can derive
2

T5S3"VF(®(j))fVF(@A(j))Hi +3HVF (©U-D) — vF@Y" 1’)HF’ +3HVF @y~ 1))7VF(@A(j))HFV\

<o [Jir-wo [+ i -we =+ o e

(37)
We consider the last term of (37) and obtain that:
2 LY 2
= /. (J 1) 7(i—1) _ 9 i (5-1)
e [[oo -5, | - ZMHM ] e | [352
& A ) ’
2 i (G-1) ir (5-1) (4-1)
<na’E ;;vpi(ai ) + ;5[% ~ V(67 )]
- (33)
<na’E + exna®v?
L =1
n )\ 2 2 2
< 2 Ai (pli—1) (7= 1) H (= 1) H C\U
<2na (]E [ ; = [VFZ(QZ ) — V(8 ] + |V @S + 2
Combining (37) and (38) together, it holds that:
(12 . 2 1)
E[T3] =35°E HI—A@(NH 362(1 + 222 %)E HI—AG)U—DH 6na2f2E H A8y H
] =58 |- we [, | 43821+ 22028 | i1 - 060 |+ onatie | |v o)

+ 3eana? B2,
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Substituting (39) and (36) into (29), it holds that:

297 — : . NE
E[1EOF] <3l £, + 50?8 |30 (B0 + (1 +2028) D) |1 - ||

j=

et -l et St josa |

2(1 = pa)

+9na2v2z < fc a252H(M))

1 3(1 —
Furthermore, by noting that E [H(I — A)@(t)Hi)\} <E [HE(t)Hi)J and assuming that o < % %, we can
’ ’ —PA
further derive from (40) that:
) t—1
E[IB@®II}] <3 (2+ ¢ + V22 +4) p3 HEI(;”H +27a*°E (H(” + H (L+1) ) H (I-A) @<J>H
' F
) =

t t
+ 2na’E ZH( HVF g 1))H + 18na’v? (h(t] 3¢ a262H ) .
j=1 j=1
Thus we prove that (28) holds. O]

The following lemma present the single-step consensus error for Strategy 1.
Lemma C.16 (Consensus error for Strategy I). Suppose that Assumptions 6.1, 6.3, and 6.2 hold, and the step size « satisfies

1 1-—
that o < — 31— ps)

93 W Then for any t > 0, the following bounds on E [HEI(t) 12, )\] are satisfied:
— PJ)Amax ’

2

2 2 =l 11 , A
[ v o TR 5 (s o -
, : o

FA
2 t
1 2na?E ZH(M) HVF gu—v H +18na2022<h(t’])+ 2 a2B2H(t’J)>
j=1
(41)
_; t—j £
where £ = N | (6= 377+ 0 (PTG ) L2 and )i (e 37+ 065
L=ps T—ps
Proof. Similar to that of Strategy II, we can derive:
2
(t) 2 t12 (0) 2 3 2 i t—j .
e, ] <svae [, e || S
J FA
. 2
2 3 i . .
<3JAHR||EC|| |+ 50E || S Wi LDAVE(OY) - VE(0UV)]
’ J=1 FA (42)

T
‘ 2
+ gaQ]E S (- )WL DAVE(OY) - VRO |,
j=1 F\

Ts
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For the term 73, we can present an upper bound as follows:

t
Ty =E ||Y Wi I;DA\[VF(0W) — VF,(0U™1)]
i=1 F

t
SJZ_:HW} ]IJDAH IEMVFs V) = VE(6Y" 1)HF>\:| 43)

+E (> <W§—HJDA [VE(©W) — VE@OU-D) Wi I;D\[VF(OW) - VF(@<L_1))]>

- A d
J#L

Ty

The proof is essentially identical to that of Strategy II, except that every W, term is replaced by W, and an extra factor
17D, is applied. Consequently, the argument reduces to bounding the corresponding A\-weighted spectral norm. Applying
Lemma C.5, we obtain:

W57 LDallx < Amaxpy 7 (= W57 IrDalIx < (= §)Amaxpy ”

1 3(1 —
If « satisfies that o < — ( ps)

983 W we can obtain from (42) and (43) that:
- pJ max

2 2 1 2
1) ok R ) s 5 (0 450) -
) ) = ,
1y t
+27’LO[2E ZH t,5) ‘VF (-7 H —|—18TLOL2’U2 <h(t7])+ Ze ozzﬁQH(t’])>
j=1
s t—j (i _j
where H( J) . = A2 [((t — )2+ 1)p§(t J) + (p{( pj) + 1) 1pJp ] and h(t,J = A2 ((t j)2+1),03(t 7 Thus
— PJ — PJ
(41) holds. O]

C.3.3. TOTAL CONSENSUS ERROR ANALYSIS

Finally, we can present total consensus error analysis and complete the proof of Proposition 6.4.
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Proof. Proof of Strategy II. By taking the summation on both sides of Eq. (28) from ¢t = 0 to 7" — 1, we obtain:

