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Abstract

Recently, adaptive federated optimization methods, such as FedAdam and FedAMS-
Grad, have gained increasing attention for their fast convergence and stable perfor-
mance, especially in training models with heavy-tail stochastic gradient distribu-
tions. However, these adaptive federated methods suffer from the dilemma of local
steps, i.e., the convergence rate gets worse as the number of local steps increases in
partial participation settings, making it challenging to further improve the efficiency
of adaptive federated optimization. In this paper, we propose a novel method to
accelerate adaptive federated optimization with local gossip communications when
data is heterogeneous. Particularly, we aim to lower the impact of data dissimilarity
by gathering clients into disjoint clusters inside which they are connected with
local client-to-client links and are able to conduct local gossip communications.
We show that our proposed algorithm achieves a faster convergence rate as the
local steps increase thus solving the dilemma of local steps. Specifically, our
solution improves the convergence rate from O(y/7/vT M) in FedAMSGrad to

O(1/v/T7M) in partial participation scenarios for nonconvex stochastic setting.
Extensive experiments and ablation studies demonstrate the effectiveness and broad
applicability of our proposed method.

1 Introduction

Federated Learning [22), 29]] has become a crucial large-scale machine learning paradigm where
multiple clients jointly train a machine learning model coordinated by a central server. Unlike
traditional centralized training, where data is stored in a single central server, in federated learning,
training data are stored on each client and only the local trained models are iteratively exchanged and
synchronized to the central server. FedAvg [29] (also known as Local SGD [33]]) has become one of
the most popular federated optimization methods, where each client locally performs multiple steps of
SGD updates then aggregates together for the global model update. Aside from the advantage of data
privacy protection, the design of multiple local update steps also intends to reduce the communication
between the server and clients. Compared with distributed learning [29, [33]] where each local update
step is followed by server aggregation, federated learning can further reduce the communication
rounds. Recently, as the booming interests in training large-scale models such as BERT [8], GPT-3
[3]] and ViT[9], adaptive federated optimization methods such as FedAdam [30], FedAGM [36] and
FedAMS [41] has also been proposed and attracted a lot of attention. Specifically, adaptive federated
optimization retains the multiple steps of SGD update on local clients but changes the global update of
FedAvg from one-step SGD to one-step adaptive gradient methods update. By introducing adaptivity
into federated learning, it achieves fast convergence, especially for heavy-tail stochastic gradient
noise distributions.
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While various adaptive federated optimization algorithms have been proposed, there still exist several
key bottlenecks in applying adaptive federated optimization in practice, such as (1) large client-to-
server communication overhead due to the limited bandwidth and repetitive transmission between
the server and clients; (2) intense sensitivity on data heterogeneity since nonidentical data distribution
on different clients introduce extra variance between clients and slow down the training process of
federated learning. What’s even worse, these two objectives may conflict with each other: while
increasing the number of local training steps and using partial participation strategies can certainly
save the communication costs between the server and clients, it has been shown that the variance
overhead term grows as the number of local steps increases in partial participation settings, which
leads to worse convergence rate in adaptive federated optimization [30, 41]]. Such worse convergence
result is largely due to data heterogeneity, as in the i.i.d setting, the increasing of local steps can
indeed lead to a better convergence rate. In this work, we refer this problem as the dilemma of local
steps. Similar issues have also been shown in FedAvg that a larger number of local SGD steps may
cause over-fitting on local clients, also known as client-drift, which slows down the convergence or
leads to an unstable result [19]]. This motivates us to study the following question:

Can we resolve the dilemma of local steps for adaptive federated optimizations? i.e., achieving a
faster convergence rate as the number of local steps increases under the non-i.i.d. setting?

Note that previous studies have shown that traditional variance reduction techniques [[L7,110] can help
reduce the client-drift and improve the convergence rate in FedAvg by additionally computing and
communicating a control variate or a full-batch gradient [[18| [19]]. However, it still remains an open
problem how to apply such variance reduction techniques to adaptive federated optimization as it
requires precise characterization of each local SGD iteration, which is incompatible with adaptive
federated optimization, whose current analysis can only give the characterization of cumulative
gradient estimators between two communication rounds. Therefore, we take a different route here to
solve the dilemma of local steps in adaptive federated optimization: since the core idea of variance
reduction is to lower the impact of data dissimilarity between clients, we could obtain a similar effect
by enabling the local client-to-client communications similar to gossip averaging in decentralized
training [2} 26} [25] for reducing the dissimilarity variance between clients. Specifically, in this
paper, we propose a novel hybrid adaptive federated optimization method, HA-Fed, which benefits
from both adaptive federated optimization [30} 136, 41]] and techniques in decentralized training
[26, 21} 25]]. HA-Fed is structured by partitioning a global network into disjoint network clusters,
where clients in the same cluster are connected via locally gossip communication links. These locally
communications are fast and frequent, which incurs neglectable extra communication overhead
compared with client-to-server communication links.

Our contributions can be summarized as follows:

1. We propose a new hybrid adaptive federated optimization method, HA-Fed, which benefits
from the frequently local gossip communications to resolve the dilemma of local steps in
adaptive federated optimization methods. i.e., achieves faster convergence rate as the local
steps increases.

2. We show the theoretical convergence improvements for our proposed HA-Fed in the stochastic
nonconvex optimization settings. Specifically, we prove that HA-Fed achieves a faster
convergence rate than FedAMSGradE]on the non-dominant term in full participation scenarios.
Moreover, we show that in the more practical partial participation setting, HA-Fed improves
the convergence rate (dominant term) from O(v/7/vTM) to O(1/vVTTM) w.rt. global
communication rounds 7', local update steps 7 and the number of participation clients M.

3. Extensive experiments are conducted on several benchmarks dataset and show that our pro-
posed HA-Fed effectively saves the client-to-server communication overhead while achieving
faster convergence with heterogeneous data. Extensive ablation studies also show the broad
applicability of our proposed method.

Notation: We consider column vectors throughout this paper except special explanations. For
x,y € R?, denote /X, x2, x/y as the element-wise square root, square, and division of the vectors.
For vector x and matrix A, || - || abbreviates the £5 norm of the vector and Frobenius norm of the

The convergence rate of Fed AMSGrad is obtained from the convergence analysis for Fed AMS [41]], where
FedAMSGrad gets a similar convergence to FedAMS. FedAMSGrad is also included in [36].



matrix, i.e., ||x|| = ||x||2 and || A|| = ||A||F, and || A||2 denotes the spectral norm of matrix A. We
denote 1 as vector with all elements equal to 1 with appropriate dimension, and I as the identity
matrix with appropriate dimension.

2 Related Work

Federated learning: Federated learning [22] has attracted growing interest recently due to the demand
for training models locally at edge devices and the requirements of privacy protection. Federated
optimization methods such as SGD-based optimization algorithm, FedAvg [29]], also known as Local
SGD [33]], have been widely used in federated learning. Aside from FedAvg, since adaptive gradient
methods such as Adam [20] and its variant AMSGrad [31]] overcame the sensitivity to parameters and
slow to convergence issue of SGD, adaptive federated optimizations such as FedAdam[30], FedAGM
[36] and FedAMS [41] studied the corresponding adaptive optimization algorithms in federated
learning. Moreover, several works [14}[11}|19}[24} 43| addressed and focused on the data heterogeneity
issues of federated learning, where [[19] proposed a federated learning variance reduction method that
overcomes the data heterogeneity, but it requires extra communication costs for variance reduction
operations. [12] considered heterogeneous communications for modern communication networks
that improve communication efficiency. Hierarchical federated learning algorithms [27, 1} 4] are
developed by aggregating client models to edge servers first before synchronizing them to the central
Server.

Decentralized learning and other frameworks: Decentralized learning is a large-scale machine
learning paradigm without a central server. It has been firstly studied from gossip averaging techniques
[38}2]]. Decentralized (gossip) SGD algorithms [26} 25} 12 34]] are then proposed that consider client-
to-client communications after each step of SGD update on the client. [28] proved a tight lower
bound for decentralized training under the nonconvex setting. [35] proposes a leader-distributed SGD
algorithm that pulls workers to the currently best-performing model among all models, which also
utilizes inexpensive gossip communication. Moreover, recent studies generalized various distributed
SGD algorithms under unified frameworks [39, 21]], where [39] included reducing communication
costs and decentralized training in i.i.d. settings, and [21] studied a general network topology-
changing gossip SGD methods that summarize several algorithms in distributed and federated
learning.

Communication-efficient federated learning: In terms of reducing the communication overhead
in federated learning, one of the common approaches is to save the communication bits when
synchronizing, such as the compressed and quantized FedAvg-based methods [32, (16,15} 16]]. Note
that the bit compression strategy is orthogonal to our hybrid adaptive federated learning framework
and can potentially be combined to further reduce communication overheads.

3 Preliminaries on Adaptive Federated Optimization

Firstly, let’s begin with the general federated learning problem under nonconvex stochastic optimiza-
tion settings. Suppose we have N local clients, and our goal is to minimize the following objective:

min f(x ZfZ (3.1

x€R4

where x denotes the model parameters, d denotes the dimension of the model parameters x, f;(x) =
Eep, fi(x,&;) is the local nonconvex loss function corresponding to client ¢, and D; is the local data
distribution associated with client ¢. FedAvg [29]] is a popular optimization algorithm to solve Eq.
3.1} with the sequential implementation of local SGD updates and global averaging.

Adaptive federated optimization is then proposed to incorporate adaptivity in federated optimization
methods by replacing the global averaging in FedAvg with one-step adaptive gradient optimization.
For example, FedAMSGrad is designed with multi-steps of local SGD updates and followed by one
step of global AMSGrad [31] update. Specifically, at global round ¢, the server broadcasts the model
x4 to selected clients. Each client ¢ conducts 7 steps of local SGD updates with local learning rate 7
and obtains the local model x; . The model difference Al = X} » — X for each client is aggregated
to the server and averaged to A;. The server updates the global model Xt+1 by taking A; as a pseudo



gradient for calculating momentum m; and variance v; for AMSGrad optimizer, and performs one
step AMSGrad update with global learning rate 7, i.e.,

m = SBimy_1 + (1 — B1)Ay, v = Boviq + (1 — o) A7,
my

\V Gt + € ’

the server obtains model x;; after one global round. Besides FedAdam and FedAMSGrad, there

are several adaptive federated optimization methods with slightly changes in update formulas, e.g.,
FedAdagrad and FedYogi [30], FedAGM [36]] and FedAMS [41]].

The convergence of FedAMSGrad is affected by several factors such as the number of local steps 7,
global rounds 7', and the number of participating clients M. In full participation settings, where M is
equal to the total number of clients NV, Fed AMSGrad enjoys a convergence rate of O(1/vT7N). This
suggests that even for heterogeneous data, a larger number of local steps 7 can help save the client-to-
server communication rounds and lead to faster convergence. However, previous study shows that
under more practical partial participation settings, FedAMSGrad only achieves a convergence rate of
O(y/7/VT M) with heterogeneous data. This suggests that while larger T can reduce communication
frequency, it scarifies the convergence rate and requires more communication rounds to converge. We
refer to this problem as the dilemma of local steps.

