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Abstract— The surging of deep learning brings new vigor and
vitality to shape the prospect of intelligent Internet of Things (IoT),
and the rise of edge intelligence enables provisioning real-time
deep neural network (DNN) inference services for mobile users.
To perform efficient and effective DNN model training in edge
computing environments while preserving training data security
and privacy of IoT devices, federated learning has been envisioned
as an ideal learning paradigm for this purpose. In this article,
we study energy-aware DNN model training in edge computing.
We first formulate a novel energy-aware, Device-to-Device (D2D)
assisted federated learning problem with the aim to minimize the
global loss of a training DNN model, subject to bandwidth capacity
on an edge server and energy capacity on each IoT device. We then
devise a near-optimal learning algorithm for the problem when the
training data follows the i.i.d. data distribution. The crux of the
proposed algorithm is to explore using the energy of neighboring
devices of each device for its local model uploading, by reducing
the problem to a series of weighted maximum matching problems
in corresponding auxiliary graphs. We also consider the problem
without the assumption of the i.i.d. data distribution, for which
we propose an efficient heuristic algorithm. We finally evaluate
the performance of the proposed algorithms through experimental
simulations. Experimental results show that the proposed algo-
rithms are promising.

Index Terms—Edge computing, energy-aware federated
learning, D2D-assisted learning, weighted maximum matching,
budgeted-energy DNN model training, constrained optimization,
decentralized machine learning.
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I. INTRODUCTION

THE explosive increase in the number of cutting-edge mo-
bile and Internet of Things (IoT) devices results in the

phenomenal growth of the data volume generated at the edge of
networks [14]. The collected data is a double-edged sword, on
one hand, the data is invaluable to many companies and govern-
ment organizations for taking business advantages through busi-
ness activity decision-making and government policy-making.
On the other hand, the majority of data is privacy-sensitive, it is
a high risk to hand the data to a cloud platform for processing
and analysis.

Deep learning is a technique that utilizes deep neural networks
to learn patterns of a group of data. The rapid development of
deep learning has led to desperate demands on a large volume
of data for more accurate predictions. Traditional training of
deep neural networks needs users to upload their data to a
centralized server, which has a high risk of privacy violation
and lots of communication bandwidth consumption. Federated
learning (FL), as a promising framework, provides a solution
to utilizing the data on training while protecting privacy. In
Federated Learning, Smart devices train DNN models locally,
using their local data. The trained local models are periodically
sent to a server for aggregation, and the aggregated global model
is then sent back to the devices for further training. In FL
paradigm, users only upload their local models rather than their
collected data to the server, which protects the privacy of users.

As devices usually are powered by limited batteries, per-
forming federated learning consumes lots of energy. A typical
way is to train the model on an edge server, and each device
uploads its local model to the server for aggregation, and finally
a global model is formed in the edge server. Thus, mobile edge
computing, which brings computing resource to the edge of the
core network so that the data generated by mobile devices can
be processed at the edge to reduce the burden of the back-haul
network, has emerged as a promising paradigm for federated
learning in the era of the Internet of Things [22], [34], [36].
However, devices with longer distances from the edge server
need to use larger transmission powers to upload their local
models, thereby consuming much more energy than those of
devices with shorter distances. Also, training a large-scale DNN
model needs a large volume of data transmissions between de-
vices and the edge server, this introduces a heavy communication
overhead [10]. Due to limited energy imposed on devices, not
every device has sufficient energy to train its local model on
its dataset. Instead, only a subset of the dataset is used for
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local model training due to the energy budget of the device for
training. Consequently, the solution accuracy and convergence
of federated learning training might degrade because not all data
are used for the model training.

There are extensive studies on the federated learning in edge
computing environments. Some of them focused on limited
network and computation resource allocations [8], [24], [28],
[32], while others concentrated on client choices [4], [21], [35].
There were several investigations on the learning parameters of
federated learning, including the frequency of local updates and
global aggregations [28], [38]. Unlike the above studies, in this
paper we introduce a device-to-device (D2D) assisted uploading
concept to alleviate the communication overhead on uploading
local models from devices to the edge server. That is, devices
in the edge environments are paired according to their distances
and energy availability. For each pair of devices, the one with
less energy budget sends its trained local model to another with
more energy budget, and the received device then aggregates
the model with its local model and uploads the aggregated
model to the edge server. Since the wireless bandwidth capacity
at the edge server is limited, such a model aggregation and
uploading can reduce the volume of data transmitted to the
edge server. Performing energy-aware federated learning in edge
environments thus poses several challenges.

First, by allocating more energy on computation, a device can
train its local model on a large volume portion of its collected
dataset, but this leaves the device less energy on its local model
uploading or vice versa, how to strive for a non-trivial trade off
of energy allocations between its local model training and local
model transmission/uploading?

Second, due to the heterogeneity of computing power and vol-
ume of collected data, different devices have different amounts
of energy budgets at different rounds, the selection of device
pairings heavily impacts not only the transmission energy con-
sumption of devices but also the amount of data for local model
training, thereby affecting the accuracy and convergence of
federated learning, how to pair devices such that the energy con-
sumption is minimized while the convergence can be guaranteed
is challenging.

Finally, the wireless bandwidth capacity of the edge server
usually is bounded, which can support only up to K devices
rather than all devices to upload their local models to the server
simultaneously. As the contributions towards the global model of
different devices are different, some devices are more important
than others. Then, how to identify top contribution devices to
upload their local models to the edge server? In the rest of this
paper we will tackle the aforementioned challenges.

The novelty of this paper lies in that energy-aware device-to-
device assisted federated learning in edge computing is consid-
ered, through fully making use of an energy-sufficient neighbor
device of each device for its local model uploading. A novel
energy-aware, D2D-assisted federated learning problem is for-
mulated, and a near-optimal algorithm for the problem is devised
when the training data distribution meets certain assumptions.

The main contributions of the paper are given as follows.
� We formulate a novel energy-aware, D2D-assisted

federated learning problem in an edge computing environ-
ment with the aim to minimize the expected loss of a DNN

model training, subject to the wireless bandwidth capacity
on an edge server, and energy capacities and transmission
ranges on devices.

� We devise a near-optimal learning algorithm for a special
case of the problem where the training data follows the i.i.d.
data distribution. The crux of the proposed algorithm is a
non-trivial reduction to reduce the problem to a series of
weighted maximum matching in corresponding auxiliary
graphs.

� We propose an efficient heuristic algorithm for the problem
without the i.i.d. data distribution assumption, by adopting
the similar reduction technique as we did for the special
case. However, the weights assigned to edges in the auxil-
iary graphs are positively related to the priorities of devices,
where a device has a higher priority if the gradient-descent
rate on its local model is faster, compared with the other
devices.

� We evaluate the performance of the proposed algorithms
through experimental studies. Experimental results demon-
strate that the proposed algorithms are promising, and the
solutions delivered improve by 15.4% of the loss function
in comparison with benchmark solutions.

The rest of the paper is organized as follows. Section II reviews
the state-of-the-date on federated learning in edge computing
environments. Section III introduces the system model, notions
and notations, and defines the problem formally. Section IV
devises a near-optimal learning algorithm for a special case
of the problem. Section V proposes an efficient algorithm for
the problem without the training data distribution assumption.
Section VI evaluates the proposed algorithms empirically, and
Section VII concludes the paper.

