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{angelo.rodio, zheng.chen, erik.g.larsson}@liu.se, giovanni.neglia@inria.fr

Abstract

In semi-decentralized federated learning, devices primarily
rely on device-to-device communication but occasionally in-
teract with a central server. Periodically, a sampled subset of
devices uploads their local models to the server, which com-
putes an aggregate model. The server can then either (i) share
this aggregate model only with the sampled clients (sampled-
to-sampled, S2S) or (ii) broadcast it to all clients (sampled-
to-all, S2A). Despite their practical significance, a rigorous
theoretical and empirical comparison of these two strategies
remains absent. We address this gap by analyzing S2S and
S2A within a unified convergence framework that accounts
for key system parameters: sampling rate, server aggrega-
tion frequency, and network connectivity. Our results—both
analytical and experimental—reveal distinct regimes where
one strategy outperforms the other, depending primarily on
the degree of data heterogeneity across devices. These in-
sights lead to concrete design guidelines for practical semi-
decentralized FL deployments.

Code — https://github.com/arodio/SemiDec
Extended version — https://arxiv.org/abs/2511.11560

1 Introduction
The performance of large-scale machine learning models de-
pends critically on the volume and diversity of data; how-
ever, in many practical scenarios, training data are decen-
tralized, generated by edge devices such as smartphones
or sensors (McMahan et al. 2017; Kairouz et al. 2021).
Centralizing these data is often prohibitively expensive—
or even infeasible—due to network limitations and privacy
constraints (Bonawitz et al. 2019; Li et al. 2020a).

Federated learning (FL) is a distributed machine learn-
ing paradigm in which multiple devices cooperate to learn
a global model under the orchestration of a central server
without sharing their data (McMahan et al. 2017). Device-
to-server (D2S) communication is typically expensive in FL,
especially when the central server is located in a wide-area
network, where limited uplink bandwidth dominates both
communication latency and energy consumption. The de
facto optimization method, local stochastic gradient descent
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(SGD) (Konečný et al. 2017; McMahan et al. 2017), ad-
dresses this communication bottleneck by enabling devices
to perform multiple local updates before server aggregation.
This simple trick reduces the number of D2S communica-
tions but has a well-known drawback: multiple local SGD
steps on non-identically distributed (non-IID) data lead to
local over-fitting (known as model drift) and hinder conver-
gence (Karimireddy et al. 2020; Li et al. 2020b).

Fully-decentralized learning eliminates the central server
and relies solely on device-to-device (D2D) communica-
tions, where devices average their local models with those
of their neighbors after each SGD update (Lian et al. 2017;
Koloskova et al. 2020). These exchanges are typically inex-
pensive, leveraging high-bandwidth local-area networks or
direct short-range wireless links. The convergence of such
algorithms depends on the connectivity of the underlying
communication graph. Intuitively, sparse connectivity slows
convergence—a phenomenon analyzed in prior work (Yuan,
Ling, and Yin 2016; Neglia et al. 2020; Le Bars et al. 2023;
Larsson and Michelusi 2025). More critically, convergence
is impossible when the graph is disconnected, as information
cannot propagate between different graph components.

Semi-decentralized learning interleaves D2D consensus
rounds within components with periodic communication be-
tween a sampled subset of devices and a central server,
which aggregates their models (Chen et al. 2021; Lin et al.
2021). This hybrid design leverages the hierarchical struc-
ture of modern networks: frequent, low-cost D2D exchanges
foster local consensus within components, while periodic
D2S rounds ensure information sharing across components
and enable global convergence. Once the server aggregates
the models of the sampled devices, two communication
primitives have been proposed in the literature:

(i) Sampled-to-Sampled (S2S): the server sends the ag-
gregate model only to the sampled devices, while
the remaining devices retain their current local mod-
els (Chen, Wang, and Brinton 2024);

(ii) Sampled-to-All (S2A): the server broadcasts the aggre-
gate model to all devices, which then replace their cur-
rent models (Chen et al. 2021; Lin et al. 2021; Guo et al.
2021).

While both variants appear in prior work, their relative mer-
its have not been thoroughly investigated. Intuitively, S2A
may spread information faster because the aggregated model
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is immediately disseminated to all clients. However, this
comes at the cost of introducing a bias: the sampled clients
exert a disproportionate influence, as their models overwrite
information from unsampled ones. In this work, we address
this gap through a unified theoretical analysis and extensive
experimental comparison of the two strategies.

