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ABSTRACT

Hierarchical Federated Learning (HFL) addresses critical scalability limitations
in conventional federated learning by incorporating intermediate aggregation lay-
ers, yet optimal topology selection across varying data heterogeneity conditions
and network conditions remains an open challenge. This paper establishes the
first unified convergence framework for all four HFL topologies (Star-Star, Star-
Ring, Ring-Star, and Ring-Ring) with full/partial client participation under non-
convex objectives and different intra/inter-group data heterogeneity. Our theo-
retical analysis reveals three fundamental principles for topology selection: (1)
The top-tier aggregation topology exerts greater influence on convergence than
the intra-group topology, with ring-based top-tier configurations generally outper-
forming star-based alternatives; (2) Optimal topology strongly depends on client
grouping characteristics, where Ring-Star excels with numerous small groups
while Star-Ring is superior for large, client-dense clusters; and (3) Inter-group
heterogeneity dominates convergence dynamics across all topologies, necessitat-
ing clustering strategies that minimize inter-group divergence. Extensive exper-
iments on CIFAR-10/CINIC-10/Fashion-MNIST/SST-2 with ResNet-18/VGG-
9/ResNet-10/MLP validate these insights, and provide practitioners with theoreti-
cally grounded guidance for HFL system design in real-world deployments.

1 INTRODUCTION

Federated Learning (FL) (McMabhan et al., 2017) has revolutionized collaborative machine learning
by enabling distributed model training across decentralized devices while preserving data privacy.
However, conventional single-tier FL faces critical scalability challenges in large-scale deployments,
including communication bottlenecks, synchronization latency, and vulnerability to single-point
failures. Hierarchical Federated Learning (HFL) (Liu et al., 2020) has emerged as a promising
paradigm, introducing intermediate aggregation layers (such as edge servers or cluster heads) to
form a two/multi-tier architecture that distributes the coordination burden for massive deployment.
Despite its promise, the theoretical understanding of HFL remains nascent, particularly under real-
istic conditions of data heterogeneity and diverse hierarchical topologies.

In two-tier HFL frameworks, each level of aggregation can be performed via parallel updates (star
topology) or sequential updates (ring topology), yielding four distinct configurations: Star-Star,
Star-Ring, Ring-Star, and Ring-Ring (see Figure 1). These topological choices fundamentally in-
fluence the convergence dynamics, robustness to data heterogeneity, and communication efficiency.
For instance, star aggregation enables parallel client updates but may suffer from abrupt synchro-
nization of divergent models, while ring updates propagate sequentially, potentially mitigating client
drift in non-IID settings (Li & Lyu, 2023; 2025).

Literature Review. Existing theoretical analyses of HFL have largely focused on the Star-Star
topology on non-convex functions (Zhou & Cong, 2019; Castiglia et al., 2021; Wang et al., 2022),
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data heterogeneity (Wang et al., 2022), partial client participation (Jiang & Zhu, 2024), and other
variants (Liu et al., 2022; Yang et al., 2023). Some recent works explore Star-Ring topology (Chen
et al., 2020; Lee et al., 2020; Fang et al., 2022; Ding et al., 2024) and the Ring-Star topology
(Chaoyang et al., 2020; Huang et al., 2024; Yan et al., 2025). However, a unified convergence
analysis that compares all four topologies is still lacking. This theoretical gap impedes informed
topology selection in practical deployments, where system performance is highly sensitive to data
distribution and network conditions.
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Figure 1: Different topology configurations of HFL

Research Question. The central research problem is:

How should practitioners select the optimal HFL topology configuration when facing varying de-
grees of intra-group and inter-group data heterogeneity, diverse client grouping characteristics, and
constrained network conditions?

This research problem is of practical importance for system convergence. For example, in systems
with high inter-group heterogeneity (such as clients clustered by geographic region with distinct data
distributions), selecting star topology at the top tier may amplify inter-group divergence through
abrupt parallel synchronization. Conversely, ring aggregation at the top tier enables gradual, se-
quential alignment that may better accommodate distributional differences. This topology selection
problem is further complicated when considering diverse client grouping characteristics in HFL.

Analytical Challenges. Establishing a comprehensive convergence framework encompassing all
four HFL topologies presents key challenges:

* HFL exhibits a cascading heterogeneity where inter- and intra-group data distributions interact
non-trivially. Since local model divergence directly exacerbates global inconsistency, convergence
bounds must explicitly account for the interaction between intra- and inter-group divergence.

* The two-tier aggregation architecture creates a cross-tier dependency where updates at one tier
directly influence error propagation at the other, making the effective learning rate topology-
dependent.

* Star and ring topologies introduce fundamentally different statistical properties (unbiased high-
variance vs. biased low-variance sequential updates) that compound across layers. These
topology-specific error propagation patterns require sophisticated analysis to track how topology
choices modulate the cross-tier bias-variance tradeoff.

Contributions. This paper establishes a unified theoretical framework for analyzing and comparing
all four HFL topology configurations (Star-Star, Star-Ring, Ring-Star, and Ring-Ring) under non-
convex optimization and varying data heterogeneity conditions (see Theorem 1 and Table 1). Our
convergence bounds explicitly quantify the effects of key system parameters, including number of
groups (G), clients per group (M), local steps (K), and group rounds (P), and reveal how topology
choices interact with intra/inter-group heterogeneity to shape convergence behavior. Furthermore,
we provide a proof extending Theorem 1 to settings with a random-shuffle execution order. The
framework also extends to partial client participation settings with corresponding convergence guar-
antees (see Theorem 2). Our analysis yields three insights for HFL system design:

(1) HFL prioritizes scalability over convergence acceleration. Counterintuitively, HFL is primarily
valuable for enabling large-scale deployments where single-tier FL becomes impractical, rather than
inherently accelerating convergence. Crucially, HFL with ring aggregation at the top tier (Ring-Star,
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Table 1: Comparison of convergence rates under full participation. We omit constants and some
terms. Notation: R (global rounds); G (groups); P (group rounds); M (clients/group); K (local
steps); o (variance); d, ¢ (inter/intra-heterogeneity); L (smoothness).
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! Terms highlighted in color, e.g., G' and G2, denote the additional denominator terms introduced by the top-
level Ring topology (i.e., Ring-Star vs. Star-Star, Ring-Ring vs. Star-Ring).

% FedAvg, non-IID, non-convex. If there is only one client in each group (i.e., P = 1, M = 1 and ¢ = 0),
Star-Star reduces to FedAvg. In this case, our rate becomes O( L]\l/f/ 12;;% (L;;;")Zi L( :j )‘512/23
that of FedAvg.

3 Even though similar algorithms and some preliminary convergence analyses have been studied, the advanced
convergence analyses are still missing for Star-Ring and Ring-Star. For example, Chen et al. (2020) and Yan
et al. (2025) used the bounded gradient assumption, meaning the stochastic gradient is uniformly bounded by a
constant.

) which matches

Ring-Ring) consistently outperforms star-based counterparts under data heterogeneity. This reveals
that carefully selected single-tier FL. configurations may actually converge faster than two-tier HFL,
positioning HFL as a solution for scalability constraints rather than a convergence accelerator.

(2) Inter-group heterogeneity dominates convergence dynamics. We establish that inter-group data
divergence () exerts a more significant impact on convergence than intra-group heterogeneity (¢)
across all four topologies. This finding fundamentally reshapes client clustering strategies, indicat-
ing that minimizing inter-group distributional differences should take precedence over optimizing
intra-group homogeneity. Effective grouping, such as forming clusters with approximately IID inter-
group distributions, would converge faster than fine-tuning intra-group training dynamics.

(3) Optimal topology selection depends critically on group structure. Our analysis reveals optimal
topology selection depends critically on group structure. Ring-Star excels when numerous small
groups exist, as sequential inter-group updates benefit from increased parallelism at the lower tier
and fine-grained global alignment. Star-Ring is preferable for few large, client-dense clusters, where
intra-group ring aggregation enables deep local refinement before global synchronization.

We validate these theoretical insights through extensive experiments using ResNet-18/VGG-9 on
CIFAR-10, ResNet-18 on CINIC-10, ResNet-10 on Fashion-MNIST, and MLP on SST-2 under four
distinct heterogeneity scenarios. The results consistently demonstrate accuracy gains from informed
topology selection, with ring-based top-tier configurations showing particular advantages in hetero-
geneous environments. Beyond establishing the first convergence analysis for the previously unstud-
ied Ring-Ring topology, our framework overcomes critical limitations of prior work by: (i) adopting
consistent, general non-convex assumptions across all topologies, whereas previous studies relied on
heterogeneous assumptions that prevented direct comparison; and (ii) deriving tighter convergence

bounds of O(1/v/GPMKR) for Star-Ring and Ring-Star topologies, versus O(1/v/R) in prior
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literature (Lee et al., 2020; Yan et al., 2025). These contributions provide system designers with
theoretically grounded principles for topology selection based on specific deployment constraints.

2 CONVERGENCE THEORY

This section presents a unified convergence analysis of HFL under non-convex optimization objec-
tives. In the following, we formalize the setup of HFL with four different topologies, introduce
general assumptions, derive the convergence bounds, and extract actionable insights for topology
selection in practical deployments.

2.1 SETUP

We begin by formalizing the HFL framework and the update mechanisms for each topology config-
uration. In two-tier HFL, the global objective is to minimize:

1 E 1 &1 ¥
)IcIEHRI}j{F(X):G;FQ(X)ZG;Mmz_:lF,m } (1)

where F, denotes the average local objective function over all clients in group g (¢ € [G]), and Fy; ,,,
denotes the local objective function of client m (m € [M]) in group g. Specifically, it is defined as
Fym(x) =Eeup,, [fm(z; )], where D, is the local dataset of client m.

In the full participation setting, the HFL process with four topology configurations operates accord-
ing to distinct update rules:

()

(1) Star-Star. Each group g initializes its model as x, 5 = = x("). Within each group, clients initialize

their models as xffz)) mo = x(g ])g, perform K parallel local updates, and send updates to the group

server for aggregation. After P group updates, the global server aggregates group parameters to
generate the next global parameters x("+1).

(2) Star-Ring. Each group g initializes its model as X.S:% = x("). Within each group, clients initialize
their models from the previous client in sequence and perform K local updates. The group server
receives the latest parameters from the last client. After P group updates, group servers send their
updated parameters to the global server for aggregation.

(3) Ring-Star. Each group g initializes its model with the latest parameters from the previous group.

Within each group, clients initialize their models as x! 1)7m 0 = xér,l),, perform K parallel local

updates, and send updates to the group server for aggregatlon After P group updates, group servers
send their updated parameters to the next group in sequence.

(4) Ring-Ring. Each group g initializes its model with the latest parameters from the previous group.
Within each group, clients initialize their models from the previous client and perform K local
updates. The group server aggregates the latest parameters from the last client. After P group
updates, group servers send their updated parameters to the next group in sequence.

Crucially, for ring-based topologies, we distinguish two cases: (i) under full participation, the exe-
cution sequence is fixed (see Appendix A.1); and (ii) under partial participation (where S; groups
and S5 clients are active), the execution sequence is random.

2.2 ASSUMPTIONS

Assumption 1 (L-Smoothness). Each local objective function F ., is L-smooth, i.e., there exists
one constant L such that |VFy (x) — VFy o (y)|| < Lijx — y|| forallg € {1,...,G}, m €
{1,...,M}, and x,y € R%

Assumption 2 (Bounded variance). For the local objective function Iy ,,, the stochastic gradient
VF,.n(x,&) computed using a mini-batch &, sampled from local dataset Dy ,,, is an unbiased
estimate, i.e., E¢p, . [VFym(X,§)] = VEy 1 (X). The variance of the stochastic gradient at each

client is bounded: B¢p, . [|VFgm(x,&) — VFy m(x)|?] < 0?
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Assumption 3 (Bounded Inter-Group Heterogeneity). There exists one constant 6% such that
G 2
& 2 [VF(x) = VE, (x| < 6% 2)

Assumption 4 (Bounded Intra-Group Heterogeneity). For any g € {1,2,...,G}, there exist con-
stants C; such that

M 2
17 L=t [VEym (%) = VE,)II” < . 3)
Furthermore, we define the average intra-group heterogeneity as ¢ : =& Zq ¢ P

The first two assumptions are standard in non-convex optimization (Ghadimi & Lan, 2013; Bot-
tou et al., 2018). Assumptions 3 and 4 extend standard FL analysis to the hierarchical setting,
explicitly bounding inter- and intra-group data heterogeneity (Wang & Ji, 2022). Notably, the
global heterogeneity can be naturally decomposed into the inter-group and intra- group terms defined
above. Speciﬁcally, we have: & Z? L SM VE,m(x) - VE)|? = & Zg IVE,(x) -

VF)|*+4& Zg L M |V F, (%) — VE,(x)||% This equality is an implementation of the
law of total variance. This shows that inter- and intra-group heterogeneity are, in fact, a partition of
the global heterogeneity.

2.3 CONVERGENCE ANALYSIS

Theorem 1. (Convergence with Full Participation). Let A = F(x(o)) — F™* denote the initial opti-

mality gap. Here T is defined as a model uniformly sampled from the ()| ... z(B=1 of previous
iterations, and < hides universal constants. Under Assumptions 24, the following convergence
bounds hold for each HFL topology.

Star-Star: There exist ) = PKn, andn < such that

WL’
A Lf]O'Q L2 ~2 2 L2 ~2 2 L277]2C2

E[|VF(@™))? < ir ek T K T Pumr T TETY )
Star-Ring: There exist ) = PM K, and 1) < ﬁ, such that
~ A L’ﬁ0'2 L2 ~2 2 L2ﬁ2<2 _
EWVF@WUHh57%+GPMKA—PMkT+ S+ L )
Ring-Star: There exist ) = GPKn, and 1 < \ﬁL’ such that
A L?](f L2 ~2 2 L2 ~2 2 L2ﬁ2<2
(R 22 ¢2
MWW@UM]S?WYWMK+GWMWYWMK+G%ﬂ+L”5' ©
Ring-Ring: There exist 1 = GPMKn, and i < 10L, such that
A L L2 ~2 2 L2 ~2 2
B|VFE )] < & ¢ L1 MECA/ Sy ) )

~ 73R GPMK GPMK G?P?

Theorem 2. (Convergence with Partial Participation). Under Assumptions 2—4, where in each
global round, a subset of S1 groups are sampled uniformly at random from the G total groups, and
within each selected group, a subset of S clients are sampled uniformly at random from the M total
clients, the following convergence bounds hold for each HFL topology.

Star-Star: There existn = PKn, andn < 10 T, such that
_ A Lijo? Li¢?  Lijé?
E[|[VFE®)|?Y] <= 8
IVFEI S5+ 5 + g+ g ®
L2 ~2 2 L2 ~2 2 L2ﬁ2C2 L2772C2
L2762, 9
+ PR + PS K + P2 + S5 + L n )

Star-Ring: There exist 1 = PMKn, and ) < 15 5T Such that

A LﬁO’ Lﬁéﬁ L7762 L2 ~2 2 L277]2<2

(R)
E(IVEEIFT < ~HR T SiPS,K S, S1 PS; K So

+ L%7%5%. (10)
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Ring-Star: There exist ) = GPKn, and 1 < 15%, such that
A Lijo? L#c?  Lié?
E[||[VF(z")|?] <=— 11
V@) S35 + 5 par + 5 + 4 (an

L2ﬁ20'2 L27~)20'2 L2,r~]2<2 L217}2C2 N L277252

+ + + 12
S$12P2K  S1PS.K  §,2P2? Sy S (12)
Ring-Ring: There exist 1 = GPMKn, and 1 < 20%, such that
A Ly 2 L 2 L~62 L2~2 2 L2 ~2 2 L2~262
E[[VF@0)|2] S+ ey LI DI Lo e KO

~pR  S1PS2K S S1 S1PSy K S S1

Effective Learning Rate. Theorems | and 2 introduce a topology-dependent effective learning
rate, denoted by 7}, which incorporates key architectural parameters: the number of groups G, group
rounds P, clients per group M, local update steps K, and global rounds R. This effective learning
rate captures how hierarchical updates affect convergence. The derived bounds comprise an opti-
mization term that decreases with R, and error terms from stochastic noise and data heterogeneity.
A larger 77 accelerates optimization but amplifies errors. Corollary 1 and Corollary 2 specify an
optimal 77 that minimizes the overall bound.

