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Abstract
Federated Learning (FL) has become an active and
promising distributed machine learning paradigm.
As a result of statistical heterogeneity, recent s-
tudies clearly show that the performance of pop-
ular FL methods (e.g., FedAvg) deteriorates dra-
matically due to the client drift caused by local
updates. This paper proposes a novel Federated
Learning algorithm (called IGFL), which leverages
both Individual and Group behaviors to mimic dis-
tribution, thereby improving the ability to deal with
heterogeneity. Unlike existing FL methods, our
IGFL can be applied to both client and server op-
timization. As a by-product, we propose a new
attention-based federated learning in the server op-
timization of IGFL. To the best of our knowledge,
this is the first time to incorporate attention mech-
anisms into federated optimization. We conduc-
t extensive experiments and show that IGFL can
significantly improve the performance of existing
federated learning methods. Especially when the
distributions of data among individuals are diverse,
IGFL can improve the classification accuracy by
about 13% compared with prior baselines.

1 Introduction
Federated learning is originally designed to allow massive
mobile devices to collaboratively train a global statistical
model. In recent years, it has emerged as a new paradigm for
large-scale distributed machine learning without exchanging
privacy data. The traditional distributed methods require that
individuals upload their local data to a cloud parameter serv-
er (PS), and the server updates the model, where individuals
can be remote devices or siloed data centers, such as banks
and hospitals. An urgent problem is that most individuals are
not willing to communicate their personal data, such as pri-
vate photos or personal financial information, to an untrusted
third party [McMahan et al., 2017].

General federated learning first distributes the aggregation
model to each client by the parameter server. The clients up-
date the model multiple times locally, and then communicate
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the model updates to the server. During the whole process,
FL requires data not to be shared, which ensures the priva-
cy of the clients. Statistical heterogeneity is a key and tough
challenge for FL, which is usually not considered in distribut-
ed machine learning. Individuals with unique attributes make
the collected data examples have different statistical distri-
butions. Unfortunately, many recently proposed distributed
machine learning methods are based on the independent and
identically distributed (I.I.D.) assumption. This makes most
of them directly applied to FL often ineffective [Li et al.,
2020a]. In addition, similar to distributed machine learning,
federated learning also suffers from expensive communica-
tion [Konecny et al., 2016]. With the development of modern
mobile devices, the computational cost of the devices are usu-
ally far less than the communication cost [Li et al., 2020a]. A
common communication-efficient solution is to use Local S-
GD [Stich, 2019; Lin et al., 2020]. This method allows clients
to perform multiple local updates instead of once, and then
communicate the results to the central server.

The FL algorithm based on Local SGD is the widely-used
FedAvg [McMahan et al., 2017]. However, the multiple local
updates keep the client away from the global optimum. In ex-
treme cases, each client reaches the local optimum, and then
the server aggregates them. This is equivalent to ont-shot av-
eraging, which does not work in non-IID setting [Reddi et al.,
2021]. Subsequently, researchers proposed a variety of new
and improved algorithms. These methods can be roughly di-
vided into two categories: i) client optimization. The typical
algorithm is SCAFFOLD [Karimireddy et al., 2020], which
uses control variates at the stage of local updates, to allevi-
ate the client drift. Inspired by variance reduction [Johnson
and Zhang, 2013; Shang et al., 2021], [Liang et al., 2019]
proposed a similar method. ii) server optimization. These
methods involve a server aggregation stage with momentum
acceleration on the server as in FedAvgM [Hsu et al., 2019]
or an adaptive optimizer [Kingma and Ba, 2015] on the server
as in FedAdam [Reddi et al., 2021]. This category of algo-
rithms regard the aggregation of the information from various
individuals as a pseudo-gradient-based optimization process,
which is called server optimization. In FedAvg, its server
learning rate is always 1, which makes it lack of flexibility in
server optimization.

