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Abstract—Mobile devices can generate a tremendous amount
of unique data, and thus, create countless opportunities for deep
learning tasks. Due to the concerns of data privacy, it is often
impractical to log all the data to a central server for training a sat-
isfactory model. In federated learning, the participating devices
can train a shared global model collaboratively while keeping
their data locally. However, it is not a trivial task to train the deep
neural networks (DNNs) with millions and billions of parameters
on resource-constrained mobile devices in a federated manner.
We replace each fully connected (FC) layer with two low-rank
projection matrices to compact the DNNs model, and establish
a global error function to recover the outputs of the com-
pressed DNNs model. Then, we design a communication-efficient
federated optimation Algorithm to reduce communication cost
further. Considering that the heterogeneous devices may run
different models at the same time, we devise three different
training patterns to integrate the heterogeneous devices running
different models. We conduct extensive experiments on both inde-
pendently identically distribution (IID) and non-IID data sets.
The experimental results demonstrate that the proposed frame-
work can significantly reduce the number of parameters and
communication cost while maintaining performance.

Index Terms—Communication efficient, deep neural networks
(DNNs), federated learning, heterogeneous, resource constrained.

I. INTRODUCTION

SMART mobile devices, such as smartphones, tablets,
wearable devices, and autonomous vehicles, are becoming

more and more popular. These devices generate a tremendous
amount of valuable data every day. Deep neural networks
(DNNs) models learned based on these data, such as face
recognition, medical diagnosis, and natural language process-
ing, are gaining extensive attention [1]. The conventional
training process of DNNs usually requires logging all the data
to a central cloud as it needs a great number of computations
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Fig. 1. Federated learning for image recognition on mobile devices: the
mobile devices collaboratively train a model, and any device does not expose
its local data to others. Each device in the federated framework obtains the
global model and uses it locally for image recognition. The accuracy of the
federated model is very close to the performance of the central model.

on large data. However, due to the concerns of data privacy,
it is often impractical to send users’ raw data to the central
cloud. On the other hand, once the training of DNNs is merely
based on the local data of a single device, it will lead to non-
precise results due to insufficient data. Hence, how to train a
DNNs high-quality centralized model without violating user
privacy is a challenge.

Recently, federated learning [2], [3] has been proposed.
The participating devices (clients) in federated learning per-
form computation based on their local data and exchange
information with the central server periodically to train a
shared global model collaboratively. Different from conven-
tional distributed machine learning, in federated Learning,
computing devices hold their data and the central server can-
not access the data on the devices directly or indirectly. Fig. 1
shows an example application of federated learning for image
recognition on mobile devices. It works as follows: mobile
devices communicate with a central server to download a
global model, improve it by performing local training on their
own user data, and send their local updates to the server.
After receiving these updates, the server immediately aggre-
gates them into a global update. After a certain number of
iterative training, each device obtains the global model, and
uses it locally for the tasks of image recognition. In addition,
the accuracy of the federated model can be approximated close
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to the performance of the central model, which is trained by
putting all data together. Federated learning provides globally
model training while ensuring privacy, so it is increasingly
attractive.

However, federated learning on mobile devices is a quite
difficult task, as it requires integrating DNNs into smart mobile
devices to obtain intelligence. The storage cost of DNNs is
unaffordable [4], [5] for mobile devices due to the hundreds of
millions of parameters. For example, an 8-layer-AlexNet with
more than 600 000 parameters costs about 240-MB storage. In
contrast, some mobile devices have strict constraints in terms
of memory capacity. It is very problematic that DNN models
are becoming more and more complex in terms of memory,
and most common hardware platforms are not able to keep up
with the exponential growth of the neural networks’ sizes [6].

Model compression is considered a solution that can fill the
computing gap between mobile devices and DNNS. Gradient
sparsification [7], [8] and gradient quantization [9] have been
dedicated to reducing the high network communication cost
for distributed deep learning. However, these methods focus on
the compression model in the communication process, and still
need to learn a full model update in the training process. By
combining pruning, training, quantization, and Huffman cod-
ing, Han et al. [10] reduced the storage requirement of DNNs
by 35× to 49× without affecting their accuracy. However,
these methods require additional definitions of new opera-
tions. The devices in federated learning need to exchange
their models or updates with others, and these new opera-
tions need to be unified and shared by all devices. Thus,
it is difficult to perform pruning, training quantization, and
Huffman coding in federated learning. Another model com-
pression method is to design lightweight DNN directly, such as
Mobilenetv [11], ShuffleNet [12], etc. However, these mobile-
friendly deep architectures require pretrain and fine-tune the
network parameters based on a huge amount of data. This
is not suitable for federated learning, which has no cen-
tralized data. Konecný et al. [13] proposed two structured
updates methods for communication-efficient federated learn-
ing, which can directly learn an update from a restricted space.
Structured updates methods retain the information obtained in
the training process, which are better than the unstructured
update (such as sparsification and quantization). However,
the structured updates methods require generating a low-rank
reconstruction matrix randomly or a predefined sparse pattern
for each client independently, and the global model obtained
by these methods cannot be reused by other devices due to
the lack of local low-rank reconstruction matrices or sparse
patterns. For the new devices to join the federated learning,
the DNNs model needs to be retrained.