2

T-1
t

S E[IED ]
t=0
1 T—11t—1

2+ 12+ tV12 + 4 )|

<6 +2+ V2 +4 P2 EI(IO)H +27QQBQZZ<H(t’])+ H(ta+1))E{H(IA)@(J)HFJ
05=0 7

~

=0

T-1
+ 2na? Z ZH(t’J)E [HVF 9( 1) H ] + 18na’v? Z Z <h(t’J 267 02521{ ’J)>

#=0 j=1 t=0 j=1 (44)
: 2+t2+t‘/ﬁ 0) . : = N S
Z 2t HEI(I HF + 2704252 Z E[H(I _ A)@(J)H%))\] Z H/(\t 7) + TOH/(\t j+1)
= ’ =0 t=j+1
T -
T ! o2l =L ] T-1 t
o 2na” {HVF Oy ) H } Z Hz(\t’]) +18na?v? Z <h(t,J S oz2,82H 7])) .
j=1 = P
—
Ty X

We first consider the term 7% . From (11) and (12) it holds that:

Z +t2+t\/t +42t<zt2+3 _ PA+p}) 3 _4pA—5p%+3. 43)
(1-=p3)?%  (1=p3) (1—-p3)?

t=0

Then, the term 75 holds from (11) and (12) that:

i 11
T, = HYD + =g
- 10
t=j7+1
T_j1 m (m—1)
11 2 ( pATIY ) PR 2 2(m—1) (pA(m 1) ) PA
<= m? +1)p3" + +1 +((m—1)24+1 + +1
P (( A+ (204 1) T (= 17+ 1) - —
1! PAT o
S - m2 4 1 2m 4 < A 4 1) A >
5 mZ::O (( 7K 1 —pa 1—pa
ll(pi(1+pi) LYy SRR )<22_ 1+3p}
5\ (1=p)* 1=pi @Q=pa)* (@=pa)?) = 5 (1=pR)*1—pa) 6
The term T35 holds from (11) and (12) that:
(i) _ N (- , (Palt—13) Py’
=S H{W = ((t— )2+ 1) + (+1> LA
tz: ; ( A 1—pa 1—pa
T—j—1 m m
= Y (m*+1)p" + ( A +1) PA ) 47
e I—pa L —pa
o (PGP 1 PA 1 ) < 201 +3p})
S\a=2p TR Tt T a=m2) S =20 - pa)
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The last term 7} holds from (11), (12), and (16) that:

T—1 t 3
_ Z( 7])+2C aQBQH(t’j)
t=0 j=1
— 2 2t—j) | B 942 2 2(t—5) pa(t —Jj) Py’
=3 (=0 0+ e (- e 0+ (D)
t=0 j=1 —PA L—pa
T—2 T—1 k
- ((k2+1)pi’“+3cm252 <(k2+1)pi’“+< pak +1> PA )>
pur et 2 L=pa L=pa (48)
T—2 3 k k
=S (T -k-1) ((k2+1)pi‘€+cw252 <(k2+1)pik+< PA +1) PA ))
P 2 L—pa 1 —pa
Pi 1+pA 1 3 oo (PA(1403) 1 Px 1
S(( ot ((1—/&)3 +1—p%+<1—pA>4+<1—pA>2)>T

<(1+m %w%%uﬁﬁ»T
=) =)= pa)

o . 1+ p} 2(1+3p}) ,
For simplicity of notation, we denote A(py) := A and B(py) = A= 2P =) Plugging (45), (46), (47),
A A
and (48) into (44), then we can derive:
T-1 T-1
4p% —5p3 +3 2
E||ED| | <625 | B H 600232B( E||-ne®
S||e]], ] o 6028 Blpa) 3
t=0 A t=0

(49)

T-1
+ 2na”B(py) Z E {HVF (CN H } + 18na’v (A(,OA) + gc,\aQﬂQB(pA)) T.
=0

Rearranging (49) and using that [|(I — A)0™||3, | < |ED [|% 5> We can derive

}<64 5pA+3H

Al

(1-p F

- ety Sz | ety 3 5[]
=0 =0

+ 18na’v? (A(pA) + 20,\03523(,01\)) T.

Thus, Eq. (6) holds.

Proof of Strategy 1. The modlﬁcatlon is purely mechanical: replace ps with p s, multiply the summation term by A2, and
multiply the E}, term by 3. The derivation mirrors the previous case and is omitted for brevity. The resulting expression is:

T—1 2
(1—60)2,.a*8°B(ps)) 2_: E [HEI(t)HF,A]

H

-1

4 5/?J +3 2 H (0) H 9 (t)
(1 P.]) FA M max ( J) ) F

3
+18nA2  a? (A(pJ) + 26)\@252B(pj)) T.

Thus Eq. (5) also holds. We finish the proof of Proposition 6.4.

<.
I
o

Proof of step size. We show that the two upper bounds of the step size satisfy M (p) > Ma(p) forall 0 < p < 1, where
3(1— / 2(1+3p*
Ml(p) = % (2_pp)7 MQ(p) = % 155}(p)a B(p) = (1_5)2)3(pllp)~
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Since both terms are positive, it suffices to show [Mi(p)]? > [Ma(p)]?. Direct computation yields

_ _ 2)\3 _
M) = gz, [Ma(p)]? = Ggeoe),
Hence
2 2 _ 1-p* 1 _ (1=p)Q(p)
[M1(p)]* = [M2(p)]* = (1 = p) | 7rp=p) — T200i03,7) | = 08000y 12350
where

Q(p) = —9p" +18p° + 27p° + 66p* — 27p> + 54p? + 9p + 22.