Corollary 1. (Convergence with full participation under effective learning rate). With the learning
rate 1), the convergence rate satisfies the following, where O(-) hides absolute constants:

LA (Lo?A)'/?
E[|VF(z" 2(9(++ ) 14
IV FED)P] = 0 (% + 2 (14
and T denotes the topology-dependent terms defined as follows:
Star-Star:
(L2A202)1/3 (L2A202)1/3 (L2A2C2)Y3  (L2A252)1/3
7= 2 ) g2)1/3 + 2)1/3 + 2 R2)1/3 + n1/3 (15
(P2KR2?) (PMKR?) (P2R?) (R?)
Star-Ring:
_ (L2A202)1/3 N (L2A2C2)1/3 N (L2A252)1/3 16)
(PMKR2)1/3 (p2R2)1/3 (R2)1/3 ’
Ring-Star:
(L2A202)1/3 (L2A2U2)1/3 (L2A2C2)1/3 (L2A252)1/3
7= 2 p2 21/3+ 21/3+ 2 p2 21/3+ 2\1/3 an
(G?P2KR?) (GPMKR?) (G2P2R?) (R?)
Ring-Ring:
T2 A252)1/3 T2 A2¢2)1/3 L2 A252)1/3
o A A | ik (18)

(GPMKR?)'Y?  (G2P2R?)Y/? (R2)'/3

Corollary 2. (Convergence with partial participation under effective learning rate). With the learn-
ing rate 7, the convergence rate satisfies the following, where O(-) hides absolute constants:

LA LA21/2 LA21/2 LA521/2
BlIVFa)) - o (L S WO 2 I r) a9
R VS1PS: KR VSR VS1R
and T denotes the topology-dependent terms defined as follows:
Star-Star:
_— (L2A202)1/3 (L2A202)1/3 (L2A2C2)V/3 (L2A2CH)Y3  (L2A282)1/3 0)
(pQKRz)l/S (PSQKR2)1/3 (szz)l/s (52R2)1/3 (R2)1/3
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Star-Ring:
—_ (L2A202)1/3 N (L2A2C2)1/3 N (L2A252)1/3 o
- (PSQKR2)1/3 (5232)1/3 (32)1/3 )
Ring-Star:
—_ (L2A202)1/3 (L2A202)1/3 (L2A2C2)1/3 N (L2A2<2)1/3 (L2A252)1/3
(S%PQKRQ)l/S (SlPSQKR2)1/3 (SfP2R2)1/3 (52R2)1/3 (51R2)1/3 :
(22)
Ring-Ring:
L2A2 2\1/3 L2A2 2\1/3 L2A2 2\1/3

(SlPSQKR2)1/3+ (SyR2)1/3 + (S1R2)1/3
2.4 KEY IMPLICATIONS

The Top-Tier Dominance Principle. Contrary to intuition, the synchronization mechanism at the
global tier influences convergence significantly more than intra-group topology. This principle is
quantitatively demonstrated in Corollaries 1 and 2. Specifically, for ring-based top-tier topologies,
the error terms include an additional scaling factor of G or S in the denominators of the SGD vari-
ance along with the intra-group heterogeneity terms, under full or partial participation respectively.
This also implies that under partial participation, increasing the number of participating groups or
clients accelerates convergence. Furthermore, random shuffling introduces additional factors S; and
S to the heterogeneity terms (Li & Lyu, 2023; 2025). Consequently, ring-based updates are inher-
ently more robust to both stochastic noise and data heterogeneity. Such robustness manifests in two
crucial ways: (i) Ring-based top-tier configurations (Ring-Star, Ring-Ring) consistently outperform
star-based alternatives under data heterogeneity, with the gap widening as inter-group divergence
increases. (ii) The performance difference between top-tier topologies exceeds that between lower-
tier configurations. For example, Ring-Star typically outperforms Star-Star by a larger margin than
Star-Ring outperforms Star-Star, despite both differing only in the lower tier.

Inter-Group Heterogeneity as the Fundamental Bottleneck. Our analysis quantitatively estab-
lishes that inter-group heterogeneity (&) is the primary convergence bottleneck across all topolo-
gies. For instance, under full participation, while all topologies share the same asymptotic con-
vergence rate of O(1/vGPM K R), the practical convergence speed is dominated by inter-group

. . ( L2 A2 52)1/3 .
divergence, which decays slowly at O(*=—3—) regardless of topology choice. Intra-group

heterogeneity ({) decays significantly faster—particularly in ring-based top-tier configurations
O(%)—maﬁng it a secondary concern compared to inter-group divergence. This insight
provides a principled foundation for system design: to accelerate convergence in heterogeneous en-
vironments, minimizing inter-group divergence should be prioritized. Practical strategies such as
intelligent client clustering, e.g., grouping clients with complementary data distributions to approx-
imate the global distribution (Zeng et al., 2022), are more impactful than optimizing local training
dynamics within groups.

Topology-Structure Compatibility Principle. The optimal topology selection depends critically
on the underlying client grouping structure, creating a fundamental design trade-off. Ring-Star
excels with numerous small groups. When clients naturally form many small clusters (e.g., IoT
devices, retail outlets), Ring-Star leverages parallelism at the lower tier while benefiting from the
smoothing effect of sequential global updates. Its convergence rate improves dramatically with
increasing (G, making it ideal for deployments with abundant but sparse client clusters. Star-Ring
dominates with few large clusters. In settings with limited but data-rich clusters, Star-Ring’s intra-
group ring aggregation enables deeper local refinement before global synchronization, producing
higher-quality group models. This topology shows diminishing returns as GG increases beyond a
certain point. Star-Star consistently underperforms. Despite its conceptual simplicity, the double
averaging in Star-Star significantly dampens the effective learning rate, making it the least efficient
configuration across all heterogeneity scenarios.

Wall-Clock Time Considerations in Practical Deployments. While convergence properties guide
theoretical topology selection, real-world deployments must account for wall-clock execution time
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under bandwidth constraints. Our analysis in Appendix A.2 reveals that star topologies don’t al-
ways achieve ideal O(1) parallelism in practice due to straggler effects and diluted bandwidth re-
sources. The total wall-clock time follows Eq. (24), where communication overheads scale with
group and client counts. In bandwidth-constrained edge environments, ring-based topologies of-
ten demonstrate competitive performance despite sequential updates, as they avoid synchroniza-
tion bottlenecks and uplink transmission constraints. This insight suggests that in networks with
heterogeneous bandwidth capabilities or significant straggler effects, ring-based top-tier configura-
tions (Ring-Star, Ring-Ring) may offer better practical performance than theoretically optimal but
communication-intensive star-based alternatives, especially when inter-group heterogeneity is high.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETTINGS

We employ ResNet-18 (Lin et al., 2020) and VGG-9 (Acar et al., 2021) for CIFAR-10 (Krizhevsky
et al., 2009), ResNet-18 for CINIC-10 (Darlow et al., 2018), ResNet-10 for Fashion-MNIST (Xiao
et al., 2017), and MLP for SST-2 (Socher et al., 2013). We simulate a hierarchical setup with
N = 100 clients distributed across G = 10 groups under four data partitioning schemes: (1) IID-
IID, (2) Non-IID-IID, (3) IID-Non-IID, and (4) Non-IID-Non-IID. To ensure fair comparison, the
learning rate (1) was tuned individually for each topology. We consistently observed that to maintain
comparable convergence, the required raw learning rates follow the pattern: 7sar-star > 7Star-Ring ~
TRing-Star > TJRing-Ring- 1his empirical observation aligns perfectly with our theoretical findings.
Detailed descriptions of the hyperparameters (e.g., batch size, momentum), specific definitions of
the data partitioning schemes, and the complete search space for learning rates are provided in
Appendix B.1.

3.2 EFFECT OF TOPOLOGY

Figure 2 presents the test accuracy curves for the four HFL topologies under the four heterogeneity
settings. The results consistently show that topologies with a ring-based top-tier aggregation (i.e.,
Ring-Star and Ring-Ring) achieve superior convergence speed and higher final accuracy compared
to their star-based counterparts. Notably, the classical Star-Star configuration (equivalent to standard
HFedAvg) performs the worst across all settings. This is attributed to its conservative update mech-
anism, i.e., the double averaging at both group and global levels dampens the effective learning rate,
slowing convergence. In contrast, ring-based top-tier updates propagate changes sequentially, en-
abling more aggressive and continuous model refinement. This allows the global model to traverse
the loss landscape more rapidly, especially in heterogeneous environments. However, this perfor-
mance advantage necessitates careful operational considerations. Empirically, ring topologies may
exhibit greater sensitivity to data distribution skewness, manifesting as slightly higher volatility in
training curves compared to other topologies. This suggests that a client with highly skewed data
could influence the update chain, implying that hyperparameter tuning (e.g., learning rate calibra-
tion) becomes more critical to maintain stability.
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Figure 2: Comparison of the four HFL topologies on CIFAR-10 Dataset
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Table 2: Test accuracy (%) on CIFAR-10, CINIC-10, Fashion-MNIST, and SST-2 under various
HFL topologies and data partitioning approaches. The non-1ID partitions are generated using a
Dirichlet distribution (Yurochkin et al., 2019; Hsu et al., 2019).

Dataset Model Heterogeneity Topology

Inter Intra Star-Star  Star-Ring Ring-Star  Ring-Ring

D 1D 88.48 90.30 90.40 91.53

ResNe(_18 Non-IID  87.01 89.55 89.75 91.10

Nondp D 87.03 88.22 89.15 90.94

CIFAR-10 Non-lID  86.78 87.40 90.01 90.33

- 1D 84.83 87.30 87.77 89.10

VGG Non-IID  84.21 85.33 87.81 88.17

Nondp D 85.00 85.42 86.16 88.12

Non-IID  83.80 85.04 87.05 87.63

- 1ID 76.88 78.59 78.70 79.56

CINIC.10 ResNet.18 Non-IID  74.25 76.09 78.23 78.35

Nondp D 74.20 72.53 75.83 76.23

NonIID  73.63 74.21 77.11 76.78

D 1D 89.70 92.59 92.67 93.01

Fashion- Non-ID  87.45 92.33 92.76 93.07
MNIST ResNet-10

Nondp D 88.21 89.41 91.40 91.33

o Non-IID  88.04 92.18 92.27 93.33

. 1D 69.61 72.36 80.50 81.42

ST MLP Non-ID  69.95 73.17 79.59 80.50

Nontp 1D 68.12 73.85 79.13 81.08

© Non-IID  68.12 73.97 78.44 81.65

3.3 EFFECT OF DATA HETEROGENEITY

Table 2 reports the final test accuracy for all topology and data partition combinations. A key
observation is that inter-group heterogeneity has a more detrimental effect on model performance
than intra-group heterogeneity. For instance, on CIFAR-10 with ResNet-18 under the Star-Ring
topology, shifting to Non-IID group distributions causes a 2.08% accuracy drop (from 90.30% to
88.22%), whereas Non-1ID client distributions lead to a smaller drop of only 0.75% (to 89.55%). The
effect is even more pronounced on CINIC-10, where in the same setup, inter-group heterogeneity
results in a substantial 6.06% performance degradation (from 78.59% to 72.53%), compared to a
2.50% drop for intra-group heterogeneity. This trend also holds for Fashion-MNIST with ResNet-
10, where inter-group heterogeneity causes a significant 3.18% accuracy drop (from 92.59% to
89.41%), while the impact of intra-group heterogeneity is a negligible 0.26% decrease.

This empirical finding strongly supports our theoretical conclusion that inter-group divergence(d)
is the dominant bottleneck in HFL convergence. It suggests that system designers should prioritize
clustering strategies that minimize distributional differences between groups even at the expense of
increased intra-group heterogeneity. For example, grouping clients by semantic similarity of data
(e.g., geographic region, user demographics) rather than arbitrary network proximity can signifi-
cantly improve convergence.

3.4 EFFECT OF GROUPS

We further investigate how the number of groups G influences performance, focusing on the hybrid
topologies (i.e., Star-Ring and Ring-Star) as they offer a practical balance between convergence ef-
ficiency and stability. With the total number of clients N = 100, we vary the number of groups
G € {1,5,10,20,100} and tune the learning rate for each configuration to ensure optimal perfor-
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mance. Figure 3 illustrates the convergence of Star-Ring and Ring-Star under both IID and Non-1ID
settings. We can find two distinct patterns:

(1) Star-Ring performs best with fewer, larger groups, i.e., small values of G. This is because intra-
group ring aggregation benefits from longer update chains: sequential updates allow for deeper local
refinement before global synchronization, producing higher-quality group models.

(2) Ring-Star, in contrast, excels with more, smaller groups, i.e., large values of GG. Here, parallel
intra-group aggregation (star) is less effective in large groups due to the averaging of divergent local
updates, which can dilute valuable gradients. Smaller groups reduce this averaging effect, and the
sequential inter-group updates in Ring-Star enable fine-grained global alignment.

It is worth noting that our conclusion continues to hold even in the extreme cases—Ring-Star with
G = N and Star-Ring with G = 1, both degenerating to a pure ring topology. This does not
conflict with the notion of “catastrophic forgetting” in sequential federated learning, because the
step size is not fixed. We scale it with the number of groups to keep the effective learning rate
constant. Under the same effective learning rate, selecting an appropriate G therefore yields optimal
performance. These results highlight a critical design principle: optimal topology selection depends
on the underlying group structure. In applications with a few large, data-rich clusters (e.g., hospital
networks), Star-Ring is preferable. In contrast, systems with many small or independent units (e.g.,
IoT devices, retail outlets) benefit more from the Ring-Star topology.

W .

.

— G-l
G=s

-0 T000 2000 3000 4000 5000 - T000 2000 3000 4000 5000 - 1000 2000 3000 4000 5000
Global Rounds Global Rounds Global Rounds

(a) Star-Ring (IID) (b) Star-Ring (Non-1ID) (c) Ring-Star (IID) (d) Ring-Star (Non-IID)

Test
\\§

000 2000 3000 4000 5000

Figure 3: Comparison of Star-Ring and Ring-Star topologies with different numbers of groups on
CIFAR10 Dataset

4 CONCLUSION

This paper presents the first unified convergence analysis for all four HFL topologies under non-
convex objectives and intra/inter-group data heterogeneity. Our results reveal that: (1) top-tier
topology dictates convergence behavior, and ring-based top-tier aggregation generally converges
faster than star-based methods; (2) inter-group heterogeneity is the dominant bottleneck, outweigh-
ing intra-group effects; and (3) optimal topology depends on group structure, where Ring-Star suits
many small groups, while Star-Ring excels with few large clusters. These findings enable sys-
tem designers to move beyond heuristic topology choices and instead make informed, theoretically
grounded decisions based on deployment-specific constraints such as network scale, client distribu-
tion, and data heterogeneity profiles.
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A DISCUSSION

A.1 ALGORITHM DETAILS

For clarity and completeness, this appendix provides the detailed pseudocode for the four HFL
topologies mentioned in the main body of our paper. Each algorithm outlines a different communi-
cation pattern for both inter-group and intra-group model aggregation.

The Star-Star topology (Algorithm 1) represents a fully parallel framework. Both the groups at
the server level and the clients within each group perform their training and updates in parallel,
synchronizing with their respective servers before aggregation.

Algorithm 1 Star-Star Hierarchical FL

1: for global rounds r = 0,1,..., R — 1do
2:  for groups g = 1,2, ..., G in parallel do

3: Initialize group model: xg’g =x(")
4: for group rounds p =0,1,..., P —1do
5: for clients m = 1,2, ..., M in parallel do
6: Initialize local model: X_E;T,;);,m.,o =x\
7: for local steps k = 0,1,..., K —1do
. (r) _ (r)
8: Xgpmk+1 = Xgpmk ~ 18gp.m.k
9: end for
10: end for ") o ")
11: Group aggregation: X, ., | = D D X pm, K
12: end for
13:  end for
14:  Global aggregation: x" 1) = L Zle x!(;}
15: end for

The Star-Ring topology (Algorithm 2) combines parallel inter-group communication with sequential
intra-group updates. While groups update in parallel with the global server, clients within each group
form a ring, passing the model sequentially from one client to the next.

Algorithm 2 Star-Ring Hierarchical FL

1: for global rounds r = 0,1,..., R — 1do
2:  for groups g = 1,2, ..., G in parallel do

3 Initialize group model: x(fg =x(")
4: for group rounds p =0,1,..., P —1do
5: for clients m = 1,2, ..., M in sequence do
o if m =1
6: Initialize local model: xgrz)] mo = X?;f)) nm
e gpm—t1,k fm>1
7: for local steps k = 0,1,..., K — 1 do
. (r) _ (r)
8: g.pmk+l — Xgpmk ~ 18g pm.k
9: end for
10: end for
11: Group model: ng)o 1= x(g;))’ MK
12: end for
13:  end for G _n
fan: r 1 T
14:  Global aggregation: x("t1) = el Zg:l X, p
15: end for

Conversely, the Ring-Star topology (Algorithm 3) employs sequential communication among groups
and parallel updates within them. The groups form a ring at the global level, while clients inside
each group operate in a standard star configuration.

14
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Algorithm 3 Ring-Star Hierarchical FL
1: for global rounds r =0,1,..., R — 1do

2:  for groups g = 1,2,...,G in sequence do

. ) {x@ ifg=1
3: Initialize group model: x, o = (r) .

X, 1 p ifg>1

4 for group roundsp =0,1,..., P —1do
5 for clients m = 1,2, ..., M in parallel do
6: Initialize local model: X_S]T,;hm o=x7)
7 for local steps k = 0,1,..., K — 1 do
8: Xy kit = X gk~ 18k
9: end for
10: end for
11: Group aggregation: xéfl)) =M xg;’m X
12: end for
13:  end for
14:  Global model: x("+1) = x{") |
15: end for '

The Ring-Ring topology (Algorithm 4) implements a fully sequential communication protocol. Both
the groups at the global level and the clients within each group update their models in a sequential,
ring-based manner.

