Published at 1st Conference on Lifelong Learning Agents, 2022

EFL: ELASTIC FEDERATED LEARNING ON NON-IID DATA

Zichen Ma Yu Lu

The Chinese University of Hong Kong, Shenzhen The Chinese University of Hong Kong, Shenzhen

JD Al Research JD AI Research

China China

zichenmal@link.cuhk.edu.cn yulul@link.cuhk.edu.cn

Wenye Li Shuguang Cui

The Chinese University of Hong Kong, Shenzhen The Chinese University of Hong Kong, Shenzhen

Shenzhen Research Institute of Big Data Shenzhen Research Institute of Big Data

China China

wyli@cuhk.edu.cn shuguangcui@cuhk.edu.cn
ABSTRACT

Federated learning involves training machine learning models over devices or data silos, such as
edge processors or data warehouses, while keeping the data local. However, training in heteroge-
neous and potentially massive networks introduces bias into the system, originating from the non-1ID
data and the low participation rate. In this paper, we propose Elastic Federated Learning (EFL), an
unbiased federated training framework capable of tackling the heterogeneity' in the system. EFL
extends lifelong learning to realistic federated settings, makes the most informative parameters less
volatile during training, and utilizes the incomplete local updates. It is also an efficient and effective
algorithm that compresses both upstream and downstream communications with a convergence guar-
antee. We empirically demonstrate the efficacy of our framework on a variety of non-IID datasets
and show the competitive performance of the algorithm on robustness and efficiency.

1 INTRODUCTION

Federated learning (FL) has been an attractive distributed machine learning paradigm where participants jointly learn
a global model without data sharing (McMahan et al., 2017a). It embodies the principles of focused collection and
data minimization and can mitigate many of the systemic privacy risks and costs resulting from traditional, centralized
machine learning (Kairouz et al., 2019). While there are plenty of works on federated optimization, bias in the
system remains a crucial challenge. The origins of bias are from (i) the statistical heterogeneity that data are not
independent and identically distributed (IID) across clients; (ii) the low participation rate due to limited computing
and communication resources (systemic heterogeneity), e.g., network condition, battery, processors, etc.

Existing FL. methods empower participants to accomplish several local updates, and the server will abandon struggling
clients, which attempt to alleviate the communication burden. The popular algorithm, FedAvg (McMahan et al.,
2017a), first allows clients to perform a small number of epochs of local stochastic gradient descent (SGD), then
successfully completed clients communicate their model updates back to the server, and stragglers will be abandoned.

While there are many variants of FedAvg, and they have shown empirical success in the non-IID settings, these
algorithms do not fully address bias in the system. The solutions are sub-optimal as they either employ a small shared
global subset of data (Zhao et al., 2018) or a more significant number of models with increased communication costs
(Karimireddy et al., 2020b; Li et al., 2018; 2019). Moreover, to the best of our knowledge, previous models do not
consider the low participation rate, which may restrict the potential availability of training datasets and weaken the
system’s applicability.

This paper develops Elastic Federated Learning (EFL), an unbiased algorithm that addresses the issue of bias mitiga-
tion in FL, which is robust to non-1ID data (statistical heterogeneity), and different client behaviors (systemic hetero-
geneity). Contributions of the paper are as follows: First, EFL is robust to the non-IID data setting. It incorporates
an elastic term into the local objective to improve the algorithm’s stability and makes the most informative parameters

"Details of the heterogeneity are summarized in Appendix A.1
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identified by the Fisher information matrix less volatile. Theoretically, we provide the convergence guarantees for the
algorithm.

Second, EFL still converges even when the system has a low participation rate, i.e., many clients may be inactive
or return incomplete updates. It utilizes partial information by scaling the corresponding aggregation coefficient.
We show that the low participation rate will not impact the convergence, but its tolerance diminishes as the training
continues.

Finally, the proposed EFL is a communication-efficient algorithm that compresses both upstream and downstream
communications. We provide the convergence analysis of the compressed algorithm and extensive empirical results
on different datasets. The algorithm requires both fewer gradient evaluations and communicated bits to converge.

2 RELATED WORK

Federated Optimization Recently we have witnessed significant progress in developing novel methods that address
different challenges in FL (Kairouz et al., 2019; Li et al., 2020a). Concretely, there have been various works on
different aspects of FL, including preserving users’ privacy (McMahan et al., 2017b; Agarwal et al., 2018; Zhu et al.,
2020) and lowering communication costs (Reisizadeh et al., 2020; Dai et al., 2019; Basu et al., 2019; Li et al., 2020b).
Some works develop algorithms for the homogeneous setting, where the data samples of all users are sampled from the
same probability distribution (Stich, 2018; Wang & Joshi, 2018; Zhou & Cong, 2017; Lin et al., 2018). More related
to our paper, several works have been proposed to handle the heterogeneity in FL (Zhao et al., 2018; Haddadpour &
Mahdavi, 2019; Wang et al., 2020; Zhu et al., 2021; Li et al., 2021), including regularizing model weight updates (Li
et al., 2020a), allowing personalized models for clients (Fallah et al., 2020; T Dinh et al., 2020), or introducing new
model aggregation schemes (Yurochkin et al., 2019; Mansour et al., 2020). Still, the solutions are not optimal as they
violate privacy requirements or increase the communication burden.

EFL differs from these approaches by simultaneously mitigating non-IID data issues with the elastic term and alleviat-
ing the low participation rate problem, which originates from systemic heterogeneity, while stabilizing the training. To
our best knowledge, we present the first work investigating clients with different behaviors in heterogeneous settings,
which appeals to practical applications. Furthermore, our approach can also address communication costs concerns,
where communications between clients and the server are compressed and preserve the algorithm’s efficiency.

Lifelong Learning/Continuous Learning The problem is defined as learning separate tasks sequentially using a
single model without forgetting the previously learned tasks. Several popular approaches have been proposed in this
context, such as data distillation (Parisi et al., 2018), model expansion (Rusu et al., 2016; Draelos et al., 2017), and
memory consolidation (Soltoggio, 2015; Shin et al., 2017). A particularly successful one is EWC (Kirkpatrick et al.,
2017), a method to aid the sequential learning of tasks.

To draw an analogy between FL and the problem of Continuous Learning, we consider the problem of learning a
model on each client in the non-IID setting as a separate learning problem. It is not surprising that similar approaches
are being applied to solve FL and Continuous Learning problems. One such example is data distillation, in which
representative data samples are shared between tasks (Hou et al., 2018; Zhao et al., 2018). However, FL is frequently
used to achieve data privacy. Sending data directly from one client to another (or the server) would break privacy.
Therefore, we seek other information to be shared between the tasks.

