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CC-FedAvg: Computationally Customized
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Abstract—Federated learning (FL) is an emerging paradigm
to train model with distributed data from numerous Internet of
Things (IoT) devices. It inherently assumes a uniform capacity
among participants. However, due to different conditions such as
differing energy budgets or executing parallel unrelated tasks,
participants have diverse computational resources in practice.
Participants with insufficient computation budgets must plan
for the use of restricted computational resources appropriately,
otherwise they would be unable to complete the entire training
procedure, resulting in model performance decline. To address
this issue, we propose a strategy for estimating local models
without computationally intensive iterations. Based on it, we
propose Computationally Customized Federated Averaging (CC-
FedAvg), which allows participants to determine whether to per-
form traditional local training or model estimation in each round
based on their current computational budgets. Both theoretical
analysis and exhaustive experiments indicate that CC-FedAvg
has the same convergence rate and comparable performance as
FedAvg without resource constraints. Furthermore, CC-FedAvg
can be viewed as a computation-efficient version of FedAvg
that retains model performance while considerably lowering
computation overhead.

Index Terms—Federated Learning, Computation Heterogene-
ity, Model Estimation, Computation Efficiency, Unbiased Aggre-
gation

I. INTRODUCTION

With the rapid development of the Internet of Things (IoT),
the number of IoT devices (e.g., smart phones, cameras and
sensing devices) has increased dramatically. These devices are
playing an increasingly important role in people’s lives. They
continually create large volumes of data, which encourages the
use of artificial intelligence technology to improve a number of
existing applications, including smart healthcare systems, au-
tomated driving, etc. However, due to the privacy concerns and
communication limitations, keeping data locally is becoming
increasingly appealing. Federated learning (FL) [22], which
allows multiple devices to collectively train a model without
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sharing local data, is emerging to make use of this dispersed
data across a range of devices.

Normally, a stable global model of FL is achieved after
multiple rounds of local training and global aggregation. At
each round, all or a portion of participants (usually selected
by the server) calculate local models based on their local data,
which is commonly iterated numerous times using optimiza-
tion methods such as stochastic gradient descent (SGD) or
its variations. This local training requires intensive on-device
computing for long periods. However, devices in the wild
greatly vary in computational resource budgets, resulting in
some devices’ computing resources being insufficient to com-
plete training. For instance, devices with low energy budgets
cannot provide enough computation capability to complete
the entire training. Or other unrelated tasks that consume
an arbitrary percentage of the resource, prevent the devices
from providing sufficient computational resources for training.
This ubiquitous presence of computation heterogeneity is not
considered by conventional FL methods, represented FedAvg.
In fact, in both cross-silo and cross-device settings [10], all
the clients have the same computational cost for conventional
FL methods both in theoretical analysis and practical applica-
tions [26], [36], as the expected number of participation rounds
remains constant. Actually, devices with insufficient compu-
tational capacity cause straggler issues [22], [35] (e.g., the
devices are busy during training) or even drop-out issues [15],
[29] (e.g., the battery is consumed during training), which
slows down training and greatly harms performance [6].

To address this issue, devices would plan for the use of
computational resource to guarantee throughout the training
process. One approach is to reduce the number of local
iterations for the clients with insufficient computation re-
sources following [32], but it only performs well in limited FL
scenarios (see section VI-D in detail). Another approach is to
reduce the number of participating training rounds directly. In
this way, the clients with insufficient computational resources
skip certain training rounds proactively even when they are
required to participate (e.g., selected by the server). As a
result, the server would not receive the expected local models
from these devices in the corresponding rounds. There are two
intuitive strategies to deal with these devices. The first is to
ignore them, aggregating global model only from the received
local models (Strategy 1). This is how the vanilla FedAvg
does [22]. However, it introduces bias into training data [35],
because the devices with sufficient computational resources
participate more frequently, resulting in over-representation of
their local data, and vice versa. It has been proved that biased
selections lead to sub-optimal solutions, which have non-
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Fig. 1. Illustration of CC-FedAvg solving computation heterogeneity in FL training. “Local training” refers to the traditional iterative method such as SGD to
obtain local models, which is computationally expensive. “Local estimation” refers to estimating the local model from historical information with negligible
computational overhead. (a) Devices schedule to train or estimate local models in advance based on their energy budgets. Devices with lower energy reserves
perform local estimation with higher probability. (b) Devices decide whether to execute local training or local estimation based on the tasks in time. Devices
with higher load perform local estimation with higher probability.

vanishing error gaps to the optimal one [3], [33]. Moreover, if
numerous devices skip the training, there will be insufficient
participants, making the model’s performance unstable [5].
The second is to utilize the latest local models of these devices
(Strategy 2), so that all devices participate in training with
the same number of rounds, forming an unbiased selection.
However, this strategy uses stale local models, which would
decrease the performance of the aggregated global model. As
a result, the devices lacking of computational resources are
required to provide new local models in corresponding rounds
while avoiding substantial computational cost.

To meet the requirement, we attempt to “guess” the lo-
cal model with negligible computational overhead by clients
themselves or even by the server, and we expect that it is as
close as possible to the model obtained by training locally.
Actually, Strategy 2 can be regarded as an estimation method
that estimates the local model in current round using the latest
local model, although it differs markedly from the trained one.
To get a better estimation, in this paper we propose a strategy
for estimating a newly local model by historical information
without computationally intensive iterations (Strategy 3). We
observe that the estimated model by Strategy 3 is much
closer to the trained one than that estimated by Strategy 2,
especially at the early stage of training. Based on this strategy,
we propose Computationally Customized Federated Averaging
(CC-FedAvg), which can train FL models across clients with
heterogeneous computational resources. CC-FedAvg allows
the selected clients to determine whether to perform local
training based on their computational resources at each train-
ing round (illustrated in Fig. 1). The main contributions of this
paper can be summarized as follows:

• We study the problem of computation heterogeneity in
FL, and present a strategy for estimating the local model
to be close to the one derived through local training. This
estimation method results in negligible computational
overhead.

• Inspired by the preceding strategy, we propose CC-
FedAvg, which allows clients with diverse computational

resources to train FL model collaboratively. We prove that
CC-FedAvg has the same convergence speed as vanilla
FedAvg without limitation of computational resources
(FedAvg (full) for short). Our evaluation demonstrate
that the performance of CC-FedAvg is almost the same
as FedAvg (full), and much better than other two FL
baselines and FedAvg with computation heterogeneity
constraint.

• Meanwhile, CC-FedAvg can be thought of a computation-
efficient extension of FedAvg (full) that can save com-
putational resources while retaining performance. It can
replace FedAvg in general scenarios more than limiting
to tackle computation heterogeneity. Experiments show
that CC-FedAvg retains model performance even when
the cost is reduced to 1/4 for each participant.

II. RELATED WORK

In practice the great variability of devices makes it chal-
lenging to deploy FL. Various kinds of heterogeneity need to
be addressed.

Data heterogeneity. Data heterogeneity is the most at-
tractive topic, which starts with the birth of FL [22]. It is
assumed that data are distributed across participants in a non-
IID (Independent Identically Distributed) way, which results
in large gaps among local models, aggregating a global model
with poor performance [41]. Pioneer works like [11], [12],
[18] correct the client drift actively to reduce the gaps among
local models. Others like [16], [17], [37], [39] introduce
regularization to reduce the difference between local models.

Device heterogeneity. In contrast to the significant work
spent to data heterogeneity, tackling device heterogeneity has
received less attention. [4], [8], [9], [23] address on system het-
erogeneity (mainly on run-time memory heterogeneity where
participants are with different on-chip memory budgets). These
methods enables devices to train size-adjustable local models
based on their memory budgets, eliminating the constraint
of standard FL methods that the global model complexity is
limited for the most indigent device. Smaller models consume
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fewer computational resources to train, but at the expense of
performance.

At present computation heterogeneity is partly considered
by some works. [24] handles the problem by selecting partic-
ipants based on their resource information. However, a biased
global model may be obtained because clients with more
resources participate more. [19], [42] utilize model distillation
for FL, where the architecture of local models can be decided
based on participants’ resources, but these methods usually
rely on public datasets for knowledge transmission, which may
not be realistic. Energy consumption is strongly correlated
with computation overhead. [20], [31] minimize the total
energy cost in FL training, whilst ignoring device hetero-
geneity. [2] proposes an energy-aware FL selection method
based on the uploaded participants’ profiles to balance the
energy consumption across these battery-constrained devices.
[13] exploits reinforcement learning to choose participants
in each training round. However, these methods are still
biased selection, resulting in a model that differs from the
deterministic aggregation of all clients [5].