Since the data is not shared, only the distributions of indi-
viduals which are different from the distribution of the whole
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group, are used for local updates. Server aggregation is actu-
ally a synchronization function that can eliminate the impact
of this difference to a certain extent, depending on the fre-
quency of communication. Therefore, this raises a question:
Is there a better way to integrate individual distribution into
group distribution instead of just relying on synchronization?
We answer this question in the affirmative and propose a new
federated learning algorithm, called Individual and Group
Federated Learning (IGFL). IGFL leverages the behaviors
(e.g., updates) of individuals and groups to mimic the corre-
sponding distributions, and digests them in client optimiza-
tion and server optimization. In particular, inspired by the
success of attention mechanisms [Bahdanau et al., 2015], we
investigate the method of incorporating attention into federal
learning and applied it to the server optimization of IGFL.

1.1 Our Contributions
We summarize our main contributions as follows.
• In order to reduce the adverse impacts of client drift

caused by local updates, we propose a novel and unified fed-
erated learning algorithm (called IGFL). IGFL has an insight
into the interplay between the behaviors and distributions of
individuals and groups, that help to improve both client opti-
mization and server optimization. IGFL with only our client
or server optimization is called IGFL-C or IGFL-S.
•Moreover, taking the behaviors of individuals and group-

s into account for server optimization, and inspired by the
success of attention mechanisms, we also propose a new
Attention-based Federated Learning (AFL) scheme. To the
best of our knowledge, this is the first time to incorporate at-
tention into federated optimization.
• Finally, We conduct extensive experiments on the CI-

FAR10 and EMNIST data sets, and all the results show that
the proposed algorithms exhibit superior performance to oth-
er algorithms in various situations. Especially, our algorithm
can improve the classification accuracy by about 13% com-
pared with prior baselines (e.g., FedAvg) in highly heteroge-
neous (non-IID) settings.

2 Related Work
FedAvg [McMahan et al., 2017] is a standard federated opti-
mization algorithm, but it is tricky to deal with heterogeneous
data. Recently, in order to better deal with non-IID data, re-
searchers have proposed many improved methods. FedProx
proposed in [Li et al., 2020b] add a proximal term to the ob-
jective for stable updates. [Zhao et al., 2018] presented a shar-
ing strategy to improve performance, but it violated the basic
requirement of federated learning. FedAvgM is a method of
adding momentum on the server, proposed by [Hsu et al.,
2019], and the authors also proposed a new way, which re-
ly on Dirichlet distribution, to generate measurable federated
data sets. SCAFFOLD [Karimireddy et al., 2020] uses con-
trol variables to alleviate client drift, and it can be viewed as
employing the idea of variance reduction on the client. Sim-
ilar to SCAFFOLD, VRL-SGD [Liang et al., 2019] also uti-
lizes the method of variance reduction, but does not support
client sampling. FedAdam [Reddi et al., 2021] introduces an
adaptive optimization method on the server side. Unlike the

Algorithm 1 IGFL
Input: P , R.
Initialization:w0

ps, ∆w0
k = 0, k ∈ [P ].

Output: wRps.
1: for r = 0, ..., R − 1 do
2: Sample subset S from clients;
3: for each client i ∈ S in parallel do
4: ∆wr+1

i =IGFL-client(wrps, i, ∆wri );
5: end for
6: wr+1

ps =IGFL-server(∆wr+1
i ,∆wri |i ∈ S});

7: end for
8: return wRps.

synchronous method, [Chen et al., 2020] proposed an com-
putationally efficient and asynchronous online method.

3 Individual and Group Federated Learning
For general federated learning problems, they can be ex-
pressed as the following problem:

min
w∈Rd

f(w) :=
1

P

P∑
i=1

fi(w), (1)

where fi(w) := Ex∼Pi [fi(w, x)] is the local loss function
of the i-th client, P is the total number of clients, and Pi
denotes the distribution for the i-th local data. We assume
fi is smooth. In this paper, we focus on the non-IID setting,
where Pi may be very different (i.e., EPi [fi(w)] 6= f(w)).