The answer to what kind of information to use may be found in Kirkpatrick et al. (2017). The authors present a new
algorithm for Continuous Learning, Elastic Weight Consolidation (EWC), aiming to prevent catastrophic forgetting
when moving from learning task A to learning task B. The idea is to identify the coordinates in the network param-
eters that are the most informative for task A, while task B is learned by penalizing the learner for changing these
parameters. The basic assumption is that deep neural networks are over-parameterized enough to have good chances
of finding an optimal solution to task B in the neighborhood of the previously learned task A’s solution.

Communication-efficient Distributed Learning A wide variety of methods have been proposed to reduce the amount
of communication in distributed machine learning. The substantial existing research focuses on: (i) communication
delay reduces the communication frequency by performing local optimization (Kone¢ny et al., 2016; McMahan et al.,
2017a); (ii) sparsification reduces updates’ entropy by restricting changes to only a small subset of parameters (Aji &
Heafield, 2017; Tsuzuku et al., 2018); (iii) dense quantization reduces the entropy of the weight updates by restricting
all updates to a reduced set of values (Alistarh et al., 2017; Bernstein et al., 2018).

Out of all the above-listed methods, only FedAvg and signSGD compress upstream and downstream communications.
All other methods are of limited utility in FL settings, as they leave communications from the server to clients uncom-
pressed.
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Algorithm 1 EFL. N clients are indexed by k, p¥ is the probability that the k-th client is selected, 7, is the learning
rate, F is the maximum number of time steps each round has, and 0 < s’ﬁ < FE is the number of local updates the k-th
client completes in the 7-th round.

Server executes:
initialize wo; RS, RE + 0.
forround 7 =1,2, ... do
S; <+ (selecting a subset of IV clients)
for client k£ € S, in parallel do
AwF L uk vF < ClientUpdate(, ST(Aw(Ci_l)E), Spuk Y vk )
Awlp = RE )5+ 2 PEAWE
RSy = Awlp — ST(AwSy)
W(Ci+1)E = wp + Awlp
end for
end for

ClientUpdate(k, ST(Aw(. ) 5), 325wk 1, 305 vE_):

wkp = wé“Tfl)E + ST(Awgfl)E)
forj=0,....s* — 1do
k _ ok k
WrEtj+1 = Wretj — M9rE+;
end for

k_ ph k ok
Aw‘l’E - R('rfl)E + WTE+S§ WrE

Rip = Awip — ST(Awrg)
uy = diag(I7 ;)

vk = diag(IT’k)w}:EH,;
return ST(Aw® ), u¥, v to the server

y Yy Yr

3 ELASTIC FEDERATED LEARNING

In this section, we first formulate the EFL method, an unbiased algorithm that alleviates the heterogeneity in federated
machine learning. Then, we establish the convergence bound for the algorithm when it trains on the non-IID data at
the low participation rate. Finally, we discuss the impacts of irregular clients on the algorithm’s convergence.

3.1 PROBLEM FORMULATION

EFL is designed to mitigate the heterogeneity in the system, wherein the problem is originated from the non-IID data
across clients and the low participation rate. In particular, the aim is to minimize:

N
min F(w) = Y p*Fr(w), )

© k=1
where N is the total number of clients, ny is the number of available samples the k-th client owns, n = chvzl nk, and
pF = 2k denotes the probability of selecting the k-th client. Here w represents the model’s parameters, and Fy(w) is

the local objective of the k-th client.

Assuming there are at most 7" rounds. For the 7-th round, the clients are connected via a central aggregating server
and seek to optimize the following objective locally:

- Py , 4
Fr(@) = fi(w) + 5 D _(w—wp ) diag(lr 1) (w = wiy), @)
i=1

where fj(w) is the local empirical risk over all available samples at the k-th client. w’ _; is the model parameters
of the i-th client in the (7 — 1)-th round. I,_;; = I(w’_;) is the Fisher information matrix, which is the negative
expected Hessian of the log-likelihood function. diag(l,_1 ;) is the matrix that preserves values of the diagonal of the
Fisher information matrix, which aims to penalize parts of the parameters that are too volatile in a round.
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Algorithm 2 Compression Method S7T'. ¢ is the sparsity, tensor 7" € R", and Te {=1, 0, u}™
ST(T):

k = max(ng,1); e = topr(|T))

mask = (|T| > e) € {0,1}"; T™* = mask x T

K= %Z?:1 | Tk

T = p x sign(T™ask)

return 7

We propose adding the elastic term (the second term of Equation (2)) to the local subproblem to restrict the most
informative parameter changes. It alleviates bias originating from the non-IID data and stabilizes the training. We can
further rearrange Equation (2) as

N N
~ A . . ;
Frp(w) = fe(w) + §wT §‘_1 diag(I, 1 ;)w — Aw’ E‘_l diag(I, 1 ;)wl_ | + Z, 3)

where Z is a constant. Let u¥_; = diag(I,_1 ), and v¥_; = diag(L, 1 x)wF_;.
Suppose w* is the minimizer of the global objective F', and denote by ﬁlj the optimal value of ﬁk. Let the degree

to which data at the k-th client is distributed differently than that at other clients as Dy = Fy, (w*) — ﬁ,:‘, where

D = Zszl p*Dy.. We consider discrete time steps t = 0,1, .... Model weights are aggregated and synchronized
when ¢ is a multiple of F, i.e., each round consists of E' time steps. In the 7-th round, EFL, presented in Algorithm 1,
executes the following steps:

First, the server broadcasts the compressed latest global weight updates ST(Aw{ ) ), -, uf_y, and 35, v _; to
participants. Each client then updates its local weight by wf B = wé“T_l) gt Aw(ci_l) B

Second, each client runs SGD on its local objective ﬁk forj =0,..,sF - 1:

k _ k k
WrE4+j+1 = WrE4+j — Ir9rE4j» “4)

where 7, is a learning rate that decays with 7, 0 < s¥ < F is the number of local updates the client completes in the -
thround, gf = VF,(wF, £F) is the stochastic gradient of the k-th client, and £F is a mini-batch sampled from client k’s

local data. g = V Fy(wF) is the full batch gradient at client k, and g = Eer [9F], Awkp = R?T_l)E erfEJrSk —wkp,
where each client computes the residual as

RFp = AwPy, — ST(AWEL). (5)

ST(-) is the compression method presented in Algorithm 2. The client sends the compressed local updates
ST(AwF ), u¥, and v¥ back to the coordinator.

Finally, the server aggregates the next global weight by

G _ G G
w(T+1)E = W:g + AwTE

N
G G
=wrp +RG e+ ZpﬁAWI:E

k=1 (6)
N sk
G G K k
=w'p+ R _1)p— ZPT Z Nr9rE+js
k=1  j=0

where RC, = AwSy, — ST(AwS).

As mentioned in Section 1, clients’ low participation rate in an FL system is prevalent in reality. EFL mainly focuses
on two situations that lead to the low participation rate, which are not yet well discussed previously: (i) incomplete
clients that can only submit partially complete updates; (ii) inactive clients that cannot respond to the server.

