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ABSTRACT

Recently, adaptive federated optimization methods, such as FedAdam and Fed AMS-
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 Fed AMSGrad to

O(1/v/TTM) 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 (Konecny et al.,[2016; McMahan et al.,|2017) 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 (McMahan et al., [2017))
(also known as Local SGD (Stich, [2018))) 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 (McMahan et al., [2017; [Stichl [2018]) 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 (Devlin et al.}
2018), GPT-3 (Brown et al., [2020) and ViT(Dosovitskiy et al., 2021)), adaptive federated optimization
methods such as FedAdam (Reddi et al., [2020), FedAGM (Tong et al.,|2020) and FedAMS (Wang
et al.| [2022b)) 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.

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
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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 (Reddi et al.,[2020; Wang et al.|
2022b)). 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 (Karimireddy et al.,[2020b). 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 (Johnson &
Zhang| 2013 |[Fang et al., 2018)) 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 (Karimireddy et al.,|2020aib). 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 (Boyd et al.,
2006; Lian et al., 2017; [Li et al.| |2019b) 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 (Reddi et al., [2020; (Tong et al., 2020;
Wang et al.l [2022b) and techniques in decentralized training (Lian et al., 2017; [Koloskova et al.,
2020; L1 et al.} | 2019b). 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 FedAMSGrad[ﬂon 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(y/7/vVTM) to O(1/vVTTM) w.r.t. 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 v/, 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
matrix, i.e., ||x|| = ||x||2 and ||A|| = ||A||r, and || A||2 denotes the spectral norm of matrix A. We

!The convergence rate of Fed AMSGrad is obtained from the convergence analysis for FedAMS (Wang et al.,
2022b), where FedAMSGrad gets a similar convergence to FedAMS. FedAMSGrad is also included in (Tong
et al., [2020).
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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 (Konecny et all [2016)) 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 (McMahan et al.,|2017), also known as Local SGD (Stich, 2018)), have been widely used in
federated learning. Aside from FedAvg, since adaptive gradient methods such as Adam (Kingma &
Ba, 2014)) and its variant AMSGrad (Reddi et al., 2018) overcame the sensitivity to parameters and
slow to convergence issue of SGD, adaptive federated optimizations such as FedAdam(Reddi et al.,
2020), FedAGM (Tong et al., [2020) and FedAMS (Wang et al., [2022b) studied the corresponding
adaptive optimization algorithms in federated learning. Moreover, several works (Hsu et al.,[2019;
Ghosh et al., 2019; Karimireddy et al.| [2020b; L1 et al., [2019a; |Yang et al., [2021) addressed and
focused on the data heterogeneity issues of federated learning, where Karimireddy et al.| (2020b)
proposed a federated learning variance reduction method that overcomes the data heterogeneity, but it
requires extra communication costs for variance reduction operations. |Guo et al|(2021)) considered
heterogeneous communications for modern communication networks that improve communication
efficiency. Hierarchical federated learning algorithms (Liu et al., [2020; [Abad et al.| [2020; (Castiglia
et al}2020) 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
(Tsitsiklis, |1984; Boyd et al., 2006). Decentralized (gossip) SGD algorithms (Lian et al., 2017} |Li
et al.,[2019b; Boyd et al., 2006; [Tang et al., [2018]) are then proposed that consider client-to-client
communications after each step of SGD update on the client. |Lu & De Sal (2021)) proved a tight
lower bound for decentralized training under the nonconvex setting. [Teng et al.|(2019) 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 (Wang & Joshi), 2021}, [Koloskova
et al.,2020), where Wang & Joshi|(2021)) included reducing communication costs and decentralized
training in i.i.d. settings, and |[Koloskova et al.|(2020) 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 (Reisizadeh et al.|
2020; Jin et al., [2020; Jhunjhunwala et al.| 2021; |Chen et al., [2021a)). 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:

N
1
i == (%), 3.1
min f(x) N;f(X) G.D
where x denotes the model parameters, f;(x) = Esup, fi(x,&;) is the local nonconvex loss function
corresponding to client ¢, and D; is the local data distribution associated with client i. FedAvg
(McMahan et al.| [2017) 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
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one step of global AMSGrad (Reddi et al.,|2018) update. Specifically, at global round ¢, the server
broadcasts the model x; 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 =xi_ —x
for each client is aggregated to the server and averaged to A;. The server updates the global model
x¢+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; = fimy_1 + (1 — B1)A, v = Bovio1 + (1 — B2) A7,

my
vV Vt —+ 6

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 (Reddi et al.,[2020), FedAGM (Tong et al., [2020) and FedAMS (Wang
et al.} 2022b).

Vi =max{Vi_1,Vi},Xp41 =Xt + 7 (3.2)

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/+/T7N). 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(\/7/VT M) with heterogeneous data. This suggests that while larger 7 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.

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 (Johnson & Zhang, 2013}
Fang et al.} 2018)) can help reduce the client-drift (or the dilemma of local steps) in the local iterations
of FedAvg (Karimireddy et al., 2020bja)), the success of applying variance reduction techniques to
FedAvg rely on the precise characteristic of each local SGD iteration. However, as shown in Eq.
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 &
min f(x Z fix) =5 kz::l fr(x), .

where f;(x) = E¢up, fi(x,&;) is the nonconvex loss function for the i-th client, and fi,(x) :=
13 ey, 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 k are linked by a connected graph Qkﬂ

’The connected graph implies there is a path from any client to any other client in the graph.
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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 (Lian et al.,[2017; [Koloskova et al.| 2020
Chen et al., [2021b)). Our proposed HA-Fed adds frequent client-to-client gossip communication
inside each cluster to leverage the over-fitting issue within the cluster. These gossip communications
rely on inexpensive local client-to-client communications without 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 xi)s +1 by one step SGD, we conduct one gossip averaging step within the cluster,

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

In order to further reduce client-to-server communication rounds, we also adopt partial participation
setting for HA-Fe(ﬂ 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 A! 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, B2, €, weighting matrix W}, for all
clusters k € [K]

1: myg+—0,vg+ 0

2: fort =1to T do

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

4 for each client 7 € V), in parallel do

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

6 fors=0,....,7—1do

7 Compute local stochastic gradient: g} . = VF(x} ;& )
8

%

Local update: X spl = Xi s — M8t s

9: Gossip communication: X} ., = Zje/\/g (Wk)i,jxiﬁ%
10: end for
11: Get the model difference: A} = x| | — x;
12: end for
13:  end for

14: Server gets model difference: Ay = % 5 cix) & 2iev, A
15:  Update: m; = Symy 1 + (1 — 81) A,

16: Update: Vi = 62Vt_1 + (1 — ﬁg)A%

17: /V\t = max(@t_l, Vt) and {\/.t = dlag(@ + 6)

18:  Server updates X;41 = X; + 77\/%

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

3Due to the space limit, see details in Algorithm 2 in the Appendix.
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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 [F:3] for more
details.

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,i € [m],we have E[||V fi(x,£) — V f;(x)||?] < o2

Assumption5.1]also implies the L-gradient Lipschitz condition, i.e., ||V fi(x) -V f;(y)|| < L||x—y]l,
it is a standard assumption in nonconvex optimization problems (Kingma & Bal 2014} Redd1 et al.|
2018} [Li et al., 20194} [Yang et al., 2021). Assumption[5.2]is usually adopted in studying adaptive
gradient methods (Kingma & Ba, 2014 Reddi et al., 2018} Zhou et al.l [2018; |Chen et al., [2020).
Assumption [5.3] is frequently stated in studying distributed and federated learning optimization
problems (Reddi et al., 2020} |Yang et al., 2021} |Chen et al.,|2021bf; [Wang et al., [2022a)).