Meanwhile, FedNova [32] can be regarded as a strategy
of model estimation, using the model with inadequate train-
ing. It can be used to self-adapt the computational resource
consumption of clients, but from our experiments, the way
of reducing local iteration number in each round only works
well in limited scenarios. Furthermore, in FedNova the server
cannot help the participants to estimation as ours (Alg. 2 and
Alg. 3 in Appendix), which lacks flexibility.

Training efficiency. Numerous studies try to speed up
the training of FedAvg. SCAFFOLD [12] achieves compa-
rable performance to FedAvg by altering the local models.
CMFL [21] analyzes local models before uploading to avoid
upload irrelevant update. FedCos [39] introduces a cosine
regularization term to reduce the directional inconsistency of
local models. FedDyn [1] uses linear and quadratic penalty
terms to make local minima and global stationary point con-
sistent. However, all of these methods incur more storage and
calculation cost than FedAvg. Instead, our approach improves
training effectiveness with almost any additional expense on
FedAvg.

III. COMPUTATIONALLY CUSTOMIZED FEDERATED
AVERAGING

A. FL and Computation Heterogeneity
We focus on federated training, in which N clients are

collaborated to yield a global model under the coordination
of a parameter server. Formally, the goal is to solve the
optimization problem as

min
x∈Rd

f(x) =
1

N

N∑
i=1

fi(x), (1)

where fi(x) := Eξi∼Di
[ℓi(x, ξi)] is the local loss function of

the i-th client with local dataset Di, and x is model parameters.
For normal federated learning methods such as FedAvg, the
training process is divided into T rounds. In the t-th round
(t < T ), the server randomly selects a part of clients (or all of
them) denoted as St and broadcasts the global model xt, which
is aggregated in the latest round (for t = 0, x0 is randomly

initialized by the server). For any client in St (denote as client
i), it initializes its local model xi

t,0 = xt, and then performs K
Stochastic Gradient Descent (SGD) steps iteratively on local
dataset with the learning rate η as

xi
t,k+1 = xi

t,k − ηgit,k, k = 0, 1, · · · ,K − 1, (2)

where git,k is an unbiased estimator in each step, i.e., E[git,k] =
∇fi(x

i
t,k). After K steps of iteration, the server aggregates

updated local models by

xt+1 =
1

|St|
∑
i∈St

xi
t,K . (3)

In the traditional FL process, all clients consume the same
amount of computational resources in expectation. In actuality,
however, they may not have the same computational resource
budgets. This is referred to as computation heterogeneity.
For example, due to lack of energy reserves, some clients
are unable to execute the same amount of computation as
others. Even in the absence of energy constraints, the im-
balance of computing resources still exists. For instance,
while performing federated training, the client may process
multiple other tasks concurrently. Because of the resource
preemption, the computational resources for some participants
in federated training are insufficient. As a result, these clients
with insufficient computational resources are unable to com-
plete K iterations before a predetermined time in one round.
They would be regarded as “stragglers”, even drop out the
training [29].

B. Motivation and Baselines

To address this issue, we should balance computing over-
head among clients with heterogeneous computational re-
sources, i.e., we should reduce the computation load of clients
with insufficient computational resources to avoid bottlenecks.
Formally, for client i, the ratio of remaining computational re-
sources (compared with the required computational resources
in traditional FL) is denoted as pi ∈ (0, 1]. The scarcer
the computational resource of client is, the smaller pi is.
Particularly, if the client has sufficient resources, pi = 1. Since
the computational resources of clients are mainly consumed
in the iterations of local gradient updates, the intuitive way
to lower computational overhead is to reduce the number of
participating rounds. Specifically, for round t, if client i is
in St, it skips local iterations in this round with probability
1− pi. In the entire training process, if all clients are selected
by the server in each round, client i calculates gradients by
pi ×K × T times (while it needs K × T times in traditional
FL). Hence the computation cost is reduced by 1− pi totally.

The server needs to deal with the clients skipping local
training in the aggregation phase. Accordingly, there are two
intuitive ways to deal with these clients. The first is to ignore
them directly, forming the strategy as follows.

Strategy 1: If client i will skip round t, it sends back
“skip” signal to the server (or sends nothing at all). The server
removes it from St in aggregation phase when receiving the
signal (or waiting until timeout).
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Fig. 2. We investigate the deviation between the estimated models by different strategies and the true models derived through local training for one random
chosen client (indexed by i) on CIFAR-10. It indicates the accuracy of the estimation. In (a) we measure the Euclidean distances between the estimated models
(xi

t−1,K by Strategy 2 and (xi
t,0 + ∆i

t−1) by Strategy 3) and the true model (xi
t,K ) in each round. For Strategy 2, the distance is ∥xi

t,K − xi
t−1,K∥2,

where t is the round index. For Strategy 3, the distance is ∥xi
t,K − (xi

t,0 +∆i
t−1)∥2. In (b) we measure the deviation of movement from the initial model

in each round by cosine distance. For Strategy 2, it is
〈
∆i

t, x
i
t−1,K − xi

t,0

〉
. For Strategy 3, it is

〈
∆i

t,∆
i
t−1

〉
. Both measurements indicate that the model

estimated by Strategy 3 is a competitive estimation compared with the model by Strategy 2, especially in the early stage of training.

This strategy is how vanilla FedAvg does. Strategy 1 ensures
that the computing consumption meets the requirement of
computation heterogeneity, but it results in a biased client
sampling scheme, leading to the aggregated model to be
different from the deterministic aggregation of all clients. It
makes the model sub-optimal [3]. To conquer this problem,
the second strategy requires all clients in St to take part
in aggregation phase, regardless of whether local training is
skipped.

Strategy 2: If client i will skip round t, it returns the
local model of the last round xi

t−1,K to the server instead
of calculating xi

t,K .
This strategy is also presented by previous literature such

as [35]. However, stale local models are used in Strategy 2,
which reduces the performance of aggregated model.

To overcome the drawbacks of both strategies, the clients
that skip current round should provide newly local models but
without computationally intensive local training. Although it
appears contradictory, it motivates us to “guess” a local model
that is as close as possible to the model obtained by gradient
iterations, but with negligible computational overhead. Indeed,
Strategy 2 can be viewed as a model estimation, but the esti-
mation is insufficiently precise, resulting in poor performance.

For client i, we observe the movement of the local model
in round t − 1 and get the moving vector ∆i

t−1 = xi
t−1,K −

xi
t−1,0. In the subsequent round t, we assume that the local

model would do the same movement as before. Hence we have
following strategy to estimate the local model:

Strategy 3: If client i will skip round t, it returns the
estimated local model xi

t,0 +∆i
t−1 as xi

t,K .
Figure 2 compares the model estimations of Strategy 3 and

Strategy 2 by both Euclidean distance and cosine distance. In
Fig. 2a we illustrate the Euclidean distances between observed
local models and the true model inferred by Eq. (2). For
Strategy 2, the estimated model is the one obtained in the
previous round. In Fig. 2b we measure the cosine distances
between the moving vector from xi

t,0 to estimated models and
to the true model respectively. Both measurements show that

the model observed by Strategy 3 is close to the real one that
is obtained by local training, and is a competitive estimation
compared with the model by Strategy 2, especially in the
early stage of training. Therefore, compared with Strategy 2,
Strategy 3 is a better one to estimate the local model.

C. Method

Algorithm 1 CC-FedAvg: Computationally Customized Fed-
erated Averaging

1: Initialize x0.
2: for t = 0 to T − 1 do
3: Server selects St randomly and sends xt to clients in

St.
4: (At client:)
5: for each client i ∈ St in parallel do
6: if not skip this round then
7: /* with probability pi (determined in advance or in

real time based on local computational resource) */

8: initial local model: xi
t,0 = xt.