Client £ is inactive in the 7-th round if s’; = 0, i.e., it does not perform the local training, and k is incomplete if
0 < sk < E. s* is a random variable that can follow an arbitrary distribution. It can generally be time-varying, i.e.,
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Table 1: The number of required communication rounds to reach e-accuracy. SC refers to strongly convex, NC is
non-convex, and § in MIME bounds Hessian dissimilarity. EFL preserves the optimal statistical rates (first term in
SCAFFOLD) while improving the optimization.

Algorithm  Bounded gradient Convexity # Communication rounds

SCAFFOLD v p-SC o G 4L
MIME v 11-SC &+
VRL-SGD X NC No? | N
Fed AMP v NC S+ S+ L
€2
G? L
EFL v ’U’_SC uSe + NG

it may follow different distributions at different time steps. EFL also allows the aggregatlon coefficient p* to vary
with 7, and in the following subsection, we explore various schemes of choosing p* and their impacts on the model
convergence.

EFL incorporates the sparsification and quantization to compress the upstream (from clients to the server) and the
downstream (from the server to clients) communications. It is not economical to communicate the elements at full
precision as the standard top-£ sparsification (Aji & Heafield, 2017) method does. As a result, EFL quantizes the top-
k components of the sparsified updates to the mean population magnitude, leaving the updates with a ternary tensor
containing {—p, 0, 1}, The details are summarized in Algorithm 2.

3.2 CONVERGENCE ANALYSIS

Five assumptions are made to help analyze the convergence behaviors of the EFL algorithm.

Assumption 1 (L-smoothness) ﬁl, . F 'v are L-smooth, and F is also L-smooth.

Assumption 2 (Strong convexity) F Ty eee F v are p-strongly convex, and F is also p-strongly convex.
Assumption 3 (Bounded variance) The variance of the stochastic gradients is bounded by E¢||gF — gr||*> < o}

Assumption 4 (Bounded gradient) The expected squared norm of the stochastic gradients at each client is bounded
by Ee|lgf[]> < G*.

Assumption 5 (Bounded aggregation coefficient) The aggregation coefficient has an upper bound, which is given by
2 k
py < 0p~.

Assuming E[p’j] ksk1, E[(p¥)?s¥], and E[Zg pE -2+ 22[:1 pksk] exist for all rounds 7 and clients k, and
E[> . p—1 PEs¥] # 0. The convergence bound can be derived as

. . 16 E .
Theorem 1 Under Assumptions I to 5, for learning rate n, = DB Pt the EFL satisfies
C H.J
E||lwS, — w*||? < T i 7
_ 4E%0 32E(14+0)L o 7—1 ..
where v = max {mmT L) S k]} H, = >, E[r], r € {0,1} indicates the ra-
. E[p®s * T—1 E[B:]
tio [Z;T = has the same value for all k, C, = max{y’E||w§ — w ||2,(%)2 =0 W} B, =

N
Yoo (pF)?sfo} + 2(2 + )LZk L PEstDr + (2 + W)E( — DG, phst + (5 pf - 2) +

(ps 32BN E[pkst
Zk 1Pyt )+2EG221€ 1 I;k sk, J = maxf{m}

Based on Theorem 1, C, = O(7), which means w%; will finally converge to a global optimum as 7 — oo if H,
increases sub-linearly with 7. Table | summarizes the required number of communication rounds of SCAFFOLD
(Karimireddy et al., 2020b), MIME (Karimireddy et al., 2020a), VRL-SGD (Liang et al., 2019), FedAMP (Huang
et al., 2021), and EFL. The proposed EFL algorithm achieves a tighter bound than methods that assume p-strongly
convex. The proof of Theorem | is summarized in Appendix A.2.
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4 IMPACTS OF IRREGULAR CLIENTS

Non-IID data are prevalent in FL, where the data distribution on the i-th client P; is different from P; on the j-th client,
i.e., data are highly skewed, extremely imbalanced, and vary across clients (McMahan et al., 2017a; Zhao et al., 2018).
From a statistical perspective, it leads to distribution shifts, which raises the difficulties of model convergence (Hsich
et al., 2020). In reality, non-I1ID data issues naturally arise in recommender systems and personalized advertisement
placement. For example, different mobile phone users who read news articles may be interested in different news
categories like politics, sports, or fashion; advertisement platforms might need to send different types of ads to different
groups of customers.

Clients with limited computation resources (CPU, RAM), low power, or poor network conditions may fail to commu-
nicate with the server, i.e., be inactive or return incomplete updates. These undesirable behaviors introduce the bias
into the system and are proved to degrade the system’s performance since they magnify the discrepancies between
irregular models and the global model (Sahu et al., 2018; Chen et al., 2018).

EFL can absorb incomplete and inactive clients into the federated training, unlike previous algorithms, which abandon
these clients. This section investigates the impacts of clients’ different behaviors, including being inactive, incomplete,
new client arrival, and client departure.

4.1 INACTIVE CLIENT

T—1
If inactive clients exist, the convergence rate changes to O(%) y; indicates if there are inactive clients in the
t-th round or not. Furthermore, the term converges to zero if y; € O(7), which means that a mild degree of the inactive
client will not discourage the convergence. A client can frequently become inactive due to the limited resources in
reality. Permanently removing the client, in this case, may improve the model performance. Specially, we will remove

the client if the system without this client leads to a smaller training loss when it terminates at the deadline 7T'.

Suppose a client a is inactive with the probability 0 < y* < 1 in each round, and let f,(7) be the convergence bound
if we keep the client, f1(7) be the bound if it is abandoned at 7y. For f; with sufficiently many steps, the first term
in Equation (7) shrinks to zero, and the second term converges to y“J. Thus, fo ~ y“J, and we can obtain that

fi(r) = (E'(T—(::'W for some 6’T and 7, thus we have
Corollary 1 An inactive client a should be abandoned if
y*J > f1(T). (8)

Assuming C. ~ 67 = 7C and v = 7, i.e., the removed client does not significantly affect the overall SGD variance
and the degree of non-1ID, then Equation (8) can be formulated as

y* > O(ﬁ)~ &)

From Corollary 1, the more epochs the training on the local client, the more sensitive it is to the in-activeness.

4.2 INCOMPLETE CLIENT

Based on Theorem 1, the convergence bound is controlled by the expectation of p* and its functions. EFL allows

k
clients to upload partial updates with adaptive weight p* = ES’Z . It assigns a more significant aggregation coefficient

to clients that complete fewer local epochs and turns out to zgTuarantee the convergence in the non-IID setting. The
A0 DD DA L VLRl 2 Dt D S VL |
(TE¥E?)? :

resulting convergence bound follows O(

The reason for enlarging the aggregation coefficient lies in Equation (6) that increasing p¥ is equivalent to increasing
the learning rate of client &, by assigning clients that complete fewer epochs a more significant aggregation coefficient,
these clients effectively run further in each local step, compensating for fewer epochs.