Our proposed IGFL algorithm is described in Algorithm
1. It includes two important schemes, IGFL-client (Line 4)
and IGFL-server (Line 6), which are shown in Algorithms 2
and 3, respectively. If we formulate the main update rules in
Lines 4 and 6 into Eqs. (4) and (5), IGFL degenerates into
FedAvg. We refer to the algorithms that only apply the client
or server optimization scheme by IGFL-C (see Section 3.2 for
details) and IGFL-S (see Section 4 for details), respectively.
The idea behind IGFL is to make full use of both individual
and group behaviors to approximate distribution P in client
optimization and server optimization.

3.1 Review SGD and Local SGD
To motivate the algorithms in this paper, we revisit the differ-
ence between SGD and Local SGD to illustrate the shortcom-
ings of Local SGD. We assume that all clients are activated
and the results obtained are easily extended to partly activa-
tion. For the i-th client in the r-th round, after pulling the
global model (i.e., wri ← wrps), mini-batch SGD [Shang et
al., 2020] can be written in the following form:

wr+1
i = wri − ηlgi(wri ), (2)

where ηl is the client learning rate, wrps and wri are the pa-
rameters of the server and the i-th client in the r-th round,
respectively. By aggregating wr+1

i on the server, we have

wr+1
ps =

1

P

P∑
i=1

wr+1
i = wrps −

ηl
P

P∑
i=1

gi(w
r
ps), (3)
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Algorithm 2 IGFL-client
Input: wrps, i, ∆wri .
Parameters: T , ηl.
Output: ∆wr+1

i .

1: wr,0i = wrps; // pull global parameters
2: ∆wps = wrps − wr−1

ps ;
3: for t = 0, ..., T − 1 do
4: Compute gradient gi(w

r,t
i );

5: ∆I =−ηlgi(wr,ti ), ∆G= 1
|S| (∆I− 1

T ∆wri )+ 1
T ∆wps;

6: wr,t+1
i = wr,ti + ∆I + ∆G;

7: end for
8: ∆wr+1

i = wr,Ti − wrps;
9: return ∆wr+1

i .

where P is the number of client. While Local SGD has the
following form in the i-th client:

wr+1
i = wrps − ηl

T−1∑
t=0

gi(w
r,t
i ), (4)

where T is the number of local steps. After aggregation,

wr+1
ps = wrps −

ηl
P

P∑
i=1

T−1∑
t=0

gi(w
r,t
i ), (5)

where wr,ti denotes the parameters of i-th client in the r-th
round at t-th local step. Thanks to aggregation without delay,
each update of SGD is based on the entire example set x∼P .
Unfortunately, the local updates of Local SGD depend only
on the local example set x∼Pi , resulting in the lack of inter-
acting with other individuals in time. It tends to have a large
deviation due to walking alone for a long time, especially as
the number of local updates increases.

3.2 Use of Individual and Group Information
In order to make corrections, we want it to make full use of
group information at every step forward, not just its own in-
dividual information. Thus, we have the following rules:

wr+1
i =wrps−ηl

T−1∑
t=0

gt∗i , g
t∗
i =

1

P
[gi(w

r,t
i ) +

P∑
k 6=i

gk(wr,tk )].

(6)
However, as a result of the basic demands for privacy in

FL, the individuals cannot get
∑P
k 6=i gk(wr,tk ). We define the

approximation of individual and group behaviors as follows:

∆wrps := wrps − wr−1
ps , ∆wri := wri − wr−1

i , (7)

which are used to simulate the responses of individual distri-
bution Pi and group distribution P , respectively, and ∆wrps=
1
P

∑P
i=1 ∆wri . We can assume that the gradient gi(w

r,t
i ) does

not change quickly because fi(w) is smooth, and gk(wr,ti ) ≈
gk(wr−1,t

i ), similar to [Karimireddy et al., 2020]. For the
update rules (4) and (5), we have