9: for k = 0 to K − 1 do
10: Update local model by an unbiased estimate of

gradient: xi
t,k+1 = xi

t,k − ηgit,k.
11: end for
12: Get ∆i

t = xi
t,K − xi

t,0.
13: else
14: /* estimate local model (with probability 1− pi)*/

15: Get ∆i
t = ∆i

t−1.
16: end if
17: Send ∆i

t back to the server.
18: end for
19: (At server:)
20: ∆t =

1
|St|

∑
i∈St

∆i
t.

21: Update global model xt+1 = xt +∆t.
22: end for
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Inspired by the observation, we propose Computational
Customized Federated Averaging (CC-FedAvg) illustrated in
Algorithm 1. The process is similar as vanilla FedAvg. The
different is that the client decides to either perform local
training as vanilla FedAvg (line 8 to line 12) or estimate the
local update (line 15) according to its computational resources
in each round, if it is selected by the server. From the whole
training process, each client gets local model by performing
local training with probability pi and by estimation with
probability 1 − pi, where pi is determined by the adequacy
of its local computing resources. Actually, for client i with
pi < 1, more than one successive rounds may be skipped,
leading to ∆i

t = ∆i
t−1 = ∆i

t−2 = · · · .

Obviously, if the client skips one round by estimating the
movement of its local model, there is almost no computational
overhead compared with computation-consuming local train-
ing. Therefore, smaller pi means lower computational over-
head during the training. Each client can decide pi by itself in
advance or in real time to adapt local resources. Accordingly,
vanilla FedAvg can be regarded as a special case of CC-
FedAvg where all clients with pi = 1, i.e., all clients have
sufficient resources. Meanwhile, model estimation (line 12)
also can be executed on the server, which further reduces the
requirement to local storage cost and communication cost. In
Appendix A we propose other two variants of CC-FedAvg.
Because all variants are based on the same principle, in the
following we analyze CC-FedAvg based on Algorithm 1 by
default.

It is worth noting that [6] proposes a method named MIFA
similar as ours, especially as Alg. 2 where the server calculates
the local estimation of devices. However, there are several
differences from ours. First, they have different goals. MIFA
aims to deal with straggling devices, where the scenario still
is computation homogeneity. Hence the motivation, theoretical
analysis and experiments are all different with ours. MIFA
does not consider the influence of the ratio of insufficient
computational resources as ours, which is very critical in het-
erogeneous scenarios. Second, MIFA complements the local
model of inactive clients. It is equivalent to requiring all par-
ticipants to join the aggregation, changing the“cross-device”
scenario into the “cross-silo” scenario, which may introduces
too much stale information. In our method, we still follow
the scenarios of original FL, only considering the selected
participants in each round. Third, MIFA also considers the
situation of providing estimation from participants themselves,
but it aims to solving the influence of straggling by keeping
the stale information of clients passively. On the contrary,
CC-FedAvg aims to reducing computing overhead, where the
participants upload model estimations proactively according
to its conditions. At last, we aim to estimate local models
without expensive operations. Line 15 is a representative
estimation based on Strategy 3. It also can be replaced by other
estimations totally different from MIFA. For example, Fig. 2
shows that the local model by Strategy 2 is as close to the true
one as the model by Strategy 3 after several epochs. It inspires
a combination of Strategy 2 and Strategy 3. Correspondingly,

the estimation of line 15 can be replaced by

∆i
t =

{
∆i

t−1, t < τ (Strategy 3)
xi
t−1,K − xi

t,0, t ≥ τ (Strategy 2) (4)

where τ is a threshold of epoch number that determines
whether to use Strategy 2 or Strategy 3 to estimate the local
model. xi

t−1,K is the latest local models of client i. In section
VI-G we compare the performance of the replacement.

IV. THEORETICAL ANALYSIS

A. Convergence Analysis

In order to analyze the convergence of CC-FedAvg, we first
state the assumptions as follows.

Assumption 1 (L-Lipschitz Continuous Gradient): Func-
tion fi(x) is L-smooth, i.e., ∀x, y ∈ Rd,

∥∇fi(y)−∇fi(x)∥ ≤ L∥y − x∥ (5)

Assumption 2 (Unbiased Local Gradient Estimator):
For the i-th client, the local gradient estimator git,k =
∇fi(x

i
t,k, ξ

i
t,k) is unbiased and the variance is bounded, where

ξit,k is a random mini-batch of local data in the k-th step of
the t-th round at the i-th client, i.e.,

E[git,k] = ∇fi(x
i
t,k) (6)

∥git,k −∇fi(x
i
t,k)∥2 ≤ σ2

L (7)

Assumption 3 (Bounded Global Variance): The variance
of local gradients with respect to the global gradient is
bounded, i.e.,

E∥∇fi(x)−∇f(x)∥2 ≤ σ2
G. (8)

Assumption 1 and 2 are standard in general non-convex
optimization [7], [25], [30], [38], [40]. Assumption 3 is also a
common assumption in federated optimization [27], [28], [36],
where σG is used to quantify the degree of data heterogeneity
among clients. In particular, σG = 0 corresponds to IID data
setting.

Based on the above assumptions, we present the theoretical
results for the non-convex problem. For simplicity, we consider
CC-FedAvg with full client participation, i.e. |St| = N .

Theorem 1: For N participants, suppose there are r · N
clients (r ∈ [0, 1]) with insufficient computational resources,
each of which performs local iterations at least once every
W rounds (W ≪ T ). If the local learning rate satisfies η ≤
min (

√
1+24r2W 2L−1
12r2KW 2L , 1√

60(6r2+1)KL
), we have the following

convergence result for CC-FedAvg:

min
t∈[T ]

∥∇f(xt)∥2 ≤ f(x0)− f(x∗)

cηKT
+

D

cηK
, (9)

where c is a constant satisfying 0 < c < 1
2 and

D = 5(6r2 + 1)(σ2
L + 6Kσ2

G)L
2K2η3 +

Kη2L

2N
σ2
L. (10)
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Proof: For the t-th round,

E[f(xt+1)] ≤ f(xt) + ⟨∇f(xt),E[xt+1 − xt]⟩

+
L

2
E∥xt+1 − xt∥2

(a)
= f(xt) + ⟨∇f(xt),E[∆t + ηK∇f(xt)

− ηK∇f(xt)]⟩+
L

2
E∥∆t∥2

= f(xt)− ηK∥∇f(xt)∥2

+ ⟨∇f(xt),E[∆t] + ηK∇f(xt)⟩︸ ︷︷ ︸
A1

+
L

2
E∥∆t∥2.

(11)
The term A1 can be bounded as follows

A1 =⟨
√

ηK∇f(xt),
1√
ηK

E[∆t] +
√
ηK∇f(xt)⟩

(a1)
=

ηK

2
∥∇f(xt)∥2 +

1

2ηK
∥E[∆t] + ηK∇f(xt)∥2

− 1

2ηK
∥E[∆t]∥2

(12)

where (a1) follows 2⟨a, b⟩ = ∥a∥2 + ∥b∥2 − ∥a− b∥2. Thus

E[f(xt+1)] ≤ f(xt)−
ηK

2
∥∇f(xt)∥2 +

1

2ηK
∥E[∆t]

+ ηK∇f(xt)∥2

+
L

2
E∥∆t∥2 −

1

2ηK
∥E[∆t]∥2

≤ f(xt)−
ηK

2
∥∇f(xt)∥2

+
1

2ηK
∥E[∆t] + ηK∇f(xt)∥2︸ ︷︷ ︸

A2

+
Kη2L

2N
σ2
L − (

1

2ηK
− L

2
)∥E[∆t]∥2

(13)

For A2:

1

2ηK
∥E[∆t] + ηK∇f(xt)∥2

=
1

2ηK

∥∥∥∥∥− η

N

N∑
i=1

K−1∑
k=0

∇fi(x
i
t,k)

+
η

N

W∑
j=1

∑
i∈Mj

K−1∑
k=0

(
∇fi(x

i
t,k)−∇fi(x

i
t−j,k)

)
+

η

N

N∑
i=1

K−1∑
k=0

∇fi(xt)

∥∥∥∥∥
2

(a2)

≤ η

K

∥∥∥∥∥∥ 1

N

W∑
j=1

∑
i∈Mj

K−1∑
k=0

(
∇fi(x

i
t,k)−∇fi(x

i
t−j,k)