II. RELATED WORK

Federated Learning in edge computing environments has
been extensively investigated recently. Most studies investi-
gated energy consumption on devices and edge servers, others
dealt with the non-trivial trades off between the communication
cost, the accuracy of solutions, and the convergence speeds of
different learning algorithms. For example, Wang et al. [28]
focused on the trade-off between the communication cost and
the convergence performance, they provided an upper bound of
FL convergence that later is used to develop an approximation
algorithm for the FL problem, with the aim to minimize the
loss function under resource capacity constraints. Dinh et al. [8]
concentrated on the trade-off between the energy consumption
and the model convergence. They proposed a new FL algorithm
(FEDL) with the assumption of strongly convex and smooth loss
functions. The crux of their algorithm is a new local surrogate
function for each device to train its local model approximately
up to a local accuracy level. Sun et al. [24] considered a long-
term energy-aware dynamic edge server scheduling problem.
They developed an online scheduling algorithm based on the
Lyapunov optimization, with the aim to maximize the average
number of edge server participation in training at each train-
ing round. Tu et al. [27] studied federated learning in a fog
computing environment, where devices are allowed to offload
their local data to other devices for processing and discard
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some of their data. They investigated the impact of data transfer
between devices and data discarding on model training. Chen et
al. [4] dealt with the optimization of user selections and network
resource allocation in a wireless network for a set of users and
a base station, with the aim to minimize the convergence time
of federated learning. They developed a scheme to select users
with high contributions to the convergence of the training, and
formulated an integer linear programming for network resource
allocation. Zhang et al. [38] considered a scenario where the
data across different clients are non-independent and identically
distributed (Non-IID), for which they proposed a deep rein-
forcement learning based method to decide the batch size of
local training adaptively. Nishio and Yonetani [21] studied the
federated learning within the deadline of the global aggregation.
They proposed a federated learning protocol to select as many
participants as possible from a set of heterogeneous devices with
limited resources. Wu et al. [32] dealt with reducing the traffic
volume of WAN transmissions. They proposed a hierarchical
federated learning paradigm, which performs synchronous fed-
erated learning aggregation between clients and edge servers
and asynchronous aggregation between edge servers and cloud
servers. They also devised algorithms to decide the federated
learning controllable factors, staleness threshold client-edge
association, and data distribution. Chen et al. [5] studied the
serverless decentralized federated learning, where workers only
communicate with their neighbors. They enabled the exchange
of intermediate results instead of the entire model between the
workers. They also proposed an efficient algorithm to trade off
between the communication cost and training performance. Lu
et al. [17] tackled a heterogeneity problem of local data, by
exploiting a clustered FL framework and an auction-based client
selection strategy with constrained local resources. Pilla [22]
aimed to minimize the energy consumption of FL training on
heterogeneous devices. The author proposed an optimal pseudo-
polynomial solution to find the optimal workload distribution.
Chen et al. [2] aimed to mitigate the communication overhead
of transferring DNN models, and proposed a novel framework
that identifies and freeze stable parameters of DNN models to
improve the communication efficiency. Tang et al. [25] sparsified
the DNN model in a decentralized federated learning to deal
with the communication bottleneck, and devised an algorithm
to find the an peer selection that efficiently utilizes bandwidth
resources. Tao et al. [26] proposed a Byzantine-resilient dis-
tributed gradient descent algorithm for FL that can handle the
heavy-tailed data and converge under the standard assumptions.
They also developed another algorithm to further reduce the
communication overhead on learning process, using the gradient
compression technique, and theoretical analysis shows that the
proposed algorithms can achieve the statistical error rate that is
order-optimal. Xu et al. [33] investigated the problem of energy
minimization for a single FL request with uncertain availability
of UEs, by proposing a novel optimization framework. They
also devised an online learning algorithm with a bounded regret
for the UE selection, by considering various contexts (side
information) that influence energy consumption. Xu et al. [34]
proposed a hierarchical FL framework for joint worker aggre-
gator placement and UE assignment for a single FL request, and

devised an approximation algorithm for it. They also considered
the online worker aggregator placement and UE assignment
for multiple FL request admissions with model uncertainty, by
proposing a multi-armed bandit based online learning algorithm
for it. Wu [31] studied on the federated learning client selection
to overcome the negative impacts brought by low-quality data.
They devised a novel algorithm to select clients over mixed qual-
ity and non-i.i.d. data to optimize the performance of federated
learning.

The aforementioned studies mainly investigated resource al-
location or client (user) selection for a set of devices that upload
their local models to a server for aggregation, by striving for
non-trivial trade-offs between energy consumption and accu-
racy of the solution obtained. However, none of these works
considered using energy of neighbor devices of a device for its
local model uploading. To the best of our knowledge, we are the
first to study how to minimize the global loss of a model through
D2D transmissions. The saved energy at each device can be used
for local model training to further improve the performance of
federated learning. It must be mentioned that this is an extension
of a conference paper [16].

III. PRELIMINARIES

In this section, we first introduce the system model. We then
introduce federated learning in edge computing, and energy
metrics for device-assisted federated learning. We finally define
the problem precisely.

A. System Model

We consider a set of devices V = {v1, v2, . . . , v|V |} and an
edge server s, assume that v0 is the edge server s. Denote by
di,j the distance between devices vi and vj with 0 ≤ i, j ≤ |V |.
Assume that there is a DNN model deployed in the edge server
s for training, and its training data comes from |V | IoT devices.
Each device vi ∈ V has a datasetDi for the DNN model training.
Denote byD = ∪|V |i=1Di the dataset of all devices. Each device vi
with energy capacity Ei has a set P of finite transmission power
levels for communicating with other devices and the edge server,
and such communication is conducted via D2D transmission,
using one of its transmission power levels pi(t) ∈ P at round
t. We further assume that the federated learning process takes
T training rounds, while at each round t, each device vi ∈ V
performs its local model training for τ epochs, assuming that
the energy budget Ei(t) (≤ Ei) of vi at round t is given [3],
where 1 ≤ t ≤ T . Due to limited wireless bandwidth on edge
server s, we assume that at most K devices can upload their
local models to the server simultaneously at each round, where
1 ≤ K ≤ |V |. An illustrative example of the system model is
given in Fig. 1.

B. Federated Learning in Edge Computing

Let (x, y) be one data point in the dataset D, where x ∈ R
d

is the input features and y is the label of the data point. We
aim to train a deep neural network (DNN) to minimize the error
between the output of the neural network and label y under a
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Fig. 1. Comparisons of the uploading phase between the traditional federated learning and the energy-aware D2D-assisted federated learning in an edge computing
environment at one round with K = 3.

given input x. Specifically, the error is defined by a loss function
l(w, x, y), which is the mean squared error or cross-entropy [38],
and w ∈ R

d is the model parameter of the DNN model that is a
d-dimensional real vector.

The loss function on a dataset D is defined as follows:

L(w | D) =
∑

(x,y)∈D l(w, x, y)

|D| . (1)

The training objective is to find an optimal model parameter
w∗ to minimize the value of L(w | D). Since it is difficult to find
the closed-form solution of w∗, the training of neural networks
often applies the gradient descent method to find a parameter w
to approximate w∗ as much as possible.

To protect the privacy of users, instead of training the DNN
model by uploading the full dataset from all devices to the
server, devices will train the deep neural network on their local
datasets. In the beginning of each round twith 1 ≤ t ≤ T , server
s distributes the global model parameter w(t− 1) obtained at
round t− 1 to all devices, assuming that w(0) is randomly
initialized.

Due to limited wireless bandwidth capacityB of edge server s
in the defined system model, it is impossible to allow all devices
to upload their models to the server at the same time. Instead,
a subset of devices V tfed ⊂ V is chosen to participate in model
training at each round t. Among the participating devices, up
to K of the devices are allowed to upload their training models
to the server directly without violating its bandwidth capacity
constraint, where K ≥ 1 is a positive integer. Specifically, each
device vi ∈ V tfed uniformly samples a subset Si(t) of its dataset
Di for local model training under its energy budget Ei(t) for
round t, and then transmits its trained local model to its partner
that is also in V tfed or vice versa. Its partner finally aggregates its
local model with the received model and uploads the aggregated
model to server s. Within each round t, we further assume that
each device vi applies τ gradient descent steps to train its local
model wi(t), and we refer to each step of gradient descent of
local training as one epoch. Denote by wki (t) the local model
parameter of device vi after the kth local training epoch with
k = 1, 2, . . . , τ . Then, w0

i (t) = w(t− 1) is the global model

parameter distributed by server s after finishing local model
training at round t− 1. During each epoch k of round t with
1 ≤ k ≤ τ , device vi updates its local model as follows.

wki (t) = wk−1i (t)− η · ∇Li(wk−1i (t) | Si(t)), (2)

and

∇Li(wk−1i (t) | Si(t)) =
∑

(x,y)∈Si(t)∇l(wk−1i (t), x, y)

|Si(t)| , (3)

whereη is the learning rate, and∇l(wk−1i (t), x, y) is the gradient
of the loss function l(w, x, y) with respect to wk−1i (t) on each
data point (x, y) ∈ Si(t) at epoch (k − 1) within round t.

Having τ -epoch local training at round t, some device vi ∈
V tfed uploads its trained (or aggregated) local model wi(t) (=
wτi (t)) to server s. The uploaded local models from devices in
V tfed are then aggregated at server s as follows [28].

w(t) =

∑
vi∈V t

fed
|Si(t)| · wτi (t)∑

vi∈V t
fed
|Si(t)| . (4)

Server s finally distributes the aggregated global model w(t)
back to each device inV at the beginning of the next round t+ 1.

C. Energy-Budgeted D2D Assisted Uploading

Considering available energy heterogeneity on devices, some
devices have less energy than others, due to more energy con-
sumed on both uploading their local models to server s and
their local model training. We here allow devices with suffi-
cient energy to serve as relay nodes to help those devices with
less energy to upload their local models to the server, thereby
reducing the energy consumption of those less-energy devices.
Meanwhile, the relay devices can aggregate the local models
of relayed neighbors locally prior to uploading their aggregated
local models to the server.

Specifically, each device vi ∈ V tfed has a destination device
φvi(t) at round t, which is either another device or server s. To
avoid a long training delay, each device can only serve as either
relay or relayed node at each round exclusively. The transmission
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range θi(pi(t)) of device vi ∈ V at round t usually is determined
by its transmission power level pi(t) ∈ P , a device vj or server
s can be the destination of device vi only if it is within the
transmission range of vi, i.e., di,φvi

(t) ≤ θi(pi(t)). Denote by
Cvi(t) the set of nodes using vi as their relays at training round
t, we have |Cvi(t)| ≤ 1. Similarly, Cs(t) is the set of nodes that
can send their models to server s directly.