Since the denominator is positive on (0, 1), it suffices to check Q(p) > 0. Noting that p” < p% and p® < p? for 0 < p < 1,
we have

Q(p) > 9p° +27p° +66p* +27p% + 9p + 22 > 0.

Thus, M;(p) > Maz(p) holds for all 0 < p < 1. Consequently, the step size o should satisfy

min 1 —rJ) 1 L
maxﬂ "2 15B m"LX6 153(/1])7
a < 1 min 1 30— /) 1
153 9 2 —par 2 15B 2,3 15B( )

for Strategy I, and

for Strategy II.

C.4. Obtaining the final convergence error.

In this subsection, we combine the consensus error analysis and the single-step convergence analysis and present the final
convergence error and complete the proof of Theorem 6.5.

The following lemma present the convergence rate under Strategy II.

Lemma C.17 (Convergence rate under Strategy II). Suppose Assumptions 6.1-6.3 are all hold and the step-size o <

1 1 "
=/ =—=—=———, then
BV 62B(pa)

1 ZE [IVF | } 2AF (@) — F(67)] | l4ph — 503 + 318 H H acxfv?
OLCQT (1 — pA 3010271T F/\ 02
1823202 3 5.0
TCiC, (A(PA) + SO B B(PA)> )
2023°B
where Co = 1 — %(p/\) > 0.
1
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Proof. By taking the summation on both sides of (22) from ¢ = 0 to 7" — 1 and use (28), we can derive:

52T1

fZE[IIVF N2 < TZI(E[ O] =B [F@]) + 2 SR (10 - 8)00)3,] +acse?
t=0 t=0

5(0) 2 T—1
2AF (@) —
= “iT e )]ﬂ% OJE[IE“)IIFA]MCABU

—(0
_2F@)) — F(6")] | 61494 — 503 +3]5°
- o (1—p3)3CinT

2042523 (pA) T ! 18a232v?
+ T S B[IVE@DIP] + = [Alen) +
7=0

H (O)H + ey fu?

Sex0?8B(pn)].

Then it follows that:

(1 2a2ﬂ23 (pa ) 1

T-1 2
ZE [HVF )| ]
t=

(0)

2[F(0,") — F(6)] 202, 2 3 949 o, 6[4p} —5p3 +3]8°
< el
< o + 18 8%v* | A(pa) + A B°B(pa) | + acypv* + (1= 2)Cn H I HF’)\,
which yields Eq. (8). O

Similarly, we can present the following lemma to present the convergence rate under Strategy 1.

Lemma C.18 (Convergence rate under Strategy I). Suppose Assumptions 6.1-6.3 are all hold and the step-size o <

1 /
o 62B( )then

— +(0) * 2
(t) 2[F(9 ) — F(0%)] = 6r3[4p% —5p% +3]18%, _0),2 acyBu

= F(0 E}

T Z:o IVE@OI <= G * (0= ppciogr 151 Iea+ =5
18)2 2422 3
max A e 2 2B
+ C{CQ ( (PJ) + 20)\01 B (pJ)> )
222 o?p2B
where Cy =1 — max® " B(ps) > 0.

¢l

C.5. Proof of Corollary 6.7

Proof. According to (7) and (8), the convergence rate for both strategies under uniform weight can be given as:

T-1 5(0) * 4 2 2
1 ()12 2[F(0 ) — F(0 )] 6[4PJ —5p7 + 3}5 0) afu
— E[|VF <
S EIVFE ) < S e B+
18?8202

C1Cs

We first consider the terms C; and Cy, we set:

(4602 + a8l ).

20*8°B(p.r)
C1

DN | =

1
Ci=1- 60a2B2B(pJ) > 3 andCy =1 — >

Then, we let A = F(g(o))

B 2nA B B nA
o (WT) T (185v2A(pJ>T>

33

— F(0*) and define

Wl
=

B nA
a8 = <2754U2B(pJ)T)
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If we set

1
1 1

= 1 ,
— 4+ — + — +25,/30B(p,)
(65} (6] Qa3

we can obtain the following convergence rate:

T-1
! 14 20, B 10804842 B
TZE”VF g(t) )17 < T (+++26 30B( pJ) 1/8 +72028%0% A(py) + 3/8n (ps)
t=0
24[4p5 — 5p7 + 3]B? I (0) I
(1= p3)nT P
Sn T ! .
" VnT
Thus, we finish the proof of this corollary. 0

D. Missing Proofs in the Comparison of the Two Strategies

In this section, we present the missing proofs in Section 7, which are used for the comparison of the convergence rate of
Algorithm 1 under two communication strategies.