Algorithm 4 Ring-Ring Hierarchical FL
1: for global rounds r =0,1,..., R — 1do

2:  for groups g = 1,2,...,G in sequence do
e (r) x(") ifg=1
3: Initialize group model: x, 5 = (r) .
' X, 1 p ifg>1
4: for group roundsp =0,1,..., P —1do
5: for clients m = 1,2, ..., M in sequence do
o) if m = 1
6: Initialize local model: x((f; mo = X?,’,’; nm
ST opm—1,K ifm>1
7: for local steps k = 0,1,..., K — 1 do
g: x() —x™ (™)
’ g,p,m,k+1 g,p,m,k 184.p,m.k
9: end for
10: end for
11: Group model: xéz), = xé% MK
12: end for
13:  end for
14:  Global model: x("+1) = xg)P
15: end for

A.2 WALL-CLOCK TIME ANALYSIS

To bridge the gap between convergence rounds and real-world training latency, we analyze the total
wall-clock time T'. This is defined as the sum of computation and communication overheads: T' =
Ttomp + Tcomm. Let S denote the model size, 7, the computation time for a node x, and 74, g the
transmission rate from node A to B.

Single-Layer Analysis. In a single-layer setting with M clients, the Star topology is limited by
the straggler, i.e., T5% = maxm{% + Tm + %}, where the index 0 denotes the aggregation
s

server. Conversely, the Ring topology operates sequentially, accumulating latencies: 78" = —
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Do Tm + Zm o o+ While TS theoretically offers O(1) communication scaling

versus TRing’g O(M), this assumes unlimited bandwidth, which rarely holds in edge scenarios.

HFL Topology Analysis. The total wall-clock time for HFL over R global rounds, with P group
rounds, can be unified as:

Tiot = R - (Timer +P. Timra) s (24)
where Tiyer represents the wall-clock time for inter-group updates, and 7Ti,y, represents the wall-
clock time for intra-group updates. Table 3 details these components for four topologies.

Table 3: Wall-clock Time Components for HFL Topologies. Here G denotes the Intra-group Aggre-
gation Server (Group Server).

Topology Inter-Group Time (Ti,) Intra-Group Time (Ti,,)
S S S S
Star-Star max + 74+ max + Tg,m +
9 T0—g Tg—0 g,m Tgﬂm N ) Tm—G.,g
S S S S
Star-Ring max { + 74 + } max Z Tgm T Z +
g T0—g Tg—0 g TG—1,9 m—1 — Tm,flﬁm,g TM—G,g
Ring-Star —— + Z Ty + Z 5 Z max { + Tgm + }
Tq 1—=g TG*}O m TG—m,g T"m—G,g

G

M
Ring-Ring TJFZENLZ S Z{ S +Z7—9ﬂ"+z S N S }
g=1

Tg—1-g TG*}O rg—lg ST o T'm=1-m,g  TM—Gg

Bandwidth Constraints and Practical Latency. Theoretically, the star topology offers advan-
tages in parallel computation; however, in real-world scenarios, it often fails to achieve the
idea O(1) level of parallelism. In HFL, the total wall-clock time faces challenges similar to
those in single-layer FL. Many studies (Lim et al., 2021; Liu et al., 2025) on HFL communi-
cation optimization highlight that bandwidth resources are diluted as the number of users in-
creases, €.8., T'm—1—m,g ~ %, where R, represents the total bandwidth resources of the
group server and M denotes the total number of clients connected to that server. Substituting

this relationship into the total wall-clock time for the Star-Star topology yields 7,5t —5tr —

R (max { 25G 4 Tg} + P-max&_ {max%zl { 25M 4 Tg,m } }) , where the communication

g=1
latency in the upper layer approaches O(G), while the commumcatlon overhead in the lower layer
approaches O(M). In particular, the uplink transmission rate of workers is a major bottleneck in the
training process that can lead to the straggler’s effect (Lim et al., 2020). Therefore, in bandwidth-
constrained real-world scenarios, the ring topology remains a competitive option.

B EXPERIMENTAL DETAILS AND ADDITIONAL RESULTS

B.1 DETAILED EXPERIMENTAL SETTINGS

All batch normalization layers in the models (ResNet-18, VGG-9, ResNet-10) are removed to ensure
cleaner validation of our convergence bounds. We use SGD with a constant learning rate, zero
momentum, mini-batch size of 20, and gradient clipping. The global model is updated over R =
5000 rounds (R = 1000 for SST-2), with each group performing P = 1 group-level updates and
each client conducting K = 2 local steps.

Data Partitioning Schemes. We simulate a hierarchical setup with N = 100 clients evenly dis-
tributed across G = 10 groups, unless otherwise specified, and examine four data partitioning
schemes (Fang et al., 2024): (1) IID within groups & IID between groups, where data is uniformly
and randomly partitioned at both group and client levels; (2) Non-IID within groups & IID between
groups, where groups receive statistically similar data distributions, but clients within each group
are assigned non-1ID partitions via a Dirichlet distribution with parameter o« = 0.1 (o« = 0.3 for
SST-2); (3) 1ID within groups & Non-IID between groups, where clients within a group share IID
data, but group-level distributions differ significantly, again using a Dirichlet split across groups;
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and (4) Non-IID within groups & Non-IID between groups, where the entire dataset is partitioned
using a Dirichlet distribution, resulting in heterogeneous data at both intra- and inter-group levels.

Learning Rate Tuning. The learning rate (1) was tuned Sardar = Anwar
individually for each of the four topologies to ensure they & -
all operate near their optimal convergence speed. Taking
CIFAR-10 as an example, we explored a search space of
{2,1,0.5,0.2,0.05,0.01} to identify the optimal . We
found the optimal learning rates to be 1.0 for Star-Star,
0.2 for both Star-Ring and Ring-Star, and 0.05 for Ring- 2
Ring

Test Top1 Accuracy (%)

2 1 0.5 0.2 0.05 0.01
Learning Rate

B.2 COMPARISON WITH SINGLE-TIER FL Figure 4: Test accuracies on CIFAR-10

after training for 1000 training rounds

To evaluate the performance of HFL against traditional with different learning rates.

single-tier architectures, we conducted comparative ex-
periments using the CIFAR-10 dataset with a ResNet-18
model. The total number of clients was set to N = 100.
We compared our Star-Star and Ring-Ring HFL (G=10, M=10) against standard single-tier FedAvg
(denoted as Parallel FL, PFL) and single-tier Sequential FL (Li & Lyu, 2023) (denoted as SFL).

The models were trained for 5,000 global
rounds. The experimental results reveal
distinct convergence correlations: (i) PFL
demonstrates a convergence speed and final
accuracy highly similar to that of the Star-Star £
HFL topology across both partitions; (ii) SFL < N /
exhibits performance characteristics compa-

rable to that of the Ring-Ring HFL topology.

80

t
t

Star-Star Star-Star
Ring-Ring 4o/ Ring-Ring
PFL // PFL
—— SFL —— SFL

1000 2000 3000 4000 5000 20 1000 2000 3000 4000 5000
Global Rounds Global Rounds

The convergence curves for the IID and Non-
IID settings are visualized in Figure 5. These (a) IID (b) Non-IID
comparisons empirically validate that the hi-

erarchical structure itself does not inherently Figure 5: Comparison with Single-Tier FL on
accelerate convergence speed. Instead, the CIFAR-10 Dataset

convergence characteristics of HFL topolo-

gies strongly correlate with the synchronization mechanism (parallel vs. sequential) of their single-
tier analogues. Consequently, the primary advantage of HFL lies in mitigating communication bot-
tlenecks at the central server rather than improving convergence rates.

B.3 EFFECT OF GROUP ROUNDS P AND LOCAL STEPS K

To investigate the impact of computation and communication frequencies on convergence dynamics,
we evaluated all four HFL topologies on the CIFAR-10 dataset (Non-IID) under varying numbers
of local steps (K € {2,5,10}) and group rounds (P € {1,2,5}). The convergence curves over the
first 3,000 global rounds are presented in Figure 6 below.

Effect of Local Steps. Comparing the curves with fixed P = 1 (Green: K = 2, Blue: K = 5, Or-
ange: K = 10), we observe that increasing K consistently accelerates the initial convergence speed
across all topologies. Increasing K increases the computational density per communication round,
allowing the model to traverse the loss landscape further before aggregation. This confirms that
greater local computation can effectively trade off communication rounds for faster convergence,
particularly in the initial phase.

Effect of Group Rounds. Comparing the curves with fixed X' = 2 (Green: P = 1, Red: P = 2,
Purple: P = 5), increasing the number of group-level updates yields a substantial improvement in
convergence efficiency. Increasing P allows for more thorough intra-group refinement before global
synchronization. For Ring-Star, a larger P means the model circulates among groups more times
(or effectively allows more groups to participate sequentially if viewed as virtual steps), drastically
reducing inter-group heterogeneity impact per global round.
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While both increasing P and K improve convergence speed, increasing group rounds (P) generally
provides a stronger acceleration effect than increasing local steps (K) in our experiments. This
suggests that for HFL, promoting consensus at the group level (via larger P) is a highly effective
strategy for combating heterogeneity, especially for architectures with a Ring-based top tier.

80|

60)

[— P=1k=2 |

— P=1K=2 — P=1K=2 — P=1K=2

Test Accuracy (%)
Test Accuracy (%)
Test Accuracy (%)
Test Accuracy (%)

—— P=1K=5 — P=1K=5 —— P=1K=5 —— P=1K=5
40 P=1K=10 40 P=1K=10 P=1K=10 40 P=1 K=10
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Figure 6: Impact of P and K on Convergence of Four HFL Topologies

C NOTATIONS
Table 4 summarizes the notations appearing in this paper.

Table 4: Key notations for HFL algorithm.

Symbol Description

R,r number, index of training rounds

G,g number, index of groups

M,m number, index of clients in each group

51,81 number, index of selected groups under partial participation

So, 59 number, index of selected clients in each group under partial participation
Pp number, index of group steps

Kk number, index of local update steps

n learning rate (or stepsize)

n effective learning rate

L L-smoothness constant (Assumption 1)

o upper bound on variance of stochastic gradients at each client (Assumption 2)
1) constant in Assumption 3 to bound inter-group heterogeneity

Cg constants in Assumption 4 to bound intra-group heterogeneity

¢ average intra-group heterogeneity constant, defined as (2 = é Z?:l Cg

F/F,/F,,m global objective/group p objective/local objective of client m in group p
x(") global model parameters in the r-th round

local model parameters of the m-th client after % local steps in the g-th group

g,p,m,k .
after p group steps in the r-th round
gé%m & gg;,m p =V fgym(x;%m’ i €) denotes the stochastic gradients of F ,,

(r)

regarding Xy pomk

18
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D PROOF OF THEOREMI1
In the following proof, we consider the full participation setting with a fixed execution order. Specif-
ically, all G groups and all M clients participate in every training round. We assume the execution

follows a deterministic sequence, corresponding to the natural indices {1,2, ..., G} for groups and
{1,2,..., M} for clients, without random permutation.

D.1 FIND THE PER-ROUND RECURSION

Lemma 1. Let Assumptions 1, 2 hold. If the learning rate satisfies n < m, then

1
E |F(x"Y) - F(xM)| < —incoGMPK]E[HVF(x(T))||2] + n?Leg’GM PK o

1 = . e
+ inLQCOZ pz:: Z E {Hx;’;m’k —x() ] ,

where ¢ is a topology-dependent coefficient that takes values of 1/(GM), 1/G, 1/M, and 1 for the
Star-Star, Star-Ring, Ring-Star, and Ring-Ring topologies, respectively.

Proof. In the following, we focus on a single training round, and hence we drop the superscripts r
()

for a while, e.g., writing X, m 1 to replace x, . ;..

ng&w. Unless otherwise stated, the expectation is conditioned on x(™.

Specifically, we would like to use x to replace

Starting from the smoothness of F' (applying Assumption 1, |[VF(x) — VF(y)| < L|x —y||), we
have

E[F (x + Ax) — F (x)] <E(VF (x),Ax) + %EHAXHQ
A N——
1 As

The model updates within a single global round for the four topologies can be represented by a
unified format,

R+1 R
Ax = X( +1) _ X( ) = —Comn Z 8g,p,m,k>»
g,p,mk

where cq denotes the topology-dependent coefficient as defined in Lemma 1.

After substituting the overall updates Ax, we can get A

E[(VF(x"),Ax")]

G P-1 M K-1
. <VF<X<T>>,_WOZZZ g;t;,m,kﬂ

r G K-1
=E <VF(X(T)), e Y D> VFg7m(x§7;1)),m7k)>]

: G
=E <VF(X(T))’ —Tco Z Z (vFg,m(xg;I)?,m,k) - VF(X(T))> >‘|

«Q
Il
L
S
I
- O
3
S
i
=
o
A )
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< —neGMPKE[|VF(x")|P] + SneoGM PKE[|[VF (x7)]?]

1 1
Zneo——F
21 GPMK

1
+ §ncoGMPKE

: L
= —incoGMPKIE[HVF(x(T))||2]

G P-1 M K-1

COZZZZ<VF9’“ gpmk) VFgm( )))

g=1p=0m=1 k=0

1
+ incoGMPKE

G P-1 M K-1

>33 (VEum é’"imk)

g=1 p=0 m=1 k=0

1 1

210 GPAIR

G
1 1
< —5neGMPKE[|VF (x ™)]12] + nL2 OZ

1 1 G P-1 M K-1
")
21O G Z >3 (vE gvm(xg,p,m,k»
g=1 p=0 m=1 k=0

where we use (a,b) = 3 (||al|* + [|b]|*> — ||a — b]|?) for the first inequality and use Jensen’s inequal-
ity, || 20, ][> <n > |Jai||?, for the last inequality.

Next, we bound the term Ao,

2

G
1 1 r
SLE[Ax]P] = SLE | neo e

P-1 M K-1
< LE [ Y 3 3 3 (80 s = Thn 3 0)
g=1 p=0 m=1 k=0
G P-1 M K-1 2
+PLE [0S S0 ST ST VE L) )
g=1 p=0 m=1 k=0
Letn < 5rognrpr- We have

E [F(x<r+1>) - F(x(’”))}
E [(VF(x"), Ax")] + %LE[HAX(T')HQ]

1
= —§ncoGMPKIE[HVF(x(’"))||2] +1?Leg?’GMPKo?

2:|
M K-1

G P-
ZZZ VF gpmk)

1 k=0

G P-1

M 1
LD I IPILI| CHEE

g=1 p=0 m=1 k=0

K—

(3 — LeoGPMKn) g ’

GPMK

1
< —§ncoGMPKIE[HVF(x(7"))||2] +n?Ley>’GM PK o
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S (") ?
Z EH grp,m,k_x(r)H .

D.2 PROOF OF THEOREM 1 FOR THE STAR-STAR CASE

For Star-Star,

| MK
Xg,p,m,k — X—qu,p,mk +ZMZZggpmk’
p'= m’/=1k’=0
To bound E,., we first bound E||x ; m k — x|)?.
E”Xg,p,m k— X||2
M K-1
= 1°E| Zggpmwz > Zggp |
= e
mM K—1 k—1
< 5772]E|| Z 8g,p,m,k’ + Z Z Z 8g,p',m’ k' — Z vK,m (Xg,p,mtk’)
m’ 1k'= k'=0
M K-1
_Z Z ZVFgm/ Xg,p' m’k’)H
1 b
M K-1 k—1
+5772]E||ZVFgm Xgpmk’+z Z ZVFgm’ (Xg,p',m k') ZVFg,m(X)
1=1k'= k'=0
M K-1 "
DRI
m’ 1k'=
k—1 | M K-l k—1
+5°El Y VEym (x +ZMZZVFgm x) = Y VF,(x)
k=0 p= m/=1k'=0 k=0
M K-1
S SR
1 b
k—1 M K-1 pml o MKl
+50°El| Y VE, (x +Z ZZVF ZVF D 2 2 VEIP
k=0 M s p’:O m/=1k'=0
k—1 M K-1
+5°E| ) VF (x +Z > ZVF )I%,
k=0 M = 1k'=

where we apply the Jensen’s Inequality for the first inequality. The term E||xg ,m x — x||? is de-
composed into 5 components (e.g., local SGD noise, intra-group drift, inter-group drift, and global
model discrepancy).

Bounding the first term in the left-hand inequality,
M K—1 k—1

57°E|| Z 8g,p,m k' + Z Z Z 8g.p’,m/ k" — Z VEym (Xg,p,m.k’)
1=1k'= k'=0
1 K m
- Z T O 2 VEym (g i) |
p= m/=1k'=0
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k—1
< 107 Z Ellgg,p,mk — VEgm (Xg,p,m,p0)|”
k:/
M K—1
+10772Z Z ZEHggp et =V Eg o (Xg i) |12
m/=1k'=

pK
< 10n%ko? + 10772M02

Bounding the second term in the left-hand inequality,
M K-1
5772]E||ZVFgm (Xg.pm k') +Z Z ZVFgm’ (Xg.p7m )
m'=1k'=
M K-1

B I Z 2. 2 V()
k/=0

m’ 1k'=

2

k—1
<100°k Y BV Fym (Xgpm k) = VEgm (%)
k’=0
p—1 1 M K-1
+ 1077 pMK Z M2 Z Z IEHVFg m’ (Xgp m/ k’) VFQJU' (x) ||2
p’=0 m/=1k'=
p—1 M K-1

< 10L° QkZEnxgpm;« x|? + 10£22 22 DD ZEllxgp m e = |2

p'=0m’'=1k'=
Bounding the third term in the left-hand inequality,
M K-1 M K-1
5n2EHZ 2 2 Vhum (x Z 2. 2 Vh &
m'=1k'= m’ 1k/=
k-1
+ Z VEym (x Z VF, (x)|? < 10n%k Z E||VEy.m (x) — VE, (x)|?
k/

The group objective function is defined as the aggregation of local functions, ie., I, =
ﬁ 2%:1 Fy . Consequently, the summation of the deviations of local gradients from the group
gradient vanishes.