T−1∑
t=0

P∑
k 6=i

gk(wr,tk ) ≈ P

−ηl
∆wrps −

1

−ηl
∆wri . (8)

Now, plugging Eq. (8) back to Eq. (6), we get the gradient
with respect to the approximate distribution of the group:

ĝti =
1

P
[gi(w

r,t
i ) +

P

−ηlT
∆wrps −

1

−ηlT
∆wri ]

=
1

P
(gi(w

r,t
i )− 1

−ηlT
∆wri ) +

1

−ηlT
∆wrps. (9)

Note that ĝti represents the gradient that only depends on
group behavior when updating locally. Furthermore, we hope
that our algorithm not only depends on group behavior, but
also ensures that individual specificity is not diluted. There-
fore, in each step of the local update, clients also examine
themselves sufficiently. Specifically, gti = ĝti + gi(w

r,t
i ). The

detailed algorithm is given in Algorithm 2.

Compared with FedAvgM. If
∑T−1
t=0

∑P
k 6=i gk(wr,tk ) is

added directly after T local updates as additional distribution
information, instead of spreading them to each local update,
the update rule becomes:

wr+1
i ← wr+1

i + ∆wrps −
1

P
∆wri . (10)

Obviously, it is equivalent to injecting information directly
on the server: wr+1

ps = 1
P

∑P
i=1 w

r+1
i + P−1

P ∆wrps. In terms
of the rule, this is similar to FedAvgM proposed in [Hsu et
al., 2019], which has the following form: v ← βv + ∆wr+1

ps ,
wr+1
ps = wrps + v. Note that the additional information inject-

ed by FedAvgM is not limited to the group behaviors of the
previous round, but also those in the past. Besides, it will suf-
fer from some major drawbacks if the information is injected
at once: i) Volume, ||∆wrps|| is much larger than the ordinary
local update, which increases the uncertainty. ii) Timeliness,
more importantly, the internal gradient calculation still only
contains individual behaviors. The timeliness of approximate
group behaviors is further weakened. iii) Specificity, the indi-
vidual behaviors (i.e., ∆wrj ) are not utilized in this method.
Compared with SCAFFOLD. Amazing and marvellous,
ĝti has a similar form as the update of SCAFFOLD [Karim-
ireddy et al., 2020]. Compared with SCAFFOLD, there is
a subtle difference that IGFL-C changes the coefficient of
(gi(w

r,t
i )− 1

−ηlT ∆wri ) from 1 to 1/P . Formally, 1/P comes
from Eqs. (8) and (6). As described in [Defazio et al., 2014],
a variance reduction method is to use the estimator ∇̃ξ :=
ξ(X−Y )+EY to approximate EX , where ξ ∈ [0, 1] and Y is
highly correlated withX . We have E∇̃ξ = ξEX+(1−ξ)EY ,
Var(∇̃ξ) = ξ2[Var(X)+ Var(Y ) − 2 Cov(X,Y )]. Here, we
set gi(w) =X and ∆wi =Y . SCAFFOLD uses ξ= 1 to ob-
tain an unbiased estimator. IGFL-C uses ξ = 1/P and has a
non-zero bias. But the variance of IGFL-C is 1/P 2 times the
one of SCAFFOLD. In fact, due to the statistical heterogene-
ity, EPi [gi(w)] 6= EP [g(w)], both of SCAFFOLD and IGFL-
C are biased. Moreover, IGFL-C uses behaviors to simulate
distributions, which can correct certain biases.