Different from the above methods, we define a feder-
ated DNNs compression (FDNNC) framework for resource-
constrained mobile devices. The proposed compression model
uses a low-rank representation of the weight matrices of the
fully connected (FC) layers to compact the DNNs models.
Each FC layer is replaced by two low-rank projection matri-
ces. Instead of minimizing the reconstruction error between
the original FC layers parameters and the projection matrices,
FDNNC directly establishes an objective function to recover

the outputs of the compressed DNNs. In this way, the weight
parameters of the interlayer and intralayer relationship can be
compressed jointly without the tedious retraining procedure.
In addition, the global DNNs model generated by FDNNC is
generalized for other devices, and the new devices only need
to do a few times of training based on the global model to get
a well-performed model.

After the compression of the weight matrices of the FC
layers, the communication cost is reduced at a certain.
Considering that mobile devices typically have minimal upload
bandwidth or expensive connections, we further proposed
a communication-efficient federated optimation (CEFO), to
reduce the communication cost further. Different from the fed-
erated averaging algorithm [14], which sends all the updates
of each client to the server, CEFO only sends a part of the
updates of each client. In this way, not only communication
cost can be reduced but also update gradients can be protected
from exposure [15], [16].

Furthermore, previous work only considered the scenario
of running the compression DNNs model or original DNNs
model on all devices, but there is possible that devices in feder-
ated learning may run different models at the same time due to
system heterogeneity. At present, a lot of works have proposed
the issue of system heterogeneity [17]–[22], that is, the devices
in federated learning are heterogeneous, which vary in terms
of hardware (i.e., CPU and memory). For example, there are
some mobile devices with larger memory, such as intelligent
sensors or intelligent monitoring devices, which train together
based on the original DNNs model at the beginning. After
a while, a group of small mobile devices running the com-
pression DNNs model with limited storage resources join the
training process. However, the original large mobile devices
may not update the training model in time and still upload the
updates of the original DNNs model; or these large mobile
devices may not want to replace the model because they have
gained a well-performed original DNNs model. Therefore,
how to design a unified federated deep learning framework
for heterogeneous mobile devices is a challenging problem.
In this article, we present three different training patterns to
train the heterogeneous mobile devices running the original
DNNs model and the compression DNNs model at the same
time.

Our contributions can be summarized as follows.
1) To compact the DNNs model for resource-constrained

mobile devices, we replace each FC layer by two low-
rank projection matrices, and establish an objective
function of the global error to recover the outputs of
the compressed DNNs model. The proposed compres-
sion DNNs model compresses the weight parameters of
interlayer and intralayer relationship jointly, and greatly
reduces the number of parameters without significantly
reducing the prediction accuracy.

2) Based on the compression model, we propose a CEFO
approach, which only sends a part of the updates
of each client to the server. The mobile devices
in federated learning are typically large in number
and require significant communication bandwidth for
updates exchange. However, mobile devices frequently
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have minimal upload bandwidth or expensive connec-
tions. In this way, not only communication cost can
be reduced further but also update gradients can be
protected from exposure.

3) Unlike previous studies that only consider the devices
running the same model, we present three different train-
ing patterns to train the heterogeneous mobile devices
running the original model and the compression model at
the same time. Due to variability in hardware (CPU and
memory), the storage memory of each device in feder-
ated learning may be heterogeneous. Furthermore, there
is a possibility that the heterogeneous devices run dif-
ferent models at the same time. To our best knowledge,
we are the first to integrate the heterogeneous devices
running different models in federated learning.

4) To evaluate the advantages of our framework, we take
convolutional neural networks (CNNs), one of the most
popular DNNs, as an instance. We conduct extensive
experiments on both independently identically distri-
bution (IID) and non-IID data sets. The experimental
results show that the proposed framework can signifi-
cantly reduce the number of parameters and communi-
cation cost while maintaining performance.

The remainder of this article is organized as follows.
Section II summarizes the related work. Section III introduces
the proposed framework. Section IV summarizes the experi-
mental results and analysis. Finally, Section V concludes the
article.