Vi =max{V;_1,Vi},Xp11 = X + 7 (3.2)

The dilemma of local steps arises in partial participation settings since the heterogeneous data induces
a large variance term in the final convergence result, which is proportional to the number of local
steps 7 and thus leads to a worse convergence rate. For full participation settings, it is fortunate
that this variance overhead only appears on the non-dominant term, thus it does not slow down the
overall convergence. While for partial participation settings, the larger 7 amplifies the over-fitting
issue on local clients as fewer clients participate in each round of global training and becomes a
dominant term in the convergence result. Although variance reduction techniques [17}[10] can help
reduce the client-drift (or the dilemma of local steps) in the local iterations of FedAvg [19, [18]], the
success of applying variance reduction techniques to FedAvg rely on the precise characteristic of
each local SGD iteration. However, as shown in Eq. [3.2] the global adaptive optimizer updates
via the cumulative model difference A; between two communication rounds, which makes how to
apply iterative variance reduction bounds to adaptive federated optimization an open problem. In the
following, we will present our attempt to resolve the dilemma of local steps by a new hybrid adaptive
federated optimization method.

4 Proposed Method

In this paper, we propose a hybrid adaptive federated optimization method (HA-Fed) where the
clients are partitioned into disjoint clusters inside which they can communicate by fast client-to-client
links, and clusters communicate with the central server with client-to-server communication links.
Specifically, assuming we have one central server and K disjoint clusters, each of which contains n
local clients and there are connected by client-to-client links (denoted by the adjacency matrix Wy).
Let’s denote the total number of clients as N = Kn. Our goal is to solve the following optimization
problem:

1 1
min f(x) := i Zfl(x) =% ka(x)7 4.1
i=1 k=1

zeRd

where f;(x) = E¢up, fi(x,&) is the nonconvex loss function for the i-th client, and fj(x) :=
% Zz‘evk fi(x) is the average loss on cluster k. We consider Vj, as the set of local clients in the
cluster k, and clients in cluster & are linked by a connected graph g

In order to accelerate FedAMSGrad under heterogeneous data settings, our HA-Fed starts from
FedAMSGrad and introduces intra-cluster gossip communications. Gossip communication is de-
signed for clients in a network to communicate with their neighbors without a central server, and it has
been a popular approach in decentralized learning [26} 21} [7]]. Our proposed HA-Fed adds frequent
client-to-client gossip communication inside each cluster to leverage the over-fitting issue within the

3The connected graph implies there is a path from any client to any other client in the graph.



cluster. These gossip communications rely on inexpensive local client-to-client communications with-
out incurring extra client-to-server communication rounds, but at the same time, prevent over-fitting
on local clients since the model on each client sufficiently communicates with their neighbors.

Algorithm [T|summarizes the proposed HA-Fed in full participation scenarios. The major difference
between HA-Fed and FedAMSGrad lies in the local update step within each cluster (Line 9 in
Algorithm|[I)): at the s-th step of intra-cluster training for cluster k, after client ¢ finishes their local
update and obtains x;s +1 by one step SGD, we conduct one gossip averaging step within the cluster,

i.e., let each client communicate with its neighbors N} and aggregate the nearby local models with a
weighted matrix Wj,. The rest part of the algorithm is similar to Fed AMSGrad.

In order to further reduce client-to-server communication rounds, we also adopt partial participation
setting for HA-Fe Generally, in partial participation settings, the server samples a subset of m
clients in each cluster before each round starts and only broadcasts the current model to these m
selected clients and the selected clients will broadcast the received model to other clients within the
same cluster with client-to-client links. For global model updates, all selected clients send the model
difference Al to the central server, and the server aggregates them to A;. The rest of the partial
participation update is the same as the full participation scenarios.

Algorithm 1 HA-Fed:full participation

Input: initial point x;, global step size 7, local step size 7;, 51, 52, €, weighting matrix W}, for all
clusters k € [K]

I: mg <+ 0,vg <0

2: fort =1toT do

3:  for each cluster k& € [K] in parallel do

4 for each client i € V, in parallel do

5: Receive model from the server: x} ; = X,

6 for s =0,....,7—1do

7 Compute local stochastic gradient: g} , = VF(x} ;& )
8 Local update: xi,H% =X}, — Mg,

9: Gossip communication: x} ., | = ZjeN,; (W’f)ivjxi,wé
10: end for
11: Get the model difference: Al = xi  —x;
12: end for 7
13:  end for

14: Server gets model difference: Ay = % 35 15y = 2oiev, A
15: Update: m; = ﬂlmt_l + (1 — Bl)At

16:  Update: v; = Bovy_1 + (1 — B2) A2

17:  V; = max(Vy_1,vy) and V; = diag(v; + ¢€)

18:  Server updates x;y1 = Xy + N 7eie
t
19: end for

In a nutshell, HA-Fed takes advantage of decentralized training to resolve the dilemma of local
steps in adaptive federated optimization while preserving the benefit of adaptive optimizations: The
server aggregation rule and update schemes follow standard adaptive federated optimization, which
enjoys nice convergence properties, especially for heavy-tail stochastic gradient noise distributions.
Meanwhile, the local gossip communications alleviate the impact of data dissimilarity between clients
on the final convergence rate. Of course, this design requires all clients within each cluster to stay
active and perform gossip communications. Yet we also want to emphasize that HA-Fed can also be
compatible with scenarios where not all clients are active at each iteration by simply adapting the
frequency of local gossip communications. We refer interested readers to Appendix for more
details.

“Due to the space limit, see details in Algorithm 2 in the Appendix.



5 Convergence Analysis

In this section, we provide the theoretical convergence analysis of the proposed HA-Fed method.
Before starting with the main theoretical results, let us first state the following assumptions:

Assumption 5.1 (Smoothness). Each loss function on the i-th client f;(x) is L-smooth, i.e., Vx,y €
(x) = fily) = (Vfily), x —y)| < 5lx—y]*

Assumption 5.2 (Bounded Gradient). Each loss function on the i-th client f;(x) has G-bounded
stochastic gradient on /s, i.e., for all £, we have ||V f;(x,&)|| < G.

Assumption 5.3 (Bounded Stochastic Variance). Each stochastic gradient on the i-th client has a
bounded local variance, i.e., for all x, ¢ € [m],we have E [||Vfl (x,&) — Vfi(x) ||2] < o2

Assumptionﬂalso implies the L-gradient Lipschitz condition, i.e., IVfi(x)=V iy < Lllx—yl
it is a standard assumption in nonconvex optimization problems [20} 31\ 241 43]]. Assumption[5.2]is
usually adopted in studying adaptive gradient methods [20} 311145} 5]. Aseumptlon-ls frequently
stated in studying distributed and federated learning optimization problems [30} 43| (7} 40].

Assumption 5.4 (Bounded Inter-Client Variances). The variance between local client’s objective
function and the objective function on the correspondmg cluster is bounded, i.e., for all x, k € [K],
we have 1 Yiev, IVFi(x) = V fi (x)||> < of. The objective function on each cluster and the
global function has a bounded variance: for & > 1 and o, > 0, there is & > kelK] IV fr(x)]|? <
2| VF)|? + o

Assumption [5.4] represents the data heterogeneity in a cluster and between clusters. The similar
data heterogeneity assumption, which considers the variance between local clients, is common in
federated learning [30,43] and decentralized learning [26, 25} 21]].

Assumption 5.5 (Gossip Weighting Matrix). The local clients in cluster k£ are connected in the
graph Gy, and the corresponding weighting matrix Wy, is a doubly stochastic matrix with the fact:
Wi € [0,1]"*", Wil = 1, 1TW;, = 17 and null(I — W}) = span(1). We further assume the
spectral gap py: there exists pi, € [0, 1) such that |[W), — 2117 |5 < py.

Assumption[5.3]is usually assumed for decentrahzed learning framework [21} (7} [12]. Specifically,
pr = 0 means the matrix W}, with all elements 1 -+, corresponding to a fully connected graph Gy and
pr — 1 means the matrix W}, tends to be elements with either O or 1, corresponding to a graph that is
nearly disconnected. Several works [26, [25] alternatively assume the spectral gap p of a weighting
matrix W as the second largest eigenvalue of a doubly stochastic matrix W, i.e., p = [A2(W)|, and
this spectral gap holds the same role for revealing the connectivity of the graph.

5.1 Convergence Analysis for HA-Fed: Full Participation

We first study the convergence behaviour of HA-Fed under full participation scenarios.

Theorem 5.6 (HA-Fed full participation). Under Assumptions | if the local learning rate
Ye
OL\/CC()T (t+p%.xD+,p)

satisfies 7; < min { ) o5r Co o } then the iterates of Algorlthm satisfy

E[|V < 8(BonPT2G2 + €)2 Jo= 1. O, +d 5.1
trg[l;l IV F ()] < 8(Bami T°G? + €) o T + T T o1+ (5.1)
where ¥ = C’ﬁzd + QC’*W:LG 4 @ = 7052’2 [7203 + TPhaxDrp01 + 102 (5 + anax)]’

Py = Cp 50, where Cg = 12 ,6’1 ,Cgp = ((C’g + 3)nL + 2y/1 = B2G), where C and C are
numerical constants that are irrelevant to parameters, pyax = maXge[x] P i the maximum spectral
gap of all K clusters, D, = min { y——, 7} describes the density and connectivity of clusters,

and 67 = + Zszl o7 is the average dissimilarity between local clients in the same cluster.

Remark 5.7. The convergence rate Eq. [5.1]is composed of four terms. The first and second terms are
related to 7" and vanish as T increases. The third term $; represents the variance overhead introduced
by both stochastic and inter-client variances. The last term ®, represents the stochastic variance
from all N clients. Note that only @, is related to the cluster connectivity pp,ax While the other three



terms are identical to the corresponding term in the convergence rate of N- chents FedAMSGrad.

Specifically, the dependency of ®; for HA-Fed is ®; = O(nf7%0] + 771 meXT aL + (L +

p2ax)T02), while the corresponding term ®; for Fed AMSGrad is O (1?72 o2 + niTo?). When

Pmax = 0, @1 in HA-Fed becomes (9(771 T O’ + 771 ) which is better than that of Fed AMSGrad.
And when py.x — 1, ®; in HA-Fed becomes O(le 72(02 4 67) + 1i70?), which matches the
results in FedAMSGracﬂ In terms of the overall convergence rate, since ®; in HA-Fed has the
same order of dependency w.r.t. 7 and 7; as in FedAMSGrad, suppose we pick the learning rates
n=0O(V/7N)and 1 = ©(1/v/T72) and when T is sufficient large, i.e., T > 7N, HA-Fed achieves

the same convergence rate of O(1/v/T7N) as FedAMSGrad [41]] and also same as other general
federated nonconvex optimization methods such as FedAvg [44, 143]] and FedAdam [30].

