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Abstract

Federated learning aims to learn a global model collaboratively while the training1

data belongs to different clients and is not allowed to be exchanged. However,2

the statistical heterogeneity challenge on non-IID data, such as class imbalance3

in classification, will cause client drift and significantly reduce the performance4

of the global model. This paper proposes a simple and effective approach named5

FedShift which adds the shift on the classifier output during the local training phase6

to alleviate the negative impact of class imbalance. We theoretically prove that the7

classifier shift in FedShift can make the local optimum consistent with the global8

optimum and ensure the convergence of the algorithm. Moreover, our experiments9

indicate that FedShift significantly outperforms the other state-of-the-art federated10

learning approaches on various datasets regarding accuracy and communication11

efficiency.12

1 Introduction13

There are already numerous edge devices such as smartphones and IoT devices that can collect14

valuable raw data, and ones expect to use these data to complete some intelligent tasks such as15

image recognition or text generation. However, deep learning, the most effective algorithm for16

accomplishing these tasks, requires huge data to train the model, making it challenging to learn a17

good enough model from the data owned by a single edge device. Besides, due to data privacy,18

data protection regulations (Voigt and Von dem Bussche, 2017), and the massive overhead of data19

transmission, it is unrealistic to aggregate data from different clients (edge devices) in a server for20

training. Therefore, federated learning (FL) (Kairouz et al., 2019) has emerged to solve the problem21

of jointly learning a global model without sharing the private data.22

Although federated learning has shown good performance in many applications (Kaissis et al., 2020;23

Liu et al., 2020), there are still several important challenges that require researchers to pay attention24

to, namely privacy, communication cost, and statistical heterogeneity (Ji et al., 2021). Statistical25

heterogeneity means that client data is non-IID (independent and identically distributed). Zhao et al.26

(2018) show that the accuracy of the federated learning algorithm has decreased significantly in27

the case of non-IID data. There are many methods proposed to address the challenge of statistical28

heterogeneity. FedProx (Li et al., 2020) introduces a proximal term to constrain the update of the29

local model, and SCAFFOLD (Karimireddy et al., 2020) corrects the gradient of each local update to30

reduce the variance. However, these methods do not bring significant improvement because they only31

implicitly deal with the fundamental dilemma caused by statistical heterogeneity, that is, the optimal32

objective of local update is inconsistent with the optimal objective of global update.33

In this work, we propose an approach FedShift to explicitly solve the above fundamental dilemma in34

the statistical heterogeneity challenge. FedShift is a simple and effective approach which adds the35

shift on the classifier output calculated by the client category distribution and makes the local optimal36
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models satisfy the global optimum. We also prove the convergence results of FedShift in the strongly37

convex and non-convex cases and compare with FedAvg, which does not have the classifier shift.38

Numerous experiments are conducted to evaluate the effectiveness of FedShift, which demonstrate39

that FedShift outperforms the other state-of-the-art federated learning algorithms in test accuracy and40

communication efficiency on various datasets, including Cifar10, Cinic10 and Tiny-Imagenet.41

2 Related Works42

FedAvg (McMahan et al., 2017) is the benchmark method in federated learning, which has demon-43

strated reliability in image classification and language modeling tasks. Each round of FedAvg mainly44

contains two phases, client update and server aggregation. First, each client that is selected to45

participate in training downloads the latest global model from the server, and updates the model46

locally using stochastic gradient descent. Then, the server collects the updated models from each47

client and aggregates them to obtain a new global model by averaging the model weights.48

Unlike the privacy and communication challenges, the statistical heterogeneity challenge is a unique49

and popular issue in the federated learning paradigm (Kairouz et al., 2019). According to the two50

stages of federated learning mentioned above, the contributions of these studies can be roughly51

divided into local update improvements and aggregation improvements. Our work is an improvement52

in local update phase, so it can be combined with existing aggregation improvements without any53

conflict.54

As for the aggregation improvements on non-IID data, there are a series of related studies. PFNM55