Since energy is the main constraint on devices, we assume that
devices communicate with server s by adopting the Orthogonal
Frequency-Division Multiplexing Access (OFDMA) mode. To
avoid long delays on data transmission and aggregation and
limited wireless bandwidth constraint on the edge server, we
assume that at most K devices can send their local models to s
with 1 ≤ K ≤ |V | at each round, that is,

|Cs(t)| ≤ K. (5)

Having local training on its dataset Si at round t, device
vi ∈ V tfed then sends its local model wτi (t) to its destination
(a matching device of the device, which will be detailed later)
φvi(t) or server s. If its destination φvi(t) is not to server s,
device vj (= φvi(t)) will aggregate its local model with its
received local model from vi if vj , and transmits the aggregated
result to server s to reduce transmission energy consumption.
Denote by wgi (t) the aggregated model uploaded by vi. The
aggregation at device vi is

wgi (t) = |Si(t)| · wτi (t) +
∑

vj∈Cvi (t)
|Sj(t)| · wτj (t), vi ∈ V tfed

(6)
Recall that Si(t) is a subset of dataset Di of device vi, Cvi(t) is
the set of devices that utilize vi as their relay, and Cvi(t) contains
at most one device. If vi participates in training at round t,wgi (t)
is the sum of sampled-data-size-weighted model parameters of
vi and the device in Cvi(t) (if Cvi(t) is not an empty set). The
global model at server s after round t is updated as follows:

w(t) =

∑
vi∈Cs(t) w

g
i (t)∑

vi∈V t
fed
|Si(t)| , (7)

where the numerator of the right hand side of (7) is the weighted
sum of model parameters of chosen devices in V tfed, while the
denominator in the right hand side of (7) is the total number of
sampled data points used in training. It can be seen that w(t) in
(7) is equivalent to it in (4).

Fig. 1 provides a comparison of the uploading phase be-
tween the traditional federated learning and the energy-aware
D2D-assisted federated learning, where at most three devices
can communicate with a server at each round. For convenience,
in Fig. 1(b), the model training consists of two stages: the red
arrows indicate the D2D communication in the first stage, while
the blue arrows represent the model uploading communication
between devices and the server in the second stage. The numbers
on the arrows indicate the data volume of transmitted models.
It can be seen from Fig. 1(a) that all (six) devices participate
in local model training but only three of them can upload their
trained local models to the edge server at each round, the trained
results of the rest three devices are not uploaded, implying no
contributions towards the global model. In contrast, it can be

seen from Fig. 1(b) in the proposed solution that there are five
devices participating in local model training and their trained
local models are uploaded to the edge server through three of
the five devices.

D. Energy Consumption of Devices

Let hi,φvi
(t) be the channel gain between device vi and device

φvi(t). The channel gain hi,φvi
(t) [18] is

hi,φvi
(t) =

α

d2i,φvi
(t)

, (8)

where α is the channel gain at the reference distance of 1 meter.
Denote by C the size of the DNN model w. By uploading its

local model wτi (t) to device φvi(t) at round t, the amount of
transmission energy consumed by device vi is

Tranvi(t) =
C · pi(t)

B · log2
(
1 +

pi(t)·hi,φvi (t)

σ2

) , (9)

where σ is the white Gaussian noise power, andB is the wireless
bandwidth capacity of server s.

Let ψi be the energy consumption of calculating the gradient
on one data point at device vi. As shown in (2) and (3), device
vi calculates the gradient of each data point in set Si(t) for τ
epochs at round t, the total computing energy consumption of
vi on local model training at round t is

Compvi(t) = ψi · |Si(t)| · τ. (10)

The total energy consumption of device vi at round t should
be no greater than its energy budget Ei(t) for that round, i.e.,

Tranvi(t) + Compvi(t) ≤ Ei(t). (11)

E. Problem Definition

Given a set of devices V and an edge server s, an integer
K that is determined by the bandwidth of server s, they col-
laboratively perform federated learning to train a DNN model
with a parameter vector (global model) w, each device vi ∈ V
has a set P of transmission power levels. Each device vi can
sample a subset Si(t) of its dataset Di at each round t, and may
upload its trained local model to server s directly or via another
device, assuming that there are T rounds for the DNN model
training. The energy-aware D2D-assisted federated learning
problem in edge computing is to determine devices to participate
in training at each round t, the number of sampled data points
and the transmission power level of each chosen device, and the
destination (paired) device of each chosen device to which to
upload its local model at each round twith 1 ≤ t ≤ T , such that
the expected lossE[L(w(T ) |D)] over the datasetD (= ∪|V |i=1Di)
is minimized, subject to the wireless bandwidth capacity B
on server s, energy capacities and the maximum transmission
ranges on devices.

The objective of the problem is to

minimize E[L(w(T ) | D)],
s.t. (5)−(11), (12)
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where E[L(w(T ) | D)] is the expectation of L(w | D) after T
round iterations in (1).

IV. ALGORITHM FOR A SPECIAL ENERGY-AWARE

D2D-ASSISTED FEDERATED LEARNING PROBLEM

In this section, we consider a special case of the energy-aware
D2D-assisted federated learning problem when τ = 1 at each
round t with 1 ≤ t ≤ T . We devise a near-optimal learning
algorithm for the problem, provided that the dataset Di of each
device vi ∈ V follows i.i.d. data distribution. We also analyze
the convergence of the proposed algorithm and the quality of the
solution obtained.

A. Overview of the Algorithm

Intuitively, if more data are used in the DNN model training,
the trained DNN model can learn more accurate patterns on the
dataset. We thus use as many sampled data points as possible
to train the model with the aim to minimize the expected loss
E[L(w(T ) | D)] of the optimization objective in formula (12).

Following (10) and (11), when τ = 1, the number |Si(t)| of
sampled data points that device vi can use for its local model
training at round t is upper bounded by

|Si(t)| ≤ Ei(t)− Tranvi(t)
ψi

. (13)

It can be seen from Inequality (13) that |Si(t)| is bounded by
the energy budget Ei(t) and the transmission energy consump-
tionTranvi(t) of device vi at round t. We then need to determine
which devices to participate in model training at each round and
the number of sample data points, the destination device, and
the transmission power level of each chosen device.

According to Inequality (13), the decision at round t does not
affect the number of sampled data points at any other round
because the energy budget of each device for each round is
given. Thus, the maximum number | ∪vi∈V t

fed
Si(t)| of sampled

data points used for local model training at each round t can be
maximized, subject to energy budget Ei(t) for each vi ∈ V tfed,
where 1 ≤ t ≤ T .

Since each device can help at most another device to relay its
local model at each round, we can put devices in V into pairs so
that the number of sampled data points for local model training at
that round is maximized. To this end, we can reduce the problem
to the maximum weight matching problem in an auxiliary graph.
The detailed reduction is presented as follows.

B. Algorithm

From (9), the transmission energy consumption of a device
increases with the increase on its transmission power level. To
save energy of devices on transmissions, one device should
select a minimum transmission power level in P such that its
destination node is within the transmission range when it adopts
the chosen transmission power.

For the sake of convenience, denote by pmini (vj) and pmini (s)
the minimum transmission power levels of vi that vj or s are
within the transmission range of vi. As device vi has only limited

power levels, pmini (vj) and pmini (s) can be identified by binary
search. Denote by tran(vi, vj) and tran(vi, s) the amounts of
energy consumed by transmitting the local model of vi to device
vj or server s by adopting its minimum transmission powers,
respectively, then

tran(vi, vj) =
C · pmini (vj)

B · log2
(
1 +

pmin
i (vj)·hi,vj

σ2

) (14)

and

tran(vi, s) =
C · pmini (s)

B · log2
(
1 +

pmin
i (s)·hi,s

σ2

) , (15)

where C is the size of the model w, and B is the bandwidth
capacity of server s.

The proposed algorithm proceeds as follows. For each round
t, a weighted auxiliary graph G(t) = (U,E;w(·, ·)) is con-
structed, where U = {ui, u′i | vi ∈ V } ∪ {uνj | 1 ≤ j ≤ 2|V | −
2K}. The edge set E of G(t) is defined as follows. (i) For each
device vi ∈ V , if Ei(t) > tran(vi, s), an edge e(ui, u′i) between
ui and u′i is added toE, and its weightw(ui, u′i) is the maximum
number of sampled data points transferred if vi directly sends
its local model to server s, wherew(ui, u′i) = 
Ei(t)−tran(vi,s)ψi

�.
Recall that the minimum transmission power of vi is tran(vi, s)
if vi sends its local model to s, and the maximum amount of
energy consumed for local model training isEi(t)− tran(vi, s).

(ii) For each pair of nodes vi ∈ V and vj ∈ V with i �= j,
denote by Si,j the maximum number of sampled data points
from both devices and vi is the relay node of vj , we aim to
find the maximum number of sampled data points if they both
participate in model training at round t and one of them makes
use of another as its relay vertex, then, Si,j is defined as follows:

Si,j =

⌊Ei(t)− tran(vi, vj)
ψi

⌋
+

⌊Ej(t)− tran(vj , s)
ψj

⌋
,

(16)
assuming that vi is the relay device of vj ; otherwise, Sj,i
can be calculated similarly. If max{Si,j , Sj,i} > 0, we add
an edge (ui, uj) between ui and uj with weight w(ui, uj) =
max{Si,j , Sj,i} to E, i.e., the maximum number of sampled
data points of devices vi and vj isw(ui, uj) when vi is the relay
node of vj or vice versa.