II. RELATED WORK

System Heterogeneity: Different from traditional distributed
machine learning, federated learning involves the participation
of an extremely large number of heterogeneous devices. The
participating devices vary in terms of hardware, such as com-
putation capabilities, storage, and memory. Yang et al. [23]
proposed that the low-end devices are the major reason
for client failure, which may have negative impacts on the
performance of federated learning. They suggested that the
federated learning platform should consider device hetero-
geneity that is ignored in existing platforms. Nishio and
Yonetani [18] proposed a client selection protocol to address
the training bottleneck of the devices with limited computa-
tional resources. Wang et al. [20] considered the computation
resource constraint, and proposed a control Algorithm to the
adaptive tradeoff between local update and global aggrega-
tion under a resource budget constraint. Nguyen et al. [21]
presented that the devices with limited resources and low
computation capacity may take more than one communication
block to complete one global round; thus, they formulated
a resource allocation problem of total energy consumption
and completion time. Kang et al. [19] proposed that the het-
erogeneous computation resource of devices leads to varying
resource cost; thus, it is necessary to design economic com-
pensation to stimulate devices to participate in model training.
Abdelmoniem and Canini [22] proposed an adaptive model
quantization federated learning method (AQFL), which can
reduce the degree of device heterogeneity by uniformizing the

computing resources of the clients. However, AQFL requires
the server to collect the clients’ computational profiles, which
is unrealistic under strict privacy constraints. Moreover, the
server has to customize the quantized model of each client, and
dequantizes the model updates of each client in each iteration.
In contrast, our framework is simpler and more practical, in
which the server does not need to initialize a different model
for each client, and the workload is much less than AQFL.

Model Compression: Some mobile devices have strict con-
straints in terms of memory capacity and storage. The deploy-
ment of DNN models on these devices is gaining more
and more attention [24]–[27]. Various optimization techniques
have been proposed to reduce the model size of deep learn-
ing on resource-constrained mobile devices, such as vector
quantization [28], hashing techniques [29], circulant projec-
tion [30], parameter pruning [31], and sparsity [32]. These
methods greatly reduced the model size without impacting the
effectiveness. However, these methods require additional defi-
nitions of new operations; thus, it is difficult to perform them
in federated learning. In addition to these methods, using low-
rank methods to compress deep learning has a long history.
Denton et al. [33] applied truncated singular value decompo-
sition (SVD) to compress the weight matrix of the FC layer.
Kim et al. [26], Novikov et al. [34], and Tai et al. [35] used
a tensor decomposition to approximate the parameters of the
pretrained weights and then fine-tuned them to compensate
for the performance loss. The above low-rank approaches only
considered approximating the parameters between compressed
weights with pretrained weights by minimizing their Euclidean
distance. This setting is indeed problematic for federated learn-
ing without pretrained weights. Konecný et al. [13] proposed a
low-rank structured updates approach, which directly learns an
update from a restricted space parameterized using a smaller
number of variables in federated learning. However, the struc-
tured updates approach requires generating predefined patterns
afresh in each round and for each client independently, so
resulting in low adaptive ability and efficiency.

Communication Efficiency: In federated learning, mobile
devices are required to exchange parameters with the cen-
tral server frequently, which leads to huge communication
overhead. Many effective communication methods have been
proposed to reduce the communication cost. For example,
McMahan et al. [14] focused on reducing the rounds of com-
munication, and proposed that clients should perform multiple
iterations locally to calculate the weight update instead of
communicating after every iteration. However, this requires
more complex calculations on the clients to evaluate gradients.
Xie et al. [36] proposed an asynchronous update strategy,
in which the central server does not need to wait for a
certain number of responding clients, as long as there are
updates sent by the client, the server can carry out aggrega-
tion. The asynchronous update strategy greatly reduces network
congestion, but it may reduce the convergence speed due to stal-
eness. Besides, gradient quantization and sparsification, which
reduce communication data size, are also extensively studied.
Seide et al. [37] used only 1-bit to represent the updates.
Wen et al. proposed TernGrad [9], which stochastically quan-
tizes gradients to ternary values. DoReFa-Net [38] quantizes
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the weights with 1-bit and gradients with 2-bit. Strom [39]
presented a sparsification approach, which only sends gradient
updates that are greater than a certain predefined threshold to the
server. Instead of using a fixed threshold, Aji and Heafield [7]
used a fixed sparsity rate to communicate small subset parame-
ters with the biggest magnitude. These communication-efficient
approaches reduce the communication cost, but they do not con-
sider the resource-constrained problem of the mobile devices,
which make it impractical for the devices to run the excessive
model with millions and billions of parameters in the local
training process; thus, they are not applicable to the mobile
devices with limited memory.