(Yurochkin et al., 2019) and FedMA (Wang et al., 2020a) apply the Bayesian non-parametric56

mechanism to study the permutation invariance of the neural network, and match the neurons of client57

neural networks to the global neurons. Moreover, methods such as adaptive weights (Yeganeh et al.,58

2020), attention mechanisms (Ji et al., 2019), and normalization (Wang et al., 2020b) are also used to59

improve the aggregation effect for statistical heterogeneity.60

There are also many studies to alleviate the negative effects of statistical heterogeneity in the local61

update phase. Li et al. (2020) propose the FedProx algorithm, which adds a regular term to the loss62

function of the client. This proximal term uses the `2 norm to explicitly constrain the local model63

to be close to the latest global model, limiting the local update of non-IID clients to be not too far64

apart. However, this explicit constraint could inhibit FedProx from quickly finding a better model in65

the early stage. Similarly, based on multi-task learning, FedCurv (Shoham et al., 2019) adds penalty66

items for changes in important parameters related to other clients during local training. In addition,67

SCAFFOLD (Karimireddy et al., 2020) introduces control variables to correct the gradient of each68

local update and make it the same as the global update direction. In each round, the control variables69

are updated as the estimations of the difference between the update of the server model and the local70

model. However, these methods only implicitly reduce the impact of the inconsistency of objective,71

which is the fundamental dilemma of statistical heterogeneity, rather than eliminating it. This is72

exactly our motivation for proposing FedShift.73

In detail, we formulate the problem and propose our method FedShift in Section 3, which also includes74

the convergence analysis of FedShift under different assumptions and its superiority compared75

with FedAvg. In Section 4, we report our experimental results, we compare the accuracy and76

communication efficiency of our algorithm with other algorithms, and study the influence of different77

settings on the algorithm, such as degree of heterogeneity, the local epoch number and clients number.78

Finally, Section 5 concludes our paper.79

3 FedShift: Federated Learning with Classifier Shift80

3.1 Problem Formulation81

In federated learning, the global objective is to solve the following optimization problem:82

min
w

[
L(w) ,

N∑
i=1

|Di|
|D|

Li(w)

]
, (1)
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where Li(w) = E(x,y)∼Di [`i(f(w;x), y)] is the empirical loss of the i -th client that owns the local83

dataset Di, and D ,
⋃N
i=1Di is a virtual entire dataset that includes all client‘s local data. f(w;x)84

is the output of the model w when the input x is given, and `i denotes the loss function of the i-th85

client. Here, FL expects to learn a global model w that can perform well on the entire dataset D.86

However, due to the inability to communicate local data, each client usually learns a local model87

wi on its local dataset by minimizing the experience loss Li(wi). Then the server aggregates88

multiple local models to obtain a global model w̄. In FedAvg algorithm (McMahan et al., 2017),89

each client adopts stochastic gradient descent (SGD) to update the local model w(t,τ)
i starting from90

w
(t,0)
i , w̄t−1 which is the latest global model. The local update process can be formulated as91

follows:92

w
(t,τ)
i = w

(t,τ−1)
i − η∇w`i(w

(t,τ−1)
i ,B(t,τ)i ) (2)

where η is the client learning rate and w
(t,τ)
i denotes the local model of client i af-93

ter the τ -th local update in the t-th communication round. Also, `i(w
(t,τ−1)
i ,B(t,τ)i ) ,94 ∑

(x,y)∼B(t,τ)
i

1

|B(t,τ
i |

[
`i(f(w

(t,τ−1)
i ;x), y)

]
where B(t,τ)i represents the τ -th mini-batch samples of95

the local dataset Di in the t-th communication round.96

And then the server updates the global model by averaging the local model updates of all clients at97

the end of each communication round as:98

w̄t = w̄t−1 +

N∑
i=1

|Di|
|D|

(w
(t,τi)
i −w

(t,0)
i ) (3)

where τi is the local iterations completed by client i in the SGD optimizer with a fixed batch-size.99