Assumption 5.4 (Bounded Inter-Client Variances). The variance between local client’s objective
function and the objective function on the corresponding cluster is bounded, i.e., for all x, k € [K],
we have 1 Yiev, IV fi(x) = Vfiu(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 Fe(x)|? <
2|V f(=)[* + 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 (Reddi et al., 2020; [Yang et al., 2021) and decentralized learning (Lian et al.,|2017;
Li et al., 2019b; |Koloskova et al.| [2020).

Assumption 5.5 (Gossip Weighting Matrix). The local clients in cluster k& are connected in the
graph Gy, and the corresponding weighting matrix W, is a doubly stochastic matrix with the fact:
Wi € [0,1]"*", W1 = 1, 1TW;, = 17 and null(I — W}) = span(1). We further assume the
spectral gap py: there exists pi, € [0, 1) such that |[W), — 1117 |5 < py.

Assumption@is usually assumed for decentralized learning framework (Koloskova et al., [2020;
Chen et al.} 2021b; |Guo et al.,|2021). Specifically, pr = 0 means the matrix W}, with all elements %,
corresponding to a fully connected graph Gy, and p, — 1 means the matrix W, tends to be elements
with either 0 or 1, corresponding to a graph that is nearly disconnected. Several works (Lian et al.,
2017; L1 et al., 2019b) 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
Y

OL\/CCOT (74+p2,.xD~+,0)

satisfies 7; < min { ) 5r Co o } then the iterates of Algorlthm satisfy

- o
E[|V < 8(BomP G2 %fOf*—cbcb, 5.1
moin IV F(x)[?] < 8(BamfT°G? + €) T T TPt P 5.1
where ¥ = Cﬁfd 4 2L gy = CEA 202 4 702 Drph + 70%(E 4 )|,

Py = Cppzo?®, where Cg = f}%, Csy = ((C’g + 3)nL + 2y/1 = B2G), C is a constant
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irrelevant to parameters, Pmax = MaXpe(x] Pk 1S the maximum spectral gap of all K clusters,

D, , = min { ;——, 7} describes the density and connectivity of clusters, and 57 = % YK o2
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 7" 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 py,.x While the other three
terms are identical to the corresponding term in the convergence rate of N- cllents FedAMSGrad.

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

p2ax)T02), while the corresponding term ®; for Fed AMSGrad is O (1?72 0. + niTo?). When

Pmax = 0, @1 in HA-Fed becomes 0(771 T O’ +7; T—) which is better than that of FedAMSGrad.
And when py. — 1, ®; in HA-Fed becomes O(nf2(02 + 63) + nf7To?), 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 n; as in FedAMSGrad, suppose we pick the learning rates
n=0O(v7N)and i = ©(1/VT72) and when T is sufficient large, i.e., T > 7N, HA-Fed achieves
the same convergence rate of O(1/v/T7N) as FedAMSGrad (Wang et al.,2022b) and also same as

other general federated nonconvex optimization methods such as FedAvg (Yu et al.,[2019; |Yang et al.,
2021) and FedAdam (Reddi et al., [2020).

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 S¥ for cluster & 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 [5.1H5.5] if the local learning
Ve

1
rate satisfies < min
" {4COCﬂ (71 90 [\/CCOor (1492 Dr.p) | 12802CC0Ch 10210 Dr.p (

n—m

m(n—1) +

ﬁ) }, then the iterates of Algonthmm partial participation scenarios satisfy

fozfe | ¥ +<I>1+<I>2+<I>3+<I>4} (5.2)

. 21 < 222 3
min E[IVFGe)|*) < 8B TG + 93 { T + 7

202 LG?d
Bnm; , d = E\L/nl |:T 0’ + Tp2axDr 03 + TO ( + p?nax)},
2
Cﬁ n [1 + ( m )pmax] eN 0—2 (I)3 CCBW ’ m(n_l)nlDTaPpmax [Ug + JL + J + DTvPﬁ]’

<I>4 = C’Cﬁﬂ7 ML Dy pp2ax [og +02 +0%+ DW)TUTQH], where C and C are constants irrelevant
to parameters and pmax, D7 p, 5%, Cs, ), Cp are same defined as Theorem

where ¥ = cﬂﬁw +

Remark 5.9. When p,,,x = 0, i.e., clients in each cluster are fully connected, in such case, there
are &, = O(npr?0l + 77127%2), oy = (’)(mT”2 max{n,1}) and 3 = ¢4 = 0 in Eq. which
matches the result of fully participated HA-Fed with p,,.x = 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, , =
17p1 —, 7} = 7. By choosing same learning rates n = ©(v/7M) and i, = ©(1/VT72) as

in FedAMSGrad, ¢35 = (9( \/\;LM) dominates the convergence rate of HA-Fed, which recovers the

convergence of partially participated FedAMSGrad.

min {

452 4 1s the global variance obtaining by a similar assumption on clients’ loss function , i.e., the loss function

on each client of FedAMSGard satisfies + SN | ||V fi(x) — V f(x)||* < 2.
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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 < Q\/ﬁ and K < n, then by choosing the

global learning rate n = ©(v/7M) and local learning rate 7; = @(ﬁ), when T is sufficient

large, i.e., T' > 7 M, then the convergence rate for HA-Fed in partial participation settings satisfies

minge 7y BV £(x:)[?] = O( =)

Remark 5.12. Corollary[5.1T|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

. _ . . P . . . 1
constraints. Note that when m = n, i.e., in the full participation setting, this ppax < W=

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 (Krizhevsky et al., 2009) using (1) ResNet-18 (He et al.;, 2016) model, and (2) ConvMierE] model
(Trockman & Kolter, [2022), and Fashion MNIST (Xiao et al.,[2017) 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 Fed AMSGrad,
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 [F

—— FedAMSGrad
—— HA-Fed

—— FedAMSGrad
10° —— HA-Fed

o

Training Loss

Training Loss

Test Accuracy
o

°

Test Accuracy

—— FedAMSGrad
—— HA-Fed

—— FedAMSGrad
—— HA-Fed

0.40

0 100 200 300 400 500 o 0 100 200 300 400 500 0 100 200 300 400 500 © 0 100 200 300 400 500
#Rounds #Rounds #Rounds #Rounds
(a) ResNet-18 (b) ConvMixer-256-8

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|l|shows the convergence result of HA-Fed and Fed AMSGrad 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

ConvMixer shares similar ideas to vision transformer (Dosovitskiy et al.,[2021) to use patch embeddings to
preserve locality and similarly, and it is trained via adaptive gradient methods by default.
8See details for the CNN model in Appendix
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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 FedAMSGrad
under the same settings.