Bounding the fourth term in the left-hand inequality,

k—1 M K-1 p—1 1 M K-
5B > VE,( +Z > Z VE,( Z VE(x) =Y 57 2 Z x) |2
k’'=0 y! = m’ 1k/'= p’=0 m/=1k’'=0
k—1 I p—1 M K-1
<107k Y BIVE, (x) - VF 0| + 107220 37 57 ST E|VE, (x) - VF ()]
k'=0 p'=0m/'=1k’=0

Bounding the fifth term in the left-hand inequality,

k—1 M K-1
5Bl Y VF (x)+ Z > Z VF (x)||?
k’=0 m/'=1k'=
k—1 1 M K-1
<107k Y E|VF (x)[* + 101° pMKZ 17 2 D EIVE )P
k'=0 p'= m’=1k’=0
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Substitute these terms into E,.,

k—1
B, < 101? Z <k02+ +L2kZE||Xg,pmk’ x|?
g,p,mk k’=0
pK — M K-1
+ L Z > ZEIIXM = XI|2+kZEIIVFgm Fy (x)|I?
p/ Oom’'=1k'=

p—l M K-1

kiEIIVFg (x) = VF (x)|* + M Z > D> EIVE, (x) - VF ()|

p'=0m’'=1k'=0

p—1 M K-1
kZIEHVF H2+pMKZ z\; > ) E|VF(x ||2>

p'= m’=1k’'=0

Letc; = we have

1—10L21}’2K2n2’
E, <1100’ GPMK?6% + c1100°GP?K?0? + ¢1 100’ GPM K3(?
+ 110> GPM K356 4 ¢,100°G P2 M K352
+ 102 GPMK3||VF (x)||* + 11002 GP3 M K3|VF (x)|?
<10c,*GPMK?0? 4 10c1n*GP?*K?0? + 10c1*GPMK3¢? + 201 ?GPP M K362
+ 201’ GPPMK3||VF (x)|
After substituting E,. into E[F(x("*1)) — F(x("))], we can obtain
E[F(x"*D) — F(x")]

_ 1 272 p2 -2 (r) 2, PK o2
77PK(2 10c,n? L2 P2KA)E[|VE(x™)||?] 4+ 7 LGM

P2K?
+ 50 L PK?0% + 5ern° L ——0® 4 510 L PK*C? + 10¢17° L2 PP K67,

Let c2 = g apapages: then
R—1
1 e (F(x9)) — F(x(®) 1
= ;ZOE[||VF(X(T))||2] < 2 (£ n}%PK( ) +c2nLG—M02 + 5ercon’ L2 Ko

PK
+ 50102772L2W02 + 50102772L2K2C2 + 100102772L2P2K262.

Letn =nPK,and p < we have

WL’
A L77]0'2 L2 ~2 2 LQ ~2 2 L2ﬁ2C2

E F (R) <
INFEA S 25+ apyr T per * Pk T PR

4 L27~,}262

E[|VF(@E"™))* =0

LA (Lo2A)/?2 (L2A202)1/3 (L2A202)1/3
(R VGPMKR = (P2KR?)"®  (PMKR?)"?
(L2A2<2)1/3 (L2A252)1/3
(P2R2)1/3 (R2)1/3 )

where Z% is defined as a model uniformly sampled from the z(*), . .., (%=1 of previous iterations,
and < hides universal constants.
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D.3 PROOF OF THEOREM 1 FOR THE STAR-RING CASE

For Star-Ring,

m—1 K—1 p—1 M K-1
Xg,pmk — X = § ggp,mk’+ E § ggp7n/k’+§ § § 8g,p",m’ k'
m/=1k'= p'=0m’=1 k=0

2
To bound E,., we first bound E||x4 ,, m 1 — X||”.
E[x —X||2
g,p,mk
m—1 K—1 p—1 M
2
=n"E| § gg»pmk"" E § gg,p,m k’+§: §
m/'=1k'= =0m’'=1 k
m—1 K—1 M
2
< 5n°E|l E gq,p,mk + E : E ngLm k’+§ ,
m'=1k'= p'=0m’/=1
m—1 K—1 p—1 M
2
- E E , VEgm Xgp m/ k/) - E VEgm (X97P',7'l’~,k') ||
m'=1k'= p'=0m’=1k'=0
k—1 k—1 m—1 K—1
2
+5n°E|| E VFgm (Xgpmh) — E VFym(x E , E VFg m’ (Xg,p,m k')
k'=0 k'=0 m/=1k'=
m—1 K—1 p—1 M K-1 p—1 M K-1
- E : § :VFg,m’ (x) + VFgm (Xg,p m k) — E : § : E :VFQ m
m’=1k’'=0 p ) k’=0 =0m/=1k'=
k—1 m—1 K—

89,0’ ,m’ K’ ”2

MM M7

x-

=0

K-1

8g.p’,m’ k' — Z VEgm (Xg,p,m k')

x) |2

M k—1
AIPE YV ()+ D> Y Vi ()4 > YV (x) = Y VF,(x)
k’'=0

k'=0 m’=1k’=0 p'=0m’'=1k’=0
m—1 K—1 p—1
-y Z VE, ( YD VE®IP
m/'=1k'= p'=0m/=1k'=0
k—1 m—1 K—1 M
+50°El| Y VE, (x)+ SN VE,x)+> > Y VF(x)- Y VF(x)
k’=0 m’=1k’=0 p'=0m/=1k'=0 k’=0
m—1 K—1 p—1 M
-y Z VF (x Y VR
m/=1k'= p'=0m’'=1k’=0
k—1 m—1 K—1 p—1 M K-1

+50%E[ Y VF (x) + VEX)+ > Y. Y VFE)?

k'=0 m’=1k'=0 p'=0m’=1k'=0

Bounding the first term in the left-hand inequality,

m—1 K—1 p—1 M
2
57Kl E gq,p,mk '+ E E :gq,p,m k't E E
m/=1k'= p'=0m’'=1
m—1 K—1 p—1 M K-1
- g 5 VFg m’ xg p,m/, k’ E g E vF‘g m/’ Xgp m’ k/) ‘
m/'=1k'= p'=0m’'=1k'=
k—1
2 2
< 157 E , Ellgg.pm.k — VEgm (Xg.p,m, )l
k’'=0
m—1 K—1
2 2
+ 159 E § Ellgg,p,m i — VEgm (Xg,p,m/ k) |l
m’=1k’=0

K-1
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p—1 M K-1

17 5 35 5 Bl s P )

p'=0m'=1k'=

< 15n%ko? 4 159°mKo? + 159°pM K o

Bounding the second term in the left-hand inequality,

k-1 m—1 K—1
S0°E| > VEFym (Xgpmi) Z VEm (X)+ > Y VEym (Xgpm k)
k’=0 =0 m’=1k’=0
m—1 K—1 p—1 M K-1 p—1 M K-1
=2 D VEmw )+ D> Y Ve (gpmri) = D Y D VE,
m’/=1k'=0 p'=0m/=1k'=0 p'=0m/=1k'=0
k—1
< 150°k Z EVEym (Xgpmk) = VEgm (x|
k’'=0
m—1 K—1
+15PmK > BV Ey (Xg ) = VEy e (%) |12
m’=1k’=0
p—1 M K-1
+ 15 PME Y > N B VEym (Kgprmp) = VEy s (%) |2
p'=0m/=1k’=0
k—1 m—1 K—1
<I5L0°k Y Elxgpma — X[° + L2°mK > > Ellxgpmn — x|
k’'=0 m/=1k'=0

p—1 M K-1

+15L%PpME Y Y Z E|[xg.prm b — ||

p'=0m'=1k'=

Bounding the third term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1

k—1
5n°E| Z VEym (X)+ > > Vo )+ Y Z VEym (x) = Y VE, (x)
k’=0

k= m/=1k'=0 p'=0m/=1k'=
m—1 K—1 p—1 M K-1
—ZZVF =D D D VE®?
m/=1k'= p'=0m’/=1k'=0
k—1 m—1 K—1

x) ||?

<150°k Y BVEym (x) = VE, ()| + 150°mEK > > RV, m (x) = VF, (x)]?

k=0 m’=1k’'=0
p—1 M K-1

+ 159 pMKZ Z ZEHvFgm )_VFg (X)HQ

p’=0m’'=1k'=

Bounding the fourth term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1
5Bl Y VE, (x)+ > Z VE,(x)+ Y > Z VF, (x
k’=0 m/'=1k'= p'=0m’'=1k'=
k—1 m—1 K—1 p—1 M K-1
—Y VEx) =Y D> VEx) =Y Y > VF)
k’=0 m’=1k’=0 p'=0m/=1k'=0
k—1 m—1 K—1

<150°k Y E[VF, (x) = VF (x)[* + 159*mK Y > E|VF, (x) - VF (x)||’

k=0 m/=1k'=0
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p—1 M K-1

+ 1P pME Y Y Z E|[VF, (x) - VF (x|

p'=0m/=1k'=

Bounding the fifth term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1
B[ VE(x)+ Y Z VEX)+ > Y. Y VFE)?
k'=0 m/'=1k'= p'=0m’'=1k’=0
k—1 p—1 m—1 K—1
<157°k Y E|VF (x)]* + 157°mK E||VF (x)||?
k’=0 p'=0m’=1k'=0
p—1 M K-1
+15°pMK Y Y > E|VF (x)?
p'=0m/=1k’=0

Substitute these terms into E,.,

k—1
E, < 159> > <k:02 +mKo® + pMKo® + Lk Y ElXg pms — x|

g,p,m,k k’'=0
m—1 K—1 p—1 M K-1
L’mK Y > Elxgpmw — X2+ LPpME > > Y " Ellxgpr o — x|
m/=1k'=0 p'=0m’=1k'=0
k—1 m—1 K—1
+ kY E[VFym(x) = VE,X)|?+mK Y > E|VFyu(x) - VE(x)|?
k'=0 m’=1k'=0
k—1 m—1 K—1
+k > E|VF,(x) - VF(x)|? + mK E|VE,(x) — VF(x)|?
k'=0 m/=1k’=0

p—1 M K-1

+pMK Y > Z E||VF,(x) — VF(x)|?

p'=0m'=1k'=
k—1 m—1 K—1 p—1 M K-1
+EY E|IVF)|>+mK > Y E|VF®)|?+pMK Y Y > ]E||VF(X)|2>
k’=0 m’=1k’'=0 p'=0m’=1k’=0

< 15’GPMK?0? + 150°GPM?*K?0® + 15n°GP>M*K?0?
+ 15°GPMK3¢* + 15n*GPMPK3¢% + 150 GPM K352
+ 1572 GPM3 K362 + 15n*GP3 M3 K36% 4 150 GPM K3|VF (x)||?
+ 15n*GPMPK3|VF (x)||* + 15n* PP M2 K?||VF (x)||* + 15L* P> M? K*n*E,

Letcy = m, we have
B, < 45¢1m°GP2M?K?0? 4 30c1m*GPM3K3¢? + 45¢1m*G P2 M3 K35°
+45e1*GPPMP K3 || VF (x)|?
After substituting E,. into E[F(x("*1)) — F(x("))], we can obtain
E[F(x"1) — F(x")]
< —nMPK(% - 4?501772L2P2M2K2)E[HVF(X(T))|| ]+ LPMK 2

G
45
c

45
+ ?cm3L2P2M2K2U2 + 1513 LPPMPK3¢C? + —cinP L2 PP MP K362,

26



Published as a conference paper at ICLR 2026

Letcy = = 4701172L2P2M2K2’ then
R-1 0y _ p(x(R)
1 . e (F(x©) — F(x(®)) 1 45
— S E|VEE? < L=0?+ — 2[2PMKo?
R 2 [IVE")]] < TRPME + cam GU + 5 c1c2m o

45
+ 15c1con* LM K22 + ?clczn2L2P2M2K252.
Letn =nPMK,and n < WL’ we have

A Lﬁaz L2 ~2 2 L2ﬁ2C2
]E F 7(R) < L2~262
IVEEIPT S iR TPk T PMK T pz T

2 4\1/2 242 2\1/3 2 42,2\1/3

R VGPMKR (PMKR?)'®  (P2R?)'/?
(L2A262)1/3
(R2)'/? )
where Z% is defined as a model uniformly sampled from the z(?), ..., z(f~1 of previous iterations,

and < hides universal constants.

D.4 PROOF OF THEOREM 1 FOR THE RING-STAR CASE

For Ring-Star,

M K-1 g—1 P-1 M K-1
Xg,pm,k — X = § ggpmk+§ § E 8,0 m/k"i’g 5 g § 89’ ,p' ,m/ k' -
k'=0 m=1 k=0 g'=1p'= O m=1 k=0

To bound E,, we first bound E||x, . m.x — x]|°.

El[%g,p,m,k — XH2

k—1 p—1 | M K- g-1P-1 , M K-1
2 2
=n"E| E :gg,p,m,k’ + M E , E :gg,p’,m’,k’ + E M E E ' p sm k|
k'=0 p’=0 m=1 k=0 g’'=1p'=0 m=1 k=0
pll M K-1 g—1P—11 M K-1
2
< 5°E|l E gg,p,mk + E , 8g,p';m' k' + M 8y’ .p'm! k!
p'= =1 k=0 g'=1p'=0 m=1 k=0
k—1 p—1 1 M K-1
- E VFgm (Xgpm) — M E VEFgm (Xg,pm k')
k’=0 p’=0 m=1 k=0
g—1 P—1 M K-1
2
_E:E: E:E:VFQW’ (X7 pr o ) |l
g’'=1p’ 0 m=1 k=0
M K-1
2
+577E||§ VEgm (Xg,p,m, b +§: E: E:VFgm (Xg,p7m k')
k=0 m=1 k=0
g—1 P—1 | M K-
+ ME, VEy e (Xg' prm k) E:VFg,m(X)
g'=1p'=0 m=1 k=0 k=0
pfllMKl gflPllMKl
2
=D > VEw (x > 47 VFy e (%) |
p’=0 m=1 k=0 g'=1p'=0 m:l k=0
k—1 p—1 1 M K-1 g—1 P—1 | MoK
2
+5n°E|| E VEgm (x)+ E VFgm (x)+ M E , VEy m (x)
k’=0 p/:O m=1 k=0 g’'=1p'=0 m=1 k=0
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p—1 1 M K-1 g—1 P—1 1 M K-1
S OLTTEED 3D 90 LTANED 5D RS 9D SAZASTl
p’'=0 m:l k=0 g'=1p'=0 m=1 k=0
k—1 p—1 1 M K-1 g—1 P—1 1 M K-1
+50°El Y VE, (x)+ Y 7 SNNVE YD 7 S>> VE (x)
k’'=0 p’'=0 m=1 k=0 g'=1p'=0 m=1 k=0
p—1 1 M K-1 g—1 P—1 1 M K-1
2
-Y VF MZ VF (x) — MZ VF (x)]
p’'=0 m=1 k=0 g’'=1p'=0 m=1 k=0
k—1 p—1 1 M K-1 g—1 P—-1 1 M K-1
2 2
+50°E| ) VF (x) + MZ VF (x) + MZ VF (x)]
k'=0 p’'=0 m=1 k=0 g’'=1p'=0 m=1 k=0

Bounding the first term in the left-hand inequality,

M K-1 - M
1
5WWZ&MM+Z E:Z&mWMEZ DI TER
m=1 k=0 =1
k—1 p—1 1 M K-1
- VEym (Xg,p,m,kr) — i Z VEgm (Xgp m k)
k'=0 p’'=0 m=1 k=0
g—1 P-1 M
1 2
Y LS N R G|
g'=1p'=0 m=1 k=0
k—1
< 1597 Z Ellgg.pmp — VFgm (Xg,P,m-,k’)H2
k'=0

=
T

p—1 1 M K-1
+157] Z M2 Z ZE”ggp m’, k" ™ vFﬂg m/’ (Xgp m/ k’)H
p'=0 m'=1k'=
g—1 P-1 M K-1
Ellgg: prm ke = VEg m (Xgr prm k) |12
k=

SIS

g'=1p’'=0 m=1 0

pK PK
< 15n%ko? + 1592 MU +15 29M o?