Client drift As mentioned in (Karimireddy et al., 2020; Zhao et al., 2018), the problem of client100

drift will occur during the federated learning process due to the statistical heterogeneity (Pi(x, y) 6=101

P (x, y)) where Pi denotes the probability distribution for (x, y) in local client and P denotes the102

probability distribution for global data.103

Let w∗ be the global optimum of L(w) and w∗i be the optimum of each client’s empirical loss Li(w).104

Actually, we have w∗i 6= w∗ and
∑N
i=1

|Di|
|D| w

∗
i 6= w∗ due to the heterogeneous data distribution and105

our equation 1. Therefore, the direction of each local update of clients will deviate from the global106

update. This deviation is accumulated in multiple iterations of SGD, which will eventually lead to a107

drift between wt (the true global update) and w̄t (the average of the client update aggregated by the108

server).109

Class Imbalance For classification tasks, the statistical heterogeneity of federated learning is110

usually caused by class imbalance. Suppose the label space Y = [1, 2, . . . ,K], and P (y) is the111

probability distribution of each class. The distribution of training data can be expanded as P (x, y) =112

P (x|y)P (y) and Pi(x, y) = Pi(x|y)Pi(y), where P (x|y) is the conditional probability distribution113

of class y. The subscript i represents the data distribution and probability of client i. In many114

real-world application scenarios of federated learning, data collected by different clients (such as115

IoT cameras) usually has approximately the same conditional probability distribution of each class,116

which implies Pi(x|y) ≈ P (x|y). Therefore, the statistical heterogeneity of federated learning often117

appears as class imbalance, that is, Pi(y) 6= P (y).118

3.2 Method119

In order to alleviate the degradation of model performance due to class imbalance, we propose120

FedShift which is shown in Algorithm 1. We first start from some intuitions of our proposed method.121

Note that w∗i , arg minw E(x,y)∼Pi [`i(f(w;x), y)] is not the optimum of the global optimiza-122

tion problem (minw E(x,y)∼P [`(f(w;x), y)]), because of the statistical heterogeneity (P 6= Pi),123

although the global evaluation function is consistent with the local evaluation function (`i = `). An124

intuitive idea can be inspired, that is, resampling or reweighting the client data to make P = Pi.125

However, since there are few or no samples in some categories, this method does not achieve good126
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Algorithm 1: FedShift
Input: number of communication rounds T, number of clients N, the fraction of clients C,

number of local epochs E, batch size B, learning rate η, the global label distribution P (y)
Output: the global model wT

1 initialize w0

2 m← max(bC ∗Nc, 1)
3 for communicate round t = 0, 1, 2, . . . , T − 1 do
4 Mt ← randomly select a subset containing m clients
5 foreach client i ∈Mt do
6 wt

i = wt

7 wt+1
i ← LocalUpdate(wt

i)
8 end
9 wt+1 = wt +

∑
i∈Mt

|Di|
|D| (w

t+1
i −wt

i)

10 end

11 LocalUpdate (wt
i):

12 for epoch e = 1, 2, . . . , E do
13 foreach batch Bti = (x, y) ∈ Di do
14 ˜̀

i(w
t
i,Bti) =

∑
(x,y)

1

|B(t,k
i |

[`i (f(wt
i;x) + si, y)] ; // si follows Eq.5

15 wt
i = wt

i − η∇ ˜̀
i(w

t
i,Bti)

16 end
17 end
18 return wt

i

results in practice. Some empirical results in Section 4 show that reweighting is not effective and127

even bring a severe drop in accuracy compared to FedAvg.128

Different from reweighting, FedShift modifies the local optimization objective of each client to satisfy129

that w̃∗i = arg minw E(x,y)∼Pi

[
˜̀
i(f(w;x), y)