4.3 CLIENT DEPARTURE

If k-th client quits at 79 < T, the server will receive no more updates and s’j = 0 for all 7 > 7. As aresult, the value

k Kk
of ratio % is different for different k, and r. = 1 for all 7 > 5. According to Theorem 1, w’}, cannot converge
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to the global optimum w* as Hy > T — 7. Intuitively, a client should contribute sufficiently many updates for its
features to be captured by the trained model in the non-IID setting. After a client leaves, the remaining training steps
will not keep much memory as it runs more rounds. Thus, the model may not apply to the leaving client, especially
when it leaves early in training (79 < T'), which indicates that we may discard the departing client if we cannot
guarantee the trained model performs well on it. The earlier a client leaves, the more likely it should be discarded.

However, removing the departing client (the a client) from the training may push the original learning objective
F = Zgzl pF F}, towards the new one F' = Z,If:l kta pFFy. The optimal weight w* will shift to some &* that

minimizes F'. A gap exists between two optima, which adds a term to the convergence bound obtained in Theorem 1.
Thus, more updates are required for wTGE to converge to the new optimal w*.

4.4 CLIENT ARRIVAL

The same argument holds when a new client joins in the training, requiring changing the original global objective to
include the new client’s loss. The learning rate also needs to be increased when the objective changes. Intuitively, if
the shift happens at a large time 7, where wa approaches the old optimum w* and 7)., is close to zero, reducing the
latest differences ||wS; — @*||? ~ [|w* — &*||? with a small learning rate is inapplicable. Thus, a more significant
learning rate should be adopted, which is equivalent to initiating a fresh start after the shift, and they still need more
updating rounds to address the new client fully.

We also present the bounds of the additional term due to the objective shift as

Theorem 2 For the global objective shift F' — F and w* — &, let Dy = Fy, (W*) — F} quantify the degree of
non-I1ID data for the new objective. If client a quits the system, we have

o~
Jlo* = &*|1” < % (10)
If client a joins the system, we have
. s 8Ln3ﬁa
[l —@"|* < 5, (1n
p2(n +ng)

where n is the total number of samples before the shift.

We can conclude that the bound reduces when the data becomes more IID and the changed client owns fewer data
samples.

5 EXPERIMENTS

In this section, we first demonstrate the effectiveness and efficiency of EFL in the non-IID data setting and compare it
with several baseline algorithms. Then, we show the robustness of EFL on the low participation rate challenge.

5.1 EXPERIMENTAL SETTINGS

Both convex and non-convex models are evaluated on several benchmark datasets of FL. Specifically, we adopt
MNIST (LeCun et al., 1998), EMNIST (Cohen et al., 2017) dataset with Resnet50 (He et al., 2016), CIFAR100
dataset (Krizhevsky et al., 2009) with VGG11 (Simonyan & Zisserman, 2014) network, Shakespeare dataset with an
LSTM (McMahan et al., 2017a) to predict the next character, Sentiment140 dataset (Go et al., 2009) with an LSTM to
classify sentiment, and synthetic dataset with a linear regression classifier.

All experiments are implemented using PyTorch (Paszke et al., 2019) and run on a cluster where each node is equipped
with 4 Tesla P40 GPUs and 64 Intel(R) Xeon(R) CPU E5-2683 v4 cores @ 2.10GHz. For reference, statistics of
datasets, and implementation details are summarized in Appendix A.3.

5.2 EFFECTS OF NON-IID DATA

We run experiments with a simplified version of the well-studied 11-layer VGG11 network, which we train on the
CIFAR100 dataset in an FL setup using 100 clients. We randomly split the training data into equally sized shards for
the IID setting and assigned one shard to every clients. For the non-IID (m) setting, we assign every client sample
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Table 2: Efficiency comparison between EFL, FedAvg and FedProx using EMNIST, CIFAR100 and Shakespeare
datasets. Summary of average (standard deviation) testing accuracy is reported. Our method maintains competitive
performance but needs fewer (~10%) communication intermediaries. we report an average value of 50 runs.

Dataset Method  Testing Accuracy # Comm. Roundsx100 Total Comm. Bits
EFL 85.93(.27) 41 4.526 x 103
EMNIST FedAvg 73.21(.65) 66 2.292 x 104
FedProx 78.31(.40) 38 2.466 x 10%
EFL 81.38(.33) 163 3.258 x 10°
CIFAR100 FedAvg 2.27(.79) 275 2.958 x 10°
FedProx 80.16(.51) 187 2.721 x 10°
EFL 60.49(.38) 254 1.694 x 109
Shakespeare =~ FedAvg 51.35(.74) 346 1.703 x 100
FedProx 54.28(.52) 238 1.917 x 1010
g ey ottty =ty
o /,/
\f .
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Figure 1: Testing Accuracy-Communication Rounds comparisons of VGG11 on CIFAR100 and Resnet50 on EMNIST
for IID and non-IID settings. In the non-IID cases, every client only holds samples from exactly m classes in the
dataset. All methods suffer from degraded convergence speed in the non-IID situation, but EFL is affected by far the
least.

from exactly the m classes of the dataset. We also perform experiments with Resnet50, where we train on the EMNIST
dataset under the same setup of the FL environment. Both models are trained using SGD.

Figure 1 shows the convergence comparison in gradient evaluations for the two models using different algorithms.
FedProx (Li et al., 2018) incorporates a proximal term in local objective to improve the model performance on the non-
IID data, SCAFFOLD (Karimireddy et al., 2020b) adopts control variate to alleviate the effects of data heterogeneity,
and APFL (Deng et al., 2020) learns personalized local models to mitigate heterogeneous data on clients.

We observe that while all methods achieve comparably fast convergence in terms of gradient evaluations on IID
data, they suffer considerably in the non-IID setting. From left to right, as data becomes more non-IID, convergence
becomes worse for FedProx, and it can diverge in some cases. SCAFFOLD and APFL exhibit their ability in alleviating
the data heterogeneity but are not stable during training. As this trend can also be observed for Resnet50 on EMNIST
case, we can concluded that the performance loss that is originated from the non-IID data is not unique to some
functions. We defer the experiments using different base models (ResNet50 on CIFAR100 and VGG11 on EMNIST
datasets) to Appendix A.5.

We subsequently characterize EFL’s performance efficiency. Regarding the communication costs, We report results in
Table 2 to show that our method maintains better performances but needs fewer (~10%) communicated bits.