5.2 Convergence Analysis for HA-Fed: Partial Participation

In such settings, we assume that only selected clients participate in each round of global synchro-
nization. We assume the sampling strategy is random sampling without replacement in each cluster.
Generally, at the beginning of global iteration ¢, the server samples a subset SF for cluster k that
contains m clients, these M = Km clients receive the model from the server and synchronize their
model difference for the global update.

Theorem 5.8 (HA-Fed partial participation). Under Assumptions [5.T}5.5] if the local learning
Ve

1 n—m
I isfi < min
ate satisfies 7 ETenermey ' 2aLy/CCo7(r+p20Dr,p) | 12802CCoC, npmde*P(m(" Dt
1

—) - }, then the iterates of Algorlthmm partial partlclpatlon scenarios satisfy

7—2
E[|V 2262 4 b o= /s By + Py + B3+ P 52
trél[l;l IV F(xe))1?] < 8(Banim>G? + €)2 anT+T+ 1+ @2+ + Py (5:2)
2
where ¥ = Cﬁfg 44 QCﬂnméTLG d, b = 25:7212 [7203 + TPhaxDrp07 + 707 (5 + prznaX)]’

~ 2
®2 = Cpp[1+ ("5) Phax] 0% @3 = CCpy - ZymDr pPlax [0 + 0% + 0% + Drp 2]
Oy = CCpy 1P L?Dr pphay |02 +07 +0° + DT,pT"TQH] , where C, C and Cy are numerical constants
that are irrelevant to parameters, and pmax, D7, 5%, Cp 5, Cp are same defined as Theorem
Remark 5.9. When p,,.x = 0, i.e., clients in each cluster are fully connected, in such case, there
2
are &1 = O(nfr202 + 77127'%2), Py = O(™Z- max{n,1}) and 3 = ¢, = 0 in Eq. which
matches the result of fully participated HA-Fed with ppax = 0. It is worth noting that although
partially participated HA-Fed aggregates M client models in each global round, since clients are fully
connected inside the clusters, picking a part of the clients (inside each cluster) for global aggregation
is the same as picking all the clients. Therefore, partially participated HA-Fed recovers to fully
participated HA-Fed under such a setting.
Remark 5.10. When p.x — 1 and K = 1, i.e., all clients are tending to disconnected, HA-Fed
will reduce to partial participated Fed AMSGrad with M clients. Under such cases, we have D, , =
min {y——, 7} = 7. By choosing same learning rates 7 = ©(v'7M) and iy = O(1/VT7?) as
in FedAMSGrad, &3 = (’)( ﬁ, ) dominates the convergence rate of HA-Fed, which recovers the

VTM
convergence of partially participated FedAMSGrad.

Remark [5.9)and [5.10|implies that when clients are sparsely connected, the convergence of partial
participated HA-Fed still suffers from dilemma of local steps as in FedAMSGrad, while HA-Fed
indeed resolves the dilemma when clients are densely connected. Therefore, it is crucial to investigate
how cluster connectivity helps solve the dilemma of local steps. The following corollary gives a
precise characterization on condition of p,,,x needed for solving the dilemma of local steps.

Corollary 5.11. Suppose all clusters satisfies ppax < m and K < n, then by choosing the

global learning rate = ©(v/7M) and local learning rate 7, = @( —), when T is sufficient
large, i.e., T" > 7M., then the convergence rate for HA-Fed in partial partlclpatlon settings satisfies
minye () B[ Vf(x0)II°] = O( 757 )-
te(T] ¢ VTM
5 Eg is the global variance obtaining by a similar assumption on clients’ loss function , i.e., the loss function
on each client of Fed AMSGard satisfies Zi\;l IVfi(x) = Vf(x)|* <o




Remark 5.12. Corollary shows that HA-Fed successfully resolves the dilemma of local steps:
larger number of local steps 7 can now achieve a faster convergence rate if clusters satisfy certain
constraints. Note that when m = n, i.e., in the full participation setting, this ppmax < ﬁ
condition imposes no actual constraint on py,.x. When m becomes smaller, the requirements for
Pmax also get stronger, i.e., the local cluster needs to be more densely connected. Also, for a given
number of total clients /V, the condition K < n implies the number of clients in each cluster is larger
than the number of clusters in the network, which ensures that each cluster has enough clients for
local gossip communications and thus can reduce the variance and resolve the dilemma of local steps

in the partial participation settings.

6 Experiments

In this section, we present the empirical evaluations for the HA-Fed algorithm. We mainly compare
HA-Fed with the adaptive federated optimization counterpart, FedAMSGrad, and also conduct several
ablation studies related to the algorithm framework and the intra-cluster topology.

Experimental Setup: We compare our proposed HA-Fed with FedAMSGrad, on CIFAR-10/CIFAR-
100 [23] using (1) ResNet-18 [13] model, and (2) ConVMierE] model [37], and Fashion MNIST [42]
datasets using (1) ConvMixer model and (2) CNN modeﬂ For HA-Fed, the global network topology
is set up with 32 total clients, and they are equally divided into 4 clusters where each cluster contains
8 clients. We set the default partial participation ratio as p = 0.25, i.e., 2 clients participated per
cluster per round. We adopt ring topology for all clusters by default with maximum spectral gap
Pmax = 0.805. For FedAMSGrad, we set the number of clients and the partial participation ratio
the same, i.e., 32 clients in total and 8 clients synchronize to the central server in each round. For
both methods, we conduct 7 = 48 steps of local training with a batch size of 50. We search for the
best training hyper-parameter for both models. Due to the space limit, we leave the CIFAR-10 and
Fashion MNIST experiments as well as the other experimental details in Appendix
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Figure 1: The learning curves for HA-Fed and FedAMSGrad in training CIFAR-100 data on (a)
ResNet-18 model and (b) ConvMixer-256-8 model using ring topology for local communications.

Figure[I|shows the convergence result of HA-Fed and FedAMSGrad on training CIFAR-100 with
ResNet-18 and ConvMixer-256-8 model. We compare the training loss and test accuracy against
global rounds for both models. For the ResNet-18 model, HA-Fed achieves faster convergence than
FedAMSGrad in reducing training loss, and HA-Fed grows rapidly to obtain an overall higher test
accuracy. For the ConvMixer-256-8 model, HA-Fed again shows its faster convergence speed on
training loss; in the meantime, HA-Fed still holds a higher test accuracy compared to Fed AMSGrad
under the same settings.

Now we study how the participation ratio p and network connectivity pp,.x Would affect the conver-
gence of our proposed HA-Fed algorithm. Figure[J[a) illustrates the ablation study on the participation
ratio p. Specifically, we test various values of p from p = {0.125,0.25,0.5,1.0}. From Figure a),
we observe that a larger participation ratio p slightly improves the convergence on training loss. This
is consistent with our theoretical convergence rate that increasing the number of participating clients
improves the convergence rate, but the improvement is slight compared to a large number of global
round 7" and local steps 7. Figure 2[b) then shows ablation study on clusters’ maximum spectral gap
Pmax- Specifically, we compare various of pyax from ppax = {0,0.125,0.599,0.805} calculated

ConvMixer shares similar ideas to vision transformer [9] to use patch embeddings to preserve locality and
similarly, and it is trained via adaptive gradient methods by default.
"See details for the CNN model in Appendix
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Figure 2: The learning curves with (a) different participating ratio p, (b) different maximum spectral
gap Pmax Of clusters in training CIFAR-100 data on ConvMixer-256-8 model and (c) different
numbers of local steps 7 in training CIFAR-100 on ConvMixer-256-8 model.

by different network typologies. From Figure [J(b), we can observe that smaller pmax contributes
to a faster convergence on training loss, which is shown as the red and green lines achieve faster
convergence on training loss than the orange and blue lines. This result matches the theoretical result
that p,ax holds the non-dominant term in the convergence of HA-Fed even for partial participation
scenarios. This suggests that without a dense network topology, HA-Fed can still take the benefit of
gossip communication to achieve the expected convergence result.

We further study how the number of local update steps 7 would affect the convergence of our
proposed HA-Fed algorithm. Figure[2fc) shows the ablation study about the number of local steps
7, we compare different 7 from 7 = {24, 48,96}. We observe that a larger number of local steps
7 indeed helps accelerate convergence on training loss, as the green line (7 = 96) in the left plot
keeps the smallest training loss. From the right plot in Figure 2{c), larger 7 generally achieves better
generalization performance with higher test accuracy. This result backup our theory and show that
HA-Fed achieves a faster convergence as the number of local steps increases, and HA-Fed indeed
resolves the dilemma of local steps.

7 Conclusions

In this paper, we propose a novel hybrid adaptive federated optimization algorithm, HA-Fed, that
overcomes the dilemma of local steps and achieves a faster convergence rate as the local training
step increases. HA-Fed mitigates the impact of data heterogeneity by adding inexpensive client-
to-client communications hence resolving the dilemma of local steps without extra client-to-server
communications. We present a completed theoretical convergence analysis for the proposed HA-
Fed. We prove that HA-Fed achieves a faster convergence rate than the previous adaptive federated
optimization method for both full and partial participation scenarios with heterogeneous data under
nonconvex stochastic settings. Experiments on several benchmarks and ablation studies verify our
theory.
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A HA-Fed Algorithm for Partial Participation

In the following, we summarize the proposed HA-Fed in partial participation settings.

Algorithm 2 HA-Fed:partial participation

Input: initial point x;, global step size 7, local step size 7;, 51, 52, €, weighting matrix W, for all
clusters k € [K]

1: mg 4 0,vg <0

2: fort =1to7 do

3:  for each cluster k& € [K] in parallel do

4 Random sample a subset S of clients with |SF| = m
5: for each client i € Sf in parallel do

6: Receive model from the server x; o = x¢

7 Intra-cluster broadcast: x{ , = x;,j € Vj

8

end for

9: for each client 7 € V, in parallel do
10: fors=0,....,7—1do
11: Compute local stochastic gradient: g} . = VF(x} ;& )
12: Xz’5+% = x%,s - Ulgé,s

13: X1 = 2gen; (Wh)igx( 1

14: end for

15: Get the model difference: Al = x! = —x;

16: end for '

17:  end for

18:  Collect model differences from selected clients: A; = % > ke[K] % Y ie Sk Al
190 my = fimyg + (1 - B1)4,

200 vy =foveg + (1 - 52)%?

21: vy = max(Vi_1,v¢) and V; = diag(V; + ¢)

22:  Server update x;11 = X + nﬁ

23: end for

The proposed HA-Fed for partial participation settings is similar to full participation except for
the broadcast and synchronization steps (Line 5-8 and Line 18 in Algorithm [2). For the partial
participation setting, the server sends the current model x; to m selected clients in each cluster for

12



the broadcast step. Then these clients who received the model from the server will further broadcast
the model x; to their neighbors in the same cluster via fast client-to-client communication links. For
example, if 8 clients within one cluster are grouped with ring topology, and two clients are sampled
in each round, i.e., m = 2, then the partial participation setting needs 2 server-to-client broadcast
rounds and 6 much cheaper client-to-client broadcast rounds. In contrast, the full participation setting
needs 8 server-to-client broadcast rounds for the same cluster grouping strategy which is much more
expensive. Moreover, only the selected clients send the model difference A to the server (Line 18
in Algorithm E]), which also reduces the client-to-server communication overhead. The rest of the
algorithm is the same as full participation scenarios.