III. METHOD

A. Preliminaries

We define a training batch X = [x1, x2, . . . , xn] ∈ R
d×n,

where d is the dimension of feature vectors, and n is the batch
size. The forward propagation of the lth FC layer in a DNNs
model can be written as

al = f
(

zl
)
, where zl = Wlal−1 + bl (1)

where the weight matrix Wl ∈ R
Ml×Nl

and the bias vector
bl ∈ R

Ml
define the transformation. The vectors z and a denote

the activation units before and after transformation, and f (·)
represents the transition function, such as sigmoid, tanh, and
ReLU.

When Ml and Nl are large, the memory cost is unafford-
able. An intuitive way is to compress Wl. The state-of-the-art
low-rank decomposition methods [40]–[42] only consider
approximating the pretrained parameters Wl with compressed
one Ŵl by minimizing their Euclidean distance ‖Wl − Ŵl‖2

F .
However, in federated learning, each device computes the
update gradients locally with their own data. It is indeed prob-
lematic to pretrain and perform parameters decomposition on
the federated scenario.

B. Compression DNNs Model

Denil et al. [40] showed that DNNs models are overpa-
rameterized, and the features can be learned given only a
small fraction of their parameters. The weights of the FC
layers dominate memory consumption, which reached the
memory limit with 89% [43] or even 100% [42]. Therefore,
an intuitive insight is to discover and discard the parameter
redundancy in FC layers while maintaining the performance.
In this section, we introduce a compression DNNs model
for resource-constrained mobile devices, which uses an SVD-
based low-rank decomposition to replace the original weight
matrix of the FC layer. Then, we establish an objective
function of the global error to recover the outputs of the com-
pressed DNNs model and adopt a stochastic gradient descent
to optimize the parameters. Fig. 2 shows the comparison
between the original DNNs model and the compression DNNs
model.

1) Low-Rank Decomposition: We first adopt SVD to
replace Wl with low-rank decomposition: USVT , where U ∈
R

Ml×r, V ∈ R
Nl×r, and S ∈ R

r×r (S is a diagonal matrix and

Fig. 2. Comparison between the original DNNs model and the compression
DNNs model. 1) In the original DNNs model, the weight matrices of the FC
layers dominates memory consumption. 2) In the compression DNNs model,
we use two low-rank projection matrices to replace the FC layers to compact
the DNNs model.

r is the SVD-rank). We obtain the low-rank decomposition of
Wl as AlBlT , where Al = US(1/2) and Bl = VS(1/2).

2) Forward Propagation: The forward propagation of the
lth layer in (1) can be can be rewritten as

al = f
(

zl
)
, where zl = AlBlTal−1 + bl. (2)

In particular, if the DNNs model has m fully connected layers,
the output of the last layer am is as follows:

am = f ◦
(

Am × BmT
)

◦ · · · ◦ f ◦
(

A1 × B1T
)

x

+ bm + · · · + b1. (3)

3) Backpropagation: Instead of minimizing the divergence
of Ŵl and Wl, much attention should be put on the predictions
of the model; thus, we try to minimize the global error of
‖y − am‖2

F to recover the outputs of the compressed DNNs
model, where y is the true label set of the training set.
Subsequently, we use the stochastic gradient descent to solve
the nonconvex optimization problem, and the compression
DNNs model is further jointly optimized among layers via
backpropagation. In this way, the proposed compression DNNs
model compresses the weight parameters of interlayer and
intralayer relationship jointly. The objective function can be
written as

min J
(

Al, BlT , bl
)

l=1···m
= 1

2

∥∥y − am
∥∥2

F. (4)

The error signals of the objective function can be calcu-
lated as

δl =
⎧⎨
⎩

∂J
∂al � f ′(zl

)
, l = m(

Al+1Bl+1T
)T

δl+1 � f ′(zl
)
, otherwise

(5)

where � indicates elementwise multiplication.
The gradient of the objective function with respect to all

parameters (Al, BlT , bl for all layers) is calculated as

∂J

∂Al
= δl

(
al−1

)T
Bl,

∂J

∂BlT
= AlTδl

(
al−1

)T
,

∂J

∂bl
= δl. (6)
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TABLE I
COMPARISON OF THE MEMORY USAGE OF

SVD-FC LAYER AND FC LAYER

The gradients in (6) are used to update the parameters. At
the kth iteration, the new parameters are as follows:

Al
k+1 = Ak

l + αk
∂J

∂Al

BlT
k+1 = Bl

k
T + αk

∂J

∂BlT

bl
k+1 = bl

k + αk
∂J

∂bl
(7)

where α is the learning rate.
We summarize the comparison of the memory usage of

the SVD FC layer (SVD-FC) and the original FC layer in
Table I. When r ≺ min(Ml, Nl), our method would greatly
reduce the number of parameters of the FC layers. In addition,
the compression DNNs model has the following important
advantages.