Now we study how the participation
ratio p and network connectivity ppax

would affect the convergence of our —— Pmax=0.805
proposed HA-Fed algorithm. Figure ., 7 Pmang'iii
[2(a) illustrates the ablation study on & 8 _ ﬁ::;o'

the participation ratio p. Specifically, £ £

we test various values of p fromp = gw- g0 \
{0.125,0.25,0.5,1.0}. From Figure

[2(a), we observe that a larger partici-

pation ratio p slightly improves the 0 100 200 300 200 500 0 100 200 300 460 500
convergence on training loss. This (a) Ablation on the ratio p (b) Ablation on pmax

is consistent with our theoretical con-
vergence rate that increasing the num-

ber of participating clients improves Figure 2: The learning curves with (a) different participating

ratio p and (b) different maximum spectral gap pyax of clus-

the convergence rate, but the improve- ters in training CIFAR-100 data on ConvMixer-256-8 model.
ment 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 by different network
typologies. From Figure [2b), we can observe that smaller p.,ax 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,,.x 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 3] shows the abla-
tion study about the number of local
steps 7, we compare different 7 from
T = {24,48,96}. We observe that a . o
larger number of local steps 7 indeed ' — 1—o6
helps accelerate convergence on train- 0 100 200 300 400 500 0 100 200 3060 4060 500
ing loss, as the green line (7 = 96) in #Rounds #Rounds

the left plot keeps the smallest training
loss. From the right plot in Figure 3]
larger T generally achieves better gen-
eralization 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.

Training Loss
Test Accuracy
S

0.50 =24

Figure 3: The learning curves with different numbers of local
steps 7 in training CIFAR-100 on ConvMixer-256-8 model.

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.

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
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 £ as

Xf o1 =XF, —mgl,, (B.1)

12
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Algorithm 2 HA-Fed:partial participation

Input: initial point x;, global step size 7, local step size 7;, 51, B2, €, weighting matrix W}, for all
clusters k € [K]

1: mog+<0,vg+ 0

2: fort =1toT do

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

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

6: Receive model from the server X} ; = x;

7 Intra-cluster broadcast: xg,o =X¢,] € Vg

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: t,s+ 1 Xt s nlgt s
13: X%’S+1 = ZjGN,i(Wk)ivaisJ,_%
14: end for
15: Get the model difference: Al = xﬁ,T — X
16: end for
17:  end for

18:  Collect model differences from selected clients: A; = % > Kel[K] % D i S Al
190 my = fimy_; + (1 — 514,

20 vy =fovio1 + (1 - 52)%;2

21:  V; = max(Vy_1,v¢) and V; = diag(Vt +€)

22:  Server update X;41 = X; + == \/\W

23: end for

where gfﬁs = % Do Ve gi,s. We also define the global average model

_ ) 1 .
Rit1 = Xes th,s. (B.2)

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.

B 1 A 1 ‘ ) B T— 17 -
Af = n ZAz:E Z(Xi,T*Xt):Xfx*xt:Xf,()*ngf,s*xt:*ngf,s
s=0

1€V 1€V s=0
LS DED TR SRR TS 3 b DI TR
ke K] zevk ke K] s=0 ke[K] i€V

recall the definition of A,

A= Y A= Y Yk, o, (B4)

ke(K] i€Sk ke[K]icSk

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
Eg, [At] = A = K Z th L= Xy = %inﬁ — X (B.5)
i=1

C PROOF OF THEOREM [53.6 HA-FED FULL PARTICIPATION

Proof of Theorem[5.6] For full participation cases, we have A, = A,. Similar to previous works
about adaptive methods |[Zhou et al.|(2018);|Chen et al.[(2020), we introduce a Lyapunov sequence z;:

13
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assume Xg = x1, for each t > 1, we have

1 A
= ~1. C.1
Zy Xt+1—51( —X¢1) = 1—51 l_ﬁlxtl (C.1)
For the difference of two adjacent element in sequence z;, we have
1
Zi+1 — 2t = E(XHl —X¢) — 1 flﬂl (%t —%¢-1)
1 S—1/2 B 1
:1—51(77Vt /mt)—l BT]V /mtl
= ;77‘7,5_1/2 |:ﬁlmt—1 +(1 - ﬁl)At:| S oV, P m,
1-5 1-p1"
= TI\AI;I/QAt - 771 Blﬁ (Vt 11/2 Vt 1/2> mg .
— b1

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

E[f(zt+1)] - f(Zt)

< E[(Vf(a0), 2041 — 2] + SElz01 — 2l

< (910 9720 | < i (V) P (V0 - 7 m )|
]

2 o~ o~ o~
+ 772L]E[HV;1/2At - L(V;}{Q - V_l/z)mt_l
- nE[<Vf<xt) ”%}} —nJEKVf(zt), (V- ”2)mt_1>]

1-5 K

b1
11 12
1/2 B (S-1/2 <-1/2 ?
+ 7]}3 V At 1_ Bl (thl - Vt )mtfl +
I3
+ nIE[<Vf(zt) - Vf(xt),{ftl/%tﬂ, (C.2)

Iy

C.1 BOUNDING I

We have

)

A A A
i e R (v =

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

B|(9100) et~ )

1 1
<Vl e~ | )
t—
< D= BCgja, P, c

14



Under review as a conference paper at ICLR 2023

where the second inequality holds by Assumptlon 5.2 Lemmal[E 8 and Lemma [E.T0] For the first
term in Eq. recall that A; = El 1 ZS o 85> We have

(71 )| = e )
N
-mel( e v 2]

i=1
Vi) 1 .
==nm ZE[<W N;Vfi(xt,s)>]a (C.5)

where we have
.
(G RTERN)
(L &S wsed)
. jvéwxz,s) + ;évmxzs)ﬂ
il T e ﬂ

- Fl s e (R e g i) o

k

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

(e y T >}

3llall® +

1 V f(x¢) 2 °
col|_sreo p oy
4 V/BaVi—1 + € v Bzvt 1+ /B +eN - Z b

1

W <Vf(xt) - % Z Vfi(xi,s)>

2

V(%)
v/ BaVi_1+€

-5

2 1 &
- H 4/52vt71 +7€ <vf(xt) - E ’;ka(xt,s>>

]

\Y%
4/752‘% 1-|—5KZ fk th

" {HWZ%LT iEMm( vaﬁ iivﬁ(xﬁsﬁ 2]
< gomssaan- ol S ]—%Eﬁ\é o

[]- el o
H’szﬁ s—;kzivmxf)

+;ﬁE[Hw<xt>_;zwt

2

] , (C.7)
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HXH < [ < L)
S Vheare = Ve Bounding the last three terms

above are equal to bound the 1nter—cluster consensus error ||x; — X¥ || and intra-cluster consensus
:

where the second inequality holds by =

error %%, — x|

Merging pieces together, we can finally bound I; here.

n = | (0. =2 )] 8] (91050 wAt vl

T—1 K 2
<Y |- st HZW H;( > vt |
s=0 k=1
e 1 ; SN T
T ive {E[HW(Xt)—N Vi(x; ) }+E{HVf(xt)—KZka(xt7s) }
s=0 =1 k=1
N K 2
HleZ VAi(x.) vak(ifs) }}erl;BQGE[IIAtIIQ}
i=1 k:l

2
1=
<
=

+
4\/E6 =0 k=1
V1 1 & 2
N IR \Vﬂxt)—KZka(xf,S) }
k=1
1 o P N
+IEH‘NZVfi(Xt7S)—KZV k(X ) ”
=1 k=1
T—1 2
< it 2 |~ ]NZWZ xi.) Hzlvmf) ]
- s 212 & _
e { IR RS DI CIENE
= k=1i€Vy