D.1. Proof of Theorem 7.1

Following standard practice (Lian et al., 2017; Koloskova et al., 2020), we omit the term dependent on initialization. From

the two convergence results, we obtain that Strategy II achieves a faster convergence than Strategy I if the following
inequalities hold:

1+ 3p3 1+ 3p}
Ao > A (50a)
== 2P —ps) ~ (1= 201 —pn)
B(p,]) B(PA)
1 2 1 2
2 P +pA3, (50b)
(1-p3)?% = (1-p3)
—_— Y
Alps) A(pa)
It is clear that when py < py, the two inequalities hold trivially; thus we focus on the case pp > p.
Analysis for inequality (50a). Inequality (50a) is equivalent to
$1(pn) 4
L—pa)t > 5———(1— )
( P ) A?naxd)l (PJ) ( pJ)
1+3p4
where ¢1(p) := D We now study the monotonicity of ¢4 (p) for p € (0, 1). It holds that:
P
o (p) = 34p° +p* —1) _ 3Hi(p)
! (1+p)t (1+p)t
Since 3(1 + p)* > 0 on (0, 1), the sign of ¢/ equals that of H;. We have
Hi(p) =4p® +12p*> >0 forall p € (0,1),
so Hj is strictly increasing. Moreover, H1(0) = —1 < 0 and H;(1) = 4 > 0, implying a unique zero p, € (0,1).

Numerically, p, /= 0.605829. Therefore, ¢ (p) < 0 on (0, p.) and ¢} (p) > 0 on (p4,1).
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1
Now we consider the bounds and extremum: ¢ (0) = 1, ¢1(1) = 3= 0.5, and the global minimum ¢4 (p,) =~ 0.34.

Therefore, we can derive the supremum of the ratio:

sup $1(pa)  lim,1- ¢1(p) 0.5

= ~ ~ 1.471.
0<ps<pa<l ¢1<pJ) ¢1(P*) 0.34

Define

77'2( sup b1(pa)
"~ \o<ps<pa<1 $1(p)

1/4
) — 114714 =1 ~0.102.

Then any condition satisfying
L= pa > (L+n)Agal’ (L = py)
implies

(1—pa)t> M(l o)t > /\2¢51(pA)

——(1— 4.
/\I2nax max¢1 (pJ) ( pJ)

Thus, inequality (50a) holds under the sufficient condition (1 — p) > (1 + n)/\r;é)/(z(l —pJ).

Analysis for inequality (50b). Similarly, inequality (50b) is equivalent to

d2(pa)

L=pa)’ > 5———(1—ps)°
S AP R

1+ p? . . . 2 -3
where ¢2(p) = ax Consider the differentiation of ¢2(p) = (1 + p)(1 + p)~°:

2p(1+p) —3(1+p?)
(I+p)*

$5(p) =201+ p) > =31+ p*) 1+ p)~* =
The numerator simplifies to
20(1+p) —3(L+p*) =2p+2p —=3-3p> = —(p* —2p+3) = —((p— 1)* +2) <0,

and the denominator (1 + p)* > 0 for p € (0,1). Hence ¢4(p) < 0 on (0, 1), ¢ is strictly decreasing, i.e., iigﬁ?; <1
Therefore, inequality (50b) holds if

1—pa > A203(1 = py).
Finally, since Z?:l A; = n, we have A\« > 1, and hence

(14 m)Apal® = A2,

Thus, the sufficient condition for (50a) also implies the sufficient condition for (50b). Finally, combining this with the case
pa < pj, we obtain the sufficient condition

1— pp > min {(1 + )AL, 1} (1—pJ).

Under this condition, both inequalities (50a) and (50b) hold, and Strategy II has the faster convergence rate.
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D.2. Proof of Theorem 7.2

Proof. We first consider the matrix W obtained from W via a similarity transformation, W = Dl/ 2WD 1/2 , where

D, = diag(A1, ..., A,). By construction, W and W share the same spectrum. We can get the entries of W as
ifi =3
Wi = (1, ijj)) ifi£Ajandj e N;
otherwise.

We then define the Laplacian matrix as

whose elements can be given by:

Wi ifi# jand j € N},
L( )'JZ{

”—Zk;ﬁ“/ Wzk ifi = 3.

It follows that the spectrum of L satisfies
(L) =1—0c(W)=1-0c(W)>0.

Moreover, we assumed that we have added enough laziness parameter ¢ to ensure both |oyin(W)| < |o2(W)| and
|0 min (W)| < |o2(W9)], and thus the second largest eigenvalue in absolute value of W corresponds to the second
smallest eigenvalue of L(A), i.e., 1 — o2(W) = 0,,—1(L()N)). According to the Courant—Fischer theorem, the variational
characterization of W can be expressed in terms of the Rayleigh quotient (Mohar, 1991; Chung, 1997). In particular, the
second smallest eigenvalue corresponds to the minimum Rayleigh quotient over the subspace orthogonal to the trivial
eigenvector D)%\ :

L(\DY?1 = (I - DY*WD;/*)D}/*1 = D}*1 - D}Y*W1 =0.