B Preliminaries

We define the following auxiliary sequences, w.r.t. X; s, xf’s. Firstly, we denote the average model
on cluster k as

lefgerl - xfs nlgf,s? (Bl)
where gfys =1 D icw, g} ;- We also define the global average model

N

_ _ 1 XL

Xist1 = Xts — 57 E 85 (B.2)
i=1

We next define sequences related to model differences, we denote the average model difference on
cluster k as A¥, and the average global model difference A; without sampling consideration.

1 1 T—1 T—1
_ i __ 7 _ Sk _ Sk —k _ —k
~n § Ap = n § (Xt,T —X¢) = Xir =Xt =X 0= § 8ts — Xt = " E t.s
s=0

1€V i€V s=0
k_
S DD E NS DRSS B) Db DI TN
ke K] levk k€E[K] s=0 ke[K] i€V
recall the definition of A,

1 1 i 11 i

=T 2 Am s D D XX (B4
ke[K]  ieSk ke[K]icSp

note that for A, we have the following result, which shows that A, in the algorithm is the unbiased
estimation of global average model difference A,.

N
1 1N, 1 .
ESt [At] = At = ? E ﬁ E Xt,T — Xt = N E Xt,T — X¢. (BS)

ke[K] ' i=1 i=1
C Proof of Theorem HA-Fed full participation
Proof of Theorem[5.6] For full participation cases, we have A; = A;. Similar to previous works

about adaptive methods [45} 5], we introduce a Lyapunov sequence z;: assume xg = X1, for each
t > 1, we have

b1 1 B
= 1. C.1
Zy Xt+1_61( —X1) = 1—51 1—51Xt1 (C.1)
For the difference of two adjacent element in sequence z;, we have
1
Zi+1 — 2t = E(Xt+1 —X¢) — 1 flﬂl (%t — x¢—1)
1 v—1/2 B —1/2

= 1 —61 (”Vt / mt) - 1_76177Vt_1/ m; 1
= ! 77\7;1/2 |:61mt1 +(1- ﬁl)At:| - 2 n\Af;_ll/th,l

1- 61 1-— ﬂl
= n{’fl/zAt - 771 515 (\71511/2 - th/z) mg_g.

— b
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By Assumption|5.1] since f is L-smooth, taking conditional expectation at time ¢, we have

E[f(2e41)] — f(z¢)
< BV f(a0), w41 — )] + SEllcsr — )

gn]E[<Vf(zt),\Aft1/2At>] —nIEKVf(zt), b (V Y2V, 1/2)mt_1>]

1-p
2
JrEH‘V_l/QAt flﬁl(v—1/2 Vt_l/2)mt—1 }
- nE[<Vf(xt>,vt”2At>} —nJEKVf(zt), A Vt1/2)mt_1>]
I Iz
2 . . . 2
i s s e ]
I3
+ nE[(Vf(m)—Vf(xt),\Af; ”%ﬂ, €2
Iy
C.1 Bounding I;
We have
)
- Fe) ) (e s - )
=nE|[(V , —Y—— E((V , —— — . (C3
1|9 0. =2 )| (V). S T

For the second term in Eq. [C.3] we have

(v e )

1 1
< Vsl e~ |
< W= PCgya, ) (C4

where the second inequality holds by Assumptlon @], Lemma [E.8]and Lemma|[E.T0] For the first
term in Eq. |C.3} recall that Ay, = — % >"-" | ZS —o 8t.s» We have

EKW“&MM?Hfﬂ@KWESﬁa“ﬂ
N
- L[ i)
- anEK Wzi% ]1Vi_1 Vfi<xi,s>>], ©5)
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where we have

N

{W‘L A

=l

E

l\.')\»—l

= \//% ]téwz-(x;s)ﬂ
g i)
(v
(v

52Vt 1

k=1
N
1 Vf 1 1 ,
—=E V fi(x} S)>}
2 /BQVt 1+€ Y/ B2V 1+6N; "
N K
1 Vf 1 (1 . 1 =k
— =K - Vfi(x’ S) + — \% k(X S)) >:| (C6)
2 62"1& 1+6 V/BaVi_1 +e N; " K; "

Since we have the following inequalities, (a, b) = ||a||*> + [|b]|* — ||a — b||* and (a, b) <
£|/b]|%, then we have

sllall? +

Ve SONICR)]
—E|{ ———— Vfi(x5)
K BaVi_1+ € ; il
_E[H Vi) |
V/BaVio1 +e

4/—62Vt 1+6NZ fz th

2

1 V f(x¢)
_ v v/ _ 2
H V/ BaVio1 + €< foxe) N Z filx > } H' BV + €

K 2

1 1 _ 1 2
— N Vfu(xb, (v Xy) v th> }
e r & V) Voo It Z i
1 Wx)}l{( ;K x)]
+4E{ Vi rel ) T Ve e\ val KkZka( £s)
1 K 2
s—@Emme —EH’NZW R ]—ME[H S vt ]

k=1

sl 5 vm
*EH’NZWZ ,) ;;Vﬂ(xz’is)

2

} ; (C.7)

+ 17 [HW x¢) ZVfl

N \

where the second inequality holds by = Hx“ < \/ﬁ“’fil% < % Bounding the last three terms
2Vi_1+e€ €

above are equal to bound the 1nter—cluster consensus error ||x; — X¥ || and intra-cluster consensus
<k i
error [|Xy s — Xy |
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Merging pieces together, we can finally bound I; here.

(v )| el - )
]
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where the last inequality holds by Lemma[E.T|and [E.2]
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C.2 Bounding /,

The bound for I mainly follows by the update rule and definition of virtual sequence z;,

I = —nEKW(Zt) 7 S vy 2)”‘”>l

_ nE[<Vf(zt) V(%) + VF(xe), 1 51@ (V[ - \7;1/2)mt_1>l, (C.9)

then by Assumption[5.1] we have

Iy <nE|[[Vf(xe)l lflﬂ (V 2 Vt I/Z)mtfl
+nLE[|zt—xt ‘1 OGN ]
- B
— eIV )| flﬁl (V{2 V7 ),
b1 B1 —1/2 S—1/2 }
+n?LE vV, -V _
K Hi Vi 1+61_51 1—ﬂ1( k )mtl
ﬁl 2 —1/2 1/2 61 2 2 2 —1/2 1/2 71/2
<GBV - VO] o' g b G PRV - VL,

(C.10)
where the last inequality holds by Assumption and Lemma about bounding V f(x;) and m,.

C.3 Bounding /5

We have the following result for bounding I3

2
I3 = H‘Vt 1/2At + 66 (V 1/2 Vt 1/2)mt_1 :|
2
< n?LEmv;“?Am | A e o
2L ~ o
< T2E[a l+n2L(615)2771272@2El||Vt11/2 -V, ©11)

where the first mequallty follows by Cauchy-Schwarz inequality, and the second one follows by
Assumption[5.2]and Lemmal|E.8§|about bounding V f(x;) and m,.

C.4 Bounding I,

L =E (V) = Vi(x). 0V, 20|
<E[|V1(z) = Vx|V,

l

<isf i

2 2
-1/2 "L Tllo-1/2 A ||
: Hllm - lwzwvt s
L 2L )

where the first inequality holds due to Young’s inequality, and the second one follows from Assump-
tion[5.1] and the definition of virtual sequence z;. By Lemmal[E.7] we have

T T
D Ellm|*] < Y E[A]. (C.13)
t=1 t=1
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Therefore, the summation of I term is bounded by
2 2 T
n°L 31 n°L 2
E I —_— E E[||A . C.14
4_(26 1,5) + 2¢ pt [1A]] ( )

C.5 Merging pieces together

Summing /; to I, from ¢ = 1 to T', we have

T
E[f(z711)] Z I + 1o + I3 + 14]
t=1
T _
QZ[—TE IV £ (x0) 1] HZW(XM Z Zka }
t=1 1 =0
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+ (771 % mrG? + n? o E — L It GRe 1/2> ZEH‘V‘”Q v, 2

(1-5
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2L
* (n2e a _61/31 )ZE 1A,

Merge the similar pieces, then we have
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Further apply Lemma[E9and Lemma[E.3] we have
Elf(zr11)] = f(z1)

T
< 3> [~ R  - 2 HNZW xi.)

T—1 1 K B 2
S ISR |
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r—1 N 2
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ritr 3 B|| 5 Ve ]} c15)
drop extra terms in the second line with the following condition on learning rate,

C €
gt < TN C.16
T 9 =40, "= 2rCoChy (€.16)

where Cg ,, = ( (1 )2 +3nL+ 21— ,82G> O(max{n, 1}), merge the similar items,
E[f(zr+1)] — f(z1)

T MM 42 2
< | BT - TS CuR x4 P Dr) }ZEHVM 17

nm
4\/2 {3L2 chnl (T+pmaxDT P)J +3L2 201pmax 7[’77[ U%

o2
+3L27T2Cnfo?p2 .. + 3L*Cy (T + D? o pmax) }

B 2 2 leii 72 d

+ iGP—= + 2P L TGP - —

5" f (1= p2" ¢

2 0 e 2
L p7 L L nvl—BG\TyT ,
il C.17
+<26 (l—ﬁl) et € + € N 7 ( )
note that we need the following requlrement for local learning rate 7);:
4

m < Ve . (C.18)

ay/6CoCi7(T + piaxDr.p)

Thus we have
T
T 2
E
8C.T ; [V £ Geo)II]

< ]E[f(ZT+11)J — flz1) oy B

d B2 d
G2 _|_2 2L 1 2G2
15" T (- 2" Te
nm

+4\[( L2 201771 (T+pmaxDTP) ;

0.2
+ 3L2T2Clpr2naxDT7pn125—% + 3L2T2C177l202p1211ax + 3L2C1 (T2 + D2 TP pmax)n? >

+(n2L B2 L L n\/l—ﬂ2G>n?702
€

2 (1= 51)? +—+— N (C.19)
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since we have D, , < 7 and the maximum spectral gap satisfies prpax < 1,

2
o
3L27201piaXDTypmz&% + 3L27201771202p,2nax +3L%C, (T + DT ppmax)nff
== 301L27712 <T2p12nax(DT,p0% + 0—2) + (T + D72- p max)n>

2
_ o
<3O (7 Dyt P 4 (724 7))

1
S 601L277l2 <7-2pt2naxD7'7P&% + 7-20'2 < + pfnﬂx) ) ’
n
and
3L*TCmE (T + pfnaxDﬂp)ag < 6L*TCinio

hence with a universal constant C', we have the following derivation for iterations,

~

Z [V () 1I?]