4 Attention-based Federated Learning
The innovation of IGFL-client is mainly to apply the idea of
simulating the responses of distributions by combining indi-
vidual and group behaviors to the client optimization. We
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answer the following question in the affirmative: Whether
this idea can also be applied to the server optimization to im-
prove the ability of tackling statistical heterogeneity? In this
section, inspired by the attention mechanism, we introduce
a novel Attention-based Federated Learning (AFL) scheme
as a tool for server optimization of IGFL. In essence, it mea-
sures the similarity between individual and group behaviors,
or the similarity between two rounds of behaviors, and gives
each client a new weight for summing them together. The at-
tention mechanism has been widely used in many fields such
as natural language processing [Bahdanau et al., 2015] and
computer vision [Mnih et al., 2014], and it is playing an in-
creasingly important role. Next we will introduce how to use
the attention mechanism innovatively to improve the capacity
of federated learning to accommodate heterogeneity. To the
best of our knowledge, this is the first time to apply attention
mechanism to federated optimization.

As described in [Vaswani et al., 2017], the attention mech-
anism can be regarded as a mapping function about a set of
key-value pairs and a query Q. Specifically, the similarity
between Q and each key is calculated to obtain a set of s-
cores, which are used as weights. The output is a weight-
ed sum of values. At the beginning of the r-th round of
server optimization, the central server obtains the individu-
al behaviors of selected clients {∆wr+1

i |i ∈ S}. In a general
FL algorithm, the update rule of this round is the average of
these behaviors: wr+1

ps =wrps+ 1
|S|

∑
i∈S ∆wr+1

i . In the pro-
posed AFL, we treat these behaviors as a set of values V . By
defining specific keys K and queries Q, we can get the at-
tention output ∆ŵr+1

i . After that, the new parameters wr+1
ps

are obtained by a mapping M({∆ŵr+1
i |i ∈ S}, wrps), such

as wr+1
ps = wrps + 1

|S|
∑
i∈S ∆ŵr+1

i . We compute ∆ŵr+1
i

according to the following update rule:

∆ŵr+1
i =

∑
j∈S

αrij∆w
r+1
j , αrij =

eψ(Qri ,∆w
r+1
j )∑

τ e
ψ(Qri ,∆w

r+1
τ )

, (11)

where ψ(·) is a similarity measurement function (e.g., we use
dot product in this paper). Note that we set K := V =
{∆wr+1

i |i ∈ S}, which is consistent with the attention mech-
anism in other areas such as [Bahdanau et al., 2015]. Regard-
ing the selection of Q, we provide three different strategies,
which are discussed in detail below.

4.1 Self-Attention Federated Learning
In this subsection, we introduce a new self-attention federat-
ed learning scheme, whereQ := K = V = {∆wr+1

i |i ∈ S},
similar to [Vaswani et al., 2017]. Hence, the scores αrij cap-
ture the similarity between individual i and individual j by
measuring the similarity of their behaviors in this round. This
means that the individual that is more similar to individual i
should have more greater weight when representing individ-
ual i. The update rules can be formulated as follows:

∆ŵr+1
i =

∑
j∈S

αrij∆w
r+1
j , αrij =

eψ(∆wr+1
i ,∆wr+1

j )∑
τ e

ψ(∆wr+1
i ,∆wr+1

τ )
.

Algorithm 3 IGFL-server

Input: {∆wr+1
i ,∆wri |i ∈ S}.

Output: wr+1
ps .

1: ∆wr+1
ps = 1

|S|
∑
i∈S ∆wr+1

i ;
2: for each i ∈ S do

3: qi ←


∆wr+1

i , Option I for self-attention

∆wr+1
ps , Option II for global-attention

∆wrj , Option III for time-attention

4: αrij = e
ψ(qi,∆w

r+1
j

)∑
τ e

ψ(qi,∆w
r+1
τ )

;

5: ∆ŵr+1
i =

∑
j∈S α

r
ij∆w

r+1
j ;

6: end for
7: wr+1

ps = wrps + 1
|S|

∑
i∈S ∆ŵr+1

i ;
8: return wr+1

ps .