Bounding the second term in the left-hand inequality,

M K-1

1
5772]E||ZvFgm Xg,p,m,k’ +ZMZZVFgm (Xg,p',m k')
k=0 p'= m=1 k=0
g=1P-1 | M K-1 k—1
+ M Z VF, g’,m’ (Xg p’,m’ k’) - VF’g,rn (X)
g'=1p'=0"" m=1 k=0 k'=0
p—1 M K-1 g=l Pl | M K-1
T DY V() - 37 2 2 VEyw ()]
p'=0" m=1 k=0 g'=1p'=0"" m=1 k=0
k—1
< 15n%k Z BV Fgm (Xg,p.mk) = VEFgm (x)|1?
k'=0
| M K-l
+ 157 pMKZ i > D EIVEm (Xgpramikr) = VEgm (x) |2
p'= m’/=1k'=0
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-1 P-1 M K-1
+ 151 gPMKZ Z > ZEHVFg mt (Xgprmt k) — Vg mr (%) 12
g'=1p’ 0 m/'=1k'=
k—1 pK M K-1
<1517 QkZE”XQ,pmk’ x| +15L%° Z Z ZEHXQJJ, e — x|
k! = p'=0m/'=1k'=

) QQPK g—1P-1 M K-1 )
152 S S S S
g'=1p'=0m’'=1k’=0

Bounding the third term in the left-hand inequality,

k—1 Pl M OK-1 g=lP-1 | M K-1
5Bl Y VEym (x)+ 7 > VE . (x)+ i SV (x)
k=0 p'=0"" m=1 k=0 ¢=1p'=0"" m=1 k=0
k—1 pmlo M OK-1 g=lP-1 | M K-l
= VE ) =D 5> D VE ) - 12 2 Vi
/= p'=0 m=1 k=0 g'=1p'=0 m=1 k=0
k—1
< 1512k 3 E|VE, () — VE, (%)
k=0
pK p—1 M K-1
+15772ﬁ > E||VE, W (x) — VF, (x)|?
p'=0m/=1k'=0
-1P-1 M K-1
gPK %
+ 152 > Y EIVEyw (%)~ VE; B
g'=1p'=0m'=1k'=0
Bounding the fourth term in the left-hand inequality,
k—1 pml o M K-l g=lP-1 | M K-l
E| > VEF, (%) + i NN VE )+ i S>> VF, (x)
k'=0 p’'=0 m=1 k=0 g’'=1p'=0 m=1 k=0
Pl M K-l g=lP-1 | M K-1
2
— ZVF(X)—ZM VF (x) — i VF (x)|
= p’=0"" m=1 k=0 g'=1p'=0 " m=1 k=0
k—1 Kpfl M K-1
2 2 2
<150k Y E|VF, (x) - VF ()| + 15722 ST E|VE, (x) - VF ()]
k=0 p'=0m'=1k'=0
1P-1 M K-1
gPK -
P Y S 3 S EIVE ) - VF ()
=1lp'=0m'=1k'=
Bounding the fifth term in the left-hand inequality,
k—1 M K-1 g=lP-1 | M K-1
EONCEDIE DI ILLERS 35355 S IAZITS
k=0 m=1 k=0 g'=1p'=0 " m=1 k=0
k—1 plo | M OK-1
<157°k Y E||VF (x)]* + 15n° pMKZ Ve > Y EIVF (%))
k’=0 p'= m/=1k’=0
g=lP-1 | M K-l
+ 1572 gPMK i > E|VF (x)?
=1p’=0 m’'=1k'=0
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Substitute these terms into E,.,

PK
E, < 151 Z <ka _|_7 —&-QWUQ
g,p,m,k

k—1 pK p—1 K—
LY Bl — 7+ 2225 5 5 ZEHXQ,,,,,, v = x?
k=0

p'=0m'=1k'=
gPK - 1 M K-1 k—1
+ 5 Z Z D D Elxgpmn = x|F 4k Y E[VEm(x) = VE ()]
'=1p'=0m’=1 k'=0 k=0
k—1 p—1 M K-1
+k Y E|VE,(x) - VEX)| + ) EIVE, () - VF G
k'=0 p'=0m'=1k'=

g—-1P-1 M K-1

k—1
P25 S Y S BIVE () - VFGI & 3 EIVF0)”

g'= lp’ Om'=1k'= k'=0
M K-1

-1 P-1 M K-1
+pMKZ > ZEHVF ||2+gPMKZ Z D ZIEHVF |2>
/ 1k/

g'=1p’ 0 m/'=1k'=
< 15n2GPMK202 + 15772GP2K202 + 15772G2P2K202

+ 15°GPMK3(? + 150°GPMK36% + 15n*GP3 M K35% + 15n*G? P2 M K352

+15n*GPMK?|VF (x)||> + 150 GP*MK3||VF (x)||* + 15n*G* PP M K? ||V F (x)]?
+15L2G?* P2 K*n°E,

1
Let ey = 1—i5rzgzprge;z- We have

E, <15c1n*GPMK?0? + 30c1*G* P2 K*0% + 15c1n* GPM K3¢? + 45¢1° G2 PP MK 3 4°
+45e1*GP PP M K|V F (x)?
After substituting F,. into E[F(x("+1))
E[F(x"1) — F(x(M)]

— F(x()], we can obtain

1 4 PK
< —nGPK(; - ?5cl772L2G2P2K2)E[||VF(X(T))HQ] + 7)2LG7 2
1 . i 2P2K2 1
+;clndLQGPKQUerlSclnSLQGTJZ+ 25c1n5LQGPK5<2 2501775L2G5P5K‘552
Letcy = %7472561n21LQG2P2K2,then
R-1 0 _ p(x(®
1 Co (F(x( ) — F(x)) 1 15
— E F ()12 < L— 2 - 2L2K 2
R 2 (IVEE")[] < "RGPEK +eanLgro” 4 eiea o
PK 1
+15clcgn2L2GM 2+—5c1c LK%+ —50102772L2G2P2K252.

s ~ 1
Let7 =nGPK,and 7 < Teor Ve have

A LTN]O'Q L2 ~2 2 L2 ~2 2 L2ﬁ2<2
E[IVFE®)|2] < A L2262,
INFEWIS 25+ Gpak * a2 * apaii T cepr T

LA Lo2A)1/2 T2 A252)1/3 2 A252)1/3
E[HVF(Q?(R))”% :O( ( g ) ( g ) — ( g )
R VGPMKR  (G2P2KR?) /

(GPMKR?)'/?
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(L2A2C2)1/3 (L2A252)1/3
(Gzszz)l/3 (R2)1/3 >

where Z' is defined as a model uniformly sampled from the z(¥), . .., z(:=1) of previous iterations,
and < hides universal constants.

D.5 PROOF OF THEOREM 1 FOR THE RING-RING CASE

For Ring-Ring,

m—1 K—1 p—1 M K-1
Xg,p,m,k — X—§ ggpmld"‘} § ggpm’k’+§ § § 8g,p’,m’ k'
k’=0 m/=1k'= p'=0m’=1 k=0
g—1P-1 M K-1
+ZZZngmz«
=1p/'=0m’=1 k=0

To bound E,., we first bound E||x ; m k — x|)?.

E”Xg@m k= X||2

m—1 K—1 p—1 M K-1
2
=n°E| E gg,p,mk"“ E E gg,p,m k’+§: E: E:ggpmk’
m/=1k'= p'=0m’=1 k=0
g-1P-1 M K-
+ gg ,p',m/’ k’”
g'=1p'=0m’/=1 k=0
m—1 K—1 p—1 M K-1
<577 ]E” ggpmk’+ ggpm’ k + 8g,p’,m’ k'
k=0 m/=1Fk'= p'=0m’/=1 k=0
g-1P-1 M K-1 k—1 m—1 K—1
+ E , By’ p'm k' — § VEgm (Xgpm.kr) — § , § VEym (Xg,pm k)
g'=1p'=0m’'=1 k=0 k'=0 m’'=1k’'=0
p—1 M K-1 g-1P-1 M K-1
2
- VEgm (Xg,pm k) — E , VEgm (Xg k) ||
p’=0m’=1k’=0 g'=1p'=0m’=1k’=0
k—1 m—1 K—1
2
+50°E|| E VFgm (Xg,pmk) + E VFgm: (Xg.p,m )
k'=0 m’/=1k’=0
p—1 M K-1 g-1P-1 M K-1
JFE, E, E:VFgM’ Xg,p',m! k') + E VEgm (Xg' prm k')
p'=0m/=1k"=0 g'=1p'=0m/=1k'=0
k—1 m—1 K—1 p—1 M K-1
- E VFgm E E VFg m’ - VFg’m/ (X)
k'=0 m/=1k'= p'=0m/=1k'=0

g'=1p'=0m’=1k’=0

k—1 m—1 K—1 p—1 M K-1
+5n°E|| § VFym(x § § VFg e (%) + § VFym (X)
k’=0 m/=1k'= p’=0m’=1k'=0
g—1P-1 M K-1 m—1 K—1
+ SN VEy § jVFg VF, (x)
g'=1p'=0m’'=1k’'=0 =0 m’'=1k'=0
p—1 M K-1 g—1P-1 M K-1
2
- > VE(x) =Y > > > VE ]
p'=0m’'=1k'=0 g’'=1p'=0m’=1k’=0
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k—1 m—1 K—1 p—1 M K-1
+PE[ Y VE,(x)+ > Y VE ) +Y . > Y VF(x)
k’=0 m’=1k'=0 p'=0m’=1k’=0
g—1P-1 M K-1 k—1 m—1 K—1
+ YD VE(x)- Y VF(x) - VF (x)
g'=1p'=0m’/=1k'=0 k'=0 m/=1k'=0
p—1 M K-1 g—1 P-1 M K-1
- VF (x) - S S vEE)?
p’=0m’'=1k’=0 g'=1p'=0m’'=1k'=0
k—1 m—1 K—1 p—1 M K-1 g—1P-1 M K-1
B[ Y VEx)+Y . Y VEE)+Y . > Y VE(x)+ o> VE®))?
k'=0 m’=1k'=0 p'=0m’'=1k’=0 g'=1p'=0m/=1k'=0
Bounding the first term in the left-hand inequality,
m—1 K—1 p—1 M K-1
57°E|| Z 8g,p,m, k" + Z Z 8g.p,m' k' + Z Z Z 8g,p’,m’ k'
m'=1k'= p'=0m’/=1 k=0
g—1 P-1 M K-1 k—1 m—1 K—1
+ Z Z Z gg o' m/ k" T Z VF, ,m Xg,p,’m k’ Z Z vZ?g m’ Xg,p m’ k/)
g’'=1p'=0m’=1 k=0 k'=0 m/=1k'=
p—1 M K-1 g—1P-1 M K-1
- Z Z VEgm (Xg,prmi k) — Z VEgm (Xg' prm k') &
p’=0m’=1k'=0 g'=1p'=0m’'=1k’=0
k—1
< 201 Z Ellgg.pmp = VFym (Xg,p,m )|
k’=0
m—1 K—1
+ 20772 Z Z ]E”gg,p,m’,k’ — VFg,m/ (Xg,p,m/,k’) H2
m/=1k’'=0

p—1 M K-1

+200° ) D Z Eg.p /bt — Vgt (Xg.p0 ) |2

p'=0m’'=1k'=
g—1P-1 M K-1

+ 20772 Z Z Z Z Ellgg pr,m' k7 — VEFgm: (Xg 7 m ) ||2

g'=1p'=0m'=1k'=

< 20n%ko? 4 20n°*mKo? + 20n°pM Ko? 4 20n°gPM K o>

Bounding the second term in the left-hand inequality,
k—1 m—1 K—1
5/'72EHZVFQTTL Xgpmk/ Z ZVFgm/ Xgpm’ k’)
k'= m/=1k"'=
p-1 M K-1 g-1P-1 M K-1
M

+ Z Z Z VFQ m/ xgu” m’ k/ + Z Z VFg,m’ (Xg',p’,'rn’,k’)

1
p’=0m’'=1k'= g'=1p'=0m’'
m—1 K—1 p—1 K—

- i VEym (x) = > Z Vg (X) = > > > VFym (x)
k'=0

=1k’=0
m’'=1k'= p'=0m’=1k'=0

g’'=1p'=0m’'=1k’'=0
k—1

< 200°k Y BV Eym (Xgpanr) = VEgm (%)
k'=0
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m—1 K—1
+ 20n*mK Z Z BV Fgm (Xg,p.m k) = VEgm (X) ||2
m’=1k'=0
p—1 M K-1
+20°pMK Y > S EIVEy i (Xgpramr i) — Vg (x) |2
p'=0m’'=1k'=0
g—1 P-1 M K-1

+207] gPMK Z Z Z Z EHVFg m’ Xg ,p’,m’ k’) VFg/,m’ (X) H2

g'=1p'=0m’'=1k'=

k—1 m—1 K—1
< 20L%0°k Z Ellxg,p,mk — x|* + 20L*n*mK Z Z Ellxg,p/m’ % — x|?
k'=0 m/=1k'=0

p—1 M K-1

+ 20L27]2pMK Z Z Z E ‘Xg,p/,m’,k/ — X”2

p'=0m’'=1k’=0
g—1P-1 M K-1

+20L°n*gPMEK Z > Elxg g w — x|

g'=1p'=0m’'=1k'=0

Bounding the third term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1
SB[ Y VEym (0)+ Y Z VEym (X)+ Y Z VFEFym (

k'=0 m/'=1k'= p'=0m'=1k'=

g—1 P-1 M K-1 k—1 m—1 K—1
ZZZZVFQGW =D VE )= Y Y VE(X)
g'=1p'=0m’/=1k'=0 k'=0 m’'=1k'=0

p—1 M g—1P-1 M K-1

PIPIL >3 vEy 2

p =
k—1

m—1 K—1
< 200’k Z E[|VFym (x) = VE, (X)H2 + 20" mK Z Z E||VFgm (x) = VFy (X)||2
k/

m/=1k’'=0

g’'=1p'=0m’'=1k’'=0

p—1 M

K-1
F20PPME S S ST BV Ey e (%) - T, ()]

p'=0m/=1k'=0
1 P-1 M K-1
+20n2gPMK ST S EIVEy e (%) — VEy (%)

¢'=1p'=0m/=1k'=0

Bounding the fourth term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1
SB[ Y VE, (x)+ > Z VFE(x)+ Y. > > VF,(x)
k'=0 m/=1k'= p'=0m’'=1k’=0
g—1P-1 M K-1 m—1 K—1
Y3 > D V(%) ZVF -3 N VR
g'=1p'=0m’'=1k’"=0 k’'=0 m’'=1k'=0
p—1 M K-1 g—1P-1 M K-1
—~ SN VF(x) - SN VR
p'=0m/=1k’=0 g'=1p'=0m’'=1k'=0
k—1 m—1 K—1
<200°k Y E[VF, (x) = VF (x)[* + 200*mK Y > E|VF, (x) - VF (x)||
k'=0 m’'=1k'=0
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p—1 M K-1

+20°pME Y Y Z E|[VF, (x) - VF (x|

p'=0m/=1k'=
-1P-1 M K-1

+20°gPMK Z > D Z E|[VFy (x) - VF (x)|

g'=1p'=0m'=1k'=

Bounding the fifth term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1 g—1P-1 M K-1
SPEDY  VE(x)+Y . Y VFE)+Y Y Y VEE+Y Y > Y VFE)F
k'=0 m/=1k'=0 p'=0m/=1k’=0 g'=1p'=0m’=1k’=0
k—1 p—1 m—1 K—-1
<200°k Y E|VF (x)[° +200°mK Y Y ZIEHVF Nk
k'=0 p'=0m’'=1k'=
p—1 M K-1 -1 P-1 M K-1
+20°pME > > Z]EHVF )12 + 20n? gPMKZ >y ZEHVF |2
p'=0m/=1k'= g'=1p'=0m'=1k'=

Substitute these terms into F,.,

k—1
E, <20p* <k02 +mKo® + pMKo® + gPMKo® + L’k Y E|lxgpmn — x|

g,p;m,k =0
m—-1 K-1 p—1 M K-1

L2mK Z Z EHXQ,p,m’,k}/ - X||2 + szMK Z Z Z EHXQ,pl,m’,k}’ — }(”2
m/=1k'=0 p'=0m/=1k'=0

g—1P-1 M K-1

+L2gPME Yy > Z E||%g' pr o = X|* + K Z E||V Fym(x) — VFy(x)||

g'=1p'=0m'=1k'=

m—1 K—1 k—1
+mK Y Y B VE i (x) = VE(X)|” +k Y E|VE,(x) - VF(x)|?
m/=1k’=0 k’=0
m—1 K—1 p—1 M K-1
+mK > S E|VF,(x) - VE®)|?+pMEK > > > E|VF,(x) - VF(x)|?
m/=1k’'=0 p'=0m/=1k'=0
-1 P-1 M K-1 k—1
+gPMK Z > EHVF VEX)|*+ kY E[VF(x)|?
g'=1p'=0m'=1k'= k=0
m—1 K—1 p—1 M K-1
+mK Y Y E|VF)|?+pME > > Y E|VF(x)|?
m/=1k'=0 p’'=0m’=1k'=0

g—1P-1 M K-1
+gpMKZZZZIE||VF ||2>

g'=1p'=0m/'=1k'=
< QOUQGPMK%Q + 20772GPM2K202 + 20°GP2M?*K?0? 4 200*G* P2 M*K? 5>
+2002GPMK3¢? + 20 GPM3K3¢? + 200°GPM K352
+ 202 GPM3K36% + 20n°GP3 M3 K362 4+ 20n°G3 P M3 K362
+ 200 GPMK3||VF (x)||? + 200°GPM3K3|VF (x)|? + 200°GP* M3 K3||VF (x)|>
+20° G PP MPK3||VF (x)||* + 20L2G* P> M2 K*n*E,

we have

1
Letc; = I—20L2G2P2M2K2n2°

E, <80c1n*G*P?*M?K?0? + 40c1n?GPM3K3(? 4 80c1n* G2 PP MP K362
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+80c1*GEP]MP K3 ||V (x)|?
After substituting F, into E[F (x("*1)) — F(x(")], we can obtain
E[F(x"tY) — F(x")]
< fnGPMK(% — 40P L2 G* P2 M2 K2)E[||[VF(x)|1?] + n”? LGPM K o2
+ 40e1 LA\GP?* M2 K?0% + 20c1m3 L*GP M3 K3(? + 40, L*G3 PP M2 K352,

Letco = %_4061172L2G2P2M2K2,then
R-1 0y _ p(x(R)
1 e (F(x) — F(x(R))
— SN E[|VE? < Lo? + 40 2I12GPMK o>
Rr:O [[IVE")|7] < WRGPME + canlo” + 40cycam o

+ 20c1con* LM K2¢? + 40cicon® L2 G? PP M2 K262

Let) =nGPMK,and 7} < we have

1OL’
Lﬁ02 L2 ~2 2 L27~72<2
E[|VF(z < L%7262
(IVEED)I < ~R+ GPME ~GPME T Gepr TH

2 1/2 2 A2 ,,2\1/3 2 A2,2\1/3

R VGPMKR (GPMKR2)'® (G2P2R2)'/3
(L2A252)1/3
(R2)1/3 )

where Z' is defined as a model uniformly sampled from the z(©), . .., z(5=1) of previous iterations,
and < hides universal constants.