Aiming to illustrate the proposed algorithm’s effectiveness better, we further evaluate and compare EFL with the
state-of-the-art algorithms, including FedGATE (Haddadpour et al., 2021), VRL-SGD (Liang et al., 2019) (methods
with regularization terms to alleviate non-IID data), APFL (Deng et al., 2020), and PFedMe (T Dinh et al., 2020)
(personalized algorithms to mitigate the heterogeneous issue) on MNIST, CIFAR100, Sentiment140, and Shakespeare
datasets. The performance of all the methods is evaluated by the best mean testing accuracy (BMTA) in percentage,
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Table 3: BMTA comparisons for the non-IID data setting
Methods ~ MNIST CIFAR100 Sentiment140 Shakespeare

FedAvg 98.30 2.27 59.14 51.35
FedGATE  99.15 80.94 68.84 54.71
VRL-SGD  98.86 2.81 68.62 52.33
APFL 98.49 77.19 68.81 55.27
PFedMe 99.06 81.17 69.01 58.42
EFL 99.10 81.38 68.95 60.49
Resnet50 @ EMNIST VGG11 @ CIFAR100 LSTM @ Sent140 LSTM @ Shakespeare
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Figure 2: The first row shows Testing Accuracy-Communication Rounds comparison, and the second row shows
Training Loss-Communication Rounds comparison in non-IID settings. EFL with elastic term stabilizes and improves
the convergence of the algorithm.

where the mean testing accuracy is the average of the testing accuracy on all participants. For each of the datasets, we
apply a non-IID data setting.

Table 3 shows the BMTA of all the methods under non-IID data setting, which is not easy for vanilla algorithm FedAvg.
On the challenging CIFAR100 dataset, VRL-SGD is unstable and performs catastrophically because the models are
destroyed such that the customized gradient updates in the method can not tune it up. APFL and PFedMe train
personalized models to alleviate the non-I1ID data. However, the performance of APFL is still damaged by unstable
training. FedGATE, PFedMe, and EFL achieve comparably good performance on all datasets. An insight implicit in
this set of experiments is that while personalized FL emerges as prevalent solutions for heterogeneous settings, well-
designed algorithms with regularization like EFL can achieve competitive performances regarding testing accuracy.

5.3 ABLATION STUDIES: A, E/, AND ¢

EFL utilizes the incomplete local updates, which indicates that clients may perform a different amount of local epochs
sk. This parameter and the elastic term scaled by \ affect the algorithm’s performance. However, s¥ is determined by
its constraints, i.e., it is a client-specific parameter. EFL can only set the maximum number of local epochs to prevent
local models from drifting too far away from the global model and tuning the best A. Intuitively, a proper A choice
restricts the optimization trajectory by limiting the most informative parameters’ change and guarantees convergence.

We explore the impacts of the elastic term by setting different values of A and investigate whether the maximum num-
ber of local epochs influences the convergence behavior of the algorithm. Figure 2 shows the performance comparison
on several datasets using different models. We compare EFL with A = 0 and EFL with best \. We can observe that
the appropriate A stabilizes methods’ convergence and force divergent algorithms to converge for all datasets. It also
increases the accuracy in most cases. As a result, setting A > 0 is particularly useful in the non-IID setting, indicating
the EFL benefits realistic federated environments.

We also conduct an additional ablation over different values of sparsity parameter (¢) and report these results in Table
4. We found a strong correlation between the sparsity indicator ¢ and performances. Increasing ¢ (less sparse updates)



Published at 1st Conference on Lifelong Learning Agents, 2022

Table 4: Comparisons between EFL with different sparsity parameters (¢) on EMNIST, CIFAR100, and Shakespeare
datasets are reported. Average (standard deviation) testing accuracy and the total communicated bits when the algo-
rithm converges are summarized.

Dataset Method (EFL) Testing Accuracy Total Comm. Bits
g=".1 80.75(.30) 3.749 x 103
EMNIST q=.3 85.93(.27) 4.526 x 103
q=.6 86.04(.25) 7.183 x 103
q=".1 78.84(.48) 1.429 x 108
CIFAR100 q=.3 81.38(.33) 3.258 x 108
q=.6 81.52(.29) 6.310 x 108
q=".1 53.07(.53) 8.398 x 10®
Shakespeare qg=.3 55.15(.49) 1.241 x 10°
q=.6 60.49(.38) 1.694 x 107
LSTM @ Sent140 LSTM @ Shakespeare
Non-IID Data Non-IID Data

A
1
02 ‘/\ W \ d[
 FedProx wi straggle —— FedProx with 70% stragglers
APFL with 70% stragglers APFL with 70% stragglers

—— EFL with 70% stragglers —— EFL with 70% stragglers
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Figure 3: Testing Accuracy-Communication Rounds comparisons among different algorithms in the low participation
rate. EFL utilizes incomplete updates from stragglers and is robust to the low participation rate.

leads to a more accurate model and needs more communicated bits (less efficient training). However, enlarging ¢ will
not always bring the same returns on the testing accuracy, i.e., a more significant ¢ contributes less to the performance
increase. At the same time, it needs more communicated bits on EMNIST and CIFAR100 datasets. One possible
reason is that the updates in EFL may be somewhat noisy, especially during earlier federation rounds when client local
models are not sufficiently trained. Simply enlarging g beyond a threshold will not be as helpful as doing so when g is
small.

5.4 ROBUSTNESS OF EFL

Finally, Figure 3 demonstrates that EFL is robust to the low participation rate. In particular, we track the convergence
speed of LSTM trained on Sentiment140 and Shakespeare datasets. We can observe that reducing the participation
rate negatively affects all methods. However, the causes for these adverse effects are different: In FedAvg, the actual
participation rate is determined by the number of clients that finish the complete training process because it does not
include the incomplete updates. It steers the optimization process away from the minimum and might even cause
catastrophic forgetting. On the other hand, a low participation rate reduces the convergence speed of EFL by causing
the clients’ residuals to go out of sync and increasing the gradient staleness. The more rounds a client has to wait
before it is selected to participate in training again, the more outdated the accumulated gradients become.

6 CONCLUSION

This paper proposes EFL as an unbiased FL algorithm that can adapt to the heterogeneous statistical issue by making
the most informative parameters less volatile. EFL can be understood as an extension paradigm of lifelong learning,
which tackles bias originating from the non-IID data and the low participation rate in FL. Theoretically, we provide
convergence guarantees for EFL training on the non-IID data at the low participation rate. Empirically, experiments
support the competitive performance of the algorithm on robustness and efficiency.
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A APPENDIX

A.1 HETEROGENEITY IN FEDERATED LEARNING

Federated learning (FL) usually requires many devices/data silos to collaboratively accomplish a learning task, which
poses a unique challenge, namely heterogeneity (Li et al., 2020a). More specifically, the heterogeneity can be at-
tributed to two major aspects: (i) One is from hardware specifications and the running environment of clients (called
systemic heterogeneity), e.g., different CPU, RAM, battery life, dynamic network conditions, etc. Clients with limited
computing and communication resources may fail to communicate with the server, i.e., be inactive, or return incom-
plete updates. These undesirable behaviors are proved to degrade the system’s performance since they magnify the
discrepancies between irregular models and the global model (Sahu et al., 2018; Chen et al., 2018).