Our contributions.
• We develop a unified theoretical framework that cap-

tures (i) intra- and inter-component statistical hetero-
geneity, (ii) the sampling rate, (iii) the server aggre-
gation period, and (iv) the D2D network connectivity.
Our analysis reveals a fundamental trade-off. S2A in-
troduces a broadcast-induced bias due to the shift in the
global average model after each D2S aggregation but re-
duces disagreement error by periodically realigning all
local models. Conversely, S2S avoids this bias but suf-
fers from greater disagreement, as non-sampled models
remain misaligned after aggregation.

• By comparing convergence bounds, we identify regimes
in which one communication primitive outperforms
the other. Specifically, S2A converges faster when
both intra- and inter-component heterogeneity are low,
while S2S outperforms as inter-component heterogene-
ity increases—particularly at low sampling rates, short
server periods, or sparse network connectivity.

• Simulations on benchmark FL datasets across varying
sampling rates, aggregation periods, and network topolo-
gies confirm these regimes and highlight the importance
of selecting the appropriate communication primitive.
These insights translate into practical guidelines for con-
figuring semi-decentralized FL deployments.

2 Related Work
The cost of device-to-server communication in FL has been
widely studied (Shamir, Srebro, and Zhang 2014; Alistarh
et al. 2017; Horvóth et al. 2022). Both classical (Stich 2018;
Reddi et al. 2021) and refined (Mishchenko et al. 2022)
analyses of local SGD establish a fundamental trade-off:
a moderate number of local steps reduces wall-clock time,
whereas many local updates on non-IID data induce model
drift and hinder convergence. More advanced methods, e.g.,
using control variates (Karimireddy et al. 2020) or proxi-
mal corrections (Mishchenko et al. 2022), mitigate this drift
at additional computational or communication cost, but the
main conclusion remains: too many local SGD steps under
high statistical heterogeneity slow convergence.

In fully-decentralized SGD (D-SGD), which relies solely
on D2D communications, the convergence rate is governed
by the spectral gap of the doubly stochastic mixing ma-
trix W . Specifically, the iteration complexity scales in-
versely with γ := 1 − λ2(W

⊤W ), where λ2 denotes the
second-largest eigenvalue of W⊤W (Nedić and Olshevsky
2016; Yuan, Ling, and Yin 2016; Koloskova et al. 2020;
Le Bars et al. 2023). Convergence becomes slower as γ ap-
proaches zero, and for γ = 0 (disconnected graph), D-SGD
fails to reach the global optimum, as each connected com-
ponent converges to its local minimizer.

Hierarchical FL assumes a multi-tier tree topology (cloud-
edge-device) and aggregates along the hierarchy (Wang
et al. 2021); semi-decentralized FL supports arbitrary D2D
topologies (Chen et al. 2021; Lin et al. 2021). Prior work has
analyzed the S2S and S2A primitives under convex objec-
tives (Lin et al. 2021; Chen, Wang, and Brinton 2024) and,
for S2A, also under non-convex objectives (Guo et al. 2021),
but assuming that at least one device per connected compo-
nent is sampled in every server round. This assumption im-
plicitly requires the server to know the component member-
ship of each device—a requirement that is difficult to satisfy
in practice due to the large number of devices, their mobility
(resulting in time-varying communication graphs), and pri-
vacy constraints (as it may indirectly reveals user locations).
To the best of our knowledge, a convergence analysis of the
S2S primitive is still lacking for non-convex objectives, and
there is no systematic theoretical or empirical comparison of
S2S and S2A within a unified framework.

Our analysis tackles the following technical challenges:

(i) The broadcast-induced bias error in S2A, defined as the
change in the average model before and after a D2S
communication, and the disagreement error in S2S,
measuring the divergence of the local models from the
global average, scale differently with stepsize, sampling
rate, server period, and network connectivity, making
their comparison non-trivial.

(ii) The S2A update rule can be modeled as a rank-
one, column-stochastic but not row-stochastic aver-
aging operator; thus, standard spectral-gap arguments
for doubly stochastic W matrices in D-SGD analyses
(e.g., Koloskova et al. (2020)) are not applicable.

(iii) Although the S2S update rule involves a symmetric,
stochastic weight matrix—formally compatible with
the assumptions in Koloskova et al. (2020)—their anal-
ysis fails to capture the fundamental asymmetry be-
tween D2D and D2S rounds, where inter-component
statistical heterogeneity is reduced only through server
aggregation. This distinction is crucial for the compar-
ison of S2S and S2A and motivates our analysis.