For the weighted case, this yields:

LA
onaLO) = mf  ZEQE (51)

270 12113

(z,Dy/?1)=0
whereas in the uniform-weight case (A = 1) we have

2TL(1)

on-1(L(1)) = inf ———— (52)
220 1213

(z',1)=0

The quadratic form z " £(\)z can be expanded as follows:

Az = Z zilL(N)ij2j = Z LN + Y 5L ()%

i#]

—Z Z\/»WJ ZZIWJZJ: \/>W7]zl ZW,jzzzJ
i#j

i J#i i#] i#£j

By interchanging the summation indices and using the symmetry of W, we obtain

Z[lez —Z Wﬂz —Z W”z]

i#J i#] i#]
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Averaging the two equivalent expressions yields

2T LNz = 72 (\/)\] ; + /\Zz32> —Z/Wv/i,jzizj
J

i#] i#]
/A Az
= ZW’J ( J 2 j2 QZZ‘ZJ‘>
175] i Aj
1 2 22 9
=i, (244 2
2 %] 7 g >‘1>‘j

where the symmetry property of W is utilized, i.e., sz = Wi’j. For simplicity ,we denote R = min {(1 + 77))\;;)/(2, 1}.

According to (51) and (52), we have

Tﬁ by ’Tﬁ 1)z
inf 27(2)2’ >R inf = /( 2)2 = 0n-1(L(N) = R 0,m1(L(1)).
270 12113 20 |23
(z,Dy/*1)=0 (z/,1)=0

By substituting the explicit form of the quadratic terms and noting that 1 — py = 0,1 (£(\)) and 1 — py = 0,1 (L£(1)),
we obtain the necessary and sufficient condition for 1 — py > R(1 — py)

el (o) el

. {i,j}€€ {i,j}e&
inf 5 inf 72
20 |E41E; 2'#0 112113
(z,Dy/*1)=0 (z',1)=0
which yields the final result. ]

D.3. Proof of Corollary 7.3

Proof. Fix any nonzero z orthogonal to D/l\/ %1. Define w; = 2/ Vi, W= % Z?:l u;, and v; := u; —u. The vector u does
not necessarily satisfy (u, 1) = 0, whereas the infimum in the uniform Rayleigh quotient is taken over vectors orthogonal
to 1. We therefore center v to obtain (v, 1) = 0, and we also have u; — u; = v; — v;. Since the orthogonality condition

(2, D§/21> = 0yields 37", \ju; = 0, we have S, Ni(u; — )2 = >, Aju? + 72 Y, A > >, \iu?. Consequently,
2113 = D Xiwf <Y Xi(ui = ) < a3
i=1 i=1

Therefore, the weighted Rayleigh quotient in the right-hand side of (9) satisfies”

o) (o) Zela)er

{i.j}e€
1213

(53)

)‘maXHUHz

To make the last expression at least R times the uniform Rayleigh quotient, it is sufficient to require, for every edge

fid) € €.
Ai A 1 1

>
mln{d d} R)\maxmln{d d}

Moreover, v # 0. Indeed, if v = 0, then w is constant; since ) ; Aty = 0and X\; > 0, this would imply u = 0 and hence z = 0,
contradicting the choice of z.
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Under this condition, (53) yields

{i.j}e€ {i.j}e€
12113 [v13
1 1
Z min{d_,d_}(zg—z;.)z
>R it IEE -~
2 EE
2/ 1)=

Taking the infimum over all admissible z proves (9), and hence Theorem 7.1 holds.

Dki
22:1 Ak

Finally, suppose that the proportional degree allocation is realizable. Under the fixed budget >, d; = D, letd; =
Then
Ai DAk

_ _ Zk Ak
di - D ) )\max - D dmax~

Substituting these identities into (10) gives

1 1 Rd oy
1 > Rdmax i 7 7 = T 37 33 )
- . { d; dj } max{di, dj}

which is equivalent to

max{d;,d;} > Rdmax-.

It remains to show that the proportional allocation maximizes the smallest edge coefficient. Let m := min; \;/d;. Since
A; > md,; for every i,

i
Z)\i > mZdi =mD, and hence m < ZZ) .

Equality holds if and only if all ratios \;/d; are equal, which yields d; = Z? A;\k . Moreover, since the graph is connected,
k

every node is incident to at least one edge, and therefore

. . { Ai Aj } Y
min min -, 7 = min —.
{i,jre€ i dj i d;

Thus, the proportional allocation maximizes the smallest edge coefficient. O

E. Details of Algorithm 2

This appendix provides the pseudocode of the four subroutines used in Algorithm 2. SCALETODEGREES rescales the
weight vector into an integer degree sequence with an even total sum. HAVELHAKIMICONSTRUCT attempts to realize this
degree sequence as a simple graph via a Havel-Hakimi procedure. MAKECONNECTED then applies degree-preserving edge
swaps to connect different components while keeping all node degrees fixed. Finally, FALLBACKCONNECTEDGRAPH gives
a simple ring-based construction used when the previous steps fail to produce a connected realization.