]
also is the optimum of the global optimization130

problem minw E(x,y)∼P [`(f(w;x), y)]. Let ˜̀
i denote the modified local optimization objective of131

client i. In FedShift, we add the shift si on the classifier output of the model to modify the local132

optimization objective of client i, shown as:133

˜̀
i = `i(f̃(wt

i;x), y) = `i
(
f(wt

i;x) + si, y
)

(4)

The shift si = [si,1, si,2, . . . , si,K ] is calculated by the local category probability to the classifier at134

the end of network, as follows:135

si,k = ln(
Pi(y = k)

P (y = k)
) k = 1, 2, . . . ,K (5)

where P (y = k) =
∑N
i=1

|Di|
|D| Pi(y = k). 1 Then, we propose our following Theorem 1 to show the136

advantages of our FedShift theoretically.137

Theorem 1. For FedShift, by add shift si in the output of model, the local optimum w∗i satisfies the138

global optimum of minw E(x,y)∼P [`(f(w;x), y)].139

Proof: For classification, cross entropy loss is the most commonly used loss function, and the output140

of the neural network model usually passes through a softmax function to get the predicted category141

1The probability can be calculated using the secure aggregation algorithm (Bonawitz et al., 2016) without
leaking any client information at the beginning of the entire learning process. More specifically, we use Laplace
smoothing on each client to approximate the probability by frequency to guarantee secure computation of the
class probability.
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probability. Therefore, by definition, we have142

w∗i = arg min
w

E(x,y)∼Pi

[
`i(f̃(w;x), y)

]
= arg min

w
E(x,y)∼Pi

[
−

K∑
k=1

1y=k log
ef̃k(w;x)∑K
j=1 e

f̃j(w;x)

]
(6)

Let qi(y = k|x;w) , ef̃k(w;x)∑K
j=1 e

f̃j(w;x)
, we can derive that the optimal model w∗i should satisfy143

qi(y = k|x;w∗i ) = Pi(y = k|x). And according to Bayes’ theorem, we have pi(y = k|x) =144
pi(x|y=k)pi(y=k)∑K
j=1 pi(x|y=j)pi(y=j)

, then we have145

f̃k(w∗i ;x) = ln(pi(x|y = k)pi(y = k)) + const, k = 1, 2, . . . ,K (7)

Then, we consider the origin output which is added the classify shift si in client i by equation 4, we146

have147

fk(w∗i ;x) = f̃k(w∗i ;x)− si.k

= ln(pi(x|y = k)pi(y = k))− ln(
pi(y = k)

p(y = k)
) + const

= ln(p(x|y = k)p(y = k)) + const

(8)

148

q(y = k|x;w∗i ) =
efk(w

∗
i ;x)∑K

j=1 e
fj(w∗

i ;x)
= p(y = k|x), k = 1, 2, . . . ,K (9)

which means that w∗i satisfies minw E(x,y)∼P [`(f(w;x), y)], which is the global optimum.149

Note that FedProx can also be considered to have made such a modification,that is ˜̀
i(f̃(w;x), y) =150

`i(f(w;x), y) + λ‖w − w̄‖22. but it does not guarantee that this modification has the properties151

shown in Theorem 1.152

FedShift is designed as a simple and effective approach based on FedAvg, only introducing lightweight153

but novel modifications in the local training phase. Benefiting from the lightweight modifications in154

local training, FedShift will not damage the data privacy and add any communication cost, which155

potentially can be combined with other aggregation optimization approaches.156

3.3 Convergence Analysis157

Properties outlined in Theorem 1 motivate our FedShift convergence analysis. We will present158

theoretical results for strongly convex and non-convex functions. We first give some common159

assumptions about the function Li and ∇`i(w,Bi), which is the unbiased stochastic gradient of Li.160

Assumption 1. For all i, Li has the properties of µ-strong convexity and β-smooth:161