We address these challenges by (a) characterizing bias and
disagreement errors through the properties of the S2S and
S2A operators, (b) introducing an orthogonal decomposition
of the total disagreement into intra- and inter-component
terms, and (c) capturing the distinct effects of D2D and
D2S communication on intra- versus inter-component het-
erogeneity.

3 Problem Setting
Network model. We consider a network consisting of a
central server and n devices, organized in C disjoint compo-
nents (or clusters). Each component c∈{1, . . . , C} is mod-
eled as an undirected, connected, and time-varying graph
G(t)c = (Vc, E(t)c ), where Vc denotes the set of nc := |Vc|
devices in component c, and (i, j) ∈ E (t)c indicates that
devices i, j ∈ Vc communicate via D2D links at round t.
In addition, each device can communicate with the central
server through D2S links. The overall network at round t
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is modeled as G(t) = (V, E(t)), where V :=
⋃C

c=1 Vc and
E(t) :=

⋃C
c=1 E

(t)
c .

Learning task. We consider an FL system where the cen-
tral server and the devices collaborate to learn the parame-
ters x ∈ Rd of a machine learning model, where d ∈ N is
the model dimension. Each device i ∈ V has a local dataset
Di of data samples ξ ∈ Di. We denote by Fi(x; ξ) the loss
incurred by the model with parameters x on data sample ξ.
The goal is to solve an optimization problem of the form:

min
x∈Rd

f(x) :=
1

n

n∑
i=1

fi(x), (1)

where fi(x) := 1
|Di|

∑
ξ∈Di

Fi(x, ξ) is the local objective
of device i ∈ V .

Notation. All vectors are by default column vectors. 0 and
1 denote the all-zeros and all-ones vectors of appropriate di-
mension. I is the identity matrix. The global averaging pro-
jector is Π := 1

n11
⊤. Given n vectors x1, . . . ,xn ∈ Rd,

we write their average as x̄ := 1
n

∑n
i=1 xi ∈ Rd. We stack

the n vectors as columns in the matrix X := [x1, . . . ,xn] ∈
Rd×n, such that right-multiplication by Π performs column
averaging: X̄ := XΠ = [x̄, . . . , x̄] ∈ Rd×n. We use ∥ · ∥2
for both the Euclidean norm of a vector and the spectral
norm of a matrix, and ∥ · ∥F for the Frobenius norm.

4 Two Communication Primitives for
Semi-Decentralized FL

We study two semi-decentralized learning primitives, sum-
marized in Algorithm 1, for solving Problem (1). The train-
ing proceeds over T communication rounds, where each
round t ∈ {0, . . . , T − 1} consists of two or three steps:

(i) Local stochastic descent. Each device i ∈ V updates its
local model x(t)

i by one local SGD step:

x
(t+1/3)
i = x

(t)
i − ηt∇Fi(x

(t)
i ,B(t)

i ), (2)

where ηt is the stepsize, B(t)i is a mini-batch sampled
from the local datasetDi, and∇Fi(x

(t)
i ,B(t)

i ) is an un-
biased estimate of∇Fi(x

(t)
i ).

(ii) Device-to-device (D2D) mixing. Each device i ∈ V av-
erages its local model x(t+1/3)

i with neighbors via mix-
ing weight w(t)

ji , where w
(t)
ji > 0 iff (j, i) ∈ E (t):

x
(t+2/3)
i =

∑n
j=1 w

(t)
ji x

(t+1/3)
j . (3)

In fully-decentralized rounds, x(t+1)
i = x

(t+2/3)
i .

(iii) Device-to-server (D2S) aggregation. Every H rounds,
the server samples a subset S(t) ⊆ V of K devices
uniformly at random without replacement and averages
their local models:

x̂(t+1) = 1
|S(t)|

∑
i∈S(t) x

(t+2/3)
i . (4)

The dissemination of this aggregate from the server to the
devices can follow two distinct communication primitives:
Sampled-to-Sampled (S2S) and Sampled-to-All (S2A).