E RANDOM-ORDER EXTENSION OF THEOREM 1

In the following, we consider the full participation setting under a random execution order. The
overall proof strategy parallels that of Theorem 1, and in particular shares the same auxiliary result
(Lemma 1).

The main difference between the fixed-order and random-order settings lies in the treatment of the
heterogeneity terms Y7, E||V F, ./ (x) — VF, (x)||* and sz_:ll E|VE, . (x) — VEF, (x)|2.
The distinction arises because under a random order, the expectation no longer scales with this prefix
length, since the execution position of each client is itself random. The constants differ significantly
due to the random-order execution, a random shuffle of the participating clients at the beginning of
each round. A comprehensive comparison of the resulting convergence rates under both fixed-order
(F) and random-shuffle (.S) settings is summarized in Table 5. As observed in the bounds, the ran-
dom shuffling mechanism actively mitigates the accumulation of topology-specific bias inherent in
sequential updates. Mathematically, this is reflected by the emergence of additional scaling factors,
G and M, in the denominators of the heterogeneity and variance terms for configurations involving
ring topologies. Because these error terms are further suppressed by G and M, the random-order
execution yields a strictly tighter convergence upper bound compared to the fixed-order setting,
demonstrating its superior robustness against data heterogeneity.

Since Lemma 1 remains applicable, the proof proceeds by first bounding the client drift under differ-
ent topologies, after which we derive the corresponding recursion. Notably, the per-round recursion
retains the same structural form as in Theorem 1. For completeness, we provide the full proof below.

E.1 RANDOM-ORDER EXTENSION OF THEOREM 1 FOR THE STAR-STAR CASE

For Star-Star,
M K-1

Xg,pmk — X = Z 8g.pm k' + Z E , Z 8g,p",m/ k' -

m’ 1k'=
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Table 5: Comparison between Fixed-Order and Random-Shuffle convergence bounds.

Topology Convergence rate

) LA (Lo? A)2 (L2A202)% (L2A202)% (L2A2(2)% (LzAzgz)%
Star- Star(F) + JCPMKR (PQKRZ)% + (PJWKRz)% + (P2R2)% + (RZ)%

: L (Lo®A)S | (L2A%02)% | (L2A%02)5 | (L2A2c2)5 | (L24%52)3
Star-Star(S) + JGPVKR o) + PMERDE + (P2R2)3 (R2)%

Star-Ring (F) | £4 + (Lo®A) 4 (L2A% 2)3 (L2A%CH)3 | (L2A%6%)3

VGPMKR ' (PKR?)S  (P:MR2)S (R?)%
Sarkng | %+ Jeiin * {risiant * st et
Ring Star (1) | %+ (E’EER T+ oy + (L (2
R

2 42 2.1 2 42,.2y4 2 (2c2\ 1
Ring-Ring(F) LA+ (Lo? A)2 + (L*A%c*)3 + (LAC)3%+(LA5)3

GPMKR ' (GPMKR?)3  (G2P2R?): (R2)3
o La (Lo A)% (L2A%02)5 (L2A2¢%)5 (L2A26%)3
Rlng Rlng(S) + VGPMKR (GPMKR2)% (GzpzMRz)% + ((;RZ)%

To bound E,., we first bound E||x, . m.x — x]|°.

EHXg,p,m k= X||2

M K-1
=1’E|| Z 8g.p,m.k + Z Z Z 8g.p’,m’ k’”
m/ 1k'=
M K-1 k—1
< 5K Z 8g.p.m k" + Z Z Z 8g.p',m' k" — Z VEym (Xg,p,m.k')
M = i k=0
M K-1
*Z ZZVFQW Xg,p’ m’k’)Hz
1 b
| M OE-l k—1
+5772]E||ZVFgm (Xg,pm.k') +Z M Z ZVFgm’ (Xg.p'.m7 k') ZVFg,m(X)
p= m/'=1k'=0 k=0
M K-1
- Z 2. 2 VEw @I
m’ 1k'=
k—1 | M K-l k—1
+5°El Y VEym (x) + Z i SN VEym (x)= Y VF, (x)
k=0 p'= m/'=1k'=0 K'=0
M K-1
-S> Sener
m/=1k'=
k—1 | M oK1 ol MOK-1
+50°El| Y VEF, (x +Z m >N VE(x) ZVF -y = i YD VEX)|?
k'=0 p'= m’=1k'=0 p'=0 m’=1k'=0
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k—1 M K-1
+50°E| Y VF (x) + Z > Z VF (x)|?,
k=0 m/'=1k'=

where we apply the Jensen’s Inequality for the first inequality. The term E||xg ,m , — x||? is de-
composed into 5 components (e.g., local SGD noise, intra-group drift, inter-group drift, and global
model discrepancy).

Bounding the first term in the left-hand inequality,

M K-1 k—1
5K Z 8g.p,m, k' T Z Z Z 8g.p",m’ k' Z VFgm (Xg,pmk’)
m’ 1k'= k’'=0
M K-1
- Z ) ZVFgm/ Xg.pr i) |
/ 1 k/
k—1
<1007 Y Ellgg pamtr — VEgm (Xg.pm i)
k'=0
M K-1
+ 10772 Z Z Z Ellgg,pm' k' = VFgm (Xg,prm k) H2
m/=1k'=

pK
< 10n%ko? + 109* ° o?

Bounding the second term in the left-hand inequality,

M K-1
1
5772]E|| Z VFgm Xg,p,m, k’ + Z M Zlk/z VFgm’ Xg,p m/k’)
_ 1 M OK-1
Y Vh Z 2 2 2 Ve (9P
k’'=0 p'= m/=1k’=0
k-1
< 10n°k Z EVFgm (Xgp.m.kr) = VEgm (x)[”
k'=0
p—1 M K-1
F0PPME Y 55 >0 D EIVEym (g r) = Vg () |
p’'=0 m/=1k'=0
k-1 Pl M OK-1
< 10L%0%k > Bl pmar — x|? + 101225 Z > D Ellxgprmn — x|
k'=0 '=0m’'=1k'=0
Bounding the third term in the left-hand inequality,
M K-1 p—1 M K-1
5172EHZ 2. 2 VEum e 2 2V
m'=1k'= p':O '=1k'=0
- k-1
+ Z VE,m Z VE, (%) [ < 100k Y B[V, m (x) = VF, (x)]?
— k'=0

The group objective function is defined as the aggregation of local functions, ie., F, =

M me 1 Fg,m’. Consequently, the summation of the deviations of local gradients from the group
gradient vanishes.
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Bounding the fourth term in the left-hand inequality,

k—1 M K-1 p—1 1 M K-
5n’El Y VE, (x +Z > ZVF ZVF ZMZ Z
k’=0 m/=1k'= =0 p'=0 m/=1k’=0
k—1 pfl M K-1
<109’k Y E[|VF, (x) = VF (x)|* + 109 oS Z > Y E|VE,(x) - VF (x|
k=0 p'=0m/=1k’'=0

Bounding the fifth term in the left-hand inequality,

k—1 M K-1
5°E| Y VF (x) + Z > Z VF (x)|?
k'=0 m’ 1k/'=
k—1 M K-1
<109°k Y E|[VF (x)|* + 107 pMKZ M2 > ZEIIVF )12
k’=0 m/'=1k'=

Substitute these terms into £,

k—1
K
E, <10p* <k02 + pﬁoj + Lk El[%gpma — x|

g,p,m,k k'=0

p—1 M K-1

LQpK > Z E||Xg o — X||2 + & Z ||V E, m ( F, (x)|?

p'=0m’'=1k'=
pl M K-1

kiEHVFg (0 - VEGOI+ 253 S S BIVE, (x) - VF ()

p' 0m/'=1k'=0

M K-1
kZEIIVF )2+ pMKZ 2 > Y EIVF(x ||2>

p'= m’=1k'=0

Letcy = we have

m’
E, < 1100’ GPMK?0? + ¢;100*GP?K?6?% + 1100’ GPM K3(?
4+ 110n*GPM K362 + ¢ 10 GP3 M K3 6>
+ 1 10P* GPMK3||VF (x)||* + c110n?°GP3* M K3|VF (x)|?
<10c17*GPMK?0% + 10c1*GP?* K202 + 10¢1?GPMK3(? + 20¢, 7 GP3 M K362
+20e;*GPPMK3||VF (x)|?
After substituting F,. into E[F(x("+1)) — F(x(")], we can obtain
E[F(x"1) = F(x(7)]

1 PK
< —nPK(; - 10e1? L2 P2 KA E[||VF (x™)||2] + nQLWUQ

, o P2K?2 , )
+5e° LPPK%0? + 5cln3L27M 02 +5e? LPPK3C% + 10¢1 2 L2 P3 K362,

_ 1
LetC2——%71061n2L2P2K2,then
k-1 0)y _ (R)
1 e (F(x) — F(x®))
= N E[IVE)? < L 5 ’[’Ko?
7 2 EIVF)I < RPE e ro® + e en Ko
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PK
+ 50102772L2ﬁ02 + 5c1con? L2 K2¢? 4+ 10c1 con* L? P2 K262,

Letn =nPK,and 5 < rL,we have
Lﬁa L2 ~2 2 L2 ~2 2 L2ﬁ2<2 99
El||VF(z L1776
IVE@E)IP S =% ~R GPMK ~ PPK T PMK T pz T
LA Lo2A)1/2 T2 A252)1/3 T2 A252)1/3
E[|VF(z®))2] = (9( L LA 7 (LA )1/3 (L°A%0") e
R VGPMKR (P2KR?) (PMKR?)
(L2A2<2)1/3 (L2A2(52)1/3
(P2R2)1/3 (R2)1/3 )

where Z' is defined as a model uniformly sampled from the z(¥), . . .,

xB=1) of previous iterations,
and < hides universal constants.

E.2 RANDOM-ORDER EXTENSION OF THEOREM 1 FOR THE STAR-RING CASE

For Star-Ring,

m—1 K—1 p—1 M K-1

Xg,p,m,k — X*Zggp,mk’ﬁLZZggpm/k’+zzzggp m! k' -

m/=1k'= p'=0m/=1 k=0
To bound E,., we first bound E||x ; m 1 — x|)?.
E[[xg.p.m.& — ]|
m—1 K—1 p—1 K—1
=El Zggpmk/+ 2. D Eapmw + D 5 2 Sagtmt il
m/=1k'= p=0m/=1 k=
m—1 K—1 p—1 M K-1

< 5K Z 8g.p,m k' + Z Z 8g,p,m’ k' T Z Z Z 8g,p" m' k' — Z VEgm (Xgp,m k')

m/'=1k'= p'=0m’=1 k=0

m—1 K—1 p—1 M K-1
- Z Z VEgm (Xg,pm k) = Z Z Z V Eym (Xg,p,m k) |12
m'=1k'=0 p’ 0m'=1k'=
k—1 m—1 K-1
+5772EH Z VF‘g m Xg,pm k' Z v‘Fg m Z Z vF‘g,m’ (Xg,p,m’,k’)
m—1 ka1 p—1 M Kofl e p—1 M K-1
=D D VEw ()Y D D Vi Kgraa) = D D D Vi ()|
m/=1k'=0 p'=0m/=1k'=0 p'=0m’'=1k'=0
k-1 m—1 K—1 p—1 M K-1 k—1
AE| D VEm ()+ DD VEm ()4 ) Y YV (x) = > VF, (%)
k’=0 m’=1k'=0 p'=0m’=1k'=0 k’=0
m—1 K—1 p—1 M K-1
Y Y vRw-3 3 YRl
m'=1k'= p'=0m/=1k'=0
k-1 m—1 K—1 p—1 M K-1
+50°El| Y VF, (x)+ VE(x)+ Y > VF, (x Z VF (x
k'=0 m'=1k'=0 p'=0m’'=1k'=0
m—1 K— p—1 M K-1
S OB ILTIEED 35 9 3Tl
/=1 k’=0 p'=0m’=1k’'=0
k-1 m—1 K—1 p-1 M K-1
+EPED VEE) + YD VFE)+ Y. Y Y VF )
k'=0 m’/=1k'=0 p'=0m'=1k'=0
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Bounding the first term in the left-hand inequality,

m—1 K—1 p—1 M K-1
2
57Kl E gg,p, Ny E E :gg,p,m k""E , E 8g,p",m’ k' E VFgm Xg,p,m,k')
m/'=1k'= p'=0m’=1 k=0
m—1 K—1 p—1 M K-1
2
- E: E:VFQWL' Xg,p,m k') E E, E VFgm/ Xg,p' k) |
m'=1k'= p'=0m’'=1k'=
k—1
2 2
< 157 E :EHgg,p,m,k’ = VFym (Xgp.mr)ll
k'=0
m—1 K—1
2 2
+ 157 § § Ellgg,p,m' k' — VEFgm (Xg,pm’ k) |l
m/=1k'=0

p—1 M K-1

+1507 )y Y ZEllggp et = Vgt (Xg.p0 o) |2

p'=0m/=1k'=
< 15n%ko? 4 159°mKo? + 159°pM K o

Bounding the second term in the left-hand inequality,

k—1 m—1 K—1
5772E||ZVFgm Xg,pm. k) ZVFgm Z ZVFgm/ (Xg,p,m’ k')
k'=0 m'=1k'=
m—1 K—1 leK71 p—1 M K-1
=D D VB )+ > Y VEw Keprmw) = D D > Ve ()2
m'=1k'=0 p’=0m’=1k'=0 p'=0m’=1k'=0
k—1
<150°k Y EVFym (Xgpmk) = VEgm (X))
k'=0
m—1 K—1
+15PmE > > BV Fynr (Kgupanr ) = V Ege (%) |2
m’/=1k'=0

p—1 M K-1

+15°pMEK Y > S EIVEym (Xgprmr i) — Vg (x) 12

p'=0m/=1k’=0

k—1 m—1 K—1
<I5L0°k Y Elxgpma — X[° + L2PmK > > Ellxgpmen — x|
k'=0 m’'=1k'=0

p—1 M K-1

+15L%°pM K Z Z Z El|xg,p m/ e — x||?

p’=0m’/=1k’=0

Bounding the third term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1 k—1
SPE Y VEm )+ D> Y VEm () > Y VEw(x) = Y VFy(x)
k’=0 m’=1k’=0 p'=0m’'=1k'=0 k'=0
m—1 K—1 p—1 M K-1
-2 2 VA > > VE )
m/=1k'= p'=0m’'=1k’=0
k—1 m—1 K—1
<10k Y E|VEym (x) = VE, ()| +150°K > > E[VFym (x) = VF, (x)|°
k’=0 m/=1k'=0
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p—1 M K-1

p'=0m'=1k'=

Compared to the fixed-order case, the second term of the above equation
152K Y7 SR BV EFy e (%) — VF, (x)]|? is missing a factor of m.

m’=1

Bounding the fourth term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1
50°E|| Z VF(x)+ > Z VE,()+ Y. > > VF(x)
k'= m/=1k'= p'=0m’=1k’=0
k—1 m—1 K—1 p—1 M K-1
—Y VEE) =YD VEE =YY DY VFE)|?
k=0 m/=1k'=0 p'=0m’=1k'=0
k—1 m—1 K—1
<159°k Y E||VF, (x) - VF (x)|> + 15*mK > Y E|VF, (x) - VF (x)|?
k’=0 m’=1k’'=0

p—1 M K-1

+152pME Y Y Z E|VF, (x) — VF (x)|

p'=0m'=1k'=

Bounding the fifth term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1
PE[Y VEX) + Y. Y VEX+ Y. DD VF ()|
k=0 m/=1k'=0 p'=0m/=1k'=0
k—1 p—1 m—1 K-1
<159°k Y E|VF (x)[° + 159°mK Y | Y E|VF (x)]|?
k'=0 p'=0m’'=1k’=0

p—1 M K-1

+15°pME > > E|VF (x)|?

p'=0m/=1k'=0

Substitute these terms into F,.,

k—1
E, <157° ) <k02 +mKo® + pMKo® + Lk > E||xgpmu — ||

g,p,m,k k'=0
m—1 K—1 p—1 M K-1
Bk 33 By~ MK Y D 3 Bl I
m/'=1k'= p'=0m’'=1k'=
k—1 m—1 K—1
+1 3 EIVEy () = VEIP + K 3 3 BIVEy () = VE (9
k'=0 m/'=1k'=
k—1 m—1 K—1
+k 3 BIVE() ~ VEIP +mK 3 3 EIVE () - VFG0I?
k'=0 m'=1k'=

p—1 M K-1

+pMK Y > N E|VE,(x) - VF(x)|?

p'=0m/=1k'=0

k—1 m—1 K—1 p—1 M K-1
+E> E|VFX)|>+mK > Z E|VF(x)|? +pMK >N E||VF(X)|2>
k’=0 m/'=1k'= p'=0m’'=1k’=0

< 15 GPMK?0? + 15772GPM2K202 + 150G P’ M?*K?0?
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+15n°GPMK3¢% + 150 GPM?K3¢? + 15n*GPM K352
+ 1572 GPMP K362 + 15n*GP3 M3 K36% 4 150°GPM K3|VF (x)||?
+ 15°GPM3K3|VF (x)||> + 150> P2 M2 K?||VF (x)||* + 15L? P> M? K**E,

Letc; = we have

1
T—IL2PZ M2 K202’
E, < 45¢1m?GP?*M?K?0? 4 301> GPM?*K3(? + 45¢1*GP3 M3 K352
+45¢*GPPMPK3||VF (x)|?
After substituting E,. into E[F(x("+1D) — F(x(")], we can obtain

E[F(x")) - F(x")]

45

1 PMK
< —nMPK(5 ~ ?cln2L2P2M2K2)E[HVF(X(T))|| |+ L—— e o?

4 4
+ —5c1773L2P2M2K202 + 15e1’ L2 PM2K3¢% + §c1n3L2P3M3K352.