µ-strongly convex: Li(v) ≥ Li(w) + 〈(v −w),∇Li(w)〉+
µ

2
||v −w||22

162

β-smooth: Li(v) ≤ Li(w) + 〈(v −w),∇Li(w)〉+
β

2
||v −w||22

Assumption 2. Bounded variances and second moments: There exits constants σ > 0 and G > 0163

such that164

EBi∼Di ‖∇`i (w;Bi)−∇Li(w)‖22 ≤ σ
2,∀w,∀i

165

EBi∼Di
[
‖∇`i(w,Bi)‖22

]
≤ G2,∀w,∀i

Then, we give a lemma about the gap between the local model and the local optimum as follows,166

where the detailed proof is in Appendix A.167

Lemma 1. Under Assumption 1 and 2, we have E(||wt+1
i −w∗i ||22) ≤ (1−ηµ)I+1||w̄t−w∗i ||22+ η

µG
2,168

where I denotes the iterations of SGD for each client in each rounds.169

Theorem 2. Under Assumption 1 and 2, in FedShift, we have E(||w̄t+1 − w∗||22) ≤ (1 −170

ηµ)(I+1)t||w̄0 −w∗||22 +
η[1−(1−ηµ)(I+1)(t+1)]

µ[1−(1−ηµ)I+1]
G2, where w̄t+1 ,

∑N
i=1

wt+1
i

N and w̄0 is the initial171

global model.172
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Proof: Following Theorem 1 and the strongly convex of L, we can derive that w∗i = w∗. Then, we173

have174

E(‖w̄t+1 −w∗‖22) = E(‖
N∑
i=1

wt+1
i

N
−w∗‖22) = E(‖ 1

N

N∑
i=1

(wt+1
i −w∗)‖22)

(a)

≤ 1

N

N∑
i=1

E(‖(wt+1
i −w∗i )‖22)

(b)

≤ (1− ηµ)I+1‖w̄t −w∗i ‖22 +
η

µ
G2

(recurrence)

≤ (1− ηµ)(I+1)t||w̄0 −w∗||22 +
η
[
1− (1− ηµ)(I+1)(t+1)

]
µ [1− (1− ηµ)I+1]

G2

(10)
where (a) follows from the Jensen’s Inequality and w∗i = w∗, (b) follows from Lemma 1.175

Theorem 2 shows us that under the strongly convex assumption of the function, benefiting from the176

classifier shift in FedShift, the global model can converge to the global optimum when there are177

enough iterations and communication rounds and a decayed learning rate.178

However, since Theorem 1 does not hold on FedAvg, FedAvg does not have such good properties.179

We can get a lower bound of the gap between the global model and the global optimum in FedAvg,180

expressed as Theorem 3.181

Theorem 3. For FedAvg, in the case of non-IID client data, there is a gap between the local182

optimal and the global optimal. Mark w̄∗ ,
∑N
i=1

w∗
i

N . If we assume that ||w̄∗ −w∗||2 = δ > 0,183

||w∗i − w∗||2 = ζ > 0 and ||w̄0 − w∗||2 = γ > 0, then under Assumption 1 and 2, we have184

E(||w̄t+1 −w∗||22) ≥ δ2

2 when I satisfies that I ≥ max


ln(

δ2

16
− η
µ
G2

( 5δ
4

+ζ)2
)

ln(1−ηµ) − 1,
ln(

δ2

16
− η
µ
G2

(ζ+γ)2
)

ln(1−ηµ) − 1

.185

Proof: Considering the first local update, from Lemma 1, we can get that E(‖w1
i − w∗i ‖22) ≤186