Algorithm 1: Semi-Decentralized Federated Learning

Input: X(0) ∈ Rd×n, rounds T , period H , stepsizes {ηt},
mixing matrices W (t) ∼ W

1: for t = 0, . . . , T − 1 do
2: X(t+1/3) ← X(t) − ηt∇F (X(t),B(t))
3: X(t+2/3) ← X(t+1/3)W (t)

4: if t ≡ 0 (modH) then
5: sample S(t) ⊆ V , |S(t)| = K

6: build W
(t)
S2(S/A) by Eq. (5) (S2S) or Eq. (6) (S2A)

7: X(t+1) ← X(t+2/3)W
(t)
S2(S/A)

8: else
9: X(t+1) ← X(t+2/3)

10: return X(T )

Sampled-to-Sampled (S2S). The server transmits the ag-
gregate model only to the sampled devices: x(t+1)

i = x̂(t+1),
i∈S(t); the other devices retain their local model. The evo-
lution of the local models can be represented as the matrix
multiplication X(t+1)=X(t+2/3)W

(t)
S2S, where:

(W
(t)
S2S)ij =


1
K , i, j ∈ S(t);
1, i = j /∈ S(t);
0, otherwise.

(5)

Sampled-to-All (S2A). The server broadcasts x(t+1) to
all devices: x(t+1)

i = x̂(t+1) for all i ∈ V . As above, this
can be represented as X(t+1)=X(t+2/3)W

(t)
S2A, where:

(W
(t)
S2A)ij =

{
1
K , i ∈ S(t);
0, otherwise.

(6)

4.1 High-level Comparison of S2S and S2A
We identify the following two errors after the D2S round:

(i) the bias error, which quantifies the change in the global
average model induced by the D2S step, defined as
E[∥X̄(t+1) − X̄(t+2/3)∥2F ];

(ii) the disagreement error, which quantifies the divergence
of the local models from the global average model, de-
fined as E[∥X(t+1) − X̄(t+1)∥2F ].

The two primitives, S2S and S2A, exhibit opposite error
behaviors: S2S preserves the global average (zero bias) but
leaves residual disagreement, whereas S2A enforces perfect
consensus (zero disagreement) at the cost of a non-zero bias.

For S2S, the matrix WS2S is symmetric and doubly
stochastic, satisfying WS2SΠ = ΠWS2S = Π.

Therefore, the bias error vanishes since:

X̄(t+1) = X(t+2/3)WS2SΠ = X(t+2/3)Π = X̄(t+2/3). (7)

However, non-sampled devices are not updated with the
server aggregate, resulting in residual disagreement:

X(t+1) = X(t+2/3)WS2S ̸= X(t+2/3)Π = X̄(t+1), (8)
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with magnitude (see Lemma 8 in Rodio et al. (2025)):

E[∥X(t+1) − X̄(t+1)∥2F ] = n−K
n−1 E∥X

(t+ 2
3 ) − X̄(t+ 2

3 )∥2F ,
(9)

where E∥X(t+2/3) − X̄(t+2/3)∥2F denotes the disagreement
inherited from the D2D step at time t+ 2/3.

Conversely, WS2A is column-stochastic but not row-
stochastic, with ΠWS2A = Π and WS2AΠ = WS2A ̸= Π.
This property eliminates disagreement since:

X(t+1) − X̄(t+1) = X(t+2/3)(WS2A −WS2AΠ) = 0, (10)

but introduces the broadcast-induced bias:

X̄(t+1) = X(t+2/3)WS2AΠ ̸= X(t+2/3)Π = X̄(t+2/3), (11)

with magnitude (see Lemma 11 in Rodio et al. (2025)):

E[∥X̄(t+1) − X̄(t+ 2
3 )∥2F ]= n−K

K(n−1)E∥X
(t+ 2

3 ) − X̄(t+ 2
3 )∥2F .

(12)

Although the bias factor in Eq. (12) might appear smaller
than the disagreement factor in Eq. (9), the two equations
describe different error sources, which propagate under dif-
ferent scalings with respect to stepsize, sampling rate, server
period, and network connectivity. This interplay makes the
comparison between S2S and S2A non-trivial and motivates
our subsequent unified convergence analysis.

5 Unified Convergence Analysis
Our framework extends the convergence theory of decen-
tralized optimization (Koloskova et al. 2020; Le Bars et al.
2023) to semi-decentralized federated learning, and provides
the first theoretical comparison of S2S and S2A.