E — 1 2 202 LG?%d
< 8(]0{ [f(zr+1)] — f(z1) L1 (C/BG d | 2G5t )
7T T Ve €
C 771 202 + (792, Dr 52 + 7102 1 + p2 +C o? (C.20)
4\[ max~ 7,0V L n max ,32 N 3 .

C is a constant irrelevant to parameters ppax = MaxXye(x] Pk» Dr,p = min { 17; T}, 07 =
max

2
£l 02 Cp =12 and Cp ) = (nL(l_ﬁW +3nL +2/T— Bz BQG) = O(max{n,1}). O

D Proof of Theorem [5.8; HA-Fed partial participation

Proof of Theorem[5.8] From Section we know that A; is an unbiased estimation of A;, thus the
main difference between full participation and partial participation lies in the second order momentum
estimation of model difference A, i.e., E[||A||?]. Hence with a different bounded E[||A||?] in
Section for partial participation, we have the following result starting from L-smooth expansion

like Eq. |C.2]
Elf(ze41)] — f(ze) < I} + I + I3 + 1, (D.1)

where I} corresponds to the similar term of I; in Eq.

By the result of Lemma|E.T|and [E.2] and the bound for model difference A, in partial participation
settings in Section we can obtain the bound for I7. The bound for I} I} and I} is obtained by the
similar approach, and the derivation for them is similar to full participation settings, here we omit the
derivation for bounding I} I} and I}.
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Merging I to I, together, we obtain the following result,

E[f(zr+1)] — f(z1)

<> T {—TE[Wf(xt)H?}—Ti:lamjvivmm } —:Z_QE[HéiW’C(’_‘ES) H
77771

4\[ Z |:3L2 20177 (T + pm'lxDT P)(a ]E”vf(xt)”2 +o )+ 3L2 201pm'1x "'Pnl JL

0.2
+ 3L*72C1n7 0° ponay + BL*C1(7 + D7, - phras )i }

R e 2 B DOl \ Al B
t=1

2 T R o
SR L w— et SB[V -V

(1—51)
2L B2 PL L /1= 5G\ «
+( > (1_131) +*+f - )Z_IE[IIAAIQ]

then substituting the bound of A, in Lemmal[E.6] we have

E[f(zr+1)] — f(z1)

<—WZEHW 7] - 2 iTzlE[Hlin(x’ )]
t=1 s=0 Ni:l o

T 7—1

S S| 1 3 Ak

]
’”} Z [3L2 200 (7 + PR D p) (@PE|V f(x0) |12 + 02) + BL272C1 Ry Doy 5%

2
+ 3L27201nl202pr2nax + 3L201 (7—2 + D72',p : p?nax) 77122}

T
s (e A e ) RV - V)

p)? =
B d 2
S—1/2  S—1/2
+ P LG Y E[|[ VI -V
(1=5) t=1
2 2 2 e T 2
+<77L 61 +7L+7L W)Z{WO—Q
2¢ (1—-p1)2 € € —~ | N

2 K 2
2np(r - 1) ZE[H Nvaxi,s) [+ ot | vt )| ]
k=1

n—m 279 k, 2nfo? n—m o
+8<m(n_1) +771L >( ZE”XtT 1” ) N m Pmax ) (D2)

we need the following constraint on local learning rate 7;

nm
205,77777712( -1)< E 4Csmm 771

nm
- 4C

1
1 D3
TS 80 Car— 1) = 16CeCh, (D-3)
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where C ,, = (gﬁ = /31)2 + "L + "L + 7”_6[32(;) = O(max{n, 1}), and by applying Lemma
then we have

E[f(zr+1)] — f(z1)

T
i
<1 Z]E IVFGOI] + 3072 Cunf 5+ D p)a LIV Ge0) )
t=1

nnl Z {3L2 2017% (T + pmaxDT P)Uz

2
+ SLQTQClpIZHaXDT’PUIQ(?% + 3L2T20177l20-2p?nax + 3L201 (T + D2 T,p pmax)leOT-l}

b1 5 d 2 BE 22G2 . d
+n mTG*— + 2 L——— G* - —
10 Ve 1—p2" €
" 772L 51 L 2 n 2 77\/1 — G 2T17l27'02 N 2Tnio? (n — me
2¢ (1 — [‘31) € N N m max
2 0 e
n—m n“L ﬁl L L n\/l—,BgG
8T ——— +nfL? = Vs e
i (m(n—l)*”l )( T AR ‘
|reutD I 012 + )
2
+ Tcln?DTypp?naxa-I% + Tclnl2p1211ax02 + ClD T pmaxle Z :| (D4)

we further need the requirement of 7;, which is same as the requirement in full participation settings

nm 777717
4\[ L2 20 m (T+pmaXD7P)a +8< ( 1 +771 )Cﬁ,nnTclﬁfDﬂpP?naxa — 800

n—m 1 1
= 47E3L2701mz(7 + PraaxDrp)a”® +8 ( + 72> Ci.yC1mDr pPax®® <

m(n —1) = 8Cy’
-1
V€ 1 n—m 1
= nl = \[ y ML < B) 3 ( 2)
\/12L20001T(T + pmaxDT p)OZQ 128000/377701DT7ppmaxa m(n - 1) T

(D.5)
thus we have

T
seur 2 BlIVIee))
t=1

E[f(ZTHI)J — f(z7) 4 B1

IN

ek d
TG —— + 2’ L ——— i’ G? -
1-8 " f (1—p)2" Te
nm

T
s Z{3L2720177z2(7+P3naxDr,p)0§
t=1

2
+ 3L27'QC1PI2naXDT,p77l25% + 3L272Clnl202p?nax + 3L2Cl (T2 + D2 TP pmax)le - )

. ”L B +2+ L r],/l—BgG 27712702+27710 n—mp2
2¢ (1— 1) € N N mo e
> 2 2
n—m 99 L 51 7L 7L 1 — pB2G
+s(mmy tin) (et e e

2
_ g
: {TCmeT,ppfnaxaﬁ + TC1N; Dr ppiaax 07, + TCUN P 0” + C1D2 77l nf — ]

(D.6)
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since there is D, , < 7 and pmax < 1, thus we have

Ly E[|V 2
f; [V f () [1]

<8C E[f(zr+1)] — f(z7) N 1 (CsG?d N 205nmTLG?d
=70 nmrT T Ve c
1 1
- 47\/E |:C . L2T(T + DT’p)mgag +C- ‘[’277l2 (Tp?naxDT,pO—% + TU2 (n + px2nax>>:|
+ @67124_%4_@ ﬂ0_2+1710'2 n—mp2
e (1—p1)2 € € N N 1 Pmax
n—m nL B} 3L 2v1- GG
4 ——— 272\ (02 __ A1 MY AvE T Pl
+ (m(n—l) +77[ )( € (1_51)2 + c + B

2
— _ g
D s 4 oD, s+ Cutne® + 102 S | b @)

where C'is a constant irrelevant to parameters and pp,.x = maxpe (K] Pk D, , = min {ﬁ, 7-},
max

Cs = 15}31 and 67 = % Zszl o%. This concludes the proof. O

Proof of Corollary[5.11] Further apply the constraint of
n—m 9 1

D, <= D.8
m(n _ 1) 7Ppmax — N ( )
where the condition Eq. [D.8]implies that the spectral gap pyax satisfies
1
LA e — D.9
Pmax = 4(TL — m) ( )

With the condition of Eq. there is pmax < 3 hence when 7 > 2, there is 17;}mx < 1, also
assume K <n —1,
n—m 9 n—m 1 9
m(n — 1)DT’ppmaIX - m(n—1) 1 — pmax Pmax
g nmm
- m(n— 1)pmaX
n—m 1
m(n —1)4(n —m)
1
i

< (D.10)

Also by choosing a constant C, we have

1 T
T;E[men )

E[f(zr1)] — f(z7) i 1 CsG?d N QC’ganLGQd
777717'T T \/E €
4\/gl |:T(T + DT’p)Ug + (Tp?naxDT»Po-% + 7—02 <7’l + pfnax))i|
L 2 L 21— 2 /0
+ LLJ’_SL_F@ ﬂo_z_i_"]lo' n mp?nax
e (1-p1)% ¢ € N N m
1 (nL Bt 3L 2T =BG\ = [ o o 2
N( € (1_ﬁ1)2+ . + . Cni Oy +0p+0 —|—D7.7p7_2n

A2 2 nL &5 3nL | 2V1 =BG\ of 5 9 2 o’
+ CL Dﬂppmax< c 0=p) + — + . N |og+or+o +DT’pT2n
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< SCO{

+
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By adopting learning rates n = ©(v/7M), n, = O (f) then we concludes the proof. O

E Supporting Lemmas

E.1 Lemma for inter-cluster consensus error

Lemma E.1. For local learning rate which satisfying the condition 7; < 8T 7> denote C7 = 1+ 5 3.
471_1 , recall the definition for X in Eq. . the inter-cluster model difference after s local steps
satisfies

1 K
7 DBl — il
k=1

K
1 _ o?
<c e § E[|%} s — x||* + 8rnf (@E[|V f (%) [I”] + 07) + 7712;- (E.T)
k=1

Proof. Note that the following proof is similar to Lemma 3 in [30].
ElI%f o1 — x| = ElIXE, —x0 —mgt, |
= E|x;, —x —m(gt, — VIi(xt,) + VIi(xi,) = Vi(xe) + Y fio(x))|®
< (L+ElxE, — x]|* + 7 Ellgf, — VFu(xE )|

+2(1+ 7 [V fu (X5 s) VAG)l?] + 21+~ OnfE(|V fi(x0) %]

< (L+MEIRE, — %] + 7712; +2(1+ 97 P LB, — x| + 20+ )P E[IV fi(x0) %]

2
— _ o _ _
<[4 +20 4+ 7L Bllxg, — x| + i + 200+ B[V fe(x) ], (B.2)

where the first equality holds by Eq. The first inequality holds due to ggys is an unbiased
estimator of V fi(x;s) and Young’s inequality. The second inequality holds by Assumption and

also the independency with g§75 and gg,s for i # j.
Averaging Eq.[E2Jover k = 1, ..., K clusters, we have

1 K
7 2 BlIx ey —

k=1

<[(147) +20+7")nL ZEnxts—xtu?
K 20_2

F20 4y SEIVARGIY + S
k;:

- 1 )
<[ 7) + 201+ 97 0P L) ;Ellx,’is —x?
2
g
+ 201+ (@ B[V f () [7] + o) + 0 (E3)
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where the second inequality holds by Assumptlon Choosing v =

n < STL, we have

| K
e
K Z ElI%{ 41 — x)?
k=1

K
1 1 1 ~k 2 2¢ 2 2 2 20°
< (14 g ) Te D IRl SR B A1) 40
1 & o2
= Cr oz D_EIIXE, — x| + 87 (@®E[|[V £ (o) |P] + 09) + 7 —, (E4)
k=1
where C; =1+ % : 47%1. This concludes the proof. O

E.2 Lemma for intra-cluster consensus error

. _ k,L
Lemma E.2. The intra-cluster consensus error » ., |%F, — 2, also known as || X;""||%, has

the following upper bound,

*]EZ X 2

< 1 +n? 412 1+ EX
_(I?el[a%pk( + G maX{P/c Ck) ) Z |

0 mac (}(L+ G} - ALB, x| 4 ;;[a]g]{pk(l +G0)} - 4BV £ (x0)|” + 2)

K
+ 17 5 Z (1+ G407 + 070> Pl (E.5)

where (}, is some constant related to the Young’s inequality, and it could be uniformly chosen for all
k=1,.. K.