1) Ease of Implementation: SVD, as one of the
standard tools in matrix decomposition, is easy to imple-
ment. The decomposition of FC layers is easy to insert
into a DNN learning process.

2) Ease of Fine-Tuning: Once the FC layers are
compressed, it is straightforward to fine-tune the entire
network using backpropagation.

C. Communication-Efficient Federated Optimation

Communication is a key bottleneck in federated learning.
On the one hand, mobile devices in federated learning are typ-
ically large in number and frequently exchange the parameters
with the remote server, which requires an enormous amount
of network bandwidth. However, the network bandwidth of
the server is usually restricted and shared among all running
devices, which leads to a vast communication overhead. On
the other hand, mobile devices frequently have narrow upload
bandwidth or expensive connections. The uplink is typically
slow, and all the devices need to wait for the slowest one in
each synchronous round.

After the compression of the weight matrices of the FC
layers, the size of the messages communicated at each round
of the lth FC layer is reduced from MlNl to (Ml + Nl) × r.
However, for the mobile devices that have narrow upload band-
width, there is much room to be improved. As shown in Fig. 3,
we propose a CEFO approach to reduce the communication
cost further.

The kth iteration consists of the following steps.
1) Model Selection at Clients: A subset of existing clients

(the number of clients included in the subset is c, and

Fig. 3. CEFO: the devices running the compression DNNs model obtain
two low-rank weight matrices in each FC layer. Different from the previous
works, which send all the two weight matrices to the server, half of the clients
send a low-rank weight matrix, and the other half send another weight matrix
to the server.

c 	 0) is selected, each of which downloads the current
weight matrices of the global model from the server.
The weight matrices covering all layers are denoted as
Ak, BT

k, and bk

Ak =
[
Am

k , Am−1
k , . . . , A1

k

]
(8)

Bk
T =

[
Bm

k
T
, Bm−1

k
T
, . . . , B1

k
T
]

(9)

bk =
[
bm

k , bm−1
k , . . . , b1

k

]
. (10)

2) Local Gradients Updates: Each client in the subset com-
putes the gradient GAk , GBT k , and Gbk of the weight
matrices Ak, BT

k, and bk for one minibatch of their local
data

GAk =
[
g
(
Am

k

)
, g

(
Am−1

k

)
· · · g

(
A1

k

)]
(11)

GBT
k

=
[
g
(

Bm
k

T
)
, g

(
Bm−1

k
T
)

· · · g
(

B1
k

T
)]

(12)

Gbk =
[
g
(
bm

k

)
, g

(
bm−1

k

)
· · · g

(
b1

k

)]
. (13)

Different from the previous works, which require to send
all the updates GAk , GBT k , and Gbk to the server, we ran-
domly select half of clients to send GAk and Gbk , and
the other half send GBT k and Gbk to the server. In this
way, not only communication cost of the lth FC layer
can be reduced to (Ml + Nl) × r/2 but also the gradient
updates can be protected from exposure, as the server
only has a part of the gradient updates.

3) Federated Averaging: The server aggregates the gradient
updates GAk , GBT k , and Gbk of the selected clients, and
averages them as

GAk = 1

i

(
GAk

(1) + GAk
(2) + · · · + GAk

(i)
)

(14)

GT
Bk

= 1

c − i

(
GT

Bk

(i+1) + GT
Bk

(i+2) + · · · + GT
Bk

(c)
)

(15)

Gbk = 1

c

(
Gbk

(1) + Gbk
(2) + · · · + Gbk

(c)
)

(16)
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where (i) represents the ith client. Then, the gradient
updates are used to update the parameters as follows:

Al
k+1 = Al

k + αkGl
Ak

(17)

Bl
k+1

T = BlT
k + αkGl

Bk

T
(18)

bl
k+1 = bl

k + αkGl
bk

. (19)

D. Training Patterns

Due to system heterogeneity, the storage memory of each
device in federated learning may differ. Some mobile devices
have enough memory to train complex DNN models, while
other mobile devices have strict constraints in terms of
memory capacity. Furthermore, there is a possibility that
devices in federated learning run different models at the same
time. For example, we assume that all the mobile devices
perform the original DNNs model initially. As resources are
occupied more and more by other programs, some devices
cannot continue to train the complex DNNs, so they replace
the original model with the compression one. Meanwhile, a
group of small mobile devices running the compression DNNs
model with limited storage resources join the training pro-
cess. However, some of the original large mobile devices
may not update the training model in time or do not want
to replace the model as they have gained a well-performed
original DNNs model; thus, they still upload the updates of
the original DNNs model. Therefore, how to design a unified
federated deep learning framework for heterogeneous mobile
devices is a challenging problem. We call the devices that
are running the original model and the compression one as
big devices and small devices, respectively. We present three
training patterns in our framework, synchronized pattern, pre-
train fine-tuning pattern, and alternative pattern, to integrate
the heterogeneous devices running different models. The three
patterns are introduced as follows.