All theoretical results assume Lipschitz continuity of the
stochastic gradients (Nguyen et al. 2019).
Assumption 1 (L-smoothness). For every i ∈ V and every
ξ ∼ Di, the stochastic loss Fi(·, ξ) is L-smooth; i.e., there
exists L > 0 such that, for all x,y ∈ Rd,

∥∇Fi(x, ξ)−∇Fi(y, ξ)∥2 ≤ L∥x− y∥2. (13)

For convex results, we additionally invoke convexity of
the local objectives (Bubeck 2015).
Assumption 2 (Convexity). Each fi : Rd → R is convex:

fi(y) ≥ fi(x) + ⟨∇fi(x), y − x⟩, ∀x,y ∈ Rd. (14)

To keep the analysis unified across convex and non-
convex settings, we assume that the stochastic variance is
uniformly bounded in x (Le Bars et al. 2023), although in
the convex case it suffices to bound it only at the optimum.
Assumption 3 (Bounded stochastic variance). For every i ∈
V , there exists a constant σ̄2 > 0 such that, for all x ∈ Rd,

Eξ∼Di

[
∥∇Fi(x, ξ)−∇fi(x)∥22

]
≤ σ̄2. (15)

For clarity of exposition, our analysis assumes a fixed de-
terministic mixing matrix W . However, all results extend
to dynamic D2D communication graphs (Koloskova et al.
2020), which are represented by time-varying mixing matri-
ces (see Appendix D in Rodio et al. (2025)).

Assumption 4 (Mixing matrix (Koloskova et al. 2020;
Le Bars et al. 2023)). The mixing matrix W is doubly
stochastic, i.e., W ∈ [0, 1]n×n, W1 = 1, and 1⊤W = 1⊤.

The matrix W is block diagonal, reflecting the C discon-
nected components of the communication graph G. Each di-
agonal block Wc := W [Vc,Vc] ∈ Rnc×nc corresponds to
the D2D mixing matrix of component c ∈ {1, . . . , C}. To
decompose disagreement within and across components, we
define the component projector ΠC ∈ Rn×n as:

(ΠC)ij =

{
1
nc
, i, j ∈ Vc;

0, otherwise.
(16)

The operators I − ΠC and ΠC − Π enable an orthogonal
decomposition of the global disagreement at any time t into
intra-component and inter-component terms.

Lemma 1 (Orthogonal decomposition). For any X∈Rd×n,

∥X(I −Π)∥2F = ∥X(I −ΠC)∥2F + ∥X(ΠC −Π)∥2F . (17)

Only the intra-component disagreement is reduced by
D2D consensus steps, while the inter-component term re-
quires periodic D2S aggregation.

Lemma 2 (Intra-component mixing parameter). There ex-
ists a constant p ∈ (0, 1] such that, for all X ∈ Rd×n,

∥X(W −ΠC)∥2F ≤ (1− p)∥X(I −ΠC)∥2F . (18)

For a fixed W , Lemma 2 holds with p =
∑C

c=1 pc(nc−1)∑C
c=1(nc−1)

,

where pc = 1− λ2(W
⊤
c Wc) (see Appendix D in Rodio

et al. (2025)). For Metropolis-Hastings weights wij=wji=
min{1/(deg(i)+1), 1/(deg(j)+1)}, we have pc = 1 for
complete graphs, pc =Θ(n−1

c ) for 2D grid topologies, and
pc=Θ(n−2

c ) for ring graphs (Boyd et al. 2006).
A key step in our analysis is to disentangle heterogeneity

within components from heterogeneity across components:
this distinction is crucial for comparing S2S and S2A.

Assumption 5 (Intra- and inter-component heterogeneity).
There exist ζ̄2intra, ζ̄2inter > 0 such that, for all x ∈ Rd:

1
n

∑n
i=1 Eξ∥

∑n
j=1(W −ΠC)ij∇Fj(x, ξ)∥22 ≤ ζ̄2intra, (19)

1
n

∑n
i=1 Eξ∥

∑n
j=1(ΠC −Π)ij∇Fj(x, ξ)∥22 ≤ ζ̄2inter. (20)

The constants ζ̄intra and ζ̄inter quantify intra- and inter-
component noise arising from both stochastic variance and
statistical heterogeneity. We treat these two sources of noise
jointly: our intra-component bound (Eq. 19) generalizes
the neighborhood heterogeneity of (Le Bars et al. 2023)—
defined as the deviation between the W -weighted neighbor-
hood gradients and their intra-component average—and is
weaker than Assumption 4 in (Guo et al. 2021).

5.1 Main Results
We are ready to present our main convergence results; all
proofs are deferred to Rodio et al. (2025, Appendices B–C).