Proof. By definition we have X, = (x; ,...,x},)’ and Xf_”j‘ = XF (In—J),where J = 11,,- 1/ .
Thus we have

Z 1% 0 = %3 o1 = 10k oo X2 ) T = ) - L+ (I = D) (%] s X1 |1

= | XES (o = ) - (In = XL
= |IX5 - X e
= X5 (E.6)
Recall the update rule of HA-Fed, there is Xﬁ’jjrl = (W — J)(th)’sL —mGy,), then we have
E| X5l = BEN(We — I)(XE" = mGE)|P 1 Frs-1))
= E(E(|(Wy — I)(Xpy" = mVE(XE) +mVF(XE) = mGE )P Frs-1))
= E(E(|(Wx = )X = mVE(XE))|P|Frs-1)
+EE(|(We = I)(VE(XE,) = GE )P Frs-1))
< E(|(Wy = I)(XESE = mVE(XED)I?) + i pino”
<P+ G - BIXES 1 + pR (1L + GOV E(XED N + 7 pino®, (E.7)

where the V F,(X*) € R™"*4 is associated to cluster k by stacking V f;(x?) for i € Vj, row-wise.
The third equality is due to the unbiasedness of stochastic gradient. The first inequality holds by
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Assumptionand [VF(XF,) =G llr =Yy [IVfi(x],) — g} ||* For the Frobenius norm,
there is ||AB|r < ||All2||Bl||r- The second inequality holds by Young’s inequality with some
parameter i, > 0 and ||AB||r < ||A||2||B||r as well. For VFj (X

IVE(XEDIE =D IVFilx)I

1€V

= D IVfilxi) = VARED) + VIilxE) = V(e ) + V(R = Vi) + Vx|

1€Vy

F,) by definition, we have

sZ[4|Vfi<xz‘,s>—wi<>zf,s>|2+4foscf,) V(& 2 + 4V () = V(o) 12

1€Vy

N 4||ka<xt>2}

< {4|Vfi(>_<f, = V(& NP + 4L = X1+ 4L2(IRE = xe® + 4]V fu(3ee) |2

1€V
<AL\ XSM|P 4+ ALPn|RE, — x| + 40|V fr(xe) |2 + 4no?, (E.8)

where the first inequality holds by Cauchy inequality, and the last inequality holds by Assumption
@ Averaging Eq.[Elover k = 1,..., K, we have the following iteration

N ZEnXt Sl

A
=
Mx

=
Il
—

K K
B 1 1
PR+ G EIXES I+ 5 D0 R+ GEIVE(XE)) P +0fo® 22 Y ok
k=1 k=1

K K
1 B
< ARG BIXEMZ 4 R0+ G ALEIXE?
k=1 k:
1 & 1 &
+ 7712? Zpi(l + Q) - ALPE|RE, — x| + U?E Zpi(l + ) - ARV i (x|
k=1 k=1
1 K
1 e D PR L+ Ge) - A0} + 070

k=1

K
1
< AL+ ¢ +np - 4L (1 = EIX5P
< (e k17 412 s 204G} ) DRI

+ o max {pR(1+ ()} - ALPEI|RE, — x| + 07 max {pF (1 + Cu)} - 4(0”E| V£ (x0) |2 + 02)
ke[K] ke[K]
K

|
1 52 D (L AR + 107 P (E9)
k=1

This concludes the proof. O

E.3 Lemma for summation of intra-cluster and inter-cluster consensus errors

Lemma E.3. If the local learning rate satisfies the condition: 7; < ﬁ, the for all local round
s=0,...,7 — 1, there is

1 & 1 &
kL _
NZEHXLS ||2+ EZEHXQC,S _Xt||2
k=1 k=1
2 2 2 2 2 2 2-2
< (5 + DC10; (T + proax Drp) (CE(V f(x0) (|7 + o) + (5 + 1) C1ppax Dr om0 L,

D? o2
+ (s + 1O 0% phnax + (s + 1)Cy (1 + 5 pfnax> Ut (E.10)
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where (' is a constant independent to parameters.
Proof. Denote an auxiliary vector
1K 1 XK T
kL2 <k 2
— (R LEIXER & Bk, - xl?) E1)
k=1 k=1

From Lemma [E-T] and [E:2] we have the following inequality which is defined element-wise for
s=0,....,7—1

M si1 < G- My s+ By, (E.12)
where
G= (maxkem PR+ gk’ Y) +ufpr - 4L° n?pLC : 4L2> (E.13)

B, (4pL77?(a2EVf (xo)|I* + o) +4pLnfa] + n?azpiax) _ (b(l)) E14

2
802 (Q2E|[V f(x0)|2 + 02) + 2% b

Consider the eigen-decomposition of matrix G,

2 2 2 2
N NN =
G = (O >\11 2 ) . (0 A ) 0 /\11A2 , (E.15)

where we assume \; < Ao, thus we have

(1 _AnfpLL? N0 1 AnfprL? p(D)

. 4 2 L2 4 2 L2 .
_ (MO 4 TP b)) — SUPEE X)) (E.16)
MAb2)
Therefore the sum of two elements has the following result
. , , Ao\
(1,1)GI By o—j = Nb™ + Mp® + ﬁﬁlnmb"b@)
i p(1) 4 5(2) 2 _)‘ji 2 21(2)
Therefore, we have the following result
s . s )\j . )\j
YLD B; <> <AJ B 0 )+ A‘;‘ —)\17712 ~Apr L6 ]> (E.18)

Jj=0 J=0

Since Ay > C > 1, we have

2N “Z M) o tmind 22 b e L (E.19)
)\2—)\1 2 /\2—)\1’ =2 )\2—/\17 ’ ’

thus we have

S S

S NGB <> MG+ b +Z(me{ — l}m 4pr LzbE,ﬁj)

Jj=0 =0

(E.20)

By the definition of pr, = maxjcy) p2(1 4 () and by the Gershgorin’s theorem, since 1, > 0, we
have the upper bound for Ao,

Ao < max{ max pi(l + Qk_l) + npr . 8L2,C’T}

kE[K]
< max<{ max pr(1+¢. ") + PL 1+ > (E.21)
ke[K] k (4r —1)27" " 2041 —1) )’
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where the last inequality holds by the bound of n? < %7 < Tor L rjzz- Define a distance

constant D , = min {7 }. Next we consider two cases: small or dense commumcatlon

7 ﬁ
network with ppax <1 — = and large and sparse communication network with ppax > 1 — ;
Case 1: For ppax < 1— 1,16, 1= an < 7, thus we have D, , = ﬁ. Let ¢ = 12
we have

p% p2 2 D

max pi (1 + = Pmax, = max = X =y Drps E.22

max pr(l+ ¢ =p pL = ke[k]{l_pk} r—— » (E22)
where the middle part of the second equality holds by the monotonically increasing of ;*—. Then the
bound for A5 is formalized as

Pr 3
)\ < max ax b 1
2 = hax {p o T p2rdr — 1) 2(ar = 1)}

1Lo(-1y 5
<max{1—7_+2(7_1)’1—’_2(47—1)}

2
<1 E.23
t T (E.23)
where the second inequality holds by pyax < 1— % Then by s < 7and Ay > 1 (just by the definition
of matrix G can get this result), we can obtain the following bound

S - T S (1) S (1)
> oMb < <(1+ 1) ) Dy obi <3y bl (E.24)
j=0 j=0 j=0

We also have
: 1 (1-1)?
Pmax S 1= + ( 7—)
1 — pmax) (47 — 1)47 T 44T —1)
where the second inequality holds by the upper bound for pp,.x. By the definition of matrix G, we
bound the difference of Ay — A1,

Ao — A =Cr — Pmax — 7712PL4L2

Pmax
> _
= Cr <p‘“‘”‘ 0= ) (47 — 1>4T>

Pmax + MEPLAL? < pax + ( <C,, (E25)

1-1
> C"r - max max * =
= (p e g 1)>

1 1
>1 - max max * T, 1
R P (p e 47—1>

=1 pmax)(l + 471_ 1)

2 1- Pmax- (E26)
where the first and second inequality hold by the defined notations. Then we have

S

) s 1
Z(]@l)GJBt,sfj SZAJ bgls) i+ bgi) ;) +Z<)\§mln{ m—y ,_j}?’]l AppLPb7 j)

j=0 j=0
o) (@) ) 2@ [ . 1
< ;3(@’]— + bt’j) + ;37% ~4prL7b;; (mln { pyg. )\1,7-}>

< Z 3(b) + b)) + Z 307 - D2 2, AL?bL)
(2) (2)
<Z +2167' DTP maxbtj

( Z ' pIQ'ﬂaXblE?j)’ (E27)

Jj=0

IN
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then by the definition of b(*) and b(), we have

S

Z(la 1)GjBt,sfj

Jj=0

s ) 0_2
< 33 (aowt + SN S0P + 02) + Apwfl + o e+ 17
j=0
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+ Y P (S @RIV )IP 4+ 02) 47 )
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D
(3Cape0p +879) + 5 - TR ) @IV + 02) + 120w
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~—

2 2
D7, L2 20~
Prmax"ll

T2 n |

+ 30702 P2ax + (377? +

<(s+1) (12pfnaxDT,pm2 T8 4+ 82D, , pm> (@EV fx)|]? + 02) + 12020 Dr i 02

2

D? o2
T (?m? Dy ~p3mm2)

T2 n

< (s 4+ 1O (T + oo Drp) (QCEIV f(xo) I + 02) + (s + 1)Cippax Dr o 67
D? 2 5 0°
57 'pmax)m —, (E.28)
T n

+ (s + DO 0 P + (5 + 1)C1 (1 +

where C} is some universal constant. The inequality holds by p;, = pZ . D, pand D , < 7.