(iii) For each pair of vertex ui and dummy vertex uνj , an edge
e(ui, u

ν
j ) with an infinite weight w(ui, uνj ) is added to E.

The edge set E of G(t) can be partitioned into two
disjoint subsets Edum and Edev , where Edum consists of
edges incident to at least one dummy vertex, i.e., Edum =
{e(uνi , uνj ) | i �= j, 1 ≤ i, j ≤ 2|V | − 2K} ∪ {(ui, uνj ) | vi ∈
V, 1 ≤ j ≤ 2|V | − 2K}, while Edev contains only edges by
device vertices, i.e., Edev = {e(ui, uj) | vi, vj ∈ V, i �= j}.

The construction of an auxiliary graph G(t) is to find a set
M of edges in G(t) such that (i) M is a subset of Edev; (ii)
the cardinality |M | of M is no larger than K; and (iii) M is a
matching in G(t) and the weighted sum of the edges in M is
maximized. A set V tfed then can be derived from M , which is
the set of endpoints of edges in M , i.e., |V tfed| ≤ 2K.
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Denote by M a weighted maximum matching in G(t). As-
sume that M consists of only edges in M but not in Edum,
that is, M =M\(Edum ∩M). It can be seen that for device
vi ∈ V , the weight w(ui, u′i) of edge e(ui, u′i) ∈M represents
the maximum number of sampled data points for its local model
training if device vi sends its local model to server s directly.
For a pair of devices vi and vj , the weight w(ui, uj) of edge
e(ui, uj) ∈M is the maximum number of sampled data points
if both devices participate in the training at round t and one of
them uses the other as its relay node to upload their aggregated
local model to s.

SinceM is a maximum weight matching inG(t) that contains
4|V | − 2K vertices in total, there must have a matching edge in
M incident to each of the 2|V | − 2K dummy vertices. Thus,
there are 4|V | − 4K vertices inM with one endpoint being a
dummy vertex.

Let V ′ be the set of the rest vertices in G(t), clearly, |V ′| =
2K. LetM ′ be the weighted maximum matching in the subgraph
G′(t) = ({ui, u′i | vi ∈ V ′}, E ∩ {(ui, u′i) ∪ (ui, uj)} | vi ∈
V ′, vj ∈ V ′}) of G(t) induced by vertices in V ′. Then, the
cardinality ofM ′ is no greater than K, i.e., |M ′| ≤ K, it can be
seen that M ′ ∪ (M\M) is another matching of G(t). As the
weighted sum of edges inM is the maximum one, which equals
the maximum number of sampled data points used for model
training at round t, the weighted sum of edges inM ′ ∪ (M\M)
must equal the weighted sum of edges inM; otherwise,M is
not the weighted maximum matching ofG(t). Thus, the set V tfed
can be obtained from M ′, i.e., |V tfed| ≤ 2K as |M ′| ≤ K.

Let M be a weighted maximum matching in the auxiliary
graph G(t), by applying the weighted maximum matching al-
gorithm in [11]. Let V tfed = ∅ initially, its construction is given
as follows. For each edge e(a, b) ∈M, (i) if a = ui and b = u′i,
add device vi to V tfed and set server s as the destination φvi(t) of
vi; (ii) if a = ui and b = uj with i �= j, both devices vi and vj
are added to V tfed. Furthermore, if Si,j > Sj,i, device vj is the
destination of vi, vi trains its local model and transmits its local
model to vj , vj finally aggregates its local model and vi’s local
model and uploads the aggregated model to server s; otherwise,
device vi is the destination of vj , the similar operations can be
performed, omitted; and (iii) if a = ui and b = uνj , then device
vi will not participate in training at round t.

Finally, each device vi ∈ V tfed sets its power level at

pmini (φvi(t)), and samples 
Ei(t)−Tranvi
(t)

ψi
� data points in set

Di for training at round t. The detailed algorithm for the spe-
cial energy-aware D2D-assisted federated learning problem is
shown in Algorithm 1.

We here use an example in Fig. 2 to illustrate how the pro-
posed algorithm works at round t, where there are four devices
(|V | = 4), and server s only allows two devices (K = 2) to
upload its local model at each round. There are 4 (=2|V | −
2K) dummy vertices. As shown in Fig. 2, edges (u1, u2)
and (u2, u3) represent device v1 and v3 can pair with v2 to
upload the trained local model, and edges (u1, u

′
1), (u2, u

′
2)

and (u4, u
′
4) represent that device v1, v2 and v4 can send

their model to s alone. The red edges in Fig. 2 represent the
edges in the weighted maximum matching M. In Fig. 2, we

Algorithm 1: Algorithm for the Special Energy-Aware,
D2D-Assisted Federated Learning Problem.

Input: A set of devices V , a server s, a local dataset Di for
each device vi ∈ V , a set of transmission power level P
and a DNN model w to be trained at each round t with
1 ≤ t ≤ T .

Output: The set V tfed of devices participating in the
training, the offloading destination φvi(t), the set of
sampled data points Si(t), and the transmission power
level pi(t) of each device vi at each round t.

1: for t← 1 to T do
2: Initialize G(t)← (U,E) where U = ∅ and E = ∅;
3: for i← 1 to |V | do
4: U ← U ∪ {ui, u′i};
5: Calculate pmini (s) and tran(vi, s)
6: if Ei(t) > tran(vi, s) then
7: E ← E ∪ {e(ui, u′i)};
8: w(ui, u

′
i)← 
Ei(t)−tran(vi,s)ψi

�;
9: for i← 1 to |V | do

10: for j ← i+ 1 to |V | do
11: Calculate pminj (s), tran(vi, vj), tran(vj , s),

pmini (s), tran(vj , vi), and tran(vi, s);
12: if tran(vi, vj) < Ei(t) and tran(vj , s) < Ej(t)

then
13: Si,j ← 
Ei(t)−tran(vi,vj)ψi

�+ 
Ej(t)−tran(vj ,s)ψj
�;

14: else
15: Si,j ← 0;
16: if tran(vj , vi) < Ej(t) and tran(vi, s) < Ei(t)

then
17: Sj,i ← 
Ej(t)−tran(vj ,vi)ψj

�+ 
Ei(t)−tran(vi,s)ψi
�;

18: else
19: Sj,i ← 0;
20: E ← E ∪ {e(ui, uj)};
21: w(ui, uj)← max{Si,j , Sj,i};
22: Udum ← {uνj | 1 ≤ j ≤ 2|V | − 2K}
23: U ← U ∪ Udum /* Udum is the set of dummy nodes */;
24: for each dummy node uνj ∈ Udum do
25: for each node ui ∈ U\Udum do
26: E ← E ∪ {e(ui, uνj )};
27: w(ui, u

ν
j )←∞;

28: Find a weighted maximum matchingM in G(t), by
applying the algorithm in [11];

29: for i← 1 to |V | do
30: if e(ui, u′i) ∈M then
31: φvi(t)← s;
32: V tfed ← V tfed ∪ {vi};
33: |Si(t)| ← 
Ei(t)−tran(vi,s)ψi

�;
34: if ∃uj ∈ U, e(ui, uj) ∈M and Si,j ≥ Sj,i then
35: φvj (t)← s; φvi(t)← vj ;
36: V tfed ← V tfed ∪ {vi, vj};
37: |Si(t)| ← 
Ei(t)−tran(vi,vj)ψi

�;
38: |Sj(t)| ← 
Ej(t)−tran(vj ,s)ψj

�;
39: return V tfed, φvi(t), |Si(t)| for each device vi at round

t.
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Fig. 2. An example of auxiliary graph G(t) when there are four devices and
K = 2, two devices (either u1 or u2, and u4) can upload their aggregated local
models to server s at round t.

assume that the weighted maximum matching ofG(t) consists of
edges e(u1, u2), e(u4, u′4), e(u

′
1, u

ν
2), e(u

′
2, u

ν
2), e(u

′
3, u

ν
3), and

e(u3, u
ν
4) respectively. Edge e(u4, u′4) is in the weighted max-

imum matching means that device v4 participates in training
at round t, and the number of sampled data points used for its
local model training is determined by the weight of e(u1, u′1).
Similarly, edge e(u1, u2) is in the weighted maximum matching
represents that both devices v1 and v2 participate in training at
round t, and v1 uses v2 as its relay or vice versa. Device v3 does
not participate in training at round t as vertexu3 is connected to a
dummy vertex through edge e(u′3, u

ν
4) in the weighted maximum

matching.

C. Algorithm Analysis

The rest is to analyze the convergence rate and time complex-
ity of the proposed algorithm, Algorithm 1, and show that the
solution delivered by the proposed algorithm is a near-optimal
solution under the well adopted assumptions on the loss function
L(·) [28].

Assumption 1: The loss functionL(w) for the federated learn-
ing with model parameter w on a datasetD meets the following
assumptions.

1) The loss function L(w) is convex.
2) The loss functionL(w | D) isμ-smooth, that is, for anyw1

and w2, we have L(w1 | D) ≤ L(w2 | D) + (w1 − w2) ·
∇L(w2|D) + μ

2 ||w1 − w2||2.
3) The second derivative of L(w) has a lower bound, that is,

there exists a constant β such that∇2L(w) ≤ β · I , where
I is an identity matrix.