Additionally, (ii) since clients are end users’ devices, the issue of statistical heterogeneity naturally arises in FL, which
refers to non-IID data, i.e., data are highly skewed, extremely imbalanced, and vary across clients (McMahan et al.,
2017a). From a statistical perspective, it leads to distribution shifts, which raises the difficulties of model convergence.
In reality, statistical heterogeneity is prevalent in recommender systems and personalized advertisement placement.
For example, mobile phone users who read news articles may be interested in different news categories like politics,
sports, or fashion; advertisement platforms might need to send different types of ads to different groups of customers.

A.2 COMPLETE PROOFS
A.2.1 PROOF OF THEOREM 1

Equivalent Representation
For ease of the analysis, we introduce for each client k£ and each global round 7 a sequence of virtual variables
g, 0F gy s Oy g > Where each af € {0,1} and Ef:o ok, = sk If sF is a random variable, then o is

also a random variable, and the distribution of ' determines the distribution of s*. For example, if af ~ Bernoulli(p),
then s* ~ Bin(E, p). In general, we do not assume any distributions and correlations of «¥, and thus the result is valid
for any distributions.

Equation (4) and (5) and be rewritten as:

k k k k
WrEtj+1 = WrEt; — Mr9rE4+j 07 B4 (12)
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G G G k k k
Wirtne =Wrp T RiG_yp — ZPT Z Nr9rE+jOrEvj (13)
k=1 j=0

and w¢ is aggregated and synchronized when ¢ is a multiple of E. In order to generalize the rule to arbitrary ¢, we
define w; such that Wy = wg’ , and the residual R can be absorbed into gradient itself, so we have

N

_ L k ok k
WrE+j+1 = WrE+j — NIz ZpTgTE+jaTE+j7 (14)
k=1

= o — G
Lemma 1 Forany T, ;g = W,y

Proof 1 By definition, we have Wy = w§, suppose w, g = wa, then
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We adopt w; to denote the global weight in the following analysis.
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Important Lemma

Lemma 2
N
EsIIZPT —gOIP <> 0k
k=1
Proof 2
N
1> pkgr —ghI” = ZIIPT =g+ > lIptpilaf — g8 (g — DI
k=1 i#k

Since each client runs independently, the covariance

Eell(9f —g¢)(gi —gDII* =0,

and we have
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Lemma 3
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We also have
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As a result, we have
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Then plug Equation (27) into Equation (25),
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<207 py|[@rE+; — wipy 197 B4
1,
< (FHO‘)TE"I‘]' TE+_/H2 +177'||g7'E+j|| ) TE-‘,-]'

T

Because Fj, is p-strong convex, we have

< waJrj w* af:E+ngE+j >2 (Fk( TEJr]) Fk ||wTE+j —w H ) Qrptj-
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Substitute Equation (35) with Equation (36)(37), we have

N
— — - T /’L *
By < ZP&QEEH(HWTEH - WfEﬂHz + 773||9£E+j||2 - 2777(Fk(wlr€E+j) —Fy + §||W$E+j —w ||2))7 (38)
k=1

and plug Equation (34)(38) to Equation (32),

N
Ay < |[wrp+j — w*|[? + 2L6n? Zpﬁ(Fk(wa-i-j) - FI:)O/;E-H‘
k=1

N
ko k — k —k =k ~e Mk
+ ZPTQTE+j(\|WTE+j - WTE+j||2 + 773”97-E+j”2 =20 (Fy(wipy;) — Fp + §HwTE+j —w*l?))
k=1
— 2 . kK k 2 - kK - k 2 (39)
<|[@rp+j — w7 — pny ZPTQ%EJFJHWTEH —w'® + ZPTQ%EJFJ‘HWTEJrj — Wil
k=1 k=1
N _ _ N _ _
+2(1+0)Ln? Zp§a£E+j(Fk(w]:E+j) - Fg) —2n- ZP&OK’;EH(Fk(waH) - k).
k=1 k=1

C1

lwipy; = wI1? = lWipsj — Trtj + Trpty — 12
=||wfpy; — Brpii|? + [@rprs — P +2 < wlpy; — Wrpyj, Wrpy; —w* >

> [|whpy; — @rpas|® + @rets — W' = 2llwipy; — Oresl|[@rps; — @]l 40)

_ _ _ 1,
> |wipy; — Drmas|I° + [[@res; — 011> — Qllwlpy; —@rpsl) + lErE+ = w*|?)

1 _
5|@rmes =P = lwfpe; = Trpll

Thus,

N

N
1 _ . _
A <(1- SYadis ZpﬁaﬁE-i-j)HwTE'i‘j — WP+ (1 + pmr) ZP’:QEEJU‘)HWTEH —whp P+ G @D
k=1 k=1

Let v, = 2n.(1 — (1 4+ 0)Ln, ), and assume 7, < we have

1
2(1+0)L°

N

N
C1=-2n;(1 - (1+6)Ln;) ZpﬁaiE-i-j(Fk(wa—i-j) — Fp) +2n- ZPEO‘];E-H‘(Fk(W*) - Fy)
k=1 k=1

N N
Y > prarp (Fiwipey) = Ff + Fe(w") = Fu(w*)) + 20, ) pralp (Fi(w") = FY)
k=1 k=1

(42)

N N
e S kb (Fulwhey ) — Fulw™) + @0, —10) S phak s (Fulw) — )
k=1 k=1

N N
< - ZPEOC’:EH(FMWLCEH) — Fy(w*)) +2(1 + 6) L2 praﬁEﬂDk-
k=1 k=1

Cy
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Then, we bound Cs,

N
Zpﬁa§E+j(Fk(w§E+j) — Fp(w")) = ZP];CYEEH(Fk(WfEﬂ) — Fip(@rp+j))