4.2 Global-Attention Federated Learning
The attention score can be calculated not only from the sim-
ilarity between individuals, but also from the similarity be-
tween individuals and groups. We propose a new global-
attention federated learning scheme, i.e., Q = ∆wr+1

ps . Note
that for any i ∈ S , Qi does not change, i.e., there is only one
query. As a result, for any i ∈ S , ∆ŵr+1

i is equal. The update
rules for server optimization become

wr+1
ps = wrps +

∑
i∈S

αri∆w
r+1
i , αri =

eψ(∆wr+1
ps ,∆wr+1

i )∑
τ e

ψ(∆wr+1
ps ,∆wr+1

τ )
.

The scores measure the similarity between individual and
group behaviors. We should focus on an individual if its be-
havior is similar to the group behavior.

4.3 Time-Attention Federated Learning
The above two methods utilize the similarity between the
individuals, or the individuals and the group in the current
round. Time-attention FL sets Qi = ∆wr−1

j and provides a
way to distribute attention by capturing the similarity between
the behaviors of the current round and the previous round.
One can see that the score αrij is decoupled from i and sim-
plified to αrj , similar to global-attention FL. Time-attention
FL can be formulated as follows:

wr+1
ps = wrps +

∑
j∈S

αrj∆w
r+1
j , αrj =

eψ(∆wrj ,∆w
r+1
j )∑

τ e
ψ(∆wrj ,∆w

r+1
τ )

.

It can be interpreted that if the behaviors of an individual in
two rounds are very similar, this means that the group be-
havior has little impact on individual correction, and this also
implies that the individual is similar to the group.

5 Experiments
In this section, we demonstrate empirical evaluation of the
proposed algorithms. We first verify the effectiveness of our
algorithm by training the model using convolutional network-
s on the CIFAR10 [Krizhevsky and Hinton, 2009] and EM-
NIST [Cohen et al., 2017] data sets. Here we use the same
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Cross-silo E = 1 E = 5

FedAvg 75.89 72.16
FedAvgM 76.90 72.30
SCAFFOLD 76.49 73.78
FedAdam 76.29 71.22
IGFL-C (ours) 77.25 74.69
IGFL-S (ours) 76.17 73.61
IGFL (ours) 78.08 75.56

Table 1: Comparison of the average testing accuracies (%) over the
last 10% rounds of each algorithm on CIFAR10 in the cross-silo set-
ting after 5,000 or 3,000 communication rounds, which corresponds
to E=1 and E=5, respectively. For IGFL-S and IGFL, we use the
time-attention scheme to achieve the best performance.

network structure as in [McMahan et al., 2017] and [Reddi
et al., 2021], respectively. We also conduct extensive experi-
ments to further discuss IGFL. We implement all experiments
in Ray [Moritz et al., 2018] based Python, which is a flexible,
high-performance distributed execution framework.

5.1 Setup
Data partitions. The non-IID populations are generated in
two schemes: i) Sort-and-partition [McMahan et al., 2017].
Each client has two shares with different labels, and each
share is randomly selected from data partitions sorted by la-
bels. ii) Dirichlet distribution [Hsu et al., 2019]. The train-
ing examples in each client are extracted by class following a
categorical distribution generated by a Dirichlet distribution,
c ∼ Dir(ρq), where ρ > 0 is a concentration parameter ad-
justing the heterogeneity among clients and q is a prior prob-
ability, assuming a uniform distribution.

Hyperparameter tuning and methods. For both CI-
FAR10 and EMNIST, we used the following parameters:
batch size B = 100, local epoch E = {1, 5}, and client s-
election rate C = {0.1, 1}, without step decay. We set the
grid search range of client learning rate by ηl ∈ {10−3, 3 ×
10−3, ..., 10−1, 3 × 10−1}. We fixed the server learning rate
to 1, except for FedAadam. We use the following method-
s as compared algorithms: FedAvg [McMahan et al., 2017],
FedAvgM [Hsu et al., 2019], SCAFFOLD [Karimireddy et
al., 2020], and FedAdam [Reddi et al., 2021]. Specifically,
we set β = 0.9 for FedAvgM, and adjust τ ∈ {0.1, 0.01} to
achieve the best performance for FedAdam.