)∥∥∥∥∥∥
2

︸ ︷︷ ︸
B

+
η

K

∥∥∥∥∥ 1

N

N∑
i=1

K−1∑
k=0

∇fi(x
i
t,k)−

1

N

N∑
i=1

K−1∑
k=0

∇fi(xt)

∥∥∥∥∥
2

︸ ︷︷ ︸
C

(14)

where (a2) follows ∥a+ b∥2 ≤ 2∥a∥2 + 2∥b∥2,
The term B is bounded as

B =
η

K

∥∥∥∥∥∥ 1

N

W∑
j=1

∑
i∈Mj

K−1∑
k=0

(
∇fi(x

i
t,k)−∇fi(x

i
t−j,k)

)∥∥∥∥∥∥
2

(b1)

≤ Mη

N2

W∑
j=1

∑
i∈Mj

K−1∑
k=0

∥∥(∇fi(x
i
t,k)−∇fi(x

i
t−j,k)

)∥∥2
(b2)

≤ MηL2

N2

W∑
j=1

∑
i∈Mj

K−1∑
k=0

∥∥xi
t,k − xi

t−j,k

∥∥2
(b3)

≤ 3MηL2

N2

( W∑
j=1

∑
i∈Mj

K−1∑
k=0

∥∥xi
t,k − xt

∥∥2
︸ ︷︷ ︸

B1

+

W∑
j=1

∑
i∈Mj

K−1∑
k=0

∥xt − xt−j∥2︸ ︷︷ ︸
B2

+

W∑
j=1

∑
i∈Mj

K−1∑
k=0

∥∥xi
t−j,k − xt−j

∥∥2
︸ ︷︷ ︸

B3

)

where (b1) and (b3) follow ∥
∑n

i=1 ai∥2 ≤ n
∑n

i=1 ∥ai∥2, (b2)
follows Assumption 1.

For the three items B1, B2 and B3,

B1 =

W∑
j=1

∑
i∈Mj

K−1∑
k=0

∥∥xi
t,k − xt

∥∥2 ≤ M(H1 +H2∥∇f(xt)∥2)

(15)

B2 =

W∑
j=1

∑
i∈Mj

K−1∑
k=0

∥xt − xt−j∥2 = K

W∑
j=1

mj ∥xt − xt−j∥2

= K

W∑
j=1

mj∥
j−1∑
s=0

(xt−s − xt−s−1)∥2

(b4)

≤ K

W∑
j=1

mj · j
j−1∑
s=0

∥xt−s − xt−s−1∥2

(b5)
= K

W∑
j=1

mj · j
j−1∑
s=0

∥E[∆t−s−1]∥2

(b6)

≤ KWM

W∑
j=1

∥E[∆t−j ]∥2,

(16)
where (b4) follows ∥

∑n
i=1 ai∥2 ≤ n

∑n
i=1 ∥ai∥2, (b5) holds

since there are only the items in the form of ∇fi(x
i
t,k)

without the form git,k), we can use ∥E[∆t−s−1]∥2 instead of
E∥∆t−s−1∥2, (b6) follows j ≤ W .

B3 =

W∑
j=1

∑
i∈Mj

K−1∑
k=0

∥∥xi
t−j,k − xt−j

∥∥2
≤

W∑
j=1

mj(H1 +H2∥∇f(xt−j)∥2)

(17)
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The term C is bounded as

C =
η

K

∥∥∥∥∥ 1

N

N∑
i=1

K−1∑
k=0

∇fi(x
i
t,k)−

1

N

N∑
i=1

K−1∑
k=0

∇fi(xt)

∥∥∥∥∥
2

(c1)

≤ η

N

N∑
i=1

K−1∑
k=0

∥∇fi(x
i
t,k)−∇fi(xt)∥2

(c2)

≤ ηL2

N

N∑
i=1

K−1∑
k=0

∥xi
t,k − xt∥2

(c3)

≤ ηL2(H1 +H2∥∇f(xt)∥2)
(18)

where (c1) follows ∥
∑n

i=1 ai∥2 ≤ n
∑n

i=1 ∥ai∥2, (c2) follows
Assumption 1, and (c3) follows Lemma 1.

Therefore, by putting the pieces together into Eq. (11), we
obtain

E[f(xt+1)]

≤f(xt)−
ηK

2
∥∇f(xt)∥2 +

3MηL2

N2

(
M(H1 +H2∥∇f(xt)∥2)

+KWM

W∑
j=1

∥E[∆t−j ]∥2 +
W∑
j=1

mj(H1 +H2∥∇f(xt−j)∥2)
)

+ ηL2(H1 +H2∥∇f(xt)∥2) +
Kη2L

2N
σ2
L

− (
1

2ηK
− L

2
)∥E[∆t]∥2.

(19)
We rewrite it as

(ηK
2

− (
3M2ηL2

N2
+ ηL2)H2

)
∥∇f(xt)∥2

− 3MηL2

N2

W∑
j=1

mjH2∥∇f(xt−j)∥2

≤f(xt)− E[f(xt+1)]− (
1

2ηK
− L

2
)∥E[∆t]∥2

+
3M2KηWL2

N2

W∑
j=1

∥E[∆t−j ]∥2

+ (
6M2ηL2

N2
+ ηL2)H1 +

Kη2L

2N
σ2
L.

(20)

Here we obtain the upper bound of the t-th round. Then we
rearrange the above inequalities from t = 0 to T − 1 and
average them, and denote the virtual items of t = −1,−2, · · ·
(e.g., ∥∇f(x−1)∥2, ∥E[∆−1]∥2, etc.) are equal to 0. Mean-
while, suppose η ≤ N√

60(6M2+N2)KL
, there exists a constant

c satisfying 0 < c <
(
1
2−( 6M

2L2

N2 +L2)H2

K

)
. For a sufficiently

large T and K ≪ T , we have

cηK
1

T

T−1∑
t=0

∥∇f(xt)∥2

(d1)

≤ 1

T

T−1∑
t=0

(ηK
2

− (
6M2ηL2

N2
+ ηL2)H2

)
∥∇f(xt)∥2

≤ 1

T
(f(x0)− f(xT )) + (

6M2ηL2

N2
+ ηL2)H1 +

Kη2L

2N
σ2
L

− 1

T

T−1∑
t=0

(
1

2ηK
− L

2
− 3M2KηW 2L2

N2
)∥E[∆t]∥2

(d2)

≤ 1

T
(f(x0)− f(xT )) + (

6M2ηL2

N2
+ ηL2)H1 +

Kη2L

2N
σ2
L,

(21)
where (d1) holds for η ≤ N√

60(6M2+N2)KL
= 1√

60(6r2+1)KL
,

(d2) holds for η ≤ (
√
N2+24M2W 2L−N)N

12M2KW 2L =
√
1+24r2W 2L−1
12r2KW 2L

where the items containing ∥E[∆t]∥2 is eliminated.
Hence we obtain

mint∈[T ]∥∇f(xt)∥2 ≤ 1

T

T−1∑
t=0

∥∇f(xt)∥2

≤f(x0)− f(x∗)

cηKT
+

D

cηK

(22)

where

D =5(
6M2

N2
+ 1)(σ2

L + 6Kσ2
G)L

2K2η3 +
Kη2L

2N
σ2
L

=5(6r2 + 1)(σ2
L + 6Kσ2

G)L
2K2η3 +

Kη2L

2N
σ2
L.

(23)

For client i, W is strongly related to pi. If the client
participates in FL in a round-robin manner, i.e., once per W
rounds (“round-robin” schedule in Section VI-A), pi = 1

W .
If the client participates at random, i.e., once randomly in W
rounds (“ad-hoc” schedule in Section VI-A), pi = E[ 1

W ]. As
a result, we view 1

W as being equivalent to pi by expectation.
With Theorem 1, we have the following convergence rate

for CC-FedAvg with a proper choice learning rate:
Corollary 1: Let η =

√
N√
TK

, then we have

min
t∈[T ]

∥∇f(xt)∥2 = O(
1√

NKT
+

1

T
). (24)

From this corollary, the convergence rate of CC-FedAvg is
the same as FedAvg, which is shown in [36].

B. Discussion

Compared to vanilla FedAvg, CC-FedAvg introduces two
hyper-parameters r and W to describe clients with insufficient
computational resources.