38



Row-Stochastic Matrices Can Provably Outperform Doubly Stochastic Matrices in Decentralized Learning

Algorithm 3 SCALETODEGREES

Require: Weight vector A = (A1, ..., \,), target average degree d
Ensure: Candidate integer degree sequence dy, . .., d,
: S < nearest even integer to nd
e S/ N
fori=1tondo

d; < round(c);)

d; < min{n — 1,max{1,d;}} {clipto [1,n — 1]}
end for
if > | d; is odd then

Choose anindex £k with1 < dj, <n —1

dy, + dj, + 1 {make the total degree sum even}
end if
return (dy,...,d,)

_ =
e A R A AR AN R

Algorithm 4 HAVELHAKIMICONSTRUCT

Require: Degree sequence dy, . . ., d, with even total sum
Ensure: Simple graph G, = (V, £,) realizing d or failure
1V« {l,...,n},E <0
2: rem < {(d;,i) : i =1,...,n} {residual degrees}
3: while some vertex has positive residual degree do
4:  Shuffle rem randomly
5 Sort rem in non-increasing order by residual degree
6:  (r,u) « first element of rem; remove it from rem
7:  if r > |rem| then
8 fail {degree sequence is not graphical }
9

. endif
10:  Let (v1,...,v,) be the indices of the r vertices in rem with largest residual degrees such that (u,v;) ¢ &, for all j
11:  if fewer than 7 such vertices exist then
12: fail {cannot add edges without violating simplicity }
13:  endif
14:  forj =1tordo
15: Add edge (u,v;) to €y
16: Decrease the residual degree of v; in rem by 1
17: if some residual degree becomes negative then
18: fail
19: end if
20:  end for

21: end while
22: return G, = (V, &)
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Algorithm S MAKECONNECTED

Require: Simple graph G, = (V, £,) realizing the target degrees
Ensure: Connected simple graph G} = (V, £}) with the same degrees

1:

G\ < Gx

2: foriter=1,2,..., K do

3:

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

AN A

Compute the connected components of G
if there is only one component then
return G
end if
Select two distinct components C and Cy
Select an internal edge (a,b) € £} with a,b € C; {e.g., uniformly at random}
Select an internal edge (c, d) € £} with ¢,d € C; {e.g., uniformly at random}
success <— false
for each choice of pairing, i.e., (e1,€2) € {{(a,c), (b,d)},{(a,d), (b,c)}} do
if neither e; nor e, already belongs to £4 and they are not self-loops then
& — &\ {(ab), (e, )}
5//\ — g;\ U {61, 62}
success <— true
break {degrees are preserved by this edge swap}
end if
end for
if not success then
{no valid pairing for this choice of edges; try different edges in the next iteration}
end if
end for
return G} {may still be disconnected in the worst case}

Algorithm 6 FALLBACKCONNECTEDGRAPH

Require: Target degree sequence d,...,d,
Ensure: Connected simple graph G\ = (V, £)) approximating d

1:

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

V%{l,...,n},&\ 0
Initialize £, as a simple ring:
fori =1ton —1do
add edge (i,7+ 1)
end for
add edge (n, 1)
fori =1tondo
need; «— max{0, d; — degg, ()} {remaining degree to be assigned }
end for
fort =1ton(n—1)/2do
Choose u with maximal need,,
if need,, < 0 then
break
end if
Choose v # u with maximal need,,, need,, > 0, and (u, v) ¢ €
if such v exists then
Add edge (u,v) to &y
need, < need, — 1, need, < need, — 1
else
break
end if
end for
return G = (V,&))
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F. Experimental Details and Additional Results

In this section, we provide the details on the experiment as well as additional experimental results.

F.1. Topology

In the experiments, we use three types of topologies that commonly used in existing works including ring graphs, static
exponential graphs, and grid graphs. Moreover, we also introduce Erdds—Rényi random graph and random geometric graph
to the experiments, as well as the customized topology constructed according to the weight A described in Section 7.2. Each
of them represents a distinct level of sparsity and connectivity structure:

. Ring graph. Each node i is connected only to its two immediate neighbors (¢ — 1) and (i + 1) with cyclic wrapping,
forming a one-dimensional circular structure. This topology is regular and sparse, and is often used to study information
propagation under limited local communication. Formally, the adjacency satisfies Ering = {(¢, (¢ & 1) mod n)}.

. Static exponential graph. (Ying et al., 2021) Each node 7 is connected to nodes whose distances are powers of two,
i.e., (i £ 2P) mod n for integer p > 0 up to |[log,(n/2)]. This design introduces logarithmic shortcut links while
maintaining deterministic sparsity, improving the spectral gap compared with the ring topology.

. Grid graph. Nodes are arranged on a 1/n X 1/n two-dimensional lattice, where each node connects to its four
orthogonal neighbors (up, down, left, right) with periodic boundary conditions. This structure is widely used to model
spatially local communication and resembles decentralized sensor or mesh networks.

. Erdds—Rényi random graph. (Beveridge & Youngblood, 2016) A stochastic topology where each undirected edge
between any pair of nodes is independently included with probability p € (0, 1). The resulting graph Ggg (n, p) is
connected with high probability when p > IOTgL" , and exhibits an expected node degree of (n — 1)p. This topology
captures random and dynamic communication patterns often observed in large-scale or unreliable networks.

. Random geometric graph. (Boyd et al., 2005) Nodes are uniformly sampled from the unit square [0, 1]2, and an
undirected edge is established between any two nodes whose Euclidean distance is less than a given radius r = 0.3.
Formally, the adjacency satisfies Erae = {(4,7) | ||zs — x| < r}. This topology captures spatial locality in
communication and is commonly used to model wireless or sensor networks, where connectivity depends on physical

proximity rather than explicit node indices. When r = © <\ / IOTgL") , the graph is connected with high probability.