Case 2: In this case we have p.c > 1 — %, which means D, , = 7. Let (;, = (47 — 1), thus we
have

1?’61?})((] pi(l + Q;l) = p12nax(1 + (4T - 1)_1)7 pL = 47—p3naxDTaﬂ' (E29)

The upper bound for A5 has the form of
Ay < max{ max pr(1+ ¢, ") +nipr - 8L, CT}
kE[K]

2p2 3
max 1
4r — 1’ +2(47’—1)}

< max {pfnaxu L))+

<1 .
- +47’—1

(E.30)

By the fact of min {ﬁ, I} <7 =D, wehave

S

) S . S . ) 1
ST DG B <Y N0 +02 )+ (Ag min {M,z}m? : 4pLL2bis_j>
=0

Jj=0 J=0

<730 +672) + Y 0f - 16pmaxDr, L2 3D,
j=0

j=0
< Zs:i%(b“-) + b)) + Z 16Dy b2 - 2 Do
= £ t,J t,7 . sPY1 16 7_2
Jj=0 j=0
() L @)% @ DI,
=D (b5 +bi3) + D 3pmach;” - 57 (E31)

j=0 j=0

where the above inequalities hold by the fact that p;, = 47p2 . = 4D, ,pZ .. and the constraint
on step size 7;. Thus we can get a similar upper bound as Eq. [E28]in Case 1. This concludes the
proof. O
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Lemma E.4. With the similar condition in Lemma|E.3] we have the corresponding bound for the
intra-cluster consensus error ||th

le’
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1
N ZEH|th,7sJ_||2] < (8 + 1)017712D7',Pp?nax(QQvaf(Xt)]H2 + U;) + (S + 1)0177 D Ppmax o
k=1

2
DT o2

+ (8 + DO proax0™ + (5 + DO —55 + Pax—— (E.32)

Proof. With the same definition of the auxiliary vector M, , and the matrix G and B , in the proof
of Lemmal[EJ] there is
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with the similar proof techniques as in Lemma [E3] there is
K
USCEXESP < S 3 » Lp2 2 o
NZ Hl || Z + 'rp max“t,j
k=1

[12PL7]1 (@?E[IVf(xo)]II + 03) + 12pL0i 57 + 30702 pirax

2
'r

0.2
2 o (SR BTN + 0+ 127 )|

<(s+ 1)C1n12DT,Pp?nax(a2EH|Vf(Xt)]H2 +03) + (s + 1)C1i Dr pproax07,

2
0,2

2 2 DT 2
+ (3 + 1)01775 Pmax9 (S + 1)01771 pmaXZ' (E.35)

+

O

E.4 Lemmas for model difference A,
E.4.1 Full participation

Lemma E.5. The global model difference A; = Z§=1 Do o~y A in full participation cases satisfy

2’7—
E[[|A]%) < JZVU2+7HTZE[HNZVL s)

} . (E.36)
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Proof. Under full participation case, we have A; = — Z;& % ke[K] %Zievk 8l
T—1 1 '
—m Zs 0N = 1 gt S
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where the inequalities holds by the fact of g} , is the unbiased estimator of Vf;(x} ,) and by
Assumption[5.3] This concludes the proof. O

E.4.2 Partial participation
There is a corresponding Lemma about model difference A; for the partial participation settings.

Lemma E.6. The global model difference A; = Zszl Y ice s, Al in partial participation settings
satisfies ’

E[[|Ad]
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- N p N 2 Kk:l 7
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Proof. Recall the definition in [B} there are X; , = % Zi\;l Xi,s (without consideration of client
sampling) and the intra-cluster average Xf | = XF , —mx} .\, where X} ., =137 ) g .
Consider the partial participation in the last step bfore the communication round, there is X;41 =
Ly, 1 Diest Xty = Nip S > iesk Xt and by Algorithm there is X1 — x¢ = Ay.

For the model difference A;, we have
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where the inequality holds by Cauchy-Schwarz inequality. For the first term in Eq. [E39] we have
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For the first term in Eq. [E40} we have
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where the first equation holds because

K

K K
1 . 1
2 _ i _ k k
Xtr-1= 5 E E Xir—1= ¢ 2. %tr—1 = § § (i € SP)Xir 1
k—lievk k=1 k= eV

1
K
K
— Z > I € SP)x Z Z i €S Y (Wh)iixE, 1, (E42)
k Vi

k 1i€Vy JEVE

and the second inequality holds by the similar relationship
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Denotes yf,l = ZjEVk (Wk)i,j (X?&l,rfl - i?,'rfl - nlvfj (X'Z,Tfl) + nlvfk (i?,'rfl))
K .
> Z P{i € Si}y;"

7| I-=lzs 2]

_E[ﬂ»{zesk}zzuy Prriziesty Y (v

k=1i€Vy k=1i#j€V}

+P{ieSkjesSkAle [K]}Y. D> (yi”“>’<yi‘l>]

k#L i€V JEV,

SEIES 3 DY R L LER) ol SEE R

k=1i€Vy k=1i#j€V}

+§zzzwww]

kAl i€V jevl
[m(

(n—1) ZZ

k=1i€Vy

S S Y ]

k;ﬁl i€EVE JEV,

> Hie sy

1=114iEV,

K

‘?ZZMW

k=1i€Vy

m(m — 1)
<E [ SRS DD DRH [RRCCES) o) Sy %3
) k=1i€Vy k=1i€Vy

—m)

DZZZ(’WUWM} b

k#lL 1€V JEV,

where the third equation holds by the probablhty of random sampling with replacement, i.e., P{i €
Si}=2Pli£jeSi}= TZEH 5 L P{icSt,jeSHk#1e K]} = ’:}—; The forth equation
holds by (a, b) = 3[llal]* + [b]]* — lla = blI*], 5 32,4, llai —a; 1> = 327, nllayl* — | 327, aql?,
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inequality holds by a’b < 1||a||? + 1|/b||2. Re-organize the last item,
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then we have
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By the definition of yf ’i, we have

2

K
Sy

k=1i€eVy

K
Z Z )ij (x] o1 = Xp o = V) AV (X))
k=

€EVi JEV

2

Z > Wi (VI(XE, ) = V(X 4))
k=1

=14€V jEVk

2

K
DS S W (V&) — V()
k=1i€V}

JEVk

<77lNL2ZZ Z W) ZJHXtT 1 XtT 1H2

k=1i€V jEV)

K
S 77l2NL2 Z Z H)_(fﬂ'fl - X;,‘rleQ

k=1i€V}

K
k, L
= NL> > [IXf 1%, (E.47)
k=1

where  the  second  equation  holds by >,y > .oy, (Wk)ij Xf . =
Yiev, Zjevk(Wk)i,jif,r—l’ the third equation holds by >°,.,, Ejevk(Wk)@ijk(if,Tfl) =
Dicv, 2jev, Wi iV f; (X ,_). the first inequality holds by L-smoothness and Cauchy-Schwarz
inequality, the second inequality holds by the assumption of doubly stochastic weighting matrix, and
the last inequality is due to the previous definition of X 1 By the definition of yt , we also have
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where the first inequality holds by the fact of 0 < (Wy));; < 1 and||wi1a; + wisas + - +
winan||? = wi|lan|]? + whllaz]|? + -+ wi,lan]* < wiflan]® +wiaflas|® + - +winllan]®.
The second inequality holds by Cauchy-Schwarz inequality, the third one holds by L-smoothness
(Assumption[5.3)) and the double-stochasticity of matrix . Hence for (E:4T)), we have the following
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result
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where the last inequality holds with the constraint on the learning rate i, < ¢+ L

For the second term in Eq. [E40} we perform the similar strategies related to the client sampling and
weighted gossip mixing (corresponding to Eq. [E:46)
]

”E[valpki Tuesh (X W05V~ )

JEVk
:U@v)? [ (n—1) i Dop optl IRt ZZ}
k=1i€V}, k=11€Vy
OIS S S }
k#l 1€Vk]6Vl
- (J\?;J) [n Z > et Z > et ] (E.50)
k=11€Vy k=11€Vy

where the second equation holds by the stochastic gradient noise is zero mean and independent
distributed. By the independency of (V fi(x7 . ;) — g/, ) and the double-stochasticity of Wy, i.e.,
Wil=1and1TW, =1, we have
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and
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For the Frobenius norm ||WW}]|?, by the fact of the Frobenius norm of a matrix is equal to L — 2 norm
its singular values, denote the singular values of Wy, as di,1 < dpo < -+ < dg,n, = 1, we have
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Summarize the items, we have
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For the remaining part in Eq. [E39] we have
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where the forth equation holds since the stochastic noise (gi’S -V (xis)) is zero mean Hence for
partial participation, the model difference A satisfies
2}
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E.5 Additional Supporting Lemmas
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Lemma E.7 (Lemma for momentum term in the update rule). The first order momentum terms my
in Algorithm [T]and [2]hold the following relationship w.r.t. model difference A;:
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Proof. By the updating rule, we have
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summing over ¢t = 1, ..., T, we have
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This concludes the proof. O

Lemma E.8. Under Assumptlonsn 5.2] for HA-Fed, we have ||V f(x)|| < G, [|A¢]| < mi7G, [my]| <
m7G and ||v¢| < nPr2G2

Proof. Since f has G-bounded stochastic gradients, for any x and &, we have ||V f(x, )| < G, we
have

IV = BV f(x, Ol < Ee|[V(x, €l < G.
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For HA-Fed, the model difference A¥ on cluster k satisfies,
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therefore,
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for the global model difference A;,
1
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Thus we can obtain the bound for momentum m; and variance v,
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el = 1= 60 Y- ] < e il =@ - ) 3 a5l < e
T7=1 =1
This concludes the proof. O
Lemma E.9. For the variance difference sequence {\7;11/ 7 \A/'t_ /2 we have
T R d T R 2 g

SV <= SV <2 (E.61)

t=1 1 Ve t=1 €
Proof. The proof of Lemma[E.9]is exactly the same as the proof of Lemma C.2 in [41]. O
Lemma E.10. For the element-wise difference, W, = ——— — L__ we have ||| <

Vvite \/B2Vt—1+€

Y| A
Proof. The proof of Lemma[E.9]is exactly the same as the proof of Lemma C.1 in [41]]. O

F Additional Experiments

F.1 Simulation Study

We conduct the simulation study with synthetic data to verify the dilemma of local steps. The
synthetic data is generated by Gaussian distribution and is heterogeneous among clients. We generate

a simple set of data for 2 clients in the 2 dimensional space, in which there is assigned 10 data sample

(x; (k ), yz( )) corresponding to client k. For each client &, xgk) has mean g5 and covariance matrix 3,

ie., x ~ N (p,X). The mean py, varies from each client, thus data on each client are generating
from different distributions. Specifically, we set uq = (1,0) and po = (0,1), and labels of two

clients are setup with yfl) =0and yfz) = 1. For both FedAMSGrad and HA-Fed, we simulate the
full participation setting and use full batch gradients for better illustration. We perform two groups

of comparison: (1) data sample x(k) has covariance matrix Ig, and we train the data on a simple

multilayer-perceptron that has a hidden layer of 10 units; (2) x ) has a smaller covariance matrix
0.5 - I, and we train the data on a simple multilayer-perceptron that has a hidden layer of 4 units; for
both groups of comparison, we use ReLu activation function after the input layer.