Theorem 1 (Sampled-to-Sampled). Under Assumptions 1–
5, there exists a constant stepsize η ≤ p

8L such that, for any
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target accuracy ϵ > 0, Algorithm 1 (S2S) achieves
Convex: 1

T+1

∑T
t=0 E

(
f(x̄(t))− f⋆

)
≤ ϵ after

T ≥ O
(

σ̄2

nϵ2
+

√
n− 1

K − 1

√
Lζ̄intra

pϵ3/2

+
n− 1

K − 1

√
LHζ̄inter

ϵ3/2
+

L

pϵ

)
R2

0, (21)

Non-Convex: 1
T+1

∑T
t=0 E∥∇f(x̄(t))∥22 ≤ ϵ after

T ≥ O
(

σ̄2

nϵ2
+

√
n− 1

K − 1

ζ̄intra

pϵ3/2

+
n− 1

K − 1

Hζ̄inter

ϵ3/2
+

1

pϵ

)
Lf0, (22)

where R0 := ∥x(0) − x⋆∥2 and f0 := f(x(0)) − f⋆ denote
the initial errors, and O(·) hides the numerical constants
explicitly provided in Rodio et al. (2025, Appendix B).
Theorem 2 (Sampled-to-All). Under Assumptions 1–5,
there exists a constant stepsize η ≤ p

8L such that, for any
target accuracy ϵ > 0, Algorithm 1 (S2A) achieves
Convex: 1

T+1

∑T
t=0 E

(
f(x̄(t))− f⋆

)
≤ ϵ after

T ≥ O
(

σ̄2

nϵ2
+

n−K

K(n− 1)

ζ̄2intra

Hp2ϵ2
+

n−K

K(n− 1)

Hζ̄2inter

ϵ2

+

√
Lζ̄intra

pϵ3/2
+

√
LHζ̄inter

ϵ3/2
+

L

pϵ

)
R2

0, (23)

Non-Convex: 1
T+1

∑T
t=0 E∥∇f(x̄(t))∥22 ≤ ϵ after

T ≥ O
(

σ̄2

nϵ2
+

n−K

K(n− 1)

ζ̄2intra

Hp2ϵ2
+

n−K

K(n− 1)

Hζ̄2inter

ϵ2

+
ζ̄intra

pϵ3/2
+

Hζ̄inter

ϵ3/2
+

1

pϵ

)
Lf0, (24)

where R0 := ∥x(0) − x∗∥2 and f0 := f(x(0)) − f⋆ denote
the initial errors, and O(·) hides the numerical constants
explicitly provided in Rodio et al. (2025, Appendix C).

5.2 Discussion
We compare S2S and S2A under the convergence bounds of
Theorems 1–2. Overall, S2S achieves a faster convergence
than S2A: neglecting common factors, the dominant error
terms scale as O(ϵ−3/2) in Eqs. (21)–(22), as compared to
O(ϵ−2) in Eqs. (23)–(24). The slower convergence of S2A is
primarily due to the broadcast-induced bias error discussed
in Section 4.1. Moreover, S2A incurs an extra quadratic de-
pendence on the intra- and inter-component heterogeneity
terms, ζ̄intra and ζ̄inter, which can dominate the bounds in
Eqs. (23)–(24) under statistically diverse data distributions.

Effect of sampling rate (K/n). The number of sampled
devices K affects both heterogeneity terms, ζ̄intra and ζ̄inter,
with different multiplicative factors for S2S and S2A. Two
limiting cases are noteworthy:
• When all devices are sampled (K = n), the two update

rules coincide (WS2A = WS2S = Π), and the two algo-
rithms share the same convergence rate.

S2S (bound) S2A (bound)

10−1 100

Sampling rate (K/n)

108

T 
to

 ε
=

10
−5

(a) ζ̄intra=ζ̄inter=
1
10

101 102

Server period (H)

108

T 
to

 ε
=

10
−5

(b) ζ̄intra=ζ̄inter=
1
10

10−1 100

Mixing parameter (p)

108

T 
to

 ε
=

10
−5

(c) ζ̄intra=ζ̄inter=
1
10

10−1 100
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Figure 1: Convergence rates for S2S and S2A, comparing
Eqs. (22)–(24) with n=100, L=f0=1, σ̄=0. Left column:
Sampling rate (K/n) with H = 5, p = 1. Center column:
Server period (H) with K/n = 0.2, p = 1. Right column:
Mixing parameter (p) with K/n=0.2, H=5.