. Custom graph G, = (V,&)). (Section 7.2)

We use prescribed heterogeneous weight vectors to control the level of weight imbalance: A4 and Ap for the 16-node
experiments, A¢ for the 32-node experiments, and Ap for the 64-node experiments. All weight vectors are generated once
and kept fixed across all random seeds and topology comparisons. The weight ratios increase from 7.3 to 20 and 50 in the
larger-scale settings.

A4 =[0.3,0.8,1.0,0.9,0.7,1.0,2,2.2,1.2,1.4,0.8,0.5,1.5,0.6,0.6,0.5] "

The corresponding communication topology Gy, = (V, €, ) generated based on these weights is shown in the Figure 4.

The prescribed weight vector for the second 16-node setting is:

Ap =[0.4,2.2,1.2,0.5,1.0,0.6,1.5,0.5,1.0,0.7,1.3,0.9,1.4,0.6,1.2,1.0] T

The corresponding topology G, = (V, Ex,) is shown in the Figure 5.

The prescribed weight vector for the 32-node setting is:

Ac = [1.7,2.5,0.5,0.4,1.1,0.4,0.9,0.6,0.5,0.6,0.7,2.6,0.2, 1.7, 2.0, 0.8,
0.5,0.4,0.3,1.4,0.2,1.5,0.7,0.4,0.4,0.2,4.0,1.7,0.9,0.4,1.5,0.3] T
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Node Node

Adjacency Matrix for G, (Upper Triangle) Degree Adjacency Matrix for Gy, (Upper Triangle) Degree

1 1 .
2 :  H_HEEEEEEEEEE
3 3 -
4 4
5 5
6] 6
7 7
S8 S 8
2 3
z 9 z 9
10] 10
11 11
12 12
13 13 -
14 14
15 15
16] 16
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 0 10 12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 0 10
Node j Degree Node j Degree

Figure 4. Adjacency matrix of G ,. If node 7 is connected with Figure 5. Adjacency matrix of G» ;. If node 7 is connected with
node 7, the (%, ) block is blue. node j, the (4, j) block is blue.

The prescribed weight vector for the 64-node setting is:

Ap =[0.5,1.2,0.4,2.5,0.1,0.7,1.5,0.6,3.0,0.2,0.4,0.8,0.5,1.1,0.3, 2.0,
0.7,0.5,0.6,5.0,0.2,0.4,0.9,1.2,0.1,0.7,0.4,1.4,0.6,0.5,2.5,0.3,
0.8,0.2,3.5,0.6,0.5,0.7,1.0,0.4,0.2,1.8,0.5,0.6,0.3,0.4,1.1,2.2,
0.1,0.7,0.5,1.5,0.4,2.8,0.2,0.6,1.2,0.4,2.0,0.5,0.7,1.0,0.3,4.5]

For readability, we do not include the full adjacency matrices for the 32—node and 64—node tailored graphs. Instead,
we report the node degrees, which compactly summarize the resulting topologies and reflect the degree—weight structure
produced by Algorithm 2.
The node degrees of G, are:

[17,25,5,4,11,4,9,6,5,6,7,26,3,17,20,8,5,4,3,14,2,15,7,4,4,2,31,17,9,4,15, 3].
The node degrees of G, are:

[5,12,4,25,1,7,15,6,30,2,4,8,5,11, 3,20, 7,5,6,50,2,4,9,12,1,7,4,14,6, 5, 25, 3,

8,2,35,6,5,7,10,4,2,18,5,6,3,4,11,22,1,7,5,15,4,28,2,6,12,4,20,5,7, 10, 3, 45].

F.2. Comparison on Spectral Gaps

The assumption & > 1/2 used in the spectral analysis above provides a topology-independent guarantee that the spectra
are nonnegative for arbitrary connected graphs. In the experiments, we consider only the standard and tailored topologies
described in Section 8, and compute their absolute spectral gaps directly. We therefore use the less conservative choice
€ = 0.3, rather than the commonly adopted € = 0.5 (Alghunaim & Yuan, 2022; Yuan et al., 2023), to ensure larger spectral
gaps while retaining aperiodicity (Levin & Peres, 2017).

The results in Table 1 validate the observation discussed in Section 7: for regular graphs, uniform weights yield the largest
spectral gap. Moreover, the matrices constructed on the tailored graphs achieve larger spectral gaps in heterogeneous
settings.

F.3. Synthetic Quadratic Experiment

We consider a decentralized least-squares loss with heterogeneous local optima and optional gradient noise (Koloskova
et al., 2020). For each node i € {1,...,n}, the local loss is

1 P
FZ(G) = §||A749—b7,||§+§”9”§, A; G]RdXd, b; ERd.
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Table 1. Spectral gaps across different network sizes, weights, and topologies.

16 nodes 32 nodes 64 nodes
Topology
Wa) WS W) Whe) W®  WOp) W

Ring 0.034 0.053 0.027 0.004 0.013  0.0009 0.0034
Grid 0.075 0.119 0.086 0.014 0.031 0.0095 0.0288
Exp 0.248 0.400 0.202 0.112 0.311 0.0735 0.2545
Gra 0.311 0.108 - - - - -
Grp - 0.130 0.293 - - - -
Gre - - - 0.343 0.040 - -
Grp - - - - - 0.2921 0.0350

Boldface indicates the largest spectral gap within each applicable topology and network-

size setting; “—" denotes an inapplicable combination.