2 K K V1I=P5G
b 1} v %Emmnﬂ

< [ B[V £ (x,)|1 Zsz

3L2 3L2 -
T Z{ ZE I =%+ 2 ZZE[nxﬁs—xz,snﬂ}
1=
@E[HAM

+
<””[ E[IV £ (x| zw A s vaee ]
=10, - t N z s Kk:1 k\&¢,s

+ g [ L2P2Cin} (1 + pRaax D p) (QPE||V £ (x0) | + 02) + 3L272Ch 2 D 5%

v
o? V1= 052G
BP0 e + 3L2CH (74 D2, | + PR AR, ()

where the last inequality holds by Lemma E.T|and
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C.2 BOUNDING I,

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

I, = —UE{<Vf(Zt) 1 51ﬂ1 (\Aft__11/2 - \A/t_l/Q)mt—1>}

= B (V1) = V) + Vb 2 (V9 me ). €9

then by Assumption[5.1] we have

< a) SV |
+nLE[IZt — x| \ 5151 (V2= v ) m, ]
- 77[[43[ (V;: =V, )m,, ]
- nQLE[H Vi1 +el flﬂl 1 flﬂl (V;_ll/Q Vt 1/2)mt1’H
Snlflﬁle2E[|Wt‘f{2—V; V2] +m i & G TG TRV -V,

(C.10)
where the last inequality holds by Assumption 5.2]and LemmalE.8|about bounding V f(x;) and m.

C.3 BOUNDING I3

We have the following result for bounding /3

27,
Is = "2 E{

V2, + 1 flﬁl (‘7:1/2 B \A/.t—1/2)mt_1

]

2
<LV | L -V | ]
2
< TEBAN + L 515 T GEVA =V, (C.11)

where the first 1nequahty 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 I4

L =E (V) = Vi(x)nV; 20|
<E[IVf(z) = VGl [nVi 2

}

< LEllze - xll|[nV; 2|

2L 1/2 L —1/2 2
< —
| } 5 E([viad]

2L 61
<Il=_" [ 2 —]E Ag? C.12
< o T gyl + R C12)
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 Ellme*] < Y E[I A (C.13)
t=1 t=1
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Therefore, the summation of I term is bounded by

214_ (Ll )gﬁnmnﬂ.

C.5 MERGING PIECES TOGETHER

Summing [; to I, from¢ = 1 to T, we have

T
Elf(zr+1)] Z [ + 1z + I5 + 1]
t=1
T _
gz[—ﬂa IV £ HZWXH Z
t=1 1 =0

4\f

+ 3L Ca o P + BL*Ci (7% + DT+ Pl )i —

B1 2 /81 F2G2e1/2 1/2 1/2
+(n1 5 mrG? +n? —L— Ly} r*G?e ZE A2 Vo

(1=75)?

(1-p1)
(L + 2 oma

L T /32 T
>—1/2 <r—1/2
e e Qn%#@ZE[Hvt_{ v
P} t=1

Merge the similar pieces, then we have

Elf(zr+1)] — f(z1)
- SHERs Ol
TZ |:_7-E |Vf X || EHNZVfZ(X%’S)

T—1
s=0

_k)z}

(C.14)

2

+ Z {3L2 20 (7 + PR Drp) (@PE|V f(x0)|? + 02) + 3L272C1 2,0 Doy 5

o2 — )
e

7777l _
Z {3L2 20177 (T+ pmaXDT p)(a EHVf(Xt)”Q +o ) 3L27'201p12naxD7',p77l2‘7%

0.2
+ 3L27—201n120-2p1?nax + SLQC (T + D2 0 pmdx)nlz}
n

+(n1ﬂ5 nr @ 4o — LG —1/2> [HV v
t= 1

(1=75)?

2 T N N
L B )gleTQGzzEH‘Vt—I{Q—VtI/Z

]

(1-p1
L B j 2 1 ,é’zG> d
+ ( e TG "2 T ;EHAt”
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Further apply Lemma[E.9 and Lemma [E-3] we have
Ef(zr41)] — f(z1)

T
< 16 32 [~ rEIv s HN Zw; xi.)

1 &
}vak(xfﬁ

k=1

T—1 2:|
=0
7777
\}Z{3L2 20177 (T+pmaxDTP)(a E||vf(xt)||2 +o )+3L2 2Cvlpmax 7'P77l JL
20°

+3L2T2Cunf 0 pra + 3L C1 (72 + D2 - )i n}

b1 B3 _ d 57
+<n1 BmTGQJrn - 15) LG 1/2> 6+772L( . )277l m2G*

\[
n?L 61 n?L  n’L 77\/1—,6’26' T
+(2€ (1*ﬁ1) +7+7 )Z{N

t=1

T—1 N 2
Z 1 Z
+nl27— SOE|: ‘N =1 VfZ(Xt ) :| }’ (ClS)
drop extra terms in the second line with the following condition on learning rate,

C €
Prfn o T e C.16
T 9 =4Cy "= 2rCoChy (C.16)

where Cg , = (nL(lf%)Q +3nL+ 21— BQG) = O(max{n, 1}), merge the similar items,
E[f(zri1)] — f(z1)

nmT nm
B ey W' }ZEHW x|

77771 Z{3L2 20177 (T+pmaxD7P)U +3L2 201pmdx TPT]Z UL
0.2

+3L2720177l20-2pr2nax +3L2C (T +D2p 'pmax)n }
n

61 2 d 2 % 2, 2~2 d
— 192 Li Lz
—&—171_57];76?\[—#17 G .
n (nQL B2 2L n?*L n\/l—ﬁgG)T

o2, (C.17)

2¢ (1—p1)? toe T T €
note that we need the following requlrement for local learning rate 7;:
4
Ve . (C.18)
o‘\/600017—(7— + p12naxD7'7p)

m <

Thus we have

T
seur O BV G
t=1

Elf(zr+1)] — f(zr) b1 d B2 d
< T —H?l*ﬂ mrG? \E—I—ZUQL(1 5)2771 ?G?. Te

nm
+ W ( L2T2017712 (T + prznaxDTaP)a-g

2
+ 3L272C R Dy 753 + BLAT2C1nR 0% R + BL2C1 (72 + D2, p2 )i )

2 2 e 7?2 2
n“L 51 L L nvl—ﬁQG mT 2
( 2¢ (1 — p1)? + + € € N7 (€19
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since we have D, , < 7 and the maximum spectral gap satisfies prpax < 1,

2
o
BLATC proax Dr o 07, + BLAT*Cinf 0 proase + BL2Cr (72 + D7 a0 —

0.2
=30 L (72 Drgd +0%) 4 (724 D2 )% )
0_2
< 301L277l2 <7-2p12naxD7'7[)5'% + T2p12nax0-2 + (T2 + T2p1?nax)n>

< 601 L (72 Dryt + 720 (54 ) )
and
3L27'017712(7' + pfnaxDT,p)og < 6L27'2017]1202
hence with a universal constant C', we have the following derivation for iterations,

T

Z [V £ (o)1)

<8C E[f(zr4+1)] — f(z71) n 1 CpG2d N QCEanLGQd
B ’ 777717'T T \/E €

+ CL2T]Z 7'202 + ( 7P2axDr po7 + TO? = + P} +Cp50? (C.20)
4\/€ max P n max 2¢ N ’

C' is a constant irrelevant to parameters pmax = MaXke (K] Phs D, p = min {m } 52 I =

+ Zk:l 0% Cg = 1?}31 and C,p, = (an +3nL +2y/1 — ﬁQG) = O(max{n,1}). O

D PROOF OF THEOREM [3.8 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 %or partial participation, we have the following result starting from L-smooth expansion
like Eq.