Influence of r. From Corollary 1, CC-FedAvg has the same
order of convergence speed as FedAvg (both are O( 1√

NKT
)),

even all the clients would skip the local training with a
positive probability. However, r affects the magnitude of the
coefficients, i.e., c in Eq. (9) in Theorem 1. From the proof of
Theorem 1, c <

(
1
2−(6r2+1)L2H2

K

)
. It can be drawn directly

that a smaller r is corresponding to a larger c, which would
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TABLE I
PERFORMANCE (TOP-1 TEST ACCURACY) COMPARISON ON CIFAR-10 WITH DIFFERENT DATA HETEROGENEITY, WHERE N = 8 AND β = 4. FOR

CLARITY, WE DO NOT REPORT STANDARD DEVIATIONS OF ALL OUTCOMES WITH DIFFERENT RANDOM SEEDS BECAUSE THEY ARE NEGLIGIBLY TINY
(LESS THAN 0.5).

round-robin ad-hoc
Totally 90% 80% 50% IID Totally 90% 80% 50% IID
non-IID non-IID non-IID non-IID non-IID non-IID non-IID non-IID

FedAvg (full) 56.82 66.67 68.99 71.82 72.88 56.82 66.67 68.99 71.82 72.88
FedAvg (dropout,best) 40.4 56.98 59.98 66.87 67.43 40.4 56.98 59.98 66.86 67.43
FedAvg (dropout,last) 25.35 50.63 56.75 63.92 67.43 25.35 50.63 56.75 63.92 67.43

Strategy 1 30.79 55.18 61.35 67.72 69.46 39.45 60.16 63.95 70.55 71.95
Strategy 2 51.45 61.72 63.37 67.77 67.35 48.75 60.18 61.58 66.73 66.35

CC-FedAvg 56.28 65.79 67.84 71.80 72.43 55.94 66.41 68.61 71.37 72.53

accelerate the convergence (note that the order of convergence
is unchanged). Therefore, r has a certain influence on the
convergence rate of CC-FedAvg, but is not a critical factor
for convergence rate.

Influence of W . Because W is even not appear directly
in the right side of Eq. (9), W does not directly affect
the convergence rate. However, W affects the range of η.
When W becomes larger, one of the upper bound of η (i.e.,√

1+24r2W 2L−1
12r2KW 2L ) gets smaller. To make Eq. (9) hold, we should

choose smaller η for larger W , which leads to a larger constant
term of O( 1√

T
). For example, suppose η decreases from

√
N√
TK

to
√
N

2
√
TK

, the convergence rate is from Eq. (24) to

mint∈[T ]∥∇f(xt)∥2 = O(
2√

NKT
+

1

2
√
NKT

+
1

T
). (25)

Therefore, W has a certain influence on the convergence
rate of CC-FedAvg, but is not critical for convergence rate.

V. COMPUTATION-EFFICIENT FL

Here we discuss a special case of CC-FedAvg with r = 1
(denoted as CC-FedAvg(r = 1)). In this case the number
of each client performing local training is decreased by W
compared with vanilla FedAvg. It indicates that we can reduce
the overhead of traditional FL without sacrificing performance
(Theorem 1 with r = 1). Concretely, in each training round of
FL, each participant executes local training with probability
1/W and estimates local model with probability (1 − 1/W )
(on the contrary, each participant executes local training with
probability 1 for conventional FL). From this point of view,
the field of application of CC-FedAvg is effectively broadened
from addressing computation heterogeneity to any FL sce-
narios. It improves the computation efficiency of traditional
FL without any other overhead. Exhaustive experiments are
demonstrated in Section VI-F.

VI. EXPERIMENTS

A. Experimental Settings

We investigate CC-FedAvg on three datasets and corre-
sponding models as follows:

• CIFAR-10 [14]. CIFAR-10 is made up of 60,000 32x32
color pictures which are divided into ten categories, each
containing 6,000 images. The training set has 50,000
photos, whereas the test set has 10,000 images. We use a

CNN network with two convolutional-pooling layers and
three fully connected layers (abbr. CNN), and ResNet-18
on CIFAR-10.

• FMNIST [34]. Fashion-MNIST is an upgraded version of
MNIST. The task’s complexity has risen as compared to
MNIST. It contains gray-scale photos of 70,000 fashion
goods from 10 categories in 28x28 dimensions. There
are 7,000 photos in each category. The training set has
60000 photos, whereas the test set has 10,000 ones. For
FMNIST, we utilize a multi-layered perception network
with 3 fully connected layers (abbr. MLP).

• CIFAR-100 [14]. CIFAR-100 is divided into 100 classes,
each including 500 images for training and 100 images
for testing. For this dateset, we employ ResNet-18 with
group normalization as default.

We evaluate the proposed CC-FedAvg on tasks involving
the customization of computational resources. To facilitate our
discussion, we assume a specific heterogeneous training bud-
get with an imbalanced resource distribution among clients.
Specifically, for client i, pi = (1/2)⌊

β·i
N ⌋, where β controls

the number of heterogeneous resource levels. In this situation,
r is about 1− 1

β , because there are ⌈N
β ⌉ clients with pi = 1.

For instance, if we set β = 3, all the clients are equally divided
into 3 groups in which the clients participate in 1, 0.5 and 0.25
times of the expected number of training round, respectively.
Concretely, for a cross-silo scenario with 30 clients, if it takes
400 rounds for training, each group of 10 clients performs
local training in 400, 200, 100 rounds, respectively. We
construct data heterogeneity following [39], using γ to control
the degree of data heterogeneity (the proportion of non-IID
data local data across clients). Particularly, γ = 0 means the
data cross clients is totally non-IID (named totally non-IID),
and γ = 1 means the data is IID cross clients (named IID).

For the client with pi < 1, we consider two types of
scheduling methods to save the computational resources:

“round-robin” schedule: Client i skips (1/pi − 1) rounds
after performing local training once strictly. This schedule
simulates the situation that the client can schedule tasks in
advance. For example, if the client has insufficient energy, it
can plan the rounds ahead of time to guarantee that it has
enough energy to endure until the end of training.

“ad-hoc” schedule: Client i skips each round with probabil-
ity 1− pi. This schedule simulates the situation that the client
can schedule tasks in time. For example, if the computational
resources of clients vary randomly throughout training due to
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TABLE II
PERFORMANCE (TOP-1 TEST ACCURACY) COMPARISON ON FMNIST WITH DIFFERENT DATA HETEROGENEITY, WHERE N = 100 AND β = 4. THE

CLASSES OF TRAINING DATA ARE RANDOMLY DISTRIBUTED ACROSS CLIENTS WITH DIFFERENT COMPUTATIONAL RESOURCES.

10% 20% 30% 40% 60% 80%
FedAvg (full) 78.76±2.62 80.52±1.66 82.44±0.73 82.48±0.58 82.71±0.30 83.27±0.17

FedAvg (dropout,best) 74.50±3.10 77.76±3.28 78.19±2.92 79.48±2.71 81.58±0.51 82.26±0.34
FedAvg (dropout,last) 57.43±10.06 67.38±8.76 73.72±3.48 75.74±2.30 78.24±0.40 79.24±0.24

Strategy 1 60.12±12.51 74.61±4.79 78.90±2.65 80.61±0.82 80.47±0.71 81.35±0.39
Strategy 2 66.58±3.66 73.63±3.86 77.76±1.61 78.91±0.70 80.12±0.30 81.52±0.26

CC-FedAvg 75.78±2.30 78.40±2.50 81.70±0.81 81.42±0.31 82.46±0.63 83.23±0.26
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(a) ResNet-18 on CIFAR-10
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(b) MLP on FMNIST
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(c) ResNet-18 on CIFAR-100
Fig. 3. Performance comparison on multiple datasets.
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(a) CNN on CIFAR-10
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(b) ResNet-18 on CIFAR-100
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(c) performance comparison with dif-
ferent T (K=10, CNN on CIFAR-10)

Fig. 4. Performance comparison between CC-FedAvg and FedNova.

the addition and removal of other irrelevant tasks, the clients
can decide whether to perform local training based on real-
time computational resources.