k=1 k=1
N ~ ~
+ ZpﬁaﬁE+j(Fk(wTE+j) — Fi(w"))
k=1
N N N N
> phakp < VE(@rp1g) wipey —Brmry > + > Pkl p (Fi(@r i) — Fr(w"))
k=1 k=1
N N N
2 - ZpT TE+]Hka(w‘I’E-‘r])H”wTE-i-] wTE+J|| +Zp‘r TE+](Fk(wTE+J) Fk(("}*))
k=1 k=1
1N N B
s ) pr’ ]‘:E-FJ (T]r||VFk(er+])||2 HwTE—‘r] WTEJrJH + Zp‘r QArE4j (Fk(WTE+J) Fr(w"))
k=1 k=1
N B B 1 N ~
> = prak 0 L(Fe(@rm4y) — F) + 5— o lwkp s = @ril®) + D piak g (Fr@rmy;) — Fi(w?).
k=1 k=1
(43)
Thus, we have
~ ~, 1 -
C1 <7 Y phokp ;- L(Fu(@rpyg) — ) + ﬂ”waJrj — @resl?)
k=1 T
N ~ ~
— e > pEal . (Fe(@-p1j) — Fi(w")) +2(1 4 60) L2 pr ar i D
k=1 k=1
o ’Y‘r _
(7]7' - 1 ZPT TE+_7 (Fk(wTE"r]) ZPT TE+_]HwTE+_7 wTE+j||2
k=1 (44)
+2( Ln‘r ZPT TEJerkJ'_’yTT]TLZpT TE+JD]€
k=1 k=1
B N
<7y (n-L—1) ZPT O i (Fr(@rpyg) — Fr(w") + ZpﬁaﬁE+j‘|w§E+j ~ Wrp4l)?
k=1
2(2 + 9 L77¢ Zp'r 'rE'Jrj‘Dl’C
k=1
Substitute Equation (41) with Equation (44),
N N
Ay <|@rpyj — | = e ZP&QI;EJU‘HWEEH —w*+2 ZpﬁaﬁEJerwTE-H TE+]H2
k=1 k=1
N N R B (45)
22+ 0) L2 Y phakp Dy + 7, (0 L= 1) S phaby (Fu@rmay) — Fulw)),
k=1 k=1
and plug Equation (45) to Equation (31), we have
N
1 _ *
|[@rEtj41 —w H2 (1- 5:‘“77 ZPI;QI:EJrj)HWTEvLj —w H2
k=1
N N
+ 2| ZpﬁaﬁE-&-j (gﬁE-&-j - g£E+j)||2 +(2+ pny) ZpﬁaﬁE—&-ijTE-‘rj TE+]H2 (46)
k=1 k=1
N N B
(2+0 LT’ ZPT TE+jDk+7T(1_nT ZPT TE+](Fk( ) Fk(wTE+j))'
k=1 k=1
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Let
_ 2
BTE+j - (2 + (1 _|_ 9) Zp'r TE+]||WTE+] TE+J||
N N 47)
+1 pr—aﬁE-&-j (G5 e+ — 9rpe)|F 22 +0)L pralﬁEﬂ‘Dk’
k=1 k=1
we have
1
|[@0rE4jt1 —w H (1- 5/“77 Zpr TE+j)||wTE+J —Ww H2 + nTBTE"F]
k=1
N i i (48)
+20: Y pEakp (Fu(w") — Fe(@rpy,)))-
k=1
Apply the lemma, we have
N
TE+] SZ TE+]UI€+2(2+9 LZPT TEJerk
k=1 k=1 (49)
2 - o (P5)*sy
24 ——— - 1D)G*( -2 —T—T),
+(2+ (1+9) stﬁg H,; )
Let Arpyj = |[@rp+; — w*||% and A, gy; = E[A; g4 ], where the expectation is taken over all random variables
uptoTE +j
Bounding |[w, r — w*||?
Summing A; fromt =7FEto (7 + 1)E we have
E-1 1 N
ZATE-FJ < Z 1_ 5/“77’ Zpr TE+J)ATE+] +7ITB + 2777’ Zp-r Sr Fk( ) Fk(wTE+j))7 (50)
Jj=1 7=0 k=1 k=1
E-1 — . Nk k (5
where B, = Zj:o Brpyj,and W, gy = argming, Zk:lpTa‘rEJerk(wTE—"j)’
Equation (50) can be reorganized to
1 E—-1 N _
A(r+1)E <Arp— 5/”77 Z ZPT TE+]ATE+] + WTB + 21, ZPT Sr Fk( ") - Fk(erJrj))- (51
§=0 k=1 k=1
Then, we seek to find a lower bound for A~ E+j-
VArE+j+1 = |[@rptjt1 — W] = [[@rE4jt1 — Orpry + Orpry — W
S |@rptj41 — Wre4jill + VArpy
N 52)
= [|n- ZPI;QEEJW‘QEEHH + VArEtj-
k=1
N
Lethrpyj = || Dy plﬁaﬁE-‘,—jng—&-j )
\/A(TH)E < \/A(T+1)E71 +nrhriE-—1
E—1 (53)
< v A-rE‘«Fj + Z nTh-rE+ja
i=j
E—1 E—1
Ar41)E < Arpyj + 24/ ArE+j(Z Nrhregs) + (Z Nehebt)?
i=j i=j
E-1 (54)
<2A:p4; + 2(2 nThTE+j)25
i=j

20



Published at 1st Conference on Lifelong Learning Agents, 2022

and
E-1 1 E-1
Arpyj > A(T+1)E - Z Nehrptj)? > §A(T+1)E - ZO Nehegi)? (59
i=j j
Plug Equation (55) to Equation (51), we have
1 N
(14 - ];p’ﬁs’ﬁ)AumE <Ap+ um Zp (D_ heps)” + 7B
B (56)
+ 2n; Zpk M(Fe(w”) = Fe(@rp4y))
Apply Lemma 2 and Lemma 3, we have
N
Ee [thﬂ'] = E¢|| ZP&CV];EHQI:EHHQ
k=1
Y (p )2 k k Y 2 °7
S Z pk TE"rngE-l—jH Z TE+_]7
k=1 k=1
E-1 N (p
Z hepei)’]) SEE Y hipy] <EGPY (58)
7=0 j=0 k=1
and
E-1 N N
E¢[Br] = Y Ee[Brpyj] = (p5)*sko} +2(2+0)L) pksiD,
§=0 k=1 k=1 N (59)
H 2 k k k k k
24— — 1G*( 0( -2
@+ g E Zps + ;pT )+;p757)
Let Arpyj = Ee[Arpyj]. Br = Ee[B,]. Hy = Ee[(X[) hrp+j)?]. we have
1 O 1
k k\A k kTT
(14 e kz_:lpfsf)A(m)E <Bop + g} Zp "H, +n'B
N ) B (60)
+20:Be > phst(F(w*) — Fr(@rmsy))-
k=1
Let r, = 0 indicate the event that for all &, E[p ] = chk for some constant t cr that does not depend on k, otherwise

= 1. Note that if r, = 0, then Zk 1 pEs T(Fk( *) — Fk(wTEﬂ)) = ¢, (F(w*) — Fk(wTE_H)) < 0. We have

Zpk FFu(w*) — Fy(@rp4j)) Zpk F(Fp(w*) — Ff + Ff — Fr(@rp.))