E[f(zi41)] — f(ze) < I} + Ih + I + I, (D.1)

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

By the result of Lemma[E.T|and[E2] and the bound for model difference A, in partial participation
settings in Section[E.4] we can obtain the bound for I{. 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

T—1
m i
< jes o { - rEI s ;E[Hi;wms)

I

j\”} Z [ BLPT* OV} (7 + Plaas Dr NOPEIV I (x| 4 07) + BL*7°C s D 57

o2
+ 3L27'2C1nl202pfnax +3L%C, (7’2 + Dip . p?nax)nlz}

2 T—1 1 K B
| Sells Fon
k=1

s=0

+ (771 65 T]lTG2+77 @ 615) L771 2G2¢ —1/2) ZE HV 1/2 Vt 1/2H ]
t=1

2 T . N
B W T Z]E[HV[E{Q -V,

(1-p1)
"L B j g W—@G) s )
+< e T_ge ot - D EflA

then substituting the bound of A; in Lemmal[E.6| we have

E[f(zr+1)] — f(z1)

T -1 N
"”zxa (CRIEEEUS PRI D BRI
0 i=1

]

t=1 s=
2
nm 1 7ok
4COE§E[Hsz<xt,S> ]
Y Z BL2 PR + e Dr NIV S ()P +02) 4 3E7C D, i

0_2
+ 3L*72C1n70” praay + BL*C1(72 4+ D7, - Pl )i — }

A B - -
+<771—ﬁ mrG? + n? = 18) Ln?72G2% 1/2>;E ||V /2 _ tl/QHJ

2 T R .
Pl e SCR[V - V]

(1—p41)
2 2 2 n? T 2
L B w’L  ’L  n/I- PG 2P
+<2€ (1—ﬁ1)2+26+ € * € tz:; N ‘7
-2 1 K - 9
+ 207 (7 — [HNZW X4 .s) }+4n?EHK;ka<>‘<§H> ]

n—m 279 kL 27]1202 n—m o

we need the following constraint on local learmng rate 7;

nm nm
20,y (1 — 1) < 10y’ 4Cg i < i,

1
< - g<__- D3
TS 3G Cag(r— 1) "= 16CeCh, (D-3)
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where C ,, = (gf (=nE + 1= + nL + 7”_6@‘@) = O(max{n, 1}), and by applying Lemma
then we have

E[f(zr+1)] — f(z1)

T
T
- ZE IV £(x ”}W P20 (4 phaxDrp)a® Y B[V £ (x0)|?]
t=1

m
\}Z{?)-L2 20177 (T+pmaxDT P) 3

2
+ 3L27201p?naxDT’Pnl25% + 3L272Cl77l202p12nax + 3L2Cl (T + D2 TP pmax>77120 }

b1 2 2 B o d
+ G2 4oL G2
5" f T
N 772L 51 n 2 L TL n?L 77\/1 — B2G 2T7h2702 N 2Tnto? (n—m 2
2 (1—$1)2 € N N m
2 2 2
n—m n?’L  [3? L L n\/l—ﬁgG
8T ———— + P L? P L - B R S Ak
" <m<n_1>+"z )( DT AR ‘
|reutD st 012 + o)
_ o?
+ TclnlzDTﬁpp?naxa—% + ’I—Cvlrllzp?naxo—2 + ClD T 1pr2naxnl2 :| (D4)

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

T
f\nfl L2 20177[ (T + pmaXDT P)a + 8( ( 1) + 771 )CB’UnTclnIQDT’PpIQnaxa2 < T

— 8C)h ’
= —3L2TC’17)12(T + p2.. D )a2 + 8 nom + 1 CpnCimD- P20 < i,
4\[ max P m(n_ 1) 7_2 >N ;PP max —= 800
4 _ —1
= nl — \/g » T < ! ( n-m 1>
VI2L2CoCi7 (T + p2, Dy )02 128CoCpnC1 Dy ppiaxc® \m(n —1) = 72

thus we have

T
nmT 2
ey 2 ElIVS GOl
E[f(zr11)] — f(z71) B1 B3 d
< T Ty er27+2 2L< 151) G2 7o

R DN N

2
L7 Co s D 0, + LT OO0 Pl + BLPCL (7 + D2, - gl - )

N ”L B +2+2 n\/l—ﬁgG 27]12702+27710 n—mpgnax
2€ (1—51) N N m
- 27, 2L L T
C( ) (BB L TG
m(n —1) 2 (1—f1)? € €

0_2
.[Tclnfnf,ppfﬂaxaz+Tcln%DT,ppfnaxaz+Tclnfpfnax02+cw 2 ]
(D.6)
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since there is D, , < 7 and pmax < 1, thus we have

;imnwxnn?}

Elf(zri1)] = f(ar) 1 (CpGPd  2C5nmTLG d
NG p
1 _ 1
Tave [C (Lir(r + Dr oy + C - Lo} (TpimDT,po% 7o (n + p?nm
nL BE 3nL 2VT-BGN\[m o, mo®(n—m ,
+< € (1—ﬁ1)2+ € * € NO- + N m Pmax
n—m nL  pi 3L 21— BG
4 ——8 2p2) (0P 2N AviE T P
" <m(n_1)+771 >(6 (1—51)2+ + €

€

< 8C,
= 0{ T T

_ o’
! [ClnlDT,Pp?naxo-; + ClnlDT,ﬁprznaxa-% + Clnlpfnaxaz + Cng,pT 2p12nax’mn:| }7 (D.7)

where C' is a constant irrelevant to parameters and pynax = Maxye(k] Pk» D7 p = min { 17; : ,T},

Cs = 15151 and 53 = = 37| o7. This concludes the proof. O

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

D < — D.
1) ‘ﬁppmax — N) ( 8)

m(n —
where the condition Eq. [D.8]implies that the spectral gap pmax satisfies

2 S —
Pmax < 4(n o m) . (D9)

With the condition of Eq. there iS pmax < % hence when 7 > 2, there is
n—m n—m 1
— D 2 2
m(n _ 1) T,ppmax m(n _ 1) 1 _ pmax pII]aX
n—m
——~ Pmax
m(n —1)
n—m m
m(n — 1) 4N

1
1 —Pmax

<2

< (D.10)

1
N
Also by choosing a constant C', we have

Ly E[|V 2
f; [V f(x)]]7]

E[f(zr11)] — f(z1) n 1 (CsG3d N 205nmTLG?d
7777ZTT T \/g €
CL*i}

B 1
4\/% |:T(T + DT,P)US + (Tp?naxD‘ﬁpo-% + TUQ (n + p?nax))il

L(nE_BL | 8eb  2V1- RGN [mp mo” 2
e (1—-74)2 € € N N

1<77L Bt 377L+2\/1—BQG)~ 2]
€

2 | =2 2 o
N Cn|og+or+o +D77pm

< 800{

_|_

+

€ (1—61)2Jr €

A2 2 nL Jeii 3nL  2V1 =[2G\ 3| 5 5 2 o’
+CL DT,ppmax< c 0= )2 + —~ + . n|og+or+o +D7‘,p7_2n
(D.11)