B. Performance

Table I compares the performance of CC-FedAvg, FedAvg
and other two strategies in cross-silo setting. We consider
three kinds of FedAvg. FedAvg (full) is FedAvg without the
limitation of computational resources that all clients participate
in training every round. FedAvg (dropout) denotes FedAvg
with computation limitation (due to energy deficiency) that the
clients would drop out after the quota of participation round
is exhausted. For instance, if total number of round is 400,
the clients with pi = 0.5 would drop out after 200 rounds of
training. FedAvg (dropout, best) and FedAvg (dropout, last)
indicates the best and the last performance of the global model,
respectively. We construct a variety of federated scenarios
containing 8 clients on CIFAR-10 with different data hetero-

geneity. We use CNN model, and set SGD as local optimizer
with learning rate 0.01. All methods perform 400 rounds,
with 3 epochs in each round. To simulate heterogeneous
computational resources, we set β = 4, i.e., the clients are on
4 different levels based on the computational resource budgets,
performing local training with probabilities 1, 0.5, 0.25, 0.125,
respectively. We investigate the model performance on both
“round-robin” schedule and “ad-hoc” schedule. The result
shows that CC-FedAvg outperforms FedAvg (dropout) and
the other two strategies regardless of data heterogeneity and
task schedules. Remarkably, compared to FedAvg (full), CC-
FedAvg achieves comparable performance, even though 75%
clients are not fully involved, and 25% clients participate in
only 1/8 of the training rounds. Fig. 7 in Appendix C visualizes
the participation of the clients. Compared with FedAvg, CC-
FedAvg requires much less computational resources. Further-
more, comparing the performance between two schedules
in Table I, CC-FedAvg performs similarly regardless data
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(a) cross-silo scenarios (CNN on CIFAR-10)
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(b) cross-device scenarios (MLP on FMNIST)
Fig. 5. Performance changes with varying of r and W (CC-FedAvg). The color at each grid indicates the performance difference between the model of
CC-FedAvg with corresponding r and W and FedAvg (i.e., CC-FedAvg with r = 0 or W = 0). The number at each grid indicates the top-1 accuracy on
test dataset.

distribution. Without loss of generality, in the following we
set “ad-hoc” schedule as default.

To compare the performance of CC-FedAvg and other
two strategies in cross-device setting, we construct federated
scenarios on FMNIST with 100 clients where each client
contains two classes of training data, and varying participant
ratios decided by the server (from 10% to 80%). We specify
β = 4. All methods run 400 rounds with 200 iterations in
each round. To better understand the participation, we visualize
the client participation of training in Fig. 8 of Appendix C.
The results are shown in Table II, where CC-FedAvg performs
comparable to FedAvg, with a performance decline of no more
than 3%, and consistently outperforms other two strategies
and FedAvg (dropout) with energy limitation. Furthermore,
to study the fluctuations of model performance, we perform
each method 5 times with various random seeds. For all
methods, the standard deviation decreases as the proportion
of participants increases. CC-FedAvg performs as consistently
as FedAvg, where the standard deviation is less than 3.0 for all
participant ratios. On the contrary, the performances of models
trained by other two methods varies considerably, especially
with low participant ratios (e.g., 10%).

C. Convergence

We compare the convergence curves of CC-FedAvg and Fe-
dAvg as well as other two baselines on three datasets in Fig. 3.
We construct the scenarios with 8 clients and β = 4 under 90%
non-IID data setting. CC-FedAvg exhibits convergence curves
that are almost identical to FedAvg, especially on two simpler
datasets (FMNIST and CIFAR-10). It means that with CC-
FedAvg, there is essentially no influence from computational
underpower throughout the model training process, even 25%
participants only perform 1/8 number of iterations compared
with them in FedAvg. It also visually verifies Corollary 1
that CC-FedAvg has the same convergence rate as FedAvg.
On the contrary, Strategy 1 performs very unstable that the
curves wobble a lot due to the bias aggregation in each round.
Strategy 2 has a stable convergence curve, but it is significantly
lower than FedAvg and CC-FedAvg.
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(a) cross-silo scenarios (CNN on CIFAR-
10)
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(b) cross-device scenarios (MLP on FM-
NIST)

Fig. 6. Efficiency comparison between CC-FedAvg(r = 1) with FedAvg.

D. Comparison with FedNova

FedNova [32] can be used self-adapt the computation re-
sources of clients. It also can be regarded as a strategy of
model estimation, using the model with inadequate training.
As a result, FedNova performs well depend on the adequacy
of local training. In Fig. 4 we compare the performance
of FedNova and CC-FedAvg. In Fig. 4a, we construct the
comparison under totally non-IID data distribution following
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the setting of Table I. We turn the number of local iteration
in each round K from 10 to 100. It illustrates that the
performance of CC-FedAvg is stable, which is slightly lower
than FedAvg (full). On the contrary, FedNova performs much
worse than others at K = 10, and it becomes better when K
increases. It is because local estimation is not accurate when K
is small. For example, when K = 10, the clients with pi = 1/8
would perform local iterations at most 2 times. When K is
large, local models are good enough even only K/8 iterations
are performed. Actually, it is effected by the hardness of task
and the complexity of model. In Fig. 4b we illustrate the
comparison by ResNet-18 on CIFAR-100, following the set
of Fig. 3c. It shows the similar results as Fig. 4a. Furthermore,
due to the complexity of model and task, larger number of
local iterations is required to obtain a good estimation by
FedNova. Compared with Fig. 4a, where FedNova performs
as good as others when K is larger than 50, in Fig. 4b the
corresponding K is larger than 200. Furthermore, we find
the weakness of FedNova for small K cannot be made up
by longer training. In Fig. 4c we extend the total number of
training rounds up to 2000 for K = 10 in Fig. 4a. Although the
performance of FedNova improves as the number of training
rounds increases, the performance gap with other methods
remains unchanged. Therefore, FedNova can be applied in FL
with computation heterogeneity in limited scenarios.

E. Factors of CC-FedAvg
To understand the effect of key factors of CC-FedAvg,

namely r and W , we construct federated scenarios by varying
these two hyper-parameters. Participants are divided into two
groups, where the first group contains 1 − r of participants
with sufficient computational resources, and the second group
consists of the rest part of participants with the same W (the
corresponding pi =

1
W ). Particularly, CC-FedAvg is degraded

into FedAvg when W = 1 or r = 0.
Fig. 5 demonstrates the model performance by gridding the

values of r and W , where Fig. 5a illustrates the performances
in cross-silo scenarios, and Fig. 5b is in cross-device scenarios,
where only 20% clients are selected by the server in each
round. With the increment of W or r, the performance
is essentially steady, unless both r and W are extremely
large. In Fig. 5a, CC-FedAvg even surpasses FedAvg while
requiring less computing effort (e.g., r = 0.25). It indicates
that excessive computing resources (full participation in each
round) are not necessarily beneficial to accelerate the training.
In both figures, when r = 1.0 and W = 16 the model
performance of CC-FedAvg degrades significantly even more
than that of Strategy 1 and Strategy 2 (the details are in Fig. 9
and Fig. 10 in Appendix E). In this situation, each client
executes local training only once about every 16 rounds. The
uploaded local models in most rounds are quite inaccurate
since they are guessed based on outdated information. When
r or W are reduced, the performance of CC-FedAvg rapidly
improves since more accurate information is introduced.

F. Computational Efficiency Improvement
We compare the performance of CC-FedAvg(r = 1) with

FedAvg under the same computation overhead. Specifically,

TABLE III
PERFORMANCE COMPARISON OF DIFFERENT LOCAL MODEL ESTIMATION

STRATEGY ON FMNIST AND CIFAR-10.

Strategy 2 CC-FedAvg CC-FedAvg(c)

CIFAR-10

Totally
non-IID 48.76±0.06 56.03±0.08 53.15±0.11

80%
non-IID 61.54±0.11 68.59±0.20 64.45±0.16

50%
non-IID 66.68±0.13 71.34±0.02 69.11±0.12

FMNIST
20% 73.6±3.86 78.40±2.50 79.07±1.34
40% 78.91±0.70 81.42±0.31 82.02±0.37
60% 80.12±0.30 82.46±0.63 82.05±0.10

for each participant in CC-FedAvg(r = 1), the number of
rounds to perform local training is only 1/W of corresponding
FedAvg. Therefore, to compare both methods with the same
computation resources budgets, we compare the performance
of CC-FedAvg(r = 1) (and the number of training round T )
and FedAvg with total training round T/W . We demonstrate
the comparison both under cross-silo (as Fig. 5a) and cross-
device (as Fig. 5b) settings. When W is moderate large
(e.g., W ≤ 8), CC-FedAvg(r = 1) outperforms FedAvg.
However, when if W is too large (e.g., W = 8), CC-FedAvg
underperforms FedAvg, because the local estimations are far
from the true models. Therefore, by setting proper W , CC-
FedAvg(r = 1) can be an alternative with more computational
efficiency to FedAvg.