Letco = %74—25c1n2L2P2M2K2 , then

F(x) _ p(x(® 1 45
ez (F(=%) ) + conL—o0® + —cicn’ L>PM Ko?

1 R—1
E[|VF(x™)
; IV = nRPMK G 2

45
+15¢1con’ LPM K22 + ?clcgn2L2P2M2K252.

Letﬁ:UPMK,andﬁSﬁ,wehave
A Lf]o- L2 ~2 2 L2ﬁ2<2
F(z® L2252
E[|VE@E™)IP] S 7= T apak T pak T pear T L

LA Lo2A)l/2 L2 A252)1/3 T2 A2¢2)1/3
E[HVF(.T?(R))HQ] — (9( ( g ) + ( g ) ( ¢ )

R VGPMKR (PMKR2)Y® (P2MR2)'/?
(L2 A2 52)1/3
where Z" is defined as a model uniformly sampled from the z(*, . .., (%=1 of previous iterations,

and < hides universal constants.

E.3 RANDOM-ORDER EXTENSION OF THEOREM 1 FOR THE RING-STAR CASE

For Ring-Star,

p—1 M K-1 g=1P-1 | M K-1
Xg,pmk — X = E :ggmmk + E E : 8g.p',m’ k!t E ,M E 8y’ .p',m’ k' -
= m=1 k=0 g’'=1p’'=0 m=1 k=0
2
To bound E,., we first bound E||x ,, m 1 — X||”.
2
]E||Xgpm k— X||
M K—1 g—1 P—1 M K-1
_ 2E 1 2
= || ggpmk’ + 8gp'm/ k' T+ i 8g'prm i ||
m=1 k=0 g'=1p'=0 m=1 k=0
M K-1 g=lP-l | M K-l
2
<5°E| E gg,p,mk + E E E 8g.p',m’ k" T M E , 8g',p",m’ k'
m=1 k=0 g’'=1p’'=0 m=1 k=0
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Bounding the first term in the left-hand inequality,
M K-1

— M
5772E|| Z 8g.p,m,k' T Z Z Z 8g.p’,m’ k' T Z % Z g’ .p',m’ k'

m=1 k=0 1p'=0 m=1 k=0
k—1 M K-1
_ZVFgm (Xg,p,m k") Z ZZVFQW (Xg,p',m k")
k'=0 m=1 k=0
g—1 P—1 1 M K-1
=22 37 22 2 Vv yramrae) |2
g'=1p'=0 m:l k=0
k—1
< 151° Z Ellgg,pm.kr = VFgm (xg,p,mk’)HQ
k'=0
M K-1
T 15772 Z Z Z Ellgg,pme ke = VEgm (Xgprm k1) H2
m’=1k'=0
gfl P—-1 1 M K-1
+ 15772 Z W Z ]E”gg/’p/’m/’k/ - VFg/fm/ (Xglap/vm/fkl) H2
g'=1p'=0 m=1 k=0
PK
< 15n%ko? + 1592 2P2 52 +15 29° 2 52
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Bounding the second term in the left-hand inequality,

M K-1

5n°E|| Z VEgm (Xg,p,m.kr) + Z Z Z VEg v (Xg,p v k)
h— m=1 k=0
g=1P-1 | M K-1 k-1
"‘Z MZ VFy m (Xg' 7 s kr) — VFym (%)
¢'=1p'=0"" m=1 k=0 k'=0
pol o M OK-1 gzl Pl | M K-1
- Yy (%) T2 D VEy ()|
p’=0 m=1 k=0 g’=1p'=0 m=1 k=0
k—1
= 15772k Z EHVFgﬂn (Xgmﬂn,k”) - VFgmz (X)H2
k'=0
M K-1
+ 159’ pM K Z Z Z BV EFgm (Xg,p0m k) = Vg (X) &
m/=1k'=
g—1 P—1 M K-1
+ 15°gPMK Z Z Z Z BV Fgm: (Xg.pr e k) = VEg s (X) &
g'=1p'= 0 m'=1k'=

k—1 leKl

<I5L2Pk Y Elxgpum e — x| 4+ 151770 Z > Z El[xg.prmr e = X*
k=0 p'=0m/=1k'=

) 2 -1 P— M K-1 - )
+ 15L*n Z Z Z Z E”Xg,p’,m’,k’ XH
'=1p’'=0m’=1k'=0

Bounding the third term in the left-hand inequality,

k—1 M K-1 g—1 P—1 1 M K-1
B> VEFym (x)+ Z S VEym (x)+ i SV (x)
k'=0 m=1 k=0

pfl K-1 g

k—1 1 M pl M
=D VE ) =Y > D VE(x) - 37 2 2 Vi ()|
k=0 p’'=0 m=1 k=0

k-1

< 1577k 3 BIV o (9 = VF, (1P
k/

M K-
p
+ 151° Z Z Z E[[VFym (x) — VF, (x)||?
P

529PKZZ§ZKZ E|[V Eyy e (x) — VEy ()|

g'=1p'=0m’'

Bounding the fourth term in the left-hand inequality,
k—1 p—1

g—1 P-1 M K-1
1
SPE| D> VF (x)+ > i YD VE(x)+ 7 > VFy (x)
k’=0 p'=0 m=1 k=0 g’'=1p'=0 m=1 k=0
k—1 p—1 1 M K-1 g—1 P-1 1 M K-1
~- ) VF(x)- MZ VF (x) — MZ VF (x)|?
k’'=0 p’=0 m=1 k=0 g'=1p'=0 m=1 k=0
k—1 pK p—1 M K-1
<150%k Y E|VE, (x) = VF (x)|* + 150" 52 > > D ElIVE, (x) - VF (x)[*
k'=0
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g-1P-1 M K-1
s PK

+ 1502 —— Z S>> Z E||VF, (x) — VF (x)|?

g'=1p'=0m’'=1k'=

Compared to the fixed- order case, the last term of the above equation
1592 B30 112 S S ECLE|VF, (x) — VF (x)||? is missing a factor of g.

Bounding the fifth term in the left-hand inequality,

k—1 1 M K-1 g—1 P—-1 1 M K-1
5’E| Y VF (x +ZMZZVF +ZZMZ VF (x)|?
k’=0 p'= m=1 k=0 g’=1p’'=0 m=1 k=0
k—1 p—1 1 M K-1
<159k Y E|VF (x)|* + 159°pM K Z a7 2 2 EIVE X))
k’=0 p'= m’=1k'=0
1 P-1 1 M K-1
+157°gPMK Z oz 2 D EIVF®)?
g'=1p'=0 m/=1k’=0

Substitute these terms into E,.,

K PK
E <157 Y <k0 +€\4 2+9702

g,p,m,k
k—1 1 M K-1
2 2 2PK IS 2
+ L2 D Elxg e = x|+ L2 D0 Y Z E||%g,pm b — |
k=0 p'=0m/=1k'=
g-1P-1 M K-1

PK
+L29 Z Z Z ZEHXQ;D m’,k’ _X||2+kZ]EHVFgm B (X)”2

g'=1p'=0m/=1k'=

k—1 p—1 M K-1
+h Y E[VE,(x) - VF(X)|? + Z M ZEHVF VE(x)|?
k'=0 p'=0m/=1k'=
g—1 P-1 M K-1 k—1
3 IEIIVF VE)|? +k > E|VF(x)|?
g’'= 1p’ Om’'=1k'= k'=0
M K-1 -1 P-1 M K-1
+pMKZ 5 ZEHVF ||2+gPMKZ Z > Z]EHVF |2>
m/=1k'= g'=1p’ 0 m/=1k'=

< 15n2GPMK202 + 15772GP2K202 + 150*G*P*K?¢?
+ 15°GPMK3¢? + 150> GPM K35 4+ 150°GP> M K352 + 1502 G? PP M K362
+ 152 GPMK3|VF (x)||> + 150?GP* M K3|VF (x)||? + 15n°G3 P M K3||VF (x)||?
+15L2G? P2 K*n°E,

Letcp = W, we have
E, < 15¢1?GPMK?0? 4 30c1n?G? P2 K202 4+ 15c1m*GPM K3¢? + 45¢1m* G PP M K352
+45¢*GEPPM K3V F (x)|?
After substituting E,. into E[F (x("+1) — F(x(")], we can obtain
E[F(x") = F(x)]
45

1
< —nGPK(z — —en?L*G? P2 K?)E[|VE(x")|?] + n*L

GPK
2779 7

M

45
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G*P?’K? 15
—00

45
3r2 302 3722 p31-352
5 ¢ n""L*GPK°("+ anG’PK5

15
+3c1n3L2GPK202+1501773L2

Letcy = %74725C1n21L2G2P2K2, then
R—-1 R)
1 e (F(x) — F(x(7)) 1 15
— RV E(xN2] < L2y 22 2712 52
7 2 EIVFI] < 22 el o + s UKo
GPK 15 45
+15clcgn2L2702+?clcgnzLQKQCQ—i—?clcgnzLQGPQKQ(SQ.

Let) = nGPK,and 7] < WL’ we have

A Lﬁ02 L2 ~2 2 L2 ~2 2 L2ﬁ2<~2 L2ﬁ252

+(R) <
RIUNZICRDIEPS ir T opvK T 2Pk TGPMK T eepr T G
LA Lo2A)1/2 [2A252)1/3 [2A252)1/3
Blvra®)) - oLt + Leal (LA, (WA
R VGPMKR (G*P2KR2)'® (GPMKR?)"

(L2A2C2)1/3 (L2A252)1/3
2 p2 p2)1/3 2)1/3
(G2P2R?) (GR?)

where Z' is defined as a model uniformly sampled from the z(©), . .., (=1 of previous iterations,
and < hides universal constants.

E.4 RANDOM-ORDER EXTENSION OF THEOREM 1 FOR THE RING-RING CASE

For Ring-Ring,

m—1 K—1 p—1 M K-1
Xg,p,m,k — X—§ 8g.p,m,k + § § ggpm’k’+ E § § 8g,p’,m’ k'
k’=0 m/=1k'= p'=0m’=1 k=0

M K-1

+§§zzamw

=1p/'=0m’=1 k=0
2
To bound E,., we first bound E||[x ; 1 — x|

Elf3g,p,m.k — X||2

m—1 K—1 p—1 M K-1
2
—77]E||§ ggpmk’+ § § ggpm’k""E E 8g.p’ ,m’ k'
m'=1k'= p'=0m’=1 k=0

g—1P-1 M K-1

22 DD srwawl’

g’'=1 p’*O m’=1 k=0

m—1 K—1 p—1 M K-1
2
<5 °E| § 8g,p,m,k T+ E E gg,p,m K+ E , E E , 8g,p",m’ k'
k'=0 m'=1k'= p'=0m/=1 k=0
g-1P-1 M K-1 k—1 m—1 K—1
+ Z 8y'.p',m’ k" — Z VEygm (Xg,p,m,kr) — Z Z VEFgm (Xg,p,m’ k)
g'=1p'=0m/=1 k=0 k'=0 m'=1k'=0
p—1 M K-1 g-1P-1 M K-1
2
- E : VEgm (Xg,p m k) — VEym (X prmr k) |
p'=0m/=1k'=0 g'=1p'=0m'=1k'=0
k—1 m—1 K—1
2
+57°E|| E VFgm(Xgpmk’)+ E E :VFgﬂn’ (Xg,p,m ")
k= m'=1k'=0
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p—1 M K-1 g-1P-1 M K-1
JFZZZVFQM(Xg,pHmZk)JF ZZ VFgm (Xg p,m k)
p'=0m’'=1k'=0 g'=1p'=0m’'=1k’"=0
k—1 m—1 K—1 p—1 M K-1
=) VFym(x)— VE, m (X) — VE, m (%)
k'=0 m’'=1k’'=0 p'=0m’=1k'=0
g-1P-1 M K-1
535 3D 3 BRLIINIC
g'=1p'=0m’/=1k'=0
k—1 m—1 K—1 p—1 M K-1
+57°E|| Z VEgm (x)+ VEgm (x)+ Z VFgm (x)
k'=0 m/=1k'=0 p'=0m/=1k'=0
g-1P-1 M K-1 k—1 m—1 K—1
+ SN VEym (x) =D VE,(x)— VF, (x)
g'=1p'=0m’'=1k’'=0 k’=0 m’'=1k'=0
p—1 M K-1 g-1P-1 M K-1
= IDIDSAZACED D DB D DR
p’=0m’'=1k’=0 g'=1p'=0m’=1k’=0
k—1 m—1 K—1 p—1 M K-1
+50%E| Y VF, (x) + VFE(x)+ Y. > > VF,(x)
k'=0 m'=1k'=0 p’=0m/=1k'=0
g-1P-1 M K-1 k—1 m—1 K—1
+ YN VE (x)= > VF(x)— VF (x)
g'=1p'=0m’'=1k'=0 k'=0 m/=1k'=0
p—1 K-1 g-1P-1 M K-1

|
NE
4
e
%
|
HM
4
=
%

3
I
[en}
3\
I
I
x
I
o

g
k—1 m—1 K

M
PR CVF )+ D VFE)+Y > > VF(x)+ > VFE)?

k’=0 m/=1k'=0 p'=0m/=1k’=0 g'=1p'=0m’=1k'=0

Bounding the first term in the left-hand inequality,

m—1 K—1 p—1 M K-1
2
577E||Zggpmk+zZggprnk+zzzggp m’ k'’
=0 m’=1k’'=0 p'=0m’=1 k=0
K-1 k—1 m—

M 1 K-1

+ D D 8wk = D VEym (g i) ZZ ot (g 1)
m! = m’=1
K—

1 k=0 k'=0
1 g—1 P— K-1

M
- Z VEFgm (Xg,pm kr) — VEgm Xgpmk)||2
1=1k'=0 g'=1 1k'=0

H
g

x

'=0m'

3

< 20772 Ellgg.pmer — VEgm (Xg,p,m,k) ?

=0
m—1 K—1
+ 2077 Z Z EHggl’m k= VEFgm (Xgmm’,k’) H2

M K-

+ 207 Z N7 S Eligg i — Vg (g anr i) |2
77L=
P-1

,_n

1k'=0
K-1

M
Z Ellgg prm' ke — VFgms (Xg/,ptm ) 12
1p'=0m’'=1k'=0
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< 20n%ko? 4+ 20n°*mKo? + 20n°pM Ko? 4 20n°gPM K o>

Bounding the second term in the left-hand inequality,

k—1 m—1 K—1
5772EH Z Vng m Xgpmk/ Z Z VFg m’ Xgpm’ k’)
, =1
pkloMKl o g-1P-1 M K-1
+ZZZVFgm Xgpmk""zzz VFym (X pm’ k)
p'=0m’'=1k'= g'=1p'=0m’'=1k'=0
- m—1 K—1 p—1 M K-1
- Z VEym (x) = > > VEym (x)= > > VE, m (x
k=0 m/=1k'=0 p'=0m’=1k'=0
g-1P-1 M K-1
SIDIDD ZVFg mr ()
g'=1p'=0m/=1k'=
k—1
<200k > E|VEym (Xgpmi) = VEym (%)
o m—1 K—1
+200°mK Z Z BNV Eym (Xgpm ) = VEgm (X) ||2
m’=1k’=0

p—1 M K-1
+20°pME > > > E|VFy (X pr k) — VEg s (%) ||
p'=0m’'=1k'=0
g—1 P-1 M K-1

+20°gPMK YY"y Z BV Ey ot (Xg ) — VEgr s (%) |2

g'=1p'=0m'=1k'=

k—1 m—1 K—1
< 20L%n%k Z E||%g.p.mx — X||* + 20L2n*mK Z Z E||%Xg p s g — x||?
k=0 m'=1k'=0

p—1 M K-1

+20L%PpME Y Y ZEngp e — x|
1k'=

p'=0m'=
g—1P-1 M K-1

+20L%°gPMK Z S>3 Z E||xg'pt,mr e = %[

¢=1p'=0m'=1k'=

Bounding the third term in the left-hand inequality,
k—1 m—1 K—1 p-1 K-1

M
SR Y VEym (X)+ > > Vo (x)+ > > VE,

k=0 m/=1k'=0 p'=0m'=1k'=0
1 M K-1 K—

P— k—1 -1
> VEy m (x) = Y VFy(x) - Z VF, (x)

p'=0m/=1k’=0 k’=0 m’=1k'=0
1

POBILZINED 3 9 b S AN

[

5>
g

k—1 m—1 K—1
<200°k Y El|VEym (x) = VF (X[ +200°K > Y EVFy . (x) — VF, (x)|
k'=0 m’/=1k’'=0

M K-1

p—1
+20°pMK Y > S E|VEy (%) — VF, (x)]°

p'=0m’/=1k’=0
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g—1P-1 M K-1

+20n%gPME > ST S Z E|[VEy m (%) = VEy ()]

g'=1p'=0m/=1k'=

Compared to the fixed-order case, the second term of the above equation
2002 K 3 SR A BV Ey e (x) — VF, (x)]? is missing a factor of m.