• When only one device is sampled (K = 1), WS2S = I ,
S2S is unable to mix the sampled model across compo-
nents, and the bounds in Eqs. (21)–(22) diverge. In con-
trast, S2A still broadcasts the (single) sampled model to
all devices and thus converges, albeit at a slower rate.

Effect of server period (H). All ζ̄inter terms are penal-
ized by a factor H in both bounds, reflecting the fact that
only D2S rounds mitigate inter-component heterogeneity.
For H →∞, both bounds diverge, as each components may
reach consensus to their local optima, but no convergence
to the global optimum can be guaranteed. Nonetheless, S2A
grows quadratically in ζ̄inter, whereas S2S grows linearly.

Effect of mixing parameter (p). All ζ̄intra terms are multi-
ped by the inverse of the mixing parameter p, as D2D rounds
can only mitigate intra-component heterogeneity.

5.3 Theoretical Heterogeneity Regimes
To better interpret Theorems 1–2, Figure 1 shows the right-
hand sides of Eqs. (22) and (24), comparing the number of
rounds T required to achieve the target accuracy ϵ = 10−5

as a function of the sampling rate (left column), server
period (center column), and mixing parameter (right col-
umn). We consider n = 100 devices, and set the parameters
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Figure 2: Test accuracy on MNIST dataset. Left column:
Sampling rate (K/n) with H = 5. Right column: Server
period (H) with K/n = 0.2.
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Figure 3: Test accuracy on CIFAR-10 dataset. Left col-
umn: Sampling rate (K/n) with H = 5. Right column:
Server period (H) with K/n = 0.2.

L = f0 = 1 and σ̄ = 0 (as they are common to both S2S
and S2A, their choice does not influence the comparison).

We identify three main qualitative regimes:
R1. ζ̄intra, ζ̄inter are low: S2A converges faster than S2S

for most sampling rates (Fig. 1(a)), server periods
(Fig. 1(b)), and mixing parameters (Fig. 1(c)).

R2. ζ̄inter ≪ ζ̄intra: S2S converges slightly faster for low
sampling rates, low server periods, and for most mix-
ing parameters (K/n < 0.2, H < 5, and p < 1); S2A
converges slightly faster otherwise (Figs. 1(d,e,f)).

R3. ζ̄inter is high: S2S converges faster for most values of
K/n, H , and p, irrespective of ζ̄intra (Figs. 1(g–l)).

6 Experimental Results
We simulate a semi-decentralized FL system consisting
of a central server and n = 100 devices partitioned into
C = 2 equal-sized components (n1 = n2 = 50). For the

D2S communication network, we vary the sampling rate
K/n ∈ {0.2, 0.4, 0.6, 0.8, 1} and the aggregation period
H ∈ {5, 10, 15, 20}. For the D2D communication graph,
we consider three representative topologies: ring, grid, and
complete graph, with Metropolis-Hastings mixing weights.

We benchmark our comparison on two image-
classification tasks widely adopted in prior work on
semi-decentralized FL for evaluating S2S and S2A sep-
arately: the MNIST dataset (Deng 2012) trained with a
single-hidden-layer logistic classifier (d = 7,850 parame-
ters), and the CIFAR-10 dataset (Krizhevsky and Hinton
2009) trained with a reference convolutional neural network
(d ≈ 1.1 million parameters) (Lin et al. 2021; Guo et al.
2021; Chen, Wang, and Brinton 2024).

We introduce intra- and inter-component heterogeneity
mimicking the constants ζ̄intra and ζ̄inter of Assumption 5:
• Inter-component heterogeneity. We partition the dataset
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Figure 4: Accuracy gap on CIFAR-10 with ring topology.
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Figure 5: Test accuracy over communication rounds for intra
IID, inter non-IID heterogeneity, K/n=0.2, ring topology.

across components either through an IID split (each com-
ponent receives samples from all classes), or through
a pathological non-IID split (each component receives
samples from only half of the classes, with disjoint class
sets) (McMahan et al. 2017).

• Intra-component heterogeneity. Within each component,
we partition the dataset across devices either IID or non-
IID, the latter through a Dirichlet distribution with con-
centration parameter 0.1 (Wang et al. 2019).

All models are trained with mini-batch SGD (batch size
128) for T = 100 rounds. For each algorithm, we tune the
stepsize η ∈ {10−2.5, 10−2, 10−1.5, 10−1}. Results are av-
eraged over five independent runs. Additional experimental
details are given in Rodio et al. (2025, Appendix E).