1) Synchronized Pattern: The original model and the com-
pression model train together synchronously. A typical round
of federated learning in synchronized pattern consists of the
following steps.

1) Local Training: In each iteration, each big device
and each small device simultaneously computes the
weight matrix W and the low-rank weight matrices A
and B, respectively. Then, the big devices send their W
to the server (Fig. 4 1 ), and the small devices send their
A and B to the server synchronously (Fig. 4 6 ).

2) Server Process: The server computes W+ = (A×
B+W)/2 (Fig. 4 4 ), and then decomposes W+ into A+
and B+ (Fig. 4 3 ).

3) Update Weight Matrix: Small devices download
A+ and B+ from the server (Fig. 4 5 ), and big devices
get W+ from the server (Fig. 4 2 ).

This is an intuitive way for federated learning; however, the
decomposition of the original model may lose information,
thus leading to great drop-in accuracy.

2) Pretrained Fine-Tuning Pattern: The previous works
usually use decomposition to approximate the parameters of
the pretrained weights and then fine-tune to compensate for

the performance loss. According to this idea, we present a
pretrained fine-tuning pattern. The process of the pretrained
fine-tuning pattern is as follows.

1) Pretraining on Big Devices: In each
iteration, each big device computes its update matrices
W and sends to the server (Fig. 4 1 ). The server
aggregates these updates, averages them, and sends
back the global improved weight matrix W+ to big
devices for the next iteration (Fig. 4 2 ). After some
loops of (Fig. 4 1 ) and (Fig. 4 2 ), we obtain the global
weight W+.

2) Server Process: The server decomposes the pre-
trained weight matrix W+ into two lower dimensional
matrices A+ and B+ (Fig. 4 3 ), and then sends them to
the small devices (Fig. 4 5 ).

3) Fine-Tuning on Small Devices: Small
devices fine-tune the weight matrices in federated
manner to obtain two global weight matrices A+
and B+.

4) Update Weight Matrix: The server computes
W+ = A+ × B+ (Fig. 4 4 ), and the big devices get
W+ from the server (Fig. 4 2 ).

3) Alternative Pattern: In alternative pattern, at each
iteration, big devices train a global weight matrix first, and
then each small devices computes their updates based on the
decomposition of the global weight matrix trained by the big
devices from the previous round. The process of the alternative
pattern is as follows.

1) Local Training on Big Devices: In each
iteration, each big device computes its weight matrix
W and sends it to the server (Fig. 4 1 ).

2) Server Decomposition: The server averages the
weight matrices to obtain a global weight matrix W+,
and then decomposes W+ to A+ and B+ (Fig. 4 3 ).

3) Local Training on Small Devices: The
small devices download A+ and B+ from the server
(Fig. 4 5 ), and compute their gradient updates A and
B on their local data, and send them to the server
(Fig. 4 6 ).

4) Server Composition: The server averages A and
B of all small devices to get matrices A+ and B+, and
then computes W+ = A+ × B+ (Fig. 4 4 ).

5) Update Weight Matrix: The big devices down-
load W+ for the next iteration.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, we introduce the real-world data sets and
report our experimental results.

A. Data Sets

We employ two image classification data sets for the
proposed framework, one is the CIFAR-10 data set [44], which
is IID, balanced, and have been widely used in DNNs research.
The other is federated extended MNIST (FEMNIST) [45],
which is non-IID, unbalanced, and large-scale, built by parti-
tioning the data in Extended MNIST [46] based on the writer
of the digits, lowercase, and uppercase letters.
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Fig. 4. Process of training pattern: Different training patterns have different processes. The process of the synchronized pattern is 1 6 → 4 → 3 → 5 2 ;
the process of the pretrained fine-tuning pattern is 1 → 2 → 1 → 2 → · · · → 1 → 2 → 3 → 5 → 6 → 5 → 6 → · · · → 5 → 6 → 4 →
2 ; and the process of the alternative pattern is 1 → 3 → 5 → 6 → 4 → 2 .

TABLE II
STATISTICS OF DATA SETS

1) CIFAR-10 Data~Set: The data set consists of ten
classes of 32 × 32 images with three RGB channels.
There are 50 000 training examples and 10 000 testing
examples. We shuffle and partition the training set into
200 subsets, representing 200 clients, while the testing
set is globally shared.