N
< gkt
k=1

Thus,
N

N
> pEs(Fu(w®) = Fu(@rpyy)) <re Yy pEstDy.
k=1 k=1
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Assumin, < %
gnr < #Eg S UEN pRske

N
— THr Y PEsE
Arine < (1- n a—
L4 e Y gy PEs®

+ 27777“7 Zpk ka

N
1 — — _
S Zpﬁs’:)ATE +12(Br + 2H,) + 2007 Y plstDy,
k=1 k=1
and take expectation over p¥ and s¥, we have
N
EAG+nye]l < (1 - *lmr ZPT sS)Arp + BB, + 2H,| + 2.7 Y Elpksk]Dy.

k=1

Proof of Theorem 1
16E

Equation (60) can be written as

The Theorem is proved by induction. Let n, =

Cr -J
Bz T TE+,Y then

u((T+1) E+7)E[CRL, phsk]”

)A +20*H, +n*B,

Initially, % > E[Ay)]. Suppose E[A, £

_ TE+y—E, C, H,J (16E)’E[B, + 2H,]
E[A¢r4nE] < E ( E 2 E )+ Nk gk
(TH+DE+y (TE+7)?  TE+77  (WE[T,L, pksk])?((r+ 1)E +7)?
o™
(t+1)E+y
TE+~y—F C- (tE+~—E)H,J
T (TE+y)?2-E2(r+1)E+~ (TE +7)? — E?
(16E)E[B, + 2H,] rrJ

(KE[YC 30, pEsE)2 (7 + DE + )2

(t+1)E+~

C, H.J (16E)2E[B, + 2H,]
< 2 + N .
(T+DE+7)? T+ DE+y  (UE[S, phsk])? (7 + 1) E +7)2
n rrJ
(T+1)E+~v
C"rJrl HT+1J

C(T+DE+7)?2 (t+DE+qy

e Crq a1
Thus, Ay < ogiate + ke

A.2.2 PROOF OF THEOREM 2

Client Departure
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Letn = n — n,, we have

* Ak 4 Ak 4 ~ % [/ A~
[Jw* —@*||* < EHVF(W 0P = EHVF(W ) = VE@")|?

4 A T [~k a (A
= EHZ(?'“ — D) VER(&") + " VE,(@")|?
k#a

= SIS T YR 4 VR

2 _
M a n =N 66
4 NNk ~ ~ 9 (66)
= —|| — ———VF, (0" *VF,(o*
Al =2 T V@) + VR @]
k#a
4 a ~ T [~k axT I [~k 4(pa)2 T (A
= 11 =p* Y PPVEL(G") + PV EFL(69)|P = =5 |V Ea (@)
k#a K
8Ln2D,
2n?
Client Arrival
Let n = n + n,, we have
* ~ % 4 * 4 n * *
|lw* — @[] < EIIVF(UJ )P = EHVF(M ) = VF ()|
4 “ — T % ~ - *
==l — P PPV EL (W) + POV, (w)|[? 67)
k#a
8LngDa
= 20+ na)?

A.3 DATASETS AND CORRESPONDING MODELS

In this section, we describe details on datasets and corresponding models used in the experiments.

MNIST It contains handwritten digits which have been size-normalized and centered in a fixed-size image. For the
IID setting, we split the training data randomly into equally sized shards and assign81one shard to everyone of the
clients. For the non-IID (m) setting, we assign every client samples from exactly m classes of the dataset. The data
splits are non-overlapping and balanced, such that every client ends up with the same number of data points. The
corresponding model is multinomial logistic regression, where the input is a flattened image and the output is a class
label.

Shakespeare The dataset is from The Complete Works of William Shakespeare. We construct a participant dataset for
each speaking role and sample 132 speaking roles with at least five lines. A stacked character-level LSTM language
model is used, which after reading each character in a line, to predict the next character. The model takes a series of
characters as input and embeds each of these into a learned 8 dimensional space. The embedded characters are then
processed through 2 LSTM layers, each with 256 nodes. Finally the output of the second LSTM layer is sent to a
softmax output layer with one node per character.

Sentiment140 The dataset is collected from tweets. It is a binary classification task that classifies the sentiment of the
text. The input is a 25-word sequence and embeds each word into a 300-dimensional space using Glove. The output
is a binary label after two LSTM layers and one densely-connected layer.

EMNIST The EMNIST dataset is a set of handwritten character digits derived from the NIST Special Database 19 and
converted to a 28 x 28 pixel image format and dataset structure that directly matcheshe MNIST database. For the IID
setting, we split the training data randomly into equally sized shards and assign one shard to everyone of the clients.
For the non-IID (m) setting, we assign every client samples from exactly m classes of the dataset. The data splits are
non-overlapping and balanced, such that every client ends up with the same number of data points. The corresponding
model is Resnet-50, where the input is a flattened image and the output is a class label.

CIFAR100 It consists of colour images in 100 classes, For the IID partition, we split the training data randomly into
equally sized shards and assign one shard to everyone of the clients. For the non-IID (m) setting, we partition the
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Table 5: Statistics of datasets. The number of devices, the number of samples, the mean and the standard deviation of
data samples on each device are summarized.

Dataset # Devices # Samples Mean SD

MNIST 100 58,254 583 146
CIFAR100 100 59,137 591 32
Shakespeare 132 359,016 2,719 204
Sentiment140 1,503 90,110 60 41

EMNIST 500 131,600 263 93

training data by sorting the dataset by labels, and we assign every client samples from exactly m classes of the dataset.
The VGG11 model is a simplified version of the original VGG11 architecture described in Simonyan & Zisserman
(2014), where all dropout and batch normalization layers are removed and the number of convolutional filters and size
of all fully-connected layers is reduced by a factor of 2.

The statistics of datasets are summarized in Table 5.

A.4 HYPERPARAMETERS SETTING

The dataset is split into 80% for training, 10% for testing and 10% for validation. Each experiment is conducted 50
times and reports the mean and the standard deviation. In each round, we randomly sample 10 participants.

A.5 EXPERIMENTS ON DIFFERENT BASE MODELS

We report experiments on different base models (ResNet50 on CIFAR100 and VGG11 on EMNIST datasets) and
summarize the results in Table 6. While all methods achieve comparably testing accuracy on IID data, we observed
that they suffer considerably in the non-IID setting. As this trend can be observed in both cases, we can conclude
that the performance loss originating from the non-IID data is not unique to some functions. Compared with using
different base models (VGG11 on CIFAR100 and ResNet50 on EMNIST datasets) in Figure 1, Section 5.2, the testing
accuracy of new experiments has deteriorated, indicating that a proper choice of base models is also essential to FL’s
performance.

Table 6: Summary of average (standard deviation) testing accuracy after 50 runs of ResNet50 on CIFAR100 and
VGGI11 on EMNIST datasets. Both IID and non-IID(m) cases are reported. All methods suffer from degraded
performances in the non-IID situation, but EFL is affected by far the least.

ResNet50 on CIFAR100 VGG11 on EMNIST
Methods

D Non-IID(5) Non-ID(2) _Non-IID(1) D Non-IID(5) Non-IID(2) _Non-IID(1)

FedProx  82.48(.15) 80.14(26)  34.25(.72)  21.87(.90) 83.12(.19)  70.18(.39)  56.94(.73)  35.26(.97)
SCAFFOLD 81.04(.18) 78.72(.29)  68.21(47)  48.04(.68) 84.70(.17) 73.89(31)  68.93(.56)  59.15(.72)
APFL 82.35(21)  79.19(.32)  70.81(.51)  60.19(.57) 84.33(26) 78.54(.49)  65.82(.67)  61.04(.83)
EFL 83.59(.09) 81.23(.17) 77.36(.34)  75.35(.40) 87.62(.11) 81.94(.24)  76.19(.35)  75.27(.41)
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