(1− ηµ)I+1‖w̄0 −w∗i ‖22 + η
µG

2 ≤ (1− ηµ)I+1
(
‖w̄0 −w∗‖2 + ‖w∗ −w∗i ‖2

)2
+ η

µG
2 ≤ (1−187

ηµ)I+1 (γ + ζ)
2
+ η
µG

2 ≤ δ2

16 . Then, we do a mathematical induction proof for E(‖wt
i−w∗i ‖22) ≤ δ2

16 ,188

which holds at round t. Then, we can derive189

E(‖wt+1
i −w∗i ‖22) ≤ (1− ηµ)I+1‖w̄t −w∗i ‖22 +

η

µ
G2

≤ (1− ηµ)I+1
(
‖w̄t −w∗‖2 + ‖w∗ −w∗i ‖2

)2
+
η

µ
G2

≤ (1− ηµ)I+1
(
‖w̄t − w̄∗‖2 + ‖w̄∗ −w∗‖2 + ζ

)2
+
η

µ
G2

≤ (1− ηµ)I+1

(
1

N

N∑
i=1

‖wt
i −w∗i ‖2 + δ + ζ

)2

+
η

µ
G2

≤ (1− ηµ)I+1

(
δ

4
+ δ + ζ

)2

+
η

µ
G2 ≤ δ2

16

(11)

Then, we have190

E(‖w̄t+1 −w∗‖22) = E(‖w̄t+1 − w̄∗ + w̄∗ −w∗‖22)

(c)

≥ E(‖w̄t+1 − w̄∗‖2 − ‖w̄∗ −w∗‖2)2

= E(‖w̄t+1 − w̄∗‖22) + E(‖w̄∗ −w∗‖22)− 2δE(‖w̄t+1 − w̄∗‖2)

≥ 0 + δ2 − 2δE(‖w̄t+1 − w̄∗‖2)

(d)

≥ δ2 − 2δ

N

N∑
i=1

E(‖wt+1
i −w∗i ‖2)

(e)

≥ δ2 − 2δ

√
δ2

16
=
δ2

2
> 0

(12)
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where (c,d,e) follow the Triangle Inequality, the Jensen’s Inequality and equation 11 respectively.191

Furthermore, we consider the convergence of FedShift in the non-convex case, expressed as Theorem192

4. The detailed proof is in Appendix A.193

Theorem 4. Under assumption 1 and 2, and removing the µ-strongly convex assumption, we have194
1
T

∑T
t=1 E(||∇wL(w̄t−1)||22) ≤ 2

ηT (L(w̄0)− L(w̄∗)) + 4η2I2G2β2 + β
N ησ

2.195

4 Experiments196

4.1 Experimental Setup197

Datasets and Models We conduct experiments on three public datasets including Cifar10 (60,000198

images with 10 classes) (Krizhevsky, Hinton, et al., 2009), Cinic10 (270,000 images with 10 classes)199

(Darlow et al., 2018), and Tiny-Imagenet (100,000 images with 200 classes) (Le and Yang, 2015).200

We follow the setting in (Wang et al., 2019; Yurochkin et al., 2019) to generate the non-IID data201

partition by using Dirichlet distribution. Specifically, for class c, we sample pc ∼ DirN (α), where202

pc,i represents the proportion of data with category k allocated to client i. The smaller α means the203

heavier statistical heterogeneity. For all experiments unless there are special instructions, we set204

α = 0.1 and the number of clients N = 10 by default. In order to show that the algorithm is feasible205

on the actual deep learning model, we use ResNet18 (He et al., 2016) as our network architecture206

for Cifar10 and Cinic10. For Tiny-Imagenet, we use ResNet50 (He et al., 2016) to deal with more207

complex data.208

Baselines We compare FedShift with three state-of-the-art approaches which are the most relevant209

to us, including FedAvg (McMahan et al., 2017), FedProx (Li et al., 2020), and SCAFFOLD210

(Karimireddy et al., 2020) on all three datasets.211

Implementation We use PyTorch (Paszke et al., 2019) to implement FedShift and the other base-212

lines. We use the SGD with momentum as our optimizer for all experiments, where the SGD weight213

decay is set to 0.0001 and the momentum to 0.9. We adjust batchsize B = 40 and the learning rate214