For CC-FedAvg(r = 1) in Fig. 6 each client skips or
performs local training in ad-hoc schedule individually. In each
round, there will always be clients undertaking local training
to keep true information in aggregation. If we synchronize
the rhythm of all clients that skipping or performing training
in all rounds, CC-FedAvg becomes similar as FedOpt [27].
For example, if all clients estimate local models in sequential
W−1 rounds after execute local training in one round (denote
as round t), the aggregated model at round t + W − 1 are
xt +(W − 1)∆t, where (W − 1) can be viewed as the global
learning rate in FedOpt. In Fig. 6 we also add the comparison
between FedOpt and CC-FedAvg(r = 1). It shows that FedOpt
performs much worse than CC-FedAvg(r = 1), even worse
than FedAvg in this situation. Therefore, the ad-hoc schedule
plays a vital role to keep CC-FedAvg’s performance.

G. Replacement of local model Estimation

Except Strategy 3, CC-FedAvg can embed other local model
estimations. Generally, Strategy 2 can be regarded as an
alternative method but the effect is not as good as Strategy 3.
In section III-C we mention that Eq. (4) is a replacement
to construct a new CC-FedAvg. In order to distinguish this
method and the default one, we call the new one as CC-
FedAvg(c). Table III show the performance comparison, where
the settings are the same as Table I on CIFAR-10 (“cross-
silo” scenario with alterable data heterogeneity) and Table II
on FMNIST (“cross-device” scenario with different participant
ratios). The threshold τ is 100. It shows that CC-FedAvg(c)
also is an acceptable method that outperforms Strategy 2
persistently, even is better than the default CC-FedAvg in some
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cases. Therefore, we can choose the appropriate strategy of
local model estimation for given tasks to obtain better models.

VII. CONCLUSION

In this paper, we present a strategy for estimating local
models with little overhead. Based on it, we propose a
novel federated learning method CC-FedAvg for customizing
computational resources to address the challenge of compu-
tation heterogeneity. Both theoretical analysis and extensive
experiments demonstrate the effectiveness of CC-FedAvg.
Meanwhile, CC-FedAvg can be viewed as a computation-
efficient extension of FedAvg that it can replace FedAvg
in any scenarios without be limited to tackle computation
heterogeneity.

APPENDIX A
VARIANTS OF CC-FEDAVG

Algorithm 2 CC-FedAvg: Computationally Customized Fed-
erated Averaging (historical information backup on the server)

1: Initialize x0.
2: for t = 0 to T − 1 do
3: Server selects St randomly and sends xt to clients in

St.
4: (At client:)
5: for each client i ∈ St in parallel do
6: if not skip this round then
7: /* with probability pi */
8: initial local model: xi

t,0 = xt.
9: for k = 0 to K − 1 do

10: Update local model by an unbiased estimate of
gradient: xi

t,k+1 = xi
t,k − ηgit,k.

11: end for
12: Get ∆i

t = xi
t,K − xi

t,0.
13: Send ∆i

t back to the server.
14: else
15: /* with probability 1− pi */
16: Send (i,“skip” signal) to the server.
17: end if
18: end for
19: (At server:)
20: if Receive (i,“skip” signal) then
21: Get ∆i

t = ∆i
t−1.

22: end if
23: ∆t =

1
|St|

∑
i∈St

∆i
t.

24: Update global model xt+1 = xt +∆t.
25: end for

In Algorithm 1, each client saves ∆t
i for further use after

performing line 15, which leads to extra storage cost. Actually,
since the server knows ∆i

t−1 if the historical information
is saved, the server does not need the client to return the
estimated movement of the local model. Instead, the server
can perform line 15 directly when it knows the corresponding
client would skip this round (for example, the client returns
a “skip” signal if it would skip the round). In this situation,
the overhead of clients is further reduced: besides reducing

Algorithm 3 CC-FedAvg: Computationally Customized Fed-
erated Averaging (mixed backup of historical information)

1: Initialize x0.
2: for t = 0 to T − 1 do
3: Server selects St randomly and sends xt to clients in

St.
4: (At client:)
5: for each client i ∈ St in parallel do
6: if not skip this round then
7: /* with probability pi */
8: initial local model: xi

t,0 = xt.
9: for k = 0 to K − 1 do

10: Update local model by an unbiased estimate of
gradient: xi

t,k+1 = xi
t,k − ηgit,k.

11: end for
12: Get ∆i

t = xi
t,K − xi

t,0.
13: Send ∆i

t back to the server.
14: else
15: /* with probability 1− pi */
16: if ∆i

t−1 is backed up locally then
17: Get ∆i

t = ∆i
t−1.

18: Send ∆i
t back to the server.

19: else
20: Send (i,“skip” signal) to the server.
21: end if
22: end if
23: end for
24: (At server:)
25: if Receive (i,“skip” signal) then
26: Get ∆i

t = ∆i
t−1.

27: end if
28: ∆t =

1
|St|

∑
i∈St

∆i
t.

29: Update global model xt+1 = xt +∆t.
30: end for

the computational overhead, both the storage overhead and
communication overhead are reduced. Specifically, the storage
of ∆i

t−1 is transferred to the server. The amount of data being
transmitted is reduced from thousands of even millions of
bytes (determined by the number of model parameters) to
at least 1 bit (indicating “skip” or not). We propose another
variant of CC-FedAvg (Algorithm 2) without increasing the
storage overhead of clients. Furthermore, the two schemes
that the historical information is stored locally or on the
server can be mixed to obtain the third variant of CC-
FedAvg (Algorithm 3). For the client with sufficient storage
and good communication conditions, the historical information
can be saved by the client itself and performs CC-FedAvg as
Algorithm 1, otherwise the historical information is saved by
the server. By this hybrid scheme, we can balance the local
requirement and the server load. After all, it is also a great
burden to the server if all the local historical information is
stored on the server.
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APPENDIX B
IMPORTANT LEMMAS

To understand Theorem 1 better, we list some important
Lemmas here.

Lemma 1: For learning rate η ≤ 1
4LK , we have

K−1∑
k=0

E∥xi
t,k − xt∥2

≤5K2η2σ2
L + 30K3η2σ2

G + 30K3η2∥∇f(xt)∥2.

(26)

Proof:

E∥xi
t,k − xt∥2 = E∥xi

t,k−1 − ηgit,k−1 − xt∥2

≤E∥xi
t,k−1 − xt︸ ︷︷ ︸

a

−η(git,k−1 −∇fi(x
i
t,k−1)︸ ︷︷ ︸

b

+∇fi(x
i
t,k−1)−∇fi(xt)︸ ︷︷ ︸

c

+∇fi(xt)−∇f(xt)︸ ︷︷ ︸
d

+∇f(xt)︸ ︷︷ ︸
e

)∥2

(a1)
= E∥a− η(c+ d+ e)∥2 + η2E∥b∥2
(a2)

≤ (1 +
1

2K − 1
)η2E∥a∥2 + η2E∥b∥2

+ 2η2K(3E∥c∥2 + 3E∥d∥2 + 3E∥e∥2)
(a3)

≤ (1 +
1

2K − 1
)η2E∥xi

t,k−1 − xt∥2 + η2σ2
L

+ 6KL2η2E∥xi
t,k−1 − xt∥2 + 6Kη2σ2

G

+ 6Kη2∥∇f(xt)∥2

=(1 +
1

2K − 1
+ 6KL2η2)E∥xi

t,k−1 − xt∥2

+ η2σ2
L + 6Kη2σ2

G + 6Kη2∥∇f(xt)∥2
(a4)

≤ (1 +
1

K − 1
)E∥xi

t,k−1 − xt∥2 + η2σ2
L

+ 6Kη2σ2
G + 6Kη2∥∇f(xt)∥2

≤(K − 1)[(1 +
1

K − 1
)k − 1](η2σ2

L + 6Kη2σ2
G

+ 6Kη2∥∇f(xt)∥2),

where (a1) follows Eq.(6), (a2) follows ∥a + b∥2 ≤ (1 +
γ)∥a∥2 + (1 + γ−1)∥b∥2 and ∥

∑n
i=1 ai∥2 ≤ n

∑n
i=1 ∥ai∥2,

(a3) follows Eq.(7), Eq.(5) and Eq.(8), (a4) follows η ≤ 1
4LK .