2) FEMNIST Data~Set: The data set consists of 62
different classes (10 digits, 26 lowercase, and 26 upper-
case), and images are 28 by 28 pixels. We generate 900
clients from FEMNIST for training, and randomly select
10 000 images as the testing set. The amount of local
training data typically varies across devices. Besides,
the local data of any device cannot be regarded as a
representative sample of the overall distribution.

The statistics of these data sets are listed in Table II.

B. Compared Methods

Training Patterns: In this article, we present three differ-
ent patterns to train the heterogeneous mobile devices in
Section III-D.

1) BOTH: Our synchronized pattern mentioned in
Section III-D1 is named BOTH. In each iteration, the
original model and the compression model are updated
synchronously.

2) BFIRST: Our pretrained fine-tuning pattern mentioned
in Section III-D2 is named BFIRST . The big devices
pretrain a model collaboratively through multiple itera-
tions. Then, the small devices fine-tune the pretrained
model.

3) SWITCH: Our alternative pattern mentioned in
Section III-D3 is named SWITCH. In each iteration,
each big device computes its updates first, and then
each small device computes its updates based on the
updates of the big devices from the previous round.

Federated Upload Pattern: We proposed a novel CEFO
approach to reduce the communication cost further for the
small devices in Section III-C. We consider the following two
upload patterns to compare.

1) FULL:The small-devices send all their updates to the
server in each iteration.

2) HALF: Different from FULL, half of the small-devices
send GAk and Gbk , and the rest send GBT

k
, Gbk to the

server at iteration k.
Systems Heterogeneity: Due to system heterogeneity,

there is a possibility that devices in federated learning
run different models at the same time. We simulate the
coexistence of the two models in a real-world scenario
by adjusting the proportion of big devices. We set the
proportion of big devices to be {0.0, 0.2, 0.5, 0.7, 1.0},
respectively. We represent our method in the following form:
〈big-devices proportion〉-〈training pattern 〉-〈upload pattern 〉.
For example, the method 1.0-BOTH-FULL means that the
federated learning system consists of 100% big devices,
the devices train in the BOTH pattern, and use the FULL
federated upload pattern. 1.0-BOTH-FULL is the same as the
federated averaging algorithm [14], so we will take it as a
baseline method.

C. Experimental Results

To evaluate the advantages of our framework, we take
CNNs, one of the most popular DNNs, as an instance. We
deploy experiments on a widely used CNNs, AlexNet [47],
which contains five convolutional layers and three FC lay-
ers. For other DNNs, which include FC layers, such as
VGGNet [48], our proposed method is also workable.

In each iteration, we randomly sample 10% big devices and
10% small devices to participate in the training. It simulates
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Fig. 5. Results on CIFAR-10 data set. (a)–(f) Convergence speed in terms of iterations, and (g) convergence speed in terms of the total number of uploaded
parameters. “Testing on Big-Devices” and “Testing on Small-Devices” represent the testing results on big-devices and small-devices separately. p represents
the proportion of big devices.

the real-world situation that devices will only participate in a
small number of update rounds per day due to the limitation
of battery and network. In such settings, the learning process
would utilize the data of only a small number of devices per
round. Thus, applying federated learning is possible without
affecting the user experience.

From a general view, Figs. 5 and 6 show results on the
CIFAR-10 and FMINIST data sets, respectively. Figs. 5(a)–(f)
and 6(a)–(f) show convergence speed in terms of itera-
tions, while Figs. 5(g) and 6(g) show convergence speed in
terms of the total number of uploaded parameters. The fig-
ures of “Testing on Big Devices” and “Testing on Small
Devices” show the testing results on big devices and small
devices separately. For 1.0-BOTH-FULL, due to the lack
of the compression model, the original model needs to be
decomposed into lower dimensional models so that it can
be deployed on small devices for testing. On the contrary,
for 0.0-BOTH-FULL and 0.0-BOTH-HALF, the compression

model should be composed for testing on big devices. In
the following, we will analyze the impact of the compres-
sion model, training patterns, federated upload patterns, and
the proportion of big devices on the performance of our
framework.