4) The learning rate η is smaller than β. i.e., η < β.
5) τ = 1.
6) The datasets at the devices follow i.i.d distributions.
Notice that Assumption 1 from (1) to (4) holds when the

DNN model is used for regression problems [28]. The later
experimental result in Section VI will show that the proposed

algorithm is still applicable, even if the loss function L(·) does
not abide by the mentioned assumptions in Assumption 1. Under
Assumption 1, we have the following lemmas and theorems.

Lemma 1: The solution delivered by the proposed algorithm,
Algorithm 1, is feasible. Let V tfed be the set of chosen devices
at round t in the solution delivered by Algorithm 1, then set
|Cs(t)| of devices uploading local model to s is no more thanK
as |Cs(t)| ≤ K ≤ |V tfed(t)| ≤ 2K, where 1 ≤ t ≤ T .

Proof: It can be seen that the energy constraint on devices at
each round has not been violated. The rest is to show that the
number of devices uploading their local models to edge server
s at each round is no larger than K.

For a given round t, an auxiliary graphG(t) = (U,E;w(·, ·))
is constructed, in which there are 2|V | device vertices corre-
sponding to the |V | devices, and 2|V | − 2K dummy vertices.
There is an edge between a dummy vertex and a device vertex and
the edge is assigned with an infinite weight. Thus, each dummy
vertex is adjacent to exactly one edge in the weighted maximum
matchingM of G(t), which implies that there are 2|V | − 2K
device vertices connected to the 2|V | − 2K dummy vertices by
the edges inM. Then, there are 2K device vertices inG(t) that
are not connected to any dummy vertices by the edges inM(t).
We claim that these 2K device vertices form at mostK edges in
M as follows. Since edges in any matching ofG(t) do not share
any common vertex, for each of these no more thanK matching
edges inM, one of its corresponding two devices will upload
its local model to server s directly, following the construction
ofG(t). Thus, there are at mostK devices communicating with
server s at each round, i.e., |Cs(t)| ≤ K, where the participating
device set V tfed is driven from theK device-to-device matching
edges inM.

Lemma 2: In the solution delivered by Algorithm 1 for the
special energy-aware D2D-assisted federated learning problem,
the number of sampled data points from chosen devices for local
model learning at each round t is maximized, where 1 ≤ t ≤ T .

Proof: We show the claim by contradiction. Assume that
there is another solution for the problem, in which the number
of sampled data points is larger than the number of sampled data
points in the solution delivered by Algorithm 1 at each round
t. Let V ∗tfed be the set of devices participating in the training
at round t, which is derived from the optimal solution with the
maximum number of data points, and letφ∗vi(t), p

∗
i (t), andS∗i (t)

be the destination, the transmission power level, and the number
of the sampled data points of device vi ∈ V tfed.

We first show that the maximum number of sampled data
points in ∪vi∈V ∗tfed

Si(t) equals the weighted sum of edges in
a maximum weight matching of G(t). For any device vi ∈
V ∗fed(t), if its destination φ∗tvi is server s, its sampled data vol-
ume |S∗i (t)|must equal the weight of edge e(ui, u′i) asw(ui, u′i)
is the maximum number of sampled data points of device vi if
vi sends its local model to s directly; otherwise, if |S∗i (t)| >
w(ui, u

′
i), we have |S∗ti | · ψi > Ei(t)− Tranvi(t), which vi-

olates the energy constraint on vi. Assume that |S∗i (t)| <
w(ui, u

′
i), then device vi can sample more data points than the

current one without affecting other devices. This contradicts the
assumption of the maximum number of sampled data points as
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the weight of edge (ui, u
′
i). Similarly, if vi is the destination

of device vj with i �= j, then w(ui, uj) = |S∗i (t)|+ |S∗j (t)|.
Therefore, there is a subset of edges in G(t) such that the
weighted sum of the edges in it is equal to the number of sampled
data points | ∪vi∈V ∗tfed

S∗i (t)|. Since a device can only serve as
either the relay node of another device or the relayed node, not
both of the roles at the same time. The set of edges through
pairing relay and relayed nodes forms a matching M ∗ of G(t).

We then show that the weighted sum of edges in M ∗ is no
larger than that of another matching M ′ =M\Enum delivered
by Algorithm 1. M ∗ consists of at most K edges due to
constraint (5), which means 2K vertices in {ui, u′i | vi ∈ V } are
adjacent to edges in M ∗. Consequently, there are 2|V | − 2K
vertices in G(t) that are not adjacent to any edges in M ∗.
We can find a subset of edges E∗dum ⊂ Edum with cardinality
2|V | − 2K such that M ∗ ∪ E∗dum is still a matching in G(t).
Recall that M is a maximum weight matching in G(t). Since
the cardinality of the intersection of M and Enum is also
2|V | − 2K and the weights of edges in Enum are identical,
the weighted sums of edges inM∩ Enum andE∗dum are equal.
As M ∗ ∪ E∗dum is a matching, the weighted sum of edges in
M ∗ ∪ E∗dum is no larger than that of edges inM. The weighted
sum of edges in M ∗ thus is no larger than the weighted sum
of edges in M ′. The number of sampled data points in the
solution delivered by Algorithm 1 equals the weighted sum
of edges inM ∗. This contradicts the initial assumption that there
is another solution that has more sampled data points than that
of the solution delivered by Algorithm 1.

Lemma 3: The expectation of loss E[L(w(t+ 1) | D)] is
upper bounded by an additive value E[||w(t+ 1)− w∗||2].

E[L(w(t+ 1) | D)]
≤ L(w∗ | D) + μ

2
· E[||w(t+ 1)− w∗||2],

where w∗ is the optimal model parameter and L(w∗ | D) is the
minimum value of the loss function, which is constant.

Proof: From Assumption 1.(2), we have

L(w(t+ 1) | D)

≤ L(w∗ | D) + (w(t)− w∗) · ∇L(w∗ | D)
+
μ

2
||w(t+ 1)− w∗||2

= L(w∗ | D) + μ

2
||w(t+ 1)− w∗||2,

where∇L(w∗ | D) = 0, since L(w∗ | D) is the minimum value
and the gradient at a minimum point is 0. Therefore,

E[L(w(t+ 1) | D)]
≤ E[L(w∗ | D) + μ

2
||w(t+ 1)− w∗||2]

= L(w∗ | D) + μ

2
· E[||w(t+ 1)− w∗||2],

as the minimum loss L(w∗ | D) is a constant.
Lemma 4: Letw(t) be the result delivered by Algorithm 1

at round twith 1 ≤ t ≤ T . Then, the expected gap betweenw(t)

and the optimal one w∗ is upper bounded, i.e.,

E[||w(t+ 1)− w∗||2] ≤ (1− η · β) · E[||w(t)− w∗||2]

+
η2 ·Δ2

| ∪vi∈V t+1
fed
Si(t+ 1)| , (17)

where Δ is the variance of ∇l(w(t), x, y).
Proof: As there is only one epoch local training (τ = 1) at

each round t by Algorithm 1, we have

wτi (t) = w1
i (t) = w(t− 1)− η · ∇Li(w(t− 1) | Si(t)).

Recall that w∗ is the optimal parameter, we have

∇L(w∗ | D) = 0.

Also, for any two modelsw1 andw2, there is a modelw′ such
that

∇L(w1 | D)−∇L(w2 | D)
= ∇2 L(w′ | D) · (w1 − w2) ∀w1, w2, ∃w′,

due to the property of gradients. By (3),

∇L(w(t) | ∪vi∈V t
fed
Si(t))

=

∑
vi∈V t

fed
|Si(t)| · ∇Li(w(t) | Si(t))∑
vi∈V t

fed
|Si(t)|

Therefore,

w(t+ 1)− w∗ =
∑
vi∈V t+1

fed
|Si(t+ 1)| · wτi (t+ 1)∑

vi∈V t+1
fed
|Si(t+ 1)| − w∗

=

∑
vi∈V t+1

fed
|Si(t+ 1)| · (w(t)− η · ∇Li(w(t) | Si(t+ 1)))∑

vi∈V t+1
fed
|Si(t+ 1)|

− w∗

= w(t)− η · ∇L(w(t) | ∪vi∈V t+1
fed
Si(t+ 1))− w∗i

= w(t)− w∗ − η · (∇L(w(t) | D)−∇L(w∗ | D)
− L(w(t) | ∪vi∈V t+1

fed
Si(t+ 1))−∇L(w(t) | D)),

= w(t)− w∗ − η(∇2 L(w′ | D) · (w(t)− w∗))
− η(∇L(w(t) | ∪vi∈V t+1

fed
Si(t+ 1))−∇L(w(t) | D)).

Since we assume that the training data follows i.i.d, the
gradient over the sampled data set can be regarded as the data
set D [27]. We then apply central limit rules,

∇L(w(t)| ∪vi∈V t+1
fed
Si(t+ 1)))−∇L(w(t) | D)

Δ/
√
| ∪vi∈V t+1

fed
Si(t+ 1))|

∼ N (0, 1),

where ∇l(w(t), x, y) is the gradient of the loss function
l(w(t), x, y) with respect to w(t), and Δ2 is the variance of
∇l(w(t), x, y).