Bounding the fourth term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1
5772E||ZVF9(X)+Z ZVFQ(X)+ZZ VF (x)
k=0 m’/=1k'=0 p'=0m’'=1k'=0
g—1 P-1 M K-1 k—1 m—1 K—1
+ YD VE(x)= Y VF(x) - VF (x)
g'=1p'=0m’'=1k'=0 k'=0 m’/=1k’'=0
p—1 M K-1 g—1P-1 M K-1
- YD VF(x) - > VF (x)|?
p'=0m’=1k'=0 g’'=1p'=0m/=1k'=0
—1 m—1 K—1
< 20m%k Z E||VF, (x) = VF (x)|* + 200*mK > > E|VF, (x) - VF (x)|?
k'=0 m’=1k’'=0

p—1 M K-1

+20°pMK Y Y > E[|VE, (x) - VF (x)|
p'=0m/=1k’=0
g—1P-1 M K-1

FPPME S Y, Y S EIVEy (9 - VF (P

g'=1p'=0m'=1k'=

Compared to the ﬁxed order case the last term of the above equation
20772gPMK2z,_:11 o SR E|VF, (x) — VF(x)|]> is missing a factor of
g.

Bounding the fifth term in the left-hand inequality,

k—1 m—1 K—1 p—1 M K-1 g—1P-1 M K-1
SPE|Y O VFEx)+Y . D VFE)+Y > > VF(x)+ > VF )P
k'=0 m/=1k'=0 p'=0m/=1k'=0 g'=1p'=0m’=1k’=0
k—1 p—1 m—1 K—-1
<200°k Y E|VF (x)[* +200°mK Y Y ZIEHVF )2
k’=0 p'=0m’'=1k'=
p—1 M K-1 g—1P-1 M K-1
+20°pME > > Z]EHVF Z +200°gPMEK > > > ZEHVF )2
p'=0m/=1k'= g'=1p'=0m'=1k'=

Substitute these terms into E,.,

k—1
E, <2012 ko? + mKo? +pMKo? + gPMKo? + L’k > E||xgpmi — x|
L g,p,m,

g,p,m,k k'=0
m—1 K—1 p—1 M K-1
L*mK Z ZEHXgpm’ k/_x||2+L2PMKZ Z ZEHXQP m’ k" — x|?
m/=1k/= p'=0m’/=1k/=
g—1P-1 M K-1
+L2gPMEK Y " Y 3 N Elxg w«—x||2+kZE||VFgm Fy(x)|
g'=1p'=0m’'=1k'=0
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m—1 K—1 k—1
+K Y Y EVE,uw(x) = VE&)|* +mk ) E|VE,(x) - VF(x)|
m/=1k'=0 k'=0
m—1 K—1 p—1 M K-1
+K Y S E|IVEx) - VE®? +pME S S ST E|VE,(x) - VE(x)|?
m’=1k’=0 p'=0m’=1k’=0
-1P-1 M K-1 k—1
+gPMKZ >3 M E|VFy(x) - VEX)|> + kY E[VF(x)|?
g'=1p'=0m’'=1k’=0 k’=0
m—1 K—1 p—1 M K-1
+mK Yy Z E|VF&)|* +pMK > Y Z E||VE(x)|?
m/=1k'= p'=0m'=1k'=

+pMK Zl le i KZlIEHVF ||2>

g'=1p'=0m'=1k'=
< 20n’GPMK?0* + 20772GPM2K202 + 20*°GP2M?*K?0® 4 200°*G* P M*K? 5>
+20n2GPMK3C? + 200 GPM? K3 4+ 200°GPM K352
+20°GPM3K36% + 20n°GP3 M3 K362 4+ 20n°G* P2 M3 K35?
+ 200 GPMK?|VF (x)||* + 200 GPM?K3||VF (x)||* + 200 GP* M3 K?||VF (%)
+20°GP PP MPK3||VF (x)||* + 20L2G? P> M? K*n*E,

Letc; = we have

1—20L2G2}’2M2K2n2’
E, <80c1m*G?*P>M?K?0?% 4 40c;n? GPM? K3(? + 80c1m*G* PP M3 K35°
+ 80c1n*GEPEMP K3 || VF (x)||?
After substituting F,. into E[F(x("+1)) — F(x(")], we can obtain
E[F(x"HY) — F(x1)]
< fnGPMK(% — 40P L2 G* PP M2 K2)E[||[VF(x)|1?] + n”? LGPM K o’
+40e1 LA\GP?* M2 K?0% + 20c1m3 L*GPM? K3¢? + 40c,n® L*G* P3 M2 K352,

1
1—40c1n2L2G? P2 M?K?’

Letco = then

R— (F(x(o)) _ F(x<R)))
§ [[IVF(x Lo? + 40 21°GPMKo?
2 [l ||] RGP + conLo”® + 40cican o

+20¢1con* LM K2C% + 40c1con? LA*GP2 M2 K262

Letn =nGPMK,and ) < we have

10L’
LT~]O' N L2 ~2 2 N L27~72<2 N L27~7252
~ ~R GPMK GPMK G2P2M G

E[|VF@E™)?)

2 4V1/2 2 42 _2\1/3 2 42,2\1/3
sIvrEm) = o2+ Lo, LA (DA
R VGPMKR (GPMKR2)Y? = (G2P2MR2)'/?
(L2A252)1/3
(GR2)'/3 )
where Z" is defined as a model uniformly sampled from the z(*), . .., z(f=1) of previous iterations,

and < hides universal constants.
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F PROOF OF THEOREM 2

In the following proof, we consider the partial client participation setting, specifically, selecting
partial clients without replacement. So we assume that 71 = {w1(1),71(2),...,71(G)} is a per-
mutation of {1,2,...,G}, 72 = {n2(1),72(2),...,72(M)} is a permutation of {1,2,..., M} in
a certain training round. And only the first Sz selected clients 72 = {72(1),72(2),...,72(S2)}
within the first Sy selected groups {71(1), 71(2),...,w1(S1)} will participate in this round. Unless
otherwise stated, we use E[] to represent the expectation with respect to both types of randomness
(i.e., sampling data samples £ and sampling clients 7).

F.1 FIND THE PER-ROUND RECURSION

Lemma 2. Let Assumptions 1, 2 hold. If the learning rate satisfies < then

1
5LC()S1$2PK’

E [F(x(““l)) - F(x(r))}
1
< —1cgS15,PK (2 — ;nLcoslssz> E[||VF(x")|?

+ gnQLc()?slssza? + gnQLCOQ&P?SQ?K?g? + gnZLc02512P252K252

S1 P—-1 S K-1

L2 DS S OST R, o -xT))

s1=1p=0s2=1k=0

where cg is a topology-dependent coefficient that takes values of 1/(5152), 1/51, 1/Sa, and 1 for
the Star-Star, Star-Ring, Ring-Star, and Ring-Ring topologies, respectively.

Proof.
E[F(x + Ax) ~ F(x)] < E[(VF(x), Ax)] + 3 LE[|Ax]?].

The model updates within a single global round for the four topologies can be represented by a
unified format,

S1 P-1 Sy K-1

Ax®) = x Y = x() = ey Z Z Z Z gfrrl)<s1),pm(s2>,k'

s1=1 p=0 sa=1 k=0

After substituting the overall updates Ax, we can get

E {<VF(X(T)), AX(T)>}

[ S1 P—1 S» K-1
- <VF(X(T))’_UCO gm<51>7p,m<52),k>]
L s1=1 p=0 sa=1 k=0
M S, P—1 Sy K-—1
=FE <VF(X(7.))7 —1co VFﬂl(sl),ﬂ2(52)(xgj)’p’s2vk)>]
s1=1 p=0 s2=1 k=0
[ S1 P-1 Sy K-1
=K <VF(X(T)), —71)Co (VF"Tl(sl)’”?(s?)(Xiz),p,sz,k) _ VF(X(T))> >‘|
L s1=1 p=0 sa=1 k=0
Sl P—-1 S2 K-1

+E

<VF (x"), =neo vF(Xm)>

NP+ neoS19: PKE KVF(X(T)),

Si1 P-1 S2 K-1
Co Z Z Z Z (VFﬂ1(51)7ﬂ2(52)(Xg),p,SQ,k) - VFm(sl)-,ﬂz(52)(X(T))) >1

s1=1 p=0 sa=1 k=0

0

w
Il
-
N3
Il
o
o
N
I
—_
Bl
Il

—

= —’r]C()SlSQPKEmVF(X
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1
< —nco$15: PKE[|[VF(x") ] + 5160512 PKE[|VF (<) ]

S1 P-1 Sy K-1

Co Z Z Z Z (vFﬂ'l (s1),p,m2(s2),k ( gl)p S2, k)

s1=1 p=0 s2=1 k=0

2
_vFﬂl(51)1P,7f2(52)»k(x(r))) H :|

1
- —§ncoSngPK]E[HVF(x(T))||2]

S1
2>

s1=1p=0s2=

+ UCOSlsQPKE

2
(VFW1 (s1),m2(s2) (Xg:),p,smk) — VI, (s1)ﬂr2(sz)(x(r))>

]

1 P—-1 Sy K-1
+ 277005152PKE
1k=

0

_ x(m
slp52k X

1
< eSS PRE[[VEO) ]+ gnl’eo 30 S

S, P-1 Sy K-1
E“
s1=1 p=0 sa=1 k=0

For the remaining term, we have

1
L LB|Ax|)
) S P—1 S K-1 " 2
= §LE ¢ Z Z 871 (s1),pyma(s2),k
s1=1 p=0 s2=1 k=0
5 S1 P-1 S K-1 ") ( ) 2
2 T
< 577 LE |||co Z Z (gm(sl)’pm(@) b VFm(‘n) 7r2(92)( s1 P,sz,k))
s1=1 p=0 sa2=1 k=0
Sy K-—1 2
+ *LE <o Z Z ( Fry(s0)m(52) (Ko puss ) = VFm(sl),m(sg(X(”))
s1=1 p=0 sa2=1 k=0
- 2_

" gnQLE CO Z Z kg (VF‘ITI (31)77"2(82)()((”) - VFW1(81)77T2(32)(X(T))>
[ 2
+ gnzLE o Z Z Z (VF‘H'] (31),772(82)(X(T)) — VF(X(T)))
k=0

i 2

+ gnzL]E o Z Z ’ VF(x™)

5
S 5772LC()25132PK0'2

S1 P-1 K—-1

Sa
LcoSiS2PK 3 3 30 3 Bl o =%l

s1=1 p=0 sa=1 k=0
+ gn2L002S1P2522K2C2
+ gn2L602512P252K252
5
+ ontLeot$128y* PUCE][VF(x)| .

1
Let n S W, we have

E [F(x"+) - F(x)]

E[(VF(x"),ax)] + %L]E[HAX(")HQ]
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1 5
= —1coS15,PK (2 - QnLcoSngPK> E[||VF(x")|?]

5 5 5
+ §TI2L6025152PK0'2 + 5772L00251P2522K2<2 + 5772L002512P2S2K2(52

S P-1 S K-1

intes (34 5SS ) 32375 Y B I

s1=1p=0s2=1k=0
5
< mm%&PK<—an%&PK>EmVkaNW
5
+ 5772Lc025152131r<a2 + 5172Lc025113%92211(242 + 5nQLcOQsl21325'21r(252
Sl P—-1 S2 K-1

L2 SN ST ST EIX, L - x)):

s1=1p=0s2=1Ek=0

F.2 PROOF OF THEOREM 2 FOR THE STAR-STAR CASE

For Star-Star,

(r) p—1 Sy K-—1
Xsivpvsi’-rk x) = =1 Z 8ri(s1),p,ma(s2),k’ — Z Z Z 81 (s1),p’,m2(sh), k-
k= sh=1k'=
We first bound ]E[Hx(;;)p ook — x(™|2).
(r) «<()
EllI%, p,a,k 1%
2
Sy K-—1
=E||n Z 81 (s1),p,ma(s2),k" 111 Z Z Z Bri(s1),p',ma(sh),k
sh=1k'=
k—1 2
<10/°E Z (gm (s1)pma(s2). b = VEry (1) ma(50) (X gi)p/,sz,k/)>
=0
[ 2
p—1 1 S K-—1 o
* 10772E Ss Z (gm(ﬁ),p’,m(si‘,),]y o VFF1(81),7F2(5§)(Xshp’,s/z,k/))
p'=0 "2 sh=1k'=0
M k-1 2
+ 10772E Z (VFﬂ'l(Sl 7T2(52)( s1,p’,82 k/) - VFﬂ'l S1) 71-2(52)( (7)))
k’=0
[ 2
p—1 1 S K-—1
T 10772E S, (VFﬂl(Sl),Tm(Sz)( S1,p ,527k') VFﬂ'l(Sl),Trz(sz)( ( ))>
p’=0 2 sh=1k'=0
[ k=1 2
+ 10772E Z (VFﬂl(Sl 7T2(52)<X( ) VFn-l sl)( )))
L k’=0
[ 2
p—1 S K-—1
? 1 (r )
+ 1077 E ? (vFﬂ'l(Sl) 7r2(52)( ) VF7"1(S1)( ))
p'=0"? sh,=1k'=0
M k-1 2
F107°E | |37 (TFy o (x7) = VF())
k’'=0
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[ p—1 1 s K—1 2
+107°E < (VFm(sl)(x(T)) - VF(X(T))>
p'=0 "2 s)=1k'=0
(1) k=1 2
+107°E ||| > VF(x™)
L k'=0
B 2
p—1 1 Sy K-—1
2 = (r)
+107°E ZSZZVF(X )
p'=0 sh=1k'=0
< 10n%ko? + 10772pr02
Sa
k—1 —1 So k—1
1007k Y LE[|x, ., o — % P)107 pKZ 3 > DEl e = x7IF)
k'=0 s L=1k'=

1
+ 10n2k2<~2 + 10U2P2§K2<2
2
+ 10%E%6% + 10n*p* K252
+ 109 K*E[| VF(x")|°] + 10*p* KB VF (") ||?].

K—
zm&www
k=0

Sl P—-1 SQ K-1
< 101281 PS2 K20 10028 P20 +20 L2 PP K2 Y NS TS TR, L —x M)
s1=1p=0s2=1k=0
+ 107281 PS>, K3¢% + 100281 PP K3¢% + 20028, P3 S, K362
+ 20028, P2 S, K3E[|VF(x))?].

_ 1
Letc1 = 155p 2P

Si1 P-1 S2 K-1
SNSRI, - x))
s1=1 p=0 sa=1 k=0
< 10¢1m2S1 PSo K202 4+ 10¢11* S, P2 K202
+10c172S1 PS2 K3¢% + 10612 S1 P3P K3¢% + 20¢11? S, P2 S, K362
+ 201781 P2 S, KPE[|| VF (™) |?]

E {F(x““)) - F(x(’“))}

11
—nPK (2 - nLPK — 20c1n2L2P2K2> E[|VFx™)|?]

5 2 1 1 2 3712 2 _2 312 p2 1 2 2
—|—f L—P—Ko°+10c1n°L*PK“0° + 10cin°L°*P*—K~“0o

51 SQ 52

5 1

+ 5n?LP?S—KQ(2 +10c1° L*PK3¢? + 10c1773L2P3S—K3§2
2

5

+3 2LS P2K?62 4+ 20c1m° L2 P2 K362
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F.3 PROOF OF THEOREM 2 FOR THE STAR-RING CASE
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where Z" is defined as a model uniformly sampled from the z(©), . .., (=1 of previous iterations,
and < hides universal constants.

F.4 PROOF OF THEOREM 2 FOR THE RING-STAR CASE

For Ring-Star,
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where Z' is defined as a model uniformly sampled from the z(©), . .., (=1 of previous iterations,
and < hides universal constants.
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F.5 PROOF OF THEOREM 2 FOR THE RING-RING CASE
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where Z" is defined as a model uniformly sampled from the z(¥), . .., (=1 of previous iterations,
and < hides universal constants.
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