By adopting learning rates = ©(v/7M), n; = © (ﬁ) then we concludes the proof. O
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E SUPPORTING LEMMAS

E.1 LEMMA FOR INTER-CLUSTER CONSENSUS ERROR

Lemma E.1. For local learning rate which satisfying the condition 7; < sT 57> denote C7 =1+ 3 3.
ﬁl_l, 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 (x0)[I”] + 05) + 7712;- (E.D
k=1

Proof. Note that the following proof is similar to Lemma 3 in Reddi et al.[(2020).
E|I%f o1 = xel* = B, — % — m&r ]
=E[%}, —xt — m(8F s — V(XL ) + V(XF ) — Ve(xe) + V(o))
< (L+MEIXE, — x> + nfEllgt s — VFu(xt)lI?
+2(1+y BV Fe(xEs) = VAG)?] + 21+~ nfE[[V fi(x0) %]

2
_ g _ _ _ 7
< (L+7E[RS, — %] + 7712; + 21+ 97 P LEIR = %ol + 201 + 7~ 0P B[V fio(xe) |

2
_ _ o _ _
<[ +9) + 200+ 97 P L2 Bl =l 4 0f — + 200+~ B[V ()], (B:2)

where the first equality holds by Eq. The first inequality holds due to gf;’s is an unbiased
estimator of V f; (x;s) and Young’s inequality. The second inequality holds by Assumption and
, also the independency with g};ys and gg,s for i # j.

Averaging Eq.[E2]over k = 1, ..., K clusters, we have

s
iy
K Z]E”Xt,erl —x?
k=1

<[A+7)+2(1+~"niL E E|x}, — x|
K 0_2
2(1 h § [V 29
+2(1+~" il katH]+77zn

_ 1 _
<[ 7) + 200+ 0P L7 4 ZEIIXfis —x¢||?
k=1

2
_ g
+2(1+77 )t (QPE[[V f(x) ] + o) +77?* (E.3)
where the second inequality holds by Assumptlon Choosing v = = with the condition of
m < gif. we have
1
K E||Xt,s+1 x|
k=1
1 1 1 & o2
< 1 - E ok 2 8 2 2E v 2 2 2Y
<(tt oot s & > Bl —xl” + 8BTS + ) i
1 & o2
=Crg D EIRE, — x| + 87 (PE[| V f (xo)IP] + 07) + Ut (E4)
k=1
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where C; = 1+ 2 - L. This concludes the proof. O

E.2 LEMMA FOR INTRA-CLUSTER CONSENSUS ERROR

. - ; kL
Lemma E.2. The intra-cluster consensus error Y, [|Xf, — x} _||?, also known as || X" ||, has
the following upper bound,

1 K
kL 2
SEY XL
k=1
1 K
< 2014 -1 2 412 21 2N RXRL2
(s R0 G210 0422 01+ G0} ) DB

+ ,gré%{pi(l + ()} - ALPEIXE  — x| 4 g%{pi(l + G} AQCEVf(x0)|? + o)

K
1
1 22 D PR+ AT + 10 P (E.5)
k=1

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 thfjf = XF (I,—J), where J = 11,1,
Thus we have

2= (ke oo X ) T = ) I (I = D) (%4 gy %0 | P

n
Z Hxi]ﬁc,s - Xi,s'
=1
= IXE (I = J) - (In = D)X |
k
= |IX5H - X8 e

= 1X55 5 (E.6)
Recall the update rule of HA-Fed, there is thi ’s{h =Wy —J )(th L mGYy ), then we have

E| X! 5017 = BE(We = )X = mGE) P Fis1)

= E(B(|(Wy — I)(X¢y" = mVE(XE) +mVF(XE) = mGE )P Frs-1))

= B(E(|(We = DXL = mVF(XE)) P Frs-1)

+ P EE( (W = I)(VE(XE,) = G )P Frs-1))

< E([(We = (XL = mVE(XE))?) + i pino

<P+ G - BIXE 1 + pR (1 + GOV E(XE) 1 + 17 pino®, (E7)
where the V F,(X*) € R™*? 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

Assumption|5.3(and |[VF(X[,) — GF |lr = >0 IV fi(xi,) — &} ,||*. For the Frobenius norm,
there is ||[AB|r < ||A]|2||B||r- The second inequality holds by Young’s inequality with some
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parameter C, > 0 and || AB||p < || Al|2|| B||r as well. For VF,(Xf,), by definition, we have
IVE(XEDIE =D IVFilxi)I?

1€Vk

= D IVfilxi) = VARE) + VIilxE) = V(e ) + V(XL = Vi) + Vx|

1€V

sZ[4|Vfi<xz‘,s>—wi<xf,s>|2+4foxf,) VR E + AV Fu(RE) — Vo) 2

1€V

+4||ka<xt>2}

<> [4|Vfi(>‘<f,s) = VIe&F II? +4L%|Ix; , — %7 |° + 4L2|1%F , — x> + 4[|V fie(x) |12
1€Vy

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

where the first inequality holds by Cauchy inequality, and the last inequality holds by Assumption
[54} Averaging Eq.[E8|over k = 1, ..., K, we have the following iteration

1 K
kL
= S EIXEL P

K K
1 _ 1
< NZP%(l +¢.1) ']E”th,’sJ_HQ + szi(l + Ce)my EHVF(XZCS) 1> +njo ZPk

k=1 k=1
1 K K
< AR+ G) EIXENP 4 A+ G LR X P
k=1 k=1
1 & 1 &
+7712? Zpi(l + k) - ALE|RE, — x| + U?E Zﬂﬁ(l + ) - 4BV i (x|
k=1 k=1

K
1
1 e D PR+ Ge) - A0} + 070

K
1
< W1+ ¢ ) +nf - 4L? R+ ) E[ X2
< (e k067 412 s 204G} ) DRI

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

1
11 22 D (L AR + 1707 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; <

: m < g2 the for all local round
s=0,...,7 — 1, there is

K 1 K
k,L _
NZ Xt,s ||2+ EZEHXQS _X15||2
k= k=1
< ( + 1)0177[2(7' + p12naxD7'7/7)(a2E”vf(xt)||2 + 03) + (8 + 1)Clp1211axD7'7p77126%
D2 -
+ (s + DO 0 s + (s + 1)C1 (1 +—3° pi) n— (E.10)

where (' is a constant independent to parameters.
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Proof. Denote an auxiliary vector

1 K 1 K T
k,L —
M, = (N;EllXt,S 1%, K;Ellxﬁsxmz) : (E.11)

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 = (maxke[K] Pi(1 +g;§1) +appr - 4L n?pL(j' 4L2) (E.13)
Bio— (4an%<a2EVf<xt>||2 +02) + dprrfot + n%UZpiax) (). ®19
* 8707 (PE(|V f(x)[|* + o) + 17 < b '

Consider the eigen-decomposition of matrix G,

2 2 2 2
B 1 — 4n; P_LL )\1 0 1 4n; P_LL
¢= (0 /\11 . ) . (0 A2 ) 0 /\11&‘ ’ (E.15)
where we assume \; < Ao, thus we have
. 1 — anfprL? Moo 1 an?pr L? p(L)
iR — Ny —\ 1 . A1 —\
«'B (0 T o Ao T ) b®

J(p(l 4n prL?;(2 anfprL® yjp(2
M () + b)) — S A B) ) (E.16)
)\Jb( )

Therefore the sum of two elements has the following result

(1L,1)GI By o j = XM 4 A2 +i iun pLL?b®?