The variance of w(t+ 1)− w∗ thus is

V ar[w(t+ 1)− w∗ | w(t)]
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= V ar[w(t)− w∗ − η(∇L(w(t) | D)−∇L(w∗ | D))
−η(∇L(w(t) | ∪vi∈V t+1

fed
Si(t+ 1))−∇L(w(t) | D) | w(t)]

= η2 · V ar[(∇L(w(t) | ∪vi∈V t+1
fed
Si(t+ 1)))

−∇L(w(t) | D) | w(t)]

=
η2 ·Δ2

| ∪vi∈V t+1
fed
Si(t+ 1))| ,

We then have

||E[w(t+ 1)− w∗ | w(t)]||2

= ||E[w(t)− w∗ − η(∇2 L(w′ | D) · (w(t)− w∗)) | w(t)]
+ E[−η(∇L(w(t)| ∪vi∈V t+1

fed
Si(t+ 1)

−∇L(w(t) | D)) |w(t)]||2

= ||E[(I − η · ∇2 L(w′ | D)) · (w(t)− w∗) | w(t)]||2

≤ ||E[(1− η · β) · (w(t)− w∗) | w(t)]||2

= (1− η · β) · ||w(t)− w∗||2 (18)

where Inequality (18) is due to Assumption 1.2. We then have

E[||w(t+ 1)− w∗||2 | w(t)]
= ||E[w(t+ 1)− w∗ | w(t)]||2 + V ar[ws(t+ 1)− w∗ | w(t)]

≤ (1− η · β) · ||w(t)− w∗||2 + η2 ·Δ2

| ∪vi∈V t+1
fed
Si(t+ 1)| .

By the law of the total expectation,

E[||w(t+ 1)− w∗||2]

≤ (1− η · β) · E[||w(t)− w∗||2] + η2 ·Δ2

| ∪vi∈V t+1
fed
Si(t+ 1)| .

Theorem 1: Assuming that loss functionL(·) isμ-smooth and
β-Lipschitz. The proposed algorithm,Algorithm 1, delivers a
feasible solution for the special energy-aware D2D assisted fed-
erated learning problem with the expected loss E[L(w(T ) | D)],
which is defined as follows:

E[L(w(T ) | D)]

≤ L(w∗ | D) + μ

2
·
(
(1− η · β)T · E[||w(0)− w∗||2]

+

T−1∑
t=0

(1− η · β)T−t−1 · η2 ·Δ2

| ∪vi∈V t+1
fed
Si(t+ 1)|

)
, (19)

where μ, η, and β are given constants that are defined in As-
sumption 1, and Δ2 is the variance of∇l(w(t), x, y) for all data
points (x, y) ∈ D.

Proof: Having Lemmas 3 and 4, Theorem 1 is shown as
follows.

From Lemma 3, we can see that the expectation of loss
E[L(w(t+ 1) | D)] depends on E[||w(t+ 1)− w∗||2]. This im-
plies that minimizing the value E[||w(T )− w∗||2] is equivalent

to minimizing the expectation loss E[L(w(T ) | D)] at the last
round T .

By Lemma 4, the expectation E[||w(t)− w∗||2] at round t
is upper bounded by E[||w(t− 1)− w∗||2] and η2·Δ′2

|∪vi∈V t
fed
Si(t)| .

It can be seen that the value gap between the global model
parameter and the optimal model parameter is bounded by the
difference of the global model parameter to the optimal model
parameter at round t− 1 and the number of sampled data points
at round t. By expanding Inequality (17) recursively, we then
have

E[||w(t+ 1)− w∗||2]

≤ (1− η · β) · E[||w(t)− w∗||2] + η2 ·Δ2

| ∪vi∈V t+1
fed
Si(t+ 1)|

≤ (1− η · β)t+1 · E[||w(0)− w∗||2]

+
t∑

t′=0

η2 ·Δ2 · (1− η · β)t−t′
| ∪

vi∈V t′+1
fed

Si(t′ + 1)| . (20)

By plugging (20) and the final round T into the optimization
objective (12), we have

E[L(w(T ) | D)]

≤ L(w∗ | D) + μ

2
·
(
(1− η · β)T · E[||w(0)− w∗||2]

+

T−1∑
t=0

η2 ·Δ2 · (1− η · β)T−t−1
| ∪vi∈V t+1

fed
Si(t+ 1)|

)
.

It can be seen from Theorem 1 that the accuracy of the
obtained solution increases with the increase in the number
of sampled data points | ∪vi∈V t+1

fed
Si(t+ 1)|, while the latter

is proportional to the value of K, where a larger K implies
more devices can participate in the training at each round
t, thereby leading to more sampled data points for model
learning.

To better understand the relationship between K and the
number of data sample points | ∪vi∈V t+1

fed
Si(t+ 1)| in the solu-

tion delivered by the proposed algorithm, Algorithm 1, we
consider an extreme case of the special energy-aware D2D-
assisted federated learning problem, where each device vi has
the same number of data points |D′|, i.e., |Di| = |D′| for every
device vi. We further assume that server s is within the trans-
mission range of all devices but none of the devices is within
the transmission range of others. Under this assumption, each
device can only upload its local model to server s directly. If
the energy budget Ei(t) of each device vi suffices for training
at most half the number of data points in Di at round t, i.e.,
|Si(t)| = D′

2 . then the expected loss of the DNN model on dataset
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D is

E[L(w(T ) | D)]

≤ L(w∗ | D) + μ

2
·
⎛
⎝(1− η · β)T · E[||w(0)− w∗||2]

+
T−1∑
t=0

(1− η · β)T−t−1 · η2 ·Δ2

| ∪vi∈V t+1
fed
Si(t+ 1)|

⎞
⎠

= L(w∗ | D) + μ

2
·
(
(1− η · β)T · E[||w(0)− w∗||2]

+

T−1∑
t=0

(1− η · β)T−t−1 · 2η
2 ·Δ2

K · |D′|

)
. (21)

It can be seen from Inequality (21) that a more accurate
solution can be obtained when the value ofK is larger, provided
that the number T of training rounds does not change at all.

Theorem 2: Given a set V of devices and an edge server s
for a federated learning process with T round training, there
is an algorithm, Algorithm 1, for the special energy-aware
D2D-assisted federated learning problem, which can deliver a
near optimal solution within O(T · |V |4) time.

Proof: ByAlgorithm 1, the number of sampled data points
at each round t is maximized. While the number of sampled
data points at one round is independent of other rounds, Al-
gorithm 1 delivers a solution with maximizing the value of∑T−1
t=0 | ∪vi∈V t+1

fed
Si(t+ 1)|, which is equivalent to minimizing

(19).
We then analyze the time complexity of Algorithm 1.

The construction of auxiliary graph G(t) at each round t takes
O(|V |2) time, asG(t) consists of 4|V | − 2K vertices. Finding a
maximum weight matching in G(t) takesO((4|V | − 2K)4) =
O(|V |4) time [11]. The time complexity of the proposed algo-
rithm is O(T · |V |4), since it takes T training rounds.

V. ALGORITHM FOR THE ENERGY-AWARE D2D-ASSISTED

FEDERATED LEARNING PROBLEM

So far we assumed that the data distribution of each de-
vice follows i.i.d., and the proposed algorithm for a special
energy-aware, D2D-assisted federal learning problem, trains
local models within one epoch at each round. In this section,
we present an efficient heuristic algorithm for the energy-aware,
D2D-assisted federated learning problem, by removing the men-
tioned assumptions on data sets and allowing multiple-epoch
local training. We start with choosing devices for uploading their
local models at each round, we then give an overview of the
proposed algorithm, followed by detailing the algorithm.

A. Device Choices at Each Round

In reality, the data generated by different devices are biased
and may not follow the i.i.d. assumption. The global optimal
model parameter w∗ is different from the local optimal model
parameter w∗i with the minimum local loss, i.e., the local loss

L(w∗ | Di) is not optimal in terms of the global model. Since
each device vi only samples data points in its datasetDi, device
vi can only train the model w towards w∗i . Moreover, only up to
K devices are chosen to upload their local models to server s
at each round, which makes the global model w strongly biased
towards these chosen devices. To mitigate this biased model
training caused by some but all devices in V participating in
training on the global model, we propose an efficient strategy
for device choices as follows.

A device will have a large variance if it samples inadequate
numbers of data points for local training. To ensure the quality
of local training, it requires each chosen device to train on at
least δ · |Di| data points with δ · |Di| ≤ |Si(t)|, where δ is a
given threshold with 0 < δ < 1. Intuitively, a higher local loss
on some devices implies that the model lacks of proper training
on the data samples of the chosen devices. Cho et al. showed
that devices with higher local losses make the learning con-
vergence faster [7]. This implies that devices with higher local
losses will have higher priorities to participate in training at that
round.