Thus,

K−1∑
k=0

E∥xi
t,k − xt∥2

≤
K−1∑
k=0

(
(K − 1)[(1 +

1

K − 1
)k − 1](K − 1)

· (η2σ2
L + 6Kη2σ2

G + 6Kη2∥∇f(xt)∥2)
)

(a5)

≤ 5K2(η2σ2
L + 6Kη2σ2

G + 6Kη2∥∇f(xt)∥2)
=H1 +H2∥∇f(xt)∥2

(27)

where (a5) follows (1 + 1
K−1 )

K ≤ 5,

H1 =5K2η2σ2
L + 30K3η2σ2

G

H2 =30K3η2.
(28)

For convenient we denote M = r ·N . Suppose in round t,
there are up to M clients skipping the iterations (since M can
be selected from the whole rounds, we ignore the subscript t
and regard it as a constant for simplicity), i.e. they perform
line 15 in Algorithm 1. Moreover, the clients that continuously
skip iterations exist. Without loss of generality, we suppose
Mj(0 ≤ j ≤ W ) denotes the client set in which the clients
have continuously skipped j rounds of local iteration. For
instance, for the client i in M2, it means ∆i

t = ∆i
t−1 = ∆i

t−2.
Particularly, the clients in M0 performs local SGD iterations
in this round. Obviously, ∀i ̸= j,Mi ∩ Mj = ∅. Suppose
mj = Et[|Mj |](0 ≤ j ≤ W ) (for the clients, if the
probability of skipping training are the same for each round,
mj is a constant in expectation), it has

∑W
j=0 mj = N and∑W

j=1 mj = M . Based on this condition, we have

∆t =
1

N

N∑
i

∆i
t =

1

N

W∑
j=0

∑
i∈Mj

∆i
t−j

= − 1

N

W∑
j=0

∑
i∈Mj

K−1∑
k=0

ηgit−j,k.

(29)

Lemma 2: For the moving vector of global model ∆t, we
have

E∥∆t∥2 ≤ ∥E[∆t]∥2 +
Kη2

N
σ2
L. (30)

Proof:

E[∆t] = − 1

N

W∑
j=0

∑
i∈Mj

K−1∑
k=0

η∇fi(x
i
t−j,k), (31)

Thus

E∥∆t∥2 = E∥∆t − E[∆t] + E[∆t]∥2

= E∥E[∆t]∥2 + E∥∆t − E[∆t]∥2

= ∥E[∆t]∥2

+ ∥ 1

N

W∑
j=0

∑
i∈Mj

K−1∑
k=0

η(∇fi(x
i
t−j,k)− git−j,k)∥2

≤ ∥E[∆t]∥2 +
Kη2

N
σ2
L.

(32)

APPENDIX C
VISUALIZATION OF PARTICIPATION

Figure 7 visualizes the participation of clients during train-
ing process of Table I with round-robin and ad-hoc schedules,
respectively. Client y participates (does not participate) in
round x is shown by the dark (light) color at (x, y). From the
figure, we can intuitively see the difference of participation
rounds across clients, and CC-FedAvg spends much fewer
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Fig. 7. The visualization of participation during training process with cross-silo setting.
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(h) CC-FedAvg with participant ratio 40%
Fig. 8. The visualization of participation during training process with cross-device setting.

computation resources than vanillar federated learning (in this
situation all the points in the figure are dark).

Figure 8 visualizes the participation of clients during train-
ing process of Table II, Table IV and Table V. Due to cross-
device setting, the participation of one client in CC-FedAvg
is determined by both sever selection and client decision (on
the contrary, the participation of one client in FedAvg is only
determined by sever selection). Fig. 8a and Fig. 8b visualize
the actual participation in training where the server selects
10% clients in each round. It is obvious that CC-FedAvg needs
much fewer participation than FedAvg. The similar situations
are shown from Fig. 8c to Fig. 8h.

APPENDIX D
EXTRA EXPERIMENTS UNDER CROSS-DEVICE SETTINGS

In Table II each client is randomly assigned two types of
data. Each class of data is spread evenly among 10 clients. We
assign pi at random (i.e., we randomly assign the computation
resource budgets). Each type of data is present on both the
clients with adequate resources and the clients with insufficient
resources. Therefore, the data distribution is not skewed during
training. In practice, missing some clients may skew the real-
time training data. Table IV and Table V study the impact,
respectively. In Table IV we assign two classes of data two 20
clients randomly, and assign the same pi to the clients with
the same class of data. As a consequence, each class of data is
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TABLE IV
PERFORMANCE (TOP-1 TEST ACCURACY) COMPARISON ON FMNIST WITH DIFFERENT DATA HETEROGENEITY, WHERE N = 100, β = 4, AND THE

CLASSES OF TRAINING DATA ARE HIGHLY SKEWED ACROSS CLIENTS WITH DIFFERENT COMPUTATION RESOURCES.

10% 20% 30% 40%
FEDAVG 67.78±7.35 70.51± 4.68 75.25± 2.51 76.86± 2.26

STRATEGY 1 55.30± 9.11 58.59± 8.56 58.60±6.54 60.17±5.68
STRATEGY 2 52.40±8.29 60.24± 6.69 69.37± 3.37 71.75±3.14
CC-FEDAVG 58.47±9.86 66.11±6.32 70.99± 4.19 73.89±3.62

TABLE V
PERFORMANCE (TOP-1 TEST ACCURACY) COMPARISON ON FMNIST WITH DIFFERENT DATA HETEROGENEITY, WHERE N = 100, β = 4, AND THE

CLASSES OF TRAINING DATA ARE MODERATELY SKEWED ACROSS CLIENTS WITH DIFFERENT COMPUTATION RESOURCES.

10% 20% 30% 40%
FEDAVG 74.52±3.63 80.14± 2.07 81.03± 1.86 81.62± 1.11

STRATEGY 1 65.64± 5.77 74.92± 4.40 77.53±2.89 78.29±2.37
STRATEGY 2 59.16±5.88 71.26± 4.03 75.17± 3.12 76.97±1.67
CC-FEDAVG 70.14±4.05 78.40±2.17 79.30± 2.90 80.36±1.61
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(b) Strategy 2
Fig. 9. The performance changes with varying of r and W under cross-silo
scenarios (CIFAR-10).

either on the client with adequate resources or the clients with
insufficient resources. The data distribution is significantly
skewed during training. Compared with Table II, in this
situation the performance of CC-FedAvg deteriorates more.
But compared with the other two strategies, this method is
much more robust. For example, when participant ratio is 20%,
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Fig. 10. The performance changes with varying of r and W under cross-
device scenarios (FMNIST).



JOURNAL OF LATEX CLASS FILES, VOL. X, NO. X, APRIL 2023 16

compared to FedAvg, CC-FedAvg reduces the performance
by only 4%, while the performance is deteriorated by more
than 10% by another two strategies. Furthermore, in Table II
Strategy 1 is better than Strategy 2 in most cases, but the
result is reversed in Table II. On the contrary, CC-FedAvg
is consistent under the varying of settings. Table V also
verifies the advantages of CC-FedAvg, which is a compromise
between Table II and Table IV, with only 10% of clients using
the setting of Table IV (these clients have adequate resources)
and the rest following the setting of Table II. Correspondingly,
the data distribution is moderately skewed during training.

APPENDIX E
INFLUENCE OF r AND W

To compare with baselines, we also investigate the model
performance of Strategy 1 and Strategy 2 with different r and
W . Fig. 9 corresponds to Fig. 5a, and Fig. 10 corresponds to
Fig. 5b. We can find CC-FedAvg performs stable under most
r and W , while Strategy 1 and Strategy 2 degrade severely
with moderately large r or W .
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