<X 0W +0?) + L/A\lszpLLQb(?). (E.17)
— A1
Therefore, we have the following result
- RORC) X — V 2,(2)
> (1L, 1)GIBy .- <Z<)\J e b))+ o AL L (E.18)

7=0 7=0

Since Ay > C, > 1, we have

No—N = )\1 1 A2 - 1
< J- <\ E.1
NN E A3 min )\27/\1,1 < A3 min )\27)\1,l , (E.19)

thus we have

s . 5 (1) 2 27(2)
jz:(:)(l,l)GﬂBm_j < JZ:(:)A; o) b +Z <>\J mln{ o l}m ApLLb) j>
(E.20)

By the definition of pr, = maxy¢[x) p2(1 + (&) and by the Gershgorin’s theorem, since 7; > 0, we
have the upper bound for \s,

Ay < 214+t 2pr, - 8L2,C,
z_maX{]gel%pk( +¢p ) i :

2 -1 PL 3
1 1 E21
<max{£€1?KX]pk( o)t e +2(4T—1)}’ (E2D)
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where the last inequality holds by the bound of 1} < &by < TorT L rjzz- Define a distance

constant D , = min {7 } Next we consider two cases: small or dense commumcat1on

) 1 p
network with ppax <1 — = and large and sparse communication network with ppax > 1 — =

Case 1: For ppax <1 — =, 1i.e. < 7, thus we have D, , = . Let ¢, =

we have
max pi (1 + = Pmax, = max = X — o Drps .
max pr(l+¢ ) =p pr = max {1 - pk} e » (E22)

where the middle part of the second equality holds by the monotonically increasing of ;*—. Then the
bound for A5 is formalized as

2
prnax 3
Aoy < max 71
Q—HMXL’ T 0 )27 (47 — 1) +2u7_n}

(1-2)? 3 }

1= pmax 1— pmax

2r—1) T e —

1
gmax{l——l—
p

<1+

E.23
4r -1’ ( )

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

ZAJbS ;< <(1+ ) ) Zb1)<3 Zb (E.24)

We also have

max 1 1- 1)2
P <1-—= + M
1 — pmax) (47 = 1)47 — 4(41 — 1)
where the second inequality holds by the upper bound for ppax. By the definition of matrix G, we
bound the difference of Ay — A1,

A2 - )\1 = CT — Pmax — 7712/)L4L2

Pmax
> _
= Cr (pm“ 0= ) (47 — 1>4T>

Pmax + M PLAL? < pmax + ( <C.,  (E25

1-1
Z C(‘r - (pmax + Pmax * 4(47__7-1)>

1 1
>1 - max max * T, 1
P (p o 4T1>

=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
2(171)G]Bt’5*j Sz)\%<bi(5,1e) _7 1(529) ] +Z<)\%mln{ W 7]}77l 4pLL2b§s j)

Jj=0 j—O

< 23 bV (2) +]Zo3n ~dpr, Lzbgj(mm{&l)\lg})
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then by the definition of b(*) and b(), we have
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Dz 52
+ 30707 Py + <3m + p?naxn?) n]
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where C'; is some universal constant. The inequality holds by pr, = p2,. D+, and D, , < 7.
Case 2: In this case we have ppax > 1 — -, whichmeans D, , = 7. Let ¢ = (47 — 1), thus we
have
s R+ G ) = a1+ (47 =17, 1 = 470 Dr (E29)

The upper bound for A5 has the form of

Ao < max{ max pr(1+ ¢ ) +niprL - 8L2,C'T}
kE[K]

2 —1 2p?nax 3
< max < pi.(1+ @4r—1) )—1—47__1714—2(47__1)

<1+ (E.30)

4r —1°
By the fact of min {ﬁ,l} <71 =D, ,, we have
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where the above inequalities hold by the fact that p, = 47p2,,, = 4D ,p2,. and the constraint
on step size ;. 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 =,

K

1
5 D ENXES P < (5 4+ DO Dr s (E V(I + 07) + (5 + D)C1 Do ppoas0t
k=1
D2 o?
+ (8 + DO proax0™ + (5 + O —55 P (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

1 K 1 K T
k,L =
Moo= (5 L EIRE L 2 Y Bt~ )
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(E.33)
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hence we have
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with the similar proof techniques as in Lemma[E3] there is
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O

E.4 LEMMAS FOR MODEL DIFFERENCE A;
E.4.1 FULL PARTICIPATION

Lemma E.5. The global model difference A; = Zszl Do Vi Al in full participation cases satisfy

0T, +anZIE[HNZVf1 s)

E[|A%) <

} . (E.36)
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T—1 1

Proof. Under full participation case, we have Ay = —m Y "0 % D ek Zz‘evk 81,6

N i
= Zs 0 N i=18t,s

2
} . (E.37)

where the inequalities holds by the fact of gt o 1s the unbiased estimator of V fl(xt ;) 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; = Zi{zl D ices, A in partial participation settings
satisfies

E[J|A¢]?]

27727_ T—2 1 N
< TIUQ + 2nf (T — EH’N vaz Xt s)

K
1 o
] + 4TH2E[HK vak(xf,r—l)
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: ]

n—m 1 & 2nfo? (n—m
—_— E[ xr . . E.38
+8<m(n 1) +77l ) (NZ || tT 1 ) N ( m pmax) ( )

Proof. Recall the definition in B} there are X; ; = % sz\;1 xi_ys (without consideration of client
sampling) and the intra-cluster average X ; = XF , —mx} .\, where X} ., =L ) g .
Consider the partial participation in the last step bfore the communication round, there is X; 1 =
+ e 1 Diest Xi,r = Yo e > iesk Xi,, and by Algorithm there is X; 11 — x¢ = Ay.

For the model difference A;, we have

2
E[IIAtllz]EHK m O Xer — Xt }
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k=1 i€eSk
) 2 2
<2E H ;77—5(157771 }-ﬁ-QE[ Xt,r—1 F - F X1 — X ]7 (E.39)
k 1liesSk
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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. [E:40] we have
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where the first equation holds because
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and the second inequality holds by the similar relationship
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where the third equation holds by the probablhty of random sampling with replacement, i.e., P{i €

Si}=2Pli£jeSi}= %71),]?{1 €S,jeSlk#1le K|} = ’:}—; The forth equation
holds by <a b) = zlllall® +[1bl]* — la = blI], 3 3=, ; llas —a|1> = 320 nllai|® — | 20, adl?,

K ki K ki ki l,
and || >, Zievk yi'IIP = > k=1 | Zievk v I? + Zk;ﬁl Zievk Zjevl< ZYtj>~ The last
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
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where  the  second  equation  holds by >y, > .oy, (Wk)i,jifﬂ.fl =
Yiev Zjevk(wk)i,jifﬁ—l’ the third equation holds by >, Zjevk(Wk)i,ijk(Xf,T—l) =
Dicvy 2jev, Wik)i iV (X ,_1), the first inequality holds by L-smoothness and Cauchy-Schwarz
inequality, the second inequality holds by the assumptlon of doubly stochastic Welghtlng matrix, and
the last inequality is due to the previous definition of X L ;. By the definition of yt , we also have
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where the first inequality holds by the fact of 0 < (W%));; < 1 and|jwiia1 + wigas + -+ +

2 _ 2 2 2 S a2 2 < 2 2. 2
winan P = wh g |2+ wyllas]?+ -+ wd, Jagl? < wirllas |2+ wialag]? -+ wialan] .
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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where the last inequality holds with the constraint on the learning rate 7; < ﬁ.