We here adopt the similar principle as Cho et al. [7] did.
The key is to choose a subset V tfed of devices with high local
loss to participate in training at each round t. To this end, each
device vi samples a small portion of its dataset and makes use
of the sampled data points to estimate the local loss L̂(wi(t−
1) | Di) in the beginning of the next round t. Note that the energy
consumption of devices on inferences usually is much smaller
than that of it on model training. We thus assume that the energy
consumption of devices on inference estimation is negligible. A
device vi that does not participate in training at round t has either
a lower local loss than those of devices in V tfed, or a higher local
loss than some of devices in V tfed, but may cause that devices
with higher local losses have inadequate energy to train. In the
following we use an example to illustrate why the greedy-based
service choice for set V tfed does not work.

Consider that there are three devices vi1 , vi2 and vi3 , where
vi1 has a higher local loss than vi2 , and vi2 has a higher local loss
than vi3 but both vi1 and vi2 are far from server s (i.e., server s is
not in their transmission ranges). We further assume that device
vi3 is the only device within the transmission ranges of both vi1
and vi2 while server s is within the transmission range of vi3 .
In this case, only either vi1 or vi2 can participate in training at
a round, and vi3 as the unique relay vertex of either of them to
upload the local model to server s at round t. Therefore, devices
vi1 and vi3 form a pair, and vi3 is added to V tfed despite that vi2
has a higher local loss than that of vi3 , i.e., V tfed = {vi1 , vi3}.

B. Algorithm Overview

Due to the energy budget on each device at each round, it
does not form a feasible solution by adding devices to set V tfed
greedily. Instead, finding a feasible solution to the problem needs
taking both the estimated local loss and the energy budget of each
device into consideration, when determining whether the device
can be added to V tfed.

The basic idea behind the proposed algorithm is similar to
the one in the previous section, i.e., we reduce the problem to
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a series of maximum weight matching problems in different
auxiliary graphs. Specifically, we start by sorting devices in V
in non-decreasing order of their estimated local loss. For the sake
of convenience, let v1, v2, . . . , v|V | be the sorted devices, where
v1 and v|V | have the lowest and highest local losses, respectively.

We then construct an auxiliary graph G(t) = (U,E;w(·, ·))
that is similar to the auxiliary graph in the previous section at
round t, where the vertex set U consists of vertices ui and u′i for
each device vi ∈ V and 2|V | − 2K dummy vertices.

The construction of the edge set E of G(t) is as follows.
For each device vi ∈ V , to fulfill the number of sampled data
points, vi must spend at least the amount ψi · δ · |Di| · τ of
energy on training. For the sake of convenience, denote by E′i(t)
(= Ei(t)− ψi · δ · |Di| · τ ) the energy budget of vi at round
t. The required transmission power tran(vi, s) of vi then is
calculated as follows.

If the required transmission energy constraint can be met (i.e.,
tran(vi, s) ≤ Ei(t)− E′i(t)), add an edge e(ui, u′i) toE in G(t)
with weight ofw(ui, u′i) (= 2i), assuming that device vi has the
ith lowest estimated local loss. An edge e(ui, u′i) with weight 2i

indicates the high priority of vi as a potential uploading device
at round t, and vi can upload its local model to s directly if it is
chosen.

For each pair of devices vi and vj with i > j, if tran(vi, vj) ≤
Ei(t)− E′i(t) and tran(vj , vs) ≤ Ei(t)− E′j(t), add an edge
e(ui, uj) toE with weight ofw(ui, uj) (= 2i + 2j). This means
that vi can send its trained local model to vj , vj then aggregates
the received model from vi with its own local model, and uploads
the aggregated model to server s. Otherwise, if tran(vj , vi) ≤
Ei(t)− E′j(t) and tran(vi, vs) ≤ Ei(t)− E′i(t)), we add an edge
e(ui, uj) to E with weight of w(ui, uj) (= 2i + 2j), the oper-
ations are similar, instead, vi will upload the aggregated model
to server s.

For a pair of a dummy vertex uνj and a device vertex ui, add
an edge e(uνj , ui) with weight of∞ to E.

LetM(t) be the maximum weight matching in G(t), the K
chosen devices driven fromM(t) form a solution of the problem,
and the set V tfed of devices for uploading their local models to
server s can also be obtained, too.

C. Algorithm

The proposed algorithm proceeds as follows.
In the beginning of each round t, each device vi samples

a small subset of its dataset Di to estimate the local loss
L̂(w(t− 1) | Di). A weighted auxiliary graph G(t) then is con-
structed, and the estimated local loss and device ranking are used
to assign weights to the edges in the graph. A weighted maximum
matching M(t) in G(t) then is found, and a feasible solution
to the problem finally is derived from the weighted maximum
matching M(t). That is, if edge e(ui, u′i) ∈M(t), device vi
uploads its local model to server s directly; otherwise, if edge
e(ui, uj) ∈M(t) with i > j and tran(vj , s) ≤ Ei(t)− E′i(t),
device vj is the destination of vi, aggregates its local model
with the local model of vi and uploads the aggregated lo-
cal model to s; Similarly, if e(ui, uj) ∈M(t) with i > j but

tran(vj , s) > Ei(t)− E′i(t), vj sends its local model to vi for
aggregation and vi uploads the aggregated model to server s.
The rest devices that are not incident to any matching edge in
M(t) will not participate in training at round t. As a result, the
number of sampled data points |Si(t)| of device vi at round t is


Ei(t)−Tranvi
(t)

ψi
�.

The detailed algorithm for the energy-aware, D2D assisted
federated learning problem is given in Algorithm 2.

Theorem 3: Given a set V of IoT devices, and an edge server
s that performs federated learning training within T rounds,
there is an efficient algorithm, Algorithm 2, for the energy-
aware D2D-assisted federated learning problem, which takes
O(T · |V |4).

Proof: The analysis of time complexity of Algorithm 2 is
similar to Algorithm 1, while the latter has been analyzed in
Theorem 2, omitted.

VI. PERFORMANCE EVALUATION

In this section, we evaluated the performance of the proposed
algorithms through experimental simulations. We also investi-
gated the impact of important parameters on the performance of
the proposed algorithms.

A. Experimental Settings

We consider a sensor network that consists of 100 devices
randomly deployed in a circular area with a 250 meter radius
and an edge server co-located with an access point at the center
of the area, where the server can communicate with up to 20%
of the devices directly, i.e., K = |V | ∗ 20%. The devices and
the server collaboratively conduct a federated learning model
training with 50 rounds, and each training round consists of
τ = 1 epoch. The bandwidth at each AP is set at 10 MHz and
the white noise σ2 is set at 1× 10−10 Watt [13]. The channel
gain at the reference distance of 1 meter α is set as 10−3 [18].
The maximum transmission power of IoT devices in [13] is
0.5 Watt, The transmission power levels of each device are in
{0.2, 0.3, 0.4, 0.5}Watt and the minimum signal-to-noise ratio
is at 14dB [29]. The corresponding transmission distances of
these transmission power levels are 282, 346, 400, and 447 me-
ters, respectively. The energy budget on each device at each
round is randomly drawn in [0.01, 0.04] Joules [3]. The dataset
in this experiment is the MNIST that consists of 70,000 images
of handwritten digits, which is a well known dataset adopted by
many federated learning works [3], [28]. We randomly distribute
the training images of the dataset to 100 IoT devices. The DNN
model used in this experiment is Le-net5, which has a size C
of 1,960Kbits [12]. The energy consumption on training one
data point for Le-net5 at a device is randomly drawn between
1× 10−4 Joules and 5× 10−4 Joules [3], [20]. The value in each
figure is the mean of the results out of 50 network instances of the
same size, and the running time is obtained based on a machine
with a 3.79 GHz AMD Ryzen 5 CPU.

To evaluate the performance of the proposed algorithms, we
first compared the proposed algorithm against FedAvg [19] - a
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Algorithm 2: Algorithm for the Energy-Aware, D2D-
Assisted Federated Learning Problem.
Input: A set of devices V , a server s, the dataset Di of each

device vi ∈ V , an edge budget Ei(t) of vi at round t, a set
of transmission power level P , a given percentage of
sampled data threshold δ and a DNN model w to be trained
at t round with 1 ≤ t ≤ T .