Figure [3|shows the comparison of local training loss and global training loss for Fed AMSGrad and
our proposed HA-Fed algorithms. The local training loss is calculated during the training process,
which reflects the average training loss on each clients with the local updated model. The global
training loss is calculated in each global round after the local updates, it merges the training data
among clients and calculates the training loss with all data samples. For example, suppose we have
N local client and each of which corresponds to a local loss function f;, i = 1, ..., N. Denote w;
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(a) Fed AMSGrad (b) HA-Fed (c) Fed AMSGrad (d) HA-Fed

Figure 3: The comparison of local training loss and global training loss for Fed AMSGrad and HA-Fed.
(a)(b) is the comparison for group (1), (c)(d) is the comparison for group (2).

as the local model on client i, §; ~ D; is the data sample on client ¢ with distribution D;, then the
local training loss is calculated by fioca = % Zfil fi(w;; & ). Moreover, after each round of local
updates, we aggregate the temporary local models w’ = % va:l w;, together with the training data

g = Uf\;l &; from all clients, the global training loss is calculated by fyoba = f(W';&’), where

f= % Ef\il fi- The comparison between local and global training losses can reflect whether there

exists over-fitting issues on local clients, if the local training loss decrease rapidly but the global
training loss keeps a large value, it means the training with heterogeneous data causes over-fitting in
clients.

From plot (a) and (c) in Figure [3] they show that FedAMSGrad with a larger number of local steps
has higher global training loss compared to a smaller number of local steps. We observe that when
local steps increase from 7 = 2 (orange) to 7 = 10 (red), FedAMSGrad gets worse in reducing
global training loss though it improves the convergence to a locally optimal point. This shows that
FedAMSGrad faces the dilemma of local steps, i.e., the convergence rate gets worse as the number
of local steps increases. In contrast, plot (b) and (d) in Figure [3| show that our proposed HA-Fed
effectively overcome this issue. For HA-Fed, the global training loss further decreases as the number
of local steps increases from 7 = 2 to 7 = 10. This observation provides the empirical evidence that
verifies our theory and shows that our proposed HA-fed can indeed overcome the dilemma of local
steps in adaptive federated optimization methods.

F.2 Non-i.i.d. Sampling and Hyperparameter Settings

Non-i.i.d. data sampling For the non-i.i.d. data sampling, we sort the training data by labels, and
divide the data by labels. For CIFAR-10 [23]] dataset, for each label, we divide the data into 20 shards
size of 250. Hence we get 200 shards of size 250 in total, and each client is randomly assigned six
shards. For CIFAR-100 [23] dataset, it includes 100 labels. For each label, we divide the data into 20
shards size of 25. Hence we get 2000 shards of size 25 in total, and each client is randomly assigned
60 shards. For Fashion MNIST [42] dataset, we similarly divide the data into 20 shards size of 300
for each label, and each client is randomly assigned six shards as well. The similar non-i.i.d. data
sampling strategy is adopted in [29, 143} 114]).

Hyperparameter Settings We conduct detailed hyperparameter searches to find the best hyper-
parameter for both FedAMSGrad and HA-Fed algorithms. We grid over the local learning rate
n € {0.001,0.01,0.1,1.0}, and the global learning rate n € {0.0001,0.0005,0.001,0.01,0.1} for
two methods. For the global AMSGrad optimizer, we set 81 = 0.9, 51 = 0.99, and we search the
best e from {10719, 107%,1076,107%,1072}.

Specifically, for the ResNet-18 model on CIFAR-10 dataset, we set the local learning rate 1; = 0.1
and the global learning rate = 0.0005 for FedAMSGrad and n; = 0.1, n = 0.001 for HA-Fed, set
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e = 1078 for both methods. For training ConvMixier-256-8 model on CIFAR-10 dataset, we set
n = 0.1, = 0.001 for FedAMSGrad, and 7; = 0.1, = 0.01 for HA-Fed, set ¢ = 10~% for both
methods. For training ResNet-18 model on CIFAR-100 dataset, we set 1; = 0.1, n = 0.001 and
€ = 1078 for both methods. For training ConvMixer-256-8 model on CIFAR-100 dataset, we set
n = 1.0, 7 = 0.01 and € = 10~ for both methods. For training ConvMixer-256-8 model on Fashion
MNIST dataset, we set 7; = 0.1, = 0.0005 for FedAMSGrad, 7; = 0.1, = 0.001 for HA-Fed,
and we set e = 10~ for both methods. For the CNN experiments on Fashion MNIST dataset, we set
m = 0.1,7 = 0.01 and € = 10~ for both two methods.

For training CIFAR-10 data on ConvMixer-256-8 model with Decentralized AMSGrad, we set the
local learning rate 7; = 0.001 and € = 10~8. We set 75y = 0.1, = 0.01 and € = 10~® for FedAdam,
m = 0.01,77 = 1.0 for FedAvg, and 7, = 0.1, = 0.01 and € = 10~® for FedYogi.

All the experiments are set up with 32 total clients in the network, which are equally divided into 4
clusters. The partial participation ratio is set to p = 0.25 except Decentralized AMSGrad, and the
intra-cluster topology is ring topology by default. For both FedAMSGrad and HA-Fed, we conduct
T = 48 of local training steps with a batch size of 50.

F.3 Additional Experiments

In this section, we present additional empirical experiments for 1) our proposed HA-Fed and Fed AMS-
Grad algorithm in training CNN, and ConvMixer-256-8 model [37] on Fashion MNIST [42] dataset,
where the CNN modelﬂcontains around 29 thousand trainable parameters; 2) HA-Fed and Fed AMS-
Grad in training ResNet-18[13]] and ConvMixer-256-8 model [37] on CIFAR-10[23] dataset; 3)
comparisons between our proposed HA-Fed and several federated learning baselines; 4) comparisons
between HA-Fed and Decentralized AMSGrad; 5) extensions where some clients are inactive in some
local iterations.
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Figure 4: The learning curves for HA-Fed and FedAMSGrad in training Fashion MNIST data on (a)
CNN model and (b) ConvMixer-256-8 model using ring topology for intra-cluster communications.

Figure [ shows the empirical convergence result for HA-Fed and Fed AMSGrad on training Fashion-
MNIST with CNN and ConvMixer-256-8 model. We compare the training loss and test accuracy
against global rounds for two algorithms. Plot (a) in Figure [d] shows that HA-Fed (purple) achieves
faster convergence than FedAMSGrad when training the CNN model to reduce training losses and
obtain high test accuracy. For the ConvMixer-256-8 model (Figure (b)), HA-Fed again shows its faster
convergence in reducing training loss, and HA-Fed maintains a similar test accuracy as FedAMSGrad.
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Figure 5: The learning curves for HA-Fed and FedAMSGrad in training CIFAR-10 data on (a) ResNet-
18 model and (b) ConvMixer-256-8 model using ring topology for intra-cluster communications.

8The CNN model has two 5 x 5 convolution layers, where the first has 16 channels, the second has 32
channels, each followed with a 2 X 2 max pooling step.
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Figure[5]shows the empirical convergence result for HA-Fed and Fed AMSGrad on training CIFAR-10
with ResNet-18 and ConvMixer-256-8 model. We compare the training loss and test accuracy against
global rounds for both models. For the ResNet-18 model, HA-Fed achieves faster convergence than
Fed AMSGrad in reducing training loss, and HA-Fed obtains an overall higher and stabler result in
test accuracy. For the ConvMixer-256-8 model, HA-Fed again shows its faster convergence speed on
training loss, in the meantime, HA-Fed still holds a higher test accuracy compared to FedAMSGrad
under the same settings.

Moreover, Table [T| present the average test accuracy after three runs with different random seeds, and
it shows that our proposed HA-Fed holds a higher accuracy than Fed AMSGrad for all three datasets,
with particular a stabler result for most of the experiments. These results empirically demonstrate the
effectiveness and efficiency of our proposed HA-Fed method.

CIFAR-10
ResNet-18 | Test Accuracy (%) | ConvMixer-256-8 | Test Accuracy (%)
FedAMSGrad 79.72 + 3.31 FedAMSGrad 73.96 + 3.02
HA-Fed 84.38 £0.33 HA-Fed 76.60 + 2.35
CIFAR-100
ResNet-18 | Test Accuracy (%) | ConvMixer-256-8 | Test Accuracy (%)
FedAMSGrad 56.34 + 0.79 FedAMSGrad 61.97 £0.35
HA-Fed 57.12+0.47 HA-Fed 62.40 £ 0.22
Fashion MNIST
CNN | Test Accuracy (%) | ConvMixer-256-8 | Test Accuracy (%)
FedAMSGrad 88.79 £ .16 FedAMSGrad 83.54 + 3.36
HA-Fed 89.25 + .22 HA-Fed 84.49 £1.57

Table 1: The test accuracy (with mean and standard error) results with three random seeds for training
CIFAR-10, CIFAR-100 and Fashion MNIST datasets.
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Figure 6: The learning curves for HA-Fed and several federated learning baselines in training CIFAR-
10 data on ConvMixer-256-8 model.

Figure [6] shows the empirical convergence result of our HA-Fed and several federated learning
baselines, including FedAvg, FedYogi, FedAdam and FedAMSgrad on training CIFAR-10 with
ConvMixer-256-8 model. Our proposed HA-Fed shows its advantage in reducing training loss
also with obtaining better test accuracy. Specifically, HA-Fed achieves nearly 10x smaller training
loss after 500 global rounds, and HA-Fed achieves an accuracy of over 76% when training the
ConvMixer-256-8 model, while FedAdam, FedYogi and FedAvg only achieve around 70%.
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Figure 7: The learning curves for HA-Fed, FedAMSGrad and Decentralized AMSGrad in training
CIFAR-10 data on ConvMixer-256-8 model.

Figure [7]shows the empirical convergence result of our HA-Fed with FedAMSgrad, one adaptive
federated optimization method, and Decentralized AMSGrad, one adaptive decentralized optimization
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method, on training CIFAR-10 with ConvMixer-256-8 model. Our proposed HA-Fed shows its
advantage in reducing training loss also with obtaining better test accuracy. HA-Fed also achieves
nearly 10x smaller training loss, and achieves significantly better accuracy than Decentralized
AMSGrad.
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Figure 8: The learning curves for HA-Fed when cluster partial active cases in training CIFAR-10
data on ConvMixer-256-8 model.

Figure 8] shows the empirical convergence result of adaption algorithms based on HA-Fed in training
CIFAR-10 with the ConvMixer-256-8 model. This adaption is to mimic the setting in that not all
clients are active in each iteration. We assume that in each local iteration, each client is active (i.e.,
performs local model training) with probability p., and is inactive (i.e., stays idle and does not involve
any computation) with probability 1 — p.. We simulate two cases with active rate p. = 1/2 with
gossip communicating in every 4 local steps and p. = 1/4 with gossip communicating in every 8
local steps, and our original proposed HA-Fed can be seen as the case with p, = 1 with gossip after
each local step. Figure[8|shows that in such client partial active settings, HA-Fed can still achieve a
similar convergence rate and test accuracy. The client who actives in each round of computing shows
its advantage at an earlier stage, while all those three clients’ active rates p. can achieve test accuracy
over 78% after 500 global rounds.
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