For the second term in Eq. [E.40] we perform the similar strategies related to the client sampling and
weighted gossip mixing (corresponding to Eq. [E.46)
]
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where the second equation holds by the stochastic gradient noise is zero mean and independent
distributed. By the independency of (V fi(Xi,T_l) — g{ﬁT_l) and the double-stochasticity of W7, i.e.,
Wil=1and1"W, =17, we have
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For the Frobenius norm ||W||2, 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 dy, 1 < dp2 < - - < dg, = 1, we have
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Summarize the items, we have
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Therefore, we have the following result,
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For the remaining part in Eq. [E.39] we have
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where the forth equation holds since the stochastic noise (g} , — V fi(x} ,)) is zero mean Hence for
partial participation, the model difference A satisfies
2}
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E.5 ADDITIONAL SUPPORTING LEMMAS

Lemma E.7 (Lemma for momentum term in the update rule). The first order momentum terms my
in Algorithm [T)and [2hold the following relationship w.r.t. model difference A;:

T T
> E[my]?] < ST E[IA)]. (E.58)
t=1 t=1

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 Assumptlons [5.2] for HA-Fed, we have |V f(x)|| <
m7G and ||v¢| < nPT?G2.

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

IV = BV f(x, Il < Ee|[V(x, €l < G.
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For HA-Fed, the model difference Af on cluster k satisfies,

Af_xt‘r_xt _nlzgtsa

therefore,
T—1
3t = o St = [ 5 T s <
s=0 = i€V
for the global model difference A,
1
2= ¥ &t <wrc.

ke[K]

Thus we can obtain the bound for momentum m; and variance vy,

t t
Il = 1= 60 Y ] < e, el =@ - ) 32 a5l < e
=1 =1
This concludes the proof. O
Lemma E.9. For the variance difference sequence {\7;11/ 7 \A/'t_ /2 we have
Ty R d Ty R 2
SIVEAE-v2 < —, SV <= (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 [Wang et al.
(2022b). O

Lemma E.10. For the element-wise difference, W; = we have |W;]| <

VR I|A.

1 1
VVvite \/BQVt_l—‘—E,

Proof. The proof of Lemma [E.9]is exactly the same as the proof of Lemma C.1 in [Wang et al.
(2022b)). 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), yl(k)) corresponding to client k. For each client k, xgk) has mean p and covariance matrix 3,

ie., :Jc ~ N(pk, ). The mean py, varies from each client, thus data on each client are generating
from different distributions. Specifically, we set p11 = (1,0) and py = (0, 1), and labels of two

clients are setup with yl(l) = 0 and yl@ = 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

(k)

of comparison: (1) data sample x;" 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 ] 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
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Figure 4: The comparison of local training loss and global training loss for FedAMSGrad and HA-Fed.
(a)(b) is the comparison for group (1), (c)(d) is the comparison for group (2).

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;
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’ = ﬁ Zf\; w;, together with the training data
g = Uf\il & from all clients, the global training loss is calculated by feoba = f(W';&’), where

f= % Zfil 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 ] 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 ] 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 (Krizhevsky et al.,2009) 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 (Krizhevsky et al.,[2009)) 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 (Xiao et al.}
2017) 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
(McMahan et al., 2017; Yang et al.,|2021; |Hsu et al., [2019).

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 rater
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
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two methods. For the global AMSGrad optimizer, we set 81 = 0.9, 51 = 0.99, and we search the
best € from {10719, 107%,1075,107%, 1072}.

Specifically, for the ResNet-18 model on CIFAR-10 dataset, we set the local learning rate 7, = 0.1
and the global learning rate = 0.0005 for FedAMSGrad and n; = 0.1, n = 0.001 for HA-Fed, set
e = 1078 for both methods. For training ConvMixier-256-8 model on CIFAR-10 dataset, we set
m = 0.1, = 0.001 for FedAMSGrad, and n; = 0.1, = 0.01 for HA-Fed, set ¢ = 10~ for both
methods. For training ResNet-18 model on CIFAR-100 dataset, we set 17; = 0.1, n = 0.001 and
e = 1078 for both methods. For training ConvMixer-256-8 model on CIFAR-100 dataset, we set
m = 1.0, = 0.01 and € = 10~8 for both methods. For training ConvMixer-256-8 model on Fashion
MNIST dataset, we set ; = 0.1,7 = 0.0005 for FedAMSGrad, 1; = 0.1, = 0.001 for HA-Fed,
and we set ¢ = 10~8 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~%. We set i, = 0.1, = 0.01 and € = 10~® for FedAdam,
m = 0.01,77 = 1.0 for FedAvg, and 7, = 0.1,1 = 0.01 and € = 10~® for Fed Yogi.

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 (Trockman & Kolter, |2022)) on Fashion
MNIST (Xiao et al.,[2017) dataset, where the CNN model E]contains around 29 thousand trainable pa-
rameters; 2) HA-Fed and FedAMSGrad in training ResNet-18(He et al., 2016) and ConvMixer-256-8
model (Trockman & Kolter, [2022) on CIFAR-10(Krizhevsky et al.,|2009) 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 5: 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[5]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 5| 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.

Figure[6]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
FedAMSGrad 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

"The 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.

40



Under review as a conference paper at ICLR 2023

—— FedAMSGrad
—— HA-Fed

—— FedAMSGrad 085
—— HA-Fed

2

308
2
°

°

Trailsimg Loss

Teét Accuracy
Iraining Loss
g

Test Accuracy

—— FedAMSGrad
—— HA-Fed

—— FedAMSGrad
—— HA-Fed

0 100 200 300 400 500 0 100 200 300 400 500 o 0 100 200 300 400 500 0 100 200 300 400 500
#Rounds #Rounds #Rounds #Rounds

(a) ResNet-18 (b) ConvMixer-256-8

Figure 6: The learning curves for HA-Fed and Fed AMSGrad in training CIFAR-10 data on (a) ResNet-
18 model and (b) ConvMixer-256-8 model using ring topology for intra-cluster communications.

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 7: The learning curves for HA-Fed and several federated learning baselines in training CIFAR-
10 data on ConvMixer-256-8 model.

Figure [7] 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%.

Figure 8] shows the empirical convergence result of our HA-Fed with FedAMSgrad, one adaptive
federated optimization method, and Decentralized AMSGrad, one adaptive decentralized optimization
method, on training CIFAR-10 with ConvMixer-256-8 model. Our proposed HA-Fed shows its
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Figure 8: The learning curves for HA-Fed, FedAMSGrad and Decentralized AMSGrad in training
CIFAR-10 data on ConvMixer-256-8 model.

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 9: The learning curves for HA-Fed when cluster partial active cases in training CIFAR-10
data on ConvMixer-256-8 model.

Figure 0] 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 [9]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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