5.2 Main Results
We conduct extensive experiments to evaluate the perfor-
mance of the proposed algorithms in the following two set-
tings: i) Cross-silo setting, in which we set P =10, the selec-
tion rate C = 1, and adopt the sort-and-partition scheme. ii)
Cross-device, in which we set P = 100, C= 0.1, and use the
Dirichlet distribution scheme.

For the cross-silo setting, Table 1 shows the performance
comparison of all the algorithms on CIFAR10 for visual clas-
sification tasks, when E = 1 or E = 5. Meanwhile, we give
the test accuracy curve along with the number of rounds, as
shown in Figure 1. Experimental results show that the pro-
posed algorithms exhibit superior performance to other algo-

Cross-device ρ = 1000 ρ = 1 ρ = 0.1

E = 1

FedAvg 82.03 75.22 68.62
FedAvgM 82.21 77.34 70.12
SCAFFOLD 80.99 75.97 –
FedAdam 82.55 76.21 72.21
IGFL-C (ours) 83.56 79.51 78.71
IGFL-S (ours) 83.17 79.14 73.09
IGFL (ours) 84.01 81.33 79.45

E = 5

FedAvg 82.21 73.29 63.67
FedAvgM 82.75 73.62 67.10
SCAFFOLD 81.83 71.84 –
FedAdam 82.82 75.50 67.07
IGFL-C (ours) 83.10 78.50 72.31
IGFL-S (ours) 82.51 73.63 66.79
IGFL (ours) 84.13 78.63 76.38

Table 2: Comparison of the average testing accuracy (%) over the
last 10% rounds of each algorithm on CIFAR10 in the cross-device
setting after 10,000 or 4,000 communication rounds, which corre-
sponds to E = 1 and E = 5, respectively. For IGFL-S and IGFL,
we use the global-attention scheme.
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Figure 1: Test accuracies vs. the number of rounds of all the algo-
rithms on CIFAR10 in the cross-silo (left) and cross-device (right)
settings (here E=1 and ρ=0.1, best viewed in color).

rithms. Note that when encountering a larger number of local
epochs, (i.e., E = 5), the performance of FedAvgM degen-
erates and is only slightly better than that of FedAvg, while
IGFL still has a significantly improvement over FedAvg. We
will discuss this phenomenon in detail in Section 5.3.

In the cross-device setting, Tables 2 and 3 show the cor-
responding experimental results on CIFAR10 and EMNIST,
respectively. The proposed methods achieve impressive im-
provements in terms of accuracy over other methods. In par-
ticular, it is exciting to see our algorithm improves accuracy
by nearly 13% over the baseline method, (i.e., FedAvg), on
CIFAR10 for the highly skewed non-IID case (e.g., ρ = 0.1),
while the improvement of other federated optimization algo-
rithms (e.g., FedAvgM, FedAdam) is only about 4%.

5.3 Effectiveness of Amortization Against
FedAvgM

We design and run experiments to discuss the relationship be-
tween IGFL-C and FedAvgM to illustrate that IGFL-C can
significantly reduce client drift by spreading the approximate
group distribution information to each local update, rather
than at the end of each round. We change T , which depends
onB andE. Specifically, we setB = {20, 100},E = {1, 5}.
The experimental results are shown in Table 4. It can be found
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Cross-device ρ = 1 ρ = 0.1

FedAvg 77.72 70.83
FedAvgM 78.07 75.37
SCAFFOLD 78.08 68.20
FedAdam 77.90 71.17
IGFL-C (ours) 78.96 72.61
IGFL-S (ours) 78.88 74.63
IGFL (ours) 81.17 77.27

Table 3: Comparison of the average testing accuracies (%) over the
last 10% rounds of each algorithm on EMNIST in the cross-device
setting after 1,500 communication rounds. For IGFL-S and IGFL,
we use the self-attention scheme.