1
In our construction we take A; = ¢ I; and write b; = A;c;, where ¢; denotes the unregularized local center.

F.3.1. DATA GENERATION

We synthesize problem instances as follows.

1. Curvature (no directional heterogeneity). For each node, sample a scalar curvature ¢; ~ U[Cmin, Cmax) and set
1
A; = (¢ 14. In our default setting, (imin = 5.5 and (pax = 12.5.

2. Local offsets (heterogeneous optima). Draw a shared reference center cpase ~ N (0, I;). For each node 7, assign

C; = Chase + i, Where p; = povi, v; ~ N (0, 14)/||vil|2.

3. Initialization (heterogeneous). Each node starts from an independent random vector 950) ~ N(0, I4).

4. Global weighted optimum (closed form). For an explicit loss-weight vector A, the weighted global minimizer is

o — (En: NGl + p[d) o ( En: )\Z-Qci).
i=1 i=1

F.3.2. GRADIENT EVALUATION

At iteration ¢, node 7 computes a local stochastic gradient by adding noise:

o = VF (01) + 060 = G (0 — i) + p0 + 06, i~ N(O, 1),

To ensure reproducibility while keeping node- and iteration-wise diversity, §; ; is drawn using a deterministic composite
seed s; , = so + 1000¢ + 10¢ for a base seed sg. This makes the sequence {¢; ;} independent across nodes/iterations.

F.3.3. IMPLEMENTATION DETAILS

Unless otherwise stated, we use:
e Number of nodes: n = 16, 32, 64, dimension: d = 10
e Iterations: 1" = 300, evaluation interval: 3
* Regularization: p = 0.01, gradient-noise std: ¢ = 1.0

¢ Curvature range: ¢; € [5.5,12.5], local offsets: po = 3.0
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F.3.4. EVALUATION METRICS

We monitor the global gradient norm defined as:

)\T

n

vF(G)(”)H %ZANR(@@) :
=1

and the distance to the optimum 6*: Hg(t) — 0*|| for Strategy I and H@E\t) — 0*|| for Strategy II.

F.4. Extra Experiment Results

Each experiment is repeated 10 times over independent random seeds and the results are averaged. We additionally report the
distance between the corresponding network average and the closed-form optimum 6* under different weight settings. These
results verify that both strategies approach the same optimum, while Strategy II typically reaches a smaller steady-state error.

Aa (Exp) Aa (Gr) A (Exp) As (G2s)
i 100 ---- Strategy | . 104 | ---- Strategy I . 10° -==- Strategy | . 10 ---- Strategy I
© | Strategy 1T © | Strategy 11 @ Strategy 11 © Strategy 11
e o) e )
=} e | 8 2
8 b 8 (P, 3 3 \
§ o] S oapemmags |8 (o VNI | B 0] Sty astia st st § o] Segts e iR
2 2 -2 8
a A =] s}
0 50 100 150 200 250 300 0 50 100 150 200 250 300 0 50 100 150 200 250 300 0 50 100 150 200 250 300
Iteration Iteration Iteration Iteration
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Figure 6. Distance between the corresponding network average and the closed-form optimum 6* in the least-squares experiments. The
16-node experiments are conducted under A 4 and A\ g, while the 32-node and 64-node experiments use Ac and Ap, respectively.

F.5. CIFAR-10 Classification Experiment

We evaluate the proposed methods on the CIFAR-10 (Krizhevsky et al., 2009) dataset using a ResNet-18 (He et al., 2016)
architecture with Batch Normalization (ResNet 18WithBN). The network adopts the standard four-stage structure with
channel widths {64, 128,256,512}, ReLU activations, and global average pooling. Following common practice (He et al.,

2016; Zhang et al., 2019), we apply a weight decay of 5 x 10~ to convolutional and linear weights, while excluding
BatchNorm parameters and bias terms from regularization.

The dataset is randomly partitioned across n nodes according to a weighting vector A = [A1,..., \,] T, so that each node
receives a fraction \;/n of the total samples. All models are trained using vanilla stochastic gradient descent with a
mini-batch size of 128. Every 30 iterations, all nodes are jointly evaluated on the full test set. The reported metrics include
both accuracy and loss, where the loss (interval loss) is computed as the average over each 30-iteration interval, and both
accuracy and loss are aggregated across nodes via A-weighted averaging.

The detailed experimental results are as follows.
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Figure 7. Training loss and test accuracy for models trained by Strategy I and IT on CIFAR-10 dataset under weight A4 (16 nodes).

Strategy II outperforms on all topologies.
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Figure 8. Training loss and test accuracy for models trained by Strategy I and IT on CIFAR-10 dataset under weight Ag (16 nodes).
Strategy II outperforms on all topologies.
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Figure 9. Training loss and test accuracy for models trained by Strategy I and II on the CIFAR-10 dataset under weight Ac (32 nodes).

Strategy II outperforms on all topologies.
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