Output: The set V tfed of devices that participate in training,
the offloading destination φvi(t), the set of sampled data
Si(t), and the transmission power level pi(t) of each
chosen device vi at each round t.
1: for t← 1 to T do
2: Each device vi ∈ V selects a small subset of its data to

estimate the local loss L̂(w(t− 1) | Di);
3: Sort vertices in V in non-decreasing order of the

estimated local loss;
4: Initialize G(t)← (U,E) where U = ∅ and E = ∅;
5: for i← 1 to |V | do
6: U ← U ∪ {ui, u′i};
7: Calculate pmini (s), tran(vi, s);
8: if tran(vi, s) + ψi · δ · |Di| · τ ≤ Ei(t) then
9: E ← E ∪ {e(ui, u′i)}; w(ui, u′i)← 2i;

10: for i← 1 to |V | do
11: for j ← i+ 1 to |V | do
12: Calculate pminj (s), tran(vi, vj), and tran(vj , s);
13: if tran(vi, vj) + ψi · δ · |Di| · τ < Ei(t) &&

tran(vj , s) + ψj · δ · |Dj | · τ < Ej(t) ||
tran(vj , vi) + ψj · δ · |Dj | · τ < Ej(t) &&
tran(vi, s) + ψi · δ · |Di| · τ < Ei(t) then

14: E ← E ∪ {e(ui, uj)};
15: w(ui, uj)← 2i + 2j ;
16: Udum ← {uνj | 1 ≤ j ≤ 2|V | − 2K}
17: U ← U ∪ Udum /* Udum is the set of dummy nodes */;
18: for each dummy vertex uνj ∈ Udum do
19: for each vertex ui ∈ U\Udum do
20: E ← E ∪ {e(ui, uνj )}; w(ui, uνj )←∞;
21: Find a weighted maximum matchingM(t) in G(t), by

applying the algorithm in [11];
22: for i← 1 to |V | do
23: if e(ui, u′i) ∈M(t) then
24: φvi(t)← s; V tfed ← V tfed ∪ {vi};
25: |Si(t)| ← 
Ei(t)−tran(vi,s)ψi

�;
26: if ∃j > i, s.t.e(ui, uj) ∈M(t) then
27: V tfed ← V tfed ∪ {vi, vj};
28: if tran(vi, s) + ψi · δ · |Di| · τ < Ei(t) then
29: φvi(t)← s; φvj (t)← vi;

30: |Sj(t)| ← 
Ej(t)−tran(vj ,vi)ψj
�;

31: |Si(t)| ← 
Ei(t)−tran(vi,s)ψi
�;

32: else
33: φvj (t)← s; φvi(t)← vj ;

34: |Sj(t)| ← 
Ej(t)−tran(vj ,s)ψj
�;

35: |Si(t)| ← 
Ei(t)−tran(vi,vj)ψi
�;

36: return V tfed, φvi(t), Si(t) for each device vi at round
t.

Fig. 3. Convergence of different algorithms for the special energy-aware D2D-
assisted federated learning problem with i.i.d. data and T = 50.

classic federated learning algorithm where we randomly select
K devices to participate in the model training at each round.
We also compare the proposed algorithm against algorithm
FedProx in [15] and a recent algorithm FedGrac in [30].

We then devised a heuristic algorithm Heur, which chooses
K devices participating in training greedily at each round.
Within each iteration, algorithm Heur always chooses the de-
vice with the highest local loss from those yet-to-be-chosen
devices as one participant at the current round, provided that
the device has adequate energy to upload its local model to the
server directly, or transmits its local model to its relay partner
device. This procedure continues until no more devices can
be added or there are K chosen devices already. Similarly, let
Heur-S be a heuristic that adds devices with the maximum
number of sampled points for each round training for the spe-
cial energy-aware, D2D-assisted federated learning problem.
Heur-S selects top-K devices with the maximum number of
sampled data points to send their local models to the server. It
then calculates the number of sampled data points of those not
yet-to-be chosen devices if they upload their local models, using
the top K chosen devices.

B. Performance of Different Algorithms for the Special
Energy-Aware, D2D-Assisted Federated Learning Problem

We first evaluated the performance of different algorithms
for the special energy-aware D2D-assisted federated learning
problem under the i.i.d data distribution. To ensure that the
dataset at each device follows the i.i.d distribution, the data
points with identical label are evenly distributed among de-
vices [37]. Fig. 3 showed the convergence curves of the five
comparison algorithms in the default setting. It can be seen that
the global loss of all mentioned algorithms decreases with the
growth on the number T of training rounds, and the decreasing
rate on the global loss of Algorithm 1 is faster and more
steady compared with the other four algorithms. The rationale
behind is that Algorithm 1 makes use of more sampled data
points for training at each round that leads to a lower variance
on the training result, while FedGrac does not consider the
energy capacity of devices and communication constraints on
the server, it samples fewer data points for model training, which
leads to a poor performance compared with Algorithm 1 and
Heur-S. Consequently, Algorithm 1 converges to a lower
global loss than those of the other four comparison algorithms,
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Fig. 4. Convergence of different algorithms for the energy-aware D2D-
assisted federated learning problem when τ = 1 and T = 50.

Fig. 5. Performance of different algorithms for the special D2D-assisted
federated learning problem by varying network size.

and the final global loss of Algorithm 1 is 15.4% lower than
that of algorithm Heur-S.

C. Performance of Different Algorithms for the Energy-Aware,
D2D-Assisted Federated Learning Problem

We then studied the performance of different algorithms
for the energy-aware, D2D-assisted federated learning problem
under the non-i.i.d data distribution. As the training data does
not follow the i.i.d distribution any more, it can be seen from
Fig. 4 that all comparison algorithms converge slower than
that of themselves for the case with the i.i.d distribution, and
the final global loss is higher compared with the one for the
special case. Among the five algorithms, Algorithm 2 has the
minimum final global loss. The rationale is that Algorithm 2
allows more devices to participate in each round training, and
always chooses devices with the highest estimated local losses.
Although FedGrac is able to mitigate the negative effect of
non-i.i.d. data distribution, it only allows at most K devices to
participate in each round training, thereby resulting in a higher
global loss in comparison with that of Algorithm 2.

D. Impact of Parameters on the Algorithm Performance

We finally investigated the impact of parameters on the per-
formance of different algorithms for the energy-aware D2D-
assisted federated learning problem. We start by evaluating the
impacts of important parameters on the special case of the
problem as follows.

The Impact of Network Size |V |. With the increase on net-
work size, K (= 20% · |V |) increases, too. Fig. 5 illustrates
the performance of the five mentioned algorithms with different

Fig. 6. Performance of different algorithms for the special D2D assisted
federated learning problem by varying the numberK of devices communicating
with the edge server simultaneously.

Fig. 7. Performance of different algorithms for the energy-aware D2D-assisted
federated learning problem by varying network size.

network sizes. It can be seen from Fig. 5(a) that Algorithm 1
is superior to the other algorithms. It is noted that all the five
algorithms have lower global losses with the increase on the
number K of devices that communicate with the server simul-
taneously. The rationale behind this is that more devices are
able to participate in training at each round. Fig. 5(b) shows the
average running time of different algorithms per training round.
Although Algorithm 1 takes the longest running time among
the five comparison algorithms, the global loss it delivers is the
lowest among the five algorithms.

The Impact ofK. We varied the value ofK from 10 to 50 while
fixing the network size at 100. Fig. 6(a) depicts the final global
losses of different algorithms. It can be seen that Algorithm 1
has the lowest final global loss. Specifically, when K = 50,
the final global loss by Algorithm 1 is 12.78% lower than
that by Heur-S. This can be justified by that Algorithm 1
achieves better decision of the destination of devices to ensure
the total number of sampled data points is maximized. Fig. 6(b)
depicts the running times of the comparison algorithms. With
the growth of K, the number of dummy nodes in the auxiliary
graph decreases, leading to decreasing on the running time of
Algorithm 1.

The rest is to study the impact of important parameters on the
performance of the comparison algorithms for the energy-aware
D2D-assisted federated learning problem as follows.

The Impact of Network Size |V |. We analyzed the impact of
network size by varying it from 50 to 250. Fig. 7(a) shows that
the final global losses of all algorithms decrease with the growth
on network size. When |V | = 250, the final global loss of for
Algorithm2 is 35% lower than itself when |V | = 50. Fig. 7(b)
depicts the running times of the five algorithms.
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Fig. 8. Performance of different algorithms for the energy-aware D2D-assisted
federated learning problem by varying the numberK of devices communicating
with server s simultaneously.

Fig. 9. Performance of different algorithms for the D2D-assisted federated
learning problem by varying τ .

The Impact of K. We evaluated the impact of the number K
of devices that can communicate with the server simultaneously.
Fig. 8(a) depicts the final global losses of different algorithms
by varyingK from 50 to 100. WhenK = 50, the global loss by
Algorithm 2 is 74% lower than that by itself when K = 10.
Fig. 8(b) plots the running times of the comparison algorithms.
It can be seen that both the final global loss and the running time
decrease with the growth of K.

The Impact of Training Epochs τ . We investigated the impact
of the number τ of training epochs per round. To better illustrate
the impact of τ , we scale up the energy budget on each device
vi to τ · Ei(t) at each round accordingly. Fig. 9(a) plots the
final global losses of different algorithms. It can be seen that
Algorithm 2 has the best performance, as it has a lower final
global loss when τ is no greater than 4. This means that the
federated learning can train the model better with fewer training
epochs when applying Algorithm 2. Also, when τ = 10, the
final global loss of algorithm Heur is 10.7% larger than that of
Algorithm 2.

VII. CONCLUSION AND FUTURE WORK

In this paper, we investigated the energy-aware D2D-assisted
federated learning problem in an edge computing environment,
by making use of the energy of neighbor devices of a certain
number of devices to help their local model uploading. Under the
i.i.d. training data distribution, we devised a near optimal learn-
ing algorithm for the problem. We also developed an efficient
heuristic algorithm for the problem by removing the i.i.d. data
distribution assumption. We finally evaluated the performance
of the proposed algorithms by experimental simulations. Sim-
ulation results demonstrated that the proposed algorithms are
promising, and the performance of global loss improves 15.4%
compared with that of the comparison algorithms. In our future

work, we will extend the proposed algorithms by considering
more than two IoT devices as a group to upload their aggregated
model and examine whether they will outperform the proposed
ones.
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