T (B, E) FedAvgM IGFL-C δ

50 (B=100, E=1) 76.90 77.25 0.35
250 (B=20, E=1) 71.83 73.35 1.52
250 (B=100, E=5) 72.30 74.69 2.39
1250 (B=20, E=5) 68.54 71.54 3.00

Table 4: Comparison of the testing accuracies (%) of FedAvgM and
IGFL-C as varying T in the cross-silo setting.

that as the number of local updates increases, the performance
difference between them becomes more and more obvious,
which shows the advantages of the amortization strategy used
in IGFL-C when encountering a large local epoch number.

5.4 Comparison of Attention-based Methods
We first compare the performance of the three proposed atten-
tion schemes, as shown in Table 5. The experimental results
suggest that specific settings may require specific attention to
achieve the best performance. For example, in the case of no
client sampling, time-attention performs very well, because
under the sampling conditions, the previous behaviors saved
by different clients correspond to different rounds. Global-
attention has excellent performance on CIFAR10 (10 class-
es), but not well on EMNIST (62 classes), which implies that
its performance may be affected by the number of classes.
More experiments are needed for conclusions.

Moreover, the visualization of how the behaviors mimic the
distributions is given in Figure 2. We set two specific popu-
lations for CIFAR10: i) random population by using the s-
tandard sort-and-partition, and ii) paired population, in which
every two clients have the same label distribution. We gener-
ate 50 different random populations for experiments, and cal-
culate the matching rate between client pairs with the same
label and darker coordinate pairs on the heat map, which is
up to 96%. Experimental results show that self-attention can
indeed capture the similarity of distribution between clients,
by measuring the similarity of individual behaviors.

6 Conclusions
In this paper, we proposed a novel federated learning algorith-
m (called IGFL) with both a new client optimizer and a new
server optimizer to alleviate the statistical heterogeneity for
federated learning. It leverages individual behavior as an es-
timate of the data distribution of individual, and complements
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Figure 2: Visualization of how self-attention works, where the at-
tention scores are the average of all (1,000 rounds) scores. The
populations corresponding to random example (left) and paired ex-
ample (right) are {(0,9), (1,5), (2,8), (3,0), (4,3), (5,2), (6,4), (7,6),
(8,7), (9,1)} and {(0,1), (0,1),(2,3), (2,3),..., (8,9), (8,9)}, respective-
ly, where (i, j) denotes the client assigned the i-th and j-th labels.

Setting E ρ GA SA TA

CIFAR10 silo E=1 – 77.48 76.46 78.08
E=5 – 74.50 73.91 75.56

CIFAR10 device

E=1
1000 84.01 83.30 84.17

1 81.33 80.07 79.95
0.1 79.45 79.03 76.83

E=5
1000 84.13 83.16 80.06

1 78.63 78.56 77.94
0.1 76.38 75.92 74.89

EMNIST device E=1
1 78.51 81.17 78.73

0.1 70.45 77.27 72.57

Table 5: Testing accuracies (%) of our three attention schemes in
different settings. Here, GA, SA and TA denote the global-attention,
self-attention, and time-attention schemes, respectively.

the distribution of groups that are invisible but crucial during
local updates, thus reducing the impact of client drift on FL
algorithms. Different from other solutions, the technique that
behavior mimic distribution can be used in both client opti-
mization and server optimization. As a by-product, we al-
so presented two federated learning algorithms with the pro-
posed client optimizer or server optimizer, which are called
IGFL-C and IGFL-S, respectively. Moreover, for our serv-
er optimizer, we proposed a federated learning optimization
scheme (called AFL) based on the proposed attention mecha-
nisms. The principle behind AFL is that attention captures the
similarity of individual distributions. We performed exten-
sive experiments to demonstrate that the proposed algorithms
have significant improvements over other recently proposed
algorithms, especially in the highly skewed non-IID case.
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