1) Compression Mode Versus Original Model: We first
focus on the comparison between pure original mode (denoted
as 1.0-BOTH-FULL) and pure compression mode (denoted
as 0.0-BOTH-FULL). The goal of compression mode is to
address the resource-constrained issues of small devices while
maintaining the model’s performance. In Fig. 5(a) and (d), we
observe that the prediction accuracy of 0.0-BOTH-FULL is
almost closed to 1.0-BOTH-FULL when testing on CIFAR-10.
Fig. 6(d) also shows that 0.0-BOTH-FULL has little or no drop
in accuracy on small devices compared with 1.0-BOTH-FULL
when testing on the FEMNIST data set. Furthermore,
Fig. 6(a) shows that 0.0-BOTH-FULL can achieve a higher
accuracy compared to 0.0-BOTH-FULL when testing on
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Fig. 6. Results on FEMNIST data set. (a)–(f) Convergence speed in terms of iterations, and (g) convergence speed in terms of the total number of uploaded
parameters. “Testing on Big-Devices” and “Testing on Small-Devices” represent the testing results on big devices and small devices separately. p represents
the proportion of big devices.

big devices. This is because the redundancy of parame-
ters in 1.0-BOTH-FULL leads to overfitting when testing
on the federated scenario, which contains non-IID, unbal-
anced, and large-scale data. Our proposed compression model
(0.0-BOTH-FULL) is more suitable for the federated tasks.
In addition, in Figs. 5(g) and 6(g), we observe that the com-
pression model can achieve significant reductions in network
communication cost on both CIFAR-10 and FEMNIST.

Overall, the experimental results show that the compres-
sion approach can achieve significant reductions in model size
without any accuracy loss and can even improve accuracy in
the federated data set. Practically, this reduction in the num-
ber of parameters is important for mobile devices with limited
storage memory.

2) HALF Versus FULL: Then, we compare the two fed-
erated upload patterns. From Figs. 5(a)–(f) and 6(a)–(f), the
lines of the HALF methods and the FULL methods of the
same training pattern roughly coincide; thus, it is clear that

the HALF methods can obtain the same accuracy as the FULL
methods and even outperform the FULL methods without
a drop in convergence. Besides, Figs. 5(g) and 6(g) show
that the HALF methods can reduce the communication cost
further than the FULL methods within the same training
pattern.

In summary, CEFO can reduce the communication cost
further with little or no drop in accuracy and convergence.
This attribute is beneficial for federated learning as not only
communication cost can be reduced further but also update
gradients can be protected from exposure.

3) SWITCH Versus BOTH BFIRST: We compare three dif-
ferent training patterns. From Figs. 5 and 6, we observe
that the performances of the 0.2-BOTH, 0.4-BOTH, and
0.7-BOTH patterns are poor. This is because the decompo-
sition loss happens at every iteration, and cause a serious
drop in accuracy. Also, we observe that the BFIRST pattern
and SWITCH pattern achieve relatively better performance.
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TABLE III
ACCURACY ON CIFAR-10 DATA SET

TABLE IV
ACCURACY ON FEMNIST DATA SET

From the figures of “Testing on Big Devices,” there is a
leap around the 400th epoch of the line of BFIRST pat-
tern. This leap explains that the performance can be improved
rapidly via the fine-tuning of the compression model. Besides,
from Figs. 5(g) and 6(g), the SWITCH pattern reduces
the communication cost on both CIFAR-10 and FEMNIST
significantly.

In a word, among these three patterns, SWITCH
achieves communication efficiency and effectiveness
superiority.

4) Proportion of Big Devices: In this section, we discuss
the influence of the proportion of big devices. We display
the accuracy of different methods under various proportions
of big devices in Tables III and IV for two data sets. First,
we observe that our methods BFIRST-FULL, BFIRST-HALF,
SWITCH-FULL, and SWITCH-HALF are efficient under all
the proportion of big devices. If a mobile device replaces
its original model with the compression model, the federated
learning framework will continue to operate steadily without
significantly reducing the prediction accuracy. In such settings,
we can gradually replace the original model in the federated
framework with the compression model. Alternatively, leave
the original model unchanged and let the new devices added
to the framework run the compression model.

V. CONCLUSION AND FUTUREWORK

Federated learning on mobile devices is not a trivial task,
which has three significant challenges: 1) resource con-
strained; 2) high communication overhead; and 3) systems

heterogeneity. To address these challenges, we propose a uni-
fied DNNs federated framework. First, we present a compres-
sion DNNs model for resource-constrained mobile devices,
which uses a low-rank representation of the weight matri-
ces of the FC layers. Second, we propose a novel CEFO
approach, which only sends a part of the updates of each
client to the server. Third, we present three different patterns
to federated train the heterogeneous mobile devices. We test
the performance of the proposed framework on CIFAR-10
and FEMNIST, and the experimental results show that our
framework can achieve significant effectiveness. To our best
knowledge, we are the first to integrate the heterogeneous
devices running different models in federated learning. Under
any proportion of different models, our federated learning
framework will operate steadily without significantly reducing
the prediction accuracy.
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