η = 0.01 with a decay rate 0.95 for every 10 communication rounds. We take the best performance215

of each method for comparison.216

4.2 Accuracy Comparison217

For each dataset, we tune the number of local epochs E from {1, 5, 10, 20} based on FedAvg, and218

choose the best E as the hyperparameter of other algorithms. The best E for Cifar10, Cinic10, and219

Tiny-Imagenet are 5, 1, and 1, respectively. Besides, for FedProx, we tune λ from {0.001, 0.01, 0.1},220

which is a hyperparameter to control the weight of its proximal term. The best λ of FedProx for221

Cifar10, Cinic10, and Tiny-Imagenet are 0.01, 0.001, and 0.01, respectively. Unless explicitly222

specified, we use E and λ for all the remaining experiments. The number of communication rounds223

is set to 100 for Cifar10, 150 for Cinic10 and 50 for Tiny-Imagenet, where all federated learning224

approaches have little or no accuracy gain with more communications.225

Table 1: The accuracy of Reweight, FedShift and three baselines (FedAvg, FedProx and SCAFFOLD)
on three test datasets (Cifar10, Cinic10 and Tiny-Imagenet).

Methods Cifar10 Cinic10 Tiny-Imagenet

FedAvg 78.94% 72.26% 35.14%
FedProx 79.33% 71.57% 36.16%

SCAFFOLD 77.75% 73.22% 35.18%
FedShift(ours) 83.52% 74.86% 36.61%
Reweighting 63.15% 30.06% 13.25%

Table 1 shows the test accuracy of all approaches with the above settings. Comparing different226

federated learning approaches, we can observe that FedShift is the best approach among all tasks,227

which even can outperform FedAvg by 4.58% accuracy on Cifar10. For FedProx and SCAFFOLD,228

7



they are only superior to FedAvg in specific datasets and do not have a significant improvement.229

Reweighting has much worse accuracy than other methods as we mentioned in Section 3.230

4.3 Discussion of Communication Efficiency231

Figure 1 shows the accuracy in each communication round during training. As we can see, FedShift232

obviously has a faster convergence speed and higher accuracy compared with the other three methods.233

Moreover, unlike the other three methods, FedShift has a more stable upward curve due to the same234

optimization objective in all clients.235
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Figure 1: The test accuracy in each communication round during training.

In order to verify the communication efficiency of different approaches, we show the number of236

communication rounds to achieve the same accuracy for FedAvg in Table 2. We can observe that237

the number of communication rounds is significantly reduced in FedShift. FedShift only needs less238

than a quarter of the number of rounds to reach the accuracy of FedAvg on the Cifar10. The speedup239

of FedShift is also significant on Cinic10 or Tiny-Imagenet. Therefore, we can consider FedShift is240

much more communication efficient than the other approaches.241

Table 2: The number of rounds of FedShift and three baselines (FedAvg,FedProx and SCAFFOLD) to
achieve a consistent accuracy on three test datasets (Cifar10, Cinic10 and Tiny-Imagenet) respectively.

Method Cifar10 Cinic10 Tiny-Imagenet
rounds speedup rounds speedup rounds speedup

FedAvg 100 1× 150 1× 50 1×
FedProx 85 1.18× \ < 1× 46 1.09×

SCAFFOLD \ < 1× 133 1.13× 49 1.02×
FedShift (ours) 23 4.34× 81 1.85× 37 1.35×

4.4 Impact of Local Epochs242

Table 3: The top-1 accuracy of FedShift and three baselines (FedAvg,FedProx and SCAFFOLD) on
Cifar10 dataset with different number of local epochs.