6.1 Experimental Heterogeneity Regimes
Figures 2 and 3 report the test accuracy achieved by S2S and
S2A on MNIST and CIFAR-10 datasets, respectively.

Effect of sampling rate (Figs. 2–3, left column). For both
S2S and S2A, accuracy improves as the sampling rate in-
creases, with an average gain of +2 percentage points (p.p.)
between K/n= 0.2 and K/n= 1. Interestingly, our exper-
iments confirm the same qualitative heterogeneity regimes
identified by our theoretical analysis:
R1. Intra IID, Inter IID (Figs. 2–3(a)): S2A outperforms

S2S in over 80% of configurations, although the gain is
modest (up to 1 p.p. on the ring for K/n=0.2).

R2. Intra non-IID, Inter IID (Figs. 2–3(c)): S2A outper-
forms in 40% of cases (up to +0.5 p.p. on the complete
graph with high K/n), while S2S prevails in the re-
maining 60% (up to +8.4 p.p. on the ring at K/n=0.2).

R3. Inter non-IID (Figs. 2–3(e,g)): S2S outperforms S2A
in over 90% of settings, with the largest gain at K/n=
0.2 (+2.4 p.p. on MNIST, +7 p.p. on CIFAR-10).

Across the 96 evaluated configurations, S2S outperforms
S2A in about 60% of cases, S2A in 30%, and the remain-
ing 10% are not statistically significant (gap below standard
error). Topology also plays a role: ring accounts for 45% of
the largest gaps, grid for 30%, and complete graph for 25%.

Effect of server period (Figs. 2–3, right column). Accu-
racy decreases as the server period H increases (by an av-
erage of -2.4 p.p. from H = 5 to H = 20), highlighting the
importance of frequent D2S communication. Again, our ex-
periments confirm the theoretical regimes from Section 5.3:
R1. Intra IID, Inter IID (Figs. 2–3(b)): S2A consistently

outperforms S2S in over 95% of cases, although the gap
remains modest (below 1 p.p. at H=5, ring).

R2. Intra non-IID, Inter IID (Figs. 2–3(d)): S2S outper-
forms in 70% of configurations (up to +8.5 p.p. at
H = 5, ring), whereas S2A prevails in the remain-
ing 30% (up to +4 p.p. at H=10, complete).

R3. Inter non-IID (Figs. 2–3(g,h)): S2S prevails in over
90% of configurations, with the largest gap at H = 5
(+2 p.p. on MNIST, +7 p.p. on CIFAR-10).

Across 96 comparisons, S2S outperforms in 60% of them,
while S2A in 40%. Interestingly, in 80% of heterogeneity
regimes, S2S shows a steeper accuracy drop with increas-
ing H , yet it still outperforms S2A in 60% of these cases.

Intra vs. Inter Heterogeneity (Fig. 4). Figure 4 com-
pares the accuracy gap (S2S minus S2A) on CIFAR-10 with
ring topology under two opposite heterogeneity regimes.
With non-IID intra and IID inter-component heterogeneity
(Fig. 4(a)), S2S prevails at low sampling rates or low server
periods (+8.4 p.p. at K/n=0.2, H=5), while S2A prevails
for higher K/n or H (+1.2 p.p. at K/n= 0.6, H = 15). In
the opposite regime, with IID intra and non-IID inter hetero-
geneity (Fig. 4(b)), S2S consistently outperforms S2A.

Learning curves (Fig. 5). To better understand why S2S
outperforms S2A in the inter non-IID regime, Figure 5
reports representative test accuracy over communication
rounds. While S2A’s broadcast step initially accelerates
inter-component information exchange and achieves higher
early-round accuracy, it becomes detrimental in later stages,
with periodic drops in test accuracy at every D2S round.

7 Conclusion
This paper provides the first theoretical and empirical com-
parison of two fundamental server-to-device communica-
tion primitives for semi-decentralized federated learning:
sampled-to-all (S2A) and sampled-to-sampled (S2S). Our
results yield practical configuration guidelines: S2S is the
better choice when (i) inter-component heterogeneity is
high; or (ii) intra-component heterogeneity is high, and the
server can sample only a small subset of devices while D2S
communication is more frequent. Conversely, when data are
nearly IID across components or when a high sampling rate
and a well-connected topology mitigate intra-component
noise, S2A offers the potential to accelerate convergence.
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