Methods E=1 E=5 E=10 E=20

FedAvg 75.25% 78.94% 76.47% 72.28%
FedProx 75.31% 79.33% 77.27% 76.19%

SCAFFOLD 70.60% 77.75% 77.95% 78.04%
FedShift (ours) 80.61% 83.52% 82.67% 81.63%

We next focus on the effect of the number of local epochs on Cifar10. The results are shown in Table243

3. When the number of local epochs is 1, the local update is tiny, which leads to lower accuracy244

than more local epochs’ results. However, FedShift still has the best accuracy. When the number245

of local epochs becomes too large, the accuracy of all approaches drops unless SCAFFOLD, which246

is due to the overfitting of local updates. Moreover, benefiting from the proximal term, FedProx247

8



performs better than FedAvg in all settings. Note that SCAFFOLD is far inferior to other algorithms248

when E = 1, and has higher accuracy as the number of local epochs increases. Because the control249

variables in SCAFFOLD can be estimated more accurately with more local updates, SCAFFOLD has250

a higher tolerance for the number of local epochs. Nevertheless, FedShift clearly outperforms the251

other approaches. This further verifies that FedShift can effectively mitigate the negative effects of252

the accumulative client drift.253

4.5 Impact of Data Heterogeneity254

Table 4: The top-1 accuracy of FedShift and three baselines (FedAvg,FedProx and SCAFFOLD) on
Cifar10 dataset with different parameter α of dirichlet distribution.

Methods α=0.1 α=0.15 α=0.2 α=0.5

FedAvg 78.94% 80.11% 89.18% 91.27%
FedProx 75.95% 82.10% 89.43% 91.21%

SCAFFOLD 77.75% 83.11% 90.99% 92.22%
FedShift (ours) 83.52% 86.21% 90.76% 91.26%

Data heterogeneity is changed in this numerical study by varying the concentration parameter α of255

Dirichlet distribution on Cifar10. The results are shown in Table 4. For a smaller α, the partition will256

be more unbalanced, we can significantly see the effectiveness of FedShift. When the unbalanced257

level decreases (i.e., α = 0.5), all approaches have similar accuracy, and the control variable in258

SCAFFOLD actually degenerates into more considerable momentum to obtain higher accuracy.259

4.6 Impact of the Number of Clients260

Table 5: The top-1 accuracy of FedShift and three baselines (FedAvg,FedProx and SCAFFOLD) on
Cifar10 dataset with different number of clients.

Method N=10,C=1.0 N=20,C=0.5 N=50,C=0.2

FedAvg 78.94% 79.49% 55.22%
FedProx 79.33% 79.57% 56.24%

SCAFFOLD 77.75% 78.79% 64.92%
FedShift (ours) 83.52% 83.13% 64.69%

To show the scalability of FedShift, we try more number of clients on Cifar10, including two settings:261

20 clients and 50 clients. For better comparison, we adjust the proportion of clients participating262

in training in each round so that there are exactly 10 clients each time, where C = 0.5/0.2 for263

N = 20/50. The communication round remains the same as the previous experiment, which is264

100 rounds. The results are shown in Table 5. FedShift achieves higher accuracy than FedAvg265

and FedProx in the different number of clients. Moreover, SCAFFOLD even outperforms FedShift266

with 50 clients and the fraction C = 0.2 because of its estimation of the global gradient even if the267

gradients of some clients participating in training are small.268

5 Conclusion269

Focusing on the class imbalance in the statistical heterogeneity of federated learning, we propose270

FedShift in this paper, which is a simple and effective method that adds the shift on the classifier271

output based on the client class distribution in the local training phase. Then, we theoretically272

prove that the classifier shift in FedShift make the local optimal model satisfies the global optimum.273

Additionally, we prove the convergence of the FedShift algorithm and compare with FedAvg. We also274

conduct numerical studies, and the experimental results show that FedShift significantly outperforms275

the popular state-of-the-art algorithms on various datasets. Finally, as a future prospect, Fedshift has276

the potential to combine with the research of feature representation to deal with the inconsistency of277

the category conditional probabilities in each client, which is relaxation of our assumptions in our278

work.279
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